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Abstract

Reinforcement learning with verifiable re-
wards (RLVR) has substantially enhanced the
reasoning capabilities of multimodal large lan-
guage models (MLLMs). However, existing
RLVR approaches typically rely on outcome-
driven optimization that updates both percep-
tion and reasoning using a shared reward based
solely on the final answer. This shared re-
ward blurs credit assignment, frequently im-
proving reasoning patterns while failing to re-
liably enhance the accuracy of upstream vi-
sual evidence extraction. To address this
perception bottleneck, we introduce PRCO
(Perception-Reasoning Co-evolution), a dual-
role RLVR framework with a shared policy.
PRCO consists of two cooperative roles: an
Observer that generates an evidence caption
tailored to the question and a Solver that pre-
dicts the final answer based on this caption.
Crucially, PRCO employs role-specific reward
signals: the Solver is optimized using veri-
fiable outcome rewards on the final answer,
while the Observer receives a utility reward de-
rived from the Solver’s downstream success.
Extensive experiments across eight challeng-
ing multimodal reasoning benchmarks demon-
strate that PRCO yields consistent improve-
ments across model scales by over 7 points
on average accuracy compared to the base
model, outperforming prior open-source RL-
tuned baselines.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR), particularly online algorithms such as
Group Relative Policy Optimization (GRPO), has
substantially enhanced the reasoning capabilities
of Large Language Models (LLMs) in text-only
problem domains (Guo et al., 2025; Kimi Team
et al., 2025; Xu et al., 2026; Huang et al., 2026a).
⋆ Equal contribution.
† Corresponding authors.
Code: https://github.com/Dtc7w3PQ/PRCO

Below is a top-down 
view of a circular 
water surface. 
What is the value 
of OA·OB = ()?

Image & Question

<think>\nTo solve the problem, …
Calculate the distances OA and OB:
The distance OA is the distance from the 
origin (0, 0) to point A (0, 2). The distance 
OB is the distance from the origin (0, 0) 
to point B (2, 2). …

GRPO: Perception Error

24.3%

7.6%

Figure 1: Diagnostic analysis of GRPO on We-
Math (Qiao et al., 2025). Left: GRPO reduces reason-
ing errors much more than perception errors. Right: a
representative failure case caused by incorrect percep-
tion.

Building on these advances, recent work extends
RLVR to Multimodal Large Language Models
(MLLMs) for challenging multimodal reasoning
tasks (Huang et al., 2026d; Shen et al., 2025a;
Wang et al., 2025a; Zhu et al., 2026; Zheng et al.,
2026; Su et al., 2025b; Fan et al., 2025; Cao et al.,
2025; Meng et al., 2025). Most prior multimodal
RLVR work focuses on data-centric curation (Liu
et al., 2025a; Leng et al., 2026; Wu et al., 2026;
Li et al., 2025a; Wang et al., 2025b) and reward-
centric engineering (Liu et al., 2025b; Wan et al.,
2025; Su et al., 2025a; Wang et al., 2025c). Effec-
tive reasoning relies on accurate perception, which
provides the necessary grounding for logical de-
duction (Xu et al., 2025). However, RLVR is of-
ten applied in an outcome-driven manner, verify-
ing only the final textual answer while largely ne-
glecting the accuracy of upstream visual percep-
tion (Wang et al., 2026; Li et al., 2026).

To concretely examine this bottleneck, we con-
duct a diagnostic analysis using GRPO as a rep-
resentative multimodal RLVR baseline. We train
Qwen2.5-VL-7B (Bai et al., 2025b) with GRPO
and compare its failure modes against its ini-
tialization on WeMath (Qiao et al., 2025) using
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fine-grained error categorization. As shown in
Fig. 1, training with GRPO substantially reduces
reasoning errors, whereas perception errors im-
prove only marginally over the base model. We
attribute this bottleneck to outcome-only RLVR
with a shared reward updating both perception and
reasoning. This blurs credit assignment and im-
proves reasoning patterns without reliably improv-
ing visual evidence extraction.

Recently, some works have recognized percep-
tion as critical and explored perception-centric
RLVR for MLLMs. These efforts focus on three
directions: introducing additional perception-
oriented optimization objectives (Xiao et al., 2026;
Wang et al., 2026), using weighted token-level
credit assignment for perception and reasoning to-
kens (Huang et al., 2026c), requiring an explicit
image-description step before reasoning (Xing
et al., 2026; Gou et al., 2026). Despite being
promising, these approaches either retain coupled
perception–reasoning optimization or assess in-
termediate visual evidence with a fixed external
reasoner. PRCO instead provides adaptive, role-
specific feedback between a co-evolving Observer
and Solver. These findings naturally prompt the
question:

Can we use reliable, separate learning signals
for perception and reasoning to decouple them at
the gradient level?

To this end, we introduce PRCO (Perception-
Reasoning Co-evolution), a dual-role RLVR
framework that disentangles perception and rea-
soning. In this setup, a shared multimodal pol-
icy alternates between two roles: the Observer,
which performs question-conditioned evidence ex-
traction and writes an evidence caption tailored
to the question; and the Solver, which produces
the answer based on the question and the caption,
using the image when available. Crucially, they
are trained with separate and reliable learning sig-
nals: the Solver is optimized with verifiable out-
come rewards on the final answer, while the Ob-
server is optimized with a utility reward defined by
the Solver’s verifier-validated success when condi-
tioned on its caption. These role-specific learning
signals decouple policy updates for perception and
reasoning while still allowing joint optimization
under a shared policy. As a result, PRCO drives
co-evolution, in which the Observer progressively
improves question-grounded visual perception by
extracting and articulating question-relevant evi-
dence, while the Solver learns to reason more reli-

ably under explicit evidence guidance.
To validate PRCO, we conduct extensive ex-

periments on eight challenging multimodal rea-
soning benchmarks covering mathematics, geome-
try, logic, and multidisciplinary reasoning. PRCO
yields consistent gains across model scales: our
7B model improves average accuracy by 7.18
points over the corresponding base model and
outperforms prior open-source RL-tuned methods,
while our 3B model improves average accuracy
by 7.65 points. Moreover, on WeMath, PRCO re-
duces perception errors by 39.2% relative to the
base model, whereas vanilla GRPO achieves only
a 7.6% reduction.

To sum up, our main contributions are threefold:

• We propose PRCO, a dual-role RLVR frame-
work that disentangles perception and reason-
ing with an Observer and a Solver under a
shared policy.

• We demonstrate the effectiveness of PRCO
on diverse and challenging multimodal rea-
soning benchmarks, showing consistent im-
provements over strong RLVR baselines.

• We provide extensive ablation and diagnos-
tic analyses that validate PRCO’s key design
choices and characterize its effects on percep-
tion and reasoning.

2 Method

We propose a dual-role RLVR framework that
trains a shared MLLM policy in two coopera-
tive roles. The Observer produces a question-
conditioned evidence caption c, i.e., one tailored
to the question, and the Solver answers based on
the caption and the image when available. We
first review GRPO (Sec. 2.1), then describe the
dual-role interaction loop (Sec. 2.2), detail the
Observer and Solver (Sec. 2.3–2.4), and finally
present unified optimization with role-specific ad-
vantages (Sec. 2.5).

2.1 Preliminary: Group Relative Policy
Optimization

GRPO (Shao et al., 2024) is a reinforcement learn-
ing algorithm for fine-tuning a policy LLM with-
out learning a separate value function. Its key
idea is to compute relative learning signals by nor-
malizing rewards against other responses sampled
from the same prompt. For a given prompt x, the
policy generates a group of G complete responses
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Figure 2: Overview of PRCO. A shared policy alternates between an Observer for question-conditioned evidence
captioning and a Solver for evidence-conditioned reasoning. The two roles are jointly optimized with role-specific
learning signals and group-relative advantages, enabling perception-reasoning co-evolution under a shared policy.

{yi}Gi=1. Each response receives a scalar reward ri.
GRPO converts these rewards into response-level
advantages via z-score normalization:

Âi =
ri −mean({rj}Gj=1)

std({rj}Gj=1) + ϵnorm
, (1)

where ϵnorm is a small constant for numerical sta-
bility.

Policy update. GRPO updates the policy using
a PPO-style clipped surrogate objective to im-
prove stability. To prevent excessive policy drift,
the objective is regularized with a KL-divergence
penalty to the old policy:

LGRPO(θ) =− Ei,t

[
min

(
ρi,t(θ)Âi,

clip
(
ρi,t(θ), 1− ϵ, 1 + ϵ

)
Âi

)]

+ β Ex

[
KL

(
πθ(·|x) ∥πθold(·|x)

)]
.

(2)
where ρi,t(θ) is the token-level importance ratio, ϵ
is the clipping threshold, and β controls the KL
penalty. Optimizing this objective increases the
likelihood of responses with positive relative ad-
vantages, while the KL term constrains divergence
from πθold for stable training.

2.2 Overview
RLVR setting. Following typical RLVR setups
(Wang et al., 2025a; Yu et al., 2025), our training
dataset D consists of tuples (I, q, a) where I is an
image, q is a question, and a is a short ground-truth
answer. We do not rely on any existing chain-of-
thought data and initiate RL training directly with-
out supervised fine-tuning. We use a lightweight

rule-based verifier V (â, a) ∈ {0, 1} that checks
whether the predicted answer â matches a, and a
simple format checker FormatScore(â) ∈ [0, 1]
that evaluates whether the output satisfies the re-
quired format.

Two roles under one shared policy. We instan-
tiate a single policy πθ in two roles via role-
specific prompting. We denote by rO and rS
the prompts for the Observer and Solver, respec-
tively. For each sample (I, q, a), the Observer
first generates an intermediate caption c summa-
rizing question-relevant visual evidence; then the
Solver outputs the final answer conditioned on c
and optionally the image. We denote the Solver’s
visual input as IS ∈ {∅, I}. For each training in-
stance, we sample GO candidate captions {ck}GO

k=1

under the Observer role; given a caption ck, we
sample GS candidate answers {âk,g}GS

g=1 under the
Solver role. The Observer is encouraged to ex-
ternalize visual evidence into captions, while the
Solver is trained to leverage captions for evidence-
conditioned reasoning.

2.3 Observer: Utility-Driven Evidence
Captioning

The Observer converts high-dimensional visual in-
put into a textual evidence signal by producing a
question-conditioned evidence caption that sum-
marizes the visual evidence most relevant to q
(e.g., entities, attributes, and relations). Formally,
given (I, q), the Observer samples c ∼ πθ(· |
I, q, rO).
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Utility reward with leakage suppression. Di-
rectly verifying the intrinsic quality of an evidence
caption is difficult. We therefore train the Ob-
server through the downstream utility that its cap-
tion provides to the Solver. A key failure mode is
answer shortcutting, where the Observer directly
places the final answer in the caption instead of
extracting question-relevant visual evidence. To
suppress this behavior, we use an auxiliary LLM-
based leakage checker that takes the caption c and
question q as input and outputs a binary leakage
indicator. Let Ileak(q, c) ∈ {0, 1} be the indica-
tor of answer leakage in c, where 1 indicates the
presence of leakage. For a sampled caption ck, we
define the Observer reward as

rOk =
(
1− Ileak(q, ck)

)

· Eâ∼πθ(·|IS ,q,ck,rS) [V (â, a)] .
(3)

The expectation is approximated by the empir-
ical mean of the verifier scores over GS sam-
pled Solver rollouts conditioned on (IS , q, ck, rS).
This reward favors captions that help downstream
solving and suppresses captions judged as leaking
the answer.

2.4 Solver: Evidence-Conditioned Reasoning
The Solver produces a short final answer by rea-
soning over the question and the Observer’s cap-
tion, with the image provided when available.
Conditioning on c encourages explicit evidence-
driven reasoning, while image input helps recover
global structure or complex geometric relations
that are difficult to fully convey in text. Formally,
given a caption c, the Solver samples â ∼ πθ(· |
IS , q, c, rS).

Solver reward. We define the correctness re-
ward via the verifier as racc = V (â, a). In ad-
dition, rformat ∈ [0, 1] measures whether the re-
sponse strictly follows the required format. We
compute it with a simple rule-based checker as
rformat = FormatScore(â). The Solver is re-
warded for both correctness and basic format com-
pliance:

rS = λ racc + (1− λ) rformat, (4)

where λ balances accuracy and format compliance,
with a default value of 0.9.

Caption-first warmup. In early training, we set
IS = ∅ so that the Solver must rely on (q, c). We
find that if the Solver receives both the image and

the caption too early, it tends to ignore the cap-
tion and solve directly from the image, which can
drown out the learning signal for improving cap-
tions. Therefore, we first warm up the Solver to
solve using only captions; after a short warmup,
we switch to IS = I to restore full multimodal
grounding while retaining the benefits of caption
conditioning.

2.5 Unified Policy Optimization with
Role-Specific Advantages

The Observer and Solver share the same policy
and are optimized jointly. However, their roll-
outs define different comparison groups for rel-
ative optimization. Observer captions are com-
pared across samples from the same (I, q) in-
stance, whereas Solver answers are compared
within caption-conditioned answer groups. We
therefore compute relative advantages separately
for the two roles and optimize the shared policy
over the combined rollouts.

Role-wise grouping and advantage computa-
tion. For each sample (I, q, a), the Observer
generates GO candidate captions {ck}GO

k=1 under
πθ(· | I, q, rO). For each caption ck, we generate
GS Solver answers {âk,g}GS

g=1 under (IS , q, ck, rS)
and compute rewards {rSk,g}GS

g=1 using Eq. (4).
We then compute Observer rewards {rOk }GO

k=1 via
Eq. (3). Following Eq. (1), we compute group-
relative advantages separately for the two roles
while omitting the standard deviation normaliza-
tion term. Concretely, for a reward group {ri}Gi=1,
we use Âi = ri − mean({rj}Gj=1). By centering
rewards around the role-specific group mean with-
out standard deviation normalization, we ensure
that gradient updates are driven by within-group
relative performance rather than cross-role vari-
ance differences. We compute caption advantages
{ÂO

k }GO
k=1 from {rOk }GO

k=1 across the GO captions.
For the Solver update, we reuse these evidence-
conditioned answer rollouts. For each (I, q, a),
we preferentially sample one caption index k̃ uni-
formly from captions with Var({rSk,g}GS

g=1) > 0
to avoid degenerate relative signals, and compute
Solver advantages {ÂS

k̃,g
}GS
g=1 from {rS

k̃,g
}GS
g=1.

Unified policy update. We aggregate Observer
caption trajectories associated with ÂO and Solver
answer trajectories associated with ÂS into a com-
bined rollout batch and optimize a unified GRPO-
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style objective:

Ldual(θ) = LGRPO

(
θ; ÂS

)
+ LGRPO

(
θ; ÂO

)
,
(5)

where LGRPO(θ; Â) denotes Eq. (2) instantiated
on the corresponding role trajectories with advan-
tage Â. Following DAPO (Yu et al., 2025), we set
β = 0 to remove the KL penalty and encourage
exploration. Under the shared policy, this unified
update jointly improves perception and reasoning.

3 Experiments

3.1 Experimental Setup
Models, Data, and Baselines. We perform
direct RL training on the Qwen2.5-VL-3B,
Qwen2.5-VL-7B, and Qwen3-VL-8B-Instruct
backbones using ViRL39K (Wang et al., 2025a).
ViRL39K contains 39K verifiable multimodal
reasoning questions across diverse visual formats,
such as diagrams and charts. We benchmark our
method against recent open-source reasoning
MLLMs at the 3B and 7B scales, and further
evaluate it on the stronger Qwen3-VL-8B-Instruct
backbone. For the 3B setting, we compare
with PAPO-G-3B and PAPO-D-3B (Wang et al.,
2026), MMR1-3B-RL (Leng et al., 2026), and
Vision-SR1-3B (Li et al., 2026). For the 7B
setting, we include PAPO-G-7B and PAPO-D-
7B (Wang et al., 2026), R1-ShareVL-7B (Yao
et al., 2025), Perception-R1-7B (Xiao et al.,
2026), Vision-Matters-7B (Li et al., 2025b),
NoisyRollout-7B (Liu et al., 2025a), MMR1-7B-
RL (Leng et al., 2026), VPPO-7B (Huang et al.,
2026c), and Vision-SR1-7B (Li et al., 2026).
We also implement two strong RLVR baselines
by fine-tuning the Qwen2.5-VL backbones and
Qwen3-VL-8B-Instruct with GRPO (Shao et al.,
2024) and DAPO (Yu et al., 2025). Appendix A.5
reports the Qwen3-VL-8B-Instruct results, and
Appendix A.1 provides additional details.

Training Details. All experiments are imple-
mented using the EasyR1 codebase (Zheng et al.,
2025) and optimized with AdamW (Loshchilov
and Hutter, 2019), with a learning rate of 1×10−6.
Following PAPO and VPPO (Wang et al., 2026;
Huang et al., 2026c), we use a rollout batch size
of 384. We train all models for 200 optimization
steps. We set the Observer rollout group size to
4. For the Solver, we use a rollout group size of 8,
in line with recent multimodal RL training prac-
tice (Huang et al., 2026c; Li et al., 2026). We

adopt a caption-first warmup for the first 40 steps,
during which the Solver is trained without image
inputs to encourage effective caption condition-
ing before restoring full multimodal inputs. More
training details are provided in Appendix A.2.

Evaluation Benchmarks. We evaluate on eight
multimodal reasoning benchmarks, including
math-related visual reasoning on MathVista (Lu
et al., 2024), MathVerse (Zhang et al., 2024),
MathVision (Wang et al., 2024), WeMath (Qiao
et al., 2025), and DynaMath (Zou et al.,
2025), and general tasks on LogicVista (Xiao
et al., 2024), MMMU-Pro (Yue et al., 2025),
and MMStar (Chen et al., 2024). We use
VLMEvalKit (Duan et al., 2024) with greedy de-
coding for all benchmarks, setting temperature
to 0 and top-p to 1.0. We report single-sample
greedy results under each benchmark’s official
VLMEvalKit metric, denoted as accuracy for sim-
plicity. All models are evaluated under a single
fixed evaluation configuration to ensure fair com-
parison and reproducibility. See Appendix A.1 for
additional evaluation details.

3.2 Main Results

PRCO yields consistent improvements across
model scales and task categories. As shown in
Table 1, PRCO improves upon the Qwen2.5-VL
backbones at both scales, with average gains of
7.65 and 7.18 points in the 3B and 7B settings,
respectively. Under identical training settings,
PRCO outperforms GRPO and DAPO. PRCO-
3B surpasses strong RLVR baselines and recent
open-source reasoning MLLMs built on the same
3B backbone. PRCO-7B further achieves the
best overall performance and the strongest results
across all evaluated benchmarks, outperforming
the strongest baseline, VPPO. Across task cate-
gories, PRCO yields steady gains on math-related
benchmarks while also improving general multi-
modal reasoning, indicating broad cross-task gen-
eralization. Overall, PRCO enables perception-
reasoning co-evolution through role-specific, reli-
able learning signals under a shared policy, set-
ting a new performance bar among open-source
MLLMs.

3.3 Ablation Study

To better understand the contribution of each com-
ponent in PRCO, we conduct comprehensive ab-
lations. We report math-related, general-task, and
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Model Math-Related General Task Overall

MathVerse MathVision MathVista WeMath DynaMath LogicVista MMMU-Pro MMStar Avg.

Based on Qwen2.5-VL-3B

Base Model 34.13 22.50 65.00 23.52 12.37 38.70 26.76 56.06 34.88
GRPO 36.29 24.70 67.40 30.57 17.96 38.92 29.88 58.00 37.97
DAPO 40.98 27.40 70.20 35.14 20.35 43.62 31.73 60.40 41.23

PAPO-G-3B 37.56 23.61 67.60 31.05 17.96 40.26 29.01 58.86 38.24
PAPO-D-3B 40.48 26.61 69.30 32.29 19.36 47.20 31.27 60.66 40.90
MMR1-3B-RL 38.57 22.17 64.50 38.29 16.36 40.49 30.34 57.20 38.49
Vision-SR1-3B 36.29 25.65 64.90 34.48 18.16 41.16 33.12 56.73 38.81
PRCO-3B 42.51 27.27 70.30 40.00 22.36 44.97 31.85 61.00 42.53

Based on Qwen2.5-VL-7B

Base Model 43.02 25.46 70.20 35.43 20.35 45.41 35.49 64.26 42.45
GRPO 44.28 28.28 75.40 41.43 25.14 46.08 39.01 64.06 45.46
DAPO 48.73 29.30 74.80 45.62 26.14 47.87 41.38 65.40 47.41

PAPO-G-7B 44.79 27.20 74.30 39.62 23.55 43.17 40.11 64.93 44.71
PAPO-D-7B 47.33 24.34 76.70 39.05 25.34 48.54 41.50 66.93 46.22
R1-ShareVL-7B 48.22 29.14 73.30 45.14 24.55 48.76 38.32 65.06 46.56
Perception-R1-7B 46.70 26.74 73.40 46.48 23.75 44.07 38.20 64.33 45.46
NoisyRollout-7B 46.44 27.50 72.30 46.10 23.15 48.32 36.30 63.93 45.51
MMR1-7B-RL 43.90 26.01 71.60 47.87 27.14 49.44 35.08 64.80 45.73
VPPO-7B 47.20 30.52 76.60 43.81 27.94 47.87 39.65 67.20 47.60
Vision-Matters-7B 47.08 27.23 72.30 41.71 24.75 48.09 37.10 62.20 45.06
Vision-SR1-7B 42.76 27.76 72.30 37.14 24.55 48.32 41.38 65.26 44.93
PRCO-7B 49.49 30.86 77.10 50.29 29.74 49.66 42.08 67.80 49.63

Table 1: Main results on eight multimodal reasoning benchmarks with Qwen2.5-VL-3B and Qwen2.5-VL-7B
backbones. We report benchmark scores on math-related benchmarks, general-task benchmarks, and their overall
average. The best and second-best results within each backbone are highlighted in bold and underlined, respec-
tively.

Model Math ∆ Gen. ∆ Avg ∆

Qwen2.5-VL-3B 31.50 - 40.51 - 34.88 -
+ PRCO w/o warmup 39.45 +7.95 45.88 +5.37 41.86 +6.98
+ PRCO w/o Observer 39.48 +7.98 45.02 +4.51 41.56 +6.68
+ PRCO w/o Solver 33.46 +1.96 41.55 +1.04 36.49 +1.61
+ PRCO 40.49 +8.99 45.94 +5.43 42.53 +7.65

Qwen2.5-VL-7B 38.89 - 48.39 - 42.45 -
+ PRCO w/o warmup 44.52 +5.63 51.57 +3.18 47.16 +4.71
+ PRCO w/o Observer 46.22 +7.33 51.47 +3.08 48.19 +5.74
+ PRCO w/o Solver 41.73 +2.84 49.16 +0.77 44.52 +2.07
+ PRCO 47.50 +8.61 53.18 +4.79 49.63 +7.18

Table 2: Ablation study of PRCO on Qwen2.5-VL-
3B and Qwen2.5-VL-7B. We report average scores
on math-related benchmarks, general-task benchmarks,
and all benchmarks; ∆ denotes improvement over the
corresponding base model.

overall averages in Table 2. More ablation details
are provided in Appendix A.4.

Effect of role-wise updates. We isolate PRCO’s
role-specific learning signals by dropping one
role’s trajectories during policy updates while
keeping the trajectory generation procedure un-
changed. PRCO w/o Solver updates only from
the Observer caption trajectories, whereas PRCO
w/o Observer updates only from the Solver an-

swer trajectories. As shown in Table 2, removing
Solver updates substantially reduces the overall
improvement. This is expected because the base
model’s reasoning is limited, and outcome-driven
optimization on Solver trajectories is necessary
for improving end-task accuracy. Notably, PRCO
w/o Solver still outperforms the baseline, indi-
cating that utility-driven caption learning alone
can improve final-answer accuracy and suggesting
that the perception side remains a key bottleneck.
In contrast, removing Observer updates yields
consistent drops across model scales and bench-
marks. This confirms that utility-driven evidence
extraction provides complementary benefits on top
of outcome-optimized reasoning by strengthening
the intermediate evidence signal available to the
Solver. We also report the training curves in Fig. 3,
which show that PRCO achieves higher rewards
throughout training.

Effect of caption-first warmup. We further ab-
late the caption-first warmup, where the Solver
is first trained without image inputs to encour-
age reliance on the Observer caption before restor-
ing full multimodal inputs. As shown in Ta-
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Figure 3: Training reward curves of PRCO and its role-
ablation variants with Qwen2.5-VL-3B and Qwen2.5-
VL-7B as backbones.
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Figure 4: Pass@k comparison on WeMath and MM-
Star for PRCO-7B, DAPO-7B, and VPPO-7B under
different inference-time sampling budgets.

ble 2, removing warmup degrades performance on
both backbones, reducing the overall average on
Qwen2.5-VL-7B from 49.63 to 47.16. This sug-
gests that warmup is important for encouraging
caption usage. Without warmup, the Solver can
rely on raw visual inputs too early, which weak-
ens the learning signal for the Observer. To fur-
ther diagnose this behavior, we analyze how the
standard deviation of caption rewards evolves dur-
ing training in Fig. 9. Without warmup, the stan-
dard deviation decreases rapidly. Solver outcomes
then become largely insensitive to which cap-
tion is provided. Consequently, different captions
induce similar downstream outcomes and yield
low-contrast utility reward to the Observer, weak-
ening credit assignment and making perception–
reasoning decoupling less effective later in train-
ing.

3.4 More Results and Analysis

Pass@k Performance. Pass@k estimates the
probability of obtaining at least one correct answer
within k attempts (Chen et al., 2021). We compare
PRCO-7B with two competitive Qwen2.5-VL-7B
baselines, DAPO-7B and VPPO-7B, by estimating
pass@k with k ∈ {1, 2, 4, 8, 16, 32} sampled so-
lutions per question. We report the pass@k on
WeMath and MMStar in Fig. 4. As k increases,
PRCO-7B exhibits larger gains over the baselines
on both benchmarks. On WeMath, the gap over

DAPO-7B grows from 3.53 at pass@1 to 7.33 at
pass@32. On MMStar, PRCO-7B is compara-
ble to VPPO-7B at pass@1, while the margin in-
creases from 0.47 at pass@1 to 6.27 at pass@32.
This trend suggests that PRCO-7B scales better
with the sampling budget, indicating more robust
reasoning capability.

Error category analysis. We conduct an error-
category analysis of Qwen2.5-VL-7B and PRCO-
7B on WeMath and MathVista. Using the prompt
in Fig. 11, we use OpenAI’s GPT-5.1 model to cat-
egorize each incorrect prediction into five types:
perception, reasoning, knowledge, extraction, and
other. For reporting, we merge the last three into
other errors. Compared with Qwen2.5-VL-7B,
PRCO reduces both perception and reasoning er-
rors, as shown in Fig. 5. On WeMath, PRCO re-
duces perception errors by 39.2% and reasoning
errors by 23.8%. Notably, PRCO achieves a larger
reduction in perception errors than GRPO, consis-
tent with the results in Fig. 1. A similar trend
is observed on MathVista, where PRCO reduces
both perception and reasoning errors. These re-
sults suggest that separate and reliable learning sig-
nals improve question-grounded visual perception
and enable more robust reasoning under explicit
evidence guidance. A complete three-way com-
parison with GRPO is provided in Appendix A.4.

Effect of rollout group size. Rollout group size
is a key hyperparameter in online RL, as it con-
trols both the number of within-prompt samples
and the training-time rollout budget. We further
study PRCO under different rollout budgets by
first fixing the Observer group size and varying the
Solver rollout group size GS . As shown in Fig. 6,
increasing GS consistently improves both PRCO
and DAPO, with a larger gain from 4 to 8 than
from 8 to 12. Notably, PRCO with only GS=4 al-
ready outperforms DAPO with G=12, underscor-
ing the effectiveness of PRCO even with a much
smaller Solver-side rollout group. This indicates
that PRCO benefits from separate learning signals
for perception and reasoning, which decouple the
two roles at the gradient level and improve opti-
mization efficiency under a fixed rollout budget.
We also study the effect of the Observer rollout
group size GO in Appendix A.4.

3.5 Case Study
To better understand how PRCO improves
question-grounded visual perception, Fig. 7
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Figure 5: Error category analysis on WeMath and Math-
Vista. Compared with Qwen2.5-VL-7B, PRCO-7B re-
duces both perception and reasoning errors. For pre-
sentation clarity, Knowledge and Extraction errors are
grouped into the Other category.
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Figure 6: Effect of solver rollout group size GS on
Qwen2.5-VL-7B. We vary GS among {4, 8, 12} and
compare PRCO with DAPO on Math, General, and
Avg. The dashed line denotes the base model perfor-
mance.

presents two representative qualitative cases,
showing the Observer outputs and the correspond-
ing attention overlays obtained by averaging atten-
tion to image tokens across all layers. In case (a),
the Observer accurately extracts only the question-
relevant visual evidence from the Rec column,
rather than transcribing the full table, indicating
that it preserves the evidence necessary for table-
based option selection while avoiding unnecessary
visual details. In case (b), the Observer localizes
points, coordinates, and segment relations from
the diagram, providing the full set of visual evi-
dence required for solving the geometry question.
In both cases, the attention overlays are concen-
trated on the corresponding question-relevant re-
gions. More complete case studies are provided in
Appendix A.6.

4 Related Work

RL with verifiable rewards for multimodal rea-
soning. Reinforcement learning with verifiable
rewards (RLVR) defines rewards via automatic
outcome verification. It is often optimized with
group-based PPO variants such as GRPO and
DAPO (Shao et al., 2024; Yu et al., 2025). Re-
cent work has begun to explore RLVR for MLLMs,

Question(a): Which model achieves the highest score in terms of Rec? Choices: (A) …

Observer Output

The “Rec” column values for various 
models are as follows: Transformers 
Agent (GPT-4) = 18.2, LLaMA-Adapter 
v2-7B = 16.8, OpenFlamingo-9B = 24.6, 
MiniGPT-4-8B = 27.4, BLIP-2-12B = 27.5, 
[…](omit), LLaVA-7B (LLaMA-2) = 32.9, 
LLaVA-13B (V1.3, 336px) = 38.1, 
LLaVA-13B (LLaMA-2) = 39.2, MM-
ReAct-GPT-4 = 33.1.

Question(b): Below is a top-down view of […](omit). What are the lengths of OC and AB?

Observer Output

1. Point A is located at (0, 2), and point B is located at (2, 2).
2. Point O is (1, 1), which appears to be the center of the
circle. 
3. Line segment AB connects points A(0, 2) and B(2, 2), 
forming a horizontal line segment.
4. Line segment OC is a vertical line segment connecting O(1, 
1) to the midpoint of AB.

Figure 7: Qualitative analysis of PRCO-7B on two rep-
resentative cases. For each case, we show the Observer
output together with an attention overlay obtained by
averaging attention to image tokens across all layers.

with improvements in data construction, curricula,
and rollout strategies. Vision-R1 bootstraps multi-
modal chain-of-thought with staged RL schedules
(Huang et al., 2026d), NoisyRollout perturbs im-
ages during rollouts to improve exploration and
robustness (Liu et al., 2025a), and VL-Rethinker
stabilizes training via selective replay and forced
rethinking (Wang et al., 2025a). RLVR has also
been paired with explicit visual operations, e.g.,
Active-O3 (Zhu et al., 2026), DeepEyes (Zheng
et al., 2026), Pixel Reasoner (Su et al., 2025a), and
OpenThinkIMG (Su et al., 2025b).

Perception-aware RL for multimodal reason-
ing. Beyond outcome rewards, recent work in-
corporates perception-aware signals and objec-
tives to improve visual perception in multimodal
reasoning (Wang et al., 2026; Xiao et al., 2026;
Zhang et al., 2026). Perception-R1 introduces an
explicit perception reward to score the fidelity of
visual evidence in trajectories (Xiao et al., 2026).
CapRL defines caption rewards by their question-
answering utility for a vision-free LLM (Xing
et al., 2026), while SOPHIA adopts semi-off-
policy RL that propagates outcome rewards from
external slow-thinking traces back to the model’s
visual understanding (Shen et al., 2025b). Other
approaches use structured descriptions or caption-
conditioned consistency regularization to improve
downstream reasoning (Gou et al., 2026; Tu et al.,
2025). PAPO integrates perception signals into
policy optimization via objective-level regulariza-
tion (Wang et al., 2026). Reward designs based on
verifiable perception proxies or perception gates
provide complementary supervision (Wang et al.,
2025c; Zhang et al., 2026). Credit assignment is
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further refined through visually dependent token
reweighting (Huang et al., 2026c) and step-level
drawing-action rewards (Huang et al., 2026b).

5 Conclusion

In this paper, we presented PRCO, a dual-role
RLVR framework for multimodal reasoning that
disentangles perception and reasoning under a
shared policy. By assigning separate and reli-
able learning signals to an Observer for question-
conditioned evidence captioning and a Solver for
evidence-conditioned reasoning, PRCO enables
perception-reasoning co-evolution during RLVR
training. Extensive experiments on eight chal-
lenging benchmarks showed consistent gains over
strong RLVR baselines across model scales, while
ablation and diagnostic analyses further validated
the effectiveness of its key design choices. Overall,
these results suggest that role-specific learning sig-
nals are a promising direction for improving mul-
timodal reasoning under verifiable rewards.

Limitations

Our current study focuses on multimodal reason-
ing benchmarks with concise and verifiable an-
swers. Further evaluation is needed to determine
how well PRCO generalizes to more open-ended
generation settings. Extending the framework to
broader multimodal generation tasks is an impor-
tant direction for future work, since reward sig-
nals in these settings are often less well defined.
In addition, the Observer is trained with auxiliary
supervision for leakage detection and answer ver-
ification. Although this auxiliary supervision is
helpful in our setting, it may also introduce ad-
ditional noise and computational overhead. Fi-
nally, representing visual evidence as short cap-
tions is inherently lossy. Important aspects of the
input, such as global structure (e.g., layout and tex-
ture), fine-grained spatial relations, and geomet-
ric details that are difficult to compress faithfully
into text, may be only partially preserved. Future
work could therefore explore richer intermediate
representations for visual inputs that cannot be ad-
equately captured by captions.

Ethical Considerations

This work aims to improve multimodal reasoning
by explicitly separating perception and reasoning
during reinforcement learning. All experiments
are conducted on publicly available datasets and

benchmarks. As in prior work, these data sources
may contain social biases, annotation artifacts, or
other imperfections that can affect model behavior
and evaluation outcomes. We do not identify addi-
tional ethical risks introduced specifically by our
method beyond those already associated with mul-
timodal model training and evaluation on existing
public data. We encourage continued attention to
data quality, transparent evaluation, and responsi-
ble reporting of model capabilities and limitations.
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A Additional Experiments and Analysis

A.1 Evaluation Details
We evaluate our method on a diverse set of bench-
marks spanning both math-related reasoning tasks
and general multimodal tasks. Table 3 sum-
marizes the benchmarks used in our evaluation,
where the evaluation splits and reported metrics
follow the settings in VLMEvalKit (Duan et al.,
2024). During evaluation, we strictly use the offi-
cial prompts for all open-source MLLM baselines
to avoid potential evaluation discrepancies. For
PRCO, we use role-specific prompts for the Ob-
server and Solver during inference. The Observer
is prompted to produce a question-conditioned ev-
idence caption, while the Solver is prompted to an-
swer the question based on the caption and image.

Math-Related Reasoning Tasks. This cate-
gory evaluates mathematical reasoning abilities.

• MathVerse (Zhang et al., 2024) is a bench-
mark for multimodal mathematical reasoning
that examines whether MLLMs truly under-
stand diagrams. By presenting each problem
in multiple versions with different distribu-
tions of textual and visual information, it en-
ables fine-grained analysis of a model’s re-
liance on visual versus textual cues.

• MathVision (Wang et al., 2024) focuses on
competition-level multimodal math reason-
ing. Its problems are drawn from real mathe-
matics competitions and cover multiple disci-
plines and difficulty levels, providing a chal-
lenging testbed for advanced reasoning over
diagrams and symbolic content.

• MathVista (Lu et al., 2024) is a comprehen-
sive benchmark for visual mathematical rea-
soning. It covers diverse task types such as
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geometry, charts, tables, and scientific fig-
ures, making it a broad benchmark for eval-
uating mathematical reasoning in visually
grounded settings.

• WeMath (Qiao et al., 2025) introduces a di-
agnostic evaluation paradigm for multimodal
math reasoning. By decomposing problems
into sub-problems based on knowledge con-
cepts, it supports fine-grained analysis of a
model’s strengths and weaknesses.

• DynaMath (Zou et al., 2025) is designed
to evaluate the robustness and generalization
of multimodal mathematical reasoning. It
generates dynamic variations of seed prob-
lems, allowing evaluation of whether a model
can maintain consistent reasoning under con-
trolled changes.

General Multimodal Tasks. This category
evaluates broader multimodal understanding abil-
ities.

• LogicVista (Xiao et al., 2024) focuses on log-
ical reasoning in visual contexts. Although
not limited to mathematics, it is useful for
evaluating whether models can perform struc-
tured reasoning grounded in diagrams and
other visual inputs.

• MMMU-Pro (Yue et al., 2025) is an en-
hanced benchmark for multidisciplinary mul-
timodal understanding and reasoning. It is de-
signed to reduce shortcuts from textual clues
and provide a more rigorous evaluation of
genuine visual understanding across subjects.

• MMStar (Chen et al., 2024) is a curated
benchmark for core multimodal reasoning
abilities. Its samples are designed to require
genuine visual understanding, making it a
concise but challenging benchmark for mul-
timodal reasoning evaluation.

Evaluation parameters. Unless otherwise
specified, we use greedy decoding for single-
sample evaluation, with temperature set to 0.0, top-
p to 1.0, top-k to -1, and the maximum number
of generated tokens to 2048. For pass@k evalu-
ation, we instead use temperature 0.6, top-p 0.95,
and top-k -1.

Implementation details of error analysis. For
error categorization, we use OpenAI’s GPT-5.1

with temperature set to 0.0. For each incorrect
prediction, the classifier receives the following in-
puts simultaneously: Image, Question, Model re-
sponse, and Gold answer. The detailed classi-
fication prompt is shown in Fig. 11. We clas-
sify each error into one of five categories: Per-
ception, Reasoning, Knowledge, Extraction, and
Other. In practice, we find that the numbers of
Knowledge, Extraction, and Other errors are rel-
atively small. Therefore, for clearer visualization,
we merge these three categories into a single Other
category in Fig. 5.

A.2 Training Details
In this section, we describe the training details of
the different methods. All training is conducted on
8 NVIDIA H200 GPUs.

For the RLVR baselines GRPO and DAPO,
we follow the EasyR1 implementations (Zheng
et al., 2025) exactly. GRPO uses clipping fac-
tors ϵl = 0.2 and ϵh = 0.3 with a reference KL
penalty coefficient β = 0.01, while DAPO uses
ϵl = 0.2 and ϵh = 0.28, removes the reference
KL term, enables token-level loss averaging, and
adopts dynamic sampling with a maximum of 20
retries. Other training hyperparameters, including
the number of training steps, rollout batch size,
and maximum sequence length, are summarized
in Table 4. More implementation details can be
found in the EasyR1 codebase.

Our implementation of PRCO is based on
the EasyR1 framework (Zheng et al., 2025).
We train all models on the ViRL39K and use
MMK12 (Meng et al., 2025) as the validation set.
Following DAPO (Yu et al., 2025), we use dy-
namic sampling, clip-higher, and token-level pol-
icy gradient loss. The clipping factors are set to
ϵl = 0.2 and ϵh = 0.28, respectively, and no
KL-divergence penalty is applied. We also re-
move the standard-deviation normalization term
when computing the grouped advantage in PRCO.
We find this design more suitable for role-specific
optimization, as it preserves the original relative
reward differences within each role and leads to
more faithful advantage updates for both the Ob-
server and the Solver. Table 4 summarizes the
main hyperparameters used in our experiments.
For PRCO, the maximum rollout length is set to
1024 tokens for the Observer and 2048 tokens for
the Solver. We use Qwen3-VL-8B-Instruct (Bai
et al., 2025a) as the auxiliary model for answer
leakage checking. We also adopt a caption-first
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Benchmark Evaluation Split Num. of Samples Metric

MathVerse (Zhang et al., 2024) MathVerse_MINI_Vision_Only 788 Overall
MathVista (Lu et al., 2024) MathVista_MINI 1000 acc
MathVision (Wang et al., 2024) MathVision 3040 acc
WeMath (Qiao et al., 2025) WeMath 1740 Score (Strict)
DynaMath (Zou et al., 2025) DynaMath 5010 Overall (Worst Case)
LogicVista (Xiao et al., 2024) LogicVista 448 Overall
MMMU-Pro (Yue et al., 2025) MMMU_Pro_V 1730 Overall
MMStar (Chen et al., 2024) MMStar 1500 Overall

Table 3: Details of the benchmarks we evaluate. The evaluation splits and reported metrics follow the settings
in VLMEvalKit (Duan et al., 2024). We report single-sample greedy scores under each benchmark’s official
VLMEvalKit metric, which we denote as accuracy for simplicity.

warmup for the first 40 training steps, during
which the Solver is trained without image inputs
to encourage caption conditioning before restoring
full multimodal inputs.

A.3 Prompt Templates

In this section, we present the prompts used in our
experiments. For the RLVR baselines, including
GRPO and DAPO, we follow the prompt setting
used in EasyR1 (Zheng et al., 2025), where the
model is asked to first reason through the prob-
lem and then provide the final answer in a boxed
format. For PRCO, we use role-specific prompts
for the Observer and Solver. The Observer is
prompted to produce a question-conditioned evi-
dence caption that captures the question-relevant
visual evidence without revealing the final answer,
while the Solver is prompted to answer the ques-
tion based primarily on the caption and consult
the image only when necessary. Fig. 10 shows
the prompts used for PRCO and the RLVR base-
lines. Beyond the main training and inference
prompts, we also employ auxiliary prompts for
both training and analysis. Specifically, we use
a leakage-checking prompt to verify that the Ob-
server caption does not directly reveal the answer,
and an error-type classification prompt to catego-
rize model failures in the error analysis. Fig. 11
shows these auxiliary prompts.

A.4 More Results and Analysis

We additionally evaluate three PRCO-7B variants
to study the roles of Solver-side visual ground-
ing, leakage suppression, and coevolving utility
feedback: (i) PRCO w/ IS = ∅, which keeps
the Solver image input empty throughout the RL
stage; (ii) PRCO w/o Leakage Checker, which re-
moves the leakage checker from the Observer util-

ity reward; and (iii) PRCO w/ Fixed Utility Esti-
mator, which replaces the co-evolving Solver with
a fixed Qwen2.5-VL-7B for caption utility estima-
tion.

Table 5 shows that all three variants underper-
form the full PRCO-7B, confirming that PRCO’s
gains arise from the combination of evidence-
conditioned reasoning, utility reward with leakage
checking, and Observer–Solver co-evolution. The
largest drop is observed for PRCO w/ IS = ∅,
where the Solver never regains access to the im-
age after the caption-first warmup. This suggests
that while restricting the Solver to caption-based
evidence is beneficial in early training, access to
the image remains important in later RL optimiza-
tion. In PRCO, the caption is the primary evidence
channel, but restored image access still helps re-
cover global structure, fine-grained spatial rela-
tions, and geometric details that are difficult to
fully compress into text. Removing the leakage
checker also degrades the overall average, indicat-
ing that suppressing answer leakage is important
for learning useful intermediate evidence. With-
out leakage checking, the Observer is more likely
to exploit answer shortcutting by placing the fi-
nal answer directly in the caption, rather than ex-
tracting question-relevant visual evidence. This
weakens the utility reward as a learning signal
for evidence extraction and blurs the credit assign-
ment between perception and reasoning. PRCO
w/ Fixed Utility Estimator further underperforms
standard PRCO, suggesting that Observer learn-
ing benefits more from utility feedback that co-
evolves with the Solver and remains better aligned
with its changing information needs.

Effect of leakage-checker choice. With all
other settings fixed, training PRCO on Qwen2.5-
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Method lr Max Len. Steps Warmup Opt. Rollout BS Freeze VT Temp. top-p top-k

GRPO 1e-6 2048 200 – AdamW 384 False 1 1.0 -1
DAPO 1e-6 2048 200 – AdamW 384 False 1 1.0 -1
PRCO 1e-6 1024 / 2048 200 40 AdamW 384 False 1 1.0 -1

Table 4: Training hyperparameters used in our experiments. For GRPO and DAPO, Max Len. denotes the maxi-
mum rollout length of the single policy. For PRCO, it denotes Observer / Solver maximum rollout lengths.
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Figure 9: Training caption reward standard deviation
curves of PRCO and its W/O warmup variant with
Qwen2.5-VL-3B and Qwen2.5-VL-7B as backbones.

VL-7B using Qwen3-VL-8B-Instruct versus
InternVL3-8B-Instruct (Zhu et al., 2025) as the
checker gives Math/General/Avg. scores of
47.50/53.18/49.63 versus 47.36/53.32/49.59. The
0.04-point average gap suggests that PRCO is
robust to the checker choice.

Observer rollout group size. We further vary
the observer rollout group size GO on Qwen2.5-
VL-7B while keeping the Solver rollout group size
fixed. As shown in Fig. 8, the effect of GO is not
monotonic: performance improves from GO = 2
to GO = 4, but slightly declines at GO = 8. A
possible explanation is that perception saturates
earlier than reasoning, which is also consistent
with Fig. 3, where the variant without Solver up-
dates reaches its plateau relatively early. Once the
Observer already provides sufficiently informative
captions, further increasing GO yields diminishing
returns and may reduce the relative benefit of allo-
cating more rollouts to the Solver. Under a fixed

compute budget, allocating additional rollouts to
the Solver appears more effective than further in-
creasing the Observer rollout group size. This
trend is also reflected in Fig. 8 and Fig. 6: the set-
ting with GO = 8, GS = 8 performs worse than
GO = 4, GS = 12, even though the former uses
a larger Observer rollout group. We use GO = 4,
which provides a good trade-off between perfor-
mance and training cost.

Effect of caption-first warmup length. We
vary the warmup length on Qwen2.5-VL-7B under
a fixed 200-step training budget. The 0- and 200-
step settings correspond to PRCO w/o warmup in
Table 2 and PRCO w/ IS = ∅ in Table 5, respec-
tively. As shown in Table 6, the overall average
remains between 48.96 and 49.63 for moderate
warmup lengths of 20–80 steps. Without warmup,
the Solver receives image inputs from the start
and may bypass the Observer caption, weakening
the Observer’s learning signal. With a 200-step
warmup, the Solver never regains image access
and the average drops to 47.74. The 40-step set-
ting achieves the best result and is therefore used
by default.

Reliability of the Observer utility reward.
Caption-first warmup increases the Solver’s sensi-
tivity to caption quality, averaging over multiple
Solver rollouts reduces estimation noise, and co-
evolution improves its ability to exploit informa-
tive captions, mitigating potential credit misattri-
bution. We further sample 200 ViRL39K training
questions with four candidate captions each and
use GPT-5.5 to rate informativeness from 1 (er-
roneous or irrelevant) to 4 (accurate and compre-
hensive), given the image, question, and caption.
These ratings yield a within-question Spearman
correlation of 0.51 with Observer rewards and a
pairwise ranking accuracy of 73.5%. This moder-
ately strong agreement supports the utility signal,
although model-based ratings remain an empirical
proxy rather than ground truth.
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Setting MathVerse MathVision MathVista WeMath DynaMath LogicVista MMMU-Pro MMStar Avg.

Qwen2.5-VL-7B (Base) 43.02 25.46 70.20 35.43 20.35 45.41 35.49 64.26 42.45

PRCO-7B (Ours) 49.49 30.86 77.10 50.29 29.74 49.66 42.08 67.80 49.63
PRCO w/ IS = ∅ 47.34 28.82 75.20 43.81 28.94 48.77 42.89 66.13 47.74 ↓1.89

PRCO w/ Fixed Utility Estimator 49.24 29.67 76.70 45.52 29.74 48.55 40.17 66.20 48.22 ↓1.41

PRCO w/o Leakage Checker 50.00 29.31 76.00 44.19 29.54 51.45 41.33 67.60 48.68 ↓0.95

Table 5: Additional ablations of PRCO-7B. We report benchmark scores on eight benchmarks. Red downward
arrows in the Avg. column indicate the drop relative to PRCO-7B (ours).

Warmup Steps Math General Avg.

0 44.52 51.57 47.16
20 47.35 52.85 49.41
40 47.50 53.18 49.63
80 46.58 52.94 48.96
120 46.37 52.28 48.59
200 44.82 52.60 47.74

Table 6: Sensitivity of PRCO-7B to the caption-first
warmup length on Qwen2.5-VL-7B under a fixed 200-
step training budget. Math and General are category
averages; Avg. is the overall average. The best result is
highlighted in bold.

GRPO error-category analysis. Figure 1 re-
ports GRPO-7B results on WeMath. On Math-
Vista, GRPO-7B reduces reasoning and percep-
tion errors by 21.2% and 12.4%, respectively, rel-
ative to Qwen2.5-VL-7B. Together with the base-
model and PRCO-7B results in Fig. 5, these re-
sults provide a three-way comparison and show
that GRPO’s gains are more concentrated in rea-
soning.

Discussion of alternative perception–reasoning
interfaces. Natural language is a practical rather
than uniquely optimal interface: textual captions
integrate directly with existing MLLMs, can con-
dition the Solver without architectural changes,
remain interpretable, and permit explicit leakage
checking. PRCO is not inherently tied to captions;
the interface could instead use structured textual
evidence such as coordinates or visual programs,
visual sketches, or learned latent embeddings. La-
tent evidence is promising but non-trivial because
standard GRPO does not directly optimize contin-
uous latent actions and our current utility and leak-
age mechanisms rely on readable intermediate out-
puts. A future latent evidence bottleneck could let
the Observer produce compact embeddings for the
Solver while retaining downstream-success utility
and using an auxiliary decoder for leakage check-
ing.

A.5 PRCO on Qwen3-VL-8B-Instruct

To further evaluate PRCO on a stronger vision-
language backbone, we also train Qwen3-VL-8B-
Instruct (Bai et al., 2025a). The training details
are exactly the same as those in Appendix A.2.
On this backbone, we compare PRCO with two
RLVR baselines, DAPO and GRPO. As shown
in Table 7, PRCO outperforms both GRPO and
DAPO on Qwen3-VL-8B-Instruct, further demon-
strating its effectiveness on stronger models.

A.6 Case Study

For Fig. 7, we construct the attention heatmap by
extracting attention weights from the Observer’s
generated output tokens to visual tokens, averag-
ing them across all heads and transformer layers,
and mapping the aggregated scores back to the 2D
visual-token layout.

We further present four representative qualita-
tive cases produced by PRCO trained on Qwen2.5-
VL-7B in Figs. 12, 13, 14, and 15, covering syn-
thetic object filtering, bar-chart reasoning, table-
based option selection, and diagram-grounded ge-
ometry reasoning. These examples span several
visual formats that frequently appear in our eval-
uation suite, including rendered scenes, charts, ta-
bles, and geometric diagrams. Across all cases,
PRCO exhibits the intended division of labor be-
tween its two roles. The Observer first converts the
image into a question-conditioned evidence cap-
tion that externalizes the entities, attributes, val-
ues, and relations most relevant to the question,
while the Solver performs the downstream count-
ing, comparison, or derivation over this intermedi-
ate evidence. Qualitatively, the Observer tends to
preserve the attributes, numeric values, and spatial
relations most relevant to the question, while the
Solver performs the required filtering, comparison,
counting, or geometric deduction on top of the ex-
tracted evidence. These examples complement the
main quantitative results by showing that PRCO
not only improves final-answer accuracy, but also
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Setting MathVerse (Vision Only) MathVision MathVista WeMath DynaMath LogicVista MMMU-Pro-V MMStar Avg.

Qwen3-VL-8B-Instruct (Base) 54.57 36.64 74.90 51.33 38.12 53.02 41.27 69.40 52.41

GRPO 64.59 46.94 78.30 59.62 41.12 61.75 52.72 73.00 59.75
DAPO 65.61 50.13 78.30 66.86 43.31 62.19 53.87 74.07 61.79
PRCO (Ours) 69.67 51.78 79.00 68.57 46.11 60.40 54.57 74.27 63.05

Table 7: Comparison of PRCO with GRPO and DAPO on Qwen3-VL-8B-Instruct. We report benchmark scores on
eight benchmarks. The best and second-best results within each backbone are highlighted in bold and underlined.

yields cleaner and more task-aligned intermediate
evidence.
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Prompt for Observer

You are the Observer.
You are given an image and a relevant question. Your task is to write a caption that extracts only the
visually grounded details most useful for answering the question later.
Question: {question}
Caption guidelines:
- Focus on the question’s target(s): describe relevant objects/regions/values with attributes and spa-

tial relations (left/right/top/bottom, near/far, inside/overlapping), including counts and comparisons
when relevant.

- Include all visually grounded details necessary and sufficient to answer the question later. You may
omit visual clutter unrelated to the question.

- Write the caption with enough visual evidence that a later LLM can answer Question as if it had
seen the image (using only the caption + the question).

- Don’t provide the final answer. Only describe what is directly observable in the image, and avoid
any additional reasoning or calculations.

- Write a thorough caption that preserves enough visual details to reconstruct the scene later; avoid
overly short summaries.

- When the answer depends on specific labels, numbers, or option mappings, transcribe them explic-
itly rather than summarizing.

Please format the caption as a Markdown bullet list rather than a paragraph.

Prompt for Solver

You are the Solver.
Use the caption as the PRIMARY and DEFAULT input and solve directly from it.
Only check the image when the caption does not provide enough information to complete the task.
The detailed caption of the provided image: <caption>
Question: {question}
Now perform your reasoning inside <think>...</think>, then output the final answer in \boxed{}.

Prompt for GRPO and DAPO

{Question}

You first think through the reasoning process as an internal monologue, enclosed within <think>

</think> tags. Then, provide your final answer enclosed within \boxed{}.

Figure 10: Training and inference prompt templates of the PRCO Observer and Solver, GRPO, and DAPO.
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Prompt for Leakage Checker

You are the Leakage Checker.
You will be given: - The question.
- The Observer caption describing an image.
Your task: decide whether the caption contains answer leakage.
Question: {question}
Observer caption: <caption>
Reminder: 1 = LEAK, 0 = SAFE.
[Leakage Evaluation Rules...]
Output format (MUST follow exactly):
Return a valid JSON object with exactly two keys:
- "label": 0 or 1
- "reason": a short reason (1–5 sentences)
Example:

{

"reason": "The caption does not explicitly state a final answer.",

"label": 0

}

Now output the final answer as the JSON object (and nothing else).

Prompt for Error Type Classification

You will be given the following inputs:
- Image
- Question: {question}
- Model response: {model_response}
- Gold answer: {gold_answer}
Your task: Decide which error type best describes why the model response differs from the gold
answer, and output exactly one primary label plus a 1–3 sentence rationale.
Choose exactly one PRIMARY type from this set:
- Perception: Perception error (misread options/tables, failed to extract info; if downstream mistakes

are caused by misreading/missing visual info, label as Perception even if reasoning also fails).
- Reasoning: Reasoning error (missing/contradictory steps, wrong logical chain, arithmetic/calcula-

tion mistakes, algebraic manipulation errors, etc.).
- Knowledge: Factual / domain knowledge error.
- Extraction: Final-answer extraction/formatting error.
- Other: Other / cannot categorize.
Output requirements:
- Return a single minified JSON object only.
- Do not output markdown, code fences, or any extra explanation.
- Use exactly this format: {"rationale":"1-3 sentences why","category":"<label>"}

Figure 11: Prompt templates for leakage checking and error-type classification.
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Case Study 1:

Problem: Subtract all big gray matte things. Subtract all
small metallic cylinders. How many objects are left?

Observer Output.
• A large golden metallic cube is present in the center-left.
• A large yellow metallic sphere is located towards the back-left.
• A small metallic gray sphere is on the far left.
• A small yellow metallic cube is near the center-right.
• A large gray matte cube is on the far right.
• A small green metallic cylinder is in the foreground.
• A small purple metallic cylinder is near the center.
• A small brown matte cylinder is in the background.

Solver Output.
<think>
To determine the number of objects left after the specified subtractions, we start by identifying all objects in the image.
First, we subtract all big gray matte things. There is one big gray matte cube, so we remove it.
Remaining objects:
• Large yellow metallic sphere.
• Large metallic gold cube.
• Small metallic gray sphere.
• Small brown matte cylinder.
• Small purple metallic cylinder.
• Small green metallic cylinder.
• Small yellow metallic cube.

Next, we subtract all small metallic cylinders. There are two small metallic cylinders: the purple one and the green
one. Removing these:
Remaining objects:
• Large yellow metallic sphere.
• Large metallic gold cube.
• Small metallic gray sphere.
• Small brown matte cylinder.
• Small yellow metallic cube.

Thus, the number of objects left is 5.
</think>

5 ← Correct

Figure 12: Qualitative example of PRCO-7B on synthetic object filtering. The Observer enumerates the relevant
objects together with size, color, material, shape, and coarse spatial cues, converting the scene into a question-
conditioned object inventory. PRCO performs discrete filtering and counting from explicit visual evidence.
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Case Study 2:

Problem: How many items sold less than 1 units in at least
one store?

Observer Output.
• For the item “slip”, the sales for “logic” are 1 unit, for “lung” are 3 units, for “twice” are 2 units, and for “width”

are 1 unit.
• For the item “peril”, the sales for “logic” are 4 units, for “lung” are 7 units, for “twice” are 8 units, and for “width”

are 7 units.
• For the item “mate”, the sales for “logic” are 8 units, for “lung” are 2 units, for “twice” are 3 units, and for “width”

are 7 units.

Solver Output.
<think>
To determine how many items sold less than 1 unit in at least one store, we need to carefully examine the bar lengths
for each item in the given chart.

1. Item “slip”:
• Logic: 1 unit (not less than 1).
• Lung: 3 units (not less than 1).
• Twice: 2 units (not less than 1).
• Width: 1 unit (not less than 1).

Since all bars for “slip” are either 1 or greater, none of them are less than 1.
2. Item “peril”:

• Logic: 4 units (not less than 1).
• Lung: 7 units (not less than 1).
• Twice: 8 units (not less than 1).
• Width: 7 units (not less than 1).

All bars for “peril” are greater than or equal to 1, so none are less than 1.
3. Item “mate”:

• Logic: 8 units (not less than 1).
• Lung: 2 units (not less than 1).
• Twice: 3 units (not less than 1).
• Width: 7 units (not less than 1).

All bars for “mate” are greater than or equal to 1, so none are less than 1.

Upon reviewing all items, none of the bars for any item show values less than 1.
Therefore, the number of items sold less than 1 unit in at least one store is 0.
</think>

0 ← Correct

Figure 13: Qualitative example of PRCO-7B on bar-chart threshold counting. The Observer transcribes item-
wise values across stores into explicit textual evidence, and the Solver then checks the threshold condition and
aggregates over items. PRCO supports accurate chart value extraction and evidence-conditioned counting through
a compact intermediate representation.
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Case Study 3:

Problem: Which model achieves the highest score in terms
of Rec? Choices: (A) Transformers Agent (GPT-4), (B)
LLaMA-Adapter v2-7B, (C) LLaVA-7B, (D) Otter-9B,

(E) MM-ReAct-GPT-3.5, (F) LLaVA-13B (LLaMA-2), (G)
MM-ReAct-GPT-4

Observer Output.
• The “Rec” column values for various models are as follows: Transformers Agent (GPT-4) = 18.2, LLaMA-Adapter

v2-7B = 16.8, OpenFlamingo-9B = 24.6, MiniGPT-4-8B = 27.4, BLIP-2-12B = 27.5, LLaVA-7B = 28.0, MiniGPT-
4-14B = 29.9, Otter-9B = 28.4, InstructBLIP-14B = 30.8, InstructBLIP-8B = 32.4, LLaVA-13B = 30.9, MM-ReAct-
GPT-3.5 = 24.2, LLaVA-7B (LLaMA-2) = 32.9, LLaVA-13B (V1.3, 336px) = 38.1, LLaVA-13B (LLaMA-2) = 39.2,
MM-ReAct-GPT-4 = 33.1.

Solver Output.
<think>
To determine which model achieves the highest score in terms of “Rec” (Recognition), we need to identify the highest
value in the “Rec” column of the table.
The “Rec” scores for the models are as follows:
• Transformers Agent (GPT-4): 18.2
• LLaMA-Adapter v2-7B: 16.8
• OpenFlamingo-9B: 24.6
• MiniGPT-4-8B: 27.4
• BLIP-2-12B: 27.5
• LLaVA-7B: 28.0
• MiniGPT-4-14B: 29.9
• Otter-9B: 28.4
• InstructBLIP-14B: 30.8
• InstructBLIP-8B: 32.4
• LLaVA-13B: 30.9
• MM-ReAct-GPT-3.5: 24.2
• LLaVA-7B (LLaMA-2): 32.9
• LLaVA-13B (V1.3, 336px): 38.1
• LLaVA-13B (LLaMA-2): 39.2
• MM-ReAct-GPT-4: 33.1

Among these, the highest score in the “Rec” column is 39.2, which belongs to the model “LLaVA-13B (LLaMA-2)”.
Therefore, the correct choice is (F).
</think>

F ← Correct

Figure 14: Qualitative example of PRCO-7B on table-based option selection. The Observer extracts only the
question-relevant entries in the Rec column, rather than transcribing the full table, after which the Solver identifies
the maximum and maps it to the correct answer option. PRCO focuses on question-relevant evidence while avoid-
ing unnecessary visual details.
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Case Study 4:

Problem: Below is a top-down view of a circular water surface. In the
diagram, one unit length represents 1 meter. What is the degree measure of

∠BOA? What are the lengths of OC and AB?
Options: A. 30◦, the lengths of OC and AB are 1m and 2m respectively;

B. 45◦, the lengths of OC and AB are 2m and 2m respectively;
C. 90◦, the lengths of OC and AB are 1m and 2m respectively;

D. Cannot be determined; E. No correct answer

Observer Output.
• Point A is located at (0, 2), and point B is located at (2, 2).
• Point O is at (1, 1), which appears to be the center of the circle.
• Line segment AB connects points A(0, 2) and B(2, 2), forming a horizontal line segment.
• Line segment OC is a vertical line segment connecting O(1, 1) to the midpoint of AB.

Solver Output.
<think>
To determine the degree measure of ∠BOA and the lengths of OC and AB, we start by finding the radius of the circle.
Given points A(0, 2) and B(2, 2), the center O(1, 1) of the circle can be used to find the radius.
First, calculate the length OA:

OA =
√

(1− 0)2 + (1− 2)2 =
√

12 + (−1)2 =
√
1 + 1 =

√
2.

Similarly, calculate OB:

OB =
√

(1− 2)2 + (1− 2)2 =
√

(−1)2 + (−1)2 =
√
1 + 1 =

√
2.

Since OA = OB =
√
2, the radius r of the circle is

√
2.

Next, we find OC, the distance from the center O(1, 1) to the midpoint C of AB. Since A(0, 2) and B(2, 2), the
midpoint C of AB is:

C =

(
0 + 2

2
,
2 + 2

2

)
= (1, 2).

Calculate OC:
OC =

√
(1− 1)2 + (2− 1)2 =

√
0 + 1 = 1.

Next, we calculate the length AB:

AB =
√

(2− 0)2 + (2− 2)2 =
√

22 + 02 =
√
4 = 2.

Since OA = OB =
√
2 and AB = 2, triangle AOB is a right triangle at O, so

∠BOA = 90◦.

Therefore, the length OC = 1, and AB = 2.
So, the correct option is:

C .

</think>

C ← Correct

Figure 15: Qualitative example of PRCO-7B on diagram-grounded geometry reasoning. The Observer localizes
points, coordinates, and segment relations from the diagram, and the Solver then uses this structured evidence to
derive ∠BOA, OC, and AB.
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