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Abstract
Conceptual glossing involves a systematic linguistic transformation in which the models must preserve meaning,
grammatical integrity, and punctuation while turning the real language into a more structured structure. The purpose
of this study is to assess the accuracy and dependability of glosses produced by these models by juxtaposing them
with human-annotated standards, investigating whether the models maintain essential linguistic characteristics. By
identifying the strengths and weaknesses of each model, we want to determine which architectures are most suitable
for organized language tasks, such as glossing. This may reduce the manual labor required for linguistic annotation
by experts while maintaining superior quality outcomes. And help deaf signers with weak reading skills interpret
written paragraphs into glosses, making them more comprehensible and naturally looking to them. Text-to-gloss
translation converts written or spoken language into sign language glosses, enhancing accessibility for the Deaf and
Hard of Hearing (DHH) community. This pilot study evaluates four large language models (LLMs): GPT-4-turbo, Grok
3, Deepseek-V3, and Gemini 20 Flash to generate conceptual glosses in Kazakh-Russian Sign Language (K-RSL),
still an under-resourced sign language. Using a dataset of 250 Russian sentences with expert-annotated K-RSL
glosses, we assess performance across METEOR, BLEU, BERTScore, and WER. Results show Deepseek-V3 excels
on complex texts (METEOR: 0.426 for K-RSL word order, 0.377 for fairytale paragraphs), while Gemini 20 Flash
performs strongly on short sentences (METEOR: 0.602). These findings demonstrate LLMs’ potential to automate
gloss production, reducing manual annotation and aiding DHH individuals with reading comprehension. Challenges
include K-RSL’s unique grammar and limited datasets. This is the first study to apply LLMs to K-RSL glossing and
examine the potential efficacy of autonomous gloss production.
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1. Introduction

Text-to-gloss (Text2Gloss) translation converts writ-
ten or spoken language into sign language glosses,
textual representations of signs, to improve acces-
sibility for the Deaf and Hard of Hearing commu-
nity. It has been proven that deaf students expe-
rience a higher degree of limitations and, unfortu-
nately, in the end, they may usually have a lower
knowledge or insufficient reading and writing skills
(Morere, 2012; Sarchet et al., 2014; Hrastinski and
Wilbur, 2016; Takahashi et al., 2017; Alqraini, 2018;
González-Cuenca et al., 2024). According to the
observations of the interpreters with whom we co-
operate, even deaf signers with higher reading and
writing skills may usually experience cognitive bur-
dens when reading long sentences in Russian or
Kazakh and have to divide concepts into glosses
in mind, and prefer to express their communica-
tion using concepts sequences which are more
similar to gloss annotations, usually paying less at-
tention to proper word order of Kazakh or Russian
sentences. In Kazakhstan, deaf signers may gen-
erally face difficulties reading Russian or Kazakh
and require additional elaborations due to fewer
educational opportunities (Imashev et al., 2024a),
thus may prefer gloss-like sequences to grasp the
idea. Although transformer-based models have ad-

vanced Text2Gloss for languages like American
Sign Language (Stoll et al., 2018), K-RSL remains
understudied and large language models (LLMs)
have not been applied to this task.

This pilot study evaluates four LLMs: GPT-4-
turbo (Shafik, 2024), Grok 3 (Carvalho et al., 2025),
Deepseek-V3 (Lu et al., 2024), and Gemini 20 Flash
(Imran and Almusharraf, 2024) for generating K-
RSL glosses from Russian sentences. We address
the gap in applying LLMs to low-resource sign lan-
guages, focusing on K-RSL’s unique features. Our
contributions are:

• The first evaluation of LLMs for Text2Gloss in K-
RSL, using 250 expert-annotated sentences.

• Comprehensive analysis across semantic and
structural metrics (e.g., METEOR, BLEU).

• Insights into model suitability for short and long
texts, aiding DHH accessibility.

• Publicly available dataset and code for repro-
ducibility.

The paper is organized as follows: Section 2 re-
views related work, Section 3 describes our method-
ology, Section 4 presents results, Section 5 dis-
cusses findings, and Section 6 concludes.
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2. Related work

Machine translation (MT), the automated conver-
sion of text from a source language to a target
natural language, has undergone significant ad-
vancements in recent decades. Neural Machine
Translation (NMT) has emerged as a state-of-the-
art technology to address the shortcomings of previ-
ous translation methodologies. In contrast to such
methodologies, the NMT approach aims to delin-
eate and train a neural network capable of accom-
modating broader textual context windows in a flex-
ible manner (Bahdanau et al., 2014).

Unfortunately, Sign Language Machine Transla-
tion (SLMT) cannot directly employ machine trans-
lation methodologies designed for written language
translation. Early systems relied on Statistical Ma-
chine Translation (SMT) to generate glosses for
sign languages like Spanish Sign Language (San-
Segundo et al., 2012), often using glosses as in-
termediaries for 3D avatar rendering. These ap-
proaches struggled with limited datasets and com-
plex sign language grammar. Recent advances
leverage Neural Machine Translation, with Recur-
rent Neural Networks (RNNs) (Stoll et al., 2020) and
transformer architectures (Saunders et al., 2020;
Zhu et al., 2023) achieving higher accuracy. For
instance, Saunders et al. (2022) reported state-
of-the-art BLEU scores for Deutsche Gebärden-
sprache (DGS) using transformers on the RWTH-
PHOENIX14T dataset (De Martino and Christinele,
2024). Enhancements like syntax-aware trans-
formers, which incorporate dependency parsing
into embeddings (Gómez et al., 2021), and trans-
fer learning with pre-trained models like mBART
(Egea Gómez et al., 2022) have further improved
glossing quality for high-resource sign languages
such as American Sign Language (ASL).

Despite these advances, most Text2Gloss re-
search focuses on well-resourced sign languages,
leaving low-resource languages like Kazakh-
Russian Sign Language (K-RSL) underexplored.
K-RSL, used by deaf communities in Kazakhstan,
features unique grammatical structures, the usual
omission of prepositions, and less attention to
proper written Kazakh or Russian word order gram-
mar rules, which may challenge standard transla-
tion models (Imashev et al., 2024b). Existing K-RSL
studies usually provide annotated corpora but lack
automated glossing solutions, relying on manual
expert annotation.

Large Language Models (LLMs) have trans-
formed NLP tasks, excelling in text generation
and multilingual processing. Models like GPT-4,
Deepseek-V3, and Gemini 20 Flash leverage vast
pre-training datasets to handle complex linguistic
transformations, yet their application to Text2Gloss
remains limited. Recent work (De Martino and

Christinele, 2024) explored LLMs for glossing in
DGS, but no studies have addressed K-RSL. Our
pilot study is the first to evaluate LLMs (GPT-4-
turbo, Grok 3, Deepseek-V3, Gemini 20 Flash) for
K-RSL Text2Gloss, addressing this critical gap and
paving the way for accessible NLP solutions in low-
resource sign languages.

3. Experimental setup

We evaluated four large language models (LLMs):
GPT-4-turbo, Grok 3, Deepseek-V3, and Gemini
20 Flash — for generating K-RSL glosses from
Russian sentences. These models were selected
for their complementary strengths: GPT-4-turbo
and Gemini 20 Flash excel in multilingual NLP, han-
dling Russian’s complex morphology; Deepseek-
V3 is optimized for structured reasoning, suitable
for glossing’s formalized transformations; and Grok
3 offers robust general language understanding,
providing a baseline for comparison.

The dataset comprises 250 short Russian sen-
tences, each paired with expert-annotated K-RSL
glosses, sourced from datasets used in linguistic
studies of Kuznetsova et al. (2022); Imashev et al.
(2020). A professional K-RSL interpreter curated
the glosses, ensuring fidelity to K-RSL conventions.
The dataset is divided into three subsets to capture
K-RSL’s linguistic diversity.

The first set of written translations was created
in a manner that most deaf signers would write in
a text message (see Figure 1).

Figure 1: Examples of WhatsApp messages inter-
preters usually receive from deaf signers who prob-
ably have higher writing skills: not skipping prepo-
sitions, make less mistakes and use proper cases
and numbers of nouns, verb forms, and tenses
quite often.

The second set (see Figure 2) is similar to the
previous one, but skipping prepositions or merging
them with the nearest gloss if there is a sign that
has that meaning such as UMENYA: U (a posses-
sive preposition) + MENYA (an object pronoun) =
UMENYA for the sign meaning "I Have" or even just
"I"(with meaning HAVE); or NOT+NEED= NONEED
(for the sign that means "there is no need to ..."),
and others. The third set included glosses with
K-RSL word order only - without any prepositions.
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Additionally, we included paragraphs from Alice in
Wonderland, glossed in K-RSL, to test performance
on longer, narrative texts. This dataset spans di-
verse grammatical structures, semantic nuances,
and punctuation patterns, challenging models to
preserve meaning and structure.

Figure 2: Examples of WhatsApp messages inter-
preters receive from deaf signers who skip preposi-
tions and use words in a manner closer to glosses.

Figure 3: Some similar outputs of Copilot and Gem-
ini 20 Flash

Figure 4: One letter difference

Each model received the prompt: “Convert each
Russian sentence into a conceptual K-RSL gloss,
preserving all punctuation”. The examples of se-
lected LLMs outputs are presented in Figures 5 -
7.

We noticed that Copilot and Gemini 20 Flash
produced almost the same outputs in most cases,
which can be explained by the fact that Copilot
utilizes Gemini under the hood. We were also in-
terested in testing such LLMs with longer textual
paragraphs. So, several fairytale passages have
been used without testing Copilot (see Figure 9).

Figure 5: An example of one letter difference case
keeping the same meaning in Kazakh

Outputs were compared against expert glosses
using a suite of metrics: METEOR for semantic
similarity, BLEU-1 to BLEU-4 for n-gram precision,
BERTScore for contextual similarity, and Word Er-
ror Rate (WER) for word-level errors. These metrics
evaluate both meaning preservation and structural
accuracy, critical for glossing’s dual demands.

This setup enables a robust comparison of model
performance across short and long texts, address-
ing K-RSL’s unique grammar while providing in-
sights into LLM suitability for low-resource sign lan-
guage tasks.

4. Results

Initially, our goal was to provide a comparative
evaluation of the outputs of five models: we evalu-
ated four large language models (LLMs): GPT-4-
turbo, Grok 3, Deepseek-V3, Copilot, and Gemini
20 Flash.

For several cases from the first 20 sentences,
Copilot and Gemini 20 Flash provided very sim-
ilar output, but Gemini 20 Flash outputs looked
much closer to the real GLOSS manner (see Fig-
ure 3). In only several cases, the difference was just
about one letter, which in modern written Russian
is allowed to be replaced if it does not change the
meaning (see Figure 4); similar cases may happen
for the Kazakh language as well, such as rakhmet
and raqmet (meaning "thanks") (see Figure 5). The
other longer sentences were almost the same as
the given sentences.

Thus, it has been decided to compare four large
language models GPT-4-turbo, Grok 3, Deepseek-
V3, and Gemini 20 Flash on generating K-RSL
glosses from 250 Russian sentences and Alice
in Wonderland paragraphs, comparing outputs
to expert-annotated glosses. Performance was
assessed using METEOR (semantic similarity),
BLEU-4 (n-gram precision), BERTScore (contex-
tual similarity) and WER (word-level errors), captur-
ing meaning preservation and structural accuracy.
Table 1 summarizes the results in three sentence
subsets (Set 1: gloss manner but closer to normal
text, Set 2: gloss manner with missed or merged
prepositions, and Set 3: K-RSL word order) and
fairytale paragraphs. To provide a detailed com-
parison of the performance of the LLMs evaluated
across the four experimental sets, we compiled a
comprehensive table of evaluation metrics. This ta-
ble includes METEOR, CHRF, BERTScore, BLEU-
1, BLEU-2, BLEU-3, BLEU-4, ROUGE-L, WER,
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Figure 6: Examples of LLMs outputs for set #1

Figure 7: Examples of LLMs outputs for set #2

Figure 8: Examples of LLMs outputs for set #3
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Figure 9: Examples of LLMs outputs for the fairytale paragraphs

Exact Match, and TER, capturing semantic fidelity,
structural accuracy, and error rates for each model
(see Table 2 with consolidated performance met-
rics for all evaluated datasets (Set #1, Set #2, Set
#3, and “Fairytale” paragraphs.

Gemini 20 Flash excels on Sets 1 and 2, achiev-
ing the highest METEOR (0.602, 0.592), BLEU-
4 (0.265, 0.253), and BERTScore (0.895, 0.890),
and lowest WER (0.541, 0.575). This suggests
strong semantic and structural fidelity for short
glosses, likely due to its multilingual NLP capa-
bilities. Deepseek-V3 outperforms others on Set
3 (METEOR: 0.426, BLEU-4: 0.135) and fairytale
paragraphs (METEOR: 0.377, BLEU-4: 0.073), in-
dicating robustness for complex K-RSL grammar,
attributed to its structured reasoning design. GPT-
4-turbo shows moderate performance (e.g. ME-
TEOR: 0.394, WER: 0.675 for Set 3), while Grok
3 consistently lags (e.g., METEOR: 0.377, WER:
0.745 on Set 2), possibly due to less optimization
for K-RSL’s linguistic nuances.

High BERTScore values (0.790–0.895) across
models indicate robust conceptual equivalence, de-
spite low BLEU-4 scores (0.008–0.265), reflecting
glossing’s tolerance for functional variation (e.g., “I
GO SHOP” vs. “I SHOP GO”). WER varies widely
(0.541–1.706), with Gemini and Deepseek-V3 min-
imizing errors in shorter texts. Fairytale results
show lower performance overall, likely due to nar-
rative complexity, with Deepseek-V3 maintaining
the lead. These findings highlight the suitability
of Gemini 20 Flash for concise glosses and the
strength of Deepseek-V3 for longer, grammatically
intricate texts, informing model selection for K-RSL
accessibility applications.

5. Discussion

Our evaluation demonstrates that large language
models (LLMs) can effectively generate K-RSL

glosses, paving the way for automated accessi-
bility tools for Kazakhstan’s Deaf and Hard of
Hearing community. Gemini 20 Flash excels on
short, text-like glosses (METEOR: 0.602 for Set
1, 0.592 for Set 2), adeptly capturing K-RSL’s con-
cise, preposition-free syntax, likely due to its ro-
bust multilingual NLP capabilities. Deepseek-V3
outperforms on complex texts (METEOR: 0.426
for Set 3, 0.377 for fairytale paragraphs), navi-
gating K-RSL’s non-linear word order and gestu-
ral polysemy through structured reasoning. High
BERTScore values (0.790–0.895) across models
indicate strong semantic equivalence, while moder-
ate WER (0.541–1.706) reflects K-RSL’s tolerance
for functional variations, such as “I GO SHOP” ver-
sus “I SHOP GO”. These results highlight LLMs’
ability to address K-RSL’s linguistic challenges, en-
abling scalable gloss production for applications
like educational platforms, sign language subtitles,
and literacy aids.

Some studies already utilize computer-based text
simplification to enhance the clarity of inquiries;
methodologies for text simplification in Kazakh
(Toleu et al., 2025) and Russian (Dmitrieva et al.,
2021) have already been established. However, in
our case, there are concerns that text simplifica-
tion may not adequately address the challenges
posed by sign polysemy and the requirement to use
glosses from the selected K-RSL sign language,
thereby ensuring that Deaf and Hard of Hearing
(DHH) respondents can fully understand the texts.
The comprehension of concepts with closely related
translations in sign language can be particularly
confusing for deaf participants.

Ethically, LLMs also risk encoding biases or over-
simplifying K-RSL’s culturally nuanced signs, poten-
tially misrepresenting context-dependent gestures
and erode trust between deaf signers. Co-design
with K-RSL communities is critical to validate out-
puts and ensure cultural fidelity. By reducing the
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Model METEOR BLEU-4 BERTScore WER
Set 1: Text-like Glosses

GPT-4-turbo 0.392 0.121 0.846 0.690
Grok 3 0.383 0.107 0.830 0.722
Deepseek-V3 0.523 0.225 0.885 0.545
Gemini 20 Flash 0.602 0.265 0.895 0.541

Set 2: Merged Prepositions
GPT-4-turbo 0.388 0.119 0.843 0.705
Grok 3 0.377 0.105 0.827 0.745
Deepseek-V3 0.517 0.220 0.880 0.573
Gemini 20 Flash 0.592 0.253 0.890 0.575

Set 3: K-RSL Word Order
GPT-4-turbo 0.394 0.122 0.850 0.675
Grok 3 0.361 0.107 0.833 0.715
Deepseek-V3 0.426 0.135 0.852 0.695
Gemini 20 Flash 0.309 0.089 0.829 0.811

Fairytale Paragraphs
GPT-4-turbo 0.343 0.016 0.821 0.980
Grok 3 0.277 0.020 0.813 1.006
Deepseek-V3 0.377 0.073 0.839 0.912
Gemini 20 Flash 0.259 0.008 0.790 1.706

Table 1: Performance of LLMs on K-RSL Text2Gloss. Best scores are bolded.
Model METEOR CHRF BERTScore BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L WER Exact Match TER

Set 1: Text-like Glosses
GPT-4-turbo 0.392 50.20 0.846 0.373 0.232 0.158 0.121 0.392 0.690 0.073 65.26
Grok 3 0.383 46.83 0.830 0.341 0.205 0.143 0.107 0.369 0.722 0.053 68.38
Deepseek-V3 0.523 62.16 0.885 0.544 0.388 0.290 0.225 0.555 0.545 0.186 52.08
Gemini 20 Flash 0.602 65.21 0.895 0.584 0.433 0.343 0.265 0.582 0.541 0.235 48.54

Set 2: Merged Prepositions
GPT-4-turbo 0.388 49.97 0.843 0.367 0.226 0.155 0.119 0.386 0.705 0.069 66.63
Grok 3 0.377 46.57 0.827 0.332 0.197 0.139 0.105 0.361 0.745 0.053 70.26
Deepseek-V3 0.517 61.73 0.880 0.530 0.376 0.280 0.220 0.541 0.573 0.178 54.26
Gemini 20 Flash 0.592 64.58 0.890 0.567 0.412 0.324 0.253 0.565 0.575 0.223 51.24

Set 3: K-RSL Word Order
GPT-4-turbo 0.394 48.56 0.850 0.408 0.222 0.160 0.122 0.418 0.675 0.048 63.25
Grok 3 0.361 42.83 0.833 0.350 0.197 0.144 0.107 0.378 0.715 0.057 68.56
Deepseek-V3 0.426 53.80 0.852 0.439 0.249 0.176 0.135 0.443 0.695 0.091 65.16
Gemini 20 Flash 0.309 43.89 0.829 0.317 0.148 0.107 0.089 0.328 0.811 0.029 78.15

Fairytale Paragraphs
GPT-4-turbo 0.343 41.08 0.821 0.237 0.100 0.030 0.016 0.298 0.980 0.000 95.93
Grok 3 0.277 41.31 0.813 0.252 0.073 0.033 0.020 0.270 1.006 0.000 98.99
Deepseek-V3 0.377 44.92 0.839 0.291 0.143 0.103 0.073 0.317 0.912 0.000 90.16
Gemini 20 Flash 0.259 37.96 0.790 0.149 0.033 0.013 0.008 0.225 1.706 0.000 170.57

Table 2: Consolidated results of LLMs on K-RSL Text2Gloss. Best scores are bolded.

reliance on manual annotation, LLMs can democ-
ratize access to K-RSL resources, but their deploy-
ment must prioritize community-driven evaluation
to align with deaf signers’ needs and linguistic di-
versity.

6. Limitations

The dataset’s modest size (250 sentences) and a
single annotator may limit generalizability across
K-RSL’s varied registers, such as informal versus
formal signing. The fairytale subset, while useful for
testing narrative complexity, is less representative
of everyday K-RSL communication, constraining
practical insights for real-world applications. Ad-
ditionally, the evaluation focused on gloss accu-
racy without assessing usability by deaf signers, a

critical gap for accessibility tools. Future studies
should incorporate larger, multi-annotator datasets
and participatory testing with K-RSL communities
to enhance robustness and relevance.

7. Conclusions and Future Work

This pilot study is the first to evaluate LLMs
for K-RSL Text2Gloss, demonstrating Gemini 20
Flash’s efficacy for short glosses and Deepseek-
V3’s strength for complex texts. These findings
highlight LLMs’ potential to automate gloss pro-
duction, improving accessibility for deaf signers in
Kazakhstan. Future work includes: (1) expanding
datasets with diverse K-RSL texts, (2) engaging
multiple annotators for robust validation, (3) con-
ducting usability studies with deaf signers, and (4)
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fine-tuning LLMs to capture K-RSL’s gestural and
cultural nuances.

To this end, there is still room for dataset improve-
ment (greater datasets are needed for K-RSL), nu-
ances of each sign language should be taken into
account for the future step of proper Gloss2Text
interpetation: for example, glosses related to pro-
fessions are usually presented by glosses of two
signs (DOCTOR = HEALTHCARE + PERSON), or
concepts that may also be represented by several
glosses (FRIDGE = FREEZE + BOX). Other types
of gloss-sign mismatches. For example, ME and I
are manifested by the same sign. Sign languages
have unique grammatical structures that differ from
spoken languages. Phenomena that occur in the
local sign language, such as sign variability, sign
polysemy, or phonological minimal pairs (Imashev
et al., 2024a) should also be taken into account for
future linguistically correct Gloss2Text interpreta-
tion. For example, there is a sign that has three
different meanings: WEATHER, NATURE, and AIR,
which should be stored like WNA-1, WNA-2, and
WNA-3 in the corpus, but appear proper words
(meanings) for user-end translation.

Neural Machine Translation (NMT) has arisen as
a cutting-edge technology to address the deficien-
cies of earlier translation methods, especially in
low-resource contexts (Ranathunga et al., 2023;
Haque et al., 2021), and has already been im-
plemented in the Kazakhstani setting (Yeshpanov
et al., 2024; Kozhirbayev, 2024; Kozhirbayev and
Islamgozhayev, 2023; Yessenbayev et al., 2020).

The sign language used in Kazakhstan is based
on the signing system developed in the USSR, so
deaf signers usually use the same signs for the
same concepts, but with different mouthings related
to the spoken language (Kazakh or Russian), ex-
cept for local concepts (traditional dishes, famous
figures, and landmarks). Nevertheless, testing the
gloss generation from Kazakh and code-switching
written sentences will be quite interesting, consid-
ering that nowadays people in Kazakhstan often
utilize components of both languages in informal
text communication.

Conducting a user study juxtaposing LLMs from
the perspective of potential end users (deaf signers)
to determine which model may be more convenient
and desirable for their everyday use is also advis-
able.

Despite the promising performance of several
LLMs tested, LLM outputs should be evaluated by
potential end-user stakeholders: native deaf sign-
ers. Let all outputs be evaluated by deaf people
of different age, education, occupation, and skills.
Perhaps a separate methodology should be es-
tablished on the evaluation of gloss annotations
by deaf signers in a questionnaire manner, simi-
lar to (Mich, 2009; Imashev et al., 2022; Fuentes-

Cortázar and Rojano-Cáceres, 2024).
In our case, the fairytale ground truth gloss inter-

pretation was performed by a single professional
interpreter; nevertheless, it is preferable for each
ground truth gloss interpretation to be performed
collaboratively by several proficient sign language
interpreters. A written fairytale interpretation into
glosses seems not as challenging as interpretation
of news or scientific/encyclopedic information. So,
such interpretations should be tested as well.

More accurate interpretation into glosses can
significantly assist deaf students and adults in com-
prehending information more effectively and faster,
while also alleviating cognitive burdens. This might
become a useful additional tool for the education
of deaf signers.
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