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AHHOTaUMA. [lan 0630p COBpEMEHHOTO cocTosiHust GPGPU ¢ OpHeHTanuel uX MpUMeHeHUsT
Ha TpaJunuOHHbIe 3aga4un HPC (n B Menbmieil crenenn UM). K GasoBbim GPGPU B 0630pe OTHECEHBI
Nvidia V100 u A100. B kagecrBe GPGPU HOBOro mokosenusi paccmorpensl Nvidia H100, AMD
MI100 u MI200, Intel Ponte Vecchio (Data Center GPU Max), a takxke BR100 or Biren Technology.
IIpoaHa/TM3upPOBaHBI M COIOCTABJIEHBl MUKPOAPXUTEKTYpPa M alllapaTHble IMoKa3aTean 3Tux GPGPU,
BaKHbIe 1A 3agad HPC u UM, a Tak»Ke BaKHEHIIINX JOIMOJHUTEIbHBIX alllapaTHBIX CPEJCTB
JIJIsI IOCTPOEHUST BBIYNCJ/IUTEJIbHBIX CUCTEM C NIpuUMeHeHneM GPGPU— eHTpaJIbHBIX IPOIECCOPOB,
CIIeIMaJIM3UPOBAHHBIX JUIsi paboThl ¢ GPGPU HOBOIO IOKOJIEHUsI, B MexKcoequHeHuil. Jlaercs Kparkas
uHdopMalus 06 UCHOJB3YIOIMINX UX cepBepax, B ToM uucie multi-GPU, u HOBBIX NpuMeHSIOmMUX
9Tu GPGPU CcynepKOMIIbIOTEpPaX, IJie ObLIN MOJIyYeHbl JaHHbIE O JOCTUIaeMOil IPOU3BOJUTEILHOCTH
npu pabore ¢ GPGPU.

Kparko paccmorpenst SDK dupm-niponssoauTesieii GPGPU 1 mporpaMMHBIE CPEJACTBa JAPYTUX
dbupmMm, BKIOUYas MaTeMaTrndeckue 6ubanoreku. [IpuBoasiTCS MPUMeEpPHI, JEMOHCTPUPYFOIIHE
Ba>XHbIe JIJId JJOCTUXKEHUSA MaKCHUMaJIbHOM IIPOU3BOAUTEJIBHOCTHU CPEJCTBA IIUPOKO HUCIIOJIB3YyEeMbIX
MO/IeJieil TPOrpaMMHUPOBaHMs, CIIOCOOCTBYIOIIME IIPU 9TOM HEIIEPEHOCHUMOCTH IPOrPAMMHBIX KOJIOB
Ha Apyrue mojesu GPGPU.

Ocoboe BHUMaHuEe 0OpalleHO Ha BO3MOXKHOCTH IIPUMEHEHHSI TEH30PHBIX siIep M UX aHAJIOIOB
B cOBpeMeHHbIX GPGPU pasubix GupM. DTO OTHOCUTCH U K pacderaM C IOHUKEHHOH (OTHOCHTEILHO
crangapTHoro Just HPC dopmara FP64) n cMmermaHHOM TOYHOCTBIO, aKTyaJIbHBIM BCJIEJCTBUE
PEe3Koro pocra ;LOCTPIF&QMOI’I IIPOU3BOAUTEJIBHOCTH IIPU MUX MCIOJIB30OBAHUMN B TE€H3O0PHBIX fAApax
GPGPU. AHaJIM3UPYIOTCs JaHHBIE O JOCTUIA€MON UMHU PeasbHON IIPOU3BOAUTEILHOCTH B TeCTax U
upusioxkeHusx st HPC u WM. Bkparie paccmarpuBaercss U npuMeHenue B GPGPU coBpeMeHHBIX
6uGMOTEK MAaKEeTHON JNHEHHON anre6pol, B ToM uncie ajst HPC-nipusnoxkennit. (Ceasarmvie
MEKCMBL CMAMBY HA PYCCKOM U HA GH2ZAUTLCKOM A3BIKAT )
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Beepenne

[Tupoko pacapocTpaHeHHO 0COOEHHOCTHIO COBPEMEHHBIX BHIYUCIUTETHHBIX
CHCTEM OT OTJEJIBHBIX CEPBEPOB JI0 CYIEePKOMIIBIOTEPOB ABJACTCA IIPUMEHECHUE
TeTepPOTreHHOr0 IIOCTPOCHUSI CEPBEPOB U y3JIOB KJIACTEPOB, OYEHb YacTO
COZIEPIKAIIAX HE TOJBKO mporeccopsl (L), HO U aKCeJIepaTopsl, B IEPBYIO
ouepesib GPU, 06/1acTu TpUMEHEHNsT KOTOPBIX CTPEMUTEIBHO PACIITUPSIIOTCS.
3ueck umerorcst B BuLy GPGPU, HO majiee GylieT MpUMeHsIThCsl cOKpaitienue GPU.

AkTyasnbHOCTh 1 obnactu nmpumeHenusi GPU. B nacrosiee Bpems GPU
AKTHBHO IPUMEHSIOTCS JJI IIIIPOKOI0 Psifia OYeHb BAYKHBIX 337a4, BKJIIOYAs
BBICOKOIIPOU3BOUTEIbHbIe Bhraucaenus (HPC) u UM (k 3amadam UM B aHHOM
0030pe OTHECEHBI TAKzKe BCE 33/1a49U JIIOOBIX TUIOB MAIIUHHOIO 0OyYeHusi, HO
ocobenHo npumenenne GPU akTyasbHO st riiybokoro obydenust). Kpome roro,
pacimpsiercsl IpuMeHeHne HeCKOJIbKIX GPU B omHOM cepepe (multi-GPU).
Bce 510 cBsizaHO ¢ OCHOBHBIM HAIIPABJIEHUEM POCTa IIPOU3BOIUTEIHHOCTH
BBIUKCJINTEIBHBIX CUCTEM TJIABHBIM 00Pa30M 3a CYET CHJIBHOIO POCTa, JHCJIa
siIEp M COOTBETCTBEHHO pacliapaJijie/lMBaHusl Ha HUX. Bce Bo3pacTaromiasi co
BpEMEHEM BaXKHOCTh 9HeprodM@MEKTUBHOCTH TAK¥Ke CIIOCOOCTBYET OPUEHTAIINN
Ha npumeHenue GPU, comep:kamux ropasao 6oJbine QyHKIIMOHAJIBHO Dojiee
MIPOCTHIX fAjiep, 1eM B LI, Ho ¢ moHmKeHHON YacToToil. Tak, n3 50 cymepkom-
nbioTepoB-ymaepoB cimcka Greenb00 3a monb 2023 roma TOJBKO YeThIpe HE
ucnosb3oBasim GPU. Ilpu sTOM 11Ba M3 HUX — AMOHCKUE CYIIEPKOMITBIOTEPHI
NA-J2 u MN-3 npuMeHsIn ClenuaJn3npPOBAHHBIE PEJIKO UCIOIb3yeMbIe
MHOT'OsIJIEPHBIE [IPOIIECCOPBI (COIPOLIECCOPDI), & JIBa JPYTUX — 6a3UPOBAJIACH
Ha MHOTOstepHbIX ARM-mponeccopax Fujitsu A64FX [1]. Jdpyrum BazkabM
rocoM GPU sB/IsIeTCsT TOCTUKEHHNE BBICOKOMH MJIOTHOCTH YHAKOBKU OOIBITHAX
BBIYUCJIUTEJBHBIX PECYPCOB, 9TO OCOOEHHO APKO IIPOSIBJISIETCS B CEPBEPAX,
CoJlepIKaIUX 110 HeCKOIbKo GPU (multi-GPU).

Yto KacaeTcd 9acTo ykasbiBaemoro npuMenenus GPU B L0, To TepMuH
L0 Terepb MpaKTUIECKN 3aMEHUJI COOOIl paHee UCIIOJIb3yeMbIil TEpMUH
BBIYNCJIATEJILHBIN EHTP, KOTOPBIA MOXKeT PacCMaTPUBATBCA U KaK OJHA
u3 vacreii LOJ [2]. Peasbuo B L0J yacTo mnpezanoaraerca nupumMerenne GPU st
YKa3aHHBIX Bblle 3a1a4 HPC u WU, a cam Tepmun L0J] opueHTUpYyeTCA NPEXKIE
BCEro Ha IpuMeHenne obIadHoil TexHosioruu. Jlajgee B TEKCTe yIIOMUHAHUS
mpo L0 OTHOCATCS WMEHHO K OOJIAYHON TEeXHOJOTUH, 33 a9l KOTOPO
B 0630pe He 06CYKIAI0TCS. 3/1eCh PACCMATPUBAIOTCSA KOHKPETHBIE TECThI
IIPOU3BOAUTENBHOCTH U Hpuiiozkenud Juid HPC u U, xora GPU cra/jm oTMe4aTbCsa
KaK OCHOBHOH YCKODHUTEJIb U B JPYIUX 00/IACTAX, HAIIPUMED, COPTUPOBOK IIPU
pabore ¢ 6azaMu JaHHBIX [3].
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B kagecTBe mumocTpanun pacnpoCTPaHEHHOCTH TPUMEHEHUST COBPEMEHHBIX
GPU MOXKHO BOCIIOJIB30BAThCsI CYIIEPKOMIIbIOTEPHBIM crickoM Top500 [4],
ITOCKOJIBKY OH JIaeT MHTEpEeCcHbIe craTuctutdeckue jganubie. B Top500 mupoBbie
JINJIEPDHI TPOM3BOINTEILHOCTH TPUMEHSTIOT GPU yike JaBHO. JpKUM HCK/IIOYEHN-
€M 73 9TOrO MMPABUJIa B TOCJIEIHUE TOBI OBLI ATMOHCKHUI CYyIEepPKOMIIBIOTED
Fugaku, y3:161 KOTOpOTO OBLIN FOMOTEHHBIE U COjiepzKan TOJbKO LIT— AG4FX.
OH BO3TUIABJISIIT 9TOT CIIUCOK OOJIBINE JBYX JieT. BEposSTHO, TAKOMY yCIIEXy
Fugaku crioco6erBoBasio mocrarodno 60sbInoe 9uco siep (48 Bbrauciu-
reiabubix) B AG4FX [5]. Opnaxo B 2022 rojy mosiBUJICS HOBBIA KuTaiCKuit
cynepkoMIbioTep Sunway (npeeMHnK 3aHuMaroniero 7 mecto B Top500 Sunway
TaihuLight, koroperit B [6] OTHECEH K <«IIPEI-9K3aMACIITAGHBIM ), COMEPIKAIITHE
B y3Jiax rereporennblie 260-sepuble nporeccopbl SW26010—6e3 GPU [6].
B kagecrBe gpyroro Tak:ke He OUY€Hb MIMPOKO MPUMEHSIEMOIO AJILTEPHATHBHOIO
GPU BapuaHTa MOXKHO YIIOMSIHYTh ¥ OI'DOMHBIE CIIEI[Ha/IN3MPOBAHHBIE JIJIs 3a1a4
1M nponieccopnr Cerebras WSE-2, comeprkammue 850 Toicsa sinep [7]. Oxmako
WSE-2 ne mognep:xuBaior Toanoctu 6obire, dem FP32, a cymepkommborep
Andromeda Ha ux 6a3ze [8] B crcke Top500 COOTBETCTBEHHO OTCYTCTBYET.

Craructudeckue nannsle cnucka Top500 mona 2020 roxa [9] ykazamn
Ha IIpUMeHeHue akcesepaTopos B 26,6% cynepkomubiorepos u3 Top500 (B
20,2% cynepkomubiorepos npumMensiiuch Nvidia V100). B utonbckom crimcke
2023 roja akcesaepaTopbl MPUMEHSIUCH B 32,4% Bcex CyNnepKOMIIBIOTEPOB
(B 14,2% npumensimcs Nvidia V100, B 14,2% upumensuiucs Nvidia A100,
B 2%— AMD MI250X, B 1% — Nvidia H100) [4]. OH03Ha1HOE COBpEMEHHOE
smaepcrBo B Top500 GPU ot Nvidia u ceroiHsi O4eBUIHO U IIPEICKA3YEMO
Ha Ommkaiimee 6yayiee. Bee mpuBonuMbie ajiee B 0030pe JAaHHBIE OTHOCATCS
K moHbcKoMy crmcKy Topd00 2023 roga, u 10 YMOJTIAHUIO TOJ, CIIICKOM
Top500 sanmee mmeeTcss B BUAY 9TOT HIOHbCKUIT CITUCOK.

OcobGennocTn Gumkaiimmx oxxkugaembix GPU. B macrtosiee Bpemst
CTAHOBUTCS BO3MOXKHOI WHTEerparus B omHoM Kopiryce Ul m GPU. s
IIEPCOHAJIBHBIX KOMITBIOTEPOB C OOBIYHBIMU I'PAMDPUIECKUMHI ITPOIECCOPAMU
aHaJiorn4YHas uHTerpaiys ¢ LIl maBHO U3BeCcTHa, HanpuMep, B Bujge AMD
APU (Accelerated Processing Unit), a 31ech umeercs B Bujly MHTErpalysi
cepsepuoro LI ¢ GPU. ¥ AMD rakas unrerparnus 8 APU npeanonaraercs
B MI300 [10]. Intel roBopuna npo cBoii 1aH 06'beJMHEHNs YUILIETOB X806
coBMecTHO ¢ unireramu GPU mox massanmeMm Falcon Shores eme B 2022
roxmy [11,12], Ho ero peasusaius norpebyer He OJuH rof. B onpeeseHHOM
cMbIcie aHajgorndHas paspaborka or Nvidia, Grace Hopper [13-15], nossurcs
Ha PBIHKE paHbIle. Bee 910 HampaBjieHre — BOSMOXKHBIN IIyTh aKTHUBU3AII
npuMeHenns: coocTBeHno GPU.
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Orpanuyenus u TpyaHoctu npumenesus GPU. Hajo nmers B Buy, 9TO
GPU ycraHOBIIEHBI TOJIBKO B 32,4% Beex cynepkommbiorepos u3 Top500 [4] (B
uionbckoM crucke 2022 rona 6s110 30,2%). Bhinosinenue pacdera uCKIOUU-
TeJIbHO Ha GPU CBA3aHO C IPUMEHEHNEM B HUX BBICOKOCKOPOCTHOH IamaTH, HO
uMeroIeil He 0ueHb GOJIBIY0 (M PUKCUPOBAHHYIO) eMKOCTh 110 CPABHEHUIO
C BO3MOYKHON €MKOCTBIO OIEPATUBHO MaMATH cepBepoB. s onpenesieHHbIX
UCXOJIHBIX JAHHBIX MPUJIOXKEHUH (00BEKTOB MCCIIEMOBAHNS) 3TO MOXKET BOODIIE
BBI3BATH HEIMDDEKTUBHOCTL paboThl Ha GPU. IloaToMy, HaTpuMmep, B PyKO-
BOJICTBE II0 CPEJICTBAM CIEUAJIN3UPOBAHHOIO pacnapaJileanBannsd Ha GPU
Nvidia, CUDA [16]7 €CTb pa3eJl, HOCBAIICHHDIA IIPEBBIIICHUIO0 HY2>KHOA eMKOCTH
maMATH JOCTymHoMy Ha GPU ob6bemy mamsaTu. B coBpemennbix Bepcusx GPU
CUDA obeciiegnBaeT U BO3MOXKHOCTb PabOThI ¢ BUPTYAJILHON naMaThbio [16].
OpHaKo sICHO, YTO peaJjibHas padoTa ¢ BUPTYAJBHON MAMSThIO MOXKET [PUBECTH
K CHJIBHBIM IIOTEPAM IIPOU3BOAUTE/ILHOCTH.

Pacuer na GPU mpejmosiaraeT UCIOJIb30BAHNE TTPUJIOZKEHUH, KOTOPhIE
IIPEKPACHO PACIapAJIETNBAIOTCS Ha OOJIBIIIOM 4ncie siaep. Kiaccuaeckum
[IPUMEPOM 3TOT'O SBJISIOTCS 3a1a91 MOJIEKYJISIPHOM JTUHAMWKHA U, OCOOEHHO —
3agaqn M. K coxkajieHuIo, 3T0 MOXKET He BBIIOJJIHATHCS JIJIsI OIIPEIeIEHHBIX
npuIoKeHnit uian maxke obsacteit HPC. I[ToaToMy B PyKOBOACTBE IO HACTPOWKE
upumensionux CUDA npustoxkenuii (g ucnonbzyemoit B A100 apxurekTypbl
Nvidia Ampere) [17] nepBbIM IYHKTOM DEKOMEHJAINMI YKA3aHO HAXOXKIEHUE
crocoba pacrapaliIesuTh TOCIEI0BATEIbHBIN KO/, YTO MOXKET 03HAYATH
HEOOXOIMMOCTh CO3/IaHNsT HOBBIX yCOBEPIIEHCTBOBAHHBIX aJITOPUTMOB, JOILYC-
KaIoINX pacliapaJile/IMBaHnue TaM, Ie B «eCTECTBeHHOM» aJII'OPUTME OHO
MOTJIO OBI OTCYTCTBOBATH. DTO MOXKET HE OUE€Hb OTBEYATDH U OXKUIAHUSIM
CIIEIIMAJINCTOB B COOTBETCTBYIONUX 0bs1acTsax HPC, KOTOpbIE YaCTO MOI'YT
CaMOCTOATEIFHO IIPOrPAMMUPOBATEH IPUJIOKEHUS JJIsl STON 00IaCTH.

[TockosbKy 3¢ dexTuBHOe puMenenue GPU IIpenoaraeT OYeHb BHICOKH
YPOBEHb MACIITAOMPYEMOCTH PACHAPAJITIEINBAHUSL, ITO TPEOYyeT U NPUMEHEHH
SDK, crenuan3upoBaHHbIX it GPU, a MOXKET U yBeJIndeHust 00beMa UCXOTHOTO
koja. Muorue npuiozkenns HPC TakoMy YPOBHIO pacrapaJsiieIuBaHus UCXOTHO
e orBevasin. Kpome TOro, onTuMu3anys 0 BHICOKOTO 02KHIAEMOr0 YPOBHS
mpousBoauTesbHOCTH GPU dacTto Tpebyer O0JbIoil pydHO#l paboThl, 9TO
OKa3bIBaETCH OCODEHHO CJIOXKHO IIPU IIepeHoce KoJla ¢ OfgHOro turma GPU
na jpyroit. Bee 3ro yciaoxkusier paboTy mIpOrpaMMUCTOB U MOYKET BBI3BIBATH
Yy HUX OIIpeJeJICHHOE OTTOPXKEHUE.

Curyalysi B OIPEJICJIEHHON CTENEHU YIIPOIIAETCS B CJIyUasdX HAJIMIUS
HECOIBIINX YaCTell IIPOrpaMMbl, JUMATHAPYIOIUX TPOU3BOAUTEILHOCTD (B
mupe GPU OHM CTAHOBATCS MPOTPAMMHBIMHE SIIPAMH), KOTOPBIE YaCTO SABJISOTCS
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THUIIOBBIMU MaTeMaTUYCeCKUMU 3a/ladaMU. I/I C TeYeHueM BpEeMEHU BCe 6OJ'H)IHe
HPC-npunoxennit bopMUPYIOT BO3MOXKHOCTH UX paboThl Ha GPU. B sTom
HAIIPABJIEHUU JIBUTAIOTCS, HAPUMED, ¥ KBAHTOBOXMMUYECKUE IIPOIPAMMHBIE
KOMILJIEKCHI, JJABHO pabOTAIOIINe U Ha CyIEePKOMIIbIoTepax. 1em He MeHee,
1715 HanboJIee MACCOBBIX M3 IMPUMEHSIEMBIX TaM COBPEMEHHBIX METOII0B 6e3
SIBHOT'O HEIMITMPUIECKOTO YUeTa JIEKTPOHHON KOPPEeJISIIY CJIUIIKOM OOJIbINTe
BpeMeHa BBIIOJHEHHs MOTYT ObITH CBSI3aHBI C HECKOJIBKAMH B MaTEMATHIECKOM
[JIaHE PA3HBIMU TUIIAMU BBIYHCJICHUN (U He BCErJa OTHOCSIIUXCA K IIUPOKO
PACIIPOCTPAHEHHBIM B MATEMATHIECKOM IIJIaHe; OCOOEHHO TO TaK Iisi IPHMEHe-
HUSI TayCCOBCKUX GA3UCHBIX (DYHKIWIA), 9TO TpeGyeT COOTBETCTBEHHO TOPA3Io0
OostbIrero 06 beMa porpaMmMupoBaHusi. st pacuera pacmpocTpaHEeHHBIM
KBAaHTOBOXUMUYECKUM MeTomoM DFT B 6a3uce MJIOCKUX BOJIH JEMOHCTPA-
¥ BOSMOXKHBIX BPEMEH BBIIIOJIHEHUS PA3IUIHBIMU YACTAMU [IPOrPAMMBI
upuBejieHa, Hanpumep, B [18].

HpyruM BarKHEHIITUM BOIIPOCOM JIJISI MCIIOJIb30BaHust GPU SBJISIOTCS
CTOMMOCTHBIE TToKazaTesn. Kcan He crouT 3amada Jiroboit 1eHo# 100uThCs
[IPUEM/JIEMOTO BPEMEHU BBITIOJTHEHUS (ITO, BO3MOYKHO, JOCTUKUAMO TOJHKO
¢ upumenenueM GPU), TO aKTyasbHBIM CTAHOBHTCs BOIIPOC, HACKOJIBKO
YBEJIMUUBAECTCST CTOMMOCTh KOMIBIOTEPA IIpH J00aBeHnn B ero coctas GPU, u
HACKOJIBKO IIPU 3TOM BO3PACTAET [TPOU3BOIUTE/IBHOCTD IIPUJIOXKEHUSI.

B kagecTBe miutrocTpanun ykaxkeM JaHHbIE 00 YCKOPEHUHU mpu padore
U3BECTHOIO IIPOrPAMMHOI0 KoMinieKca Quantum Espresso, opueHTHpOBAHHOIO
Ha pacyeTsl B 6a3nce IIOCKUX BOJH KBAHTOBOXUMUYECKUM MeTO/0M DFT.
Wiumoctpanus npumoKeHneM KBAaHTOBON XUMWUH, & He IMOITyJIsIpHO Ha GPU
MOJIEKYJISIDHOW JIMHAMUKY, BHIOpaHa 3/1eCh CIEINaIbHO — 3319l KBAHTOBOM
XUMHU JABHO PEIAIOTCA M HA CYIEePKOMIILIOTEPAX, HO BO3MOYKHOCTH KBAHTOBO-
XUMHUYIECKUX PAcIeToB Ha GPU cTajiu MOSIBISTHCS TO3/IHEE, YeM B KJIACCHIECKON
MOJIEKYJISIPHOM JUHAMUKE —3TO CJIOXKHEE B peaiM3allud, U JOCTUraeMble
yCKOpeHust 9acTo bosiee masieHbKue. Pacderst mo Quantum Espresso 6.5
6bLIn TIpoBeieHbl Ha cepBepe ¢ 18-saepunim Intel Xeon E5-2697 v4 (2,3
I'Tn), u nobasnerne V100 maBano yckopenue B quanasone 1,4-3,7 pasa [19].
HocTturaemoe ycKOpeHHe, eCTECTBEHHO, 3aBUCHT OT PACCUYUTHIBAEMOrO 00bEKTA.
K romy ke ata Mozesb Xeon Havasa BbIIycKaThbes Intel eme B nagase 2016
rosa, ¥ BpeMs pacdeTa COIIOCTABJISAIOCH C UCIIOJIb30BAHUEM TOJIBKO OIHOTO
IPOTIECCOPA.

Yro kacaercs 11eH Ha GPU HOBOI'O ITOKOJIEHNS — 3TO OTHOCHUTCS, €CTECTBEHHO,
K wiaram ¢ GPU (manpumep, 0AM-Mozysist), TO oHE B 0630pe He 06CYKIAI0TCs,
HOCKOJIbKY COOTBETCTBYIOIIUE «ODUIUATIBHBIE> (HAIPUMED, PEKOMEH,[yeMbIe
NPOU3BOJUTENEM) [IEHBI Ha TAKYIO HOBYIO AllllapaTypy OOBIYHO HE JOCTYIIHBL.
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IIpu sTom HaO MMETH B BULY, 4TO npuMeneHrne GPU dacTo naeT 60Jiee BBICOKYIO
3HEPTro3(PPEKTUBHOCTH, W MPU ITOM TPedYeT OTHOCUTEIHHO HEOOJIBITON
IJIOIIAIN, TaK ITO B OlleHKax GPU sydIre mcrnosab30BaTh He IPOCTO ILIEHY, &
COBOKYITHYIO CTOMMOCTD BiiaJierust (TCO).

CoBpemMenHbie peasiuu pocta npumenenusi GPU. Bce ykazannbie Bbilre
BO3MOZKHBIC 3aTPYJHEHNS ITIOCTEIICHHO PEIaloTCA IMyTeM CO3JaHUA HOBBIX
MEeTO/0B pacdeTa U aJITOPUTMOB, HOBBIX IIPOIPaAMMHBIX MoJesieit njist SDK,
a Tak)ke 3a CYeT yCOBEPIIEHCTBOBaHH: amnnaparypbl GPU. EcrecrBenHO,
9TO OTPaAXKAETCs W B HAPACTAHUM THUCJIa padboTaronmux Ha GPU mpuIoKeHnii.
Apeast npumenennst GPU IOCTOSTHHO PacTeT, YTO, €CTECTBEHHO, HanboJiee
SIPKO TIposiBjisiercs 1ipu pabore ¢ GPU or Nvidia u 6buio ybemurebHO
IPOJIEMOHCTPUPOBAHO Ha mocjefnnx KoHdepenuusax GTC 34 (2022 rox) u 35
(2023 rom).

C reyennem BpemeHu u ducyio nonagaionux B Top500 cymepKOMIbIOTEPOB
¢ GPU Bo3pacTtaeT — ¢ GPU mpoiie NoJy4YnTh BBICOKYIO TPOU3BOJUTEIIBHOCTD
B Tecre HPL. B HanGosee momabix (110 oneHKam Tecta HPL) CyNepKOMIBIOTEPaxX
mupa GPU 06BbIYHO MCoIb3yioTcd. B nepsoix pBasamaru gugepax Top500
GPU OTCYyTCTBYIOT TOJILKO B TPEX CYIEPKOMIILIOTEPax (XOTs B KUTANCKOM
Tianhe-2A, 3aMbIKaIONEM EPBYIO JIECATKY, TAKXKE HCIOIB3YETCS AKCEIepPaTop
Matrix-2000, 1o 310 He GPU); IPOIEHT UCHIO/Ib30Banus GPU yMeHbIIaeTcs
Jajiee — IpU pacCMOTPEHUN OOJIBIIETO YUCIa, CYIEPKOMITBIOTEPOB.

Bce a10 cranoBuTcs c1abo 3HAYUMBIM 10 CPABHEHUIO ¢ POCTOM HCITOJIB30-
BaHusi V1, OXBaTHIBAIOIIETO BCE HOBbIE 0DJIACTU ITPUMEHEHUS — ITO B IEPBYIO
ouepe/ib U onpeesier TpeboBanust K GPU (pbiHok HPC 1o cpaBHeHuto ¢ U1
upenebpezkuMo Mmaut). CoBpeMeHHbIe CylepKOMIIbIOTepbl, Bxosgiue B Top500,
TaK>Ke CTAHOBSATCS OPUEHTUPOBAHHBIMU Ha, 3aj1a9u WU

B 0630pe coBpeMeHHOrO MUPOBOTO PHIHKA IpadUIECKAX ITPOIECCOPOB,
IIPOBEIEHHOM U3BECTHbBIM KUTaNCKIM aHAJUTHUKOM SHeKTpOHHOﬁ IIPOMBIIILJICH-
HocTu X3 JIMaKyHOM, TaK2Ke IIPEJIIIoJIaraeTCs IPOIOJIZKEHIE POCTA ITOM
orpacan [20].

AxTyasibHOCTBH 0030pa, BIOOp paccMmaTpuBaemMbix GPU u obJiacTteit mx
ananmsza. OBIIIMM COBPEMEHHBIM 0030POM PA3HBIX THIIOB aKCEJIePATOPOB,
BKJIFOUast n GPU, MOKHO cauTaTh [21]| n3 m3BECTHO €BpOMeiicKoil cepun
BPG (Best Practice Guide). Cerouus GPU xapaKTepu3yiOTCs CBEPXOBICTPBIM
Pa3BUTHEM, U MOXKHO I'OBOPUTH y2Ke O nosgBjJeHnn GPU HOBOT'O ITOKOJIEHUSI.
B o630ope ananu3 nmpousBomuTesbHOCTH GPU OPHEHTHPYETCS B TEPBYIO OUepeib
Ha 3ama4an HPC. VMerorcs myOuKanu, B KOTOPBIX PEATU3YETCs CAUSTHIE
TpaauIMOHHbIX 11t HPC obsiacreit ¢ UM, HanpuMep, KBAHTOBOI MOJIEKYJISIPHOI
guaamuku (QMD) u UM [22], win BBIYUCIUTENBHON THAPOJMHAMUKA U
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nmm [23]. OxHako oObeIuHEHNE B HACTOMAIIEEe BPpeMs TPAIUIMOHHBIX 3a1a4 HPC
¢ MeTozamu UM MOXKET OKa3aTbCd U He HyKHbIM (Hanpumep, st QMD —
cum. [24]).

OpHako B HacTosIIee BpeMs HAOJIIOaeTCs Takyke nHTerpanust HPC, 3amaq
U1 u 06paboTku GOJIbIINX 00HEMOB JAHHBIX (B KA4eCTBE IpuMepa paboT 3a
nocJsie/iHue 2 TosIa MOXKHO yKa3arh [25-30]), u pasroBop uier yxe o Oymyimx
TecTax IPOM3BOAUTEILHOCTH Jyist 9Tl obtactu [31]. B kauecTse mimocTparuu
aKTUBHOTO TIPOJIBUKEHUS PAOOT B 9TOM HAIPABJICHUU MOYKHO OTMETHUTH
U 00beIMHEHNE B HOBbIE KOMAH/IbI 3HAMEHUTHIX Jijisi HPC pa3paboTankoB
CpeJICTB pacnapaJuiesnbanns mvapich2 B yausepcurere Oraiio (CIIIA), rie
Telepb CO3/IAI0TCA paboTaroniue mosepx mvapich2 nmporpamMubie cpesicTBa —
High-Performance Deep Learning (HiDL) [32] u High-Performance Big Data
(HiBD) [33].

YUuThIBas MOTEHITMAIBLHO MUPOKOe TpuMeneHne 1 B KoMMepuecKkoii cdepe,
U COOTBETCTBYIOIILYIO YCUJIEHHYIO OpHeHTanuio Ha U coBpeMenubix GPU [34],
B JAHHOM 0030pe 3aja49n U/ yIUTBIBAIOTCS JJIS OIEHOK IIPOM3BOANTEIbHOCTH,
XOTsI CTaThsl HAIEJEHA B IEPBYIO OYepe/ib Ha TpaaunuoHHbie HPC.

AxryajibHOCTH aHan3a COBpeMeHHBIX GPU erie BO3pacTaeT B CBSI3U
¢ 10siBJIeHreM HoBeiimux GPU ¢ GoJiee BBICOKOH IIPOU3BOINTEIBHOCTHIO (C UX
MIPUMEHEHUEM CO3JIAI0TCA U MPEIIOIAraeTCs CO3/IaBATh CYIIEPKOMITBIOTEPHI
EFLOPS-ypoBHsI) 1 ¢ HEOOXOAUMOCTBIO ONITUMAJIBHOTO UX BBIOODA JJIsi
IPUOOPETEHNST U MCIIOJIb30BAHMS COOTBETCTBYIONIUX AIaPATHO-ITPOTPAMMHBIX
cpencts. K nacrosmiemy Bpemenu GPU mpojiesiajan OUeHb OOJBINON My Th
Pa3BUTHUs CBOUX apXUTEKTYD U IIOKa3aTeJell IIPON3BONTEIHHOCTU. YCIOBHO
K COBpeMEeHHOMY «0a30BOMY» MX IIOKOJIEHUIO B JAHHOM 0030pD€ OTHECEHBI
Nvidia V100 u A100. Tak Beibpano u nmoromy, aro B V100 Briepsbie crajm
NPUMEHATBCA TEH30pHbIE d1pa, U U3-33 MIAPOTHI UCHOJIL30BaHUA 3TUX GPU
Ha COBPEMEHHBIX CyMEepKOMIbIoTepax u B cepBepax. Umenno ma V100 u A100
6asupyrorca naHuble 1po GPU o63opa [21].

C yxomgammmu V100 u A100 B manaom o63ope OymeT MpOBOIUTHCS
conocrasyienue GPU nosoro nokosieauss — AMD Instinet (Radeon Instinct)
MI100 u cemeiicrea MI200, Nvidia Hopper (H100), Intel Ponte Vecchio (renepn
Intel Beimyckaer nemyto ceputo GPU, Data Center GPU Max, jijis KOTOPBIX
YKa3aHO 3TO KOJIOBOE CJIOBO), U 0TYacTu HoBeimmx kuraiickux BR100 or Biren
Technology. 9tu GPU ycI0BHO OTHECEHBI K HOBOMY MOKOJIEHUIO, B TOM HHCJIE
[IOTOMY, YTO UMEHHO C MX [IPUMEHEHHEM BIIEPBbIE IIPEOJI0JICH FK3a(hIIONCHBIN
Gapbep WIN IIAHUPYETCS ero JaJIbHERInee IpeoioeHne (3T0 OTHOCUTCS
K GPU AMD, Nvidia u Intel). BR100 BKJIIOYEHBI CIOA B TOM THCJIE U3-3a
CYIIECTBEHHO 60Jlee BBICOKMX YKa3aHHBIX 1I0Ka3aTesell IIPOU3BO/INTEIbHOCTI
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no cpasuenuio ¢ A100 [35]: Ha ypoBHe nporeccopoB Kuraiickue pa3paboTauku
panee He npesocxoausn nporeccopbl u3 CIIA u dunonuu (manpumep, ARM
Kunpeng 920 [5] nim x86-uporeccop Zhaoxin [36]), Ho mossienue B 2022
romay uporeccopoB SW26010pro, comepxkammx 390 sigep ¢ obIeit TuKoBoit
upousBoauTebHOCTHIO Gosibiie 14 TFLOPS (10 yMo/4anuio B T€KCTe JAHHOTO
0630pa mpe/osaraeTcs JABoiHas Tounoctb, FP64) [37] u GPU BR100 jamm
TAaKOEe BBICOKOE JIOCTUKEHHE IIPOM3BO/INTEIHLHOCTH, KOTOPOE, MOXKHO CKa3aTh,
BIIEPBbIE TTO3BOJIMIIO KUTAHCKON MHIyCTPHUU NPEB30HTH HOKA3aTEIN HEKOTOPBIX
aHajiornyubix mpoaykros CIITA.

AxryanbHOCTh cpaBHUTEIRHOrO anamm3a AMD MI100 u MI200 ¢ Beimeyka-
zanubiMu GPU ot Nvidia, Intel u Biren Technology mpescraBisiercss 0ueBUIHOI.
AMD MI250X Hayajau IpOU3BOAUTHCS B MEPBYIO OYEPEH JIJIS CTABIIErO
[EPBBIM B MUpe 3K3adJIONCHBIM cyTiepkomIbioTepoM Frontier [38-40], mo yxe
UCIIOJIB3YIOTCH B JIECATKE PA3HBIX CylepKoMIbioTepos u3 Topd00, B Tom dncse u
B 3aHAMAIOMEM TpeThe MecTo cynepkomnbiotepe LUMI [41,42], u GPU peansHO
OTIPEJIEIISIOT JOCTUTHYTYIO TaM MaKCHMAJIbHYI0 IPOM3BOAUTENbHOCTH B Topd00.
WsBectHbIe cynepkoMibioTepbl Summit u Sierra ¢ V100 B y3Jiax mesibiit psij
JieT pacroiokenbl B mepBoit gecsatke Topb00. GPU Intel X°-HPC Ponte Vecchio
OY/IyT UCHOJIB30BATLCS B CYTIEPKOMITbIOTEpe Aurora AproHHCKON HAIMOHATLHOM
saboparopuu CIITA, riae npegnosiaraeMas MUKOBas MPOU3BOUTETHHOCTE
¢ ABoitHOI TouHOCTBIO Gyzer npesbimarh 2 EFLOPS [43], u B Mmogepausaiun
cynepkommbiorepa SuperMUC-NG B cynepkomnbiorepHoM TieHTpe Jleitbruia
B T'epmanum [44].

Kpome toro, Ha GPU HOBOI'O IOKOJIEHUSI CTPOSATCSI M HanboJjiee SHEProad-
dexkTuBHBIE cynepkoMibioTepbl —Tak, Henri ¢ H100 Bosrmasmisier Green500, a
cynepromibioTepsl ¢ MI250X 3annMaloT Tam Bce MecTa co 2 10 7 TTO3UINN.

AxryanpaocTs cpaBaenust MI100 ¢ GPU Nvidia 6bu1a oTMedeHa HeaBHO
B [45], a reneps conocrapienue GPU cTaJIo elle BaxKHee B CBA3U C HOSIBJIEHUEM
HOBBIX 0OJIee BBICOKOIIPOM3BOIUTEIBHBIX U O0jiee sHeprodddextununix GPU.
MI100 u MI200 yxxe akTuBHO npumMmensitorcs B HPC u WM. Bosbimoe BHNMAaHIE
B 0030pe obparieHo Ha JaHHble 0 npousBoauTesbHocT GPU MI250X u A100,
IIOJIy9€HHbIE C TPUMEHEHNEM HOBEHINNX COMEPKAIIUX UX CYHEPKOMIIBIOTEPHBIX
cucrem HPE/Cray EX [46].

HoBoe nokosierne GPU oriimdaeTcs He TOJBKO MOCTPOEHUEM Ha HUX
sK3aMacTabHbix cynepkomnbiorepos (Frontier —ua MI250X [39], Aurora—
Ha Ponte Vecchio [47], a npexnnosarasmmiicss 1yst 3aMeHbl 3aHUMAIOIIETO 9-e
mecto B Top500 cyneprommbiorepa Selene—ua H100 [48]), HO u ncnosnb3oBanneM
C HUMU JPYTUX CHeNuaIn3UPOBAHHBIX allllapaTHBIX cpeicTB. IIpek e Bcero, aTo
meskeoeuuerns (Hanpumep, Nvidia NVLinik [13,49,50], AMD Infinity Fabric,
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TaKIKe OTIIMIAIONIEECs] PEryJIIPHBIM yCOBEPIIeHCTBOBaHNeM Bepenii [10], mm
cranzapr CXL 8 BR100 [51]). 9tu TecHo cBsizanHble ¢ GPU anmnapaTHble Cpe/icTBa
paccMaTpuBaloTCs B JaHHOM 0030pe. HekoTopble cepBepHbIe IPOIeCCOPhl —
nanpumep, ARM —nporeccopsr Grace ot Nvidia qs paborst ¢ GPU Hopper
[13-15,52] niau AMD EPYC Zen 3 ¢ (Ipe/iiosioxKuTeibHO) MoIepKKOil
Infinity Fabric 3.0 B kxpucrasuie BBO#a-BbIBOA [53] MCXOMHO TIpemoIaraauch
IS paboOTHI COBMECTHO € HOBBIMU GPU, M TaK»Ke paccMaTpPUBAIOTCI B 0630pe.

YnomsinyThie LIl MOT'YT OPHEHTHPOBATHCS U HA TpuMenenne B HPC uu MU
6e3 GPU. Intel Xeon cepun Max [54] (umeromue konosoe ciaoBo Sapphire Rapids),
KOTOpBIE C CaMOr'0 Ha4daJla IIPEeAIIoarajluch JIJis IPUMEHEHNd B COLEePKaIluX
GPU y3Jiax cynepkoMmiibioTepa Aurora, MOI'yT MCIIOJIb30BATHCS HE3ABUCUMO OT
GPU.

st 6yaymux cynepkominbiorepos EFLOPS-ypoBHst MoryT npejcraBiisiTh
nHTEpec pa3pabaTbiBaeMble B paMKaX €BPOIEHCKOi POIeCCOPHO MHUIMATABDI
(EPI) akcesieparopsl EPAC, koropsie 6asupyiorcsa na RISC-V ¢ BoamoxkHOCTBIO
paboTsl ¢ BeKTOpaMu ayuHoi B 256 uncen dopmara FP64 [55]- Ho sT0
akceseparopsl, He orHocsmmecs: K GPU, a EPAC noka Ha cramnu paspaboTkn
(B HAJIMYUM UMEETCs TOJBKO ero TecroBag Bepcud 1.0 [56]), u koncrpyupyercs
YUIIET U3 PR WIMTOK pasinaroro tumna, rae EPAC—ums oxna us Hux [57].
Coorsercrenrno EPAC He orHOCHTCS K TeMaTHKe JJAHHOTO 0030pa.

0630p cocTonT U3 pasAesioB ¢ moApasaesamu. B pasjene 1 paccMOTpeHbI
ob1ie anmapaTHble U IPOrpaMMHbIe 0cO0eHHOCTH GPU Pa3sHBIX TPOM3BOIUTEIEH.
B paszmesie 2 ananusupyrorcs HOBble Kurtaiickue GPU, Birentech BR100.
B pasuene 3 anasnusupytorcs Intel Data Center GPU Max (Ponte Vecchio).
B pasnene 4 ananusupyiorcss GPU Nvidia: B nogpazuene 4.1 — A100, a
B nogpasese 4.2—H100. B pasnesne 5 ananusupytorcs GPU AMD MI200.
B sakiroueHun cieranbl BBIBOBI OOIET0 XapakTepa.

Bo Bcex pazjiesrax paccMOTpeHBI allllapaTHbIe W IPOIPAMMHBIE CPEJICTBA
(SDK) JI7IsT COOTBETCTBYIONUX GPU, u aeTcs 0030p MMEIOTIUXCs JIAHHBIX 00
UX IponU3BOAUTENbHOCTH. B pasmenax 3 u 5, u B mogpasaenax 4.1 u 4.2
9TO PEAJIM30BAHO B BUJIE OTIAEIbHBIX 00OJiee HU3KOYPOBHEBBIX MOIPA3IE/IOB.
IIpu comocTaBieHNN JAHHBIX, B IIEPBYIO OYUEPEib O MPOU3BOAUTETHHOCTH,
MCIIOJIB30BAJIOCH TaK»Ke CpaBHEHHE C JAHHLIMU O Ipou3BoanTeabHocTn Nvidia
V100, a B pasjmene 5 mMeeTcs OTACIbHBIN mogapasaesa 5.3.1 ¢ JaHHbIMU
o npoussoauresbHocT AMD MI100.

B 00630pe BBIHYXKIEHHO HCHOJIB3YETCA BECbMa OOJIBITOE YUCIO COKPAIECHUIA.
Arrop gacTo maer u pacundpOBKU OOINEM3BECTHBIX COKPAINEHUI, UMesi B BUILY
BO3MOXKHOE [IPOYTEHNE TEKCTa CIelUaMCTaMyi U3 pasHbIX objacreit. Coucok
HCIOJIb3YEeMbIX B HECKOJILKUX Pa3HbIX pasjiesax 0030pa (B pazjesax mpo
pasuble GPU) COKpallleHuii IPUBEJICH B IIPUJIOKEHHN.
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1. Obwee ans GPU pa3sHbix npoussogureneii

IIpexk e vem paccmarpuBaTh KOHKpeTHBIe GPU pa3HbIX MPOU3BOIUTEEN,
HY2KHO XOTsI OBl IIEPEYHUCIINTH OCHOBHBIE HCIIOJIb3YyeMble Ha COBPEMEHHBIX I'padu-
YECKHX IIPOIECCOPAX CPEJICTBA Pa3pabOTKU NporpaMM (IIpOrpaMMHbBIE MOJIEIN )
¢ opuenTanueil Ha 3agaun HPC m U. MakcnMabHyI0 TPOU3BOIUTETHHOCTD
OOBIYMHO JIOCTUTAIOT C IPUMEHEHUEM, €CTECTBEHHO, Y€TKO OPUEHTHPOBAHHBIX
Ha alnapaTHble CpeJCcTBa IIpousBouTeseil cpeacts SDK (B mepByio ouepeb
Mozesielt mporpammuposanusi): st Nvidia— CUDA (Compute Unified Device
Architecture) [16], iz AMD —HIP (Heterogeneous Computing Interface
for Portability) [58], wacts obmmero nmporpammuoro creka ROCm (6osee
HU3KOYPOBHEBbIE IIPOIPAMMHBIE CPEJICTBA B 9TOM pasjiejie 0030pa He pac-
CMATPHBAIOTCs ). 3aMeTHOE TIOsiBJIeHHe Ha PhIHKe ajibrepHaTuBHbIX Nvidia
npomsBojuTeseil GPU moBbICHIO MHTEPEeC K KoMIoueHTaMm SDK, paborarormmm
C YCKOpUTEIIME pasHoro tuma. HIP yxke nMeeT BO3MOXKHOCTEL pabors! ¢ Nvidia
GPU [58].

Cpeu He OpUEeHTHPOBaHHBIX Ha paboTy ¢ GPU ompeseieHHOrO IIpOu3BO-
OUTENIs CPEACTB IIPOrpaMMUpOBaHus mpexkae scero ormeruM OpenACC
u cospemennbie Bepcun OpenMP (momiepkka paboTsl ¢ yCKOPUTEISIMU
nosiBuitack emie B OpenMP Bepcun 4.0, a ¢ 2021 rojga nmeercst y»ke Cremu-
dukanus 5.2 [59]). IToznuee B KavuecTBe CpecTB pazpaboTKU IIPOrpaMM
st GPU u ITJTNC-akceneparopos cras mupe npumensaTbes OpenCL (Open
Computing Language) [60], a 3arem u SYCL [61] — oTKpBITBIl cTaHAAPT st
rereporeHHoro nporpammuposanus. SYCL sBisierca paspaborkoii Khronos
Group, koropast ¢ Bepcuu SYCL 2020 6asupyercst zHa C++17.

ITTupokoe pacupocrpanenue moxker noayautb DPC++ (Data Parallel
C++, paspaborka Intel) [62]— rakke OTKPBITBIN MEXKAPXUTEKTYPHBIN S3bIK,
nocrpoennslii Ha C++ u SYCL. DPC++ ucnosibsyer SYCL ¢ paciupenusiMu,
KOTOPbIE MPEJIIOJIATAeTCs BKIYUTD B Oyaynime sepcun crangapra SY CL.
OpenCL, SYCL u DPC++ moxkHO mpuMeHsiTh u jyist UII. VI3 mux DPC++
MIPEJICTABIISIETCsl cefiaac HamboJsiee MPOJIBUHYTHIM; Ha €ro 0a3e yrKe MOsSBUJICS
TeCT Mpou3BoUTENbHOCTH [63].

Hakowerr, K 4uciry yIIOMHHAEMBIX 3/1€Ch TPOTPAMMHBIX CPEJICTB jijist GPU
moxkuo ornectu u Kokkos™ [64,65]. Kokkos (momiepzkannbiii B npoekTe
Munucrepcrsa suepreruku CIITA) opuenTupoBan Ha sK3amaciirabHbIe
CYTHEePKOMIIBIOTEpHI, ucrosb3yerT C++ U HalleJeH Ha OTCYTCTBUE [IPUBA3KU
K obopymoBauuio. B HeM B KadecTBe G9K-9HJI MOYKHO MIPUMEHSITh, B 9aCTHOCTH,
CUDA, HIP, SYCL u OpenMP. B kauecrBe 3HAMEHUTOrO IIpUMepa MPUIOKEHMS,
npumensiomero Kokkos, Moxkno ykazarh kommrekce nporpaMm LAMMPS st
38,189 MOJIEKYJISIDHON TUHAMUKY [66)].


https://github.com/kokkos/kokkos

\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 149

Ilepeuncienmbie TporpaMMHBIE CPEICTBA OTPAYXKAIOT POCT IIPUMEHEHMS
umenno C/C++ B obaacrsax HPC u MU. Bonpoc mocTuraeMoil Npou3BOAUTEIbHO-
cTH 10 cpaBHeHUIO, Hanmpumep, ¢ CUDA-nporpammanvu Ha GPU Nvidia Tpebyer
JaJIbHEeHIIero n3yYeHnsd.

PyHKIMOHAIBHAS TTpocTOTa sep GPU maeT BO3MOXKHOCTB OBICTPOrO
[IEePEKJII0UEHNsT KOHTEKCTa, HUTH C aKTUBHOW Ha MACCHBHYIO M 00PATHO, 9TO HE
xapakTepHo i LIl J[jiss BBICOKOMAaCIITabupyeMoro paciapaJlie/ IMBaHus,
MIPUMEHSIEMOr0 IIpU paboTe Ha OOJIBIIOM Juc/ie (QyHKIHOHAIHLHO OTHOCATEIHHO
HOPOCTBIX A1ep B 0030pe Ha PYCCKOM A3BIKE UCHOJIb3YeTCsl TEPMUH HUTH (15t
threads), 4To JaeT BO3MOXKHOCTH UCIIOIB30BATH JJId IIPUMEHSIEMbIX B GPU
Nvidia stream TepMuH TOTOK.

Muorosierree rocrogctBo Nvidia Ha peiake GPU mpuBeJio K IMTUPOKOMY
HCITOJIb30BAHUIO B 9TO 00J1acT TepMUHOB, BBeJeHHbIX Nvidia. [losiBnenue
HOBOTO MOKoJjieHusi GPU, B TOM 4ucje OT ApyruX (pupM, XapaKTepu30BaIOCh
UCHOJIb30BAHUEM UMM W JIPYTUX TEPMUHOB JJId TeX Ke Berieil (60bIuHCTBO
u3 Hux SIMT-Tepmunb! jyisg APT— CUDA, HIP, OpenCL u apyrux). Coorser-
CTBEHHO MMEEeTCs MHOT'O IIyOJIMKAIMN U JOKJIAI0B Ha KOH(MEPEHIUIX, T1e
MIPUBOJIATCA COOTBETCTBUS MEXKJY TEPMUHAMHU PA3HBIX [TPOU3BOJIUTENIEH, B TOM
quciie B TabsmaHoit popme (cM., HanpuMmep, [67,68]). B rabuuie 1 Takoe
COIIOCTABJIEHUE CJEJIAHO IS eJieil JaHHOro 0b630pa.

Bce crpoku Tabsmibl, KpoMe JIByX HOCJIEIHUX, sIBJSTEOTCS APT-TepMUHAMH.
B jByx mocseHux cTpoKax MPUBEJIEHBI TEPMUHBI UMEIOIINX AHAJOTUN BaYKHBIX
anmaparHbIX KOMIOHEHT GPU pa3HbIX mpou3BojuTeseil. Drta Tabiuia He
BKJIIOYAET CUCTEMY TEPMUHOB, UCHOIL3yeMbIxX syt BR100.

B rabsure B mpaBoM cTOJIOIE IPUBEIEHBI JKUPHBIM MTIPU(MTOM TEPMUHBI,
KOTOpBIE OY/IyT HUCIOJIb30BATHCS Jlajlee B HACTOSIIEM 0030pe B KaueCTBe
o6mux Jyist GPU pasHbIX IPOU3BOAUTENEH (XOTA B Pa3jesiax Ipo KOHKPETHOIO
[IPOU3BOJUTEIIST UCIIOIB3YETCsl U €10 TEPMUHOJIOTHSI ).

Hcnonb3zyembie mpousBoauTeasiMu GPU TEpMUHBI MOTYT Pa3/IMIaThCS
B 3aBHCHUMOCTHU OT IIPUMEHCHU JIJIs allllapaTypbl WX JIJIg IIPOIPAMMHOIO
obecrieueHust, 1 MOIUMPUITPOBATHCS C IIOSIBJIEHUEM HOBBIX Mojeneit. Tak,
AMD npumensier TepmuH wavefront B pyKoBoOJCTBax 110 apxXuTekType u ISA
paccMaTpuBaeMbIX B 0030pe GPU 3T0i (hbupMBbI— HO B COBPEMEHHOM PYKOBOJICTBE
HIP ucnosb3yercs Tosbko warp [58]. TIpu amoM nmosiBjieHne HOBOIO MOKOJIEHHUST
GPU Nvidia BBI3ZBaJIO HOSBJIEHNE I HUX HOBOI'O TEPMHHA — KJIaCTePa OJIOKOB
Huredi nyst GPU H100 [16] B mepapxun pasindHbIX yPOBHEH I'DyNI HATEH.
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Tasnunia 1. CormocraBjieHne TEPMUHOB, UCIOJIb3yEeMbIX PA3JINY-
HBIMU IIpOU3BOAHUTEAMU GPU, 1 MOJIeJT IPOIPAMMHUPOBAHUA

Nvidia Intel PacmudpoBKa; HCTIOJIb3yeMbIii B 0630pe 06-
(CUDA) AMD (HIP) | (oneAPI/ | mmii TepMuH (ecin uCIOTb3yeTcs oOmmit Tep-
SYCL) | mun)
Thread Work item; Work- Wuusuayansaast HUTH (OHE paboOTAIOT COBMECTHO
Thread item B Ipyllle HUTeil — warp wiu B sub-group); HUTB.
Ha6op omnepanuii (HuTeil), KOTOPHIE BBIIIOJIHSI-
FOTCsl CUHXPOHHO, BBIINOJIHSIIOT OJIHU U T€ YKe
) MHCTPYKILUU U CJIEAYIOT 11O OJHOMY U TOMY K€
Wi Wavefront; Sub- MyTH NOTOKA yIPABJIEHUsI: IPYINa HapaJlIeIbHbIX
arp (%{om{a group HUTEH, BBIOJHSEMbIX AIlllIaPATHBIM GJIOKOM (B
arp) Nvidia SM ux 32) —9T0 HaUMEeHbIIIas] BEIYUCIIN-
TeJIbHASI €JUHUIlA, HA HUX pa3buBaercs OGJIOK
HUTel; Bapl'l.3
'pynmna Bapnos/moArpymnm, oAHOBPEMEHHO BBIIOJI-
Thread Work- asaomuxcst Ha GPU. MoryT cuHXpOHU3UPOBATHCS
block ‘Workgroup BMeCTE M OOIIATHCA Yepe3 Pa3IesiseMyIo MaMsTh,
group B GPU Nvidia Beimosiasiercss Ha ogaoM SM; 6JI0K
HUTEM.
ND- Cerka n3 6JI0KOB HUTEH, BEDXHUAN YPOBEHb MEpap-
Grid Grid XU CUCTEMBI HUTEH B 11es10M GPU;
range ceTka HUTeiA
Streaming
Multi- Compute Anasior ¢pyHKINOHAJIBHO YIIPOIIEHHOI'O IPOIIEeCc-
FOCESSOT Unit IECU) X€ core | copnoro siapa L. B Intel Data Center GPU Max
p (sM) X€-s11po comepxKuT HecKoJIbKO AllY SIMD-Tuna.
Matrix- | BPIYUCTHTEIbHbIN OJIOK 111 0OpabOTKU yMHOMKe-
Tensor Matrixcore Engine Hus Masenbkux Marpur (GEMM-oneparwmii, co
core unit XI\%IX CMeLIaHHOH TOYHOCTHIO);
( ) TEH30pHBbIE si/Ipa.
BeicokockopocTHast (110o0Hast K3IILy) IaMsTh
Shared Shared Local MaJIoi eMKOCTH, 0DEeCIIeunBAIONIasl CBA3b MEXK Ly
memory memory memory' | Bapmamu B GioKe HuTeil/pabodeil rpynme; pasme-
JisieMasi IaMsiTh.
Global Memory IMTamsare DRAM, nocrynnas B GPU; ee maHHBIE
(o6wguti mepmur Nvidia, AMD w Intel) | IpOXOAAT Yepe3 HECKOJIBKO YPOBHEH K3II-TAMATU
Device? GPU (¢ namsThIO); YCTPOMCTBO
Host2 IIpoueccop u namsaTs (6osee obie— BCsl 9acThb
KomIbiorepa 6e3 GPU); xocT
YacTp nporpamMmsl, BoinosHseMas Ha GPU (byHK-
Kernel2 muss B C, nognporpamma B Fortran). fapa
YCTPOMCTB MOryT paborars napaJsiesabHo ¢ LI
OporpaMMHOE sIIPO

Tepmunst Nvidia B3saret u3 [16]; AMD —u3 [58]; Intel — u3 [69].
! HemostHOE coOTBETCTBHE
2 obmuit TepMuH pa3paboTINKOB GPU
3 or warp (aHTI.) — HETH OCHOBBI Ha TKAIIKOM CTAHKe (npumenarue pedaxmopa)
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Pasznbie ypoBHu rpymnmn HuTeil TO3BOJISIOT 3DPEKTUBHO OPraHU30BATh
BbICOKOMacITabupyemoe SIMT-pacnapasuienuBanue. [[ockombKy MoxKeT
BO3HUKATL CUTyallisd, KOIJla Bapll OKHUJlaeT JaHHBIX U3 ITaMATH, aKTUBHDII
pactueT MepeKIovaeTCs TOr/ia Ha Japyroit Bapn. B kmaccuvueckux GPU oT
Nvidia gyst aToro SM COmEpKUT IUIAHUPOBIIUK Bapios (0H dbopMupyer
BapI-IPYIILY HATEH) U JUCIeTdep, 3aHIMAOIINICT aKTHBU3AIMEH BBIIOITHEHNs
Bapu. AHaJIOru4YHble alnapaTHble OJIOKU CyIIeCTBYIOT u B GPU apyrux
HPOU3BOJIUTEJICH.

Eme oanoit ouenb BakHOI 00IIEil 0COOEHHOCTBHIO COBpEMEHHBIX GPU
ABJISIETCsT paboTa ¢ JAHHBIMHA PA3JIUIHON TOUHOCTHU, BKJIIOYASA OHEPAITUN
CMEITAHHONW TOYHOCTU. DTO IIPU UCIIOTH30BAHUN YMEHBIIEHHOW TOYHOCTH U
COOTBETCTBEHHO YUHCJIa OUT JUIA IIPEICTABICHUS UNCIa AT BO3MOXKHOCTD
JIOCTUTATh B pa3bl H60JIee BHICOKYIO MMMKOBYIO TMPOU3BOIUTEIHLHOCTD, YMEHBIIATE
TpeboBaHUs K eMKOCTH maMaTh GPU 1 K ee TPOITYCKHOM CITOCOOHOCTH, OYU€HD
9aCTO JTUMUTHUPYIOMEH TPOU3BOANTEILHOCTD; IIPU YMEHBITIEHUHN TPeOyeMoit
E€MKOCTH TIaMsITH YMEHBIIIEHHBIIT 00beM oOMeHa maHubiMu GPU ¢ LI Tak»ke
MOYKET yBEJUIUTDh MPOU3BOINTEILHOCTE. [Ipn pabore ¢ TpaauimoHHbIMu LT
39TO HEe UMeeT CMBICJIA, U BCe pacydeThl ¢ Ij1aBatoleil 3amaroit B HPC nposogarcsa
rpagunuonHo ¢ FP64. OxHako jyist 04eHb aKTUBHO Pa3BUBAIOIIMXCS 3aja4 U1
paboThI C HEUPOHHBIMU CETSIMU UCIOJIL3YIOT YMHOXKEHNE MATPUIL, U HaliieHa,
BO3MOXKHOIT paboTa ¢ MEHbIIIEel TOYHOCTHIO U CO CMEIIaHHON TOYHOCTBIO.

TunuaHbIM 1151 UCTIOIH30BAHUS B MOJIEJISIX TIyOOKOTO 00y deHust (hopMaToM
JIAHHBIX SIBJISIETCsI OJMHAPHAsI TOYHOCTh, FP32, HO BO MHOrMX paborax ObLIa
[OKA3aHA JOCTATOYHOCTH BoJiee HU3KOI TouHOCTH, HanpuMmep, FP16 [70]. Bpems
pacdera [iJIst 33129 TJIyOOKOro 00yUeHusT TUMUTUPYETCS YMHOKEHISMI MATPHIIL,
Ha 9TO W OPUEHTUPOBAHBLI TeH30pHbIe sapa B GPU Nvidia mwnn nx anajorn
B npyrux GPU HOBOro mokosienus. Bnepsoie Tenzopnoe g71po B GPU MoABMINCH
B V100, u ¢ camoro Hadaja OHO PACCMATPUBAJIOCH KAK MHTEIPUPOBaHHAas B GPU
CIIeNUAaIn3MPOBaHHAasl i IpuiIokKeHuit Mukpocxema (ASIC, application specific
integrated circuits)— cm., napumep, [71]).

Dopmyia (1) orpaxkaer BLAS-byukiuo GEMM (3aecs A, B, C—
JBYMEpHBIE MaTpHUIlbl, padMepHocTh A pasua M x K, pasmeprocts B —
K x N, y marpuipr C pasmepaocts M x N)

(1) C =aA x B+ 3C

VYke B nepBbix Tenzopubix sapax (B V100) dopmar FP32 npumensiics
i C, a FP16— g A u B [72]. B A100 mox#O0 ucmomszoats BF16 mast A u
B, u TF32 qyizt C (xotst 8 A100 B TEH30PHBIX sIIPaxX CTAJIO MOXKHO pabOTATh 1
¢ dopmarom FP64) [73].
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HO}IO6HI)I€ MaTpUYHbIE Ollepaluu CO CMENIaHHOI TOYHOCTbHIO BBIIOJIHSIIOTCSI
B COBpeMeHHbIX GPU Ha CIenuabHbIX MATPUYHBIX OJI0KaX (CM. TEPMUHOJIOIUU
Pas3HBIX Ipou3BouTeseil B Tabiuiie 1) U MPOBOASATCS JJisi MATPUIL OU€Hb
MaJIEHbKUX pa3MepoB n3 (pUKCUpOBaHHOTO Habopa. Hampumep, B TEH30PHBIX
supax A100 mua Becex marpur u3 dopmysst (1) ¢ popmarom FP64 M x N x K =
8 x 4 x 8 [17].

Muorue popMaThl YUCET C IIABAOIIEH 3aISTON YMEHBIIIEHHON! TOYHOCTH
HAJYaJId UCII0JIb30BaThCsd UMEHHO Ha GPU (B IepBYIO OUepeb— JJisl 3a1a9
1); 6a30BbIe apaMeTpbl (GOPMATOB € NOHUKEHHOH (oTHOCHTEILHO FP64)
TOYHOCTBIO IPUBEJIEHBI B Tabuie 2 (B 3TON TabJIMIle TPUBEIEHBI TOJBKO
dopMaThl AT YHUCesT ¢ IIABAIOIEH 3amaToil — Ho B UM ObiBaeT n pabora
C UEJILIMA YUCIaMU YMEHbIIEHHOH 710 8 6ur miunbl, INTS).

TabuyA 2. @opMaTsl YUCEI C IIJIABAIOIIEH 3aISITOH YMEHbIIEHHON
TOYHOCTH B GPU

®opmat uuces Yucao 6urt
3Hax umcsia | JKcrmoHenTa | Mamrucca | B perucrpe®

FP32 1 S 23 32
TF32 1 3 ) -
TF32-+ 1 3 5 -
FP16 1 5 10 16
FP8-E4M3 1 4 3 8
FP8-E5M2 1 5 3 3

1 popmar TF32+ nomaepxuaercs Toasko 8 BR100 [35], a dopmarsr
FP8— 35 H100 [78]
B 27101 Tabiuie ncnosb30BaHbl gaHHble Tabuuip 11 B [79] ¢ nobasiennem
crpoku dopmara TF32+ niusa BR100 [35].

Hexkoropbie u3 3Tux (OpMATOB YMEHBIIEHHON TOYHOCTH HE MOJIEPKUBAIOT-
cs crangaprom IEEE-754 [74], HO noagepKuBaioTcss KOHKPETHBIMU MOJEJISIMU
upoussoguresnsa GPU (TF32, TF32+, BF16, dopmarst FP8). 3uech ciemyer
OTMETHUTD, ITO s TIyOOKOTO 00ydeHust CIUTaroTCs 3P GEKTUBHBIMEI (HhOPMATHI
TF32 u BF16 (cm., nanpumep, [17,75]). B TF32 qyia ManTHCCH HCIOIB3YIOTCS
Te ke 10 6uT, Kak s FP16, HO u3-3a 60j1ee JAIMHHOI 3KCIIOHEHTHI JIUAIa30H
[IPEJICTABIISIEMBIX drceJl GOJIbINE, 9TO BayKHO JyId 3ajad MU [76]. B [77]
paccMOTpeHa BO3MOYKHOCTD IIPUMEHEHHUsI M1l TJIyOOKOro o0ydeHust (hbopMaToB

FPS.

ITockonbKy ucrnonb3oBanue hopMaToOB C YMEHBIIEHHOW TOYHOCTHIO HA GPU
MOKET IIPABOJUTHL K OYeHb BasKHOMY POCTY IIPOU3BOJAUTE/ILHOCTH, IIOHEMHOTY
BO3MOXKHOCTH PabOThI ¢ yMeHbIIeHHO! (oTHOCHTeIbHO FP64) TouHoCThIO CTaia
He TOJIBKO IIPUMEHATHCH B UM, HO U3y4YaThCs U B JPYIUX M3BECTHBIX 0OJIACTIX
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HPC, B ToM uncie: FP32 8 CFD (6butn u nonsitkn paborst ¢ FP16) [80], FP32
B KJIACCHYECKON MOJIEKyJIsIpHOI tuHamuke (B [81] pocT mpon3BoguTe bHOCTH
Ha FP32 usmepsiics we Ha GPU), FP32 B KBAaHTOBOI MOJIEKYJISIPHOI JIMHAMUKE
(Takzke 6bln u nonbiTke pabors: ¢ FP16) [82,83], B ksanTosoit xumuu [84, 85|.
CoOTBEeTCTBYIOIINIT POCT TPOU3BOIUTEIHHOCTH MOYXKET ObITh OOYCJIOBJIEH HE
TOJIBKO TIPSIMBIM YBEJIMYUEHUEM COOCTBEHHO IIPOM3BOJUTEJILHOCTH sifiep GPU 3a
CYeT yMeHBIEeHNs] TOYHOCTH, HO U BO3MOXKHBIM Kap/IMHAJIBHBIM yMEHbIIEHUEM
TpeboBaHMit K eMKOocTH mamaTu GPU.

EcrecTBenno, craau MosBasATHCS U UCCIIEIOBAHNALA O JOCTUYKEHUHU TIPH-
eMJIeMO#l TOYHOCTH Pe3yJIbTaTa Ipu padoTe ¢ YMEHBITEHHOH TOYHOCTHIO
B MaTeMaTHIECKUX METO/IaX, HAIPUMED, Ipu penieHnn ypasuenus llyac-
coHa [86]. B [87] upesioxKeHbl METO/IbI KOPPEKIMN BO3MOXKHBIX OIIUOOK
orHocuTensHo FP32 npu Beranciernsx ¢ FP16 u TF32 (npu paGore Ha TeH30p-
wbix sipax A100). IorsarHo, 9ro npu pabore ¢ HOHUKEHHONW TOYHOCTHIO
TpeOYIOTCs IOCTATOYHO MOAPOOHBIE CUCTEMATHIECKHE MCCIIEI0BAHMNSI, KOTOPHIE
MOTYT He yCIEBATh IMPOBOIUTHLCS M3-33 CBEPXOBICTPOrO PA3BUTUS COBPEMEHHBIX
GPU ¥ TIOSIBJIEHNsT HOBBIX (POPMATOB JaHHBIX B HUX.

Jaxe B U npumenenune, nanpumep, TF32 ¢ yMeHBIIEHHO# OTHOCUTEIHHO
FP32 manTuccoit nenaer akTyaJIbHBIMEI TOAPOOHBIE UCCJIEIOBAHUS M3-3a,
BO3MOXKHBIX TPOOJIEM CO CXOIUMOCTBHIO TJIyOOKOTo 00yveHumst. IlosTomy
HHTEPEeCHBIM MOXKeT ObITh goctymHblii 11 BR100 dopmar TF32+, umeromuit
6oJiblIee YnCyI0 OUT Jijist MaHTHCCHI, YeM B TF32. A Hanpumep, B MOJIEKYJ/ISIPHOI
JTMHAMHUKE COBPEMEHHBIE KOMILJIEKCHI ITporpamM, paboraromue Ha GPU, gacTo
UMEIOT OIUH, PA3PENIAONINe PACUETh ¢ IIOHUKEHHON TOYHOCTBIO (HAIIPUMED,
JUIst IByXTOYEIHBIX B3aMMOJEHCTBUIT aTOM-aTOM) U B GOJIBIIIOM YHCIIE CITy4aeB
JAIOT IIPU 3TOM IIPUEMJIEMbIE Pe3YIbTaThl — OJITHAKO MHOTJIA 3TO IIPUBOIUT
K ommmbOke. [lybsmkanmu, dopMyaupyrorme, B KAKIX CJIydasiX BOZHUKAIOT
Takue OMuOKU, aBTOPY HEeU3BeCTHHI. [Ijisi KBAHTOBOI XUMUM CUTYAIIAS] MOXKET
OBITH CJIOXKHEE, HAIpUMep, B UTEPAIMsIX C CAMOCOIJIACOBAHMEM IIOJIHOM
sHepruu. ABTOp B HACTOsIIEe BpeMsi BOOOINE ¢ HACTOPOKEHHOCTHIO OTHOCUTCS
K HPC-pacdeTaM ¢ IOHUKEHHOI TOYHOCTBIO.

o cux 1mop TEH30pHbIE spa pacCMaTpUBaIOTCsa Kak ASIC, opueHTH-
POBaHHBIE HA 3329 MAIIUHHOIO 00y4eHus (cM., HanpuMep, [88]), xors
B IIOCJIeTHEE BPEMSs IOSIBJISIIOTCsST pabOThl, OPUEHTUPOBAHHBIE HA PACIIPO-
crpaHeHne 06JIaCcTU IIPUMEHEHUs] YMHOXKEHUsI MATPUI] TEH30PHBIMHU SITPAME
Ha HPC (cM., Hampumep, [89]). B nesom muist HPC Heo6xommMo 6a3supoBaThest
HA [IPOU3BOAUTEILHOCTH, JIOCTUIAEMOIl KOHKPETHBIMU Ipriiozkerusamu. B [90]
OBLIIO OOHAPYKEHO, UTO U3 77 OTOOPAHHBIX TAM M3BECTHBIX TECTOB IIPOU3BO-
anresbaocT j11a HPC GEMM ucnoabsosajiach ToabKo B 10. 11 ¢ Touknu
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3penus sHeproaddekTUBHOCTN IpUMeHeHue smyJsanuu dopmaros FP64 u
FP32 moamxkennoil TOYHOCTHIO Ha TeH30PHBIX gapax V100 cymecTBeHHO
YCTYIIAJIO UCIIOJIb30BAHUIO TaM BEKTOPHBIX sjiep. IlosTomy 1ist 6ostee mupokoro
HCIIOJIb30BAHNs TEH30PHBIX sAjiep Ha HPC ¢ TOUKHU 3peHust aBTopa HeoOX0oauMa
armapaTHas nojiep:kka B aux FP64, aro y Nvidia maganocs ma A100.

Bormpocer paboTsl ¢ quciaMu pa3indHOl TOYHOCTH UMEIOT OoJiee 0bIee
3HaYeHne He TOJILKO i GPU. Hampuwmep, B [91] MIPEJIIO?KEH HOBBIN OJIOK
COBMEIICHHBIX OIlepaldil «yMHOXKWUTb-U-CJIOXKUThb», OPUEHTUPOBAHHBIN Ha 3a/1a-
qn HPC u U, juts padoTsl ¢ hopMmaraMu pasiandHoil Tounoctu. Hekoropas
nHOpMAIUS O TOCTUTAEMON TOYHOCTH IIPU PabOTe HA TEH30PHBIX sAIpax MpHU
YMHOKEHU! MaTPHI] C UCIIOJIL30BAHIEM OIePaliii CMEeIIaHHO! TOYHOCTH OY€Hb
KpaTKO IpuBesieHa jaajee B pasfene 4.1.4, rme paccMaTpuBaeTcs JTOCTUTAEMast
rpousBouTesbHOCTE Ha A100.

2. Hosble kutainickue GPU BR100

B 0630pe paccmorpenne naunnaercs ¢ Biron Technology BR100 mo psimy
[PUYUH. DTOT YCKOPHUTEND JOCTATOYHO CYIIECTBEHHO OTIMYAETCsl 110 [IOCTPOe-
HUIO OT OoJiee TpaUIMOHHBIX Ipadudeckux mnporeccopos Nvidia u AMD,
Jaxke B hopMme uctosb3yeMoit TepmuHosoruu. [lybaukanum ¢ omeHkaMu mpou3-
BomuresbHOCTH BR100 B TecTax m mMpuiioyKeHUSX TPAKTUIECKH OTCYTCTBYIOT, a
[IePCIEKTUBBI TAJbHENINEro UX MPOU3BOJCTBA CTAJINA COMHUTEIbHBIMA U3-3a
Beesenabix CHIA cankumii. [losromy ucnonb3yemas qyist BR100 Tepmunosorust
B TabuIe 1 He mpuBoamiack. Tem He menee anann3 BR100 mpeacrasisercs
WHTEPECHBIM B TOM YHUCJI€ KAK BO3MOYXKHOU 3(DEKTUBHON aJIbTePHATUBBI
coBpemenubiM GPU Nvidia.

ITostBnienne 3tux GPU 9pKO HMPOSIBUIIOCH TIO JBYM IIPHUYHHAM — BBICOKOM
CKOPOCTH pa3paboTKy (C/ieslaHbl ObLIN «IIPAKTUYECKN C HyJIsI» BCEro 3a 3
rojia) U JEKJIAPUPOBAHHBIM IIPEBOCXOJICTBOM B IIPOU3BOAUTELHOCTH JAHHOIO
kuTaiickoro GPU mag Nvidia A100 (H100 Torma mpocTo ere He CyImecTBOBAJIO).

Cnieyer cpa3dy oTMETHTh OY9eHb 4eTKyio opuenTtanunio BR100 va pabory
B obstacTu MY, 9TO MO3BOJIMIIO pa3pabOTINKaM IPOBECTHU sICHYIO IPAJIAIIUIO
Ba’KHOCTHU IIPU KOHCTPYUPOBAHUU MUKPOAPXUTEKTYPBI. OCHOBHBIM JOCTYITHBIM
ucrogarkoMm uHdopmarmn o BR100 (ucmosnb3yeMbiM U B JJaHHOM 0630De)
sBasiercs aokia Ha koundepennuu Hot Chips 34 2022 roza [35], a yrounsiomast
nHbopMaIus JOCTyIHA Ha caiite paspaborunka [51]. Eme nebGosbime
yTouHeHus ObLIM B MHTEPBBIO pykoBoxuress Biren Technology Takan Baunsa [92].
Omnpejiesiennbie conocrapienus xapakrepuctuk BR100 ¢ apyrumu GPU maJiee
MPOBOJATCS TOABKO oTHOCHTETbHO A100, Tak Kak 3Ta MOJEIb B 0030pe
OTHECeHa, K JHUCTY 0A30BbIX.
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A ez

BR100 Architecture Diagram

Pucvnok 1. Mukpoapxurekrypa BR100 (pucyHok us [35])

O6mas mukpoapxurekTypa BR100 npesicrapiena Ha pucyske 1 [35].

ITox cemeiicteom BR100 umerorcst B Bumy ase pasubie Mojesnu— BR100 u
6ostee mipocrasi, 6oJiee gemesast BR104, tak uro reneps BirenTech ucmosbsyer
n Hanmenosanne BR10X [51]. Ofmue xapakTepuCTHKH, JIeMOHCTPUPYIOIITe
yeuexu cemeiicrBa BR100, npusoggires o6prano myig mogesun BR100 (cm. rakxke
rabuuiy 3). 3uech ciegyer ykazars, uro BR100 ucnons3yer yuierst u
Gasupyercst Ha IPUMEHEHNH J[BYX IJIMTOK (CM. PUCYHOK 1), & M3rOTABIMBAETCS
o TSMC-texuomnoruu 7 um (CoWoS 2.5D [35]) u cogepxur 77 MUILIAADIOB
TPAaH3UCTOPOB ¢ obmieil mwiomaabio 1074 mm?. B BR104 mmuTKa oHa, 1 MHOTHE
HOKa3aTe/In TaK>Ke B JiBa pa3a Menblie, deM y BR100 (cMm. Tabmuiy 3).

OcHOBHOII TTpeicTaBIeHHON HA PUCYHKE | KOMIIOHEHTOMH, OIPEIEIISIONei
JocturaeMyro npoussoaurenbaocts BR100, sasiaserca SPC (Streaming
Processing Cluster), KOTOPBIfi MOYKHO OTYACTH CUUTATH HEKUM AHAJIOTOM
Nvidia GPC (Graphics Processing Cluster) 8 A100. Kaxast u3 qByx mimTox
BR100 umeer o 16 SPC.

Kaxptit SPC coumepkur 16 ucnonaurensusix 610k08 EU (Execution
Unit), KoTOpbIe U COLEpPKAT COOCTBEHHO BBIYUCJIATEbHBIE KOMIOHEHTHI
GPU— 16 BekTopubIx sifep (V-spa), u oxHO TenzopHoe sipo TDA (Tensor
Data Accelerator) [35]. IIpu 1esnesoii takrosoii sacrore 1 T (oHa 3ameTHO
HU2Ke YCKOpeHHOI yactorsl giuep B A100, cm. Hizxe Tabuuny 13) u 3Hanun
KoJImuecTBa focTuraeMbix B V-supe FP32-pesyibraros 3a rakr (FP64 8 BR100
HE TIOJJIEPKUBAETCS, YTO CBA3AHO ¢ OpHeHTalueil Ha A1) 910 aeT BO3MOXKHOCTD
paccuuTaTh MUKOBYIO MPOU3BOAUTEIbHOCTD ¢ FP32. B mabsmuie 3 npusemneHbr
JIAaHHBIE O TTMKOBOW MPONU3BOINTEIBHOCTH, JocTUraemoit npu padbore ¢ TDA
(oCKOJIBKY OHU 0COOEHHO aKTyasbHbI i 3aj1a4 UM, Ha KOTODBI B [IEPBYIO
ouepesib opuerrupyercss BR100) [51]. JocrurayTsie (st akTyadbHbIX jist U1
opMaToB JAHHBIX) BEJIMUMHBI [IUKOBOH IIPOM3BOUTEIBHOCTH JIUIIb HEMHOTO
HMKe HCXONHBIX oxkuganuil [35] u B 1,5-2 pasa sbiue, gem y A100.
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Ha camom gmesre B8 mepapxum or ypoussi SPC x EU B BR100 ectn
npomexxyrounbiii yposerb — 610k CU (Compute Unit), KaxKapiit 13 KOTOpbIX
MoxkeT cogepkarh 4, 8 unu 16 6sokoB EU (cM. mpasyio yacts pucynka 1). CU
MOKHO cunTaTh aHasorom SM (Streaming Multiprocessor) 8 A100.

CU u3 uerbipex EU umeer kam L1 (LSC) emkocrsio 64 KB. Cremyromum
B MEPapXUM IaMaTh sBjgercs Kam L2 emkoctsio 8 MB na ogun SPC, uro maer
256 MB na Becs BR100. ITamsars HBM2E emxocrsio 64 I'B (B coBpemenHbIx
mozessix A100 emkocth yBemmuena 1o 80 I'B— cm., Hanpumep, [93]) umeer
mupuny naTepdeiica 4096 6UT ¢ TPOILYCKHOI CIIOCOOHOCTHIO, KOTOPAs TAKXKe
Hizke, geM y A100 ¢ 80 I'b [93] (cm. Tabmuiy 3).

Tabmuna 3. Conocrassenne nokasareseit BR100 u A100

BR100! BR1042 5 5
ITokazarenn (Walli 100P) ‘ (Walli 104P) ‘ A100-PCle A100-sXM4
TexHosorust, HM 7 (TSMC)

ITonHoOpasmep-
DPopm-daxTop 0AM gggangﬁggg' PCle SXM
PCle
ITukoBas mpous-
BOJIUTEIBHOCT: *
FP32 (TFLOPS) 240 112
TF32+ (TFLOPS) 480 224 156,/312%6 156,/312%6
BF16 (TFLOPS) 960 448 312/6243 312/6243
INT8 (TOPS) 1920 896 624,/12483 624/12483
Tun un 06bem HBM2E HBM2E HBM2E HBM2E
maMsATH 64 I'b 32TB 40 I'B 80 I'b
Mnpura msr 4096 2048 5120 5120
namstu (6ur)
ITukoBas
TIPOTIYCKHAL 1,64 0,819 1,9 2,0
CIIOCOOHOCTH
(T6aiir/c)
Mexkcoenunenue N N
c GPU, ero nukoBas BLin BLin . .
IIPOILYCKHAs (8 mopros x8), | (3 mopra X8), NVLink3, NVLink3,
600 600
CIIOCOOHOCTH 448 192
(T'Gaiit/c)
PCle-5.0, x16 | PCle-5.0, x16
E/IL?IZIK CoeIIHEHNE ¢ mogzepxkoit | ¢ momuepxkkoit | PCle-vd x16 NVLink3
CXL CXL

TDP, Barr 550 300 250 400
Lem. [99);
2 cm. [100];
3 epes CJI3MI MPUBE/IEHbI JAHHbIE TIPH HCIIOTb30BAHNN PAa3PEsKEHHOCTH;
4 IIpUBEAEHBI JaHHbIE C UCIIOJIb30BaAHUEM TEH3OPHBIX AIEP
5 nannbie us [93,94];
6

nns A100 npusenens! ganabie ajs TE32.

s oCTIKEHNs BBICOKOH TPOM3BOAnUTE bHOCTH GPU BaxKHA IPOMYCKHAST
CIOCOOHOCTD IaMSTH, U HEKOTOpoe orcraBanue 3aeck BR100 or A100 xomuen-
cupyeTcst orpoMHoi eMkocThbio kama L2 (B A100 emkocTsb kama L2 ropasno
menbiie —40 MB [94,95]). Tns noxnep:kanust 6osee ahdbeKkTuBHON paboThi
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kama L2 B BR100 moxer ucnosnbzoBarbes Near Memory Computing [92].
OueBniHO, 9TO ONpeeieHHbIi anasor mapaaurmbl Near Memory Processing,
6smm3Koil K napajaurme PIM, processing-in-memory, 1ieJib KOTOPBIX — IPOCTPAH-
CTBEHHOE OO'bEIMHEHNE BBIYUCIUTEIHHBIX OJOKOB C MAMATHIO U CHIBHOE
COKpAIIeHHE TIepesiad JIAHHBIX MeXK/[y HUMH [96], npuMeHHbI st 3aa9 U1
[97,98].

Yro Kacaercst IPOIYCKHOI CIIOCOOHOCTH, OHA He MeHee BaXKHa JIJIsl CBS3U
Mmexty aByMst minTkamu BR100, u cocrasister 896 I'B/c [35], uro mozsossier
pocrpuanMaTh BR100 kak omgua obrmuit GPU.

Hnga ceazu ¢ U npumensierca PCle-5.0 (x16), ¢ mommepxkkoii CXL
(Compute Express Link) — mexkcoenunenus ¢ korepenTHbIM KameMm [101,102],
KOTOPOE MMEET ABHYIO TEHJCHIUIO K CTAHIAPTH3AIMH.

B oxmom cepsepe moxker 0biTh yeTanosiaero mo 8 GPU BR100, u mist kom-
MyHUKaIUi MexKay TakuMu GPU UCIONIb3YyIOTCA KaHAJBL CBA3U «TOYKA-TOYKA»
(T. e. Mexxay Kaxkioit mapoit GPU) BLink, rie uenonbsyeres SerDes (cepnanmsa-
top/mecepuanuzarop) [92]. Omua BLink umeer j1ByHanpaBiIeHHYIO TIPOIYCKHYIO
criocoGrocts 64 I'B/c [35], coorBercrBenHo y 7 kanasnos BLink, cesi3piBatorux
omuH GPU co BCceMH JPYrUMHU, CyMMAapHAs IPOIyCKHAS CIIOCOOHOCTH COCTABJISIET
448 T'B/c. Boibop nosHol OIIEPKKU BCEX COCAMHEHUI TOUKA-TOUKA JIAeT
BR100 mpenmytiiecTBO m3-3a OTCYTCTBUSI BO3MOXKHONW KOHKYPEHITUN IPU
COBMECTHOM MCHOJIb30BAHUN HECKOABKUMU GPU MPOMyCKHOM CIIOCOOHOCTH
MEKCOeIMHEHNSI, B TO BpeMs Kak 0OMeH JaHHbIME Mex 1y GPU depes LIl qaer
CBOU MUHYCBI B IIPOILYCKHOM criocobHocTH u 3a1epxkke [3]. Tloaromy, Kak
OTMEYEHO B [3], TOIOJIOTUS TAKOIO MEXKCOE/IMHEHNsI BEChMa BayKHA.

Hns cesizu mMexxay GPU A100 ¢ dbopm-dakropom SXM4 [103] ucmonssyercs
mexcoegunenne Nvidia NVLink3 [94], rue qust coemunenus: GPU-GPU
ucnoJib3yercd 12 KaHajaoB ¢ HPOILYyCKHOH crocobrnocrhio mo 50 I'B/c—
COOTBETCTBEHHO TIOJIyUIaeTCs ABYHAIIPABJIeHHAs IT0JIoca npoirycKanus 600
I'B/c [94], aro ropaso 6oubiie, uem y BR100. VY cBsazu BR100 ¢ Ol nporyckHas
crocobuocts (896 I'B/c) cymecrsenno Boie, gem 600 I'B/c y NVLink3.
B Bapuante A100 ¢ PCle-4.0 npomyckHast CliocOOHOCTh CBsizu MexK Ly GPU
Takast ke, kak y BR100, 64 I'B/c [93].

IlousaTHO, UTO ONEHKOMN 3bdeKTUBHOCTH MekcoeanHenus GPU MoxkeT ObITh
TOJIBKO M3MEPEHHAas ITPOU3BOIUTETLHOCTh TECTA UJIU IIPUJIOXKEHUsI, KOTOPast
s BR100 B rannbiit MOMEHT NMpaKTHYIECKH OTCYTCTByeT. Habirromaromasicst
OpUEHTALUN IIPUJIOXKECHUIT Ha MUHUMU3AIUIO BCeX KOMMYHUKanuii Mexxty LI u
GPU (5TO— OJIHO U3 OCHOBHBIX IIpaBui onTuMusanuu B CUDA Ha A100 [104])
MMO3BOJISIET ITPEJIIIOJIOKUTh, YTO MACIITAONPOBAHUE TTPOU3BOIUTEILHOCTH
¢ pocrom uyucia GPU B cepepe ¢ A100/SXM4 (B ciiydae HEMAJIEHbKHUX
norpeGHOCTE B TAKMX KOMMYHHKAIWsX) Oy/IeT Beinte, yeM B cepiepe ¢ BR100.
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ILimrocom BR100 siBnsiercs npumenenune 0AM Spec v1.1 [92] — 6bicTpo
PaCIPOCTPAHSIIOIIEroCsT U (PAKTUIECKHU IIPETEH IYIOIIEr0 HA CTAHIAPTH3AIINIO
dopm-dakropa 0AM (OCP Accelerator Module) [105] (cooTBeTcTByIOmITHiA
Mozyab ¢ BR100 umenyercss Wallil00 [92]); npu srom BR100 pacmonaraercs
na wiare UBB [92], koTopas Toxke Moxer crarh crangaproM Oyiymiero [105].
st cpaBuenust, B A100 ¢ BbicokocKopocTHBIM Mezkcoeaunernem GPU NVLink3
ucnoJib3yercst cobcrBennsbiii popm-pakrop Nvidia SXM, mpu 5TOM MaKCHMAJIBHOE
qucsio GPU B cepsepe (nanpumep, B 3aamenutoM i MM Nvidia DGX) rakske
paszo 8 [106].

Koneuno, BR100 obecrieunBaet 1mebiit psiji APYTrux BO3MOXKHOCTEH, 371eCh
He 00CyKIaeMbIX — B TOM 4uciie 4 6jioka creruaababix dyuknuit (Special
Function Units— SFU, anasioru panee uzsectubix B GPU Nvidia, ucmosib3ye-
MBIE B TOM YHCJIE JJIs PACYETa JIEMEHTAPHBIX (DyHKIWI); BO3MOXKHOCTHI
paboret ¢ NUMA u UMA; nojuepxkky 10 8 Bupryanbubix GPU (Secure Virtual
Instance, SVI— anasor Nvidia MIG, Multi-Instance GPU), uro mossossier
acdbexTnBHO padorars ¢ GPU OHOBPEMEHHO HECKOJIHKUM ITPUJIOKEHUSAM, HE
IIOJIIEP2KUBAOIIMM XOPOIIIee MacInTabupoBaHue 1o nosHoro GPU [35,99].
Kiaccuueckue meitnepabie 610ku 115t 00paborku m3obparkenuit B8 BR100
BOOOIIE OTCYTCTBYIOT, ITO CBS3aHO C OJHO3HATHON OopueHTaImeit aroro GPU
Ha VI (Bumeokomek nojiep:kusaerca [99], Ho 3ro B 0630pe He 006CyKIACTCH).

Eme oganm BaxkKHEHIINM COBpeMEHHBIM napamMeTpoM GPU sBisiercst TDP —
o gaaabiM tabsuier 3, BR100 my:xwHo Gosbine suepronorpebienus, dem A100.
Ecau mocunrarh 3HEproaddbeKTUBHOCTD (MPOU3BOIUTENHLHOCTD Ha BarT), To,
HAIIPUMeED T akTyasibHOro st U1 dbopmara BF16 8 BR100 ona Brire,
qem y A100 ¢ SXM4 nsm PCle. Coznannsrit cepsep Haixuan 0AM [92, 99|
cogepxkut 8 BR100 u umeer mukoByio npousBoguTesibHOCTD (st BF16)
okos10 8 PFLOPS npu makcumanbuoiit TDP 7 KBr [92] (em. pucynok 2) [35];
coBMecTHO ¢ Inspur, uzsectabiM npousBogureiem multi-GPU cepeepos mist WY,
[JIAHUPYIOTCS M KJIAcTepHble pernenus [92].

B BR104 B gBa pa3a MeHbIlle HE TOJIBKO IIPOU3BOJUTEILHOCTh U €MKOCTh
naMstTu (cM. Tabsmiy 3), HO U yucso nopros Blink pasao 3— coorBercrBeHHO
B OJIHOM cepBepe MOXKHO ycTaHoBuTh Menbiie GPU. Ilpo anonc cepsepa Wallen
Technology Wallace 104 ¢ BR104 65110 coobreno B psizie CMU. 3aech Baxken
ere dhopm-daxrop— s BR104 ucrnosb3yercst nosmHopa3MepHast JIByXCI0TOBas
wiara [100]. 9ro moxuo cpaBHuTb ¢ A100-PCle—na ux ocroe Nvidia menaer
st ceppepo HGX-momynu ¢ PCle- dpopMm-dakTopoM, comepKaliiue B TOM
qucste u 10 aBa GPU, cBsizanHble depe3 Moct NVLink Bridge [93].

Yro kacaercst apxurekTypbl BR100 (Bi Liren) B o6miem cMmbicie, a He
MHUKPOAPXUTEKTYPhI, TO 371eCh CJIEJYET OTMETUTH GOJIBINON HAGOP MOMIEepPKIBa-
eMbIx GOPMATOB JAHHBIX (B TabuuIe 3 TPOU3BOIUTEILHOCTh IPUBEIEHA TOJIBKO
I HeKoropeix u3 Hux): INT8, INT16, INT32, FP16, BF16, FP32, TF32+.
IIpo mux, B mepByIO OvUepe b PO OPUTHHAIBHYIO pa3dpaboTky Biren Technology



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 159

R e

OAM Server Interconnect Topology

PucyHok 2. Tonosorusa mexcoenuuenus B cepsepe ¢ BR100
(pucyHok u3 [35])

TF32-+, undopmanus gocryina Ha paje cafitos (cM., Hanpumep, [107]). TF32+
MIPEJICTABJISIETCS KAK TOMBITKA YCOBEPIIIEHCTBOBAHUST M3BECTHOIO hopMaTa
TF32 ns rensopubix sep or Nvidia [94] (em. Tabuuniyy 3), ¢ MOMOIIBIO
peamm3amnyu koroporo paszpaborankun BR100 xoTesun yBeanauTh TOYHOCTH U
[IPON3BOUTETHHOCTE [51]).

st paborst ¢ BR100 611 pazpaboran HAOOP CPEICTB IPOrPaMMHOTO 00ec-
neuennsi BIRENSUPA (BIREN Scalable Unified Parallel Architecture) [92]—
npaiisepsl, kommmisTop BRCC ¢ mogmepxkoit pacuupernoro C++-, 6ubsmore-
KU [IPOrPpaMM U JIPYTHE CPEJICTBA, OPHEHTHUPOBAHHBIE B IIEPBYIO OY€PE/IH
Ha riry6okoe obydenne [35,108]. BIRENSUPA umeer noxoxkue Ha NVidia
CUDA mapaJurmy mporpaMMUPOBAHUsT U CTUJIb SI3bIKA, U TAKXKE UCIOJIB3YEeT
yHuKaabHble i BR100 annapatabie Bosmoxkuoctr [92]. Ho nyGaukarmii,
JIEMOHCTPUDPYIOIINX MCIOIB30BAHIE ITUX ITPOIPAMMHBIX CPEJICTB U PEATILHO
JIOCTUTAEMYIO TTPOM3BO/INTEIBHOCTD, HA MOMEHT HAIMCAHUs 0030pa He OBLIO.

Yro Kacaercs npousBoguTesbHOCTH 7151 UW, To mytst BR104 nmerorcs
JIAHHBIE JUJISI JIBYX TECTOB M3 M3BECTHOrO HAOOPa TECTOB IPOU3BOAUTEILHOCTH
CTaJIIM BBIBOJOB MammHHOro obyuenns MLPerf inference datacenter™ sepcum
2.1 [109,110] muist UOA. Pesynbrarer TecroB MLPerf inference datacenter
ITOKA3BbIBAIOT, KAK OBICTPO 00yUeHHas HEIPOHHAST CETh MOXKET BBIIOJIHATE
3aJ1a9¥ BBIBOJIA HA HOBBIX MCXOJIHBIX JIAHHBIX.

Tlepseriit Tect st Kaaccudpukaruy nzobpaxkenuii u3 cocrasa MLPerf
Inference datacenter 6asupyercst Ha ResNet (residual neural network) ¢ uc-
IIOJIb30BAHUEM 3HAMEHUTONU TEXHOJIOI'MU MCKYCCTBEHHOI HEeHpOHHON ceru;
ResNet MHOTOKpPATHO PACIIUPSIIACH U MOJEPHU3UPOBAJIACH, U UCIOIH30BAJIACD,
HaIpuMep, u it 06paborku n3obpaxkennit s quarsocruku COVID-19 (e,
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manpumep, [111]). B apyrom Tecre jijist paboThl ¢ HATYPAJIbHBIM f3bIKOM, BERT
(Bidirectional Encoder Representations from Transformers) ucnosb3yercsa
MOJIEJIb MAIIIUHHOI'O O0yYeHUsI Ha OCHOBE IIpeobpa30BaTeis JJisl IpeBapu-
TEJILHOTO O0yUIeHUs TIpu 00pabOTKe eCTECTBEHHOTO SI3bIKa C MPUMEHEHUEM
JIBYHAIIPABJIEHHOIO KOJupoBImKa [112]. DTor MeToy, KpaiiHe MUpPOKO UC-
oJIb3yeM ¥ HanboJjiee 3HAMEHUT, BEPOSITHO, OJiarogapsi ero IpuMeHEHUTO
Google.

Pesynbrarhl 5TUX 3HAMEHUTBHIX TECTOB, IIpeJcTaBieHHble B [109] s
cepsepoB, nmeomux 4 wm 8 GPU BR104, a Takke JIJIsT CepBEPOB C Y€THIPHMSI
nnu 8 GPU A100, mpusesieHnbl B Tadbaure 4, B KOTOPoil oTobpaHbl HAnboJIee
BBICOKHE U3 JOCTUTHYTHIX ITOKA3ATENN IIPOU3BOIUTETHHOCTH.

Tapanua 4. Jlanasle TecToB npoudsomureabuoctu MLperf 2.1
inference datacenter (mexabpn 2022) na cepsepax ¢ GPU

Knaccudukanus O6paborka
M3OBpaNermi €CTEeCTBEHHOTO
Uncro (A—99%) (AZ59.9%)
Tun GPU IIpoussonurens u 270
GPU B cep- MOZEJIb CEpBepa server offline server offline
Bepe (3anpo- | (o6pas- | (3ampo- | (o6pas-
co/c) | mos/c) | coe/c) | mom/c)
BR104, 4 Inspur NF5468M66! 150027 | 212391 8993 11106
PCle 8 Inspur NF5468M66-P2 | 200052 | 424660 13952 22134
1;(1}?0’ 4 Lenovo SR670v2% | 150027 | 174180 |  Her gammsix
iy, 4 | Dell PowerEdge XE8545%| 128029 | 131364 | 5207 | 5476
A100,
PCle, 8 ASUS ESC8000A-E11° | 270066 | 283838 11496 13129
80GB
AT100, 6 P
Sxu Inspur N5688M6 313069 | 347202 Her nanabix
oy 8 Inspur N5488A57 | 290066 | 346954 | 13594 | 14977
H100,
SXM, 1 Nvidia Preview® 58995 81292 6195 7921
80GB

1 ¢ Intel Xeon Gold 6354 u sulnfer;

2 ¢ Intel Ice Lake-SP 8368 u sulnfer;

3 ¢ Xeon Platinum 8360Y mpu 2,40 T u ¢ CUDA 11.6;

4 ¢ EPYC 7763 u ¢ MaxQ, TensorRT 8.4.2 u CUDA 11.6;

5 ¢ 64-snepuniv EPYC 7763, TensorRT 8.4.0 u CUDA 11.6;
6 ¢ Xeon Platinum 8358, TensorRT 8.4.2 u CUDA 11.7;

7 ¢ EPYC 7713, TensorRT 8.4.2 u CUDA 11.7;

8 ¢ 8-simepubim EPYC 7252, ¢ TensorRT 8.5.0 u CUDA 11.8.

Ykazanusie jganube s GPU BR104 u A100 oTHOCSTCS K KJIACCY JTOCTYTI-
HBIX (T. €. COOTBETCTBYIOIINE CEPBEPLI MOXKHO Iprobpectn). B sTux Tecrax
TpebyeMast ToIHOCTH BBIBOJA (A) cocrasisier 99% wmmn 99.9% orHOCHTEIBHO
FP32. Ho Hano umMers B BUAY, YTO JOCTUraeMasl IIPOU3BOJUTEILHOCTD MOXKET
CYIIECTBEHHO 3aBHUCETh OT UCIIOJIL3YEMBIX CHCTEM Pa3pabOTKU IIPOrPaMMHOIO
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obecrieuenusi. st A100, kpome 6a30BbIX cpescTB CUDA, Jijist JIOCTUXKEHUST
BBICOKOI ITPOU3BOIUTEILHOCTH IIPUMEHSIJINCH CPEJCTBA CIIENAIBHOIO IIPO-
rpammuoro obecnedenns Nvidia TensorRT [113]; zna BR104 ucnonbzoaucs
cpeactsa sulnfer.

Hamupie o npoussoguteasaoctn MLperf inference datacenter 2.1 ¢ ucrosn-
soBanueM 4 u 8 GPU BR104 B cepsepax Inspur nokasam npeumMyIiecTBo
BR104 to npousBouTe/ibHOCTA B TeCTe 0OPabOTKU €CTECTBEHHOIO sI3BIKa,
(NLP) ¢ mogesibio BERT B moJiTopa-iiBa pas3a IIpU UCIIOJIb30BAHUU B CepBepe
onunakosoro kosmuecTsa BR104 nau A100. B «aBroHOMHOM» ClieHApUHU TECTa,
kJaccudukamm n3obparkenuii ¢ Mmojesbio ResNet Ha cepBepax ¢ deTbpbMs U
8 GPU cepsepsl ¢ BR104 Takxke 6picrpee cepsepos ¢ A100 (cm. Tabuuiy 4), a
B «CEPBEPHOM» CIIEHAPUU ITOT'O TeCTa B cepBepax ¢ derbipbMs GPU A100 He
omrepexkaior cepsepobl ¢ BR104, HO cymmecTBeHHO OBICTPEE UX IIPU UCIOIH30BAHUN
8 GPU. D10 MoxkeT ObITh cBsi3aHO U ¢ upeumyinectBoM NVLink3 orHocuTebHO
BLink mpu Takom kosmmaectse GPU.

B sTux Tecrax MOxKeT TPeOOBATHCsI MEHbIIIe BBIUUCIUTE/bHBIX PECYPCOB,
gem B MLPerf Training, wacro Bemmosmsemom ua GPU A100: MLPerf Training
n3MepsieT BpeMsl, HeOOXOAMMOe JIJIst 00y deHHs MOJIesIeil MAIIMHHOTO 00y YeHIs
JIO 11eJIEBOT'O YPOBHSI TOYHOCTH, TaM OCHOBHBIE 33/]a4l — COOCTBEHHO OOy4eHUe.

[Ipuseaennnie Boime garnabe mpo BR100 sBHO CBUAETEMLCTBYIOT O CO3IAHUN
ero st Koukypenrmu ¢ GPU Nvidia, wemMy T0/I2KHBI CITOCOOCTBOBATDH HE
TOJILKO DOJiee BBICOKHME ITOKA3aTe/ I MUKOBOI mTponsBoauTesbaocT BR100
¥ BBICOKAsl JOCTUTAEMAas IPOU3BOIUTEIHHOCTD HA TecTax i M. Yerkas
OpUeHTalNsl Ha CBEPXOBICTPO pa3BUBaeMble H KOMMEPYECKH aKTyaJIbHBIE
3agauu UM (4T0 Jasio BO3BMOXKHOCTD GoJiee y3KOi 1 9KOHOMUIHON OpUeHTAI[MN
annaparypsl BR100), u mojepKKa IpeTeHIyoNuX Ha CTaHIapTU3AIIIO
AIMapaTHBIX CPEJICTB JMOJIKHBI CIIOCOOCTBOBATH MOHMAKeHNI0 cTonMoctu BR100,
YTO COYETACTCH C UCXOJHO CKOpee TUINUYHON JJId KUTAUCKUX IPOU3BOJUTENENH
6oJtee HU3KOW CTOMMOCTBIO OTHOCHUTEIBHO MIPOAYKIINY 3/ IHBIX CTPAH.

Opnako curyamus ¢ BR100 pesko momensiiach m3-3a BBeJIeHHBIX B 2022
rogy CIIA cankmuii, Besrenacrsue gero TSMC npekpaTuiia ©3roToBJIeHAE U
mocraBku Mukpocxem BR100. DTo mmpoko obcyzxkgantocsk B pasabix CMU, 31ech
CJIeJIyeT TOJBKO OTMETUTDh, YTO TOT 3alPET HAIPABJIEH IPOTUB BO3MOXKHOMN
kouKypenruu ¢ Nvidia u #He crmoco6CTByeT yOBICTPEHUIO PA3BUTHS MHPOBOTO
pbiHKa GPU.

3. Intel Data Center GPU Max (Ponte Vecchio)

Beibop B kadecrse caemytomntero oobekra anaau3a Intel Ponte Vecchio
(/:Laﬂee HCIIOJIb3yeTCd COKPAIlleHUe PVC) KaK HOBOI'O IokoJjieHus GPU cBa3an
C TeM, YTO OHU B BUJIe HECKOJIbKUX pa3HbIx Mojeseit Data Center GPU Max
HA MOMEHT HAITMCAHUsI 0030pa TOJBLKO ITOSIBUJINCH HA PBIHKE, U HAYIHbIE
nyoukanuu 06 UX MPOU3BOIUTEIHLHOCTU TOYTH OTCYTCTBYIOT. MHMopMmarius
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Intel o mocTymHBIX MOgensax PVC MeHsIIach BO BpeMsl HAIMCAHUS 0030pa, a
apxurekTypa PVC (I/I HCIIOJIb3yeMble IIPOrpaMMHBIE CPEICTBa SDK) JIOCTATOYHO
CUJIBHO OTJIMYAIOTCsI OT OOJiee «TPAIUIMOHHBIX> apxuTekTyp GPU or Nvidia u
AMD.

ITosiBnerne PVC oxkujia/ioch He OJUH 1oj, B ceHTs0pe 2022 rona Intel
00bsiBIJIA O Hadajie mocTaBoK PVC Ha cymepkoMIibiorep Aurora B AproHackoit
uaronajbHol yaboparopun CIITA. Ho B monsckom crimcke Top500 2023 roxa
3TOT CYIIEPKOMITBIOTEP OTCYTCTBOBAJI.

3.1. AnnapartHblie cpeactea PVC

Intel paspaborana apxurexrypy X°¢ («eXascale for everyones) mis ee
[PUMEHEHNsT B CAMBIX PA3HBIX KJIaccax rpaduuecKux MPOIECCOpoB (He TOIBKO
GPGPU), /u1st pabOTHI ¥ € IEPCOHAIBHBIME KOMIIBIOTEPAMH, U ¢ cepBepamu. B X°
obmast apxurekTypa KoMas (ISA), a MukpoapxuTekTypbl Intel ncnosssyer 4
Pa3HBIX — JIJIsT KazKJI0r0 KJIacca rpadudecKux IPOIecCOPOB MUKPOAPXUTEKTYPA
cBosi [69]; B PVC mcnosb3yercst Mukpoapxurekrypa X¢ HPC-GPU [114,115].
st UOI Intel mpemmaraer mpomykTer Data Center GPU, BKrogarorue JiBe
cepun— Data Center GPU Max [116],— 910 odunuaisHoe Ha3BaHKe, 3aMEHUBIIEE
ucnoJib3oBaHue Kojosoro cioBa Ponte Vecchio (B 0630pe ucnosb3yercs
cokparnerne PVC), u cepmio Data Center GPU Flex [117] ¢ MukpoapxuTexTypoit
X¢-HPG.

B 0030pe paccmaTpuBaercs TOIBKO CEMEHCTBO OPHEHTUPOBAHHBIX Ha HPC
GPU ¢ mukpoapxurekTypoii X¢ HPC-GPU — Data Center GPU Max (PVC
OPUEHTHUPOBAH Ha PabOTy U B 9K3aMAaCIHITAOHBIX CYyIEPKOMIIBIOTEPAX; MO
PVC maJiee mogpa3yMeBaeTcs CcTapiias Mojesb 3Toit cepun, Max 1550 — mjist
dopmupoBanus cynepkomubiorepa Aurora Intel dpakrutaeckn mocrasisics
Takoii GPU, u JaHHBbIE IIPAKTUYIECKA O HEM ObLIU IIPEJICTABJIEHBI B Psijie
nybsmKanuii, muTupyeMbIx 37ech B 0630pe). Intel ykaspiBaer Ha 3 pasindHbIX
MOJIEJT B 9TOM CeMeNCTBe, JIAHHBIE O PEKOMEHIYEMOM CTOMMOCTH KOTOPBIX
Ha caiite ark.intel.com ma MomeHT HamucaHusi 0030pa OXKUIAEMO He OBLII
[IPEJICTABJIEHBI — B COOTBETCTBUU C COOTBETCTBYIONIMME OTCYTCTBUSIMU aHAJIO-
TMYHBIX PEKOMEHJAIMNA IeH y APYTrux 1pousdsojuTesneil GPU HOBOro IOKOJICHU.
B Tabaurme 5 npuBemgennbl 6a30BbIe TapaMeTphbl PAa3INIHBIX Mojeseit PVC.
B s70i1 Tabuiie npuBeeHbl TOJNBKO ToKa3aTen GPU, akTyabHbIE B IIEPBYIO
oyepen JJisl Kjaccuieckux 3ajad HPC. A, Hanpumep, uuciio 6,i0koB B PVC
JuIst 00pabOTKHU TPACCUPOBKH JIydeil, KOTOPbIe MOI'YT HCIIOJIB30BATHC U JIJIsT
3aja4 U1 (cMm., Hanpumep, [118]), 31ech He npusejieHs! (B PVC UX CTOJIBKO XKe,
CKOJIbKO X°-siziep— 128) — anmaparHble BO3MOXKHOCTH PVC jijis TpacCupoBKU
Jydeil B 0630pe 0 CyTH HEe PACCMATPUBAIOTCS.

s narorosaenusa PVC ¢ caMoro HavaJa IJIAHTPOBAJIACH IPUMEHATH
TPEXMEPHYIO YKIAJIKY ¢ baszupoBanueM Ha mmTkax (tiles) [114,120]. K sromy
Intel MorI0 TOATOKHYTH U OIIpee/IEeHHOE OTCTABAHNE B COOCTBEHHON TIOJTY-
[IPOBOIHUKOBOI TexHosoruu (nHoraa dbopMysupyloieecs Kak ciayxu [121]).
Ilo mamubIM [TOK7Ta/1a, TPOBENEHHOTO B PAMKAX 3HAMEHHTOrO 9K3aMACIITaOHOrO
BBIYAC/IUTEILHOTO poekTa ECP [67], PVC mianuposascs K nocraskaM B 2021
rofy.
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TasnunA 5. Ba3zoseie mokasarenu mogeseir Data center GPU Max
cepun (PVC)

Mo, | P | Hieao | dueao| RO | RO | e | Cseobmoors | TP
GPU X XX XVE Ta, I'T'1g I'T'g i, I'B | mamaru, I'B/c Barr
1100 56 448 448 1,0 1,55 48 1228,8 300
1350 112 896 896 0,75 1,55 96 2457,6 450
1450 128 1024 1024 HET JJaHHBIX 128 HET JaHHBIX 600
1550 128 1024 1024 0,9 [ 1,6 128 3276,8 600

XMX — marpuuHnble ycrpoiicTBa, XVE — BeKTOpHBIE ycTpoicTBa. JlaHHbIe TaO/IMIIBI B3ATHI U3 PA3HBIX
o BpeMenu Bepcuii [116] u [119]. Mozgean 1350 n 1450 nmomedeHbl KPacHBIM IIBETOM, TaK KaK OHU

He IIpeJIcTaBJ/IeHbl Ha caliTe ark.intel.com Ha MoMeHT Hamucanusi 0630pa.

B PVC ucnosesyercst tpexmeptast Texaosorus Co-EMIB (Co-Embedded
Multi-Die Interconnect Bridge) ¢ mpuMeHeHreM YHIIIETOB, CIOCOOCTBYOMAS BbI-
COKOM TTPOM3BOIUTENBHOCTH, & ¢ PVC MOXKHO TOBOPUTH O paboTe ¢ apXUTEKTYPOit
PIM (processing-in-memory), HaIPaBJIEHHON Ha pelleHue IpobIeMbl 0OMEHOB
GobIIME 00 beMaMy JIaHHBIX ¢ maMaATbio [122]. IlocTpoeHne u3 HECKOTBKHX
kpucrasios (die) TpexmepHbIx nporeccopos B [123,124] ykasbiBaercsa Kak
IIPOI'PECCUBHBIH CIIOCO0 Jjist 0OeCIedeH s IPOIOIKEHIST JIeHCTBHUS 3aKOHA
Mypa, a TpexmMepHyIO HaMATb CTAJIH JIeJIATh YK€ JIOCTATOYHO JABHO, TO
HMeJIO MECTO He TOJIBKO jajst HBM (cM., HampuMep, [125]).

3mech HeJb3st HE YKA3aTh Ha AJBTEPHATUBHBIN BADUAHT WHTEIDAIIUN
B IeJI0€ Pa3HbIX KpUCTa/LIoB (mmTok y Intel B PVC) ¢ npuMeHeHreM IuILIeTOB,
ucnosib3yembrit AMD, B Tom unciie npu nocrpoeruu GPU MI200. CoBpemenHbrit
00630p uniieTos cM. B [126], a coBpemennble GPU AMD pacemarpuparorcst
umxke. HeobxoimMo oTMeTHTh TakKe pa3pabaTbiBaeMblil KOHCOPITLYMOM DsiJia
dupm, B Tom yuciie Intel, AMD, ARM, Google u TSMC, crangapt st
MEYKCOEIMHEHUST MEXK Iy KPUCTAJIJIAMU, BKJIIOYAIONINI He TOJIBKO (bU3nIecKuii
ypoBenb — ceituac umerorcs cueruduraiuu UCle [127].

Mogens PVC comepxxkut 100 MUIIMapI0B TPAH3UCTOPOB, PACIIOJIOKEHHBIX
B 47 GYHKIMOHAIBHBIX IUTKAX (TEPMOILUIUTKY 3/1€Ch HE YIUTHIBAIOTCS ),
o6beuHeHHBIX B 5 y3710B [116,128-130]. 113 31010 60BIIOro Yncsia mInToK
JIBE [UIUTKHU SIBJIAIOTCS 6a30BbIMHU, 16— BBIYUCIUTEIBHBIME [UIATKAME (compute
tile— cm. pucynok 3 [131]), 8 — miurkamu mamatu HBM2E. Buyrpu PVC
YCTPOEH KakK 2 alapaTHbiX creka [129]— Ha Kaxkoii u3 aByx 6a30BbIX
IUIUTOK YKJIAJIBIBAECTCS 0 8 BBIYUCIUTENbHBIX IJINTOK U 110 4 IJTUTKY TaMSITH
(JIormYecKue B3AaMMOCBS3U ITUX KOMIIOHEHTOB PVC peCTaB/IeHbl Ha PUCYHKE 3).
Bazosbie mnTku comepxkar B Tom unciae uHrepdeiicsl PCle n kanasbl
k HBM2E.

OTH IINTKYU, KAK U IJINTKA MEXKCOEIMHEHUsT MeXK Ty oThesbHbiMu GPU PVC,
X¢ Link [129,130] 6yayT BKparie paccMOTpeHbl HuxKe. B PVC mianupo-
BaJuCh erle mMTKK Kama Rambo (Random Access Memory, Bandwidth
Optimized) [129], Ho st X©-apxurekTyphl B [114] OHN yKa3aHbI Kak HeoOs-
3aTeIbHBbIe, U B TEXHUIECKOM OIUCAHUN MUKPOApXuTeKTypbl [130] onn
OTCYTCTBYIOT.
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Multi-Tile Architecture

HBM PHY HBM PHY PCIGens HEM PHY HBMPHY | XeLink PHY

Compute Compute Compute Compute = Compute Compute Compute  Compute
Tile Tile Tile Tie & Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO RAMBO RAMBO  RAMBO

Compute Compute  Compute. Compute 2 Compute Compute o Compute
Tile Tile Tile Tile

Tie. Tile Tile

XSUOkPHY | HBMPHY HeM PHY HBM PHY HBM PHY

PucyHok 3. Apxurekrypa PVC Ha Gase mmrok (pucyHok u3 [129])

Peasnmzanust nmponsumyToit MHOTOKpuCTaIbHON 3D-TexHoI0TNE Io/IpObHEe
paccMorpena B [128]. PaccMorpeHne TEXHOIOIHMIA HE OTHOCHTCS K TEMaTHKe
JIAaHHOTO 0030pa, CJe/lyeT OTMETUTh TOJBKO UCHOab30Banue B PVC 24-cioiinoit
IIO/IJTOYKKH, 00EeCIIeInBAIONIeil paboTy ¢ TEXHOJIOTHEH TPEXMEPHOI'O CTEKUPO-
Banus Foveros [132] u ¢ 2.5D-rexnosorueit EMIB (Embedded Multi-die
Interconnect Bridge) [133|, KoTopbIe IPU COBMECTHOM MCTOJIB30BAHAY MMe-
uyworest Co-EMIB [122]. EMIB ucnosnb3yercst st obecriedenust paboTsi
JIOKaJIbHBIX BHYTPEHHUX MerkcoenHenuit; Foveros ¢ Texnomorueit Intel 7
(6pmBmiast Enhanced 10nm SuperFin) ucnosnb3yercss B 6a30BBIX IINTKAX.
[liuTky mamMaATH c/esalbl 0 TexHoyorun Intel 7, BBIMUCIUTEBHBIE TIUTKH —
mo TSMC N5, a mmrkn namarn HBM2E—mo TSMC N7. Usrorasmusaercst PVC
st bopm-bakropa 0AM 1.1 [134]), naromero BBICOKYIO TIOTHOCTH YIAKOBKH
obopyioBaHUs U, KaK OBLIIO OTMEYEHO BBIIIE B pas3jielie 2, MPEeTeH Iy IONero
Ha IPUMeHeHNe B KadecTBe cTaHjapTa. [lmTKy jajtee paccMaTpuBaioTcs He
B TEXHOJIOTMIECKOM ILTAHE, & MPOCTO KaK HEKHe OJIOKH MUKPOAPXUTEKTYPhI—
COOTBETCTBEHHO HEKOTOPBIE THUIIBI IIJIUTOK 3/I€Ch BOOOIIE HE YIOMUHAIOTCS.

31ech HEOOXOMMO yKa3aTh, 9To Intel ncronb3yer u Jpyrue TepMUHBI
(He TOJIBKO IUINTKY) B OTHOIIEHUH MePapXuil MUKPOAPXUTEKTYD Kiacca X°
[69,130]. ITognomtuku (subslice) ncnomp3ytorcst He ayist PVC, 910 aHAJIOD
X¢-smep B PVC. B PVC (Data Center GPU Max) Huzke ypoBHst Bcero GPU mmeeTcst
2 yposHst nepapxuu —gomtuk (X¢ HPC Slice) u crek (X HPC stack). JTomruk
umeer 16 X¢-sep u 16 ycrpoiicts Tpaccuposku Jyiygeit. Crek comepzkut 4
JoMTHKa (coorBercrBeHHO ¢ 64 X-gnpamu u 64 ycrpoiicTBaMu JJIsi YCKOPEHUs
TpaccupoBKu Jyueil) [69,115]. Kpome Toro, crek nmeer kamr L2, KoHTposzep
namsit, Mexxcoeauaenne PCle-vh u 8 kananos X¢ Link (cm. masee). PVC
MAacCIITabupyeTcst 10 IByX cTekoB— o 128 X°-sanep [116,130]. X©—sapa
siBstoTcs aHajoramMu SM B GPU Nvidia, u comocraBjieHre UX KOJUIECTBA IaCTO
UCIIOJIb3YETCs P CPABHEHMH Da3anvHbiX GPU (& TakKe U ¢ KOJIMYECTBOM sijIep

B 1I).
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Obuiee onucanne MUKpoapxuTeKTypbl PVC umeerca B [130]. Kaxnas
BBIUNCJIATE/IbHAS IJINTKA COMEP:KUT 8 X°-sijiep, KOTOPhIX Ha Bech PVC
coorBeTcTBeHHO 128 mTyK. Kaxkaoe X®-g1po nmeer 110 8 BEKTOPHBIX YCTPOHCTB
XVE (eXtended Vector Engine) ¢ qyunoii Bekropos 512 6ur u 110 8 MaTprYHBIX
ycrpoticts XMX (X¢ Matrix eXtension), paGoTaionmx ¢ onepasiaMu JJIHHON
4096 6ur [69,129,130|, u umeer unrepdeiic X¢ Link, 6azupyouuiics
Ha KOTepeHTHOM Mexkcoenuuennn CXL [135] (Takxke paspaboTaHHOM paHee
Intel).

CoorsercrBerno B PVC Bcero 1024 BekTopHBIX ycTpoiicTBa XVE n 1024
MaTpUYHBIX ycTpoiicTBa XMX, KOTOpBIE ABJIAIOTCA aHAJOIOM TEH30DHBIX d1ep
Nvidia (3T0 6bL10 yKa3aHo B TabsuIe 1 BO BBEJEHUN ), KOTOPBIE UMEIOTCS
ue Tosibko B GPU V100 u A100, HO 1 B Apyrux rpaduuecKux MmpoIeccopax
Nvidia [136].

Yerpoitcra XVE paboraior ¢ 512-OUTHBIME OIE€PAHIAMUA U UCIIOIB3YIOT
oreparyy yMHOXKEHe-U-CJIoKeHne. 1o jaet Ha X-saapo 256 FLOPS 3a Takt
st FP64 (u FP32 roxe) [129).

B Tabsurie 6 nmpuBeaeHo KOJIMIECTBO BLIMOJTHIEMBIX OIE€paIinii 38 TaKT
Tasmyua 6. KoangecTBo onmeparnuit 3a TakT, BBIIOJIHAEMBIX

B ofHOM X°-sIJIpe W B MepapXUH BBLITOJHSIONAX PACIeTHl BJOKOB
JUIsT pa3HbIX (POPMATOB JAHHBIX [69]

Ucnonusionme 670k | PopMaT gaHHBIX Yuco onmepanmii 3a TaKT
e
8 x XVE FP16 512
TF32 2048
FP16 4006
8 x XMX BF16 4006
INTS 8102

Jlomrux (slice) — ucrosHsronux 6I0KOB U oleparyii 3a TakT B 16 pa3 Gosblie
Crek — MCIIOJIHAIONMX GJIOKOB U ollepaliii 3a TakT erle B 4 pa3a GoJiblie
JlByxcTekoBblit PVC (MO,ZIE}JIB 1550)7chonﬂmoumx OJIOKOB M Ollepaliii 3a TakT elle B 2
pa3a GouibIie

XMX He nojiiepKuBaeT ucIoJib3oBanune dpopmara FP64.

¢ pasHbME doOpMATAMH JIAHHBIX, JOCTYIHBIMHA Jid XVE u XMX [129,130]. Dro
MTO3BOJISIET PACCUUTHIBATH MMUKOBBIE IPOU3BOAUTEILHOCTH P ¢ ncmonb3oBanmeM
TaKTOBOI 1acTOoThI V. Tak, anas dopmaros FP64 niu FP32 mpu pabore ¢
XVE P = 128 x 256 x v, uro gaer 52,4 TFLOPS (B Tabyuue 7 npuBeaeHbl
OKDYIVIEHHBIE [0 11eJI0r0 uncsia u3 o63opa Intel [130]). Yuursisas npuseieHtbie
B TabJsuiie 5 BO3MOXKHbBIE BEJIUYUHBI I/, CTAHOBUTCS $ICHO, YTO 3TO YUCJIO
pacCYUTaHO B IPEINOJOKEHNN PabOTHI Ha MaKCHMaJIbHOM, a He Ha 6a30BOit
qacToTe.

W3 nanubix Tabuuipl 7 MOYKHO MPUHATH K BBIBOLY, YTO IPU HCIOJIH30BAHUA
BEKTODHBIX (6€3 IpUMEHEHUsI MaTPUYHBIX OJIOKOB) Ollepaluil IUKoBasi
npousBoauTesbHOCTD Ayt FP64, Tpamunmonnas ayis HPC, MOHOTOHHO pacTer
10 Mepe JIaThl HadaJla BBIILYyCKa HOBBIX Mojesieil GPU.
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TabnunA 7. ConocraBieHne BEKTOPHBIX U MaTpuaHbIX (XMX)
MUKOBBIX npousBoguTenbHocTeil Intel PVC u GPU npyrux dpupm s
pa3HbIX HOPMATOB JAHHBIX

IIpoussomnrenmuocty A | pye | A100 | H100-SXM | H100-PCle | MI250X
pas3HbIX POPMATOB

FP64 (TFLOPS)! 52 9,7 33,5 25,6 47,9
FP32 (TFLOPS)? 52 | 19,5 66,9 51,2 47,9
XMX TF32 (TFLOPS) 419 | 156 4947 378 Her
XMX BF16 (TFLOPS) 832 | 312 989,4 756 383
XMX FP16 (TFLOPS) 832 | 312 989,4 756 383
XMX INT8 (TOPS) 1664 | 624 1978,9 1513 383

1 JTannble 6€3 HCIONB30BAHMS MATPHIHBIX OIEPALIIIA (XMX B PVC He nopjepKuBaer
FP64). C npumenenneM T€H30PHBIX s/€p IUKOBas IpousBoauTeasrnocts H100,
A100 u MI250X B nBa pa3sa Bbimte. Janusie Nvidia H100 B3sTsr u3 78], s
A100—u3 [73|; nanusle no PVC—u3 [130,138].

B samauax UM nopmasen popmar FP32, u moxuo ucnonszosars FP16/BF16
B TOM umcie Ha XMX (eMm. Teker Bbime B o6cyxkaernn dopmynst (1) ). Oneparus
U3BJIEUeHNsT KBaIPATHOroO KopHst B (hopmare FP32, cormacuo [69], naer B XVE
9eThIpe Pe3yJsIbTaTa 3a TaKT.

st rpacdmaeckux mporeccopos Intel mabiomaioTest He 0YeHb HUSKHUE
vacrorsl, Hanpumep y Arc Alchemist GeiBator u 6oubine 2 I'T'ry [137]. Panee
B [129] ykasbiBasioch Ha OXKUJ@HUE TIMKOBOI IpoussoauTenbrocTn FP32 He
menee 45 TFLOPS— 310, ckopee ckopee Bcero, 03HadaeT, 4To 0 CPABHEHUIO
¢ IpoIuIorofHuM mporoTuiiom B PVC takToByIio dacrory Intel peanbno ymanzocs
[TOJIHSTh.

Ho mamo numers B Buiy, 9T0 moTpebiseMast Ipyu STOM MOITHOCTH PACTET
MIPOIOPIIMOHAJIBHO YACTOTE, & YBEJUICHUE YACTOTHI JJIs TO/IePKAHNsT pabOTO-
CITOCOOHOCTH MUKPOCXEMBI 9aCTO TPeOyeT ellle U yBeJINIeHUs] HAIPS KEHNUsT,
KBaJIpaTy KOTOPOI'0 IPOIOPIIMOHAJIBHA 3Ta MOIMHOCTL. TDP y paccMarpuBaeMoi
momesim PVC cocrasaster 600 BT, m mpeamosraraeT »KUIKOCTHOE OXJIAYKIE-
Hue [129] (cm. Takxke cpaBHenust Mozeseii Data Center GPU Max B rabumre 5).
B [129] yka3sbiBaercs u Ha APYTyI0 MOAeb PVC ¢ BOBMOXKHBIM BO3JLY IITHBIM
oxaaxkaenneM u TDP 450 Bt —sTo coorBercTByeT Momenu Data Center GPU
Max 1350.

Ouxnako B cepenune 2023 roma Intel 06bsiBuIa 0 IPeKpaIeHNN IIPOU3BOI-
crBa Mozesun Max 1350 B ¢BsA3U ¢ co3manneM MOAMMUIIMPOBAHHOIO BAPUAHTA
Max 1550 ¢ BO3aymIHBIM OXJIAXK/IEHHEM, U O IIAHAX IIPOU3BOIACTBA HOBOMN
Mmozesnn Max 1450 [139].

Tabsmna 8 maer comnocrasiienue PVC (no YMOJIYaHUIO UMEeTCd B BUJLY
€JIMHCTBEHHAs [I0CTaBJisdeMasi B MOMEHT Hanucanusi o63opa Mozensb 1550)
C IPYTUME paccMaTpuBaeMbiMu B 0030pe GPU 1o ApyruM BaKHEHIIIIM, B TOM
qucJie JJIsl IPOU3BOUTEILHOCTH, ITIOKA3aTeIISIM.
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Tabssmmya 8. ComocraBieHne anmapaTHBIX TokasaTreseir PVC
C ApYTUMH COBpeMeHHbIMU GPU

ITokazarenu PVC H100 A100-sXM4-40GB MI250X
Intel 7 (7 um)

Texuonorus + TSMC N5 T?é\/[HCM;’LN TSMC N7 (7 um) ’(I(;SII;;[/IC)I
+ TSMC N7

TIMKOCTS MAMSTH, 128 80 40 128

aiiT

Tun namsaTu HBM2E HBM3 HBM2 HBM2E

Ilupuna bt 8192 5120 5120 8192

maMsATH, OUT

IIponyckuas

criocobHocTb, TB/c 3.3 3,0 1,6 3,2

Dopm-daxrrop 0AM SXM SXM 0AM

TDP, Bt 600 700 400 560

BenesicrBue BBICOKO BHIMMCIUTEIBHON POM3BOJAUTENHLHOCTH COBPEMEHHBIX
GPU peasbHO JTOCTHTaeMast TPOU3BOAUTENBHOCTD IPH paboTe ¢ HUMHU IaCTO
JIMMUTHPYETCST MPOIYCKHOMN CTIOCOGHOCTHIO TTAMSITH, 9TO OBIBAJIO W PaHbIIe (CM.,
HanpuMmep, [140]), u Teneps uacto GeiBaer (cMm., Hanpumep, [141,142]).

O6cyxkienne nepapxuu namatu PVC ciejyer Hadarh ¢ (aiijia perucTpos,
KoTopbiii nmeer emkocth 64 MB (no 512 KB na kaxzoe X¢-a1po) u obecie-
YMBAeT MPOIMyCKHYTo crocobroets 419 TB /¢ [120]. Kom L1 Tpaaunuonto
pasJiedercs Ha K3II KOMaHJI U K3MI JaHHbIX, KOTOPLI nmeer emkocTh 512 KB
Ha a1po [129,143|. B PVC ectsb eme SLM (Shared Local Memory), ¢ cymmapsoit
emkocTbio 8 MB Ha Bech PVC [69]—cMm. pucyHOK 4.

Multi-Tile Architecture

3

0 HBM PHY HBM PHY PCIGen5
L3 Cache
Compute Compute Compute Compute
Tile Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO

(8INZ-00) B1LL 0} B1LL

Compute Compute Compute Compute
Tile Tile Tile Tile

Xe Link PHY HBM PHY HBM PHY

PucvHOK 4. Wepapxust namsitu B PVC (pucyrok u3 [129))

Kazxnast BpraucanTenpias mmrka nveer 4 Moaiir L1 [129], scero 64 MB
Ha PVC, ¢ upomyckuoit ciiocobuocrsio 105 TB /¢ [120]. Ksm L2 emkocTbio
408 MB (mo 204 MB na kaxpiii crek) [143] Ha 6azoBoit wmTke [129] umeer
nporyckayio crocobnocrs 13 TB/c [120]. Hauusie myis apyrux mogedeii Data
Center GPU Max npuBejenbl B Tabsuie 9.
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TasnuuA 9. Uepapxus mamsity u MexkcoeuHeHnst Mmomeseir Data
Center GPU Max cepun

Kam L1, EmkocTb
Mogens | MBma' | R0 S | HBM2E | TPORSOIn | e
GPU GPU}/{;é,upo Xe HPC CTeKIZCB HPC, TB/c Xe Link
1110 28/0,5 108 481 1,2 6
1350 48/0,5 216/108 48 2,5 16
1450 64/0,5 408/204 64 Her nanabix
1550 64/0,5 408/204 64 3,3 [ 16

1 B moztesn 1110 Beero 1 crex. Jlannbie Tabuipt B3aTe u3 [69,116] u [119].Monenu

1350 u 1450 moMeveHbl KPACHBIM I[BETOM, TaK KakK OHU HE IIPEJICTABJIEHBI Ha caiiTe
ark.intel.com Ha MomeHT HanucaHusi 0630pa.

Kpowme Toro, B [129] ykazano Ha nasudue B 6a30B0ii IIMTKE TPAIUIMOHHOIO
qtst 06braHbIX LI Gydepa GeicTpoit nepeaapecarmu TLB (koTopsbrit Toxke
MOXKHO CYMTATh HEKOTOPHIM BUIOM K3mma), u eme SRAM-kama RAMBO — cum.
pucyHok 4. DtoT K31 cocrouT n3 4 6aHKOB eMKOoCThIO 10 3,75 MB Ha 6GazoBoit
IUTUTKE, COTIEPIKAIeil TaksKe KOMMyTaTop uist Kamma [129]. Ho B Texamdeckom
o630pe Intel Data Center GPU Max[130] npo nammune ksma RAMBO ne
YIIOMUHAETCS.

Cobersenno mamsars HBM2E B PVC o6begumser jgo 128 I'B (8 mamrok)
u paboraer no kanaxy mumpusoit 8192 6ur [120]. Kak ykasano B [69],
npomyckHast ciiocobrocts GTI (Graphics Technology Interface, coepunsitorero
GPU ¢ OCTaJIbHO 9aCThiO BBIYHCIUTENBHON CHCTEMBI) y OJHOTO cTeKa PVC
cocrapyser 1024 6aiiT/TakT JIsi YTEHUS WM 3AIUCH, 9TO JJIsI JBYXCTEKOBOTO
PVC ¢ makcumasbHol gacroroit 1,6 T (s mogenun 1550) maer npomycKHyO
cocobuocts 0k0J10 3,3 TH /¢ (em. Tabmumy 5). Tlokazarenmu 310l namsTu st
apyrux mozeseit Data Center GPU Max Takyke MpUBEIEHBI B 9TOI TAOIHUIIE.

Xorst KazKIplit U3 qByX CBsi3aHHBIX epe3 naTepdeiic EMIB (co ckopocTbio
110 230 I'B/c B 060MX HAIIpaBJEHUSIX) CTEKOB UMeeT «CBOfi» Kaur L2 u «cBoro»
namsite HBM2E emkoctsio 64 I'B [130], 128 I'bB HBM2E sBisitorest obrmeit
HaMsTbio Bcero PVC (KOTOPBIil MOXKET OBbITh BUJIEH IIPOrPAMMUCTAM KaK OMH
GPU), u KaxKplii cTek uMmeeT IpsMoit joctyn K namsarn HBM2E npyroro creka.

[Ipex e wem paccMOTpETh MACIITAOUPOBAHNE BBIYUCIATEIHLHBIX PECYPCOB
¢ omorpio umeroruxes B Data Center GPU Max ammapartubix cpeaers X¢ Link,
00eCTIeunBAaONIX KOTEPEHTHOE MeyKCoeInHenne Mexky GPU B cepsepe [130],
HEeOOXOJIMMO yKa3aTh Ha OTJINYHsl pa3HbIX Mopeseil GPU aToii cepuun (CM.
rabsmupt 5, 9). Kpome crapieit mogesun Max 1550, umerorca emie JaHHbIe
o mozessx Max 1450, 1350 u 1100 (kak ormedueno Boiiie, Mojesnb 1350 Intel
IPOU3BOAUTE GoJiee He TTAHUPYET).

Ocob0o naTepecHa bymymas momenb Max 1450, mmeromast To XKe, ITO U
Max 1550 uucno X®-smep. Max 1110 cocrout He U3 AByX, & U3 OIHOTO CTEKA.
Yucny X —sgep B pa3HBIX MOJEIAX IIPOIIOPITUOHAIBHA 00Ias eMKOCTDH
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HBM2E u xsmreit L1 u L2: B Mmomerm Max 1100 cooTBeTCTBYyIOMIE €MKOCTH
pasubl 28 u 108 MB. Ecrectsenno, ¢ ymenbienneM ducia X-sjep B MOJEIAX
yMeHbInaercs u TDP (cM. naHHBIE B Tabuuie 5).

3/1ech MOYKHO IIPOBECTHU AHAJIOTHIO C TpeMsi pa3HbiMu Mogjessimu GPU MI200
or AMD: crapmast mozgens MI250X umeer jBa kpucraiia GCD (Graphics
Compute Die), kak u MI250 (y KOTOpoif TPOCTO MEHBIIIEE THUCIIO SIIIED), a
miagias Momesb MI210 umeer Tosibko ofun GCD (cM. HuKe B pasjielie [po
GPU or AMD).

Manaamras momens Max 1100 oTingaeTcst ere yMEeHbIIEHHBIM TUCTIOM
dbusnueckux nopros X¢ Link (cm. Tabmuiy 9), HO B Hell UCHOIB3YETCA U
owmuHblit or 0AM dhopmdakrop — PCle AIC [116] (add-in card). B PVC,
KOTODBII MOXKHO OTHECTH K paspsiry cucreM Ha qune (SoC) [114] umeercs
nurepdeiic PCle 5.0 x 16 [130] ¢ npomyckHoil cocobHOCTBIO 0KOJIO 63
I'B/c [69]; Bo Beex mozensax Data Center GPU Max PCle 5.0 ucnonb3syercs st
cBsa3u GPU ¢ xoctom [116].

[Tnmurka X°-Link nomuep:xusaer B PVC 8 kanasos X® Link u kommyTarop,
¢ obecrieueHreM HPSMOI CBA3U KayKJOM0 KaHAJA C KayKIbIM (CM. pHCY-
HOK 5) [143]. B nByx crekax mmeercsi coorBercTBenHO 16 Kananos X© Link [69].

G

8x System Compute Rates

Vector Matrix

.
8x (262144
[F32 Ops/CLK.
Jpoto
8x 524,288
BF16 Ops/CLK
Upto
8x 1,048,57¢
Ops/CLK.

PucvHOK 5. Mezxkcoenunenue mexty PVC (pucyHok u3 [146])

B [130] yka3aHo Ha NPOIYCKHYIO CHOCOOHOCTH Kaxk1oro Kanama X© Link 26,5
I'B/c B xaxuom Hanpasienuu. X¢ Link npennasunaden njs obecnedenust
KOTePEHTHOH CBsi3u Mexk Iy crekaMu X¢ HPC. 9TO COOTBETCTBEHHO BKJIIOYAET
KaK BHYTPEHHIOIO CB#A3b BHYTpHu PVC (0AM), Tak u MexX/ly HecKojbKumu PVC
(0AM) [130]. D10 ncnoIB3yeMoe JIJIst CBSI3M MeK/ly HeCKOJIbKUMU GPU B cepBepe
MEXKCOeMHEHNE T103B0JIseT 3 MEKTUBHO PabOTATh B PEXKUME eIMHON 0bITeit
namaru SYCL (Unified Shared Memory, USM) [69].

BaxkHbIM 1IpejicTaBIISeTCs TO, KaK JIOTHYECKU BBITJIAST JJIsi [T0JIb30BATE]Is
mozesim Max 1550 u Max 1450. Eciu yuecTs yKa3aHHYIO BBIIIEe IPOIIYCKHYIO
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criocobnocTs X Link, To nporrycKHas ClIOCOOHOCTD CBA3U MEXK/IY JIBYMsI
CTeKaMU ropa3i0 HUXKE IIPOILYCKHOI CIIOCOOHOCTHU IaMSATH HA OJTHOM CTEKE.
B noxoxkux B 9T7oM miaane AMD MI250X/MI250 nmosromy KaxKkasrit GCD Tam
JIOTMYECKH BBIMJIAIUT Kak onuH GPU. B [144] ykaszaHo, 9TO MOJIB30BATEN
paccmaTrpuBaioT ABe minTKu PVC Kak jiBa mporeccopa. OHAKO B PYKOBOJICTBE
Intel no onrumuszaruu oneAPI na GPU [145] ykasano, 4To niepexoy oT
[IpUMEHEHUsT OJTHOTO CTeKa K JBYM TpedyeT IMPOCTO U3MEHEHUsI IepEeMEeHHO
okpyxennus, T.e. Max 1550 maerT BoO3MOXKHOCTH BbIOOpa MeKIy paboToil ¢ HUM
B dopMe JIBYX PA3HBIX WM OIHOTO obmrero GPU.

PVC odunmaabHO CTaJ MOCTABIAATHCA Intel yke BoO BpeMss HaMCAHWUS
0030pa, 1 MHOTHE JeTaju U Ha AlllapaTHOM yPOBHE OBbLIM MTOKA HEJIOCTYITHBI,
HAIPUMED, BEJIUIMHBI 33JI€PKEK, YTO BaXKHO B TOM UHCJIe JIJIsI CBs3eil yepe3 X°©
Link, B Tom umcie mexay crekamu PVC.

B [130] yxasbiBaercss Ha 2 BUia IOJIepKUBaeMbix Intel pemennii myst
MaCIITAOMPOBAHUS BBIYACIUTEIHFHBIX CUCTEM 38 CUET POCTa YUCIA CTEKOB X°
HPC: macmrabuposanue sayTpu (scale-up)— suyrpu multi-GPU cepsepos,
n MacmrabupoBaHue BOBHe (scale-out), KOTOpoe OTHOCHUTCSI K KJIacTepy,
cozepzkainemy y3ibl ¢ GPU. Beiie roBopmiocs (hakTHIecKn 0 MaCIITaOMPOBAHUT
scale-up.

B scale-out pemnrernu MoxKHO MacCITITaOUPOBATHCH JI0 KJIACTEPA, COIEP-
Karero MakcumMyM 10 64 0AM, BzammocBsizaHHbIX yepe3 X¢ Link Glueless.
JanbHeiiee MacoTabupoBanue ¢ npuMeHerneM eme u Infiniband nossosisier
HOCTPOUTH CUCTEMY, UMEIONyIo 10 512 0AM, cBa3aHHBIX MexkcoeaunenueM [130].
«BeckiieeBble» MeKCOeIMHEHUs (TaM HeT IPOMEXKYTOYHBIX MUKPOCXEM )
M3BECTHBI BEChMa JIABHO, OHU JIAIOT OYeHb HU3KHe 3a7epXKKu [147].

CrhavaJra mpeJrosaraeTcs NCIoJIb30BaTh Koudurypamnuio Tuscany, B KOTO-
poit obmas miaTa ¢ YeTuIpbMsa 0AM MOXKET MOICOeTMHATHCS K CYIIECTBYIOMIEMY
cepsepy uepe3 PCle 5.0. Boamoxkusr Bapuantsl ¢ Data Center GPU Max ¢ TDP
450 wim 600 BT, ¢ BO3AYIIHBIM MK YKUJIKOCTHBIM oxJiaxaeHueM [130]. C
YIeTOM JIAHHBIX TAOJIUIIBI H OYEBHUIHO, paHee NMeNNCh B Buay Mmojenn GPU Max
1350 u 1550 coOTBETCTBEHHO.

WcnonpzoBars PVC MCXOIHO MPEIIOIAragoch B JIBYXCOKETHBIX CepBepax
¢ noseivu 1T Xeon Sapphire Rapids (reneps nmenyembivu Xeon Max: umerno
OHU TIPUMEHSUINCH B JaHHBIX Intel o npoussomurensHOoCTH cepBepos [116]).
IIpenmaraembre Intel B macrosiee Bpemst Xeon Max obecreanBaioT paboTy
¢ DDR5 u HBM2E (cwm., nanpumep, [148]). Ucnosnb3osanue HBM B sux L
MOZKET CHJILHO YBEJIMUUTH NIPOU3BOIUTENBHOCTD, 9TO BBIIIO MOKa3aHo B [149].

B cynepkomibrorepe Aurora BEIYHC/IUTEIBHBIE Y3JIbI SIBJISIFOTCS JIBYXIIPO-
neccopubiMu cepsepamu (¢ LI Xeon Max 9480), conepzkarumu erie 1o 6
PVC [47]. Kpome cozmaBaeMoro cynepkoMubiorepa Aurora, PVC mianupyercs
MIPUMEHATH M Ha eBPOIEHCKOM 9K3aMacCIITabOHOM CyIePKOMIIBIOTEDE C IIPOIEC-
copamu SiPearl Rhea [150]. Be3ycioBHO, 9TO yCHINBAET MOTEHINAIBHBIE
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no3ury PVC Ha pBIHKE, HO BayKHee Oy/IeT YINTHIBATH PEATBLHOCTH JIOCTUTAEMOit
Ha TIPUJIOXKEHUSX TPOU3BOIUTEBHOCTH, IIepeHoca Ha PVC mporpaMMHOTO
obecrievenust u croumoctHbie okazaresn. Data Center GPU Max, ecrecTBeHHO,
IPEe/III0JIAraeTCsl IPUMEHSTh He TOJBKO Ha CYyEePKOMIIbIOTEpaxX, HO U Ha YPOBHE
MaJIEHbKHUX KJIACTEPOB U OTJIEJIbHBIX cepBEPOB ¢ GPU— 0 Takmx cepBepax
y2Ke 00bsSIBUIN 3HAMEHUThIe Tpou3BoanTe i, B ToM qaucie Dell, Lenovo u
Supermicro.

3.2. MNMporpammHbie cpeacTBa U NEpBble CTAPTOBbIE AaHHbIE
o npoussogurtensHoctu PVC

Yro KacaeTcss IPOrpaMMHOrO 0DeCIIe eHus, TO UMEIOasICs IyOImKa-
uus [120] ¢ yuerom u paboT Iyist CO3JaBaeMOro CylnepKoMibioTepa Aurora
Apronuckoii HarmorabHOM na6oparopuu CIITA [67,151,152] cBugerenscryer
00 yckopernnowm jBmxkenun Intel B cropony smann craagapra SYCL or Khronos
Group [153], pactupennbiv Intel B Buyie DPC++ (Data Parallel C++) [154].
AXTyanpHOCTH 9TOIO HAIIPABJIEHUsI OYEBHUJIHA, IIOCKOJIBKY DPC++ OpHEHTHPOBAH
Ha PabOTy ¢ Pa3HBIMU AKCEJEPATOPAMHE, UTO JaeT HePEHOCHMOCTb B TOM UUCJIE
u mMexky pasabivu GPU. Kommmisitop DPC++ ot Intel (on siBiisiercst Kommepye-
ckuM [154]) BxoauT B obinue nporpamMHble cpejcrsa Intel oneAPT [155],
KOTOpbIe MOTYT paboraTh u Ha mporieccopax, u Ha IIJIMC-yckopurensx Intel,
9TO JIAeT Pa3pabOTINKAM BO3MOYKHOCTD CO3/IaBaTh B OIPE/ICIEHHON CTeleHn
eIMHbIA KoJ mporpaMM. Intel akTusHO paspabarbiBaer HoBble Bepcun oneAPI—
Tak, cefiqac yxe mocrynua oneAPI 2023 [155].

ITaker oneAPI Bkaouaer mmpokuii HaOOP CPEHACTB — KOMIIMJIATOPHI,
OTJIAIINKHY, TIPOMDUINPOBIIUKY, OUOJINOTEKH U CIENUaJIN3UPOBAHHbIE CPEJICTBA
quist paborel ¢ M. Komnuisarop oneAPI DPC++/ C++ naer BO3MOXKHOCTD
paboret u ¢ GPU or Nvidia mw AMD [156|. Ijs1 3a1a9 ONTUMUA3AIAN TIPA
patotre ¢ oneAPT Intel nogrorosuia crenuanbHoe pykoBocTBo [69]. Bosbimm
IIPEUMYIIIECTBOM caMoro DPC++ ciieyeT CIuTaTh HAJIUINE KOMIIHISITODA
€ OTKPBITBIM HCXOHBIM KojoM™ [157].

B [158] myis V100 va recre STREAM (triad) gocruriyTasi mporyckHast
CIoCOOHOCTD B BapuaHTe ¢ DPC++ Obl1a 6JiM3Ka K MOy IeHHON ¢ NCIIOTH30BAHNEM
OpenCL u CUDA, a npumenenne SGEMM u3 6ubmuorekun oneMKL mano 66%
OT TIUKOBO MPOU3BOAUTENHHOCTH. OUeBH/TIHO, UTO T PE3YJILTATHl MOTYT OBITH
yJIy4IlleHbl Ipu pabore ¢ HOBbIMU Bepcustmu oneAPT.

TTockosbky oneAPI siBjisieTcst OTKPBITONM OCHOBaHHOI Ha CTaHIapTaX
YHUGDUIMPOBAHHON MOJIEJIBIO TIpOrpaMMupoBanust [159], opueHTHpOBaHHOM
Ha paboTy U C IIPOIECCOPAMU, U C AKCEeJIePATOPAMU PA3HOIO THIIA W PA3HBIX
dbupm [156], ¢ yaerom npexpamierns mononoauu GPU ot Nvidia u nepexona
Ha npuMeHerre GPU pa3HbIX (GDUPM 3TO OJHO3HAYHO mnepcunekTuBHO. Ho sicHO,
9TO B HAIPABJIEHNN YHUMDUKAIUA MOTYT Pa3BUBATHCS IPEJJIOYKEHNsT PA3HBIX
dbupwm (manpumep, nporpammusie cpeictsa HIP or AMD yike opHeHTHPOBAHBI
He ToabKO Ha GPU AMD), u B 9T0i1 aKTUBHO pa3BUBaEMOli 06IACTU CIIOXKHO
MIpe/ICKa3aTh, UTO CTAHET HAmbOJIee BOCTPEOOBAHHBIM.


https://github.com/intel/llvm
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Intel, ecrecTBenHO, MO3a00TUIACH U 00 AKTyaJbHON 3a/1ade BO3MOXKHOTO
nepenoca koja ¢ GPU Nvidia na PVC, u B oneAPI npeocrasiisier u cpejcrsa
DPC++ Compatibility Tool (4acro ucmosnszyemoe coxpaienue—DPCT), KoTopble
aBroMarudecku nepesoadaT koja CUDA na DPC++. Ilo mamubiM [160], TaKOM
aBTOMATHYCCKUIT IIepeHoC, KaK IpaBmiIo, geaaeT 31o mia 90-95% xoma CUDA, a
TTOJTHOE 3aBEPIeHre TepeHoca BCero Koma Tpedyer pyuHoit paborsl. Hackoapko
apdekTuBHO BCce 310 Oyjer paborarb Ha GPU ¢ TOUYKM 3peHUs IIPOU3BOIUTE b
HOCTH, JIAHHBIX 1I0KA, eCTECTBEHHO, NpakTudecku Her. B [154] nposeaeno
[IpeIBAPUTEIHLHOE MCCJIEOBAHNE, HO OHO HE OTHOCHUTCS K PACCMAaTPUBAEMBIM
B 0030pe GPU, 1 HesICHO, HACKOJIBKO 9TO aKTyaJbHO Jiuls 3a7a4d HPC. B [161]
u3 onbita nepenoca SGEMM wu3 6ubmoreku MAGMA cyiestan BBIBOJ, 9TO
DPCT MOXKHO yCIEIIHO HCIIOJIb30BaTh JJid HAYaJIbHOI'O IlepeHoca Koja CUDA
wa DPC++, oqHaKo 371eCh UCIOJIB30BaHbI PE3YJIBTATHI JIijis TPapUIeCKuX
[IPOIIECCOPOB, HE OTHOCSIIUXCS K YUCJIY PACCMaTPUBAEMBIX B 0030pe.

B kagecTBe mpumMepoB paboT 1Mo mepeHoCy UCHoIb3yomux GPU mputoykeHuit
Ha DPC++ cireyer ykazaTh nepenoc Ha DPC++ HeCKOJIbKUX M3BECTHBIX MPUIIO-
sKeHuit MostekysipHoit auaamuki — NAMD [162], GROMACS (nepeneceHHbL
ua SYCL, ¢ ucnonb3osanneM koMmuuiaaropa DPC++ [163,164]); LAMMPS Toxe
MoxeT paborars Ha PVC—Ho Giaromapst npumenenuto cpejicts Kokkos. /lanubre
00 aHAJIOTUYHBIX [TEPEHOCAX MPUJIOKEHUI U3 JIPyrux obsacTeil nMerTcs
B [154]. B [165] paccmorpens! Bonpocst ucnosb3osanus SYCL Ha anmapaTHbix
cpeacrBax Nvidia u AMD 6usaromapst npumenennio hipSYCL ¢ pasabimu
6ak-sngamu (renepnb hipSYCL u openSYCL umenyiores AdaptiveCpp™).

3ajiaun nepenoca mporpaMMHbBIX Ko7oB ¢ CUDA na oneAPI paccmarpusasuch
y2Ke B psijie cTaTel, MOCKOJIbKY cpejicTBa oneAPI mpuMeHnMBbI K pa3HbIM
rpaduyueckuM mporneccopam, nosieummmcst 1 1o PVC. Tak, B [166] s 3axau
gucaentoro unrerpuposanus neperoc ¢ CUDA (¢ V100) ua oneAPI norpeGosas
CIIEIMAJIbHON PYYHON ONTUMU3AIINY, IPEXKJEe YeM IIPOU3BOIUTEIHHOCTD
¢ oneAPI crasa HecwibHO HuXKe, 4eM ¢ CUDA. B [167] npu nepenoce koja
st CFD ¢ HecTpykTypupoBanHoii cerkoit Ha SYCL g A100 u V100 66t
ucrtiosib3oBal hipSYCL, HO cliesial BBIBOJI, 9TO JJIst JOCTHXKEHUsST MaKCUMAJIbHOM
onruMu3saluu mno-pexkuemy CUDA sywurte. lurst sroit »xe obsactu CFD
B [168] Obw1 1mosiydeH aHAJOIMYHBL pe3ysbrar. B arux paborax orMedeHo,
aro Gosiee xoporue pesyabrarbl st DPC++/SYCL MoryT mosydarbest
B JIAJIbHEHIIEM 110 Mepe POCTa KadecTBa ONTUMU3AINN KOMITUISITOPAMH.
B nokuagzie Ha cynepkommbioTepHoii kKordepenmuun B NASA o nmepenocy
¢ CUDA ua oneAPI nporpammuoro komiuiekca FUN3D (mst CFD, ¢ pentennem
ypasrenuii Habe-Crokca) [169] 110 cyTy Takke yKa3aHO Ha 11€JeCO00PA3HOCTD
PYUHOI ONTUMHU3ANNN KOJA HA KOHKPETHYIO apXUTEKTYPY.

Crenyer yka3aTh u Ha omupejieneHnblit HerocraTok oneAPI,) cBszannbrit
HUCKJIFOUNTEILHO ¢ OasupoBanueM Ha C++, IMOCKOJIBKY 9TO HE IIOMOTaeT
KO/IaM, MCXOHO HUCHOJIB3YIomuM coBpeMennbiit Fortran. Ins CUDA umeercs
anasior— CUDA Fortran [170]. IIpu aToMm K coBpemeHHOMY s3bIKy Fortran
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u 1ipu pabore Ha GPU cTaju OTHOCUTH BEPCHUU CTAHIAPTa C MO/JIEPIKKOMN
00bEKTHO-OPHEHTUPOBAHHBIX cpecTB [171]. B cospemenubix Bepcusx OpenMP,
peasln30BaHHBIX U B KoMIMIsiTopax Fortran [172], nmerorcst moaxo/siiie
cpencTBa i paboThl ¢ GPU. Ho yKazaHHBIN BbIIE HETOCTATOK CBI3aH
C 3aJIepKKaMU pa3pabOTOK BO3MOXKHBIX HOBBIX PACIITUPEHUN COBPEMEHHBIX
craumapros Fortran co cpemcrBamu 1151 3 deKTUBHOM paboThl ¢ GPU.

Bonee nonpobuniii anamms oneAPI or Intel 3mech menenecoobpasen BBUILY
KpaiiHe MaJioro KOJIMYeCTBa HAYIHBIX IIyOJIUKAIN, JEMOHCTPUPYOIIUX
IPOU3BOAUTENBHOCTb PVC 110 CpaBHEHUIO C JAPYyIUMHU COBpeMeHHbIMU GPU,
BKJIIOYasl CPABHEHUs C pabOTON ¢ APYTUMU IPOrPAMMHBIMUA CPEJICTBAME —
Harpumep, CUDA. Intel gobuirack MHOTOro B mepByio odepesib ¢ oneAPI,
ITOCKOJIBKY 3THU CPEJCTBA, BKIOYast DPC++, CTajan NPUMEHSITHCS U HA JPYTUX
rpadpudeckux mnporeccopax Intel — mampumep, B pabore ¢ u3BeCTHON 6UO-
smorekoii Ginkgo [173]. Kpome Toro, yxe peasusyercs u obydenue DPC++
CTYJIEHTOB, U3YJYAONUX IPOrPAMMUPOBAHIE T€TEPOrE€HHBIX BBIUUCTUTETBHBIX
cucreM [174].

Cpemn eMHUYHBIX TyOJIUKAIUil ¢ TAaHHBIMEU O IIpou3BojuTebHOCTH Data
Center GPU Max ykaxkeMm Ha JBe PabOThI, B KOTOPBIX IIPOU3BOIUTE/ILHOCTD
Mmoztenn Max 1100 6buta conocrasiena ¢ GPU Nvidia u AMD. Crarps [175]
OpUEHTHPOBaHA Ha MOJJIEPXKKY coBpeMeHHBIX Bepcuit OpenMP, mossosistrorux
paborars u Ha GPU. 3uecs na Max 1100 (¢ npumenenuem Intel oneAPI
2023) u Ha A100-40GB (c npumenernem Nvidia NVHPC 23.3) nposeieHs!
pac4eTsl 110 oTHOCcsIEMYycsi K objractu CFD munu-nipuioxkennio LULESH
¢ ucnosibzoBanreM OpenMP-pacrnapasienuBanus, u yrBepxaercs, 4o A100
6bu1 Ha 34% Jsryame, vem Max 1100 (X0Tsl BBIMIDBINT B TPOU3BOAUTEIHLHOCTH
y A100 3aBucest oT pazmepa HCIOJIB3yeMOil B pacdeTe 33J@d9i U MEHsJICS OT 15
1o 42%). Oxnako Gosbinast eMkocThb mamaru Max 1100 mossosmia nposectu
pacuer o LULESH 151 Gosibinieit pasmepHocTtH, rie namsatu Ha A100 He
XBaTAJIO.

B [176] uccienosana nepenocumocts SYCL Ha pasHble annapaTrHble
11aThOPMBI U HOJIYYeHbl JAHHBIE O IPOM3BOAUTEIFHOCTH HA Pl PA3IMIHBIX
UCIIOJIB3YIOMuUX paciapasiennsanue ¢ npumenenneM SY CL npuioxenuii (B
ocHOBHOM B obustactu CFD), Bemmosussmuxcsa Ha Max 1100 (¢ oneAPI 2023.1),
A100-40GB (c CUDA 11.6) u MI250X (¢ ROCm 5.4.2; 31ech ucmonb3oBa-
JIach TOJIBKO OfHA u3 JByX GCD-uacreil mosiHOro GPU, cM. 06 9TOM HUKe
B pazjeie 5.1.1).

Bee oTobpanHble IPUIOKEHNUS ABJIAIOTCS CBA3AHHBIMU IIAMATHIO (OHA
JIUMATUPYET UX MPOU3BOJAUTEIBHOCTD) U UCIIOJIB3YIOT METOJIbI CTPYKTYPH-
POBAHHBIX U HECTPYKTYpPHUPOBaHHBIX ceTOK. Ha Tecte BabelStream triad
nosiyvyeHHas B [176] nporyckHas cnocoGHOCTh amsTi coctasuia 1310 T'B/c
st A100, 1290 T'B/c aga MI250X u 803 I'B /¢ moia Max 1100.

B sTux npuioykeHusIX MpUMEHsIIINCh BBICOKOYPOBHEBBIE CIENUATN3NPOBAH-
Hble JJI TAKUX METOJIOB CPEJICTBA PaClapaJlyIeInBaHNs, KOTOPbIE T€HEPUPYIOT
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pasuble 6ojiee HU3KME KOJIbI paciapasuiejuBanus, B Tom uucie SYCL. B [176]
Ha KaxKI0M GPU it KarKJI0ro IMPUJIOXKeHUsT ObLIN UCIIOJIb30BAHBI PAa3HbIE
BapUAHTHI PACHAPAJIIEINBAHNA. B ONTUMAIBHBIX [JIsI IPOU3BOAUTEIEHOCTH
A100 BapuanTax 310oT GPU BO BCeX NPUJIOKEHUSX OBLI 3aMETHO OBICTPEE, YeM
Max 1100 Bo Bcex BapmanTax. [Ipyn aHAIOrHIHOM COMOCTABJIEHUH TPOU3BOIN-
reaprocTr Max 1100 ¢ MI250X B omaux cirydasx oeictpee 6611 Max 1100,
B apyrux — MI250X.

Paccmorpennas fasee nadopMaliis 0 Ipou3BoauTebHOCTH PVC OTHOCHTCS
yke K Mogesu Max 1550. B nokiaze [120] npusenenst ganubie 06 yCKOpeHUR
B PVC (¢ upumenenuem cpegcts SYCL B DPC++) ornocuresnsao A100
¢ ucnosb3oBanueM CUDA (xors 6buiu npuseienst u ganubie 1yt A100 ¢ SYCL)—
o 8 TecraM IPOM3BOAUTEILHOCTH, U3 KOTOPHIX K TPaJUINOHHON objactu HPC
Mmoo oraectr SYCL HP Linpack (oueBumno, peanusanus HPL ¢ npuMeHeHreM
SYCL). 3aech 6bL10 gocturayro yckopenue B 1,5 pasza. Cpeu Apyrux TeCTOB
caMbIM U3BECTHBIM TpejicTaBisiercss Google-tect jta xsmuposanus, hashtable,
B KOTOPOM OBLIO JOCTUTHYTO MaKCHUMaJjbHOE ycKopeHue B 2,5 pa3a. B nmpyrux
TecTax JOCTUIHYTOe yCKOopeHue 0bL10 B auanasone oT 1,4 no 1,8. IlousrHo,
9TO BCE ITHU 4YucJia TpedyroT 6ojiee JeTajpbHOro yrouneHus. VHTepecHo, 94TO
B HEKOTOPBIX 3TuX Tectax npumenenue SYCL na A100 gasno mporentos Ha 10
60JIbIIIE TTPOU3BOIUTETLHOCTD, YeM rpu pabore ¢ CUDA.

Jpyrue nanHbIe 0 TPOM3BOAUTEHHOCTH PVC npuBesiensl B [116] — 06
yckopenun B 12,8 pa3 pacduera 1o 3HAMEHUTOMY POTPAMMHOMY KOMIIJIEK-
cy moutekyasipuoit nuaamukn LAMMPS ma aByxmporieccopaoM cepsepe
¢ Intel Xeon Max 9480 u ¢ mectrrio Data Center GPU Max- oTHOCHTE/IBHO
JBYXIIPOIECCOPHOTO cepBepa ¢ Xeon 8380. YUursiBasi, 9YTO 3/1€CH UCIIOJIH30-
BaHo 6 GPU, a comocraBiieane mposejeHo ¢ Xeon 8380, KOTOpbIE YCTYIAIOT
10 MAKCUMAaJIbHO JOCTUTIHYTOU IIPOM3BOJIUTEIbHOCTH C IIJIABAIOIICH 3a114TON
B IIUPOKO pacnpocTpanenubix Tecrax SPEC CPU2017 nporeccopam AMD
EPYC 7763 B BapmanTax speed u rates [177], unrepectee 6b110 ObI CpaBHEHUE
[IPOM3BOIUTEILHOCTH C APYTUMHU COBpeMeHHbIMu GPU.

AxryasbHOil yOMKalueii, Jaoleil peajabHble JaHHBIE O IPOU3BOIUTE b-
nocru Data Center GPU Max 1550 ¢ comocrasyiernuem ornocurensao A100-80GB
sBystercst [178], rae npuBoAATCS HE TOJNBKO JAHHBIE O OCTUTAEMON POU3BOIIN-
TeJIbHOCTH, HO 1 0 mepenoce kozia ¢ CUDA wa SYCL. 3nmeck ¢ ucrnonb3oBanuemMm
dopmara FP32 npoBe/ieHbl BEIMHUCIEHAS MOJIEKYJISIDHBIM JIOKUHIOM (TIPeJIeJIbHO
VIIPOITICHHAST CIIEIMAJIN3UPOBAHHAST METOANKA, [IJIT PACUETa OPUEHTAIINN OJIN3KO
PACIIOIOKEHHBIX MOJIEKYJI, HAIIPUMED, JIUTaHJI0B OTHOCUTEIBHO IPOTENHA),
KOTOPBIE YaCTO UCIOJIB3YIOTCH JjIsi KOHCTPYUPOBAHUS JIEKAPCTB.

Jlst aTOr0 OBLT OCcyIIecTBIeH mepenoc CUDA-BapuanTa U3BECTHOM MpOrpaM-
Mbl AutoDock-GPU na SYCL ¢ npumenenunem cpejicts DPCT ¢ mocJie tyromiei
pyuHoit mopaborkoii. IIpu mepexone oT BbIYmcaeHUil Ha oxHOM creke Max 1550
K pacderaM Ha JBYX CTeKaxX (IIPOCTO U3MEHss IIePEMEHHYIO OKDYKEHUs )
IPOU3BOJMUTEILHOCTD PA3HBIX TECTOBBIX PacdeToB Bospacraya or 6% mo 58%.
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CrouT OTMETUTH, KCTATH, U HAllIeHHOE COOTHOMIeHNE gocTuraeMoil Ha A100
npousBouTeIbHOCTH pacderoB 1m0 CUDA u SYCL-sepcusim AutoDock. 13 10
poBezieHHbIX pacderoB CUDA-BapuaHT okasadics Obictpee (ot 1,24 no 3,64
pasa) B neBsatu, a SYCL-BapuanT 6bL1 ObICTpEE B OIHOM.

Pacuersr no SYCL-Bepcun AutoDock ucnonb3oBanneMm 060uX CTEKOB
Max 1550 6b11u ObicTpee, uem Ha A100 ¢ CUDA-Bepcueii B 7 u3 10 pacueros
(makcumasbao— B 1,88 pasa Geicrpee); A100 6bu1 ycueninee B 60Jiee KPYIHBIX
pacuerax (¢ GOJIBIIUM YMCJIOM ATOMOB WJIM HYHCJIA BPAINAOIMXCs cBsizedt). Ho
Bce jocturayThie yckopenuss Max 1550 ornocuresnsao A100 6butr MeHbBITIE,
YeM OTHOIIEHUs IMKOBBIX Tpon3BouTessHocTeil (st FP32) stux GPU. Kak
oTMedeHo B [178], pacuers 3/ech HOCUIIN TIOKA MIPEBAPUTEIBHBIN XapaKkTep, 1
B kozie AutoDock mpemosiararorcst ycoBepIIIEHCTBOBAHUSI.

B [179] mosyueHbl naHHBIE O TOCTHraeMOil MPOU3BOUTENBHOCTH PVC Tipm
HCIIOJIb30BAHNU CPEJICTB ITAKETHO JuHeiHOi anrebpel u3 oubianorekn ginkgo
JUIsl ATEPATUBHOTO pemarens ypasaernii Hasbe-Crokca (B npuioxkeHnn
pererounoit ruapogunamuku PeleLM). Ilpu nepekmioyenun ¢ pexxuma
HUCIOJIb30BaHUs OHOTO cTeka Max 1550 Ha J1Ba cTeKa IMPOU3BOIUTEIHLHOCTH
BozpacraeT B 1,5-2 pasa, u 60JIbIINl POCT MPOU3BOAUTEILHOCTH OTHOCUTCS
K 3a/5a9aM OOJIbIell Pa3MEepHOCTH.

B [179] nosydensl TakzKe aHAJOTHYHBIE JAHHBIE O IPOU3BOIUTEIHHOCTH
A100-80GB u H100-PClIe. ComocrapiieHue 3TuX pe3y/ibTaTOB IOKA3BIBAET, UTO
Max 1550 ¢ ucrosp3oBanueM ojuoro creka oovicrpee H100 B cpemmem B 1,3
pa3a, a Mpu UCIOJH30BAHUU JBYX CTEKOB— B 2,4 pa3za.

Hamo ormeTuts, 9To 9Ta pabora Tak?Ke HOCUT BO MHOTOM IIPEIBAPUTEIbHBIN
xapakTep. Tak, B Heil yKa3aHa IMUKOBas MPOU3BOAUTEIbHOCTE Max 1550,
pasuas 45,8 TFLOPS — menbIne, uem coBpeMenHoe «OQUIUATBLHOEY 3HAYCHIE
52 TFLOPS (BeposTHO, ObL1a J0CTyNHA 60JIee HU3KAs TAKTOBAs 4aCTOTa).
B pacuerax na A100 u H100 ucrosib3oBans! cpejcrsa CUDA 11.8.0, B To Bpems
kak Ha H100 o6bruno npumensiercsa sepcusi 12 (Hanpumep, BO BCEX JAHHBIX
Nvidia o npousBogurensnoctu H100 B Tecrax MLPerf ucnionbsyercst Bepcust
12.2, em. pasmen 4.2.5).

Jlaxke 3T HEMHOTUE IIyOJIMKAIMH [TOKA3bIBAIOT BBICOKYIO JIOCTATAEMYIO
IpOM3BOAUTENLHOCTE PVC. /TaHHBIX 0 MUKOBOI TPOU3BOIUTETHLHOCTH HEJIOCTA-
TOYHO JIjIsI KAYECTBEHHBIX OIIEHOK PeaJIbHON IMPOM3BOIUTEILHOCTH. BoJbInast
MUKOBasi TPOU3BOAUTEIbHOCTE Max 1550 1o cpaBHEHHIO C aHAJIOTUIHBIM
nokazaresieM H100 He 00s3aTEIbHO JIA€T IPEUMYIIECTBA B PEAJIBHO JOCTH-
raeMoii IIpou3BOUTEIbHOCTU Hpuiiokenuit. Hy»KHO Takke OTMETHTH, 9TO
[IPUBE/ICHHBIE BBIMIE B Tab/uile 7 MOKA3ATEN THKOBOW IIPOU3BOIUTEIBHOCTH HE
BKJIFOYAIOT JIaHHBIE O MMKOBOI npousBojuresibHocTu GPU Nvidia u AMD st
FP64 ¢ ucnosp3oBanueM TeH30PHBIX e (C UX [PUMEHEHUEM [IOKa3aTeJn
cTapimx Mojieneit 9Tux GPU Bbimie, cM. Tabauity 20), nockosnbky XMX B PVC
9TOT (POPMAT HE TOAIEPKUBAIOT. SICHO, UTO /I IpaKTHIecKnx ycrmexoB PVC u
cpegers oneAPT/DPCH+ upeacrount npogesnars eme 60bInoii oobeM paboThl,
TPeOYIOIIMil OIIPE/IEJIEHHOTO BPEMEHH.
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3.3. Pe3iome no Intel PVC

Ci02kHOE B TEXHOJIOTMIECKOM TIJIaHE TPOM3BOACTBO PVC MOXKeT /1aBaTh
He OYeHb BBICOKHH MPOIEHT BBIXOJIA MOJHBIX MUKpocxeM PVC (4To Morio
JaTh U 3aMejieHne mocTtaBok PVC ayist Aurora, KOTOPBI B HIOHBCKOM CIIMCKE
Top500 2023 roma OTCyTCTBYET) U CHOCOOCTBOBATD IIOBBIMIEHUIO CTOUMOCTH.
Dakruueckn o6 3ToM Ke BbickasaHo panee B [180]. Kak Intel Max 1550, tak
n AMD MI250X MOXKHO CYNTATH COCTOSAIIUMU U3 ABYX JormdecKux GPU.
Bozuukaer Bompoc, Kakue COIOCTABIEHNS ITPOBOIUTD — Ha OIWH JIOTUIECKUt
GPU mun Ha noJinblii (dbusnyecknii). Bonpoc cBg3aH u coO CTOMMOCTHBIME
[TOKA3aTeJsIMA, KOTOPbIE MOI'YT CHJIbHO PA3JIUIATHCS.

Ecnu cpasuuts ¢ nesbim AMD MI250X, PVC 110 IMKOBOI ITPOU3BOATE b-
Hoctu HemuOro omepexkaer MI250X Ha OOBIYHBIX BEKTOPHBIX OLEpanusax (CM.
rabsmity 7), HO UMeeT u HeMHOro Gojiee Boicokuit TDP. IIpu sTom onepexenue
110 [IUKOBO# Ipou3BoauTe/IbHOCTH HOBBIX GPU oT Intel 1 AMD orHocuTe/IbHO
Nvidia H100 He o3Hav7aeT omepexkeHne B peasibHON TPOU3BOAUTEILHOCTH
Ha [IPUJIOXKEHUSIX.

Hemocrarkom PVC myist ompeesleHHbIX TpUIosKennit B obact HPC MOXKHO
cuuTaTh OTCyTCTBUE TOIep)Ku dhopmara FP64 B XMX. [Ipu ucnons3oBanuu
reH30pHbIX siep B H100-SXM4 (unu anasnoros B MI250X) s1u GPU cyuiecTBeHHO
onepexkarorT PVC 10 [MKOBOH IIPOU3BOJUTEIBHOCTU C JABORHON TOYHOCTHIO (CM.
rakke Tabsuiy 20 HIKe).

C yuerom toro, uro Nvidia yxke npemraraer cynepunn GH200 Grace
Hopper ¢ unrerpamueit H100 ¢ ARM-uporneccopamu (cMm. pazaen 4.2.3), a
na soicraBke syekTponuku CES (Consumer Electronics Show) B mHauase
2023 roga AMD anoncuposaia GPU MI300 ¢ uarerpuposanusiv LI (B Bue
3D-uurLiera, NpeoIoKeHre 0 roToBHOCTH — Ha 2023 101), ¢ TOYKU 3pEHUst
aBTOpAa, CYIIeCTBEHHO OoJiee mupokoe nmpumenenue GPU Intel 8 HPC moxkeT
Peam30BaThCs HECKOJIBKO MO32Ke, TIOC/IEe PeaIM3aliy OXKIIAEMbIX YCIIEITHBIX
TeXHOJIOTHIeCKuX nporieccos Intel (ocoberro 18A), KOTOpPBIE HE OKUIAIOTCS
B 2023 roay. Ot mianupyemoro panee Ha 2023 10JT «BTOPOrO MTOKOJIEHUST>
PVC ¢ komosbim umenem Rialto Bridge [180], comepzkarero 160 saep X€,
Intel HemaBHO OTKa3a/IaCh, TAK YTO CJIE/IyeT OXKUJIATh CKOpPee BBIIYCK GPU
Falcon Shores miu ero nocsenyromuii Bapuant XPU ¢ unrerparueit GPU u LI
x86 [181]— BeposITHO, BCE ONPEJIEIISIONMM SIBJISIETCSL YCIeX B TEXHOJIOTUM.

Yyrs au He Gojiee akTyaabHbIM (0 cpaBHEHUIO ¢ KOHKypeHnueil Intel ¢
Nvidia 3a gacTb pbiaka GPU— e yuacrByer takzke AMD) asropy ceiiuac
[IPEJICTABJISIETCST BHEJIpEHUe npu mojyiep:kke Intel mporpammuoro obecrnedenus
muist GPU B nanpassienun SYCL—> DPC++ (u oneAPI), nockosbKy 210 He
TOJIBKO TI03BOJISIET JIAJIBIIE OTONTH OT Y3KOI OPHEHTAINH Ha KOHKPETHbIE
GPU (Nvidia CUDA u orgactu AMD HIP), HO M MOXKET CTaTh KOTJA-TO
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3 deKTUBHBIM 1151 HOBBIX MHOI'OSIZIEPHBIX CEPBEPHBIX IIPOIECCOPOB, YUCJIO
sIJIEP B KOTOPBIX BCe Ipojio/iKaer pact. Boamoxkno, npumenenue SYCL moxer
cpa3y cTaThb HauboJlee IPHUBJIEKATEIbHBIM JIJIsI MOJEPHU3AINH HCIIOJIB3YIOIIX
C-++ npuiioykeHuit, ere He MOPTUPOBAHHBIX Ha GPU.

OjtHAKO HE CJIe/lyer U MpeyBeJnIrBaTh BO3MOKHOCTH HOBOTO CTaHIAPTa
SYCL. Tak, nosiiierue B cpencrsax CUDA myist H100 HOBOrO ypOBHSI B MepapXuu
cucTeMbl HUTEl — Kytacrepa 6J0KOB HUTel (cM. pasjen 4.2.5) — He mMeer
anajsioroB B SYCL. Ciemyer Tak:ke nuMerh B Bujy BbicKasbiBanus, 9410 SYCL
HE PeIraeT Beex MPobieM MePEeHOCUMOCTH ITPOU3BOIUTEILHOCTH, U MOYKET
BO3HHUKATH HEOOXOINMOCTh HMCIIOJIb30BAHUS PA3HBIX AJTOPUTMOB JIJIsT PA3HBIX
ammapaTHBIX cpencTs [176].

4. GPU ot Nvidia: ot A100 go H100

Kak ormeueno Broime, Kk 6a30BbiM GPU 311ech oTHeceHbl Nvidia V100 u
A100, koropbie HauboJIEE MUPOKO UCIOJIB3YIOTCS B HACTOAIIEE BPEMs JIJIsT
obmacreii HPC u U, B Tom umcie B cynepkommbiorepax. [lockonbky V100 cran
noctyten erie B 2017 roay, B 0030pe HAa yPOBHE MUKPOAPXUTEKTYP PEUIb UJIET
ToabKo 06 A100; nokazaremu V100 DpUBOASTCS TOILKO B COMIOCTABJIAIONINX
tabsmmax. Kpome Toro, ymomunaroTcs Hanbosiee BaXKHbIE BBIYUCIATEIHHBIE
GJIOKM M THIIBI JIAHHBIX, BrepBble nosieuBimecs B A100 (KOTOpbIX He GBLIO
B V100). [Moapobras undopmaus 0 Beex yIydIIeHUIX PA3IMIHBIX KOMIOHEHT
mukpoapxurekTypbl A100 orHocuressao V100 umeercs B [73].

Cawmpbrit coBpeMennbiil n3 «6a30Bbix» GPU Nvidia, A100, BbiycKaeTcst
yxke ¢ 2020 roga, u MoapOOHOIO aHAJIN3A €r0 MUKPOAPXUTEKTYPHI 3/1€Ch
HEe MIPOBOJIUTCSI, CIUTAas COOTBETCTBYIOIILYI0 NHMOPMAIINIO yKe JOCTATOTHO
xoporio u3BectHoit. Ho B Mukpoapxurektype H100, ecrecTBeHHO, OU9€HL MHOTOE
cosrragiaer ¢ A100, u coorBercrBenHo nocse anajaunza A100 6yaer ymob6HO
rOBOPUTH B OCHOBHOM 00 ycopepineHcTBopanusix B H100. B coorBercTBUmN
€ 9TUM 3JeCh IPUBOAUTCA TOJLKO pucyHok SM or H100 (A100 3aech jmmin
HEMHOI'O OTJIMYAETCA — M HUXKEe OY/eT IIPOCTO YKA3aHO, B YEM OTJIUYUS).
AHajioru4HOE OTHOCUTCS ¥ K IIPOrPAMMHOMY O0OEeCIIeYeHu o — B 0630pe 0oJIbIiie
BHUMAaHWS YIEJSIETC TOMY, 9TO IeJIECO00PA3HO UCIOIB30BaTh Ha GPU HOBOTO
[TOKOJIEHUSI.

Hanubie o jocturaemoit mpoussoauresbHoctr A100 B npuioKeHusIX u
TecTax IIPOU3BO/IUTE/IbBHOCTH TaK2Ke pacCMaTPUBAIOTCA OTYACTH OTPAHUYEHO, TaK
KaK OCHOBHOI 11eJ1bt0 0630pa 0bL1i GPU HOBOTO TIOKOJIEHHUST, TPOM3BOUTEILHOCTh
KOTOPBIX U PACCMaTPUBAECTCA B TOM YHUCJIE€ CO CDABHEHUEM ee OTHOCHUTEJIbHO

V100 n A100.
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4.1. GPU A100
4.1.1. Muxpoapxutektypa A100

B cospemennbix mokosieHusix LIl pocT npousBouTeIbHOCTY it HPC
OCYIIIECTBJISIETCS B TIEPBYIO OYEPEh 33 CUET IPOrpecca MUKPOAPXUTEKTYPHI, a
He 3a cuer yiayurienusi ISA. B coBpemennbix GPU Nvidia nanHBIE 0 MUKpOApXHU-
TEeKType TaKzKe BayKHeHIne, HO JIJIT MAKCUMU3AIINU ITPOU3BOINTEILHOCTH,
0COGEHHO 171 3129 VU, 0COGEHHO BAXKHBI U HOBBIE YJIyUINEHU / PACITHPEHUS
Bcex yposreit APT CUDA u muskoyposueBoro Bapit. Cpejcrsa CUDA MOXKHO
OTHECTU K HIU3KOYPOBHEBBIM IIOTOMY, YTO MOXKHO pabOoTaTh Ha O0Jiee BHICOKOM
YPOBHE — HAIIPUMED, UCIIOJIH30BATH TOJBKO T'OTOBbIE (DYHKIINN OHOINOTEK, MIn
pabortarh ¢ aupekTuBamMu. EcTh Oosee Hu3Kwmit o otHomennio K CUDA ypoBeHb,
IJle MCII0JIb3yeTCsl BUpTyaiabHas cucrema koMan (ISA) aysa GPU Nvidia—
PTX (Parallel Thread Execution) [182], m coorBeTcTBeHHO accembiep [183],
HO OH, €CTeCTBEHHO, IIPUMEHSETCS IIPU IIPOTPAMMHIPOBAHUY OYEHD PEJTKO.
Crporo roBopsi, u PTX sBJsIeTCsI TPOMEKYTOUYHBIM YPOBHEM — OH 3aTE€M
Ipeo0pPa30BBIBAECTCH B JBOMIHBIN KO /IjIs KOHKPETHOIN Mozmesan GPU.

Tlox ysryumerneM apXuTeKTYPhI B IEPBYIO OY€PEih B 0030pe NMEEeTCst
B BuIy MuKpoapxuTekTypa. Ho ectsh Oosiee 0bIast apXuTeKTypa — JJisi PA3HBIX
Mojiesieil rpauIecKuxX MPOIeCcCOPOB B MUKPOAPXUTEKTYPAX COXPAHSIIOTCS €€
Hekue 6a30BbIe 00Ie 0COOEHHOCTH.

B A100 ucrosssyercs: apxurektypa Ampere GA100. A100 6611 nepsbim GPU,
BBIIYIIEHHBIM € TaKoil apxurekTypoil —B 2020 romy. 3aTeM MMOSBUJIMCH B TOM
qucse MeHee BeIaucanTeabHo Momuble Mogesn GA100. B Hux ucrnoab3oBaHo
MeHbIIlee YuCJIO SM, M OHH CO/iep2KaT MeHblIlee UHCJI0 TeH30PHBIX sJIep, HO
6oJtee BeICOKOTIPON3BoauTebHbIX. HO B oTitmane ot A100 B X TEH30PHBIX
siapax Her noggepxkkn FP64 [184]. Kpome Toro, mocse Beegennanrx CIITA
canknnit B orHomennn Kurtas Nvidia craja mpon3BoanTh He TOITAIAIOIIIE
oy, ot orpanundenusi GPU A800 ¢ ymenbiienabiME 110 cpaBHenuio ¢ A100
BBIYUCTUTEILHBIMEA BO3MOKHOCTsIMU. Vi opmariust 06 stux GPU mMmeeTcs,
HaIpuMep, B u3BecTHON 6a3e maHubIX Techpowerup o mpomsBomuMbIx B Mupe
GPU [185] (mosp3oBaThest ero morpeburensam npemiarann B Nvidia). B o63ope
najee paccmarpuBaercs ToJbko A100.

HawuGostee nonusiM nssoxkenneM apxurekTypbl A100 siBisiercst [73],
Ha KOTOPOM M OCHOBAHO TOCJIEIYIONee PACCMOTPEHNE €r0 MUKPOAPXUTEKTYPhI
B JIaHHOM 0030pe. M3moxkeHne B [73] 0T9acTH HHTErPUPOBAHO C paclapaJLie-
nusanueM Ha 6a3e SIMT (¢ ucmosnpzoanueM CUDA) m3-3a IIyGOKOM CBSA3H
CUDA c ammaparabiMu cpesicrBamu GPU Nvidia. 9To oTHOCHTCST B TOM YHCIIE
K MepapxXuu pas3jnvyHbIX BUJ0B IamdaTu B GPU u CUDA (Ba)KHeI‘/’ImI/IX KOMIIOHEHT
JJTsT PEAJIN3aIN BBICOKOH IIPOM3BOUTENBHOCTH), U K NEPAPXUN PASIUIHBIX
yPpOBHell 00pa3oBaHus OOIBIINX I'PYIII TAPAJIJIEIbHO BBIIOJIHAEMBIX HUTEN
B CUDA. B Tabsmiie 1 Bce 3TO Tepevnc/ieHo BKPATIE B TEPMUHOJIOTTIECKOM
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mnane. OmHako He Bee ucnosibdyeMbie B CUDA THIBI TAMSITH UMEIOT OIHO-
3HAYHBIA almapaTHbIl SKBUBAJIEHT, OLIBACT U WHTEIPAIUS UX PA3HBIX THUIIOB
B 00mux annaparibix cpegcrBax A100 (cM. HuXKe B PACCMOTPEHUN HUEPAPXUU
namsitu A100). Kpome Toro, [73] orceuiaer uHOrIA K PACCMOTPEHHOMY
B ormmmcanuu Nvidia apxurektypsr V100.

Basossie nmokazaresn A100 B COOCTABICHUN ¢ AHAJOIMYHBIMA IIOKA3aTe-
aavu V100 u H100 npuBenensr B Tabure 10. B TexmomornteckoM miane 3a
cuer 6osee coppemennoit 7Tam Texuosorun TSMC B A100 npu npakTuieckn
TOI 7Ke TJIOMAIN KPUCTAJIIA INCI0 TPAH3UCTOPOB BO3POCIO OOJiee TeM BIBOE
o cpaBueruio ¢ V100, a TDP yBeJIm9uiIcst He TaK CHJIBHO.

Tabssmua 10. CorocraBiieHre BaXKHBIX JIjIsl TPAIUIMOHHBIX HPC
nokaszareseir GPU Nvidia V100, A100 SXM u H100 (mauuble us

[73,78,185])
ITokazarenu GPU V100 A100 sxM | H100 PCle | H100 SXM
ApxurekTypa Volta Ampere Hopper Hopper
Texunosorus or TSMC 12 um FFN 7 um N7 4NT 4N
ITnomanes kpucrasiia, MM 815 826 814 814
Yucsno tpansucropos (Mipx) 21,1 54,2 80 80
TDP (Br) 300 400 350 700
Dopm-dakTop SXM2 SXM4 PCle-vH SXM5
Yucmo SM 80 108 114 132
Bekropubix agep FP64 B SM 32 32 64 64
Bekropusbix sigep FP32 B SM 64 64 128 128
Anep INT32 B SM 64 64 64 64
TenzopubIx saep B SM 8 42 4 4
ITosbimennast yacrora, I'T'g 1,53 1,41 1,764 1,984
Emkocts daiina peructpos B SM 256 KB 256 KB 256KB 256KB
BE“S%;OCTB PasIeNAeMOll IaMATH | 11, 96 KB3 | ITo 164 KB3| Jlo 228 KB3| Ilo 228 KB?
Emkocth kama L2 6144 KB 40960 Kb 50 MB 50 MBb
Tun/emkocTs namsaTu, I'6aiT HBM2/16 HBM2E, 40 HBM2E/80% | HBM3/80°

unu 32 niau 80

ITlupuna MUHBI TAMATH, 6UT 4096 5120 5120 5120
Yacrora mamsru, MIn 876 1215 gam 1593 1313
IIponyckHasi criocobHOCTH 1555 nnn
massrrn, TB /¢ 897 2039 2039 1681

! nacrpoennas mas Nvidia,

2 Yuciio MaTpHYHBIX ONEPaliil yMHOMKHTh-H-CIIOKHUTh 33 TaKT B TEH30PHLIX sapax A100

B 4 pa3sa 6oJibie, yem y V100;

3 EmkocTb paszmensemoii mamsita B V100 1 A100 xordurypupyema;
4 nis FP32 u FP64, nj1st MeHbIIeif TOYHOCTH YaCcTOTa HEMHOTO MEHbIIIE;
5 ecTb MozEnB ¢ HBM3 /96 I'B u npyroit gyacroroii GPU.

B tabsmne 10 npuseeHsl JaHHbIE IS IBYX pasHbIX Mozeseir A100
¢ dopm-akropom SXM, ormaatoruxcst eMkocTbio maMsitu (40 wim 80 I'B).
Kpowme toro, umerorcs jgse apyrue mogenn A100 ¢ mexcoequnenuem PCle,
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KOTOpBIe Takxke MoryT uMmerh eMkocTh 40 mmm 80 GB. Takoe meckospko orpa-
HudeHHoe TpejicraByenne Mogeseit A100 B manHo# Tabsuie BHIOPAHO 10 JBYM
npuanHaM. Bo-nepBbIxX, [ y1o6CcTBa YTEHUS U COIOCTABJIEHUS C APYTUMEI
mogesisimu GPU or Nvidia B dpopmare jganuoil mybsmkanuu. Bo-BTopsix, 006cyx-
JlaeMble B 9TOM MecTe 0030pa IUKOBbIE IPOU3BOAUTEIbHOCTH (CM. Tabuiy 12
HUZKE) PACCUUTHIBAJIUCE JJIsl HOBBIIIEHHBIX TAKTOBBIX 9aCTOT, KOTOPbIE Y BCEX
gerbipex pasubix Mogeseit A100 coBmagaror. Kpome Toro, mo3jaee B pasjede 5,
onmchiBaronieM GPU HoBoro mokosienust o AMD, ¢ KoTopbIME cOIIOCTaBJIEHIE
BCEX TApPaMeTPOB, BKJIOYAsI TPOU3BOIUTETHHOCTD, IPEACTABISICTCS OTHUM
3 HanbOJIee aKTYAJbHBIX B JJAHHOM 0030p€, COOTBETCTBYIOIIUE TOKA3ATEIH
pasubix mogesieit A100 npuBesieHbl B yuo6HOM Gojiee pa3BepHYTOM Bue (CM.
rabumpt 20 u 21).

st craproBoro nonumanus npoussogureabuoctu A100 (aia magaia
[MKOBOIi) eCTeCTBEeHHO 6Aa3UPOBATHCS Ha MCIOJHUTEIbHBIX OI0Kax SM: muKoBast
npousBoTeIbHOCTL Becero A100 mpocTo mponoprimoHa baa auciay SM,
KoTopoe ykazaHo B tabsure 10. B mepapxuu or ogHoro SM g0 mossoro A100
uMeeTcs 2 BUJIa KJIaCTepOB: Kiacrepbl o6paborku tekeryp (TPC, Texture
Processing Clusters ), comepzxaimue 110 2 SM, u kjacrepsr GPC, coneprkaiue
no 8 TPC. B apxurekrype Ampere (B8 GA100) monycrumo umers 8 GPC u
coorsercrBenno 128 SM [73]. Cmbica GPC ¢ Touku 3penus GPGPU (ecim
OTBJIEUBCSI OT TEKCTYD) —3TO0 rpymmna SM, (husnieckn pacmonoKeHHbIX OJIM3KO0
JIPYT K JIPYTY, 9TO JAET JIOKAJBHOCTD MapaJljIeIbHO 00pabaThIBAEMbIX JTAHHBIX
C JIOCTYIIOM K HUM C 00Jiee BBICOKOIl IIPOILyCKHO# CIIOCOOHOCTBIO U DoJiee
HU3KMMU 3a/IepKKaMi (TaK CKa3aTh, HEKUIl JIOKAJIbHBIA aHasaor PIM).

Ob1ee mocrpoenne SM, U3 MHOXKECTBa, KOTOPBIX CKJI IBIBAETCS] BHIYMCIIU-
resbaag MomuocTh A100 (1 V100, u H100) sBuano na pucynke 6. Xors 310
pucynok SM u3z H100 [78]), na makpoyposre pucyska oriauaud or H100 y A100
npocmarpuBaiorces jerko: B A100 mer Tensor Memory Accelerator; emkocThb
D-xama L1 192 KB nporus 256 KB wa H100; u 8 H100 coorBeTCcTBEHHO
HOBasl BepCUsi TEH30pHOTO sijpa. Ho ryiaBHOE — 310 TO, uro B H100 B KaxKmom
u3 4 paznesno SM (4TO 31€Ch UMeeTCd B BUILY 110 pa3jesoM SM, mousaTHo
u3 pucynka 6) ectb B 2 pa3a Gosbine BeKTopHbIX yerpoiicts FP64, FP32 u
INT32. B A100 B kaxkj0M u3 pasjesoB umeercs 110 8 6sokoB FP64, u mo 16
6moxoB FP32 u INT32.

IlockonbKy B SM BBIMIOJHAIOTCS BAPIbI, COCTOSAIINE U3 32 HUTE, B KaXK-
JOM paz/iesie UMeeTCs BapI-IUIAHUPOBIUK, JAOMUi 32 HUTH 3a TaKT, U
JIECIIETYED C TOH YK€ «IIPOU3BOJIUTETBHOCTHIO». 3/1€Ch MTPOSIBJISIETCS] TECHOE
nepenyieTenne anmnapaTHbix cpegcts GPU Nvidia u cpescts CUDA. Biiok HuTeit
CUDA (BKﬂquanmHﬁ BaprI) npunucad K ogaomy SM. Yrounenue neficTBuit
BapI-IUIAHKPOBINUKA paccMarpuBaercd He B [73], a B pykosogcrse o CUDA [16],
re yKa3aHo, 9To SM CTaTWdecKu PacHpeeisieT CBOU BaPIIbl MEXKTY CBOMME
IJIAHUPOBIUKAMU. 3aTe€M KaKJIbII [IJIAHUPOBIIUK BBIIAET OJ[HY WHCTPYKIUIO
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Tensor Memory Accelerator
256 KB L1 Data Cache / Shared Memory

Tex Tex

PucvyHok 6. O6mee nocrpoenne SM B H100 (pucynok us [78])

JITSL OJTHOTO W3 HA3HAYEHHBIX €My BapIlOB, KOTOPLIIl TOTOB K BBIIOJTHEHUIO, €CJIN
TaKOBOI mMeeTcs. BapI-njIaHUPOBIUK CIIYKUAT J1JIs1 00eCIIeYeHns 3arpy3Ku
BBIMUCJINTEIBHBIX YCTPOMCTB pazzesna SM: ecsin Bapn 0:KuJIaeT, HAIIPUMED,
3aBepIIIeHUs] ONEPAIHil C TaMITHIO, TO BBITOJHATHCS MOYKET JPYroil Bapi,
a UCIIeTYeP MEPEHAIIPABIIET OTOOPAHHBIE KOMAH/IbI B BHITUCIUTEHHBIE
ycTpoiicTBa (JaHHBIE OHU GEPYT M3 PETUCTPOR).
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JeficTBrs Bapl-IIAHUPOBITUKA MOTYT 3aBUCETb OT BEPCHU BBIYUCIUTEb-
HbIx Bo3MoxkHOCTell (Compute Capability), onncanubix B [16] miist pasHbIx
Mozeseit GPU; ckazaHHOe Bbilie cupasenuso g V100, A100 u H100. 9tu
BO3MOXKHOCTH JIJIsl TAHHBIX MOjieJie mpuBeensl B Tabmume 11 mo manabiv [78].

Tapauna 11. Texuwdeckne XapaKTePUCTHKN BBIYUCIATEIBLHBIX
BosmoxkHocreil (CC) pasubix Bepcuii B 3aBucumoctr ot GPU Nvidia

[TapameTpnt V100 A100 H100
Bepcuss Compute Capability 7.0 8.0 9.0
Hureit 1a 1 Bapn 32
Maxkcumym BaprioB Ha 1 SM 64
Maxcumym 6iokos HuTeit (CTA) ma 1 SM 32
MaxkcumyM 6JI0KOB HUTEH / KiacTepoB 6JI0KOB HUTEH Her 16
MakcuMaiibHOE 9HCI0 32-pa3psaHbIX PETMCTPOB HA HUTH 255
MakcuMaJibHOE 9HCJI0 perucTpoB Ha 1 SM 65536
MaxkcumaabHOE 9HCIIO PerICTPOB Ha GJIOK 65536
MakcumaJibHOE 9HCJI0 HUTEN B OJI0Ke 1024
Pasznensiemas nmamars na 1 SM, KB o 96 | Ho 164 | o 228
Yucno anep FP32 na 1 SM 64 128
Yucmo saaep FP64 na 1 SM 32 64

Kaxprit uz 4 pazmenos SM umeer daiiji perucTpoB, u 8 yCTPOCTB
3arpy3Ku/COXpaHeHus JIJIsl JOCTYIA K IaMATH. Y KayKIoro pasjena SM ecTh
coit I-kamr LO (I-ksmr L1 aBnstercs obmmMm st Bcero SM), HO 0GBIMHO
npou3BoAuTeIbHOCTh B HPC 1 U He TpebyeT crenuabHOi OPUEHTAIINN KO/Ia
Ha uX npuMenenue. B anamuse npomssomuresnbroctn GPU Nvidia Boobmie gacro
CTapTYIOT ¢ ypoBHA SM, HOCKOJIBKY OHHU cojiep:kaT u obiine Ha Bce 4 pasjeiia
aIllapaTHble KOMIOHEHTHI, B TOM YHCJIe TEKCTYPHYIO MaMdaTh 1 obrmmit D-Kar
L1 (SM MOXKHO cYMTATh HEKOTOPHIM AHAJIOIOM IIPOLECCOPHOrO sijpa B LII).

Kaxkapiit SM B A100 1 B V100 umeer 1o 32 Bekropubix CUDA-siapa,
st FP64, uro mo3BoJisier SM BBIIIOJIHATD 110 32 Ollepaliii «yMHOKHUTh-H-
cJ10KuTh» 33 TakT, 410 Jgaer 64 FLOPS 3a takr (miua FP32—Bce B aBa pasa
6osibiiie). COOTBETCTBEHHO MUKOBAs IIPOU3BOAUTENILHOCTL GPU 1pu pabore
€ BEKTOPHBIMU siiipamu nojrydaerca ymuoxenuem 64 FLOPS ua aucsio SM (ux
B A100 Gosbine, yem B V100) 1 Ha TAKTOBYIO 9aCTOTY, 9TO U JaeT HoJiee
BBICOKYIO TIpon3BouTesibHOCTh y A100 (eMm. Tabsuiy 10). Ho ocHoBHOM
IIPOIr'pPecc B MPOU3BOIUTEILHOCTU TEIIEPh OPUEHTUPOBAH B IIEPBYIO OYEDE/b
Ha UVl 1 COOTBETCTBEHHO HA IPUMEHEHUE TE€H30PHBIX siJI€P, KOTOPHIE MOTYT
JaBaTh OOJIBIIE PE3YJIBTATOB 33 TAKT, YeM OOBIYHbIE BEKTOPHbBIE OJIOKHU — U
COOTBETCTBEHHO 00JIee BBICOKUE MUKOBbIE TIPOU3BOJAUTEIBHOCTHI /ISl PA3JIAIHBIX
bopMaTOB JAHHBIX.
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Tenzopubie sipa B A100 paborarorT ¢ MATPUIIAMU PASHBIX BO3MOXKHBIX
pPa3sMepoB B 3aBUCUMOCTH OT HCIIOJIb3YeMbIX (DOPMATOB JIAHHBIX (CIIMCOK
BCex BO3MOXKHOCTel mmeercst B [16]). st Tpagunmonsbix HPC HyzKHA
pabora ¢ FP64, uyTo BiiepBble CTAJIO HO/IEPKUBATHCA B TEH30PHBIX fA/IPax
Ha amnmapataom yposae B A100— 06 FP64 31ech u noiiner pedn. Janabie
O MUKOBOI TTPOU3BOUTEILHOCTH JIJIsl APYTUX (POPMATOB JIAHHBIX, B TEPBYIO
odepeslb aKTyaJbHBIX JJist UU, puBesieHbl B Tabsuie 12.

Tapiuna 12. Tlukosbie npoussogureabaoctu GPU V100, A100,
H100 (TFLOPS, aus nenounciennsix onepanuii — TOPS)

Dopmar garabix | V100 A100 H100 PCle H100 sxM4
FP16 31,4 78 204.9 267.6
FP16! 125 312/624 756/1513 989,4/1978,9
BF16* — 312/624 756/1513 989,4/1978,9
FP32 15,7 19,5 51,2 66,9
TF32! — 156/312 378/756 494,7/989,4
FP64 7,8 9,7 25,6 33,5
FP64! — 19,5 51,2 66,9
INTS! — 624/1248 | 1513/3026 | 1978,9/3957,8

1 3HAYCHUs IIPU UCIIOJIB30BAHUU TEH3OPHBIX A1eP;

Ianusie u3 [73,78,185]. Yepes cis1m npuBeIeHbI IPOU3BOATEIHHOCTH
C IPUMEHEHNEM Pa3Pe’KEHHOCTH, KOIJa OHa JOCTYIIHA.

B A100 muist 4BORHONM TOYHOCTH HOSABUJIACH AIAPATHAS PeaIM3allis
BbrancaeHuit st popmysisl (1), HoBast MATPUIHAST KOMAHJIA «yMHOXKUTH-H-
craoxnthby (Double Precision MMA), koTopast 3aMeHsET 8 aHAIOTMIHBIX
komarg DFMA B V100 u maer 128 pesyiabraros FP64 3a Takt—B 2 pa3sa
Gourbine, wem V100 [73]. Just FP64 B A100 Ha caMOM HU3KOM Bapl-ypOBHE
npumenuMa orrepaiuss WMMA, ¢ Koropoii MO:KHO paboTaTh ¢ MaTPUIIAMEA
pasmepHocreil 8 X 4 wim 4 X 8 U aKKaMyJIATOPHBIMU MaTpunamu 8 X 8 (T. e.
M =N =8u K =4 ma dopmyist (1)) [16]. Kak yxaszano B [89], onepanun
WMMA MoryT ocymecTBIsATbCs HAJL IyTh OoJiee KPYITHBIMU MATPUIIAMU,
9eM MOJJIEPKUBACTCS ANMAPATYPOil TEH30PHOTO SIIPa, U IIPU BBIIOJHEHIN
onepariuu WMMA o1HOBpeMEHHO UCIIOJIb3YeTCsI HECKOJBKO TEH30PHBIX SJIEP.

B nocrasnsemom Nvidia A100 umeercst 108 SM 73], Tak 4ro gocruraemast
MTIKOBasl TPOU3BOAUTEILHOCT paBHa 108 X 128 X v, rie v — TaKToBas YacTOTa.
Orcroza ciefyer, 4o WHGOPMAIUS O IMKOBOU IIPOU3BOAUTEIbHOCTH, IPUBO/IU-
mag Nvidia [73]| u ucnosnbzoBannas B Tabsmie 12, OTHOCHTCH K YCKOPEHHO
(boost) wacrore. IonbzoBaren A100 UMEIOT BO3MOXKHOCTDL YIIPABJIATh
TAKTOBOHN YACTOTOI, UTO MO3BOJIsIET peryaupoBaTh TDP u CcTaOUIN3UPOBATD
U3MEPSIEMYIO IIPOU3BOIUTEILHOCTb — TaK, B [186]) a1 ucciaenosanuii g0~
cruraemoit GEMM npousBoauTe IbHOCTH HCIIOJIB30Bajach dyacrora 1005

MTI'm.
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Cospemennbiii npodunuposiuk Nsight Compute [187] ayist A100 dbukcn-
PYeT IO yMOJTIAHUIO 0A30BYIO0 TAKTOBYIO YACTOTY, UTO JA€T IMOBTOPSEMOCTH
PE3yJIbTATOB, HO COOTBETCTBEHHO 0OJIee HU3KUE ITUKOBBIE TPOU3BOIAUTEIHHOCTH,
qeM yKazaHHble B Tabsmie 12. Ba3oBble 4acTOTHI 3aBUCIT OT KOHKPETHOM
ucnosb3yemoii mogesu A100 (ux 4 caMbIx BasKHBIX JJIst JAHHOTO 0030pa— Ha HUX
00BIYHO TIPOU3BOUINCH PACUYETHI U BBIMOJIHSIACH TECThHI TPOU3BOAUTETLHOCTH
st HPC u UN), onu orimmgaiorca emkoctbio HBM2E u dopm-dakropom.
B Tabumre 13 npuBesieHbl BeJINUMHBL UX 6A30BBIX 9acTOT U3 6a3bl JaHHBX [185].

Kpowme Toro, B pazabix Moaesasx A100 oTinyaioTcss U UCHOIb3yeMble
YACTOTHI MIAMSTH U COOTBETCTBEHHO ee IIPOIYyCKHAasl CrIocOOHOCTh. ToJIbKO j1BE
mogesim A100 ¢ emrocThio tamsitu 40 I'B uMmeror oguHakoBble YaCTOTHI, &
[OCKOJIBKY MUPHHA MUHBL aMsith (5120 6uT) onuHAKOBa ¥ BCEX MOJesiel
A100, To u Teopernyeckas IPOIycKHas criocobHocTh v Mojeneir A100 ¢ 40 I'b
MAMSITH COBIQIAET (e€ MOKHO MOCYUTATH, YMHOKHUB IUPUHY IIHHBI HA IACTOTY
naMsitu). B rabuune 13 Takzke npuBeieHbl YACTOTHI MAMATH PA3HBIX MOJEJIei
A100 (namnbre u3 [185]).

TABMUIIA 13. Bas3oBble TAKTOBbIE YACTOTHI PA3JIMYHBLIX MOJE/IEH
A100 n ux maMsaTH

Mogenb GPU A100 | Baszosas gacrora | Yacrora mamsarn
A100-PCle-40GB 765 MT'1 1215 MTI'g
A100-sxM4-40GB 1095 MI'n 1215 MTI'n,
A100-PClIe-80GB 1065 MI'n, 1512 MI'n,
A100-sxM4-80GB 1275 MI'n, 1593 MI'n

HO BE€pHEMCd K OIIpeIe/IAI0IUM MaKCUMAJIbHYIO ITMKOBYIO ITPOHU3BO-
murenbHOCTb A100 Ten3opHbIM sijpam. OHHU JarkKe IIPU TAKUX MAJIEHbKUX
aIIapaTHO HOIJEPKUBAEMBIX MATPUIIAX UMEIOT ellle BO3MOXKHOCTh y4eTa B HUX
MEJIKO3EPHUCTON Pa3pPeKEHHOCTH, YTO OTHOCUTCS K (hopMaTaM MOHUKEHHOM
otunocuresbHo FP64 TogHocTr U maeT TaM MOBBIIIEHNE TTHKOBOM IIPOM3BOINU-
TesibHOCTH B 2 paza [94] (cm. Tabsuiy 10). Dra paspexenHocts B V100 He
HOJJIEPKUBAJIACH U OPUEHTHPOBAHA B OCHOBHOM Ha 3aja4u UM (cM. mojpobree
B [73]).

[Tockombky MHOrEM TpmIoKeHusM HPC yMHOXKEHUsSI MATPUI] He TPeOyIOTCs
(11es1€CO06PABHOCTD MOJJIEPXKKU €ro AllllapPaATHBIMU CPEJCTBAMU BOOOIIE
jquckyrupyercst [90]), He MeHee BayKHOI 151 ipou3BouTestbHocTH A100
C JIBOITHOI TOYHOCTBIO SIBJISIETCsI IIUKOBAasi IIPOU3BOINTEIHHOCTH BEKTOPHBIX
CUDA-siyiep FP64, He nMeromux OTHOIIEHNS K TeH30PHBIM A1paM (CM. PUCYHOK 6).

B omrom SM umeercst 32 Bekropubix 6s10ka FP64 (coorsercrByIomue Bek-
topuble 6J10kn FP32, KoTophix B KaxkaoM SM B JBa pasa OOJIbIIe, TPAIUIIOHHO
mmenyiorcst CUDA-sirpamu) [73]. Juist Becex 108 SM 9TO 1aeT COOTBETCTBEHHO
6912 pesysbraTos 3a TakT (Garogapst IPUMEHEHUI0 KOMAHBI «yMHOKATh-1-
CJIOZKUTB> ), UTO TIOCJIE YMHOXKEHUsI HA YCKOPEHHYI0 TAKTOBYIO YACTOTY U JIAET
nukoByto pousBoauresbHocTs A100 B 9,7 TFLOPS 1t gBoiiHO#M TOUHOCTH —
6e3 IIpUMeHeHHs] TeH30PHBIX Ajep (cM. Tabmuiy 10).
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Kpowme Toro, B kaxkgom SM umeercst 4 6sioka SU, YCKOPATIONINX pacdeT
TPAHCIEHIEHTHBIX DYHKIHI. ITO MOXKET OBITH MPAKTUIECKN BAXKHBIM 71
caMbIX Pa3HbBIX NpuIokeHuii, oguako SFU 6bin qoctymnabl B GPU Nvidia
nmasHo, eme mo V100, Ho Tonbko musa dbopmara FP32 (monpotuee cm. [188]).

[TockobKy mocTuraemasi mpou3BoguTebHOCTH GPU Tak 9acTo 3aBUCUT OT
IIPOILYCKHOM CIOCOOHOCTH IaMSTH, TEIEPD CJIEAYET OOPATUTHCA K MEPAPXUHI
mamsare B A100. TTockobKy TpaIunnoHHO GOJIBINTOE KOJTUIECTBO HapalIeIbHO
BBITIOJIHsIeMbIX Ha GPU Hureil Tpebyer MHoro peructpos, B A100, kak u B 6ojiee
crapbix GPU, B kaxkgoM u3 4 pazmnenoB SM nmeercs daitin 32-pa3psiTHbIX
perucrpos emkocThio 64 KB (cMm. pucynok 6). Kaxias BolnosHsgeMast HUTh
UCIOJIB3YeT COOCTBEHHBIE JIOKAJIbHBIE PEIHCTPHI U3 COOTBETCTBYIOIIEro daiiia.

Creyomum 3a perucTpamMu B wepapxuu rnamartu yposaem B A100
aBigercss D-kamr L1 u pasaensiemasi maM<aTh ¢ o0mieil emkoctbio 192 KB.
On obecrieuanBaeT BBICOKYIO MPOIIYCKHYIO CIIOCOOHOCTD U HUBKYIO 3aJEPKKY;
peasibHble aHHble nMetorcs it V100 [189]. Dra namsts sipisieTcst obuelt Jyist
Bcero SM (1 cooTBeTCTBEHHO it OsioKa HuTeil B CUDA). B CUDA BO3MOXKHO
JUHAMAYIECKOE M3MEHEHNEe 00beMa PA3IeJIsieMO TaMSITH.

[Ipeamocieauii ypoBeHb HepapXuy MaMsiTH Ha IIyTU K TJI0OAJBHON aMATH
HBM2E — kam L2 emkocrsio 40 MB — paccmarpusaercs B [73] B obreM
¢ HBM2E nonpasnesne. IlpocTpancTBa 3Tux ypoBHENH NaMSATHU SIBJISIOTCS
obmumu 1 BeeX SM u Bcex paboraromux Ha GPU npumoxkenunit. EMKocTh
kamma L2 o cpaBaenuro ¢ V100 BeIpocsa 6osiee ueMm B 6 pa3. DTOT KIIIT
CYNTHIBAET M 3anuchiBaeT B nmamatb HBM2E ycrpoiicrsa. st 60stee BbICOKOTO
pacmapasneuBanus B A100 myis kaxkgoro SM 6bL1a Hy»KHa 60J1ee BBICOKAsT
MPOIyCKHAast criocobHocTh. [yist aToro kam L2 6bu1 06pa3oBan B BHE Hepapxun
Pa3JIeIoB, U KaXKIbIil pa3jies KIIMpyeT JTanHble Oymke K jgoctyimy K SM, ato
CHUKAET 3a7ePKKy [94].

Bospocrme o cpasrenuto ¢ V100 mupuna narepdeiica HBM2 u gactora
HaMATH JaJU POCT MPOILYCKHOi criocobnocTu npumepHo B 1,7 pasa (cm.
tabuuiyy 10). Irobel yseanuauTb 3bMOEKTUBHbIE BEJTUIUHBI IIPOILYCKHOMN
cnocobnoctn DRAM u emkoctu kama L2, 8 A100 misa 3amad UM umeeTcst
almaparypa C:KaThs Pa3PeKEeHHbIX JAHHBIX (JI0CTUraeTcs cxkaTue 1o 4 pas
B DRAM, 10 2 pas B L2) [190].

B CUDA ucrosis3ytoTcsi CBOM THITBI TAMSITH, HEKOTOPBIE I3 KOTOPBIX PEAJTBHO
pacroJiararoTcsi BMECTe Ha OJHOM THUIIE allllapaTHON maMaTu. B orinydne
OT pa3esIsieMOil TaMATH, JIOKAJIbHAS HAMITh SABJISETCS JTUIHON MaMITHIO
Kaxk ot Hutu. B Trepmuaoorun CUDA obJiacTu TyI00aIbHOM U JIOKAJIBHOM
naMsitu (B oTyimune oT rIobanbHOi oHa K mmpyercs: [16] ) nmenyoTces
maMsaThio yerpoiicrBa u pacnonaraorcs B8 HBM2E. Ilocrosanast maMsaTb
(>KUByIIAZ TOJBKO BO BpeMs PabOThI IIPUJIOKEHHsI, B 9TON [AMATH PA3PENIeHO
TOJIKO YTEHHE) PACIIOJIArAeTCs B IIAMITH yCTPOHCTBA (IOCTOSHHAS AMSITh
Kammpyercs). UTo Kacaercs MaMsaTH TEKCTYP, OHA PACIIOIATAETCA B KAXKIOM
SM (cM. pHCYHOK 6) U K3IIMPYeTCst B CIENUAIbHOM Katme [73].
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B A100 nmosiBusichk cpejcrsa MIG, OprueHTHUPOBAHHBIE Ha PelleHne pobJie-
MbI BO3MOKHOI 17151 LI0]] 1po0ieMbl HEIOCTATOYHOCTH HUCIIOJIb30BAHUS PECYPCOB
A100 ompesesieHHbIMUY TIPUJIOYXKEHUSIMHE, Te npumenerne A100 craso ObI
coorBercTBeHHO HeabdekTuBHbIM. A100 MOoXkKeT DyHKITMOHIPOBATH KaK 0
7 M30JIMPOBAHHBIX K3EMILIAPOB I'PadUuIecKux Iporeccopos [73], nepena-
CTpanBaeMbIX HA JIETY JJIsd YIOBJIETBOPEHUS JTUHAMUYIECKH U3MEHSIOIIIXCS
norpe6uocreit [94], T.e. moayUYalOTCs BUPTyau3upoBannbie GPU, umeroriye
6oJiee MaJIeHbKIE BBIYUC/IUTE/IbHBIE PECYPCHI.

Hosas dyukims MIG obecrieunBaeT yirydIieHHy0 U30JISAIMI0 KJINEHTOB (B
TOM YHCJIE BUPTYAJILHBIX MAIIMH 1 IPOIEccoB) 1 QoS Jjisi MHOTONOJIb30BATE b
CKUX W BUPTYAJIU3UPOBAHHBIX GPU, 9TO 0COOEHHO IMOJIE3HO JIJIsT TIOCTABIITUKOB
obsraunbix yeuyr [73]. st MIG oueHb BayKHBI HOBBIE TEXHOJIOIUU 00paboT-
Ku cboeB B apxurekType Nvidia Ampere— ijisi obecrieyeHust HajIezKalei
A30JIAINNA U OE30IIACHOCTH MEXKTY KJANEHTaMU, UCIOIb3yomuMu oana GPU.

Kak ykazano B [94], mojjiepkuBaiTCs JBa TUIA 3K3eMIuisspos MIG. Ojun
TUII U30JIUPYET BBIYUCJINTEbHBIE PECYPCHI, HO HE CHUCTEMY ITaMSATH, YTO
[TO3BOJISIET OMEPAIMOHHOI CHCTeMe TLIAHUPOBATD MIPOIECCHI C YIIPOIIEHHBIM
aJIMUHUCTPUpOBaHUeM. JIpyroil TUI JOMOJTHUTETBHO 00eCIIeInBaeT PYyHKIINO-
HAJIHYIO M30JISAINI0 U U30JISINIO TPON3BOIUTELHOCTH B CUCTEME ITaMsTH.
B srom ciryuae A100 nasuadaer KaxkjgoMy MIG cBou cobCTBEHHDbIE (hDU3MIE-
ckue iyt (B TOM 4ncisie K Koy L2 u unrepdeiicy namsrn), obecreunBasi
JIOLOJTHUTE/IbHY IO GE30IIACHOCTD JIJIs O0JIAYHBIX BhIYUCIeHui [94].

UcnonbzoBanne MIG MO3BOJISET PACIIUPUTD IEJIECO0OPAZHOCTD IIPUMEHEHUST
A100 ma 6ostee mrpokyIo obacTh pabot. [Togpobiyto nrdopMalmo o HacTpoiike
u ucrnosb3opannu MIG cm. B [191].

B pyxosozacrse Nvidia o A100-PCIe-80GB [192] onucanbl BO3ZMOKHOCTH
CPeJICTB IPOrPAMMHOIO YIIPABJICHUS JIEKTPOIIUTAHIEM, TTO3BOJISIONINE Ha-
CTPOUTD TIPEJETbHYIO MOTPEDISIEMYIO MOITHOCTD IpadUIeCcKO TLIAThl UJIH
npousBouTeIbHOCTE Ha Bart. B A100 mMmeercst, ecTecTBEHHO, €Ille MHOTO
BaXKHBIX JIJTsl JIOCTUYKEHUST BLICOKOIN MTPOU3BOIUTELHOCTH BO3MOXKHOCTEHN, Cpen
KOTOPBIX CJIEJyeT B MEPBYIO OYEPEIh YKA3ATh HA MOIEPKKY ACHHXPOHHOTO
KonupoBanus (Ha ypoBHE ISA)— OHO 3arpy?KaeT JAHHbIE HEIOCPEICTBEHHO
73 TJI00aIBLHON TAMITH B pas3je/geMyo MaMsaTh B SM, Munys dailia perucrpos,
¥ MOKET BBIMOJIHATHCSI B (DOHOBOM PEXKHUMe, MOKa SM BBIIIOJIHAET IPYyTHe
BBIUHCJIEHNs (ITO 320/[HO CHUKaeT sHepronorpebierne). Iloapobree 06 sT0M 1
apyrux BoamoxkHOCTsX A100 cm. [73]; kpaTkoe paccMOTpeHne aCHHXPOHHOTO
BBITIOJTHEHUST TIEPEJIad JTAHHBIX M BBIYUCJIEHUIl MPOBOAUTCS Jajee B pasjese 4.2
mpo H100, B KOTOpOM COOTBETCTBYIOIIE BO3MOXKHOCTHU OBLIN CYIIIECTBEHHO
pAaCIINPEHBI.

Omucanne mexkcoeanuenuii A100 ¢ ncnonbp3osanneM kanasos NVLink
IIPOBEJIEHO HUXKe B pazjiesie 4.1.2, MMOCKOJIbKY OHO OTYACTH OTHOCHUTCH YIKe
K JIOTIOJTHUTETbHBIM K GPU anmmapaTHBIM CPEJICTBAM — TaK, 3TO B3AMMOCBI3AHO
yke u ¢ coeaunenusimu ¢ LI gepes PCle.
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4.1.2. Mexcoegurenus ans A100 n BbrdncantenbHbie cuctembl ¢ A100: ot
CEPBEPOB [O CYNEPKOMMLIOTEPOB

Mexcoemumenus NVLink nms cBsa3u mexay Heckoabkumu GPU Nvidia
B cepBepe Bo3HUKJN errie 10 nosisiernst V100. VcxonHo Bo3HuKaa npobiema
HEJI0OCTATOYHO BBICOKOI mpoiyckHoi criocobnoctu PCle mist ¢cBsizu GPU ¢ LI
OO6muit 0630p UCIOJIB3yeMbIX it GPU MeKCOeIMHEHNIT Pa3InIHbIX (DUPM
umeercs B [193]. NVLink—sr1o kaHas, a yeTpoiicTBa MOI'YT UMETh [0 HECKOJIBKO
KAHAJIOB, U CBI3BIBAIOTCH YePe3 SYEHCTYIO CETh.

EcrecrBenno, ogenns muoro obmiero ¢ NVLink3 B A100 umeer Bropast
gepenst (NVLink2), ncnosnbsyemas B V100. B [194] noxpo6HO paccMoTpeHb!
pasymYHbIe ITOKa3aTesn npounsBoauTesbaoctu paborsr NVLink2 ¢ V100.
NVLink2 (Bmecro 6onee meqrennoro PCle 3.0) ucnosbdyercs u Jyist CBsA3M
¢ IBM Power9, u obecrieanBaeT KOrepeHTHOCTD KIIIIA.

Kak u PCle, NVLink2 siBisiercst nakerHoit musoit, Ho NVLink2 addexTus-
Hee IIpu 1iepejiade HeOOIbINMNX TAKeTOB — ¢ 16 HaliT 3arojioBKa MOYXKHO IEepPEIaTh
256 mose3ubIx GaiiT. B 9TOM MeXKCOeIuHEeHNH HCIOJIB3YEeTCsI TOIOJIOI U
SIYENCTON CTPYKTYPBI JJIs COEIUHEHNI TOUYKa-TOYKa, YTO JaeT OoJsiee BHICOKYIO
001y 10 IPOIYCKHYIO CIIOCOOHOCTD TI0 cpaBHeHuio ¢ Tomosorueii nepesa B PCle.
CoeiuHEHUST COCTOSIT U3 HECKOJIBKUX IMOJIHOIYILIEKCHBIX KAHAJIOB, KOTOPhIE
06MeHUBAIOTCs JaHHBIMU €O ckopocThio 25 I'B /¢ B KaxkioM HanpasieHuu.
VerpoiicTBO mMeeT 10 MeCTH KAHAJIOB, U UX MOXKHO OObEINHUTH B 3 KaHAJA
¢ obmeit ckopoctbio 10 75 I'B/c. I PCle, u NVLink o6ecrieunBaior qByHAIpas-
sennbie repegayan, Ho NVLink nmeer ere npamMoit 10CTyn K CTPAHUIHON
namsite LTI [194]. B [194] npuBossiTcst JaHHBIE O JOCTUIAE€MON IIPOILYCKHOM
criocobrocTu u 3aep:kkax NVLink2.

IIpumenenne KommyTaTopa Jijist c¢Bs3u mexk 1y GPU Nvidia me Tonbko
CIIOCOOCTBYET POCTY MACIITAONPYEMOCTH IIPOU3BOIUTEIHHOCTH — HO JTA€T
KpaiiHe BaskHOe (0COOEHHO JIs COBPEMEHHBIX 3a1a4 VM) yBesndenne obbema
nmocrymaoit maMsitu GPU. NVSwitch siBistercst HeOIOKUPYIOMUMCS KOMMYTATO-
pom, koropsriit mmeer 18 moproB NVLink, u maer BO3MOXKHOCTH TOJICOEMHEHST
4gepe3 NVLink no 16 GPU, obecrieunBasi KayKJI0My KaHAJIy JBYHAIPABJIEHHYIO
upoiryckuyio crocobuocts 50 I'B/c—u cooTBeTCTBEHHO CyMMAapHYIO MPOIYCK-
Hy!o criocobHocTh KommyTaTopa 900 I'B/c [195]. Hanpumep, B peanusanun
Ha MATEPUHCKUX IJIaTax, cojepzKamux 1o 8 GPU, KaXK/IbIil U3 HUX MOJIKIIOYEH
K 6 KOMMyTaTOpaM ILIATHI, IMEIOIINM CBA3U U C KOMMYTATOPAMH APYyToit
miaTbl. KomMmyHsukarumn GPU BHYTPHY ILIATHI TPEOYIOT OJMH IIPOXOJ, Yepes3
NVSwitch, ¢ GPU Bropoit trarsi— 2 mpoxoga depe3 NWSwitch. st obecriede-
HUS HAJIE2KHOCTH KOMMYHUKAIUI B KaHAJIAX IIPU [Iepeatie UCIOJIb3yeTCs
uKIngIeckoe n3bsrrounoe koauposanne (CRC), a BHyTpH KOMMYyTATOPOB
(manpumep, sl MapIIpyTU3aluu) npuMensercs ko ECC (moapobuee cM.
B [195]). Orpannuenus mo MPOIyCKHON cIocObHOCTH Ha cepsepax ¢ V100
MOT'YT CKOpee BO3HUKaTh IpH Iepejade jaHHbix 110 PCle mex iy GPU u CPU.
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B cospemenubix multi-GPU cepsepax ¢ A100 ucrosb3yiorest yzke NVLink3.
HuskoyposHeBbie feTanu, 00bsICHSIIONAE, 338 CIET Yero YAAJI0Ch JOCTUTHYTh
[TOBBIIIEHNUs] IPOIIYCKHON CIIOCOOHOCTU M CHUYKEHUE 3aJePKeK OTHOCUTETBHO
V100 ¢ NVLink2, paccmorpenst B [94]. C Toukn 3peHust mOIb30BATENS
[VIABHBIM SABJISIETCHA TO, YTO MPHU MPAKTUIECKHU HE M3MEHUBIIENCSH IIPOILYCKHOI
CTIOCOOHOCTH KAHAJIOB UX 9HCJI0 Bozpocso ¢ 6 Ha V100 mo 12 ma A100.

B multi-GPU cepepax, ucnosb3ytonmmx NVLink, cooTBETCTBEHHO BO3MOXK-
HBI Pa3JInIHble KOHKpeTHbIe Tonojorun [190]. Hanpumep, B opneHTHPOBAHHOM
ua 3amaan U cepepe DGX A100 umeercst 8 GPU u 6 mukpocxem NVSwitch, u
KaxkIpIil GPU mojkiiogaercst K Kaxk oMy NVSwitch ¢ momorpio 1Byx KaHaI0B
NVLink3 [196]. 910 nmmoctpupyercst pucyakom 7 (mst cesisu ¢ EPYC Rome
ucnonssyercst PCle-kommyrarop PEX) [73].

AMD Rome AMD Rome
64C 64C

I gmda geIInn =]
PEX PEX PEX PEX
Switch Switch Switch Switch
=] ] =] ]

Pucynok 7. Mexcoequuenne GPU B cepepe DGX A100 (pucynok
u3 [73])

NVLink3 obecrietinBaeT TakKe yaydIileHHbIe PYHKITUN OOHADY 2KEHUST
ommbok n Boccranosenus [190]. XoTs, Kak yKasaHO BBIMIE, OJUH KAHAJ
NVLink 8 A100 umeer nponyckayio crocobnocts, kak u 8 V100,—25 I'B/c
B KaXkKJIOM HAIIPABJIEHUH, HO OH HCIIOJIb3YEeT BJIBOE MEHBIIE [Tap CUTHAJIOB
Ha kanaJ o cpasaerunio ¢ V100. Yapoenne uncsa kanaiaos B A100 1o cpaBHeHno
¢ V100 gaso oburyro npomyckayio cnocobuocts 600 I'B/c ayis scero A100
no cpasrernto ¢ 300 I'B/c mus V100.

B [3] ma pasubix cepsepax ¢ gersipbMs GPU V100 u Ha cepepe DGX A100
¢ 8 A100 u nByms 64-sinepubivu iporieccopamu AMD EPYC 7742 nposezennt
U3MEpEeHHUsl IPOITYCKHOM CIIOCOOHOCTH Iepejiad JAaHHBIX OT XOCTa K YCTPOMCTBY
i naobopor. st A100 ¢ PCle-v4 ona cocrasuia okoso 25 I'B/c (rme-to
Tpu derBepTu OT Teoperndeckoii Beanmunnnl 32 I'B/c qna PClex16), aro
COOTBETCTBYET OXKujaHusiM aBropos [3]. B aroit pabore 6b110 06HAPYKEHO
TaK>Ke HEKOTOPOe YMEHBIIIEHNE MTPOIYCKHOM CIIOCOOHOCTHU JIBYHAIPABICHHDBIX
obMmeHoB gaHHbIX UM ¢ «ynasenabivuy A100 110 CpaBHEHUIO ¢ «JIOKAJILHBIMU»
(umeromumu npamyio csasb 110 PCle ¢ coorBercryommum LIT), 910 66110
CBsI3aHO C KOHKypeHImeii 3a pabory ¢ PCle.
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[oustitHO, yTo pacyersl ¢ multi-GPU cepsepaMu jijist JIOCTUKEHUST OXKUJIAL-
MO BBICOKOH IPOM3BOAUTEHHOCTH BEPOSITHO MOTYT TPEOOBATH CYNIECTBEHHOM
MOJICPHU3AIIE IIPOrPAMM HJIU MIPUJIOZKEHUH, paboTaiomux ¢ oquuM GPU (1 maxe
BO3MOXKHO 00Jiee TOHKOH OINTUMUBAINH C YIETOM HEKOTOPOH «aCUMMETPUU»
pasubix GPU B cepsepe). [Ipumepamu moryt 6b1Th pabors! [197,198]. Ilpuuem
TaKas MOJIEPHU3AIINs BKJIIOYAET TAK2XKe aJrOPUTMbI, X MOXKET OXBATBIBATH U
camble 6azoBble Bery — Hapumep, GEMM (cm. [199] u [200]).

fAcHo, 9TO CepBephI, comepKale OIWH MM HeckoJabko GPU A100,
IMOCTABJIAIOTCST BCEMU BEJYIIUMHU TPOU3BOAUTEAMU cepBepoB. CepBephl
multi-GPU opuenTupoBaibl B OCHOBHOM Ha 3aJa9u U, XOTS MOSIBIAIOTCS
mporpaMMHubIe cpeJicTBa Jijist HPC B obstacTsax, rae GPU BooOIIEe He OUeHDb
qacto npuMeHssinch. Hanpumep, B npmioxkennu QUICK peanmsoBamo
pacrapajuieuBanue Ha ypoHe multi-GPU B Tom ducsie u st Haubosiee
MaCCOBO PaCIPOCTPAHEHHOIO KBAHTOBOXMMHUYECKOro MeTona DFT B rayccOBCKOM
6azuce [198].

DGX A100 ssBiastercst OpueHTUPOBAHHBIM Ha WY 3HAMEHUTBHIM «KJIac-
cuaeckuM» cepBepoM Nvidia, comepzkamum 8 GPU A100 u 6 Mukpocxem
NVSwitch [201]. On ucnonbsyer jms sroro moaysab HGX A100, u gaer
KOHKDPETHYIO (DUKCHPOBAHHYIO TOIIOJOTHIO MEXKCOEIMHEHNS C IPUMEHEHIEM
SXM4. A100 umeer aBa BapuanTa ¢ eMKocThIo namsatu 40 uin 80 I'B, coor-
BETCTBEHHO mMeeTcs JiBa BapuanTa cepsepa— DGX A100 320GB System u
DGX A100 640GB System, ¢ mamsaTbhio Ha cucremy emkocrbio 1 u 2 Th
coorBercrBeHHO. B DGX A100 umeercst gBa 64-simepabix mporeccopa EPYC
7742 Roma, xoropsie cBazanbl ¢ A100 yepe3 kommyraropsl PCI (¢ munamun
PCle-4.0x16). st cBsi3u MexKly cepBepaMu MCIOJIb3yIoTes ajganrepsl Nvidia
ConnectX-6 wmm ConnectX-7 (Infiniband HDR /200 I'6/c Ethernet) [202].

DGX A100 siBasiercst roTOBOI K paboTe CHCTEMOIl, OCTaBIsAeMOil BMecTe
¢ onepanuoHHol cucremoit (Ha 6aze Ubuntu Linux), comepzKaimeit crenuanbHbie
cpescTBa s yupasjeHus u MoHuropunra. IlomnpoGHocTu (BKJIOUYas U
PeaIn30BaHHyI0 TOLOJIOTHIO HCIOIb3YEeMbIX MEXKCOeqUHeHNiT) cM. B [202].

Kpowme Toro, Nvidia Bo3zpokgaeT JaBHO HE MCIIOJTHB30BABIIANACST KIACC
pabounx cramnuii — npemarag DGX Station A100 (upo pasmble TUIIBI CHCTEM
DGX cm. [203]).

Nvidia momia eme Jabine HA MyTH TOCTABOK OBICTPO PA3BOPAYNBAEMBIX
BBIYUC/INTE/IbHBIX cUCTeM, U co3aja miardopmy DGX SuperPOD, 6azupyto-
I IOCST HA CTPOUTEBHBIX OJIOKAX CO cToiikamu, cogepxKarmumu mo 5 DGX
A100, ¢ mocTaBKOil KJIACTEPHBIX CUCTEM, UMeIomux ot 4 10 28 croex (cMm.,
Hanpumep, [196]). Takoe ocTpoeHne CTPOUTENBHBIX GJIOKOB 3aTeM OBLIO
Mogepuu3upoBano [204]. Takue opuenTrpoBannbie Ha U cucTeMbl MOTYT ObITH
Pa3BepHYTHI BCErO 3a HECKOJIBKO Henelb [196,204]. Hanpuwmep, 8 Top500
takoit cynepkomibiorep Nvidia Selene na 6aze DGX A100, nrcramupoBaHHbIMA
B 2020 roxy, 3anumaer 9 mecro. Ouesuano, DGX A100 u 60see KpyHbIe
CHCTEMbI OPHEHTUPOBAHBI Ha YIIPOIEHNE PAOOTHI B COOTBETCTBYIOMIX LIO].
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YraxkeMm Ha erre 60Jiee MoIHbIE U3 rcnosb3yomux A100 cyrnepkoMIbioTepsI,
BXOJIAMIHE B 1epByIo JlecaTKy TopH00. BeraucaureabHble Y3JIbI NTAIBSIHCKOTO
cynepkomubiorepa Leonardo (uncrasumuposan B 2022 rojy), 3aHIMAIONIEr0
gerBepToe Mecto B Top500 [205] comepxkar oxun 32-s71epHslil poreccop Intel
Xeon Platinum 8358/2.6 I'T'; (Ice Lake) n 4 GPU A100-SXM4-40GB, a mis
CBSI3U MeXKJ1y yasamu ucnosssyercs Infiniband HDR200 (mpoxykrnus Nvidia
¢ ronosiorueit Dragonfly+).

Bocemyro crpouky B TopbH00 3anmmaer mHCTaanpoBaHHbll B 2021
roay cymepkoMmibiorep Perlmutter HanmonambHOro menTpa sHepreTuieckux
uccienosannit CIIA (NERSC, a oneparop—3HaMeHuTas B CYIIEPKOMIBIOTEDHOM
Mupe amepukaHckas Jloypercosekast maboparopusi, LBNL) [206]. B ocHOBHBIX
€ro BBIYUC/IATEIbHBIX y3J1aX UCIoJb3yercs 64-saepubiit mporeccop EPYC
7763/2,45 I'T n 4 GPU A100 (B 6osbmmmcTse y3108— ¢ 40 GB HBM, u erme B 256 —
¢ 80 GB HBM). B Perlmutter ncnosnb3yioTcsi n3BecTHBIE allllapATHBIE CPEJICTBA
noctrpoenusi cynepkomnbiorepoB HPE Cray EX235N u coorBercrBytoriee
mexkcoeuaenne HPE Slingshot 11. HTepecHo, 9TO B 3TUX JABYX MTOCJIEIHUX
U3 BBIMIEYIIOMSHY ThIX CYyIIEPKOMIIBIOTEPAX, OPUEHTUPOBAHHBIX HE TOJIHKO
Ha perrerue 3ajad U, B y3iax npumensercs o 4 A100.

4.1.3. Cpegcrea SDK ot Nvidia gna A100

O6uuii coctas cpeacts SDK. Kak u paccMOTpeHHBIE BBIIIE alllapaTHbIE
cpeacrea A100, Tak u cpescrBa SDK SIBIISIIOTCS TTPEJIIIIECTBEHHUKAMU COOTBET-
crBytormux cpegctB H100. Ho SDK sBJISIIOTCS HENPEPBIBHO PAa3BUBAIOIIUMUCH, T
UX PA3JUYHbIE BEPCUH OOBIYHO MOTYT paboTarh u s 6a30Bbix GPU Nvidia, u
st GPU HoBoro nokosienust. ITocire anammsa SDK juist A100 B orHomennn SDK
gt H100 mocraTodHO yKasaTh Ha yCOBEPIICHCTBOBAHMS.

SDK ot Nvidia n3-3a MHOroJIeTHEr0 OJHO3HaYHOro rocuojacrsa Nvidia
Ha pbiHKe GPU crajm xoporno u3BecTHbl. OcHOBY st HPC COCTABJISIIOT,
ecrecTBeHHO, cpeiuctBa NVHPC—cM. Ha caiite npoussomurens, [207]. Tam
[IPUBE/IEH U TIOJIHBIN CIICOK BXOMSIIUX B 9TH IIPOrPAMMHBIE CDEJICTBA KOMIIOHEHT,
GOJIBIIMHCTBO HA3BAHUI KOTOPBIX (B LIEPBYIO OYEPE/b MATEMATUICCKUX
6ubIoTeK) yKe 00bSACHAIOT, 3a4eM OHU Hy2KHbI. BO3MOKHOCTH CBOGOIHOIO
nocrymna K NVHPC gasiisiercs matocoMm st Nvidia. Ha momenT manmmcanust
0630pa 6bL1a ocrynHa HPC SDK Version 23 [208].

B NVHPC BXOJAT cpescTBa ¢ NoepKKoii miardgopm x86-64 (AMD u
Intel), OpenPower 1 ARM. Onu BKIIIO9aI0T KOMIMISTOPBI COOTBETCTBYIOIIETO
si3bika (¢ mogepkkoii cpegcts OpenMP u OpenACC s IT), accembiep u
PEIaKTOp CBsi3eil JJIsi TIeJIEBBIX IIPOIECCOPOB C apaMeTpPaMy U3 KOMAaHIHOM
crpokn. dtu kommmsropsl— nve (ISO C11), nvet+ (ISO C++-17) u nvfortran.
Tocnenanii (mopgepxkusaer Fortran 2003 u psy dyrkimit Fortran 2008) st
paboTel ¢ GPU MOXKeT MCII0/Ih30BaTh (MYHKINY pacnapaJuiesnBanus Fortran,

OpenMP u OpenACC.
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Hakomer, nvee— apaiisep kommuaropa CUDA C/C++ st GPU Nvidia
C IPUMEHEHHNEM CIENUAIM3NPOBAHHBIX [Usi GPU ommuii co3/1aeT ONTUMU3UPO-
BaHHBIN KO 11t GPU Nvidia u ynpasisier XocT-KOMIUIATOpoM. Tlocite tHsist
Ha MOMEHT Hamucanusi 063opa Bepcusi CUDA 6bLa 12.2. nvee CKpbIBAeT OT
pa3paboTunKa CJIOKHBIE JeTaan KoMmusaiun CUDA, 1 Bce He OTHOCSIIITIECS
K CUDA mrarun KOMITWJISIIIAA TIEPEHAPABJISET K XOCT-KOMITUIATOPY CO CIIEIAAIb-
HBIMU OINUSAME KOMaHTHOH cTpoku [208]. DddexrruBHOMY passuTHIO NvCe
crrocobCTBYET ero 0a3mpoBaHNe HA CPEJACTBAX 3HAMEHHTOI'O KOMIIUIATOPA
LLVM [209]. danee B pasuene 4.2.5 upo cpencrsa CUDA myst H100 onucana
o0Irasi cxeMa MOCTPOEHUs Pa3HbIX KOMIUIATOpoB Nvidia BIJIOTH 0 yPOBHS
BBIMIOJIHEHN S, BKJIFOUAIOIIAs U HOBbIE paHee He MCIOJIb30BABIINECS sI3BIKH
IPOTPAMMUPOBAHUS.

Maremaruueckue 6ubmoreku HPC SDK BKJIIOYAIOT, B 9aCTHOCTH, CUBLAS,
cuSPARSE, cuRAND u cuSOLVER (a5 pernenns 3as1a4 auHeHHON anrebpsr,
B TOM 9HCJIe 33Ja4u Ha cobcTBennble 3uadennst). cuSOLVERmp obecnieunsaer
otu QyHKIU 1pu pabore ¢ PaCIPEIeIEHHON TAMATHIO B MHOTOY3JIOBBIX U
multi-GPU cucremax. Bubimoreka cuFFT jgonosmsiercs budmorekoit cuFFTmp
JIst BbITTOJTHeHus: aHajaorugubix cuSOLVERmp pacmupensbix GyHKIMIA.

Huskoyposuesas 6ubanoreka cuTENSOR npennazuadena s 3a1aq
JIMHEWHO# aJireOphl HA TEH30PHBIX SJIPaX, U MOYXKET HCIOJIb30BATHCS HE
TOJIBKO It 3a7a4 U, HO u B obusracTsix HPC. /IBe odyeHb BaskKHBbIE OHMOJIHMOTEKT
obecrednBaioT KoMMyHuKarun. 1o — NCCL (Nvidia Collective Communications
Library), maorasi IpUMATUBBI KOMMYHUKAIUI Jisi MHOrOY3JI0BbIX U multi-
GPU cucrem ¢ GPU Nvidia, u NVSHMEM 11 PGAS-pacniapaJuie/imBaHust
o crargapry OpenSHMEM. 3neck mamsiTh MOXKeT B ONPEJIEJIEHHOM CMBIC/IE
HHTErpupoBaThcsd B Kiacrepe ¢ GPU Nvidia B y3s1ax, UCIoss3yst KOMMYHUKAIIUT
¢ NVLink, PCIe u Infiniband.

NVHPC BKJIIOYAET €eI1e Psiji CPEJICTB, B ToM 4ucie oriaaauk CUDA-GDB u
upodmiuposimuk Nsight Compute (st paboThl ¢ HUM MOXKHO HCIIOJIB30BATH
6ubmnoreky npoduimposanug NVTX) [208].

Cuteiyer TakKe OTMETHTH, YTO TPAIUIMOHHbBIE CPEJICTBA paclapaJslie/nBa-
nnst MPI B kracTepax n3 HECKOJLKUX Y3JI0B, comepKarmux GPU, Tak»Ke MOTYT,
€CTeCTBEHHO, TPUMEHThCsI. Ho 37eCh BayKHBIM MOXKET OBITh MCIIOJIH30BAHUE
takumu MPI, KoTopbie MOTYT MCHOJIB30BATH JABHUE AllIAPATHO-IIPOrPAMMHbBIE
Bo3mozkHOocTH GPU Nvidia u cpeicrs CUDA— GPUDirect, obecieunBatorie
nepegady panubix (RDMA) uepes PCle munys obpainenue B LI — HAIPSIMYIO
qepe3 CceTeByIO maTy. lakre BO3MOXKHOCTH JaBHO MMEIOTCS, HAIIPUMED,
B MVAPICH2 [210].

ITporpammusie cpeacrea CUDA. CUDA gBysgeTCd CaMbIM 3HAMEHUTBIM U
pacmpoctpaneHtbiM APT st paboThl ¢ GPU, 06CY?KIaBITUMCS BO MHOTI'UX
nyoaukanusx. AMD st cBoux GPU paspaboraJjia aHaJOTHYHbBIE CPEJICTBA
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HIP [58]. Intel B OneAPI ucnosb3yer DPC++, HO 0bIee HOCTPOEHUE pacapasLie-
JIMBAHUS TaM TaKzKe UCHOIb3yeT Mojesab SIMT, mepBoHAYAIbHO IPEJIOZKEHHYIO
Nvidia, u B oneAPI npumeHsaoTcsi TEPMUHBI, AHAJIOTTIHBIE UCIIOIB3YEMbIM
B CUDA (cMm. Tabsmuimy 1 Bbime). AnmaparHble CpeJCcTBa COBPEMEHHBIX GPU TeCHO
B3aMMOCBA3aHbI ¢ SIMT, MO9TOMY 3/1eCh TaKKe HEOOXOTUMO YIbTPAKPATKOE
nosicieHue ocHOBBI CUDA (mostHOe onmcanue cu. [16]).

I'py6o rosopsi, B Mmojesin iporpamvupoBadusi CUDA MHUIIIETCsT TTOCJIET0-
BaTeJbHBIA KOJI, KOTODPBIil ITapaJijieJIbHO HUCIIOJIHSAETCS MHOTUMU HUTIMH
Ha GPU, a KaxKjasi HUTb paboOTaeT CO CBOE YacThIO OOIIMX JIAHHBIX, JJIS Iero
oJIyJaeT cBoil uaeHTuduKaTOp. XOoTs paboraiomias Ha xocte CUDA-iporpaMma,
MOKET HUCI0JIb30BaTh He TOIhKO C, HO u C+-, BBINOIHSIEMOE HA YCTPOCTBE
IPOTPAMMHOE SIJIPO UCIOJIB3YeT pacuiupenusi oTHocuTeabHo C.

B CUDA ucxonnast 3ajiagua pa3buBaercs Ha HAOOp HE3aBUCHUMBIX MO/33ad,
KOTOpbIE€ CUUTAIOTCSA HA COOCTBEHHBIX OJIOKAX HUTEH. Y KaXKIOW 033/ 1a9u
CcBOIl OJIOK HUTEH, W OHA PEINaeTcss BCEMU HUTAMHU 3TOoro OJsioka. Hutu
MOI'YT B3aUMOJEHCTBOBATh MeXK/Iy CODOIl TOJIBKO B IIPeseIax OJHOro 6JIoKa.
Biiox HuTeit —3T0 MaccuB HUATEH, KOTOPBI MOXKET OBITH OAHO-, IBYX- WJIN
TPEXMEPHBIM.

Huru BHyTpH 6J10Ka HUTEH UCIOJIB3YIOT PA3JEISIEMYIO IaMATh (CBEPXOBICT-
Pyt — rpy6o roBopsi, Ha ypOBHE K3IIIa) U B3aUMOJIEHCTBYIOT depe3 OapbepHYIo
CUHXPOHU3AINIO (IpU 0OpAaIleHnn K 9Tol byHKIMN nasbHeimas paboTa
HEBO3MOXKHA, [I0Ka BCe HUTH He BOHxyT B Hee). s oOMeHa JaHHBIMU MEXK Ly
pa3HbIME O6JIOKAMU HUTEH TPUMEHSETCS [VI00AIbHAS MAMSITh.

Biiok HuTell sBIISIETCs EHTPAJIBHBIM O0BEKTOM JIjIsi [IPOTPAMMUIPOBAHMUST
pacnapaJsutenuBaaust B CUDA (xork ¢ nosiBiernem H100 Beiite 6s0ka HuTeH
B CUDA mosiBUJICS HOBBIfl ypPOBEHB, KJacTep OJI0Ka HUTEH, 3TO SIBJIAETCA
yuukaiababM yist H100). Bepxuuit ypoBenb nepapxuu Hureii — Hai Giokamu
HHATEHA — 3TO CeTKa HUTel, — OJHOMEPHBIN, ABYXMEPHBIN NN TPEeXMEPHBINA
MaccuB OJIOKOB HUTEIH.

VY Beex GJIOKOB HUTEf COBIAJAIT PA3MEPHOCTU U pa3Mep (Unciao HuTed
B Gsioke). Pasmep ceTkn HuTell (qmcsio GJIOKOB HUTEl) 1 pasmep 610Ka— 3TO
BCTpPOeHHbIE lepeMeHHble. JI1060#1 610K HUTell B ceTKe NMeeT MHIEKC OJI0Ka
B cerke. Kakmast HUTh MMeeT MHJIEKC, 3aaBAEMBbIil OJTHIM, JBYMS WUJIH TPEMS
HEOTPUIATEJIbHBIMU I€JIBIMHA YUCJIaMH.

s naaekcaruit HuTeit u 6JI0KOB IIPOTPAMMHOE SIJIPO UCIIOJIb3YeT st
«HauboJIee MaCIITAONPYEMOro» CJIydas TPEXMEPHBIE IIeJI0YNCAEHHbIE BEKTOPA —
BcTpoennbie iepemennbie threadldx um blockIdx

Kaxknprit 610k HUTEl pa3zbuBaeTcss Ha Bapiibl, U BCe HUTHU BapIla IIPUHAJI-
Jiexkar oHOMY OJioKy. Pu3nIecKu OJHOBPEMEHHO BBIMIOJIHSIIOTCS TOJIBKO
HUATH B IIpeJieJiaX OJHOTO Bapria. HuTu Ha pasHBIX Baplax MOTYT HAXOIUTHCS
Ha Pa3HBIX CTAAUAX BBITTOJHEeHUs porpaMMmbl. B CUDA-mporpamMme HET
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HEeoOXOMMOCTH SIBHO pab0OTaTh Ha YpOBHe Bapros. Bo Bcex paccMarpruBaeMbIX
B 0030pe GPU Nvidia Bapusr umeror 32 nutu. Pabora Ha ypoBHE BapioB MOXKeT
HOHAJI00UTHCS TOJILKO JIJISI MAKCHMU3AIMN JIOCTUTAEMOIl IPOU3BOAUTEIHLHOCTH
B CUDA.

Y Nvidia CUDA meT OrpaHWYeHHOrO Oa3UPOBAHUS UCKIIOYATEHHO
na C/C++. Mbr npowunocrpupyem pabory ¢ CUDA ma npumepe CUDA
Fortran, npusiekarenbHOro jist ocTatornerocs momyasapabiM B HPC Fortran
(Bo3MozkHOCTD HpuMerHenus Fortran st paGoTsl ¢ rpadbuuecKUME IPOIEccopa-
mu Nvidia gsisgercs cymecrseHnbiM 1wrocoM Gupmer). Hosefimag (k. MoMenTy
nosiBJIeHust nroHbCKoro crmcka Top500 2023 roma) Bepeust nvfortran Geuta 23.3.

Pacmmupenns CUDA Fortran mo3Bosisiior BuInoHATE B Fortran-mporpame
HAIMCAHUE TOIIIPOrpaMM U (PYHKIINAHN Jjisi BBIMOJHEHUsT HA, IPa(UIeCKOM
IIporieccope, BKJI0Yast 00bsIBIEHNE IIEPDEMEHHBIX, BbIJIEJIEHHBIX B ITAMATH
ycrpoiictBa GPU 1 BbLIe/IeHIE TUHAMWYIECKON ITaMATH B IaMATH ycTpoiicTsa GPU.
Ecrectsenno, CUDA Fortran nMeeT moJiiepkKKy Onepariyi KOIMMPOBAHUS JAHHBIX
73 MaMATH X0cTa B maMsaTh GPU u obpaTHO, U BBI30B mojmporpamm GPU ¢ xocTa.
CUDA Fortran obecrnevumBaeT MPOrpaMMHBII TOCTYII K TEH30PHBIM SIIPaM,
B3anmoyieiictBue ¢ CUDA C, ucrnosib30BaHne aCHHXPOHHBIX IIEPEIAT MEXK Y
XOCTOM U rpadUIecKuM MPOIeccopoM (ACHHXPOHHAS TI€peIaia TI03BOJISIEeT
UPOBOJUTH BHIYUC/IEHUs HA YCTPOICTBE OJHOBPEMEHHO C Lepeiaueil JaHHbIX) U
MHOT'O JIDYIUX Hy2KHBIX J[JIsi COBpEeMeHHBIX GPU Bo3MoxKHOCTel [211].

IIpocreiimuii mpumep TOro, Kax ycrpoera mporpaMma na CUDA Fortran
u3 pykosojcrsa Nvidia, [211] nurupyercs Huxe.
Kom na xocre Ko va ycrpoiicTse

1 program t1
2 use cudafor

2
3 use mytests
. y I module mytests

integer, parameter:: n = 100 5 X
5 integer, allocatable, device:: iarr(:) 2 contains
()_ int ’h( ) ’ o ' 3 attributes(global) &
> tnteger n . | subroutine testl( a )
7 istat = cudaSetDevice (0) - N
8 allocate (iarr(n)) 5 integer, device:: a(x)
‘)' h = 0: iarr = h 6 i = threadIdx’%x
¢ H 7 a(i) = i

10 call testl<<<l,n>>> (iarr) % return

11 = i

15 hrinéair& 9 end subroutine testl
N {) T s 10 end module mytests
13 "Errors: ", count(h.ne.(/ (i,i=1,n) /))

14 deallocate (iarr)
15 end program t1

B kojie X0CTa UCHIOJIL30BAHUE MOJLYJIA cudafor (CTPOKa 2) obecrieunBaer
unrepdeiicel kK 6ubanoreke ppemenn poinosaHenus: xocra CUDA (B manHOM
mporpaMMe — K cudaSetDevice(), I/l BBIOUPAETCST HOMED yCTPONCTBa 0— 9TO
BbI30B API B crpoke 7). B cTpoke 3 yKa3blBaeTCs Ha UCIOJIL30BAHUE MOJLY-
JIsl HA yCTPOUCTBE (9TOT MOJYJIb COMEPYKUT BBIZBIBAEMYIO TIOIIPOIPAMMY
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test1). B 8-if cTpoKe IporpaMMbl pacupeiesiseTcs MaCCUB iarr HA YCTPOIi-
CTBe, a B CJIeIyIoNIeil CTPOKe MHUAINAJIN3UPYIOTCH JIaHHbIe U Ha XOCTe, U
Ha ycrpoiicrse [211].

BrImoageMoe Ha yCTpOHCTBE IPOrpaMMHOE SIIPO BBI3bIBaeTCA B cTpoke 10;
<<<1,n>>> 3JIeCh O3HAYAET, YTO IIPOIPAMMHOE SIPO BBINOJIHAETCS 1 HUTAMU GPU
(B Gostee O0IIEM CIIy9ae n B TAKOM CHHTAKCUCE YKa3bIBAaeT INCJI0 HATeH B GJI0Ke,
a Iepe/] 3amaTol yKa3bIBAeTCA YUC/IO0 OJI0KOB HUTEH, KOTOPOe 371eCh paBHo 1).
B crpoke 11 pe3ysibTaThl BBIIOJIHEHUS IPOIPAMMHOIO S1Pa IEPEIAI0TC
B MACCHUB XOCTa, & B 14-if cTpoke MaccuB iarr Ha LIl 0cBOOOXKTa€TCSI.

Yro KacaeTcst mpaBoit JacTu (POPTPAHHOIO TEKCTA, BLITOJTHIEMOTO
HA yCTPOICTBE, TaM HCIIOJIb3yeTCs MPedUKC attributes(global), UTO SABJISIETCS
pacimpenueM B s3bike CUDA Fortran. ATpubyT global O3HAYAET, YTO COOTBET-
CTBYIOIIHI KOJI BBINOJIHSIETCS Ha YCTPOHCTBE, HO BBI3BIBAETCS U3 XocTa [211].

Mecrast n ceibMast CTPOKU KOJIA JIJIsl yCTPONCTBA MIPEJICTABIISIIOT COOOM
3ameny 1ukja do B obbikHOBeHHOM Fortran:

1 do i=1,n
2 a(i)=i
3 enddo

ITockosibKy mojIporpaMma testi BBIIOJHsIETCsT Ha GPU, TO OHa mapaJi-
JIEJIBHO BBIIIOJIHSIETCsI HECKOJIbKUMU HUTSIMU Ha GPU, KaxKiast n3 KOTOPBIX
unentudunupyercst Berpoennoit nepementofi Threadldx(ona ucnomnesyercs Kak
HHJIEKC 9JIeMEHTa MaCCHBA,).

XOoTsI BHEIIHE TPUBEIEHHBIN BbIIIE TPUMATHBHLIN TekcT Ha CUDA Fortran
CO3/IAeT OIILyIIEeHNe TPOCTOTHI, PEATHHO HE IIPOCTO MMEETCS MHOXKECTBO JPYTHX
SI3BIKOBBIX KOHCTPYKIIHI, 8 MPOUCXOIUT CMEHA HAPATUTMBI — B MOILYJISAX
YCTPOHCTB MCU€3aI0T OOBIYHBIE IIUKJIBI, BMECTO HUX BCE 0A3MPYyeTCs Ha BBIIIE-
onucanubix SIMT-ocHOBaxX (IIPUMEHEHNE JUPEKTUB TEHEPAIMH [IPOrPAMMHOIO
CUF-siipa u3 nukja siBJIseTcs CIIOCOOOM YIIPOIIEHUsI ITPOrPaMMUPOBAHUSI,
KOTJIa. KOMITHJISITOP CaM I'€HEePHPYET [POrPaMMHOE SIJIPO ISl 9aCTU KOJIA XOCTa
CO BJIOYKEHHBIMU I[UKJIAMH).

CUDA Fortran mo3Bosisier paboTaTh COBMECTHO C JPYTUMU ITPOTPAMMHBIMEI
cpeacrBamu. Hampumep, Bo3MokHO coBMecTHOe uctosib3oBanne OpenACC
u CUDA Fortran B ommoii mporpamme; B mporpamme ¢ OpenMP moxknO
UCIIOJIB30BaTh aMATh, yipasisemyo CUDA [211].

ITo URL Buza https://docs.nvidia.com/hpc-sdk/pdf/hpcVv.pdf, rae Vo —
Bce nudpnt Bepeun SDK (Hanpumep, Vo=233 njs Bepcun 23.3 HA MOMEHT
Hanucanust 0630pa), JOCTYNHBI onucanus uaTepdeiicos 6ubamorek (310 API)
K CUDA Fortran.

B 3aBepmenne kpatkoit uagopmarmu o CUDA Fortran ciemxyer oTMeTuTh
TOYKY 3peHusi coTpyaankoB Nvidia, ykasaHHYI0 B WX M3BECTHON KHure [212],
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qrto npumenenne CUDA Fortran Gyer Hare/ieHHO B MEPBYIO OUepe b Ha TEX
IIPOrPAMMECTOB, KOTOPBIM BakKHO OOecIedeHIe IIePEHOCUMOCTH IIPOrPAMMHBIX
CPEJICTB, SICHOCTH M yI00CTBO COPOBOXKICHUST KOJA IPU JOCTUKEHUH TTPUEMJIC-
Moit ipou3BoauTeIbHOCTU. HO JIErKOCTh HaIlMCcaHus KO/ JTaeT U JIPYToi
BaxKHBIN 3D deKT, yBeanueHne MPOon3BOIUTEIBHOCTU TPYIa (yMeHbIIEeHe
CPOKOB pa3pabOTKU IIPOTPAMM).

EcrecTBento, nmporpammibie cpeacTBa Kiacca SDK, KOTOpBbIE MOTYT
npuMeHaThest mpu pabore ¢ GPU Nvidia, umeiorcss n y Apyrux pa3pabOTIMKOB.
Hampumep, HPE Cray MPI [213] ¢ nogmepskxoit CUDA (stor MPI koppekTrO
KOILIUpyeT JAaHHbIE U3 HaMsTH YCTPONCTBA B IAMATH CETEBOIl IIAThl (U
00paTHO) IIyTeM HesIBHOIO KOIIMPOBAHUS JAHHBIX CHAYAJA B AMSITH XOCTA,
a OTTYyJla B CETEeBYIO ILIATY, WJIM HAIPAMYIO (MUHYs HaMsTh XOCTa) IIPU
nopnepxkke GPUDirect RDMA [214], xoropas nmeerca 8 A100. MVAPICH2-
GDR [215] rak:ke moxer B3anmozeiictBoBath ¢ CUDA. ITpo cpencrea AMD
HIP, koTophie MOTyT paboTarh u Ha GPU Nvidia, ymomunasoch Beiire. Takue
He cozmasasiuecs Nvidia cpescrsa SDK 371ech 00CyX)K1aThCsT HE OYIyT — HO
BO3MOXKHO X PACCMOTpEHUE B pasjenax 063opa mpo GPU HOBOTO TOKOJIEHHUSI.

4.1.4. [anubie o npoussogutenstoctu A100

Xorst 0030p HareseH Ha GPU HOBOrO IIOKOJIEHUSI, TIPEJICTABIISIETCS HYKHBIM
[IPUBECTU JIAHHBIE O JlocTUraeMoit nmpoussoauresbuoctd A100 u ero yckopenus
ornocuresbHo V100, Mudopmannsa o npoussoaureasnoct A100, garomast
emie u corocrapjenre ¢ GPU HOBOrO MOKOJIEHUsI, PACCMATPUBAETCS JTaJIee
B COOTBETCTBYIONIUX pa3fesax mpo 3tu GPU, u 3/1eCh MOXKET He IIPUBOIUTHCS.

IIpo nmuKoBBIE TPOU3BOIUTETHLHOCTA TOBOPUJIOCH PaHee, TYT PACCMATPUBA-
I0TCSI JTAHHBIE TECTOB MTPOU3BOIUTENLHOCTH U Tpujoxkenuit. Hajio uvers B BUY,
qyro nocraBku GPU A100 or Nvidia, mauasimmecst B 2020 roy, corpoBOXKIaJIUCh
TaKUM aKTUBHBIM IIOsiBJIeHreM HOBBIX Mojeseil A100, B ToM 4ucje B CBS3U
C OJIHOBPEMEHHO MPOOYKIABITIEHCS KOHKYPEHITUE C MOSIBIIAIONIIMUCI B 9TO
BpeMsi GPU HOBOro mokosienust or AMD, 4T0 aBTOpbI HEKOTOPBIX ITyOJIMKAIIHIA,
rJie ucroJib3oBasuch Hoseiimue A100, He Beera OIHO3HAYHO TOYHO YKA3BIBAJIN
mapaMeTphl UCIIOJIH30BABIIECS MOIEIN.

31ech 10JIE3HO cresiaTh HeOOJIbInoe BBeJeHne 00 3P PHEKTUBHOM HCIIOJIb30-
BAHUU TEH30PHBIX SIJIEP /I YMHOXKEHUS IIJIOTHBIX MATPHUI[ U O IPUMEHEHUH
cMermannaoit Tounoctu. Jist paboTsr ¢ U 3TO TOCTATOTHO €CTECTBEHHO, JIJIs
00brunbIX padoraonux ¢ FP64 HPC-nipusoxenuit, 3¢bdeKTHBHO PabOTAIOIIIX
Ha GPU, takxke dacrto npejnoJaraercsa npumenenne DGEMM. O6cyxaenne
BOIIPOCOB, HACKOJIBKO aKTyaJibHa ammnaparHas nojuepkka DGEMM s
MaccoBbIX HPC, M MOYKHO Jin 0OXOJINThCS 00JIee HIU3KOI CMENaHHON# TOYHOCTHIO
cM. B [90].
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st HPC vate Tpebyercs pabora DGEMM ¢ GoJibimmMu KBaipaTHBIMA
MaTpuiamMu, a Tea3opHoe sapo A100 BhIIOJIHSET anlapaTHble OepPaIlui
HaJl MaTpulaMu (PUKCUPOBAHHBIX MAJEHbKUX PAa3MepOB (CM. BBIIIE B pas-
nese 4.1.1). Ho rensopubix siiiep B A100 MHOrO0, a8 yMHOXKEHUE GOJILITIX
MAaTPHIL, CBOJIUTCHA K YMHOXKEHUIO MaJEeHbKUX moaMarpuil. [IporpaMmucTs
MOI'YT IPOCTO UCHOJIB30BaTh cublasDgemm, n njis GOJABIIOrO O CPABHEHIIO
C almapaTHo IIOJJIEP?KUBAEMBIMI TE€H30PHBIMU S/IPAMHU Pa3MepPa MaTPHUI]
(16384 x 16384) B [216] yxa3piBaeTcs Ha JOCTHKEHUE OJIU3KON K [MMKOBOMH
qtst TeH30pHBIX siaep A100 npoussogurensroctu 19,4 TFLOPS. B [216]
UCCJIEIOBAHO U SHEPTOINOoTpebIeHne, U HANIEHO, ITO HE BCET/Ia MOBLIIEHIE
MOIITHOCTY KOPPEJIUPYET C IMOBBIIIEHNEM [IPOU3BOIATEIHHOCTH.

Hapo ormerurs, uro B [216] ucnosb3oBasics pa3Mep MATPHIILI, KPAT-
me1it 2F. D10 coorBeTCcTBYeT yKazsaHmio B pykososacTse Nvidia mo paGore
¢ MarpunaMn [217] Ha TeH30pHBIX syipax (OPUEHTUPOBAHHOM Ha 3a/a4uu
U1) — TaM OTMEUYEHO, YTO IIPOU3BOUTEHHOCTD BHIIIE DU PA3MEPHOCTSIX
Marpuil, KpaTabix 128 Gair (nus FP64). B [217] onucano, kak GEMM
B CuBLAS peasin3yeTcsi myTeM pa30MeHus BBIXOIHONU MATPHUILI HA (DpArMeHTHI,
KOTOPBIE [IPUITUCHIBAIOTCS OJIOKAM HUTEH, 1 00CYKIAeTCs BBIOOP ONMTHMAJIBLHOIO
KOMITPOMHUCCA MEXKJy Pa3MepOM yMHOXKAEMBIX HOJIMATPHUIL U TPeOOBAHNEM
3a/1efiCTBOBaHUs BCEX allapaTHbIX pecypcoB GPU myTeM MaKCUMAaJIbLHOI'O
pacnapaJuienuBanus. Ho stu pasubie npejyraraembie Bapuantsl GEMM
BaykHee JJIs1 He OYeHb OOJIBIINX UCXOIHBIX MATPHUIL, U PE3YyJIbTaThl B [217]
JEMOHCTPUPYIOTCA JIJIsl XapaKTepHou jyig VM HU3KO TOYHOCTH.

Hns rpaduaeckoro mporeccopa Nvidia Titan RTX, rme DGEMM
SMYJIHPOBAJICS C OMOIIBIO TEH30PHBIX AP U3-38 OTCYTCTBHUS B HIX AIIAPATHON
nopgepxkkn dhopmara FP64 [218], rpaduk 3aBHCAMOCTH TPOU3BOIUTETHHOCTH
DGEMM wu3 cuBLAS or pasMepHOCTEl KBapaTHBIX MATPHIL IIOKA3bIBAET
OIIpejie/IEHHbIE CKAYKN JOCTUraeMoii ipousBoguresbaoctu. st A100 Takue
ckaury npoussogauresbHocT GEMM npu msMmeHeHnu pasMepHOCTEl MaTpHIL
npu pabore ¢ FP16 nponemoncrpuposansl B [217]. OdeBuHO, aHATOrNMYHAS
3aBUCUMOCTH npousBoguTesHocTn A100 B DGEMM jiist HauGosiee akTya bHbIX
qutst HPC 10cTaTo9HO OOJIBIMNX KBAIPATHBIX MATPHIL TAKYKE UMEET ITO CBOICTBO,
HO aBTOPY JIEMOHCTPHUPYIOIIIE 9TO CTATHU HE M3BECTHBHI.

Tax 4aro pna adpdexkTuBHol paboThl ¢ HPC na GPU HeobxoauMo He
TOJILKO YCJIO?)KHEHHOE MTPOrPAMMUPOBAHIE BO3MOXKHO MCXOJIHO €CTECTBEHHO
MOCJIETOBATEBHBIX KOJIOB, HO MOJIE3HO W 3HAHUE BEPOATHOTO TTOBEJICHUS
IPOU3BOAUTEIFHOCTH Ha ypoBHE BLAS. B 1esiom dopmupyercs ormryrienue, 9ro
BOIIPOCHI IPUMEHEHUsI TeH30PHBIX sifiep 3tux GPU Nvidia mis Tpa unuoHHbIx
zanad HPC B dopmare FP64 ¢ 00bMHBIMU IJIOTHBIMU MATPHUIIAME [IPECTOUT
ele n3ydvaTh— anmapaTHbie cpecTBa GPU pa3BUBAJIUCH CAUIKOM OBICTPO,
C UCXOJHOII opueHTanuel sosce ne Ha HPC.
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Psin uccemoBanmit TOCBSIEH NCIOIB30BAHNAIO0 TEH30PHBIX SJIEP U ITPOCTO
C TOYKHU 3PEHUs IPUMEHMMOCTHU cMelannoil Tounocru. Tak, B [219] na V100
u A100 ucciiefoBaHbl pa3/IMIHbIE BOIPOCHI TAKONH apudMETHKH, B TOM
qHCJIe C TOYKHU 3PEHUs] PEXKUMOB OKPyIJieHus. PaboThl 110 IporpaMMHOMY
00eCIeYeHnIO0 YMHOXKEHUS MATPUIL C UCIOJIb30BAHUEM TEH30PHBIX sJIED U
ux 3bdEeKTUBHOMY TPUMEHEHNO mpojoKaTesa. B [220] uccnenosana
BO3MOXKHOCTDb IIpUMEHEHUA MHOI'OCJIOBHOII apI/Id)l\/IeTI/IKI/If KOI'Jla MaTpPUILbI
[IPEJICTABJISIIOTCS B BUJIE HEBBIYUCJIEHHOM CyMMBI JIBYX HJIH O0ojiee MaTpuIi 6oJee
HU3KOI TOYHOCTH, & IPOM3BEJIEHIE MATPHUIL BEIYUC/ISIETCS Yepe3 YMHOKEHHE MX
COCTABJISIONIMX HOHMKEHHON TOIHOCTU. DTO OBLIO IPOJIETIAHO, HAIIPUMED,
Ha TeH30pHbIX sapax A100 u V100 mist ucxomgaeix marpun, A u B B dopmyste
(1) ¢ FP16-unciramu, a HAKOIUTEIBHBIX MaTpull— ¢ ynciamu FP32. Beuu
M3y9€eHbl OMUOKN OKPYTJIEHUsT U MPEJIOKEHO TPUMEHEHNE YMEHBITAIOITIX
ommmbOKYU OKPYyTJIeHusT ajJroputMoB. Llesb 3T0r0 — yirydinenne cOOTHOIIEHS
[IPOM3BOIUTENLHOCTH U TOYHOCTH [220)].

Hust 3amaa UM akTyaabHa paboTa ¢ MATPUIIAMHU, UMEIOIUME crienududec-
KyI0 pa3peskKeHHOCTh. JlaHHble 0 Takoii paboTe ¢ TeH30PHBIMU s paMu JIJIst
V100, A100 u H100 umerorcst B [221].

Hasee mpuBouTes acTh uHdOpMaImn o npoussogureabaoctun A100,
KOTOPYIO aBTOp CUYMTAET Hambojee aKTyaJbHOM, ocobenHo st 3aaad HPC.
Boutee BbicOKast npousBoguTesibHOCTh A100 orHOCHTEIbHO V100 OueBHIHA
U HOJITBEPZKJEHA BO MHOTHX CTAThAX. B IEPBYIO O4Yepesb 3TO CBA3AHO
¢ nogiepkkoit FP64 B TeH30pHBIX g7pax, 0ojiee BBICOKMMH HNUKOBBIMH
IIPOU3BOAUTEIBHOCTIMHE, OOJIbIIENl eMKOCTBIO Kamia L2 1 0oJibieii mpoIrycKHO
criocobnocThio maMsaTu B A100. Ho 310 He 03HadaeT, 9TO BBIUTDHIII OyIeT
HOJIyYeH B JII000M Kojie (0COGEHHO He ONTUMUZUPOBAHHOM), IIPU MCIOIL30BAHUN
Jioboit Bepcun CUDA, mIpu JIIOOBIX pa3MEpPHOCTAX 33/1a49 U TakK gajee. Tax,
B [222] Ha HeKOTOPBIX KOJaX, NpuBoauMbix Nvidia B KayecTBe IPUMEPOB
ucnosb3oBanus CUDA [223], V100 onepeua A100.

Hy, a B KayecTBe HEKOll CTapTOBOI MHTErpasbHOI olleHKN yckoperust A100
orHocuTesbHO V100 Bocmosnb3yemcs jganabiMu Tecta SPEC ACCEL v1.2
(ucnosp3ytoniero 19 pasubix npusoxkennii)[226], rue nonayuennsie Lenovo
makcumasbhble pe3yabrarhl st A100-PCle-40GB orHocurensro V100S-
PCle-32GB syume npumepno B 1,7 paza. Ipyryio uHTErpajibHYO OIEHKY
npoussoguresibaoctd A100 mator gannsie TectoB SPEChpe 2021, st mosryde-
HUsl KOTOPBIX [IPUMEHSIOTCS U COBPEMEHHDBIE CYIIePKOMIIbIoTephl ¢ GPU [225].
OyHako B obUIIATBHBIX pe3y/bTaTax 9THX TecToB [226] (Ha 14.06.2023) Her
JIAHHBIX JJIsI BBIYUCIATEIBHBIX CHCTEM ¢ OJIMHAKOBBIM KosimaectBoM GPU A100 u
V100. ComocraBuresibible faHHbIe 0 Mpou3BoauTeabHocTH multi-GPU cepsepos
¢ Heckosbkumu A100 mpe/icTaBiaeHbl HUXKE B pa3jielie PO MPOU3BOJANTEIHLHOCTD

H100.
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MHKpOTeCTbI 1 HU3KOYPOBHEBbIE€ T€CTbl, MaKCUMaJIbHO l'IpI/I6J'II/I)KeHHI)Ie
k annaparype A100. K sr10if rpymme TecTOB yCJIOBHO MOXKHO OTHECTH
HECKOJIbKO IyOukanuii. B [227] uccienoBano BiusiHue Ha IPOU3BOUTEb-
HOCTDH IIPUMEHEHNsI aCHHXPOHHOTO KOIIMPOBAHUS HA YPOBHE MHKPOTECTOB U
B MOJIEPHIU3MPOBAHHOM MHTErpajbHOM Habope TecToB Rodinia 6osiee BbICOKOrO
YPOBHsI (IS OTJIMYHBIX OT 337184 UM mpuiiozkeHuii yHuBepcuTeTa Bupokuanm).

B [79] ucio/b30Baiuch MUKPOTECTHI i U3MEPEHUsI 33/1€PKEK U [POILYCK-
HBIX CIIOCOBHOCTEH (IIPOM3BOIUTENLHOCTH) BHIIOJIHEHNST KOMAH,] HA TeH30PHBIX
siipax (PTX-yposenb). B [228] upousBoauTebHOCTD IIPOrPAMMHBIX sIIED JIJIst
CBA3AHHBIX IAMATBIO (T.e. rye paboTa ¢ HaMIThIO OrPAHUYUBAET IPOU3BOIU-
TEJIbHOCTH) UTEPAIMOHHBIX METOJOB PEIeHHs] CUCTEM JINHEHHBIX ypPaBHEHUH
nceaenosana Ha V100 m A100.

B [229] 6b11 co3maH HU3KOYPOBHEBbIN CHHTETHIECKUH TECT, IPUMEHEHHBIH
JIJTs OTIpeIeJIEHUsT TPOU3BOINTEIBHOCTH U dHEpromorpedbienus cepepa DGX
A100 ¢ Bocembio GPU A100 u cepsepa DGX-2 ¢ 16 GPU V100 ¢ ucnoanb3oBaHreM
JIMHAMWYECKOTO MAaCIITabUPOBAHNST YACTOTHI U HAIpsiKeHus. st m3amepennst
[IPOM3BOIUTEILHOCTH IIPUMEHSIJICS TECT ITPOU3BOAUTETLHOCTH C IIIABAOIIEH
sanstoit Mandelbrot [230], peaiusosannbiii Ha CUDA PTX, maromuii Mak-
CUMAJIbHYIO TPUOJINKEHHOCTh K IMMKOBBIM ITOKA3ATEJSIM U3-3a BBICOKOIO
pacrapaJijie/IJMBaHus 10 JAHHBIM, IIPAKTHIECKN OTCYTCTBUS 33JI€PXKEK BBIIIOJI-
HEHWs M3-3a JIOCTYIA B IaMSTh W BeTBJIeHHUiIl. B 3TUX cepBepax IPUMEHSIFOTCSI
64-anepavie EPYC 7742 usz-3a nognep:kku B Hux PCle-4.0, memocTymHoit
y Intel Xeon. IIpu onrtumaabHO# 110 3HEPro3dHEKTUBHOCTH KOHMUTYpAIUT
A100 mocrtur juis popmara FP64 sneproaddperkTuBHOCTE Ha ypoBHE 51
GFLOPS/Br u 91 GFLOPS/Br npu pabore 6€3 1 ¢ IpUMEHEHUEM TEH30PHBIX
sIeP COOTBETCTBEHHO [229)].

s obecrieuennst BHICOKOU MAaCIITaOMPyEeMOCTH TTPUJIOXKEHU BasKHBI
koMMyHuKaImu Mexk 1y GPU B multi-GPU cepeepe u Mex 1y y3/1amu Kjacrepa
U3 TAKUX cepBepoB. B uccnenopannu [231], opueHTHPOBAHHOM Ha DEKOMEH/Ia-
TeJibHBIE Mo 1rybokoro obydenus (Deep Learning Recommendation
Models, DLRM — mupOKO IPUMEHSIEMbIMU UHTEPHET-KOMIIAHUSIMU JIJTsT TIPE]I-
CKa3aHUIl TOro, YTO MOYKET [MOHPABUTHCS IMOTPEOUTEIISIM, KOTIa JTOCTYIIHO
MHOKECTBO BAPHAHTOB), HOJIYYEHbI JIAHHBIE O IPOIYCKHON CIOCOGHOCTH TAKUX
KoMMyHuKarwmii ¢ npuMenenreM NCCL u MPI st cucrewm, comepxarmux A100 u

V100.

TecTbl NPOILYCKHO# criocoGHOCTH maMsTu. JIaHHBIE O TPATUITNOHHBIX
TeCTax MPOU3BOIUTEIHLHOCTH MOYKHO HAYATH C TECTOB MIPOITYCKHON CIIOCOOHOCTH —
OHA OY€HDb YAaCTO JIUMUTHUPYET IPOU3BOIUTEIBHOCTD U BaXKHA JIJIS JAPYTUX
paccMaTpuBaeMbIX Jlajlee TeCTOB. 31eCh HaJ0 UMETh B BUIY, 9TO U3-3a
Pa3JINYHBIX UCIOJIB3YyEMBIX IIPOrPAMMHBIX MOJIEJIeH JIJIs OJJHOIO U TOI'O YKe
TeCcTa MOTYT IOJYYaThCsS PA3HBbIE YUCJIEHHBIE PE3yJIbTAThI. SIPKUM IPUMEPOM
sTorO sBNsiercss BabelStream™ [232], KOTOpBIil sABJIAETCA «IIEPEHOCOM»
mupoKo ucnobyemoro jyist U recra STREAM (cM., Hanpumep, JaHHBIE [
ARM-nporeccopos [5]).


https://github.com/UoB-HPC/BabelStream
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B BabelStream we yunTbiBaeTcs BpeMsi Iepeiadn JaHHBIX MEXKJLy XOCTOM
U YyCTPOMCTBOM, U OH MMEET DEATM3AlNN MPAKTUIECKH HA BCEX MCIIOJIb3YEMBIX
Jutst GPU Mojiesisix TIporpaMMupoBanus. 11o cpaBHEHUIO C KJIACCUIECKUM
crangaprabiM Tectom STREAM [233] B BabelStream no6asiien eme Tecr
HA CKAJIIPHOE IMIPOU3BEJEHNEe BEKTOPOB, U CIEJAHBI HEKOTOPbBIE IPyTHe
momudukanuu [232].

B [234,235] nosyuennble JaHHBIE O IPOILYCKHON CIIOCOGHOCTH JJIsi BCEX
TecroB BabelStream jijist pasHbIX pasMepoB MacCUBOB ITOKa3bIBAIOT OOBIYHO
cymecrBernoe yekopenue A100 ornocurensao V100. [Iyis MmaccuBa pazmepoM
8,2 I'b V100 mocruraer B srux recrax or 800 mo 840 I'B/c, a A100—or 1,33
10 1,4 TB/c. Xorst jyist MmaccuBoB HebGourbmioro pasmepa A100 uMeer MeHBIILYIO
MIPOIYCKHYIO CIIOCOOHOCTH, ueM V100, 1j1si MaccuBOB OOIBIINX PA3MEPOB
A100 mus 6onpmuHCTBA TecToB BabelStream 6sictpee V100 npumepno B 1,7
pasa [234]. Hajio nuMeTh B BH/LY, YTO 9TH JAHHBIE ObLIIN MOJYYEHBI BCKOPE M0CJIe
nosiBiieanst A100 u oTHOCsATCs, 0OUeBHIHO, K niepBoit mojean A100-40GB, a
ucnoJib3oBajiack Toryaa Bepcusi CUDA 11. AHajioruyHbie JaHHbIE JJIsT TPOILYCKHOM
criocobrocTH BO Beex Tectax BabelStream ¢ mcmosib3oBanneM pasHbIX pasMepoB
maccnsos s A100 u V100 upencrasienst B [173].

B [42] mostyueHs! aHHBIE JJIsi IPOILYCKHO CrocoGHOCTH (¢ OOBIIHBIM
dbopmarom FP64) Beex 5 nporpammusix saep BabelStream: copy (ali] = bli]),
mul (a[i] = b * c[i]), add (a[i] = b[i] + c[i]), triad (a[i] = b[i] + d * c][i]), dot
sum (= sum + ali] * b[i]) —u mra KaxKO0r0 U3 HUX Ha 5 PA3HBIX MOJEJIAX
nporpamyuposanust, st A100 (Ha cepsepe ¢ nByms 64-suepabivn EPYC TH12
+ 4 A100-40GB) u mya V100 (ua cepsepe ¢ aByms 20-snepubivu Xeon Gold
6230 + 4 V100-32GB). B recrax npumensuiocs no oguomy GPU. B kadecrse
€JINHUIIBI OTCUETA, JIAIOIIENH MAKCUMAIBHYIO MPOMYCKHYI0 criocobrocTh A100 u
V100, 6buta B3siTa nosrydennas mpu CUDA-BapuanTe BabelStream.

Hamr ananus ganuerx [42] nokassiBaer, 4To BO Beex Tecrax u3 BabelStream
¢ ucnosibzoBanneM OpenMP u Kokkos na A100 npubsmzkenne k CUDA-3HAYEHUIO
B npornieHTax Gimke, uem Ha V100 (3a nckimouennem add u triad B Kokkos), a
JocturaeMoe mpubsmkenne K CUDA-TOKa3aTeIsIM BBITJISIIAT TTPUEMIIEMBIM.

Bo muorom rectbr BabelStream maror ymobHYH0 BO3MOXKHOCTB COIIO-
crapjiennst 3(OHEKTUBHOCTH PeAJIU3AINY PA3HBIX IPOrPAMMHBIX MOJIEJIEH
pasubx GPU. Hampuwmep, B [236] cnenana Fortran-peammsanus BabelStream
¢ ucroab3oBanueMm npumeHnMbIx 1t GPU cpeacts DO CONCURRENT
n3 Fortran-2008, 4aTo sgBsIeTCA TOMOJHEHUEM K JIPYTUM BO3MOXKHOCTIM
paborbl ¢ GPU Ha Fortran— ¢ nupumenennem cpegcrs OpenMP, OpenACC wiun
CUDA Fortran. ComocraBuresibHbIE JaHHBIE IPOU3BOINTETHBHOCTH PASHBIX
peasm3zaruii BabelStream 6butn momydenst qus A100-40GB u A100-80GB.
C ucnoab3osanuem NVHPC 22.7 qa A100-80GB na C+-+ u Fortran Bo Bcex 5
tectax u3 BabelStream Obura mosryueHa mpomyckHas CIloCOOHOCTD HA YPOBHE

1,7-1,8 TB/c.
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[Ipu 9TOM JOCTUTHYTBIE BEJIMIUHBI MPOIyCKHOM criocobroctn Ha OpenMP
u CUDA-Bapuanrtax C-++ u Fortran npaxkrudecku coBragainy (MaKCHMAJIbHAs
Pa3HUIA OKOJIO OJHOIO IIPOIEHTA), 38 UCKJIIOYEHUEM IIPOrPaMMHOro aipa dot,
rae CUDA C++ 6611 Ha 13% memyiennee CUDA Fortran (mocste nsmeneHust
mapamerpa HacTpoiiku BabelStream orcraBanme C++ yMeHBITIIOCH 10
OJTHOTO IIPOIIEHTA).

B nanmom 0630pe cucreMaTndeckoe paccMoTpenne 3pOEeKTUBHOCTH
PA3IUYIHBIX MOjesIell mporpaMMupoBanus Ha GPU He MPOBOJUTCS, U 9TU JAHHBIE
OBbLI TIPUBEEHbBI JIjIsl WITIOCTPAIAY TTOAJEPKUBAEMOI0 aBTOPOM JAHHOT'O
0630pa MHEHHUsT aBTOPOB [236] 0 HeZOCTATOUHOIT AKTUBHOCTH PA3BUTHST MOJIeJIed
IPOrPAMMHUPOBAHUS C IPpUMeHeHneM cpeiicTB Fortran siis reTeporeHHbIX
apxuterTyp. CymiecTBeHHO 60J1ee BBICOKHE MOy UeHHbIe B [236] mokasaresnn st
A100 B BabelStream no cpasuennto ¢ [234,235| B mepByio ouepes CBI3aHBI
¢ npuMeHeHueM B [236] Gostee coBpemenHoit mogesn A100 (B A100-80GB
[POIYCKHAs! CLIOCOOHOCTD MaMsATH Bbie); B [237] rect BabelStream triad man
1732 I'B/c moa A100-80GB uporus 1399 I'B/c mia A100-40GB.

JlaHHBIE O JOCTUTAEMON TPOIIYCKHON CIIOCOOHOCTH TaMSITH s 3a7ad U1
He MeHee BaxKHbI, ueM Jyist HPC. B [231] npeioxken HaGOp TeCTOB JIs 3a/1a4
DLRM, KOTOPBII BKJIIOYAET CIIEIHUAJIU3UPOBAHHBIA Ha DLRM TecT IIpoIryCKHOI
CIIOCODHOCTH TTAMSITH, TIIe OHa OIEeHUBaeTcs mpu pabore ¢ popmaramu FP32 u
FP16. Hdust A100-40GB 6bL1a j1oCTUTHYTa IPOILYCKHAsT CIIOCOOHOCTH 0KOJ10 1,4
TB/c pna FP32, mua FP16— nemuoro auxke. dia V100 ¢ FP32 nocruraercs
6omee 800 MB/c, a ¢ FP16—menee 800 MB/c [231].

YuurbiBas pabOThl CO CMEIIaHHON TOYHOCTBIO B TEH30PHBIX sIIIpax,
COOTBETCTBYIOIINE TOKA3ATEJN IIPOIIYCKHON CIIOCOOHOCTH HAMSITH UCIIOIB3YIOTCS
JJIsSE OIITUME3AIK PabOThl AKTUBHO PAa3BUBAEMOIl TiepeHoCcHMOit Ha, GPU pasHbIX
NpPOM3BOAUTENEH GUOIMOTEKN pa3perKeHHON JmHelHoi anrebpsr Ginkgo [173].
B [238] umerorcs nannble o npoussogurensHoctn A100 Ha Tecte mixbench,
B KOTOPOM MPUMEHSIIOTCS IIPOTPAMMHEBIE sI/[pa CO CMEITAHHON BBIYUCIUTETEHON
UHTEHCUBHOCTHIO (OTHOIIEHWEM UHCJIA BBIIOJHEHHBIX OMEpaIuii ¢ miasaomed
3alATON K YMCILy II€PEeJIaHHbIX OAWTOB) 1Jis PasHbIX (OPMATOB JAHHBIX U
C PA3HBIMH IIPOIPAMMHBIMU MOJIeNIsIME [239)], UTO JaeT U OIEHKU HPOIYCKHOM
CIIOCOOHOCTH. DTO AKTyasbHO B OCHOBHOM Jiist U/ U 371€Ch HE PacCMaTPUBAETCH.

IIpousBonuTenbHOCTh B auHelHo# anre6pe (BLAS). Kak u B gpyrux
TecTax MPOU3BOIUTENIBHOCTH It GPU, /i 33,14 JTMHEHHON airedphl MOsTBUICS
P& uctob3yemMbix B GPU 0cOOeHHOCTEM, OTJIMYHBIX OT TPAIAITMOHHOIO
UCI0Jib30BaHus Ha LIl. 9TO CBA3aHO B OCHOBHOM C YACTBIM HCIIOJIb30BaHUEM
6ostee HU3KUX (POPMATOB TOYHOCTH U IOJJIEPYKKU OIEPAINil ¢ MAJEHbKIMEI
MaTpPHUIIAMU B TEH30PHBIX dAJpaxX, 9TO B IEPBYIO O4Yepeab aKTyaJbHO JJId
3as1a4 WM. 1o npusesio K BLAS IOHUXKEHHON TOYHOCTHU, & TAKXKe K CO3IAHUIO
[AKEeTHON JINHEHHON ayireOpbl (penieHue MHOIUX 3a/1a9 JIMHEHHON ajirebpbl
C MaJICHbKUMHM HE3aBUCHMBIMHU MaTPHUIIAMU; Pa3Mep MakKeTa 371eCh— YUCJIO
matpur; B HeM) [240].
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Co0TBETCTBEHHO TOSIBIJINCH CIIEIMAIN3UPOBanHbIe Jjist GPU 6ubinoreku
JuHeitHOH asrebpol (31ech B IEPBYIO OYepellb UMEIOTCS BBULY He GuOInOTeKn
dbupm-pazpaborankos GPU, a 6ub/imoTekn, OpUEeHTUPOBAHHDBIE HA PaboTy
¢ GPU pas3HbIX [IPOU3BOJUTEIEl) — U HOABJIAIOTCA CTAThU, [€ UCCIEIYyeTCsl
[IPOM3BO/IUTEBHOCTh PabOTHI CO CPEJCTBAMU ITUX OUOJIMOTEK.

31ech ciaeayer OTMETUTD YIIOMSIHYTYIO Bbilie oubsmoreky Ginkgo st
Pa3PEKEHHON JIMHEIHOI aJireOphl; JaHHBIE O TOCTUTAEMOIl TPON3BOIUTEILHOCTH
Ha A100 ¢ ee npumeneHnem umerorcs B [173,234,235,237,238]. Tna
MAKeTHO! JIMHEHHON ajrebpbl mpuMeHnMa n3BectHasi obubamoreka MAGMA
MOJLYJIH KOTOPOIi MOKA3BIBAJIN IIPOM3BOAUTEHBHOCTD BhIIIE COOTBETCTBYIOIIAX
MoysIel 6ubnoTeK nmpousBoauTesieit GPU; JaHHbIE O ee TTPOU3BOAUTETHHOCTH
npu pabore Ha A100 npejcrasiensl, HaupuMep, B [234] u [241]. dnsa
9K3aMacTabHbIX Bblaucienuii nossusack oubdamoreka libCEED mnenrpa CEED
(Center for Efficient Exascale Discretizations) MuHHCTEPCTBa SHEPIeTUKH
CIIIA, rue Ha TeH30pHBIX aapax GPU Nvidia mocTuraercst mpou3BOIUTELHOCTS,
G/M3Kasl K IUKOBBIM 3HAYEHUAM [242], HO COOTBETCTBYIOIMINE KOJMIECTBEHHbIE
rokKasareJin B 310l pabore orHocsiTest He K A100, a k V100.

AHaJIM3 IPOU3BOIUTEILHOCTH I 3324 IJIOTHON JIMHEHHON aJirebpbl
ecrectBeHHO HavaTh ¢ GEMM, 1OCKOJIBKY TOJIBKO 9TO JaeT BO3MOXKHOCTH
JJOCTUZKEHU A MaKCHMaJIbLHO IPOU3BOUTE/IBHOCTU TIPpU pa60Te C TEH30PpHbIMU
sapavu A100. Ho BenepcrBue npuniunuaibaoi Bakaoct GEMM u paboTs
C TEH30PHBIMU sApaMu 0b1me ocobeHHocTr 31oro st A100 ObLIn y2Ke
MIPOAHAJIM3UPOBAHBI BhINE B Havase pazzeia 4.1.4. 3aech paccMaTpuBalOTCst
yOJIMKAIUY, JAfOIe YUCJIeHHbIE OlleHKH mpou3BoauTebHocTy GEMM
¢ pa3HbIMu (HOPMATAME JTAHHBIX.

B [222] upuBesieHbl JaHHbIE O [IOJIyY€HHON IPOU3BOIUTEILHOCTH JIJIs
YMHOYKEHUsI MaTPHIL, pa3HbiXx popMaros gaHHbx Ha A100 u V100 mjist mpumepos
nporpaMMHbIX siep CUDA ot Nvidia. 37ech He crosiyia 3ajiava ONTHMUABAIIH,
HCIIOJIb30BAJINCh HETUIIMYHBIE I TPAJUIMOHHBIX 3a1a4u HPC HebobIme
Pa3MEPHOCTHA MATPHUIL, U ITO TOJIHKO MILIIOCTPUPYET TOT (PAKT, YTO MOKHO
HCIIOJIb30BATh KOJI YMHOXKEHUsI MAaTpuIl, KOTophbiit Oyger #a V100 BBIIOJHSTHCS
obicTpee, vem Ha A100.

B pyxosoacrse Nvidia 1mo yMHOXKEHUIO MATPHIL I 38039 TJIyOOKOTO
o0yuenust [217] nmokasaHo, KaK CHJIBHO BO3PAC/a IPOM3BOJUTEIHLHOCTh
GEMM c FP16 na V100 upu nepexojie or cuBLAS v10 k cuBLAS v11, gro
UJLTIOCTPUPYET OBICTPBIA IMPOTPECC JIaXKe B CTAOMJIBHBIX ITPOrPAMMHBIX
cpencrBax Nvidia. B aToM pyKoBOICTBe TPUBEIEHBI U THIIMYHDBIE 3aBHCUMOCTH
npoussoaurebaocta A100-SXM4-80GB mia rakux GEMM ot pasmeprocTeit
MaTPHUII.

B [231] B nabop Tecros nus DLRM Bkiouen tect it GEMM, u unc-
noJtb3yrorcst Bbr3oBbl GemmEx u3 cuBLAS. g V100 ¢ FP32 stor Tect
OTHOCHUTCS K paboTe ¢ BeKTOpHBIME siapamu FP32, a 1 cMenanHoit TOYHOCTH
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¢ FP16 — ¢ renzopubivu siapamvu. JIiast A100-40GB Tect ¢ TeH3opHBIMEI
sITPaAMU JIOTIOJTHUTENIBHO BKodaer paborsl ¢ TF32 u BF16. Ho npusoaumbie
B [231] JOCTUTHYTBIE BEJIMYMHBI TPOM3BOJUTEIBHOCTH OTHOCATCS K TIAKETHOMY
apuanTy GEMM (cm. pucynok 8; BS Ha janHOM pHCYHKE — pa3Mep I1akeTa),
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PucyHok 8. Ilpom3BoauTenbHOCTHL TTAKETHOU peaTM3AINN
GEMM — ¢ BozoBamu GemmEx u3 cuBLAS (pucyHok u3 [231])

9TO CBSI3aHO ¢ HEOOJBIMMMHU (YKA3AHHBIMA HA PUCYHKE) Pa3MEpPaMH OTJIEJIbHBIX
marpuil. Ha srom pucyske BuiHo, uro npoussogureabiocts A100 ¢ FP16/BF16
B pa3bl bosbiie, gem y V100 ¢ FP16, 9ro cooTBeTCTBYeT OCHOBHOI OpHEHTAIINT
coBpeMeHHBIX GPU B nepByIo ouepesib Ha 3aja4u UU.

Ho npouszsomurensrocTs makernbix Bapuantos GEMM ucciaenoBamacs u
st bopmarta FP64. Jlamuble, MOKA3bIBAIOIIME CYIIECTBEHHBIN POCT TTPOM3BO/IN-
tesbHOCTH Tipu BhinojiHeHnn DGEMM B nakerHoM pekume Ha GPU, umeroTcst
B [242]. ITakernbie BapuanTst DGEMM mist tunosbix 3aaa4 HPC, MOXKHO
CKa3aTh, paHee He MCIOIb30BAJIICh— B TOM CMBICJIE, 9YTO COOTBETCTBYIOIINE
HCCJIETOBAHUS TOJIBKO HAYAJM MOSBJISTHCS B MOCIETHAE JIET ECITh. 3/€Ch Ce-
JlyeT OTMETUTDH PeIlleHIe YPaBHEeHUs IHIPOJIUHAMUKN CXKUMAEMBIX KUIKOCTeN
C KOHEYHBIMH JIEMEHTAMH BBICOKOTO Hopsijika [243] (cM. Takxke [244,245]).

B sagadax BeranciauresnbHoi xuMnn nakersoe DGEMM ucnonb3oBano
B U3BecTHOM KoMILtekce nporpamym CP2K s pacdeToB KBAHTOBOXMMUYECKIM
MeTonoM DFT ¢ IIeproIMIecKIMI TPAHIIHBIMEA YCIOBHAME B GA3UCE TIOCKAX
BosH [246]. B [247] ormedena 3¢ beKTHBHOCTh MAKETHOrO yMHOYKEHUST MATPUIL
JIJIS PACYETa MATPUIIBI TIOIIAPHBIX PACCTOSHUIL, UCIIOJIBL3YEMOH B 3a/1a9aX
MOJIEKYJISIPHO TUHAMUKHY.

TTosiBnenne B A100 mommepkku FP64 TeH30pHBIMEU siApamMu MOXKET
CYIIECTBEHHO YCHJINTH akTyajbHOCTh nakernoro DGEMM. Ho npumenenune
TUX CPEACTB ceiiuac B OOJIbINEN CTEIeHN OTHOCUTC K CTauu Pa3paboTKu,
BBISICHEHUSIM, [JIe 9TO MOXKHO KCIIOJIb30BATh, YTO 0TOOPAYKaeTcss U B COBPEMEH-
ubix paborax. Tax, B [248| cuenan BoIBOZ, O 11€/1€COOOPA3HOCTH IIPUMEHEHMSI
rmakersoro DGEMM B CFD-npuioxkenun Nektar+-+.
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B [249] B y3nax cyuepkomubiorepa Vega (B Uncruryre undopmaruku,
Caosenust), cogepkamux no asa UM (64-aaepusix EPYC 7TH12) u no yersipe
A100, mpoBeseHbl pacueTsl ¢ IpUMEHEHeM KBaHTOBOro Metojga Monre-Kapiio.
Xors Bpemst oneparun B makerHoM GEMM 6b110 HuzKe, B IPEIJI0sKEHHOM
B [249] noaxone x pacuery meronom Monre-Kapso ¢ npumenernem MPI-
pacnapaJsenuBannsa 3amad GEMM obimast Tpou3BOUTEILHOCTh BCETO
MOJIEJTAPOBAHUST OKA3AJI0Ch HAMHOTO BBIIIE, YeM ¢ IIPUMEHEHUEM aKeTHOrO
DGEMM. Ho B 3r10it paboTe T€H30pHBIE s/Ipa HE UCIOJIb30BAJINCH.

[Tonep:xka nakernoro Bapuanta DGEMM umeercst B pa3HbIx 6ub/imorekax
mast A100. B [234] mocturaemas na A100 Ipon3BOUTEIBHOCTE MTAKETHOTO
DGEMM wucciieioBana ¢ ucnosb3oBannem cpeacts MAGMA u cuBLAS
(CUDA 11.0). Idna 3amau zebosbiioro pazmepa nakerusiii DGEMM MAGMA
nmocruraer 2,4/1,6 TFLOPS st A100/V100. 910 na 33/60% Goicrpee, yem
B CUBLAS, 4TO CBSI3aHO CO CIIENUAJILHON ONTUMU3AIMEH /I MAJEHBKUX MATPUIL
B MAGMA. Ilpu srom nakernas peaymsanus DGEMM 8 MAGMA rensophbie
sJIpa He UCHOJb30BaJa (B orimune or cuBLAS). Ho Ha Gosiee KpyIHBIX 3ajadax
cuBLAS gocrurana 18/6 TFLOPS aya A100/V100 (noapoGuee cMm. pucyHok 9,
rJIe MpeJICTaB/IeHa TAKIKe TPOU3BOUTEILHOCTD JIPYTOii MOAIporpaMMer u3 BLAS,
DTRSV); B nesom na nmakernom DGEMM A100 6sictpee V100 mo 1,5 pa3
B MAGMA u 50 3 pa3 B cuBLAS [234].

Batched DGEMM, Tesla V100/A100 GPUs, CUDA-11.0 Batched DGEMM, Tesla V100/A100 GPUs, CUDA-11.0
T T T T T T T 22
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na DGEMM u DTRSV (pucynok us [234])

SRR R O s i

Matrix size (Batch = 10k)

7, 700



204 M.B. Ky3bMUHCKUI \RUmEN;

Bumo, uro B cuBLAS-BapuaHTe P 3TOM JOCTUTAETCS XOpoIiee MpuoJIn-
JKeHre K TUKOBOH TeH30pHoit mpoussoguressbHoctn A100 nyia FP64.

B [234] npencrasnens Takzke JaHHbIE 0 Ipou3BoauTeasHOCTH A100 1
V100 B peanusannsx MAGMA u cuBLAS muig nakerubix BLAS DTRSV u
daxropmzanmu LU 1 QR (B LU u QR na A100 MAGMA onepexkana cuBLAS
upu Beex pasmeprocTsx, a B DTRSV —ronbko Ha cpenHux).

s 3aBepiiiennst 0O6CYKIeHUs 37eCh IPON3BOIUTEIHLHOCTH B 3a0a49axX
nakeTHo! JmHeiHoi asreOpbl Ha A100 cirefyer yka3aTh JAHHbBIE O TPOU3BO/IH-
TesibHOCTH TIpuMeHsieMoit QR~dakTopuzaruu mI0THBIX MATpUIl ¢ opMaTaMu
FP64 u FP32 [241|. Hausbiciiue qaHHBE IO TPOU3BOIUTENBHOCTH € CHIIBHBIM
OIIEPEKEHNEM BCEX AJIbTEPHATUB 3/1ECh JOCTUTHYTHI C IPUMeHeHneM OnbInoTekn
MAGMA. JlocTurayTbie acCUMITOTHIECKHE IPOU3BOIUTEILHOCTH (Gosbie 2,6
TFLOPS s kBagparubix Marpui] FP64) namekn or TeopeTudecKux MUKOBBIX
3HAYEHU TIOTOMY, 9TO pa3Mepbl MaTpurl jist naketHoit GEMM HeocTaTouno
BEJIMKH.

W3 npyrux mybiaukaimii ornocuTeabHo BLAS Ha A100 He0OX0QMMO OTMETUTE
naHHble [238] 1u1st MoXKeT Jaxke Gostee pacipocrpanensoro (vem GEMM)
B HPC yMHOXKeHHUsI MATpUIBl Ha BeKTOp (mporpammuoe sapo GEMV) n
LISl CKAJISIPHOTO IIPOM3BeeHus BeKTOPOB (nporpammuoe aiapo DOT)—cwm.
pucyuku 10,11. 3nech mocruraemasi Ipou3BOAUTENBHOCTD it FP64 u

—#— GEMV fp64:
—#— GEMV fp32
—> GEMV Accessor<fp64, fp32> | 100
—4— GEMV cuBLAS fp64 50
—— GEMV CuBLAS fp32

%= GEMV fp64
- GEMV fp32
— GEMV Accessor<fp64, fp32>
—— GEMV cuBLAS fp64
—— GEMV cuBLAS fp32

GFLOP/s

)
0 5000 10000 15000 20000 25000 o 5000 10000 15000 20000 25000
Number of rows Number of rows.

Pucvynoxk 10. IIpoussogurensuocts A100 npu yMHOMKEHUU
MaTpulpl Ha BeKTop (pucyHok —u3 [238])

350 r——
200
300
150 0™
T =
=} —4— DOT p64 g0 —#= DOT fp64
Bo 4~ DOT fp32 & 150 —#— DOT fp32
— DOT Accessor<fp64, p32> | 199 — DOT Accessor<fp64, fp32>
so ~4— DOT cuBLAS fp64 ~—4— DOT cuBLAS fp64
—— DOT CuBLAS fp32 0 —— DOT cuBLAS fp32

[ 1 4 5 o 1 a 5

Vector s\;e led : Vector SI;E led
PucyHok 11. Ilpomseomurensrocts A100 mpu CKaJasgpHOM IPOU3-
BEJIEHUH BEKTOPOB (pUCYHOK u3 [238))

FP32 ¢ npumenenneM crenuaabHBIX CPEACTB JOCTYIIA K MAMSITH JIJIsT PA3HBIX
dbopmaTos nanubIx 6ubnuorekn Ginkgo (Ha PUCYHKAX MOMETEHO KAK accessor)
nist A100 m V100 comocrasiieHa ¢ jgaHHbIMU CUBLAS. 31ech BUIHO, KAk
cymectenno A100 omepexkaer V100 1m0 mpou3BOAUTETHHOCTA B PA3HBIX
peasmsaiusix BLAS. AHajornuHble pe3ysIbTaThl 10JIyYeHs! B [238] muis xpyroro
MOJLyJIsI YMHOYKEHHsI MaTpuUllbl Ha BekTop n3 BLAS, TRSV.
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Yro Kacaercst paboThI ¢ pa3peKeHHbIMI MaTpuiiamu, To st A100 ectsb
P myOIMKanyil ¢ JaHHBIMU O IIPOM3BOAUTEILHOCTA YMHOXKEHUST Pa3peXKeHHON
Marpuipl Ha BeKTop (SpMV B BLAS), 4TO aKTYaJIbHO JUIsl PASHBIX [PHUIIOXKEHHIL.
B [173,234,235] u [238] npecrasiensl JaHHble 0 nponssoguTesroctn A100
u V100 mz SpMV B dopmare FP64. Ho pesynbrar 31ech 3aBucuT u ot
BBIOpaHHOro hbopMaTa IPEJCTABICHUS PA3PEXKEHHOCTH, U OT KOHKPETHBIX
OTOOpAHHBIX B TECTE MATPHIL, M, €CTECTBEHHO, OT MUCIOJIH3yeMOil ONOTHOTEKHN
(3zecy npumensiincs cuSPARSE u Ginkgo), u Ha «MakpoypoBHe» He Tak
nadopmaruer. OTMETHM JIUITh MAKCUMAJBHO JTOCTUTHYThIE TPOM3BOIUTEIHHO-
cru 220 GFLOPS u 135 GFLOPS na A100 u V100 coorsercrsenso [173], aro
6JIM3KO0 K 0XKHJIaeMbIM (BEpOsITHO, B roofline-monesmposannn) aBropaMu 1o
crarbu BepxauM rpanunam 230 GFLOPS u 140 GFLOPS coorBercrBeHHO.

TTockobKy BBIOOP ONTUMAJILHOTO (bopMaTa XpaHEHUs! PA3PErKEHHBIX
MATPHUIL TAKXKE SIBJISIETCS HETPUBUAJIBHON 3ajadeii, B [250] mis ee pererus
ra A100 u V100 66110 TIPE/JI0’KEHO TPUMEHATH MaIlnHHOE O0yJeHue.

Bricrpoe npeobpasoBanue @ypoe (ElI®). Barknble qaHHbIE O IPOU3BOII-
tesbHOCTH A100 Jaer JocTuraemasi IIPOU3BOANTENBHOCTD BII®, akTyabHOTrO
JUTst pasHbIX 33729 1 HPC, u UU. B [251| neMOHCTPUPYIOTCsI JaHHBIE O TPOM3-
pogureabHOCcTH A100 ¢ npumenerueM cosznanHoi 6udauoreku SYCL FFT
o cpaBuennio ¢ cuFFT. Xorsa SYCL FFT omguosnauno ycrynaer cuFFT
10 TPOU3BOAUTENLHOCTH, 1eab paspadbordaukos SYCL FFT — nepernocumocTs
Ha GPU pasubix npoussomureseii. [Ipu arom orcraanme SYCL FFT Bo
MHOIOM CB#I32HO € GOJIBIIUMY 33ePKKAMU Ha 3aIyCK (JUCIeTUYEPU3AIUIO) UX
[IPOTPAMMHBIX SJIED, UTO JJIs 331249 OOJIBINON PA3MEPHOCTH MEHEe BaXKHO.

Hpyroit opueHTUpOBaHHOI Ha paboTy ¢ GPU pa3HbIX pa3pabOTINKOB
6ubsimorekoii BII® siByisieTcs 6ubIMOTEKA C OTKPBITHIM HCXOAHBIM KOjoM VKFET,
JIQHHBIE O Ipou3BoauTenbHocTH KoTopoit Ha A100-40GB umerorca B [252].
B VKFFT nonnep:xuBatorcs JJaHHbIE JTBONHON, OJUHOTHON U TTOJIOBUHHOMN
TOYHOCTH, & JIOCTUraeMasi mpou3BoauTeabHocTh Ha A100 00BIYHO OOJIBINE, YeM
c cuFFT [252].

B [253] paspaborana 6ubianoreka tcFFT Jyist OfHO- U JByXMepHOro BII®
¢ MCIOJIb30BaHmeM TeH30pHBIX saep. [Ipu padore ¢ FP16 tcFFT mpesocxomur
uo npoussoguresbaocTu cuFFT (¢ CUDA 11.0) B oxrOMepHOM U JiByMepHOM BII®
kak Ha A100, rak u na V100 (uckirogerue — ogHoMepHblii BII® ¢ HeGosbIInMU
pasMepHocTsivu). B [253] mokazaHo u cyImecTBEHHOE MPEBOCXOCTBO MO MPOH3-
BoguresibHOCTH B A100 oTHOCHTEIbHO V100 j1y1s1 0JTHO- U AByXMepHOro BII®;
9TW JAHHBIE WITIOCTPUPYIOTCS HA PUCYHKe 12 1uist aByxmepHoro BII® [253].

BeraucaunrenbHass XUMMUSI:

(A) Mosnexyaapras dunamura. 3a7a9u MOJIEKYJIAPHON TUHAMUAKHU CTAJIT
BBICTYIIaTh B KadeCcTBe KJIACCUYECKUX, OJHUMHU U3 NEPBBIX JEMOHCTPUDYeE-
MBIX TIPUMEPOB POCTA, TPOU3BOAUTENLHOCTH GPU mX paspabOTIMKaAMUT.
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Pucynok 12. Ilpoussomurenbuocts cCUFFT u tcFFT ma V100 u
A100 (pucynok u3 [253])

Tak, B [190] ykasbiBaercsi Ha POCT IIPOU3BOIUTEILHOCTU B U3BECTHBIX
npuioxkeHusix MoJiekyssproit quaamukua AMBER, GROMACS, NAMD
u LAMMPS B 1,5-1,9 pasa na A100 o cpasuenuo ¢ V100 (1,9 pasa
orrocurcss Kk LAMMPS).

[HonpobHBIM U TIIyOOKUM HCCJIEOBAHUEM, ITOCBSIIEHHBIM TPOU3BOII-

resibHocT LAMMPS B pacyerax pa3jiudHbIX MOJIEKYJISIPHBIX CUCTEM
¢ IPUMEHEHUEM Pa3HBIX MMOTEHIUAJIOB U pa3Hbix GPU, B ToMm uucye A100,
siBsisiercst [254]. 3mech ucnonbsosadcst Kiaacrep u3 multi-GPU cepsepos
(HPE/Cray EX B Boruuciauresnbuoii cucreme Airforce Weather, AFW
HPC11). B 6asuposasmuxcs Ha A100 y3/1aX UCIIOIB30BAHO 110 OIHOMY
64-snepuomy EPYC 7713 u no wersipe A100-40GB. LAMMPS jyis
TOJIJIEPYKKU TIEPEHOCUMOCTH KOJA UCIOJIb3yeT MPOIPAMMHbBIE CPEJICTBA
Kokkos, a crarbst HampaB/ieHa Ha JOCTUXKEHUE ONTUMAJIBHOIO BBIOOPA
X [TapaMeTpOB, U IPUBOISTCH TOJBKO JIAHHBIE O COOTBETCTBYIOIIEH
OTHOCHTEJILHOW ITPOU3BOIUTEILHOCTH.
Monexyanapnodi dokune. B [42] oy aeHsl TaHHBIE O TPOU3BOIUTEIHHOCTI
MuHU-TIpUoxkenus miniBUDE™ [255] na 6a3e opueHTHPOBAHHOTO
Ha MOJIEKYJISIPHBIN JOKUHT JJTs 387129 OOHAPY KEHUS MTOTEHITHATBHBIX
JIeKapceTB (pacueTsbl KOMILIEKCOB JIMPAHIOB C IIPOTEUHOM ) IIPUJIOKEHUST
BUDE (Bristol University Docking Engine), B koropom n3menenue
CcBOOOIHOM sHeprun ['mbOCa /It CBA3U JIUTAHI-TIPOTENH CUNTACTCS
[PEJIEJILHO IIPOCTO, SMIUPUYECKH (TO €CTh METOJI IIPOIME, YeM MOJIe-
kyJisipaas mexanuka). BUDE ucxonno opuenruposasocs aa GPU, a
miniBUDE sddexTusmo nepenocurcs uHa camble pasnble BapuaHThl SDK
ayst GPU. B pacdaerax 3aeck ucnonb3yercsa FP32, u A100 npumepro
na 30% 6nicTpee, yem V100.

Hpyrast mporpaMma Jyist MosieKyJIsipaoro jokuara, AutoDock, B [256]
6b11a MoziepHI3UpoBana J10 AutoDock-GPU ¢ obecrieuernreM BO3MOXKHOCTH
pabors! Ha GPU Nvidia. Tam jyist A100 6bL10 HafieHO JocTHXKEHNE DojIee
BBICOKO! IIPOU3BOJIUTEIBHOCTH IIpU ucnoab3oBanun CUDA, yem 11pu

pabore ¢ SYCL.


https://github.com/UoB-HPC/miniBUDE/
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Keanmosas rumus. B [198] onncana kapiauHabHas MOJIEPHI3AIINS
aBTOPaMHU [AKeTa [IPOrPAMM C OTKPBITHIM MCXOIHBIM KOJOM JIjisi BEIYUCIIU-
reapuoi xumun QUICKY™, naomas BO3MOMKHOCTD IIPOBEICHHIS PAcIeTOB
kBanToBoxuMuYeckumu Merogamu HF u DFT (maunbosiee pacupocTpaneH-
HBIM Ha CETOjIHsI B MHUpE) B rayccoBckoM basuce Ha multi-GPU cepsepax,
B ToMm unciie ¢ A100. OcoBEHHOCTHIO PACYETOB BCEX COBPEMEHHBIX
KBAHTOBOXUMHIYECKUX METOIOB B TAKOM 0a3uCe SBJISETCH HEOOXOIMMOCTH
seranciaenus O(N?) unrerpanos (N-pasmeprnocTh 6a3nca), 4To He
CBOJMTCS K IMUPOKO PACHPOCTPAHEHHBIM MATEMATHIECKAM METOIAM.

OrTu BHIYUCIEHNs (8 TAKIKE COOTBETCTBYIOMIUX IPAJIUEHTOB) TPEOYIOT
OCHOBHOTO Bpemenu pacdera metojoM HF umu DFT. s pacmapasiiennBa-
HHUs 371eCh ObLIN Kcmoib3oBanbl cpeactea CUDA C u OpenMPI. Kaxkaprit
U3 BbIIIEyKA3aHHBIX UHTErPAJIOB OT CrPYIIMPOBaHHbIX (contracted)
6a3uCHBIX (DYHKIUNA PACCUATHIBAETCs OJIHOM HUTHIO Ha PTX-ypoBHE, 4TO
[TO3BOJIMJIO JOCTUTHYTH BBICOKOH MPOU3BOIUTEILHOCTH IS TAKON CJIOZK-
Hoil 3amaun. PacnapasuiesmBanne 8 QUICK Bo3MOXKHO OT ypOBHSI OJIHOTO
GPU mo kmacrepa 3 multi-GPU cepsepos. Bee pacderst BoImostHSIOTCS
¢ HEeOOXOIMMBIM JJ1sT KBaHTOBOM xumun dhopmarom FP64; Terzopubie
sJIpa, He UCIOJIb3YIOTCs W3-38 OTCYTCTBUSI HEOOXOIMMOCTH YMHOXKEHUSI
MAaTPUIL B 9TUX METOJIAX.

[IpuBeierHbIE PE3YIBTATHI BPEMEH BBIIOJHEHUS PACUETOB ISl PA3JINI-
HBIX MOJIEKYJI, COIEPAKAIIUX OT HECKOJBKUX JIECATKOB 0 HECKOJIBKUX
coren atromos B Infiniband HDR-knacrepe ¢ yanamu DGX (mo 4 V100
SXM2 ¢ mBymsa Xeon Gold 6248 na y3es) moKa3ajn BBICOKYIO IIaPaJIIesIb-
HY0 5 (PEKTUBHOCTD U TPAKTUIECKH JIMHEHHYIO MacIITaOUPyEeMOCTh
npoussoguTesbHocT o1 1 710 16 GPU. Ha cepsepe DGX A100 ¢ Bocembio
A100 napasnensHast 3bdEKTUBHOCTE HEMHOTO HUXKeE, YeM ¢ V100 (y
V100 menbmie SM), HO 3aT0 BpeMst pacdera Hamuoro nmke [198]. QUICK
GricTpo paseuBaerca [257-259], a mocTuraeMoe 0UeHb BBICOKOE YCKOPEHHe
B pacuerax 10 DT oTHOCHTEIBHO OOBIYHBIX JBYXIIPOIIECCOPHBIX CEPBEPOB
c x86-64 stenaer ero NMpUBJIEKATETBHBIM U JIJIsI JIOCTATOYHO MACCOBBIX
pacueTosB.

AJbTepHATUBHBIN OIX0 K 06€CIEYEHUIO BHICOKO3(D(MEKTUBHBIX
pacdeToB B rayccoBCKOM Oazuce merosiom DFT ¢ mpumenennem GPU
upeiozkeH B [260] u 611 peanmmsosan Ha A100. B [260] paspaGorans
HOBBI€ JITOPUTMBI JIjIsl PACYETOB KYJIOHOBCKUX U OOMEHHBIX BKJIAIOB
B MaTPUILy OJHO3JIEKTPOHHOIO raMuiabTonnana DFT, u co3zana mporpaMma,
reaepupytomasa CUDA-KOIBI (HpOFpaMMHbIe gpa pasHble I PasHbIX
YIJIOBBIX MOMEHTOB). Ha MOJIEKY/ISAPHBIX cHCTEMaX PA3MEPOM OT HECKOJIb-
KHX COTeH JI0 0oJiee THICAYN aTOMOB TaM OBLIO ITOJIyYEHO JJOCTATOYHO
XOpoliee MacHITaONPOBAHUE IIPOU3BOAUTEIHLHOCTH C HCHOIH30BAHUEM [0
128 GPU A100 nma cynepkommbiorepe Perlmutter.

Jlpyroii memoHCTpaIyeil JOCTUTAeMOCTH BBICOKOTO YPOBHSI MACIITAOM-
poBaHus pacuapaJueimBanus B Kiaacrepe u3 multi-GPU cepsepos ¢ A100


https://github.com/merzlab/QUICK
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Ha 3a/laUaX KBAHTOBOI xumuM sBjsgercsa pabora [261], riae pacderst
OBLIN MIPOBEJEHBI B CYIEPKOMITBLIOTEPHOM IeHTpe Samsung Electronics
(ua cynepkomumbiorepe SSC-21, 3anumaromem 20-e mecto B Top500),
B y3J1aX KOTOPOro mpuMeHsuch cepsepbl HPE ¢ aBymst 32-saepabivu
EPYC 7543/2,8 I'Tu, namarsio 1 T6aiir u 8 A100-80GB (y3ub! cBsi3anb
no Infiniband HDR200).

S1ech 110 pacimmpeHHoMy 110 cpaHennto ¢ DFT meroxy TDDFT
(¢ 3aBUCUMOCTDBIO OT BpEMEHHU, JJIs PAcIeTa BO3OYKIEHHBIX COCTOsI-
HUIT) C MCIIOJIb30BAHUEM T'ayCCOBCKUX GA3UCHBIX (DYHKIMIA IPOBEIEHbI
pacdeThl MOJIEKYJIbI IPOTENHA, cojiepKkaireil coirie 40 ThICSI aTOMOB
¢ ucnojibzoBarreM 70 256 A100. B mporpamme jisi pacnapaJsiieTuBaHust
ucnosbzoaauchk OpenMPI, OpenMP u cpencrsa CUDA Fortran (us
NVHPC SDK 22.3). Ucnonbsoascs omun paur MPI na kaxzpiit yzes, tam
nporneccopsl (onn ceazanbl ¢ A100 gepes PCle) mopoxkaaior d9ucio
uureit OpenMP, pasraoe uncity GPU B y3ie, a jyist obmienus mexry A100
ucnojibdyercss NVLink. [TosyuenHoe yckopeHre HECUTIBHO OTKJIOHSIETCSI
oT JimHeitHoro MacirabupoBanus BILUIOTh 10 256 A100; maxke mpu 256
GPU adderTuBHOCTD pacuapaJiiennsanus npesbimaer 80% [261].

B eme onHoit paboTe, mpoBejieHHON B pamMkax ECP-ipoekTa [262],
[IpeICTaBICHBI BPEMEHa pacueTa OOMEHHO-KOPPEJISITUOHHON COCTABJISIIO-
ITeil O/THO9JIEKTPOHHOI'O TaMIJIbTOHUAHA KBAHTOBOXUMUYECKOIO METO/IA
DFT ¢ HCIIOJIb30BaHUEM I'ayCCOBCKUX OA3MCHBIX (DYHKIMI 110 HOBOMY
nporpamvuomy Komiuiekcy NWChemEx (paspabarbiBaeMoMy Ha OCHOBe
uzBectHOro nporpammuoro komiviekca NWChem). Coorsercrsyromias
JacTh KoJ@a Oblia cuesana na CUDA. B pacuere nporenna (youksurug,
foJ1ee THICAYN ATOMOB) HCCJIEIOBAHA 3aBUCUMOCTD BPEMEHU BBHIYUC/ICHUS
OT 4YHUCJIa UCIOJb30BABIINXCH IIPpU pacnapaJsiesnBanuu GPU Ha cyunep-
komnbioTepax Perlmutter (¢ 4 A100 B kax oM y3Je) u Summit (¢ 6
V100 B kaxkaoMm y3ie). s onruMusanuy pacdera pa3paboTaH Kol
Ha yposHe PTX, a [yigd ONTUMAaJIBLHOI'O UCIIOJIbL30BAHUS PACIIPEIC/ICHHON
namMsTu npuMeHsiuch cpejcrsa NCCL/NVSHMEM. Bpems pacuera
BCEX KOMIIOHEHT ITPOTPaMMBbl YMEHbBIAeTCst ¢ pocToM ducia GPU 10 32
[IOYTH JIMHEHHO, IPUYEM yXY/IIIAIOIIe OTKJIOHEHNs OT JIMHEITHOCTH [IPH
ncnosb3oBannn V100 memuoro 6ombine. CaMu 3TH BpeMeHa Ha OTHOM
A100 menbie pasa B oaTopa-asa, yem na V100.

BoraucnurenbHast aspo- u ruapogunamuka (CFD). Jlamabie o mpo-

n3BogureabHocTr CEFD-npuioKeHnii IBISTIOTCST TAKUMUT YK€ « TUITTTHBIMEA >
B JOKJaJax Ipoussoguresneil GPU, Kak U JaHHBIE 110 MOJIEKYJISIPHOU NUHAMUKE,
U COOTBETCTBEHHO IybuKanuii ¢ Takumu JanabiMu i A100 mosiBiioch yxke
MHOTO.

Tak, B [263] Bbruncaenne o nporpamme OpenCFD-SCU nma A100

norpeboBasio 3,036 ceKyHIbI Ha OJWH INAr pacdyera 1o cpaBHeHuo ¢ 4,702
cekyumamu Ha V100.
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B [264| upuBoasTcs JaHHbIE O IPOU3BOJAUTEILHOCTH B U3BECTHOM KOJIE
Nek5000/RS, upumensioniem cuenuaan3upoBannyio oubauorexky OCCA
(Open Library Concurrent Compute Abstraction) jgist pasabix Tunos GPU.
Iporpammuste siipa Ha A100 Tam nomnepxkusaor 2,1-2,2 TEFLOPS (FP64)
qist oneparopa [lyaccona u 3,1-3,8 TFLOPS (FP64) g oneparopa ajapexuuu
(GonbIme YucIa B JUAIA30HAX OTHOCATCH K GOJIBIIUM pa3MepHoCcTsM). B mpe-
JobyciaBuBaresie gaBjeHnst npsaMoil oneparop Ilyaccona ua Gosiee rpyOBIX
MHOIOCETOUHBIX ypOBHAX peasmsyer 2,5-3,9 TFLOPS (FP32), a crmaxusa-
resb IBapua nognepxxusaer 2,5-5,1 TFLOPS (FP32). Coorsercrayoimue
nokazaTresn Ha V100 mpu 3TOM pa3a B MOJTOpa HUKE.

Amnajsiornuanbie ganabie 0 60J1ee BHICOKOM mpousBoauTeabaoctu A100
orHocurenabHo V100 B 1,55 pasa npu pacore NekRS nmerorcst B [265].

B [190] yxazano Ha yBesmuenue npoussoaureabaoctu B 1,7 pasa na A100 or-
HocuresbHO V100 3HaMernToro nporpammuoro kommiekca NASA, FUN3D [266].
ITonsiTHO, YTO 3TO TPEOyeT JAOMOJHUTEIHLHON MH(MOPMAINK ¢ KOHKPeTH3amuei
pacuera.

FUN3D —sr10 komIekc mporpamm Jisi perenust 3aigad CFD ¢ mecTykTy-
PUPOBAaHHON CETKOI, MCXOAHO HAMMCAHHBIN Ha Fortran, wacTh TekcTa KOTOPOTO
6bL1a nmeperecena Ha C+-+ CUDA B BHE IPOrPaAMMHBIX sIIep OMOJIMOTEKN
FLUDA, npudem 661710 CO3/IaHO Jarke MIUHU-TIPUJIOXKEHNE. PacdeTsl 371ech
npoBossaTes B hopmare FP64 jy1s 601bIMHCTBA IEPEMEHHBIX, U CO CMEITaHHO
rounocTsio FP32/FP64 nia 3amaa suneiinoii agrebpot [267).

Ha koudepenrun nmo aspoxocmudeckuMm ucciepopanusam 2023 roga 6n11
EJIBI PsiJl MOKJIAJIOB, Iie MPUBEJIEHBI JJaHHbIe 110 Tpou3BoauTeabaocTn A100
B pa3HbIX 3ajadax CFD, B ToM uncse 1o cpasrenuto ¢ V100. B [268] naiizero,
9TO TpU YeTBepTHu obiero BpeMennu Boinosnerus: FUN3D ¢ mpumenenunem
A100-SXM-40GB na cerke ¢ 3,7 MAJIITHOHAME TOYEK 3aHUMAJH [TPOrPAMMHBIE
sipa, CBA3aHHBIE TAaMSATH0. JlocTuraemast mpon3BOIUTEIBHOCTD KOPPEIUPYET
¢ MPOIIYCKHOM criocobHocThio, u pacder Ha A100 B pamkax obuieii mccseroBa-
TenbeKoit Mogesu (common research model, CRM) NASA B 0K0JI03BYKOBBIX
YCJIOBUSX C IIPUMEHEHUEM yCpeHeHHbIX 110 Peitnosbacy ypasnenuit Hasbe —
Croxkca 6bu1 B 1,67 paza 6sictpee, 1em pacder Ha V100-SXM-16GB.

B [269] B a3poMHAMIYECKOM aHAIM3E JJIA SJIEKTPUIECKAX CAMOJIETOB
C BEPTHUKAJHHBIM B3JIETOM W TIOCAIKOI C MOMOIIBIO IIPOIPAMMBI MOZETNPOBAHUS
GoJbInux BUXpedi Ha cucTeMe ¢ BoceMbio A100 BpeMs pacdera ¢ UCIIOJIb30BAHUEM
FP32 6put0 1,4 gaca nmpotus 2,9 1aca Ha cucreme ¢ Bocembio V100.

B [270] BBIIOIHAIOCH MOJIEIMPOBAHKE OOJIBIINX BUXPEH HEYCTORINBOCTH
nmoroka Ha multi-GPU cucremax ¢ yersippmst V100 u ¢ Bocembto A100. Janubie
3aBUCHMOCTH IIPOM3BOIUTEHHOCTH OT uncia GPU mist cucrem za A100 u V100
[IOKA3BIBAIOT, YTO IIPU OJUHAKOBOM dncje GPU (10 4) nIpou3BoAUTE IbHOCTD
A100 B pa3ssl BeIle Ipu pabore Kak ¢ FP64, tak u ¢ FP32, u mocruraercs
XOpolllee MacITabupoBaHue pousBoauTebHocTn 10 8 A100.
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Eme nannsie o CFD-npoussoguresbaoctu cepsepoB ¢ A100 u V100 ua 3roit
KOH(DEPEHIMH TIpeJICTaBIeHsl B [271], a B [272] naHHbBIE 0 MPOM3BOIUTEILHOCTH
nmoJtyYeHsl Jiyisi cucreM ¢ 4erbipbMsa GPU A100 wim V100.

B [273] upezcraBiiensl jaHHble O IPOU3BOAUTEIBHOCTH pertenus CFD-3a1a4
penteTounbiM MeTooM Bosbimana sa A100 u V100. Pabora [274] nocesimiena
COOCTBEHHBIM YCOBEPIIIEHCTBOBAHHBIM PEATA3AIINAM PEITETOTHBIX METOIOB
Bousibiimana ¢ conocrasienuem npoussogureibaoctu Ha A100-40GB u V100
¢ ucnonb3oBanneMm FP32 u FP64 u, ecTecTBeHHO, TTOKA3BIBAECT CYIECTBEHHBII
poct npoussonurebHocT A100 o cpaBrenuio ¢ V100.

B [275] upuseienb! anHbIe 0 JocTHTaeMOll B pamKax nporpaMMbsl URANOS
npousBouTesbHOCTH TIpu ucnoab3oBannn A100 wimm V100. URANOS pea-
Jsm3oBana Ha Fortran 90 u pacnapasiesnena ¢ npumenenrnem OpenACC u
MPI, npennaznatena Jjiss TOYHOTO MOJEIUPOBAHNS CXKUMAEMBIX TPUCTEH-
HbIX Tevenuii (perrenust cucrembl ypasaenuii Hasbe-CTokca B TpexmMepHOi
JIEKAPTOBO# CUCTEME OT HU3KUX JI0 BBICOKMX dmces Maxa u Pelinombca).
Pacuersr npoBogminch Ha ABYX Pa3HBIX UTAJbAHCKUX CyIEPKOMIIBIOTEPAX
¢ V100 B y3nax, u nva DGX-A100, rye n 6bl1a 10y vIeHa MAKCUMAJbHAS
MIPOM3BOIUTENHLHOCTh. BO BCEX BBIUUC/IUTE/BHBIX CHCTEMAX MAKCHMAJbHAS TIPO-
U3BOJIUTEIHHOCTD MOJIYUIeHA TTPYW UCIOJb30BAHNN HE CTAHIAPTHON pean3aIiun
MPI, a momumepxusarorreit GPU or Nvidia, B KOTOpO#l HCIIO/IB3yeTCs MPsiMOit
0oOMeH JTAHHBIMU MEXKJIy YCTPOMCTBaMM, He 0OpaIasch K XOCTY.

B [276] st 337187 TOYHOTO MOJIEMPOBAHUS BBICOKOCKOPOCTHBIX MTOTOKOB
B Pa3JIMYHBIX CXEMAaX PEIIeHUs IIPOBEIEHO corocTaBiieHne 3MMEKTUBHO-
ctu pasubix GPU Nvidia, B Tom guciie A100 u V100, ¢ npuMeHeHreM He
Tosibko popmarta FP64 xak ocroBHoro, nHo u FP32. Monenuposanue nryma
cBepx3ByYKOBOii crpyn (13 muamnonos siueek, 400000 urepanuii) Ha oHOM
A100 ¢ ucnonbzoBannem CUDA najio pacderHoe Bpems 34,5 daca. [locauras
OTHOIIIEHUST pa3nIHbIX BpeMeH pacderoB Ha A100 u V100, mpuBeqeHHBIX
B [276], Mbl nostyunin auanazon yckoperuit A100 ornocurensro V100 or 1,4
1o 1,9 pas.

3a,qaqn NCKYCCTBEHHOI'O MHTeJIJIeKTa. qTO KaCaeTCd ITPOU3BOAUTEIIHLHO-
ctu A100 mtst 3aa9 WY, 37€Ch PACCMOTPEHBI TOJIBKO JIBa, C TOYKU 3PEHUS
aBTOpa 0oJiee Ba’KHBIX MCTOYHUKA NAHHBIX. BO-IIEPBBIX 9TO, KOHEYHO, TAHHbIE
0 IPOM3BOJUTENILHOCTH MAIIMHHOTO 06yuenus — ecroB MLPerf training [277];
B MOMEHT HAIMCAHUsT 0030pa aKTyaJbHBIME OBUTH JaHHbIE i Bepenu 2.1 [278].
Huxe paccmarpuBaercss 6ojiee COMMOCTABUMBIIN «3aKPBITHINY pa3esl STUX
TecToB. B paMKax HEro BO3MOKHBIE JIAHHBIE JIEJIATCS Ha JOCTYIIHBbIE B ODJIaKe,
JIOCTYIIHBIE TOJIBKO JIOKAJIBHO U TIpeBapuTesibabie. B Tabaune 14 npuseaeHb
JIOKAJIBHO JIOCTYIHBIE JaHHBIE O pon3BoguTesasbHoctu cepepos ¢ A100. ITo mpa-
BUJIAM PE3YJIBTATHI MOTYT MPEIOCTABISTHCS JIJIsi OT/IEBHBIX TECTOB M3 ODIIEro
crucka. Ho 371ech 11e1610 66110 MAKCUMAJIBHOE COIIOCTABJIEHIE, U OT/IEIbHbIE
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JOCTUIHYTble MaKCUMaJIbHbIE BEJIUYUHbI IIPOU3BOJUTE/IBHOCTH 110 KaXKJIOMY

73 TECTOB, MOJIYUIEHHBIE PA3HBIMU (hUPMaMU, HE COMPOBOXK TABIITNECS MHOTTMEI

COOTBETCTBYONIUMU JIAHHBIME JIJIsI JIPYTUX TECTOB, B TaDJINIE HE IPUBEIEHBI.
TapyiuA 14. IlponsBoguTeIbHOCTH MAIMMHHOTO OOYYIEHUS B Te-

crax MLPerf Training v2.1 [278]. [laHHbIe JOCTYIHBI JIOKAJILHO
(Available on-premise)

Bpems
Samaua Twun GPU, ux 9ucio | pacuera, OrnpaBuresb
MUHYT
Knacenduxams: 1306pa- A100-sxm-80gb, 4 54,956 | Asustek!
N A100-pcie-80gb, 8 30,756 | Asustek?
FREHUL AT100-sxm-80gb, 4 54,231 | Dell®
~ A100-sxm-80gb, 4 49,446 | Asustek!
fgfzzgsziesznunﬂ A100-pcie-80gh, 8 25,855 | Asustek?
A100-sxm-80gb, 4 47,253 | Dell®
Orapyserie oGbeKTon A100-sxm-80gb, 4 161,699 | ASUSTek!
* [ A100-PCIe-80GB, 8 89,137 | ASUSTek?
JICTKOBECHOC A100-SXM-80GB, 4 222,199 | Dell3
R A100-SXM-80GB, 4 78,535 | ASUSTek!
’ [ A100-PClIe-80GB, 8 43,081 | ASUSTek?
THZKEJIOBECHOC A100-SXM-80GB, 4 83,712 | Dell®
A100-SXM-80GB, 4 59,989 | ASUSTek!
Pacnosnasanue peun A100-PClIe-80GB, 8 32,534 | ASUSTek?
A100-SXM-80GB, 4 55,086 | Dell3
A100-SXM-80GB, 4 33,431 | ASUSTek!
NLP A100-PCIe-80GB, 8 24,186 | ASUSTek?
A100-SXM-80GB, 4 32,792 | Dell®
A100-3XM-80GB, 4 3,147 | ASUSTek!
Pexomenanus (DLRM) A100-SXM-80GB, 4 4,309 | Dell®
O6yuenme A100-PCIe-80CB, 8 161,647 | ASUSTek?
C HO,E[erHJ'IeHI/Iel\/I

L¢ EPYC 7773X, GPU TDP 400 Br;
2 ¢ 2xEPYC 7763, GPU TDP 300 Br;
3¢ 2xEPYC 7763, GPU TDP 500 Br;

B rtabsuie oToOpaHbl TOJIBKO JaHHBIE, OTIIPABATEIH KOTOPBIX MTPEIOCTABILI
pesyibTaThl Mo 7 TectaM u3 8 umeromtuxcst B MLPerf training 2.1. s Bepcun
2.1 mamnable 0 mpou3BouTeabHOCTH V100 OTCYTCTBYIOT, HO KapAWHAJILHOE
yckopenne A100 oraocurebro V100 MOYXKHO KOCBEHHO OIEHUTDH U3 JIAHHBIX
MLPerf training HPC 2.0 [279]. Tlonyuennas pou3BoUTeIbHOCTH TECTOB
MO2KET 3aBHUCETH He TOJBKO OT COOCTBEHHO xapakrepuctuk GPU, HO 1 OT
KOHKPETHON HMCHOJb3YEMOI BBIYUCIATEIBHOU CUCTEMbBI U IIPOTPAMMHOIO
obecriedeHns.

3/1ech 910 GosbIe He 0OCYKIAeTCsl, HO HUXKe, B pasjene 4.2.6, nmpeacras-
JieHsl fanabe 0 npoussoguTesbHoctd A100 B HOBBIX Bepcusix TectoB MLPerf—
training 3.0 u apyroro Habopa TECTOB /I BHIBOJA MAIAHHOTO O0yJeHUs,
inference datacenter 3.1. Tam npoussourensHocTs A100 comocraBiisiercst
¢ H100 (3Tu maHHBIE CTAIM JOCTYIHBI y2Ke TOCJIE MPAKTHIECKOrO 3aBEPIIeHUsT
paboThl HasL 0630pOM).
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Hpyras nmerorast BaXKHYI0 HHOOPMAIIAIO O TTOKA3aTe X TPON3BO/IH-
reaprOCcTH A100 1151 pasamaabx obacreit UU mybimkanust [231] B y3koMm
CMBICTe opueHTHpoBaHa Ha DLRM. Bbuto oTMeweHo, 9T0 9T MOAEIN NMEIOT
HETUITNIHbIE TPEOOBAHUS 110 CPABHEHUIO C [IPYTUMHA TUIAME MOJeJIeil TiIybOKOro
obyuenus. B [231] ¢ upumenennem A100 u V100 nosiydeHbl JaHHbIE JJIs0
Pa3HBIX TECTOB MPOU3BOAUTEIHFHOCTH, B TOM YHUCJIE B KJIACTEPE U3 CEPBEPOB
GPU, 9T0 aKTyaJIbHO it OOJIBINNX BhICOKOMACIITaOUpyembix L0, U caeraHbl
PEKOMEHTAIINN TI0 BO3MOYKHBIM YCOBEPIICHCTBOBAHUSAM TAKUX MOJIEJIEH.

Bce npuBenennbie JaHHbIE TPOM3BOIUTEIBHOCTH €CTECTBEHHO U OJHO3HATHO
cBUETETLCTBYIOT 0 penmytinecTse A100 orrocuTenpro V100, B TOM 1ncite
B [IPOU3BOUTEILHOCTH, YTO HanboJiee CUJIBHO JOJI?KHO MPOSIBJISTHCsT B HPC-
NPUJIOYKEHUSIX, TPEOYIOMMUX yMHOKeHust Marpull, FP64 u/umu Gobiioit
emroctu namsaTu. Orcraanne V100 menbine B HPC-ipuioxkenusx ¢ FP64, me
HCIIOJIB3YIONINX YMHOXKEHUSI MaTPUIL B TEH30PHBIX /IpaX: BEKTOPHBIX SIED
FP64 B onrom SM y oboux GPU oquHAKOBOE YHUCJIO.

4.2. Hoebie GPU Nvidia H100
4.2.1. H100— mukpoapxutekTypHbie peanusayuu Hopper

OcHnoenble nokazaresn, xapakrepusytomnme H100 B conocrasienun ¢ A100,
npuBejeHbl B Tabsure 10, a pucyHox 6 uimocTpupyeT obiee crpoeHne SM
B H100, matoree ocHOBBI Jj1s1 oHMMaHus apxuTeKTypbl H100 u macmrabuposa-
HUS TIpousBoauTebHOCTH ¢ uncyiom SM. Kpome paccMarpuBaemMbix B JaHHOM
o630pe mozesneit H100, Nvidia crama npomssoauts GPU H800, Takke mmeroriue
apxurekTypy Hopper, u ue nogmamatorue nosy cankinuun CIITA B orHOmMennn
Kuras B cBsI31 ¢ MOHMKEHHBIM 10 IIPUEMJIEMOTO YPOBHEM IIPOU3BOIUTEILHOCTH
B H800. 91u GPU B 0030pe He paccMaTpUBarOTCs; MHMOPMAIHS O HUX JOCTYIIHA,
HanpuMmep, B [185].

Bce npuBoamMble qasee B HACTOSIIEM Pa3Iesie JAHHBIE O MUKPOAPXUTEKTYPE
Hopper u ee peanuzamuu 8 H100 ocnosanbt na obiem onucanuu Nvidia [78], a
IpU HEOOXOAMMOCTH 0oJjtee MOAPOOHON MHMOPMAIINT TPUBOIATCS CCHLIKHI
Ha COOTBETCTBYIOIINE UCTOYHUKH.

Baaronapst nposesennomy Boitie paccMorpernio A100 u apXuTekTypbl
Ampere, nipu anajuze H100 MOKHO COCPEIOTOIUTHLCST TOJIBKO HA YCOBEPIIEH-
creoBanugax B H100 ornocuresnsao A100, tak kak obiiee nocrpoenue H100 u
A100, xak u ux SM, npumepHo ofuHakoBoe. ObIas uepapxust HOCTpoeHust GPU
or ypoBHs SM j10 yposHst mojiHoro GPU y H100 u A100 He oTyimuaercsi, u
HCIIOJIb3yeMasi TEPMUHOJIOTUsI He MEHsIeTCsI: U3 JIBYX SM oOpasyercsi Kjacrep
TPC, a u3 nabopa TPC obpasyiorcs KiaacTepbl GPC, koTopsix Ha GPU Bcero 8. Ho
y pa3abiX GPU B 3TOI mepapxuu OTINYAIOTCA KOJANYECTBEHHBIC ITOKA3ATEIIN.

Kak u msg A100, y H100 umerorcst MaKCUMAJIBbHO JIOCTYIIHBIE KOJIU-
YeCTBEHHbIE TI0Ka3aTel, MojiepKuBaeMble apxurekTypoit Hopper (onn
ykaspisatorest juist GH100). Peassro Nvidia npesraraer jise Mojesn ¢ pasHbIME
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TapnunA 15. Nurerpansuasie nokazareau GH100 u momeseit

H100

TTokazarenn GH100 H100-sxM5 | H100-PCle
Yucao SM 144 132 114
Yucsio TPC 72 66 57
Yucao GPC 8 8 8
Ko 1.2 60 Mb 50 Mb 50 Mb
Yucso crekos HBM | 6 (HBM2E nsn HBM3) 5 HBM3 5 HBM2E

dopm-dakTopamMu, peasusyonine apxuTeKTypy Hopper, n ux KOJIudecTBEHHbIE
[IOKa3aTe/Id B 9TOM MepapxXuu MpuBejeHbl B Tabure 15.

B GH100 B kaxom GPC umeercst 1o 9 TPC, HO B peajibHBIX MOJIEJISAX
H100 s1o me 06s13an0 BHIMOMTHATHECI. B GH100, H100-SXM5 u H100-PCle
ucnonb3yercs 1o 10 KoHTpoJuiepoB namaru (1o 512 6ur KaxKplii), 910 u
Jaer obigyo mupuHy naMsta 5120 6ur (cm. Tabaumy 10). Camoe BazkHOE —
aro monean H100 ¢ pasabiM dopM-PaKTOPOM CYIECTBEHHO OTIMIAIOTCS
10 IIPOU3BOAUTEILHOCTH IPOCTO U3-3a PA3HOr0 4ucia SM, a TakKe n3-3a
pasHoii mamsaTu. Bojlee neTajbHO 3TO BHAHO He B Tabsmie 15, a B Tabanmax
10 u coorBercTBerno 12. [IukoByio npousBoguresprocTh B H100 MOKHO
[IOCYUTATh TaK K€, KaK 3TO Jiesaaock Boimre st A100 — apocro y H100
yBemmauiaoch ancyio SM, u B H100 B kaxqom u3 4 pasgenos SM ecThb B 1Ba
pa3a Oouibiite BeKTOpHBIX ycrpoticts FP64, FP32 u INT32.

ITo cpasrenuio ¢ A100, kpome KomuecTBeHHOrO pocta B H100 dnciia
JOCTYIIHBIX SM 1 4muciia cojiepKalxcd B KaxKJI0M SM BeKTOPHBIX d1ep, a
Ha obmeMm yposHe H100— emrocTu kamra L2 u apyrux mokasareieil, mesbrit
P&/ IPUHITUIINAJIBHO BAXKHBIX yCOBEPIIIEHCTBOBaHU B anmaparype H100
KapInHAJIBHO TeCHO cBsi3aHo ¢ CUDA u Oy/eT pacCMOTPEH Jiajiee B aHaJI3e
CUDA-pacmupenwuii jyist H100. 9To oTHOCUTCS U K CHHXPOHHOMY BBITIOJTHEHHUIO,
U K HOBOMY MOJLYJIIO— TeH30pHOMY yckopuresto naMstu (Tensor Memory
Accelerator, TMA) st acbdexTruBHO# epenastn GoNbIINUX GIOKOB JAHHBIX
MeXKJy IODAJIbHON U pa3eseMoil TaMsIThio (CM. pUCYHOK 6).

Haxkonern, 8 H100 65110 CO3/1aHO WU YCOBEPIIEHCTBOBAHO 10 CPABHEHHIO
¢ A100 o4uenb GOJIBIIOE KOJUIECTBO HOBBIX AIAPATHBIX CPEJICTB, KOTOPbIE He
OTHOCATCS K TEMaTHKe JTAHHOTO 0030pa B Y3KOM CMBICJIE €r0 OPHEHTAIIUN
Ha HPC 1 orpaHmveHHOCTU paccMoTpeHus 3anad UA. laxke nmepeducienue
HOBBIX TAKUX CPEJCTB MOXKET 3aHATH HE OJUH abd3all— 9TO MHOTOYHUCJIEHHDBIE
ycoBeplieHCcTBoBaHuA MIG-TexHosoruu (oco6eHH0 aKTYaJIbHO JIJIsI PAOOTHI
¢ 0bJsiauHOi TexHosIorueit), cpecTs Ge30nacHocT U Tak jgajee. B ISA Gbuin
J100aBJIEHBI HOBbIE KOMAH/IbI, HAIIPUMED, Ui aKTYaJIbHBIX 33829 T€HOMUKHI —
9TO MMeeT BeCbMa BakKHOe, HO y3Koe 3HadeHne. Kyda 100aBICHHOTO OTHOCUTCS
K 00paboTKe BUIeO 1 n3obparkeHnit, 3agadam UA. I3 nmociaeaux orMeTnM
TOJIBKO IIOSIBJIEHUE AIAPATHBIX CPEICTB I MOJieseli-TpancdopMepoB,
npumensieMmbix yist NLP. Kax u mpu paccmorpenun A100 Bbiine, amnmapaTHbie
CpeJICTBa MEKCOeIMHEHN PACCMOTPEHBI B OTJIEJILHOM pa3jielie, IOCBIIIEHHOM
cepBepaM ¥ BBIYUCIUTEIbHBIM cucTemam ¢ H100.
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4.2.2. BbryncantenbHbie cuctemsl ¢ H100

B nmannom pazzenre paccMaTpUBAIOTCH UCIOIB3YIOMIAE CEPBEPHBIE ITPOIEC-
copbl x86-64 Braucsmrenpubie cucrembl Nvidia (0T cepBepoB 10 CylEPKOMIIBIO-
repoB) Ha 6aze H100, a Takxke mexxcoequuenust H100 u ARM-niporieccopbt
Grace or Nvidia, koropsie OymyT ncmosp3oBaThbest B cepBepax ¢ H100.

Cerbp NVLink ana H100. na macmTabupoBaHus MPOM3BOIUTETHHOCTH
€ POCTOM YHCJIa UCHOJIb3yeMbIX GPU B cepBepax (KOTOPBIil CTajl COBpPEeMEeHHOM
XapaKTepHOil TeHieHnuedt) u 6picTporo ooMena nanubivu GPU ¢ LI (u ¢ gpyrumu
GPU) MexKkcoelMHeHts KapAUHAIbHO BaxKHbl. C TOYKU 3pPEHHs ABTOPA, 311€Ch
Nvidia ynaioch 106MThCsI OU€Hb SIPKOTO IIPOPBIBa Bliepe, (cM. Tabuuily 16).

Tabmna 16. Texumueckne XapaKTEPUCTUKH MexKcoenuHeHuil GPU
Nvidia cormacuo [78,280]

TexHu4Yeckne XxapaKTepPUCTUKHI V100 | A100 | H100
Yucno muauit (auddepennnaabHbIx  map) 8 4 9
ra nopt NVLink

TIponyckuast criocobrocTs Kanaina NVLink oxao
nByHanpasJsenHas, I'B/c

25/50 | 25/50 | 25/50

Yucsio kanajaos NVLink B GPU 6 12 18
OO6I1asi MPOIYyCKHAsl CIIOCOOHOCTH KaHAJIOB

NVLink, I'B/c 300 600 900
ggnzaﬂ MIPOITYCKHAsl CIIOCOOHOCTH KOMMYTATOPA, 2.4 48 72

NVLink4 8 H100 kax BBICOKOCKOPOCTHOE MEXKCOEIMHEHUNE C HU3KOM
38IePKKOM M MOIIEPKKON PYHKIINI 0OTKA30yCTONINBOCTA OOECIIEINBACT
uporyckuyto cnocobrnocts 900 I'B/c—B 1,5 pasza Goubine, uem NVLink3 [78].
Baxno, uTo Takas mpoIycKHas CIIOCOOHOCTD MIEAJIBHO COUETAETCS C IPYTUMHI
MIPOITYCKHBIMU CIIOCODHOCTSMHU HOBBIX cynepuurioB Nvidia, HCIOIB3YIONuX
ARM-apxurekTypy, KOTOpbIe OyyT PACCMOTPEHBI JIAJIEE.

NVLink4 ucnonn3yer aBe auddepeHnnaabHble Mapbl B KaXKI0M HaIlpaBJIe-
uuy (ux B 2 pasa Menblue, yeM 6buto B kKanase NVLink3 ¢ Toii ke nporyckHoit
CrIocoBHOCTHIO) 1yIst (POPMUPOBAHUSL €IUHOIO KaHaja ¢ 3¢bQEKTUBHOI MPOIyCK-
Hoii criocobuocThio 25 I'B/c B Kaxx oM Hanpasiaenuu. [Tosromy H100 Tenepn
nmeer 18 kananos NVLink4 nporus 12 kananos B A100 [78].

Ho emte Baxkuee To, uro NVLink4 teneps mognepxkubaer cetb NVLink,
00eCIIeInBAIOILY 0 BO3MOXKHOCTDH OE30ITaCHO CBA3UM MKy coboit 10 256
H100 B pasubIx y3/1ax (cepBepax) ¢ MCIOJIb30BAHIEM TOIOJIOTUU TOJICTOTO
nepesa. CoorBercTBytomuii Kjiacrep umeer 32 y3ja o 8 H100 B kaxK oM.
B ceru NVLink nmeercst ceTeBoe aipecHOe TPOCTPAHCTBO U aIlllapaTHbHIE
cpejicTBa mpeobpaszosanus agapecos B H100 ¢ obecrietienremM M30JIsII CETEBOTO
aJIPeCHOr0 MTPOCTPAHCTBA M OTIENBHBIX 3JIPECHBIX MpocTpaHcTB pasubix H100.
Panee B NVLink Bce GPU ucmosb3osasm obiee ajipecHoe IpoCTPaHCTBo [78].
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Kommyrarop NVSwitch ucxonto Jj1aBajs BO3MOKHOCTE 00'beIMHEHUSI
rmamsTu HeckosibKux GPU. Mcnosb3yemsriit gy paborsr ¢ H100 kommyTaTop
NVSwitch3 obecnieunBaer anmapaTHoe yCKOPEHHE KOJUIEKTUBHBIX OIIEPAIIU
C MHOTOJIPECHOI mepeadeil, IYTo i KOJJIEKTUBOB C HEOOJIBIIUM Pa3MepOM
GJIOKOB JI0 JIBYX Pa3 yBEJMIUBAET IPOILYCKHYIO CIIOCOOHOCTh W YMEHBIIAET
3a/iepkKy 1o cpaBrenuto ¢ NCCL Ha A100. 910 cymecTBeHHO CHUKAET HATPY3KY
Ha SM P KOJUIEKTHBHBIX KOMMYHUKaIusx [78].

UcnonwzoBanue cern NVLink u NVSwitch3 mosBosister co3maBarh KpyIi-
nomacmrabubie cetun NVLink Switch System ¢ odenb BbICOKUM ypOBHEM
MIPOITyCKHON CIOCOOHOCTH. ¥Y3JIBI B TAKON CETU COEIUHSIOTCHA U€pPe3 BTOPOit
(«BHENIHUIT» 10 OTHONIEHUIO K y3JiaM) YPOBeHb KomMmyTaropos NVSwitch,
KOTODbIE HAXOJSITCA B MOJIYJISIX KOMMYTATOPA 33 IPEJIETaMU Y3JI0B U COETHHSIOT
HECKOJIBKO y3JI0B BMecTe. 11o/IK/IovuenHbIe y3JIbl CIIOCOOHBI IIPEJ0CTaBUTh 57,0
TB/c nponyckHoii criocobHocTn Beex-co-secemnu (all-to-all) [78].

Pesynbrarom sToro cranoBurcs nocrpoenne comeprkarnx H100 NUMA-
CHCTEM C OY€HBb BBLICOKUM JIOCTUTAEMBIM yPOBHEM MAacIITabupoBaHus o0bema
MAMSITH, YTO OTBEYAET TEHIEHIIUSIM COBPEMEHHBIX OOJIBIIUX 00y IAIONIIX
mogesneit UN.

Cepsepnl u kiaacrepsl ¢ H100. GPU H100 moryT pasmemarsest B cepBepe
¢ nmpuMereHneM coorsercTByomux Momyseit Nvidia. Nvidia mocrasmisier momysin
HGX (rpy6o rosopsi —aHajior miarhl rpadpuaecKoro mporeccopa), KOTopble
conepxkat B cebe H100 1 MOryT MCIIOIB30BATHCSA JAPYTUME (DUPMAMUA J1JIsI
co3manus cepsepa, comepzkariero H100. HGX H100— sro 610K, comepskarmumii 4
unu 8 H100. Koudurypanus HGX ¢ gyerbippmss H100 umeer moHOCTBIO
B3aMMOCBA3AHHbIE JIBYXTOUYEYHbIE COE/IMHEHNs, & B KOH(MDUI'YPAIIUN C BOCEMbBIO
H100 monnas nponyckuas crocobnocts Mexy H100 obecnieunBaercs depe3
kommyTarop NVSwitch.

Eme omun Tun momysst ¢ H100 or Nvidia—3sro H100 CNX, rme kpome H100
UMeIoTcst Bo3MoxkHOCTH ceTeBoit miarhl Nvidia ConnectX-7 SmartNIC, koropast
obecriedanBaeT PoIyckHyo criocobrocTh 400 I'6/c B BapuanTe Infiniband
NDR400 nnu Ethernet 400 [78]. Iousitro, uTo Monysiu HGX B nepsyto
odepesb OpueHTHpOBaHbl Ha 3aadu U, a CNX —nua HPC.

Kondurypanus cepsepa B gactu, orHocsreiics Kk H100, onpenensercs
sruMu MoayJsisiMu. [103TOMY 371€Ch MBI OTMETHM TOJIBKO YK€ ITOCTABJISBIIAECS
JIJIsl MPUMEHEHnsl B cocTaBe cyriepkoMmibiorepos cepeepsl DGX H100, opu-
€HTUPOBAHHBIE B IIEPBYIO OYepeb Ha 3a1a49u WA (X0Ta 0 cBOMX cepBepax
¢ H100-PCle n HGX y:xke 00bsiBuim pa3ubie hbUpMbI, HAIIPIMED, Supermicro u
Gigabyte).

Cucrema DGX H100 ¢ 8 H100 comep:KuT aBa HE3aBUCUMBIX OJIOKA
obpatorku manubix (DPU, data processing unit) Nvidia Bluefild-3 u 8
ananrepos ConnectX-7 [78]. DGX H100, kpome OpakTHYIECKH OJHOM
TOTOBHOCTH K PEINEHUIO 3a1a4 U, uaeaabHO MOAXOANUT st paboThl ¢ UA
B 00JIAYHOI TEXHOJIOIMH, IIO[JIEPXKKA KOTOPOIl HAYMHAETCsI C YPOBHSI OJIHOTO

H100.
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B xuacrepe DGX H100 SuperPOD (Munumanbaas KoHMUrYparus — 32
yana DGX H100) no cpasuenuio ¢ SuperPOD A100 BmecTo ABYX ypOBHEH KOM-
myTtaropos Infiniband ucnons3yercst onua yposerb kommyraropoB NVSwitch3,
a MaKCHMAaJIbHasI JIJIMHA Kabessi 0T KOMMYTaToOpa K KOMMYTATOPY yBeJIMIeHa

¢ 5 merpos mist DGX A100 mo 8 merpos st DGX H100.

B wuronbckoit Bepcun Topb00 2023 roga mpemcTaBiaeHo 5 CyIePKOMIIbIOTe-
pos, ucnonb3yonmux H100-PCle B cepBepax Ha 6a3e x86-64. Haupbicimas
IPOU3BOIUTEIBHOCTD CPEJIU ITUX CylepPKOMIIbIoTepoB (14-e mecto B Top500)
JIOCTUTHYTA B IIPEJIIIECTBEHHIKE aHOHCHpoBaHHOrO Nvidia cynepkoMibioTepa
EOS [281]. B sTom kaacrepe ucnosb3yercs 128 yzinos DGX SuperPOD.
Cepsepsr DGX H100 pa6orator ¢ Ubuntu 22.04 u comepxkaT 56-s1aepHBIi
Xeon Platinum 8480/2 I'T'y, (Intel Sapphire Rapids, yersepToe nokosenue
macirrabupyembrx I Xeon) u NVidia ConnectX-7 jgist Infiniband NDR.

Hpyrue nomasiue B Top500 cynepkommibiorepsr ¢ H100 Haxomsrces
BO BTOpOU corHe crmcka Topbh00 u gasee. Tam MCHONBL3yIOTCA U CEPBEPHI
apyrux dbupm, u apyrue cepsepubie LI, 8 Tom unciae AMD EPYC. U3 stux
CYTIEPKOMITHIOTEPOB CJIEAyeT OTMETUTh 3anumaromuit 255-e mecto Henri,
KOTOPBIIl OJIHOBPEMEHHO BO3IJIABJISIET AHAJOTHUYHBIA MIOHBCKHUI CIIMCOK
Greenb00. B Henri ucnospsyercsa Infiniband HDR, a B y3nax — 32-saaepabie
nporeccopsl Xeon Platinum 8362/2,8 I'T'wy (Intel Ice Lake). Heob6xomumo
OTMETHUTh TaKxKe OXKujaeMblii cynepkomibiorep Kestrel [282].

VYxke cam dart npumenenns DGX H100 B cynmepkoMmbrOTepe O3B0~
JISTET TIPEJITOJIOYKUTH BEPOSITHYIO €r0 OPUEHTAINIO Ha 3aa9u U u pabory
¢ O0JIAYHBIMU TEXHOJIOTUSIMHU.

4.2.3. Annapathsie cpegetea Nvidia ARM gns pabotsi ¢ H100

[Mpumenenne ARM-11porieccopoB B BBICOKOITPOU3BOIUTEBHBIX CEpBEPax
¢ GPU H100 s10/12kHO cTaTh SIPKOii peajibHOI uiutocTparmeil ycexos ARM
B KOHKYPEHITIH C TPAJIUITIOHHBIMI CEPBEPHBIMH ITpolieccopaMu x86-64, KoTopbie
HCIOJIb30BAJINCH B IIOCTABJIsIEMBIX BO BpeMsl HAIMCaHUsi 0030pa cepBepax
Nvidia ¢ H100. Ho npumenenne ARM B cepsepax ¢ GPU Nvidia nagasioch
patuee: mHOTOsitepHble ARM-1porieccophl y2Ke HCIOIB3YIOTCsI B cepBeEpax
¢ A100 (mampumep, ot Gigabyte [283]; Temeps 3TH cepBePbHI OCTABISIOTCS
B Poccuio u ¥Ypyrsaii, a Gigabyte yxe upemiaraer cepsepnt ¢ H100).

B 2023 romy mavasmch mpobubie moctaBku Nvidia Momyseit, coepKammx
ARM-nporeccopst st paborsr ¢ H100. Mudopmartiust mo apXxuTekType u
npoussoaureasHoct T ARM or Nvidia (Grace) mist padorer ¢ H100 noka
BeChbMa OTPaHMYEHA; UMEBIIHeCs OoneHKn npoussoauTenbaoctu Grace or Nvidia
Ha YPOBHE TECTOB U IPUJIOKEHMI OTHOCUJINCH CKOPEE K OXKUJIAHMSIM.

ITosTomy paccmorpenue ammaparabix cpegacts ARM or Nvidia (momyiis
cynepunna Grace, IpOOHBIE TIOCTABKKA KOTOPOT'O HAYAJINCh, n cynepuumna Grace
Hopper, rae cynepunn Grace uarerpuposan ¢ H100) 37ech 0ueHb KpaTKoe.
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Cymnepuunbt ARM Grace. Cynepunn Grace siBJISTCS 110 CyTH peajm3arueii
SoC, comepxkaieit jgea ARM-mporeccopa u namsith, ¢ nomuep:kkoit PCle. Kak
orMedeHo B [13], oH co3aH CrHenuanbHO i CylepKOMIbIoTepoB u HPC.

Ananusupyemble nasee nanubie o Grace 6asupyrorcs Ha [284], a ronosHu-
TeJIbHBIE CCBUIKU MTPUBOJSATCS TOJIBKO JJIsT HH(MOPMAIINE U3 JPYTUX UCTOIYHUKOB.
OcHoBHbIe TexHUUYecKue xapakrepuctuku Grace cobpasbl B Tabsmie 17.

Tasmuna 17. OcHOBHbBIE TEXHUYECKHE XAPAKTEPUCTUKY CYTIEPUUIIA,

Grace
ApxuTekTypa saep Neoverse V2 (ARM 9.0-A) ¢ 4xSVE2(128 6ur)
Yucno ARM-szep 144 (2 nponeccopa Grace)
TIukoBast HIPOU3BOAUTEIBLHOCTD 7.1 TFLOPS (FP64)
Kom L1 64 KB I-xsm + 64 KB D-ksm (na s1po)
Kom L2 1 MB (na s11po)
Kam L3 2x117 Mb
Texnonorusa maMsaTu LPDDRS5X (c ECC)
IIponyckHasi CriocOGHOCTD ITAMSITH o1 TBE/c
EmKkocTh mamsaTH 240/480/960 I'b
ITpomyckuas cmoco6HOCTH
N{)/Lii]lk-(ﬂc (aByHanpaBieHHASs) 900 I'B/e
Kanansr PCle 8XPCle-v5 X16 ¢ BO3MOXKHOCTBIO Pa3/IeJICHUs
x cymMapHasi IpOILyCKHAsI 1 TB/c
CIIOCOOHOCTDb
TDP 500 Bt (c namsThIo)

Ucrounuku: [284,285]

ITepBoe, uro Hamo orMeruTh— OazupoBanue Grace na uHopeiimux ARM-
sapax juist HPC, Neoverse V2 [286], koTopble 6bLIM aHOHCUPOBAHBI 0CEHBIO 2022
roza. dro 64-paszpsaasie ARM-spa ¢ 000-BbImoSHEHEEM KOMAH/T, TIO/IEPXKIUBa~
forue SVE2-koMaH bl ¢ BekTopamu jymHOi 128 6ut. Cymepunn Grace cocrout
"3 ABYX 72-si/IepHBIX TIporieccopoB Grace, CBI3aHHBIX TI0/IJIEP>KUBAIOTITIM
KorepeHTHOCTH mamsiTu KarajgsoMm NVLink-C2C ¢ mpomyckHOi criocoOHOCTBIO
900 I'B/c, uro ycrpanser B3auMoJeiicTBUe MEXKIy COKeTaMU OOBIYHBIX CEPBEPOB
Kak y3koe Mecto [13]. IIpu sToM nukosast npoussoguTesbHocTh (FP64)
cynepunra, 7,1 TFLOPS, ne cunbuo nmxke, yem y A100 6e3 npumeHeHust
TEH30PHBIX sIIEP.

Hato ormeTuTh, 94TO B COBpeMeHHBIX sijipax Neoverse V2, OpueHTUPOBAHHBIX
ua LIl ¢ 6osbrmuM duciaom saep, I-xksmr L1 KoHTposupyercs 9eTHOCTBIO, a
D-xoamr L1 zamummen komamu ECC. D-kamr L2 apep ARM Neoverse V2 Toxe
zamuiner kogamu ECC u moxker uMersb emkoctTsb 1 mwin 2 MB [286]; B Grace
Nvidia Beibpasa Bapuant ¢ 1 MB. Kamr L3, ecrecTtBernHo, TakKe 3aIUANIEH
komamu ECC; apyrue mogpobHOCTH MUKPOAapXuTeKTypbl Neoverse V2 cM.
B [286].

WuTepecHoit u oyens BaxkHOI pazpadoTannoit Nvidia ocobeHHOCTHIO
cymepunta Grace siByisieTcs Macinrabupyemasi Korepeataast padbpuka SCF
(Scalable Coherency Fabric), nmerommasi CeTOUHYO CTPYKTYPY, IO KOTOPOii
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pacupezesiensl sapa u padzesst kama L3 (SCC ua pucynke 13), u obecreunsa-
OIast OTOK JAHHBIX Mex Ty sapamu, NVLink-C2C, naMsThio 1 CHCTEMHBIM
BBO/IOM-BBIBOJIOM C CyMMAaPHOU TIOJIOBUHHOI IIPOIIYCKHON CIIOCOOHOCTHIO
6outee 3,2 TH/c. SCF cozuan st MacirabupoBanus 3a Ipeesbl oqHoro LI

NVLINK — C2C

2 EE e

NVIDIA GRACE LPDDR cst SN LPDDR

NVIDIA Scalable Coherency Fabric
= NVIDIA fabric and distributed cache design H H

= 3,225.6 GB/s Bi-section BW
CSN LPDDR

= Scalable to 72+ cores ﬂ
= 117MB of L3 cache

= Arm Memory Partitioning and Monitoring (MPAM) LPDDR CSN

H BA
H HEB

= Supports up to 4-socket coherency over Coherent NVLINK H

Snvioia

PucyHok 13. O6was mukpoapxurekrypa Grace (pucyHok u3 [13])

Grace, 06pa3ys cyunepuun co 144 sippamu. fduapa u pasmenst kama L3 (SCC
Ha pucyHKe 13) pacupesiesieHbl [0 CeTKe, a y3Jbl KoMMyTanuu kama CSN
(Cache Switch Nodes) Boinosasiior dyuxuuu uarepdeiica mex ity sapamu LI,
K9IIIEM ¥ OCTAJBHOI 9acThIo cucreMsl [13].

Cynepunn Grace umeer TakzKe CIIEIMaJIbHBIE CPEICTBA, MTOJIEPXKUBAOIINE
MaPIIMOHIPOBAHTE AIMIAPATHBIX PECYPCOB, ITO MOXKET OBITH 3(pHEKTUBHO
UCIONTB30BAaHO IIpU paboTe B objiavHOl cpese [284].

Paszpaboruuku Nvidia 00bsCHSIOT CBOII BBIOOD 32-KaHAJIBHON TEXHO-
goruu ntamsaTu LPDDRSX kak «3o0moToit cepequnabi» Mexxay HBM2E un
DDR5 mo mapamerpaM €MKOCTH, IIPOIYCKHON CIIOCOOHOCTH, CTOMMOCTU 1
sHepromnorpedenuto [13]. MakcumasibHast TeopeTHIecKasi IPOMYCKHAs CIOCO0-
wocrb LPDDR5X B cynepunne Grace (1 Th/c) nemMHOro Bbiie 1poIycKHO
criocobroctu NVLink-C2C (em. tabuuiy 17).

Hy»xno ormernTs Takzxke nomuep:kky B Grace dersipex kanajios PCle-vh
x 16, (KkpoMe TOro, JIJIst 3a/1a4 yIPABJIEHNS UMEETCsI erle 2 HI3KOCKOPOCTHBIX
kanasa PCle-v5x2) [13]. 910 cpasdy BbABHraeT 3TOT CyIEePUUl B JINEPHI
cpeau LIl 10 OpOU3BOJUTETBHOCTH BBOAA-BBIBO/IA.

Ho TDP y cynepunna Grace (310 aByXIporieccopHas SoC) comocraBuMa
¢ TDP cospemennbix GPU; 910 Gosbmie, uem y A100 u H100 PCle (uo nuxke,
gem y H100 SXM). [lyst paborsl ¢ cynepunnoMm Grace MOXKeT IPUMEHSATHCS
BO3JIYIIIHOE MM YKUJKOCTHOE OXJIazKjeHue [284].

B [284] upuBojgTcs TakzKe OUEHKH HEKOTOPBIX TECTOB POU3BOAUTE/LHOCTH
Grace, oxugaemble Nvidia. Oau orHocsaTes K jgaHubiM Tecta STREAM
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(mo 400 I'B/c nyist ommoro LT Grace u g0 800 I'B /¢ miia Beero cynepyuna),
SPECrate2017 int base (370 u 740 gz omuoro LU Grace u cynep4unia
COOTBETCTBEHHO) U CYIIECTBEHHBIM BEJIMYMHAM YCKODEHUN B HEKOTOPBIX
HpusIoXKeHustx (BKJrovast obmactu CFD U IIPeICKA3aHusl TIOTO/IBI) OTHOCHTETHEHO
asyxuporeccopaoro cepsepa ¢ AMD EPYC 7763 (Milan). Ilogsumiucs u
Jpyrue mepBOHAYAIbHBIE TaHHbIE, HO UX IIOKA COBEPIIEHHO HEIOCTATOYHO.

Nvidia roBopuT mpu 3TOM O ABYKPATHOM IMOBBIMIECHUN SHEProIhHEKTHBHO-
CTH OTHOCHTEJIBHO TPA/IUIMOHHBIX UCHOAb3yeMbIX B L0 I [284] — 210 Moker
craTh ryiaBHbIM 1rocoM Grace. O 1iaHax CO3[MaHUsT CyIIEPKOMIIBIOTEPOB
Ha 6a3e Grace oObstBum Jloc-Ajtamocckast HanuoHabHas jaboparopust CIITA
u [IBeftrapckuit HAITMOHAJILHDBINH BBITUCIUTETHHDBIN TTEHTP [14].

4.2 4. Cynepunner Grace Hopper.

Kpowme Grace, Nvidia anoucuposasa u Grace Hopper, B koropeix Grace (asa
T2-simepHbIX nporeccopa) unrerpuposan Bmecre ¢ H100. OcHoBHbIe 6a30BbIE
[IOKA3aTeJIN STOIO CYIePUUIa IPUMEPHO SIBJISTIOTCSI CYMMOM ITOKa3aTeseit
paccmorpensbix Boire H100 u Grace, n 3aBUCAT OT TOro, Kakoil U3 BAPUAHTOB
KaXKJI0# 9TUX JBYX MHTEIPUPOBAHHBIX KOMIOHEHT pumMmensiercs B Grace
Hopper.

B Bepcuu 1.01 mokymenta [287], na koropoit 6asupyercs majee aHau3
cynepunnoB Grace Hopper, ykazano ma emrocts LPDDRSX nst Grace
B cynepunite Grace Hopper j10 512 I'B, na npumenenue 8 H100-koMmonerTe
cynepynma namata HBM3 emkoctsio 1o 96 I'B, u Ha Hamuvme AByX BapHaHTOB
cynepunna Grace Hopper — ¢ nomuepzxkkoit paborst ¢ NVLink4 (cum. pucynok 14)
u 6e3 Hee (TOrJA CHCTEMBI C TAKUMU CYIEPUYUIAME COEJUHSIIOTCI depe3
Infiniband NDR). ITonsitHO, uro unTerpanus asyx LI, H100 u namsitu jgaer
soicokuit TDP, B [287] ykaszano 1000 Br.

NVIDIA Grace Hopper Superchip

Hardware Consistency

CPU LPDDR5X GPU HBM3
<512 GB < 96 GB HBM3

<3000 GB/s

HOPPER 18x NVLINK 4
1 900 GB/s E

< 256 GPUs

HIGH-SPEED
1/0

NVLINK NETWORK

GPU HBM3
<96 GB HBM3

PucyHok 14. Grace Hopper ¢ nomuepxkkoit paborsr ¢ NVLink4
(pucynok u3 [287])
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V:ke nocsie 3aBepieHns pPabOThI HAJT JAHHBIM Pa3/esIoM 0030pa Ha 3TOM 2Ke
URL [287] Nvidia pa3smecTuiia HECKOIBKO HOBBIX BEPCHil JAHHOTO JIOKYMEHTa,
(mocsiemHstst M3BeCTHast aBTOPY Bepcusi— 1.11), rie paceMaTpuBaeMble CyIEPIHUITBE
nasbiBatoTcs Terepb GH200 Grace Hopper. Camble riiaBHBIE M3MEHEHUST TaM
CBsI3aHbI ¢ nosiBIeHneM HOBBIX Mogeseir GH200, B koTopbix BMecto HBM3 Gyzer
ucnonb3oBaThest HBM3E emkoctbio 141 I'B ¢ nporyckHoit criocoGrocTsio 4,8 TH/¢
(uporus 4 TB/c upu pabore ¢ HBM3). OcHOBHbIE XaPaKTEPUCTUKU APXUTEKTYDbI
GH200 Grace Hopper, ecrectBenHo, He nToMeHsHCh. HO TIOCKOJIBKY n3-3a
6nicTporo pazsutust GH200 u coOTBETCTBYIOMUX BBHIYUCIUTEIBHBIX CUCTEM
B 2023 roxy B OoJiee MO3IHUX BEPCUAX ITOT'O JIOKYMEHTA IOSIBJISINCH HOBBIE
MOUMDUKAINT, ¥ MOJEPHU3UPOBAJIICH HHOTIA JayKe MCIIOJIb3yeMble HA3BAHUS,
anayun3 GH200 B janHOM 0030pe MPOBEJICH B OTPAHUYEHHOM OObeMe U Jiajiee
ocHoBaH Ha Bepcuu 1.01 JoKyMeHTA.

B kauectBe Mexkcoemmnenust nporeccopa Grace nu H100 ucrosibzyer-
cst NVLink-C2C, obecnieqnBaromuii BEICOKYIO IPOILYCKHYIO CIIOCOOHOCTH ¥
HU3KYIO 3371epKKy (cm. Pucynok 15) [287]. NVLink-C2C o6ecneunsaer

Local CPU ¢« GPU

e GPU -> Peer GPU R

HOPPER
GPU

HOPPER

GPU

GPU - Peer CPU

Pucynok 15. O6mas mukpoapxurekrypa Grace Hopper (pucynok
u3 [287])

KOT'€PEHTHOCTD ITaMsITH U allllapaTHYIO MMOJIEPKKY ATOMAPHBIX Ollepariuii
Ha OOIECHCTEMHOM YPOBHE, UTO IMO3BOJIAET YJIyUIIAThH TPOU3BOIUTEIHHOCTD
IPUMHUTHBOB CHHXPOHM3aIu. KorepeHTHOCTh aMATH 103BoJIseT pa3paboryn-
kaMm neperocuthb u3 Grace B H100 u 06paTHO TOJIBKO Hy2KHBIE JaHHBIE (& HE
LieJIble CTPAHUIIBI IAMSITH) U, €CTeCTBEHHO, YIIPOIAeT IPOrPAMMUPOBAHUE
reTeporeHHbIX npuIoykenuil. [oBbImaeTcs TakzKe MPOM3BOIUTENBHOCTD JOCTYIIA,
K HEJIOKaJIbHOM namMsTu (Hanpumep, korga nuru LT u H100 obpamatorcs
K TaMsITH, PACIOJIOXKEHHO! Ha JPYroM ycrpoiicTee) [287].

Kimoaesoit ocobennocrrio cynepunita GH200 siByistercst mpuMeHeHme
pacmupennoit namaru rpadudeckoro nporneccopa (Extended GPU Memory,
EGM). Kaxzprit GPU Hopper u3 Borauciuresbhoii cucremst ¢ cerbio NVLink
Ha 6asze GH200 umeer mocryn u k LPDDR5X-mamsitu Beex nporeccopos Grace,
n K HBM-ttamsitu Bcex GPU, T.e. obmuit o0beM maMaTtu st GPU KapaIuHAJIBLHO
pacmupsiercst. Obpadyercst yHUPUIUPOBAHHAS TAMSITH ¢ OOIIME TaOIUIIAMA
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cTpaHuIL, 00Iee BUPTyaJbHOe ajipecHoe mpocTpancTBo. CKOPOCTh JIOCTyIa
H100 k nokansuoit namaru LPDDR5X 3amaerca NVLink-C2C, a x Jiroboit
yaasenson namsiti — NVIink4 [287] (em. pucynku 14 u 15).

Cepsepst ¢ GH200 yaxe npemaratorcst, Hanpumep, Gigabyte [288]. Nvidia
peIoKImIa Beraucaureabube cucreMbl ¢ GH200— mrardopmer MGX GH200
u DGX GH200. Moayseaas miardopma MGX GH200 (ectb BapuanThl ¢ HBM3
i ¢ HBM3e) MakcuMaJIbHO HOXO0XKa Ha cepsep ¢ oguuM cynepuuiiom GH200,
6e3 nojiiepkku cucrembl KommyTanuu NVLink. U3 yzmos ¢ MGX GH200
MOKHO 00pa30BBIBATH TPAUITUNOHHBIE KJIACTEPHI, TJIe JIJIs CBA3U MOYKHO
ucroib3oBaTh Infiniband wim Ethernet, patoras wepez DPU.

DGX GH200 siBisiercst cynepKOMITBIOTEPOM st AU, TIOCKOJIBKY Tam
obbeuHAIOTCH 256 cynepuunnos ¢ npuMenennem mexkcoenuuernns NVLink,
JaBasi IPU 9TOM ajpecHoe mpocTpancTBo mamsaTtu 10 144 TH. Kparkas
nuadopMaryst 00 ITUX IpeJHAZHAMEHHBIX B IEPBYIO O4YepeIb Jis 3aa4d U1
mrardgopmax Nvidia mpencrasnena B Bepenn 1.11 moxymenta [287].

C TOYKHN 3PEHNSI BO3MOZKHOCTHU IMOCTPOCHUA CAMBIX MOMNIHBIX CYNEPKOMIIBIO-
TEPOB OCHOBY [IJIs CBEPXBBICOKOTO YPOBHSI MAaCINITAOUPOBAHUS IIPOU3BO/IUTE b=
nocru jaer npumenerne GH200 ¢ kamamamu NVLink4 comecrro ¢ NVSwitch3;
9TO 0becIeunBaeT OPUTHHAJIBLHOE JBYXYPOBHEBOE MaciiTabuposanue Nvidia.
Ero Bo3amokHOCTH MILTIOCTPUPYET pUCYHOK 16, KOTOPHBIH OTHOCHTCH K paboTe

¢ BapuanToM GH200 ¢ monnepxxkoit NVLink [287].
.|=
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Hardware

Pucynok 16. O6iee mocrpoenne mexxcoeauaennii GH200 ¢ mog-
nepxkkoit NVLink (pucyrok us [287])

Ha nepsom yposre MOx)HO 00bemumHuTh Habop cynepunnos GH200
B €IWHBII JOMEH, CBsI3aHHBIN Yepe3 KOMMyTaToOpHyI cucremy NVSwitch3
(¢ obreit mporycKHoit criocobHOCTHIO Beex HuTei GPU B momene 1o 900 I'B/c
Ha cynepunil). [Ipumenenne 3TuX MeXKCOEIUHEHNH T03BOJIAET 06PA30BATh
001y 0 TaMATh BCero JoMena, BKiodas Kak LPDDRSX-namsaTs nponeccopon
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Grace, tak n HBM3-mamsars H100 [287]. B komne 2023 roma Nvidia obbssmia
o apyroii Beraucsuresabuoi cucreme (GH200 NLV32), pasmematomeiics
B OJIHOII CTOIKE — C Topa3fg0 MEHBIINM JOMEHOM, 9YeM B MaKCHUMAaJIbHO
rouduryparmn DGX GH200. Yxke Ha 5TOM ypoBHE 00€CIIEINBAETCSI OU€HD
BBLICOKHII ypOBEHb MPOM3BOIUTENbHOCTH; Nvidia TakKe HA3BIBAET 3Ty CHCTEMY
CyIepKOMIIbIOTepOM (M., Harpumep, [289]).

Ha BTOpOM ypoBHE BO3MOXKHO 0ObeIMHEHUE B KJIACTEP U3 JTOMEHOB
C IIpPUMEHEHNEM CaMbIX COBPEMEHHbLIX IINPOKO PaCIIPOCTPaHEHHbIX ME2KCO-
enuHeHUit. {1t 9TOr0 MCnob3yioTest o/ iepkuBaeMbie B Grace KaHasbl
PCle-v5. Ha pucynke 16 mpejictaBiieH BO3MOXKHBII BAPUAHT TAKOrO 06pa3o-
BaHus Kjacrepa 3 gomenos ¢ npuMenenneMm DPU Bluefild-3. s cBsazu
¢ Grace B aTrom DPU umerorcsa 32 jguauu PCle-vh, ato nmeer cymMMapHyIo
JIBYHAIPABJIEHHYIO HPOIYCKHYIO crocobrocts 256 I'B/c (sror DPU umeer ere
32 I'B cobersennoit namsaru). g obpasosanus kiacrepa u3 gomenos DPU
umeer emie 1 wim 2 mopra ¢ OpOIycKHOil criocobuocTwio 10 400 I'6ut/c (onn
MmoryT padorarsb ¢ Infiniband NDR400 win ¢ Ethernet 400) [290], uro n
mokazano Ha pucynke 16. [Ipumernenne DPU caumaer ¢ Grace HeoOXoauMOCTh
VIPABJISTH Iepefadeil JaHHBIX 10 MEXKCOEIUHEHIIO KJIacTepa.

ITousiTHO, 9TO MacITITAOMpPOBAHUE Ha TAKOHW cucTeMe OyIeT CJI0XKHOMN
3a/1ateit gaxke s UM, I aBTOpYy HEM3BECTHO, Jarke MOCPEICTBOM aHOHCA,
0 BO3MO2KHOCTH TaKOT'O «BAPHAHTA» U yPOBHS MACIITAOMPOBAHUS CHCTEM
¢ GPU ot npyrux dupm. B nenom sicao, aro Nvidia ¢ GH200 opuentupyercst
Ha TOCTABKHU I'OTOBBIX BBIYUCIUTEIHHBIX CHCTEM.

4.2.5. Pacwupenunsi CUDA gns H100

Bcee uznoxkenHoe HIKe B JIAHHOM pazJiesie 6a3upyercs Ha OIUCAHUN
armmaparyper H100 [78]. Ho crauamna 37ech 1mesmecoobpasHo yKasaTh Ha o0Iee
noctpoenue maaTdopmbl CUDA B ee YaCTH, OTHOCSIIEHCS K KOMITHIATOPAaM, 0~
CKOJIBKY C T€YeHUEM BPEMEHH IOABJISIOTCS U HOBbIE A3BIKH IIPOIDAMMUPOBAHUSI,
KOTOPBIE TaKKe MOTYT UCIIOJIB30BATHCS JJIsl TIOJYyYeHUs IIPOTPAMMHBIX SIep,
peimostasgeMbix Ha GPU Nvidia. ITpu sTrom mnardopma CUDA mpemocTaBsieT
PA3HBIM KOMIMJISATOPAM YHUMUITMPOBAHHDIN MPOrPAMMHBIN CTEK, U CO3AHNE
KOMITMJIATOPA [IJIsi HOBOT'O S3bIKA ITPOTPAMMUPOBAHUS B OCHOBHOM CBOJUTCS
K HAIMCAHWIO TOJBKO (DPOHT-HI YACTA KOMITAISTOPA.

O1u KoMImIIsITOpB! 6asupyrorcs Ha LLVM (B [78] ykasaHO Ha HCIONB30BaHNE
ero 7-i BepCI/IH). Kpome ucnomb3yembix st paboTsl Ha GPU BO3MOXKHOCTEH
ISO-cranmapros C++ u Fortran, a rakxke ux CUDA-pacuiupennii, eme B 2021
roxy B CUDA 11.4 y Nvidia nosteusicst CUDA-Python [291], a numetorcs: Takxke
pazpaborku i Julia u Ipyrux S3bIKOB MPOrPAMMIPOBAHIUSI.



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 223

COOTBeTCTByIOIIH/Ie (l)pOHT—SHJI KOMIIOHEHTBI 9TUX KOMIIUJIATOPOB I'€eHEpU-
pytor npomexkyrounoe npezcrasienue (IR), umenyemoe NVVM IR [292],
KoTopoe ba3zupyercsa Ha 3HaMmenuToMm LLVM IR. Jlajee ¢ ucrmosib3oBaHueM
cpeacts 6ubmmoreku libNVVM renepupyercs PTX-koz, u3 BUpTyaabHO# ISA
KOTOPOI'0 M MOJIyYaeTCsl IPOrPAMMHOE sIJIPO, BBINOJIHsieMoe Ha GPU [78].

Baxkneiimmm 11t JOCTUXKEHUsT BBICOKOI MPOU3BOIUTETBHOCTA PAbOThI
GPGPU siBiisiercs obecriedeHne JIOKAJbHOCTH JAHHBIX, JAIOMIEH BHICOKOCKOPOCT-
HOI JIOCTYII K OJIM3/Ie2KAIINM YPOBHSM MAMSITH, U aCHHXPOHHOCTD BBIIIOJIHEHUSI,
KOTJ[a COBCTBEHHO BBLIUUCJIEHUsI IPOU3BOJIATCS HE3ABUCUMO (OIHOBPEMEHHO )
¢ nepemaveit gannbix. Panee (1 miua A100) momesns nporpamMuposanust CUDA
BKJTIOYaJIa OJIOKM HUTEH, U3 KOTOPBIX 1 00pa30BbIBaJIach ceTka Huteil. Ilpu
9TOM JIOKAJILHOCTb 00ECIeINBAJIACH TE€M, UTO OJIOK HUTE} BBIIOJIHSJICSA Ha OJJHOM
SM. B H100 wucsio SM cyIecTBEHHO BO3POC/IO, U B ODIIYIO NEPAPXUI0 HUTEH
00aBJIEH eIlle OJMH YPOBEHb, KJIaCTep OJIOKOB HUTEH, KOTOPBIN BKJIFOYAET
Habop 6JIOKOB HHTEl, OXBaThIBAIOMINX HEeCKOIbKO SM. Bee 3To orobpakaercs
B H100 ammaparHoit peasm3aiiueil ¢ HOBBIM YPOBHEM JIOKAJIU3AINH ITAMSITH
6oJiee KPYIIHOTO THUIIA, ITOCKOJIbKY KJacTepbl 6siokoB Hureil B H100 paborator
onnoBpeMmento Ha SM BHyTpu GPC ¢ obecredenneM OBICTPOTO OOMEHa JAHHBIMEI
MeXK/Iy HUTSIMHU B KJIaCTepe.

Hutyn knacrepa MoryT HampsiMyto oOpalaTbCsi K pa3esiseMoil TaMsaTh
apyrux SM C HOMOIIBIO OMEePAINil 3arpy3KU, COXPAHEHUS U ATOMAPHBIX
orepanuii (KOTOpblE HE MOI'YT OBbITh YACTMYHO BBINOJHEHBI). Jjs1 9T0Or0
obpasyercs pacipejesentas pasjeisgeMas namars (DSMEM, Distributed
Shared Memory). Ha pucynke 17 nokazano, Kak MpOUCXOJUT OOMEH JaHHBIMU
mexk ity 6siokamu mHureit B A100 u 8 H100 ¢ DSMEM. Kitacrep 6s10k0B HuUTEH
nUMeeT JIOCTYII K OOJIbIIell, 4eM y OJHOro OJI0Ka HUTEH, eMKOCTU Pa3/ieJisieMoi
IaMsaTH — K BUPTYaJIbHOMY aJPECHOMY IIPOCTPAHCTBY Pa3/esiseMOil IaMsTH.
ITo cpaBuenuto ¢ mpumenenuem riobanpaoi namstTa DSMEM yckopsier obmen
JIAHHBIME Me€XKJIy GJI0KaMu HUTE IpuMepHo B 7 pa3 [78].

A100 H100

Thread Block Thread Block Thread Block Thread Block

SM to SM
Network

Pucynok 17. Pa6ora ¢ DSMEM B A100 u H100 (pucynok
us [78])

C Zpyroit CTOPOHBI, ¢ TOYKU 3PEHUsT ABTOPA MOSIBJICHNE KJAacTepa OJIOKOB
HUTEN Ha HOBOU Moaesm GPU gBadgeTcs ApKOil AeMOHCTpalueit Toro, 4Tro
MITPOKO UCIIOJIb3yeMble MOJIEIN TTporpaMMupoBanus i GPU, Tpebyiomime
MaKCHUMAaJIbHO BO3MOXKHOT'O JTOCTUZKEHUS NIPOU3BOJUTEILHOCTH, aBTOMATHIECKHI
CTAHOBATCH I1IJIOXO IIEPEHOCUMBIMU Ha Apyrue Mmoaeaun GPU.
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Hpyrue gpkue pacmupenns B CUDA mra H100 oTHOCATCS K ACHHXPOHHOMY
BBITIOJIHEHHIO, 00ECIIeTNBAIOIIEMY NEePEKPHITHE (OJHOBPEMEHHOE BBINOJIHEHNE)
MepEMEIEHNsT TAHHBIX, BBIYUCICHNsT 1 cuaxporusamun [78]. st storo 8 H100
MOSIBUJICSI HOBBIH MOJLY/Tb aCHHXPOHHOIO KonupoBanust namsaru TMA u HOBbIi
Gapbep acnHXpOHHBIX Tpaxsakiuil. TMA Moxer mepenasath Gosbmine (BILIOTH
JI0 eMKOCTH Da3JIesisieMoil naMsaTh) GJI0KU JAHHBIX U MHOTOMEPHbIE TEH30DbI
u3 TJI00AJIFHO AMSTH B Pa3e/iseMyo IaMsaTh U 0OpaTHO.

Omnepanust TMA gBjisiercss acCHHXPOHHON W UCIIOJIB3YET aCUHXPOHHBIE
Gapbepbl Ha OCHOBe pasmessemoit mamaru, Kak B A100. Kpome Toro, oaua HATH
B BapIie MOYKeT BBIOMPATHCS [T BHITOJHEHNST aCUHXPOHHOM OIepaIiuu, a MOTOM
HECKOJIbKO HHUTEH ¢ TIOMOIILIO0 6aphepa MOTYT OXKUIATH 3aBEPIIEHUsT TIePeIadn
naaabiX. TMA ocBOOOXK1aeT HUTH JIJIsI BBIIIOJIHEHUS JIPYTOil HE3aBUCUMOIL
paboThl, TaK KaK II0CJe CO3JaHUs HUTHIO TaK HA3BIBAEMOT'O JECKPUIITOPA
kormu niepe 3armryckoM TMA Bce ocranbubie dyukiun TMA cam BoimosiHsgeT
aTmapaTHo.

Acunxponnbie 6apbeps! Brepsbie nosiBuinch B A100, a 8 H100 nosiBuiicst
HOBBIIl IPUMUTUB JJIsI ACUHXPOHHBIX KOIWI TaMsTH, 6apbep aCHHXPOHHBIX
Tpam3aknunii. Komanna 3amnucu B pa3mensaeMyio IaMsTh IIePEAeT He TOJIHKO
JIAHHBIE, HO U YUCJIO TpaH3aKnuil. bapbep acHHXPOHHBIX TPaH3aKIMii OJIOKUPYeT
HUTHU TI0 KOMAHJIE OXKUJIAHUs JI0 TeX IMOP, MOKa BCEe HUTHU-TIPOU3BOIUTEN HE
BBITTOJTHAT orteparuio «IIpubbiTies, n cymMMa BCEX CUETIMKOB TPAH3AKIII He
JIOCTUTHET OXKHJIaeMoro 3HadeHus. [logpoGHee cM. B [78]. DT BO3MOXKHOCTH
HCIIOJIB3YIOTCS, ECTECTBEHHO, JIJIs PADOTHI ¢ KJIacTepaMy OJIOKOB HUTEN.

4.2.6. [lepBoHadanbHbie gaHHble 0 npousBognTesbHocTn H100

Hamusie o npoussoauresbroctn H100 B Tecrax u Ha npusoxkenusx HPC
Ha MOMEHT BO3HUKHOBEHHUsI HIOHBCKOro crucka Topbh00 2023 roga mpakTuiecku
OTCYTCTBOBAJIM, €CJIA HE CIMTATH CTAPTOBBIE JaHHble B jokjaaje Ha Hot Chips
34 [293]. Crenyer Tak:ke ykasarb Ha jocrynsbie (Ha 14.06.2023) gansble
KpOXOTHOro BapuaHTa (tiny suite) tecra SPEChpc 2021 [226], rue ms cepsepa
Lenovo ThinkSystem SR655 V3 mpejicraBiieHbl pe3yabTaThl ¢ OJHAM U JIBYMsI
H100-PCIe-80GB (c EPYC 9654P). MbI cpaBHUIN 9TH JIAHHBIE C PE3YJIBTATAME
SPEChpc 2021 or Lenovo jist ogroro u aByx A100-PCle-80GB na apyrom
cepsepe ThinkSystem SR670 V2 (¢ Xeon Platinum 8380). s 6azoBoro
BapuaHTa Tecta (MuKoBbIl BapuadT jyid A100 He IPOBOAMICS) IOy Y€HHAS
npousBouTeIbHOCTD Ha oHoM H100 60sibmie, yem y A100 B 1,33 pasa, a
na asyx H100 amamorumunoe yckopernue 0b110 B 1,51 pasa. Ho namgo nmern
B BUJLy, 9TO JJIsl pacliapaJuie/InBanus 37ech npuMeHsmch cpenctBa OpenACC
(mmroc MPT).
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pyrue natepecHuble ganuble o mpousBoauTeabnoctu H100 oTHOCATCS
K M3BECTHOMY TIPUJIO’KEHHIO MOJIEKYJISIPHON auHaMukn Amber Bepcrn 22 [294].
Tam JyIsi THIIOBBIX JIJIsi 9TOIO IIPUJIOYKEHMS TECTOBBIX MOJIEKYJISIPHBIX CACTEM
[POBEJIEHBI PACYETHI, JAIOIIME ONEHKU IIPOU3BOIUTEIBHOCTH (YUCIIO IPOMOJIEIIH-
POBAHHBIX HAHOCEKYH/[ 3a JIeHb Pacuera) Ha Pa3HbIX IpadUyecKuX IPOLECCcopax.
PaCC‘II/ITaHHbIe HaMWM U3 3TUX BEJINIUH OTHOCHUTEJIbHBIE ITPOU3BOAUTEILHOCTU
nokasbiBaioT yckopenne H100 ornocuressao A100 B 1,11-1,28 pasa s
nuruapodosarperykrassl (23558 aromon), B 1,27 pas— jjist HyKJI€0COMbI
(25095 aromos), B 1,42-1,43 pasa sy nporenna u3 90906 aromos, B 1,40 pasa
JUIS TEJUTIOJNIO3bL ¢ BOJILIIUM YUCI0M MakpomMoJiekyst (408609 aromos), B 1,35
pasa Jyisd CIlyTHUKa BUpyca Tabagnoi mozauku (1067095 aromos).

B pacuerax 6osiee MaJIeHbKUX MOJIEKYJISIPHBIX CUCTEM YCKODEHHUs, ITOJIydeH-
woie Ha H100, 6b1Basin 1 60JIbINe, YeM YKAa3aHHBIE BBIIIE, HO MbI 9T JAaHHBIE
37ech He npuBoauM. Ho 10/1Ie3HO OTMETHTH, 9TO I BCEX PACCIUTHIBABIIIIIXCS
B [294] MoseKyIApHBIX cucTeM GJIM3KYI0 MPOU3BOAUTENHLHOCTD K A100 nmeer

Nvidia RTX 3090, a k H100— Nvidia RTX 4090.

Ectb eme apyrue gannabie o npousBoaureabaoctu Amber22 wa H100
B CPaBHEHHUH C HPOU3BOAUTEIbHOCTHI0 Ha A100, HO OHM PACCMOTPEHBI HUXKE
B paszjeiie 5.3.2 B COIOCTABJIEHUN ¢ TIPOU3BOIUTEeIbHOCTHI0 Ha MI250.

Ho B mepByto ouepens GPU HOBOTO MOKOJIEHHUST OOBITHO OOPAIIEHBI Ha, perire-
HUA 3a/1a4 V[M, IIO3TOMY II€pBOHaYaJIbHbIE /TaHHbIE O IIPOU3BOJIUTE/IBHOCTU
MOSBJIAIOTCA MMeHHO 37ech. g H100 cnadasna craau JIOCTYIIHBI IpeIBAPU-
TesbHbIE pe3ysbrarhl Nvidia o oHOMY U3 CTABMUX KJIACCHIECKUM it U1
(st mammuaHOTO 06yvenust) Habopy TectoB MLCommon — MLPerf Training
B Bepcun 2.1 [278].

IIpeacrasnennsie B [278] Bpemena pacuera ajsa H100 (B «3akpbl-
ToM» /ipeBapuTensHOM paszene MLPerf Training) 6bin mostyueHs! Ha cucTeMe
DGX H100, comepkameii kpome 8 H100 apa npoueccopa Xeon (56 sgep) u
paboraroreii ¢ qucrpudyrusom Ubuntu 20. Anamus ganasix mjs cucrembl DGX
A100 ¢ 8 x A100-SXM-80GB na matomux conocrasumblie ¢ H100 pesynbrarh
TecTax IOKa3bIBaeT, uTo BpeMs pacdera Ha H100 pa3a B JBa MeHbIle, 4eM
na A100, 3a uck/oYeHneM TecTa 0OPAbOTKH eCTECTBEHHOrO d3biKa, Tae H100
6bicTpee B 3,8 pasa.

B konrte utonst 2023 rojia nmosiBUIIMCH JTaHHBIE 0 Tpou3BoguTeabHocTH H100
u A100 ua nosoit Bepcuu MLPerf Training v3.0 [295], a B cenrsibpe — Ha HOBOI
sepcun MLPerf inference datacenter v.3.1 [298], koTopble HLTIOCTPUPYIOTCS
B Tabsmnax 18 u 19.

Hanmble 110 9TUX TaOJUIL OB OTOOPAHBI B METAX MaKCUMAJJILHOTO
BO3MOXKHOI'O COIIOCTaBJIEHNS] [TPOU3BOUTEIbHOCTH, HO, IIOCKOJIBKY OBLIN
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Tapauua 18. Jlanusle no npoussoautesbaoctu H100 u GH200
B Tectax MLPerf inference datacenter v. 3.1 (Bce nanHbIe KaTeropun
available); nanable 0TOOPAHbI (M OKPYIVIEHBI JI0 IBYX 3HAMAIIAX
udp) I MAKCUMAJIBHO COIOCTaBUMOCTH JyIst TouHOCTH B 99%

Komugecrso GPU [ 1 [ 2 [ 4 [ 8
Kiaccudukanusa nzobpazkennii/ResNet

H100-PCIe-80GB | 47(55)! | 106(115)2| 206(200)2 368(443)"

H100-SXM-80GB 73(89)3 312(354)3 584(704)*

GH200-96GB 77(93)

A100-PCle-80GB 147(158)°

A100-SXM-80GB 305(340)9290(326)7

NLP/BERT

H100-PCIe-80GB | 4,6(5,7)!| 9,1(12)% | 18(23)2 35(46)!

H100-sxM-80GB | 7.3(8.8)3 29(36)3 56(70)%

GH200-96GB 7,7(10)

A100-PCle-80GB 12(13)%

A100-sXM-80GB 25(28)%25(28)7

JlanHble O IPON3BOJUTEILHOCTH (YHUCIIO 3alIPOCOB B CLIEHAPHHU SEIVer U YhCIIO
npob, B ckobOKax - B cueHapum offline) mpuBeieHbI He 3a CeKyH/y, a 3a
MUJIIINCEKYHY .
Bce pacuersr nposegens! ¢ ucnonb3zosarueMm TensorRT 9.0.0 u CUDA 12.2.

1 Namnsre Nvidia ma Gigabyte G482-7Z54, ¢ 2xEPYC 7742;

2 Naunsie Dell na Dell PowerEdge R760x ¢ 2xXeon Platinum 8480+

3 Mammsie Dell na Dell PowerEdge XE9640 ¢ 2x Xeon Platinum 8468

4 TTanusie Nvidia sa DGX H100 ¢ 2xXeon Platinum 8480C

5 ITanuste Dell za Dell PowerEdge R750x ¢ 2xXeon Gold 6338

6 ITanusie HPE na HPE ProLiant XL675d Genl0 Plus ¢ 2xEPYC 7763

7 Ilanusie Oracle ma Oracle BM.GPU.A100-v2.8 ¢ 2xEPYC 7J13

baKTHIECKN MOy IEHBI Y2Ke MOC/Ie 3aBEPIINeHnsi 0TOOpa JAHHBIX s 0030pa,
IOJIPOOHO 3/1eCh HE AHAJM3UPYIOTCS.

B rabmume 18 npusenensr orobpanubie mannbe u3 Habopa tecroB MLPerf

inference datacenter Bepcun 3.1. JlanubIe 9TO! TabIHUIBI TOKA3BIBAIOT OYe-
BUIHBINA pocT npousBoauTesbHocTd H100 nmo cpapuenuto ¢ A100, 6osiee
ToHKHU poct npoussoaureabHoctu H100-SXM ornocuressao H100-PCle u
yBesmaennyio npousogurensaocts GH200 emkoctsio 96 I'B o cpasuenuio
¢ H100-SXM (o cpasuenuto ¢ H100-PCle— rem 6osiee). Dro memoHCcTpUpYET
yBeJIMYEHIEe IPOU3BOIUTELHOCTH It 33a1a4 WU mpu pabore ¢ oguum GPU H100
B uHTerpuposannoMm ¢ Grace Bapuante GH200 ¢ HBM-maMsIThi0 eMKOCTBIO 96
GB. Kpowme Toro, 3Tn gaHHbIE TOKA3BIBAIOT XOPOIILYI0 MACHITAOUPYEMOCTH
¢ pocTOM umcJa IpuMeHsieMbix GPU B cepsepe ot 1 j10 8.



RUmEN;

HoBoE nokosEHME GPGPU 1 conyTCTBVIOUEIO OBOPY/IOBAHUS

TABMUUA 19. Bpemst Bblunciienust (B MUHYTaX) B TECTAX MAalllUH-

Horo o6yuenust MLPerf Training v3.0 [295]

Komnmuecrso GPU [ 2 [ 4 [ 8
Knaccudukanus nzobparkeHuii
A100-PCle 581 612 323
A100-SXM 547 27°
H100-PCle 820 | 45?2 397 208 21°
H100-SXM 2710 2611 | 1312 1313
CerMeHTanus MEJUIMHCKUX H300parKeHnit
A100-PCle 47! 482
A100-SXM 474 23°
H100-PCle 67° 322 317 193 18°
H100-SXM 2210 921l ] 212 1913
ObnapyrkeHne 06'beKTOB, JIEPTKOBECHOE
A100-PCle 171} 1762
A100-SXM 2221 79°
H100-PCle 1142 1077 | 54% 56"
H100-SXM 7210 7ol | 3712 3713
Ob6HapyrkeHne 06'bEKTOB, TSIXKEJIOBECHOE
A100-PCle 861 812 473
A100-SXM 834 38°
H100-PCle 622 557 | 28% 28"
H100-SXM 40'° 1912 20'3
Pacno3nal3a1me pevaun
A100-PCle 63! 642
A100-SXM 554 29°
H100-PCle 77%| 512 457 | 23% 28°
H100-SXM 2710 o711 | 1912 1913
O6paboTKa €eCTECTBEHHOI'O sI3bIKA
A100-PCle 451 512
A100-SXM 321 15
H100-PCle 43° 103 10°
H100-SXM 1110 1111 ] 5412 5413
Pekomengarust (DLRM)
A100-SXM 8,4°
H100-SXM 8,810 4,31% 4,312

1 Hannbsie or ASUSTeK na ESC4000-E11 ¢ 2XxXeon Platinum 8462Y+

2 Hannbie ot Dell na R750x ¢ 2X Xeon Gold 6338

3 Hanubie or Lenovo Ha ThinkSystem SR670 V2 Server ¢ 2xXeon Platinum 8360Y

4 Naunele or Dell na XE8545 ¢ 2XxEPYC 7763 ornpasuresns

5 Hanusre or Dell ma XE9680 ¢ 2xXXeon Platinum 8480+

6 Hannbie or Quanta Cloud Technology na D54Q-2U ¢ 2xXeon Gold 6430

7 Hannbie ot Dell na R760x ¢ 2X Xeon Platinum 8480+

8 Hannble or ASUSTeK na ESC8000A-E12 ¢ 2XEPYC 9654

9 Hanuble or Supermicro na AS-4125GS-TNRT ¢ 2XEPYC 9554

10 Janubsie or Supermicro na SYS-421GU-TNX ¢ 2XXeon Platinum 8460H

11 Hannsie ot Dell na XE8640 c 2xXeon Platinum 8468

12 Hannsie ot Dell na XE9680 ¢ 2xXeon Platinum 8470

13 NMammeie or Supermicro ma AS-8125GS-TNHR ¢ 2xXEPYC 9634

14 Mannee or GIGABYTE na G593-SD0 ¢ 2X Xeon Platinum 8480+
Bce gannble B Tabiuie OTHOCSATCS K JOCTYIIHBIM JoKaJabHO (available on-premise), nmosydenst
Ha GPU ¢ emkocThio namsatu 80 GB u okpyriens: o aAByx s3Hadamux uudp. Muadbopmanuo

06 MCHOJIb3YeMBIX B TeCTaX MogessaX U U NPUMEeHSOIMMUXCA HabopaX MCXOJHBIX JAHHBIX CM.
B [295].
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B rabsume 19 npuBenena BIOOpKaA M3 JTAHHBIX IIPUMEPHO OIHOM IIECTOi
YACTH BCEX NPEJCTABICHHBIX B [295] HAGOPOB JAHHBIX O TECTAX HPOU3BOJIU-
reaprocTr MLPerf Training v3.0. Tam umerorcs, HammpuMep, pe3yIbTaTbl U it
6ostbIiero umciia ucnosb3oBasiuxcs GPU. Takoit 60JbInoit 06beM IpeICcTaB/IeH-
HBIX B 9TOI TaOJIUIE JAHHBIX MO3BOJISET COMOCTABUTH ITPOU3BOIUTETHHOCTH
H100-sxM, H100-PCIe u A100-SXM/PCle 1pu pasuom 9ucjie UCHoab3yeMbix GPU
B cepBepe, ¢ IPUMEHEHUEM PA3HOI0 MPOIPAMMHOTO 0DECIIEUeHUsT U PA3HBIX
XOCTOB.

JlaHHbIe 3TOI TAOJIUIBI TIOKA3BIBAIOT, YTO BO3MOXKHBIE PA3YMHBIE BapUAIIUH
AIIIAPATHBIX CPEJICTB XOCTOB (IOHSATHO, ITO 3/I€Ch MCIOJIb30BaUCh LIl comep-
JKallye JeCATKY si/Iep) U IPOrPAMMHBIX CPEJICTB, BBIODAHHBIE IIPOU3BOIUTEIIAMI
CEpBEPOB IJISt STUX TECTOB, HE OKA3BIBAIOT CUJIHLHOIO BIMAHUS HA [OCTUTAEMYIO
[IPOM3BO/IUTENHLHOCTD, U [TO3TOMY B JAHHOM 0030pe He aHAJIU3UPYIOTCS.

Jlanmbie 9T0I TAOJUIBI TPAKTHIECKN BO BCEX TECTAX MOKA3BIBAIOT XOPOIIEe
macrirTabupoBanue ¢ ducyiom GPU B cepsepe ji0 8. B kadecTtBe HyJI€BOrO
MIPUOINKEHUS JIJIs COITOCTABJICHUST ITPOU3BOINTEILHOCTH MOXKHO CUUTATH
JIMHEWHO! 3aBUCUMOCTD IIPOU3BOIAUTEbHOCTH OT uncya GPU, XoTs Tak ObIBaeT
He Bceryia— Hanpumep, npu nepexone or 4 k 8 H100-PCle B recre cermenranun
MEIUIIMHCKUX M300parKeHU yCKOpeHUe OBbLIO TOJIBLKO IPOIeHTOB Ha 70.

W3 naHHBIX TaOJIMIBI BUIHO, KaKasi 3aMETHO 00Jiee BBICOKAsI IIPOU3BO/IUTE b=
HOCTh jrocturaercst npu padore ¢ H100-SXM orHocureisHo paborsl ¢ H100-PCle
(manpumep, pasa B nosropa 6osibiie Ha 4 GPU B TecTax KiaccuUKainm
n300parkeHuil ¥ CerMeHTaIMN N300PaKeHNUil ); WM 9TO IPOU3BOJUTEIHLHOCTD
pasa B jBa Oouibiiie y H100-SXM, yem y A100 Ha 3TUX Ke TecTax C TEM Ke
qucsiom GPU; mwim aro H100-PCle paza B mosnrropa 6eicrpee A100 mpu Takux
2Ke YCJIOBUSIX, U TaK Jiajiee. BbIBaeT u cKopee HeO0CTATOYHO BBICOKOE JIJIst
VU macmrabupoBanue ¢ duciaoM GPU (manpumep, npu nepexoje or 4 kK 8
H100-PCle B Tecre cermenranuy MeaunuHcKux u3obpazkenuii). Ho nomo6uprit
aHaJn3, 10 MOHATHBIM IPUYIUHAM, 371€Ch HE ITPOBOIUTCS.

4.3. Pe3iome no GPU Nuvidia

Hecmorpst na nmosiByienne aynbrepuatuBabix Nvidia GPU or AMD u Intel,
HeT HUKAKWX HMPU3HAKOB ocyabsenust nmo3urnuii GPU ot Nvidia B ammapaTHOM
¥ IPOrPaAMMHOM ILIAHE — UX IIPUMEHEHNE B KOJIMIECTBEHHOM ILIaHe OyIer
MIPOJ0JIXKATE OBICTPO pasBuBarhes. CpencTBa TPOrpaMMHOTO 0DeCIiedeHust
nns GPU Nvidia npejcrapienbl HanboJjiee MUPOKO, U HOBBIE IIPOTPAMMHBIE
CpeJIcTBA OOBIYHO TOSBJISAIOTCS JIJIT HUX PaHbIIe, YeM Jiid GPU KOHKYDPEHTOB.
ApxurekTypbl HOBbIX 1OKOJeHuit GPU or Nvidia JaroT BBICOKUI yPOBEHb COBMe-
crumocTH ¢ Gosiee parHuME MojessMu GPU. CooTBETCTBEHHO IIEPEHOCUMOCTH
IporpaMMHOI'O o6ecnequI/I${ Ha 60.}'[66 HOBbIEC MOJIe/IN CYHIECTBEHHO BbINIE, 9eM
JIoOCTUTaeMasl P Tepexojie Ha paboTy ¢ GPU KOHKYPEHTOB.
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Xotsa Teoperndecku 101 npuMensieMbix GPU ot Nvidia Ha MupoBom
PBIHKE MOXKET yIacTh n3-3a mosiejeHust Tam GPU or AMD u Intel, obrmemu-
poBoe ycunenue pabor B obsactu U Oyer criocoOCTBOBATH AKTHUBU3AIIAN
npumenenust GPU or Nvidia. Bosmozknbre npenmymecrsa GPU Intel u AMD
10 TTPOM3BOINTETLHOCTH HYZKHO JOKA3bIBATH HA PeaJbHbIX npmiokeHusx. C
TOYKHM 3peHus obsactu HPC cTouT ckopee 0OpaTUTh BHUMAHNE HA BCE OOJBIITYIO
opuenTanuio Nvidia na 3agaun UN.

5. GPU Hosoro nokoneuns or AMD

K GPU noBoro noxkosienusi B 0630pe oTHOCATCH GPU, TIOSBUBIIAECS TOCJIE
6a30Bbix GPU Nvidia V100 u A100. AMD 3a nocjeaaure roapl Ipoliia 60oIbIIoi
IyTh HE TOJILKO B OOJIACTH YCIIEITHON KOHKypeHIun ¢ X86-mporieccopamu Intel
(AMD EPYC orrecusitor Intel Xeon He TONBKO HA PbIHKE TPaJIUIMOHHBIX
cepBepoB, HO U Ha pbiHKe cepBepoB ¢ GPU). IMosgsienue B xouue 2020 rozga
MI100 [296], a B caeayiomem roxy u cemeiicrsa MI200 [297,299] nokazaso,
uro ¢ GPU Nvidia naunnaercs xoukypeniusa. menno GPU MI100 u MI200 cramnun
IIEPBBIMU BBIITYCKABINUMUCH IIpeicTaBuTesMu GPU, OTHECEHHBIX B JIAHHOM
0030pe K HOBOMY ITOKOJIEHHIO.

MI100 uHOrmAa paccMarpuBasics Kak mnpe/mectBenank GPU AMD B oxkujiae-
MBIX CylepKoMIbioTepax (Kiacrep Spock ¢ MI100 B y3max — Kak [pe/ecTBeH-
nuk Frontier [254]; MI100 nagan npumensarbes B y3iax LUMI, koropsbrit
3aHsJT TPEThe MeCTO B MIOHbCKOM crmcke Topb00, Korja B ero ysaax yxKe
craym menosb3osarbes MI1250X [42]). Apxurextypa MI100 yke obcyxmanach
B IIyOJIMKAIIUSIX — CM., HApuMep, 0630p [21]. TTo anamorun ¢ V100 3mech
MBI OFPAHUYUMCSI TOJIBKO CBOJIHBIMU TEXHUYECKUMU XapPaKTEPUCTUKAMU
MI100 (cm. Tabaunst 20, 21), HO TPOBEIEM AHAJIU3 JAHHBIX O JOCTUTAEMON
IPOU3BOIUTEHLHOCTH 3TOr0 GPU, B TOM 4HCJIe B COIMOCTABJIEHUN C IPYTAMEI
paccMaTpuBaeMbIMu B 0630pe GPU.

AxryanpaocTs anamusa GPU uz cemeiicrBa MI200 moBbimiaercst TeM, 910
€ UX IPUMEHEHWEM ceifdac mocTpoeH He Tojbko cyneprommbiorep Nel B Top500,
BriepBble B Mupe nepemarnysmuii 6apeep 1 EFLOPS (Frontier), u Tperui
B criucke Top500 (LUMI), orrocsimuiicst Kk Espocorosy (nmockosnbky LUMI
ycTaHoBJieH B OUHIIAHINN — 3TO JEMOHCTPUPYET U CYIIECTBEHHBIN eBporeii-
CKUil ycrex B CylepKoMIIbioTepHoil obactu): GPU MI250X upumensiorcs
B 2% cyneprommbiorepos n3 Top500, 9T0 OTparkaeT U OUepeIHON yerex
npoussoguress, HPE/Cray, B annaparubsix cpepcrsax koroporo MI250X
pa3MeIaJnch.



Tabmuna 20. Cunenuduranuu coBpemenubix GPU AMD u Nvidia

A100 ¢ A100 H100 H100

Crernudurarm GPU MI100 MI210 | MI250 | MI250X PCle ¢ SXMA ¢ PCle ¢ SXM5
Texuosorus TSMC, um 7 6 4
Hlucno axrupHpX A1ep 7680 6656 | 13312 | 14080 6912 6912 14592 16896
(IIOTOKOBBIX IIPOLECCOPOB)
Ypcro akTUBHBIX CU2 120 104 2x104 | 2 x 110 108 108 114 132
Jacrora GPU 765/1410 | 1095/1410
6 MTD 1000/1502 1000,/1700 U Hn 1095/17554 | 1590,/19804

azopast/yckoperras (MI'n) 1065/1410 | 1275/1410
ITukoBas
npousBoguTeIbHOCTE: FP64 11,5 22,6 45,3 47,9 9,7 9,7 25,6 33,5
(TFLOPS)
FP64 ¢ TenzopubiMu
sapanu (TFLOPS) HET 45,3 90,5 95,7 19,5 19,5 51,2 66,9
FP32 (TFLOPS) 23,1 22,6 45,3 47,9 19,5 19,5 51,2 66,9
FP32 ¢ TenzopubimMun Her nopmep:kku: BXomHble JJaHHbIE MEHbIIEH
anpamu (TFLOPS) 46,1 45,3 90,5 95,7 TOYHOCTH

FP16/BF16 (TFLOPS) 184,6/92,3 | 181 362,1 383 78/3123 2053 2683
INTS8 (TOPS) 184,6 181 362,1 383 624 1513 1978,9

1 Huskoyposuessie SIMD-sipa ¢ TOAIEPKKOH KOMAH, «YMHOKHTh-H-CIOKUTB», y Nvidia nmenyrorcs erme kax CUDA-TIpoIieccopsr

(MaTpHUUHBIE/TEH30PHBIE SAPA 3/1€Ch HE YyUUTBHIBAIOTCH);
2 st Nvidia— MOTOKOBBIE MYJIBTHITPOIIECCOPDI (SM);

3 Ipu HCIIONIB30BAHMY PA3PEKEHHOCTH — B ABa pasa Belme; Ilpoussogurensrocts ¢ FP16, BF16 u INTS orHOCHTCS K TEH30DHBIM

AIpaM.
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Tapauna 21. Cnemudukanun coppemennbix GPU AMD u Nvidia (npodoasicerue)

A100 ¢ A100 H100 H100
Crenudukanyuu GPU MI100 MI210 MI250 MI250X PCle ¢ SXMA ¢ PCle ¢ SXM5
Tun nmamaru B GPU HBM2 HBM2E HBM3
[Iuna namsitu, 6uT 4096 8192 5120
Emkocts mamsaru, I'B 32 64 2 X 64 40 nan 80 80°
YHacrora namsitu, MI 1200 1600° 1215 wma | 1215 viu 1593 1313
) 1 1512 1593
IIponycknasi criocOGHOCTD, 1555 uu | 1555 uin p .
T6atir/c 1229 1638 3277 (2 x 1638,4) 1935 2039 2039 1681
. Infinity . .

HNurepdeiic GPU ¢ GPU uimn . . . c L NVLink- c I NVLink-
C IIPOIECCOPOM Faébéw Infinity Fabric 3.0 PCle v4 3.0 PCle vb 4.0
Ero nponycxnaz 3x92 | 3x100 6 x 100 ¢ IIT: 64 600 ¢ IMT: 128 900
cniocobHoCTD, I'GaiiT/c
Ksm L1, KB 16 na CU 192 na SM 256 na SM
Kom L2, MB 8 16 40 e 40 50
Srenronormeb e, Brd - 300 £300 | 500; 560 | 500; 560 | o) MM | 400 350 PSU: | 700 PSU:

P P ' PSU: 700 | PSU: 700 | PSU: 900 | PSU: 900 700 | PSU:800 750 1100

4

ecTb Mojesib ¢ HBM3/96 I'B u apyroii wacroroii GPU.

5 e TEH3OPHBIX Olepanuil ¢ ToHMKeHHoi (Menbine FP32) TOYHOCTBIO yCKOPEHHAs 4acTOTa MEHbIIE;
6 TDP: wmcsto mocste Touxu ¢ 3amaToit y AMD — mukosoe, PSU: mpemaraemas mormsocts fyisi Power Supply Unit;

Jlauuble Tabaunbl B3ATHL U3 6a3bl JaHHBIX [185] u ¢ caiitoB npousBoxuTeseii.

g

BUHVEOTAIOGO OJHAIMOIRALOLAIIOO U (| JD D HUHALOMOI HOFOF] bE)

1€C
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5.1. GPU AMD MI200

5.1.1. MukpoapxnTekTypa n TEXHUHECKNE XapPaKTEPUCTUKN PA3HbIX MOZESEN
MI200

CewmeiictBo MI200 BKIITOUaeT B ceba Tpu pasuble Mozxean— MI210 [300],
MI250 [301] u MI250X [302],— u3 KoTOpBIX Ccrapras Mogeas MI250X
MOSIBIJIACH U CTAJIA MOCTABJISITHCS MEPBOil B cymepkommbioTep Frontier [303],
sunep ciucka Topb00.

ITpu nepexomne AMD or npou3sBojCTBa CBOUX TPaJUIMOHHBIX IPpadUIecKuX
mporieccopoB Radeon Instinct ma GPU HOBOrO MOKOJIEHUsT CMEHUJIAChH U
apxuTekTypa. Ecim panee B rpaduyeckux mnporeccopax AMD npumeHsiiach
apxurekrypa GCN (Graphics Core Next), To aus MI100 Geiia paspaborana
CDNA (Compute DNA) [304], a 8 MI200 oHa MOREPHU3HPOBAJIOCH yIKE
Bo Bropyio Bepcuto CDNA 2 [305]. IIpu usMeHeHHsIX 9TUX apXUTEKTYD,
€CTECTBEHHO, COXPAHSIETCs OIIPE/Ie/IeHHAs! [IPEEMCTBEHHOCTD, B IIEPBYIO OYepe b
Yy BBIUHCJIUTEIBHBIX OJIOKOB, YCOBEPIIEHCTBOBAHUE KOTOPBIX BO MHOI'OM
[IPOUCXO/UT 110 TEXHOJOTUIECKUM M KOJTHMIECTBEHHBIM [TOKA3ATEIISIM.

Jlas anasiora 6a30BOro BeIYMCAUTEIHLHOrO 6J10Ka SM B GPU Nvidia ajs GPU
AMD wucnonbsyercsa repmun CU (cm. Tabuuity 1), KOTOPBIil npuMeHseTcs
takke 1 B BR100. Jocrarouno mogapobuast nadopMarmst o moctpoernn CU u
ero ocHoBHbIX 6stokax Jyiss CDNA umeercs B [304]. CU B CDNA 2 cozepzkur,
B 9aCTHOCTH, JUCIIETYED MJis PAOOTHI C HUTSIMU, (PailIbl OOBIYHBIX 1 BEKTOPHBIX
perucTpos, gapa (B TOM ducje MaTpUdHbe, ¢M. HEKe), Ko L1 u namars LDS
(Local Data Share) [305]. Pasnensiemas: mamsite LDS (qacro mmeHyemast Takxe
LSM, Local Share Memory) ucnosnb3yercs nursamMu BHyTpr Bapua (wavefront
B Tepmunosiorn AMD, eum. Tabmiy 1) [305]. Emxocrn xama L1 g MI100 u
pazmnaabix Momeseit MI200, kak u npyrue BakHeiine mokas3arean Stux GPU
AMD, B cpasuenuu ¢ A100 u H100 mpusezenst B tabmuiax 20 u 21. C yuerom
3a/iepkeK B moctaBkax PVC m BO3MOXKHOI 3aMOpo3Ku mpou3BoacTea BR100
HaMOOJILIIII WHTEpPEC B JAHHOM 0030pe W B TeNsIxX comocTaBiaenus: GPU BoobIe
B HACTOSIIEE BpeMs MPEICTABISIIOT MeHHO GPU u3 9Toit TabInIb.

Ho npezx e Bcero ciemyer yka3aTb Ha TEXHOJIOTHYECKHUE ITOKA3aTEIN.
MI100 cranu Beiryckarbes mo rexnosorun TSMC 7 am (kak u'y A100), a
MI200— o Texuoornu 6 HM (TOJIBKO B HOCJIEJHUX TOJBKO YTO HOSBUBIINXCS
H100 y Nvidia crano 4 um). B MI100 comepxurcs 25,6 MIIp, TPaH3UCTOPOB
npu mromazam 750 mv? —a B MI250X ux yxe 58,2 Mup/ (Ipu MeHbIIeit
mromtan 724 mm?) [185]. DTu moKazaTe M BaXKHbI B TOM HHCJIE TIOTOMY, UTO
CBSA3aHbI ¢ BO3MOYKHBIMHI CTOMMOCTHBIMH IIOKa3aTeJIaMHI U BearmauHamu TDP.
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OTu JaHHBIE OKA3BIBAIOT Ha OJIM30CTH TaKUX Iokazareseii y MI100
u V100 (eMm. emme Tabuuiy 10). IIpu stom B MI250X 4mciio Tpan3ucTopon
HECKOJIbKO Goutblie, veM y A100 (tam ux 54,2 Mipi), a mIIoma b KpUCTalia
MI250X mpu sTom 3amerno nuzke (B A100— 826 mm?). CoorTBeTcTBEHHO
BO3HUKAIOT HJen 0 Bo3MOKHOIT conmocraBumoctr MI100 1 V100, a Takke
MI250X u A100— uto 6bLIO OIPOOOBAHO B psijie yOJIUKAIUA ¢ JTaHHBIMEI
O MPOU3BOJIUTEIHLHOCTH. ITO KAacaeTCsi COMMOCTABIEHNS TEXHOJIOTUIECKUAX
nokazaresieit MI250X u A100, oHO TpeOyeT HPUHIUITNAJIBHOTO YTOYHEHUSI,
0 YeM pedb TOHAeT IyTh HUXKeE.

K cpasuenuio MI250X ¢ A100 cieayer 106aBUTH COMOCTABIJICHUE C TIOSIBUB-
mmmucs B 2023 roxy H100. 3mech HOBBII TeXHOJIOrHYIECKUH YPOBEHDb 4 HM
nozsosui Nvidia pazmecturs 80 MIPI TPAH3UCTOPOB C YMEHBINEHHOM (110
cpasrennto ¢ A100) miomapio 814 Mm2.

Ocuosnble ntokazareau GPU MI100, MI200, A100 u H100 upuseiernt
IJisi corioctaBiieHus: B rabsurax 20 u 21, a wa pucynke 18 mpenacraBieH
6ostee BoICOKHUH (1eM CU) ypOBEHb MACIITAOMPOBAHUS BBIMACIUTEIbHBIX
morHocreit B CDNA 2— GCD, KoTopblii nMeeT B TOM Yucjie 4 BBIYUCTUTETHHBIX
6si0ka CE (Compute Engine), conepxkamux no 28 CU (uBa crosbua o 14
CU Ha pucytke) [305]. 13 112 dusuueckux CU asa CU orkirodeHs! [41]—
coorBeTcTBeHHO B Tabsmie 20 ykazano na 110 CU.

Kpucraman GCD mMeeT MpUHNATAAIBHO BaXKHOE 3HAYMEHHUE /ST TEXHOJIOTHH
AMD: B craprmux momessix MI250 u MI250X cozmeprkarcst mo 2 GCD [305],
COEJIMHEHHBIX KaK uuiuer [299].

B kauectBe mMexcoenunenus GCD npumensiercs Infinity Fabric 3.0 (o nem
peub HONJET B CIIeyIONEeM pasjene 0030pa), HO ero MPOIYCKHasl CLIOCOOHOCTh
CHJIbHO HUZKE, Y€M IIPOILYCKHAsl CIOCOBHOCTL maMsaTu GPU (cm. Tabsmiy 21).
IIpu nporpammuposannn MI250 u MI250X Oy/yT BoCIpHHUMATHCS KaK J[Ba
pazsmunbix GPU [305]. CooTBeTCTBEHHO, BO3BPAIIALCH K TEXHOJIOTUIECKOMY
comocrasyiernto ¢ GPU A100 u H100, MI250/MI250X M0KHO BOCHIpUHUMATH U
kak mapel GPU. U B pacuere Ha omgua GCD MI250X gucio TpaH3UCTOPOB B HEM,
rpy6o roBopsi, B 2 pa3a menbine, yem B A100.

Ecin nepeiiru ot apxurekrypst CDNA 2 x mocrasisiembim mMogessim MI1200,
TO OHU OTJIMIAIOTCA IUCIOM aKTHBHBIX CU (cMm. tabuuiy 20). ITo manusmv [305],
KaxkIplit CU cozepkut 110 64 siapa (64 mefijepHbixX s/1pa Uik IOTOKOBBIX
nporneccopos B Tepmunosorun AMD, sksupasenTuble yerbipem SIMD-
6Jsi0KaM ¢ BekTopamu 110 16 duces) —a1o Hekue anasoru CUDA-szep B GPU
Nvidia. Kazkioe Takoe siipo MOXKET BBIIIOJHATH KOMAHIbI «yMHOYKUTH-H-
caokuThy ¢ FP64-uncnamu. Torga nukosas npoussogurebuocts GPU (FLOPS)
B JIBa pa3a OOoJIbINle MPOU3BEJAEHUs YncIa TakuX dgep GPU Ha TaKTOBYIO
qacrory. [lo ciaoxusIneiicss TpaguImy TPOU3BOIUTENN UCIOIB3YIOT B PACIETAX
YCKOPEHHYIO YaCTOTY — TaKUe YUCJIA U IPUBEJEHBI B JIAHHON TaOJIuIE.
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Pucvynaok 18. O6mas nocrpoenne kpucraiia GCD (pucyHok
s [305])

B CDNA2 pacnonararonmecs 8 CU AJlY craiu 64-pa3psaHbIMy, U MOSBIIACE
BO3MOYXKHOCTh YIAKOBaTh JBa ducia FP32 ma mecro ommnoro FP64, u padorars
C HUMH, HAIIPUMED, B KOMaHJaX «yMHOXKHUTb-U-CJIOXKUTH> [305]. [TukoBas
npousBoauresbHocThE MI250X mpu pabore ¢ ynakoBanabivu FP32 yasansaercs
710 95,7 TFLOPS 6e3 ucnonb3oBanusi MATPUIHBIX sIIIEP.

B CDNA nosiBwinch MaTpudHblie sijpa (aHAJOId TEH30PHBIX siep
B GPU Nvidia), kotopsie moryT BbimosaaTs kKoMasasl MFMA (Matrix-Fused-
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Multiply-Add) — «yMHOXKUTB-U-CIIOKUTE> HaJ| MATPUI[AMEI MAJIEHHKOI'O pa3Mepa
C WCITOJIb30BAHUEM CMEINIAHHOW TOYHOCTHU, HO TaM MaKCHMaJIbHAasl TOYHOCTH —
sto FP32 [304], xak u B V100. Toieko 8 CDNA 2—wu coorsercrenro 8 MI1200
(amagoruano A100) MFMA moxker paborars u ¢ hbopmarom FP64. Tomycrumbie
pasmepsl Matpur, ¢ FP64 (M x N x K B dopmyie (1)): 16 x 16 x 4 wim
4 x4 x41[299].

3uech 1oJ1e3H0 OTMETUTh 0cobeHHOCTh Habopa komani MFMA (sto naGop,
TaK Kak JIJIsi KaXKJI0r0 coYeTanusi (pOpMATOB UHUCEI, UCIOJb3yEMbIX B PA3HBIX
MATPHIAX, €CTh COOCTBEeHHBIH BapuanT KoMaH sl MFMA) n aHamornaabx
komars WMMA B GPU Nvidia. OHE BBITOJHAIOT ONEPAINIO, BHIPAXKAIOIILYIOCT
dopmysoit (1)) mpu @ = 8 = 1, HO pe3ysibTaT OMEIIAETCsSI B APYIYIO
matpuity D Bmecto C B jeBoit gactu 31oit popmynst. [lommepxkka paboTsl co
crenuUIeCKUMY Pa3PeKEeHHBIMU MaTpuliamMu Jyist 3aia4 U1 (kax B A100)
B CDNA 2 orcyrcrsyer. Joxkymenranust o ISA qs CDNA 2 nmeercs B [306].

M pacyera nukoBbIX nmpousBomuTenasHocTeir MI100 u MI200 nyxHO
3HATDH YHUCJIO MOJIy9IaeMbIX PE3yJIbTATOB 3a TaKT B ogHOM CU; 9TH JaHHBIE
npejicrasienbl B Tabsmie 22. Hanpumep, B kaxkjiom CU B CDNA 2 umeercst
Mo 4 MATPUYHBIX A7pa, KOTOpBIe maroT no 64 pesyasrata FP64 3a Takt [305],
9TO MOC/Ie YMHOXKEHMsT OOIIEero Jmcjia MAaTpUIHBIX sijep Ha 64 U Ha TaKTOBYIO
YACTOTY JlaeT IpUuBeIeHHyo B Tabsmie 20 MUKOBYIO TPOU3BOIUTEIHHOCTD IPU
pabore ¢ MATPUIHBIME SITPAMHU.

TaBmunA 22. Ywucsio nosygaeMbIX pe3ysIbTaTOB 3a TaKT HA OJHOM
CU B CDNA (MI100) u CDNA 2 (MI200)

Dopmar BekropHbiMu ycTpoiicTBaMu MaTpu4YHbIMU YCTPORCTBAMEI
CDNA/MI100 | CDNA 2/MI200 | CDNA/MI100 | CDNA 2/MI200

FP64 64 FLOPS 128 FLOPS — 256 FLOPS

FP32 128 FLOPS 128 FLOPS 256 FLOPS 256 FLOPS

FP16 — — 1024 FLOPS 1024 FLOPS

BF16 — — 512 FLOPS 1024 FLOPS

INTS8 — — 1024 gucsa 1024 uuciia

Hannble u3 [307]. Tam npuBoANTCS TaKKe YHUCIO TAKTOB, TPEOYEMBIX [Jisl BBIIOJHEHHS
kazxkgoro Tuna onepanun MFMA. Ilpu Boinonnernn MFMA cmemansoro dopmara
¢ pesysabratamu FP32 3a TakT momyyaercs 1024 FLOPS.

Boobriiie, ecsin corocraBuTh IpejicraBiieHHble B Tabsuie 20 JIaHHbIE
O MIMKOBOI ITPOU3BOUTEHLHOCTH, TO BAJIHO, YTO IIPU PAOOTE C BEKTOPHBIMEI
sapavmu MI100 onepexkaer 1o sromy nokazaresaio A100 (u ecrecrBeHHO
V100, cMm. rabuuny 12) musa FP64 u FP32, naBas stuMm norennuaibHOe
[PEUMYIIECTBO JIJIsl BCeX pAabOTAIOKX ¢ BeKTopaMu npuiioxkenuit HPC (eciu Tam
IPOU3BOJIUTENBHOCTD HE JIMMUTUPYETCS yMHOXKeHneM Marpuir). [logaep:kka
FP64 B marpuunsix sapax MI100 orcyrcTByeT, a mpu Tounoctu Huke FP32
10 3TOMY MOKa3aTreto mpouspogurenbaocTu MI100 KoHKypeHTOCTIOCOOEH ¢
V100, cusbaO yerynas A100.
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Ha BekTopHBIX dnpax comepxxkariue 10 jBa GCD mozenn MI250 u MI250X
TIPEBOCXO/ISAT TI0 TIMKOBOH TPOM3BOIUTEIHLHOCTH C TIIABAIONIEH 3aIISITON MOIETH
A100. D10 ke uMeeT MeCcTO U IpH pabore ¢ MATPUIHBIME,/ TEH30DHBIME sIJIPAME
(3a uckimouennem FP32). Onnako A100 st 3a0a49 WU py MCIIOJIBL30BAHUY
CITEITIAJTHHON PAa3pPerKEHHOCTH MATPHI] TEH30PHBIME sITIPAME TIPpU paboTe ¢ To-
HIKEHHOU OTHOCUTENbHO FP64 TOYHOCTBIO 110 TMKOBOI TTPOU3BOIUTEIHHOCTH
BIIEPEIN.

Peanbpro mocturaemasi mpou3BOAUTEIFHOCTD TPUHITUIIAAIBHO 3aBUCUT U OT
Jpyrux hakToOpOB, B MEPBYIO OUYepe b NEPAPXUU ITaMITH — HO CHaYaJa HAJI0
OIIPEJIETTUTHCS, KAK IIPOM3BOIUTCH CONOCTaBJIeHue: orndecku momean MI1250
u MI250X mpeacraBienbl Kak JjiBa GPU. Eciu mioesiuth 1ipejicraBjieHHbIE
B Tabsmmie 20 TUKOBBIE IPOU3BOAUTEIHFHOCTH TUX JIBYX MOJeEJel Ha 1Ba,
To st FP64 Bce momenn MI200 no-nipesknemy cuiibHO onepeskaior A100,
a Ha FP32 ux npenmyrmectso HeGombIIOe (17151 TeH30pHBIX syep y A100
MIPUBOAATCS U O0OJiee BBICOKHE TIOKA3ATEJN, HO IIPU STOM HCXOTHBbIE JTAHHBIE HE
HOJIEPKUBAIOTCS B cTaHapTHOM dhopmare FP32).

IIpu comocrasnenuu ¢ ommum GCD TobKO uTO mosiBuBinuecs H100
10 TIMKOBOI npou3eoauTesibroctu ¢ FP64 yxe mpesocxogsar MI200, a Ha Gostee
HU3KHUX TOYHOCTSX ITO IPEBOCXOJCTBO Oosibmioe. IIpu 9TOM HYKHO OTMETHUTB,
9TO TMUKOBas MPOU3BOAUTEILHOCTE ofgHOro GCD MI250X mst hopmara FP64
ouens 6imska K H100-PCle (cM. tabumy 20). CucreMaTnieckoe COLOCTABICHIE
9Tux GPU Ha peasibHO JOCTUIaeMbIX IIPOU3BOINTEIHLHOCTSIX BO BPEMS IIOITOTOBKI
0030pa ObIII0 HEBO3BMOXKHO M3-332 OTCYTCTBHS COOTBETCTBYIONIUX ITyOIHKAINII,
a B IPAKTUYECKOM ILJIAHE aKTyaJIbHOCTH B OJIM2Kaliliiee BpeMsi MOXKET y2Ke
nostyanTh u conocrasierne H100/GH200 ¢ oxxunaembivu K mosiBierno MI300.

B CDNA 2 ecrb u gpyrue uCHoJIHUTEBHBIE OJIOKH, KOTOPbIE UMEIOT
OTHOIIIEHUE K paboTe ¢ PUCYHKAMY ¥ BUJIC0, HO OHU 37I€Ch HE PACCMATPHBAIOTCS —
Hanpumep, B GCD umeercst aBa 6jioka VCN jy1st 38,189 MaIInHHOTO 00YYeHUsI
upu pabore ¢ u300pakeHuAME U BUIEO (CM. pucyHOK 18).

Tenepsb ciemyer 06paTUTHCS K MEPAPXUU HAMSITH — BTOPOIl OCHOBHOI
COCTaBJIAIONIEH, OIpeIe/IAonieil MPON3BOANTEIHLHOCTEL padboThl GPU. Hanbostee
JleTaabHbIe JaHHble 110 Beeli nepapxun namsatu MI200 upencrasiens: B [299].
Kosm L1 ucnionb3yercst nyia paboTs! ¢ daityioM BeKTOpHBIX peructpos. Ho
OIPAHMIUTHLCA MPIMBIM comiocTaByiearneM emkoctu D-kamra L1 8 CDNA 2
¢ eMKOCTBbIO Takoro kama B A100 Hesib3st uz-3a Toro, uro B CDNA 2 umeercs
erme oT/ebHAs paszensemas namats LDS emkocrsio 64 KB ma omun CU [41].
B V100 u A100 coorsercrBytomuii kamr (pasMep KOTOPOTO MPUBOAUTCS BbIIIE
B Tabuune 21) yanduimposan, u BKaouaer B cebsa L1 u pasiaenseMyro naMsTh.
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Pacnomoxkennnrit 8 GCD k3mr L2 nmeer emkocts 8 MbB u aBngerca 16-
KaHaJIbHbIM HabopHo-accormaruBHbM. Kam L2 B GCD umeer 061y cKOpoCcTh
mepesiavy JAHHBIX ¢ Kamamu HukHero yposHst 4096 KB 3a TakT [299].
Tounee rosops, k3m L2 B GCD cocrout uz 32 gacreit (slices), kaxias
13 KOTOPBIX mepenaer 1o 128 Gafit/rakt, min cymmapuo 6,96 TH/c [41].
Yepes 3-e nokosienne mexkcoemauuenns Infinity Fabric qannbie xama L2 moryT
obmenuBaTbest ¢ namsitbio HBM2E namubsivu uHa ckopoctu 2 KB 3a TakT.
IToncoenunennas k omgnomy GCD nmamsats HBM2E umeer emrxocts 64 I'b
¢ nporyckHoii crioco6HocThIo 1,6 TH/c [299].

Mogenn MI250 u MI250X umeror 1o jpa GCD. COOTBETCTBEHHO Ha yPOBHE
BCell MOJIEJIN TIePEYNCIeHHbIE B MPENbIIyIeM ad3ale MOKA3ATe N YIBaANBAIOTCS,
Kak u npuseneno B tabsmie 21. Infinity Fabric B CDNA 2 crasio obecrieunBarh
KOT'€peHTHOCTh Ka1ma Mexk 1y GCD, n mamars HBM2E, kak u kst L2 oboux
GCD siBnstorcst obmumu [299]. Ecim conocrasienne ¢ A100 mpoBoguTcst
OTHOCHTEJILHO o/iHOro GCD, TO €MKOCTB U HpOoIyckHas crocoonocts HBM2E
B CDNA 2 Boimie, gem mist A100—40GB. Ho Nvidia crasa 3aremM Ipou3BOIUTH
mozenu A100 ¢ yasoenroit emkocteio HBM2E (80 I'B), B KOTOPBIX €MKOCTh 1
IPOIIYCKHAs CIIOCOOHOCTD cTaJIi Gosibiie, deM y oguoro GCD B MI250/MI250X.

CpasHuBas nepevuc/sBIecs B Tabsmie 21 moKa3aren IaMsATH, MOKHO
CKa3aTh 00 WX COMOCTABUMOCTH B pasHbIX Mozeiasx GPU AMD u Nvidia (MI100
u V100, MI200 u A100; H100 31ech He yuurbiBaercs). OmHAKO APKOe OTIAYHE
umeer Mecto B emkocTu Kameit L1 u L2: 8 A100 oru cuibHO Gostbirie, gem B GCD,
YTO MOYKET UMeTh BaXKHOe 3Ha4eHUe JIJIsl JJOCTUIAeMON IIPOU3BOUTEIbHOCTH.
B MI250/MI250X emkocts kamma L2 B pacuere Ha oxus GCD ocraiach Takoii
ke, Kak B MI100 (8 MB), uyrs Gosbine, vem B V100 (6 MB) [185]. Ho 8 A100
9Ta eMKOCTb ObliIa PE3KO yBeJIndeHa U cTaja B pa3bl Oosbine, gvem y MI200.
Yro kacaercsa kama L1, o B MI100 ero emrocts 6buta Beero 16 KB (tutoc
LDS emkocrbio 64 KB) Ha CU [262] nporus 128 KB Ha SM B V100 (x0Th 5Ta
MaMSITh JaCTUIHO UCTIONB3YETCs B KadecTBe passensemoil mamsarn) [185]. B CU
MI200 emkoctb kamma L1 takske ocramack kak y MI100 (1 takxke uMeercs
orzenbHas namats LDS).

IIpu sTom emrocts K3mia L1 B 8 pa3 MeHbite, 9eM y yHUGDUIITPOBAHHOTO
kama V100, u gonosauTe bHas LDS 3T0 MoXKeT He KOMIIEHCUPOBATH —
JaXke IOCJIe BBIAEJIEHUsI YaCTU eMKOCTU yHuMUIMpoBanuoro kama V100
IIOJT Pa3Jie/IgeMyIO TaMATh, OCTAIOMAasICa o, K31 L1 eMKOCTh TaM MOYKeT
okazaTbcs ropasgio oosbiie, yem B MI100 u MI200. D10 yKe BBI3BIBAJIO
po6GJIEMBI C IIPOM3BOAUTEIBLHOCTHIO (CM. 06 9TOM Jajiee B pazzeie 5.3.2.2
upo npousBoguTeabaocTs MI250/MI1250X), Tak uro no cpasaenuto ¢ A100
xamr-mamsaTh MI200 sBsieTcst TOTEHIINAIBHBIM Y3KIM MECTOM.
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Bo BesikoMm citytae, B pacCMOTPEHHBIX Jlajiee MyOJTHKAIUIX O TTPOU3BOIHI-
TEJILHOCTHU y2Ke€ OTMEYAJINCh HeJOoCcTaTKN Kam-ttaMmsatu B MI100 u MI200.
Bosmoxkno, aro msa onruvusarmm npuaoxkennit gy MI200 tam meszecoobpasno
IpUMEHeHne He [IPOCTOi MoJesu JuHuK Kpbimu (roofline), a smnupudeckoit
C Y4eTOM KAIII-IIAMSITH.

Eciu cpasausars TDP (cm. Tabuuiy 21), To y comocrasisembix (¢ A100)
GPU MI200 stu mmoka3aTesn TakKe JOCTATOIHO Osm3ku, xoTs TDP mosesteit
A100-SXM nossirre. TakzkKe HaJI0 OTMETUTH, YTO yKa3aHHbBIE B 3TOii Tab/uIile
B ctpoke TDP uucia jyrst GPU AMD orHocsTCs, Kak yKa3aHO B JIOKYMEHTaX
[300-302], k TBP (Total Board Power).

B mestom Bee yrke paccMOTPEHHOE BBIIE TOBOPUT O TOM, UTO HA AIMAPATHOM
yPOBHE BarKHbIE JJIsI MPpon3BoauTebHoCTH TToKaszarean MI100 comocTtaBuMbI
¢ V100, a y MI200 (8 pacuere na ogun GCD) B ocHoBHOM conocrasumbl ¢ A100,
9TO JIeJIA€T MHTEPECHBIM U AKTYAJbHBIM COIOCTABJIEHNE COOTBETCTBYIOITUX
peaJIbHO JOCTUIAEMbIX IOKa3aTesell nX IPON3BOAUTETLHOCTH.

ITocnennee, uto caeayeT oO6CYyINTH B JAHHOM Pa3jiesie — O MOJJIEPIKKE
PCle B GPU MI100 u MI200. Paunee sTa mmuHa UCIOJIL30BAJACD JJISI CBA3H
MEXKJy YCTPOUCTBOM M XOCTOM, U €€ OUPAHHYEHHAs IPOIYCKHAS CIOCODHOCTH
MOTJI& CTAHOBUTBCS Y3KHUM MECTOM Jiisl mpou3BoauTebHocTtu GPU. Korma
crajm npeaararbes cepsepbl multi-GPU, sTa mmHa Moriia ObI MIPUMEHATHCSI
" Jij1si CBsI3U MexK 7y GPU, 9TO TakzKe CTayio ObI Y3KUM MECTOM B cepBepe.
B paccmarpuBaeMbix B JaHHOM pas3jese 0030pa GPU OHM BCe NMEIOT CITeIHaIbHOEe
BBICOKOCKOPOCTHOE MexKcoequHenue g cBasu mexkay GPU (Infinity Fabric
y AMD, NVLink y NVidia). Ho mig cBs3u xocTa ¢ yCTPORCTBOM NpUMEHEHUE
TAKOI'0 CIEIUATN3NPOBAHHOIO MEXKCOEINHEHNUS IPE/IIOIATaeT ero allapaTHyio
TIOJJIEPKKY ITPOIIECCOPOM XOCTA.

9o Beerja BoinoHsI0ch B GPU AMD), nockosbky Infinity Fabric mepsomna-
YAJBbHO OBLJIO OPUEHTUPOBAHO Ha cBsi3b Mexkay U AMD. JTyis NVLink sro we
Tak —u TpeboBasio npumenenust PCle st ¢BsI3u ¢ 0OOBIMHBIMU CEPBEPHBIMU
nporieccopamu x86-64. ITosromy npenmyinectsom IBM Power9 crasa momep:x-
ka B Hem mHTepdeiica ¢ NVLink mus cessu ¢ V100, 6iarogaps gemy Power9
MIPUMEHSIETCS U B TAKUX 3HAMEHUTHIX CYIIEPKOMIIbIOTEpax, Kak Summit u
Sierra. Bo Bcex cpasruBaembix B Tabuune 21 GPU (kpome H100) mmeercsa
nopgepxkka PCle-v4 x16 ¢ npomycknoii ciocobuocrsio 64 I'B/c.

Ho 3mech ects npunnunmaibaoe pasianane 3tux GPU or AMD u or Nvidia:
PCle 8 GPU AMD st cBsizu ¢ Il EPYC He npumensieTcs, a sBIgeTcst 00bIYHO
ncnosibdyembiM PCle-unrepdeiicom, K KOTOPOMY ITOJICOEIUHSIIOTCST CETEBbIE
IJIATHI, HATIPUMED, JIJIs CBI3W MEXKJy y3jaamu kKjacrepa. [Ipumenenune Infinity
Fabric 8 GPU AMD pgaer uM IpeuMyIIecTBO 10 IPOILyCKHON CIIOCOOHOCTH
coequnaenus ¢ LI, B Tom auciie u 1o cpasaennio ¢ A100-PCle. meromuiicst
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B MI100/MI200 unrepdeiic PCle oprenTupoBaH Ha IpUMEHEHHE €10 COBMECTHO
¢ nomepxkuBaromuMu 3t GPU Bepcuamu MPI m1s obmena coobrmennssMm
MEXKJIy cepBepaM, He BOBJIeKas B 970 LIl—3TO UCHOIB3yeTCs, HAIIpUMep,
B OubmoTeke mIoTHON Juneiinoro aaredbpsr SLATE, opuentupoBanuoit
Ha I0JIO0HbIE CHCTEMBI C PACIPE/IeJIeHHON naMaThio [309].

Paccmorpernne mexcoenunenuit GPU B taHHOM 0030pe TPOBOIUTCS B Pa3jie-
JiaX, TIOCBSAIIEHHBIM BBIYUCJIUTEILHBIM cUCTeMaM Ha 0ase GPU u cumraercs
KaK JIONIOJTHATEJIbHAA CHelnaIbHad annaparypa g GPU, Kak 1 BO3MOXKHO
CIeIMAJIbHBIE TTO/[JIEPXKUBAIOIINE COOTBETCTBYIONUI nHTEPMENC MPOIECCOPHI.
Infinity Fabric mosTomy paccmarpuBaercss B CJIEIYIONIEM pa3elie.

5.1.2. BeiyucantensHbie cuctemsl Ha 6ase MI200

[Ipex e Becero 3ech HeoOXOAMM aHaIn3 Mexkcoeauaenust Infinity Fabric.
Ono ncxonuo 6bL10 6sin3ko K PCle u B Hacrosiimee BpeMst UCHOJIb3yeTCs I8
cBs3u Mexk iy mporeccopamu EPYC B cepepax. Kak u NVLink, y Infinity
Fabric o mepe passurus nosiByisinchk Hosble Bepcuu, B CDNA 2 sro yxe
TpeTbe mokoJsieHue [299].

B MI200 umerorcsa pasubie BapuanTsl coequuennii Infinity Fabric, mo-
noOpaHHbIE IS ONITUMAJILHON PabOThl B PA3HBIX (DU3UIECKUX YCIOBUIX
(manpumep, Jyist KOPOTKHUX CBaA3eil Mexk 1y GCD BHyTpu oiuOro GPU mexkcoeu-
nenue cruenuasbaoe). Onun kKanasa Infinity Fabric umeer mmpuny 16 6ur
B ogHoM Hanpasjeruu (Tak 6p10 u B8 MI100). IIpomnyckuas criocobHOCTH
ojHoro rakoro Kanasa B CDNA 2 pasna 50 nnu 100 I'B/c B oxsoM wmin
JBYX HAIIPABJIEHUAX, & MKy JByMs GCD B omaoMm GPU mucnosb3yiorcs 4
KaHaja ¢ obeit mpomyckuoii cnocobrocTsio 400 I'B/c [299] (em. pucynoxk 19
C TOIIOJIOTHEN CBsI3U B y3iax cynepkomibiorepa LUMI [41]).

st stz mex ity GCD u3 passbix GPU B multi-GPU cepsepe ucnosibyercst
onuH wian JiBa KanaJa Infinity Fabric ¢ aByHamnpap/ieHHO#N TIPOITYCKHOM
criocobHOCTRIO coorBeTcTBerHO 100 mwin 200 I'B/c. Hakonern, ms csizn MI1250X
¢ Il EPYC ucnosnbayer apyroit Bapuant Infinity Fabric ¢ nBynanpasiennoit
POILyCKHYIO criocobuocTh 72 I'B /¢ miga cBasu ¢ kaxkapim GCD; Kpome Toro,
gepes PCle-kanaJ mojicoeinHsieTcst MeKCoeIiuHeHne y3/10B, Hanpumep, Cray
Slingshot-11 [41,305] (cMm. pucynok 19).

Camu cepeepbr ¢ MI200 MoryT UCIIOJIB30BaTh BAPUAHT C OJHUM WJIK
meymst T EPYC, u TaM BO3MOXKHBI pa3Hble TONOJIOIUH MexKcoeuHenust [305].
Ha pucysrke 19 [41] npescrabiena Tomonorust Jist cepsepa ¢ derbipbMst MI250X
u onanM EPYC —5T0 cooTBeTCTBYeT MCIOJIB3yEMBIM y3JIaM CYIEPKOMIIbIOTEPOB

LUMI [41] u Frontier [303].
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Infinity fabric CPU-GPU
36+36 GB/s
Cray Slingshot-11 interconnect
25+25 GB/s

Pucynok 19. Hcnonwszosanue Infinity Fabric B y3e cynepkom-
nbiorepa LUMI ¢ gersipemst MI250X (pucynok us [41])

Pucynok 19 coorBercTByer dbirarmanckoit Tonosoruu y3ia gy HPC; miist
Hero B [299] ykazaHo Ha OOIIYIO IPOIYCKHYIO criocobHocTh Infinity Fabric
1,54 TB/c. B [305] B KavecTBe «OCHOBHOTO HaNpaBjeHusT» miist HPC u U1
IPEJICTaBIIEHA JIpyTras TOIMOJOTHs cepBepa ¢ deTbipbMs MI250, cBa3aHHBIX
¢ asymst U1 EPYC uepes kommyraTop PCle, a Takke ujocTpupyercs emie
OJTHA, TOTIOJIOTHS JJIsi (DJIATMAHCKOTO cepBepa [jist 3a7a4d U/ y2Ke ¢ BOCEMbIO
MI250 u asyms EPYC.

Csou momundukanun padbots! ¢ Infinity Fabric umeer MI210, nmerormuit
oxuu GCD. MI210 obecnieauBaer npoiycknyio crocobnocts 64 I'B/c as
cBsizu ¢ LI 6e3 HeobxomuMocTu npuMeHennst KommyTtaropos PCle, a s
mexcoenumaenns MI210-MI210 moxuo0 ncnonp3oBars 3 kanasa Infinity Fabric
¢ ob6eit npomnyckuoii ciocobnoctsio 300 I'B /c. Hakonen, s multi-GPU
cepBepa ¢ MI210 Toxke mpeiiaraiorcss BapuaHThl (hJIATMAHCKUI U «OCHOBHOI'O
HanpasiieHusi» [305].

Pasnubie Tonosiorun moryt umerb Mecto u B multi-GPU cepsepax Nvidia.
OHako Hasmaue pasHoro tuma cBa3u Infinity Fabric moxer ycnoxuasaTn
ONTUMU3AIIUI0 BEICOKOMACIITaAONpPyeMoro rmporpamMmmupoBanust B multi-GPU
cepeepax ¢ MI200. Oxnako B [308], T pacCMOTPEHBI PA3IMTHBIE BAPUAHTHI
mexkcoeauuennii Infinity Fabric na cepsepe ¢ gerbippmst GPU MI250X, mist
nporryckuoit criocobrHoctn ¢Bsi3u UII-GPU He 6b1710 BBISIBIEHO 3HAYUMBIX
NUMA-sdbdekToB Ha ypoae APT HIP.

B yznax cynepkommbiorepa Frontier ncnonsayercst mo ognomy 64-sepaomy
uporeccopy EPYC 7A53 (paboratomemy na gacrore 2 I'T') ¢ 4 MI250X. Dror
1M1 ¢ KoJOBBIM Ha3BaHueM Trento OBLT CO3MaH CIenuaIbHO A7 paboTsl ¢ MI250X
B y3nax Frontier. EmkocTh kama L3 B aTom LIl pasaa 32 MB y kaxk1oit
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u3 BocbMHU 8-siziepHbIX rpyi (Bcero 256 MB ma 1M). LI ckondurypupoBan Kax
4 NUMA-y3J1a, K KaXKJI0OMy U3 KOTOPBIX Mojcoeaunnsiercs mo 128 GB namsTu,
TaK 4TO ee eMKOCTh B cepsepe cocrasiser 512 I'B (8 kanamos DDR4-3200)
[41,299,303]. Berme 6bu1a paccMOTPEHA BO3MOXKHAST TOTIOJIOTHSI TIPUMEHEHHST
Infinity Fabric 8 multi-GPU cepsepax ¢ MI250X (cm. pucynok 19); B [41]
YKa3aHO Ha Ba’XKHOCTb IPaBUJILHON NpUBA3KU y3Jsa NUMA Kk GPU, koTopasa
MOKET UMETh PeIlaloliee 3HavUeHne JJIsl ONTUMUAZAIUN ITPOU3BOIUTETHHOCTH
npuioxenus. Frontier cosnasasncs Cray/HPE, u mist ¢Bsi3au cepBepHBIX y37I0B
MCHONIB30BaHO MexkcoeuHenue Slingshot-11 [299].

B zammmaromem tperbe Mecto B Topbh00 cymeprommbiorepe LUMI
HCTIONIB3YROTCS TAKUE 2Ke allllapaTHBIe CPeJCTBa, Kak Bo Frontier [41,42]. 3mech
HaJO elle yKa3aTh Ha aKTUBHO HCIOJIB3YIONIYIOCS B UCCIIETOBAHUAX CHCTEMY
Crusher, cogepxkantyio 192 rakux ke y3ia, aro u Frontier (9408 y3i0B) u
LUMI (2560 y3/10B), 1 IPUMEHSIFOILYIOCST JJIsl TECTUPOBAHUS U Pa3pabOTKH.
Emie panbmie mpemmecrBenrukom Frontier cunrascs kimacrep Spock, nmerornuit
36 y3u0B, comepxkamux 1o 4 MI100 [310] (cum. Tabmuiy 23 HuxKe).

EcrecTBenHO, MpakTHYIECKH BCE BEJIyIIUE TPOM3BOIUTENIA CEPBEPOB MUPa
MOCTABJAIOT Mojienu, coyepxkarue GPU MI200. IIpumenenne nux B MOy aIx
crangapruoro dopm-daxropa 0AM (OCP Accelerator Module) [305] cioco6-
CTBYeT OLICTPOMY U HMIHPOKOMY PACIPOCTPAHEHHIO TaAKUX cepBepoB. JocTyIHbI
camble pasubie cepBepbl—oT 1U 10 4U, a takxke 6U u 10U, comepxkarue ot 1
10 8 GPU (a rakeke 10 u 20) MI100, MI210 u MI250. 911 cepBepbl MOIyT UMeTh
1-2 U1 AMD EPYC apxurektyp Zen 2 u Zen 3, a TakyKe MacIITabupyeMmbie
mporeccopsl Intel Xeon 2-ro u 3-ro nokostenuit. Crimcok Takux cepBEPOB
moctymer B [311].

JIns mocTmKeHnsT MaKCUMAaIbHOM MTPOU3BOAUTEIHLHOCTH TIpu pabote ¢ GPU
MI250/MI250X rpeGyercst XKUAKOCTHOE OXJiaxkeHue (6e3 Hero uMerh GOoJIbIIe
500 Bt 06b14n0 HEBO3MOXKHO). KiaccuueckKuM IpuMepoM 9TOro sBJISeTCs
6ueitn-cepsep HPE Cray EX235a [46], ucronb3yeMblii B COOTBETCTBYOIIUX
CyHEPKOMITBIOTEPAX.

5.2. SDK gns MI100 v MI200

Paccmorpenne SDK B 9TOM pasjelie 0630pa CHJILHO OMPAHUYEHO, TOCKOJIbKY
OOJIBIIMHCTBO COOTBETCTBYIOMUX KoMIIOHEHT oT AMD siBjisieTcst mpstMbIM
aHaJjiorom ommcanHbiX Bbie SDK or Nvidia, Ha3BaHUsT KOTOPBIX TOXKE YaCTO
ouenb moxoxku. SDK or AMD s pacemarpuBaembix GPU mmenyercs ROCm
(Radeon Open Compute, a m—or "multi-GPU computing"s ocrose sTux
cpejcrs [312]). B kauecrBe onpejiesieHHOro npenmyiiecrsa SDK or AMD
MOKHO yKa3aTh HA €ro JIOCTYIIHOCTh B BUJE MCXOJHOIO TeKcTa [312], B TO
BpeMms kKak SDK ot Nvidia mpocTo ¢BOOOIHO JTOCTYIIEH.
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Ecou B 2020 romy, xorpa nosisuiics MI100, 6su1a jgocrynsa Bepcust ROCm
4.0 [312], To K cepenune 2023 rosa mepe;| NOsIBJIEHHEM UIOHBCKOTO CIIHCKA
Top500 Gbuta nocrynna yxke Bepcus ROCm 5.5.1 [313]. Ecan ocrosoit SDK
or NVidia caemyer cautars APT CUDA, To ocuoBoit or AMD siBistercst APT
HIP [58]. HIP Kak MOiesb MpOrpaMMHUpOBaHus Kpaitne 6inska Kk CUDA, u Tam
UCHOJIb3YIOTCS aHAJIOTMYHbIe TepMuHbL (cM. Tabuauny 1). B HIP npu pa6ore
¢ GPU AMD wucnosnb3yerca Bapu (wavefront B repmunosorun AMD) pazmepom
64 muru [313], a me 32, kak maa SM B Nvidia, 4ro cBsa3ano ¢ apxurekrypoii CU.

Ho mporpammbr ¢ GPU Nvidia cTasu rnmepeHOCUTHCS Ha Tpadutdeckue
nporeccopbl AMD 6e3ornocuresbao K nogsieruio MI100. Tax, undopmarus
0 JIOCTUTAEMOU ITPOU3BOAUTEILHOCTH IIPU MEPEHOCE PASJIMIHBIX TPOIPAMM-
HBIX KOMILJIEKCOB U3 TOIYJISIPHON 00JIACTH MPUMEHEHHsI COBpeMEHHBIX GPU,
KJIACCHIECKON MOJIEKYJISIDHOM JIMHAMUKHY, TIpeJcTaBieHa B [314].

B kauectBe mpenmytiiectBa HIP may CUDA MOXKHO yKa3aTh BO3MOXKHOCTH
npuMenenust HIP ipu pabore Ha GPU ot Nvidia, Jafomryio BO3MOKHOCTH
[IEPEHOCUMOCTH IIPOrPpaMMHOro obecriedenus iyt GPU AMD na anmnaparypy
Nvidia. Ho 3/1ech BOBHUKAIOT /iBa BayKHBIX YTOUHSIONINX MOMEHTa. BO-TIepBbIX,
HY2KHBI JIAHHBIE O COIOCTABJIEHUU JIOCTUTAEMON TTPOU3BOIUTEIHHOCTHU TP
pabore HIP oTHOCUTEIBHO HocTUraeMoil ¢ npumeneduemM CUDA (06 9ToM pedb
noiiger ayth Huzxke). [ockosnbky HIP ucnosb3yer upu pabore ¢ GPU Nvidia
ompejiesieHHble 03K-3H16I OT CUDA, 3TO CHUMAaeT BO3MOXKHBIE ITPOOIEMBbI.

O6br4HO cumrTaercsi, 9To npuMeHeHne HIP [OYTH HE BBI3BIBAET YXYIIEHUSI
IPOU3BOUTEIHHOCTH 110 CDABHEHUIO C IIPFMBIM KonuposanueMm Ha CUDA [42].
Peasibno nemoncrpupyrorue 3To faHHbIE s OJTHOIO U3 AJITOPUTMOB /I
pemernst 3ajgauu CFD ¢ HECTPYKTYPUPOBAHHON ceTKo# nmerorcst B [168].
Ho B noBoit Bepcun CUDA nyist H100 umeroTcss pacimupenusi, u3 KOTOPBIX
HanboJIee SIPKUM MOXKHO CYUTATH M3MEHEHNE MEPAPXUU MPUMEHSIEMbIX HADOPOB
uureil (nosBuiicd Kiacrep 6s10koB HuUTEil ). COOTBETCTBEHHO OTEHIIUABHBIE
pobsiembl adpdexkTuBaocTr HIP msa GPU Nvidia MOTyT cOXpaHSATHC.

Crek nporpammuoro obecnedernus ROCm Ha HUMXKHEM YPOBHE BKJIIOYAECT
npaitBepel. B Hacrosimee Bpems nogmep:kka ROCm obecnieanBaercs B Linux
(xpaiiBepbl BXOJAT B COCTAB MOJYJIS S1Pa, KOTOPBI MOXKHO MHCTAJJINPOBATH
B muctpubyTusax Ubuntu, RHEL u SLES). ITorsarso, uro ROCm Bkirouaer
BCE TUNUYHBIE KOMIOHEHTHI jyist SDK. VIMeeTcst KOMIUIATODP, UMEHYEMbIil HbIHE
ROCmCC (c nomuepxkoit HIP, OpenMP u OpenCL), koTopsiii ocHOBaH
ua Clang/LLVM [313]. EcrecrBenno, umeercs: npodbuIMPOBIIUK, OTIATINK U
Oub/IMOTEKA JI/IsT TPACCUPOBKH MTPOU3BOIATETLHOCTH.
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Maremarndeckne 6ubanoTekn ObIBAIOT ¢ IpedukcaMu roc uiau hip.
IIpedukc roc ucrmonp3yercss B HA3BAHUAX OMOIMOTEK, OMTUMU3TPOBAHHBIX
st GPU AMD, a npedukc hip — mjist 6ubanoTeK, riae B Ka4ecTBe 03K-9H
npuMeHnMBI cpescTia s GPU Nvidia [313]. C yuerom npedukca mosHbie
HA3BaHMs ITUX OUOJMOTEK JEJIAI0T OUEBUIHBIMU UX [TPEIHA3HAYEHUS U 3]1ECh
He mpuBoaaTcda. VImeroTcss n 6ub/IMOTeKn KOMMYHUKAITHHN, aHAJIOTUIHbIE
coorBercTByomuM cpeacrBam or Nvidia. Hampmmep, anamorom NCCL or Nvidia
B ROCm sBisierca RCCL.

Braromaps maxe cunraxcumaeckoit moxoxkectu HIP u CUDA mpescTaBisieTcst
ecrectBernbiM Haymare B ROCm cpescrBa nmpeobpasosanust u3 CUDA B HIP,
HIPIFY [313]. Ho B 0fmmem ciydae 3To CJIe/lyeT pacCcMaTpPUBATh KAK IEepBbIi
MTOJTyaBTOMATHYECKUIT 1Al Ha MyTH TaKOro mpeobpa3oBaHusi, KOTOPBIA MOKET
moTpeboBaTh U JlajbHeIeil pyYHOil 1opabOTKU XOTs ObI MOTOMY, YTO He BCE
CUDA API nopuepxkuBatorca B HIP (cm., nanpumep, [42]). 3aech ciemyer
ykazarhb u Ha Hekyro anajoruio HIPIFY co cpeacrsavu Intel DPCT.

BazkubiM mipesicTaBisieTcsi yka3aTh 37[eCh Ha MPOBOJsiImiicst B Leiiienn-
6eprckom ynusepcurere (Tepmanus) mpoext hipSYCL ¢ OTKPBITHIM HCXOIHBIM
kozoM (renepnb numenyembiit AdaptiveCpp™) — peanusanus SYCL, nupeana-
sHaveHHas s LIl 1 rpaudaecknX mIporeccopoB Pa3HbIX MTPOU3BOINTETEH.
B [165] y»ke Gbli1a npenprHsTa IONLITKA HEKol peasusanuu oneAPI 6e3
komrmsitopa DPC++, ¢ momorpio hipSYCL. CpaBuenne npou3BoguTeIbHOCTH
MI250X mpwu ucmosib30BaHnu Pa3HbIX BapuaHToB peasm3anun SY CL, DPC++, a
rakyke HIP nu OpenMP Ha pasHBIX IPHIOKEHHsIX OPOBEeHO B [176].

Eme ogaum Baxkubim myist pabotst ¢ GPU AMD ssiisiercst mpoekt GPUFORT
[315]. DTu cpeacTBa OCYIECTBISIOT IPE0OPA30BAHKE OJJHOIO UCXOJHOIO KO
B JIpyroi UcXoJHbIi Kox. Bo3MOKHO /1Ba BapuaHTa TaKOIro Ipeodpa3oBaHus
UCXOZHOrO TeKcTa. Bo-nepsbix, n3 CUDA Fortran (um Bozmoxuo OpenACC)
B BapuanT Fortran c mupexkruBamu OpenMP Bepcunm 4.5. Jlasee nosryaen-
HBIH TEKCT MOXKET KOMIUIMPOoBaThcs ¢ nomorbio AOMP (6asupyromerocs
ma Clang/LLVM koMmumiaropa, umerorero ¢bpout-s3u g Fortran). Bo-Bropbix,
BO3MOKHO 3ajeiictBoBanne cpegacts HIPFORT, koropbie obecrieanBatoT
unrepdeiic Fortran u HIP BpeMeHN BBIIOJIHEHNST M JOCTYIT K MATEMATUIECKUM
6ubsmorekaM. Ecin KOMIUISINA UAET JIJIs BBIIIOJHEHUs IPOrpaMMbl HAa GPU
Nvidia, HIPFORT naer unrepdeiic co cpeacrBavu CUDA BpeMeHU BBIMOJHEHUS
U COOTBETCTBYIOIIMMHI MaTeMaTuIecKuMu Gubanorekamu [316].

Yro kacaercst Fortran, ciiegyer orMeTuTh HAJMYUE MOJJIEPKKE PACCMATPH-
Baembix GPU AMD Bre ROCm B 3namenurom HPE Cray Fortran, rioe umeerca
u orcyrcrBytomas 8 ROCm nomiepxkka OpenACC.


https://github.com/AdaptiveCpp/AdaptiveCpp
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AcHo, uTO 0obecrieunBaeTcss U pPadOTa CPEeICTB OOIee TPATUTTTOHHOTO
pacunapasuiesusanus MPI u SHMEM. B [317] uccienoBana Ipou3BOAUTE b
HOCTH psijia mojepxkuBaionux padory ¢ CDNA u CDNA 2 sapuanro MPI—
OpenMPI, Cray MPICH, MVAPICH2-GDR (a taxxe cpeacrs RCCL), B Tom
qHCIIe TIPU UCHoJb30oBannu Mexcoeanaennst Cray Slingshot-10 B 3HaMeHUTOM
kiacrepe Spock (oH umeer B y3nax 64-sueprbiii EPYC 7662 u uersipe MI100).

MbI He TOBOPUM 3J1€Ch O MIPOrPAMMHBIX cpejicTBax (dpeitMBopkax) s
zajiad UM, umeronuxcst B cocraBe ROCm, IOCKOIbKY OHM CIIEIUAIU3UPOBAHBI
TONBKO Ha WU, a 0630p B mepByio odepesib obpaired Ha HPC—rO ROCm,
€CTEeCTBEHHO, NHTEIPUPOBaH ¢ OCHOBHBIME (peiiMBopKamu [313].

B 3aksmioguenue JaHHOTO pa3fiesia MOXKHO OTMETHUTh, UTO U B allaparype, u
B mporpaMmMubiX cpeicrBax GPU MI100 u MI200 me mposiBiisieTcst Takoii sipkoit
ODHEHTAIMN B IIEPBYIO 0Yepeb Ha 3ajaun WU (a ma HPC— cKopee BTOPUYHO),
kak B GPU H100 (u orgactu B A100). YV Nvidia 970 nposiBisiercsi He TOJBKO
B JIOKYMEHTAIIUH, HO U B MOSIBJISTIOIINXCS HOBBIX CYIIEPKOMITBIOTEPAX: B OTJIMYNE
or boJiee «TPaAMIIMOHHO OpUEHTHpOoBaHHOro» Frontier ¢ AMD MI250X,
H100 ucnombsyercs B cynepkomubiorepax n3 Top500, opueHTHPOBAHHBIX
na 3agaan UU. Nvidia BbITyCKaeT yiKe MOJANOTOBJIEHHbBIE U OPUEHTUPOBAHHBIE
Ha U BBICOKOIIPOU3BOIUTEILHBIE BHITUCIUTEIbHBIE CUCTEMbBI BILIOTH JI0
CYTIEPKOMITBIOTEPHOIO YPOBHS.

5.3. OdaxHble o npoussogutensHoctn MI100 n MI200 8 Tectax u
Ha NPUNOXKEHUSX

K momenty mostBiienust nronbckoro crucka Top500 crajao m1ocTymHO
HEMAJIO CTaTell, B KOTOPBIX PACCMATPUBAJIACH IIPOM3BOAUTEHLHOCTD 3TUX GPU
B PA3HDBIX TECTAX W HA PA3HBIX IPUJIOKEHUSIX M, B TOM YHCJIE, CO CPABHEHUAMHI
npousBoguTebHocT ornocureabao V100 u A100. B GonbmaceTBe cirydaes,
KOT/Ia UMEJIOCh JIOCTATOYHO IIyOJIMKAIUI [JIsi KOHKPETHBIX PACCMATPUBAEMBIX
mogesieit GPU AMD, B manHOM 00630pe JIjIsi aHAJN3a TPUOPUTETHBIMY OBLIN
paborbl, orHOCsimuecs K HPC (HO MHOrUe JaHHble PO UM TakKe IPUBOJISTCH).
Cpenn sTux myOauKanmii Takke ObLIN OTOOPAHBI CTATHU, OTHOCSIIIHECS
K TeCTaM IIPOU3BOIUTEHHOCTH MAPOKO PACIPOCTPAHEHHBIX U AKTYAJIbHBIX
MaTeMaTUIecKux 3a7ad. V3 mybaukarmii o IpuIoKEeHUuIM B JAHHOM 0030pe
TaKKe OTOMPAJINCH TPAIUIINOHHBIE N3BeCTHBIE B HPC 0obacTu, HAIIpUMED,
3a/1a91 BBIYUCJAATEIbHON xumMun nuian CFD, ¢ npuopuTeTOM Ha U3BECTHBIC
B MHD€ [IPUJIOKEHUS.

Ho 31ech neobxoanmo 0co60 0TMETUTDH pabOThI M0 TPoeKTy ECP u cBOmHBIE
JIaHHBIE 0030PHOTO Xapakrepa 1o Gosee ueM 20 TPUIIOKEHUsM (TOUHEe rOBOpS,



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 245

[POEKTaM), CIENUAIbHO OPHEeHTHPOBAHHBIM Ha 9K3aMaciitab— Hanpumep, [262].
Tam npuBeseHO OOJIBIIOE YHCIO TAIONINX COIOCTABJIEHIE IIPOU3BOIUTEIBHOCTI
gansbix st MI100, MI250X, V100 u A100. ITockoJibKY OIEHKHU IIPOU3BOIHU-
TEJIbHOCTHU B IIPEJIEJILHOM CJIydae MHTEPECHBI JjIsi KOHKPETHOI'O IIPUJIOXKEHUSI
WU XOTs ObI IPUJIOZKEHUSI U3 COOTBETCTBYIOMIEH 00IaCTH, BO MHOTHX CJIydasix
[OJIE3HO CMOTPETh Ha JaHHble B [262], rie Npou3BOAUTEILHOCTD IIPEJICTABIICHA,
1 Ha ypoBHE ogHoro GPU.

OHaKo HAJ0 UMETh B BUy, 9T0 B ECP NPUMEHSIIOTCS B OCHOBHOM
He BCEMHUPHO UCIIOJIb3yeMble MPUJIOZKEHUS], & UX CIEeIUAJIbHbIE BADUAHTHI
(BOBMOXKHO, 4aCTH), CIeJaHHbIe Jyls ODUEHTAIME Ha YK3aMacIiTad, Hiu HOBble
paspaborku. 11 370 MoxkeT ObITh BoBCe HEI(DMEKTUBHBIM U HE JAIONIUM TOIHbIE
OIEHKH JIJIsI IIPOU3BOIUTEILHOCTH B 00JIee TUNIMIHBIX PUJIOXKEHUSIX, JIJIst
MaJIEHbKUX BBIYHCIUTEIbHBIX CUCTEM WJIM IIPU pacdeTax He CTOJIb CJIOXKHBIX
00bekToB. Kpome Toro, 3T0 TOIBKO YTO MOJIyUeHHbIE IEPBOHAYAIBHBIE JTAHHBIE
ITPOIO/IZKAIONINXCST PA0OT IO PA3HBIM MIPOEKTAM, C UCIIOJIb30BaHueM B GPU
AMD pannux Bepcuit ROCm, u pe3ysabrarsl sBHO Oy/LyT yCOBEPIIEHCTBOBAHBI
(HEKOTODBIE YTOUYHSAIONINE CTATHY, OTHOCAIIMECH K KOHKPETHBIM IIPOEKTAM y2Ke
nosiBIIIUCH). COOTBETCTBEHHO 3/1€CH MOABJIAJIOCH BECHMa GOJIBIIOE IUCIIO
KPUTHYECKHUX 3aMevYaHuii OTHOCHTEIbHO MHOrHX KoMnoneHToB ROCm pas3ubix
Bepcuit ot 4.2.0 1o 4.5.0, koropsie AMD mbiTanacs 6bICTPO UCIPABUATH.

[TockosibKy OUeHb MHOTO U3 IPUBOJUMBIX JAJIee JAHHBIX O IPOU3BOIUTEb-
woctu GPU MI100 u MI200 65110 IO/Iy9€HO C UCIIOIB30BAHUEM HU3BECTHBIX
CYTIEPKOMITBIOTEPOB (B TOM umcse u3 uncia juaepos B Topb00), KpaTkas us-
opmanyst 0 TAKUX BBIYUCIUTENBHBIX CUCTEMAX (B TOM YHCIIE TIPUMEHSIBIIIXCS
u jia conocrasienus ¢ GPU or Nvidia) csenena B Tabsune 23.

5.3.1. [lpoussogutensHocts MI100

31ech OyIAyT pacCMOTPEHBI COIIOCTABUTEIbHbBIE TAHHBIE O IIPOU3BOU-
resprocTr MI100 mo cpasuennio ¢ V100 u A100 (Bce ornocurensro MI200
paccMaTpHBAECTCs JAJIee).

Yro xacaercst comocTasyienus npoussoguresbuocru GPU MI100 u A100, To,
XOTs1 JaHable Tabuibl 20 MOKa3bIBAIOT HeOOAbIIe TpenmytnecTsa MI100
[0 MUKOBOIT ponsBoauTebHOoCTU (Hanpumep, ¢ FP64), na stu nokasaresu st
GPU Ha/10 0OpAIATh OrPAHNICHHOE BHUMAHNE — HE PeXKe TTPOU3BOINTETHHOCTD
KOPPEJUPYIOT 37IeCh C IMPOILYCKHON CIIOCOOHOCTBIO MAMSITH, & TOYHEe HaJ0
CMOTPEeTD Ha JIAHHBIE MOJIeJIN JIMHUHU KpbIIL. VMeromuecs: 1annble cTaTeil B IIeJ10M
OJTHOZHAYHO yKA3bIBAIOT Ha Oosibinue (4acTo B pa3bl) npeumyinectsa A100
ornocuTebHO MI100 110 TPOU3BOUTEIHLHOCTH, XOTSI OBIBAIOT U MCKIIOUEHUSI.
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TabuUA 23. BoraucianresnbHble CUCTEMBI, Y3JIbI KOTOPBIX AKTHB-
HO MIPUMEHSIIUCH B IIyOJUKAIASX O TPOU3BOAUTETbHOCTH GPU,
IUTUPYEMBIX B JJAHHOM 0030pe; JJIsl cynepKoMiibioTepos u3 Top500
B CKOOKaX IPHUBEJIEH UX HOMED B CITUCKE

Berauciurenbuast YHucao u Trn YHucao u Tun LI MexkcoenuHuenne
cucrema GPU B y3ise B y3/1€e (mexmy y3JIaMI/I)1
. 1XEPYC .
Frontier (1) [303] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
LUMI (3) [318] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
Crusher [319] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
Spock [320] 4xMI100 7662(Rome) 1xHPE Slingshot-10
1xXeon Platinum | 4xNvidia Infiniband
Leonardo (4) [205] 4xA100-40GB 8358 HDR
Perlmutter (8) [206] | 4xA100-40GB 1xEPYC 7763 4xHPE Slingshot-11
ThetaGPU [321] 8xA100-40GB | 2XEPYC (Rome) 8xInfiniband HDR
. 1xEPYC 7543P .
Polaris (19) [322] 4xA100-40GB (Milan) Slingshot-10
Summit (5) [323] 6xV100-16GB 2xPower9 2x Mellanox
Infiniband EDR

1 Vka3anbl MeKCOEIMHEHNUS, UCIOIB30BAHHBIC B IUTHPYEMbIX B 0630pe MyO/IMKAIIsIX

IlosToMy mpuBeneM 371eCh TOJIBKO HECKOJIBKO ITOATBEPKIEHUIT STOMY,
B OCHOBHOM B MHTEI'DAJILHOM ILIaHe (C IMIMPOKUM OXBATOM IIPUJIOYKEHMIT) —
a He 6a3upysiCh HA OTJEJBHBIX KOHKPETHBIX IpuMepax. Hampumep, B [45]
IIpUBEJIEHBI COOTBETCTBYIOIINE CKa3aHHOMY BBIIIE JIaHHbIE HA 6 Pa3HBIX
[PUIIOKEHUSIX 1 MUHU-IIPUJIOKEHNX (M3 PA3HbIX 00JacTell HAyKH), BXOJSIINX
B npoeKT ECP miin CBSI3aHHBIX ¢ HUIMH MUHH-TIPHIOKeHUsX. [1o manHbIM [45]
HaMu OBLJIO PACCYUTAHO, BO CKOJIBKO pa3 IOCTUTraeMasl IIPOU3BOINTEHBHOCTh
A100 6bura Boime MI100: gius AMR-Wind (CFD-uacTh B IIPOEKTE IIPOTHO3HOTO
MO/Ie/IUPOBaHUS TIOTOKA BETPAHBIX 3j1eKTpocrannuii ExaWind) —na Tpex pasubix
IPOrpaMMHBIX siyipax B 1,7-5,3 pasa; B KBAHTOBOXUMUIECKOM MUHU-TPUIOKEHUN
GAMESS RI-MP2—8 5,8 pa3za; 8 munu-npusiokerunn TestSNAP njia kBanToBoro
norennuaia SNAP, ucrmomb3yemMoro 3areM B IPUJTOXKEHUN MOJIEKYJTSIPHOMN
munamuku LAMMPS (u3 upoexkra EXAALT g 3aa4 TepMOsiIEPHOTO
CHHTE3a) HA TPeX PAa3HBIX POIPAMMHBIX gapax—B 2,2—-7,9 pa3a u Tak jaJee.

B kauecTBe Jpyroro npuMepa JaHHBIX O MPOU3BOIUTEIHHOCTH HHTE-
IPAIbHOTO XapakTepa 110 erne GOJIbIIEMY YUCIYy HPOEKTOB U IIPHJIOYKEHNUIT
n3 ECP ykakeM 1yTh GoJsiee TIO3IHIO paboTy [262] (em. takwke [324]);
KOMMeHTapuu o [262] npuse/ensl Bbime. Halm BbIYUC/IEHNsT OTHOCHTEIBHOI
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IPOU3BOJUTEJLHOCTH 110 JaHHbIM [262] mator, yro A100 6611 GpICTpEE THIEe-TO
B JBa pa3a Ha 3aja4dax CFD (NekRS), u B Tpu pasa— Ha 3a/1a9aX KBaHTOBOI
xnmun (Gamess, c6opka doknana) u Mosekyapaoit unamuxu (LAMMPS).
s TestSNAP A100 6but 66ictpee MI100 B 2,8 pasa.

Bouiee nosas Bepcust ROCm 4.5.2 na apyrom npuioxenuu CFD, STREAmS-
2 [325], Takxke masa moxoxkwue BesmuuHbl orcraBanus MI100 (cm. pucy-
uok 20) [325]. IToapobuee 9T JaHHbIe PACCMOTPEHBI HIZKE B pasueie 5.3.2.2.
Mauto BepogTHO, 4TO mporpece B HoBbiX Bepcuax ROCm MOKET MOJTHOCTHIO
HUBEJIMPOBATH TAKOE OTCTABAHUE.

2.5

B Central scheme
0 WENO scheme

2.0

1.5

5ﬂﬂddﬁ

GPU GPU GPU GPU 2-CPUs

NVIDIA NVIDIA AMD AMD EPYC

V100 A100 MI250x MI100 7763
PucyHok 20. Bpewmst na nrepanmo (c) aiust STREAmS-2 ¢ cerkoii
420 x 250 x 320 mrsa IByX pacYeTHBIX CXEM: IEHTPAJIbHON CXEMbI

onenku noroka u cxembl WENO (pucynok u3s [325])

Iteration elapsed time [s]

o

o

B [225] npoussogurensrocTh ¢ mpumeneanem MI1100, A100 u V100
nccaenosasiach Ha SPEChpc 2021, comeprkarieM KOMIOHEHTHI U3 TPUIOXKEHIIT
pasubix obsracteit HPC, vo mamube g MI100 O6b11u moTydeHbl B OTIMIHOM OT
nCIoIb30BaBIIerocs B apyrux GPU mastenbkom Bapuante SPEChpce.

IIpouszBoauTEILHOCTD IPUJIOXKEHUI STBJISETCS HANOOIEE MPAKTUIECKT
aKTyaJbHOIT, HO COOTBETCTBYIOIINE JaHHbIe O TTpon3BoauTeabHocT MI1100
oraocuTeabHO A100, MOKA3BIBAIONINE AHAJIOIUIHOE TPUBEJIECHHBIM BbITIIE
JIAHHBIM, UMEIOTCS U IJIsi KOHKPETHBIX MaTeMaTHIeCKUX METOJOB — HAIIPUMED,
qast BII® [251], nust QR-pasmorkennst KBAJAPATHBIX MATPHIL IO OUOIHOTEKE
MAGMA jyist omunapHoil u aBoitnoii Tounocru [241], ayis TeCTOB MPOIYCKHOM
criocobrocTu BabelStream [42]. O recrax BabelStream ects u npyrue naHHBIE
Iyist MX peasiusanun ¢ npuMenenneM Fortran-cpegcrs DO CONCURRENT [236],
rJe mporyckHast crnocobnocts namstu MI100 cirabo ormyanacs ot CH+
-BapuanTta BabelStream (unorna Fortran gasas 6osiee BbICOKHE PE3YJIBTATHI).
ITpomyckuas cnocobHocTs Kak jyuist A100-80GB, rak n mist A100-40GB s [236],
€CTeCTBEHHO, HaiiJleHa ropasio boJibire, yem y MI100.
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Cospewmennbie GPU, ux SDK U HCIOJIB3YIONINE WX IIPUIOXKEHUS SIBJISTIOTCS
CJIOKHBIMU; TTPUIOXKEHUsT TPEOYIOT i pa3ubix GPU pa3Hble mapaMeTpbl
JULsL ONTUMU3AIH, 8 U3 BCeX NPABUJI ObIBAIOT UCKJIOUeHUs. Tak, B [241]
nauabie Ha ToM ke QR-pazsoxkennn ¢ rocBLAS MOKa3BIBAIOT MIPEUMYIIECTBO
MI100 orrocuTenbHO cuBLAS ¢ A100. B [326] B paMkax mporpaMMHOIO
kona AnySeq/GPU misa 3ama4 6uonadOpMaTUKK ¢ UCIOJBL30BAHUEM SIJIED
FP32 8 MI100, V100 u A100 npou3BoauTebHOCTD (B TPUJLIMOHAX OOGHOBIIE-
Huil stueexk B cexkyHuy, TCUPS) cocrasuia coorsercrsento 3,8, 1,7 u 3,3
TCUPS. Ho B ocHOBHOM B mybsmkarusix cubHoe orcrasanue MI100 ot A100
II0 IIPOM3BO/IUTEJILHOCTH IIPOSIBJIAETCS JIOCTATOYHO YETKO.

Comocrasnenune npoussoautesbaoctn MI100 ¢ V100 npeacrasisiercs 6osee
AKTYaJIbHBIM, B TOM UHCJI€ KAK BO3MOYKHOE JIONIOJTHEHNe WK 06a3a, Jjisi COOCTAB-
sernst A100 u MI200. 31ech mocTuraeMble TPOU3BOAUTEILHOCTH JEHCTBUTEIHHO
OBIBAIOT JIOCTATOYHO COIIOCTABUAMBI, W MUKOBAas IMPOU3BOANTEIHHOCTE FP64
y MI100 Bce-Ttaku 3amerHO OoJiblie, yeM y V100. dto maer mancer MI1100
OJTyIUTh 60JIee BBICOKYIO MPOM3BOIUTEIBHOCTD JIJTsl TIPUJIOYKEHUN C BBICOKOM
BBIYHMCJINTEIBHOI MHTEHCUBHOCTBIO (B T€DMUHOJIOIMH MOJEJIH JIMHUU KDPDIIIHN).
Cpasy npusesieM sipkuii mpumep 1oro B [262], 11 Ha KBAHTOBOXMMHUIECKOM
mpmtoxkernu NWChemEX B pacuere ¢ BBIYHCIUTEIFHO HHTEHCUBHBIM METOJOM
cesi3aHHBIX KjacTtepoB CCSD comocrasiieHne IPOU3BOAUTEIHOCTH Y3JI0B
Spock (mo 4 MI100) u Summit (mo 6 V100) nokasaJo npeumyinectso Spock.
Tam NWChemEX ncnonbpsoBana cpegcrsa CUDA ma Summit u HIP (ROCm
4.3.0) na Spock.

Paccanrannbie HaMu BEJTMYUHBI YCKOPEHUsT Spock oTHOCHTEIBLHO Summit
(o manubiM Table 11 B [262]) mator, uTo Ha omHOM y3Jse Spock momaHOe
Bpems CCSD-pacuera B 1,5 pasa mMeHbIle, 9eM Ha y3Jie Sumimit, a BpeMms
JIOTIOJTHUTEJILHOTO O0Jiee CJIOYKHOTO pacdeTra MOMPAaBKHU 1 JIsi TPOWHBIX
BO30OYyKIeHuil Ha y3jie Spock menbie B 1,9 pa3a.

C pocroMm uncia y3708B J10 4 TPENMYIIECTBO MPOU3BOUTEIbHOCTH Spock
[IPH PABHOM YHUCJIE Y3JI0B OBICTPO yMeHbIIAeTcsi, u Ha 4 y3i1ax Spock 6bicTpee
TobKO 110 Bpemenu pacdera T [262]. Hyxuo ckasarb, 4To, HaBepHoe,
OOJIHINIMHCTBO COBPEMEHHBIX MPUIOKeHHUH Ha GPU AB/ISIOTCS YAIlle CBI3aHHBIMU
mamsaTbio, a V100 o ee mpomyckHoil criocobroctn meree orcraer or MI100.

B [262] npuBeieHBI CONOCTABATEIBHBIE JAHHBIE O TIPOU3BOJAUTETHHOCTH
rirybokoro oby4enust jyiss MI100 u V100 B pamkax aByX mpoekToB ECP—
CANDLE (upenmsuonnas meauiuba jyisi oakosiorun) u Exalearn (uesb
npoekTa MoHATHA u3 ero Haszpauus). B CANDLE npoussogureasrocts BERT
ymeperno 6osipire Ha MI100, wem wa V100, HO He B TOIi CTemeHu, HA KOTOPYIO
YKa3bIBAIOT OTHOCUTEbHBIE XapaKTepucTuky 3tux GPU (oueBmmwo, B [262]
UMEIOTCS B BUJLY IIMKOBbIE IPOM3BOIUTE/THLHOCTH AINAPATHLIX CPEICTB). st
ExaLearn B [262] ykazaHo Ha CuiIbHO 60Jiee HU3KYIO IPOU3BOJAUTEIHLHOCTD

MI100.
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Bazxmo, 1T0o Kpome 6ostee BBICOKOI MTHKOBOI mpousoauTeabuoctTu, MI100
rokasaJja 6ojiee BbICOKYI0, ueM y V100, IpOImyCKHYIO CIIOCOOHOCTD ITaMSITH
Ha BCeX KOMITOHeHTaX Tecta BabelStream ¢ mpumenenmem mmpokoro mabopa
Pa3HBIX IPOrPaMMHBIX Mojiesieil [42]. B 31oit e pabore MpON3BOAUTEILHOCTD
npuiozkenuss miniBUDE (mosexynsipubiit gokunr) xa MI100 okazasocs Bbiiie,
geM Ha V100-32GB u nouru cosnaJa ¢ npoussoauresibHocThi0 A100-40GB.

OvueHb aKTyaJbHBIM SIBJISIETCsI COIIOCTABJIEHUE TPOU3BOIUTEIHLHOCTH
MI100 u V100 za DGEMM, koropoe 6b110 npoBeneno B [242] mis nakeTHoi
7 OOBIYHOM peasn3anuu yMHOXKeHUst MaTpuil. COOTBETCTBYIOIINE JTAHHBIE
upejcrasiennl Ha pucyake 21 ¢ npumenernnem ROCm 4.2 (hipBLAS) gy MI100
u CUDA 11.2 (cuBLAS) juis V100. ITapamerpst m, n, k na ocu abeuucce 371ech

~~—

o = V100: DGEMM

3500 || 7 V100: Batch DGEMM 1;
m MI100: DGEMM

- 3000 |1 5 M|188: B:tch DGEMM %
§ 2500 /
: .
8 2000 1/.59,)( %
& %//f 1;7x %
E 1500 Z % %
¢ ' /
1000 Z % /
500 f;/j % %

(36,33) (84, 126) (165, 330)
Problem size (m, k) = (P,Q) -- n is fixed at 10,240

Pucynok 21. Ilpoussomurensrocts MI100 u V100 na DGEMM
(pucynok us [242])

coorBercTByIOT pasmeproctaMm marpur M, N, K 8 dopmyse (1). Bugno, aro
MI100 mozxer u onepexkars V100. B [242] mpuBoasres Takxke JaHHbIE s
tectoB npousBoauresbaoct CEED n3 ECP, moka3bIBatoNne COMTOCTABUMY IO
npoussoaurenbrHocTs MI100 1 V100, u o npoussoguresnbrocTu Ha NekRS, rioe
MI100 orcrasan ma 15% ot V100. Ha Te xe 15% orcraBanust ykasniBaeTcss n
B [265].

B [327] npoBo/msnch pacuersl 110 KBAHTOBOXUMUIECKOMY TIPHUIIOKEHUIO
QUICK B coueranuu ¢ npusioxkenueM MoJeky/apuoii gunamukun AMBER, (1o
cxeme QM/MM). B craprossix Tecrax MI100 maBas mponsBoAUTEIBHOCT Pa3a
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B aBa MenbIre, yeM V100, n3-3a CIUIKOM aKTHBHOTO UCIIOJIb30BAHIS PETHCTPOB
B uporpammubix sapax AMD. Iocie nqopaboTok B pacuerax cHCTeM OOJIBIIIX
pasmepos npoussoguTenrsroctn MI100 n V100 okasamck conocraBuMbivu (Ha
MaJjienbKux cucreMax V100 6bu1 ropasno 6eicrpee). [Iporpammuoe siipo,
CUHUTAIONEe TPATUEHT 0OMEHHO-KOPPEISAIINOHHOr0 roreHnuaina, za MI100
CUATAJIO ropaso ObicTpee, ueM Ha V100 [327].

B orrocsmeticst k ECP pabore [328] comocrapisiiack NPOU3BOIUTETBHOCTD
MI100 (B Spock) u V100 (B Summit) B paMKax M3BECTHOI'O B OBJACTH
CFD recra upoussoaureabunoctu HipBone (on opuenTupoBan Ha pabory
¢ GPU, Gasupyercsa Ha u3BecTHOM ucnosb3yomem C++ mecre NekBone,
HO He HNOKPBIBAET HOJHOCTHIO ero GyHKIMOHAJIBHOCTD [142]), u cpaBHeHa
MIPOU3BOAUTELHOCTD IIPU PA3HBIX CTEIEHHAX MTOJUHOMA Y MPOrPAMMHOTO sipa
oneparopa Ilyaccona, dpakTuueckn onpeessiionero Ipon3BOAUTEIHHOCTD
HipBone. B HipBone ucrnonbsyercss FP64, Ho B HEKOTOPBIX MOA3a/adax
peaBapuTeIbHOI 00paboTkn mpumensiercst FP32.

Ha oanom GPU nosydennast B [328] npoussogurensrocts MI100 (¢ ROCm
v4.5.0) mpuMepHO OJIMHAKOBA C IPOU3BOUTebHOCTHI0 V100 (¢ CUDA v11.0.3)
Ha BCEX CTeIeHdAX rmojimHoMa— u uHorma onictpee MI100, a unorma— V100. Han-
BBICIIAs! IPOU3BO/IUTEILHOCTD JOCTUIAETCSl [IPH HAUBBICIIEH NCIIOIL30BAHHON
crenenn nosuHoMa (N=15): as V100—2101,4 GFLOPS, ams MI100—2135,2
GFLOPS; 6bu1a 110Ka3aHa Tak»Ke XOpoliiasi MacIITabupyeMOCTh Ha y3J1ax
Spock n Summit upu uncae parros MPI 10 32 u 48 coorBercrBenHo [328].

B [262] Ha ocHOBaHMH JAHHBIX JIJIsi HEKOTOPBIX MPOEKTOB ECP oTMeuaeTcs
comoctaBuMocTh mponsBoguTesbroctr MI100 u V100 — 910 roBopuTcsi, Hanpu-
Mmep, st panabix AMR-Wind (mama onenka yckopenus V100 oTHOCHTEILHO
MI100 no pucysky 20 B [262]— 1,4 paza).

B npoekre ExaSMR, (MomempoBanue akTUBHOI 30HbI MAJIOrO MOJLYJILHOIO
peaxTopa IIyTeM COYeTaHWs JABYX dacTeil, HeifirpouHoit pusuku u CFD— s
nocsenreit npumensiercs NekRS) ko Shift ¢ HIP (ROCm 4.2) muisa nepBoit
qacTu cHavasia ycrynaja V100 ¢ CUDA pa3a B JiBa, HO IOCJIE ONMTHMHU3AIIAN
orcrapanme coctasuio Beero 20%. B NekRS-wactu ExaSMR B HekoTOpBIX
nporpaMmHBIX sipax orcraBanne MI100 or V100 ma Summit cocraBiisiio
BCEro HECKOJIBKO TIPOIEHTOB [262]; Hamm pacuer 110 jgaHHbIM Tabuaui 42 u 43
u3 [262] naer yckopenue V100 oraocurensao MI100 ma 10-20%.

B apyrux mporpaMMHBIX KOMIIOHEHTaX JpPyTux npoekTos ECP B [262]
YKa3bIBAJIOCH Ha O0Jiee cepbe3Hoe oTcraBanue nponssomuresbHoctu MI100.
Ha npuitoxkennn QMCPACK (st KBaHTOBBIX pacdeToB MeTo oM MonTe-
KapJio) B pacdyerax cynepadyeiiku OKCHIa HUKEJIS B PA3HBIX CJIydasdx JIOCTUA-
JINCh CUJIBHO pa3Hble oTcraBanus, HO B mesiom MI100 naBas 3HAYUTEIHHO
0oJ1ee HU3KYIO IIPOU3BOJIUTEBHOCTD, U KPUTUKOBAJIMCH KOMIUIsATopbl AMD.
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B TestSNAP MI100 B Spock orcraer or V100 B Summit npumepro B 2
pasa (mam pacder o Tabmune 19 B [262]). B npoekre ECP ¢ KBAHTOBOXHMH-
geckuM npuiiokennem Gamess cbopka poKHaHa B pa3HBIX TUITAxX Oa3uca
¢ mummHoit oT 4 10 12 TeIicsad opbutasteit MI100 memennee B 1,4-2,6 pasa
(mam pacuer no tabauue 15 B [262]). Ecrecrsenno, B [262| nmeercs MHOrO
JIPYTUX JAHHBIX C COIOCTABJIEHUeM mpoussoauTesbrocTn V100 u MI100. /
B [329] npoussogureasrocts MI100 n V100 comocrabiieHa ¢ IpUMEHEHUEM
vuap-tipuioxkenns MiniMDock mist mosiekynsipaoro jokunra. B onrumMaibHBIX
IUTsl npou3BojuTesbHocTu Ha GPU Bapuanrtax (¢ HIP u CUDA) MiniMDock npu
HCIOJIb30BAHUU JIMTAHIOB cpefaux u 6osbinux pazmepos MI100 (Spock,
ROCm 4.5) ycrynan no upoussoguressrocta V100 (Summit, NVHPC 21.11)
Ha 32 u 39% COOTBETCTBEHHO, HO HA MAJICHBKUX JINTAHJAX ObLI HEMHOTO
6nicTpee, dem V100.

B [330] npoBo/miiach ONTUMHU3AIMS HEKOTOPBIX KPUTHUIECKH BAYKHBIX
nporpaMMHBIX sijiep i CFD-npuioxkennss FUN3D, npou3BoauTeIbHOCTD
koroporo ua A100 obcyxnanack Beie. [l Bcex U3 HUX, KpOMe TPOrPAMMHOTO
sapa Bsaskoro noroka, MI100 (¢ ROCm 4.2.0) 6bu1 na 18-53% memrennee, dem
V100 (c CUDA 11.2).

Ecrecrsenno, MI100 npumMensiercst B cCaMbIX Pa3HBIX 0OJIACTSIX, HE TOJBKO
B HPC, HO u jj1s 3a/a4 WU, HanipuMep, Ui TJIyOOKOTO OOyYIeHus B MOJE/IHN
DLRM [331].

Mozkuo roBoputh 0 conocrapumoctu MI100 10 TpON3BOAUTEILHOCTH
¢ V100, xors MI100 wamie orcraaj. MHorne npuBouMbIe BbIIE JIaHHBIE
o npouzBoguTeabrocTr MI100 oTHOCATCS K TpeIBAPUTEILHBIM PE3YJIbTATaM,
MOJIyYeHHBIM cpady mocie nossienus MI100 B mocTynHOCTH, U 9TH Pe3yIbTaThI
MOTYT OBITH €Ille JTOCTATOYHO CYIIECTBEHHO YJIyYIIEeHbI HA HOBBIX BEPCHUIX
ROCm (Bepcun CUDA BBINISIIAT Topasno 6osee crabuiabHbiMA). Ho B cBsI3H
C OJIHO3HAYHBIMU IIPEUMYINECTBAMH BceX mokasareseit MI210 orHocHTEIEHO
MI100, me TosbKO yKazaHHBIX B Tabsmnax 20 u 21 HO U BCeX JAPYIUX M3BECTHBIX
aBTOPY HA MOMEHT Hammcanus ob63opa, uarepec Kk MI100, mo MmHEeHUIO aBTOpA,
orHocuTca K npumerennio MI100 kak y»ke mpuobpeTeHHOr0, a npuobperenne
wosoro MI100 neresecoobpazuo o cpasuenuo ¢ MI210. Ilostomy 6ostee
MMOJTHOE PaCCMOTPEHUE UMEIOIINXCsT JIAHHBIX O Tpou3BouTesibHocTr MI100
3/1eCh HE IIPOBOJIUTCS.

5.3.2. [lpoussogutensHocts MI200

Ecan nocmorpers na ganabie Tabaur 20 u 21, TO SCHO, YTO B pacdere
Ha oauH GCD momesn MI210 u MI250 moutu He ornuuatorcs, Ho GCD B MI250X
uMeer HEOOJIbITIOE yBemueHne dncia CU, KOTOpoe JIOJIZKHO JaBaTh HEOOJIBIIOE
yBeJmJdeHne pou3BoauTe ibHOCTH. [loaTOMY, XOTST MBI HAYHEM AaHAJIA3 J10-
CTUTABIIEHCs IPOU3BOAUTEILHOCTH C Pl U3BECTHBIX aBTOPY (HA MOMEHT
HOArOTOBKU 0630pa) aKTyaldbHbIX crareil ¢ ganubivu 1po MI210, sro mozker
MIPEJICTaB/SITh MHTEPEC U JIJIsA OIEHOK JIBYX JApYyrux Mojeseit cemeitctsa MI200.
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5.3.2.1. IIpousBoaurenbHocth MI210. B kadecrBe 6a30BBIX IOKa3aTeei
nocturaemoit mpoussBoguTeasbnoct MI210 ykaxkem cnadasa na gamase Dell,
IpeJICTaBIEHHBIE 3TOM hupmoit mjst cBoux cepBepoB PowerEdge R750x—
JIJIsT YMHOXKEHHSI MATPHUIL ¢ ABOWHOMN u opuHapHoii Tounoctbio (DGEMM
u SGEMM) [332], B ToM 4mcie B conocTasieHnu ¢ gaHabmvm st MI100.
B pacuerax Dell na MI210 ucnosib3oBaiuch TeH30pHbIe (MATPUYHbIE) sIpa U
ROCm 5.1.3. Ina DGEMM 6buia g1oCcTUrHYTa IPOU3BOIUTEILHOCTD 28,3
TFLOPS, na SGEMM — 32,2 TFLOPS. 91u nanusie [332] cBuieTeabCTByIOT
o 6outbriom yckoperun B MI1210 ornocurensao MI100 gma DGEMM — B 3,6
pasa (mo B MI100 B Ten3opHbIX sijpax HeT nomnep:kku FP64), u HeBbICOKOM
JIOCTUTHYTOM TIPOIEHTE OT MUKOBO# npomssoauresnbHoctn B MI1210 (62,5%).

Jiss SGEMM na MI210 B 6bL1a oJIy9eHa IPOU3BOAUTEILHOCTD Ha 9% Gotb-
me, wem B MI100 [332]. Ho FP32 momnepxuBaercss B TeH3opHbIx aapax MI100,
qaro naer MI100 naxke 4yTh OoJiee BBICOKYIO IIMKOBYIO IIPOM3BO/IUTE/ILHOCTD
opmHapHOH TouHoCTH, YeM y MI210 (em. Tabmuner 20 u 21).

B Tecre HPL npoussogurenbrocts MI210 mocturaer 18,2 TFLOPS na 1 GPU
u mouTH JmHeHo pacrer 10 4 GPU (mo 72,6 TFLOPS), a nponssoauTeabHOCT
MI100 ma 1 GPU B pa3bl MeHbIlE, U MeJJIEHHee pacTeT ¢ uncjaom GPU
B cepeepe [332].

st HPL ectb u janubie camoit AMD, mo3Boistiorue mpojieMOHCTPUPOBATD
u Bo3MoxkHOe BimsiHue Bepcun ROCm [333]. Sxech ¢ ucnosb3oBaHueM
6oJstee HoBoit ROCm 5.2.0 u rocHPL 6.0.0 Ha omgaom GPU Tect HPL mas 21,07
TFLOPS (8 1,16 pa3 6bictpee, uem y Dell), na 4 GPU— 81,097 TFLOPS (B
1,12 pas 6bicTpee), Ha 8 GPU— 159,73 TFLOPS. Kak ormeuaercs B [333],
IIPOU3BOUTENHHOCTh MOXKET MEHSATHCA M B 3aBUCHUMOCTH OT BEPCHH JIpaiiBepa.
MprI mpefioiaraeM, 9TO BIIMSHIE OTJINYAS APYTUX KOMIIOHEHT MCIOIb30BAHHBIX
B Tecrax cepBepoB B [333] u [332] 31ech MOXKHO CUNTATH HE3HAUUTEJLHBIM.

Ha recre HPL-AI co cmermannoit Tounocrsio FP16/FP32/FP64 na 4 GPU
B [333] monyuena npoussomurenbaocts 444,77 TFLOPS.

B [332] npuBeseHbl TakKe JaHHBIE O IIpou3BojuTesbHOCTH MI210
orHocuTesspHO MI100 Ha npuitokenun mosekyssipHoit guanavukn LAMMPS
JIJIl HECKOJIBKUX PA3HBIX €e TUIOB (B TOM YHUC/e PEaKTUBHON MOJIEKYJISPHOM
JIMHAMUKM) U II0TeHIua/ 0B — upu pabore ¢ FP64 MI210 6bicrpee na 18-30%, a
¢ FP32—na 12%. Manunie o npoussomurensraoctu LAMMPS g peakTuBHOI
MOJIEKYJIPHON JUHAMUKK OpuBoanuT Takxke 1 AMD ¢ npumenenuem 6osee
Hosoil Bepcun ROCm [333].

IlepBoie crarbu ¢ mapHbIME O TTpousdBoauTeabHOCTH MI210 cTtanm mosas-
JISITBCSL JJTsT TIPUIIOYKEHN B pasHbIx obuactsx. Hanpumep, B [334] npusogsrcs
JTAHHBIE O IIPOM3BOJIUTEJHLHOCTH Ha Pa3pabOTAHHOM B 9TOIl CTATHE MIPIJIOKEHUN
it mogtekystpaoro pokmara Uni-Dock, mpeBocxozsiem mo mpon3BoauTeb-
nocru uzBectHoe npunokenue AutoDock-GPU (xorst mogpobublie ganabe
o npoussouresnibHocTH Uni-Dock B [334] npusoggrest gyst V100 u MI100).



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 253

Cpesiu pabor, A COlloCTaB/IeHrne pouspoauresibaoctr MI210 u
GPU Nvidia, ykaxkem Ha manable B obsactu CFD [268] ajis ynioMuHABIIErOCs
BBIIIIE B pasjiesie 1npo npousBoguTesibHocTh A100 npuioxkernus FUN3D c ero
6ubsmorekoit FLUDA s GPU. Ha ocnoBe manubix tabuuinpl 4 B [268] Mol
nosygaeM, 9ro A100-40GB 6eictpee MI210 B 1,44 pasa (a MI210 6sicTpee
V100-16GB B 1,29 pa3za).

B [335] 66110 1poBeeno conocrasienne npoussoaunTessaoctn MI1210
u A100-40GB npu pabore dpeiimBopka rimybokoro obydenusi PyTorch
(ucnompzoBasicst PyTorch 2.0-20230102) ¢ npumenennem crekos ROCm
5.4.2 u CUDA 11.8. B »7oit crarbe ObL1 tipesiioxkern TorchBench — HoBbrit
HaOOp TECTOB IMPOU3BOAUTEILHOCTH ITporpamMmMuoro creka PyTorch. Jlmsa
cpaBHeHUs1, Kjaaccudeckuit Habop TecroB MLPerf mist rirybokoro obyuenust,
pe3ysIbTaThbl KOTOPOTo ¢ mpuMeHeHueM GPU 06CyK/Ia/INCh BBINIE B JAHHOM
0030pe, BKIIOUaET B cebst 8 Mogesneil riybokoro obydenns, a B TorchBench nx
48. TorchBench nMeeT oTKpBITHIIT NCXOAHBIN KO U 6/1ar01apst MUPOKOMY
MHOXKECTBY PENPE3EeHTATUBHBIX MOJIEJIeH MO3BOJISIeT, HAIPUMED, BBIABIATH U
CHATYAIUN C MOHMKEHuEeM pou3BoauTeabuoctu npu pabore PyTorch na GPU.

Cpasrenne npoussesieHo B 32-6urnoit kondurypamuu TorchBench (uc-
noJib3yeMoit o ymosadanuio). Vmeromasica B A100 momuepxkka TF32 naer
MTOBBIMIIEHHYIO TPOU3BOJIUTEIHLHOCTD 33 CUET YMEHBIIEHUS] TOYHOCTHU, TIOITOMY
He BCe MOJEJN MOTYT ero MCIOJIb30BaTh. st TiryOOKoro obydeHnus: u BBIBOIA
obyuenHoii HefiporHoit cetu ¢ FP32 B omamx Mozensx 6oicrpee 6611 MI210,
B apyrux— A100, 94To He JjaeT YeTKOro MPeMMYIIeCTBa 0 POU3BOUTEILHOCTH
onHoMy u3 THX GPU [335].

1 Boobmme MI210 cpasy cTa mpuMeHSTbCsT s 33/1a49, CBA3AHHBIX ¢ U,
Hanpuwmep, B [336] paspaGoTana MeTouKa JJIsi TIEPEKPHITHsI KOMMYHUKAIW 1
BBIYUCJICHU, opueHTHpoBanHasd Ha DLRM, 1 co31aH0 IIPOrpaMMHOE AP0 JJId
MI210. B [337] npeioxen u peanmsosan Ha MI210 ycoBepieHCTBOBaHHBIIH
AJITOPUTM JJIsi TIOBBIMIEHUS TPOU3BOAUTEIBHOCTHA CBEPTOYHON HEHAPOHHOMN
ceru (CNN), KoTopslii ¢ ncosab3oBaHneM GUOINOTEKH TIyGOKOTo 00y IeHusT
MIOpen n ncxomubix garabix ResNet50 mozsommn noryants 74% ot nmukoBoit
mpousBoauTeibHocTH MI210 ¢ omuHApHON TOYHOCTHIO.

5.3.2.2. IIpousBogurenbHocts MI250/MI250X. Yro kacaerca GPU
MI250/MI250X, comepzkamux 1o 2 GCD, TO HOTEHIMAIbHAA UX KOHKYPEH-
nust ¢ A100 o Mpou3BOAUTEILHOCTH ObLIIA TPOJIEMOHCTPUPOBAHA CAMUMUI
dupmamu-paspaborunkamu. B ntone 2022 rona Nvidia nmpusesa jJaHHbIe, eMOH-
crpupyoinie 60jiee BHICOKYIO HPOU3BOIUTEIBHOCTD (U 9HEProadHEKTUBHOCTS )
A100-SXM-80G ornocuressao MI250 B cepBepax ¢ OJHUM U YeThIpbMst GPU
(camras MI250 kak oxun GPU) Ha KJIACCHYECKUX IIPHJIOKEHHSIX MOJIEKYJISPHOl
muaamuku AMBER, GROMACS, LAMMPS, NAMD u OpenMM [338], a

B aBrycre 2022 r. AMD npusejia npOTHBOIIOJIOXKHbBIE II0 [TPOU3BOIUTEIHHOCTI
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JIaHHBIE JJTst BeeX atux nputoxkenuii kpome GROMACS — Ho mokazaB BMECTO
JAHHBIX JIJISI 9TOM IPOrPaMMBbI IIPEUMYIIECTBO B IIPOU3BOUTEILHOCTH HA TeCTe
HPCG [339]. IToHsiTHO, 4TO TAaKOe COIOCTaBJIeHNEe TPeOYEeT JONOMHUTEIbHBIX
JAHHBIX 00 MCIIOJIB30BAHHBIX BEpPCHUAX HpuioKenuit u SDK dpupm, mpuMeHsB-
IMUXCA B pacdeTax MOJICKYJ/IAPHBIX CUCTEM U BUJAOB IIOTEHIIAJIOB, U TaK JdaJiee.
Huzke B ananusze npoussopurebaoctu MI250/MI250X upuBojsTes u JaHHbIe
u3 MyOIUKAIUil O IPOU3BOAUTEIFHOCTH B MOJIEKYJISIPHON JTUHAMIIKE.

To, aro mpomzBoguTepHOCTE MI250X BBICOKA, OYEBHIHO CJIE/LyeT U3 yCIe-
xoB GPU AMD B Top500, rie cynepkommbiorepsr Frontier u LUMI 3arumaror
IIEPBOE U TPEThE MeCTa C NMPOou3BoAuUTebHOCTBIO 1o HPL 1194,0 u 309,1
PFLOPS coorBercrBenno, a mo HPCG— 14,1 u 3,4 PFLOPS coorBercrBen-
HO [4]. JToCTaTOIHO MUPOKOE COMOCTABIEHNE TPOU3BOJUTENBHOCTH 8 PA3HBIX
IPUJIOXKEHNH U3 pasHbix objacreit HPC (B OCHOBHOM HE U3 YHCJIA MaCCOBO
ucnosibdyembix B mupe HPC) Ha Frontier u Summit nposezneno B [340], rue
TToKa3bIBas mpenmMytinectsa Frontier maercs m obrmast ctapToBast CpaBHUTEIHHAS
orenka npousBouTeabHoct MI250X u V100.

Ho nockosbky Takue ycrexu Ha CyIepKOMIBIOTEPAaX BO MHOI'OM CBSI3aHbBI
C BBICOKUM YPOBHEM MACIITAOMPOBAHUS C YUCJIOM Y3JIOB, IIPUBEIEM 3JIECh €Ile
TOJIKO OJIHY HWJLTIOCTPAIMIO, OCHOBAHHYIO Ha CPABHEHHUHU [TPOU3BOJUTEIHLHOCTH
y3soB ¢ A100 u ¢ MI250X — cynepkommbiorepa Perlmutter u kiacrepa Crusher
(kpaTKue JaHHbIe 00 ITUX BHIYUCIUTEILHBIX CUCTEMAX UMEIOTCs B Tabuuie 23).
Nx y3awt comepxkar o 4 GPU A100 u MI250X cooTBeTCTBEHHO.

B [341] uccieoBana Npou3BOAUTEILHOCTD KOJA PEHTTEHOBCKOI Tpac-
cupoBKH ¢ ucnosb3oanueM cpeiicts Kokkos (a Takke Bapuanta ¢ CUDA)
Ha pasHoM uwmcye y3j08 Perlmutter u Crusher (tam B KauecTBe 63K-9HJIOB
HIPUMEHSINCH COOTBETCTBeHHO CUDA u HIP). BOJBIIMHCTBO BBIMHUCIUTEIHHOTO
BpeMenu Ha GPU Tam 3aHuMaer paboTa IIPOrpaMMHOIO sijpa nanoBraggSpots;
ncnosbzosanne Kokkos 1o3sosmio g00UThCst HOBBIIIEHUST TPOU3BOAUTEIHHO-
cru nanoBraggSpots 6osee wem Ha 60% Ha ysen Crusher mo cpaBrenmro
¢ Perlmutter [341]. Tanuble pucyHKa 2 9TOH CTATHYU IMOKA3BIBAIOT, YTO
MIPOU3BOIUTEIHLHOCTh NanoBraggSpots mpu paBHOM |mCse y3/10B 0T 32 10
128 B pasbr 6osbine Ha Crusher, a npumenenune Kokkos jasio 3amerHo 60Jiee
BBICOKYIO ITPOM3BOJIUTEILHOCTD, 9eM O0bITHOEe mpuMeHenne CUDA.

Ho pasee Haio uMers B Buiy, Kakoe cornocrasienue GPU Nvidia u AMD
uHTEepecHO B nepByto odepenb. AMD MI250 u MI250X uMeroT 110 jiBa JIOrnIecKux
GPU (o 2 GCD), a A100—»3r10 omauu GPU. C T0oYKHU 3peHusi HPOrPAMMUDPOBAHHUST
MI250 wim MI250X —3ro jaBa GPU, u unTepecto comnocrasienue A100 ¢ onHum
GCD, uro uacTo (HO He BCErJa) W JeJaIoch B mybiuukanuax. I TyT ke Bcraer
Borpoc o croumocTtsix —eciu oun y A100 m MI250X conocraBuMbI, HHTEPECHO
cpasrenue ¢ nesbiv MI250X. Ho 31ech cpaBHEHHE CTOMMOCTHBIX ITOKa3aTe e
uim TCO He npoBoAUTCs (OHO HE TOJILKO 3aBUCAT OT MeCTa IPUOOpeTeHus U
npumeHeHnst GPU, HO U MEHSIETCSI CO BPEMEHEM ).
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Ba3OBbIe TeCThbI IIPOU3BOAUTEJIBHOCTU U IIPOU3BOAUTEJIBHOCTb Ma-
TemaTudeckux 6ubsmorek. Jlamnnbie Hanboee BasKHBIX OA30BBIX TECTOB
npousBouTeIbHOCTH it Y3708 Frontier m Crusher npusesens Ha caiire
Oxpukckoit HanmonabHoM jtaboparopun CIIIA, KoTopoil mpuHaIIesKaT
U 3TU CyTIepKOMIIBbIOTephl, 1 Summit [342]. HekoTopbie n3 3THX TaHHBIX
orrocstess u K UM y3nos (EPYC 7A53). st paborer ¢ MI250X (¢ ommnm GCD)
TaMm ucnojb3oBanbl ROCm 5.3.0.

B [342| nmeercst maGOpMAIUS 0 JOCTUTHYTHIX MPOIYCKHBIX CIIOCOOHOCTSIX
mamaTru MI250X, oomenos namabiMu Mexkay U u GPU, u mex iy GPU. Tam
I[IpeJICTaBJIeHbI JAHHBIE O IPOILYCKHOI CIIOCOOHOCTH BO BCEX ISITH KOMIIOHEHTAX
tecta BabelStream (kmaccudeckoro Bapuanra ¢ FP64) ¢ npuvenennem HIP u
OpenCL B 3aBUCUMOCTH OT Pa3MEPHOCTH OJJHOMEPHBIX MACCHBOB TECTA.

ITo naunbv [342], nocturayTast B BabelStream nporyckaast criocoGHOCTh
HBM cocrasasier 77-86% ot mmkosoit Beqmuamabl (s U ¢ ero DRAM
nocruraerca 82-90%). Haupbiciue BeJMIMHBI JOCTUIAIUCH 3/eCh 1P paboTe
copy (41yTh MenbIie— B mul) -komroHerTs BabelStream ¢ npumenenuem hipcc,
makcumyM okos10 1,38 TB/c. Ho B mekoropeix kommonentax BabelStream
npumenernne OpenCL maBajio 60jiee BBICOKYIO MPOIYCKHYIO CIOCODHOCTD, UeM
hipce, a ¢ Tectom ckassipHOrO Npon3seeHust BekTopos (dot) hipee (B ormmdune
or OpenCL) zasi aHOMAJIBLHO HU3KYIO IIPOILYCKHYIO CIIOCOOHOCTbD.

IIponyckuag cuocobuocTs namarun MI250X (oguoro GCD) B [324] uzyuaiach
Tak ke pu BeimoaHeHnr SpMV u3 6ubimoreku Ginkgo ¢ npuMeHeHreM pa3HbIX
dopMaTOB XpaHEHUST PA3PEKEHHBIX MATPHII.

IMpomyckuas crocobrocts MT-GPU (u3Mepsiiach IpoIycKHas ClIOCOGHOCTD
hipMemcpy) B [342] cocrasmra 25,6 I'B/c (71% ot nukosoit), a Mexay GPU—
B MPI-recre osu_bw n3 mukporecro OSU [343] (¢ ucnonszoBannem Cray
MPICH 8.1.23) —or 37.6 I'B/c (75.2% ot nnkoBoii) Ha oxHoM Kanase Infinity
Fabric mo 145.3 T'B/c (72.7% ot nukosoii) Ha deThipex KaHasiax Infinity
Fabric [342]. B [342] nociiequue uaMepeHust OTHOCATCS K OJIHOCTOPOHHEH
nepegade — a B Tabsuie 19 9Toro 0630pa MpUBOAUTCS MUKOBasA Beamamaa 100
I'B/c Ha opuH KaHAN JJIs JBYCTOPOHHUX Hepesad.

B [342] umerorcs Takske panuble o npoussogureabroctn MI250X na GEMM
(¢ ucnospzosanuem hipBLAS), Briouas 1 DGEMM. TIna GEMM ¢ FP16 tam
ucnonb3osad KoHkpeTHb Tecr CORALGEMM [344], npoussoguTeabHOCTD
KOTOPOT'O POCJIA BILUIOTH JI0 HAUBBICIIEH PA3MEPHOCTH MATPHUIL CBBIIIE 8 THICSY.
st FP32 u FP64, kpome aToro recra, B [342] npuMeHsICcs elre JIpyroi
KOHKDETHBII TecT gpu_xgemm [345] (cm. pucynok 22).

Bri6op TOro ui HHOrO KOHKPETHOTO TeCTa He JAeT 3/eCh MPUHINITHATLHBIX
U3MEHEHUiT TIPOU3BOANTEIHHOCTH — OHA B OCHOBHOM OIIPEJIEJISIETCS], €CTECTBEHHO,
Boibopom FP32 mwin FP64. Hukakux BbLIaomuxcs pesysibTaroB (Tuia
nocruzkerns 90% u Gosiee 0T IMKOBOro 3HadeHus ) npuMenenue hipBLAS 371ech He
naer. Ho mETEpECcHO, CBSI3aHBI JTU 3716Ch CKAYKYU HA KPUBBIX IIPOU3BOAUTEIHHOCTH
OT Pa3MEPHOCTU MATPHIL C «ONTUMAJIBHONY €e YeTHOCTHIO.
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Pucynok 22. IlpoussoguressHocts GEMM na omaoM GCD
MI250X (pucynok u3 [342])

B [342] upencrabiens! eme gaHEbBe Tecta mixbench, HO 5Tu pe3yIbTATHI,
Kak ¥ Beite B pasmese st A100, 3/ech He paccMaTpUBAIOTCS, TIOCKOJIBKY OHU
0oJiee MHTEPECHBI CKOpee sl 3a1ad VU.

B [333] upeacrasienst ganubie o npoussogureabuaoctu MI250 B recrax
HPL (c rocHPL 6.0.0), HPL-AI (¢ HPL-AI-1.0.0) u HPCG 3.0 ¢ 6asupoBanuem
Ha ROCm 5.2.0. Ha ogroMm GPU 1oCTUrHYTas IIPOM3BOANTEILHOCTD COCTABUIIA
40,45 TFLOPS (okoso 90% or nukoBoit BeKTOpHOI BeJu4uuHb), & Ha 4 GPU—
161,97 TFLOPS. Ormernm, uto B [333] pesysIbTaThl OTHOCATCS K TONHBIM GPU
¢ aByms GCD. Ha HPL-AI (momysns ¢ FP16/32/64) na 4 GPU npon3BOAUTEIBHOCTD
nocruria 930,44 TFLOPS. Ha HPCG 6b110 nostyaeno 488,8 GFLOPS ms
oxuoro GPU u 1927,7 TFLOPS na 4 GPU.

BroruncomrenbHasi Xumusi. Y YUTHIBasl, YTO AaKTUBHOE COIIOCTABJIEHUE
AMD wu Nvidia npoussourensroctn MI250X u A100 mponcxoguio BO MHOIOM
Ha 3aJadaX MOJIEKYJIsIPHON TMHAMIKY, H3JI0KEHIE 3/[eCh HAYHEM NMEHHO
€ 9TOi 00JIACTU BBIYUCIUTEHHON XUMUU. 371eCh CPa3y CJeayeT OTMETHUTh,
9TO JOCTUKEHNE BBICOKOW ITPOM3BOIUTEILHOCTHU IIPH [IEPEHOCE TPUIIOKEHUH
moJtekysisipaoit quaamuku ¢ GPU Nvidia #a GPU AMD sBiisiercst HenpocToit
zajadeii. [lepenoc Takux mporpaMMHBIX KoMILTeKcoB ¢ CUDA ma HIP paccMoTpeH
B [314] (xoTst TaM He pacCMATPHBAJINCH AHAJIU3UPYEMbIE B JAHHOM 0030pe
Mozenu GPU AMD).

AMD mtpuBOoIUT CBOM JaHHBIE O JOCTUTHYTON MPOU3BOJIUTETHHOCTH
npuIoKenus MojekyssapHoit gunamuku LAMMPS 2022 B mHeckosbKHX
U3BECTHBIX TECTAX ITOTO IPUJIOKEHUs, Hoydennbie Ha GPU MI250 u MI210, u
COIIOCTABIIIET 9TU JaHHble ¢ pe3ynabraramu na A100 [346]. Omun MI250
obrousier A100 o IPOU3BOAUTETHLHOCTH Ha BCEX TecTax (B TO BPEMs KaK
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MI210, conepxxkaruii oguu GCD, wamie orcraer or A100-PCle-80GB). AMD
[IPOJIEMOHCTPHUPOBAJIA TaKXKe XOPOoIee MaCIITabuPOBaHNE TIPOU3BOAUTEIHHOCTH
LAMMPS susiors 0 4 GPU Ha cepsepe [346].

B [254] uposeneno noapobaoe u riryGoKoe UCC/IeI0BaHNe, HAIIPABIEHHOE
Ha 1oBbIIIeHne pousoauTeabHocTu LAMMPS mocsie moprupoBaHust ero
¢ anmaparHbix cpegcrs GPU Nvidia (B crarbe ucnonnzosansl Summit ¢ V100 u
BorancimTesnbHas cucrema AFW HPC11 ¢ A100-40GB) ma GPU MI100 (B kiacrepe
Spock) u MI250X (B kiacrepe Crusher). B LAMMPS st nojiepskanust paboTst
C Pa3HBIMU AIMAPATHBIMU CPEJICTBAME HCHOIb3yeTcs oubanoreka Kokkos.
Juist onTuMu3aIMK IPOM3BOAUTEILHOCTH (OHA M3ydasach JJis HOPMAJIbHOrO
dopmara FP64) LAMMPS na GPU Nvidia 1 AMD npumeHsiiiucs Mojen
JIMHUY KPBIII JIJIsT KaXKI0r0 TPOrPAMMHOIO $JIpa, & B OINEHKAX JIOCTUraeMO
[IPOM3BOAUTEIHHOCTH OBLIO 33/1efICTBOBAHO 6 PA3HBIX TOTEHIMAJIOB U PACIETHI
JKUJIKAX, METAJIMYECKAX, IPAHYJINPOBAHHBIX, OUOJOIMYECKUX U HOJTUMEPHDBIX
CHCTEM Pa3MepoM JI0 55 MUJIJIMOHOB aTOMOB.

Mongepxka paborsr LAMMPS na GPU ¢ OpueHTHPOBAHHBIM Ha JaJIbHOJIEl-
cTByMoOIIee B3anMozelicreue norennuanom PPPM Geuia peanmsosana B [254]
¢ ucnoab3oBanueM BII®, st yero Ha GPU AMD wucniosib3oBanbl cpejicTBa
rocFFT. IIpu pabore ¢ norennmanom ReaxFF ma mosekynsaproit cucreme ¢ 256
TBHICSIIAME aTOMOB ObLI0 JlocTurayTo 0KoI0 20% (5,6 TFLOPS) or nukosoii
npousBoauresbHocTr FP64 ommoro GCD B Crusher.

B [254], mecmoTpst Ha GONBINOH TPOIETAHHBIH 06HEM TIATENTBHOTO U
IIIMPOKOT'O MCCJIEIOBAHNS, YKA3aHO Ha [OJIy YeHHBIE OIIEHKHU IIPOU3BOIUTEIbHOCTI
KaK Ha IPEJIBAPUTEIbHBIE, 9TO CBI3aHO, BEPOSATHO, C OTMEUYEHHBIMU B 3TOMN
crarbe akTUBHBIMU paspaborkamu ROCm (B pabore ucosbzoBaiucs ROCm
v4.5.0).

B [254] ykasaHo Ha pa3iudHOE TOBEJIEHHE JJOCTUIAEMON PON3BOIANTEHHO-
ctu npu u3meHennn mapamerpos Kokkos st GPU AMD u Nvidia. 910 MoxHO
CUNTATH WJIIIOCTPAIAEN CJI0KHOCTH MIEPEHOCA IIPOIPAMMHOIO ODEeCIIeYeH s
¢ omHoro tuma GPU Ha Apyroit ¢ coxpaneHueM 3(M@PEKTUBHON ONTHMUA3AIIAI
KOJIA.

B [262] ananusupyeTcst IPOU3BOAUTENBHOCTD ISl KBAHTOBOTO MOTEHIHATA
SNAP (B wactu EXAALT-npoekra ECP), UCIIO/IB3yeMOr0 3aTeM B PAMKAX
paborer ¢ LAMMPS. Xots 6osibinie nagGOpManum O MpOU3BOJIUTETHLHOCTH 3/1EChH
6bL10 1osty4deno st MI100, koroporo MI250X, KOHUYEHO, CUJILHO OIIEPeKall,
onmu GCD MI250X B camoMm magaste 2021 rozia B 9TOM pacdeTe CyIIeCTBEHHO
orcrasaJt gaxke ot V100, a or A100— ropa3zmo GosibIiie. 9T0 ObLIO CBA3AHO
¢ mexsarkoit 1iist SNAP emkocTn ksma L1 8 CU MI250X —8 V100 u 8 A100
quist SNAP ucnonbzoBasiack emkocts B 96 KB na 1 SM, B 6 pa3 6Gosbine, dem
B MI100 u MI200 na 1 CU (cm. tabaumpr 20 u 21).
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Pabora maa onrumuzanueit nporpaMmubix sjep SNAP mpoomkaooT-
cs1 [262], HO XOTst 3TO GBIIN CKOPEE MPeIBAPUTEHHBIE PE3YIIBTATHI, TATbHEATHi
[IPOrpece MpeIioIaraeTcs B IepByIo OYepelb B YACTH UCIOJIb30BAHUS 3/1€Ch
cpeacrs Kokkos. B [262] ykaszano, uro yacrora nonaganus B Ko L1 y SNAP
cocrasiisier (Jy1si caMoro 6oJbIoro nporpammuoro sipa SNAP) 66% s
MI1250X nporus 90% myia V100.

B [347] AMD nposeMOHCTPUPOBAJIA XOPOIIYI0 MACIITAGUPYEMOCTh
NAMD — upuioxKeHusi MOJIEKYJISPHON JUHAMMKN Ha U3BECTHBIX TECTax
mpouzsoaureibaoctd APOA1 u STMV NVE npu ucnoss3osanun g0 8 MI250.

Beire B camom Hawaste pazmena 5.3.2.2 66110 yKa3aHO 006 OTCYTCTBUU IIPEIO-
crapyieHHBIX B 2022 rony manubix AMD o npoussomnrensnoctu GROMACS
ua MI250/MI250X, 410 6BLIO CBA3AHO C BPEMEHHBIMU IIPOOJIEMAME [IOPTHPOBa~
uust kojga GROMACS, u 66110 GBICTPO UCIPABJIEHO.

B [333] nmerorcs ganuble o upounsBoauTensroctn MI250 na nanGostee
M3BECTHBIX MPUJIOXKEHUAX MojieKynsapuoii quaamukua AMBER, GROMACS,
LAMMPS u NAMD. Ilpusenem psiyg npumepos. g GROMACS B usBecTHOM
recre STMV (Satellite Tobacco Mosaic Virus) ma ognom MI250X mosygena
[IPOU3BOAUTENBHOCTD 34,2 HC/neHb, a Ha 4 MI250X — 89,26 uc/nennb. s
NAMD 3.0 B uzsectanom Tecre STMV NVE na ognom MI250X mosrydena
npousBoauTebHOCTh 19,87 He/nenb, a na 4 MI250X — 77,132 uc/nenb.

B Bepcun GROMACS 2023.1 B kagecrBe 03K-3u1a 119 MI200 mpu-
mensiercst SYCL, uTo mokasaJjo Xopolee MaciTabupoBaHne JTOCTUTAEMOI
pousBouTesbHOCTA B TecTe STMV npu ucnosbzoBanuu g0 8 MI250X.
O6uapy:keHo, 9ro mnoka He Bce Bodmokaoctu CDNA 2, koropsie moryTt
JlaBaTh cymiecTBeHHbIi poct npoussoguTenbaoctt GROMACS, ucnons3yiores
koMmrmasitopom AMD [348].

s AMBER22 31ech npejicraBieHbl JaHHbLIE O IPOU3BOSUTE/ILHOCTH
na 8 usectHbiX Tectax AMBER. Tak, #a Tecre Cellulose Production NPT
4fs 6puIa 10Ty YeHa IPOU3BOAUTEILHOCTD 227,2 He/nerb. Mbl conocraBuiu
nanuble [333] ¢ pesyabraramu, gocrynubivu B [349], u o6bequHuIM STH
JaHHbIe B Tabaume 24.

Tabuua 24. Ipoussomurensrocts (He/mern) AMBER22 Ha pas-

HBIX GPU
T IIpousBonuresnbuocts | [IpoussomurensrocTs | IIponsBoguresnbHOCT
eer A100-PCle? MI2502 H100-PCle!
JAC Production
NVE 45 1199,22 1871 1479,32
JAC Production
NPT 4t 1194,5 1794 1424,90
STMV
Pfroduction NPT 52,02 80,65 70,15
Afs

! nannbie [349] (nammeie ma 21.03.2023). Ucnomszosansr Amber 22 Update 1; AmberTools
22 Update 1; Nvidia CUDA 11.4
2 nammpie [333] ¢ ROCm 5.2.0, Amber container 22.amd_ 100
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HO 3/1eCb HeO6XOJII/Il\’IO OPpUBECTU BaKHble YTOYHEHUA O COIIOCTaBJICHUN
JAHHBIX O IPOU3BOIUTE/IFHOCTH PA3JIMYHBIX ITPUIOKEHUI MOJIEKYISTPHON
auHAMUKA Ha pa3ianaabix GPU. [IpuBoanmMblie 1aHHbIe O pacdere KaCAIOTCs
B IIEPBYIO OYEPE]lb PACCUNTHIBAEMON MOJIEKYJISIPHON CUCTEMBI (T/1e BaxKHO ofIIee
YHCJI0 ATOMOB), 9TO OUPEIEIAETCS CAMUM Ha3BaHUEM TecTa. VCIoib3yeMblit
IOTEHIHAJ B TecTe Takxke pukcuposan. Ho Bpemst pacdyera 3aBUCHT eIrie U OT
mara 1o BpeMeHH (4acro m3Mmepsiercs B dbeMToceKyHaax, fs B Tabuuue 24), u
paauyca orcedkn B3auMojeiicTBuii. [loaromy mHOTIA IPUBOAUMBIE JTAHHBIE
0 IOCTUTHYTO! ITPOU3BOIUTEIHHOCTU MOTJIA OKA3aThCs HE COMOCTABAMBIMU.
ITo kpaiiueit Mepe BpeMeHa IIara B UCTOYHUKAX JAHHBIX TAOIUIB 24 COBIIA/IAIOT.

Ho na10 Tak»Ke nMeTh B BUJLY, 9TO B 3TOi Tabsuie nanabe u3 [349)])
HOJIyYeHBl ¢ JaJIeKo He HOBOi Bepcueit CUDA; cama AMD conocrasisiia B [333]
¢ CUDA 11.6, crapast Bepcusi CUDA BO3MOXKHO HEIOCTATOYHO D PEKTUBHA 11
H100— B muTupyembIx B 9TOM 0030pe myOauKaIusx npumensiach u CUDA 12.2.
W Bce-Taku 3T JaHHBIE, KAK U [IPUBEJIEHHBIE BBIIIIE B JJAHHOM 0030D€, TOBOPST
o ToMm, uro MI250 mmeeT peasbHYI0O KOHKYPEHIUIO IO TPOU3BOIUTEIHHOCTH
B MoOJIeKy/IsIpHO#t muHamuke ¢ A100 (u moxer Geith ¢ H100), BO3MOXKHO, 1
orepexKasi 0 MPOU3BOIUTETLHOCTH, 8 3aBUCAMOCTD OT BEPCHUil UCIOJIb3YEeMBbIX
SDK oueBuHA.

Eue ogna crarbs, [350], B KOTOPOil UCC/I€0BAHA IPOU3BOIUTEIHHOCTD
MI250, HaXOZUTCsI «HA CTBIKE» MOJIEKYJISIpDHOH quHamukn u WA. B [350]
¢ npumerernem GPU V100, A100 u MI250 npoBeieHO JTOBOJBHO BOJIBIIOE
KOJTMIECTBO BBIYMC/IEHUH ¢ MCIOIb30BaHueM nakera mporpamM DeePMD-kit
JJ1l MOICJINPOBaHN A NIOJIeKyJ'[E{pHOﬁ ILI/IH&I\II/IKOfI C IIpUMEHEHUuEM ITOTEeHIINaJIOB
MAIIMHHOTO 00ydeHus (BMECTO MpUMeHeHus Jjijist 9Toro meroga QM /MM).
DeepMD-kit nmo3Bosisier nHTErprpOBaTH ST MOTEHITUAJBI C IPUIOKEHUSIMEI
LAMMPS, Amber, OpenMM u GROMACS. Hamu Ha ocHOBaHUU TaOJIUIILI
IV u3 [350] nposeieHbl BBIYKCIIEHNs] yCKOpeHnit pacdaeros Ha A100-80GB
o cpasaenuio ¢ omauM GCD MI250. s pacdeToB MOJIEKyISPHON IMHAMUAKON
nmo LAMMPS aa FP64 ouu cocrasmim ot 6% 10 2,5 pas. Orcyrcreue
B [350] geraseit 06 NCIIOIH30BAHHBIX BEPCUSX IIPOIPAMMHOIO 00€CIIEUeHN s
(manpumep, o neperecennoit Ha GPU AMD sepcun LAMMPS, ucnosbzoBannoii
TS PACIETOB MOJIEKYJISIDHON JIMHAMUKO#) MO3BOJISIET OTHECTH STU BEJUINHBI
CKOpee K IPE/IBAPUTENIHLHBIM OIEHKaM, HO BCEe-TaKH JIAIONIIM OIIPEICJICHHYIO
nadopMaImio o npoudBoauTesbaocT MI1250.

Pa6ory [351] Tak:ke MOXKHO OTYACTH (B OIIPEEIEHHOM MaTeMaTHIeCKOM
CMBICJIE) CYUTATh UMEIOIIeil HHTepeC U JIs 33129 MOJIEKYJISIPDHOI JIMHAMU-
KW — 3JIeCh )Tl BBIYUCJIEHNS €BKJINI0BA MUHNMAJIBHOIO OCTOBHOIO JIepeBa
10 YCOBEPIIEHCTBOBAHHOMY ABTOPAMU aJIrOPUTMY uciosb3oBanbl A100 (¢
NVCC 11.5) m MI250X (1 GCD, ¢ ROCm 4.5) u npoBesieHbl pacueTsl mo 12
pa3HbIM HabopaM JIaHHBIX. 110 TOJIyYeHHBIM JaHHBIM O MIPOU3BOIUTEIBHOCTH
na pucynke 6 u3 [351] mbl paccunranu orHOocuTeNbHOE ycKoperue A100
1o cpaBHeHuto ¢ 1 GCD, oHO JiexKUT B Jimana3one 1,5-1,7.
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Boobirie ckiiabBaeTcsi BlieYaT/IeHne, 4TO CTabU/IbHbIE HAJIEXKHBIE JIAHHBIE
0 corocTaBjaennn npoussoauresbHocTr MI200 ¢ GPU Nvidia B 3amauax
MOJIEKYJISIDHOM JMHAMUKH [IOKa CKOPEe OTCYTCTBYIOT (B CMBICJIE TOTO, 9TO
HOSBJISIIOTCS. BCE HOBBIE YJLyYIIIEHHbIE TIOKA3ATEIH).

B [352] ucciieioBaHbl JaHHBIE TIO JIOCTUTAEMON TPOM3BOIUTEIBHOCTH
B pamkax npoekta NWChemEX B ECP ¢ ucnosibzoBarrem MI250X u A100
B y3sax cynepkomibiorepos Crusher u Polaris coorBercrsento (cm. Tabuiy 23).
NWChemEX opuentupoBan B TOM YHCJE Ha PACYEThl BHICOKOTOUYHBIM
kBanTroBoxuMudeckuMm MetogomM CCSD(T), B KOTOpOM OCHOBHOE BpeMs:
pacdera yXoJuT Ha siBJstOILyocs Bo3mylnenueM K CCSD mornpasky 3a
cuer Tpoitabix Bosby:Kaenuit (T), Tpebytomyto O(n”) Beramcienuii, rye
n-pa3mMepHOCTh Oasuca. [IporpaMMHOe sIpo it pacdyera ITOM MOMpPaBKU OBLIO
peaIn30BaHO B pa3HBbIX BapuaHTax ¢ npuMeHeHnueMm HIP, CUDA u DPC++; nja
9TOr0 UCIOJIb30BAIUCH KOMIWIATOPHI clang-16, gee-10.3.0 u CUDA-11.4.4/ROCm-
5.1.0 (mst Polaris/Crusher cooTBeTCTBEHHO), a /I pacnapaIeIuBaHNAs
MeXKJIy y3jamu ucrnosb3oBaan Cray-mpich 8.1.16.

B rabsune 25 npuBeieHbI 0y 9€HHbIE BpEMEHA PACcdeTa [MOnpaBku 1 1jisd
MOJIEKyJIsIpHOTO (bparMenTa youkeutuHa (310 manabe Tabaunst 111 B [352])
Ha onHOM GPU. U3 sTux naHHbIX cienyet, 4ro onauH GCD B MI250X cumran uyrh
onicrpee, vem A100-40GB (kak va HIP nporus CUDA, Tak u ¢ HpUMEHEHUEM
SYCL), a ma aByx GCD npoussogurenbaocts MI250X Bospacrana B 1,9 pasa.
IIpu sToMm mocturaemast ¢ mpumenerreM DPC++ IpOM3BOAUTEIBHOCTD OKA3AIaCh
JOBOJIbHO OJIM3KA K MOJIyI€HHON npu ucroab3oBannu CUDA mym HIP.

Onnako B [352] ma A100 6bu10 Takzke Haiigeno, uro B SY CL-peanuzanun
IIPOrPaMMHOE sIPO s pacdera 1’ MpeabsaBiseT 0O9€Hb BHICOKHAE TPEOOBAHUS
K Komam L1 u L2, u cremepupoBanabiit PTX moka3aj 60JIbIoe KOJTUIECTBO
3arpy30K U COXpaHeHUil B JIOKaJbHYIO (YacTHyio B Tepmunax SYCL) ma-
MaTh. JlobaBenue ofHOTO KJII0va clang /a0 pocT TpOU3BOUTEIHLHOCTH
B 2,5 paza. [Ipumenenue mpyroit #pragma JupeKTuBbl clang yBeJIndunio
npousBoauTeabHOCTE eme Ha 20%. Ho B aToM PTX-KOmIe HE HCIOJIb30BAJIICH
FMA oneparnun «yMHOXKHUTb-U-CJIOKATE», & MOCJE JTOOABIEHUS IPYIOro KJI0UYa
clang nomosHUTENBbHOE YITydIIEHNEe IPOU3BOIUTEIHHOCTH OBIIO €IIe IIPUMEPHO
Ha 20% [352|. Pesynbrarel B Tabimie 25 ONTUMU3AIUIO BKIIOYAIOT.

Tabiuua 25. Bpems pacdera monpasku T (B cekyHIax)

ma GPU [352]
GPU Moienb mporpaMMUpPOBaHUS
SYCL | CUDA HIP
MI250X (1 GCD) | 17,41 — 15,56
MI250X (2 GCD) 8,97 — 8,12
A100 18,23 | 16,14 —

Kpowme toro, B [352] npomeMoHCTpEpOBaHa MACIITabUPyeMOCThb BIUIOTH JI0
6outbIioro umcya y30B B Crusher u Polaris, koTopast CHIIbHO 3aBUCUT OT
WCIIOJIb30BAHHBIX THIIOB Oa3uca.
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B [353] ¢ npumeHeHueM erie «[IUJIOTHONO» COCTOSIHUS CYIEPKOMIIBIOTEPA
LUMI-G (noaxuacrep LUMI ¢ GPU MI250X B y3/1aX) OPOBEJIEHBI PACUETHI
C UCIIOJIb30BAHUEM M3BECTHOTO KBaHTOBOXMMHUYECKOro npuioxkenuss CP2K
C yCOBEPIIIEHCTBOBAHHBIMI aBTOPAMU METOJIUKAMH JJIs OOMEHHOI JacTH MeToja
Xaprpu-Poka u KOPPEJISIUOHHBIX METOJOB € MEPUOIUIECKAMU TPAHUIHBIMUA
YCJIOBHSIMH, HO C IPUMEHEHIEM I'ayCCOBCKOIO 0a3mca, JIAIONIEro BO3MOXKHOCTE
[IOJTH30BATHCs HOOJIOYHOM PAa3PeKEHHOCTDIO. Bhlila MosTydeHa Xoporas MacITa-
OUPYEeMOCTb ITPOU3BOAUTETLHOCTH U 3(PD(DEKTUBHOCTDH PACTIAPAJLICTINBAHIS
BILIOTH J10 32 y3s08 LUMI-G.

Pemerounas ksanrosas xpomoguHamuka (LQCD). B [354] nccrenosana
MIPOM3BOIUTENBHOCTD JocTyiHoro Ha GitHub npunoxenunss SIMULATeQCD
JJTs KBAHTOBOIT XPOMOJIMHAMUKY TIPUA padOTe Ha OJIHOM WJIM HECKOJIBKUX
y3aax (multi-GPU cepsepax) kjacrepHbIX cucTeM, B ToM 4ucie Perlmutter
u Frontier (cm. Tabnumy 25). Xorst 1aHHbIE O IPOU3BOJAUTENHLHOCTH IIPU
pabore ¢ MI250X 31ech, KaK 1 BO MHOTUX JIPYTUX IIyOJIUKAIUIX, OTHECEHBI
K pa3psay IpeaBapUTeIbHbIX, IIPEJICTABIISIET NHTEPEC POBEJIEHHOE 3/1eCh
conocrasiienue ¢ npousBoguTesbHocThio A100-40GB (x0T noHATHO, 9TO
[IpU UCIOJIb30BaHnu 60jiee coBpeMeHHBIX Bepcuiit ROCm u JomoHuTe IbHOM
ONITUMUBAIMK TPOTPAMMHOTO KOJIa JIOCTUTaeMasl ITPOU3BOJIUTEIHBHOCTh MOYKET
CYIIECTBEHHO IIOBBICUTHCs B OJIMzKAIIne BPDEMEHA).

B kauecrse 69k-3818 B SIMULATeQCD npumeHsitoTcsi IporpaMMHbIE
Kozbl ¢ CUDA nyn HIP. B [354| upusenensl JaHHbIE O [POU3BOAUTEIILHOCTI
ripu ucnojb3oBarun 10 256 A100 u GCD; MbI OrPAHUYMMCS 3/€CHh JAHHBIMEI
TeCTOB mpou3BoauTeabHOCTH onepaTopa Jdupaka HISQ ¢ macmrrabupoBanuem
B IIpeJiesiax OJHOrO y3ia (cM. Tabuuiy 26).

Tapmuya 26. CusnbHas u ciabast MACIITAOUPYEMOCTD TTPOU3BO-

nuresnsaoctu (B TFLOPS) oneparopa Jupaka HISQ B y3sax
Perlmutter u Frontier

Yuciio GPU IIpousBogurensuocts | IlpousBoauressbHOCTH
GPU B y3ie (amcio GCD (cnnbHas (cnabas
s MI250X) | macmTabupyemMocTs) | MacmTabupyeMOoCTh)
1 — 1,35746
A100-40GB 4 5,06892 4,53759
1 — 0,92974
2 1,63049 1,51439
Mi250X 4 3:00675 2,89454
8 4,69513 5,07654

JIj1st CHIIBHOTO MAacCIITaGUpPOBAHMS MCIOIb30BAIACh II06aIbHAs pereTka 964, ms
€J1a60ro MacIITabHpOBaHK — JOKaabHas perrerka 324, Jlanmere 3T0M TAGIUIIBI
B3ATHI U3 [354].

Xots pe3yabTarsl jyig MI250X u ObLTu yKa3aHbI KaK MIpeIBAPUTEIbHbBIE,
JOCTUTHYTasl MPOU3BOIUTEIFHOCTD OKA3aJIACh HIKE OXKUJIAEMOM aBTOpaMu
Ha ocuoBanun crenudukamuit MI250X. Boobire 31ech B KatdecTBe mepBOro
MIPUOJIMYKEHNUST MOXKHO CKa3aTh, 9TO OfuH GCD 110 IPOU3BOIUTEIbHOCTH
HecKoabKo orctaeT or A100, a momusit MI250X (2 GCD) ero HECKOJIBKO
oTIeperKaerT.
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B [355] cpaBHeHa IPOU3BOAUTEILHOCTD HA y3JIaX CYINEPKOMIIBIOTEPOB
Big Red 200 (o 4 A100-40GB na y3exn) u Crusher (o 4 MI250X Ha y3en)
¢ npuMeHenueM u3BecTHO nmporpammbl QUDA jis perreTounoit KBAHTOBOM
XpoMoauHaMUKH. 3-3a MI0X0ro MacmTabupoBaHMs ¢ IHCJIOM Y3JIOB B 000UX
crcTeMax yKakeM TOJIBKO Ha JIAHHBIE O IPOU3BOIUTETHHOCTU I OJTHOTO
y3aa—yzes ¢ MI250X (¢ Bocembio GCD) 6bL1 Ha 16% 6bicTpee y3ma ¢ A100.
Ipenmyrectso MI250X B [355] 661710 00BIICHEHO CBSI3aHHON € MAMSITHIO
mpomssogurebrocThio QUDA mpu nBykpartHom omnepexkernnu MI250X 1o mpo-
[IyCKHOIi CIIOCOGHOCTH IIAMSTH 10 CPABHEHUIO ¢ 3T0il Mozenbio A100 (cm.
rabsniy 21).

BoraucaurenbHas aspo- u rugapoanHavuka (CFD). AHaju3 JTaHHBIX
o npousBogureabaoct MI250X u MI250 8 CFD-nipuioykeHusix HaIHEM
¢ nauubix AMD [333] o npousBogurensraocru MI250 B crangapraom Tecte HPC
Motorbike myist CEFD-npunoxenus OpenF0AM (662,3 ¢ na ognom MI250 u
209,84 ¢c—Ha UeThIpeX).

B [356] 17151 IMCIAEHHOTO MOJIEIUPOBAHUSI PEATIBHBIX YCTPOHCTB CrOPAHMUST
WCIIOJIb30BaH CIlennabHbit pemarens PeleLMeX, nmpousBoanTe1bHOCTD
koToporo uccienoana Ha Crusher ¢ MI250X u Summit ¢ V100. IIpu
HEOOJIBIIIOM YHC/Ie UCoab3yeMbix GPU MI250X naiimen B moJsiropa pasa 6osee
BBICOKOITPOU3BOINTEIbHBIM, deM V100.

B [357] Gbuiu mpoBejieHbl pacueTsl B 061aCTH JUHAMAKYA MHOTOYACTHYHBIX
CTOJIKHOBEHUH ISl OIMCAHUA I'MAPOANHAMUYCCKUX B3aUMOIEHCTBUN Ha OCHOBE
JacTull, ¢ ucrnoyib3oBanuem 6udmorekn Cabana 1.0-dev na ocnoe Kokkos
3.5.00, ¢ mpumenernem A100 u MI1250. Conocrasnenune multi-GPU cepsepos,
conepxkamux 4 A100 wiu 4 MI250 noka3aJio, 9TO IMpU MEHBIIUX pa3Mepax
paccuuThiBaemoii cuctembl MI250 GuicTpee Ha 7%, a Ha GoJsibllleM pasMepe
A100 6prcTpee ma 19% (0 mannbiv U3 pucynka 3 B [357]). D10 nosBosser
FOBOPUTH O COLOCTABUMOCTH IIPOU3BOJUTENHLHOCTH OJHOIO (¢ aByMs GCD)
MI250 u omroro A100.

Ouenb MHTEpECHAS] U AKTYaJbHAS CTAThs C COMOCTABUTEIHHBIMU JTAHHBIMU
o npoussogurensroctn MI250X, MI100, A100 u V100 [325] orHocuTcs
pemennio ypasaenuit Hasbe-CTokca JJIst C2KHMAeMOro MOTOKa, € MCIOJIb30Ba-
HHEeM KOHEYHO-DA3HOCTHOM JMCKPETU3AINY — J[JIsi TYPOYJIEHTHBIX TEYeHHIT,
OrPAHUYEHHBIX CTEHKaMU. TaMm ObLIa PACCMOTPEHA peajn3allus IePeHOCHMOro
ma I x86-64, GPU AMD u Nvidia npunoxxeruns STREAmMS-2, paspaborannoro
Ha OCHOBe 6a3UPOBABIIEroCs Ha 0OBEKTHO-OPHEHTHPOBAHHOM (C IPHMEHEHUEM
Fortran 2008) npuioxkernun STREAmS-1.

s pabdorst ¢ GPU or Nvidia B [325] ucnosnb3yiorcs cpeiacrsa CUDA
Fortran (HPC SDK 22.11), a ¢ GPU or AMD — HIPFORT (ROCm 4.5.2
ua MI100 1 ROCm 5.0.2 na MI250X). Iyisa nopruposanusa koga STREAmMS
u3 CUDA Fortran 8 HIPFORT B [325] Gbuin co3manbl cOGCTBEHHBIE CPEICTBA
Pyconvert STREAmS, nockossky GPUFORT, no onenkam asropos [325],
HAXOIMJICsI CKOPee Ha eIle MCCJIeI0BaTeIbCKOM cTamanu paspabdborku. Ho
JUIst onrTuMu3anuu nosydernsrii B PyconvertSTREAmMS koj Takke Moxker
TpebOBaTH TOC/IEAYIONIEH PYyIHONH JTOPADOTKH.
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Pacuers! ¢ anasm3oM MacHITabUpOBaHUS IIPOM3BOAUTENIBHOCTU HA HECKOJIb-
KIX y371ax ObLIM TIpoBejieHsl B [325] B knacrepax EuroHPC JU™: mis MI250X —
Ha LUMI, nias A100—ma Leonardo (cm. Tabuuiy 23).

IIpu cpaBrenun pacderos Ha ogaoM GPU B MI250X mcmombp3oBasics ogua
GCD; 1aHHBIE O COOTBETCTBYIOIIUX BPEMEHAX BBIYUCJICHUA 110 JBYM Pa3JIMYHbLIM
pacuernbiM cxemam B STREAmS-2 npuseienst Boimie na pucynke 20. Pazmepst
UCIIOJIb30BAHHOM B pacyerax CeTKH ObLIM BBIODAHHBIMU MaKCHUMAJIbHBIME JIJIsI
BO3MOZKHOT'O pasMelrenns B eMkocTr namsaru V100 [325].

Hammbie pucyaka 20 yKa3bIBAIOT Ha OJU30CTH JOCTUTHYTON TPOU3BOIM-
tespHoCcTH Y ofHOoro GCD MI250X u V100; MI100 6611 cyIecTBeHHO MeJIeHHee
V100, a A100— cymecrBento 6bictpee omuoro GCD. Kak ormeueno B [325],
9TO HE COOTBETCTBYET COOTHOINEHUSIM IIMKOBOI IIPOU3BOAUTEBLHOCTH (C
FP64) sTux GPU, u TaM 6bLI IpoBejieH 6oJjiee TIIATeIbHBI AHAJIN3 BPpeMeH
BBINIOJTHEHUST OTJE/IbHBIX IIPOTPAMMHBIX sJIep, KOTOPBIN ITOKa3a/l aHAJIOTUIHBIE
PEe3yJIbTATHI TI0 TPOTPAMMHBIM sIJIpaM C OTHO3HAYIHBIM jujepcTBoM A100
[0 IPOU3BOAUTENbHOCTH. B [325] npuBeieHbl U npuMepbl HEOKUIAHHOIO
YBEJIMYEHNs] JOCTUTABIIENCS TPOU3BOAUTEIBHOCTH GCD 1mpu HEeGOIbITUX
U3MEHEHUSX B IPOTPAMMHBIX fA/IPaX.

IIpoBeaennniii B [325] anajius ¢ NpUMEHEHUEM MOJEJIN JIMHAU KPBIIITHT
(¢ yaerom TobKO HBM) 0GHApPY KM, 9TO pacderbl Ha GCD B COOTBETCTBUM
¢ oxkumaausaMu 11t CFD ObLIu BCera CBA3aHbl HaMaThio, a Ha A100 gacTo
OKa3bIBAJIUCh B BBIUMC/IUTEIBHO MHTEHCUBHOM 00j1acT. Bhijio HaliieHo, 4To
repeMelnenne JaHHbX 1 GCD 3HaunTeIbHO Bhiie, YeM i A100, saaunt
A100 uzBsieKaeT U3 PErucTPOB U K3mupyer 4aie, uem GCD. Kpome Toro,
B [325] ykasaHo Ha GOJIBIIOE UCIOIB30BAHUE PETUCTPOB B MPUMEHSIBIIEHCST
B3BEIIEHHOM CYIIECTBEHHO HeOoCHuupyomei pacuaernoii cxembl (WENO).

K BblmeonncanabM JaHHBIM [325] 11e51€c006pa3Ho J0GABUTH JOIOITHATE b
Hble KOMMEHTapuu. UTO KAcaeTcs NAHHBIX O 00Jiee BBICOKOW IIPOU3BOIUTEIHHO-
cru V100 orrocuresao MI100, 9T0 BBINISIUT CKOpee eCTeCTBeHHbIM (06
9TOM yKa3bIBAJIOCH BBIIIE B pasfese o npoussoguTeabroctn MI100). Tem He
MmeHee, V100 GeiBaeT B AByX Mojensx [185]—c namsareio emroctbio 16 I'B u
(nostBuBmasicst mozanee) ¢ 32 I'B, a ucnonbsyemast B [325] momens V100
¢ 16 I'B upu pabore ¢ Gosbimum pasmepoM cerku (HO nomemntaomumcs B 32 I'B
MI100) 6ymeT mpocTo HEPUEMJIEMO.

Yo xacaercsas MI250X, To, BO-TIEPBBIX, IIPEITOJI0XKEHNE O BO3MOXKHO
6oJsiee crabOM KIMIUPOBAHUK COOTBETCTBYET OTMEUYEHHBIM BBIIIE HEIOCTATKAM
xom-namaru MI250X o cpasaenuto ¢ A100 (cm. Takzxke Tabauier 20 u 21).
Bo-Bropsbix, B [142| ykasbiBaercsa Ha HelocTaToOK Komimiaropa AMD (B
ROCm v4.5.2) 1o cpaprennto ¢ komnuisitopom Nvidia (8 CUDA v11.0.3 ): CUDA
HUCHOIb3YeT 3HAYUTEIHHO MEHBIIIE PETUCTPOB HA BapIl, YeM KOMIIUJISITOD
AMD, u obecrieunBaer ropas o 6oJiee BHICOKYIO 3arpy3Ky BaproB Ha SM, 4ro
criocobeTByeT 6osiee BhICOKO# mpousBoauTenbHocTu GPU Nvidia.


https://eurohpc-ju.europa.eu/
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B-rperbux, akTyaJabHO U COMOCTABJICHUE TPOU3BOIUTETLHOCTU TIOJTHOIO
MI250X (y maBepusika GoJiee germeBoro MI250 npon3BoguTeIbHOCTD HOJKHA
6bITh Osm3ka) ¢ A100, koropoe B [325] He npoBoawiocs. Eciu ciaenars
€CTeCTBEHHOE TIPeJIToJIozKeHne o xoporrieir macimrabupyemoctn STREAmMS-2
B pamkax 1eoro MI250X, To momeus Bpems pacuera ¢ MI250X na pucynke 20
Ha JBa B KAaYeCTBE HAYAJHLHOIO MPUOIUZKEHUS, OYYT MOJYIaThCd YIKe
comoctaBumbie ¢ A100 Bpemena pacdera. Kpome Toro, HaJI0 ©UMETh B BUILY U
OTCYTCTBHE JIOCTATOYHON MHPOpPMAIU 00 yPOBHE JIOCTUTAE€MOIl ONTUMUBAIIN
mpu pabore ¢ HIPORT. Bee 910 HUKaK HE MPOTUBOPEYUT (PAKTY JOCTHIKEHUS
B STREAmMS-2 6ojiee BBICOKOTO TPOIEHTA OT MUKOBON IIPOM3BOINTEIHLHOCTH
A100 mo cpasuenuio ¢ GCD.

B [325] nosydens! TakxKe JaHHbIe, TOKA3BIBAIOIIE BBHICOKYI MACIITAGHDY-
emoctb npoussogurebaocT STREAMS-2— nanpumep, sacdbdekruBrocTs 60JIee
80% npu ncnonbzopanuu 10 16 yzios Leonardo u 1o 32 ysnos LUMI, u
XOPOIIe Pe3yabTAThI U Ha GOJIbIeM Jucye y3JoB, gatomnme STREAmS-2
BBICOKHIl TOTEHITUAJT JIJIsI IIPUJIOXKEHNH JTUHAMIKHI C)KUMAEMbBIX KHUIKOCTEN.

B naGoparopun Argonne National Lab [144| nmposenenst ucesnenosanust
npoussoauTebrocTu npustoxkenus Nek5000/RS Ha psijie cynepKOMIILIOTEPOB,
ucniosib3yrormux GPU MI250X, A100 u V100 B y3sax ¢ MacurrabupoBaHueM OT
o1HOr0 GPU 710 MHOIMX y3JI0B. Pacyersl IMPOBOIWINCH 110 MOJEPHU3UPOBAHHOMY
sapuanty Nek5000 st paborst ¢ GPU (NekRS Bepenu 22.0) B paMKax BXOZISIIIETO
B ECP npoekta ExaSMR, i1 renepariun HaOOPOB JIAHHBIX BUPTYAJIHHOTO
MOJIE/ITUPOBAHUSI SIJIEPHOI'O PEAKTOPa C BBICOKOTOUYHBIMU COEIMHEHHBIMU
dbusnIecKIMEI MOJIEISIMU ABJIEHAN B peakTope. B Tadsuie 27 mpeacTaBieHbl

Tasnuna 27. auuasie o npoussoguresbioctu NekRS Ha ompoM
GPU ¢ wucrnonb3oBanuem CUDA m HIP gy GPU Nvidia u AMD

COOTBETCTBEHHO
Cucrema Ycrpoiicrso (device) OTHOCHTEIbHAST TPOU3BOAUTEILHOCTD
Summit V100-16GB 1,00
ThetaGPU A100-40GB 1,57
Perlmutter A100-40GB 1,62
Polaris A100-40GB 1,62
Spock MI100-32GB 0,84
Crusher MI250X-64GB (1 GCD) 1,32

JlaHHBIe O npousBoauTesibHOCTH NekRS 111 0/{HOCTEP:KHEBOTO MOJIEINPOBAHIS
Ha ogHOM GPU.

B coorsercrBun ¢ stoit Tabiuieit, onua GCD Ha Crusher obecrieanBaer 1,32-
KPaTHBII IPUPOCT IIPOU3BOAUTEILHOCTH pellenns ypasHerus Hasbe-Crokca
o cpaBHennio ¢ oguuM V100 Ha Summit. A100 Mo Ipou3BOAUTETHEHOCTHA
onepexkaeT onuH GCD, u B 11eJI0M 110 JaHHBIM [144] npon3BoauTeIbHOCTD
osHOTO GCD cocraBiiseT okoso 85% ot omuoro A100.
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B [144] 6b1710 1pOBEICHO, B YACTHOCTH, U COIIOCTABJIEHUE MACIITAOUPOBAHHUSI
npoussojuresnbrocTu Ha Frontier (¢ ROCm 5.1.0 u Cray-mpich 8.1.17) u
Crusher (¢ pasapimu Bepcusimu SDK—ROCm 5.1.0, ROCm 5.2.0, Cray-mpich
8.1.16 u Cray-mpich 8.1.19). B Crusher ROCm 5.1.0 naJ1 npou3BouTeIsHOCTh
na 2-5% 6wicTpee, yem ROCm 5.2.0, a mpoussomuTenbHOCTL Ha Frontier Gpuia
gyarnte, yem Ha Crusher.

B [358] jyist 33184 MOJIeIMPOBaHUs KPYIIHBIX BUXDEl M3ydeHa IPOU3BO-
nurenbHocTh KOaoB NekRS u AMR-Wind mjist MojiestupoBaHusi TedeHuit
B IOTPAHUYHOM CJIOE€ ATMOC(EPHI C UCIIOJIB30BAHUEM CYIEPKOMITBIOTEPOB
Summit u Crusher (¢ ysmamu, conepxamumu V100 1 MI250X coorsercTBeHHO)
B BapHaHTaX CHJILHOrO u cjaboro macmrrabuposanusa. s NekRS 6110 moka-
3aH0, 4T0 oxuH GCD MI250X Ha Crusher obecrieunBaer MpOM3BOAUTEBHOCTD,
cpaBauMyto ¢ ogauM V100 HA Summit.

B [142] npencrasiens! gaHHbe 0 npoussBoguTeabHoctn MI250X (B
conocrasiernn ¢ MI100 u V100) ¢ upumenennem 6asupyiomerocst za NekBone
recra HipBone (npoxcu-npuinoxkenne HipBone paccmarpuBaioch Bbiiiie
B pasfesnax npo npouspogureasroctb A100 u MI100), ucnoms3yromero
OubJIMOTEKY KOHEUHBIX 3jieMeHToB libParanumal (paspabarbiBaemyio B paMkax
ECP) co cpencreamu OCCA st aGeTpakimy MKy PasiInuHBIMA MOJIEJISIMU
rapaJuresibHOro nporpammupoanns — Hanpumep, OpenMP, OpenCL, CUDA,
HIP u SYCL. B HipBone, kak u B Nekbone, B KauecTBe CEeTKM UCIIOJIb3yeTCsI
CTPYKTYPUPOBAHHBIN Ky M3 OMHOPOIHBIX MECTUIDAHHUKOB.

Pacuers! B [142] NpoBOAMINCH Ha BBIYHCIUTEIBHBIX CHCTEMAaX Summit,
Spock u Crusher (cum. Tabumy 23) ¢ ncnosb3oBadnem B ux y3iax CUDA 11.0.3,
ROCm 4.5.0 u ROCm 4.5.2 coorBercrBerno. TecTupoBanue mpoBOIMIOCH
Ha o7HOM GCD, 9TO MO3BOJISIET OTEHIINAIBLHO MCIOIB30BATh 60JIee TOTOBUHBI
obmeit BeraucanTeabHoi morraoctr MI250X u 60/1ee BBICOKIE TAKTOBBIE
YaCTOTHI, YeM IPH OJHOBPEMEHHOM BBIIIOJTHEHUY OJHOI U TOi »Ke paboueil Ha-
rpy3ku Ha oboux GCD. OpHAKO CYIECTBEHHONU PA3HUIBI B TPOU3BOUTEILHOCTH
MeXKJIy TPOrPAMMHBIMHE sIIPAMHU, BBIMOJIHSIEMbIME Ha OfHOM GCD myin Ha 000mX
GCD B MI250X ommHOBpeMeHHO He HADJIIOMAIOCH. BBLIO TakKe HAIEHO, 9TO
kommmssTop Nvidia mcrnosp3yer 3HAMUTEIHLHO MEHbBINE PErUCTPOB Ha Bapil
110 cpaBHeHUIO ¢ KommumiagropoM AMD, uro obecnieunBaer ropasnao 6oJee
BBICOKYIO 3arpy3Ky BapioB Ha SM.

B [142] npoBeneno TakKe MOIPOOHOE HCCIEIOBAHNE CUIBLHOIO U CIab0ro
MaCIITAOMPOBAHUS B MCIOJIH30BABIIIXCS BBIYHCIUTENIBHBIX CHCTEMAX, KOTOPOE
3J1eCh He 00CYXKTaeTCs.

B [359] npusenenst ganable o npoussoguTeasHoctn Ha MI250X, MI100,
V100 u A100 mpumoxkennst NekRS u npokcu-nipunoxkeraust HipBone. st
PACYeTOB MPUMEHSIJINCH BBIYUCIUTEIbHBIE cucTeMbl Summit, Spock, Crusher u

ThetaGPU (cm. Tabmuiry 23).
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ITpoussopurensrocTs oneparopa Ilyaccona (kak u y JApyrux onepaTropos
B CETOYHBIX METOJIaX — pacueTa pe3y/bTaTa BO3JeiCTBUs onepaTopa Ha (DYHK-
[MIO B TOYKAX CETKH), olpeessiomas Bpems pacdera HipBone, mia pasubix
CTeneHeil NCNoIBb3yIOmerocs: moauHoma y ogaoro GCD ma 20-30% 6Gosbmre, 1em
y V100 (cm. pucyHok 43 B [359]).

Bcee ycrpoiicTBa mocturanu nHamsbicieit mpousBoguTeabanoctu HipBone
[pU HAMBBICIIEH CTEleHH UCIOJIb30BaBIIerocs nojaunoma (15)—y V100 2101,4
GFLOPS, y MI100—2135,2 GFLOPS, y oxnoro GCD 2774,9 GFLOPS [142,359].
st NekRS omun GCD ma Crusher ma pasubIx IpOrpaMMHBIX siPax JIABAJ OT
57% mo 88% ot npomssomuTensaocTr A100, MO MOJHOMY BpPEMEHHU pacaeTa—
71% [359].

Berimte 6611 paccMoTpen ps myOMKAInil, KacaloIuXcs MPON3BOIUTETHHO-
CTU OPUEHTUPOBAHHBIX HA paboTy ¢ GPU mporpaMmmubix cpenctB NekRS u
nocyeyromux NekBone u HipBone. Ouu Bce opueHTHpPOBaHHBI HA ObeciedeHrne
UX [EPEHOCUMOCTH MEXKJIy pasHbIMM TunamMu GPU, ucnosbsyior cpeiacrsa C++
(xorst y NekBone nmeercs u Bepcust ¢ CUDA Fortran [358]), Ho Gasupyrorcs
Ha ucnojb3oBaBmux Fortran Nek5000, u akTUBHO BOBJIEUEHBI B PAOOTHI
B paMkax ECP.

Ho y sToro manpasienus ¢ npumenennem C+-+ ecTb ajibTepHATUBA,
KoTopast Takke b6asupyercss Ha Nek5000 n opreHTHpOBaHA HA IIEPEHOCUMOCTD
Ha Pa3HbIe THUIIBI YCKOPUTEJIEH, I OHA TAK2Ke UCIIOJIB30BAJIACH B UCCJIEIOBAHUSIX
JIOCTUTAEMOI TIPOU3BOAUTEIBHOCTH C IPUMEHEHNEM PACCMATPUBAEMBIX B 0030pe
GPU. B [171] muist 0bsacTy psiMOrO YMCIEHHOTO MOJIETUPOBAHUS TYPOYJIEHTHO-
CTHU B MPUJIOKEHUSX YCTONINBOIO CYIOXOICTBA IIPOBEIEHO MOEINPOBAHIE
obrekanus poropa ®Puerrnepa (npu Re=30000) u ero B3aumoeiicTBus
¢ TypOyJIEHTHBIM IIOIPAHUYHBIM CJIoeM Ha Kiyacrepax ¢ multi-GPU cepsepamu
B y3Jax, ucnosb3ytomumu A100 u MI250X.

Htst sroro B [171] 6bLIM UCIIOJIB30BAHBI U MOJIEPHU3UPOBAHBI TAKKe
6azupyromuecs Ha Nekb000 mporpammubie cpegctsa Neko s padoTsr
¢ HecTpykTypupoBanuabiMu cerkamu. B Neko mcnosp3yiores 06 beKTHO-OprueHTH-
pPOBaHHBIE BO3MOXKHOCTH COBPEMEHHBIX CTaHIapToB Fortran jiis ymnpasieHust
pacipeeseHreM TaMATH U 0DecIIedeHss MHOIOYPOBHEBBIX abCTPaKIUil cTeka
pelaresisi, 9T0 JAeT BO3MOXKHOCTD BBIYMC/ICHAN HA PA3IUIHBIX apXUTEKTYPaX
oT 00bIYHBIX LIl JI0 PA3HBIX TUIIOB YCKOPUTEIEIL.

B [171] ypoBenb afcTpaknuy yCTPOHCTBA TPUMEHSIETCS JJI YIIPABJICHAST
NaMATHIO YCTPOUCTBA, Iepeladeil JJAaHHBIX U 3aIycKoM gipa u3 Fortran,
u paspaboTaHbl 039K-3HbI HA CUDA m HIP. Pacuersl 3j1ech IIPOBOININCH
Ha kjacrepe Alvis, umeromeMm B y3aax o 4 A100-SXM4 (ucrosib30BasIach
Bepcusi CUDA 11.1.1) ¢ mezxcoemuuenunem Mellanox ConnectX-6 (2 x 400
I'6/c) — ¢ npumenennem OpenMPI 4.0.5, u Ha kiaacrepe HPE Cray EX,
nMmerorieM B y3aax mo 4 MI250X (ucnoms3oBanack Bepcusg ROCm 4.5.2)
¢ mexkcoeguaenneM HPE Slingshot 10— ¢ npumenennem Cray MPICH 8.1.14.
Ha xocre B Alvis npumensiics gee 10.2, B kiacrepe HPE — Cray cce 13.0.



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 267

B xocrax oboux kiacrepoB umesoch 1o 512 I'B namaru DDR4 (¢ nByms
Intel Xeon Gold 6338 ua yzen Alvis u ¢ AMD EPYC 7A53 na yzen HPE).

Pacuerst mo Neko ObLin CBA3aHBI TAMATHIO, YTO, 10 MHEHUIO ABTOPOB,
JLaeT BO3MO2KHOCTH BBIIHUCJ/INTEJIbHO-CBA3aHHbIM IIPUJIO2KEHUAM IIOJIYIYUTH
IperMyIIecTBa 6y1aroaaps 60Jee BHICOKOH MMKOBOM MPON3BOIUTEILHOCTH
FP64 8 MI250X [171]. B [171] caenan BeIBOA, uTO ABa GCD B MI250X
coorBercrByioT aByM A100 ¢ Touku 3penus npoussomuresbuocTu. Cpennee
BpeMsl Ha BPeMEHHOI mar oTJin4aeTcsa MeHee deM Ha 5%, eciiu CpaBHUBATH
aBa A100 ¢ ogaum MI250X (cm. pucynok 23). Ho sro konrpacrupyer

Strong Scaling
[s / time step]

—8— Nvidia A100
#— AMD Instinct MI250X
—¥— AMD EPYC 7742

0.2-

T
32 64 128
Number of CPUs or logical GPUs
Pucynok 23. CuibHoe macurrabuposanue. [IponssouresibHOCT
II0 BpEMEHUu 3a BpeMeHHOI';I mrar: 3allTpUuXOBaHHBIC O6.HaCTI/I
OTHOCATCA K CTAaHAAPTHOMY OTKJ/IOHEHUIO; OPaH2KeBasd U CUHAA

JIMHUU NIPEeJICTAaBIAI0T cucTeMbl ¢ GPU; jJorudeckux GPU B KaKa0M
MI250X no nBa (pucynok u3 [171])

¢ 06Cy2KIABIIMMUCH BbIlIe JaHHbIMUA, HaupuMep [359], aro omun GCD MI250X
UMEEeT MIPOU3BOIUTEILHOCTD Oyinke K 71% 0T HpOM3BOJUTEILHOCTH OJIHOIO
A100.

Psn mybaukanuit, rie mosiyueHbl JaHHbIe O Tpou3BoguTebHoCTH MI1250
win MI250X, orHocares K Marauroruapoiunamuke. B [360] paszpaboran HOBbIit
kog Idefix st HEPESATHBUCTCKOM THAPOAMHAMUKYA U MATHUTOIMIPOANHAMUKHA,
ocuoBaHHbIT Ha Kokkos, KOTOpBIt B TecTax Jijis MATHUTOI U IPOIMHAMUKY
Ha cepBepe ¢ deTbipbMsa MI250X mokazas mpon3BoInTeILHOCTD B 2,57 pa3a
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6bicTpee, yeM Ha cepsepe ¢ derbipbMsa V100. B [360] nokazana rakzxke
ropazzo bosiee BbicOKast sueproaddextuBHOCTh Ipu padore ¢ MI250, gem mpu
ucnosb3osanun Il

B [361] nposejiensl pacuersl 110 nporpamme Athena++ (tounee, uc-
nonb3oBasicst Koz AthenakK miist paborst ¢ GPU) 1151 06IIepestsiTABUCTCKOM
MATHUTOIMPOJMHAMUKY C TipuMeHeHneM y3ioB Crusher (¢ gersippmst MI1250X
Ha y3eu) u Polaris (¢ gerbipemst A100 Ha y3es). B conocrasienun ¢ onuHa-
KOBBIM YHUCJIOM Jiorudeckux GPU (1. e. cpaBHuBas uncso GCD gy MI250X
¢ aucaom A100) Polaris, rpy6o rosops, B mapy pas GbicTpee HpH JIOGOM UUCTIe
jorudecknx GPU (cM. pucyHok 32 B [361]), u pu 9TOM MacuITabupoBaHue
B 000X BBIYUC/IATEIHHBIX CHCTEMAX XOPOIIEe. DTO MO3BOJIAET IIPEIIIOTIOKUTD,
uaro npu conoctaiennn A100 ¢ nenpivn MI250X oHE 110 TPOMBBOAUTETHHOCTH
KOHKYPEHTOCIIOCOOHBI.

B [362] npusogsitest janble o npoussouTeasHocTn MI250X, MI100,
A100-40GB u V100-16GB B KJacTepHBIX CHCTEMaX C HCIOJJIb30BaHHEM
PARTHENON-HYDRO — munn-nipusioxkenust (Ha 0OCHOBE Koza acTpodu-
suueckoil marauToruapoanHamMukn Athena++), cocrosimero u3 okomno 1,4
Thicstun cTpoK Ha C++ g 1D, 2D u 3D cxxumaemoil ruapoauHaMUKI
B MHOT'OYPOBHEBBIX CETKAX.

IMosyuennas IPOU3BOAUTENHHOCTD (3/1€Ch pACCMATPUBAEMAS IIPOCTO KAK
HEKOTOpast OTHOCUTEIbHAA BeJnduHa) cocrasister 5,7 — ayg MI250X (xsa GCD,
¢ ROCm 5.1.0); 4,2— myig A100 (¢ CUDA 11.5); 2,7 u 2,15— nyrs V100 u MI100
COOTBETCTBEHHO. DTO O3HauaeT, 94To nojHblii MI250X cuibHO onepexkaer
o npoussogureabHoctn V100 u MI100, u 6eictpee A100 (xoTsi B pacuere
Ha omuH GCD MI250X orcraer or A100). B [362] paceMoTpeHB! TakKe JaHHBIE
0 JIOCTHraeMbIX CHJIBHON U €J1a0o0it MacmTabupyeMOCT! B UCIIOJIb30BAHHBIX IS
pacdeToB CUCTEMAX, HO ITO 3/ECh HE AHAJIUIUPYETCS.

®usuka mwIasMbel. B mpuHIuie 3ta 06JacTh Takyke orHOcuTcs K CFD, HO
3/1eCh BBIJEJIEHA B OTIE/BHYIO YaCTh, TAK KaK 10 (DU3UKE IJIA3MbI [TOSIBIIICS
Hesiblii psiyt wybaukanmii, B Koropbix npuMenaauncs MI250/MI250X u 6buin
[TOJIyYeHbl MHTEPECHBIE JAHHBIE O TTPOU3BOUTETLHOCTH.

Tak, B [363] Gbu1a mMOKa3aHa Gosiee BHICOKAs MPOU3BOUTENbHOCTE MI250
o cpaBHenuio ¢ V100 mpu perrennn KHHETHYIECKOTO ypaBHeHus Biacosa i
JAUHAMUKYA IJIa3Mbl 3aPS2KEHHBIX IaCTHUIIL.

B [364] uccaenosana npoussogureasuocts koga CGYRO, koropbiii pentaer
MATUMEPHbIE TUPOKUHETHYECKNE ypaBHeHUsI MaKCBe1a, OMUCHIBAIOIINE
SBOJIIOIUI0 MUKPOTYPOYJIEHTHOCTU ILJIa3Mbl B YCTPOMCTBAX MATHUTHOIO
TepMogiepHoro cunresa. g padorer ¢ GPU (MI250X Bo Frontier u A100
B Perlmutter) tam 6bumm ncnosnbzosansl cpejcrsa OpenACC (u3 HPE Cray
Fortran myrst MI1250X u u3 Nvidia Fortran pgst A100), a takke 6ubanorekn
cuFFT u hipFFT aua A100 u MI250X cooTBeTCTBEHHO.
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B nauassaoMm Tecte CGYRO Ha 6a3ze y3sa ¢ MI250X 6Gbl1 3HAYNUTEBHO
MeJlJIeHHee, 9eM Ha 0aze y3ima ¢ A100, HO mocjie ONTUMHI3AIIAY CTaJ OBICTpee
¢ MI250X. Ho B [364] conocraBiisiiiuch pacuersl Ipu OJUHAKOBOM YUCJIE y3JIOB
u GPU B 9TUX CyII€pKOMIIBIOTEpPax, cOOTBeTCTBeHHO ObicTpee A100 okazaJics
nosaerit MI250X n3 nByx GCD.

B [365] Bpems pacuera no npunoxkennto HIPACE++ st Mozjenuposanust
IJIA3MEHHBIX YCKOPUTE el KBA3UCTATHIECKUM AJTOPUTMOM YaCTHIL B AI€Kax
Geuto comocrasieno st A100-80GB u MI250X (oxma GCD). B srom cayuae Bee
OCHOBHBIE JIAaHHBIE JJIs PACYETa BO BPEMsl BBIYUCJIEHUS IIEJIUKOM PAaCIIOJia-
raforca B namatu GPU. Ha A100 npumensiiuch cpeactsa CUDA 11.0, a jjist
pacuera Ha GCD (Bepositho, ¢ HIP) ucrosb30Banbl BOSMOKHOCTU DAHHET'O
tectoBoro gocryna K Crusher. B Beraucienusx ucnosb3osaicst FFT, a rocFFT,
o JaHHbIM [365], Torna OTINYAJICH IUI0XO0H IPOU3BOIUTEILHOCTHIO [IPU
pasMepe CeTKH, He sIBJISIONMMCS CTeleHbIo JAByX. Bpems Boraucsenns va GCD
Ha JIBYX Pa3HOIO TUIA CTaIusX pacueTa coctasisio ot 0,7 1o 1,6 u ot 0,9 mo
3,7 pa3 1o cpasuenuio ¢ BpemeneM Ha A100.

AMD mnpusogur npunoxenne PIConGPU, takxke ucrosibp3yiolnee aaropurM
9aCTHUIl B siIefiKaxX, B KAIeCTBE MPUMepa ITPUJIOYKeHUs B 0b1acTi (hU3UKU
IJIA3MBI, JAIITUPOBAHHOTO Jjist paboTsl Ha GPU MI200 nyrem npumeHeHust
69k-su18 ALPAKA (Abstraction Library for Parallel Kernel Acceleration),
pabotatomiero nosepx HIP/ROCm [366].

Meron gacTuir B stueifkax BOOOIIE MUPOKO UCIIOIB3YETCS B MPUIOKEHIAX
¢usukn ma3Mel, 1 B pacderax ¢ npumenernem MI250X o Takke IIPUMEHSLICS.
B [367] uccaenosano 3D-MoneupoBanue B3aUMOIEHCTBIS JIa3epa ¢ BEHIECTBOM
Ha MaccupHO-TapaJsesbaoM kojie PIC WarpX ¢ ucnosszoBanunem GPU
ua Frontier, Summit n Perlmutter (6u3koe K 9TOMY HCCIIE]0BAHIE TIPOBEIEHO
Takke B [368]).

B [369] npoanain3upoBana Mpou3BOAUTEIBHOCTD UCIOJIB3YIONIETr0 CPEJCTBA
Kokkos siuneitnoro urepanuonsoro pemaresst TFQMR (B Tom gucse 6osee
GBICTPOrO AKETHOIO BapMaHTa), jocrynHoro B 6ubimoreke PETSc (Portable
Exensible Toolkit for Scientific Computing), uro uarepecto st busuku
IJ1a3MBbI Ipu pabote ¢ orepaTopom crosknosennit Jlannay. [lponssogurensnocTs
MI250X u A100 3ech ObLIa OlleHEHa IIPY UCIIOJIB30BAHUHU Y3JI0B KJIACTEPOB
Perlmutter u Crusher.

BerimeynomsinyTbie paboTet 365,367, 368] umeroT npsiMoe OTHOIIEHUE
K mpoekTtam n3 ECP. Kak m MHOTHME Apyrue n3 MCHOJIL3YEMBIX B pas3ieiie
IIy6HHKaHHﬁ, 31€Ch HUCIIOJIb3OBaHbI ITOJYyY€HHBIE B TOJIBKO 9TO ITOABUBHIINXCA
BBIYUCIUTEILHBIX cucTeMax ¢ GPU MI250/MI250X noseiinme Janubie, KOTOPbIE
9aCTO OTHOCWJIA K IIPEABAPUTEIbHBIM B CBA3U C BO3MOYKHBIM OBICTPBIM
rporpeccoMm HOBbIX Bepcuii SDK or AMD.
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3agaun uCKyccTBeHHoro uHresiekta. Xors AMD me crasuia 3a1a-
qu U/ Ha camoe epBoe MECTO ISl MOTEeHIuAIbHOTO puMeHenus MI200,
st GPU cpa3dy crajm npuMeHaTbed u s UU. Tak, B [28] HCHOJIL30BaHa
naTerpanusa HPC n rirybokoro obywenust: s npuaoxkenns Moure-Kapso
(/11 TEpMOIMHAMUYECKHUX PACUETOB B MATE€PUAJIOBEIeHNN) OblII pa3paboTaH
HaOOP CypPPOTraTHBIX MOEseil TIIyOOKOro 0O0yIeHns U MPOBEICHBI PACIETHI
Ha MHOIHX y3Jax cynepkoMibiorepos Summit ¢ V100 (¢ mpumeHeHueM cTeka
CUDA) u Crusher ¢ MI250X (¢ npumenenuem creka ROCm). Ha pasubix
pasmepax Mogzesielt ouH GCD 6ot Geictpee V100 10 15% (a memsiit MI1250X
cooTBeTCTBEeHHO ObicTpee 10 2,3 pa3). Crusher ornocuTebHO Summit mokaszas
TaK>Ke JIydIllee MACIITAONPOBAHNE IPOU3BOIUTEIHHOCTH.

Otu GPU crajm NpUMEeHAThCs JTs 3a7a9 U B caMbIX Pa3HBIX O0JIACTSIX,
B KOTODBIX mcnosb3yercs WA. Tak, B [370] MI250X ucnonb3oBascs Jyist 381849
CEerMEHTAIINA MUTOXOHIPHIA.

[Toce pazBeprhiBanus esporeiickoro cymepkommbiorepa LUMI ¢ MI250X,
BEPOATHO B CBA3U C IPDUMEHEHNEM PA3HbIX fA3bIKOB B E)BpOIIe7 TaM CTaJI1 aKTUBHO
MMOSIBJIATHCS IyOIUKAIMU 10 00paboTKe ecTecTBeHHOrO si3biKa, Ha MI250X,
B TOM YHCJIE C UCIOJIb30BAHUEM COOCTBEHHBIX MOAUMDUIIMPOBAHHBIX MOJIEIE
BERT (cMm., HampuMep, [371-374]).

5.4. Pe3iome no GPU AMD

[IpuBemennble BBINIE JaHHbIE O TpousBoauTebHOCTH GPU MI200— o 60/15-
met vactu MI250 u MI250X — 6e3ycsioBHO TOBOPST 00 OIIPE/IEIEHHON KOHKY-
perTocniocobrocTu 3tux GPU o orHomenuio Kk A100. 1 AMD ¢ ROCm, u
Pa3paboTINKU PUIOKEHIUH AKTUBHO MPOABUTAIOTCS BIIEPE JJIsI JTOCTHKEHUSI
6oJ1ee BBICOKOIl IIPOU3BO/IUTEIHHOCTH.

fcHo, UTO yKe TpeJICTaB/IEHHbIE JAHHbIE O TPOU3BOIUTETHLHOCTH YACTO HE
COOTBETCTBYIOT OXKUJIAHUSAM, OAa3UPYIOMUMCs HA 00Jiee BHICOKAX ITUKOBBIX ITPO-
uzBopuresbHOcTaX 31uX GPU o1 AMD no cpasrenuio ¢ A100 (nmeercst B BuLy
ye Jyist oguoro GCD). XoTs BO MHOIMX CJIy4YasgX TeCThbl HPOU3BOAUTEIHHOCTH
OBLIM CBSI3aHBI AMATHIO, & HE BHIYUCINTEIHHO HHTEHCUBHBIMU B MOJIEJIN JIMHUU
KPBIIIH, 9TO BCE PABHO HE KOPPEIUPYET CO MHOIMMU OTCTABAHUSIMU IO MTPOU3-
BosmreabHOCTH OTHOCUTEbHO A100, a TakKe MIeHTHMOUIUDYEMbIMA THOT/IA
«ripoBajiamMu» npoussozputesbHoctn MI250X (M., Hanpumep, nanHbIe [328]).

B psne nybnukaiuit 370 CBA3BIBAETCS C HETOCTATOUHO OOJIBINON €MKOCTHIO
konr-amsTu (B ocioBHoM L1) orHOcHTensHO A100, 1 MCIONB30BAHEEM B IeHe-
pupyeMbix KoMmmisiTopamMu AMD Kogax cmMIimKoM GOJIBIIOrO YKCjia PETUCTPOB
o cpaBHeHuto co cpefcrBamu Nvidia CUDA, XOTsI B psifie CJIy9IaeB IMIPUIUHBI
HEJIOCTATOYHON 110 CPABHEHUIO C OXKUJIAHUEM IIPOM3BOIUTEIHLHOCTU OCTAIOTCS
HeBbIsicHeHHbIMU. VIMeroruecss 3aMevdatusi OTHOCUTEIBHO ITPOTrPAMMHBIX
cpezets SDK ot AMD KoppemupyioT ¢ 9eTKUM YKa3aHUeM BO MHOT'HX U3 TIPUBO-
JIUBIITUXCS BBIINIE MyOTUKAIINN HA TOJyIeHHbIE JTAHHDBIE 10 TTPOM3BOJAUTEILHOCTH
KaK Ha [PEeBaAPUTE/IbHBIE, COOTBETCTBEHHO IIPEIIIOJIATAIOINMY YIIY IIIEHUS
B CBSI3U C OBICTPBIM pa3BuTueMm SDK.
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ITockonbKy sanuble 0 6oJiee BbICOKOI mpousBoauTeabaocTr MI250/MI250X
TaK2Ke UMEIT MeCTO ObITh, BAYKHBIM Ha, HACTOSIIIAN MOMEHT BPEMEHU CJie-
JyeT CUYUTATh (PaKT HEJOCTATOYHO BBHICOKOTO YPOBHS ITPEICKA3YEMOCTH
CPaBHUTEJbHOM pon3BouTeIbHOCTH 31X GPU orHOCHTEbHO A100.

3)16(3]) HEJIb34d IIbITaTbCA 6a3HpOBaTbCH Ha «CTaTHUCTHUYECKOM aHaJIN3€e»
CPaBHUTEJIbHBIX JIAHHBIX O MPOU3BOIUTEIHLHOCTH, & HYKHO OCHOBBIBATHCS
Ha JAHHBIX JIJIsi KOHKPETHBIX MPUJIOZKEHUH 1 00beKTaxX UCCIeg0Banus (KOTOpbie
B [IEPBOM TIPUOJIMKEHUA UMEIOTCSI U B TAHHOM 0030pe), a TakKe Ha Oiu3Kux (B
YUCTO MATEMATUIECKOM IIJIAHE) UCIOJIB3YEMbIX METOJAX, U YIUTHIBATD YK
obuapyzxenubie Hegocrarku MI250/MI250X u ux SDK (mocsemaue, BO3MOKHO,
MOTYT OBITh UCIPABJIEHBI B HOBBIX BEPCHSIX).

Ho nasio umeTsh B BHY ¥ BO3MOXKHYIO IIPOTHUBOIOJIOXKHOCTH BBIBOJIOB 00
acpdexrusnoctn MI200 mpu cpaBuuTebHOM yUere 1ieH u TCO, 1 COOTBETCTBEHHO
BeIOpaTh conocrasienue ¢ A100 mosabix MI1250/MI250X nn otgensHbIx GCD.

B momenT manmcanusi 0630pa oxkugaercd yxke nosgsiaenume MI300 u
cynepkommbiorepa EI Capitans B 2023 roxy, B JIuBepMopckoit HanmoHaIBHO
naboparopun Jloypenca (CIIA), ¢ marerpanueii T apxurekTyps! Zen 4 8 MI300.
D10 noareepxKaer BeposTHbIN mporpecc AMD B GPU u B CylepKOMITbIOTEPax
Guimkaiiniero Gyaymiero. B [375] ykazano Ha COXpaHSAIOILYIOCS MAJIEHBKYIO
Besim4uHy Kamra L1, 970 Moryio 66l CTaTh MOTEHITUAIBHO CJIA0BIM MECTOM

MI300.

ITo orHomenuto Kk HPC ciemyer ykazarh Ha 00Jiblryto opuenTanuio AMD
Ha 3Ty 00J1aCTh IO CPABHEHUIO ¢ OOJIBIMM HampasiaenueM Ha WU y Nvidia, aro
MIPOSBJIAECTCS U B CO3/aBAEMbBIX CcymepKoMIbioTepax m3 Top500.

3aknoyeHne

B manrOM 00630pe BbIle ObLIN 00CYKIEHBI TPENMYIIECTBA U BO3MOYKHBIE
megoctarku GPU. UTo KacaeTcss KOHKPETHBIX JAHHBIX TI0 TTPOU3BOIUTETHLHOCTH,
0 HAX MHOTO CKA3aHO BBIIIE, U UX II€JIeCO00PA3HO COYETATh M CO CTOMMOCTHBIMU
noKazaTeagaMu (BKJIOYAs U SHEPIeTUUECKHE [IOKA3ATE/N ), KOTOPbIE 3/16Ch He
obcyxkmarorcs. Huke mpuBOIUTCS B OCHOBHOM 00IIiee pe3ioMe IyTh JAPYroro,
6oJiee 06mIero u/mim Gosiee KPATKOrO XapaKkTepa.

1. TlosgBasieTcst KOHKYPEHIINSI COBPEMEHHBIX pa3paboTankoB GPU 1o mpom3Bo-
JIATETHLHOCTH U IPYTUM [TOKa3aTelIsIM, B TOM ducJie He Tojabko u3 CIIIA, Ho
BO3MOXKHO 1 n3 Kuras; oxKumaercs u eBpoleiicKuii akceepaTop, KOTOPHIT
TaKKe MOXKET IMPUMEHSIThCA HA SK3AMACIITAOHBIX CYIIEPKOMIIBIOTEPAX.
CoorBercTBeHHO cOBpeMeHHasi modTu Mouomosms GPU or Nvidia Gymer,
BEPOSATHO, IIOHEMHOI'Y YMEHBIIATHCHA.
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OO61M TeXHOJIOIMYeCKUM HalpaBieHneM nocrpoenust GPU ctaHOBUTCS
UPUMEHEHUE MYJIbTUKPUCTAJIIBHBIX TEXHOJIOIHH (YUIIETOB), BIIEPBbIe
CTaBIIMMHI AKTHBHO NpUMeHATHCst ckopee AMD [376]. Dro obecreun-
BaeT MacIHITabNpPOBaHUE ITPOU3BOIUTEIHHOCTH IIPU BO3MOXKHOCTHU €€
peau3any UMEuM (GUHAHCOBYO 3 (OEKTUBHOCTH CIIOCOOOM, IIPHU
HE3HAYNUTEJILHOM B HACTOSIIEE BPEMsI YBEJINYEHUH 33I€P2KKHU, B TOM
YUCJIe MEXKCOEMHEHUN MesK/ly BbIYUCJINTEIbHBIMY sIJIPAMU.

O6ieii Tenpennueil Moxker crarh unrerparus U u GPU (AMD MI300,
Intel Falcon Shore, Nvidia GH200), a Tak:ke neckoiabkux GPU BHyTpH
oznnoit Mozenm (kak B AMD MI200 u B Intel PVC).

Ceepx6bicTpoe pasBuTue GPU IPUBOAUT K TOMY, UYTO IIOINBITKH CTaH-
JapTU3AIAN KAaKUX-JIU00 aIlapaTHbIX KOMIIOHEHT IOKA PeaIn3yIoTCs
orpanmyeno. Tak, mpuMeHenue crangapra dopm-daxropa 0AM B MI200,
PVC u BR100 coueraercst ¢ mpumenerueM Nvidia cobcTBeHHBIX (hopM-dax-
TOpoB SXM, YTO BBIIVISIUT JIOCTATOYHO IIOHSITHO B cBeTe mocTaBok Nvidia
COOCTBEHHBIX MOTOBBIX K paboTe BHIYUCIUTENBHBIX cucTeM oT multi-GPU
CcepBepoB JI0 KJIaCTepOoB.

Crangaprusalns eme cJaoXKHee JJIs MeXKcoeanHeruii GPU— Bce pac-
cMoTpenuble GPU UCIIOHb30BaIN COOCTBEHHBIH, OTJMIHBIN OT KOHKYPEHTOB
BBIOOD. 3/1eCh MPUYUHON OPUEHTAIMN HE HA CTAHJAPTHI SIBJISIETCS CKOPEee
KOHKYPeHTHast 60pb0a 3a JUIAEPCTBO 110 MTPOU3BOIUTEIHHOCTH.

OO6muM HampaB/IeHHEM siBJisieTcs pacimpenue npuMenennst multi-GPU
cucreM i 3a7ad UM u HPC. B cooTBeTCTBYIONUX cepBepax HEOOXOIIMMO
UCIIOJIB30BATH 10 J[Ba COMEPIKAIUX JIECATKHU siJIep MIPOIECCopa, B KAUeCTBE
KOTOPBIX npuMeHnMbI He ToJIbKO Intel Xeon u AMD EPYC, o u
ARM-niporieccopnl (K/IacCHYecKuM MOXKET craThb BapuadT ¢ Nvidia
Grace ujmm GH200). AnbrepHaTHBON MOXKET OBITH U IIPUMEHEHUE OJIHOTO,
COJIEPZKAIIETO CBBIIIE TIOJIYCOTHNA SIJIep CePBEPHOro mporeccopa (Takue 1
upezyiarator cerogast u AMD, u Intel).

Tpagunuonssie st HPC 3a/1auu KBAHTOBOI XUMUY PAHEe HCIIOJIb30Ba~
s GPU B mepBYIO O4Yepe/ib JIjIsI PacieTOB B 0A3MCAX IJIOCKUX BOJIH MJIN
BBIYUCJIATEIBHO O0JI€e CI0KHBIMU METOIAMU C YIETOM JIEKTPOHHOM
KOPPEJISINU, TJie OCHOBHOE BPEMsI BBIYUCJIEHUS TPUXO/IUIOCH HA 00-
eMaTeMaTuIecKne MeToIbl. [Jist IMMPOKO pacpoCTPAHEHHBIX 33189
KBaHTOBOM XUMUU, TJI€ TIPOU3BOIUTEIFHOCTD JIMMUTUPYETCST BpEMEHEM
pacyeTa JBYX3JEeKTPOHHBIX HHTEIPAJIOB B FayCCOBCKOM Oasnce (B MeTOIAX
HF u DFT), mocruzkenue BBICOKOII addekTuBHOCTH pacdera Ha GPU,
JAIOIEee U XOPOIIYI0 MACIITAOUPYEMOCTh IPOU3BOIUTEILHOCTH IIPU
pabore ¢ HecKOIBKUMHU GPU, OBLIO JOCTUTHYTO TOJBKO B CAMOE MOCJIE THEe
BpeMs (COOTBETCTBYIOIIME JaHHBIE IIPEJICTABICHBI B 0030pe). ITO Jaer
BO3MOYKHOCTH OoJjiee akTuBHOTO ripumMenenust multi-GPU cucrem u jist
3a/1a4 KBAHTOBOI XUMUU.
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Yro xacaerca BR100, onr MOryT O6BITH aKTYaJbHBI B IIEPBYIO OYEpEIh
pa3paboTumKaM ITPOrPAMMHOIO ODeCIIeUeHrsi, B TOM YHCJIe B HAYIHO
obsactu (MOCKONIBKY npusioxenuit, paboratomux Ha BR100, npakruyecku
HET) — ¥ BO3MOXKHO, OCOOEHHO B CTPaHaX, TJIe PaspabOTIMKU HPOrpaMM 1
rnorpeburesin GPU MMEIOT CyIeCTBEHHbIE (DUHAHCOBBIE OTPDAHMIEHUS.
Omnako orcyrcrue B BR100 dpopmara FP64, TpaaumuonHoro B Kjaccu-
qeckoit HPC-obJtacTu, IpUBEIET, BEPOSITHO, K OCHOBHOM OpPUEHTAIINN
BR100 nma 3ama4qun MA. Ho nepcnektussr npumenennss BR100 nemonsaTab
n3-3a caukimii CIITA.

YVdauThiBasi OIpe/Ie/IEHHBIE 38IEPKKI PA3BUTHS B UCIIOIb3yemoit Intel
ITOJIYIIPOBOIHUKOBOI TEXHOJIOTUHU U 33IEPKKH Hadaja HOCTaBOK Ponte
Vecchio 1o cpaBHeHUIO ¢ uCXOmHBIME ITaHaMu Intel, ¥ BOZHUKAOILY O
HEeOOXOIMMOCTD IIePexX0/ia Ha PabOTy ¢ IPOrPAMMHON MO b0 DPC++
/oneAPI, moxkHO npe/onokuTh, 4To 6oJiee peskoe mpojasuxkenue Intel
Brepes ¢ GPU MOXKHO OXKuAaTh moce mossiaennst GPU Falcon Shores min
[IOCJIEIYIOIIEr0 HHTErPUPOBAHHOIO ¢ X86 ycrpoiicrBa (ckopee 1ociie
peaM3anuy HOBOH II€PCIIEKTUBHON TexHoMornu 18A).

Hawuboustee sspkuM BKa0M Intel B pazBuTne HampaBeHUs TpUMeEHe-
nust GPU ceroans MpeacTaBiIsieTcs pa3paboTKa 1 MOAIEPKKA MOJIEIN
nporpamMmMmupoBanud DPC++.

He BoI3bIBaeT coMHeHmit akTuBHOE paciupenne npumenerns GPU H100 ot
Nvidia, ¢ 6osee OpicTpbIM pocToM B obsactu WM. Kak yike BbImyckaeMbie,
Tak n Gmmkaitmme oxumaembre GPU Nvidia H100 (GH200 taxzke
dakrugecku comepxkar H100) GyayT oueHb akTyaabHbI i 3aga4 U1 u
HPC. Ho mambosiee CHIIBLHBIM PBIBKOM BITEPET IO MACIITaOUPyEeMOCTH
IPOU3BOIUTETLHOCTH BBITVISIAT BO3MOXKHOCTHU ITOCTPOEHUS KJIACTEPOB
¢ H100 ¢ mpumenenuem cereit NVLink.

[IpenmymecrBom anmaparabix cpegcts Nvidia B mepByo odepesp s
3agad U sBJISIOTCS TTOCTABKU y?Ke TOTOBBIX K paboTe ¢ VU cepBEpPHBIX
cucrem DGX u kjacrepoB DGX SuperPOD, koropbie OTHOCATCST K Cy-
[IEPKOMITBIOTEPHOMY YPOBHIO. XOTsl TAKHE CHCTEMBI MOTYT IIPUMEHATHCS
u Jyis 33724 HPC, HY»KHBI TOTOBBIE K HUM TpuioxkeHus. JIpyrum cospe-
MeHHBIM npenmytnecTBoM H100 siByisiercst orpoMHbIit HAOOP 3P PeKTHBHO
B3aNMOJCHCTBYIOIUX U JONOJHAOIMNUX APYT aApyra cpeacts SDK mra HPC
u Nn.

Ausrepuarusubie Nvidia GPU or AMD npejicraBisiiorcst B HACTOsIIIEE
BpeMs Hanbojiee aKTyaJbHBIMU B IEPBYIO OYePElb JIjis PACIETOB
10 y2Ke MOKAa3aBIINM BBICOKYIO IIpou3BoauTeabHocTh Ha AMD MI200
IPIWIOKEHUSIM, UJIA OXKUTAEMbIM K TAKOMY B caMoe DJimKaiiriee BpeMsi, a
TaK»Ke Kak II0JIe JUId Pa3pabOTKM HOBOI'O IIPOTPAMMHOIO OOeCIeYeHunsd,
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BKJIIOYasi IOPTUPOBAHNE y2Ke CYIIECTBYIONUX npujoxenuit. C Toaxu
3pEHUs MOTEHIINAJIBHOTO UCIIOJIb30BAHUSA ITPUIOKEHUNA B HEJaJIeKOM
OyIyIIeM 3TO MOXKET OBITH I1eJIeco00pa3Ho i JiIoObIX obsiacteit HPC u
nu.

IIpumenenue 3tux GPU, o9eBHUIHO, OYyAET PACIIUPATHCS B MEPBYIO
odepesib B HAYKE U B JeATEILHOCTH Pa3pabOTINKOB IIPOTPAMMHBIX CPEJICTB.
HNwmerommasics orpeiesieHHas COMOCTABUMOCTD B ITPOU3BOIUTEILHOCTH
¢ paccmarpuBasimmMucst GPU ot Nvidia o3HadYaer MOBBIIIEHHYO BaXkKHOCTh
IIEHOBBIX II0OKa3aTeJiell.

10. C y4yeroM TeHJEHINI HACTOSIIEr0 BPEMEHN MOYKHO MPEJITIOJIOKUT,
aro Oy/IeT pacumpsaTbcs npuMeHenne Ha GPU yHUBeEpCaJIbHBIX CPEJIICTB
pa3paboTKHU IIPOrpaMMHOrO ODecIieueHusl, a He OPUEHTHPOBAHHBIX
Ha OIIPEJIeJICHHYIO apXUTEKTYyPY HPOU3BOAUTEJIA.
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Abstract. An overview of the current state of GPGPUs is given, with orientation towards
their using to traditional HPC tasks (and less to AI). The basic GPGPUs in the review include
Nvidia V100 and A100. Nvidia H100, AMD MI100 and MI200, Intel Ponte Vecchio (Data
Center GPU Max), as well as BR100 from Biren Technology are considered as new generation
GPGPUs. The important for HPC and Al tasks microarchitecture and hardware features of these
GPGPUs, as well as the most important additional hardware for building computer systems with
GPGPUs, that are CPUs specialized (albeit only possible for the initial period of their use) for
working with the new generation of GPGPUs and interconnects — are analyzed and compared.
Brief information is given about the servers (including multi-GPUs) using them, and new
supercomputers (using these GPGPUs), where data on the achieved performance when working
with GPGPUs was obtained.

The SDK of GPGPU manufacturers and software (including mathematical libraries) from
other firms are briefly reviewed. Examples are given that demonstrate the tools of widely
used programming models that are important for achieving maximum performance, while
contributing to the non-portability of program codes to other GPGPU models.

Particular attention is paid to the possibilities of using tensor cores and their analogues
in modern GPGPUs from other companies, including the possibility of using calculations with
reduced (relative to the standard for HPC FP64 format) and mixed precision, which are relevant
due to the sharp increase of the achieved performance when using them in GPGPU tensor cores.
Data is analyzed on their “real-world” performance in benchmarks and applications for
HPC and AI. The use of modern batch linear algebra libraries in GPGPU, including for HPC
applications, is also briefly discussed.
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Introduction

A widespread feature of modern computing systems, from servers to
supercomputers, is the use of a heterogeneous construction of servers and
cluster nodes, very often containing not only processors (CPUs), but also
accelerators, primarily GPUs, areas of use of which are rapidly expanding.
Here we mean GPGPU, but in what follows the abbreviation GPU will be used.

Relevance of GPUs and areas of their using. Currently GPUs are actively
used for a wide range of very important tasks, including high-performance
computing (HPC) and AT (AI tasks in this review also include all tasks
of any type of machine learning, but the use of GPUs is especially relevant
for deep learning). In addition, the use of multiple GPUs in one server
(multi-GPU) is expanding. All this is connected with the main direction
of growth in the performance of computing systems, mainly due to the
strong increase in the number of cores and, accordingly, parallelization
on them. The increasing importance of power efficiency over time also
contributes to the focus on the use of GPUs, which contain many more
functionally simpler cores than in the CPU, but with a reduced frequency.
Thus, of the 50 leading supercomputers on the Green500 list for June
2023, only four did not use a GPU. Moreover, two of them — the Japanese
supercomputers NA-J2 and MN-3— used specialized rarely used multi-core
processors (coprocessors), and the other two were based on multi-core
ARM processors Fujitsu A64FX [1]. Another important advantage of GPUs
is the achievement of high-density packaging of large computing resources,
which is especially evident in servers containing several GPUs (multi-GPU).

As for the often cited use of GPUs in data centers, the term data center
has now practically replaced the previously used term computer center,
which can also be considered [2] as one of the parts of the data center.
In reality, data centers often assume the use of GPUs for the above HPC
and Al tasks, and the term data center itself is focused primarily on the
use of cloud technology. Further in the text, references to data centers
refer specifically to cloud technology, the tasks of which are not discussed
in the review — specific benchmarks and applications for HPC and Al are
considered here. Although GPUs began to be noted as the main accelerator
in other areas, for example, sorting when working with databases [3].
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To illustrate the widespread use of modern GPUs, we can use the
Top500 supercomputer list, as it provides interesting statistics (see, for
example, [4]). In the Top500, the world’s performance leaders have been
using GPUs for a long time. A notable exception to this rule in recent years
was the Japanese supercomputer Fugaku, whose nodes were homogeneous
and contained only the CPUs— the A64FX. He topped this list for more
than two years. Probably, such a success of Fugaku was facilitated by the
rather large number of cores (48 computing) in the A64FX [5]. However, in
2022, a new Chinese supercomputer Sunway appeared (the successor to the
Sunway TaihuLight, which ranks 7th in the Top500, and in [6] classified as
“pre-exascale”), containing heterogeneous 260-core SW26010 processors
in its nodes— without a GPU. As another not very widely used alternative
GPU option, we can mention the huge, specialized for Al tasks, Cerebras
WSE-2 processors, containing 850 thousand cores [7]. But WSE-2 does not
support, greater precision than FP32, and the Andromeda supercomputer
based on them [8] is accordingly absent from the Top500 list.

Statistics from the June 2020 Top500 list [9] indicated the use
of accelerators in 26.6% of Top500 supercomputers (20.2% of supercomputers
used Nvidia V100). In the June 2023 list, accelerators were used in 32.4%
of all supercomputers (13% used Nvidia V100, 15.6% used Nvidia A100,
2.2% used AMD MI250X and MI210, 2% used Nvidia H100) [4]. The
unambiguous modern leadership in the Top500 GPUs from Nvidia is obvious
today and predictable for the near future. All data presented later in this
review refers to the June 2023 Top500 list, and by default the Top500 list
below refers to this June list.

Features of the next expected GPUs. Integration of CPU and GPU in one
die is now becoming possible. For personal computers with conventional
graphics processors, similar integration with the CPU has long been known,
for example, in the form of the AMD APU (Accelerated Processing Unit),
but here we mean the integration of the server CPU with the GPU. AMD
expects such integration into the APU in the MI300 [10]. Intel talked
about its plan to combine x86 chiplets together with GPU chiplets called
Falcon Shores back in 2022 [11,12], but its implementation will take more
than one year. In a certain sense, a similar development from Nvidia,
Grace Hopper [13-15], appears on the market earlier. But this whole
direction is a possible way to intensify the use of the GPU itself.



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 309

Limitations and difficulties of using GPU. It must be kept in mind
that GPUs are installed in only 32.4% of all supercomputers from the
Top500 [4] (in the June 2022 list it was 30.2%). Performing calculations
exclusively on GPUs is associated with the use of high-speed memory,
but having a fixed and not very large capacity compared to the possible
memory size of the servers or certain input data of applications (research
objects), this may cause inefficiency on the GPU altogether. Therefore, for
example, in the manual for specialized parallelization tools on Nvidia GPUs,
CUDA [16], there is a section dedicated to exceeding the required memory
capacity of the memory available on the GPU. In modern versions of GPU
CUDA also provides the ability to work with virtual memory [16]. However,
it is clear that actually working with virtual memory can lead to severe
performance losses.

GPU computing involves the use of applications that are highly
parallelized across a large number of cores. A classic example of this is
molecular dynamics tasks and, especially, Al area. But this may not hold
true for certain applications or even HPC areas. Therefore, in the tuning
guide for applications using CUDA (for the Nvidia Ampere architecture used
in the A100) [17], the first point of recommendations is to find a way
to parallelize sequential code, which may mean the need to create new,
improved algorithms that allow parallelization where in the ‘“natural”
algorithm it might be missing. It may also not meet the expectations
of specialists in the relevant HPC fields, who may often be programming
applications for this field themselves.

Since effective use of GPUs requires a very high level of parallelization
scalability, this also requires the use of SDKs specialized for GPUs, and
possibly an increase in the size of source code. Many HPC applications did
not natively respond to this level of parallelism. Additionally, optimizing to
the high expected level of GPU performance often requires many manual
work, which is especially difficult when porting code from one type of GPU
to another. All this complicates the work of programmers and can cause
them some rejection.

The situation is simplified to a certain extent in cases where there are
small parts of the program that limit performance (in the GPU world they
become program kernels), which are often typical mathematical problems.
And over time, more and more HPC applications are becoming capable
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of running on GPUs. For example, quantum chemical software systems that
have been running on supercomputers for a long time are also moving
in this direction. But for the most widespreads of the modern methods
used there (without explicit non-empirical computations of electronic
correlation), too long execution times can be associated with several
mathematically different types of calculations (and not always related to
those that are widespread in mathematical area; This is especially true for
the use of gaussian basis functions), which requires a correspondingly
much larger programming. For calculation by the widely used quantum
chemical DFT method in a plane wave basis, a demonstration of the possible
execution times of various parts of the program is given, for example,
in [18].

Other important characteristics of using GPUs are cost indicators. If the
goal is not to achieve an acceptable execution time at any cost (which is
perhaps achievable only with the use of a GPU), then the relevant question
becomes how much the cost of a computer increases when adding a GPU to
it, and how much the application performance increases.

As an illustration, we indicate the acceleration data when calculating
with the well-known Quantum Espresso software package, which is focused
on calculations in the basis of plane waves using the quantum chemical
DFT method. An illustration using the application of quantum chemistry,
rather than the popular molecular dynamics on GPUs, was chosen here
specifically — problems of quantum chemistry have long been performed
on supercomputers, but the possibilities of quantum chemical calculations
on GPUs began to appear later than in classical molecular dynamics— it is
more difficult to implement, and the speedups achieved often smaller.
Calculations by Quantum Espresso 6.5 were performed on a server with an
18-core Intel Xeon E5-2697 v4 (2.3 GHz), and adding V100 gave speedup
in the range of 1.4-3.7 times [19]. The achieved acceleration naturally
depends on the object being calculated. But we must keep in mind that
this Xeon model began to be produced by Intel back in early 2016, and the
calculation time was compared using only one processor.

As for the prices for new generation GPUs— this naturally applies to
boards with a GPU (for example, an 0AM module), they are not discussed
in the review, since the corresponding “official” (for example, recommended
by the manufacturer) prices for such new equipment are usually not
available. But keep in mind that GPUs often provide greater power efficiency
while requiring a relatively small square, so it’s best to use total cost
of ownership (TCO) rather than just price when evaluating GPUs.
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Modern realities of growing GPU use. All of the above possible
difficulties are gradually being resolved by creating new calculation methods
and algorithms, new programming models for the SDK, as well as by
improving GPU hardware. Naturally, this is reflected in the growing number
of applications running on GPUs. The GPU application area is constantly
growing, which, naturally, is most clearly demonstrate with Nvidia GPUs
and was convincingly demonstrated at the latest GTC 34 (2022) and 35
(2023) conferences.

As time goes on, the number of supercomputers with GPUs included
in the Top500 increases— with a GPU it is easier to obtain high performance
in the HPL benchmark. The most powerful (as measured with the HPL)
supercomputers in the world typically use GPUs. In the first twenty leaders
of the Top500, only three supercomputers do not use GPUs (although the
Chinese Tianhe-2A, which closes the top ten, also uses the Matrix-2000
accelerator, but this is not a GPU); The percentage of GPU utilization
decreases further when considering a larger number of supercomputers.

But all this becomes weakly significant compared to the growing use
of AI, which is covering more and more new areas of using— this primarily
determines the requirements for GPUs (the HPC market is negligibly small
compared to AI). Modern supercomputers included in the Top500 are also
becoming Al-focused.

A review of the current global GPU market by renowned Chinese
electronics industry analyst Chen Lizhong also suggests continued growth
in the industry [20].

Relevance of the review, selection of GPUs under consideration
and areas of their analysis. As general modern overview of different
types of accelerators, including GPUs, can be considered [21] from the
famous European BPG (Best Practice Guide) series. But today GPUs
are characterized by ultra-fast development, and we can already talk
about the emergence of a new generation of GPUs. In this review, GPU
performance analysis focuses primarily on HPC tasks. There are publications
that implement the fusion of traditional HPC fields with AI, for example,
quantum molecular dynamics (QMD) and AI [22], or computational fluid
dynamics and AT [23]. But currently combining traditional HPC tasks with
AT methods may not be necessary (for example, for QMD — see [24]).
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However, currently there is also an integration of HPC, Al tasks and
processing of large volumes of data (as an example of work in the last 2
years, we can cite [25-30]), and benchmarks for this area have already
appeared [31]. As an illustration of the active progress of work in this
direction, we can note the consolidation of the well-known HPC developers
of mvapich2 parallelization tools into new teams at Ohio University (US),
where software tools running on top of mvapich2 are now being created —
High-Performance Deep Learning (HiDL) [32] and High-Performance Big
Data (HiBD) [33].

Given the potentially widespread use of Al in the commercial area, and
the corresponding increased Al focus of modern GPUs [34], this review
considers Al tasks for performance evaluations, although the paper is aimed
primarily at traditional HPCs. The relevance of the analysis of modern GPUs
is even increasing due to the emergence of the latest GPUs with higher
performance (with their use, EFLOPS-level supercomputers are being
created and are expected to be created) and the need for their optimal
selection for the acquisition and use of appropriate hardware and software.
To date, GPUs have come a very long way in the development of their
architectures and performance indicators. Conventionally, the Nvidia V100
and A100 are classified as the modern “basic” generation in this review.
This was chosen both because the V100 was the first to use tensor cores,
and because of the breadth of use of these GPUs on modern supercomputers
and servers. This GPUs review data are based on the V100 and A100 [21].

With the V100 and A100, this review will compare new generation GPUs—
AMD Instinct (Radeon Instinct) MI100 and the MI200 family, Nvidia
Hopper (H100), Intel Ponte Vecchio (Intel now produces a whole series
of GPUs, Data Center GPU Max for which this is a codename), and partly the
latest Chinese BR100 from Biren Technology. These GPUs are conventionally
classified as a new generation, including because it was with their use
that the exascale barrier was first overcome or it is planned to be further
overcome (this applies to GPUs from AMD, Nvidia and Intel). The BR100 is
included here due to its significantly higher specified performance indicators
compared to the A100 [35]: at the processor level, Chinese developers
have not previously outperformed processors from the US and Japan (for
example, the ARM Kunpeng 920 [5] or the Zhaoxin x86 processor [36]),
but the appearance in 2022 of the SW26010pro processors containing 390
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cores with a total peak performance of more than 14 TFLOPS (by default
in the text of this review, double precision, FP64 is assumed) [37] and the
BR100 GPU gave such a high performance achievement that, one might say,
for the first time allowed the Chinese industry to surpass the performance
of some similar US products.

The relevance of a comparative analysis of AMD MI100 and MI200
with the above GPUs from Nvidia, Intel and Biren Technology seems
obvious. The AMD MI250X began to be produced primarily for Frontier,
which became the world’s first exascale supercomputer [38-40], but is
already used in about ten different supercomputers from the Top500,
including the third-ranking supercomputer LUMI [41,42], and GPUs actually
determine the maximum performance, achieved there in the Top500. The
well-known supercomputers Summit and Sierra with V100 nodes have
been in the top ten Top500 for a number of years. Intel X¢-HPC Ponte
Vecchio GPUs will be used in the US Argonne National Laboratory’s Aurora
supercomputer, where peak double precision performance is expected to
exceed 2 EFLOPS [43], and in the SuperMUC-NG supercomputer upgrade
at the Leibniz Supercomputing Center in Germany [44].

In addition, the most energy-efficient supercomputers are built on new-
generation GPUs— for example, Henri with H100 heads the Green500, and
supercomputers with MI250X occupy all the places there from 2 to 7
positions.

The relevance of comparing MI100 with Nvidia GPUs was recently noted
in [45],and now GPU comparison has become even more important due to
the emergence of new higher performance and more energy efficient GPUs.
MI100 and MI200 are already actively used in HPC and AI. Much attention is
paid to the performance data of the MI250X and A100 GPUs, obtained using
the latest HPE/Cray EX supercomputer systems containing them [46].

The new generation of GPUs is distinguished not only by the construction
of exascale supercomputers on them (Frontier— on MI250X [39], Aurora—
on Ponte Vecchio [47], and the Selene supercomputer, which ranks 9th
in the Top500, was supposed to be replaced with H100 [48]), but also
by using other specialized hardware with them. First of all, these are
interconnects (for example, Nvidia NVLinik [13,49,50], AMD Infinity
Fabric, also characterized by regular improvements of versions [10], or the
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CXL standard in BR100 [51]). These hardware closely related to GPU are
discussed in this review. Some server processors— for example, ARM—
Grace processors from Nvidia for work with GPU Hopper [13-15,52] or
AMD EPYC Zen 3 with (alleged) support of Infinity Fabric 3.0 in the I/0
die [53]) were originally intended to work in conjunction with new GPUs,
and are also discussed in the review.

But these CPUs could also be targeted at HPC or Al applications without
using of GPUs. The Intel Xeon Max series [54] (codenamed Sapphire
Rapids), which was originally intended to be used in the GPU-containing
nodes of the Aurora supercomputer, can be used independently of the GPU.

For future EFLOPS-level supercomputers, the EPAC accelerators
being developed within the European Processor Initiative (EPI) may be
of interest, which are based on RISC-V with the ability to work with
vectors of length 256 numbers in the FP64 format [55]- but these are
accelerators that are not related to the GPUs, and EPAC is still at the
development stage (only its test version 1.0 is available [56]), and a chiplet
is being constructed from a number of tiles of various types, where EPAC
is only one of them [57]. Accordingly, EPAC is not within the scope of this
review.

The review consists of sections with subsections. Section 1
discusses the general hardware and software features of GPUs from different
manufacturers. Section 2 analyzes the new Chinese GPU, Birentech BR100.
Section 3 analyzes Intel Data Center GPU Max (Ponte Vecchio). Section 4
analyzes Nvidia GPUs: in Section 4.1— A100, and in Section 4.2— H100.
Section 5 analyzes the AMD MI200 GPUs. In conclusion, general conclusions
are drawn.

All sections review the hardware and software (SDK) for the re-
spective GPUs and provide an overview of available performance data.
In Section 3 and Section 5, and in Section 4.1 and Section 4.2, this is
implemented as separate lower-level subsections. When comparing data,
primarily on performance, a comparison was also used with Nvidia V100
performance data, and in Section 5 there is a separate Section 5.3.1 with
AMD MI100 performance data.

The review necessarily uses a very large number of abbreviations. The
author often provides explanations of well-known abbreviations, keeping
in mind the possible reading of the text by specialists from different fields.
A list of abbreviations used in several different sections of the review
(in sections about different GPUs) is given in the appendix.
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1. Common features for GPUs from different manufacturers

Before considering specific GPUs from different manufacturers, it is
necessary to at least list the main software development tools (programming
models) used on modern GPUs with a focus on HPC and Al tasks. Maximum
performance is usually achieved using, of course, SDKs that are clearly
focused on hardware manufacturers: for Nvidia— CUDA (Compute Unified
Device Architecture) [16], for AMD— HIP (Heterogeneous Computing
Interface for Portability) [58], part of the overall ROCm software stack
(lower-level software tools are not discussed in this section of the review).
The noticeable appearance of alternative GPU manufacturers to Nvidia
on the market has increased interest in SDK components that work with
various types of accelerators. HIP already has the ability to work with
Nvidia GPU [58].

Among the programming tools that are not oriented towards working
with the GPU of a certain manufacturer, we first note OpenACC and
modern versions of OpenMP (support for working with accelerators
appeared in OpenMP version 4.0, and since 2021 there is already a 5.2
specification [59]). Later, OpenCL (Open Computing Language) [60], and
then SYCL [61]— an open standard for heterogeneous programming,
became more widely used as tools for developing programs for GPUs
and PGA accelerators. SYCL is developed by the Khronos Group, and
(beginning from SYCL 2020) is based on C+-+17.

Data Parallel C++-, developed by Intel (DPC++) [62] is also an open
cross-architecture language built on C+—+ and SYCL — may become
widespread. DPC++ uses SYCL with extensions that are expected to be
included in future versions of the SYCL standard. OpenCL, SYCL and
DPC++ can also be used for CPUs. Of these, DPC++ now appears to be the
most advanced; A benchmarks already appeared on its basis [63].

Finally, GPU software mentioned here also includes Kokkos [64, 65].
Kokkos (supported in a US Department of Energy project) targets exascale
supercomputers, uses C+-, and aims to be «hardware-neutraly. It
can use, in particular, CUDA, HIP, SYCL and OpenMP as a back-end.
A famous example of an application using Kokkos is the LAMMPS package
of programs for molecular dynamics [66].
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The listed software tools reflect the growing use of C/C++ in the areas
of HPC and AI. But the question of the achieved performance compared, for
example, with CUDA programs on Nvidia GPUs requires further study.

The functional simplicity of GPU cores makes it possible to quickly
switch thread context from active to passive and back, which is not true for
the CPU.

Nvidia’s long-term dominance of the GPU market has led to the
widespread use of terms for GPUs proposed by Nvidia. But the emergence
of a new generation of GPUs, including from other companies, was
characterized by their use of other terms for the same things (most
of them are SIMT terms for APIs— CUDA, HIP, OpenCL and others).
Accordingly, there are many publications and conference reports that
provide correspondences between terms from different manufacturers,
including in tabular form (see, for example, [67,68]). Below in Table 1
such a comparison is made for the purposes of this review.

All rows of the table, except the last two, are API terms. The last two
lines contain terms for similar important hardware components of GPUs
from different manufacturers. This table does not include the terminology
used for the BR100.

The table in the right column shows in bold the terms that will be
used later in this review as common for GPUs from different manufacturers
(although in sections about a specific manufacturer its terminology is also
used).

The used by GPU manufacturers terms may vary depending on their
using for hardware or software, and may change as new models become
available. Thus, AMD uses the term wavefront in the architecture and ISA
manuals discussed in the review of this company’s GPUs— but in the
modern HIP manual only warp is used [58|. And the emergence of a new
generation of Nvidia GPUs caused the emergence of a new term for them —
a cluster of thread blocks for the H100 GPU [16] in the hierarchy of various
levels of thread groups.
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TABLE 1. A comparison of terms used by various GPU manu-
facturers, including their programming models

o Intel L. .
Nvidia AMD (HIP) (oneAPI/ Desrription; the general term used in the
(cupa) SYCL) review (if used as a general term)

Work item: Work- Individual thread (they work together in a
Thread Thread ’ it group of threads— in a warp or in a sub-
rem group); thread
A set of operations (threads) that execute
synchronously, execute the same instructions,
Wavefront; Sub- and follow the same control flow path: a group
Warp (sometimes of parallel threads executed by a hardware
Warp) group unit (Nvidia SM has 32 of them) is the smallest
computing unit, a block of threads per they
are divided; warp
A group of warps/sub-groups running concur-
Work- rently on a GPU (running on a single SM on an
'I;)Iigeczlx{d Workgroup or Nvidia GPU). Can synchronize together and
group communicate using shared memory; thread
block
ND- A grid of blocks of threads, the top level
Grid Grid of the hierarchy of the thread system of the
range entire GPU; thread grid
Streamin An analogue of a functionally simplified CPU
Multi ro% Compute e core | COTC (contain parallel ALUs). For example,
cossor }ZSM) Unit (CU) in Intel Data Center GPU Max X¢ core contains
several SIMD-type ALUs.
. Matrix | Computational unit for multiplying small
T:(r)lrseor Matlrlijxitcore Engine | matrices (similar to GEMM, with mixed
(XMX) precision); tensor core
High-speed (cache-like) low-capacity memory
Local
nslgilrs;i nSllelIanrs;l oca 1 | shared by all threads in a thread block/work-
y Y MEMOTY™ | oroup; shared memory

Global Memory?

DRAM memory available in the GPU; its data
passes through several levels of cache memory

Device? GPU (with the memory); device
Processors and memory (more generally —
Host? the entire part of the computer without the
GPU); host
Part of a program executed on the GPU (func-
Kernel? tion in C, subroutine in Fortran). Kernel can

run in parallel with the CPU; kernel

I Incomplete compliance;

2

a common term for all GPU developers.

Nvidia terms are taken from [16]; AMD— from [58]; Intel — from [69].
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Different levels of thread groups allow you to effectively organize highly
scalable SIMT parallelization. Since a situation may arise where a warp
is waiting for data from memory, the active calculation then switches
to another warp. In classic Nvidia GPUs, for this purpose, SM contains
a warp scheduler (it forms a warp group of threads) and a dispatch unit for
activating warp execution. Similar hardware units exist in GPUs from other
manufacturers.

Another very important common feature of modern GPUs is the ability
to work with data of varying precision, including mixed precision operations.
This, when using reduced precision and, accordingly, the number of bits to
represent a number, makes it possible to achieve several times higher
peak performance, reduce the requirements for GPU memory size and its
bandwidth, which very often limits performance. When reducing the
required memory capacity, the reduced amount of GPU communication with
the CPU can also improve performance. This doesn’t make sense when
working with traditional CPUs, and all floating point calculations in HPC are
done traditionally with FP64. However, for very actively developing Al
areas, working with neural networks uses matrix multiplication, and it has
been found possible to work with lower precision and with mixed precision.

The typical data format for use in deep learning is single precision,
FP32, but many works have shown that lower precision, such as FP16, is
sufficient [70]. The calculation time for deep learning is limited usually by
matrix multiplications, which is what tensor cores in Nvidia GPUs or their
analogues in other new generation GPUs are focused on. The tensor core
in a GPU first appeared in the V100, and from the very beginning it was
considered as an application specific integrated circuit (ASIC) integrated
into the GPU— see, for example, [71]).

Formula (1) reflects the BLAS function GEMM (here A, B, C are

two-dimensional matrices, the dimension of A is M x K, the dimension
of B is K x N, the dimension of matrix C is M x N).

(1) C=aAx B+ 50

Already in the first tensor cores (in V100), the FP32 format was used for
C, and FP16—for A and B [72]. In the A100 you can use BF16 for
A and B, and TF32 for C (although in the A100 it is now possible to work
with the FP64 format in tensor cores) [73].
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TABLE 2. Reduced precision floating point formats on GPUs

Number format Number of bits
Number’s sign | Exponent | Mantissa | In register!

FP32 1 8 23 32
TF32 1 8 10 32
TF32+ 1 8 15 32
FP16 1 5 10 16
BF16 1 8 7 16
FP8-E4M3 1 4 3 8
FP8-E5M2 1 5 2 8

L TF32+ format is only supported by BR100 [35], and FP8 formats are
supported by H100 [78].
This table uses data from Table 11 in [79] with the addition of a TF32+ format line for
BR100 [35].

Similar mixed-precision matrix operations are performed in modern GPUs
on special matrix blocks (see terminologies from different manufacturers
in Table 1) and are carried out for matrices of very small sizes from a fixed
set. For example, in tensor cores A100 for all matrices from formula (1)
with FP64 format M x N x K =8 x 4 x 8 [17]. Many reduced-precision
floating-point number formats have begun to be used on GPUs (primarily for
AT tasks); The basic parameters of formats with reduced (relative to FP64)
precision are shown in Table 2 (this table shows only formats for floating
point numbers— but in Al it is also possible to work with integers reduced
to 8 bits in length, INTS).

Some of these reduced precision formats are not supported by the
IEEE-754 standard [74], but are supported by specific GPU manufacturer
models (TF32, TF32+, BF16, and FP§ formats). It should be noted here
that the TF32 and BF16 formats are considered effective for deep learning
(see, for example, [17,75]). TF32 uses the same 10 bits for the mantissa as
FP16, but due to the longer exponent, the range of numbers represented is
larger, which is important for Al tasks [76]. And in [77] the possibility
of using FP8 formats for deep learning is considered.

Since using reduced-precision formats on the GPU can lead to very
important performance increase, little by little the ability to work with
reduced (relative to FP64) precision has begun not only to be used in Al
but to be studied in other well-known HPC areas, including: FP32 in CFD
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(there were also attempts to work with FP16) [80], FP32 in classical
molecular dynamics (in [81] the performance increase on FP32 was
measured not on the GPU), FP32 in quantum molecular dynamics (there
were also attempts to work with FP16) [82,83], in quantum chemistry
[84,85]. The corresponding increase in performance may be due not only
to a direct increase in the actual performance of the GPU cores due to
a decrease in precision, but also to a possible dramatic reduction in the
requirements for GPU memory capacity.

Naturally, studies began to appear on achieving acceptable precision
of results when working with reduced precision in mathematical methods,
for example, when solving the Poisson equation [86]. Methods for correcting
possible errors relative to FP32 during calculations with FP16 and TF32
(when working on A100 tensor cores) are proposed in in [87]. It is clear that
when working with reduced precision, fairly detailed systematic studies are
required, which may not have time to be carried out due to the ultra-fast
development of modern GPUs and the creation of new data formats in them.

Even in AI, the use of, for example, TF32 with a mantissa reduced
relative to FP32 makes detailed studies relevant due to possible problems
with the convergence of deep learning. Therefore, the TF32+ format
available for BR100, which has a larger number of bits for the mantissa
than in TF32, may be interesting. And, for example, in molecular dynamics,
modern software packages running on the GPU often have options that
allow calculations with reduced precision (for example, for two-point
atom-atom interactions) and in a large number of cases give acceptable
results— however, sometimes this leads to error. The author is not aware
of publications that formulate in which cases such errors occur. For
quantum chemistry the situation may be more complicated, for example,
in iterations with self-consistent total energy. The author is currently
generally wary of HPC calculations with reduced precision.

But until now, tensor cores are considered as ASICs focused on machine
learning tasks (see, for example, [88]), although recently there have been
works aimed at expanding the application of matrix multiplication with
tensor cores to HPC (see, for example, [89]). But in general, for HPC it’s
necessary to be based on the performance achieved by specific applications.
And in [90] it was found that of the 77 known HPC benchmarks selected
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there, only 10 used GEMM. And from the point of view of power efficiency,
the use of emulation of FP64 and FP32 formats with reduced precision
on the V100 tensor cores is significantly worse than the use of vector cores
there. Therefore, for wider use of tensor cores on HPC, from the author’s
point of view, they need hardware support for FP64, which Nvidia began
with the A100.

In general, issues of working with numbers of different precision are
of more general importance, not only for GPUs. For example, in [91]
proposed a new combined multiply-and-add unit targeting HPC and Al
tasks to handle formats having different precision. Some information
about the achievable precision when running on tensor cores for matrix
multiplication using mixed-precision operations is given very briefly later
in Section 4.1.4, which discusses the achievable performance on the A100.

2. New Chinese GPU BR100

This review starts with the Biron Technology BR100 for a number
of reasons. This accelerator differs quite significantly in design from
more traditional Nvidia and AMD GPUs, even in the form of terminology
used. There are almost no publications assessing the performance of the
BR100 in benchmarks and applications, and the prospects for their further
production have become doubtful due to US sanctions. Therefore, the
terminology used for BR100 was not shown in Table 1. Nevertheless,
the analysis of BR100 seems interesting, including as a possible effective
alternative to modern Nvidia GPUs.

The appearance of these GPUs was clearly evident for two reasons— the
high speed of development (they were made “almost from scratch” in just 3
years) and the declared superiority in performance of this Chinese GPU over
the Nvidia A100 (the H100 simply did not exist then).

It should immediately be noted that the BR100 is very clearly focused
on working in the field of AI, which allowed the developers to make a clear
gradation of importance when designing the microarchitecture. The main
available source of information on the BR100 (also used in this review)
is a report at the 2022 Hot Chips 34 conference [35], and additional
information is available on the developer’s website [51]. There were also
minor clarifications in the interview with Biren Technology director Zhang
Wen [92]. Certain comparisons of the characteristics of the BR100 with
other GPUs are then carried out only in relation to the A100, since this
model is classified as a base model in the review.
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BR100 Architecture Diagram

~

F1cure 1. BR100 microarchitecture (figure from [35])

The overall microarchitecture of the BR100 is shown in Figure 1 [35].

The BR100 family contains two different models— the BR100 and the
simpler, cheaper BR104, so BirenTech now also uses the BR10X name [51].
General characteristics demonstrating the success of the BR100 family are
usually given for the BR100 model (see also Table 3). It should be noted
here that the BR100 uses chiplets, is based on the use of two tiles (see
Figure 1), and is manufactured using TSMC 7 nm technology (CoWoS
2.5D [35]). BR100 contains 77 billion transistors with a total area of 1074
mm?. The BR104 has one tile, and many indicators are also half that
of the BR100 (see Table 3).

The main component shown in Figure 1 that determines the achieved
performance of the BR100 is the SPC (Streaming Processing Cluster),
which can be partly considered a kind of analogue of the Nvidia GPC
(Graphics Processing Cluster) in the A100. Each of the two BR100 tiles
has 16 SPCs.

Each SPC contains 16 EU (Execution Unit) blocks, which contain the
actual computing components of the GPU— 16 vector cores (V-cores),
and one tensor core TDA (Tensor Data Accelerator) [35]. With a target
clock frequency of 1 GHz (it is noticeably lower than the accelerated core
frequency in the A100, see Table 13 below) and knowing the number
of FP32 results achieved per clock cycle in the V-core (FP64 is not
supported in the BR100, which is due to the focus on AI), this makes it
possible to calculate peak performance with FP32. Table 3 provides data
on the peak performance achieved when working with TDA (since they are
especially relevant for Al tasks, which the BR100 is primarily focused
on) [51]. The peak performance values achieved (for Al-relevant data
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TaBLE 3. Comparison of BR100 and A100 specifications
BR100! BR1042 5
GPUs (Walli 100P) | (Walli 104P) A100-PClIe A100-sxM4°
Technology, nm 7 (TSMC)
Full-length
Form factor 0AM two slot PCle PCle SXM
board

Performance
(peak):*
FP32 (TFLOPS) 240 112
TF32+ (TFLOPS) 480 224 156,/312%6 156,/312%6
BF16 (TFLOPS) 960 448 312/6243 312/6243
INT8 (TOPS) 1920 896 624/12483 624/12483
Memory type and HBM2E HBM2E HBM2E HBM2E
capacity 64 GB 32 GB 40 GB 80 GB
Memory bus width 4096 2048 5120 5120
(bits)
Peak Bandwidth
(TB/s) 1.64 0.819 1.9 2.0
Interconnect to BLink BLink . .
GPU, Peak (8 ports x8), | (3 ports x8), | NViinkS, | NVLinks,
Bandwidth (GB/s) 448 192

PCle-5.0, PCle-5.0, PCle-vd
Interconnect to CPU | x16 with CXL | x16 with CXL 16 NVLink3

support support
TDP, W 550 300 250 400
L see [99];
2 see [100];

3 after the slash data is given when using sparsity;

4 data using tensor cores are presented;

5 data from [93,94];

6 for A100 data is given for TF32.

formats) are only slightly below initial expectations [35] and 1.5-2 times
higher than in A100.

In fact, in the hierarchy from the SPC to EU level in BR100 there is

an intermediate level — CU (Compute Unit) blocks, each of which can
contain 4, 8 or 16 EU blocks (see the right side of Figure 1) [35]. CU can be
considered an analogue of SM (Streaming Multiprocessor) in A100.

A CU with four EUs has a 64 KB L1 cache (LSC). Next in the memory
hierarchy is the L2 cache with a capacity of 8 MB per SPC, which gives
256 MB for the entire BR100. HBM2E memory with a capacity of 64 GB
(in modern A100 models the capacity is increased to 80 GB— see, for
example, [93]) has an interface width of 4096 bits with a bandwidth that is
also lower than that of the A100 with 80 GB [93] (see Table 3).
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To achieve high GPU performance, memory bandwidth is important,
and some lag here between the BR100 and the A100 is compensated by the
huge capacity of the L2 cache (the A100 has a much smaller L2 cache
capacity —40 MB [94,95]). To maintain more efficient operation of the L2
cache in the BR100, use Near Memory Computing [92]. Obviously, this is
a certain analogue of the Near Memory Processing paradigm, close to the
PIM, processing-in-memory paradigm, the goal of which is to spatially
combine computing units with memory and greatly reduce data transfers
between them [96], applicable for AI tasks [97,98].

Turning to the bandwidth, it is equally important for communication
between two BR100 tiles, and is 896 GB/s [35], which allows the BR100 to
be treated as one common GPU.

For communication with the CPU, PCle-5.0 (x16) is used, with support
for CXL (Compute Express Link) — an interconnect with support for cache
coherence [101,102], which has a clear tendency towards standardization.

Up to 8 BR100 GPUs can be installed in one server, and for com-
munication between such GPUs, point-to-point communication channels
(i.e., between each pair of GPUs) BLink are used, which uses SerDes
(serializer /deserializer) [92]. One BLink has a bidirectional bandwidth of
64 GB/s [35], respectively, for 7 BLink channels connecting one GPU to
all others, the total bandwidth is 448 GB/s. Choosing to fully support
all point-to-point connections gives the BR100 an advantage due to the
absence of potential contention when multiple GPUs share interconnect
bandwidth, while GPU-to-GPU communication via the CPU has its downsides
in bandwdith and latency [3]. Therefore, as noted in [3], the topology
of such interconnect is very important.

For communication between the A100 GPU with the SXM4 form
factor [103] the Nvidia NVLink3 interconnect [94] is used, where 12
channels with a bandwidth of 50 GB/s are used to connect the GPU-GPU —
accordingly, a bidirectional bandwidth of 600 GB/s is obtained [94], which
is much more than for BR100. The BR100’s communication with the
CPU has significantly higher bandwidth (896 GB/s) than the NVLink3’s
600 GB/s. And in the A100 with PCle-4.0 model, the communication
bandwidth between GPUs is the same as that of the BR100, 64 GB/s [93].

It is clear that the effectiveness of a GPU interconnect can only be
assessed by the measured performance of benchmarks or applications, which
is practically non-existent for the BR100 at the moment. The observed
orientation of applications to minimize all communications between the CPU
and GPU (this is one of the basic rules of optimization in CUDA on the
A100 [104]) suggests that scaling performance with increasing number
of GPUs in a server with A100/SXM4 (in the case of rather large requirements
for such communications) will be higher than in a server with BR100.
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The advantage of BR100 is the use of 0AM Spec v1.1 [92] — a rapidly
spreading and actually claiming to standardize the 0AM (OCP Accelerator
Module) form factor [105] (the corresponding module with BR100 is called
Wallil00 [92]); And the BR100 is located on the UBB board [92], which
can also become the standard of the future [105]. For comparison, the
A100 with a high-speed NVLink3 GPU interconnect uses Nvidia’s own SXM
form factor, while the maximum number of GPUs in a server (for example,
in the famous Nvidia DGX for AI) is also 8 [106].

Of course, BR100 provides a number of other features not discussed
here— including 4 blocks of special functions (Special Function Units—
SFU, analogues previously known in Nvidia GPUs, used, among other things,
to calculate elementary functions); ability to work with NUMA and UMA;
support for up to 8 virtual GPUs (Secure Virtual Instance, SVI — analogous
to Nvidia MIG, Multi-Instance GPU), which allows several applications (that
do not support good scaling to a full GPU) to effectively work with the one
GPU simultaneously [35,99]. Classic shader blocks for image processing are
completely absent in the BR100, which is due to the unique orientation
of this GPU towards AI (the video codec is supported [99], but this is not
discussed in the review).

Another important modern GPU parameter is TDP — according to
Table 3, BR100 needs more power consumption than A100. If we calculate
power efficiency (performance per watt), then, for example, for the BF16
format relevant for AI in the BR100 it is higher than that of the A100
with SXM4 or PCle (without using sparsity). The created Haixuan 0AM
server [92,99] contains 8 BR100s and has a peak performance (for BF16)
of about 8 PFLOPS with a maximum TDP of 7 kW [92] (see Figure 2) [35].
Together with Inspur, a well-known manufacturer of multi-GPU servers for
AT cluster solutions are also planned [92].

The BR104 not only has half the performance and memory capacity
(see Table 3), but also the number of Blink ports is 3— accordingly,
fewer GPUs can be installed in one server. The announcement of the
Wallen Technology Wallace 104 server with BR104 was reported in a
number of media. The form factor is also important here— the BR104
uses a full-size two-slot board [100]. This can be compared with the
A100-PCle— based on them, Nvidia produces, for example, HGX modules
(with a PCle form factor) for servers, including two connected via the
NVLink Bridge GPUs [93].

Regarding the BR100 (Bi Liren) architecture in a general sense, and
not about the microarchitecture, it should be noted that there is a large set
of supported data formats (Table 3 shows the performance for only some
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OAM Server Interconnect Topology . e

NIC | | NIC c NiC | | NIC

FIGURE 2. Interconnect topology in a server with BR100
(Figure from [35])

of them): INT8, INT16, INT32, FP16, BF16, FP32, TF32+. Information
about them, primarily about the original development of Biren Technology
TF32+, is available on a number of sites (see, for example, [107]). TF32+
looks like an attempt to improve the well-known TF32 format for tensor
cores from Nvidia [94] (see Table 3), with the help of which the BR100
developers wanted to increase precision and performance [51]).

To work with BR100, a set of software tools BIRENSUPA (BIREN
Scalable Unified Parallel Architecture) [92]— was developed — drivers, the
BRCC compiler with support for extended C++, program libraries and
other tools focused primarily on deep learning [35,108]. BIRENSUPA has
a programming paradigm and language style similar to NVidia CUDA, and
also uses hardware capabilities unique to the BR100 [92]. But there were
no publications demonstrating the use of these software tools and the
actual performance achieved at the time of writing the review.

As for performance for Al, for BR104 there is data for two tests from
the well-known set of benchmarks for the machine learning inference stage,
MLPerf inference datacenter™ version 2.1 [109,110] for data centers.
The MLPerf inference datacenter benchmarks results show how quickly
a trained neural network can perform inference tasks on new input data.

The first benchmark for image classification from the MLPerf Inference
datacenter is based on ResNet (residual neural network) using the famous
artificial neural network technology; ResNet has been expanded and
modernized many times, and has been used, for example, for image
processing for the diagnosis of COVID-19 (see, for example, [111]). Another
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TABLE 4. MLperf 2.1 inference datacenter benchmarks data
(December 2022) on servers with GPUs

I Natural
mage. Language
Cl(aim%cga[;gl)on Processing
Number =997 _
%lgg_ of GPUs Server model and (A=99.9%)
Is in the manufacturer offline offline
€ server server (sam- server (sam-
(queries/p) ples/s) (queries/s) ples/s)
BR104,| 4 Inspur NF5468M66! | 150027 | 212391 | 8993 | 11106
PCle 8 Inspur NF5468M66-P2 | 200052 | 424660 | 13952 | 22134
‘:xlb?o’ 4 Lenovo SR670v23 | 150027 | 174180 No data
80GB 4 | Dell PowerEdge XE85454| 128029 | 131364 | 5207 | 5476
A100,
PCle, 8 ASUS ESC8000A-E11° | 270066 | 283838 11496 13129
80GB
‘SA‘;D?O’ Inspur N5688M66 | 313069 | 347202 No data
30GB 8 Inspur N5488A57 | 200066 | 346954 | 13594 | 14977
H100,
SXM, 1 Nvidia Preview® 58995 81292 6195 7921
80GB

I with Intel Xeon Gold 6354 and sulnfer;

2 with Intel Ice Lake-SP 8368 and sulnfer;

3 with Xeon Platinum 8360Y 2.40 GHz and with CUDA 11.6;

4 with EPYC 7763 and with MaxQ, TensorRT 8.4.2 and CUDA 11.6;
5 with 64-kernel EPYC 7763, TensorRT 8.4.0 and CUDA 11.6;

6 with Xeon Platinum 8358, TensorRT 8.4.2 and CUDA 11.7;

7 with EPYC 7713, TensorRT 8.4.2 and CUDA 11.7;

8 with 8-kernel EPYC 7252, with TensorRT 8.5.0 and CUDA 11.8.

benchmark for work with natural language, BERT (Bidirectional Encoder
Representations from Transformers), uses a transformer-based machine
learning model to pre-train natural language processing using a bidirectional
encoder [112]. This method is extremely widely used and is probably most
famous for its use by Google LLC.

The results of these famous tests, presented in [109] for servers with 4
or 8 BR104 GPUs, as well as for servers with 4 or 8 A100 GPUs, are shown
in Table 4, which selects the highest performance results achieved. The
specified data for GPU BR104 and A100 refers to the class of available (that
is, the corresponding servers can be purchased).

In these tests, the required accuracy of inference (A) is 99% or 99.9%
relative to FP32. But we must keep in mind that the achieved performance
may significantly depend on the software development systems used. For
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the A100, in addition to basic CUDA tools, to achieve high performance, To
achieve high performance, special Nvidia TensorRT software [113] was
used; For BR104, sulnfer tools were used.

Performance data from MLperf inference datacenter 2.1 using 4 and 8
BR104 GPUs in Inspur servers showed the performance advantage of BR104
in the natural language processing (NLP) test with the BERT model by
one and a half to two times when using the same number of BR104 or
A100 in the server. In the "offline" scenario of the image classification
test with the ResNet model on servers with 4 and 8 GPUs, servers with
BR104 are also faster than servers with A100 (see Table 4), and in the
"server" scenario of this test on servers with 4 GPUs, A100 is not ahead
of servers with BR104, but significantly faster than them when using
8 GPUs. This may also be due to the advantage of NVLink3 over BLink
with such a number of GPUs.

These tests may require less computational resources than MLPerf
Training, often run on the A100 GPU: MLPerf Training measures the time
required to train machine learning models to a target level of accuracy,
where the main tasks are the actual training.

The above data about the BR100 clearly indicates that it is designed
to compete with Nvidia GPUs, which should be supported not only by
the higher peak performance of the BR100 and the high performance
achieved in Al tests. A clear focus on extremely rapidly developing and
commercially relevant Al tasks (which made it possible to target the BR100
hardware more narrowly and economically), and the use of hardware that
claims to be standardized should help reduce the cost of the BR100, which
is combined with the initially rather typical for Chinese manufacturers
lower cost relative to products Western countries.

However, the situation with the BR100 changed dramatically due
to US sanctions imposed in 2022, as a result of which TSMC stopped
manufacturing and supplying BR100 chips. This has been widely discussed
in various media, but here it should only be noted that this ban is aimed
against possible competition with Nvidia and does not contribute to the
acceleration of the development of the global GPU market.

3. Intel Data Center GPU Max (Ponte Vecchio)

The choice of Intel Ponte Vecchio (hereinafter abbreviated PVC) as
a new generation of GPUs as the next object of analysis is due to the fact
that at the time of writing the review they had just appeared on the
market in the form of several different Data Center GPU Max models, and
scientific publications about their performance are almost are missing.
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Intel’s information about available PVC models was changing at the time
of writing this review. And the PVC architecture (and the software SDKs
used) are quite different from the more “traditional” GPU architectures from
Nvidia and AMD.

The appearance of PVC has been expected for several years; in September
2022, Intel announced the start of supply of PVC to the Aurora supercomputer
at the Argonne National Laboratory in the US. But this supercomputer is
missing from the June 2023 Top500 list.

3.1. PVC hardware

Intel developed the X¢ architecture (“eXascale for everyone”) for use
in a wide variety of classes of GPUs (not just GPGPU), to work with both PCs
and servers. X°¢ has a common instruction set architecture (ISA), and
Intel uses 4 different microarchitectures— each class of GPU has its own
microarchitecture [69]; PVC uses the X¢ HPC GPUs [114,115]. For data
centers, Intel offers Data Center GPU products, including two series— Data
Center GPU Max [116],— this is the official name that replaces the use
of the Ponte Vechio code word (abbreviation PVC in this review), and the
Data Center GPU Flex series [117] with X°-HPG microarchitecture.

The review considers only the family of HPC-oriented GPUs with the X¢
HPC-GPU microarchitecture— Data Center GPU Max (PVC is designed to
work in exascale supercomputers; PVC further means the senior model
of this series, Max 1550— for the formation of the Aurora supercomputer,
Intel supplied this GPUs, and data about it have been presented in a number
of publications cited here in the review). Intel points to 3 different models
in this family, the recommended price data for which was expectedly not
provided on the website ark.intel.com at the time of writing the review —
in accordance with the corresponding lack of similar price recommendations
from other manufacturers of new generation GPUs. Table 5 shows the
basic specifications of various PVC models. This table shows only GPU
specifications that are primarily relevant for classic HPC tasks. And, for
example, the number of blocks in PVC for processing ray tracing, which
can also be used for AI tasks (see, for example, [118]), is not given here
(there are as many of them in PVC as X¢ cores— 128) — because hardware
capabilities of PVC for ray tracing are also not discussed in the review.

For the production of PVC, it was planned from the very beginning
to use three-dimensional laying based on tiles [114,120]. Intel could
have been pushed to this point by a certain lag in its own semiconductor
technology (sometimes formulated as rumors [121]). According to a report
from the famous exascale computing project ECP [67], PVC was planned for
delivery in 2021.
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TABLE 5. Basic characteristics of Data center GPU Max series
models (PVC)

aPU Number of Frequency (GHz) .Memory ‘ TDP,
model | X cores XMX XVE Base Max. Cagaglty, balédgv/l;ith, Watt
1100 56 448 448 1.0 1.55 48 1228.8 300
1350 112 896 896 0.75 1.55 96 2457.6 450
1450 128 1024 | 1024 no data 128 no data 600
1550 128 1024 | 1024 0.9 [ 1.6 128 3276.8 600

XMX(X® Matrix eXtensions) — matrix units, XVE (X° Vector Engines)— vector units. The

data in the table is taken from different (in time) versions [116] and [119]. Models 1350 and
1450 are marked in red because they are not listed on ark.intel.com at the time of review
writing.

PVC uses three-dimensional Co-EMIB (Co-Embedded Multi-Die
Interconnect Bridge) technology using chiplets, which promotes high
performance, and with PVC we can talk about working with PIM architecture,
aimed at solving the problem of exchanging large amounts of data with
memory [122]|. The construction of three-dimensional processors from
several crystals (dies) in [123,124] is indicated as a progressive way to
ensure the continuation of Moore’s law, and three-dimensional memory
began to be made quite a long time ago, which was the case not only for
HBM (see, for example, [125]).

Here it is necessary to point out an alternative option for integrating
different dies into a whole (Intel’s tiles in PVC) using chiplets, used by
AMD, including when building the MI200 GPU. For a modern overview
of chiplets, see [126], and modern AMD GPUs are discussed below. It
should also be noted that the standard chiplets interconnect, which is being
developed by a consortium of a number of companies, including Intel,
AMD, ARM, Google and TSMC, includes not only the physical layer —
there is now a UCle 1.0 specification [127].

Model PVC contains 100 billion transistors arranged in 47 functional tiles
(thermal tiles are not counted here), combined into 5 nodes [116,128-130].
Of this large number of tiles, two tiles are basic, 16 are compute tiles (see
Figure 3 [131]), 8 are HBM2E memory tiles. The PVC is structured as 2
hardware stacks [129]— each of the two base tiles contains 8 compute tiles
and 4 memory tiles (the logical relationships of these PVC components
are presented in Figure 3). Basic tiles also contain PCle interfaces and
channels to HBM2E.

These tiles, as well as the interconnect tiles between GPU PVCs, X°
Link [129,130] will be briefly discussed below. Rambo (Random Access
Memory, Bandwidth Optimized) cache tiles were also planned for PVC [129],
but for the X¢ architecture in [114] they are listed as optional, and they
are not included in the microarchitecture datasheet [130].
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Multi-Tile Architecture

HBM PHY HBM PHY PCIGens HEM PHY HBMPHY | XeLink PHY
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Ficure 3. Tile-based PVC architecture (drawing from [129])

The implementation of advanced multi-chip 3D technology is discussed
in more detail in [128]. Consideration of technologies is not within the
scope of this review; It should be noted only the use in PVC of a 24-layer
substrate, which ensures operation with overos three-dimensional stacking
technology [132] and with 2.5D EMIB (Embedded Multi-die Interconnect
Bridge) technology [133], which when used together they are called
Co-EMIB [122]. EMIB is used to support local internal interconnects;
Foveros with Intel 7 technology (formerly Enhanced 10nm SuperFin)
is used in base tiles. Memory tiles are made using Intel 7 technology,
Compute tiles are made using TSMC N5 technology, and HBM2E memory
tiles are made using TSMC N7 technology. PVC is manufactured for the 0AM
1.1 form factor [134]), which provides high equipment packaging density
and, as noted above in Section 2, is intended to be used as a standard.
Tiles are further considered not in technological terms, but simply as
certain blocks of microarchitecture— accordingly, some types of tiles are
not mentioned here at all.

It should be noted here that Intel also uses other terms (not just tiles)
to refer to X class of microarchitectures hierarchies [69,130]. Subslices
are not used for PVC, they are an analogue of X¢ cores in PVC. In PVC
(Data Center GPU Max, below the level of the entire GPU, there are 2
levels of hierarchy — a slice (X¢ HPC Slice) and a stack (X°¢ HPC stack).
Slice has 16 X¢ cores and 16 ray tracers. The stack contains 4 slices
(respectively with 64 X° cores and 64 ray tracing acceleration devices)
[69,115]. In addition, the stack has an L2 cache, a memory controller,
a PCle-v5 interconnect and 8 X° Link channels (see below). PVC scales up
to two stacks— up to 128 X cores [116,130]. X¢ cores are analogous
to SM in Nvidia GPUs, and comparing their number is often used when
comparing different GPUs (as well as the number of cores in the CPU).
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TABLE 6. The number of operations per clock cycle performed
in one X° core and in the hierarchy of units performing
calculations for different data formats [69]

Execution units | Data format Number of operations per cycle
FP64 256
8 x XVE FP32 256
FP16 512
TF32 2048
FP16 4096
8 x XMX BF16 4096
INT8 8192

Slice— 16 times more execution units and operations per clock cycle

Stack— executing blocks and operations per clock cycle are 4 times more

Double-stack PVC (model 1550) — still 2 times more execution units and operations
per clock cycle

XMX does not support the use of the FP64 format

A general description of the PVC microarchitecture is available in [130].
Each computing tile contains 8 X¢ cores, of which there are 128 pieces
for the entire PVC. Each X¢ core has 8 XVE vector engines with 512-bit
vector lengths and 8 XMX matrix engines working with 4096-bit operands
[69,129,130], and has a X¢ Link, interface based on a coherent interconnect
CXL [135] (also previously developed by Intel).

Accordingly, the PVC has a total of 1024 XVE vector engines and 1024
XMX matrix engines. XMX are an analogue of Nvidia tensor cores (this was
indicated in Table 1 in the introduction), which are found not only in the
V100 and A100 GPUs, but also in other Nvidia graphical processors [136].

XVE units operate on 512-bit operands and use multiply-and-add
operations. This gives the X¢ core 256 FLOPS per clock for FP64 (and for
FP32 too) [129].

Table 6 shows the number of operations performed per clock cycle with
the different data formats available for XVE and XMX [129,130]. This allows
peak performance P to be calculated using clock frequency v. So, for FP64
or FP32 formats when working with XVE P = 128 x 256 x v, that provides
52.4 TFLOPS (Table 7 shows numbers rounded to the nearest integer,
taken from the Intel overview [130]). Considering the possible values of
v, given in Table 5, it becomes clear that this numbers are calculated
assuming operation at the maximum, and not at the base frequency.

From the data in Table 7, we can conclude that when using vector
(without using matrix blocks) operations, peak performance for FP64,
traditional for HPC, grows monotonically with the start date of new GPU
models.
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TABLE 7. Comparison of vector and matrix (XMX) peak
performance of Intel PVC and GPUs of other companies for
different data formats

Eirrff’;t?ance for different | pye | A100 | H100-8xM | H100-PCle | MI250X
FP64 (TFLOPS)? 52 | 97 33.5 25.6 47.9
FP32 (TFLOPS)! 52 | 195 66.9 51.2 479
XMX TF32 (TFLOPS) 419 | 156 | 4947 378 No
XMX BF16 (TFLOPS) 832 | 312 | 9894 756 383
XMX FP16 (TFLOPS) 832 | 312 | 989.4 756 383
XMX INT8 (TOPS) 1664 | 624 | 1978.9 1513 383

I Data without matrix operations (XMX in PVC does not support FP64). With the
use of tensor cores, the peak performance of the H100, A100 and MI250X is twice
as high. Data for Nvidia H100 are taken from [78], for A100— from [73]; data
om PVC— from [130,138].

In the field of AI the FP32 format is normal, and it’s possible use
FP16/BF16, including on XMX (see the text above in the discussion
of formula (1)). The square root operation in FP32 format, according
to [69], gives four results per clock cycle in XVE.

For Intel graphical processors, not very low frequencies are observed;
For example, Arc Alchemist can reach more than 2 GHz [137]. Previously,
in [129] it was indicated that the FP32 peak performance was expected to
be at least 45 TFLOPS— this most likely means that Intel managed to
increase the clock frequency compared to last year’s prototype in PVC.

Nevertheless we must keep in mind that the power consumed in this
case increases in proportion to the frequency, and increasing the frequency
to maintain reliable operation of the chip often also requires an increase
in voltage, the square of which is proportional to this power. The TDP
of the PVC model under consideration is 600 W, and assumes liquid
cooling [129] (see also comparisons of Data Center GPU Max models
in Table 5). In [129] another PVC model with possible air cooling and a TDP
of 450 W is indicated — this corresponds to the Data Center GPU Max 1350
model.

However, in mid-2023, Intel announced the discontinuation of the Max
1350 model due to the creation of a modified version of the Max 1550 with
air cooling, and plans to produce a new Max 1450 model [139].

Table 8 provides a comparison of PVC (by default, this refers to the only
model 1550 available at the time of writing the review) with other GPUs
considered in the review in terms of other very important for performance
indicators.
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TABLE 8. Comparison of PVC hardware specifications with
other modern GPUs

GPUs PVC H100 A100-sXM4-40GB | MI250X
Intel 7 (7 nm) | TSMC

Technology & TSMC N5 | 4N (5 | TSMC N7 (7 nm) (TGSI&?
& TSMC N7 nm)

Memory capacity, GB 128 80 40 128

Memory type HBM2E HBM3 HBM2 HBM2E

Momory bus width, 8192 5120 5120 8192

Bandwidth, TB/s 3.3 3.0 1.6 3.2

Form factor 0AM SXM SXM 0AM

TDP, W 600 700 400 560

Multi-Tile Architecture

HBM PHY HBM PHY PCI Gen

Compute Compute Compute Compute
Tile Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO

Compute Compute Compute Compute
Tile Tile Tile Tile

(8IW3-00) B1L 0} B1LL

Xe Link PHY HBM PHY HBM PHY

FIGURE 4. Memory hierarchy in PVC (Figure from [129])

Due to the high computing performance of modern GPUs, actual
performance achieved when working with them is often limited by memory
bandwidth, which happened before (see, for example, [140]), and now often
happens (see, for example, [141,142]).

A discussion of the PVC memory hierarchy should begin with the
register file, which has a capacity of 64 MB (512 KB per X¢ core) and
provides a bandwidth of 419 TB/s [120]. The L1 cache is traditionally
divided into an instruction cache and a data cache, which has a capacity of
512 KB per core [129,143]. The PVC also has SLM (Shared Local Memory)
with a total capacity of 8 MB for the entire PVC [69]— see Figure 4.

Each compute tile has 4 MB L1 [129], a total of 64 MB per PVC,
with a bandwidth of 105 TB/ [120]. The 408 MB L2 cache (204 MB per
stack)[144] on the base tile [129] has a bandwidth of 13 TB/s [120]. Data
for other Data Center GPU Max models is shown in Table 9.



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 335
TABLE 9. Memory hierarchy and interconnects of data center
GPU Max series models
L1 cache, L2 cache, HBM2E HBM2E Number
GPU MB — per MB —per capacity per bandwidth of X¢
model | GPU/per one | GPU/per one one X¢ HPC TB/ ’ Link
X€ core X€ HPC stack stack, GB s ports
1110 28/0.5 108 481 1.2 6
1350 48/0.5 216,/108 48 2.5 16
1450 64/0.5 408/204 64 no data
1550 64/0.5 408,/204 64 3.3 l 16

! Model 1110 has only 1 stack. The table data is taken from [69,116] and [119].
Models 1350 and 1450 are marked in red because they are not listed on ark.intel.com
at the time of writing.

In addition, in [129] it is indicated that the base tile contains a TLB
buffer, traditional for conventional CPUs (which can also be considered some
kind of cache), and also a RAMBO SRAM cache— see Figure 4. This
cache consists of 4 banks with a capacity of 3.75 MB on a base tile that
also contains a cache switch [129]. But the technical review of Intel Data
Center GPU Max[130] does not mention the presence of a RAMBO cache.

The HBM2E memory itself in PVC combines up to 128 GB (8 tiles)
and operates over a channel with a width of 8192 bits [120]. As stated
in [69], the GTI (Graphics Technology Interface that connects the GPU to
the rest of the computing system) bandwidth of a single PVC stack is
1024 bytes/cycle for reading or writing, which for a dual-stack PVC with
a maximum frequency of 1.6 GHz (for 1550 model) provides bandwidth
of approximately 3.3 TB/s (see Table 5). The bandwidth of this memory
for other Data Center GPU Max models is also shown in this table.

Although each of the two EMIB-linked (up to 230 GB/s in both
directions) stacks has its "own" L2 cache and 64 GB HBM2E memory [130],

Before considering scaling computing resources using the X¢ Link
hardware available in Data Center GPU Max which provides coherent
interconnection between GPUs in the server [130], it is necessary to point
out the differences between different GPU models of this series (see Tables 5,
9). In addition to the older Max 1550 model, there is also data on the Max
1450, 1350 and 1100 models (as noted above, Intel no longer plans to
produce the 1350 model).

Of particular interest is the future Max 1450 model, which has the
same number of X¢ cores as the Max 1550. And Max 1110 consists not
of two, but of one stack. The number of X¢ cores in different models
is proportional to the total capacity of HBM2E and L1 and L2 caches:
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FIGURE 5. Interconnect between PVCs (Figure from [146])

in the Max 1100 model the corresponding capacities are 28 and 108 MB.
Naturally, as the number of X¢ cores in the models decreases, the TDP also
decreases (see data in Table 5).

Here we can draw an analogy with three different models of GPU MI200
from AMD: the top model MI250X has two GCD (Graphics Compute Die),
like the MI250 (which simply has fewer cores), and the bottom model
MI210 has only one GCD (see below in the section about GPUs from AMD).

The bottom Max 1100 model is also distinguished by a reduced number
of physical X¢ Link ports (see Table 9), but it also uses a form factor
different from 0AM— PCle AIC (add-in card) [116] (add-in card). PVC,
which can be classified as a system on a chip (SoC) [114] has a PCle 5.0
x 16 interface [130] with a bandwidth of about 63 GB/s [69]; In all Data
Center models, GPU Max PCle 5.0 is used to communicate between the GPU
and the host [116].

The X¢ Link tile supports embedded switch and 8 X® Link channels,
with each channel communicating directly to each (see Figure 5) [143].
And in two stacks there are respectively 16 X Link channels [69]. In [130]
reported a per-X¢ Link bandwidth of 26.5 GB/s in each direction. X¢
Link is designed to provide coherent communication between X HPC
stacks. This accordingly includes both internal communication in PVC (0AM)
and between multiple PVCs (0AM) [130]. This interconnect, used for
communication between multiple GPUs in a server, allows for efficient
operation in SYCL with USM (Unified Shared Memory) mode [69].

What’s important is how the Max 1550 and Max 1450 logically
look to the user. Given the X® Link bandwidth mentioned above, the
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communication bandwidth between the two stacks is much lower than
the memory bandwidth on a single stack. In the AMD MI250X/MI250,
which is similar in this regard, therefore each GCD there logically looks like
one GPU. In [144] states that users treat two PVC tiles as two processors.
However, in Intel’s oneAPI GPU Optimization Guide [145] states that
moving from one stack to two requires simply changing an environment
variable, meaning the Max 1550 gives you the choice of running it as two
different GPUs or as one big GPU.

PVC officially began to be supplied by Intel already at the time of writing
the review, and many details at the hardware level were not yet available,
for example, latencies values, which is also important for communications
via X¢ Link, including between PVC stacks.

In [130], two types of solutions supported by Intel for scaling computing
systems due to an increase in the number of X¢ HPC stacks are indicated:
scaling inside (scale-up)— inside multi-GPU servers, and scaling outside
(scale-out), which refers to the cluster, containing GPU nodes. Above we
actually talked about scale-up scaling.

The scale-out solution can scale to a cluster containing a maximum
of 64 0AMs interconnected via X°¢ Link Glueless. Further scaling along
with Infiniband allows to build a system with up to 512 interconnected
0AMs [130]. “Glueless” interconnects ((where are no intermediate chips) have
been known for a very long time; They provide very low latencies [147].

And first it is planned to use the Tuscany configuration, in which
a common board with four 0AMs can be connected to the server via PCle
5.0. Options are available with Data Center GPU Max with TDP 450 or 600
W, with air or liquid cooling [130]. Taking into account the data in Table 5,
they probably meant the GPU Max 1350 and 1550 models, respectively.

PVC was originally intended to be used in two-socket servers with the
new Xeon Sapphire Rapids CPUs (now called Xeon Max they were used
in Intel’s server performance data [116]). Intel’s currently offered Xeon
Max supports DDR5 and HBM2E (see, for example, [148]). Using HBM
in these CPUs can greatly improve performance, as shown in [149].

In the Aurora supercomputer, the computing nodes are dual-processor
servers (with a Xeon Max 9480 CPUs) containing another 6 PVCs [47].
In addition to the Aurora supercomputer being created, PVC is planned
to be used on the European exascale supercomputer with SiPearl Rhea
processors [150]. Of course, this strengthens PVC’s potential position
in the market, but it will be more important to consider the realities
of performance achieved in applications, transfer of software to PVC and
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cost indicators. Data Center GPU Max of course, is intended to be used not
only on supercomputers, but also at the level of small clusters and separate
servers with GPUs— such servers have already been announced by famous
manufacturers, including Dell, Lenovo and Supermicro.

3.2. Software tools and first initial data on PVC performance

As for software, the existing publication [120], taking into account the
work for the Aurora supercomputer being created at the Argonne National
Laboratory in the US [67,151,152] indicates the accelerated movement
of Intel towards the SYCL standard line from the Khronos Group [153],
extended by Intel in the form of DPC++ (Data Parallel C++) [154]. The
relevance of this direction is clearly, since DPC++ is focused on working
with different accelerators, which provides portability, including between
different GPUs. Intel’s DPC++ compiler is part of the overall Intel oneAPI
software [155], which can also run on Intel processors and PGA accelerators,
giving developers the ability to create a degree of common program code.
Intel is actively developing new versions of oneAPI— for example, oneAPI
2023 is now available [155].

The oneAPI software includes a wide range of tools— compilers,
debuggers, profilers, libraries and specialized tools for working with AI. The
oneAPI DPC++/C++ compiler makes it possible to work with GPUs from
Nvidia and AMD [156]. For optimization tasks when working with oneAPI,
Intel has prepared a special guide [69]. A big advantage of DPC++ itself is
the presence of an open source compiler [157].

In [158], for V100 on the STREAM (triad) benchmark, the bandwidth
achieved with DPC++ was close to that obtained using OpenCL and CUDA,
and the use of SGEMM from the oneMKL library gave 66% of the peak
performance. Obviously, these results can be improved when working with
new versions of oneAPI.

Since oneAPI is an open, standards-based unified programming
model [159], aimed at working with both processors and accelerators
of different types and from different companies [156], taking into account
the end of the GPU monopoly from Nvidia and the transition to the use
of GPUs from different companies, this is definitely promising. But it is
clear that proposals from different companies may evolve in the direction
of unification (for example, AMD’s HIP software is already focused not only
on AMD GPUs), and in this actively developing area it is now difficult to
predict what will become the most used.
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Intel, of course, has also taken care of the pressing issue of possibly
porting code from Nvidia GPUs to PVC, and in oneAPI it also provides
the DPC++ Compatibility Tool (often used abbreviation— DPCT), which
automatically translates CUDA code to DPC++. According to [160], such
automatic porting typically does this for 90-95% of the CUDA code, and
full completing the porting of all code requires manual work. And how
effectively all this will work on the GPU in terms of performance, of course,
there is practically no data yet. In [154] does some preliminary research,
but it does not apply to the GPUs covered in this review, and it is unclear
how relevant it is to HPC workloads. In [161] based on the experience
of porting SGEMM from the MAGMA library, it was concluded that DPCT
can be successfully used for the initial port of CUDA code to DPC++, but the
results used here are for GPUs that are not included in the review.

In general, as examples of work on porting GPU-using applications
to DPC++ should indicate the porting of several well-known molecular
dynamics applications to DPC++— NAMD [162], GROMACS (ported to
SYCL, using the DPC++ compiler [163,164]); LAMMPS can also work
on PVC— but through the use of Kokkos. Data about similar porting
of other areas applications are available in [154]. In [165] discusses the use
of SYCL on Nvidia and AMD hardware by using hipSYCL with different
backends (now hipSYCL is renamed to AdaptiveCpp™).

The tasks of porting program codes from CUDA to oneAPI have already
been considered in a number of articles, since oneAPI tools are applicable
to various graphical processors that appeared before PVC. Thus, in [166],
for numerical integration problems, porting from CUDA (with V100) to
oneAPI required special manual optimization before performance with
oneAPI became slightly lower than with CUDA. In [167], when porting
unstructured grid CFD code to SYCL for the A100 and V100, hipSYCL was
used, but concluded that CUDA was still better for achieving maximum
optimization. For the same CFD area, a similar result was obtained
in [168]. These works noted that better results for DPC++/SYCL can be
obtained in the future as the quality of optimization by compilers increases.
The report at the supercomputer conference at NASA on the transfer
of the FUN3D software package from CUDA to oneAPI (for CFD, with the
solution of the Navier-Stokes equations) [169] essentially also indicated the
advisability of manually optimizing the code for a specific architecture.

It is also worth pointing out that oneAPI has a certain disadvantage
associated with being based solely on C++, since this does not help codes
that natively use modern Fortran. For CUDA there is CUDA Fortran [170].
At the same time, the modern Fortran language when working on the
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GPU began to be considered versions of the standard with support for
object-oriented tools [171]. And modern versions of OpenMP, also
implemented in Fortran compilers [172], have suitable tools for working
with GPUs. But the above disadvantage is associated with delays in the
development of possible new extensions of modern Fortran standards with
tools for efficient work with GPUs.

A more detailed analysis of Intel’s oneAPI is not practical here due
to the very small number of scientific publications demonstrating the
performance of PVC compared to other modern GPUs, including comparisons
with work with other software such as CUDA. Intel has achieved a lot
primarily with oneAPI, as these tools, including DPC++, have begun
to be used on other Intel GPUs — for example, working with the well
known Ginkgo library [173]. In addition, DPC++ learning for students
studying programming of heterogeneous computing systems is already
being implemented [174].

Among the isolated publications with data about the performance
of Data Center GPU Max we point out two works in which the performance
of the Max 1100 model was compared with Nvidia and AMD GPUs.
Article [175] is focused on supporting modern versions of OpenMP, which
allow to work on GPUs. Here, using Max 1100 (with Intel oneAPI 2023) and
A100-40GB (with Nvidia NVHPC 23.3), calculations were performed on the
CFD-related mini-application LULESH using OpenMP parallelization, and
it was claimed that the A100 was 34% better than Max 1100 (although the
performance gain for the A100 depended on the size of the problem used
in the calculation and varied from 15 to 42%). However, the large memory
size of the Max 1100 made it possible to perform LULESH calculations for
higher problem size, where the memory on the A100 was not enough.

In [176], the portability of SYCL to different hardware platforms was
studied and performance data was obtained on a number of different
applications using parallelization with SYCL (mainly in the area of CFD),
executed on Max 1100 (with oneAPI 2023.1), A100-40GB (with CUDA 11.6)
and MI250X (with ROCm 5.4.2; Only one of the two GCDs of the full GPU
was used here, see Section 5.1.1 below for more information).

All selected applications are memory-bound (which limits their
performance) and use structured and unstructured grid methods. On the
BabelStream triad benchmark, the memory bandwidth obtained in [176]
was 1310 GB/s for the A100, 1290 GB/s for the MI250X, and 803 GB/s for
the Max 1100.
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These applications used high-level, method-specific parallelization tools
that generated various lower-level parallelization codes, including SYCL.
In [176], different parallelization variants were used on each GPU for each
application. In the optimal (for A100 performance) variants, this GPU was
noticeably faster in all applications than the Max 1100 in any variants.
And with a similar comparison of the performance of the Max 1100 with
the MI250X, in some cases the Max 1100 was faster, in others the MI1250X.

The information on PVC performance discussed below applies to the
Max 1550 model. The report [120] provides data on acceleration in
PVC (using SYCL tools in DPC+-+) relative to the A100 using CUDA
(although data was also provided for the A100 with SYCL)— according to 8
benchmarks, of which the traditional HPC area includes SYCL HP Linpack
(obviously, an HPL implementation using SYCL). Here an acceleration of 1.5
times was achieved. Among other benchmarks, the most famous is Google’s
hashing benchmark (hashtable), in which a maximum speedup of 2.5 times
was achieved. In other benchmarks, the acceleration achieved was in the
range of 1.4 to 1.8. It is clear that all these numbers require more detailed
clarification. Interestingly, in some of these tests, using SYCL on the A100
gave about 10 percent better performance than using CUDA.

Other data on the performance of PVC are given in [116]— about a 12.8
times acceleration of calculations using the famous LAMMPS molecular
dynamics software package on a dual-processor server with an Intel Xeon
Max 9480 and six Data Center GPU Max— relative to a dual-processor
server with a Xeon 8380. Considering, that 6 GPUs are used here, and
the comparison is made with the Xeon 8380, which are inferior by the
maximum achieved floating-point performance in the widespread SPEC
CPU2017 benchmarks to the AMD EPYC 7763 processors in the speed and
rates variants [177], it would be more interesting to compare performance
with other modern GPUs.

An important publication that provides real data on the performance
of the Data Center GPU Max 1550 compared to the A100-80GB is [178],
which provides not only data on the achieved performance, but also
on porting code from CUDA to SYCL. Here, using the FP32 format, molecular
docking calculations (an extremely simplified specialized technique for
calculating the orientation of closely located molecules, for example, ligands
relative to a protein), which are often used for drug design, were performed.

For this purpose, the CUDA version of the well-known AutoDock-GPU
program was transferred to SYCL using DPCT tools, followed by manual
modification. When moving from calculations on a single Max 1550 stack
to calculations on two stacks (simply changing the environment variable),
the performance of various test calculations increased from 6% to 58%.
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It is worth noting, by the way, the found ratio between the performance
of calculations achieved on the A100 using CUDA and SYCL versions
of AutoDock. Of the 10 calculations performed, the CUDA version was faster
(from 1.24 to 3.64 times) in nine, and the SYCL version was faster in one.

Calculations using the SYCL version of AutoDock using both Max
1550 stacks were faster than on the A100 with the CUDA version in 7 out of
10 calculations (maximum 1.88 times faster); A100 was more successful
in larger calculations (with more atoms or numbers of rotatable bonds).
But all the achieved accelerations of the Max 1550 relative to the A100 were
less than the ratios of the peak performance (for FP32) of these GPUs. As
noted in [178], the calculations here are still preliminary, and improvements
are expected in the AutoDock code.

In [179], data were obtained on the achieved performance of PVC using
package linear algebra tools from the ginkgo library for an iterative solver
of the Navier-Stokes equations (in the PeleLM lattice hydrodynamics
application). When switching from a single Max 1550 stack to dual stacks,
performance increases by 1.5 to 2 times, and the larger performance gains
apply to larger task sizes.

In [179] also obtained similar performance data for A100-80GB and
H100-PCle. A comparison of these results shows that the Max 1550 using
a single stack is on average 1.3 times faster than the H100, and 2.4 times
faster when using two stacks.

It should be noted that this work is also largely preliminary. Thus,
it lists the peak performance of the Max 1550 as 45.8 TFLOPS— less
than the current “official” value of 52 TFLOPS (a lower clock speed was
probably available). The calculations on the A100 and H100 used CUDA
11.8.0, while with the H100 typically used version 12 (for example, all
Nvidia H100 MLPerf benchmarks used version 12.2, see Section 4.2.6).

Even these few publications show the high achievable performance
of PVC. Peak performance data is insufficient to make good estimates
of actual performance. The Max 1550’s greater peak performance compared
to that of the H100 does not necessarily translate into an advantage
in actual application performance achieved. It should also be noted that
the peak performance data given above in Table 7 do not include data
on the peak performance of Nvidia and AMD GPUs for FP64 using tensor
cores (with their use, the performance of top models of these GPUs is higher,
see Table 20), since XMX in PVC this format is not support. It is clear that
for PVC and oneAPI/DPC++ tools to be practically successful, there is still
a lot of work to be done, which will require some time.
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3.3. Summary for Intel PVC

Technologically complex PVC production may not produce a very high
percentage of usable PVC chips (which could also result from a slowdown
in the supply of PVC for Aurora, which is not on the June 2023 Top500 list)
and contribute to an increase in cost. In fact, the same thing was stated
earlier in [180].

Both the Intel Max 1550 and the AMD MI250X can be considered to
consist of two logical GPUs, which raises the question of which comparisons
should be made— for one logical GPU or for a full (physical) one, which is
also associated with cost indicators that can vary greatly.

When compared with the whole AMD MI250X, the PVC is slightly
ahead of the MI250X in terms of peak performance in conventional vector
operations (see Table 7), but also has a slightly higher TDP. But the peak
performance advantage of the new GPUs from Intel and AMD relative to the
Nvidia H100 does not mean an advantage in real application performance.

A disadvantage of PVC for certain HPC applications can be considered
the lack of support for the FP64 format in XMX. When using the Tensor
Cores in the H100-SXM4 (or the equivalent in the MI250X), these GPUs
significantly outperform PVC in terms of peak double precision performance
(see also Table 20 below).

Taking into account the fact that Nvidia already offers the GH200
Grace Hopper superchip with H100 integration with ARM processors
(see Section 4.2.3), and at the CES (Consumer Electronics Show) in early
2023, AMD announced the MI300 GPU with an integrated CPU (in the form
3D chiplet, assumption of readiness— for 2023), from the author’s point
of view, a significantly wider use of Intel GPUs in HPC may be realized
somewhat later, after the implementation of the expected successful Intel
technological processes (especially 18A), which are not expected in 2023.
Intel recently abandoned the “second generation” PVC previously planned
for 2023, codenamed Rialto Bridge [180], containing 160 X¢ cores, so we
should rather expect the release of the Falcon Shores GPU or its subsequent
XPU variant with integration of the GPU and x86 CPU [181]— success
in technology probably determines everything.

Almost more important (compared to the competition between Intel
and Nvidia for part of the GPU market — where AMD also participates)
the author now seems to be the introduction of Intel-supported software
for GPUs in the direction of SYCL— > DPC++ (and oneAPI), since this is not
only allows us to move further away from a narrow focus on specific GPUs
(Nvidia CUDA and partly AMD HIP), but it may also one day become
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effective for new multi-core server processors, the number of cores in which
continues to grow. Perhaps the use of SYCL may immediately become the
most attractive for modernizing C++ applications that have not yet been
ported to the GPU.

However, one should not exaggerate the capabilities of the new
SYCL standard. Thus, the appearance in CUDA tools for H100 of a new
level in the hierarchy of the thread system— a cluster of thread blocks
(see Section 4.2.5)— has no analogues in SYCL. It should also be kept
in mind that SYCL does not solve all performance portability issues, and it
may be necessary to use different algorithms for different hardware [176].

4. GPU from Nvidia: from A100 to H100

As noted above, the base GPUs here include the Nvidia V100 and
A100, which are currently most widely used in the HPC and Al fields,
including in supercomputers. Since the V100 became available back in 2017,
this microarchitecture review only covers the A100; V100 specifications
are shown in comparison tables only. In addition, the most important
computational units and data types that first appeared in the A100 (which
were not present in the V100) are mentioned. Detailed information about all
the improvements to the various components of the A100 microarchitecture
relative to the V100 is available in [73].

The most modern of the “basic” Nvidia GPUs, the A100, has been
produced since 2020, and a detailed analysis of its microarchitecture is not
carried out here, considering the relevant information is already quite
well known. But in the microarchitecture of the H100, naturally, a lot
coincides with the A100, and accordingly, after analyzing the A100, it will
be convenient to talk mainly about improvements in the H100. Accordingly,
only the figure of SM from the H100 is shown here (the A100 is only slightly
different here— and it will simply be stated below what the differences are).
The same applies to software— the review focuses in more detail on what is
appropriate to use on a new generation GPUs.

Data on the achieved performance of the A100 in applications and
benchmarks are also considered somewhat limited, since the main purpose
of the review was the new generation GPUs, the performance of which is
also considered with a comparison with respect to the V100 and A100.
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4.1. GPU A100
4.1.1. AI100 microarchitecture

In current CPUs generations, HPC performance gains come primarily
from microarchitecture advancements rather than from ISA improvements.
n current CPU generations, HPC performance gains come primarily from
microarchitecture advancements rather than from ISA improvements.
In modern Nvidia GPUs, microarchitecture data is also the most important,
but to maximize performance, especially for AI tasks, new improve-
ments/extensions to all levels of the CUDA API and low-level warp are
especially important. CUDA tools can be classified as low-level because it is
possible to work at a higher level — for example, use only already ready
library functions, or work with directives. There is a lower level in relation
to CUDA, where a virtual instruction system (ISA) for Nvidia GPUs is used —
PTX (Parallel Thread eXecution) [182], and accordingly an assembler [183],
but it is, naturally, used very rarely in programming. Strictly speaking, PTX
is an intermediate level —it is then converted into binary code for a specific
GPU model.

By improving the architecture, the review primarily refers to the
microarchitecture. But there is a more general architecture— for different
models of graphics processors, its microarchitectures retain some of its
basic common features.

The A100 uses Ampere GA100 architecture. The A100 was the first
GPU released with this architecture in 2020. Then the other, including less
computationally powerful, GA100 models appeared. They use a smaller
number of SMs and contain a smaller number of tensor cores, but more
high-performance ones. But unlike the A100, their tensor cores do not
support FP64 [184]. In addition, after the US imposed sanctions against
China, Nvidia began to produce the A800 GPUs, which is not subject
to these restrictions, with reduced computing capabilities compared to
the A100. Information about these GPUs is available, for example, in the
well-known Techpowerup database on GPUs produced in the world [185]
(on the Nvidia website consumers were offered to use this database). The
review below only considers the A100.

The most complete consideration of the A100 architecture is in [73],
on which the subsequent consideration of its microarchitecture in this
review is based. The consideration in [73] is partly integrated with
SIMT-based parallelization (using CUDA) due to CUDA’s deep coupling with
Nvidia GPU hardware. This also applies to the hierarchy of different types
of memory in GPU and CUDA (extremely important components for realizing
high performance), and to the hierarchy of different levels of formation
of large groups of parallel threads in CUDA. Table 1 lists all this briefly
in terminological terms. However, not all memory types used in CUDA have
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TABLE 10. Comparison of Nvidia V100, A100 SXM and H100
GPU specifications important for traditional HPC (data from

[73,78,185])
H100

GPUs V100 A100 sxM PCle H100 SxM
Architecture Volta Ampere Hopper Hopper
TSMC Technology LZom | 7 nm N7 4AN? AN?
Chip area, mm? 815 826 814 814
Number of transistors (x10%) 21.1 54.2 80 80
TDP (W) 300 400 350 700
Form factor SXM2 SXM4 PCle-vH SXM5
Number of SMs 80 108 114 132
IS\IP}Ilmber of FP64 vector cores in 392 39 64 64
SNIVl[lmber of FP32 vector cores in 64 64 128 128
Number of INT32 cores in SM 64 64 64 64
Number of tensor cores in SM 8 42 4 4
Boost Clock, GHz 1.53 1.41 1.767 1.98%
Register file size in SM 256 KB 256 KB 256 KB 256 KB

. Up to 96 | Up to 164 | Up to 228 | Up to 228
Shared memory capacity in SM KB3 KB3 KB3 KB3
L2 cache capacity 6144 KB | 40960 KB 50 MB 50 MB
Memory type/capacity, GB H%P;I23/216 HB23E8640 HBM2E /80°| HBM3/80°
Memory bus width, bits 4096 5120 5120 5120
Memory Clock, MHz 876 1215 or 1593 1313
Memory bandwidth, GB/s 897 1oar 2039 1681

1 modified for Nvidia;

2 The number of matrix multiply-and-add operations per clock cycle in the A100
tensor cores is 4 times greater than that of the V100;

3 Shared memory capacity in V100, A100 and H100 is configurable;

4 for FP32 and FP64, for less precision the frequency is slightly lower;

5 there is a model with HBM3/96 GB and a different GPU frequency.

a unique hardware equivalent. There is also the integration of various types
of CUDA memory into one hardware type of memory A100. In addition, [73]
sometimes refers to the V100 architecture discussed in the other Nvidia
description.

The basic specifications of the A100 in comparison with the similar
specifications of the V100 and H100 are shown in Table 10. In technological
terms, due to the more modern 7nm TSMC technology in the A100, with
almost the same chip area, the number of transistors has more than doubled
compared to the V100, but the TDP has not increased as much strongly.

Table 10 shows data for two different A100 models with the SXM form
factor, differing in memory capacity (40 or 80 GB). In addition, there
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are two other A100 models with PCle interconnect, which can also have
capacities of 40 or 80 GB. This somewhat limited representation of the A100
models in this table was chosen for two reasons. Firstly, for ease of reading
and comparison with other GPU models from Nvidia in the format of this
publication. And secondly, the peak performance discussed at this point
in the review (see Table 12 below) was calculated for increased clock speeds,
which are the same for all four different A100 models. In addition, further
in Section 5, which describes the new generation GPUs from AMD (the
comparison with which seems to be one of the most actual in this review),
a more detailed comparison of all characteristics, including performance,
with different A100 models is carried out (see Table 20 and Table 21).

For a starting understanding of the performance of the A100 (to
begin with the peak) it is natural to base it on the SM execution units:
the peak performance of the entire A100 is simply proportional to the
number of SMs, which is indicated in Table 10. In the hierarchy from
one SM to the full A100 there are 2 types of clusters: texture processing
clusters (TPC, Texture Processing Clusters), containing by 2 SMs, and GPC
clusters, containing by 8 TPCs. In the Ampere architecture (in GA100), it
is permissible to have 8 GPCs and, accordingly, 128 SMs [73]. And the
sense of GPC from the point of view of GPGPU (if we ignore textures): it is
a group of SMs physically located close to each other, which gives locality
of parallel processed data with access to them with higher bandwidth and
lower latencies (so to speak, a kind of localised analogue of PIM).

The general construction of SMs, the many of which make up the
computing power of the A100 (also both V100 and H100) can be seen
in Figure 6. Although this is a figure of an SM from the H100 [78]), at the
macro level of the figure, the differences in the A100 from the H100
are easily visible: the A100 does not have Tensor Memory Accelerator;
L1 D-cache capacity is 192 KB versus 256 KB on H100; And in H100,
accordingly, there is a new version of the tensor core. But the main thing is
that in the H100 in each of the 4 SM sections (what is meant here by the SM
section is clear from Figure 6) there are 2 times more vector FP64, FP32
and INT32 engines. In the A100, each section has 8 FP64 enginess, and 16
FP32 and INT32 engines.

Since SM runs warps consisting of 32 threads, each partition has a warp
scheduler that produces 32 threads per clock and a dispatcher with the
same "performance". This reveals the close intertwining of Nvidia GPU
hardware and CUDA tools. A block of CUDA threads (containing warps)
is assigned to one SM. And clarification of the operations of the warp
scheduler is considered not in [73], but in the CUDA manual [16], where it is
stated that SM statically distributes its warps between its schedulers. And
then each scheduler issues one instruction for one of its assigned warps,
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FIGURE 6. General construction of SM in GH100 (Figure
from [78])

which is ready to be executed, if there is one. The warp scheduler is used
to ensure that the computing engines of the SM section are loaded: if
a warp is waiting, for example, for memory operations to complete, then
another warp can be executed. And the dispatcher redirects the selected
commands to computing engines (they take data from registers).
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TABLE 11. Technical characteristics of different versions
of Compute Capability (CC) depending on Nvidia GPUs

GPUs V100 | A100 | H100
Compute capability version 7.0 8.0 9.0
Threads per one warp 32
Maximum warps per one SM 64
Maximum thread blocks (CTA) per one SM 32
Maximum thread blocks/thread block clusters No 16
Maximum number of 32-bit registers per thread 255
Maximum number of registers per one SM 65536
Maximum number of registers per block 65536
Maximum number of threads per block 1024
Shared memory per one SM, KB, Up to 96 164 228
Number of FP32 cores per one SM 64 128
Number of FP64 cores per one SM 32 64

The data in the table is taken from [78|

The actions of the warp scheduler may depend on the version of Compute
Capability described in [16] for different GPU models; The above is true for
V100, A100 and H100. These capabilities for these models are shown
in Table 11.

Each of the 4 SM sections has a register file, and 8 load/store devices for
memory access. Each SM section has its own L0 I-cache (the L1 I-cache is
shared across the entire SM), but typically performance in HPC and AT does
not require code to be specifically targeted to their use. When analyzing
the performance of Nvidia GPUs, they often start from the SM level, since
they also contain hardware components common to all 4 sections, including
texture memory and a common L1 D-cache (SM can be considered some
kind of analogue of the processor core in the CPU).

Each SM in the A100 and V100 has 32 vector CUDA cores for FP64,
which allows the SM to perform 32 multiply-and-add operations per clock,
resulting in 64 FLOPS per clock (for FP32— everything is twice as much).
Accordingly, the peak GPU performance when working with these vector
cores is obtained by multiplying 64 FLOPS by the number of SMs (there
are more of them in the A100 than in the V100) and the clock frequency,
which gives higher performance for the A100 (see Table 10). But the main
advances in performance are now focused primarily on Al and, accordingly,
on the use of tensor cores, which can produce more results per clock
cycle than conventional vector units— and correspondingly higher peak
performance for various data formats.
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TABLE 12. Peak performance of GPUs V100, A100, H100
(TFLOPS, for integer operations— TOPS)

Data format | V100 A100 H100 PCle H100 sxm4
FP16 31.4 78 204.9 267.6
FP16! 125 | 312/624 | 756/1513 | 989.4/1978.9
BF16! — 312/624 | 756/1513 | 989.4/1978.9
FP32 15.7 19.5 51.2 66.9
TF32! — 156/312 378/756 494.7/989.4
FP64 7.8 9.7 25.6 33.5
FP64! 19.5 51.2 66.9
INTS8?! — | 624/1248 | 1513/3026 | 1978.9/3957.8

ENSSRY

I values when using tensor cores.
Following the slash numbers are the performances using sparsity
when available.
Data from [73,78,185].

Tensor cores in A100 work with matrices of different possible sizes
depending on the data formats used (a list of all possibilities is available
in [16]). Traditional HPC requires working with FP64, which was first
supported in tensor cores at the hardware level in the A100— FP64 is what
we will be talking about here. And data on peak performance for other
data formats, primarily actual for Al, are shown in Table 12.

The A100 introduces a hardware implementation of the calculations
for formula (1) for double precision, a new matrix instruction "multiply-
and-add" (Double Precision MMA), which replaces the 8 similar DEMA
instructions in the V100 and produces 128 FP64 results per clock— 2 times
more than V100 [73]. For FP64 in A100, at the lowest warp level, the
WMMA operation is applicable, with which you can work with matrices
of dimensions 8 x 4 or 4 x 8 and accumulator matrices 8 x8 (i.e. M = N =8
and K = 4 for formula (1)) [16]. As noted in [89], WMMA operations can
be performed on slightly larger matrices than supported by the tensor
core hardware, and multiple tensor cores are used simultaneously when
performing a WMMA operation.

The Nvidia shipped A100 has 108 SMs [73], so the peak performance
achieved is 108 x 128 x v, where v is the clock speed. It follows that
the peak performance information provided by Nvidia in [73] and used
in Table 12 refers to the boost frequency. A100 users have the ability to
control the clock frequency, which allows them to adjust the TDP and
stabilize the measured performance— for example, in [186]) a frequency of
1005 MHz was used to study the performance achieved by GEMM.
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TABLE 13. Base clock speeds of various A100 models and
their memory

Model GPU A100 | Base frequency | Memory frequency
A100-PClIe-40GB 765 MHz 1215 MHz
A100-SXM4-40GB 1095 MHz 1215 MHz
A100-PClIe-80GB 1065 MHz 1512 MHz
A100-SXM4-80GB 1275 MHz 1593 MHz

The current Nsight Compute profiler [187] for the A100 defaults fix to
a base clock speed, which gives repeatable results, but correspondingly
lower peak performance than those listed in Table 12. Base frequencies
depend on the specific A100 model used (these are the 4 most important
for this review — they were usually used for calculations and benchmarks
for HPC and AI), they differ in HBM2E size and form factor. Table 13
shows the values of their base frequencies from the database [185].

But in addition, the memory frequencies used and, accordingly, its
bandwidth differ in different A100 models. Only two A100 models with 40
GB memory capacity have the same frequencies, and since the memory bus
width (5120 bits) is the same for all A100 models, the theoretical bandwidth
of the A100 models with 40 GB memory is the same (it can be calculated
by multiplying the bus width by memory frequency). Table 13 also shows
the memory frequencies of different A100 models (data from [185]).

But let’s return to the tensor cores that determine the maximum peak
performance of the A100. Even with such small hardware-supported
matrices, they still have the ability to take into account fine-grained
sparsity, which applies to formats with reduced precision relative to FP64
and gives there a two-fold increase in peak performance [94] (see Table 10).
This sparsity was not supported in V100 and is mainly targeted at Al tasks
(see [73] for details).

Since many HPC applications do not require matrix multiplication (the
feasibility of supporting it in hardware is generally debated [90]), equally
important to the double-precision performance of the A100 is the peak
performance of the FP64 vector CUDA cores, which are not related to the
tensor cores (see Figure 6).

One SM has 32 FP64 vector units (the corresponding FP32 vector units,
of which there are twice as many in each SM, are traditionally called CUDA
cores) [73]. For all 108 SMs, this gives a corresponding 6912 results per
clock (thanks to the use of the multiply-and-add instruction), which when
multiplied by the boosted frequency gives the A100 a peak performance of
9.7 TFLOPS for double precision— without the use of tensor cores (see
Table 10).
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In addition, each SM has 4 SUs, that speed up the calculations
of transcendental functions. This can be practically important for a wide
variety of applications, but SFUs have been available on Nvidia GPUs for
a long time, even before the V100, but only for the FP32 format (see [188]
for more details).

Since achievable GPU performance is so often dependent on memory
bandwidth, we now need to look at the memory hierarchy in the A100.
Because traditionally large numbers of threads running in parallel on a GPU
require many registers, the A100, like older GPUs, has a 64 KB 32-bit
register file in each of the 4 SM sections (see Figure 6). Each executing
thread uses its own local registers from the corresponding file.

The next level in the memory hierarchy in the A100 is the L1 D-cache
and shared memory with a total capacity of 192 KB. It provides high
bandwidth and low latency; Real data are available for [189]. This memory
is common to the entire SM (and accordingly to the block of threads
in CUDA). In CUDA, it is possible to dynamically change the amount of shared
memory.

The penultim level of the memory hierarchy on the path to the HBM2E
global memory, the 40 MB L2 cache, is discussed in [73] in a common
subsection with HBM2E. The spaces of these memory levels are common to
all SMs and all applications running on the GPU. The L2 cache capacity has
increased more than 6 times compared to the V100. This cache reads and
writes to the HBM2E device’s memory. Higher parallelization in the A100
required higher bandwidth per SM. To achieve this, the L2 cache split into
partitions using a hierarchical crossbar structure, and each partition caches
data nearer to the accessing SMs, reducing latency [94].

And the increased width of the HBM2 interface and memory frequency
compared to the V100 gave an increase in bandwidth by approximately 1.7
times (see Table 10). To increase the effective DRAM bandwidth and L2
cache capacity, the A100 hardware features of sparse data compression
provides up to 4x compression in DRAM, up to 2x compression in L2
cache for AT workloads [190].

CUDA uses its own types of memory, some of which actually reside
together on the same type of hardware memory. Unlike shared memory, local
memory is the private memory of each thread. In CUDA terminology, global
and local memory areas (as opposed to global, the latter is cached [16]) are
called device memory and are located in HBM2E. Constant memory (lives
only while the application is running, this memory is read-only) is located
in the device memory (constant memory is cached). As for the texture
memory, it is located in each SM (see Figure 6) and cached in a special
cache [73].
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The A100 introduces MIG tools to address a possible data center
problem of underutilization of A100 resources by certain applications where
the use of A100 would become correspondingly ineffective. The A100 can
function as up to 7 isolated GPU instances [73], reconfigurable on the fly to
meet dynamically changing needs [94], i.e. the result is virtualized GPUs
with smaller computing resources.

The new MIG feature provides improved client (including virtual
machines and processes) isolation and QoS for multi-tenant and virtual-
ized GPUs, which is especially useful for cloud service providers [73]. New
fault handling technologies in the Nvidia Ampere architecture are very
important to MIG to ensure proper isolation and security between clients
using the same GPU.

As stated in [94], two types of MIG instances are supported. One type
isolates computing resources but not the memory system, allowing the
operating system to schedule processes with simplified administration. The
other type further provides functional and performance isolation in the
memory system. In this case, A100 assigns each MIG its own physical paths
(including to the L2 cache and memory interface), providing additional
security for cloud computing [94].

Using MIG allows you to expand the exeediency of using of the A100 to
a wider area of work. For more information on setting up and using MIG,
see [191].

Nvidia’s A100-PCIe-80GB manual [192] describes software power
management capabilities that allow to customize graphics card’s power
consumption or performance per watt. The A100 naturally has many more
features that are important for achieving high performance, among which
we should first of all mention support for asynchronous copying (at the ISA
level) —it loads data directly from global memory into shared memory
in SM, bypassing the register file, and can run in the background while the
SM performs other calculations (this also reduces power consumption).
For more information on this and other A100 features, see [73]; A brief
discussion of asynchronous data transfers and computations is provided
later in Section 4.2 about the H100, in which the corresponding capabilities
have been significantly expanded.

A description of A100 interconnects using NVLink channels is provided

below in Section 4.1.2, since it partly applies to hardware additional to the
GPU— this also includes connections to the CPU via PCle.
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4.1.2. Interconnections for A100 and computing systems with A100: from
servers to supercomputers

NVLink interconnects for communication between multiple Nvidia GPUs
in a server predate the V100. Initially, there was a problem that PCle
bandwidth was not high enough to connect the GPU to the CPU. A general
overview of the interconnects used by various companies for GPUs is available
in [193|. NVLink is a channel, and devices can have multiple channels and
communicate through a mesh network.

Naturally, the second version (NVLink2) used in the V100 has a lot
in common with NVLink3 in the A100. Various performance metrics for
NVLink2 running with V100 are discussed in detail in [194]. NVLink2
(instead of the slower PCle 3.0) is used to both communicate with IBM
Power9 and provide cache coherence.

Like PCIe, NVLink2 is a packet bus, but NVLink2 is more efficient
when transferring small packets— with 16 bytes of header, 256 payload
bytes can be transferred. This interconnect uses a mesh topology for
point-to-point connections, resulting in higher overall bandwidth compared
to the tree topology in PCle. Connections consist of multiple full-duplex
links that exchange data at 25 GB/s in each direction. The device has up
to six channels, and they can be combined into 3 channels with a total
speed of 75 GB/s. Both PCle and NVLink provide bidirectional transfers,
but NVLink also has direct access to CPU page memory [194]. In [194] are
given data on the achievable bandwidth and latency of NVLink2.

Using a switch to communicate between Nvidia GPUs not only improves
performance scalability, but also provides an extremely important (especially
for modern AT tasks) increase in the amount of available GPU memory.
NVSwitch is a non-blocking switch (inernally — fully connected crossbar),
has 18 NVLink ports and makes it possible to connect up to 16 V100 GPUs
via NVLink2, providing each channel with a bidirectional bandwidth of 50
GB/s— and, accordingly, a total switch bandwidth of 900 GB/s [195].
For example, in implementations on motherboards containing 8 GPUs,
each of them is connected to 6 switches on the board, which also have
connections with switches on another board. GPU communications inside
the board require one NVSwitch traversal, and with the GPU of the second
board — two NWSwitch traversals. Cyclic Redundancy Coding (CRC) is
used to ensure communication reliability on links, and ECC is used within
switches (for example, for routing) (see [195]). for details). Bandwidth
limitations on servers with V100 may occur more likely when transferring
data over PCle between the GPU and CPU.
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FIGURE 7. GPUs interconnect in the DGX A100 server (Figure
from [73])

Multi-GPU servers with A100 already use NVLink3. Low-level details
explaining why increased bandwidth and reduced latency relative to V100
with NVLink2 were obtained, are described in [94]. From the user’s point
of view, the main thing is that with no change in channel bandwidth, the
number of channels has increased from 6 on the V100 to 12 on the A100.

In multi-GPU servers using NVLink, various specific topologies are
accordingly possible [190]. For example, the Al-oriented DGX A100 server
has 8 GPUs and 6 NVSwitch chips, and each GPU is connected to each
NVSwitch using two NVLink3 links [196]. This is illustrated in Figure 7
(PCIe PEX switch is used to communicate with EPYC Rome) [73].

NVLink3 also provides improved error detection and recovery fea-
tures [190]. Although, as stated above, the A100’s single NVLink channel
has the same throughput as the V100— 25 GB/s in each direction— but it
uses half as many signal pairs per channel compared to the V100. Doubling
the number of channels in the A100 compared to the V100 gave a total
throughput of 600 GB/s for the entire A100, compared to 300 GB/s for the
V100.

In [3], on different servers with 4 V100 GPUs and on a DGX A100 server
with 8 A100 and two 64-core AMD EPYC 7742 processors, the throughput
of data transfers from the host to the device or vice versa was measured.
For the A100 with PCle-v4, it was about 25 GB/s (about three-quarters
of the theoretical value of 32 GB/s for PClex16), which corresponds to the
authors’ expectations [3]. This work also revealed a slight decrease in the
bandwith of bidirectional data exchanges between CPUs with “remote”
A100 compared to “local” ones (having a direct PCle connection with the
corresponding CPU), which was due to competition for work with PCle.
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It is clear that calculations with multi-GPU servers to achieve the
expected high performance may probably require significant modernization
of programs or applications that work with one GPU (and even perhaps more
subtle optimization taking into account some “asymmetry” of different GPUs
in the server). Examples include works [197,198]. Such modernization also
includes algorithms, and can cover the most basic things— for example,
GEMM (see [199] and [200]).

It is clear that servers containing one or more A100 GPUs are being
supplied by all leading server manufacturers. Multi-GPU servers are
focused primarily on AI workloads, although HPC software is emerging
in areas where GPUs have not been used much at all. For example, the
QUICK application implements parallelization at the multi-GPU level,
including for the most widely used quantum chemical method DFT in the
Gaussian basis [198].

The DGX A100 is an Al-focused Nvidia famous ‘“classic” server
containing 8 A100 GPUs and 6 NVSwitches [201]. It uses the HGX A100
module for this, and gives a specific fixed SXM4 interconnect topology. The
A100 has two variants with a memory size of 40 or 80 GB, respectively,
there are two server options— DGX A100 320GB System and DGX A100
640GB System, with memory size of 1 and 2 TB per system, respectively.
The DGX A100 has two 64-core EPYC 7742 Roma processors, which
are connected to the A100 via PCI switches (with PCIe-4.0 x16 buses).
For communication between servers, Nvidia ConnectX-6 or ConnectX-7
adapters (Infiniband HDR /200 Gb/s Ethernet) are used [202].

The DGX A100 is a ready-to-use system supplied with an operating
system (based on Ubuntu Linux) containing special management and
monitoring tools. For details (including the implemented topology of the
interconnects used), see [202].

In addition, Nvidia is reviving a class of workstations that has not
been used for a long time— with the DGX Station A100 offering (for
different types of DGX systems, see [203]).

Nvidia has gone even further in providing fast deployment computing
systems and created the DGX SuperPOD platform, based on building blocks
with racks containing of five DGX A100, with the delivery of cluster systems
having from 4 to 28 racks (see, for example, [196]). This arrangement
of building blocks was then modernized [204]. These Al-centric systems
can be deployed in just a few weeks [196,204]. For example, in the Top500,
such a supercomputer Nvidia Selene based on DGX A100, installed in 2020,
takes 9th place. Obviously, the DGX A100 and larger systems are aimed
at simplifying work in their respective data centers.
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Let’s point out even more powerful supercomputers using the A100,
which are included in the top ten Top500. The computing nodes of the
Italian supercomputer Leonardo (installed in 2022), which ranks fourth
in the Top500 [205], contain one 32-core Intel Xeon Platinum 8358/2.6 GHz
processor (Ice Lake) and 4 GPU A100-SXM4-40GB, and for communication
between nodes is used Infiniband HDR200 (Nvidia products with Dragonfly+
topology).

And the eighth place in the Top500 is occupied by the Perlmutter
supercomputer installed in 2021 of the US National Energy Research
Center (NERSC, and the operator is the American Lawrence Laboratory,
LBNL, famous in the supercomputer world) [206]. Its main computing
nodes use a 64-core EPYC 7763/2.45 GHz processor and 4 A100 GPUs (most
nodes use A100-40GB, and another 256 have A100-80GB). Perlmutter uses
the well-known HPE Cray EX235N supercomputer hardware and the
corresponding HPE Slingshot 11 interconnect. Interestingly, these last two
of the above-mentioned supercomputers, focused not only on solving Al
problems, use 4 A100 per node.

4.1.3. Nvidia SDK Tools for A100

General composition of SDK tools. Like the A100 hardware
discussed above, the SDK tools are also predecessors to the corresponding
H100 tools. But SDKs are constantly evolving, and different versions of them
can usually work for both base Nvidia GPUs and next-generation GPUs.
After analyzing the A100 SDK here, in relation to the H100 SDX it is enough
to point out the improvements.

Nvidia’s SDKs have become well known due to Nvidia’s clear dominance
of the GPU market for many years. The basis for HPC is, of course, NVHPC
tools— see the developer’s website, [207]. There is also a complete list
of components included in these software tools, most of the names of which
(primarily mathematical libraries) already explain why they are needed.
The ability to freely access NVHPC is a plus for Nvidia. At the time
of writing this review, HPC SDK Version 23 was available [208].

NVHPC includes compilers supporting x86-64 (AMD and Intel),
OpenPower and ARM platforms. They call the corresponding language
compilers (with support for OpenMP and OpenACC tools for the CPU),
assembler and link editor for target processors with command line
parameters. These compilers are nve (ISO C11), nve++ (ISO C++17) and
nvfortran. The latter (supports Fortran 2003 and a number of Fortran 2008
features) can use the parallelization features of Fortran, OpenMP and
OpenACC to work with the GPU.
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Finally, nvce, a CUDA C/C++ compiler driver for Nvidia GPUs, uses
GPU-specific options to generate optimized code for Nvidia GPUs and manage
the host compiler. The latest version of CUDA at the time of writing
was 12.2. nvcc hides the complex details of CUDA compilation from the
developer, and redirects all non-CUDA compilation steps to the host compiler
with special command line options [208]. The effective development
of nvce is facilitated by its basing on the famous LLVM compiler [209].
Further Section 4.2.5 about CUDA tools for the H100 describes the general
design of different Nvidia compilers down to the runtime level, including
new previously unused programming languages.

HPC SDK math libraries include, in particular, cuBLAS, cuSPARSE,
cuRAND, and cuSOLVER (for solving linear algebra problems, including
eigenvalue problems). cuSOLVERmp provides these functions when working
with distributed memory in multi-node and multi-GPU systems. The
cuFFTmp library complement the cuFFT library to perform similar
advanced functions as in cuSOLVERmp.

The low-level ct TENSOR library is designed for linear algebra problems
on tensor cores, and can be used not only for AI problems, but also
in HPC areas. Two very important libraries provide communications.
These are NCCL (Nvidia Collective Communications Library), which
provides communication primitives for multi-node and multi-GPU systems
with Nvidia GPUs, and NVSHMEM for PGAS parallelization using the
OpenSHMEM standard. Here the memory can, in a sense, be integrated
in a cluster with Nvidia GPUs in the nodes, using communications with
NVLink, PCIe and Infiniband.

NVHPC includes a number of other tools, including the CUDA-GDB
debugger and the Nsight Compute profiler (it is possible to use the NVTX
profiling library to work with it) [208].

It should also be noted that traditional MPI parallelization tools
on multi-node clusters containing GPUs can naturally also be used. But
what may be important here is the use of such MPIs, which can use the
long-standing hardware and software capabilities of Nvidia GPUs and
CUDA tools— GPUDirect, which provide data transfer (RDMA) via PCle
bypassing the CPU— directly through the network card. Such capabilities
have long been available, for example, in MVAPICH2 [210].

CUDA Toolkit. CUDA is the most famous and widespread API for
working with GPUs, discussed in many publications. AMD has developed
similar HIP tools for its GPUs [58]. Intel’s OneAPI uses DPC++, but the
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overall parallelization design there also uses the SIMT model originally
proposed by Nvidia, and oneAPI uses terms similar to those used in CUDA
(see Table 1 above). The hardware of modern GPUs is closely connected with
SIMT, so an ultra-brief explanation of the basics of CUDA is also necessary
here (for a full description, see [16]).

Roughly speaking, in the CUDA programming model, sequential code is
written, which is executed in parallel by many threads on the GPU, and
each thread works with its own part of the common data, for which it
receives its own identifier. Although a CUDA program running on the host
can use not only C but also C++, the core software running on the device
uses extensions relative to C.

In CUDA, the original task is divided into a set of independent subtasks,
which are calculated on their own thread blocks. Each subtask has its own
block of threads, and it is solved by all threads of this block. Threads can
interact with each other only within the same block. A thread block is an
array of threads that can be one-, two-, or three-dimensional.

Threads inside a block of threads use shared memory (ultra-fast—
roughly speaking, at the cache level) and interact through barrier synchro-
nization (when accessing this function, further work is impossible until all
threads enter it). And global memory is used to exchange data between
different blocks of threads.

The thread block is the central object for parallelization programming
in CUDA (although with the advent of H100, a new level has appeared above
the thread block in CUDA, the thread block cluster, this is unique to H100).
The top level of the thread hierarchy — above the thread blocks—is the
thread grid, a one-dimensional, two-dimensional or three-dimensional array

of thread blocks.

All blocks of threads have the same dimensions and size (number
of threads in a block). Thread grid size (number of thread blocks) and
block size are built-in variables. Any block of threads in a grid has a block
index in the grid. Each thread has an index specified by one, two or three
non-negative integers.

For indexing threads and blocks, the software core uses, for the “most
scalable” case, three-dimensional integer vectors— the built-in variables
threadldx and blockIdx.

Each block of threads is divided into warps, and all threads of a warp
belong to one block. Only threads within the same warp are physically
executing simultaneously. And threads at different warps can be at different
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stages of program execution. There is no need to exlicitly work at the warp
level in a CUDA program. All Nvidia GPUs discussed in this review have
warps of 32 threads. Working at the warp level may only be necessary to
maximize the achievable performance in CUDA.

Nvidia CUDA is not limited to being based solely on C/C++. We will
illustrate working with CUDA using the example of CUDA Fortran, which is
attractive because Fortran remains popular in HPC (the ability to use
Fortran to work with Nvidia GPUs is a significant advantage of the company).
The newest (as of the June 2023 Top500 list) version of nvfortran was 23.3.

CUDA Fortran extensions allow you to write subroutines and functions
in a Fortran program for execution on the graphical processor, including
declaring variables allocated in GPU device memory and allocating dynamic
memory in GPU device memory. Naturally, CUDA Fortran has support for
copying data from host memory to GPU memory and vice versa, and calling
GPU routines from the host. CUDA Fortran provides software access to tensor
cores, cooperation with CUDA C, the use of asynchronous transfers between
the host and the GPU (asynchronous transfer allows calculations to be
performed on the device simultaneously with data transfer) and many
other capabilities needed for modern GPUs [211].

Below is a simple example of how a program is built in CUDA Fortran
(quoted from the Nvidia manual, [211]).

On the host On the device

1 program ti

2 use cudafor

3 use mytests I module mytests

4 integer , parameter:: n = 100 2 contains

5 integer, allocatable, device:: 3 attributes (global)
iarr (:) &

6 integer h(n) 4 subroutine testl( a

7 istat = cudaSetDevice (0) )

8 allocate (iarr(n)) 5 integer , device:: a

9 h = 0; iarr = h (*)

10 call testl1<<<1,n>>> (iarr) 6 i = threadIdx’%x

11 h = iarr 7 a(i) =1

12 print *,& 8 return

13 "Errors: ", count(h.ne.(/ (i,i=1,n 9 end subroutine testl
) /) 10 end module mytests

14 deallocate (iarr)
15 end program til



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 361

On the left is the code that runs on the host, and on the right is the
code that runs on the device.

In the host code, the use of the cudator module (line 2) provides
interfaces to the CUDA host runtime library (in this program, to cudaSetDevice
0, where the device number 0 is selected — this is the API call on line 7).
Line 3 indicates the use of a module on the device (this module contains
the testl subroutine that is called). The 8th line of the program allocates
the iarr array on the device, and the next line initializes data on both the
host and the device [211].

The kernel running on the device is called on line 10; <<<1,n>>> here
means that the kernel is executed by n GPU threads (more generally, n
in this syntax indicates the number of threads in the block, and before the
comma the number of thread blocks is indicated, which here is 1). On line
11, the results of the kernel execution are transferred to the host array, and
on line 14, the CPU array is deallocated.

On the right side of the Fortran text running on the device, the prefix
attributes(global) is used, which is an extension in the CUDA Fortran
language. The global attribute means that the corresponding code runs
on the device but is called from the host [211].

The 6th and 7th lines of code for the device are a replacement for the
do loop in usual Fortran:

1 do i=1,n
2 a(i)=i
3 enddo

Since the testl subroutine is executed on the GPU, it is executed
in parallel by several threads on the GPU, each of which is identified by the
built-in variable Threadldx (it is used as the index-of the array element).

Since the testl subroutine is executed on the GPU, it is executed
in parallel by several threads on the GPU, each of which is identified by the
built-in variable ThreadIdx (it is used as the index-of the array element).

CUDA Fortran allows you to work in conjunction with other software. For
example, it is possible to use OpenACC and CUDA Fortran together in one
program; A program with OpenMP can use CUDA-managed memory [211].

Descriptions for CUDA Fortran are permanently available at the URL
https://docs.nvidia.com/hpc-sdk/pdf/hpc Vv.pdf, where Vv are the all
version digits of the SDK (e.g. V=233 for version 23.3 at the time of writing
the review).
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To conclude the brief information about CUDA Fortran, it should be
noted the point of view of Nvidia employees, indicated in their famous
book [212], that the use of CUDA Fortran will be aimed primarily at those
programmers for whom it is important to ensure software portability,
clarity and ease of maintainability of code when achieving acceptable
performance. But the ease of writing code also has another important
effect, increasing labor productivity (reducing program development time).

Naturally, other developers also have SDK-class software that can be
used when working with Nvidia GPUs. For example, HPE Cray MPI [213]
with CUDA support (this MPT correctly copies data from the device memory
to the network card memory (and vice versa) by implicitly copying the data
first to the host memory, and from there to the network card, or directly
(bypassing the host memory) with support for GPUDirect RDMA [214],
which is available in A100. MVAPICH2-GDR [215] can also interface with
CUDA. AMD HIP tools, which can also work on Nvidia GPUs, were mentioned
above. Such SDK tools that were not developed by Nvidia will not be
discussed here, but they may be discussed in the sections of the review
about new generation GPUs.

4.1.4. A100 Performance Data

Although the review is aimed at new generation GPUs, it seems
necessary to provide data on the achieved performance of the A100 and its
acceleration relative to the V100. Information on the performance of the
A100, which also provides a comparison with the new generation GPUs, is
discussed further in the relevant sections about these GPUs, and may not be
presented here.

Peak performance was discussed earlier, data from benchmarks and
applications are discussed here. It must be kept in mind that deliveries
of the A100 GPU from Nvidia, which began in 2020, were accompanied
by such an active emergence of new A100 models, including due to the
simultaneously awakening competition with the new generation GPUs from
AMD emerging at that time, that the authors of some publications, where
the latest A100 were used, the parameters of the model used were not
always clearly indicated.

It is useful here to give a short introduction about the efficient use
of tensor cores for dense matrix multiplication and the use of mixed
precision. For working with AI, this is enough natural; For ordinary HPC
applications FP64, that run efficiently on the GPU, the use of DGEMM is
also often assumed. For a discussion of how actual is hardware support for
DGEMM for mainstream HPCs, and whether lower mixed precision can be
used, see [90].
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HPC often requires DGEMM to work with large square matrices, and
the A100 tensor core performs hardware operations on matrices of fixed
small sizes (see above in Section 4.1.1). But there are many tensor cores
in A100, and multiplication of large matrices boil down to multiplication
of small submatrices. And programmers can simply use cublasDgemm, and
for a large matrix size (compared to hardware-supported in tensor cores)
16384 x 16384, [216] indicates achieving 19.4 TFLOPS close to the peak
performance for the A100 tensor cores. In [216], power consumption was
also studied, and it was found that an increase in power does not always
correlate with an increase in performance.

It should be noted that in [216] a matrix size multiple of 2% was used.
This is consistent with Nvidia’s guide to working with matrices [217]
on tensor cores (focused on Al areas) —it notes that performance is higher
with matrix sizes that are multiples of 128 bytes (for FP64). In [217]
describes how GEMM in cuBLAS is implemented by partitioning the
output matrix into fragments that are assigned to blocks of threads, and
discusses the optimal trade-off between the size of the submatrices to
be multiplied and the requirement to utilize all GPU hardware resources
through maximum parallelization. But these different proposed variants
of GEMM are more important for not very large input matrices, and the
results in [217] are demonstrated for the low precision typical for Al

For the graphical processor Nvidia Titan RTX, where DGEMM was
emulated using tensor cores due to their lack of hardware support for
the FP64 format [218], a plot of the performance of DGEMM from
cuBLAS versus the dimensions of square matrices shows certain jumps
in the achieved performance. And for the A100, such jumps in GEMM
performance when changing matrix dimensions when working with FP16 are
demonstrated in [217]. Obviously, a similar dependence of the performance
of A100 in DGEMM for the most relevant large square matrices for HPC also
has this property, but the author is not aware of any articles demonstrating
this.

So to work effectively with HPC on a GPU, not only sophisticated
programming of possibly initially naturally sequential codes is required, but
knowledge of the likely performance behavior at the BLAS level is also
useful. In general, one gets the feeling that the use of tensor cores of these
Nvidia GPUs for traditional HPC tasks in the FP64 format with conventional
dense matrices remains to be studied — GPU hardware has developed too
quickly, with an initial orientation not at all towards HPC.
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A number of studies are devoted to the use of tensor cores and simply
from the point of view of the applicability of mixed precision. Thus,
in [219] various issues of such arithmetic were studied on V100 and A100,
including from the point of view of rounding modes.

Work on software for matrix multiplication using tensor cores and
their effective use continues. In [220], the possibility of using multiword
arithmetic was explored— when matrices are represented as the unevaluated
sum of two or more lower-precision matrices, and the product of the
matrices is calculated by multiplying their lower-precision constituents.
This was done, for example, on tensor cores of A100 and V100 for the input
matrices A and B in formula (1) with FP16 numbers, and the accumulative
matrices with FP32 numbers. Rounding errors were studied and the use
of algorithms that reduce rounding errors was proposed. The purpose
of this is to improve the trade-off between performance and precision [220].

For Al it is relevant to work with matrices that have a specific sparsity.
Data on such work with tensor cores for V100, A100 and H100 are available
in [221].

The following is some of the information about the performance of the
A100, which the author considers most relevant, especially for HPC tasks.
The more high performance of the A100 relative to the V100 is obvious
and confirmed in many articles. This is primarily due to FP64 support
in tensor cores, higher peak performance, larger L2 cache size, and higher
memory bandwidth in the A100. But this does not mean that the gain
will be obtained in any code (especially not optimized), when using any
version of CUDA, with any task dimensions, and so on. Thus, in [222]
on some codes given by Nvidia as examples of using CUDA [223], the V100
outperformed the A100.

Well, as a kind of starting integral estimate of the acceleration of the
A100 relative to the V100, we will use the data from the SPEC ACCEL
v1.2 benchmark (using 19 different applications) [224], where the maximum
results obtained by Lenovo for the A100-PCIe-40GB relative to the
V100S-PCle-32GB are better than approximately 1.7 times. Another
integral assessment of the performance of the A100 is provided by data
from the SPEChpc 2021 benchmarks, for which modern supercomputers
with GPUs are also used [225]|. However, the official results of these
benchmarks [226] (as of June 14, 2023) do not contain data for computing
systems with the same number of A100 and V100 GPUs. Comparative data
on the performance of servers with multiple A100 is presented below
in Section 4.2.6 on H100 performance.
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Microbenchmarks and low-level performance measurements, as
close as possible to the A100 hardware. Several publications can be
roughly classified into this group of performance tests. In [227] stydied the
performance impact of using asynchronous copy at the microbenchmark
level and in the higher-level modernized integral Rodinia benchmarks suite
(for non-AT applications at the University of Virginia).

In [79], microbenchmarks were used to measure the latency and
bandwidth (performance of executing instructions) on tensor cores (at PTX
level). In [228], the performance of kernels for memory-bound iterative
methods for solving systems of linear equations was studied on the V100
and A100.

In [229], a low-level synthetic benchmark was developed and applied to
determine the performance and power consumption of the DGX A100
server with 8 A100 GPUs and the DGX-2 server with 16 V100 GPUs using
dynamic frequency and voltage scaling. To measure performance, it was
used the Mandelbrot floating-point benchmark [230|, implemented on CUDA
PTX, which gives the closest approximation to peak performance due to
high data parallelization, virtually no execution delays due to memory
access and branches. These servers use 64-core EPYC 7742 due to their
support for PCle-4.0, which was not available in Intel Xeon. At optimal for
power efficiency configuration, the A100 achieved power efficiency of 51
GFLOPS/W and 91 GFLOPS/W for the FP64 format when operating
without and using tensor cores, respectively [229].

To ensure high application scalability, communication between GPUs
in a multi-GPU server and between cluster nodes of such servers is
important. A study [231] focused on Deep Learning Recommendation
Models (DLRMs—widely used by Internet companies to predict what
consumers might like when multiple options are available) obtained data
on the bandwidth of such communications using NCCL and MPI for systems
containing A100 and V100.

Memory bandwidth benchmarks. Data on traditional performance
benchmarks can start with bandwidth benchmarks— it very often limits
performance and is important for other benchmarks discussed below. Here
we must keep in mind that due to the different programming models used,
different numerical results may be obtained for the same benchmark.
A notable example of this is BabelStream™ [232], which is a modification
of the widely used STREAM benchmark for CPUs (see, for example, data
for ARM processors [5]).
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BabelStream does not take into account the transfer time between the
host and the device, and it has implementations in almost all programming
models used for GPUs. Compared to the classic standard STREAM
benchmark [233] BabelStream has added a kernel with the scalar product
of vectors, and some other modifications have been made [232].

In [234,235], the obtained dandwidth data for all BabelStream kernels
for different array sizes show a generally significant speedup of A100
relative to V100. For an 8.2 GB array, the V100 achieves 800 to 840 GB/s
in these kernels, while the A100 achieves 1.33 to 1.4 TB/s. Although for
small array sizes the A100 has lower bandwidth than the V100, for larger
array sizes the A100 is about 1.7 times faster than the V100 for most
kernels [234]. It should be borne in mind that these data were obtained
shortly after the appearance of the A100 and obviously refer to the first
model A100-40GB, and the CUDA 11 version was used.

Similar bandwidth data for all BabelStream kernels using different
array sizes for the A100 and V100 are presented in [173].

In [42], data were obtained for the bandwidth (with the usual FP64
format) of all 5 BabelStream kernels: copy (a[i] = b[i]), mul (a[i] = b * c[i]),
add (a[i] = bli] + ¢[i]), triad (ali] = b[i] + d * ¢[i]), dot sum (= sum + ali]
* bli])— and for each of them on 5 different programming models, for A100
(on a server with two 64-core EPYC 7TH12 + 4 A100-40GB) and for V100
(on a server with two 20-core Xeon Gold 6230 + 4 V100 -32GB). One
GPU was used in this benchmark. As a “unit of reference” that gives the
maximum bandwidth of A100 and V100, the BabelStream results obtained
with the CUDA version of this benchmark was taken.

Our analysis of data from [42] shows that in all BabelStream kernels
using OpenMP and Kokkos on the A100 the "closing" to the CUDA values
in percentage is more than on the V100 (with the exception of add and
triad in Kokkos), and the achieved level of "close to the CUDA indicators"
looks acceptable.

In many ways, BabelStream benchmark provide a convenient oppor-
tunity to compare the effectiveness of the implementation of different
programming models of different GPUs. For example, in [236] a Fortran
implementation of BabelStream was made using DO CONCURRENT
tools from Fortran 2008 applicable to GPUs, which is in addition to other
capabilities for working with GPUs in Fortran— using OpenMP, OpenACC or
CUDA Fortran tools. Comparative performance data of different BabelStream
implementations was obtained for A100-40GB and A100-80GB. Using
NVHPC 22.7 for A100-80GB in C++ and Fortran, bandwidth of 1.7-1.8
TB/s was obtained in all 5 BabelStream kernels.
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At the same time, the achieved bandwidth values on OpenMP and
CUDA variants for C++ and Fortran practically coincided (the maximum
difference is about one percent), with the exception of the dot kernel, where
CUDA C++ was 13% slower than CUDA Fortran (after changing of the tuning
parameter BabelStream, the C++ lag has decreased to one percent).

This review does not systematically examine the effectiveness of various
GPU programming models, and these data were presented to illustrate
the opinion of the authors [236] supported by the author of this review,
about the lack of activity in the development of programming models
using Fortran tools for heterogeneous architectures. The significantly
higher results obtained in [236] for the A100 in BabelStream compared to
[234,235] are primarily associated with the use in [236] of a more modern
A100 model (the A100-80GB has higher memory bandwidth; In [237]
BabelStream triad kernel gave 1732 GB/s for A100-80GB versus 1399
GB/s for A100-40GB.

Achievable memory bandwidth data is no less important for Al than
for HPC. In [231], a set of tests for DLRM tasks is proposed, which includes
a memory bandwidth test specialized for DLRM, where it is evaluated when
working with FP32 and FP16 formats. For the A100-40GB, a throughput
of about 1.4 TB/s was achieved for FP32, for FP16 it was slightly lower.
For V100 with FP32 more than 800 MB/s is achieved, and with FP16—
less than 800 MB/s [231].

Considering mixed-precision work in tensor cores, the corresponding
memory bandwidth indicators are used to optimize the performance of the
actively developed Ginkgo sparse linear algebra library portable to GPUs
from different manufacturers [173]. The authors of [238] reports the
performance of the A100 on a mixbench benchmark that uses kernels with
mixed computational intensities (the ratio of floating point operations
performed to bytes transferred) for different data formats and with different
programming models [239], which gives and bandwidth estimates. This is
actual mainly for AI and is not discussed here.

Performance of Linear Algebra Codes (BLAS). As with other GPU
benchmarks, linear algebra tasks introduce a number of GPU-usable features
that are different from traditional CPU use. This is mainly due to the
frequent use of lower precision formats and support for operations with
small matrices in tensor cores, which is primarily actual for AI. This led to
BLAS with lower precision, as well as the development of batch linear
algebra (solving many linear algebra tasks with small independent matrices;
The batch size here is the number of matrices in it) [240].
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Accordingly, linear algebra libraries specialized for GPUs have appeared
(here we primarily mean not libraries from GPU development companies, but
libraries focused on working with GPUs from different manufacturers)— and
articles are appearing that study the performance of working with the tools
of these libraries.

One thing to note here is the Ginkgo library for sparse linear algebra
mentioned above; Data on the achieved performance on the A100 using
it are available in [173,234,235,237,238|. For batch linear algebra,
the well-known MAGMA library is applicable, the modules of which
showed performance higher than the corresponding modules of the GPU
manufacturers’ libraries. Data on the performance of this library when
running on the A100 are presented, for example, in [234] and [241]. For
exascale computing, the libCEED library of the CEED Center (Center for
Efficient Exascale Discretizations) of the US Department of Energy has
appeared, where performance close to peak values is achieved on tensor
cores of Nvidia GPUs [242], but the corresponding data in this work were
obtained not for the A100, but for the V100.

It’s natural to start analyzing performance for dense linear algebra
problems with GEMM, since this is the only way to achieve maximum
performance when working with A100 tensor cores. But due to the
fundamental importance of GEMM and working with tensor cores, the
general features of this for A100 have already been analyzed above at the
beginning of Section 4.1.4 Publications that provide numerical estimates
of the performance of GEMM with different data formats are reviewed here.

Benchmarks [222] reports the performance obtained for matrix
multiplication of different data formats on the A100 and V100 for example
CUDA kernels from Nvidia. There was no optimization goal here, small
matrix dimensions atypical for traditional HPC problems were used, and this
only illustrates the fact that you can use matrix multiplication code that
will run faster on the V100 than on the A100.

Nvidia’s tutorial on matrix multiplication for deep learning tasks [217]
shows how GEMM'’s performance from FP16 on V100 increased dramatically
when moving from cuBLAS v10 to cuBLAS vl11, illustrating the rapid
progress even in stable Nvidia software. This guide also shows typical
performance dependences of the A100-SXM4-80GB for such GEMMs
on matrix dimensions.

In [231] the benchmarks set for DLRM includes GEMM benchmark and
uses GemmEx calls from cuBLAS. For V100 with FP32, this benchmark
applies to working with FP32 vector cores, and for mixed precision with
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FIGURE 8. Performance of the GEMM batch implementation—
with GemmEx calls from cuBLAS (Figure from [231])

FP16— with tensor cores. For the A100-40GB, the benchmark with tensor
cores additionally includes work with TF32 and BF16. But the achieved
performance values given in [231] refer to the batch version of GEMM (see
Figure 8; BS in this figure is the package size), which is due to the small
(indicated in the figure) sizes of different matrices. This figure shows that
the performance of the A100 with FP16/BF16 is several times greater
than that of the V100 with FP16, which corresponds to the main focus
of modern GPUs primarily on Al.

But the performance of batch variants of GEMM was also studied for
the FP64 format. Data showing significant performance gains when running
DGEMM in batch mode on a GPU are available in [242]. Batch variants
of DGEMM for typical HPC tasks can be said to have not been used before—
in the sense that relevant research has only begun to appear in the last ten
years. Here it is worth noting the solution of the equation of hydrodynamics
of compressible fluids with high-order finite elements [243] (see also
[244,245]).

In computational chemistry, the packaged DGEMM was used in the
well-known CP2K software package for calculations using the quantum
chemical DFT method with periodic boundary conditions in the basis
of plane waves [246]. The effectiveness of batch matrix multiplication for
calculating the matrix of pairwise distances used in molecular dynamics
tasks was noted in [247].

The appearance of FP64 support by tensor cores in the A100 can
significantly increase the relevance of batch DGEMM. But the use of these
tools now largely relates to the development stage, figuring out where it
can be used, which is also reflected in modern works. So, in [248] it was
concluded that it is advisable to use batch DGEMM in the Nektar++ CFD
application.
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F1GURE 9. Performance of MAGMA and cuBLAS on DGEMM
and DTRSV (Figure from [234])

In [249], calculations using the quantum Monte Carlo method
were performed on nodes of the Vega supercomputer (at the Institute
of Informatics, Slovenia), containing two CPUs (64-core EPYC 7H12) and
four A100. Although the operation time of the batch GEMM was lower,
in the Monte Carlo approach proposed in [249] using MPI parallelization
of GEMM tasks, the overall performance of the entire simulation was much
higher than that of the batch DGEMM. But in this work, tensor cores were
not used.

Batch support for DGEMM is available in various libraries for the
A100. In [234], the performance of batch DGEMM achieved on A100
was studied using MAGMA and cuBLAS (CUDA 11.0) tools. For small
size workloads, MAGMA’s batch DGEMM achieves 2.4/1.6 TFLOPS
for A100/V100. This is 33/60% faster than cuBLAS, which is due to
special optimization for small matrices in MAGMA. At the same time, the
batch implementation of DGEMM in MAGMA did not use tensor cores
(unlike cuBLAS). But on larger tasks, cuBLAS achieved 18/6 TFLOPS
for the A100/V100 (for more details, see Figure 9, which also shows the
performance of another BLAS routine, DTRSV); In general, on batch
DGEMM, A100 is up to 1.5 times faster than V100 in MAGMA and up to
3 times in cuBLAS [234]. It can be seen that in the cuBLAS variant a good
closing to peak tensor performance of the A100 for FP64 is achieved.
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In [234] also provides data on the performance of the A100 and V100
on MAGMA and cuBLAS implementations for batch BLAS DTRSV and LU
and QR factorization (in LU and QR on the A100, MAGMA outperformed
cuBLAS in all dimensions, and in DTRSV only in the middle ones).

To complete the discussion here of performance in batch linear algebra
tasks on the A100, we should provide performance data for the QR
factorization of dense matrices used in FP64 and FP32 formats [241].
The highest performance data, strongly superior to all alternatives, was
achieved here using the MAGMA library. The asymptotic performance
achieved (more than 2.6 TFLOPS for square FP64 matrices) is far from the
theoretical peak values because the matrices for batch GEMM are not large
enough.

From other publications regarding BLAS on A100, it is necessary to
note the data [238] for matrix vector multiplication (GEMV kernel),
which may be even more common (than GEMM) in HPC and for the scalar
product of vectors (DOT kernel) —see Figure 10 and Figure 11. Here, the
achieved performance for FP64 and FP32 using special memory access
tools for different data formats of the Ginkgo library (marked as accessor
in the figures) for A100 and V100 is compared with cuBLAS data. Here
you can see how significantly the A100 outperforms the V100 in terms
of performance across different BLAS implementations. Similar results were
obtained in [238] for another matrix vector multiplication module from
BLAS, TRSV.
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As for working with sparse matrices, there are a number of publications
for the A100 with data on the performance of sparse matrix vector
multiplication (SpMV in BLAS), which is actual for various applications.
[173,234,235] and [238] provide performance data on the A100 and V100
for SpMV in FP64 format. But the result here depends on the chosen
sparse representation format, and on the specific matrices selected in the
test, and, naturally, on the library used (cuSPARSE and Ginkgo were used
here), and at the “macro level” it is less informative. Let us only note the
maximum achieved performance of 220 GFLOPS and 135 GFLOPS on the
A100 and V100, respectively [173], which is close to the upper limits was
expected by article authors (230 GFLOPS and 140 GFLOPS, respectively —
probably in roofline modeling).

Since choosing the optimal sparse matrix storage formats is also
a non-trivial problem, machine learning was proposed to solve it on the
A100 and V100 in [250].

The fast ourier transform (FFT). Important data on the performance
of the A100 is provided by the achieved FFT performance, which is actual
for various tasks, both HPC and Al [251] demonstrates the performance
of A100 using the developed SYCL FFT library compared to cuFFT.
Although SYCL FFT is clearly inferior to cuFFT in terms of performance,
the goal of the SYCL FFT developers is portability to GPUs from different
manufacturers. At the same time, the lag of SYCL FFT is largely due to
big overhead of the SYCL runtime (especially kernel dispatch), which is
less important for large-scale problem.

Another FFT library aimed at working with GPUs from various developers
is the open source VKFFT library, whose performance data on the A100-
40GB is available in [252]. VKFFT supports double, single, and half
precision data, and the performance achieved on the A100 is typically
greater than with cuFFT [252].

In [253] developed the tcFFT library for one- and two-dimensional FFT
using tensor cores. When running on FP16, tcFFT outperforms cuFFT
(CUDA 11.0 was used) in 1D and 2D FFT on both the A100 and V100
(with the exception of low-dimensional 1D FFT). A significant superiority
in performance in A100 relative to V100 for one- and two-dimensional FFT
is shown; These data are illustrated in Figure 12 for a 2D FFT [253].

Computational chemistry:

(A) Molecular dynamics. Molecular dynamics problems began to act as
classic problems, one of the first demonstrated examples of GPU
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performance growth by their developers. Thus, in [190] an increase
in performance in well-known molecular dynamics applications
AMBER, GROMACS, NAMD and LAMMPS is indicated by 1.5-1.9
times on the A100 compared to the V100 (1.9 times applies to
LAMMPS).

A detailed and in-depth study on the performance of LAMMPS
in calculations of various molecular systems using different potentials
and different GPUs, including the A100, is [254]. Here was used
a cluster of multi-GPU servers (HPE/Cray EX on the Airforce
Weather computing system, AFW HPC11). The A100-based nodes
used one 64-core EPYC 7713 and four A100-40GB. LAMMPS uses
Kokkos software to support code portability, and the paper aims
to achieve the optimal choice of their parameters, and only the
corresponding relative performance data is provided.

Molecular docking. In [42], data were obtained on the performance
of the miniBUDE mini-application [255] based on the BUDE (Bristol
University Docking Engine) application targeted towards molecular
docking for potential drug discovery tasks (prediction of the favored
orientation of a ligand to protein at the form their stable complex.
There, the change in the Gibbs free energy for the ligand-protein bond
is considered extremely simple, empirically. BUDE was originally
GPU-focused, and miniBUDE effectively ports to a wide variety of SDK
for GPUs. The calculations here use FP32 and the A100 is about 30%
faster than the V100.

Another molecular docking program, AutoDock, was upgraded to
AutoDock-GPU in [256] to run on Nvidia GPUs. There, the A100 was
found to achieve higher performance when using CUDA than when
working with SYCL.

Quantum chemistry. In [198] a radical modernization by the authors
of the open source software package for computational chemistry
(QUICK) is described, which makes it possible to carry out calculations
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using quantum chemical methods HF and DFT (the most common
in the world today) in a Gaussian basis sets on multi-GPU servers,
including ¢ A100. A feature of calculations of all modern quantum
chemical methods in such a basis set is the need to calculate O(N?)
integrals (N-dimension of the basis), which cannot be reduced to
widespread mathematical methods.

These calculations (as well as the corresponding gradients) require
major calculation time using the HF or DFT method. For parallelization,
CUDA C and OpenMPI tools were used here. Each of the above
integrals from contracted basis functions is calculated by one thread
at the PTX level, which made it possible to achieve high performance
for such a complex task. Parallelization in QUICK is possible from
the level of a single GPU to a cluster of multi-GPU servers. All
calculations are performed in the FP64 format required for quantum
chemistry; Tensor cores are not used due to the lack of need for
matrix multiplication in these methods.

The presented results of run times for various molecules containing
from several tens to several hundred atoms in an Infiniband HDR
cluster with DGX nodes (4 V100-SXM2 with two Xeon Gold 6248 per
node) showed high parallel efficiency and almost linear performance
scalability from 1 to 16 GPUs. On a DGX A100 server with 8 A100,
parallel efficiency is slightly lower than with V100 (V100 has less
SMs), but the calculation time is much lower [198]. QUICK is
developing rapidly [257-259], and the achieved very high acceleration
in DFT calculations relative to conventional dual-processor x86-64
servers makes it attractive for fairly large-scale calculations.

An alternative approach to providing highly efficient Gaussian DFT
calculations using GPUs was proposed in [260] and was implemented
on the A100. In [260] new algorithms were developed for calculating
the Coulomb and exchange contributions to the matrix of the
one-electron DFT Hamiltonian, and a program was created that
generates CUDA codes (the kernels are different for different angular
momenta). On molecular systems ranging in size from a few hundred
to over a thousand atoms, they achieved fairly good performance
scaling using up to 128 A100 GPUs on the Perlmutter supercomputer.

Another demonstration of the ability to achieve a high level
of parallelization scaling in a cluster of multi-GPU servers with A100
on quantum chemistry problems is work [261], where calculations
were performed at the Samsung Electronics supercomputer center
(on the SSC-21 supercomputer, ranked 20th in the Top500), the nodes
of which used HPE servers with two 32-core EPYC 7543/2.8 GHz, 1
TB memory and 8 A100-80GB (nodes connected via Infiniband
HDR200).
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Here, using the TDDFT method (extended in comparison with DFT,
with time dependence for calculating exited states), using Gaussian
basis functions, calculations of a protein molecule containing over
40 thousand atoms were performed using up to 256 A100. The
parallelization program used OpenMPI, OpenMP and CUDA Fortran
tools (from NVHPC SDK 22.3). One MPI rank per node was used,
where the processors (they are connected to the A100 via PCle)
generate a number of OpenMP threads equal to the number of GPUs
in the node, and NVLink is used to communicate between the A100.
The resulting acceleration does not deviate much from linear scaling
up to 256 A100; Even with 256 GPUs, the parallelization efficiency
exceeds 80% [261].

Another work carried out within the framework of the ECP
project [262] presents the calculation times for the exchange-
correlation component of the one-electron Hamiltonian of the
quantum chemical DFT method using Gaussian basis functions using
the new NWChemEx software package (developed on the basis of the
well-known NWChem software package). The corresponding part
of the code was done on CUDA. In the calculation of a protein (ubiquitin,
more than a thousand atoms), the dependence of the calculation time
on the number of GPUs used in parallelization on the Perlmutter
(with 4 A100 in each node) and Summit (with 6 V100 in each node)
supercomputers was studied. To optimize the calculation, code was
developed at the PTX level, and NCCL/NVSHMEM tools were used to
optimize the use of distributed memory. The calculation time for all
program components decreases almost linearly as the number of GPUs
increases to 32, and the deteriorating deviations from linearity when
using V100 are slightly larger. And these times themselves on one
A100 are one and a half to two times less than on the V100.

Computational fluid dynamics (CFD). Data on the performance
of CFD applications are as “typical” in reports from GPU manufacturers as
data on molecular dynamics, and accordingly, many publications with such
data for the A100 have already appeared.

Thus, in [263], the calculation using the OpenCFD-SCU program
on the A100 required 3.036 seconds per calculation step compared to 4.702
seconds on the V100.

In [264] provides performance data on the well-known Nek5000/RS
code using the specialized OCCA (Open Library Concurrent Compute
Abstraction) library for different types of GPUs. The kernels on the A100
there support 2.1-2.2 TFLOPS (FP64) for the Poisson operator and 3.1-3.8
TFLOPS (FP64) for the advection operator (higher numbers in ranges refer
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to higher dimensions). In the pressure preconditioner, the forward Poisson
operator at coarser multigrid levels realizes 2.5-3.9 TFLOPS (FP32), and
the Schwarz smoother supports 2.5-5.1 TFLOPS (FP32). The comparable
values on the V100 are one and a half times lower.

Similar data on the higher performance of A100 relative to V100 by
1.55 times when running NekRS are available in [265].

In [190], an increase in productivity of 1.7 times is indicated on the A100
relative to the V100 of the famous NASA software package, FUN3D [266].
It is clear that this requires additional information about specifications
of calculations.

FUN3D is a software package for solving CFD problems with an
unstructured grid, originally written in Fortran, part of the source code
of which was transferred to C++ CUDA in the form of kernels of the FLUDA
library, and even a mini-application was developed. Calculations here are
performed in FP64 format for most variables, and with mixed precision
FP32/FP64 for linear algebra problems [267].

At the 2023 ATAA Science and Technology orum, there were a number
of presentations that provided data on the A100’s performance in various
CFD tasks, including in comparison to the V100. In [268], it was found
that three quarters of the total execution time of FUN3D using the
A100-SXM-40GB on a 3.7 million point grid was used by memory-bound
kernels. Achievable performance correlates with bandwidth, and calculation
on the A100 by the NASA common research model (CRM) in transonic
conditions using the Reynolds-averaged Navier—Stokes equations was 1.67
times faster than the V100-SXM-16GB calculation.

In [269], in an aerodynamic analysis for electric VTOL aircraft using
a large eddy simulation program on a system with 8 A100, the calculation
time using FP32 was 1.4 hours versus 2.9 hours on a system with 8 V100.

In [270], large eddy simulations of flow instability were performed
on multi-GPU systems with 4 V100 and 8 A100. Performance vs. number
of GPUs data for A100 and V100 systems shows that with the same number
of GPUs (up to 4), A100 performance is several times higher when working
with both FP64 and FP32, and good performance scaling up to 8 A100 is
achieved.

Other CFD performance data for A100 and V100 servers at this forum
is presented in [271], and in [272] performance data is obtained for systems
with 4 A100 or V100 GPUs.
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Report [273] presents data on the performance of solving CFD problems
using the lattice Boltzmann method on the A100 and V100. The work [274]
implements the lattice Boltzmann methods improved by the authors,
compares the performance on the A100-40GB and V100 using FP32 and
FP64 and, naturally, shows a significant increase in the performance of the
A100 compared to the V100.

In [275] provides data on the performance achieved within the
URANOS program when using the A100 or V100. URANOS is designed
for compressible flow solver for high-fidelity modeling of compressible wall
flows (solving the system of Navier-Stokes equations in a three-dimensional
Cartesian system from low to high Mach and Reynolds numbers), is
implemented in Fortran 90 and parallelized using OpenACC and MPI. The
calculations were performed on two different Italian supercomputers with
V100 in nodes, and on DGX-A100, where maximum performance was
obtained. In all computing systems, maximum performance is obtained
when using not the standard MPI implementation, but the supporting GPU
from Nvidia, which uses direct data exchange between devices without
accessing the host.

And in [276], for the tasks of accurate modeling of high-speed flows
in various solution schemes, the efficiency of different Nvidia GPUs, including
the A100 and V100, was compared using not only the FP64 format as the
main one, but also FP32. Simulating supersonic jet noise (13 million cells,
400000 iterations) on a single A100 using CUDA gave an run time of 34.5
hours. We calculated the ratios of various calculation times on A100 and
V100 given in [276], and obtained a range of accelerations of A100 relative
to V100 from 1.4 to 1.9 times.

Artificial intelligence. Regarding the A100’s performance for Al
problems, only two more important data sources (from the author’s
point of view) are considered here. Firstly, this is, of course, data on the
performance of machine learning— MLPerf training benchmarks [277];
At the time of writing the review, the data was current for version 2.1 [278|.
The more comparable “closed” section of these benchmarks is discussed
below. Within it, possible data is divided into available cloud, available
on-premise and preliminary. Table 14 shows locally available performance
data for servers running the A100According to the rules, results can be
provided for individual benchmarks from the general list. But in our
review, the goal was maximum comparison, and the individual maximum
performance values (obtained by different companies and achieved for
individual of the benchmarks), which were not accompanied by many
corresponding data for other benchmarks, are not shown in the table.
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TABLE 14. Machine learning performance in MLPerf Training
v2.1 benchmarks [278]. Data: Available on-premise

Task Type and number Calculation | gubmitter
of GPUs time, minutes
A100-SXM-80GB, 4 54.956 ASUSTek?
Image classification A100-PCIe-80GB, 8 30.756 ASUSTek?
A100-SXM-80GB, 4 54.231 Dell?
: A100-SXM-80GB, 4 49.446 ASUSTek!
I tat 2
(rf;gi‘zalsf S Ao I 00-PC1e-80GB, 8 25.855 ASUSTek?
A100-SXM-80GB, 4 47.253 Dell®
. . A100-SXM-80GB, 4 161.699 ASUSTek!
Object  detection, :
B OO TRT00-PCIe-80GB, 8 89.137 | ASUSTek?
& g A100-SXM-80GB, 4 222.199 Dell®
. . A100-SXM-80GB, 4 78.535 ASUSTek!
Object detect 2
he;vec_wei hte et T A100-PCle-80GB, 8 43.081 ASUSTek?
y-wels AT00-SXM-80GB, 4 83.712 Dell?
A100-SXM-80GB, 4 59.989 ASUSTek!
Speech recognition A100-PClIe-80GB, 8 32.534 ASUSTek?
A100-SXM-80GB, 4 55.086 Dell®
A100-SXM-80GB, 4 33.431 ASUSTek!
Natural 1 - :

—— R A100-PCIe-80GB, 8 24.186 ASUSTek?
g A100-SXM-800B, 4 32.792 Dell®
Recommendation A100-SXM-80GB, 4 3.147 ASUSTek!

A100-SXM-80GB, 4 4.309 Dell®
Reinforcement A100-PCIe-80GB, 8 |  161.647 | ASUSTek?
Learning

I with EPYC 7773X, GPU TDP 400 W;
2 with 2xEPYC 7763, GPU TDP 300 W;
3 with 2xEPYC 7763, GPU TDP 500 W;

The table contains only data whose submitter provided results for 7
benchmarks out of 8 available in MLPerf training 2.1. There are no V100
performance data for version 2.1, but the strong acceleration of A100
relative to V100 can be indirectly estimated from MLPerf training HPC 2.0
data [279]. The resulting benchmark performance may depend not only
on the GPU characteristics itself, but also on the specific computing system
and software used.

This is not discussed further here, but below, in Section 4.2.6, we
present data on the performance of the A100 in the new versions of the
MLPerf benchmarks — training v.3.0 and another set of benchmarks
for machine learning inference, inference datacenter v.3.1. There, the
performance of the A100 is compared with the H100 (this data became

available after the practical completion of the review).
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Another publication with important information on A100 performance
metrics for various Al domains [231] is narrowly focused on DLRM. It has
been noted that these models have atypical requirements compared to other
types of deep learning models. In [231], using A100 and V100, various
performance data were obtained, including on a cluster of GPU servers,
which is actual for large, highly scalable data centers, and recommendations
were made on possible improvements to DLRVs.

All of the above performance data naturally and unambiguously
indicates the advantage of the A100 over the V100, including in performance,
which should be most pronounced in HPC applications that require FP64
matrix multiplication and/or large memory capacity. The V100 lag is
smaller in HPC applications with FP64 that do not use matrix multiplication
in tensor cores: both GPUs have the same number of FP64 vector cores per
one SM.

4.2. New Nvidia H100 GPUs
4.2.1. H100— microarchitectural implementations of Hopper

The main metrics that characterize the H100 versus the A100 are
shown in Table 10, and Figure 6 illustrates the overall SM structure in the
H100, providing a framework for understanding the H100 architecture and
scaling performance with the number of SMs. In addition to the H100
models discussed in this review, Nvidia began producing H800 GPUs, which
also have Hopper architecture and are not subject to US sanctions against
China due to the reduced performance level in the H800 to an acceptable
level. These GPUs are not covered in this review; information about them is
available, for example, in [185].

All information provided later in this section about the Hopper
microarchitecture and its implementation in the H100 is based on a general
description by Nvidia [78], and additionally, if more detailed information is
needed, references are provided to relevant sources.

Thanks to the above discussion of the A100 and the Ampere architecture,
the H100 analysis can only focus on the improvements in the H100 relative
to the A100, since the overall build of the H100 and A100, as well as their
SMs, are roughly the same. The general hierarchy of GPU construction
from the SM level to the full GPU level is no different for the H100 and
A100, and the terminology used does not change: from two SMs a TPC
cluster is formed, and from a set of TPCs GPC clusters are formed, of which
there are 8 on the GPU. But different H100 GPUs in this hierarchies differ
in quantitative indicators.

Like the A100, the H100 has the highest available metrics supported by
the Hopper architecture (these are specified for the GH100). In fact, Nvidia



MikHAaIL B. KuzMINSKY

TABLE 15. Macro-level characteristics of GH100 and H100

models
GPUs GH100 H100-sxM5 | H100-PCle
Number of SMs 144 132 114
Number of TPCs 72 66 57
Number of GPCs 8 8 8
L2 cache 60 MB 50 MB 50 MB
Number of HBM stacks | 6 (HBM2E or HBM3) 5 HBM3 5 HBM2E

ENEZRY

offers two models (with different form factors) that implement the Hopper
architecture, and their quantitative specifications in this hierarchy are
shown in Table 15.

The GH100 has 9 TPCs in each GPC, but this is not required in real
H100 models. The GH100, H100-SXM5 and H100-PCle each use 10 memory
controllers (512 bits each), giving a total memory width of 5120 bits (see
Table 10). The most important thing is that H100 models with different
form factors differ significantly in performance simply due to the different
number of SMs, as well as due to different memory. This can be seen
in more detail not in Table 15, but in Tables 10 and 12. Peak performance
in the H100 can be calculated in the same way as was done above for the
A100— the number of SMs has simply increased in the H100, and every of
4 partitions of SMs in the H100 has twice the number of FP64, FP32 and
INT32 vector devices than in A100 (see Figure 6).

Compared to the A100, in addition to the quantitative increase in the
H100 in the number of available SMs and the number of vector cores
contained in each SM, and at the general level of the H100— the size
of the L2 cache and other specifications, a number of very important
improvements in the H100 hardware are closely related to CUDA and will be
discussed further in the analysis of CUDA extensions for H100. This applies
to both asynchronous execution and a new module, the Tensor Memory
Accelerator (TMA), for efficiently transferring large blocks of data between
global and shared memory (see Figure 6).

Finally, the H100 introduces or improves upon the A100 with a very
large number of new hardware enhancements that are beyond the scope
of this review in the narrow sense of its HPC focus and with limited
consideration of Al. Even listing new such tools can take more than one
indent — these are numerous improvements in MIG technology (especially
actual for working with cloud technology), security tools, and so on. New
instructions have been added to ISA, for example, for current genomics
problems— this has a very important, but narrow meaning. A lot of what
has been added relates to video and image processing and Al. Of the latter,
we note only the appearance of hardware for transformer models used
for NLP. As with the A100 above, interconnect hardware is covered in a
separate section on H100 servers and computing systems.
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TABLE 16. Nvidia GPUs Interconnect Specifications according

to [78,280]
GPUs V100 | A100 | H100
Number of lines (differential pairs) per NVLink 3 4 9
port
Single /bidirectional bandwidth of NVLink link, 25/50 | 25/50 | 25/50
GB/s
Number of NVLink links per GPU 6 12 18
Total bandwidth of NVLink links 300 600 900
Total aggregate NVSwitch bandwidth, TB/s 2.4 4.8 7.2

4.2.2. Computing systems with H100

This section describes Nvidia’s H100-based computing systems (from
servers to supercomputers) using x86-64 server processors, as well as the
H100 interconnects and Nvidia’s Grace ARM processors that will be used
in H100-based servers.

NVLink network for H100. To scale performance with the growing
number of GPUs used in servers (which has become a current characteristic
trend) and quickly exchange GPU data with the CPU and with other GPUs,
interconnects are critical. From the author’s point of view, here Nvidia
managed to achieve a very striking breakthrough (see Table 16).

NVLink4 in H100, as a high-speed, low-latency interconnect with
support of fault-tolerant features, provides a bandwidth of 900 GB/s— 1.5
times more than NVLink3 [78]. It is important that this bandwidth is
ideally combined with other bandwithes of the new Nvidia superchips using
ARM architecture, which will be discussed below.

NVLink4 uses two differential pairs in each direction (two times less
than there were in the NVLink3 channel with the same bandwidth) to form
a single channel with an effective bandwidth of 25 GB/s in each direction.
Therefore, the H100 now has 18 NVLink4 channels versus 12 channels
in the A100 [78].

But more importantly, NVLink4 now supports the NVLink network,
allowing up to 256 H100s in different nodes (servers) to securely communicate
with each other using a fat tree topology. The corresponding cluster
has 32 nodes with 8 H100s each. The NVLink network has a network
address space and uses address translation hardware in the H100, ensuring
isolation of the network address space and the separate GPUs address spaces
(previously on the NVLink network all GPUs share a common address
space [78].



382 MiknaiL B. KuzMINSKY ENZERY

The NVSwitch switch initially provided the ability to combine the
memory of several GPUs. Powered by the H100, the NVSwitch3 provides
hardware-accelerated multicast collective operations, delivering up to two
times the bandwidth and reduced latency of NCCL on the A100 for small
block size collectives. This significantly reduces the load on SM during
collective communications [78].

Using the NVLink network and NVSwitch3 allows you to create large-
scale NVLink Switch System networks with very high levels of bandwidth.
Nodes in such a network are connected through a second (“external” to the
nodes) level of NVSwitches, which reside in switch modules outside the
nodes and connect multiple nodes together. Connected nodes are capable
of delivering 57.6 TB/s of all-to-all bandwidth [78].

This results in building H100-contained NUMA systems with very high
memory scaling levels achievable, in line with the trends of today’s large Al
training models.

Servers and clusters with H100. H100 GPUs can be hosted on a server
using appropriate Nvidia modules. Nvidia supplies HGX modules (roughly
speaking, an analogue of a graphics processor board) that contain the H100
and can be used by other companies to create a server containing the
H100. HGX H100 is a unit containing 4 or 8 H100. The 4 H100 HGX
configuration has fully interconnected point-to-point connections, while the
8 H100 configuration provides full bandwidth between the H100s via the
NVSwitch.

Another type of module with H100 from Nvidia is the H1I00 CNX,
where in addition to the H100 there are Nvidia ConnectX-7 SmartNIC
capabilities that provide 400 Gb/s throughput in the Infiniband NDR400 or
Ethernet 400 variant [78]. It is clear that the HGX modules are primarily
focused on Al, while the CNX modules are primarily focused on HPC.

The server configuration as it relates to H100 is determined by these
modules. Therefore, here we will note only the DGX H100 servers that
have already been supplied for use in supercomputers, focused primarily
on AT (although various companies have already announced their servers
with H100-PCle and HGX, for example, Supermicro and Gigabyte).

The DGX H100 with 8 H100 system contains two independent data pro-
cessing units (DPU) Nvidia Bluefild-3 and 8 ConnectX-7 adapters [78|.The
DGX H100, in addition to being almost completely ready to solve Al
problems, is ideal for working with AI in cloud technology, support for
which starts at the level of one H100.
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In the DGX H100 SuperPOD cluster (minimum configuration— 32
DGX H100 nodes), compared to the SuperPOD A100, instead of two levels
of Infiniband switches, one level of NVSwitch3 switches is used, and the

maximum cable length from switch to switch is increased from 5 meters for
DGX A100 to 8 meters for DGX H100.

The June 2023 version of the Top500 list has 5 supercomputers using
H100-PClIe in x86-64 based servers. The highest performance among these
supercomputers (14th place in the Top500) was achieved in the predecessor
of the EOS supercomputer announced by Nvidia [281]. This cluster
uses 128 DGX SuperPOD nodes. The DGX H100 servers run Ubuntu
22.04 and contains a 56-core Xeon Platinum 8480/2 GHz (Intel Sapphire
Rapids, fourth generation Xeon Scalable CPU) and NVidia ConnectX-7 for
Infiniband NDR.

Other Top500 supercomputers with H100 are in the second hundred
of the Top500 list and beyond. They use servers from other companies and
other server CPUs, including AMD EPYC. Of these supercomputers, it is
worth noting Henri, which ranks 255th and also tops the similar June
Green500 list. Henri uses Infiniband HDR and the nodes use 32-core Xeon
Platinum 8362,/2.8 GHz (Intel Ice Lake) processors. It should also be noted
the expected Kestrel supercomputer [282].

The very fact that the DGX H100 is being used today in a supercomputer
suggests its likely focus on Al and working with cloud technologies.

4.2.3. Nvidia ARM hardware to work with H100

The use of ARM processors in high-performance servers with the H100
GPU should be a vivid real-life illustration of ARM’s success in competition
with traditional x86-64 server processors, which were used in Nvidia
servers with the H100 shipped at the time of writing this review. But the
use of ARM in servers with Nvidia GPUs began earlier: multi-core ARM
processors are already used in servers with the A100 (for example, from
Gigabyte [283]; these servers are now supplied to Russia and Uruguay, and
Gigabyte already offers servers with the H100).

In 2023, Nvidia began trial deliveries of modules containing ARM
processors to work with the H100. Information on the architecture and
performance of Nvidia’s ARM CPU (Grace) for running the H100 is still
very limited; Available benchmark and application level performance
estimates for Nvidia’s Grace were more about expectations.

Therefore, the discussion of Nvidia’s ARM hardware (the Grace
superchip module, which has begun trial deliveries, and the Grace Hopper
superchip, where the Grace superchip is integrated with the H100) is very
brief here.
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TABLE 17. Main technical characteristics of the Grace super-

chip
Architecture Neoverse V2 (ARM 9.0-A) with 4xSVE2(128 bit)
Number of ARM cores 144 (two Grace processors)
Peak performance 7.1 TFLOPS (FP64)
L1 cache 64 KB I-cache and 64 KB D-cache (per core)
L2 cache 1 MB (per core)
L3 cache 2xx117 MB
Memory type LPDDR5X (with ECC)
Memory bandwidth up to 1 TB/s
Memory capacity 240/480/960 GB
D w o
PCle links 8xPCle-v5 x16 with splitting capability
Their total (full duplex bandwidth 1 TB/s
TDP 500 W (with memory)

Data from: [284,285]

ARM Grace superchips. The Grace superchip is essentially an
implementation of an SoC containing two ARM processors and memory,
with PCle support. As noted in [13], it was created specifically for
supercomputers and HPC.

The Grace data analyzed below is based on [284], and additional
references are provided only for information from other sources. The main
technical characteristics of Grace are collected in Table 17.

The first thing to note is that Grace is based on the latest ARM cores
for HPC, Neoverse V2 [286], which were announced in the fall of 2022.
These are 64-bit ARM cores with 0o0 instruction execution, supporting
SVE2 instructions with 128-bit vectors.

The Grace superchip consists of two 72-core Grace processors connected
by an NVLink-C2C channel supporting memory coherence with a throughput
of 900 GB/s, which eliminates interaction between sockets of conventional
servers as a bottleneck [13]. At the same time, the peak performance
(FP64) of the superchip, 7.1 TFLOPS, is not much lower than that of the
A100 without the use of tensor cores.

It should be noted that in modern Neoverse V2 cores, aimed at CPUs
with a large number of cores, the L1 I-cache is protected by parity checking,
and the L1 D-cache is protected by ECC codes. The L2 D-cache of ARM
Neoverse V2 cores is also protected by ECC codes and can have a capacity
of 1 or 2 MB [286]; in Grace, Nvidia chose the 1 MB option. The L3 cache
is naturally also protected by ECC codes; or other details of the Neoverse
V2 microarchitecture, see [286].

An interesting and very important feature of the Grace superchip
developed by Nvidia is the Scalable Coherency Fabric (SCF), which has
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a mesh structure over which the cores and L3 cache partitions (SCCs
in Figure 13) are distributed, and ensures data flow between the cores,
NVLink-C2C, memory and system I/O with a total half-bandwidth of more
than 3.2 TB/s. This is illustrated in Figure 13. SCF is designed to scale
beyond a single Grace CPU to form a super chip with 144 cores. Cores and
SCCs are distributed across the mesh, and CSN (Cache Switch Nodes) act
as the interface between the CPU cores, the cache, and the rest of the
system [13].

The Grace superchip also has special tools that support partitioning
of hardware resources, which can be effectively used when working in a
cloud environment [284].

Nvidia developers explain their choice of 32-channel LPDDR5X memory
technology as the “golden mean” between HBM2E and DDRS5 in terms
of capacity, bandwidth, cost and power consumption [13]. The maximum
theoretical bandwidth of LPDDR5X in the Grace superchip (1 TB/s) is
slightly higher than the bandwidth of NVLink-C2C (see Table 17).

It should also be noted that Grace supports four PCle-v5 x 16 channels
(in addition, for various tasks there are two more low-speed PCle-v5 x2
channels) [13]. This immediately makes this superchip the leader among
CPUs in terms of I/O performance.

But the TDP of the Grace superchip (this is a dual-processor SoC)
is comparable to the TDP of modern GPUs; this is higher than the A100
and H100 PCle (but lower than the H100 SXM). To work with the Grace
superchip, air or liquid cooling can be used [284].

Nvidia in [284] also provides expected estimates of some of the
Grace benchmarks. These relate to STREAM test data (up to 400
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FIGURE 14. Grace Hopper with support for working with
NVLink4 (Figure from [287])

GB/s for one Grace CPU and up to 800 GB/s for the entire superchip),
SPECrate2017_int_base (370 and 740 for one Grace CPU and superchip,
respectively), and significant speedup values in some applications (including
areas CFD and weather forecasting) compared to a dual-processor server
with AMD EPYC 7763 (Milan). Other initial data have appeared, but they
are still completely insufficient.

Nvidia talks about a twofold increase in power efficiency compared to
traditional CPUs used in data centers [284]. Plans to create supercomputers
based on Grace were announced by the US Los Alamos National Laboratory
and the Swiss National Computing Center [14].

4.2.4. Grace Hopper superchips

In addition to Grace, Nvidia also announced Grace Hopper, in which
Grace (two T2-core processors) is integrated with the H100. The main basic
indicators of this superchip are approximately the sum of the indicators
of the H100 and Grace discussed above, and depend on which variants
of each of these two integrated components is used in the Grace Hopper.

In version 1.01 of the document [287], on which further analysis
of Grace Hopper superchips is based, it is indicated that the LPDDR5X
size for Grace in the Grace Hopper superchip is up to 512 GB, size of HBM3
memory for H100 is up to 96 GB, and about the presence of two options
Grace Hopper superchip— with support for working with NVLink4 (see
Figure 14) and without it (then systems with such superchips are connected
via Infiniband NDR). It is clear that the integration of two CPUs, H100 and
memory gives a high TDP, 1000 W is specified in [287].
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FIGURE 15. General microarchitecture of Grace Hopper
(Figure from [287])

After completing work on this section of the review at the same
URL [287], Nvidia posted new versions of this document (the latest version
known to the author is 1.11), where the superchips in question are now
called GH200 Grace Hopper. The most important changes there are
associated with the emergence of new GH200 models, in which instead
of HBM3, HBM3E with a capacity of 141 GB with a bandwidth of 4.8
TB/s will be used (versus 4 TB/s when working with HBM3). The main
characteristics of the GH200 Grace Hopper architecture, of course, have not
changed. But since due to the rapid development of GH200 and related
computing systems in 2023, new modifications appeared in later versions
of this document, and sometimes even the names used were modernized,
the analysis of GH200 in this review was carried out in a limited scope and
is further based on version 1.01 of the document.

As the interconnect between the Grace processor and the H100
uses NVLink-C2C, which provides high bandwidth and low latency (see
Figure 15) [287]. NVLink-C2C provides memory coherence and hardware
support for system-wide atomic operations, which improves the performance
of synchronization primitives. Memory coherence allows developers to
transfer only the data they need (rather than entire pages of memory) from
Grace to H100 and back again, and naturally simplifies programming
heterogeneous applications. The performance of non-local memory accesses
also improves (for example, when CPU and H100 threads access memory
located on another device) [287].

A key feature of the GH200 superchip is the use of extended GPU
memory (EGM). Each GPU from a multi-node computing system with an
NVLink network based on GH200 has access to both the LPDDR5X
memory of all Grace processors and the HBM memory of all GPUs, i.e. The
total memory capacity for the GPU is dramatically expanded. A unified
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memory is formed with common page tables, a common virtual address
space. The speed of GPU access to local memory is set by NVLink-C2C, and
to remote memory by NVlink4 [287] (see Figure 14 and Figure 15).

Servers with GH200 are already offered, for example, by Gigabyte [288|.
Nvidia offered computing systems with the GH200— the MGX GH200 and
DGX GH200 platforms. The MGX GH200 modular platform (there are
options with HBM3 or HBM3e) is as similar as possible to a server with one
GH200 superchip, without support for the NVLink switching system.
Nodes with MGX GH200 can form traditional clusters, where Infiniband or
Ethernet can be used for communication, working through the DPU.

DGX GH200 is a supercomputer for Al; there, 256 superchips are
combined using the NVLink interconnect, giving a memory address space
of up to 144 TB. A summary of these Nvidia Al-focused platforms is
provided in version 1.11 of the document [287].

From the point of view of the possibility of building the most powerful
supercomputers, the basis for ultra-high levels of performance scaling is
provided by the use of NVSwitch3 with NVLink4 channels in conjunction
with the GH200, since this provides Nvidia’s original two-level scaling. Its
capabilities are illustrated in Figure 16, which relates to working with the
GH200 variant with NVLink support [287].

At the first level, it’s possible to combine a set of GH200 superchips
into a single domain, connected through the NVSwitch3 switching system
(with a total bandwidth of all GPU threads in the domain up to 900 GB/s
per superchip). The use of these interconnects makes it possible to form
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a common memory of the entire domain, including both the LPDDR5X
memory of the Grace processors and the HBM3 memory of the H100 [287].
In late 2023, Nvidia announced another single-rack compute system (GH200
NLV32)— with a much smaller domain than the top-end DGX GH200
configuration. Already at this level a very high level of performance
is achieved; Nvidia also calls this system a supercomputer (see, for
example, [289]).

At the second level, clustering of domains is possible using the most
modern, widely used interconnects. For this, PCle-v5 channels supported
in Grace are used. Figure 16 shows a possible variant of such formation
of a cluster of domains using the Bluefild-3 DPU. For communication with
Grace, this DPU has 32 PCle-v5 lanes, which has a total bidirectional
bandwidth of 256 GB/s (this DPU has another 32 GB of own memory).
And to form a cluster of domains, the DPU has 1 or 2 additional ports
with speeds up to 400 Gbps (they can work with Infiniband NDR400 or
Ethernet 400) [290], as shown in Figure 16. The use of DPU removes the
Grace need to manage transferring data over the cluster interconnect.

It is clear that scaling on such a system will be a difficult task even for
Al But the author does not know, even through the announcement, about
the possibility of such an “option” and the level of scaling of systems
with GPUs from other companies. But in general, it is clear that Nvidia with
the GH200 is focused on delivering more work-ready computing systems.

4.2.5. CUDA Extensions for H100

Everything stated below in this section is based on the description
of the H100 hardware [78]. But first, it is advisable here to point out the
general structure of the CUDA platform in its part related to compilers, since
over time new programming languages appear that can also be used to
obtain kernels executed on Nvidia GPUs. At the same time, the CUDA
platform provides different compilers with a unified software stack, and
creating a compiler for a new programming language basically comes down
to writing only the front end part of the compiler.

These compilers are based on LLVM (in [78] the use of its 7th version is
indicated). In addition to the capabilities of the C++ and Fortran ISO
standards used for working on GPUs, as well as their CUDA extensions, back
in 2021 in CUDA 11.4 Nvidia introduced CUDA-Python [291], and there are
also developments for Julia and other programming languages.
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The corresponding front-end components of these compilers generate
an intermediate representation (IR) called NVVM IR [292], which is based
on the famous LLVM IR. Next, using the libNVVM library, a PTX code is
generated, from the virtual ISA of which a kernel is obtained that runs
on the GPU [78].

The most important thing for achieving high performance of GPGPU is
a provision of data locality, which gives high-speed access to nearby memory
levels, and asynchronous execution, when the calculations themselves are
performed independently (simultaneously) with data transfer.

Previously (and for the A100), the CUDA programming model included
blocks of threads, from which a grid of threads was formed. IIn H100, the
number of SMs has increased significantly and another level has been added
to the overall thread hierarchy, a thread block cluster, which includes a set
of thread blocks spanning multiple SMs. All this is reflected in the H100
hardware implementation with a new larger level of memory localization,
since clusters of thread blocks in the H100 work simultaneously on SMs
inside the GPC, ensuring fast data exchange between threads in the cluster.

Cluster threads can directly access the shared memory of other SMs
using load, store, and atomic operations (which cannot be partially
executed). For this purpose, DSMEM (Distributed Shared Memory)
is formed. Figure 17 shows how data is exchanged between thread
blocks in A100 and in H100 with DSMEM. A thread block cluster has
access to more shared memory capacity than a single thread block—the
virtual address space of "shared" memory. Compared to using global
memory, DSMEM speeds up data exchange between blocks of threads by
approximately 7 times. [78].

On the other hand, from the author’s point of view, the appearance
of a of thread block cluster on a new GPU model is a clear demonstration
that widely used programming models for GPUs, which require the highest
possible performance, automatically become poorly portable to other GPU
models.
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Other notable extensions in CUDA for H100 relate to asynchronous
execution, allowing for overlapping (simultaneous execution) of data
movement, computation, and synchronization [78]. To achieve this, the
H100 has a new asynchronous memory copy module TMA and a new
asynchronous transaction barrier. TMA can transfer large (up to the
shared memory capacity) blocks of data and multidimensional tensors from
global memory to shared memory and back.

The TMA operation is asynchronous and uses shared memory-based
asynchronous barriers like the A100. In addition, one thread in a warp can
be selected to perform an asynchronous operation, and then multiple
threads can wait for the data transfer to complete using a barrier. TMA
frees threads to do other independent work, since after a thread creates
a so-called copy handle before running TMA, TMA itself performs all other
functions as part of the H100 hardware.

Asynchronous barriers first appeared in the A100, and the H100 intro-
duced a new primitive for asynchronous memory copies, the asynchronous
transaction barrier. The write command to shared memory transfers not
only the data, but also the number of transactions. The asynchronous
transaction barrier blocks threads on a wait command until all producer
threads have completed the “Arrive-On” operation and the sum of all
transaction counters has reached the expected value. See [78] for more
details. These capabilities are naturally used to work with thread block
clusters.

4.2.6. H100 Initial Performance Data

Data on the H100’s performance in benchmarks and HPC applications
at the time of the June 2023 Top500 list was virtually non-existent, except
for the starting data in the Hot Chips 34 report [293]. We will also note
the available (as of June 14, 2023) data from the tiny suite of the SPEChpc
2021 benchmark [226], where results for the Lenovo ThinkSystem SR655
V3 server are presented with one and two H100-PCIe-80GB (with EPYC
9654P). We compared these data with Lenovo’s SPEChpc 2021 results for
one and two A100-PCIe-80GB on another ThinkSystem SR670 V2 server
(with Xeon Platinum 8380). For the base variant of the test (the peak
variant for the A100 was not carried out), the resulting performance on one
H100 was 1.33 times greater than that of the A100, and on two H100s the
same acceleration was 1.51 times. But should be kept in mind that for
parallelization, OpenACC tools (plus MPI) were used here.
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Other interesting data on the performance of H100 were obtained for
the well-known molecular dynamics application Amber version 22 [294].
There, for typical test molecular systems for this application, calculations
were carried out that gave performance estimates (the number of simulated
nanoseconds per day of calculation) on different graphics processors. The
relative performance calculated from these values shows the acceleration
of H100 relative to A100 by 1.11-1.28 times for dihydrofolate reductase
(23558 atoms), 1.27 times for nucleosomes (25095 atoms), 1.42-1.43 times
for a protein of 90906 atoms, 1.40 times for cellulose with a large number
of macromolecules (408 609 atoms), 1.35 times for a satellite of the tobacco
mosaic virus (1067095 atoms).

In calculations of smaller molecular systems, the accelerations obtained
on H100 were also and greater than those indicated above, but we do not
present these data here. But it is useful to note that for all the molecular
systems calculated in [294], the performance of the Nvidia RTX 3090 is
close to the A100, and the Nvidia RTX 4090 is close to the H100.

There is also other data on Amber22 performance on the H100
compared to performance on the A100, but these are discussed below
in Section 5.3.2, with comparison to performance on the MI250.

But first of all, new generation GPUs are usually focused on solving Al
problems, so the initial performance data appears here. For the H100, first
became available Nvidia’s preliminary results for one of the classic Al
(machine learning) benchmarks suites, MLCommon— MLPerf Training
in version 2.1 [278].

The calculation times presented in [278] for H100 (in the “closed”/“pre-
liminary” section of MLPerf Training) were obtained on the DGX H100
system, containing, in addition to 8 H100, two Xeon processors (56 cores)
and running the Ubuntu 20 distribution. Data analysis for the DGX A100
system with 8 x A100-SXM-80GB in benchmarks that give comparable
results to the H100 shows that the calculation time on the H100 is about
two times less than on the A100, with the exception of the NLP benchmark,
where the H100 is 3.8 times faster.

At the end of June 2023, data on the performance of H100 and
A100 appeared on the new version of MLPerf Training v3.0 [295], and

in September — on the new version of MLPerf inference datacenter
v.3.1 [298], which are illustrated in Table 18 and Table 19.



ENZRY

NEwW GENERATION OF GPGPU AND RELATED HARDWARE
TABLE 18. Performance data for H100 and GH200 in MLPerf
inference datacenter v. 3.1 benchmarks (all data in the category
"closed" /"available"); data have been selected for maximum
comparability for 99% accuracy and rounded to 2 significant
digits
GPUS [ 1 ] 2 [ a ] 8
Image Classification/ResNet
H100-PCIe-80GB | 47(55)! | 106(115)%| 206(200)2 368(443)"
H100-SXM-80GB 73(89)3 312(354)3 584(704)%
GH200-96GB 77(93)
A100-PClIe-80GB 147(158)°
A100-SXM-80GB 305(340)9290(326)7
NLP/BERT
H100-PCIe-80GB | 4.6(5.7)!| 9.1(12)2 | 18(23)2 35(46)!
H100-sXM-80GB | 7.3(8.8)3 29(36)3 56(70)%
GH200-96GB 7.7(10)
A100-PCle-80GB 12(13)°
A100-SXM-80GB 25(28)% 25(28)7

The performance data (number of querues in the server scenario and number of
samples - in parentheses - in the offline scenario) is reported per millisecond
instead than per second.

All calculations were carried out using TensorRT 9.0.0 and CUDA 12.2.

! Data from Nvidia on Gigabyte G482-Z54, with 2xEPYC 7742;

2 Data from Dell on Dell PowerEdge R760x with 2x Xeon Platinum 8480+
3 Data from Dell on Dell PowerEdge XE9640 with 2xXeon Platinum 8468
4 Data from Nvidia on DGX H100 with 2xXeon Platinum 8480C

5 Data from Dell on Dell PowerEdge R750x with 2xXeon Gold 6338

6 Data from HPE on HPE ProLiant XL675d Gen10 Plus with 2x EPYC 7763
7 Data from Oracle on Oracle BM.GPU.A100-v2.8 with 2xEPYC 7J13

393

Data for these tables were selected to provide the greatest possible

comparison of performance, but since they were actually obtained after the
completion of data selection for review, they are not analyzed in detail here.

Table 18 shows selected data from the MLPerf inference datacenter

version 3.1 benchmarks suite. The data in this table shows the H100’s clear
performance gains over the A100, the H100-SXM’s more subtle performance
gains over the H100-PCle, and the 96GB GH200’s increased performance
over the H100-SXM (and in more so over the H100-PCle). This demonstrates
the increase in performance for Al area when working with a single H100
GPU in the Grace-integrated GH200 variant with 96 GB HBM-memory.
In addition, these data show good scalability at the number of GPUs used
in the server increases from 1 to 8.
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TABLE 19. Machine learning performance in MLPerf Training
v3.0 benchmarks [295] in minutes

GPUs [ 2] 4 [ 8
Image classification
A100-PCle 58 612 323
A100-SXM 544 27°
H100-PCle | 82° | 452 397 208 21°
H100-SXM 2710 96!t | 1312 1313
Image segmentation (medical)
A100-PCle 47! 482
A100-SXM a7 23°
H100-PCle | 67° 322 317 19% 18°
H100-SXM 2210 221l | 1212 1913
Object detection, light-weight
A100-PCle 171} 1762
A100-SXM 2224 79°
H100-PCle 1142 1077 | 54% 56°
H100-SXM 7210 7ol g7l2 3713
Object detection, heavy-weight
A100-PCle 86! 8172 473
A100-SXM 834 38°
H100-PCle 622 557 | 28% 28°
H100-SXM 4019 1912 20!®
Speech recognition
A100-PCle 63; 642
A100-SXM 55% 29°
H100-PCle | 77°| 512 457 | 238 28"
H100-SXM 2710 2711 | 1912 1913
Natural languages processing
A100-PCle 45! 512
A100-SXM 324 15
H100-PCle | 43° 105 10°
H100-SXM 1119 1111 | 5412 5413
Recommendation (DLRM)
A100-SXM 8.4°
H100-SXM 8.810 4.31%  4.3%2

! Data on ESC4000-E11 with 2xXeon Platinum 8462Y 4

2 Data on R750x with 2xXeon Gold 6338

3 Data on ThinkSystem SR670 V2 Server with 2xXXeon Platinum 8360Y

4 Data on XE8545 with 2xEPYC 7763

5 Data on XE9680 with 2x Xeon Platinum 8480+

% Data on D54Q-2U with 2xXeon Gold 6430

7 Data on R760x with 2x Xeon Platinum 8480+

8 Data on ESC8000A-E12 with 2xEPYC 9654

9 Data on AS-4125GS-TNRT with 2xEPYC 9554

19 Data on SYS-421GU-TNX with 2x Xeon Platinum 8460H

' Data on XE8640 with 2x Xeon Platinum 8468

12 Data on XE9680 with 2x Xeon Platinum 8470

13 Data on AS-8125GS-TNHR with 2x EPYC 9634

14 Data on G593-SDO with 2x Xeon Platinum 8480+
All data in the table refers to "available on-premise" and was obtained on a GPUs with
a memory capacity of 80 GB and rounded to two significant digits. For information
about the AI models used in the benchmarks and the underlying datasets used, see [295].

ENSSRY
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Table 19 shows a sample of approximately one-sixth of the MLPerf
Training v3.0 benchmark data table presented in [295], where are, for
example, also results for a larger number of GPUs used. Such a large amount
of data presented in this table allows to compare the performance of the
H100-sxM, H100-PCIe and A100-SXM/PCle with different numbers of GPUs
used in the server, using different software and different hosts.

The data in this table shows that possible reasonable variations in the
host hardware (of course, CPUs containing dozens of cores were used here)
and software chosen by server manufacturers for these benchmarks do not
have a strong impact on the achieved performance and are therefore not
analyzed here.

The data in this table in almost all benchmarks shows good scaling
with the number of GPUs in the server up to 8. As a zero approximation for
comparing performance, we can assume that the dependence of performance
on the number of GPUs is linear, although this is not always the case— for
example, when moving from 4 to 8 H100-PCle speedup in the medical
image segmentation benchmark was only 70 percent.

The table data shows that noticeably higher performance is achieved
when working with the H100-SXM compared to working with the H100-PCle
(for example, one and a half times more for 4 GPUs in image classification
and image segmentation benchmarks); or that the performance of the
H100-SXM is twice as high as that of the A100 on the same benchmarks
with the same number of GPUs; or that H100-PCle is one and a half times
faster than A100 under the same conditions, and so on. It also happens
that scaling with the number of GPUs is rather insufficiently high for Al
(for example, when moving from 4 to 8 H100-PCle in the medical image
segmentation benchmark), but such an analysis, for obvious reasons, is not
carried out here.

4.3. Nvidia GPUs Summary

Despite the emergence of alternative Nvidia GPUs from AMD and
Intel, there are no signs of weakening in the position of Nvidia GPUs
in hardware and software terms— their use in quantitative terms will
continue to develop rapidly. Software tools for Nvidia GPUs are the most
widely available, and new software tools are usually released for them
earlier than for competitive GPUs. New generation GPU architectures from
Nvidia provide a high level of compatibility with earlier GPU models.
Accordingly, the portability of the software to newer models is significantly
higher than that achieved when switching to work with competitor GPUs.
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While Nvidia’s GPU market share could theoretically fall in the global
market due to the introduction of AMD and Intel GPUs, the global
increase in Al efforts will boost the adoption of Nvidia GPUs. The possible
performance advantages of Intel and AMD GPUs need to be proven in real
applications. From an HPC perspective, it’s worth paying attention to
Nvidia’s increasing focus mainly on Al area.

5. Next generation GPUs from AMD

The new generation GPUs in this review include GPUs that appeared
after the basic Nvidia V100 and A100 GPUs. AMD has come a long
way in recent years not only in the field of successful competition with
Intel x86 processors (AMD EPYC is pushing aside Intel Xeon not only
in the market of traditional servers, but also in the market of servers
with GPUs). The introduction of the MI100 [296] at the end of 2020, and
the MI200 family the following year [297,299] showed that competition
with Nvidia GPUs is starting. It was the GPU MI100 and MI200 that became
the first representatives of GPUs produced, classified in this review as a new
generation.

The MI100 was sometimes seen as a precursor to AMD GPUs in upcoming
supercomputers (the Spock cluster with MI100 in nodes is a predecessor
to Frontier [254]; the MI100 began to be used in the nodes of LUMI,
which took third place in the June Top500 list, when its nodes already
began using the MI250X [42]). The MI100 architecture has already
been discussed in publications— see, for example, the review [21]. By
analogy with the V100, here we will limit ourselves only to the summary
technical characteristics of the MI100 (see Table 20) and Table 21, but
we will analyze data on the achieved performance of this GPU, including
in comparison with other GPUs considered in the review.

The relevance of the analysis of GPUs from the MI200 family is increased
by the fact that they have now been used to build not only the No. 1
supercomputer in the Top500, which for the first time in the world crossed
the 1 EFLOPS barrier (Frontier), and the third in the Top500 (LUMI) list,
which belongs to the European Union (since LUMI is installed in Finland —
this also demonstrates significant European success in the supercomputing
field): MI250X GPUs are used in 2% of supercomputers from the Top500,
which also reflects another success of the manufacturer, HPE /Cray, in whose
hardware the MI250X was placed.



TABLE 20. Specifications of modern AMD and Nvidia GPUs

GPUS MI100 | MI210 | MI250 | Mizsox | AL0Qwith | A100 with | HIO0 with | H100 with
TSMC technology, nm 7 6 7

Number of active cores 7680 6656 | 13312 14080 6912 6912 14592 16896
(stream processors)

Number of active CUs? 120 104 | 2x104 | 2x 110 108 108 114 132

765/1410 | 1095/1410

%1;{1} base/boost clock 1000/1502 1000,/1700 or or 1095,/17554 | 1590/19804
(MHz) 1065/1410 | 1275/1410

Peak performance: FP64

(TFLOPS) 11.5 22.6 45.3 47.9 9.7 9.7 25.6 33.5
FP64 with tensor cores
(TFLOPS) No 45.3 90.5 95.7 19.5 19.5 51.2 66.9
FP32 (TFLOPS) 23.1 22.6 45.3 47.9 19.5 19.5 51.2 66.9
FTPSSOVg%% tensor cores 46.1 45.3 90.5 95.7 No support: lower precision inputs
FP16/BF16 (TFLOPS) 133'5/ 181 | 362.1 383 78,3123 2053 2683
INT8 (TOPS) 184.6 181 362.1 383 624 1513 1978.9

! Low-level SIMD cores with support for multiply-and-add commands are also called CUDA processors by Nvidia (matrix/tensor
cores are not taken into account here);

2 for Nvidia— streaming multiprocessors (SM);
3 when using sparsity — twice as high; Performance with FP16, BF16 and INTS relates to tensor kernels.

Performance with FP16, BF16 and INTS8 refers to tensor cores.

D

HYVMAUVH dAIVTIE ANV N D dPD J0 NOLLVHANTD MIN

L6€



TABLE 21. Specifications of modern AMD and Nvidia GPUs (continuation)
A100 H100
GPUS MI100 | MI210 | MI250 | MI250X | with A100 with H100
PCle with SXM4 PCle with SXM5
GPU memory type HBM2 HBM2E HBM3
Memory bus, bit 4096 8192 5120
Memory capacity, GB 32 64 2 x 64 40 or 80 80°
6 1215 or 1215 or
Memory clock, MHz 1200 1600 1512 1593 1593 1313
. 1555 or 1555 or
Its bandwidth, GB/s 1229 1638 3277 (2 x 1638.4) 1935 2039 2039 1681
I . Infinity . . . . . .
nterconnect of GPU with Fabric Infinity Fabric 3.0 with CPU: | NVLink- | with CPU: | NVLink-
GPU or with CPU 50 y ‘ PCle v4 3.0 PCle v5 4.0
Its bandwidth, GB/s 3%92 | 3x100 6 x 100 with CPU | goo | WItR OPUE T 900
L1 cache, KB 16 on CU 192 on SM 256 on SM
L2 cache, MB 8 16 40 or 80 40 50
— - 300 £300 | 500; 560 | 500; 560 | 520020 | 400 350 PSU: | 700 PSU:
’ PSU: 700 | PSU: 700 | PSU: 900 | PSU: 900 700 * | PSU:800 750 1100

4 There is a model with HBM3/96 GB and a different GPU clock.
5 for tensor operations with reduced (less than FP32) precision, the boost clock is lower;
6 TDP: the number after the semicolon for AMD is peak, PSU: suggested power for Power Supply Unit;
This table data are taken from the database [185] and from manufacturers websites.
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5.1. GPUs AMD MI200

5.1.1. Microarchitecture and technical characteristics of different MI1200
models

The MI200 family includes three different models— MI1210 [300],
MI250 [301] and MI250X [302], of which the top model MI250X appeared
and was the first to be supplied to the Frontier supercomputer [303], the
leader of the Top500 list.

As AMD transitioned from producing its traditional Radeon Instinct
graphics processors to next-generation GPUs, the architecture also changed.
If earlier AMD graphics processors used the GCN (Graphics Core Next)
architecture, then CDNA (Compute DNA) was developed for MI100
(Compute DNA) [304], and in MI200 it was upgraded to the second version
CDNA 2 [305]. When these architectures change, naturally, a certain
continuity is maintained, primarily in the computing units, the improvement
of which largely occurs in technological and quantitative indicators.

For the analogue of the basic computing unit SM in Nvidia GPUs for
AMD GPUs, the term CU is used (see Table 1), which is also used in BR100.
Sufficiently detailed information on the construction of the CU and its
main blocks for CDNA is available in [304]. The CU in CDNA 2 contains,
in particular, a dispatcher for working with threads, files of ordinary and
vector registers, cores (including matrix ones, see below), L1 cache and LDS
(Local Data Share) memory [305]. LDS shared memory (often also called
LSM, Local Share Memory) is used by threads inside a warp (wavefront
in AMD terminology, see Table 1) [305].

The L1 cache capacities for the MI100 and various MI1200 models, as
well as other important indicators of these AMD GPUs, in comparison with
the A100 and H100 are shown in Table 20 and Table 21. Taking into
account the delays in PVC supplies and the possible freeze in production
of the BR100, the greatest interest in this review and for comparison
purposes GPUs in general currently represent the GPUs from this table.

But first of all, we should point out the technological indicators. MI100
began to be produced using TSMC 7 nm technology (like the A100), and
MI200— using 6 nm technology (only in the latest H100 that Nvidia
introduced, used 4 nm technology). The MI100 contains 25.6 billion
transistors with die size of 750 mm? — and the MI250X already has 58.2
billion (with a smaller die size 724 mm?) [185|. These indicators are
important, among other things, because they are associated with possible
cost indicators and TDP values.
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These data show the similarity of such indicators for MI100 and V100
(see also Table 10). At the same time, in MI250X the number of transistors
is slightly larger than in A100 (there are 54.2 billion of them), and the
MI250X die size is noticeably lower (in A100— 826 mm?). Accordingly,
ideas arise about the possible comparability of MI100 and V100, as well as
MI250X and A100— which has been tested in a number of publications with
performance data. As for the comparison of the technological indicators
of the MI250X and A100, it requires fundamental clarification, which will
be discussed below.

To compare the MI250X with the A100, we should add a comparison
with the H100, which will appear in 2023. Here, the new 4 nm technology
level allowed Nvidia to place 80 billion transistors with a reduced die size
(compared to the A100) 814 mm?.

The main indicators of GPU MI100, MI200, A100 and H100 are given
for comparison in Table 20, 21, and Figure 18 shows a higher (than CU)
level of computing power scaling in CDNA 2— GCD, which also has 4
Compute Engine’s (CE), each containing 28 CUs (two columns of 14 CUs
each in the figure [305]. Two CUs of the 112 physical CUs are disabled [41] —
accordingly, Table 20 indicates 110 CUs.

The GCD die is of fundamental importance for AMD technology: the
top MI250 and MI250X models each contain by two GCDs [305], connected
as a chiplet [299].

As GCD interconnect the Infinity Fabric 3.0 (discussed in the next
section of the review) is used, but its bandwidth is much lower than
the GPU memory bandwidth (see Table 21). When programmed, MI1250
and MI250X will be treated as two different GPUs [305]. Accordingly,
returning to the technological comparison with the A100 and H100 GPUs,
MI250/MI250X can also be perceived as GPU pairs. And per one GCD in the
MI250X, the number of transistors in it, roughly speaking, is 2 times less
than in the A100.

If we move from the CDNA 2 architecture to the supplied MI200
models, they differ in the number of active CUs (see Table 20). According
to [305], each CU contains 64 cores (64 shader cores or stream processors
in AMD terminology, equivalent to four SIMD blocks with vectors of
16 numbers) — these are some analogues of CUDA cores in Nvidia GPUs.
Each such core can perform multiply-and-add commands with FP64
numbers. Then the peak GPU performance (FLOPS) is twice the product
of the number of such GPU cores and the clock frequency. According to
the established tradition, manufacturers use the accelerated frequency
in calculations of peak performance— such numbers are given in this table.
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In CDNAZ2, the ALUs located in the CU became 64-bit, and it became
possible to pack two FP32 numbers in place of one FP64, and work with
them, for example, in multiply-and-add instructions [305]. The MI250X’s
peak performance with packaged FP32s doubles to 95.7 TFLOPS without
using matrix cores.

In CDNA (in CUs), matrix cores have appeared (analogues of tensor
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TABLE 22. The number of results obtained per clock cycle

on one CU in CDNA (MI100) and CDNA 2 (MI200)

Format By vector units By matrix units
CDNA/MI100 | CDNA 2/MI1200 | CDNA/MI100 | CDNA 2/MI200
FP64 64 FLOPS 128 FLOPS 256 FLOPS
FP32 128 FLOPS 128 FLOPS 256 FLOPS 256 FLOPS
FP16 — — 1024 FLOPS 1024 FLOPS
BF16 — — 512 FLOPS 1024 FLOPS
INTS — — 1024 numbers 1024 numbers

Data from [307]. It also lists the number of clock cycles required to perform each
type of MFMA operation. Running mixed format MFMA with FP32 results gives
1024 FLOPS per clock cycle.

cores in Nvidia GPUs), which can execute MFMA (Matrix-Fused-Multiply-
Add) commands— “multiply-and-add” on small-sized matrices using mixed
precision, but there the maximum precision is FP32 [304], as in the V100.
And in CDNA 2— and accordingly in MI200 (similar to A100) MFMA can
also work with the FP64 format. Acceptable sizes of matrices with FP64
(M x N x K in formula (1)): 16 x 16 x 4 or 4 x 4 x 4 [299].

It is useful to note here the peculiarity of the MFMA command set (it
is a set, since for each combination of number formats used in different
matrices there is its own version of the MEMA command) and similar
WMMA commands in Nvidia GPUs. They perform the operation expressed
by formula (1) with & = 8 = 1, but the result is placed in another matrix
D instead of C on the left side of this formula. There is no support for
working with specific sparse matrices for Al area (as in the A100) in CDNA
2. ISA documentation for CDNA 2 is available at [306].

To calculate the peak performance of MI100 and MI200, you need to
know the number of results obtained per clock cycle in one CU; this data is
presented in Table 22. For example, each CU in CDNA 2 has 4 matrix cores,
each of which produces 64 FP64 results per clock cycle [305], which after
multiplying the total number of matrix cores in the GPU by 64 and by
the clock frequency gives the peak performance shown in Table 20 when
working with matrix cores.

In general, if we compare the peak performance data presented
in Table 20, we can see that when working with vector cores, the MI100 is
ahead of the A100 (and naturally the V100, see Table 12) for FP64 and
FP32 in this indicator, giving this an potential advantage for all (working
with vectors) HPC applications (unless performance is limited by matrix
multiplication). There is no support for FP64 in the MI100 matrix cores,
and with an accuracy below FP32, the MI100 is competitive with the V100
in this performance indicator, being much inferior to the A100.
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On vector cores, the MI250 and MI250X models containing two GCDs
each outperform the A100 in peak floating point performance. The same
occurs when working with matrix/tensor cores (with the exception of FP32).
However, A100 for the field of AI, when using special sparsity of matrices
with tensor cores when working with reduced precision relative to FP64, is
ahead in terms of peak performance.

The actual performance achieved fundamentally also depends on other
factors, primarily the memory hierarchy — but first you need to decide how
the comparison is made: logically, the MI1250 and MI250X models are
presented as two GPUs. If we divide the peak performance of these two
models presented in Table 20 by two, then for FP64 all MI200 models are
still significantly ahead of the A100, and for FP32 their advantage is small
(for tensor cores the A100 also shows higher performance, but the original
data are not supported in standard FP32 format).

When compared with one GCD, the newly released H100 already
surpasses the MI200 in peak performance with FP64, and at lower precisions
this superiority is large. It should be noted that the peak performance
of one GCD MI250X for the FP64 format is very close to that of the
H100-PClIe (see Table 20). A systematic comparison of these GPUs based
on the actual achieved performance during the preparation of the review
was impossible due to the lack of relevant publications, and in practical
terms, a comparison of the H100/GH200 with the expected MI300 may
become relevant in the near future.

There are other execution units in CDNA 2 that are relevant to
working with images and video, but they are not discussed here— for
example, GCD has two VCN blocks for machine learning tasks in working
with images and video (see Figure 18).

Now we should turn to the memory hierarchy — the second main
component that determines GPU performance. The most detailed data
on the entire MI200 memory hierarchy is presented in [299]. The L1 cache
here has a structure traditional for AMD GPUs, including not only division
into an instruction cache and data cache, but also division of the latter into
a vector cache (for working with a vector register file) and a scalar cache.
And it is impossible to directly compare the capacity of the L1 D-cache
in CDNA 2 with the capacity of such a cache in the A100 due to the fact
that CDNA 2 also has a separate LDS shared memory with a capacity of
64 KB per CU [41]. And in V100 and A100, the corresponding cache (the
size of which is given above in Table 21) is unified, and includes L1 and
shared memory.
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The L2 cache located in the GCD has a capacity of 8 MB and is a 16-way
set-associative cache. The L2 cache in GCD has a total data transfer rate
with lower level caches of 4096 KB per clock [299]. More precisely, the L2
cache in GCD consists of 32 slices, each of which transfers 128 bytes/cycle,
or a total of 6.96 TB/s [41]. Through the 3rd generation Infinity Fabric
interconnect, L2 cache data can communicate with HBM2E memory at a
speed of 2 KB per clock. Attached to a single GCD, the HBM2E memory
has a capacity of 64 GB with a bandwidth of 1.6 TB/s [299].

Models MI250 and MI250X each have two GCDs. Accordingly, at the
level of the entire model, the indicators listed in the previous paragraph are
doubled, as shown in Table 21. And Infinity Fabric in CDNA 2 began to
ensure cache coherence between GCDs, and the HBM2E memory, as well
as the L2 cache of both GCDs, are shared [299]. If the mapping to the
A100 is done relative to a single GCD, then the capacity and throughput
of HBM2E in CDNA 2 is higher than that of the A100-40GB. But Nvidia
then began producing A100 models with double the capacity of the HBM2E
(80GB), which have more capacity and bandwidth than the single GCD
in the MI250/MI250X.

Comparing the listed memory indicators in Table 21, we can say that
they are comparable in different AMD and Nvidia GPU models (MI100 and
V100, MI200 and A100; H100 is not taken into account here). However, the
striking difference is in the capacity of the L1 and L2 caches: in the A100
they are much larger than in the GCD, which can have an important impact
on the performance achieved. The MI250/MI250X L2 cache capacity
per GCD remains the same as the MI100 (8 MB), slightly larger than the
V100 (6 MB) [185]. But in the A100 this capacity was sharply increased
and became several times larger than that of the MI200. As for the L1
cache, in the MI100 its capacity was only 16 KB (plus 64 KB LDS) on the
CU [262] versus 128 KB on the SM in the V100 (where this memory is
partially used as shared memory) [185]. The MI200 CU also has the same
L1 cache capacity as the MI100 (and also has a separate LDS memory).

But the capacity of the L1 cache is 8 times less than that of the unified
V100 cache, and additional LDS may not compensate for this— even after
allocating part of the capacity of the unified V100 cache to shared memory,
the remaining capacity for the L1 cache may be much larger than in MI100
and MI200. This has already caused performance problems (see Subsection
5.3.2.2 on MI250/MI250X performance further on this), so compared to the
A100, the MI200 cache is potentially bottlenecked place.
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In any case, the performance publications discussed below have already
noted the shortcomings of the cache memory in the MI100 and MI200. It is
possible that to optimize applications for MI1200, it is advisable to use not
a simple roofline model, but an empirical one taking into account cache
memory.

If we compare the TDP (see Table 21), then for the MI200 GPUs
compared (to the A100), these indicators are also quite close, although the
TDP of the A100-SXM models is higher. It should also be noted that the
numbers indicated in this table in the TDP line for AMD GPUs refer, as
indicated in documents [300-302], to TBP (Total Board Power).

In general, everything already discussed above suggests that at the
hardware level, the performance indicators of the MI100 are comparable to
the V100, and those of the MI200 (per GCD) are basically comparable
to the A100, which makes it interesting and relevant to compare the
corresponding actually achieved indicators of their productivity.

The last thing to discuss in this section is PCle support in the
MI100 and MI200 GPUs. Previously, this bus was used for communication
between the device and the host, and its limited bandwidth could become
a bottleneck for GPU performance. When multi-GPU servers began to be
offered, this bus could also be used for communication between GPUs, which
would also become a bottleneck in the server. In the GPUs discussed in this
section of the review, they all have a special high-speed interconnect
for communication between GPUs (Infinity Fabric for AMD, NVLink for
NVidia). But to communicate between a host and a device, the use
of such a specialized interconnect requires its hardware support by the host
processor.

This has always been done on AMD GPUs since Infinity Fabric was
originally focused on communication between AMD CPUs. This is not the
case for NVLink— and required the use of PCle to communicate with
conventional x86-64 server processors. Therefore, the advantage of IBM
Power9 was its support for an interface with NVLink for communication
with the V100, thanks to which Power9 is also used in such famous
supercomputers as Summit and Sierra. All GPUs compared in the Table 21
(except H100) have support for PCle-v4 x16 with a bandwidth of 64 GB/s.

But here there is a fundamental difference between these GPUs from
AMD and from Nvidia: PCle in AMD GPUs is not used for communication
with the EPYC CPU, but is a commonly used PCle interface to which
network cards are connected, for example, for communication between



406 MiknaIL B. KuzMINSKY ENZRY

cluster nodes. The use of Infinity Fabric in AMD GPUs gives them an
advantage in connection bandwidth to the CPU, including compared to the
A100-PClIe. And the PCle interface available in the MI100/MI200 is aimed
at using it in conjunction with MPI versions that support these GPUs for
exchanging messages between servers without involving the CPU— this is
used, for example, in the SLATE dense linear algebra library, focused
on similar systems with distributed memory [309].

The consideration of GPU interconnects in this review is carried out
in sections devoted to GPU-based computing systems and is considered
as additional special hardware for the GPU, as well as possibly special
processors that support the corresponding interface. Infinity Fabric is
therefore discussed in the next section.

5.1.2. Computing systems based on MI200

First of all, an analysis of the Infinity Fabric interconnect is required
here. It was originally close to PCle and is currently used for communication
between EPYC processors in servers. Like NVLink, new versions of Infinity
Fabric appeared as development progressed; in CDNA 2 this is already the
third generation [299].

The MI200 has different Infinity Fabric connection options, selected
for optimal work in different physical conditions (for example, for short
connections between GCDs within the same GPU, a special interconnect is
used). One Infinity Fabric channel is 16 bits wide in one direction (this was
also the case in MI100). The bandwidth of one such channel in CDNA
2 is 50 or 100 GB/s in one or two directions, and between two GCDs
in one GPU 4 channels are used with a total bandwidth of 400 GB/s [299]
(see Figure 19 with communication topology in the nodes of the LUMI
supercomputer [41]).

For communication between GCDs from different GPUs, a multi-GPU
server uses one or two Infinity Fabric channels with bidirectional bandwidth
of 100 or 200 GB/s, respectively. Finally, to communicate the MI250X with
EPYC CPU, uses another Infinity Fabric variant with 72 GB/s bidirectional
bandwidth to communicate with each GCD; In addition, host interconnects
such as the Cray Slingshot-11 [41,305] (see Figure 19).

The MI200-containing servers themselves may use a single or dual
EPYC CPU option, and different interconnect topologies are possible
there [305]. Figure 19 [41] shows the topology for a server with 4 MI250X
and one EPYC— this corresponds to the LUMI [41] and Frontier [303]
supercomputer nodes used.
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Ficurg 19. Using Infinity Fabric in a LUMI supercomputer
node with 4 MI250X (Figure from [41])

Figure 19 corresponds to the flagship node topology for HPC; for
it, [299] reports a total Infinity Fabric bandwidth of 1.54 TB/s. [305]
presents another server topology with 4 MI250s coupled to two EPYC
CPUs via a PCle switch as a "mainstream" for HPC and Al, and illustrates
another topology for a flagship server for Al with 8 MI250s and two
EPYCs.

The MI210, which has one GCD, has its own modifications to work with
Infinity Fabric. The MI210 provides 64 GB/s of bandwidth to the CPU
without the need for PCle switches, and the MI210-MI210 interconnect can
use 3 Infinity Fabric lanes for a total of 300 GB/s of bandwidth. Finally,
for a multi-GPU server with MI210, flagship and “mainstream” options are
also offered [305].

Different topologies can also occur in Nvidia multi-GPU servers.
However, the presence of different types of Infinity Fabric connections can
complicate the optimization of highly scalable programming in multi-GPU
servers with MI200. However, in [308], which examined various Infinity
Fabric interconnect options on a server with 4 MI250X GPUs, no significant
NUMA effects were identified on the CPU-GPU communication bandwidth
at the HIP APT level.

The Frontier supercomputer nodes use one 64-core EPYC 7A53
processor (operating at 2 GHz) with 4 MI1250X. This CPU, codenamed
Trento, was created specifically to working with the MI250X in Frontier
nodes. The L3 cache capacity of this CPU is 32 MB for each of the eight
8-core groups (256 MB total per CPU). The CPU is configured as 4 NUMA
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nodes, each of which is connected to 128 GB of memory, so its capacity
in the server is 512 GB (8 channels of DDR4-3200) [41,299,303]. The
possible topology for using Infinity Fabric in multi-GPU servers with
MI250X was discussed above (see Figure 19); [41] points out the importance
of proper NUMA node binding to the GPU, which can be critical to optimizing
application performance. Frontier was built by Cray/HPE and uses the
Slingshot-11 interconnect to connect the server nodes [299].

The third-place Top500 supercomputer, LUMI, uses the same hardware
as Frontier [41,42]. Here we must also point out the Crusher system,
which is actively used in research, containing 192 of the same nodes as
Frontier (9408 nodes) and LUMI (2560 nodes), and is used for testing and
development. And even earlier, the predecessor of Frontier was considered
the Spock cluster, which had 36 nodes containing by 4 MI100 [310] (see
Table 23 below).

Naturally, almost all the world’s leading server manufacturers supply
models containing the MI200 GPU. Their use in modules of the standard
0AM (OCP Accelerator Module) form factor [305] contributes to the rapid
and widespread adoption of such servers. Servers are available in a variety
of sizes from 1U to 4U, as well as 6U and 10U, containing from 1 to 8 GPUs
(as well as 10 and 20) MI100, MI210 and MI250. These servers can have
1-2 AMD EPYC CPUs of Zen 2 and Zen 3 architectures, as well as 2nd and
3rd generation Intel Xeon Scalable processors. A list of such servers is
available at [311].

To achieve maximum performance when working with the MI1250/MI250X
GPU, liquid cooling is required (without it, it is usually impossible to have
more than 500 W). A classic example of this is the HPE Cray accelerator
blade EX235a [46], used in related supercomputers.

5.2. SDK for MI100 and MI1200

The discussion of SDKs in this section of the review is very limited, since
most of the corresponding components from AMD are direct analogues
of the SDKs from Nvidia described above, the names of which are also often
very similar. AMD’s SDK for the GPUs in question is called ROCm (Radeon
Open Compute, and m stands for "multi-GPU computing" at the heart
of these tools [312]). One advantage of AMD’s SDK is that it is available
in source code [312], while Nvidia’s SDK is simply freely available.
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If in 2020, when MI100 appeared, version ROCm 4.0 was available [312],
then by mid-2023, before the appearance of the June Top500 list, version
ROCm 5.5.1 was already available [313]. If the basis of NVidia’s SDK
should be considered the CUDA API, then the basis of AMD is the HIP
API[58]. HIP as a programming model is extremely close to CUDA, and
similar terms are used there (see Table 1). In HIP, when working with
AMD GPUs, a warp (wavefront in AMD terminology) is used with a size of
64 threads [313], and not 32 (as for SM in Nvidia), which is related to the
CU architecture.

But programs from Nvidia GPUs began to be portabled to AMD GPUs
regardless of the appearance of the MI100. Thus, information on the
achieved performance when porting various software systems from a popular
area of application of modern GPUs, classical molecular dynamics, is
presented in [314].

As an advantage of HIP over CUDA, we can point out the possibility
of using HIP when working on Nvidia GPUs, which makes it possible to port
software for AMD GPUs to Nvidia hardware. But here two important
clarifying points arise. Firstly, we need data on the comparison of the
performance achieved when running HIP relative to that achieved using
CUDA (this will be discussed below). Since HIP uses certain CUDA backends
when working with Nvidia GPUs, this eliminates possible problems.

It is generally believed that using HIP causes almost no performance
degradation compared to direct CUDA encoding [42]. Data actually
demonstrating this for one of the algorithms for solving a CFD problem with
an unstructured mesh are available in [168]. But the new version of CUDA
for H100 has extensions, the most striking of which can be considered
a change in the hierarchy of the used sets of threads (a cluster of thread
blocks has appeared). Accordingly, potential HIP performance issues for
Nvidia GPUs may remain.

The ROCm software stack at the lowest level includes drivers. Currently,
ROCm support is provided on Linux (drivers are included in the kernel
module, which can be installed on Ubuntu, RHEL and SLES distributions).
It is clear that ROCm includes all the typical components for an SDK.
There is a compiler, now called ROCmCC (with support for HIP, OpenMP
and OpenCL), which is based on Clang/LLVM [313]. Naturally, there is
a profiler, debugger and performance tracing library.



410 MiknaIL B. KuzMINSKY ENSSRY

Math libraries come with the prefix roc or hip. The roc prefix is used
in the names of libraries optimized for AMD GPUs, and the hip prefix is
used for libraries where tools for Nvidia GPUs are used as a back-end [313].
Given the prefix the full names of these libraries make their purpose
obvious and are not given here. There are also communication libraries
similar to the corresponding tools from Nvidia. For example, Nvidia’s
ROCm counterpart to NCCL is RCCL.

Even due to the syntactic similarity between HIP and CUDA, it seems
natural that ROCm would have a conversion tool from CUDA to HIP,
HIPIFY [313]. But in the general case, this should be considered as
the first semi-automatic step towards such a transformation, which may
require further manual modification, if only because not all CUDA APIs
are supported in HIP (see, for example, [42]). Here we should point out
a certain analogy between HIPIFY and Intel DPCT tools.

It is important to point out here the open source hipSYCL project
(now called AdaptiveCpp™) at the University of Heidelberg (Germany), an
implementation of SYCL targeting CPUs and GPUs from different manufac-
turers. And in [165] an attempt has already been made to implement
oneAPI without the DPC++ compiler, using hipSYCL. A comparison of the
performance of MI250X using different implementations of SYCL, DPC++,
as well as HIP and OpenMP on different applications is carried out in [176].

Another important project for working with AMD GPUs is the
GPUFORT project [315]. These tools transform one source code into
another source code. There are two possible options for such transformation
of the source text. First, from CUDA Fortran (or possibly OpenACC) to
a Fortran variant with OpenMP version 4.5 directives. The resulting text
can then be compiled using AOMP (a Clang/LLVM-based compiler with
a Fortran front end). Secondly, it is possible to use HIPFORT tools, which
provide a Fortran and HIP runtime interface and access to math libraries.
If compiled to run a program on an Nvidia GPU, HIPFORT provides an
interface to the CUDA runtime tools and associated math libraries [316].

As for Fortran, it should be noted that there is support for the
AMD GPUs under consideration outside of ROCm—in the famous HPE

Cray Fortran, which also has support for OpenACC, which is missing
in ROCm.


https://github.com/AdaptiveCpp/AdaptiveCpp
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It is clear that the operation of the more traditional parallelization
tools MPI and SHMEM is also ensured. In [317], the performance of a
number of MPI variants that support working with CDNA and CDNA 2—
OpenMPI, Cray MPICH, MVAPICH2-GDR (as well as RCCL tools) was
studied, including when using the Cray Slingshot-10 interconnect in the
famous Spock cluster (it has nodes with 64-core EPYC 7662 and four
MI100).

We're not talking about the Al frameworks included with ROCm here,
since they’re Al-specific and the review is primarily focused on HPC— but
ROCm is naturally integrated with the major frameworks [313].

In conclusion of this section, it can be noted that both the hardware
and software of the GPU MI100 and MI200 do not show such a strong focus
primarily on AI (and on HPC— rather secondary) as in the GPU H100 (and
partly in the A100). At Nvidia, this it shows up not only in documentation,
but also in the new supercomputers that are emerging: unlike the more
“traditionally oriented” Frontier with AMD MI250X, the H100 is used
in supercomputers from the Top500, focused on Al. Nvidia produces
Al-ready, high-performance computing systems up to the supercomputing
level.

5.3. MI100 and MI200 performance data in benchmarks and
applications

By the time the June Top500 list appeared, many articles had become
available that examined the performance of these GPUs in different bench-
marks and on different applications, including performance comparisons
with respect to the V100 and A100. In most cases, when there were
sufficient publications for the specific AMD GPU models under consideration,
this review prioritized HPC-related works for analysis (but many data on Al
are also provided). Among these publications, we also selected articles
related to performance data on widespread and relevant mathematics
problems. From publications on applications in this review, traditional areas
known in HPC, for example, computational chemistry or CFD problems,
were also selected, with priority given to world-known applications.



412 MikHAIL B. KUuzMINSKY ENZRY

But here it is necessary to highlight the work on the ECP project and
the summary data of a review nature on more than 20 applications (more
precisely, projects) specifically focused on exascale— for example, [262].
There is a large number of performance comparison data for the MI100,
MI250X, V100 and A100. Since performance estimates in the limiting case
are interesting for a specific application or at least an application in the
relevant domain, in many cases it is useful to look at the data in [262],
where performance is also presented at the single GPU level.

However, it must be borne in mind that the ECP does not mainly use
globally used applications, but their special versions (possibly parts) made
to focus on exascale, or new developments. And this may be completely
ineffective and does not provide accurate estimates for performance in more
typical applications, for small computing systems, or for calculations of not
so complex objects. In addition, this is just the initial data from ongoing
work on various projects using early versions of ROCm in AMD GPUs, and
the results will clearly be improved (some clarifying articles related to
specific projects have already appeared). Accordingly, a very large number
of criticisms appeared here regarding many ROCm components of different
versions from 4.2.0 to 4.5.0, which AMD tried to quickly fix

Since much of the following data on the performance of the MI100 and
MI200 GPUs was obtained using well-known supercomputers (including
those from among the leaders in the Top500), brief information about such
computing systems (including those used for comparison with Nvidia GPUs)
is summarized in Table 23.

5.3.1. Performance of MI100

Comparative performance data of the MI100 compared to the V100
and A100 will be discussed here (everything relative to the MI200 is
discussed below).

As for comparing the performance of GPU MI100 and A100, although
the data in Table 20 shows slight advantages of MI100 in terms of peak
performance (for example, with FP64), limited attention should be paid to
these indicators for GPUs— no less often performance is correlated with
memory bandwidth, and more precisely, more important is to look at the
roofline model data. The available data from articles generally clearly
indicate large (often several times) performance advantages of the A100
relative to the MI100, although there are exceptions.
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TABLE 23. Computing systems whose nodes were actively
used in publications on GPUs performance cited in this review;
for supercomputers from the Top500, their number in the list
is given in parentheses

Computing system lt\IuIE}i)?rG%IIIJ(si Number and type Interconnect (between
p & 8y i?lpthe node of CPUs in the node nodes)?
Frontier (1) [303] 4xMI250X . 135?(”3{,; zncto) 4xHPE Slingshot-11
LUMI (3) [318] 4xMI250X . /xlsé(Eleero) 4xHPE Slingshot-11
Crusher [319] 4xMI250X . &52%530) 4xHPE Slingshot-11
Spock [320] 4XMT100 7%(?2%1:5110@ 1xHPE Slingshot-10

1xXeon Plati 4xNvidia Infiniband
Leonardo (4) [205] 4% A100-40GB Sgacg M —
Perlmutter (8) [206] | 4xA100-40GB 1xEPYC 7763 4xHPE Slingshot-11
ThetaGPU [321] 8xA100-40GB | 2xEPYC (Rome) 8 xInfiniband HDR
Polaris (19) [322] 4x A100-40GB IXE(PI\}EJ)M?’P Slingshot-10
. 2x Mell
Summit (5) [323] 6xV100-16GB 2x Power9 Inﬁnib;nc?rg]):()R

I The interconnects used in the publications cited in the review are indicated.

Therefore, we will present here only a few confirmations of this, mainly
in an integral sense (with a wide scope of applications) — and not based
on individual specific examples. For example, in [45] data corresponding to
the above are presented on 6 different applications and mini-applications
(from different fields of science) included in the ECP project or related
mini-applications. According to data from [45] we calculated how many
times the achieved performance of A100 was higher than MI100: for
AMR-Wind (CFD part of the ExaWind, Exascale Predictive Wind Plant
Flow Physics Modeling project) —on three different kernels in 1.7-5.3 times;
in the quantum chemical mini-application GAMESS RI-MP2— 5.8 times;
in the TestSNAP mini-application for the SNAP quantum potential, which
is then used in the LAMMPS molecular dynamics application (from the
EXAALT project for nuclear fusion problems) on three different kernels—
2.2-7.9 times, and so on.

As another example of performance data covering even more projects and
applications from ECP, we point out slightly more recent publication [262]
(see also [324]); comments about [262] are given above. Our calculations
of relative performance based on data from [262]| show that the A100 was
about two times faster on CFD problems (NekRS), and three times faster



414 MikHAIL B. KUZMINSKY ENZRY

2.5

B Central scheme
[ WENO scheme

5ﬂﬂddﬁ

Iteration elapsed time [s]

GPU GPU GPU GPU 2-CPUs
NVIDIA NVIDIA AMD AMD EPYC
V100 A100 MI250x MI100 7763

FIcUrRE 20. Time per iteration (seconds) for STREAmS-2
with a 420 x 250 x 320 grid for two calculation schemes: the
central flow estimation scheme and the WENO scheme (figure
from [325])

on quantum chemistry (Gamess, Fock matrix construction) and molecular
dynamics problems (LAMMPS). For TestSNAP, the A100 was 2.8 times
faster than the MI100.

A newer version of ROCm 4.5.2 on another CFD application, STREAmS-
2 [325], also produced similar MI100 performance lag values (see Fig-
ure 20) [325]. These data are discussed in more detail below in Subsection
5.3.2.2. It is unlikely that progress in new versions of ROCm can completely
eliminate such a lag.

In [225] performance using MI1100, A100, and V100 was examined
on SPEChpc 2021, which contains components from applications in different
HPC fields, but the data for MI100 was obtained in a different "small" suite
of SPEChpc than was not used for other GPUs.

Application performance is the most practically relevant, but corre-
sponding data on the performance of MI100 relative to A100, showing
similar data above, is also available for specific mathematical methods—
for example, for FFT [251], for QR decomposition of square matrices using
the MAGMA library for single and double accuracy [241], for BabelStream
bandwidth benchmarks [42]. There is also other data on BabelStream
benchmarks for their implementation using DO CONCURRENT Fortran
tools [236], where the memory bandwidth of MI100 was slightly different
from the C++ version of BabelStream (sometimes Fortran gave better
results). The bandwidth for both A100-80GB and A100-40GB in [236],
was naturally found to be much greater than that of MI100.
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Modern GPUs, their SDKs, and the applications that use them are
complex applications require different parameters for optimization for
different GPUs, and there are exceptions to all rules. Thus, in [241] data
on the same QR decomposition with rocBLAS show the advantage of MI100
over cuBLAS with A100. And in [326] within the AnySeq/GPU code for
bioinformatics tasks using FP32 cores in MI100, V100 and A100, the
performance (in trillions cell updates per second, TCUPS) was 3.8, 1.7 and
3.3 TCUPS, respectively. But in general, in publications, the strong lag
between the MI100 and the A100 in terms of performance is shown quite
clearly.

But comparing the performance of MI100 with V100 seems more
relevant, including as a possible addition or basis for comparing A100 and
MI200. Here the achieved performance is indeed quite comparable, and the
peak FP64 performance of the MI100 is still noticeably higher than that
of the V100. This gives the MI100 a chance to achieve higher performance
for compute-intensive applications (in roofline model terminology). Let
us immediately give a striking example of this in [262], where, using
the quantum chemical application NWChemEX in calculations with the
computationally intensive method of coupled clusters (CCSD), a comparison
of the performance of Spock nodes (4 MI100 each) and Summit (6 V100
each) showed the advantage of Spock. NWChemEx used CUDA on Summit
and HIP (ROCm 4.3.0) on Spock.

The acceleration values of Spock relative to Summit that we calculated
(according to Table 11 in [262]) show that on one Spock node the total
time of CCSD calculation is 1.5 times less than on the Summit node, and
the time of an additional more complex calculation of the correction T (for
triple excitations) are 1.9 times fewer than on the Summit node.

As the number of nodes increases to 4, the performance advantage
of Spock at an equal number of nodes quickly decreases, and at 4 nodes
Spock is only faster in terms of computation time of T [262]. It must be
said that probably most modern GPU applications are more memory-bound,
and the V100 is less behind the MI100 in memory bandwidth.

The article [262] provides comparative data on the performance
of deep learning for MI100 and V100 within the framework of two ECP
projects— CANDLE (precision medicine for oncology) and Exalearn
(the goals of the project are clear from its name). In CANDLE, BERT
performance is moderately greater on the MI100 than on the V100, but not
to the extent that the relative performance of these GPUs would indicate
(obviously in [262] referring to peak hardware performance). And for
ExaLearn, [262] indicates a much lower performance of the MI100.
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It is important that in addition to higher peak performance, MI100
showed higher memory bandwidth than V100 on all components of the
BabelStream test using a wide range of different programming models [42].
In the same work, the performance of the miniBUDE (molecular docking)
application on MI100 turned out to be higher than on V100-32GB and
almost coincided with the performance of A100-40GB.

A very relevant comparison is the performance of MI100 and V100
on DGEMM, which was carried out in [242] for batch and conventional
implementation of matrix multiplication. The corresponding data is
presented in Figure 21 using ROCm 4.2 (hipBLAS) for MI100 and CUDA 11.2
(cuBLAS) for V100. The parameters m,n,k on the abscissa here correspond
to the dimensions of the matrices M, N, K in formula (1). It can be seen
that MI100 can be ahead of V100. [242] also provides data for CEED
benchmarks from ECP, showing comparable performance between MI100
and V100, and performance on NekRS, where MI100 was 15% behind V100.
The same 15% lag is indicated in [265].

In [327] calculations were carried out using the QUICK quantum
chemical application in combination with the AMBER molecular dynamics
application (according to the QM /MM scheme). In the starting tests, the
MI100 gave performance two times less than the V100, due to the excessive
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use of registers in AMD kernels. After improvements in QUICK, in the
calculations of large-sized systems, the performance of MI100 and V100
turned out to be comparable (on small systems, V100 was much faster).
The kernel, which calculates the gradient of the exchange-correlation
potential, calculated much faster on the MI100 than on the V100 [327].
ECP-related work [328] compared the performance of MI100 (on Spock)
and V100 (on Summit) on the well-known CFD benchmark HipBone
(which is GPU-focused, based on the well-known C+-+-based NekBone
benchmark, but does not cover all its functionality [142]), and compared
the performance at different degrees of the polynomial of the kernel of the
Poisson operator, which actually determines the performance of HipBone.
HipBone uses FP64, but some preprocessing subtasks use FP32.

On one GPU, the performance of MI100 (with ROCm v4.5.0) obtained
in [328] is approximately the same as the performance of V100 (with CUDA
v11.0.3) at all degrees of the polynomial — sometimes MI100 is faster, and
sometimes V100. The highest performance is achieved with the highest
polynomial degree used (N=15): for V100—2101.4 GFLOPS, for MI100—
2135.2 GFLOPS; good scalability was also shown on Spock and Summit
nodes with the number of MPI ranks up to 32 and 48, respectively [328|.

In report [262] based on data for some ECP projects, the comparability
of the performance of MI100 and V100 is noted — this is said, for example,
for AMR-Wind data (our estimate of the acceleration of V100 relative to
MI100 according to Figure 20 in [262] is 1.4 times).

In the ExaSMR project (simulation of a small modular reactor core by
combining two parts, neutron physics and CFD— NekRS is used for the
latter), the Shift code with HIP (ROCm 4.2) for the first part was at first
inferior to V100 with CUDA by a factor of two, but after optimization the
lag was only 20%. In the NekRS part of ExaSMR, in some kernels, the
MI100 was only a few percent behind the V100 on Summit [262]; our
calculation according to tables 42 and 43 from [262] gives an acceleration
of V100 relative to MI100 by 10-20%.

In other software components of other ECP projects, [262] indicated
a more severe performance lag in MI100. On the QMCPACK application
(quantum Monte Carlo calculations), nickel oxide supercell calculations
achieved very different lags in different cases, but overall the MI100
gave significantly lower performance, and AMD compilers were criticized.
In TestSNAP, MI100 in Spock lags behind V100 in Summit by approximately
2 times (our calculation using Table 19 in [262]). In the ECP project with
the Gamess quantum chemical application, for ock matrix calculation
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in different basis types with lengths from 4 to 12 thousand orbitals, MI100
is 1.4-2.6 times slower (our calculation according to Table 15 in [262]).
Naturally, there is a lot of other data available in [262]| comparing the
performance of V100 and MI100.

Authors of [329] compared the performance of MI100 and V100 using
mini-application, MiniMDock for molecular docking. In variants optimal for
GPU performance (with HIP and CUDA), MiniMDock, when using medium
and large ligands, MI100 (Spock, ROCm 4.5) was inferior in performance
to V100 (Summit, NVHPC 21.11) by 32 and 39%, respectively, but on small
ligands MI100 was slightly faster than V100.

Authors of [330] optimized some critical important kernels for the CFD
application FUN3D, whose performance on the A100 was discussed above.
For all of them except the viscous flow kernel, MI100 (with ROCm 4.2.0)
was 18-53% slower than V100 (with CUDA 11.2).

Naturally, MI100 is used in a variety of areas, not only in HPC, but also
for Al, for example, for deep learning in the DLRM model [331].

We can say that the MI100 is comparable in performance to the V100,
although the MI100 often lagged behind. Much of the MI100 performance
data reported above refers to preliminary results obtained shortly after the
MI100 became available, and these results may still be quite significantly
improved on new versions of ROCm (CUDA versions seem much more
stable). But due to the clear advantages of all indicators of MI210 relative
to MI100, not only those indicated in Table 20 and Table 21, but also all
others known to the author at the time of writing the review, interest
in MI100, in the author’s opinion, relates to the use of MI100 as already
purchased, and the acquisition of a new MI100 is not practical compared to
MI210. Therefore, a more complete review of the available performance
data for the MI100 is not provided here.

5.3.2. Performance of MI200

Looking at the data in Table 20 and Table 21, it is clear that on a
per-GCD basis, the MI210 and MI250 models are almost the same, but the
GCD in the MI250X has a slight increase in the number of CUs, which should
provide a slight increase in performance. Therefore, although we will begin
the analysis of the achieved performance with a number of current articles
known to the author (at the time of preparation of the review) with data
on the MI210, this may also be of interest for evaluations of two others
models of the MI200 family.



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 419

5.3.2.1. Performance of MI210. As a basic indicator of the achieved
performance of the MI210, we first point out the data Dell presented for
its PowerEdge R750x servers— for double and single precision matrix
multiplication (DGEMM and SGEMM) [332], including in comparison
with data for the MI100. Dell’s calculations on the MI210 used tensor
(matrix cores and ROCm 5.1.3. A performance of 28.3 TFLOPS was
achieved for DGEMM, and 32.2 TFLOPS for SGEMM. These data [332]
indicate a large acceleration in MI210 relative to MI100 for DGEMM — 3.6
times (but in MI100 there is no FP64 support in tensor cores), and a low
achieved percentage of the peak performance in MI210 (62.5%).

For SGEMM on MI210, performance was 9% higher than on MI100 [332].
But FP32 is supported in the MI100 tensor cores, which gives the MI100
even slightly higher peak single-precision performance than the MI210 (see
Table 20 and Table 21).

In the HPL benchmark, the performance of MI210 reaches 18.2 TFLOPS
per 1 GPU and grows almost linearly up to 4 GPUs (up to 72.6 TFLOPS),
while the performance of MI100 per 1 GPU is several times less and grows
more slowly with the number of GPUs in the server [332].

For HPL, there is also data from AMD itself, which allows us to
demonstrate the possible impact of the ROCm version [333]. Here, using
the newer ROCm 5.2.0 and rocHPL 6.0.0 on a single GPU, the HPL benchmark
gave 21.07 TFLOPS (1.16 times faster than Dell), on 4 GPUs— 81.097
TFLOPS (1.12 times faster), on 8 GPUs— 159.73 TFLOPS. As noted
in [333], performance may also vary depending on the driver version. We
assume that the influence of differences in other components of the servers
used in the benchmarks in [333] and [332] here is negligible.

On the HPL-ATI benchmark with mixed precision FP16/FP32/FP64 on
4 GPUs in [333], a performance of 444.77 TFLOPS was obtained.

Dell [332] provides data on the performance of MI210 relative to MI100
in the LAMMPS molecular dynamics application for its several different
types (including reactive molecular dynamics) and potentials— when
working with FP64, MI210 is 18-30% faster, and with FP32— by 12%.
Data on the performance of LAMMPS for reactive molecular dynamics are
also reported by AMD using a more newer version of ROCm [333].

The first articles with MI210 performance data began to appear for
applications in various fields. For example, [334] provides performance
data on the Uni-Dock molecular docking application developed in this
paper, which is superior in performance to the well-known AutoDock-GPU
application (although detailed Uni-Dock performance data is provided
in [334] for V100 and MI100).
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Among the works that compare the performance of MI210 and
Nvidia GPUs, we point out CFD data [268] for the FUN3D application
mentioned above in the section on A100 performance with its FLUDA
library for GPUs. Based on the data in Table 4 in [268] we find that the
A100-40GB is 1.44 times faster than the MI1210 (and the MI210 is 1.29
times faster than the V100-16GB).

In [335], the performance of MI210 and A100-40GB was compared
when running the PyTorch deep learning framework (PyTorch 2.0-20230102
was used) using ROCm 5.4.2 and CUDA 11.8 stacks. This article proposed
TorchBench, a new set of benchmarks for the PyTorch software stack.
In comparison, the classic MLPerf deep learning benchmark suite, whose
GPU results were discussed earlier in this review, includes 8 deep learning
models, while TorchBench has 48. TorchBench is open source and, thanks
to its wide variety of representative models, allows for e.g. and identify
situations with decreased performance when running PyTorch on a GPU.

Comparison made in TorchBench’s 32-bit (default) configuration. The
A100’s TF32 support gives increased performance at the cost of reduced
precision, so not all models can use it. For deep learning and inference of a
trained neural network with FP32, the MI210 was faster in some models
and the A100 in others, which does not give a clear performance advantage
to one of these GPUs [335].

In general, MI210 immediately began to be used for tasks related to Al
For example, [336] developed a DLRM-oriented technique for overlapping
communication and computation and created a kernel for MI210. And
in [337], an improved algorithm was proposed and implemented on MI210
to improve the performance of a convolutional neural network (CNN),
which, using the MIOpen deep learning library and ResNet50 source data,
allowed to obtain 74% of the peak single-precision performance of MI210.

5.3.2.2. Performance of MI1250/MI250X. As for the MI250/MI250X
GPUs, each containing 2 GCDs, their potential competition with the
A100 in terms of performance was demonstrated by the developers
themselves. In June 2022, Nvidia cited data demonstrating the superior
performance (and power efficiency) of the A100-SXM-80G relative to the
MI250 in single- and quad-GPU servers (counting the MI250 as one
GPU) on classic molecular dynamics applications AMBER, GROMACS,
LAMMPS, NAMD, and OpenMM [338], and in August 2022, AMD
provided opposite performance data for all of these applications except
GROMACS— but instead of showing data for this program, it showed
a performance advantage on the HPCG benchmark [339]. It is clear that such
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a comparison requires additional data about the versions of applications
and SDKs of the companies used, those used in the calculations of molecular
systems and types of potentials, and so on. The performance analysis
of the MI250/MI250X below also includes published data on molecular
dynamics performance.

That the performance of the MI250X is high is evident from the success
of AMD GPUs in the Top500, where Frontier and LUMI supercomputers
take first and third places with HPL performance of 1194.0 and 309.1
PFLOPS, respectively, and HPCG performance of 14.1 and 3.4 PFLOPS
respectively [4]. A fairly broad comparison of the performance of 8 different
applications from different areas of HPC (mostly not from those widely
used in the HPC world) on Frontier and Summit was carried out in [340],
where showing the advantages of Frontier, a general starting comparative
assessment of the performance of MI250X and V100 is given.

But since such successes on supercomputers are largely associated with
a high level of scaling with the number of nodes, we present here just one
more illustration based on a comparison of the performance of nodes with
the A100 and with the MI250X — in the Perlmutter supercomputer and
the Crusher cluster (brief data on these computing systems is available
in Table 23). Their nodes contain 4 GPUs A100 and MI250X, respectively.

In [341] the performance of X-ray tracing code using Kokkos tools
(as well as a version with CUDA) was studied on different numbers
of Perlmutter and Crusher nodes (there, CUDA and HIP were used as back
ends, respectively). Most of the computing time on the GPU there is
taken up by the nanoBraggSpots kernel; Using Kokkos, nanoBraggSpots
achieved over 60% performance improvement per Crusher node compared
to Perlmutter [341]. The data in Figure 2 of this article shows that the
performance of nanoBraggSpots with an equal number of nodes from 32 to
128 is several times greater on Crusher. And the use of Kokkos gave
noticeably higher performance than the usual use of CUDA.

But then we need to keep in mind which comparison of Nvidia and
AMD GPUs is most interesting. AMD MI250 and MI250X each have
two logical GPUs (2 GCDs each), while the A100 is a single GPU. From
a programming point of view, MI250 or MI250X are two GPUs, and it
is interesting to compare the A100 with one GCD, which was often (but
not always) done in publications. And then the question arises about
costs—if they are comparable for the A100 and MI250X, it would be
interesting to compare them with the whole MI250X. But here there is no
comparison of cost indicators or TCO (it not only depends on where the GPU
is purchased and used, but also changes over time).
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Basic benchmarks and math libraries performance tests. The
most important baseline benchmarks for the Frontier and Crusher nodes
are available on the website of the US Oak Ridge National Laboratory,
which owns both these supercomputers and Summit [342]. Some of this
data also applies to the host CPU (EPYC 7A53). To work with MI250X
(with one GCD), ROCm 5.3.0 is used there.

Article [342] provides information on the achieved bandwidth of MI250X
memory, CPU-to-GPU and inter-GPU communications. It presents data
on bandwidth in all five kernels of the BabelStream benchmark (classic
version with FP64) using HIP and OpenCL, depending on the dimension
of one-dimensional used in benchmarks arrays.

According to [342], the HBM bandwidth achieved in BabelStream is
77-86% of the peak value (82-90% is achieved for a CPU with its DRAM).
The highest values were achieved here when running the copy (slightly less
in mul) kernel of BabelStream using hipce, a maximum of about 1.38 TB/s.
But in some kernels of BabelStream, using OpenCL gave higher bandwidth
than hipce, and with the dot product kernel, hipce (unlike OpenCL) gave
abnormally low bandwidth.

The memory bandwidth of MI250X (one GCD) in [324] was also studied
by executing SpMV from the Ginkgo library using different sparse matrix
storage formats.

CPU-GPU bandwidth (measured by hipMemcpy) in [342] was 25.6
GB/s (71% of peak), and between GPUs in the osu _bw MPI test from
OSU microbenchmarks [343] (using Cray MPICH 8.1.23) — from 37.6
GB/s (75.2% of peak) on one Infinity Fabric channel to 145.3 GB/s
(72.7% of peak) on four Infinity Fabric channels [342]. In [342], the latest
measurements are for one-way transfers—and Table 19 of that review gives
a peak value of 100 GB/s per channel for two-way transfers.

Article [342] also provides data on the performance of MI250X
on GEMM (using hipBLAS), including DGEMM. For GEMM with FP16,
a specific test CORALGEMM [344] was used, the performance of which
increased up to the highest matrix dimension of over 8 thousands. For FP32
and FP64, in addition to this test, another specific test gpu_xgemm [345]
was used in [342] (see Figure 22).

The choice of one or another specific test does not give fundamental
changes in performance here— it is mainly determined, of course, by the
choice of FP32 or FP64. The use of hipBLAS does not give any outstanding
results (such as achieving 90% or more of the peak value). But it’s
interesting whether the jumps in the performance curves depending on the
matrix size are related to its “optimal” parity.



'ENZRY NEwW GENERATION OF GPGPU AND RELATED HARDWARE 423

FP16 Matrix Peak: 191.5 TF/s

GPU Compute — Dense DGEMM

o P32 RAND
e~ FP64_RAND

gpu_xgemm wBlecoRMGEMM  meaea ae,
— 4~ FP32_CORALGEMM ke
https://github.com/tom- 100 % FP64_CORALGEMM

papatheodore/gpu_xgemm

« FP32/64_RAND

CORALGEMM
https://qithub.com/AMD-
HPC/CoralGemm

« FP16/32/64_CORALGEMM

FP64, FP32 Matrix & FP32 Packed Vector Peak: 47.8 TF/s

Performance (TFLOP/s)

[Both of these tests use hipBLAS.

FP64, FP32 Vector Peak: 23.9 TF/s
204

Values for peak obtained from Table 1 of MI250X white
paper:

htfps://www.amd.com/system/files/documents/amd: o]

FIGURE 22. GEMM performance on one MI250X GCD (Figure
from [342])

Article [342] also presents mixbench test data, but these results, as
above in the section for A100, are not considered here, since they are more
interesting for Al

Benchmarks [333] presents data on the performance of MI250 (with
ROCm 5.2.0) in the HPL (with rocHPL 6.0.0), HPL-AI (with HPL-AI-1.0.0)
and HPCG 3.0 benchmarks. On one GPU the achieved performance was 40.45
TFLOPS (about 90% of the peak vector value), and on 4 GPUs it was
161.97 TFLOPS. Note that the results in [333] are for full GPUs with two
GCDs. On HPL-AI (module with FP16,/32/64) on 4 GPUs, performance
reached 930.44 TFLOPS. On HPCG, 488.8 GFLOPS were obtained for one
GPU and 1927.7 TFLOPS for 4 GPUs.

Computational Chemistry. Considering that AMD and Nvidia actively
compared the performance of the MI250X and A100 on molecular dynamics
problems, we will begin our presentation here with this area of computational
chemistry. It should be noted right away that achieving high performance
when porting molecular dynamics applications from Nvidia GPUs to
AMD GPUs is not an easy task. The transfer of such software packages from
CUDA to HIP is discussed in [314] (although the models analyzed in this
review were not considered there).

AMD reports its LAMMPS 2022 molecular dynamics application

performance across several famous of this application benchmarks on the
MI250 and MI210 GPUs and compares them to results on the A100 [346].
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A single MI250 outperforms the A100 on all benchmarks (while the MI210
containing a single GCD tends to lag behind the A100-PClIe-80GB). AMD
has also demonstrated good performance scaling of LAMMPS up to 4 GPUs
per server [346].

Authors of [254] conducted a detailed and in-depth study aimed
at improving the performance of LAMMPS after porting it from Nvidia
GPU hardware (Summit with V100 and AFW HPC11 computing system with
A100-40GB used in the article) to MI100 GPUs (in the Spock cluster) and
MI250X (in the Crusher cluster). LAMMPS uses the Kokkos library to
support work with different hardware. To optimize the performance (studied
for the normal FP64 format) of LAMMPS on Nvidia and AMD GPUs,
roofline models were used for each kernel, and performance estimates
involved 6 different potentials and calculations of liquid, metallic, granular,
biological and polymer systems up to size 55 million atoms.

Support for LAMMPS operation on GPUs with long-range interaction-
oriented PPPM potential was implemented in [254] using FFT, for which
rocFFT tools were used on AMD GPUs. When running at ReaxFF potential
on a 256K atoms molecular system, about 20% (5.6 TFLOPS) of the peak
FP64 performance of a single GCD in Crusher was achieved.

In [254], despite a large amount of careful and extensive research done,
the obtained performance estimates are indicated as preliminary, which is
probably due to the active development of ROCm noted in this article
(ROCm v4.5.0 was used in this work).

The pointed out different performance behavior when changing Kokkos
parameters for AMD and Nvidia GPUs. This can be taken as an illustration
of the difficulty of porting software from one type of GPU to another while
maintaining efficient code optimization.

In [262] the performance of the SNAP quantum potential (as part
of the EXAALT ECP project), then used as part of the work with LAMMPS,
is analyzed. Although more performance information was obtained here for
the MI100, which the MI250X was, of course, far ahead of, the GCD MI250X
alone at the very beginning of 2021 was significantly behind even the V100
in this calculation, and much more behind the A100. This was due to the
lack of L1 cache capacity in the MI250X CUs— the V100 and A100 used
a capacity of 96 KB per SM for SNAP, 6 times more than the MI100 and
MI200 per CU (see Table 20 and Table 21).



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 425

TABLE 24. Performance (ns/day) of AMBER 22 on diffe-

rent GPUs
T A100-PCle MI250 H100-PCle
est 1 5 )
performance performance performance
JAC Production
NVE 4fs 1199.22 1871 1479.32
JAC Production
NPT 4fs 1194.5 1794 1424.90
STMV Production
NPT 4fs 52.02 80.65 70.15

! data from [349] (data as of 03/21/2023). Used Amber 22 Update 1, AmberTools
22 Update 1, Nvidia CUDA 11.4
2 data from [333], used ROCm 5.2.0 and Amber container 22.amd_ 100

Work on optimizing the SNAP kernels continues [262], but although
these were rather preliminary results, further progress is expected primarily
in terms of the use of Kokkos here. [262] states that SNAP’s L1 cache hit
rate is (for the largest SNAP kernel) 66% for the MI250X versus 90% for
the V100.

In [347], AMD demonstrated good scalability of the NAMD molecular
dynamics application on the famous APOA1 and STMV NVE benchmarks
using up to 8 MI250.

Above, at the very beginning of sec:5.3.2.2, it was noted that there was
no data provided by AMD on GROMACS performance on MI250/MI250X
in 2022, which was obviously due to temporary problems with porting the
GROMACS code, and was quickly corrected.

In [333], there is data on the performance of MI250 on the most
famous molecular dynamics applications AMBER, GROMACS, LAMMPS
and NAMD. Let us give a number of examples. For GROMACS, in the well-
known STMYV (Satellite Tobacco Mosaic Virus) benchmark, a performance
of 34.2 ns/day was obtained on one MI250X, and 89.26 ns/day on 4
MI250Xs. For NAMD 3.0, in the standard STMV NVE benchmark,
a performance of 19.87 ns/day was obtained on one MI250X, and 77.132
ns/day on four MI250Xs.

The GROMACS 2023.1 version uses SYCL as a back-end for the
MI200, what has shown good scaling of the achieved performance in the
STMV benchmark when using up to 8 MI250X. It has been discovered that
not all the features of CDNA 2, which can provide a significant increase
in GROMACS performance, are yet used by the AMD compiler [348|.

For AMBER22, here are performance data on 8 known AMBER
benchmarks. Thus, on the Cellulose Production NPT 4fs benchmark,
a performance of 227.2 ns/day was obtained. We have compared the data
from [333] with the results available in [349], and summarized these data
in Table 24.
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But here we need to make important clarifications about compar-
ing the performance data of different molecular dynamics applications
on different GPUs. The calculation data provided relate primarily to the
molecular system being calculated (where the total number of atoms is
important), which is determined by the name of the benchmark itself. But
the calculation time also depends on other parameters— the potential used,
the time-step (often measured in femtoseconds, fs in Table 24) and the
cutoff radius of interactions. Therefore, the data provided on the achieved
performance may not be comparable, and the use of the same parameters is
required, which are not even always given. The author is not aware of such
a coincidence of parameters in different data sources of Table 24.

It should be borne in mind that in this table the data from [349]
was obtained with a far from new version of CUDA; AMD itself compared
in [333] with CUDA 11.6, the old version of CUDA may not be effective
enough for the H100— in the publications cited in this review, CUDA 12.2
was also used. But these data, as well as those presented above in this
review, indicate that the MI250 has real competition in molecular dynamics
performance with the A100 (and maybe with the H100), perhaps even
ahead in performance, and the dependence on the versions of the SDKs used
is obvious.

Another article [350], which examined the performance of MI250, is
at the intersection of molecular dynamics and Al In [350], using the
V100, A100 and MI250 GPUs, a fairly large number of calculations were
carried out using the DeePMD-kit software package for molecular dynamics
simulation using machine learning potentials (instead of using the QM /MM
method for this). DeepMD-kit allows these potentials to be integrated with
LAMMPS, Amber, OpenMM and GROMACS applications. Based on Table
IV from [350], we computed the performance speedups of A100-80GB over
a single MI250 GCD. For LAMMPS molecular dynamics calculations for
FP64 they ranged from 6% to 2.5 times. The lack of details in [350] about
the software versions used (for example, about the LAMMPS version
ported to the AMD GPU, used for molecular dynamics calculations) allows
these values to be attributed rather to preliminary estimates, but still
providing some information about the performance of the MI250.

The paper [351] can also be partly (in a certain mathematical sense)
considered of interest for molecular dynamics problems— here, to calculate
the Euclidean minimum spanning tree using an algorithm improved by the
authors, A100 (with NVCC 11.5) and MI250X (1 GCD, with ROCm 4.5)
and Calculations were carried out on 12 different data sets. Based on the
obtained performance data in Figure 6 from [351], we calculated the
relative speedup of A100 compared to 1 GCD, it is in the range of 1.5-1.7.
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TABLE 25. Calculation time of correction, T (in seconds)

on GPUs [352]
GPU Programming model
SYCL CUDA HIP
MI250X (1 GCD) | 17.41 — 15.56
MI250X (2 GCD) | 8.97 | — | 8.12
A100 18.23 | 16.14 —

In general, it seems that stable reliable data on comparing the
performance of the MI200 with Nvidia GPUs in molecular dynamics problems
is still rather absent (in the sense that new and improved indicators are
appearing).

In [352], data on the achieved performance within the framework
of the NWChemEX project in ECP using MI250X and A100 in Crusher and
Polaris supercomputer nodes, respectively, were studied (see Table 23).
NWChemEX is also focused on calculations using the high-precision
quantum chemical method CCSD(T), in which the main calculation
time is spent on the correction due to triple excitations (T, which is
a perturbation to CCSD, requiring O(n”) calculations, where n is the
dimension of the basis. The kernel for calculating this correction was
implemented in different versions using HIP, CUDA and DPC++; or this, the
compilers clang-16, gce-10.3.0 and CUDA-11.4.4/ROCm-5.1.0 were used (for
Polaris/Crusher, respectively), and for parallelization between nodes,
Cray-mpich 8.1.16 was used.

Table 25 shows the obtained times for calculating the correction 7" for
the molecular fragment of ubiquitin (these are data from Table III in [352])
on one GPU. From these data it follows that one GCD in the MI250X was
slightly faster than A100-40GB (both on HIP versus CUDA and using
SYCL), and on two GCDs the performance of the MI250X increased by 1.9
times. At the same time, the performance achieved using DPC++ turned out
to be quite close to that obtained using CUDA or HIP.

But in [352] on the A100 it was also found that in the SYCL
implementation, the kernel for calculating 7" places very high demands
on the L1 and L2 caches, and the generated PTX code showed a large
number of loads and stores into local (private in SYCL terms) memory.
Adding one clang key gave a 2.5 times increase in performance. Changing
another #pragma option to clang increased performance by another 20%.
But this PTX code did not use FMA multiply-and-add operations, and after
adding another clang key, the additional performance improvement was
about 20% [352]. The results in Table 25 include optimization.

In addition, scalability up to a large number of nodes in Crusher and
Polaris was demonstrated, which is highly dependent on the basis types
used.
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TABLE 26. Strong and weak performance scaling (in TFLOPS)
of the Dirac operator HISQ on Perlmutter and Frontier nodes

Number
GPU in a Ol\f/I(I;g ggéfir Performance (strong Performance (weak
node number scaling) scaling)
of GCDs)
A100-40GB L — 1.35746
4 5.06892 4.53759
1 — 0.92974
MI250X 2 1.63049 1.51439
4 3.00675 2.89454
8 4.69513 5.57654

For strong scaling, a global lattice was used 96%; for weak scaling— local lattice 324.
The table use data from [354].

In [353], using the still “pilot” state of the LUMI-G supercomputer
(LUMI subcluster with MI250X GPU in the nodes), calculations were carried
out using the well-known quantum chemical application CP2K with the
authors’ improved methods for the exchange part of the Hartree-ock
method and correlation methods with periodic boundary conditions, but
using a Gaussian basis, which makes it possible to use block-by-block
sparsity. Good performance scalability and parallelization efficiency up to
32 LUMI-G nodes were obtained.

Lattice quantum chromodynamics (LQCD). In [354], the perfor-
mance of the SIMULATeQCD application for quantum chromodynamics,
available on GitHub, was studied when running on one or several nodes
(multi-GPU servers) of cluster systems, including Perlmutter and Frontier
(see Table 26). Although the MI250X performance data here, as in many
other publications, is considered preliminary, the comparison made here
with the performance of the A100-40GB is interesting (although it is clear
that using more modern versions of ROCm and additional optimization
of the program code the performance achieved may increase significantly
in the coming times).

SIMULATeQCD uses CUDA or HIP codes as a backend. [354] provides
performance data using up to 256 A100s and GCDs; We will limit ourselves
here to data from benchmarks of the Dirac operator HISQ with scaling
within one node (see Table 26).

Although the results for the MI250X were reported as preliminary, the
performance achieved was lower than what the authors expected based
on the MI250X specifications. In general, here, as a first approximation, we
can say that one GCD is somewhat behind the A100 in terms of performance,
while the full MI250X (2 GCDs) is somewhat ahead of it.
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In [355], the performance on nodes of the Big Red 200 (4 A100-40GB
per node) and Crusher (4 MI250X per node) supercomputers was compared
using the well-known QUDA program for lattice quantum chromodynamics.
Due to poor scaling with the number of nodes in both systems, we will
only point out performance data for one node— a node with an MI250X
(with 8 GCDs) was 16% faster than a node with an A100. The advantage
of the MI250X in [355] was attributed to the memory-bound performance
of QUDA (with the MI250X has 2xthe memory bandwidth over that A100
model, see Table 21).

Computational fluid dynamics (CFD). We begin the analysis of data
on the performance of MI250X and MI250 in CFD applications with AMD
data [333] on the performance of MI250 in the standard (for OpenF0AM
CFD application) HPC Motorbike benchmark (662.3 sec. on one MI250 and
209.84 sec. on four MI250).

In [356], for the numerical simulation of realistic combustion devices,
a special PeleLMeX solver was used, the performance of which was studied
on Crusher with MI250X and Summit with V100. With a small number
of GPUs used, the performance of the MI250X was found to be one and
a half times greater than that of the V100.

In [357], multi-particle collision dynamics calculations were carried
out to particle-based description of hydrodynamic interactions using
the Cabana 1.0-dev library based on Kokkos 3.5.00, using A100 and
MI250. A comparison of multi-GPU servers containing 4 A100 or 4 MI250
showed that with smaller sizes of the calculated system, MI250 is 7%
faster, and with a larger size, A100 is 19% faster (according to data from
Figure 3 in [357]). This allows us to talk about the comparability of the
performance of a full (with two GCD) MI250 and one A100.

A very interesting and relevant article comparing the performance
of MI250X, MI100, A100 and V100 [325] concerns the solution of the Navier-
Stokes equations for compressible flow using finite difference discretization—
for wall bounded turbulent flows. There, the implementation of the
STREAmS-2 application, portable to x86-64 CPUs, AMD and Nvidia GPUs,
developed on the basis of the object-oriented (using Fortran 2008) application
STREAmS-1, was considered.

To work with Nvidia GPUs, [325] uses CUDA Fortran tools (HPC
SDK 22.11), and with AMD GPUs, HIPFORT (ROCm 4.5.2 on MI100
and ROCm 5.0.2 on MI250X). To port STREAmS code from CUDA
Fortran to HIPFORT, [325] created its own PyconvertSTREAmS tools,
since GPUFORT, according to the authors of [325], was rather at the
research stage of development. But for optimization, the code obtained
in PyconvertSTREAmMS may also require subsequent manual modification.
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Calculations with analysis of performance scaling on several nodes were
carried out in [325] in EuroHPC JU* clusters: for MI250X — on LUMI, for
A100— on Leonardo (see Table 23).

When comparing calculations on one GPU in MI250X, one GCD was used;
data on the corresponding calculation times for two different calculation
schemes in STREAmS-2 are shown above in Figure 20. The dimensions
of the grid used in the calculations were chosen to be maximum for possible
placement in the V100 memory capacity [325].

The data in Figure 20 indicates the similarity of the achieved perfor-
mance between one GCD MI250X and V100; The MI100 was significantly
slower than the V100, and the A100 was significantly faster than the
GCD alone. As noted in [325], this does not correspond to the peak
performance ratios (with FP64) of these GPUs, and there was a more
thorough analysis of the execution times of individual kernels, which showed
similar results for kernels with the A100 clearly leading in performance.
Exmples of unexpected increases in GCD performance achieved with small
changes in kernels are also given in [325].

An analysis in [325] using a roofline model (considering only the HBM)
found that calculations on the GCD, as expected for CFD, were always
memory-bound, and on the A100 were often in the computationally
intensive region. Data movement for GCD was found to be significantly
higher than for A100, meaning the A100 fetches registers and caches more
often than GCD. In addition, [325] pointed out the large use of registers
in the weighted essentially non-oscillatory (WENO) scheme used.

It is advisable to add additional comments to the above-described data
from article [325]. As for the data on the higher performance of the V100
relative to the MI100, this seems rather natural (this was mentioned above
in the section on MI100 performance). However, the V100 comes in two
models [185]— with a memory capacity of 16 GB and (which appeared
later) with 32 GB, and the V100 model used in [325] with 16 GB when
working with a large grid size (but fits in 32 GB MI100) will simply be
unacceptable.

Regarding the MI250X, firstly, the assumption of possibly weaker
caching is consistent with the MI250X cache disadvantages noted above
compared to the A100 (see also Table 20 and Table 21). Secondly, [142]
points out a disadvantage of the AMD compiler (in ROCm v4.5.2) compared
to the Nvidia compiler (in CUDA v11.0.3): CUDA uses significantly fewer
registers per warp than the AMD compiler and provides much higher warp
load on SM, which contributes to higher performance of Nvidia GPUs.
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TABLE 27. NekRS performance data on a single GPU using
CUDA and HIP for Nvidia and AMD GPUs respectively

System Device Relative Performance

Summit V100-16GB 1.00
ThetaGPU A100-40GB 1.57
Perlmutter A100-40GB 1.62

Polaris A100-40GB 1.62

Spock MI100-32GB 0.84

Crusher MI250X-64GB (1 GCD) 1.32

Thirdly, it is also actual to compare the performance of the full MI250X
(the performance of the cheaper MI250 should probably be close) with the
A100, which was not carried out in [325]. If we make a natural assumption
about the good scalability of STREAmS-2 within the whole MI250X, then
dividing the calculation time with MI250X in Figure 20 by two as an initial
approximation, we will obtain calculation times comparable to the A100.
In addition, one must keep in mind the lack of sufficient information about
the level of optimization achieved when working with HIPORT. All this
does not contradict the fact that STREAmS-2 achieves a higher percentage
of the peak performance of the A100 compared to GCD.

Preprint [325] also obtained data showing the high scalability
of STREAmMS-2 performance— for example, efficiency of more than
80% when using up to 16 Leonardo nodes and up to 32 LUMI nodes, and
good results on a larger number of nodes, giving for STREAmS-2 high
potential for using in compressible fluid dynamics.

Argonne National Lab [144] conducted performance studies of the
Nek5000/RS application on a range of supercomputers using MI1250X,
A100 and V100 GPUs on nodes, scaling from a single GPU to many nodes.
Calculations were carried out using an upgraded version of Nek5000 for GPU
operation (NekRS version 22.0) as part of the ECP ExaSMR project to
generate virtual nuclear reactor simulation datasets with high-fidelity
coupled physical models of reactor phenomena. Table 27 shows the
performance of NekRS for singlerod simulation on a single GPU.

According to this table, a single GCD on a Crusher provides 1.32xthe
performance gain for solving the Navier-Stokes equation compared to
a single V100 on a Summit. The A100 outperforms a single GCD, and
overall, according to [144], the performance of a single GCD is about 85%
of that of a single A100.
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In [144], in particular, a comparison was made of performance scaling
on Frontier (with ROCm 5.1.0 and Cray-mpich 8.1.17) and Crusher (with
different versions of the SDK— ROCm 5.1.0, ROCm 5.2.0, Cray-mpich
8.1.16 and Cray-mpich 8.1.19). On Crusher, ROCm 5.1.0 gave performance
2-5% faster than ROCm 5.2.0, and performance on Frontier was better
than on Crusher.

In [358], for large-eddy simulation problems, the performance of the
NekRS and AMR-~-Wind codes for modeling flows in the atmospheric
boundary layer using the Summit and Crusher supercomputers (with nodes
containing V100 and MI250X, respectively) was studied in strong and weak
scaling variants. For NekRS, a single GCD MI250X on a Crusher has been
shown to provide performance comparable to a single V100 on a Summit.

In [142] presents the performance of the MI250X (compared to
the MI100 and V100) using the NekBone-based HipBone benchmark
(the HipBone proxy application was discussed above in the A100 and
MI100 performance sections) using the libParanumal finite element library
(developed within the ECP ) with OCCA tools for abstraction between
different parallel programming models— for example, OpenMP, OpenCL,
CUDA, HIP and SYCL. HipBone, like Nekbone, uses a regular mesh
of hexahedral elements.

The calculations in [142] were carried out on the Summit, Spock and
Crusher computing systems (see Table 23) using CUDA 11.0.3, ROCm 4.5.0
and ROCm 4.5.2 in their nodes, respectively. Testing was conducted
on a single GCD, allowing for potentially more than half of the MI250X’s
total compute capabilities and higher clock speeds than running the same
workload on both GCDs simultaneously. However, there was no significant
difference in performance between kernels running on one GCD or on both
GCDs simultaneously in the MI250X. It was also found that the Nvidia
compiler uses significantly fewer registers per warp compared to the AMD
compiler, resulting in much higher warp utilization on the SM.

Article [142] also carried out a detailed study of strong and weak
scaling in the used computing systems, which is not discussed here.

Report [359] indicates performance data on MI250X, MI100, V100
and A100 for the NekRS application and the HipBone proxy application.
Computing systems Summit, Spock, Crusher and ThetaGPU were used for
calculations (see Table 23).
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The performance of the Poisson operator (as well as that of other
operators in mesh methods— calculating the result of the operator’s apply
to a function at mesh points), which determines the calculation time
of HipBone, for different degrees of the polynomial used for one GCD is
20-30% greater than for V100 (see Figure 43 in [359]).

All devices achieved the highest HipBone performance at the highest
polynomial degree used (15)—2101.4 GFLOPS in V100, 2135.2 GFLOPS
in MI100, 2774.9 GFLOPS in a single GCD [142,359]. For NekRS, one GCD
on Crusher on different kernels gave from 57% to 88% of the performance
of A100, in terms of total calculation time— 71% [359].

A number of publications have been discussed above regarding the
performance of GPU-oriented software NekRS and subsequent NekBone and
HipBone. All are focused on being portable across different types of GPUs,
are heavily involved in ECP work, and use C++ tools (although NekBone
has a version with CUDA Fortran [358], and all are based on Nek5000,
which used Fortran).

But this direction using C++ has an alternative, which is also based
on Nek5000 and is focused on portability to different types of accelerators,
and it was also used in studies of the achieved performance using the GPUs
discussed in the review. In [171], for the field of direct numerical simulations
of turbulence with applications in sustainable shipping, a simulation of the
flow around a lettner rotor (at Re = 30000) and its interaction with
a turbulent boundary layer was carried out on clusters with multi-GPU
servers in nodes using A100 and MI250X.

For this purpose, Neko software for working with unstructured meshes,
also based on Nek5000, was used and modernized in [171]. Neko uses
the object-oriented capabilities of modern Fortran standards to control
memory allocation and provide multi-layered abstractions of the solver
stack, enabling computation on a variety of architectures from conventional
CPUs to different types of accelerators.

In [171], a device abstraction layer is used to manage device memory,
data transfer, and kernel execution from Fortran, and CUDA and HIP
backends are developed. The calculations here were performed on an
Alvis cluster having by 4 A100-SXM4 per node (CUDA version 11.1.1 was
used) with a Mellanox ConnectX-6 interconnect (2 x 400 Gb/s)— using
OpenMPI 4.0.5, and on an HPE Cray EX cluster, having by 4 MI250X
per node (version ROCm 4.5.2 was used) with an HPE Slingshot 10
interconnect — using Cray MPICH 8.1.14. On the hosts in Alvis gcc 10.2
was used, in HPE— Cray cce 13.0.
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Strong Scaling
[s / time step]

—8— Nvidia A100
—— AMD Instinct MI250X
—%— AMD EPYC 7742

32 64 128
Number of CPUs or logical GPUs
FicURrE 23. Performance in time per time step: shaded areas
refer to standard deviation. The orange and blue lines represent
GPU systems. There are two logical GPUs in each MI250X
(picture from [171])

The hosts in both clusters had 512 GB of DDR4 memory (with two
Intel Xeon Gold 6338 per Alvis node and an AMD EPYC 7A53 per HPE
node).

Neko calculations were memory-bound, which the authors believe
allows compute-intensive applications to benefit from the higher peak FP64
performance of the MI250X [171]. [171] concluded that the two GCDs
in the MI250X match the two A100 in terms of performance. The average
time per time step differs by less than 5% when comparing two A100 to
one MI250X (see Figure 23). But this contrasts with data discussed above,
for example [359], that a single MI250X GCD has performance closer to 71%
of that of a single A100.

A number of publications that provide performance data for the MI250 or
MI250X relate to magnetohydrodynamics. The article [360] presented a new
Idefix code for nonrelativistic fluid dynamics and magnetohydrodynamics
based on Kokkos, which in benchmarks for magnetohydrodynamics on a
server with 4 MI250X showed performance 2.57 times faster than on a



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 435

server with 4 V100. Also [360] shows much higher power efficiency with
the MI250 than with the CPU.

In [361], calculations were carried out using the Athena-+-+ program
(more precisely, the AthenaK code was used to work with the GPU) for
general relativistic magnetohydrodynamics using Crusher nodes (with 4
MI250X per node) and Polaris (with 4 A100 per node). Compared to the
same number of logical GPUs (i.e., comparing the GCD number for the
MI250X to the A100 number), Polaris is, roughly speaking, a couple
of times faster for any number of logical GPUs (see Figure 32 in [361]),
and still scales good in both computing systems. This suggests that
when comparing the A100 to the entire MI250X, they are competitive
in performance.

Article [362] provides data on the performance of MI250X, MI100, A100-
40GB and V100-16GB in cluster systems using PARTHENON-HYDRO —
a mini-application (based on the astrophysical magnetohydrodynamics code
Athena++), consisting of about 1.4 thousand lines of C++ for 1D, 2D and
3D compressible hydrodynamics on uniform and multilevel meshes.

The obtaining performance (here considered simply as some relative
value) is 5.7— for the MI250X (two GCDs, with ROCm 5.1.0); 4.2— for
A100 (with CUDA 11.5); 2.7 and 2.15— for V100 and MI100, respectively.
This means that the full MI250X is well ahead of the V100 and MI100
in performance, and faster than the A100 (although when calculated on a
single GCD, the MI1250X lags behind the A100). Data on the achieved
strong and weak scalability in the systems used for calculations were also
considered in [362], but this is not analyzed here.

Plasma physics. In principle, this area also belongs to CFD, but
is highlighted here as a separate part, since there have been a number
of publications in plasma physics that have used the MI250/MI250X and
obtained interesting performance data.

Thus, in [363], a higher performance of the MI250 compared to the
V100 was shown in solving the Vlasov kinetic equation for the dynamics
of plasma charged particles.

In [364] studied the performance of the CGYRO code, which solves
five-dimensional gyrokinetic-Maxwell equations describing the evolution
of plasma microturbulence in magnetic fusion devices. To work with GPUs
(MI250X in Frontier and A100 in Perlmutter), OpenACC tools were used
(from HPE Cray Fortran for MI250X and from Nvidia Fortran for A100), as
well as the cuFFT and hipFFT libraries for A100 and MI250X, respectively.
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In the initial test, CGYRO on the MI250X node was significantly
slower than on the A100 node, but after optimization it became faster with
the MI250X. But in [364], calculations were compared with the same
number of nodes and GPUs of these supercomputers; accordingly, the full
MI250X of two GCDs turned out to be faster than the A100.

In [365], the calculation time of the HIPACE+-+ application for
modeling plasma accelerators with a quasi-static particle-in-cell algorithm
was compared for the A100-80GB and MI250X (one GCD). In this case, all
the main data for the calculation is located entirely in the GPU memory
during the calculation. CUDA 11.0 was used on the A100, and early test
access to Crusher was used for calculations on GCD (probably with HIP).
FFT was used in the calculations, and rocFFT, according to [365], then had
poor performance at grid sizes other than a power of two. The calculation
time on the GCD at two different types of calculation stages ranged from 0.7
to 1.6 and from 0.9 to 3.7 times compared to the time on the A100.

AMD cites the PIConGPU application, which also uses the particle-in-
cell algorithm, as an example of a plasma physics application adapted to
run on the MI200 GPU by using the ALPAKA (Abstraction Library for
Parallel Kernel Acceleration) backend running on top of HIP/ROCm [366].

The particle-in-cell method is generally widely used in plasma physics
applications, and it was also used in calculations using MI250X. In [367]
3D modeling of laser-matter interaction was studied on the massively
parallel WarpX PIC code using GPUs on Frontier, Summit and Perlmutter
(a similar study was also carried out in [368]).

Preprint [369] analyzed the performance of the linear iterative solver
TFQMR using Kokkos (including a faster batch version) available in the
PETSc (Portable Extensible Toolkit for Scientific Computing) library. This
is interesting for plasma physics when working with the Landau collision
operator. The performance of the MI250X and A100 here was evaluated
using Perlmutter and Crusher cluster nodes.

The above-mentioned articles [365,367,368]| are directly related to
projects from ECP. Like many of the other publications used in Subsection
5.3.2.2, the latest data obtained in the newly appeared computing systems
with GPU MI250/MI250X are used here; this data was often considered
preliminary due to the possible rapid progress of new versions of the SDK
from AMD.
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Artificial intelligence tasks. Although AMD didn’t put Al exactly
first place of potential applications for the MI200, these GPUs were
immediately use for AdI applications. Thus, in [28], the integration
of HPC and deep learning was used: for the Monte Carlo application (for
thermodynamic calculations in materials science), a set of surrogate deep
learning models was developed and calculations were performed on many
nodes of two supercomputers: Summit ¢ V100 (using the CUDA stack) and
Crusher with MI250X (using the ROCm stack). On different model sizes,
one GCD was up to 15% faster than the V100 (and the whole MI250X was
correspondingly faster by up to 2.3 times). Crusher also showed better
performance scaling relative to Summit.

These GPUs have become used for Al tasks in a wide variety of fields that
use Al Thus, in [370], MI250X was used for mitochondrial segmentation
tasks.

And after the deployment of the European supercomputer LUMI
with MI250X, probably due to the use of different languages in Europe,
publications on natural language processing on MI250X began to actively
appear there, including using their own modified BERT models (see, for
example, [371-374]).

5.4. AMD GPUs Summary

The above performance data for the MI200 GPUs— mostly the MI250
and MI250X — certainly suggests that these GPUs are somewhat competitive
with the A100. Both AMD with ROCm and application developers are
actively pushing forward to achieve higher performance.

It’s clear that the performance data already reported often doesn’t meet
expectations based on the higher peak performance of these AMD GPUs
compared to the A100 (meaning even a single GCD). Although in many cases
the benchmarks were memory bound rather than compute-intensive in the
roofline model, this still does not correlate with the many performance
gaps relative to the A100, as well as the sometimes identifiable performance
"sinks" of the MI250X (see, for example, data [328]).

In a number of publications, this is associated with the insufficiently
large cache size (mainly L1) relative to the A100, and the use of too many
registers in the codes generated by AMD compilers compared to Nvidia
CUDA tools, although in some cases the reasons for insufficient performance
compared to expected performance remain unclear. The existing comments
regarding AMD’s SDK software correlate with the clear indication in many
of the above publications that the performance data obtained is preliminary,
therefore suggesting improvements due to the rapid development of the SDK.
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Since there are also data on higher performance of MI1250/MI250X, the
fact that the comparative performance of these GPUs relative to the A100 is
not sufficiently predictable at this point in time should be considered
important.

Here one cannot try to be based on a “statistical analysis” of comparative
performance data, but must be based on data for specific applications
and objects of study (which, to a first approximation, are also available
in this review), as well as on similar (in purely mathematical sense)
methods used, and take into account the already discovered shortcomings
of MI250/MI250X and their SDX (the latter may possibly be corrected
in new versions).

But it is necessary to keep in mind the possible opposite conclusions
about the efficiency of the MI200 when taking into account comparative
prices and TCO, and accordingly choose to compare the full MI250/MI250X
or individual GCDs with the A100.

At the time of writing this review, the MI300 and the EI Capitans
supercomputer are expected to appear (in 2023, at the Lawrence Livermore
National Laboratory (USA)), with the integration of Zen 4 architecture
CPUs into the MI300. This confirms AMD’s likely progress in GPUs and
supercomputers in the near future. [375] pointed out the continued small
size of the L1 cache— this could be a potential weak point of the MI300.

In relation to HPC, it is worth pointing out AMD’s great focus on this
area compared to Nvidia’s greater focus on AI, which is evident in the new
supercomputers included in the Top500.

Conclusion

In this review, the advantages and possible disadvantages of GPUs were
discussed above. As for specific performance data, a lot has been said
about them above, and it is advisable to combine them with cost indicators
(including energy consumption indicators), which are not discussed here.
What follows is a mostly general summary of a slightly different, more
general and /or briefer nature.

1. There is competition among modern GPU developers in terms of per-
formance and other indicators, including not only from the USA, but
possibly also from China; a European accelerator is also expected,
which can also be used on exascale supercomputers. Accordingly,
current Nvidia GPUs near-monopoly will likely diminish little by little.
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The general technological direction of building GPUs is the use
of multi-chip technologies (chiplets), which were probably first actively
used by AMD [376]. This enables performance scalability that can be
implemented in a cost-effective manner with currently negligible
latency increases, including for interconnects between compute cores.

The general trend may be the integration of CPU and GPU (AMD
MI300, Intel Falcon Shore, Nvidia GH200), as well as several GPUs
within one model (as in AMD MI200 and Intel PVC).

The ultra-fast development of GPUs leads to the fact that attempts to
standardize any hardware components are still being implemented to
a limited extent. Thus, the use of the 0AM form factor standard
in MI200, PVC and BR100 is combined with Nvidia’s use of its own
SXM form factors, which looks quite understandable in the light
of Nvidia’s supply of its own ready-to-run computing systems— from
multi-GPU servers to clusters.

Standardization is even more difficult for GPU interconnects— all
of the GPUs reviewed used their own, different selection from the
competition. Here, the reason for the orientation not towards standards
is rather the competitive struggle for leadership in performance.

The general direction is to expand the use of multi-GPU systems for
AT and HPC tasks. In the corresponding servers, it is necessary to use
two processors containing dozens of processor cores, which include
not only Intel Xeon and AMD EPYC, but also ARM processors (the
classic option would be Nvidia Grace or GH200). An alternative may
be to use one server processor containing over fifty cores (both AMD
and Intel offer such CPUs today).

Traditional for HPC quantum chemistry problems previously
used GPUs primarily for calculations in plane wave basis sets or
computationally more complex methods taking into account electron
correlation, where the bulk of the calculation time was spent on general
mathematical methods. But for widespread quantum chemistry
problems, performance is limited by the time it takes to calculate
two-electron integrals in a Gaussian basis (in the HF and DFT
methods). Here, high efficiency of GPU calculations, which gives
good performance scalability when working with multiple GPUs, was
achieved only very recently (the corresponding data is presented
in the review). This makes it possible to more actively use multi-GPU
systems also for quantum chemistry problems.
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As for the BR100, they may be relevant primarily to software
developers, including in the scientific field (since there are practically
no applications running on the BR100) — and, perhaps, especially
in countries where program developers and GPU consumers have
significant financial restrictions. However, the absence of the FP64
format in the BR100, traditional in the classical HPC field, will likely
lead to the BR100’s main focus on Al tasks. But the prospects for
the use of BR100 are unclear due to US sanctions.

Given certain development delays in Intel’s semiconductor technology
and delays in the start of shipments of Ponte Vecchio compared
to Intel’s original plans, and the emerging need to move to work
with the DPC++ /oneAPI software model, it can be assumed that
much faster progress with GPUs by Intel can be expected after the
appearance of the Falcon Shores GPU or a subsequent x86-integrated
device (rather after the implementation of the new promising 18A
technology).

Intel’s most striking contribution to the development of GPU
applications today seems to be the development and support of the
DPC++ programming model.

There is no doubt that the adoption of Nvidia’s H100 GPU will
continue to expand rapidly (with faster growth of H100 using for Al
tasks). Both the already released and the upcoming Nvidia H100 GPUs
(GH200 also actually contain the H100) will be very relevant for Al
and HPC tasks. But the most powerful leap forward in performance
scalability seems to be the ability to build clusters with the H100
using NVLink networks.

The advantage of Nvidia hardware primarily for Al tasks is the
delivery of Al-ready DGX server systems and DGX SuperPOD
clusters, which are at the supercomputing level. Although such
systems can be used for HPC tasks, applications ready for them are
needed. Another advantage of the H100 is its huge set of SDKs for HPC
and Al that interact effectively and complement each other.

GPUs from AMD, as an alternative to Nvidia GPUs, seem to be most
relevant at present, primarily for calculations on applications that
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have already shown high performance on the AMD MI200, or are
expected to do so in the very near future, as well as a field for the
development of new software, including porting existing applications.
In terms of potential application use in the near future, this could
make sense for any HPC and Al fields.

The use of these GPUs will obviously expand primarily in science
and in the activities of software developers. There is a certain degree
of comparability in performance with the Nvidia GPUs reviewed,
which means that price points data are of increased importance.

10. Taking into account current trends, it can be assumed that the use
of universal software development tools on GPUs will expand, rather
than those focused on a specific manufacturer’s architecture.
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Appendix. Abbreviations used in sections of the review (for GPUs
from different manufacturers)
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....... Introduction, 1, 2, 3.1, 8.2, 8.8, 4.1, 4.2, 5, 5.1, 5.2, 5.3, 5.4

ECC  Error-correcting Code . ... ... ... ...... 4.1, 4.2
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PIM Processing-in-memory . . .. ... ........ 2. 3.1, 4.1
SIMT Single Instruction, Multiple Threads . ... ... 1, 4.1
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TCO Total Cost of Ownership . . ... .. Introduction, 5.8, 5.4
TDP  Thermal Design Power . . . .. 2 8.1, 8.8 4.1, 4.2, 5, 5.1

Abbreviations for mathematical and programming fields

API  Application Programming Interface eo . 1, 4.1, 5.1, 52
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................................ 2, 4.2, 5.3
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0AM  OpenCompute Accelerator Module . . . ... ... ...
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GPC  GPU (or Graphics) Processing Clusters e .. 241 4.2
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MIG  Multi-Instance GPU . . . . . .. ... L. 2 4.1, 4.2
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PTX Parallel Threads execution . .. ... . ... 4.1, 4.2, 5.3
SM Streaming Multiprocessor 1. 8.1, 4, 4.1, 4.2, 5, 5.1, 5.2, 5.8
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TPC  Texture Processing Clusters . . ... .. ... .. 4.1, 4.2
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Abbreviations for Intel GPUs

ATC  Add-in Card . .. ... ... 5.1
DPC++ Data Parallel C++ Introduction, 1, 8.2, 3.3, 4.1, 5.2. 5.3. 5.4
DPCT DPC++4 Compatibility Tool . ... ... ... .. 3.2, 5.2
PVC Ponte Vecchio . .. ......... 3, 8.1, 3.2, 3.3, 5.1, 5./

Abbreviations for AMD GPUs
CcU Compute Unit .. .. ... ... ... 1,2, 5 51,52, 5.8
GCD  Graphics Compute Die . . ... ... ... 3.1, 5.1, 5.3, 5.4
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................ Introduction. 1, 3.2, 8.3, 4.1, 5.1, 5.2, 5.3

Abbreviations for GPU BR100
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