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Abstract001

With 1.5 billion people speaking over 120002
major languages, India exemplifies the chal-003
lenges of multilingual AI evaluation. Cur-004
rent multilingual VLM benchmarks suffer005
from unverified auto-translations, narrow task006
coverage, small sample sizes, and lack of007
culturally grounded content. We present008
HinTel-AlignBench, a comprehensive evalua-009
tion framework and benchmark for Hindi and010
Telugu vision-language models with English-011
aligned samples. Our framework combines012
semi-automated translation with human veri-013
fication to generate ∼4k QA pairs per language014
across five domains: adapted English datasets015
(VQAv2, RealWorldQA, CLEVR-Math) and016
native Indic sets (JEE for STEM, VAANI for017
cultural grounding). Evaluation of state-of-the-018
art open and closed-source VLMs reveals con-019
sistent performance regression from English020
to Indic languages, with average drops of 8.3021
points for Hindi and 5.5 points for Telugu022
across four of five tasks. We identify key fail-023
ure modes and establish reproducible baselines024
for multilingual multimodal evaluation.025

1 Introduction026

India’s 122 major languages and 1599 other lan-027

guages1 present unique challenges for multilingual028

AI. While recent multimodal large language mod-029

els (MLLMs) such as ChatGPT (OpenAI, 2025),030

Gemini 2.5 (Google DeepMind, 2025), and open-031

weight variants (Meta Llama, 2025; Dash et al.,032

2025) claim multilingual support, comprehensive033

evaluation benchmarks for Indian languages remain034

scarce.035

Current evaluation methodologies suffer from036

critical limitations in quality, scope, and scale.037

First, many benchmarks rely on unverified auto-038

matic translations (Wu et al., 2025), inevitably039

introducing noise. While text-only benchmarks040

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.

like IndicGenBench (Singh et al., 2024) exist, they 041

lack multimodal coverage. Second, existing vision- 042

language benchmarks often suffer from insufficient 043

sample sizes; for instance, xChat (Yue et al., 2025) 044

and AyaVisionBench (Dash et al., 2025) contain 045

only 50 and 135 QA pairs per language, respec- 046

tively, preventing statistically significant analysis. 047

Third, domain coverage is often narrow. Concur- 048

rent work such as Kaleidoscope (Salazar et al., 049

2025) provides ∼800 samples per Indic language 050

but focuses exclusively on exam-based multiple- 051

choice questions, neglecting real-world reason- 052

ing. Finally, adapted benchmarks often lack cul- 053

tural grounding, evaluating surface-level transla- 054

tion rather than native competence (Khan et al., 055

2024). We elaborate on previous works in the ap- 056

pendix. 057

To address these gaps, we introduce HinTel- 058

AlignBench, a scalable framework and benchmark 059

for evaluating VLMs in Hindi and Telugu. Our 060

semi-automated pipeline combines translation or 061

LLM-based QA generation with strict human verifi- 062

cation, achieving 5x faster processing than manual 063
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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.

creation for 79% of samples while maintaining lin-064

guistic fidelity. The benchmark comprises ∼4k QA065

pairs per language—significantly larger than prior066

manually verified sets—spanning five domains:067

real-world understanding (VQAv2 (Goyal et al.,068

2017a)), practical reasoning (RealWorldQA (xAI,069

2024a)), visual mathematics (CLEVR-Math (Lind-070

ström and Abraham, 2022)), STEM competency071

(JEE-Vision from India’s Joint Entrance Exam),072

and cultural grounding (VAANI (Team, 2025)).073

Crucially, each sample includes manually verified074

English translations, enabling direct cross-lingual075

comparison.076

Evaluation of state-of-the-art models on our077

benchmark reveals systematic performance degra-078

dation. Across all models, we observe average079

regressions of 8.3 points (Hindi) and 5.5 points080

(Telugu) relative to English, with gaps appearing081

in four of five tasks (Figure 1). Even frontier mod-082

els like GPT-4.1 exhibit 3.8-point (Hindi) and 8.6-083

point (Telugu) performance drops. Performance on084

aligned Hindi and Telugu subsets differs by less085

than 1 point, indicating comparable gaps between086

English and both Indic languages.087

Our contributions are: (1) a semi-automated088

framework for generating multilingual vision-089

language evaluation sets; (2) the largest human-090

verified Hindi and Telugu VLM benchmark to date,091

featuring culturally sourced content and English-092

aligned samples; and (3) a comprehensive evalu-093

ation of state-of-the-art models, highlighting sig-094

nificant performance regressions across diverse do-095

mains.096

2 Datasets097

2.1 Data Sources098

We construct HinTel-AlignBench by combining099

translated English VQA datasets with native Indic100

evaluation sets across five domains. The translated 101

sets include 1000 samples from VQAv2 (Goyal 102

et al., 2017b) for real-world visual understanding, 103

765 samples from RealWorldQA (xAI, 2024a,b) for 104

practical spatial reasoning, and 1000 samples from 105

CLEVR-Math (Lindström and Abraham, 2022) for 106

visual mathematical reasoning. 107

For native Indic content, we develop JEE-Vision 108

from India’s Joint Entrance Examination, sourc- 109

ing 192 Hindi questions (JEE-H) from the Ad- 110

vanced exam and 325 Telugu questions (JEE-T) 111

from the Mains exam. These diagram-dependent 112

STEM problems span mathematics, physics, and 113

chemistry, providing the first benchmark for non- 114

translated multilingual technical reasoning with 115

visual content. We generate culturally grounded 116

evaluation sets (VAANI-H and VAANI-T) by sam- 117

pling 945 Hindi and 1020 Telugu images from the 118

VAANI corpus (Team, 2025), using GPT-4.1 to 119

create multiple-choice questions from original cap- 120

tions, then filtering out text-only answerable ques- 121

tions. 122

Translation-based extension enables multi-way 123

parallel data, allowing attribution of performance 124

to task knowledge versus language understand- 125

ing (Singh et al., 2024). This approach also lever- 126

ages the quality control invested in designing the 127

original English benchmarks. Table 1 shows the 128

distribution of QA pairs per language and task. Fig- 129

ure 3 showcases a few examples. 130

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.
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Figure 3: Qualitative Examples for different domains in our dataset. More images are shown in the appendix

2.2 Dataset Generation Framework131

Figure 2 illustrates our three-stage generation132

framework tailored to different data sources.133

Translation Pipeline. For VQAv2, Real-134

WorldQA, and CLEVR-Math, we evaluate four135

translation systems (IndicTrans (Gala et al., 2023),136

Google Translate, Azure, AWS) on 50 diverse sam-137

ples per language, selecting Azure for Hindi and138

AWS for Telugu. All translations undergo man-139

ual verification for semantic accuracy, linguistic140

style, and readability (KJ et al., 2025). We avoid141

back-translation-based sample selection, which in-142

troduces bias toward high-confidence translation er-143

rors. Manual review accepts 79% of VQAv2 trans-144

lations without modification; among modified sam-145

ples, 42% require only minor changes (verb tense),146

while 58% need word addition or deletion. Sam-147

ples requiring only minor edits process 5x faster148

than generation from scratch. All verification is149

performed by co-author native speakers. We use150

one annotator per sample to maximize dataset size151

within budget constraints.152

JEE-Vision Creation. India’s Joint Entrance153

Examination provides authentic STEM problems154

authored by subject-matter experts in target lan-155

guages (JEE Mains: 13 languages; Advanced: En-156

glish/Hindi), avoiding translation artifacts. We cu-157

rate diagram-dependent problems, evaluating joint158

understanding of technical visuals and linguistic159

content. Questions and options are extracted using160

Gemini-2.5-Flash OCR (Google DeepMind, 2025),161

then manually verified to correct OCR errors.162

VAANI Generation. From the VAANI cor-163

pus (Team, 2025), we extract images with text164

transcriptions from Hindi and Telugu speaking re-165

gions. Since no images have both Hindi and Tel-166

ugu transcriptions, we create separate language- 167

specific sets. Text-only GPT-4.1 generates multiple- 168

choice questions from captions, which undergo 169

two-stage refinement: automated filtering removes 170

questions answerable without images, followed by 171

human verification to eliminate low-quality ques- 172

tions. This process addresses cases where VAANI 173

captions do not perfectly align with images. 174

3 Experimental Setup 175

Models. We evaluate open-weight and propri- 176

etary models claiming Indic language support. For 177

Hindi, we test Gemma3 (4B, 12B, 27B) (Team 178

et al., 2025), Qwen2.5VL-7B (Bai et al., 2025), 179

Llama3.2-Vision-11B (Meta Llama, 2025), Aya- 180

8B (Dash et al., 2025), Chitrarth-8B (Khan et al., 181

2024), GPT-4.1 (OpenAI, 2025), and Gemini-2.5- 182

Flash (Google DeepMind, 2025). For Telugu, 183

fewer models provide support; we evaluate the 184

Gemini variants, GPT-4.1, and Chitrarth-8B. 185

Metrics. For multiple-choice tasks (RealWorldQA, 186

VAANI, JEE), we report standard accuracy. For 187

open-ended generation (VQAv2, CLEVR-Math), 188

we utilize a hybrid evaluation protocol combining 189

exact match with a GPT-4.1 judge to account for 190

linguistic variations, following standard VQA prac- 191

tices (complete details in appendix). 192

4 Results and Analysis 193

4.1 Main Results 194

Tables 2 and 3 present Telugu-English and Hindi- 195

English comparisons. Across all models and tasks, 196

average performance regresses 5.5 points from 197

English to Telugu and 8.3 points from English 198

to Hindi. Performance drops occur in four of 199

five tasks, with VAANI showing smaller gaps. 200
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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.

On aligned samples spanning VQAv2, CLEVR-201

Math, and RealWorldQA evaluated with GPT-4.1,202

Gemini-2.5-Flash, and Chitrarth, Hindi, Telugu,203

and English achieve 61.51, 62.53, and 68.6 points204

respectively, demonstrating systematic degradation205

from English to both Indic languages.206

Gemini-2.5-Flash achieves best overall perfor-207

mance on both language pairs. Chitrarth leads on208

VQAv2 due to multilingual VQAv2 training. How-209

ever, models show substantial cross-language vari-210

ance: GPT-4.1 excels on RealWorldQA in English211

and Hindi but underperforms on Telugu, highlight-212

ing the need for comprehensive evaluation across213

all target languages. Qwen2.5VL-7B exhibits the214

largest Hindi-English gap at 25.92 points.215

4.2 Task-Specific Analysis216

Figure 4 shows average performance regression per217

task. CLEVR-Math and RealWorldQA exhibit the218

largest English-Indic gaps, while VAANI shows the219

smallest. VAANI-H performance exceeds English220

by 2.09 points on average. Analysis reveals two221

factors: first, some English questions fail to capture222

Indic-script option meanings in images with visible223

Indic text. Second, text-only LLM-generated dis-224

tractors may enable statistical pattern exploitation.225

Chain-of-Thought prompting improves reason-226

ing tasks but benefits English more than Hindi. On227

JEE-H, CoT gains 13.8 points in English versus228

2.22 points in Hindi, suggesting training bias to-229

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

ward English CoT data. Detailed ablationions and 230

error analysis are reported in the appendix. 231

5 Conclusion 232

This paper introduces HinTel-AlignBench, a frame- 233

work for developing benchmarks to evaluate mul- 234

timodal large language models in Hindi and Tel- 235

ugu, addressing critical gaps in existing multilin- 236

gual evaluations. We combined semi-automated 237

dataset creation with rigorous human verification 238

and sourced culturally grounded native datasets to 239

assess diverse capabilities. Evaluations of state- 240

of-the-art VLMs reveal significant performance re- 241

gressions in Indic languages compared to English, 242

emphasizing the need for targeted improvements 243

in multilingual visual understanding. 244
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Limitations245

While our benchmark introduces a diverse evalu-246

ation set it has limitations. First, the proprietary247

models we evaluated achieve high scores on the248

VAANI-H/T. We use text only LLMs for generat-249

ing QA from VAANI captions and they often do250

not design good distractors. Thus, the models may251

guess the correct answer by exploiting statistical252

patterns, which inflates metrics. A future work is253

using Multi-Binary Accuracy (Cai et al., 2024) for254

VAANI subsets. Second, the JEE-H benchmark255

contains only 2 Mathematics questions, due to lack256

of image-based mathematics questions in the JEE-257

Advanced examination. Finally, there are 22 of-258

ficial Indian languages and we cover English and259

2/22 (Hindi and Telugu) with this work. We hope260

this benchmark gets extended to all other Indic261

languages with contributions from native speakers262

from those languages.263
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A Appendix499

A.1 Qualitative Examples500

Refer to Fig. 5, with examples from each of the501

datasets, i.e VQAv2, RealWorldQA, CLEVR-Math,502

VAANI-H, JEE-T, VAANI-T, JEE-H503

A.2 Evaluation Metrics504

The RealWorldQA, VAANI-H/T subsets have only505

multiple-choice questions and JEE-T has multiple-506

choice or integer-answer questions. We use accu-507

racy as the evaluation metric for all of these sets.508

We extract the answers using regex-based parsing,509

and report the overall accuracy across all the ques-510

tions.511

Hybrid Evaluation for VQA and CLEVR-512

Math: For VQAv2 and CLEVR-Math subsets, the513

answers are either a single word or short phrases.514

We adopt a hybrid evaluation strategy. We first515

evaluate a sample using exact match. Our exact516

match evaluation is built using the official VQA517

evaluation script (Goyal et al., 2017a), with the518

functionalities also extended to Hindi and Telugu.519

While exact match is strict and interpretable, it may520

penalize correct answers with minor surface-level521

variations (e.g., “yes” and “yes, it is”, synonyms,522

etc.). If exact match fails for a sample, we evaluate523

that sample using "gpt-4.1-2025-04-14" (OpenAI,524

2025) as described in (Zheng et al., 2023). This525

two-step approach enables both high precision and526

flexibility, especially in cases in which answers527

may vary in form but not meaning. Its impact on528

scores is discussed in the appendix.529

JEE-H Evaluation: The JEE-H Dataset has530

single correct MCQs, multiple correct MCQs, and531

numeric-type questions. We extend the scoring532

process used in (Arora et al., 2023). However,533

instead of the manual step they use, we replace534

with regex-based parsing to extract answers, and535

rule based processing to score each question. See536

appendix for details.537

A.3 Ablation Study538

We ablate prompting and other baselines using the539

Gemma-27B model on the Hindi subsets. We re-540

port comparisons for Direct Inference (Standard541

Prompting), Chain-of-Thought (Wei et al., 2022),542

and a Caption-Only (Deitke et al., 2025) baseline.543

Table 4 contains the results of ablation study.544

Standard prompting provides a strong base-545

line performance across all datasets, especially546

on VAANI and VQA, indicating that the model547

benefits significantly from both modalities in rel- 548

atively straightforward recognition tasks. In con- 549

trast, Chain-of-Thought (CoT) prompting notably 550

improves performance on reasoning-heavy datasets. 551

These improvements highlight the effectiveness of 552

step-by-step reasoning prompts in tasks that re- 553

quire deeper cognitive processing. However, CoT 554

does not benefit all tasks, with marginal gains or 555

regression on VAANI and VQAv2, where reason- 556

ing depth is less critical. Overall, CoT benefits 557

the English subset by 3.78 points in comparison to 558

the benefit on Hindi at 0.79 points. This indicates 559

a possible bias in the training data, with possibly 560

more training done on English CoT data. 561

Next, to explore the need for visual embedding 562

for QA, we evaluate a caption-only baseline. Here, 563

the Gemma-27B model is asked to first generate a 564

rich textual summary of the image. Then the gen- 565

erated caption and the original question are given 566

to the model without the original image. This ap- 567

proach is inferior to the direct image-based inputs 568

in all tasks. 569

A.4 Failure Analysis of Visual Language 570

Models 571

We categorized the failures of GPT 4.1 on VAANI- 572

T subset for both English and Telugu. We analyze 573

results on VAANI-T as it sources images and QA 574

from the Indian context and failures on this set 575

point to common reasons for errors for current mul- 576

timodal multilingual LLMs. We found 4 major 577

categories of errors that appeared in both English 578

and Telugu questions. They are: (1) Missing Indian 579

context: Failed predictions in this category were 580

due to missing knowledge specific to India needed 581

to answer the question. (2) Visual Grounding error: 582

Failures in this category were due to the model’s 583

inability to associate objects in the picture with the 584

question or options. (3) Visual Perception Failure: 585

Errors in this category are due to the model failing 586

to interpret the content of the image correctly. (4) 587

Failure to Ground in Indian Context: Samples in 588

this category accurately identified visual elements 589

but they failed to analyze them in the appropriate 590

socio-cultural context. Table 6 reports the percent- 591

ages of the different categories on this dataset. 592

A.5 Related Work 593

Multimodal Instruction-Tuned Models. Previ- 594

ous work has shown that large language models can 595

be extended to vision tasks by instruction tuning 596

with multimodal data (Liu et al., 2023; Dai et al., 597
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Method VQAv2 RealWorldQA JEE-H CLEVR-Math VAANI-H Ours-H

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

Standard 64.10 65.50 54.38 61.04 19.66 17.58 43.50 53.70 87.41 82.01 53.81 55.97
CoT 60.50 62.70 61.96 64.31 21.88 31.38 44.3 57.1 84.34 83.28 54.60 59.75
Caption-Only 56.40 64.1 44.05 54.77 – – 36.4 32.9 80.85 77.14 – –

Table 4: Results on Gemma-27B across multiple datasets using different inference methods. Bold indicates the best
performance, underline indicates the second best.

Benchmark Indic Lang QA Type
Image
count QA

Indic QA
per lang Human

Culturally
Sourced

AyaVisionBench hin Chat 3.1k 3.1k 135 ✗ ✗

xMMMU hin MC 300 3k 291 ✗ ✗

xGQA ben OE 300 77.3k 9.7k ✗ ✗

MTVQA - OE 8.8k 28.6k - ✓ ✗

M3Exam - MC 2.8k 12.3k - ✓ ✗

xChatBench hin Chat 400 400 50 ✓ ✗

Kaleidoscope ben, hin, tel MC 20.9k 20.9k ∼ 800 ✓ ✗

XM100 ben, hin, tel Caption 100 3.6k 100 ✓ ✓
MaRVL tam Caption 5.5k 5.7k 1.2k ✓ ✓
MaXM hin OE 1.4k 2.1k 294 ✓ ✓
CVQA ben, urd, tam, mar, hin, tel MC 5.2k 10.4k ∼ 300 ✓ ✓

Ours hin, tel OE, MC 5.1k 13.5k ∼ 4k ✓ ✓

Table 5: Comparison of existing multilingual Visual Question Answering (VQA) benchmarks with ours.“QA Type”
denotes the question-answering format (Chat = Multimodal chat; OE = open-ended VQA;MC = multiple-choice
VQA; Caption = captioning/multi-image captioning); “QA” denotes the total question-answer pairs; “Indic QA
per lang” denotes the question-answer pairs per Indic language; “Human” indicates human verified/annotated
data; "Culturally Sourced" indicates culturally-sourced data. xChatBench, xMMMU and XM100 are part of
PangeaBench (Yue et al., 2025). Ours (bottom row) is the only VQA dataset with human-verified annotations,
diverse culturally sourced samples and a significant sample size per Indic language.

Error Category English Telugu

Lack of Knowledge about India 17% 16%
Visual Grounding Error 49% 50%
Visual Perception Failure 19% 18%
Failure to Ground in Indian Culture 15% 16%

Table 6: Error category distribution for GPT 4.1 on
VAANI-T for English and Telugu. Percentages indicate
the proportion of errors falling into each category.

2023; Li et al., 2023; Zhu et al., 2024). Many open598

weight Vision-Language Models such as Gemma3599

(Team et al., 2025), Qwen2.5VL (Bai et al., 2025),600

InternVL3 (Zhu et al., 2025), Molmo (Deitke et al.,601

2025), Llama3.2 Vision (Meta Llama, 2025) and602

closed source models such as GPT-4.1 (OpenAI,603

2025), Claude 3.7 (Anthropic, 2025), Gemini 2.5604

(Google DeepMind, 2025)) have since been re-605

leased, all leveraging some form of multimodal606

instruction tuning. Many of these recent models607

are multilingual, but the evaluation of their multi-608

lingual abilities is limited and is not reported on609

a consistent and reliable multimodal multilingual 610

benchmark (Dash et al., 2025; Yue et al., 2025; 611

Rasheed et al., 2025; Alam et al., 2025). 612

Multilingual Vision-Language Benchmarks. 613

There have been a number of recent benchmarks 614

which evaluate multi-lingual abilities and cultural 615

robustness of VLMs. CVQA (Romero et al., 2024) 616

contains 10.4k visual QA pairs across 31 languages, 617

demonstrating large performance gaps on low- 618

resource languages. MTVQA (Tang et al., 2024) 619

provides text-centric VQA in 9 languages with hu- 620

man annotations. xGQA (Pfeiffer et al., 2022) au- 621

tomatically translates the GQA (Hudson and Man- 622

ning, 2019) dataset into 7 languages while MaxM 623

(Changpinyo et al., 2023) uses Machine Transla- 624

tion plus lightweight post-editing for 7 languages, 625

with less than 300 samples per language. MarVL 626

(Liu et al., 2021) focuses on culturally sourced rea- 627

soning by evaluating whether a caption about an 628

image pair is true or false, but is not a Visual Ques- 629

tion Answering dataset. Concurrently with our 630

work, Kaleidoscope (Salazar et al., 2025) is a multi- 631
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lingual multimodal benchmark with 800 VQA632

MCQs per Indic language sourced from regional ex-633

aminations. However, Kaleidoscope has a narrow634

scope as it focuses only on exam-based questions635

and does not evaluate real-world understanding636

and practical reasoning. Multimodal benchmarks637

released along with their corresponding models in-638

clude PangeaBench (Yue et al., 2025) (14 datasets639

in 47 languages), and AyaVisionBench (Dash et al.,640

2025) (9 tasks in 23 languages). However, these641

sets commonly have few manually verified sam-642

ples per language, making the results less reliable643

for a particular target language. Table 5 provides644

an overview and compares them with our bench-645

mark. A significant portion of our images per lan-646

guage (>1K) and our QA (>1K) are using culturally647

sourced, which is 5 to 20x larger than the culturally648

relevant subsets of previous datasets in this field.649

Indic and Domain-Specific Datasets. Al-650

though there are dozens of English VQA resources651

(VQAv2 (Goyal et al., 2017a), CLEVR-Math652

(Lindström and Abraham, 2022), RealWorldQA653

(XAI.org, 2024)), there is a need for benchmarks in654

Indian languages. Previous works include (Singh655

et al., 2024; Arora et al., 2023). IndicGenBench656

(Singh et al., 2024) consists of 5 diverse tasks in 29657

Indic languages but does not include multimodality.658

JEEBench (Arora et al., 2023) consists of questions659

from the highly competitive IIT JEE-Advanced660

exam, but does not include images-related ques-661

tions. In contrast, our JEEset only includes ques-662

tions with images. Our work fills the need for663

an accurate and diverse multimodal benchmark by664

providing ∼4k Visual Question Answering each in665

Hindi and Telugu.666

A.6 Compute and Costs667

We primarily ran all open-source models on H100668

and A100 GPUs, rented via the Akash Console669

Network2, incurring approximately 100 USD in670

compute costs. For proprietary models, we used671

APIs, leveraging Gemini’s free tier and spending672

around 60 USD on OpenAI’s APIs. The total ex-673

penditure amounts to approximately 160 USD.674

A.7 Prompts675

JEE-H COT Inference676

eng_prompt = """You are an expert at solving
physics, chemistry and math questions that
involve both text and images. Analyze the text
and the associated image to answer the question
above.

2https://akash.network/

First, think step-by-step and provide your
detailed reasoning. Explain how you interpret the
text and the image, the principles or formulas
you are using, and the intermediate calculations
or logical steps you take to arrive at the
solution.
After your reasoning, provide the final answer on
a new line.
Your entire response, including the reasoning and
the final answer, MUST end with the following
line exactly:
{ answer: }"""

JEE-H/T Standard Inference 677

eng_prompt = "You are an expert at solving
physics, chemistry and math questions that
involve both text and images.
Analyze the text and the associated image to
answer the question above. Provide only the final
answer, without any explanations or intermediate
steps. Your response MUST end with the following
line: { answer: }"

VQA LLM Eval 678

System_Prompt = "You are an expert judge
evaluating semantic similarity between two
answers.
Respond only with '1' for similar or '0' for not
similar."

User_Prompt = "Are the following two answers
semantically similar?

Answer 1: {a}
Answer 2: {b}

Respond with only '1' if they are similar in
meaning, or '0' if they are not similar."

CLEVR LLM Eval 679

System_Prompt = "You are an expert judge
evaluating semantic similarity between two
answers.
Respond only with '1' if they are semantically
similar, or '0' if they are not."

User_Prompt = "Are the following two {lang}
answers semantically similar?

Answer 1: {ans1}
Answer 2: {ans2}

Ignore minor differences in phrasing. Respond
with '1' if they express the same meaning, or '0'
otherwise."

A.8 Inference Strategies 680

This appendix details the various inference tech- 681

niques employed for evaluating the multimodal 682

models, along with the specific prompt setups used 683

for English and Hindi. Below are setups in English. 684

Caption-Only Baseline 685

This technique involves a two-step process: 686

1) Dense Caption Generation: The model first 687
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generates a detailed, factual description (dense cap-688

tion) of the provided image.689

2) Question Answering with Caption: The model690

then answers the original question using only the691

generated dense caption as context, without access692

to the original image.693

Prompt for Step 1 (Dense Caption Generation):694

eng_prompt = Don’t forget these rules:
1. Be Direct and Concise: Provide straightforward
descriptions without adding interpretative or
speculative elements.
2. Use Segmented Details: Break down details
about different elements of an image into
distinct sentences, focusing on one aspect at a
time.
3. Maintain a Descriptive Focus: Prioritize
purely visible elements of the image, avoiding
conclusions or inferences.
4. Follow a Logical Structure: Begin with the
central figure or subject and expand outward,
detailing its appearance before addressing the
surrounding setting.
5. Avoid Juxtaposition: Do not use comparison or
contrast language; keep the description purely
factual.
6. Incorporate Specificity: Mention age, gender,
race, and specific brands or notable features
when present, and clearly identify the medium if
it’s discernible.
When writing descriptions, prioritize clarity
and direct observation over embellishment or
interpretation. Write a detailed description of
this image, do not forget about the texts on it
if they exist. Also, do not forget to mention the
type/style of the image. No bullet points. Start
with the words, "This image displays:"

Prompt for Step 2 (Question Answering with695

Caption):696

Context: {generated_caption}
Question: {question_text}
Answer:

Chain of Thought (CoT) Prompting697

This technique guides the model to generate a step-698

by-step thought process (rationale) before arriving699

at the final answer. This is intended to improve700

reasoning capabilities for complex questions.701

The image is provided along with language-702

specific system and user prompts.703

English System Prompt:
When provided with an image and a question,
generate a rationale first and then derive an
answer.
Your rationale should include detailed visual
elements in order to derive the answer.

English User Prompt:
Answer the question with following
instruction:
1. Generate a rationale first and then derive
an answer.

2. For your final answer, provide a Correct
Option Number Only.
Question:
{question}
# Output Format #
<rationale>
### Answer: <your answer>

Standard (Direct Inference) 704

The model is provided with both the image and the 705

question and is expected to generate a direct an- 706

swer without explicit intermediate reasoning steps 707

requested in the prompt. 708

The image and the question are provided to the 709

model. The prompt typically instructs the model 710

to answer directly, often in a specific format (e.g., 711

option number for multiple-choice questions). 712

Example input (for a multiple-choice question): 713

Image: [Image Data]
Question: {question_text_with_options}
Instruction: Provide the Correct Option Number
Only.
Answer:

(Note: This often shares the final answer format- 714

ting instruction with CoT, but without the explicit 715

rationale generation step.) 716

JEE-H Scoring Rules 717

• For single correct Multi-Choice Questions 718

(MCQs) and integer-type questions, a binary 719

score was assigned: 1 if the model answered 720

with the correct option/integer and 0 other- 721

wise. 722

• For multi-correct MCQs, a score of 1 is given 723

when the generated response consists of all 724

and only the correct options. If any of the 725

wrong option is chosen, the response is given 726

a score of 0. If the response contains no incor- 727

rect option and some of the correct options, a 728

score of 0.25 is given for each of the correct 729

options. 730

• For numeric-type questions, answers in the 731

range of ±0.01 with the gold answer are given 732

a score of 1, and 0 otherwise. 733

• In Chain-of-Thought (CoT) inferencing, if a 734

Hindi response included reasoning in English, 735

0 was given irrespective of the answer. 736

• In standard zero-shot inference, where the 737

model was explicitly instructed to return only 738

a direct answer, responses containing any ex- 739

planation or reasoning were also scored 0, ir- 740

respective of the answer. 741
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Impact of LLM Judge on Evaluation Scores742

As detailed in Section A.2, our hybrid evalua-743

tion strategy for CLEVR-Math and VQA incor-744

porates an LLM judge to re-evaluate answers ini-745

tially marked incorrect by the exact match protocol.746

This approach revealed a notable trend: the score747

increase attributed to the LLM judge was consid-748

erably more for the responses in Hindi and Telugu749

as compared to English. For instance, when eval-750

uating the VQA dataset, the average scores for751

English responses increased by ≈ 4% after LLM752

judging. In contrast, Hindi scores on the same753

dataset increased by ≈ 12% after the initial exact754

match scores. This disparity suggests that the mod-755

els demonstrate a greater proficiency in adhering756

to strict answer formatting conventions in English,757

while responses in Hindi and Telugu, though often758

semantically correct, are more frequently penal-759

ized by the exact match criteria due to variations in760

phrasing or formatting. The LLM judge effectively761

mitigates this by recognizing a broader range of762

correct expressions.763

A.9 Licenses764

The datasets used in our benchmark are released765

under the following licenses:766

• VQAv2, VAANI and ClevrMath are released767

under Creative Commons Attribution 4.0 In-768

ternational (CC BY 4.0) license.769

• RealWorldQA is released under Creative770

Commons Attribution No Derivatives 4.0.771

• JEE-Vision is built from publicly avail-772

able JEE questions. We will be releas-773

ing links under CC BY-NC 4.0 license774

along with the QA pair. The exam pa-775

pers are distributed for the general public776

(https://www.jeeadv.ac.in/archive.html) used777

by various publishers and institutes for com-778

mercial purposes already. When collecting779

this data, we followed the steps by previous780

works on JEE Bench (Arora et al., 2023).781
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Figure 5: Qualitative Examples from VQAv2, RealWorldQA, CLEVR-Math, VAANI-H, JEE-T, VAANI-T, JEE-H
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