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Abstract

While recent video generation models achieve impressive
visual quality, generating physically plausible videos re-
mains challenging, especially for fluid dynamics and rigid-
body motions. To address this, we present NS-Diff, a
physics-guided reinforcement learning framework for video
diffusion. First, we design a noise-robust physical dynamics
detector that distinguishes rigid and fluid regions by ana-
lyzing motion in noisy latent frames. Second, we introduce
a Physics-Conditioned Latent Injection module, which en-
codes velocity fields, deformation gradients, and material
masks, and injects them into the DiT denoiser via cross-
attention. Third, we introduce a reinforcement learning
optimization module that enforces simplified Navier-Stokes
constraints on fluid dynamics and minimum-jerk principles
on rigid bodies through policy gradients. Experiments on
PhysVideoBench, UCF, and MSR-VTT show that our ap-
proach reduces jerk errors by 43%, decreases fluid diver-
gence by 33%, and improves FVD by 22.7%, achieving
higher physical plausibility and visual quality.

1. Introduction
Recent advancements in video generation, largely driven by
the development of diffusion-based architectures [14, 27,
33], have led to models like SORA [4], which achieve re-
markable visual fidelity and long-term coherence. However,
as demonstrated in Fig. 1, these models frequently generate
physically implausible motions despite their visual quality.
For instance, rigid objects in generated videos may deform
like soft bodies [4]. Without incorporating physical con-
straints, video generation models remain vulnerable to pro-
ducing artifacts that break physical realism, highlighting the
need for methods that integrate physics-aware principles to
improve motion credibility.

Integrating physics into video generative models is chal-
lenging. Existing approaches either extract physical cues
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without explicit modeling, or rely on computationally ex-
pensive simulations and manually predefined constraints.
For example, VideoJam [6] captures motion and physical
representations from video sequences but does not enforce
governing physical laws. Some methods, such as Xu et
al. [43], enforce physical consistency in 3D shape gen-
eration by explicitly modeling mechanical properties, and
Yuan et al. [47] use motion imitation in a physics simulator
to guide human motion synthesis. These explicit modeling
approaches typically require extensive simulation data or
manually defined constraints, limiting their generalizability.
Inspired by advances in reinforcement learning, it is possi-
ble to optimize structured behaviors and enforce constraints
without relying on predefined simulations.

To address these challenges, NS-Diff introduces a re-
inforcement learning framework that integrates lightweight
physics constraints directly into the diffusion denoising pro-
cess. For rigid bodies, motion smoothness is optimized by
minimizing Jerk (the rate of change of acceleration) using
motion dynamics extracted from noise-robust optical flow.
For fluids, simplified Navier-Stokes constraints with diver-
gence and smoothness regularization maintain realistic flow
continuity. This RL-based approach not only allows us to
effectively model rigid body dynamics and fluid behavior,
but also enables our method to mitigate a wide range of gen-
eral physics violations such as object disappearance, emer-
gence, splitting, or merging. These behaviors are incon-
sistent with motion mechanics and are discouraged during
reinforcement learning.

The framework consists of three key components. 1)
Physical Attribute Detection: Identifies rigid and fluid re-
gions from noisy latent frames. 2) Physics-Conditioned
Latent Injection: Encodes velocity fields, deformation gra-
dients, and material masks into latent features and injects
them into the DiT denoiser. 3) Reinforcement Learn-
ing Optimization: Refines motion through policy gradi-
ents, enforcing Jerk minimization for rigid bodies and di-
vergence–smoothness regularization for fluids. An adaptive
activation mechanism ensures physics guidance is applied
only when motion cues are reliable.
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Figure 1. Existing methods like Sora [4] introduce physically implausible deformations (highlighted by red circles), while NS-Diff pre-
serves rigid structures (the plastic chair) and more realistic fluid-like sand behavior.

To evaluate the effectiveness of our approach, we con-
struct PhysVideoBench, a new dataset designed to assess
the physical accuracy of video generation models. Ex-
isting benchmarks primarily focus on perceptual quality,
lacking dedicated metrics for physics-based evaluation.
PhysVideoBench fills this gap by providing curated se-
quences with ground-truth motion data, enabling rigorous
assessment of physical plausibility in generated videos. Our
contributions are threefold:
• Introduction of NS-Diff, a Navier–Stokes guided video

diffusion framework optimized via reinforcement learn-
ing.

• Development of a Physics-Conditioned Latent Injection
and noise-robust attribute detection, enabling accurate
rigid-body and fluid motion modeling from latent repre-
sentations.

• Construction of PhysVideoBench, a benchmark for eval-
uating physical consistency in generated videos.
Experiments on PhysVideoBench, UCF-101, and Web-

Vid show that our method not only improves rigid and fluid
motion fidelity but also mitigates general unphysical arti-
facts and enhances temporal motion consistency, demon-
strating the effectiveness of physics-guided reinforcement
learning in video synthesis.

2. Related Work
2.1. Physics-aware generative modeling
Physics-aware generative modeling aims to improve the
physical plausibility of generated content. Early works such
as SPNet [30] embed differentiable fluid simulations into
neural networks, while Graph Network Simulators (GNS)
[32] predict particle interactions using graph neural net-
works. Phy3DGen [43] combines 3D diffusion priors with
differentiable physics layers to enforce solid mechanics
constraints, and PhysDiff [47] applies biomechanical con-
straints to human motion synthesis in diffusion models.
Similarly, Pdp [38] utilizes a diffusion policy for physics-
based character animation.

Other recent video generation methods focus on learn-
ing or controlling physical representations. For example,
VideoREPA [48] learns physics by aligning with foundation
models, and PhysCtrl [40] focuses on physics-grounded
and controllable generation. These approaches, along with
works like VideoJam [6] which captures motion cues with-
out enforcing physical laws, and PhysGen [23] which uses
simulation with diffusion rendering, aim to improve physi-
cal plausibility.

NS-Diff differs by enforcing physics directly in the latent
space of diffusion models. Using a lightweight reinforce-
ment learning framework, it applies divergence and smooth-
ness regularization for fluids and Jerk minimization for rigid
bodies. This latent-space RL approach ensures physically
plausible motions with minimal overhead and without rely-
ing on extensive simulations or hand-crafted constraints.

2.2. Reinforcement Learning for Video Generation
Reinforcement learning (RL) has evolved from optimizing
robotic control policies [11, 12] to directly refining diffu-
sion models [3]. In video synthesis, RL is primarily em-
ployed for cross-modal alignment [32] or human prefer-
ence fine-tuning [46]. Recently, efforts have shifted toward
physical grounding: PhysMaster [18] utilizes DPO to train
physical encoders, while [21] leverages RL for reasoning
about physical generation via timestep tokens. However,
these methods [8, 9, 42, 44, 45] often overlook the explicit
enforcement of physical consistency. Our method fills this
gap by optimizing latent trajectories with physics-aware re-
wards to ensure dynamical integrity.

3. Methodology

Our framework enhances video diffusion models with
physics-aware generation through three core components:
(1) Physical Attribute Detection that identifies rigid/fluid
regions directly from noisy intermediate representations,
(2) Physics-Conditioned Latent Injection that encodes
motion dynamics into the denoising process, and (3) Re-
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Figure 2. Our framework enhances video diffusion via three stages: (1) Physical Attribute Detection: noise-robust optical flow estimates
motion cues and object regions; (2) Physics-Conditioned Generation: motion dynamics are encoded into latent representations and
injected into the DiT through adaptive cross-attention; (3) Reinforcement Learning Optimization: policy gradients enforce rigid jerk and
fluid divergence constraints. An adaptive scheduler activates physics guidance based on noise levels.

inforcement Learning Optimization that enforces physi-
cal constraints via policy gradients. As illustrated in Fig-
ure 2, we reformulate the denoising trajectory as a physics-
constrained Markov Decision Process (MDP), where each
denoising step optimizes both visual fidelity and physical
plausibility through RL-guided latent space exploration.

3.1. Diffusion and Physical Preliminaries
Video diffusion models [15] learn to gradually denoise la-
tent variables across T timesteps through a forward process:

q(zt|zt−1) = N (zt;
√
αtzt−1, (1− αt)I) , (1)

where αt controls the noise schedule, t ∈ [1, T ], zt is la-
tent representation of the noisy video frame at diffusion
timestep t. We reinterpret this denoising trajectory as a
physics-constrained Markov Decision Process, where each
step corresponds to:
• State st: the noisy latent zt augmented with physical at-

tributes (velocity, divergence, and deformation cues).
• Action at: the denoising direction ϵθ(zt, t) predicted by

the DiT, determining the transition zt → zt−1.
• Reward Jt: a scalar encouraging physically plausible

motion, combining a rigid jerk penalty and a fluid incom-
pressibility penalty.

3.2. Physical Attribute Detection
The key to physics-aware denoising lies in estimating mo-
tion and material attributes under high noise. A direct ap-
plication of ARFlow [22] on RGB frames is infeasible, as
the denoising process operates in latent space. To resolve
this, we design a hybrid latent–decoded motion estima-
tion scheme with the following procedure:
Global motion compensation. Before detecting local rigid
or fluid regions, we first estimate global camera motion us-
ing either a global homography Ht. The raw flow Dt is
then compensated to remove camera-induced motion:

p′ = Htp, Dt(p) = p′ − p, p = (x, y, 1)⊤, (2)

Where Ht is a 3 × 3 global homography matrix model-
ing the estimated camera motion. Subsequent rigid/fluid

detection is performed on Dt. Latent-to-RGB decoding
for flow inference. At each selected denoising step t, we
decode the latent zt into a low-resolution RGB proxy x̂t

using the pretrained VAE decoder from the diffusion back-
bone: x̂t = Decoder(zt). This partial decoding provides
spatial structure sufficient for optical flow estimation while
maintaining computational efficiency. ARFlow then com-
putes optical flow between proxies:

Dt = ARFlow(x̂t+1, x̂t). (3)

Latent-domain calibration. To adapt ARFlow to partially
denoised, noisy frames, we fine-tune its last refinement
stage using synthetic noised samples generated by the diffu-
sion model. Specifically, we add Gaussian noise consistent
with the diffusion variance schedule and train ARFlow to
recover flow on these degraded pairs.
Temporal smoothing and region detection. We suppress
temporal noise in the flow fields using a (2K + 1)-frame
temporal filter (K = 2):

D̃t =
1

2K + 1

K∑
k=−K

Dk
t . (4)

Rigid-Body Detection. To accurately detect planar rigid
motion, we extend the local optical flow fitting to explicitly
handle pure translation and affine motion, avoiding inflated
residuals. For each patch P ⊂ D̃t, we solve:

Dt(u, v) ≈ Apuv + b, (u, v) ∈ P, (5)

where puv refers spatial coordinate of pixel (u, v) in ho-
mogeneous form, A ∈ R2×2 captures linear deforma-
tion/rotation and b ∈ R2 captures pure translation. This
affine formulation includes pure translation as a special case
(A = I), ensuring zero residual for true planar rigid motion.
The patch-wise residual is then

Lrigid(P ) =
∑

(u,v)∈P

∥D̃t(u, v)− (Apuv + b)∥22. (6)

A rigidity score is defined using a temperature parameter β:

γ(P ) = exp(−βLrigid(P )), (7)
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and label patches with γ(P ) > 0.9 as rigid regions Rt.
Fluid Region Identification. Regions satisfying (∇ ·
D̃t)

2 + (∇ × D̃t)
2 > τfluid are labeled as fluid Ft, where

τfluid refers threshold for identifying fluid regions, capturing
locally divergent or swirling flows.
Material Embedding. For each patch i ∈ Rt ∪ Ft, extract
a patch feature f patch,(i)

t from the decoded RGB proxy using
spatial pooling. Predict the material type distribution via a
small MLP:

q
(i)
t = Softmax

(
MLPtype(f

patch,(i)
t )

)
, (8)

and map it to a learnable embedding: e
mat,(i)
t = Weq

(i)
t .

Where We is a learnable linear projection matrix mapping
one-hot material type distributions to embedding vectors.
This embedding e

mat,(i)
t is incorporated into the patch de-

scriptor used for PCLI.

3.3. Physics-Conditioned Latent Injection
To incorporate physical cues into the diffusion process,
we design a Physics-Conditioned Latent Injection (PCLI)
module that encodes motion dynamics and material embed-
dings into the DiT’s intermediate latent features. Given the
smoothed optical flow D̃t and material embeddings emat,(i)

t

computed in Section 3.2, we extract per-patch descriptors:

• Velocity Field vk
t : temporal derivative of the flow, v(k)

t =
(D̃k+1

t − D̃k
t )/∆τ , ∆τ is the frame interval;

• Deformation Gradient Gt: spatial Jacobian of motion,
Gt = ∇D̃t;

• Material Embedding e
mat,(i)
t : patch-wise embedding of

rigid/fluid type.
Each descriptor is resized and partitioned into 16×16

spatial patches consistent with the DiT patch tokenizer.
For each patch i, the concatenated feature s

(i)
t =

[v
(i)
t ,G

(i)
t , e

mat,(i)
t ] is projected to a dp-dimensional embed-

ding via a two-layer MLP:

p
(i)
t = MLPphys(s

(i)
t ), pt = {p(i)

t }Np

i=1 ∈ RNp×dp . (9)

Where Np is the number of spatial patches in the feature
map. We inject the physical latent through cross-attention:

Attn(ft,pt) = Softmax

(
(ftWQ)(ptWK)⊤√

dp

)
(ptWV ),

(10)
where ft provides queries and pt serves as keys and values,
WQ, WK , WV are learnable projection matrices for query,
key, and value transformations. The attention output is nor-
malized and fused additively with a scaling factor µ = 0.1.
To dynamically adjust the influence of physics constraints
along the denoising trajectory, an adaptive gate is applied:

gt = Sigmoid(MLPgate(t/T )), f ′t = ft+gtµAttn(ft,pt).
(11)

This design ensures one-to-one spatial correspondence
between physical and visual tokens, allowing motion- and

material-consistent conditioning.

3.4. Reinforcement Learning Optimization
To enforce physical consistency during denoising, we for-
mulate the diffusion process as a physics-constrained rein-
forcement learning problem. The goal is to maximize cu-
mulative physical plausibility rewards across the denoising
trajectory.
Policy Definition and State Transition. We parameterize
the denoiser ϵθ as a stochastic policy πθ(at|st). The ac-
tion at, which is the predicted noise residual, is sampled
from a Gaussian distribution centered at the denoiser’s out-
put ϵθ(st, t):

at ∼ πθ(at|st) = N (at; ϵθ(st, t), σ
2
pI), (12)

where σ2
p is the policy variance.

The sampled action at replaces the standard determinis-
tic noise prediction in the DDPM reverse step, thus ensuring
the state transition is policy-dependent and stochastic. This
explicitly defines how the RL action at determines the next
latent state zt−1, completing the MDP formulation. The
log-probability of the sampled action at is:

log πθ(at|st) = − 1

2σ2
p

∥at − ϵθ(st, t)∥22. (13)

Trajectory Sampling. For each sample, a full denoising
trajectory zT , . . . , z0 is generated under the current policy.
On-policy rollouts (st, at,J t, st− 1) are collected per dif-
fusion step and refreshed PPO epoch to ensure stability.
Rigid-Body Smoothness Regularization. For regions
Rt (rigid areas identified in Section 3.2), we adopt the
minimum-jerk prior, a computationally efficient heuristic
widely used in animation and control, to enforce tempo-
ral smoothness. This constraint aims to prevent the non-
physical high-frequency oscillations and temporal disconti-
nuities often found in generated videos. We minimize the
jerk Jt, defined as the rate of change of acceleration:

Lrigid =
1

|Rt|
∑

(u,v)∈Rt

∥∥Jt(u, v)
∥∥2
2
, (14)

where Jk
t = (vk+2

t − 2vk+1
t + vk

t )/(∆τ)2, vk
t is the ve-

locity field, and ∆τ is the frame interval. While this does
not model complex phenomena like collisions or friction, it
serves as an effective, differentiable proxy for motion plau-
sibility within the latent space.
Fluid Navier–Stokes Penalty. For fluid-like regions Ft, we
employ a lightweight approximation of the Navier–Stokes:

Lfluid =
1

|Fk
t |

∑
(u,v)∈Fk

t

(
λp∥∇(∇ · vk

t )∥22 + ∥∇ · vk
t ∥22

+ν∥∇2vk
t ∥22 + η∥vk

t · ∇vk
t ∥22
)
(15)

The first term, weighted by λp, serves as a differentiable
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proxy for the necessary pressure correction. In full fluid
simulations, the pressure gradient (−∇p) is the term that ac-
tively enforces incompressibility (∇ · v = 0). By minimiz-
ing the spatial gradient of the divergence, we encourage the
flow field to converge to the divergence-free state smoothly,
mimicking the spatial corrective action of pressure without
requiring an expensive Poisson equation solve. The remain-
ing terms enforce divergence-free flow, Laplacian smooth-
ness (viscosity), and coherent flow transport (advection).
The viscosity coefficient ν is adaptively predicted from the
material embedding e

mat,(i)
t .

Reward and Value Estimation. At each denoising
step, the physics-aware reward penalizes deviations from
smooth, incompressible, and energy-consistent motion:

Jt = −λ1Lrigid − λ2Lfluid, (16)

where Lrigid enforces smooth rigid-body trajectories and
Lfluid regularizes fluid consistency. The advantages At are
computed via Generalized Advantage Estimation (GAE)
with a value network Vϕ(st).
Value Function. Vϕ is a lightweight 3-layer MLP taking
the same physical-augmented state as input. It is trained
with mean-squared error:

Lvalue =
1
2 (Vϕ(st)− Ĵt)

2. (17)

PPO Objective. We apply Proximal Policy Optimization
(PPO) [31] to update the DiT policy parameters θ:

LPPO = Et

[
min(rt(θ)At,CL(rt(θ), 1− ϵ, 1 + ϵ)At)

]
,

(18)
where rt(θ) = πθ(at|st)/πold(at|st), At is the advantage
function computed via Generalized Advantage Estimation,
and CL(.) is the clipping operation, ϵ is the clipping thresh-
old in PPO. Gradients are backpropagated through the pre-
dicted noise ϵθ, enabling physics-aware refinement of the
DiT. RL updates occur every M = 4 steps to reduce vari-
ance, alternating with value updates.

3.5. Adaptive Activation of Physics-Guided
Early denoising steps contain high noise, making motion es-
timation unreliable. To prevent unstable physics guidance,
we introduce a physics-activation scheduler that modu-
lates the strength of physics-based rewards and conditioning
along the denoising trajectory.

Specifically, at step t of T total steps, the scheduler com-
putes a weighting factor wt ∈ [0, 1]:

wt =

{
0, α · (e(t/T )2 − 1) ≤ σ

α · (t/T )2, α · (e(t/T )2 − 1) > σ
(19)

where α is a scaling hyperparameter and σ decides the
activate step. This weight wt is applied multiplicatively
to both: the physics-conditioned latent injection: f ′t =
ft+wt Attn(ft,pt), and the physics-based RL reward: Rt =
wt (−λ1Lrigid − λ2Lfluid).

Thus, early in denoising, wt = 0 shuts the physics in-
fluence to avoid unstable gradients, and as denoising pro-
ceeds (t → T ), wt smoothly increases toward α, gradually
activating full physics guidance. This mechanism ensures
stable integration of physics priors without altering the un-
derlying diffusion noise schedule.

4. PhysVideoBench
To evaluate physical plausibility in video generation, we
construct PhysVideoBench, a benchmark of 10k video clips
(9k for training, 1k for testing) with detailed spatiotemporal
annotations capturing diverse physical dynamics.

While datasets like UCF101 [34] and Kinetics [19] pri-
marily assess perceptual quality, recent diagnostics such as
Physics-IQ [26] have begun addressing physical common
sense. However, these benchmarks often lack the granular,
ground-truth motion signals required to evaluate specific
conservation laws and material-specific deformations. To
bridge this gap, we introduce PhysVideoBench, which of-
fers curated sequences with dense physical annotations tai-
lored to the precise dynamical constraints enforced by our
model.
Train Set. For training data, we curate WebVid-10M [2]
through a three-stage pipeline. First, 50,000 clips are fil-
tered via CLIP-based keyword matching using 132 physics-
centric prompts across six categories: object types, interac-
tion verbs, material states, environments, temporal descrip-
tors, and anomaly indicators. Second, we apply a physics
saliency score combining 3D optical flow magnitudes and
temporal gradients to prioritize clips with coherent motion.
Finally, InstructBLIP [7] verifies physical plausibility, re-
jecting clips with paradoxes like interpenetrating solids or
gravity-defying liquids. The resulting 9,000 training clips
average 4.8 seconds at 720p, annotated with object masks,
materials, and contact boundaries.
Test Set. For testing clips, to eliminate evaluation bias
that would arise from relying on a single learned flow esti-
mator, PhysVideoBench directly incorporates ground-truth
flow where available. The 1,000 test clips are collected from
optical flow datasets like Sintel [5], KITTI-2015 [25], and
HD1K [20], offering real-world scenarios with dense tem-
poral sampling and diverse materials. Each clip undergoes
a multi-modal annotation pipeline:

1) Object-level labeling uses Grounded-SAM [29] with
physics-aware prompts, combined with a rigidity classifier
that computes deformation residuals to score motion rigid-
ity. 2) Motion verification combines PWC-Net [35] with
physics-based checks. Rigid objects are validated through
Helmholtz decomposition to reject high-vorticity regions;
fluid regions are tested for Navier-Stokes compliance and
viscosity via shear rate estimation. 3) Human verification
adopts a three-stage Delphi protocol with expert reviewers.
Final Fleiss’ κ = 0.89 indicates high agreement on physical
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Table 1. Detection Accuracy under Increasing Noise

Noise Level Rigid IoU (%) Fluid F1 (%) ∆J Ldiv (×10−3)

0.05 98.7± 0.3 97.2± 0.5 0.08± 0.02 0.2± 0.1
0.15 95.1± 0.7 92.8± 1.1 0.18± 0.05 0.8± 0.2
0.27 89.3± 1.2 84.5± 2.1 0.33± 0.10 2.9± 0.4
0.35 71.3± 3.2 75.7± 4.1 0.58± 0.21 4.1± 1.1

Table 2. Impact of Schedulers on Guidance Steps and FVD

Scheduler ∆J Ldiv (×10−3) Guidance Steps FVD ↓

Linear 0.67± 0.15 5.9± 1.2 54 207
Ours 0.33± 0.10 2.9± 0.4 84 183

plausibility, with 98% consistency between automated and
manual annotations after resolving edge cases.

5. Experiments
5.1. Dataset and Metrics
To verify the effectiveness of our model, we conduct exper-
iments on both our proposed PhysVideoBench and standard
benchmarks, including UCF-101 [34] (13,320 real-world
human action videos) and WebVid-10M [1] (10M captioned
internet videos). We evaluate our approach from two per-
spectives: physical plausibility and visual quality.

Physical Metrics. 1) Rigid Body Accuracy:
Intersection-over-Union (IoU) between detected rigid
regions and annotated rigid masks. 2) Fluid F1 Score:
Harmonic mean of precision and recall for fluid-region
detection. 3) Jerk Consistency (∆J): Measures the
temporal smoothness of rigid-body motion by computing
the mean squared magnitude of the third-order temporal
derivative of centroid trajectories, 4) Fluid Divergence
Error (Ldiv): L2 norm of divergence computed from GT
flow or depth-aligned motion proxies. Note that all phys-
ical quantities are computed directly from the annotated
spatiotemporal trajectories to avoid potential bias from any
learned optical-flow estimator.

Visual Metrics. 1) VBench [17]: Comprehensive video
quality metrics; we follow VideoJam [6] for evaluation of
appearance and motion quality. 2) Fréchet Video Distance
(FVD) [39]: Distributional similarity between real and gen-
erated videos. 3) Frame Consistency [10]: Average cosine
similarity between CLIP image embeddings of consecutive
frames, reflecting temporal coherence.

5.2. Implementation Details
Our framework is built on the pre-trained DiT-based ar-
chitecture [28]. The physics-aware components include
ARFlow for optical flow estimation, integrated via cross-
attention layers with a latent injection dimension of dp =
128. Motion and material attributes are computed on 16×16
patches with a temporal smoothing window of K = 2 (i.e.,
5-frame averaging). Rigid-body smoothness (jerk) regular-
ization uses ∆τ equal to the inter-frame interval, and fluid

Table 3. Video Generation Performance on PhysVideoBench

Method ∆J Ldiv Appear. ↑ Motion ↑
VideoJam [6] 0.74 4.7 71.6 90.1
PhysGen [23] 0.63 3.5 72.8 91.0
OpenSora2-1B [28] 0.72 4.6 70.4 89.2
OpenSora2-11B [28] 0.69 4.0 71.9 90.3
Wan2.1 [36] 0.67 3.7 72.6 90.6
NS-Diff-DiT 1B 0.33 2.9 73.1 92.4
NS-Diff-DiT 11B 0.25 2.4 74.4 93.7

divergence–smoothness regularization employs coefficients
η = 0.05 (advection) and λp = 0.01. The rigid/fluid loss
weights are set to λ1 = 1.0 and λ2 = 1.0 unless specified
otherwise.

For reinforcement learning, the physics-constrained PPO
optimization uses a Gaussian policy with standard devia-
tion σp = 0.1, clip parameter ϵ = 0.2, and GAE λ = 0.95.
On-policy rollouts are collected over 32 diffusion steps with
mini-batches of 512 transitions per PPO epoch, and 4 PPO
epochs are performed per update. Policy and value func-
tion updates alternate every 4 diffusion steps, while the
value function is trained with MSE against discounted re-
turns (γ = 0.99). The standard diffusion loss is retained
during RL fine-tuning to stabilize training.

Unless otherwise specified, all ablation studies are con-
ducted on the PhysVideoBench dataset using the 1B DiT
model. Experiments run on fewer than 8× NVIDIA A40
GPUs for approximately 4 days. The lightweight MLP pol-
icy and latent-level physics computation introduce minimal
training overhead.

5.3. Analysis of Physics Estimation from Noise
We first evaluate the reliability of our physics estimator
when operating on noisy intermediate latents (zt) at vari-
ous noise levels. The experiment, summarized in Table 1,
involves decoding zt into proxy images and measuring key
physical metrics. The results clearly show that estimation
fidelity degrades significantly as noise increases. For in-
stance, as the noise level increases from 0.05 to 0.35, Rigid
IoU drops from 98.7% to 71.3%, while the fluid divergence
error (Ldiv) increases by an order of magnitude.

This finding confirms that applying guidance when noise
is high (i.e., in the early denoising stages) would propagate
erroneous gradients and destabilize optimization. There-
fore, our adaptive scheduler (eq. (19)) is designed to ac-
tivate physics guidance only during timesteps where the es-
timates are reliable (i.e., at lower noise levels), ensuring sta-
ble and effective optimization. The superiority of this strat-
egy is validated in the ablation study in Table 2.

5.4. Comparison with the State-of-the-art
We evaluate unconditional video generation perfor-
mance on three benchmarks: UCF-101, WebVid, and
PhysVideoBench. For fair comparison, all methods gener-
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Figure 3. Visual comparison of NS-Diff, ModelScope, PhysGen, Wan2.1, and OpenSora2. Our method produces more realistic rigid and
fluid motion, reduces unphysical artifacts (object appearance/disappearance, unnatural splitting/merging), and improves frame consistency.

Table 4. Video Generation Performance on UCF-101.

Method Year FVD ↓ Frame Cons. ↑
VDM [15] NeurIPS 2022 295 0.82
CogVideo [16] ICLR 2023 305 0.88
OpenSora2-1B [28] Arxiv 2025 134 0.88
OpenSora2-11B [28] Arxiv 2025 110 0.91
NS-Diff DiT 1B Ours 106 0.94
NS-Diff DiT 11B Ours 85 0.95

ate 2,048 video clips (16 frames, 256×256 resolution) with-
out text prompts or class labels. FVD metrics follow the
standard protocol of prior work [15], using an I3D model
pretrained on Kinetics-400. Crucially, none of the methods
(including ours) utilize physics annotations (e.g., fluid/rigid
body region, velocity fields) during training—our physics
constraints derive solely from real-time differentiable simu-
lations of intermediate latent frames, ensuring comparabil-
ity with the compared methods.

On PhysVideoBench, NS-Diff achieves the best perfor-
mance across all metrics. Incorporating physics priors via
latent injection and Jerk/divergence losses significantly im-
proves motion realism, particularly for rigid bodies and
fluid regions. Compared to PhysGen, which simulates rigid-

Table 5. WebVid-10M Text-to-Video Generation Comparison.

Method Year FVD ↓ CLIPSIM ↑
LVDM [13] Arxiv 2022 456 0.28
ModelScope [24] CVPR 2023 414 0.30
VideoFactory [41] IJCV 2025 322 0.31
OpenSora2 [28] Arxiv 2025 297 0.32
NS-Diff Ours 275 0.34

body dynamics given user forces, NS-Diff generalizes with-
out requiring predefined forces or simulations, while main-
taining higher fidelity and lower divergence errors.

To evaluate how effectively our physics-guided learn-
ing framework generalizes to open-world scenarios beyond
constrained benchmarks, we conducted text-to-video syn-
thesis on the WebVid-10M dataset, testing whether phys-
ical constraints (rigid/fluid dynamics) maintain plausibil-
ity for unseen textual descriptions involving novel object
interactions and environments. Following VideoFactory’s
[41] protocol, we evaluated a large set of unseen videos us-
ing FVD for motion quality and CLIPSIM for text-video
alignment. Our model outperforms VideoFactory on both
metrics. Improvements are especially notable in physics-
intensive scenes, where physical regularization reduces im-
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Table 6. Component Ablation Study on PhysVideoBench.

Configuration Appear. ↑ Motion ↑ ∆J Ldiv (×10−3)

Full Model (Physics + PPO) 73.1 92.4 0.33 2.9
Physics Losses w/o RL 71.5 90.1 0.58 4.7
w/o Condition Injection 70.0 88.1 0.82 6.9
w/o Physics Constraints 71.0 89.0 1.21 8.4
w/o Adaptive Scheduler 72.2 91.0 0.67 4.1
w/o Lfluid 71.7 90.5 0.49 10.4
w/o Lrigid 70.8 89.6 1.33 3.5

Table 7. Hyperparameter Sensitivity Analysis.

σ η Activate Step t FVD ↓ ∆J Ldiv (×10−3)

0.25 0.3 22 197 0.54 4.6
0.27 0.5 16 183 0.33 2.9
0.30 0.7 10 215 0.61 6.3
0.27 0.2 16 191 0.39 3.4
0.27 0.5 16 189 0.36 3.1

plausible motions while preserving semantic coherence.
This shows that learned physical priors generalize well from
structured physical datasets to open-domain video genera-
tion, balancing generative diversity and dynamic realism.

Visualization results in Fig. 3 demonstrate that our
method not only improves rigid-body and fluid dynamics
fidelity but also effectively mitigates common unphysical
artifacts such as sudden object appearance or disappear-
ance, unnatural splitting or merging of entities. These be-
haviors are inconsistent with rigid body and fluid mechanics
and are discouraged during reinforcement learning.

5.5. Ablation Studies
Component Analysis. We conduct ablations on
PhysVideoBench to evaluate each module (Table 6). A
baseline Physics Losses w/o RL applies the same physics
objectives without PPO optimization. While it encourages
local physical consistency, it lacks temporal stability and
shows higher divergence, indicating PPO enhances dynamic
coherence beyond direct gradients.

Removing condition injection degrades both visual and
physical quality, while dropping physics constraints leads
to discontinuous motion. The adaptive scheduler stabilizes
denoising under high noise, and removing either Lfluid or
Lrigid increases deformation or fluid instability. These re-
sults show that PPO-based optimization and physics-guided
losses enforce physically consistent video generation.
Hyperparameter Sensitivity. Table 7 analyzes the effect
of noise threshold σ and advection weight η. The best con-
figuration (σ = 0.27, η = 0.5) achieves the lowest FVD
and divergence, balancing physical stability and generative
flexibility. Smaller η weakens advection consistency, caus-
ing unstable flow near object boundaries, while excessively
large η enforces overly rigid motion.
Flow Backbone. We test three backbones (ARFlow,
RAFT [37], PWC-Net [35]) in two domains: Decoded (la-
tent decoded to low-res RGB) and Latent (direct latent es-
timation). Decoded-domain estimation consistently outper-

Table 8. Ablation on flow backbone and estimation domain.

Backbone Domain ∆J ↓ Ldiv (×10−3) FVD ↓ Overhead (%)

ARFlow Decoded 0.33 2.9 183 8
RAFT [37] Decoded 0.42 3.6 190 10
PWC-Net [35] Decoded 0.48 4.2 198 6

ARFlow Latent 0.57 5.3 205 4
RAFT [37] Latent 0.61 5.8 211 5
PWC-Net [35] Latent 0.67 6.4 218 4

30 20 10 0 10 20 30
t-SNE Dimension 1

20

15

10

5

0

5

10

15

20

t-S
N

E 
D

im
en

si
on

 2

Rigid Types
Matte
Glossy
Transparent

Fluid Types
Low-Viscosity
Granular Materials
High-Viscosity

Figure 4. t-SNE visualization of material embeddings.

forms latent-domain estimation. ARFlow achieves the best
trade-off between accuracy and efficiency, and the minor
∼8% overhead is justified by gains in ∆J and Ldiv.
Material Embedding Analysis. t-SNE visualization
(Fig. 4) reveals that our model autonomously learns fine-
grained physical categories beyond simple macro-clusters.
Specifically, fluids are sub-partitioned into low/high-
viscosity and granular groups, while rigid bodies cluster
by matte, glossy, and transparent attributes. This self-
organized hierarchy suggests a deep physical understand-
ing, enabling more realistic video synthesis.

6. Conclusion
We propose NS-Diff, a physics-guided video generation
framework that integrates reinforcement learning with dif-
fusion models to enforce physical consistency without la-
beled supervision. By formulating rigid body dynam-
ics (minimum jerk principle) and fluid constraints (simpli-
fied Navier–Stokes with soft pressure projection) as dif-
ferentiable reward functions, our method significantly im-
proves physical accuracy and reduces a broad range of non-
physical artifacts.

Beyond quantitative gains, NS-Diff demonstrates that
latent-level physics priors can effectively guide generative
models, suggesting a general strategy for embedding do-
main knowledge without explicit supervision. The ap-
proach also highlights how simplified, differentiable phys-
ical approximations can strike a practical balance between
realism and computational efficiency.
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