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Abstract. “Thinking with images” has recently emerged as a promising
direction for vision-language models, where models actively interact with
images via iterative zoom-ins to acquire visual evidence for answering.
Yet, prevailing frameworks ignore the quality of intermediate zoom-ins,
boosting metrics but leading to an action–outcome disconnect. This fail-
ure mode creates the illusion of thinking with images, where models
appear visually grounded while relying on context-agnostic or redun-
dant crops. We address this problem by introducing Visual Rationale
Learning (ViRL), an end-to-end reinforcement learning paradigm that
grounds the evidence acquisition process. ViRL ensures action faithful-
ness and efficiency through: (1) process supervision with ground-truth
visual rationales, (2) rationale fidelity rewards that incentivize evidence-
grounded zoom-ins, and (3) fine-grained credit assignment to penalize
redundant or erroneous steps. Experimental results show that ViRL
achieves state-of-the-art performance across benchmarks spanning per-
ception, hallucination, and perception-grounded reasoning. We also dis-
sect the illusion of thinking with images and position visual rationales as
a verifiable foundation for building trustworthy vision-language models.

Keywords: Thinking with Images · Multimodal Large Language Model
· Reinforcement Learning

1 Introduction

The advent of Chain-of-Thought (CoT) [53] has marked a pivotal moment for
large language models, enabling them to solve complex problems by externalizing
their reasoning into verifiable, step-by-step textual traces [29, 48, 50]. However,
in vision-language settings, reasoning is not confined to language [1, 2, 4, 14, 24,
47, 58]. To solve real-world multimodal tasks [3, 10, 30, 33], models must not
only “think in text” but also “think with images” [36, 49]. This paradigm shift
moves beyond purely textual reasoning toward reasoning in the pixel space,
where models actively interact with the visual world.

In particular, zoom-in has emerged as a straightforward yet powerful mech-
anism [16, 18, 49, 56], allowing models to selectively inspect informative image
⋆ Corresponding author.
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Fig. 1: Examples illustrating the illusion of “thinking with images”. Even when models
execute visual actions, they often zoom into irrelevant regions (superficial) or select
misleading cues (spurious), creating the false impression of grounded reasoning while
contributing little to answering the question.

regions and tightly couple perception with reasoning. By performing zoom-in
operations, a model can decompose a complex visual scene into a series of fo-
cused inquiries, mimicking the human ability to scrutinize details and gather
evidence. This active perception promises to yield models that are: (a) more
robust, grounding each step of their reasoning in specific visual evidence rather
than relying on spurious correlations; (b) more efficient, by concentrating com-
putational resources on relevant details; and (c) more trustworthy, by producing
a transparent and verifiable visual audit trail for their decisions.

However, a significant gap exists between this ideal and the current reality.
As illustrated in Fig. 1, we identify a fundamental problem we term the illusion
of “thinking with images”. This illusion arises when models appear to be seeking
evidence, yet their visual actions are superficial or even spurious, contributing
little to the final decision. This issue stems primarily from how visual actions
are optimized in current frameworks. Under outcome-only rewards, supervision
is sparse: only final answer correctness is rewarded, providing little signal to
assess whether intermediate zoom-in decisions actually acquire useful evidence.
Moreover, trajectory-level credit assignment is broadcast uniformly across steps,
obscuring the marginal contribution of each action and allowing redundant or
superficial zoom-ins to persist as long as the final answer is correct.

The consequence of this view is a stark disconnect between actions and out-
comes. As shown in Figure 2, some models achieve high answer accuracy (e.g.,
Deepeyes [64] at 89.1%) while exhibiting low accuracy in their visual actions
(57%). Such high performance on a benchmark belies a fragile process. As shown
in our analyses, this illusion results in models that are: (1) brittle, as their short-
cut behaviors collapse under distribution shifts; (2) inefficient, inflating inference
costs with redundant actions; and (3) untrustworthy, as their spurious reasoning
traces undermine interpretability in high-stakes applications.

To break this illusion, we introduce Visual Rationale as a verifiable evidence-
acquisition trace in pixel space: a structured sequence of zoom-ins that should
progressively surface the visual cues needed for answering. Building on this
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Fig. 2: Overall comparison of existing visual-reasoning methods and ViRL. Left: an-
swer accuracy(Accans), rationale accuracy (Accrat), and their joint score (F1) on V*
[55]. Right: Radar-chart across multiple benchmarks.

view, we propose Visual Rationale Learning (ViRL), an end-to-end learning
paradigm that explicitly optimizes the fidelity and utility of the visual rationale.

Yet, turning this principle into a learnable objective is non-trivial. In par-
ticular, learning meaningful zoom-in policies is hindered by three fundamental
obstacles: (i) existing datasets lack answer-supporting evidence anchors for visual
rationales, and there is no principled way to curate them, leaving supervision
noisy and diluted; (ii) outcome-dominated optimization supplies only an answer
correctness reward, so superficial or spurious zoom-ins receive little discrimina-
tive feedback when the final answer is correct; and (iii) sequence-level credit
assignment entangles the contributions of iterative actions, making it difficult
to distinguish correct, redundant, and erroneous zoom-ins during training. To
address these obstacles, ViRL makes three key contributions:

– Evidence-grounded dataset: It constructs a dataset with ground-truth visual
rationales and reasoning-centric filtering, enabling reliable supervision over
intermediate evidence acquisition.

– Rationale fidelity reward: It incentivizes faithful visual rationales by mea-
suring how closely the model’s visual foci (zoom-in coordinates) align with
the ground-truth evidence over steps.

– Fine-grained credit assignment: It defines step-level utilities for zoom-in ac-
tions (e.g., correct, redundant, or erroneous), shaping the policy to make
deliberate and efficient evidence-acquisition choices.

This work establishes a new framework for building verifiable and trustwor-
thy vision-language models. As shown in Figure 2, by directly optimizing the
alignment between zoom-in actions and task-relevant evidence, ViRL not only
sets a new state-of-the-art on key benchmarks but also produces models with
demonstrably superior accuracy and efficiency in their visual rationales. More
broadly, this work analyzes the source of the illusion of thinking with images,
demonstrating that process-level alignment between actions and evidence is es-
sential for reliable “thinking with images”.
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2 Related Work

Thinking with Images. Recently, many reasoning models have been pro-
posed to handle more complex tasks due to their strong ability to decom-
pose these difficult questions into simple, small queries. Early methods rely
only on text to decompose these complex tasks and do not analyze the full in-
puts [25–27,62]. Like Visual cot [40], VPD [17], V* [55], Inght-V [11], and Llava-
cot [59]. These methods decompose the visual questions into sample queries in
Chain-of-Thoughts(CoTs). However, they tend to ignore the visual clues when
thinking in deep chains. In the latter, many methods introduce visual tools to
think with images rather than text only. Visual Sketchpad [16], DetToolChain
[56], Cropper [21], toolformer [38], AutoCode [46], and react [60] understand
complex tasks and call visual tools like zoom-in, drawing line, and depth percep-
tion [8] as additional auxiliary tips through in-context learning without train-
ing. However, these methods are mainly made up of visual workflows and can-
not truly understand the tools. Later, Models like o3 [36], Pixel Reasoner [49],
Deepeyes [64], Chain-of-focus [63], and OpenThinkIMG [44] demonstrate the
ability by dynamically applying visual tools to reasoning in multimodal chains
of thoughts [13, 45, 57]. While these methods improve visual reasoning, their
outcome-supervised rewards make the visual thinking process error-prone and
susceptible to hallucination [32].
Chain-of-Thought Reasoning. Reinforcement Learning, as a technique in the
post-training of MLLMs [9,31,47,51], has been shown to effectively enhance rea-
soning ability in visual reasoning tasks. In particular, Proximal Policy Optimiza-
tion (PPO) [39] has become the most widely adopted algorithm for aligning mul-
timodal reasoning behaviors with reward signals and has been extensively applied
in recent vision-language alignment frameworks [35]. More recently, GRPO [9]
has been introduced as an efficient alternative, offering faster convergence and
improved sample efficiency in complex multimodal reasoning scenarios. Later, to
alleviate the vanishing advantages problem [47] during RL training, SSR [47] and
DAPO [61] was proposed. Several works have further refined the optimization
process by either redesigning the reward function or adjusting the advantage
estimation. VLM-R1 [42] incorporates multi-component rewards, such as accu-
racy, format, and REC, to stabilize training. HICRA [50] discovered emergent
reasoning hierarchy in reasoning LLMs and propose to modulate the advantages
on critical planning tokens, leading to better strategic exploration and training
results. In this paper, we focus on shaping reward and credit assignment to en-
sure that models not only reach correct answers but also ground their reasoning
in coherent visual rationales.

3 Method

3.1 Problem Statement

We first formalize the challenge of “thinking with images” by identifying the
core constraint of standard Vision-Language Models (VLMs): inherent partial
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Fig. 3: The end-to-end visual rationale learning framework. The framework combines
multi-turn learning with rationale fidelity reward and fine-grained credit assignment to
produce interpretable and verifiable visual reasoning chains.

observability. When a VLM first processes an image, its visual encoder creates
an information bottleneck. Constrained by finite resolution, this encoding ob-
scures or loses the fine-grained details crucial for complex reasoning. The model,
therefore, operates on an incomplete belief state, not the full image.

To overcome this, the model transforms from a passive observer into an active
reasoner that sequentially gathers new evidence to resolve uncertainty. We define
an action space that allows the model to interleave internal logic with active
perception. At any step, the policy πθ chooses between generating a textual
rationale to hypothesize, strategize, and integrate multimodal evidence and
executing a visual rationale, where it performs a zoom-in operation on region
bk to acquire high-fidelity visual evidence.

Inspired by LLMs such as DeepSeek-R1, it is tempting to apply Group Rel-
ative Policy Optimization (GRPO) [41] with outcome-only rewards to elicit rea-
soning, since it can be trained directly from readily available benchmark answers
without costly process-level annotations. However, while outcome-only RL suc-
cessfully elicits self-contained reasoning in pure text, it struggles in “thinking
with images”. Because MLLMs are prone to shortcut learning, they often guess
answers using textual priors, entirely bypassing actual visual evidence acquisi-
tion. A straightforward fix of adding a coarse tool-use bonus frequently causes
reward hacking: the model performs superficial zoom-ins to collect bonuses while
relying on hallucinated correlations. Since outcome signals cannot verify if vi-
sual actions actually acquired supporting evidence, outcome-only optimization
perversely discourages the grounded policy we aim to elicit.
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3.2 Visual Rationale Learning

To break this illusion, we shift the training objective from outcome accuracy to
process-level fidelity and utility, ensuring that each zoom-in action contributes
meaningfully to the reasoning trajectory. We introduce Visual Rationale Learn-
ing (ViRL), a principled framework that learns a policy by explicitly rewarding
the reasoning process. ViRL is built on two insightful components designed to
solve the challenges of hallucinated rationales and coarse credit assignment.
Rationale fidelity reward. Leveraging the process-grounded data with visual
rationales, we provide step-wise supervision by rewarding each zoom-in according
to its alignment with the intended visual evidence. Our objective is to learn a
rational policy that maximizes task utility while maintaining faithful and concise
visual reasoning. Given a query Q and trajectory τ , we optimize:

max
ϕ

Eτ∼πϕ(·|Q)

[
Rtotal(τ)

]
(1)

where the total reward jointly evaluates answer correctness, format compliance,
and process fidelity:

Rtotal = Racc +Rfmt + R̄fid (2)

This formulation emphasizes process-level supervision, where each visual ra-
tionale directly supports the model’s perceptual and inferential steps. Each
zoom-in action ak receives a fidelity reward based on its spatial alignment
uk = IoU(bk, b

∗
k) with the best matching reference rationale b∗k.

Instead of using raw IoU as a continuous reward, we adopt a base-plus-
refinement design that first learns the basic zoom-in operation and distinguishes
roughly correct evidence from wrong regions and then progressively rewards
finer alignment. Specifically, it comprises a signed correctness term that directly
reinforces plausible reasoning while penalizing misaligned ones, and a discrete
refinement bonus activated beyond a soft threshold h0, which further encourages
precise spatial alignment as IoU increases. Formally,

Rfid(ak) = Rbase · sign(uk − h0) + η
⌊max(0, uk − h0)

∆h

⌋
(3)

where sign(uk − h0) provides the signed correctness signal, η controls the mag-
nitude of the refinement bonus, and ⌊·⌋ denotes the discretization operator that
introduces stepwise gains. Specifically, ⌊(uk−h0)/∆h⌋ increases by one for every
∆h improvement in IoU, thereby modeling progressive alignment refinements
beyond the soft threshold h0. If no visual action is taken, Rfid(ak) = 0.

Aggregating the step-level rewards across the reasoning trajectory yields the
overall fidelity score:

R̄fid =
1

N

N∑
k=1

[
Rfid(ak)− ρ(Ck)

]
(4)

where averaging ensures fair credit assignment across variable-length trajecto-
ries. A smooth redundancy penalty ρ(Ck) grows beyond a soft budget, discour-
aging repetitive or overlapping rationales and promoting concise reasoning.
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Fine-grained credit assignment. With the trajectory reward R(τ), we con-
front the credit assignment problem: the trajectory-level advantage is too coarse,
indiscriminately crediting or blaming all steps and encouraging erroneous visual
rationales within successful trajectories. As shown in Figure 3, we solve this with
a bi-level credit assignment strategy that modulates the advantage estimation
based on rationale-specific quality.

– Trajectory-level advantage: First, we compute a coarse advantage signal
for the entire trajectory τi by comparing its reward to the average of a group
of G trajectories [41]:

Ai = R(τi)−
1

G

G∑
j=1

R(τj) (5)

This indicates whether the trajectory is globally advantageous (Ai > 0) or
disadvantageous (Ai < 0) in the group.

– Rationale-level adjustment: To obtain fine-grained credit assignment,
we differentiate the coarse advantage signal. Textual rationales preserve the
original advantage Ai, whereas visual rationales are adaptively modulated
by their fidelity (Eq. 3). The resulting adjusted advantage for each action at
is denoted as Âi,t:

Âi,t = Ai · h(at) (6)

where h(at) is a simple modulator based on the rationale:

h(at) =


hgood, if at is good visual rationale (Rfid > 0)

hbad, if at is bad visual rationale (Rfid ≤ 0)

1, if at is textual rationale
(7)

This logic provides a highly principled teaching signal:

– In an advantageous trajectory (Ai > 0): the model amplifies credit for
high-fidelity visual rationales (hgood > 1) while attenuating it for low-fidelity
ones (hbad < 1). This guides the policy to attribute success to its precise and
faithful visual reasoning.

– In a disadvantageous trajectory (Ai < 0): the model amplifies blame
for bad visual rationales (hbad > 1) and mitigate blame for any good ones
(hgood < 1). This guides the policy to recognize that failure stems from
inaccurate or misleading visual reasoning.

Policy optimization. This fine-grained advantage Âi,t is then used to update
the policy πθ via a standard PPO-style objective. This bi-level ViRL framework
compels the policy to learn the true contribution of each visual rationale, moving
the model from illusion to intention by ensuring it generates reasoning that is
not just faithful, but also utility-enhancing.



8 C. Wang et al.

Zoom-
in

implicit 
visual cues

VQA Generation

Referring
Expressions

with 
Caption

Extract
Model

Multimodal LLM Detection

Verification

QAs with
Rationale

MLLM-as-a-judge

No Yes

Box Size
Filter

Filtering

VQA-Rationale
Pairs

Dis-
card

Rollout

Difficulty-balanced

Unchallenging Challenging

Discard

Why does it look 
like nighttime? 

What color are 
the windows?
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3.3 Evidence-grounded Dataset Construction

Constructing such rationales is non-trivial, as it requires anchoring visual evi-
dence to question-answer semantics and isolating zoom-dependent tasks—those
that cannot be resolved without localized visual cues. As illustrated in Figure 4,
the dataset is built via a three-stage pipeline comprising generation, verification,
and filtering. The pipeline ensures high-quality data and explicit process-level
supervision, forming the foundation of the visual rationale learning paradigm.

Evidence-grounded qa construction. To foster robust perception-grounded
reasoning, we develop an automated pipeline to synthesize reasoning-centric
VQA triplets. Specifically, we first generate fine-grained region captions with
large multimodal models based on GRIT [54] images, which provide rich at-
tributes within localized areas. For each region, we extract referring expressions
with SpaCy [15] and prompt large multimodal models to generate questions re-
quiring implicit visual reasoning rather than explicit object naming, encouraging
the model to rely on localized visual cues rather than category memorization.
The corresponding visual rationale is obtained by detecting the referring expres-
sion and padding the box for more context, serving as an evidence anchor aligned
with the question-answer semantics. Finally, we apply NMS to filter overlapping
candidates. This process yields question, answer, rationale region triplets that
serve as supervision for learning visual evidence acquisition behaviors.

Verification. To ensure training-ready supervision, we perform MLLM-based
consistency verification using the generated visual rationale as an explicit visual
hint. Concretely, we overlay the predicted visual rationale on the original image
(highlighting the hinted evidence) and provide the judge with the QA. The judge
then evaluates data quality under two criteria: (i) answer correctness–whether
the answer is correct with respect to the question; and (ii) rationale consistency–
whether the highlighted region aligns with the visual evidence implied by the
question and the answer. Only samples that satisfy both criteria are retained;
otherwise, they are discarded as mismatched or spurious.
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Reasoning-centric filtering. Finally, we apply reasoning-centric filtering
to ensure the remaining samples genuinely require perception-grounded reason-
ing. First, we remove samples with overly large rationale regions, since they can
often be solved without localized evidence. Second, we perform offline difficulty
balancing via n rollouts without grounding cues; samples answered correctly
in all rollouts are removed as unchallenging. For the remaining hard cases, we
run additional rollouts conditioned on the visual rationales as an explicit visual
hint. We retain samples if the predicted answer is correct with this hint, indicat-
ing that the question is zoom-in-dependent. Samples that remain incorrect even
with the rationales are discarded as overly noisy or inconsistent. This process
yields a dataset that encourages models to think with images, providing reliable
step-level visual rationales for evidence-grounded learning.

Following this procedure, we construct a 200k-scale dataset by collecting sam-
ples from Visual-Cot [40], GQA [19], TextVQA [43], Visual7W [65], Infograph-
icsVQA [34], and GRIT [54], covering general understanding, visual grounding,
perception-grounded VQA, and OCR tasks. After processing within the data
generation pipeline, 8k high-quality samples are retained. Since all data have
open-vocabulary answers that are difficult to evaluate, we repackage them as
multiple-choice questions by synthesizing 3–7 plausible distractors from the VQA
and global descriptions to preserve task difficulty.

4 Experiments

4.1 Implementation Details.

Training paradigm. We fine-tune Qwen2.5-VL-7B [6] on 8 A100 GPUs for 80
iterations. Following DAPO [61], we adopt clip-higher, dynamic sampling, and
token-level policy loss to enhance data utilization. Training uses a batch size
of 64 with 16 rollouts per prompt, allowing up to 6 rounds of cropping. The
learning rate is 1 × 10−6, the maximum response length is 20,480 tokens, and
neither KL nor entropy regularization is applied.
Evaluation. For evaluation, we adopt a comprehensive benchmark suite span-
ning three dimensions of vision–language understanding: (i) perception-oriented
benchmarks, including fine-grained perception (V*) [55] and high-resolution per-
ception (HRBench) [52]; (ii) reliability-oriented benchmarks, covering hallucina-
tion tendency (POPE) [28] and language-prior reliance (VLind) [20]; and (iii)
perception-grounded reasoning benchmarks, including MME(R) [12] and MM-
Star [7]. We evaluate their perception-grounded reasoning subsets, which require
integrating localized visual evidence with question understanding while remain-
ing primarily perception-driven rather than symbolic or mathematical reasoning.
This comprehensive design ensures a fair and multi-dimensional comparison.

In addition to external benchmarks, we further report an internal diagnostic
that quantifies how models engage in perception-grounded reasoning: Rationale
Accuracy, which measures whether visual zoom-ins successfully hit the ground-
truth evidence. We also provide a joint F1 score that summarizes answer cor-
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Table 1: Our main results on the six evaluated benchmarks. MMStar† evaluates four
core categories (coarse perception, fine-grained perception, instance reasoning, and
logical reasoning), focusing on general perception-oriented reasoning.

Model Size Perception Reliability Reasoning

V* HRBench POPE VLind MME(R) MMStar†

Models w/o “Thinking with images”

GPT-4o [37] – 45.0 46.8 84.6 89.8 674.6 73.0
GPT4o-mini [37] – 50.8 48.0 83.3 64.4 564.3 62.6
LLaVA-OV [22] 7B 72.8 64.7 88.3 54.8 415.4 62.1
Qwen2.5-VL [6] 7B 71.4 69.2 86.6 67.4 610.1 66.6
Qwen2.5-VL [6] 32B 81.2 73.4 85.7 81.2 645.6 68.8

Models with “Thinking with images”

Sketchpad [16] – 80.4 – – – – –
SEAL [55] 7B 75.4 – – – – –
DyFo [23] 7B 81.2 – – – – –
CoF [63] 7B 88.0 70.5 88.4 68.3 673.5 66.6
Qwen3-VL [5] 4B 80.1 78.3 89.4 78.1 640.0 67.7
Deepeyes* [64] 7B 88.9 73.1 87.7 70.0 620.7 65.4
Pixel reasoner [49] 7B 84.3 72.8 87.1 68.8 638.5 64.8

Ours: Backbone generalization

base + ViRL 7B 90.1 75.3 88.7 76.1 691.0 67.5
+∆ vs. Qwen2.5-VL +18.7 +6.1 +2.1 +8.7 +80.9 +0.9

base + ViRL 4B 90.8 79.9 89.6 79.8 704.8 68.1
+∆ vs. Qwen3-VL +10.7 +1.6 +0.2 +1.7 +64.8 +0.4

rectness and rationale fidelity. Complete definitions of these metrics are included
in Appendix A.

4.2 Main Results

Table 1 shows that ViRL consistently improves fine-grained perception, relia-
bility, and perception-grounded reasoning. On perception-oriented benchmarks
(V*, HRBench), model scaling alone brings limited gains (e.g., Qwen2.5-VL-
7B vs. 32B), whereas explicit visual reasoning yields clear improvements; ViRL
achieves the best scores (90.1 on V*, 75.3 on HRBench) by decomposing complex
scenes via targeted zoom-ins, which expose high-resolution cues that are often
lost in the initial encoder bottleneck. On reliability-oriented benchmarks, ViRL
attains the highest POPE and VLind scores, indicating both lower hallucina-
tion and weaker reliance on language priors. Importantly, VLind score explicitly
probes whether a model can override misleading textual regularities by grounding
its prediction in visual evidence. ViRL’s strong VLind performance (+8.7 over
Qwen2.5-VL-7B) therefore suggests that its zoom-in behavior is not cosmetic.
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Table 2: Efficiency trade-off on V*. K is the maximum zoom rounds at inference.
We report accuracy, total tool calls, mean latency, and prompt/completion tokens.
ViRL achieves higher accuracy with lower latency.

Method K Acc. Tool↓ Lat.(s)↓ P/C-tok↓

PixelReasoner – 85.7 246 1.9 4996 / 76
CoF – 89.8 403 6.8 9311 / 194

ViRL 1 88.7 221 1.5 4781 / 101
ViRL 3 89.8 279 2.1 6153 / 124
ViRL 6 90.1 381 2.6 8875 / 123

The model actively uses localized evidence to guide decisions when language pri-
ors are insufficient or incorrect. Finally, ViRL also leads on perception-grounded
reasoning (691.0 on MME(R), 67.5 on MMStar†). Unlike outcome-centric tool
training that treats zoom-in as an auxiliary action, ViRL provides step-level
fidelity signals and decomposes trajectory-level advantages into action-wise util-
ities, encouraging coherent multi-step evidence accumulation and yielding more
stable gains on reasoning categories that require integrating localized cues with
question understanding.
Backbone generalization. Table 1 further reports ViRL on multiple back-
bones. For each backbone, we report both the base model and its ViRL-trained
counterpart using the same training recipe. In all cases, ViRL yields consistent
gains across perception, reliability, and perception-grounded reasoning bench-
marks, indicating that the improvements are not specific to a single architecture.
Efficiency and budgeted inference. Multi-round zoom-ins may increase in-
ference cost, thus we analyze the trade-off between accuracy and cost on V*. By
explicitly supervising action quality, ViRL favors evidence-improving zoom-ins
and suppresses redundant ones, translating step-level grounding into lower tool
usage and latency. As a result, successful trajectories reinforce only the zoom-
ins that truly acquire task-relevant cues, while redundant or misaligned actions
are explicitly down-weighted. As shown in Tab. 2, ViRL achieves comparable or
higher accuracy with markedly fewer tool calls and lower latency, which indicates
that ViRL trains a more precise evidence-acquisition policy.

4.3 Ablation Study

Core components analysis. As shown in Table 3, we ablate ViRL’s learning
mechanisms while keeping the training data fixed. Replacing the rationale fi-
delity reward with the answer-only reward collapses the model’s ability to think
with images. Although answer accuracy remains superficially strong (87.6%),
the absence of explicit visual rationale signals leads to degenerate shortcut be-
haviors, where the model “answers in context” without reliably invoking zoom-in
evidence. A seemingly stronger baseline that adds a tool-call bonus further ex-
poses reward hacking: it overuses zoom-ins (Zoom = 2.6) yet achieves lower
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accuracy (85.3%) and poor rationale alignment (F1 = 0.55), indicating that
incentivizing tool usage without measuring evidential utility makes the verifi-
cation process noisy and unstable. In contrast, fine-grained credit assignment
(FGCA) improves action-level discrimination within successful trajectories; re-
moving FGCA reduces rationale quality (Accrat = 78.2; F1 = 0.83), showing
that ViRL benefits from explicitly separating helpful vs. redundant zoom-ins to
better align visual rationales with QA semantics.

Fidelity reward design. Table 4 analyzes how fidelity reward shaping and
the soft threshold h0 influence learning visual evidence acquisition. A raw IoU
reward is suboptimal, as it is overly sensitive to small localization errors and pro-
vides unstable supervision for early-stage action learning. In contrast, our signed-
plus-refinement formulation yields a more robust coarse-to-fine signal, improving
both answer and rationale performance with Accans = 89.8 and Accrat = 83.7.
Sweeping h0 reveals a clear trade-off: a low threshold h0 = 0.2 tolerates weak
alignments and blurs quality distinctions with Accrat = 75.5 and F1 = 0.8, while
a moderate threshold (h0 = 0.3) offers the best balance. When h0 is too high
(≥ 0.4), positive feedback becomes too sparse, and the policy collapses to an
answer-only shortcut (Zoom = 0). Importantly, this design reduces sensitivity
to extensive reward tuning: rather than requiring carefully calibrated continuous
IoU weights, our shaping uses a single interpretable threshold to provide stable
learning dynamics—first teaching the model when a zoom-in is warranted, and
then progressively rewarding how well it aligns, effectively inducing a curriculum-
like transition from tool acquisition to precise evidence grounding.

Data construction factors. Table 5 compares object-grounded supervision
(Visual-CoT) with our visual rationale data pipeline. Visual-CoT boxes are typ-
ically tied to explicitly named objects, which can bias learning toward detection-
style consistency and lexical shortcuts. In contrast, our visual rationale avoids
direct object-name leakage and treats boxes as answer-supporting cues, boost-
ing VLind by 3.5% and MMStar by 0.7% via enhanced visual reliance. Building
on these QAs, consistency verification removes QA–rationales mismatches and
substantially improves rationale fidelity, elevating Accrat from 55.3 to 87.6 and
F1 to 0.89. Finally, zoom-in dependency filtering suppresses trivial instances
to incentivize active exploration of localized cues, keeping V* nearly unchanged
while further improving perception-grounded reasoning.

From latent ability to structured reasoning. As shown in Fig. 5a, we
observed a characteristic: an initial spike in zoom-in invocations followed by a
steep decay to near-zero invocation frequency, even as answer accuracy remains
non-trivial. We term this behavior “visual thinking collapse”. Our empirical
study points to three mechanistic contributors:

– Prompt effects. As shown by the “Rationale Count” in Fig. 5a, Clear
prompts more strongly tie zoom-ins to reasoning, fostering stronger early
exploration, whereas prior designs treat visual thinking as a vague action
and yield weak early engagement.
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Table 3: Core mechanism ablations. We
evaluate answer and rationale accuracy to
verify faithful evidence acquisition for ques-
tion answering.

Method Accans Accrat F1 Zoom ↓

Base model 71.4 – – 0

ViRL w/o rationale fidelity reward
Answer-only reward 87.6 – – 0
Answer + tool-call bonus 85.3 40.8 0.55 2.6

ViRL w/o FGCA 88.9 78.2 0.83 1.12
ViRL (Ours) 90.1 87.4 0.88 1.05

Table 4: Ablation on fidelity reward
shaping. We compare different reward
designs to evaluate their effectiveness in
learning visual evidence alignment.

Reward design Accans Accrat F1

Raw IoU reward 84.3 50.8 0.63
Ours (signed + refinement) 89.8 83.7 0.86

h0 = 0.2 (low) 87.2 75.5 0.80
h0 = 0.3 88.4 77.3 0.82
h0 = 0.4 86.6 – –
h0 = 0.5 (high) 85.4 – –

Table 5: Data ablations across benchmarks. We compare object-grounded QA
supervision with our evidence-seeking data pipeline. Our dataset pipeline yields more
reliable gains, especially on visual evidence acquisition.

Training data variant
V*

VLind MMStar†

Accans Accrat F1

Visual-CoT (MCQ-adapted) 79.9 47.3 0.59 65.7 64.2

Evidence-seeking QA 82.6 55.3 0.66 69.2 64.9
+ Consistency verification 90.8 87.6 0.89 75.8 66.8
+ Zoom-in dependency filtering 90.1 87.3 0.88 77.2 67.1

– Unfamiliarity with visual thinking. Early zoom-ins often inject mis-
leading regional evidence, yielding low-utility explorations and increasing
“Answer Wrong w/ Rationale” errors (Fig. 5b).

– Outcome-only supervision. Outcome-only rewards encourage avoiding
rationales: accuracy improves without zoom-ins but degrades with them,
reinforcing risk-averse, answer-first behavior (Fig. 5b).

Invocation frequency ̸= invocation quality. A naive fix is to reward zoom-
ins, but Fig. 5c shows that this boosts activity without improving, and often
harming task accuracy. The model learns to invoke for the sake of invoking: ra-
tionale counts rise while per-invocation fidelity stagnates. This reveals the illu-
sion of “thinking with images”: the model appears to be actively engaging tools,
yet the underlying reasoning quality stagnates or deteriorates. Thus, genuine
“thinking with images” emerges not from more invocations, but from learning
to strategically ground reasoning in the right visual evidence. Efficient visual
reasoning requires sparse yet precise grounding. As shown in “Visual Ratio-
nale Accuracy” and “Answer Wrong w/ Rationale” (Fig. 5c,d), high-performing
agents exhibit an early increase in invocation frequency during exploration, fol-
lowed by convergence to a stable regime with markedly higher per-invocation
accuracy and fewer illusion-induced errors. This transition reflects a shift from
noisy trial-and-error to targeted, high-value visual reasoning. In contrast, naive
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Fig. 5: Training dynamics of visual rationale learning. From left to right: (a) collapse
of visual thinking, (b) the underlying cause: unfamiliarity with visual thinking, (c)
superficial vs. ViRL-grounded reasoning, and (d) the emergence of faithful reasoning
under our ViRL framework. U-TwI and S-TwI denote outcome-only and naive step-
wise reward baselines. cp/ap represent clear/ambiguous prompts.

invocation-level incentives lead to persistent over-activation, inflating tool use
without improving reasoning quality.

5 Conclusion

In this work, we identify and mitigate the illusion of “thinking with images”
arising from outcome-dominated supervision and coarse credit assignment. We
formalize visual rationale as a verifiable evidence-acquisition trace in pixel space,
and propose Visual Rationale Learning (ViRL), a process-aware RL framework
that aligns visual actions with evidence. Concretely, ViRL couples step-level
rationale fidelity rewards with fine-grained credit assignment that decomposes
trajectory-level advantage into action-wise utility, enabling the optimizer to re-
ward helpful zoom-ins while down-weighting redundant or erroneous ones. As a
result, ViRL achieves state-of-the-art results across perception, reliability, and
perception-grounded reasoning benchmarks while establishing a principled ap-
proach to verifiable visual reasoning. More broadly, our analysis shows that
process-level alignment between actions and evidence is essential for reliable
“thinking with images,” and future work will explore extending this paradigm to
richer visual action spaces and interactive settings.
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