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Abstract

We introduce a Ukrainian paraphrase dataset
mined from event-aligned news headlines and
compare it with translated and LLM-generated
data sources. Candidate pairs are retrieved from
native Ukrainian news titles and filtered using
semantic and lexical constraints to form a train-
ing corpus in a semi-automatic pipeline. Hu-
man evaluation indicates that the sources differ
in useful ways: LLM-generated paraphrases
are generally stronger in meaning preservation,
whereas news-mined pairs offer greater lexical
variation while remaining fluent and meaning-
preserving. We tune mT5-large and mT0-large
and evaluate them on several held-out test sets,
including a human-validated subset. Relative
to Spivavtor-large, the models achieve compa-
rable semantic preservation with lower copy-
ing on the combined and human-validated sets.
Overall, the findings highlight the value of nat-
urally mined Ukrainian paraphrases as supervi-
sion for low-resource paraphrase generation.

1 Introduction

Paraphrase resources serve two distinct roles in
NLP: they supervise generation models and they
test whether systems can preserve meaning under
non-trivial reformulation. The strongest datasets
for these purposes remain concentrated in English,
including news-derived corpora such as MRPC
(Dolan and Brockett, 2005), question-duplicate col-
lections such as QQP and WikiAnswers (DataCa-
nary et al., 2017; Fader et al., 2013), and challenge
sets such as PAWS (Zhang et al., 2019). Ukrainian
does not yet have a comparable resource designed
specifically for paraphrase generation and evalua-
tion.

The missing piece is not only scale but also
a systematic comparison of native and synthetic
paraphrase sources for Ukrainian. In low-resource
settings, paraphrase supervision is often created
by translating English corpora or prompting Large

Language Models (LLMs) to rewrite text. Both
strategies are useful, but they introduce different bi-
ases. Translation-based supervision scales cheaply,
yet translated text often shows translationese ef-
fects and lower linguistic richness than native text
(Zhang and Toral, 2019; Vanmassenhove et al.,
2021). LLM-based rewriting avoids direct transla-
tion transfer, but unconstrained decoding in para-
phrase generation can produce trivial copies or near
copies, so explicit diversity controls are needed
to obtain stronger lexical and structural variation
(Thompson and Post, 2020; Holtzman et al., 2019).
The result is a familiar trade-off between semantic
reliability, naturalness, and lexical change.

We address this problem by mining paraphrases
from independent Ukrainian news reports about
the same event, which provides semantic anchor-
ing. This idea follows the intuition behind naturally
occurring paraphrase resources while adapting it
to a low-resource language setting in which native
supervision is scarce.

Following recent work on paraphrastic robust-
ness (Srikanth et al., 2024), we treat semantic equiv-
alence and variation in wording and structure as
separate properties rather than collapsing them into
a single similarity score. This distinction is es-
pecially important for Ukrainian, where prior ro-
bustness studies show that even small lexical sub-
stitutions can substantially affect model behavior
and semantic fidelity (Mudryi and Ignatenko, 2025;
Mudryi and Laba, 2025). This perspective moti-
vates both our dataset construction choices and our
evaluation setup.

Our contributions are:

• We construct a Ukrainian paraphrase corpus
by mining news titles about the same event
and filtering candidates with semantic and lex-
ical constraints.

• We compare news-mined pairs against trans-
lated and LLM-generated data using human
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judgments of meaning preservation, fluency,
and lexical divergence.

• We evaluate adapter-tuned models trained on a
balanced multi-source corpus and show com-
petitive performance against Spivavtor base-
lines, with lower copying on the combined
and human-validated sets.

2 Related Work

Paraphrase datasets differ mainly in how they ob-
tain semantically aligned texts. Some rely on nat-
urally occurring comparable descriptions, such as
parallel news reports in MRPC (Dolan and Brock-
ett, 2005), tweets linked to the same URL in Twitter
URL (Lan et al., 2017), multiple captions for the
same image in MS COCO, or duplicate questions
in WikiAnswers and QQP (Lin et al., 2014; Fader
et al., 2013; DataCanary et al., 2017). Across these
settings, paraphrases are most natural when they
arise from independent descriptions of the same
underlying event, scene, or intent.

Other resources are constructed synthetically.
PAWS, for example, creates high-overlap para-
phrase and non-paraphrase pairs through word
swapping and back-translation, followed by hu-
man validation (Zhang et al., 2019). In low-
resource settings, similar synthetic strategies of-
ten take the form of translated English corpora or
LLM-generated rewrites. These approaches scale
well, but translated text may exhibit translationese
and reduced linguistic richness (Zhang and Toral,
2019; Vanmassenhove et al., 2021), while uncon-
strained neural generation often produces conser-
vative rewrites unless diversity is explicitly encour-
aged (Holtzman et al., 2019; Thompson and Post,
2020).

Low-resource paraphrase generation has largely
focused on transfer rather than data construction.
LAPA, for instance, adapts pretrained sequence-to-
sequence models with adapters and meta-learning
under limited supervision (Li et al., 2022). We
instead focus on which kind of target-language su-
pervision is most useful when the training budget
is fixed.

For Ukrainian, the closest prior resource is Spi-
vavtor (Saini et al., 2024), a text-editing dataset
and instruction-tuned model suite that includes
paraphrasing alongside other rewriting tasks. It is
therefore an important baseline, but not a dedicated
paraphrase corpus built from naturally occurring
Ukrainian text. We also draw on the evaluation per-

spective of ParaNlu (Srikanth et al., 2024), which
shows that paraphrase quality should be assessed
jointly in terms of semantic equivalence and sur-
face variation rather than semantic similarity alone.

3 Dataset Methodology

3.1 Data Source and Candidate Generation

We build our corpus from the Ukrainian News
dataset (zeusfsx, 2024), a collection of 22.5 mil-
lion news titles collected from Ukrainian online
media. News headlines naturally form paraphrases
because independent outlets reporting on the same
event write alternative descriptions of the same con-
tent.

To identify candidates, we encoded the corpus
using a multilingual sentence-transformer (Reimers
and Gurevych, 2019) and retrieved nearest neigh-
bors for each title using an approximate nearest-
neighbor index (Johnson et al., 2021). Although
all retrieved neighbors were considered initially,
we restricted the candidate pool to pairs with sim-
ilarity of at least 0.5. The thresholds were se-
lected conservatively through manual inspection
of candidate pairs, prioritizing removal of obvious
semantic drift, near-duplicates, large information
mismatches, and factual inconsistencies while pre-
serving lexically diverse reformulations. Applying
the cutoff therefore reduced the candidate set sub-
stantially and prevented unnecessary computational
overhead in downstream filtering.

3.2 Filtering Pipeline

Raw candidate pairs contain substantial noise.
We therefore applied several filtering steps to re-
move unsuitable pairs. These include removing
near-duplicates with high word-overlap Jaccard
scores (> 0.8), pairs with low semantic similar-
ity (cosine score < 0.6), large length mismatches
(len_ratio < 0.67), and pairs containing inconsis-
tent numeric values. Additional heuristics removed
mirror duplicates, mixed-language content, non-
Cyrillic markup, and temporally distant pairs (pub-
lication dates differing by more than three days).
Examples of retained pairs and discarded pairs for
each rule are provided in Appendix A.1.4 and Ap-
pendix A.1.5.
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4 Dataset Comparison and Human
Evaluation

4.1 Dataset Comparison

We compare our news-mined paraphrase pairs with
three alternative Ukrainian sources that differ in
construction. The first consists of our news pairs,
independently written headlines about the same
event mined from the Ukrainian News corpus.
The second includes LLM-generated pairs, created
through instruction-based rewriting by a large lan-
guage model. The third contains translated pairs,
obtained by translating English sentence pairs
sampled from ParaNlu into Ukrainian (Srikanth
et al., 2024). Finally, we include Spivavtor-derived
pairs, sampled from the paraphrasing subset of
the Ukrainian text-editing dataset (Saini et al.,
2024). These sources represent different strategies
for constructing paraphrase supervision: native re-
formulations, LLM rewrites, translated pairs, and
instruction-based editing data.

Source n Len. Overlap

News (ours) 213 77.8 0.267
LLM 141 84.9 0.174
Translated 144 48.3 0.180
Spivavtor 152 70.7 0.277

Overall 650 71.2 0.230

Table 1: Validated pairs used in human evaluation, with
average paraphrase length (chars) and token overlap.

4.2 Human Evaluation Protocol and Results

For human evaluation, we sampled pairs from all
four sources, merged them, shuffled, and removed
source labels before annotation. Each pair was eval-
uated along three dimensions: meaning preserva-
tion, lexical divergence, and fluency. Meaning was
scored on a three-point scale (0 = different mean-
ing, 1 = similar meaning, 2 = identical meaning),
lexical divergence on a three-point scale reflecting
word overlap (0 = mostly the same words, 1 = par-
tial overlap, 2 = different wording), and fluency on
a binary scale (0 = not natural, 1 = natural). An-
notation was performed by a professional linguist.
To assess reliability, a subset of the data was inde-
pendently annotated by a second annotator. Under
this scheme, agreement exceeded 80% for mean-
ing and fluency, and was around 75% for lexical
divergence. In cases of disagreement, we adopted
the labels of the primary annotator due to their lin-
guistic expertise in Ukrainian. After validation and

removal of incomplete entries, 650 pairs remained
for analysis.

Source Meaning Lex. div. Fluency Total n

LLM-gen. 1.94 0.12 0.91 2.98 141
News pairs 1.48 0.36 0.94 2.78 213
Translated 1.39 0.49 0.70 2.58 144
Spivavtor 1.44 0.44 0.65 2.53 152

Table 2: Human evaluation average scores by source
family. Total is the sum of Meaning, Lexical divergence,
and Fluency.

Table 2 shows a clear ordering: LLM-generated
pairs have the highest aggregate score, while
Spivavtor-derived pairs have the lowest. This also
reveals an important trade-off: LLM outputs are
strong on meaning preservation, but lexical diver-
gence is the lowest (0.12), which indicates conser-
vative, safe rewrites.

To check whether this pattern persists among
acceptable paraphrases, we apply a stricter subset
filter (meaning score ≥ 1 and fluency = 1) and
recompute lexical divergence.

Source Lexical div. n

News pairs 0.259 185
Translated 0.209 91
Spivavtor 0.153 98
LLM-generated 0.078 128

Table 3: Lexical divergence on the strict subset with
meaning score ≥ 1 and fluency = 1.

Table 3 shows that, under this strict filter, news
pairs have the highest lexical divergence and LLM-
generated pairs remain the lowest. This confirms
that LLM rewrites are often safe edits even when
meaning and fluency are acceptable.

To test whether score distributions differ across
source families, we ran Kruskal–Wallis tests for
meaning, lexical divergence, fluency, and total
score. All tests were significant (all p < 10−6),
which indicates that the differences between data
sources are systematic rather than random varia-
tion.

Overall, LLM-generated pairs obtain the highest
aggregate score, but lexical changes are minimal.
In this sense, they are not the strongest paraphrases
when the goal is non-trivial reformulation rather
than safe editing. At the same time, news-mined
data offers the strongest balance between accept-
able meaning, fluent language, and non-trivial lexi-
cal variation.
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5 Fine-Tuning

5.1 Setup and Metrics
For downstream experiments, we train all models
on one combined dataset of about 16,000 pairs. We
sample the data evenly from four sources (news-
mined, LLM-generated, translated, and Spivavtor-
derived) to cover a broader paraphrase distribution.
This training size is also comparable to the Spivav-
tor paraphrasing subset scale.

The two adapter-tuned models are mT5-large
(Xue et al., 2021) and mT0-large (Muennighoff
et al., 2023). We compare them with Spivavtor-
large and Spivavtor-XXL. Spivavtor-large follows
the same mT5/T5-style encoder–decoder family,
while Spivavtor-XXL belongs to a much larger pa-
rameter class (13B class), so we treat it as a high-
capacity reference.

Evaluation is performed on three held-out sets:
the combined test split (n = 1600), the Spivavtor
test split (n = 1563), and a human-validated subset
(n = 502) containing pairs with meaning score ≥ 1
and fluency = 1.

BLEU against a single reference is not suffi-
cient for paraphrase evaluation because many valid
rewrites can differ from the gold surface form. We
therefore report two reference-based overlap met-
rics, BLEU ref and chrF++

ref (Popović, 2017), to-
gether with input-based semantic similarity mea-
sured by BERTScore (Zhang et al., 2020) using
XLM-RoBERTa-large (Conneau et al., 2020) and
copying measured by BLEU in. We do not in-
clude METEOR (Banerjee and Lavie, 2005) in
the main table because its standard formulation de-
pends on language-specific stemming and synonym
resources that are not well-defined for Ukrainian
in our setup; a surface-form fallback adds little be-
yond the other reference-based metrics. We also
considered ParaScore (Shen et al., 2022), but do
not include it because it is not directly adapted to
Ukrainian out of the box; validating paraphrase-
specific learned metrics for Ukrainian remains fu-
ture work.

Following Zou et al. (2025), we compute iB-
Score as a combined measure of semantic preserva-
tion and anti-copying behavior:

iBScore = BERTScorein − BLEU in

100
.

Higher iBScore indicates a better balance be-
tween semantic preservation and non-trivial refor-
mulation.

5.2 Results

Table 4 shows a consistent pattern. Spivavtor-XXL
obtains the highest iBScore on all three evaluation
sets, so we treat it as a high-capacity reference
rather than a directly comparable baseline. Among
the non-XXL models, mT5-large is best on the com-
bined and human-validated sets, while Spivavtor-
large is best on the Spivavtor test split. At the same
time, all models keep BERTScorein close to 0.98,
which indicates similar semantic preservation.

The reference-based metrics add little extra sep-
aration. BLEU ref and chrF++

ref (Popović, 2017)
show the same broad behavior: Spivavtor-XXL re-
mains strongest on all splits, while the remaining
systems stay close on the combined and human-
validated sets and differ only modestly on the Spi-
vavtor split. In other words, reference-based over-
lap metrics do not expose meaningful differences
beyond the main copying-aware picture captured
by iBScore.

The main differences come from input copy-
ing. On the combined test split, the adapter-
tuned mT5/mT0 models show lower BLEU in than
Spivavtor-large (roughly 68–69 vs. 69.46). On the
human-validated subset, the gap is larger (roughly
69.7–70.2 vs. 71.99). On the Spivavtor test
split, Spivavtor-large has lower copying than the
two adapter-tuned models, consistent with an in-
domain advantage.

To complement the automatic metrics, we man-
ually evaluated 100 generated outputs using the
same annotation dimensions as in the dataset eval-
uation: meaning preservation, lexical divergence,
and fluency. The outputs show moderate meaning
preservation: 27% were judged to have different
meaning, 39% similar meaning, and 34% identi-
cal meaning, giving a mean meaning score of 1.07.
Lexical divergence was relatively strong: 19% of
outputs used mostly the same words, 45% showed
partial wording change, and 36% used different
wording, giving a mean lexical divergence score
of 1.17. Fluency was the weakest dimension, with
63% of outputs judged natural and 37% judged not
natural. Overall, 47% of outputs satisfied the cri-
terion meaning ≥ 1 and fluency = 1, while 31%
reached the stricter tier of identical meaning and
fluent wording. During annotation, we also ob-
served that many outputs with meaning changes or
poor fluency came from the translated subset. This
suggests that fluency issues in translated source
texts can propagate to generated paraphrases. By
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Eval set Model n iBScore ↑ BERTScorein ↑ BLEU in ↓ BLEU ref ↑ chrF++
ref ↑

Combined test Spivavtor-XXL 1600 0.3797 0.9779 59.82 13.37 36.87
Combined test mT5-large (tuned) 1600 0.2984 0.9807 68.23 12.48 35.49
Combined test mT0-large (tuned) 1600 0.2947 0.9818 68.71 12.48 35.52
Combined test Spivavtor-large 1600 0.2867 0.9814 69.46 12.48 35.82

Spivavtor test Spivavtor-XXL 1563 0.3777 0.9770 59.93 20.90 46.15
Spivavtor test mT5-large (tuned) 1563 0.2854 0.9812 69.58 18.14 43.31
Spivavtor test mT0-large (tuned) 1563 0.2701 0.9827 71.25 17.94 43.52
Spivavtor test Spivavtor-large 1563 0.3038 0.9807 67.70 20.19 45.38

Human-validated subset Spivavtor-XXL 502 0.3525 0.9795 62.70 15.74 41.15
Human-validated subset mT5-large (tuned) 502 0.2838 0.9810 69.73 15.44 40.33
Human-validated subset mT0-large (tuned) 502 0.2811 0.9827 70.16 15.41 40.42
Human-validated subset Spivavtor-large 502 0.2625 0.9824 71.99 14.91 40.57

Table 4: Fine-tuning and baseline results on three evaluation sets. Lower BLEU in indicates less copying from the
input. Bold marks the best result among non-XXL models; Spivavtor-XXL is included as a high-capacity reference.

contrast, the manually inspected outputs from the
news-mined subset were generally stronger, which
is consistent with our motivation for using native
Ukrainian news text as supervision. These results
suggest that the main remaining bottleneck is flu-
ency rather than lexical variation.

Taken together, the automatic and human eval-
uations show that the adapter-tuned models can
reduce copying while preserving meaning in many
cases, but generation quality remains limited by
fluency and requires further improvement.

6 Conclusion

We construct a Ukrainian paraphrase corpus by
mining event-aligned news headlines and filter-
ing candidates with semantic and lexical con-
straints. We compare this data with translated
and LLM-generated pairs using human evalua-
tion of meaning, fluency, and lexical divergence.
We then fine-tune two adapter-based generation
models and evaluate them against strong baselines
on three held-out sets with BLEU ref , chrF++

ref ,
BERTScorein, BLEU in, and iBScore. Across
analyses, news-mined pairs show the strongest lex-
ical divergence under quality constraints, and bal-
anced multi-source training supports competitive
meaning-preserving generation with reduced copy-
ing on the combined and human-validated sets. The
two reference-based metrics show the same broad
behavior and do not materially separate the non-
XXL models.

Data and Code Availability

For reproducibility, we provide public project
repositories for the code, dataset, and model check-
points. The implementation for data construction,

fine-tuning, and evaluation is released at GitHub.
The dataset and trained checkpoints are released
through Hugging Face at dataset repository and
model repository.

Limitations

This study has four main limitations. First, we
fine-tuned only two large-model backbones (mT5-
large and mT0-large, approximately 1.2B class), so
broader architectural coverage remains open.

Second, the dataset is built entirely from news
headlines. Headlines are short, compressed, and
strongly event-centered, so they do not cover longer
sentence structures, paragraph-level context, or
other text types such as conversational, instruc-
tional, or literary prose. As a result, models trained
on this data may not transfer reliably to longer in-
puts or broader domains. Our mining setup also
assumes a one-to-one relation between two head-
lines. Natural paraphrasing can be more flexible:
one sentence may correspond to several sentences,
several sentences may be compressed into one, and
meaning can be redistributed. Extending the ap-
proach beyond headline-level one-to-one pairs re-
mains future work.

Third, due to time and compute limits, we
trained on the combined training corpus only. We
did not fine-tune separate models for each data
source family, so we cannot directly test whether
source-specific training reproduces the same order-
ing observed in human evaluation.

Fourth, we could not fine-tune models in the
same scale class as Spivavtor-XXL (10B+), includ-
ing Aya-101-scale systems. This limits conclu-
sions about the best achievable quality under un-
constrained compute.
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Ethical Considerations

Our data source consists of publicly available
Ukrainian news headlines. Although headlines
are short, they can include offensive language, in-
sensitive framing, and descriptions of violence or
traumatic events. We therefore treat the corpus as
potentially harmful content and assume that down-
stream models may reproduce such language.

Because headlines are collected from publisher
websites, source-specific licensing and reuse terms
may apply. We use the corpus for research and eval-
uation, and we recommend that any dataset release
follows the legal and attribution requirements of
the original sources.

The corpus can also reflect editorial bias, po-
litical framing, and factual inconsistency across
outlets. Mining paraphrases from event-aligned
headlines improves lexical diversity, but it does
not remove these source-level biases. Our filtering
pipeline reduces semantic drift and obvious mis-
matches, yet it cannot guarantee factual correctness
of the underlying claims.

Human annotation introduces a second risk: an-
notators may be exposed to disturbing or offensive
text. In this study, annotation was performed by a
trained linguist, which improved judgment consis-
tency on meaning and fluency. Future annotation
rounds should keep clear skip rules and workload
limits to reduce potential harm.

The resulting models can be used for beneficial
tasks such as rewriting and educational support, but
they can also be misused to rephrase misleading or
manipulative content. For this reason, we frame the
dataset and models as research resources, report
their limitations explicitly, and encourage careful
deployment with moderation policies.
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A Appendix

A.1 Data Preparation
For candidate generation, we used
the sentence encoder checkpoint
paraphrase-multilingual-mpnet-base-v2
(model card: https://huggingface.
co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2).

Both LLM-based headline paraphrasing and
English-to-Ukrainian translation were generated
with Gemini 2.5 Flash.

A.1.1 LLM headline paraphrase prompt
For headline rewriting, we used the following sys-
tem prompt.

System prompt:

You are an expert news editor rewriting headlines.
Your task is twofold:
1. **Clean**: Remove any artifacts from the
input title (e.g., website names, "Read more",
"Source: ...", truncated text "...").
2. **Paraphrase**: Write a new headline that
conveys the EXACT SAME information as the
cleaned title but uses different vocabulary and
structure.

Guidelines:
- The paraphrase must be in Ukrainian.
- Do not change names, numbers, or locations.
- Avoid trivial changes (like just changing one
word). Aim for structural variety.

Structured output schema:

• cleaned_original: The original title with
artifacts removed.

• paraphrase: A semantic paraphrase of the
cleaned title with different wording.

A.1.2 English-to-Ukrainian bucket translation
prompt

The English source sentences were sampled from
ParaNlu (Srikanth et al., 2024) and translated using
the prompt below.

System prompt:

You are an expert translator specializing in
preserving semantic nuances and variation.

Task: Translate the following list of En-
glish sentences into Ukrainian.
Context: All these sentences are paraphrases of
the SAME meaning.

Constraints:
1. **Semantic Equivalence**: The meaning must
be preserved.
2. **Diversity**: The translations must NOT
be identical. You must vary the Ukrainian

vocabulary and syntax to match the diversity of
the English inputs.
3. **Quality & Filtering**: If an English
sentence is nonsensical, weird, has artifacts, or
would result in a broken/meaningless Ukrainian
sentence, **SKIP IT**.
- Do NOT translate nonsensical inputs.
- It is strictly VALID (and encouraged) if the
number of output Ukrainian sentences is smaller
than the input list when some inputs are bad.

Structured output schema:

• ukrainian_sentences: list of valid
Ukrainian translations; list length may be
smaller than input due to filtering.

A.1.3 Ukrainian verbalizer prompts used in
adapter training and generation.

During adapter fine-tuning and inference, we
prepend one verbalizer sampled from the following
fixed set:

• Ukrainian text: Перефразуй речення:
English translation: Paraphrase the sen-
tence:

• Ukrainian text: Перепиши речення iнши-
ми словами:
English translation: Rewrite the sentence in
other words:

• Ukrainian text: Перефразуй цей текст:
English translation: Paraphrase this text:

• Ukrainian text: Перефразуй це речення:
English translation: Paraphrase this sen-
tence:

• Ukrainian text: Перефразуй:
English translation: Paraphrase:

• Ukrainian text: Переформулюй це речен-
ня:
English translation: Rephrase this sentence:

• Ukrainian text: Переформулюй цей
текст:
English translation: Rephrase this text:

A.1.4 Examples of retained paraphrase pairs
Table 5 shows examples of pairs retained after fil-
tering. These examples illustrate the type of lexical
and structural variation preserved in the final cor-
pus.
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Source Sentence A Sentence B

News Рада ухвалила держбюджет-2022 Парламент затвердив державний бюджет на
2022 рiк

EN The Verkhovna Rada adopted the 2022 state budget. Parliament approved the state budget for 2022.

News Гелiкоптер i лiтак, що належить родинi Медвед-
чука, передали для потреб ЗСУ.

Гелiкоптер i лiтак Медведчука передали на по-
треби армiї

EN A helicopter and an airplane belonging to Medved-
chuk’s family were transferred for the needs of the
Armed Forces of Ukraine.

Medvedchuk’s helicopter and airplane were transferred
for the needs of the army.

News Буданов назвав дати оголошення нової мобiлi-
зацiї в РФ.

Буданов назвав дату, коли Росiя розпочне нову
мобiлiзацiю

EN Budanov named the dates for the announcement of a
new mobilization in Russia.

Budanov named the date when Russia will begin a new
mobilization.

News Майже кожен другий українець незадоволений
своєю роботою

Майже половина українцiв не задоволена своєю
роботою

EN Almost every second Ukrainian is dissatisfied with their
job.

Almost half of Ukrainians are dissatisfied with their job.

Table 5: Examples of retained news-mined paraphrase pairs. English translations are provided for readability.

A.1.5 Filtering examples

Below we show examples of pairs discarded by the
filtering pipeline. For each example, we provide
both the original Ukrainian text and an English
translation.

Near-duplicate filter (Jaccard > 0.8):
Sentence A (Ukrainian text): У Львовi вiдре-

конструюють старе тролейбусне депо
Sentence B (Ukrainian text): У Львовi рекон-

струюють старе тролейбусне депо
Sentence A (English translation): The old trol-

leybus depot in Lviv will be reconstructed.
Sentence B (English translation): The old trol-

leybus depot in Lviv will be reconstructed.
Low semantic similarity (cosine < 0.6):
Sentence A (Ukrainian text): Кахiм Перрiс

зiграв за збiрну Ямайки проти Аргентини
Sentence B (Ukrainian text): Два ефектних

голи Мессi дозволили Аргентинi розгромити
Ямайку

Sentence A (English translation): Kahim Per-
ris played for the Jamaican national team against
Argentina.

Sentence B (English translation): Two spec-
tacular goals by Messi allowed Argentina to rout
Jamaica.

Length disparity (len_ratio < 0.67):
Sentence A (Ukrainian text): У Харковi вiд-

крили новий реабiлiтацiйний центр
Sentence B (Ukrainian text): У Харковi вiд-

крили новий реабiлiтацiйний центр для вiй-
ськових, який щодня прийматиме до 200 па-
цiєнтiв iз рiзних регiонiв України

Sentence A (English translation): A new reha-
bilitation center was opened in Kharkiv.

Sentence B (English translation): A new reha-
bilitation center for military personnel has opened
in Kharkiv, which will treat up to 200 patients daily
from various regions of Ukraine.

Number inconsistency:
Sentence A (Ukrainian text): Низка країн на

чолi зi США пiдписали заяву щодо модернi-
зацiї ППО України

Sentence B (Ukrainian text): США та 12 кра-
їн свiту пiдписали заяву щодо нагальної мо-
дернiзацiї ППО України

Sentence A (English translation): A number
of countries, led by the United States, have signed
a statement on the modernization of Ukraine’s air
defense system.

Sentence B (English translation): The United
States and 12 other countries have signed a state-
ment calling for the urgent modernization of
Ukraine’s air defense system.

A.2 Fine-Tuning Details and
Hyperparameters

Both fine-tuned models (mT5-large and mT0-large)
use adapters with bottleneck dimension 128 in-
serted in transformer attention blocks. We train
adapters only, while keeping the base model param-
eters frozen.

The optimizer is AdamW with learning rate 5×
10−6 and weight decay 0.01. Batch size is 4. We
train up to 15 epochs because the training loss and
validation metrics plateaued near this range. We
evaluate every three epochs and use early stopping
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with patience 3 evaluation rounds.
The learning-rate schedule is linear

warmup/decay with warmup equal to 10%
of total training steps. We apply gradient clipping
with max norm 1.0. For generation during
evaluation, we use beam search (num beams = 5),
repetition penalty 1.5, no-repeat trigram constraint,
and adaptive output length with approximately
1.3× source-token budget.

Input lengths are truncated to 128 tokens. For
metric computation we report BLEU ref , chrF++

ref ,
BLEU in, BERTScorein, and iBScore as defined
in Section 5.

208


