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Abstract. Kazakh sign language is the focus of attention among scientists. In
recent decades, increasing attention has been paid to the creation of technologies
capable of removing barriers to communication and interaction between people
with disabilities and society. The lack of a parallel corpus in sign language
opens up the topic of text translation into gloss for urgent and in-depth research.
Unfortunately, digital technologies are not accessible to people with hearing and
speech impairments. Text-to-gloss translation is still relevant for Kazakh sign
language. In particular, because one sign has several meanings, synthesizing it

414



ISSN 1991-346X 2.2026

into gloss in a software environment takes a long time. This article discusses the
translation of text into gloss using five different models based on a multilingual
transformer. That is, it examines whether the models are faster or slower to read and
whether they consume more or less resources. The mBART-large-50, M2M100-
418M, mT5-base, MarianMT, and T5-base were selected for the experiment.
All of these models were trained using the same parameters. The results were
evaluated using widely used standard metrics (BLEU, ROUGE-L, and chrF++),
and a qualitative analysis of the models was also performed. The study found
that larger multilingual models provide more accurate translations. Although the
mBART-large-50 and M2M100-418M models performed well, the other smaller
multilingual models were faster and less resource-intensive. Translating text into a
glossary is still relevant for Kazakh sign language. In particular, because one sign
language has several meanings, synthesizing it into a glossary in a programming
environment takes a significant amount of time.

Keywords: Kazakh sign language, text translation to gloss, multilingual
Transformer platform, BLEU score, training
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AnHoramusi. Kazak bIM TuTi oii ne FameIMAapiablH HazapbiHAa. COHFBI
OHXBUIJIBIKTAP/1a MYMKIH/AIr IEKTEYI )KaHaap MEH KOFaMHBIH KapbIM-KaTbIHACHI
MEH e3apa OpeKeTTeCyIHeTi Kelepriiepi jKoloFa KaOleTTi TeXHOIOTHSIIAP bl
KYpyFa keOipek koHUT Oemiumi. blM TimiHae mapamieasal KOPMyCTHIH a3 O0IyHl,
MOTIH/II ITIOCCKA ay/apy TaKbIpPbIObI ©3€KTi JKOHE TEPEH 3ePTTEyre XKOJI allajbl.
Ce0e0i ecTy xoHe coiiyiey KabieTiHAe meKTey Oap amamaap YIIiH HUQPIBIKBIK
TEXHOJIOTHS OKIHIIIKEe Opail KOJDKETiMci3 Oomibim OThIp. Kazak BIM TiTi YIIiH
oJIiJIe MOTIHHEH TIIOCCKA ayfapy e3ekTi Oosbin Typ. HakTeipak aiiTkanna Oip bIM
TUTIHIH OipHeIe MarHachl OOJIybIHA OAJIAHBICTHI OHBI ITPOrPaMMaJiay OpPTachIHIa
IJIOCCKA CHHTE3/ICY alTapibIKTal yaKbITTHI Tajlall eTelli. byl Makaimama KenTimi
Transformer-ra Herizgenren O0ec TYpii MOIEIbAEPAl KONJAHy apKbLUIbl MOTIHIH
[I0CCKa aylapbulybl KapacThIpbUIaAbl. SIFHH MOACNBACPIIH JKbIIIaMbIpaK
HEMeCe 9JIC13 OKbUIAThIHBI JKOHE PECYPTHIH KOII HEMECE a3 JKYMCalybl 3epTTelei.
ToxipOueni icke aceipy ymin mBART-large-50, M2M100-418M, mT5-base,
MarianMT sxone TS-base Mojeinbaepi Tanma bl by Moaenbaepain OapibiFbiHa
Oipmeli mapaMeTpiep KOJIAaHy apKbUIbI OKBITBUIIBI. HoTwokenmepin keH TapaiaraH
crangaprrap BLEU, ROUGE-L, xone chrF++) merpukanapbiMeH OarasiaHbII,
MOJIeNIBACPTE camnaibl Tajjay jkacaibl. 3epTTey OapbICBIHIA YJIKEH KOITilIi
MOJIIBICP/IIH JIMIpeK aymapMma >KacaWThiHBI aHbIKTangsl. mBART-large-50
xone  M2M100-418M Monenbaepi Kakchl ©OHIMAUIIKTI KepceTce, KalFaH
KIIIIpeK KONTUII MOAENbACD KbUIAAMBIPAK OKBIJIAJIbI, a3 PeCypc KYMCaHTBHIHBI
nonenpeHai. Kasak BIM T YOIiH oJifjle MOTIHHEH IIIOCCKa ayaapy ©3eKTi
Oosbin Typ. HakTeipak aiitkanga Oip bIM TiiHIH OipHelle MarblHACchl OOIybIHA
OaliJIaHBICTBI OHBI TPOTrpaMMaay OpTachlHAA IJIOCCKA CHUHTE3JeY alTapibIKTal
YaKBITTBI TaJar eTesi.

Tyiiin ce3nep: Kazak piM Tini, MOTIHII TIOCCKa ayaapy, kentinai Transformer
Herizi, BLEU Garanay, okpITy
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AunHoTanus. Axmyanrsnocms. KazaxCkuil sI3bIK JKECTOB SIBISCTCS BaKHBIM
HalpaBJICHUCM I/ICC.]'ICILOB&HI/Iﬁ B O6JIaCTI/I NHKIIFO3UBHBIX HI/I(prBI)IX TEXHOJIOI'UH
U 00pabOTKH €CTECTBEHHOTO s3bIKa. B MOCIeAHNE SCATHICTHS BO3pPacTaeT
HOTpC6HOCTL B CO3JaHUMM MHTCIIJICKTYaJIbHbBIX CHUCTEM, CHOCO6HLIX CHHXKATh
Oapbepbl KOMMYHHUKAIlMM MEXIY JIIOABMH C HapyLICHHSMH CIyXa U peuu
u O6HICCTBOM. OHHOI‘/'I M3 aKTyaJIbHBIX 3aJad ABJACTCA NEpCBOA TCKCTAa Ha
[JIOCCUPOBAHHOE MPEACTABICHHUE, MOCKOIBKY JJIS Ka3aXCKOTO s3bIKa JKECTOB
OTCYTCTBYIOT IIOJIHOPA3MCPHBIC MNapauUICIbHBIC KOpPIIyCa, a HCEOAHO3HAYHOCTb
JKECTOBBIX CJIMHUI[ YCIOKHSIET aBTOMAaTHYCCKYH) 00pabOTKYy M CHHTE3 TOJIOCOB.
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Lens. [IpoBecTr cpaBHUTEIBHBIN aHAIH3 MHOTOSI3BIYHBIX TPAHCPOPMHBIX MOJIeIIEH
JUTSI IEPEBOJIA € Ka3aXCKOTO SA3bIKa Ha IJIOCCUPOBAHHOE MPEACTABICHUE U OLICHUTh
WX Ka4eCTBO, CKOPOCTh PabOThI M pecypcoeMKocTh. MeTonbl. B ucciieqoBanuu
pacCcMOTpPEH MEPEeBO] TEKCTA B TIIOCCHI C UCITOJIB30BAaHUEM IISITH MOJIETICH Ha OCHOBE
MHOTOS3bIYHBIX TpaHchopmepo: mBART-large-50, M2M100-418M, mT5-base,
MarianMT u T5-base. Bce Momenu oOy4aimch ¢ MCMOIB30BAaHUEM OIMHAKOBBIX
apameTpoB, 4YT0 00ECIIEUHIIO COTOCTABUMOCTh IKCIICPUMEHTAIbHBIX PE3YJIbTaTOB.
OreHka KayecTBa MepeBoja MPOBOAMIACH C MPUMEHEHHEM pPaCIpPOCTPAHECHHBIX
Metpuk BLEU, ROUGE-L u chrF++, a Taxke kadeCcTBEHHOTO aHaTM3a BBEIXOTHBIX
HOCHCHOB&TCHBHOCTCﬁ. I[OHOHHI/ITCHI)HO AHAJIU3UPOBAJIUCHL  BBIYUCIUTCIIbHAA
CKOpPOCTh MOJIENIe M YPOBEHBb MOTPEOJIICHUsT pecypcoB. Pe3ynbTarsl u BBIBOIBI.
Pesynbrarel WCClieOBaHUs IOKa3ajld, 4YTO Oo0Jiee KpPYIMHBIC MHOTOS3BIYHBIC
Mozl oOecreynBaroT Ooliee TOYHBIM IEepeBOJl C Ka3axCKOTO s3bIKa Ha
mmoccupoBanHoe mpenctasiaeHne. Mogenmn mBART-large-50 u M2M100-418M
MPOJEMOHCTPHUPOBAIIA 0OJiee BHICOKOE KAueCTBO TEPEBOJIA, TOT/[A KaK MECHbBIINE
10 pa3Mepy MOJENH OKa3ajich OBICTpee U MEeHee pecypcoeMKuMu. [lomyueHHbIe
PE3YJIbTAThI MOATBEPKIAIOT HATMYUE KOMIIPOMHUCCA MEX/y TOUHOCThIO TIEpeBO/Ia
Y BBIYUCIUTENBHOHN 3 (heKTUBHOCTRIO. [[pakTHdeckas 3HAaYMMOCTb UCCIIEIOBAHUS
3aKJIFOYAeTCS B BO3MOXKHOCTH MCIIOJIb30BAHMS CPAaBHHUTEIBHOIO aHajlu3a IMpu
BBIOOPE apXUTEKTYPHhI JUIsl CHCTEM aBTOMAaTHYECKOTO TIEPEBOJIa Ka3aXCKOTO TEKCTa
B TJIOCCHI, 00pa30BaTEILHBIX M WHKIIO3UBHBIX ITU(PPOBBIX IIATPOPM, a TaAKXKE
TEXHOJOTUIN NOAJIEPKKH KOMMYHUKALMU JJIA JIIOJIEW C HapyLIEHUSIMU CilyXa U
peun.

KuaroueBble ciioBa: Ka3axCKUM SI3bIK KECTOB, IMEPEBOJ TEKCTa B IJIOCCHI,
IJIOCCHPOBAaHHOE TIPEACTABICHUE, MHOTOS3bIYHBIC TpaHchopmeps, MBART-
large-50, M2M100-418M, mT5-base, MarianMT, T5-base, BLEU, ROUGE-L,
chrF++

Introduction. Kazakh sign language (KSL) is the main method of
communication for deaf citizens in Kazakhstan. Most digital services still uses only
Kazakh written language. Usually it is not problematic, but problem is occurred
when deaf citizens have to deal with urgent information without assistance. Fact
that often surprises non-professional saqwerswqerrdfts is that the sign language
is not “visual version” of the spoken language: it is the separate linguistic system
with own grammar. That is why providing written information (even if it uses
official language) may not always mean that it is samely available for KSL users.

Practical approach to ensuring accessibility is to convert written text into
intermediate symbolic layer. It is easier to deal with them then dealing with
signs. In this study glossary is used as such layer. Here glossary is the sequence
of the standardized tokens which corresponds to the signs. But gloss is not
complete written form of KSL, rather it is the compact notation which is used for
annotation and modelling. The main importance of glossary is that it allows to
represent complex multimodal target to discrete sequence which simplifies usage
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of sequence-to-sequence methods preserving main linguistical cues. Notable that
some small lexemes carry disproportionate large meaning, omitting them the
meaning is changed definitely: questions may become statement or tenses may be
changed. And this is not a bug but it changes the communicative intent.

Thus, translation from text to gloss can become a base for extension of
technological capabilities of KSL. After development of the glossary it may be
used to synthesis of signs, avatar animations, extracting sign content or editing
it manually without recording new videos. Intermediate stage makes more
interpretable the behavior of the system: not translation not completed successfully,
output gloss may illustrate if the model lost the important phrases, incorrectly deals
with negative sentences or repeatedly uses same patterns. However, progress in
KSL s restricted by two structural bottlenecks. Firstly, the count of parallel corpora
to translate Kazakh language to glossary is limited. Secondly, annotation process
is expensive and long as it requires professional signers and consistent labeling
convention: even a little difference may break control and reduce generalization.

Neural Machine Translations (NMT) provides a potential solution to these
constraints through transfer learning. Of all the available methods, the Transformer
architecture stands out. Transformer architecture is an encoder-decoder model
based on a self-attention mechanism. Currently, Transformer is becoming very
popular because it is effective in dealing with long-distance dependencies (Vaswani
et al., 2017). Multilingual pretrained models provide a unified system for multiple
languages. It is very well suited for languages with limited resources, such as
Kazakh (Joshi et al., 2020). It can be easily applied to solve various problems by
configuring it for a specific task.

The models discussed in this article, such as mBART, M2M-100, and mT5,
differ in their language coverage, tokenization methods, and optimization. These
solutions can help in the subsequent generations, especially when the amount of
training data is limited (Liu et al., 2020; Fan et al., 2020; Xue et al., 2021). This
makes them particularly attractive for Kazakh sign language, which has a small
amount of parallel corpora.

However, despite the rapid development of multilingual NMT, less attention
is currently being paid to sign language translation. Most of the work on sign
language focuses on video-to-text translation, where the main challenges lie in
recognizing images from video rather than processing text data (Camgoz et al.,
2018; Camgoz et al., 2020).

On the other hand, it raises additional questions when translating from text to
gloss. For example, how can existing models be adapted, to what extent can they
be adjusted, and how will the size of the model affect performance?

There is also a limitation related to experimental research. In the absence of
carefully prepared tests, the claimed improvement may be due to preprocessing,
optimization, or decoding methods rather than the actual capabilities of a particular
model.

To address the above issues, this article presents the results of a comparative
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analysis of five pretrained Transformer models (mBART-large-50, M2M100-
418M, mT5-base, MarianMT, and T5-base). These five models were tested with
similar configurations and fine tuning. They were evaluated using standard metrics
such as BLEU, ROUGE-L, and chrF++. The main goal of this experimental study
is to determine how multilingual pretraining performs for Kazakh sign language.
The following questions were also considered: (1) Which model shows the
best results in gloss generation? (2) How different are the models in terms of
performance for the Kazakh language? (3) Which types of errors are most resistant
to correction and why?

Literary review. Sign language is fully developed and consists of a natural
language that is expressed through movements of the face, body, and hands. Sign
languages have their own distinct grammatical systems and vocabularies (Bragg et
al.,2019). Government agencies provide written information to deaf and hard-of-
hearing people. As a result, an asymmetrical communication environment arises
everywhere, as they do not have access to all the necessary government services.
This is because deaf and hard-of-hearing people do not have a standardized writing
system.

Therefore, sign language translation should be viewed not only as a convenience
for deaf and hard-of-hearing people, but also as an important tool for improving
access and reducing inequality in healthcare, education, and government digital
services. Real-time sign language translation systems must meet the high latency
requirements of practical applications while maintaining semantic accuracy when
trained on real-world data.

These limitations are particularly important when inaccuracies in translation
can have various consequences (Papatsimouli et al., 2023). From a scientific
point of view, accuracy and adaptability to internal and external changes in sign
language translation are considered interrelated, as they promote the use of a
modeling approach rather than simple conversion.

Most modern sign language translation systems, including the SLT system, use
intermediate spaces to facilitate multimodal correspondence processing (Liang et
al., 2023). Using a set of methods and techniques, sign2gloss2text converts a sign
language image into a text gloss, which is then translated into spoken language.
Thus, a gloss can be understood as a compact text representation, since words are
extracted from it and translated into sign language.

The difference between standard text form and gloss text in sign language has
practical significance. Gloss sequences are subject to systematic sources of noise.
In particular, annotators may differ in how they segment or mark up a given text
in a given sign language. Gloss dictionaries vary across different datasets and
research groups (Liang et al., 2023). However, despite their shortcomings, glosses
are used continuously in practice. That is, they convert continuously moving
video into a sequence of characters. This allows the use of traditional “chain-to-
chain” models. Manual glossing is a costly and labor-intensive process, and there
is growing interest in model architectures and training schedules that reduce the
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amount of costly intermediate supervision (Camgoz et al., 2020; Lin et al., 2023).
Therefore, researchers are looking for an optimal way to introduce glosses that
does not require a lot of labor and resources.

A lot of researchers worked closely on CSLR even before it became possible
to develop truly reliable sign language translation. This is because continuous
conversion of all data through recognition into translation streams based on a
glossary is a necessary condition. During an experiment on continuous sign
language recognition using the CSLR method, it was found that visual space
and time are closely related in sign language. That is, the study found that finger
movements, facial expressions indicating internal states, and head movements are
interrelated. It is important to note that each of these movements conveys different
grammatical information (Rastgoo et al., 2021). In the process of recognizing
sign language and individual signs, the CSLR system immediately detects small
changes in external gestures. In particular, changes in gestures during speech,
changes in posture, as well as shading or overlapping of objects. These variations
make it difficult for the system to distinguish between linguistically meaningful
movements and non-linguistic movements (Cheok et al., 2019).

The researcher (Koller et al., 2018) believes that the application of deep
learning has significantly improved it by systematically organizing the
spatiotemporal representation of sign language data. To prove this, the Deep
Sign project demonstrated that large-scale training combined with appropriate
temporal modeling can lead to a significant increase in the accuracy of continuous
recognition. Modern methods have been proposed to reduce the number of
simultaneously perceived meaningful texts, as well as the additional gestures
required to understand the meaning of these texts. However, this approach is
problematic in design due to the large amount of data (Li & Meng, 2022). As
a result, continuous translation work aimed at maximizing efficiency suffers in
real-world conditions. That is, errors made in the perception of ambiguous texts
are systematic in nature, as they have a high potential for direct propagation to
subsequent translations.

Transformer-based models have been found to be highly effective in sign
language translation. In particular their mechanism is so effective that it allows
for modeling long distances and understanding and coordinating information from
various sources, such as video and text, at a high level. The “chain-to-chain” rule
is used in neurotranslation research on sign language. According to this rule, it
is considered more effective to link video sequences with spoken language. Its
advantage is that cascading recognition allows for systematic analysis in accordance
with a single training and evaluation rule in the translation process (Camgoz et al.,
2018). In response to the above-mentioned problems, Sign Language Transformers
has developed a scalable structure for sign language translation. The main purpose
of the device is to reduce the accumulation of errors inherent in rigid cascade
pipelines by combining recognition and translation (Camgoz et al., 2018).

Some researchers have shown that glosses are not essential for the system. A
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method has been proposed for representing the compatibility of video and sign
language translation in text without using glosses and without losing the main
meaning. This method provides high-quality translation by teaching the system
the relationship between sign language and speech. It uses additional signals to
establish semantic links between video and text. This means that intermediate
labels, which are often checked when using the model, are clearly unnecessary (Li
et al., 2025). One of the main reasons for abandoning the use of glosses is to use
convenient solutions and prevent data corruption (Lin et al., 2023).

On the other hand, the ability to translate sign language without the help of
gloss has been proven to be poor. Yes, although it is possible to translate sign
language into text using video, the second problem is that written text can only
be translated with the help of gloss. To use it to convert the translated gloss into
sign language (Liang et al., 2023). The use of glosses has contributed significantly
to the development of sign language. The text is intended to be used to reveal
meaning and is interpreted using gestures. An example of this is the Text2Sign
system. The system clearly demonstrates the possibilities of creating gestures
for intermediate scenes (Stoll et al., 2020). Even within a single sign language,
different glossary standards are of particular interest for different language units.
It is considered more appropriate to view a glossary as a program interface rather
than a linguistic transcription. The conversion of text into a glossary depends not
only on the architecture of the model, but also on the correct construction of the
dataset. Otherwise, data truncation and other obstacles may arise (Matsumoto et
al., 2000).

There are certain requirements for the gloss-to-text conversion model to
work correctly. With fewer parallel corpora, the translation capabilities are more
limited. This is because the quality of the translation depends on the amount of
data collected. For example, suppose there is little data, but the translation of a
chemical subject common to both languages into gloss will be of low quality due to
the small amount of data, i.e., the parallel corpus (Haddow et al., 2022; Ranathunga
et al., 2023). This requirement also applies to neural machine translation. This is
because high-quality translation is not possible when working with a small amount
of data in neural machine translation. (Dabre et al. , 2021).

There is also an approach to modeling based on subwords. Itisused for languages
with complex morphology. In this method, words taken from the dictionary are
removed, and words that have not been encountered before are recognized. To
increase the stability of the model, one text can be divided into several lines, and
regularization can be used to visualize the quality of the model (Kudo, 2018).
Another approach is to use multilingual training mode to train models on a small
number of examples without any training. This feature helps translate common
multilingual scenes from annotated data sources without supervision (Johnson et
al., 2017). The lack of a parallel corpus for translation from Kazakh to the glossary
is also exacerbated by the lack of a single standard for the glossary.

There are several approaches that have proven beneficial when translating
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sign language into text. First, let’s look at the BART structure. It reduces noise
through pre-training and effectively builds a generative model for text generation.
The next model is the Transformer model, which is pre-trained using a chain-of-
chains approach. This model provides reliable initialization because it encodes
general linguistic patterns in its parameters (Lewis et al., 2020). mBART reduces
noise similarly to the BART structure mentioned above. However, it extends
pre-training to a multilingual environment, using pre-training to reduce noise. It
has been shown that initializing the encoder and decoder significantly improves
translation scenarios in resource-limited and domain-specific environments (Liu
et al., 2020).

Text-to-text formulation in T5 allows wide range of NLP tasks including
translation to be represented as conditional generation task within the same
framework(Raffel et al., 2019). Further, mT5 adapted this paradigm to multilingual
pretraining for more than 100 languages (Xue et al. , 2021). Simultaneously,
developed a lot of other multilingual systems, such as M2M-100, which lets to
deal with non-English texts (Fan et al., 2020). Also tools are essential here:
Marian provides an efficient and research oriented toolkit for NMT which reduces
implementation costs and evaluation proccess (Junczys-Dowmunt et al., 2018).

Overall, these findings stimulate comparative analysis in pretrained multilingual
Transformers. Differences of the models are in the objectives of pretraining, in
language coverage or in capacity allocation, and it may impact on performance
when the training data is limited as in Kazakh Sign Language.

Kazakh Sign Language (KSL) remains considerably under-resourced in
comparison with more extensively studied sign languages, and only recently has
the literature begun to report reusable parallel resources. Initial efforts have focused
on constructing corpora that align Kazakh written text with KSL data, thereby
establishing the basic prerequisites for systematic model training and evaluation
(Yerimbetova et al. , 2025). At the same time, much of the existing KSL-related
research continues to concentrate on recognition-oriented tasks, such as alphabet
or gesture classification. While these directions are valuable, they do not directly
address the translation problem that lies at the core of many accessibility-oriented
applications (Buribayev et al., 2025).

Todate, there has been no controlled and reproducible comparison of multilingual
encoder-decoder architectures for translation from Kazakh to gloss during training
and decoding. To address this issue, this paper conducts a comparative analysis
of five pre-trained Transformer models, supplemented by a targeted analysis of
linguistically significant shortcomings, using a unified fine-tuning protocol and a
common set of automated evaluation metrics.

In particular, there are still a number of unresolved issues in translating from
Kazakh into the glossary. These include: (i) the limited and potentially inconsistent
nature of glossary conventions, (ii) apparent sensitivity to tokenization choices
and morphological variations, and (iii) uncertain behavior during transfer when
multilingual pre-trained models are adapted to glossary notation that does not
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correspond to the standard written language. The situation is further complicated
by evaluation: recent metric studies show that automatic evaluations may only
imperfectly correlate with semantic preservation, especially for short, template-
based, or appearance-dependent outputs (Lee et al., 2023).

Overall, existing research still does not provide a controlled and reproducible
comparison of multilingual encoder-decoder architectures for translation from
Kazakh to glossary. To fill this gap, this paper conducts a comparative analysis
of five pre-trained Transformer models, supplemented by a targeted analysis of
linguistically significant shortcomings, using a common tuning protocol and a
common set of automatic evaluation metrics.

Materials and methods. In this section, the method of translation from Kazakh
language to KSL using Transformer architecture is described. The structure of
Transformer architecture is illustrated in Figure 1.

Transformer Network
Encoder

Attention

Kazakh Sentence Feed Forward Generated Gloss
Encoder-Decoder Atiention Sequence (KSL)

Feed Forward

Feed Forward

Kazakh-to-Gloss Mapping Task

Figure 1 — Architecture of the Kazakh-to-Gloss translation model based on an encoder--decoder
Transformer. The encoder processes the Kazakh input sequence using multi-head self-attention
and feed-forward layers, producing contextual representations. The decoder generates the gloss
sequence autoregressively using masked self-attention and encoder--decoder (cross) attention.

A. Problem Statement
Suppose that the input sentence is represented as a sequence of tokens

5= (5y,5,...5y ), (1)

and the corresponding target gloss sequence as

g= (9192, . Gnt) 2)

The objective is to learn a model that estimates the conditional probability of
the target sequence given the source

M

P(gls) = | [Plarle< 9 ®

t=1
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where E=: denotes the previously generated gloss tokens.

B. Model Architecture

Transformer architecture is an encoder—decoder model based on a self-attention
mechanism. The encoder converts the input sentence into a sequence of contextual
representations. The decoder outputs a sequence of tokens based on the input
and output of the previous word. The internal components of the Transformer
architecture are shown in Figure 1.

1) Token Embedding and Positional Encoding: To begin with, an embedding
vector is created for each input toke s, and information about the position is stored
there.

Z® = Emb(s) + PosEnc(1:N), (4)

where Z'® £ ®mV*9 denotes the input to the encoder stack and d is the model
dimensionality. Source and target sequences are padded or truncated to a maximum
length of 128 tokens.

2) Encoder Layers: The encoder consists of multiple identical layers, each
comprising multi-head self-attention followed by a position-wise feed-forward
network. For a given layer input , attention projections are computed as

A=ZW®,B=ZW® c=zZw, (5)

where W (e} W) W€} are learned projection matrices.
Scaled dot-product attention is defined as

’__
A Gy

AB'
SA(A,B,C) = scrftmax( ) C, (6)
where d, denotes the dimensionality of each attention head. Multi-head
attention concatenates multiple such heads and applies a linear projection. Multi-
head attention combines several attention mechanisms into a single representation.
Then feed-forward sublayer is applied to each word:

FF[“) = @[“wl + 181]w2 + 1‘92 (7)

Here, @(-) nonlinear activation function. Residual connections and layer
normalization are applied to all sublayers and then these sublayers are normalized.

3) Decoder and Cross-Attention. The decoder is similar in structure to the
encoder, but it works with already generated glosses and translates them one by
one. Let
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RO = Emb(g.,) + PosEnc(1:t — 1) (®)

be the decoder input representation. Masked self-attention applies a causal
mask M:

— ©)
id

ABT+M)
—|C
WV R

MSA = scrﬁrnax(
Encoder--decoder attention conditions the decoder on encoder outputs E:

|'__
A Gy

DE'
CA(D,E) = softmax E (10)
allowing the model to align gloss tokens with relevant source representations.
4) Output Projection: The decoder state r is mapped to the vocabulary
distribution as

P(g.lg<. s) = softmax(W,r, +v), (11
where W and 7y are learned parameters.

C. Optimization Objective

During training, the model compares predicted gloss with correct one and is
penalized for each mismatch. As a result, the model learns t bring its predictions
closer to the correct translation:

M
g=-) logk(gle. 9 (12)
t—1

Empty tokens (padding) are excluded from the process so they don’t affect the
training.

D. Training Configuration

All models are trained under the same conditions with same configurations.
Hugging Face Transformers library is used. Experiments are conducted on an
NVIDIA RTX 3080 GPU with 10 GB of memory. The learning rate is set to
3 % 107, the batch size is 4, and each model is trained for five epochs. Mixed-
precision training is employed in order to reduce memory consumption and
improve computational efficiency.

E. Evaluation
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Model performance is evaluated using BLEU, computed with SacreBLEU. The
BLEU score is defined as

N
BLEU = BP - exp (Z cxﬂlugﬂﬂ), (13)

n=1

where T, denotes modified n -gram precision, ¢, are uniform weights, and
BP is the brevity penalty. After each epoch, the model is evaluated on test sets.

Results. This section reports both quantitative and qualitative results for the
Kazakh to gloss translation task. Five Transformer-based models are evaluated
under identical training conditions, and their performance is compared in terms
of automatic evaluation metrics, training efficiency, and representative translation
examples.

A. Overall Performance Comparison

Figure 2 presents a comparison of BLEU scores across the evaluated
Transformer models, together with their corresponding training times. Among all
models, mBART-large-50 achieves the highest BLEU score, followed closely by
M2M100-418M. Models with fewer parameters, such as MarianMT and T5-base,
exhibit lower BLEU scores but substantially reduced training time.

The results highlight a clear trade-off between translation quality and
computational cost. Larger multilingual pretrained models benefit from richer
cross-lingual representations, which translate into higher accuracy for gloss
generation.

B. Quantitative Evaluation Metrics

Table 1 summarizes the BLEU, ROUGE-L, and chrF++ scores obtained by all
evaluated models. The relative ordering of systems is consistent across metrics,
with mBART-large-50 achieving the best overall performance, followed by
M2M100-418M and mT5-base.

The nearly seven-point BLEU difference between mBART-large-50 and T5-
base suggests that both model capacity and multilingual pretraining substantially
influence the preservation of semantic content in gloss generation. ROUGE-L
and chrF++ exhibit comparable patterns, indicating that higher BLEU scores are
accompanied by improvements in both sequence-level alignment and character-
level accuracy.
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BLEU Score Comparison Across Multilingual Transformers
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Figure 2 - Comparison of BLEU scores and training time across Transformer models for
Kazakh-to-Gloss translation. Larger multilingual models achieve higher BLEU scores at the cost of
increased training time.

Table 1 — Automatic evaluation results for Kazakh-to-Gloss translation

Model BLEU ROUGE-L chrF++
mBART-large-50 42.7 0.78 0. 61
M2M100-418M 41.9 0.77 0. 60
mT5-base 39.6 0.75 0.58
MarianMT 37.2 0.73 0.55
T5-base 35.8 0.70 0.53

scores correspond to improved sequence-level alignment and character-level
accuracy.

C. Model Size and Training Efficiency

Table 2 reports the number of parameters and the observed training time for
each model. While mBART-large-50 and mT5-base have similar parameter scales,
mT5-base attains slightly lower BLEU scores, suggesting that differences in
architecture and pretraining objectives influence downstream performance beyond
raw model size alone.

Table 2 — Model size and training time comparison

Model Parameters (M) Training Time (hrs)
mBART-large-50 610 6.2
M2M100-418M 418 5.8
mT5-base 580 6.0
MarianMT 300 3.5
T5-base 220 3.0
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MarianMT and T5-base require roughly half the training time of mBART-
large-50, but incur a reduction of approximately 5—7 BLEU points. Such a trade-
off may be acceptable in settings where computational resources are constrained
or rapid experimentation is prioritized.

D. Qualitative Analysis

Table 3 provides representative translation examples that illustrate common
error patterns. Higher-performing models, including mBART and M2M100, tend
to preserve temporal expressions, interrogative markers, and canonical gloss word
order. By contrast, smaller models more frequently omit modifiers or question
particles and show greater variability in word ordering.

Table 3 — Qualitative examples of Kazakh-to-Gloss generation with per-example BLEU (in

parentheses)

Kazakh inpu Reference gloss ~ mBART M2M100 MarianMT | TS
Men yiire epre  MEH Y EPTE ~ MEH Y1 MEH Y MEH YU MEH Y
KeJIeMiH. KEJ EPTEKEJ  EPTE KEJI KEJIEPTE |KEJ (41)

(100) (100) (54)
Bis gykennen  BI3 JIYKEH HAH BI3 JIYKEH  BI3 BI3 HAH BI3 HAH
HAH CaThIIl CATBIIT AJl HAH CATBIIT JIYKEHJIEH |AJIYKEH |AJI(33)
QIBIK, AJI (100) HAH CATBIII | (46)

AJI(82)

Cen eprel CEH EPTEH CEHEPTEH CEHEPTEH |CEHEPTEH CEH
yuusepcurerke  YHUBEPCUTET YHUBEP- VHUBEP- VHUBEP- | VHUBEP-
Gapacer 6a?  BAP MA CUTET BAP CUTETKE CUTET BAP | CUTET

MA (100) BAP MA (78) |(52) BAP (38)

Discussions. These examples indicate that interrogative particles and temporal
modifiers are especially prone to omission in lower-capacity models. Such errors
are of particular importance in sign language contexts, where these elements are
often realized through distinct facial expressions or specific signing patterns.

Overall, the experimental findings reveal a consistent relationship between
model capacity, multilingual pretraining, and Kazakh-to-gloss translation quality.
Larger models, including mBART-large-50 and M2M 100, achieve higher BLEU,
ROUGE-L, and chrF++ scores, reflecting improved preservation of both semantic
content and gloss-level structure. This performance gain, however, is accompanied
by increased training time and computational cost.

By contrast, smaller models such as MarianMT and T5-base converge more
quickly and require substantially fewer resources, but they exhibit systematic
omissions of temporal modifiers and interrogative markers in qualitative analyses.
These shortcomings are particularly consequential for sign language processing,
where such elements frequently correspond to grammatical distinctions and non-
manual features.

The resulting trade-off between accuracy and efficiency suggests that model
selection should be informed by application-specific constraints. High-precision
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gloss generation pipelines are better served by larger multilingual models, whereas
resource-limited scenarios may favor smaller architectures despite reduced
semantic completeness.

Taken together, the reported results establish strong baseline performance for
Kazakh-to-gloss translation and offer empirical guidance for the development of
future Kazakh Sign Language systems, including downstream sign synthesis and
avatar-based generation.

Conclusion. This paper presented a systematic investigation of Transformer-
based models for Kazakh-to-gloss translation as a foundational step toward
computational processing of Kazakh Sign Language. By formulating the task
within a sequence-to-sequence framework and evaluating multiple multilingual
pretrained architectures under a unified experimental protocol, we established
clear performance baselines for this under-resourced setting.

The experimental results show that larger multilingual models, most notably
mBART-large-50 and M2M100-418M, deliver superior performance across
BLEU, ROUGE-L, and chrF++ metrics. In contrast, smaller models achieve
shorter training times but exhibit reduced semantic completeness. Qualitative
analyses further indicate that lower-capacity models tend to omit temporal
modifiers and interrogative markers, elements that play an important linguistic
role in sign language representations.

Taken together, these findings underscore a practical trade-off between
translation quality and computational efficiency, suggesting that model choice
should be informed by the requirements of the intended application. This study
provides an initial benchmark for Kazakh-to-gloss translation and establishes
a foundation for future work on end-to-end Kazakh Sign Language systems,
including integration with sign synthesis components and evaluation involving
native signers.
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