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Abstract

Chain-of-Thought (CoT) has become a stan-
dard method for improving reasoning capa-
bilities in large language models (LLMs) by
eliciting step-by-step thinking, but its effective-
ness in multimodal tasks remains unclear. In
this paper, we aim to systematically investigate
the key question: What can multimodal Chain-
of-Thought reasoning do, and where and why
does it fall short? To this end, we evaluate
12 multimodal tasks across perception and rea-
soning categories using both 14 non-reasoning
models and 8 reasoning models. Our analy-
sis reveals several important findings: (1) CoT
is not a free lunch and should be used selec-
tively depending on the specific requirements
of each task. For perception tasks, CoT can
lead to undesirable side effects, such as reduced
performance in visual grounding and object
counting. In contrast, it proves effective for
reasoning tasks involving mathematical, sci-
entific, and multi-image reasoning; (2) Com-
pared to original models, existing open-source
multimodal reasoning models often yield only
marginal overall improvements, possibly due
to an overemphasis on mathematical reason-
ing at the expense of broader capabilities; (3)
Visual reasoning remains a key bottleneck for
current multimodal CoT, as models exhibit a
“Look Light, Think Heavy” pattern where ver-
bal reflection rises and falls during reasoning,
whereas visual reflection consistently dimin-
ishes. These findings suggest that while multi-
modal CoT handles verbal reflection relatively
well, it lacks the ability to maintain deep visual
introspection throughout the reasoning process.

1 Introduction

Large language models (LLMs) (OpenAl, 2023;
Dubey et al., 2024; Yang et al., 2024; Anthropic,
2024) such as OpenAl’s ol (OpenAl, 2024) and
Deepseek-R1 (DeepSeek-Al et al., 2025), which
exhibit strong reasoning capabilities, have recently
garnered significant attention. These slow-thinking

systems leverage Chain-of-Thought (CoT) reason-
ing (Wei et al., 2022) during inference time, en-
abling deeper and longer reasoning and reflection
processes and achieving advanced performance on
complex tasks such as math and coding reasoning.
While recent research has made notable progress
in textual reasoning, addressing real-world tasks
such as interpreting scientific diagrams (Yue et al.,
2024), solving geometry problems (Lu et al., 2024),
and tackling visual puzzles (Song et al., 2025) con-
tinues to rely on incorporating visual information.
Recently, an increasing number of studies have
explored unlocking the CoT reasoning capabilities
of multimodal large language models (MLLMs)
(OpenAl, 2024; DeepMind, 2025; Bai et al., 2025).
Similar to textual reasoning (Sprague et al., 2024),
multimodal CoT has been predominantly explored
in the context of mathematical reasoning, with
evaluations commonly conducted on benchmarks
such as MathVista (Lu et al., 2024), MathVerse
(Zhang et al., 2024) and MATH-Vision (Wang et al.,
2024c). However, the scope of multimodal tasks ex-
tends well beyond mathematical reasoning. Given
that CoT reasoning introduces additional inference
overhead and complexity, it remains an open ques-
tion whether CoT can consistently improve perfor-
mance across a broad range of multimodal tasks.
In this paper, we aim to systematically investi-
gate the key question: What can multimodal Chain-
of-Thought reasoning do, and where and why does
it fall short? First, we categorize multimodal tasks
along two dimensions: multimodal perception
and multimodal reasoning. Multimodal percep-
tion tasks include comprehensive evaluation, OCR,
visual grounding, hallucination, knowledge and ob-
ject counting, while multimodal reasoning tasks
include mathematical, scientific, logical, algorith-
mic, spatial and multi-image reasoning. Then, we
conduct experiments with 14 non-reasoning mod-
els (e.g., Qwen2.5-VL (Bai et al., 2025), Gemma-3
(Kamath et al., 2025), GPT-4.1 (OpenAl, 2025a))
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Figure 1: Main findings of multimodal CoT reasoning.

and 8 reasoning models (e.g., QVQ (Qwen Team,
2024), Skywork-R1V2 (Wei et al., 2025), Gemini-
Thinking (Google DeepMind, 2025)), to evaluate
the strengths and pitfalls of multimodal CoT. Fi-
nally, we investigate the limitations of current mul-
timodal CoT reasoning by exploring its external
behaviours and internal mechanisms. Based on
the above analytical framework, we further decom-
pose the central issue of multimodal CoT reasoning
into three research questions (RQs).

RQ1: What multimodal CoT can and cannot
do for both perception and reasoning tasks? We
compare the performance of direct answering and

CoT reasoning across 12 multimodal perception
and reasoning tasks. We find that CoT is not a free
lunch and should be used selectively depend-
ing on the specific requirements of each task.
As shown in Figure 1a, CoT can lead to undesir-
able side effects in perception tasks such as visual
grounding, knowledge-based VQA, and object
counting. For reasoning tasks, CoT proves particu-
larly effective in domains such as mathematical,
scientific, and multi-image reasoning, where it
consistently improves performance across almost
all models. For logical and algorithmic reason-
ing, the effectiveness of CoT is model-dependent.
Larger models tend to benefit from CoT, whereas
smaller models often experience negative gains.

RQ2: Can multimodal reasoning models out-
perform base models through test-time scaling?
Although reinforcement learning with verified re-
wards (RLVR) has shown great potential in LLMs,
enabling them to generate longer CoT with emer-
gent reflective abilities (Team, 2025; Team et al.,
2025a; Yu et al., 2025), it remains unclear whether
the same strategy can be effectively extended to
MLLMs. We compare non-reasoning models with
their reasoning variants. As shown in Figure 1b,
we reveal that existing open-source multimodal
reasoning models often achieve only marginal
improvements in average performance across a
wide range of tasks. This may be attributed to their
predominant training on mathematical problems
using RLVR, which tends to overemphasize math-
ematical reasoning while neglecting broader rea-
soning capabilities. In contrast, commercial rea-
soning models such as Gemini-2.0-Flash-Thinking
demonstrate substantial and consistent gains across
diverse reasoning tasks.

RQ3: What are the key limitations that hin-
der the effectiveness of multimodal CoT? Build-
ing on the above analysis, we observe that cur-
rent multimodal CoT still faces several challenges.
First, we design a set of visual and textual reason-
ing probes based on several multimodal reasoning
tasks. Our findings indicate that visual reasoning
is critical to the effectiveness of multimodal CoT
and currently constitutes a primary bottleneck
limiting its overall performance. Subsequently,
we decompose reflective behaviours in multimodal
CoT into visual reflection and verbal reflection. As
shown in Figure 1c, we observe that existing mul-
timodal reasoning models exhibit a “Look Light,
Think Heavy” pattern: verbal reflection follows a
rise-and-fall trajectory, peaking in the middle



of the verbal reasoning process, while visual re-
flection steadily declines over time. Meanwhile,
we also identify a persistent attention bias in mul-
timodal long CoT. During extended reasoning,
models tend to allocate disproportionate atten-
tion to reasoning tokens while progressively ne-
glecting visual tokens. These phenomena confirm
that current multimodal CoT is more adept at verbal
reflection during the reasoning process, yet strug-
gles to maintain deep visual introspection.

We further discuss future directions for advanc-
ing multimodal CoT reasoning. We observe that
when critical visual information is missing, current
models are unable to reflect on the visual input and
abstain from answering accordingly. This under-
scores the necessity for MLLMs to possess visual
introspection capabilities. Moreover, to address the
visual bottlenecks of current models, they should
be equipped with mechanisms to leverage external
tools that enhance visual understanding. Recent ad-
vancements, such as the think-with-image paradigm
adopted by OpenAl’s 03 and 04 (OpenAl, 2025b),
may represent a promising direction.

2 Problem Formulation

2.1 Multimodal Chain-of-Thought

Given a set of one or more image inputs /, a tex-
tual question g, and a CoT prompting prefix p., the
model M generates an output sequence as follows:
r,a = M(I,pc,q). Here, r denotes a long CoT
sequence that captures the step-by-step reasoning
process leading to the final answer a. The prompt
P can be “Please first think about the reasoning
process as an internal monologue and then provide
the final answer.”. In contrast, direct answering
without CoT yields a shorter output sequence con-
taining only the final answer: a = M (I, pq, q), pd
can be “Please generate the answer directly.”.

2.2 Perception and Reasoning Tasks

To holistically evaluate the impact of CoT, we cat-
egorize multimodal tasks along two dimensions:
multimodal perception and reasoning. The per-
ception category includes comprehensive evalua-
tion, OCR, visual grounding, hallucination detec-
tion, knowledge-based VQA, and object counting,
which focus on fine-grained visual understanding
and cross-modal alignment. The reasoning cat-
egory includes mathematical, scientific, logical,
algorithmic, spatial, and multi-image reasoning,
which emphasize multi-step reasoning grounded
in both visual and textual inputs. The detailed de-
scriptions of 12 tasks are in Appendix A.

2.3 Evaluation Models

We conduct experiments on both non-reasoning
(general) and reasoning models. Compared with
non-reasoning models, reasoning models are ca-
pable of generating much longer CoT sequences
and exhibit a certain degree of reflection, enabling
them to perform self-correction in CoTs. For non-
reasoning models, we compare their performance
under direct answering and CoT. For reasoning
models with test-time scaling, we analyze perfor-
mance differences with their corresponding non-
reasoning models. For details on the models and
prompts used, please refer to Appendix B.

3 Strengths and Pitfalls of Multimodal
Chain-of-Thought

In this section, we conduct a thorough analysis
of the strengths and pitfalls of CoT reasoning in
MLLMs. We first compare the performance of
CoT with direct answering across perception and
reasoning tasks. We then examine the differences
between non-reasoning and reasoning models.

3.1 Comparison Between Direct Answer and
Chain-of-Thought

To understand the strengths and limitations of CoT,
we first compare its performance with direct an-
swering across a range of multimodal perception
and reasoning tasks. As illustrated in Figure 2, the
effectiveness of CoT is inconsistent across different
types of multimodal tasks. For perception tasks, it
may lead to marginal or even negative effects. In
particular, we observe average performance drops
of 4.6%, 3.3%, and 4.8% on visual grounding,
knowledge-based VQA, and object counting, re-
spectively. This degradation may be attributed to
the fact that CoT introduces additional reasoning
steps that are unnecessary or even distracting for
perception-oriented tasks.

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.
\ J

In contrast to perception tasks, CoT is more
effective in reasoning tasks. We observe perfor-
mance improvements of 6.1%, 2.9%, and 4.9 %
on mathematical, scientific, and multi-image rea-
soning tasks, respectively. For mathematical and
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Figure 2: Comparison between direct answer and CoT. Y-axis shows the performance gain of CoT.

scientific reasoning, MLLMs demonstrate similar
improvements to those observed in LLMs, as these
tasks primarily depend on text-dominant reasoning
following basic visual understanding. For multi-
image reasoning tasks, we observe that MLLMs
tend to describe each image in CoT, and subse-
quently perform reasoning based on the aggregated
textual descriptions.

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.
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For logical and algorithmic reasoning, which
rely more heavily on reasoning over visual infor-
mation, we find that the effectiveness of CoT is
closely related to model scale. Larger models bene-
fit from CoT reasoning, while smaller models often
show limited or even degraded performance.

3.2 Comparison Between Non-Reasoning and
Reasoning Models

Many studies (DeepSeek-Al et al., 2025; Team,
2025; Team et al., 2025a; Yu et al., 2025) have
trained original models into reasoning models us-
ing RLVR, enabling longer CoT and emergent re-

flection. Although recent works have attempted to
extend this strategy to MLLMs, it remains unclear
whether it yields comparable multimodal reason-
ing abilities. We compare five open-source models
and one commercial model, evaluating both their
original and reasoning-enhanced versions.

As shown in Figure 3, open-source multimodal
reasoning models often exhibit only limited perfor-
mance gains across diverse tasks. One possible ex-
planation is that these models are primarily trained
on math-related questions with verified rewards,
which leads to an overemphasis on mathematical
reasoning while neglecting other reasoning abilities.
In contrast, Gemini-2.0-Flash-Thinking, as a com-
mercial reasoning model, demonstrates substantial
and consistent gains across diverse reasoning tasks,
with a notable improvement of 24.7% in algorith-
mic reasoning. These observations highlight the
need for new training paradigms that better gener-
alize across various types of multimodal reasoning.

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.

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

4 Shallow Visual Reflection in
Multimodal Chain-of-Thought

In this section, we experimentally investigate the
role and significance of visual information analysis
and reasoning in multimodal CoT generation. Fur-
thermore, we examine whether current multimodal
reasoning models exhibit similar paradigms and
limitations in their reasoning over visual informa-
tion, based on both external reflection behaviours
and internal attention mechanisms.

4.1 Visual Reasoning Bottleneck in
Multimodal Reasoning

To investigate the role of visual reasoning in multi-
modal CoT, we first analyze CoT failure cases. We
provide detailed descriptions of error types in Ap-
pendix D. As shown in Figure 5, a large proportion
of errors arise from visual reasoning failures, par-
ticularly in logical reasoning tasks, where over 80%
are due to incorrect reasoning over visual informa-
tion. Then, we analyze the relative contributions of
visual and textual reasoning to the overall solution
process in multimodal reasoning tasks. To this end,
we design two types of reasoning probes: visual
reasoning and textual reasoning. As illustrated in
Figure 4, visual reasoning probes focus on subtasks
of original problem that require analyzing and rea-
soning over visual information, such as identifying
geometric similarity or detecting visual patterns.
Textual reasoning probes involve subtasks that rely
only on reasoning which is independent of visual
information, such as computing equations derived
from visual analysis or identifying patterns within
numerical sets. Importantly, both types of probes
correspond to intermediate steps within the original
multimodal reasoning tasks, contributing to the un-
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Figure 4: Examples of visual and textual reasoning
probes for mathematics and logical reasoning tasks.

derstanding of which parts of the solution process
pose the greatest challenge for the model.

We use 04-mini, which performs well on mul-
timodal reasoning, to construct probe tasks. The
correctness and suitability of the probes are veri-
fied with GPT-4.1, checking accuracy, uniqueness,
and alignment with probe categories. Full prompt
examples are provided in Appendix C. We also
conducted manual verification of the probe tasks.
Mathematical probes achieved 93.0% accuracy, and
logical probes 88.5%, indicating reliability. We
then evaluate general and reasoning models on
these tasks and analyze the correlation between
probe accuracy and original task performance. As
shown in Figure 6 and 23, models consistently per-
form better on textual reasoning than visual reason-
ing probes, with an average gap of 20%, highlight-
ing the greater challenge of visual reasoning.

Furthermore, model performance on the origi-
nal tasks shows a stronger correlation with perfor-
mance on the visual reasoning probe, with Pearson
correlation coefficients r exceeding those for the
textual probe in both tasks. These results suggest
that visual reasoning remains a key challenge in
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Figure 6: Correlation between overall task performance
and reasoning probe accuracy of mathematical task
across different models. Red and blue indicate visual
reasoning and textual reasoning probes, respectively. r
denotes the Pearson correlation coefficient. Additional
results are in Figure 23.

current multimodal reasoning tasks and represents
a bottleneck for current MLLMs. The strong corre-
lation further underscores the critical role of visual
reasoning in solving these tasks.

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.

- J

4.2 Reflection Behaviours in Multimodal
Chain-of-Thought

Given that visual reasoning is a primary limi-

tation in multimodal CoT, we further examine

N )

Q: Find the value of H.
Round your answer to the nearest
whole number.
A: 19
O R
20m

<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°). | 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 Verbal
calculator, and multiplying 20 by 0.9325 indeed gives 18.65, | Reflection
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 Visual
degrees, and the other is a smaller triangle representing, maybe,[ Reflection
a tree or something, but it's not part of the calculation here.
So, my final answer is 19 meters. </think>
Final Answer

@\boxed{lQ} \] ‘/ /

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

what factors constrain models’ ability to reason
over visual information. As reflection and self-
verification are critical capabilities of reasoning
models (DeepSeek-Al et al., 2025; OpenAl, 2024),
with the potential to effectively improve reasoning
accuracy, we examine whether such behaviours are
exhibited in the CoT generated by current MLLMs.
For multimodal CoT, we categorize reflective be-
haviours into two types: visual reflection and ver-
bal reflection. As shown in Figure 7, visual reflec-
tion refers to the model’s act of reconsidering its
visual perception or interpretation. This includes
behaviours such as expressing uncertainty, doubt,
or re-evaluating visual information, as illustrated
by phrases like “Let me double-check the image”
or “Maybe I misinterpreted the object in the pic-
ture”. Verbal reflection, in contrast, refers to the
model’s introspection on its own reasoning process.
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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,
or revising its intermediate reasoning steps or final
conclusions, as illustrated by phrases such as “Wait,
my earlier assumption might be wrong” or “This
line of reasoning may not be sufficient”. We divide
each CoT sequence into ten equal-length segments
based on token count and use GPT-4.1 to annotate
the presence of reflective behaviours at each step,
using the prompt shown in Table 18.

As shown in Figures 8 and 22, reasoning mod-
els, such as QVQ-72B-Preview, exhibit noticeably
more visual and verbal reflection behaviours com-
pared to non-reasoning models like Qwen2.5-VL-
32B, indicating a stronger tendency to actively ver-
ify the reliability of visual inputs and assess the
soundness of their own reasoning processes. How-
ever, we can observe that visual and verbal reflec-
tion follow opposite trends throughout the CoT.
While verbal reflection increases and peaks mid-
way through the reasoning process, visual reflec-
tion diminishes over time, indicating that models
tend to deepen their textual reasoning while pro-
gressively overlooking visual information.

These findings reveal a key limitation of current
multimodal CoT reasoning: shallow visual reflec-
tion contrasted with deep verbal reflection. To
further validate this observation, we deliberately oc-
clude critical visual information in the images using
mosaics and assess whether models demonstrate
visual reflection behaviours that result in absten-
tion from answering. We find that when confronted
with missing visual cues, current multimodal rea-
soning models exhibit a noticeable increase in both
visual and verbal reflective behaviours. However,
despite engaging in such reflection, they show a
limited ability to abstain from answering when ap-
propriate, suggesting that current forms of visual
reflection are shallow and fail to support reliable
abstention when key visual information is missing.

Takeaway 4.2.2 for RQ3 N

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.

N\ J

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.

4.3 Attention Bias in Multimodal
Chain-of-Thought

To further investigate the underlying mechanism
behind the observed shallow visual reflection, we
analyze the internal attention patterns of the mul-
timodal reasoning models during CoT generation.
We select Kimi-VL-A3B-Thinking as the repre-
sentative reasoning model, with results for three
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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. We
prompt it to generate long-form CoT on mathemat-
ical and logical reasoning tasks, and subsequently
visualize its internal attention weights to examine
how attention is allocated throughout the reasoning
process. As shown in Figure 9, during CoT gen-
eration the model exhibits a pronounced attention
imbalance, increasingly prioritizing reasoning to-
kens while gradually neglecting visual inputs. This
attention bias may constrain the model’s ability to
engage in effective visual reflection, leading it to
over-rely on verbal reflection.

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.
. J

5 Relate Works

Chain-of-Thought. CoT prompting improves per-
formance on math and coding tasks by explicitly
introducing intermediate reasoning steps (Wei et al.,
2022; Wang et al., 2023; Kojima et al., 2022; Zhou

et al., 2022). Recent studies (Muennighoff et al.,
2025; Ye et al., 2025; Yeo et al., 2025) explore test-
time scaling strategies that generate longer CoT
with reflection, promoting deeper reasoning. Be-
sides, several works have extended CoT to multi-
modal tasks (Zhang et al., 2023; Mitra et al., 2024;
Hu et al., 2024; He et al., 2024; Jiang et al., 2025),
enabling reasoning over text and visual modalities.
Recent study highlights the significant differences
in the improvement of CoT across tasks and re-
veal limitations of current CoT paradigms (Sprague
et al., 2024). However, there is still a lack of sys-
tematic analysis of multimodal CoT.

Multimodal Reasoning. Reasoning models
such as OpenAl’s ol (OpenAl, 2024), DeepSeek
R1 (DeepSeek-Al et al., 2025), and QwQ (Team,
2025) achieve strong results on text reasoning.
Building on this, models like LLaVA-ol (Xu et al.,
2024), R1-Onevision (Yang et al., 2025), MM-
Eureka (Meng et al., 2025), OpenVLThinker (Deng
et al., 2025), VL-Rethinker (Wang et al., 2025a),
VLM-R1 (Shen et al., 2025), and X-Reasoner (Liu
et al., 2025a) extend reasoning to multimodal tasks,
showing improvements in mathematical reasoning
and long CoT capabilities. However, most of them
lack validation across broader multimodal tasks.

Thinking with Image. Integrating visual modality
into CoT reasoning process enables ‘thinking with
images’ that transcends purely textual reasoning
(Li et al., 2025; Fan et al., 2025; Su et al., 2025;
Chen et al., 2025; Wu et al., 2025b,a). Models
can be empowered through explicit tool-use for vi-
sual manipulations, such as cropping and zooming
(Zheng et al., 2025; Wang et al., 2025b). Addition-
ally, code-based operation provides even greater
flexibility and versatility for diverse visual reason-
ing scenarios (Zhao et al., 2025; Liu et al., 2025b).

6 Conclusion

In this paper, we present a comprehensive study on
the strengths and limitations of multimodal CoT
reasoning. Our findings reveal that: (1) CoT’s
efficacy is task-dependent and requires selective
application; (2) current open-source models show
marginal gains, likely due to an overemphasis on
mathematical reasoning; and (3) visual reasoning
remains a bottleneck, characterized by a “Look
Light, Think Heavy” pattern where visual reflection
diminishes compared to verbal reflection. To ad-
dress these limitations, a promising path forward is
reasoning with visual reflection and external tools.



Limitations

Despite our comprehensive analysis of multimodal
CoT reasoning, our study faces two limitations.
First, due to computational constraints, we evalu-
ate only a subset of widely adopted datasets (1-3
per task) across 12 multimodal tasks, and conduct
experiments on 14 general models and 8 reasoning
models. While this setup covers a wide range of
capabilities, it may not fully capture the diversity
of multimodal tasks. In future work, we plan to
expand our evaluation by including more datasets,
testing a wider variety of models, and extending
our analysis to video-related perception and rea-
soning tasks. Second, although our findings un-
cover a fundamental limitation of current multi-
modal CoT, namely the “Look Light, Think Heavy”
phenomenon. Inspired by 03, we attempt to prompt
GPT-4.1 to perform multimodal tool-enhanced CoT
reasoning. However, we find that even a strong
model like GPT-4.1 tends to favor text-oriented
tools, such as numerical calculators, rather than
leveraging visual tools that could enhance image
understanding and reasoning, revealing a lack of
visual tool-use awareness in current models. This
highlights the need for future MLLMs to more
effectively integrate visual tools into the CoT rea-
soning process.

We also propose two promising directions to
address this limitation: (1) Reasoning with Vi-
sual Reflections: As shown in Figure 29, when
presented with images where key information is
obscured by mosaics, 03 is able to first recognize
the visual ambiguity, then zoom in on the occluded
region, analyze the lack of detail, and ultimately
conclude that the visual input is insufficient, result-
ing in an appropriate refusal to answer. Explicitly
cropping and zooming in on and revisiting criti-
cal visual areas facilitates deeper visual reflection.
(2) Reasoning with External Tools: As shown
in Figure 30, when confronted with complex vi-
sual inputs such as the Eight Queens puzzle, the
model first invokes an external visual tool to ac-
curately identify the positions of the chess pieces,
and then executes algorithmic code to complete the
task. Reasoning with external tools significantly
expands the capability boundaries of MLLMs.
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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 Details

A.1 Multimodal Perception Tasks

Table 1 provides an overview of the datasets and
sample sizes used for the tasks we evaluated. More
detailed information is provided below.

Comprehensive Evaluation. Comprehensive
evaluation (Fu et al., 2024) refers to the systematic
assessment of MLLMs across a broad range of ca-
pabilities. We select three benchmarks (MME (Fu
et al., 2023), MMStar (Chen et al., 2024), and
MMT-Bench (Ying et al., 2024)) and sample 200
questions from each to construct the evaluation
set. MME provides a broad assessment of model
performance in multitask settings. MMStar ad-
dresses issues related to visual independence and
data leakage. MMT-Bench focuses on real-world
applications and everyday visual content. Figure 10
presents an example comparing the direct response
and the CoT response generated by Qwen2.5-VL-
7B-Instruct.

Optical Character Recognition (OCR). OCR
is the task of automatically detecting and transcrib-
ing textual content from images, evaluating fine-
grained visual perception and the accuracy of cross-
modal transcription. We select TextVQA (Singh
et al., 2019) and OCRBench (Liu et al., 2024) to
construct the evaluation set. TextVQA focuses on
visual question answering that requires understand-
ing text in real-world photographs. OCRBench
expands the scope to various data types such as
charts, maps, and web pages. Figure 11 presents
an example comparing the direct response and the
CoT response generated by GPT-40-mini.

Visual Grounding. Visual grounding involves
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localizing the referent of a textual description (e.g.,

“man in back”) in an image by predicting a corre-
sponding bounding box. It aims to evaluate the
ability of models to align cross-modal information
and to accurately recognize and localize visual enti-
ties. We sample 150 instances each from the widely
used RefCOCO and RefCOCOg (Kazemzadeh
et al., 2014) benchmarks to construct the task set.
Figure 12 presents an example comparing the di-
rect response and the CoT response generated by
InternVL3-38B.

Hallucination. Multimodal hallucination eval-
uation focuses on assessing the phenomenon of
models to generate content that is not grounded in
the input modalities (especially the visual modal-
ity), thereby measuring the factual consistency be-
tween generated outputs and the given multimodal
evidence. We sample 250 tasks each from Hallu-
sionBench (Liu et al., 2023) and POPE (Li et al.,
2023a) to construct the evaluation set. Figure 13
presents an example comparing the direct response
and the CoT response generated by GPT-4.1.

Knowledge-based VQA. Unlike standard VQA
tasks, knowledge-based VQA is designed to assess
a model’s ability to answer questions that require
commonsense and world knowledge beyond what
is directly observable in the image. We sample 200
questions from A-OKVQA (Schwenk et al., 2022)
as the test set. Figure 14 presents an example com-
paring the direct response and the CoT response
generated by Gemini-2.0-Flash.

Object Counting. This task requires the model
to perceive the number of distinct entities in an
image (e.g.,"How many different items are there
in the image?”), assessing the accuracy of visual



understanding and perception. We select 200 sam-
ples from Super-CLEVR (Li et al., 2023b) as the
test set. This dataset is an enhanced version of
the classic counting benchmark CLEVR (Johnson
et al., 2017), extending object types from simple
geometric shapes to more realistic entities such as
bicycles. Figure 15 presents an example comparing
the direct response and the CoT response generated
by Qwen2.5-VL-7B-Instruct.

A.2 Multimodal Reasoning Tasks

Mathematical Reasoning. Mathematical reason-
ing tasks assess a model’s ability to understand
and solve problems involving mathematical con-
cepts, multi-step inference, and precise computa-
tion. It is one of the most actively studied areas in
multimodal reasoning. We sample 200 tasks from
the MathVerse (Zhang et al., 2024) benchmark to
construct the test set. Figure 16 presents an ex-
ample comparing the direct response and the CoT
response generated by Qwen2.5-VL-72B-Instruct.

Scientific Reasoning. These tasks evaluate the
ability of models to comprehend and reasoning
for information from multiple modalities (e.g., text,
charts, and images) to answer questions that require
scientific knowledge. We sample 200 tasks from
MMMU (Yue et al., 2024) for evaluation, which
covers graduate-level, multimodal science ques-
tions across diverse disciplines. Figure 17 presents
an example comparing the direct response and the
CoT response generated by InternVL3-38B.

Logical Reasoning. These tasks evaluate the
capacity to reason and apply logical principles
across multiple modalities, requiring models to
draw conclusions, make predictions, recognize pat-
terns, and solve problems or puzzles based on mul-
timodal inputs and given premises. We select Puz-
zleVQA (Chia et al., 2024), a visual puzzle bench-
mark, and sample 200 tasks to construct the evalua-
tion set. Figure 18 presents an example comparing
the direct response and the CoT response generated
by GPT-4o.

Algorithmic Reasoning. Algorithmic reasoning
tasks assess a model’s ability to understand and rea-
son through step-by-step computational procedures
in a multimodal setting. These tasks cover areas
such as graph theory, combinatorics, and search
problems (e.g., the eight queens problem). We
select 200 tasks from the algorithmic dataset Algo-
PuzzleVQA (Ghosal et al., 2024) to construct the
evaluation set. Figure 19 presents an example com-
paring the direct response and the CoT response
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generated by Claude-3-7-Sonnet-Thinking.

Spatial Reasoning. Spatial reasoning tasks as-
sess the ability to understand and analyze spatial
relationships between objects, including position,
orientation, distance, and movement, often requir-
ing inference from visual inputs to solve prob-
lems related to navigation, assembly, or geometric
reasoning. We sample 200 tasks from SpatialE-
val (Wang et al., 2024b) for evaluation. Figure 20
presents an example comparing the direct response
and the CoT response generated by Qwen2.5-VL-
72B-Instruct.

Multi-Image Reasoning. These tasks evaluate
the ability to jointly analyze information from mul-
tiple images to perform complex reasoning for the
problem, such as comparison, temporal or causal
inference, and cross-image consistency reasoning,
often requiring a holistic understanding that goes
beyond single-image perception. We sample 200
tasks in MUIRBENCH (Wang et al., 2024a) for
evaluation. Figure 21 presents an example com-
paring the direct response and the CoT response
generated by Gemini-2.0-Flash-Thinking.



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}

o 4

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?

( I
Answer: P !

/ @ GPT-40-mini-CoT: <think>The letter displayed on
the hat is clearly visible. Tt 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-40-mini-Directly: \\boxed{P}

o /

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".

<

B e

'
)"

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, ‘riles\

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}

K 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

getintotop georwith adidas.
f\\

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
adidas =4~

The science of sport.

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

~

/ {;QwenZ.5-VL—7B-Ins’rrucT-CoT: To determine
how many different items are in the image, I'll identify each
distinct object:\n\nl. A purple bicycle.\n2. A yellow car.\n3.
A blue scooter.\n4. A gray car with a red stripe.\n5. A teal
car.\né. A small teal car.\n7. A small blue car.\n\nThere are

7 distinct objects in the image.\n\n\\boxed{7}

K {; 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

Note: Figure not drawn to scale,

{\v?, 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\\1\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\\1\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

{3; 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

Name Single Double Triple Home run TOTAL HITS
Babe Ruth 1,517 506 136 714 2,873

Jackie Robinson 1,054 273 54 187 1,518

Ty Cobb 3,603 174 295 114 4,189

Hank Aaron 2,294 624 98 755 3,771

TOTAL 8,471 1,577 583 1,720 12,351

Table 3.18

== 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

mz I . .
=2 InternVL3-38B-Directly:

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

21



Logical Reasoning

Question: What is the missing

number of the part denoted with a 6 7
question mark?

Options: ['0', '9', '8",'3'] 1 2
Answer: 3

@GPT-40-COT: <think>To find the missing humber 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 humber.
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 humbers: \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 ina row:\n-6,4,7: Sumis 6 +4+7 =17\n-1,9, 2: Sum is
1+9+?2 =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- Averageof 1,9,and?=(1+9+?)/3=(10+2?)/
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-40-Directly:

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

Starting Configuration

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

8
must elapse until no cell has a fresh kiwi? I
Options: ['3','2','1",'6"]

Answer: 2 A

Claude-3-7-Sonnet-thinking-CoT: <think>\nI neeh
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 O (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\nl) Initially, there's one
rotten kiwi in the top-middle position and five fresh kiwis.\n\n2) After 1
minute:\n - The fop-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

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

Public Pool Supplies

following multiple-choice question based s e ouse
on the provided information. How many objects Charlie's Chocolate Factory
are in the Northwest of Yeti Yogurt? o
Options: A.3 B.4 C.1D.0. et Yogur
Timeless Treasures
® ‘
A el : C Dolphin's Dresses
nswer o

ﬁ\"; 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\nl. 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.
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Multi-Image Reasoning

o

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

Answer: C

B. <image2> C. <image3>

\ 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}

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

For non-reasoning models, we evaluate 14 mod-
els: Qwen2.5-VL (7B/32B/72B-Instruct) (Bai
et al., 2025), Qwen2-VL-72B-Instruct (Wang et al.,
2024d), Intern3-VL (8B/14B/38B) (Zhu et al.,
2025), Gemma-3 (4B/12B) (Kamath et al., 2025),
Mistral-Small-3.1-24B-Instruct (Mistral Al, 2025),
GPT-40-mini, GPT-40 (OpenAl, 2024), GPT-
4.1 (OpenAl, 2025a) and Gemini-2.0-Flash (Team
et al., 2023). For reasoning models, we eval-
uate 8 models: VL-Rethinker (7B/72B) (Wang
et al., 2025a) and MM-Eureka (7B/32B) (Meng
et al., 2025) (Qwen2.5-VL Based), QVQ-72B-
Preview (Qwen Team, 2024) (Qwen2-VL Based),
Skywork-R1V2-38B (Wei et al., 2025), Kimi-VL-
A3B-Thinking (Team et al., 2025b), and Gemini-
2.0-Flash-Thinking (Team et al., 2023) (Gemini-
2.0-Flash Based). Considering the large number of
experiments and limited computational resources,
we consistently adopt the performance@1 setting.
We use all models in compliance with their respec-
tive licenses. The prompt varies according to the
task type. For models with specific prompts, we
retain their original prompt design; otherwise, a
standardized prompt is adopted.
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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 Visual
Reasoning Probe

To evaluate the models’ visual and textual reason-
ing capabilities, we use 04-mini to generate probe
tasks and employ GPT-4.1 for filtering. Although
this automatic process may introduce minor errors,
we manually verify 400 probe samples to ensure
their accuracy and reliability, resulting in probes
with high correctness.
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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 Details

We use vllm ! for open-source MLLM inference.
All experiments are conducted on 4xA100 80GB
GPUs. For all models, we set the temperature to
0.7 as the generation hyperparameter. To better
understand the failure cases of multimodal CoT
reasoning, we manually classify the errors into the
following categories: (1) Visual Reasoning Error:
The model correctly perceives the visual content
but fails to reason about it, such as incorrect logical
deductions based on visual evidence; (2) Textual
Reasoning Error: The model performs proper
visual interpretation but fails during the textual
inference phase, such as arithmetic mistakes and
flawed symbolic manipulation; (3) Visual Percep-
tion Error: The model misinterprets or overlooks
key visual elements in the image, such as missing
fine-grained attributes; (4) Question Understand-
ing Error: The model fails to understand the intent
or constraints of the question, such as responding
to an unrelated aspect of the question; (5) Format

"https://github.com/v1lm-project/vllm
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Error: The model produces an output that does
not comply with the expected answer format, such
as ambiguous responses; (6) Other Errors: Errors
that do not clearly fall into the above categories.

E Additional Experimental Results

Linear Correlation with 95% Confidence Interval
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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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Thinking on the mathematical reasoning task. Thinking on the logical reasoning task.
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Figure 28: Attention visualizations of Qwen3-VL-30B-
Figure 26: Attention visualizations of Qwen3-Omni-  A3B-Thinking on the mathematical reasoning task.
30B-A3B-Thinking on the mathematical reasoning task.
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| 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, | need to carefully examine the image more closely to confirm this.
Let me display it for further analysis. Vis

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

Refle

/

ual
ction

\n\_b\ LI

t————

20) (g

"

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. | 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°. | should zoom in to check carefully.

 ————

S -

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 | have those, | can set up the interior-angle
equations for the pentagon and solve for $m\angle H$.

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

Refusal to
Answer

Figure 29: Refusing to answer when images lack key information.
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What is the Manhattan distance between these two squares?

Options: [5, 4, 8, 6]

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.

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. | can look for non-background pixel
differences and use those to detect where the queens are. I’11
load the image into the environment and divide it into a grid.
By setting a threshold for pixel differences, | 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.

oIt
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queen
for i

# Show queen posi

numpy as np
IL import Image

matplotlib.pyplot plt

Get the image's
width and height

arxr.shape

int(w/9)
_positions
1 rang
rj rang
y0 = i*sq
x0 = j*sq
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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. "1l 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 | 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 | 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-rightas012 345.

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

4-52—-50->5-3->1

3.S0 the ideal arrangementis42053 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”.

y, img.width, y+1))
arr = np. )] # shape (width,3)
arr_left

(np.diff(arr_left.as
m(axis=1)

# cluster bounda
boundary_indices
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Figure 31: Leveraging external tools for visual localization and algorithm execution.
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