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Abstract

This paper introduces JIMMMU-Pro, a text-
embedded Japanese Multi-discipline Multi-
modal Understanding Benchmark, and Vibe
Benchmark Construction, a scalable construc-
tion method. Following the evolution from
MMMU to MMMU-Pro, IMMMU-Pro extends
JMMMU by composing the question image
and question text into a single image, thereby
creating a benchmark that requires integrated
visual-textual understanding through visual per-
ception. To build JIMMMU-Pro, we propose
Vibe Benchmark Construction, a methodology
in which an image generative model (e.g., Nano
Banana Pro) produces candidate visual ques-
tions, and humans verify the outputs and, when
necessary, regenerate with adjusted prompts to
ensure quality. By leveraging Nano Banana
Pro’s highly realistic image generation capa-
bilities and its ability to embed clean Japanese
text, we construct a high-quality benchmark
at low cost, covering a wide range of back-
ground and layout designs. Experimental re-
sults show that all open-source LMMs struggle
substantially with JMMMU-Pro, underscoring
JMMMU-Pro as an important benchmark for
guiding future efforts in the open-source com-
munity. We believe that IMMMU-Pro provides
a more rigorous evaluation tool for assessing
the Japanese capabilities of LMMs and that our
Vibe Benchmark Construction also offers an
efficient guideline for future development of
text-embedded VQA benchmarks.

1 Introduction

With the recent success of large multimodal mod-
els (LMMs) in English (OpenAl, 2024a; Liu et al.,
2024a,b), there has been a growing interest in de-
veloping multilingual LMMs (Wang et al., 2024a;
Dash et al., 2025; Yue et al., 2025a; Bai et al.,
2025a) and LMMs specialized for non-English lan-
guages (SB Intuitions, 2025b; Team, 2025). Al-
though LMM development in the Japanese domain

has emerged (SB Intuitions, 2025b; Baek et al.,
2025a; Sasagawa et al., 2025), progress has been
slower than in the English domain, in part due to
the limited evaluation benchmarks. Given the large
and rapidly growing population of Japanese LMM
users, there is an increasing need to establish more
Japanese benchmarks that can facilitate the devel-
opment of LMMs capable of handling the Japanese
language and culture seamlessly.

A major limitation of existing Japanese bench-
marks is that the question image and the question
text are provided to the model as separate modali-
ties. This setup differs substantially from the core
human cognitive skill: Seamlessly integrating vi-
sual and textual information and interpreting them
through visual perception. Equipping LMMs with
this cognitive ability in Japanese is a crucial step
toward developing embodied agents and robotic
systems (Zitkovich et al., 2023; Ahn et al., 2022;
Huang et al., 2022; Li et al., 2024c¢) that can au-
tonomously operate and explore real-world environ-
ments in Japan through visual perception. Further-
more, from the perspective of current LMMSs’ use
cases, users commonly provide LMMs with screen-
shots that include both Japanese text and images.
Therefore, to foster human cognitive skills and sup-
port a wide range of real-world use cases, it is es-
sential to evaluate LMMs on sufficiently complex
tasks where both the question image and the ques-
tion text are presented through a visual modality.
Among the English benchmarks, MMMU-Pro (Yue
et al., 2025b) extends MMMU (Yue et al., 2024)
by constructing a benchmark in which both the
question text and the question image are embed-
ded within a single image, thereby enabling the
evaluation of this dimension. However, there is no
benchmark in Japanese that supports such evalua-
tion. Therefore, developing a Japanese benchmark
that enables the evaluation of this dimension is es-
sential.

In this paper, we propose JMMMU-Pro, a text-
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Figure 1: Building JMMMU-Pro via Vibe Benchmark Construction. JMMMU-Pro extends IMMMU by
embedding each question image and text into a single image. For the construction, we propose Vibe Benchmark
Construction, where an image generation model creates questions, followed by human verification and prompt

refinement to ensure quality.

embedded Japanese Multi-discipline Multimodal
Understanding benchmark. JMMMU-Pro follows
the evolution from MMMU to MMMU-Pro and is
constructed by embedding each of the 1,320 ques-
tion texts and question images from the original JM-
MMU (Japanese MMMU) (Onohara et al., 2025)
tasks into a single composite image. Built on top
of the established JMMMU, it enables an apple-
to-apple comparison between JIMMMU-Pro and
JMMMU, which provides a meaningful signal of
a model’s visual cognitive abilities. Consequently,
JMMMU-Pro offers both high usability and highly
informative feedback for model developers.

For the construction of IMMMU-Pro, we pro-
pose a new benchmark creation methodology called
Vibe Benchmark Construction. In this frame-
work, an image generation model plays the pri-
mary role in producing the visual question, while
humans simply check the outputs and, when nec-
essary, refine the prompts before regenerating the
images, thereby ensuring consistent quality. Previ-
ously, when creating text-embedded benchmarks
(e.g., MMMU-Pro), all questions had to be cre-
ated manually, which was not scalable and re-
sulted in substantial human cost. In contrast, Vibe
Benchmark Construction leverages Nano Banana
Pro (DeepMind, 2025a), a state-of-the-art image
generation model with exceptional photorealism.
Nano Banana Pro can not only generate highly re-
alistic images but also accurately embed Japanese
text within them. Vibe Benchmark Construction
is scalable, requires minimal human effort, and
supports controllable layout diversity. Leveraging
Nano Banana Pro with human verification, approx-
imately 95% of IMMMU-Pro questions were gen-
erated automatically, suggesting its potential as a

guideline for future text-embedded benchmarks.

In our experiments, we evaluated a total of
15 LMMs, including representative closed-source
LMMs, English-centric open-source LMMs, mul-
tilingual open-source LMMs, and Japanese open-
source LMMs. Our key experimental findings are
summarized as follows:

1. Open-source LMMs struggle substantially on
JMMMU-Pro. When compared with JM-
MMU, most LMMs show a drop in perfor-
mance on JMMMU-Pro. In particular, open-
source LMMs exhibit a decrease ranging up
to 23%.

2. Recent strong reasoning-based closed-source
LMMs perform considerably well on
JMMMU-Pro, revealing a substantial gap
between closed-source and open-source
LMMs.

3. Through detailed analysis, we find that al-
though a major source of failure is the lack
of Japanese OCR ability, strong OCR alone is
not sufficient to solve JMMMU-Pro. This sug-
gests that solving JIMMMU-pro requires im-
proving both OCR capability and the ability to
interpret language and vision in an integrated
manner through visual perception.

Our contributions are summarized as follows:

* Construction of JMMMU-Pro: We ex-
tend JIMMMU and introduce JMMMU-Pro,
a benchmark that embeds each question im-
age and its corresponding text into a single
image, enabling the evaluation of integrated
visual-textual understanding through visual
perception.



* Proposal of Vibe Benchmark Construction:
We propose Vibe Benchmark Construction, a
dataset creation framework in which a power-
ful generation model drives the construction
process, while humans only perform checking
and minor prompt adjustments. With the con-
tinued progress of image generation models,
we expect this approach to serve as an efficient
and scalable guideline for future benchmark
development.

* Encouraging Future Efforts in the Open-
Source Community: Our results show
that open-source LMMs struggle heavily on
JMMMU-Pro, highlighting a substantial gap
with closed-source LMMs. JIMMMU-Pro pro-
vides a valuable benchmark that can motivate
and guide the open-source community in clos-
ing this gap.

2 Related Work

Large Multimodal Models (LMMs). With recent
advances in multilingual LLMs (Team et al., 2024;
CohereLabs, 2024), both English-centric LMMs
with multilingual capabilities (Li et al., 2024a; An
et al., 2025; Tong et al., 2024) and fully multilin-
gual LMMs (Yue et al., 2025a; Dash et al., 2025;
Microsoft, 2025) have emerged. In parallel, several
LMMs specialized for Japanese have also been de-
veloped (SB Intuitions, 2025a,b; Baek et al., 2025a;
Sasagawa et al., 2025; Turing Inc., 2025). Howeyver,
these models have not been evaluated on tasks that
require solving Japanese questions that rely on inte-
grated visual-textual understanding through visual
perception. This highlights the need for a dedicated
benchmark that can systematically evaluate such
integrated visual-textual understanding capabilities
in Japanese.

LMM Benchmarks. Among various recent bench-
marks (Li et al., 2024b; Liu et al., 2023, 2024c; Lu
et al., 2024; Yue et al., 2024; Miyai et al., 2025),
MMMU-Pro (Yue et al., 2025b) is an established
benchmark that embeds both the question text and
the question image into a single image, challenging
models to truly “see” and “read” simultaneously,
mirroring how humans naturally process complex
scenes in which text and visuals are interleaved.
Unlike traditional OCR-related benchmarks (Singh
etal.,2019; Liu et al., 2024d) or DocVQA (Mathew
et al., 2021), MMMU-Pro requires not only text
recognition but also complex reasoning that inte-
grates both visual and textual information, thereby

pushing the capabilities of LMMs beyond standard
document understanding. However, MMMU-Pro
evaluates only English, leaving abilities in other
languages unassessed.

Japanese LMM Benchmarks. The develop-
ment of Japanese LMM benchmarks remains be-
hind that of English benchmarks. Many existing
studies focus primarily on common-sense knowl-
edge and do not adequately cover expert-level do-
mains (Shimizu et al., 2018; Turing, 2024b,a; Inoue
et al., 2024; SakanaAl, 2024b,a), despite the rapid
progress of LMMs and the importance of evalu-
ating such capabilities. To address these issues,
JMMMU (Onohara et al., 2025) was introduced,
significantly advancing the landscape of Japanese
LMM evaluation. However, JIMMMU does not in-
clude tasks that require models to interpret both text
embedded within images. Benchmarks that include
Japanese text within images, such as JDocQA (On-
ami et al., 2024) and MangaVQA (Baek et al.,
2025b), do exist, but they do not require the level
of complex reasoning demanded by MMMU-Pro
and are therefore insufficient for driving further
advances in LMMs. To address this gap, we build
upon JIMMMU and create JIMMMU-Pro, which
evaluates a model’s ability to jointly understand
different modalities in a more integrated manner
and to perform high-level reasoning on such tasks.
QA Construction with Generative Models. In
the context of LLM-based and LMM-based QA
construction, it is common for humans to manu-
ally edit model-generated QA pairs. As a result,
it is uncommon to rely solely on iterative prompt
adjustments to construct QA data. While several
works adopt iterative prompt adjustments in order
to eliminate human-induced prompt bias (Shah,
2024; He et al., 2025), these approaches differ fun-
damentally from our goal, in that our objective is
to scalably produce high-quality QA data. In the
context of image-generation models, recent works
have leveraged powerful image generation models
to create the images of VQA benchmarks (Wang
et al., 2024b; Xiao et al., 2025). However, these
approaches still require substantial additional ef-
fort to construct the question texts through manual
creation or LMM-based question generation. The
most similar work to our concept is LogicOCR (Ye
et al., 2025), which uses GPT-Image-1 (OpenAl,
2024b) to embed English question text into images
with varied layouts. LogicOCR performs manual
verification and discards a portion of the generated
samples. Although the approach faces limitations,
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such as reduced photorealism due to the capabili-
ties of GPT-Image-1 and dataset shrinkage caused
by sample filtering, it demonstrates a promising
direction of leveraging modern image generation
models. We build upon this line of work and we for-
malize a pipeline, Vibe Benchmark Construction,
in which the process of generating VQA embed-
ded in images is primarily driven by image gener-
ation models, while humans perform verification
and, when necessary, adjust prompts and regener-
ate the images. By defining this pipeline clearly,
we provide an effective guideline for the scalable
construction of future text-embedded VQA bench-
marks.

3 JMMMU-Pro Benchmark

JMMMU-Pro consists of 1,320 questions whose
contents are identical to those in the original JM-
MMU. Figure 2 illustrates the construction pipeline.
We first describe the original JMMMU and then
present the core component of our approach: Vibe
Benchmark Construction.

3.1 Revisiting the JMMMU Benchmark

JMMMU (Onohara et al., 2025) consists of 1,320
questions and 1,118 images spanning 28 subjects.
The benchmark is intentionally divided into two
categories: culture-agnostic and culture-specific
subjects. The culture-agnostic subset includes 24
subjects with 720 questions, across five disciplines:
(1) Art & Psychology, (2) Business, (3) Health &
Medicine, (4) Science, and (5) Tech & Engineering.
The culture-specific subset comprises 600 ques-
tions across four subjects: (1) Japanese Art, (2)
Japanese Heritage, (3) Japanese History, and (4)
World History. Due to its comprehensive and rig-
orous evaluation coverage, IMMMU has become
a foundational benchmark for the development of
Japanese LMMs (SB Intuitions, 2025b,a; Turing
Inc., 2025).

To simplify the interpretation of IMMMU evalu-
ation results, we converted all 50 open-ended ques-
tions into multiple-choice questions and revised
two samples. We refer to this updated version
as JMMMU-verified-2025-12 (see details in Sec-
tion C). All JIMMMU scores reported in this paper
are based on JMMMU-verified-2025-12.

3.2 Definition of Vibe Benchmark
Construction

Vibe Benchmark Construction is a methodology
in which an image generation model plays the pri-
mary role in producing the VQA problem images,
while humans only verify the outputs and adjust
the prompts when necessary to ensure quality. Al-
though previous VQA benchmarks have used syn-
thetic images generated by image generation mod-
els, these models have played only a supplemen-
tary role, producing just the visual part while the
question text still had to be created separately by
humans or by an LMM, incurring additional cost.

In contrast, the key distinction of our proposed
Vibe Benchmark Construction is that the VQA cre-
ation process is carried out by the image generation
model, with humans intervening solely for veri-
fication and prompt refinement. This paradigm
is particularly effective for text-embedded VQA,
where humans cannot easily edit content directly
inside the image. By letting the model handle gen-
eration and restricting human effort to adjusting
the prompt until a satisfactory image is produced,
the method enables efficient and scalable construc-
tion of benchmarks, especially in domains like text-
embedded VQA, where dataset creation is difficult.
A more detailed comparison with existing work is
provided in Section 2.
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Figure 3: IMMMU-Pro samples.

3.3 Detailed Pipeline of Vibe Benchmark

Construction
For image generation, we use Nano
Banana Pro via its APl interface
(gemini-3-pro-image-preview). The im-

age resolution is set to 1K. Below, we describe
our prompt design process and the workflow for
human checking and regeneration.

Prompt Selection and Image Generation. We
first selected a prompt template through prelimi-
nary experiments. Specifically, we used the prompt
template in Section D and varied the following six
components as parameters to generate a diverse set
of images (shown in Figure 3): 1. Background:
chosen from workbook, exam sheet, whiteboard,
blackboard, projector, iPad notebook, webpage,
Nintendo Switch, and TV quiz show. 2. Back-
ground Color: selected from white, light green,
light yellow, light pink, light gray, and light blue.
Note that certain backgrounds have a fixed color
(e.g., a whiteboard is always white), and we ac-
count for such constraints. 3. Font: chosen from

handwritten text, computer font, thick computer
font, thin computer font, and manga-style com-
puter font. 4. Margin: selected as either small or
large. 5. State: chosen from photo by smartphone,
screenshot by PC, and screenshot by smartphone.
6. Aspect Ratio: selected from 9:16, 16:9, 3:4, and
1:1. We show the statistics for the two most control-
lable factors: Background and Background Color
in Figure A.

In addition, while JMMMU includes image tags
such as <image 1> within the question text, we
found that Nano Banana Pro does not allow con-
trol over these image tags. To address this issue,
we attempted to include explicit instructions in the
prompt (e.g., “keep the image tag in the question”).
However, such instructions significantly degraded
the quality of the generated images. We hypoth-
esize that this occurs because Nano Banana Pro
internally uses similar image-tag tokens, and ex-
plicit instructions about them may interfere with
its generation process. Therefore, we intention-
ally avoid giving any special instructions regarding



image tags in the prompt.

Human Checking and Regeneration. We per-
formed author reviews of the generated images
with a custom-built annotation tool. In these re-
views, we checked that the generated text and im-
ages matched the originals exactly. As mentioned
above, controlling image tags in the question text
is difficult, so we allowed variations in the tags as
long as the generated item remained a valid ques-
tion.

In the first review round, 71% of the questions

passed. The remaining 29% failed primarily be-
cause the question image had been replaced with an
unrelated image, the text within the image was un-
readable, parts of the question text were missing or
incorrect, or the generated image was visually un-
natural. These examples are shown in Figure B. For
these failed cases, we regenerated the images with
the same prompt or prompts with minor prompt
adjustments. After completing the full set of VQA
questions across several rounds, we performed a
final cross-check to eliminate inconsistencies in the
authors’ evaluation standards.
Manual Construction. We manually created 67
samples that Nano Banana Pro had difficulty gen-
erating. These cases had the following characteris-
tics: 1. long question text (16 samples), 2. small or
difficult-to-render text within the question image
(36 samples), 3. extreme aspect ratios (2 samples),
4. domains that are inherently difficult to generate,
such as chemical formulas or musical notation (8
samples), and 5. cases rejected by Nano Banana
Pro due to policy constraints (5 samples). These
examples are shown in Figure C.

4 Experiments

4.1 Setup

Baseline LMMs. For a more comprehensive eval-
uation, we assess a diverse set of state-of-the-art
LMMs. In particular, for open-source models, we
select representative models from three categories,
English-centric LMMs, multilingual LMMs, and
Japanese LMMs, to ensure that our evaluation ac-
curately captures current progress in each subfield.
We mainly use LMMs-Eval (Zhang et al., 2025)
for our experiments. We set the temperature to
0 to open-source LMMs (the default setting for
closed-source LMMs), and set max_tokens to be
configured to be long enough so that the response
would not be cut off. We ran with a single A100
80G GPU.

Closed-source LMMs: GPT-5.2 (OpenAl, 2025),
Gemini3Pro (DeepMind, 2025b).

English-Centric Open-source LMMs: LLaVA-
OneVision-7B  (Li et al.,, 2024a), LLaVA-
OneVision-1.5-8B (An et al., 2025), InternVL2.5-
8B (Chen et al., 2024)

Multilingual Open-source LMMs: Qwen2.5VL-
7B, 32B (Bai et al., 2025b), Qwen3VL-8B (Bai
et al., 2025a), Phi-4Multimodal (Microsoft, 2025),
Pangea-7B (Yue et al.,, 2025a), Aya Vision-
8B (Dash et al., 2025)

Japanese Open-source LMMs: Sarashina2-Vision-
8B and 14B (SB Intuitions, 2025a), Sarashina2.2-
Vision-3B (SB Intuitions, 2025b), Heron-NVILA-
Lite-15B (Turing Inc., 2025)

Inference Prompt. The inference prompt is based
on the setup in JMMMU (Onohara et al., 2025)
and MMMU-Pro (Yue et al., 2025b). Follow-
ing MMMU-Pro (Yue et al., 2025b), we evaluate
the open-source LMMs with both Direct and CoT
prompts (as shown in Section D), and report the
higher ones in the overall results. For the closed-
source LMMs, they perform reasoning regardless
of the prompt types, so we use only the Direct
Prompt. Full results are shown in Section E.

4.2 Main Results

We present the experimental results in Table 1. The
key findings from these results are as follows.

F1. All open-source LMMs struggle signifi-
cantly on JMMMU-Pro. Open-source LMMs
perform poorly on IMMMU-Pro, with the best
model, Qwen2.5-VL-32B, achieving only 56.14,
indicating substantial room for improvement. Fur-
thermore, nine models perform less than 32%,
close to random guessing. These results highlight
that JIMMMU-Pro poses a challenging and valu-
able benchmark for evaluating and advancing open-
source LMMs.

F2. Most open-source LMMs exhibit a signifi-
cant performance drop compared to JMMMU.
Most open-source LMMs, except for Qwen?2.5-
VL-7B, show a substantial decline in accuracy
on JIMMMU-Pro relative to JIMMMU. Moreover,
when we compare the CS and CA subsets, we find
that models with a clear performance gap between
the JIMMMU’s two subsets are similarly low on
both in JMMMU-Pro. This suggests that their
weakness lies in a fundamental lack of vision-side
understanding, rather than in the type of question.
These results demonstrate that JIMMMU-Pro pro-
vides valuable feedback to model developers when



Model JIMMMU-Pro | JIMMMU | CS Pro CS CA Pro CA
(1320) (1320) (600)  (600) | (7200  (720)
Random
Random Choice 27.05 27.05 2633 20633 | 27.64 27.64
Frequent Choice 27.73 27.73 2533 2533 29.72  29.72
Multilingual Open LMMs
Qwen2.5-VL-32B 56.14 61.89 54.67 62.83 57.36 61.11
Qwen3-VL-8B 47.27 52.88 4750 5583 | 47.08 5042
Qwen2.5-VL-7B 45.00 47.65 46.67 54.00 43.61 42.36
Phi-4-multimodal 31.82 39.55 28.83  38.00 | 34.31  40.83
Aya-Vision-8B 26.74 37.73 27.00 4033 | 26.53 3556
Pangea-7B 23.41 37.50 21.67  47.17 | 2486  29.44
English-centric Open LMMs
LLaVA-OV-1.5-8B 31.97 51.74 28.00 5333 | 3528 5042
LLaVA-OV-7B 27.35 41.14 26.50 4383 | 28.06  38.89
InternVL2.5-8B 31.21 41.36 29.00 4333 | 33.06 39.72
Japanese Open LMMs
Sarashina2.2-V-3B 42.88 47.95 54.00 61.50 | 33.61 36.67
Sarashina2-V-14B 30.68 37.27 3233 4317 | 29.31 32.36
Sarashina2-V-8B 27.88 39.62 27.00 51.00 | 28.61 30.14
Heron-NVILA-Lite-15B 26.97 50.15 26.67  59.17 | 2722 @ 42.64
Closed LMMs
Gemini3Pro (reasoning high) 87.04 89.77 95.00  95.00 80.42 8542
GPT-5.2 (reasoning high) 83.33 84.47 88.33 8550 79.17 83.61

Table 1: Main Results on JMMMU-Pro and JMMMU. Overall, open-source LMMs show substantial performance
degradation on JIMMMU-Pro compared to JMMMU, while closed-source LMMs maintain strong performance,
highlighting a significant gap in integrated Japanese visual-textual understanding.

used in comparison with IMMMU.

F3. Closed-source LMMs achieve substantially
higher performance on JMMMU-Pro, reveal-
ing a substantial gap relative to open-source
models. Closed-source LMMs obtain notably high
scores on JMMMU-Pro. This indicates that these
models already possess the ability to seamlessly
integrate visual and textual information and inter-
pret them through visual perception. Importantly,
the strong performance of closed-source models
does not diminish the value of JMMMU-Pro. In-
stead, it highlights the crucial role of JIMMMU-Pro
as a benchmark for guiding the development of
open-source LMMs. Given the considerable perfor-
mance gap between closed-source and open-source
LMMs, reducing this gap is an essential goal for
the community.

5 Analysis
5.1 Impact of CoT Prompting

We examine the effectiveness of Chain-of-Thought
(CoT) prompting on JIMMMU-Pro and IMMMU.
The results are shown in Figure 4. These results
indicate that the effectiveness of CoT varies de-
pending on the model and the evaluation setting
for both IMMMU-Pro and JIMMMU. For exam-
ple, on JIMMMU-Pro, 8 out of the 13 LMMs

achieve higher performance with CoT prompting,
whereas on JMMMU, only 3 models benefit from
CoT. Moreover, when examined on a per-model ba-
sis, LMMs such as Pangea-7B, LLaVA-OV-1.5-8B,
InternVL2.5-8B, and Sarashina2.2-V-3B show dif-
ferent prompt preferences between JMMMU and
JMMMU-Pro. These findings suggest that opti-
mal prompting strategies must be tailored to each
model and each task, rather than relying on a single
prompting approach across settings.

5.2 Correlation with OCR Performance

We hypothesize that the primary cause of perfor-
mance degradation on JMMMU-Pro is the inabil-
ity of current LMMs to perform Japanese Optical
Character Recognition (OCR). To examine this hy-
pothesis, we compute the correlation between OCR
performance and JIMMMU-Pro accuracy across
several LMMs.

Following the evaluation setting of MMMU-Pro,
we ask each LMM to extract the full text of the
question and all answer choices, excluding any text
from associated images. OCR accuracy is then
calculated by comparing the extracted text with the
original text using the Levenshtein distance, which
measures the edit distance between two strings.
The similarity between the extracted and original
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text is computed as:

Levenshtein(text; , texts)
max(len(text; ), len(texts))

OCR Accuracy = 1—

The results are shown in Figure 5. The cor-
relation coefficient between OCR accuracy and
JMMMU-Pro accuracy is 0.593. There is a posi-
tive correlation between the two. However, high
OCR ability does not necessarily translate directly
into high JMMMU-Pro accuracy. For example,
while Heron-NVILA and Sarashina2.2-V are com-
parable for OCR performance, the performance
for IMMMU-Pro differs a lot. This indicates that
solving JIMMMU-Pro demands the ability to in-
terpret and reason over language and vision in an
integrated manner through visual perception.

5.3 Error Analysis

We analyze error cases from Qwen2.5VL-32B in
the JIMMMU-Pro to better understand the error
reasons. We select 100 cases where the model
makes a mistake on the JMMMU-Pro question but

Others OCR Error
1.0%\ Y, 2.0%

Lack of
Knowledge
19%
Reasoning
46%

Perceptual Error
32%

Figure 6: Distribution of 100 annotated Qwen2.5VL-
32B errors.

answers the corresponding JMMMU question cor-
rectly. Consistent with MMMU-Pro findings, the
errors are broadly categorized into three main types:
perception errors, knowledge errors, and reason-
ing errors. We present representative failure cases
of this model in Figure D-Figure G. This result
suggests that JIMMMU-Pro demands deeper, more
integrated visual-textual understanding that goes
beyond simple OCR capabilities.

6 Conclusion

This paper introduces JMMMU-Pro, a text-
embedded Japanese Multi-discipline Multimodal
Understanding Benchmark, along with Vibe Bench-
mark Construction, a scalable methodology for cre-
ating such a benchmark. Our experiments show
that all open-source LMMs face significant diffi-
culty on JIMMMU-Pro, highlighting its importance
as a benchmark that can inspire future progress in
the open-source community.



Limitations

Extension to Other Languages. Although the
proposed benchmark construction framework is, in
principle, language-agnostic, this work focuses ex-
clusively on Japanese. It remains unclear whether
the same approach can be directly extended to other
languages, as its effectiveness largely depends on
the capabilities of the underlying image generation
model (e.g., NanoBanana Pro). Nevertheless, we
argue that focusing on Japanese alone is already
valuable, given the current lack of rigorous bench-
marks for evaluating integrated visual-textual un-
derstanding in Japanese and the growing demand
for high-quality Japanese LMM evaluation.

Unconstructable Cases in Vibe Benchmark Con-
struction. While Vibe Benchmark Construction
enables scalable and cost-effective benchmark cre-
ation, it does not successfully handle all samples.
In certain cases, such as those involving extremely
long texts, small or complex visual details, it re-
mains difficult for image generation models and
requires manual construction. This highlights that
human oversight remains a necessary component
and that fully automated benchmark construction
is still challenging.
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Appendix

In this appendix, we include the dataset distribution
in Section A, failure cases of image generation and
manual construction examples in Section B, the
verified JMMMU in Section C, detailed prompt
examples in Section D, the full results in Section E,
and failure cases of LMM inference in Section F.

A Dataset Distributions

We show the statistics for the two most control-
lable factors: Background and Background Color
in Figure A.

B Image Generation Failures and Manual
Construction Examples

B.1 Image Generation Failures in Nano
Banana Pro

Figure B presents examples of image generation
failures observed in Nano Banana Pro. Nano Ba-
nana Pro can occasionally produce failures such as
those shown in the figure. We attribute these fail-
ures to the inherent diversity of outputs produced
by generative models. Therefore, it is crucial to
manually inspect and filter such outputs to ensure
correctness.

B.2 Manual Construction Examples

Figure C shows examples that were manually con-
structed. Images with these characteristics were
inherently difficult to generate automatically using
Nano Banana Pro. Therefore, we found that not all
images can be created through the Vibe Benchmark
Construction pipeline.

%TT
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A (@

v
42% =° Webpage

4.6% Workbook
Exam sheet

28.8%

4.6% Projector

Nintendo Switch
4.8% iPad notebook
TV quiz show
Blackboard
Whiteboard
Notebook
Others

4.9%

18.6% 2

(a) Background distribution

C Verifying the original JMMMU
Benchmark

We first verify the existing JMMMU benchmark by
correcting its samples and refining its evaluation
protocol.

Sample Corrections. Although most ques-
tions in JMMMU are multiple-choice, 50 ques-
tions in the culture-agnostic subset, which trans-
lated directly from MMMU, are open-ended. Prior
work (SB Intuitions, 2025b) has noted that these
open-ended questions introduce additional com-
plexity in interpreting evaluation results, and thus
converted them into multiple-choice format for
their experiments. Following this approach, we
also convert all open-ended questions in JMMMU
into multiple-choice questions. We provide the
problem statement and the correct answer to an
LLM (e.g., GPT-5 (OpenAl, 2025)) and instruct
it to propose plausible false choices. We then
manually verify the generated choices to ensure
quality, correcting cases where false options might
unintentionally match the correct answer due to
numerical precision, ambiguity, or formatting is-
sues. Additionally, we identified and corrected
errors in two samples (test_Japanese_Art_120,
validation_Agriculture_1), where the answer
or question text contained mistakes.

Revision of the Evaluation Procedure. We also
revised the evaluation procedure in JIMMMU. First,
we found that the answer-parsing algorithm used
in JIMMMU often fails on recent reasoning models,
whose outputs tend to be longer. In particular, when
models list all options as part of their reasoning,
the parser may incorrectly extract the predicted

3.3%
4.2%

5.0%
White
Light blue
Light pink

5.1%

5.2%
Light gray

5.5% Light green

0,
BRI Light yellow
Green

Others
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(b) Color distribution

Figure A: Distribution of background and its color in the JIMMMU-Pro benchmark.
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Figure B: Failure examples for Nano Banana Pro.

choice. To address this, we modify the parser to
ignore such auxiliary option listings. In addition,
when parsing fails, IMMMU selects an answer at
random. We remove this random selection step, as
it obscures whether a model has genuinely failed
to produce a valid option. Our modification instead
marks such cases explicitly as incorrect, allowing
a clearer distinction between invalid output and an
actual wrong answer.

To avoid confusion in the community, we
name this corrected version of the bench-
mark JMMMU-verified-2025-12. All JIMMMU
scores reported in this paper are based on
JMMMU-verified-2025-12.

D Prompt

D.1 LMM Inference Prompt

Below, we present the prompt used for LMM infer-
ence.

JMMMU:

“BZ 6NT BRI O d A & i Y] 72 [\ %
DTNT 7Ry bZEELALTI LI,
” (Answer with the option’s letter from the given
choices directly.

JMMMU-Pro:

“H 7 DEENIHER TG 2 o N7 8% <
ZeTY, EAONERE DN S KB #EY]
BEEDT VT 7Ny b REHLALTLE
N, 7 (Your role is to solve the question provided in
the image. Answer with the option’s letter from the
given choices directly.)

13

Inference Prompts: CoT

JMMMU:

IROBRAFEICEZTLEZIN, HR7D
M D BRMEITIE ROBRIZLTLZET W
& Z: SLETTER’ (BIFf72 L), Z T T LETTER
EIRFEOWITNRDXFTT, R DHII
step by step THZ T X\, 7 (Answer the
following multiple choice question. The last line of
your response should be of the following format: ’An-
swer: SLETTER’ (without quotes) where LETTER is
one of options. Think step by step before answering.) (

JMMMU-Pro:
“BH IR T DREENI WG TG R S N[ % fiF <
e TY, HREOREORKETIE ROEX
WU TL X\ & A SLETTER’ (Bl 72
U)o Z Z T LETTER B D VT D X
TTY, BEZDHINT step by step TEZTL 12X
N, (Your role is to solve the question provided in
the image. The last line of your response should be of
the following format: *Answer: SLETTER’ (without
quotes) where LETTER is one of options. Think step
by step before answering.)

Inference Prompts: OCR Task

OCR Task Prompt:

“EGANORRA (ZROERN) ME» S, H
A & & OaMX ke, WFitd 5 &R
ZEELTHEALTLSZI N, BEEEDO T F
A N RHEEFIIRAL T ZE W, OCR D
AETV, MEZMBIS L LANWTSEIN,

Format\X, *Question: , Options: * (31 A7 L)D
¥ THJ1 LT 72X\ (Extract and output the
full text of the question, including any introductory
descriptions, as well as the corresponding answer
choices from the multiple-choice question in the im-
age. Exclude any text from associated images or the
question number. Perform OCR only; do not attempt
to solve the question. Please output in the format:
’Question: , Options: ’ (without quotes).)

D.2 Image Generation Prompt

Below, we present the prompts used to generate
images with Nano Banana Pro. The base prompt
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Figure C: Manual construction examples.

is designed for the single-image setting, while for
the multiple-image setting, the prompt is modified
depending on whether images are included in the
options.

E Full Results

In Table A and Table B, we present detailed results
for both the Direct Prompt and the CoT Prompt.

F Failure Cases

We show representative failure cases of the state-of-
the-art open-source LMM, Qwen2.5-VL-32B, in
Figure D, Figure E, Figure F, and Figure G. These
examples show that the model exhibits various
errors in JMMMU-Pro, indicating that JMMMU-
Pro requires deeper integrated visual-textual under-
standing beyond mere OCR capability.
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Your role is to create an image-based question. You must not derive or provide the answer. Please
create an image that looks as if the pictures, text, and options were actually placed or written on a
surface, such as a notebook, a sheet of paper, a webpage, or other backgrounds, and then captured
either by being photographed with a phone camera or taken as a smartphone/PC screenshot.

**Critical Instruction**

1. Insert the images exactly as they are.

2. Do not change the character of any text in the Image or the Question. Keep the original character
exactly as it appears.

3. Do not derive the answer. Your task is to create an image-based question.

4. Make sure the pasted images blend naturally into the notebook background while still retaining
a subtle "pasted" feel. For cases such as a blackboard or a notebook, keep a slight pasted effect.
For things like a webpage, a projector screen, or printed material, make the pasted images blend
in more naturally without an obvious pasted look, while still keeping the boundary between the
Question and the Image clearly distinguishable.

5. Please make the font of the text within the images follow the original font in the given image
as closely as possible. The font for the question and option text should follow the instructions
provided below.

6. Paste the image without making any edits.

**More Detailed Conditions**

1. The image should reflect {state}.

2. The font used in the question and options should be {font}.
3. The background should be {background}.

4. The background color should be {color}.

5. The marginal space should be {margin}.

Image:

As attached
Question:
{question}
{options}
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Prompt for multiple images (wo option images)

Your role is to create an image-based question. You must not derive or provide the answer. Please
create an image that looks as if the pictures, text, and options were actually placed or written on a
surface, such as a notebook, a sheet of paper, a webpage, or other backgrounds, and then captured
either by being photographed with a phone camera or taken as a smartphone/PC screenshot.

**Critical Instruction®*

1. Insert the images exactly as they are.

2. Do not change the character of any text in the Image or the Question. Keep the original character
exactly as it appears.

3. Do not derive the answer. Your task is to create an image-based question.

4. Make sure the pasted images blend naturally into the notebook background while still retaining
a subtle "pasted" feel. For cases such as a blackboard or a notebook, keep a slight pasted effect.
For things like a webpage, a projector screen, or printed material, make the pasted images blend
in more naturally without an obvious pasted look, while still keeping the boundary between the
Question and the Image clearly distinguishable.

5. Please make the font of the text within the images follow the original font in the given image
as closely as possible. The font for the question and option text should follow the instructions
provided below.

6. Paste the image without making any edits.

7. When there are multiple images, place them from left to right, one by one.

**More Detailed Conditions**

1. The image should reflect {state}.

2. The font used in the question and options should be {font}.
3. The background should be {background}.

4. The background color should be {color}.

5. The marginal space should be {margin}.

Image:

As attached
Question:
{question}
{options}
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Prompt for image options

Your role is to create an image-based question. You must not derive or provide the answer. Please
create an image that looks as if the pictures, text, and options were actually placed or written on a
surface, such as a notebook, a sheet of paper, a webpage, or other backgrounds, and then captured
either by being photographed with a phone camera or taken as a smartphone/PC screenshot.

**Critical Instruction**

1. Insert the images exactly as they are.

2. Do not change the character of any text in the Image or the Question. Keep the original character
exactly as it appears.

3. Do not derive the answer. Your task is to create an image-based question.

4. Make sure the pasted images blend naturally into the notebook background while still retaining
asubtle “pasted” feel. For cases such as a blackboard or a notebook, keep a slight pasted effect.
For things like a webpage, a projector screen, or printed material, make the pasted images blend
in more naturally without an obvious pasted look, while still keeping the boundary between the
Question and the Image clearly distinguishable.

5. Please make the font of the text within the images follow the original font in the given image
as closely as possible. The font for the question and option text should follow the instructions
provided below.

6. Paste the image without making any edits.

7. For the <image> tags in options (e.g., <image 1>, <image 2>), please replace each tag with the
actual image. The images correspond to the tags in order, with the first image being <image 1>,
the second <image 2>, and so on.

**More Detailed Conditions**

1. The image should reflect {state}.

2. The font used in the question should be {font}.
3. The background should be {background}.

4. The background color should be {color}.

5. The marginal space should be {margin}.

Image:

As attached
Question:
{question}
{options}
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Model JMMMU-Pro | JIMMMU | CSPro CS | CAPro CA
(1320) (1320) (600)  (600) | (720)  (720)
Random
Random Choice 27.05 27.05 26.33 2633 | 27.64 27.64
Frequent Choice 27.73 27.73 2533 2533 | 29.72  29.72
Multilingual Open LMMs
Qwen2.5-VL-32B 49.32 59.92 51.67 6350 | 4736 5694
Qwen3-VL-8B 45.83 46.82 47.00 5633 | 4486 38.89
Qwen2.5-VL-7B 44.70 46.82 50.17 57.83 | 40.14 37.64
Phi-4-multimodal 31.82 39.55 28.83  38.00 | 3431 40.83
Aya-Vision-8B 22.42 32.05 23.83 40.67 | 21.25 24.86
Pangea-7B 19.55 37.50 23.00 47.17 | 16.67 29.44
English-centric Open LMMs
LLaVA-OV-1.5-8B 29.92 51.74 2633 5333 | 3292 5042
LLaVA-OV-7B 27.35 41.14 26.50 43.83 | 28.06 38.89
InternVL2.5-8B 25.08 41.36 23.83 4333 | 26.11 39.72
Japanese Open LMMs
Sarashina2.2-V-3B 38.03 47.95 40.17 61.50 | 36.25 36.67
Sarashina2-V-14B 30.68 37.27 3233 43,17 | 29.31 32.36
Sarashina2-V-8B 27.88 39.62 27.00 51.00 | 28.61 30.14
Heron-NVILA-Lite-15B 26.97 50.15 26.67 59.17 | 27.22 42.64
Closed LMMs
Gemini3Pro (reasoning high) 87.04 89.77 95.00 95.00 | 80.42 8542
GPT-5.2 (reasoning high) 83.33 84.47 88.33 8550 | 79.17 83.61

Table A: Results with the direct prompt.
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Model IMMMU-Pro | IMMMU | CSPro CS CAPro CA
(1320) (1320) (600) (600) | (720)  (720)
Random
Random Choice 27.05 27.05 2633 20633 | 27.64 27.64
Frequent Choice 27.73 27.73 2533 2533 | 29.72 29.72
Multilingual Open LMMs
Qwen2.5-VL-32B 56.14 61.89 54.67 6283 | 5736 6l.11
Qwen3-VL-8B 47.27 52.88 47.50 5583 | 47.08 50.42
Qwen2.5-VL-7B 45.00 47.65 46.67 54.00 | 43.61 42.36
Phi-4-multimodal 24.17 32.05 22.00 3150 | 2597 32.50
Aya-Vision-8B 26.74 37.73 27.00 4033 | 26.53 35.56
Pangea-7B 23.41 34.09 21.67 36.17 | 2486 32.36
English-centric Open LMMs
LLaVA-OV-1.5-8B 31.97 46.44 28.00 46.83 | 3528 46.11
LLaVA-OV-7B 14.09 21.29 1433 18.00 | 13.89 24.03
InternVL2.5-8B 31.21 34.32 29.00 39.67 | 33.06 29.86
Japanese Open LMMs
Sarashina2.2-V-3B 42.88 45.30 54.00 59.00 | 33.61 33.89
Sarashina2-V-14B 30.00 35.00 30.50 44.50 | 29.58 27.08
Sarashina2-V-8B 27.27 34.39 2533  40.83 | 28.89 29.03
Heron-NVILA-Lite-15B 5.30 34.70 1.00  38.33 8.89  31.67

Table B: Results with the CoT prompting.
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Qwen2.5VL-32B (JMMMU CoT) v

### WEDHT COMETIH, EALNERICEDSVT, BFEH0RERFAL LTRHAEKELNEVE
RERBETILENHY £T, RICIAUATOBEIEENTLES | -HBREBNTAOHE> 1 &
BREBNTAH, -BREBXNTERRAZELZAOHE | ERREBNRICEALEL A,
BPEOREAEEATMT 2701013, *FAZBELIADEE> (Thbb, GAZELIAK

ke RBErTE RRIEGET + AREANR) AFHEL. ZOENBRLEVRREERT 20ONABHTT, # ATy F1( X
proel - b 7y T OBE HEBRUDNTEALE L ADEIBE AT 25 1 - RETF Fowe
T i ® b [ ¥text{Z] &} = ¥frac{¥text{{AFH % 1 L 7= \BUNttext{ B 7o A#)) = ¥Hrac{34)86} ¥] - ** /R T b ¥ 5 &
F-x 8 12 ** 1] Mext{EI A} = Hrac{¥text{{AF0 & I L 72 ABHHext{E 7 A2} = ¥rac{38){54} ¥] - **JFH > K
= i B Ay Frxy] ¥eext{EE) = ¥frac{¥text{{AFH & 1E L 7o AFH¥text{B 7= A} = ¥frac{40{76} ¥] - ** 7
;}ZZ?;JQ;ZT;};*?;;,EEP“’%ﬁm“‘“E’ =84 & 7Y — Lox o] Ytext{B) 6} = ¥rac{¥text{{AFH % 18 L 7 AZUH¥text{ B~ 7- A2} =
¥frac{12H32} ¥] - **F — X** © ¥[ ¥text{E| &} = Hrac{¥text{{FF0 % I L 7= AZN¥Hext{B 7o AH)) =
A BNFEY ¥frac{12}{48} ¥] 2. **B| &% BRI REICEIR T B** 1 - x 58 F & >*x 1 [ ¥frac{34}{86} ¥approx
B ;zt‘:zi’; 0.395 ¥]- **7K 7 4 5 40%% & Y[ ¥frac(38K54} ¥approx 0.704 ¥] - ¥4 > F A v F** : ¥[ ¥frac(40{76}
B it e ¥approx 0.526 ¥] - ** 7 )L —"/ /XA & 7 1) — Ls** 1 ¥[ ¥frac{12}{32} = 0.375 ¥] - **F — X** .

Y[ ¥frac{1248}=0.25 ¥] 3. *E G Z LB L THRLBLMEZ B 1 - 5HF £ 1 §0.395- K7 ~H
52 $0704- 500 FA v F 1 $0526- 7L—Y (£ U—1L10375-F—X:0.25 25D
BELRT 2L, »*RT YT A0EENFRLEL. H0.704 T, ##EZX BHRHEORERR L
LTRLAEEIBVWERIE»RT b Z 8T, FZ:B

Qwen2.5VL-32B (JMMMU-Pro, CoT) XReasoning Error

#H# BB OER RICIEUTOBERLSBEHINTVET | -»*BEr  SEROELH -*BREBRTZAOE > : ZOBRZERAN
A -BREBRTEAEELEZAOE> . ZORBREBNRICEAZELZAMBFEORERR L L TR ATHEN
AEVWEBRERET 1010, CORBHIRLZLDALICEEZSEZI - %2YIMTILELNDHY £T, T, FBM
courrwﬁ%@LtAmﬁJ%&rLit mm%@T BRI BREBNZADH | BREBXTHEALZELIZAD
#1| | ST X 186(34|| KT Y TX 5438|888 KA v F |76
|40||7;l/—‘//\4 4 IJ—A|32|12||71 =z |48|12|###XT Y TINARTy TORH A BETF Foxr B A
86 A -ARFAAIEL/ZAM 34N 2. ¥ RTF Y T Xx 1 BRI AR AN -KAEEL AL 38)\3.**%*7“/ RA T -
BRI 76 N -FAZELZAL 40N 4. T IL—Y 81 &7 ) —Lx*: BRI 2N -FFAEELZAK 124 5.
FRF— Zwk L RN N A8 AN -RERA LA 2 A s B SRRICONT Hztéﬁét%tf:)\@ﬁj ZHETBHE -
BHFFY 1BAN-RT Y TX 1 3BA-IIYF Y FA Y F 1 40N-TL—YNRAET Y=L 12A-F—X : 12ARHZLD
ADWMERAZZEL-BRIE Y > R A v F* T, 40AIMERAEZELTVET, ###Ksz_l“b‘%\ W =B > F
Al T, AR

Analysis

The cause of the error is judging based solely on the actual number of people who became ill. In epidemiological
investigations to identify the source of food poisoning, comparisons should not be made by the "number of
people" alone, but by the "attack rate" (incidence rate)—which represents the percentage of people who
developed symptoms among those who ate the food.

Figure D: Failure case: Reasoning error.
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Qwen2.5VL-32B (JMMMU, CoT)

### BEDH COMBETIE. X7 Y —=V I EMRIOEGRY S EAEDHRDOFRERHET 2HELHY £§, SAONTERIEIUATOLHD : 1.**
ENNEE G (Image1) :MRIDENERIE. RAZHERTOESREOLT(ERFALET., 2. *T2RFEG (Image2) : T2RFEGTIL.

KNBERINBVEENESZ CRRENET, 3. TIRAMEG > (mage3) : TIRRFABKRTIE. BHEBCNLRE COESRENBRRINE
T, #H# EROBRFEA >~ b1 EDNBEER (Image 1)**: - EAE ICBHELZERE HoND, -BRMESHREOEEHNFEL, INIBFED
ATHEMERE L TVET, 2. »*T2RAEK (Image 2)**: - AILEEHTHS VESHHREIND, -T2RABERTIE. KDEFEEIBVEE BIZIL,
ERMEFRECAEMRE) 1"B2RREINZEENHY £7, 3. *TIRHABMER (Image 3)**: - LABOR L BB CHEVVESHKBRES NS, -T1R
AEGR TR, BFEBIRES (. BED’BWMESZRIIBE. TOREFEHEBEERTESAMBETLTWS I L2B%RL T, #BEORER
ICDWTIRES it A MBI T —F 7 7 0 b -BLET —F 7 7 7 MIEBPHEH—LHEBEEIC L 2ES0EA % ERILET, - Lo L.
ZDIEGITIRARLEBNGEECT —F 777 OB (R 54 TRONEZ -1 E) BRONEEA, -ATHEEL >, ##as B, -~ - &
I & 2WE T, TERAEKTENBICIRBESERL, TOREESICARZIEAHY T, -7 L, 2RAEBRCTHBESERT I &h—
BETT, - ZOEFTIR. TIRARERTEES, 2ERABRKRTS EVWSEHARONET, MBOREEMEHY 4. HOBRKLEERT S
DENDHY T, ####C+RAFEIE - fRAHERIEIE. FRIFEMOBIEICL VELZHRE T, BEIMMBRICKELET, -MRLETIE, THRHEERT
EES. T2MAERTRIESETT I LARHTT, - ZOEFOBEGATRZIEIHRIEO BB ARHIC L £, ### D~ U 2> PIZFfE -
SYAVHFEE, Y UAVEALLDRYRG THERENEREETT., -MRLETIE, TEERABERTERES. T28ABRTRESERYT ZLr—K
HTY, -7cEL. YYAVAFBIIBE. YU IAVIADELNGHZ2BETROND S, ZOERERI/IBETT, - ZOEFTIE. YYaviE
ADEENTHATH D70, BERHL LV, ##i5H EGHME MBAEGTERES. RBRABKRTHES) 1. ~EHEFE-OFICRS L <—
BLET, £/, OBRE GAERT—F 777 b mE Y AVEFE) ICO0TIE, BEFEPERE®RD S EHEIEAH D ATHEMES =L
EEZLNET, BER:**CH

Qwen2.5VL-32B (JMMMU-Pro, CoT) 3¢ Perceptual Error

### EOER COMETIE. X7 U —=V A EMRIOSEFDOBERIRRI N TVET 1. +EHILEBER (image 1)** 2.
28R FAER (image 2)** 3. **T13RFAHER (image 3)** TN O DEKRN S, EAEOHRICE IV TREDDH % BIRT 240
ELHY T, BRKIZUTORY ©F & -ABMET—F 772 b -B. MUfE-C. FEAFESL -D. > U 3V AIZFIE ### EIR D5
T s 1. =D AUIBER (image 1) - =0 EEIR T, B2 2 BEESA TOMRIEROEN%ZRT DT, BNAELEZRZET,
-ERICIEARARESHEENRONE T, TNITRERLOEMCEIEMRE 2 "R T 2AIREEN D Y £ 9, ####2.T2
PRIAER (image 2) - T2ZRABKR TR, KPEFEN VAR BESZRLES. -BERICEBESOEEIER T LT,
INRBEEMA KD EZCEATVDZ EERE L TWE T, #### 3. TIHAFATHEIR (image 3) - TIIRFAER T, AEIHE
BrEESERL. BEMEESICAZ ZENSVTY, -BERICHEESORELNEONEY, ZhITHEEBMUAEHE
BEYBESHEVNI LEZEBKRL, REOUHEERBETE2FN/NY LY ET, #REOFBICED CER1. ~R{LR
T—F 777 bA*-BAERT—F 777 FIEBPHCERORARI2YEICLIMRIBEOEAEZE L £T, BN O IEH
RET—F 777 O (B R T4 TRDNZ—v2E) FRoNELA, LA > T ZOBRBISET TlEA L
EEZONET, 2. **ME B - MEIFHMICLZHET, 2RABERTEBESERLET (WRBOKSFHE W
®) o -THRABRTRVIFEESTI, BEIMRBT S LESHIENMLET, - IRSNBGRTIE, T2RABKT
B®BES. MARAERCEESOEENRON D70, MEDOFREMEE®VTYT, 3. &R (C)** - IRIHERIE I AR IFER D
BRICL2RET, BEETMBHAEBR THESERLET, -RRSNLEHRTIE. TIRABGCEESOFEIROND
7=, BEREFED AR IHEVNTT, 4.2 U AV AIFE (D)*>*- > U AV AFEIFS Y A VEACL ZEYRIETERS 1
BIRET, MRIBRTIIRHEDES XX -V 2RLET, -RRINZEGN SIEY U I VAFROMRNLEN (F) 1 FR
HPTIPEBEREESEEAY) EREONERA, LA >T. ZOBRBLBUITEBVEEIONE T, ### iR EROK
HMERENICERT 2 & NEABKRCOBES LTIRABKRTOBRES EMEOARNLSHIC—RL T, L >T,
& HEU LML Mg TF, BR:B

Analysis

The main cause of the error was a misinterpretation of the signal intensity of the left breast lesion.

On the T1-weighted image (Image 3), the lesion does not show low signal intensity; instead, it appears high
signal (bright), similar to the surrounding fat, suggesting that its contents are fat.

This finding is typical of fat necrosis (oil cyst), which characteristically shows high signal intensity on T1-
weighted images due to its fatty content.

In contrast, a hematoma rarely shows such uniform signal intensity matching that of surrounding fat.
Therefore, the correct answer is C

Figure E: Failure case: Perceptual error.
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— Qwen2.5VL-32B (IMMMU, CoT) v/

ZDMBETIE, <image >ORBEZERL. ZOERICHIRRICOVTERET, £7. BRONBENHL
F L&D, ###ERONEHNT: - BfRIE, HEICERTB M EINELNABEERLTVES, -Z<DOA
<image 1> OREL L TFBYLORERTT 2 YHEEY., BYCHEINIRZET, THIEHECEED LS LAREALRN - BUANEGHEZTRLTLET,
Z SIS LB, BRLo [REMBEEADEL] (BROE) c—HT2LEZONET, ### BROILOY
F: BRDE (1637F~1638%) (&, ITRRRNBICANOBRESTRI >BR - BTA - F U 4> (%Y
A MIE) ISk BABRELBRTT, ERRAE L TRUTAETONET 1 1. B~ RFE 18I BATIC &
5% UR MOBEBRICHT DRENPAELERTL, F UV RV ELIMENDOBERERO THEL £ L7,
2. #UER B LEED A HES T I8 L 2 XECHIENREL TH Y. ALDEFIRBLTVE L, B
FOLEELBEOERICHY £ L7, 3 REBERIC & 2 Eft MBEBANMN OB TIT > 7o BB BRBE
E, BRI-LbOTHZmOE L1z, HICBFECEIERIBELE oM. ALOBEAEML TWE L7, ###5E

A REBSIC K SR RELDIRET: A+ REMRIC & ZIVEBGA REMMRE & BROAOIEHETT A, HESH [MEBA] %
el TotblITHHY EHA, TLA, RIREPF UL 2V OTHERRL TREAZHLEANTT, Z0E
b ARRIE SRS REETED T, B EEAORFE* BROILTIE, FUS R b BUBEICREL CHRLEZ L

RELBERO—DTT, ZOBRRKITEYTYT, C XA LR TS L7 XECHLEA
HELTHY, BENCRE/MBEOERICHY £ Lz, ZOBRBITEN T, D **MBEBUC L 2 EH
WEEBOERBENERI-bORNEE S, HRO—REhY £ Lk, OBRRIGBUICTT, ### T
EYBRBKEA T, REUBHEIIBROIEEE TH Y, REGHPMEBEET b TEHY £€A,
EZ:A

Eem—

Quen2.5VL-32B (IMMMU-Pro, CoT) $€ Lack of Knowledge Error

### DT BRICIE, BOCRAAMEANTLWIERFARZIONET, COEGART HEEORA L L TREYAD O
ERRTILENDHY 9, 207, BFRBPUCOVTRI L, EREBEBEEALVEDEREL LT, - ## ERRON
BHERD 1. A REPUERIC £ BHNEBUA* - REMMIE, STRBRICF U2V B8FE2ERICEZ -/ [RE - BROEL] 1CH
BITDAMTY, ZOATIE, FUSRVPRRABHOMEBRICKFE L TREL X L7, BRINBEVCREAEZHVTLD
BE. CORRLSBEI THBAIRMAH Y £9, 2. 9B EHE~ORFE>*-FH (F U X MHOFIL) 3, STRRROREAFK
RKThY, HIC [RE - BEOE] OBRICHA->TLET, F ULV HhBEBERICRFE L TREL 7 Z L A ERIIC
MoNTWES, ZORRKHBEYITHDAIEMELH Y £, 3. *C. XIECHEE - XIECHEIR, BRENEEREEICHY.
RECRBE5| ERIERELDIEADYET, ELLE Z<ORANYNELZERICEI TV ET, ZOBERFHEY)
THHAREND Y £, 4. D MBEBUC L 2E - WAEEIL. TFHAMBORI T IOREORRICARBAZE
BFE L7, BIEMLWEEAEZITV, ERERLEIETRTFL2ERESNTLET, LA L, MEEROEEIEEICKRE
BICRESNTE Y, 2ENBRERRENTL, £/ RORRTCICZOBRLELINTOET, LEN>T, 20
BRI ORI TERMBHZENNEVEFTAE T, - ## BRONE & OBENE BRICIZBW PRI, EINT
WET, ZOLSBKRNES TR ITERE L TE, A RERIC L 2HEBUA** **B. BEHEA DR F**, **C. XIFCHlE
HAEZONET, Mo ELEE, REBREACEFE5 SR TRUNBERTY, —7H, “D. MEEHKIC L 2 ERH+*E,
WM AZELNRENTH Y, 2ENLEVCREZ5IZRITIEIEOEENERVEZEZONET, ZDDH, T OHERE
1D IC LN TAEY) TH 2 ATREMEA S W T, — ### it ERORAR LB O LAabEER. &b FEVLRRRKIE
D MAERIC L 2EH>* TF, HX:D

Analysis

The primary cause of this error is a lack of knowledge regarding Amakusa Shiro. While the JMMMU model
correctly identified that Amakusa Shiro Tokisada, the leader of the Shimabara Rebellion, did not personally
carry out "oppressive politics," the JMMMU-Pro model failed to apply this correct knowledge in its judgment.

Figure F: Failure case: Lack of Knowledge error.
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— Qwen2.5VL-32B (JMMMU, CoT) v/

##4 BT BRICIUTOERNEENTLET | L FEEE  TAARAFBECEINALXEHNEEL
LTERENTVES, 2. *E3: [<image1>ICHT 21TAICLYHHEZ L THIMONEAY
BHTLEY 7] EHYET, 3 BIRE - A A= - B. HEKABN - C. =K -D. KAZH #4 FEE X
FORBICOWC FEEXEBFHALBEAZECEINTE Y, ABZIERICHARD L F#L LTI A T
DESBHFHBARZIONET | -XEORACHE, O, BENAXETHL I EPRRET, - A=+
ZHEFTAZFHH] WS BEAEEHEINTE Y, TNISFEE1890F10A308 2E L £9. ### ERIOEIR ERY
X, [<image1>ICHT2TACLYVHIERZF/LZETHONDEAY] ZROTVET, TDfH, RDOR
TV 7 TREERBEDADICOVTRE L, ZOTBHCHRAEREER/L TREEEEIHLET, —w# FHER
D T — IRODARET ## A AR S - ~ 1~ : ANEZRIDARAOF U X FHEEETHY . BERTLHY £L 71,
- i TPSE=56] CAOATH Y. TNIFI1903EICRI > EHTT, LAHL, ZOHEHIF1903ETH Y,
FEIXEOAM (1890F) & BHHMANRAY £F, - R~ 1 ZOAYRSEOGRICEIEENMENEEZ
SNET, #uusB HIKAR) - HIE  #RANITARROBARTH Y, BAREEHDEEEN—ATL
120 WIZERRIEEH OEE%E L TBIFICHANATBEZR- TV E Lh, BHNA [HHEZ1-1T4]
ICOWTIFBBRETIEH Y £ A, - Emmr* - COAYLSEIDERN & EEEET 2 AIHEIEEW TS, ####C.
B - P FEYOKIBPABRROUAERBERTH Y, BRCBIIHATREHOXRFETT,
BE1910E IR T o 7 [REHME] TRES N, FAFRER £ L1, OBHE, RABFHHNLBEE
LI EICE2HDTT, - EH  EEIOKEBIFHN S BEER 2T o2 L THONTULET A
FEEXEDOANM (1890F) LEIA L XA, ####D. AR - HE  KERFBABEROULEEE
BERTHY., FHEDHOEEETLHY £ L1z, BIF1890510830HIC [REZREH] T@BshELE, &
DEHIE. BHOBAFHHINSESZ Tl LItk b0T, FREXEOAM (1890410830H) &—HL T
WET, - AEZREBAAHNATEIC L Y BBS AL Tlioh, FREXEVAME 6L
TLWET, LA >T, ZOAYHRLBUAEZTT, —-#EX FEEXEOAN (1890F10A308) &
—H L. B AITEIC K YR 2 £ TRO DAY kSR> TF, EX:D

Qwen2.5VL-32B (JMMMU-Pro, CoT) x OCR Error

## EORNE A BT IRRENERICIE [#53E] PRHINTWET, CNEFBRENRG L [HE#HE] chY. B
RICHVCERBICEERFELNNETT, -BETIE. [LEPE] CBHEL THAEZZT LAY OVTERTWET, ###
BB D AP D WV TIRES s A AREE = - ANE=R AR OF U X M REEETHY . BERTHHY £4, -HiE
[HEFHE] 1 L THHNARTIHER-7 I ETALNTVET, T, ik [HBEHE] reEtEREXRZEAL. A
ADBEBEPRANZHEEZMEL TV R&MBEL £ L, -ANE= I [HMEHPE] 2RI IXELZENLIENDHY.
INHPEDOBAFHO—BE L TLLMONTWET, ###4B. HFAB - XA ISBHBHROBIARTH Y . RERZEE%
BOT-ANYTT, -Hid [HEHE] CET2EENLGREESHICOVWTRHEVMONTVERA, TDLH, ZOAYH
[HEFHE] IS L T EZ 728 WS BEENRBRISEVEZEX SNET, #C UK - ZEMOKEZBEADHEETE
EEROERETHY ., BER - BUARTT, -3 [HREE] o0 L THHPNAIIBER /-2 & lddb ) £T4. Z ok
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Analysis

The main cause of the error was a the failure to read an important word. Compared to JMMMU, JMMMU-Pro
extracts less information from the image, which leads to an incorrect answer.

Figure G: Failure case: OCR error.
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