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Abstract
We study the robustness of text–image retrieval
for Ukrainian under synonym-substitution at-
tacks (SSA). On Multi30K with OpenCLIP,
we evaluate two SSA methods: dictionary-
based and LLM-based, and find Ukrainian de-
grades far more than English (e.g., GPT-4o
SSA drops HIT@1 from 32.1 → 10.9 vs. 41.6
→ 30.4). We introduce a Hybrid method that
filters dictionary candidates with an LLM to
preserve sense and grammar, yielding higher-
quality perturbations (Ukrainian HIT@1 16.8
vs. 7.6/10.9). To mitigate this problem, we
propose synonym-augmented fine-tuning, in-
jecting one-word substitutions into training;
it boosts robustness (Hybrid 28.1, GPT-4o
25.1) without harming original performance.
This is the first systematic SSA evaluation for
Ukrainian multimodal retrieval and a practical
recipe for improving models in low-resource,
morphologically rich languages. We release
code, prompts, and trained checkpoints at
github.com/YuriiLaba/UA-B2BE.

1 Introduction

Embeddings provide vector-space representations
of discrete inputs: words, sentences, images, and
audio, making semantic similarity and downstream
learning feasible (Bengio et al., 2003). Over
the past decade, unimodal text embeddings have
evolved into multimodal embeddings that jointly
encode text and images into a shared space, en-
abling retrieval, grounding, and cross-modal rea-
soning (Radford et al., 2021; Li et al., 2023). While
this shift has powered significant advances in multi-
modal understanding, it also raises questions about
the stability of these representations under minor,
human-preserving edits to the input (Zhou et al.,
2024; Liu, 2024).

A key vulnerability is robustness to local lexical
variation (Moradi and Samwald, 2021). Substi-
tutions at the character, word, or sentence level

*These authors contributed equally to this work

can perturb an embedding in ways that mislead a
model even when the change preserves meaning
for humans. In this work, we focus on word-level
synonym substitution: a setting that is intuitively
harmless for people yet often misleads models, es-
pecially when tokenization, morphology, or pre-
training distributions underrepresent particular lex-
ical forms.

Most robustness studies of synonym substitution
focus on English (Ribeiro et al., 2020; Morris et al.,
2020; Zeng et al., 2021). For Ukrainian, a mor-
phologically rich, lower-resource language, both
empirical measures and standardized evaluation
tools are scarce, as it ranks in the lower tiers of data
availability in CC100 (Conneau et al., 2020) and
falls outside the high-resource classes in Joshi et al.
(2020). This gap limits ability to diagnose failures
and improve multilingual and multimodal systems.

At the same time, many state-of-the-art (SOTA)
multimodal encoders that produce embeddings are
trained from scratch on web-scale English-centric
corpora. Multilingual coverage is frequently boot-
strapped via machine translation (dos Santos et al.,
2023; Carlsson et al., 2022). This introduces well-
known issues: translation artifacts, domain and
register mismatches, and lexical biases that distort
the target-language signal.

We therefore frame the central problem: there
is no reliable measure of synonym-robustness
for Ukrainian multimodal embeddings, and the
ecosystem lacks the tooling to build one. Con-
cretely, Ukrainian has limited high-quality syn-
onym resources (e.g., WordNet-style inventories
with usable synsets), and there are no ready-to-use
synonym-substitution methods for robustness test-
ing (candidate generation, form inflection, gram-
matical filtering).

This paper makes four contributions: (i) We con-
struct a naive dictionary-based synonym substitu-
tion method for Ukrainian and quantify how it af-
fects multimodal retrieval performance. (ii) We
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develop an LLM-based substitution method that
generates context- and grammar-aware Ukrainian
synonyms and evaluate its impact. (iii) We intro-
duce a hybrid method that combines dictionary
coverage with LLM selection and inflection, yield-
ing higher-quality substitutions and more informa-
tive robustness assessments. (iv) We propose and
evaluate a fine-tuning approach, using synonym-
augmented data, to improve text–to–image retrieval
under the Synonym-Substitution Attack (SSA). Fi-
nally, we replicate our evaluation and fine-tuning
approach on Czech to assess cross-lingual general-
ity and observe consistent gains, indicating transfer
beyond a single language.

2 Related Work

Prior work on multilingual and multimodal em-
beddings follows several distinct strategies that
differ in data requirements, computational cost,
and language coverage. First, using real paired
data, the monolingual CLIP (Radford et al., 2021)
pipeline trains a single joint image–text encoder
from scratch. It assumes high-quality image–text
pairs and significant compute resources; for many
languages, including Ukrainian, such resources are
limited, making monolingual training impractical.

A second line of work replaces CLIP’s origi-
nal English text encoder with a multilingual lan-
guage model and trains on multilingual image–text
data (Cherti et al., 2023). This approach bootstraps
cross-lingual lexical coverage. These models are
often “ready-to-use” for many languages out of the
box. However, representation quality for a given
target language depends on its diversity and quality
in the training mixture.

A third approach uses teacher–student transfer
to adapt CLIP to new languages (Chen et al., 2023;
Carlsson et al., 2022). In such approaches, En-
glish CLIP acts as the teacher while a multilingual
or target-language encoder learns to replicate its
image–text alignment. These methods leverage
parallel or translated data and are more compute-
efficient than full training, but translation artifacts
and lexical biases can distort the embedding space.

Another approach to generate multimodal em-
beddings is vision–language models (Liu et al.,
2024; OpenAI, 2024; Team et al., 2023). How-
ever, many of them are closed and do not expose
embedding APIs, and they are expensive.

The Ukrainian Visual-Word Sense Disambigua-
tion benchmark (Laba et al., 2024) offers a way

to measure multimodal model performance in
Ukrainian, showing M-CLIP1 (Carlsson et al.,
2022) as the best baseline. However, OpenCLIP
multilingual variants were not evaluated. To fill this
gap, we evaluated OpenCLIP models that support
Ukrainian on the same benchmark and compared
it against M-CLIP. We observed that OpenCLIP
model2 achieved stronger performance metrics on
the Ukrainian Visual-WSD benchmark (Table 5),
making it the primary model for our study.

Synonym-based adversarial attacks are well-
studied in high-resource languages such as English,
where various approaches exist to generate seman-
tically and syntactically valid substitutions (Jin
et al., 2020; Li et al., 2020). Those methods, how-
ever, depend on resources that are either missing or
not practically usable in Ukrainian, e.g., WordNet
or counter-fitting synonym embeddings (Mrkšić
et al., 2016). Even the recently released Wikipedia-
mapped Ukrainian WordNet offers only one lemma
per synset and thus no usable synonym sets (Ro-
manyshyn et al., 2024). Recently (Mudryi and Ig-
natenko, 2025) adapt English SSA to Ukrainian via
multilingual models, but the approach targets only
text and is engineering-heavy. Also, prior work
shows that many automatic substitution methods
for English still yield grammatically or semanti-
cally invalid replacements (Chiang and Lee, 2023).
LLM-based synonym substitution (Wang et al.,
2024) offers a way to avoid external language re-
sources, but, to the best of our knowledge, it has
not been evaluated for low-resource languages.

Given these limitations, instead of directly adapt-
ing existing synonym substitution techniques from
English, we propose a novel approach leverag-
ing LLMs in combination with an unstructured
Ukrainian synonym dictionary to generate contex-
tually and grammatically appropriate synonym re-
placements for Ukrainian.

3 Methodology

3.1 Problem Definition

We study the robustness of multimodal embed-
dings to meaning-preserving lexical variation in
Ukrainian. Our goal is to quantify and improve
the robustness of text–to–image retrieval when a
caption is modified by a single-word synonym.
We focus on Ukrainian and use English as a high-

1XLM-Roberta-Large-Vit-B-16Plus
2CLIP-ViT-H-14-frozen-xlm-roberta-large-laion5B-

s13B-b90k
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resource reference point.
We evaluate text–to–image retrieval only and

report HIT@1, HIT@5, and MRR. HIT@k is the
proportion of queries whose ground-truth image
appears within the top k; Mean Reciprocal Rank
(MRR) summarizes overall ranking quality across
the full list.

We generate perturbed captions with two SSA
methods: (1) Dictionary - synonyms from a
Ukrainian list, inflected to match the source word’s
grammar; (2) LLM (GPT-4o) - contextually gener-
ated synonyms, with prompts enforcing meaning
preservation and correct inflection.

We conduct all experiments on Multi30K (El-
liott et al., 2016), the multilingual extension of
Flickr30K (Young et al., 2014) containing 31,014
images, each paired with five crowd-sourced En-
glish captions. We use the Ukrainian exten-
sion of Multi30K (Saichyshyna et al., 2023),
which provides human-translated captions aligned
to the same images. We follow the standard
train/validation/test splits, and apply synonym sub-
stitutions only to test captions.

As shown in Table 1, English outperforms
Ukrainian on unperturbed captions, and the gap
widens under both substitution methods. With GPT-
4o, HIT@1 drops by 11.2% in English vs. 21.2%
in Ukrainian (≈ 26% vs. ≈ 66% relative). This
supports our hypothesis that Ukrainian is more dis-
rupted by synonym substitutions due to richer mor-
phology and lower number of data for pretraining.

SSA method Lang HIT@1 HIT@5 MRR
Unperturbed Ukr 32.1 54.3 42.6
Dictionary Ukr 7.6 39.3 22.8
GPT-4o Ukr 10.9 44 26.3
Unperturbed Eng 41.6 65.7 52.7
Dictionary Eng 22 52.8 36.2
GPT-4o Eng 30.4 60.7 44.1

Table 1: OpenCLIP text–to–image retrieval on
Multi30K test set for Unperturbed captions and two
SSA methods: Dictionary and GPT-4o. Metrics are re-
ported in %.

3.2 Approach
Generating high-quality synonym substitutions for
Ukrainian presents challenges due to its rich mor-
phology and inflectional complexity. Ukrainian’s
rich morphology (number, gender, case) makes
meaning-preserving substitutions far harder than
in English. Furthermore, the lack of modern SSA

frameworks increases the challenge of evaluating
model robustness.

To address these issues, we explore three syn-
onym generation approaches. The first method is
dictionary-based, using the (Synonimy.info, 2025),
which contains 9,200 synonym groups. While this
resource offers broad lexical coverage, it has noisy
entries (parsing errors, outdated terms, and context-
dependent synonyms), and replacements must also
match Ukrainian grammar. We partially address
this issue with Pymorphy 3 (Halaiko, 2025) to in-
flect chosen synonyms to the sentence context.

The second method leverages a LLM (GPT-
4o (OpenAI, 2024)) to generate context-aware syn-
onyms that are semantically, morphologically and
grammatically correct. Our prompt template and
few-shot examples illustrating valid, inflectionally
correct substitutions are provided in Appendix G.
We used GPT-4o because our university provided
the necessary budget/credits to support API-based
generation at scale.

While LLM-only substitution yields fluent,
context-aware replacements, it lacks full coverage
of Ukrainian’s lexical diversity (rare lemmas, di-
alectal variants, domain terms). On other hand,
dictionary improves coverage, yet entries can be
noisy, and in a morphologically rich language like
Ukrainian, applying case/number/gender rules of-
ten can’t be done automatically. Recognizing the
strengths and limitations of both methods, we pro-
pose a third method, the hybrid approach, in which
dictionary candidates are refined by the LLM to se-
lect synonyms that best maintain sentence meaning
and grammatical integrity.

The hybrid method supplies the LLM with the
original sentence and the dictionary-derived candi-
date list for each detected noun. For every noun, we
inject its dictionary synonyms into the prompt and
instruct the model to return at most 10 relevant can-
didates, inflecting each selected synonym to match
grammar. The exact hybrid prompt (which reuses
the GPT-only template with an added “dictionary
candidates” field and the same few-shot examples)
is provided in Appendix G.

3.3 Robustness Enhancement
To evaluate whether the issues arise from lim-
ited training data, we fine-tune OpenCLIP on
the Ukrainian Multi30K training set and explore
whether additional in-language data reduce the gap.

Assuming that multilingual models are often
trained on machine-translated data and may in-

20460



herit associated biases, we expand the corpus with
LLM-generated synonym substitution sentences.
For each Multi30K training pair, we create several
variants by replacing exactly one caption noun with
a context-appropriate, inflected synonym generated
by the same LLM method from 3.2; the image
remains unchanged. We refer to this extended train-
ing setup (Multi30K + synonym-augmented cap-
tions) as synonym-augmented fine-tuning. Train-
ing continues on the union of the original and aug-
mented pairs using the standard contrastive objec-
tive. By adding these meaning-preserving variants,
we aim to improve robustness to linguistic shifts in
low-resource languages.

We keep most model’s layers frozen to retain
general multilingual knowledge (Zhai et al., 2022),
while selectively unfreezing a subset of text and
vision layers for targeted adjustments. The hyper-
parameters are detailed in Appendix C.

4 Results

SSA Method HIT@1 HIT@5 MRR
Dictionary 7.6 39.3 22.8
GPT-4o 10.9 44 26.3
Hybrid 16.8 49 31.5
Unperturbed 32.1 54.3 42.6

Table 2: OpenCLIP text–to–image retrieval under three
SSA methods, evaluated on the Multi30K Ukrainian test
set. Metrics are reported in %.

4.1 SSA results

Table 2 presents the image retrieval performance
of OpenCLIP under three different SSA methods,
showing substantial variation. A dictionary-based
approach yields the lowest scores across all met-
rics. We attribute this drop in accuracy to the dictio-
nary’s limited contextual awareness: while it offers
broad lexical coverage, the synonyms it provides
often fail to match the morphological and semantic
context of each sentence.

In contrast, the GPT-based approach improves
performance by generating synonyms that better
preserve both meaning and grammatical form, re-
sulting in more relevant synonym substitution.

Finally, the smallest drop in performance comes
from the hybrid method. By combining the dic-
tionary’s lexical scope with the LLM’s context
sensitivity, Hybrid yields more precise synonym
matches and higher retrieval scores.

Given these results, we asked whether the SSA
methods differ in substitution quality. We man-
ually reviewed 500 replacements per method, la-
beling each as (1) correct (meaning and grammar
preserved), (2) correct lemma but grammatically in-
correct, or (3) incorrect (alternative meaning). The
audit (Table 3) shows that Hybrid replacements
are the most valid both grammatically and semanti-
cally. During the manual review, we also observed
that GPT replacement often generates hyperonyms
instead of synonyms or loosely related terms rather
than true synonyms, while Hybrid consistently pre-
serves sense and inflection; illustrative examples
appear in Appendix F, Table 8.

Following manual analysis, we examined how
the model represents synonyms. We visualized
attention-based predictions using (Chefer et al.,
2021). Consider the caption “Чоловiк у синiй
сорочцi лагодить велосипед у жовтiй кiмнатi”
(A man in a blue shirt is fixing a bicycle in a yellow
room). With “велосипед” (bicycle), OpenCLIP
correctly aligns the token to the corresponding im-
age region; however, when the lower-frequency
synonym “ровер” is used, the alignment degrades.
The tokenizer splits “ровер” into “ро” and “вер” ,
with the latter receiving minor importance, leading
to weaker text–image alignment. A full visualiza-
tion is provided in Appendix B.

These analyses implicate underrepresented vo-
cabulary; next we test whether fine-tuning, espe-
cially with synonym-augmented data, mitigates
these errors and improves robustness.

SSA Method Dict GPT Hybrid

Correct 35.2 84.6 90.4
Grammar 27.6 2.4 1.2
Semantic 37.2 13 8.4

Table 3: Manual evaluation of SSA quality across dif-
ferent methods, with results presented as percentages.

4.2 Robustness enhancement results
Fine-tuning on Multi30K demonstrates that even
a simple approach can improve text–to–image re-
trieval under SSA, as presented in Table 4. HIT@1
nearly triples for dictionary substitutions (7.6% →
19.5%), doubles for GPT-4o (10.9% → 23.1%),
and rises for hybrid (16.8% → 26.7%), with MRR
improving by roughly +10% across all cases. These
consistent gains highlight the impact of exposing
the model to in-language training data.
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Compared to Multi30K-only fine-tuning,
synonym-augmented training yields consistent
gains: HIT@1 improves slightly for dictionary
substitutions (19.5% → 19.7%), more under hybrid
(26.7% → 28%) and the most under GPT-4o
(23.1% → 25.1%), with MRR increasing by about
+0.6 to +1.7%. Across all substitution methods,
synonym-augmented fine-tuning consistently
delivers the best scores.

Two key insights emerge. First, fine-tuning
alone improves text–to–image retrieval under SSA.
Second, synonym-augmented fine-tuning general-
izes beyond GPT-style substitutions and achieves
the best results across all three SSA methods,
while maintaining nearly the same performance
as Multi30K fine-tuning on the original test set
(average metrics drop of -0.19).

Nevertheless, none of the perturbed results ap-
proach the strongest unperturbed scores (39.3%
HIT@1 and 50.7% MRR from Multi30K fine-
tuning), underscoring how disruptive synonym vari-
ation remains.

SSA
Method Model HIT@1 HIT@5 MRR

Unpert.
OpenCLIP 32.1 54.3 42.6

Multi30K FT 39.33 64.02 50.73
Synonym FT 39.07 63.76 50.69

Dict
OpenCLIP 7.6 39.3 22.8

Multi30K FT 19.53 50.95 34.12
Synonym FT 19.78 51.57 34.72

GPT-4o
OpenCLIP 10.9 44 26.3

Multi30K FT 23.13 55.64 37.98
Synonym FT 25.14 56.36 39.72

Hybrid
OpenCLIP 16.8 49 31.5

Multi30K FT 26.69 58.27 41.19
Synonym FT 28.08 58.94 42.34

Table 4: Results of OpenCLIP, Multi30K fine-tuned,
and synonym-augmented fine-tuned models on the
Multi30K Ukrainian test set under unperturbed and three
SSA methods. Metrics are reported in %.

4.3 Czech replication
To assess whether our findings are specific to
Ukrainian or generalize to other languages with
rich morphology, we replicate the study on Czech
using the Czech version of Multi30K. Applying
the same SSA methods yields the same pattern
as in Ukrainian: synonym substitutions degrade

text–image retrieval, and the Hybrid method shows
the least degradation (Table 7).

The absolute and relative drops under SSA
are smaller for the Czech than for the Ukrainian.
We hypothesize two reasons: (i) shorter average
caption length in the Czech translations (fewer
opportunities for substitution-induced mismatch),
and (ii) stronger token coverage for Czech in the
XLM-RoBERTa vocabulary (Conneau et al., 2020),
which reduces harmful subword fragmentation.

We further fine-tune on the Czech portion of
Multi30K and observe improvements under all SSA
methods, with synonym-augmented fine-tuning
achieving the best overall text–to–image retrieval
under SSA. As in Ukrainian, synonym-augmented
fine-tuning does not degrade performance on the
unperturbed captions, indicating gains in robust-
ness without sacrificing original accuracy.

These results provide evidence that our approach
is not language-specific: synonym-augmented fine-
tuning improves retrieval robustness across multi-
ple Slavic languages. Full Czech results and imple-
mentation details appear in Appendix E.

5 Conclusion

This work presents the first systematic evaluation
of text–to–image retrieval under SSA for Ukrainian.
In the absence of ready-to-use SSA frameworks for
this low-resource language, we establish baseline
methods using a dictionary-based and an LLM-
based (GPT-4o) methods, analyzing their respec-
tive strengths and weaknesses. Building on these
insights, we propose a novel Hybrid substitution
method that better balances lexical coverage with
grammatical and semantic correctness.

We further demonstrate that fine-tuning on the
Ukrainian Multi30K dataset improves retrieval
across all SSA methods. Extending this idea, we in-
troduce synonym-augmented fine-tuning, in which
additional training pairs are created by substitut-
ing nouns with LLM-generated synonyms. This
approach improves text–to–image retrieval under
SSA while maintaining performance on the unper-
turbed data.

Finally, by replicating our experiments on Czech,
another morphologically rich Slavic language, we
show that both the Hybrid substitution method and
synonym-augmented fine-tuning generalize beyond
Ukrainian. Together, these results highlight a prac-
tical path toward more robust multimodal embed-
dings in low-resource languages.
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Limitations

While our study provides insights into the robust-
ness of multimodal models under synonym sub-
stitution in a low-resource language, several lim-
itations remain. First, our synonym substitution
strategies rely on predefined lexical resources and
large language models, which may introduce bi-
ases based on their training data. The dictionary-
based method lacks contextual awareness, while
the LLM-based approach depends on the quality
of its training corpus and may generate synonyms
that do not always preserve the intended meaning.
Second, while results on two Slavic languages in-
dicate cross-lingual viability, extending the study
to non-Slavic morphology (e.g., Turkish, Swahili)
and to generation tasks such as VQA remains fu-
ture work. Third, our experiments keep the original
XLM-R tokenizer unchanged; unseen sub-words
may therefore still degrade retrieval. Exploring se-
lective vocabulary expansion or adapter-level token
embeddings is left for future work.

Ethical Considerations

This study focuses on enhancing the robustness of
multimodal retrieval models and does not involve
human subjects, personal data, or sensitive infor-
mation. However, ethical concerns arise regarding
potential biases in the synonym substitution meth-
ods and the pretraining data of the models used.
The dictionary-based approach may contain out-
dated or culturally specific synonyms that do not
reflect contemporary language use. Additionally,
large language models, such as GPT-4o, can in-
herit biases from their training data, which may
influence synonym generation and, consequently,
model predictions.

We used AI assistants for minor coding assis-
tance, such as debugging and optimizing LaTeX
formatting, and for grammar and clarity improve-
ments in writing. However, AI was not used to
generate text from scratch, and all research, analy-
sis, and conclusions were solely conducted by the
authors.
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A Benchmark Comparison on Ukrainian
Visual-WSD

Table 5 reports HIT@1 and MRR on the Ukrainian
Visual-WSD benchmark for off-the-shelf multilin-
gual OpenCLIP and M-CLIP checkpoints (no fine-
tuning on the benchmark). Because there is a lack
of good-quality Ukrainian multimodal benchmarks,
we adopt the latest version of Ukrainian Visual-
WSD benchmark3; its latest release includes 174
unique homonyms. OpenCLIP ViT-H/14 (XLM-R
large) attains the best scores, outperforming the
strongest M-CLIP variant by ≈ 6 HIT@1 and
≈ 3.9 MRR. These results motivated our choice
of the OpenCLIP ViT-H/14 multilingual model in
the main experiments.

Model Variant HIT@1 MRR
CLIP-ViT-H-
14-frozen-xlm-
roberta-large-
laion5B-s13B-
b90k

OpenCLIP 43.82 60.6

XLM-Roberta-
Large-Vit-B-
16Plus

M-CLIP 37.80 56.7

CLIP-ViT-B-
32-xlm-roberta-
base-laion5B-
s13B-b90k

OpenCLIP 37 54.4

XLM-Roberta-
Large-Vit-L-14

M-CLIP 36.48 55.5

LABSE-Vit-L-
14

M-CLIP 35.17 53.96

XLM-Roberta-
Large-Vit-B-32

M-CLIP 34.65 53.9

Table 5: HIT@1 and MRR metrics comparison of mul-
tilingual OpenCLIP versus M-CLIP on the extended
Ukrainian Visual-WSD benchmark.

3Hugging Face: Ukrainian Visual-WSD
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B Attention-based Prediction
Visualization

We use the attention-based explainability of Chefer
et al. (2021), which propagates relevance through
transformer attention to produce cross-modal at-
tribution maps-more architecture-faithful than raw
gradients. In Fig. 1, велосипед (bicycle) yields
sharp focus on the bike region, while the low-
frequency synonym ровер is split into subwords
(ро, вер), diffusing token importance and weak-
ening image alignment. The maps expose a con-
crete failure mode-synonym-induced tokenization
shifts degrade grounding-supporting our quantita-
tive drops and motivating synonym-aware augmen-
tation or selective vocabulary expansion.

C Hyperparameters

The OpenCLIP model used in our experiments is
based on the ViT-H/14 architecture, which contains
approximately 632 million parameters. We con-
ducted both fine-tuning on the Multi30K dataset
and fine-tuning with synonym-augmented data on
a single NVIDIA RTX 3090 GPU, each taking
approximately 10 hours to complete. This setup
allowed us to efficiently adapt OpenCLIP for im-
proved robustness while maintaining a manageable
computational cost.

Table 6 lists all hyperparameters used in our
experiments.

Parameter Value
–lr 1× 10−6

–warmup 1000
–batch-size 64
–epochs 20
–accum-freq 2
–wd 0.01
–lock-image True
–lock-image-
unlocked-groups

2

–lock-text True
–lock-text-
unlocked-layers

6

–pretrained frozen_laion5b_-
s13b_b90k

–model xlm-roberta-
large-ViT-H-14

Table 6: Hyperparameters used in the experiment.

Figure 1: Attribution maps for OpenCLIP image-text
alignment. The upper example uses “велосипед” (bi-
cycle), which the model correctly aligns with the im-
age. The lower example replaces it with the synonym
“ровер” , causing the tokenizer to split it into subwords
(“ро” and “вер”), with “вер” receiving no importance,
reducing retrieval accuracy.
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D Dataset and Model Details

All code, prompts, configs, and checkpoints
to reproduce our results are available at
github.com/YuriiLaba/UA-B2BE. All the ar-
tifacts used in this study are open-source and
available for research purposes. The Multi30K
dataset (Ukrainian version) is publicly accessible
and follows an open-source research license.
The OpenCLIP model is released under an
Apache 2.0 license, allowing for modification and
redistribution within the scope of open research.
Any synonym substitution dataset we generate
will be made available under a Creative Commons
(CC-BY) license to ensure transparency and
reproducibility while complying with open-access
principles. We fixed the GPT-4o generation
parameters to temperature = 0.1 with a controlled
random state to ensure reproducibility of synonym
outputs.

E Extended Czech Analysis

To replicate our Ukrainian pipeline in Czech, we
kept the same data splits, tokenization, image res-
olution, freezing policy, and evaluation. For the
Dictionary setting, we used a following Czech dic-
tionary (fraug library, 2024) and inflected selected
lemmas to context with Stanza’s morphological
analyses (Qi et al., 2020). The GPT-4o prompt was
identical to the Ukrainian version but translated to
Czech (same constraints and few-shots).

Table 7 reports Czech performance for all SSA
methods and fine-tuning variants. Two observa-
tions are consistent with the Ukrainian case:

• Higher baselines. Czech captions yield
stronger results than Ukrainian across most
SSA settings. For example, the GPT-4o
substitution baseline reaches 15.5 HIT@1 /
48.6 HIT@5, compared to 10.9 / 44.0 for
Ukrainian.

• Largest relative boost for Dictionary.
Synonym-augmented fine-tuning improves
HIT@1 from 14.7 → 20.1 under Dictionary
substitutions (+5.3), a stronger relative gain
than in the Hybrid case (21.3 → 33.7, +12.4
absolute but smaller relative margin given the
higher baseline). This mirrors the Ukrainian
trend: fine-tuning closes the robustness gap
most when the baseline is weakest.

Overall, the Czech results reinforce our main
claim: synonym-based data augmentation consis-

tently improves robustness, with the largest rela-
tive benefits under noisy dictionary substitutions.
Importantly, synonym-augmented fine-tuning pre-
serves unperturbed accuracy (40.9 HIT@1 vs. 40.7
for plain fine-tuning), showing that robustness
gains come without sacrificing clean performance.
Together with the Ukrainian study, these findings
suggest that synonym-augmented training is a prac-
tical strategy for strengthening multimodal en-
coders across morphologically rich, lower-resource
languages.

SSA
Method Model HIT@1 HIT@5 MRR

Unpert.
OpenCLIP 32.76 54.68 43.19

Multi30K FT 40.67 64.88 51.98
Synonym FT 40.88 65.04 52.16

Dict
OpenCLIP 14.73 32.7 23.83

Multi30K FT 19.07 41.03 29.78
Synonym FT 20.07 41.83 30.61

GPT-4o
OpenCLIP 15.53 48.63 30.83

Multi30K FT 29.23 59.1 43.09
Synonym FT 29.37 59.9 43.47

Hybrid
OpenCLIP 21.33 52.1 35.49

Multi30K FT 33.27 61.63 46.36
Synonym FT 33.67 62.27 46.71

Table 7: Results of OpenCLIP, Multi30K fine-tuned,
and synonym-augmented fine-tuned models on the
Multi30K Czech test set under unperturbed and three
synonym-substitution attacks (Dictionary, GPT-4o, Hy-
brid). Metrics are reported in %.

F Qualitative Error Analysis of GPT-only
Substitutions

Frequent failure modes.

• Low-frequency gap. GPT struggles to pro-
duce dialectal or rare synonyms (e.g. хата
‘cottage’) that the dictionary or Hybrid meth-
ods can surface.

• Hypernym drift. It often proposes hyper-
nyms or loosely related words instead of true
synonyms, degrading retrieval accuracy (see
Table 8).

4Brovko, Barbos, and Ryabko are common Ukrainian dog
names-metaphoric but still referential to ‘dog’.
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Word Src Synonym (UA/EN) Count

капелюх (hat)

GPT шапка (cap) 18
панама (panama hat) 4

Hybrid капелюшок (little hat) 18
бриль (straw hat) 12

собака (dog)

GPT друг (friend – hypernym) 1
Dict свинюка (swine – insult) 7
Hybrid пес (male dog) 7
Hybrid псиний (doggish) 6
Hybrid цуцик (puppy) 6
Hybrid шавка (cur) 4
Hybrid бровко (Brovko4) 3
Hybrid барбос (Barbos∗) 3
Hybrid рябко (Ryabko∗) 1
Hybrid псина (mongrel) 1

Table 8: Examples showing GPT’s hypernym drift vs. Hybrid’s synonym quality (500-sample audit).

G Synonym-Substitution Prompt (SSA)
System message

You are an assistant receiving a sentence in
English.←↩

Your task:
1. Identify ALL nouns.
2. Generate up to five relevant synonyms for

each noun, if that many exist.←↩

3. For each noun and each of its synonyms:
- Replace **only** this noun (in all its

repetitions and forms) in the original
sentence with the corresponding synonym,
preserving the meaning.

←↩

←↩

←↩

- If a correct grammatical case is needed,
adjust the synonym accordingly.←↩

4. In the returned JSON, display each noun and
its synonym in the **nominative case**; in
the "new_sentence" field, show the
sentence with the noun replaced.

←↩

←↩

←↩

5. Return the result in JSON format, WITHOUT
any additional text, numbering, or lists.←↩

The JSON format should be as follows:

"results": [
"noun": "example of a noun in the nominative
case",
"synonym": "corresponding synonym in the
nominative case",
"new_sentence": "sentence with the noun
replaced"
,
...
]

Do not add any text outside this JSON, and do not
use '1.', '2.', '-', or similar markers.←↩

Return only valid JSON that can be parsed without
errors.←↩

User message

Here is an example:

Example sentence: "The student was browsing a
textbook in the library."←↩

Example output:

"results": [
"noun": "student",
"synonym": "pupil",
"new_sentence": "The pupil was browsing a
textbook in the library."
,
"noun": "textbook",
"synonym": "manual",
"new_sentence": "The student was browsing a
manual in the library."
,
"noun": "library",
"synonym": "reading room",
"new_sentence": "The student was browsing a
textbook in the reading room."

]

Now perform the same task for this sentence:
"INPUT_SENTENCE"

Remember: no additional text or numbering. Only
valid JSON with the 'results' key.←↩
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