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Problem

 Vision-language models (VLMs) are primarily evaluated on
English-centric benchmarks

« Critical gap exists for evaluating VLMs in low- and mid-resource
languages

« Ukrainian multimodal benchmarks are exceedingly scarce

« No comprehensive evaluation framework for Ukrainian language
capabilities

« Cultural knowledge and representation issues



Our Contribution

« Introduced ZNO-Vision: comprehensive Ukrainian-centric benchmark

« First evaluation of multimodal text generation for Ukrainian language

« Evaluated Multi30k-Uk for caption generation task

« Created UACUISINE: cultural knowledge benchmark

« Evaluated both proprietary and open-source VLMs

« Provided methodology template for other low-resource languages

« Published code and datasets with our methodology to benefit
community



ZNO-Vision Dataset

Based on standardized
university entrance
examination and data from
Osvita portal

Covers mathematics, physics,
chemistry, and humanities
STEM categories dominate
with 90%+ visual-only
questions

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 0O 0.00%
English language 204 O 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%




Additional Benchmarks

« UACUISINE: Cultural benchmark featuring 20 popular Ukrainian dishes
a. Seven question types across three categories: identification, generation,
classification
b. Addresses cultural misrepresentation issues found in existing datasets
c. Tests knowledge of national cuisine and cultural understanding
« Multi30K-UK (Saichyshyna et al., 2023): Image captioning evaluation

using existing Ukrainian benchmark



Evaluation Framework

« Adapted “Imms-eval” framework for standardized evaluation

. 10/10/80 dev/validation/test split following MMMU paradigm

« Multiple metrics: Accuracy, BERT Score, SacreBLEU, Exact Match

« Standardized prompting across all models

« Temperature, token limits and other generation parameters optimized
per benchmark



Models Evaluated

« Proprietary models: Claude 3.7 Sonnet, GPT-40, Gemini 2.5 Pro
« Open-source models: Qwen2.5-VL series, LLaAMA 4, Gemma 3
. Range from 2B to 90B parameters

« Comprehensive coverage of current state-of-the-art

Limitation: we haven’t measured reasoning models.



ZNO Benchmark Results

Claude 3.7 Sonnet, Gemini
2.5 Pro, and GPT-40 lead
performance

Qwen2.5 and LLama 4 are
the best open source
models for Ukrainian
MultiModal setting

LLaMA 3.2 and Pixtral failed
to beat random baseline
Text-only evaluation of the
same tasks lead is close to
random baseline

Model Name ZNO Val | ZNO Test
anthropic/claude-3.7-sonnet 0.75 472
google/gemini-2.5-pro-preview-03-25 0.64 0.69
openai/gpt-40 0.62 0.63
qwen/qwen2.5-vIl-7b-instruct 0.54 0.56
meta-1lama/llama-4-maverick .53 0.33
gwen/qwen-2.5-vI-72b-instruct 0.51 0.52
meta-llama/llama-4-scout 0.48 0.49
gwen/qwen2.5-vI-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-1lama/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




Multi30k (Caption Generation) Results

« GPT-40 achieved highest BERT Score Freer— Multi30k 2017 | Multi30k 2018 |

(074) and BLEU (354) ‘ BERT | BLEU | BERT | BLEU

. Most models generated semantically [ openavept4o i N
. . . meta-llama/llama-4-scout 0.72 1.82 0.72 1.68

correp’r but STVIISTICO”y different anthropic/claude-3.7-sonnet 0.71 1.40 0.72 1.78

ca pT 1ons meta-llama/llama-4-maverick 0.71 1.82 0.71 1.85

e« Low BLEU scores due to synonym meta-llama/llama-3.2-90b-vision-instruct | 0.71 1.96 0.71 2.03
usage and different detail focus mlstral-communlty/pl'xtral—12b 0.71 1.48 0.71 1.97

. qwen/qwen2.5-vl-7b-instruct 0.71 1.37 0.71 1.49

- Models struggled with _ google/gemma-3-12b-it 071 | 153 | 071 | 177
single-sentence instruction following [ google/gemma-3-27b-it 070 | 161 | 071 | 1.65

« Evaluation h|gh||gh'|-ed Chq”enges in gwen/qwen2-vl-7b-instruct 0.70 0.89 0.70 1.08
H H qwen/qwen2.5-v1-32b-instruct 0.69 1.19 0.70 1.23
Ukrainian fext generoﬂon qwen/qwen2.5-vl-3b-instruct 0.69 0.61 0.69 0.19
assessment qwen/qwen2-v1-2b-instruct 0.68 | 0.17 | 068 | 021
cohereforai/aya-vision-8b 0.65 0.64 0.66 0.62

qwen/qwen-2.5-v1-72b-instruct 0.32 1.86 0.59 L5

google/gemini-2.5-pro-preview-03-25* 0.00 0.00 0.00 0.00




UACUISINE Cultural Results

. Claude 3.7 Sonnet performed best SR R | | T
overall across all categories google/gemma-3-27b-it 0.71 0.00 0.69
. . . cohereforai/aya-vision-8b 0.70 0.00 0.49
® No m Od el SCO red h I g h on sim ple d IS h anthropic/claude-3.7-sonnet 0.69 0.25 0.73
namin g task meta-llama/llama-4-scout 0.68 0.08 0.53
. . . oogle/gemma-3-12b-it 0.67 0.03 0.69
« Gemini 2.5 Pro achieved 35% exact ipefai,ipt_% 0.67 0.00 073
ma-l-ch bu-l- refu Sed reci pe generq-‘-ion meta-llama/llama-3.2-90b-vision-instruct | 0.65 0.00 0.43
. gwen/qwen-2.5-v1-72b-instruct 0.65 0.19 0.44
« LLaMA 4 Maverick and qwen/qwen2.5-vI-32b-instruct 0.65 0.15 0.40
Gemmq_27B_i1- are The S-I-ronges-r gwen/qwen2.5-vI-7b-instruct 0.65 0.21 0.11
meta-llama/llama-4-maverick 0.63 0.11 0.69
among open-source gqwen/qwen2.5-v1-3b-instruct 0.58 0.21 0.14
H Y H H qwen/qwen2-vl-2b-instruct 0.00 0.23 0.01
) SlgnIfICCI Nt room for ImprovemenT N google/gemini-2.5-pro-preview-03-25%* 0.00 0.35 0.01

cultural understanding



Challenge 1: Instruction Following and Performance

« Inconsistent instruction following in Ukrainian across all models

« High-performing models like GPT-40 frequently failed expected
format, like “place answer inside [ ]”

« LLaMA 3.2-90b responded with English letters instead of Ukrainian

« Models generated verbose responses despite being instructed to be
concise

« Format extraction rules needed due to instruction non-compliance



Challenge 2: Code-switching Issues

« Major issues with language confusion and code-switching

« Models prompted in Ukrainian switched to English, Chinese, or Russian

« Broken grammar generation: "Kypsude cyny 3 nanwon” (“chicken soup
with noodles” in incorrect word form)

« Non-existing word creation and tokenization artifacts

« Same issues known in text-only ZNO setting



Challenge 3: Cultural Misattribution

« Ukrainian Borscht mislabeled as "Russian Red Borscht”, despite being
UNESCO-recognized Ukrainian cultural heritage

« Models defaulted to English or Russian responses when prompted in
Ukrainian

« Recipe generation suggested incorrect preparations

« Systematic bias points to training data issues affecting cultural
identity



Conclusion

. First objective framework for evaluating Ukrainian multimodal
capabilities

« Revealed significant performance gaps and cultural representation
issues

. Only top-tier models achieved reasonable performance above baseline

« Critical need for inclusive AI development for low-resource languages

« Open-source code and datasets available for community use

Code, datasets and leaderboard: github.com/lang-uk/mmzno-benchmark



http://github.com/lang-uk/mmzno-benchmark
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