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Abstract

The increasing application of multi-modal large language
models (MLLMs) across various sectors has spotlighted the
essence of their output reliability and accuracy, particularly
their ability to produce content grounded in factual infor-
mation (e.g. common and domain-specific knowledge). In
this work, we introduce SimpleVQA, the first comprehen-
sive multi-modal benchmark to evaluate the factuality abil-
ity of MLLMs to answer natural language short questions.
SimpleVQA is characterized by 7 key features: it is based
on bilingual, it covers multiple tasks and multiple scenar-
ios, ensures high quality and challenging queries, maintains
static and timeless reference answers, and is straightfor-
ward to evaluate. Our approach involves categorizing vi-
sual question-answering items into 9 different tasks around
objective events or common knowledge and situating these
within 9 scenario domains. Rigorous quality control pro-
cesses are implemented to guarantee high-quality, con-
cise, and clear answers, facilitating evaluation with mini-
mal variance via an LLM-as-a-judge scoring system. Us-
ing SimpleVQA, we perform a comprehensive assessment
of leading 18 MLLMs and 8 text-only LLMs, delving into
their image comprehension and text generation abilities by
identifying and analyzing error cases.

1. Introduction

A significant challenge in large language models (LLMs) is
ensuring that LLMs [1, 25] generate factually accurate and
evidence-based responses. Current state-of-the-art (SOTA)
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Which film does the scene in the picture
come from?

This scene is from movie Titanic.

Figure 1. An example from our proposed Simple VQA.

LLMs often produce outputs that are misleading or un-
supported by evidence phenomenon known as ‘“hallucina-
tions” [3, 29, 43]. The generation of incorrect or unsubstan-
tiated information remains a major barrier to the broader
adoption and reliability of general-purpose Al technologies.

OpenAl proposes SimpleQA [30] to measure factuality
simple and reliable with nearly 4K concise and fact-seeking
questions. Further, Chinese SimpleQA [8] comprised of 3K
Chinese questions spanning 6 major topics is proposed to
target the Chinese language. However, the SimpleQA and
Chinese SimpleQA benchmarks mainly evaluate the model
capabilities in text modality, ignoring wider real-world sce-
narios (e.g. vision modality). For the vision modality, the
research progress of the multi-modal large language mod-
els (MLLMs) is still hindered by the “hallucinations” intro-
duced by the given images. Therefore, The community of
MLLMs has an urgent need for how to measure the simple



and reliable factuality introduced by the image.

To address this limitation, we develop the SimpleVQA
benchmark as shown in Figure |, where we define the fac-
tual question-answering capability of the visual language
model. For the proposed factual Visual Question Answer-
ing (VQA), we collect 2,025 high-quality question-answer
pairs covering 9 different scenario domains across 9 differ-
ent application tasks. As a factual benchmark for a short
answer, SimpleVQA has the following advantages: (1) En-
glish and Chinese: SimpleVQA provides general knowl-
edge visual Q&A in both English and Chinese backgrounds,
and comprehensively assesses the fact-generating capacity
of MLLM:s in Chinese and English communities. (2) Multi-
task division: We divide the SimpleVQA assessment set
into 9 different forms of VQA tasks according to the col-
lected questions and different needs of pictures. (3) Di-
versified scenarios: SimpleVQA divided the VQA tasks
into 9 uniquely representative scenario domains based on
the category of the image and the source of the collected
images. (4) High quality: We implement a comprehensive
and rigorous quality control process to ensure the quality of
questions and the accuracy of answers at SimpleVQA. (5)
Challenge: simpleVQA focuses on factual questions that
mainstream MLLMs cannot answer accurately, and cannot
trace the cause of errors through the model itself. (6) Static
answers: Following SimpleQA’s factual definition, all the
standard answers provided in our benchmark don’t change
over time. (7) Easy to evaluate: SimpleVQA’s short an-
swers make it possible to use existing LLMs to run a judge
program (called LLM-as-a-Judge [15, 34]) to quickly deter-
mine right or wrong and get an overall accuracy rate.

We systematically evaluate 18 MLLMs on SimpleVQA
and create a dynamic leaderboard to show results. Further, a
series of probing experiments are performed to explore the
effect of the key factors for SimpleVQA. We classify the
capabilities possessed by MLLMs for factual questions into
two aspects, visual understanding and internalized knowl-
edge capabilities: (1) visual understanding refers to the abil-
ity of the model to identify the subject of the question being
asked in the question; and (2) internalized knowledge capa-
bilities test whether the model has already mastered the rel-
evant knowledge of the subject of the question being asked,
and thus is able to answer the relevant question correctly
after identifying that subject. Based on this definition, we
added an abductive reasoning experiment to the basic as-
sessment to help determine whether the badcase came from
a lack of visual understanding ability or a lack of internal-
ized knowledge ability by generating and labeling atomic
questions (each atomic question corresponds to an atomic
fact) for each VQA example.

The remarkable findings from SimpleVQA are summa-
rized as: (1) The factual accuracy of most evaluation mod-
els in the field of visual question-answering is insufficient.
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(2) The training data of MLLMs contains knowledge errors
and they are overconfident in what they generate. (3) Image
content understanding is still a major challenge for MLLMs
to achieve improved capabilities. (4) The ability of MLLMs
to internalize massive world knowledge still needs to be im-
proved, and overcoming illusions remains a great challenge
for large language models. (5) Further aligning visual core
information with the knowledge stored in LLMs is also key
to improving the factuality of MLLMs.

2. SimpleVQA
2.1. Overview

The SimpleVQA benchmark consists of 2,025 samples
spanning 9 core tasks and 9 primary domains, with each
question-image pair categorized into relevant subcategories,
enabling a comprehensive evaluation of MLLMs across di-
verse knowledge areas. The dataset 9 tasks, including cov-
ers Logic & Science (LS), Object Identification Recognition
(OIR), Time & Event (TE), Person & Emotion (PE), Lo-
cation & Building (LB), Text Processing (TP), Quantity &
Position Relationship (QPR), Art & Culture (AC), and Ob-
ject Attributes Recognition (OAR). To ensure broad topic
coverage, SimpleVQA is structured around 9 key domains:
Literature, education & sports (LES), Euro-American His-
tory & Culture (EHC), Contemporary Society (CS), Engi-
neering, Technology & Application (ETA), Film, Television
& Media (FTM), Natural Science (NS), Art (AR), Chinese
History & Culture (CHC), and Life (LI).

As shown in Table 1, SimpleVQA differs from exist-
ing MLLM benchmarks by focusing on factual knowledge
boundaries instead of general vision-language understand-
ing. Politically sensitive and ideological content is excluded
to maintain neutrality and avoid controversy. Designed
for efficiency, the dataset features concise questions and
standardized answers, reducing complexity in model eval-
uation. All samples follow a short-answer Q&A format,
enabling simple and objective assessment through direct
answer matching. These refinements ensure SimpleVQA
serves as a robust benchmark for evaluating MLLMs’ fac-
tual reasoning abilities.

2.2. Dataset Criteria

SimpleVQA maintains the following rigorous standards and
guidelines for question, image, and answer selection, ensur-
ing objectivity, temporal stability, and verifiability.

Question Guidelines Clear and Unique Answers: Ques-
tions must have a single, undisputed answer. They
should precisely define scope (e.g., “Which city?” in-
stead of “Which location?”) and specify time references
(e.g., “Which year?” rather than “When?”). Evidence-
Based: Each question must be supported by verifiable



Benchmark Multimodal Data Size Language Data Source Domain Factuality Reasoning Metric
MMbench [23] Image&Text 2,438 Chi.&Eng. Real World Knowledge X X MCQ Eval
CCBench [23] Image&Text 510 Chinese Knowledge Knowledge X X MCQ Eval
MME [13] Image&Text 1300 English Real World General X X TFQ Eval
MM-Vet [39] Image&Text 200 English Human General X X LLM-as-a-Judge
Dynamath [45] Image&Text 5000 English Exams Math X X Accuracy
MMMU [40] Image&Text 11.5k English Exams General X v Accuracy
MMMU-Pro [41] Image&Text 3460 English Human&GPT General X v Accuracy
ChineseFactEval [35] Text Only 125 Chinese Human Knowledge v X LLM-as-a-Judge
AGI-Eval [44] Text Only 8062 Chi.&Eng. Exams Knowledge X X Accuracy
C-Eval [11] Text Only 13,948 Chinese Exams Knowledge X x Accuracy
SimpleQA [31] Text Only 4,326 English Human Knowledge v x LLM-as-a-Judge
Chinese SimpleQA [9] Text Only 3,000 Chinese Human&GPT  Knowledge v x LLM-as-a-Judge
SimpleVQA (Ours) Image&Text 2,025 Chi.&Eng. Human&GPT  Knowledge v v LLM-as-a-Judge

Table 1. Comparisons between our SimpleVQA and other benchmarks, where “TFQ” means True or False questions, “MCQ” means

multi-choice questions, “Chi.& Eng.” means Chinese and English.
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Figure 2. An overview of the data construction process of SimpleVQA.

sources. Manually annotated questions include reference
links, while automatically generated ones undergo inde-
pendent validation by two Al trainers. Challenging for
MLLMs: Questions are tested on GPT-40, GPT-40-mini,
doubao-vision-pro, and ERNIE-VL. Only those that at least
one model answers incorrectly are retained; others are re-
vised. Answerable by August 2024: All questions must be
answerable based on knowledge available before Septem-
ber 1, 2024, ensuring a fair evaluation across models with
similar knowledge cutoffs.

Visual Guidelines No Direct Textual Clues: Images must
not contain text revealing the answer. Authenticity: Only
real, unaltered images are allowed to prevent factual dis-
tortion. Supports Question Reasoning: Each image must
provide sufficient context for answering. Manually labeled
samples undergo multi-annotator verification. Fixed Before
August 2024: Image content must be valid and confirmable
before August 2024.

Answer Guidelines Temporal Stability: Answers must
remain unchanged and unaffected by new information.
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Time-sensitive topics (e.g., sports, media) should specify
a timeframe rather than a general answer that may change.
Sufficiently Challenging: Answers are tested against four
high-precision MLLMs. If all models respond correctly, the
question is revised to increase difficulty. Fully Objective
and Evaluable: Answers must be precise, verifiable, and
free from subjective interpretation. Unambiguous: Each
answer must have a single, clear meaning to prevent mis-
interpretation.

2.3. Data Collection and Processing

Figure 2 shows an overview of the data construction pro-
cess of SimpleVQA, which adheres to a meticulously de-
signed five-step process, ensuring the highest standards of
data quality and reliability.

Step 1: Seed Example Collection. SimpleVQA'’s seed
examples are sourced from two primary channels. First,
we filter images and Q&A pairs from publicly available
VQA datasets that align with factual knowledge criteria. We
select MM Vet (English), MME (English), Dynamath (En-
glish), MMbench_CN (Chinese), and CCBench (Chinese)
due to their recent construction (post-2024) and their rele-



Statistics Number | Statistics Number
Data 2025 | Domain Categories 9
- Chinsne(CN) 1012 | - Literature, Education & Sports(LES) 13.48%
- English(EN) 1013 | - Euro-American History & Culture(EHC) 12.89%
Task Categories 9 | - Contemporary Society(CS) 11.51%
- Logic & Science(LS) 5.04% | - Engineering, Technology & Application(ETA) 7.95%
- Object Identification Recognition(OIR) 14.07% | - Film, Television & Media(FTM) 10.62%
- Time & Event(TE) 9.98% | - Natural Science (NS) 12.64%
- Person & Emotion(PE) 13.58% | - Art (AR) 7.65%
- Location & Building(LB) 21.53% | - Chinese History & Culture(CHC) 9.68%
- Text Processing(TP) 10.07% | - Life (LI) 13.58%
- Quantity & Position Relationship(QPR) 10.12% | Word length of Questions

- Art & Culture(AC) 9.09% | - Maximum question length 314
- Object Attributes Recognition(OAR) 6.52% | - Minimum problem length 5

Table 2. Statistics of SimpleVQA

vance to real-world applications. Second, we collect images
and relevant factual knowledge from search engines (e.g.,
Google, Baidu, Wikipedia), with expert annotators gener-
ating corresponding questions and answers. These data fo-
cus on entities and events across multiple domains, ensur-
ing answers are objective, fact-based, and centered on entity
recognition or attribute extraction.

Step 2: Data Enhancement and QA Pair Generation.
Once sufficient seed examples are gathered, we employ
GPT-4o0 [12] to refine the data and generate Q&A pairs for
factual categories. For multiple-choice questions (MCQs)
from sources like MMbench_CN and CCBench, to ensure
answer uniqueness, we use LLMs to rephrase the original
question and introduce qualifiers that precisely align with
the correct response. For MME, we extract the answer en-
tity and rewrite the question based on its attributes, ensuring
a one-to-one correspondence. Datasets like MM Vet, Dy-
namath, and CCBench, which contain discrepancies from
factual Q&A formats (e.g., incorrect answer options, im-
age descriptions, or MCQ distractors), are processed using
GPT-4o to align the content with factual reasoning. These
refinements produce the initial version of SimpleVQA.

Step 3: LLM-Based Quality Verification. The refined
dataset undergoes verification using GPT-4 to assess adher-
ence to quality standards, ensuring answer stability, unique-
ness, and question difficulty. Following LLM screening,
two professional annotators conduct rigorous quality checks
and refine samples as needed.

Step 4: Difficulty Screening. To maximize the dataset’s
utility in model evaluation, we filter out overly simple Q&A
pairs. We assess responses from four mainstream MLLMs
(GPT-40, GPT-40-mini, Doubao-vision-pro, and ERNIE-
VL). Any question correctly answered by all four models is
deemed too simple and excluded from the dataset, thereby
maintaining a challenging benchmark.

Step 5: Extracting Atomic Facts. To analyze visual
comprehension and language alignment in MLLMs more
precisely, we generate atomic questions from each Sim-
pleVQA entry. An atomic fact represents the most funda-
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mental, indivisible attribute or characteristic of an object.
For instance, given the question “In what year was the per-
son in the image born?”, the corresponding atomic question
is “Who is the person in the image?”’. MLLMs generate
candidate answers, which are then reviewed and refined by
professional annotators to ensure accuracy.

2.4. Human Annotation & Quality Control

To ensure dataset quality, we implement a rigorous man-
ual validation process following automated data collection.
Most of the collaborators participated in the necessary data
annotation, and we also selected three domain experts from
the collaborators. Each question is independently reviewed
by two expert annotators to verify factual accuracy. If either
annotator finds a question unsuitable, it is discarded. Anno-
tators fact-check answers using authoritative sources such
as Wikipedia and Baidu Encyclopedia, providing at least
two supporting URLs. If their answers differ, a third expert
conducts a final review to ensure consistency and correct-
ness. Only Q&A pairs that fully align with both human
evaluations and LLM-generated responses are retained.

A difficulty assessment further refines the dataset. We
begin with 8,360 Q&A pairs, filtering out 22% of image-
based samples that lack challenge or fail to meet prede-
fined criteria. 1,108 pairs are removed through multi-model
testing to ensure that questions pose a meaningful chal-
lenge to MLLMs. To maintain category balance, we care-
fully select 200 high-difficulty mathematical Q&As from
5,000 Dynamath samples, avoiding an overrepresentation
of simpler factual questions. Through multiple validation
rounds, we retain 2,025 high-precision Q&A pairs, account-
ing for 24% of the original dataset. This process ensures
factual integrity, topic diversity, and appropriate difficulty
levels, making SimpleVQA a robust benchmark for evalu-
ating MLLMs’ reasoning and knowledge boundaries.

2.5. Dataset Statistics

As shown in Table | and 2, our SimpleVQA benchmark
consists of 2,025 samples across 9 major tasks, 9 major do-



mains, and 244 image types. Examples of each category
can be found in supplementary material. This design fa-
cilitates a comprehensive assessment of MLLMs across dif-
ferent domains. Regarding the distribution of domain topics
and image types in SimpleVQA, 9 main domains are de-
fined and subcategories are assigned based on each topic.
Table 2 displays statistics related to SimpleVQA, includ-
ing the amount of data, categorization and percentage, and
the text length of the questions. In Table I, we also com-
pare SimpleVQA with several mainstream MLLMs’ evalu-
ation benchmarks, which suggests that SimpleVQA is the
first MLLMs’ benchmark that focuses on the evaluation of
knowledge boundaries in factual categories. We excluded
ideological and politically relevant data from the dataset to
prevent social controversies and negative impacts. In addi-
tion, we implemented several optimizations to improve the
efficiency of the evaluation. The dataset features concise
questions and standardized answers, minimizing the input
and output markers required for GPT assessment. In addi-
tion, all examples are in short-answer question-and-answer
(QA) format, and they can be assessed by simple matching.

3. Experiments

3.1. Experimental Setup

We implement a standardized protocol across all experi-
ments, maintaining a consistent prompt format throughout.
All temperature and sampling parameters are configured ac-
cording to each LLM’s official recommendations or default
settings. For evaluation and benchmark construction, we
employ GPT-40 as the primary model due to its robust per-
formance in multimodal tasks.

3.2. Baseline Models

We evaluate 18 representative MLLMSs in total, compris-
ing 8 closed-source and 10 open-source models, which pro-
vide a diverse evaluation of model capabilities across dif-
ferent architectures and training paradigms. The closed-
source models include GPT-40 and 4o0-mini, Doubao-
pro-128k and 32k, Gemini-2.0-flash, Claude-3.5-Sonnet,
Qwen-Max, ERNIE-VL. The open-source models cover a
wide range of frameworks, including InternVL2.5 and In-

https://platform. openai.com/docs/models#gpt—

40; https://platform.openai.com/docs/models#gpt—
4o-mini

https://www.volcengine.com/product/ark

https://deepmind. google/technologies/gemini /
flash/

https://www.anthropic.com/news/claude-3-5
sonnet

https://huggingface.co/spaces/Qwen/Qwen—Max
https://yiyan.baidu.com/
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ternVL2, Qwen2.5-VL and Qwen2-VL, Janus-pro-7B.

3.3. Evaluation Metrics

The SimpleVQA benchmark employs a set of evaluation
metrics to assess the accuracy, reliability, and consistency of
the model’s predictions. These metrics include: (1) Correct
(CO) evaluates whether the predicted answer matches the
reference answer exactly without any contradiction. (2) Not
Attempted (NA) identifies cases where the model does not
attempt to answer, ensuring no contradictions are present.
(3) Incorrect (IN) flags instances where the predicted an-
swer contradicts the reference answer, even if resolved. (4)
Correct Given Attempted (CGA) measures the proportion
of correct answers among those attempted by the model, re-
flecting its performance when engaged. (5) F-score com-
putes the harmonic mean between “Correct” and “Correct
Given Attempted”, providing a balanced evaluation that
combines accuracy and attempt success.

3.4. Main Results

Results on Overall and Different Tasks Table 3 presents
the performance of MLLMs on SimpleVQA, highlight-
ing their F-scores across different tasks. Among the
closed-source models, Gemini-2.0-Flash demonstrates su-
perior performance, particularly in tasks such as LS,
OIR, TE, PE, LB, TP, and QPR, achieving state-of-the-
art (SOTA) scores across these task categories. Claude-
3.5-Sonnet, GPT-40, and ERNIE also exhibit strong perfor-
mance. Open-source models, including InternVL2.5-78B-
MPO and Qwen2.5-VL-72B-Instruct, show competitive re-
sults, though slightly below the leading closed-source mod-
els. Notably, Qwen2.5-VL-72B-Instruct outperforms most
mainstream closed-source MLLMs in several aspects.

Results on Cross-lingual and Different Domains Ta-
ble 4 lists the performance of various closed-source and
open-source MLLMs on SimpleVQA, highlighting their
Q&A performance across languages and across different
scenarios. Among the closed-source models, Gemini-2.0-
Flash and ERNIE-VL show strong Chinese quizzing abil-
ity; Gemini-2.0-Flash and Claude-3.5-Sonnet show strong
English quizzing ability; especially on the scale evalua-
tion with scenarios as the categorization, the three mod-
els mentioned above achieve almost all the SOTA. open-
source models InternVL2.5-78B-MPO and Qwen2.5-VL-

https : / /huggingface . co/ OpenGVLab / InternVL2 _
5-78B~-MPO; https ://huggingface . co/OpenGVLab /
InternVL2-Llama3-76B

https://huggingface.co/Qwen/Qwen2

Instruct; https://huggingface.co/Q

7B-Instruct; https://huggingface.co/Qwen/Qwen2-VL
72B-Instruct
https://huggingface.co/deepseek-ai/Janus-Pro-

/B


https://platform.openai.com/docs/models#gpt-4o
https://platform.openai.com/docs/models#gpt-4o
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https://www.anthropic.com/news/claude-3-5-sonnet
https://huggingface.co/spaces/Qwen/Qwen-Max
https://yiyan.baidu.com/
https://huggingface.co/OpenGVLab/InternVL2_5-78B-MPO
https://huggingface.co/OpenGVLab/InternVL2_5-78B-MPO
https://huggingface.co/OpenGVLab/InternVL2-Llama3-76B
https://huggingface.co/OpenGVLab/InternVL2-Llama3-76B
https://huggingface.co/Qwen/Qwen2.5-VL-72B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-72B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct
https://huggingface.co/Qwen/Qwen2-VL-72B-Instruct
https://huggingface.co/Qwen/Qwen2-VL-72B-Instruct
https://huggingface.co/deepseek-ai/Janus-Pro-7B
https://huggingface.co/deepseek-ai/Janus-Pro-7B

H Overall results \ F-score on 9 task categories

Models
\ CO NA 1IN CGA F-score \ LS OIR TE PE LB TP QPR AC OAR
Closed-source Multi-modal Large Language Models
GPT-40 472 78 450 512 49.1 58.7 534 481 364 443 575 61.8 351 61.0
GPT-40-mini 355 100 545 394 37.3 300 444 385 29.6 362 421 459 258 40.6

Doubao-vision-pro-128k | 39.7 20.8 39.5 50.1 443 483 535 534 396 350 385 469 359 629
Doubao-vision-pro-32k 254 236 514 327 28.3 242 379 180 31.6 213 392 329 18.6 36.6

Gemini-2.0-flash 528 6.0 412 56.1 544 63.7 609 543 55.0 443 615 657 339 644
Claude-3.5-Sonnet 485 98 418 537 50.9 57.1 539 521 29.7 472 584 627 46.7 60.1
Qwen-Max 254 153 593 30.0 27.5 15.1 337 135 301 277 360 344 121 364
ERNIE-VL 465 95 440 514 48.8 49.0 559 483 40.7 407 544 597 336 708

Open-source Multi-modal Large Language Models

InternVL2.5-78B-MPO 454 59 486 483 46.8 574 54.6 503 264 344 570 658 328 723
InternVL2.5-78B 415 7.7 508 45.0 432 495 494 450 284 31.0 496 637 320 652
InternVL2-Llama3-76B 357 84 559 389 37.2 347 435 356 262 284 443 535 290 54.1
InternVL2.5-38B-MPO 429 54 518 453 44.0 51.7 525 457 221 340 520 67.8 328 604
InternVL2.5-26B-MPO 399 7.6 525 432 41.5 434 445 4777 271 317 459 586 29.0 68.0
InternVL2.5-8B-MPO 336 75 589 363 34.9 451 374 309 191 260 443 522 264 562

Qwen2.5-VL-72B 494 54 452 522 50.8 577 508 51.0 38.6 51.6 578 658 298 628
Qwen2-VL-72B-Instruct | 44.7 103 45.0 49.8 47.1 48.8 519 463 379 385 553 630 359 597
Qwen2.5-VL-7B-Instruct | 43.2 5.1 51.7 45.6 443 386 527 376 327 410 526 536 392 56.7

Janus-pro-7B ‘31.3 106 58.1 35.0 33.0 ‘27.0 434 265 237 282 240 504 362 423

Table 3. Results of different models on SimpleVQA. For metrics, CO, NA, IN, and CGA denote “Correct”, “Not attempted”, “Incorrect”,
and “Correct given attempted”, respectively. We report the scores across different tasks, including “Logic & Science (LS)”, “Object
Identification Recognition (OIR)”, “Time & Event (TE)”, “Person & Emotion (PE)”, “Location & Building (LB)”, “Text Processing (TP)”,
“Quantity & Position Relationship (QPR)”, “Art & Culture (AC)”, and “Object Attributes Recognition (OAR)”.

F—Tosation & Building

Figure 3. F-score results for eight different models across nine task categories.

72B-Instruct, respectively, achieved the highest perfor- confidence and the accuracy of its answers by requiring
mance, albeit slightly lower than the top closed-source mod- models to report confidence levels with their responses. As
els. It is worthwhile to note that Qwen2.5-VL-72B-Instruct illustrated in Figure 4, two key patterns emerge: first, mod-
achieved the highest score for the open source model on the els demonstrate higher confidence when more reference
English review and was reviewed for strong performance on materials are available, irrespective of architectural differ-
several domains. ences; second, while higher confidence generally correlates

with greater accuracy, we observe numerous instances of
high-confidence errors. This finding suggests that MLLMs

Confidence Analysis The study of confidence analysis e ; X .
exhibit overconfidence in their knowledge representation

evaluates the consistency between an MLLM’s expressed
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| Chinese partial results ‘ English partial results ‘

F-score on 9 domains categories

Models

| CO CGA F-score | CO CGA F-score | LES EHC CS ETA FTM NS AR CHC LI

Closed-source Multi-modal Large Language Models
GPT-40 48.7 51.6 50.1 457 507 48.1 47.0 37,5 582 620 505 61.7 303 296 588
GPT-40-mini 33.0 36.0 34.4 382 43.1 40.5 36.0 254 444 415 411 406 229 266 523
Doubao-vision-pro-128k 51.1 56.4 53.6 28.5 41.8 33.9 51.8 2377 50.1 522 490 443 32,6 449 487
Doubao-vision-pro-32k 29.0 37.8 32.8 15.6  26.2 19.6 349 134 330 382 293 234 152 291 374
Gemini-2.0-flash 548 579 56.3 50.7 543 52.5 541 354 599 675 709 64.6 292 363 64.6
Claude-3.5-Sonnet 48.0 50.6 49.3 492 570 52.8 49.1 427 527 565 48.1 61.1 387 344 66.5
Qwen-Max 252 294 27.1 25.6  30.6 27.9 28.1 21.0 354 348 31.6 200 142 119 441
ERNIE-VL 540 553 54.6 40.7 449 42.7 559 329 600 546 428 507 27.8 454 594
Open-source Multi-modal Large Language Models

InternVL2.5-78B-MPO 51.7 54.7 53.1 39.2 418 40.5 542 225 602 536 355 567 275 379 63.6
InternVL2.5-78B 46.7 49.2 47.9 36.3 40.6 38.3 483 18,6 552 56.0 330 539 256 337 575
InternVL2-Llama3-76B 342 374 35.7 37.1 404 38.7 383 19.0 440 444 354 456 204 214 57.1
InternVL2.5-38B-MPO 48.0 495 48.8 377 409 39.2 523 21.0 542 595 293 515 279 316 616
InternVL2.5-26B-MPO 455 473 46.3 344 388 36.4 469 20.6 545 47.6 324 516 205 344 543
InternVL2.5-8B-MPO 358 385 37.1 314 340 32.7 36.0 140 437 432 264 464 203 225 535
Qwen2.5-VL-72B-Instruct  48.0  50.4 49.2 50.7 54.0 52.3 494 452 643 624 536 583 209 303 618
Qwen2-VL-72B-Instruct 46.1 48.6 473 433 512 46.9 452 304 540 572 516 535 294 297 652
Qwen2.5-VL-7B-Instruct ~ 41.9  44.0 429 445 471 45.8 429 428 549 498 404 464 259 303 569
Janus-pro-7B 295 321 30.7 \ 332 38.1 35.5 \ 305 215 402 408 262 371 268 153 532

Table 4. Results of different models on SimpleVQA. For metrics, CO, NA, IN, and CGA denote “Correct”, “Not attempted”, “Incorrect”,
and “Correct given attempted”, respectively. SimpleVQA is structured around nine key domains: “Literature, education & sports (LES)”,
“Euro-American History & Culture (EHC)”, “Contemporary Society (CS)”, “Engineering, Technology & Application (ETA)”, “Film”,
“Television & Media (FTM)”, “Natural Science (NS)”, “Art (AR)”, “Chinese History & Culture (CHC)”, and “Life (LI)”.

and comprehension capabilities.
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Figure 4. Calibration of LLMs based on their stated confidence.
The x-axis represents the confidence level of the LLMs, and the
y-axis represents the accuracy.

Results on Different LLMs To validate the benchmark’s
reliance on visual information, we conduct experiments
with eight mainstream LLMs using text-only inputs (with-
out images). These models include well-known LLMs
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Models CO IN NA CGA
ol-preview 3.65%  22.12% 7422%  14.16%
ol-mini 4.1% 19.51%  76.4% 17.36%
DeepSeek-R1 10.08%  53.6%  36.32% 15.82%
Qwen-Max 7.6% 70.77%  21.63%  9.69%
GPT-40 5.23% 31.6%  63.16% 14.2%
GPT-40-mini 6.47%  47.65% 45.88% 11.95%
Claude-3.5-Sonnet2  2.02% 721%  90.77%  21.88%
Gemini-2.0-flash 7.06%  61.33%  31.6% 10.32%

Table 5. The CO, NA, IN, and CGA results for 8 LLMs across
simpleVQA without image input.

such as ol-Preview, ol-mini, and DeepSeek-R1. Table 5
presents the experimental results. We specifically design vi-
sual questions that theoretically require image inputs to be
answered correctly. Despite the absence of visual informa-
tion, LLMs achieve minimal accuracy on these tasks, with
DeepSeek-R1 demonstrating notably higher performance in
inferring correct answers from textual context alone.

4. Further Analysis

Based on SimpleVQA, we conduct a further evaluation of
MLLMs, revealing significant factual accuracy issues. We

https://platform.openai.com/docs/models#ol

https://platform. openai.com/docs/models#ol -
mini

https://huggingface.co/deepseek—-ai/DeepSeek-R1


https://platform.openai.com/docs/models#o1
https://platform.openai.com/docs/models#o1-mini
https://platform.openai.com/docs/models#o1-mini
https://huggingface.co/deepseek-ai/DeepSeek-R1

also perform a deep analysis of these factual problems by
examining both the visual understanding capabilities and
text generation mechanisms of MLLMs, which provides in-
sights for future model optimization.

First, we identify the three most robust MLLMs through
systematic evaluation. For each VQA task where an MLLM
provides an incorrect response, we use a carefully designed
prompt to decompose the question into an atomic problem
focused on basic content recognition. Each atomic problem
corresponds to a fundamental atomic fact that, when identi-
fied, converts the original question into a purely factual text-
based query. When an MLLM fails to answer even these
simplified atomic queries correctly, we attribute this fail-
ure to insufficient visual understanding of the image. Next,
we distinguish between original questions that are already
atomic in nature and those that are not. We systematically
identify cases where the derived atomic questions differ
from the original questions and compile them into a test set
called the Complex Fact Question (CFQ) set. This dataset
is specifically designed to evaluate whether model perfor-
mance improves when atomic facts are explicitly provided.
In a follow-up experiment, we augment each CFQ query by
incorporating the answer to its corresponding atomic ques-
tion as an explicit hint. We then reassess model perfor-
mance with these augmented queries. When models still
provide incorrect answers despite having access to the rele-
vant atomic facts, we attribute such failures to deficiencies
in background knowledge rather than visual understanding.

Table 6 presents the results of the CFQ experiments.
From our complete dataset, we select 570 challenging CFQ
examples to evaluate both visual understanding and knowl-
edge internalization capabilities. In addition, another 90
questions are selected from which none MLLMs can an-
swer correctly, to test the performance of mainstream LLMs
in deep thinking. We test pure language models (LLMs) in-
cluding ol-preview, ol-mini, and DeepSeek-R1, as well as
multimodal models (MLLMs) such as GPT-40, Qwen2.5-
VL-72B-Instruct, and InternVL2.5-78B-MPO. Our findings
reveal several key insights. First, LLMs, despite their rea-
soning capabilities, fail to effectively utilize atomic facts
without accompanying images. Second, MLLMs demon-
strate a significant disparity between their visual under-
standing abilities and knowledge internalization capabili-
ties. While MLLMs show marginally better knowledge re-
tention in relation to visual content, substantial room for im-
provement remains. Finally, the performance patterns ob-
served when MLLMs answer atomic questions suggest po-
tential for enhancing visual understanding through targeted
training approaches.

5. Related Works

Multimodal Benchmarks. Recent vision-language bench-
marks have been developed to assess models’ capabilities
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Models Origin  Atomic Atomic-Given Fix-Badcase
ol-preview - 62.74% 13.33% (90)
ol-mini - 51.49% 10.00% (90)
DeepSeek-R1 - 55.01% 17.78% (90)
Qwen-Max 54.83% 5.56% (90)
GPT-40 56.24% 56.94% 61.69% 35.60% (250)
Qwen2.5-VL-72B-Instruct  51.67%  59.58% 64.15% 36.25% (276)
InternVL2.5-78B-MPO 55.36% 55.71% 69.95% 43.53% (255)

Table 6. CFQ experiment in SimpleVQA. “Origin”: original Q&A
accuracy; “Atomic”: atomic Q&A accuracy; “Atomic-Given’:
original Q&A with atomic facts; “Fix-Badcase”: corrected re-
sponses with atomic facts. Sample sizes are in parentheses.

in integrating visual and textual information across vari-
ous tasks [14, 32, 33, 42], including OCR [4, 6], spatial
awareness [17], multimodal representation learning and re-
trieval [5, 19, 20], and reasoning skills [24, 26]. For ex-
ample, MMBench [22] employs multiple-choice tasks in
both Chinese and English, covering a wide range of do-
mains. MMMU [40] focuses on complex vision-language
tasks, particularly those requiring advanced multimodal rea-
soning. MMStar [2] utilizes multi-task evaluations to test
models’ ability to fuse different modalities.

Factuality Benchmarks. Factuality refers a model’s ca-
pacity to produce content consistent with factual knowl-
edge, encompassing commonsense, general world knowl-
edge, and domain-specific information. The capability can
be evaluated through comparison against authoritative ref-
erences, including Wikipedia and academic literature. Re-
cently, Various benchmarks have been developed to evalu-
ate factuality in LLMs [11, 16, 21, 27, 28, 36-38, 44]. For
example, MMLU [10] assesses multitask accuracy across
57 diverse tasks. HaluEval [18] explores the propensity of
LLMs to produce hallucinations or false information. Sim-
pleQA [31] and Chinese SimpleQA [7] have been proposed
to measure the short-form factuality in LLMs.

6. Conclusion

This paper presents SimpleVQA, the first bilingual vi-
sual question-answering benchmark for evaluating fact-
based reasoning in MLLMs. SimpleVQA features
seven key attributes: Chinese-English bilingualism, multi-
task/multi-scene adaptability, high-quality content, chal-
lenging queries, static design, and evaluation efficiency.
Our comprehensive evaluation of 18 MLLMs and 8 LLMs
demonstrates its effectiveness in assessing fact-based rea-
soning capabilities. ~We also introduce the calibration
methodology to evaluate MLLMSs’ visual comprehension
and visual-linguistic alignment through atomic question de-
composition of factual queries. SimpleVQA establishes a
robust benchmark for assessing factuality and advancing the
development of reliable MLLMs.
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