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Figure 1. Examples from our VQArt-bench with highlighted related subjects for better visualization. VQArt-bench is deeply grounded in

the related images and refers to specific elements or areas of the artwork. Each question requires a profound visual understanding to be

answered correctly.

Abstract

Multimodal Large Language Models (MLLMs) have
demonstrated significant capabilities in joint visual and lin-
guistic tasks. However, existing Visual Question Answer-
ing (VQA) benchmarks often fail to evaluate deep seman-
tic understanding, particularly in complex domains like vi-
sual art analysis. Confined to simple syntactic structures
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and surface-level attributes, these questions fail to capture
the diversity and depth of human visual inquiry. This lim-
itation incentivizes models to exploit statistical shortcuts
rather than engage in visual reasoning. To address this gap,
we introduce VQArt-Bench, a new, large-scale VQA bench-
mark for the cultural heritage domain. This benchmark is
constructed using a novel multi-agent pipeline where spe-
cialized agents collaborate to generate nuanced, validated,
and linguistically diverse questions. The resulting bench-
mark is structured along relevant visual understanding di-
mensions that probe a model’s ability to interpret symbolic
meaning, narratives, and complex visual relationships. Our
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the final published version of the proceedings is available on IEEE Xplore.
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evaluation of 14 state-of-the-art MLLMs on this bench-
mark reveals significant limitations in current models, in-
cluding a surprising weakness in simple counting tasks and
a clear performance gap between proprietary and open-
source models. Our dataset is available here1

1. Introduction
In recent years, MLLMs [22] have demonstrated excep-

tional capabilities in image-text comprehension, under-

standing, reasoning, and generation. VQA [5, 27] has

emerged as a critical benchmark for evaluating such mod-

els’ capabilities. This task requires a model to answer a tex-

tual query about an image, a process that necessitates both

linguistic and visual understanding.

Advancing these systems toward a true visual interpre-

tation of art requires benchmarks that reflect the complex

skills necessary for artistic analysis [6, 16]. This task is

particularly challenging due to the significant domain shift

between the images and textual information used to train

large models and the unique language of visual art. Art,

unlike many other visual domains, demands a sophisticated

interpretive engagement. The relation between image and

meaning in artistic contexts is complex, multilayered, and

inherently non-linear. Despite significant progress in multi-

modal vision-language systems, most approaches still rely

on relatively reductive assumptions about visual content:

being primarily optimized for object detections, image cap-

tioning, or scene classification.

Constructing such representative benchmarks is fraught

with challenges, and existing VQA benchmarks often fail,

particularly in specialized domains like art and cultural her-

itage [6, 16]. These failures largely stem from the way

large-scale VQA datasets for visual art analysis are con-

structed. Rule-based generation programmatically creates

question-answer pairs by taking structured metadata (like

image captions or object labels) and inserting them into a

fixed set of sentence templates. Although this methodol-

ogy is highly scalable, its reliance on rigid templates has

severe limitations, especially in the boundless artistic do-

main, filled with its unique subjects, complex allegorical

relationships, and symbolic actions. First, it leads to a lack

of linguistic diversity as the questions are confined to a

narrow range of syntactic structures. Second, it produces

shallow questions failing to capture context, symbolism, or

implicit relationships. Figure 2 exemplifies these limita-

tions by comparing questions generated by our proposed

method with those from the rule-based benchmark AQUA

[16], which is the first and only publicly available bench-

mark for art-focused VQA [7]. To avoid cherry-picking,

we report the first question from the AQUA test and valida-

tion sets and generate a question for the same image using

the same captions from SemArt [15]. As shown, the rule-

based approach lacks correct terminology (e.g., referring to

the Madonna as a ”woman”) and can even introduce factual

inaccuracies, such as hallucinating an ”animal on the shirt”

due to flawed metadata parsing.

Rule-based VQA approaches are hindered by their ten-

dency to create questions and answers focused on simplis-

tic, high-frequency patterns [18, 37]. This problem arises

from generating queries automatically from metadata, lead-

ing to an overabundance of questions based on overrepre-

sented common patterns like ”What is near X?”. In turn, the

answers become dominated by common terms; for instance,

in the AQUA test set, ”Human” and ”Person” alone account

for more than 30% of all correct replies. This skewed distri-

bution encourages models to exploit linguistic priors instead

of performing true visual analysis [1, 19]. A robust visual

art benchmark must move beyond this, testing a model’s

capacity to recognize the complex actions, rare subjects,

and symbolic content—such as historical or cultural mo-

tifs—that define an artwork and are systematically ignored

by standard datasets.

To address these challenges we move beyond the super-

ficial inquiries of rule-based systems and propose a novel

agentic pipeline [12] for visual art question generation. Our

framework deconstructs the complex task of question cre-

ation into a sequential, multi-agent workflow comprising an

agentic data cleaning and four question crafting agents: a

Topic Selector, a Question Generator, a Question Refiner,

and a final Judge. Initially, the Topic Selector analyzes the

image caption to identify candidate question categories that

can be posed given the available information. The Ques-

tion Generator then crafts nuanced, open-ended questions

based on these candidates. Subsequently, the Question Re-

finer converts these into a challenging multiple-choice for-

mat with plausible distractors, and finally, every question is

validated by the Judge, which makes sure that each question

is non-trivial, unambiguously answerable from the image,

and linguistically correct.

The main contributions of this work are as follows:

• We point out current limitations of existing VQA bench-

marks for art, demonstrating how rule-based approaches

fail to evaluate deep semantic understanding.

• The introduction of a novel, multi-agent pipeline for gen-

erating questions that are linguistically complex, context-

aware, and designed to test for nuanced visual reasoning.

• VQArt-bench, a new large-scale VQA dataset featuring

semantically rich questions to rigorously benchmark gen-

uine visual literacy in the cultural heritage domain.

• An extensive evaluation of 14 state-of-the-art (SOTA)

models on our new benchmark across multiple dimen-

sions, showcasing their capabilities in visual art analysis.
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Figure 2. Demonstration of question quality improvement using our agentic pipeline (Ours) over a rule-based system (AQUA). All the

questions have been generated from the same data source. While the rule-based questions are often shallow, lack nuance, and can be fac-

tually inconsistent, our method produces context-aware questions appropriate for fine-grained analysis. The rule-based approach produces

semantically shallow questions that lack correct terminology (e.g., referring to the Madonna as a ”woman”) and can introduce factual

inaccuracies, such as hallucinating an ”animal on the shirt”. In contrast, our agentic pipeline leverages LLMs to generate questions that

are both challenging and precise. It preserves the nuances of the source material, formulating sophisticated questions that require a deep

understanding of artistic composition (left example) and complex symbolism (right example). Correct answers are reported in bold text.

2. Related works

The Evolution of VQA and Multimodal Models Visual

Question Answering (VQA) was introduced as a benchmark

task to measure a machine’s ability to reason about visual

content in response to natural language queries [34, 42].

The field has then grown rapidly, leading to the develop-

ment of numerous datasets, such as COCO-QA [35] and

VQA [5], and a variety of methods focusing on the joint em-

bedding of visual and textual features [20, 39]. A parallel

line of work has focused on grounding linguistic concepts

to visual data, with large-scale datasets like Visual Genome

[26] aiming to create dense, fine-grained alignments be-

tween images and text. More recently, the landscape has

been reshaped by the success of a new class of MLLMs

[22, 28, 40, 41, 43]. These models leverage the powerful

reasoning and generation capabilities of LLMs to achieve

state-of-the-art performance in multimodal comprehension.

Benchmarking MLLMs The rapid development of

MLLMs has created an urgent need for benchmarks that can

rigorously evaluate their capabilities. Recent benchmarks

have been proposed, with a notable trend toward more ob-

jective evaluation formats. For instance, MME [13], MM-

Bench [32], and SeedBench [27] introduced multiple choice

and true/false questions to mitigate the ambiguity and cost

associated with human evaluation or LLM-based scoring.

However, many existing benchmarks face limitations: some

are constrained to a narrow set of visual understanding

skills, while others are relatively small in scale, which can

lead to unreliable performance metrics [27].

VQA in the Specialized Domain of Cultural Heritage
The translation of VQA into specialized domains such as

cultural heritage presents a unique set of challenges [6, 8,

16]. Artworks contain visual information, such as paint-

ing techniques, iconographic symbols and historical styles,

that is systematically absent from the natural image datasets

typically used to train MLLMs. Existing art-specific VQA

datasets, such as AQUA [16] and VISCOUNTH [6], tried

to tackle the presented challenges relying on rule-based or

template-based methods, but ultimately falling short due to

the inherent limitations of their methods, as shown in Figure

2, explained in Sec. 1 and later in this section.

While efforts like AQUA and VISCOUNTH have in-

troduced art-specific VQA datasets, their reliance on rule-

based or template driven generation results in narrow, of-

ten superficial linguistic structures and symbolic blind-

ness which arise from lack of grounding in the interpre-

tive frameworks that have long structure art historical rea-

soning. The complexity of artistic images has been sys-

tematically addressed in scholarly traditions for more than

a century. Wölfflin’s analysis of visual systems, Riegls’s

notion of Kunstwollen and Warburg’s iconographic atlas

(Mnemosyne) highlight how form, gesture and motif en-

code deep cultural memory. Erwin Panofsky’s layered the-

ory of interpretation formalizes this complexity in three lev-

els: iconographic recognition of motifs and forms, icono-

graphic identification of subjects, narratives and symbols,

and iconologicals analysis of cultural, ideological and psy-
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chological models embedded in artworks. Computational

ontology initiatives (ICON, IICONGRAPH) take up this

challenge and offer data models and symbolic representa-

tions of these Panofskian levels of analysis, which enable

semantic enrichment and structured querying. However,

these are not designed to test the interpretative capacities of

deep learning models in open-ended, dynamic settings. Our

proposed benchmark complements these ontology-driven

approaches, shifting the focus from structured representa-

tion to active reasoning.

Current limits in Automatic Question Generation
Methodologies Early methodologies for creating large-

scale VQA datasets relied on rule-based systems that ap-

plied templates to an image’s structured semantic annota-

tions, such as scene graphs [21, 24]. While highly scalable

and logically grounded in image content, this process re-

sulted in a lack of linguistic diversity and incentivized mod-

els to exploit statistical shortcuts rather than engaging in

genuine visual reasoning [3, 17]. To address this limited

expressiveness, subsequent research turned to Neural Ques-

tion Generation (NQG) models, which promised greater

linguistic variety [33] but introduced new challenges, in-

cluding a critical propensity for ”hallucinating” factually

ungrounded content [23]. The introduction of LLMs in

this pipeline marks the latest shift, demonstrating a remark-

able ability to generate more diverse and seemingly faith-

ful questions [29]. However, these powerful models do not

completely overcome the shortcomings of their predeces-

sors and keep introducing subtle factual inconsistencies or

hallucinations that are harder to detect due to their high flu-

ency [44]; furthermore, their monolithic nature makes the

generation process difficult to control or verify.

3. Methods

3.1. Evaluation dimensions

To ensure that our benchmark evaluates a comprehen-

sive range of visual understanding skills, we use a well-

established hierarchy of seven distinct reasoning dimen-

sions derived from [27]. These dimensions, inspired by

cognitive science, structure the evaluation from basic per-

ception to complex inference, allowing for a granular anal-

ysis of a model’s capabilities.

• Instance Identity: Involves identifying a specific in-

stance, including its existence or class, based on visual

evidence.

• Instance Attribute: Relates to the specific visual at-

tributes of an instance, such as its color, shape, texture,

or material.

• Instance Location: Concerns the absolute or relative po-

sition of a specified instance within the image frame.

• Instance Counting: Requires the model to accurately

count all occurrences of a specific object class.

• Spatial Relation: Tests the ability to recognize the rela-

tive spatial relationship between two or more distinct ob-

jects.

• Instance Interaction: Requires recognizing actions or

relationships between two or more subjects or objects.

• Visual-Inspired Reasoning: Evaluates a model’s ability

to perform common-sense or causal reasoning based on

the visual scene (e.g., inferring intent, cause, or future

outcomes).

It is possible to see an example for each category in Fig. 3.

3.2. Data Curation and Pre-processing
Popular VQA benchmark curation methods propose to di-

rectly generate VQA from pictures by tasking an LLM to

generate a relevant question given the picture [27]. We

found that in visual art analysis, this can lead to superfi-

cial questions which assess basic visual appearance due to

the difficulty of fully operationalizing what is relevant. An

established option is to ground VQA questions on expert-

curated descriptions and metadata often present in art repos-

itories, so that the questions cover the same topics and rele-

vant aspects that the curator decided to discuss. A key chal-

lenge in using such data is that it often does not contain only

the visual information of the target artwork; rather, it usu-

ally interleaves the desired visual analysis with non-visual

contextual information, such as artist biographies or histor-

ical background. Additionally, the contextual information

for one artwork is often based on the descriptions of other

artworks (such as preceding artworks by the same artists).

This leads to the necessity of isolating visually relevant text,

while also distinguishing which visual elements refer to the

target work and which refer to external artworks. Such ele-

ments, if not filtered out, may lead to hallucinated questions

in the following steps. For this purpose, we implemented

a pre-processing step using an LLM that, unlike a rigid,

rule-based filter that might be erroneously confused by text

ambiguity, is able to leverage contextual understanding to

parse the raw article and extract only the most relevant sen-

tences that refer to the target artwork. This step yields a

clean, relevant textual signal for our generation pipeline.

Our question generation pipeline is designed to be

source-agnostic. For this work, we selected Wikipedia as

our primary data source due to its vast repository of im-

ages accompanied by human-generated collaborative de-

scriptions [38]; however, other resources can be used ef-

fectively. The initial phase involved downloading approxi-

mately 30,000 images and their corresponding descriptions.

To ensure each description was sufficiently rich for generat-

ing detailed questions, we applied a length filter, discarding

any image-text pair where the article contained fewer than

400 words. Each image text pair has been cleaned by an
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Figure 3. Examples from our VQArt-Bench dataset, categorized by our seven core evaluation dimensions. Our benchmark is designed

to test a spectrum of visual reasoning skills. It challenges models on foundational abilities like identifying objects and their properties

(Instance Identity, Instance Attribute), locating them in the scene (Instance Location), and quantifying them (Instance Counting). The

evaluation then progresses to more complex compositional tasks, such as understanding Spatial Relation and Instance Interaction, and

high-level tasks that require inferring context and causality (Visual-Inspired Reasoning). Correct answers are highlighted in Bold text.

LLM. We found that while passing both the picture and the

text may improve the ability of the LLM to discriminate

which content is actually in the picture, this also can poten-

tially lead to hallucinate descriptions not contained in the

text, and that the contextual understanding of the LLM is

still sufficient for the task, leaving hallucination checks to

next steps in the VQA generation pipeline.

3.3. Agent-Based Question Generation
From the cleaned descriptions of 3.2 we generate questions

using a sequential pipeline of four specialist agents. This

division-of-labor approach ensures questions grounded in
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Figure 4. Exploitative LLM based statistical evaluation of key attributes in our VQArt-Bench. The dataset shows broad diversity in terms

of compositional elements, including (a) a wide range of human figure counts, from individuals to large crowds; (b) varied numbers of

symbolic objects per scene; and (f) representation across different genders. The collection spans multiple genres and settings, covering

(c) primary artistic genres like religious and portraiture; (d, e) a balance of scenes with and without animal or vegetation presence; and (g,

h) a mix of indoor and diverse outdoor environments. Finally, the dataset captures rich atmospheric and stylistic variations, including

(l) different times of day; (i) various weather conditions; (k) simple and complex lighting sources; and (j) a full spectrum of warm-to-cool

color ratios, indicating diverse visual moods.

the metadata, reduce hallucinations and relevance regarding

the desired evaluations dimension of Sec. 3.1

Step 1: Topic Selection and Grounding The pipeline be-

gins with the Topic Selector Agent, which is tasked to an-

alyze the pre-processed visual description of each artwork,

and propose a list of candidate topics that may be relevant

for that picture. We found that this step is really prone to

hallucinate facts to support the relevant questions. To better

ground each question, for each candidate topic the agents

output must cite the minimal text snippet from the cleaned

description containing the supporting answer, ensuring that

all subsequent generation is based on factual information.

Step 2: Open-Ended Question Formulation The

grounded topics are then passed to the Question Gener-
ator. This agent takes the proposal from Step 1 and for-

mulates nuanced, open-ended questions. While the topic

agents primary goals is to ground the question and reduce

hallucinations, the open ended agent goal is to formulate the

question in the most relevant way, leaving the formulation

of the closed ended option to the next agents. The agent is

tasked to keep the question informed by the text, and an-

swerable by observing the image [36], avoiding questions

that would be answerable only by looking to the metadata.

Step 3: Multiple-Choice Refinement and Distractor
Generation The open-ended questions are then given to

the Question Refiner, which converts them into a challeng-

ing multiple-choice format. This agent is explicitly tasked

to design highly plausible distractors by anticipating pos-

sible visual misinterpretations grounded on the specific im-

age, incorporating subtle details, and using contextually rel-

evant but incorrect information [14]. This step is crucial

for creating questions that demand deep and precise visual

analysis.

Step 4: Final Judgment and Validation Finally, every

multiple-choice question is evaluated by the Judge. This

agent acts as a quality gatekeeper, ensuring that each ques-

tion is unambiguously answerable from the image, is non-

trivial, follows the provided evaluation dimensions and is
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linguistically sound [45]. Only questions that pass this strin-

gent assessment are included in the benchmark.

3.4. Human Validation and Quality Assurance
Although our automated pipeline is designed for high fi-

delity, we performed a human validation study to rigor-

ously quantify the final quality of our benchmark. We ran-

domly sampled 25% of the generated image-question pairs

for manual review. Expert annotators were tasked with ver-

ifying that each question was factually grounded in the cor-

responding image. This process confirmed that over the

98% of the reviewed questions were free from hallucina-

tions, underscoring the reliability of our agentic approach.

To make sure that our questions capture the essence of the

source descriptions, we compare the generated questions

against the original text. The analysis found that in most

of the of cases, the questions successfully represented most

of the salient information. This result demonstrates that our

pipeline not only produces linguistically diverse questions

but also achieves high information coverage, rivaling the

thoroughness of more rigid methods.

3.5. Final Benchmark Composition
The complete VQArt-Bench benchmark consists of 14,463

high-quality, multiple-choice questions that span the seven

reasoning dimensions presented above. The final distribu-

tion of questions across these categories is detailed in Table

1. This balanced composition ensures that the models are

evaluated across a comprehensive spectrum of visual skills.

To provide an approximate quantitative overview of key

attributes within VQArt-Bench, we automatically analyzed

the dataset’s statistical distribution of compositional ele-

ments using Gemini 2.5 [40] as State-Of-The-Art visual

LLM [29]. This analysis reveals the dataset’s broad diver-

sity across several categories and can be seen in Figure 4.

The collection shows significant variation in its composi-

tional elements, including: (a) a wide range of human fig-

ure counts, with a focus on scenes depicting a small number

of individuals (1-3 figures) but also including large crowds;

(b) a varied representation across men, women, and chil-

dren, with a majority presence of male figures

The dataset also spans multiple genres and settings, cover-

ing: (c) a distribution across primary artistic genres, with

Religious art, Portraiture, being the most prominent cat-

egories; (d, e) a significant presence of vegetation, while

most scenes do not feature animals, providing distinct con-

texts for analysis; and (g, h) a mix of indoor and outdoor

environments, with indoor settings and natural landscapes

being more common than urban scenes, and most outdoor

scenes set during the day.

Finally, the dataset captures rich atmospheric and stylistic

variations, including: (l) a variety of estimated times of day,

with a focus on midday and afternoon; (i) a range of weather

conditions, predominantly featuring clear or cloudy skies;

(k) a strong emphasis on artworks with a single, clear light

source over more complex, diffuse lighting; and (j) a full

spectrum of warm-to-cool color ratios, with a tendency to-

wards balanced or cooler color palettes, indicating diverse

visual moods.

Table 1. Distribution of Questions in the VQArt–Bench bench-

mark.

Reasoning Dimension Number of Questions
Instance Identity 2031

Instance Attribute 2598

Instance Location 2100

Instance Counting 1710

Spatial Relation 2067

Instance Interaction 1794

Visual-Inspired Reasoning 2163

Total 14463

4. Evaluation Results
Evaluated models We evaluated 14 models, including 3

variants of Gemma3 [41] in order to test how performances

change at scale. We evaluate other open source models as

Aria [28], Aya Vision [11], Kimi-VL [25], Phi-4 [2], Pixtral

12B [4], LLaVA [30], LLaVA-NeXT [31], InstructBLIP-

Vicuna [10, 46], as well as some SOTA closed source mod-

els as Gemini 2.5 [40], GPT-4o and GPT-4o mini [22].

4.1. Analysis
The evaluation results of different models on VQArt-Bench

are listed in Table 2, where accuracy refers to the proportion

of correctly answered multiple-choice questions relative to

the total number of questions. We have observed a number

of findings that can inform and guide future work.

Most MLLMs still exhibit limited performance As de-

picted in Tab. 2, most of the models analyzed fail to achieve

particularly high overall scores, displaying limited capabil-

ities in art understanding. Although most of the models

achieve better results than random guessing (four choices:

∼25%), most of them struggle to reach 50% accuracy.

MLLMs struggle with enumerating instances, while
overperform in reasoning Table 2 shows that all eval-

uated models perform significantly below their overall ac-

curacy in Instance Counting, yet excel in Visual-Inspired

Reasoning. This outcome is counterintuitive, as a human

would find counting elements much simpler than reasoning

about an entire artwork. We can explain this phenomenon

by looking at the skills required: Visual-Inspired Reasoning

demands less specific knowledge about individual instances

and a greater capacity for generalization, which is a key
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Table 2. Evaluation results of different models on VQArt-Bench. Seven spatial–reasoning dimensions and overall accuracy.

Source Model Evaluation Dimensions

Instance Attribute Instance Localization Instance Counting Spatial Relation Instance Interaction Instance Identity Visual-Inspired Reasoning Overall Acc.

Closed Source

Gemini 2.5 0.73 0.73 0.66 0.72 0.75 0.74 0.80 0.71

GPT-4o 0.66 0.66 0.59 0.65 0.68 0.67 0.72 0.64

GPT-4o mini 0.58 0.58 0.53 0.58 0.60 0.59 0.64 0.57

Open Source

Aria [28] 0.60 0.59 0.54 0.51 0.61 0.60 0.77 0.58

Aya Vision [11] 0.59 0.53 0.53 0.56 0.58 0.61 0.75 0.57

Kimi-VL [25] 0.69 0.70 0.64 0.66 0.67 0.72 0.83 0.67

Phi4 [2] 0.59 0.52 0.48 0.56 0.55 0.55 0.72 0.54

Pixtral [4] 0.65 0.63 0.57 0.62 0.61 0.63 0.81 0.62

InstructBLIP-Vicuna [10, 46] 0.25 0.21 0.10 0.21 0.24 0.47 0.26 0.24

LLaVA [30] 0.44 0.36 0.26 0.37 0.37 0.53 0.50 0.39

LLaVA-NeXT [31] 0.51 0.48 0.31 0.45 0.47 0.52 0.66 0.46

Gemma 3 27B [41] 0.41 0.39 0.39 0.41 0.47 0.54 0.54 0.42

Gemma 3 12B [41] 0.38 0.33 0.33 0.33 0.38 0.42 0.47 0.36

Gemma 3 4B [41] 0.35 0.27 0.26 0.30 0.39 0.39 0.47 0.33

strength of current state-of-the-art MLLMs. Furthermore,

Instance Counting questions are constructed with far more

likely distractors, which easily trick ”more naive” models,

as it happens with InstructBLIP-Vicuna [10, 46].

Artistic visual analysis is more challenging then stan-
dard benchmarks While standard image benchmarks

also feature naturalistic landscapes and human interactions,

artistic scenes present a unique challenge. They often depict

a broader range of subjects beyond everyday life, including

historical, religious and fictional figures. The actions por-

trayed can be far more complex and uncommon than those

typically found in online images. Furthermore, the visual

appearance of art is fundamentally different due to diverse

artistic styles and historical contexts, a stark contrast to the

more uniform distribution of images found on the internet,

from which large-scale benchmarks are typically sourced.

This effect can be seen by looking at table 2, more specifi-

cally at the results achieved by InstructBLIP-Vicuna, which

obtained a score just below the ”random guessing” value of

25%, while achieving the best overall score in the SEED-

Bench dataset [27]: 59% with similar evaluation.

Closed source models lead the performances Our eval-

uation demonstrates a clear performance disparity between

closed-source and open-source models in the domain of

artistic visual analysis. Notably, Gemini 2.5 surpasses all

current baselines on every evaluation metric. Although

open-source models like Kimi-VL are showing promising

capabilities, they have not yet reached the same level of

performance. This finding underscores the ongoing need

for the open-source research community to intensify efforts

in developing more capable models tailored to the unique

challenges of artistic interpretation.

Kimi-VL is the best Open Source Model From the re-

sults in table 2 it appears that Kimi-VL [25] is the best

model among all the open source MLLMs, even outper-

forming closed source models like GPT-4o and GPT-4o

mini. This may be due to its native-resolution vision en-

coder (MoonViT) and its novel training strategy, which

directly targets visual reasoning instead of more standard

tasks like image captioning. Kimi-VL performances sug-

gest that MoE models [9] can be effective in improving per-

formance while reducing active parameters.

Larger models perform generally better: We experi-

mented with how the amount of parameters influences the

performance by testing our benchmark against three differ-

ent versions of Gemma 3 (4B, 12B, 27B) [41]. We ob-

served that, as expected, the same model achieved better

results at larger scales, without being subject to fine-tuning

of any kind: Gemma 3 - 27B improves by +9% compared

to the 4B version and by +6% compared to the 12B version.

Another example of such is the improved score of GPT-4o

when compared to its mini version.

5. Conclusion
In this work, we addressed the critical limitations of rule-
based VQA for art. Such methods, constrained by rigid
templates, produce linguistically and semantically shallow
questions, leading to skewed data distributions that prevent
genuine visual evaluation. To solve this, we introduced
VQArt-bench, a new benchmark built with a novel agentic
pipeline to generate semantically rich and challenging ques-
tions. Our evaluation of 14 state-of-the-art models revealed
significant performance limitations, highlighting a surpris-
ing weakness in instance counting alongside a strength in
visual reasoning. While closed models like Gemini 2.5 cur-
rently lead, the promising results from open-source models
such as Kimi-VL show a path forward. VQArt-bench effec-
tively exposes current model weaknesses and sets a more
rigorous standard for developing AI with genuine visual lit-
eracy for art VQA.
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