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Abstract001

This paper introduces JMMMU-Pro, a text-002
embedded Japanese Multi-discipline Multi-003
modal Understanding Benchmark, and Vibe004
Benchmark Construction, a scalable construc-005
tion method. Following the evolution from006
MMMU to MMMU-Pro, JMMMU-Pro extends007
JMMMU by composing the question image008
and question text into a single image, thereby009
creating a benchmark that requires integrated010
visual-textual understanding through visual per-011
ception. To build JMMMU-Pro, we propose012
Vibe Benchmark Construction, a methodology013
in which an image generative model (e.g., Nano014
Banana Pro) produces candidate visual ques-015
tions, and humans verify the outputs and, when016
necessary, regenerate with adjusted prompts to017
ensure quality. By leveraging Nano Banana018
Pro’s highly realistic image generation capa-019
bilities and its ability to embed clean Japanese020
text, we construct a high-quality benchmark021
at low cost, covering a wide range of back-022
ground and layout designs. Experimental re-023
sults show that all open-source LMMs struggle024
substantially with JMMMU-Pro, underscoring025
JMMMU-Pro as an important benchmark for026
guiding future efforts in the open-source com-027
munity. We believe that JMMMU-Pro provides028
a more rigorous evaluation tool for assessing029
the Japanese capabilities of LMMs and that our030
Vibe Benchmark Construction also offers an031
efficient guideline for future development of032
text-embedded VQA benchmarks.033

1 Introduction034

With the recent success of large multimodal mod-035

els (LMMs) in English (OpenAI, 2024a; Liu et al.,036

2024a,b), there has been a growing interest in de-037

veloping multilingual LMMs (Wang et al., 2024a;038

Dash et al., 2025; Yue et al., 2025a; Bai et al.,039

2025a) and LMMs specialized for non-English lan-040

guages (SB Intuitions, 2025b; Team, 2025). Al-041

though LMM development in the Japanese domain042

has emerged (SB Intuitions, 2025b; Baek et al., 043

2025a; Sasagawa et al., 2025), progress has been 044

slower than in the English domain, in part due to 045

the limited evaluation benchmarks. Given the large 046

and rapidly growing population of Japanese LMM 047

users, there is an increasing need to establish more 048

Japanese benchmarks that can facilitate the devel- 049

opment of LMMs capable of handling the Japanese 050

language and culture seamlessly. 051

A major limitation of existing Japanese bench- 052

marks is that the question image and the question 053

text are provided to the model as separate modali- 054

ties. This setup differs substantially from the core 055

human cognitive skill: Seamlessly integrating vi- 056

sual and textual information and interpreting them 057

through visual perception. Equipping LMMs with 058

this cognitive ability in Japanese is a crucial step 059

toward developing embodied agents and robotic 060

systems (Zitkovich et al., 2023; Ahn et al., 2022; 061

Huang et al., 2022; Li et al., 2024c) that can au- 062

tonomously operate and explore real-world environ- 063

ments in Japan through visual perception. Further- 064

more, from the perspective of current LMMs’ use 065

cases, users commonly provide LMMs with screen- 066

shots that include both Japanese text and images. 067

Therefore, to foster human cognitive skills and sup- 068

port a wide range of real-world use cases, it is es- 069

sential to evaluate LMMs on sufficiently complex 070

tasks where both the question image and the ques- 071

tion text are presented through a visual modality. 072

Among the English benchmarks, MMMU-Pro (Yue 073

et al., 2025b) extends MMMU (Yue et al., 2024) 074

by constructing a benchmark in which both the 075

question text and the question image are embed- 076

ded within a single image, thereby enabling the 077

evaluation of this dimension. However, there is no 078

benchmark in Japanese that supports such evalua- 079

tion. Therefore, developing a Japanese benchmark 080

that enables the evaluation of this dimension is es- 081

sential. 082

In this paper, we propose JMMMU-Pro, a text- 083
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Figure 1: Building JMMMU-Pro via Vibe Benchmark Construction. JMMMU-Pro extends JMMMU 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 Multimodal084

Understanding benchmark. JMMMU-Pro follows085

the evolution from MMMU to MMMU-Pro and is086

constructed by embedding each of the 1,320 ques-087

tion texts and question images from the original JM-088

MMU (Japanese MMMU) (Onohara et al., 2025)089

tasks into a single composite image. Built on top090

of the established JMMMU, it enables an apple-091

to-apple comparison between JMMMU-Pro and092

JMMMU, which provides a meaningful signal of093

a model’s visual cognitive abilities. Consequently,094

JMMMU-Pro offers both high usability and highly095

informative feedback for model developers.096

For the construction of JMMMU-Pro, we pro-097

pose a new benchmark creation methodology called098

Vibe Benchmark Construction. In this frame-099

work, an image generation model plays the pri-100

mary role in producing the visual question, while101

humans simply check the outputs and, when nec-102

essary, refine the prompts before regenerating the103

images, thereby ensuring consistent quality. Previ-104

ously, when creating text-embedded benchmarks105

(e.g., MMMU-Pro), all questions had to be cre-106

ated manually, which was not scalable and re-107

sulted in substantial human cost. In contrast, Vibe108

Benchmark Construction leverages Nano Banana109

Pro (DeepMind, 2025a), a state-of-the-art image110

generation model with exceptional photorealism.111

Nano Banana Pro can not only generate highly re-112

alistic images but also accurately embed Japanese113

text within them. Vibe Benchmark Construction114

is scalable, requires minimal human effort, and115

supports controllable layout diversity. Leveraging116

Nano Banana Pro with human verification, approx-117

imately 95% of JMMMU-Pro questions were gen-118

erated automatically, suggesting its potential as a119

guideline for future text-embedded benchmarks. 120

In our experiments, we evaluated a total of 121

15 LMMs, including representative closed-source 122

LMMs, English-centric open-source LMMs, mul- 123

tilingual open-source LMMs, and Japanese open- 124

source LMMs. Our key experimental findings are 125

summarized as follows: 126

1. Open-source LMMs struggle substantially on 127

JMMMU-Pro. When compared with JM- 128

MMU, most LMMs show a drop in perfor- 129

mance on JMMMU-Pro. In particular, open- 130

source LMMs exhibit a decrease ranging up 131

to 23%. 132

2. Recent strong reasoning-based closed-source 133

LMMs perform considerably well on 134

JMMMU-Pro, revealing a substantial gap 135

between closed-source and open-source 136

LMMs. 137

3. Through detailed analysis, we find that al- 138

though a major source of failure is the lack 139

of Japanese OCR ability, strong OCR alone is 140

not sufficient to solve JMMMU-Pro. This sug- 141

gests that solving JMMMU-pro requires im- 142

proving both OCR capability and the ability to 143

interpret language and vision in an integrated 144

manner through visual perception. 145

Our contributions are summarized as follows: 146

• Construction of JMMMU-Pro: We ex- 147

tend JMMMU and introduce JMMMU-Pro, 148

a benchmark that embeds each question im- 149

age and its corresponding text into a single 150

image, enabling the evaluation of integrated 151

visual-textual understanding through visual 152

perception. 153
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• Proposal of Vibe Benchmark Construction:154

We propose Vibe Benchmark Construction, a155

dataset creation framework in which a power-156

ful generation model drives the construction157

process, while humans only perform checking158

and minor prompt adjustments. With the con-159

tinued progress of image generation models,160

we expect this approach to serve as an efficient161

and scalable guideline for future benchmark162

development.163

• Encouraging Future Efforts in the Open-164

Source Community: Our results show165

that open-source LMMs struggle heavily on166

JMMMU-Pro, highlighting a substantial gap167

with closed-source LMMs. JMMMU-Pro pro-168

vides a valuable benchmark that can motivate169

and guide the open-source community in clos-170

ing this gap.171

2 Related Work172

Large Multimodal Models (LMMs). With recent173

advances in multilingual LLMs (Team et al., 2024;174

CohereLabs, 2024), both English-centric LMMs175

with multilingual capabilities (Li et al., 2024a; An176

et al., 2025; Tong et al., 2024) and fully multilin-177

gual LMMs (Yue et al., 2025a; Dash et al., 2025;178

Microsoft, 2025) have emerged. In parallel, several179

LMMs specialized for Japanese have also been de-180

veloped (SB Intuitions, 2025a,b; Baek et al., 2025a;181

Sasagawa et al., 2025; Turing Inc., 2025). However,182

these models have not been evaluated on tasks that183

require solving Japanese questions that rely on inte-184

grated visual-textual understanding through visual185

perception. This highlights the need for a dedicated186

benchmark that can systematically evaluate such187

integrated visual-textual understanding capabilities188

in Japanese.189

LMM Benchmarks. Among various recent bench-190

marks (Li et al., 2024b; Liu et al., 2023, 2024c; Lu191

et al., 2024; Yue et al., 2024; Miyai et al., 2025),192

MMMU-Pro (Yue et al., 2025b) is an established193

benchmark that embeds both the question text and194

the question image into a single image, challenging195

models to truly “see” and “read” simultaneously,196

mirroring how humans naturally process complex197

scenes in which text and visuals are interleaved.198

Unlike traditional OCR-related benchmarks (Singh199

et al., 2019; Liu et al., 2024d) or DocVQA (Mathew200

et al., 2021), MMMU-Pro requires not only text201

recognition but also complex reasoning that inte-202

grates both visual and textual information, thereby203

pushing the capabilities of LMMs beyond standard 204

document understanding. However, MMMU-Pro 205

evaluates only English, leaving abilities in other 206

languages unassessed. 207

Japanese LMM Benchmarks. The develop- 208

ment of Japanese LMM benchmarks remains be- 209

hind that of English benchmarks. Many existing 210

studies focus primarily on common-sense knowl- 211

edge and do not adequately cover expert-level do- 212

mains (Shimizu et al., 2018; Turing, 2024b,a; Inoue 213

et al., 2024; SakanaAI, 2024b,a), despite the rapid 214

progress of LMMs and the importance of evalu- 215

ating such capabilities. To address these issues, 216

JMMMU (Onohara et al., 2025) was introduced, 217

significantly advancing the landscape of Japanese 218

LMM evaluation. However, JMMMU does not in- 219

clude tasks that require models to interpret both text 220

embedded within images. Benchmarks that include 221

Japanese text within images, such as JDocQA (On- 222

ami et al., 2024) and MangaVQA (Baek et al., 223

2025b), do exist, but they do not require the level 224

of complex reasoning demanded by MMMU-Pro 225

and are therefore insufficient for driving further 226

advances in LMMs. To address this gap, we build 227

upon JMMMU and create JMMMU-Pro, which 228

evaluates a model’s ability to jointly understand 229

different modalities in a more integrated manner 230

and to perform high-level reasoning on such tasks. 231

QA Construction with Generative Models. In 232

the context of LLM-based and LMM-based QA 233

construction, it is common for humans to manu- 234

ally edit model-generated QA pairs. As a result, 235

it is uncommon to rely solely on iterative prompt 236

adjustments to construct QA data. While several 237

works adopt iterative prompt adjustments in order 238

to eliminate human-induced prompt bias (Shah, 239

2024; He et al., 2025), these approaches differ fun- 240

damentally from our goal, in that our objective is 241

to scalably produce high-quality QA data. In the 242

context of image-generation models, recent works 243

have leveraged powerful image generation models 244

to create the images of VQA benchmarks (Wang 245

et al., 2024b; Xiao et al., 2025). However, these 246

approaches still require substantial additional ef- 247

fort to construct the question texts through manual 248

creation or LMM-based question generation. The 249

most similar work to our concept is LogicOCR (Ye 250

et al., 2025), which uses GPT-Image-1 (OpenAI, 251

2024b) to embed English question text into images 252

with varied layouts. LogicOCR performs manual 253

verification and discards a portion of the generated 254

samples. Although the approach faces limitations, 255
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Figure 2: JMMMU-Pro Construction Pipeline.

such as reduced photorealism due to the capabili-256

ties of GPT-Image-1 and dataset shrinkage caused257

by sample filtering, it demonstrates a promising258

direction of leveraging modern image generation259

models. We build upon this line of work and we for-260

malize a pipeline, Vibe Benchmark Construction,261

in which the process of generating VQA embed-262

ded in images is primarily driven by image gener-263

ation models, while humans perform verification264

and, when necessary, adjust prompts and regener-265

ate the images. By defining this pipeline clearly,266

we provide an effective guideline for the scalable267

construction of future text-embedded VQA bench-268

marks.269

3 JMMMU-Pro Benchmark270

JMMMU-Pro consists of 1,320 questions whose271

contents are identical to those in the original JM-272

MMU. Figure 2 illustrates the construction pipeline.273

We first describe the original JMMMU and then274

present the core component of our approach: Vibe275

Benchmark Construction.276

3.1 Revisiting the JMMMU Benchmark277

JMMMU (Onohara et al., 2025) consists of 1,320278

questions and 1,118 images spanning 28 subjects.279

The benchmark is intentionally divided into two280

categories: culture-agnostic and culture-specific281

subjects. The culture-agnostic subset includes 24282

subjects with 720 questions, across five disciplines:283

(1) Art & Psychology, (2) Business, (3) Health &284

Medicine, (4) Science, and (5) Tech & Engineering.285

The culture-specific subset comprises 600 ques-286

tions across four subjects: (1) Japanese Art, (2)287

Japanese Heritage, (3) Japanese History, and (4)288

World History. Due to its comprehensive and rig-289

orous evaluation coverage, JMMMU has become290

a foundational benchmark for the development of291

Japanese LMMs (SB Intuitions, 2025b,a; Turing292

Inc., 2025).293

To simplify the interpretation of JMMMU evalu- 294

ation results, we converted all 50 open-ended ques- 295

tions into multiple-choice questions and revised 296

two samples. We refer to this updated version 297

as JMMMU-verified-2025-12 (see details in Sec- 298

tion C). All JMMMU scores reported in this paper 299

are based on JMMMU-verified-2025-12. 300

3.2 Definition of Vibe Benchmark 301

Construction 302

Vibe Benchmark Construction is a methodology 303

in which an image generation model plays the pri- 304

mary role in producing the VQA problem images, 305

while humans only verify the outputs and adjust 306

the prompts when necessary to ensure quality. Al- 307

though previous VQA benchmarks have used syn- 308

thetic images generated by image generation mod- 309

els, these models have played only a supplemen- 310

tary role, producing just the visual part while the 311

question text still had to be created separately by 312

humans or by an LMM, incurring additional cost. 313

In contrast, the key distinction of our proposed 314

Vibe Benchmark Construction is that the VQA cre- 315

ation process is carried out by the image generation 316

model, with humans intervening solely for veri- 317

fication and prompt refinement. This paradigm 318

is particularly effective for text-embedded VQA, 319

where humans cannot easily edit content directly 320

inside the image. By letting the model handle gen- 321

eration and restricting human effort to adjusting 322

the prompt until a satisfactory image is produced, 323

the method enables efficient and scalable construc- 324

tion of benchmarks, especially in domains like text- 325

embedded VQA, where dataset creation is difficult. 326

A more detailed comparison with existing work is 327

provided in Section 2. 328
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Figure 3: JMMMU-Pro samples.

3.3 Detailed Pipeline of Vibe Benchmark329

Construction330

For image generation, we use Nano331

Banana Pro via its API interface332

(gemini-3-pro-image-preview). The im-333

age resolution is set to 1K. Below, we describe334

our prompt design process and the workflow for335

human checking and regeneration.336

Prompt Selection and Image Generation. We337

first selected a prompt template through prelimi-338

nary experiments. Specifically, we used the prompt339

template in Section D and varied the following six340

components as parameters to generate a diverse set341

of images (shown in Figure 3): 1. Background:342

chosen from workbook, exam sheet, whiteboard,343

blackboard, projector, iPad notebook, webpage,344

Nintendo Switch, and TV quiz show. 2. Back-345

ground Color: selected from white, light green,346

light yellow, light pink, light gray, and light blue.347

Note that certain backgrounds have a fixed color348

(e.g., a whiteboard is always white), and we ac-349

count for such constraints. 3. Font: chosen from350

handwritten text, computer font, thick computer 351

font, thin computer font, and manga-style com- 352

puter font. 4. Margin: selected as either small or 353

large. 5. State: chosen from photo by smartphone, 354

screenshot by PC, and screenshot by smartphone. 355

6. Aspect Ratio: selected from 9:16, 16:9, 3:4, and 356

1:1. We show the statistics for the two most control- 357

lable factors: Background and Background Color 358

in Figure A. 359

In addition, while JMMMU includes image tags 360

such as <image 1> within the question text, we 361

found that Nano Banana Pro does not allow con- 362

trol over these image tags. To address this issue, 363

we attempted to include explicit instructions in the 364

prompt (e.g., “keep the image tag in the question”). 365

However, such instructions significantly degraded 366

the quality of the generated images. We hypoth- 367

esize that this occurs because Nano Banana Pro 368

internally uses similar image-tag tokens, and ex- 369

plicit instructions about them may interfere with 370

its generation process. Therefore, we intention- 371

ally avoid giving any special instructions regarding 372
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image tags in the prompt.373

Human Checking and Regeneration. We per-374

formed author reviews of the generated images375

with a custom-built annotation tool. In these re-376

views, we checked that the generated text and im-377

ages matched the originals exactly. As mentioned378

above, controlling image tags in the question text379

is difficult, so we allowed variations in the tags as380

long as the generated item remained a valid ques-381

tion.382

In the first review round, 71% of the questions383

passed. The remaining 29% failed primarily be-384

cause the question image had been replaced with an385

unrelated image, the text within the image was un-386

readable, parts of the question text were missing or387

incorrect, or the generated image was visually un-388

natural. These examples are shown in Figure B. For389

these failed cases, we regenerated the images with390

the same prompt or prompts with minor prompt391

adjustments. After completing the full set of VQA392

questions across several rounds, we performed a393

final cross-check to eliminate inconsistencies in the394

authors’ evaluation standards.395

Manual Construction. We manually created 67396

samples that Nano Banana Pro had difficulty gen-397

erating. These cases had the following characteris-398

tics: 1. long question text (16 samples), 2. small or399

difficult-to-render text within the question image400

(36 samples), 3. extreme aspect ratios (2 samples),401

4. domains that are inherently difficult to generate,402

such as chemical formulas or musical notation (8403

samples), and 5. cases rejected by Nano Banana404

Pro due to policy constraints (5 samples). These405

examples are shown in Figure C.406

4 Experiments407

4.1 Setup408

Baseline LMMs. For a more comprehensive eval-409

uation, we assess a diverse set of state-of-the-art410

LMMs. In particular, for open-source models, we411

select representative models from three categories,412

English-centric LMMs, multilingual LMMs, and413

Japanese LMMs, to ensure that our evaluation ac-414

curately captures current progress in each subfield.415

We mainly use LMMs-Eval (Zhang et al., 2025)416

for our experiments. We set the temperature to417

0 to open-source LMMs (the default setting for418

closed-source LMMs), and set max_tokens to be419

configured to be long enough so that the response420

would not be cut off. We ran with a single A100421

80G GPU.422

Closed-source LMMs: GPT-5.2 (OpenAI, 2025), 423

Gemini3Pro (DeepMind, 2025b). 424

English-Centric Open-source LMMs: LLaVA- 425

OneVision-7B (Li et al., 2024a), LLaVA- 426

OneVision-1.5-8B (An et al., 2025), InternVL2.5- 427

8B (Chen et al., 2024) 428

Multilingual Open-source LMMs: Qwen2.5VL- 429

7B, 32B (Bai et al., 2025b), Qwen3VL-8B (Bai 430

et al., 2025a), Phi-4Multimodal (Microsoft, 2025), 431

Pangea-7B (Yue et al., 2025a), Aya Vision- 432

8B (Dash et al., 2025) 433

Japanese Open-source LMMs: Sarashina2-Vision- 434

8B and 14B (SB Intuitions, 2025a), Sarashina2.2- 435

Vision-3B (SB Intuitions, 2025b), Heron-NVILA- 436

Lite-15B (Turing Inc., 2025) 437

Inference Prompt. The inference prompt is based 438

on the setup in JMMMU (Onohara et al., 2025) 439

and MMMU-Pro (Yue et al., 2025b). Follow- 440

ing MMMU-Pro (Yue et al., 2025b), we evaluate 441

the open-source LMMs with both Direct and CoT 442

prompts (as shown in Section D), and report the 443

higher ones in the overall results. For the closed- 444

source LMMs, they perform reasoning regardless 445

of the prompt types, so we use only the Direct 446

Prompt. Full results are shown in Section E. 447

4.2 Main Results 448

We present the experimental results in Table 1. The 449

key findings from these results are as follows. 450

F1. All open-source LMMs struggle signifi- 451

cantly on JMMMU-Pro. Open-source LMMs 452

perform poorly on JMMMU-Pro, with the best 453

model, Qwen2.5-VL-32B, achieving only 56.14, 454

indicating substantial room for improvement. Fur- 455

thermore, nine models perform less than 32%, 456

close to random guessing. These results highlight 457

that JMMMU-Pro poses a challenging and valu- 458

able benchmark for evaluating and advancing open- 459

source LMMs. 460

F2. Most open-source LMMs exhibit a signifi- 461

cant performance drop compared to JMMMU. 462

Most open-source LMMs, except for Qwen2.5- 463

VL-7B, show a substantial decline in accuracy 464

on JMMMU-Pro relative to JMMMU. Moreover, 465

when we compare the CS and CA subsets, we find 466

that models with a clear performance gap between 467

the JMMMU’s two subsets are similarly low on 468

both in JMMMU-Pro. This suggests that their 469

weakness lies in a fundamental lack of vision-side 470

understanding, rather than in the type of question. 471

These results demonstrate that JMMMU-Pro pro- 472

vides valuable feedback to model developers when 473

6



Model JMMMU-Pro JMMMU CS Pro CS CA Pro CA
(1320) (1320) (600) (600) (720) (720)

Random
Random Choice 27.05 27.05 26.33 26.33 27.64 27.64
Frequent Choice 27.73 27.73 25.33 25.33 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 47.50 55.83 47.08 50.42
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 40.33 26.53 35.56
Pangea-7B 23.41 37.50 21.67 47.17 24.86 29.44

English-centric Open LMMs
LLaVA-OV-1.5-8B 31.97 51.74 28.00 53.33 35.28 50.42
LLaVA-OV-7B 27.35 41.14 26.50 43.83 28.06 38.89
InternVL2.5-8B 31.21 41.36 29.00 43.33 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 32.33 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 85.42
GPT-5.2 (reasoning high) 83.33 84.47 88.33 85.50 79.17 83.61

Table 1: Main Results on JMMMU-Pro and JMMMU. Overall, open-source LMMs show substantial performance
degradation on JMMMU-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 JMMMU.474

F3. Closed-source LMMs achieve substantially475

higher performance on JMMMU-Pro, reveal-476

ing a substantial gap relative to open-source477

models. Closed-source LMMs obtain notably high478

scores on JMMMU-Pro. This indicates that these479

models already possess the ability to seamlessly480

integrate visual and textual information and inter-481

pret them through visual perception. Importantly,482

the strong performance of closed-source models483

does not diminish the value of JMMMU-Pro. In-484

stead, it highlights the crucial role of JMMMU-Pro485

as a benchmark for guiding the development of486

open-source LMMs. Given the considerable perfor-487

mance gap between closed-source and open-source488

LMMs, reducing this gap is an essential goal for489

the community.490

5 Analysis491

5.1 Impact of CoT Prompting492

We examine the effectiveness of Chain-of-Thought493

(CoT) prompting on JMMMU-Pro and JMMMU.494

The results are shown in Figure 4. These results495

indicate that the effectiveness of CoT varies de-496

pending on the model and the evaluation setting497

for both JMMMU-Pro and JMMMU. For exam-498

ple, on JMMMU-Pro, 8 out of the 13 LMMs499

achieve higher performance with CoT prompting, 500

whereas on JMMMU, only 3 models benefit from 501

CoT. Moreover, when examined on a per-model ba- 502

sis, LMMs such as Pangea-7B, LLaVA-OV-1.5-8B, 503

InternVL2.5-8B, and Sarashina2.2-V-3B show dif- 504

ferent prompt preferences between JMMMU and 505

JMMMU-Pro. These findings suggest that opti- 506

mal prompting strategies must be tailored to each 507

model and each task, rather than relying on a single 508

prompting approach across settings. 509

5.2 Correlation with OCR Performance 510

We hypothesize that the primary cause of perfor- 511

mance degradation on JMMMU-Pro is the inabil- 512

ity of current LMMs to perform Japanese Optical 513

Character Recognition (OCR). To examine this hy- 514

pothesis, we compute the correlation between OCR 515

performance and JMMMU-Pro accuracy across 516

several LMMs. 517

Following the evaluation setting of MMMU-Pro, 518

we ask each LMM to extract the full text of the 519

question and all answer choices, excluding any text 520

from associated images. OCR accuracy is then 521

calculated by comparing the extracted text with the 522

original text using the Levenshtein distance, which 523

measures the edit distance between two strings. 524

The similarity between the extracted and original 525

7
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Figure 4: Impact of CoT prompting in JMMMU and JMMMU-Pro.
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JMMMU-Pro

O
C

R
 A

cc
ur

ac
y

Figure 5: Correlation between OCR accu-
racy and JMMMU-Pro performance.

text is computed as:526

OCR Accuracy = 1− Levenshtein(text1, text2)
max(len(text1), len(text2))

(1)527

The results are shown in Figure 5. The cor-528

relation coefficient between OCR accuracy and529

JMMMU-Pro accuracy is 0.593. There is a posi-530

tive correlation between the two. However, high531

OCR ability does not necessarily translate directly532

into high JMMMU-Pro accuracy. For example,533

while Heron-NVILA and Sarashina2.2-V are com-534

parable for OCR performance, the performance535

for JMMMU-Pro differs a lot. This indicates that536

solving JMMMU-Pro demands the ability to in-537

terpret and reason over language and vision in an538

integrated manner through visual perception.539

5.3 Error Analysis540

We analyze error cases from Qwen2.5VL-32B in541

the JMMMU-Pro to better understand the error542

reasons. We select 100 cases where the model543

makes a mistake on the JMMMU-Pro question but544

Lack of 
Knowledge

19%

Perceptual Error
32%

Reasoning
46%

Others
1.0%

OCR Error
2.0%

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

answers the corresponding JMMMU question cor- 545

rectly. Consistent with MMMU-Pro findings, the 546

errors are broadly categorized into three main types: 547

perception errors, knowledge errors, and reason- 548

ing errors. We present representative failure cases 549

of this model in Figure D-Figure G. This result 550

suggests that JMMMU-Pro demands deeper, more 551

integrated visual-textual understanding that goes 552

beyond simple OCR capabilities. 553

6 Conclusion 554

This paper introduces JMMMU-Pro, a text- 555

embedded Japanese Multi-discipline Multimodal 556

Understanding Benchmark, along with Vibe Bench- 557

mark Construction, a scalable methodology for cre- 558

ating such a benchmark. Our experiments show 559

that all open-source LMMs face significant diffi- 560

culty on JMMMU-Pro, highlighting its importance 561

as a benchmark that can inspire future progress in 562

the open-source community. 563

8



Limitations564

Extension to Other Languages. Although the565

proposed benchmark construction framework is, in566

principle, language-agnostic, this work focuses ex-567

clusively on Japanese. It remains unclear whether568

the same approach can be directly extended to other569

languages, as its effectiveness largely depends on570

the capabilities of the underlying image generation571

model (e.g., NanoBanana Pro). Nevertheless, we572

argue that focusing on Japanese alone is already573

valuable, given the current lack of rigorous bench-574

marks for evaluating integrated visual–textual un-575

derstanding in Japanese and the growing demand576

for high-quality Japanese LMM evaluation.577

Unconstructable Cases in Vibe Benchmark Con-578

struction. While Vibe Benchmark Construction579

enables scalable and cost-effective benchmark cre-580

ation, it does not successfully handle all samples.581

In certain cases, such as those involving extremely582

long texts, small or complex visual details, it re-583

mains difficult for image generation models and584

requires manual construction. This highlights that585

human oversight remains a necessary component586

and that fully automated benchmark construction587

is still challenging.588
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Appendix811

In this appendix, we include the dataset distribution812

in Section A, failure cases of image generation and813

manual construction examples in Section B, the814

verified JMMMU in Section C, detailed prompt815

examples in Section D, the full results in Section E,816

and failure cases of LMM inference in Section F.817

A Dataset Distributions818

We show the statistics for the two most control-819

lable factors: Background and Background Color820

in Figure A.821

B Image Generation Failures and Manual822

Construction Examples823

B.1 Image Generation Failures in Nano824

Banana Pro825

Figure B presents examples of image generation826

failures observed in Nano Banana Pro. Nano Ba-827

nana Pro can occasionally produce failures such as828

those shown in the figure. We attribute these fail-829

ures to the inherent diversity of outputs produced830

by generative models. Therefore, it is crucial to831

manually inspect and filter such outputs to ensure832

correctness.833

B.2 Manual Construction Examples834

Figure C shows examples that were manually con-835

structed. Images with these characteristics were836

inherently difficult to generate automatically using837

Nano Banana Pro. Therefore, we found that not all838

images can be created through the Vibe Benchmark839

Construction pipeline.840

C Verifying the original JMMMU 841

Benchmark 842

We first verify the existing JMMMU benchmark by 843

correcting its samples and refining its evaluation 844

protocol. 845

Sample Corrections. Although most ques- 846

tions in JMMMU are multiple-choice, 50 ques- 847

tions in the culture-agnostic subset, which trans- 848

lated directly from MMMU, are open-ended. Prior 849

work (SB Intuitions, 2025b) has noted that these 850

open-ended questions introduce additional com- 851

plexity in interpreting evaluation results, and thus 852

converted them into multiple-choice format for 853

their experiments. Following this approach, we 854

also convert all open-ended questions in JMMMU 855

into multiple-choice questions. We provide the 856

problem statement and the correct answer to an 857

LLM (e.g., GPT-5 (OpenAI, 2025)) and instruct 858

it to propose plausible false choices. We then 859

manually verify the generated choices to ensure 860

quality, correcting cases where false options might 861

unintentionally match the correct answer due to 862

numerical precision, ambiguity, or formatting is- 863

sues. Additionally, we identified and corrected 864

errors in two samples (test_Japanese_Art_120, 865

validation_Agriculture_1), where the answer 866

or question text contained mistakes. 867

Revision of the Evaluation Procedure. We also 868

revised the evaluation procedure in JMMMU. First, 869

we found that the answer-parsing algorithm used 870

in JMMMU often fails on recent reasoning models, 871

whose outputs tend to be longer. In particular, when 872

models list all options as part of their reasoning, 873

the parser may incorrectly extract the predicted 874

28.8%

21.1%18.6%

4.9%

4.8%

4.6%

4.6%

4.2%

3.3%
2.9%
2.2%

(a) Background distribution

65.1%

6.6%

5.1%

5.0%
4.2%

3.3%

5.5%

5.2%

(b) Color distribution

Figure A: Distribution of background and its color in the JMMMU-Pro benchmark.
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(a) Unnatural Image (b) Different Image

Original

(c) Incorrect Image Tag (d) Incorrect Text

Figure B: Failure examples for Nano Banana Pro.

choice. To address this, we modify the parser to875

ignore such auxiliary option listings. In addition,876

when parsing fails, JMMMU selects an answer at877

random. We remove this random selection step, as878

it obscures whether a model has genuinely failed879

to produce a valid option. Our modification instead880

marks such cases explicitly as incorrect, allowing881

a clearer distinction between invalid output and an882

actual wrong answer.883

To avoid confusion in the community, we884

name this corrected version of the bench-885

mark JMMMU-verified-2025-12. All JMMMU886

scores reported in this paper are based on887

JMMMU-verified-2025-12.888

D Prompt889

D.1 LMM Inference Prompt890

Below, we present the prompt used for LMM infer-891

ence.892

Inference Prompts: Direct

JMMMU:
“与えられた選択肢の中から最も適切な回答
のアルファベットを直接記入してください。
” (Answer with the option’s letter from the given
choices directly.

JMMMU-Pro:
“あなたの役割は画像で与えられた問題を解く
ことです。与えられた選択肢の中から最も適切
な回答のアルファベットを直接記入してくださ
い。” (Your role is to solve the question provided in
the image. Answer with the option’s letter from the
given choices directly.)

893

Inference Prompts: CoT

JMMMU:
“次の選択式問題に答えてください。あなたの
回答の最終行は、次の形式にしてください：

’答え: $LETTER’（引用符なし）。ここで LETTER
は選択肢のいずれかの文字です。答える前に
step by step で考えてください。 ” (Answer the
following multiple choice question. The last line of
your response should be of the following format: ’An-
swer: $LETTER’ (without quotes) where LETTER is
one of options. Think step by step before answering.) (

JMMMU-Pro:
“あなたの役割は画像で与えられた問題を解く
ことです。あなたの回答の最終行は、次の形式
にしてください：’答え: $LETTER’（引用符な
し）。ここで LETTER は選択肢のいずれかの文
字です。答える前に step by stepで考えてくださ
い。” (Your role is to solve the question provided in
the image. The last line of your response should be of
the following format: ’Answer: $LETTER’ (without
quotes) where LETTER is one of options. Think step
by step before answering.)

894

Inference Prompts: OCR Task

OCR Task Prompt:
“画像内の選択式（多肢選択式）問題から、導
入説明文を含む質問文全体と、対応する選択肢
を抽出して出力してください。関連画像のテキ
ストや問題番号は除外してください。OCR の
みを行い、問題を解こうとしないでください。
Formatは, ’Question: , Options: ’ (引用符なし)の
形で出力してください” (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).)
895

D.2 Image Generation Prompt 896

Below, we present the prompts used to generate 897

images with Nano Banana Pro. The base prompt 898
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(e) Long question text(d) Small text within question image

(c) Rejected sample by the policy(b) Difficult domain for generation

(a) Extreme aspect ratio

Figure C: Manual construction examples.

is designed for the single-image setting, while for899

the multiple-image setting, the prompt is modified900

depending on whether images are included in the901

options.902

E Full Results903

In Table A and Table B, we present detailed results904

for both the Direct Prompt and the CoT Prompt.905

F Failure Cases906

We show representative failure cases of the state-of-907

the-art open-source LMM, Qwen2.5-VL-32B, in908

Figure D, Figure E, Figure F, and Figure G. These909

examples show that the model exhibits various910

errors in JMMMU-Pro, indicating that JMMMU-911

Pro requires deeper integrated visual–textual under-912

standing beyond mere OCR capability.913
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Base prompt

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
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. 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 JMMMU CS Pro CS CA Pro CA
(1320) (1320) (600) (600) (720) (720)

Random
Random Choice 27.05 27.05 26.33 26.33 27.64 27.64
Frequent Choice 27.73 27.73 25.33 25.33 29.72 29.72

Multilingual Open LMMs
Qwen2.5-VL-32B 49.32 59.92 51.67 63.50 47.36 56.94
Qwen3-VL-8B 45.83 46.82 47.00 56.33 44.86 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 34.31 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 26.33 53.33 32.92 50.42
LLaVA-OV-7B 27.35 41.14 26.50 43.83 28.06 38.89
InternVL2.5-8B 25.08 41.36 23.83 43.33 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 32.33 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 85.42
GPT-5.2 (reasoning high) 83.33 84.47 88.33 85.50 79.17 83.61

Table A: Results with the direct prompt.
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Model JMMMU-Pro JMMMU CS Pro CS CA Pro CA
(1320) (1320) (600) (600) (720) (720)

Random
Random Choice 27.05 27.05 26.33 26.33 27.64 27.64
Frequent Choice 27.73 27.73 25.33 25.33 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 47.50 55.83 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 31.50 25.97 32.50
Aya-Vision-8B 26.74 37.73 27.00 40.33 26.53 35.56
Pangea-7B 23.41 34.09 21.67 36.17 24.86 32.36

English-centric Open LMMs
LLaVA-OV-1.5-8B 31.97 46.44 28.00 46.83 35.28 46.11
LLaVA-OV-7B 14.09 21.29 14.33 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 25.33 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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### 問題の理解 表には以下の情報が記載されています： - **⾷品**：各⾷品の名前 - **⾷品を⾷べた⼈の数**：その⾷品を⾷べ
た⼈数 - **⾷品を⾷べて体調を壊した⼈の数**：その⾷品を⾷べた後に体調を壊した⼈数 ⾷中毒の発⽣原因として最も可能性
が⾼い⾷品を特定するためには、どの⾷品が最も多くの⼈々に影響を与えたかを判断する必要があります。そのため、各⾷品
について「体調を壊した⼈の数」を⽐較します。 ### 表のデータ | ⾷品 | ⾷品を⾷べた⼈の数 | ⾷品を⾷べて体調を壊した⼈の
数 | |------------------|--------------------|--------------------------------| | 冷製チキン | 86 | 34 | | ポテトサラダ | 54 | 38 | | 卵サンドイッチ | 76 
| 40 | | フルーツパイとクリーム | 32 | 12 | | チーズ | 48 | 12 | ### ステップバイステップの分析 1. **冷製チキン**： -⾷べた⼈数：
86⼈ -体調を壊した⼈数：34⼈ 2. **ポテトサラダ**： -⾷べた⼈数：54⼈ -体調を壊した⼈数：38⼈ 3. **卵サンドイッチ**： -
⾷べた⼈数：76⼈ -体調を壊した⼈数：40⼈ 4. **フルーツパイとクリーム**： -⾷べた⼈数：32⼈ -体調を壊した⼈数：12⼈ 5. 
**チーズ**： -⾷べた⼈数：48⼈ -体調を壊した⼈数：12⼈ ### ⽐較 各⾷品について「体調を壊した⼈の数」を⽐較すると： -
冷製チキン：34⼈ -ポテトサラダ：38⼈ -卵サンドイッチ：40⼈ -フルーツパイとクリーム：12⼈ -チーズ：12⼈ 最も多くの
⼈が体調を壊した⾷品は **卵サンドイッチ** で、40⼈が体調を壊しています。 ### 答え 最も可能性が⾼い⾷品は **卵サンド
イッチ** です。 答え: C

### 問題分析 この問題では、与えられた表に基づいて、⾷中毒の発⽣原因として最も可能性が⾼い⾷
品を特定する必要があります。表には以下の情報が含まれています： - **⾷品を⾷べた⼈の数**：各
⾷品を⾷べた⼈数。 - **⾷品を⾷べて体調を壊した⼈の数**：各⾷品を⾷べた後に体調を壊した⼈数。 
⾷中毒の発⽣可能性を評価するためには、**体調を壊した⼈の割合**（すなわち、体調を壊した⼈数 
÷⾷べた⼈数）を計算し、その値が最も⾼い⾷品を選択するのが合理的です。 ### ステップバイス
テップの解法 1. **各⾷品について体調を壊した⼈の割合を計算する**： - **冷製チキン**： 
¥[ ¥text{割合} = ¥frac{¥text{体調を壊した⼈数}}{¥text{⾷べた⼈数}} = ¥frac{34}{86} ¥] - **ポテトサラダ
**： ¥[ ¥text{割合} = ¥frac{¥text{体調を壊した⼈数}}{¥text{⾷べた⼈数}} = ¥frac{38}{54} ¥] - **卵サンド
イッチ**： ¥[ ¥text{割合} = ¥frac{¥text{体調を壊した⼈数}}{¥text{⾷べた⼈数}} = ¥frac{40}{76} ¥] - **フ
ルーツパイとクリーム**： ¥[ ¥text{割合} = ¥frac{¥text{体調を壊した⼈数}}{¥text{⾷べた⼈数}} = 
¥frac{12}{32} ¥] - **チーズ**： ¥[ ¥text{割合} = ¥frac{¥text{体調を壊した⼈数}}{¥text{⾷べた⼈数}} = 
¥frac{12}{48} ¥] 2. **割合を具体的な値に変換する**： - **冷製チキン**： ¥[ ¥frac{34}{86} ¥approx
0.395 ¥] - **ポテトサラダ**： ¥[ ¥frac{38}{54} ¥approx 0.704 ¥] - **卵サンドイッチ**： ¥[ ¥frac{40}{76} 
¥approx 0.526 ¥] - **フルーツパイとクリーム**： ¥[ ¥frac{12}{32} = 0.375 ¥] - **チーズ**： 
¥[ ¥frac{12}{48} = 0.25 ¥] 3. **割合を⽐較して最も⾼い値を選ぶ**： -冷製チキン：約 0.395 -ポテトサ
ラダ：約 0.704 -卵サンドイッチ：約 0.526 -フルーツパイとクリーム：0.375 -チーズ：0.25 これらの
値を⽐較すると、**ポテトサラダ**の割合が最も⾼く、約 0.704 です。 ### 答え ⾷中毒の発⽣原因と
して最も可能性が⾼い⾷品は **ポテトサラダ** です。 答え: B

Qwen2.5VL-32B (JMMMU CoT)

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

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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### 問題分析 この問題では、スクリーニング乳房MRIの画像から左乳房の所⾒の病因を特定する必要があります。与えられた画像は以下のもの： 1. **
差分処理画像**（Image 1）：MRIの差分画像は、異なる時間点での信号強度の変化を強調します。 2. **T2強調画像**（Image 2）：T2強調画像では、
⽔分含有量が⾼い領域が明るく表⽰されます。 3. **T1強調軸画像**（Image 3）：T1強調画像では、脂肪組織や⾎液などの信号強度が⾼く表⽰されま
す。 ### 画像の観察ポイント 1. **差分処理画像 (Image 1)**: -左乳房に明確な異常所⾒が認められる。 -強い信号強度の領域が存在し、これは病変の
可能性を⽰唆しています。 2. **T2強調画像 (Image 2)**: -同じ領域で明るい信号が確認される。 - T2強調画像では、⽔分含有量が⾼い病変（例えば、
囊胞性病変や炎症性病変）が明るく表⽰される傾向があります。 3. **T1強調軸画像 (Image 3)**: -左乳房の同じ領域で暗い信号が観察される。 - T1強
調画像では、脂肪組織は明るく、病変が暗い信号を⽰す場合、その病変は脂肪組織と⽐べて信号が低下していることを意味します。 ### 病因の候補
について検討 #### A. **磁化率アーチファクト** -磁化率アーチファクトは⾦属や⾮均⼀な組織構造による信号の歪みを引き起こします。 -しかし、
この症例では明確な⾦属的存在やアーチファクトの特徴（ストライプ状のパターンなど）は⾒られません。 - **可能性低い**。 #### B. **⾎腫** -⾎腫
は出⾎による病変で、T1強調画像では初期には⾼信号を⽰し、その後低信号になることがあります。 -ただし、T2強調画像でも⾼信号を⽰すことが⼀
般的です。 -この症例では、T1強調画像で低信号、T2強調画像で⾼信号という特徴が⾒られます。⾎腫の可能性はありますが、他の選択肢も考慮する
必要があります。 #### C. **脂肪壊死** -脂肪壊死は、脂肪組織の壊死により⽣じる病変で、通常は外傷後に発⽣します。 - MRI上では、T1強調画像で
低信号、T2強調画像で⾼信号を⽰すことが特徴です。 -この症例の画像所⾒は脂肪壊死の典型的な特徴に⼀致します。 #### D. **シリコン⾁芽腫** -
シリコン⾁芽腫は、シリコン注⼊による異物反応で形成される病変です。 - MRI上では、T1強調画像で低信号、T2強調画像で⾼信号を⽰すことが⼀般
的です。 -ただし、シリコン⾁芽腫は通常、シリコン注⼊の歴史がある患者で⾒られるため、その背景情報が必要です。 -この症例では、シリコン注
⼊の有無が不明であるため、確定は難しい。 ### 結論 画像所⾒（T1強調画像で低信号、T2強調画像で⾼信号）は、**脂肪壊死**の特徴に最もよく⼀
致します。また、他の選択肢（磁化率アーチファクト、⾎腫、シリコン⾁芽腫）については、画像所⾒や背景情報から脂肪壊死が最も可能性が⾼い
と考えられます。 答え: **C**

### 問題の理解 この問題では、スクリーニング乳房MRIの3種類の画像が提⽰されています： 1. **差分処理画像 (image 1)** 2. 
**T2強調画像 (image 2)** 3. **T1強調軸画像 (image 3)** これらの画像から、左乳房の所⾒に基づいて病変の診断を選択する必
要があります。選択肢は以下の通りです： - A. 磁化率アーチファクト - B. ⾎腫 - C. 脂肪壊死 - D. シリコン⾁芽腫 ### 画像の分
析 #### 1. 差分処理画像 (image 1) -差分処理画像は、異なる時間点でのMRI画像の差分を⽰すもので、動的な変化を捉えます。 
-画像には明確な⾼信号領域が⾒られます。これは病変部位の活性化や増殖性病変を⽰唆する可能性があります。 #### 2. T2
強調画像 (image 2) - T2強調画像では、⽔分含有量が⾼い組織が⾼信号を⽰します。 -画像には⾼信号の領域が確認できます。
これは病変部位が⽔分を多く含んでいることを⽰唆しています。 #### 3. T1強調軸画像 (image 3) - T1強調画像では、脂肪組
織が⾼信号を⽰し、病変が低信号になることが多いです。 -画像には低信号の領域が⾒られます。これは病変部位が脂肪組
織よりも信号が低いことを意味し、病変の性質を特定する⼿がかりとなります。 ### 病変の特徴に基づく考察 1. **磁化率
アーチファクト (A)** -磁化率アーチファクトは⾦属や磁化率の異なる物質によるMRI画像の歪みを指します。 -画像からは明
確なアーチファクトの特徴（例：ストライプ状のパターンなど）は⾒られません。したがって、この選択肢は適切ではない
と考えられます。 2. **⾎腫 (B)** -⾎腫は出⾎による病変で、T2強調画像では⾼信号を⽰します（⾎液中の⽔分⼦が多いた
め）。 - T1強調画像では初期は低信号ですが、時間が経過すると信号が変化します。 -提⽰された画像では、T2強調画像で
⾼信号、T1強調画像で低信号の領域が⾒られるため、⾎腫の可能性は⾼いです。 3. **脂肪壊死 (C)** -脂肪壊死は脂肪組織の
壊死による病変で、通常はT1強調画像で⾼信号を⽰します。 -提⽰された画像では、T1強調画像で低信号の領域が⾒られる
ため、脂肪壊死の可能性は低いです。 4. **シリコン⾁芽腫 (D)** -シリコン⾁芽腫はシリコン注⼊による異物反応で形成され
る病変で、MRI画像では特有の信号パターンを⽰します。 -提⽰された画像からはシリコン⾁芽腫の典型的な特徴（例：境界
が不明瞭な低信号領域など）は⾒られません。したがって、この選択肢も適切ではないと考えられます。 ### 結論 画像の特
徴を総合的に考慮すると、T2強調画像での⾼信号とT1強調画像での低信号は⾎腫の典型的な特徴に⼀致します。したがって、
最も適切な診断は **⾎腫** です。 答え: B

Perceptual ErrorQwen2.5VL-32B (JMMMU-Pro, CoT)

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

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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この問題では、<image 1>の内容を理解し、その背景にある原因について考えます。まず、画像の内容を分析し
ましょう。 ### 画像の内容分析: -画像は、戦闘や集団⾏動が描かれた歴史的な場⾯を⽰しています。 -多くの⼈
物が集まり、建物や旗が⾒えます。これは戦争や蜂起のような⼤規模な社会的・政治的事件を⽰唆しています。 
-こうした描写は、歴史上の「天草四郎時貞の乱」（島原の乱）と⼀致すると考えられます。 ### 島原の乱の背
景: 島原の乱（1637年〜1638年）は、江⼾時代初期に九州の島原半島で起こった農⺠・町⼈・キリシタン（キリ
スト教徒）による⼤規模な蜂起です。主な原因としては以下が挙げられます： 1. **禁教への反発** 徳川幕府によ
るキリスト教の弾圧政策に対する反発が⼤きな要因でした。キリシタンたちは信仰の⾃由を求めて蜂起しました。 
2. **凶作や飢饉** 当時の九州地⽅では連続した凶作や飢饉が発⽣しており、⼈々の⽣活は困窮していました。経
済的な苦境も蜂起の背景にありました。 3. **松倉重政による重税** 松倉重政が九州の領地で⾏った過酷な課税政
策が、農⺠たちの不満を⾼めました。特に島原藩では重税が課せられ、⼈々の負担が増加していました。 ### 選
択肢の検討: A. **天草四郎による抑圧政治** 天草四郎時貞は島原の乱の指導者ですが、彼⾃⾝が「抑圧政治」を
⾏ったわけではありません。むしろ、彼は農⺠やキリシタンの不満を代表して蜂起を主導した⼈物です。この選
択肢は不適切です。 B. **禁教への反発** 島原の乱では、キリシタンたちが禁教政策に反発して蜂起したことが
⼤きな要因の⼀つです。この選択肢は適切です。 C. **凶作や飢饉** 当時の九州地⽅では連続した凶作や飢饉が
発⽣しており、経済的な困窮が蜂起の背景にありました。この選択肢は適切です。 D. **松倉重政による重税** 
松倉重政の重税政策が農⺠たちの不満を⾼め、蜂起の⼀因となりました。この選択肢は適切です。 ### 結論: 不
適切な選択肢は A です。天草四郎時貞は蜂起の指導者であり、彼⾃⾝が抑圧政治を⾏ったわけではありません。 
答え: A

### 問題分析 画像には、戦いや混乱が描かれている様⼦が⾒受けられます。この画像が⽰す出来事の原因として不適切なもの
を選択する必要があります。そのため、各選択肢について検討し、画像と関連性がないものを特定します。 --- ### 選択肢の内
容確認 1. **A. 天草四郎による抑圧政治** -天草四郎は、江⼾時代にキリシタン迫害を背景に起こった「天草・島原の乱」に関
連する⼈物です。この乱では、キリシタンや農⺠が幕府の抑圧政策に反発して蜂起しました。画像が戦いや混乱を描いている
場合、この選択肢は適切である可能性があります。 2. **B. 禁教への反発** -禁教（キリスト教の禁⽌）は、江⼾時代の幕府政
策であり、特に「天草・島原の乱」の背景にもなっています。キリシタンたちが禁教政策に反発して蜂起したことが歴史的に
知られています。この選択肢も適切である可能性があります。 3. **C. 凶作や飢饉** -凶作や飢饉は、農⺠が⽣活困窮に陥り、
反乱や暴動を引き起こす要因となることがあります。歴史上、多くの反乱が飢饉を背景に起こっています。この選択肢も適切
である可能性があります。 4. **D. 松倉重政による重税** -松倉重政は、江⼾時代初期の武将で、⼤坂夏の陣後に⼤坂城代を務
めました。彼は厳しい統治を⾏い、重税を課したことで不評を買ったとされています。しかし、松倉重政の活動は主に⼤阪周
辺に限定されており、全国的な影響は限定的でした。また、彼の死後すぐにその政策も廃⽌されています。したがって、この
選択肢は他の選択肢に⽐べて歴史的な影響⼒が弱いと⾔えます。 --- ### 画像の内容との関連性 画像には戦いや混乱が描かれて
います。このような状況を引き起こす要因としては、**A. 天草四郎による抑圧政治**、**B. 禁教への反発**、**C. 凶作や飢饉
**が考えられます。これらは歴史上、⼤きな反乱や戦争を引き起こす典型的な要因です。 ⼀⽅、**D. 松倉重政による重税**は、
地域的な影響が限定的であり、全国的な戦いや混乱を引き起こすほどの影響⼒はないと考えられます。そのため、この選択肢
は他の選択肢に⽐べて不適切である可能性が⾼いです。 --- ### 結論 画像の内容と照らし合わせた結果、最も不適切な選択肢は 
**D. 松倉重政による重税** です。 答え: D

Lack of Knowledge ErrorQwen2.5VL-32B (JMMMU-Pro, CoT)

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

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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### 問題分析 画像には以下の要素が含まれています： 1. **⼿書き⽂書**：古⾵な⽇本語で書かれた⽂書が写真と
して表⽰されています。 2. **質問⽂**：「＜image 1＞に対する⾏為により批判を受けたことで も知られる⼈物
は誰でしょう？」とあります。 3. **選択肢**： - A. 内村鑑三 - B. 難波⼤助 - C. 幸徳秋⽔ - D. ⼤杉栄 ### ⼿書き⽂
書の内容について ⼿書き⽂書は古⾵な⽇本語で書かれており、内容を正確に読み取ることは難しいですが、以下
のような特徴が⾒受けられます： -⽂章の形式や⽤語から、歴史的な⽂書であることが伺えます。 -「明治⼆⼗
三年⼗⽉三⼗⽇」という⽇付が記載されており、これは⻄暦1890年10⽉30⽇を指します。 ### 質問の解釈 質問
は、「＜image 1＞に対する⾏為により批判を受けたことで知られる⼈物」を求めています。このため、次のス
テップでは各選択肢の⼈物について検討し、その⾏動や時代背景を考慮して解答を導き出します。 --- ### 各選択
肢の検討 #### A. 内村鑑三 - **概要**：内村鑑三是明治時代のキリスト教伝道者であり、思想家でもありました。
彼は「内村鑑三事件」で知られており、これは1903年に起こった事件です。しかし、この事件は1903年であり、
⼿書き⽂書の⽇付（1890年）とは時期が異なります。 - **結論**：この⼈物は今回の質問に関連性が低いと考え
られます。 #### B. 難波⼤助 - **概要**：難波⼤助は明治時代の政治家であり、⾃由⺠権運動の指導者の⼀⼈でし
た。彼は⾃由⺠権運動の活動を通じて政府に批判的な⽴場を取っていましたが、具体的な「批判を受けた⾏為」
については明確ではありません。 - **結論**：この⼈物も今回の質問と直接関連する可能性は低いです。 #### C. 
幸徳秋⽔ - **概要**：幸徳秋⽔は明治時代の社会主義思想家であり、⽇本における社会主義運動の先駆者です。
彼は1910年に起こった「⼤逆事件」で逮捕され、死刑判決を受けました。この事件は、彼が政府批判的な思想を
広めたことによるものです。 - **結論**：幸徳秋⽔は政府批判的な思想活動を⾏ったことで知られていますが、
⼿書き⽂書の⽇付（1890年）と時期が⼀致しません。 #### D. ⼤杉栄 - **概要**：⼤杉栄は明治時代の社会主義
思想家であり、労働運動の指導者でもありました。彼は1890年10⽉30⽇に「⼤杉栄事件」で逮捕されました。こ
の事件は、彼が政府批判的な演説を⾏ったことによるもので、⼿書き⽂書の⽇付（1890年10⽉30⽇）と⼀致して
います。 - **結論**：⼤杉栄は政府批判的な⾏動により逮捕されたことで知られ、⼿書き⽂書の⽇付とも⼀致し
ています。したがって、この⼈物が最も適切な答えです。 --- ### 答え ⼿書き⽂書の⽇付（1890年10⽉30⽇）と
⼀致し、政府批判的な⾏動により批判を受けたことで知られる⼈物は **⼤杉栄** です。 答え: D

### 問題の内容を整理 -提⽰された画像には「勅語」が記載されています。これは明治天皇が発布した「教育勅語」であり、⽇
本において⾮常に重要な歴史的⽂書です。 -問題では、「教育勅語」に関連して批判を受けた⼈物について尋ねています。 ### 
各選択肢の⼈物について検討 #### A. 内村鑑三 -内村鑑三是明治時代のキリスト教伝道者であり、思想家でもあります。 -彼は
「教育勅語」に対して批判的な⽴場を取ったことで知られています。特に、彼は「教育勅語」が神道と国家主義を強調し、個
⼈の⾃由や宗教的多様性を抑圧している点を問題視しました。 -内村鑑三は「教育勅語」を批判する⽂章を書いたことがあり、
これが彼の思想活動の⼀環として広く知られています。 #### B. 難波⼤助 -難波⼤助は明治時代の政治家であり、衆議院議員を
務めた⼈物です。 -彼は「教育勅語」に関する直接的な批判活動についてはあまり知られていません。そのため、この⼈物が
「教育勅語」に対して批判を受けたという直接的な関係は薄いと考えられます。 #### C. 幸徳秋⽔ -幸徳秋⽔は⽇本の社会主義
運動の先駆者であり、思想家・政治家です。 -彼は「教育勅語」に対して批判的な⽴場を取ったことはありますが、その批判
は主に「教育勅語」が階級差別や個⼈の⾃由を抑圧するものであるという点に焦点を当てていました。しかし、幸徳秋⽔が
「教育勅語」に対して批判を受けたという直接的なエピソードは、内村鑑三ほど有名ではありません。 #### D. ⼤杉栄 -⼤杉栄
は⽇本の社会主義運動の指導者であり、労働運動にも深く関わっていました。 -彼は「教育勅語」に対して批判的な⽴場を
取ったことはありますが、その批判は主に「教育勅語」が労働者階級を抑圧するものであるという点に焦点を当てていました。
しかし、⼤杉栄が「教育勅語」に対して批判を受けたという直接的なエピソードは、内村鑑三ほど有名ではありません。 ### 
結論 最も「教育勅語」に対して批判的で、その批判が広く知られている⼈物は **内村鑑三** です。 答え: A

OCR ErrorQwen2.5VL-32B (JMMMU-Pro, CoT)

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

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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