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Abstract. Current video generation models produce highly realistic vi-
suals but frequently fail to maintain physical and causal consistency
when facing complex dynamic events, such as collisions or collapses.
We attribute this limitation to the fact that existing models primar-
ily fit visual data distributions, entangling dynamics with appearance
without explicit physical priors to govern motion evolution. To address
this, we introduce PhysAlign, a framework for Dynamical Event-Driven
Physically Consistent Video Generation. PhysAlign decouples physical
priors from visual appearance via a Physical Dynamics Extractor and
a discrete Universal Physical Codebook. Recognizing the temporal lo-
cality of dynamic events, an Event-Aware Temporal Gating module dy-
namically controls the injection of physical priors, while Physics-Guided
Alignment distills continuous physical topologies from a video founda-
tion model. Furthermore, we construct EventPhy, a 26K-video dataset
with structured, VLM-generated causal annotations to benchmark dy-
namical event-driven video generation. Extensive evaluations show that
PhysAlign achieves state-of-the-art physical reasoning, obtaining leading
Semantic Adherence and Physical Commonsense scores on challenging
benchmarks like PhysicsIQ and VideoPhy, while preserving high visual
fidelity. Project Page: https://github.com/FanQi-AI/PhysAlign

Keywords: Video Synthesis - Diffusion Models - Representation learn-
ing

1 Introduction

The field of video generation has experienced significant advancements [94/12}/20}
26,31./41]. Generative models utilizing architectures such as Diffusion Transform-
ers (DiT) [20L/30] achieve high visual quality and temporal coherence, demon-
strating the potential to construct world models [18}23,|43]. However, existing
models lack an understanding of physical laws and causal relationships [5,(6].
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When processing dynamic events that trigger sudden changes in the state of
objects, such as collisions, pushing, or failures of support, these models struggle
to generate correct results. This reveals a critical limitation of current mod-
els: while they excel at simulating simple, continuous motion, they lack the
causal reasoning required to predict sudden changes in state induced by dynamic
events |11}/28]. To enhance the physical understanding of current models, we pro-
pose the task of Dynamical Event-Driven Physically Consistent Video Genera-
tion. Conditioned on the initial state of the scene and future dynamic events, this
task requires generative models to predict coherent subsequent frames wherein
the evolution of state for relevant objects follows fundamental physical causality.

To enhance the physical realism of generative models, previous studies ex-
plore general physical augmentation extensively [21,27]. These methods generally
fall into two categories. The first category relies on explicit constraints, injecting
physical laws into the generation process through external physics simulators [24]
or performing step-by-step physical reasoning using large language models and
vision-language models [45}|46]. Although these methods provide precise control
for specific scenarios, their reliance on external systems introduces high compu-
tational overhead and severely limits the generalization ability of the models.
The second category turns to implicit physical representations, attempting to
internalize physical priors directly into generative models. This includes distill-
ing structural and motion priors from foundation models through feature align-
ment [8/50], optimizing physical representations via reinforcement learning |17],
and introducing specialized physical expert modules for feature guidance [38./42].
However, these methods reveal critical limitations when applied to the proposed
task of dynamical event-driven video generation. Because existing approaches
primarily focus on maintaining general spatiotemporal smoothness, they be-
come ineffective when facing dynamical events that trigger sudden changes in
state [48,51]. Furthermore, struggling to decouple the rules of physical dynamics
from the distribution of visual data, these methods frequently rely on the fitting
of visual continuity as a shortcut for optimization, thereby hiding crucial signals
of mechanical interaction. This weakness prevents accurate causal reasoning and
ultimately causes the models to produce physical anomalies when predicting the
outcomes of events.

To address these challenges, we propose PhysAlign, a unified framework inte-
grating the guidance of specialized physical modules with the distillation of foun-
dation models to achieve Dynamical Event-Driven Physically Consistent Video
Generation. First, Physical Dynamics Extractor utilizes techniques of photo-
metric augmentation to disturb surface visual distributions, forcing the model
to focus on the extraction of underlying spatiotemporal dynamics. Building upon
this, we introduce a discrete Physical Codebook that serves as an information
bottleneck to eliminate redundant appearance information and extract the physi-
cal priors for retrieval during inference. Furthermore, an Event-Aware Temporal
Gating module predicts the time windows of interactions to dynamically ad-
just the injection strength of physical features, ensuring precise synchronization
with the occurrence of events. Finally, a strategy of Physics-Guided Alignment
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based on the distillation of spatiotemporal feature relations maps the deep spa-
tial topology and continuous temporal evolution from pre-trained foundation
models into the generative space, thereby enhancing physical reasoning without
lowering the quality of visual generation.

The proposed method successfully addresses video generation driven by dy-
namical events, outperforming existing approaches across multiple datasets. Our
main contributions are as follows:

— We propose the task of Dynamical Event-Driven Physically Con-
sistent Video Generation and introduce PhysAlign, a novel gener-
ative framework. By decoupling physical dynamics rules from visual ap-
pearances and utilizing event-aware temporal gating, this method achieves
targeted injection of physical priors to ensure robust alignment with physical
causality.

— We construct a specialized 26K-video dataset dedicated to dynam-
ical event-driven video generation, encompassing 16 distinct inter-
action scenarios. To bridge the gap in existing benchmarks, we leverage
VLMs to generate structured, causal annotations that explicitly detail event
mechanisms and state changes, thereby providing a rigorous foundation for
model training and evaluation.

— We conduct extensive evaluations across multiple benchmarks to
demonstrate the effectiveness of PhysAlign. Experimental results show
that our method significantly outperforms existing baselines in physical rea-
soning, accurately predicting dynamical state changes while preserving high
visual quality and semantic fidelity.

2 Related Work

2.1 Video Generation

Video generation has transitioned from Generative Adversarial Networks |14] to
Diffusion models [15]. Early video diffusion models succeeded by extending image
architectures like U-Net [34] and 3D U-Net [13] temporally. Employing spatio-
temporal denoising networks for end-to-end generation, they exhibited improved
motion consistency and finer details over previous approaches. Latent video diffu-
sion and system-level architectures emerged to extend duration, resolution, and
controllability. Frameworks like Align Your Latents [10] shifted generation into
the Variational Autoencoder (VAE) [19] latent space, reducing computational
costs while supporting higher resolutions and temporal consistency.

Recent open-source video foundation models, including Open-Sora [53], Wan [37],
and CogVideoX [47], shift from U-Net backbones to DiT [30] architectures. These
frameworks typically encode videos into sequences of spatio-temporal patches or
tokens, apply latent diffusion modeling via Transformer blocks, and decode rep-
resentations back to pixels using 3D or spatio-temporal VAEs. Open-Sora [53|
adopts a spatio-temporal diffusion Transformer for efficient sequence model-
ing. CogVideoX [47] combines a 3D causal VAE with a Transformer framework
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to support long-duration, high-resolution generation across varying aspect ra-
tios. Wan [37] introduces a novel video VAE alongside system-level scaling and
data curation strategies enhancing efficiency and quality. Notable community-
developed models like Latte |25] and Open-Sora-Plan [22] further facilitate ar-
chitecture unification. Although achieving high-quality results by scaling data
and parameters, these DiT-based models can still generate physically implausi-
ble content. This suggests that expanding training data alone may be insufficient
for robust physical reasoning in open-domain dynamics.

2.2 Physical-aware Video Generation

To improve physical realism, explicit constraint methods enhance consistency by
injecting physical constraints into the generation pipeline via external engines,
trajectories, or inference models. PhysGen [24] integrates a rigid body dynamics
simulator predicting force-driven trajectories to guide generation. PhyT2V [45]
utilizes chain-of-thought reasoning and iterative self-correction via Large Lan-
guage Models (LLMs) to enforce physical common sense. PhysAnimator [44] inte-
grates deformable body simulations to improve realism, while PhysDreamer [49|
leverages physics-based simulation generating plausible dynamic responses from
static objects, producing temporally coherent motions and deformations. Explor-
ing architecture design, WISA [38| decomposes physical principles into a Mix-
ture of Physical Experts Attention module. ProPhy |42] and VLIPP [46] leverage
Vision-Language Models (VLMs) [2H4140] to explicitly capture dynamics; Pro-
Phy aligns tokens via VLM supervision, whereas VLIPP predicts cross-modal
physical trajectories for a video diffusion model. Although providing precise con-
trol, these methods frequently face system complexity, substantial computational
overhead, and limited generalization.

Conversely, implicit constraint methods transfer structural and physical pri-
ors from foundation models into the generative model feature space. MotionDi-
rector [52] customizes motion by decoupling appearance and motion through
separate spatio-temporal adaptation modules on a frozen video diffusion model.
VideoREPA [50] introduces Token Relationship Distillation aligning spatio-temporal
relationships between generative and understanding models. MoAlign [8] sepa-
rates appearance and motion representations by learning a motion subspace and
aligning generative features. The PhysMaster |17] designs a PhysEncoder ex-
tracting implicit physical representations, applying reinforcement learning like
Direct Preference Optimization (DPO) [32] to enhance physical perception. Uti-
lizing structural priors from representation models, these approaches enable
generative models to learn physics-aware spatio-temporal representations rather
than relying strictly on data fitting. However, their difficulty in decoupling phys-
ical principles from visual appearance distributions limits their capacity to han-
dle abrupt state transitions triggered by dynamical events. In this work, we
propose PhysAlign, explicitly isolating physical priors into a discrete codebook
and employing an event-aware temporal gating mechanism to dynamically inject
constraints at precise interaction moments.
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Fig. 1: Overview of the training framework. (a) Physical Dynamics Extractor captures
physical representations from videos and writes them into a codebook. (b) Event-Aware
Temporal Gating predicts adaptive temporal weights. (c¢) Physics-Guided Alignment
aligns mid-layer features with the target representations of V-JEPA2.

3 Method

3.1 Preliminaries and Problem Formulation

Flow Matching for Video Generation. This work builds on DiT, which
represents videos as flattened spatiotemporal token sequences and models their
distribution through flow matching. Flow matching learns a velocity field that
transports standard Gaussian noise to the data distribution. Given a real video
latent (z1) and Gaussian noise (z¢), their linear interpolation at (¢ € [0,1]) is:

Lrn =By an.e 000, €) = wala) 3] (1)

where u;(x¢|z1) = % = 27 — xg represents the ground-truth target vector field
driving the noise x( to the data x;.
Problem Formulation. Unlike general video generation tasks, this work fo-
cuses on Dynamical Event-Driven Physically Consistent Video Generation. This
task aims to simulate the subsequent evolution of a scene under specific physical
interactions. Formally, we learn a generative mapping G. The input comprises
the initial scene state S;,;, typically the first frame Iy and a basic description
Cscene, and the dynamics event description Cgyent specifying upcoming physi-
cal interactions, such as collisions or collapses. The objective is to generate the
future video sequence V= {fl, e ,fT}, where I, denotes the generated frame
at time step ¢, and T is the number of future frames to be generated.

V= g(Sinit; CE'uent)~ (2)
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3.2 Physical Dynamics Extractor

As shown in Fig. [Ifa), we propose a Physical Dynamics Extractor (PDE) mod-
ule. This module is designed to extract physical features from real videos and
subsequently inject them into the generative model as prior knowledge.
Physical Feature Extraction. During training, models frequently exploit ap-
pearance cues as optimization shortcuts, thereby overlooking physical represen-
tations. To mitigate this phenomenon, we introduce a dedicated feature extrac-
tion pathway. We apply photometric augmentations 7 (+), including adjustments
to brightness, contrast, and saturation [33], to the input video V;.4,. By main-
taining consistent perturbation parameters across all frames, we generate an
augmented video V' = T (V,4,,) that disrupts the distribution of visual appear-
ance while preserving the temporal dynamics. Subsequently, V' is encoded by
WanVAE to derive the spatio-temporal representation F;ge, € REXFXHXWXD,
where B, F, H, W, and D denote the batch size, temporal latent sequence
length, spatial height, width, and channel dimension, respectively.

To extract physical evidence from the appearance-augmented video represen-
tation Fi;4e0, we employ an event-driven cross-attention retrieval mechanism. We
initialize learnable dynamic queries by combining the event description Cgyent
with a base physical prior Qpese € RM*MXD:

in?j)n = LayerNOfm(Qbase + MLP(CEvent)>7 (3)
where MLP(-) denotes a multi-layer perceptron that projects the event descrip-

tion Cgyent into the same channel dimension D as the base physical prior.

These initial queries Qg,)ylb € RBXMXD are iteratively updated through N

stacked Physical Blocks (PB). Within the n-th block (n € {1,...,N}), self-
attention models global dynamic hypotheses, while cross-attention retrieves rel-
evant spatio-temporal physical patterns by treating Qf;;;l) as the query and
Flidgeo as the key and value:

Cross—Attn(Q&Z;D , Fidgeo) = Softmax

((WQQ;’;n“)(WKFmW)T

\/@ > (WVFvideo)

(4)
where Wg, Wi, and Wy are learnable linear projection matrices for the queries,
keys, and values, and dj, is the scaling factor representing the channel dimension
of the keys. After passing through all N blocks, the final updated query is output
as the extracted physical feature Fpp, = Q&IJBL € RBXMXD,

The physical feature Fjp, is injected into specific mid layers of the DiT back-
bone via an additional PhysCross-Attention layer to constrain the generation
process. In the PhysCross-Attention, the latent features of the backbone serve
as the Query, while Fj, acts as the Key and Value. Mid layers are specifically
targeted because they exhibit heightened sensitivity to motion structures and

interaction relationships [18}/50].
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ence. To maintain differentiability and capture complex mixed physical states
during training, a soft quantization strategy is adopted. Specifically, for each
physical feature vector f; € Fpn, produced by the feature extraction pathway,
we compute its scaled dot-product similarity against all codebook entries to ob-
tain normalized weights w; j, which are then used to reconstruct the quantized

feature fl via weighted summation:

exp(fi' 2k / TogV'D) : ZK
Wi ke = , fi= Wi,k 2k
Zf:l exp (fiTZj /Tvq\/ﬁ) k=1

where 7,4 is a temperature hyperparameter that controls the sharpness of the soft
assignment distribution. These quantized vectors form the final physical prior
thy € RBXMXD “which is subsequently injected into the generation process.
The codebook is trained with Ly g to align the codebook entries and the
continuous physical features:

()

Lvq = llsg[Fpny] = Bl + 8| Fony — sglE]|l3 (6)

where E = [eq, ..., epr] denotes the nearest codebook entries with e; = 25+, k* =
arg maxy sz 2k, and sg[-] is the stop-gradient operator, and f is a hyperparam-
eter that controls the weight of the commitment loss.

Following the training of the codebook, a critical disparity emerges between
the training and inference phases. During training, the PDE processes real video
to derive the physical features Fjy,. However, because future frames are un-
available during inference, these physical priors need to be estimated from initial
conditions. To resolve this issue, a lightweight predictor, called the Mapper, is
introduced as illustrated in Fig. [2|
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Specifically, the Mapper receives the first frame Iy and the event description
Cevent as inputs to generate continuous predicted physical features Fg,:;d €
RM*DP To get the physical prior, these features are quantized. We achieve this
quantization by identifying the nearest neighbors of the features within the pre-
trained codebook, yielding thy. Subsequently, this quantized prior is injected
into the denoising backbone through PhysCross-Attention layers. During Mapper
training, we freeze the PDE module. The continuous features Fjp,, extracted
from the real video, function as the ground-truth target. The Mapper is trained
utilizing an MSE loss:

[pre 2
ﬁmapper = ‘ F;)hyd - Sg[thy} H2 s (7)

where sg[-] denotes the stop-gradient operator. It is crucial to emphasize that this
loss is computed within the continuous feature space, strictly prior to the code-
book quantization step. Bypassing the non-differentiable quantization operation
during the training phase of the Mapper ensures a stable gradient flow.

3.3 Event-Aware Temporal Gating

Dynamic events, such as collisions and support failure, exhibit strong temporal
locality. To address this, we introduce an event-aware temporal gating module
depicted in Fig. b) to selectively activate physical constraints within precise
time windows. Because acquiring fine-grained temporal annotations via Vision-
Language Models [3] is computationally prohibitive and often imprecise, we pro-
pose a self-supervised label generation strategy based on feature change rates.
Operating on the premise that dynamic events correlate with drastic variations
in deep semantic features, we extract a sequence of deep spatial feature maps
{Fy,..., Fr} from real videos using pretrained foundation models such as V-
JEPA2 [1], DINOv3 [35], or VideoMAEv2 |39]. Each feature map is denoted
as Fy € REr*WixDgeat here Hg, Wy, and Dyeqs represent the spatial height,

width, and channel dimension, respectively. Let ft(h’w) € RPseat denote the fea-
ture vector at spatial location (h,w) of frame ¢t. We first compute the cosine
distance between adjacent frames at each spatial location:

(how) | p(hw)
dn.w(t) =1 fi Jix t=2,...,T. (8)

o h,w h,w ’
£ g £

To suppress static backgrounds and capture the most significant dynamic
cues, we aggregate these local variations via top-K spatial mean pooling. We
define K = |p- HfWy|, where p € (0,1] is the spatial selection ratio. The
frame-level dissimilarity is computed as:

J(t):% Yo dnwlt), t=2,....T, (9)

(h,w)€TK (1)



PhysAlign 9

where Ty (t) denotes the set of K spatial locations with the highest distance
values at time step ¢, and d(1) = 0. We then apply a one-dimensional Gaussian
kernel G, along the temporal axis and normalize the result into a soft probability

distribution via a temperature-scaled softmax:

s(t) = (G, x d)(t), t) = TGXP(S(t)/T“me) ’ v
O =G xd)t), dO) = ) "

where * denotes the temporal convolution operator and 74, 1S a temperature
parameter that controls the sharpness of the resulting distribution.

We predict this event distribution from latent features by extracting inter-
mediate DiT features and processing them through a lightweight temporal head.
The module outputs a frame-wise probability distribution p(¢) representing the
event occurrence likelihood at each timestep. KL divergence supervision aligns
this prediction head with the self-supervised teacher distribution:

Liime = Drr,(q|lp). (11)

During training, the teacher distribution ¢(¢) serves as a temporal gating sig-
nal for the PhysCross-Attention layers. Specifically, let hgfl) and A", denote the

out
input and output hidden states of the I-th DiT block, respectively. The modified
injection mechanism becomes: hﬁi}t = hEQ + at) - PhyCrossAttn(l)(hEQ,thy),
where a(t) = ¢(t) - T is the per-frame gate value, scaled such that a uniform
distribution yields «(t) = 1 (i.e., no gating effect). During critical event phases
(a(t) > 1), the gate amplifies the influence of physical constraints, while during
static phases (a(t) < 1), the gate attenuates these features, thereby reverting to-
ward standard generation. This selective modulation introduces physical priors

without compromising the visual fluency of non-interactive segments.

3.4 Physics-Guided Alignment

To endow the generative model with robust physical reasoning capabilities, we in-
troduce a physics-guided feature alignment distillation module shown in Fig. c).
We align the latent features of the DiT backbone with the deep features of a
frozen V-JEPA2 |1]. We extract the features Fp € REXDPexExHxWe from g
frozen V-JEPA2 [1] and apply spatial normalization Norm(-) to isolate structural
information from feature magnitude |36|, yielding Fr = Norm(Fr). For the gen-
erative framework, the features Fg € REXDsxFsxHxWs from the mid layers of
the DiT backbone are processed by a 3D Convolutional layer [36] to match the
teacher’s channel dimensions and spatio-temporal resolution, resulting in shared
dimensions D, F', H, and W. These features are subsequently normalized to yield
Fg = Norm(Conv3D(F)).

We adopt the Token Relationship Distillation strategy proposed by Vide-
oREPA [50]. Let x;; € RP denote the token vector at spatial index i within
frame ¢ from the normalized feature maps. We construct spatial and temporal
relationship matrices via pairwise cosine similarity:
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spa _ xt7i : $t7j Mtem‘p‘ — -Tt,i . xt',j 12
v = Toalalwege. 0% = oo Tee sl (12)

The final physical consistency loss L4i4r, minimizes the discrepancy between
the spatio-temporal relationship matrices of the student model (Mg) and the
teacher model (My). To prevent overfitting to noise in the teacher’s represen-
tations, we introduce a margin threshold m to suppress gradients from minor
discrepancies. This optimization objective is formulated as:

1 spa spa
Latign = W Zmax (0, ‘Ms,t,z',j - MT],?t,i,j’ o m)
tyirg

(13)

_m>.

The model is optimized end-to-end using a joint loss function, formulated as:

1 temp temp
T RE-D @) Y max (0’ ‘Ms,t,t',i,j —Mry
t£t i)

»Ctotal = »CFJW + AV(;)»CVQ + )\time»ctime + )\align»calign; (14)

where A\vQ, Atime, and Aqiign are hyperparameters balancing these objectives.

4 Experiment

4.1 Implementation Details

Training Details We adopt the pre-trained Wan2.2-TI2V-5B [37] model, fine-
tuning its backbone via LoRA (rank 16) while fully training the PDE module.
Experiments are conducted on four NVIDIA A800 GPUs. Input videos are stan-
dardized to 480 x 832 resolution, 81 frames, and 16 fps. Training runs for 8000
steps using AdamW with a global batch size of 16 and a cosine annealing sched-
ule. Learning rates are 1 x 10™* for LoRA and 2 x 10~ for the PDE module.
Data Collection and Annotation We categorize dynamical events into six-
teen primary types, such as Collision, Support Failure, and Fluid Impact. Based
on these established categories, suitable video samples are filtered from three
high-quality datasets to construct the custom dataset. These sources encompass
two real-world datasets, namely WISA-80K [38] and OpenVidHD [29], alongside
one synthetic dataset, Physion v1.5 [7]. Utilizing Qwen3-VL [3|, a curated subset
comprising approximately 26K videos is extracted and systematically annotated.
The annotation pipeline is structured into two sequential stages. Initially, a com-
prehensive textual description is generated to capture the overall visual content
of each video. Subsequently, a fine-grained event description is synthesized based
on the specific physical dynamics of the video. To ensure structural consistency,
this event description strictly adheres to a predefined format: (Event Type) |
(Involved Entities) | (Mechanism of Interaction) | (Description of State Change).
More details are provided in Section A of the Supplementary Material.
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Table 1: Experimental results of our method compared to existing SOTA and baseline
models on the PhysicsIQ, EventPhy, Physionl.5, VideoPhy, and VideoPhy2 datasets.
Higher values for SA, PC, and Joint indicate better performance.

Methods PhysicsIQ EventPhy Physionl.5 VideoPhy VideoPhy?2
SA PC SA PC SA PC SA PC SA PC  Joint

Wan2.2-TI2V-5B  25.18 18.93 13.04 23.03 10.62 18.55 33.76 28.71 17.67 56.67 16.67
CogVideoX-2B 23.17 13.55 12.61 20.87 7.55 17.32 32.42 28.03 13.36 56.67 13.33
CogVideoX-5B 25.66 19.10 13.11 22.34 9.84 18.79 44.62 30.45 17.36 46.70 17.00

PhyT2V(Round4) 27.42 25.08 15.64 30.93 10.36 23.17 45.13 34.47 26.67 65.00 26.67
VideoREPA-2B 26.81 24.69 15.01 30.02 10.01 24.49 45.38 35.03 19.67 63.33 19.00
VideoREPA-5B 29.37 25.29 15.56 31.05 11.05 24.90 47.29 35.61 22.67 66.67 22.00
VLIPP 29.15 26.85 15.64 31.23 10.62 25.62 51.17 36.01 26.67 63.33 25.33
Ours 31.54 29.75 16.35 34.83 11.05 31.49 53.98 40.54 23.67 66.67 23.33

A yellow rubber duck is positioned in the middle of a line of black and
white dominoes on a wooden table. A stick attached to a black rotating
platform rotates clockwise and knocks the first domino block.

A lit match is being lowered into a glass of water: Static shot with no
camera movement.

VLIPP VideoREPA PhyT2V

Ours

Fig. 3: Qualitative comparison between our method and other methods.

Evaluation The proposed model and baselines are evaluated across Video-
Phy , VideoPhy?2 @], PhysicsIQ , Physion v1.5 , VBench , and an
EventPhy test set. Quantitative analysis primarily employs two VideoPhy |5
metrics: Semantic Adherence (SA) assessing text-to-video alignment, and Phys-
ical Commonsense (PC) evaluating physical law adherence. Furthermore, stan-
dard VBench metrics compute overall quality scores. The proposed method
is quantitatively and qualitatively compared against leading universal video
generation models, including Wan2.2-TI2V-5B , CogVideoX-2B , and
CogVideoX-5B , alongside SOTA physics-enhanced generation methods like
VLIPP [46], VideoREPA [50|, and PhyT2V [45].

4.2 Quantitative Comparisons

To evaluate our method on dynamical event-driven video generation, we con-
duct experiments across three datasets, with the quantitative results detailed
in Tab. On the PhysicsIQ benchmark, which emphasizes complex physical
logic reasoning, our method gets the highest scores of 31.54 for SA and 29.75 for
PC. For the EventPhy dataset, centering on event-level physical generation, the
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Table 2: Quantitative comparison of video generation performance on the VBench
dataset. The best results are highlighted in bold.

Metric VideoREPA PhyT2V VLIPP Ours
Subject Consistency 95.56 88.78 93.39 97.31
Background Consistency 96.42 93.24 95.83 97.80
Temporal Flickering 98.23 96.56 97.76 98.97
Motion Smoothness 98.87 97.29 98.47 98.88
Dynamic Degree 33.33 73.33 53.33 80.00
Aesthetic Quality 50.40 45.35 48.99 48.92
Imaging Quality 66.59 58.09 65.41 71.46
Quality Score 74.68 73.71 75.22 79.05

Fluid Impact: The video captures a close-up view of a person pouring steamed milk
into a cup of coffee, creating intricate latte art. The scene is set in a kitchen, with a
yellow cloth and a metal tray visible in the background. The person's hands...

BN &CkUk ROl

Submersion/Emergence: The video captures the process of making tea in a clear  Submersion/Emergence: A static shot from a slightly top-down angle on a light

olass teapot against a stark black background. Initially, the teapot is empty except  brown wood-grain floor with visible planks and natural grain patterns; arranged in

Jfor a few slices of lemon and some loose tea leaves at the bottom.... a row from lefi to right are five upright rectangular wooden blocks: the first is a red
puum d cuboid block...

Fracture/Breakage: Two black and blue gripping tools are pulling a piece of green
paper from its two corners, causing it to tear. Static shot with no camera movement.

Fig. 4: Additional generated samples, covering various dynamical event types.

model yields 16.35 for SA and 34.83 for PC. Compared with VideoREPA and
PhyT2V, our method demonstrates enhanced robustness in managing physical
events and multi-object interactions. Furthermore, on the Physionl.5 dataset,
our method maintains highly competitive performance, recording an SA of 11.05
and a PC of 31.49. These results demonstrate that our method achieves excellent
performance on the dynamical event-driven video generation task.

We further investigate the generalization capability of the proposed method
across a broader range of physical scenarios. Specifically, subsequent experiments
are conducted on the VideoPhy and VideoPhy2 benchmarks, with the quantita-
tive results presented in Tab.[I} On the VideoPhy dataset, our method achieves
the highest scores of 53.98 for SA and 40.54 for PC. For the highly challenging
VideoPhy?2 dataset, a Joint metric is used to denote the proportion of generated
samples where both SA and PC scores are > 4. In this benchmark, our method
gets a leading PC score of 66.67, indicating a strong adherence to physical laws.
While certain baselines obtain higher SA (26.67) and Joint (25.33) scores, the
proposed approach maintains a highly competitive balance, recording an SA of
23.67 and a Joint score of 23.33. Collectively, these findings validate the gener-
alization ability of the proposed method within complex dynamic scenes, sug-
gesting that it effectively captures and reproduces real-world physical processes
across diverse contexts. In addition to physical accuracy, the fundamental video
generation quality and consistency of the proposed method are evaluated on the
VBench dataset, as detailed in Tab. |2 The proposed approach achieves the
highest overall Quality Score of 79.05, demonstrating its superiority over existing
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Table 3: Ablation study results of Table 4: Ablation study results of fea-
different module configurations. ture alignment across layers.
Method SA PC Layers SA PC
Wan2.2-TI2V-5B(baseline) 13.04 23.03 10 13.57 24.38
baseline+LoRA 15.11 26.30 14 14.67 27.13
baseline+ REPA 15.64 28.87 18 16.35 34.83
w/o PDE 15.70 29.05 22 14.15 25.09
w/o ETG 16.00 32.23 26 13.01 23.29
Ours 16.35 34.83
The video captures a close-up view of a metal screw being driven into a A static shot from a slightly top-down angle on a light-colored wooden
piece of wood. The screw, with its spiral threads and a pointed tip, is table with visible grain, placed on a background of light brown wood-
shown in sharp focus ag()insl a blurred background. ... ' plank flooring; on the table surface, a yellowish-brown wooden sphere...
: il I"B"I'Tw
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Fig. 5: More qualitative comparison between our method and other methods.

physics-enhanced baselines. Specifically, it exhibits exceptional spatial and tem-
poral coherence, attaining the highest scores across multiple metrics, including
Subject Consistency, Background Consistency, Temporal Flickering, and Motion
Smoothness. Furthermore, our method secures a leading Dynamic Degree score
of 80.00 and an Imaging Quality score of 71.46. Although the Aesthetic Quality
score is slightly lower than that of VideoREPA, the comprehensive generation
performance remains highly robust. These quantitative results confirm that the
proposed method maintains exceptional visual generation quality while ensur-
ing physical realism. More experimental results are available in Section B of the
Supplementary Material.

4.3 Qualitative Comparisons

Fig. [Billustrates the qualitative comparison between our model and SOTA meth-
ods . In the test cases involving dominoes striking a rubber duck and a
lit match submerged in water, our method generates physically plausible interac-
tions and abrupt state transitions. In contrast, other approaches exhibit physical
violations and logical inconsistencies. Specifically, in the domino scenario, exist-
ing methods fail to render the toppling state of the dominoes correctly and
occasionally generate new dominoes spontaneously. During match submersion,
the matches generated by other methods fail to extinguish after entering the
water, or display illogical results like submerging first and igniting later.
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To further validate the generalization capability of our method across broader
scenarios, Fig.[and Fig. 5] present the results of our model on additional pre-
defined categories of dynamical events. These events encompass diverse scenar-
ios, including fracturing/shattering, fluid impact, and submersion/emergence.
Experimental results indicate that our method adheres well to text semantics
while generating videos with high fidelity, temporal coherence, and alignment
with real-world physical laws across various perspectives and backgrounds. This
performance highlights the capability of our framework in simulating diverse dy-
namical events. More results can be found in Section C of the Supplementary
Material.

4.4 Ablation Studies

We conduct ablation experiments to demonstrate the effectiveness of our method.
All experiments are conducted on the EventPhy dataset.

Ablation on different modules Tab. [3] illustrates the impact of different
strategies and module combinations on final performance. Simply introducing
basic LoRA or conventional REPA strategies to the baseline model brings lim-
ited gains. For example, adding REPA only increases SA and PC to 15.64 and
28.87, respectively, which remains insufficient to handle dynamical events. When
we remove the proposed core modules from the complete framework, perfor-
mance experiences a significant decline. Removing the PDE module drops SA
to 15.70 and PC to 29.05, while removing the ETG module similarly degrades
the performance. The complete method integrating all proposed modules ul-
timately achieves the highest scores of 16.35 for SA and 34.83 for PC. These
results demonstrate that PDE and ETG have a positive impact on enhancing
video physical consistency and capturing spatiotemporal motion features.
Ablation on alignment layers Concerning the selection of alignment layers,
previous studies [50] indicate that feature alignment effectiveness is sensitive
to the chosen Transformer layer depth in the denoising network. Therefore, we
test different alignment strategies from Layer 10 to Layer 26 in Tab. @l The
experimental data exhibits an inverted U-shaped trend. Selecting shallower layers
such as Layer 10 with a PC of 24.38 or deeper layers such as Layer 26 with a
PC of 23.29 for alignment results in suboptimal generation quality. The model
performance reaches its peak at Layer 18 with an SA of 16.35 and a PC of 34.83.
This phenomenon is intuitive, as shallow features tend to favor low-level visual
textures, whereas excessively deep network layers are overly abstracted into high-
dimensional semantics and easily lose fine-grained physical motion information.
Layer 18 balances and fuses high-dimensional semantic features with low-level
motion dynamics, thereby providing a suitable feature representation space for
learning physical laws.

5 Conclusion

This paper introduces PhysAlign, a generative framework designed to address
the lack of physical and causal consistency in current video generation models. By
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explicitly decoupling physical priors from visual appearances and distilling spa-
tiotemporal topologies from a foundation model, the proposed approach signifi-
cantly enhances the physical reasoning capabilities of the generative backbone.
Extensive evaluations across multiple benchmarks demonstrate that PhysAlign
achieves state-of-the-art physical plausibility and semantic alignment, providing
a robust solution for simulating real-world physical dynamics.
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