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Figure 1. PRFL generates high-quality videos with enhanced motion quality. We show results on image-to-video (frames of different sizes)

and text-to-video (frames of same size) generation tasks, showing the representative frames from each video.

Abstract

Reward feedback learning (ReFL) has proven effective for
aligning image generation with human preferences. How-
ever, its extension to video generation faces significant
challenges. Existing video reward models rely on vision-
language models designed for pixel-space inputs, confin-
ing ReFL optimization to near-complete denoising steps af-
ter computationally expensive VAE decoding. This pixel-
space approach incurs substantial memory overhead and
increased training time, and its late-stage optimization
lacks early-stage supervision, refining only visual qual-
ity rather than fundamental motion dynamics and struc-
tural coherence. In this work, we show that pre-trained
video generation models are naturally suited for reward
modeling in the noisy latent space, as they are explicitly
designed to process noisy latent representations at arbi-
trary timesteps and inherently preserve temporal informa-
tion through their sequential modeling capabilities. Ac-
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cordingly, we propose Process Reward Feedback Learn-
ing (PRFL), a framework that conducts preference opti-
mization entirely in latent space, enabling efficient gradi-
ent backpropagation throughout the full denoising chain
without VAE decoding. Extensive experiments demon-
strate that PRFL significantly improves alignment with hu-
man preferences, while achieving substantial reductions in
memory consumption and training time compared to RGB
ReFL. Code is available at https://github.com/
Tencent-Hunyuan/HY-Video-PRFL

1. Introduction
Recent video generation models [5, 12, 14, 25] have demon-

strated remarkable visual fidelity, producing photorealistic

content across diverse applications [9, 18, 22]. Neverthe-

less, aligning these models with complex human prefer-

ences, particularly concerning motion quality [17], phys-

ical plausibility [1], and prompt following [2], remains a

fundamental challenge [32]. Reward feedback learning

(ReFL) [3, 23, 30] has emerged as a promising paradigm

for preference alignment in image generation, yet its direct

application to video generation encounters critical compu-

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Comparison between RGB ReFL and our PRFL. RGB

reward models require near-complete denoising and VAE decod-

ing to RGB space, introducing evaluation delay, GPU memory
bottleneck, and insufficient supervision of early denoising stages

where structure and motion are formed. PRFL eliminates these

limitations by performing reward modeling directly in latent space

with timestep-aware training.

tational and optimization barriers that fundamentally limit

its applicability.

Typical ReFL approaches rely on outcome-based reward

models built upon Vision-Language Models (VLMs) [7,

8, 17, 27, 30]. As shown in Fig. 2, such outcome-based

reward models operate on videos in RGB space, impos-

ing three interconnected limitations due to their inher-

ent post-hoc nature. Initially, near-complete denoising

required by VLMs introduces significant evaluation de-
lay.Furthermore, backpropagation through the VAE de-

coder causes a GPU memory bottleneck. Ultimately, re-

wards applied only at the final step yield outcome-level su-
pervision, failing to guide early stages where motion struc-

ture is formed. Although recent methods [6, 28] attempt

partial relief via gradient stopping or trajectory shortcuts,

they still depend on fully denoised RGB frames. Con-

tentV [15] bypasses VAE decoding by optimizing only

the first frame yet sacrifices holistic video quality assess-

ment, while DOLLAR [4] employs a VLM-based latent re-

ward model but lacks fine-grained timestep-wise supervi-

sion. These limitations share a common root: all existing

approaches remain structurally anchored to outcome-level

reward, leaving the denoising process itself without any di-

rect supervision.

A natural question arises: can the video generation
model itself serve as a quality-aware critic, providing re-
ward signals directly within the denoising process? As

shown in Fig. 3, linear probing on VGM latent features

reveals strong discriminability of human-perceived video

quality at arbitrary denoising timesteps, even at highly noisy

early stages where no visual content is yet interpretable,

suggesting that VGMs inherently encode quality-relevant

information throughout the denoising trajectory. Yet trans-

lating this observation into a practical reward model raises

two non-trivial challenges: how to aggregate variable-

length spatiotemporal features into a quality-aware repre-

sentation while maintaining noise-level sensitivity, and how

to distribute process rewards across full denoising trajec-

tories without rollout overhead. The closest prior works

fall short on both fronts: LPO [33] operates on image la-

tents and cannot generalize to variable-length spatiotempo-

ral video tensors, while VideoAlign [17] targets inference-

time guidance and lacks the training-time dense supervision

that both challenges demand. To our knowledge, training-

time process reward supervision over full video denoising

trajectories remains an open problem.

In this work, we address both challenges through

process-level reward modeling and optimization. We pro-

pose Process-Aware Video Reward Model (PAVRM),
which repurposes pretrained VGMs to evaluate quality di-

rectly from noisy latents at arbitrary timesteps. PAVRM em-

ploys learnable query vectors to compress variable-length

spatiotemporal features into a compact quality-aware to-

ken, inherently encouraging the model to capture quality-

relevant patterns rather than memorizing content-specific

correlations. We further introduce Process Reward Feed-
back Learning (PRFL), which leverages PAVRM as a

training-time critic by sampling random timesteps and max-

imizing process rewards through a single denoising gra-

dient, entirely eliminating VAE decoding overhead while

distributing supervision across the full denoising trajectory.

Extensive experiments demonstrate that PRFL achieves

substantial improvements (up to +56.00 in dynamic de-

gree, +21.52 in human anatomy) with significant memory
savings and at least 1.4× faster training over RGB-space

ReFL baselines.

Our contributions can be summarized as follows:

• We propose a process-aware video reward model
(PAVRM), which employs query-based aggregation to ef-

ficiently handle variable-length videos with timestep sen-

sitivity, and keep artifact awareness throughout the de-

noising process based on pre-trained video models.

• We introduce PRFL, the first training-time post-training

framework that provides process-level supervision across

the full video denoising trajectory, eliminating VAE de-

coding overhead through single-step latent optimization

at randomly sampled timesteps.

• Experiments show our approach improves motion quality

while saving substantial GPU memory and at least accel-

erating training by 1.4× compared to RGB ReFL.

2. Related Work

2.1. Visual Reward Feedback Learning

Reward feedback learning has proven effective for improv-

ing visual generation quality. Early works [3, 23, 30] fine-

tune diffusion models using differentiable reward signals,

but face a depth-efficiency dilemma: full backpropagation

incurs prohibitive memory costs, while training only final

steps fails to optimize low-level objectives. Recent ap-
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Figure 3. Analysis on VGM Features. (a) VLM-based reward model (VideoAlign-MQ) exhibits poor timestep generalization with fluc-

tuating scores. (b) VGM features from any DiT layer uniformly achieve 78.8% accuracy, matching VLM baseline. (c) Timestep-aware

fine-tuning unlocks VGM’s full potential, achieving 85.46% accuracy with peak performance at early timesteps (t=0.8).

proaches [6, 28] mitigate this via gradient stopping or tra-

jectory shortcuts, yet remain anchored to pixel-space re-

wards that require VAE decoding, a cost amplified severely

in video generation due to multi-frame synthesis. Con-

tentV [15] avoids VAE decoding by optimizing only the

first frame but sacrifices holistic video quality, while DOL-

LAR [4] employs a VLM-based latent reward for distilla-

tion yet lacks timestep-wise optimization. We propose a

latent reward model enabling gradient backpropagation at

arbitrary timesteps without VAE decoding.

2.2. Reward Models for Video Generation
Reward models are categorized into outcome models [24]

supervising final results and process models [13, 26, 34] su-

pervising intermediate steps; current video reward models

focus exclusively on the former. Early video reward models

adapted image-based approaches [31] or introduced VLMs

for quality assessment [7, 8, 17, 21, 29], but operating only

on near-complete outputs leaves early denoising stages,

where fundamental video attributes are established, without

direct supervision. LPO [33] pioneered diffusion models

as noise-aware latent reward models for images, yet can-

not generalize to variable-length spatiotemporal video ten-

sors. VideoAlign [17] briefly explored VGMs for inference-

time guidance, but training-time process reward supervision

remains unexplored. We systematically investigate VGMs

as process reward models, offering timestep-aware quality

evaluation with native support for full-sequence video pro-

cessing.

3. Preliminaries and Feasibility Analysis
Rectified Flow. Recently, video generation models [5, 12,

25] operate in rectified flow [16, 19], which establishes a

continuous transport between data and noise distributions.

Specifically, given clean data x0 sampled from distribution

q(x0) and noise x1 from distribution p(x1), the framework

defines a time-dependent interpolation path:

xt = (1− t)x0 + tx1, t ∈ [0, 1]. (1)

A neural network (usually several DiT blocks) parame-

terized by θ predicts the velocity field vθ(xt, t) at each

timestep, trained via the flow matching objective, which

also as supervised fine-tuning (SFT) loss:

LFM(θ) = Et∼U(0,1), x0∼q(x0), x1∼p(x1)

[
‖vθ(xt, t)−v‖2

]
,

(2)

where v = x1 − x0 denotes the data-to-noise transport di-

rection.

Reward Feedback Learning. Reward Feedback Learn-

ing (ReFL) [30] optimizes diffusion models by backpropa-

gating reward signals through the denoising process. Given

a reward model rφ and generated output x0, ReFL sam-

ples a timestep t from the late denoising stage and com-

putes gradients from the reward score. To prevent re-

ward over-optimization, the objective combines reward-

based loss with SFT regularization:

LReFL = −λEx0∼VGMθ
[rφ(D(x0))] + LFM(θ), (3)

where D denotes the VAE decoder.

Feasibility Analysis of VGM-based Reward Models.
We analyze whether VGMs can serve as effective reward

models using motion quality as a case study.

VLM fails on noisy inputs (Fig. 3(a)). VideoAlign [17],

a representative VLM-based video reward model trained

on large-scale preference data, exhibits severe performance

degradation across different denoising timesteps. When

evaluating latents decoded to RGB space, the logit scores

fluctuate dramatically between early and late timesteps, re-

vealing poor generalization to high-noise regions.

VGM features encode motion efficiently (Fig. 3(b)). We em-

ploy a simple MLP as a linear probe to assess VGM feature

quality. Remarkably, probing features from any DiT layer

(L8 to L40) achieves uniform performance at 78.8%, match-

ing the VideoAlign baseline. This confirms that motion dy-

namics are efficiently distributed throughout the network,

enabling the use of only the first 8 layers for a more effi-

cient reward model.

Timestep-aware fine-tuning unlocks VGM’s potential
(Fig. 3(c)). While MLP-only probing (both fixed and ran-

dom timestep) fails to surpass the VLM baseline, cou-

pling full fine-tuning with random timestep sampling yields
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Figure 4. Overview of our process-aware video generation alignment framework. Left: Architecture of the Video Generation Model

(VGM) and Process-Aware Video Reward Model (PAVRM). Right: Two-stage training pipeline. PAVRM training with reward prediction

from noisy latents. Process Reward Feedback Learning (PRFL) optimizing VGM through latent-space reinforcement learning at randomly

sampled timesteps.

Algorithm 1 Process Reward Feedback Learning (PRFL)

1: Input: Velocity predictor vθ , PAVRM Fφ, VAE encoder E ,

datasets DPRFL, DSFT, reward weight λ, total timesteps T ,

timestep interval Δt, learning rate η
2: for each training iteration do
3: // Supervised Fine-Tuning Regularization

4: Sample (V, I, p) ∼ DSFT and tsft ∼ U(0, 1)
5: Compute x0 = E(V ), sample x1 ∼ N (0, I)
6: Construct xtsft = (1− tsft)x0 + tsftx1

7: Compute LFM = ‖vθ(xtsft , tsft)− (x1 − x0)‖22
8: Update θ ← θ − η∇θLFM

9: // Process Reward Feedback Learning

10: Sample (I, p) ∼ DPRFL, xT ∼ N (0, I), and t ∼ U(0, T −
1)

11: for j = T, T − 1, . . . , t+ 1 do
12: no grad: xj−1 ← xj −Δt · vθ(xj , j)
13: end for
14: with grad: xt ← xt+1 −Δt · vθ(xt+1, t+ 1)
15: Compute rt = Fφ(xt, t, I, p) and LPRFL = −λ · rt
16: Update θ ← θ − η∇θLPRFL

17: end for

a dramatic leap to 85.46% (∼6.6% absolute gain), par-

ticularly when sampling features from earlier noisy states

(t=0.8). This validates that fine-tuned VGMs provide su-

perior, timestep-robust signals for learning motion quality

rewards.

4. Method
4.1. Overview
We propose process reward feedback learning, a new ReFL

framework in the video generation task to address GPU

memory and training time limitations. As shown in Fig. 4,

the full process consists of two stages: (1) training a

Process-Aware Video Reward Model (PAVRM, Sec. 4.2)

adapted from the VGM that evaluates video quality di-

rectly from noisy latents at arbitrary diffusion timesteps,

and (2) optimizing the VGM using Process Reward Feed-

back Learning (PRFL, Sec. 4.3).

4.2. Process-Aware Video Reward Model
Architecture of PAVRM. PAVRM leverages features

from a frozen pre-trained VGM to predict preference scores

directly from noisy latents, as illustrated in Fig. 4 (left).

Given a noisy latent video xt ∈ R
F×H×W×C at timestep t

and a text prompt p, we use the first eight DiT blocks of the

backbone as spatiotemporal feature-extractor:

h = DiTφ(xt, t, T (p)) ∈ R
F×H×W×D, (4)

where T (·) denotes the text encoder, and D denotes the fea-

ture dimension. These intermediate representations natu-

rally encode motion quality signals at various noise levels,

as demonstrated in Fig. 3.

To handle variable-length video features and extract dis-

criminative representations, we employ a query attention

as query-based spatiotemporal aggregation that adap-

tively compresses spatiotemporal information into a fixed-

size embedding. Specifically, we flatten the spatiotempo-

ral features h ∈ R
F×H×W×D into ĥ ∈ R

N×D where

N = F ·H ·W , and compute:

zobs =
exp(q(ĥWK)T /

√
D)∑

exp(q(ĥWK)T /
√
D)

(ĥWV ) ∈ R
1×D, (5)

where q ∈ R
1×D is a learnable query vector, and

WK ,WV ∈ R
D×D are projection matrices. The final

representation z = zobs + q ∈ R
D concatenates observa-

tion features with content-agnostic quality priors, enabling

the model to reason about generation quality independent

of content correlations. A three-layer MLP as head layer
maps z to the reward score rφ(xt, t, p) ∈ R.

Training Objective. PAVRM is trained on a binary pref-

erence dataset DRM = {(Vi, pi, yi)}Ni=1 where yi ∈ {0, 1}
indicates motion quality satisfaction. Following the recti-

fied flow formulation (Eq. (1)), we construct noisy latents
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xt = (1− t)x0 + tx1 with x1 ∼ N (0, I) and t ∼ U(0, 1),
where x0 = E(V ). The training objective minimizes:

LPAVRM =− Et,(V,p,y)

[
y log σ(rφ(xt, t, p))

+ (1− y) log(1− σ(rφ(xt, t, p)))

]
,

(6)

where t ∼ U(0, 1) and (V, p, y) ∼ DRM. We freeze the

VAE encoder E while jointly optimizing the DiT blocks,

query vector q, and MLP parameters.

A critical design of PAVRM is the random sampling of

timesteps t ∈ [0, 1] during training. Unlike outcome-based

reward models that only evaluate clean outputs (t ≈ 0),

PAVRM learns stage-appropriate quality assessment across

the entire denoising trajectory. This is justified in rectified

flow: since xt follows a deterministic linear interpolation

from noise to data, preference labels of final outputs natu-

rally propagate to intermediate states. This process-aware

training enables effective guidance throughout the genera-

tion process, as demonstrated in Sec. 5.

4.3. Process Reward Feedback Learning
As discussed in Sec. 3, vanilla RGB ReFL (Eq. (3))

optimizes only final denoised outputs x0, requiring

VAE decoding D(x0) and pixel-space reward computa-

tion—prohibitively expensive for high-resolution videos.

Moreover, sampling timesteps only from late denoising

stages fails to improve early-stage motion planning, which

critically determines overall physical coherence. PRFL ad-

dresses these limitations by performing reward optimization

at arbitrary intermediate timesteps directly in latent space,

eliminating VAE decoding while distributing learning sig-

nals across the entire generation trajectory.

Training Procedure. As shown in Alg. 1, we extend

the ReFL framework by replacing outcome rewards with

process-level rewards from PAVRM. Given the text prompt

p from the dataset DPRFL, we sample the initial noise x1 ∼
N (0, I) and the target timestep s ∼ U(0, 1). In practice,

we perform gradient-free denoising rollouts from t = 1 to

t = s + Δt, and then execute one gradient-enabled step:

xt−Δt = xt −Δt · vθ(xt, t, p)(w./o. grad), (7)

xs = xs+Δt −Δt · vθ(xs+Δt, s+Δt, p)(w/. grad), (8)

where Δt = 1
N denotes the discrete step size with N to-

tal denoising steps. The process reward loss directly maxi-

mizes PAVRM-predicted quality at intermediate timestep s:

LPRFL = −λEs,p [rφ(xs, s, p)] , (9)

where λ controls optimization strength. Crucially, gradients

∇θLPRFL backpropagate through Eq. (8) and PAVRM rφ

0 20 40 60 80 100
Percentage (%)

SFT

RWR

RGB ReFL

22.13% 18.53% 59.33%

20.53% 16.27% 63.20%

18.80% 13.73% 67.47%

Competitor Wins Ties PRFL Wins

Figure 5. Human evaluation of PRFL model vs. other post-

training methods.

without requiring VAE decoding D(·), enabling memory-

efficient training.

Following the regularization strategy in Eq.( 3), we pre-

vent reward over-optimization by alternating with super-

vised fine-tuning on curated dataset DSFT = {(Vi, pi)}Mi=1:

LSFT = Et,(V,p) ‖vθ(xt, t, p)− (x1 − x0)‖22 , (10)

where x0 = E(V ), t ∼ U(0, 1), and (V, p) ∼ DSFT. This

balanced training strategy, alternating between LPRFL and

LSFT at each iteration, maintains generation diversity while

adapting to motion quality preferences.

5. Experiments
5.1. Experimental Setup
Dataset. We collected about 31,000 portrait videos from

online sources and generated text prompts using a video

caption model. The first frame and text prompt of each

video are fed into the Wan2.1-14B-I2V model for inference.

The generated videos are labeled by professional annota-

tors based on motion quality as qualified, partially quali-

fied, and unqualified. The partially qualified videos are fil-

tered out to enhance distinctiveness. Detailed annotation

and filtration guidelines are provided in the supplementary

materials. This process yielded a dataset comprising 24,000

real videos and corresponding generated videos. For reward

model, we utilized only the generated videos, and randomly

selected 500 samples as the test set (100 for validation, 400

for testing). For video generation, we employed only real

videos as SFT training data, and we randomly selected 100

input conditions as our test dataset from the 500-sample test

set of the reward model. We also incorporated the existing

open-source benchmark VBench [10] and VBench2 [36] to

ensure a fair comparison with state-of-the-art methods.

Training Details. We adopt Wan2.1-I2V-14B [25] as our

primary baseline. We employ the AdamW optimizer [20]

with learning rates of 1e-5 for query attention and head of

PAVRM, 1e-6 for the feature extraction of PAVRM, and 5e-

6 for PRFL. We utilize UniPCMultistepScheduler [35] with

1,000 training steps and 40 inference steps.
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Table 1. Comprehensive comparison across video generation benchmarks on text-to-video generation task. Evaluation is conducted

on Inner Test Set, VBench and VBench2. For Inner Test Set, we evaluate MS (motion smoothness), DD (dynamic degree), SC (subject con-

sistency) from VBench, HA (human anatomy) from VBench2, and our proposed PAVRM. Base model is Wan2.1-T2V-14B. Bold denotes

the best results. Blue values indicate absolute improvements of PRFL over Pretrain baseline. PRFL achieves significant improvements in

dynamic degree and human anatomy.

Method Resolution Inner Test Set VBench VBench2 Avg
MS DD SC HA PAVRM MS DD SC PAVRM HA PAVRM

Pretrain [25] 480P 99.20 22.00 97.34 84.24 89.00 98.00 68.06 92.74 97.22 74.38 69.17 81.03

SFT 480P 98.96 44.00 96.61 92.79 92.00 97.87 62.50 93.21 95.83 84.80 74.17 84.79

RWR [17] 480P 98.99 60.00 95.93 91.85 88.00 98.06 65.28 92.48 93.06 79.67 62.50 84.17

RGB ReFL [15] 480P 99.20 38.00 92.26 91.68 92.00 98.64 62.50 90.60 97.22 84.87 76.67 83.97

PRFL 480P 99.05 68.00 96.34 94.73 92.00 98.18 76.39 94.16 100.00 89.84 76.67 89.58

vs. Pretrain -0.15 +46.00 -1.00 +10.49 +3.00 +0.18 +8.33 +1.42 +2.78 +15.46 +7.50 +8.55

Pretrain [25] 720P 99.09 25.00 96.69 78.73 94.00 97.70 61.11 90.63 98.61 68.88 62.10 79.32

PRFL 720P 98.85 81.00 96.09 90.89 95.00 98.06 84.72 95.46 100.00 90.40 66.13 90.60
vs. Pretrain -0.24 +56.00 -0.60 +12.16 +1.00 +0.36 +23.61 +4.83 +1.39 +21.52 +4.03 +11.28

Table 2. Comprehensive comparison across video generation benchmarks on image-to-video generation task. Evaluation is con-

ducted on Inner Test Set and VBench. For Inner Test Set, we evaluate MS (motion smoothness), DD (dynamic degree), SC (subject

consistency), IC (i2v subject) from VBench-I2V, and our proposed PAVRM. Bold denotes the best results. Blue values indicate absolute

improvements of PRFL over Pretrain baseline. PRFL achieves significant improvements in dynamic degree.

Method Backbone Inner Test Set VBench-I2V Avg
MS DD SC IC PAVRM MS DD SC IC PAVRM

Pretrain [25] Wan2.1-I2V-14B-480P 98.66 57.00 91.73 96.86 87.00 97.86 40.65 93.86 97.21 92.28 85.31

PRFL Wan2.1-I2V-14B-480P 98.88 87.00 93.18 97.31 93.00 98.04 81.30 94.57 97.79 92.68 93.38
vs. Pretrain +0.22 +30.00 +1.45 +0.45 +6.00 +0.18 +40.65 +0.71 +0.58 +0.40 +8.07

Pretrain [25] Wan2.1-I2V-14B-720P 98.40 60.00 90.96 96.65 74.00 98.04 35.37 94.49 97.92 89.43 83.53

PRFL Wan2.1-I2V-14B-720P 99.03 76.00 92.83 98.26 90.00 98.65 68.42 95.62 98.73 95.53 91.31

vs. Pretrain +0.63 +16.00 +1.87 +1.61 +16.00 +0.61 +33.05 +1.13 +0.81 +6.10 +7.78

Comparison. For reward model, we select

VideoAlign [17] and VideoPhy [1], a state-of-the-art RGB-

based reward model. For video generation, we compare

against four post-training methods, two offline methods:

SFT [19] and reward weighted regression (RWR) [17],

and one online RL method RGB ReFL [15], which only

decodes the first frame and uses PickScore [11] as reward

model. See details in supplementary materials.

Evaluation. For PAVRM evaluation, we conduct strati-

fied random sampling of timestep t across five intervals:

[0, 0.2], (0.2, 0.4], (0.4, 0.6], (0.6, 0.8], and (0.8, 1.0].

Each test sample is randomly sampled once within each

interval, and the final average accuracy is computed. For

video generation evaluation, generated videos are produced

at 720P/480P resolution. For the text-to-video generation

task, we employ evaluation metrics from the VBench series,

including dynamic degree, motion smoothness, subject con-

sistency, and Human Anatomy, as well as the qualified ratio

across the whole test set estimated by PAVRM. Specifically,

for each test sample, we random sample a timestep t across

[0, 1.0] fed into PAVRM and get predictions 0 as unqual-

ified or 1 as qualified. For the image-to-video generation

task, additional i2v subject metric is used from the VBench

i2v series.

5.2. Video Generation

Quantitative Results. As shown in Tables 1 and 2, we

evaluate PRFL across different resolutions and tasks.

Text-to-Video Generation. In the T2V 480P setting, PRFL

substantially outperforms other post-training methods (SFT,

RWR, RGB ReFL) in dynamic degree (+46.00 on Inner Test

Set) and human anatomy (+10.49), while maintaining high

performance in motion smoothness (99.05) and subject con-

sistency (96.34). The slight decreases in MS (-0.15) and SC

(-1.00) are marginal given their already high baseline values

(99.20 and 97.34). This suggests PRFL enhances motion

dynamics without significantly compromising smoothness

or consistency. Similar trends are observed at 720P reso-

lution, with even larger improvements in dynamic degree

(+56.00) and human anatomy (+12.16).

Image-to-Video Generation. PRFL generalizes well to the

I2V task. At 480P, dynamic degree improves by +30.00 on

Inner Test Set and +40.65 on VBench-I2V, while other met-

rics either improve or remain stable (MS: +0.22, SC: +1.45,

IC: +0.45). The 720P results confirm consistent improve-

ments across metrics. These results indicate that PRFL’s

effectiveness extends beyond T2V generation.

The consistent improvements in motion-related metrics

(dynamic degree, human anatomy) across different settings,

combined with the preservation of high-level smoothness

4724



A woman in a flowing white dress dances gracefully in a minimalist modern 
studio. Her wavy hair flows with soft light, camera shifts from full-body to 

close-up of her eyes.

Four people on ornate rug—exposed brick, guitar, sax, harmonica, casual 
clothes, one woman with dreadlocks.

Pretrain

SFT

RWR

RGB ReFL

PRFL

Figure 6. Qualitative results for different post-training methods on 480P text-to-video task. The red box highlights the generated artifacts.

Zoom in for a better view. For the complete prompt, please see the supplementary materials.

Table 3. Analysis of the influence of different timestep-sampling strategies. Base model is Wan2.1-T2V-14B at 480P resolution. The

early, middle, and late stages of the denoising process refer to the first third, middle third, and final third of the process, respectively.

Method Inner Test Set VBench VBench2 Avg
MS DD SC HA PAVRM MS DD SC PAVRM HA PAVRM

Pretrain 99.20 22.00 97.34 84.24 89.00 98.00 68.06 92.74 97.22 74.38 69.17 81.03

Early Stage 99.00 51.00 96.63 87.52 85.00 98.53 48.61 96.71 95.83 78.47 67.50 82.25

Middle Stage 99.11 51.00 96.69 89.38 92.00 98.32 76.39 94.84 98.61 80.92 80.00 87.02

Late Stage 99.26 44.00 96.29 91.54 93.00 98.60 58.33 93.94 98.61 84.07 77.50 85.01

Full Stage 99.05 68.00 96.34 94.73 92.00 98.18 76.39 94.16 100.00 89.84 76.67 89.58

Table 4. Comparison of training resource consumption and effi-

ciency. PRFL achieves 1.4× speedup while processing full frames.

Here † means without SFT loss, and bold means the best perfor-

mance.

Method VRAM (GB) Time per Step (s) Speedup

RGB ReFL (full frames) OOM - -

RGB ReFL (first frame) 55.47 72.38 / 64.89† 1.00×
PRFL (full frames) 66.81 51.11 / 43.69† 1.42× / 1.49×

and consistency, demonstrate the effectiveness of PRFL.

While automatic metrics have limitations in capturing per-

ceptual quality, the quantitative results provide evidence

that PRFL successfully optimizes motion quality across di-

verse video generation scenarios.

User Study. To complement automatic metrics, we con-

duct a comprehensive human evaluation study. We ran-

domly sample 25 prompts from the test set and gener-

ate videos using PRFL and three baseline methods (SFT,

RWR, RGB ReFL). We recruit 2,250 pairwise comparisons

based on overall video quality from 30 professional partic-

ipants. Each participant evaluates video pairs and chooses

A wins/tie/B wins based on comprehensive consideration of

text instruction adherence, visual quality, and motion qual-

ity. As shown in Fig. 5, PRFL consistently outperforms all

baseline methods. These results demonstrate that PRFL’s

process-level optimization effectively improves video qual-

ity as perceived by human evaluators.

Qualitative Results. As shown in Fig. 6, we visualize

three representative frames (early, middle, and late stages)

from generated videos to compare PRFL with baseline

methods. In the dancing scenario with complex motion dy-

namics, baseline methods exhibit various artifacts: Pretrain

generates a distorted environment and figure, SFT produces

facial distortions in the close-up frame, RWR shows body

deformations, and RGB ReFL generates a failed first frame.

In contrast, PRFL generates consistent and artifact-free

frames throughout the video while maintaining smooth mo-

tion transitions and accurately following the text prompt’s

camera movement requirements. In the multi-person gui-
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Table 5. Quantitative results for different architecture PAVRMs across different timesteps on T2V and I2V tasks under 480P and 720P. The

metric is average accuracy calculated after randomly sampling a time step within each time step range for every test sample. Bold means

best performance.

Method Base Model Task [0, 0.2] (0.2, 0.4] (0.4, 0.6] (0.6, 0.8] (0.8, 1.0] Avg

Resolution: 720P
VideoAlign [17] VLM I2V - - - - - 78.83

VideoPhy [1] VLM I2V - - - - - 77.04

Mean Pooling VGM I2V 82.40 82.91 83.67 85.46 82.40 83.37

Max Pooling VGM I2V 80.61 80.10 80.61 77.30 73.72 78.47

Attention w./o. query VGM I2V 80.36 84.44 84.95 84.18 83.16 83.42

Attention w./ query VGM I2V 83.42 84.95 84.69 84.44 83.42 84.18
Attention w./ query VGM T2V 82.40 84.69 84.69 84.44 84.44 84.13

Resolution: 480P
Attention w./ query VGM I2V 83.67 84.18 84.69 84.69 79.85 83.42

Attention w./ query VGM T2V 81.89 83.93 84.18 83.93 83.16 83.42

tar scene, baseline methods struggle with anatomical cor-

rectness (e.g., distorted hands and faces highlighted in red

boxes), whereas PRFL maintains visual quality and gen-

erates anatomically plausible human figures and objects

across all frames. These qualitative comparisons demon-

strate that PRFL effectively reduces generation artifacts

while preserving motion coherence in challenging scenar-

ios. We also provide many human and non-human video

cases in the supplementary materials.

Sensitivity to Sampling Timesteps. We analyze how dif-

ferent denoising stages affect generation quality by train-

ing PRFL with timestep sampling restricted to early, mid-

dle, and late stages of the denoising process, comparing

against full-range sampling. As shown in Table 3, early and

middle stages primarily govern dynamic degree and mo-

tion quality—both achieve DD of 51.00 on Inner Test Set,

with the middle stage showing stronger VBench improve-

ments (76.39 vs. 48.61). Late-stage sampling contributes

less to dynamics (DD: 44.00) but substantially improves

human anatomy (HA: 84.24→91.54). Full-range sampling

achieves optimal overall performance (Avg: 89.58, DD:

68.00, HA: 94.73), demonstrating that optimizing across all

denoising stages is essential for balancing motion and struc-

ture quality.

Computational Efficiency. As shown in Table 4, we

measure the peak VRAM consumption and average time

per training step for different ReFL algorithms, both with

and without the SFT loss component. The results demon-

strate that PRFL can decode all 81 frames while maintain-

ing peak VRAM usage within 67 GB, which is practical for

most mainstream GPU clusters. Notably, RGB-ReFL en-

counters out-of-memory errors when attempting to process

full 81-frame sequences and must resort to first-frame-only

training. Despite processing significantly more visual in-

formation (81 frames vs. 1 frame), PRFL achieves a 1.42×
to 1.49× training speedup compared to the first-frame-only

RGB-ReFL baseline.

5.3. Reward Model

Architecture Selection and Timestep Analysis. As

shown in Table 5, we evaluate the accuracy of PAVRM

across different denoising stages and compare various ag-

gregation methods. Attention w./ query achieves the best

average performance (84.18% for I2V at 720P) and main-

tains stable accuracy across all timestep ranges, while sim-

pler methods like Max Pooling suffer significant degrada-

tion in later stages. Our reward model training approach

demonstrates strong generalization across different tasks

(T2V vs. I2V), resolutions (480P vs. 720P), and timestep

ranges, maintaining over 83% average accuracy in all eval-

uated settings.

6. Conclusion

We present an RLHF framework for aligning video gen-

eration models with human preferences through process-

level reward modeling and optimization. Our Process-

Aware Video Reward Model (PAVRM) evaluates motion

quality directly from noisy latent representations at arbi-

trary timesteps using query-based aggregation for variable-

length videos. Process Reward Feedback Learning (PRFL)

enables memory-efficient fine-tuning by operating in latent

space, eliminating VAE decoding overhead. Experiments

demonstrate substantial motion quality improvements with

large memory reduction and at least 1.4× training speedup

versus pixel-space methods.

Limitations and Future Work. Our method focuses on

motion quality and may benefit from multi-aspect evalua-

tion covering aesthetics and semantics. Future work could

explore hybrid reward frameworks, richer preference sig-

nals, and extensions to controllable generation and video

editing.
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