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Abstract

In this paper we introduce the first effort to adapt
large language models (LLMs) to the Ukrainian
dialect (in our case Hutsul), a low-resource and
morphologically complex dialect spoken in the
Carpathian Highlands. We created a parallel
corpus of 9852 dialect-to-standard Ukrainian
sentence pairs and a dictionary of 7320 dialec-
tal word mappings. We also addressed data
shortage by proposing an advanced Retrieval-
Augmented Generation (RAG) pipeline to gen-
erate synthetic parallel translation pairs, ex-
panding the corpus with 52142 examples. We
have fine-tuned multiple open-source LLMs
using LoRA and evaluated them on a standard-
to-dialect translation task, also comparing
with few-shot GPT-4o translation. In the ab-
sence of human annotators, we adopt a multi-
metric evaluation strategy combining BLEU,
chrF++, TER, and LLM-based judgment (GPT-
40). The results show that even small(7B)
finetuned models outperform zero-shot base-
lines such as GPT-40 across both automatic
and LLM-evaluated metrics. All data, mod-
els, and code are publicly released at: https:
//github.com/woters/vuyko-hutsul.

1 Introduction

Despite recent advances in large language models
(LLMs), most research and applications remain
centered on high-resource languages and their stan-
dard variants (Li et al., 2024). This imbalance
has significant consequences for linguistic diver-
sity, particularly for underrepresented dialects that
lack sufficient textual resources and standardized
orthographies(Zhong et al., 2024). Despite being
an integral part of the linguistic identity of many
communities, dialects are often excluded from NLP
tools and research, limiting their accessibility and
risking further marginalization and extinction(Syed
et al., 2023).

Language technologies and especially LLMs are
playing a growing role in the preservation of en-

dangered and underrepresented languages. While
much attention has focused on major indigenous lan-
guages (e.g., Maori, Quechua, Inuktitut)(Trudgill,
2003; Cooper et al., 2024), dialects of national lan-
guages are often overlooked despite facing similar
pressures of attrition and assimilation. Dialectal
variants, particularly in post-Soviet contexts, often
carry suppressed cultural identities that are not re-
flected in the standard language. These dialects are
not only linguistically rich but also culturally vital
and deserve computational attention.

Ukrainian, a language low in resources accord-
ing to global standards itself(Kiulian et al., 2024),
exhibits rich internal variation, with dialects such
as Hutsul, Boyko and Lemko' preserving unique
phonetic, lexical and grammatical characteristics.
Among these, the Hutsul dialect, spoken in the
Carpathian Mountains, is one of the most linguis-
tically distinct and has the most written sources.
From the culture standpoint, Hutsul dialect has a
great significance as it encapsulates traditions, folk-
lore, and a unique worldview, playing a central role
in community identity.

However, the lack of digitized corpora, dictio-
naries, and processing tools makes it practically
invisible to modern LLMs.

Here are some of the linguistic Characteristics
of Hutsul dialect:

e Phonetics: vowel transformations, such as
changing vowels "e" instead of "a", "s"(ya)
(example:"sax" — "ex", "aroma" — "eroga"
(“yak” — “yek”, “yahoda” — “yehoda”)).

* Morphology: unique case endings (-€1b, -
ci) (C-yed’, ’-si’) and preserved dual forms
Bl gburymii (“two apples”, with dual form
“yablutsi” instead of plural “yabluka”).

e Lexicon: Romanian, Polish and German

Thttps://en.wikipedia.org/wiki/Hutsuls
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borrowings such as "6punza" (cheese) and
"mmarmipysaru" (go for a walk).2

RUSSTA

ROMANIA
KUBAN.

ShEROPOL

Figure 1: Map of Ukrainian dialects. The Hutsul dialect
is located in the southwestern Carpathian region. Source:
Wikipedia

In this work, we present an effort to adapt LLMs
to the Hutsul dialect of Ukrainian, addressing both
data shortage and modeling challenges. Our contri-
butions are:

* A new parallel corpus of original Hutsul-
Ukrainian (9852 sentence pairs), dictionary of
7320 dialectal word mappings and also synthet-
ically extended corpus (52142 sentence pairs),
using an advanced RAG approach (detailed
described below).

* Fine-tuning of several open-source LLMs for
Ukrainian to Hutsul dialect translation task.

We frame our task as standard-to-dialect transla-
tion, in which model has to take standard Ukrainian
as input and produce grammatically correct (or
as close as possible) Hutsul dialect. Our models
show that it is feasible to address such translation
with limited parallel data and targeted augmentation
strategies.

To our knowledge, this is the first work that tries
to adapt LLMs to a Ukrainian dialect and among
the few globally addressing dialect-to-standard gen-
eration using synthetic augmentation.

2 Related Work
2.1 Dialectal NLP and Language Variation

In recent years we can see growing interest in di-
alect modeling, particularly for Arabic (Zampieri
etal., 2017), German (Hollenstein et al., 2020), and

2https ://en.wikipedia.org/wiki/Eastern_
Romance_influence_on_Slavic_languages
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Romance languages (Ramponi and Plank, 2021).
These efforts mainly focus on classification, gen-
eration, and translation between dialects and their
standard variants. However, most research remains
concentrated on high-resource languages and di-
alects with pre-existing NLP resources. At the
same time, within Ukrainian language, dialectal
NLP remains underexplored. The VarDial work-
shop series(Zampieri et al., 2024) has supported
work for different Slavic languages on related tasks
such as cross-dialect machine translation and mor-
phological modeling (Blokland et al., 2024; Kinn
and Afarli, 2024). For example, Kinn and Afarli
(2024) explore MT between Bokmal and Nynorsk,
while Blokland et al. (2024) tackle dialectal vari-
ation in North Sdmi. The SIGMORPHON 2023
shared task (Kirov et al., 2023) highlighted the
importance of lexicon-based inflection modeling
for low-resource morphological variants.

2.2 Dialect-to-Standard Normalization

The task of normalizing dialectal language to its
standard form has been explored using various align-
ment techniques. Scherrer (2023) evaluated charac-
ter alignment methods for sentence-level standard-
ization of dialect transcriptions across Finnish, Nor-
wegian, and Swiss German. The study compared
approaches from dialectometry, speech process-
ing, and machine translation, finding that trained
alignment methods offered only small benefits over
simple Levenshtein distance. This suggests that sim-
ple yet robust statistical methods may still provide
strong baselines in resource-constrained dialectal
settings. Moreover, the study underlines the need
for tailored preprocessing and alignment tools when
working with highly variable and phonetically rich
dialect data.

2.3 LLMs and Dialect Adaptation

Several recent studies investigate adapting LLMs
to dialectal data. Held and Klakow (2024) pro-
pose task-agnostic adapters for dialect adaptation,
while Liu et al. (2024) introduce dynamic adapter
aggregation based on linguistic distance. Tokenizer
retrofitting for morphologically rich dialects is ex-
plored by Cs’aki et al. (2023). These works demon-
strate that both architectural and data-centric in-
terventions are necessary for effective adaptation.
However, these approaches are primarily evaluated
on English dialects (e.g., African American En-
glish, Indian English) using curated corpora such
as Multi-VALUE (Lin et al., 2021), and rely on an-
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notated dialect-to-standard pairs, which are rarely
available for under-resourced dialects.

2.4 Low-Resource and Synthetic Data
Techniques

Our work also benefits from previous research in
low-resource translation and text generation with
synthetic data. Gudibande et al. (2023) and Garcia
et al. (2024) propose retrieval-based or prompt-
based augmentation techniques to bootstrap perfor-
mance in limited-data settings. At the same time we
propose our own approach for generating synthetic
data using advanced RAG techniques.

3 Dataset Creation

3.1 Parallel Corpus Collection

We constructed the first parallel corpus for the Hut-
sul dialect and standard Ukrainian by combining
multiple sources and annotation strategies. The
dataset includes 9852 sentence pairs, manually
aligned at the sentence level. Source texts in Hutsul
were collected from publicly available books, ethno-
graphic transcripts, folklore websites, and dialect
blogs. A significant portion of the dataset is based
on the novel " lijo Usan4uik"(Dido Yvanchik) by
Petro Shekeryk-Donykiv?, a foundational literary
work written in authentic Hutsul. We are especially
grateful to the publishing house /Iuckypc and trans-
lator IBan Annpycsik, who kindly approved the use
of their modern standard Ukrainian translation for
academic purposes.

Standard Ukrainian references in the dataset were
either manually translated or sourced from bilin-
gual editions where available. To ensure linguistic
diversity, we tried to included examples from both
everyday conversation and stylized narrative texts
(e.g., folk tales, songs, etc.), but due to data shortage
some topics remain uncovered.

3.2 Lexical Resource

We compiled a Hutsul-to-Ukrainian dictionary that
now contains about 7 300 word pairs. The work
started from the vocabulary that appears in the
book "dino Msanuik"(Dido Yvanchik), but we
soon enlarged it with data taken from websites that
explain Hutsul dialect words. Among the most
useful web sources were:

+ "Dictionary of Hutsul Words"*.

3https://pl.wikipedia.org/wiki/Petro_
Szekeryk-Donykiw
4https://karnauhova.at.ua/pub1/1—1—0—3
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"Hutsul Hovir">.

"Dictionary of Ukrainian Dialects of the
n6

Carpathian Region"®.
"Explanatory Dictionary of Hutsul Dialects"
by Petro Havuka’.

"Hutsul dictionary". 8

All these pages were automatically scraped. The
raw text contained a lot of noise: strange characters,
extra commentary, uneven tabulation, and inconsis-
tent separators between the Hutsul entry and and its
Ukrainian translation. We wrote simple cleaning
scripts, converted everything to a single CSV file,
and then manually checked the list to remove the
last errors. The final result is a clean lexicon with 7
320 Hutsul-Ukrainian pairs. Each entry includes
standard and dialectal word forms.

Despite this effort, the lexicon remains biased
toward the vocabulary found in literature and folk-
loric domains. Due to the shortage of Hutsul texts
on topics like news, science, or politics, our dataset
lacks sufficient lexical diversity in those domains.

3.3 Synthetic Data via Advanced RAG

To overcome shortage of written sources in Hutsul
dialect, we developed an advanced RAG pipeline to
generate additional Hutsul-standard sentence pairs.
The foundation of this pipeline was the dialectal
novel "ino Meanuik"(Dido Yvanchik), which
served as both the primary corpus for retrieval and
the source of linguistic examples. We used GPT-
40 to build a RAG module capable of retrieving
semantically related Hutsul sentences. For each
generation step, a prompt was created containing
linguistic transformation rules representative of
Hutsul phonological and lexical variation.

The construction of the RAG pipeline involved
several steps:

1. Grammar Rule Extraction: Using " /lizno
Wsanuik"(Dido Yvanchik) as input, we
prompted GPT-40 to extract and structure
grammatical transformation rules character-
istic of the Hutsul dialect. These included
phonological shifts, morphological alterna-
tions, and syntactic reordering. We augmented
these rules with material from Wikipedia and

5https://rakhiv—mr.gov.ua/hutsulskyj—hovir/
Shttps://evrika.if.ua/88/
Thttps://evrika.if.ua/1565/
8http://www.webteka.com/hutsul—language/
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Models of Word Formation in Hutsul Dialects
Greshchuk (2016) to create a comprehensive
prompt template (see Figure 2).

Indexing via RAG: We indexed the " /Iimo
Wpangik"(Dido Yvanchik) corpus into a re-
trieval system to serve as a reference base
for generating dialectal outputs using text-
embedding-3-large’.

Candidate Sentence Selection: Standard
Ukrainian sentences were sampled from
the UberText corpus (Chaplynskyi (2023)).
For each such sentence, we used the RAG
module to retrieve the top-3 semantically
similar Hutsul-like sentences from "limo
Nsanuik"(Dido Yvanchik).

Prompt Construction: The retrieved exam-
ples were inserted into the prompt template
along with the standard Ukrainian sentence as
the source for translation.

Dialect Generation: GPT-40 was instructed
to produce a Hutsul translation of the input
sentence using the provided grammar rules
and examples as context (see Figure 3).

Below is a main part or our rule-based
prompt (Full prompt can be found here: https:
//github.com/woters/vuyko-hutsul/blob/
main/prompts/hutsul_rules_prompt.txt):

for
the

Rules
into

Grammatical
Text

Here are
Converting Ukrainian
Hutsul Dialect:

1. Vowel Shifts:

“

- “HK” 5 €K” (uyakn " uyekn)
- “abiyko’ -+ “edbayko’  (“yabluko” -
“yebluko”)

x5

- “hpemr”’ = “enemr”’ (“yidesh” -+ “yedesh”)
2. Consonant Transformations:

- “miBka’ = “rieka”’ (“divka” - “givka”)
—- ““IOI‘O” - “LIIDO” (“ChOhO” - “ChO”)

- “TI/I” - “HI/I” (Uty” - “tsy)’)

3. Word Order and Syntax:

- “4d Tebe smrobm0” + “JIrobmo s Tedbe” (“I
love you” =+ “Love I you”)

- “Bin cmierbea” =+ “Bim cmiercu” (“He is
laughing” -+ “He laugh-reflexive”)

- “Tn znaem?” =+ “Ilu tu 3maem?” (“Do you
know?” =+ “Do you know?” with dialectal
marker “tsy”)

Apply only contextually
transformations.

appropriate

9https://platform.openai.com/docs/models/
text-embedding-3-1large
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This process have created some data alignment
challenges in the generated dataset. To address
these challenges and also to clean generated dataset
we have developed a hybrid alignment strategy.
First we leveraged the expected textual similarity
between a language and its dialect using difflib’s
SequenceMatcher'?. This approach directly com-
pares character sequences, effectively identifying
pairs even with minor dialectal variations. Pairs
falling below a similarity threshold of 0.45 was
removed from the dataset. To measure quality
of remained sentence pairs we have used several
statistical metrics as described by Scherrer (2023):

* U-src — proportion of unaligned source char-
acters,

» U-tgt — proportion of unaligned target charac-
ters,

* X - proportion of crossing alignment pairs
(swaps)

These metrics were calculated over symmetrized
alignment pairs obtained with fast align(Dyer et al.,
2013). We have compared alignment metrics
across three datasets: the original manually anno-
tated dataset (mainly from " Iimo Mpan4ik"(Dido
Yvanchik)), raw synthetically generated dataset, and
the filtered synthetic dataset.

Before filtering, the synthetic data already exhib-
ited lower proportions of unaligned source and tar-
get words (U-src=0.139, U-tgt=0.136) compared to
the original data (U-src=0.260, U-tgt=0.265). How-
ever, it presented a higher proportion of crossing
alignments (X=0.033 vs. 0.022 original), indicating
increased structural variability.

To improve the quality of our generated dataset,
we applied alignment-based filtering - for each
sentence pair, we have used previously calculated
statistics(U-src, U-tgt and X) and we empirically
defined a thresholds for them: U-src < 0.1, U-tgt <
0.1,and X < 0.2.

Any sentence pair that exceeded one or more of
these thresholds was excluded from the final data
set. This procedure removed inconsistent examples,
reducing the number of reorderings, and improving
alignment. As the result we got a better quality
synthetic dataset with better structural alignment, as
demonstrated by the comparative metrics in Table 1.

O0https://docs.python.org/3/1library/difflib.
html
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Metric  Original Synthetic  Synthetic
Dataset (Raw) (Filtered)
U-src 0.260 0.139 0.005
U-tgt 0.265 0.136 0.005
X 0.022 0.033 0.019

Table 1: Alignment quality metrics comparison between
the original dataset, raw synthetic dataset, and synthetic
dataset after alignment-based filtering.

Although we acknowledge that the obtained syn-
thetic data has some variation and lack of certain lex-
ical phrases present in authentic dialectal speech, its
inclusion is justified by shortage of Hutsul textual re-
sources. This filtering step effectively improved the
consistency and reliability of the synthetic dataset
and added additional 52142 phrase pairs to our
training dataset.

[

LLM-generated
rule set

Etract grammar
prompt

OpenAl o1

Source book
Dido Yvanchik

4
&5

Final grammar
rule set

> \/

Wiki

Hutsul grammar
whitepaper

Figure 2: Overview of the rules generation pipeline
based on "Jliio Usanuik"(Dido Yvanchik), Wikipedia,
and Greshchuk (2016).

Although this approach enabled us to signifi-
cantly enlarge the dataset, it also introduced certain
limitations. Specifically, the synthetic data reflects
the lexical and topical range of the source corpus,
which lacks modern domains such as aviation, tech-
nology, news and politics.

As a result, lexical coverage in these areas re-
mains quite sparse or absent (even after generation,
words still remain the same as they are in standard
Ukrainian). To avoid introducing hallucinated vo-
cabulary, we deliberately excluded modern news
and web-based corpora from the generation process.

3.4 Data Splits and Availability

The final corpus was split into 80% training, 10%
validation, and 10% test sets. Test and validation
sets contain only human-annotated sentence pairs
from " /Iino NBanuik"(Dido Yvanchik).
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Figure 3: Overview of the synthetic data generation
pipeline: A RAG system using " /Tizo Usandik"(Dido
Yvanchik) and UberCorpus retrieves and prompts GPT-
40 to generate high-quality Hutsul-Ukrainian pairs.

4 Fine-Tuning

To adapt large language models (LLMs) to the
Ukrainian-to-Hutsul translation task, we used
parameter-efficient fine-tuning using LoRA (Hu
et al., 2021).

We fine-tuned two state-of-the-art open-source
models in the 7B-13B parameter range (as we
considered our training resources and that the model
should be not too big to be able to run locally):

* Mistral-7B-Instruct v0.3'' — Chosen for its
performance-to-size ratio. It outperforms
some larger models on many benchmarks, sup-
ports multilingual instructions, and includes
explicit support for Ukrainian (A, 2023).

LLaMA-3.1 8B Instruct'? — The instruction-
tuned version of LLaMA 3.1 8B. This model
has a strong multilingual support and improved
instruction-following ability, making it a good
candidate for low-resource translation (Tou-
vron et al., 2024).

Models were selected based on the following
criteria:

* Tokenizer support — Both models use tokeniz-
ers with fallback strategies for rare or out-of-
vocabulary tokens, enabling good handling of
Cyrillic-based dialects.

llhttps://huggingface.co/mistralai/
Mistral-7B-Instruct-vo.3

12https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct
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Multilingual capabilities — Mistral-7B-Instruct
v0.3 explicitly lists Ukrainian among sup-
ported languages. LLaMA-3.1 8B Instruct has
shown strong generalization capabilities'3.

Open licensing and reproducibility — Both
models are publicly available under open-
source licenses.

Feasibility on a single GPU — Using LoRA or
QLoRA, all selected models can be fine-tuned
within the a single not very big GPU.

We also considered other multilingual mod-
els such as BLOOMZ (7.1B)'* and NLLB-200
(3.3B)!3, which offer extensive language coverage.
However, these models either underperformed on
general language modeling tasks or lacked strong
generation quality compared to selected models.
Recent benchmarks demonstrate that Mistral-7B-
Instruct-v0.3'® matches or surpasses larger models
in translation tasks, particularly in low-resource and
instruction-tuned settings (Wu et al., 2023).

4.1 Fine-Tuning Setup

Each model was trained for 3 epochs using LoRa on
two dataset variants (complete setup can be found
in the Guthub!” ): (1) a manually created Hut-
sul-Ukrainian parallel corpus, and (2) an extended
version that included combined manual and filtered
synthetic data.

5 Evaluation

51

Evaluating dialectal machine translation is not a sim-
ple task, as standard reference-based metrics may
penalize correct lexical variation. To insure trans-
lation quality we calculated the following widely
used metrics:

Metrics

* BLEU (Papineni et al., 2002) - a precision-
based metric measuring n-gram overlap be-
tween hypothesis and reference. While widely
used, it may penalize valid lexical and syntac-
tic variations common in dialects.

13https://huggingface.co/blog/akjinda153244/
1lama31-storm8b
14https://huggingface.co/bigscience/bloomz—7b1

15https://huggingface.co/facebook/nllb—2®0—3.
3B

16https://huggingface.co/mistralai/
Mistral-7B-Instruct-v@.3

17https://github.com/woters/vuyko—hutsul
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* chrF++ (Popovi¢, 2015) computes character
n-gram F-scores and has been shown to out-
perform BLEU on morphologically rich and
non-standard languages. It is more robust
to minor spelling or inflectional differences,
making it particularly suitable for dialectal
text.

e TER (Translation Edit Rate) (Snover et al.,
2006) quantifies the number of edits required
to convert the system output into the reference.
It captures structural divergence and penalizes
reordering errors.

Each metric emphasizes different aspects of trans-
lation quality:

* BLEU reflects n-gram precision,

* chrF++ captures morphological similarity and
recall,

* TER penalizes structural mismatches

We apply these metrics to test set of manually
translated Ukrainian—Hutsul sentence pairs (1900
pairs). Rather than aggregating them into a single
score, we interpret them jointly to understand differ-
ent behavioral aspects of each model. For instance,
a high chrF++ score alongside a low BLEU score
may indicate valid variation in surface realization.

As mentioned before, while these metrics provide
a useful baseline, they often struggle to evaluate
dialectal outputs. So, following the framework
of Aepli et al. (2023), we incorporate LLMs as
evaluators.

We prompt GPT-40 model to rate model outputs
along three axes:

* Fluency: grammaticality and naturalness in
the Hutsul dialect.

* Adequacy: preservation of the source sen-
tence’s meaning.

* Dialectal Quality: consistency with known
lexical, phonological, and morphosyntactic
properties of Hutsul.

Each evaluation is performed in a zero-shot set-
ting. We thought about including some grammatical
rules into the prompt, but to avoid creation of poten-
tial bias through this rules decided to use zero-shot
instead.

LLM receives the source, model output, and
a reference translation and returns scores from 1
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(poor) to 5 (excellent). The prompt is structured as
follows:

You are a linguistic expert evaluating
machine-translated dialectal text. Rate
the translation on the following dimen-
sions:

1. Fluency (1-5): Is the output gram-
matically correct and natural in the target
dialect?

2. Adequacy (1-5): Does the output pre-
serve the meaning of the original source?

3. Dialectal Quality (1-5): Does the
output reflect the expected phonological,
lexical, and grammatical properties of
the Hutsul dialect?

Return your answer in this exact JSON
format:

{ "fluency": x, "adequacy": y, "dialect":
z}
Do not explain your ratings.

Source (Standard Ukrainian): <source
sentence>

Model Output (Hutsul): <model predic-
tion>

Reference (Hutsul): <reference sen-

tence>

As we didn’t have an opportunity to perform a
human evaluation for our translation, and consider-
ing that standard reference-based metrics may not
be a good fit for the dialect translation(Aepli et al.,
2023), we have used the LLM-based adequacy and
dialect scores as our primary evaluation metrics.
These are better aligned with human intuition and
more tolerant of different variations than BLEU or
TER.

Automatic metrics are used in a supporting role
to identify trends such as reordering or character-
level similarity. We report all metrics side-by-side.
This multi-metric approach enables a more holistic
interpretation of model behavior, especially in the
absence of human raters.

5.2 Baselines

We compared our fine-tuned models against the
GPT-40 baseline. Queried via the OpenAl API,
prompted to translate standard Ukrainian into the
Hutsul dialect. To ensure consistency and lexi-
cal coverage, we used the same RAG context and
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dictionary entries as in our synthetic generation
pipeline.

We did not include non fine-tuned Mistral or
LLaMA models as baselines, since their perfor-
mance in dialect generation tasks was much worse.
Due to their small size, their instruct tuning is insuf-
ficient for zero-shot generation in underrepresented
languages or dialects.

5.3 Results

As mentioned earlier, we evaluate our models using
both automatic metrics and LLM-based judgments.
Table 2 presents the BLEU, chrF++, TER scores
and GPT-40 as an LLLM-based judge, rating each
output on a 1-5 scale for fluency, adequacy, and
dialectal quality scores computed on a held-out test
set of 1900 sentences.

From the results we can see that all fine-tuned
models outperform the GPT-40 baseline for every
metric. Mistral fine-tuned on combined manually
collected and synthetic data performs best overall,
with the highest BLEU (74.35), chrF++ (81.89),
and dialect rating (3.60). While adequacy scores
remain stable across all models (x4.7), dialectal
accuracy varies more substantially and proves most
sensitive to the source of training data. Also we
can see that both, LLaMA and Mistral trained on
combined synthetic and manually annotated data
show strong scores on automatic metrics but slightly
underperform on dialectal quality, highlighting the
limitations of our method of generating synthetic
data.

5.4 Qualitative Examples

Below we show an example depicting LLM-
calculated scores over real data along with respec-
tive BLEU, chrF++, and TER metrics. This demon-
strates that even small fine-tuned models are slightly
better at preserving dialect-specific meaning and
lexicon than zero-shot commercial models, but still
far from perfect.

Reference (Hutsul): "IIpomnrymascu y Beuep, €K
3pobuBcH B dija B 060X xarax rapmizep."
(Eng: He came to his senses in the evening,
after a mess started in both of the grandfather’s
houses.)

GPT-40: "OreraBci axk yBeuepy, €K 3UMHUBCI
B rijla B 00MJIBOX OCENOYbKAX rapMuiep."
(Eng: He snapped out of it only in the evening,
after a chaos started in both of the old man’s



Model BLEU chrF++ TER Fluency Adequacy Dialect
GPT-40 56.64 6590 34.34 3.76 4.30 3.22
LLaMA (manual annotated + synthetic)  69.02 74.92 2290 4.11 4.72 3.33
LLaMA (manual annotated only) 59.98 72.61  28.62 4.13 4.72 3.38
Mistral (manual annotated only) 62.36 75.65  28.62 4.14 4.74 3.35
Mistral (manual annotated + synthetic)  74.35 81.89 22,90 4.18 4.72 3.60

Table 2: Automatic and LLM-based evaluation results. BLEU, chrF++, and TER are computed with sacreBLEU.
Fluency, adequacy, and dialect quality are rated by GPT-40 (1-5 scale).

huts.)
BLEU: 7.77, chrF++: 32.8, TER: 72.73, Flu-
ency: 4, Adequacy: 4, Dialect: 3

Mistral (manual + synthetic): "OramuBcu axx
yBedepi, KoM 3YUHHMBCS B Jijga B 000X
xarax rapmuiep." (Eng: He came to his
senses in the evening, when a chaos broke out
in both grandfather’s houses.)

BLEU: 31.46, chrF++: 46.62, TER: 54.55,
Fluency: 4, Adequacy: 5, Dialect: 3

Mistral (manual only): "Oremubcu
yBeUEpI, €K 3YEHUBCH B I8 B 000X XaTax
rapmugiep." (Eng: He came to his senses
only in the evening, after stirring up a mess in
both of the grandfather’s houses.)

BLEU: 34.39, chrF++: 56.92, TER: 45.45,
Fluency: 4, Adequacy: 5, Dialect: 4

azK

LLAMA (manual + synthetic): "Oravuscu ax
y BedepE, KOJIM 3YMHUBCUA B [Iija B 060X
xarsax rapmugep." (Eng: He came to his
senses in the evening, when a mess started in
both grandfather’s houses.)

BLEU: 20.45, chrF++: 46.42, TER: 63.64,
Fluency: 4, Adequacy: 4, Dialect: 3

LLAMA (manual only): "Oremuscu
yBedepi, €K 3UNHUBCH y [Ii/1a B 000X XaTax
rapmugiep." (Eng: He came to his senses
only in the evening, when a mess in the
grandfather’s both houses started.)

BLEU: 24.71, chrF++: 49.59, TER: 54.55,
Fluency: 4, Adequacy: 5, Dialect: 3

azK

Limitations

Our work makes first step in Ukrainian dialect
adaptation for LLMs, a lot of limitations remain
open.

An important limitation is that although we in-
troduced a synthetic data generation pipeline to
mitigate limited data availability problem, synthetic
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translations may lack native fluency or have stylis-
tic inconsistencies, especially for underrepresented
topics. This is particularly can be seen in domains
not covered by the original corpus, such as politics,
technology, etc. where Hutsul lexicon is either
very limited or absent. Despite filtering low-quality
generations, automatic evaluation metrics still may
overestimate linguistic validity.

In addition, evaluation remains challenging. Au-
tomatic metrics such as BLEU and chrF++ often
penalize valid dialectal variation (Garcia et al.,
2024; Held and Klakow, 2024). To better capture
stylistic and synthetic diversity, we use GPT-40
as an LLLM-based judge following recent work on
LLM-based evaluation frameworks (Wang, 2023;
Liu, 2023). However, we note that GPT-40 is not ex-
plicitly fine-tuned for dialectal assessment, and its
preferences may still align with standard Ukrainian
and human evaluation would provide much more
reliable assessments.

Also we need to mention that our current methods
are tailored to Hutsul, a relatively well-documented
dialect within the Ukrainian language. Extension
to other dialects or usage of the same approach
for other low-resource languages will require adap-
tation of both the data pipeline and prompting
strategies.
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