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Abstract

The rapid rise of multimodal large language
models (MLLMs) has created a pressing need
for systematic evaluations of their performance.
Most existing benchmarks are designed for
English-language settings and rely heavily on
automated scoring, leaving a significant gap in
evaluating complex multimodal tasks in Chi-
nese and culturally grounded scenarios. To
address this, we introduce a comprehensive
evaluation framework and a curated dataset for
Chinese-language image understanding. Our
framework encompasses four core capability
aspects: visual perception and recognition, vi-
sual reasoning and analysis, visual aesthetics
and creativity, and safety and responsibility. All
image-text pairs are carefully constructed to en-
sure strong visual grounding. We benchmark
17 state-of-the-art MLLMs from the U.S. and
China across 22 diverse tasks using a human-
centric evaluation approach, supported by a
multidimensional scoring protocol. Our find-
ings show that GPT-40 and Claude lead across
the four capability aspects, while models like
Qwen-VL and Step-1V demonstrate particu-
lar strengths in visual perception tasks, espe-
cially in culturally specific scenarios. Addition-
ally, we provide comparative insights into the
strengths and limitations of U.S.- and China-
developed models, offering guidance for more
informed development and deployment of mul-
timodal Al systems.

1 Introduction

Recent multimodal large language models
(MLLMs) have demonstrated remarkable progress
in understanding and reasoning across visual
and textual modalities (OpenAl et al., 2024a;
Alayrac et al., 2022; Huang et al.,, 2023; Li
et al., 2023b; Driess et al., 2023; Dai et al., 2023;
Gong et al., 2023; Liang et al., 2024), revealing
significant potential for real-world applications
across industries. ~ However, the systematic
evaluation of these models’ image understanding

capabilities—particularly in application-oriented
and non-English contexts—remains underdevel-
oped. Although several benchmarks have been
proposed to evaluate MLLMs (He et al., 2024; Li
et al., 2023a; Fu et al., 2023; Liu et al., 2023b;
Xu et al., 2023), challenges persist in terms of
reliability, interpretability, and practical relevance.
First, some test tasks do not genuinely assess a
model’s visual understanding, as they can often
be completed using only textual information or
embedded world knowledge without actual visual
perception or reasoning, especially if unintentional
data leakage in training happens (Chen et al.,
2024). Additionally, the growing reliance on large
language models (LLMs) as automatic evaluators
may introduce biases or fail to capture nuanced
aspects of multimodal outputs (Gu et al., 2025).
Third, a significant portion of existing benchmarks
are designed primarily for model development.
They offer limited guidance for end users or
industry practitioners seeking to select or deploy
models in real-world settings, especially within
non-English environments.

To address these issues, we propose a compre-
hensive evaluation framework focused on MLLMs’
image understanding capabilities in Chinese-
language contexts. We apply this framework to
benchmark 17 leading models released in China
and the United States as of early 2025. Our frame-
work organizes complex multimodal tasks into
four core capability aspects: visual perception and
recognition, visual reasoning and analysis, visual
aesthetics and creativity, and safety and responsi-
bility. To enable reliable and interpretable evalu-
ation, we employ human expert raters and adopt
a multidimensional scoring protocol. Our work
showcases the current strengths and limitations of
existing models, offering directions for future im-
provements and informing model selection for both
general users and industry stakeholders.

We contribute to related work in several ways.



* We introduce a structured evaluation frame-
work and a curated question set for assessing
image understanding capabilities in Chinese-
language contexts. The dataset comprises
22 tasks with problems of varying difficulty
levels, spanning OCR, object recognition, vi-
sual reasoning, aesthetic judgment, and safety
assessment - covering a broad spectrum of
application-oriented abilities and culturally
grounded scenarios.

* We design a multidimensional scoring pro-
tocol that incorporates expert human evalu-
ations, enabling nuanced, context-sensitive
judgments that go beyond what automatic met-
rics or multiple-choice formats can capture.
This human-centric approach ensures fairness,
interpretability, and alignment with real-world
use cases, particularly in safety-critical and
open-ended generation tasks.

* We assess 17 state-of-the-art MLLMs from
China and the U.S, providing a comparative
analysis that uncovers model strengths, weak-
nesses, and regional performance trends. By
offering transparent evaluation and culturally
grounded tasks, our work aims to advance
more inclusive, meaningful, and real-world-
relevant assessment of MLLMs.

2 Related Work

Multimodal Language Models. The success
of large language models (LLMs) has spurred
their adaptation to multimodal tasks through in-
tegration with visual encoders, leading to multi-
modal large language models (MLLMs). (Yin et al.,
2024). Early approaches such as CLIP (Radford
et al., 2021) focused on aligning vision and lan-
guage through contrastive learning on large-scale
image-text pairs , while subsequent models such
as BLIP (Li et al., 2022) introduced diverse super-
vision tasks such as captioning to improve multi-
modal pretraining. However, both required sepa-
rate vision-language pipelines, incurring error ac-
cumulation.

Recent MLLMs have evolved from modular
pipelines toward unified architectures that embed
visual features directly into language modeling.
Leading adapter-based approaches like MiniGPT-
4 (Zhu et al., 2023), InstructBLIP (Dai et al., 2023),
and LLaVA (Liu et al., 2023a) align pre-trained
LLMs with visual inputs through lightweight pro-

jection and instruction tuning, enabling advanced
capabilities in multi-turn visual question answering
and image-based dialogue. Meanwhile, natively
multimodal architectures, such as GPT-40 (OpenAl
et al., 2024b) and Gemini 1.5 (Gemini et al., 2024),
process vision and language in integrated architec-
tures, supporting real-time, end-to-end image-text
interaction.

As MLLMs are applied to various real-world sce-
narios, such as document digitization, autonomous
driving (Wei et al., 2024), and medical image anal-
ysis (Moor et al., 2023), their accuracy, robustness,
and contextual reasoning become increasingly crit-
ical. This underscores the urgent need for reliable
evaluation and benchmarking (Huang and Zhang,
2024).

Evaluations of MLLMSs. Quantitative evalua-
tion is essential to assess the strengths and lim-
itations of MLLM. Classical benchmarks such
as COCO Captions (Lin et al., 2015), NoCaps
(Agrawal et al., 2019), and VQAv2 (Goyal et al.,
2017) focus on isolated tasks like image caption-
ing or visual question answering. These typically
involve fixed answer formats and narrow linguistic
distributions, making them insufficient for eval-
uating general-purpose, open-ended multimodal
understanding and reasoning.

Recent MLLM evaluation efforts have shifted
from narrow, task-specific assessments to more
comprehensive and integrated benchmarks that
span a wide range of capabilities. For instance,
MME (Fu et al., 2023) and MMBench (Liu et al.,
2023b) offer fine-grained, large-scale evaluations
using binary and multiple-choice questions, cover-
ing skills such as object recognition, OCR, numer-
ical understanding and commonsense reasoning.
SEED-Bench-2 (Li et al., 2023a) introduces a hier-
archical framework that integrates recognition and
generation tasks, supported by a refined answer-
ranking strategy. In contrast, MM-Vet (Yu et al.,
2024) focuses on evaluating complex, integrated
tasks that combine six core vision language capa-
bilities, including recognition, knowledge, OCR,
spatial awareness, language generation and math,
by leveraging GPT-4 to evaluate open-ended re-
sponses. While recent benchmarks represent sig-
nificant progress toward evaluating MLLMs, most
remain constrained by English-centric design, lim-
ited task diversity, over-reliance on LLM-based
auto-evaluation, and insufficient control over data
contamination or visual grounding (Chen et al.,
2024).
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Figure 1: Diagram of our evaluation framework. Sample questions are translated from Chinese.

Our work aligns with this trend toward integrated
multimodal evaluation and builds upon the capa-
bilities emphasized in prior benchmarks such as
MM-Vet (Yu et al., 2024) and MME (Fu et al.,
2023). Yet, our work distinguishes itself in several
important ways. First, our benchmark is designed
specifically for the Chinese-language context, ad-
dressing the linguistic and cultural limitations of
existing English-centric benchmarks. Second, we
enforce strong visual grounding and data novelty
by carefully designing new image-text pairs that
cannot be answered using textual priors or general
knowledge alone. This ensures that models must
rely on actual visual understanding. Third, we
combine both closed-ended (e.g., multiple-choice)
and open-ended (e.g., free-form question answer-
ing) tasks, allowing for evaluation across a wider
range of real-world, application-oriented scenar-
i0s. Finally, instead of relying on LLMs as judges,

which may introduce inconsistency or bias, we in-
corporate expert human raters and adopt a multidi-
mensional scoring protocol to ensure fairness and
interpretability.

3 Evaluation Suite

3.1 Evaluation Framework

Our evaluation framework is organized around four
key aspects of multimodal models’ image under-
standing capabilities: 1) visual perception and
recognition, 2) visual reasoning and analysis, 3)
visual aesthetics and creativity, and 4) safety and
responsibility. These aspects represent a progres-
sion from basic to advanced skills and include both
technical and ethical considerations. This struc-
ture mirrors the layered competencies required for
real-world, commercial applications and socially
aligned deployment of MLLMs. Figure 1 sum-
marizes the evaluation tasks and shows illustrative



examples, and Appendix A provides detailed task
definitions.

Visual perception and recognition. This aspect
evaluates whether a model can accurately identify
and understand core visual elements in an image,
including text, objects, attributes, and spatial re-
lationships. Failures in this foundational aspect
can lead to hallucinations, where models fabri-
cate elements not present in the image (Li et al.,
2023c), thereby undermining reasoning or genera-
tion. For this aspect, we assessed the capabilities
through tasks such as recognizing Chinese charac-
ters, mathematical formulas, or code, identifying
public figures or landmarks, and generating concise
or detailed image descriptions. These tasks support
real-world applications such as document analy-
sis, visual search, and information extraction, and
show strong potential for industrial applications
like warehouse management and logistics.

Visual reasoning and analysis. This aspect
tests the model’s ability to make inferences based
on visual content, often requiring reasoning skills
and external knowledge. Tasks used for assess-
ment include answering questions involving so-
cial knowledge, interpreting culturally embedded
memes, analyzing visual data like graphs or charts,
and solving other complex reasoning problems.
These evaluations assess whether a model can go
beyond surface-level recognition to perform com-
plex interpretation and deduction tasks.

Visual aesthetics and creativity. This aspect
focuses on evaluating the model’s higher-order abil-
ities in understanding, association, and expression
through tasks that require more than factual knowl-
edge. Specifically, we assess the model’s ability to
judge the aesthetic quality of an image (e.g., com-
position, lighting, color) (Huang et al., 2024) and
to generate creative, contextually appropriate text
based on visual input (e.g., storytelling, classical
poetry, advertising slogans, or scientific reports).
Aesthetic judgment goes beyond perception or sym-
bol recognition—it involves imagination, sensitiv-
ity, and the ability to grasp subtle, non-obvious
structures, such as elegance or balance in images
(Zangwill, 1998). Similarly, creativity depends on
recombining loosely connected concepts (Mehta
and Dahl, 2019), as seen in metaphor or storytelling.
By evaluating aesthetic judgment and image-based
creative writing, we can test whether a model can
perceive, interpret, and transform complex implicit
patterns. They reflect the model’s potential in fields
such as the cultural and creative industries, educa-

tion, and digital content production, where human-
like intelligence and expressive depth are essential.

Safety and responsibility. This aspect serves
as essential constraints on model behavior in real-
world applications. It ensures that the model oper-
ates in a trustworthy, socially responsible manner
and adheres to legal and ethical standards. We struc-
ture this evaluation into two capabilities and assess
them across several scenarios. Hazard awareness
refers to the ability to recognize and appropriately
respond to inputs involving illegal activities, physi-
cal harm scenario, and sensitive topics such as gam-
bling, drugs, and pornographic content. Responsi-
ble interaction focuses on the model’s ethical and
socially aware engagement, including its ability to
avoid biased response, respect moral norms, and
refrain from providing unqualified or potentially
harmful advice. These are especially important for
public-facing or high-stakes application scenarios.

3.2 Dataset

In existing benchmarking endeavors, some tasks
were not properly developed so that models can
answer visual questions correctly by exploiting tex-
tual cues in prompts or drawing on memorized
knowledge from pretraining data (Chen et al,,
2024). To address these issues, we construct new
question sets that emphasize visual grounding care-
fully.

Closed-ended questions are used to assess logi-
cal reasoning and disciplinary knowledge, compris-
ing over 170 image-question pairs. For logical rea-
soning, we adapt Chinese-language items from the
general VQA section of the MathVista dataset (Lu
et al., 2023). We apply minor modifications during
translation, such as rewording prompts or shuffling
answer options to reduce potential overlap with
training data. While the question set contains a mix
of free-form and multiple-choice questions, we en-
sure that all adapted items retain a clearly defined
correct answer. Disciplinary knowledge questions
are mainly drawn from 2024 Chinese high school
and college entrance examinations and are format-
ted as multiple-choice. Some image-based fill-
in-the-blank questions are converted to multiple-
choice format for consistency. These exam ques-
tions are newly released, the likelihood of their
inclusion in pretraining corpora is relatively low.
We also include a small number of university-level
exam questions, selected from real course exams
at top Chinese universities and the MMMU dataset
(Yue et al., 2024).



Accuracy (1-7 point): Evaluate how well the model identifies and localizes
the target feature. A score of 1 indicates incorrect identification; a score of 7
indicates precise and fully correct localization.

Consistency (1-7 point): Assess the alignment between the generated text and
the image content. A low score reflects misinterpretation or omission of key
information; a high score indicates accurate and comprehensive conveyance
of the image’s main elements and context, with no factual errors.

Conciseness & Readability (1-7 point): Evaluate the appropriateness of
information density in the description. A low score indicates missing key
details or excessive irrelevant content; a high score reflects a concise, well-
balanced summary that clearly and naturally conveys the essential content.

Bias-Free Assurance (1-7 point): Evaluate the model’s ability to avoid biased
or discriminatory language. A low score indicates the presence of biased
or discriminatory content; a high score reflects a neutral, respectful, and

Category Example Task Example Scale
Reference-Based Feature
Evaluation Localization
Open-ended Summarized
Evaluation Description
Responsible
Interaction
(Scenario: Bias &
Discrimination)

inclusive response that aligns with ethical and social standards.

Table 1: Example evaluation scales.

Open-ended questions are used across tasks such
as object recognition, image description, social and
cultural Q&A, chart analysis, content generation,
and safety assessment, totaling over 220 image-
question pairs. These items are constructed through
three main approaches: 1) Adapting from public
English-language benchmarks. We translate and
adapt textual questions from datasets such as OK-
VQA (Marino et al., 2019), aligning them with our
evaluation goals. These questions are then paired
with other copyright-free images (e.g., from Pex-
els) to create new, visually grounded test items in
Chinese. 2) Modifying existing image-text pairs.
Images from datasets like nocaps (Agrawal et al.,
2019) are reused, but all accompanying questions
and answers are newly authored to match specific
evaluation objectives. Even if the models have
seen the images during training, the questions they
face are novel and can only be answered accurately
through genuine visual understanding. 3) Creating
original items from scratch. We construct entirely
new image-question pairs targeting specific abili-
ties and varying levels of difficulty.

For the safety and responsibility evaluation, we
draw inspiration from the SPA-VL (Safety Pref-
erence Alignment) dataset (Zhang et al., 2024).
Most images are selected from SPA-VL, while all
prompts are newly developed in Chinese.

To support comprehensive and discriminative
evaluation, each task includes questions of vary-
ing difficulty levels—for example, OCR spans
printed text, handwritten notes, and distorted char-
acters. Chart analysis covers both simple tables
and complex visualizations from academic or fi-

nancial sources. Cultural and linguistic relevance
is also a core design principle, with many questions
grounded in Chinese contexts—such as reasoning
about traditional festivals or analyzing culturally
specific memes—ensuring the evaluation is both
technically rigorous and practically meaningful.

3.3 Human Evaluation Scale

To effectively assess the free-form outputs of
MLLMs, we adopt a human-centric evaluation pro-
tocol grounded in tailored, task-specific scoring
rubrics. Unlike accuracy-based automatic met-
rics—which often require exact string matches and
may penalize semantically correct but syntactically
different responses—human evaluation allows for
more nuanced and context-sensitive judgments, es-
pecially in open-ended or generative tasks.

Each task is evaluated using either a single- or
multi-dimensional seven-point Likert scale. These
scales allow for task-aligned, interpretable, and reli-
able assessment of multimodal model performance,
capturing both objective accuracy and the more
subtle qualities of open-ended model outputs. We
categorize the evaluation scales into two types (see
Table 1): 1) Reference-based evaluation is applied
to tasks with clearly defined answers and free-form
outputs (e.g., logical reasoning and feature localiza-
tion). Raters assess whether the model’s responses
align with the reference answers in terms of mean-
ing and factual content. 2) Open-ended evaluation
addresses tasks like image description, aesthetic
judgement, and image-based content generation.
These tasks are typically evaluated along two di-
mensions: image-text consistency (how well the
output reflects the image) and expressive quality



(e.g., fluency, creativity, or analytical depth). For
safety and responsibility tasks, raters are instructed
to judge whether models can recognize unsafe con-
tent, avoid engaging with harmful or malicious
prompts, and provide responses that conform to
ethical, legal, and social expectations.

3.4 Evaluation Strategy

A team of 20 human raters, all holding at least a
bachelor’s degree and with prior experience work-
ing with LLMs, was recruited. Before evaluation,
they underwent structured training on the scoring
criteria, task objectives, and the use of our cus-
tom scoring platform (see Appendix B for details).
Each model output was independently rated by
at least three raters, using either single- or multi-
dimensional scales depending on the task. The
scoring work took a total of 140 hours. To en-
sure reliability, we calculate inter-rater reliability
(IRR) for each task. Across all tasks, the IRR value
exceeds 0.7, indicating strong agreement among
raters and validating the robustness of the scoring
process.

4 Evaluation Results

4.1 Models

We evaluate a total of 17 MLLMs, including GPT-
40 (OpenAl et al., 2024b), Claude, Gemini (Gemini
et al., 2024), Qwen-VL (Bai et al., 2023), Step-
1V, Hunyuan-Vision, and Deepseek-VL (Lu et al.,
2024) among others. These models are accessed
via official APIs or local deployments as detailed
in Appendix C.

4.2 Main Results

Based on the results of human scoring, combined
with the accuracy rate in the disciplinary knowl-
edge tasks, we derive a comprehensive perfor-
mance ranking, as shown in Table 2. More detailed
evaluation results can be found in Appendix D.
GPT-4o consistently ranks at the top across three
of the four evaluation aspects, securing first place
in Visual Perception and Recognition, Visual Rea-
soning and Analysis, and Visual Aesthetics and
Creativity, and placing third in Safety and Respon-
sibility, indicating its well-rounded capabilities.
Claude follows closely, performing on par with
GPT-4o0 in perception, ranking second in reasoning,
and achieving the highest score in safety. Step-1V,
Qwen-VL, and Hunyuan-Vision show strong ca-
pabilities in perception and reasoning, occupying

Rank| Model | PKR R&A A&C S&R Ave.
1 GPT-40 75.1 66.1 82.6 71.1 737
2 Claude 750 633 733 771 722
3 Step-1V 719 559 746 709 683
4 Gemini 65.0 504 741 744 66.0
5 Qwen-VL 729 61.1 754 526 655
6 GPT-4 Turbo 68.2 540 751 63.0 65.1
7 GPT-40-mini 67.8 520 784 517 625
8 Hunyuan-Vision | 69.0 579 750 433 613
9 InternVL2 689 520 799 439 o6l.1
10 Reka Core 5577 436 640 603 559
11 DeepSeek-VL 46.2 384 573 71.1 533
12 Spark 554 381 619 571 531
13 GLM-4V 59.5 46.1 583 426 516
14 Yi-Vision 59.1 517 577 366 513
15 SenseChat- 58.1 487 599 380 512
Vision5
16 InternLM- 48.6 397 593 504 495
Xcomposer2-VL
17 MiniCPM- 494 404 520 53.6 489
Llama3-V 2.5

Table 2: Comprehensive Performance Ranking of
MLLMs. For comparison purposes, the human eval-
uation scores have been converted from a 7-point scale
to a 100-point scale. The Average Accuracy Rate
(Avg.) is the mean across four capability aspects: Visual
Perception and Recognition (P&R), Visual Reasoning
and Analysis (R&A), Visual Aesthetics and Creativity
(A&C), and Safety and Responsibility (S&R).

the 3rd to 5th positions in those two categories.
InternVL2 performs competitively in perception
and reasoning, comparable to GPT-4 Turbo, and
exhibits particularly strong performance in aesthet-
ics and creativity. Gemini and DeepSeek-VL (7B)
perform well in safety and responsibility, though
both show weaker performance across the other
three aspects.

4.3 Analysis and Implications

With the comprehensive evaluation, we present our
findings from two key perspectives: overall perfor-
mance patterns and comparisons between models
developed in the U.S. and China. This analysis
aims to inform future model improvements while
also shedding light on regional differences in tech-
nological development.

4.3.1 General Results

Math and reasoning tasks remain structural
challenges. While most multimodal language mod-
els exhibit strong performance on perception and
recognition tasks, they consistently underperform
in math-heavy and logic-driven scenarios. In dis-
ciplinary knowledge question answering, none of
the models exceeds 50% accuracy on mathematics



Rank Model Score Rank Model Score Rank Model Score Rank Model Score
1 GPT-40 5.26 1 GPT-40 4.63 1 GPT-40 5.78 1 Claude 5.40
2 Claude 5.25 2 Claude 443 2 InternVL2 5.59 2 Gemini 5.21
3 Qwen-VL 5.10 3 Qwen-VL 4.28 3 GPT-40 mini 5.49 3 GPT-40 4.98
4 Step-1V 5.03 4 Hunyuan-Vision 4.05 4 Qwen-VL 5.28 3 Deepseek-VL 4.98
5 Hunyuan-Vision 4.83 5 Step-1V 3.91 5 GPT-4 Turbo 5.26 5 Step-1V 4.96
6 InternVL2 4.82 6 GPT-4 Turbo 3.78 6 Hunyuan-Vision 5.25 6 GPT-4 Turbo 4.41
7 GPT-4 Turbo 4.77 7 InternVL2 3.64 7 Step-1V 522 7 Reka Core 4.22
8 GPT-40 mini 4.74 7 GPT-40 mini 3.64 8 Gemini 5.19 8 Spark v2.1 4.00
9 Gemini 4.55 9 Yi-Vision 3.62 9 Claude 5.13 9  MiniCPM-Llama3-V 2.5 3.75
10 GLM-4V 4.17 10 Gemini 3.53 10 Reka Core 4.48 10 Qwen-VL 3.68
11 Yi-Vision 4.14 11 SenseChat-Vision5 3.41 11 Spark v2.1 433 11 GPT-40 mini 3.62
12 SenseChat-Vision5 4.07 12 GLM-4V 3.23 12 SenseChat-Vision5 4.19 12 Internlm-xcomposer2 3.53
13 Reka Core 3.90 13 Reka Core 3.05 13 Internlm-xcomposer2 4.15 13 InternVL2 3.07
14 Spark v2.1 3.88 14 MiniCPM-Llama3-V 2.5 2.83 14 GLM-4V 4.08 14 Hunyuan-Vision 3.03
15 MiniCPM-Llama3-V 2.5 3.46 15 Internlm-xcomposer2 2.78 15 Yi-Vision 4.04 15 GLM-4V 2.98
16 Internlm-xcomposer2 3.40 16 DeepSeek-VL 2.69 16 DeepSeek-VL 4.01 16 SenseChat-Vision5 2.66
17 DeepSeek-VL 3.23 17 Spark v2.1 2.67 17 MiniCPM-Llama3-V 2.5 3.64 17 Yi-Vision 2.56

(1) Visual Perception and Recognition (2) Visual Reasoning and Analysis

(3) Visual Aesthetics and Creativity (4) Safety and Responsibility

Figure 2: Leaderboards for the Four Capability Aspects. Scores are based on a 7-point scale, where 1 indicates the
lowest and 7 the highest rating. For consistency, the score for Disciplinary Knowledge in the Visual Reasoning and
Analysis aspect is converted from an accuracy percentage to a 7-point scale.

and physics questions, with only Qwen-VL and
GPT-40 achieving over 40% accuracy in both do-
mains. In contrast, models generally perform better
in history, geography, and biology. When averaged
across six academic disciplines, only Qwen-VL sur-
passes the 60% accuracy threshold, largely owing
to its strength in the aforementioned subjects (see
Appendix D). Moreover, all models score below
5 out of 7 in chart analysis and below 4 in logic
reasoning, with GPT-40 being the only exception,
slightly exceeding 4. These results underscore on-
going limitations in symbolic reasoning and precise
logical inference when grounded in visual inputs.

Models perform notably well on tasks involv-
ing aesthetic judgment and image-based writing.
These tasks place limited demands on fine-grained
visual recognition or spatial reasoning, instead em-
phasizing language generation and creative expres-
sion—areas where language models traditionally
excel. The consistent strong performance in these
domains suggests that current multimodal models,
though not yet competitive with high-precision vi-
sion systems for industrial applications, already
demonstrate significant potential in fields such as
culture, marketing, and customer service, where
image understanding requirements are less strin-
gent and textual creativity is paramount.

Our findings emphasize the importance of task-
specific model selection in real-world applica-
tions. As no single model consistently excels
across all capability dimensions—perception, rea-
soning, aesthetics, and safety—practitioners should
carefully align their model choice with the demands
of the intended use case, while also account for real-
world constraints such as cost, regional regulations,

and infrastructure. For example, GPT-40 demon-
strates strong overall performance, making it a reli-
able option for general-purpose deployment. Qwen-
VL shows particular strengths in culturally nuanced
visual perception and domain-specific knowledge.
InternVL2 not only performs competitively in these
areas but also offers notable advantages for on-
premise deployment, making it especially suitable
for use cases that require local operation without
relying on cloud-based access. These insights un-
derscore the need for a targeted evaluation and se-
lection strategy that takes into account both tech-
nical performance and contextual fit, rather than
relying solely on aggregate benchmark rankings.

4.3.2 U.S.-China Comparison

The U.S.—~China performance gap persists de-
spite narrowing in certain areas. Even within
a Chinese-language testing context, U.S. models
(e.g., GPT-40, Claude) consistently lead across core
capability aspects such as perception, reasoning,
and creativity. These models exhibit strong cross-
lingual generalization, better image-grounded rea-
soning, and contextual grounded generation.
China-developed models—particularly Qwen-
VL, Step-1V, and Hunyuan-Vision—show highly
competitive performance in visual perception and
recognition tasks. Qwen-VL and InternVL2 lead
in Chinese character recognition, while Step-1V
shows advantages in recognizing culturally and nat-
urally specific objects. However, U.S. models, es-
pecially GPT-40 and Claude, maintain a slight but
consistent edge across most other tasks (see figure
3 in Appendix D). Performance gaps are most pro-
nounced in visual reasoning and analytical tasks,



where U.S. models maintain a significant lead. The
gap narrows in tasks centered on aesthetic judg-
ment and image-based writing, which rely more
on language generation than on precise visual un-
derstanding. This may reflect the rapid progress of
general-purpose LLM in China and the narrowing
disparity in text generation capabilities. Neverthe-
less, finer-grained human evaluation continues to
reveal an edge for U.S. models—particularly the
GPT series—in imaginative elaboration and stylis-
tic diversity, often producing content that is richer,
more coherent, and better aligned with visual con-
text.

China-developed models exhibit a consistent
advantage in tasks requiring deep cultural
grounding. Models such as Qwen-VL and Step-
1V perform strongly on OCR involving complex
Chinese fonts, as well as on recognition of cultur-
ally specific entities. Moreover, they demonstrate
better performance in interpreting memes that in-
volve homophones, idiomatic sarcasm, and cultur-
ally embedded references. While U.S. models such
as GPT-4o and Claude perform well in Chinese
settings overall, they occasionally misinterpret cul-
tural puns or produce literal outputs lacking con-
textual appropriateness.

Notable differences in safety strategies ex-
ist between U.S.- and China-developed mod-
els, highlighting a contrast between proactive
and conservative approaches. U.S. models like
Claude and Gemini demonstrate proactive safety
alignment, refusing harmful requests while offer-
ing ethically informed feedback. In contrast, many
Chinese models employ conservative or fail-silent
strategies, such as returning error codes or tem-
plated warnings, often disengaging from the inter-
action without providing ethical reasoning. While
these defensive tactics help reduce risk, they of-
ten lack interpretability and value alignment, limit-
ing effectiveness in interactive applications like Al
companions.

5 Conclusion

In this work, we present a comprehensive evalu-
ation framework for assessing the image under-
standing capabilities in Chinese-language contexts
and apply it to evaluate 17 leading MLLMs. This
human-centric assessment organizes 22 diverse
tasks across four core capability aspects, uniquely
employing expert human raters for multidimen-
sional scoring. Our comparative analysis reveals

that while models show strong performance in per-
ception and language generation, complex reason-
ing and ensuring robust safety performance remain
significant hurdles for current MLLMs.

Limitations

This study has several limitations. First, due to
constraints on cost and efficiency, the number of
models and test instructions included in the evalua-
tion is relatively limited. In addition, several recent
model versions—such as ByteDance Seed1.5-VL
(Guo et al., 2025), SenseChat-Vision 6, and Gem-
ini 2.5 Pro—were released after the initiation of
our human scoring process and were therefore not
incorporated into the benchmark. Second, while
model size (i.e., the number of parameters) is likely
to influence performance, we did not consider it.
This omission may restrict the depth of our analysis
and the interpretability of performance differences
across models.
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A Evaluation Tasks

We illustrate how each core capability is assessed
by mapping it to the specific tasks used in our eval-
uation framework, as detailed in Figure 5.

B Design of the Scoring Platform

To support our evaluation protocol, we leveraged a
custom web-based annotation platform. For each
evaluation instance, the platform displays the input
image, task prompt, reference answer (when appli-
cable), and task-specific scoring guidelines at the
top of the interface. Below this, the outputs from
all evaluated models are shown in parallel, each
accompanied by rating input fields. This layout
enables raters to directly compare model outputs
and apply the scoring criteria more consistently.

C Model List

All models are accessed via official APIs except for
InternLM-XComposer2-VL, MiniCPM-Llama3-V
2.5, DeepSeek-VL, and Intern VL2, which are de-
ployed locally. Figure 6 provides details of the
MLLMs evaluated in our study.

D More Experimental Results

For the two capability aspects that involve a larger
number of tasks, Visual Perception and Recog-
nition, and Visual Reasoning and Analysis, we
present more detailed evaluation results. Model
performance on tasks under these two aspects is
illustrated in Figures 3 and 4, respectively. Scores
are based on a 7-point scale, where 1 represents the
lowest and 7 the highest rating. For clarity, only
the top ten performing models are included.

Claude
] Gemini

GPT-40
Hunyuan-Vision

Qwen-VL
[] Step-1vV

InternVL2
] GPT4-Turbo

GPT-4o0-mini
GLM-4Vv

Detailed Description
7

Cultural & Natural Object Recognition Summarized Description

Biological Species Recognition Feature Localization

Formula Recognition Code Recognition

Chinese Character Recognition

Figure 3: Comparison of 10 advanced MLLMs on 8
tasks under Visual Perception and Recognition. Each
subtask is evaluated on a scale from 1 to 7, where 1
represents the lowest and 7 the highest rating.

[ GPT-40
[ GPT4-Turbo

Qwen-VL
[] Yi-Vision

Claude Hunyuan-Vision
InternVL2  ['] GPT-4o-mini

Step-1V
Gemini

Common-sense Q&A

Logical Reasoning Meme Understanding and Analysis

Chart Analysis Disciplinary Knowledge

Figure 4: Comparison of 10 advanced MLLMs on tasks
under Visual Reasoning and Analysis. The maximum
possible score for each subtask is 7. The scores for Dis-
ciplinary Knowledge are aggregated into a single value
and converted to the 7-point scale for visualization.

The ranking results for the Disciplinary Knowl-
edge capability are summarized in Table 3. All
associated tasks are multiple-choice, and scores are
calculated based on accuracy (percentage).

Rank‘Model ‘MA. CH. HI. GE. BI. PH. Avg
1 Qwen-VL 46.7 53.3 83.3 66.7 714 48.6 61.7
2 | GPT-4o0 433 433 70.0 73.3 50.0 48.6 54.8
3 | Claude 433 633 70.0 70.0 429 37.1 544
4 | Step-1V 30.0 36.7 76.7 50.0 78.6 40.0 52.0
5 | GPT-4 Turbo 33.3 533 46.7 633 643 457 51.1
6 Hunyuan-Vision 40.0 50.0 73.3 66.7 429 31.4 50.7
7 | Gemini 40.0 46.7 733 63.3 35.7 37.1 494
8 | InternVL2 23.3 36.7 80.0 53.3 64.3 343 487
9 | SenseChat-Vision5 26.7 433 80.0 50.0 64.3 25.7 483
10 | Yi-Vision 40.0 233 56.7 70.0 50.0 31.4 452
11 | GPT-40 mini 26.7 40.0 40.0 56.7 50.0 31.4 40.8
12 | Internlm-xcomposer2 | 23.3 26.7 66.7 46.7 35.7 229 37.0
13 | GLM-4V 23.3 30.0 50.0 40.0 429 28.6 35.8
14 | Reka Core 23.3 333 60.0 53.3 214 17.1 3438
15 | MiniCPM-Llama3-V | 23.3 20.0 53.3 50.0 21.4 31.4 333

2.5
16 | Spark v2.1 26.7 26.7 30.0 40.0 429 17.1 30.6
17 | DeepSeek-VL 10.0 30.0 30.0 40.0 143 28.6 255

Table 3: Rankings on Disciplinary Knowledge. All
scores represent accuracy percentages. The Average
Accuracy Rate (Avg.) is the mean across all listed sub-
jects. Abbreviations: MA. (Mathematics), CH. (Chem-
istry), HI. (History), GE. (Geography), BI. (Biology),
PH. (Physics).



Capability Aspect

Capability

Task

Visual Perception
and Recognition

Chinese Character Recognition: Identify and accurately extract Chinese text from images, including both simplified and traditional characters.

Optical Character

Code Recognition: Identify and interpret code written in various programming languages from images.

Recognition

Formula Recognition: Recognize and understand different types of formulas in images, including mathematical expressions, chemical equations, and related

notations.

Biological Species Recognition: Identify and classify different biological species accurately from images.

Object Recognition

Cultural and Natural Object Recognition: Recognize and name celebrities, landmarks, scenic spots, artworks (e.g., paintings, architecture), and cultural relics.

Summarized Description: Extract and summarize the main content of an image into concise and accurate text.

Image Description

Detailed Description: Generate comprehensive and accurate textual descriptions based on the content of the given image.

Feature Localization: Locate and describe specific objects or regions in an image, or identify the relevant area based on a given text description.

Social and Cultural

Common-sense Q&A: Answer questions based on general world knowledge that humans acquire through everyday experiences.

Knowledge

Meme Understanding and Analysis: Interpret internet and cultural memes and explain their meaning or usage context.

Image-Based

Chart Analysis: Accurately analyze and interpret statistical charts and visualized data graphics.

Reasoning Logical Reasoning: Apply deductive, inductive, and other forms of logical inference to solve tasks based on visual and/or textual input.
Visual Reasoning Chemistry
and Analysis Biology
Disciplinary History
Knowledge Mathematics
Physics
Geography
Visual Aesthetics Image Aesthetic Appreciation: Evaluate the visual appeal and artistic quality of an image.
and Application Content Generation Based on Image: Generate creative and contextually appropriate text based on the content of the given image.
Safety and Hazard Awareness: Identify risk-related content in the input and respond appropriately to ensure safety and compliance.
Responsibility Responsible Interaction: Respond ethically and respectfully to inputs, avoiding bias, moral insensitivity, and unqualified or harmful advice.
Figure 5: Capability and Task Descriptions.
Id Name Model Version Developer Country Access Method
1 GPT-40 gpt-40-2024-05-13 OpenAl United States API
2 GPT-40-mini gpt-40-mini-2024-07-18 OpenAl United States API
3 GPT-4 Turbo gpt-4-turbo-2024-04-09 OpenAl United States API
4 GLM-4V glm-4v Zhipu Al China API
5 Yi-Vision yi-vision 01.AI China API
6 Qwen-VL qwen-vl-max-0809 Alibaba China API
7 Hunyuan-Vision hunyuan-vision Tencent China API
8 Spark spark/v2.1/image iFLYTEK China API
9 SenseChat-Vision5 SenseChat-Vision5 SenseTime China API
10 Step-1V step-1v-32k Stepfun China API
11 Reka Core reka-core-20240501 Reka United States API
12 Gemini gemini-1.5-pro Google United States API
13 Claude claude-3-5-sonnet-20240620 Anthropic United States API
Local
14 DeepSeek-VL deepseek-vl-7b-chat DeepSeek China
Deployment
InternLM- Shanghai Artificial Intelligence Local
15 internlm-xcomposer2-vl-7b & & China
Xcomposer2-VL Laboratory Deployment
MiniCPM-Llama3-V Local
16 ama MiniCPM-Llama3-V 2.5 MODELBEST China oca
2.5 Deployment
Shanghai Artificial Intelli Local
17 InternVL2 InternVL2-40B iR China oca
Laboratory Deployment

Figure 6: Model List.
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