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Abstract

Despite the remarkable progress of Vision-
Language Models (VLMs) in adopting
"Thinking-with-Images" capabilities, accu-
rately evaluating the authenticity of their
reasoning process remains a critical challenge.
Existing benchmarks mainly rely on outcome-
oriented accuracy, lacking the capability
to assess whether models can accurately
leverage fine-grained visual cues for multi-step
reasoning. To address these limitations,
we propose ViEBench, a process-verifiable
benchmark designed to evaluate faithful visual
reasoning. Comprising 200 multi-scenario
high-resolution images with expert-annotated
visual evidence, ViEBench uniquely catego-
rizes tasks by difficulty into perception and
reasoning dimensions, where reasoning tasks
require utilizing localized visual details with
prior knowledge. To establish comprehensive
evaluation criteria, we introduce a dual-axis
matrix that provides fine-grained metrics
through four diagnostic quadrants, enabling
transparent diagnosis of model behavior across
varying task complexities. Our experiments
yield several interesting observations: (1)
VLMs can sometimes produce correct final
answers despite grounding on irrelevant
regions, and (2) they may successfully locate
the correct evidence but still fail to utilize it
to reach accurate conclusions. Our findings
demonstrate that ViEBench can serve as a
more explainable and practical benchmark for
comprehensively evaluating the effectiveness
of agentic VLMs.

1 Introduction

Recent advancements in Vision-Language Mod-
els (VLMs) (Bai et al., 2025a; Su et al., 2025a;
Lai et al., 2025; Team et al., 2025b,a; MiniMax,
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Table 1: Comparison of ViEBench with existing Multi-
modal Benchmarks. ViEBench is uniquely categorized
into perception and reasoning tasks, and provides expert-
annotated bounding box (BBox) for visual evidence,
enabling a precise process evaluation.

. Process
Bench #QA Pairs Percept Reason BBox Evaluation
V* Bench 191 v X X X
HRBench 1600 v X X X
InfoVQA 2801 v X X X
VisualProbe 515 v X X X
ViEBench 200 v v v v

2025) have entered in a new era of "Thinking-with-
Images," where models no longer perceive images
as static inputs but instead actively interact with
them through dynamic visual operations (Zheng
et al., 2025). By adopting agentic behaviors such
as autonomous zooming, state-of-the-art agentic
models like the 03 (OpenAl, 2025) and Qwen3-VL
(Bai et al., 2025a) have demonstrated an unprece-
dented ability to resolve fine-grained details within
high-resolution scenes. This shift from passive
perception to active visual reasoning has enabled
VLMs to tackle complex tasks in real-world sce-
narios, ranging from industrial inspection to urban
navigation (Su et al., 2025b; Zhang et al., 2023).

However, as VLMs gain the autonomy to ma-
nipulate their own visual input, a critical evalua-
tion gap has emerged. As shown in Tab. 1, ex-
isting benchmarks (Wang et al., 2024; Wu and
Xie, 2024; Lai et al., 2025; Mathew et al., 2022;
Chen et al., 2024; Li et al., 2026a,d) are con-
strained by two fundamental limitations. First, their
perception-oriented tasks can be addressed through
fine-grained recognition alone, making them in-
sufficient for evaluating tool-use capabilities in
reasoning-intensive scenarios where models must
integrate localized visual cues with prior knowl-
edge. Second, these benchmarks rely solely on
outcome-oriented metrics (Li et al., 2025b, 2026¢),
treating models as "black boxes" and providing
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no diagnostic granularity to distinguish whether
performance degradation results from grounding
failures or from an inability to synthesize visual ev-
idence into logical reasoning. Consequently, with-
out fine-grained metrics to verify if a model’s suc-
cess relies on faithful reasoning or mere textual
priors, it remains impossible to pinpoint specific
weaknesses or guide targeted model improvements.

To bridge this gap, we introduce ViEBench,
a novel diagnostic benchmark to evaluate the
"Thinking-with-Images" capabilities of VLMs.
First, we design ViEBench-R, a reasoning task
that requires models to localize fine-grained visual
cues, integrate them with prior knowledge, and
perform multi-step logical reasoning. We also pro-
vide ViEBench-P, a perception task for compara-
ble analysis. To ensure task quality and diversity,
we curate 200 high-resolution images across four
critical real-world scenarios: retail, urban, indus-
try, and daily life. Crucially, we enforce extreme
spatial sparsity, where critical visual evidence oc-
cupies less than 0.7% of the total image area on
average. This strategic design ensures that essential
visual cues remain sub-perceptual in global views,
forcing models to execute precise local zooming
operations.

Second, we introduce a dual-axis capability ma-
trix based on the intersection over area (IoA) met-
ric (Xiang et al., 2023). By comparing model-
generated visual crops against expert-annotated
gold BBox, we construct a grounding axis that
quantifies localization accuracy, which is then
crossed with the answer correctness axis to form
four diagnostic quadrants (shown in Fig. 1): Valid
Grounded Reasoning, Ground-Success Answer-
Failure, Ungrounded Correct Answer, and Dual
Ground-Answer Failure. This decomposition en-
ables us to evaluate whether performance degra-
dation stems from grounding failures or reasoning
deficiencies—a diagnostic capability completely
absent in traditional accuracy-only metrics.

Our extensive evaluation of both end-to-end and
agentic VLMs reveals several counter-intuitive find-
ings. We identify a prevalent ungrounded cor-
rect answer phenomenon among agentic VLM,
suggesting that current benchmarks significantly
overestimate model reliability. Furthermore, we
uncover a ground-success and answer-failure bot-
tleneck, where models successfully locate the re-
quired evidence but fail to synthesize it into a cor-
rect reasoning chain. These insights underscore
that the next frontier for VLMs lies not just in

"where to look," but in how to deeply integrate
cropped visual information into the reasoning chain.
By providing a rigorous and transparent evalua-
tion protocol, ViEBench serves as both a valuable
benchmark for current models and a roadmap for
the development of more robust and truly visual
"thinking" agentic models.

This work makes three key contributions: 1)
We introduce ViEBench across diverse real-world
scenarios, uniquely featuring reasoning-oriented
tasks with extreme spatial sparsity (avg. area
< 0.7%), necessitating precise visual operations
and faithful visual thinking. 2) We propose a
process-verifiable evaluation paradigm that shifts
from outcome-oriented metrics to a dual-axis ca-
pability matrix, enabling fine-grained analysis to
differentiate grounding failures from reasoning de-
ficiencies. 3) Our extensive evaluation of state-
of-the-art agentic VLMs reveals several counter-
intuitive failure modes, offering actionable insights
for developing more robust agentic vision models.

2 Related Work

2.1 Vision-Language Models

The landscape of Vision-Language Models (VLMs)
has evolved from early alignment-based models to
powerful large-scale multimodal systems. End-to-
end models, such as the GPT series (Hurst et al.,
2024), Gemini series (Team et al., 2024, 2023; Co-
manici et al., 2025) and open-source leaders like
InternVL (Zhu et al., 2025a; Wang et al., 2025),
LLaVA-OneVision (Li et al., 2024a) and Qwen-
VL (Bai et al., 2025b,a), typically process images
through a fixed-resolution vision encoder. While
these models have demonstrated remarkable zero-
shot capabilities, they often suffer from "visual for-
getting" when dealing with high-resolution images
due to the information loss inherent in global down-
sampling (Wang et al., 2024; Li et al., 2024b). Re-
cent efforts have attempted to mitigate this by scal-
ing parameters or incorporating mixture-of-experts
(MoE) architectures (Bai et al., 2025a), yet the
underlying black-box nature of their perception re-
mains a significant hurdle for verifiable reasoning.

2.2 Thinking-with-Images

To overcome the resolution bottleneck, a new
paradigm (Zhang et al., 2025a; Zhu et al., 2025b;
Li et al., 2026b) known as "Thinking-with-Images"
has emerged, manifesting primarily through agen-
tic models. These systems, such as Pixel Reasoner
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Figure 1: Traditional benchmarks provide a superficial thinking evaluation by relying solely on final answer accuracy,
which fails to detect if a model correctly answers via irrelevant visual regions. In contrast, ViEBench performs a
faithful "Thinking-with-Images" audit by cross-referencing answer accuracy with visual grounding alignment. Our
dual-axis capability matrix deconstructs VLMs performance into four fine-grained quadrants to provide a diagnostic
map that identifies whether correct predictions are rooted in sound visual evidence.

(Su et al., 2025a) and the Qwen3-VL series (Bai
et al., 2025a), empower VLMs with the autonomy
to dynamically interact with their visual input. By
invoking external tools for zooming, these models
can focus on task-relevant regions to capture fine-
grained details that are sub-perceptual in global
views (Lai et al., 2025; Zheng et al., 2025; Zhang
et al., 2025b). While this active perception mim-
ics human saccadic eye movements and enables
superior performance in dense scenes, it also intro-
duces a new layer of complexity: the need to verify
whether the model’s visual operations are logically
aligned with its final conclusions (Li et al., 2025a).

2.3 Thinking-with-Images Evaluation

As the community shifts toward agentic vision, ex-
isting multimodal benchmarks (Yue et al., 2024,
2025) have become increasingly inadequate for
auditing the reasoning process. Traditional high-
resolution benchmarks like InfoVQA (Mathew
et al., 2022) and HRBench (Wang et al., 2024) fo-
cus predominantly on perception-heavy tasks (e.g.,
OCR or object counting) without evaluating com-
plex logical reasoning. While recent efforts like
Argus Inspection (Yao et al., 2025; Hu et al., 2024)
attempt to bridge this gap by incorporating real-
world commonsense for causal reasoning, these
evaluations still largely focus on the final output.
Although V* Bench (Wu and Xie, 2024) and Visu-
alProbe (Lai et al., 2025) highlight the necessity of
zooming, they rely solely on outcome-oriented met-
rics (accuracy), failing to account for cases where
a model arrives at the correct answer through lucky
guesses rather than precise grounding. Further-
more, to our knowledge, none of the existing suites
provide expert-annotated gold BBox to verify the

accuracy of visual operations in the model’s "think-
ing" process. By introducing fine-grained metrics,
ViEBench provides the first comprehensive frame-
work to ensure that the "Thinking-with-Images"
process is both transparent and process-verifiable.

3 ViEBench

3.1 Overview

The core philosophy of ViEBench is to transition
VLMs evaluation from an outcome-oriented black
box to a process-verifiable diagnostic framework
by isolating the interplay between visual local-
ization and logical reasoning. This is achieved
through a dual-axis capability audit that evaluates
models along the orthogonal dimensions of rea-
soning integrity and grounding precision, allowing
researchers to decouple a model’s ability to locate
evidence from its ability to interpret it. As shown
in Fig. 2, by deconstructing performance into di-
agnostic quadrants, ViEBench identifies specific
failure modes that standard accuracy metrics of-
ten mask. This structural approach is supported
by a high-quality benchmark spanning four real-
world scenarios where task-critical evidence is sub-
perceptual and necessitates a verifiable "Thinking-
with-Images" process.

3.2 Dual-Axis Capability Matrix

To systematically audit the alignment between a
model’s reasoning and its visual operations, we pro-
pose the dual-axis capability matrix. This frame-
work evaluates each task instance along two orthog-
onal dimensions: the correct answer axis, which
measures the correctness of the final textual an-
swer, and the valid grounding axis, which quanti-
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Figure 2: ViEBench audits the consistency between visual grounding and logical reasoning in agentic VLMs. By
integrating expert-annotated BBox with a dual-axis evaluation protocol, we categorize model behaviors into four
diagnostic metrics, providing a more rigorous assessment beyond accuracy only.

fies the precision of the model’s generated visual
crops. By mapping model performance into this
two-dimensional space, we define a taxonomy of
four functional quadrants. This matrix allows us
to move beyond holistic accuracy and specifically
isolate "hallucinatory reasoning," where a model
arrives at a correct conclusion despite focusing on
irrelevant or misleading image regions.

We define a set of metrics based on the
Intersection-over-Area (IoA) (Xiang et al., 2023)
between the model’s generated crop (B.q) and
the ground-truth gold BBox (B;). Unlike the stan-
dard Intersection-over-Union (IoU) (Rezatofighi
et al., 2019), the [oA metric provides a more nu-
anced measure of spatial inclusion. Specifically,

Area(Bpreq) N Area(By;)
Area(Bgyt)

ToA(Bpred; Bgt) =

quantifies the extent to which the target evidence
is covered by the model’s crop, while the reverse
formulation,

Area(Bpeq) N Area(By;)
Area(Bpred)

T0oA(Bgyt, Bpred) =

measures the concentration of the target within the
crop area. To ensure a robust assessment that ac-
counts for both precise tight crops and conservative
expansive crops, we define the final IoA score as
the maximum of these two directional metrics:

ToA = max(IoA(Bpred; Bgt), [0A(Bygt, Bpred))-

To facilitate a fine-grained analysis, we categorize
the model’s performance into four quadrants based
on grounding (G) and answer (A) consistency: G+
and G~ denote successful (oA > 0.5) and failed
(IoA < 0.5) grounding respectively, while A™ and
A~ indicate correct and incorrect textual answers.
As shown in Fig. 2, we propose the following met-
rics:
* Accuracy (Acc.): The percentage of queries
where the final textual answer is correct, re-
gardless of the grounding quality.

* Grounded Score (GS): The percentage of
samples achieving successful grounding, rep-
resenting the model’s fundamental reliability
in locating evidence.

e Valid Grounded Reasoning (G* - A™): The
ratio of samples where JoA > 0.5 and the
answer is correct. This is the primary metric
for verifiable reasoning.

» Ground-Success Answer-Failure (G- A7):
The ratio of samples where oA > 0.5 but the
answer is incorrect.

 Ungrounded Correct Answer (G~ - A™):
The ratio of samples where JoA < 0.5 but
the answer is correct, indicating a reliance on
textual CoT or redundant crop.

e Dual Ground-Answer Failure (G~ - A7):
The ratio of samples where both the grounding
(I0oA < 0.5) and the answer are incorrect.

* Tool Ratio (TR): The proportion of queries
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where the model invokes a zooming operation.

3.3 Data Collection

Tasks. To systematically evaluate the agentic ca-
pabilities of VLMs, we categorize our tasks into
two distinct dimensions: perception and reason-
ing. Perception tasks focus on the model’s funda-
mental ability to locate and identify fine-grained
visual elements within high-resolution inputs. In
contrast, reasoning tasks—a distinctive feature of
ViEBench—require that the model not only iden-
tify visual details, but also integrate these visual
cues with prior knowledge and execute multi-step
logical reasoning to derive correct answers.

Image Sources and Scenarios. Our data collec-
tion process is designed to capture the complexity
and diversity of real-world visual reasoning tasks
by curating a representative set of images sourced
from both extensive web searches and the Visual-
Probe (Lai et al., 2025). These images are catego-
rized into four distinct scenarios, including retail,
urban, industry and daily life, selected primarily
because they represent high-stakes environments
where the reliability of a model’s visual grounding
is paramount. Furthermore, these scenarios pro-
vide a rich spectrum of visual scales, ranging from
the cluttered, fine-grained environments of retail
shelves to the expansive, multi-object scenes of ur-
ban landscapes, thereby offering a comprehensive
testbed for spatial reasoning.
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Figure 3: Scene distribution of the perception and rea-
soning categories in ViEBench.

3.4 Annotation and Human Review

The annotation process for ViEBench involves a
multi-stage pipeline to ensure the highest level of
ground-truth reliability. For each selected image,
professional annotators are tasked with identify-

Question:
"4 How much is the minimum cost for
three boxes of Panjin Alkali Land
& Persimmons? 3
| Options:

| (A) 20 (B) 32.9

(C) 38.4 (D) 30
Acquire the price
information by croppin:
’

20.0 (special offer for 2 boxes) +
12.9 (original price for 1 box) = 32.9

Question:
| need two rooms for my stay. How
much do | need to pay?

Options:
(A) 18,600 (B) 19,600
(C) 11,4ee (D) 15,500

Question:
~  What types of containers can the
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/| Options:
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}| Question:
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Options: P~
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Figure 4: Representative examples from ViEBench
across four real-world scenarios. Each case illustrates
a complex reasoning task where the critical evidence is
spatially sparse and requires precise cropping to resolve.

ing the "minimal indispensable evidence" required
to answer the associated query. This evidence is
enclosed in a precise gold BBox, which serves as
the spatial reference for our IoA-based audit. In
addition to spatial grounding, annotators provide
the ground-truth answer and categorize the task
as either perception-heavy (requiring fine-grained
identification) or reasoning-heavy (requiring multi-
step logical integration). To guarantee quality, a
secondary team of senior reviewers performs a ver-
ification of every instance. Any sample where the
gold BBox is ambiguous or the reasoning chain is
deemed non-verifiable is either refined or discarded,
ensuring that every task in ViEBench presents a
clear and objective challenge for the model. More
details are provided in Appendix A.

3.5 Statistics

The finalized ViEBench benchmark consists of 200
high-resolution multiple-choice QA pairs, metic-
ulously curated to ensure a balanced distribution
across scenarios and cognitive demands. Quan-
titatively, the dataset is perfectly bifurcated into
perception (50%) and reasoning (50%) tasks, pro-
viding an even ground for evaluating both fine-
grained recognition and complex logical reasoning
across four key real-world scenarios: urban (32%),

12581



Table 2: Performance of Models with Tools (Agentic Models). Inst. denotes Instruction-tuned models.

Accuracy Grounded Valid Grounded Ground-Success Ungrounded Dual Ground-  Tool
Model Ace. Score Reasoning Answer-Failure Correct Answer Answer Failure Ratio
’ GS 1t Gt.AT¢ Gt.A—| G~ -At| G -A"| TR
Perception
Pixel Reasoner 77% 65% 54% 12% 24% 11% 95%
Thyme 77% 38% 38% 0% 44% 19% 16%
DeepEyes 79% 44% 41% 3% 38% 18% 100%
Mini-03 73% 78 % 65% 10% 8% 17% 97%
Qwen3-VL-8B-Inst. 74% 73% 66% 7% 9% 17% 98%
Qwen3-VL-235B-A22B-Inst. 73% 69% 62% 7% 11% 20% 100%
Qwen3-VL-32B-Inst. 81% 75% 71% 4% 9% 16% 93%
Reasoning
Pixel Reasoner 59% 64% 40% 23% 23% 15% 80%
Thyme 69% 29% 29% 0% 57% 14% 7%
DeepEyes 60% 40% 27% 13% 33% 27% 100%
Mini-03 58% 78 % 47% 28% 11% 14% 97%
Qwen3-VL-8B-Inst. 71% 67% 57% 10% 15% 18% 92%
Qwen3-VL-235B-A22B-Inst. 1% 66% 54% 13% 18% 16% 95%
Qwen3-VL-32B-Inst. 74% 68% 56% 13% 17% 15% 95%

daily life (32%), industrial (19%) and retail (17%).
We provide some representative examples in Fig.
4. Further discussion on the benchmark scale is
provided in Appendix B.

A defining characteristic of ViEBench is the
extreme spatial sparsity of task-critical evidence,
a design choice specifically intended to necessi-
tate active "Thinking-with-Images" behaviors. The
expert-annotated gold BBox occupies a very small
proportion of the total image area, averaging only
0.32% for perception-based queries and 0.63%
for reasoning-based ones. This deliberate con-
centration of information ensures that essential vi-
sual cues remain sub-perceptual in standard global
downsamplings, thereby compelling models to ex-
ecute precise local zooming and cropping to re-
solve the evidence. To ensure the integrity of the
benchmark, every instance was produced through a
rigorous pipeline involving exhaustive expert man-
ual annotation, resulting in a diagnostic suite that is
both empirically challenging and process-verifiable.
Further controls for multiple-choice guessing are
described in Appendix C.

4 Experiment

4.1 Baselines

To provide a comprehensive benchmark of current
VLM capabilities, we evaluate two distinct cate-
gories of models:

Models with Tools (Agentic Models). This
category comprises agentic systems that utilize ex-
ternal tools for zooming operations. These include
Pixel Reasoner (Su et al., 2025a), Thyme (Zhang
et al., 2025b), DeepEyes (Zheng et al., 2025),

Mini-o3 (Lai et al., 2025), Qwen3-VL-8B-Instruct,
Qwen3-VL-235B-A22B-Instruct and Qwen3-VL-
32B-Instruct (Bai et al., 2025a). These models are
evaluated on their ability to strategically invoke
tools to locate evidence before generating a final
answer.

Models without Tools (End-to-end VLMs).
This category includes state-of-the-art general-
purpose VLMs and models specifically optimized
for CoT reasoning (Wei et al., 2022). We evaluate
proprietary frontiers such as GPT-40 (Hurst et al.,
2024) and 03 (OpenAl, 2025), alongside leading
open-source models including Qwen2.5-VL-7B-
Instruct (Bai et al., 2025b), InternVL3-8B (Zhu
et al., 2025a), and LLaVA-OneVision (OV) (Li
et al., 2024a). Specifically, for the LLaVA series,
we include both the standard LLaVA-OV and its
LLaVA-OV (SI) variant. We also incorporate spe-
cialized reasoning models such as LLaVA-CoT (Xu
et al., 2025), Keye-VL-1.5-8B (Yang et al., 2025),
and MiMo-VL-7B-RL (Xiaomi et al., 2025), which
are designed to enhance the depth of reasoning.
The model scope is further elaborated in Appendix
D.

4.2 Evaluation Protocol

We employ distinct evaluation pipelines and re-
porting scopes for the two categories of baselines.
For models with tools (agentic models), we strictly
adhere to the evaluation settings and environment
configurations specified in their respective official
repositories to ensure tools are invoked as intended;
for these models, we report the full set of seven
metrics to perform a comprehensive process-level
audit. In contrast, for models without tools (end-
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Table 3: Performance of Models without Tools (End-to-
end VLMSs). (Inst. denotes Instruction-tuned)

Model Accuracy
Perception Reasoning

GPT4o0 66% 64%
03 1% 69%
Qwen2.5-VL-7B-Inst. 74% 58%
InternVL3 75% 63%
LLaVA-CoT 51% 49%
LLaVA-OV (SI) 62% 63%
LLaVA-OV 62% 56%
Keye-VL-1.5-8B 2% 65%
MiMo-VL-7B-RL 71% 60%

to-end VLMs), we utilize the VLMEvalKit (Duan
et al., 2024) framework to ensure a fair compari-
son. Since these end-to-end models lack an explicit
cropping mechanism to expose their internal focus,
we report only their overall accuracy.

5 Main Results and Analysis

Tab. 2 and Tab. 3 provide a comprehensive evalua-
tion of state-of-the-art VLMs. Due to the restricted
accessibility of internal cropping results from pro-
prietary closed-source models, our analysis primar-
ily focuses on open-source agentic models; how-
ever, developers and model hosts can readily apply
this auditing framework to diagnose and refine the
reasoning behaviors of any specific model.

5.1 Necessity of Reasoning-centric Evaluation

The comparative results between perception and
reasoning tasks in Tab. 2 demonstrate the necessity
of ViEBench, as conventional benchmarks mea-
suring only final accuracy fail to capture the capa-
bility collapse that occurs when task complexity
increases. On simpler perception-oriented tasks,
the performance gap between models is relatively
narrow, and accuracy remains high; for instance,
Mini-o3 (Lai et al., 2025) achieves 73%. How-
ever, on complex reasoning queries, its Accuracy
(Acc.) drops significantly to 58%. Crucially, this
decline occurs despite the model maintaining an
identical Grounded Score (GS) of 78% across both
categories. This decoupling of localization suc-
cess and final correctness suggests that while the
model’s perception remains stable, the reasoning
demands of ViEBench expose a latent reasoning
bottleneck. Without a specialized reasoning-centric
benchmark, such a significant drop in performance
would be hidden within total accuracy scores, mak-
ing ViEBench essential for identifying the limits of

agentic models beyond basic recognition. A sensi-
tivity analysis of the oA threshold is provided in
Appendix E.

5.2 Fine-grained Audit via Capability Matrix

By deconstructing performance into four G/A
quadrants, ViEBench enables a transparent audit
of reasoning processes indistinguishable through
accuracy alone. The Semantic Reasoning Bottle-
neck characterizes models with superior percep-
tion but deficient logic; for instance, in reasoning
tasks, Mini-o3 (Lai et al., 2025) achieves the high-
est GS (78%) yet exhibits a peak Ground-Success
and Answer-Failure (GT - A7) rate (28%). This
proves failure stems not from blind search, but from
an inability to synthesize localized cues into correct
conclusions. Conversely, Superficial Correctness
exposes models like DeepEyes (Zheng et al., 2025)
with high Ungrounded Correct Answer (G~ - A™)
rates, suggesting significant redundant cropping
where correct answers are reached despite mis-
placed visual focus. Finally, Grounded Reasoning
Integrity confirms the reliability of top-tier models
like Qwen3-VL-32B-Instruct (Bai et al., 2025a),
which achieves a high Valid Grounded Reasoning
(GT - A™) score (71% in perception) with minimal
G~ - AT (9%), proving its success derives from
faithful visual evidence. This mapping precisely
identifies whether a model’s bottleneck lies in per-
ception or reasoning integration. This diagnostic
depth enables ViEBench to expose failure modes
that remain invisible to traditional benchmarks. De-
tailed analysis of reasoning failure modes and case
studies are provided in Appendix F and G.

5.3 Adaptive Thinking and Tool Efficiency

A significant finding is the variation in adaptivity
across models, particularly regarding the trade-off
between tool efficiency and grounding precision.
Thyme (Zhang et al., 2025b) achieves a competi-
tive Acc. (77% in perception) while maintaining an
exceptionally low Tool Ratio (TR) of 16%, suggest-
ing an efficient adaptive mechanism that invokes
"Thinking-with-Images" only for highly ambigu-
ous samples. However, in reasoning categories,
Thyme’s GS remains limited, and its G~ - AT rate
reaches 57%, indicating that its tool calls frequently
result in redundant cropping. For such efficient
models, the path to improvement lies in recali-
brating tool-invocation triggers to ensure that lim-
ited crops are precisely aligned with task-critical
evidence. By reducing these redundant or mis-
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Figure 5: We visualize JoA(Bg;, Byrea) and ToA(Bypred, Bgt) across perception and reasoning tasks. The results

reveal distinct strategies. (Inst. denotes Instruction-tuned)

aligned operations, models can further minimize
per-instance inference time and avoid potential in-
terference from irrelevant visual noise, ultimately
strengthening the G - AT path without sacrificing
their computational advantage.

5.4 Grounding and Reasoning Alignment

We observe a core challenge in cognitive consis-
tency, defined as the model’s ability to maintain
reasoning integrity once the correct evidence is lo-
calized. By comparing the GS and G- A™, we find
that Pixel Reasoner (Su et al., 2025a) exhibits ro-
bust consistency in perception tasks. In these cases,
it achieves a GS of 65%, and a high proportion
of these samples (54%) are successfully converted
into GT - AT. However, its performance decays
significantly in reasoning tasks, where a similar
GS of 64% only yields a G - AT score of 40%.
This decay indicates that while the model’s spatial
search capability is consistent across task types, its
reasoning capability remains fragile when integrat-
ing visual evidence. Localization is a necessary but
insufficient condition for reasoning; the substantial
gap observed in reasoning tasks suggests that the
model often identifies the correct evidence but fails
to construct a reliable CoT for complex queries.

5.5 Spatial Alignment and Crop Strategies

The bidirectional IoA analysis in Fig. 5 provides
deeper insights into the specific "Thinking-with-
Images" behaviors of different models, revealing
that a tighter crop does not inherently guarantee
superior reasoning. Models such as Mini-o3 (Lai
et al., 2025) and the Qwen3-VL series (Bai et al.,
2025a) generally exhibit an expansive coverage
strategy, characterized by high IoA(Bpred, Bgt)
values results. This pattern indicates that while
their generated crops are relatively large compared
to the target evidence, they successfully encompass
the entire gold BBox. Crucially, the Qwen3-VL

series demonstrates that such moderate spatial re-
dundancy is not a hindrance; by effectively utiliz-
ing visual cues within these larger crops, Qwen3-
VL-32B-Instruct achieves high G - A™ and low
G - A~ rates. Conversely, models like DeepEyes
(Zheng et al., 2025) often generate more concen-
trated crops with higher J0A(By:, Bpreq) levels,
yet this tighter spatial focus does not translate into
performance gains in reasoning accuracy. This
divergence validates the design of our evaluation
metric, which prioritizes the coverage of essential
evidence over mere boundary precision. It further
suggests that for agentic VLMs, over-optimizing
for tight BBox coordinates during training may be
counterproductive. Instead, the focus should re-
main on developing adaptive cropping mechanisms
that allow models to determine an optimal viewing
scale, ensuring that sufficient context is preserved
to support the subsequent CoT.

6 Conclusion

In this paper, we address a critical gap in
the evaluation of agentic VLMs by moving be-
yond outcome-oriented metrics toward a process-
verifiable paradigm. Through ViEBench, we pro-
vide a rigorous diagnostic framework that lever-
ages fine-grained perception and reasoning tasks to
evaluate the capabilities of agentic VLMs within
high-resolution environments. Our dual-axis ca-
pability matrix uniquely decomposes performance
into grounding accuracy and reasoning logic, re-
vealing that current models frequently rely on "un-
grounded correct answers" or struggle to synthesize
evidence even after successful localization. These
findings underscore that the next frontier for VLMs
lies in achieving cognitive consistency between vi-
sual perception and logical inference. By offering
a transparent protocol to pinpoint failure modes,
ViEBench serves as a challenging benchmark for
developing truly visual "thinking" agentic VLMs.
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Limitations

While ViEBench provides a rigorous and process-
verifiable framework for auditing agentic VLMs,
our current benchmark primarily focuses on crop-
ping as the central visual operation for "Thinking-
with-Images," as it represents the most criti-
cal mechanism for resolving spatial sparsity and
fine-grained perception. However, as the field
evolves, agentic models are expected to perform
a broader suite of complex visual operations.
Since ViEBench is currently optimized for high-
resolution spatial perception and reasoning tasks,
it does not fully account for the evaluation of these
emerging diverse tool-use capabilities. We recog-
nize this as a vital area for growth and plan to
incorporate the assessment of more varied visual
operations into our subsequent work to maintain a
comprehensive diagnostic standard for future mul-
timodal agents.
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A Annotation and Data Collection

To ensure high-quality grounding and reasoning
pairs, we developed a specialized web-based anno-
tation platform based on Label Studio (Tkachenko
et al., 2020-2025) as shown in Fig. Al. The in-
terface is designed to facilitate the synchronized
collection of visual bounding boxes, natural lan-
guage queries, and logical categorizations.

The annotation pipeline consists of the following
four key modules:

* Interactive Image Canvas: The core of the
interface allows annotators to perform multi-
level inspection. Supporting standard zoom-
ing and panning operations, it enables anno-
tators to locate minuscule targets that require
agentic “Thinking-with-Images” behavior.

* Bounding Box Grounding: Annotators are
required to draw a precise gold bounding box
(Bg¢) around the visual evidence necessary
to answer the question. This provides the
ground-truth for calculating the Intersection-
over-Area (IoA) metrics used in our evalua-
tion.

¢ Q&A Annotation: Two dedicated text fields
are provided for annotators to author the Ques-
tion and the corresponding Answer. Annota-
tors are instructed to ensure that the question
cannot be answered confidently without re-
ferring to the fine-grained details within the
specified bounding box.

» Task Categorization: Each sample is manu-
ally classified into one of two categories:

1. Perception: Questions focusing on di-
rect attribute recognition or simple object
identification.

2. Reasoning: Questions requiring multi-
step logical deduction, spatial relation-
ship analysis, or the synthesis of internal
knowledge with visual evidence.

Quantitative Annotation Reliability. For task
categorization, we compute Cohen’s Kappa be-
tween annotators for the perception/reasoning split.
As shown in Table A1, both statistics indicate high
agreement.

These results suggest that the gold evidence
boxes and task labels are sufficiently stable for
process-level grounding evaluation.

Ul Preview

Draw bbox and type the Q and A
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Figure Al: The web-based annotation interface used
for ViEBench data collection. It supports interactive
bounding box drawing, Q&A entry, and fine-grained
category selection.

Table Al: Annotation reliability statistics for ViEBench.

Reliability Measure Score

Inter-annotator IoU for evidence boxes ~ 0.88
Cohen’s Kappa for task categorization 0.85

B Statistical Stability and Benchmark
Scale

To address the statistical stability of the benchmark
scale, ViEBench comprises 200 meticulously cu-
rated QA pairs, evenly split between perception
and reasoning. We emphasize that ViEBench is
positioned as a diagnostic “‘stress test” rather than
a general-purpose leaderboard. Its primary value
lies in providing fine-grained metrics to guide the
development of “Thinking-with-Images” capabili-
ties.

The scale of ViEBench is consistent with es-
tablished high-resolution benchmarks such as V*
Bench, which contains only 191 QA pairs. This
demonstrates that such a scale is sufficient for spe-
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cialized diagnostic purposes.

Each instance requires expert-annotated “min-
imal indispensable evidence” to ensure process-
verifiability. This level of granularity is absent in
larger, automated benchmarks.

As the first benchmark to provide expert-
annotated BBoxes for multi-step reasoning,
ViEBench fills a critical gap, offering important
guidance for future agentic model training.

The performance gaps we observed, such as
Mini-03’s 15% drop in accuracy between percep-
tion and reasoning despite a stable 78% Grounded
Score, indicate systemic bottlenecks rather than
statistical noise.

C Controlling for Multiple-Choice
Guessing and Language Priors

Because ViEBench uses a multiple-choice format,
one potential concern is that G~ A™ cases may
arise from guessing or language priors over an-
swer options. We mitigate this confound in two
ways.

First, the task-critical visual evidence is ex-
tremely sparse, occupying less than 0.7% of the
image area on average. This makes it difficult for
models to answer reliably from the global image
alone, especially when the relevant clue is sub-
perceptual without zooming. Second, the answer
choices are designed to be semantically similar or
logically plausible, reducing the effectiveness of
shallow textual heuristics.

D Scope of Model Comparison

For agentic models with explicit visual opera-
tions, ViEBench supports process-level evaluation
because model-generated crops provide an inter-
pretable trace of where the model looked. For end-
to-end VLMs without accessible cropping trajecto-
ries, we report answer accuracy but do not assign
the same process-level grounding diagnostics. This
avoids introducing unreliable proxy explanations
such as attention maps or gradient-based saliency,
which may not faithfully represent the model’s ac-
tual reasoning process.

The primary contribution of ViEBench is there-
fore not to serve as a static leaderboard over a
fixed set of models, but to provide a reusable diag-
nostic framework. As more models expose visual
operation traces or tool-use trajectories, the same
dual-axis protocol can be directly applied to audit

whether their answers are grounded in the correct
visual evidence.

E Sensitivity Analysis of the IoA
Threshold

Our main evaluation uses an Intersection-over-Area
(IoA) threshold of 0.5 to determine whether a
model successfully grounds its answer in the gold
visual evidence. The 0.5 cutoff was initially se-
lected to align with standard practices in object
detection (i.e., loU > 0.5) while utilizing IoA to bet-
ter measure the spatial inclusion of sub-perceptual
evidence.

To further demonstrate the robustness of our
conclusions, we conducted a sensitivity analysis
by varying the IoA threshold from 30% to 70%.
The results for key agentic models are summarized
in the table A2, showing the impact on the Valid
Grounded Reasoning (GTA™) metric.

Analysis of Sensitivity Results. The sensitivity
analysis reveals several critical insights that rein-
force the validity of our benchmark:

Across all tested thresholds (30% to 70%), the
relative performance rankings of the models remain
remarkably consistent. For example, Mini-o3 con-
sistently outperforms other models in the GTA™
metric regardless of the specific IoA cutoff.

In reasoning tasks, the performance of models
like Thyme and Pixel Reasoner is nearly identical
across a wide range of thresholds (30%—-60%).

The transition from 40% to 60% results in only
minor fluctuations in accuracy (typically within
1-5%), proving that our diagnostic conclusions are
not hypersensitive to the specific 0.5 value.

By providing this analysis, we demonstrate that
ViEBench’s dual-axis matrix offers a stable and reli-
able diagnostic map for identifying whether correct
predictions are rooted in sound visual evidence.

F Disentangling Reasoning and
Knowledge Integration Errors

The reasoning subset of ViEBench requires models
to integrate localized visual evidence with multi-
step inference and, in some cases, relevant prior
knowledge. We therefore analyze GTA™ cases
as especially informative failures: the model has
located the relevant visual evidence, but still fails
to produce the correct answer.

These failures can arise from two major sources:
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Table A2: Sensitivity analysis of the grounding threshold. We report the valid grounded reasoning rate G™ AT under
different IoA thresholds. The default setting used in the main experiments is 0.5.

Model Task Category 30% 40% 50% (Default) 60% 70%
DeepEyes Perception 43% 42% 41% 38%  36%
DeepEyes Reasoning 27%  27% 27% 27%  25%
Mini-o3 Perception 67%  67% 65% 62%  57%
Mini-o03 Reasoning 50%  49% 47 % 46%  46%
Pixel Reasoner  Perception 57%  56% 54% 51% 49%
Pixel Reasoner  Reasoning 41%  39% 39% 39%  39%
Thyme Perception 38%  38% 38% 38% 38%
Thyme Reasoning 29%  29% 29% 29%  29%

* Evidence integration failure: the model ob-
serves the relevant visual cue but fails to com-
bine it with other visual or textual information
required by the question.

¢ Knowledge recall or application failure:
the model correctly localizes the evidence
but lacks, misrecalls, or misapplies the prior
knowledge needed to interpret the evidence.

This distinction highlights why grounding and
answering should be evaluated jointly. A high
grounding score alone does not guarantee success-
ful reasoning, and a high answer accuracy alone
does not guarantee faithful grounding. ViEBench
is designed to expose these separable bottlenecks.

G Case Study

In our case studies (Fig. A2), Pixel Reasoner
(Su et al., 2025a) demonstrates a representative
instance of Ground-Success & Answer-Failure
(GT - A7). When tasked with a query requiring
specific posture recognition, the model accurately
identifies the need to focus on the "child at the bot-
tom right" and generates a high-precision crop that
perfectly encompasses the gold BBox. However,
it still misinterprets the child’s posture as "sitting"
rather than "standing." This instance serves as evi-
dence that successful visual localization does not
inherently guarantee logical understanding. It high-
lights a cognitive bottleneck where models struggle
to synthesize fine-grained visual semantics into a
correct reasoning chain, even when the relevant
pixels are clearly in view.

Conversely, Thyme (Zhang et al., 2025b) illus-
trates Ungrounded Correct Answer (G~ - A1) be-
havior when tasked to determine the "color of the
hat worn by the child in the yellow shirt." Although
its CoT correctly identifies the intent to zoom into

the specific region, the actual executed crop coordi-
nates are significantly shifted toward an irrelevant
background area, missing the gold BBox entirely.
Despite this localization failure, the model arrives
at the correct answer. This phenomenon suggests
that the model may be utilizing broader global con-
text cues rather than specific grounded evidence.
Such cases underscore the necessity of process-
level auditing provided by ViEBench to distinguish
between faithful visual operations and results that
lack grounded evidence.
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Question:
What is the state of the child at
the bottom right?

Options:

(A) Lying

(B) Sitting

(C) standing

e (D) Running

ﬁ Eoe) Rersans 2| Ground-Success &I}nswer-FalIure

- Ll G- A
The image shows a picturesque waterfront scene with a boat docked at a pier. The
background includes a cityscape with buildings, a church, and mountains. The sky
is vibrant with sunset hues, and the water reflects the colors beautifully. Now | will
zoom in to look clearer at the child at the bottom right.
<tool_call>{"name": "crop_image_normalized", "arguments": {"bbox_2d":
[0.9, 0.8, 0.95, 0.9], "target_image™: 1}}</tool_call>

seated on the pier, leaning slightly forward, and appears to be resting or observing

The cropped image focuses on the lower right area of the waterfront. The child is
the water. \boxed{B}

7 Question:
What color is the hat worn by the child
in the yellow shirt?

Options:
(A) Yellow
(B) Red
(C) White
(D) Gray
oe Ungrounded Correct Answer

Thyme oo G o

<think>To determine the color of the hat worn by the child in the yellow shirt, we
need to focus on the specific region of the image where the child is located. The
child appears to be near the center-right of the image, walking along the street.
The hat is a small detail that might not be clearly visible at the current resolution.

Therefore, cropping and zooming in on this specific area will help us identify the
hat's color more accurately.

The coordinates for this region seem to be around the center-right portion of the
image, where the child is walking. By cropping this area, we can enhance the
visibility of the child and their hat, allowing us to determine the hat's color.

Let me proceed with cropping and zooming in on this region.

<code>
““python

# Define the coordinates for the region of interest (child in yellow shirt)
x1, y1, x2, y2 = 950, 750, 1150, 950 # Estimated coordinates based on visual
inspection

# Crop the image
cropped_image = image.crop((x1, y1, x2, y2))

</code>

<sandbox_output></sandbox_output>

Upon examining the cropped and zoomed-in image, we can see that the child in
the yellow shirt is wearing a white hat. This enhanced view allows us to clearly
identify the hat's color, confirming that it is indeed white.</think>

<answer> C. white </answer>

Figure A2: (Top) Ground-Success and Answer-Failure:
Pixel Reasoner achieves near-perfect spatial ground-
ing on the target child but fails to correctly interpret the
child’s physical state from the high-resolution crop, lead-
ing to an incorrect final answer. (Bottom) Ungrounded
Correct Answer: Thyme arrives at the correct answer
despite focusing on an irrelevant background region far
from the gold BBox. This exposes a redundant cropping
behavior, where the model’s tool-invocation process is
functionally decoupled from its final decision.
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