Benchmarking Multimodal Models for Ukrainian Language Understanding
Across Academic and Cultural Domains

Artur Kiulian
OpenBabylon

Yurii Paniv
Ukrainian Catholic
University

paniv@ucu.edu.ua akiulian@gmail.com

Anton Polishko
OpenBabylon

anton.polishko@gmail.com
Abstract

While the evaluation of multimodal English-
centric models is an active area of research with
numerous benchmarks, there is a profound lack
of benchmarks or evaluation suites for low- and
mid-resource languages. We introduce ZNO-
Vision, a comprehensive multimodal Ukrainian-
centric benchmark derived from the standard-
ized university entrance examination (ZNO).
The benchmark consists of over 4300 expert-
crafted questions spanning 12 academic disci-
plines, including mathematics, physics, chem-
istry, and humanities. We evaluated the per-
formance of both open-source models and API
providers, finding that only a handful of mod-
els performed above baseline. Alongside the
new benchmark, we performed the first evalu-
ation study of multimodal text generation for
the Ukrainian language: we measured caption
generation quality on the Multi30K-UK dataset.
Lastly, we tested a few models from a cultural
perspective on knowledge of national cuisine.
We believe our work will advance multimodal
generation capabilities for the Ukrainian lan-
guage and our approach could be useful for
other low-resource languages.

1 Introduction

Vision-language models (VLMs) have expanded
LLM capabilities into more domains, allowing for
models to work with plenty of new tasks such as
OCR (Liu et al., 2024), image captioning, visual
question answering and many more.

While numerous benchmarks (Li et al., 2024)
evaluate VLMs performance across a range of
multimodal tasks, these resources primarily serve
English-language models, underscoring a critical
gap for evaluating VLMs in less-resourced lan-
guages. This absence is especially pronounced
for Ukrainian, where multimodal benchmarks are
exceedingly scarce.

Our work addresses this gap by introducing a
suite of Ukrainian-specific benchmarks and pre-
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senting benchmarking results for leading propri-
etary and open-source VLMs. To estimate aca-
demic knowledge, we developed a new bench-
mark based on the External Independent Evalu-
ation (ZNO) - national university entrance and
teacher certification exam (ZNO, 2024), which in-
cludes a large selection of questions across various
fields, such as chemistry, mathematics, Ukrainian
language and literature, etc. Besides that, we evalu-
ated all models using Multi30K-UK (Saichyshyna
et al., 2023), one of the few existing Ukrainian
multimodal benchmarks. Additionally, for the cul-
ture test, we developed a new multimodal bench-
mark, UACUISINE, based on 20 popular Ukrainian
dishes.

We believe that our effort would advance the de-
velopment of VLMs applications for the Ukrainian
language across academic and business sectors
worldwide, wherever it’s being used.

Code, evaluation scripts, and datasets are avail-
able at this link: https://github.com/lang-uk/
mmzno-benchmark.

2 Related Work

Recent years have seen significant development
in multimodal benchmarks for evaluating VLMs.
Existing benchmarks can be broadly categorized
into three groups. General visual understanding
benchmarks include VQA (Antol et al., 2015) (1M+
question-answer pairs), GQA (Ainslie et al., 2023)
(compositional reasoning), and MMMU (Yue et al.,
2024) (broad domain reasoning). Cultural and mul-
tilingual benchmarks are represented by Cultur-
alVQA (Nayak et al., 2024) (11 countries), World-
Cuisines (Winata et al., 2024) (30 languages), and
MaXM (Changpinyo et al., 2023) (7 languages). Vi-
sual reasoning benchmarks feature CLEVR (John-
son et al., 2016) (compositional reasoning), A-
OKVQA (Schwenk et al., 2022) (external knowl-
edge), and Visual7W (Zhu et al., 2016) (semantic
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understanding).

While these benchmarks provide comprehen-
sive evaluation frameworks, they predominantly
focus on English language capabilities. Recent
multilingual benchmarks often rely on translations
rather than culturally-grounded content, highlight-
ing a critical gap for evaluating VLMs in under-
represented languages like Ukrainian. Translation-
based benchmarks like XGQA (Pfeiffer et al., 2022)
(9,670 questions in 7 languages) often introduce
artifacts and fail to capture cultural nuances (Park
et al., 2024). Current cultural evaluations are either
too limited in scope (CulturalVQA: 2,378 questions
across 11 countries) or too narrow in focus (World-
Cuisines: food-specific across 30 languages).

Analyzing the WorldCuisines, we found three
critical limitations regarding Ukrainian cuisine:
(1) representation was restricted solely to location
identification tasks without deeper cultural assess-
ment, (2) the selection of dishes failed to capture
the breadth of Ukrainian culinary traditions, and
(3) several dishes were incorrectly categorized as
Ukrainian while featuring Russian-language cap-
tions and representing Russian cuisine variants.

2.1 Ukrainian Multimodal Benchmarks

As it has been mentioned in the introduction, the
Ukrainian benchmarks for multimodal LLMs are
scarce. This subsection describes what’s available
to the best of our knowledge.

MS5 (Schneider and Sitaram, 2024): a multilin-
gual benchmark that includes 41 languages and
5 different MLLM tasks. However, it is only the
image captioning that actually spans over the 41
languages and includes Ukrainian. The image cap-
tioning dataset contains 143600 questions. M5
employs professional annotators to ensure high-
quality annotations across all languages.

ALM(Vayani et al., 2024) benchmark consists
of diverse 22763 VQA questions, translated into
100 languages using machine translation and then
edited by native speakers of the corresponding lan-
guages.

Both M5 and AML benchmarks fulfill an impor-
tant task of expanding the linguistic diversity of
multimodal large language model (MLLM) bench-
marks. However, as their focus is on broad multi-
lingual coverage, they naturally lack specificity in
evaluating Ukrainian multimodal capabilities.

The Ukrainian Visual Word Sense Disambigua-
tion Benchmark (Laba et al., 2024) is designed
to evaluate the ability of multimodal language
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models to resolve visual word sense ambiguity
in Ukrainian, particularly with homonyms. The
task requires selecting the correct meaning of an
ambiguous word from a set of images, highlight-
ing challenges related to low-resource languages,
hallucinations, and representation gaps. Results
show that multilingual retrieval models struggle
with Ukrainian, often retrieving images correspond-
ing to the more frequent meaning of a homonym
instead of the intended one. Additionally, image
generation models exhibit similar biases, default-
ing to dominant meanings rather than reasoning
through context. The benchmark reveals a signifi-
cant performance gap between Ukrainian and En-
glish multimodal understanding, underlining the
need for language-specific retrieval fine-tuning and
better alignment of multilingual embeddings.

The Multi30K-UK benchmark (Saichyshyna
et al., 2023) is an adaptation of the Multi30K
dataset (Elliott et al., 2016) for Ukrainian, created
via a combination of machine translation and hu-
man editing. It is primarily designed for image
captioning and machine translation.

3 Datasets & Methodology

ZNO multi-choice questions. External Indepen-
dent Evaluation (abbr. "ZNQO" in Ukrainian) is
a national Ukrainian test for high school gradu-
ates (ZNO, 2024). This test is challenging for
LLMs even in a text-only setting (Romanyshyn
et al., 2024). We gathered questions from the Os-
vita portal (Osvita, 2024), where an image is re-
quired for the answer. The dataset consists of 4306
question-pairs in 13 categories (overview in Ap-
pendix B): Math, Geography, Ukrainian language
and literature, Teaching, History, Spanish, German,
French, English, Chemistry, Physics, Biology, and
Other (for a small portion of unclassified ques-
tions). From our source dataset, we filtered out
questions with multiple images, images as answers,

Subset  # Questions Visual- Visual %
Only

Dev 491 235 47.86%

Validation 490 233 47.55%

Test 3325 1864 56.06%

Total 4306 2332 54.16%

Table 1: Distribution of ZNO Dataset by subset. The
Dev and Validation subsets each represent 10% of all
data that can be used during model training.



Category Total Visual-Only Visual-Only %
Chemistry 1021 946 92.65%
Mathematics 821 771 93.91%
Physics 661 595 90.02%
History 434 0 0.00%
Geography 374 0 0.00%
Biology 332 0 0.00%
English language 204 0 0.00%
French language 199 0 0.00%
Kindergarten teaching 134 0 0.00%
Ukrainian language and literature 56 0 0.00%
Other 31 0 0.00%
Spanish language 22 20 90.91%
German language 17 0 0.00%

Table 2: Distribution of ZNO questions by category. As we can see, STEM categories represent more than half of
the dataset, even having more than 90% of all visual-only questions (a typical question has a text and image, but in a
visual-only setting, the model has to perform OCR to answer the question).

and choice-matching questions to streamline the
benchmark setting, leaving only questions that re-
quire a single letter (e.g., B) as an answer.

Multi30K-UK. We evaluated models for the cap-
tion generation task on the Multi30K-UK dataset.
We use Flickr2017 and Flickr2018 datasets as dev
and test subsets, respectively.

UACUISINE Benchmark. In this dataset, we
addressed the issues with the WorldCuisine dataset
mentioned in section 2. The UACUISINE bench-
mark consists of seven question types across three
categories: (1) dish identification (three variants),
(2) text generation (ingredients and recipe), and
(3) characteristic classification (temperature and
taste). The identification questions were adapted
from WorldCuisines and translated into Ukrainian,
while preparation and classification questions were
newly introduced to assess deeper culinary under-
standing. We curated a dataset of 20 most typical
Ukrainian dishes and annotated each with 7 ques-
tion types in Ukrainian, generating 140 question-
answer pairs.

Evaluation Framework. We adapted our bench-
marks to the Imms-eval framework (Zhang et al.,
2024) to reuse correct implementations of Vision-
Language model inference, where the format of the
prompt and image processing differs from model
to model.

For the ZNO benchmark, the model is given an
image and a natural language question about the im-
age. The expected answer is a letter, e.g., A/B/C/D.
Options consist of Ukrainian letters, except for En-
glish, Spanish, German, and French tests. The
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dataset contains 491/490/3325 (dev/validation/test)
samples, each comprising an image, a question,
and multi-choice answers encoded as letters.

The 10/10/80 dev/val/test split follows the
MMMU (Yue et al., 2024) paradigm, where the
dev set is used for few-shot in-context learning,
the validation set is employed for hyperparameter
tuning and prompt optimization, and the test set,
which constitutes the majority of the data, is re-
served for benchmarking. 54% of questions are
pure visual questions to test OCR capabilities for
models.

For benchmarking, similar to MMMU, we pro-
vided the same setting for all models by adding
the same suffix prompt to all questions. We se-
lected our prompt based on average performance
across different models on the dev set of the bench-
mark, making benchmarking standardized across a
diverse set of open-source and proprietary models.

For easier answer extraction, we experimented
with direct prompt instructions to output answer
in a specific format, such as mait BinmoBinep Ha
[IUTAHHSI 1 HAIMIIN BapiaHT BiIIIOBiIl B KBa-
JIpaTHUX Jy»KKax, Hanpukiaa: "[A]" (answer
this question and write the answer in quadratic
braces, for example "[A]"). In our experiments,
models struggled with specific format instructions,
so we removed references to format and relied on
a set of rules to extract a correct answer from the
defined selection of options. As a result of our
prompt tuning, the resulting prompt is /lait Bigo-
Bib OYyKBOIO-BapiaHTOM BIiAIOBiII 3 HaJaHUX
BapiauTiB. (Answer by choosing the letter option



Model Name ZNO Val | ZNO Test
anthropic/claude-3.7-sonnet 0.75 0.72
google/gemini-2.5-pro-preview-03-25 0.64 0.69
openai/gpt-40 0.62 0.63
gqwen/qwen2.5-vIl-7b-instruct 0.54 0.56
meta-llama/llama-4-maverick 0.53 0.53
gwen/qwen-2.5-v1-72b-instruct 0.51 0.52
meta-llama/llama-4-scout 0.48 0.49
gwen/qwen2.5-vl-3b-instruct 0.44 0.40
gwen/qwen2-vl-7b-instruct 0.42 0.39
google/gemma-3-27b-it 0.42 0.38
google/gemma-3-12b-it 0.41 0.39
gwen/qwen2.5-v1-32b-instruct 0.36 0.33
meta-llama/llama-3.2-90b-vision-instruct 0.35 0.33
mistral-community/pixtral-12b 0.31 0.31
gwen/qwen2-vl-2b-Instruct 0.30 0.31
cohereforai/aya-vision-8b 0.29 0.31

Table 3: Accuracy scores on ZNO dataset across different models for validation and test subdatasets. The bottom
part of the table contains models for which the results are approximately the same as for text-only measurement
(meaning it’s the same as a random guess). Claude 3.7 Sonnet shows the strongest performance across all models,
while Qwen2.5-VL-7B-Instruct and meta-1lama/llama-4-maverick are the best open-source models for this particular
task. More detailed breakdown by category could be found in Appendix A.

from the provided options).

Evaluation for UACUISINE consists of three
metrics. For the dish name prediction and
characteristic classification, we use exact match
score (EM) - the specific dish name should be
present in the resulting output. For the ingredi-
ents generation, we use a matching score called
the Intersection Match (IM). We calculate IM
by calculating the percentage of dish ingredients
mentioned in the resulting output.

For recipe generation evaluation, we use BERT
score (Zhang et al., 2020) using "bert-base-
multilingual-cased" model (Devlin et al., 2018)
(which is a default choice for Ukrainian in the
reference implementation) to capture semantic si-
milarity.

For Multi30K-UK, we use SacreBLEU (Post,
2018) and the same BERT score as well. We
prepend every request with a prompt "Omumu 30-
bpaxkenms onuum pedennsam." (Describe image
in one sentence).

4 Experimental Setup

For each benchmark evaluation, we used their
specific metrics with fixed random seeds for
Python, NumPy, and Torch. For ZNO, we used
a temperature of 1 and a maximum output tokens
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equal to 1024; we noticed that proprietary models
produced many tokens before generating an answer.
For Multi30k, we adopted Flickr30k (Young et al.,
2014) evaluation methodology as presented in
the Imms-eval framework for standardized multi-
modal evaluation (Zhang et al., 2024), employing
temperature of 0 and a maximum output tokens
equal to 64. For the UACUISINE benchmark, we
employed the same temperature of 1 and a maxi-
mum output tokens equal to 512.

We evaluated both proprietary and open-
source multimodal language models to provide a
comprehensive assessment of current capabilities
on Ukrainian language tasks. Besides standard
setting, we measured the same question without
images provided in the text-only setting to measure
contamination. The lowest theoretical baseline
evaluation of ZNO is to select the first choice in
each question, getting a 22% accuracy score. As
part of a benchmark, the model falls back on a
randomly chosen answer from options if it fails to
provide an answer. That’s why, as a baseline, we
evaluated all models in a text-only setting without
images provided and treated similar scores in both
settings as failing to beat a baseline. Most text-only
evaluations score approximately 34%, values close
to what we treat as a baseline.



Multi30k 2017 | Multi30k 2018
Model Name

BERT | BLEU | BERT | BLEU
openai/gpt-40 0.74 3.54 0.74 3.39
meta-llama/llama-4-scout 0.72 1.82 0.72 1.68
anthropic/claude-3.7-sonnet 0.71 1.40 0.72 1.78
meta-llama/llama-4-maverick 0.71 1.82 0.71 1.85
meta-llama/llama-3.2-90b-vision-instruct | 0.71 1.96 0.71 2.03
mistral-community/pixtral-12b 0.71 1.48 0.71 1.97
gwen/qwen2.5-vl-7b-instruct 0.71 1.37 0.71 1.49
google/gemma-3-12b-it 0.71 1.53 0.71 1.77
google/gemma-3-27b-it 0.70 1.61 0.71 1.65
qwen/qwen2-vl-7b-instruct 0.70 0.89 0.70 1.08
gqwen/qwen2.5-vl-32b-instruct 0.69 1.19 0.70 1.23
qwen/qwen2.5-vIl-3b-instruct 0.69 0.61 0.69 0.19
gwen/qwen2-vl-2b-instruct 0.68 0.17 0.68 0.21
cohereforai/aya-vision-8b 0.65 0.64 0.66 0.62
gwen/qwen-2.5-vl-72b-instruct 0.32 1.86 0.59 1.51
google/gemini-2.5-pro-preview-03-25% 0.00 0.00 0.00 0.00

Table 4: Average SacreBLEU and BERT scores on the Multi30k-UA dataset. As we can see with the SacreBLEU
score, there is a great difference between reference captions and generated captions (we provide examples of
references and generation in Appendix D). The best performing is GPT-40, as shown by both BERT Score
and SacreBLEU in particular, indicating that those texts are closer to the benchmarked target domain of texts.
Nevertheless, most of the models provide good enough captions to capture what’s happening in the image. Qwen
models tend to generate long descriptions even if prompted to provide them in short sentences, resulting in low scores
for Qwen2.5-VL-72B-Instruct model. Gemini 2.5-pro-preview-03-25 refused to generate captions for provided

images with a standard prompt.

5 Results & Discussion

In Table 3, Gemini 2.5 Pro (Georgiev et al., 2024),
Claude 3.7 Sonnet (Anthropic, 2024), and GPT-
40 (OpenAl et al., 2024) demonstrated the best
results on ZNO benchmark, with Qwen2.5-VL-7B
(Wang et al., 2024) being the strongest open source
model alongside LLama 4 Maverick (Meta, 2025).
Surprisingly, LLaMA 3.2 (Dubey et al., 2024)
and Pixtral (Agrawal et al., 2024) failed to even
beat a baseline. Even though Paligemma-3B-mix-
224 (Beyer et al., 2024) showed some promisi-
ng performance on caption generation, we didn’t
include it in our final evaluation because it is a
base model. It was not tuned to provide output in a
closed caption test setting. The detailed breakdown
of the model’s performance per question category
is provided in Appendix A.

As for the UACUISINE benchmark, the
leaderboard is close to a ZNO one, except for Gemi-
ni 2.5 Pro, which failed to generate recipes and dish
ingredients.

As shown in Table 4, testing the caption generati-
on task on the Multi30K-Uk dataset did not provide
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a way to evaluate model performance confidently.
There are a couple of reasons for that: 1) the target
domain is too different (the model frequently used
synonyms, which affects the SacreBLEU score), 2)
the model did not follow the instructions to provi-
de an answer in one sentence only, 3) confidence
that BERT Score model is a good fit to measure
semantic similarity in Ukrainian. As we show in
Appendix D, models generate captions correctly,
but describe different details, making direct string
comparison difficult.

While the former factor is a limitation of our
work, the latter is a manifestation of cultural and
linguistic bias by the models.

Instruction-following Issues. The most prevalent
challenge observed across models was inconsi-
stent instruction following in Ukrainian. Even
high-performing models like GPT-40 and Gemi-
ni frequently failed to respond in the expected
format. A notable case is a meta-llama/llama-3.2-
90b-vision-instruct, which, instead of Ukrainian
letters for answers, responds in English ones. We
have observed models replying in a much more



Model Name BERT Score | Exact Intersection
Match (EM) | Match (IM)
google/gemma-3-27b-it 0.71 0.00 0.69
cohereforai/aya-vision-8b 0.70 0.00 0.49
anthropic/claude-3.7-sonnet 0.69 0.25 0.73
meta-llama/llama-4-scout 0.68 0.08 0.53
google/gemma-3-12b-it 0.67 0.03 0.69
openai/gpt-40 0.67 0.00 0.73
meta-llama/llama-3.2-90b-vision-instruct | 0.65 0.00 0.43
qwen/qwen-2.5-v1-72b-instruct 0.65 0.19 0.44
gwen/qwen2.5-vI-32b-instruct 0.65 0.15 0.40
gwen/qwen2.5-vIl-7b-instruct 0.65 0.21 0.11
meta-llama/llama-4-maverick 0.63 0.11 0.69
gwen/qwen2.5-vI-3b-instruct 0.58 0.21 0.14
gwen/qwen2-vl-2b-instruct 0.00 0.23 0.01
google/gemini-2.5-pro-preview-03-25% 0.00 0.35 0.01

Table 5: UACUISINE Evaluation Metrics Across Models. The best model overall is Claude 3.7 Sonnet, having
high scores across all categories. Unfortunately, no model scored high on the simple task of naming a dish in the
photo, with only a Gemini scoring a 35% of right answers. Across open source models, LLama 4 Maverick and
Gemma-27B-it are the strongest ones. Gemini refused to generate a recipe and name ingredients.

verbose way than expected by Multi30K, therefore
we modified prompts with an extra instruction to
reply with a sentence for Multi30K, but issue persi-
sted.

Code-switching issues.  Besides instruction
following, we’ve observed major issues with code-
switching and language confusion. This behavi-
or was particularly pronounced in open-ended
tasks like recipe generation and ingredient listi-
ng in the UACUISINE benchmark, where models
would be prompted in Ukrainian but switch to
English, Chinese or Russian for response. This
suggests that current VLMs experience the same
code-switching issues that are known to happen in
text-only multilingual LLMs (Kiulian et al., 2024).
We have also observed the same issues of broken
grammar "Kypsae cymy 3 mammoit"(chicken
soup with spaghetti), non-existing words generati-
on (Xammmupo-itams, Kypurukn, Kyni6uno) and
tokenization artifacts (Pucotto "Risotto").

Cultural misattribution. A key issue was cultural
appropriation, notably when Ukrainian Borsch
(UNESCO-recognized cultural heritage (UNESCO,
2022)) was mislabeled as "Russian Red Borscht."
This pattern extended to other Ukrainian dishes,
with models defaulting to English or Russian
translations even when prompted in Ukrainian.
The misattribution went beyond labeling - in reci-
pe generation, models often suggested Russian
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rather than traditional Ukrainian preparations. This
systematic bias points to training data issues that
risk reinforcing narratives diminishing Ukraini-
an cultural identity. Addressing this requires
both improved Ukrainian language capabilities and
better integration of accurate cultural knowledge in
model training.

6 Conclusions

In this work, we introduced a suite of benchmarks
to evaluate VLMs in Ukrainian, addressing a cri-
tical gap in resources for low- and mid-resource
languages. ZNO benchmark enables researchers to
estimate model performance objectively for Ukrai-
nian multimodal generation using expert-made
questions. To the best of our knowledge, there
were no prior public evaluations of the Multi30k-
Uk dataset for the caption generation task, which
we hope will be useful for other researchers in
estimating model proficiency for Ukrainian in a
multimodal setting. As for UACUISINE, we hope
to highlight cultural issues in Vision-Language
Models with our research, providing a framework
to measure them objectively in a Ukrainian-specific
setting. Future research directions should focus
on extending benchmarks to include more diverse,
language-specific tasks, addressing the culture gap.
Beyond Ukrainian, the methodologies introduced
here could serve as a template for advancing multi-



modal language modelling in underrepresented
languages, enabling more inclusive access to Al
instruments.

7 Limitations

While we believe that our work is a step forward in
evaluating the Ukrainian capabilities of VLM, it
has a number of limitations.

We have used the same prompt prefix for all
queries to all the tested models. This prompt mi-
ght introduce a bias in model comparison. We
haven’t evaluated in the chain of thought setti-
ng and reasoning models like 03 from OpenAl.
We noticed that proprietary models are more li-
kely to generate more than the maximum allowed
1024 tokens in the answer, which could impact the
evaluation. We plan to address it in future work.

The ZNO dataset is heavily skewed towards
STEM domains, having more than half of the
questions in these categories. Also, STEM categori-
es have the most visual-only questions (meaning
that the model has to rely on its OCR capabilities
to answer the question).

Multi30K provides both English and Ukrainian
captions for the same image, which makes it sui-
table for testing a multi-modal translation task. We
haven’t performed such testing.

We rely on the "bert-base-multilingual-cased"
model for BERT Score calculation, as it is a default
choice for the BERT Score metric for the Ukraini-
an language (Zhang et al., 2020). We used several
other top models for Ukrainian in the Retrieval
task based on the MMTEB benchmark (Enevoldsen
et al., 2025), but haven’t found any meaningful
differences in resulting scores against the default
choice. This emphasizes the necessity for standardi-
zed metrics to evaluate semantic similarity model
performance in the Ukrainian language.

8 Ethical Considerations

Several ethical considerations arise in developing
and deploying multimodal benchmarks for Ukrai-
nian language evaluation. Most critically, our
work addresses questions of cultural representati-
on and identity preservation, particularly salient
given current geopolitical contexts. The systematic
misattribution of Ukrainian cultural elements
by Al models highlights risks of technologi-
cal erasure of cultural identity. =~ While our
use of translated benchmarks enables comparati-
ve evaluation, this approach may inadvertently
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perpetuate biases and fail to capture uniquely Ukrai-
nian contexts. Additionally, the observed tendency
of models to default to Russian or English translati-
ons, even when prompted in Ukrainian, raises
concerns about digital marginalization of Ukrainian
language users. These considerations underscore
the importance of developing culturally sensitive
evaluation frameworks that can help ensure Al
systems properly represent and serve Ukrainian
language users.
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A ZNO Test Set Evaluation, Breakdown by Category

Model Ukrainian* History English French German Spanish Teaching Other
anthropic/claude- 66.67 70.69 87.20 86.25 60.00 85.71 79.55 60.00
3.7-sonnet

cohereforai/aya- 38.89 31.61 68.90 66.25 40.00 28.57 47.73 50.00
vision-8b

google/gemini- 83.33 64.37 84.15 88.12 60.00 85.71 63.64 60.00
2.5-pro-preview-

03-25

google/gemma- 66.67 48.85 79.88  70.00 40.00 71.43 47.73 70.00
3-12b-it

google/gemma- 72.22 49.14 78.66  75.00 80.00 85.71 36.36  40.00
3-27b-it

google/gemma- 44.44 28.74 54.88  56.88 60.00 28.57 27.27 20.00
3-4b-it

openai/gpt-40 83.33 67.53 89.02  80.00 60.00  100.00 63.64 60.00
meta- 55.56 44.25 56.71 60.62 20.00 28.57 43.18 30.00
Ilama/llama-

3.2-90b-vision-

instruct

meta- 50.00 58.33 83.54 76.88 60.00 85.71 63.64 50.00
llama/llama-

4-maverick

meta- 50.00 46.84 81.71  78.12 60.00 28.57 43.18 30.00
llama/llama-

4-scout

mistral- 38.89 36.49 6524  61.25 20.00 28.57 36.36  20.00
community/pixtral-

12b

gwen/qwen-2.5- 50.00 54.60 62.80  32.50 20.00 42.86 59.09 40.00
vl-72b-instruct

gwen/qwen2-vl- 22.22 31.03 7622  71.88 20.00 71.43 34.09 50.00
2b-instruct

gwen/qwen2-vl- 55.56 42.24 8598  86.88 40.00 85.71 54.55 50.00
7b-instruct

gwen/qwen?2.5- 55.56 40.23 75.00  68.12 20.00 57.14 43.18 70.00
vl-32b-instruct

gwen/qwen?2.5- 22.22 37.07 84.15 86.25 40.00 71.43 50.00 40.00
vl-3b-instruct

gwen/qwen?2.5- 50.00 45.69 89.63  92.50 60.00 71.43 43.18 60.00

vl-7b-instruct

Table 6: Humanities results for ZNO benchmark. GPT-4o is the strongest model for the humanities, with Claude
3.7 Sonnet and Gemini 2.5 Pro being just behind it. The strongest open source model for the humanities is meta-
Ilama/llama-4-maverick, with google/gemma-3-27b-it showing comparable performance.
* - "Ukrainian" contains evaluation for both language and literature knowledge.
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Model Biology Chemistry Geography Mathematics Physics
anthropic/claude-3.7-sonnet 73.68 71.85 71.33 72.60 65.03
cohereforai/aya-vision-8b 44.36 21.91 39.00 21.61 20.98
google/gemini-2.5-pro-preview-03-25 63.16 80.66 57.33 63.47 56.90
google/gemma-3-12b-it 53.01 29.50 43.00 26.64 26.47
google/gemma-3-27b-it 54.51 28.03 45.00 23.29 24.01
google/gemma-3-4b-it 34.59 23.99 28.67 23.14 20.79
openai/gpt-40 69.17 68.79 73.00 43.84 54.63
meta-1lama/llama-3.2-90b-vision- 52.63 20.20 51.00 19.63 21.93
instruct

meta-llama/llama-4-maverick 72.18 48.35 58.33 44.75 37.43
meta-llama/llama-4-scout 58.65 47.86 47.33 42.31 35.73
mistral-community/pixtral-12b 38.72 26.32 40.33 22.37 21.55
gwen/qwen-2.5-v1-72b-instruct 65.41 58.26 63.00 42.62 43.10
gwen/qwen2-vl-2b-instruct 28.95 23.99 32.67 19.94 26.47
gwen/qwen2-vIl-7b-instruct 48.87 32.44 42.00 21.31 32.70
gwen/qwen2.5-v1-32b-instruct 45.86 24.24 37.00 21.77 22.31
gwen/qwen?2.5-vI-3b-instruct 46.24 35.37 38.67 3242 30.43
qwen/qwen2.5-vIl-7b-instruct 59.02 54.96 53.00 54.34 45.75

Table 7: STEM results for ZNO benchmarks. Claude 3.7 Sonnet is the strongest model overall in all categories,
with the Qwen family being the strongest among open-source models.
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B ZNO Dataset Overview

Number of Questions by Year and Subject
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Figure 1: Distribution of ZNO questions by year and subject, showing a skewed yet diverse distribution of questions.

C UACUISINE Questions

UKrainian Question | English Translation
1. Identification Questions
Q1: What is this dish called?

Q2: What is the name of this dish in Ukraine?

Q1: Ik HasuBaeThCs 151 cTpasa’

Q2: fxa HasBa 1i€l cTpaBu B YKpaini?

Q3: 1 o6i . i3 Q3: I’'m having lunch at a Ukrainian restaurant. I'm
¢ 71 COIIAI0 B yKPAIHCHKOMY PECTOPaHL. 33~ | oyt to eat this dish. What is this dish called?
pas s 30mparocs ICTH I0 cTpaBy. K Ha3uBae-

ThCs I CTpaBa’

2. Generation Questions
Q4: List the ingredients needed to prepare the
shown dish

Q4: Tlepemiun inrpemienTn HEOOXiMHI /Tt TpU-
roTyBaHHsI 300paskeHol CTpaBU

Q5: How to prepare this dish. Describe briefly the

Q5: Ak npurorysaTtu mo crpaBy. Onuimm Ko- step-by-step recipe.

POTKO MOKPOKOBHII PEIIET.

3. Binary Classification Questions
Q6: How does this dish taste: salty or sweet?

Q6: fIxa g crpaBa Ha CMak: COJIOHA YU CO-
nonka?

Q7: Is this dish served cold or hot?

Q7: s cTrpaBa moIa€ThCS XOIOMHA IH rapstda,’

Table 8: Ukrainian UACUISINE Questions with English Translations
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D BERT Score Sentences Examples

Reference Ukrainian caption

Generated Caption

JlfonuHa B OKyJIsIpax Ta KalleJioci KaTa-
€ThCsl Ha CAHSIX.

A person wearing goggles and a hat is sled
riding.

JlionuHa B 3UMOBOMY OZsI3i KaTae-
TBhCsI HA CaHKaX IO CHITY.

A man in winter clothes is sledding in
the snow.

JIromuua B CHUHBO-YEepPBOHOMY BOpaHHI
CTOITH y MiMaHiit MicreBocTi 6i/1sT BOIH.
A person wearing a blue and red outfit is
standing in a sandy area near water.

Ha 300pakenHi jouna cToiTh Ha
TIsiKi G11sT MOpsT TIiT, 9ac 3aX0Iy
COHIISL.

The image shows a man standing on
the beach at sunset.

Binmit cobaka 3 KOpUIHEBUM OOJIMIUSIM
CUIINTh HA IEIVISHIA TOPixkKIIi.

A white dog with a brown face is sitting on a
brick walkway.

Cobaka Ha TOBIIKY CHUAUTHL Oijist
crinu 3 aBoma 3Hakamu "P'.

A dog on a leash is sitting next to a
wall with two “P” signs.

YHoutosiunmit MaT4 3 perbi, J1e OJUH IOJIO-
BIK TIEPEKUIAETHCS Yepe3 1HIIOoTO.
Men’s rugby match where one man throws
himself over another

I'paBenp y GiakurHilt dpopmi Ha-
Mara€TbCs 3a0uTn cupody B peroi,
TOJI sIK CYyHIEpHUK y 3eJieHiit popmi
HaMara€TbCs WOTo 3yIHHUTH.

A player in a blue uniform tries to
score a rugby try while an opponent
in a green uniform tries to stop him.

HBa dyrbomicru B pizaux dpopmax 60-
PIOTBCsT 38 KOHTPOJIb HAJ[ M’ STIEM.

Two soccer players in different uniforms
struggle to take control of the ball

JlBoe dyTbosicTiB y uepBoHiil Ta
Oimiit hopmi GOprOTHCS 3a M’sTd Ha
I10JIi.

Two football players in red and white
uniforms are fighting for the ball on
the field.

Table 9: Predicted sentences for Multi30k-Uk 2018 subset. Captions are generated using GPT-40 model that scores
0.74 BERT Score and 3.39 SacreBLEU on this task. As shown with these examples, the generated caption correlates
with what’s pictured in the image, but the model describes slightly different details.
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