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Abstract. This article presents the results of the formation, training and
performance evaluation of models with the Encoder-Decoder and Sequence-To-
Sequence (Seq2Seq) architectures for solving the problem of supplementing
incomplete texts. Problems of this type often arise when restoring the contents
of documents from their low-quality images. The studies conducted in the work
are aimed at solving the practical problem of forming electronic copies of scanned
documents of the «Roskadastr» PLC, the recognition of which is difficult or
impossible with standard means.

The formation and study of models was carried out in Python using the
high-level API of the Keras package. A dataset consisting of several thousand
pairs was formed for the purpose of training and studying the models. Each pair
in this set represented an incomplete and corresponding full text. To evaluate the
quality of the models, the values of the loss function and the accuracy, BLEU and
ROUGE-L metrics were calculated. Loss and accuracy made it possible to
evaluate the effectiveness of the models at the level of predicting individual
words. The BLEU and ROUGE-L metrics were used to evaluate the similarity
between the full and reconstructed texts. The results showed that both the
Encoder-Decoder and Seq2Seq models cope with the task of reconstructing text
sequences from their fixed set, but the Seq2Seq transformer-based model achieves
better results in terms of training speed and quality. (Linked article texts in
English and in Russian).
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Introduction

In recent years, deep learning models (Deep Neuaral Network, DNN)
have achieved significant results in the field of natural language processing
(Neural Language Processing, NLP) [1]. Analysis of literature sources showed
that the most common models used in such tasks as text transformation
(translation), text recovery from distorted or incomprehensible documents,
scanned documents of poor quality, illegible manuscripts, blurry or damaged
images, etc. are Encoder-Decoder and Seq2Seq transformers.

The Encoder-Decoder architecture, based on recurrent neural networks
(Recurrent Neural Networks, RNN) or convolutional neural networks
(Convolutional Neural Network, CNN), consists of two main components —
encoder and decoder [2]|. The encoder transforms the input data into an
internal representation taking into account key features of its content. The
decoder uses this representation to generate output data by sequentially
predicting its elements.

In contrast, the Seq2Seq transformer architecture [3] offers an alternative
approach to representing sequences. It uses a transformation mechanism
based on multiple layers with attention mechanisms [4], which allows this
model to efficiently process long text sequences. The attention mechanism
allows the model to take into account the importance of individual words
in the context of the entire sentence, thereby contributing to the generation
of higher-quality and coherent text. Compared with Encoder-Decoder, the
Seq2Seq transformer has several advantages, such as better ability to
handle long sequences, a more flexible architecture, and the ability to train
models on large amounts of data.

To evaluate the quality of NLP models, one can use both conventional
metrics loss, accuracy etc., and metrics specific to evaluating the quality
of the generated text, the main ones being BLEU (Bilingual Evaluation
Understudy) |5] and ROUGE-L (Recall-Oriented Understudy for Gisting
Fuvaluation — Longest Common Subsequence) [6]. The first of them measures
the similarity between the predicted and reference text. It uses syntactic
information to compare sequences of n words (n-grams). The more matches
in n-grams between the predicted and reference texts, the higher the BLEU


https://keras.io/api/losses/
https://keras.io/api/metrics/accuracy_metrics/
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F1GurE 1. Document with highlighted sections of text. Text
fragments recognized by OCR are highlighted in color

value. However, this metric does not take into account the semantic and
contextual relationship between words, which may limit its applicability.
The second ROUGE-L metric evaluates the quality of automatic text
summarization. It compares the length of the longest common word
sequence between the predicted and reference text with the length of the
reference text, thereby measuring the coverage of the predicted text relative
to the reference text and allows one to estimate the degree of information
compression in the generated text.

The basis for conducting the research, the results of which are presented
in this article, was the impossibility of restoring text on scanned documents
of poor quality using modern OCR systems, Figure 1.

An obvious solution to this problem is to develop a simple sentence
matching system. However, as noted above, DNN models are able to learn
complex non-linear dependencies between input and output data, which
allows them to more effectively model the context and semantics of text.
In addition, DNN models can be more flexible and generalize, which
makes them more effective when working with different types of text and
information recovery tasks. It is the generalizing properties of DNN models
that served as the rationale for their use in solving the stated problem — a
restored and semantically close sentence is better than its complete absence.

Section 1 provides a rationale for the need for research and a statement
of the problem. Section 2 is devoted to the analysis of works on restoring
text sequences. Features of creating a dataset for training models and
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researching their work are described in section 3. The creation and research
of Encoder-Decoder and Seq2Seq models are given in section 4 and section 5
respectively. The advantages and disadvantages of restoring text sequences
using the created models are given in section 6.

1. Settings the goal and research problems

When recognizing images of text documents using standard OCR tools,
it is not always possible to obtain a high-quality copy in text format. The
reason is blurry, illegible, or noisy (for example, in the form of handwritten
notes) sections of text on the document image [7,8].

The goal of this work is to research the applicability of the main
DNN models for NLP — Encoder-Decoder and Seq2Seq transformer for
restoring text from a given dataset.

The goal set in the work can be achieved by solving the following main
problems:

(1) Creation of a dataset, consisting of preparing pairs in the form
of incomplete and corresponding full text.

(2) Creation of optimal Encoder-Decoder and Seq2Seq transformer
models for achieving the goal.

(3) Analysis of the quality of the models as a result of calculating the loss
function and the accuracy, BLEU and ROUGE-L metrics.

2. Analysis of works on restoration of text sequences

An analysis of available publications has shown that there are two
main types of models that can be used to match and restore text sequences.

(1) Attention-based models (in most cases, these are Seq2Seq transformer
models) that can focus on the context of a sentence and select the
most appropriate option for replacing or restoring missing words.

(2) RNN- and CNN-based models that take into account the context of a
sentence and, in the case of CNN, the features of its visualization
on images.
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Below is a description of the most significant, in the author’s opinion,

works on the use of these types of models for restoring the original text.

In [9], the authors consider and demonstrate the effectiveness of two
classes of attention mechanisms for matching texts in different languages.
The first takes into account all source words, the second considers only

a subset of the source words.

Missing word recovery using models based on variational autoencoders
(VAE) is proposed, for example, in [10]. Here, VAEs implement prediction

of the input text sequence for subsequent improvement of RNN training.

The Seq2Seq model, which allows to perform the task of generating
corrected text using the attention mechanism, is described in [11]. The
model can be used to transform an incorrect, incorrect sequence of characters

into corrected text.

A model based on the Seq2Seq architecture with an attention mechanism
for error correction in text obtained from an OCR system is given in [13].
The model is trained on a sufficiently large number of text pairs recognized
using OCR.

A study of the applicability of BERT (Bidirectional Encoder Repre-
sentations from Transformers) models for error correction in sentences
of non-English native speakers is given in [14]|. The model is able to use the

context of a sentence to correct grammatical and stylistic errors in the text.

A pre-trained model with the architecture of a masked Seq2Seq
transformer for reconstructing a text fragment from its remaining part is
considered in [15]. The model’s encoder receives a sentence with a randomly
masked fragment (several consecutive tokens) as input, and its decoder
tries to predict this masked fragment. The paper shows that as a result
of fine-tuning, the model is able to reconstruct the original text quite

accurately.

The authors of the paper [16] propose a method for correcting errors
in text using a neural network based on symbolic self-attention. The model
uses the character level to more accurately correct typos, spelling, and
other types of errors in the text.
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In [17], the author describes the use of RNN for language models and
proposes methods for generating text in a given context. The publication is
devoted to controlled sequence labelling — an important area of machine
learning, including such tasks as speech recognition, handwriting recognition,
and part-of-speech labelling.

The study of the applicability of neural network models for restoring
distorted character images is carried out in [18]. The authors describe

methods for restoring damaged text based on a combination of CNN and
RNN.

The article [19] presents a CNN-based model for automatically
correcting typos in text. The model is trained on a large corpus of texts
and is able to correct typos with high accuracy.

In [20], a method for restoring distorted images using CNN without
the need for training on a large dataset is presented. The method was
originally developed for image restoration, but can also be applied to
restoring damaged text.

The authors of the article [21] present an autoencoder architecture for
error correction in OCR systems. The autoencoder model is used to extract
hidden text representations and then restore them.

In addition to the above, a fairly large number of works on restoring
text sequences are devoted to restoring texts on different types of images
of historical documents damaged over time. Their detailed analysis is given
in [22].

3. Dataset creation

To train the Encoder-Decoder and Seq2Seq models and to research
their operation, a proprietary dataset was created, which, as noted above,
is a set of pairs of the form:

incomplete text — [start]full text|[end]

The main types of documents of the «Roscadastre» PLC software and
software package were used to form the dataset. All unique sentences
of these documents in the created dataset represent the full text. The
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FiGurg 2. Full text and its corresponding first 10 incomplete texts
results of removing continuous sequences of 1 to N — 3 words from the full
text form a set of corresponding incomplete texts (here N is the number
of words in the text). The removal of continuous sequential words from the
text is explained by the specifics of blurring and the location of illegible
sections of text on scanned documents, see Figure 1.

The number of full-text sentences included in the created dataset does
not exceed 250, the number of corresponding incomplete sentences included
in the dataset is about 3000. An example of the correspondence between
them is shown in Figure 2.

Tokenization and vectorization of text pairs was carried out using
TextVectorization from the Keras package. To remove ambiguity when
restoring full texts, text standardization before tokenization involved the
inclusion of a feature of the document area in which it may be present.

For training the DNN, 80% of the pairs from the created dataset were
used, for validation and testing — 10%.

4. Creation and research of the Encoder-Decoder model

The Encoder-Decoder model was developed and studied in Python
using the API Keras [23-25]. Figure 3 shows the optimal structure of the
model obtained as a result of experimental studies.


https://www.tensorflow.org/api_docs/python/tf/keras/layers/TextVectorization/
https://keras.io/about/
https://keras.io/about/
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embedding_20

embeddings 15000x512
activity_regularizer =
batch_input_shape = null, null
output embeddings_constraint =
input_dim = 15000
input_length =

mask_zero = true

embedding_20

bidirectional_10

embedding_21

embeddings 15000x512
activity_regularizer =
batch_input_shape = null, null
embeddings_constraint =
input_dim = 15000
input_length =

mask_zero = true
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implementation =2
kernel_constraint =
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bidirectional_10

recurrent_kernel 512x3072
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dense_10

F1GURE 3. Encoder-Decoder model in Keras API for partial
text recovery
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The encoder of this model consists of the following layers:

(1) Input layer (InputLayer), takes input data in the form of text
sequences.

(2) Embedding layer (Embedding) transforms words of text sequences
into their vector representations.

(3) Recurrent layer (Bidirectional GRU) processes sequences in both
forward and backward directions and produces a hidden state (context
vector).

Decoder model layers:
(1) Input layer (InputLayer) takes input as a sequence of words. Deter-

mines the shape and type of the input data.

(2) The embedding layer (Embedding) transforms the input tokens into
dense vector representations of a given dimensionality, similar to the
encoder.

(3) The recurrent layer (GRU) takes the vector representations and
processes them sequentially, generating the full text, taking into
account the context from the encoder. It is initialized with the state
generated by the encoder.

(4) The output layer (Dense) takes the output from the decoder at the
current time step and transforms it into a vector of probabilities, each
component of which corresponds to a possible next token of the
reconstructed text.

The description of the main parameters of all layers of this model is
given in table 1.

To assess the quality of the model at the level of individual words
of text sequences, the values of the loss function and the accuracy metric
were calculated. Figure 4 and Figure 5 show the values of the loss function
sparse_categorical _crossentropy and the metric accuracy of the model for
30 training epochs. The number of epochs was found experimentally and is
optimal. The stochastic optimization algorithm rmsprop was used to train
the model.

The average values of the BLEU and ROUGE-L metrics, which allow
us to evaluate the accuracy of reconstructing incomplete text from the
testing dataset, are shown in Figure 6. Values in the range of 0.3-0.4
correspond to understanding and acceptable translation of the text. To
calculate the metric values, the functions sentence bleu() and get scores()
from the NLTK and Rouge packages were used, respectively. They were
called after the completion of each training epoch from the callback
functions of the fit() method.


https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/layers/core_layers/embedding/
https://keras.io/api/layers/recurrent_layers/bidirectional/
https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/layers/core_layers/embedding/
https://keras.io/api/layers/recurrent_layers/gru/
https://keras.io/keras_core/api/layers/core_layers/dense/
https://www.tensorflow.org/api_docs/python/tf/keras/metrics/sparse_categorical_crossentropy
https://keras.io/api/metrics/accuracy_metrics/
https://keras.io/api/layers/core_layers/embedding/
https://www.nltk.org/_modules/nltk/translate/bleu_score.html
https://pypi.org/project/rouge/
https://pypi.org/project/nltk/
https://pypi.org/project/rouge/
https://keras.io/api/models/model_training_apis/
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TaBLE 1. Layers of the Encoder-Decoder Model

Layer type Activity Input Output
(title in Figure 3) function tensor tensor
In?;;ﬁ?gler - [(None, None)] [(None, None)]
(eggzgz?%lngo) - (None, None) (None, None, 512)
Bi&iﬁ?igggg;gc%)lj ) tanh (None, None, 512) (None, 1024)
In&ﬁtg’l?%er - [(None, None)| [(None, None)|
Embeddin
(embeddingigl) - (None, None) (None, None, 512)
GRU [(None, None, 512),
(gru_21) tanh (None, 1024)]) (None, None, 1024)
( dg‘;gsﬁo) softmax | (None, None, 1024)| (None, None, 15000)
8 .
Train set
6 Validation set
1]
g 4
|
2
0.236
0 =0.087
0 5 10 15 20 25
Epoch
FicUrRE 4. Model Losses
1 —0.9798
~0.9454
0.8
3
S 0.6
3
£ 04
0.2 Train set
Validation set
0 5 10 15 20 25
Epoch

FIGURE 5. Model accuracy

Figure 7 shows the results of text recovery from 10 randomly generated
datasets for testing. Each test set consisted of 250-300 sentences. The


https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
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FI1GURE 6. Metrics for evaluating the quality of text recovery

Results of text recovery by the Encoder-Decoder model

.
L1

Ficure 7. Numbers of incorrectly recovered sentences by the
Encoder-Decoder model from 10 test datasets

Number of incorrectly recovered sentences

7 8 9 10 11 12 13 14 15

Number of words per sentence

number of incorrectly reconstructed sentences consisting of 11-15 words
ranged from 1 to 6.

5. Creation and research of the Seq2Seq transformer model

As with the previous model, the creation and research of the model
with the Seq2Seq architecture was carried out in Python using the API
Keras [23-25].

The optimal structure of the Seq2Seq model, obtained as a result
of experimental studies, is shown in Figure 8.


https://keras.io/about/
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bias 256
gamma 256
beta 256
gamma 256
beta 256
gamma 256
beta 256

embed_dim = 2.
num_heads =8

dense_4

kernel 256x1
bias 15000

kernel 256x2048

dense_dim = 2048

256

256

256

256

256

256

256

256

56

56

transformer_decoder

5000

activation = softmax
bias_constraint =
kernel_constraint =

units = 15000

FiGUurE 8. Encoder and decoder of the Seq2Seq transformer
model in the Keras API for partial text recovery

ENSSRY
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TABLE 2. Layers of the Seq2Seq transformer model

(utlotn Pigare §) | funetion | temr gy

In}gilrlé)llfti)yer - [(None, None)| [(None, None)|
E)%Zﬁi%ggﬁ?enr;bbggg;% - (None, None) (None, None, 256)
gzﬁ:gg;&frggfsd%?; relu (None, None, 256) (None, None, 256)

In O‘dg‘i};er - [(None, None)] [(None, None)]
(If;(s)istiit)ir?;ileEmlEE;c(iiigigrigl) - (None, None) (None, None, 256)
%Ezﬁ:gg;nrgfrlgs‘;%%?; relu (None, None, 256) (None, None, 256)

(d]grfsrésfél) softmax | (None, None, 256) | (None, None, 15000)

The transformer model consists of the following layers:

(1) The Input Layer (InputLayer) takes input as a sequence of words. It
determines the shape and type of the input data.

(2) Positional Embedding Layer (Positional Embedding Layer) adds
information about the position of a word in a sequence. This allows
the model to take into account the order of words in the input and
output sequences.

(3) Transformer Encoder Layers (TransformerEncoder Layer), each
of which implements an attention mechanism and contains fully
connected layers. Due to this, they allow modeling dependencies
in sequences, extracting features from the input data and represent-
ing them in an optimal internal representation for more complex
computations and natural language processing tasks.

(4) Transformer Decoder Layers (TransformerDecoder Layer). Similar to
the encoder, the decoder consists of several transformer decoder
layers, which also include an attention mechanism and fully connected
layers. The decoder generates an output sequence based on the
context representations of the encoder.

(5) The output layer (Dense) transforms the predicted token representa-
tions into a probability distribution over all possible tokens.

To create more efficient and related representations of text sequences,
the attention mechanism [4] is implemented in the encoder and decoder
layers of the Seq2Seq architecture model. Table 2 provides a description
of the main parameters of all layers of this model.

The study of the accuracy of the model, by analogy with the previous


https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/keras_nlp/modeling_layers/position_embedding/
https://keras.io/api/keras_nlp/modeling_layers/transformer_encoder/
https://keras.io/api/keras_nlp/modeling_layers/transformer_decoder/
https://keras.io/keras_core/api/layers/core_layers/dense/
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Ficure 11. Metrics for evaluating the quality of text recovery

one, consisted in calculating the values of the loss function and the accuracy
metric — sparse_categorical _crossentropy and accuracy respectively for
each of the 30 epochs of its training, Figure 9, 10. The number of epochs
was found experimentally and is optimal. When training the model, the
stochastic optimization algorithm rmsprop was used.

The average values of the BLEU and ROUGE-L metrics, which allow
us to evaluate the accuracy of the model in reconstructing the incomplete
text from the testing dataset, are shown in Figure 11. Values from the
range of 0.5-0.6 correspond to high quality of text translation.


https://www.tensorflow.org/api_docs/python/tf/keras/metrics/sparse_categorical_crossentropy
https://keras.io/api/metrics/accuracy_metrics/
https://keras.io/api/layers/core_layers/embedding/
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Results of text recovery by the Seq2Seq transformer

Number of incorrectly recovered sentences

3 4 5 6 7 8 9 10 11 12 13 14 15

Number of words per sentence

FIGURE 12. Numbers of incorrectly recovered sentences by
Seq2Seq model from 10 test datasets
Figure 12 shows the results of incomplete text recovery from 10

randomly generated testing datasets. The number of incorrectly recovered
sentences is less than for the previous model and ranges from 1 to 4.
As a result, it is worth noting the quite natural result — the Seq2Seq
transformer model is more efficient than the Encoder-Decoder model due to
the use of the attention mechanism. The attention mechanism allows the
transformer to highlight key elements of input and output sequences and
more effectively identify long-term dependencies in them, which makes the
model capable of learning on complex text generation (in this case, text
recovery) tasks.

6. Conclusions, advantages and disadvantages of the proposed
approach

The studies conducted in the work showed that the use of DNN models
allows solving the problem posed in the work quite effectively. The results
of text recovery from documents of the «Roscadastres PLC acceptable for
solving the practical problem are explained by the features of the dataset
formation — it contains all pairs with incomplete and corresponding full
texts. In addition, the incomplete text was considered in this work as
a sequence of a certain number of adjacent words, which significantly
simplified the process of its comparison with the full text. Sequences
of arbitrary words of the full text were not included in the dataset.

The advantage of the proposed approach is the simplicity of the models
and the features of the dataset formation for their training and validation.
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Ficure 13. Correctly and incorrectly restored text "Informa-
tion on clarified" (see Figure 1 and Figure 2)

TABLE 3. Metric values of Encoder-Decoder and Seq2Seq
transformer models

Loss ‘ Accuracy ‘ BLEU ‘ ROUGE-L
metric metric metric metric

Encoder-Decoder model
0.087 | 09798 [0.3609 | 0.3071
Seq2Seq transformer model
0.005 | 09982 [0.5931 [ 0.5173

The disadvantage is the impossibility of restoring the text from a set of its
arbitrary (inconsistent) words without significantly complicating the model,
which involves analyzing the context of the sentence. The only reason for
incorrect text recovery is related to the rather rare cases (1-3% of the
total number) of the formation of identical embeddings (vectorization
of incomplete text and the indicator of the document area in which the
corresponding full text may be found, see section 3). An example of correct
and incorrect recovery of incomplete text with identical embeddings is
shown in Figure 13.

The results obtained in this work are planned for use in the information
system of the «Roscadstr> PLC control and processing center for the
purpose of converting scanned documents into their text analogues. To
implement this process, the Seq2Seq transformer model was selected as it
showed the best result compared to the Encoder-Decoder model, table. 3.

The metrics provided in this table are relevant only to the dataset
created from the documents of the «Roscadastrs PLC. They may differ for
datasets of other subject areas.
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94 U.B. BUHOKYPOB RUmEEN:
Beepenne

B nocsieiamMe TO/IBI ¢ IOMOIIBIO MoJesteii rirybokoro oGyuaerust (Deep
Neuaral Network, DNN) 1mosy4eHbl CylnieCTBeHHbIE DE3YJIBTATHL B 00JIACTU
obpaborke ecrectsernoro tekcra (Neural Language Processing, NLP) [1].
Amnamus mTepaTypHBIX HCTOYHAKOB ITOKA3AJI, YTO CAMBIME PACIIPOCTPAHEHHBIMHE
MOJIEJISIMY, MCIIOJIb3YEMBbIME B TAKUX 3a/Ia4aX Kak npeobpasosanue (IIepeBoi)
TEeKCTa, BOCCTAHOBJIEHNsI TEKCTA M3 MCKAYKEHHBIX WM HEMOHSATHBIX JOKYMEHTOB,
OTCKAHUPOBAHHBIX JIOKYMEHTOB ILIOXOI'0 KAYECTBa, HEYUTAEMbIX PYKOIHUCEl,
PA3MBITHIX WJIN MOBPEXKICHHBIX N300parkeHnit u T.11. siBisiorca Encoder-Decoder
u Tpanchopmepsb Seq2Seq.

Apxurekrypa Encoder-Decoder, ocHoBaHHas1 Ha peKyPPEHTHBIX HEHPOHHBIX
cersix (Recurrent Neural Networks, RNN) min cBEpTOUHBIX HEHPOHHBIX
cerax (Convolutional Neural Network, CNN), cocrout u3 AByX OCHOBHBIX
KOMIIOHEHTOB — 9HKO/Iepa U JieKojiepa [2]. DHKozmep npeobpasyer BXOIHbIE
JIaHHBbIE BO BHyTpPEHHEe IPeJICTABJICHIE, YIUThIBAasK KJII0YeBble 0CODEHHOCTH
ux cofep:kanus. Jlekomep UCIob3yeT 3T0 MPEeCTABICHUE JIJIsT TeHepaIun
BBIXOJTHBIX JIAHHBIX, TOCJIEI0BATEIHHO MPEJICKA3BIBAS UX SJIEMEHTHI.

B omymame ot 310# Mojesn, apxuTekTypa TpancdopmMepa Seq2Seq [3]
mpeJjiaraeT aabTePHATUBHBIN MTOXO/] K IIPEJICTABJICHHIO [TOCJIEI0BATEILHOCTE.
Omna ucrnosb3yer MexaHu3M TpaHchOpMaIni, OCHOBAHHBIA Ha MHOYKECTBE CJIOEB
¢ MeXaHU3MaM¥ BHUMaHUsI [4], 9T0 1mo3BossieT 910l Mojenn 3(PdeKTUBHO
00pabaThIBATh JIJIMHHBIE TEKCTOBBIE TTOCJIEI0BATEILHOCTH. MexaHn3M BHUMAHUS
[MO3BOJISIET MOJIEJN YUUTHIBATH BayKHOCTH OTJEJILHBIX CJIOB B KOHTEKCTE
BCEro IPEJJIOXKEHNSsI, CIIOCODOCTBYSI TEM CaMbIM I'eHepaluu 0oJiee KaueCTBEHHO-
ro u cBa3HOTO TekcTa. Ilo cpaBuennio ¢ Encoder-Decoder, Tpamnchopmep
Seq2Seq obitastaeT psiIOM TPEUMYINECTB, TAKUX KaK JIydIllasi CHOCOOHOCTH
00paIaThCsl ¢ JJIMHHBIMY I0CJIeI0BATEIbHOCTSIME, H0Jiee THOKAsi apXUTEKTypa
7 BO3MOYKHOCTD OOYUIeHMST MO el Ha OOMBINNX 00bEMAX JAHHBIX.

Hitst onenkn KadectBa Mogesnaeit B8 NLP moryT ObITh MCIOTB30BAHBI Kak
OOBIYHBIE METPUKHY 0SS, accuracy W T.I., TAK ¥ METPUKH, CIIeNupUIHbIE JJTsI
OIEHKH Ka4eCTBa CreHEPUPOBAHHOTO TEKCTA, OCHOBHBIMU M3 KOTOPBIX SIBJISIOTCS
BLEU (Bilingual Evaluation Understudy) [5] n ROUGE-L (Recall-Oriented
Understudy for Gisting Evaluation — Longest Common Subsequence) [6]. Ilepsast
U3 HUX U3MEPSIET CXOYKECTh MEXK/Iy MPEJCKA3aAHHBIM U ITAJOHHBIM TEKCTOM.
OHa UCMo/Ib3yeT CHHTAKCHIECKYTO HHMOPMAIIUIO JIJIsl CPABHEHUS [TOCTIEI0BA~
TeJbHOCTEl U3 N ¢j1oB (n-rpamm). Yem Gosibine cOBIAAEHUN B N-rpaMMax
MEXK/Iy MPEeJICKA3aHHBIM U 9TAJOHHBIM TEKCTAMM, TE€M BBIIIE OyJIeT 3HAYEHNE


https://keras.io/api/losses/
https://keras.io/api/metrics/accuracy_metrics/
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BLEU. Oxnako, 3Ta MeTpUKa He YIATHIBAET CEMAHTUYIECKYIO I KOHTEKCTHYIO
CBsI3b MEXKJIy CJIOBAMU, UYTO MOYKET OTDAHUIUBATH €€ MPUMEHNMOCTDb. Bropas
u3 merpuk ROUGE-L onennBaer Ka4ecTBO aBTOMATUYECKON CyMMapU3aI[in
tekcta. OHa CpaBHUBAET JIMHY HaWOOJBINE OOIeil TMOCIeI0BATEIHHOCTH CJIOB
MEXKJIY TPEICKA3aHHBIM U ITAJOHHBIM TEKCTOM C JJINHON ITAJOHHOTO TEKCTA,
U3Mepsisi TeM CaMbIM IIOKPBITHE IIPEJICKA3AHHOTO TEKCTA OTHOCUTEIBHO ITAJIOH-
HOT'O ¥ MO3BOJISIET OIEHUTh CTEIEHb CXKATUs NHMOPMAINNA B CTeHEPHPOBAHHOM
TEKCTe.

OcHoBaHnueM TSI IIPOBEJICHUS UCCJIEIOBAHUI, PE3YIbTATHI KOTOPBIX
[IPUBEJIEHBI B 3TOH CTaThe, IBUJIOCH HEBO3MOYKHOCTH BOCCTAHOBJIEHHUS TEKCTA
HA OTCKAHUPOBAHHBIX JOKYMEHTaX IJI0X0ro KadectBa coBpemenubiMu OCR-
CHCTEeMaMU, PUCYHOK 1.

CBegeHuA 06 yTOUHAEGMbIX 3eMEeJIbHbIX |

CBeAeHUA O XapaKTepPHbIX TOYKAX rPaHULbi
C KaAacTpoBbIM HOMEPOM
CpegHasn
0603HayeHun LEEL RIS ] OnucaHune
Cyuiecrsytowime YTOYHEHHble
XapaKTepHbIX
KOOpPAMHATbI, M KoOpAMHaTbl, M
1 2 | 3 4 | s

PucyHok 1. JIoKyMeHT C OCBETIEHHBIMHU yYaCTKaMHU TEKCTa.
®parmenTsl TekcTa, pacrnosnasaemble OCR, BbIEIEHBI IIBETOM

OdUeBUTHBIM PEITeHUEeM ITOMN 3aJa4n sIBJISIeTCsT pa3paboTKa IPOCTOit
CHUCTEMBI COOTBETCTBUsI TpejioKennit. O1HAKO, KaK OBLIO OTMEYEHO BHIIIIE,
DNN-mMomenmn crtocobHbI M3yYIaTh CAOXKHBIE HEMTUHENHbIE 3aBUCHMOCTH MEXK Ty
BXOJIHBIMU U BBIXOJIHBIMH JIAHHBIMU, ITO TO3BOJIsIET UM Oojtee 3hDEeKTUBHO
MOJIETUPOBATH KOHTEKCT U CeMAaHTHUKY TekcTa. Kpome toro, DNN-momemn
MOTYT OBITH OoJiee TUOKMMU M CIIOCOOHBIMHU K OOODIMEHUIO, UTO JIEJIAET
ux 6ostee 3PDHEKTUBHBIME TP PAOOTE ¢ PA3TUIHBIMU TUIAMHU TEKCTa U
3aJ[adaMy BoccTaHoBJieHUsI nHpopmanuu. Amenno wasuvue y DNN-modenetd
0000WAIOUUT CBOTCME NOCAYNHCUNO 000CHOBAHUEM OAA UT UCTLOABIOBAHUS NPU
PEWEHUYL NOCTNABAEHHOT 364004 U — BOCCMANHOBACHHOE U DAUZKOE MO CMBICAY
NPECAONHCERUE AYUULE, YEM €20 NOAHOE OMCYMCMBUE.

B pasnene 1 ocymectBisiercst 060cHOBaHTE HEOOXOIUMOCTH UCCJIETOBAHUTIT
U II0CTAHOBKA 3aJia4u. Pa3jies 2 MoCBAINEH aHaIu3y paboT M0 BOCCTAHOBJIEHUIO
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TEKCTOBBIX HocsenoBareapuocreii. Co3anne HaboOpa MAHHBIX JIJIsT 00y IeHMsT
MoJiesieit onncano B paszjese 3. PopMupoBaHue 1 UCCIETOBAHUE MO/l
Encoder-Decoder n Seq2Seq npuBejieHo B pazjieste 4 u pa3jiesie 5 COOTBETCTBEHHO.
JlocTonHCTBA U HEJOCTATKHA BOCCTAHOBJIEHNS TEKCTOBBIX IOC/IE0BATEILHOCTEN
C UCIOJIb30BaHneM CPOPMUPOBAHHBIX MOJEJeil IPUBEIEeHbI B pasee 6.

1. MNMocraHoBKa uenn n 3agay nccaepoBaHus

IIpu pacnosnaBanuu U306paKeHUl TEKCTOBBIX JOKYMEHTOB CTAHIAPTHBIMU
cpeacrBamu OCR He Bceryia MOYKHO TOJIYYIUTh UX KAYECTBEHHYIO KOITHIO
B TeKCTOBOM bopmare. [Ipuannoit siBystioTcst pasMbIThIe, Hepa3bopanBbe
WJIM 3allyMJIEHHBIE (HAIIpUMED, B BUJE 3aMETOK OT PYKHU) y9IaCTKH TEKCTa
Ha u300pazkeHnn JOKyMeHTa [7,8].

Ifleavro darHoti pabomubl sIBIISIETCS UCCIIEAOBAHUE TPUMEHIMOCTHI
ocaoBabIX DNN-mozeneit aas NLP — Encoder-Decoder n Tpamncdopmepa
Seq2Seq Jjist BOCCTAHOBJIEHUsI TEKCTA U3 3a[aHHOIO0 HAOOpa JIaHHBIX.

Ilocmasaennasn 6 pabome uyenv mooscem bvimod docmuzryma 3a cuém
PEWEHUA CACOYOUULT OCHOBHVIT 300G Y:

(1) ®opmuposBanue HAOOPa JAHHBIX, 3aK/II0YAIONIeeCs B IOATOTOBKE IIap
B BHJE HEIOJHOI'O U COOTBETCTBYIOLIErO €My IIOJHOIO TEKCTA.

(2) ®opMupoBaHUEe ONTUMAJIBHBIX JJIsl JIOCTUXKEHUSI TOCTABJIEHHON 1111
mogesteit Encoder-Decoder u Tpancdopmepa Seq2Seq.

(3) Anaimus KadgecTBa pabOTHI MOJIE/IeH B PE3yIbTaTe BHIYUCICHUS (DYHKIAH
morepsb u MeTpuk accuracy, BLEU u ROUGE-L.

2. AHanu3 paboT nNo BOCCTaHOBJIEHNIO TEKCTOBbIX
nocnegoBsaTtesibHOCTEN

Awayms J0CTyNHBIX MyOJIMKAIUIT TIOKA3aJI, 9TO CYIIECTBYET JBa OCHOBHBIX
THUIIA MOJeJIeil, KOTOPbIe MOT'YT OBITh HCIIOJIb30BAHBI JIJIsi COITOCTABJICHUS 1
BOCCTQHOBJIEHUS TEKCTOBBIX II0CJIE/I0BATE/ILHOCTEIN.

(1) Mogenu ¢ MexaHu3MOM BHUMAHUS (B GOJIBITMHCTBE CJIYYAEB 3TO MOJIEJIN
rpancdopmepos Seq2Seq), crocobubie chOKYCUPOBATHCA HA KOHTEKCTE
[IPEJJIOYKEHNUS ¥ BBIOPATh HANbOJIee MOXOJAIIII BADUAHT JJIsl 3aMEHbI
WM BOCCTAHOBJICHUST TIPOILYIIEHHBIX CJIOB.

(2) Mogemu na ocaoBe RNN u CNN, mo3Bossifonne yauTbIBaTh KOHTEKCT

npejgoxkenusi u, B ciiyaae CNN, 0coGeHHOCTH ero BuU3yaJn3aliuu
Ha M300parKeHus.
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Huke npuseseno onucanne Hanbojiee 3HAINMBIX, TI0 MHEHUIO aBTOPa, PaboT
IO UCIIOJIH30BAHUIO MOJIEJIeH STUX THUIOB JIJIsi BOCCTAHOBJICHNUST OPUTHHAILHOTO
TEKCTA.

B [9] aBTOpBI paccMATPUBAIOT U IEMOHCTPUPYIOT 3(DHOEKTUBHOCTE JBYX
KJIACCOB MEXAHM3MAa BHUMAHUS JJTsi COMIOCTABJIEHNS] TEKCTOB HA PA3HBIX A3BIKAX.
IlepBoiit yunThIBaeT BCe UCXOMHBIE CJIOBA, BTOPOIl PACCMATPUBAET TOJIHKO
[TOJIMHOKECTBO MCXO/HBIX CJIOB.

BoccranosyieHust IpOITYIEHHBIX CJIOB € UCIIOJIb30BAHIEM MOJIEIEH Ha OCHOBE
BapHAIMOHHBIX aBTO9HKO/epoB ( Variational Autoencoder, VAE) npengaraercs,
manpumep, B [10]. 3mece VAE peammsyior mporso3upoBaHne BXOIHOH TEKCTOBOM
[IOCJIEIOBATEIBHOCTH JJIs TTOCJIEIyIONero yiaydmenus ooyderans RNN.

Mogesb Seq2Seq, O3BOJISIONIAS BBIIOJIHATE 33/1a49y NeHEPAIUU UCIPAB-
JIEHHOT'O TEKCTAa C UCIIOJIb30BAHMEM MEXaHU3Ma BHUMAaHWs, onucana B [11].
Mo/iestb MOXKET HCIOIB30BATLCH IS IPE0OPA30BAHNsT HEBEPHOI, HEKOPPEKTHOM
110CJIEJOBATE/IBHOCTU CIMBOJIOB B MCIIPABJIEHHBIN TEKCT.

Mozens Ha OCHOBE apXUTEKTYPHI Seq2Seq ¢ MEXAHN3MOM BHUMAHUS JJIsI
HCIIpaBjIeHus ommOoK B Tekcre, norydennoM u3 OCR cucremsl, npusenena
B [13]. Momenb 06yuaeTcss Ha JOCTATOTHO GOJIBIIOM KOJMIECTBE TEKCTOBBIX
nap, pacnosuauabix ¢ momornisio OCR.

Uccnenosanue npumenumoctu mozeseit BERT (Bidirectional Encoder
Representations from Transformers) jjist ucupasiieHus OMUOOK B IIPEJIJIOKEHUSIX
HEAHIVIMICKUX HOCUTeJell sa3biKa, npuseieHo B [14]. Mogeab cnocobna
HCIIOJIH30BATh KOHTEKCT HPEJIJIOXKEHHS JIJIsl NCIIPABJICHUSI IPAMMATHICCKAX 1
CTUJINCTUIECKUX OIMUOOK B TEKCTE.

IIpegBapurenbHo 00yUeHHAST MOJIEb C APXUTEKTYPOil MACKUPOBAHHOIO
Tpancdopmepa Seq2Seq I BOCCTAHOBJICHUsT (PPArMEHTa TEKCTa 10 ero
ocrapmeficss gactu paccmarpubaercst B [15]. Komep Monenn npuanMaer Ha BXO
HPEJJIOKEHUE CO CJIyIalHO 3aMACKUPOBAHHBIM (PPArMeHTOM (HECKOJIBKO
[IOCJIEIOBATEILHBIX TOKEHOB), & €ro JAEKOJEp IIBITACTCA IIPEICKA3ATH ITOT
3aMaCKUpPOBaHHBIN dparMentT. B pabore moka3aHo, 9To B pe3yabTaTe TOHKO
HACTPONKHU MOJIEJb CIOCOOHA TOCTATOYHO TOYHO BOCCTAHABJINBATEH MCXOIHBIX
TEKCT.

Agroper crarbu [16]| mpemararoT METO UCTIPABJIEHAST OMNOOK B TEKCTE
C IIOMOIIBIO HEPOHHOIT CeTH, OCHOBAHHOU Ha CUMBOJIBHOM CaAaMOBHUMAHUU.
Mogenp ucnob3yer ypoBeHb CUMBOJIOB IJjIst 60J1ee TOYHOIO UCITPABJICHUS
o1evIaToK, opdorpaduIecKux U JAPYTruX TUIOB OIMINOOK B TEKCTE.
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B [17] aBrop onmcniBaer uctosbzoBanne RNN 1 S13bIKOBBIX Mojieseil 1
IpeJjTaraeT MeTO/BI JJIsl TeHepAIlNN TeKCTa B 33/IaHHOM KOHTeKcTe. V3namHne
HOCBSIIIEHO MapPKUPOBKE KOHTPOJIIPYEMBIX IIOCJIEI0BATEIBHOCTEN — BasKHOMI
00/1aCTH MAIIMHHOTO 00y YeHusI, BKJIIOYAIONIeH TaKne 331a41 KaK PACIO3HABAHIE
pedn, pyKOINCHOIO BBOJA U MapKUPOBKA dacTeil pedn.

WccnenoBanre mpuMeHNMOCTH HEHPOCETEBBIX MOJIEIEH JIJIsT BOCCTAHOBJIE-
HUS NCKAYKEHHBIX CIMBOJIBHBIX W300paskeHnit mposoautest B [18]. ABTops
OIMUCBHIBAIOT METO/IbI BOCCTAHOBJIEHUSI UCIIOPYUEHHOTO TEKCTA, OCHOBAHHBIE

na coderanuun CNN u RNN.

B crarbe [19] npexcrasiena Mozess Ha ocHoBe CNN Jy1st aBTOMATHYECKOrO
NCTIPABJICHUs ONeYaTOK B TekcTe. Mozens obyJaercs Ha OOTBIIOM KOpITyce
TEKCTOB U CIIOCOOHA NCTIPABIATDL OINEYATKN C BBICOKOH TOTHOCTHIO.

B [20] npuBei€H MeTO/ BOCCTAHOBJIEHUS] MCKAYKEHHBIX M300parKeHni
¢ ucnionb3oBanneM CNN 6e3 HeoOxomuMocTn 0bydeHns Ha OOJIBIIOM HAbOPe
JaHHBIX. MeTos1 ObLT M3HAYAIHHO pa3paboTaH Jjisi BOCCTAHOB/IECHUS N300parKe-
HUIT, HO MOXKeT OBITh TaKKe IIPUMEHEH U K BOCCTAHOBJIEHUIO MCIIOPYEHHOTO
TEeKCTA.

Apropbl craTbu [21] NpenCTABISIIOT APXUTEKTYPY aBTOIHKOJEPA s
ucnpasiieans ommbok B OCR-cucremax. Momesb ¢ aBTOIHKOIEPOM HCHOJIB3YeT-
Csl JIJTsT M3BJIEIEHUS CKPBITBIX TPEJICTABICHUI TEKCTA U UX MOCJIELYIONIEro
BOCCTAHOBJIEHUSI.

TToMuMmo yKa3aHHBIX BBIIIE, JOCTATOYHO OOJIBITOE KOJUIECTBO PaboT
10 BOCCTAHOBJIEHHUIO T€KCTOBBIX IIOCJIE0BATEIHHOCTEN TTOCBSIIEHO BOCCTAHOBIIE-
HUIO TEKCTOB HA PA3HOI'O THUIA M300PAKEHUIX UCTOPUIECKUX JTOKYMEHTOB,
HOBPEXKJIEHHBIX ¢ TedeHreM BpeMeHu. VX moipobHblil anamus npuseaéH B [22].

3. ®opmuposaHue Habopa paHHbIX

st obyaenust mozeseii Encoder-Decoder u Seq2Seq u mocJie ryromero
HCCJIETIOBAHNUS UX PAOOTHI ObLT chOPMUPOBAH COOCTBEHHBIN HAOOD TAHHBIX,
[IPEJICTABJIAIONIUI co00li, KaK y»Ke OTMEYaJIOCh BBIIIE, MHOXKECTBO IIap BUIA:

HEIOJHBIH TeKCT — [start|mosHbli TekeT|end]

Jlng dopMupoBaHus aTaceTa UCIOIb30BAINCH OCHOBHBIE TUIBI TOKYMEH-
ToB IIIIK «Pockasactps». Bee yHUKAJIBHBIE TPEIJIOKEHUST ITHX JIOKYMEHTOB
B cOPMUPOBAHHOM JATACETE MIPEICTABIAIOT COOOM TMOMHBIN TeKCT. Pe3ynbrars
yaaJieHns U3 MOJHOTO TEKCTa HEPEPBIBHBIX ITOC/IeI0BATEIbLHOCTEN OT 1
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70 N-3 coB 06pa3yeT COBOKYITHOCTh COOTBETCTBYIONINX €My HEOJHBIX
TeKCTOB (3711€ch N — KOJIMYIECTBO CJIOB B TEKCTE). YAJIEHUE U3 TEKCTa UMEHHO
HEIPEPBIBHBIX TTOCJIE0BATEIBHBIX CJIOB OObICHSIETCST CIENUMUKON PA3MBITHS U
pacIosioyKeHneM Hepa3bOPUNBBIX YIaCTKOB TEKCTa HA OTCKAHUPOBAHHBIX
JIOKYyMEHTaX, CM. PUCYHOK 1.

KosmaecTBO 1mpeijioyKeHnii ¢ MoJIHBIM TEKCTOM, BXOJAIINX B CHOPMUPOBAH-
HBI 1aTaceT He mpeBbimaer 250, KOMMIeCTBO COOTBETCTBYIONMINX UM HEIIOTHBIX
[IPeJJIO?KEHU I, BOIIEIINX B JgaTaceT, cocrasisier nopsaka 3000. Ilpumep
COOTBETCTBUS OJIHOTO JIPYTOMY IPUBEJIEH HA PUCYHKE 2.

MONHbBIN TEKCT (3NEKTPOHHbBIN AOKYMEHT)
CBe,D,EHVIﬂ 06 YTOYHAEMbIX 3e€Me/IbHbIX Y4aCTKaX U UX 4acTAax

HenonHbii TekcT (pesynbtaT pacno3HasaHma OCR)
CseaeHua 06

06 yTOYHAEMbIX

CBegeHuA 06 yTouHAEMbIX

CBepgeHuA 06 yTOUYHAEMbIX 3eMe/IbHbIX

06 YTOYHAEMbIX 3eMe/IbHbIX

CBe,D,eHMH o]} YTOYHAEMbIX 3€MeNIbHbIX y4aCTKax
YTOYHAEMbIX 3€eMeNIbHbIX Y4aCTKaX

CBe,D,eHMH o6 YTOYHAEMbIX 3€Me/IbHbIX Y4aCTKax N1 nUx
3eMeJIbHbIX Y4aCTKax N UX 4acTax

10. 06 YTOYHAEMbIX 3eMe/IbHbIX Y4aCTKax U

© N AW NR

Pucynoxk 2. Ilonmblit TEKCT U COOTBETCTBYyIOINE eMy repBbie 10
HEIOJIHBIX TEKCTOB

Tokenuzarysi 1 BEKTOPU3AIUU TEKCTOBBIX AP OCYIIECTBJISLIACH C UCIOJIB30-
BanueMm TextVectorization u3 makera Keras. /s cugaTust HeOMHO3HATHOCTH IPU
BOCCTAHOBJIEHUU MOJHBIX TEKCTOB, CTAH/IAPTU3AIMS TEKCTA TIePeJ] TOKeHU3aImei
IIpernosarasa BKIIOUYeHne IPU3HaKa 00JIaCTH JOKYMEHTa, B KOTOPOil OH MOXKeT
[IPUCYTCTBOBATh.

s o6ygennss DNN ncnosszosatocs 80% map n3 chopMupOBaHHOTO
JaTaceTa, JJsl Badugaluu 1 Tectuposanus — 1o 10%.

4. ®opmuposaHue n nccneposarvne mogenu Encoder-Decoder

QopmupoBanue u uccaenoBanue mojaean Encoder-Decoder ocymiectsiasioch
Ha s3bike Python ¢ ucnonbzoBannem API Keras [23-25]. Ha pucynke 3
[IPUBEJIEHA ONTUMAaJIbHAs CTPYKTYPa MOJIEJIN, [IOJIydeHHasl B Pe3yJIbTare
IIDOBE/IEHNS] SKCIIEPUMEHTAJIbHBIX UCCJIEIOBAHUI.


https://www.tensorflow.org/api_docs/python/tf/keras/layers/TextVectorization/
https://keras.io/about/
https://keras.io/about/
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output

embedding_20

embeddings 15000x512
activity_regularizer =
batch_input_shape = null, null
output embeddings_constraint =
input_dim = 15000
input_length =

mask_zero = true

output_dim =512

embedding_20

bidirectional_10

merge_mode = sum
gru_20

bias_constraint =
implementation = 2
kernel_constrain|
recurrent_activation = sigmoid
recurrent_constraint =
recurrent_dropout =0
reset_after = true

time_major = false

units = 1024

embedding_21

embeddings 15000x512
activity_regularizer =
batch_input_shape = null, null
embeddings_constraint =
input_dim = 15000
input_length =
mask_zero = true
output_dim =512

embedding_21 bidirectional_10

recurrent_kernel 512x3072

bias 1024x3072
bias 2x3072
bias_constraint
implementation =
kernel_constraint

recurrent_activation = sigmoid
recurrent_constraint =
recurrent_dropout =0
reset_after = true
return_sequences = true
time_major = false

units = 1024

dense_10

kernel 1024x15000
bias 15000
activation = softmax
bias_constraint =
kernel_constraint =
units = 15000

Softmax

dense_10

Pucynaok 3. Mogean Encoder-Decoder 8 API Keras juia Boccra-
HOBJIECHUYA HEIIOJIHOT'O TEKCTa
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DHKOIEp 9TOif MOJEIN COCTOUT U3 CJACAYIONINX CIOEB:

(1) Bxounoii cisoit (InputLayer), npuaumaer BXOJAHbIE JAHHBIE B BUJE
TEKCTOBBIX TOCJIEOBATEILHOCTEI.

(2) Caoii ambeyuara (Embedding), npeobpasyer ¢jioBa TEKCTOBBIX HOCIEN0-
BaTEJILHOCTEN B UX BEKTOPHBIE MTPEJICTABJICHUS.

(3) Pexyppentnsiii cioit (Bidirectional GRU) ofpabaTrbiaeT mocsienosa-
TEJBHOCTH U B IPSIMOM U OOPATHOM HAIPABJIECHUSAX U BBIAET CKPBITOE
cocrosiHre (BEKTOP KOHTEKCTA).

Cion mexomepa MOIEI:

(1) Bxommoii cnoit (InputLayer) npunuMaer BXoJHbIE JAHHBIE B BHUJE
nocsiefioBaresibuocT cyios. Oupeesnsger hbopMy U TUI BXOJIHBIX JAHHDIX.

(2) Cuoit am6emaunra (Embedding) npeobpasyer BXOAHBIE TOKEHDBI B ILIOT-
HbIe BEKTOPHBIE IIPEJCTABJICHUS 33/ IaHHON PAa3MEePHOCTHU, aHAJIOTUIHO
SHKOJIEPY.

(3) Pexyppenrusiii cinoii (GRU) npunuMaer BeKTOpHBIE [IPEICTABIEHUS
U [IOCJIeJIOBATEILHO 00PabAThIBAET UX, T€HEPUPYS MOJHBIA TEKCT U
VUUTBIBasi KOHTEKCT U3 9HKOJEpa. VIHUITHATIH3UPYETCS COCTOSTHUEM,
CreHEPUPOBAHHBIM SHKOEPOM.

(4) Boixomnoii cioii (Dense) npunumaeT BBIXOJHBIE JaHHbBIE U3 JIEKOJEDA
B TEKYIIEM BPEMEHHOM Iiare u mpeobpasyer X B BEKTOP BEPOSITHOCTEH,
KaKJ1asi KOMIIOHEHTA KOTOPOI'O OTHOCUTCS K BO3MOYKHOMY CJIEJLYIOIIEMY
TOKEHY BOCCTAHOBJIEHHOTO TEKCTA.

Omnucanne OCHOBHBIX IAPAMETPOB BCEX CJIOEB 9TON MOJIEJH MPUBEICHO
B Tabsuie 1.
Tasnuya 1. Caou momenu Encoder-Decoder

Twun cnos DyHKIIA Bxognoit Brrxoamoit
(ums Ha pucynke 3) aKTHBAIIIH TEH30D TEH30D
InI(’;Illthl‘l?)yer - [(None, None)| [(None, None)|
(eﬁﬁgﬁ?fglngo) - (None, None) (None, None, 512)
B‘g;ﬁ?g;ggﬁ;fc;fé){} ) tanh | (None, None, 512) (None, 1024)
In&l&tﬁ;};er - [(None, None)| [(None, None)|
(egﬁzﬁ?fgm%l) - (None, None) (None, None, 512)
GRU [(None, None, 512),
(gru_21) tanh (None, 1024)]) (None, None, 1024)
Dense softmax | (None, None, 1024)| (None, None, 15000)

(dense 10)



https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/layers/core_layers/embedding/
https://keras.io/api/layers/recurrent_layers/bidirectional/
https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/layers/core_layers/embedding/
https://keras.io/api/layers/recurrent_layers/gru/
https://keras.io/keras_core/api/layers/core_layers/dense/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
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st oreHKHM KadecTBa pabOThI MOJIESIN HA YPOBHE OTJ/IEJBHBIX CJIOB
TEKCTOBBIX ITOCJIEJIOBATEILHOCTEN OCYIIECTBIISIOCh BBIYUCICHUE 3HAYCHUI
dyHKIIMM moTEeph W MEeTpUKHU accuracy. Ha pucyukax 4 m 5 mpuBeIeHbI
3HadeHus QYHKIMH [T0TEPh sparse_categorical crossentropy m merpukun
accuracy mojenn fjs 30-Tu 31mox o0ydeHust.

—— Habop ansa obyyeHuns

6 —— Hab6op ana sanvgauumn
@
o 4
.}

2

~0.3609
0 ~0.3071
0 5 10 15 20 25
anoxa

Pucynoxk 4. Ilorepu momern

1 —0.9798
~0.9454
0.8
>
Q
© 06
3
Q
& 04
0.2 —— Habop ansa obyyeHun
—— Hab6op gns Bavaaumm
0 10 20
anoxa

PucyHok 5. Tounocts Momenun

KosmuecTBo 310X Hai/IEHO KCIIEPUMEHTAIBHBIM IIYTEM U SIBJISIETCS OITH-
MajtbHBIM. [Ipy 00yUeHNr MOJIETN UCIOIB30BAJICS AJTOPUTM CTOXACTHIECKOM
ONTUMU3ZAIMY IMSProp.

Cpennune 3unavenns merpuk BLEU 1 ROUGE-L, mo3Bosstronux onennth
TOYHOCTH BOCCTAHOBJICHUSI HEIIOJHOTO TEKCTa M3 HADOPa JAHHBIX JIJIST TECTUPO-
BaHUsl, MOKA3aHbI Ha pucyHke 6. 3Hauenns u3 quamna3ona 0.3-0.4 cooTBETCTBYIOT
MMOHUMAHUIO U MIPUEMJIEMOI TPAHCIAUN TeKCTa. JIJIsd BIYuCcIeHnsT 3HAYCHUH
METPHK HCI0JIb30Banch dhyHknun sentence bleu() u get scores() u3 maxkeros
NLTK u Rouge cooTseTcTBeHHO. IIX BBI30B OCYIIECTBIIAICS MOCTIE 3aBEPIICHUS
ouepeHoil snoxu 06yvenus u3 callback-dyukuuii meroma fit().

Ha pucynke 7 nmpuBemeHbl pe3ysbTaThbl BOCCTAHOBJICHUsT TeKcTa n3 10
MIPOU3BOJILHO c(hOpPMUPOBAHHBIX HAOOPOB JaHHBIX 10 250—-300 mpeToKenmit


https://www.tensorflow.org/api_docs/python/tf/keras/metrics/sparse_categorical_crossentropy
https://keras.io/api/metrics/accuracy_metrics/
https://keras.io/api/layers/core_layers/embedding/
https://www.nltk.org/_modules/nltk/translate/bleu_score.html
https://pypi.org/project/rouge/
https://pypi.org/project/nltk/
https://pypi.org/project/rouge/
https://keras.io/api/models/model_training_apis/
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0.4

0.3

0.2

0.1

BLEU, ROUGE-L

KONM4ecTBO HEBEPHO BOCCTAHOB/EHHbIX MPEAN0KEHNI

0.3609
0.3071

— Mertpuka BLEU
—— MeTtpuka ROUGE-L
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PucyHok 6. Merpuku oneHKN KadecTBa BOCCTAHOBJIEHUST TEKCTA

PesynbTathbl BOcCTaHOBNEHUSI TeKcTa Mofenbio Encoder-Decoder

_—
L

Pucynok 7. KosmdecTBo HEBEPHO BOCCTAHOBJIEHHBIX IIPEIJIOXKE-
auit Mogenbio Encoder-Decoder uz 10-tu TecToBBIX HAOOPOB

7 8 9 10 11 12 13 14 15

KonmuecTBo C10B B NpessioxeHun

JaHHBIX

JJIsl TECTUPOBaHUA. Kosmgecrso HEBEPHO BOCCTaHOBJIEHHBIX Hpe,HJIO}KeHI/II‘/)I7

cocrosimux n3 11-15 caos, cocraBuso ot 1 j10 6.

5.

®opmuposanne n nccnegosaHne mogenn tpavcgopmepa Seq2Seq

Kak u myst npepiymeit mojgenn, GopMUPOBAHIE U UCCIEIOBAHNAE MOJIEIIN

C apxuT

eKTypoil Seq2Seq ocyIiecTBIsiIoch Ha si3bike Python ¢ ucrosibzoBanmnem

API Keras [23-25].

OnrumasibHast CTPYKTYpa MoJean Seq2Seq, MOJIyIeHHas] B PE3YJIbTaTe

9KCIIEPUMEHTAIBHBIX HCCIIeJJOBaHUM, IPUBeJIeHa Ha PUCYHKE 8.


https://keras.io/about/
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positional_embedding

embeddings 15000x256
embeddings 20x256
input_dim = 15000
output_dim =256
sequence_length = 20

output

positional_embedding_1

embeddings 15000x256
embeddings 20x256
input_dim = 15000
output_dim =256
sequence_length = 20

positional_embedding

transformer_encoder

kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 8x256x256
bias 256

kernel 256x2048
bias 2048

kernel 2048x256
bias 256

gamma 256

beta 256

gamma 256

beta 256
dense_dim = 2048
embed_dim = 256
num_heads = 8

positional_embedding_1

transformer_decoder

kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 8x256x256
bias 256

kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 256x8x256
bias 8x256
kernel 8x256x256
bias 256

kernel 256x2048
bias 2048

kernel 2048x256
bias 256

gamma 256

beta 256

gamma 256

beta 256

gamma 256

beta 256
dense_dim = 2048
embed_dim = 256
num_heads =8

transformer_decoder

dense_4

kernel 256x15000
bias 15000
activation = softmax
bias_constraint =
kernel_constraint =
units = 15000

Softmax

dense_4

PucyHoOK 8. DHkomep u Jekoiep Mofeau TpaHcdopmepa Seq2Seq
B API Keras 1151 BOCCTaHOBJIEHUSI HEIIOJHOI'O TEKCTa,
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Mopens TpancdopMepa COCTOUT U3 CIIEAYIONINX CJIOEB:

(1) Bxopmoii cmoii (InputLayer) npuamMaer BXOJHBIE JAHHBIE B BHJE
nocJsieioBaTeibHoCTH ¢JioB. Otnpejesnsger hpopMy U TUI BXOIHBIX JAHHBIX.

(2) Caoit nosunmonnbix am6eunaros (Positional Embedding Layer) mo-
OapjsgeT nHPOPMAIUIO O IO3UIUU CJIOBa B II0CJIEI0BATEILHOCTH. DTO
[IO3BOJIIET MOJIEJIN YUUTHIBATH MOPSIIO0K CJIOB BO BXOJIHON U BBIXOIHOM
10CJIEI0BATEIbHOCTSX.

(3) Cion sukozepa Tpancdopmepa (TransformerEncoder Layer), kaxprit
U3 KOTOPBIX PeAM3yeT MEXaHU3M BHUMAHUS W COJEPIKUT TOJHOCBAZHBIE
ciion. 3a CYET ITOrO OHU IIO3BOJISIOT MOIEJIMPOBATH 3aBUCHMOCTH
B IIOCJIE0BATEILHOCTSIX, U3BJIEKATh IPU3HAKU U3 BXOJHBIX JAHHBIX U
[IPEJICTABJISATh UX B ONTHUMAaJIbHOM BHYTPEHHEM IIPEeJICTaBJIEHUN Jjisd OoJjiee
CJIOXKHBIX BBIYUCJICHUN 1 38729 00pabOTKU €CTECTBEHHOTO SI3bIKA

(4) Caou nekozepa tpancdopmepa (TransformerDecoder Layer). Auanornaso
SHKOZEPY, JEKOAEP COCTOUT M3 HECKOJILKHUX CJIOEB JIeKoIepa TpaHcopme-
pa, KOTOpbleé TaKyKe BKJOYAIT MEXaHU3M BHUMAHUS U IOJHOCBAZHbIE
cion. Jlekojep reHepupyeT BBIXOJHYIO IOC/IEI0BATEIbHOCT HA OCHOBE
KOHTEKCTHBIX IIPEICTABJICHUN SHKOEPA.

(5) Boixogmoii cioit (Dense) npeofpasyer mpejcka3aHHble IPeICTaBICHUsT
TOKEHOB B BEPOATHOCTHOE PACIIPEIEIeHUE [0 BCEM BO3MOXKHBIM TOKEHAM.

Jlns cozmanust 6osree 3bHEKTUBHBIX U CBI3aHHBIX ITPEICTABICHUN TEKCTO-
BBIX [OCJIEIOBATEIHHOCTEN B CJIOSX SHKOJEPA U JEKOJepa MOJEH C apXUTEKTY-
poii Seq2Seq peann3oBaH MexaHU3M BHUMaHUs [4]. B Ttabiune 2 npuseneHo
OIIMCAHNE OCHOBHBIX IAPAMETPOB BCEX CJIOEB 9TOM MOJIEJIH.

Tabmuna 2. Coou mogesnu rpancdopmepa Seq2Seq

Tun ciost DyHKINSA Bxoanoi Boixonnoi
(nms Ha pucyHKe 8) akTuBalun TEH30D Teﬂ%p
In?&;ﬁﬁyer - [(None, None)] [(None, None)]
PositionalEmbeddin - (None, None) (None, None, 256)

(positional _embedding

TransformerEncoder

(transformer _encoder) relu (None, None, 256) (None, None, 256)

I tL.
i oltlltpt?t}ser - [(None, None)] [(None, None)]
PositionalEmbedding B (None, None) (None, None, 256)

(positional embedding 1)

TransformerDecoder

(transformer decoder) relu (None, None, 256) (None, None, 256)

(dle)fsr;se4) softmax | (None, None, 256) | (None, None, 15000)

WccrenoBanme ToUYHOCTH pabOTHI MOJIENH, TI0 AHAJIOTUU C IIPEJIBIIYIIEH,
3aKJII0YAJI0Ch B BBIUUC/IEHNN 3HAYEHUN (DYHKIMU OTEPHh ¥ METPUKUA TOYHOCTH —
sparse__categorical crossentropy u accuracy COOTBETCTBEHHO Il KarKJ0#


https://www.tensorflow.org/api_docs/python/tf/keras/layers/InputLayer
https://keras.io/api/keras_nlp/modeling_layers/position_embedding/
https://keras.io/api/keras_nlp/modeling_layers/transformer_encoder/
https://keras.io/api/keras_nlp/modeling_layers/transformer_decoder/
https://keras.io/keras_core/api/layers/core_layers/dense/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://keras.io/api/layers/activations/
https://www.tensorflow.org/api_docs/python/tf/keras/metrics/sparse_categorical_crossentropy
https://keras.io/api/metrics/accuracy_metrics/
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n3 30-tu smox eé obydenwusi, pucynok 9, 10. KoaudecTBo 3mox HaiiieHO
9KCIIEPUMEHTAJIBHBIM IIYTEM U SBJISETCA ONTHMAaJbHBIM. [Ipu obyuenun Mojesn
WCIIOJIB30BAJICS AJITOPUTM CTOXACTUYECKON OINITHMHU3AINN ISProp.

—— Habop ans 06yyeHuns
4 —— Habop gns Banngauyum
2
o 0.0671
0

Loss

~0.005
10 15 20 25

anoxa
Pucvynok 9. Ilorepu momenn

—0.9982

5
\0.9863
' —— Ha6op ans o6yyeHus
0

Accuracy
o o
(=2 o]

o
»

—— Habop ans Banupauum
10 20

anoxa
PucynHok 10. Tounocts mMojenun

Cpennne 3nauenns Mmerpuk BLEU n1 ROUGE-L, mo3Bostiomux oneHuThb
TOYHOCTb BOCCTAHOBJIEHUSI MOJIEIBIO HEIIOJIHOTO TEKCTa U3 HaOOpa MAHHDLIX JIJIst
TECTUPOBAHUSI, IIOKa3aHbl Ha pucyHke 11. 3nauenus u3 auaraszona 0.5-0.6
COOTBETCTBYIOT BBICOKOMY KadeCTBY TPAHCJISIIUU TEKCTA.

0.6 0.5931
-
i 0.5173
W oos
3
Q o4
o 03
E’ —— MerTpuka BLEU
0.2 ——— Merpuka ROUGE-L
0 5 10 15 20 25

3anoxa

Pucynok 11. MeTpuku oIieHKN KadecTBa BOCCTAHOBJIEHUS TEKCTA


https://keras.io/api/layers/core_layers/embedding/
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Ha pucynke 12 mpuBeieHBI pe3yIbTaThl BOCCTAHOBJIEHUST HETIOJIHOTO TEKCTA
u3 10-Tu pou3BoJIbHO C(HOPMUPOBAHHBIX HAOOPOB JAHHBIX JIJIS TECTUPOBAHMUSI.
KonngaecTBO HEBEpHO BOCCTAHOBIEHHBIX MPEITOKEHUN MEHbBIIE, YeM JIJIsT
IPeJIBLIYIEe MoIeu, u cocTaBiigeT oT 1 1o 4. Kak cnescrBue, oTMeTUTH
BIIOJTHE 3aKOHOMEPHBII pe3y/IbTaT — MOJIesib TpaHchopMepa Seq2Seq, 3a CIET
MCTIOIL30BAHNs MeXaHn3Ma BHUMaHUA, 3¢ dextuaee momean Encoder-Decoder.
MexaHu3M BHEMAHUS TI03BOJIsIET TPAHC(OPMEDY BBIIEISTH KIFOUEBbIE SJIEMEHTHI
BXOJIHBIX U BBIXOIHBIX IOCIEI0BATEIbHOCTEN 1 6ostee 3(HEKTUBHO BHIBSIIUTD
B HUX JIOJITOCPOYHBIE 3aBUCUMOCTH, 9TO JIEJIA€T MOJIENb CIIOCOOHON K 00ydIeHnIo
Ha CJIOKHBIX 33[a9aX TeHepaluu (B JAHHOM CJIy9ae — BOCCTAHOBJICHU ) TEKCTA.

Pe3ynerarbl BOCCTaHOB/IEHUS TEKCTa TpaHcopMepom Seq2Seq

KO/IM4YeCcTBO HEBEPHO BOCCTAHOB/EHHBIX MPELN0KEHNI

3 4 5 6 7 8 9 10 11 12 13 14 15

KonuuecTtso €noB B npeasioxeHnmn

PucyHok 12. KosmiecTBo HEBEPHO BOCCTAHOBJIEHHBIX MTPEJIJIOKE-
Huil Mozesbio Seq2Seq 3 10-tu TecTOBBIX HAOOPOB JAHHBIX

6. BbiBOabl, 4OCTONHCTBA U HEAQOCTATKN NPeaJsIOKEHHOro nNoaxoaa

IIpoBenénnbie B paboTe MCC/IEIOBAHNS [T0KA3aJIU, YTO UCIIOJIH30BAHNE
DNN-mozemeit mo3BoIsIeT JOCTATOTHO dPMEKTUBHO PEITUTDH TOCTABICHHYIO
B pabore 3amaqy. [Ipuemiembie 11t perennst TPAKTUIECKON 3a/1a9n Pe3yIbTATHI
BoccTanoBieHus Tekcta u3 mokymenTos [IIIK «Pockamgactp» oObsacHsOTCS
ocobeHHOCTAMEI (POPMUPOBAHUS HADOPA JAHHBIX — OH COJIEPXKUT BCE TTAPBI
C HEIOJIHBIM W COOTBETCTBYIOIIAM €My IOJIHbIM TekcTtamu. [Tomumo sToro,
HETIOJIHBIN TEKCT PacCMaTPUBAJICA B JAHHON paboTe Kak IOCJIEeI0BATE/bHOCTh
OIIPEIEIEHHOTO KOJMIECTBA COCETHIX CJI0B, YTO B 3HAYUTELHON MEPE YIIPOIIATIO
IIPOIIECC €r0 COIOCTABJIEHUsI C IOJHBIM TeKcToM. llociienoBarenbHOCTH
U3 IPOU3BOJIBHBIX CJIOB IIOJIHOTO TEKCTa B HAOOD JAHHBIX HE BKJIIOYAJIUCEH.

JloCTOMHCTBOM TPEJIOKEHHOTO MOJX0/IA SIBJISIETCS TPOCTOTA MOJIEJIeH 1
ocoberHocTeH hopMupoBaHUs HAOOPa JAHHBIX JIJIsT UX OOYUEHUS U BAJIUIAIINN.
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HemocraToxk — HEBO3MOXKHOCTD BOCCTAHOBJICHHST TEKCTA IO COBOKYITHOCTH €0
IPOU3BOJIBHBIX (HENOC/IEIOBATE/IBHBIX) CJIOB 63 CYIECTBEHHOO YCIOKHEHUS
MOJIEJIN, TIPEIIOJIAratonieil aHaIu3 KOHTEKCTa [IpeJJIozKeHrs. EInHCTBeHHAs
MIPUYINHA HEIIPABUJILHOTO BOCCTAHOBJIEHUSI TEKCTA CBA3aHA C JOCTATOTHO
peakumu ciaydasyu (1-3% or obiiero xKosmdecrsa) hOpMEPOBAHUS OMHAKOBBIX
aMOeIMHrOB (BEKTOPHU3AIHs HEIIOJHOTO TEKCTa U IPU3HAK 0BJIACTH JJOKYMEHTA,
B KOTOPOM BO3MOXKHO HAaXOXKJIEHWE COOTBETCTBYIOIIETO €My ITOJTHOTO TEKCTA,
cM. paszen 3). IIpuMep NpaBUILHONO U HEIMPABUILHOIO BOCCTAHOBJICHUS
HEITIOJIHOI'O TEKCTa C OJIMHAKOBBIMU 3MOEJIMHIaMU IIPUBEJIEH Ha pucyHKe 13.

CBeaeHuA 06 yTouHAEMbIX

CeepeHHA 06 YTOUHAEMbIX 3eMe/IbHbIX YHacTKaX M X 4acTAX

CBepeHuA 06 yTouHAeMbIX|KOOpAMUHaATaX, M

Pucynok 13. IlpaBuibHO 1 HEOPaBUIBHO BOCCTAHOBJIEHHBIHM
tekct «CBesierns 06 yToIHsAeMbIX> (CM. PUCYHOK 1 1 2)

PesynbraTsl, mosydyeHHbIe B 9TOI paboTe, IJIAHUPYIOTCS K UCIOJIb30BAHUIO

B nropmarmonnoi cucreme (MC) TIITK «PockaacTp» ¢ 1esbo mpeobpasoBaHust

OTCKAHUPOBAHHBIX JIOKYMEHTOB B UX TEKCTOBbIE aHaJjoru. s peasusamun

9TOrO mporecca BhIOpaHa Mojesib TparncdopMepa Seq2Seq, Kak MTOKAa3aBINast

Jyqmiuii o cpaBHeHHUIo ¢ Mozesibio Encoder-Decoder pesymbrar, Tabmura 3.
Tasnuna 3. Buauenus metrpuk Mozeneit Encoder-Decoder u Seq2Seq

MG | et | VT | AR
Mogeanr Encoder-Decoder
0.087 | 09798 | 0.3609 | 0.3071
Mogens Tpancdopmepa Seq2Seq
0.005 | 09982 | 05931 | 0.5173

Merpukn, npuBeiéHHbIE B 9TOI Tab/IUIIE, IMEIOT OTHOIIIEHUE TOJIBKO
K HabOpy JaHHBIX, copmupoBannomy n3 gokyMeHToB [IITK «PockamacTps.
st HabOPOB JAHHBIX APYTHUX IPEIMETHBIX 00/IaCTeil OHU MOTYT OTJIMYATHCS.
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