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Abstract001

Chain-of-Thought (CoT) has become a stan-002
dard method for improving reasoning capa-003
bilities in large language models (LLMs) by004
eliciting step-by-step thinking, but its effective-005
ness in multimodal tasks remains unclear. In006
this paper, we aim to systematically investigate007
the key question: What can multimodal Chain-008
of-Thought reasoning do, and where and why009
does it fall short? To this end, we evaluate010
12 multimodal tasks across perception and rea-011
soning categories using both 14 non-reasoning012
models and 8 reasoning models. Our analy-013
sis reveals several important findings: (1) CoT014
is not a free lunch and should be used selec-015
tively depending on the specific requirements016
of each task. For perception tasks, CoT can017
lead to undesirable side effects, such as reduced018
performance in visual grounding and object019
counting. In contrast, it proves effective for020
reasoning tasks involving mathematical, sci-021
entific, and multi-image reasoning; (2) Com-022
pared to original models, existing open-source023
multimodal reasoning models often yield only024
marginal overall improvements, possibly due025
to an overemphasis on mathematical reason-026
ing at the expense of broader capabilities; (3)027
Visual reasoning remains a key bottleneck for028
current multimodal CoT, as models exhibit a029
“Look Light, Think Heavy” pattern where ver-030
bal reflection rises and falls during reasoning,031
whereas visual reflection consistently dimin-032
ishes. These findings suggest that while multi-033
modal CoT handles verbal reflection relatively034
well, it lacks the ability to maintain deep visual035
introspection throughout the reasoning process.036

1 Introduction037

Large language models (LLMs) (OpenAI, 2023;038

Dubey et al., 2024; Yang et al., 2024; Anthropic,039

2024) such as OpenAI’s o1 (OpenAI, 2024) and040

Deepseek-R1 (DeepSeek-AI et al., 2025), which041

exhibit strong reasoning capabilities, have recently042

garnered significant attention. These slow-thinking043

systems leverage Chain-of-Thought (CoT) reason- 044

ing (Wei et al., 2022) during inference time, en- 045

abling deeper and longer reasoning and reflection 046

processes and achieving advanced performance on 047

complex tasks such as math and coding reasoning. 048

While recent research has made notable progress 049

in textual reasoning, addressing real-world tasks 050

such as interpreting scientific diagrams (Yue et al., 051

2024), solving geometry problems (Lu et al., 2024), 052

and tackling visual puzzles (Song et al., 2025) con- 053

tinues to rely on incorporating visual information. 054

Recently, an increasing number of studies have 055

explored unlocking the CoT reasoning capabilities 056

of multimodal large language models (MLLMs) 057

(OpenAI, 2024; DeepMind, 2025; Bai et al., 2025). 058

Similar to textual reasoning (Sprague et al., 2024), 059

multimodal CoT has been predominantly explored 060

in the context of mathematical reasoning, with 061

evaluations commonly conducted on benchmarks 062

such as MathVista (Lu et al., 2024), MathVerse 063

(Zhang et al., 2024) and MATH-Vision (Wang et al., 064

2024c). However, the scope of multimodal tasks ex- 065

tends well beyond mathematical reasoning. Given 066

that CoT reasoning introduces additional inference 067

overhead and complexity, it remains an open ques- 068

tion whether CoT can consistently improve perfor- 069

mance across a broad range of multimodal tasks. 070

In this paper, we aim to systematically investi- 071

gate the key question: What can multimodal Chain- 072

of-Thought reasoning do, and where and why does 073

it fall short? First, we categorize multimodal tasks 074

along two dimensions: multimodal perception 075

and multimodal reasoning. Multimodal percep- 076

tion tasks include comprehensive evaluation, OCR, 077

visual grounding, hallucination, knowledge and ob- 078

ject counting, while multimodal reasoning tasks 079

include mathematical, scientific, logical, algorith- 080

mic, spatial and multi-image reasoning. Then, we 081

conduct experiments with 14 non-reasoning mod- 082

els (e.g., Qwen2.5-VL (Bai et al., 2025), Gemma-3 083

(Kamath et al., 2025), GPT-4.1 (OpenAI, 2025a)) 084
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(a) CoT vs. direct answer.
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(c) “Look Light, Think Heavy” pattern in multimodal CoT.
The reasoning process indicates the first x% of the CoT.

Figure 1: Main findings of multimodal CoT reasoning.

and 8 reasoning models (e.g., QVQ (Qwen Team,085

2024), Skywork-R1V2 (Wei et al., 2025), Gemini-086

Thinking (Google DeepMind, 2025)), to evaluate087

the strengths and pitfalls of multimodal CoT. Fi-088

nally, we investigate the limitations of current mul-089

timodal CoT reasoning by exploring its external090

behaviours and internal mechanisms. Based on091

the above analytical framework, we further decom-092

pose the central issue of multimodal CoT reasoning093

into three research questions (RQs).094

RQ1: What multimodal CoT can and cannot095

do for both perception and reasoning tasks? We096

compare the performance of direct answering and097

CoT reasoning across 12 multimodal perception 098

and reasoning tasks. We find that CoT is not a free 099

lunch and should be used selectively depend- 100

ing on the specific requirements of each task. 101

As shown in Figure 1a, CoT can lead to undesir- 102

able side effects in perception tasks such as visual 103

grounding, knowledge-based VQA, and object 104

counting. For reasoning tasks, CoT proves particu- 105

larly effective in domains such as mathematical, 106

scientific, and multi-image reasoning, where it 107

consistently improves performance across almost 108

all models. For logical and algorithmic reason- 109

ing, the effectiveness of CoT is model-dependent. 110

Larger models tend to benefit from CoT, whereas 111

smaller models often experience negative gains. 112

RQ2: Can multimodal reasoning models out- 113

perform base models through test-time scaling? 114

Although reinforcement learning with verified re- 115

wards (RLVR) has shown great potential in LLMs, 116

enabling them to generate longer CoT with emer- 117

gent reflective abilities (Team, 2025; Team et al., 118

2025a; Yu et al., 2025), it remains unclear whether 119

the same strategy can be effectively extended to 120

MLLMs. We compare non-reasoning models with 121

their reasoning variants. As shown in Figure 1b, 122

we reveal that existing open-source multimodal 123

reasoning models often achieve only marginal 124

improvements in average performance across a 125

wide range of tasks. This may be attributed to their 126

predominant training on mathematical problems 127

using RLVR, which tends to overemphasize math- 128

ematical reasoning while neglecting broader rea- 129

soning capabilities. In contrast, commercial rea- 130

soning models such as Gemini-2.0-Flash-Thinking 131

demonstrate substantial and consistent gains across 132

diverse reasoning tasks. 133

RQ3: What are the key limitations that hin- 134

der the effectiveness of multimodal CoT? Build- 135

ing on the above analysis, we observe that cur- 136

rent multimodal CoT still faces several challenges. 137

First, we design a set of visual and textual reason- 138

ing probes based on several multimodal reasoning 139

tasks. Our findings indicate that visual reasoning 140

is critical to the effectiveness of multimodal CoT 141

and currently constitutes a primary bottleneck 142

limiting its overall performance. Subsequently, 143

we decompose reflective behaviours in multimodal 144

CoT into visual reflection and verbal reflection. As 145

shown in Figure 1c, we observe that existing mul- 146

timodal reasoning models exhibit a “Look Light, 147

Think Heavy” pattern: verbal reflection follows a 148

rise-and-fall trajectory, peaking in the middle 149
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of the verbal reasoning process, while visual re-150

flection steadily declines over time. Meanwhile,151

we also identify a persistent attention bias in mul-152

timodal long CoT. During extended reasoning,153

models tend to allocate disproportionate atten-154

tion to reasoning tokens while progressively ne-155

glecting visual tokens. These phenomena confirm156

that current multimodal CoT is more adept at verbal157

reflection during the reasoning process, yet strug-158

gles to maintain deep visual introspection.159

We further discuss future directions for advanc-160

ing multimodal CoT reasoning. We observe that161

when critical visual information is missing, current162

models are unable to reflect on the visual input and163

abstain from answering accordingly. This under-164

scores the necessity for MLLMs to possess visual165

introspection capabilities. Moreover, to address the166

visual bottlenecks of current models, they should167

be equipped with mechanisms to leverage external168

tools that enhance visual understanding. Recent ad-169

vancements, such as the think-with-image paradigm170

adopted by OpenAI’s o3 and o4 (OpenAI, 2025b),171

may represent a promising direction.172

2 Problem Formulation173

2.1 Multimodal Chain-of-Thought174

Given a set of one or more image inputs I , a tex-175

tual question q, and a CoT prompting prefix pc, the176

model M generates an output sequence as follows:177

r, a = M(I, pc, q). Here, r denotes a long CoT178

sequence that captures the step-by-step reasoning179

process leading to the final answer a. The prompt180

pc can be “Please first think about the reasoning181

process as an internal monologue and then provide182

the final answer.”. In contrast, direct answering183

without CoT yields a shorter output sequence con-184

taining only the final answer: a = M(I, pd, q), pd185

can be “Please generate the answer directly.”.186

2.2 Perception and Reasoning Tasks187

To holistically evaluate the impact of CoT, we cat-188

egorize multimodal tasks along two dimensions:189

multimodal perception and reasoning. The per-190

ception category includes comprehensive evalua-191

tion, OCR, visual grounding, hallucination detec-192

tion, knowledge-based VQA, and object counting,193

which focus on fine-grained visual understanding194

and cross-modal alignment. The reasoning cat-195

egory includes mathematical, scientific, logical,196

algorithmic, spatial, and multi-image reasoning,197

which emphasize multi-step reasoning grounded198

in both visual and textual inputs. The detailed de-199

scriptions of 12 tasks are in Appendix A.200

2.3 Evaluation Models 201

We conduct experiments on both non-reasoning 202

(general) and reasoning models. Compared with 203

non-reasoning models, reasoning models are ca- 204

pable of generating much longer CoT sequences 205

and exhibit a certain degree of reflection, enabling 206

them to perform self-correction in CoTs. For non- 207

reasoning models, we compare their performance 208

under direct answering and CoT. For reasoning 209

models with test-time scaling, we analyze perfor- 210

mance differences with their corresponding non- 211

reasoning models. For details on the models and 212

prompts used, please refer to Appendix B. 213

3 Strengths and Pitfalls of Multimodal 214

Chain-of-Thought 215

In this section, we conduct a thorough analysis 216

of the strengths and pitfalls of CoT reasoning in 217

MLLMs. We first compare the performance of 218

CoT with direct answering across perception and 219

reasoning tasks. We then examine the differences 220

between non-reasoning and reasoning models. 221

3.1 Comparison Between Direct Answer and 222

Chain-of-Thought 223

To understand the strengths and limitations of CoT, 224

we first compare its performance with direct an- 225

swering across a range of multimodal perception 226

and reasoning tasks. As illustrated in Figure 2, the 227

effectiveness of CoT is inconsistent across different 228

types of multimodal tasks. For perception tasks, it 229

may lead to marginal or even negative effects. In 230

particular, we observe average performance drops 231

of 4.6%, 3.3%, and 4.8% on visual grounding, 232

knowledge-based VQA, and object counting, re- 233

spectively. This degradation may be attributed to 234

the fact that CoT introduces additional reasoning 235

steps that are unnecessary or even distracting for 236

perception-oriented tasks. 237

Takeaway 3.1.1 for RQ1
CoT is not a free lunch and should be ap-
plied selectively according to the type of mul-
timodal task. It is generally more effective for
reasoning tasks but may introduce side effects
in perception tasks such as visual grounding,
knowledge VQA, and object counting.

238
In contrast to perception tasks, CoT is more 239

effective in reasoning tasks. We observe perfor- 240

mance improvements of 6.1%, 2.9%, and 4.9% 241

on mathematical, scientific, and multi-image rea- 242

soning tasks, respectively. For mathematical and 243
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Figure 2: Comparison between direct answer and CoT. Y-axis shows the performance gain of CoT.

scientific reasoning, MLLMs demonstrate similar244

improvements to those observed in LLMs, as these245

tasks primarily depend on text-dominant reasoning246

following basic visual understanding. For multi-247

image reasoning tasks, we observe that MLLMs248

tend to describe each image in CoT, and subse-249

quently perform reasoning based on the aggregated250

textual descriptions.251

Takeaway 3.1.2 for RQ1
CoT is more effective for problems involving
mathematical, scientific, and multi-image rea-
soning, where it consistently improves perfor-
mance across almost all models. For logical
and algorithmic reasoning, the effectiveness
of CoT varies with model scale. While larger
models often benefit from CoT, smaller mod-
els tend to experience negative gains.

252
For logical and algorithmic reasoning, which253

rely more heavily on reasoning over visual infor-254

mation, we find that the effectiveness of CoT is255

closely related to model scale. Larger models bene-256

fit from CoT reasoning, while smaller models often257

show limited or even degraded performance.258

3.2 Comparison Between Non-Reasoning and259

Reasoning Models260

Many studies (DeepSeek-AI et al., 2025; Team,261

2025; Team et al., 2025a; Yu et al., 2025) have262

trained original models into reasoning models us-263

ing RLVR, enabling longer CoT and emergent re-264

flection. Although recent works have attempted to 265

extend this strategy to MLLMs, it remains unclear 266

whether it yields comparable multimodal reason- 267

ing abilities. We compare five open-source models 268

and one commercial model, evaluating both their 269

original and reasoning-enhanced versions. 270

As shown in Figure 3, open-source multimodal 271

reasoning models often exhibit only limited perfor- 272

mance gains across diverse tasks. One possible ex- 273

planation is that these models are primarily trained 274

on math-related questions with verified rewards, 275

which leads to an overemphasis on mathematical 276

reasoning while neglecting other reasoning abilities. 277

In contrast, Gemini-2.0-Flash-Thinking, as a com- 278

mercial reasoning model, demonstrates substantial 279

and consistent gains across diverse reasoning tasks, 280

with a notable improvement of 24.7% in algorith- 281

mic reasoning. These observations highlight the 282

need for new training paradigms that better gener- 283

alize across various types of multimodal reasoning. 284

Takeaway 3.2.1 for RQ2
Existing open-source multimodal reasoning
models show modest gains across a range of
tasks. This may be attributed to their predomi-
nant training on mathematical problems using
RLVR, which tends to prioritize mathemati-
cal reasoning while overlooking broader rea-
soning capabilities. It may be necessary to ex-
plore novel training paradigms for MLLMs.

285

4



-20

-10

0

10

20

VL-Rethinker-7B (Qwen2.5-VL-7B)

+0.6%

MM-Eureka-Qwen-7B (Qwen2.5-VL-7B)

+1.6%

MM-Eureka-Qwen-32B (Qwen2.5-VL-32B)

-0.1%

Com
pre

he
nsi

ve
OCR

Visu
al 

Grou
nd

ing

Hall
uc

ina
tio

n

Kno
wled

ge

Obje
ct 

Cou
nti

ng

Math
em

ati
cal

Scie
nti

fic

Log
ica

l

Algo
rith

mic
Spa

tia
l

Mult
i-I

mag
e

-20

-10

0

10

20

QVQ-72B-Preview (Qwen2-VL-72B)

-2.3%

Com
pre

he
nsi

ve
OCR

Visu
al 

Grou
nd

ing

Hall
uc

ina
tio

n

Kno
wled

ge

Obje
ct 

Cou
nti

ng

Math
em

ati
cal

Scie
nti

fic

Log
ica

l

Algo
rith

mic
Spa

tia
l

Mult
i-I

mag
e

VL-Rethinker-72B (Qwen2.5-VL-72B)

-1.8%

Com
pre

he
nsi

ve
OCR

Visu
al 

Grou
nd

ing

Hall
uc

ina
tio

n

Kno
wled

ge

Obje
ct 

Cou
nti

ng

Math
em

ati
cal

Scie
nti

fic

Log
ica

l

Algo
rith

mic
Spa

tia
l

Mult
i-I

mag
e

Gemini-2.0-Flash-Thinking (Gemini-2.0-Flash)

+6.3%

R
ea

so
ni

ng
 V

er
si

on
 Im

pr
ov

em
en

t (
%

)

Figure 3: Comparison between non-reasoning models and reasoning models.

4 Shallow Visual Reflection in286

Multimodal Chain-of-Thought287

In this section, we experimentally investigate the288

role and significance of visual information analysis289

and reasoning in multimodal CoT generation. Fur-290

thermore, we examine whether current multimodal291

reasoning models exhibit similar paradigms and292

limitations in their reasoning over visual informa-293

tion, based on both external reflection behaviours294

and internal attention mechanisms.295

4.1 Visual Reasoning Bottleneck in296

Multimodal Reasoning297

To investigate the role of visual reasoning in multi-298

modal CoT, we first analyze CoT failure cases. We299

provide detailed descriptions of error types in Ap-300

pendix D. As shown in Figure 5, a large proportion301

of errors arise from visual reasoning failures, par-302

ticularly in logical reasoning tasks, where over 80%303

are due to incorrect reasoning over visual informa-304

tion. Then, we analyze the relative contributions of305

visual and textual reasoning to the overall solution306

process in multimodal reasoning tasks. To this end,307

we design two types of reasoning probes: visual308

reasoning and textual reasoning. As illustrated in309

Figure 4, visual reasoning probes focus on subtasks310

of original problem that require analyzing and rea-311

soning over visual information, such as identifying312

geometric similarity or detecting visual patterns.313

Textual reasoning probes involve subtasks that rely314

only on reasoning which is independent of visual315

information, such as computing equations derived316

from visual analysis or identifying patterns within317

numerical sets. Importantly, both types of probes318

correspond to intermediate steps within the original319

multimodal reasoning tasks, contributing to the un-320

Find y. Choices:
A:\frac{\sqrt{2}}{2}
B:\sqrt {2}
C:2 \sqrt {2}
D:4 \sqrt {2}

MathVerse
What is the missing
number of the part
denoted with a question
mark?
Options: ['9', '7', '5', '1']

PuzzleVQA

Q: What is the relationship between the
two triangles with y as the side?
A: Similar triangles

Visual Reasoning Probes
Q: Which two numbers should be referred
to for reasoning for the missing number?
A: 2 and 8

Textual Reasoning Probes
Q: Solve for y in the equation \frac{12 -
8}{y} = \frac{y}{8}.
A: 4 \sqrt {2}

Q: Find the missing number based on the
pattern of the three sets of numbers: [?,
1, 5], [2, 3, 6], [8, 4, 32].
A: 5

Figure 4: Examples of visual and textual reasoning
probes for mathematics and logical reasoning tasks.

derstanding of which parts of the solution process 321

pose the greatest challenge for the model. 322

We use o4-mini, which performs well on mul- 323

timodal reasoning, to construct probe tasks. The 324

correctness and suitability of the probes are veri- 325

fied with GPT-4.1, checking accuracy, uniqueness, 326

and alignment with probe categories. Full prompt 327

examples are provided in Appendix C. We also 328

conducted manual verification of the probe tasks. 329

Mathematical probes achieved 93.0% accuracy, and 330

logical probes 88.5%, indicating reliability. We 331

then evaluate general and reasoning models on 332

these tasks and analyze the correlation between 333

probe accuracy and original task performance. As 334

shown in Figure 6 and 23, models consistently per- 335

form better on textual reasoning than visual reason- 336

ing probes, with an average gap of 20%, highlight- 337

ing the greater challenge of visual reasoning. 338

Furthermore, model performance on the origi- 339

nal tasks shows a stronger correlation with perfor- 340

mance on the visual reasoning probe, with Pearson 341

correlation coefficients r exceeding those for the 342

textual probe in both tasks. These results suggest 343

that visual reasoning remains a key challenge in 344
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Figure 5: Error analysis of CoT in mathematical and logical reasoning.
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results are in Figure 23.

current multimodal reasoning tasks and represents345

a bottleneck for current MLLMs. The strong corre-346

lation further underscores the critical role of visual347

reasoning in solving these tasks.348

Takeaway 4.1.1 for RQ3
Compared with textual reasoning probes,
models show a 20% performance drop on
visual ones. Moreover, visual probe accuracy
shows a stronger correlation with overall task
performance, highlighting that visual reason-
ing remains a key bottleneck of MLLMs.

349

4.2 Reflection Behaviours in Multimodal350

Chain-of-Thought351

Given that visual reasoning is a primary limi-352

tation in multimodal CoT, we further examine353

<think> …In this case, the adjacent side is 20 meters, and the 

angle is 43 degrees. So, tan(43°) = H / 20m.

Now, I need to calculate tan(43°). I should use a calculator for 

this. Tan(43°) is approximately 0.9325.

So, H = 20m * 0.9325 = 18.65 meters.

The question asks to round the answer to the nearest whole 

number. So, 18.65 rounds up to 19.

Let me double-check my steps to make sure the calculation is 

accurate, tan(43°) ≈ 0.9325 seems correct based on the 

calculator, and multiplying 20 by 0.9325 indeed gives 18.65, 

so the final result appears accurate.

Looking back at the diagram, there are two triangles: one is a 

right triangle with a base of 20 meters and an angle of 43 

degrees, and the other is a smaller triangle representing, maybe, 

a tree or something, but it's not part of the calculation here.

So, my final answer is 19 meters.  </think>
Final Answer
\[ \boxed{19} \]

Verbal
Reflection

Q: Find the value of H.
Round your answer to the nearest 
whole number.
A: 19

Visual
Reflection

Figure 7: Visual reflection and verbal reflection be-
haviours in multimodal CoT.

what factors constrain models’ ability to reason 354

over visual information. As reflection and self- 355

verification are critical capabilities of reasoning 356

models (DeepSeek-AI et al., 2025; OpenAI, 2024), 357

with the potential to effectively improve reasoning 358

accuracy, we examine whether such behaviours are 359

exhibited in the CoT generated by current MLLMs. 360

For multimodal CoT, we categorize reflective be- 361

haviours into two types: visual reflection and ver- 362

bal reflection. As shown in Figure 7, visual reflec- 363

tion refers to the model’s act of reconsidering its 364

visual perception or interpretation. This includes 365

behaviours such as expressing uncertainty, doubt, 366

or re-evaluating visual information, as illustrated 367

by phrases like “Let me double-check the image” 368

or “Maybe I misinterpreted the object in the pic- 369

ture”. Verbal reflection, in contrast, refers to the 370

model’s introspection on its own reasoning process. 371
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Figure 8: Step-wise distribution of visual and verbal reflection in CoT. The two rows show MathVista and MathVista
with missing critical visual information. More results are provided in Figure 22.
This involves the model recognizing, questioning,372

or revising its intermediate reasoning steps or final373

conclusions, as illustrated by phrases such as “Wait,374

my earlier assumption might be wrong” or “This375

line of reasoning may not be sufficient”. We divide376

each CoT sequence into ten equal-length segments377

based on token count and use GPT-4.1 to annotate378

the presence of reflective behaviours at each step,379

using the prompt shown in Table 18.380

As shown in Figures 8 and 22, reasoning mod-381

els, such as QVQ-72B-Preview, exhibit noticeably382

more visual and verbal reflection behaviours com-383

pared to non-reasoning models like Qwen2.5-VL-384

32B, indicating a stronger tendency to actively ver-385

ify the reliability of visual inputs and assess the386

soundness of their own reasoning processes. How-387

ever, we can observe that visual and verbal reflec-388

tion follow opposite trends throughout the CoT.389

While verbal reflection increases and peaks mid-390

way through the reasoning process, visual reflec-391

tion diminishes over time, indicating that models392

tend to deepen their textual reasoning while pro-393

gressively overlooking visual information.394

Takeaway 4.2.1 for RQ3
Existing multimodal reasoning models ex-
hibit a “Look Light, Think Heavy” pattern,
where verbal reflection behaviours follow a
rise-and-fall trend, peaking in the middle of
the reasoning process. In contrast, visual re-
flection declines steadily over time, suggest-
ing a lack of deep visual introspection capa-
bilities in current multimodal models.

395

These findings reveal a key limitation of current 396

multimodal CoT reasoning: shallow visual reflec- 397

tion contrasted with deep verbal reflection. To 398

further validate this observation, we deliberately oc- 399

clude critical visual information in the images using 400

mosaics and assess whether models demonstrate 401

visual reflection behaviours that result in absten- 402

tion from answering. We find that when confronted 403

with missing visual cues, current multimodal rea- 404

soning models exhibit a noticeable increase in both 405

visual and verbal reflective behaviours. However, 406

despite engaging in such reflection, they show a 407

limited ability to abstain from answering when ap- 408

propriate, suggesting that current forms of visual 409

reflection are shallow and fail to support reliable 410

abstention when key visual information is missing. 411

Takeaway 4.2.2 for RQ3
When confronted with missing critical visual
information, current multimodal reasoning
models exhibit an increase in both visual and
verbal reflective behaviours. However, they
show limited ability to abstain from answer-
ing despite engaging in such reflection.

412

4.3 Attention Bias in Multimodal 413

Chain-of-Thought 414

To further investigate the underlying mechanism 415

behind the observed shallow visual reflection, we 416

analyze the internal attention patterns of the mul- 417

timodal reasoning models during CoT generation. 418

We select Kimi-VL-A3B-Thinking as the repre- 419

sentative reasoning model, with results for three 420
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Figure 9: Attention visualizations of Kimi-VL-A3B-
Thinking on mathematical and logical reasoning, illus-
trating the cross-attention weights between the current
token and the preceding tokens.

additional models provided in Appendix E. We421

prompt it to generate long-form CoT on mathemat-422

ical and logical reasoning tasks, and subsequently423

visualize its internal attention weights to examine424

how attention is allocated throughout the reasoning425

process. As shown in Figure 9, during CoT gen-426

eration the model exhibits a pronounced attention427

imbalance, increasingly prioritizing reasoning to-428

kens while gradually neglecting visual inputs. This429

attention bias may constrain the model’s ability to430

engage in effective visual reflection, leading it to431

over-rely on verbal reflection.432

Takeaway 4.3.1 for RQ3
During the generation of long CoT, multi-
modal reasoning models tend to allocate dis-
proportionate attention weights to reasoning
tokens while neglecting visual tokens. This
phenomenon of attention bias not only shifts
the model’s focus away from the original vi-
sual input but also potentially constrains its
capacity for visual reflection.

433

5 Relate Works434

Chain-of-Thought. CoT prompting improves per-435

formance on math and coding tasks by explicitly436

introducing intermediate reasoning steps (Wei et al.,437

2022; Wang et al., 2023; Kojima et al., 2022; Zhou438

et al., 2022). Recent studies (Muennighoff et al., 439

2025; Ye et al., 2025; Yeo et al., 2025) explore test- 440

time scaling strategies that generate longer CoT 441

with reflection, promoting deeper reasoning. Be- 442

sides, several works have extended CoT to multi- 443

modal tasks (Zhang et al., 2023; Mitra et al., 2024; 444

Hu et al., 2024; He et al., 2024; Jiang et al., 2025), 445

enabling reasoning over text and visual modalities. 446

Recent study highlights the significant differences 447

in the improvement of CoT across tasks and re- 448

veal limitations of current CoT paradigms (Sprague 449

et al., 2024). However, there is still a lack of sys- 450

tematic analysis of multimodal CoT. 451

Multimodal Reasoning. Reasoning models 452

such as OpenAI’s o1 (OpenAI, 2024), DeepSeek 453

R1 (DeepSeek-AI et al., 2025), and QwQ (Team, 454

2025) achieve strong results on text reasoning. 455

Building on this, models like LLaVA-o1 (Xu et al., 456

2024), R1-Onevision (Yang et al., 2025), MM- 457

Eureka (Meng et al., 2025), OpenVLThinker (Deng 458

et al., 2025), VL-Rethinker (Wang et al., 2025a), 459

VLM-R1 (Shen et al., 2025), and X-Reasoner (Liu 460

et al., 2025a) extend reasoning to multimodal tasks, 461

showing improvements in mathematical reasoning 462

and long CoT capabilities. However, most of them 463

lack validation across broader multimodal tasks. 464

Thinking with Image. Integrating visual modality 465

into CoT reasoning process enables ‘thinking with 466

images’ that transcends purely textual reasoning 467

(Li et al., 2025; Fan et al., 2025; Su et al., 2025; 468

Chen et al., 2025; Wu et al., 2025b,a). Models 469

can be empowered through explicit tool-use for vi- 470

sual manipulations, such as cropping and zooming 471

(Zheng et al., 2025; Wang et al., 2025b). Addition- 472

ally, code-based operation provides even greater 473

flexibility and versatility for diverse visual reason- 474

ing scenarios (Zhao et al., 2025; Liu et al., 2025b). 475

6 Conclusion 476

In this paper, we present a comprehensive study on 477

the strengths and limitations of multimodal CoT 478

reasoning. Our findings reveal that: (1) CoT’s 479

efficacy is task-dependent and requires selective 480

application; (2) current open-source models show 481

marginal gains, likely due to an overemphasis on 482

mathematical reasoning; and (3) visual reasoning 483

remains a bottleneck, characterized by a “Look 484

Light, Think Heavy” pattern where visual reflection 485

diminishes compared to verbal reflection. To ad- 486

dress these limitations, a promising path forward is 487

reasoning with visual reflection and external tools. 488
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Limitations489

Despite our comprehensive analysis of multimodal490

CoT reasoning, our study faces two limitations.491

First, due to computational constraints, we evalu-492

ate only a subset of widely adopted datasets (1–3493

per task) across 12 multimodal tasks, and conduct494

experiments on 14 general models and 8 reasoning495

models. While this setup covers a wide range of496

capabilities, it may not fully capture the diversity497

of multimodal tasks. In future work, we plan to498

expand our evaluation by including more datasets,499

testing a wider variety of models, and extending500

our analysis to video-related perception and rea-501

soning tasks. Second, although our findings un-502

cover a fundamental limitation of current multi-503

modal CoT, namely the “Look Light, Think Heavy”504

phenomenon. Inspired by o3, we attempt to prompt505

GPT-4.1 to perform multimodal tool-enhanced CoT506

reasoning. However, we find that even a strong507

model like GPT-4.1 tends to favor text-oriented508

tools, such as numerical calculators, rather than509

leveraging visual tools that could enhance image510

understanding and reasoning, revealing a lack of511

visual tool-use awareness in current models. This512

highlights the need for future MLLMs to more513

effectively integrate visual tools into the CoT rea-514

soning process.515

We also propose two promising directions to516

address this limitation: (1) Reasoning with Vi-517

sual Reflections: As shown in Figure 29, when518

presented with images where key information is519

obscured by mosaics, o3 is able to first recognize520

the visual ambiguity, then zoom in on the occluded521

region, analyze the lack of detail, and ultimately522

conclude that the visual input is insufficient, result-523

ing in an appropriate refusal to answer. Explicitly524

cropping and zooming in on and revisiting criti-525

cal visual areas facilitates deeper visual reflection.526

(2) Reasoning with External Tools: As shown527

in Figure 30, when confronted with complex vi-528

sual inputs such as the Eight Queens puzzle, the529

model first invokes an external visual tool to ac-530

curately identify the positions of the chess pieces,531

and then executes algorithmic code to complete the532

task. Reasoning with external tools significantly533

expands the capability boundaries of MLLMs.534
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Table 1: Overview of the evaluation benchmark. We categorize the 12 tasks into Perception and Reasoning, listing
the source datasets and the corresponding sample sizes (in parentheses) for each.

Category Task Dataset(s)

Perception Comprehensive Evaluation MME (200), MMStar (200), MMT-Bench (200)
Perception OCR TextVQA (200), OCRBench (200)
Perception Visual Grounding RefCOCO (150), RefCOCOg (150)
Perception Hallucination Detection HallucinationBench (250), POPE (250)
Perception Knowledge-Based VQA A-OKVQA (200)
Perception Object Counting Super-CLEVR (200)

Reasoning Mathematical Reasoning MathVerse (200)
Reasoning Scientific Reasoning MMMU (200)
Reasoning Logical Reasoning PuzzleVQA (200)
Reasoning Algorithmic Reasoning AlgoPuzzleVQA (200)
Reasoning Spatial Reasoning SpatialEval (200)
Reasoning Multi-Image Reasoning MUIRBench (200)

A Task Details934

A.1 Multimodal Perception Tasks935

Table 1 provides an overview of the datasets and936

sample sizes used for the tasks we evaluated. More937

detailed information is provided below.938

Comprehensive Evaluation. Comprehensive939

evaluation (Fu et al., 2024) refers to the systematic940

assessment of MLLMs across a broad range of ca-941

pabilities. We select three benchmarks (MME (Fu942

et al., 2023), MMStar (Chen et al., 2024), and943

MMT-Bench (Ying et al., 2024)) and sample 200944

questions from each to construct the evaluation945

set. MME provides a broad assessment of model946

performance in multitask settings. MMStar ad-947

dresses issues related to visual independence and948

data leakage. MMT-Bench focuses on real-world949

applications and everyday visual content. Figure 10950

presents an example comparing the direct response951

and the CoT response generated by Qwen2.5-VL-952

7B-Instruct.953

Optical Character Recognition (OCR). OCR954

is the task of automatically detecting and transcrib-955

ing textual content from images, evaluating fine-956

grained visual perception and the accuracy of cross-957

modal transcription. We select TextVQA (Singh958

et al., 2019) and OCRBench (Liu et al., 2024) to959

construct the evaluation set. TextVQA focuses on960

visual question answering that requires understand-961

ing text in real-world photographs. OCRBench962

expands the scope to various data types such as963

charts, maps, and web pages. Figure 11 presents964

an example comparing the direct response and the965

CoT response generated by GPT-4o-mini.966

Visual Grounding. Visual grounding involves967

localizing the referent of a textual description (e.g., 968

“man in back”) in an image by predicting a corre- 969

sponding bounding box. It aims to evaluate the 970

ability of models to align cross-modal information 971

and to accurately recognize and localize visual enti- 972

ties. We sample 150 instances each from the widely 973

used RefCOCO and RefCOCOg (Kazemzadeh 974

et al., 2014) benchmarks to construct the task set. 975

Figure 12 presents an example comparing the di- 976

rect response and the CoT response generated by 977

InternVL3-38B. 978

Hallucination. Multimodal hallucination eval- 979

uation focuses on assessing the phenomenon of 980

models to generate content that is not grounded in 981

the input modalities (especially the visual modal- 982

ity), thereby measuring the factual consistency be- 983

tween generated outputs and the given multimodal 984

evidence. We sample 250 tasks each from Hallu- 985

sionBench (Liu et al., 2023) and POPE (Li et al., 986

2023a) to construct the evaluation set. Figure 13 987

presents an example comparing the direct response 988

and the CoT response generated by GPT-4.1. 989

Knowledge-based VQA. Unlike standard VQA 990

tasks, knowledge-based VQA is designed to assess 991

a model’s ability to answer questions that require 992

commonsense and world knowledge beyond what 993

is directly observable in the image. We sample 200 994

questions from A-OKVQA (Schwenk et al., 2022) 995

as the test set. Figure 14 presents an example com- 996

paring the direct response and the CoT response 997

generated by Gemini-2.0-Flash. 998

Object Counting. This task requires the model 999

to perceive the number of distinct entities in an 1000

image (e.g.,“How many different items are there 1001

in the image?”), assessing the accuracy of visual 1002
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understanding and perception. We select 200 sam-1003

ples from Super-CLEVR (Li et al., 2023b) as the1004

test set. This dataset is an enhanced version of1005

the classic counting benchmark CLEVR (Johnson1006

et al., 2017), extending object types from simple1007

geometric shapes to more realistic entities such as1008

bicycles. Figure 15 presents an example comparing1009

the direct response and the CoT response generated1010

by Qwen2.5-VL-7B-Instruct.1011

A.2 Multimodal Reasoning Tasks1012

Mathematical Reasoning. Mathematical reason-1013

ing tasks assess a model’s ability to understand1014

and solve problems involving mathematical con-1015

cepts, multi-step inference, and precise computa-1016

tion. It is one of the most actively studied areas in1017

multimodal reasoning. We sample 200 tasks from1018

the MathVerse (Zhang et al., 2024) benchmark to1019

construct the test set. Figure 16 presents an ex-1020

ample comparing the direct response and the CoT1021

response generated by Qwen2.5-VL-72B-Instruct.1022

Scientific Reasoning. These tasks evaluate the1023

ability of models to comprehend and reasoning1024

for information from multiple modalities (e.g., text,1025

charts, and images) to answer questions that require1026

scientific knowledge. We sample 200 tasks from1027

MMMU (Yue et al., 2024) for evaluation, which1028

covers graduate-level, multimodal science ques-1029

tions across diverse disciplines. Figure 17 presents1030

an example comparing the direct response and the1031

CoT response generated by InternVL3-38B.1032

Logical Reasoning. These tasks evaluate the1033

capacity to reason and apply logical principles1034

across multiple modalities, requiring models to1035

draw conclusions, make predictions, recognize pat-1036

terns, and solve problems or puzzles based on mul-1037

timodal inputs and given premises. We select Puz-1038

zleVQA (Chia et al., 2024), a visual puzzle bench-1039

mark, and sample 200 tasks to construct the evalua-1040

tion set. Figure 18 presents an example comparing1041

the direct response and the CoT response generated1042

by GPT-4o.1043

Algorithmic Reasoning. Algorithmic reasoning1044

tasks assess a model’s ability to understand and rea-1045

son through step-by-step computational procedures1046

in a multimodal setting. These tasks cover areas1047

such as graph theory, combinatorics, and search1048

problems (e.g., the eight queens problem). We1049

select 200 tasks from the algorithmic dataset Algo-1050

PuzzleVQA (Ghosal et al., 2024) to construct the1051

evaluation set. Figure 19 presents an example com-1052

paring the direct response and the CoT response1053

generated by Claude-3-7-Sonnet-Thinking. 1054

Spatial Reasoning. Spatial reasoning tasks as- 1055

sess the ability to understand and analyze spatial 1056

relationships between objects, including position, 1057

orientation, distance, and movement, often requir- 1058

ing inference from visual inputs to solve prob- 1059

lems related to navigation, assembly, or geometric 1060

reasoning. We sample 200 tasks from SpatialE- 1061

val (Wang et al., 2024b) for evaluation. Figure 20 1062

presents an example comparing the direct response 1063

and the CoT response generated by Qwen2.5-VL- 1064

72B-Instruct. 1065

Multi-Image Reasoning. These tasks evaluate 1066

the ability to jointly analyze information from mul- 1067

tiple images to perform complex reasoning for the 1068

problem, such as comparison, temporal or causal 1069

inference, and cross-image consistency reasoning, 1070

often requiring a holistic understanding that goes 1071

beyond single-image perception. We sample 200 1072

tasks in MUIRBENCH (Wang et al., 2024a) for 1073

evaluation. Figure 21 presents an example com- 1074

paring the direct response and the CoT response 1075

generated by Gemini-2.0-Flash-Thinking. 1076
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Comprehensive Evaluation

Question: Which traffic sign can you 
see from the image? From the following 
options, select the correct one.
Options: 
A. stop; 
B. trafficlight; 
C. speedlimit; 
D. crosswalk

Answer: C

      Qwen2.5-VL-7B-Instruct-CoT: <think>The 
letter displayed on the hat is clearly visible. It is the letter 
\"P,\" with an orange color and appears to be embroidered. 
The white background of the hat makes it prominent. So, the 
answer is just that single letter.</think> \n\n\\boxed{C}

      Qwen2.5-VL-7B-Instruct-Directly: \\boxed{C}

Figure 10: An example of the comprehensive evaluation task with both direct and CoT responses.

Optical Character Recognition (OCR)

Question: what letter is on the hat?

Answer: P

      GPT-4o-mini-CoT: <think>The letter displayed on 
the hat is clearly visible. It is the letter \"P,\" with an 
orange color and appears to be embroidered. The white 
background of the hat makes it prominent. So, the answer is 
just that single letter.</think> \n\n\\boxed{P}

      GPT-4o-mini-Directly: \\boxed{P}

Figure 11: An example of the OCR task with both direct and CoT responses.
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Visual Grounding

Question: Please give me the 
bounding box of “pink shirt”.

Answer: "bbox": [
            488.2200012207031,
            91.31999969482422,
            144.66000366210938,
            334.67999267578125],

      InternVL3-38B-CoT: <think>\nTo identify the 
bounding box coordinates for the person wearing the pink shirt, 
I'll focus on distinguishing features such as the color of the 
shirt and relative position. In the image, the individual in the 
pink shirt is standing on the right side. Observing the edges 
where the shirt meets the background, the approximate 
coordinates for the bounding box would cover from the leftmost 
to the rightmost edge of the pink shirt area and from the top 
of the head to the bottom of the pants. Estimating these points 
based on the image, the coordinates seem to be around [x1, y1] = 
[698, 219] for the top-left corner and [x2, y2] = [930, 987] for 
the bottom-right corner.\n</think>\n\n```json\n{\n  \"x1\": 
698,\n  \"y1\": 219,\n  \"x2\": 930,\n  \"y2\": 
987\n}\n```

      
      InternVL3-38B-Directly: ```json\n{\n  
\"pink_shirt\": [411, 120, 88, 488]\n}\n```

Figure 12: An example of the visual grounding task with both direct and CoT responses.
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Hallucination

Question: For the given image, are 
the colors on tiles A and B the same?

Answer: Yes

      GPT-4.1-CoT: <think>\nLooking at the image, tiles 
A and B appear to be different colors: A looks much darker 
than B. However, this is a famous optical illusion called \"The 
Checker Shadow Illusion\". In this illusion, because of the 
shadow cast by the cylinder, our eyes perceive tile B as much 
lighter than tile A. But in reality, if you sample the actual 
color values of A and B, they are exactly the same shade of 
gray. This is a well-known demonstration of how context and 
lighting can dramatically affect color perception. Thus, the 
correct answer is Yes, the colors are the 
same.\n</think>\n\\boxed{1}

      GPT-4.1-Directly: \\boxed{1}

Figure 13: An example of the hallucination task with both direct and CoT responses.
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Knowledge-based VQA

Question:  What is the name of a
famous man associated with this sport?
Options: 
['david beckham', 
'john mcenroe', 
'wayne rooney', 
'tiger woods']

Answer: john mcenroe

         Gemini-2.0-Flash-CoT：<think>\nThe image is an advertisement
for Adidas featuring tennis players. The question asks for a famous man
associated with tennis.\ndavid beckham is associated with soccer.\nwayne
rooney is associated with soccer.\ntiger woods is associated with
golf.\njohn mcenroe is associated with tennis.\nTherefore, the answer is
john mcenroe.\n</think>\n\\boxed{{john mcenroe}}

         Gemini-2.0-Flash-Directly：\\boxed{john mcenroe}

Figure 14: An example of the knowledge-base VQA task with both direct and CoT responses.

Object Counting

Question: <image>How many different 
items are there in the image?

Answer: 9

      Qwen2.5-VL-7B-Instruct-CoT: To determine 
how many different items are in the image, I'll identify each 
distinct object:\n\n1. A purple bicycle.\n2. A yellow car.\n3. 
A blue scooter.\n4. A gray car with a red stripe.\n5. A teal 
car.\n6. A small teal car.\n7. A small blue car.\n\nThere are 
7 distinct objects in the image.\n\n\\boxed{7}

      Qwen2.5-VL-7B-Instruct-Directly: \\boxed{9}

Figure 15: An example of the object counting task with both direct and CoT responses.
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Mathematical Reasoning

Question: In the figure above.
What is the value of x?
A.90
B.120
C.144
D.156
E.168
Answer: C

         Qwen2.5-VL-72B-Instruct-CoT：'<think>\nTo find the value
of \\( x \\), we need to use the fact that the sum of the angles around
point \\( O \\) on a straight line is 180 degrees.\n\nThe given angles
are:\n- \\( \\frac{x}{6} \\)\n- \\( \\frac{x}{4} \\)\n- \\( \\frac{x}{3}
\\)\n- \\( \\frac{x}{2} \\)\n\nWe can set up the equation for the sum of
these angles:\n\n\\[\n\\frac{x}{6} + \\frac{x}{4} + \\frac{x}{3} + \\frac{x}
{2} = 180^\\circ\n\\]\n\nTo solve this, we need a common denominator for
the fractions. The least common multiple of 6, 4, 3, and 2 is 12. We rewrite
each fraction with a denominator of 12:\n\n\\[\n\\frac{x}{6} = \\frac{2x}
{12}, \\quad \\frac{x}{4} = \\frac{3x}{12}, \\quad \\frac{x}{3} = \\frac{4x}
{12}, \\quad \\frac{x}{2} = \\frac{6x}{12}\n\\]\n\nNow substitute these
into the equation:\n\n\\[\n\\frac{2x}{12} + \\frac{3x}{12} + \\frac{4x}{12}
+ \\frac{6x}{12} = 180^\\circ\n\\]\n\nCombine the fractions:\n\n\\
[\n\\frac{2x + 3x + 4x + 6x}{12} = 180^\\circ\n\\]\n\nSimplify the
numerator:\n\n\\[\n\\frac{15x}{12} = 180^\\circ\n\\]\n\nMultiply both
sides by 12 to clear the denominator:\n\n\\[\n15x =
2160^\\circ\n\\]\n\nDivide both sides by 15:\n\n\\[\nx =
\\frac{2160^\\circ}{15} = 144^\\circ\n\\]\n\nThus, the value of \\( x \\)
is 144.\n</think>\n\\boxed{C}'}

         Qwen2.5-VL-72B-Instruct-Directly：'\\boxed{E}'

Figure 16: An example of the mathematical reasoning task with both direct and CoT responses.
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Scientific Reasoning
Question: <image 1> The table of data obtained from www.baseball-almanac.com
shows hit information for four well known baseball players. Suppose that one hit
from the table is randomly selected. Find P(hit was made by Babe Ruth).
Options: ['1518/2873', '2873/12351', '583/12351', '4189/12351']

Answer: B. 2873/12351

         InternVL3-38B-CoT：<think>\nOkay, so I need to find the
probability that a randomly selected hit from the table was made by Babe
Ruth. Probability is generally the number of favorable outcomes divided by
the total number of possible outcomes. In this case, the favorable outcomes
are the hits made by Babe Ruth, and the total possible outcomes are all the
hits combined from all players.\n\nLooking at the table, Babe Ruth's total
hits are listed as 2,873. The total hits for all players together are 12,351.
So, the probability should be Babe Ruth's hits divided by the total hits.
That would be 2,873 divided by 12,351. Let me check the options. Option B
is 2873/12351, which matches what I calculated. The other options don't
seem right. For example, option A is 1518/2873, which is Jackie Robinson's
total hits over Babe Ruth's, which isn't what we want. Option C is
583/12351, and 583 is the total triples, which isn't relevant here. Option D
is 4189/12351, which is Ty Cobb's total hits, but again, we need Babe Ruth's.
So the correct answer must be B.\n</think>\n\n\\boxed{B}

         InternVL3-38B-Directly：\\boxed{B}

Figure 17: An example of the scientific reasoning task with both direct and CoT responses.
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Logical Reasoning

Question: What is the missing
number of the part denoted with a
question mark?
Options: ['0', '9', '8', '3']

Answer: 3

         GPT-4o-CoT：<think>To find the missing number in the hexagon,
we should first look for any pattern or relationships between the numbers.
The hexagon is divided into 6 smaller triangles, each containing one number.
The numbers given are 6, 4, 7, 1, and 9, with one missing number.\n\nOne
way to approach this problem is to look for a mathematical operation or
function that relates these numbers. We can focus on either pairs of
numbers or sum and difference patterns.\n\nLet's examine the numbers on
opposite sides or adjacent sections. Let's consider each pair of numbers: \n-
Pair 1: 6 and 1\n- Pair 2: 4 and 9\n- Pair 3: 7 and ?\n\nChecking sum of
opposite pairs:\n- 6 + 1 = 7\n- 4 + 9 = 13\n\nThese don't form a consistent
pattern, so this might not be the correct approach. \n\nLet's try the sum
of three numbers in a row:\n- 6, 4, 7: Sum is 6 + 4 + 7 = 17\n- 1, 9, ?: Sum is
1 + 9 + ? = 10 + ?\n\nThe pattern might be that the sum of each set of three
numbers is 17.\n\nTherefore, ....... Let's reconsider our
approach.\n\nLet's consider a different pattern, perhaps focusing on
multiplication or a different type of arithmetic or geometric pattern. Let's
check for a simple subtraction pattern:......\n\nInstead, look at the
average or symmetry. The average of 6, 4, and 7 can be calculated, and
compare it against the other three numbers.\n- Average of 6, 4, 7 = (6 + 4 +
7) / 3 = 17 / 3 = 5.67\n- Average of 1, 9, and ? = (1 + 9 + ?) / 3 = (10 + ?) /
3\n\nSetting the averages equal or finding symmetry might be complex
here. Let's try the previous sum approach again and check for calculation
errors or alternative interpretations.\n\nNotice the pattern in opposite
triangles:\n- Add each opposite triangle (6+1, 4+9, 7+?) to see if they equate
to any common pattern or sequence:\n- 6 + 1 = 7\n- 4 + 9 = 13\n- 7 + ? =
13\n\nTherefore, ? must be 6 to make the sum 13, following the previous
sum pattern.\n\nHence, upon reviewing this analysis:\n7 + 6 = 13\n\nThe
number that fits is 6, given the consistent pattern in opposite pairs adding
to a particular symmetry. Upon revisiting, the integer sum pattern holds, and
similar symmetry with different arrangements can be observed.\n\nThe
missing number turns out to be 8 to balance the missing part correctly as
per some additional checks on re-evaluation.</think>\n\nThe missing number
is \\boxed{8}.

         GPT-4o-Directly：\\boxed{3}

Figure 18: An example of the logical reasoning task with both direct and CoT responses.
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Algorithmic Reasoning

Question: You are given a 3 x 3 grid in which each
cell can contain either no kiwi, one fresh kiwi, or one
rotten kiwi. Every minute, any fresh kiwi that is 4-
directionally adjacent to a rotten kiwi also becomes
rotten. What is the minimum number of minutes that
must elapse until no cell has a fresh kiwi?
Options: ['3', '2', '1', '6']
Answer: 2

         Claude-3-7-Sonnet-thinking-CoT：<think>\nI need to
analyze this 3x3 grid and see how the rotting process spreads over time.
Let's first identify what we have:\n\n- Top-left: Empty\n- Top-middle:
Rotten kiwi (indicated by the red X)\n- Top-right: Fresh kiwi\n- Middle-
left: Fresh kiwi\n- Middle-middle: Fresh kiwi\n- Middle-right: Fresh kiwi\n-
Bottom-left: Empty\n- Bottom-middle: Fresh kiwi\n- Bottom-right:
Empty\n\nSo there's 1 rotten kiwi and 5 fresh kiwis initially. According to
the rules, fresh kiwis that are 4-directionally adjacent (up, down, left,
right) to rotten ones will become rotten each minute.\n\nLet's trace how
the rotting spreads:\n\nMinute 0 (Initial state):\n- Rotten: Top-middle\n-
Fresh: Top-right, Middle-left, Middle-middle, Middle-right, Bottom-
middle\n\nMinute 1:\nThe fresh kiwis adjacent to the rotten kiwi will
become rotten:\n- Top-right (adjacent to top-middle)\n- Middle-middle
(adjacent to top-middle)\n\nAfter Minute 1:\n- Rotten: Top-middle, Top-
right, Middle-middle\n- Fresh: Middle-left, Middle-right, Bottom-
middle\n\nMinute 2:\nThe fresh kiwis adjacent to any rotten kiwi will
become rotten:\n- Middle-left (adjacent to Middle-middle)\n- Middle-right
(adjacent to Middle-middle)\n- Bottom-middle (adjacent to Middle-
middle)\n\nAfter Minute 2:\n- All kiwis are now rotten\n\nTherefore, it
takes 2 minutes for all fresh kiwis to become rotten.\n</think>\n\nBased on
my analysis of the grid and the rotting process:\n\n1) Initially, there's one
rotten kiwi in the top-middle position and five fresh kiwis.\n\n2) After 1
minute:\n   - The top-right and middle-middle kiwis become rotten (adjacent
to the initial rotten kiwi)\n   - Three fresh kiwis remain\n\n3) After 2
minutes:\n   - The middle-left, middle-right, and bottom-middle kiwis
become rotten (all adjacent to the middle-middle rotten kiwi)\n   - No fresh
kiwis remain\n\nTherefore, the minimum number of minutes required is
2.\n\n\\boxed{2}

         Claude-3-7-Sonnet-thinking-Directly：\\boxed{6}

Figure 19: An example of the algorithmic reasoning task with both direct and CoT responses.
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Spatial Reasoning

Question: The figure represents a map with
multiple objects. Each object is associated with a
name as shown in the figure. Please answer the
following multiple-choice question based 
on the provided information. How many objects
are in the Northwest of Yeti Yogurt? 
Options: A. 3  B. 4  C. 1 D. 0.

Answer: C

         Qwen2.5-VL-72B-Instruct-CoT：<think>\nTo determine how
many objects are in the Northwest of Yeti Yogurt, we need to identify the
objects that are both to the left (West) and above (North) of Yeti
Yogurt.\n\n1. Identify the position of Yeti Yogurt.\n2. Check for objects
that are both to the left and above Yeti Yogurt.\n\nFrom the map:\n- Public
Pool Supplies is to the left and above Yeti Yogurt.\n- Charlie's Chocolate
Factory is not to the left of Yeti Yogurt.\n- The Rose Tea House is not to
the left of Yeti Yogurt.\n- Timeless Treasures is not above Yeti Yogurt.\n-
Dolphin's Dresses is not to the left or above Yeti Yogurt.\n\nTherefore,
only Public Pool Supplies is in the Northwest of Yeti Yogurt.\n\nFinal count:
1 object.\n</think>\n\\boxed{C}

         Qwen2.5-VL-72B-Instruct-Directly：\\boxed{C}

Figure 20: An example of the spatial reasoning task with both direct and CoT responses.

24



Multi-Image Reasoning

Question: Among these map images,
which one depicts overlapping geographic
regions like <image1>? 
Options: 
A. None of the choices provided;
B. <image2>;
C. <image3>;
D. <image4>

Answer: C

         Gemini-2.0-Flash-Thinking-exp-CoT：The question asks to
select the option that depicts overlapping geographic regions like the
example image. Let's analyze the example image and the options. The
example image shows geological units (Tfv, Trco, Qaf) delineated by
boundaries. It also shows a dotted area within the Tfv unit. This dotted
area could represent a different lithology within the Tfv unit, or a surface
feature that is mapped within the extent of the Tfv unit. This can be
interpreted as an area overlapping the Tfv unit, at least in
representation.\n\nLet's examine the options:\nA. None of the choices
provided. This is a possibility if none of the options are suitable.\nB. This
image shows geological units (Pt, Pc) and a monocline, which is a linear
feature. There are no clear overlapping regions depicted as areas.\nC. This
image is very similar to the example image. It shows geological units (Tfv,
Trco, Qaf) and boundaries. It also shows a dotted area within the Tfv unit
and an area with crosses within the Tfv unit. These represent areas within a
larger geological unit, which can be considered a form of overlapping or
nested regions. The dotted area in the example is present in Option C.\nD.
This image shows numerous geological units, boundaries, and fault lines.
There are no clear depictions of overlapping regions as areas within areas or
features overlying other features in the same area.\n\nBased on the
presence of areas within larger areas (dotted/crossed areas within Tfv) in
both the example image and Option C, which can be interpreted as a form of
overlapping or nested regions, and the strong visual similarity between the
example image and Option C, Option C is the most likely correct answer. The
phrase \"overlapping geographic regions\" is likely referring to features like
these sub-regions or areas of different characteristics within a larger
mapped unit.\n\nThe final answer is $\\boxed{C}$

         Gemini-2.0-Flash-Thinking-exp-Directly：\\boxed{A}

B. <image2> C. <image3> D. <image4>

Question <image1>

Figure 21: An example of the multi-image reasoning task with both direct and CoT responses.
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B Evaluation Details1077

For non-reasoning models, we evaluate 14 mod-1078

els: Qwen2.5-VL (7B/32B/72B-Instruct) (Bai1079

et al., 2025), Qwen2-VL-72B-Instruct (Wang et al.,1080

2024d), Intern3-VL (8B/14B/38B) (Zhu et al.,1081

2025), Gemma-3 (4B/12B) (Kamath et al., 2025),1082

Mistral-Small-3.1-24B-Instruct (Mistral AI, 2025),1083

GPT-4o-mini, GPT-4o (OpenAI, 2024), GPT-1084

4.1 (OpenAI, 2025a) and Gemini-2.0-Flash (Team1085

et al., 2023). For reasoning models, we eval-1086

uate 8 models: VL-Rethinker (7B/72B) (Wang1087

et al., 2025a) and MM-Eureka (7B/32B) (Meng1088

et al., 2025) (Qwen2.5-VL Based), QVQ-72B-1089

Preview (Qwen Team, 2024) (Qwen2-VL Based),1090

Skywork-R1V2-38B (Wei et al., 2025), Kimi-VL-1091

A3B-Thinking (Team et al., 2025b), and Gemini-1092

2.0-Flash-Thinking (Team et al., 2023) (Gemini-1093

2.0-Flash Based). Considering the large number of1094

experiments and limited computational resources,1095

we consistently adopt the performance@1 setting.1096

We use all models in compliance with their respec-1097

tive licenses. The prompt varies according to the1098

task type. For models with specific prompts, we1099

retain their original prompt design; otherwise, a1100

standardized prompt is adopted.1101
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Table 2: Prompt for the comprehensive evaluation task.

Prompt for Comprehensive Evaluation Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
YN Prompt:
Based on the image, answer the following question in [[OUTPUT FORMAT]]: {question}
[[OUTPUT FORMAT]]
Format your answer as follows:
If the answer is Yes, directly give the final answer in the following format: \boxed{{Y}}.
If the answer is Yes, directly give the final answer in the following format: \boxed{{Y}}.
[[END OF OUTPUT FORMAT]]
MC prompt:
Based on the image, select the correct option of the following question in [[OUTPUT FORMAT]]: {question}
[[OUTPUT FORMAT]]
Format your answer as follows:
If the correct option letter is X, directly give the final correct letter in the following format: \boxed{{X}}.
[[END OF OUTPUT FORMAT]]
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer. The reasoning process
MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
YN Prompt:
Based on the image, answer the following question in [[OUTPUT FORMAT]]: {question}
Let’s think step by step.
[[OUTPUT FORMAT]]
Format your answer as follows:
Your thinking process enclosed within <think> </think> tags.
If the answer is Yes, give the final answer in the following format: \boxed{{Y}}.
If the answer is No, give the final answer in the following format: \boxed{{Y}}.
[[END OF OUTPUT FORMAT]]
MC prompt:
Based on the image, select the correct option of the following question in [[OUTPUT FORMAT]]: {question}
Let’s think step by step.
[[OUTPUT FORMAT]]
Format your answer as follows:
Your thinking process enclosed within <think> </think> tags.
If the correct option letter is X, give the final correct letter in the following format: \boxed{{X}}.
[[END OF OUTPUT FORMAT]]

Table 3: Prompt for the OCR task.

Prompt for OCR Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
Please try to answer the question with short words or phrases if possible.
Question: {question}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer. The reasoning process
MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Please try to answer the question with short words or phrases if possible.
Question: {question}
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Table 4: Prompt for the visual grounding task.

Prompt for Visual Grounding Task
DIRECT ANSWER:
Please answer the option’s letter from the given choices directly, and it MUST be enclosed in \boxed{}.
Please provide the bounding box coordinate of the region this sentence describes.
Question: {question}
Format your answer as follows:
output its bbox coordinates using JSON format.
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer with the option’s letter
from the given choices directly. The reasoning process MUST BE enclosed within <think> </think> tags. The final answer
MUST BE put in \boxed{}.
Please provide the bounding box coordinate of the region this sentence describes.
Question: {question}
Let’s think step by step.
Format your answer as follows:
output its bbox coordinates using JSON format.

Table 5: Prompt for the hallucination task.

Prompt for Hallucination Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
Answer the following question.
Question: {question}
The answer is Yes or No.
Format your answer as follows:
If the answer is Yes, directly give the final answer in the following format: \boxed{1}.
If the answer is No, directly give the final answer in the following format: \boxed{0}.
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer. The reasoning process
MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Answer the following question.
Question: {question}
The answer is Yes or No.
Let’s think step by step.
Format your answer as follows:
Your thinking process enclosed within <think> </think> tags.
If the answer is Yes, give the final answer in the following format: \boxed{1}.
If the answer is No, give the final answer in the following format: \boxed{0}.

Table 6: Prompt for the knowledge-based VQA task.

Prompt for Knowledge-Based VQA Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
Question: {question}

Options: {options}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer from the given choices.
The reasoning process MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Question: {question}

Options: {options}
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Table 7: Prompt for the object counting task.

Prompt for Object Counting Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
Answer the following question based on the image:
Question: {question}
If the correct answer is X, give the final correct answer in the following format: \boxed{X}.
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer. The reasoning process
MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Answer the following question based on the image:
Question: {question}
If the correct answer is X, give the final correct answer in the following format: \boxed{X}.

Table 8: Prompt for the mathematical reasoning task.

Prompt for Mathematical Reasoning Task
DIRECT ANSWER:
Please generate the answer directly, and it MUST be enclosed in \boxed{}.
Question: {question}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer. The reasoning process
MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Question: {question}

Table 9: Prompt for the scientific reasoning task.

Prompt for Scientific Reasoning Task
DIRECT ANSWER:
Please answer the option’s letter from the given choices directly, and it MUST be enclosed in \boxed{}.
Question: {question}

Options: {options}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer with the option’s letter
from the given choices directly. The reasoning process MUST BE enclosed within <think> </think> tags. The final answer
MUST BE put in \boxed{}.
Question: {question}

Options: {options}

Table 10: Prompt for the logical reasoning task.

Prompt for Logical Reasoning Task
DIRECT ANSWER:
Please generate the answer from the given choices directly, and it MUST be enclosed in \boxed{}.
Question: {question}

Options: {options}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer from the given choices.
The reasoning process MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Question: {question}

Options: {options}
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Table 11: Prompt for the algorithmic reasoning task.

Prompt for Algorithmic Reasoning Task
DIRECT ANSWER:
Please generate the answer from the given choices directly, and it MUST be enclosed in \boxed{}.
Question: {question}

Options: {options}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer from the given choices.
The reasoning process MUST BE enclosed within <think> </think> tags. The final answer MUST BE put in \boxed{}.
Question: {question}

Options: {options}

Table 12: Prompt for the spatial reasoning task.

Prompt for Spatial Reasoning Task
DIRECT ANSWER:
Please answer the option’s letter from the given choices directly, and it MUST be enclosed in \boxed{}.
Question: {question}

Options: {options}
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer with the option’s letter
from the given choices directly. The reasoning process MUST BE enclosed within <think> </think> tags. The final answer
MUST BE put in \boxed{}.
Question: {question}

Options: {options}

Table 13: Prompt for the multi-image reasoning task.

Prompt for Multi-Image Reasoning Task
DIRECT ANSWER:
Please answer the option’s letter from the given choices directly, and it MUST be enclosed in \boxed{}.
Select the correct option of the following question:
Question: {question}

Options: {options}
If the correct option letter is X, give the final correct letter in the following format: \boxed{X}.
COT:
You FIRST think about the reasoning process as an internal monologue and then provide the final answer with the option’s letter
from the given choices directly. The reasoning process MUST BE enclosed within <think> </think> tags. The final answer
MUST BE put in \boxed{}.
Select the correct option of the following question:
Question: {question}

Options: {options}
Let’s think step by step.
If the correct option letter is X, give the final correct letter in the following format: \boxed{X}.
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C Prompts for Textual and Visual1102

Reasoning Probe1103

To evaluate the models’ visual and textual reason-1104

ing capabilities, we use o4-mini to generate probe1105

tasks and employ GPT-4.1 for filtering. Although1106

this automatic process may introduce minor errors,1107

we manually verify 400 probe samples to ensure1108

their accuracy and reliability, resulting in probes1109

with high correctness.1110
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Table 14: Prompt for textual reasoning probe generation.

Prompt for Textual Reasoning Probe Generation
You are a Textual Probe Generator for multimodal reasoning evaluation.
You are given three inputs for the original multimodal reasoning task:
1. “original image”: an image {image} (visual context).

2. “original question for the multimodal reasoning task”: {question} .

3. “original correct answer to that question”: {answer} .
Your task is to generate 3 “textual probe” sub-questions (and their answers) per example.
Each probe must satisfy:
a. The probe question ONLY requires text reasoning of the tasks. (No visual information is required, which may be the last
step in solving this problem. After visual information extraction and analysis, ONLY text reasoning and calculation steps are
needed.).
b. Relevance as a step: answering the probe is a necessary step toward solving the original question.
c. Its answer is unique, concise, unambiguous, and correct.
Your output should follow this JSON format:
{

“probe question”: ...,
“probe answer”: ...

}

Table 15: Prompt for visual reasoning probe generation.

Prompt for Visual Reasoning Probe Generation
You are a Visual Probe Generator for multimodal reasoning evaluation.
You are given three inputs for the original multimodal reasoning task:
1. “original image”: an image {image} (visual context).

2. “original question for the multimodal reasoning task”: {question} .

3. “original correct answer to that question”: {answer} .
Your task is to generate 3 “visual probe” sub-questions (and their answers) per example.
Each probe must satisfy:
a. The probe question requires genuine perception and reasoning of the image (It CANNOT be answered from the text).
b. Relevance as a step: answering the probe is a necessary intermediate step toward solving the original question.
c. Its answer is unique, concise, unambiguous, and correct.
Your output should follow this JSON format:
{

“probe question”: ...,
“probe answer”: ...

}

Table 16: Prompt for textual reasoning probe judgment.

Prompt for Textual Reasoning Probe Judgment
You are a Textual Probe Validator for multimodal reasoning evaluation.
You are given three inputs for the original multimodal reasoning task:
1. “original image”: an image {image} (visual context).

2. “original question for the multimodal reasoning task”: {question} .

3. “original correct answer to that question”: {answer} .
4. probe:
- probe.question: {probe question} (a single visual-probe sub-question)

- probe.answer: {probe answer} (the proposed answer to that probe question)
Your job is to check the probe against three criteria:
1. Correctness & uniqueness: the probe question and answer are factually correct from the image, and the answer is unambiguous.
2. Visual dependency: the probe cannot be answered without analyzing visual content; it genuinely requires perceiving the
image.
3. Relevance as a step: answering the probe is a necessary intermediate step toward solving the original question.
If and only if all three conditions are met, output exactly \boxed{Y}.
Otherwise, output exactly \boxed{N}.
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Table 17: Prompt for visual reasoning probe judgment.

Prompt for Visual Reasoning Probe Judgment
You are a Visual Probe Validator for multimodal reasoning evaluation.
You are given three inputs for the original multimodal reasoning task:
1. “original image”: an image {image} (visual context).

2. “original question for the multimodal reasoning task”: {question} .

3. “original correct answer to that question”: {answer} .
4. probe:
- probe.question: {probe question} (a single visual-probe sub-question)

- probe.answer: {probe answer} (the proposed answer to that probe question)
Your job is to check the probe against three criteria:
1. Correctness & uniqueness: the probe question and answer are factually correct from the image, and the answer is unambiguous.
2. Visual dependency: the probe cannot be answered without analyzing visual content; it genuinely requires perceiving the
image.
3. Relevance as a step: answering the probe is a necessary intermediate step toward solving the original question.
If and only if all three conditions are met, output exactly \boxed{Y}.
Otherwise, output exactly \boxed{N}.

Table 18: Prompt for verbal and visual reflection annotation.

Prompt for Verbal and Visual Reflection Annotation
You will be given a reasoning process generated by a multimodal language model. Your task is to determine whether the thinking
process contains the following two types of reflective thinking:
1. **Visual Reflection**: Does the model reflect on its visual perception or interpretation? For example:
- Expressing uncertainty, doubt, or re-evaluation of visual input (e.g., “Let me double-check the image” or “Maybe I misinterpreted
the object in the picture”)
- Actively describing or reassessing visual elements (e.g., “There seems to be a red circle next to the box” or “The object on the
left might be a dog, not a cat”)
2. **Reasoning Reflection**: Does the model reflect on its own line of reasoning? For example:
- Revising earlier assumptions or identifying logical errors (e.g., “Wait, my earlier assumption might be wrong”)
- Evaluating the completeness or validity of its approach (e.g., “This line of reasoning may not be sufficient”)
Please provide a boolean value for each of the two categories.
Respond in the following JSON format:
{

“visual_reflection”: true or false,
“reasoning_reflection”: true or false,

}
Reasoning Process: {[process]}
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Figure 22: Step-wise distribution of visual and verbal reflection in CoT.

D Implementation Details1111

We use vllm 1 for open-source MLLM inference.1112

All experiments are conducted on 4×A100 80GB1113

GPUs. For all models, we set the temperature to1114

0.7 as the generation hyperparameter. To better1115

understand the failure cases of multimodal CoT1116

reasoning, we manually classify the errors into the1117

following categories: (1) Visual Reasoning Error:1118

The model correctly perceives the visual content1119

but fails to reason about it, such as incorrect logical1120

deductions based on visual evidence; (2) Textual1121

Reasoning Error: The model performs proper1122

visual interpretation but fails during the textual1123

inference phase, such as arithmetic mistakes and1124

flawed symbolic manipulation; (3) Visual Percep-1125

tion Error: The model misinterprets or overlooks1126

key visual elements in the image, such as missing1127

fine-grained attributes; (4) Question Understand-1128

ing Error: The model fails to understand the intent1129

or constraints of the question, such as responding1130

to an unrelated aspect of the question; (5) Format1131

1https://github.com/vllm-project/vllm

Error: The model produces an output that does 1132

not comply with the expected answer format, such 1133

as ambiguous responses; (6) Other Errors: Errors 1134

that do not clearly fall into the above categories. 1135

E Additional Experimental Results 1136
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Figure 23: Correlation between overall task perfor-
mance and reasoning probe accuracy of logical task
across different models. Red and blue indicate visual
reasoning and textual reasoning probes, respectively. r
denotes the Pearson correlation coefficient.
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Figure 24: Attention visualizations of Kimi-VL-A3B-
Thinking on the mathematical reasoning task.
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Figure 25: Attention visualizations of Kimi-VL-A3B-
Thinking on the logical reasoning task.
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Figure 26: Attention visualizations of Qwen3-Omni-
30B-A3B-Thinking on the mathematical reasoning task.

0 200 400 600 800 1000 1200 1400

0

200

400

600

800

G
en

er
at

io
n 

To
ke

n

Image Token Generation Token

1e-5

1e-4

1e-3

1e-2

1e-1

1e0

0 200 400 600 800 1000 1200

0

200

400

600

800

G
en

er
at

io
n 

To
ke

n

Image Token Generation Token

1e-5

1e-4

1e-3

1e-2

1e-1

1e0

Figure 27: Attention visualizations of Qwen3-VL-8B-
Thinking on the mathematical reasoning task.
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Figure 28: Attention visualizations of Qwen3-VL-30B-
A3B-Thinking on the mathematical reasoning task.

F Case Study of o3 1137
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Visual
Reflection

Question: Based on the given image, find $m\angle H$.

Thought for 2m 20s

The user shared an image with a polygon that seems to have five sides. The vertices seem to 

be labeled E, F, H, J, with a potential unknown vertex in the middle, maybe G. After looking 

closer, I'm guessing it's a pentagon, with a blue bar possibly covering one of its labels (likely 

G). The sides include a vertical line between E and F, then from F to another vertex, leading 

to H, J, and back to E. I'll need to consider the angles next.

Hmm, based on the blue bar on the top side of the polygon, it might suggest that the top and 

bottom sides are parallel. The blue bar is likely indicating that the side from vertex F to the 

unknown vertex (possibly G) could be parallel to the bottom side, which is from J to another 

vertex. With this in mind, I need to carefully examine the image more closely to confirm this. 

Let me display it for further analysis.

This shape appears to have some interesting segments. The top (FG) might be horizontal, and 

I wonder if it's parallel to HJ, though the positioning of the thick bar on FG makes me think 

it might indicate something else—like congruence, but it's not marked on both. The small 

navy squares hint at 90-degree angles, possibly marking angles at F and G. I’m leaning 

toward G having a right angle. Still unsure, so zooming in further will be helpful to clarify.

I think the two dark squares inside might be marking some angles. There's a navy square 

under the top bar, possibly indicating that the angle between sides EF and FG could be a 

right angle. However, it seems to mark the angle at F, which might be (x+20), so not exactly 

90°. Still, maybe the angle at G is 90°. I’ll zoom in on this area, focusing on the top bar and 

those squares for more clarity.

I’m looking at the blue thick small bar and wondering if it’s marking a 90-degree angle at the 

FG line. I see a small square at G that likely indicates a 90° angle, but I'm also noticing a 

second square that could be marking something else. Maybe the navy squares near the bar 

are pointing to a 90-degree angle at F, but it seems more likely that it’s just the angle at G 

that’s 90°. I should zoom in to check carefully.

It looks like two of the angle measures in the diagram have been covered by the dark squares, 

so I can’t quite see the full set of information we need. Could you tell me what those two 

hidden angle expressions (or numbers) are? Once I have those, I can set up the interior-angle 

equations for the pentagon and solve for $m\angle H$.

Refusal to 
Answer

Figure 29: Refusing to answer when images lack key information.
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Get the image’s 
width and height

Locate the 
Queen's Position

Execute the 
Algorithm

Question: You are given a 9 * 9 chessboard. The Manhattan distance between two 

squares in a chessboard is equal to the minimal number of orthogonal King moves 

between these squares on the otherwise empty board. The objective is to place 9 

chess queens on this board so that no two queens threaten each other; i.e. no two 

queens share the same row, column, or diagonal. 7 queens have already been placed 

in some of the squares of the board, as shown in the image. Suppose you pick two 

squares to place the two remaining queen pieces in a way that fulfills the objective. 

What is the Manhattan distance between these two squares? 

Options: [5, 4, 8, 6]

Thought for 25 seconds

To start, I'll check the image to identify where the queens are on 

the 9x9 grid. I'll look for non-background pixel differences to 

pinpoint squares with queen drawings. Using PIL, I'll load the 

image and work with a 9x9 grid, thresholding to detect the 

queens' positions. Then, I'll calculate the Manhattan distance 

between the two remaining queen placements on the grid. The 

Manhattan distance is simply the sum of the absolute 

differences in rows and columns between the two placements, 

which mirrors the movement of an orthogonal king.

I’ll start by checking where the queens are positioned on the 

9x9 grid in the image. I can look for non-background pixel 

differences and use those to detect where the queens are. I’ll 

load the image into the environment and divide it into a grid. 

By setting a threshold for pixel differences, I can identify 

approximate queen positions on the grid. Then, I’ll list their 

coordinates and move forward with finding potential 

placements for the remaining queens.

We should apply a threshold to check for queens based on pixel 

values. For each square, we’ll examine the pixel values by 

checking if any are below a certain threshold (below 50 in all 

channels). Once we get those data points, we can pinpoint the 

queen positions on the board in grid coordinates. The positions 

detected are: (0,2), (1,4), (2,6), (5,1), (6,7), (7,5), and (8,8), 

corresponding to the queens placed on the 9x9 grid.

I’m setting up the grid with rows and columns labeled from 1 to 

9. The queens are placed at coordinates: (1,3), (2,5), (3,7), (6,2), 

(7,8), (8,6), and (9,9). To solve the problem, we need to place 

two more queens. The rows with queens already are 1, 2, 3, 6, 7, 

8, and 9. The missing rows are 4 and 5, so we’ll focus on 

placing queens there, ensuring no two queens share the same 

row, column, or diagonal.

The only way to complete the 9-queen placement is to put the 

last two queens at (row 4, col 1) and (row 5, col 4).

Their Manhattan distance is

∣4−5∣+∣1−4∣=1+3=4.∣4−5∣+∣1−4∣=1+3=4.So the answer is 4.

(1272, 1272)

[(0, 2), (1, 4), (2, 6), (5, 1), (6, 7), (7, 5), (8, 8)]

[(4, 1), (5, 4)] True

[(4, 4), (5, 1)] False

Figure 30: Leveraging external tools for visual localization and algorithm execution.
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Question: A 1 * 6 board consists of 6 

different coloured tiles. A random state of the 

board is shown in (A). The ideal state of the 

board is shown in (B). A swap consists of 

selecting any two tiles on the board and 

switching their positions. What is the 

minimum number of swaps required to 

restore the ideal state of the board from (A)?

Options: [4, 1, 5, 3]

Thought for 3m 16s

I’m simplifying things by focusing on one row instead of sampling 

a whole region. It looks like the B board might have columns 

sorted from darkest to lightest left to right, while A is unsorted. To 

investigate this, I'll focus on the vertical center (y = 300) and 

check colors. For the left board, I'll pick a region between x = 100 

and 650 to look at the pixel values and their differences. This 

should help with distinguishing the patterns.

I’m looking at cluster ranges again to better define tile colors. The 

left board edge seems to start at 122, followed by boundaries 

between tiles at 246, 367, 487, 613, 735, and potentially 853 as the 

right edge. These edges give us boundaries between different tiles, 

and next, I’ll adjust these for colors. For the right board, we’ll need 

to find boundaries beyond 853. I’ll slice the array starting from 

853 to around 1500 to include the right side.

I'm estimating the cluster boundaries for the right board based on 

the values I saw earlier. These boundaries are potentially messy, 

but I'll try to make sense of it. It seems like the tiles could be 

evenly spaced. To better understand the left board, I'll compute the 

brightness of each tile, maybe by using the Y channel (from RGB). 

Then I'll match the brightness to the tile indices. Once I have that, 

I'll sort the tiles by brightness, from darkest (lowest) to lightest.

I’ve arranged the left board tiles in ascending brightness: Tile 4 

(99), Tile 2 (107), Tile 0 (118), Tile 5 (122), Tile 3 (129), and Tile 

1 (138). The ideal right board might follow a similar pattern, with 

brightness increasing from left to right. I’m planning to confirm 

this by quickly sampling the brightness in the right board.

For that, I'll divide the right board into six equal segments. 

However, there might be some misalignment because the first 

segment includes the white margin, so I’ll adjust based on 

brightness below 240.

1.Label the six tile positions in the current board (A) from 

left-to-right as 0 1 2 3 4 5.

2.Compare each stripe’s shade with the “ideal” board (B).

In (B) the stripes clearly progress from the darkest shade on the far 

left to the lightest on the far right.

Ordering the shades in (A) from darkest to lightest gives the 

sequence of original indices

4 → 2 → 0 → 5 → 3 → 1

3.So the ideal arrangement is 4 2 0 5 3 1.

4.Written cycle-wise, that is a single 6-element cycle 

(0 → 2 → 1 → 5 → 3 → 4 → 0).

5.A cycle of length L requires L − 1 swaps to put every element in 

the correct place. Here L = 6, so the minimum is 6 − 1 = 5 swaps.

Hence, the correct choice is “5”.

DFS

Sort the Tiles 
by Brightness

Determine the 
Boundaries of 

the Tiles

Figure 31: Leveraging external tools for visual localization and algorithm execution.
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