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Abstract

Visual Word Sense Disambiguation (Visual-
WSD) requires ranking the correct image for an
ambiguous word given a short trigger phrase.
For low-resource languages, it is bottlenecked
by scarce sense-level benchmarks and limited
sense-aligned multimodal supervision. We
study Ukrainian and (i) extend the Ukrainian
Visual-WSD benchmark from 87 to 381 in-
stances and benchmark multilingual CLIP
checkpoints and multimodal large models, and
(ii) introduce two scalable Wikipedia-derived
dataset construction methods. Using compute-
efficient adaptation we fine-tune a multilingual
CLIP backbone and show that sense-grounded
supervision drives the improvements: com-
bining our two Wikipedia-derived datasets im-
proves HIT@1 from 37.00% to 43.05%.

1 Introduction

Many words are lexically ambiguous: the same
surface form can express distinct senses, and cor-
rect interpretation depends on context. Word Sense
Disambiguation (WSD) is therefore central to lan-
guage understanding and downstream tasks such
as translation and retrieval. In practice, context is
often multimodal: visual evidence can directly re-
solve meaning (e.g., whether crane refers to the bird
or the machine). This motivates Visual Word Sense
Disambiguation (Visual-WSD), where a model se-
lects the image that matches an intended sense
given minimal textual context.

Visual-WSD was introduced in SemEval-2023
as a multilingual retrieval task: given an ambigu-
ous word and a short trigger phrase, models rank
ten candidate images (Raganato et al., 2023). The
task provides a controlled test of whether vision-
language models capture fine-grained sense dis-
tinctions rather than relying on coarse semantic
similarity.

Extending Visual-WSD to low-resource lan-
guages faces two coupled bottlenecks. First, eval-

uation requires curated sense-level benchmarks.
Second, adaptation requires multimodal supervi-
sion that is both in-language and aligned with
sense distinctions. Ukrainian highlights both: off-
the-shelf multilingual vision-language models lag
on Ukrainian Visual-WSD compared to English
baseline (Laba et al., 2024), while high-quality
Ukrainian image-text supervision is scarce. This
motivates leveraging the few Ukrainian-native mul-
timodal sources available at scale.

Wikipedia is one of the few scalable sources of
Ukrainian-native multimodal content with implicit
sense structure (separate pages for distinct mean-
ings), but its supervision is sparse. In our Ukrainian
dump, only 64,130 of 150,000 images include
Ukrainian captions; many pages are weakly illus-
trated and captions are frequently missing. This
sparsity forces training text to come from titles,
lead definitions, or templatic metadata, creating
a mismatch with the short trigger-phrase queries
used in Visual-WSD evaluation and making direct
contrastive tuning unreliable.

In our study, we extend the Ukrainian Visual-
WSD benchmark from 87 to 381 instances1 and
benchmark multilingual CLIP checkpoints and
multimodal LMMs on the extended set. We fur-
ther create two scalable Wikipedia-based sources
of sense-aligned supervision (SenseWiki-UA and
RA-Wiki-UA), and study compute-efficient adap-
tation of CLIP-like model via vision-frozen, top-k
text-layer tuning, including the trade-off between
Visual-WSD gains and general image-to-text/text-
to-image retrieval robustness.

2 Related Work

2.1 From Textual WSD to Visual-WSD

Word Sense Disambiguation (WSD) has tradition-
ally relied on textual context and lexical databases

1Visual tool to explore the benchmark: https://
v-wsd-backend-ac95w.ondigitalocean.app/
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such as WordNet, with early benchmarks estab-
lished through Senseval (Edmonds and Cotton,
2001) and SemEval (Navigli et al., 2013) shared
tasks. More recent research extends WSD into the
multimodal domain by incorporating visual con-
text, leading to the formulation of Visual Word
Sense Disambiguation (Visual-WSD).

2.2 SemEval Visual-WSD and Common
Solution Patterns

SemEval-2023 Task 1 introduced Visual-WSD task,
where a model selects the correct image (out of ten
candidates) for an ambiguous target word given
minimal textual context, with datasets in English,
Italian, and Farsi and a strong zero-shot CLIP base-
line. The task attracted 96 submissions, and 40
systems surpassed the baseline, showing that task-
specific heuristics and lightweight augmentation
can substantially improve CLIP-style matching
(Raganato et al., 2023; Radford et al., 2021).

Across submissions, common strategies in-
clude: (i) enriching the short context with lex-
ical or encyclopedic resources (e.g., BabelNet/-
WordNet glosses, Wikipedia retrieval) followed
by re-ranking (Yang et al., 2023; Dadas, 2023;
Ogezi et al., 2023); (ii) expanding queries with
LM-generated paraphrases or explanations to better
match CLIP’s text encoder (Li et al., 2023; Ogezi
et al., 2023); and (iii) refining candidate images via
captioning or text-to-image generation (e.g., Sta-
ble Diffusion) to increase the likelihood of a strong
sense match (Mijatovic et al., 2023; Li et al., 2023).

2.3 Low-Resource Visual-WSD and the
Ukrainian Setting

The dominant SemEval patterns above implicitly
assume (i) broad image-text supervision and/or
(ii) high-coverage lexical resources for query ex-
pansion and gloss-based disambiguation. For
Ukrainian, both are weaker: large-scale Ukrainian
image-text supervision is limited, and available lex-
ical resources are often derived from Wikipedia-
linked mappings with sparse synonymy com-
pared to high-resource WordNets, which con-
strains SemEval-style synonym/gloss expansion
(Romanyshyn et al., 2024; Laba et al., 2024).

LLMs offer a flexible substitute by generating
definitions, paraphrases, or disambiguating con-
texts, and recent work shows strong WSD capabil-
ity in high-resource settings (Meconi et al., 2025).
However, reliability can degrade in low-resource
languages, and translation-mediated prompting is

not uniformly robust across languages and domains
(Dey et al., 2024). In deployment, inference cost
and latency further motivate compute-efficient al-
ternatives, such as adapting CLIP-style retrieval
with small amounts of targeted supervision (Zheng
et al., 2025).

2.4 Multilingual CLIP Adaptations
Given these constraints, contrastive image-text
models like CLIP remain appealing due to their
lower inference cost. Since CLIP was originally
trained on English data, adapting it for other lan-
guages is necessary, and several multilingual adap-
tations have been proposed.

M-CLIP (Carlsson et al., 2022) replaces CLIP’s
English text encoder with language-specific alterna-
tives via a cross-lingual teacher-student framework,
using translation and alignment without extra im-
age data. AltCLIP (Chen et al., 2023) incorporates
a multilingual Transformer (XLM-R) as the text
encoder, fine-tuned via distillation from English
CLIP and contrastive training on translated pairs.
OpenCLIP (Ilharco et al., 2021), leveraging huge
multimodal datasets like LAION-5B (Schuhmann
et al., 2022), shows improved zero-shot perfor-
mance for non-English languages. Despite these ad-
vancements, multilingual CLIP models still strug-
gle in low-resource settings. For instance, on the
Ukrainian Visual-WSD benchmark (Laba et al.,
2024), they underperform compared to the English-
only CLIP baseline on the English Visual-WSD
dataset, highlighting the limits of cross-lingual
transfer when Ukrainian supervision is scarce.

2.5 Compute-efficient adaptation of
contrastive vision-language models

Contrastive vision-language pre-training on image-
text pairs enables strong zero-shot transfer for
recognition and retrieval, with CLIP (Radford et al.,
2021) as a standard representative. However, full
contrastive pre-training is resource-intensive, moti-
vating approaches that adapt pre-trained backbones
instead of training from scratch. Locked-image tun-
ing (LiT) freezes the vision encoder and updates
the text encoder to improve efficiency while pre-
serving visual representations (Zhai et al., 2022).
Initializing the text encoder from a pre-trained lan-
guage model can further preserve linguistic struc-
ture while aligning to visual concepts during tuning
(Kim et al., 2024). Beyond full-tower tuning, selec-
tive layer updates (e.g., tuning only upper layers)
have been explored to balance adaptation and sta-
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bility (Zhu et al., 2024). Finally, contrastive tuning
often benefits from augmentation on both modali-
ties: image transformations expand visual coverage
(Kumar et al., 2024; Yang et al., 2022), while text
diversification methods such as back-translation or
paraphrasing can increase caption variety without
changing meaning (Kim et al., 2024; Li et al., 2024;
Chai et al., 2025).

In summary, while multilingual CLIP variants
and parameter-efficient tuning methods exist, their
application to Visual-WSD is not well understood.
There is limited evidence on how to effectively
adapt such models for sense-level discrimination,
and few scalable methods for constructing sense-
grounded image–text supervision. These limi-
tations are especially acute in low-resource lan-
guages, where both lexical resources and multi-
modal data are sparse. Addressing these gaps re-
quires both compute-efficient adaptation strategies
and practical pipelines for mining sense-aligned
supervision which we propose in this work.

3 Benchmark: Ukrainian Visual-WSD
Extension

To enable systematic evaluation of multilingual
and multimodal models in low-resource settings,
we extend the Ukrainian Visual-WSD benchmark
introduced by Laba et al. (2024). The prior release
contained 87 benchmark entries. Our extension
increases the benchmark to 381 entries.2 The ex-
tended benchmark covers 172 unique lemmas. The
sense inventory is distributed as follows: 145 word
types have two senses, 22 have three senses, 4 have
four senses, and 1 word type has seven senses.

The benchmark can be accessed for research pur-
poses under an open license, with images licensed
under Creative Commons. We release the bench-
mark annotations (queries, trigger phrases, candi-
date lists, and gold labels) under an open research
license at 3.

This extension enables repeatable benchmarking
of multilingual CLIP checkpoints and multimodal
LMMs on Ukrainian Visual-WSD, and supports
controlled ablations in later sections.

Benchmark format. We follow the format of
SemEval-2023 Visual-WSD (Raganato et al.,

2Each entry corresponds to one ambiguous word type in
a specific sense, paired with a short sense-disambiguating
trigger phrase and a fixed set of ten candidate images.

3https://huggingface.co/datasets/yuriilaba/
ukrainian-visual-wsd-benchmark

2023). Each instance consists of: (i) an ambiguous
target word and a short trigger phrase that specifies
the intended sense, and (ii) a set of ten candidate
images containing one gold image depicting the
intended sense and nine distractors. Distractors are
sampled from three categories: (1) images depict-
ing alternative senses of the same word type, (2) im-
ages depicting semantically related concepts, and
(3) unrelated random concepts. This candidate con-
struction encourages sense-level grounding rather
than generic semantic matching.

Details of the annotation protocol, validation,
and annotator effort are provided in Appendix A.

3.1 Prediction

Given a query phrase and ten candidate images,
embedding-based models rank candidates by co-
sine similarity in the shared image-text embed-
ding space (e.g., CLIP-style retrieval), and the top-
ranked image is selected as the prediction. When
direct access to embeddings is unavailable (e.g.,
GPT-5.1), we prompt the model to rank the ten can-
didates by semantic relevance to the query and use
the top-ranked image as the prediction; details are
provided in Section 3.4.

3.2 Evaluation metrics

We report two standard retrieval metrics: HIT@1
and Mean Reciprocal Rank (MRR). HIT@1 mea-
sures the percentage of instances where the gold
image is ranked first. MRR averages the inverse
rank of the gold image across instances, giving par-
tial credit when the gold image is ranked near the
top.

3.3 Multilingual CLIP benchmarking

We benchmark several multilingual CLIP models
on the extended Ukrainian Visual-WSD bench-
mark, comparing their performance with English,
Farsi, and Italian baselines from the SemEval-2023
Visual-WSD task.

Table 1 shows that off-the-shelf multilingual
CLIP checkpoints fall short on Ukrainian Visual-
WSD: the best model achieves 43.82 HIT@1 / 60.6
MRR. We additionally report the SemEval-2023
English CLIP baseline to contextualize the task and
provide an upper reference for zero-shot CLIP per-
formance in the original benchmark setting. This
reference is used to illustrate the potential for fur-
ther improvement, not to draw cross-language con-
clusions.
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Model Image+text
Params (M) HIT@1 MRR

LAION CLIP ViT-H/14
XLM-R large 1193.0 43.82 60.6

M-CLIP ViT-B/16+
XLM-R large 677.8 37.80 56.7

LAION CLIP ViT-B/32
XLM-R base 366.1 37.00 54.4

M-CLIP ViT-L/14
XLM-R large 864.6 36.48 55.5

M-CLIP ViT-L/14
LaBSE 775.5 35.17 53.96

M-CLIP ViT-B/32
XLM-R large 648.3 34.65 53.9

Sentence-Transformers
CLIP ViT-B/32 135.1 28.87 48.74

English baseline† 135.1 60.48 73.88
Farsi baseline† 135.1 28.50 46.70
Italian baseline† 135.1 22.62 42.61

Table 1: HIT@1 and MRR metrics for various multi-
lingual CLIP models on the extended Ukrainian Visual-
WSD benchmark. Baseline results for English, Farsi,
and Italian from SemEval-2023 Visual-WSD, obtained
with the the CLIP ViT-B/32† model, are also included
for comparison.

3.4 LLM benchmarking

To extend benchmarking beyond embedding-based
retrieval models, we evaluate a set of LMMs from
multiple model families (OpenAI, Google Gemini,
Alibaba Qwen, and Anthropic) on the extended
Ukrainian Visual-WSD benchmark.

We prompt models with the ambiguous word,
trigger phrase, and ten images, and ask for a ranked
list of image indices (Appendix B). We treat the top-
ranked image as the prediction and report HIT@1
and MRR.

Full LLMs benchmarking results are reported in
Table 2. We used a fixed temperature of 0.01 for
all LLMs evaluations and keep decoding settings
constant across models.

4 Training Data and Dataset
Construction

Our next goal is to study data-centric, compute-
efficient adaptation of CLIP-style models for
Ukrainian Visual-WSD. To this end, we fine-tune
the same backbone under a fixed training budget
constant (epochs/steps) and vary the source of im-
age–text dataset: from broad, generic image-text
pairs to sense-aligned Wikipedia-derived supervi-
sion designed to explicitly target disambiguation.
This section describes the training corpora used in
our experiments and the two dataset construction

Family Model HIT@1 MRR Image Detail

OpenAI

GPT-4o 67.6 79.7 LOW
GPT-4o 56.0 71.0 HIGH
GPT-4o 56.5 72.9 AUTO

GPT-4.1 71.4 81.9 LOW
GPT-4.1 71.0 81.1 HIGH
GPT-4.1 71.0 81.1 AUTO

GPT-4.1-mini 40.4 58.6 LOW
GPT-4.1-mini 42.7 59.5 HIGH
GPT-4.1-mini 41.9 58.7 AUTO

GPT-4.1-nano 19.7 38.4 LOW
GPT-4.1-nano 19.9 39.0 HIGH
GPT-4.1-nano 19.3 37.8 AUTO

gpt-5.2 63.4 74.5 LOW
gpt-5.2 - - HIGH
gpt-5.2 62.5 74.5 AUTO

gpt-5.2-mini 67.1 78.6 LOW
gpt-5.2-mini - - HIGH
gpt-5.2-mini - - AUTO

gpt-5.2-nano 37,1 53 LOW
gpt-5.2-nano - - HIGH
gpt-5.2-nano 37.8 53.9 AUTO

Gemini
Gemini-1.5-pro 60.9 73.9 LOW
Gemini-1.5-pro 59.3 73.1 HIGH
Gemini-1.5-pro – – AUTO

Qwen

Qwen2.5-VL-7B 38.6 55.7 LOW
Qwen2.5-VL-7B 34.6 52.4 HIGH
Qwen2.5-VL-7B 38.1 54.6 AUTO

Qwen2.5-VL-32B 41.0 75.4 LOW
Qwen2.5-VL-32B – – HIGH
Qwen2.5-VL-32B – – AUTO

Anthropic
Claude 3.5 Sonnet 63.0 75.5 LOW
Claude 3.5 Sonnet 60.4 74.0 HIGH
Claude 3.5 Sonnet – – AUTO

Table 2: Performance of LLM families on the extended
Ukrainian Visual-WSD benchmark.

pipelines we propose for mining sense-grounded
Ukrainian supervision from Wikipedia. Table 3
lists the four training corpora used in our experi-
ments.

4.1 Sense-aligned Wikipedia (UA)
construction (SenseWiki-UA)

The absence of dedicated training data for
Ukrainian Visual-WSD presents a fundamental
challenge for model adaptation. To address this
limitation, we construct SenseWiki-UA, a sense-
aligned image–text dataset that links dictionary
senses of ambiguous words to sense-specific pages
in Ukrainian Wikipedia. By aligning dictionary and
Wikipedia definitions, we harvest images explicitly
grounded in a particular meaning, providing more
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Dataset #Pairs

SenseWiki-UA 27,543
RA-Wiki-UA 38,100
LAION-UA 62,649
Multi30K-UA 28,905

Table 3: Training corpora used for contrastive fine-
tuning. SenseWiki-UA and RA-Wiki-UA are Wikipedia-
derived and sense-aligned; LAION-UA and Multi30K-
UA provide generic Ukrainian image-text supervision.

targeted supervision than generic web captions.
We start from a Ukrainian dictionary (ULIF-

NASU, 2010) with 60,620 headwords. Among
them, 1,254 are homonyms (words with ≥ 2
meanings), which together account for 2,638 dis-
tinct sense entries. As a complementary source
of grounded multimodal evidence, we use the
Ukrainian Wikipedia dump (pages, lead defini-
tions/summaries, images, and captions when avail-
able).

Overview. SenseWiki-UA is built in four stages:
(1) sense inventory traversal from the dictionary, (2)
Wikipedia candidate retrieval for each headword,
(3) definition alignment to select the best-matching
Wikipedia sense, and (4) image harvesting with
caption fallback and filtering.

Stage 1: Dictionary sense inventory. We iter-
ate over all dictionary headwords (including non-
homonyms) and their sense definitions. Although
the primary target is homonym disambiguation,
traversing the full dictionary provides a uniform
pipeline and allows Wikipedia alignment to fail
gracefully when ambiguity is absent or Wikipedia
coverage is missing.

Stage 2: Wikipedia candidate retrieval. For
each headword, we retrieve candidate Wikipedia
pages/sections corresponding to that word (includ-
ing disambiguation-style pages and sense-specific
entries when present). From each candidate, we
extract a short definition (e.g., lead sentence/sum-
mary) and associated multimedia metadata (images
and captions, if provided).

Stage 3: Definition alignment (sense linking).
To link a dictionary sense to Wikipedia, we com-
pute cosine similarity between the dictionary defi-
nition and each candidate Wikipedia definition in
a shared embedding space. We select the closest
Wikipedia definition as the aligned sense. To con-
trol noise, we discard alignments with similarity

Quantity Value

Dictionary headwords 60,620
Dictionary Homonyms (≥ 2 meanings) 1,254
Dictionary Homonyms senses 2,638

Headwords covered by Wikipedia 7,557
Homonyms covered by Wikipedia 301
Homonym senses covered by Wikipedia 408
SenseWiki-UA image-text pairs 27,543

Table 4: SenseWiki-UA scale and Wikipedia coverage.

< 0.5 4.

Stage 4: Image harvesting. For each accepted
alignment, we follow the aligned Wikipedia page
and harvest its images. If an image has a Wikipedia
caption, we use it as supervision; otherwise, we
fall back to the dictionary definition for the aligned
sense as the textual description. This produces
sense-conditioned image-text pairs without manual
annotation.

SenseWiki-UA initially yields 31,699 candidate
image–text pairs spanning 11,629 dictionary head-
words. Due to limited Ukrainian Wikipedia cover-
age, sense alignment is possible for only a subset of
the dictionary: of 1,254 homonyms (2,638 senses),
we align 405 homonyms (596 senses) to Wikipedia
sense pages.

Quality filtering further reduces the dataset. 13%
of the original 31,699 entries link to Wikipedia
pages with no usable images and are removed.
Additionally, 20% of the original 31,699 entries
come from pages whose images lack captions; for
these, we use the aligned dictionary definition as
the text. After filtering, SenseWiki-UA contains
27,543 image–text pairs covering 7,557 headwords,
301 homonyms, and 408 homonym senses (Ta-
ble 4).

SenseWiki-UA addresses two requirements for
Visual-WSD training: (i) it anchors supervision
to a dictionary-defined sense via definition align-
ment, and (ii) it grounds that sense in real images
from Ukrainian Wikipedia. Its scale is bounded by
Wikipedia’s illustration and caption coverage.

Manual quality audit. To estimate this noise,
we manually audited 100 randomly sampled image-
text pairs after filtering (Table 5). For each pair,
we assessed dictionary-Wikipedia sense alignment,
image grounding, text quality, and overall usability

4We set the similarity threshold to 0.5 based on a manual
audit of 200 randomly sampled alignments across the score
range, where scores below 0.5 showed frequent sense mis-
matches.
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Dimension Label %

Sense alignment Correct 88.0
Wrong 12.0

Image grounding

Clear visual grounding 82.0
Weak/indirect grounding 2.0
Unrelated/misleading 14.0
Missing/broken image 2.0

Text quality

Good visual text 50.0
Generic/definition-like 22.0
Caption too short 6.0
Wrong/misleading 22.0

Overall quality
Usable 68.0
Noisy but usable 12.0
Not usable 20.0

Table 5: Manual audit of 100 randomly sampled
SenseWiki-UA image–text pairs.

for contrastive training. The audit confirms that
most pairs are suitable for training, with residual
noise mainly due to imperfect sense linking, weak
visual grounding, and low-specificity textual super-
vision.

4.2 Retrieval-augmented Wikipedia (UA)
construction (RA-Wiki-UA)

RA-Wiki-UA, a semi-supervised augmentation
dataset that leverages (i) the structure of our target
benchmark and (ii) external multimodal evidence
from Ukrainian Wikipedia. The key idea is to re-
duce domain shift by sampling training images that
are close to benchmark instances in a pretrained
vision–language embedding space, thereby concen-
trating supervision on visually relevant concepts.

Overview. The pipeline has three stages: (1)
harvesting multimodal metadata from Ukrainian
Wikipedia, (2) similarity-based retrieval to form
a visually relevant candidate pool, and (3) LLM-
based caption generation to produce diverse
Ukrainian supervision.

Stage 1: Wikipedia harvesting. We collect
150,000 images from the Ukrainian Wikipedia
dump. Only 64,130 include Ukrainian captions; for
all images, we also extract the page title and lead
summary. This sparsity is a key limitation we also
encountered in SenseWiki-UA: many Ukrainian
pages are weakly illustrated and image captions are
often missing. Because Wikipedia is a common
backbone for multimodal pretraining and adapta-
tion, this missing metadata substantially limits the
amount of reliable Ukrainian supervision we can

Component #Images #Texts

Ukrainian Visual-WSD benchmark 381 381
Wikipedia harvest 150,000 64,130
RA-Wiki-UA (synthetic pairs) 3,810 38,100

Table 6: Scale of components used to construct RA-
Wiki-UA.

extract without augmentation.

Stage 2: Similarity-driven candidate selection.
For each benchmark gold image It (one per Visual-
WSD instance), we retrieve the top-10 most similar
Wikipedia images using cosine similarity in the
embedding space of OpenCLIP ViT-H/14 + XLM-
R large (LAION-5B).5 Across the 381 benchmark
instances, this retrieval produces 3,810 Wikipedia
images that are visually close to benchmark sense
depictions.

Stage 3: Sense-aware caption generation. To
obtain training pairs for contrastive tuning, we gen-
erate Ukrainian captions for each retrieved image
by prompting GPT-5.16 with multimodal inputs:
the image itself and its associated Wikipedia con-
text (page title, available caption, and article sum-
mary). The prompt: (i) identifies ambiguous con-
cepts in the image, (ii) disambiguates them using
the visual–text context, and (iii) generates multi-
ple diverse Ukrainian captions. The full prompt is
provided in Appendix C.

In total, RA-Wiki-UA contains 38,100 synthetic
image-text training pairs. Table 6 summarizes the
dataset sizes across RA-Wiki-UA construction.

We assess retrieval quality by measuring cosine
similarity between each benchmark image and its
retrieved Wikipedia neighbors in the retrieval em-
bedding space. For most instances, even the tail
of the top-10 remains close: the median similarity
is 0.686 for the nearest neighbor and 0.572 for the
10th neighbor (Table 7).

We also quantify within-image caption diversity
using Distinct-n and Self-BLEU, computed over
the set of captions generated for the same image.
Averaged across 381 images, Distinct-1/2 reach
0.46/0.85, while Self-BLEU is 0.038 (Table 8),
showing that the ten captions per image are typ-
ically quite different from one another.

5We use this checkpoint as the retrieval backbone due to
its strongest zero-shot performance among multilingual CLIP
variants on our Ukrainian Visual-WSD benchmark (Table 1).

6We use GPT-5.1 because our university grant provided
funding for OpenAI API usage.
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Statistic s1 s10 s1−s10

Mean 0.684 0.565 0.120
Median 0.686 0.572 0.116
P10 0.578 0.470 0.025
P90 0.804 0.642 0.209

Table 7: Retrieval quality for RA-Wiki-UA. s1 and s10
denote cosine similarity to the top-1 and top-10 retrieved
Wikipedia images for each benchmark instance in the
retrieval embedding space.

Metric Mean Median

Distinct-1 (within image) 0.458 0.459
Distinct-2 (within image) 0.846 0.853
Self-BLEU (within image) 0.038 0.035

Distinct-1 (overall) 0.103
Distinct-2 (overall) 0.611

Table 8: Diversity of synthetic Ukrainian captions in
RA-Wiki-UA. Within-image metrics are computed over
captions generated for the same image and then aver-
aged across images.

RA-Wiki-UA addresses two practical constraints
in Ukrainian Visual-WSD adaptation. First,
nearest-neighbor retrieval around benchmark im-
ages yields training visuals that match the bench-
mark distribution without manual labeling. Second,
context-conditioned Ukrainian captions (10 per im-
age) provide richer lexical and syntactic variation
than Wikipedia metadata, which is often missing
or templatic.

RA-Wiki-UA is a benchmark-targeted supervi-
sion source, not a fully benchmark-independent
pretraining corpus. Although benchmark images
are not reused for training, retrieval is initialized
from the visual space of benchmark gold images.
This lets us test whether sense-aligned Wikipedia
images improve Ukrainian Visual-WSD, but it also
limits the conclusions: some gains may reflect
benchmark-specific visual alignment. We there-
fore interpret RA-Wiki-UA as evidence for sense-
grounded supervision in a controlled adaptation
setting and leave benchmark-independent retrieval
for future work.

Manual quality audit. Because RA-Wiki-UA
combines similarity-based image retrieval with gen-
erated Ukrainian sentences, we manually audited
100 randomly sampled image-sentence pairs after
construction (Table 9). The audit shows that 72.0%
of sampled pairs were usable for contrastive train-
ing, while 28.0% were not usable. The main failure
mode was retrieval drift: visually mismatched re-

Dimension Label %

Image relevance Correct image 72.0
Wrong image 28.0

Sense correctness Correct sense 72.0
Wrong/unclear sense 28.0

Sentence quality
Good sentence 36.0
Generic but usable 36.0
Wrong/misleading 28.0

Overall quality Usable 72.0
Not usable 28.0

Table 9: Manual audit of 100 randomly sampled RA-
Wiki-UA image–sentence pairs.

trieved images led to wrong or unclear senses and
misleading generated sentences.

4.3 External Ukrainian corpora
LAION-UA We construct LAION-UA by filter-
ing LAION-2B-multi, the multilingual LAION-2B
subset of the LAION dataset family (Schuhmann
et al., 2022), to Ukrainian image-text pairs. Since
LAION-2B-multi is highly imbalanced across lan-
guages, continued tuning on the Ukrainian slice up-
weights Ukrainian captions and shifts the model to-
ward the target-language distribution (Gururangan
et al., 2020). We use LAION-UA as a generic, non-
sense-aligned baseline from the same data source
family as pre-training, isolating gains from addi-
tional Ukrainian web data versus sense-aligned su-
pervision (SenseWiki-UA, RA-Wiki-UA).

We start from laion/laion2B-multi, which pro-
vides metadata and URLs for image-text pairs.7

We then apply the following filters: (i) retain only
entries with LANGUAGE = uk; (ii) stream the first
20M records from this Ukrainian subset; and (iii)
keep only pairs whose provided similarity score ex-
ceeds 0.33. 8 This yields 62,649 Ukrainian image-
text pairs, which we use as a generic, non-sense-
aligned Ukrainian training corpus.

Multi30K-UA. We also use the Ukrainian ex-
tension of Multi30K (Saichyshyna et al., 2023), a
curated set of image descriptions with manually
verified Ukrainian translations. We include it as a
clean, high-precision contrastive tuning corpus that
complements web-scale supervision. Following
standard preprocessing, we drop a small number of

7The dataset is distributed as a table of metadata with
image URLs rather than packaged images.

8We use LAION’s released similarity score as a lightweight
quality filter, keeping only pairs above 0.33 as a conservative
cutoff to exclude weak or noisy image-text matches.
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entries with missing/corrupted text fields, leaving
28,905 image-text pairs.

5 Experimental setup

For subsequent adaptation experiments, we use
laion/CLIP-ViT-B-32-xlm-roberta-base: it is much
smaller (366M vs. 1.19B for ViT-H/14 + XLM-R
large) while remaining competitive in zero-shot
(Table 1), making it a practical backbone for data
and freezing ablations.

We run four single-corpus training runs: LAION-
UA, Multi30K-UA, SenseWiki-UA, and RA-Wiki-
UA. We also train a size-matched mixture: we
sample 26,165 pairs per corpus (min corpus size)
and concatenate to control for distribution:

• SenseWiki-UA + LAION-UA + RA-Wiki-UA
+ Multi30K-UA: combines sense-grounded
and generic supervision to test whether mix-
ing sources improves Visual-WSD.

Finally, we train two full-corpus mixtures (no
subsampling) as controls:

• SenseWiki-UA + RA-Wiki-UA: to measure
how far targeted supervision goes without
generic web data.

• LAION-UA + Multi30K-UA: to separate
gains from data volume/caption diversity from
explicit sense alignment.

For compute-efficient adaptation, we freeze the
vision tower and tune only the top k text Trans-
former layers, sweeping k from 0 to 12 to quan-
tify the accuracy-capacity trade-off under identical
training conditions; k=0 tunes only the text and
image projection layers.

Ukrainian Visual-WSD serves as our primary
evaluation target. We do not train on benchmark
instances; instead, we evaluate once per epoch dur-
ing fine-tuning and select the checkpoint with the
highest Ukrainian Visual-WSD performance, re-
porting HIT@1 and MRR for that checkpoint. To
confirm that improved Visual-WSD performance
does not reduce overall image–text alignment, we
additionally measure retrieval robustness on held-
out 5% splits of the training corpora (LAION-UA
and Multi30K-UA) using mean recall, defined as
the average of R@1/5/10 over both image-to-text
and text-to-image retrieval directions, where R@K
is the fraction of queries whose true match appears
in the top-K retrieved results.

Table 12 summarizes the fine-tuning configura-
tion used across experiments.

6 Results

Visual-WSD results. Across training setups,
most of the improvement is driven by sense-
grounded supervision. Generic data is mixed:
Multi30K-UA helps slightly, while LAION-UA
can hurt, and generic-only mixtures stay close to
baseline (See Table 10).

SenseWiki-UA increases HIT@1 by 2.11% with
only 6.14% trainable parameters (best k = 3), indi-
cating that sense anchoring alone provides a useful
supervision signal for disambiguation. RA-Wiki-
UA improves further (+4.47% HIT@1), but it re-
quires a much larger update budget (best k = 12,
23.56% trainable).

The best result comes from SenseWiki-UA +
RA-Wiki-UA (best k = 12, 23.56% trainable), de-
livering a +6.05% HIT@1 improvement and show-
ing that the two pipelines are complementary rather
than redundant. By contrast, LAION-UA slightly
underperforms the baseline (−0.23 HIT@1), and
the generic-only mixture (LAION-UA + Multi30K-
UA) stays near baseline (+0.80 (%) HIT@1). Over-
all, this highlights a limitation of generic supervi-
sion: adding more Ukrainian captions alone is not
enough: without explicit sense structure, it does
not reliably improve sense discrimination.

We provide a breakdown by sense ambiguity
comparing the baseline to our best-performing fine-
tuned setup, along with a paired significance test,
in Appendix E.

Freezing ablation. Varying k (vision frozen;
tune the top-k text blocks) reveals that each
dataset has a different best-performing k under the
accuracy–capacity trade-off (Figure 1).

SenseWiki-UA peaks early (k = 3) and then
saturates, while RA-Wiki-UA and SenseWiki-UA
+ RA-Wiki-UA keep improving up to k = 12,
suggesting that richer caption supervision benefits
from deeper text-tower adaptation. Generic corpora
are less stable: Multi30K-UA peaks later (k = 9)
with limited improvement, whereas LAION-UA
remains below baseline. Overall, the ablation quan-
tifies the parameter-efficiency trade-off: limited
tuning can help (6.14% trainable at k = 3), but the
best Visual-WSD results require deeper updates
(23.56% at k = 12).

Trade-off: Visual WSD accuracy vs retrieval ro-
bustness. The accuracy-robustness comparison
(Figure 2) shows that the strongest Visual-WSD
setup slightly reduces retrieval robustness, reflect-
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Training data Best K Trainable params (%) # train samples HIT@1(%) MRR(%)

Baseline model (pretrained) - - - 37.00 54.29

SenseWiki-UA 3 6,14 27,543 39.11 55.70
RA-Wiki-UA 12 23,56 38,100 41.47 57.43
LAION-UA 8 15,82 59,516 36.77 54.36
Multi30K-UA 9 17,75 27,941 38.58 55.72

SenseWiki-UA + RA-Wiki-UA 12 23,56 64,326 43.05 58.26

SenseWiki-UA + LAION-UA
+ RA-Wiki-UA + Multi30K-UA 8 15.82 104,660 40.68 56.63

LAION-UA + Multi30K-UA 1 2,27 87,457 37.80 55.05

Table 10: Ukrainian Visual-WSD results (HIT@1, MRR). Best K is the number of top text-encoder Transformer
layers tuned (vision encoder frozen) that yields the highest Visual-WSD score for each training setup.

Baseline 0 1 2 3 4 5 6 7 8 9 10 11 12
Top text transformer blocks tuned (vision frozen)
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Figure 1: Freezing ablation across training datasets.
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Figure 2: Accuracy-robustness trade-off at the best tun-
ing setting.

ing a small trade-off in overall image–text align-
ment when optimizing for Visual-WSD. Generic su-
pervision shows the opposite trend: it preserves or
even improves robustness, but yields much smaller
WSD gains. The full mixture sits between these
extremes, suggesting that under a fixed training
budget, adding generic data can improve robust-
ness while weakening the sense-grounded training
signal that drives WSD performance.

7 Conclusions

We show that improving Ukrainian Visual-WSD is
primarily a data alignment problem: adding more
Ukrainian image-text pairs is not sufficient un-

less the supervision is explicitly grounded in sense
structure. To enable reliable evaluation in this low-
resource setting, we extend the Ukrainian Visual-
WSD benchmark from 87 to 381 instances and
establish reference results for multilingual CLIP
checkpoints and multimodal LMMs.

To address the supervision bottleneck, we in-
troduce two scalable Wikipedia-derived pipelines:
SenseWiki-UA (dictionary-to-Wikipedia sense
linking) and RA-Wiki-UA (retrieval-neighborhood
Wikipedia images with generated Ukrainian cap-
tions). With compute-efficient tuning (vision
frozen; tune top-k text layers), combining them
improves HIT@1 from 37.00% to 43.05% (+6.05),
while generic-only Ukrainian corpora remains near
the baseline.

Although this still trails LMM performance, it
provides a lightweight alternative for deployment:
our best model retains retrieval-style inference and
runs orders of magnitude faster than API-based
LMM ranking (Appendix F).

To support reproducibility, we release dataset
construction scripts, and fine-tuning code.9

9https://github.com/YuriiLaba/
ukrainian-visual-wsd
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Limitations

Our study is scoped to Ukrainian. While both
Wikipedia-based pipelines are largely language-
agnostic in design, transferring them to other low-
resource languages would require (i) a compati-
ble sense inventory, (ii) sufficient Wikipedia cover-
age and illustration density. Performance improve-
ments and conclusions may not carry over under
weaker resources.

Although we extend Ukrainian Visual-WSD to
381 instances, it still covers a limited set of lemmas
and senses, with a skew toward 2-sense homonyms.

RA-Wiki-UA uses GPT-5.1 to generate
Ukrainian captions, so dataset quality depends on
model behavior, prompt design, and the provided
Wikipedia context.
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A Annotation protocol, quality control,
and human effort

A.1 Annotation protocol and quality control

All word senses and image associations were cu-
rated by a team of three professional Ukrainian
linguists under the supervision of a lead annotator.
We followed the same core annotation principles
and labeling protocol as in Laba et al. (2024).

Guidelines. For each word type and sense, anno-
tators:

• selected/verified the target sense using the
Ukrainian homonym dictionary definition;

• wrote a short trigger phrase that disambiguates
the intended sense while keeping context min-
imal (SemEval-style);

• selected a gold image that clearly depicts the
intended sense (unambiguous depiction, cen-
tral concept visible);

• selected distractors from three categories:
other senses of the same word, semantically
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Statistic Value
Instances 381
Flagged & adjudicated 29
Revised / replaced 16
Agreement (Po) 92.4%
Cohen’s κ 0.7

Table 11: Validation outcomes and agreement from
the binary validation decision (ACCEPT vs. NEEDS-
REVIEW).

related concepts, and unrelated random con-
cepts, ensuring distractors do not depict the
target sense;

• avoided near-duplicates within the same can-
didate set (e.g., the same scene/object with
minor crops);

• verified that the gold image and distractors
are culturally and linguistically appropriate
for Ukrainian queries.

Annotation quality and agreement. Dataset cre-
ation followed a two-stage workflow: (i) initial con-
struction by one annotator and (ii) validation by a
second annotator, with lead-annotator adjudication
for flagged cases. Validation used a binary deci-
sion (ACCEPT vs. NEEDS-REVIEW); Table 11
summarizes outcomes and agreement.

A.2 Human effort and compensation
The benchmark extension required substantial ex-
pert annotation effort. In total, annotation and vali-
dation took approximately 127 person-hours across
three linguists over six weeks. On average, annota-
tors spent about 20 minutes per instance (including
trigger phrasing, candidate selection, and valida-
tion). Annotators were compensated through a ded-
icated university grant under standard institutional
procedures.

A.3 Human data collection and ethics
Annotators were recruited as professional
Ukrainian linguists via Ukrainian Catholic Univer-
sity, based on expertise in Ukrainian lexicography.
Compensation was provided through a dedicated
university grant under standard institutional
procedures.

Annotators were compensated at $12/hour, and
the lead annotator at $18/hour.

All annotators provided informed consent to par-
ticipate in paid annotation, including consent for
their annotations (sense labels, trigger phrases, and
image candidate sets) to be used for research and

released in anonymized form; no sensitive personal,
behavioral, or biometric data were collected.

Our institution determined that this work does
not constitute human-subjects research because it
involves paid expert annotation with no collection
of personal or sensitive data beyond professional
role; therefore IRB review was not required.

B LLM Visual-WSD prompt template

[Instruction]
You are an expert in semantic analysis

of polysemous Ukrainian words.
Given an ambiguous word , a short trigger

phrase , and 10 candidate images:

(1) Infer the intended sense of the
ambiguous word from the trigger
phrase.

(2) Rank the 10 images by how well they
depict that sense.

[Output format]
Return ONLY valid JSON (no extra text):
{" ranked_images ":[i1,i2,i3,i4,i5 ,i6,i7,

i8,i9,i10]}
where i1..i10 are a permutation of

integers 1..10 (no repeats).

[Input]
word: "{WORD}"
trigger: "{ TRIGGER }"
images: 1..10

C Prompt For RA-Wiki-UA Sentences
Generation

[Task] Multimodal Sentence Generation
for Visual Word Sense Disambiguation
(WSD)

[Language] Ukrainian

[Input modalities]
- Page Title: {page_title}
- Image Caption: {image_caption or "N/A

"}
- Page Summary: {page_summary or "N/A"}

[Objective]
Generate diverse and natural Ukrainian

sentences that express the specific
sense of a target word visually
depicted in an image. The target
word may be found in any of the
three sources (title , caption , or
summary) and should be disambiguated
from its other meanings using the

image and text.

[Step -by-step instructions]

1. Analyze the image
- Identify salient visual elements (

objects , actions , environment ,
attributes).
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- Describe what is clearly shown , even
if not mentioned in the text.

2. Identify the target word
- Scan the title , caption , and summary

to find a word that:
- Has multiple meanings
- Is visually represented in the image

3. Disambiguate the sense
- Use the caption to understand the

intent behind the image.
- Use the summary to identify other

possible meanings.
- Choose the sense that best matches the

visual content.

4. Generate 10 sentences
- All sentences must:

- Refer to the visual sense of the
target word

- Include either the target word or a
valid synonym

- Contain visual context grounded in
the image

- Vary syntax and collocations:
- Use adjectives , adverbs ,

prepositional phrases
- Shift grammatical roles (subject ,

object , etc.)
- Include passive and active voice

- At least 5 of the 10 sentences must
use synonyms , not the target word
itself.

5. Select synonyms thoughtfully
- Use only synonyms that express the

exact same visual sense.
- Acceptable types:

- Direct lexical synonyms
- Semantic equivalents or paraphrases
- Hypernyms only if natural and

necessary
- Avoid:

- Synonyms tied to other senses
- Overly abstract or obscure

alternatives

6. Optional contrastive examples
- Provide 1-2 sentences using the same

word but showing a different sense
from the image.

- These help highlight disambiguation
clearly.

[Output format]
Return ONLY valid JSON (no extra text):
{

"target_word ": "...",
"visual_sense_description ": "..." ,
"key_visual_elements ": ["..."] ,
"sentences ": [

"..."
],
"synonyms_used ": ["..."] ,
"contrastive_sentences ": [

"..."
]

}

[Final checklist]
1) Does the target word have multiple

senses?
2) Is the visual sense clearly matched

and described?
3) Are at least 5 sentences using proper

synonyms?
4) Are visual elements embedded in every

sentence?
5) Do the sentences sound natural in

Ukrainian?

D Fine-Tuning Parameters

Parameter Value
Backbone xlm-roberta-base-ViT-B-32
Pretrained weights laion5b_s13b_b90k
Text tower (XLM-R base) 12 blocks; train top-k blocks
Vision tower (ViT-B/32) 12 blocks; frozen in all adaptation runs
Training objective Symmetric contrastive loss
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 0.1
Epochs 5
Batch size 512
Gradient clipping max norm = 1.0
LR schedule CosineAnnealingLR
Random seed 42

Table 12: Fine-tuning configuration used in our experi-
ments.

E Additional Performance Analysis

We complement the main results with analyses that
probe when fine-tuning helps most and whether the
observed gains are statistically reliable.

E.1 Performance by sense ambiguity
Figure 3 analyzes how Ukrainian Visual-WSD
performance varies with lexical ambiguity, mea-
sured as the number of senses for the target lemma.
We compare the frozen baseline against our best
fine-tuned model and report both MRR (left) and
HIT@1 (right). Fine-tuning improves retrieval
across all ambiguity levels, with the largest gains
observed for highly ambiguous lemmas (4 and 7
senses).

E.2 Statistical Significance of the Obtained
Results

To test whether the improvement is systematic
rather than driven by a small number of instances,
we apply a one-sided Wilcoxon signed-rank test
to per-instance reciprocal rank on the 381 evalua-
tion instances shared by both models. The alterna-
tive hypothesis is that the fine-tuned model yields
higher reciprocal rank than the frozen baseline.
The test returns W=9409.0 with p=1.25× 10−4,
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Figure 3: Performance vs. Sense Ambiguity.

indicating a statistically significant improvement
at α=0.05. We use Wilcoxon because it is non-
parametric and does not assume a specific score
distribution, which is appropriate for bounded, non-
Gaussian retrieval outcomes such as reciprocal
rank.

F Inference Latency and API Cost

Model HIT@1 Latency (ms) API Price ($)
Gemini-1.5-pro 73.9 23432.67 0.004
GPT-4.1 71.4 24684.74 0.003
GPT-4o 67.6 22696.09 0.004
Ours (best fine-tuned) 43.05 8.27 –
GPT-4.1-mini 42.7 21831.47 0.003
GPT-4.1-nano 19.9 19012.27 0.003

Table 13: Performance and efficiency comparison of
LLMs and our best fine-tuned CLIP-based model on the
Visual-WSD benchmark. All metrics are reported per
average retrieval from the V-WSD benchmark.
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