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Abstract

The advanced multimodal processing of current vision
language models (VLMs) has prompted rigorous bench-
marking across multicultural settings, revealing a clear in-
clination toward Western culture. While the bias likely
stems from the predominance of Western-centric images in
the VLM pretraining data, the resulting long-tail distribu-
tion problem is only exacerbated in underrepresented cul-
tural settings, such as Bengali. Our work explores this prob-
lem through an aspect-based evaluation of several classes
of VLMs on the rich Bengali culture. Our BanglaProtha
dataset is a VQA dataset, containing images that encap-
sulate Bengali cultural elements, questions in native Ben-
gali, and semantically similar multiple-choice answer op-
tions. Our experiments provide behavioral insights into
VLMs across prompting & fine-tuning strategies, cultural
aspects, model size, and augmentation methods. Our work
serves as a diagnostic tool for addressing and mitigat-
ing inequalities in multicultural and multilingual settings,
thereby bringing efforts to democratize AI systems. Our
code and data are available at https://github.com/
farhanishmam/BanglaProtha.

1. Introduction
The recent scaling of VLMs [10,50] led to extensive im-

provement across several vision-language tasks, such as vi-
sual question answering (VQA) [7], visual grounding [37],
and visual reasoning [28]. The visio-linguistic elements of
the associated datasets vary widely, thereby challenging the
exceptionally advanced systems [25]. One such variation
arises in multicultural settings where the images contain
cultural artifacts, e.g., region, event, architecture, inter alia,
that are typically not observed in benchmark datasets [45].
The associated questions also center on these cultural as-
pects and are often multi-lingual, where non-English scripts

bring linguistic variations in the textual modality [53].
There have been several instances where VLMs exhibit

substantial bias towards Western cultural concepts [45, 52].
The performance disparity can be attributed to the imbal-
ance in pre-training data of the associated VLMs [47] and
hence re-framing the multi-cultural evaluation problem to
a long-tail distribution problem, i.e., the niche cultural el-
ements are present at the tail-end of the pre-training data
distribution. As contemporary VLMs often require or rely
on a training paradigm [24], the lack of resources makes it
challenging to mitigate this skewed distribution problem.

Despite recent interest in multicultural and multilingual
VLM evaluation [9, 53], the cultural depth of such bench-
marks remains shallow. We exemplify this through the di-
verse Bengali1 culture. To characterize the uniqueness of
this culture, several aspects must be considered, e.g. food,
events, landmarks, and art. However, existing benchmarks
rarely explore beyond surface-level aspects of this culture
[45]. Additionally, Bengali has a unique blend of Indic and
Southeast Asian cultural elements, often requiring a multi-
faceted understanding of cultural concepts [43].

With several culture-specific benchmarks in other non-
Western cultures [46, 61], we found it crucial to construct a
dataset and evaluate VLMs on culturally unique aspects of
Bengali. Our contributions can be summarized as:

• We present BANGLAPROTHA, a VQA dataset with im-
ages encapsulating nine distinct Bengali cultural as-
pects, questions in native Bengali, and semantically
similar multiple-choice answer options.

• We evaluate monolingual, multilingual, and large-
scale VLMs on our dataset using five prompting and
four fine-tuning strategies to assess their performance.

1In this work, Bangla and Bengali are used synonymously to denote
the same language, cultural identity, and people, predominantly associated
with Bangladesh and the West Bengal region of India.
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BN: ছবিতে হাতিটির কী কাজ করা হচ্ছে?
EN: What is being done to the elephant in the 
picture?
(a) জঙ্গলে ছেড়ে দিচ্ছে (Released in the forest)
(b) জাহাজে তোলা হচ্ছে (Taken on the ship) ✔️
(c)  চিকিৎসার জন্য নিচ্ছে (Taken for treatment) 
(d) প্রশিক্ষণ দেওয়া হচ্ছে (Being trained)

BanglaProtha
বাংলাপ্রথা

BN: চিত্রে দৃশ্যমান গহনাটির নাম কি?
EN: What is the name of the jewelry 
visible in the picture?
(a) সাখা (Shakha) ✔️
(b) আংটি (Mustard) 
(c) কানের দুল (Earrings) 
(d) নাকফু ল (Nose pin)

BN: খাবারটির নাম কি? 
EN: What is the name of the food?
(a) নারকেল নাড়ু  (Coconut Naru)
(b) বাতাসা (Batasha) 
(c) কদমা(Kodma) ✔️ 
(d) কাঁচা গোল্লা (Raw Golla)

BN: লোকটি কাঁধে করে কি বহন করছে?
EN: What is the man carrying on his 
shoulders?
(a) বিচালি (Bichali) ✔️
(b) হাঁ ড়ি (Earthen Pot) 
(c) কলসি (Picher) 
(d) ঝু ড়ি (Basket)

BN: এই প্রার্থ না হলটি কোন ধর্মে র অন্তর্গ ত?
EN: Which religion does this prayer hall 
belong to?
(a) বৌদ্ধধর্ম  (Buddhism) ✔️
(b) ইসলাম (Islam) 
(c) হিন্দুধর্ম  (Hinduism) 
(d) খ্রিস্টধর্ম  (Christianity)

BN: রিকশাচালক বৃষ্টি থেকে 
বাঁ চার জন্য কী পরেছে ?
EN: What is the rickshaw-puller 
wearing to protect from rain?
(a) লুঙ্গি (Lungi)
(b) পাঞ্জাবি (Panjabi)
(c) ছাতা(Umbrella) 
(d) রেইনকোট (Raincoat) ✔️

BN: কোন অনুষ্ঠান দেখা যাচ্ছে?
EN: Which festival is seen in 
the image?
(a) পূজা (Puja)
(b) বিবাহ (Wedding)
(c) সাংস্কৃ তিক অনুষ্ঠান (Cultural 
Festival) 
(d) মেলা (Local Fair) ✔️

BN: চিত্রে মাঠে কি রোপণ করা রয়েছে? 
EN: What is planted in the field in the 
image?
(a) গোলাপ (Rose)
(b) সরিষা (Mustard) ✔️
(c) আলু (Potato) 
(d) বেগুন (Eggplant)

BN: ছবিতে ছেলে দুটি কোন খেলা খেলছে? 
EN: What are the two kids playing in the 
image?
(a) সাইকেল চালানো (Riding a bicycle)
(b) ঘুড়ি ওড়ানো (Flying a kite) ✔️
(c) মার্বে ল খেলা (Marble game) 
(d) টায়ার খেলা (Tire game)

Figure 1. Sample images from the BANGLAPROTHA dataset across different cultural aspects, where (i) the images are relevant to Bengali
cultural aspects, i.e., event and fashion/attire (ii) the question is in native Bengali scripts with the English translation, and (iii) the answer
options are semantically similar. The English translation has been provided for non-Bengali speakers and is not part of our dataset.

• Our findings reveal key behavioral insights on the cul-
tural aspects, model size, necessity of training data &
answer options, and vision-language alignment.

2. Related Works
Multilingual & Bengali VQA. While VQA research has
predominantly been conducted in English [15], efforts have
been made to develop non-English and multilingual VQA
datasets, e.g., FM-IQA [19], MCVQA [22], Multi30K [17],
xGQA [49], and MaXM [15]. For Bengali, initial bench-
marks like Bengali-VQA-v1 [26], derived from VQAv1 [7],
and Bengali CLEVR [26], derived from CLEVR [28], were
created via machine translation of English datasets. How-
ever, machine translation often struggles with low-resource
languages like Bengali, as it fails to capture the nuances of
the language and introduces linguistic artifacts [18, 40].

Rafi et al. [51] introduced a manually annotated Bengali
VQA dataset derived from VQAv2 [21], but limited to
binary questions and Western-centric images that fail to
represent Bengali region-specific contexts. ChitroJera [8]
and BVQA [13] addressed these issues using images
relevant to the Bengali region. However, their QA pairs are
generated using LLMs, which limits the questions’ ability
to reflect cultural nuances. Furthermore, both datasets serve
as standard VQA benchmarks, without any categorization
based on cultural concepts.

Western Bias & Multicultural VQA. Recent studies have
highlighted the performance disparity across cultural and

social norms, with VLMs exhibiting bias towards the West-
ern counterparts [14, 44]. A lack of Bengali cultural un-
derstanding has also been evident [52]. Multicultural VQA
benchmarks [11,53] serve as a diagnostic tool in identifying
such cultural biases, albeit with limited samples from each
country, culture, or geographic region.

The CVQA dataset [53] evaluates VQA models on
multi-lingual and multi-cultural contexts from 30 countries
across 10 distinct cultural aspects. However, it simplifies
the Bengali culture to the Indian region only, overlook-
ing the diversity and traditions of the Bengali culture from
Bangladesh. CultureVQA [45] establishes a similar bench-
mark across 11 countries, but categorized geographically.
Thus, the Bengali culture was blended with the rest of the
rich Indian culture. CultureVerse [32] provides the most
diverse benchmark across 188 regions, but has limited sam-
ples in Bengali. Closest to our work is ALMBench [57],
which includes Bengali cultural aspects from the whole re-
gion but lacks the nuances in answer options.

3. BANGLAPROTHA Dataset
Cultural Concepts Categorization. We systematically
categorize BANGLAPROTHA into nine diverse categories
encapsulating several Bengali cultural aspects as seen in
Fig. 1. Our categorization draws inspiration from prior
works in VQA [32, 39, 53], while adapting to better align
with the Bengali cultural context. We aggregated several
fine-grained categories into generalized ones: (1) vehicles
& transportation, people, and everyday life to Social
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Figure 2. (a) Question type Distribution, (b) Category-wise count of images, questions, and unique answers across cultural concepts.

Life, (2) plants, animals, landscape, and buildings to
Nature, (3) tradition, art, history, public figure, and pop-
culture to Art and History. Detailed category de-
scriptions are provided in §C.
Image Sourcing. We initially source 21,254 images
from previous Bengali image datasets: BORNON [42],
BANGLALEKHA-IMAGECAPTIONS [52], and BNA-
TURE [4]. We further diversify the dataset by sourcing
2,800 publicly available Bengali images from websites.
After rigorous filtering, the final distribution of image
sources is provided in Tab. 1 and Fig. (§A.2a).

Data Annotation. We recruited 17 native Bengali annota-
tors (12 male, 5 female), who are university undergraduates
with strong expertise in Bengali culture and literature. The
annotators received standard monetary compensation on a
per-sample basis. To ensure annotation quality, we provided
(i) detailed annotation guidelines (§A.1,A.2) and (ii) a ded-
icated annotation tool (§A.3).

For each image, the annotators created (i) a culturally
relevant question and (ii) four semantically similar and
question-relevant answer choices. They were instructed to
carefully examine the image objects and their context to
produce semantically similar answer options. For instance,
if an image depicts a rural game, the annotators should
include the names of other rural games as options. These
semantically similar options were designed to test a model’s
ability to evaluate cultural elements. The annotators were
also instructed to discard any image that did not belong to
any of the nine culture categories.

Annotation Verification. Our dataset went through
rigorous manual verification using a multi-stage filtering
process. Samples were excluded based on several criteria:
(1) images lacking sufficient cultural relevance, (2) impre-

cise or ambiguous questions, (3) misalignment between
images and questions, (4) incorrect categorization, and
(5) questions focusing solely on object detection without
cultural context. From the initial 9,479 annotated image-
question samples, 8,034 (8034/9479 = 84.76%) met all
quality standards and were retained, while the remaining
1,445 samples were discarded.

Data Source #I #Q #Q:#I

BNATURE 2079 2517 1.21
BORNON 1402 1638 1.17
BANGLALEKHA 2541 2816 1.11
Bengali Websites 920 1063 1.16

Total 6942 8034 1.16

Table 1. Source distribution in BANGLAPROTHA. #I: No. of Im-
ages, #Q: No. of Questions, and #Q:#I: Question-Image ratio.

Dataset Statistics & Analysis. From Fig. 2b and Tab.
(§A.3), we observe a higher sample count from the Social
Life and Nature categories, whereas the count of unique
images, questions, and answers remains somewhat uniform
across the cultural aspects. “What” and “Which” type ques-
tions are predominantly more than other types, taking a sub-
stantial 68.6% of the total question types (Fig. 2a). Tab. 1
shows that BANGLAPROTHA has a strong representation of
all four data sources while maintaining a good question-
to-image ratio. Fig. (§A.2a) illustrates the distribution of
cultural aspects across sources, e.g., website images have
a high number of Incidents, but fewer Religious
Events. Finally, BANGLAPROTHA is divided into the
standard 80:20 train-test splits.
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Prompt Strategy Prompt Overview

Zero-Shot/Base Prompt Find the most accurate option for the given image, question, and answer options.
Chain-of-Thought (CoT) Think step by step before selecting the answer.
Translation-based Translate the question and options into English.
Culture-Specific The image is culturally relevant to the Bengali culture across nine key concepts.
Description-based First describe the contents of the image and then use it to generate the answer.

Table 2. The prompting strategies used in our benchmarks. The base prompt is appended at the end of the latter four prompting strategies.

4. Experiment Design
We classify our experiments into two categories: (i)

prompt-based and (ii) fine-tuning experiments. The model
details have been reported in (§D.1).

4.1. Prompt-based Experiments

We consider five prompting strategies (Tab. 2), the
vanilla zero-shot prompting, Chain-of-Thought (CoT)
[59], Translation-based [23], Culture-specific [32], and
Description-based prompting. Description-based prompt-
ing takes inspiration from previous works where passing
a textual description helped in visual classification [8, 32].
Tab. 2 provides an overview of all prompts, with detailed
descriptions available in (§G).

4.2. Fine-tuning Experiments

Full Fine-tuning. To perform full fine-tuning on the
pre-trained multimodal model ϕmm, we frame the task
as a classification problem, following previous ap-
proaches [39, 54]. Given an image I, a question Q, and a
set of answer choices {a1, a2, . . . , an}, where n denotes
the number of candidate answers, the model ϕmm is trained
to predict the most relevant answer a∗ from this set. We
optimize the model using the standard cross-entropy loss
over the answer choices, incentivizing the model to assign
higher probabilities to the correct answers and vice versa.

Partial Fine-tuning. Most open-source VLMs adopt a
modular Vision-Encoder + Adapter + LLM architecture. An
input image I is first processed by a vision encoder ϕI, fol-
lowed by an adapter module ϕA, which transforms image
features into a sequence of visual tokens. In parallel, the
input text T is encoded by a text embedding layer E(·) to
obtain textual tokens. These visual and textual tokens are
concatenated and passed to a large language model ϕLLM,
which performs multimodal reasoning and language gener-
ation. The output text prediction is given by:

T̂ = ϕLLM([ϕA(ϕI(I)); E(T)]).

The entire model is trained using an autoregressive next-
token prediction loss over the textual sequence T. In our
partial fine-tuning experiments, we explore three settings:

• L-LoRA: Applies LoRA [24] fine-tuning to the lan-
guage model component ϕLLM within the multimodal
model ϕVLM, aiming better alignment of the visual and
textual representations.

• L-LoRA + Adapter: Fine-tunes both the adapter mod-
ule ϕA and language model ϕLLM using LoRA, to in-
vestigate whether updating the visual token transfor-
mation improves performance.

• L-LoRA + Adapter + VE: Fine-tunes the vision en-
coder ϕI along with the previous components ϕA and
ϕLLM, to examine whether learning fine-grained visual
representations leads to better performance.

Training settings for both full and partial fine-tuning are
provided in §D.2 and §D.3 respectively.

5. Results Analysis
The results of prompt-based experiments on eight open-

source and three closed-source VLMs under five prompting
strategies are presented in Tab. 3. Similarly, Tab. 4 reports
the performance of five VLMs for full fine-tuning and
another five for partial fine-tuning, each employing three
distinct strategies as outlined in Sec. 4.2.

Open Source vs. Closed Source Models. The accuracy
of monolingual open-source VLMs remains below 42% for
both zero-shot and CoT prompting (Tab. 3). In contrast,
multilingual open-source VLMs generally exceed 50% ac-
curacy, except for the smaller Phi-3.5-V. The performance
difference is obvious, as the monolingual models are not
trained to comprehend Bengali text.

Among the open-source models, only Gemma-3 12B
matches or exceeds the performance of the closed-source
models. This can be attributed to the supposedly larger size
or pretraining data of the closed-source models. GPT-4o
consistently outperforms the other models, with the excep-
tion of being slightly surpassed by Gemma in zero-shot
prompting and Claude in description-based prompting.
Overall, GPT-4o takes the crown using the culture-specific
prompting, achieving an average accuracy of 83.42%.

How should we prompt? From Fig. 3, we observe that
closed-source and larger models, e.g., llama-3.2-V 11B,
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Models Cultural Concepts

Food Fest Rel Nature Fash Sport Life Art/Hs Incid Avg
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O
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on
o BLIP-2 OPT 6.7B [29] 35.21 33.38 31.47 43.77 32.36 46.13 38.42 34.18 40.66 37.29

LLaVa-1.5 7B [30] 33.31 33.32 40.00 40.00 25.06 38.28 51.68 38.36 33.30 37.04
LLaVa-Next 7B [31] 28.32 36.74 40.05 43.36 43.26 36.66 44.96 51.78 45.13 41.14

O
-M

ul
ti

LLaMa-3.2-V 11B [41] 61.23 69.78 60.52 56.30 72.67 73.34 70.20 70.05 83.32 68.60
Phi-3.5-V [1] 38.31 31.72 23.28 25.08 29.94 45.05 36.71 30.10 38.34 33.17
Phi-4 Multimodal [2] 57.64 47.53 44.14 42.37 53.56 54.42 53.27 50.88 50.20 50.45
Qwen-2.5 7B [58] 50.10 50.15 60.20 51.66 73.26 60.08 61.72 73.32 80.05 62.28
Gemma-3 12B [56] 68.28 86.73 71.72 76.74 86.72 78.26 83.36 83.28 78.37 79.27

C
lo

se
d Claude-3.5 Sonnet [6] 81.67 70.24 81.90 71.92 75.08 82.26 81.38 72.12 82.56 77.68

Gemini-2.0 Flash [20] 86.24 74.71 65.88 55.72 80.91 58.62 64.48 86.42 87.93 73.43
GPT 4o [3] 78.68 68.52 78.93 76.74 75.35 91.32 83.41 72.28 79.38 78.29
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)

O
-M

on
o BLIP-2 OPT 6.7B 34.45 35.62 30.05 31.67 36.74 31.08 24.62 42.41 31.66 33.14

LLaVa-1.5 7B 36.38 35.72 27.46 35.51 44.05 38.77 23.28 38.31 40.14 35.51
LLaVa-Next 7B 43.08 38.27 42.44 38.31 30.53 28.80 60.10 25.84 46.57 39.33

O
-M

ul
ti

LLaMa-3.2-V 11B 65.05 68.31 58.27 63.32 76.26 78.28 80.04 65.03 76.27 70.09
Phi-3.5-V 36.72 30.02 23.28 18.52 28.32 25.10 30.48 33.28 35.20 28.99
Phi-4 Multimodal 47.49 48.22 49.94 23.24 56.64 48.28 46.72 48.22 44.92 45.96
Qwen-2.5 7B 61.68 61.64 60.10 60.15 68.34 73.28 73.38 71.70 71.73 66.89
Gemma-3 12B 75.04 88.28 73.34 75.06 90.04 75.02 83.25 78.32 81.69 80.00

C
lo

se
d Claude-3.5 Sonnet 84.78 78.23 85.04 75.78 80.56 81.78 84.10 76.04 84.77 81.23

Gemini-2.0 Flash 87.14 79.32 73.89 58.04 86.22 62.23 67.55 89.57 90.42 77.15
GPT 4o 80.18 84.43 82.62 78.34 81.48 83.44 82.56 75.10 86.67 81.65

Tr
an
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n-

ba
se

d O
-M

on
o BLIP-2 OPT 6.7B 37.04 34.78 33.45 45.15 34.22 48.12 40.20 35.76 42.57 39.03

LLaVa-1.5 7B 25.00 38.60 28.81 35.59 26.79 41.67 49.15 47.27 37.93 36.76
LLaVa-Next 7B 33.33 35.00 37.29 31.67 25.42 36.67 38.33 31.67 33.33 33.63

O
-M

ul
ti

LLaMa-3.2-V 11B 62.71 75.00 66.10 65.00 74.58 63.33 70.00 63.33 85.00 69.45
Phi-3.5-V 28.33 35.59 37.29 20.00 18.33 28.33 40.00 21.67 35.00 29.39
Phi-4 Multimodal 55.17 45.00 45.76 42.37 56.67 51.67 48.33 60.00 51.67 50.74
Qwen-2.5 7B 56.67 66.67 58.33 63.33 78.33 65.00 70.00 66.67 75.00 66.67
Gemma-3 12B 71.67 85.00 75.00 76.27 86.67 76.67 83.33 85.00 85.00 80.52

C
lo

se
d Claude-3.5 Sonnet 85.91 78.00 85.45 77.20 75.52 85.42 84.38 76.67 84.04 81.40

Gemini-2.0 Flash 88.04 78.56 71.15 57.62 85.14 60.48 67.90 90.22 91.44 76.73
GPT 4o 87.52 77.62 80.30 79.42 85.25 84.38 84.42 78.48 87.41 82.75

C
ul
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pe

ci
fic O

-M
on

o BLIP-2 OPT 6.7B 33.92 32.29 30.14 42.64 31.32 44.63 37.22 32.90 39.66 36.08
LLaVa-1.5 7B 45.00 38.33 30.51 27.12 30.00 23.73 35.59 36.67 40.00 34.11
LLaVa-Next 7B 28.33 36.67 33.33 30.00 25.42 31.03 41.38 30.00 31.67 32.98

O
-M

ul
ti

LLaMa-3.2-V 11B 60.00 70.00 66.67 78.33 71.67 75.00 71.67 75.00 86.67 72.78
Phi-3.5-V 37.93 40.68 31.48 24.14 32.76 38.98 35.71 29.82 27.59 33.23
Phi-4 Multimodal 53.45 45.76 53.33 38.60 56.67 55.93 48.21 52.54 40.68 49.46
Qwen-2.5 7B 58.62 66.10 55.93 56.90 72.88 61.67 69.49 70.00 80.00 65.73
Gemma-3 12B 76.67 85.00 78.33 75.00 86.67 75.00 83.33 78.33 80.00 79.81

C
lo

se
d Claude-3.5 Sonnet 86.62 79.23 87.32 77.67 78.14 87.11 85.78 78.20 86.15 82.91

Gemini-2.0 Flash 90.52 80.48 74.60 58.78 87.04 63.67 70.42 91.05 92.88 78.83
GPT 4o 81.92 86.71 84.23 80.24 84.05 83.10 85.30 75.94 89.25 83.42
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se

d O
-M

on
o BLIP-2 OPT 6.7B 36.70 34.62 32.78 45.42 33.23 47.53 39.64 35.32 42.05 38.59

LLaVa-1.5 7B 35.59 29.31 30.51 30.51 33.33 32.14 38.98 48.33 40.00 35.41
LLaVa-Next 7B 31.67 42.37 31.03 29.31 28.57 36.67 37.29 40.68 50.00 36.40

O
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ul
ti

LLaMa-3.2-V 11B 62.71 77.59 66.10 67.80 79.66 66.10 71.43 70.69 83.05 71.68
Phi-3.5-V 33.33 46.55 24.56 33.90 31.58 38.33 30.51 30.00 37.29 34.01
Phi-4 Multimodal 54.39 44.07 55.93 37.93 56.67 50.00 46.67 50.00 49.15 49.42
Qwen-2.5 7B 55.00 65.52 50.85 60.34 82.14 64.41 61.11 72.88 77.59 65.54
Gemma-3 12B 70.00 86.67 75.00 76.67 83.33 75.00 83.33 78.33 80.00 78.70

C
lo

se
d Claude-3.5 Sonnet 84.74 81.56 85.80 78.15 76.62 88.10 86.80 74.23 84.89 82.32

Gemini-2.0 Flash 89.90 81.05 69.13 54.32 85.14 58.72 63.66 89.94 94.25 76.23
GPT 4o 80.55 75.52 80.72 80.83 84.85 86.18 84.74 66.70 85.68 80.64

Table 3. Model benchmarking results across different Prompting Strategies on the test split of BANGLAPROTHA. O-Mono and O-
Multi refer to the open-source monolingual and multilingual models, respectively, while Closed refers to the closed-source models. Cyan
highlights the highest score for each cultural concept, and Bold indicates the overall best-performing model.
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Models Cultural Concepts

Food Fest Rel Nature Fash Sport Life Art/Hs Incid Avg

Full Fine-Tuning

BanglaBERT [12] + ViT [5] 33.24 33.27 37.18 36.08 31.36 38.14 40.17 33.82 32.21 35.05
BanglaBERT [12] + Swin [34] 35.45 36.25 38.78 37.20 32.45 40.17 41.27 35.92 33.64 36.79
CLIP [50] 31.25 32.90 36.78 34.64 28.62 33.15 34.70 32.34 30.48 32.76
LXMERT [55] 34.38 35.89 39.67 37.22 33.52 36.10 37.93 34.87 32.90 35.83
ALIGN [27] 38.91 39.83 41.62 40.63 35.44 43.39 44.72 39.60 35.84 40.00
SmolVLM2 [38] 32.34 48.09 42.56 41.65 45.76 41.87 41.00 52.48 55.89 44.63
Intern-VL3-2B [16] 65.12 40.24 45.08 53.36 45.13 61.60 56.58 56.53 46.67 52.22

Partial Fine-Tuning

LLaVa-1.5 7B [30]
L-LoRA 56.67 55.00 55.00 45.00 48.33 50.00 68.33 46.67 60.00 53.89
L-LoRA + Adapter 63.33 51.67 50.00 53.33 50.00 58.33 45.00 51.67 56.67 53.33
L-LoRA + Adapter + VE 66.67 58.33 36.67 56.67 53.33 60.00 60.00 63.33 73.33 58.70

Qwen2.5-VL 7B [58]
L-LoRA 60.00 76.67 63.33 66.67 78.33 76.67 76.67 78.33 76.67 72.59
L-LoRA + Adapter 68.33 76.67 61.67 66.67 71.67 78.33 70.00 80.00 83.33 72.96
L-LoRA + Adapter + VE 65.00 70.00 63.33 75.00 71.67 81.67 80.00 85.00 78.33 74.44

Paligemma-2 10B [10]
L-LoRA 73.33 78.33 66.67 66.67 86.67 75.00 70.00 70.00 68.33 72.78
L-LoRA + Adapter 81.67 76.67 63.33 80.00 81.67 76.67 70.00 81.67 76.67 76.48
L-LoRA + Adapter + VE 68.33 83.33 70.00 65.00 81.67 73.33 66.67 76.67 78.33 73.70

LLaMa-3.2V 11B [41]
L-LoRA 63.33 76.67 61.67 63.33 75.00 71.67 73.33 71.67 76.67 70.37
L-LoRA + Adapter 81.67 70.00 68.33 60.00 78.33 71.67 75.00 73.33 81.67 73.33
L-LoRA + Adapter + VE 56.67 71.67 61.67 66.67 70.00 66.67 65.00 75.00 76.67 67.78

Gemma-3 12B [56]
L-LoRA 80.00 81.67 75.00 68.33 86.67 68.33 71.67 81.67 83.33 77.41
L-LoRA + Adapter 81.67 83.33 70.00 71.67 85.00 78.33 73.33 83.33 76.67 78.15
L-LoRA + Adapter + VE 82.22 92.12 80.64 81.90 88.45 84.52 75.72 85.13 86.44 84.13

Table 4. Model benchmarking results across different Finetuning Strategies on the test split of BANGLAPROTHA. O-Mono and O-
Multi refer to the open-source monolingual and multilingual models, respectively, while Closed refers to the closed-source models. Cyan
highlights the highest score for each cultural concept, and Bold indicates the overall best-performing model in each category.
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Figure 3. Average accuracy of models across prompting strategies on the test split of BANGLAPROTHA.

Gemma-3 12B, and Qwen 2.5 7B, achieve the highest per-
formance gains under culture-specific prompting, empha-
sizing the need for culturally tailored instructions for rea-
soning and generating culturally relevant responses. Zero-
shot prompting, however, remains the weakest of the

prompting strategies. In sharp contrast, zero-shot prompt-
ing consistently outperforms the other strategies for the
smaller open-source models, suggesting that the additional
prompting instructions tend to overwhelm the limited ca-
pacity of the smaller architectures.
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Figure 4. (a) L-LoRA accuracy of models with vs. without data augmentation, (b) LAVE scores of open-ended vs. multiple-choice ques-
tions across cultural concepts for GPT-4o, (c) Accuracy of fine-tuned models across question types, and (d) Average accuracy vs. model
parameters of zero-shot and fine-tuned models (using the best-performing strategy), with the accuracy trendline across parameters (in red).

Prompting vs. Fine-tuning. Following Tabs. 3 and 4, fully
fine-tuned dual encoder and modality alignment models
achieved performance comparable to the monolingual
open-source models (∼40% average accuracy). Partial
fine-tuning showed a substantial bump in performance over
prompting strategies, e.g., the best fine-tuning strategy for
LLaVa-1.5 7B outperformed its best prompting strategy by
21.66%. Similarly, fine-tuned Gemma-3 12B achieved the
highest average accuracy, 84.13%, on our dataset, slightly
surpassing GPT-4o using culture-specific prompting.

What’s the best way to finetune? Tab. 4 highlights ALIGN
outperforming other fully fine-tuned models across all
aspects, but lagging behind the larger partially fine-tuned
LLMs. Fine-tuning the language component using L-LoRA
usually improved the performance, e.g., for LLaVa-1.5 by
roughly 17% vs. its best prompting strategy. However,
we observed several instances of performance drop, e.g.,

Gemma-3’s average accuracy dropped roughly 3% vs. its
best prompting strategy.

Should we fine-tune the visual component? Fine-tuning
the visual components, i.e., adapters and vision encoders,
generally leads to improved performance (Tab. 4). The best
results are usually achieved when both, visual and textual,
components are fine-tuned, improving the alignment with
the underrepresented Bengali cultural images. However,
models, such as Paligemma-2 10B and LLaMa-3.2V 11B,
underperform when adapters and vision encoders are
fine-tuned, likely due to overfitting. Adapter fine-tuning
tends to outperform applying L-LoRA fine-tuning only,
though occasionally leading to a marginal performance
decline (e.g., -0.65% accuracy drop for LLaVa-1.5 7B).

Performance variation across Cultural Aspects. Most
models tend to perform better on Fashion, Social
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Q: চিত্রে বাবা ও ছেলে কি পড়ে আছে? 
Q: What are the father and son wearing in the picture?

A. লু ঙ্গি B. শার্ট C. পাঞ্জাবি D. কোর্ট
A. Lungi B. Shirt C. Panjabi D. Coat

Zero Shot: C CoT: C Description: C Translated: C LoRA-FT: C

(a)

Q. ছবির প্রাণীটি বাংলাদেশের কোন জায়গায় বেশি দেখা যায়? 
Q: Which area of Bangladesh is the animal in the picture most commonly
seen? 
A. ঢাকা B. মধু পু র গড় C. লাউয়াছড়া উদ্যান D. সু ন্দরবন
A. Dhaka B. Madhupur C. Lawachara Park D. Sundarbans

Zero Shot: B CoT: B Description: B Translated: B LoRA-FT: D

(b)

Q. ছবির এই ভাসমান পিয়ারা বাজার কোন জায়গায় অবস্থিত ?
Q: The floating guava market shown in the picture is located in which place?

A. ঝালকাঠি B. বরিশাল C. ঢাকা D. নাটর
A. Jhalokathi B. Barishal  C. Dhaka  D. Natore

Zero Shot: B CoT: B Description: B Translated: B LoRA-FT: B

(c)

Figure 5. Performance comparison across evaluation methods of Gemma-3 12B: (a) unanimous correct predictions, (b) only LoRA-FT
predicts correctly, and (c) unanimous incorrect predictions. Red and Green highlight the incorrect and correct predictions respectively.

Life, and Incidents categories, while struggling
with Religious and Nature Fig. (§A.3b). Under
zero-shot setting, GPT-4o excels in Sports, Gemini-
2.0 in Art/Hs, Incidents, and Food, Gemma-3
in Fashion and Festivals, and Claude-3.5 in
Religion. We see similar performance strengths of
Gemini-2.0 and Gemma-3 on Festival, Fashion, and
Art/Hs, likely due to overlap in training corpora as the
models share the same parent company. Gemma-3, using
L-LoRA + Adapter + VE, consistently outperforms most
fine-tuned models across all cultural aspects.

Performance across Question Types. Following Fig. 4c,
the fine-tuned Llama-3.2 11B performs better on How
much questions, while Gemma-3 12B leads on rest of
the question types. Similarly, Fig. (§A.3a) shows the
best prompting model, GPT-4o, performing better on
How much (93.4%), When (90.6%), and Where (87.2%)
questions, demonstrating the model’s excellence on qual-
itative, temporal, and spatial reasoning. In contrast, the
lowest performance was observed for How Many (66.5%)
questions, exposing the model’s weakness in counting.

Impact of Data Augmentation. We applied LLaVA-style
augmentation [30] during L-LoRA finetuning by augment-
ing each question-answer(QA) pair k = 4 times, k rep-
resenting the number of options per question, resulting in
6.5k × 4 = 26k samples (detailed in §D.4). This com-
pensates for the scarcity of multiple-choice variations by
shuffling the answer options to create new training samples.
From Fig. 4a, we observe a 3-9% boost in average accuracy
across all models except Qwen-2.5 (cultural aspect-wise
breakdown in Tab. §A.4). As the augmentation only per-
mutes the position of the correct option, the results expose
a positional textual bias in the models. Similar experiments
were conducted using the circular evaluation strategy [33],
reported in §E.3 and Tab. A.8.

What if we remove answer options? We investigate this
by evaluating GPT-4o in an open-ended setting using the
LAVE metric [36] (details in §E.1). In this setup, GPT-4o
attained a LAVE score of 43.68%, a significant drop
from its 81.64% accuracy in the multiple-choice format.
Fig. 4b shows performance dropping notably for Food,
Festival, and Sport categories. Similar experiments
were conducted on open-source VLMs (Tab. A.6), with
models exhibiting a consistent decline in performance
under the open-ended setting.

Error Analysis. Fig. 5 shows predictions of the best per-
forming Gemma-3 12B model across prompting and fine-
tuning strategies. In Fig. 5a, all evaluation settings correctly
identify the traditional attire (Panjabi). In Fig. 5b, only the
LoRA-FT setting correctly recognizes the correct habitat of
the animal. In Fig. 5c, all settings mispredict the location
of the floating guava market, which requires a high level of
cultural knowledge even for Bengali natives. While some
classes of culturally-grounded visual questions can be han-
dled by the fine-tuned model, others that require in-depth
knowledge remain challenging. §F expands qualitative er-
ror analysis across models and cultural concepts.

6. Conclusion

We introduced BANGLAPROTHA, the first Bengali cul-
turally grounded Visual Question Answering dataset en-
compassing nine diverse cultural domains. Through com-
prehensive experiments with both open- and closed-source,
monolingual and multilingual VLMs under various fine-
tuning and prompting setups, we provide valuable insights
into the current capabilities and limitations of Bengali mul-
timodal understanding. We hope our dataset and findings
will foster future research toward more culturally aware and
linguistically inclusive vision-language models.
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Gurevych. xgqa: Cross-lingual visual question answering.
arXiv preprint arXiv:2109.06082, 2021. 2

[50] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning
transferable visual models from natural language supervi-
sion. In International conference on machine learning, pages
8748–8763. PMLR, 2021. 1, 6, 3

[51] Mahamudul Hasan Rafi, Shifat Islam, SM Hasan Imtiaz
Labib, SM Sajid Hasan, Faisal Muhammad Shah, and Sifat
Ahmed. A deep learning-based bengali visual question an-
swering system. In 2022 25th International Conference on
Computer and Information Technology (ICCIT), pages 114–
119. IEEE, 2022. 2

[52] Matiur Rahman, Nabeel Mohammed, Nafees Mansoor, and
Sifat Momen. Chittron: An automatic bangla image cap-
tioning system. Procedia Computer Science, 154:636–642,
2019. 1, 2, 3

[53] David Romero, Chenyang Lyu, Haryo Akbarianto Wibowo,
Teresa Lynn, Injy Hamed, Aditya Nanda Kishore, Aishik
Mandal, Alina Dragonetti, Artem Abzaliev, Atnafu Lam-
bebo Tonja, et al. Cvqa: Culturally-diverse multilin-
gual visual question answering benchmark. arXiv preprint
arXiv:2406.05967, 2024. 1, 2

[54] Dustin Schwenk, Apoorv Khandelwal, Christopher Clark,
Kenneth Marino, and Roozbeh Mottaghi. A-okvqa: A
benchmark for visual question answering using world knowl-
edge, 2022. 4

[55] Hao Tan and Mohit Bansal. Lxmert: Learning cross-
modality encoder representations from transformers. arXiv
preprint arXiv:1908.07490, 2019. 6, 3

[56] Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya
Pathak, Nino Vieillard, Ramona Merhej, Sarah Perrin, Ta-
tiana Matejovicova, Alexandre Ramé, Morgane Rivière,
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