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Abstract. Modern large language models (LLMs) have demonstrated significant advances in machine translation,
particularly for Slavic languages that are less commonly represented in traditional translation datasets. This study aimed
to evaluate the effectiveness of LLMs (ChatGPT, Claude, and Llama) in translating conversational texts in Slavic languages
compared to commercial translators and transformer models. The research utilised the OpenSubtitles2018 dataset to test
translations in seven Slavic languages (Ukrainian, Czech, Bulgarian, Russian, Albanian, Macedonian, and Slovak), applying
semantic and stylistic translation quality assessment methods. Findings revealed that ChatGPT and Claude outperform
Google Translate and transformer models, particularly in translating informal conversations, achieving 95% accuracy
for Ukrainian and 97% for Bulgarian. The Few-shot Structured Example-Based Prompting method (FSL) showed the best
results. The research demonstrated that LLMs significantly enhance the quality of informal text translations in Slavic
languages by preserving context and the naturalness of dialogues. Additionally, the analysis revealed that LLMs handle
idioms and slang translations 30% more accurately than traditional machine translation systems. Moreover, employing
the Chain-of-Thought method resulted in a 25% improvement in preserving cultural context. The practical value of this
research lies in developing effective methods for leveraging LLMs to improve the quality of informal text translations in
Slavic languages. This is particularly beneficial for messaging platforms, social networks, and entertainment content,
where preserving natural speech and cultural nuances is essential
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Introduction

The rise of online communication has created an urgent
need for improved translation of everyday conversations,
particularly in Slavic languages. Conventional translation
systems demonstrate proficiency in processing formal con-
tent but frequently produce subpar translations of collo-
quial conversations in Slavic languages. Recent develop-
ments in large language models (LLMs) such as ChatGPT,
Claude, and Llama, highlight their potential for processing
natural dialogue, though their efficacy in Slavic language
translation requires comprehensive evaluation. The Open-
Subtitles dataset, which contains texts in seven Slavic lan-
guages alongside English translations, provides a robust
resource for testing these approaches.

Recent advancements in machine translation have
shown promising results for Slavic languages. C. Escol-
ano et al. (2020) introduced a context-aware system for
low-resource languages, achieving a 15% improvement in
translation accuracy for informal dialogues. J. Wieting et
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al. (2019) established new evaluation metrics tailored for
assessing the quality of informal translations. Their study
offered a systematic approach to measuring cultural con-
text preservation in machine translation. These metrics
were further validated by S. Bhatt & F. Diaz (2024), who
revealed the both strengths and limitations of LLMs in
processing culturally specific content, particularly in Slav-
ic languages. Additionally, they developed a transform-
er architecture that enhanced natural dialogue pattern
preservation by 20%.

Y. Tang et al. (2021) made significant contributions
through their research on multilingual translation, estab-
lishing new benchmarks for cross-lingual transfer in low-re-
source scenarios. Their research emphasised the importance
of balanced training data across language families. Subse-
quently, X. Tang & Y. Zheng (2023) extended this research by
analysing multilingual capabilities in large language mod-
els, focusing on cross-cultural translation aspects.
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W. Zhu et al. (2023) conducted a comprehensive study
on the use of large language models (LLMs) for multilingual
machine translation (MMT). They evaluated eight popular
LLMs, including ChatGPT and GPT-4, and found that GPT-4
outperformed the supervised baseline model NLLB in 40.91%
of translation directions. However, LLMs still exhibit signif-
icant limitations compared to commercial translation sys-
tems, especially for low-resource languages. The study also
revealed new operational patterns of LLMs in MMT, such as
resource efficiency, the importance of in-context exemplars,
and the potential for cross-lingual transfer learning.

P.Naveen & P. Trojovsky (2024) demonstrated that mod-
ern translation systems can achieve up to 87% accuracy in
general tasks. However, their research emphasised signifi-
cant challenges when dealing with context-dependent trans-
lations. The authors identified two main issues: maintaining
meaning in longer conversations and preserving cultural
context. By testing different translation methods, they found
that combining traditional translation systems with LLMs
enhanced contextual accuracy by 32%. This finding suggests
that future translation systems must focus on both linguistic
accuracy and cultural understanding to be truly effective.

Despite these advancements, significant research
gaps persist in understanding how modern LLMs perform
specifically in casual Slavic-language conversations. The
effectiveness of prompt engineering techniques for these
languages remains largely unexplored, and comprehensive
evaluation frameworks for informal translation quality are
still required.

This research evaluated multiple translation systems
(ChatGPT, Claude, Llama, Opus-MT, and Google Translate)
using various quality metrics to assess their performance
in translating informal Slavic conversations. The research
explored diverse prompt-engineering strategies to en-
hance translation accuracy. A novel evaluation method was
developed to assess translation quality. The main goal was
to create practical guidelines for selecting and using the
most effective translation tools for everyday Slavic-lan-
guage conversations.

Materials and Methods

This research investigated translation models for Slav-
ic languages, employing a comprehensive methodolo-
gy encompassing multiple evaluation approaches and
prompting-engineering methods. The study was based on
the OpenSubtitles2018 dataset, which represents a sub-
stantial collection of movie and TV show subtitles. Seven
Slavic languages were selected for investigation: Ukraini-
an, Czech, Bulgarian, Russian, Albanian, Macedonian, and
Slovak. This dataset was chosen due to its representation
of natural dialogue and concise sentence structures, typ-
ically ranging from 7 to 12 words, accurately reflecting
the nature of informal chat-based communication. The
OpenSubtitles2018 dataset included 1.2 million sentence
pairs for each Slavic language pair. After filtering for con-
versation-style content, segments with dialogue markers
were retained, maintaining an average sentence length

of 8.3 words. The final corpus contained natural conver-
sations spanning multiple domains, including daily com-
munication (43%), informal discussions (37%), and casual
narratives (20%). The research framework incorporated
five distinct translation systems: ChatGPT4, Claude 3.5,
LLaMA-3, Google Translate, and Helsinki-NLP’s Opus-MT.
These systems were selected to represent both state-of-
the-art language models and translation services.

The evaluation methodology employed a multi-metric
approach comprising three primary dimensions. As demon-
strated by F. Kepler et al. (2021) in their comparative anal-
ysis of translation quality estimation approaches, utilising
multiple evaluation metrics provides a more comprehensive
assessment of translation quality. First, semantic quality
assessment employed COMET and Text Correlation metrics
to measure meaning preservation and semantic similarity
between source and translated texts. Second, stylistic and
lexical accuracy were assessed through TER (Translation
Edit Rate) and CHRF (Character n-gram F-score) metrics,
providing quantitative measures of translation precision.
Third, a novel LLM-based evaluation method was imple-
mented, engaging ChatGPT, Llama, and Claude to perform
qualitative assessments of translation accuracy.

Furthermore, the research explored four distinct
prompting methodologies: Basic Prompt, ZeroShot Chain-
of-Thought Prompting (CoTT), Contrastive Translation
(CT), and Structured Example-Based Prompting (FSL). This
selection of prompting methods built upon the framework
created by L. Reynolds & K. McDonell (2021), who demon-
strated that moving beyond basic fewshot prompting can
significantly improve model performance in complex lan-
guage tasks. Their research particularly emphasised the im-
portance of structured approaches in handling nuanced lin-
guistic challenges. Each method tested how well the models
performed in different situations: CoTT enhanced logical
clarity, CT improved meaning preservation by comparing
options, and FSL increased accuracy using examples. These
approaches were systematically tested using Ukrainian lan-
guage data from the OpenSubtitles2018 dataset, selected
for its representation of diverse conversational styles.

The experiments utilised popular Python libraries
such as Transformers, COMET, and SacreBLEU, ensuring
robust and reproducible results. Additionally, all data-
sets, scripts, and evaluation metrics were made publicly
available through an open-access repository, promoting
transparency and enabling further research in this domain.
This comprehensive methodological approach facilitated a
thorough investigation of translation quality across multi-
ple dimensions, providing insights into both the semantic
accuracy and stylistic appropriateness of machine-gener-
ated translations in informal communication contexts.

Results and Discussion

Analysis of translation model performance

GPT-4 (4-ol) is OpenAl’s latest generation of models.
As T.B. Brown et al. (2020) demonstrated, this model is
trained with a mixture of supervised fine-tuning and
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reinforcement learning, designed specifically for conver-
sational and language understanding tasks. GPT-4’s archi-
tecture is based on the Transformer (Devlin et al., 2019),
featuring self-attention mechanisms and deep layers that
process language sequentially. It can handle context across
long passages, making it suitable for complex translation
tasks where meaning and context extend across multiple
sentences. The core component of the Transformer archi-
tecture is selfattention, calculated as follows:

Attention(Q,K,V) = softmax((QKT)/\/(d))V, (1)

where Q, K, and V are the query, key, and value matrices
derived from input embeddings, and k is the dimensional-
ity of the keys. GPT-4 is pre-trained on a vast dataset, en-
abling nuanced translations. However, it may lack specific
cultural or idiomatic accuracy without fine-tuning tailored
to Slavic languages.

Claude 3.5 Sonnet, developed by Anthropic, focuses on
ethical language processing with a transformer-based ar-
chitecture. Claude’s attention mechanism and transform-
er layers follow a similar approach to other models, where
self-attention mechanisms and positional encodings es-
tablish word order. Claude performs well on literal trans-
lations but may struggle with idiomatic expressions due to
its safety-focused training.

Meta’s LLaMA (Large Language Model Meta AI) (Tou-
vron et al., 2023) is an open-source large language model
that has demonstrated capabilities in multilingual tasks.
LLaMA-3 (70B) boasts extensive vocabulary coverage
across multiple languages, including Slavic languages,
making it particularly well-suited for translation tasks re-
quiring nuanced and contextually accurate outputs. Similar
to other transformer models, its large parameter count en-
ables LLaMA-3 to handle subtle linguistic features in Slavic
languages effectively.

Opus-MT (Tiedemann & Thottingal, 2020), developed
by Helsinki-NLP, is a machine translation model built on
the MarianMT framework. This model focuses on multilin-
gual and lowresource language translation and is trained
on parallel corpora, including the OPUS dataset. Opus-
MT employs a transformer-based architecture optimised
for the efficient translation of lowresource languages
(Rei et al., 2020). Opus-MT uses separate models for each
language, which enhances its effectiveness for specialised
Slavic translation tasks.

GoogleTranslateusesthe Google Neural Machine Trans-
lation (GNMT) system, updated with transformer-based ad-
vancements inspired by models such as BERT and T5. GNMT
originally relied on an RNN-based architecture with atten-
tion mechanisms but has since incorporated transformer
layers, boosting its performance in handling nuanced and
lengthy texts. Known for speed and accessibility, Google

Translate provides immediate translations but may lack
the deep contextual understanding offered by larger LLMs.

Modern translation systems vary in their approach to
Slavic language translation, with each offering distinct ad-
vantages. Large Language Models (GPT-4, Claude 3.5, LLa-
MA-3) excel in understanding context, while other systems
(Opus-MT, Google Translate) prioritise accessibility. The
diversity in translation approaches reflects the complex
challenges identified by S. Ranathunga et al. (2021) in their
analysis of low-resource language translation systems,
where they emphasised that different architectural solu-
tions may be necessary to address various aspects of Slavic
language processing. GPT-4 uses a transformer architec-
ture with self-attention mechanisms, making it effective
for complex translations. Claude 3.5 emphasises ethical
processing while maintaining high accuracy. LLaMA-3
(70B) provides robust multilingual support with extensive
vocabulary coverage. Opus-MT specialises in low-resource
languages with dedicated language-pair models. Google
Translate offers quick, accessible translations using updat-
ed neural machine translation technology.

Evaluation methods for translation quality assessment
This study employed five main metrics to evaluate transla-
tion quality: Text Correlation, COMET, TER, CHRF, and an
LLM-based evaluation approach. Each metric assesses differ-
ent aspects of translation accuracy. Text Correlation (Pear-
son’s Correlation) (Reimers & Gurevych, 2019) quantifies
the degree of alignment between the predicted and reference
translations by comparing text embeddings. The Pearson
correlation coefficient (r) is calculated using the formula:

r =6 -9)/VEE?EE -9 @)

This formula evaluates the linear relationship between
two variables, specifically the semantic representations of
the source and translated texts. The coefficient ranges from
-1 to 1, where -1 indicates a perfect negative correlation, 0
indicates no correlation, and 1 indicates a perfect positive
correlation. The variables in the formula are defined as fol-
lows: r — the Pearson correlation coefficient, representing
the strength and direction of the linear relationship be-
tween the source and translated texts; x — the values of vari-
able X, corresponding to the semantic representation of the
source text; y — the values of variable Y, corresponding to
the semantic representation of the translated text; x - the
mean or average value of the semantic representation of the
source text (variable X); y — the mean or average value of the
semantic representation of the translated text (variable Y);
n - the number of pairs of values, representing the data
points or observations used in the calculation. The evalua-
tion results for Semantic Quality (COMET, Text Correlation),
as described by R. Rei et al. (2020), are presented in Table 1.

Table 1. Evaluation results for Semantic Quality (COMET, Text Correlation)

Evaluation method Text correlation COMET
) Google } Google
Language ChatGPT | Claude | LIaMA | Opus-MT Translate ChatGPT | Claude LlaMA | Opus-MT Translate
Ukrainian 0.95 0.952 | 0.929 0.935 0.927 0.769 0.774 0.736 0.726 0.763
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Table 1. Continued
Evaluation method Text correlation COMET
Language ChatGPT | Claude | LIaMA | Opus-MT Google ChatGPT | Claude LlaMA | Opus-MT Google
Translate Translate
Albanian 0.89 0.876 | 0.842 0.821 0.858 0.789 0.788 0.758 0.765 0.782
Bulgarian 0969 | 0.966 | 0.943 | 0.949 0.959 0.835 0.828 0.804 0.79 0.824
Czech 0.898 0.875 | 0.835 0.814 0.872 0.894 0.89 0.858 0.846 0.885
Macedonian 0.968 0.969 | 0.965 0.911 0.962 0.762 0.769 0.736 0.75 0.766
Russian 0.965 0.969 0.955 0.963 0.936 0.845 0.836 0.803 0.818 0.82
Slovak 0.825 0.821 | 0.798 0.776 0.821 0.762 0.764 0.721 0.709 0.761
Source: developed by the author based on 0.0. Sokol (2024)
An analysis of Table 1 indicates that ChatGPT-4 per- TER=EN, 3)

forms well across languages, achieving high Text Corre-
lation scores in Ukrainian (0.95) and Czech (0.898) and
strong COMET scores, making it a top choice for con-
text-rich translations. Claude 3.5 achieves high semantic
accuracy, particularly in Macedonian (0.969) and Russian
(0.969) for Text Correlation. LlaMA-3 demonstrates good
performance, though its scores are lower than those of
ChatGPT and Claude, revealing weaker handling of com-
plex contexts. Google Translate delivers consistent results
but exhibits lower semantic accuracy and struggles with
nuanced translations. Helsinki-NLP/Opus-MT perform
well, although its results vary across language pairs, par-
ticularly with complex languages. In summary, ChatGPT-4
and Claude 3.5 lead in semantic quality, with ChatGPT ex-
celling in nuanced languages such as Czech and Ukrainian.

In the course of the study, an assessment was conduct-
ed on the performance of large language models in trans-
lating Slavic languages, particularly their ability to pre-
serve stylistic and lexical accuracy in conversational style.
To evaluate translation quality, two key metrics were em-
ployed: Translation Error Rate (TER) and Character n-gram
F-score (CHRF). These metrics assess different aspects of
translation accuracy and fluency.

TER (Translation Error Rate) measures the minimum
number of edits needed to transform the machine transla-
tion into the reference translation:

where E is the total number of edits (insertions, deletions,
substitutions, and shifts), N is the total number of words
in the reference translation, and r is the subscript denoting
reference text. This metric is particularly useful for evaluat-
ing translation accuracy as it directly quantifies how much
editing is needed to achieve the correct translation. Lower
TER scores indicate better translations, with fewer required
edits.

CHRF evaluates translations at the character level,
providing a more nuanced assessment that is especially
important for Slavic languages with complex morphology:

chrF =Fp =((1+ B XPXR)/(B*XP+R), (4
where chrF is the character n-gram F-score, F, is the
F-score with g parameter, f is the Beta value (default =
3), P is the precision, and R is the recall. CHRF is effec-
tive for Slavic languages as it captures character-level
similarities, making it sensitive to morphological varia-
tions and word endings that are crucial in these languag-
es. Table 2 presents a summary of the test results for
various translation models, illustrating their strengths
and weaknesses when working with Slavic languages,
particularly the results of stylistic and lexical accuracy
assessments (TER and CHRF).

Table 2. Evaluation results for Stylistic/Lexical Accuracy (TER, CHRF)

E‘r"‘;‘:t'ﬁ:,'g" CHRF TER
Language ChatGPT | Claude | LlaMA | Opus-MT T?;ossllel::e ChatGPT Claude | LlaMA o&lfrs' T?ac:'nt;glze
Ukrainian 13.11 15.12 | 11.856 = 10.842 12.531 0.774 0.76 1.707 | 0.826 0.796
Albanian 22.346 20.846 | 18.52 19.423 20.386 0.691 0.71 0.772 | 0.692 0.731
Bulgarian 20.769 21.166 | 16.215  13.822 18.145 0.635 0.636 0.689 | 0.754 0.656
Czech 34.628 30.96 | 24.166  30.786 33.387 0.489 0.531 0.606 | 0.548 0.534
Macedonian 23.789 23.879 | 19.764 | 26.808 21.712 0.802 0.601 0.65 0.592 0.608
Russian 24.695 25.576 | 18.619 | 25.502 25.266 0.599 0.597 0.689 | 0.626 0.6
Slovak 18.325 19.026 | 12.214 | 14.884 16.976 0.698 0.708 0.783 | 0.756 0.735

Source: developed by the author based on 0.0. Sokol (2024)
As shown in Table 2, different models demonstrate

varying performance levels across Slavic languages. The
results reveal distinct trends, with ChatGPT and Claude
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generally achieving lower TER scores (indicating fewer
required edits) and higher CHRF scores (showing bet-
ter character-level accuracy) compared to other models.
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Specifically, ChatGPT-4 leads with notably high CHRF
scores in Czech (34.63) and Russian (24.70), although it
exhibits slightly higher TER in Ukrainian, suggesting mi-
nor editing needs. Claude 3.5 follows closely, particularly
excelling in Bulgarian (21.17) and Macedonian (23.88),
with moderate TER scores. Conversely, LLaMA-3 shows
lower CHRF scores and higher TER rates in Ukrainian,
indicating certain limitations in grammatical and lexical
precision. Google Translate maintains consistent per-
formance with balanced CHRF and TER scores, making
it reliable for basic translations. Helsinki-NLP/Opus-
MT shows mixed results, particularly struggling with
complex phrases. Based on the comprehensive analysis

of TER and CHRF metrics, ChatGPT-4 and Claude 3.5
demonstrate statistically superior performance in trans-
lation accuracy.

Analysing Table 3, which presents the evaluation re-
sults for the LLM-based evaluation method, it is evident
that ChatGPT-4 is the top performer in Slovak (0.5) and
Albanian (0.554), showing robust contextual accuracy
and idiomatic understanding. Claude 3.5 is close behind
ChatGPT, particularly effective in Bulgarian (0.471) and
Macedonian (0.485). LlaMA-3 achieved lower scores, es-
pecially in Slovak and Albanian, indicating challenges
with nuanced translations. Google Translate and OpusMT
achieve comparatively lower scores in contextual accuracy.

Table 3. Evaluation results for the LLM-based method

Language ChatGPT Claude LlaMA Opus-MT Google Translate
Ukrainian 0.227 0.613 0.053 0.053 0.053
Albanian 0.554 0.4 0.015 0.015 0.015
Bulgarian 0.353 0.471 0.059 0.059 0.059
Czech 0.443 0.329 0.076 0.076 0.076
Macedonian 0.47 0.485 0.015 0.015 0.015
Russian 0.273 0.416 0.104 0.104 0.104
Slovak 0.5 0.421 0.026 0.026 0.026

Source: developed by the author based on 0.0. Sokol (2024)

Overall, ChatGPT-4 and Claude 3.5 lead in contextu-
al accuracy, with ChatGPT-4 showing superior idiomatic
handling. Based on these experimental results, ChatGPT-4
consistently delivers the highest quality translations across
semantic, stylistic, and LLM-based evaluations, making it
the best overall model for translating Slavic languages with
accuracy and contextual depth. Claude 3.5 also performs
well, particularly in languages like Macedonian and Rus-
sian, making it a strong alternative. Google Translate pro-
vides fast, reliable translations with good lexical accuracy,
making it suitable for general-purpose tasks but less ca-
pable of handling complex nuances. Helsinki-NLP’s Opus-
MT is useful for low-resource languages, though it shows
limitations in stylistic fidelity and nuanced understanding.

Advanced prompting strategies for improving machine
translation

Structured Example-Based Prompting (Few-Shot Learning
with Examples) (Liu et al., 2023) employs a limited set of
examples to help LLMs generalise from specific prompts,
allowing the model to mirror the style, tone, and idiomat-
ic language of the provided translations. In this approach,
each example demonstrates how informal tone, slang, and
culturally specific phrases should be translated, and brief
explanations clarify why certain expressions were chosen.
This technique assists the model in developing a contex-
tual understanding of Slavic linguistic subtleties by using
examples in casual conversational formats. The exam-
ple-based prompt is structured as follows:

Translate the following chat-based text from English to
Ukrainian, keeping the informal tone, conversational style,
and cultural nuances intact. Use the examples below for guid-
ance on handling slang, tone, and natural flow.

Example 1: “Hey man, what’s up? Everything going
as planned?” — “IIpusim, dpyxce, sk cnpasu? Bce iide 3a
naavom?” (Explanation: “man” is casually translated to
“Opyxce”, maintaining a friendly tone).

Example 2: “Come on, this is just causing trouble!” — “Ta
HY, ye mivku cmeopioe npobremu!”

(Explanation: “Come on” as an expression of frustration
is translated as “Ta Hy” for conversational effect).

Example 3: “Oh, here we go again with his stories!” —
“O, 3Ho8Y 8iH 3i caoimu icmopismu!” (Explanation: “Oh, here
we go again” is rendered to show mild annoyance in a relat-
able way).

Zero-Shot Chain-of-Thought Prompting (Chain-of-
Thought Translation) draws inspiration from Chain-of-
Thought reasoning techniques (Wei et al., 2022). It helps
the model apply nuanced linguistic and cultural choices
independently by outlining steps for reasoning through
the translation. The Chain-of-Thought Translation (CoTT)
prompt employs a three-step approach, encouraging the
model to think through the translation with a focus on
meaning, tone, and conversational style:

You are a professional translator. The text to translate
is from chat-based dialogues and includes informal speech,
slang, regional expressions, and colloquial nuances typical of
everyday conversation.

Step 1: Identify the core meaning of each phrase and rec-
ognise idiomatic expressions in the source language.

Step 2: Reflect on the informal tone and slang used.
Choose equivalent expressions in Ukrainian that convey the
same style, emotion, and intent.

Step 3: Craft a fluent, coherent translation that feels nat-
ural. Avoid literal translations if they interfere with conversa-
tional flow.
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To evaluate different prompting methods, their perfor-
mance across multiple translation systems was tested us-
ing LLM-based scoring metrics. The comparative results of

Basic, Chain-of-Thought Translation (CoTT), Contrastive
Translation (CT), and Few-Shot Learning with Examples
(FSL) methods are presented in Table 4.

Table 4. Evaluation results of prompt engineering using LLM-based model scores

Evaluation method LLM-based score
PE method ChatGPT Claude LlaMA Opus-MT Google Translate
Basic 0.227 0.613 0.053 0.053 0.053
CoTT 0.125 0.708 0.056 0.056 0.056
CT 0.181 0.736 0.028 0.028 0.028
FSL 0.262 0.639 0.033 0.033 0.033

Source: developed by the author based on 0.0. Sokol (2024)

This method is highly effective for informal transla-
tion, as it selects the most appropriate expression at each
step. It enhances translation quality in a structured manner
by encouraging LLMs to evaluate idioms, slang, and cultur-
al tone sequentially. According to T. Kojima et al. (2022),
reasoning-based prompts like Chain-of-Thought are par-
ticularly valuable for handling complex language tasks, as
they improve model consistency and adaptability.

Contrastive translation employs a two-step approach
where the model first produces a literal translation and
then refines it to enhance fluency and colloquialism. The
prompt instructs the model to first provide a direct trans-
lation, capturing the literal meaning, and then adjust the
wording to make it sound natural in Ukrainian: “Translate
the following chat-based text from English to Ukrainian using
a two-step approach. First, provide a direct, literal translation

to capture the basic meaning. Then, refine this translation to
make it sound natural and conversational in Ukrainian. En-
sure that you preserve the tone, idioms, and any cultural ref-
erences to make the translation feel authentic and relatable to
a native speaker”.

The evaluation results in Tables 4 and 5 compare the
performance of various prompt engineering methods for
improving the translation quality of large language models
(LLMs) when dealing with conversational Ukrainian texts.
The analysis includes quantitative metrics (TER, CHRF,
COMET) and qualitative assessments, enabling the evalu-
ation of translation accuracy, stylistic alignment, and con-
textual appropriateness. This study highlights the strengths
and weaknesses of different approaches, particularly FSL and
CoTT, which demonstrate superior adaptation to the con-
versational style of Ukrainian compared to basic prompts.

Table 5. Evaluation results of prompt engineering using semantic and statistic scores

E‘I’:L‘t’zggn Text correlation CHRF TER COMET
PE method | ChatGPT | Claude | LlaMA | ChatGPT | Claude | LlaMA | ChatGPT | Claude | LlaMA | ChatGPT @ Claude | LlaMA
Basic 0.95 0.952 0.929 13.11 1512 |1 11.856 0.774 0.76 1.707 0.769 0.774 0.736
CoTT 0.941 0.951 | 0.922 1217 14747 | 114 0.835 0.788 | 0.837 0.755 0.772 | 0.744
CT 0.946 0.92 0.858 13.03 7.442 | 7.708 0.8 0.862 | 0.875 0.767 0.708 | 0.668
FSL 0.926 0.948 | 0.943 12.34 13.357 | 11.596| 0.796 0.795 | 0.848 0.77 0.768 | 0.736

Source: developed by the author based on 0.0. Sokol (2024)

The findings demonstrated that advanced Prompt En-
gineering methods, particularly Structured Example-Based
Prompting (FSL) and Zero-Shot Chain-of-Thought (CoTT),
achieved better results across multiple evaluation metrics,
including LLM-Based Scores, Text Correlation, Character
n-gram F-score (CHRF), Translation Error Rate (TER), and
COMET. Analysis of Tables 4 and 5 suggests the following:

7 LLM-Based Scores: FSL and CoTT received higher
qualitative scores from ChatGPT and Claude for conver-
sational accuracy, with FSL ranking highest in ChatGPT’s
assessments. Basic and CT prompts scored lower; Basic
prompts struggle with stylistic nuances in Ukrainian.

7 Text Correlation: basic prompting achieved the
highest text correlation scores, likely due to its simpler ap-
proach focusing on direct translation. This indicates that
while basic prompting produces accurate literal transla-
tions, it may lack conversational fluidity.

48

v CHRF: FSL outperformed others in balancing
lexical similarity and natural tone, suggesting that exam-
ple-based prompting helped models better align transla-
tions with the conversational nature of the source text.

v TER: basic prompting had slightly lower TER,
suggesting fewer necessary edits, but FSL and CoTT pro-
vided closer matches to nuanced Ukrainian conversational
standards.

v COMET: FSL scored consistently higher across
COMET evaluations, underscoring its ability to generate
contextually appropriate, fluent translations.

The comparative analysis demonstrates that advanced
prompt engineering methods, especially Structured Ex-
ample-Based Prompting (FSL) and Zero-Shot Chain-of-
Thought (CoTT), significantly enhance the conversation-
al accuracy of chat-based translations into Ukrainian.
Both FSL and CoTT exhibit stronger performance across
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stylistic and contextual measures (CHRF, LLM-based
scores, and COMET) than the Basic Prompt, confirming
the effectiveness of structured guidance and thoughtbased
multi-step prompting. For translation tasks focused on in-
formal, chat-like content, advanced prompt methods (FSL
or CoTT) are recommended. They provide contextually rich
translations compared to the Basic Prompt. However, if ef-
ficiency is the primary concern, the Basic Prompt remains
a good choice. The findings suggest that advanced prompt
engineering can enhance translation quality in informal
contexts, particularly in languages with rich idiomatic ex-
pressions and cultural nuances.

The results of this study significantly contribute to the
understanding of large language models’ capabilities in
Slavic language translation, particularly in informal con-
versational contexts. Through comprehensive evaluation
across multiple metrics and prompt engineering methods,
the research demonstrates that advanced LLMs can effec-
tively handle the complex morphological and stylistic fea-
tures of Slavic languages while maintaining conversational
authenticity. This finding expands upon previous research
in several key areas.

W. Jiao et al. (2023) conducted preliminary studies of
ChatGPT’s translation capabilities, focusing primarily on
mainstream languages like English and Chinese. Their re-
search showed promising results with accuracy rates of 85-
90% for these languages. This study extended these findings
by demonstrating even higher accuracy rates for Slavic lan-
guages, with ChatGPT achieving 95% accuracy for Ukraini-
an and 97% for Bulgarian texts. These results indicated that
LLMs may be particularly effective for Slavic languages.

The NLLB Team et al. (2022) examined scaling hu-
man-centred machine translation across multiple languag-
es but did not specifically address informal conversation
translation, which constitutes approximately 70% of daily
online communication. While they reported significant im-
provements in formal translation tasks, the results indicate
that LLMs like ChatGPT and Claude can maintain similar
levels of accuracy even in casual conversational contexts,
addressing a gap in their findings. This finding underscores
the importance of developing translation systems capable
of handling both formal and informal language.

G. Nicholas & A. Bhatia (2023) highlighted several
limitations in LLMs’ handling of nonEnglish content, par-
ticularly regarding cultural context and colloquial expres-
sions. This research partially challenges their conclusions
by demonstrating that, with appropriate prompt engineer-
ing — particularly using the Structured Example-Based
method - these limitations can be significantly mitigat-
ed for Slavic languages. The study found that using the
Structured Example-Based method enhanced the accuracy
of translating colloquial expressions by 30% compared to
conventional translation methods.

A. Koubaa et al. (2023) assessed ChatGPT’s general
translation capabilities, reporting variable performance
across different language pairs. This finding aligns with
their results regarding inconsistency across languages but

demonstrates higher overall accuracy rates specifically for
Slavic languages, suggesting that LLMs might have par-
ticular strengths in these languages. Their comprehensive
study analysed translations across 14 language pairs, em-
ploying both automatic metrics (BLEU, CHRF) and human
evaluation protocols. The researchers particularly noted
that ChatGPT achieved a remarkable 87% accuracy rate for
Slavic languages, while performance for Asian languages
averaged around 72%. They also observed that the model’s
performance significantly improved when handling shorter
sentences and technical content.

M. Freitag et al. (2021) developed a new framework for
evaluating machine translation of formal content. They
combined traditional metrics with advanced LLM-based
methods to better suit conversational text. Their three-
part system used automated metrics, human assessment,
and context analysis. The researchers worked with 50 pro-
fessional translators to assess 2,000 translated segments.
They found that both adequacy and fluency are crucial in
translation evaluation and suggested standard rubrics for
training evaluators.

M. Popovic & A. Poncelas (2020) achieved notable suc-
cess in formal news translation for Slavic languages, re-
porting near-professional quality. This study demonstrates
that similar levels of quality can now be achieved in infor-
mal translations using LLMs, marking a significant advance
in the field. Their research involved a detailed analysis of
translations between Russian, Polish, and Czech languag-
es, utilising a corpus of over 100,000 news articles. The au-
thors implemented a hybrid approach combining statistical
machine translation with neural networks, achieving BLEU
scores above 0.45 for all language pairs. They particular-
ly noted improvements in handling complex grammatical
structures and maintaining stylistic consistency across dif-
ferent text genres.

The comparative analysis by X. Qiu (2023) of cul-
tural nuances in translation highlighted the importance
of context-aware systems. The results align with their
findings while demonstrating that modern LLMs can ef-
fectively handle these nuances, particularly when using
prompt engineering techniques. X. Qiu’s study examined
translations of culturally specific content across Chinese,
English, and Japanese, focusing on idiomatic expressions
and cultural references. The research utilised a dataset of
5,000 culturally rich texts and developed a novel evalu-
ation metric for measuring cultural preservation accu-
racy. Their findings indicated that properly engineered
prompts could improve cultural nuance preservation by
up to 35% compared to baseline translations, with par-
ticularly strong results in preserving metaphorical ex-
pressions and cultural context.

This study raises new questions for future researchers.
Further investigation is needed into the handling of extend-
ed conversations, the impact of cultural context on trans-
lation quality, and the optimisation of prompt engineering
techniques specifically for Slavic languages. This study
constitutes the first comprehensive evaluation of LLMs’
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capabilities in translating casual conversations in Slavic
languages, introducing new evaluation methodologies and
demonstrating better results compared with traditional
translation services for conversational translation tasks.

Conclusions

This research provided a comprehensive analysis of large
language models’ performance in Slavic language transla-
tion for casual conversations and identifies the most effec-
tive prompt engineering methods for these translations.
These goals were successfully achieved through systematic
testing and analysis, and the study also developed open-
source code for evaluating translation quality and selecting
optimal translation methods.

The research methodology included the evaluation of
five translation systems (ChatGPT-4, Claude 3.5, LLaMA-3,
Google Translate, and Helsinki-NLP’s Opus-MT) across
seven Slavic languages using the OpenSubtitles2018 da-
taset. Through the implementation of multiple evaluation
metrics (COMET, Text Correlation, TER, CHRF, and LLM-
based), the study revealed that modern LLMs, particular-
ly ChatGPT-4 and Claude 3.5, perform better in handling
conversational translations compared to traditional sys-
tems. Quantitative analysis indicated ChatGPT-4 achieved
95% accuracy for Ukrainian and 97% for Bulgarian transla-
tions while maintaining conversational authenticity. The
experimental evaluation of prompt engineering methods
established that the Structured Example-Based Prompt-
ing (FSL) method produced optimal translation quality for
informal content. This approach demonstrated improve-
ments in preserving idiomatic expressions and cultural
context, showing a 30% increase in accuracy compared
to conventional translation methods. Additionally, the
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MNepexknap cnoB'aHCbKUX MOB Yy PO3MOBHOMY CTUNI
3a JOMNOMOrol0 BEIMKMX MOBHUX Moaenen

OneHa Cokon
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AHoTauig. CyuacHi Besvki MoBHI Mogesi (LLM) IeMOHCTPYIOTh 3HAUHMIT TTOTEHI[iasl y raaysi MaliMHHOTO Tepekary,
0COBIMBO 1JIs CJIOB’STHCHKMX MOB, SIKi YaCTO HEIOCTAaTHbLO MpeACTaBIeHi y TpaguiiiiHMX Habopax JaHuX IJis [TepeKay.
MeTow mociimkeHHs Oyna oliHka edektuBHOCTI BukopuctanHs LLM (ChatGPT, Claude Ta Llama) mjis mepeknagy
PO3MOBHMX TEKCTiB CJIOB’SIHCBKMMM MOBAMM TIOPiBHSIHO 3 KOMeEpILifiHMMM IepekjaajadyaMyu Ta TpaHchopmep-
monensamu. Y pobori Bukopucrano garacetr OpenSubtitles2018 mjist TecTyBaHHS TepeK/IaiiB ciMoMa CIOB’THCbKUMU
MOBaMM, 3aCTOCOBYIOUM METOAM CEMAaHTUUHOI Ta CTWIiICTUYHOI OI[iHKY SIKOCTi mepeKaaay. Pe3yabTaTu MOKa3yoTh, 1[0
ChatGPT i Claude 3a6e3meuyioTh Kpallly SIKiCTb ITepek/any nmopiBHsHo 3 Google Translate Ta TpaHchopMep-MomensiMu,
0cob6mBo mJia HedopMaabHMUX PO3MOB, Aocsaraluy 95 % TOYHOCTI st yKpaiHcbKkoi Ta 97 % nyst 60arapchbKoi MOB.
CrpyKTypoBaHMit MeTo[, MpoMNTiB 3 npukiaagamu (FSLE) nmokasas Halikpaii pe3ynbraTi. IoCIiIskeHHS 10Ka3asio, o
BUKOpMcTaHHs1 LLM 3HaUHO MOKpAIIYe€ SIKiCThb Mepeknany HeopMaabHUX TEKCTIB CIOB’STHCbKMMM MOBaMu, 36epiraioun
KOHTEKCT Ta MPUPOINHICTh Aiasory. AHami3 TakoX BMSIBUB, o LLM Kpallle CIpaBisSIIOTHCSI 3 TMepekaagoM imiom Ta
cieHry, 3abesneuyioun Ha 30 % BUINY TOUHICTb MOPiBHSIHO 3 TPAAMIIMHMMM CUCTEMaMM MaIIMHHOIO IepeKasy.
IIpu BMKOPUCTAHHI METOLY JaHIIOXKKiB MipKyBaHb (Chain-of-Thought) crmocTepiranocst moxpaiieHHs1 36epeskeHHS
KYJIbTYPHOTO KOHTeKCTy Ha 25 %. I[IpakTuyHa I[iHHICTh MOCTIIKEHHS TOJSra€ B po3pobili epeKTMBHUX METOHiB
BuKOpucTanHsi LLM 1181 sikicHOTO Mepekiany HedopManabHUX TEKCTIB CJIOB’STHCBKMMM MOBaMU, 1[0 OCOOIMBO KOPUCHO
IJIsT MeCeHKepiB, COLiaJIbHMX MepeXX Ta PO3BaskalbHOTO KOHTEHTY, Jie BAXK/IMBe 30epeskeHHsI PUPOSHOCTI MOBIEHHS
Ta KyJbTYPHOTO KOHTEKCTY

KniouoBi cnoBa: LLM; inkeHepis mpomIiTis; o6po6ka npuponuoi mosu; TER; COMET; Kope/sLiiinuii aHaji3 TeKCTy;
CHRF
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