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ABSTRACT

Comprehensive evaluation of Multimodal Large Language Models (MLLMs) has
recently garnered widespread attention in the research community. However, we
observe that existing benchmarks present several common barriers that make it
difficult to measure the significant challenges that models face in the real world,
including: 1) small data scale leads to a large performance variance; 2) reliance on
model-based annotations results in restricted data quality; 3) insufficient task dif-
ficulty, especially caused by the limited image resolution. To tackle these issues,
we introduce MME-RealWorld. Specifically, we collect more than 300 K images
from public datasets and the Internet, filtering 13, 366 high-quality images for an-
notation. This involves the efforts of professional 25 annotators and 7 experts
in MLLMs, contributing to 29, 429 question-answer pairs that cover 43 subtasks
across 5 real-world scenarios, extremely challenging even for humans. As far
as we know, MME-RealWorld is the largest manually annotated benchmark
to date, featuring the highest resolution and a targeted focus on real-world
applications. We further conduct a thorough evaluation involving 29 prominent
MLLMs, such as GPT-40, Gemini 1.5 Pro, and Claude 3.5 Sonnet. Our results
show that even the most advanced models struggle with our benchmarks, where
none of them reach 60% accuracy. The challenges of perceiving high-resolution
images and understanding complex real-world scenarios remain urgent issues to
be addressed.

1 INTRODUCTION

In recent years, we have witnessed a significant flourish of Multimodal Large Language Models
(MLLMs) ( R ; R ; ; R ). A primary ob-
jective behind demgmng MLLMs has been to develop general intelligent agents capable of compre-
hensively perceiving human queries and environmental stituations through the integration of various
multimodal sensory data. Consequently, a plethora of comprehensive evaluation benchmarks have
emerged to rigorously assess model capabilities. However, some common concerns also arise:

* Data Scale. Many existing benchmarks contain fewer than 10K Question-Answer (QA)

pairs ( s ), such as MME ( s ), MMbench ( s ),
MM Star ( s ), MM-Vet ( , ), TorchStone ( R ), and
BLINK ( , ). The limited number of QA can lead to evaluation fluctuations.

¢ Annotation Quality. While some benchmarks, such as MMT-Bench ( , )
and SEED-Bench ( , ), are relatively larger in scale, their annotations are

generated by LLMs or MLLMs. This annotation process is inherently limited by the per-
formance of the used models. In our benchmark, for example, the best-performing model,
InternVL-2, merely achieves 50% accuracy. Consequently, relying on models would in-
evitably introduce significant noise, compromising the quality of the annotations.
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( OCR in the Wild ) Remote Sensing )
What is the phone number of HOP INN?
(A) 02380 667723

(B) 02880 557722

(C) 02025 557753

(D) 02380 557723

(E) The image does not feature the

number.

What is the color of the excavator

in the middle area of the picture?

(A) Yellow.

(B) Red.

(C) Black.

(D) Green.

(E) The image does not feature the
color.

What's the content of the old man speaking in

the frame on the fourth row in the comic page?

(A) DON'T WAIT FOR US. WE'LL FIND
OUR OWN RABBIT HOLE .

4| (B) ISEE YOU BROUGHT WILLOW
LIEGOOD WITH YOU.

(C) HER NAME IS MARIAN DREWS!

(D) WE CAN MANAGE.

(E) The image does not feature the content.

How many aircraft are there in the
picture?

@1
A B)2
\ ©3
(D)5
(E) 0

Video Monitoring

This image shows the front
view of the ego car. What is
the future state of the white
suv in the middle?

(A) Tum right.

W (B) Turn left.

(C) Stationary.

(D) Keep going straight.
(E) The image does not
feature the object

What s the total number of motors
and cars in the image?

(A)26

(B) 80

(©) 133

(D) 92

(E) The image does not feature the
objects

What will the truck do in the
image?

(A) Stopping

(B) Keep moving

(C) Tum left

(D) Tum right

What is the traffic light on the right?
(4) yellow

(B) red

(C) green

(D) changing/off

(E) The image does not feature the
traffic light

(E) The image does not feature the

object. ) )
Diagram and Table )
Real Energy Prices
ol
‘What's the percentage of CAPEX when direct costs rise to 35340000 if the outcome is at What is the data of Merchant Black Prices in 2038 in the diagram Real Energy Prices?
62506447 (A) 40.00 10 60.00 (B) 20.00 to 40.00 (C) 60.00 to 80.00 (D) 80.00 to 100.00
(A) 12.6% (B) 10.3 (C) 11.9% (D) 11.1 (E) The image does not feature the DATA. (E) The image does not feature the data. )

Figure 1: Diagram of MME-RealWorld. Our benchmark contains 5 real-world domains, covering
43 perception and reasoning subtasks. Each QA pair offers 5 options. We highlight and magnify the
image parts relevant to the question in a red box for better visibility.

 Task Difficulty. To date, the top performance of some benchmarks has reached the accu-
racy of 80%-90% (Mathew et al., 2021; Masry et al., 2022; Singh et al., 2019; Liu et al.,
2023¢; Lietal., 2023¢), and the performance margin between advanced MLLMs is narrow.
This makes it challenging to verify the benefits or improvements of advanced models and
to distinguish which one is significantly better.

In light of these concerns, we propose a new benchmark named MME-RealWorld. We first pay
attention to a series of well-motivated families of datasets, considering images from sources such
as autonomous driving, remote sensing, video surveillance, newspapers, street views, and financial
charts. These scenarios are difficult even for humans, where we hope that MLLMs can really help.
Considering these topics, we collect a total of 13, 366 high-resolution images from more than 300K
public and internet sources. These images have an average resolution of 2,000x 1, 500, containing
rich image details. 25 professional annotators and 7 experts in MLLMs are participated to annotate
and check the data quality, and meanwhile ensuring that all questions are challenging for MLLMs.
Note that most questions are even hard for humans, requiring multiple annotators to answer and
double-check the results. As shown in Fig. 2(a), MME-RealWorld finally contains 29, 429 annota-
tions for 43 sub-class tasks, where each one has at least 100 questions. 29 advanced MLLMs are
evaluated on our benchmark, along with detailed analysis. We conclude the main advantages of
MME-RealWorld compared to existing counterparts as follows:

» Data Scale. With the efforts of a total of 32 volunteers, we have manually annotated 29, 429
QA pairs focused on real-world scenarios, making this the largest fully human-annotated
benchmark known to date.

e Data Quality. 1) Resolution: Many image details, such as a scoreboard in a sports

event, carry critical information. These details can only be properly interpreted with high-
resolution images, which are essential for providing meaningful assistance to humans. To
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Figure 2: Task Categories (left). Our benchmark spans 5 key domains and 43 subtasks highly
related to real-world scenarios, including 13, 366 high-resolution images and 29, 429 annotations.

Model Performance (right). Average accuracies of advanced MLLMs are shown across both the
English and Chinese splits of the dataset.

the best of our knowledge, MME-RealWorld features the highest average image resolution
among existing competitors. 2) Annotation: All annotations are manually completed, with
a professional team cross-checking the results to ensure data quality.

Task Difficulty and Real-World Utility. The performance of different MLLMs is shown
in Fig. 2(b), in which we can see that even the most advanced models have not surpassed
60% accuracy. Additionally, as illustrated in Fig. |, many real-world tasks are significantly
more difficult than those in traditional benchmarks. For example, in video monitoring, a
model needs to count the presence of 133 vehicles, or in remote sensing, it must identify
and count small objects on a map with an average resolution exceeding 5000 x 5000.

* MME-RealWorld-CN. Existing Chinese benchmark (Liu et al., 2023c) is usually trans-
lated from its English version. This has two limitations: 1) Question-image mismatch.
The image may relate to an English scenario, which is not intuitively connected to a Chi-
nese question. 2) Translation mismatch (Tang et al., 2024). The machine translation is not
always precise and perfect enough. We collect additional images that focus on Chinese
scenarios, asking Chinese volunteers for annotation. This results in 5,917 QA pairs.

2 MME-REALWORLD

In this section, we outline the data collection process, question annotation procedure, and provide
a statistical overview of each domain and subtask in MME-RealWorld and its Chinese version. We
visualize different tasks from the 5 image domains in Fig. 1. Detailed information on data sources,
evaluation tasks, and visualized results can be found in Sec. B.

2.1 INSTRUCTION AND CRITERION

For each question, we manually construct four options, with one being the correct answer and the
other three being the texts appearing in the image or options similar to the correct one. This greatly
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Table 1: Prompt setting of MME-RealWorld.

[Image] [Question] The choices are listed below:

(A) [Choice A]

(B) [Choice B]

(C) [Choice C]

(D) [Choice D]

(E) [Choice E]

Select the best answer to the above multiple-choice question based on the image. Respond with
only the letter (A, B, C, D, or E) of the correct option.

The best answer is:

enhances the difficulty, forcing the model to deeply understand the details of the image. We also
provide an additional choice E, which allows the model to reject for answering because there is no
right answer. We try to use the model’s default prompt for multiple-choice questions, but if the
model does not have the default prompt, we use a common prompt as shown in Tab.

Evaluation Metric. We first apply a rule-based filter to the answers generated by MLLM, aligning
them with the given answer options and checking for correctness against the ground truth. Let the
dataset be denoted as D = {Dy = {T;}/%,}}_,, where each domain Dy consists of T}; subtasks.
For each subtask, we calculate the accuracy across all annotations. For each domain, we compute
two metrics: 1) Average Accuracy (Avg). the weighted average accuracy across all subtasks, given
by 221 Avg(T:) % |T:|/|Dal, where | - | is the instance number contained in one set, and 2) Class-
based Average Accuracy (Avg-C). the unweighted average accuracy across subtasks, given by

21 Avg(T;)/Ty. Similarly, for the entire dataset, we report the overall Average Accuracy across
all samples, and the class-based average accuracy across domains.

2.2 DATA COLLECTION AND ANNOTATION

Optical Character Recognition in the Wild (OCR). It is specifically designed to evaluate the
model’s ability to perceive and understand textual information in the real-world. We manually se-
lecte 3,293 images with complex scenes and recognizable text information from 150, 259 images in
existing high-resolution datasets as our image sources. These images span various categories such
as street scenes, shops, posters, books, and competitions. The volunteers are worked for annotation,
each with at least a foundational understanding of multimodal models, to independently generate
questions and answers. These annotations are subsequently reviewed and further refined by another
volunteers. Based on the image annotations, we categorize these 3,297 images into 5 perception
tasks, totaling 5, 740 QA pairs: contact information and addresses, identity information, products
and advertisements, signage and other text, as well as natural text recognition in elevation maps and
books. Additionally, there are two reasoning tasks with 500 QA pairs: 1) scene understanding of
the entire image, which requires the model to locate and comprehend important text such as compe-
tition results, and 2) character understanding, focusing on comics or posters where the model needs
to analyze relationships and personalities based on dialogue or presentation.

Remote Sensing (RS). The images have a wide range of applications in real-world scenarios. Some
images possess extremely high quality, with individual image sizes reaching up to 139MB and con-
taining very rich details, which makes it difficult even for humans to perceive specific objects. We
manually select 1, 298 high-resolution images from over 70, 000 public remote sensing images, en-
suring that each image is of high quality, with sufficient resolution and rich detail. One professional
researcher is involved in annotating the data, and another researcher checks and improves the annota-
tions, resulting in 3, 738 QA pairs. There are 3 perception tasks: object counting, color recognition,
and spatial relationship understanding.

Diagram and Table (DT). Although there are already some datasets related to table and chart un-
derstanding, they mostly feature simple scenes. We focus on highly complex chart data, such as
financial reports, which contain extensive numerical information and mathematical content, pre-
senting new challenges for MLLMs. We filter 2,570 images from the internet, with annotations
performed by two volunteer and reviewed by another one. We categorize these annotations into 4
tasks based on the question format: 1) Diagram and Table Perception (5,433 QA pairs): involve
locating specific values of elements within the diagrams and tables; 2) Diagram Reasoning (250 QA
pairs): include tasks such as identifying the maximum and minimum values in a chart, performing
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simple calculations, and predicting trends; and 3) table Reasoning (250 QA pairs): focus on simple
calculations related to specific elements, understanding mathematical concepts like maximum and
minimum values, and locating corresponding elements.

Autonomous Driving (AD). It demands extensive general knowledge and embodied understanding
capability. We emphasize challenging driving scenarios that involve distant perceptions and intricate
interactions among dynamic traffic agents. Specifically, we manually select a subset of 2, 715 images
from over 40, 000 front-view images captured by onboard cameras in open-source datasets. These
images cover a diverse range of weather conditions, geographic locations, and traffic scenarios.
Besides, a volunteer carefully annotates each image, and the other one conducts a thorough review,
resulting in 3,660 QA pairs for perception tasks and 1,334 QA pairs for reasoning tasks. The
perception tasks include objects identification, object attribute identification, and object counting
for traffic elements such as vehicle, pedestrian, and signals. The latter is categorized into 3 main
tasks: 1) Intention Prediction: focus on predicting driving intention of a designated traffic agent in
the short-term future. 2) Interaction Relation Understanding: involve reasoning about ego vehicle’s
reaction to other traffic elements, and the interactions between these elements. 3) Driver Attention
Understanding: require reasoning about the traffic signal that the driver should pay attention to.

Monitoring (MO). The images are from various application scenarios for public safety, e.g., streets,
shopping malls, and expressway intersections. We focus on complex high-resolution monitoring
images that include many real-world challenges, like scale variations and out-of-view, as possible
which could test whether the model handles them robustly in practice. Specifically, 1,601 high-
resolution images are manually selected from over 10, 000 public dataset images, which are captured
from a broad range of cameras, viewpoints, scene complexities, and environmental factors across
day and night. In terms of annotations, two volunteers manually annotate each image carefully, and
multi-stage careful inspections and modifications are performed by another one. When these refined
image annotations are completed, 1,601 images are categorized into 3 main perception tasks, total-
ing 2, 196 QA pairs, including object counting and location, and attribute recognition. Furthermore,
3 reasoning tasks are well-designed with 498 QA pairs: 1) calculate the sum of different objects,
which requires the model to perceive various objects and calculate their total number accurately; 2)
intention reasoning, focusing on reasoning the next route and turn of the specific object; 3) attribute
reasoning, focusing on reasoning the specific materials and functions of the given objects.

Fig. 15 shows the distribution of tasks across various domains.

2.3 MME-REALWORLD-CN

The traditional general VQA approach ( , ) uses a translation engine to extend QA
pairs from English to Chinese. However, it may face visual-textual misalignment problems (

, ), failing to address complexities related to nuanced meaning, contextual distortion, lan-
guage bias, and question-type diversity. Additionally, asking questions in Chinese about images
containing only English texts is not intuitive for benchmarking Chinese VQA capabilities. By con-
trast, we follow the steps below to construct a high-quality Chinese benchmark:

* Selection. For video monitoring, autonomous driving, and remote sensing, many images
do not contain English information. Therefore, we select a subset of the aforementioned
question pairs, double-checking to ensure they do not contain any English information.

* Translation. Translate the questions and answers by four professional researchers, all of
whom are familiar with both English and Chinese.

* Collection. For diagrams and tables, since the original images often contain English in-
formation (e.g., legends/captions), we collect additional 300 tables and 301 diagrams from
the Internet, where the contents are in Chinese. This data is further annotated by one vol-
unteer, resulting in 301 x4 QA pairs, where the task type is the same as diagram and table
in MME-RealWorld. Similarly, for OCR in the wild, we also collect additional 939 images
for all the subtasks.

In total, MME-RealWorld-CN has 1,889 additional images and total 5,917 QA pairs, which is
a smaller version of MME-RealWorld, but it retains similar task types, image quality, and task
difficulty. The examples can be seen in Fig.
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2.4 QUALITY CONTROL AND ANALYSIS

During the annotation process, we impose the

following requirements on annotators: 1. We Table 2: Comparison of benchmarks. MME-
ensure that all questions can be answered based RealWorld is the largest fully human-annotated
on the image (except for specially constructed dataset, featuring the highest average resolution
questions where the correct option is “E”), and the most challenging tasks.

meaning that humans can always find the an-  senchmark #QA-Pair oy Human =y Average  LLaVA-I.5-75
swers within the image. This approach prevents —VioWiz 8000 x X 122451224 500
N N RealWorldQA 765 x x  1536x863 -
forcing annotators to provide answers based on ~ Mmsur 1500 x x 512375 303
. . . .. ScienceQA 21000 x X 378x249 71.6
low-quality images or images containing vague  chana 32719 x X sioxsis -
. . . MM-Vet 218 X X 1200x675 31.1
information. 2. The area of the ObJeCt be-  sced-Bench 19242 x x  1024x931 66.1
. . . . SEED-Bench-2-Plus 2300 x X 1128 %846 36.8
ng questloned in each 1mage must not exceed  mMMT-Bench 32325 x X 2365x377 49.5
. . MathVista 735 539x446 26.1
1/10 of the total image area. This ensures  Tousine 508 x X 897803 i
that the object is not overly prominent, pre- pe Loy X ot o
venting humans from easily identifying the an-  {iod 8 x R atlsy soa
1 ] MME 2374 v X 1161x840 76.0
swer at first glance. 3. Each annotation is Mk o v X LI61sa ol
v V' 2000x1500 249

cross-checked by at least two professional mul- —_MMERealWorld 252
timodal researchers to ensure accuracy and pre-
vent annotation errors caused by human bias.

The comparison of benchmarks is shown in Tab. 2. The maximal resolution of MME-RealWorld is
42,177,408 pixels, with dimensions of 5304x7952. The average resolution is 3,007, 695 pixels,
equivalent to an image size of approximately 2000x1500. This resolution is significantly higher
than that of existing benchmarks. For instance, the highest benchmark, MME, has an average res-
olution of 975,240 pixels, corresponding to an image size of about 1161x840. The exceptional
image quality and our strict, fully human annotation process make our tasks the most challenging
among all benchmarks. This is evidenced by the baseline model LLaVA-1.5-7B achieving an ac-
curacy of just 24.9%, significantly lower than on other benchmarks. Although some benchmarks
may approach our level of difficulty, this is primarily due to the inherent complexity of their tasks.
For instance, MathVista focuses on pure mathematical problems, and MM-Vet involves multi-step
reasoning—both of which are naturally challenging and result in lower baseline performance. How-
ever, the majority of our tasks are centered on real-world perception problems. This means that,
current MLLMs still struggle to effectively address human-level perceptual challenges.

3 EXPERIMENTS

We evaluate a total of 24 open-source MLLMs, including Qwen-VL-Chat (Bai et al., 2023a),
LLaVA, LLaVA-Next (Li et al., 2024a), TextMonkey (Liu et al., 2024b), mPLUG-DocOwl 1.5 (Hu
et al., 2024a), ShareGPT4V (Chen et al., 2023b), MiniGPT-v2 (Chen et al., 2023a), Monkey (Li
et al., 2023f), OtterHD (L1 et al., 2023a), Cambrian-1 (Tong et al., 2024), Mini-Gemini-HD (Li
et al., 2024d), MiniCPM-V 2.5 (Hu et al., 2024b), DeepSeek-VL (Lu et al., 2024a), YI-VL-34B',
SIHME (Zhang et al., 2024), CogVLM?2”, InternLM-XComposer2.5 (Zhang et al., 2023), InternVL-
Chat V1-5, InternVL-2 (Chen et al., 2023¢), and Qwen2-VL®, as well as 4 close-source MLLMs,
including, GPT-40*, GPT-40-mini, Gemini 1.5 pro (Team et al., 2023), and Claude 3.5 Sonnet’.

3.1 RESULTS ON MME-REALWORLD
3.1.1 PERCEPTION

Tab. 3 presents the perception capabilities of different models across 5 domains. Overall, Qwen2-VL
demonstrates the strongest perception abilities, outperforming other closed-source models. How-
ever, the performance varies across different tasks, with some key observations as follows:

"https://huggingface.co/01l-ai/Yi-VL-34B

2https ://github.com/THUDM/CogVLM2

3https ://github.com/QwenLM/Qwen2-VL
*nttps://openai.com/index/hello-gpt-4o0/

5https ://www.anthropic.com/news/claude-3-5-sonnet
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Table 3: Experimental results on the perception tasks. Models are ranked according to their aver-
age performance. Rows corresponding to proprietary models are highlighted in gray for distinction.
“OCR”, “RS”, “DT”, “MO”, and “AD” each indicate a specific task domain: Optical Character
Recognition in the Wild, Remote Sensing, Diagram and Table, Monitoring, and Autonomous Driv-
ing, respectively. “Avg” and “Avg-C” indicate the weighted average accuracy and the unweighted
average accuracy across subtasks in each domain.

Method LLM Perception

Task Split OCR RS DT MO AD Avg  Avg-C

# QA pairs 5740 3738 5433 2196 3660 20767 20767
Qwen2-VL Qwen2-7B 81.38 4481 70.18 3730 34.62 5896 53.66
InternVL-2 InternLM2.5-7B-Chat 73.92 3935 6280 53.19 3546 5582 5294
Claude 3.5 Sonnet - 7247 2574 6744 32.19 40.77 5290 47.72
InternLM-XComposer2.5 InternLM2-7B 69.25 36.12 6392 3948 33.63 5247 4848
InternVL-Chat-V1.5 InternLM2-Chat-20B 71.51 3355 5583 51.16 3142 5136 48.69
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B  69.55 4040 4436 39.61 32770 48.05 4532
MiniCPM-V 2.5 Llama3-8B 66.79 27.69 52.81 38.70 34.15 4737 44.03
Cambrian-1-34B Nous-Hermes-2-Yi-34B  66.45 38.63 40.44 4598 33.61 46.68 45.02
GPT-40 - 77.69 2892 46.68 33.93 2243 4643 4193
CogVLM2-llama3-Chat ~ Llama3-8B 69.97 28.76 47.51 3374 3022 4584 42.04
Cambrian-1-8B Llama3-8B-Instruct 58.68 40.05 3273 47.68 38.52 4382 4353
SliIME-8B Llama3-8B 5345 4227 2934 40.62 33.66 4029 39.87
Gemini-1.5-pro - 67.62 1399 3990 31.11 26.64 39.63 3585
GPT-40-mini - 6251 6.69 4423 2650 24.18 37.12 3282
Monkey Qwen-7B 54.63 2499 3251 28.01 29.67 3630 33.96
mPLUG-DocOwl 1.5 Llama-7B 51.15 2371 2934 2497 2828 33.71 3149
DeepSeek-VL DeepSeek-LLM-7b-base  49.55 2549 23.38 2697 3339 33.14 31.76
SIiME-13B Vicuna-13B 50.58 25.82 2093 2473 27.16 31.50 29.84
Mini-Gemini-7B-HD Vicuna-7B-v1.5 42.02 3130 2231 34.15 2481 31.07 30.92
YI-VL-34B Yi-34B-Chat 4495 31.62 1599 34.85 2831 3097 31.14
LLaVA-Next Llama3-8B 4794 2542 26.63 1946 18.66 30.14 27.62
LLaVA-Next Qwen-72B 37.07 29.13 27.68 2937 1798 29.01 28.25
LLaVA1.5-13B Vicuna-13B 44.10 2327 20.17 2045 26.12 2842 26.82
ShareGPT4V-13B Vicuna-13B 4455 23.06 20.17 1926 26.12 2838 26.63
MiniGPT-v2 Llama 2-7B-Chat 39.02 2333 2041 1926 2596 2694 25.60
ShareGPT4V-7B Vicuna-7B 3939 22.10 20.08 19.13 26.04 26.73 2535
LLaVA1.5-7B Vicuna-7B 38.69 2212 20.08 19.13 26.04 2654 2521
Qwen-VL-Chat Qwen-7B 3237 1514 1559 22.13 15.08 20.75 20.06
TextMonkey Qwen-7B 3730 11.69 593 16.14 1426 18.18 17.06

* GPT-40 performs well in real-world OCR tasks, achieving 77% accuracy, which is sec-
ond only to Qwen2-VL. However, its performance significantly drops in more challenging
tasks, lagging behind other top-ranked models. This trend is also observed in other closed-
source models, such as Gemini-1.5-Pro and GPT-40-mini, which perform well in OCR
tasks but struggle significantly in other real-world tasks. There are three possible reasons:
1) Close-source models often have limitations on the maximum image size and resolution
when uploading local images. For example, Claude 3.5 Sonnet has a maximum resolution
limit of 8K and a maximum image quality of 5SMB, while GPT-40 and Gemini-pro allow
up to 20MB. This restricts the input of some high-quality images, as we have to compress
the images for upload. 2) Close-source models tend to be more conservative. We observe
that the proportion of responses, where closed-source models output “E” indicating that the
object in question is not present in the image, is high. This suggests that these models may
adopt a conservative response strategy to avoid hallucinations or to provide safer answers.
3) Closed-source models sometimes refuse to answer certain questions. Due to different
input/output filtering strategies, some samples are considered to involve privacy or harmful
content and are therefore not answered.

* Models allowing higher resolution input, such as Mini-Gemini-HD and SIiME, demon-
strate a significant advantage over models directly using vision encoders like CLIP, such as
ShareGPT4V and LLaVAL.5. At the same model size, these models consistently improve
across different subtasks. This highlights the critical importance of high-resolution image
processing for addressing complex real-world tasks.

* There are also notable trends across different domains. Remote sensing tasks involve
processing extremely large images, demanding a deeper comprehension of image details.
Models that focus on high-resolution input, such as Cambrian-1, Mini-Gemini-HD, and
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Table 4: Experimental results on the reasoning tasks. Models are ranked according to their aver-
age performance. Rows corresponding to proprietary models are highlighted in gray for distinction.
“OCR”, “RS”, “DT”, “MO”, and “AD” each indicate a specific task domain: Optical Character
Recognition in the Wild, Remote Sensing, Diagram and Table, Monitoring, and Autonomous Driv-
ing, respectively. “Avg” and “Avg-C” indicate the weighted average accuracy and the unweighted
average accuracy across subtasks in each domain.

Method LLM Reasoning

Task Split OCR DT MO AD Avg Avg-C

# QA pairs 500 500 498 1334 2832 2832
Claude 3.5 Sonnet - 6190 61.20 41.79 3192 44.12 49.20
Qwen2-VL Qwen2-7B 6340 48.60 33.13 3147 4039 44.15
InternVL-2 InternLM2.5-7B-Chat 5740 39.00 43.57 29.84 38.74 4245
GPT-40 - 6140 44.80 36.51 2641 37.61 4228
CogVLM2-llama3-Chat Llama3-8B 54.00 32.80 41.16 31.18 37.25 39.79
InternVL-Chat-V1-5 InternLM2-Chat-20B 56.80 3540 37.35 2894 36.48 39.62
Cambrian-1-8B Llama3-8B-Instruct 5320 2740 4237 30.73 36.16 3843
SliME-8B Llama3-8B 5320 2940 36.14 31.55 3580 3757
MiniCPM-V 2.5 Llama3-8B 44.00 31.80 3695 31.03 3450 3595
SIiIME-13B Vicuna-13B 41.00 39.00 33.13 30.80 3446 3598
InternLM-XComposer2.5 InternLM2-7B 5340 41.00 17.67 29.99 3390 35.52
GPT-40-mini - 47.00 39.80 25.81 26.79 3248 34.85
YI-VL-34B Yi-34B-Chat 4240 26.00 3133 31.55 3245 3282
LLaVA-Next Llama3-8B 5520 2340 21.08 30.73 32.06 32.60
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 59.20 39.20 20.48 2284 31.73 3543
Gemini-1.5-pro - 52770 3320 28.33 19.20 29.19 3336
Monkey Qwen-7B 2720 20.80 27.31 33.04 2884 27.09
DeepSeek-VL DeepSeek-LLM-7b-base  45.20 23.80 16.67 2731 2798 2825
LLaVA-Next Qwen-72B 17.20 3420 2731 29.69 27.86 27.10
Cambrian-1-34B Nous-Hermes-2-Yi-34B ~ 55.00 36.00 19.48 16.07 27.06 31.64
mPLUG-DocOwl 1.5 Llama-7B 42.60 19.80 20.48 26.04 2688 27.23
Mini-Gemini-7B-HD Vicuna-7B-v1.5 3540 2460 2590 2329 26.12 27.30
LLaVA1.5-13B Vicuna-13B 3020 20.80 27.51 2478 2551 2582
ShareGPT4V-13B Vicuna-13B 26.00 20.80 27.31 2455 24.63 24.67
LLaVA1.5-7B Vicuna-7B 26.00 20.60 2590 24.18 24.17 24.17
ShareGPT4V-7B Vicuna-7B 24.15 20.60 26.10 24.18 23.88 23.76
MiniGPT-v2 Llama 2-7B-Chat 30.00 2040 16.87 23.66 2301 22.73
Qwen-VL-Chat Qwen-7B 28.60 13.60 1647 24.63 2195 20.83
TextMonkey Qwen-7B 3040 220 442 2001 1596 14.26

SIME, outperform other models in these tasks. Additionally, models trained on large
amounts of chart data exhibit improved perception capabilities for complex charts. For
instance, SIiIME and LLaVA1.5 have limited and relatively simple chart data in their train-
ing sets, resulting in inferior performance in this category compared to more recent models.

3.1.2 REASONING

Experimental results on the reasoning tasks are shown in Tab. 4. In terms of reasoning ability, Claude
3.5 Sonnet distinguishes itself as the top performer across most domains, particularly outpacing
the second-place Qwen2-VL by 12.6% in chart-related tasks. The closed-source model GPT-40
also performs well, trailing slightly behind the third-place InternVL-2 but even outperforming it in
several domains. Most open-source models perform poorly, with traditional baseline methods such
as LLaVA1.5 and Qwen-VL-Chat yielding results close to random guessing. Furthermore, reasoning
tasks are more challenging than perception tasks. Even the top-ranked model fails to achieve an
average accuracy above 45%, with class-based accuracy not exceeding 50%. This indicates that
current models still have a significant gap to bridge to reach human-level reasoning capabilities.

3.2 RESULTS ON MME-REALWORLD-CN

Results of perception tasks and reasoning tasks are presented in Tab. 5 and Tab. 12, respectively.
The models show different performances compared to the MME-RealWorld English version.

1) Qwen2-VL and InternVL-2 significantly outperform existing models in both perception and rea-
soning tasks in the Chinese version. The performance of these two models even surpasses their
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Table 5: Experimental results on the perception tasks of MME-RealWorld-CN. Models are
ranked according to their average performance. Rows corresponding to proprietary models are high-
lighted in gray for distinction. “OCR”, “RS”, “DT”, “MO”, and “AD” each indicate a specific task
domain: Optical Character Recognition in the Wild, Remote Sensing, Diagram and Table, Moni-
toring, and Autonomous Driving, respectively. “Avg” and “Avg-C” indicate the weighted average
accuracy and the unweighted average accuracy across subtasks in each domain.

Method LLM Perception

Task Split OCR RS DT MO AD Avg Avg-C

# QA pairs 1908 300 602 500 700 4010 4010
InternVL-2.5 InternLM?2.5-7B-Chat 7579 4933 8040 2920 3586 61.72 54.12
Qwen2-VL Qwen-7B 70.28 38.33 89.20 29.40 36.86 59.80 52.81
InternVL-2 InternLM?2.5-7B-Chat 69.92 4133 71.63 393 34.14 5797 51.26
InternVL-Chat-V1-5 InternLM2-Chat-20B 60.59 32.00 60.12 3240 32.14 4990 43.45
Claude 3.5 Sonnet - 5444 32,67 74.09 2500 3243 4825 43.73
SIiIME-8B Llama3-8B 53.93 41.33 5825 2920 31.29 46.60 42.80
GPT-40 - 5590 23.67 54.86 2520 21.14 4344 36.15
YI-VL-34B Yi-34B-Chat 5141 3433 4952 2520 27.71 4245 37.63
SIiIME-13B Vicuna-13B 50.63 17.33 4849 17.80 3323 40.69 33.50
Cambrian-1-34B Nous-Hermes-2-Yi-34B  48.11 33.79 4434 27.60 2643 40.13 36.05
CogVLM2-1lama3-Chat Llama3-8B 46.12 22.00 39.48 2480 34.14 38.57 33.31
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B  41.82 38.28 40.60 27.80 3429 38.31 36.56
LLaVA-Next Llama3-8B 40.62 31.67 3749 3540 2729 36.50 34.49
Gemini-1.5-pro - 4832 1233 39.78 2520 17.57 36.10 28.64
Monkey Qwen-7B 40.46 2655 41.12 1920 35.86 36.07 32.64
InternLM-XComposer2.5 InternLM2-7B 39.26 38.33 38.88 19.40 33.57 35.66 33.89
Mini-Gemini-7B-HD Vicuna-7B-v1.5 39.66 17.24 39.29 16.80 2829 33.09 28.26
Cambrian-1-8B Llama3-8B-Instruct 3271 3586 3028 27.60 35.57 3244 3240
mPLUG-DocOwl 1.5 LLama-7B 33.33  18.62 31.83 25.60 2843 30.19 27.56
LLaVA-Next Qwen-72B 3276 23.67 28.69 34.60 23.14 30.02 28.57
MiniCPM-V 2.5 Llama3-8B 33.23 16.67 31.67 2040 26.00 28.89 25.59
DeepSeek-VL DeepSeek-LLM-7b-base  27.10 2544 26.02 21.60 3571 27.63 27.17
TextMonkey Qwen-7B 31.24 1138 30.76 19.60 26.71 2744 2394
GPT-40-mini - 29.56 7.33 31.79 22.00 24.00 26.32 2294
Qwen-VL-Chat Qwen-7B 2736 15.00 27.89 2429 2736 26.13 24.38
ShareGPT4V-13B Vicuna-13B 2794 1759 27.57 16.80 28.14 2575 23.61
LLaVA1.5-13B Vicuna-13B 27.52 17.33 2625 17.00 28.66 2545 23.35
MiniGPT-v2 Llama 2-7B-Chat 26.78 1931 27.05 1440 2943 25.18 23.39
ShareGPT4V-7B Vicuna-7B 26.73 17.24 2575 16.60 28.14 2486 22.89
LLaVA1.5-7B Vicuna-7B 26.36 16.67 2575 16.60 28.14 24.64 2270

performance on the English version of MME-RealWorld, indicating that they jave been specifically
optimized for Chinese data.

2) There is a substantial difference in how models handle Chinese and English data, with some
models performing much worse in Chinese scenarios, particularly in reasoning tasks. For instance,
GPT-40 and GPT-40-mini show a performance drop of nearly 10%. However, some models seem
to excel in Chinese-related tasks. Notably, models based on L1ama3—-8B generally achieve strong
results in both Chinese perception and reasoning tasks, such as SIME and CogVLM2. This suggests
that L1ama3-8B may be an effective LLM backbone for Chinese tasks.

3.3 FINE-GRAINED ANALYSIS AND FINDINGS

Existing Models Still Lacking in Image Detail Perception. Fig. 3 displays the frequency with
which various models choose “E” as their answer. We compare 4 close-source models with the
top-level open-source model, InternVL-2. During our annotation process, the frequency of “E”
answers does not exceed 5% of the overall data, meaning it represents only a small portion of the
total QA pairs. However, nearly all models show a much higher frequency of “E” outputs than the
actual number of “E” instances present in our benchmark. This indicates that most models’ visual
perception modules fail to identify the objects in the images corresponding to our questions.

Computation Efficiency. There is a significant disparity in computation efficiency among different
models when processing high-resolution images. For example, using models similar to LLMs (e.g.,
Vicuna-13B), the computational requirements for handling images exceeding 1024 x 1024 resolution
are as follows: LLaVA1.5 requires 16.37 TFLOPS, SIiME requires 40.82 TFLOPS, while LLaVA-
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Figure 3: Frequency of outputting answer “E” for different models across various domains. The
notation in parentheses indicates the task type: P for perception and R for reasoning. The total QA
pairs and those with answer “E” are also presented for comparison.

Next and Mini-Gemini-HD require 78.37 and 87.59 TFLOPS, respectively. LLaVA-Next and SiIME
employ dynamic chunking and encoding of images, while Mini-Gemini-HD uses a higher-resolution
vision encoder and significantly increases the number of vision tokens, resulting in a computation
cost approximately 5 times that of LLaVA1.5. Additionally, existing methods have inherent lim-
itations in handling high-resolution images. For example, Mini-Gemini-HD resizes images larger
than 672x672 to this size, causing a loss of more details. Moreover, we observe interesting phe-
nomena in closed-source models regarding image resolution. For instance, GPT-40-mini uses over
10, 000 tokens for some large images, which is about 10 times more than other closed-source mod-
els, although its performance does not significantly surpass other models. Overall, we currently lack
methods that can efficiently handle higher resolution images with lower computational overhead.

Appendix Overview: Supplementary Analyses and Detailed Results. Due to the space con-
straints of this paper, we are unable to include some detailed discussions of several important anal-
yses, which we summarize here. First, we explore simple tricks to mitigate the challenges posed by
high-resolution images, specifically by segmenting the images into smaller sub-images and querying
each one individually. The responses are then aggregated using a majority vote. While this method
seems intuitive, it leads to a significant decline in performance, mainly due to the loss of positional
context and the risk of splitting fine-grained objects across sub-images. Additionally, we conduct an
analysis of the distribution of incorrect choices across various models, revealing distinct response
patterns. Larger models show a tendency to select safer options, while smaller models often lean
towards the first choice. Finally, we observe that the instruction-following capabilities of some cur-
rent open-source models are still insufficient, indicating substantial room for improvement. These
analyses, along with the performance results for each subtask, are presented in the Appendix Sec. D
- Sec. G due to space constraints in the main text.

4 CONCLUSION

In this paper, we have introduced MME-RealWorld, a comprehensive benchmark designed to ad-
dress key limitations in existing evaluations of MLLMs, such as data scale, annotation quality, and
task difficulty. As the largest purely human-annotated dataset with the highest resolution to date,
MME-RealWorld benefits from the participation of 32 annotators, ensuring high data quality and
minimal individual bias. Most QA pairs focus on real-world scenarios, such as autonomous driv-
ing and video surveillance, which have significant applicability. Furthermore, we propose MME-
RealWorld-CN, a benchmark specifically focused on Chinese scenarios, ensuring that all images and
questions are relevant to Chinese contexts. Our evaluation of a wide range of models reveals signifi-
cant performance gaps, highlighting the current models’ shortcomings in complex image perception
and underscoring, and the need for further advancements.

10



Published as a conference paper at ICLR 2025

ACKNOWLEDGMENTS

This work was supported by National Key R&D Program of China (2022ZD0117901) and National
Natural Science Foundation of China (Grant No. 62236010, 62373355)

REFERENCES

Eirikur Agustsson and Radu Timofte. Ntire 2017 challenge on single image super-resolution:
Dataset and study. In CVPR, 2017.

Rohan Anil, Andrew M Dai, Orhan Firat, Melvin Johnson, Dmitry Lepikhin, Alexandre Passos,
Siamak Shakeri, Emanuel Taropa, Paige Bailey, Zhifeng Chen, et al. Palm 2 technical report.
arXiv preprint arXiv:2305.10403, 2023.

Anas Awadalla, Irena Gao, Josh Gardner, Jack Hessel, Yusuf Hanafy, Wanrong Zhu, Kalyani
Marathe, Yonatan Bitton, Samir Gadre, Shiori Sagawa, et al. Openflamingo: An open-
source framework for training large autoregressive vision-language models. arXiv preprint
arXiv:2308.01390, 2023.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang
Zhou, and Jingren Zhou. Qwen-vl: A frontier large vision-language model with versatile abilities.
arXiv preprint arXiv:2308.12966, 2023a.

Shuai Bai, Shusheng Yang, Jinze Bai, Peng Wang, Xingxuan Zhang, Junyang Lin, Xinggang Wang,
Chang Zhou, and Jingren Zhou. Touchstone: Evaluating vision-language models by language
models. arXiv preprint arXiv:2308.16890, 2023b.

Yonatan Bitton, Hritik Bansal, Jack Hessel, Rulin Shao, Wanrong Zhu, Anas Awadalla, Josh Gard-
ner, Rohan Taori, and Ludwig Schimdt. Visit-bench: A benchmark for vision-language instruction
following inspired by real-world use. arXiv preprint arXiv:2308.06595, 2023.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. NeurIPS, 2020.

Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong, Qiang Xu, Anush
Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. nuscenes: A multimodal dataset for
autonomous driving. In CVPR, 2020.

Jun Chen, Deyao Zhu, Xiaogian Shen, Xiang Li, Zechun Liu, Pengchuan Zhang, Raghuraman
Krishnamoorthi, Vikas Chandra, Yunyang Xiong, and Mohamed Elhoseiny. Minigpt-v2: large
language model as a unified interface for vision-language multi-task learning. arXiv preprint
arXiv:2310.09478, 2023a.

Lin Chen, Jisong Li, Xiaoyi Dong, Pan Zhang, Conghui He, Jiaqi Wang, Feng Zhao, and Dahua
Lin. Sharegpt4v: Improving large multi-modal models with better captions. arXiv preprint
arXiv:2311.12793, 2023b.

Lin Chen, Jinsong Li, Xiaoyi Dong, Pan Zhang, Yuhang Zang, Zehui Chen, Haodong Duan, Jiaqi
Wang, Yu Qiao, Dahua Lin, et al. Are we on the right way for evaluating large vision-language
models? arXiv preprint arXiv:2403.20330, 2024.

Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen, Sen Xing, Muyan Zhong, Qing-
long Zhang, Xizhou Zhu, Lewei Lu, Bin Li, Ping Luo, Tong Lu, Yu Qiao, and Jifeng Dai. In-
ternvl: Scaling up vision foundation models and aligning for generic visual-linguistic tasks. arXiv
preprint arXiv:2312.14238, 2023c.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E Gonzalez, et al. Vicuna: An open-source chatbot
impressing gpt-4 with 90%* chatgpt quality. See https://vicuna. Imsys. org (accessed 14 April
2023), 2023.

11



Published as a conference paper at ICLR 2025

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra, Adam
Roberts, Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann, et al. Palm:
Scaling language modeling with pathways. JMLR, 2023.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Li, Pascale N Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-
language models with instruction tuning. NeurlPS, 2024.

Danny Driess, Fei Xia, Mehdi SM Sajjadi, Corey Lynch, Aakanksha Chowdhery, Brian Ichter,
Ayzaan Wahid, Jonathan Tompson, Quan Vuong, Tianhe Yu, et al. Palm-e: An embodied multi-
modal language model. arXiv preprint arXiv:2303.03378, 2023.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Jinrui Yang, Xiawu
Zheng, Ke Li, Xing Sun, et al. Mme: A comprehensive evaluation benchmark for multimodal
large language models. arXiv preprint arXiv:2306.13394, 2023a.

Chaoyou Fu, Renrui Zhang, Haojia Lin, Zihan Wang, Timin Gao, Yongdong Luo, Yubo Huang,
Zhengye Zhang, Longtian Qiu, Gaoxiang Ye, et al. A challenger to gpt-4v? early explorations of
gemini in visual expertise. arXiv preprint arXiv:2312.12436, 2023b.

Chaoyou Fu, Haojia Lin, Zuwei Long, Yunhang Shen, Meng Zhao, Yifan Zhang, Xiong Wang,
Di Yin, Long Ma, Xiawu Zheng, et al. Vita: Towards open-source interactive omni multimodal
Ilm. arXiv preprint arXiv:2408.05211, 2024a.

Chaoyou Fu, Yi-Fan Zhang, Shukang Yin, Bo Li, Xinyu Fang, Sirui Zhao, Haodong Duan, Xing
Sun, Ziwei Liu, Liang Wang, et al. Mme-survey: A comprehensive survey on evaluation of
multimodal llms. arXiv preprint arXiv:2411.15296, 2024b.

Chaoyou Fu, Haojia Lin, Xiong Wang, Yi-Fan Zhang, Yunhang Shen, Xiaoyu Liu, Yangze Li, Zuwei
Long, Heting Gao, Ke Li, et al. Vita-1.5: Towards gpt-4o level real-time vision and speech
interaction. arXiv preprint arXiv:2501.01957, 2025.

Xingyu Fu, Yushi Hu, Bangzheng Li, Yu Feng, Haoyu Wang, Xudong Lin, Dan Roth, Noah A
Smith, Wei-Chiu Ma, and Ranjay Krishna. Blink: Multimodal large language models can see but
not perceive. arXiv preprint arXiv:2404.12390, 2024c.

Haoxiang Gao, Yaqian Li, Kaiwen Long, Ming Yang, and Yiqing Shen. A survey for foundation
models in autonomous driving. arXiv preprint arXiv:2402.01105, 2024.

Chunjiang Ge, Sijie Cheng, Ziming Wang, Jiale Yuan, Yuan Gao, Jun Song, Shiji Song, Gao Huang,
and Bo Zheng. Convllava: Hierarchical backbones as visual encoder for large multimodal models.
arXiv preprint arXiv:2405.15738, 2024.

Xiaotian Han, Quanzeng You, Yongfei Liu, Wentao Chen, Huangjie Zheng, Khalil Mrini, Xudong
Lin, Yiqi Wang, Bohan Zhai, Jianbo Yuan, Heng Wang, and Hongxia Yang. Infimm-eval: Com-
plex open-ended reasoning evaluation for multi-modal large language models, 2023.

Dongyang Hou, Zelang Miao, Huaqgiao Xing, and Hao Wu. V-rsir: An open access web-based image
annotation tool for remote sensing image retrieval. /EEE Access, 2019.

Anwen Hu, Haiyang Xu, Jiabo Ye, Ming Yan, Liang Zhang, Bo Zhang, Chen Li, Ji Zhang, Qin Jin,
Fei Huang, et al. mplug-docowl 1.5: Unified structure learning for ocr-free document understand-
ing. arXiv preprint arXiv:2403.12895, 2024a.

Shengding Hu, Yuge Tu, Xu Han, Chaoqun He, Ganqu Cui, Xiang Long, Zhi Zheng, Yewei Fang,
Yuxiang Huang, Weilin Zhao, et al. Minicpm: Unveiling the potential of small language models
with scalable training strategies. arXiv preprint arXiv:2404.06395, 2024b.

Xinyu Jia, Chuang Zhu, Minzhen Li, Wenqi Tang, and Wenli Zhou. Llvip: A visible-infrared paired
dataset for low-light vision. In ICCV, 2021.

Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh Chaplot,
Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile Saulnier, et al.
Mistral 7b. arXiv preprint arXiv:2310.06825, 2023.

12



Published as a conference paper at ICLR 2025

Hugo Laurencgon, Lucile Saulnier, Léo Tronchon, Stas Bekman, Amanpreet Singh, Anton Lozhkov,
Thomas Wang, Siddharth Karamcheti, Alexander Rush, Douwe Kiela, et al. Obelics: An open
web-scale filtered dataset of interleaved image-text documents. NeurIPS, 2024.

Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Jingkang Yang, and Ziwei Liu. Otter: A
multi-modal model with in-context instruction tuning. arXiv preprint arXiv:2305.03726, 2023a.

Bo Li, Kaichen Zhang, Hao Zhang, Dong Guo, Renrui Zhang, Feng Li, Yuanhan Zhang,
Ziwei Liu, and Chunyuan Li. Llava-next: Stronger llms supercharge multimodal ca-
pabilities in the wild, May 2024a. URL https://llava-vl.github.io/blog/
2024-05-10-11lava-next-stronger-11lms/.

Bohao Li, Yuying Ge, Yixiao Ge, Guangzhi Wang, Rui Wang, Ruimao Zhang, and Ying Shan. Seed-
bench-2: Benchmarking multimodal large language models. arXiv preprint arXiv:2311.17092,
2023b.

Bohao Li, Rui Wang, Guangzhi Wang, Yuying Ge, Yixiao Ge, and Ying Shan. Seed-bench: Bench-
marking multimodal 1lms with generative comprehension. arXiv preprint arXiv:2307.16125,
2023c.

Bohao Li, Yuying Ge, Yi Chen, Yixiao Ge, Ruimao Zhang, and Ying Shan. Seed-bench-2-plus:
Benchmarking multimodal large language models with text-rich visual comprehension. arXiv
preprint arXiv:2404.16790, 2024b.

Chengzu Li, Wenshan Wu, Huanyu Zhang, Yan Xia, Shaoguang Mao, Li Dong, Ivan Vulié, and
Furu Wei. Imagine while reasoning in space: Multimodal visualization-of-thought. arXiv preprint
arXiv:2501.07542, 2025.

Hongyang Li, Yang Li, Huijie Wang, Jia Zeng, Pinlong Cai, Huilin Xu, Dahua Lin, Junchi Yan,
Feng Xu, Lu Xiong, et al. Open-sourced data ecosystem in autonomous driving: the present and
future. arXiv preprint arXiv:2312.03408, 2023d.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-
image pre-training with frozen image encoders and large language models. arXiv preprint
arXiv:2301.12597, 2023e.

Kaican Li, Kai Chen, Haoyu Wang, Lanqing Hong, Chaoqiang Ye, Jianhua Han, Yukuai Chen, Wei
Zhang, Chunjing Xu, Dit-Yan Yeung, et al. Coda: A real-world road corner case dataset for object
detection in autonomous driving. In ECCV, 2022.

Lei Li, Yuqi Wang, Runxin Xu, Peiyi Wang, Xiachong Feng, Lingpeng Kong, and Qi Liu. Multi-
modal arxiv: A dataset for improving scientific comprehension of large vision-language models,
2024c.

Yanwei Li, Yuechen Zhang, Chengyao Wang, Zhisheng Zhong, Yixin Chen, Ruihang Chu, Shaoteng
Liu, and Jiaya Jia. Mini-gemini: Mining the potential of multi-modality vision language models.
arXiv preprint arXiv:2403.18814, 2024d.

Zhang Li, Biao Yang, Qiang Liu, Zhiyin Ma, Shuo Zhang, Jingxu Yang, Yabo Sun, Yuliang Liu, and
Xiang Bai. Monkey: Image resolution and text label are important things for large multi-modal
models. arXiv preprint arXiv:2311.06607, 2023f.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction
tuning. arXiv preprint arXiv:2310.03744, 2023a.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. arXiv
preprint arXiv:2304.08485, 2023b.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae
Lee. Llava-next: Improved reasoning, ocr, and world knowledge, 2024a. URL https:
//1llava-vl.github.io/blog/2024-01-30-1lava—next/.

J. Liu, D. Liu, W. Yang, S. Xia, X. Zhang, and Y. Dai. A comprehensive benchmark for single image
compression artifacts reduction. In arXiv, 2019.

13


https://llava-vl.github.io/blog/2024-05-10-llava-next-stronger-llms/
https://llava-vl.github.io/blog/2024-05-10-llava-next-stronger-llms/
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/

Published as a conference paper at ICLR 2025

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan,
Jiaqi Wang, Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around
player? arXiv preprint arXiv:2307.06281, 2023c.

Yuliang Liu, Biao Yang, Qiang Liu, Zhang Li, Zhiyin Ma, Shuo Zhang, and Xiang Bai.
Textmonkey: An ocr-free large multimodal model for understanding document. arXiv preprint
arXiv:2403.04473, 2024b.

Haoyu Lu, Wen Liu, Bo Zhang, Bingxuan Wang, Kai Dong, Bo Liu, Jingxiang Sun, Tongzheng Ren,
Zhuoshu Li, Yaofeng Sun, et al. Deepseek-vl: towards real-world vision-language understanding.
arXiv preprint arXiv:2403.05525, 2024a.

Yujie Lu, Dongfu Jiang, Wenhu Chen, William Yang Wang, Yejin Choi, and Bill Yuchen Lin. Wild-
vision: Evaluating vision-language models in the wild with human preferences. arXiv preprint
arXiv:2406.11069, 2024b.

Ahmed Masry, Do Xuan Long, Jia Qing Tan, Shafiq Joty, and Enamul Hoque. Chartqa: A bench-
mark for question answering about charts with visual and logical reasoning. arXiv preprint
arXiv:2203.10244, 2022.

Minesh Mathew, Dimosthenis Karatzas, and CV Jawahar. Docvga: A dataset for vqa on document
images. In WACV, 2021.

Brandon McKinzie, Zhe Gan, Jean-Philippe Fauconnier, Sam Dodge, Bowen Zhang, Philipp Dufter,
Dhruti Shah, Xianzhi Du, Futang Peng, Floris Weers, et al. Mm1: Methods, analysis & insights
from multimodal 1lm pre-training. arXiv preprint arXiv:2403.09611, 2024.

Niklas Muennighoff, Thomas Wang, Lintang Sutawika, Adam Roberts, Stella Biderman, Teven Le
Scao, M Saiful Bari, Sheng Shen, Zheng-Xin Yong, Hailey Schoelkopf, et al. Crosslingual gen-
eralization through multitask finetuning. arXiv preprint arXiv:2211.01786, 2022.

OpenAl. Gpt-4 technical report. 2023.

Enna Sachdeva, Nakul Agarwal, Suhas Chundi, Sean Roelofs, Jiachen Li, Mykel Kochenderfer,
Chiho Choi, and Behzad Dariush. Rank2tell: A multimodal driving dataset for joint importance
ranking and reasoning. In WACV, 2024.

Yunhang Shen, Chaoyou Fu, Shaoqi Dong, Xiong Wang, Peixian Chen, Mengdan Zhang, Haoyu
Cao, Ke Li, Xiawu Zheng, Yan Zhang, et al. Long-vita: Scaling large multi-modal models to 1
million tokens with leading short-context accuray. arXiv preprint arXiv:2502.05177, 2025.

Chonghao Sima, Katrin Renz, Kashyap Chitta, Li Chen, Hanxue Zhang, Chengen Xie, Ping Luo,
Andreas Geiger, and Hongyang Li. Drivelm: Driving with graph visual question answering. arXiv
preprint arXiv:2312.14150, 2023.

Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh,
and Marcus Rohrbach. Towards vqga models that can read. In CVPR, 2019.

Xian Sun, Peijin Wang, Zhiyuan Yan, F. Xu, Ruiping Wang, W. Diao, Jin Chen, Jihao Li, Yingchao
Feng, Tao Xu, M. Weinmann, S. Hinz, Cheng Wang, and K. Fu. Fairlm: A benchmark dataset
for fine-grained object recognition in high-resolution remote sensing imagery. ISPRS, 2021.

Jingqun Tang, Qi Liu, Yongjie Ye, Jinghui Lu, Shu Wei, Chunhui Lin, Wanqing Li, Mohamad Fitri
Faiz Bin Mahmood, Hao Feng, Zhen Zhao, et al. Mtvqa: Benchmarking multilingual text-centric
visual question answering. arXiv preprint arXiv:2405.11985, 2024.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann Dubois, Xuechen Li, Carlos Guestrin, Percy
Liang, and Tatsunori B Hashimoto. Stanford alpaca: An instruction-following llama model, 2023.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu,

Radu Soricut, Johan Schalkwyk, Andrew M Dai, Anja Hauth, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

14



Published as a conference paper at ICLR 2025

Shengbang Tong, Ellis Brown, Penghao Wu, Sanghyun Woo, Manoj Middepogu, Sai Charitha
Akula, Jihan Yang, Shusheng Yang, Adithya Iyer, Xichen Pan, et al. Cambrian-1: A fully open,
vision-centric exploration of multimodal llms. arXiv preprint arXiv:2406.16860, 2024.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023a.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Niko-
lay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023b.

Ruyi Xu, Yuan Yao, Zonghao Guo, Junbo Cui, Zanlin Ni, Chunjiang Ge, Tat-Seng Chua, Zhiyuan
Liu, and Gao Huang. LLaVA-UHD: an Imm perceiving any aspect ratio and high-resolution
images. arXiv preprint arXiv:2403.11703, 2024.

Yibo Yan, Shen Wang, Jiahao Huo, Hang Li, Boyan Li, Jiamin Su, Xiong Gao, Yi-Fan Zhang,
Tianlong Xu, Zhendong Chu, et al. Errorradar: Benchmarking complex mathematical reasoning
of multimodal large language models via error detection. arXiv preprint arXiv:2410.04509, 2024.

Qinhong Yang, Dongdong Chen, Zhentao Tan, Qiankun Liu, Qi Chu, Jianmin Bao, Lu Yuan, Gang
Hua, and Nenghai Yu. Hq-50k: A large-scale, high-quality dataset for image restoration. arXiv
preprint arXiv:2306.05390, 2023a.

Zhenjie Yang, Xiaosong Jia, Hongyang Li, and Junchi Yan. Llm4drive: A survey of large language
models for autonomous driving. arXiv e-prints, pp. arXiv—2311, 2023b.

Qinghao Ye, Haiyang Xu, Guohai Xu, Jiabo Ye, Ming Yan, Yiyang Zhou, Junyang Wang, Anwen
Hu, Pengcheng Shi, Yaya Shi, et al. mplug-owl: Modularization empowers large language models
with multimodality. arXiv preprint arXiv:2304.14178, 2023.

Shukang Yin, Chaoyou Fu, Sirui Zhao, Ke Li, Xing Sun, Tong Xu, and Enhong Chen. A survey on
multimodal large language models. arXiv preprint arXiv:2306.13549, 2023.

Kaining Ying, Fanqing Meng, Jin Wang, Zhiqian Li, Han Lin, Yue Yang, Hao Zhang, Wenbo Zhang,
Yuqi Lin, Shuo Liu, Jiayi Lei, Quanfeng Lu, Runjian Chen, Peng Xu, Renrui Zhang, Haozhe
Zhang, Peng Gao, Yali Wang, Yu Qiao, Ping Luo, Kaipeng Zhang, and Wenqi Shao. Mmt-bench:
A comprehensive multimodal benchmark for evaluating large vision-language models towards
multitask agi, 2024.

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin Lin, Zicheng Liu, Xinchao Wang,
and Lijuan Wang. Mm-vet: Evaluating large multimodal models for integrated capabilities. In
ICML, 2024.

Kaihao Zhang, Dongxu Li, Wenhan Luo, Wenqi Ren, Bjorn Stenger, Wei Liu, Hongdong Li, and
Ming-Hsuan Yang. Benchmarking ultra-high-definition image super-resolution. In /CCV, 2021.

Pan Zhang, Xiaoyi Dong Bin Wang, Yuhang Cao, Chao Xu, Linke Ouyang, Zhiyuan Zhao, Shuan-
grui Ding, Songyang Zhang, Haodong Duan, Hang Yan, et al. Internlm-xcomposer: A vision-
language large model for advanced text-image comprehension and composition. arXiv preprint
arXiv:2309.15112, 2023.

Yi-Fan Zhang, Qingsong Wen, Chaoyou Fu, Xue Wang, Zhang Zhang, Liang Wang, and Rong
Jin. Beyond llava-hd: Diving into high-resolution large multimodal models. arXiv preprint
arXiv:2406.08487, 2024.

Yi-Fan Zhang, Tao Yu, Haochen Tian, Chaoyou Fu, Peiyan Li, Jianshu Zeng, Wulin Xie, Yang Shi,
Huanyu Zhang, Junkang Wu, Xue Wang, Yibo Hu, Bin Wen, Fan Yang, Zhang Zhang, Tingting
Gao, Di Zhang, Liang Wang, Rong Jin, and Tieniu Tan. Mm-rlhf: The next step forward in
multimodal llm alignment, 2025. URL https://arxiv.org/abs/2502.10391.

Yunsong Zhou, Linyan Huang, Qingwen Bu, Jia Zeng, Tianyu Li, Hang Qiu, Hongzi Zhu, Minyi
Guo, Yu Qiao, and Hongyang Li. Embodied understanding of driving scenarios. arXiv preprint
arXiv:2403.04593, 2024.

15


https://arxiv.org/abs/2502.10391

Published as a conference paper at ICLR 2025

Deyao Zhu, Jun Chen, Xiaoqian Shen, Xiang Li, and Mohamed Elhoseiny. Minigpt-4: En-
hancing vision-language understanding with advanced large language models. arXiv preprint
arXiv:2304.10592, 2023.

Pengfei Zhu, Longyin Wen, Dawei Du, Xiao Bian, Heng Fan, Qinghua Hu, and Haibin Ling. De-
tection and tracking meet drones challenge. 7-PAMI, 2021.

16



Published as a conference paper at ICLR 2025

MME-RealWorld
—Appendix—
CONTENTS

1 Introduction

2 MME-RealWorld
2.1 Instruction and Criterion . . . . . . . . . . . ... e
2.2 Data Collection and Annotation . . . . . . . ... ... ...
2.3 MME-RealWorld-CN . . . . . . . .. ...
2.4 Quality Control and Analysis . . . . . . . . . ... Lo

3 Experiments
3.1 Resultson MME-RealWorld . . . .. ... ... ... ... .. ...... . ...
311 Perception . . . . ... e e e e
3.1.2 Reasoning . . . . . . . ... e e e
3.2 Resultson MME-RealWorld-CN . . . . ... ... ... ... ... ......
3.3 Fine-grained Analysis and Findings . . . . . . .. ... .. ... ..., ...,

4 Conclusion
A Related Work

B Data Collection and Task Split
B.1 OCRinthe Wild . . . . . . . . . . . . .. .
B.2 Diagramand Table . . .. . .. ... ... ... ...
B.3 Remotesensing . . . . . . . . ... i e
B.4 Autonomous Driving . . . . . . ...

B.5 Monitoring . . . . ... e e e e e

C Discussion on Data Diversity, Scalability, and Limitations

C.1 Advancing Dataset Diversity and Scalability: Challenges and Model-Assisted
SIrate@ies . . . . . oo e e e e

C.2  Why We Select Domains Such as Remote Sensing and Autonomous Driving Instead
of Others Like Embodied AI or Natural ImagesinCOCO . . . . .. ... ... ..

C.3 Existing Limitations and Plans for Extension . . . . ... ... ... .......

C.4 Exploring Model-Assisted Approaches to Enhance Dataset Scalability . . . . . . .
D Experimental Results on All Task Splits

E Experimental Results on All Task Splits of MME-RealWorld-CN

17

AN L B~ W W

O 0 0 AN N &

10

19

20
20
22
22
23
26

28

28

29
29
30

31

36



Published as a conference paper at ICLR 2025

F MME-RealWorld-lite

G Other Analysis

36

37

18



Published as a conference paper at ICLR 2025

A RELATED WORK

Multimodal Benchmark. With the development of MLLMs, a number of benchmarks have been
built. For instance, MME (FFu et al., 2023a) constructs a comprehensive evaluation benchmark that
includes a total of 14 perception and cognition tasks. All QA pairs in MME are manually designed
to avoid data leakage, and the binary choice format makes it easy to quantify. MMBench (Liu et al.,
2023c) contains over 3, 000 multiple-choice questions covering 20 different ability dimensions, such
as object localization and social reasoning. It introduces GPT-4-based choice matching to address
the MLLM’s lack of instruction-following capability and a novel circular evaluation strategy to im-
prove the evaluation robustness. Seed-Bench (Li et al., 2023c¢) is similar to MME and MMBench but
consists of 19,000 multiple-choice questions. The larger sample size allows it to cover more abil-
ity aspects and achieve more robust results. SEED-Bench-2 (Li et al., 2023b) expands the dataset
size to 24,371 QA pairs, encompassing 27 evaluation dimensions and further supporting the eval-
uation of image generation. MMT-Bench (Ying et al., 2024) scales up the dataset even further,
including 31, 325 QA pairs from various scenarios such as autonomous driving and embodied Al
It encompasses evaluations of model capabilities such as visual recognition, localization, reasoning,
and planning. Additionally, other benchmarks focus on real-world usage scenarios (Fu et al., 2024c;
Lu et al., 2024b; Bitton et al., 2023) and reasoning capabilities (Yu et al., 2024; Bai et al., 2023b;
Han et al., 2023). There are also some benchmarks that focus on safety or MLLM reward model
evaluation (Zhang et al., 2025) and mathematical problems (Yan et al., 2024). However, there are
widespread issues, such as data scale, annotation quality, and task difficulty, in these benchmarks,
making it hard to assess the challenges that MLLMs face in the real world.

MLLMs. This field has undergone significant evolution (Yin et al., 2023; Fu et al., 2023b), initially
rooted in BERT-based language decoders and later incorporating advancements in LLMs. MLLMs
exhibit enhanced capabilities and performance, particularly through end-to-end training techniques,
by leveraging advanced LLMs such as GPTs (OpenAl., 2023; Brown et al., 2020), LLaMA (Touvron
et al., 2023a;b), Alpaca (Taori et al., 2023), PaLM (Chowdhery et al., 2023; Anil et al., 2023),
BLOOM (Muennighoff et al., 2022), Mistral (Jiang et al., 2023), and Vicuna (Chiang et al., 2023).
Recent model developments, including Flamingo (Awadalla et al., 2023), PaLI (Laurencon et al.,
2024), PaLM-E (Driess et al., 2023), BLIP-2 (Li et al., 2023e), InstructBLIP (Dai et al., 2024),
Otter (Li et al., 2023a), MiniGPT-4 (Zhu et al., 2023), mPLUG-OwI (Ye et al., 2023), LLaVA (Liu
et al., 2023b), Qwen-VL (Bai et al., 2023a),, and VITA series Fu et al. (2025; 2024a); Shen et al.
(2025) bring unique perspectives to challenges such as scaling pre-training, enhancing instruction-
following capabilities, and overcoming alignment issues. However, the performance of these models
in the face of real scenarios has often not been revealed.

High-resolution MLLMs. Empirical studies have shown that employing higher resolution is an
effective solution for many tasks (Bai et al., 2023a; Liu et al., 2023a; Li et al., 2023f; McKinzie
et al., 2024). Approaches like LLaVA-Next (Liu et al., 2024a) segment high-resolution images into
multiple patches, encoding each one independently before concatenating all local patch tokens with
the original global image tokens, albeit at an escalated computational cost. Other models, such as
Monkey (Li et al., 2023f) and LLaVA-UHD (Xu et al., 2024), also split images into patches but sub-
sequently compress them to avoid redundant tokens. Mini-Genimi (Li et al., 2024d) comprises twin
encoders, one for high-resolution images and the other for low-resolution visual embedding. They
work in an attention mechanism, where the low-resolution encoder generates visual queries, and
the high-resolution counterpart provides candidate keys and values for reference. Conv-LIaVA (Ge
et al., 2024) employs ConvNeXt instead of ViT as the vision encoder. Cambrian (Tong et al., 2024)
uses a set of learnable latent queries that interact with multiple vision features via cross-attention
layers. Additionally, SLME (Zhang et al., 2024) stresses the importance of global features, com-
pressing the local image patches twice but preserving all the global context. Although many of
these models focus on improving resolution, none have been tested in a rigorous high-resolution
benchmark, often providing only intuitive examples that lack informativeness and convincing re-
sults. Our proposed benchmark offers a rigorous evaluation to test the capabilities in understanding
high-resolution images.
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B DATA COLLECTION AND TASK SPLIT

B.1 OCR IN THE WILD

Data Characteristics. The data is from real-world street scenes and high-resolution images of
product advertisements. Text is dense or difficult to detect and requires careful observation to be
identified.

B.1.1 DATA SOURCES AND ANNOTATION PROCESS

Data Sources. We manually select images with complex scenes and recognizable text information
from existing high-resolution datasets for our test images. The open-source datasets used include
DIV2K and Flickr2K ( , ), which offer paired high-resolution RGB images
and their corresponding downscaled low-resolution RGB images by a factor of two. In our approach,
we exclusively utilize high-resolution images, selecting and preserving images with complex scenes
and contexts. Additionally, we include the LIU4K ( s ) dataset, which contains 2, 000
images with resolutions of at least 3K, most ranging from 4K to 6K. This dataset provides abundant
materials for testing and evaluating performance on 4K/8K display devices, featuring diverse and
complex low-level signal distributions and backgrounds. We also incorporate two large-scale Ultra-
High-Definition datasets, UHD4K and UHDSK ( s ), which collectively contain
23,000 images. These datasets cater to various low-level image enhancement tasks, including image
super-resolution (SR), image deraining (Derain), low-light image enhancement (LLIE), and image
reflection removal (IRR). Finally, we use HQ-50K ( , ), a large-scale, high-quality
image restoration dataset containing 50, 000 high-quality images. HQ-50K stands out for its large
scale, high resolution, varying compression rates, rich texture details, and semantic diversity.

Annotation. 20 volunteers annotate the question and answer pairs. 3 experts are tasked with check-
ing and correcting the annotations to ensure quality.

B.1.2 EVALUATION DIMENSIONS AND BENCHMARK STATISTICS

The evaluation of models in real-world complex scenes involves their ability to recognize and un-
derstand text, enabling us to ascertain their capacity to comprehend and process textual information
within visual content, thereby enhancing the overall practicality and reliability of intelligent systems.
Specifically, Optical Character Recognition (OCR) in complex contexts comprises five perception
tasks and two reasoning tasks. For perception tasks,

1. Contact information and addresses (Fig. ). Recognizing telephone numbers, names of
countries/cities/streets, and buildings (469 images and 577 QA pairs).

2. Product and Advertisement Perception (Fig. ). Identifying product names/prices or adver-
tisements of shops or brands (803 images and 1, 588 QA pairs).

3. Identity Information Perception (Fig. ). Recognizing license numbers or ID cards of
cars/humans (852 QA pairs).

4. Other kind of Small Text on Signals or Indicators Perception (Fig. ). Recognizing small
text on indicators, signals, and similar objects (626 images and 1, 198 QA pairs).

5. Book, Map and Poster Perception (Fig. ). Recognizing dialogues/information on posters
and specific locations involving a country/region on maps (785 images and 1, 555 QA pairs).

Additionally, our two reasoning tasks include:

1. Scene Recognition (Fig. ). Understanding the meaning of scenes in images, such as predict-
ing the outcome of a game based on the scoreboard or what might happen in the future based on the
scene, inferring the time by looking at a clock, or calculating object prices (250 images and 250 QA
pairs).

2. Characters Understanding (Fig. ). Understanding the pertinent characteristics of characters
in a poster or comic, including their relationships, emotions, intentions, or quantities (250 images
and 250 QA pairs).

20



Published as a conference paper at ICLR 2025

What s the content of the sign on the top of the tall building
with the blue windows in the distance?

What i the phone number of HOP INN?

() 02380667723
®)
©
®)
®

02880 557722
02025557753
02380 557723
The image does not feature the mumber:

VALES
TIRANO INTERNATIONAL HOTEL
SRARI

TIRANA INTERNATIONAL HOTEL
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What's the content of the old man speaking in the frame
on the fourth row in the comic page?

(A) DON'T WAIT FOR US. WE'LL FIND OUR
OWN RABBIT HOLE.

1 SEE YOU BROUGHT WILLOW LIFGOOD
WITH YOU.

HER NAME IS MARIAN DREWS!

WE CAN MANAGE.

The image does not feature the content.

(e) Book, Map and Poster.

Figure 4: Data Examples for Perception Tasks in OCR in the Wild
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i i ?
What time is it now? What might be the emotions of these characters?
(A) 4:00 (4) Happy.
® 300 (B) Angr.
(© 5:00 (C) Sad.
(D) 3:30 (D) Excited
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(a) Scene Recognition. (b) Characters Understanding.

Figure 5: Data Examples for Reasoning Tasks in OCR in the Wild

Note that although we have 3,293 unique images, some tasks use overlapping image sets, so the
total number of images listed in all the tasks is not exactly 3, 293.
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B.2 DIAGRAM AND TABLE

Data Characteristics. Diagrams and tables with rich content present significant challenges for rapid
localization and analysis, even for human researchers. These tasks demand a high level of perceptual
capability.

B.2.1 DATA SOURCES AND ANNOTATION PROCESS

Although there are existing datasets for evaluating diagrams and tables, such as ChartQA (

, ) and some open-source scientific chart data like Arxiv QA ( , ), we observe
that these datasets often have relatively low image resolutions and limited content richness. Con-
sequently, they are relatively easy for humans to interpret quickly, which does not align with the
design goals of our benchmark. To address this, we source complex diagram data from the internet,
such as detailed financial reports with large charts. Analyzing these large charts poses significant
perceptual challenges, even for humans, and thus better aligns with the objectives of our benchmark.

Annotation. 20 volunteers are involved to generate question and answer pairs for the perception
task. Additionally, one expert researcher is responsible for generating reasoning annotations. To
ensure high-quality annotations, three experts are assigned to review and correct the annotations.

B.2.2 EVALUATION DIMENSIONS AND BENCHMARK STATISTICS

The ability of multimodal models to perceive and understand diagram and table data has long been a
focus of research. In our Diagram and Table domain, we have elevated the difficulty level to a point
where even humans find it challenging to solve easily. We have collected 2, 570 images and 5, 933
annotations, categorizing the annotations into the following four types:

1. Table Perception (Fig. ). Identifying specific elements within a table by using the given
table name, horizontal axis coordinates, and related location information to determine the value of
elements in specific positions (4, 018 QA pairs).

2. Diagram Perception (Fig. ). Identifying specific elements within a diagram by using the
provided legend or title, along with specific location information, to determine the value of elements
or the intervals they belong to (1,415 QA pairs).

Additionally, our two reasoning tasks include:

1. Table Reasoning (Fig. ). This involves tasks that go beyond simple perception, such as
comparing the values of two elements in specific positions within a table, filtering the table based
on given conditions, or determining the maximum and minimum values (174 QA pairs).

2. Diagram Reasoning (Fig. ). Similar to table reasoning, but reasoning with diagrams involves
distinguishing specific colors in the legend and assessing the height of curves or bars (326 QA pairs).

B.3 REMOTE SENSING

Data Characteristics. From real remote sensing data, some images have extremely high quality,
with individual image sizes reaching up to 139MB and containing rich details.

B.3.1 DATA SOURCES AND ANNOTATION PROCESS

We select high-resolution images from public remote sensing datasets with rich information. For
example, the FAIRIM dataset ( , ) focuses on fine-grained object recognition and
detection using high-resolution (0.3 — 0.8m) RGB images from Gaogen (GF) satellites extracted
via Google Earth. It contains 15, 000 images annotated with rotated bounding boxes across 5 main
categories (ships, vehicles, airplanes, courts, and roads), further divided into 37 sub-categories.
The Potsdam dataset” dataset includes 38 patches of true orthophotos (TOP) extracted from larger
mosaics. VGoogle ( , ), VBing ( s ), and VArcGIS ( s )
datasets, derived from Google Earth, Bing World Imagery, and ArcGIS World Imagery respectively,

Shttps://paperswithcode.com/dataset/isprs-potsdam
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Figure 6: Data Examples for Diagram and Table Tasks

each feature 38 classes with a total of approximately 59, 000 images per dataset. Each class contains
at least 1, 500 images, with spatial resolutions ranging from 0.07 to 38.22 meters.

Annotation. For all the questions in this subsection, 20 volunteers manually create the questions and
answers, while another expert reviews the quality of the questions to ensure they meet the required
standards.

B.3.2 EVALUATION DIMENSIONS AND BENCHMARK STATISTICS

Remote sensing images have a wide range of applications in real-world scenarios. During the con-
struction of our dataset, we observe that many tasks are challenging for humans. For example,
counting the number of airplanes in Fig. 7(a) requires careful observation and counting by human
annotators. Automating this process with multimodal large models would be highly valuable for re-
mote sensing applications. We select a total of 1, 298 high-quality images and design three specific
tasks tailored for remote sensing images:

1. Object Counting (Fig. 7(a)). Task involves counting specific objects such as airplanes, ships, or
buildings within a given image (1, 255 QA pairs).

2. Color Recognition (Fig. 7(b)). Task involves identifying and describing the colors of specific
objects in the image (1, 226 QA pairs).

3.Spatial Relationship Understanding (Fig. 7(c)). Understanding both the absolute spatial rela-
tionships and relative spatial relationships between objects in the images (1,257 QA pairs).

B.4 AUTONOMOUS DRIVING

Data Characteristics. The front-view driving datas are recorded using onboard cameras with var-
ious sensor configurations. The images encompass diverse weather conditions (e.g., sunny, night,
rainy, etc.), geographic locations (e.g., US, SG, CN), and complex traffic scenarios (e.g., urban,
highway, etc.).
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(c) Spatial Relationship Understanding.

Figure 7: Data Examples for Perception Tasks in Remote Sensing

B.4.1 DATA SOURCES AND ANNOTATION PROCESS

Data Sources. We select high-quality images from large open-source driving datasets, each with
distinct advantages. The Rank2Tell dataset (Sachdeva et al., 2024) ranks the importance level of sur-
rounding objects for driving safety. Additionally, it provides dense annotations of semantic, spatial,
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and relational attributes with bounding boxes for approximately 2, 600 frames captured at intersec-
tions, and it stitches images from three cameras to deliver a wide field of view (FOV). To enhance
the reliability of autonomous driving systems, the CODA dataset ( , ) collects 1,500
driving scenes, each containing object-level corner cases, and labels more than 30 novel categories
(e.g., garbage bag, concrete block, etc.). It focuses on evaluating performance of perception systems
in detecting out-of-distribution (OOD) objects compared to common traffic elements. The nuScenes
dataset ( , ), one of the most popular real-world autonomous driving datasets, pro-
vides abundant 3D perception annotations with a semantic map and CAN bus expansion (

). Based on nuScenes ( , ), DriveLM-nuScenes ( R ) links ap-
proximately 4,800 key frames with driving behaviors and motions by formulating 3P reasoning
(perception, prediction, planning) as a series of rich question-answer pairs in a directed graph.

Annotation. For all the questions in this subsection, a professional researcher manually generates
the questions and answers based on the source datasets’ labels, achieving their non-ambiguity, chal-
lenge and complexity. Another expert reviews the quality of the questions to ensure they meet the
required standards.

B.4.2 EVALUATION DIMENSIONS AND BENCHMARK STATISTICS

Vision-centric autonomous driving is one of the most significant applications of artificial intelli-
gence. However, unresolved issues remain, including both object-level and task-level corner cases,
as well as safe-critical and human-like planning ( , ). MLLMs with general knowl-
edge and the ability of dr1v1ng scenarios embodied understanding (

) are seen as a promising solution to achieve Level 4 autonomous driving. Spemﬁcally, we have
designed three main perception tasks and three main reasoning tasks, which are further subdivided
into a total of fifteen sub-tasks. It is worth noting that, as traditional detection tasks in autonomous
driving have largely been addressed by modern perception models, our focus is shifting towards
perception challenges involving small or distant objects, specifically those that occupy less than
1/100 of the total image area. Meanwhile, LLMs must possess extensive driving expertise and even
a deep understanding of 3D spatial concepts in order to effectively address the complex reasoning
challenges. For perception tasks:

1. Object Identification (Fig. ). Describing the main traffic elements in front of the ego car
including their categories and corresponding quantities (1, 101 images and 1, 101 QA pairs).

2. Object Attribute Identification. Task involves identifying the attribute of a specific object
according to its appearance and location (a total of 454 images and 523 QA pairs), and describing
the attributes of all objects within a specific category (a total of 1,167 images and 1,315 QA pairs)
in traffic scenarios. In terms of sub-tasks, the former includes the visual attribute of a traffic signal
(Fig. , 157 images and 201 QA pairs) and the motion attribute of a pedestrian (Fig. , 152
images and 164 QA pairs) or a vehicle (145 images and 158 QA pairs), and the latter includes
the motion attributes of multiple pedestrians (Fig. , 493 images and 492 QA pairs) or vehicles
(Fig. , 674 images and 823 QA pairs).

3. Object Counting (Fig. ). Counting special traffic elements in the given image, such as
cars, trucks, traffic signals, etc., especially some novel objects compared to traditional autonomous
driving tasks such as garbage bags, dogs, concrete blocks, etc. (647 images and 720 QA pairs).

Furthermore, reasoning tasks are as follows:

1. Intention Prediction. Task involves predicting the intention of a designated traffic agent in the
given image (a total of 582 images and 614 QA pairs). In terms of sub-tasks, it contains fine-grained
behavior prediction of the ego vehicle (Fig. , 304 images and 304 QA pairs) and future intention
of a pedestrian (95 images and 103 QA pairs) or a vehicle (Fig. , 183 images and 207 QA pairs).

2. Interaction Relation Understanding. Task involves reasoning the interaction relation between
two specific traffic elements (a total of 444 images and 513 QA pairs). In terms of sub-tasks, it
contains the ego vehicle’s reaction to a specific object (Fig. ), which is further categorized into
three categories: pedestrian (102 images and 106 QA pairs), vehicle (95 images and 101 QA pairs),
and traffic signal (81 images and 105 QA pairs). Additionally, another sub-task is predicting the
interactions between the aforementioned objects, excluding the ego vehicle (Fig. , 166 images
and 201 QA pairs).
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Figure 8: Data Examples for Perception Tasks in Autonomous Driving

3. Driver Attention Understanding (Fig. 9(c)). Reasoning the traffic signal that the driver should
pay attention to in the given front view image, such as yellow light, speed limit sign, no parking
sign, etc. (217 images and 217 QA pairs).

B.5 MONITORING
B.5.1 DATA SOURCES AND ANNOTATION PROCESS

Data Characteristics. Monitoring images are captured from different cameras (e.g., drone-
equipped cameras, fixed surveillance cameras, infrared cameras), viewpoints (arbitrary and fixed
viewpoints), scene complexities (e,g., streets, shopping malls, intersections, campus, etc.), and en-
vironmental factors (day and night).
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We select high-resolution images from public monitoring image datasets with many real-world chal-
lenges. For example, the VisDrone dataset (Zhu et al., 2021) brings several challenges, e.g., view-
point variations, scale variations, and out-of-view, etc. Additionally, its dataset contains 263 video
clips with 179, 264 frames and 10, 209 static images, which are captured via various drone-equipped
cameras across various categories (e.g., pedestrian, people, bicycle, car, van, truck, tricycle, awning-
tricycle, bus, and motor), density (e.g., sparse and crowded scenes) and environments (e.g., urban
and rural regions). Additionally, The second dataset 7 is collected in diverse environments (e.g.,
street, mall, elevator, etc.) for crowd density prediction task, features 3, 000 images with only per-
son category, captured by fixed surveillance cameras. This dataset is highly diverse from the camera
viewpoints (low altitude, high altitude, fisheye, etc.), scale size, and scene complexities. The LLVIP
dataset (Jia et al., 2021), which is a visible-infrared paired dataset for low-light vision, contains
30,976 images taken in binocular cameras, and contains a large number of pedestrians. We only
select manually infrared images from it to test the model’s robustness on different modals.

Annotation. For all the questions in this subsection, two professional researchers manually create
the questions and answers, and another expert reviews the quality of the questions to ensure they
meet the required standards.

"This dataset s publicly accessible through  the Al Studio website at
https://aistudio.baidu.com/datasetdetail/28831.
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B.5.2 EVALUATION DIMENSIONS AND BENCHMARK STATISTICS

Monitoring images are widely applied in real-world scenarios to increase public safety. Analyzing
the monitoring images accurately with MLLMs would be highly valuable for public safety and
crowd management. Specifically, we have designed three main tasks for monitoring images:

1. Object Counting (Fig. ). Task involves counting specific objects such as pedestrians, cars,
or trucks in the given monitoring images (a total of 1, 600 images and 1, 600 QA pairs). Noted that,
when the count of a specific object is equal to zero, this object counting task can be transformed
well into the object existence task (Fig. , for judging whether a specific object exists in the
given images. Thus, the object existence task can be regarded as a special case of the counting task.
Additionally, we categorize this task into two sub-tasks for vehicle counting (608 images and 608
QA pairs) and person counting (992 images and 992 QA pairs), respectively.

2. Object Location (Fig. ). Task involves judging the location of the specific vehicles, like
cars, or trucks in the given monitoring images (a total of 136 images and 136 QA pairs).

3. Attribute Recognition. Task involves identifying and describing the attributes of specific objects,
e.g., color recognition (Fig. ) and orientation perception (Fig. ), in the monitoring images
(a total of 460 images and 460 QA pairs). Additionally, we categorize this task into two sub-tasks
for the vehicle (352 images and 352 QA pairs) and person attribute recognition tasks (108 images
and 108 QA pairs), respectively.

In addition, there are three seasoning tasks described as follows.

1. Calculate the Sum of Different Objects (Fig. ). Counting various objects and calculating
their total number accurately (300 images and 300 QA pairs).

2. Intention Reasoning (Fig. ). Reasoning the next route and turn of the specific object (98
images and 98 QA pairs).

3. Attribute Reasoning (Fig. ). Reasoning the specific materials and functions of the given
objects, such as inferring the function of the dustbin via its appearance (100 images and 100 QA
pairs).

C DISCUSSION ON DATA DIVERSITY, SCALABILITY, AND LIMITATIONS

The creation of a diverse and scalable dataset poses significant challenges, particularly in the con-
text of high-resolution, real-world scenarios. This section discusses our rationale for domain se-
lection, identifies current limitations in dataset diversity and scalability, and explores the potential
for leveraging models to enhance scalability. By addressing these key aspects, we aim to provide
a comprehensive overview of our approach and outline possible avenues for improvement in the
future.

C.1 ADVANCING DATASET DIVERSITY AND SCALABILITY: CHALLENGES AND
MODEL-ASSISTED STRATEGIES

The creation of a high-resolution, diverse, and scalable dataset is a multifaceted challenge that in-
volves balancing domain-specific requirements, practical constraints, and innovative approaches to
enhance efficiency. In this section, we summarize the key aspects of our work, including the ratio-
nale behind our domain selection, existing limitations in dataset construction, and the potential for
model-assisted strategies to improve scalability.

1. Rationale for Domain Selection (Appendix. C.2): We prioritized domains such as remote sens-
ing, surveillance, and autonomous driving for their practical value and unique challenges, focusing
on high-resolution imagery with complex scenarios. These domains are better suited for testing
nuanced perception and reasoning compared to simpler datasets like COCO, which lack scene com-
plexity and high resolution.

2. Current Limitations and Plans for Extension (Appendix. C.3): Our dataset faces challenges in
task diversity and scalability. There is a lack of high-resolution natural scene data and underrepresen-
tation of domains like indoor scenes, healthcare, and AR/VR. Additionally, the dataset construction
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process, requiring significant human effort, limits scalability. Future plans include capturing natural
images, expanding to more domains, and exploring strategies to reduce manual effort.

3. Exploring Model-Assisted Approaches to Enhance Scalability (Appendix. ): We trialed
MLLMs for data filtering and question generation. While models like GPT-4o effectively filtered
images, their performance in generating complex QA pairs was suboptimal, often producing lower
task difficulty and higher error rates compared to manual annotation. This suggests that while model-
assisted pipelines can reduce workload, further refinement is needed to match the quality of manual
processes.

C.2 WHY WE SELECT DOMAINS SUCH AS REMOTE SENSING AND AUTONOMOUS DRIVING
INSTEAD OF OTHERS LIKE EMBODIED Al OR NATURAL IMAGES IN COCO

Practical Value: Instead of opting for data sources like COCO, our primary objective is to enable
the understanding of high-resolution, real-world scenarios that are closely tied to domains such as
autonomous driving and surveillance. Recent studies have demonstrated a growing application of
MLLMs in these realistic fields, which pose unique challenges to their perception and reasoning
abilities. The selected domains specifically demand high image resolution, enabling MLLMSs to
showcase progress in these settings. As a result, we prioritize areas where MLLMs are currently
poised to make a significant impact.

Benchmark Objective: Our benchmark is not limited to autonomous driving or surveillance appli-
cations. The core goal is to evaluate MLLMs’ fundamental perception and reasoning capabilities
within these domains. The tasks we design include various scenarios that researchers have identified
as appropriate for assessment through multiple-choice QA formats. We deliberately avoid more spe-
cific or complex tasks, such as robotic arm trajectory prediction, to maintain a focus on fundamental
capabilities.

Task Difficulty: We aim to emphasize high-resolution imagery and focus on challenging and subtle
objects. In contrast, embodied Al scenarios often feature large, static objects, which pose relatively
limited challenges to perception tasks. Similarly, while COCO indeed provides a large number of
samples, its images are relatively small in resolution, with insufficient complexity in the scenes. For
instance, many COCO images feature only a single object, making it difficult to create sufficiently
challenging questions.

This limitation is one of the primary reasons we did not select COCO as a major data source. Cover-
ing all the scenes and categories in COCO would require capturing images ourselves using cameras
in complex environments to generate sufficiently challenging, high-resolution perception tasks. This
approach would undoubtedly be resource-intensive and difficult to scale, making it less feasible for
our benchmark objectives.

C.3 EXISTING LIMITATIONS AND PLANS FOR EXTENSION

At present, the main limitations of our work are concentrated in the diversity of tasks and the scala-
bility of the dataset.

1. Perception of Natural Scenes: Although we discussed in Section some data sources that
were excluded during the dataset construction process, such as COCO, which were deemed too
simple for high-resolution perception tasks, there remain challenges in finding sufficiently complex,
high-resolution natural images containing small objects on the internet. This limitation has resulted
in a lack of natural scene data in our dataset, which may hinder the evaluation of models’ question-
answering capabilities related to natural landscapes. To address this issue, we plan to collect natural
scene data through self-captured images or generate complex high-resolution images using genera-
tive models in future work, thereby compensating for this shortcoming.

2. Extension to Other Domains: Beyond domains like remote sensing, surveillance, and au-
tonomous driving, which have high-resolution requirements and demand understanding of complex
scenes, there are other practical applications such as indoor scene understanding, commerce, health-
care, robotics, and AR/VR that also share similar needs. Due to cost constraints, our current work
does not encompass all these domains, leading to potential bias in the dataset. For example, surveil-
lance and autonomous driving data are primarily human-centric, which might lack evaluations of
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other critical factors. In future work, we aim to further explore these mentioned domains, identify
suitable images, and annotate them to enhance the diversity of our dataset.

3. Weak Scalability: Our dataset construction involves two key stages requiring human involve-
ment.

- Stage 1: Image Selection and Filtering: During this stage, we ensure: - The images contain
challenging or valuable small objects. - The images are of high quality, free from glare or noise.
- The scenes are clear enough to minimize ambiguity in QA tasks (e.g., if a question asks about a
person in a blue shirt in the upper right corner, there should be only one such person).

By ensuring high-quality and challenging images, we provide annotators with images more likely to
yield usable QA pairs, enhancing annotation efficiency.

- Stage 2: Human Annotation: This involves crafting questions and answers for the complex
images. The human cost throughout this process is relatively high, which makes it challenging to
scale to other languages or data scenarios. To mitigate this issue, we have discussed in Section
some promising alternative strategies, such as leveraging MLLMs to reduce the reliance on human
labor.

C.4 EXPLORING MODEL-ASSISTED APPROACHES TO ENHANCE DATASET SCALABILITY

To explore whether models can assist in improving the scalability of our dataset construction process,
we conducted a small-scale trial using the following approach:

1. Data Filtering: We implemented a model-based strategy to streamline the data filtering process.
A minimum resolution threshold of 1024 x 1024 was set to ensure the images were sufficiently large.
We employed a MLLM to remove images that were noisy or unclear. The MLLM was prompted
with the following instruction:

"We provide an image; please score the scene from two aspects on a scale of [1,
2, ..., 10] and provide Objects with Observational Challenges:

1. Complexity: Assess whether the image contains a large number of elements,
such as various objects. If the scene features only one prominent object and the
foreground/background is relatively simple, the score should be 0. Conversely, if
the image includes a multitude of elements and the scene is complex, the score
should be higher.

2. Object Salience: Evaluate whether the image contains small objects that are
difficult to observe clearly, specifically objects occupying less than 1/20 of the
total pixel area. If all objects in the image can be observed very clearly or are
relatively large, the score should be 0.

3. Objects with Observational Challenges: If there are objects in the image
that are difficult to observe or smaller targets, please list these objects and their
locations."

Using this scoring strategy, annotators could easily reference the model’s assessments of image com-
plexity and the presence of small objects. Currently, we are utilizing GPT-40 as the scoring model.
In the future, a voting mechanism involving multiple models could be employed for improved qual-
ity assurance. This approach has successfully reduced the workload for annotators, enabling us to
quickly filter out simple images.

2. Manual Annotation: We explored using GPT-40 for question generation and answer construc-
tion. However, the results were suboptimal for high-resolution scenarios, especially in reasoning
tasks. The generated samples were either too easy or contained errors, rendering them unusable.

To address this, we tested multiple models—Qwen2-vl-72b, Llava-ov-72b, Claude3.5-sonnect, and
GPT-40. Each model independently generated three questions and answers for a single image, fol-
lowing the construction standards outlined in our article. Predefined prompts were provided to
ensure consistency. Human experts then reviewed and retained the most challenging and reasonable
questions from the model outputs.
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Figure 10: Data Examples for Perception Tasks in Monitoring Images

While this method allowed us to obtain some high-quality QA pairs, our small-scale experiments
revealed that: - The task difficulty generated by models was generally lower than that of purely
manual annotation. - The error rate in model-generated samples was significantly higher. - Manually
reviewing multiple model outputs did not substantially reduce the time required compared to direct
manual annotation.

Observations and Future Directions: Our findings suggest that, for ultra-high-resolution percep-
tion tasks, existing model-assisted pipelines are not yet optimal. The limitations include reduced
task complexity and higher error rates compared to purely manual processes. Additionally, the time
efficiency of manual review was not significantly improved. We believe this represents a valuable
direction for future research.

D EXPERIMENTAL RESULTS ON ALL TASK SPLITS

OCR in The Wild Performance. Tab. 6 displays the performance of various models on real-world
OCR tasks. Generally speaking, when image resolution is high, the more advanced models still
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Figure 11: Data Examples for Reasoning Tasks in Monitoring Images

demonstrate commendable OCR capabilities. However, this does not imply that our task is of low
difficulty. The average accuracy rates of Qwen-VL and the basic LLaVA model on perception tasks
are only slightly better than random guessing. In this task, the gap between open-source and closed-
source models is not significant. GPT-40 ranks first in overall performance, while Claude 3.5 Sonnet
leads in reasoning tasks.

Diagram and Table. Tab. 7 presents the results for the diagram domain, where some of the more
advanced models perform relatively well, with four models achieving an average accuracy of over
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Table 6: Experimental results on the OCR in the Wild tasks are categorized as follows:
“Product” represents products and advertisements; “B & M & P” represents books, maps, and
posters; “Contact” denotes contact information and addresses; “Identity” pertains to identity infor-
mation; and “Signage” refers to signage and other text. Models are ranked according to their average
performance on perception tasks, from highest to lowest. Rows corresponding to proprietary models
are highlighted in gray for distinction.

Method LLM Perception Reasoning

Product B &M &P Contact Identity Signage Avg Avg-C Scene Character Avg Avg-C
Qwen2-VL Qwen2-7B 81.32 82.64 84.40 84.51 76.13 8138 8180 63.20 63.60 6340  63.40
GPT-40 - 79.65 79.23 74.88 73.66 7738  77.69 7696 64.80 58.00 61.40 61.40
InternVL-2 InternLM2.5-7b-Chat 72.21 80.58 72.10 73.47 68.70 7392 7341 56.00 58.80 57.40 5740
Claude 3.5 Sonnet - 71.89 83.67 61.15 64.64 69.70 7247 7021  62.60 61.20 61.90 61.90
InternVL-Chat-V1-5 InternLM2-Chat-20B 69.83 75.56 71.75 73.36 67.03 7151 7151 57.60 56.00 56.80  56.80
CogVLm2-llama3-Chat LLama3-8B 70.35 66.82 74.00 76.41 67.03  69.97 7092 5880 49.20 54.00 54.00
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 72.14 79.04 64.30 55.16 66.61  69.55 6745 60.80 57.60 5920  59.20
InternLM-XComposer2.5  InternLM2-7B 65.34 71.83 66.90 78.29 65.69 6925 69.61  50.40 56.40 5340 5340
Gemini-1.5-pro - 65.92 66.37 74.41 70.19 66.36  67.62 68.65 56.60 48.80 5270 5270
MiniCPM-V 2.5 LLama3-8B 64.69 69.52 71.58 68.90 62.19  66.79 6738 4880 39.20 44.00  44.00
Cambrian-1-34B Nous-Hermes-2-Yi-34B 67.65 77.30 62.22 50.47 64.19 6645 6437 54.00 56.00 55.00 55.00
GPT-40-mini - 62.32 68.87 54.11 62.56 5851 6251 6127 52.80 41.20 47.00  47.00
Cambrian-1-8B LLama3-8B-Instruct 59.18 67.27 55.98 5293 5225 5868 5752 52.80 53.60 5320 5320
Monkey Qwen-7B 55.58 54.47 53.38 59.98 5042 54.63 5477 3240 22.00 2720 2720
SliIME-8B LLama3-8B 55.97 57.30 41.25 55.05 49.92 5345 5190 55.60 50.80 5320 53.20
mPLUG-DocOwl 1.5 LLaMA-7B 54.62 5222 59.10 63.03 3299 5115 5239 46.80 38.40 42.60  42.60
SIiIME-13B Vicuna-13B 52.25 46.50 46.97 53.76 53.17 5058 50.53  45.60 36.40 41.00  41.00
DeepSeek-VL DeepSeek-LLM-7b-base ~ 53.72 55.06 31.72 44.13 4942 4955 4681 4880 41.60 4520 4520
LLaVA-Next LLama3-8B 50.77 49.45 38.30 38.73 5351 4794 46.15 58.00 52.40 5520 5520
YI-VL-34B Yi-34B-Chat 48.33 50.55 33.97 37.91 4357 4495 4287  46.80 38.00 4240 4240
ShareGPT4V-13B Vicuna-13B 46.92 40.51 40.38 46.01 47.66 4455 4430 31.20 20.80 26.00  26.00
LLaVA1.5-13B Vicuna-13B 45.51 40.39 39.69 47.54 46.74 4410 4397  36.80 23.60 30.20  30.20
Mini-Gemini-7B-HD Vicuna-7B-v1.5 40.05 44.44 42.98 4437 3932 42.02 4223 38.00 32.80 3540 3540
ShareGPT4V-7B Vicuna-7B 40.50 3543 37.61 42.14 4199 3939 3953 2560 2270 24.15  24.15
MiniGPT-v2 Llama 2-7B-Chat 40.05 34.73 38.99 41.08 41.82  39.02 3933 3640 23.60 30.00  30.00
LLaVAI.5-7B Vicuna-7B 39.67 34.92 37.26 40.26 4190 3869 3880 30.80 21.20 26.00  26.00
TextMonkey Qwen-7B 38.12 31.96 44.89 45.19 3389 37.30 38.81 36.00 24.80 30.40 3040
LLaVA-Next Qwen-72B 43.58 4572 20.28 14.91 4124 3707 3315 17.60 16.80 1720 17.20
Qwen-VL-Chat Qwen-7B 32.73 37.62 27.38 3322 2688 3237 3157 3640 20.80 28.60  28.60
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Table 7: Experimental results on the Diagram and Table tasks. Models are ranked accord-
ing to their average performance on perception tasks. Rows corresponding to proprietary models are

highlighted in gray for distinction.

Method LLM Perception Reasoning

Diagram Table Avg Avg-C Diagram Table Avg Avg-C
Qwen2-VL Qwen2-7B 74.70 68.59 70.18 71.65 47.13 49.39 48.60 48.37
Claude 3.5 Sonnet - 71.31 66.08 67.44 68.70 60.92 6135 61.20 61.14
InternLM-XComposer2.5 InternLM2-7B 69.05 62.12 6392 65.59 43.10 39.88  41.00 41.49
InternVL-2 InternLM2.5-7B-Chat 68.83 60.68 62.80 64.76 42.53 37.12  39.00 39.83
InternVL-Chat-V1-5 InternLM2-Chat-20B 61.55 53.81 55.83 57.68 37.36 3436 3540 35.86
MiniCPM-V 2.5 LLama3-8B 57.81 51.05 52.81 5443 26.44 34.66 31.80 30.55
CogVLm2-1lama3-Chat LLama3-8B 51.52 46.09 47.51 48.81 31.61 33.44 3280 32.53
GPT-40 - 47.35 4644 46.68 46.90 44.25 45.09 44.80 44.67
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 47.63 4321 4436 4542 38.51 39.57 3920 39.04
GPT-40-mini - 46.22 4354 4423 4488 38.51 40.49 39.80 39.50
Cambrian-1-34B Nous-Hermes-2-Yi-34B 43.67 39.30 4044 41.49 37.93 3497 36.00 3645
Gemini-1.5-pro - 4141 39.37 3990 40.39 35.63 31.90 3320 33.77
Cambrian-1-8B LLama3-8B-Instruct 36.25 3148 3273 33.87 27.59 27.30 2740 2745
Monkey Qwen-7B 34.98 31.63 3251 3331 18.39 22.09 20.80 20.24
mPLUG-DocOwl 1.5 LLama-7B 30.74 28.85 29.34 29.80 18.39 20.55 19.80 19.47
SIiIME-8B LLama3-8B 29.75 29.19 29.34 2947 29.89 29.14 2940 29.52
LLaVA-Next Qwen-72B 27.77 27.65 27.68 27.71 36.78 32.82 3420 34.80
LLaVA-Next LLama3-8B 26.64 26.63 26.63 26.64 22.99 23.62 2340 2331
DeepSeek-VL DeepSeek-LLM-7b-base 23.67 2327 2338 2347 22.99 2423 2380 23.61
Mini-Gemini-7B-HD Vicuna-7B-v1.5 21.20 2270 2231 2195 27.01 2331 24.60 25.16
SIiIME-13B Vicuna-13B 19.28 21.40 2093 20.34 38.51 39.26 39.00 38.89
MiniGPT-v2 Llama 2-7B-Chat 18.59 21.06 2041 19.83 20.69 20.25 2040 2047
LLaVA1.5-13B Vicuna-13B 18.30 20.83 20.17 19.57 22.41 19.94 20.80 21.18
ShareGPT4V-13B Vicuna-13B 18.37 20.81 20.17 19.59 21.84 20.25 20.80 21.05
LLaVA1.5-7B Vicuna-7B 18.30 20.71 20.08 19.51 21.84 19.94  20.60 20.89
ShareGPT4V-7B Vicuna-7B 18.30 20.71 20.08 19.51 21.84 19.94  20.60 20.89
YI-VL-34B Yi-34B-Chat 15.90 16.03 1599 15.97 23.56 27.30  26.00 2543
Qwen-VL-Chat Qwen-7B 18.42 1456 1559 16.49 14.94 12.88 13.60 1391
TextMonkey Qwen-7B 6.71 565 593 6.18 3.45 1.53 220 2.49

60%. Reasoning tasks, however, have proved to be more challenging. Only Claude 3.5 Sonnet
manage to exceed 60% accuracy, standing out significantly, with the second-ranked Qwen2-VL
trailing by 10%. Additionally, models like LLaVA-Next, which have performed well on existing
benchmarks like chartQA, show noticeably weaker performance on our dataset, underscoring the
higher difficulty of the our benchmark.

Remote Sensing. Tab. 8 presents the performance of various models on remote sensing tasks. It
is evident that models performing well on remote sensing data typically either employ special han-
dling for high-resolution images (e.g., Mini-Gemini-HD, SIiME, Cambrian) or have vision encoders
designed to support high-resolution inputs (e.g., InternVL). Among these, SIME achieves the high-
est performance due to its support for the largest resolution. However, even the top-performing
model, SIIME-8B, shows poor performance on counting tasks with extremely large images, with
only 30% accuracy. Some closed-source models perform even worse, with GPT-40-mini achieving
only 2% accuracy. This highlights the high demands of remote sensing data on resolution and detail
perception.

Autonomous Driving. Tab. 9 and Tab. 10 show the perception and reasoning performance of var-
ious models in autonomous driving scenarios. As a critical application area, autonomous driving
remains a challenge for MLLMs, with no model currently capable of reliably addressing tasks such
as intent prediction, traffic light recognition, and object counting solely through text. Only Claude
3.5 Sonnet achieve an average perception accuracy exceeding 40%. Reasoning tasks are even more
difficult, with even the most advanced models achieving only around 30% accuracy. Autonomous
driving is inherently a high-risk domain that demands very high accuracy for practical deployment.
This indicates that more powerful multimodal models with 3D spatial prediction and understanding
ability, or specialized fine-tuning on domain-specific datasets for driving expertise, are necessary
before MLLMs can be effectively applied in this field.

Monitoring Performance. Tab. 11 presents the performance of various models under monitoring
scenarios. As can be observed, the monitoring task poses a high degree of difficulty. Traditional
models like Qwen-VL and LLaVA have an accuracy rate of around 20%, which is nearly equiva-
lent to random guessing. Open-source models significantly outperform closed-source models. For
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Table 8: Experimental results on the Remote Sensing tasks. Models are ranked according to
their average performance. Rows corresponding to proprietary models are highlighted in gray for

distinction.

Method LLM Color Count Position Avg Avg-C
Qwen2-VL Qwen2-7B 5092 21.21 61.73 4481 44.62
SliME-8B LLama3-8B 45.66  28.63 52.19 4227 42.16
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B  41.12  21.29 58.31 40.40 40.24
Cambrian-1-8B LLama3-8B-Instruct 38.01  20.55 61.10 40.05  39.89
InternVL-2 InternLM?2.5-7B-Chat 4741  25.69 44.63 39.35  39.24
Cambrian-1-34B Nous-Hermes-2-Yi-34B ~ 37.05  22.76 55.69 38.63  38.50
InternLM-XComposer2.5 InternLM2-7B 4534 17.62 44.95 36.12  35.97
InternVL-Chat-V1-5 InternLM2-Chat-20B 3410 17.86 48.29 33.55 3342
YI-VL-34B Yi-34B-Chat 34.02  19.00 41.53 31.62 31.52
Mini-Gemini-7B-HD Vicuna-7B-v1.5 3729 2243 33.97 31.30 31.23
LLaVA-Next Qwen-72B 33.86  23.08 30.31 29.13  29.08
GPT-40 - 34.18 1517 37.07 2892 2881
CogVLm2-llama3-Chat LLama3-8B 37.69 18.35 29.99  28.76  28.68
MiniCPM-V 2.5 LLama3-8B 37.69  11.50 3349  27.69 27.56
SIiME-13B Vicuna-13B 30.04 18.43 28.80 2582 25.76
Claude 3.5 Sonnet - 31.87 18.11 27.95 2574 2598
DeepSeek-VL DeepSeek-LLM-7b-base  29.40  7.34 3930 2549 2535
LLaVA-Next LLama3-8B 30.04  20.55 2574 2542 2544
Monkey Qwen-7B 22.07 16.97 3572 2499 2492
mPLUG-DocOwl 1.5 LLaMA-7B 27.81  16.39 26.81 23.71  23.67
MiniGPT-v2 Llama 2-7B-Chat 2335  20.15 26.41 2333  23.30
LLaVA1.5-13B Vicuna-13B 2622  16.88 26.57 2327 2322
ShareGPT4V-13B Vicuna-13B 25.58 1697 2649  23.06 23.01
LLaVA1.5-7B Vicuna-7B 23.11 16.88 26.25 22.12  22.08
ShareGPT4V-7B Vicuna-7B 23.03 16.88 26.25 22.10 22.05
Qwen-VL-Chat Qwen-7B 16.97 11.50 16.87 15.14  15.11
Gemini-1.5-pro - 1339 832 20.13 13.99 1395
TextMonkey Qwen-7B 6.93 2.04 25.86 11.69 11.61
GPT-40-mini - 5.82 2.61 11.54 6.69 6.66

Table 9: Experimental results on the Autonomous Driving perception tasks. Models are
ranked according to their average performance. Rows corresponding to proprietary models are high-
lighted in gray for distinction.

Motion

Method LLM Identity Vehicle Multi-vehicle Pedestrain Multi-pedestrain Traffic Signal - Object Count  Avg  Avg-C
Claude 3.5 Sonnet - 58.66 18.45 35.48 32.32 K 3731 33.19 40.77  49.72
Cambrian-1-8B LLama3-8B-Instruct 56.77 50.00 33.29 32.32 14.00 35.82 33.06 38.52  47.65
InternVL-2 InternLM2.5-7B-Chat 46.68 39.24 30.98 34.76 17.24 37.81 34.58 3546 41.07
Qwen2-VL Qwen2-7B 43.69 39.87 31.96 28.05 14.40 53.73 32.64 34.62  39.16
MiniCPM-V 2.5 LLama3-8B 44.96 41.77 30.86 31.71 19.88 37.31 29.17 34.15  39.56
SIiIME-8B LLama3-8B 44.50 51.90 28.68 29.27 15.21 29.35 33.61 33.66 39.08
InternLM-XComposer2.5  InternLM2-7B 46.23 48.10 26.61 32.93 11.76 40.30 32.50 33.63 3993
Cambrian-1-34B Nous-Hermes-2-Yi-34B 43.96 38.61 31.96 32.93 12.37 27.36 33.89 3339 38.68
DeepSeek-VL DeepSeek-LLM-7b-base ~ 44.05 63.29 25.88 36.59 18.05 39.30 27.22 3339 38.72
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 39.78 4241 36.09 31.10 16.63 17.41 31.53 3270 36.24
InternVL-Chat-V1-5 InternLM2-Chat-20B 40.42 39.87 26.97 27.44 18.66 3234 30.14 3142 3592
CogVLm2-llama3-Chat LLama3-8B 33.15 36.71 29.77 31.71 19.27 43.78 28.19 3022 31.69
Monkey Qwen-7B 3597 60.76 24.30 37.20 18.26 32.34 24.72 29.67 32.82
YI-VL-34B Yi-34B-Chat 36.24 41.77 29.60 31.71 20.89 16.92 19.17 2831 3228
mPLUG-DocOwl 1.5 LLama-7B 26.74 60.76 24.79 31.10 22.72 43.28 26.53 2828 2751
SIiIME-13B Vicuna-13B 26.61 46.84 24.54 32.32 17.65 43.28 27.50 27.16  26.89
Gemini-1.5-pro - 32.61 10.13 30.23 8.54 16.02 10.45 31.31 26.64 29.63
LLaVAL.5-13B Vicuna-13B 23.25 31.65 2491 31.10 25.96 36.32 26.80 26.12  24.69
ShareGPT4V-13B Vicuna-13B 23.25 31.01 24.91 31.10 25.96 36.82 26.81 26.12 24.69
LLaVAL.5-7B Vicuna-7B 23.25 31.01 2491 31.10 25.96 35.32 26.81 26.04  24.65
ShareGPT4V-7B Vicuna-7B 23.25 31.01 24.91 31.10 25.96 3532 26.81 26.04  24.65
MiniGPT-v2 Llama 2-7B-Chat 23.71 53.16 22.36 28.66 20.49 35.32 28.06 2596 24.84
Mini-Gemini-7B-HD Vicuna-7B-v1.5 27.25 60.76 23.57 26.83 14.81 36.32 17.78 24.81  26.03
GPT-40-mini - 19.07 45.57 24.67 23.78 11.36 40.30 3111 24.18  21.63
GPT-40 - 15.26 23.42 25.39 26.22 9.94 41.29 32.22 2243 1885
LLaVA-Next LLama3-8B 21.44 41.77 22.36 29.88 9.23 22.39 8.06 18.66  20.05
LLaVA-Next Qwen-72B 19.26 26.58 26.37 29.88 12.58 16.42 597 17.98  18.62
Qwen-VL-Chat Qwen 9.26 35.44 15.43 23.17 832 34.83 16.39 1508  12.17
TextMonkey Qwen-7B 8.54 37.34 22.72 15.85 16.23 14.93 6.39 1426  11.40
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Table 10: Experimental results on the Autonomous Driving reasoning tasks. Models are
ranked according to their average performance, from highest to lowest. Rows corresponding to
proprietary models are highlighted in gray for distinction.

Intention Relation Attention

Method LLM Avg  Avg-C
Ego Pedestrian Verhicle Ego2P Ego2T Ego2V 020 Signal

Monkey Qwen-7B 28.62 56.31 30.43 27.36 22.86 32.67 11.94 58.06 33.04 3348
Claude 3.5 Sonnet - 26.32 32.04 24.64 23.58 25.71 20.79 2438 65.90 3192 30.59
YI-VL-34B Yi-34B-Chat 28.26 46.60 33.33 21.70 24.76 31.68 15.42 49.77 31.55 3145
SIiIME-8B LLama3-8B 28.29 39.81 33.33 2453 19.05 2277 1045 63.59 3155 3037
Qwen2-VL Qwen2-7B 19.08 43.69 35.75 13.21 29.52 22.77 18.41 64.98 31.47 3099
CogVLm2-llama3-Chat LLama3-8B 30.26 25.24 25.60 3585 2095 2871 184l 56.22 31.18  30.27
MiniCPM-V 2.5 LLama3-8B 24.01 37.86 31.88 20.75 3048 15.84  26.87 53.00 31.03  30.19
SIIME-13B Vicuna-13B 25.00 41.75 28.99 2830 2190 2475 2587 48.39 30.80  30.64
LLaVA-Next LLama3-8B 32.89 49.51 33.82 2830 2571 2475 796 4332 30.73  30.78
Cambrian-1-8B LLama3-8B-Instruct 25.00 41.75 3527 2358  23.81 16.83 1144 60.37 30.73  29.86
InternVL-2 InternLM2.5-7B-Chat 24.01 43.69 32.85 22,64 2857 2178 21.89 43.78 29.84  29.89
LLaVA-Next Qwen-72B 30.59 5243 3527 2358  27.62 2970  8.96 35.48 29.69 3037
InternVL-Chat-V1-5 InternLM2-Chat-20B 25.99 32.04 31.88 1698 22.86 2574 945 57.14 28.94 27.89
DeepSeek-VL DeepSeek-LLM-7b-base  30.26 17.48 27.05 22.64 25.71 24.75 6.97 51.15 2731 2592
GPT-40-mini - 11.51 19.42 24.64 22.64 28.57 17.82 3134 54.84 26.79 2640
GPT-40 - 17.11 19.42 27.54 15.09 20.00 22.77 16.92 60.83 2641 25.12
mPLUG-DocOwl 1.5 LLama-7B 20.72 26.21 30.43 19.81 3143 25.74 1294 41.94 26.04 26.14
LLaVA1.5-13B Vicuna-13B 23.36 18.45 24.15 26.42 23.81 22.77 2537 3041 2478  24.39
Qwen-VL-Chat Qwen 20.39 21.36 20.77 16.04 23.81 17.82 16.92 50.69 24.63  23.60
ShareGPT4V-13B Vicuna-13B 23.36 17.48 26.09 25.47 27.63 22777 2537 26.27 2455 2433
Cambrian-1-34B Nous-Hermes-2-Yi-34B  14.14 24.27 2271 24.53 30.48 31.68 10.95 46.54 2440 2552
LLaVA1.5-7B Vicuna-7B 23.36 17.48 26.09 2547 2762 2277 2537 23.96 24.18 24.03
ShareGPT4V-7B Vicuna-7B 23.36 17.48 26.09 2547 2762 2277 2537 23.96 24.18 24.03
InternLM-XComposer2.5  InternLM2-7B 2533 36.89 34.30 1792 2667 2574 23.88 4424 2403 2878
MiniGPT-v2 Llama 2-7B-Chat 23.68 25.24 28.02 2830 2286 21.78 249 37.33 23.66 23.71
Mini-Gemini-7B-HD Vicuna-7B-v1.5 21.05 6.80 14.49 19.81 1524 2574 1542 54.38 2329 2180
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B  14.14 2233 21.74 2358 3143  30.69 1045 47.00 22.84 2491
TextMonkey Qwen-7B 9.54 24.27 23.67 24.53 17.14 2079 1144 35.94 20.01 20.81
Gemini-1.5-pro - 13.49 18.45 28.02 6.60 6.67 6.93  23.88 32.72 1920 17.33

instance, InternVL-2 has an average accuracy rate of 53.19 on perception tasks, greatly surpassing
GPT-40’s 33.93. We notice that closed-source models such as GPT-40 have a high frequency of
answering “E”, with over 35% of responses choosing “E”. This suggests that closed-source models
may be more inclined to refrain from responding when the answer is uncertain. Furthermore, we
find that while most models perform reasonably well on counting tasks, they struggle with tasks
related to spatial relationship judgment and attribute recognition. Moreover, related reasoning tasks
also pose a high level of difficulty, with no model achieving an accuracy rate over 40% to date. In
combination with the results from autonomous driving tasks, we observe that MLLMs exhibit sig-
nificant deficiencies in understanding, predicting, and reasoning about the dynamic information of
objects in 2D or 3D space. Although the input to these models is a single frame image rather than
a temporal sequence of video frames, there remains a considerable gap between their performance
and that of humans. For humans, who possess rich experiential knowledge of dynamics, it is not dif-
ficult to infer the future states of objects from a single image in unambiguous situations. Therefore,
modern MLLMs are still far from having the capability to function as world models.

E EXPERIMENTAL RESULTS ON ALL TASK SPLITS OF
MME-REALWORLD-CN

The detailed results on MME-RealWorld-CN can be found in Tab. 13, Tab. 15, Tab. 14, Tab. 16,
Tab. 17, and Tab. 18.

F MME-REALWORLD-LITE

To facilitate the evaluation of high-resolution perception abilities in multimodal large language mod-
els, we plan to sample 50 examples from each task within each domain, resulting in a mini-test set.

Tab. 19 summarizes our initial tests with several models. While it is challenging to fully preserve
model performance on the original dataset due to the sampling process, the overall task difficulty has
increased. We reduced the number of samples for simpler tasks, such as OCR and basic reasoning,
making the test set more demanding. For instance, Qwen2-VL’s performance decreased from 56.4
on the full dataset to 46.7 on the reduced test set, underscoring the increased difficulty.
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Table 11: Experimental results on the Monitoring tasks. Models are ranked according to their
average performance on perception tasks. Rows corresponding to proprietary models are highlighted
in gray for distinction.

Perception Reasoning
Method LLM - -
ACLLL Pedestrain Avg  Avg-C  Calculate Intention Property Avg Avg-C
Counting Location Attribute Counting Attribute

InternVL-2 InternLM2.5-7B-Chat 70.07 2574 28.98 59.68 12.04 53.19  41.62 51.67 21.43 41.00 43.57 38.03
InternVL-Chat-V1-5 InternLM2-Chat-20B 72.53 23.53 27.27 55.24 741 51.16  39.52 39.33 26.53 42.00 3735 3595
Cambrian-1-8B LLama3-8B-Instruct 62.01 29.41 20.45 55.44 741 47.68  37.07 46.00 29.59 44.00 4237 39.86
Cambrian-1-34B Nous-Hermes-2-Yi-34B 51.32 33.09 26.14 55.14 12.96 4598  37.44 1133 18.37 45.00 19.48  24.90
SIIME-8B LLama3-8B 60.53 33.82 28.98 34.48 31.48 40.62  38.32 32.33 40.82 43.00 36.14 3872
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 53.95 17.65 22.73 43.45 741 39.61  30.80 11.67 17.35 50.00 2048 2634
InternLM-XComposer2.5  InternLM2-7B 52.63 13.24 17.61 46.98 0.93 39.48 2848 13.67 13.27 34.00 17.67 2031
MiniCPM-V 2.5 LLama3-8B 62.66 1691 22.73 36.49 4.63 3870 3035 36.00 3571 41.00 3695 37.57
Qwen2-VL Qwen2-7B 55.59 19.85 25.00 35.69 1111 37.30  29.45 30.33 19.39 55.00 33.13 3491
YI-VL-34B Yi-34B-Chat 56.25 8.09 23.86 3247 5.56 3485 2685 28.00 28.57 44.00 3133 3352
Mini-Gemini-7B-HD Vicuna-7B-v1.5 47.86 13.97 25.00 34.07 13.89 3415 2816 21.00 24.49 42.00 2590 29.16
GPT-40 > 50.66 15.44 19.89 34.17 6.48 3393  26.76 4.00 13.27 41.00 1942 1942
CogVLm2-llama3-Chat LLama3-8B 48.19 26.47 22.16 32.36 12.04 3374 29.16 40.00 40.82 45.00 41.16 4194
Claude 3.5 Sonnet - 50.99 33.77 11.93 33.37 833 32.19 2843 34.37 18.37 4400 3225 3225
Gemini-1.5-pro - 52.63 9.56 10.80 31.05 10.08 3111 2421 11.67 13.27 27.00 17.31 1731
LLaVA-Next Qwen-72B 57.89 10.39 27.27 1532 28.70 2937  28.16 23.33 3878 28.00 2731 30.04
Monkey Qwen-7B 4276 40.44 21.02 21.77 9.26 28.01  27.21 25.33 21.43 39.00 27.31 2859
DeepSeek-VL DeepSeek-LLM-7b-base 4391 735 17.33 24.70 9.26 2697 21.59 533 19.39 48.00 16.67 24.24
GPT-40-mini - 44.57 8.82 8.52 26.71 3.70 26.50 19.80 733 8.16 19.00 11.50  11.50
mPLUG-DocOwl 1.5 LLaMA-7B 34.87 19.12 26.42 21.27 6.48 2497 2219 10.00 33.67 39.00 2048  27.56
SIIME-13B Vicuna-13B 20.56 22.79 23.30 29.33 12.96 2473 2228 33.00 26.53 40.00 3313  33.18
Qwen-VL-Chat Qwen-7B 37.66 16.18 21.88 14.62 12.04 22.13 2075 14.67 17.35 21.00 1647  17.67
LLaVA1.5-13B Vicuna-13B 14.47 22.06 21.59 2429 12.96 2045 19.30 27.67 23.47 31.00 2751 2738
LLaVA-Next LLama3-8B 46.71 0.00 22.16 4.13 23.15 19.46  19.27 13.67 46.94 18.00 21.08 2620
ShareGPT4V-13B Vicuna-13B 14.31 22.06 15.62 23.99 12.04 1926 17.88 27.33 24.49 30.00 2731 2727
MiniGPT-v2 Llama 2-7B-Chat 13.98 22.06 15.34 24.40 1111 19.26  17.69 13.67 19.39 24.00 16.87  19.02
LLaVA1.5-7B Vicuna-7B 14.31 22.06 15.62 23.79 11.11 19.13  17.67 27.33 23.47 24.00 2590 2493
ShareGPT4V-7B Vicuna-7B 14.31 22.06 15.62 23.79 11.11 19.13  17.67 27.33 2347 25.00 26.10 2527
TextMonkey Qwen-7B 39.47 6.62 7.10 8.17 0.00 16.14 1292 0.67 4.08 16.00 442 692

This compact test set offers researchers a practical yet robust tool for small-scale, focused evalua-
tions and model comparisons. It maintains a balance across diverse tasks, ensuring that evaluations
remain insightful while being accessible to the broader research community.

G OTHER ANALYSIS

Extended Metrics In addition to the multiple-choice option, we also plan to release a performance
evaluation version of the dataset (EM), which retains only the question without providing choices.
The evaluation will be conducted using exact match or GPT-match® to assess the final result. This
approach prevents models from relying on information from the choices. We selected 50 samples
from each task for testing, using the prompt "Please respond to the question with a single word
or phrase," prompting the model to generate a direct response. The generated response is then
compared to the correct answer to check for consistency. The input-output format of EM compared
to naive MCQ is shown in Fig. 16.

In our experiments (Tab. 23), all models showed a noticeable performance drop when choices were
removed (EM vs. MCQ). Additionally, using GPT-4 to align the model’s response with the intended
meaning of both the response and the correct option (line 10 vs. line 9) showed some performance
improvement; however, the results still lagged behind those with choices provided. Consequently,
Machine Match is a key evaluation strategy we plan to prioritize in future assessments. Under this
evaluation strategy, GPT-4 achieves around 30% accuracy, highlighting the increased difficulty level
of our tasks. This suggests that the challenge level of tasks based on our benchmark data could
be further enhanced.

Simple Tricks Cannot Solve the Problem of Large Image Perception Effectively. A straight-
forward strategy was attempted to alleviate the visual perception challenges posed by large images.
Intuitively, when humans observe high-resolution remote sensing images, they often zoom in for a
closer look. Additionally, questions and answers often include directional cues, such as "the up-
per right corner of the image," "above the image," or "below the image." Hence, it would be more
reasonable to segment the corresponding image before processing.

To implement this, each image is uniformly divided into 9 sub-images, and questions are posed for
each sub-image, obtaining a corresponding answer. Each image has a multiple-choice result; if any

8We prompt GPT-40 with the following to determine consistency between the model output and the correct
answer: "Please determine whether the following two responses are consistent. If they are, output 1; otherwise,
output 0. Answer A: {answerl}; Answer B: {answerB}. The output number (0 or 1) is:"
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Table 12: Experimental results on the reasoning tasks of MME-RealWorld-CN. Models are
ranked according to their average performance. Rows corresponding to proprietary models are high-
lighted in gray for distinction. “OCR”, “DT”, “MO”, and “AD” each indicate a specific task domain:
Optical Character Recognition in the Wild, Diagram and Table, Monitoring and Autonomous Driv-
ing, respectively. “Avg” and “Avg-C” indicate the weighted average accuracy and the unweighted
average accuracy across subtasks in each domain.

Method LLM Reasoning

Task Split OCR DT MO AD Avg Avg-C

# QA pairs 207 602 298 800 1907 1907
InternVL-2.5 InternLM2.5-7B-Chat 53.14 7359 30.20 31.25 46.83 47.05
InternVL-2 InternLM2.5-7B-Chat 4493 7492 38.14 29.00 46.65 46.75
Qwen2-VL Qwen2-7B 38.16 7292 57.00 33.37 4646 50.36
Claude 3.5 Sonnet - 74.44 65.79 31.54 25.12 4431 49.22
SIiME-8B LLama3-8B 4444 7093 30.54 29.13 4421 43776
InternVL-Chat-V1-5 InternLM2-Chat-20B 48.79 67.11 30.20 29.88 43.74 44.00
CogVLM2-llama3-Chat ~ LLama3-8B 33.81 6524 3725 29.00 4225 4133
YI-VL-34B Yi-34B-Chat 37.68 61.46 3322 29.75 41.16 40.53
Monkey Qwen-7B 4396 56.81 3255 2838 39.70 4043
Mini-Gemini-7B-HD Vicuna-7B-v1.5 28.50 68.61 2550 24.00 3880 36.65
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 2995 60.47 2550 29.63 38.75 36.39
LLaVA-Next LLama3-8B 1493 58.14 29.53 2825 3644 3271
Cambrian-1-8B LLama3-8B-Instruct 27.54 47.51 31.21 3125 3597 3438
SIiIME-13B Vicuna-13B 4493 49.17 30.54 2387 3518 37.13
LLaVA-Next Qwen-72B 24.64 40.87 27.52 28.12 31.67 3029
InternLM-XComposer2.5 InternLM2-7B 18.36  40.70 16.78 30.00 30.05 26.46
GPT-40 - 33.81 39.87 20.81 2275 29.05 29.31
DeepSeek-VL DeepSeek-LLM-7b-base  36.23 23.59 2550 29.25 27.63 28.64
Cambrian-1-34B Hermes2-Yi-34B 21.74 3140 2349 2512 2648 2544
LLaVA1.5-13B Vicuna-13B 36.23 27.08 25.84 2325 2627 28.10
ShareGPT4V-13B Vicuna-13B 35775 2791 2483 2288 26.17 27.84
MiniCPM-V 2.5 LLama3-8B 36.23 2990 16.44 23.87 2595 26.61
LLaVA1.5-7B Vicuna-7B 3333 2591 25.17 2325 2548 2692
ShareGPT4V-7B Vicuna-7B 3333 2591 2483 2325 2543 26.83
Qwen-VL-Chat Qwen-7B 3092 3641 1342 19.88 2529 25.16
GPT-40-mini - 27.88 27.08 14.77 26.87 25.16 24.15
MiniGPT-v2 Llama 2-7B-Chat 3430 2857 19.80 22.13 25.12 26.20
mPLUG-DocOwl1 1.5 LLama-7B 37.68 2442 19.80 22.38 2428 26.07
TextMonkey Qwen-7B 27.53 31.07 12.08 2250 24.12 2329
Gemini-1.5-pro - 530 532 1477 15.67 11.14 10.26

choice result is non-E, the image is assigned a result based on the majority vote. Otherwise, the result
is E. The results are shown in Tab. 20, indicating a noticeable decline in perception performance
across various datasets. There could be several reasons for this decline:

1. The images are very large, and the queried objects are very fine-grained. After segmenting
these images, the task remains highly challenging.

2. Positional words in the questions lose their original meaning when the image is segmented
without further processing, leading to misleading interpretations.

3. Image segmentation cannot guarantee that the queried objects are not split into different
sub-images, resulting in the loss of correct answers.

Thus, simple image segmentation tricks are unlikely to significantly improve the perception of com-
plex images. Instead, the inherent capabilities of the models themselves should be relied upon and
improved.

Analyzing Incorrect Choices. We investigate the distribution of incorrect choices across a range
of models, as shown in Fig. 13. We can see that MLLMs show different response strategies when
dealing with questions imbued with uncertainty. Larger models generally adopt a more conserva-
tive approach, often opting for the safer response “E”, as illustrated from Fig. to . In
contrast, smaller MLLMs often lean towards the first option—usually option “A”—in similar sit-
uations, as shown in Fig. and . Notably, InternVL-2 presents a unique distribution of
incorrect choices that is remarkably uniform, which may account for its exceptional performance in
our evaluation.
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Table 13: Experimental results on the OCR in the Wild tasks of MME-RealWorld-CN are
categorized as follows: “Product” represents products and advertisements; “B & M & P” represents
books, maps, and posters; “Contact” denotes contact information and addresses; “Identity” pertains
to identity information; and “Signage” refers to signage and other text. Models are ranked according
to their average performance on perception tasks, from highest to lowest. Rows corresponding to
proprietary models are highlighted in gray for distinction.

Method LLM Perception Reasoning

Product B&M &P Contact Identity Signage Avg Avg-C Scene Character Avg Avg-C
Qwen2-VL Qwen2-7B 70.68 66.43 78.43 59.04 6826 7028 68.57  48.00 28.97 38.16  38.49
InternVL-2 InternLM2.5-7B-Chat 69.51 69.76 74.51 69.92 50.60  69.92 66.86 43.93 46.00 4493 4497
InternVL-Chat-V1-5 InternLM2-Chat-20B 6291 63.81 59.56 57.68 51.81  60.59 59.15  47.66 50.00 4879 4883
GPT-40 - 60.00 61.90 58.58 47.63 3494 5590 5261 3551 32.00 3381 33.76
Claude 3.5 Sonnet - 49.25 65.48 53.43 53.73 39.76 5444 5233 8439 63.79 7444  74.09
SliIME-8B LLama3-8B 57.09 43.57 62.25 55.19 3855 5393 5133 3738 52.00 4444 44.69
YI-VL-34B Yi-34B-Chat 45.63 39.29 59.80 63.90 3494 5141 4871 2991 46.00 37.68 37.96
SIiIME-13B Vicuna-13B 57.48 45.24 48.77 50.00 48.19  50.63 4994  47.66 42.00 4493 4483
Gemini-1.5-pro - 47.57 30.24 65.69 53.32 30.12 4832 4539 498 5.65 530 532
Cambrian-1-34B Hermes2-Yi-34B 40.78 46.19 52.21 60.37 1205 4811 4232  20.56 23.00 2174 2178
CogVLm2-llama3-Chat LLama3-8B 44.47 4143 53.92 48.34 2892  46.12 4342 3551 32.00 33.81 33.76
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 39.03 38.81 47.79 44.19 3133 41.82 4023 17.76 43.00 29.95 30.38
LLaVA-Next LLama3-8B 36.50 32.86 5245 45.02 21.69  40.62 37.70 17.66 12.00 1493 14.83
Monkey Qwen-7B 44.85 32.86 43.14 40.46 38.55 4046 3997 43.93 44.00 4396 4397
Mini-Gemini-7B-HD Vicuna-7B-v1.5 37.91 33.97 43.57 43.11 40.00  39.66 3971  19.63 38.00 2850 2882
InternLM-XComposer2.5  InternLM2-7B 33.98 54.76 33.82 38.80 2289 3926 36.85 935 28.00 1836  18.68
mPLUG-DocOwl 1.5 LLama-7B 29.32 31.19 39.71 32.99 39.76 3333 3459  42.06 33.00 37.68 37.53
MiniCPM-V 2.5 LLama3-8B 28.54 31.90 33.58 39.83 28.92 3323 3255 3832 34.00 36.23  36.16
LLaVA-Next Qwen-72B 2524 27.86 33.82 49.38 2.41 3276 2774 2991 19.00 24.64 24.46
Cambrian-1-8B LLama3-8B-Instruct 27.77 40.95 33.58 33.82 10.84 3271 2939 2897 26.00 27.54 2749
TextMonkey Qwen-7B 32.82 27.86 34.31 32.37 1687 3124 2885 33.64 21.00 2753 2732
GPT-40-mini - 30.29 41.90 22.55 26.56 1446 2956 2715 2227 33.89 27.88  28.08
ShareGPT4V-13B Vicuna-13B 28.16 27.62 27.94 28.63 2410 2794 2729 3738 34.00 3575  35.69
LLaVA1.5-13B Vicuna-13B 271.77 27.62 27.94 27.39 24.10 2752 2696 38.32 34.00 36.23  36.16
Qwen-VL-Chat Qwen 32.04 26.19 28.92 24.90 10.84 2736 2458 27.10 35.00 3092 31.05
DeepSeek-VL DeepSeek-LLM-7b-base ~ 24.08 28.10 28.92 28.63 22.89  27.10 2652 37.38 35.00 36.23  36.19
MiniGPT-v2 Llama 2-7B-Chat 26.21 27.86 27.94 26.14 22.89 2678 2621  36.45 32.00 3430 34.23
ShareGPT4V-7B Vicuna-7B 25.44 26.90 27.94 27.39 24.10 2673 2635 37.38 29.00 3333 33.19
LLaVA1.5-7B Vicuna-7B 25.44 26.90 27.94 26.14 22.89 2636 2586 37.38 29.00 3333 33.19

Table 14: Experimental results on the Diagram and Table tasks of MME-RealWorld-CN.
Models are ranked according to their average performance on perception tasks. Rows corresponding
to proprietary models are highlighted in gray for distinction.

Method LLM Perception Reasoning

Diagram Table Avg Avg-C Diagram Table Avg Avg-C
Qwen2-VL Qwen2-7B 86.38 92.03 89.20 89.21 74.42 71.43 7292 7293
Claude 3.5 Sonnet - 84.39 63.79 74.09 74.09 68.11 63.46 6579 65.79
InternVL-2 InternL.M2.5-7B-Chat 92.36 61.79 71.63 77.08 77.08 7276 7492 7492
InternVL-Chat-V1-5 InternLM2-Chat-20B 68.11 49.17 60.12 58.64 65.45 68.77 67.11 67.11
SliIME-8B LLama3-8B 88.70 55.15 5825 7193 64.45 7741 70.93 70.93
GPT-40 - 41.86 2924 54.86 35.55 56.48 2326 39.87 39.87
YI-VL-34B Yi-34B-Chat 47.51 39.52 49.52 4352 59.80 63.12 6146 61.46
SIIME-13B Vicuna-13B 47.84 3555 4849 41.70 43.85 54.49 49.17 49.17
Cambrian-1-34B Hermes2-Yi-34B 29.57 3522 4434 3240 9.30 53.49 3140 31.40
Monkey Qwen-7B 44.85 41.53 41.12  43.19 54.15 59.47 56.81 56.81
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 30.90 4252  40.60 36.71 50.50 70.43  60.47  60.47
Gemini-1.5-pro - 13.29 797 3978 10.63 6.98 565 632 6.32
CogVLm2-1lama3-Chat LLama3-8B 8.64 28.24 3948 18.44 67.11 63.37 6524 6524
Mini-Gemini-7B-HD Vicuna-7B-v1.5 37.54 30.56 39.29 34.05 60.13 77.08 68.61 68.61
InternLM-XComposer2.5 InternLM2-7B 45.18 30.23 38.88 37.71 33.89 47.51 40.70 40.70
LLaVA-Next LLama3-8B 12.61 39.53 3749 26.07 51.50 64.78 58.14 58.14
mPLUG-DocOwl 1.5 LLama-7B 22.26 31.89 31.83 27.08 14.62 3422 2442 2442
GPT-40-mini - 45.41 3223 3179 38.82 20.27 33.89 27.08 27.08
MiniCPM-V 2.5 LLama3-8B 25.25 2824 31.67 2675 29.57 30.23 2990 29.90
TextMonkey Qwen-7B 41.86 31.61 30.76 36.74 36.88 2525 31.07 31.07
Cambrian-1-8B LLama3-8B-Instruct 24.58 20.60 30.28 22.59 40.53 5449 47.51 4751
LLaVA-Next Qwen-72B 2.66 2890 28.69 15.78 19.27 62.46 40.87 40.87
Qwen-VL-Chat Qwen-7B 21.26 37.87 2789 29.57 30.90 4191 3641 3641
ShareGPT4V-13B Vicuna-13B 25.58 2724 2757 2641 24.92 3090 2791 2791
MiniGPT-v2 Llama 2-7B-Chat 29.24 26.58 27.05 27091 26.91 30.23 28.57 2857
LLaVA1.5-13B Vicuna-13B 25.25 2724 2625 26.25 25.25 28.90 27.08 27.08
DeepSeek-VL DeepSeek-LLM-7b-base 20.93 2425 26.02 2259 28.24 18.94 2359 2359
LLaVA1.5-7B Vicuna-7B 24.25 27.24 2575 2575 24.58 27.24 2591 25091
ShareGPT4V-7B Vicuna-7B 24.25 2724 2575 2575 24.58 2724 2591 2591
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Table 15: Experimental results on the Remote Sensing tasks of MME-RealWorld-CN. Mod-
els are ranked according to their average performance. Rows corresponding to proprietary models

are highlighted in gray for distinction.

Method LLM Color Count Position Avg Avg-C
SIiIME-8B LLama3-8B 45.00 21.00 58.00 4133 41.33
InternVL-2 InternLM?2.5-7B-Chat 52.00 23.00 49.00 41.33  41.33
Qwen2-VL Qwen2-7B 44.00 18.00 53.00 3833 41.33
InternLM-XComposer2.5 InternLM2-7B 48.00 17.00 50.00 38.33 3833
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B  50.00  7.00 60.00 38.28 38.82
Cambrian-1-8B LLama3-8B-Instruct 40.00 7.00 63.33 35.86  36.55
YI-VL-34B Yi-34B-Chat 35.00 17.00 51.00 3433 3433
Cambrian-1-34B Hermes2-Yi-34B 31.00 11.00 6222 3379 3450
Claude 3.5 Sonnet - 38.00 19.00 41.00  32.67 32.67
InternVL-Chat-V1-5 InternLM2-Chat-20B 33.00 10.00 53.00  32.00 32.00
LLaVA-Next LLama3-8B 45.00 16.00 34.00 31.67 31.67
Monkey Qwen-7B 33.00 21.00 2556 26.55 26.53
DeepSeek-VL DeepSeek-LLM-7b-base  34.00 8.00 34.00 2544  25.36
LLaVA-Next Qwen-72B 21.00 11.00 39.00 23.67 23.67
GPT-40 - 19.00 11.00 41.00 23.67 23.67
CogVLm2-llama3-Chat LLama3-8B 34.00 15.00 17.00  22.00 22.00
MiniGPT-v2 Llama 2-7B-Chat 25.00  20.00 12.22 19.31  19.13
mPLUG-DocOwl 1.5 LLama-7B 21.00  16.00 18.89 18.62  18.63
ShareGPT4V-13B Vicuna-13B 25.00 15.00 12.22 17.59 1745
LLaVA1.5-13B Vicuna-13B 26.00 15.00 11.00 17.33  17.33
SIiIME-13B Vicuna-13B 27.00 11.00 14.00 1733 17.33
ShareGPT4V-7B Vicuna-7B 24.00 15.00 12.22 17.24  17.12
Mini-Gemini-7B-HD Vicuna-7B-v1.5 24.00 15.00 12.22 1724 17.12
LLaVA1.5-7B Vicuna-7B 24.00 15.00 11.00 16.67 16.67
MiniCPM-V 2.5 LLama3-8B 11.00  6.00 33.00 16.67 16.67
Qwen-VL-Chat Qwen-7B 21.00  9.00 15.00 15.00 15.00
Gemini-1.5-pro - 9.00 8.00 20.00 1233 1233
TextMonkey Qwen-7B 11.00 1.00 23.33 11.38  11.68
GPT-40-mini - 3.00 5.00 14.00 7.33 7.33

Table 16: Experimental results on the Autonomous Driving perception tasks of MME-
RealWorld-CN. Models are ranked according to their average performance. Rows corresponding
to proprietary models are highlighted in gray for distinction.

Motion

Method LLM Identity Vehicle Multi-vehicle Pedestrain Multi-pedestrain Traffic Signal ~ Object Count  Avg  Avg-C
Qwen2-VL Qwen2-7B 40.00 47.00 38.00 27.00 17.00 60.00 29.00 36.806 36.86
Monkey Qwen-7B 35.00 59.00 22.00 26.00 41.00 50.00 18.00 3586 35.86
DeepSeek-VL DeepSeek-LLM-7b-base 30.00 61.00 32.00 39.00 16.00 46.00 26.00 3571 35.71
Cambrian-1-8B LLama3-8B-Instruct 51.00 54.00 44.00 25.00 10.00 37.00 28.00 35.57 3557
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 49.00 42.00 43.00 32.00 21.00 28.00 25.00 3429 3429
CogVLm2-1lama3-Chat LLama3-8B 29.00 47.00 37.00 39.00 24.00 43.00 21.00 34.14 3429
InternVL-2 InternLM2.5-7B-Chat 39.00 43.00 29.00 37.00 13.00 48.00 30.00 3414 34.14
InternLM-XComposer2.5 InternLM2-7B 35.00 43.00 34.00 36.00 15.00 43.00 29.00 3357 3357
SIME-13B Vicuna-13B 26.00 45.00 20.00 33.00 27.00 38.00 24.00 3323 3043
Claude 3.5 Sonnet 50.00 16.00 38.00 31.00 31.00 28.00 31.00 3243 3214
InternVL-Chat-V1-5 InternLM2-Chat-20B 41.00 52.00 32.00 34.00 15.00 21.00 30.00 32,14  32.14
SIiIME-8B LLama3-8B 44.00 28.00 34.00 31.00 15.00 30.00 37.00 3129  31.29
MiniGPT-v2 Llama 2-7B-Chat 23.00 42.00 20.00 30.00 34.00 36.00 21.00 2943 2943
LLaVAL.5-13B Vicuna-13B 23.00 38.00 20.00 33.00 27.00 39.00 22.00 28.66 28.86
mPLUG-DocOwl 1.5 LLama-7B 22.00 60.00 27.00 33.00 28.00 17.00 12.00 2843 2843
Mini-Gemini-7B-HD Vicuna-7B-v1.5 23.00 37.00 20.00 33.00 27.00 35.00 23.00 2829 2829
LLaVAL.5-7B Vicuna-7B 23.00 26.00 20.00 33.00 27.00 36.00 22.00 28.14 2671
ShareGPT4V-7B Vicuna-7B 23.00 36.00 20.00 33.00 27.00 36.00 22.00 28.14  28.14
ShareGPT4V-13B Vicuna-13B 23.00 36.00 20.00 33.00 27.00 36.00 22.00 28.14  28.14
YI-VL-34B Yi-34B-Chat 35.00 42.00 36.00 22.00 25.00 15.00 19.00 27.71  27.71
Qwen-VL-Chat Qwen 28.00 40.00 29.00 16.00 19.00 28.00 10.00 2736 2429
LLaVA-Next LLama3-8B 27.00 49.00 30.00 27.00 21.00 29.00 8.00 2729 2729
TextMonkey Qwen-7B 32.00 36.00 18.00 31.00 29.00 32.00 9.00 2671 2671
Cambrian-1-34B Hermes2-Yi-34B 30.00 39.00 35.00 31.00 5.00 11.00 34.00 2643 2643
MiniCPM-V 2.5 LLama3-8B 40.00 29.00 39.00 25.00 17.00 39.00 18.00 26.00 29.57
GPT-40-mini 15.00 44.00 21.00 14.00 9.00 33.00 32.00 24.00 24.00
LLaVA-Next Qwen-72B 20.00 41.00 35.00 27.00 15.00 15.00 9.00 23.14 23.14
GPT-40 16.00 20.00 28.00 24.00 12.00 20.00 28.00 21.14  21.14
Gemini-1.5-pro 32.00 12.00 29.00 8.00 11.00 14.00 19.00 17.57  17.86
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Table 17: Experimental results on the Autonomous Driving reasoning tasks of MME-
RealWorld-CN. Models are ranked according to their average performance, from highest to lowest.
Rows corresponding to proprietary models are highlighted in gray for distinction.

Method LLM Intention Relation Attention Avg  Avg-C
Ego Pedestrian Verhicle Ego2P Ego2T Ego2V 020 Signal

Qwen2-VL Qwen2-7B 25.00 37.00 36.00 23.00 33.00 24.00  16.00 73.00 3337 3338
Cambrian-1-8B LLama3-8B-Instruct 21.00 54.00 31.00 17.00 33.00 21.00  17.00 56.00 3125 3125
InternLM-XComposer2.5  InternLM2-7B 19.00 28.00 33.00 22.00  37.00 27.00 18.00 56.00 30.00  30.00
InternVL-Chat-V1-5 InternLM2-Chat-20B 30.00 25.00 35.00 26.00 26.00 2400 9.00 64.00 29.88 29.88
YI-VL-34B Yi-34B-Chat 30.00 37.00 32.00 2400 28.00  30.00 15.00 42.00 29.75  29.75
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B ~ 22.00 13.00 26.00 26.00 3500 36.00 16.00 63.00 29.63  29.63
DeepSeek-VL DeepSeek-LLM-7b-base  30.00 37.00 34.00 23.00 29.00 20.00 10.00 51.00 29.25 29.25
SIiME-8B LLama3-8B 33.00 43.00 31.00 23.00 19.00 23.00 9.00 52.00 29.13  29.13
CogVLm2-llama3-Chat LLama3-8B 24.00 32.00 29.00 29.00 21.00 27.00 19.00 51.00 29.00  29.00
InternVL-2 InternLM2.5-7B-Chat 25.00 33.00 30.00 26.00 33.00 2600 11.00 48.00 29.00  29.00
Monkey Qwen-7B 22.00 46.00 31.00 21.00  23.00 21.00  9.00 54.00 28.38 2838
LLaVA-Next LLama3-8B 27.00 43.00 34.00 26.00 24.00 23.00 11.00 38.00 2825 2825
LLaVA-Next Qwen-72B 30.00 49.00 37.00 20.00 29.00 23.00 8.00 29.00 28.12  28.13
GPT-40-mini 11.00 11.00 24.00 26.00 39.00 27.00  20.00 57.00 26.87 26.88
Cambrian-1-34B Hermes2-Yi-34B 11.00 10.00 24.00 22.00 38.00 29.00  10.00 57.00 25.12 2513
Claude 3.5 Sonnet 34.00 20.00 25.00 16.00 14.00 12.00 15.00 65.00 2512 2513
Mini-Gemini-7B-HD Vicuna-7B-v1.5 19.00 21.00 22.00 27.00 27.00 22.00 25.00 29.00 24.00 24.00
MiniCPM-V 2.5 LLama3-8B 22.00 28.00 28.00 20.00 28.00 17.00  12.00 36.00 23.87 23.88
SIIME-13B Vicuna-13B 21.00 21.00 24.00 31.00  20.00 15.00  25.00 34.00 23.87 23.88
LLaVA1.5-7B Vicuna-7B 19.00 21.00 22.00 26.00 27.00 2200 25.00 24.00 2325 2325
LLaVA1.5-13B Vicuna-13B 19.00 21.00 22.00 28.00 26.00 21.00 25.00 24.00 2325 2325
ShareGPT4V-7B Vicuna-7B 19.00 21.00 22.00 26.00 27.00 22.00 25.00 24.00 2325 2325
ShareGPT4V-13B Vicuna-13B 19.00 21.00 22.00 25.00 27.00 20.00 25.00 24.00 22.88 22.88
GPT-40 26.00 16.00 23.00 19.00  20.00 14.00  10.00 54.00 2275 2275
TextMonkey Qwen-7B 21.00 24.00 26.00 20.00  20.00 21.00  9.00 39.00 2250 2250
mPLUG-DocOwl 1.5 LLama-7B 17.00 22.00 20.00 20.00 33.00 21.00 10.00 36.00 2238 2238
MiniGPT-v2 Llama 2-7B-Chat 21.00 23.00 22.00 22.00  31.00 16.00  10.00 32.00 22,13 2213
Qwen-VL-Chat Qwen 18.00 13.00 8.00 22.00 27.00 22.00 14.00 35.00 19.88  19.88
Gemini-1.5-pro 17.00 12.00 27.00 5.00 8.00 10.00  14.00 32.00 15.67 15.63

Table 18: Experimental results on the Monitoring tasks of MME-RealWorld-CN. Models
are ranked according to their average performance on perception tasks. Rows corresponding to
proprietary models are highlighted in gray for distinction.

Perception Reasoning
Method LLM - >, .
Vehicle Pedestrain Avg-C  Calculate Intention Property Avg Avg-C
Counting Location Attribute Counting Attribute

InternVL-2 InternLM2.5-7B-Chat 70.07 25.74 28.98 59.68 12.04 39.30 39.30 51.67 21.43 41.00 38.14  38.03
LLaVA-Next LLama3-8B 62.00 14.00 33.00 38.00 30.00 3540 3540 13.00 45.92 30.00 29.53  29.64
LLaVA-Next Qwen-72B 72.00 11.00 26.00 35.00 29.00 34.60  34.60 24.00 13.27 45.00 2752 2742
InternVL-Chat-V1-5 InternLM2-Chat-20B 62.00 22.00 20.00 47.00 11.00 3240 3240 25.00 11.00 54.00 30.13  30.00
Qwen2-VL Qwen2-7B 63.00 18.00 15.00 43.00 8.00 2940  29.40 27.00 17.35 57.00 3389 3378
SIIME-8B LLama3-8B 55.00 18.00 17.00 40.00 16.00 2920 29.20 24.00 31.63 36.00 3054 3054
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 62.00 18.00 12.00 37.00 10.00 27.80  27.80 12.00 14.29 50.00 2550 2543
Cambrian-1-8B LLama3-8B-Instruct 61.00 22.00 13.00 36.00 6.00 27.60  27.60 30.00 21.43 42.00 3121 3114
Cambrian-1-34B Hermes2-Yi-34B 62.00 23.00 7.00 39.00 7.00 27.60  27.60 11.00 15.31 33.00 19.80  19.77
mPLUG-DocOwl 1.5 LLama-7B 56.00 19.00 29.00 24.00 0.00 25.60 25.60 4.00 17.35 38.00 19.80 19.78
YI-VL-34B Yi-34B-Chat 57.00 7.00 18.00 31.00 11.00 2520 24.80 24.00 26.50 49.00 3321 3317
GPT-4o - 61.00 13.00 8.00 37.00 7.00 2520 2520 10.00 8.16 44.00  20.80 20.72
Gemini-1.5-pro - 63.00 13.00 9.00 38.00 3.00 2520 2520 9.00 10.20 25.00 1476 1473
Claude 3.5 Sonnet - 62.00 10.00 10.00 34.00 9.00 2500 25.00 23.00 2245 49.00 3154 3148
CogVLm2-llama3-Chat ~ LLama3-8B 32.00 26.00 22.00 33.00 11.00 24.80 24.80 27.00 37.76 47.00 3725 3725
GPT-40-mini - 60.00 6.00 8.00 35.00 1.00 22.00 22.00 8.00 14.29 22.00 1477 14.76
DeepSeek-VL DeepSeek-LLM-7b-base 62.00 6.00 11.00 24.00 5.00 21.60  21.60 9.00 15.31 52.00 2550 2544
MiniCPM-V 2.5 LLama3-8B 55.00 15.00 11.00 17.00 4.00 20.40 2040 11.00 11.22 27.00 1644 1641
Qwen-VL-Chat Qwen-7B 58.00 11.00 8.00 0.00 24.00 20.20  20.20 7.00 12.00 21.00 1334 13.33
TextMonkey Qwen-7B 57.00 4.00 13.00 24.00 0.00 19.60  19.60 1.00 12.24 23.00 12.08  12.08
InternLM-XComposer2.5  InternLM2-7B 60.00 5.00 8.00 24.00 0.00 19.40  19.40 0.00 9.18 41.00 1678 1673
Monkey Qwen-7B 12.00 40.00 22.00 20.00 2.00 1920 19.20 23.00 24.49 50.00 3255 3250
SIiIME-13B Vicuna-13B 17.00 21.00 16.00 23.00 12.00 17.80  17.80 26.00 27.55 38.00 30.54  30.52
LLaVA1.5-13B Vicuna-13B 16.00 21.00 17.00 20.00 11.00 17.00  17.00 26.00 23.47 28.00 2584 2582
ShareGPT4V-13B Vicuna-13B 15.00 21.00 17.00 20.00 11.00 16.80  16.80 26.00 23.47 25.00 2483  24.82
Mini-Gemini-7B-HD Vicuna-7B-v1.5 15.00 21.00 17.00 20.00 11.00 16.80  16.80 26.00 23.47 27.00 25.50 2549
LLaVA1.5-7B Vicuna-7B 15.00 21.00 16.00 20.00 11.00 16.60  16.60 26.00 23.47 2600 2517 25.16
ShareGPT4V-7B Vicuna-7B 15.00 21.00 16.00 20.00 11.00 16.60  16.60 26.00 2347 2500 2483 2482
MiniGPT-v2 Llama 2-7B-Chat 9.00 13.00 16.00 23.00 11.00 1440 1440 16.00 18.37 25.00 19.80  19.79

Table 19: Performance comparison of various MLLLMs across perception and reasoning tasks
on MME-RealWorld-lite. Metrics include task-specific scores (e.g., OCR, RS, DT, MO, AD) and

their averages.

Perception Reasonin,
Method LM Overall (g s DI MO AD Ave OCR DT MO AD Ave
GPT40 - 364 808 453 650 339 374 490 720 500 420 328 42l
GPT-40-mini - 374 699 233 620 194 343 388 570 390 187 350 352
Intern-VL-2.5 IntenLM2.5-7B-Chat  47.1 812 460 790 29.5 389 497 680 530 407 350 429
Qwen2-VL Qwen2-7B 467 856 400 740 279 360 482 730 460 473 358 444
LLaVA-OV Qwen2-7B 485 820 507 640 342 449 528 710 430 447 348 427
Slime Llama3-8B 371 576 360 510 292 329 377 510 27.0 407 335 364
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Table 20: Exploring the Limitations of Simple Image Segmentation for Large Image Percep-
tion. The results are evaluated on the perception tasks of MME-RealWorld.

Perception
Method LLM OCR RS DT MO AT Avg AveC
STIME-SB [Lama3-8B 5345 4227 2934 4062 3366 4020 39.87
Split Img LLama3-8B 53.66 3526 31.11 3907 3057 3884 37.93
Qwen2-VL Qwen2-7B 8138 4481 7018 373 3462 5896 53.66
Split Img Qwen2-7B 678 363 4933 3497 3421 4791 4452

InternVL-2  InternLM2.5-7B-Chat 73.92 3935 62.80 53.19 3546 5582 5294
SplitImg  InternLM2.5-7B-Chat 61.43 33.09 44.19 3488 31.58 43.75 41.03

Table 21: Performance of different models on intention prediction tasks.
Eng CN AD-Intention-Eng AD-Intention-CN

Method Avg
Monitoring Monitoring Ego  Pedestrian Verhicle Ego  Pedestrian Verhicle

GPT-40 13.27 8.16 17.11 19.42 27.54  26.00 16.00 23.00 18.81

Claude 3.5 Sonnet 18.37 22.45 26.32 32.04 24.64  34.00 20.00 25.00  25.35

InternVL-2 21.43 21.43 24.01 43.69 32.85 25.00 33.00 30.00  28.93

Qwen2-VL 19.39 17.35 19.08 43.69 35.75 25.00 37.00 36.00  29.16

Limitations of MLLMs in Understanding Dynamic Information. In combination with the in-
tention prediction results from autonomous driving and monitoring tasks (Tab. 21), we observe that
MLLMs exhibit significant deficiencies in understanding, predicting, and reasoning about the dy-
namic information of objects, such as predicting the steering of a car. Although the input to these
models is a single frame image rather than a video, there remains a considerable gap between their
performance and that of humans. Therefore, it seems that these MLLMs are still far from having the
capability to be world models.

Chain-of-Thought Reasoning does not enhance the model’s high-resolution perception capa-
bilities. As shown in Fig. 16, we further evaluate the impact of CoT reasoning on high-resolution
tasks (for both MCQ and the EM mentioned above). Tab. 23 demonstrates that while CoT reason-
ing can assist the model in reasoning tasks, especially in chart-related reasoning tasks, it provides
minimal benefit for perception tasks (line 6 vs. line 7 and line 8 vs. line 11). In fact, for models
like GPT-40-mini, perception performance even declines. This finding suggests that high-resolution
perception tasks are already highly challenging on their own. Recent work MVoT ( , )
investigates multimodal CoT, opening new avenues for future research. However, if the model can-
not effectively receive and understand visual inputs, then even the strongest reasoning capabilities
of an LLM will only lead to limited improvements. Therefore, enhancing MLLM’s comprehension
of visual inputs remains a critical focus.

What matters for ultra-resolution image perception: LLM capability or visual cognition capa-
bility? It is indeed challenging to completely separate a model’s capability to process input images
from its inherent perceptual ability, as these two aspects are closely coupled. However, in the case of
high-resolution images, the model’s capacity to process inputs seems especially crucial. For exam-
ple, as shown in the Tab. 24, Mini-Gemini-7B-HD and LLaVA1.5-7B use similar LLM architectures
and have comparable training data, yet Mini-Gemini-7B-HD exhibits far superior high-resolution
perception capabilities. This demonstrates the critical importance of handling higher-resolution data
effectively. As aresult, most modern MLLMs have incorporated various image-splitting strategies to
accommodate larger maximum resolutions. Nevertheless, simply supporting higher resolution is not
a complete solution to high-resolution perception challenges. For instance, while Intern-VL?2 has a
higher input resolution limit than Qwen2-VL, its overall performance is slightly lower. This implies
that the ability to handle larger image resolutions alone is insufficient for robust high-resolution per-
ception. The model’s inherent capabilities (such as information extraction and comprehension) also
play a vital role.

Instruction Following Abilities. As described in Sec. 2.1, our prompts specify that the model
should directly select and output a single answer. In this regard, closed-source models generally
perform better, with outputs being more concise and directly aligned with the instructions. However,
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Figure 13: Distribution of incorrec choices. The matrix reveals distinct response behaviors among
different MLLMs. Larger models tend to select the safer option “E”, while smaller models exhibit a
bias toward the first option “A”. InternVL-2, however, shows a unique uniform error distribution.

we have observed that some open-source models do not strictly adhere to our queries and generate a
significant amount of additional analysis. Sometimes, they even produce outputs that are excessively
verbose, continuing until the token count reaches the predefined maximum limit. This indicates that
the open-source models have a lot of room for optimization in the ability of instruction following.

Preparatory Models have better AI security. We designed three metrics to assess the frequency
and performance of models when predicting "E" (indicating refusal to answer):

e Correct E (%): This metric measures the percentage of times a model correctly predicts
"E" when the ground truth is "E," helping evaluate whether the model can recognize ques-
tions that genuinely require a refusal to respond.

* E Ratio in Wrong Predictions (%): This indicates the proportion of wrong answers la-
beled as "E" among all incorrect predictions, offering insights into the model’s tendency to
choose "E" when uncertain.

e # Predicted E: This counts the total number of times a model predicts "E" within the
current split, providing a straightforward view of "E" predictions overall.

Finally, Error Ratio (%) reflects the model’s perceptual accuracy within the domain. Below are the
summarized results from Table. 22, from which we draw several key insights:

(a) Less capable models, such as SIiIME-8B, rarely opt for "E" and instead tend to select an-
swers they consider correct, leading to low rates of both correct "E" predictions and "E"

frequency across domains.

(b)

More advanced open-source models, like InternVL, show "E" frequencies comparable to

closed-source models on simpler tasks, such as OCR or Diagram and Table interpretation.
In these easier tasks, most models are confident in their answers, so the frequency of se-

lecting "E" remains low.

(c) On more challenging tasks, such as Remote Sensing and Monitoring, all models have
higher error rates. Notably, proprietary models like GPT-40 and Claude35 exhibit both
higher accuracy in predicting "E" and a greater frequency of selecting "E" compared to
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Table 22: In-depth comparison of metrics associated with different models’ tendencies to select

response 'E’.
Remote sensing

Model Correct E (%) E Ratio in Wrong Prediction (%) # Predicted E Error Ratio (%)
GPT-4o0 50.00% 56.19% 1500 71.08%
Claude35 71.43% 63.00% 1759 74.26%

SIIME 7.14% 9.13% 198 57.73%
InternVL 21.43% 18.31% 418 60.65%

Monitoring

Model Correct E (%) E Ratio in Wrong Prediction (%) # Predicted E Error Ratio (%)

GPT-40 94.18% 47.39% 1138 67.50%
Claude35 97.26% 48.96% 1206 69.89%

SIIME 85.96% 18.23% 571 65.11%
InternVL 91.44% 31.71% 800 62.39%

OCR

Model Correct E (%) E Ratio in Wrong Prediction (%) # Predicted E Error Ratio (%)

GPT-40 15.07% 18.57% 284 23.56%
Claude35 13.70% 38.02% 686 28.49%

SIIME 0.00% 3.86% 51 50.32%
InternVL 21.92% 28.19% 498 27.40%

Diagram and Table

Model Correct E (%) E Ratio in Wrong Prediction (%) # Predicted E Error Ratio (%)

GPT-40 11.76% 24.84% 763 53.65%
Claude35 5.88% 4.10% 78 32.92%

SIIME 0.00% 9.30% 39 70.65%
InternVL 23.53% 29.58% 692 39.15%

Table 23: Performance of different models under various evaluation metrics, with input-output
formats for each metric shown in Figure 16. Removing choices (EM) significantly reduces model
performance; while using GPT-40 for matching model responses helps somewhat, overall accuracy
remains low. CoT reasoning benefits reasoning tasks but has minimal impact on perception tasks.

. . Perception Reasoning

Line  Metric Method 4o RS DT MO AD Avg OCR DT MO AD Avg
I MCQ SIME 58 36 51 29 33 377 SI 27 41 34 364
2 EM  EBxactMach 10 13 2 15 11 13 2 3 8 0 23
3 MCQ  LLaVA-OV 82 51 64 34 45 528 71 43 45 35 427
4 EM  ExactMach 34 15 25 13 13 188 4 20 13 0 58
5  MCQ  GPT4o-mini 70 23 62 19 34 388 57 39 19 35 352
6 EM  ExactMach 39 11 30 6 14 113 21 33 4 7 119
7 CoT CoTMCQ 67 22 57 21 31 367 60 51 34 33 301
8  MCQ GPT-40 81 45 65 34 37 491 72 50 42 33 421
9  EM  ExactMach 43 20 29 9 20 228 28 40 5 9 151
10 EM  Machinemach 53 31 46 16 32 331 61 45 22 27 330
11 CoT CoTMCQ 83 53 63 39 40 493 75 66 41 41 493
12 CoT-EM Machinemach 55 30 45 25 29 350 67 52 28 29 368

InternVL, which maintains a relatively low "E" frequency (10%-35%) even on difficult
tasks.

In summary, for simpler multimodal tasks, the safety profiles of advanced MLLMs and proprietary
models are comparable. However, on more complex tasks, proprietary models demonstrate a signif-
icantly higher level of safety by opting for "E" when uncertain, aligning better with human values by
avoiding misleading answers. Given that open-source models currently undergo limited alignment
with human preferences, this presents an important direction for future research and development.
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Figure 14: Diverse data sources encompassing over 15 basic image categories, including text-
dense scenes, autonomous driving, video surveillance, natural environments, and more, highlighting
a wide range of scene diversity.
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Multi-Choice | () 2021, "(B) 2022", "(C) 2023", "(D) 2024", "(E) The image does not feature the number. ‘ @ l A ]
Q A (MCQ) Select the best answer to the above multiple-choice question based on the image. Respond with -~
only the letter (4, B, C, D, or E) of the correct option.

Exact/Machine | 7 which year does the revenue first exceed 10,000, according to the 'BRAKEVEN DEALS' @ [ 2023 ]
Match (EM) £ diagram? Answer the question with single word or phase. po
In which year does the revenue first exceed 10,000, according to the To find the year when the revenue first exceeds 10,000, we need to examine
'BRAKEVEN DEALS' diagram? The choices are listed below: the graph in the \"BREAK EVEN DEALS\" section.\n\nl. **2020**: Revenue
. "(4) 2021", "(B) 2022", "(C) 2023", "(D) 2024", "(E) The image does is 212.\n2. **2021*%; Revenue is 1,378.\n3. **2022**: Revenue is 4,060.\n4.
Chain of e Sy e el *#2023%%: Revenue is 8,170.In5. **2024**: Revenue is 13,848 \n\nThe
Though MCQ/ ' picase think step by step and finally select the best answer o the above revenue first exceeds 10,000 in **2024**.\ninTherefore, the best answer
multiple-choice question based on the image. is:\nln(D) 2024
In which year does the revenue first exceed 10,000, according to To determine the year when revenue first exceeds 10,000 according to the
the 'BRAKEVEN DEALS' diagram? The choices are listed below: 'BRAKEVEN DEALS' diagram:\n\nl. Look at the blue bars representing revenue for
Chain of "(4) 2021", "(B) 2022", "(C) 2023", "(D) 2024", "(E) The image each year.\n2. Check the labels at the top of each bar to find the revenue values. \n3.
Though EM does not feature the number. -~ Identify the year where the value first exceeds 10,000.\n\nln this diagram:\n\n- 2020:
g 212\n- 2021: 1,378\n- 2022: 4,060\n- 2023: 8,170\n- 2024: 13,848\n\nRevenue first

Please think step by step and finally answer the question directly.

exceeds 10,000 in the year 2024.\nThe best answer is: 2024.

\

Figure 16: Illustration of input-output formats for various experimental setups. MCQ represents
the default multiple-choice question format in the dataset. EM removes the choices to prevent the
model from relying on choice information, instead directly matching the final answer. CoT (Chain
of Thought) prompts the model to first perform reasoning before providing the final answer.
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Table 24: Maximum Acceptable Resolution of Different MLLMs.

Model LLM Max Resolution
Qwen-VL-Chat Qwen 448
LLaVA1.5-7B Vicuna-7B 336
LLaVA1.5-13B Vicuna-13B 336
LLaVA-Next LLama3-8B 672
LLaVA-Next Qwen-72B 672
mPLUG-DocOwl 1.5 LLama-7B 448
ShareGPT4V-7B Vicuna-7B 336
ShareGPT4V-13B Vicuna-13B 336
MiniGPT-v2 Llama 2-7B-Chat 448
Monkey Qwen-7B 896*1334
Cambrian-1-8B LLama3-8B-Instruct 1024
Cambrian-1-34B Hermes2-Yi-34B 1024
DeepSeek-VL DeepSeek-LLM-7b-base 1024
YI-VL-34B Yi-34B-Chat 448
MiniCPM-V 2.5 LLama3-8B 1344
InternLM-XComposer2.5 InternLM2-7B 4096
CogVLm2-llama3-Chat LLama3-8B 1344
Mini-Gemini-7B-HD Vicuna-7B-v1.5 672
Mini-Gemini-34B-HD Nous-Hermes-2-Yi-34B 672
SIiIME-13B Vicuna-13B 2016
SIiIME-8B LLama3-8B 2016
InternVL-Chat-V1-5 InternLM2-Chat-20B 4096
InternVL-2 Intern.M2.5-7B-Chat 4096
Qwen2-VL Qwen2-7B 3584
GPT-40 - Private
GPT-40-mini - Private
Gemini-1.5-pro - Private
Claude 3.5 Sonnet - Private
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