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Abstract. Physical principles are fundamental to realistic visual sim-
ulation, but remain a significant oversight in video generation. This
gap highlights a critical limitation in rendering rigid body motion, a
core tenet of classical mechanics. While computer graphics and physics-
based simulators can easily model such dynamics using Newton for-
mulas, modern video generative models discard the concept of object
rigidity during pixel-level global denoising. Existing methods attempt
to tackle this problem through physical data augmentation, dynamics
pre-simulation, or reinforcement learning with VLM ratings, but none
of these approaches accurately reflect physical principles or enable the
model to internalize physical knowledge. Motivated by these considera-
tions, we introduce reinforcement learning with physically verifiable re-
wards. We design a quantitatively verifiable metric that combines Trajec-
tory Offset and Collision Detection, which can accurately capture rigid-
body motion states and assess the quality of generated samples. Subse-
quently, we extend this paradigm to a unified post-training framework,
termed Mimicry-Discovery Cycle, which enables stable training on
out-of-distribution scenarios while improving overall model performance.
To validate our approach, we construct new benchmark PhysRVGBench
and perform extensive qualitative and quantitative experiments to thor-
oughly assess its effectiveness. The code and demo can be found at
https://lucaria-academy.github.io/PhysRVG/.

Keywords: Physically Verifiable Rewards · Mimicry-Discovery Cycle ·
Rigid Body Motion

1 Introduction
Physical principles form the foundation of realistic visual simulation, governing
how objects move, interact, and respond to forces in the real world [3,18,30,37].
From rigid body motion to the deformation of soft materials, physical laws estab-
lish the continuity and coherence that make dynamic scenes appear physically
plausible. In traditional computer graphics and simulation pipelines [21,56], such
principles are explicitly encoded through Newtonian mechanics and numerical
solvers [36,38], ensuring that visual outcomes remain physically consistent.

*Work done during internship at Ant Group.
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Fig. 1: Samples generated by PhysRVG. Our model produces videos with physically
plausible rigid body dynamics. Rows1–4 display four fundamental types of motion ad-
dressed in our work, row5 validates the generalization in out-of-distribution scenarios.

However, recent advances in transformer-based video generation have shifted
the focus toward data-driven synthesis, where realism emerges statistically from
large-scale training rather than from explicit physical modeling [1,10,11,35,49].
While this paradigm has enabled remarkable progress in semantic understand-
ing and visual fidelity [27, 37], it remains inherently limited in representing the
underlying dynamics of physical real motion. The absence of embedded physical
constraints leads to inconsistencies such as unstable trajectories [22], implausi-
ble collisions [1], and a lack of temporal coherence [4], especially when modeling
rigid body motion governed by classical mechanics [23,32].

Recently, many works have attempted to address this problem. We summarize
the core ideas across methods in Fig. 2. Yet, existing approaches still suffer from
inherent limitations: they cannot accurately reflect physical principles or enable
the model to internalize physical knowledge. We therefore ask whether it is
possible to design a method that can accurately capture the motion process and
faithfully reflect physical rules, providing precise optimization signals to guide
the model toward physically plausible trajectories.

Motivated by these insights, we introduce PhysRVG, a reinforcement learn-
ing with physically verifiable rewards paradigm. In this work, we focus on Rigid
Body Motion [32] as the core representation of physical behavior. Most rigid body
motions fall within the scope of classical mechanics, where object states can be
precisely modeled as the temporal variation of coordinates. To quantitatively ver-
ify and evaluate motion plausibility in videos, we introduce a physics-grounded
reward function that integrates Trajectory Offset and Collision Detection. The
former reflects motion accuracy, while the latter encourages the model to focus
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Fig. 2: Core Idea Comparison of Different Methods. Four distinct methodologies
for enhancing physical realism are illustrated from left to right. (1) Physics-Rich Data
Fine-tuning fundamentally learns statistical similarities in pixel distributions, failing
to acquire a genuine understanding of underlying physical dynamics. (2) Simulator-
based Conditioning leverages MLLMs or physics engines to generate motion priors
(e.g., optical flow) as spatial-temporal controls, which prevents the generation model
from internalizing intrinsic physical knowledge. (3) RL with Subjective Feedback uses
human or MLLM preferences for post-training. Unfortunately, MLLMs and human
subjective rating lack the precision to accurately evaluate the physical correctness of
samples. (4) In contrast, our proposed method utilizes physically verifiable metrics to
precisely quantify the physical realism of each sample, providing the model with precise,
physics-grounded optimization guidance, enabling it to truly internalize physical laws.

on challenging collision events. However, simply combining this reward function
with RL algorithm resulted in highly unstable training and suboptimal perfor-
mance. We attribute this to the model’s inability to generate reasonable samples
in out-of-distribution scenarios within limited attempts, thereby preventing RL
from providing effective optimization signals in challenging scenarios. To ad-
dress this, we extend PhysRVG into a unified post-training framework through
the proposed Mimicry-Discovery Cycle (MDcycle).

This method dynamically alternates between the “Mimicry” and “Discovery”
phases based on rollout quality. During the “Mimicry” phase, the model cap-
tures visual patterns from the data and mitigates unreliable reward signals in
standard reinforcement learning. Conversely, the “Discovery” phase enables the
model to progressively internalize physical rules, facilitating a smooth transition
from data-driven learning to physics-consistent generation.

For comprehensive training and evaluation of PhysRVG, we construct Phys-
RVGBench, a benchmark comprising 700 videos collected from game footage,
online sources, and in-house recordings. These videos cover four types of rigid
body motion: collision, pendulum, free fall, and rolling. For each generated video,
we compute two key evaluation metrics, Intersection over Union (IoU) [43] and
Trajectory Offset (TO), which provide precise, quantitative measures of physical
plausibility in rigid body dynamics. Experimental results in Fig. 1 and Sec. 4
validate the effectiveness of our approach across a wide range of physical and
visual settings. Our key contributions include:
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– We are the first to introduce reinforcement learning with physically verifiable
rewards into video generation. We propose a physics-grounded reward that
can accurately evaluate the plausibility of rigid body motions.

– We propose a new post-training algorithm MDcycle, which enables stable
training on out-of-distribution and challenging scenarios while improving
overall model performance.

– We construct a new benchmark, PhysRVGBench. Extensive quantitative and
qualitative experiments demonstrate that PhysRVG outperforms state-of-
the-art video generation models in both visual realism and physical accuracy.

2 Related Work

2.1 Physics-Aware Video Generation.

While modern video generative models [11, 15, 22, 39, 46, 47, 53, 60] can render
highly realistic frames, their grasp of physical laws remains insufficient [6,19,27,
54]. Methods to enhance physical fidelity in video generation can be categorized
by how they inject knowledge [2,7–9,16,25,26,28,48,63]. The first class conditions
generation on explicit motion priors. PhysGen [32] derives motion sequences from
rigid body dynamics simulation, GPT4Motion [34] leverages GPT-4o planning
and Blender simulation to obtain edge maps and depth maps, NewtonGen [62]
and PhysAnimator [55] use optical flow as input guidance. These methods de-
pend heavily on the quality and coverage of the simulator. The second approach
expands training data with more physics related examples. Wisa [52] builds a
dataset containing multi-level basic physics knowledge and finetune the model
using MoE. Pisa [23] collects free fall videos and applies post-training to teach
the model specific physical behaviors. However, such methods inherently con-
fine the model’s capabilities to the motion modes represented in the curated
datasets. The third class learns from reward feedback. PhyT2V [57] employs
a MLLM to iteratively evaluate generations and refine textual prompts, while
PhysMaster [20] uses human feedback to rank samples and applies DPO [41] for
preference optimization. These pipelines depend on subjective feedback, while
our method leverages Trajectory Offset (TO) and Collision Detection, which can
quantitatively and accurately assess the quality of generated samples.

2.2 Reinforcement Learning for Generative Model.

Reinforcement learning has achieved strong success in large language models [12,
40,59]. RLHF [14] uses human ranking and preferences as feedback and optimizes
the model with Proximal Policy Optimization(PPO) [44]. DeepSeek -R1 [13] uses
verifiable outcomes as feedback and applies Group Relative Policy Optimiza-
tion(GRPO) [45] to greatly improve reasoning. Compared to PPO, GRPO is
more efficient because it does not require training a separate value model. Moti-
vated by these successes, DDPO [5] brings reinforcement learning into diffusion-
based generative models and formulates the denoising process as a Markov De-
cision Process(MDP). Recently, Flow-GRPO [31] and DanceGRPO [58] push
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GRPO into flow matching models by converting ODE sampling into equiva-
lent SDE sampling and adding tunable exploration noise. For faster training,
MixGRPO [24] proposes a hybrid ODE-SDE strategy. The model reaches com-
petitive results with very few optimization steps and a short training time.
TempFlowGRPO [17] and G2RPO [64] leverage the intrinsic temporal struc-
ture of flow-based models and address uneven credit assignment under sparse
rewards. Existing methods are largely confined to the image domain and focus
on low level attributes such as style changes. In contrast, our method extends to
high level semantic attributes in videos, such as object motion, which are more
complex and harder to optimize.

3 Methodology

In this section, we first present the necessary background on reinforcement learn-
ing and flow matching in Sec. 3.1. In Sec. 3.2, we define our task and articulate
its relationship with physical knowledge. Subsequently, Sec. 3.3 details the de-
sign of our reward function. We then present MDcycle, a unified post-training
method in Sec. 3.4. Finally, Sec. 3.5 outlines the overall training pipeline. The
overall framework of PhysRVG is illustrated in Fig. 3.

3.1 Preliminary

Flow Matching. Flow Matching [29,33] treats generation as a denoising process
from noise to data. Assume x0 is sampled from real data and x1 is sampled from
Gaussian noise distribution. The intermediate sample xt is a linear interpolation
of x0 and x1, defined as: xt = (1− t)x0 + tx1. A generative model is trained to
predict the velocity field v = x1−x0. The optimization objective for this process
can be formulated as:

L(θ) = Et,x0∼X0,x1∼X1
[∥v − vθ(xt, t)∥2]. (1)

Reinforcement Learning. According to Flow-GRPO [31] and DanceGRPO [58],
the ODE governing the Flow Matching denoising trajectory can be convert to
SDE while preserving the same marginal distributions, the SDE denoising pro-
cess can be formulated as:

dxt =

[
vt +

σ2
t

2t
(xt + (1− t)vt)

]
dt+ σt dw (2)

where vt is the predicted velocity, σt is a hyperparameter controlling the strength
of stochastic noise (i.e., the intensity of exploration in RL), and w represents
standard Brownian motion.

GRPO estimates the advantage value for each sample by comparing it against
other samples within the same group. Given a group of G samples {xi

0}Gi=1

generated from the same condition c, the advantage corresponding to the i-th
sample is formulated as:

Ai
t =

r(xi
0, c)− mean({r(xj

0, c)}Gj=1)

std({r(xj
0, c)}Gj=1)

(3)
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Fig. 3: The framework of PhysRVG. Given a text prompt and context frames, the
model generates future video frames. For both the groundtruth and sampled frames,
we derive motion masks M by prompting SAM2 [42] with object coordinates p1 from
the first frame, which are annotated during data preprocessing. We then compute
object trajectories P and perform collision detection. The trajectory offset O between
the sampled and groundtruth trajectories is calculated and reweighted by the collision
signal wt to yield a weighted trajectory offset Oc, which serves as the per-sample score.

The GRPO algorithm then optimizes the policy model by maximizing the
following objective:

J(θ) =
1

G

G∑
i=1

1

T

T−1∑
t=0

(
min

(
rit(θ) Â

i
t,

clip(rit(θ), 1− ϵ, 1 + ϵ) Âi
t −DKL(πθ ∥πref)

))
, (4)

where rit(θ) =
pθ(x

i
t−1|x

i
t,c)

pθold
(xi

t−1|xi
t,c)

serves as an importance sampling ratio, correct-
ing for the bias of evaluating the current policy using data generated by an older
one. The DKL term acts as a regularizer to promote training stability.

3.2 Physics-Grounded Task Definition

Physical laws provide a natural foundation for defining verifiable tasks in video
generation. Among them, rigid body motion serves as a fundamental and well-
defined phenomenon that enables quantitative evaluation. It exhibits two intrin-
sic properties: (1) Observability: the motion of a rigid body can be precisely
represented through coordinate transformations, and its position is directly mea-
surable from video frames; (2) Determinism: given the initial position and
velocity, the subsequent trajectory of a rigid body is uniquely determined by
Newtonian mechanics. These properties make rigid body motion suitable for
verifying the physical plausibility of generated videos. In this work, we consider
four representative types of motion: collision, pendulum, free fall, and rolling.
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Specifically, our task can be formulated as simulating the rigid body dynamics
by generating future frames based on the observed initial frames. Given the
initial Tobs frames {I1, I2, . . . , ITobs

} and text prompt c, we aim to generate the
subsequent Tpred frames {ITobs+1, . . . , ITobs+Tpred

}. This can be expressed as:

Î1:Tobs+Tpred
= Fθ (I1:Tobs

, c) (5)

Where Tobs > 1 (i.e., the number of context frames > 1), in this Video-to-
Video setting, the context frames provides sufficient physical initial states (e.g.,
position and velocity), so the subsequent motion is deterministic and can be
quantitatively verified. By contrast, in Tobs = 1 setting (Image-to-Video), a
single initial frame does not provide enough physical initial conditions, many
future motions are plausible, making verification infeasible. We provide further
analysis in the Appendix.

Building on this definition, we further formulate a physics-grounded reward
function that quantitatively measures how well the generated videos aligns with
physical laws. The details of the reward modeling are described in Sec. 3.3.

3.3 Reward Modeling

To enable physics-aware reinforcement learning, we design a new reward function
guided by the principles established in the Physics-Grounded Task Definition. In
reinforcement learning, the key challenge lies in designing reliable feedback for
generated outputs, which directly determines the model’s stability and learning
direction. Many previous works [20,57] rely on MLLM or human evaluations as
the feedback signals, which are inherently subjective and coarse-grained. Such
feedback cannot precisely verify the physical plausibility of generated videos and
also fails to capture the relative quality among samples. Therefore, in this paper,
we propose a new Physics-Grounded Metric for reward modeling, which consists
of two core components: the Trajectory Offset and the Collision Detection.
Trajectory Offset. Since we establish a Physics-grounded Task Definition,
where the motion of a rigid body is represented by the variation of its center co-
ordinates, we then denote the trajectory of the object by p1:T = {p1, p2, . . . , pT },
where pt ∈ R2 indicates the center position of the object at frame t. Because
rigid body motion does not involve deformation, the coordinate sequence p1:T
can precisely reflect both positional and velocity changes over time. During data
preparation, we manually annotate the object’s center coordinate p1 in the first
frame. In collision scenarios, two objects are annotated, corresponding to the ac-
tive and passive bodies, while in other scenarios only one object is annotated. As
shown in Fig. 3, given the annotated initial coordinate p1, both the groundtruth
and generated videos are processed by SAM2 [42] to extract motion mask se-
quences Mgt

1:T and M sample
1:T . We then compute the mean pixel of each mask as

the object center:

pgt
1:T = Center(Mgt

1:T ), p
sample
1:T = Center(M sample

1:T ) (6)
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Lastly, we quantify the Trajectory Offset(TO) between the generated and ground-
truth trajectories by computing the frame-wise deviation:

O =
1

NT

N∑
s=1

T∑
t=Tobs

∥∥∥pgt
t,s − psample

t,s

∥∥∥
2

(7)

where N denotes the number of annotated rigid bodies in the scene and pgt
t,s

and psample
t,s represent the 2D coordinates of the s-th object at frame t in the

ground-truth and generated videos, respectively.
Collision Detection. Optimizing the model only with the offset in Eq. 7 causes
reward hacking, where it favors simple linear motions and avoids complex colli-
sions (Sec. 4.3). To address this, we upweight losses near collision frames, guiding
the model to focus on critical physical interactions. Specifically, given the object
trajectory p1:T = {p1, p2, . . . , pT }, we compute the velocity sequence v2:T , where
each term is defined as vn = pn−pn−1

∆t , Then, the acceleration sequence a3:T is
derived by an = vn−vn−1

∆t . According to Newton’s second law F = ma, the oc-
currence of a collision can be detected by sudden changes in acceleration. The
detection method is provided in our Appendix. We identify the set of collision
timestamps C and their adjacent timestamps Cadj = {t ± 1 | t ∈ C} \ C. To em-
phasize these critical moments, a temporal weight wt is assigned to each frame
t as follows:

wt =


wcol, if t ∈ C
wadj , if t ∈ Cadj

w, otherwise
(8)

wcol,wadjand w are hyperparameters, we provide an ablation study of their effects
in Sec. 4.3 and Appendix. Finally, the weighted trajectory offset is expressed as:

Oc =
1

NT

N∑
s=1

T∑
t=Tobs

wt

∥∥∥pgt
t,s − psample

t,s

∥∥∥
2
, (9)

The offset Oc measures trajectory discrepancies between generated and groundtruth
motions, where smaller values indicate higher accuracy and stronger physical
consistency. During reinforcement learning, the reward is defined as its nega-
tive, R = −Oc, so that higher rewards correspond to smaller trajectory errors,
guiding the policy toward physically accurate and temporally coherent motion
generation.

3.4 Mimicry-Discovery Cycle

Despite being capable of reinforcement learning, the model encounters a critical
challenge (Fig. 4). When trained purely with GRPO, the model tends to perform
worse on out-of-distribution samples even as it continues to improve on easier
ones. This phenomenon arises because the model fails to generate high-quality
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Fig. 4: (a) GRPO Training loss for samples of varying quality. (b) MDcycle Train-
ing loss for samples of varying quality. (c) Number of samples assigned to the
Mimicry and Discovery branches throughout MDcycle.

outputs in these challenging scenarios, leaving it insufficiently prepared for ef-
fective exploration in reinforcement learning. To address this issue, we apply
the Flow Matching loss to these out-of-distribution cases, providing fine-grained
pixel-level supervision that improves convergence. As evidenced in Fig. 4(b,c),
the model converges on samples from both distributions, and the proportion of
“Mimicry” branch samples gradually decreases during training, indicating that
the model progressively acquires the capability for “Discovery”.

Specifically, given a textual condition c and a context video I1:Tobs
, the model

generates a group of video samples {xi
o}Gi=1. Each sample is evaluated by the

evaluate function Oc described above, and we compute per-sample advantage
value {Ai}Gi=1 using Eq. (3). Additionally, we compute the group-average tra-
jectory offset Ōc = 1

G

∑G
i=1 Oc(x

i
0, c) to assess the performance on this group.

We introduce a hyperparameter Threshold to control the strategy switch: when
Ōc > Threshold, it indicates that the model performs poorly on this case, and
we add an additional Flow Matching loss term LM to guide optimization. Oth-
erwise, the training relies primarily on the RL objective LD = −J(θ) Eq. (4).
Formally, the unified optimization objective is defined as:

L = LD + αLM , (10)

where α =

{
1, if Ōc > Threshold

0, otherwise.

MDcycle essentially operates under a reinforcement learning framework, which
is more complex than standard fully finetune or PEFT such as LoRA. Due to
space limitations, we provide only a brief description here and include the full
pseudocode in the Appendix.

3.5 Training Pipeline

We follow a I2V-V2V-RL training pipeline that gradually transitions the model
from conventional image-to-video generation to physics-aware video-to-video
generation. We start from a pretrained diffusion transformer with strong vi-
sual priors and adapt it to V2V in the first stage. Specifically, we replace the
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Table 1: Quantitative comparisons with existing methods on Vbench, VideoPhy-2
(SA, PC) and PhysRVGBench (IoU, TO). The best results are shown in bold, and the
second best are underlined.

Model Subj.
Cons.↑

Back.
Cons.↑

Image
Qual.↑

Moti.
Smoo.↑

Dyna.
Degr.↑

Aest.
Qual.↑

Temp.
Flic. ↑

Total
Score↑ SA↑ PC↑ IoU↑ TO ↓

Wan2.2 14B 94.75 95.94 60.66 99.21 50.00 38.61 98.64 76.83 0.64 0.34 0.12 162.40
Kling2.5 95.32 95.56 64.85 99.47 57.14 40.29 98.76 78.77 0.70 0.41 0.23 103.22
HunyuanVideo 95.99 96.75 59.80 99.47 46.00 41.28 99.06 76.97 0.60 0.32 0.10 181.62
Magi-1 97.03 97.40 60.66 99.57 48.28 37.67 99.55 77.16 0.67 0.38 0.27 113.42
VideoMAR 92.86 92.43 57.92 97.59 49.78 35.08 94.44 74.31 0.62 0.32 0.31 109.43
CosmosPredict2 93.88 97.35 60.27 98.71 52.74 37.56 97.88 76.91 0.70 0.39 0.33 79.67

PhysRVG 96.97 97.74 64.96 99.63 52.00 41.36 99.58 78.89 0.76 0.44 0.64 15.03

original image condition with the first Tobs = 5 frames of the input video and
perform full-parameter fine-tuning on our training set using the Flow Match-
ing loss, enabling basic temporal generation capability. In the second stage, we
focus on improving physical consistency through training under the MDcycle
framework, using a parameter-efficient weight setup (LoRA) and reinforcement
feedback guided by the Physics-Grounded Metric. This staged pipeline ensures
stable optimization while introducing physics-aware objectives.

4 Experiment

4.1 Experimental Settings

Dataset. Our training data consist of both open-source and proprietary video
collections, totaling approximately 10M samples. The open-source portion in-
cludes Panda-70M, InternVid, and WebVid-10M, providing diverse motion scenes
and visual contexts. To supplement these, we additionally collect proprietary
video data, including real-world competition footage, synthetic videos recorded
in video games, and real experiments captured using our own recording equip-
ment. For high-quality rigid-body motion data, which are relatively scarce, we
manually curate and annotate about 700 video samples covering various motion
types such as collision, rolling, pendulum, and free fall. Among them, around
50 videos are separated as the benchmark test set, which is completely excluded
from training. Representative samples are provided in the Appendix.
Evaluation Metrics. We adopt VBench [19] to evaluate visual fidelity and
VideoPhy-2 [4] to evaluate physical realism in generated videos. To further eval-
uate physical realism in the rigid body motion, we employ PhysRVGBench, which
measures the discrepancy between generated and ground-truth motions using
Intersection-over-Union (IoU) and Trajectory Offset (TO) to capture spatial
overlap and trajectory deviation. Details of our newly proposed IoU and TO are
provided in Appendix.
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“ The red ball on the far right moves in a straight line and collides with the yellow ball on the far left, with the motion …”

“ The video depicts a curling game. The bottommost blue curling stone is launched and strikes the leftmost blue curling…”

“ The white ball rolls straight toward the red ball and strikes it, while the camera remains static throughout.”

 “ A row of dominoes is arranged horizontally. The rightmost domino falls to the left first, sequentially knocking over the dominoes …”

“ The video shows a standard Newton’s cradle: the ball on the right swings down and strikes the other four stationary balls …”

“ The video shows two tennis balls rolling toward each other and colliding, with the camera remaining static.”

Fig. 5: Qualitative comparisons with existing methods. We include the original
videos for all cases in the Supplementary Materials.

4.2 Experimental Results

General Comparisons. We compare our approach against current state-of-
the-art I2V and V2V models using 50 video samples from the test set. To ensure
a fair comparison, we standardize the video generation settings and carefully
design prompts to guide models in generating the corresponding motion dynam-
ics. Tab. 1 presents quantitative results on VBench [19], VideoPhy-2 [4], and
PhysRVGBench. Our method surpasses SOTA models across all benchmark,
with particularly significant gains on VideoPhy-2 and PhysRVGBench. This in-
dicates that while current SOTA models excel in visual fidelity, they struggle
significantly with physical realism. We provide visual comparisons in Fig. 5,
demonstrating that our method generates videos with greater physical plau-
sibility. Rows 1-2 illustrate composite motions involving linear movement and
collisions. We observe that HunyuanVideo [22] produces incorrect collision tra-
jectories for the curling stone, and Kling2.5 [50] fails to accurately comprehend
the text prompt. Rows 3 show that an unexpected human appears in the results
generated by Wan2.2 [51], and the billiard motion is chaotic. These errors are
consistent with a human-centric dataset bias that favors generating people over
enforcing physical plausibility. Rows 4-6 depict more complex rigid body colli-
sions. In the outputs of Magi-1 [1], CosmosPredict2 [39], and VideoMAR [61],
objects become entangled or exhibit irregular motion. In contrast, PhysRVG pre-
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Fig. 6: Comparison with Physics-Aware Methods.

serves physical integrity and motion coherence across these settings, accurately
capturing rolling and collision behaviors and reflecting a sound grasp of rigid
body physics. We include the original videos in the Supplementary Materials, all
results are produced with a single random seed without manual selection.
Comparison with Physics-Aware Methods. We compare our method with
several physics-aware approaches in Fig. 6, including PhysGen [32], PhysGen3D [9],
and NewtonGen [62]. However, due to substantial differences in problem settings,
a strictly fair comparison is difficult. Specifically, our method extrapolates fu-
ture frames conditioned on a few context frames, whereas these methods require
simulating the entire motion trajectory in advance to obtain a motion prior.
Here, we mainly investigate whether our method can generalize to their scenar-
ios. To this end, we collect videos generated by these methods, use their first five
frames as context frames, and generate the subsequent frames. We find PhysRVG
can infer plausible motion dynamics from limited initial physical conditions, and
remains effective across different resolutions and out-of-distribution scenarios.

4.3 Ablation Study

Analysis of Key Design Components. We conduct an overall quantitative
evaluation of key design components in Tab. 2 and revisit the role of them. The
finetuning stage converts the I2V model into a V2V model, enabling it to gener-
ate coherent frames conditioned on the given context frames. Finetuning alone
causes the model to produce motion with random trajectories, so we use rein-
forcement learning to steer the model toward physically plausible trajectories.
However, applying GRPO alone makes training unstable and often yields sub-
optimal results. MDcycle effectively addresses this issue and we will analyze it
further later. Visual inspection shows that the model still struggles at very subtle
moments of collision. We therefore extend the reward with Collision Detection
to better optimize these critical instants and we will discuss it in the following.
As shown in Tab. 2, this series of strategies leads to consistent improvements.
MDcycle. We further conduct an ablation study to evaluate MDcycle. As shown
in Fig. 7 and Fig. 8, MDcycle achieves smoother convergence and higher final
performance than GRPO. The reward curves in Fig. 7(a) show that MDcycle
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Table 2: Ablation study of the key design components on Vbench, VideoPhy-
2 (SA, PC) and PhysRVGBench (IoU, TO). From top to bottom, modules are added
sequentially to the previous configuration. (e.g., “+GRPO” = Baseline + FT + GRPO).

Model Subj.
Cons.↑

Back.
Cons.↑

Image
Qual.↑

Moti.
Smoo.↑

Dyna.
Degr.↑

Aest.
Qual.↑

Temp.
Flic. ↑

Total
Score↑ SA↑ PC↑ IoU↑ TO ↓

Baseline 86.64 90.35 59.06 97.87 56.00 37.02 97.11 74.86 0.57 0.21 0.15 162.78
+Fine-tuning(FT) 94.77 97.48 61.23 99.08 51.02 39.77 98.82 77.45 0.63 0.34 0.41 48.60
+GRPO 95.21 97.36 62.27 99.32 51.82 40.23 99.18 77.91 0.69 0.38 0.52 26.38
+MDcycle 96.17 97.49 63.88 99.75 51.79 41.19 99.44 78.53 0.74 0.43 0.62 19.47
+Collision Detect 96.97 97.74 64.96 99.63 52.00 41.36 99.58 78.89 0.76 0.44 0.64 15.03

Train Step
(a)

IoU  0.0~1.0 Trajectory Offset  0.0~25.0

(b)
FT

(c)
FT + GRPO

(d)
FT + MDcycle
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Fig. 7: (a) Reward Curve of GRPO and MDcycle. (b)(c)(d) Metric Distribution
under different training strategies.
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Fig. 8: Ablation Study of the MDcycle.

converges steadily and reaches higher rewards, while pure GRPO training re-
mains unstable during the initial 50 steps. This instability arises because the
model cannot produce reliable outputs in out-of-distribution scenarios within
limited exploratory attempts. A similar pattern is observed in the metric distri-
butions of sampled results, as shown in Fig. 7(b,c,d). Compared with FT and
FT+GRPO, MDcycle increases the proportion of high-quality samples, such as
those with TO in [0, 5] and IoU in [0.8, 1.0], and significantly reduces low-quality
cases, such as those with TO in [15, 25] and IoU in [0.0, 0.4]. Together, these re-
sults demonstrate that MDcycle provides greater training stability and stronger
physical consistency. Fig. 8 shows results in a complex scenario involving large
range motion and collisions. While FT and FT+GRPO produce random trajec-
tories under different random seeds in this setting, indicating that the model
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GT  (Impact moment) FT FT+MDcycle 
FT+MDcycle 

+ Collision DetectionInput

Fig. 9: Ablation Study of the Collision Detection.

Table 3: Hyperparameter Analysis. All comparisons are conducted under the
same data and GPU-hours budget. (a) SDE Interval. (b) Noise Intensity σt. (c)
Threshold(TH) in Eq. (10). The best configuration is marked in gray .

SDE Window NFE IoU↑ TO↓
75% – 100% 2 0.64 15.03
50% – 100% 2 0.63 15.58
25% – 100% 2 0.61 17.07
0% – 100% 16 0.55 27.24

(a)

σt IoU↑ TO↓
0.2 0.61 17.31
0.6 0.64 15.83
1.0 0.64 15.03
1.4 0.62 16.91

(b)

TH IoU↑ TO↓
4 0.57 22.39
8 0.64 15.03
12 0.61 16.97

(c)

has not truly learned the physical rules, FT+MDcycle generates consistent and
physically plausible trajectories across seeds. This suggests that MDcycle steers
generation toward physically plausible trajectories.
Collision Detection. We conduct an ablation study to evaluate the effect of
collision-aware design in the reward model. Fig. 9 presents the qualitative results,
where the FT model produces artifacts such as object disappearance and inaccu-
rate trajectories, and MDcycle improves motion smoothness but fails to handle
collisions correctly. Incorporating collision-aware rewards eliminates these issues
and yields physically consistent motions.
SDE Interval. We conduct a hyperparameter study on the hybrid SDE-ODE
sampling strategy to evaluate its effect on RL training efficiency. Within each
sampling window, two consecutive steps use an SDE sampler, and all remaining
sampling steps use an ODE sampler. Results in Tab. 3a show that SDE sampling
performs best in high-noise regions, indicating that stochastic exploration at
early noisy stages enhances semantic learning and overall stability.
Noise Intensity. σt in Eq. (2) controls the noise intensity, which determines
how broadly the model explores the solution space. In most cases, the value is set
lower than the optimal 1.0 reported in Tab. 3b (e.g., 0.3 in DanceGRPO), since
excessive noise may degrade the model’s original performance and training sta-
bility. In PhysRVG, we encourage active exploration of physical knowledge, mak-
ing a higher noise ratio desirable. Stable training under this setting is achieved
because the V2V process provides an unbiased initialization, ensuring reliable
convergence.
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Threshold. We analyze the Threshold in Eq. (10), which regulates the balance
between mimicry and discovery. As shown in Tab. 3c, a small threshold causes
over-mimicry and limits exploration, whereas a large one weakens guidance and
destabilizes training. A proper threshold allows the model to adaptively transi-
tion from mimicry-driven stabilization to discovery-driven exploration, achieving
a balanced and self-regulated learning process.

5 Conclusion
We present PhysRVG, a unified reinforcement learning framework with physically
verifiable rewards. It enhances the physical modeling ability of video generative
models. Conventional pretrain–finetune paradigms focus on pixel reconstruction
and perceptual quality while neglecting physical realism. To overcome this, we
introduce a physics-grounded metric that measures motion fidelity and integrate
abstract physical knowledge through MDcycle. We also develop PhysRVGBench,
a benchmark for evaluating rigid body motion quality. Extensive experiments
demonstrate the effectiveness of our approach. Future works, limitations, and
ethical considerations are provided in Appendix.
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