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Abstract

The rapid advancement of Large Vision Language Models
(LVLMs) has demonstrated excellent abilities in various vi-
sual tasks. Building upon these developments, the thinking
with images paradigm has emerged, enabling models to dy-
namically edit and re-encode visual information at each rea-
soning step, mirroring human visual processing. However,
this paradigm introduces significant challenges as diverse er-
rors may occur during reasoning processes. This necessitates
Process Reward Models (PRMs) for distinguishing positive
and negative reasoning steps, yet existing benchmarks for
PRMs are predominantly text-centric and lack comprehensive
assessment under this paradigm. To address these gaps, this
work introduces the first comprehensive benchmark specifi-
cally designed for evaluating PRMs under the thinking with
images paradigm. Our main contributions are: (1) Through
extensive analysis of reasoning trajectories and guided search
experiments with PRMs, we define 7 fine-grained error types
and demonstrate both the necessity for specialized PRMs and
the potential for improvement. (2) We construct a comprehen-
sive benchmark comprising 1,206 manually annotated think-
ing with images reasoning trajectories spanning 4 categories
and 16 subcategories for fine-grained evaluation of PRMs.
(3) Our experimental analysis reveals that current LVLMs
fall short as effective PRMs, exhibiting limited capabilities
in visual reasoning process evaluation with significant per-
formance disparities across error types, positive evaluation
bias, and sensitivity to reasoning step positions. These find-
ings demonstrate the effectiveness of our benchmark and es-
tablish crucial foundations for advancing PRMs in LVLMs.

Introduction
The human visual system is dynamically heterogeneous in
scale , freely switching between broad views and detailed
focus as needed (Wandell 1995; Wang et al. 2025a). In con-
trast, conventional Large Vision Language Models (LVLMs)
are fundamentally limited by their reliance on static tok-
enization of image information for language model compre-
hension—a process that introduces inevitable information
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Figure 1: Identified Error Types in Thinking with Images
Paradigm. We identify and categorize seven distinct error
types from reasoning trajectories of current thinking with
images models. Some are inherent LVLMs limitations and
some are novel errors introduced by this paradigm.

loss and constrains the exploitation of fine-grained visual de-
tails (Bordes et al. 2024; Ghosh et al. 2024). Recent break-
throughs in LVLMs, exemplified by OpenAI’s o3 (OpenAI
2025), have introduced the transformative thinking with im-
ages paradigm (Su et al. 2025c) to overcome these chal-
lenges. Unlike traditional approaches that isolate visual per-
ception from reasoning, thinking with images paradigm mir-
rors the dynamic nature of human visual processing by en-
abling models to proactively edit and re-encode visual infor-
mation at each reasoning step using integrated image pro-
cessing tools, thereby mitigating static tokenization limi-
tations and enhancing overall visual understanding (Zheng
et al. 2025; Sarch et al. 2025; Su et al. 2025a; Hu et al. 2024;
Sun et al. 2024; Cheng et al. 2025; Zhang et al. 2025; Fan
et al. 2025; Zhu et al. 2025a).

However, despite these significant advances, LVLMs un-
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der thinking with images paradigm still encounter several re-
maining issues that hinder their reasoning capabilities, as il-
lustrated in Figure 1. Through comprehensive manual anal-
ysis of 7,558 reasoning trajectories generated by four think-
ing with images models across four established benchmarks,
we systematically identified and taxonomized seven distinct
categories of remaining reasoning errors under the thinking
with images paradigm. These error categories highlight on-
going challenges that stem from both the inherent limita-
tions of traditional LVLM and new issues introduced by the
dynamic nature of the thinking with images paradigm, ulti-
mately compromising the quality of the overall reasoning.

Inspired by the remarkable success of Process Reward
Models (PRMs) in enhancing verbal reasoning through step-
wise supervision (Chan et al. 2025a,b; Wang et al. 2025c;
Lightman et al. 2023; Wen et al. 2025; Cao et al. 2025a; Shi
et al. 2025; Zhang et al. 2024a; Cao et al. 2025b), we ob-
serve that reasoning trajectories within thinking with images
paradigm can be naturally decomposed into discrete inter-
leaved text-image steps. This structural compatibility natu-
rally motivates us to investigate a meaningful question for
the thinking with images paradigm:

Whether Process Reward Models Help?

In the absence of specialized PRMs for thinking with im-
ages paradigm, we explored prompting existing state-of-the-
art LVLMs to function as PRMs for guided search evalua-
tion across five benchmarks. Our preliminary experiments
demonstrate that LVLMs can improve reasoning perfor-
mance over baseline approaches.

To further analyze the abilities of existing models to iden-
tify errors within the paradigm of thinking with images and
to facilitate future development of more effective specialized
PRMs, we introduce ThinkWithImages-PRMBENCH, a
comprehensive and fine-grained benchmark designed to
assess PRMs under the paradigm of thinking with im-
ages. Unlike existing process-level benchmarks that fo-
cus primarily on text-based trajectories, ThinkWithImages-
PRMBENCH addresses the unique challenges of evaluating
PRMs in thinking with images scenarios. Our benchmark
comprises 1,206 meticulously curated instances spanning
4 major categories and 16 subcategories, with quality val-
idated by five expert annotators. We implement controlled
curation methodologies to maintain consistent difficulty lev-
els across visual reasoning domains, while covering diverse
scenarios including geometric analysis, spatial relationships,
temporal dynamics, and multi-object interactions.

Equipped with ThinkWithImages-PRMBENCH, we con-
ducted extensive evaluations across over 10 state-of-the-art
models. Through quantitative analysis and qualitative obser-
vations, our key contributions are summarized as follows:

• Fine-grained error type taxonomy: Through extensive
experiments and observations, 7 fine-grained error types
are defined under thinking with images paradigm, sys-
tematically capturing and categorizing common visual
reasoning failure modes.

• Necessity and potential for improvements of PRMs:
Guided search experiments demonstrate that existing

LVLMs can help when serving as PRMs but show sig-
nificant room for improvement.

• The first thinking with images PRM benchmark: A
curated collection of 1,206 manually annotated high-
quality thinking with images reasoning trajectories span-
ning 4 categories and 16 subcategories, enabling fine-
grained evaluation of existing LVLMs as PRMs.

• Comprehensive experimental analysis and in-depth
insights: Reveals current LVLMs fall short as PRMs,
demonstrating limited capability in capturing vision rea-
soning process evaluation with significant performance
disparities across different error types. Analysis uncovers
consistent positive bias in evaluations and notable step
sensitivity with significant performance variations during
multi-step reasoning processes.

Related Works
Large Vision Language Model Reasoning with Tools
The integration of reasoning capabilities with visual un-
derstanding, enabling models to reason through interleaved
text and image sequences, has emerged as a crucial fron-
tier in multimodal reasoning known as thinking with im-
ages paradigm (Su et al. 2025c; OpenAI 2025). Current
approaches for enhancing visual reasoning in LVLMs can
be categorized into two directions: (1) Training-free meth-
ods: Early works explored prompt-based tool integration and
other training-free approaches, enabling models to lever-
age external visual processing tools through carefully de-
signed prompts, instructions, or predefined pipelines (Hu
et al. 2024; Shen et al. 2024; Wang et al. 2025d; Li et al.
2025). (2) Training-based methods: A second line of work
focuses on training models to acquire visual reasoning capa-
bilities through data-driven approaches. This includes super-
vised fine-tuning with specialized datasets to enable mod-
els to invoke image processing tools during reasoning pro-
cesses, as well as reinforcement learning approaches that
employ reward-based optimization, typically computing re-
wards based on final answer correctness to incentivize mod-
els to follow thinking with images paradigm (Zheng et al.
2025; Su et al. 2025a; Cao et al. 2025c; Sarch et al. 2025;
Jiang et al. 2025; Wu et al. 2025; Zhang et al. 2025; Su et al.
2025b; Liu et al. 2025). Our work focuses primarily on mod-
els obtained through training-based methods, analyzing their
reasoning trajectories, and utilizing them as upstream think-
ing with images models for systematic investigation.

Benchmarks for Process Reward Models As PRMs
have gained increasing attention for their ability to pro-
vide step wise supervision during reasoning, effectively
and comprehensively evaluating their capabilities has be-
come crucial (Luo et al. 2024; Feng et al. 2025). This has
led to the development of several PRM benchmarks, in-
cluding PRMBench (Song et al. 2025), VisualPRM (Wang
et al. 2025c), MPBench (Xu et al. 2025), and Process-
Bench (Zheng et al. 2024), which evaluate PRMs’ ability to
identify fine-grained errors in upstream models’ reasoning
trajectories. However, existing benchmarks primarily focus
on evaluating PRMs for text-only reasoning trajectories. We
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Figure 2: Error Types Detection Procedure for Thinking with Images Paradigm. We collect extensive reasoning trajectories
by deploying four thinking with images models across four benchmarks. Through systematic analysis and categorization of
these trajectories, we identify seven distinct errors that commonly occur in thinking with images paradigm.

introduce ThinkWithImages-PRMBENCH, the first bench-
mark specifically designed to evaluate PRMs’ effectiveness
in detecting errors within interleaved text-image reasoning
trajectories under the thinking with images paradigm.

Study Setup

We begin by constructing a comprehensive collection of
thinking with images reasoning trajectories, which serves as
the foundation for our systematic investigation of reasoning
errors, PRM effectiveness evaluation, and ThinkWithImages-
PRMBENCHdevelopment. Using four representative think-
ing with images models across five benchmarks, we collect
7,558 reasoning trajectories.

Thinking with Images LVLMs

We select four state-of-the-art models that demonstrate rep-
resentative capabilities in multimodal reasoning with inte-
grated visual processing tools: ViGoRL-3B and 7B (Sarch
et al. 2025), DeepEyes-7B (Zheng et al. 2025), and
PixelReasoner-7B (Su et al. 2025a). These models are cho-
sen based on their ability to perform dynamic visual process-
ing operations such as cropping, zooming, which are funda-
mental characteristics of thinking with images paradigm.

Downstream Benchmarks
We evaluate our selected models across five established
benchmarks that cover diverse visual reasoning scenarios:
V*Bench (Huang et al. 2024), Blink (Fu et al. 2024), SAT-
2 (Ray et al. 2024), HRBench (Wang et al. 2025b), and
MME-RealWorld (Zhang et al. 2024b). These benchmarks
collectively provide comprehensive coverage of visual rea-
soning tasks including geometric analysis, spatial relation-
ships, temporal dynamics, and complex multi-object inter-
actions, ensuring our analysis captures the full spectrum of
challenges encountered in thinking with images applications.

What Issues Persist in Current
Thinking with Images LVLMs?

Through extensive experiments and observation of large-
scale trajectories, we identify and categorize seven distinct
error types that serve as both our annotation guidelines and
incorrectness classification criteria:
Object Detection Failure (ODF): The model fails to locate
or detect objects within the image, resulting in missed visual
elements critical to the reasoning process.
Attribute Recognition Error (AE): While the model suc-
cessfully localizes objects, it fails to correctly identify their
attributes. This includes confusion regarding colors (red vs.
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Figure 3: Performance Comparison of Thinking with Images Models with and without LVLMs as PRMs. Results demon-
strate a general trend toward improved performance when using LVLMs as PRMs, though improvements vary across models.

orange), materials (metal vs. plastic), shapes, or states (open
vs. closed).
Relationship Understanding Bias (RU): Inaccurate or
ambiguous comprehension of spatial relationships (“left”,
“above”, “between”), action relationships (“holding”, “chas-
ing”), or comparative relationships (“larger”, “closer”).
Logical Understanding Error (LU): The model demon-
strates an inability to comprehend the fundamental question
or task requirements, leading to irrelevant or illogical rea-
soning paths.
Answer-Reasoning Inconsistency (ARI): In the final step,
the model produces a correct answer that does not align
with the preceding reasoning process, often characterized by
hasty conclusion-drawing without proper justification.
Tool Invocation Error (TE): Failure to correctly utilize
available tools for object localization or visual analysis, re-
sulting in inadequate visual processing.
Redundant Reasoning (RR): Situations where the answer
is determined in an early step (e.g., step 1), making sub-
sequent chain-of-thought steps superfluous and unnecessary
for the final conclusion.

Whether Process Reward Models Can Help?
To investigate whether existing LVLMs can effectively serve
as PRMs for thinking with images paradigm, we conduct
preliminary experiments using various state-of-the-art mod-
els as surrogate PRMs.

Experimental Setup
Model Selection. We select three representative LVLMs
spanning different model families and sizes to serve as sur-
rogate PRMs: Gemma3-27B, Ovis2-34B, and InternVL2.5-
78B. These models analyze reasoning trajectories generated
under the thinking with images paradigm, where each tra-
jectory consists of interleaved text-image steps with visual
information processed throughout the workflow.
Evaluation Protocol. We employ Guided Search as our
primary evaluation framework to assess PRM effectiveness.
In this approach, candidate PRMs evaluate intermediate rea-
soning steps and provide real-time feedback to guide trajec-
tory generation, as outlined in Algorithm 1.
Guided Search Implementation. For upstream models, we
generate k = 8 step-by-step responses at each reasoning
stage. PRMs score each candidate response, and the highest-

Algorithm 1: PRM Guided Search for Thinking with Images

1: Input: Problem p, LVLMM, PRM R, Beam width k,
Max steps T

2: Output: Best interleaved trajectory τ∗

3: B ← {(init state, ∅, 0)} {Initialize beam}
4: τ∗ ← None, best score← −∞
5: for t = 1 to T do
6: C ← ∅
7: for each (s, τ, score) in B do
8: steps ← M.Generate(s, k) {Generate text-image

interleaved steps}
9: for each step a in steps do

10: s′ ← Apply(s, a), τ ′ ← τ∪{a} {a contains text
and image}

11: r ← R.Score(τ ′) {PRM evaluates interleaved
trajectory}

12: Add (s′, τ ′, score + r) to C
13: end for
14: end for
15: B ← TopK(C, k) {Keep top-k candidates}
16: end for
17: return Best interleaved trajectory from B

scored response is selected (with ties broken by order). The
process continues under a maxstep = 10 constraint.
Evaluation Metrics. We measure performance using accu-
racy as our primary evaluation metric, and demonstrate PRM
effectiveness by comparing LVLM performance before and
after PRM integration.

Performance Analysis

Figure 3 demonstrates the overall effectiveness of LVLMs as
PRMs in advancing thinking with images paradigm. While
PixelReasoner-7B shows minimal to no improvement with
PRMs, other models demonstrate consistent gains ranging
from 1-8%, with PRMs generally outperforming non-PRM
approaches across all evaluated models. These findings sug-
gest that PRMs are effective under thinking with images
paradigm, and there is still room for further improvement.

How Can We Build Better PRMs?
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Figure 4: Construction Pipeline for ThinkWithImages-PRMBENCH. Building upon the reasoning trajectories collected as
described in Figure 2, we perform step-by-step manual annotation for each trajectory and classify erroneous steps into seven
error types. A comprehensive quality control process filters trajectories based on three key criteria: accuracy, consistency, and
completeness, resulting in the curated ThinkWithImages-PRMBENCH.

Introducing ThinkWithImages-PRMBENCH
To build more effective PRMs, we introduce ThinkWithIm-
ages-PRMBENCH to support further advancements. In this
section, we outline its construction pipeline and assess the
performance of existing LVLMs as PRMs using our bench-
mark, aiming to highlight current challenges.

ThinkWithImages-PRMBENCH Construction
Pipeline
ThinkWithImages-PRMBENCH is a meticulously designed
multi-modal process reward benchmark tailored for thinking
with images paradigm. Our construction comprises four key
stages that ensure the scalability, accuracy, and reliability.

Stage 1: Data Collection We systematically collect
question-image pairs from diverse open-source datasets that
align with thinking with images paradigm. Our data collec-
tion strategy encompasses four primary sources: VBench,
HRBench, SAT, and BLINK. These datasets are strategically
selected to ensure comprehensive coverage across diverse
visual reasoning scenarios and task complexities.

Stage 2: Trajectory Construction For each question-
image pair collected from the open-source datasets, we em-
ploy our diverse model pool to generate multiple reasoning
trajectories. This stage produces multiple reasoning trajec-
tories for each query, providing a rich foundation for subse-
quent annotation.

Stage 3: Human Annotation The annotation process con-
sists of two critical phases designed to ensure data quality
and consistency:
Data Filtering: From the various reasoning trajectories gen-
erated in Stage 2, we first apply rule-based methods to dedu-
plicate each query, retaining only one valid trajectory per
question to ensure quality and uniqueness.

Manual Annotation: We utilize the open-source Label Stu-
dio platform with carefully designed annotation guidelines.
Five annotators work over seven days to annotate each step
based on our established guidelines and incorrect classifica-
tion criteria. We filter out low-quality reasoning chains to
maintain benchmark integrity.

Stage 4: Quality Assurance For the reasoning trajectories
retained from Stage 3, three annotators conduct quality ver-
ification over three days in batches. Each question is eval-
uated across three dimensions: accuracy, consistency, and
completeness. Only trajectories that satisfied all three cri-
teria are retained. Through this rigorous quality assurance
process, we finally collect 1,206 valid reasoning trajectories
that make up our final ThinkWithImages-PRMBENCH.

This comprehensive four-stage pipeline ensures that our
proposed bench provides a robust foundation for evaluating
multi-modal PRMs in visual reasoning tasks. Our resulting
benchmark systematically covers four fundamental dimen-
sions: Recognition & Attributes, Space & Relationships,
Dynamics & Actions, and Analysis & Reasoning, encom-
passing 16 specific categories of visual reasoning tasks as il-
lustrated in Figure 5. The final dataset comprises 1,206 ques-
tions with corresponding image reasoning chains, with com-
prehensive statistics presented in Table 1. Figure 6 shows the
distribution of error positions across reasoning steps.

Evaluation
Experimental Setup
Models To comprehensively evaluate LVLMs as PRMs
on ThinkWithImages-PRMBENCH, we test open-source
models including LLaVA-OneVision (7B, 72B) (Li et al.
2024), Qwen2.5-VL (7B, 72B) (Bai et al. 2025), In-
ternVL2.5 (8B, 78B) (Chen et al. 2024; Zhu et al. 2025b),
Gemma3 (4B, 27B) (Team et al. 2025), and Ovis2 (8B,
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34B) (Lu et al. 2024), alongside proprietary models GPT-
4o (Achiam et al. 2023) and Gemini-2.5-Flash (Comanici
et al. 2025). Human evaluation results are in Table 2.

Evaluation Metrics We evaluate models using accuracy
(ACC) and F1 scores. Accuracy measures the proportion of
correctly classified steps. F1 mitigates class imbalance be-
tween correct and incorrect steps.

Main Results
The main results are shown in Table 2. Several key findings
can be summarized as follows:
LVLMs as PRMs demonstrate limited capability in vi-
sion reasoning process evaluation. Our comprehensive
evaluation reveals that current LVLMs struggle signifi-
cantly when employed as PRMs for visual reasoning tasks.
Among open-source models, Ovis2-34B demonstrates rel-
atively strong performance with 41.74% ACC and 45.72%
F1, slightly outperforming the proprietary Gemini-2.5-
Flash model. However, even these best-performing models
achieve considerably lower accuracy than human-level per-

Benchmark Statistics Count Percentage

Total Samples 1, 206 100.0%
• V*bench 134 11.2%
• Blink 478 39.7%
• Sat 284 23.4%
• HRbench 310 25.7%

Total Steps 12, 714 100.0%
• Correct Steps 6,714 52.8%
• Incorrect Steps 5,233 41.2%
• Neutral Steps 767 6.0%

Total Images 6, 544 –

Average Steps 10.41 –

Table 1: Statistics of ThinkWithImages-PRMBENCH.

formance (83.61%). This substantial gap suggests that exist-
ing LVLMs are not yet competent to serve as reliable PRMs
for visual reasoning tasks.
Significant performance disparities exist across different
error types. The results reveal dramatic variations in model
performance across evaluation categories. While most mod-
els achieve ACC scores below 50% (ranging from 22-57%),
they fail drastically when identifying specific complex rea-
soning errors such as TE and RU, where detection rates of-
ten drop below 5%. This indicates that LVLMs struggle par-
ticularly with detecting nuanced logical reasoning errors in
multi-step processes.

Detailed Analysis
Now we present an in-depth examination of LVLMs serving
as PRMs, grounded in our empirical results. Our analysis
reveals the following:

Finding 1. LVLMs as PRMs show consistent positive
bias in their reward assignments.

Table 3 demonstrates that both open-source and closed-
source LVLMs exhibit significant reward bias during the
evaluation process. Notably, the majority of models achieve
accuracy rates below random chance (50%) when identify-
ing incorrect samples, highlighting substantial deficiencies
in existing LVLMs’ ability to detect reasoning errors

Furthermore, the comparison between correct and incor-
rect sample performance reveals a consistent bias pattern
across most models, with a pronounced tendency toward
positive rewards (i.e., favoring correct classifications). For
instance, Gemini-2.5-Flash achieves a remarkable 78.89%
accuracy on correct samples, yet only 38.81% accuracy on
incorrect samples, illustrating this systematic bias.

Findings 2. LVLMs as PRMs show notable step sensi-
tivity and significant performance variations during the
multi-step reasoning process.
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Models↓Metrics→ ACC F1 TE RU AE RR ODF ARI LU

Proprietary Large Vision Language Models

GPT-4o 31.45 41.34 4.61 40.10 52.94 33.33 64.02 79.31 58.21
Gemini-2.5-Flash 36.81 43.56 38.21 44.93 61.76 70.83 61.51 51.72 49.25

Open-Source Large Vision Language Models

Qwen2.5-VL-7B 24.89 8.84 1.78 5.34 7.27 6.33 10.50 10.00 3.48
Qwen2.5-VL-72B 28.27 32.81 20.36 24.93 37.27 26.58 37.9 41.67 27.83

InternVL2.5-8B 22.77 13.30 2.55 8.4 7.79 1.41 18.18 20.45 10.94
InternVL2.5-78B 21.13 24.28 0.32 17.2 31.17 5.63 30.00 43.18 21.88

LLaVA-OneVision-7B 52.36 2.55 0.20 1.78 1.01 1.27 3.65 0.80 2.61
LLaVA-OneVision-72B 43.03 7.51 2.96 1.78 4.55 3.8 5.94 21.67 3.48

Gemma3-4B 47.10 39.32 66.54 21.05 31.91 22.73 41.21 48.15 40.40
Gemma3-27B 48.73 42.98 47.23 39.17 40.00 34.18 46.58 70.00 40.00

Ovis2-8B 30.56 19.77 9.76 10.63 11.76 4.17 15.90 37.93 12.69
Ovis2-34B 41.74 45.72 57.51 41.60 56.36 45.57 66.21 68.33 46.96

Human Performance 81.23 80.11 82.31 85.12 85.37 87.23 82.17 85.78 83.21

Table 2: Performance of Current LVLMs as PRMs. We evaluate models using accuracy (ACC) and F1 score as Overall
metrics, along with performance on specific error type detection: TE, RU, AE, RR, ODF, ARI, and LU.

Models
Accuracy

Correct Incorrect
Gemma3-27B 55.83 42.17
InternVL2.5-78B 62.50 47.63
LLaVA-OneVision-72B 63.61 56.52
Ovis2-34B 58.31 38.05
Gemini-2.5-Flash 78.89 38.81

Random 50.0 50.0

Table 3: Model Performance Comparison. Accuracy of
different models on correct and incorrect samples.

All LVLMs exhibit severe volatility with accuracy fluctu-
ating dramatically across consecutive steps, often dropping
from high values to near-zero performance within one step.
This instability is particularly pronounced in correct sam-
ple evaluation, where most models struggle to maintain con-
sistent performance above 0.5. Performance disparities be-
tween text reasoning steps (even steps) and image extrac-
tion steps (odd steps) are evident, with most models achiev-
ing higher accuracy during text reasoning while experienc-
ing degradation during image extraction. Gemini 2.5-Flash
demonstrates superior stability with smaller fluctuation am-
plitudes, while Ovis2-34B stands out among open-source
LVLMs for more consistent evaluation capabilities, main-
taining smaller fluctuation ranges alongside Gemini.

Conclusion
In this work, we first investigate the problems existing in
the thinking with images reasoning paradigm and define

fine-grained error types. To address a core research ques-
tion: Whether Process Reward Models Can Help?—We em-
ploy guided search experiments, revealing that while cur-
rent LVLMs can help, they still have significant poten-
tial for improvement. Based on this finding, we introduce
ThinkWithImages-PRMBENCH, a benchmark characterized
by fine-grained evaluation categories and challenging er-
ror types. We construct 1,206 data samples through rig-
orous human filtering and annotation. ThinkWithImages-
PRMBENCH serves as a comprehensive testbed for evaluat-
ing different LVLMs as PRMs in supervising vision reason-
ing under the thinking with images paradigm. Through com-
prehensive evaluation of various models, we reveal two key
findings: LVLMs as PRMs demonstrate limited capability
in evaluating vision reasoning processes, and performance
varies dramatically between error types. These findings in-
dicate the substantial gap between current LVLM capabili-
ties and the requirements for reliable process supervision in
visual reasoning tasks. We anticipate our work will promote
development in LVLM capabilities as PRMs to help the vi-
sual reasoning process.

Limitations

Our analysis is based on reasoning trajectories from current
thinking with images models, which primarily support basic
visual operations such as cropping and zooming. More ad-
vanced models with richer visual capabilities and sophisti-
cated reasoning tools may exhibit different error patterns and
potentially address some of the identified error categories.
Future work should extend this taxonomic analysis to incor-
porate trajectories from more advanced thinking with images
models.
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