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STUDY OF THE REPRESENTATIVENESS OF KAZAKH LANGUAGE CORPORA
BY WORD STEMS FOR THE SUMMARIZATION
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The aim of the work is to prove the possibility of determining the representativeness of a corpus for training
aneural model before conducting resource-intensive experiments. In this work, we investigated the dependence of
the summarization model on the number of word stems in it. The work was carried out on a synthetic summarization
dataset for the Kazakh language. Taking the number of word stems as the representativeness metric, an analysis
of the quality of the work of three summarization models was performed depending on the number of word
stems in the training dataset. These training datasets differ in the number of rows. To obtain these datasets, we
split the training dataset into three parts of different sizes. On the test files, BLEU scores were obtained for each
model during the inference process. The highest BLEU scores are obtained for the model trained on the largest
amount of data. When the train dataset was reduced by 50 percent, the score decreased from 4 to 25. On the
smallest dataset, the score dropped from 25 to 31. The experimental part of the work showed that the model
with the largest number of stems shows the highest BLEU score. The scientific contribution of the work is the
experimental proof of the representativeness of the training corpus by the number of stems before training the
neural model.

Keywords: neural language modeling, NLP, text summarization, Kazakh language, representativity, synthetic
datasets.
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KYMBICTBIH MaKcaThl — PeCYpCThl KOIl KaKeT eTeTiH KCHEePUMEHTTEp KYPridy ajIbHIa HEHPOHABIK MOJEIb-
i OKBITY YIIiH KOPITYCTBIH PErpe3eHTaTUBTUIIH aHbIKTay MYMKIH/ITIH Jasenaey. By skymMbicta 6i3 KuUHaKTay
MOJIEJTiHiH KYMBICHIHBIH €63 TYOipiiepiHiH caHbIHA TOYESNILTITiH 3epTTeHiK. KyMBIC Ka3ak, TiJliHe apHaJIFaH CHHTe-
TUKAJIBIK )KHUHAKTAY JEPEKTEP KUHAFbl OOUbIHIIA OpbIHAAIb. Co3 TyOipaepiHiH CaHbIH PENpe3eHTaTUBTUTIK Kop-
CeTKIllli peTiHjie ajia OTBIPHII, OKY JIepeKTep KUHAFBIHAAFBI CO3 TYOipiepiHiH caHbiHA OalIaHBICThI YIII KUHAKTAY
MOJIEJIiHIH JKYMBIC carachlHa TaJljiay Kacayibl. Byl OKy AepeKTep >KMHAFbl JKOJJap caHbl OOMBIHILA epeKIee-
Hezi. By iepektep KUBIHBIH ally YIIiH 6i3 OKBITY JepeKTep KUHAFBIH 9pTYPIli eJIIeM/eri yi Oejikke 0esemis.
9p mopens yinin BLEU Garasnaynapsl KOpBITBIH/IBI jkacay OapbIChIH/A ChIHAK (pailyiiapblH TaiianaHa OTHIPHII
asbIHIbL. JlepeKTepiH eH YIIKeH KeJieMi OOUMbIHINA JaibIHAaFaH MOjielibie eH korapsl BLEU ynaitnaps! Gombl.
OkpwiTi fepekTep skuHarbl S0 naiibi3ra azaiiran Kkesje 6at 4-teH 25-ke neiiin Temenzeni. EH KillikeHTail fepexrep
KUbIHBIHAA Oayut 25-TeH 31-re zieiiid Tomenaesi. JKyMBICTbIH SKCTIEPUMEHTTIK 06JIiri eH Ker TyOipiep caHbl 6ap
Mozenb eH korapbl BLEU ymnaiibiH kepceTTi. JKYMBICTBIH FHUIBIMU YJIECI — HEMPOMOJIETIbi OKBITYFa JIEHiH OKY
KOPITYCBIHBIH TYOipJiep caHbl OOMBIHINA PENPEe3eHTATUBTIIIIT SKCIIEPUMEHTAIIB! JRJIEIeH .

Tyitin ce3aep: HEUPOHIBIK TiIi Mozenbaey, NLP, MoTiHai KuHaKTay, Ka3ak, TiJli, penpe3eHTaTUBTIIK, CHH-
TETUKAJTBIK, IEPEKTEP KUBIHBI
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NCCJIIEJOBAHUME PENNPESEHTATUBHOCTH KOPITYCOB KA3AXCKOI'O
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Ienpio paboThI ABNIsSIETCA JOKA3aTh BO3MOKHOCTh ONPEIeTUTh O MPOBEACHHs PECYPCOSMKHX KCIIEPUMEHTOB
PpeTIpe3eHTaTUBHOCTh KOpITyca sl 0Oy4YeHUsT HeWPOHHOUN Mojied. B 31oil paboTe MBI MCCIIeI0Bai 3aBUCUMOCTh
PabOThI MOJIENTH CYMMAPH3AIIMHU OT KOJIMUYECTBA CTEMOB CJIOB B HEM. PaG0oTa BBINONHSNIACH HA CHHTETHYECKOM JaTa-
ceTe CyMMAapH3allid IJ1s1 Ka3aXCKOTo s13bIKa. [IpHHSB 32 METPHKY perpe3eHTaTUBHOCTH KOJIMYECTBO CTEMOB CJIOB
ObUI BHITIOJIHEH aHAM3 KadecTBa pabOoThl TPEX MOZENell CyMMapU3alliy B 3aBUCMMOCTH OT KOJIMYECTBA CTEMOB
CJIOB B TPEHUPOBOYHOM JIaTaceTe. DTU TPEHUPOBOUHBIE IATACETh OTIMYAIOTCS] KOTMYECTBOM CTPOK. [ljis1 monyye-
HUS STUX JaTACETOB MBI pa30MIIN TPEHUPOBOYHBIH JATACET HA TPU YaCTU Pa3HBIX pa3MepoB. Ha TecToBHIX (haiiiax B
niporiecce uH(pepeHca ObuH nomyders! orieHkn BLEU mns kaxnoit monenmi. Camsie Beicokue orieHKn BLEU mve-
eT Mojienb, 00yueHHasi Ha HauOoJIbIlieM KolMuvecTBe JaHHbIX. [Ipu ymeHbleHun train dataset Ha 50 mporeHTOB
OIIEHKa YMEHBIIIACHh OT 4 1o 25. Ha HanMeHsIieM JaTaceTe MajieHre OLEeHKH OT 25 1o 31. DKcrepuMeHTab-
Hast 4yacTh pabOTHI MOKA3ajia, YTO MOZENb ¢ HAUOOJIBIINUM KOJMUYECTBOM CTEMOB MOKa3bIBaeT HAUOOJIBIIYIO OLICHKY
BLEU. HayuHbiM BKJIQJIOM paOOTHI SIBJISIETCS SKCIIEPUMEHTAIBHOE JIOKA3aTeIbCTBO PEMPE3CHTATHBHOCTH KOPITyca

O6y‘IeHI/IH IO KOJIMYECTBY CTEMOB B HEM 10 IIPOBEICHUS 06y'{eHI/IH HeﬁpOHHOfI MOOCIIN.

KuroueBble cioBa: HElpOHHOE sA3bIKOBOE MozenupoBaHue, NLP, pe3ioMupoBaHue TeKcTa, Ka3aXCKUil sI3bIK,

PENPE3EHTATUBHOCTD, CUHTETUYECKUE Ha60p1>1 JaHHBIX.

Introduction. To create a high-quality neural model,
as is known, a large amount of parallel data is required,
especially for low-resource languages. Parallel corpus
is a dataset for training a neural network, consisting
of a source part representing the source text and
a target part containing the summarization of the
corresponding string in the source part. For machine
translation, the target part will contain the translation
of the corresponding source string. The task of text
summarization for a neural network is similar to
machine translation.

Typically, in machine learning, the more input data
for training, the better the learning result. However, in
the theory of machine learning there is the concept of
sample representativeness, which says that the volume
of initial data can be large, but not give a good enough
learning result. Parallel corpus according to the classical
definition in the paper [1] is said to be representative
if its findings can be generalized to a language or a
particular aspect of language as a whole.

The purpose of this paper is to show the
possibility of determining, before conducting resource-
intensive experiments on training a neural model, the
representativeness of the corpus for training a neural
model.

In this paper, it is proposed to use the size of the
dictionary of stems for the Kazakh language as a metric
of the representativeness of the initial training data.

And thus, evaluate the possible level of training before
training: the larger the volume of the dictionary of stem
samples, the better the learning result should be.

To do this, it is proposed to use the stemming method
proposed by one of the authors, based on the use of a
computational model of morphology for agglutinative
languages, based on a complete system of endings - CSE
(Complete Set of Endings) [2].

The proposed method for assessing the
representativeness of learning corpora can be applied
to other low-resource languages of the Turkic family
of languages. In the experimental part of this work, a
dataset was used, obtained using machine translation
of the English language summarization dataset into the
Kazakh language. Of course, there will be translation
inaccuracies, but with the current level of development
of translation services, you can get a fairly good
quality dataset. We have obtained statistical data was
obtained on how strong the BLEU score [3] differs
among different trained neural models depending on
the number of stems. The main scientific contribution
of the work is: 1) the paper presents the dependence of
the quality of work of the neural summarization model
on the number of word stems of initial training data;
2) it is shown how the BLEU estimate changes with
increasing volume of the stem dictionary of the training
dataset; 3) the minimum size of the initial dataset was
determined, sufficient for correct training of the neural
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model.

Literature Review. Without a large amount of
initial training data, the model can be gradually
improved using for example, the back-translation
method or other types of transfer learning. As you
know, good quality can only be achieved using
large volumes of initial training data. Nowadays
especially the problem of summarization is relevant
for low-resource languages, which include the Kazakh
language, and Transfer Learning technology is actively
used here [4] and also the resulting synthetic datasets.
Synthetic datasets are datasets obtained as a result of the
work of another model, or in some other automatic way.
To create a Kazakh dataset for summarization, we used
a model pre-trained on the Simple English Wikipedia
dataset and the Transfer Learning methodology. This
methodology is based on the principle of training a
model on global data and further training in a narrow
area. Thanks to this, the model will have knowledge
about the general context and the specific subject area.

There are different implementations of Transfer
Learning. One of the ways to implement Transfer
Learning technology is the method of modifying the
train dataset. The method for modifying a train dataset
is implemented, for example: to create a dataset,
corpora from two different languages are used. That
is, instead of training two models, it is possible to
implement additional training of the model on a second
dataset. This method was used by the authors in [5],
where using auxiliary models, the authors managed
to achieve good results for low-resource languages.
Transfer Learning technology can also be implemented
using synthetic data obtained using the parent model
[6 -7]. The pretrained sequence to sequence model [8]
or transformer model [9,10]. Pre-trained BERT models
are also increasingly being used [11,12] which show
significantly better results.

In [13] the authors used BERT for extractive
summarization of lexical strings generated using
Wordnet. The work [14] provides figures showing
the effectiveness of different types of BERT models
for low resource languages. In order for the neural
network to work with as diverse a text as possible, the

of the general population in sufficient quantity. The
population is the entire collection of observation units
related to the research topic. A sample population is
a part of the population that is studied in a study
using developed instruments. The general population
in our case is all possible language stems. The sample
population in our case is a dictionary of stem samples.
What should the sample be? In our case, we will take
the training dataset as the sample population. To do this,
let's analyze the word stems.

The stem of a word is the basis of a word, which
does not necessarily coincide with the morphological
root of the word. A common practical application is
stemming for machine translation [15]. The stemming
method, based on the use of the CSE (Complete Set of
Endings) model of morphology on a complete system
of endings, is convenient for agglutinative languages.
When working with the Kazakh language, due to the
limitations of parallel corpora, the proposed stemming
method is a fairly convenient choice of method for
analyzing source data of models of different sizes. In
the works [16] and [17] methods of dividing the dataset
into parts are used for statistical analysis of the work.

Materials and methods. Description of the word
stemming method of the Kazakh language corpus.

CSE is a new computational morphology model
based on complete sets of endings for Turkic languages.
One of the key features of this approach is that a
new language requires only the linguistic resource
of that language in the form of a complete system
of endings. The CSE model method allows you to
perform a number of tasks - stemming, analysis and
text segmentation. In the computational CSE model,
the minimum units of grammatical description of
morphology are word endings and stems. Word endings
can be represented by a sequence of morphemes or,
in the simplest case, by a single morpheme. One of
the key features is the use of a database of language
word endings, on the basis of which operations are
performed. The basic types of affixes are defined -
plural type affixes - K, possessive affixes - T, case
affixes - C, personal affixes - J. There can be placement
of one, two, three or four types.

training dataset must be representative. When creating 1) Determining possible combinations of affixes to form

and using synthetic datasets, you need to understand
in which direction to improve the dataset, how to
increase BLEU, or how representative the dataset is.
Representativeness in the general case is ensuring that
in the sample population there are all types of units

2) A

possible language endings:

n!

(n—k)!
The number of placements is determined by the
formula:

such as —
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4!

4—1)!

4!

Au = (4—2)!

=44, =
We get 64 possible placements of basic types of

affixes.

2) Determination of
placement of affixes.

semantically acceptable

The number of allowed placements for one type is
4, for two types - 6, for three types - 4. For four
types - 1. The total number of semantically acceptable
placements for words with nominal stems is 15.

3) Combining endings into a set of endings for the
Kazakh language.

The complete set of language endings is the result of
combining all language endings into one list of endings.

Analyze

getBLEU

Get Stems
count

12;Ag3 =

A1
(4—4)

4!

(4—3)!
A complete set of endings and a variety of linguistic
stems determine the morphological model of a given
language. Based on the four-stage process described
above, the complete set of endings for the Kazakh
language includes 4809 endings [18].

=24: Ay, = 24

Description of the method for assessing the proposed
representativeness metric.

We will determine how the BLEU score, number
of word stems and representativeness of the training
dataset are related. The method is to obtain a score and
the number of stems for each resulting model. Figure 1
schematically shows the operating algorithm.

Summary 1

Get 3 summaries
from 3files

Summary2

summary3

-
I

Full model

Figure 1- Algorithm of representativeness analyze

Let's look at the algorithm step by step:

1) The dataset was divided into parts, resulting in
three datasets of different sizes. Using these datasets,
three transformer models were trained [19], with
identical architecture, which differ only in the training
dataset. Let's call them Full model, Medium model,
Short model respectively.

2) Test files of one training distribution were
submitted to the input of each model.
3) Word stems of training datasets and generated

text files with summaries were obtained using the
application [20]. Standard preprocessing is performed

|

j ool

Test text2

inference

Train transformer
models

Test text1

\
|

Short model

Medium model

first - punctuation marks, words that are too short, and
abbreviations are removed.

4) Having received the numerical values, we will
analyze the quality of work and representativeness.
The analysis consists of determining how the number
of word stems affects the performance and the
representativeness of the model. Representativeness in
the case under consideration - is as a metric of how
the degree of representation of the diversity of words
is represented (full range of linguistics distributions)
affects operation of the summarization model. That is
how much does the BLEU estimate change when the
number of stems changes significantly.
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5) The training corpus must contain a minimum of
stems in order to be considered representative. To do
this, we determine the minimum at which the text is
readable and does not have repetition of words.

Table 1 shows data on training datasets. Under the
number of stems means the number of unique stems.
This data shows how our datasets in size.

Table 1 - Train datasets statistics

train dataset stems | strings
Full model 80137 | 240000
Medium model | 26347 | 104772
Short model 18580 | 50000

Training a neural network. For training we use a
transformer model, trained with standard parameters
for 12 epochs. Training dataset - Simple English
Wikipedia [21] which was translated into Kazakh
language. The training was carried out using the Google
Colab system. We trained separate neural networks on
each obtained dataset and then analyzed the quality
on various news text files that did not contain rare,
specialized terms. Next, the so-called model inference
was performed - this is the process of creating
summarization of a sentence in the Kazakh language.
The number words and unique word stems of the source
part of the files that were used for inference are given
in the table. 2.

Table2 - Summary statistics for test files

test file stems
test text 1 | 168
test text 2 | 386
test text 3 | 86

This data is necessary in order to assess how much
the text has been reduced and how representative the
text is after summarization. Let us consider the ratios
of scores and the number of word stems obtained by
summarization in table 3.

Analysis of representativeness. Table 3 contains
columns of stems and scores for each model. The
columns of word stems show the degree of file
reduction taking into account representativeness. The
first file test text 1: Full model has a BLEU score of
60.39, Medium model has a score of 35, Short model
has a BLEU score of 28.88. Lowest number of stems
in a Short model - 78 stems, that is, a reduction of 54
percent and at the same time the BLEU score decreased
by 2 times.

Next the second file: Full model - 62.60, Medium
model - 55, Short model - 37.45. Lowest value of stems
- Short model reduction by 33 percent.

The third file: Full model - 55. Medium model - 55
and Short model - 25.82. Word stems - Short model by
40 percent.

As we can see, in the case of the Short model, the
text is shorter, but the drop in score is very large. Scores
are reduced by almost 50 percent compared to the Full
model. The Short model has scores at the level of the
Medium model, although it was trained on a dataset that
was half as large. There is no point in reducing the size
of the training dataset below. That is, the Short model,
which contains less word stems, gives almost the same
results as the Medium model. The best results are on the
second file which contains the largest amount of stems
and it has the best BLEU scores in all three tests. There
is a strong drop in ratings on file 3, which is the smallest
in size.

Table 3 - BLEU scores and sample sizes by model

test source file Medium model | Full model stems | Short model
Stems | BLUE | stems | BLUE stems | BLUE
test text 1 106 35.72 | 119 60.39 78 28.88
test text 2 284 55.74 | 306 62.60 257 37.45
test text 3 78 54 72 58 51 25.82

On all test files, the difference in the number of stems differs slightly and all three files are reduced by
approximately the same number of stems. But at the same time, the decrease in scores is not proportional to
the decrease of stems and dataset size. On the third file, the Full model shows a BLEU score of 58, and the Short
model - 51. The score has decreased, but on the Medium and Short models it is approximately the same in all
three cases, and the Short model reduces the text more strongly in all examples.
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Thus, the representative dataset shows good scores even with a relatively small number of lines. Usually the
volume of dictionaries is sufficient for a good translation, for example, Miller’s dictionary contains 60 thousand
words (the number of stems should be less). In our case, the stem size is from 50,000 to 90,000. So, the training
corpus must contain more than 50,000 stems for it to be representative and for the dataset to work.

Short model has a minimum size sufficient for correct summarization. In the resulting text files, the model
replaced some words and discarded unimportant parts. Also, a common problem - repetition of words - is not
observed in the work of the models. Table 4 provides examples of sentence reductions by each model. As we see
in the case of the Short model, we have the shortest summarization in the first and second sentence.

51
testtext 3 72

78
5 257
Y testtext 2 306 | Short model
o

284 m Full model
Medium model
78
test text 1 119
106
0 50 100 150 200 250 300 350
Stems

Figure 2 - Resulting scores with the number of stems in test files

Table 4 - Example of the received text on test file

Original sentence Medium model Short model Full model

Hlerenne nemany | Ilerenne nemany 6isre | On pemany Oipmamva | ®durHec-Typrap - AeHe
Oisre kepeMeT JaHa | KepeMeT XaHa KOHUT | OipmiamMa MYMKIHIIK | SKaTTHFYJIapbl MEH
KOHUT KYH CBHILIal- | Ky opi KYHOENKTI | MyMKiHAIK Oepefi. OYHHUEXKY3iH —casxar-
JObl  Opi KYHIENKTI | KyWOeH TipHIiliKTeH Taynpl  OipikTipeTiH
KyWOeH TipuiitikteH | Oipmiama — JieMaityra TYpJIapablH ~ KaJIIbl
Oipmama  JeManyra | MYMKiHIIK Oepeni. aTaybl.

MYMKIiHIIK Oepeti.

Erep ci3 cmnoprrer | Erep ci3  cnoprtel | Erep ci3 cnoprtei cyii- | Erep ci3  cnoprTsl
CYHCeHi3, casxarTay | CYWCeHi3, casxarTay | CeHi3, alllbulybl Ke3iH- | CyHCeHi3, casxarTay
Ke3iHle opi Maijanbl | Ke3iHae opi maijaisl | Je OGacrayiasipl. Ke3iHge opi maiaasbl
iCIIeH ailHAMBICHIN, 9pi | ICHEH allHAMNBICHIN, 9pi icien AMHAaJIBICHITI,
casIxaTTalm  epeKlle | casxarrarml  epeKiue opi  Kenmi, epekie
JieMaJjiaThbiH 00JIachI3. eMaJIaThiH eMaJjiaTbiH 00J1achl3.
durtHec-Typnap — | durHec-Typnap - nene | PurHec-Typnap - neHe | PuTHec-Typnap - neHe
JeHe  JKaTTHIFyNapbl | JKaTTBIFY/Japbl MEH Iy- | IIBIHBIKTHIPY MEH | XaTThIFyJIaphl MeH
MeH JAYHUEKY3iH cas- | HUSKY3iH OYHHEXY3iH  Oipik- | ZYHHeXY3iH casxar-
Xarrayjpl OipikTiperin TIipeTiH  TypnapablH | Tayasl  OipiKTipeTiH
TYpJapablH Kbl KaJITIBI aTaybl. TypJlapablH — KaIbl
aTaysl. aTaysl.
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Conclusion. In this work, the initial research
hypothesis was: is it possible to determine the
representativeness of the training dataset before
conducting resource-intensive experiments on training
a neural model of the summarization problem? To
solve this problem, the number of stems in the
dataset was used. Based on the experiments performed,

From the results of the experiment, the conclusion
was drawn that in practical application it is necessary
to pay attention to the diversity of word stems; the
more word stems, the better the model will work.
To determine the minimum suitable dataset size, the
minimum size of the training dataset was determined
at which there is no significant drop in the BLEU score

positive results were obtained confirming the original on the dataset.
hypothesis. During the work, three transformer models
were obtained, trained on datasets of different sizes.
Taking the number of word stems as a metric for
the representativeness of a dataset, we analyzed the
dependence of the BLEU score on the different
representativeness of the dataset. Experimentally,
graphs were obtained showing the influence of the
number of word stems on the operation of the
summarization model.

The practical application of the results of the work is
relevant in the field of creating and improving parallel
corpora for training neural models for languages with
a small number of resources, i.e. for low-resource
languages. Since the summarization problem belongs
to the class of Sequence-to-Sequence problems, the
conclusion of this work can be extended to other
problems of this class: machine translation and other
natural language processing tasks.
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