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Abstract

Adaptive multimodal reasoning has emerged as
a promising frontier in Vision-Language Mod-
els (VLMs), aiming to dynamically modulate
between tool-augmented visual reasoning and
text reasoning to enhance both effectiveness
and efficiency. However, existing evaluations
often rely on final-answer accuracy. These met-
rics do not explicitly assess reasoning mode
selection, namely, whether a model selects be-
tween text-only and tool-augmented visual rea-
soning according to its own capability bound-
ary, nor do they reveal the quality of the sub-
sequent reasoning and tool-execution process.
In this paper, we propose AdaptMMBench, a
comprehensive benchmark for adaptive multi-
modal reasoning across five domains: natural
scene, OCR, GUI, knowledge, and math, en-
compassing both direct perception and complex
reasoning tasks. AdaptMMBench utilizes a
Matthews Correlation Coefficient (MCC) met-
ric to evaluate the quality of reasoning mode se-
lection, isolating this meta-cognition ability by
dynamically identifying task difficulties based
on models’ capability boundaries. Moreover,
AdaptMMBench facilitates multi-dimensional
reasoning process evaluation across key step
coverage, tool effectiveness, and computational
efficiency. Our evaluation shows that strong
reasoning mode selection is helpful, but final
adaptive gains and efficiency also depend on
overall model capability. Process metrics fur-
ther diagnose bottlenecks in reasoning coher-
ence, tool use, and cost for improving adaptive
performance and efficiency. Code and a subset
of the data are available at https://github.
com/xtong-zhang/AdaptMMBench.
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Figure 1: Comparative Analysis of Accuracy, Reasoning
Mode Selection, and Reasoning Process.

1 Introduction

Vision Language Models (VLMs) have evolved
from passive observers of static visual inputs to
proactive models capable of dynamic information
seeking. This evolution makes a shift from direct
perception and textual chain-of-thought (CoT) to
tool-augmented visual reasoning (i.e., think-with-
image) (OpenAI, 2025b), where models iteratively
manipulate the visual content using visual tools,
such as zooming and enhancement (e.g., contrast
and rotation) to acquire more visual information
and resolve ambiguities (Zheng et al., 2025; Hu
et al., 2024). However, this capability introduces
computational redundancy. Without the ability to
determine whether tool use is necessary for a given
task, models may fall into a ‘tool-invocation’ trap,
applying computationally intensive visual tools to
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problems that could be solved through direct per-
ception or text reasoning, leading to unnecessary
inefficiency and high cost. Consequently, adaptive
multimodal reasoning is a promising direction
for VLMs, which balances the necessity of such
tool-augmented visual reasoning against text rea-
soning (Lin et al., 2025b; Wang et al., 2025a).

Despite the emergence of adaptive multimodal
reasoning formulations, evaluating adaptive mul-
timodal reasoning remains an open problem.
Most existing (Zhang et al., 2025b,a; Wang et al.,
2025a; Li et al., 2025e) evaluations rely on token-
level reduction, coarse tool-call statistics, think
rates or final accuracy as proxies for adaptive in-
telligence. While intuitive, these metrics primarily
reflect outcomes rather than evaluating the internal
reasoning process itself. They fail to disentangle
reasoning mode selection from subsequent reason-
ing process (show in Fig. 1). The ability to select an
appropriate reasoning mode is crucial, as it reflects
the difficulty-aware meta-cognition ability. From
the data perspective, adaptive reasoning is com-
monly evaluated on limited domains such as: logic
tasks (e.g., math and knowledge reasoning) or high-
resolution perception benchmarks (Wu and Xie,
2024; Wang et al., 2025c; Zhang et al., 2025c). Re-
cent efforts such as Omni-AutoThink (Yang et al.,
2025a) attempt to quantify adaptiveness through
thinking rates under predefined difficulty levels.
Since task difficulty is inherently model-dependent,
these static predefined levels are not universally
applicable across different models, leading to eval-
uation bias (Fig. 2). Moreover, existing evaluations
often overlook reasoning process quality, leaving
little process-level insight to guide future multi-
modal reasoning research.

Easy Too hard, I need 
to call tools.

Weak model

The difficulty of  the task varies for each model.

Weak model 
Text reasoning

Strong model 
Text reasoning

Hard

Weak model 
Adaptive reasoning

Strong model 
Adaptive reasoningHard

Easy

Use specific 
models for 
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Category by
model itself

AdaptMMBench

Previous work

Hard

Dynamic Difficulty 
Distribution 

Easy

Adaptive reasoning

Dataset

Fixed Difficulty 
Distribution 

Dataset

Static difficulty categories do not generalize across models

Number of samples

Number of samples

Figure 2: Comparison between our model-specific diffi-
culty evaluation and prior work.

To bridge these gaps, we propose AdaptMM-

Bench to quantify adaptive multimodal reasoning
in VLMs. AdaptMMBench includes 1,420 sam-
ples across five domains: natural scene, OCR, GUI,
knowledge, and math. Each domain contains both
tasks solvable via text reasoning and complex sce-
narios of varying difficulties that require proactive
visual tool invocation. AdaptMMBench enables
the separate evaluation of reasoning mode selection
and the reasoning process. Specifically, it adopts
the Matthews Correlation Coefficient (MCC) to
evaluate mode selection by dynamically identifying
task difficulties based on model capability bound-
aries. For the reasoning process evaluation, we
assess key step coverage, tool invocation effective-
ness, and efficiency to measure reasoning coher-
ence, tool correctness, and computational cost.

We evaluate closed-source and open-source
VLMs on AdaptMMBench, with results shown in
Fig. 1. Experiments show that reasoning mode se-
lection evaluation via MCC captures a different as-
pect of model capability than final accuracy. Strong
reasoning mode selection is helpful, but final adap-
tive gains and efficiency also depend on overall
model capability. And the reasoning process eval-
uation further diagnose bottlenecks for improving
adaptive performance and cost.

Our contributions are summarized as follows.
(1) We propose AdaptMMBench to quantify the

adaptive reasoning capabilities of VLMs, which
contains 1,420 samples across five domains with de-
tailed annotations for comprehensive evaluations.

(2) We establish a suite of metrics for adaptive
multimodal reasoning, which disentangle the adap-
tive capability from other model capabilities and
assess three aspects of the reasoning process, pro-
viding detailed and in-depth evaluations.

(3) We provide a practical diagnostic analysis of
current VLMs for adaptive reasoning. Our results
confirm that adaptive mode selection is a distinct
optimization target beyond final accuracy. Adapt-
MMBench further analyzes the quality and effi-
ciency of the reasoning process, helping to guide
the comprehensive enhancement of VLMs.

2 Related Work

2.1 Multimodal Reasoning in VLMs

Early VLMs predominantly rely on text reason-
ing over fixed visual encodings, imposing a “first-
glance” bottleneck that limits access to fine-grained
visual details (Lu et al., 2023; Huang et al., 2025;
Zhang et al., 2023; Yang et al., 2025b). Recent

49762



Table 1: Comparison with existing related benchmarks.

Benchmark # Samples Vision
Tool

Mode
Select.

Process
Eval.

Difficulty
Definition

MME-CoT (Jiang et al., 2025) 1,130 ✗ ✗ ✓ ✗
VTC-Bench (Zhu et al., 2026) 680 ✓ ✗ ✓ Fixed
TIR-Bench (Li et al., 2025c) 1,000 ✓ ✗ ✗ Fixed
VisualToolBench (Guo et al., 2025b) 1,204 ✓ ✗ ✓ Fixed
AgentVista (Su et al., 2026) 209 ✓ ✗ ✗ ✗
HR-MMSearch (Chng et al., 2025) 305 ✓ ✗ ✗ Fixed
Agentic-MME (Wei et al., 2026) 418 ✓ ✗ ✓ Fixed
AdaptiveBenchmark 3,600 ✗ ✓ ✗ Fixed
AdaptMMBench 1,420 ✓ ✓ ✓ Model-specific

“think-with-image” methods address this limitation
by acquiring additional visual information through
multi-turn visual search, region zooming, and self-
generated visual cues (OpenAI, 2025b; Zheng et al.,
2025; Wang et al., 2025b; Lai et al., 2025; Li
et al., 2025a; Chern et al., 2025). Adaptive mul-
timodal reasoning further studies when to invoke
such tools to balance accuracy and efficiency (Lin
et al., 2025b; Zhang et al., 2025a; Wang et al.,
2025a; Li et al., 2025d,e). However, these works
offer limited evaluation of whether models invoke
tool-augmented visual reasoning only when text
reasoning is insufficient.

2.2 Benchmarks for VLMs
Existing VLM benchmarks cover chart/document
understanding, mathematical reasoning, general-
purpose VQA, reasoning-process evaluation, and
high-resolution visual perception (Mathew et al.,
2021; Masry et al., 2022; Lu et al., 2023; Xiao et al.,
2024; Liu et al., 2024; Chen et al., 2024; Jiang et al.,
2025; Wu and Xie, 2024; Wang et al., 2025c). Re-
cent visual-grounded benchmarks emphasize fine-
grained understanding and active visual reason-
ing (Lai et al., 2025; Li et al., 2025b,c; Lin et al.,
2025a; Guo et al., 2025a). VisualToolBench evalu-
ates tool-enabled image perception, transformation,
and reasoning with detailed rubrics, but does not
evaluate whether tool use is necessary relative to
each model’s own capability boundary (Guo et al.,
2025b). More broadly, most existing benchmarks
focus on task success rather than adaptive mode
selection, and efficiency-oriented metrics such as
tool-call turns or token reduction (Zhang et al.,
2025b,a) do not evaluate adaptive decisions or rea-
soning quality. Tab. 1 summarizes this gap.

3 AdaptMMBench

AdaptMMBench focuses on two perspectives: rea-
soning mode selection and reasoning process.

3.1 Data Formulation
Formally, AdaptMMBench is constructed as a set
of samples D = {di}Ni=1, where each data di is

defined as

di = (I,Q,A,E,K). (1)

Here, I ∈ RH×W×3 denotes the input image, Q
is the textual query, and A is the ground-truth an-
swer. To support adaptive evaluation, we provide
the tool annotation E that specifies how essential
visual information can be obtained, including the
coordinates of key image regions as well as the
required transformations such as rotation and con-
trast adjustment. K = {k1, . . . , km} is an ordered
sequence of human-verified key reasoning steps
describing the solution path from (I,Q) to A.

During inference, the model only observes the
image I and the query Q. Acquiring the visual in-
formation specified by E requires invoking a visual
tool t(I, τ) via code execution or function calls,
where t ∈ T is a tool from the predefined toolset
and τ denotes its execution arguments.

3.2 Data Collection
AdaptMMBench encompasses 1,420 samples span-
ning five domains: natural scene, OCR, GUI, math,
and knowledge, enabling a comprehensive evalua-
tion of adaptive reasoning across diverse scenarios,
and some examples are shown in Fig. 3.

The data sources span all five domains.
Natural-scene samples are drawn from Visual-
Probe (Lai et al., 2025) and SA-1B (Kirillov et al.,
2023); text-rich and OCR samples come from
ChartQA (Masry et al., 2022), DocVQA (Mathew
et al., 2021), ChartQA-Pro (Masry et al., 2025),
MM-RealWorld (Zhang et al., 2025c), and InSight-
o3 (Li et al., 2025b). Mathematical samples build
on MathVista (Lu et al., 2023), MathVerse (Zhang
et al., 2024), We-Math (Qiao et al., 2025a), Log-
icVista (Xiao et al., 2024), VisuLogic (Xu et al.,
2025), AuxSolidMath (Guo et al., 2025a), and VT-
Bench (Lin et al., 2025a). GUI samples use GUI-
Knowledge-Bench (Shi et al., 2025), MMBench-
GUI (Liu et al., 2024), and WebWalker (Wu et al.,
2025a), while knowledge-intensive samples use
MMMU (Yue et al., 2024) and SciVerse (Guo et al.,
2025c). Further details are provided in App. D.

To ensure difficulty stratification, annotators fil-
ter out overly simple candidates when annotating
answer-region bounding boxes and key reasoning
steps, so that the final benchmark contains both
easy and challenging samples. The resulting diffi-
culty composition is analyzed in App. D.3.

Building on prior adaptive reasoning meth-
ods (Chern et al., 2025; Zhang et al., 2025b), Adapt-
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Q: What is the value 
represented by the 
triangle?

Natural Scene OCR

A: Yellow with black

Q: What color are the 
cat's eyes?

Bounding Box:
[930, 599, 1387, 887]
Key step: 
1. Identify the cat.
2. Locate the cat's eyes.
3. Determine the irises are 
yellow and the pupils are black.

A: 7.99

i. Zoom-in Tool

Q: Average the values of  
the line in this chart.

Bounding Box:
[160, 260, 780, 325]
Key step: 
1. Identify the line's values: ...
2. Compute the sum: ...
3. Calculate the average: ...

A: Somersby

ii. Enhance Tool

Q: What brand name 
appears under tree? A: 20418

ii. Enhance Tool

Q: What is the zip code? Key step: 
1. Identify the address block ...
2. Locate the line with city...
3. Extract the zip code ...

Key step: 
1. Identify the tree.
2. Locate the word under ...
3. Read the word as Somersby.

GUI

Math

A: Six

i. Zoom-in Tool

Q: How many tabs are 
visible along the top of  
the "Fields" dialog?

Bounding Box:
[650, 350, 1340, 390]
Key step: 
1. Identify the open 'Fields' 
dialog in the screen.
2. Identify the tab row at the top 
of  this dialog.
3. Count the tabs total 6.

A: B:This is not a one-
to-one function

i. Zoom-in Tool

Q: Answer question 465.

Bounding Box:
[50, 657, 1200, 1483]
Key step: 
1. Identify the relation criterion ...
2. Recall the one-to-one ...
3. Observe that the line y ...
4. Conclude the relation fails ...

iii. Generation Tool

ii. Enhance Tool

Q: Does clicking on the 
third suggestion in the 
search panel open a 
webpage?

ii. Enhance Tool

Key step: 
1. Identify square = 5.
2. Identify circle = square - 2.
3. Substitute square = 5 ...
4. Identify triangle + circle ...
5. Substitute circle = 3 and ...

Key step: 
1. Identify the 'Suggestions' ...
2. Identify the third ...
3. Observe this item is not ...A: no

A: 2

i. Zoom-in Tool

Key step: 
1. From 'the distance from P to 
each side is 3 cm', identify ...
2. Set the inradius r ...
3. Compute the semiperimeter ...
4. Use the theorem: ...
5. Calculate A = 3 × 20 = 60
6. Select the options C.

A: (C) 60

Q: As shown in the figure, 
the perimeter of  triangle 
ABC is 40cm. The distance 
from P to each side of  the 
triangle is 3cm. What is 
the area of  triangle ABC?
Options: 
(A) 50 (B) 55
(C) 60 (D) 90

Key step: 
1. Identify the question...
2. Compare Experiment 1 vs 2 ...
3. Calculate the average: ...
4. Calculate for [A]=0.02 ...

Knowledge

A: (B) 4.8e-4

i. Zoom-in Tool

Q: Answer question 401.

Bounding Box:
[838, 65, 1561, 663]

A: carotene

ii. Enhance Tool

Q: Which pigment has the 
greatest Rf  value?

Key step: 
1. Identify the pigment bands ...
2. Observe that carotene ...
3. Recall formula: Rf  = ...
4. The farthest band ...

Rotation: 180°

Rotation: 180° Rotation: 135°

Brighter: 5 Brighter: 2.5

Figure 3: An Overview of AdaptMMBench. The benchmark contains data from five domains. Each domain
includes samples requiring zooming and enhancement tools.
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Figure 4: Domains and category of AdaptMMBench.

MMBench evaluates tools beyond zooming, includ-
ing rotation correction, brightness adjustment, and
contrast enhancement. Zooming and transforma-
tion samples are collected at a 5:2 ratio. We fur-
ther collect 120 math samples requiring auxiliary-
line generation, suggesting reasoning over self-
generated images is an extension of the “think with
image” paradigm, as shown in Fig. 4.

3.3 Annotation and Quality Control
Visual Tool & Key Step Annotation. We collect
initial data from existing benchmarks, with anno-
tators providing bounding-box annotations for key
regions. Visual enhancement annotations, such as

brightness, contrast, and rotation parameters, are
not manually annotated. They are obtained by ap-
plying predefined perturbations to original images
and recording the corresponding transformation
parameters for recoverability. GPT-5 is used to
generate key reasoning steps K, which are manu-
ally verified. These components form annotated
quintuples (I,Q,A,E,K).
Quality Control. Benchmark quality is ensured
through a multi-stage verification pipeline. First,
three independent annotators cross-validate each
QA pair to remove ambiguity and wrong data. An-
notated image transformations and generated key
reasoning steps are then reviewed by additional
annotators for precision. Inaccurate instances are
iteratively refined or re-annotated. This process en-
sures high-fidelity ground truth and key reasoning
steps annotations. Additional statistics information
are provided in App. D.

4 Evaluation Strategy

4.1 Evaluation Settings

We define three evaluation settings to systemati-
cally assess both mode selection and the reasoning
process, controlled by minimal prompt modifica-
tions (detailed in App. H).
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Decision Label

Text Reasoning
Oracle-visual 
Reasoning

Tool Sufficient

Evaluation Metric

Tool Required

Tool Required

Text Sufficient

TP FN

FP TN
MCC

Adaptive Reasoning

TextualTool-use

Step 1: First, I need…

Tool 1: Parameter/code
Tool 1 execution: Success… 
<image>
Step 2: Now I can …

Tool 2:  Parameter/Code 
Tool 2 execution: Success… 
<image>
Step 3: Finally…

Tool 3:  Parameter/Code 
Tool 3 execution: Success… 
<image>

Step 1…
Step 2…
Step 3…
Step 4…
Step 5…

Consistent

Inconsistent

Consistent

Tokens Numbers Reasoning Turns Tool Usage Frequency

Adaptive Evaluation Reasoning Process

Key Steps Coverage Tool Execution Effectiveness

Efficiency

Key Step 1: Count…
Key Step 2: Confirm...
Key Step 3: Locate…

Annotations

Figure 5: Evaluation pipeline for mode selection and reasoning process.

• Text-Reasoning Setting: Given (I,Q), the
model relies on text reasoning over the given
image, without invoking visual tools, provid-
ing a baseline for assessing tool necessity.

• Adaptive Reasoning Setting: Given (I,Q),
the model adaptively selects between text
reasoning and tool-augmented visual reason-
ing. This mode evaluates whether the model
chooses an appropriate reasoning strategy and
how effectively it carries out the resulting rea-
soning process.

• Oracle-Visual Setting: Given (I,Q, IE),
where IE denotes gold-standard visual evi-
dence from annotation E, the model performs
text reasoning over the provided visual evi-
dence, providing an upper-bound performance
under perfect visual acquisition (App. H).

4.2 Reasoning Mode Selection Evaluation
Adaptive intelligence requires a model not only
to answer correctly, but also to decide whether
the information currently available is sufficient or
whether additional evidence is needed. We there-
fore evaluate reasoning mode selection as a deci-
sion problem distinct from final answer prediction.

Under this principle, tool necessity is induced
separately for each evaluated model. For a model
m, we first run the Text-Reasoning setting and com-
pare its answer with the dataset ground truth. A
correct text-only answer induces a model-specific
Text-Sufficient label, whereas an incorrect answer
induces a Tool-Required label. We then com-
pare this reference label with the same model’s
tool-use decision in the Adaptive setting to obtain
TP, TN, FP, and FN. Specifically, TP and FN are
Tool-Required cases with and without tool invo-
cation, respectively, while TN and FP are Text-
Sufficient cases without and with tool invocation,

respectively.
These categories operationalize model-specific

difficulty: Text-Sufficient and Tool-Required cor-
respond to relatively easy and relatively difficult
instances with respect to a model’s own text-
reasoning capability boundary, rather than univer-
sal easy/hard labels. Consequently, the same in-
stance may receive different reference labels for
different models. For Text-Sufficient cases, invok-
ing tools is unnecessary and may introduce noise;
for Tool-Required cases, the model should seek
additional visual evidence through tools.

We use the Text-Sufficient and Tool-Required
categories as reference labels for evaluating rea-
soning mode selection through the confusion ma-
trix in Fig. 5. Further discussion is provided in
App. A. Importantly, Tool-Required indicates that
additional visual evidence is necessary for reliable
response. Therefore, we construct our benchmark
by selecting samples where richer visual evidence
supports correct resolution. This is validated by the
oracle setting, where introducing gold-standard vi-
sual information enables the SOTA model, Gemini-
3-Pro, to achieve 100% accuracy (Tab. 4).

Matthews Correlation Coefficient (MCC). In
reasoning mode selection, the proportions of
text-sufficient and tool-required cases are model-
specific, which can lead to varying degrees of class
imbalance in the confusion matrix. To ensure ro-
bust evaluation under such imbalance, we report
the Matthews correlation coefficient (MCC)

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN) + ϵ
,

(2)
where ϵ is a small constant for numerical stability.
MCC ranges from [−1, 1], with 1 indicating per-
fect agreement with the optimal mode selection, 0
denoting the chance-level performance, and −1 in-
dicating complete misalignment. Detailed analysis

49765



is provided in App. B.3.1.

Prompt Robustness of Text Reasoning. We an-
alyze the effects of minor prompt variations on text
and adaptive reasoning. Specifically, we compare
answers from the enforced text-reasoning prompt
with cases where the model selects text reason-
ing under the adaptive prompt. Among adaptive-
mode samples that choose text reasoning, only
2% produce final answers inconsistent with the
enforced text-reasoning run. Details are provided
in App. B.2. This indicates that the categories are
robust to prompt variation, and the performance
difference remains stable.

4.3 Reasoning Process Evaluation

We introduce three process-oriented metrics to eval-
uate reasoning coherence and tool execution fi-
delity. A trajectory R is formalized as an inter-
leaved sequence of thought and tool invocations:

R = {(s1, t1), (s2, t2), . . . , sn}, (3)

where si is the thought at step i and ti ∈ T repre-
sents the corresponding tool invocation. The trajec-
tory terminates at the final reasoning step sn, and
produces the answer.

4.3.1 Key Steps Coverage
Following the evaluation paradigm of (Jiang et al.,
2025), we assess whether a model’s reason-
ing chain {si}ni=1 covers the essential human-
annotated key steps K defined in Sec. 3.1. We
employ GPT-5 as an evaluator to identify the pres-
ence of these key steps within the generated steps,
and define the key step coverage as

KCoverage =
1

|K| max
1≤i≤|K|

[i · I(JudgeGPT-5 (ki, {s1, . . . , sn}) = 1)] .

(4)
The judge semantically compares each key step
with the complete trajectory, allowing steps to be
merged, expressed implicitly, or stated using dif-
ferent wording. The maximization identifies the
furthest covered key step and does not require every
preceding step to be separately verbalized. Detailed
explanation is provided in App. B.4.

4.3.2 Tool Execution Effectiveness
When a model invokes tools, we assess execution
quality over the tool-calling segments of its trajec-
tory, checking whether each invocation is seman-
tically appropriate for its corresponding reasoning
step, avoids redundant calls, follows tool-use rules,

and completes without execution errors. The tool
effectiveness is defined as

Effecttool =
1

Ntool

Ntool∑

i=1

validGPT-5(ti | si), (5)

where Ntool denotes the total number of tool invo-
cations, ti ∈ T is the tool invoked at step i, and
validGPT-5(·) ∈ {0, 1} is a semantic validity judg-
ment provided by GPT-5 (detailed in App. B.5).

4.3.3 Reasoning Efficiency
For efficiency, we report token numbers, reasoning
turns, and tool usage frequency, collectively captur-
ing the conciseness of reasoning and the computa-
tional cost of adaptive execution.

Table 2: Evaluation of mode selection across models.
We report TP, TN, FP, FN, and MCC on the 1,300-
sample subset using temperature = 0 for determinis-
tic evaluation. Randomness robustness is analyzed in
App. B.3.3. Best and second-best MCC scores in each
category are highlighted in blue and green .

Model TP ↑ TN ↑ FP ↓ FN ↓ MCC ↑
Open-Source Models

PixelReasoner 202 500 279 319 0.03
Deepeyes 526 0 774 0 0.00
Thyme 16 795 23 466 0.01
PyVision 405 302 486 107 0.18
Deepeyes v2 522 9 765 4 0.02
AdaptVision 257 273 519 251 0.16
Qwen3-vl-8B-Instruct 225 447 464 164 0.06
Qwen3-vl-32B-Instruct 231 282 753 34 0.14
Qwen3-vl-235B-Instruct 181 548 515 56 0.22

Closed-Source Models

GPT-5 354 500 409 37 0.42
Gemini-3-Pro 167 386 738 9 0.22

Table 3: Comprehensive evaluation of reasoning pro-
cess, including key step coverage (Key Step Cov.), tool
effectiveness (Tool Effect.), and efficiency. LLM judge
reliability, randomness and human agreement validation
are detailed in App. E.

Model
Key Step

Cov. (%) ↑
Tool

Effect. (%) ↑
Efficiency

Steps ↓ Tools ↓ Tokens ↓
PixelReasoner 67.91 62.99 1.37 0.37 4004.83
Deepeyes 65.57 55.17 2.01 1.69 7004.44
Thyme 69.65 57.44 1.06 0.06 6296.46
PyVision 74.10 62.19 2.56 1.56 6682.46
Deepeyes v2 69.96 59.89 2.09 1.08 6521.65
AdaptVision 65.56 85.55 1.43 0.44 4027.47
Qwen3-vl-8B 76.36 93.79 1.69 1.07 7366.83
Qwen3-vl-32B 81.47 91.42 2.25 1.27 6883.91
Qwen3-vl-235B 82.27 93.93 1.90 0.90 6744.54

Closed-Source Models (Observable Traces)

GPT-5 80.13 92.36 2.37 2.73 2069.05
Gemini-3-Pro 81.22 93.23 1.02 0.82 4431.86

5 Experiments

We conduct a comprehensive quantitative evalu-
ation of adaptive reasoning on AdaptMMBench,
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focusing on three complementary dimensions: (i)
reasoning mode selection capability, (ii) quality and
efficiency of reasoning process, and (iii) accuracy
across evaluation settings.

5.1 Experiment Setting
We evaluate a set of VLMs to establish baselines for
AdaptMMBench. For closed-source models, we se-
lect GPT-5 (OpenAI, 2025a) and Gemini3 (Google
DeepMind, 2025). For open-source models, we
include the Qwen3-VL family (Bai et al., 2025)
at multiple scales (8B, 32B, and 235B). In addi-
tion, we evaluate several specialized adaptive rea-
soning models, including DeepEyes (Zheng et al.,
2025; Hong et al., 2025), PixelReasoner (Wang
et al., 2025b), Thyme (Zhang et al., 2025b), PyVi-
sion (Zhao et al., 2025), and AdaptVision (Lin et al.,
2025b). For all evaluated models, we follow the
implementation details provided in their official
codebases.

5.2 Reasoning Mode Selection Capability
Reasoning mode selection capabilities differ across
models. In Tabs. 2 and 4, mode selection capabil-
ity does not exhibit a strong correlation with final
task accuracy. Although MCC uses model-relative
labels, we discuss its cross-model comparability
and robustness in App. B.3.2 and App. B.3.3, re-
spectively. Tab. 4 reports results on 1,300 samples,
while the 120 mathematical problems requiring
auxiliary-line generation are analyzed separately in
Tab. 5, as this task family depends on self-generated
visual cues beyond the standard transformation
tools in our main evaluation.
Reasoning mode selection captures a different
aspect of model capability than final accuracy.
GPT-5 attains the highest MCC of 0.42, indicating
stronger mode-selection capability than Gemini-3-
Pro, while Gemini-3-Pro achieves the best adaptive
reasoning performance.
Strong reasoning mode selection is helpful, but
final adaptive gains and efficiency also depend
on overall model capability. Specifically, GPT-5
makes more correct tool-required decisions (TP:
354 vs. 167) and more correct tool-redundant de-
cisions (TN: 500 vs. 386), while producing sub-
stantially fewer unnecessary tool invocations (FP:
409 vs. 738). Accordingly, GPT-5 obtains a larger
adaptive gain in Tab. 4 (15.46 vs. 8.31). However,
Gemini-3-Pro still attains higher final adaptive ac-
curacy because its text reasoning is much stronger,
while GPT-5 starts from a lower baseline, likely

partly due to its compressed visual-token setting.
Similarly, although AdaptVision exhibits relatively
strong reasoning mode selection capability among
open-source models, its performance in the adap-
tive setting does not substantially outperform the
text-only setting, primarily because its key-step
coverage is quite weak (as shown in Tab. 3). Ad-
ditional evidence and detailed correlation analyses
between diagnostic metrics and final accuracy are
provided in App. C.
Imbalanced mode selection behavior is observed
in some models. Several specialized adaptive mod-
els exhibit imbalanced mode selection behavior,
either invoking tools excessively or rarely. For
example, Deepeyes invokes tools for all 1,300 sam-
ples, while Deepeyes v2 invokes tools for 1,287
samples (99.0%). In contrast, Thyme triggers tool
usage in only 39 samples (3.0%). Such imbalanced
patterns are associated with lower mode selection
performance, despite competitive accuracy.

5.3 Quality and Efficiency of the Reasoning
Process

Tab. 3 evaluates key-step coverage, tool effective-
ness, and efficiency. For closed-source models,
this evaluation is restricted to externally observable
traces and does not assess unexposed internal rea-
soning. Qwen3-VL-235B attains the strongest key-
step coverage among open-source models, while
GPT-5 and Gemini-3-Pro achieve comparable pro-
cess quality on their observable traces. Larger open-
source models also demonstrate stronger tool effec-
tiveness, better aligning tool usage with reasoning
intent.
Tool effectiveness varies with models. Qwen3 fam-
ily shows strong performance, while some smaller
models are less effective. This may stem from
repeated or unnecessary tool calls, as well as code-
based tool invocation in Deepeyes v2, Thyme, and
PyVision, which introduces more complexity than
the function-call interface used by Qwen models.
Token usage is not positively correlated with steps
or tool calls. Considering efficiency, token usage
varies across models and does not correspond to
the number of reasoning steps or tool calls. For
example, Thyme uses the fewest steps and tool
invocations, yet consumes more tokens than PyVi-
sion, which has the most steps. This suggests that
token cost is affected by image-input configura-
tions, such as the maximum pixel budget, rather
than solely by reasoning length or tool frequency.
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Table 4: Accuracy across different domains under three evaluation settings. Results are reported on 1,300 Adapt-
MMBench samples. The remaining 120 samples require visual generation ability and are analyzed separately in
Tab. 5. * indicates that the model supports enhancement operations. “w/o enh.” corresponds to the non-transformed
subset, and “All” denotes overall accuracy.

Model Mode Natural scene OCR GUI Knowledge Math (w/o aux) Overall Accuracy

w/o enh. All w/o enh. All w/o enh. All w/o enh. All w/o enh. All w/o enh. All

Open-Source Models

PixelReasoner
Text 60.56 59.00 77.87 70.67 64.26 62.67 59.88 57.50 46.37 43.50 62.81 59.92
Adaptive 64.79 63.67 79.92 73.00 63.54 62.00 57.49 57.50 43.58 41.50 63.34 61.08
Oracle 79.58 79.00 87.30 85.00 70.40 69.33 62.87 65.00 60.89 60.00 73.68 73.08

Deepeyes
Text 66.90 65.33 71.31 63.00 66.79 65.33 52.10 50.50 49.16 46.00 62.90 59.54
Adaptive 66.55 65.33 72.54 65.00 64.62 63.00 58.08 55.50 52.51 49.00 63.94 60.69
Oracle 80.99 80.33 80.33 78.33 75.09 75.33 68.86 70.50 64.25 63.50 75.07 74.62

Thyme∗
Text 69.72 68.00 79.92 70.33 66.43 64.67 62.28 57.50 50.84 47.00 67.07 62.92
Adaptive 74.30 72.67 83.20 74.67 70.04 67.67 55.09 50.00 51.96 49.50 68.90 64.92
Oracle 86.62 86.00 86.89 85.33 75.09 75.00 67.07 68.50 65.36 65.00 77.76 77.38

PyVision∗
Text 57.75 57.67 78.28 71.67 84.48 81.33 47.31 45.00 35.75 33.00 63.60 60.62
Adaptive 60.92 59.67 82.38 76.00 87.73 84.67 68.26 62.50 36.87 35.00 69.24 65.85
Oracle 96.13 94.00 81.15 80.33 92.42 90.67 55.09 58.00 51.40 50.00 79.15 77.77

Deepeyes v2∗
Text 72.18 70.33 77.46 69.67 66.79 65.00 53.29 50.50 45.81 43.00 65.16 61.69
Adaptive 72.89 71.00 78.69 70.00 71.48 69.67 59.88 55.00 50.28 49.50 68.38 64.69
Oracle 83.80 83.00 86.48 85.00 77.62 77.67 60.48 61.50 63.69 63.00 76.37 75.85

AdaptVision
Text 64.08 62.33 79.10 71.00 62.82 61.00 56.29 56.50 51.40 48.00 63.86 60.92
Adaptive 64.08 62.33 82.38 74.00 66.06 64.33 60.48 55.50 53.63 49.50 66.29 62.46
Oracle 83.80 83.00 89.34 88.00 71.48 72.00 73.05 74.50 72.63 72.00 78.71 78.62

Qwen3-vl
-8B-Instruct

Text 72.54 69.33 83.61 73.67 74.01 72.00 77.84 71.50 65.36 61.50 74.89 70.08
Adaptive 68.31 67.00 86.07 77.00 75.09 72.67 86.83 80.00 69.27 65.00 76.54 72.31
Oracle 89.79 89.00 93.44 90.33 83.03 81.67 86.23 84.50 83.24 83.50 87.40 86.08

Qwen3-vl
-32B-Instruct

Text 71.48 69.00 93.03 84.00 87.73 84.00 91.02 84.50 82.68 77.50 84.54 79.62
Adaptive 77.46 75.67 95.49 87.33 88.09 83.67 90.42 85.50 83.24 78.50 86.62 82.15
Oracle 95.77 95.00 97.95 97.33 90.97 87.67 98.80 98.50 94.97 95.00 95.40 94.38

Qwen3-vl
-235B-Instruct

Text 73.94 70.67 93.44 84.67 90.61 87.33 91.02 85.50 88.83 82.00 86.88 81.77
Adaptive 77.46 74.67 94.26 86.00 90.97 87.67 97.60 91.50 84.92 79.00 88.36 83.54
Oracle 94.72 93.00 97.54 96.33 99.64 97.67 98.20 98.00 97.77 97.50 97.48 96.31

Closed-Source Models

GPT-5∗
Text 63.03 62.67 87.70 80.00 87.73 85.33 73.05 67.50 48.04 45.00 73.33 69.92
Adaptive 79.23 77.67 95.90 88.67 93.14 91.33 95.21 89.00 81.01 79.50 88.71 85.38
Oracle 98.94 97.33 99.18 96.33 98.19 97.00 100.00 98.00 98.88 96.50 98.96 97.00

Gemini-3-Pro∗
Text 73.59 72.00 95.49 92.33 95.67 94.67 93.41 90.50 86.59 83.00 88.44 86.46
Adaptive 90.14 88.67 97.54 95.33 97.47 97.67 98.80 98.50 97.77 95.00 95.92 94.77
Oracle 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

5.4 Accuracy across Evaluation Settings

We analyze model performance across evaluation
settings, including text, adaptive, and oracle tool
reasoning, as shown in Tab. 4 and Tab. 5.
Significant performance gap between adaptive
and oracle reasoning. As shown in Tab. 4, adap-
tive reasoning often achieves performance close to
or slightly better than text reasoning, suggesting
that additional visual evidence can reduce uncer-
tainty and improve accuracy. However, adaptive
reasoning still remains below the oracle setting,
with an oracle-adaptive gap ranging from 5.23 to
16.16 percentage points across models. We further
analyze the causes of this adaptive-oracle gap of
GPT-5 in Sec. 5.5. This gap reflects multiple cou-
pled factors, including incorrect mode selection,
multi-step visual noise, and residual model limita-
tions, but most of the recoverable gap stems from
imperfect tool invocation.

Generation-Based Tools Are Beneficial for Cer-
tain Tasks. We conduct an exploratory analysis on
auxiliary-line generation tasks, as shown in Tab. 5.
For most models in our evaluation, adaptive reason-
ing yields limited or negative gains over text rea-
soning, whereas oracle access to ground-truth aux-
iliary lines brings substantial improvements. Addi-
tional experiments with visual-generation models
(App. B.6) show that visual auxiliary information
provides the main spatial benefit, while textual de-
scriptions support construction planning. Mislead-
ing auxiliary evidence consistently degrades perfor-
mance, and the remaining gaps reveal bottlenecks
in both tool-based construction and downstream
visual reasoning.

5.5 Error Analysis

We analyze GPT-5 errors under adaptive mode to
understand the gap between adaptive and oracle-
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Table 5: Experimental results on geometric auxiliary-
line problems across different Evaluation settings.

Model Text Acc Adaptive Acc Oracle Acc

Open-Source VLMs

Thyme 21.67 21.67 24.17
PyVision 15.83 29.17 32.50
Deepeyes v2 19.17 19.17 25.83
Qwen3-vl-8B 50.00 46.67 62.50
Qwen3-vl-32B 63.33 58.33 79.17
Qwen3-vl-235B 62.50 68.33 84.17

Closed-Source Models

Gemini-3-Pro 85.00 78.33 94.17
GPT-5 75.00 86.67 89.17
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Figure 6: Error Analysis on GPT-5.

visual reasoning. As shown in Fig. 6, 42.3% of
errors come from visual reasoning failures, such as
incorrect zooming or image transformations, and
8.3% from incorrect mode selection, where the
model invokes tools despite text reasoning being
sufficient. Another 7.3% occur after correct vi-
sual reasoning, suggesting that intermediate im-
ages in multi-step reasoning may introduce noise.
For no-tool cases, forced tool invocation corrects
7.0% of errors, while 6.3% remain incorrect; the re-
maining 28.8% exceed GPT-5’s capability. Overall,
among the 71.2% of errors recovered by oracle-
visual mode, directly tool-related factors account
for 71.1% of the recoverable gap, indicating that
imperfect tool invocation is the main bottleneck.

6 Conclusion

We present AdaptMMBench, a benchmark for
adaptive multimodal reasoning in VLMs. Adapt-
MMBench defines text-sufficient and tool-required
cases in a model-specific manner and evaluates
mode selection, reasoning quality, and efficiency.
Results show that accuracy and MCC capture com-
plementary capabilities, while analyses of reason-
ing quality and efficiency guide improvements in
VLM performance and efficiency. We hope Adapt-
MMBench can support future work on VLMs that

decide when to use tools, execute them effectively,
and reason efficiently over multimodal evidence.

Limitations

AdaptMMBench is currently limited to static think-
with-image tasks. Future work can extend the
benchmark to video-based settings, where adaptive
reasoning must decide when to inspect temporal
evidence, track objects, or invoke frame-level tools.
AdaptMMBench also focuses on a predefined set of
visual tools, including zooming, enhancement, and
auxiliary-line generation; broader tool ecosystems
and more open-ended agentic actions remain impor-
tant directions. Each instance currently contains
a single reference key-step sequence. Although
our semantic, max-based evaluator accommodates
merged, implicit, or skipped intermediate steps, it
may still underestimate a substantially different
but valid reasoning path. For closed-source models,
process evaluation is restricted to externally observ-
able traces and cannot assess unexposed internal
reasoning. Finally, although we cover several major
domains, the benchmark can be further expanded
to specialized scenarios such as 3D understanding,
medical imaging, and other high-stakes visual rea-
soning domains.
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A Category Validity

This section clarifies the validity of our adaptive
categories, especially the Tool-Required category.
AdaptMMBench is specifically designed to study
“thinking with images”. Accordingly, the collected
samples are mostly question-answering instances
that require fine-grained visual evidence or visual
enhancements, such as contrast adjustment and ro-
tation correction. These samples are grounded in
visually rich images where richer local evidence
can change the reasoning outcome.

To verify this design, we further analyze cases
where text-only reasoning fails and measure how
often they are recovered under adaptive and oracle-
visual reasoning. The oracle setting factors out
errors caused by imperfect tool invocation and di-
rectly tests whether richer visual evidence is suffi-
cient for solving the sample. As shown in Table 6, a
substantial portion of text-only errors can be recov-
ered once richer visual evidence is introduced, with
Gemini-3-Pro reaching 100.00% recovery under
oracle visual evidence.

At the same time, Tool-Required does not mean
that every evaluated model is guaranteed to solve
the sample after invoking tools. A sample is con-
sidered Tool-Required when the model should rec-
ognize that text-only reasoning is insufficient and
acquire additional visual evidence through tools.
This is an operational, capability-boundary-aware
notion of reasoning-path selection, rather than a
claim that tool use must fully resolve the task for
every model.

In practice, text-only errors may also arise from
limited commonsense, weak logical reasoning,
missing knowledge, or output instability. Neverthe-
less, under our benchmark setting, invoking tools
remains the more appropriate reasoning path when
text-only reasoning fails, because visual operations
provide the primary mechanism for introducing ad-
ditional evidence. Richer visual details may reduce
uncertainty and improve the reliability of the final
answer. We therefore define these cases as Tool-
Required not simply because text-only reasoning
fails, but because tool use provides systematic and
verifiable information gain.

B Evaluation Details

B.1 Supplementary Evaluation Settings
While the standard definitions of the Text-
Reasoning and Adaptive Reasoning settings are
described in Sec. 4, this section provides critical

methodological details and supplementary context
regarding the implementation and purpose of these
settings.

Design and Implementation of the Oracle-Visual
Setting. The Oracle-Visual setting is an idealized
diagnostic control, not a realistic deployment sce-
nario. Its purpose is not to estimate the perfor-
mance that an autonomous tool-using model can
directly achieve, but to isolate whether the rele-
vant visual evidence is sufficient once it is made
available. Concretely, the model is given the gold-
standard visual evidence IE , such as the annotated
crop or the correctly transformed image region,
and therefore does not need to perform target lo-
calization, tool selection, or parameter generation.
This design deliberately removes errors from the
evidence-acquisition stage and allows us to evalu-
ate the model’s reasoning and recognition ability
conditioned on perfect visual evidence.

Under this interpretation, the Oracle-Visual re-
sult should be read as a diagnostic upper bound
under perfect evidence acquisition. The Adaptive–
Oracle gap is therefore not a claim of directly recov-
erable deployment performance. Instead, it quan-
tifies the remaining challenge introduced by au-
tonomous tool use, including noisy localization,
incorrect transformation parameters, incomplete
evidence, and multi-step visual-processing errors.
A high oracle score together with a lower adap-
tive score indicates that the sample is solvable with
appropriate visual evidence, while the current adap-
tive system fails to acquire or use that evidence
reliably. Conversely, low oracle performance sug-
gests that the bottleneck cannot be explained by
tool execution alone and may also involve resid-
ual recognition or reasoning limitations. In this
way, Oracle-Visual helps separate evidence suffi-
ciency from tool-execution reliability and provides
a controlled reference point for interpreting adap-
tive failures.

This diagnostic design allows us to systemati-
cally disentangle the different capability compo-
nents of adaptive multimodal reasoning. Below,
we provide further evaluation details and statistical
evidence supporting the cross-model comparability
of our Matthews Correlation Coefficient (MCC)
metric, demonstrating that our results are robust
against model-specific label prevalence, tool-use
frequency, and sampling noise.
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Table 6: Recovery of text-only errors under adaptive and oracle-visual reasoning.

Model Text-Only
Errors

Adaptive
Correct

Adaptive
Recovery

Oracle
Correct

Oracle
Recovery

Qwen3-vl-235B 237 95 40.08% 200 84.39%
GPT-5 391 230 58.82% 355 90.79%
Gemini-3-Pro 176 124 70.45% 176 100.00%

B.2 Prompt Robustness and Operational
Delta Prompting

To ensure that the performance gaps between the
Text-Reasoning and Adaptive settings are not arti-
facts of general prompt engineering variations, we
employ a strict “delta prompting” protocol. Specif-
ically, instead of authoring two entirely different
system prompts, the Text-Reasoning prompt is gen-
erated by taking the model’s standard Adaptive
prompt and applying a minimal delta deletion: re-
moving the JSON schemas of tool definitions, tool
descriptions, and instructions regarding the search
process, while keeping all core task instructions
identical. This strict control ensures that perfor-
mance differences are purely driven by the presence
or absence of active tool-based perception, rather
than varying levels of prompt detail or formatting
constraints.

To empirically validate the sensitivity of our la-
bel construction to this delta prompting protocol,
we compare two outputs for each sample: (i) the an-
swer generated under the enforced Text-Reasoning
prompt, and (ii) the answer generated in the Adap-
tive setting when the model autonomously selects
text reasoning instead of invoking tools. The in-
consistency rate is computed over this autonomous
text-reasoning subset to measure whether the same
reasoning path changes its final answer due to the
prompt delta. Our evaluation shows that this in-
consistency rate remains extremely low, generally
within 0–5%, with an average of 2.66% across all
evaluated models. This confirms that the model’s
text-reasoning behavior is highly stable under the
minimal prompt delta, supporting the robustness of
our capability-relative label construction.

B.3 Validity and Justification of the MCC
Metric

B.3.1 Why MCC for Mode Selection
We use MCC as the primary metric for reason-
ing mode selection because this task is a binary
decision problem with model-dependent class im-
balance. As shown in Table 2, the confusion ma-
trices are not formed under a fixed global label

distribution: for each model, Tool-Required and
Tool-Redundant labels are induced by its own text-
reasoning capability. Table 7 makes this imbalance
explicit by aggregating the TP/TN/FP/FN entries in
Table 2 into the number of positive samples, P =
TP +FN , and negative samples, N = TN+FP ,
for each model. The Tool-Required prevalence
ranges from 13.5% for Gemini-3-Pro to 40.5% for
Deepeyes and Deepeyes v2, showing that differ-
ent models face substantially different capability-
relative class distributions. Meanwhile, the deci-
sion marginals are also highly skewed for some sys-
tems: Deepeyes invokes tools on all 1,300 samples,
while Deepeyes v2 invokes tools on 1,287 samples.
These near-degenerate policies can appear super-
ficially reasonable under imbalanced labels, but
they do not demonstrate selective reasoning mode
choice. A suitable metric should therefore reward
correct decisions on both classes, penalize degener-
ate policies such as always invoking tools or never
invoking tools, and remain meaningful when the
class distribution changes.

Table 7: Model-specific class imbalance and tool-use
prevalence derived from Table 2. P = TP + FN
denotes Tool-Required samples, and N = TN + FP
denotes Tool-Redundant samples.

Model P N Tool-Required (%) Tool-Use (%)

PixelReasoner 521 779 40.1 37.0
Deepeyes 526 774 40.5 100.0
Thyme 482 818 37.1 3.0
PyVision 512 788 39.4 68.5
Deepeyes v2 526 774 40.5 99.0
AdaptVision 508 792 39.1 59.7
Qwen3-vl-8B-Instruct 389 911 29.9 53.0
Qwen3-vl-32B-Instruct 265 1035 20.4 75.7
Qwen3-vl-235B-Instruct 237 1063 18.2 53.5
GPT-5 391 909 30.1 58.7
Gemini-3-Pro 176 1124 13.5 69.6

Accuracy is not sufficient for this setting be-
cause it is strongly affected by class prevalence.
If most samples are Text-Sufficient for a strong
text-reasoning model, a policy that rarely invokes
tools may obtain a deceptively high accuracy with-
out genuinely recognizing when tools are needed.
Conversely, for models with many Tool-Required
samples, frequent tool invocation can appear favor-
able even if it lacks item-level selectivity. Thus, ac-
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curacy can conflate adaptive decision quality with
the model-specific distribution of capability bound-
aries.

F1 score is also less appropriate because it em-
phasizes performance on a designated positive
class, typically Tool-Required, while ignoring true
negatives. In our evaluation, both types of cor-
rect decisions are important: invoking tools on
Tool-Required samples captures the ability to seek
missing evidence, while avoiding tools on Tool-
Redundant samples captures the ability to prevent
unnecessary computation and visual noise. A met-
ric that downplays true negatives would under-
evaluate this second capability, which is central
to adaptive reasoning.

AUC is designed for ranking or threshold-based
evaluation from continuous confidence scores. Our
benchmark evaluates the actual adaptive decision
made by the model during inference, namely
whether it invokes tools or remains in text reason-
ing mode. Many evaluated systems expose only
this discrete behavior rather than calibrated confi-
dence scores over tool necessity. Applying AUC
to such binary decisions would either require ad-
ditional assumptions about unavailable scores or
reduce to a less informative ranking comparison.

MCC better matches our evaluation goal. It in-
corporates all four confusion-matrix entries, nor-
malizes by the marginal frequencies of both the
ground-truth labels and model decisions, and yields
a balanced measure of agreement between tool ne-
cessity and tool invocation. As a result, MCC re-
mains informative under class imbalance and as-
signs near-zero scores to non-selective strategies
such as always-tool and never-tool policies. This
makes MCC a more suitable metric for evaluating
whether a model can recover its own capability-
relative mode-selection boundary.

B.3.2 Cross-Model Comparability of MCC
This subsection explains why the MCC values
in Table 2 can be compared across models, even
though the adaptive categories are constructed rela-
tive to each model’s capability boundary.

Although the Tool-Required and Tool-
Redundant categories are defined relative to each
model’s text-only capability, the resulting MCC
scores remain comparable across models. All
models are evaluated on the same question set,
with the same label-construction rule and the same
decision objective. The only model-dependent
component is the capability boundary induced by

each model’s own text-only performance.
A universal static label set would be less appro-

priate for adaptive mode selection, because tool
necessity is inherently model-relative. We there-
fore construct a capability-relative Tool-Required
/ Tool-Redundant boundary for each model under
a shared protocol, and evaluate how accurately the
model recovers its own boundary. Thus, MCC mea-
sures model-relative decision quality under a nor-
malized evaluation protocol, making cross-model
comparison meaningful.

Proposition B.1 (Cross-model comparability of
capability-relative MCC). Let D be the fixed eval-
uation set shared by all models. For each model m,
let Ym ∈ {0, 1} denote the capability-relative tool-
necessity label induced by the same text-reasoning
protocol, where Ym = 1 indicates Tool-Required
and Ym = 0 indicates Tool-Redundant. Let Zm ∈
{0, 1} denote the model’s adaptive decision, where
Zm = 1 means invoking tools and Zm = 0 means
using text reasoning. If the label-construction rule
and adaptive decision space are identical across
models, and both classes have non-zero counts,
then the MCC for model m equals the Pearson cor-
relation Corr(Ym, Zm). Therefore, MCC measures
the standardized agreement between a model’s
adaptive decision and its own capability boundary,
making MCC values comparable as normalized
capability-boundary recovery scores.

Proof. For binary variables, the Pearson correla-
tion between Ym and Zm can be written in terms
of the confusion matrix entries:

Corr(Ym, Zm) = TP ·TN−FP ·FN√
(TP+FP )(TP+FN)(TN+FP )(TN+FN)

(6)
This is exactly the Matthews Correlation Coeffi-
cient. Since correlation is standardized by the
marginal frequencies of both variables, it evalu-
ates agreement after normalizing for class imbal-
ance. Under our shared protocol, the only model-
dependent component is the capability boundary
Ym; the decision objective remains the same for all
models, namely to recover whether text reasoning
is sufficient for that model. Thus, MCC values com-
pare the same normalized quantity across models:
the quality of capability-relative mode selection.

By-construction property versus empirical find-
ing. By construction, MCC measures capability-
relative alignment between a model’s adaptive tool-
use decisions and its empirically observed text-only
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sufficiency, whereas final accuracy measures task
success. The distinction between these objectives
follows from the metric design; it is not itself an
empirical discovery. The empirical finding is that
the two metrics produce different model rankings:
GPT-5 achieves a higher MCC than Gemini-3-Pro,
while Gemini-3-Pro achieves substantially higher
final adaptive accuracy. Thus, the observed rank-
ing reversal shows that mode-selection alignment
captures information not reflected by final accuracy
alone.

Controlled comparison with shared labels. To
test whether this ranking is driven by model-
specific labels, we compare GPT-5 and Gemini-
3-Pro on 1,005 questions for which both models
induce the same reference labels. This shared-
label set contains 136 Tool-Required and 869 Text-
Sufficient questions. GPT-5 retains a higher MCC
than Gemini-3-Pro (0.331 vs. 0.278). We fur-
ther evaluate a class-balanced subset containing
136 Tool-Required and 136 Text-Sufficient ques-
tions. GPT-5 again obtains a higher MCC (0.518
vs. 0.466), whereas Gemini-3-Pro achieves substan-
tially higher answer accuracy (82.88% vs. 68.64%).
Therefore, the opposite MCC and accuracy rank-
ings persist after controlling for the evaluated ques-
tions, reference labels, and class proportions.

Item-level bootstrap analysis. We additionally
assess sampling uncertainty through an item-level
paired bootstrap over the benchmark instances,
recomputing each model’s MCC and their dif-
ference for every resample. GPT-5 obtains an
MCC of 0.424 with a 95% confidence interval of
[0.383, 0.464], while Gemini-3-Pro obtains 0.217
with a 95% confidence interval of [0.183, 0.249].
The paired MCC difference is 0.207 with a 95%
confidence interval of [0.159, 0.255] (p < 0.0001).
These results support the stability of the MCC dif-
ference on the evaluated benchmark; they should
not be interpreted as evidence of generalization
beyond this evaluation distribution.

B.3.3 Metric Stability: Robustness to Tool
Sets and Difficulty Thresholds

We further examine the stability of the Matthews
Correlation Coefficient (MCC) under two potential
confounding factors: the composition and scale of
the available tool set, and the specific threshold
used to define task difficulty. Our analysis demon-
strates that MCC is a robust and highly stable eval-
uation metric for benchmarking reasoning mode

selection, producing consistent and invariant model
rankings.
Decoupling from Tool-Set Scale and Tool Types.
A model’s final adaptive accuracy is naturally influ-
enced by the scale and composition of the available
tool set, as larger tool sets introduce downstream
execution complexities (e.g., redundant tool calls,
execution failures, or noisy intermediate states).
However, a key design strength of our evalua-
tion framework is that the MCC metric itself re-
mains stable and unaffected by downstream tool-
set variations. Because the Tool-Required and
Tool-Redundant ground-truth labels are induced
solely by the model’s baseline text-reasoning capa-
bility, the target decision boundary is completely
determined by the model’s intrinsic knowledge
boundaries, independent of the external tool set.
MCC evaluates the model’s pure meta-cognitive
decision of whether to seek external evidence, iso-
lating this selective capability from the practical
execution of specific tools. Consequently, while
varying the tool set may change the final accuracy
or tool-conditioned success rate, it does not alter
the model’s underlying capability boundary or its
decision calibration. The MCC metric thus serves
as a robust, invariant measure of reasoning mode
selection, successfully decoupling the cognitive
choice of tool invocation from downstream execu-
tion noise.
Robustness of Mode Selection Evaluation

We use temperature = 0 in the main evaluation,
so decoding is deterministic and one decode per
item is sufficient. This choice is made for both
evaluation stability and efficiency. To further assess
robustness, we additionally test a stochastic setting
with temperature = 0.7 and report the resulting
MCC variation in Table 8.
Robustness to Difficulty Thresholds and Rank
Stability. In our main evaluation, the Tool-
Required label is defined in a model-specific,
capability-relative manner based on whether text-
only reasoning fails for that specific model. To
prove that our evaluation conclusions and model
rankings are not sensitive to this specific definition,
we perform a rigorous robustness check using a
cross-model difficulty score:

d(x) =
1

M

M∑

m=1

⊮[model m fails under text-only],

where M is the total number of evaluated mod-
els. We define thresholded difficult examples as
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Table 8: Robustness of mode selection evaluation under
stochastic decoding. Main MCC is computed with tem-
perature = 0, while MCC variation is measured under
temperature = 0.7.

Model Main MCC
(T = 0)

MCC Variation
(T = 0.7)

PixelReasoner 0.02 ±0.006
Deepeyes 0.00 ±0
Thyme 0.01 ±0.004
PyVision 0.19 ±0.007
Deepeyes v2 0.01 ±0.001
AdaptVision 0.16 ±0.006
Qwen3-vl-8B-Instruct 0.10 ±0.005
Qwen3-vl-32B-Instruct 0.15 ±0.006
Qwen3-vl-235B-Instruct 0.23 ±0.008
GPT-5 0.43 ±0.006
Gemini-3-Pro 0.27 ±0.008

Yτ (x) = ⊮[d(x) ≥ τ ] and sweep the threshold τ
from 0.2 to 0.8 to recompute each model’s MCC.
This setup evaluates how well each model’s adap-
tive decisions align with a static, consensus-based
difficulty definition instead of its own boundary.

As shown in Tab. 9, our core conclusions are re-
markably robust across all thresholds. MCC main-
tains a consistently strong positive correlation with
the final adaptive accuracy gain, with Pearson corre-
lation coefficients ranging from 0.715 (at τ = 0.2)
to 0.501 (at τ = 0.8). The correlation remains
highly stable, only slightly decreasing at extreme
thresholds (τ = 0.8) where the subset of difficult
samples becomes very small and represents only
the most challenging edge cases.

Crucially, Tab. 10 demonstrates the extreme sta-
bility of our model rankings under varying diffi-
culty thresholds. The Spearman rank correlation
between the threshold-induced MCC rankings and
our main capability-relative MCC ranking is excep-
tionally high, ranging from 0.927 to 0.987 (with
Kendall Tau between 0.801 and 0.929). Further-
more, the set of Top-5 models remains completely
identical (5/5 overlap) across all swept thresholds,
and the Top-3 models exhibit a perfect 100% over-
lap (3/3). While minor rank swaps can occur
among models with nearly identical MCC values,
the overall model rankings and our primary evalua-
tion findings remain absolutely stable and invariant
to the choice of difficulty threshold. This mathemat-
ically confirms that MCC is a robust and reliable
metric for benchmarking reasoning mode selection
in VLMs.

In summary, our robustness analysis across both
tool-set configurations and difficulty thresholds
demonstrates that MCC is a highly stable and re-

liable metric. It successfully decouples decision
quality from downstream tool-execution complexi-
ties and is robust to how task difficulty is defined,
ensuring consistent and invariant VLM benchmark-
ing.

B.4 Key Step Coverage

Eq. 4 measures how far the model’s reasoning pro-
gresses along the annotated key-step sequence. For
each annotated step ki, GPT-5 semantically judges
whether its content is covered by the complete gen-
erated trajectory {s1, . . . , sn}, either explicitly or
implicitly. The maximization identifies the furthest
covered step, and the score is normalized by the
total number of annotated key steps |K|. If k3
is the furthest covered step, for example, the tra-
jectory receives 3/|K| even when k1 or k2 is not
separately verbalized, because preceding content
may be merged, implicit, or bypassed by a valid
derivation. KCoverage therefore permits different
wording and concise reasoning without requiring
exact textual matching or explicit coverage of every
preceding step.

Alternative valid reasoning paths. To assess
whether a single reference sequence systematically
misses valid alternatives, we manually reviewed
300 randomly sampled trajectories from GPT-5
and 300 from Gemini-3-Pro. For each model, we
sampled 150 mathematical trajectories, where al-
ternative derivations are more likely, and 150 tra-
jectories from the other domains. We found one
substantially different but valid path for GPT-5
(0.33%) and two for Gemini-3-Pro (0.67%), in-
cluding one mathematical case and one calculation-
based knowledge case. Overall, 3 of the 600 re-
viewed trajectories (0.50%) followed a substan-
tially different valid path. Because mathematical
cases were deliberately over-sampled, this analysis
is a targeted stress test rather than an estimate of
benchmark-wide prevalence. These cases are rare,
but a single reference sequence may still underesti-
mate a valid trajectory that diverges substantially
from the annotated path, as acknowledged in the
Limitations section.

B.5 Tool Execution Effectiveness

Eq. 5 evaluates whether the model’s tool calls are
valid and useful for the reasoning process. For each
tool invocation ti, GPT-5 judges its validity condi-
tioned on the corresponding reasoning step si. A
tool call is considered valid when it matches the
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Table 9: Sensitivity of MCC–adaptive-gain correlation to the difficulty threshold.

τ
Difficult
Count

Difficult
Fraction

Mean
MCC

Pearson with
Adaptive Gain

Spearman with
Adaptive Gain

0.2 645 49.6% 0.159 0.715 0.533
0.3 551 42.4% 0.154 0.710 0.533
0.4 467 35.9% 0.149 0.674 0.497
0.5 383 29.5% 0.149 0.680 0.524
0.6 289 22.2% 0.145 0.641 0.419
0.7 218 16.8% 0.137 0.567 0.369
0.8 146 11.2% 0.132 0.501 0.314

Table 10: Rank stability of threshold-induced MCC rankings compared with the main MCC ranking. The paper
Top-3 models are GPT-5, Qwen3-VL-235B-Instruct, and Gemini-3-Pro.

τ
Spearman Rank Corr.

vs. Main MCC
Kendall Tau

vs. Main MCC
Paper Top-3

Overlap
Paper Top-5

Overlap Threshold Top-3 Models

0.2 0.927 0.801 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.3 0.927 0.801 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.4 0.950 0.865 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.5 0.987 0.929 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.6 0.955 0.865 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.7 0.937 0.828 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct
0.8 0.937 0.828 3/3 5/5 GPT-5, Gemini-3-Pro, Qwen3-VL-235B-Instruct

Table 11: Per-model MCC under representative diffi-
culty thresholds.

Model τ = 0.3 τ = 0.5 τ = 0.7

PixelReasoner 0.029 0.067 0.112
DeepEyes 0.000 0.000 0.000
Thyme 0.008 0.025 0.026
PyVision 0.196 0.180 0.180
DeepEyes v2 0.016 0.025 0.018
AdaptVision 0.223 0.189 0.163
Qwen3-VL-8B-Instruct 0.100 0.085 0.062
Qwen3-VL-32B-Instruct 0.090 0.114 0.091
Qwen3-VL-235B-Instruct 0.195 0.216 0.233
GPT-5 0.400 0.333 0.364
Gemini-3-Pro 0.277 0.306 0.228

model’s stated intent, avoids redundant invocations,
uses appropriate tool arguments, and does not suf-
fer from execution errors. The metric averages
these binary validity judgments over all Ntool tool
invocations in the trajectory. Therefore, a higher
Tool Execution Effectiveness score indicates that
the model not only decides to use tools, but also
executes them in a way that is consistent with its
reasoning goal.

B.6 Auxiliary-Line Generation Analysis
We further evaluate four models with explicit
visual-generation capabilities on the 120 auxiliary-
line problems: Visual Sketchpad (Hu et al., 2024),
ViLaSR (Wu et al., 2025b), V-Thinker (Qiao et al.,
2025b), and CodePlot-CoT (Duan et al., 2025). Ta-
ble 12 separates the effects of textual construction
guidance, tool execution, and visual auxiliary evi-
dence.

Gold auxiliary text provides modest gains, while

allowing tool use based on that guidance yields fur-
ther improvements, especially for Visual Sketchpad
and CodePlot-CoT. Gold auxiliary images produce
the largest gains, and adding textual descriptions
provides a smaller complementary benefit. The gap
between gold textual guidance with tool use and a
gold auxiliary image indicates that current models
remain imperfect at executing visual constructions.
Moreover, misleading auxiliary evidence reduces
accuracy below the original baseline for all four
models, showing that models are sensitive to aux-
iliary content and that incorrect constructions can
actively interfere with downstream reasoning.

C Correlation Analysis of Experimental
Results

We further analyze how different diagnostic met-
rics relate to final adaptive accuracy. This analysis
is intended to be descriptive rather than causal:
model-level correlations can be affected by model
family, scale, base text-reasoning capability, and
task composition. Nevertheless, the trends help
clarify why mode selection, process quality, and fi-
nal accuracy should be evaluated as complementary
dimensions.
MCC is not redundant with final accuracy. As
shown in Fig. 7, after excluding frontier closed-
source models and the largest Qwen models, MCC
has only a weak association with adaptive accu-
racy (Pearson r = 0.15). This supports our view
that MCC is not a proxy for final task accuracy.
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Table 12: Accuracy (%) of visual-generation models under different auxiliary-line conditions on 120 problems.

Setting Input / Constraint Visual Sketchpad ViLaSR V-Thinker CodePlot-CoT

Original baseline Original image; the model freely selects whether and
which tools to use

29.17 25.00 20.83 32.50

Gold auxiliary text, no tool
use

Gold textual description of the auxiliary construction;
visual tools are disabled

32.50 28.33 24.17 36.67

Gold auxiliary text + tool
use

Gold textual description of the auxiliary construction; the
model may invoke visual tools

35.83 29.17 25.00 40.00

Gold auxiliary image Gold auxiliary image is provided 41.67 36.67 26.67 45.00
Gold auxiliary image +
text

Gold auxiliary image and its textual description are pro-
vided

42.50 37.50 29.17 46.67

Misleading auxiliary Random auxiliary text and a random auxiliary image are
provided

20.00 18.33 15.00 21.67

Correlation Analysis of Adaptive Reasoning Metrics
Filtered subset excludes GPT-5, Gemini-3-Pro, Qwen3-VL-235B, and Qwen3-VL-32B.
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Figure 7: Correlation analysis between diagnostic metrics and adaptive accuracy on a filtered model subset, excluding
GPT-5, Gemini-3-Pro, Qwen3-VL-235B, and Qwen3-VL-32B. This subset removes frontier closed-source models
and the largest Qwen models to reduce scale-driven effects.

MCC evaluates whether a model selects the appro-
priate reasoning mode relative to its own capability
boundary, whereas final accuracy also depends on
visual recognition, language reasoning, tool exe-
cution, and robustness to multi-step visual context.
This filtered analysis is complemented by the full-
model ranking: Gemini-3-Pro achieves the high-
est final adaptive accuracy, but GPT-5 obtains the
highest MCC. Thus, a model can answer more ac-
curately overall while still being less calibrated in
deciding when tool-augmented reasoning is neces-
sary.

Mode selection improves with model scale. Al-
though MCC is not redundant with final accuracy,
it is not random. Separately from the filtered corre-
lation analysis, the full Qwen3-VL family shows
a monotonic within-family trend: MCC increases
from 0.06 for Qwen3-VL-8B to 0.14 for Qwen3-
VL-32B and 0.22 for Qwen3-VL-235B. We in-

terpret this as suggestive evidence that adaptive
mode selection may benefit from stronger model
capacity, rather than as a controlled scaling-law
claim. Parameter count is not isolated from other
factors such as training data, post-training recipes,
instruction-following ability, and tool-use align-
ment. Nevertheless, the trend is consistent with
the view that mode selection is a higher-level meta-
cognitive capability: to choose the correct reason-
ing mode, a model must estimate whether its cur-
rent visual-textual evidence is sufficient, anticipate
whether additional visual operations may provide
useful information, and avoid redundant tool invo-
cation when text reasoning is already adequate.

Process quality is more closely associated with
final accuracy. Within the same filtered subset,
Key Step Coverage and Tool Effectiveness show
stronger correlations with adaptive accuracy than
MCC. Key Step Coverage is highly correlated with
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adaptive accuracy (Pearson r = 0.91), and Tool
Effectiveness also shows a clear positive associa-
tion (Pearson r = 0.61). This indicates that final
success is more closely associated with whether
the model traverses the necessary reasoning steps
and whether its tool calls provide useful visual evi-
dence.
Process efficiency shows mixed associations with
final accuracy. In contrast to process quality, effi-
ciency indicators such as the number of reasoning
turns, tool invocation counts, and total token usage
show mixed and less interpretable associations with
final adaptive accuracy. Reasoning turns and tool-
call counts have weak correlations, while token
usage shows a moderate positive association in this
subset. This should not be interpreted as evidence
that using more tokens causes higher accuracy,
since token consumption is also affected by model
configuration, image resolution, and tool-interface
design. A concise trajectory with fewer steps or
tool calls is only beneficial if the model still secures
the necessary evidence to solve the task; otherwise,
premature termination leads to reasoning failure.
Conversely, an over-elaborate trajectory with re-
dundant tool calls represents high computational
cost without guaranteeing correctness. Therefore,
process efficiency evaluates resource consumption
rather than cognitive correctness, highlighting the
necessity of assessing efficiency as a separate di-
mension to guide deployment trade-offs.
MCC correlates with adaptive recovery. Figure 8
shows the relationship between MCC and recov-
ery, defined as the fraction of oracle-visual gains
recovered by adaptive reasoning:

Recovery =
Accadaptive −Acctext
Accoracle −Acctext

.

The results suggest two observations:

• MCC is positively associated with adap-
tive recovery. Models with higher MCC
tend to achieve stronger recovery, indicating
that accurate mode selection is important for
translating tool availability into adaptive accu-
racy gains. For example, GPT-5 achieves the
strongest mode-selection quality and a large
adaptive improvement over text-only reason-
ing, showing that accurate tool-invocation de-
cisions can translate into substantial gains.

• MCC is not the only factor determining re-
covery or efficiency. The correlation is mod-
erate (Pearson r = 0.29) because recovery is

also shaped by downstream reasoning qual-
ity, tool execution quality, and the model’s
underlying text and visual reasoning capabili-
ties. For example, AdaptVision has relatively
strong MCC among open-source models, but
its weak key-step coverage limits the bene-
fit of adaptive reasoning, resulting in only a
small adaptive gain. Similarly, comparing Ta-
ble 2 with Table 3 shows that higher MCC
does not necessarily imply better efficiency.
MCC measures whether the model makes the
correct mode-selection decision, whereas effi-
ciency further depends on what happens after
tool invocation, including the length of the
reasoning trajectory, the number of tool calls,
the maximum-pixel configuration, and model-
specific training recipes and parameter scales.

D More Data Details

D.1 Data Source Distribution

Natural scene VQA. We target high-resolution
natural scene by leveraging VisualProbe (Lai et al.,
2025) for small-object search and a custom SA-
1B (Kirillov et al., 2023) subset for large-scale ob-
ject reasoning. Queries are explicitly designed to
evaluate attributes, spatial, counting, physical state
and text-recognition across distinct scales. More-
over, statistics of bounding box sizes are presented
in Fig. 9.
Text-Rich VQA. This domain covers diverse
charts, tables, and documents. We aggregate stan-
dard samples from ChartQA (Masry et al., 2022)
and DocVQA (Mathew et al., 2021) with high-
resolution challenges from ChartQA-Pro (Masry
et al., 2025), MM-RealWorld (Zhang et al., 2025c),
and Insight-o3 (Li et al., 2025b) to demand precise
visual inspection and deep reasoning.
Math VQA. To assess mathematical reasoning
in visual contexts, we consolidate high-quality
samples from a spectrum of established bench-
marks including MathVista (Lu et al., 2023), Math-
Verse (Zhang et al., 2024), We-Math (Qiao et al.,
2025a), LogicVista (Xiao et al., 2024), Visu-
logic (Xu et al., 2025), AuxSolidMath, and VT-
Bench (Lin et al., 2025a).
GUI VQA. We construct a cross-platform suite
covering iOS, Android, Web, macOS, Windows,
and Linux. This is achieved by integrating generic
datasets like GUI-Knowledge-Bench (Shi et al.,
2025) and MMBench-GUI (Liu et al., 2024) with
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Figure 8: Correlation between MCC and adaptive recovery. Recovery measures the fraction of oracle-visual gains
over text-only reasoning recovered by adaptive reasoning.

domain-specific samples from WebWalker (Wu
et al., 2025a).
Knowledge VQA. This category is sourced from
disciplinary benchmarks across Physics, Chemistry,
and Biology. Specifically, we incorporate expert-
level samples from MMMU (Yue et al., 2024) and
SciVerse (Guo et al., 2025c) to evaluate the models’
ability to integrate specialized domain knowledge
with visual reasoning.

D.2 Data Construction Pipeline

The construction workflow of AdaptBench is de-
picted in Figure 10. Initially, raw data is partitioned
based on reasoning complexity, specifically sepa-
rating tasks that necessitate external tool interven-
tion from those amenable to text-only inference.
To further challenge model adaptability, we aug-
ment the visual inputs with diverse transformations,
thereby mandating fine-grained perception. Finally,
we implement a multi-stage verification pipeline
involving expert annotation of transformation logic,
key reasoning steps, and rigorous human review,
ensuring a high-fidelity ground truth for the final
benchmark.

D.3 Dataset Difficulty

We further analyze the difficulty stratification of
AdaptMMBenchto verify that the benchmark cov-
ers samples with different levels of empirical solv-
ability. This analysis is intended only to charac-
terize the dataset composition and is not used
as a difficulty label for adaptive mode-selection
evaluation. Specifically, we identify samples that
can be solved by Qwen2.5-VL-7B-Instruct under
text-only reasoning as the relatively easy subset,

which accounts for 44.23% of the benchmark. The
remaining 55.77% of samples form the relatively
hard subset. As shown in Table 13, we report
the adaptive reasoning accuracy of each evaluated
model on the two subsets. All evaluated models
achieve substantially higher adaptive reasoning ac-
curacy on the easy subset than on the hard subset,
indicating that this stratification captures a mean-
ingful difference in sample difficulty.

Table 13: Accuracy on the relatively easy and hard
subsets of AdaptMMBench. The split is used only for
dataset-level difficulty analysis and is not used as an
evaluation label.

Model Easy Hard

Thyme 93.2 42.5
Qwen3-vl-235B 96.9 73.0
Qwen3-vl-32B 96.0 71.2
Qwen3-vl-8B 91.8 56.8
PyVision 82.6 52.6
PixelReasoner 87.5 40.1
GPT-5 95.0 77.8
Deepeyes v2 92.0 43.0
Deepeyes 87.0 39.9
AdaptVision 92.2 38.9

D.4 Annotation Details

This section addresses two potential concerns about
the annotation process: subjectivity in visual-
enhancement parameters and reliability of human-
provided annotations.

Enhancement parameters such as brightness ad-
justment and rotation are not subjective annotation
targets. Instead, they are manually specified pertur-
bation parameters applied to normal images during
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Figure 9: Statistics of bounding box sizes in AdaptMMBench.
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Figure 10: Overview of the data curation and annotation process.

benchmark construction. Therefore, these values
should be understood as controlled data-generation
settings rather than human-labeled semantic anno-
tations.

For human-provided annotations, including
answer-region bounding boxes and key reasoning
steps, we conduct multi-annotator verification on
the 1,300 main samples. The three annotators
achieve 97% agreement on answer-region boxes
and 91% agreement on key-step annotations. Cases
with inconsistent annotations are further reviewed
and re-annotated before inclusion in the final bench-
mark.

E LLM-Judge Reliability

We validate the reliability of the LLM-based pro-
cess evaluator from two complementary perspec-
tives: inter-judge consistency across frontier mod-
els and human agreement on sampled predictions.

E.1 Robustness to Decoding Randomness

The main results in Table 3 use temperature = 0
for deterministic evaluation. To test sensitivity to
decoding stochasticity, we additionally run open-
source models at temperature = 0.7 and report
mean and standard deviation in Table 14. The
scores fluctuate moderately, as stochastic decod-
ing can change reasoning trajectories and tool-use

behavior, but the main process-quality ranking re-
mains stable. Efficiency metrics, especially token
usage, show larger variation because sampled rea-
soning paths may differ in length and tool-call pat-
terns.

E.2 Inter-Judge Consistency

We additionally evaluate the same model outputs
with Gemini-3-Pro and Claude Opus 4.8 under the
identical protocol. Although absolute scores dif-
fer moderately across judges, all three judges pro-
duce identical model rankings for both key-step
coverage and tool effectiveness. This consistency
suggests that our process-level conclusions are not
artifacts of GPT-5-specific preferences.

E.3 Human Agreement with GPT-5
Judgments

We conduct human validation with three annota-
tors on 300 randomly sampled predictions, with
100 predictions from each of PyVision, AdaptVi-
sion, and Qwen3-VL-235B. Annotators make bi-
nary judgments on step coverage and tool effective-
ness. As shown in Table 16, GPT-5 achieves high
agreement with human judgments, supporting its
reliability as an evaluator for these process metrics.

We further analyze disagreement cases. Tool-
judgment disagreements mainly fall into three cat-
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Table 14: Robustness of process-level evaluation under stochastic decoding. We report mean and standard deviation
over repeated runs at temperature = 0.7 for key step coverage, tool effectiveness, and efficiency metrics.

Model
Key Step

Cov. (%) ↑
Tool

Effect. (%) ↑
Efficiency

Steps ↓ Tools ↓ Tokens ↓
PixelReasoner 69.26± 2.25 65.38± 3.28 1.43± 0.19 0.41± 0.09 4492.61± 688.87
Deepeyes 66.94± 3.43 56.72± 2.23 2.08± 0.15 1.72± 0.08 7179.48± 191.18
Thyme 71.03± 3.77 59.91± 4.06 1.11± 0.09 0.07± 0.08 5948.37± 671.49
PyVision 75.84± 2.35 64.44± 3.15 2.48± 0.14 1.49± 0.10 6532.15± 605.53
Deepeyes v2 71.72± 2.09 61.96± 3.90 2.15± 0.10 1.13± 0.03 6278.44± 242.17
AdaptVision 66.61± 3.39 88.18± 3.51 1.49± 0.15 0.48± 0.05 4621.83± 434.67
Qwen3-vl-8B 77.86± 3.31 93.34± 2.02 1.76± 0.07 1.03± 0.07 7338.92± 515.28
Qwen3-vl-32B 80.21± 2.86 92.78± 2.33 2.31± 0.07 1.32± 0.03 7068.54± 491.93
Qwen3-vl-235B 83.57± 2.84 95.12± 2.29 1.97± 0.05 0.94± 0.04 6721.36± 533.06

Table 15: Inter-judge consistency across GPT-5, Gemini-
3-Pro, and Claude Opus 4.8. Rank triplets follow
GPT/Gemini/Claude order.

Model KSC KSC Rank TE TE Rank

GPT Gem. Claude G/Gem./C GPT Gem. Claude G/Gem./C

PixelReasoner 67.91 74.70 72.10 7/7/7 62.99 63.50 62.10 5/5/5
Deepeyes 65.57 74.20 70.80 8/8/8 55.17 49.80 49.60 9/9/9
Thyme 69.65 75.40 73.60 6/6/6 57.44 56.90 55.40 8/8/8
PyVision 74.10 78.20 74.90 4/4/4 62.19 62.80 61.30 6/6/6
Deepeyes v2 69.96 76.90 74.20 5/5/5 59.89 57.20 56.80 7/7/7
AdaptVision 65.56 71.80 67.30 9/9/9 85.55 80.30 77.80 4/4/4
Qwen3-VL-8B 76.36 79.40 77.60 3/3/3 93.79 90.30 88.10 2/2/2
Qwen3-VL-32B 81.47 84.40 80.10 2/2/2 91.42 89.60 85.70 3/3/3
Qwen3-VL-235B 82.27 85.90 83.70 1/1/1 93.93 93.40 91.60 1/1/1

Table 16: Human agreement with GPT-5 process judg-
ments. Tools and Steps denote the number of evaluated
tool-use and key-step judgments. Agreement is reported
as overall agreement, with tool/step agreement shown
in parentheses.

Model Tools Steps Agreement
(Tool / Step)

PyVision 172 273 96.0 (97.1 / 94.9)
AdaptVision 45 145 92.0 (95.6 / 90.3)
Qwen3-VL-235B 106 203 94.0 (94.3 / 94.1)

egories: crops contain relevant information but
include background noise; the main purpose is
achieved but incomplete; and the target is cor-
rect but the crop is blurry. The corresponding dis-
agreement rates are PyVision (1.74 / 0.58 / 0.58),
AdaptVision (4.40 / 0 / 0), and Qwen3-VL-235B
(2.83 / 0.94 / 1.89). Humans tend to count these
cases as matched or effective, while GPT-5 applies
a stricter criterion.

For key-step judgments, disagreements mainly
come from two boundary cases: steps are implicitly
expressed rather than explicit, or the wording is un-
certain. The corresponding rates are PyVision (4.76
/ 0.37), AdaptVision (8.28 / 1.38), and Qwen3-VL-
235B (5.42 / 0.49). Since our evaluation is based
on maximum matched-step correctness, these mi-
nor boundary discrepancies have limited impact on
the final judgment.

F Transform Results

Tab. 17 serves as a supplementary detailed analy-
sis to the main experimental results presented in
Tab. 4. While Tab. 4 reports the model perfor-
mance on the original dataset (denoted as “w/o
enh.”) and the aggregated dataset (“All”), it does
not explicitly isolate the performance on the trans-
formed data. To provide a comprehensive view of
model robustness against data variations, Tab. 17
exclusively presents the accuracy results for the
Transformed subset across all five domains. The
highlighting scheme follows the same convention
as the main table to facilitate direct comparison of
the autonomous decision-making capabilities in the
Adaptive mode.
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Table 17: Main experimental results on the Transform subset of AdaptBench. We report accuracy (%) across five
specific domains and overall aggregates. Performance for Text and Oracle modes is displayed in deep gray to
prioritize adaptive results. * indicates that the model supports enhancement operations.

Model Mode Natural scene OCR GUI Knowledge Math Overall Accuracy

Open-Source Models

PixelReasoner
Text 46.67 50.00 30.00 56.67 21.67 41.15
Adaptive 61.67 62.50 42.50 66.67 41.67 55.38
Oracle 66.67 75.00 70.00 83.33 55.00 69.62

Deepeyes
Text 56.67 40.00 35.00 55.00 41.67 46.92
Adaptive 56.67 37.50 32.50 60.00 48.33 48.85
Oracle 73.33 77.50 65.00 81.67 63.33 72.31

Thyme∗
Text 48.33 35.00 32.50 55.00 38.33 43.08
Adaptive 45.00 20.00 42.50 53.33 46.67 43.08
Oracle 68.33 80.00 62.50 78.33 63.33 70.38

PyVision∗
Text 50.00 30.00 15.00 53.33 30.00 37.69
Adaptive 55.00 27.50 15.00 63.33 33.33 41.54
Oracle 70.00 72.50 35.00 85.00 45.00 62.69

Deepeyes v2∗
Text 55.00 45.00 27.50 58.33 40.00 46.54
Adaptive 50.00 30.00 45.00 50.00 36.67 43.08
Oracle 73.33 67.50 67.50 88.33 70.00 74.23

AdaptVision
Text 43.33 52.50 42.50 56.67 31.67 45.00
Adaptive 60.00 30.00 27.50 63.33 35.00 45.38
Oracle 76.67 77.50 70.00 95.00 56.67 75.38

Qwen3-vl
-8B-Instruct

Text 40.00 40.00 30.00 55.00 25.00 38.46
Adaptive 35.00 42.50 32.50 55.00 31.67 39.62
Oracle 60.00 82.50 80.00 86.67 55.00 71.54

Qwen3-vl
-32B-Instruct

Text 50.00 50.00 35.00 58.33 31.67 45.38
Adaptive 40.00 57.50 40.00 71.67 33.33 48.46
Oracle 51.67 90.00 77.50 88.33 60.00 71.92

Qwen3-vl
-235B-Instruct

Text 45.00 60.00 32.50 65.00 3.33 45.00
Adaptive 51.67 57.50 40.00 71.67 25.00 49.23
Oracle 68.33 97.50 82.50 93.33 51.67 76.92

Closed-Source Models

GPT-5∗
Text 55.00 32.50 17.50 60.00 41.67 43.85
Adaptive 71.67 60.00 47.50 75.00 40.00 59.62
Oracle 73.33 85.00 52.50 88.33 48.33 69.62

Gemini-3-Pro∗
Text 70.00 75.00 50.00 85.00 30.00 61.92
Adaptive 81.67 97.50 62.50 90.00 48.33 75.38
Oracle 86.67 100.00 80.00 95.00 51.67 81.54

G Category Results

In this section, we provide a fine-grained analysis
of model performance across all specific categories
defined in our benchmark. To ensure legibility
and accommodate the wide range of sub-domains,
the detailed accuracy results are presented in two
separate tables:

• Tab. 18 reports the performance metrics for
the GUI and Realworld domains.

• Tab. 19 covers the Knowledge, Math, and
OCR domains.

In both tables, the first row (labeled as N) de-
notes the number of test samples available for each

corresponding category. All accuracy values are
reported in decimal format.
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Table 18: Detailed Accuracy (Part 1/2): GUI and Realworld domains. * indicates that the model supports
enhancement operations.

GUI Realworld

Model Mode And. Lin. Mac. Web Win. iOS Attr. Count Integ. Phys. Spat.

N (Count) 83 22 39 75 51 30 118 16 121 10 35

PixelReasoner
Text 0.51 0.45 0.31 0.52 0.53 0.47 0.45 0.12 0.35 0.50 0.34
Adaptive 0.51 0.50 0.41 0.61 0.57 0.50 0.55 0.50 0.49 0.70 0.43
Oracle 0.59 0.68 0.36 0.63 0.67 0.57 0.68 0.75 0.69 0.50 0.63

Deepeyes
Text 0.59 0.45 0.36 0.63 0.45 0.57 0.55 0.38 0.44 0.30 0.51
Adaptive 0.48 0.36 0.44 0.68 0.49 0.53 0.58 0.44 0.50 0.30 0.57
Oracle 0.67 0.50 0.46 0.75 0.63 0.63 0.65 0.69 0.69 0.40 0.69

Thyme∗
Text 0.53 0.45 0.36 0.60 0.41 0.50 0.57 0.62 0.51 0.40 0.34
Adaptive 0.54 0.55 0.41 0.64 0.45 0.57 0.64 0.75 0.54 0.40 0.51
Oracle 0.61 0.68 0.56 0.80 0.55 0.60 0.73 0.75 0.79 0.60 0.60

PyVision∗
Text 0.81 0.64 0.82 0.47 0.76 0.77 0.51 0.44 0.24 0.40 0.40
Adaptive 0.83 0.59 0.82 0.51 0.80 0.90 0.58 0.44 0.36 0.50 0.51
Oracle 0.92 0.77 0.92 0.79 0.88 0.83 0.87 0.88 0.80 0.70 0.94

Deepeyes v2∗
Text 0.46 0.45 0.46 0.68 0.59 0.57 0.60 0.50 0.52 0.70 0.46
Adaptive 0.49 0.45 0.44 0.71 0.53 0.63 0.58 0.69 0.55 0.50 0.49
Oracle 0.64 0.68 0.51 0.77 0.76 0.77 0.72 0.81 0.79 0.80 0.63

AdaptVision
Text 0.48 0.32 0.28 0.59 0.49 0.53 0.48 0.25 0.40 0.60 0.40
Adaptive 0.51 0.36 0.41 0.68 0.55 0.60 0.54 0.25 0.40 0.60 0.46
Oracle 0.65 0.50 0.51 0.76 0.71 0.63 0.69 0.69 0.75 0.80 0.60

Qwen3-vl
-8B-Instruct

Text 0.52 0.45 0.49 0.64 0.51 0.53 0.55 0.44 0.47 0.70 0.40
Adaptive 0.61 0.64 0.46 0.63 0.57 0.67 0.58 0.50 0.44 0.70 0.57
Oracle 0.70 0.59 0.51 0.77 0.67 0.60 0.70 0.88 0.84 0.80 0.77

Qwen3-vl
-32B-Instruct

Text 0.81 0.77 0.56 0.75 0.57 0.77 0.56 0.56 0.50 0.50 0.34
Adaptive 0.76 0.77 0.51 0.68 0.67 0.83 0.64 0.50 0.54 0.80 0.46
Oracle 0.80 0.68 0.62 0.83 0.73 0.77 0.78 0.81 0.86 0.70 0.83

Qwen3-vl
-235B-Instruct

Text 0.80 0.77 0.79 0.65 0.88 0.73 0.61 0.50 0.50 0.40 0.34
Adaptive 0.83 0.77 0.87 0.76 0.78 0.77 0.60 0.50 0.57 0.50 0.46
Oracle 0.92 0.91 0.95 0.88 0.94 0.90 0.81 0.75 0.83 0.60 0.83

GPT-5∗
Text 0.86 0.82 0.87 0.47 0.75 0.90 0.62 0.44 0.31 0.40 0.46
Adaptive 0.89 0.86 0.90 0.75 0.88 0.90 0.77 0.62 0.55 0.60 0.57
Oracle 0.96 0.95 0.82 0.84 0.80 0.90 0.92 0.88 0.82 0.80 0.97

Gemini-3-Pro∗
Text 0.90 0.86 0.92 0.79 0.86 0.90 0.58 0.38 0.50 0.50 0.54
Adaptive 0.93 0.86 0.95 0.84 0.90 0.93 0.82 0.69 0.69 0.90 0.60
Oracle 0.94 0.91 0.97 0.91 0.90 0.93 0.83 0.75 0.78 0.70 0.86
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Table 19: Detailed Accuracy (Part 2/2): Knowledge, Math, and OCR domains. * indicates that the model supports
enhancement operations.

Knowledge Math OCR

Model Mode Bio. Chem. Geo. Phys. Alg. Geo. Log. Stat. Chart Diag. Doc. Tab.

N (Count) 57 58 10 75 64 75 13 48 171 40 55 34

PixelReasoner
Text 0.68 0.47 0.70 0.51 0.44 0.44 0.38 0.42 0.57 0.70 0.53 0.62
Adaptive 0.70 0.45 0.50 0.63 0.52 0.49 0.38 0.52 0.65 0.62 0.55 0.62
Oracle 0.82 0.62 0.60 0.61 0.69 0.69 0.46 0.54 0.72 0.88 0.73 0.79

Deepeyes
Text 0.61 0.38 0.70 0.44 0.45 0.48 0.31 0.29 0.49 0.52 0.51 0.62
Adaptive 0.65 0.40 0.70 0.44 0.47 0.59 0.31 0.48 0.58 0.62 0.55 0.53
Oracle 0.79 0.66 1.00 0.60 0.66 0.64 0.54 0.58 0.63 0.78 0.64 0.76

Thyme∗
Text 0.65 0.40 0.70 0.47 0.53 0.52 0.31 0.40 0.56 0.55 0.55 0.76
Adaptive 0.67 0.41 0.60 0.45 0.52 0.53 0.54 0.42 0.61 0.57 0.56 0.65
Oracle 0.75 0.66 0.90 0.60 0.64 0.73 0.38 0.52 0.69 0.75 0.62 0.74

PyVision∗
Text 0.51 0.16 0.60 0.33 0.28 0.33 0.38 0.29 0.59 0.62 0.58 0.68
Adaptive 0.72 0.36 0.60 0.49 0.25 0.39 0.31 0.27 0.72 0.75 0.64 0.71
Oracle 0.56 0.74 0.70 0.57 0.48 0.52 0.46 0.65 0.74 0.85 0.87 0.97

Deepeyes v2∗
Text 0.60 0.43 0.30 0.44 0.48 0.40 0.15 0.31 0.58 0.68 0.51 0.62
Adaptive 0.65 0.48 0.50 0.49 0.50 0.57 0.31 0.40 0.61 0.55 0.51 0.53
Oracle 0.84 0.53 0.50 0.63 0.66 0.69 0.31 0.62 0.74 0.80 0.73 0.71

AdaptVision
Text 0.63 0.47 0.70 0.51 0.41 0.59 0.15 0.35 0.59 0.70 0.58 0.71
Adaptive 0.61 0.55 0.80 0.45 0.45 0.52 0.46 0.33 0.63 0.65 0.64 0.68
Oracle 0.84 0.67 0.90 0.67 0.70 0.72 0.46 0.69 0.70 0.98 0.78 0.76

Qwen3-vl
-8B-Instruct

Text 0.75 0.62 0.40 0.65 0.55 0.47 0.31 0.56 0.65 0.75 0.36 0.76
Adaptive 0.75 0.71 0.70 0.69 0.69 0.56 0.38 0.69 0.68 0.70 0.53 0.71
Oracle 0.91 0.79 0.60 0.77 0.86 0.77 0.38 0.88 0.78 0.98 0.69 0.91

Qwen3-vl
-32B-Instruct

Text 0.84 0.78 1.00 0.68 0.67 0.68 0.31 0.79 0.81 0.82 0.62 0.82
Adaptive 0.82 0.76 0.90 0.77 0.67 0.77 0.38 0.85 0.83 0.90 0.75 0.85
Oracle 0.95 0.95 0.90 0.96 0.95 0.84 0.38 0.96 0.91 1.00 0.91 0.91

Qwen3-vl
-235B-Instruct

Text 0.81 0.84 0.60 0.75 0.73 0.75 0.23 0.83 0.79 0.78 0.67 0.91
Adaptive 0.91 0.79 1.00 0.87 0.66 0.83 0.77 0.81 0.80 0.92 0.73 0.79
Oracle 0.96 0.98 0.90 0.96 0.94 0.96 0.69 0.98 0.89 1.00 0.89 0.94

GPT-5∗
Text 0.63 0.45 0.60 0.55 0.38 0.43 0.15 0.42 0.75 0.72 0.67 0.76
Adaptive 0.88 0.83 0.80 0.88 0.67 0.64 0.23 1.00 0.87 0.90 0.78 0.94
Oracle 0.93 0.98 0.90 0.93 0.80 0.84 0.46 0.96 0.86 0.98 0.93 0.97

Gemini-3-Pro∗
Text 0.86 0.86 0.90 0.77 0.72 0.76 0.46 0.88 0.86 0.95 0.82 0.94
Adaptive 0.93 0.95 1.00 0.92 0.86 0.91 0.31 0.98 0.86 0.98 0.89 1.00
Oracle 0.95 0.91 0.90 0.96 0.94 0.91 0.62 0.96 0.89 1.00 0.98 0.97
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H Reasoning Mode Prompt

Here we provide the detailed prompts used in our
experiments.

I Error Analysis

In this section, we provide detailed visualizations
of the failure modes discussed in the Error Anal-
ysis (Sec. 5.5 of the main paper. By examining
the intermediate reasoning steps, we offer concrete
examples across different categories of tool-related
errors.

Visual Reasoning Failures. As noted in the main
text, 42.3% of errors stem from the model’s inabil-
ity to correctly manipulate or locate visual informa-
tion. We present two representative scenarios:

• Wrong Image Transformations: Figure 11
illustrates a case where the model repeatedly
fails to correct the image orientation. This vi-
sual reasoning failure propagates to the OCR
stage, causing the model to misread "831K" as
"83K" and producing an incorrect prediction.

• Incorrect Region Selection: Figure 12
demonstrates a spatial grounding failure in
a dense document. The model zooms into
an incorrect region (Question 235 instead of
Question 238), leading to reasoning that is
logically valid but based on irrelevant visual
evidence.

Context Noise in Multi-step Reasoning. Fig-
ure 13 depicts the specific error type (accounting
for 7.3% of cases) where visual perception is ini-
tially correct but overridden by context noise. In
this example, the model successfully enhances the
image and identifies the correct number of objects
("two") in the intermediate step. However, dis-
tracted by the accumulated visual and textual con-
text from the multi-step process, it becomes overly
cautious and hallucinates a negation, resulting in a
failure.

Correction via Forced Tool Invocation. Fig-
ure 14 illustrates a specific scenario (representa-
tive of the 7.0% of corrected errors) where forcing
tool invocation rectifies an initial estimation fail-
ure. In this example, the model originally relies
on imprecise visual intuition, incorrectly identi-
fying "Cerulean Blue" as the answer. However,

when forced to invoke tools, it bypasses the typi-
cal spatial zooming approach and adopts a creative
programmatic strategy: using Python to perform a
pixel-level RGB count. By rigorously verifying
consistency across multiple tolerance thresholds,
the model successfully overrides its initial hallu-
cination and derives the correct answer based on
quantitative data.

Performance Degradation due to Incorrect
Mode Selection. Figure 15 exemplifies the 8.3%
of cases caused by incorrect mode selection, where
the model unnecessarily invokes tools for tasks
solvable by direct visual inspection. In this ex-
ample, accurate icon counting is achievable via
standard OCR or visual recognition (as seen in
the Text-CoT mode). However, in the adaptive
mode, the model complicates the task by adopt-
ing an unreliable engineering approach: using
OpenCV edge detection to count squares. This
strategy proves fragile, as the model struggles with
parameter tuning—first detecting excessive noise
and then over-filtering actual targets—ultimately
leading to a hallucinated final count due to the con-
fused tool outputs.
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Text Reasoning Setting Prompts

[Multiple Choice]

Question: {question}

Options: {options}

Please think step-by-step and give the final answer following the format: <think> reasoning

process </think> <answer> the option’s letter </answer>

[Short Answer]

Question: {question}

Please think step-by-step and give the final answer following the format: <think> reasoning

process </think> <answer> a single word or phrase </answer>

Adaptive Reasoning Setting Prompts

[Multiple Choice]

Question: {question}

Options: {options}

[Original adaptive prompt] Please think step-by-step and give the final answer following the format:

<think> reasoning process </think> <answer> the option’s letter </answer>

[Short Answer]

Question: {question}

[Original adaptive prompt] Please think step-by-step and give the final answer following the format:

<think> reasoning process </think> <answer> a single word or phrase </answer>

Oracle-Visual Setting Prompts

[Zoom-in Setting]

The first image is the global view, and the second image is the key region (zoomed-in) to help

answer the question.

Question: {question}

Please think step-by-step and give the final answer following the format: <think> reasoning

process </think> <answer> a single word or phrase </answer>

[Transformed Setting]

The first image is the original input which might be distorted (rotated or dark), and the second

image has been corrected and enhanced to show the true content.

Question: {question}

Please think step-by-step and give the final answer following the format: <think> reasoning

process </think> <answer> a single word or phrase </answer>

[Auxiliary Line Setting]

The first image is the original image, and the second image is the same image with auxiliary

lines to help solve the problem.

Question: {question}

Please think step-by-step and give the final answer following the format: <think> reasoning

process </think> <answer> a single word or phrase </answer>
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LLM Judge Prompt

I will give you a question related to the image, the ground truth answer, and the model predicted

answer. Your task is to determine whether the model’s predicted answer and the ground truth

answer are consistent, and output the Judgement.

Note that [Model Predicted Answer] is consistent with [Ground Truth Answer] whenever they are

essentially the same. If the meaning is expressed in the same way, it is considered consistent,

for example, ’pink’ and ’it is pink’.

If they are consistent, the Judgement is 1; if they are different, the Judgement is 0.

Output Format: Just output the Judgement and don’t output anything else.

[Question]: {question}

[Ground Truth Answer]: {ground_truth}

[Model Predicted Answer]: {prediction}

[Judgement]:

Figure 11: A failure case caused by incorrect image transformation (rotation) leading to OCR errors.
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Figure 12: A failure case caused by zooming into an incorrect region (spatial misalignment).
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Figure 13: A failure case where correct intermediate visual grounding is overridden by context noise.
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Figure 14: Example of correcting visual estimation errors via code-based pixel analysis.
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Figure 15: Example of performance degradation caused by unnecessary tool usage in a simple visual task.
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J Process Evaluation Example

To better understand our evaluation protocol, we
present detailed cases of process reasoning quality
assessment in Figure 16 and Figure 17.

K Process Evaluation Prompt

To ensure a reproducible and standardized assess-
ment, we leverage LLM-based judges with special-
ized prompts for process auditing. Specifically, we
employ the tool invocation effectiveness prompt
(detailed in Figure 18) is used to audit the func-
tional correctness and intent alignment of each tool
call within the adaptive process. Subsequently, the
key step coverage Prompt (detailed in Figure 19)
to verify the logical completeness of the model’s
reasoning trajectory against annotated ground truth.

49794



Qwen-3-VL-235B: Thinking: The playback interface shows a large pause
button (two vertical bars) in the center, which is the standard icon for
indicating that audio or video content is currently paused. If it were playing,
it would typically show a triangle pointing to the right. The progress bar also
indicates a position at 05:41 out of 09:33, suggesting the content has been
started and is not at the beginning or stopped. Therefore, the correct status
is paused. Answer: B. The audio is paused"

Question: Based on the playback interface, what
is the current status of the audio content?
A: The audio is currently playing
B: The audio is paused
C: The audio is stopped
D: "The audio is buffering
Answer: A

Judgements:

Key step1: Identify the playback interface on the screen.
Judgment: Matched
Reason: The solution explicitly identifies the playback interface.

Key step2: Locate the central play/pause control button.
Judgment: Matched
Reason: It locates and describes the central play/pause control button.

Key step3: Observe the button shows a pause icon.
Judgment: Matched
Reason: It observes and notes that the button shows a pause icon.

Key step4: Apply UI convention: a pause icon indicates the media is currently playing.
Judgment: Unmatched
Reason: The solution incorrectly claims a pause icon means paused, contradicting the UI
convention that it indicates currently playing.

Key step5: Map this function to option A.
Judgment: Unmatched
Reason: The solution maps the status to option B, while the ground truth maps it to
option A.

Rate: 3/5

Figure 16: Illustration of key step coverage evaluation.
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Question: What's written on the Aunt left chest?
Correct Answer: M·5

Step1: Thinking: I need to get a closer look at the Aunt's left chest to
read the text on her shirt. I will zoom in on that specific area for a clearer
view.
Tool1: { "name": "image_zoom_in_tool", "parameter": "{"label": "Aunt
wearing a striped shirt and a straw hat", "bbox_2d": [730, 331, 1000,
854], "img_idx": 0}" }

Step2: Thinking: Now I see the Aunt's shirt more clearly. There is a small,
rectangular, brownish patch on her left chest. It appears to have some
white text or a logo on it. The text looks like "M’5" or something similar,
but it's still a bit blurry. I need to zoom in even closer on just that patch
to read it accurately.
Tool2: { "name": "image_zoom_in_tool", "parameter": "{"label": "close-up
of the patch on the Aunt's left chest", "bbox_2d": [437, 350, 550, 386],
"img_idx": 0}"}

Step3: Thinking: I apologize, but it seems there was an error in the
zooming process. The image I received is a close-up of a grey, textured
fabric with some small specks, which does not match the description of
the Aunt's striped shirt or the patch on her chest. This suggests the tool
may have focused on the wrong area. I will now try to zoom in again on
the correct region, specifically targeting the patch on the Aunt's left chest
to get a clear view of the text.
Tool3: { “name”: “image_zoom_in_tool”, “parameter”: “{”label“: ”close-up
of the patch on the Aunt‘s left chest“, ”bbox_2d“: [437, 350, 550, 386],
”img_idx“: 0}"}

Step4: Thinking: I see that the zoom tool is consistently returning an image of a grey,
textured fabric, which is not the Aunt's shirt. This indicates a persistent error in the tool's
targeting. Since I cannot rely on the tool to get a clear view, I will have to make my best
assessment from the original, wider image. In the original photo, the patch on her left chest
is visible. It is a small, rectangular, brownish patch with white lettering. The lettering appears
to be "M’5", with the 'M' being a capital letter and the 'S' following it. The 'S' might have a
small apostrophe or design element before it, but "M’5" is the most legible interpretation.
Answer: M5

Judgements:

Correct Tools: [Tool1] Brief Analysis: Tool1 correctly zooms in on the woman on the right,
matching the intent to focus on the aunt’s area. Tools 2 and 3 aimed to zoom the patch on
her left chest but instead targeted the man’s shirt area, returning a grey fabric region;
therefore, they did not satisfy the intended focus.

Qwen-3-VL-235B:

Rate: 1/3

Figure 17: Illustration of tool effectiveness evaluation.
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Tool Invocation Effectiveness Prompt

The above content contains the model’s multi-step reasoning process. You are a top-tier visual

reasoning audit expert. You possess strong logical analysis skills and can accurately evaluate

whether a model’s tool usage aligns with its stated reasoning intent.

All Available Tools:

{tools}

Each step in the reasoning process includes:

• [Step] A textual reasoning step.

• [Tool] A tool invocation (All Available Tools above).

• [Tool Execution Output] The execution output (image, text, or highlighted region).

Evaluation Criteria:

1. Tool Invocation Correctness: Check if the invocation is valid, properly formatted, and

consistent with the tool’s definition and the corresponding Step ID.

2. Tool Execution Output Validation: Check if the output satisfies the intent of the

corresponding Step ID and Tool ID. The output only needs to fulfill the specific step’s

purpose, not the overall problem. Evaluate based on the global image.

Attention:

• Only steps satisfying ALL criteria are listed as correct.

• Do not analyze for errors unless the output explicitly indicates a failure.

• Ignore image resolution/size info; assume the tool operates on the original source image.

Output Format (JSON-like):

Correct Tools: [Tool1, Tool2, Tool3...]

Brief Analysis: [Briefly explain why these tool invocations are correct and why others are

incorrect]

Figure 18: Prompt used for evaluating tool invocation effectiveness.
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Key Step Coverage Prompt

You are an expert system for verifying solutions to image-based problems. Your task is to: 1.

Segment the provided solution into logical reasoning steps. 2. Match each ground truth middle

step with the solution steps.

INPUT FORMAT: 1. Problem: The original question/task. 2. Solution: A continuous paragraph

containing the model’s reasoning. 3. Ground Truth: Essential steps required for a correct answer.

TASK:

Step 1: Segment the Solution

Divide the solution paragraph into distinct logical reasoning steps. Each step should represent a

coherent reasoning unit.

Step 2: Match Ground Truth Steps

For each ground truth step, determine if it is matched in any of the solution steps based on the

following:

• Content Match: Must match specific values and details.

• Tool Integrity: If tool execution has errors, the step is "Unmatched".

• Implicit Logic: Reasonable logical skips (like identifying obvious objects or using

background knowledge) are permissible.

OUTPUT FORMAT (JSON):

{

"solution_steps": ["Step 1...", "Step 2..."],

"judgments": [

{

"step_index": <integer>,

"judgment": "Matched" | "Unmatched",

"reason": "Brief explanation."

}

]

}

ADDITIONAL RULES: 1. Only output the JSON object with no extra text. 2. Judge each ground truth

step in order without omission.

DATA:

• [Problem] {question}

• [Answer] {answer}

• [Solution] {solution}

• [Ground Truth Information] {gt_annotation}

Figure 19: Prompt used for key step coverage evaluation.
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