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Abstract

With 1.5 billion people speaking over 120
major languages, India exemplifies the chal-
lenges of multilingual AI evaluation. Cur-
rent multilingual VLM benchmarks suffer
from unverified auto-translations, narrow task
coverage, small sample sizes, and lack of
culturally grounded content. We present
HinTel-AlignBench, a comprehensive evalua-
tion framework and benchmark for Hindi and
Telugu vision-language models with English-
aligned samples. Our framework combines
semi-automated translation with human veri-
fication to generate ∼4k QA pairs per language
across five domains: adapted English datasets
(VQAv2, RealWorldQA, CLEVR-Math) and
native Indic sets (JEE for STEM, VAANI for
cultural grounding). Evaluation of state-of-the-
art open and closed-source VLMs reveals con-
sistent performance regression from English
to Indic languages, with average drops of 8.3
points for Hindi and 5.5 points for Telugu
across four of five tasks. We identify key fail-
ure modes and establish reproducible baselines
for multilingual multimodal evaluation.

1 Introduction

India’s 122 major languages and 1599 other lan-
guages1 present unique challenges for multilingual
AI. While recent multimodal large language mod-
els (MLLMs) such as ChatGPT (OpenAI, 2025),
Gemini 2.5 (Google DeepMind, 2025), and open-
weight variants (Meta Llama, 2025; Dash et al.,
2025) claim multilingual support, comprehensive
evaluation benchmarks for Indian languages remain
scarce.

Current evaluation methodologies suffer from
critical limitations in quality, scope, and scale.
First, many benchmarks rely on unverified auto-
matic translations (Wu et al., 2025), inevitably

*Equal contribution.
1https://en.wikipedia.org/wiki/Languages_of_

India

Figure 1: Average performance of GPT-4.1 and Gemini-
2.5-Flash on English, Hindi, and Telugu across data-
parallel visual question answering samples. Perfor-
mance regresses from English to Hindi by 8.3 points
and from English to Telugu by 5.5 points.

introducing noise. While text-only benchmarks
like IndicGenBench (Singh et al., 2024) exist, they
lack multimodal coverage. Second, existing vision-
language benchmarks often suffer from insufficient
sample sizes; for instance, xChat (Yue et al., 2025)
and AyaVisionBench (Dash et al., 2025) contain
only 50 and 135 QA pairs per language, respec-
tively, preventing statistically significant analysis.
Third, domain coverage is often narrow. Concur-
rent work such as Kaleidoscope (Salazar et al.,
2025) provides ∼800 samples per Indic language
but focuses exclusively on exam-based multiple-
choice questions, neglecting real-world reason-
ing. Finally, adapted benchmarks often lack cul-
tural grounding, evaluating surface-level transla-
tion rather than native competence (Khan et al.,
2024). We elaborate on previous works in the ap-
pendix.

To address these gaps, we introduce HinTel-
AlignBench, a scalable framework and benchmark
for evaluating VLMs in Hindi and Telugu. Our
semi-automated pipeline combines translation or
LLM-based QA generation with strict human verifi-
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Figure 2: Dataset generation pipeline for (A) VQAv2, RealWorldQA, and CLEVR-Math using translation and
human verification; (B) JEE-H and JEE-T using OCR extraction and verification; (C) VAANI-H and VAANI-T
using LLM-based question generation from captions with filtering and verification.

cation, achieving 5x faster processing than manual
creation for 79% of samples while maintaining lin-
guistic fidelity. The benchmark comprises ∼4k QA
pairs per language—significantly larger than prior
manually verified sets—spanning five domains:
real-world understanding (VQAv2 (Goyal et al.,
2017a)), practical reasoning (RealWorldQA (xAI,
2024a)), visual mathematics (CLEVR-Math (Lind-
ström and Abraham, 2022)), STEM competency
(JEE-Vision from India’s Joint Entrance Exam),
and cultural grounding (VAANI (Team, 2025)).
Crucially, each sample includes manually verified
English translations, enabling direct cross-lingual
comparison.

Evaluation of state-of-the-art models on our
benchmark reveals systematic performance degra-
dation. Across all models, we observe average
regressions of 8.3 points (Hindi) and 5.5 points
(Telugu) relative to English, with gaps appearing
in four of five tasks (Figure 1). Even frontier mod-
els like GPT-4.1 exhibit 3.8-point (Hindi) and 8.6-
point (Telugu) performance drops. Performance on
aligned Hindi and Telugu subsets differs by less
than 1 point, indicating comparable gaps between
English and both Indic languages.

Our contributions are: (1) a semi-automated
framework for generating multilingual vision-
language evaluation sets; (2) the largest human-
verified Hindi and Telugu VLM benchmark to date,
featuring culturally sourced content and English-
aligned samples; and (3) a comprehensive evalu-
ation of state-of-the-art models, highlighting sig-
nificant performance regressions across diverse do-
mains.

2 Datasets

2.1 Data Sources

We construct HinTel-AlignBench by combining
translated English VQA datasets with native Indic
evaluation sets across five domains. The translated
sets include 1000 samples from VQAv2 (Goyal
et al., 2017b) for real-world visual understanding,
765 samples from RealWorldQA (xAI, 2024a,b) for
practical spatial reasoning, and 1000 samples from
CLEVR-Math (Lindström and Abraham, 2022) for
visual mathematical reasoning.

For native Indic content, we develop JEE-Vision
from India’s Joint Entrance Examination, sourc-
ing 192 Hindi questions (JEE-H) from the Ad-
vanced exam and 325 Telugu questions (JEE-T)
from the Mains exam. These diagram-dependent
STEM problems span mathematics, physics, and
chemistry, providing the first benchmark for non-
translated multilingual technical reasoning with
visual content. We generate culturally grounded
evaluation sets (VAANI-H and VAANI-T) by sam-
pling 945 Hindi and 1020 Telugu images from the
VAANI corpus (Team, 2025), using GPT-4.1 to
create multiple-choice questions from original cap-
tions, then filtering out text-only answerable ques-
tions.

Translation-based extension enables multi-way
parallel data, allowing attribution of performance
to task knowledge versus language understand-
ing (Singh et al., 2024). This approach also lever-
ages the quality control invested in designing the
original English benchmarks. Table 1 shows the
distribution of QA pairs per language and task. Fig-
ure 3 showcases a few examples.

2.2 Dataset Generation Framework

Figure 2 illustrates our three-stage generation
framework tailored to different data sources.
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Figure 3: Qualitative Examples for different domains in our dataset. More images are shown in the appendix

Language VQAv2 RealWorldQA CLEVR-Math JEE-H JEE-T VAANI-H VAANI-T

Hindi 1,000 765 1,000 192 - 945 -
Telugu 1,000 765 1,000 - 325 - 1,020
English 1,000 765 1,000 192 325 945 1,020

Total 3,000 2,295 3,000 384 650 1,890 2,040

Table 1: Number of QA pairs per task per language
in HinTel-AlignBench. The samples used in VQAv2,
RealWorldQAand CLEVR-Math are the same across
all languages.

Translation Pipeline. For VQAv2, Real-
WorldQA, and CLEVR-Math, we evaluate four
translation systems (IndicTrans (Gala et al., 2023),
Google Translate, Azure, AWS) on 50 diverse sam-
ples per language, selecting Azure for Hindi and
AWS for Telugu. All translations undergo man-
ual verification for semantic accuracy, linguistic
style, and readability (KJ et al., 2025). We avoid
back-translation-based sample selection, which in-
troduces bias toward high-confidence translation er-
rors. Manual review accepts 79% of VQAv2 trans-
lations without modification; among modified sam-
ples, 42% require only minor changes (verb tense),
while 58% need word addition or deletion. Sam-
ples requiring only minor edits process 5x faster
than generation from scratch. All verification is
performed by co-author native speakers. We use
one annotator per sample to maximize dataset size
within budget constraints.

JEE-Vision Creation. India’s Joint Entrance
Examination provides authentic STEM problems
authored by subject-matter experts in target lan-
guages (JEE Mains: 13 languages; Advanced: En-
glish/Hindi), avoiding translation artifacts. We cu-
rate diagram-dependent problems, evaluating joint
understanding of technical visuals and linguistic
content. Questions and options are extracted using
Gemini-2.5-Flash OCR (Google DeepMind, 2025),

then manually verified to correct OCR errors.

VAANI Generation. From the VAANI cor-
pus (Team, 2025), we extract images with text
transcriptions from Hindi and Telugu speaking re-
gions. Since no images have both Hindi and Tel-
ugu transcriptions, we create separate language-
specific sets. Text-only GPT-4.1 generates multiple-
choice questions from captions, which undergo
two-stage refinement: automated filtering removes
questions answerable without images, followed by
human verification to eliminate low-quality ques-
tions. This process addresses cases where VAANI
captions do not perfectly align with images.

3 Experimental Setup

Models. We evaluate open-weight and propri-
etary models claiming Indic language support. For
Hindi, we test Gemma3 (4B, 12B, 27B) (Team
et al., 2025), Qwen2.5VL-7B (Bai et al., 2025),
Llama3.2-Vision-11B (Meta Llama, 2025), Aya-
8B (Dash et al., 2025), Chitrarth-8B (Khan et al.,
2024), GPT-4.1 (OpenAI, 2025), and Gemini-2.5-
Flash (Google DeepMind, 2025). For Telugu,
fewer models provide support; we evaluate the
Gemini variants, GPT-4.1, and Chitrarth-8B.

Metrics. For multiple-choice tasks (RealWorldQA,
VAANI, JEE), we report standard accuracy. For
open-ended generation (VQAv2, CLEVR-Math),
we utilize a hybrid evaluation protocol combining
exact match with a GPT-4.1 judge to account for
linguistic variations, following standard VQA prac-
tices (complete details in appendix).
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Model VQAv2 RealWorldQA CLEVR-Math JEE-T VAANI-T Ours-T

Tel En Tel En Tel En Tel En Tel En Tel En

GPT 4.1 68.70 72.00 61.05 75.29 46.60 65.00 34.36 40.92 81.57 82.45 58.46 67.13
Gemini 2.5 Flash 75.10 74.10 61.18 73.20 66.70 71.80 45.90 54.15 82.75 80.78 66.33 70.81
Gem 2.0 Flash 70.20 74.20 60.92 69.67 43.60 53.50 42.15 53.23 80.49 79.61 59.47 66.04
Gem 1.5 Flash 68.50 74.40 60.00 67.19 37.40 46.70 29.85 39.38 76.27 79.61 54.40 61.46
Chitrarth 76.00 78.50 53.59 52.55 53.90 56.90 20.00 18.15 81.57 82.45 57.01 57.71

Model Mean 71.10 74.64 59.35 67.58 49.64 58.78 34.85 41.17 80.53 80.98 59.13 64.63

Table 2: Results (in %) for Telugu and English. Bold indicates the best and underline indicates the next best.

Model VQAv2 RealWorldQA CLEVR-Math JEE-H VAANI-H Ours-H

Hi En Hi En Hi En Hi En Hi En Hi En

GPT-4.1 68.00 72.00 70.59 75.29 48.10 65.00 23.18 23.05 93.33 86.88 60.64 64.44
Gemini 2.5 Flash 65.00 74.10 69.54 73.20 60.70 71.80 56.90 62.89 93.86 87.19 69.20 73.84
Chitrarth 66.00 78.50 52.94 52.55 57.20 56.90 11.72 13.93 84.23 80.14 54.42 56.40
Qwen2.5VL-7B 37.20 74.30 51.11 68.10 29.10 98.80 17.84 20.70 81.79 84.76 43.41 69.33
Aya-8B 36.30 47.30 55.42 58.82 46.20 61.40 9.63 16.02 82.22 80.42 45.95 52.79
LLaMA 3.2 11B 35.90 59.80 35.68 61.57 18.90 35.60 14.32 14.45 77.67 83.28 36.49 50.94
Gemma3-27B 64.10 65.50 54.38 61.04 43.50 53.70 19.66 17.58 87.41 82.01 53.81 55.97
Gemma3-12B 63.00 65.70 53.98 58.69 40.20 46.80 14.84 16.80 85.50 82.33 51.50 54.87
Gemma3-4B 55.00 58.20 43.27 50.19 33.20 39.60 14.32 17.19 80.64 77.78 45.29 48.59

Model Mean 53.74 66.26 53.99 62.49 43.01 58.62 20.01 22.29 85.85 83.76 51.19 58.49

Table 3: Results (in %) for Hindi and English. Bold indicates the best and underline indicates the next best.

4 Results and Analysis

4.1 Main Results

Tables 2 and 3 present Telugu-English and Hindi-
English comparisons. Across all models and tasks,
average performance regresses 5.5 points from
English to Telugu and 8.3 points from English
to Hindi. Performance drops occur in four of
five tasks, with VAANI showing smaller gaps.
On aligned samples spanning VQAv2, CLEVR-
Math, and RealWorldQA evaluated with GPT-4.1,
Gemini-2.5-Flash, and Chitrarth, Hindi, Telugu,
and English achieve 61.51, 62.53, and 68.6 points
respectively, demonstrating systematic degradation
from English to both Indic languages.

Gemini-2.5-Flash achieves best overall perfor-
mance on both language pairs. Chitrarth leads on
VQAv2 due to multilingual VQAv2 training. How-
ever, models show substantial cross-language vari-
ance: GPT-4.1 excels on RealWorldQA in English
and Hindi but underperforms on Telugu, highlight-
ing the need for comprehensive evaluation across
all target languages. Qwen2.5VL-7B exhibits the
largest Hindi-English gap at 25.92 points.

4.2 Task-Specific Analysis

Figure 4 shows average performance regression per
task. CLEVR-Math and RealWorldQA exhibit the
largest English-Indic gaps, while VAANI shows the
smallest. VAANI-H performance exceeds English

by 2.09 points on average. Analysis reveals two
factors: first, some English questions fail to capture
Indic-script option meanings in images with visible
Indic text. Second, text-only LLM-generated dis-
tractors may enable statistical pattern exploitation.

Figure 4: Average performance regression from English
to Indic languages per domain. All tasks except VAANI
show consistent regression.

Chain-of-Thought prompting improves reason-
ing tasks but benefits English more than Hindi. On
JEE-H, CoT gains 13.8 points in English versus
2.22 points in Hindi, suggesting training bias to-
ward English CoT data. Detailed ablationions and
error analysis are reported in the appendix.

5 Conclusion

This paper introduces HinTel-AlignBench, a frame-
work for developing benchmarks to evaluate mul-
timodal large language models in Hindi and Tel-

275



ugu, addressing critical gaps in existing multilin-
gual evaluations. We combined semi-automated
dataset creation with rigorous human verification
and sourced culturally grounded native datasets to
assess diverse capabilities. Evaluations of state-
of-the-art VLMs reveal significant performance re-
gressions in Indic languages compared to English,
emphasizing the need for targeted improvements
in multilingual visual understanding.

Limitations

While our benchmark introduces a diverse evalu-
ation set it has limitations. First, the proprietary
models we evaluated achieve high scores on the
VAANI-H/T. We use text only LLMs for generat-
ing QA from VAANI captions and they often do
not design good distractors. Thus, the models may
guess the correct answer by exploiting statistical
patterns, which inflates metrics. A future work is
using Multi-Binary Accuracy (Cai et al., 2024) for
VAANI subsets. Second, the JEE-H benchmark
contains only 2 Mathematics questions, due to lack
of image-based mathematics questions in the JEE-
Advanced examination. Finally, there are 22 of-
ficial Indian languages and we cover English and
2/22 (Hindi and Telugu) with this work. We hope
this benchmark gets extended to all other Indic
languages with contributions from native speakers
from those languages.
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