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Abstract

Multimodal Large Language Models (MLLMs)
achieve strong multimodal reasoning perfor-
mance, yet we identify a recurring failure
mode in long-form generation: as outputs grow
longer, models progressively drift away from
image evidence and fall back on textual pri-
ors, resulting in ungrounded reasoning and
hallucinations. Interestingly, Based on atten-
tion analysis, we find that MLLMs have a la-
tent capability for late-stage visual verification
that is present but not consistently activated.
Motivated by this observation, we propose Vi-
sual Re-Examination (VRE), a self-evolving
training framework that enables MLLMs to au-
tonomously perform visual introspection dur-
ing reasoning without additional visual inputs.
Rather than distilling visual capabilities from
a stronger teacher, VRE promotes iterative
self-improvement by leveraging the model it-
self to generate reflection traces, making vi-
sual information actionable through informa-
tion gain. Extensive experiments across di-
verse multimodal benchmarks demonstrate that
VRE consistently improves reasoning accuracy
and perceptual reliability, while substantially
reducing hallucinations, especially in long-
chain settings. Code is available at https:
//github.com/Xiaobu-USTC/VRE.

1 Introduction

Multimodal Large Language Models (MLLMs)
have made rapid progress on multimodal under-
standing and reasoning tasks (Liu et al., 2023; Bai
et al., 2025b; Wang et al., 2024b; Liao et al., 2025;
Lin et al., 2025). Yet, in long-form multimodal
generation, we observe a persistent failure mode:
as reasoning becomes longer, the model gradually
drifts away from image evidence and falls back on
textual priors, a phenomenon we refer to as visual
drift (Su et al., 2025; Zhang et al., 2025b; Yang
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(5 Question

What is the color of the woman's scarf?
Please think step-by-step.

To determine the color of the woman's scarf, let's follow these steps:

1. Identify what is visible in the image: The image primarily depicts the Berlin Wall. 4= Visual-Dependent
On the right side, there are several people walking on a paved area beside the wall

2. Focus on the specific item being in question: 17

/D,
‘V' Qwen2.5-VL-7B-Instruct

3. Determing the color:

The color gf the woman's scarf alternateg between green and yellow:
’

- L - -

\
g VRE (Visual Re-Examination, Ours) ~N

" Long-form reasoning i
1 drifts away from the |
i image and falls back i
i, on fextual priors.

The image shows a section of the Berlin Wall with people walking along the road beside

it. The focus of the image is the Berlin Wall itself, which has some graffiti on it,and a 4mmVisual-Dependent
section of concrete appears to have fallen away, revealing the metal mesh beneath.

There are no visible s¢arves in the image, so we cannot determine the color of the

scarf. /

<reflection> Upon re-gkamining the image, T notice a woman near the right side of the

frame. She is wearifg a dark-colored coat and a scarf around her neck. The scarf “mmVisual-Dependent
appears to have a distinct color, but due to lighting and distance, it's challenging to

discern its exacthue. </reflection>

Given the limited visibility and the angle at which the woman is positioned, it's

difficult t¢ definitively identify the.color of her scarf.

refloctiof Looking cluser a the watan's scarf, T noticed thd the color of the scarf #Visual-Dependent
is red. </¢eflection> \ '

Based orf this step-by-step analysis of the information shownin the image, the color

of the wpman's scarf is red. <answer> ed </answer> h O
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Figure 1: MLLMs can lose focus on important visual in-
formation, which may result in incomplete or inaccurate
responses. Our Visual Re-Examination (VRE) leverages
the model’s latent ability for implicit re-attention, guid-
ing it to revisit images, extract missing visual evidence,
and produce more accurate and grounded outputs.

et al., 2025¢; Hu et al., 2024; Liu et al., 2025b).
This drift is especially harmful in problems that re-
quire late-stage visual verification, such as reading
small text or resolving fine-grained spatial relations,
where it often leads to unsupported reasoning and
hallucinations (Liu et al., 2025a).

Existing attempts to mitigate visual drift largely
follow two directions. One line of work relies on
explicit visual interventions, such as injecting high-
resolution patches, adding visual markers, or in-
terleaving new visual tokens (Zheng et al., 2026;
Hong et al., 2025; Zhang et al., 2025c; Chern et al.,
2025; Su et al., 2025; Yang et al., 2023; Cai et al.,
2024; Chen et al., 2025a). These methods can
improve grounding, but they modify the standard
autoregressive pipeline and increase computational
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Figure 2: Overall pipeline of the proposed Visual Re-Examination (VRE) framework. Left: Reflection data
construction, where difficulty-aware filtering and information-gain-guided reflection synthesis generate high-quality
SFT data. Right: Model optimization, where the cold-start model is iteratively improved through rejection sampling
and reinforcement learning under a structured reward scheme comprising format, accuracy, and reflection rewards.

overhead. Another line of work shows that MLLMs
can sometimes re-attend to the original image with-
out external additions (Yang et al., 2025b). How-
ever, this behavior is latent and unstable: prompt
nudging may occasionally trigger re-examination,
but the resulting re-look is stochastic and often col-
lapses into textual paraphrasing rather than targeted
evidence retrieval.

This yields a direct motivation chain for our
work: visual drift creates a need for late-stage re-
verification; MLLMs already possess a latent but
unreliable ability to look back; and naive reflec-
tion still lacks guidance on what missing evidence
should be retrieved. Therefore, the key challenge
is not only to trigger re-examination, but to make it
purposeful, evidence-driven, and learnable.

To address this challenge, we propose Visual Re-
Examination (VRE), a self-iterative framework
that strengthens implicit visual re-attention during
long-form reasoning. VRE requires no architec-
tural changes, additional visual inputs, or external
teacher models. Instead, it trains the model to re-
visit its own reasoning trace, retrieve missing visual
evidence, and use that evidence to repair or verify
the current reasoning trajectory. The core supervi-
sion signal is Reflection Information Gain, which
distinguishes genuine visual evidence acquisition
from redundant self-paraphrasing.

This motivation also explains our training design.
Cold-start SFT is used to elicit the model’s latent
re-examination behavior in a structured format, but
imitation alone is insufficient for difficult reasoning

errors. RLVR then focuses optimization on unset-
tled samples near the model’s capability boundary,
rewarding both final-answer correctness and mean-
ingful reflection. Because prolonged RL alone can
lead to over-optimization and reward hacking, we fi-
nally apply Post-RL SFT to consolidate successful
trajectories produced by the improved policy, sta-
bilize the acquired behavior, and expand the solv-
able boundary through a closed self-improvement
loop. A pivotal design choice throughout this pro-
cess is homologous reconstruction: reflections
are generated by concatenating the model’s own
reasoning trace with the original multimodal input
and re-feeding them into the same policy model,
which preserves perception-reasoning alignment
and avoids the distribution mismatch introduced by
external teachers.

In this work, our key contributions are summa-

rized as follows:

* We propose VRE, a self-iterative training
framework for strengthening implicit visual re-
examination in MLLMs. By coupling homol-
ogous reconstruction with a closed-loop SFT-
RLVR-Post-RL-SFT pipeline, VRE trans-
forms sporadic re-looking behavior into a sta-
ble and learnable policy.

* We introduce Reflection Information Gain as
an evidence-driven supervision signal that en-
courages reflections to retrieve genuinely use-
ful visual evidence rather than degenerate into
redundant textual paraphrasing.

* We provide mechanistic analysis of VRE from
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both the attention and training-dynamics per-
spectives, including decoding-stage visual re-
attention behavior and the evolution of effec-
tive reflections across training stages.

» Extensive experiments demonstrate that VRE
delivers consistent gains on diverse multi-
modal benchmarks, improving long-chain vi-
sual reasoning while mitigating hallucina-
tions.

2 Related Work

2.1 Reasoning with Visual Information

Executing complex multimodal tasks requires
MLLMs to maintain sustained attention on Vvi-
sual evidence throughout extended reasoning
chains (Zhang et al., 2025b; Wang et al., 2025b).
However, recent studies reveal a prevalent “visual
drift” phenomenon: as the generated text lengthens,
models increasingly rely on their internal language
priors, neglecting the original image and produc-
ing ungrounded hallucinations (Amizadeh et al.,
2020; Garcez et al., 2019; Thawakar et al., 2025;
Bai et al., 2023; Hurst et al., 2024; Xu et al., 2025).
To mitigate this drift, previous methodologies have
predominantly adopted explicit intervention strate-
gies. These include dynamically injecting high-
resolution image patches (Zheng et al., 2026; Hong
et al., 2025; Zhang et al., 2025c¢), superimposing
visual prompts like bounding boxes (Yang et al.,
2023; Cai et al., 2024), or directly interleaving
token-level visual features into textual reasoning
steps (Chen et al., 2025a). While effective, ex-
plicitly injecting new visual signals inevitably al-
ters the input processing pipeline, requires com-
plex heuristic designs, and incurs substantial com-
putational overhead. Conversely, recent research
demonstrates that MLLMs possess a latent capabil-
ity to implicitly refocus on visual information with-
out requiring any additional visual inputs (Yang
et al., 2025b). Nevertheless, a critical limitation
persists across both explicit and naive implicit ap-
proaches: they typically lack strict guidance on
what specific visual evidence to retrieve. Without
such direction, the model’s re-look behavior often
degenerates into redundant self-paraphrasing rather
than capturing missing visual clues.

2.2 Post-Training for MLLMs

Post-training optimization has emerged as the de
facto standard for unlocking complex reasoning ca-
pabilities in large models. Spurred by the paradigm-

shifting success of OpenAl’s o1 (Jaech et al., 2026),
the field has increasingly transitioned from module-
centric designs to data-driven approaches, heav-
ily leveraging SFT on large-scale synthetic chain-
of-thought (CoT) trajectories. Beyond SFT, Rein-
forcement Learning (RL) has transcended its initial
applications in human preference alignment (Bai
et al., 2022; Ouyang et al., 2022). Recent break-
throughs demonstrate that Reinforcement Learning
with Verifiable Rewards (RLVR) (Guo et al., 2025;
Shao et al., 2024; Lambert et al., 2025) can pro-
foundly elevate reasoning proficiency in structured
domains such as mathematics and code generation.
However, directly adapting RLVR to Multimodal
Large Language Models (MLLMs) presents unique
and critical bottlenecks. Extensive RL fine-tuning
in vision-language tasks frequently induces severe
performance degradation. This decay is primarily
driven by over-optimization (Gao et al., 2023) and
multimodal reward hacking (Casper et al., 2023),
where the model learns to game the verification sys-
tem by generating verbose textual illusions while
entirely ignoring the actual visual input. Further-
more, prolonged RL trajectories often exacerbate
the catastrophic forgetting of foundational, generic
visual capabilities (Zhai et al., 2023).

Our framework addresses these post-training pit-
falls via a Self-Iterative Training Strategy. To miti-
gate textual reward hacking and ensure interme-
diate reasoning remains anchored to the image,
we introduce Reflection Information Gain as the
core criterion for data curation and reward formu-
lation. By penalizing redundant self-paraphrasing
and rewarding extraction of novel visual evidence,
VRE ensures that optimization reinforces authen-
tic, image-grounded deduction. This regularization
enables the MLLM to continuously advance its
reasoning boundaries without visual degradation.

3 Method

We frame Visual Re-Examination (VRE) as a
motivation-first self-evolution pipeline for long-
form multimodal reasoning. The key problem is
not only that visual drift weakens grounding, but
that the model’s latent re-examination behavior is
unstable and ungoverned. VRE therefore turns
occasional re-looking into a learnable policy for
purposeful evidence retrieval.

Accordingly, the method is organized around
three questions: why information-gain-driven re-
flection is needed, why closed-loop RLVR plus
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Post-RL SFT is required, and how homologous
reconstruction keeps the process aligned with the
model’s own visual manifold. We answer these
questions below before giving the formal optimiza-
tion details.

3.1 Reflection Data Construction For
Cold-Start

The objective of this phase is to elicit and stan-
dardize the policy model’s latent visual reflection
behavior using its own distribution. Given a base
MLLM 7y, we build a reflection data construction
pipeline for cold-start SFT as shown in Fig. 2.

Why reflection needs an information-gain con-
straint. The first design requirement is that re-
flection should not become redundant paraphrasing.
Instead, it should retrieve missing visual evidence.
We therefore use the model’s own rollout distri-
bution to identify when re-examination is useful,
and then use an information-gain criterion to distin-
guish informative reflections from empty reword-
ing.

Formalizing Reflection Information Gain. We
define Reflection Information Gain at the level
of individual reflection blocks. For a trajectory
7 containing K reflection blocks rq,...,7rg, let
Ii, € {0, 1} indicate whether rj, both re-examines
the image and contributes new, question-relevant
visual evidence that is absent from the preceding
reasoning. A block receives I, = 1 only when
it supports elaboration, correction, or verification;
paraphrasing, unsupported answer changes, irrele-
vant visual details, and empty re-look statements
receive [, = 0. We aggregate the block-level deci-
sions as

K
Sreﬂ(T) = Z I, Rreﬂ(T) = 1[8r9ﬂ(T) > 0] :
k=1

)
Thus, a trajectory receives a reflection reward if
and only if it contains at least one evidence-gaining
reflection. This definition prevents redundant ver-
bosity from being rewarded and provides the crite-
rion used both to filter cold-start trajectories and to
score reflection quality during RLVR.

1) Difficulty-Aware Sample Partitioning.
Given a multimodal sample s = (i,¢), where
¢ denotes the image, ¢ the question, and as the
ground-truth answer, we draw N independent
rollout trajectories from the base policy g

using stochastic autoregressive sampling with a
non-zero temperature. Each rollout trajectory 7 is
a full generated sequence including intermediate
reasoning tokens and a final answer. We define the
pass rate

1
Ppass(s) = N Z 1[7—ans = as]' (2)
TET(s)

This quantity serves as a proxy for the model’s in-
trinsic competence on sample s. Based on Ppass(s),
we partition the dataset into stable, intractable, and
unstable regimes.

Stable samples preserve mastered visual percep-
tion and format priors. Intractable samples mark
problems beyond the model’s current competence
boundary and are excluded from imitation-first dis-
tillation. Unstable samples are the key training
signal: they expose queries where the model can
sometimes answer correctly and sometimes fail, in-
dicating that the latent re-examination ability exists
but is not reliably triggered.

2) Reflection Synthesis with an Information-
Gain Constraint. To transform rollout trajec-
tories into structured and learnable visual re-
examination signals, we standardize the response
format as illustrated in Fig. 2. This template ex-
plicitly separates initial reasoning from reflective
re-grounding, thereby enforcing an internal two-
stage inference process.

Following the standardized template, the seg-
ment under "think with the image", denoted as
Timg» 18 extracted from the first-stage reasoning
of a sampled rollout 7 € 7 (s). To synthesize
the <reflection> block, we concatenate Tipyg
with the original input s = (i, ¢) and feed the aug-
mented prompt back into the same policy model
for a second rollout. This design explicitly condi-
tions the model on its own prior reasoning trace,
enabling deliberate visual re-examination.

To regularize the reflection behavior, we impose
a strict Information Gain criterion, ensuring that
the generated reflection introduces additional visual
evidence, corrective grounding, or robustness veri-
fication beyond the initial reasoning. Specifically,
we synthesize three distinct types of reflection steps
based on filtered subsets of trajectories:

1. Elaborative Reflection for 7 € Tgupie(S):
when initial reasoning is consistently correct,
we encourage broader visual exploration and
evidence grounding to reinforce confidence
and enhance reasoning coherence.
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. . wrong .
2. Corrective Reflection for 7 € T ..5.(s):
the reflection identifies prior visual misinter-
pretations, localizes erroneous regions, and
re-grounds the reasoning on correct visual ev-

idence to repair the inference trajectory.

3. Recheck Reflection for 7 € f]ﬁffgble(s): al-
though the initial reasoning is correct, this
step enforces deliberate visual re-attention to
verify evidence integrity, mitigate spurious
correlations, and minimize accidental correct-
ness, thereby enhancing robustness

Overall, this two-stage formulation encourages

the model to revisit the image conditioned on its
own intermediate reasoning, producing a structured
and self-corrective visual re-examination process.
3) Cold-Start SFT. After generating VRE tra-
jectories, we retain only those rollouts 7 €
T (s) whose final prediction satisfies 7,5 = as
and whose reflection contains at least one valid
evidence-gaining block according to Ryeq(7) = 1.
The retained trajectories form a filtered supervision
set Deolg- The training objective is as follows:

7|

Leold-start = ~E(s,r)~Degiq Z log mo (71 | 4, ¢, 7<t), (3)

t=1

Then we obtain the cold-start model Wé(l):z[’ which
is endowed with VRE capability.

3.2 Closed-Loop RLVR and SFT

3.2.1 RL Data Construction.

We apply the ﬁé%)T to perform dynamic rejection
sampling on the training queries. For each query,
multiple reflection-formatted trajectories are gen-
erated, and only those passing verifiable outcome
checks are retained. To focus RL optimization
on the model’s cognitive boundary, we filter out
both intractable queries (hard prompts) and already-
mastered cases. The remaining unsettled queries,
in which the model shows partial correctness, rea-
soning instability, or sensitivity to reflection, form
a focused and information-dense RL data pool.

3.2.2 GRPO and Reward Evaluation.

We optimize the policy using Group Relative Policy
Optimization (GRPO) by sampling a group of G
trajectories {71, ..., 7} for each query. To com-
prehensively assess the multi-step reasoning trajec-
tory, the total reward function R(7;) is formulated

as a weighted combination of three components:
R(7i) = Aorm Rform (Ti) + Aace Race (Ti) + Arefi Rrefi (TZ(L)

The coefficients Aform, Aace, and Aeq reflect im-
plementation priorities. Specifically, we define:

Algorithm 1 Reward Computation for GRPO

Require: Generated trajectory 7, Ground Truth a,
Ensure: Total Reward R(7)
1: Parse: (Tief1, Tans) <— Parse(7)
2: Format Reward Rgyrm:
3: if tags unbalanced OR required blocks missing
then

4: Rform < —1

5: else if 7. empty OR meaningless then
6: Rform < —2

7: else if len(7,,5) > 1000 then

8: Rform <+ —1

9: else

100 Rform < O

11: end if

12: Reflection Score:

13: Srefi < LLMgcorer(T)

14: Rpei < H(Sreﬂ > 0 A Treft exists)

15: Accuracy Score:

16: Race < LLMjudge (TanSa as)

17: Combine:

18: R(T) — Aorm Rtorm + Aacc Race + Arefi Lreft
19: return R(T)

e

* Format Reward (Rg,m): We incorporate a
structural penalty component (0, —1, or —2)
to enforce format integrity. This mechanism
penalizes tag mismatches (e.g., unbalanced
<reflection> or <answer> tags), missing struc-
tural blocks, excessive output length, and se-
mantically vacuous reflection content, thereby
ensuring robust trajectory parsing.

* Accuracy Reward (R,¢c): A binary reward
(0 or 1) determined by an LLM-based judge.
The extracted answer content T,y is compared
against the ground-truth answer a to evaluate
semantic correctness, ensuring robust assess-
ment of the final outcome.

* Reflection Reward (Re): A binary reward
(0 or 1) that evaluates the quality of the
<reflection> block. The trajectory T is
judged using an LLM-based scorer, encourag-
ing reflection that meaningfully builds upon
the initial visual reasoning (information-gain)
rather than empty verbosity.

The detailed reward computation procedure is pre-
sented in Algorithm 1. After reinforcement learn-
ing, we obtain the updated policy 7'('}(33, which ex-
hibits improved structural compliance, reflection

consistency, and answer accuracy.
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Table 1: Performance on Mathematical and Logical Reasoning Benchmarks. We compare VRE against
representative closed-source, open-source, and reasoning-focused MLLMs. * denotes our reproduced results.

Model

Tool Use Param Size ‘ MathVista MathVerse MathVision WeMath LogicVista MMMU

Closed-Source MLLMs

GPT-40 (OpenAl et al., 2024) X 63.8 50.8 30.4 69.0 53.2 69.1
Claude 3.7 (Anthropic) X 66.8 52.0 41.3 72.6 - -
Open-Source General MLLMs

LLaVA-OneVision (Li et al., 2024) X 7B 58.6 19.3 18.3 20.9 333 48.8

Qwen2.5-VL (Bai et al., 2025b) X 7B 68.2 49.2 23.7* 62.1 459 51.2*

Qwen3-VL (Bai et al., 2025a) X 8B 71.2 62.1 53.9 73.5% 55.3 69.6

InternVL2.5 (Chen et al., 2025b) X 8B 64.4 39.5 22.0 - - 56.0

InternVL3 (Zhu et al., 2025) X 8B 71.6 39.8 29.3 37.1 65.6
Open-Source Reasoning MLLMs

DeepEyesV2 (Hong et al., 2025) v 7B 71.9 52.7 28.9 38.1 48.7

Thyme (Zhang et al., 2025¢) v 7B 70.0 39.1 27.6 39.3 49.0 -

Semantic-back (Yang et al., 2025b) X 7B 71.6 50.5 27.7 71.3 - 52.0*

MM-Eureka (Meng et al., 2025) X 8B 67.1 40.0 24.7 60.1 -

R1-VL (Zhang et al., 2025a) X 8B 63.5 40.4 222 58.7

VRE (Ours, Qwen2.5-VL) X 7B 71.2 53.1 26.5 68.7 48.7 52.1

(A vs Qwen2.5-VL-7B-Instruct) - +3.0 +3.9 +2.8 +6.6 +2.8 +0.9

VRE (Ours, Qwen3-VL) X 8B 81.4 66.7 56.2 78.6 57.9 72.5

(A vs Qwen3-VL-8B-Instruct) - - +4.2 +4.6 +2.3 +5.1 +2.6 +2.9

3.2.3 Post-RL Self-Distillation

While the RL model ng()L) substantially outperforms
the preceding cold-start model ﬂé(}):)T, we observe a
key limitation: simply extending RL training does
not yield sustained improvements and may even
cause degradation. Prolonged optimization often
leads to reward overfitting, training instability, and
degradation of general visual capabilities.

To bridge this performance gap, we introduce
an iterative refinement phase to close the self-
evolution loop. Specifically, the RL policy 771({08
revisits previously intractable prompts through it-
erative generation. Leveraging its enhanced visual
grounding, the model resolves a subset of these
challenges. We apply rejection sampling to curate
high-quality trajectories, forming an augmented
SFT dataset Dyey. Fine-tuning the RL model on

Dhew yields an updated policy ﬂélF)T

4 Experiments

4.1 Experimental Setup

Implementation Details. To validate our pro-
posed framework, we select Qwen2.5-VL-7B (Bai
et al., 2025b) as our primary base model for all
SFT and RLVR optimization, given its strong open-
source baseline performance. For SFT, training is
conducted on 8 x Ascend 910B(64G) NPUs. The
RLVR phase scales to 64x Ascend 910B NPUs,
employing a 3D parallelism strategy with tensor,
pipeline, and data parallelism degrees set to 4, 4,
and 4, respectively. Our training infrastructure

is built upon LLaMA-Factory for SFT and the
Mindspeed-RL framework for reinforcement learn-
ing. The cold-start data is from Thyme-SFT (Zhang
etal., 2025c), and the RL training data is from MM-
Eureka (Meng et al., 2025), V* dataset (Wu and
Xie, 2023), and ViRL39K (Wang et al., 2025a). De-
tails regarding the training data, hyperparameters
for the cold-start and GRPO stages, and the judge
model prompt are provided in the Appendix.

Evaluation Benchmarks. To comprehensively
evaluate our framework, we select a diverse suite of
benchmarks across four crucial dimensions. Mathe-
matical Reasoning (MathVerse (Zhang et al., 2024),
MathVision (Wang et al., 2024a), MathVista (Lu
et al., 2024), WeMath (Qiao et al., 2024), Log-
icVista (Xiao et al., 2024)) tests the model’s abil-
ity to deduce complex visual math problems in
both multiple-choice and free-form formats. High-
Resolution Perception (V*-Bench (Wu and Xie,
2023)) evaluates fine-grained visual grounding and
the localization of minute details. Visual Docu-
ment Understanding (ChartQA (Masry et al., 2022),
OCRBench_v2 (Fu et al., 2025)) assesses precision
in data extraction and verification from complex
charts and dense text. Finally, Multi-Disciplinary
Reasoning (MMMU (Yue et al., 2024)) gauges
expert-level generalizability and domain knowl-
edge alignment across college-level disciplines.

4.2 Main Results
To verify the cross-generational generalizabil-

ity of our framework, we instantiate VRE on
both Qwen2.5-VL-7B-Instruct and Qwen3-VL-8B-
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Table 2: Performance on Perception, Document Understanding, and Real-world QA. We compare VRE against
representative closed-source, open-source, and reasoning-focused MLLMs. * denotes our reproduced results.

Tool Param ‘ V*-Bench ‘ ChartQA ‘ OCRBench_v2 ‘ RealworldQA
Model U Si
se 1ze ‘ Attr  Spatial Overall ‘ Human Aug Overall ‘ en zh ‘
Closed-Source MLLMs
GPT-40 (OpenAl et al., 2024) X - | 605 675 795 | 919 8.7 867 | 465 322 | 755
Open-Source General MLLMs
LLaVA-OneVision (Li et al., 2024) X 7B 757  75.0 75.4 - - 80.0 - - 66.3
InternVL2.5 (Chen et al., 2025b) X 8B - - - - - 84.8 49.8 52.1 70.1
Qwen?2.5-VL (Bai et al., 2025b) X 7B 78.2*  73.6*  76.4* 72.5 94.9 83.7 56.3 57.2 68.2
Qwen3-VL (Bai et al., 2025a) X 8B 93.9* 842*  90.1* 83.1* 957* 894* | 654 612 71.5
Qwen2.5-VL (Bai et al., 2025b) X 32B | 77.4* 86.8* 81.2* 76.9 82.6 81.1 - - 70.2
Open-Source Reasoning MLLMs
SEAL (Wu and Xie, 2023) v 7B 748 763 75.4 - - - - -
DyFo (Li et al., 2025) v 7B 80.0 829 81.2 - - - - -
DeepEyesV2 (Hong et al., 2025) v 7B - - 81.8 - - 88.4 - - -
Thyme (Zhang et al., 2025¢) v 7B 83.5 80.3 82.2 80.0 922 86.1 - - 70.2
Semantic-back (Yang et al., 2025b) X 7B 80.2*  78.7* 79.6* - - - - - -
VRE (Ours, Qwen2.5-VL) X 7B 843 829 83.8 87.3 90.4 888 | 62.6 64.7 69.8
(A vs Qwen2.5-VL-7B-Instruct) - - +6.1 +9.3 +7.4 +14.8 4.5 +5.1 +6.3 +7.5 +1.6
VRE (Ours, Qwen3-VL) X 8B 957  88.2 92.6 86.6 96.8 91.7 | 699  68.5 73.8
(A vs Qwen3-VL-8B-Instruct) - - +1.8 +4.0 +2.5 +3.5 +1.1 +2.3 +4.5 +7.3 +2.3

Instruct.

We comprehensively evaluate perfor-

and in several cases completely bridges, the perfor-

mance across four major domains: Mathematical
and Multi-Disciplinary Reasoning (Table 1), as
well as High-Resolution Perception and Structured
Visual Understanding (Table 2).

A striking observation across our evaluations is
that VRE achieves high performance among 7B-
scale models without relying on explicit tool invo-
cation or architectural modifications. For instance,
on the High-Resolution V*-Bench (Table 2), VRE
yields an impressive Overall score of 83.8%, com-
pletely outperforming tool-augmented reasoning
models such as Thyme (82.2%), DeepEyesV2
(81.8%), and DyFo (81.2%). Furthermore, com-
pared to the base model Qwen2.5-VL-7B, VRE
delivers substantial absolute gains across percep-
tion and extraction tasks, including +7.4% on V*-
Bench, +5.1% on ChartQA, and up to +7.5% on
OCRBench_v2. This robust improvement confirms
that implicit visual re-examination natively solves
the visual drift problem without external tools.

As illustrated in Table 1, VRE exhibits ex-
ceptional capabilities in deep logical tracking
and mathematical deduction. Specifically, VRE
achieves 71.2 on MathVista and 53.1 on MathVerse,
securing absolute gains of +3.0% and +3.9% over
the base model, respectively. This consistent tra-
jectory of improvement extends across other rigor-
ous benchmarks, yielding a striking +6.6% gain on
WeMath (68.7) and solid enhancements on Math-
Vision (+2.8%), LogicVista (+2.8%), and MMMU
(+0.9%). Crucially, despite operating with only
7 billion parameters, VRE significantly narrows,

mance gap with massive closed-source proprietary
systems. This parameter-efficient capability em-
pirically validates that our self-iterative reflection
mechanism effectively unlocks deep cognitive rea-
soning without relying on brute-force parameter
expansion.

4.2.1 Anatomy of Visual Re-Examination.

Visual Attention Re-allocation. To verify that
VRE genuinely reactivates visual processing rather
than hallucinating based on text, we visualize the
average attention weights over visual tokens across
decoding steps. As shown in Figure 3, the base
model suffers from severe visual decay: as the rea-
soning chain lengthens, the attention to image fea-
tures monotonically fades, indicating a drift toward
pure textual reliance. In sharp contrast, VRE ex-
hibits a distinct visual attention resurgence. Specif-
ically, upon careful re-examination of the content,
within the generated <reflection> block, the
attention weights on visual tokens spike signifi-
cantly. This phenomenon confirms that VRE suc-
cessfully reactivates the dormant visual encoder
to re-examine evidence, effectively reversing the
visual drift and grounding the reasoning back to
the image.

Introspective Visual Re-Examination. While
the attention matrix confirms the temporal return
of visual signals, we further investigate the spatial
mechanism of this re-examination: What exactly
does the model look at when the visual signal re-
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Temporal-Visual Attention Dynamics during Reasoning

Base Model VRE
What is the position .
of the red van relative
to the ship?
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Figure 3: Visualizing Implicit Visual Re-Examination via Attention. The heatmaps display attention weights on
visual tokens across inferences steps. (Left) The Base Model exhibits visual decay, where attention to the image
vanishes as the textual context grows, leading to ungrounded hallucinations. (Right) The VRE Model demonstrates
a spontaneous attention resurgence. Inside the <reflection> block, the model sharply re-allocates attention
back to the visual features, proving that the mechanism actively triggers a re-examination behavior to extract missing
visual evidence.

Where the Model Looks: Initial Reasoning vs. Reflection With Image
What is the color of the dustpan?

Original Phase 1: Initial Reasoning Phase 2: Visual Re-examination

Figure 4: Mechanism of Corrective Visual Re-Grounding. (a) Initial Reasoning: Attention is dispersed over
irrelevant background elements, causing a failure to ground the target object. (b) Visual Re-Examination: The
emergence of the <reflection> token triggers an active visual search, shifting the attention spotlight precisely
onto the dustpan (red region) to retrieve veridical evidence.

turns? Figure 4 provides a qualitative visualization  lucination (Why).
of the spatial attention shift. In the Initial Reason-

ing (Phase 1), the model exhibits typical “visual  Evyolution of Reflection Paradigms. To deeply
blindness,” where its attention drifts to irrelevant  ypderstand how the VRE framework guides the
background textures, failing to ground the target  model to master implicit visual re-examination,
object. Lacking visual evidence, the model halluci- e track the fine-grained distribution of reflection
nates a color based on textual priors. However, dur-  paradigms across different training stages. As de-
ing the Reflection (Phase 2), the VRE mechanism  fiped in Sec. 3.1, generated reflections are cate-
triggers a targeted Corrective Re-grounding. As  gorized into three valid Information Gain types,
shown in the heatmap, the attention spotlight does alongside a No Gain category representing redun-
not just randomly increase; it performs a precise  dant self-paraphrasing. To quantify this evolution,
search-and-lock operation, shifting specifically to e randomly sample 100 test trajectories per bench-
the dustpan’s spatial coordinates. This qualitative  mark to analyze the proportion of these four cat-
evidence completes our mechanistic understanding: egories. Figure 5 illustrates this evolutionary dis-
the re-examination process works by (1) identi-  tribution as stacked bar charts across six diverse
fying missing information (When), (2) spatially  penchmarks. After the initial Cold-Start SFT, the
re-grounding the specific entity (Where), and (3)  model exhibits merely a superficial understanding
extracting the correct attribute to overwrite the hal-  4f introspection, generating No Gain reflections
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Figure 5: Evolution of Reflection Paradigms. The stacked bar charts detail the distribution of introspection types

across training stages.

relatively frequently. This confirms that explic-
itly mimicking the <reflection> template does not
guarantee genuine visual grounding. However, af-
ter the RLVR and the subsequent Post-RL Self-
Distillation, the proportion of No Gain drops dras-
tically, approaching zero. This decisively validates
our Reflection Reward, which successfully penal-
izes empty verbosity and enforces tangible visual
evidence extraction. First, the frequency of Cor-
rective reflections is notably higher in tasks like
V*, MMMU, and MathVerse. This aligns perfectly
with their inherent challenges: V* requires locating
elusive visual details easily missed during initial
perception, while MMMU involves deep, complex
logical chains. In these scenarios, the model intelli-
gently learns to use the image to debug and rectify
its early visual misinterpretations or flawed reason-
ing paths. Second, Recheck behaviors are distinctly
prominent in mathematical and chart-based bench-
marks. Since these tasks heavily rely on precise
data extraction, the model learns to execute a final,
rigorous visual verification step before outputting
the answer to prevent careless hallucinations. Con-
versely, Elaborative reflections see the highest ratio
in OCR-heavy and multi-disciplinary contexts. For
tasks requiring dense text reading and rich contex-
tual gathering, the model naturally favors explicitly
augmenting its reasoning with supplementary vi-
sual transcriptions and descriptive details to build a
solid premise. Ultimately, these fine-grained struc-
tural adaptations firmly prove that VRE cultivates
a genuinely intelligent, self-directed visual intro-
spection mechanism that dynamically tailors its
cognitive strategy to the specific difficulty of di-
verse multimodal tasks.

5 Conclusion

In this paper, we address the ’visual drift’ phe-
nomenon in long-form multimodal generation,
where models gradually neglect visual evidence
in favor of textual priors. We introduce Visual Re-
Examination (VRE), a self-iterative framework that
elicits implicit visual refocusing without expensive
architectural interventions or explicit tool use. By
integrating a Reflection Information Gain metric
into a closed-loop pipeline spanning data curation
and RLVR optimization, VRE enforces targeted
visual evidence retrieval to correct reasoning tra-
jectories. Extensive evaluations across different
generations of leading base models (Qwen2.5-VL-
7B-Instruct and Qwen3-VL-8B-Instruct) demon-
strate its robust generalizability and outstanding
performance, establishing a reliable paradigm for
the continuous self-evolution of MLLMs.

Limitations

While the VRE framework demonstrates robust per-
formance and cross-generational generalizability,
it remains susceptible to over-optimization (reward
hacking) during prolonged training. As revealed
in our step scaling analysis, forcing the RLVR op-
timization beyond 150 steps triggers a noticeable
performance collapse where the model attempts to
exploit the reward system. Although our current
pipeline successfully mitigates this pitfall by termi-
nating RL early and consolidating the policy via
Post-RL SFT, in our future work, we plan to design
a theoretically principled reward regularizer and an
adaptive early-stopping mechanism to fully decou-
ple training stability from step-wise heuristics.
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A Implementation Details

A.1 Data Resources

We systematically curate a high-quality data com-
position specifically tailored for our three-stage
pipeline: (1) Cold-Start SFT for embedding visual
reflection priors, (2) RLVR optimization via GRPO,
and (3) Post-RL Self-Distillation. The detailed
dataset sources and quantities are summarized in
Table 3.

Table 3: Detailed Composition of Training Data. This
table summarizes the data sources and the approximate
number of samples in our VRE Framework.

Data Source |Cold-Start SFT ‘ RLVR ‘ Post-RL SFT

Thyme-SFT ~ 80k - -

MM-Eureka - ~ 20k ~ 4k
V* Dataset - ~ 20k ~ 4k
ViRL39K - ~ 20k ~ 4k
Total Data | ~80k  |~60k| ~ 12k

Data Provenance and Split Protocol. For
Thyme-SFT, we retain only the multimodal queries
and discard all original teacher-generated re-
sponses. For each retained query, both the ini-
tial reasoning and the reflection trajectory used
for Cold-Start SFT are generated by our own pol-
icy model. Therefore, Thyme-SFT serves only
as a query source; VRE does not distill response-
level reasoning or reflections from Thyme’s teacher
model. This is the setting we refer to as homolo-
gous reconstruction: the input queries may origi-
nate from an external dataset, whereas the response
and reflection trajectories are reconstructed by the
same model family used for training.

Training and evaluation data are strictly sepa-
rated throughout the three-stage pipeline. Cold-
Start SFT, RLVR, and Post-RL SFT use only the
designated training sources listed in Table 3. In par-
ticular, the V* training source used for RLVR and
Post-RL SFT is kept separate from the official held-
out V*-Bench evaluation split. Likewise, MMMU
and ChartQA are evaluated on their official held-
out evaluation splits. No evaluation sample is used
for SFT, RLVR, Post-RL SFT, or model selection.

A.2 Hyperparameters and Configuration

We detail the hyperparameter configurations for
SFT and RLVR in Tables 4 and 5, respectively. Dur-
ing trajectory rollouts, we fix the sampling count to
N = 8 to balance diversity and cost. For the RLVR

stage, we utilize GRPO with strict KL. divergence
constraints. Both the LLMygge and LLMjcorer uti-
lized during the RLVR phase are instantiated using
the Qwen2.5-72B (Yang et al., 2025a). For the text
generation during RL, we configure the maximum
response length to 7168 tokens and set the tem-
perature to 1.0 to encourage extensive exploration
of reasoning trajectories. For the RL configura-
tion, we set v = 1.0, A = 0.95, and an initial KL
coefficient of 0.01. The GRPO group size is set
to G = 10, with reward coefficients balanced to
prioritize reasoning correctness while penalizing
redundant reflections.

A.3 Reflection Information Gain and Scorer
Rubric.

The formal definition of Reflection Information
Gain and its reward is given in Sec. 3. Here we
provide the operational scoring protocol. For each
reflection block, the scorer assigns 1 only when
the block both re-inspects the image and adds new,
question-relevant visual evidence supporting elabo-
ration, correction, or verification; otherwise it as-
signs 0. Hard negatives include paraphrasing, un-
supported answer changes, irrelevant visual details,
and empty re-look statements.

We use Qwen2.5-72B-Instruct as the reward
scorer, not as a teacher generating policy trajec-
tories. On 100 manually audited trajectories, it
achieves 96% accuracy against human judgments.
On an additional 1,000 trajectories sampled across
training subsets, reflection types, and RL check-
points, GPT-5 and Qwen2.5-72B-Instruct reach
95.3% agreement. These audits support scorer reli-
ability across the sampled training distributions.

B Additional Experiments

B.1 Component Breakdown and Evolutionary
Dynamics.

To evaluate the individual contribution of each core
component within our self-iterative pipeline, we
conduct a rigorous ablation study on major bench-
marks. All ablation experiments are instantiated on
top of the Qwen2.5-VL-7B-Instruct base model.

Efficacy of Cold-Start SFT: Activating Visual
Grounding. As shown in the second row of Ta-
ble 6, SFT Only yields immediate and substantial
gains on perception-heavy and structured under-
standing tasks. This indicates that supervised fine-
tuning successfully establishes the format prior
for the <reflection> template, allowing the
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Table 4: Hyperparameters for SFT and Inference.

SFT Training Hyperparameters

‘ Inference / Rollout Hyperparameters

Parameter Cold-Start Post-RL ‘ Parameter Value
Global Batch Size 64 64 Max New Tokens 4900
Learning Rate le-5 Se-7 Temperature 1.0
LR Scheduler Cosine Cosine | Top-p 1.0
Max Sequence Len 4900 4900 Top-k -1
Num Epochs 3 1 Rollout Trajectories (V) 8

Table 5: Hyperparameter configurations for RLVR.

Category Configuration

Gen. max_t=7168, min_t=50,
temp=1.0, top_p=1.0

RL Alg. ~=1.0,A=0.95,
adv_est=group_norm

KL Ctrl.  type=fixed, init_c=0.01,
penalty=kl

GRPO clip_r=0.2, group_s=10,

>\f0rm = 047 >\acc = 067
Arefl = 0.4

Table 6: Component Ablation. Performance progres-
sion with the incremental addition of VRE components.

Setting V*-Bench MathVista MathVerse ChartQA OCRBench_v2
Base 76.4 68.2 49.2 83.7 56.3/57.2
SFT Only  80.1 69.2 49.6 87.8 59.6/62.3
SFT+RL  83.8 71.0 52.5 88.7 62.1/64.3
VRE 84.3 71.2 53.1 88.8 62.6/64.7

model to consciously trigger visual re-examination
for data extraction. However, the gain on complex
reasoning tasks is marginal (e.g., MathVerse only
improves by +0.4%), suggesting that SFT alone is
insufficient to correct deep logical errors.

Impact of RLVR: Unlocking Deep Reasoning.
As shown in the third row of Table 6, the integration
of SFT + RLVR catalyzes a critical breakthrough
in reasoning capabilities. Most notably, MathVerse
witnesses a remarkable leap of +2.9% (49.6 —
52.5), and V*-Bench further climbs to 83.8. This
confirms that our Reflection Rewards (R.q) are
essential drivers. They transform the model’s be-
havior from merely mimicking the reflection for-
mat to actively utilizing visual evidence for logical
self-correction, thereby solving complex problems
that SFT could not handle.

Necessity of Post-RL SFT: Stabilizing the Policy.
Finally, As shown in the fourth row of Table 6,
the full VRE pipeline provides a consistent sta-
bility boost across all benchmarks. By salvaging
“hard prompts” that were initially unstable during
RL exploration, VRE pushes the performance ceil-
ing further (e.g., MathVerse reaches 53.1, Math-
Vista reaches 71.2). While the magnitude of these
gains is smaller compared to the RL stage, their
universality across all domains proves that the self-
iterative loop effectively consolidates the policy
and expands the model’s cognitive boundary into
the long-tail distribution of difficulty.

B.2 Scaling Laws for SFT and RL

To deeply understand the optimization bounds of
our VRE framework, we systematically ablate the
data scale for cold-start SFT and the training steps
for RLVR.

Cold-Start SFT Data Scaling. As shown in Fig-
ure 6a, we train the base model with varying quan-
tities of curated cold-start SFT reflection data (10k,
30k, 50k, and 80k). The performance exhibits a
logarithmic scaling law: accuracy improves rapidly
as data scales up to 50k, demonstrating that the
model efficiently internalizes the reflection format
prior. However, the marginal gains significantly
diminish between 50k and 80k (e.g., MathVista
only increases by +0.1%). Therefore, we select
80k as the optimal SFT capacity to fully saturate
the format alignment without incurring redundant
training costs.

RL Step Scaling. Figure 6b tracks the RLVR
performance at intervals of 50, 100, 150, and 200
steps. The performance peaks around 100 steps,
marking the optimal point where the policy suc-
cessfully masters information-gain extraction. Cru-
cially, forcing the optimization beyond 150 steps
leads to a dramatic performance collapse. This
empirical degradation perfectly illustrates the phe-

27331



Cold-Start SFT Data Scaling

V*-Bench == ChartQA MathVista = MathVerse :
i
90 !
o |
/z”g&g’ |
i
i
80 :
i
i
i
S i
& i
2 70 m—
S ]
@ !
Selected ]
60 (80k) !
i
i
i
i
i
501 o ¢ >
b— i
i
1
10k 30k 50k 80k

Number of SFT Samples

(a) Cold-Start SFT Data Scaling

RL Training Steps Scaling

V*-Bench —.:— ChartQA MathVista =4€p= MathVerse
90 i
E&Q\N
i
H |
\
80 i
i
|
1
= 1
S !
270 |
Q 1
2 1
xn ]
i
1
H
60 H
i Selected
:‘_ (100 steps)
G G -
504 ! —
i
H
50 100 150 200

Number of RL Optimization Steps

(b) RL Training Step Scaling

Figure 6: Scaling Laws in VRE Training. (a) Cold-Start SFT Data Scaling. There is no significant performance
improvement after 50k samples, and the performance is approaching saturation. (b) RL Training Step Scaling.
The policy achieves optimal reasoning performance at 100 steps. Prolonged training (> 150 steps) induces severe

over-optimization and capability degradation.

Comparison of KL Divergence in Reflection Segments

©  GPT-5-distilled SFT

GPT-5-distilled SFT Mean
VRE Mean

... <reflection> Upon re-examining the image, I
notice the green bucket is positioned near the
left edge of the frame, close to the red tent.
It appears to be placed on the ground, slightly
behind the fent's structure. </reflection> ...

Question:

Is the green bucket on the left or right
side of the red tent?

Reflection Information Generated by gpt-5:

.. <reflection> I noticed that the green barrel is
positioned near the left edge of the frame, close to
the red tent, and it appears to be resting on the
ground, slightly behind the structure of the tent,
almost blending into the background. </reflection> ...
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Figure 7: KL Divergence Analysis on V *-Bench. (a) Sample-wise average KL divergence across the dataset. (b)
A specific case study showing token-level KL divergence over inference steps.

nomenon of over-optimization (reward hacking).
This finding decisively justifies our strategy to halt
RL at 100 steps and rely on Post-RL SFT to stabi-
lize the policy.

B.3 Trajectory Distribution

To mechanistically explain these benchmark gains,
we track the outcome distribution of rejection sam-
pling across training stages (Table 7). From a
global perspective (Full Set), the transition from
cold-start model to Post-RL SFT model demon-
strates a massive stabilization effect: the proportion
of perfectly mastered queries (All Correct) surges
from 30.8% to 55.6%, while intractable queries
(All Wrong) are more than halved (12.7% — 6.0%).
The Post-RL Self-Distillation stage further consoli-
dates this stability, pushing All Correct to 58.1%.

Crucially, in a targeted boundary analysis, we iso-
late the exact subset of “All Wrong” prompts that
the cold-start model completely failed to solve. Re-
markably, the Post-RL SFT policy successfully gen-
erates at least one correct trajectory in 68.1% of
these previously unsolvable cases (58.9% Mixed +
9.2% All Correct). This provides definitive statisti-
cal proof that VRE does not merely memorize rea-
soning formats, but genuinely achieves a Boundary
Breakthrough, enabling the Post-RL SFT stage to
successfully salvage and distill these hard prompts
into reliable capabilities.

B.4 Controlled Validation of VRE

Matched Same-Query Control. We first test
whether the gains can be explained simply by ex-
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Table 7: Distributions of Rollout Trajectories Across
Training Stages. Full Set denotes the complete dataset
used for RL optimization. “All Wrong” refers to the
specific subset of “hard prompts” where the Cold-Start
model failed across all sampled trajectories. This subset
highlights the model’s ability to breakthrough its initial
cognitive boundaries.

Models Set  All Correct (1) Mixed All Wrong ({)
Cold-Start Full Set 30.8% 56.5% 12.7%
RL Model Full Set 55.6% 38.4% 6.0%
Post-RL SFT Full Set 58.1% 36.2% 5.7%
Post-RL SFT All Wrong 9.2% 58.9% 31.9%

posure to the same training query pool. We train
a matched control from the same Qwen2.5-VL-
Instruct base model using the same queries and
training budget, but without VRE. As shown in
Table 8, Full VRE consistently outperforms this
control across all evaluated benchmarks. The im-
provement therefore cannot be attributed to query
exposure alone.

Causal Intervention: Blocking Visual Access
during Reflection. Attention visualization
indicates that visual attention resurges in-
side <reflection> blocks, but attention
patterns alone are correlational. ~ We there-
fore perform a controlled intervention in
which reflection tokens are prevented from
attending to the original visual tokens during
<reflection>...</reflection>. The
model parameters, textual context, reflection
structure, decoding settings, and token budget
are otherwise kept unchanged. Table 9 shows a
consistent degradation on all five benchmarks,
including a drop of 8.4 points on V*-Bench and
5.6 points on ChartQA. This intervention provides
causal evidence that VRE’s gains depend on
retrieving visual evidence during reflection rather
than merely generating additional text or following
a particular output format.

Component Isolation under a Matched Bud-
get. We further isolate the contribution of in-
dividual VRE components under matched train-
ing budgets. Specifically, we remove the explicit
<reflection> boundaries, remove information-
gain filtering during SFT, remove the reflection re-
ward during RL, or replace homologous reconstruc-
tion with GPT-5-generated reflections. Results are
summarized in Table 10. Removing only the reflec-
tion boundaries has a negligible effect, suggesting

that the tags mainly organize the re-examination
phase rather than directly produce the gains. In
contrast, removing information-gain filtering or
the reflection reward causes consistent degradation,
while replacing homologous reconstruction with
GPT-5-generated reflections produces the largest
drop on V* and ChartQA. Together with the satu-
ration of Cold-Start SFT and the degradation under
prolonged RL in Fig. 6, these matched controls ar-
gue against a simple compute-scaling or formatting
explanation.

Reflection-Reward Ablation. The reflection-
reward ablation is especially informative because
it keeps the base model, queries, rollout budget,
GRPO steps, optimization settings, format reward,
and accuracy reward identical; the only difference
is setting A\..q = 0. Full VRE improves over this
compute-matched variant by +2.6 on V*-Bench,
+3.2 on ChartQA, +1.4 on MathVista, and +2.9 on
MathVerse. This isolates the contribution of the
reflection-quality signal from the effects of generic
RL optimization.

B.5 Task-Specific Diagnostics and Limitations

MathVision: Gains Primarily Arise from Bet-
ter Visual Grounding. VRE improves the same
Qwen2.5-VL-7B base model on MathVision from
23.7 to 26.5, although its absolute score remains
below Semantic-back and DeepEyesV2. To iden-
tify the source of this gain, we evaluate the re-
sponses along two visual-grounding dimensions:
visual comprehensiveness, which measures cover-
age of question-relevant visual evidence, and visual
accuracy, which measures the correctness of the
visual evidence used in reasoning. Under the same
evaluation protocol, VRE improves visual compre-
hensiveness from 84.17 to 89.73 (+5.56) and visual
accuracy from 78.75 to 86.59 (+7.84), as shown in
Table 11. These results indicate that the main ben-
efit on MathVision is more complete and accurate
use of visual evidence.

Unlike methods that inject stronger-model-
generated response trajectories, VRE keeps pol-
icy trajectories self-generated and does not im-
port response-level mathematical reasoning from a
stronger proprietary model; DeepEyesV?2 addition-
ally uses external tools. This distinction is consis-
tent with the observed pattern: VRE yields clear
grounding gains but a smaller improvement in final
mathematical reasoning. We therefore character-
ize VRE primarily as a method for strengthening
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Table 8: Matched same-query control. Both settings use the same Qwen2.5-VL-Instruct base model, training

queries, and training budget. The control removes VRE.

Setting V* ChartQA OCRBench_v2 MathVista MathVerse
Same queries without VRE ~ 78.5 85.6 60.1/61.5 69.2 50.8
Full VRE 84.3 88.8 62.6/64.7 71.2 53.1
VRE gain +5.8 +3.2 +2.5/+3.2 +2.0 +2.3

Table 9: Causal visual-masking intervention. During reflection, visual access is blocked while all other inference

conditions are kept fixed.

Setting V* ChartQA OCRBench_v2 MathVista MathVerse
Full VRE 84.3 88.8 62.6/64.7 71.2 53.1
Visual masking 75.9 83.2 55.7/55.8 68.3 49.5
Drop -8.4 -5.6 -6.9/-8.9 -2.9 -3.6

sustained visual grounding, rather than as a mecha-
nism for importing additional mathematical knowl-
edge or tool-based reasoning capability.

ChartQA-Aug Regression. The effect of VRE
is not uniform across all ChartQA splits and back-
bones. For Qwen2.5-VL, VRE improves ChartQA-
Human by 14.8 points and the overall ChartQA
score by 5.1 points, but decreases ChartQA-Aug by
4.5 points. The Qwen2.5-VL baseline on ChartQA-
Aug is already high at 94.9, which may leave lim-
ited headroom and increase sensitivity to distribu-
tional differences between the Human and Aug
splits. Importantly, this regression is not repro-
duced on Qwen3-VL, where ChartQA-Aug im-
proves by 1.1 points.

B.6 Statistical Verification of the Reflection
Mechanism.

Beyond macroscopic benchmark improvements,
we employ information-theoretic metrics to rig-
orously validate two fundamental properties of our
VRE framework: the training stability of same-
family formatting, and the genuine utility of the
generated visual reflections.

Distributional Affinity via KL Divergence. A
critical design choice in VRE is utilizing the
model’s own policy distribution, rather than dis-
tilling traces from a stronger proprietary model
(e.g., GPT-5), to construct the reflection dataset.
To validate this necessity, we isolate the effect
of data provenance by examining policies strictly
after the cold-start SFT phase. Given a base
MLLM 7y, we analyze the distribution shift by

Comparison of Information Entropy per Sample

Entropy (Information Gain)

100
Sample Index

Figure 8: Information Entropy Comparison on V *-
Bench. The observed higher conditional entropy in
VRE demonstrates that our reflection mechanism ef-
fectively injects novel, non-redundant visual evidence,
thereby mitigating textual redundancy.

computing the Kullback-Leibler (KL) Divergence
Dxy(7ser || 79) on the V*-Bench dataset, where
mspr represents obtained cold-start model. Specif-
ically, we compare the divergence of a cold-start
SFT model trained on GPT-5-distilled reflections

(WégF?rt)) against an equivalent policy trained entirely

on our self-generated VRE cold-start data (ﬂ'é?;)T).

As visualized in Fig. 7(a), the 7% exhibits
a significantly higher average divergence across
the entire dataset. Furthermore, the token-level
case study (Fig. 7(b)) reveals that it maintains con-
sistently elevated KL values throughout the en-
tire reflection generation process. This confirms
that cross-model distillation forces the student to
mimic alien reasoning patterns that deviate sharply
from its native manifold. In contrast, VRE’s self-
generated cold-start SFT maintains a substantially
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Table 10: Component-level ablations under matched training budgets. Values in parentheses denote changes

relative to Full VRE.
Setting v ChartQA MathVista MathVerse
Full VRE 84.3 88.8 71.2 53.1
Without <reflection> boundaries 83.8 (-0.5) 88.9 (+0.1) 71.5(+0.3) 53.0(-0.1)
No information-gain filtering 81.7(-2.6) 86.1(-2.7) 69.5(-1.7) 50.3(-2.8)
No reflection reward 81.7 (-2.6) 85.6(-3.2) 69.8(-1.4) 50.2(-2.9)
GPT-5-generated reflections 78.0 (-6.3) 84.5(-4.3) 70.3(-0.9) 51.6(-1.5)

Table 11: Visual-grounding analysis on MathVision.

Model Visual comprehensiveness Visual accuracy
Base model 84.17 78.75
VRE 89.73 86.59
Gain +5.56 +7.84

lower KL divergence, ensuring that the acquired
reflection capability is organically integrated and
structurally compatible with the base model’s in-
trinsic priors.

Information Gain via Conditional Entropy. A
rigorous validation is performed to confirm that our
<reflection> block injects genuine visual evi-
dence rather than merely paraphrasing the preced-
ing context (redundancy), and we quantify Reflec-
tion Information Gain by employing Conditional
Information Entropy as a proxy.

Formally, for a reflection sequence Yif =
{y1,92,...,yr}, we calculate its conditional en-
tropy as the average Negative Log-Likelihood
(NLL) of the model’s output distribution condi-
tioned on context X :

1 X
e Z —log mo(ye | Xew: y<t),

T
t=1

&)

where g (y; | Xcix, Y<¢) denotes the conditional

probability of token y; predicted by the policy

mg. In practice, this metric is computed using the

CrossEntropyLoss between the model’s logits and
the ground-truth target tokens.

A low entropy value indicates that the reflection
is highly predictable given the textual context, sug-
gesting the generation is redundant (“textual iner-
tia”). Conversely, a high entropy score implies the
introduction of external, non-redundant visual de-
tails—a proxy for the acquisition of novel informa-
tion. As visualized in Figure 8, VRE exhibits a sig-
nificantly higher average entropy (Hyrg = 1.08)

H(Y;ef | Xctx) —

compared to the Semantic-back (Yang et al., 2025b)
(Hsemantic-back = 0.66). This substantial diver-
gence confirms that VRE successfully breaks the
textual inertia, compelling the model to retrieve
targeted visual evidence rather than collapsing into
degenerate self-repetition.

B.7 Training Dynamics and Stability

We visualize the trajectory of key optimization met-
rics during the GRPO phase in Fig. 9. The curves
reveal two critical insights regarding the stability
and efficiency of our self-iterative strategy:

Rapid Convergence via Reliable Self-Distillation.
As shown in Fig. 9(a), the reward score converges
within 50 steps. This accelerated alignment stems
from the high distributional affinity of our self-
evolution data; by initializing the policy within its
native manifold rather than distilling from alien
distributions, our framework enables the RL algo-
rithm to focus immediately on optimizing reason-
ing paths.

Mitigation of Reward Hacking. Crucially, the
average response length (Fig. 9(b)) stabilizes at
~600 tokens, avoiding the common RL pitfall of
unbounded verbosity. This stability confirms that
the model has internalized the objective of maxi-
mizing information density, successfully circum-
venting reward hacking via self-repetition or mean-
ingless tautology.

As shown in Fig. 10, the loss curve during Post-
RL SFT remains exceptionally stable with minimal
fluctuation. This empirical observation yields a
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reflecting stable policy optimization. (b) The average response length stabilizes at ~600 tokens, indicating that the
model extracts visual evidence efficiently without degenerating into verbose patterns.
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Figure 10: Training Loss during Post-RL SFT.

profound insight: because the training trajectories
are self-generated by the RL-improved policy and
rigorously filtered via rollout trajectories, the tar-
get data distribution aligns almost perfectly with
the model’s native probability manifold. Conse-
quently, Post-RL SFT does not induce violent gra-
dient shocks or catastrophic forgetting; rather, it
smoothly and safely consolidates the exploratory
gains on ‘“hard prompts” into stable parametric
memory, confirming the robustness of our closed-
loop self-evolution paradigm.

B.8 Reliability and necessity of the
judge/scorer.

We use an LLM-based judge for <answer> be-
cause rigid string matching can fail under seman-
tically equivalent surface forms (e.g., “1” versus
“1.0”). Separately, Qwen2.5-72B-Instruct serves as
an external evaluator for reflection quality during
RLVR; it does not generate the policy’s answers,
reasoning traces, or reflections. All policy trajec-

tories remain self-generated, so this dependency is
distinct from strong-to-weak response distillation.

Reflection Information Gain Rubric. The for-
mal definition of Reflection Information Gain and
its reward is given in Sec. 3. Here we provide
the operational scoring protocol. For each reflec-
tion block, the scorer assigns 1 only when the
block both re-inspects the image and adds new,
question-relevant visual evidence supporting elabo-
ration, correction, or verification; otherwise it as-
signs 0. Hard negatives include paraphrasing, un-
supported answer changes, irrelevant visual details,
and empty re-look statements. The complete scorer
prompt and strict JSON output format are provided
in Fig. 14.

Scorer Reliability. We validate the scorer under
two complementary protocols. First, on 100 man-
ually audited trajectories, Qwen2.5-72B-Instruct
achieves 96% accuracy against human judgments.
Second, we sample another 1,000 trajectories
spanning multiple training subsets, reflection pat-
terns, training stages, and RL checkpoints; GPT-5
and Qwen2.5-72B-Instruct agree on 95.3% of the
scorer decisions. These results indicate that the
reflection-quality signal is stable across the sam-
pled trajectory distributions rather than being tied
to a single subset or checkpoint.

C Prompts

To facilitate robust multi-stage training, we de-
sign unified templates for both Cold-Start SFT and
RLVR. These templates enforce a rigorous output
format, ensuring the model adheres to a consistent
reasoning trajectory.
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System Prompt

You are an analytical assistant that solves visual reasoning problems through a structured, iterative
process focused on maximizing information gain from the image.
Your reasoning must follow two stages:

Stage 1: Iterative Reasoning with Visual Information Gain

— Begin with a <reflection> block: critically examine the initial reasoning and actively seek new
visual information by mentally re-examining the image.

— Ask: "What visual details did I miss?"

— Focus on overlooked elements: objects, text, colors, spatial relationships, actions, or
contextual cues.

— Each reflection should re-perceive the image to extract additional relevant visual content.

— Follow thinking with the reflection: reason step by step based on current understanding of the
image.

— The thinking-reflection cycle ought to be information-dense: brief but introducing new image-
derived insights that advance the solution.

— For determining relative positions, please define the positional relationships from the
observer's viewpoint.

Stage 2: Answer
— When confident, output your final answer inside <answer>...</answer>.
- No explanations outside the specified tags.

Key principle: Maximize information density-each reflection should be concise but yield substantial
new visual insights.

Figure 11: System prompt template for information gains.

Prompt plate for Accuracy Evaluation

Below are two answers to a question. Question is [],

[Standard Answer] is the standard answer..., and [Model_answer]

is the answer extracted from a model's output...

Determine whether these two answers are consistent.

If they are consistent, Judgement is 1; if different, Judgement is 0.
Just output Judgement and don't output anything else.

[Question]: Is the countertop tan or blue?
[Standard Answer]: The countertop is tan.
[Model_answer]: tan

Judgement: 1

[Question]: On which side of the picture is the barrier?

[Standard Answer]: The barrier is on the left side of the picture.
[Model_answer]: left

Judgement: 1

(5 few-shot examples omitted for brevity)

[Question]: What color is the towel in the center of the picture?
[Standard Answer]: The towel in the center of the picture is blue.
[Model_answer]: The towel in the center of the picture is pink.
Judgement: 0

[Question]: \promptvar{question}

[Standard Answer]: \promptvar{ground_truth}

[Model_answer]: \promptvar{predict_str}

Judgement :
\ Y,
Figure 12: Final accuracy evaluation prompt. Dynamic inputs (Question),
(Standard Answer) and (Model_answer) are inserted at inference time.
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Prompt Template for Elaborative Reflection

The question: {question}. The initial reasoning: {initial_reasoning}.
You need to re-examine the image to enrich the reasoning with supplementary visual evidence before
concluding.

Start with <reflection>, then think with the reflection.

In each <reflection>:
- Scan the image for supporting details that were omitted in the initial step.
— Elaborate on fine-grained attributes: specific colors, textures, small objects, or background
context.
— Explicitly connect these new visual details to strengthen the current reasoning path.
- Goal: Maximize information density without changing the logical direction.

When ready, provide your definitive final answer inside <answer>...</answer>.

-
-

Figure 13: Prompt Template for Elaborative Reflection. Dynamic inputs (Question),
(Initial Reasoning) are inserted at inference time.

Prompt Template for Reflection Evaluation

You are an expert in reasoning analysis. Your task is to evaluate

a provided thinking process to determine whether its reflections
demonstrate a genuine attempt to *%xgain more visual information
from the input image by re-examining or re-perceiving its contentxx.

The thinking process consists of sequential steps: each step of
reasoning is followed by a <reflection>...</reflection> block.

*xImportant Context*x:
— The original problem involves an x*image*x* (though you, as a text-only model, cannot see it).
— The thinker is expected to reason about that image.
— A valuable reflection should show an *xattempt to look back at
the imagex* and extract *xadditional or previously overlooked
visual detailsx* relevant to answering the question.

Evaluate each <reflection>...</reflection> block using these criteria:
1. x%xVisual Re-examination Intentx*: Does the reflection suggest
re-inspection of the image to uncover new visual elements
(objects, spatial relations, colors, text, etc.)?
2. *xxRelevant Information Gainx*: Does this re-examination lead to **new, image-derived informationxx
that meaningfully advances the reasoning?
Only count a reflection if it satisfies *xbothxx criteria.

Output: a single JSON object with key "score" (integer count).

#### Question:
\promptvar{question}

#### The Thinking Process:
\promptvar{predict_str}

##4# Output Format (Strictly Enforced)
Return only a valid JSON object-no explanations, no extra text.
Example: {"score": 2}

Your Evaluation Result:
_ J

Figure 14: Prompt for evaluating whether reflection blocks demonstrate genuine visual re-examination. Dynamic
inputs (Question) and (Model_answer) are inserted at inference time.

Prompt Template for Corrective Reflection

The question: {question}. The initial reasoning: {initial_reasoning}.
The initial reasoning may contain visual hallucinations or logical errors. You must critically re-examine
the image to detect and rectify them.

Start with <reflection>, then think with the reflection.

In each <reflection>:
— Act as a critic: Compare the text strictly against the image pixels.
— Identify the exact point where the reasoning deviates from the visual reality (the "visual drift").
- Explicitly state the error (e.g., The text says X, but the image shows Y)
- Re-ground the reasoning using the correct visual evidence.

When ready, provide your corrected final answer inside <answer>...</answer>.
. J

Figure 15: Prompt Template for Corrective Reflection.  Dynamic inputs (Question),
(Initial Reasoning) are inserted at inference time.
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D Case Studies

We present four visualization samples of VRE
across diverse scenarios. In particular, Sample 4
highlights the importance of post-RL SFT.
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Prompt Template for Recheck Reflection.

The question: {question}. The initial reasoning: {initial_reasoning}.
You need to perform a rigorous visual audit to double-check the key evidence before finalizing the answer

Start with <reflection>, then think with the reflection.

In each <reflection>:
— Verify precise data points: check specific numbers, text transcription (OCR), or object counts.
- Re-confirm spatial relationships (left/right, above/below) mentioned in the reasoning.
— Ensure no key condition in the question was overlooked.
- Goal: Eliminate carelessness and ensure absolute precision.

When ready, provide your verified final answer inside <answer>...</answer>.

- J

Figure 16: Prompt Template for Recheck Reflection. = Dynamic inputs {question} (Question),
{initial reasoning) (Initial Reasoning) are inserted at inference time.

Sample E Generated Samples with Corrective Reflection

Question: How many people are in the oil painting?
(A) 4 people
(B) 0 people
(C) 2 people
(D) 1 people

Source: V*-Bench
Ground truth: C
Let’s analyze the image step by step:

1. The image is of a children’s playroom.

2. There is a small oil painting hanging on the wall near the window.

3. In the painting, there appears to be one figure that looks like a person.
Given these observations, we can conclude that the oil painting contains 1
person. (Incorrect.)

<reflection>

Upon re—-examining the image, I notice the o0il painting more closely.

It seems to depict a figure holding a child, possibly a mother and baby.
This detail was not initially considered.

(Corrected using the image; correct answer obtained.)

</reflection>

The painting indeed shows two figures: an adult and a child.
Therefore, the number of people in the o0il painting is 2.
<answer> C </answer> (Correct.)
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Sample 2: VRE Generated Samples with Recheck Reflection

Question: what is the number in the image?

Source: OCRBench_V2
Ground truth: 12988

The image appears to show a handwritten number.

The digits seem to be "12988".

However, the first digit is partially obscured or unclear due to the
handwriting style. (Not confident about the answer.)

<reflection>

I will focus on checking whether the first digit is ’1’.

Upon re-examining the image, the first digit is ’1’, then ’'2’, and finally
988" .

The spacing between the digits is noticeable, which helps in distinguishing
them clearly.

There are no other characters or numbers present.

(Corrected rechecking the image; correct answer obtained.)

</reflection>

Given the clear separation and the visible digits, the number in the image is
indeed "12988".
<answer> 12988 </answer> (Correct.)

Sample 3: VRE Generated Samples with Elaborative Reflection

Question: Which year has the highest average annual wage?

[ | Source: ChartQA
20 aral Ground truth: 2019

LS SO

© hcgiconalInformation

The graph shows the average annual wages in euros over several years.

To determine which year has the highest average annual wage, I need to look at
the data points for each year and identify the highest wvalue.

The data points are as follows:

- 2000: 31,247 euros ... - 2019: 39,099 euros
The highest value is 39,099 euros, which occurs in 2019.
<reflection>

Upon re-examining the image, I notice that the data point for 2019 is slightly
higher than the one for 2018.

This detail was not initially considered in the previous reasoning.
(Elaborative reflection: enriched the reasoning with fine-grained spatial
evidence.)

</reflection>

Given the updated observation, the highest average annual wage is indeed
39,099 euros, occurring in 2019.

The slight difference between 2018 and 2019 confirms that 2019 has the highest
value.

<answer> 2019 </answer> (Correct.)

27341



D Question: As shown in the figure, the length of chord AB is 10.0, and
the angle of circumference angle ACB = 45.0, then the diameter of the
circle AD is () Choices:

A: 5v/2B: 10v/2 C: 15v/2 D: 20v/2

Source: MathVerse
/ Ground truth: B
A~___—B

== ==== RL Model:
According to the given information, we can connect OA and OB. Since AB=10, we
have OA=0B=5. Therefore, AD:5v§. Thus, the correct option is A. (Incorrect.)
<reflection>
Upon re-examining the image, I notice that the triangle AOB is formed by
connecting points A, O, and B. The angle ACB is given as 45 degrees, which
implies that angle AOB is twice that, making it 90 degrees. This confirms
that triangle AOB is a right-angled triangle at O. (Incomplete reflection:
failed to detect logical conflict.)
</reflection>

Since AB = 10, we have OA = OB = 5. The diameter AD is twice the length of
OA, so AD = 2 » 5 = 10. However, considering the right angle at O, the actual
length of AD is 10%5. Therefore, the correct answer is B.

<answer> B </answer> (Forced the correct answer through broken and
contradictory math logic.)

Post-RL SFT Model:
According to the given information, we can connect OA and OB. Since angle
ACB=45°, it follows that angle AOB=90°. Also, since AB=10, we have OA=0B=5.
Therefore, AD=5v/2. Thus, the correct option is A. (Incorrect.)

<reflection>

Upon re-examining the image, I notice that the triangle AOB is formed by
connecting points A, O, and B. The angle ACB is given as 45 degrees, which
implies that angle AOB is twice that, making it 90 degrees. This confirms
that triangle AOB is a right-angled triangle at O. Additionally, the length
of AB is provided as 10 units, if OA=0B=5, then Pythagorean theorem is

not satisfied. (Corrective reflection: identified the exact mathematical
contradiction.)

</reflection>

Given that triangle AOB is a right-angled triangle with AB as the hypotenuse,
we can use the Pythagorean theorem to find the lengths of OA and OB. Since AB
= 10, we have OA = OB = 5%5. The diameter AD is twice the length of OA, so
AD = 2 x 52 = 10v/2. However, considering the right angle at O, the actual
length of AD is 10%5. Therefore, the correct answer is B.

<answer> B </answer> (Correct.)
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