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This paper presents a comparative analysis of the effectiveness of modern embedding models for
matching questions and contexts in the Kazakh language, within the framework of semantic search and
question-answering (QA) systems. The study is based on the open dataset Kundyzka/informatics_kaz,
which contains approximately 7,700 question—context pairs covering key concepts in computer science.
The analysis focuses on comparing the traditional TF-IDF method with state-of-the-art multilingual models,
including mMiniLM, LaBSE, Alibaba GTE-multilingual-base, intfloat/multilingual-e5-small, and Snow-
flake Arctic-Embed v2.0. The evaluation metrics used are Accuracy@1, Mean Reciprocal Rank (MRR),
and ROC AUC. The zero-shot experiments demonstrate that embedding-based models significantly out-
perform TF-IDF, achieving Accuracy@1 in the range of 0.59-0.63, whereas the baseline method yields
0.50. Moreover, visualization results using t-SNE indicate that modern models are able to cluster semantic-
ally related questions and contexts more closely, which positively affects the quality of ranking. Among
the models considered, Alibaba GTE and Snowflake Arctic-Embed v2.0 achieved the best results, confirm-
ing their relevance for developing automatic question-answering systems in educational Al applications.
This study highlights that even without fine-tuning on Kazakh data, pretrained multilingual models can
substantially enhance semantic matching quality, offering promising prospects for their use in educational
systems and other information services.

Keywords: semantic search, sentence embeddings, question-context matching, multilingual transformer
models, TF-IDF, Kazakh language, information retrieval.
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B paHHOM cTaThe NpeACTaB/ieH CPAaBHUTEIbHbIA aHaIu3 3(PPeKTUBHOCTHA COBPEMEHHBIX Mojiesiel IM-
OeaIUHTOB [Jisi COTIOCTAB/IEHHSI BOMPOCOB M KOHTEKCTOB Ha Ka3aXCKOM s13bIKe B paMKax 3aZlau CceMaH-
THYECKOTO TIOMCKa U CUCTeM BOMpocoB-0TBeTOB (QA). MccnenoBaHre BLITIOJHEHO Ha OTKPLITOM JiaTa-
cete Kundyzka/informatics_kaz, cogeprkaiiem okoso 7700 map «BOMPOC—KOHTEKCT», OXBaTbIBAIOILIUX
OCHOBHBIe TIOHATHS UHPOopMaTUKU. OCHOBHOE BHUMaHUe y/e/eHO CpaBHEeHUIO TPaJULIMOHHOTO MeTo/a
TF-IDF c coBpeMeHHbIMM MHOTOSI3bIYHBIMU MOJle/IsiIMU, TakuMy Kak mMiniLM, LaBSE, Alibaba GTE-
multilingual-base, intfloat/multilingual-e5-small u Snowflake Arctic-Embed v2.0. /17151 o1jeHKH KauecTBa
COTOCTaB/IeHUs TIPUMeHsTUCh MeTpUKU Accuracy@1, Mean Reciprocal Rank (MRR) u ROC AUC. Okc-
TepPUMEHTHI, TIPOBe/IeHHbIE B peXkuMe zero-shot, 1mokasamm, uTo Moziesid SMOeITUHTOB 3HAUHUTE/TLHO Tpe-
Bocxozsat TF-IDF, gocturast Accuracy@1 B auamna3zone 0.59-0.63, Torya kKak 6a30BbIi METO/ IEMOHCTPH-
pyet noka3sareJib 0.50. ZloromHuTeIbHO, pe3y/ibTaThl BUyanau3aluy ¢ ucroiab3oBaHueM t-SNE cBuzeress-
CTBYIOT O TOM, UTO COBpeMeHHbIe MOJe/Ii CIIOCOOHBI IPYTIITUPOBATh CeMaHTUUeCKU CBs3aHHbIE BOTTPOCHI

13


https://doi.org/10.58805/kazutb.v.3.28-987
https://orcid.org/0009-0008-2046-591X
https://orcid.org/0000-0001-9560-9756
https://orcid.org/0009-0001-5346-6184
https://orcid.org/0000-0001-8555-7315
https://orcid.org/0009-0008-9864-5224
https://orcid.org/0009-0009-2690-276X

KasTbY XABAPHIBICHI - VESTNIK KazUTB - BECTHUK Ka3YTb

Y KOHTEKCThI OJTibKe IPYT K IPYTY, UTO B1aronpusiTHO CKa3bIBaeTCsl Ha KaueCTBe paHKUpoBaHusi. Cpeau
PacCMOTPEHHBIX Mojiesiel Hauyule pe3ynbTarsl okasanu Alibaba GTE u Snowflake Arctic-Embed
v2.0, uTO TIOATBEPKAAeT UX aKTya/JIbHOCTh [iJisi CO3/JaHUsI CUCTeM aBTOMaTUUeCKOTro TMOMCKa OTBETOB Ha
BOMPOCHI B 00pa3oBaTe/ibHbIX VIM-TiprioxkeHusix. PaboTa mofiluepKuBaeT, uTo Jaxe 0e3 [[OTOTHUTeTbHO-
ro oOyueHMs] Ha Ka3aXCKUX JIQHHBIX Tpefo0yueHHbIe MHOTOSI3bIYHbIE MOZE/H CTIOCOOHBI 3HAUNUTETbHO
YAYYILIUTb KaueCTBO CEMaHTHUeCKOTO COTIOCTaB/IeHUs], UYTO OTKPBIBAeT IMePCIeKTUBBI /I/isi IPUMeHeHUs
JJAaHHBIX pellleHui B 00pa3oBaTebHbIX CHCTEMAX U APYTrUX HHPOPMaIMOHHBIX CepBUCaX.

KroueBble €/10Ba: CeMaHTHYeCKHW TTOWCK, SMOeIMHT Y TTPe//I0KeHHH, COTIOCTaBIeHHe BOIIPOC-KOH-
TEeKCT, MyJ/IbTUsI3bIUHbIe TpaHChopMepHble Mogien, TF-IDF, kazaxckuil si3bIK, MHPOPMaLMOHHbIM TOUCK.

KA3AK TUTIH/ET'T CYPAKTAP MEH KOHTEKCTTEP/I COMKECTEH/IPYTE APHAJIFAH
SMBE/IJIVHT MOJIE/IBIEPIHIH CAJTLICTBIPMAJIBI TAJTIAYBI
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byn makanaja Kasak TiliHAeri cypakTap MeH KOHTeKCTTep/i ColKeCTeH[ipyre apHa/raH Kasipri 3a-
MaHFbI 9MOeITUHT MO/le/bIePiHiH TUiM/Ii/TiriHe canbICTBIPMA/ILI Ta/IiAy YChIHBUIFAH. 3epTTey IaMaMeH
7700 «Ccypak—KOHTEKCT» »KyObIHaH TypaThiH ammiblk, Kundyzka/informatics_kaz gepexkTep »Ku1bIHBI HeTi3iH-
ne xyprisingi. 3eprrey 6apoicbiga aactypii TE-IDF azici meH 3amaHayu KenTiizi Mogensaep - mMini
LM, LaBSE, Alibaba GTE-multilingual-base, intfloat/multilingual-e5-small >kaHe Snowflake Arctic-Em-
bed v2.0 - apackIHzaFbI alibipMallIbIBIKTapFa epekKiiie Ha3ap ayAapbliabl. CalikecTeH/ipy canacbkiH Oara-
nay yuiH Accuracy@1, Mean Reciprocal Rank (MRR) >kane ROC AUC meTpuKanapbl KO/AaHbI/I/bI.
Zero-shot pe>xxuMiH[ie >KYpri3ijireH sKkcriepuMmeHTTep 3M0eaauHr MozenbaepiHiy, TF-IDF opicinen airap-
JIBIKTaM >KaKChl HITHKe KOPCETeTiHIH Janeneni: smbeaauar mogenbaepi 0.59-0.63 apanbiFbiHga Accu-
racy@1 maHiH KepceTTi, an 6a3anbik aaic — 0.50. CoHbiMeH KaTap, t-SNE BU3yaM3arUsChbIHbIH, HITH-
)Kesepi Kasipri MoJiesib/iep/iiH ceMaHTHKa/bIK >KaFbIHaH YKCac CypaKTap MeH KOHTeKCTTepZi 6ip-OipiHe
JKaKbIH OpHAa/IaCThIpa anaTbIHbIH KOPCEeTTi, Oy 63 Ke3eriH/je peHTUHT carachbiH apTThIpaZbl. 3epTTereH
MogienbaepiH itrinze Alibaba GTE >kone Snowflake Arctic-Embed v2.0 y31ik HoTKesiep KepceTTi, Oy
onapzpl 6is1iM 6epy 6arbITHIHAFBI XKaCcaH/[bl MHTE/JIEKT KOCBIMILIA/Iaphl YIIIiH 63€KTi Kypas etefi. By »ky-
MBIC Ka3akK TiJliHZETi JepeKTepre apHaiibl OKbITYCbhI3-aK, a/IIblH a/la OKbITbUIFAH KOMTi/Ji MOZe/bepAiH,
CeMaHTUKAJIbIK, COMKeCTeH/ipy carachiH alTap/IbIKTal apTThIpa ajlaThbIHBIH KOPCeTim, oapAbl 6imimM 6epy
JKyHesiepi MeH akmapaTThIK CepBUCTep/ie KO/laHy MYMKIiH/[iIKTepiH allaibl.

TyHiH ce3jep: ceMaHTHKAbIK i37ey, coiiieM sMOeAIUHTITEePi, CYPaK—KOHTEKCT COMKeCTiri, KemTiizi
TpaHcopmep mogenbaepi, TF-IDF, ka3ak Tisi, aknaparThIK, i3aey

to obtain dense vector representations (embeddings)
of sentences [2,3]. Such models allow you to

Introduction. In the tasks of semantic search
and answering questions, bag-of-words and TF-

IDF methods are traditionally used, implementing a
vector model of the document space [1]. However,
such methods often do not take into account the
contextual meaning of words, which is especially
critical for complex questions in natural language.
Modern advances in natural language processing
(NLP) suggest using pre-trained language models

compare the semantic proximity of phrases and
are successfully used to find answers to questions
in large collections of texts. The effectiveness of
multilingual embeddings has already been shown,
for example, the multilingual MiniLM [4] and
LaBSE (Language-agnostic Sentence Embedding)
models [5], which are able to display sentences of
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different languages into a common vector space.
This opens up the possibility to use them for the
Kazakh language, even if the model was initially
trained in other languages.

This research project is aimed at applying such
multilingual models in the field of educational
Al systems. In particular, we consider the task
of comparing educational questions in Kazakh
with the corresponding text fragments (contexts)
containing the answers. Automating this mapping
has practical value for developing intelligent
assistants capable of answering students’ questions
in their native language, or for systems that
recommend relevant learning materials. In this
paper, we conducted a comparative analysis of
several approaches - from classical TF-IDF to
modern transformer embeddings — in order to
find out which model provides the best quality
of searching for “question-context” pairs in the
Kazakh language.

The aim of the study is to evaluate the quality
of various models of vector representations
(embeddings) when comparing questions and
contexts in the Kazakh language. This includes
comparing the classic TF-IDF method with the
latest multilingual embedding models without
additional training on this task. We aim to determine
which of the considered models most effectively
measure the semantic proximity of a question and
its corresponding context, and are also suitable
for use in a question-and-answer search system in
the educational field. The quality metrics of the
comparison (Accuracy@1, MRR, ROC AUC) are
used for quantitative comparison of models [6].

Materials and methods. For the experiments,
an open Kazakh-language dataset of questions
and answers Kundyzka/informatics_kaz [7] was
used, containing about 7,700 question—context
pairs. Questions are queries in Kazakh on computer
science topics, and contexts are excerpts of texts
containing an answer or explanation to a given
question. The dataset covers the definitions and
basic concepts of computer science, which makes
it indicative for evaluating models in the academic
(educational) field. An example of a pair from
a dataset: the question Bompoc “masnimemmep Ko-

pbl OeceHimiz He?” ("What is a database?”) and
the corresponding context with the definition of
this term. The presence of such a specialized
corpus in Kazakh makes it possible to check
how well multilingual models, trained primarily in
other languages, transfer their abilities to Kazakh
and whether they are able to correctly match
semantically related phrases.

Before using the models, the data was divided
into question-context pairs, and for each question
in the test set there is its correct (appropriate)
context and a number of unrelated contexts to
assess the quality of the ranking. Thus, the task
for the model is to select the text fragment that
answers the question among the many candidates.
This simulates the real scenario of the question-and-
answer search system.: for the user’ s question, it
is necessary to find the most relevant answer in the
knowledge base.

Before applying the model, text data is
transformed into embeddings, which are dense
vector representations. The process of obtaining
embeddings for the question and context can be
written as follows (1):

e? = Embed(q), e = Embed(c) @)}

where e? and e° represent the embeddings of
the question and the context, respectively, and
Embed( ) denotes the selected embedding model
(e.g., LaBSE, GTE, etc.). A detailed comparison of
multilingual question-answering models and their
adaptation to the Kazakh language is provided in
the study by [8].

To measure semantic similarity, cosine similarity
is applied, as shown in Equation (2):

e . e
~led|] []ee]]

sim(e?, e) 2)

Candidate contexts are ranked in descending
order of similarity value. If the context matches the
question with maximum similarity, it is assumed
that the model has found the correct answer
(Accuracy@1) [6].

Two fundamentally different approaches were
used to compare issues and contexts: the TF-
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IDF method and transformer models to obtain
embeddings. On the TF-IDF side, the question
and each candidate context are represented as
sparse vectors of term frequencies, and relevance
is assessed by the cosine similarity between these
vectors [9]. This approach serves as a baseline
reflecting the level of classical information search
without understanding the context.

As an alternative, five pre-trained multilingual
embedding models capable of generating dense
vector representations of sentences were selected.
Each model independently encodes the question
and context into a vector of fixed dimension;
then the cosine similarity between these vectors is
calculated, based on which the contexts for each
question are ranked. The models for the experiment
include:

Multilingual MiniLM is a compact multilingual
model based on the distillation of the MiniLM
transformer [4]. This model is trained to map
paraphrases in different languages into close
vectors and, as Reimers and Gurevich have shown,
can effectively expand monolingual embeddings
into new languages through knowledge-distillation
[2]. In this experiment, it represents a class of
lightweight models with an embedding dimension
of ~384.

LaBSE (Language-agnostic BERT Sentence
Embedding) is a larger model from Google based
on BERT, trained specifically to obtain language-
independent embeddings of sentences [5]. LaBSE
supports 109 languages, including Kazakh, and
is able to form a common vector space where
translations in different languages are close to each
other. It is assumed that due to large-scale training
on parallel data [5], this model will well reflect
the semantic similarity of Kazakh questions and
answers.

Alibaba GTE (General Text Embedding,
multilingual) is a multilingual model from Alibaba
DAMO Academy [10]. It is developed as part of the
Retrieval-Augmented Generation framework and
is able to handle extended contexts. The model is
based on a BERT-like architecture with support for
75 languages and has been trained on large bodies
of query—document pairs [10]. In our experiment,

the gte-multilingual-base version is used, which
provides embeddings of dimension 768. Due to
the long context and multilingualism, this model
is expected to show high quality matching.

Multilingual E5 (small) is a multilingual
model of the E5 family, presented by Microsoft
researchers [11]. E5 is a series of embedding
models trained on a combination of ranking tasks
(for example, MS MARCO) in order to unify the
presentation of text for various applications (search,
classification, etc.). In particular, multilingual E5-
small is a lightweight version (~118M parameters)
with support for many languages [11]. Of interest is
how this relatively small model will handle Kazakh
data compared to larger models.

Snowflake Arctic Embed v2.0 is a modern
embedding model from Snowflake [12], aimed
at high—quality semantic search. Arctic-embed
v2.0 is a second—generation multilingual model
that achieves a balance between quality in
English and other languages without compromising
multilingual capabilities [12]. The model is
optimized for retrieval of relevant documents
and, according to the authors, is not inferior to
larger models in quality, remaining relatively
compact [13]. In our experiments, we used its large
version, which gives vectors of dimension 1024.
Each question and each potential context were
transformed into a vector using one of these models.
For each question, the cosine similarity with all
contexts was calculated, after which the contexts
were sorted in descending order of this similarity.
If the correct (relevant) context came first, it was
assumed that the model had successfully found
the answer (case Accuracy@1) [6]. In addition to
Accuracy@1, the MRR metric (Mean Reciprocal
Rank [14], the average value of 1/rank_correct
for all questions) and the area under the ROC
curve (ROC AUC) [14] were used to evaluate the
ranking, where the correct question-answer pair
among negative (inappropriate) pairs is considered
a positive label. These metrics are standard for
evaluating information retrieval systems and
question-and-answer systems: Accuracy@1 shows
the proportion of completely correct answers on the
first attempt, MRR takes into account the position of

16



NHO®OPMALIMOHHO-KOMMYHUKALIMOHHBIE TEXHOJIOI'NN

the correct answer in the list, and ROC AUC reflects
the overall ability of the model to distinguish the
correct context from the wrong one as the similarity
threshold changes.

The experiments were conducted without further
training the models on a given dataset, i.e. in
zero-shot mode: it is assumed that the pre-
trained embeddings are versatile enough to capture
semantic proximity even for Kazakh questions that
the model might not have previously seen. All texts
of questions and contexts have been pre-normalized
(lowercase, punctuation removal, tokenization if
necessary) in order to be correctly represented
in TF-IDF and to ensure compatibility with the

requirements of the models (some transformers
have entry length limits, but in our dataset the length
of questions and contexts does not exceed these
limits).

Results and Discussion. The results of the
conducted experiment provide insights into the
performance of different models in the task of
matching questions and contexts in the Kazakh
language. Specifically, we analyzed three key
evaluation metrics - Accuracy@1, Mean Reciprocal
Rank (MRR), and ROC AUC - across six models,
including the baseline TF-IDF method and five
modern multilingual sentence embedding models.
The summarized results are presented in Table 1.

Table 1-Comparison of models based on question-context matching accuracy

Model Accuracy@1 | MRR | ROC AUC
TF-IDF (baseline) 0.4971 0.6407 0.7094
mMiniLM (Multilingual) 0.5419 0.7149 0.6947
LaBSE 0.6192 0.7614 0.7270
Alibaba-nlp/gte-multilingual-base 0.6322 0.7677 0.7611
intfloat/multilingual-e5-small 0.5913 0.7408 0.7188
Snowflake/snowflake-arctic-embed-1-v2.0 0.6309 0.7700 0.7635

Figure 1 presents the values of all three
metrics (Accuracy@1, MRR, and ROC AUC)
for the six evaluated methods. As shown in
the graph, the traditional TF-IDF method (on
the left) yields the lowest performance, while
more advanced multilingual embedding models
- such as mMiniLM, LaBSE, GTE, E5, and
Snowflake Arctic - consistently outperform it
across all metrics. Among them, GTE-multilingual-
base and Snowflake Arctic v2.0 demonstrate the
highest scores, indicating their strong effectiveness
in the task of ranking relevant question—context
pairs, even in a low-resource language like Kazakh.

The results clearly demonstrate the superiority
of modern transformer-based embeddings over the
classical TF-IDF approach. The baseline TF-IDF
method correctly identifies the relevant context
in approximately 49.7% of cases (Accuracy@1),
while all tested embedding-based models

outperform it on this metric. This is expected,
as TF-IDF does not account for synonymy or
contextual meaning and may fail when the question
and answer use different phrasings for the same
concept. Nevertheless, a nearly 50% result for
TF-IDF suggests that simple lexical overlap still
provides a baseline signal: in about half of the cases,
the key terms in the question are directly present in
the answer text.

The mMiniLM model achieves an Accuracy@1
of 0.5419, which is roughly 4.5 percentage points
higher than the baseline. This improvement stems
from its ability to capture semantic relationships:
mMiniLM performs better than TF-IDF even
without exact word matches between questions
and contexts. Furthermore, its MRR (0.7149) is
significantly higher than TF-IDF’s (0.6407),
indicating that even when the top-ranked answer
is incorrect, the correct one is often placed near the
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top (e.g., 2nd or 3rd). Interestingly, ROC AUC for
mMiniLM (0.6947) is slightly lower than that of
TF-IDF (0.7094), possibly due to the distribution
of similarity scores: TF-IDF may more confidently
assign very low scores to clearly irrelevant pairs,
while mMiniLM, being semantically “softer,”

sometimes assigns moderate scores even to
unrelated pairs. As a result, its ROC curve
may slightly underperform. Overall, mMiniLM
delivers competitive performance for a lightweight
multilingual model, but it understandably lags
behind the larger models.

Comparison of ranking quality methods (Kazakh dataset informatics_kaz)

0.8 q

0.761

0.7

0.6

0.5

0.4

The metric value

0.3

0.29
B Accuracy@l

I MRR
s ROC AUC

0.19

0.0-

U768 0.761 U770 U763

Models

Fig.1 — Comparison of ranking quality methods

LaBSE significantly outperforms both TF-IDF
and mMiniLM across all metrics: Accuracy@1
increases to 0.6192 (i.e., about 61.9% of questions
are matched with the correct context in the
top position), MRR reaches 0.7614, and ROC
AUCrises to 0.7270. This improvement - over
12 percentage points higher than mMiniLM in
Accuracy@1 - reflects the benefit of LaBSE’s
extensive training on parallel multilingual data [3].
The model appears better equipped to interpret
Kazakh formulations, likely because the Kazakh
language was included in its training data and it
has learned to align semantically equivalent phrases
across languages. Notably, LaBSE also surpasses
previous models in ROC AUC, demonstrating
a more consistent ability to distinguish relevant
from irrelevant pairs. Thus, LaBSE sets a strong
benchmark in our experiment.

Two models - Alibaba GTE and Snowflake
Arctic v2.0 - achieved nearly identical and
highest overall performance. GTE reached
an Accuracy@1 of 0.6322, while Arctic followed

closely with 0.6309, making their performance
statistically equivalent and slightly ahead of LaBSE.
However, in terms of MRR and ROC AUC, both
models slightly outperformed LaBSE: Snowflake
Arctic reached an MRR of 0.7700 and ROC
AUC of 0.7635, while GTE achieved MRR =
0.7677 and ROC AUC = 0.7611. These are the best
results among all tested models. In nearly 63% of
cases, the top-ranked context is correct, and on
average, the correct answer appears very high in the
list (MRR ~0.77 implies it is typically ranked first or
second). A high ROC AUC (~0.76) indicates that
the similarity scores effectively separate relevant
from irrelevant context pairs.

The success of GTE and Arctic can be
attributed to their architectures and training data.
GTE was specifically designed for document
retrieval with long contexts and includes
optimizations for multilingual input [10]. Its
internal representations are likely more robust to
linguistic variation, and it may better leverage
token overlap (e.g., through XLM-R-based mixed
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tokenization, as discussed in [10]). According
to its developers, Snowflake Arctic was built to
achieve high-quality multilingual search without
compromise - trained on query-document pairs
in multiple languages, it captures both language-
specific and cross-lingual semantic features [12].
Notably, Arctic v2.0 is promoted as a lightweight
model that rivals larger architectures in retrieval
quality [12], which is supported by our findings: it
matches GTE’s performance despite architectural
and training differences.

The multilingual E5-small model delivered
moderate results: Accuracy@1 = 0.5913, higher
than mMiniLM but lower than LaBSE. Its MRR
(0.7408) and ROC AUC (0.7188) place it close
to mMiniLM, slightly behind LaBSE in overall
ranking quality. Considering that E5-small has
around 118 million parameters [11] - more than
mMiniLM but fewer than LaBSE - and was trained
partly on English retrieval tasks, its relatively
strong performance compared to mMiniLM is
expected. However, it does not reach the levels
of LaBSE or GTE/Arctic. This may be due to
its smaller capacity and the possibility that its
training data contained fewer or simpler Kazakh-
language examples. Nonetheless, E5-small clearly
surpasses the baseline and shows that even compact
multilingual models can be effectively used for
Kazakh semantic retrieval.

TSNE embedding projec

TF-IDF (baseline)

mMiniLM (Multilingual)

In summary, the best performance in the Kazakh
question-context matching task was achieved by
the multilingual embedding models LaBSE, GTE,
and Snowflake Arctic, with Accuracy@1 scores
in the 0.62-0.63 range (versus ~0.50 for TF-IDF)
and MRR = 0.76-0.77, indicating high-quality
ranking. These results support the effectiveness
of embeddings for building Kazakh-language
QA systems. Importantly, this performance
was achieved without fine-tuning— even in
a zero-shot setting, pretrained models provided a
substantial improvement over classical methods.

In the following section, we present a visual
interpretation of how different models structure the
semantic space using embedding projections.

Figure 2 illustrates the t-SNE projections
of question and context embeddings produced
by TF-IDF, mMiniLM, LaBSE, Alibaba GTE-
multilingual-base, intfloat/multilingual-e5-small,
and Snowflake Arctic Embed v2.0. Blue dots (or
a contrasting color) represent question embeddings,
while red dots indicate context embeddings. It is
evident that the classical TF-IDF approach results
in a sparse, disorganized cloud of points, whereas
modern models like LaBSE, GTE, and Arctic
tend to cluster semantically related questions and
contexts closer together, which correlates with their
superior ranking performance.

tions for various methods
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Conclusion. Within the framework of this
study, a comparative analysis of the effectiveness
of various methods of comparing questions and
contexts in the Kazakh language was carried out
— from classical TF-IDF to the latest multilingual
embedding models. The experimental results
showed that the pre-trained transformer models are
significantly superior to the basic TF-IDF approach
in terms of the accuracy of extracting answers
to questions. The best quality was demonstrated
by the LaBSE, Alibaba GTE-multilingual, and
Snowflake Arctic v2.0 models, which correctly
extracted the appropriate context for ~63% of
questions versus ~50% for TF-IDF. The LaBSE
model confirmed the high efficiency of language-
independent embeddings, previously noted in the
works of Google [3], in relation to the Kazakh
language. The GTE and Arctic models, relatively
new developments in 2024, have shown the ability
to achieve even higher metrics without specialized
customization to Kazakh, which indicates progress
in the field of multilingual semantic representations
[4,12]. More compact models (MiniLM, E5-small)
also gave a significant advantage over TF-IDF,
although they were inferior in quality to the older
models, which indicates the still important role of
scale and training data for multilingual embeddings
[2,9].

Visual analysis using t-SNE projections
confirmed that successful models place
semantically related questions and answers close
to each other in a vector space, whereas less
accurate methods show a more chaotic or disjointed
distribution. The difference between the discrete
nature of TF-IDF and continuous transformer
spaces was particularly evident: modern models

create structured embedding clouds that are more
suitable for searching query—document pairs.

The practical significance of this work lies in
the fact that even without additional training on
specialized Kazakh data, pre-trained multilingual
models can be used for question-and-answer search
tasks. To build an educational AI system that
answers students’ questions in Kazakh, it is most
promising to use models such as LaBSE or
GTE/Arctic, which provide the highest quality of
comparison. These models can be integrated into
e-learning systems and reference systems, where
the student asks a question in natural language,
and the system finds an appropriate explanation or
definition in the knowledge base.

It should be noted that there is room for
improvement: although ~63% accuracy is a good
result, in the remaining cases the model did not
guess the answer on the first attempt. In the future, it
is planned to explore the methods of further training
(fine-tuning) of the considered models directly on
the Kazakh Q&A corpus, as well as try larger
versions of the models (for example, multilingual-
E5-large or a larger version of GTE) in order
to achieve even higher quality. Another direction
could be a combination of approaches, for example,
using embeddings to initially select candidates
and then accurately match them using a cross-
encoder. Nevertheless, the results already obtained
emphasize the power of modern multilingual
models: even for a relatively low-resource language,
they can significantly improve the quality of
semantic search, which opens up new opportunities
for the development of educational and information
systems in the Kazakh language.
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