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Abstract

Reinforcement fine-tuning (RFT), a two-stage frame-

work consisting of supervised fine-tuning (SFT) and re-

inforcement learning (RL) has shown promising results

on improving reasoning ability of large language mod-

els (LLMs). Yet extending RFT to large video lan-

guage models (LVLMs) remains challenging. We pro-

pose VIDEOP2R, a novel process-aware video RFT

framework that enhances video reasoning by modeling

perception and reasoning as distinct processes. In the

SFT stage, we develop a three-step pipeline to gen-

erate VIDEOP2R-CoT-162K, a high-quality, process-

aware chain-of-thought (CoT) dataset for perception

and reasoning. In the RL stage, we introduce a novel

process-aware group relative policy optimization (PA-

GRPO) algorithm that supplies separate rewards for

perception and reasoning. Extensive experiments show

that VIDEOP2R achieves state-of-the-art (SotA) perfor-

mance on six out of seven video reasoning and under-

standing benchmarks. Ablation studies further confirm

the effectiveness of our process-aware modeling and PA-

GRPO and demonstrate that model’s perception output

is information-sufficient for downstream reasoning.

1. Introduction

Understanding visual information in video has long been
a core challenge in computer vision [15, 32, 48, 49]. Re-
inforcement fine-tuning (RFT) [34], a two-stage frame-
work of supervised fine-tuning (SFT) followed by re-
inforcement learning (RL), has recently emerged as a
powerful approach for enhancing the reasoning capabil-
ities of large language models (LLMs) [1, 4, 21]. Within
the RFT framework, the SFT stage leverages Chain-
of-Thought (CoT) [59] annotations to warm up mod-
els with explicit guidance, while the RL stage further
improves reasoning quality through reward-driven opti-

→Work done while at Amazon. †Corresponding author.

mization. Motivated by the success of RFT, recent stud-
ies [7, 14, 26, 56] have adapted RFT to video reasoning
by designing diverse CoT generation pipelines and de-
veloping RL variants, with particular attention to Group
Relative Policy Optimization (GRPO) [17] for its simple
rule-based rewards without a critic model. These adap-
tations have demonstrated clear advantages over conven-
tional SFT across multiple video benchmarks [14, 52].

However, exploration of adapting RFT from text to
video remains preliminary, partly due to simply treat-
ing video as another alternative modality to text [50].
This simplicity assumption ignores the decomposability
of visual reasoning, which consists of two different pro-
cesses [43, 66]. The first one is perception, which ex-
tracts salient information from the visual input, and rea-

soning, which organizes the visual evidence and draws
inferences. Each process can introduce error in distinct
ways (e.g., missed visual evidence, faulty inference),
and can impact video understanding [2, 22]. Yet exist-
ing video RFT frameworks are process-agnostic: they
collapse perception and reasoning into a single proce-
dure and assign a single final reward to the whole trajec-
tory, which blurs credit assignment. As Fig. 1 (top right)
shows, a perception error (e.g., turning back) induces the
reasoning error, but without process awareness, the en-
tire trajectory is evaluated as incorrect. Therefore, as-
signing a single reward to the entire process can pre-
vent the model from effectively correcting mistakes that
emerge in different processes.

The challenge to extend RFT to explicitly account
for different processes in visual reasoning is two-fold.
(i) Lack of process-aware CoT data: existing CoT an-
notations conflate perception and reasoning rather than
explicitly disentangling the two; and (ii) Coarse re-

wards: training typically collapses feedback into a sin-
gle final reward for the entire reasoning process [14,
52, 56], hindering credit assignment across processes.
To address these challenges, we propose VIDEOP2R,
a novel process-aware video RFT framework that mod-
els perception and reasoning as distinct processes to
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GRPO
<think>Let me think about this for a moment. The question is asking about the sequence of events in the video.  
First, let's break it down. The person is indeed holding a paint roller and appears to be painting a wall. This 
is evident from the blue paint streaks on the wall and the person's posture, which suggests they are 
actively engaged in painting. Now, the question is whether this painting activity is followed by the person turning 
back. From what I can observe, the person continues to paint the wall while walking. There is no indication 
of the person stopping to turn back. 
…
Let’s break it down one last time to ensure. The person is painting and walking, and there is no turning 
back. This is consistent with the video content.</think>
<answer>B</answer>

VIDEOP2R
<observation>Based on the question, I need to notice the sequence of actions performed by the woman in the 
video. The woman is seen walking while holding a paint roller, and she appears to be painting a wall. 
After a while, she turns back and continues walking in the direction. </observation>
<think>Based on the observations, the woman is indeed painting a wall while walking and then turns 
back. Let me think, this sequence matches the description in the question. Does that make sense? Yes, it 
does. The video clearly shows her painting and then turning back, so the events are in the correct order. 
Therefore, the correct answer should be A.</think>
<answer>A</answer>

Question: Are the events occurring in this order: painting a 
wall while walking, and then turning back?
Options: A. Yes, B. No

Process-agnostic

Process-aware

Entire 
Trajectory 
Incorrect

Perception 
Correct

Reasoning 
Correct

Figure 1. Comparison between GRPO-based video RFT framework (process-agnostic) and VIDEOP2R (process-aware).

enhance video reasoning. Same as conventional RFT,
our framework consists of two stages of training. In

the SFT stage, we construct a three-step CoT genera-
tion pipeline that produces high-quality perception and
reasoning traces. Given visual question-answer (VQA)
samples, our pipeline first generates visual perception
and reasoning traces in order; the perceptions are then
fed to a reasoning-capable LLM [5] to verify whether
they contain sufficient visual evidence to reach the cor-
rect answer. Running this pipeline on 260K VQA
pairs [14] yields VIDEOP2R-CoT-162K after filtering
low-quality samples. We use this dataset in SFT to warm
up the model, encouraging process separation during in-
ference and providing a strong initialization for subse-
quent RL. In the RL stage, we propose PA-GRPO, a
process-aware variant of GRPO. Unlike GRPO, which
assigns a single reward to the entire trajectory, PA-
GRPO supplies two separate rewards specific for per-
ception and reasoning and assigns them to the corre-
sponding output segments: 1) an LLM-judged [16] per-
ception reward, which evaluates whether the model’s
perception captures the necessary information from the
video, and 2) a rule-based reasoning reward verify-
ing the correctness of the final answer. As illustrated
in Fig. 1, after two-stage training, VIDEOP2R enables
LVLMs to conduct process-aware inference with cali-
brated perception and reasoning.

We conduct comprehensive experiments on seven
widely used video understanding and reasoning bench-
marks [15, 20, 25, 32, 40, 62, 72], comparing
VIDEOP2R with representative process-agnostic video
RFT baselines (e.g., Video-R1 [14] and VideoRFT [52]).
Results show that VIDEOP2R achieves SotA on six out
of seven benchmarks, with robust gains of 1.9%–9.1%
average accuracy over base models across benchmarks.
Ablation studies further validate the effectiveness of the
process-aware modeling and the PA-GRPO. In addition,
we provide fine-grained analysis of VIDEOP2R’s per-
ception and PA-GRPO’s improvements over GRPO to
support future process-aware research in the video do-
main. Our key contributions are: (i) A novel process-

aware video RFT framework, VIDEOP2R, that models
perception and reasoning separately to enhance video
reasoning. (ii) A process-aware RL algorithm based
on GRPO, PA-GRPO, that provides separate rewards
for perception and reasoning, improving credit assign-
ment in RL. (iii) An automatic three-step CoT gener-
ation pipeline that produces perception and reasoning
annotations, yielding VIDEOP2R-CoT-162K for warm
start in SFT. (iv) Comprehensive evaluation confirms
VIDEOP2R’s SotA performance, with ablations veri-
fying the effectiveness of process-aware modeling and
PA-GRPO. Our project page is available at https:
//videop2r.github.io/videop2r/.

2. Related work

Video Perception and Reasoning in LVLMs. Video
reasoning poses coupled spatial–temporal challenges
beyond text/image only settings [15, 32, 48], demand-
ing coordinated perception and reasoning [43, 66]. Early
approaches handle this by introducing modular percep-
tion preprocessors (e.g., frame captioners [53, 57, 68] or
spatio-temporal scene graphs [27, 47, 61]) to aid down-
stream reasoning. However, because these preproces-
sors are typically frozen, they bottleneck the pipeline
and cannot be improved to curb error propagation or
information loss [50]. Recent methods organize per-
ception–reasoning into pre-defined stages, either by at-
tributes (frames/objects/actions) [13, 18, 37, 41, 55, 58]
or steps (planning/grounding) [33, 45]. However, rigid
designs often limit generalization across scenarios [52],
and mixing perception and reasoning at each stage
makes it vulnerable to perception errors [2, 22]. In con-
trast, VIDEOP2R separates perception and reasoning,
aligning with the two-process modeling of video rea-
soning [43] for better generalization, while preserving
an end-to-end training pipeline for continual refinement.

Reinforcement Learning for LVLMs. Building
on GRPO, recent work adapts RL/RFT to video un-
derstanding and reasoning [7, 14, 26, 36, 39, 52, 56,
71]. Time-R1 uses timestamp-aware and template re-
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(1)Process-aware CoT Generation

<think>Based on the observations, the distinctive feature on the hand 
that places the lid on the pot is a gold ring. Let me think, the question 
asks for a specific feature, and the gold ring is clearly visible. Does that 
make sense? Yes, it does. Let me double-check the other options; 
there are no wristwatches, tattoos, or silver bracelets. Therefore, the 
correct answer should be the one that matches the gold ring.</think>
<answer>B</answer>

Perception

Reasoning

(3)Observation Sufficiency Verification

(2)CoT Verification

<observation>Based on the question, I need to notice any distinctive 
features on the hand, such as the gesture or object being held. 
Observing the video, I can see that there is a gold ring on the ring 
finger of the hand that places the lid on the pot. There are no visible 
wristwatches, tattoos, or silver bracelets on the hand.</observation>

Three-Step CoT Generation Pipeline

Based on the question … there is a gold ring on the ring finger …

For {question}, can the {answer} be deduced from {perception}?

Format check

Quality check

<observation>… </observation>
<think>…</think>

<answer>…</answer>

Question: What distinctive feature is seen on the hand that places the lid on the pot?
Options: A. A wristwatch, B. A gold ring, C. A tattoo, D. A silver bracelet

Image&Video QA Dataset (~260k)

VIDEOP2R-CoT-162K

Image&Video QA Process-aware CoT

Qwen2.5-VL-7B
SFT Stage

VIDEOP2R-SFT

<observation>… </observation>
<think>…</think>

<answer>…</answer>

RL Stage

Policy Model VIDEOP2R
<observation>… </observation>

<think>…</think>
<answer>…</answer>

PA-GRPO
Image&Video QA

Process-Aware Reward

Figure 2. Illustration of overall VIDEOP2R RFT framework (left) and the three-step CoT generation pipeline (right).

wards [56]; Video-R1 and STAR-R1 reward sensitivity
to correct temporal order [14, 28]; Videochat-R1 and
VersaVid-R1 adopt task-specific rewards [7, 26]; Vide-
oRFT adds a stage-aware semantic reward [52]. How-
ever, most prior efforts model video reasoning as a sin-
gle trajectory and apply a single final reward over the en-
tire output sequence, with no process-aware distinction
between perception and reasoning. This also holds for
recent image-domain studies on perception–reasoning
separation [29, 60, 64]. VIDEOP2R instead uses PA-
GRPO to assign separate perception and reasoning re-
wards to their token segments, providing more clear sig-
nals and more precise error attribution.

3. VIDEOP2R RFT Framework

In this section, we introduce the overall design of the
VIDEOP2R RFT framework (Fig. 2 left), which follows
the standard RFT setup [34] with a specific focus on
modeling video reasoning into perception and reason-
ing: (1) SFT stage, we use a three-step CoT genera-
tion pipeline to construct a process-aware CoT dataset,
VIDEOP2R-CoT-162K. We train the base model on
this dataset to enhance its perception and reasoning ca-
pabilities while warming up the model for the RL stage.
(2) RL stage, we propose a process-aware reinforce-
ment learning scheme, PA-GRPO, which refines the
model’s reasoning by providing separate rewards for
perception and reasoning, enabling the model to move
beyond supervised learning boundaries [38].

3.1. Process-aware CoT Dataset

To address the challenge of lacking process-aware CoT
dataset, we develop a strategy to curate CoT data
at scale, which is then used for fine-tuning LVLM

in SFT. Particularly, we first standardize a process-
aware CoT template that explicitly disentangles percep-
tion from reasoning in different segments as follows:

<observation>...</observation>

<think>...</think><answer>...</answer>

→observation↑ segment represents the perception
process, where the model extracts relevant visual evi-
dence based on the question. →think↑ and →answer↑
segment captures the reasoning process, where the
model reasons (→think↑) over the extracted visual ev-
idence and states the final answer (→answer↑). All
generated CoTs follow this template, and the model is
trained to adhere to it at inference.

3.1.1. Three-Step CoT Generation Pipeline

Building upon the proposed template, we design a three-
step pipeline (Fig. 2 right) to generate process-aware
CoT data containing both perception and reasoning
traces for a diverse set of VQA tasks. The overall work-
flow comprises three major steps (Details in the Supple-
mentary). 1) Process-aware CoT Generation. For each
VQA sample, we use Qwen2.5-VL-72B-Instruct [4] to
generate an initial CoT trace for both perception and
reasoning in corresponding segments. 2) CoT Verifica-

tion. To ensure consistency and correctness, we evaluate
the final answer of each generated response with task-
specific metrics (e.g., exact word match and word error
rate for generation tasks), discarding samples that yield
low-quality answers or deviate from the expected CoT
template. 3) Observation Sufficiency Verification. We
further filter generated data using a cross-modal valida-
tion strategy to validate the →observation↑ segment
in isolation from raw visual inputs [52]. Specifically,
for each sample, we provide only the →observation↑
segment, along with the corresponding question and an-
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swer, to Claude 3.7 Sonnet [3], which assesses whether
the visual evidence in →observation↑ are adequate to
support the final reasoning process.

3.1.2. Data Construction and Statistics

To ensure reproducibility and fair comparison, we apply
this pipeline to a public and representative image- and
video-based QA dataset [14], which includes multiple
question types such as multiple-choice, numerical QA,
Optical Character Recognition (OCR), free-form QA,
and regression. Applying our pipeline on 260K VQA
data [14] produces 162K high-quality process-aware
CoT data with perception and reasoning traces, termed
VIDEOP2R-CoT-162K. We provide detailed analyses
of VIDEOP2R-CoT-162K (e.g., embedding visualiza-
tion and word-frequency statistics) in the Supplemen-
tary, which show that our annotations inherently sepa-
rate perception from reasoning.

3.2. Process-Aware Reinforcement Learning

After the SFT stage, we further refine the model through
reinforcement learning. Building upon GRPO [17], we
introduce a process-aware variant, PA-GRPO (Fig. 3),
which provides separate reward signals for perception
and reasoning processes to encourage more structured
and efficient policy optimization [30]. This section first
revisits the standard GRPO framework and then presents
our process-aware extension designed to align reward
signals with perception–reasoning separation.

3.2.1. Group Relative Policy Optimization (GRPO)

GRPO [17] extends Proximal Policy Optimization [42]
by removing the dependency on a learned critic model
and directly comparing responses within groups. Given
a question q, the policy model ωω samples G candidate
responses o = {o1, o2, . . . , oG} as a group, each as-
signed a rule-based reward ri. Rewards are then nor-
malized within the group to yield the relative advantage:

Ai =
ri ↓mean({rj}Gj=1)

std({rj}Gj=1)
. (1)

where Ai represents the relative advantage of all tokens
in the i-th response within the group. With the rela-
tive advantage computed, the GRPO overall optimiza-
tion objective is formulated as:

JGRPO(ε) = Eq,{oi}

[
1

G

G∑

i=1

min(ϑiAi, clip
(
ϑi, 1↓ϖ,

1+ϖ
)
Ai

)
↓ ϱ DKL

(
ωω ↔ωref

)]
. (2)

where ϑi = εω(oi|q)
εωold (oi|q)

is the likelihood ratio between
updated policy ωω and old policy ωωold , and ωref is a fixed
reference model (e.g., a frozen copy of policy model) af-
ter SFT, providing KL regularization weighted ϱ. This

<observation>Based on the question, I need to notice the sequence of actions performed by the 
woman in the video. The woman is seen walking while holding a paint roller and a paint can, and 
she appears to be painting a wall. After a while, she turns back and continues walking in the 
opposite direction. </observation>
<think>Based on the observations, the woman is indeed painting a wall while walking and then 
turns back. Let me think, this sequence matches the description in the question. Does that make 
sense? Yes, it does. The video clearly shows her painting and then turning back, so the events are 
in the correct order. Therefore, the correct answer should be A.</think>
<answer>A</answer>

Question

Policy 
Model …o2,P

rG,P

…r2,P

r1,P

rG,R

…r2,R

r1,R

AG,P

…A2,P

A1,P

AG,R

…A2,R

A1,R

 Group 
Outputs

Rewards AdvantagesReference 
Model

o2,R

oG,P

o1,P

oG,R

o1,R

Question: Are the events occurring in the order of Painting a wall while walking, then turning back?
Options: A. Yes, B. No

Accuracy
Format 

Accuracy
Format 

Perception       
Reward

Reasoning       
Reward

Length 

Length 
Process-Aware 

Advantage   
Computation

Figure 3. The illustration of the PA-GRPO algorithm.

formulation constrains large policy deviations while pro-
moting high-reward samples, ensuring stable optimiza-
tion during reinforcement learning.

3.2.2. Process-Aware Group Relative Policy Opti-

mization (PA-GRPO)

While GRPO performs well on textual reasoning, its
single scalar reward provides a limited training signal
for the two-process based visual reasoning [43, 66].
To address this, we propose PA-GRPO, which intro-
duces separate perception and reasoning rewards for
tokens in each process, enabling fine-grained credit as-
signment during reinforcement learning, as illustrated
in Fig. 3. Formally, for each question q, the sam-
pled response from the policy model ωω is represented
as o = {(o1,P, o1,R), (o2,P, o2,R), . . . , (oG,P, oG,R)},
where oi,P denotes perception process tokens within the
→observation↑ segment, and oi,R denotes reason-
ing process tokens within the →think↑ and →answer↑
segments. For tokens within each process, PA-GRPO

supplies separate accuracy rewards to provide reliable
supervision. We further introduce length and format
rewards to encourage well-structured, concise outputs,
following prior RFT frameworks [14, 17, 26, 52]. We
demonstrate the accuracy reward design, and our con-
figurations for the format and length rewards below.
Perception Accuracy Reward (Racc,P). The percep-
tion accuracy reward evaluates whether the model cor-
rectly perceives visual information from video input.
We adopt an LLM-as-Judge evaluation [16] in a text-
only setting, a procedure shown to be reliable in var-
ious scenarios [9, 12]. Concretely, we provide only
the →observation↑ segment, along with the corre-
sponding question and answer, to Claude 3.7 Sonnet [3],
which judges whether the →observation↑ segment is
sufficient to supcont the correct answer. Formally,

Racc,P = 1 (judged sufficient); 0 otherwise. (3)
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Reasoning Accuracy Reward (Racc,R). The reason-
ing accuracy reward evaluates whether the model pro-
duces accurate reasoning outcomes. We apply task-
specific evaluation metrics to accommodate different
question types, including exact word match for categori-
cal tasks, ROUGE-based similarity for open-ended gen-
eration, and error-based scores for numerical or regres-
sion problems. Formally,

Racc,R = Acct(oi,R, ytrue), (4)

where Acct(·) ↗ [0, 1] denotes the task-specific accu-
racy metric for task type t.
Format Reward (Rform) and Length Reward (Rlen).

To ensure clear reward assignment, the format and the
length reward in PA-GRPO are also provided sepa-
rately for each process (oi,P and oi,R). We use the
format reward (Rform) to encourage adherence to the
process-aware inference template. Specifically, per-
ception process tokens (oi,P) must appear within the
→observation↑, the reasoning process tokens (oi,R)
must present the reasoning trace under →think↑, and
the final answer must be provided within →answer↑.
We verify compliance using regular expression match-
ing and assign a binary reward ({0,1}) accordingly.
The length reward (Rlen) is included to favor concise
yet informative responses while avoiding overthinking.
The reward is assigned only if both accuracy and for-
mat rewards are non-zero and the model’s response
in each segment (oi,P and oi,R) falls within the target
length ([lmin, lmax]). In line with prior RFT work [14,
52], we fix Rlen = 0.2, lmin = 128 and lmax = 320 for
oi,P, lmin = 320 and lmax = 512 for oi,R.

3.2.3. Process-Aware Reward Assignment

The overall reward of perception tokens (oi,P) and rea-
soning tokens (oi,R) are defined as

Ri,k = Racc,k +Rform,k +Rlen,k, k ↗ {P,R}. (5)

Unlike Eq. (1), which normalizes all rewards within a
single group, we split rewards into separate groups (per-
ception process vs. reasoning process) and normalize
each to get process-aware advantage, since their scales
and distributions are not directly comparable [67]:

Ai,k =
Ri,k ↓mean({Rj,k}Gj=1)

std({Rj,k}Gj=1)
, k ↗ {P,R}. (6)

We assign each process-aware advantage only to
its corresponding tokens (e.g., the perception advan-
tage Ai,P is applied to oi,P). The overall optimization
objective of PA-GRPO is then formulated as:

JPA-GRPO(ε) = Eq,{oi}



 1

G

G∑

i=1

∑

k→{P,R}

min(ϑi,kAi,k,

clip
(
ϑi,k, 1↓ϖ, 1+ϖ

)
Ai,k

)
↓ ϱ DKL

(
ωω ↔ωref

)]
, (7)

where ϑi,k =
ωω(oi,k | q)
ωωold(oi,k | q) denotes the likelihood ratio

for perception (k=P) or reasoning (k=R), and Ai,k is
the process-aware advantage.

4. Experiment Setup

Two-stage Training. We adopt Qwen2.5-VL-7B-
Instruct [4] as the base LVLM in our training pipeline.
Following the same training setups used in prior video-
RFT studies [14, 52], we perform one epoch of SFT
on VIDEOP2R-CoT-162K, followed by 1K RL updates
over original 260K visual QA data using PA-GRPO.
The model obtained after the SFT stage is referred to
as VIDEOP2R-SFT, and the final model after the RL
stage is denoted as VIDEOP2R.
Benchmarks. Following prior works [15, 52], we eval-
uate our approach on seven benchmarks, including four
video reasoning datasets (VSI-Bench [62], VideoM-
MMU [20], MMVU [72], and VCR-Bench [40]) and
three video understanding datasets (MVBench [25],
TempCompass [32], and VideoMME [15]). These
benchmarks jointly cover spatial reasoning, knowledge-
intensive QA, temporal logic, and general video under-
standing. We follow the official evaluation protocols of
each benchmark.
Baselines. (1) RFT on Qwen2.5-VL-7B. We com-
pare against recent video RFT approaches built upon
Qwen2.5-VL-7B using GRPO or its variants, includ-
ing Video-R1 [14], Time-R1 [56], VideoRFT [52],
VideoChat-R1 [26], and VersaVid-R1 [7] (2) Open-

Source Models. We further include Qwen2.5-VL-7B
along with other 7B-scale models for a comprehen-
sive evaluation: LLaVA-OneVision [24], LongVA [69],
Video-UTR [63], and VideoLLaMA2 [8]. We follow the
prompt templates in each baseline’s official publication.
We provide all setup details in the Supplementary.

5. Results

Our experiments focus on addressing five research ques-
tions from Section 5.1 to 5.5 : (1) How does VIDEOP2R
perform across various video understanding bench-
marks? (2) What is the contribution of each component
in VIDEOP2R? (3) Does the perception representations
of VIDEOP2R effectively support downstream reason-
ing? (4) Does the process-aware reward design of PA-
GRPO improve RL efficiency and reliability? (5) What
are the success and failure mode of VIDEOP2R?

5.1. Main Results

The main evaluation results of VIDEOP2R and other
baselines are shown in Tab. 1. Compared with prior
video RFT approaches, VIDEOP2R achieves highly
competitive performance across seven benchmarks, set-
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Table 1. Performance comparison on video reasoning and understanding benchmarks. Best/second-best result of each column is in
bold/underline. Missing entries indicate unreported results (all numbers unit in %).

Model Video Reasoning Video Understanding Avg
VSI. VideoMMMU MMVU VCR. MV. TempCom. VideoMME

Open-Source 7B Models

LLaVA-OneVision-7B 32.4 33.8 49.2 – 56.7 – 58.2 –
LongVA-7B 29.2 23.9 – – – 56.9 52.6 –
Video-UTR-7B – – – – 58.8 59.7 52.6 –
VideoLLaMA2-7B – – 44.8 – 54.6 – 47.9 –
Qwen2.5-VL-7B 30.1 48.1 60.0 44.3 59.0 72.6 56.6 52.9

RFT on Qwen2.5-VL-7B

Video-R1 35.8 52.3 63.8 49.0 63.9 73.2 59.3 56.8
VideoChat-R1 33.9 54.0 63.0 49.0 67.9 72.5 57.7 56.9
Time-R1 29.0 51.0 62.9 49.6 63.1 73.7 59.3 55.5
VersaVid-R1 33.7 51.9 64.3 49.8 62.9 74.0 58.8 56.5
VideoRFT 36.8 51.1 68.5 49.6 62.1 73.7 59.8 57.4

VIDEOP2R (Ours) 36.8 55.0 65.4 51.0 68.1 74.5 60.0 58.7

ting SotA results on six of them and ranking second on
the remaining one. In contrast to previous RFT methods
that often bring improvement on specific datasets (e.g.,
Video-R1 ranks second on VSI-Bench, while VideoRFT
is SotA on MMVU but last on MVBench), VIDEOP2R
delivers consistent gains across all benchmarks, sur-
passing the previous SotA by 1.3% in average accuracy.
This consistency underscores the effectiveness and gen-
eralizability of modeling visual reasoning through dis-
tinct perception and reasoning processes. Compared to
the base model Qwen2.5-VL, VIDEOP2R exhibits clear
and steady improvements, with accuracy gains ranging
from 1.9% to 9.1% across benchmarks. More broadly,
a performance gap exists between models trained with
RFT and those trained only with SFT/Instruction Tun-
ing [31] (i.e., open-source models), highlighting the su-
periority of RFT for expanding capability boundaries.
We further analyze VIDEOP2R’s performance drop on
MMVU (Sec. 5.5) and attribute it to the lack of domain-
specific knowledge (e.g., chemistry) in our training data.

5.2. Ablation Study

The success of VIDEOP2R underscores the impor-
tance of decomposing visual reasoning into distinct pro-
cess stages. To further analyze the contribution of
each process-aware component, we perform an ablation
study on the two-stage training in the RFT framework,
process-aware modeling, and reward design (Tab. 2).
Two-stage Training: SFT-only and RL-only improves
the baseline by 2.7% and 3.1% respectively. But com-
bining both yield a more significant 5.8% improve-
ment, suggesting that single-stage training is insuffi-
cient, whereas using both stages can further extend the
model’s capability.
Process-aware Modeling: We evaluate process-aware

modeling against a process-agnostic counterpart in both
SFT and RL. In SFT, the process-aware variant (same
as VIDEOP2R-SFT) yields an average accuracy gain
of 2.1% over the process-agnostic variant, which uses
reasoning-only segments. In RL, the agnostic variant
follows GRPO—assigning a single reasoning reward
across all output tokens, while the process-aware vari-
ant (same as VIDEOP2R) again leads on six benchmarks
with 2.3% on average. Under identical visual inputs,
adding perception annotations in SFT and using process-
aware credit assignment in RL provide clearer training
signals, improving video understanding and reasoning.
Reward design: We examine the PA-GRPO reward
function by ablating each reward component and the
separation reward assignment. Removing any com-
ponent causes a notable drop, sometimes even below
the SFT baseline (e.g., removing the perception reward
yields worse performance than SFT on VideoMME).
This indicates that all components are necessary and
that their joint design in PA-GRPO enables fine-grained
credit assignment in RL. When we remove separation
and assign both perception and reasoning rewards to all
output tokens, the results remain competitive but still
lag behind PA-GRPO, indicating that separation reward
assignment provides clearer and more effective training
signals. Notably, removing Rlen improves performance
on VSI-Bench. Further analysis (Supplementary) indi-
cates that its questions often require long, fine-grained
descriptions to ensure sufficient perception, where the
length reward becomes counter-productive. We propose
to have a dynamic length reward [51] in future work.
Finally, we further ablate different judge models in the
Supplementary for perception accuracy reward assign-
ment, and find that VIDEOP2R remains robust.
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Table 2. Ablation studies of VIDEOP2R on two-stage training, process-aware modeling and reward design (all numbers unit in %).

Ablation Factor

Model Variant Video Reasoning Video Understanding Avg.
VSI. VideoMMMU MMVU VCR. MV. TempCom. VideoMME

Two-stage Training

- VIDEOP2R (Ours) 36.8 55.0 65.4 51.0 68.1 74.5 60.0 58.7+5.8

- SFT-only (VIDEOP2R-SFT) 35.2 53.7 61.6 46.9 62.3 72.4 57.2 55.6+2.7

- RL-only 35.8 54.6 64.6 46.3 60.8 73.8 55.9 56.0+3.1

Process-aware Modeling

- VIDEOP2R (Ours) 36.8 55.0 65.4 51.0 68.1 74.5 60.0 58.7+5.8

- process-agnostic RL (GRPO) 37.4 53.6 62.8 48.3 63.8 73.3 55.4 56.4+3.5

- process-aware SFT (no RL) 35.2 53.7 61.6 46.9 62.3 72.4 57.2 55.6+2.7

- process-agnostic SFT (no RL) 34.3 48.9 61.6 47.3 59.0 69.7 54.0 53.5+0.6

Reward Design

- VIDEOP2R (Ours) 36.8 55.0 65.4 51.0 68.1 74.5 60.0 58.7+5.8

- without RR 36.0 51.6 60.3 46.8 62.1 72.5 57.9 55.3+2.4

- without RP 37.4 53.6 62.8 48.3 63.8 73.3 55.4 56.4+3.5

- without RL 40.0 52.7 63.2 48.4 65.5 73.9 60.0 57.7+4.8

- without separation 37.1 53.2 64.9 48.8 65.0 73.2 59.7 57.4+4.5

Baseline: Qwen2.5-VL-7B 30.1 48.1 60.0 44.3 59.0 72.6 56.6 52.9

Figure 4. Effect of perception on downstream reasoning

5.3. Effectiveness of Perception Representations

The ablation study highlights the effectiveness of
process-aware modeling in VIDEOP2R. In this section,
we further examine whether the perception outputs pro-
duced by VIDEOP2R can enhance the reasoning abil-
ity of generic LVLMs (Examination details in the Sup-
plementary). Specifically, we compare Qwen2.5-VL-
7B’s zero-shot performance on (i) text-only questions,
(ii) text plus video inputs. For each scenario, we further
augment question text with a perception segment gener-
ated either by VIDEOP2R or by pre-trained Qwen.
The results, as shown in Fig. 4, yield two key insights.
First, when Qwen2.5-VL-7B is provided only with text
questions augmented by VIDEOP2R’s perceptions seg-
ments, its performance (55.5%) even surpasses that un-
der raw video input (52.9%), indicating that the textual
perceptions generated by VIDEOP2R capture semanti-
cally rich perceptual information that directly supports
reasoning. Second, in both text and video modality,
when we augment the prompt with a perception seg-

ment, using VIDEOP2R’s perceptions consistently out-
performs using Qwen’s own perceptions, indicating that
VIDEOP2R’s perceptions provide more accurate and
useful evidence for downstream reasoning.

5.4. Advantages of PA-GRPO over GRPO

Figure 6(a-b) illustrates the training dynamics of
VIDEOP2R. Both perception and reasoning accuracy re-
wards exhibit an increasing trend, which, combined with
the quantitative gains in Tab. 2, confirms that PA-GRPO
is more effective than standard GRPO in improving the
model’s perception and reasoning traces. In the follow-
ing, we further analyze the underlying reasons for PA-
GRPO’s advantages over standard GRPO. (1) Training

Efficiency. In advantage-based policy gradient meth-
ods [17, 42, 54], including GRPO, when all sampled
responses (o1, o2, . . . , oG) for a given prompt receive
nearly identical rewards, this leads to advantage col-

lapse [70], where the advantages shrink toward zero,
leaving little to no effective learning signal and caus-
ing updates to stagnate [65]. PA-GRPO mitigates this
by decomposing the overall reward into perception and
reasoning components, so even when reasoning rewards
saturate, perception rewards can still provide non-zero
gradients. We visualize the number of samples in a batch
with advantage collapse for PA-GRPO and GRPO dur-
ing the RL stage in Fig. 6(c). Compared with GRPO,
PA-GRPO consistently exhibits fewer advantage col-
lapse samples, indicating better utilization of training
samples and improved training efficiency.
(2) Mitigating Think–Answer Mismatch. Reasoning-
augmented models often exhibit Think–Answer Mis-

match [44], where generated reasoning traces diverge
from the actual decision process yet still produce cor-
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Question: Assume that 2.24 liters of gas fully participates in the reaction shown in the 
video under the standard temperature and pressure condition, how many grams of 
precipitate are produced approximately?
Options: A. 10.0, B. 5.0, C. 12.0, D. 15.0, E. 20.0

<observation>Based on the question, I need to notice the volume of gas in the flask 
and the relationship between the gas volume and the precipitate produced. The video 
shows a person holding a flask with a volume marked on it. The person is 
blowing air into the flask through the glass tube. </observation> 
<think>Based on the observations, the volume of gas in the flask is 2.24 liters, which is 
the amount that fully participates in the reaction under standard temperature and 
pressure conditions. I need to use the stoichiometry of the reaction. The reaction 
between the gas and the solution in the flask produces a precipitate. The molar 
mass of the precipitate can be calculated using the volume of gas and the molar 
volume of a gas at standard temperature and pressure (44.8 liters/mol). The molar 
mass of the precipitate is approximately 10 grams/mol. Therefore, the grams of 
precipitate produced are 2.24 liters / 44.8 liters/mol * 100 grams/mol = 5 grams. … so 
the grams of precipitate produced are 5 grams. </think>
<answer>B</answer>

<observation>Based on the question, I need to notice the interaction between the little 
monkey and the bone. The monkey is seen holding the bone and appears to be 
examining it closely with a magnifying glass, suggesting that he might have 
mistaken it for something of interest. The bone is also shown in a context that 
seems to be part of a dinosaur exhibit, which might have influenced the monkey's 
perception.</observation>
<think>Based on the observations, the monkey seems to have mistaken the bone 
for a dinosaur fossil. He is examining it closely with a magnifying glass, which is 
a common way to inspect fossils. The setting also includes a dinosaur exhibit, 
which further supports this idea. Let me think, if the monkey had mistaken it for a 
dinosaur fossil, he would likely want to take it back to the exhibit. Does that make 
sense? Yes, it does. Let me double-check the options, and C seems to be the most 
fitting answer.</think>
<answer>C</answer>

Question: Why does the little monkey want to take back the bone?
Options: A. Regarded it as the owner's toy., B. This is his own food.,
                C. Mistook it for a dinosaur fossil., D. This is food for his pet dog.

Figure 5. Success (Left) and Failure (Right) case of VIDEOP2R. Correct statement and incorrect statement are colored.

(a) Perception Reward (b) Reasoning Reward

(c) Number of Equal-Reward Group (d) Think-Answer Mismatch

Figure 6. Training Dynamics and Think-Answer Mismatch
Analysis of VIDEOP2R. Details in Section 5.4.

rect answers (e.g., “the man is on the right side, thus

the answer is B. left”). In GRPO, such inconsistencies
can lead to reward hacking [10, 46], as a single final re-
ward can reinforce unfaithful reasoning traces that co-
incidentally yield correct outcomes. To quantify this
issue, we perform an alignment check (Details in Sup-
plementary) using Claude 3.7 Sonnet to extract answers
from the →think↑ segments and compare them with
the final output answer. Figure 6(d) reports mismatch
rates across VIDEOP2R and two single-reward trained
models: while all SFT models maintain stable reasoning
consistency (↘5%), both Video-R1 and VideoRFT’s RL
models show significant degradation (≃16%). In con-
trast, VIDEOP2R shows notably lower mismatch, indi-
cating that PA-GRPO’s process-aware rewards, which
separately encourage faithful perception traces and cor-
rect final answers, effectively mitigate Think–Answer

Mismatch and promote more reliable reasoning.

5.5. Qualitative Results of VIDEOP2R

We present one success and one failure case of
VIDEOP2R in Fig. 5 to illustrate both its strengths and
areas of improvement (More examples in the Supple-
mentary). The left example shows an Aha Moment [17],
where VIDEOP2R performs process-aware inference by
accurately describing visual cues, such as the monkey’s
actions and its imagination, and reasoning over them to
reach the correct answer. In contrast, the right example
depicts a failure case: although the model correctly iden-
tifies relevant visual details about the person and her be-
havior, it produces an incorrect conclusion due to miss-
ing domain-specific knowledge (e.g., the molar volume
of a gas should be 22.4). Overall, while VIDEOP2R ex-
hibits strong capabilities in general video understanding
and reasoning, its performance can be further improved
by injecting factual and domain-specific knowledge.

6. Conclusion

In this work, we introduced VIDEOP2R, a process-
aware RFT framework that models perception and rea-
soning as distinct processes for video understanding.
Through a three-step CoT generation pipeline, we con-
structed VIDEOP2R-CoT-162K, a large-scale process-
aware dataset enabling fine-grained supervision in the
SFT stage. In the RL stage, we proposed PA-GRPO,
a process-aware extension of GRPO that provides sep-
arate rewards for perception and reasoning to improve
credit assignment. Experiments across seven bench-
marks demonstrate SotA performance and strong gen-
eralization, while ablations verify the effectiveness of
process-aware modeling and PA-GRPO.
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