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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has substantially improved the
reasoning capability of large vision-language
models (LVLMs). Most RLVR methods for
LVLMs follow an outcome-driven paradigm,
using the correctness of final answer as su-
pervision. However, in multimodal reason-
ing, this supervision overlooks a critical ques-
tion: whether a successful reasoning trajec-
tory is actually grounded in visual evidence.
To address this limitation, we propose Vi-
sual Evidence-Calibrated Policy Optimization
(VEPO), which turns visual grounding into an
explicit trajectory-level credit calibration sig-
nal. VEPO first measures token-level visual
responses by comparing the model’s likelihood
under the original and perturbed visual inputs.
It then estimates a visual background for the
rollout-group and retains responses above the
background as sparse visual anchors into a
rollout-level evidence score. This score cali-
brates outcome-driven optimization and guides
the policy toward successful trajectories with
stronger visual support. Experiments on six
multimodal reasoning benchmarks show that
VEPO achieves strong overall performance
against RLVR baselines without requiring addi-
tional annotations, demonstrating its scalability
for multimodal policy optimization.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) (Zhang et al., 2025a) has emerged as a
powerful paradigm for improving the reasoning
ability of Large Language Models (LLMs). By
optimizing sampled reasoning trajectories with ver-
ifiable outcome signals, online algorithms such
as GRPO (Shao et al., 2024) and DAPO (Yu
et al., 2025) have achieved strong performance
in text-based mathematical and logical reasoning
(Guo et al., 2025; OpenAI, 2024; Yang et al.,
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Figure 1: Analysis of reasoning on Qwen2.5-VL-3B.
Left: Accuracy of with and without visual input on three
multimodal reasoning datasets. Right: A case where
visual tokens fail to support the final answer.

2025a; Team et al., 2025). Motivated by this suc-
cess, recent work has extended RLVR to large
vision-language models (LVLMs), with subsequent
progress driven by data-centric design (Huang et al.,
2025b; Li et al., 2025a; Liang et al., 2025; Liu et al.,
2025; Yang et al., 2025b), reward construction (Fan
et al., 2025; Shen et al., 2025; Wang et al., 2025b;
Xia et al., 2025), and other algorithmic adjustments
(Wang et al., 2025d; Huang et al., 2025a; Wang
et al., 2025a).

Although RLVR frameworks for LVLMs have
achieved promising progress, outcome correctness
remains insufficient to characterize whether a rea-
soning trajectory is actually grounded in visual
perception evidence. Existing perception-aware
methods highlight the value of visual perception
in multimodal RLVR and mainly follow two direc-
tions: global optimization and fine-grained analysis.
Global optimization methods introduce explicit re-
wards or implicit optimization to encourage image
use (Xiao et al., 2025; Wang et al., 2025d). Al-
though effective, such signals are usually defined
at a coarse-grained level, less directly indicating
critical visual evidence. Fine-grained methods fur-
ther estimate token-level visual dependency and
selectively optimize tokens with stronger visual
responses, showing that visual dependency is un-
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evenly distributed and often concentrates on sparse
local positions (Huang et al., 2025a). This provides
a more detailed perspective, but the outcome con-
tribution of fine-grained visual signals remain less
explicit. This reveals a visual-evidence granular-
ity mismatch in multimodal RLVR: global signals
are visually under-resolved, whereas token-level
signals are locally fragmented.

Our preliminary observation further supports this
challenge. As shown in Figure 1, removing the
image does not always lead to complete failure,
suggesting that correctness alone may not reflect
how much visual evidence is used. Meanwhile,
token-level visual responses can reveal image de-
pendence, but they remain fragmented across in-
dividual decoding steps. This reveals an evidence
gap: the global outcome signal is visually under-
informative, while local visual observations are too
fragmented to serve as standalone credit. As a con-
sequence, multimodal RLVR lacks a signal that is
both trajectory-level and evidence-aware, making
it difficult to calibrate complete rollouts according
to their visual response patterns. We view this as
a weakly supervised trajectory evidence learning
problem, where sparse local visual observations
need to be converted into creditable trajectory-level
evidence.

To this end, we propose Visual Evidence-
Calibrated Policy Optimization (VEPO), a cross-
granularity RLVR framework that aligns fine-
grained visual signals with trajectory-level credit.
VEPO first compares generated tokens under the
original and perturbed visual conditions, produc-
ing token-level responses that reveal local image
dependence. It then uses the rollout group to es-
timate a prompt-specific background level and re-
tains only upper-tail signals as sparse visual an-
chors. These selected responses are aggregated into
a trajectory-level visual score, which is correctness-
gated, group-normalized, and injected into the
original advantage. In this way, VEPO enables
outcome-driven optimization to account for visual
support beyond final correctness.

To sum up, our main contributions are as fol-
lows:

• We propose VEPO, a cross-granularity frame-
work that mitigates outcome ambiguity in mul-
timodal RLVR by aligning sparse visual sig-
nals with trajectory-level credit.

• We design group-wise upper-tail evidence dis-
tillation to extract above-background visual

anchors and form a correctness-gated trajec-
tory signal, enabling sparse local visual sig-
nals to contribute to rollout-level credit assign-
ment.

• Experiments on six multimodal reasoning
benchmarks show that VEPO achieves strong
overall performance against RLVR base-
lines without requiring additional annotations,
demonstrating a scalable way to incorporate
visual evidence into policy optimization.

2 Related Work

Multimodal Reasoning. Large language models
have demonstrated remarkable reasoning capabili-
ties in text-only domains (Guo et al., 2025), which
has motivated recent efforts to extend this success
to multimodal settings (Dong et al., 2025; Wang
et al., 2025c). In particular, reinforcement learning
approaches, including PPO (Schulman et al., 2017),
GRPO (Shao et al., 2024), and DAPO (Yu et al.,
2025), have been actively explored to improve mul-
timodal reasoning ability (Hu et al., 2025; Bai et al.,
2025a; Wang and Peng, 2025; Zheng et al., 2025a).
Existing studies mainly fall into data-centric meth-
ods, which focus on the construction and cura-
tion of visually grounded training data (Bai et al.,
2025b; Li et al., 2025a; Liang et al., 2025; Wei
et al., 2025), as well as the distillation of reasoning
data (Chen et al., 2025; Huang et al., 2025b; Xu
et al., 2025; Zhang et al., 2025b). Reward-oriented
methods enrich the outcome supervision by incor-
porating grounding-related signals or additional
visually informed rewards (Fan et al., 2025; Wan
et al., 2025). Other approaches attempt to improve
multimodal reasoning by modifying rollout strate-
gies or introducing external visual tools (Liu et al.,
2025; Wang et al., 2025a; Wu et al., 2026; Zheng
et al., 2025b). However, these methods make visual
information matter through an indirect, supervisory
surrogate rather than taking it as a more integral
part of the model’s own reasoning dynamics.

Contrastive Visual Grounding. Visual ground-
ing is a central challenge in LVLMs, as large vision-
language models may produce plausible yet visu-
ally weakly grounded responses (Li et al., 2023;
Leng et al., 2024). To probe and improve ground-
ing, recent studies have used visual-input con-
trastive analysis, comparing model behaviors un-
der original and altered visual conditions. VCD
(Leng et al., 2024) formulates this contrast as an
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inference-time decoding mechanism, to suppress
generations driven by language priors. Vision Mat-
ters (Li et al., 2025b) extends this perturbation
perspective to post-training, showing that many
altered visual conditions can improve multimodal
mathematical reasoning when integrated into SFT
(Tong et al., 2024), DPO (Rafailov et al., 2023), and
GRPO (Shao et al., 2024) pipelines. Recent multi-
modal RL methods further incorporate visual-input
contrast into policy optimization, commonly using
KL divergence between predictive distributions un-
der original and degraded visual conditions as a
proxy for visual grounding. Representative meth-
ods such as PAPO (Wang et al., 2025d) and VPPO
(Huang et al., 2025a) use this signal to encour-
age perception-aware optimization and stronger
visual dependence. Rather than focusing mainly
on strengthening visual dependence during opti-
mization, our method further promotes contrastive
signals to calibrate complete reasoning trajectories.

3 Preliminary

GRPO (Shao et al., 2024) extends Proximal Pol-
icy Optimization (PPO) (Schulman et al., 2017) by
replacing the learned value function with a group-
relative advantage estimate. In multimodal RLVR,
a Large Vision-Language Model (LVLM) defines
an autoregressive policy πθ. Each training instance
is represented as (I, q, a), where I is the visual in-
put, q is the textual query, and a is the ground-truth
answer. Given a multimodal prompt (I, q), the
old policy πθold generates a group of G responses,
{oi}Gi=1. A binary outcome reward Ri is assigned
to each complete response based solely on whether
its final extracted answer matches the ground truth.
The outcome reward is then normalized within the
group to compute the advantage Âi for each re-
sponse oi:

Âi =
Ri −mean

(
{Rk}Gk=1

)

std
(
{Rk}Gk=1

) . (1)

The policy πθ is updated to maximize a clipped
surrogate objective, where this uniform advantage
Âi is broadcast to every timestep t:

LGRPO(θ) = E

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

min
(
ri,t(θ)Âi,

clip
(
ri,t(θ), 1− ε, 1 + ε

)
Âi

)]
,

(2)

where

ri,t(θ) =
πθ
(
oi,t | I, q, oi,<t

)

πθold

(
oi,t | I, q, oi,<t

) . (3)

It represents the probability ratio. Since Âi is com-
puted only from the final-answer reward and ap-
plied uniformly to the whole response, it cannot
indicate whether a trajectory is visually grounded.

4 Method

Within the typical multimodal RLVR pipeline, we
introduce Visual Evidence-Calibrated Policy Opti-
mization (VEPO) that turns visual grounding into
an explicit calibration signal. It estimates the visual
information of each generated trajectory through
a local-to-global process, from token-level visual
responses to a trajectory-level evidence score, and
uses this estimate to adjust the trajectory-level ad-
vantage. The overview framework is shown in
Figure 2.

4.1 Visual Response Signal

Following PAPO (Wang et al., 2025d), we adopt
a perturbation-based contrastive signal to charac-
terize how visual input affects individual generated
tokens. Specifically, we compare the likelihood
of each realized token under the original image
and a perturbed visual condition, while keeping the
textual decoding context unchanged.

Let I be the original image and I ′ be a perturbed
version. Given the current state st = (q, o<t), the
token visual response of the realized token ot is
defined as log-probability difference under the orig-
inal and perturbed image conditions:

∆t = log πθ(ot | st, I)− log πθ(ot | st, I ′) (4)

A larger ∆t value corresponds to a stronger relative
preference of the realized token for the original
visual condition over the perturbed condition. Such
a preference suggests that removing informative
visual content has a larger impact on the token gen-
eration, indicating a more substantial contribution
from the original image.

4.2 Group-wise Sparse Aggregation

Since token-level visual responses are typically
sparsely distributed and exhibit a highly skewed dis-
tribution (Huang et al., 2025a), we do not treat all
tokens equally. For each prompt, let G = {oi}Gi=1
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Figure 2: Overview of our VEPO framework. Given an original multimodal input, we first calculate visual response
signals in token-level. The resulting token-level responses are then processed by group-wise sparse aggregation,
which retains only above-background visual responses and summarizes them into a trajectory-level visual support
score. Finally, VEPO applies correctness gating and injects the normalized visual support score into the original
advantage, so that the policy update remains guided by verifiable rewards while assigning stronger updates to correct
trajectories with stronger visual support.

denote the group of sampled trajectories. We col-
lect all token-level visual responses within the
group:

DG = {∆i,t | 1 ≤ i ≤ G, 1 ≤ t ≤ Ti} . (5)

Then, we compute a group-wise quantile threshold:

τG = Qq(DG), (6)

where Qq(·) denotes the q-th quantile. This thresh-
old defines a prompt-specific visual background
level. It identifies token responses that are rela-
tively high within the visual-response distribution
of the same rollout group.

For each trajectory oi, we aggregate only the
exceedance above the threshold:

vi =
1

Ti

Ti∑

t=1

max(∆i,t − τG, 0). (7)

The resulting score measures the average cumu-
lative strength of visual responses that stands out
above the group background level along trajectory
i. We use this quantity as a trajectory-level proxy
for relative visual contribution.

4.3 Correctness-gated Advantage Calibration

Not all visually sensitive trajectories are desirable.
A trajectory may respond strongly to the image and
still produce an incorrect answer. Therefore, VEPO
uses the verifiable outcome reward as a correctness

gate, so that only successful trajectories can receive
positive visual calibration.

ṽi = ci · vi, (8)

where ci ∈ {0, 1} denotes whether the trajectory
produces the correct final answer.

To make visual scores compatible with group-
relative optimization, we normalize the gated score
within each group:

bi =
ṽi − µ̃G

σ̃G + ϵ
, (9)

where

µ̃G =
1

G

G∑

j=1

ṽj , σ̃G =

√√√√ 1

G

G∑

j=1

(ṽj − µ̃G)2.

(10)
bi is a relative preference visual signal where in-
dicates which trajectories among the rollouts gen-
erated for the same prompt, are more likely to be
correct and visually grounded.

For the i-th trajectory, the advantage is defined
as:

Ãi = Âi(1 + λbi), (11)

where λ controls the strength of the visual shaping
signal.

By substituting Ãi into the GRPO surrogate ob-
jective, we derive the final policy gradient formula-
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tion:

LGRPO(θ) = E

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

min
(
ri,t(θ)Ãi,

clip
(
ri,t(θ), 1− ε, 1 + ε

)
Ãi

)]
.

(12)
This adaptively amplifies updates for trajectories
with high visual engagement and dampens those
that are less visually grounded.

4.4 Theoretical Analysis

We further provide a theoretical characterization of
the proposed upper-tail aggregation and its role in
policy optimization. Specifically, we first show that
the trajectory-level visual signal captures both the
coverage and strength of above-background visual
responses. We then analyze how this group-relative
signal modulates the policy-gradient update in a
scale-controlled manner.

Prior studies have observed that token-level
visual dependency is highly non-uniform and
sparsely distributed across generated tokens
(Huang et al., 2025a). We observe a similar sparse,
highly skewed pattern under our visual-response
measure, as empirically shown in Appendix C.
Directly averaging all token-level responses may
therefore dilute these localized response variations.
We use the group-wise threshold τG as a prompt-
specific background reference and aggregate only
the exceedance above it:

vi =
1

Ti

Ti∑

t=1

(∆i,t − τG)+. (13)

This makes vi an upper-tail statistic. The follow-
ing proposition shows that it jointly captures the
coverage and strength of above-background visual
responses.

Proposition 1. Let

Ai(τG) = {t : ∆i,t > τG} (14)

be the set of above-threshold visual-response to-
kens in trajectory i. If Ai(τG) ̸= ∅, then

vi =
|Ai(τG)|

Ti
· 1

|Ai(τG)|
∑

t∈Ai(τG)

(∆i,t − τG).

(15)
When Ai(τG) = ∅, we define vi = 0.

Proof. Since (∆i,t − τG)+ = 0 for all tokens
satisfying ∆i,t ≤ τG, we have

vi =
1

Ti

∑

t∈Ai(τG)

(∆i,t − τG). (16)

Multiplying and dividing by |Ai(τG)| gives the re-
sult.

Proposition 1 shows that vi jointly captures two
aspects of the upper-tail visual response. The first
term,

|Ai(τG)|
Ti

, (17)

measures the coverage of above-background visual-
response tokens. The second term,

1

|Ai(τG)|
∑

t∈Ai(τG)

(∆i,t − τG), (18)

measures their average exceedance strength.
Hence, a trajectory obtains a large vi only when it
contains sufficiently frequent or sufficiently strong
visually responsive tokens.

We now analyze how the group-relative visual-
support signal affects the RL update. For clarity,
we ignore clipping and treat bi as a detached rollout-
level signal. Let

ui =
1

Ti

Ti∑

t=1

∇θ log πθ(oi,t | I, q, oi,<t) (19)

denote the trajectory-level score-function gradient.
The standard GRPO update can be written as

gGRPO = E

[
1

G

G∑

i=1

Âiui

]
. (20)

Our method uses the shaped advantage

Ãi = Âi(1 + λbi), (21)

which yields

gVEPO = E

[
1

G

G∑

i=1

Âi(1 + λbi)ui

]
. (22)

Expanding the estimator gives

gVEPO = gGRPO + λgvis, (23)

where

gvis = E

[
1

G

G∑

i=1

Âibiui

]
. (24)

This decomposition shows that our method intro-
duces an auxiliary visual support correction term
that modulates the update strength according to the
interaction between outcome advantage and group-
relative visual support.
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Proposition 2: Scale-controlled visual correc-
tion. Since bi is normalized within each rollout
group, it satisfies

1

G

G∑

i=1

bi = 0,
1

G

G∑

i=1

b2i ≤ 1. (25)

For each rollout group, define the visual correction
term

cG =
1

G

G∑

i=1

Âibiui. (26)

Then

∥cG∥ ≤
(

1

G

G∑

i=1

b2i

)1/2(
1

G

G∑

i=1

∥Âiui∥2
)1/2

≤
(

1

G

G∑

i=1

∥Âiui∥2
)1/2

.

(27)
Therefore, the deviation from the original GRPO
update is bounded by

∥gVEPO − gGRPO∥ = λ∥gvis∥

≤ λE



(

1

G

G∑

i=1

∥Âiui∥2
)1/2


 .

(28)

Proof. The first equality follows from the policy-
gradient decomposition above. For each rollout
group, applying the Cauchy–Schwarz inequality
over the trajectory index i gives
∥∥∥∥∥
1

G

G∑

i=1

Âibiui

∥∥∥∥∥ ≤ 1

G

G∑

i=1

|bi| · ∥Âiui∥

≤
(

1

G

G∑

i=1

b2i

)1/2(
1

G

G∑

i=1

∥Âiui∥2
)1/2

.

(29)

This result shows that our method retains the
original outcome-driven GRPO update as the lead-
ing term, while adding a scale-controlled visual-
response correction. Since bi is normalized within
each rollout group, the magnitude of the correction
term is bounded by the root-mean-square magni-
tude of the original advantage-weighted trajectory
gradients.

5 Experiment

5.1 Experimental Setup
Implementation Details. To balance training ef-
ficiency and data diversity, we construct a mixed

training subset from ViRL39K (Wang et al., 2025a)
and Geometry3K (Lu et al., 2021). Specifi-
cally, we randomly sample 13K instances from
ViRL39K(39K) and 0.7K instances from Geome-
try3K(21K), and convert them into a unified RLVR
training format. All methods are trained on the
same mixed subset for 2 epochs with a learning
rate of 1e-6. We apply Qwen2.5-VL-3B as the
base model, comparing our proposed method with
GRPO (Shao et al., 2024), DAPO (Yu et al., 2025),
PAPO (Wang et al., 2025d) and VPPO (Huang
et al., 2025a) under the same backbone and train-
ing data. Following previous work, we generate 5
responses per example with a sampling tempera-
ture of 1.0. We set the maximum response length
to 2048 for all models. For our method, we set
group-wise quantile ratio to q = 0.6 and the visual
shaping signal to λ = 0.1. Additional implementa-
tion details are provided in Appendix A.

Benchmarks. We evaluate multimodal under-
standing and reasoning on six diverse benchmarks.
The benchmarks cover math, logic, geometric, and
multi-discipline multimodal reasoning, including
MathVerse (Zhang et al., 2024), MMK12 (Meng
et al., 2025), MathVision (Wang et al., 2024), Math-
Vista (Lu et al., 2024), LogicVista (Xiao et al.,
2024), MMMU-Pro (Yue et al., 2025). All results
are based on exact match against ground truth an-
swer, avoiding reliance on LLM-as-a-judge sys-
tems. We report accuracy using a fixed greedy
decoding configuration with temperature 0.

5.2 Main Results

As shown in Table 1, VEPO achieves strong over-
all performance across the six multimodal rea-
soning benchmarks. Compared with GRPO and
DAPO, it improves the average accuracy by 2.82%
and 1.61%, respectively, and consistently outper-
forms DAPO on all six benchmarks. VEPO also
achieves a higher average score than PAPO and
VPPO, with the best results on MMMU-Pro, Math-
Verse, LogicVista, and MMK12. These results
show that trajectory-level visual-response calibra-
tion provides an effective complementary signal
for outcome-based multimodal RLVR.

The gains, however, are not uniform across
benchmarks. PAPO outperforms VEPO on Math-
Vista, while VPPO achieves stronger results on
both MathVista and MathVision. A finer-grained
analysis reveals distinct category-level patterns. On
MathVista, VPPO tends to perform better when the
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Method MMMU-Pro MathVista MathVerse LogicVista MathVision MMK12 Avg.

Qwen2.5-VL-3B 27.28 49.40 31.95 31.25 18.75 40.44 33.18
GRPO 29.88 62.20 37.44 40.40 20.72 50.00 40.11
DAPO 29.42 63.20 40.25 41.96 22.04 51.05 41.32
PAPO 29.19 64.70 42.34 40.85 22.70 51.12 41.82
VPPO 29.25 67.40 41.24 42.41 24.67 51.48 42.74
VEPO 30.93 63.60 42.39 44.20 23.36 53.10 42.93

Table 1: Comparison of different methods on multimodal reasoning benchmarks. Scores are reported as exact-match
accuracy (%) on verifiable instances for objective results, avoiding any LLM-as-a-judge, and the best results are
highlighted in bold.

Method MMMU-Pro LogicVista MMK12 Avg.

DAPO 29.42 41.96 51.05 40.81
VEPO-Avg 30.17 40.40 53.10 41.22
VEPO 30.93 44.20 53.10 42.74

Table 2: Ablation on Aggregation Strategy.

answer is determined by a small number of salient
numerical or visual cues, whereas VEPO is rela-
tively stronger on problems involving more compo-
sitional geometric, algebraic, or logical reasoning.
PAPO shows a more stable profile on general vi-
sual and statistical questions. Similar trends are ob-
served on MathVision, where VPPO performs bet-
ter on analytic geometry, graph theory, and statis-
tics, while VEPO is stronger on metric geometry,
especially angle-related problems. These category-
level differences may be related to the distinct op-
timization granularities of the methods. VPPO’s
token-level weighting may be more effective when
a few visually sensitive positions are decisive for
the prediction, whereas VEPO’s trajectory-level
calibration may be better suited to cases where
visual information needs to be integrated across
multiple reasoning steps.

5.3 Analysis

Ablation Study on Aggregation Strategy. We
examine the effect of the proposed upper-tail aggre-
gation on constructing the trajectory-level visual
score. We compare VEPO with an average-pooling
variant, denoted as VEPO-Avg, which replaces the
upper-tail sparse aggregation with a direct average
over all token-level visual responses:

vavgi =
1

Ti

Ti∑

t=1

∆i,t. (30)

All other components are kept unchanged.

Method MMMU-Pro LogicVista MMK12 Avg.

DAPO 29.42 41.96 51.05 40.81
VEPO-Add 28.77 40.40 53.85 41.01
VEPO 30.93 44.20 53.10 42.74

Table 3: Ablation on advantage calibration strategy.

As shown in Table 2, VEPO-Avg slightly im-
proves over DAPO on average, suggesting that
token-level visual responses can provide comple-
mentary information for outcome-driven optimiza-
tion. However, it remains weaker than the proposed
VEPO, suggesting that the aggregation strategy
plays an important role in utilizing these responses.
Since ∆i,t is signed, dense averaging aggregates
responses across the entire distribution, allowing
positive and negative values to partially cancel each
other: ∆i,t > 0 indicates a higher likelihood for the
realized token under the original image condition,
whereas ∆i,t < 0 indicates a higher likelihood
under the perturbed condition. As a result, local-
ized positive response variations may be diluted
by background-level or lower responses, making
dense averaging less effective for constructing a
trajectory-level visual signal.

In contrast, VEPO aggregates response ex-
ceedances relative to the group-specific back-
ground, emphasizing token positions with rela-
tively higher responses within the same rollout
group. By reducing the influence of background-
level and lower-response tokens, VEPO better cap-
tures the sparse and highly non-uniform structure
of token-level visual responses and yields a more
effective trajectory-level calibration signal.

Ablation Study on Advantage Calibration Strat-
egy. We conduct an ablation study to examine
how the trajectory-level visual score should be in-
corporated into policy optimization. We compare
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Figure 3: Sensitivity analysis of the quantile thresh-
old under a fixed calibration weight λ = 0.2. The
line shows the average score, while bars show per-
benchmark score.

the proposed multiplicative advantage calibration
with an additive variant, VEPO-Add, where

Ãi = Âi + λbi, (31)

while all other components remain unchanged. As
shown in Table 3, VEPO-Add only brings marginal
gains over DAPO and fails to improve consistently
across benchmarks, suggesting that adding visual
evidence as an independent advantage term may
partially decouple the update from the outcome ob-
jective. In contrast, VEPO multiplicatively rescales
the original outcome-driven advantage, keeping the
visual calibration coupled to the outcome signal.
These results show that visual multiplicative cali-
bration is more effective than the additive variant.

Effect of the Quantile Threshold. We study the
effect of the group-wise quantile ratio q, which con-
trols the selectivity of the upper-tail aggregation.
To reduce computational cost, we vary q under a
fixed representative calibration weight λ = 0.2. As
shown in Figure 3, VEPO is moderately affected by
the threshold choice, but the overall performance
remains relatively stable across a range of thresh-
olds. A lower threshold retains more background-
level or weak responses, whereas a higher threshold
increases selectivity and may discard informative
response variations. Among the tested settings,
q = 0.6 achieves the best average performance,
suggesting that moderately selective upper-tail ag-
gregation provides a better balance between filter-
ing background responses and retaining informa-
tive response variations. These results indicate that
VEPO benefits from selective upper-tail aggrega-
tion while remaining relatively robust to the exact
threshold choice.

λ MMMU-Pro LogicVista MMK12 Avg.

0.1 30.93 44.20 53.10 42.74
0.2 29.94 43.53 52.45 41.97
0.3 29.31 45.54 51.20 42.02

Table 4: Effect of the visual shaping strength λ under a
fixed quantile ratio q = 0.6.

Method ScienceQA TextVQA Avg.

Qwen2.5-VL-3B 81.06 78.73 79.90
GRPO 81.16 79.33 80.25
DAPO 81.61 79.33 80.47
VEPO 81.80 79.71 80.71

Table 5: Performance on out-of-domain VQA bench-
marks.

Effect of the Visual Shaping Strength. We fur-
ther analyze the effect of the visual shaping co-
efficient λ, which controls the strength of the
trajectory-level visual calibration signal in policy
optimization. As shown in Table 4, λ = 0.1
achieves the best average performance among the
tested settings. Increasing λ to 0.2 or 0.3 does
not further improve the average result, although
λ = 0.3 obtains the highest score on LogicVista.
This suggests that a relatively small calibration
weight is sufficient to effectively modulate the
outcome-driven updates using the trajectory-level
visual score, while larger weights may overempha-
size the auxiliary evidence signal and weaken the
balance with the original outcome-based advantage.
Therefore, we use λ = 0.1 as the default setting in
our main experiments. These results indicate that
VEPO benefits from a lightweight visual calibra-
tion signal, rather than relying on a large auxiliary
shaping weight.

General Visual-Language Capability. To exam-
ine whether VEPO affects general visual-language
capabilities, we evaluate the trained models on two
out-of-domain VQA datasets, ScienceQA (Lu et al.,
2022) and TextVQA (Singh et al., 2019). As shown
in Table 5, VEPO maintains comparable or slightly
better performance than the RLVR baselines on
both out-of-domain VQA benchmarks. This sug-
gests that visual evidence calibration does not sac-
rifice general VQA ability while improving mul-
timodal reasoning. These results further indicate
that VEPO enhances reasoning-oriented policy op-
timization without impairing the model’s general
visual-language capability.
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Method Avg. Acc. Training Time Overhead

DAPO 41.32 21.97 h –
VEPO 42.93 25.87 h +17.8%

Table 6: Training efficiency analysis on Qwen2.5-VL-
3B with two NVIDIA A100 80GB GPUs.

Training Efficiency Analysis. We further eval-
uate the additional training cost introduced by
VEPO. As shown in Table 6, VEPO incurs a
17.8% training-time overhead over DAPO. This
additional cost mainly arises from the perturbed-
image forward pass used to compute token-level
visual responses. Despite this additional com-
putation, VEPO improves the average reasoning
performance over DAPO, suggesting a favorable
balance between performance gains and training
cost. Moreover, the additional computation is con-
fined to training, while the model architecture and
inference-time cost remain unchanged.

6 Conclusion

In this work, we revisit multimodal RLVR from
the perspective of evidence-aware trajectory credit.
We identify a granularity mismatch: final-answer
rewards supervise complete rollouts, whereas vi-
sual evidence often appears as sparse local re-
sponses. To bridge this gap, we propose VEPO,
which distills above-background visual responses
into rollout-level evidence credit to calibrate the
original advantage. Experiments on multiple mul-
timodal reasoning benchmarks show that VEPO
achieves strong overall performance against RLVR
baselines without external supervision, highlight-
ing the value of visual-evidence calibration beyond
answer correctness.

Limitations

Although VEPO improves outcome-driven multi-
modal policy optimization, it still has several limi-
tations that could be recognized in future research.

Due to computational resource constraints, our
experiments are conducted with limited model
scales and training data. We are unable to fully
verify the scalability of VEPO on larger LVLMs,
such as 7B and 32B models. In addition, our evalua-
tion mainly focuses on multimodal reasoning tasks
with verifiable answers. Future work could ex-
tend VEPO to more open-ended multimodal tasks,
such as image-grounded dialogue and detailed im-
age captioning, where visual faithfulness, response

quality are more difficult to verify automatically.
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A Implementation Details

Training Details. Our implementation is built
upon the EasyR1 framework (Zheng et al., 2025a;
Sheng et al., 2025). All experiments were con-
ducted using PyTorch 2.6.0 with CUDA 12.4. The
base model for our experiments is the open-source
Qwen2.5-VL-3B. We train all models for two
epochs on a mixed training subset from ViRL39K
(Wang et al., 2025a) and Geometry3K (Lu et al.,
2021). Specifically, we randomly sample 13K in-
stances from ViRL39K(39K) and 0.7K instances
from Geometry3K(21K), and convert them into a
unified RLVR training format. The vision tower is
unfrozen during training. For the online RL pro-
cess, we generate 5 responses per question. The
final reward is a weighted sum of accuracy and
format compliance, defined as R = 0.95Sacc +
0.05Sformat, where Sacc ∈ {0, 1} indicates answer
correctness and Sformat ∈ {0, 1} indicates whether
the output satisfies the required response format.
Our training objective follows the DAPO recipe,
incorporating dynamic sampling, clip-higher, and
a token-level policy gradient loss, without a KL di-
vergence penalty. All key hyperparameters for the

Hyperparameter Value

General Training
Optimizer AdamW
Learning Rate 1× 10−6

LR Schedule Constant (no warmup or decay)
Epochs 2
Freeze Vision Tower False

RL Process
Global Batch Size 128
Rollout Batch Size 384
Rollouts per Prompt 5
Rollout Top-p 0.99
Max Response Length 2048

DAPO Recipe
Sampling Method Dynamic Sampling
Clip Ratio Low 0.2
Clip Ratio High 0.28
Loss Averaging Mode Token-level
KL Penalty None

VEPO Specific
Quantile ratio τ 0.6
Visual signal λ 0.1

Evaluation Generation
Temperature 0.0
Max New Tokens 4096

Table 7: Key hyperparameters for training and evalua-
tion.

optimizer, RL process, and evaluation are detailed
in Table 7.

VEPO Configuration. Visual response estima-
tion is an important component of VEPO, as it
provides the counterfactual signal used to measure
whether a generated trajectory is supported by the
visual input. Following PAPO (Wang et al., 2025d),
we compare the log-probabilities of the generated
tokens under the original image I and a perturbed
image I ′. For the perturbation strategy, we adopt
Random Patch Blackening: the image is divided
into non-overlapping patches of size 14× 14, and
each patch is independently set to black with a prob-
ability of 0.6. This produces a degraded visual con-
dition while keeping the input format unchanged.

Computational Resource. All models were
trained on a cluster of 2 x NVIDIA A100 80GB
GPUs.

B Theoretical Proof of Visual Responses

In this section, we provide a theoretical justification
for the visual response signal used in VEPO. The
goal of this analysis is to clarify why it is a natural
choice for estimating the visual support of a sam-
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pled trajectory, and how it relates to distributional
visual-dependency measures.

Counterfactual visual conditions. Given a mul-
timodal prompt consisting of an image I and a
textual query q, let I ′ denote a perturbed version of
the image where informative visual content is par-
tially removed. At decoding step t, the model has
generated a prefix o<t, and the current decoding
state is denoted as

st = (q, o<t). (32)

We define the next-token distributions under the
original and perturbed visual conditions as

pt(·) = πθ(· | st, I), p̃t(·) = πθ(· | st, I ′).
(33)

Since the textual state st is kept fixed, the difference
between these two distributions reflects the effect
of changing the visual input.

Generated-token visual response. For the token
ot actually generated in the sampled rollout, VEPO
defines its visual response as

∆t = log πθ(ot | st, I)− log πθ(ot | st, I ′), (34)

therefore,

∆t = log
pt(ot)

p̃t(ot)
. (35)

This quantity is a generated-token log-likelihood
ratio between the original and perturbed visual con-
ditions. If ∆t > 0, the generated token becomes
more likely when the original image is available. If
∆t ≈ 0, the token likelihood changes only weakly
under this counterfactual comparison. If ∆t < 0,
the generated token becomes more likely under the
perturbed condition.

This signed property is important for our pur-
pose. VEPO aims not only to characterize whether
a decoding state is visually sensitive, but also to
track how the actually sampled trajectory responds
to the visual counterfactual. Therefore, we use
the log-ratio of the actually generated token as the
basic unit of visual response.

Trajectory-level decomposition. For an autore-
gressive model, the probability of a complete re-
sponse o = (o1, . . . , oT ) under the original image
can be factorized as

πθ(o | q, I) =
T∏

t=1

πθ(ot | st, I). (36)

Similarly, under the perturbed image I ′, we have

πθ(o | q, I ′) =
T∏

t=1

πθ(ot | st, I ′). (37)

Therefore, the sequence-level log-likelihood ra-
tio can be decomposed into token-level visual re-
sponses:

log
πθ(o | q, I)
πθ(o | q, I ′) =

T∑

t=1

log
πθ(ot | st, I)
πθ(ot | st, I ′)

=
T∑

t=1

∆t.

(38)

This shows that the proposed token-level response
is not an isolated heuristic. Instead, it provides a
natural additive decomposition of how much the
sampled response is more supported under the origi-
nal visual condition than under the perturbed visual
condition.

Relation to distributional KL. The proposed
visual response is also closely related to distribu-
tional KL divergence. At decoding step t, the KL
divergence between the original-image distribution
and the perturbed-image distribution is

DKL(pt∥p̃t) = Ey∼pt

[
log

pt(y)

p̃t(y)

]
. (39)

Since

∆t = log
pt(ot)

p̃t(ot)
, (40)

we have

Eot∼pt [∆t] = DKL(pt∥p̃t). (41)

Thus, ∆t can be viewed as a generated-token coun-
terpart of the log-ratio whose expectation recov-
ers the distributional KL divergence. Importantly,
although this expectation is non-negative, an in-
dividual sampled ∆t can take either sign. Nega-
tive responses are therefore a natural property of
the realized-token log-ratio and indicate likelihood
shifts toward the perturbed visual condition.

This relation indicates that ∆t is connected to
the same information-gain perspective as KL-based
visual dependency measures. However, the two
quantities emphasize different levels of visual de-
pendence. Distributional KL measures how much
the visual input changes the entire predictive distri-
bution at a decoding state. In contrast, ∆t measures
whether the token actually generated in the sampled
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Figure 4: The empirical distribution of token-level vi-
sual responses.

rollout becomes more likely under the original im-
age than under the perturbed image. Therefore, KL
is suitable for identifying visually sensitive decod-
ing positions, while the generated-token log-ratio
is directly aligned with estimating visual support
for the sampled trajectory.

KL and ∆t capture related but different notions
of visual dependence. Prior KL-based methods
often use distributional visual dependency to lo-
cate visually important positions or to guide token-
level gradient filtering. VEPO instead focuses on
trajectory-level advantage calibration, where the
central question is whether the actually sampled
response is supported by visual evidence. For this
purpose, the generated-token form provides a direct
proxy for visual support of the generated trajectory.

C Empirical Distribution of Token-Level
Visual Responses

As shown in Figure 4, most token-level responses
are concentrated near zero, while their frequency
drops rapidly as the responses move away from
zero, resulting in a sparse, long-tailed distribution.
This indicates that token-level responses are highly
non-uniform across decoding positions, with pro-
nounced responses occurring only at a small subset
of tokens. Further analysis shows that near-zero
responses contain more punctuation and format-
ting tokens, whereas larger responses are more fre-
quently associated with lexical and content-bearing
expressions, including geometry concepts, spatial
directions, and reasoning terms essential for inter-
preting visual relations and deriving the answer.

The sign of the response reflects the direction of
the likelihood change. Near zero, positive and neg-
ative responses exhibit highly similar token compo-
sitions, suggesting that zero does not form a clear

semantic boundary. Larger negative responses, al-
though sensitive to visual perturbation, indicate
that the realized token is more strongly favored un-
der the degraded visual condition. Such responses
may reflect weakened visual constraints and in-
creased reliance on language priors or generic rea-
soning patterns, making them less suitable as pos-
itive visual calibration signals. In contrast, larger
positive responses favor the original visual con-
dition and more frequently involve image-related
concepts, geometric relations, and spatial informa-
tion. Treating all token-level responses uniformly
would therefore mix weak, perturbation-favored,
and original-image-favored responses, diluting the
latter. VEPO instead uses a group-wise quantile
as a relative reference and aggregates upper-tail
response exceedances. Importantly, the reference
need not be positive: when τG < 0, strongly neg-
ative responses still remain in the lower tail and
are suppressed, while only relatively elevated re-
sponses, including near-zero or slightly negative
ones, may contribute. These responses lie fur-
ther toward the original-image-favored direction
than the group reference, and their contribution
increases with the response exceedance. This al-
lows VEPO to retain the most informative visual-
response positions within each rollout group.

D Case Study

To provide a qualitative understanding of VEPO,
we present two representative case studies, as
shown in Figures 5–7. These examples show that
outcome-only supervision can provide incomplete
guidance for multimodal reasoning: a correct fi-
nal answer may still be produced through unre-
liable intermediate reasoning, while an incorrect
answer may result from misinterpreting key visual
evidence. By incorporating trajectory-level visual
evidence calibration, VEPO complements outcome
rewards with an explicit estimate of visual sup-
port. These cases qualitatively show that VEPO
can guide policy optimization toward reasoning tra-
jectories that are not only more outcome-correct,
but also better grounded in the visual input.

E LLM Usage Statement

During the preparation of this paper, we used a
large language model (LLM) as an assistive tool.
Its use was limited to proofreading grammatical
and spelling errors, as well as rephrasing sentences
to improve readability and clarity. The LLM was
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Figure 5: Case study 1 for DAPO: Correct answer with
unreliable intermediate reasoning.

not used to generate the core ideas, conduct data
analysis, or produce the main scientific content of
the paper. All intellectual contributions, research
decisions, and the final manuscript remain the sole
responsibility of the authors.

Figure 6: Case study 1 for VEPO: Correct answer with
more visually grounded reasoning.

Figure 7: Case study 2 comparing DAPO and VEPO.
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