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Abstract: The rapid development of natural language processing and deep learning techniques has
boosted the performance of related algorithms in several linguistic and text mining tasks. Conse-
quently, applications such as opinion mining, fake news detection or document classification that
assign documents to predefined categories have significantly benefited from pre-trained language
models, word or sentence embeddings, linguistic corpora, knowledge graphs and other resources
that are in abundance for the more popular languages (e.g., English, Chinese, etc.). Less represented
languages, such as the Kazakh language, balkan languages, etc., still lack the necessary linguistic
resources and thus the performance of the respective methods is still low. In this work, we develop
a model that classifies scientific papers written in the Kazakh language using both text and image
information and demonstrate that this fusion of information can be beneficial for cases of languages
that have limited resources for machine learning models’ training. With this fusion, we improve the
classification accuracy by 4.4499% compared to the models that use only text or only image infor-
mation. The successful use of the proposed method in scientific documents” classification paves the
way for more complex classification models and more application in other domains such as news
classification, sentiment analysis, etc., in the Kazakh language.

Keywords: convolutional neural network; document classification; word embedding

1. Introduction

Document classification plays an important role in natural language processing
tasks. When documents are clustered in semantically coherent groups or organized in
thematic categories they can help reduce time needed to search and retrieve information
from large collections [1]. A predefined grouping of documents using thematic or other
criteria allows to focus on the groups that are considered more relevant to the user request
and thus to avoid comparing the query with all the documents of the collection [2]. Addi-
tionally, the classification of documents in thematic categories, their labeling with one or
more topics, and the extraction of aspects from each document can facilitate the browsing
of the collection and can be the basis for multi-faceted search and retrieval. For example,
news sites organize the news articles into topics in order to allow their readers to quickly
browse the news of interest to them or to register only for specific topics. Similarly, when
scientific papers are classified in various disciplines, categories and topics following clas-
sifications systems such as ACM’s Computing Classification System or NLM’s Medical
Subject Headings it is easier for researchers to locate newly published research in their
field of expertise.

Since a document can belong to one or more disciplines at a time, the classification
algorithms must also consider this multi-label classification task [3]. Among the most pop-
ular algorithms for document classification are k-nearest neighbors, support vector ma-
chines, Naive Bayes, Artificial Neural Networks, etc. [4]. The performance of the
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algorithms is not always the same and their prediction accuracy may vary with the task
or the target collection. The accuracy of the document classifier also depends on the rep-
resentation model it employs which in some cases depends on the language of the text [5].
The long list of representation models comprises discrete text representations and the Vec-
tor Space Model (e.g., one-hot encoding with 0 or 1 used as weights, Bag-of-words repre-
sentation with occurrence count or frequency metrics such as TF-IDF used as weights and
n-gram models), probabilistic models that provide a semantic representation (e.g., Latent
Semantic Indexing and Probabilistic Latent Semantic Indexing), graph-based model [6],
neural network based models (e.g., continuous bag of words, Word2Vec, GloVe, Doc2Vec,
bidirectional encoder representations from transformers, etc.) [7]. Most of the aforemen-
tioned representation models perform well in document classification tasks only when a
large training corpus is available, or when the models have been pre-trained on huge ge-
neric text corpora in order to capture the syntactic and semantic patterns of a language
[8]. The effect of the language can be huge, since the syntactic rules significantly vary
among languages and word polysemy and synonymy can further increase the complexity
of the sense disambiguation task. For instance, in many languages one word can have
several meanings, and by adding suffixes the word can dramatically change its meaning.

In the current work, we focus on scientific papers written in Kazakh language and
attempt to classify them into predefined thematic topics. It is important to clarify here that
in more represented languages such as English, French, or Chinese the textual information
is sufficient in order to achieve a good classification performance. This is mainly due to
the abundance of linguistic resources for these languages, which includes vocabularies,
ontologies, and pre-trained deep learning models which allow to understand the meaning
of any text and classify it accordingly. However, this is not the case with the Kazakh lan-
guage. In order to tackle this problem and at the same time to take advantage of the state-
of-the-art linguistic resources that are available for the language, we use both the textual
and image content of documents, combining the two contents using a neural network ar-
chitecture.

The motivation for our work is the need to properly organize and search scientific
documents written in languages other than English (or other resource-rich languages) and
provide the infrastructure for the development of a scientific document search engine for
the Kazakh language. The effective and efficient classification of documents using their
textual and visual content is of utmost importance, and thus we examine how existing
techniques and models can be combined for this purpose.

The documents in our collection are research papers published in the bulletin of Ka-
zakh National University and they belong to one of three different series. In order to clas-
sify the documents using their text only, we aggregate the Word2Vec representation of
words in the text and apply the Naive Bayes algorithm. For the classification of documents
using their image content only, we employ a convolutional neural network architecture.
Finally, we combine the two pieces of information by feeding them to a composite neural
network that learns to classify using both the textual and image content. The results
achieved with the combined method improve the previous results in the dataset, which is
quite promising for the fusion of information in the classification task.

The contributions of this work can be summarized as follows:

- A classification model for scientific documents that fuses information from the text
and images and outperforms in performance the models that use either text orimages
only.

- Anapplication of the model in scientific documents written in Kazakh.

According to the literature survey we performed, this is the first work that combines
text with image content in the classification of scientific documents written in a language
with limited linguistic resources, such as the Kazakh language. The successful results can
be a guide for other researchers to combine multimodal content in their tasks in order to
improve performance.
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In Section 2 that follows, we perform a review of the related literature on scientific
document classification and also on documents of any kind that are written in Kazakh.
Section 3 details on the proposed architecture and explains how image and text context
are fused to the neural network. Section 4 illustrates the experimental setup and the results
obtained so far. Finally, Section 5 concludes the article with our main findings and con-
clusions and the next steps in this work.

2. Literature Review
2.1. NLP Solutions for the Kazakh Language

Many works have been recently devoted to the developing of word or document em-
beddings for various languages. One of them is the EMBEDDIA project [9,10] which at-
tempts to develop high quality ELMo embeddings for less-resourced languages such as
Estonian, Latvian, Lithuanian, Slovenian, Croatian, Finnish and Swedish. Authors also
developed language tools that can be used to filter user comments when they detect hate
speech, to extract keywords from articles and use them for tagging, and to generate text
on a specific topic. These tools can be also combined or adapted to solve many more sim-
ilar problems in these languages.

Another interesting work in the Tatar language has been presented by [11]. The Tatar
language is a member of the Turkish language family, and as such is highly related to the
Kazakh language. The authors have developed three benchmark datasets for evaluating
word embedding techniques in Tatar. More specifically, the datasets cover the word anal-
ogy, word relatedness, and word similarity tasks. What is even more interesting is that
the authors considered the morphological richness of Tatar language as well as geograph-
ical and cultural aspects. To evaluate the performance in the benchmark datasets, they
recommended the use of metrics such as accuracy, Spearman’s rho, and rank correlation
coefficient. These benchmark datasets of word analogy, relatedness, and similarity can be
used to fine-tune word embedding techniques, which in turn can be employed to make
dictionaries of synonyms or related terms to measure text similarity, to expand search
engine queries, and so on.

As far as it concerns the Kazakh language, the list of works is limited. Among them
we have to mention the work of [12] who developed the KazNLP library. The library was
written in Python programming language and can be used to define initial normalization
of texts, tokenization of word-sentences, morphological analysis, etc. Apart from the
KazNLP library, the authors compiled a dataset from news websites which comprised of
Kazakh (63%) and Russian (34.4%) texts. They also employed the Kazakh Language Cor-
pus (KLC) [13] that contains more than 135 million words in more than 400 thousand doc-
uments from different genres written in literary, official, scientific, publicistic and infor-
mal language, and the Kazakh Dependency Treebank [14], which relabeled part of the
KLC with lexical, morphological, and syntactic annotation.

In a slightly different context, Yelibayeva et al. [15] proposed a model that can be
used in semantic searches and Q&A systems in the Kazakh language. The proposed on-
tological model was defined by a set of syntactic descriptions which are used to extract
nominative word combinations that are consequently useful for machine translation and
multilingual search tasks.

A search for pre-trained language models in Kazakh reveals that FastText embed-
dings and Word2Vec embeddings are already available online. A recent work from [16]
has demonstrated that pre-trained word embeddings can be beneficial for the Named-
Entity Recognition task in Kazakh documents, and this is a positive finding for using Ka-
zakh word embeddings in more NLP tasks. Consequently, Word2Vec embeddings are our
first choice for handling the representation of the textual content of our documents.
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2.2. Classification of Scientific Documents

In order to find the best choice for combining text with images, we performed a re-
view of recent works that focus on the classification of documents. The concept of com-
bining textual and audiovisual information in classification tasks has been employed in
the past by researchers; however, not in the context of scientific documents. In the follow-
ing, we highlight the main works, explain the task they examine, the dataset, method and
architecture they employ and the performance improvement they achieved.

Early works on scientific document classification employed Naive Bayes, k-nearest
neighbors [17] and feed forward neural networks [18]. Researchers employed the text con-
tents of the documents as features to predict the initial class labels of the documents and
citation links are employed to refine the labels. In [19], it was attempted to classify scien-
tific documents using Support Vector Machines and BoW representation (using TF/IDF-
based weights) in order to better handle the high dimensionality of the vectors.

In [20], the authors also relied on TF-IDF for their research paper clustering system
but they also extracted representative keywords from the abstract and applied topic mod-
eling techniques (i.e., Latent Dirichlet allocation) to extract topics. The final clustering was
based on the output of a k-Means clustering algorithm that takes into account the similar-
ity of document representation vectors. In their experiment, they employed papers in Eng-
lish published in the Future Generation of Computer Systems (FGCS) journal from which
they removed all stopwords and extracted only nouns.

A promising approach that builds on language embeddings has been presented by
[21], who trained a large-scale academic paper embedding called Paper2Vec (or P2V). The
authors used a dataset that contains 46.64 million papers and 528.68 million citation links
and the resulting embeddings boost the performance in paper classification, paper simi-
larity, and paper influence prediction task. However, all the papers in the dataset are writ-
ten in English and the evaluation was on English paper collections. In the same direction,
reference [22] proposed the use of fastText word embeddings, which they trained on a
large data set of more than 5 million patents. They combined the embeddings with a bidi-
rectional gated recurrent unit (GRU) to automatically classify patents and reported a max-
imum micro-average precision of 72% that improved the performance of vector-based
representations by 17% and the performance over the Wikipedia-based generic embed-
dings by 9%, giving evidence that domain- and language-specific training can be benefi-
cial for embedding models. Once again, the patents dataset used for training and evalua-
tion were in English.

In a very recent research work [23] the authors have used graph embeddings in sci-
entific paper classification, taking advantage of the knowledge graphs that have been
made behind the collaboration between co-authors boosting the classification accuracy to
98%. However, they assume that the scientific papers are already listed in the major liter-
ature databases and author information is available and without ambiguity.

2.3. Fusion of Text and Images

The attempts that rely on the image content of the documents either examine the
whole structure of the document or focus on the images only.

In [24], the authors focused on the classification of document attributes in a large
collection of documents (scientific articles of single or double column, programming code,
novels, legal texts, etc.) using only their scanned images and a deep neural network archi-
tecture. They focused on attributes such as font emphasis, font type, font size and scan-
ning resolution and employed the ResNet50 model which was trained on the ImageNet
dataset in order to classify attributes using single- or multi-task learning. In the single task
learning task, the attributes were classified separately, whereas in the multi-task setup the
neural network provided a simultaneous prediction for all attributes. Multi-tasking learn-
ing showed higher accuracy than single task learning, with the accuracy being above 0.94
for all attribute types.
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Among the approaches that fuse image and text information in order to improve
classification accuracy, the work of [25] evaluated several algorithms (kNN, Naive Bayes,
reverse DBSCAN) in the classification of emails from the Enron corpus. They passed im-
ages through the Tesseract OCR library to extract text and then classified the text content
as a whole. Although this may work on business emails and their image attachments, this
is not applicable to scientific articles and the images they contain.

In [26], the authors have also attempted to classify scanned documents combining
the textual features extracted using Tesseract with the visual features extracted from a
CNN (MobileNet v2 more specifically). They evaluated their method on a dataset of legal
documents (the Tobacco3482 dataset) and a second dataset that contains emails, letters,
invoices, scientific reports, etc. The resulting classification accuracy was at 84% and im-
proved the performance of the baseline methods that used only text (a multi-layer percep-
tron neural network) or only images (CNN 1D) by more than 10%.

Table 1 summarizes the main approaches that we found in this study and lists their
main characteristics. From the lists we can see that our approach is the first that combines
text and image content in scientific documents written in the Kazakh language and em-
ploys pre-trained language models (word embeddings) and an image classification neural
network.

Table 1. The main approaches in document classification and their main features.

Task(s) Dataset Model Language of Text  Reference

Keyword ex- ELMo embeddings,

traction, com- CoSimLex, CroSloEngual BERT, Estonian, Latvian, Lith-

ment modera- cross-lingual LitLat BERT, FinEst uanian, Slovenian, Cro-  [9,10]
tion, text gen-  analogy BERT, SloRoberta and atian, Finnish, Swedish

eration Est-Roberta
Word analogy Skip-gram with nega-
relatedness Custom tive sampling SG, Tatar, English [11]
and similarity FastText, GloVe

Text normali-
zation, word-

The Kazakh
sentence to-
kenization, language cor-
laneuage dé— pus, Kazakh  Graph-based parser Kazakh [12]
g. & dependency
tection, mor-
. treebank
phological
analysis
Nominative
word combi- - Syntactic descriptions Kazakh [15]

nation extrac-
tion

Named entity Tourism gaz-

. WSGGA model Kazakh [16]
recognition etteers
Patents pro-
vided by the
Patent classifi-National Insti- Sh t Neigh-
atent classifi National Insti- Shared Nearest Neig Japanese, English [17]
cation tute of Infor- bor

matics from
1993 to 2002
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entifi )
Scientific d(?c- Cora scientific Feed forward Neural .
ument classifi- English [18]
. paper corpus Networks
cation
Papers from
International
Conferencze on Support Vector Ma-
Computing chines and BoW repre-
Classification and Applied ) . P English [19]
Informatics sentation (using
(ICCAI) and TF/IDF-based weights)
Springerlink
collection
Papers from
Future Gener-
... ..  ationof Com- K-means clustering .
Classification puter Systems  based on TE-IDF English [20]
(FGCS) jour-
nal
Paper classifi-
cation, paper
samﬂanfy, and Academic pa- Paper2Vector English 21]
paper influ- pers
ence predic-
tion
Patents classi- .
.. Patents fastText English [22]
fication
The Microsoft
Semantic sim Academic
o Graph, the
ilarity be- .
tween . Proceedings
cif;ioiariia& of the Na- Decision tree, multi
. . tional Acad- § English [23]
tionship be- . layer perceptron
emy of Sci-
tween papers
. ences, the
and the jour- :
nals American
Physical Soci-
ety
Classification
Multi-Task I i
of document L3iTextCopies .u -las earn%ng, Images [24]
. single task learning
attributes
k-Nearest Neighbors,
Naive Bayes and Re-
Classification Enron corpus verse density-based English [25]
spatial clustering of ap-
plications with noise
Document embedding,
sequence of word em-
T 482
Classification obacco 3482, beddings, convolu- English [26]

RVL-CDIP .
tional neural network,

MobileNetV2
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Random Forest,

Classification GXD2000, CNNBILSTM, HRNN, English [27,28]
DSP
CNN
DBScan, Random For-
lusterin ’ Hinglish, Marglish, De-
Clustering, — ~ jom  est, SVM, Logistic Re- | 1181shy Marglish De- g 5
Classification . vanagari
gression

3. Methods and Materials

The proposed method capitalizes on the fusion of textual and image content of sci-
entific documents in order to improve the classification performance. The papers used in
the experiments are taken from the bulletin of Kazakh National University and are thus
written in the Kazakh language. In order to compare the proposed method with existing
state of the art, we classify the papers first using only the image content, then using only
the text content, and finally using both image and text in a common model. Our main
hypothesis is that the visual content, when combined with the textual content, can im-
prove the classification accuracy of scientific documents written in Kazakh. Consequently,
the research questions that emerge are:

RQ1: How does the accuracy of classification methods that use only the visual con-
tent of scientific documents compare with that of methods that use only the text content?

RQ2: What effect does the use of the visual content of scientific documents have on
classification accuracy?

The application of the classifier based on the images of each paper requires pre-pro-
cessing to bring all images to the same dimensions since the images in the documents may
have various sizes. All images were resized to 128 x 128 px size. The next step in pre-
processing is to handle documents with a different number of images. Since our image
classifier is a simple CNN, we decided to classify each image separately. However, we
also have the option to classify all the images of a document in a batch. In this case, we
assume a maximum number of images per document, and we pad with black images (all
pixels are 0) all the documents that contain less images than this maximum number. After
pre-processing, the image classification model (CNN) takes action. The CNN model we
trained and employed had the following parameters: batch_size = 64, activation function
= softmax trained for 20 epochs. The output of the CNN layer was fed to a dense layer
with three neurons (corresponding to the 3 classes). Figure 1 shows an architecture of the
proposed CNN network.
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input_2 input:
[(None, 128, 128, 3)] | [(None, 128, 128, 3)]
InputLayer | output:
conv2d_32 | input:
(None, 128, 128, 3) | (None, 128, 128, 64)
Conv2D | output:
batch_normalization_30 | input:
— (None, 128, 128, 64) | (None, 128, 128, 64)
BatchNormalization output:
conv2d_33 | input:
(None, 128, 128, 64) | (None, 128, 128, 64)
Conv2D | output:
batch_normalization_31 | input:
— (None, 128, 128, 64) | (None, 128, 128, 64)
BatchNormalization output:
conv2d_34 | input:
(None, 128, 128, 64) | (None, 128, 128, 64)
Conv2D | output:
flatten_1 | input:
(None, 128, 128, 64) | (None, 1048576)
Flatten | output:
normalization | input: input_3 input:
— (None, 1048576) | (None, 1048576) [(None, 100)] | [(None, 100)]
Normalization | output: InputLayer | output:

\ /

concatenate input:

[(None, 1048576), (None, 100)] | (None, 1048676)

Concatenate output:

Y

dense_1 | input:

(None, 1048676) | (None, 128)
Dense | output:

Y

dense_2 | input:

(None, 128) | (None, 64)

Dense | output:

\

dense_3 | input:

(None, 64) | (None, 3)

Dense | output:

Figure 1. The architecture of the proposed deep neural network.

Using a more formal notation, we may assume that each document Di is a collection
of words wij and images gik. Each word w (irrelevant of the document it appears in) is
assigned a vector representation v R1% by examining the context words of w in a large
text corpus. We consequently compute the probability that w-m is in the context of w:

expexp (ij "’wfm)

p(w;) = Ty (1)

Iie-m expexp(vw]--vwn

and the objective of the skip-gram model is to predict the context of central words,
thus finding the vectors v that minimize the loss function which corresponds to the cross-
entropy averaged over the corpus. Consequently, the vector representation of a document
Di vp,is the average of all its word vectors vjjand thus veex,pi R1®. The respective image
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input for each gik image is a tensor in R128 1283, since we employ 3 color channels and
resize all images to 128 x 128 bits. After passing the tensor to the CNN and flattening, the
resulting vector from the visual content of Di is Dimage,piin R1%48576, The two vectors (i.e. vtextDi,
Vimage,Di) are concatenated and fed to the dense layers of the neural network.

In CNN architecture, neural network had two inputs: one for images, one for text.
Then, they were concatenated. To represent text of paper in numeric form, Word2Vec
Continuous Skipgram was applied. Word2Vec Continuous Skipgram embeddings for the
Kazakh language were made available by the University of Oslo. The embeddings have
been trained on the Kazakh CoNLL17 corpus. Words that do not have embeddings are
ignored. The embeddings are of size 100. We took the embeddings for each word in each
document and aggregated the information for the whole document using the average of
the word embeddings.

To classify papers only by text, Naive Bayes algorithm was used. Naive Bayes is a
probabilistic classification algorithm based on the Bayes theorem. The algorithm demon-
strates good results when the words among the different document classes are not re-
peated. The proposed system combines the two worlds (i.e., text and images) in a neural
network architecture that takes two inputs: the text representation and the image repre-
sentation. Each branch of the network handles its own type of content and extracts an
internal representation. The two representations are concatenated and then fed to three
consecutive dense layers as shown in Figure 1 that demonstrates the overall neural net-
work architecture.

4. Experimental Evaluation
4.1. Dataset

The dataset employed for the evaluation of the models consisted of 140 documents
from the different series: 40 papers of mathematics, mechanics and computer science, 50
papers of biology, and 50 papers of geography. Each paper in the dataset contained at
least one image and at most 22 images. The dataset was split into training (110 documents)
and test (30 documents) using stratified random sampling.

4.2. Results

In order to evaluate the performance of the three classification algorithms, we meas-
ured the prediction accuracy, which for the three-class task corresponds to the number of
correct predictions divided by the total number of classified documents. The first step of
the evaluation process is to fine-tune the models” hyperparameters using the training da-
taset. For this purpose, we employ accuracy for evaluating the performance of the model
during training. The first experiment examines how the proposed CNN model accuracy
evolves with the number of training epochs. As demonstrated in Figure 2, the model
achieves a very high accuracy in the 18th epoch, and after this it is more or less stable until
the 20th epoch. The maximum value is in the 18th epoch, when the prediction accuracy in
the training set reached 99.09%.
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Classifying paper by image and text |:| Classifying paper only by images Classifying paper only by text

Figure 2. Trend of accuracy in different epochs.

The second experiment examines the effect of batch size to the prediction accuracy,
keeping the number of training epoch stable (i.e., 10 epochs) and evaluating on the train-
ing data. As shown in Figure 3, the accuracy has an increase when the number of batch
size increases, reaching the maximum accuracy (99.106% of the maximum accuracy) for
batch size equal to 8.

Classifying paper by image and text D Classifying paper only by images Classifying paper only by text

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 batch size

Figure 3. Trend of accuracy in different batch sizes.

With these two parameters fixed, we train our data fusion model and evaluate its
performance in the test data. In order to test the statistical significance of our results, we
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reshuffled and split the dataset into training and test 10 times and we report the average
accuracy. The average prediction accuracy of the three classifiers in the ten runs is de-
picted in Table 2. The statistical significance analysis of the results shows that the deep
neural network model that combines image and text information is significantly better
than the other two models at 87.68%, whereas the other two models are comparable with
each other.

Table 2. Accuracy of classifier.

Classification Accuracy (%)
Naive Bayes 83.33
CNN model with pure images 83.23
Deep NN model with images and text 87.68

4.3. Discussion of Results

The results in Table 2 show that using the textual content of documents or their im-
ages only can give good prediction for the scientific document topic and their results are
comparable. This answers our first research question (i.e., RQ1) concerning the compari-
son between text and visual content contribution to the classification task. This is quite
promising for the task, since in the lack of linguistic resources for a language we can
simply rely on the visual content (i.e., images) of the documents in order to detect their
thematic category.

With respect to the second research question (i.e.,, RQ2), it is clear from the results in
Table 2 that the prediction performance increases significantly when the two sources of
information are fused together. This is even more important for the Kazakh language or
other East or North European languages since it allows to bridge the gap created by the
lack of rich linguistic resources with the visual content of the documents.

By analyzing the results of the 10 runs, using T-test, we are able to evaluate the sta-
tistical significance of the improvement we achieved using both images and text. The sta-
tistical significance analysis of the results shows that the deep neural network model that
combines image and text information is significantly better (at the 95% confidence inter-
val) than the other two models at 87.68%, whereas the other two models are comparable
with each other. This means that the achieved results are constantly better and not only
on a random split of the dataset into training and test. Of course, more experiments on
larger datasets will allow to further test our hypothesis, which is so far validated. A fur-
ther analysis of the confusion matrices in our experiments revealed that when the docu-
ments were classified using text only by the Naive Bayes classifier, all documents of the
mechanics class were properly detected. There were misclassifications for the documents
of the biology and geography classes. This probably happened because the documents in
the two classes share many words in common or use related terminology. The number of
classification errors decreased when the image content was employed, which is another
indication that in classes that use overlapping or related terminology the visual content
can be beneficial for the classification task.

5. Conclusions

In the current work, we evaluated the performance of three document classification
models in classifying scientific papers written in the Kazakh language. The two models
took advantage of the text and image content, respectively, whereas the third model that
we propose took advantage of the fusion of textual and image content that existed in all
documents. The results were very promising for the fusion model. This experiment
demonstrated the ability of information fusion to improve the document classification
task for scientific documents and opened new possibilities to use more information such
as structural information captured by the visual analysis of documents, special parts of
the textual content such as the citations, author names and affiliations, the abstract or the
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author-defined keywords, etc. Following our paradigm, in order to take advantage of ad-
ditional information, more complex deep neural network architectures can be employed
that codify the textual and visual information items separately and then fuse them in the
layers close to the network’s output layer. The work in this field is part of our future work
on developing a search engine for scientific publications in the Kazakh language, and doc-
ument classification is a critical step since it will narrow down the search space at query
processing time.
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