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Figure 1. Overview of our physically plausible video generation framework. We firstly decompose complex physical phenomena into a
sequence of elementary events guided by physical formulas ( Sec. 3.2), and secondly map logically ordered events to a holistic description
and a set of keyframes, both of which are causally coherent ( Sec. 3.3). Our inferred vision-language prompts enable off-the-shelf diffusion
frameworks to generate videos capturing the causal progression of physical phenomena.

Abstract

Physically Plausible Video Generation (PPVG) has
emerged as a promising avenue for modeling real-world
physical phenomena. PPVG requires an understanding of
commonsense knowledge, which remains a challenge for
video diffusion models. Current approaches leverage com-
monsense reasoning capability of large language models
to embed physical concepts into prompts. However, gen-
eration models often render physical phenomena as a sin-
gle moment defined by prompts, due to the lack of condi-
tioning mechanisms for modeling causal progression. In
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this paper, we view PPVG as generating a sequence of
causally connected and dynamically evolving events. To
realize this paradigm, we design two key modules: (1)
Physics-driven Event Chain Reasoning. This module de-
composes the physical phenomena described in prompts
into multiple elementary event units, leveraging chain-of-
thought reasoning. To mitigate causal ambiguity, we em-
bed physical formulas as constraints to impose determinis-
tic causal dependencies during reasoning. (2) Transition-
aware Cross-modal Prompting (TCP). To maintain conti-
nuity between events, this module transforms causal event
units into temporally aligned vision-language prompts. It
summarizes discrete event descriptions to obtain causally
consistent narratives, while progressively synthesizing vi-
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sual keyframes of individual events by interactive editing.
Comprehensive experiments on PhyGenBench and Video-
Phy benchmarks demonstrate that our framework achieves
superior performance in generating physically plausible
videos across diverse physical domains. Code is available
at https://github.com/ZixuanWang0525/CoECT.

1. Introduction
PPVG has opened up a wide range of real-world applica-
tions, including movie production [1], autonomous driv-
ing [2], and embodied AI [3]. In recent years, video dif-
fusion models, such as Kling [4] and OpenAI-Sora [5],
have demonstrated remarkable capabilities in synthesizing
photorealistic scenes from user prompts. However, brief
prompts fail to provide the detailed physical laws required
for the physically plausible generation. This hinders such
generative models from simulating real-world physical phe-
nomena, e.g., fluid dynamics, light refraction, and thermo-
dynamic effects.

Recent PPVG studies [6–8] have augmented user
prompts with physical concepts based on Large Language
Model (LLM)-assisted reasoning. However, these ap-
proaches typically simplify the generated physical phenom-
ena to a single moment defined by static prompts. This chal-
lenge arises due to: (1) Causal Ambiguity. In the real-world,
physical phenomena unfold as causally ordered event units.
Unfortunately, embedding a semantic tag to describe such
complex phenomena often fails to capture their dynamic na-
ture. This requires a structured decomposition of physical
phenomena by causal deterministic reasoning. (2) Insuffi-
cient Physics-consistent Constraints. Language alone is in-
herently incapable of conveying the causal continuous be-
tween events. Visual cues (e.g., reference videos) can pro-
vide observable evidence of event transitions. Even so, vi-
sual priors tightly aligned with specified physical phenom-
ena are often hard to obtain.

In this paper, we propose an event-centric physically
plausible video generation framework that models physical
phenomena as transitions between causally linked events, as
shown in Fig. 1. The framework consists of two core mod-
ules: (1) We design a Physics-driven Event Chain Reason-
ing (PECR) module (Sec. 3.2) to decompose physical phe-
nomena into a sequence of fine-grained event units. To mit-
igate causal ambiguities, we embed computational analysis
driven by physical formulas into the reasoning process with
scene graphs. This enables the inference of physically real-
istic events with clear causal relationships. (2) We develop
a Transition-aware Cross-modal Prompting (TCP) module
(Sec. 3.3) to ensure causal coherence and visual continu-
ity between generated events, through the synergy of se-
mantic and visual prompts. From a semantic perspective,
this module compresses multiple event descriptions into a

single causally consistent representation using causal con-
junctions. On the visual side, this module uses keyframes
synthesized by interactive editing as visual prompts, main-
taining the smooth transition between events.

We evaluate our framework on PhyGenBench [9] and
VideoPhy [10] benchmarks. Our framework signifi-
cantly outperforms current PPVG approaches on physics-
informed metrics across diverse physical domains. Cru-
cially, videos generated by our framework can preserve rea-
sonable chronological order of physical events. Our contri-
butions are summarized as follows:
• We propose an event-centric generation framework that

models physically plausible videos as sequences of
causally connected and dynamically evolving events.

• To address causal ambiguity, we decompose physical
phenomena into causally ordered event units by causal
reasoning with deterministic physical constraints.

• To constrain continuous generation between physical
events, we synthesize temporally aligned semantic-visual
prompts to guide event transitions.

• Comprehensive experiments demonstrate that our frame-
work outperforms existing methods in generating physi-
cally realistic and causally coherent videos.

2. Related Works
Physical Plausible Video Generation. To make videos
obey physical laws, physics-aware generation has been ex-
plored. Several works [11–13] characterize physical phe-
nomena through simulations based on graphics engines,
which are integrated into diffusion sampling to enhance
physical realism. To handle diverse open-domain physi-
cal phenomena, VideoREPA [14] leverages physical knowl-
edge from foundation models. WISA [15] and PhysHPO
[16] guide diffusion models to learn physical phenomena
from decomposed principles. VLIPP [17], DiffPhy [8],
PAG-SAD [7], and PhyT2V [6] leverage CoT reasoning to
design physics-aware prompts. However, physical events
unfold as causally ordered processes, while current meth-
ods, hindered by lack of causal modeling, often collapse
them into a single scene.
Chain-of-Thought in Visual Generation. Recent stud-
ies have adapted CoT reasoning [18] from language under-
standing to visual generation, which are divided into two
categories. The first leverages reasoning before generation
paradigm to augment conditioning signals [19–22]. For ex-
ample, LayerCraft [21], and GoT [22] enable the generation
of multiple objects by reasoning about spatial arrangements.
Others embed step-by-step reasoning into the synthesis pro-
cess through reasoning during generation paradigm. Z-
Sampling [23] performs diffusion self-reflection, bridging
the gap between denoising and inversion. Visual-CoG [24]
adopts a chain-of-guidance framework to supervise each
generation stage. However, current approaches mainly fo-
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cus on semantic and spatial reasoning, neglecting the mod-
eling of deterministic causal relationships.
Dual-Prompt in Video Generation. While natural lan-
guage defines scene semantic, it often underspecifies de-
tailed geometry and motion. Accordingly, visual cues are
introduced to guide video generation, including reference
image, spatial layouts, and motion priors. Some works [25–
29] employ reference image as the appearance prior for gen-
erating high-fidelity textures and diverse visual styles. To
enhance geometric details, several studies introduce spa-
tial layouts during generation. SketchVideo [30] lever-
ages sketches to constrain the contours of objects. DyST-
XL [31] and BlobGEN-Vid [32] specify the locations of
objects through bounding boxes and blobs, respectively.
Given the dynamic nature of videos, recent studies use mo-
tion priors to capture sophisticated trajectories [33, 34].
However, these approaches primarily constrain individual
scenes, lacking the ability to ensure smooth transitions be-
tween multiple events.

3. Methodology
3.1. Overall Framework
Given a user-provided linguistic description w of physi-
cal phenomenon, our goal is to generate the corresponding
physically plausible video V which characterizes underly-
ing progression of described phenomenon.

Γ : w → V, (1)

where Γ denotes our physics-aware video generation frame-
work. Specifically, our framework is organized as two syn-
ergistic modules. In Sec. 3.2, we design a Physics-driven
Event Chain Reasoning (PECR) module, which interprets
each complex phenomenon described in user-provided de-
scription into an ordered collection of physical events.
In Sec. 3.3, we develop a Transition-aware Cross-modal
Prompting (TCP) module, which bridges the event chain in-
ferred by PECR module to the video generation process. In-
stead of time-invariant linguistic descriptions and reference
images, our TCP module dynamically synthesizes dual-
conditions evolving with physical processes.

3.2. Physics-driven Event Chain Reasoning
Physical phenomenon involves the progression of events to-
gether with the corresponding changes of the physical pa-
rameters. Current studies [6, 8] typically bind a physical
phenomenon to an individual object, and simply use a se-
mantic tag to coarsely describe each phenomenon. Unlike
such approaches, we conceptualize physical phenomena as
a series of causally ordered events, as shown in Fig. 2. Each
event can be regarded as a composite unit, encompassing
descriptive information of objects’ semantic and interac-
tions, as well as measurable physical conditions governed

by physics formulas. This enables the characterization of
crucial moments in a physical process from both qualitative
and quantitative perspectives.
Physics Formula Grounding. To numerically describe
physical processes, we perform reasoning over the physics
formulas F∗ based on the physical laws L embedded in the
linguistic description w. Specifically, physical laws L are
determined by question answering, where options are de-
fined according to [35]. Formula names associated with
physical laws are inferred from the linguistic description.
After that, inferred formula names NL are used as queries
to retrieve physical formulas F∗ from knowledge bases.

F∗ = TopKf∈FL
P (f | NL,L), (2)

where FL denotes all formulas in the online knowledge
base associated with physical laws L. P (·) is the scoring
function over the candidate formulas FL. When no direct
match of inferred formula names NL is found in FL, we
regenerate formula names using FL. Once the formula is
retrieved, the physical parameters required for formula anal-
ysis are set by commonesense reasoning.
Physical Phenomena Decomposition. To characterize the
scene changes induced by complex physical phenomena,
we decompose these phenomena into an ordered sequence
of key events {Et}Tt=1 = {{Ct}Tt=1, {Gt}Tt=1}. Where
{Et}Tt=1 denotes the metadata of events, {Ct}Tt=1 specifies
the physical conditions, {Gt}Tt=1 denotes the dynamic scene
graph, and T is the event number.

Physical conditions are calculated on the basis of our re-
trieved physics formulas. Intermediate quantities produced
during the analytical calculation provide additional physi-
cally meaningful signals. By analyzing whether significant
variations occur in physical parameters, the boundaries of
physical events can be determined. These boundaries en-
able the continuous video to be discretized into a sequence
of events.

Ct =
{(

Pt,F∗(Pt)
) ∣∣ ∥Pt −Pt−1∥ > τp

}
, (3)

where Pt denotes the physical parameter vectors of all ob-
jects within the t-th event. τp is the variation threshold, de-
termining whether the change in physical parameters is suf-
ficient to indicate a new event. In order to ensure physical
consistency, the parameters inferred for current event are
validated against those of neighboring events by detecting
abrupt changes that violate physical continuity. When in-
valid changes are found, the corresponding parameters and
physical contexts are fed back for re-inference.

After that, we update the scene graph based on physical
conditions. Given Ct, we update the nodes Vt and edges
Rt of the scene graph Gt = {Vt,Rt}. For nodes Vt, ap-
pearance (e.g., liquid changes color) or semantic label (e.g.,
burn to ashes) would be updated according to variations in
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Figure 2. Overview of our PECR module ( Sec. 3.2). This module conceptualizes physical phenomena in user-provided descriptions as
a series of causally ordered events governed by real-world physical formulas, where each event encompasses semantic descriptions and
measurable physical parameters for key objects. This characterizes the underlying scene changes induced by such phenomena.

their physical parameters. Update of edges Rt is driven
by changes of interactions between objects (e.g., a decrease
in distance), which requires considering coordinated varia-
tions of physical parameters across multiple objects:

Gt = Φ(Gt−1, Ct), (4)

where Φ(·) denotes the scene graph update function, which
incorporates physical variations captured in Ct into previous
scene graph Gt−1 to produce current new graph Gt.

3.3. Transition-aware Cross-modal Prompting
With a sequence of events inferred from the previous stage,
the key challenge is to bridge such events to physically real-
istic video generation. A dual-condition framework [26, 28]
serves as a promising solution. However, current frame-
works fail to make conditions evolve over time, leading to
an inability to capture events’ progression. Unlike prior
work, we progressively synthesize semantic–visual prompts
for each event while preserving seamless temporal progres-
sion, as shown in Fig. 3. The semantic prompt serves as
a guidance during the denoising and the visual prompt re-
places original Gaussian noise to provide physics-aware pri-
ors. Generation process is formally defined as:

Zτz−1 = ϵθ(Zτz ;W), (5)

where Zτz denotes the visual priors. W specifies the em-
bedding of linguistic description. ϵθ is denoising network
of the video diffusion model.
Progressive Narrative Revision. Describing events in-
dependently can disrupt holistic coherence of narratives.
Therefore, we perform minimal progressive revisions con-
ditioned on the preceding context. Specifically, physi-

cal conditions Ct constrain physically permissible transi-
tions, e.g., rising temperature allows “melting” and ex-
cludes “freezing”. We employ scene graphs Gt to preserve
object identities and to specify which attributes and rela-
tions may change. Let wt denotes the description of the t-th
event, we obtain wt via:

wt = LLM
(
wt−1 +∆(wt−1, Ct,Gt)

)
, (6)

where ∆(·) denotes an incremental semantic revision
guided by Ct and Gt.

Video diffusion models typically condition on a single
sentence. However, concatenating multiple event descrip-
tions produces semantic redundancy. Given this, we merge
event descriptions into a positive semantic prompt via se-
mantic condensation and causal connectives. Additionally,
we construct a negative description w∗

−. Two descriptions
are embedded separately and concatenated as:

W = [ψtext(w
∗
+); ψtext(w

∗
−) ], (7)

where ψtext(·) is the text encoder.
Interactive Keyframe Synthesis. While language provides
conceptual semantic guidance, physically realistic details
remain under-specified, due to the ambiguity of linguistic
description. To embed physics-aware details into random
Gaussian noise, we synthesize keyframes vt for each phys-
ical event by interactive image editing. These generated
keyframes serve as priors to guide video generation process.
To be specific, we select the appropriate editing operator
from a predefined set (e.g., drag or mask). The change in
physical parameters across consecutive conditions acts as a
numerical regularizer. It bounds the action space, including
dragging magnitude and area of visual change. Practically,
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Figure 3. Overview of our TCP module ( Sec. 3.3). This module aims to generate semantic-visual prompts for each event based on its meta
data. Semantic prompts are inferred by our proposed progressive narrative revision, serving as the guidance during denoising steps. Visual
prompts are obtained by our proposed interactive keyframe synthesis, replacing original noise to provide physics-aware priors.

we draw operator cues on a source image to lead the modi-
fications through Qwen-Image-Edit [36]. Each keyframe is
obtained as follows:

Ot = LLM
(
(Ct−1,Gt−1) → (Ct,Gt)

)
, (8)

vt = Edit(vt−1;Ot) (9)

where Ot denotes the editing operator. The keyframe v1 is
directly synthesized from the event description.

To provide a smooth progression, we apply linear inter-
polation between keyframes. In parallel with inferring Ot,
a physically plausible time span dt for the variation from
the (t − 1)-th to the t-th event is also predicted, which de-
termines how many in-between frames are interpolated be-
tween vt−1 and vt. Because video diffusion models often
operate in a compressed feature space, we use VAE [37] to
encode each keyframe. Based on predicted time span and
embedded keyframe features, we perform frame interpola-
tion as follows:

z0,t = INTERP(ψimg(vt−1), ψimg(vt); dt
)
, (10)

where z0,t denotes the interpolated features for variation
between two events. INTERP(·) specifies linear interpo-
lation. ψimg(·) is VAE encoder. Given a predefined timestep
τz , we add noise to [z0, . . . , zT ], serving as priors to denois-
ing process of the video diffusion model.

Zτz = [z0, . . . , zT ] + σ2
τzϵ, ϵ ∼ N (0, I), (11)

where σ2
τz denotes the variance of Gaussian noise.

4. Experiments

4.1. Experimental Setups

Datasets. We evaluate on PhyGenBench [9] and Video-
Phy [10] datasets. Specifically, PhyGenBench comprises
160 designed linguistic descriptions spanning 27 physical
laws across four fundamental domains, namely mechanics,
optics, thermal, and material. VideoPhy provides a collec-
tion of 688 human-verified linguistic prompts, describing
various physical interactions between objects, comprising
solid-solid, solid-fluid, and fluid-fluid.

Evaluation Metrics. Following PhyGenBench [9], we
use Physical Commonsense Alignment (PCA) as our met-
ric, which indicates video quality by considering key phe-
nomena detection, physics order verification, and over-
all naturalness evaluation. For VideoPhy [10], we use
its provided VideoCon-Physics evaluator to assess Seman-
tic Adherence (SA) and Physical Commonsense (PC). SA
evaluates whether a linguistic description is semantically
grounded in generated video frames. PC examines whether
the depicted actions and object properties conform to real-
world physics laws.

Implementation Details. We use CogVideoX 5B [38] as
our video generation baseline. Following the official imple-
mentation, the video generation model is configured with
161 frames per sample and a resolution of 1360×768. For
language reasoning, we employ an open-source GPT-OSS-
20B [39] with the default configuration. We use the Qwen-
Image family [36] for keyframe generation.
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Figure 4. Visualization of physics-aware video generation results across four physical domains. Compared with baseline CogVideo-5B
[38], our approach yields causally coherent progressions of physical phenomena, e.g., the glass ball sinks, the bottom shadow extends in
the direction of the light, gradual melting of ice, fire spreading through the paper. All prompts are sourced from PhyGenBench [9].
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Figure 5. Visualization of physics-aware video generation results across various physical interactions between objects. Compared with
baseline CogVideo-5B [38], our approach demonstrates clearer causal progression, e.g., butter spread along the knife movement, continuous
honey inflow with a rising level, and monotonic spring compression. All prompts are sourced from VideoPhy [10].

4.2. Evaluation on PhyGenBench

We compare our framework with video foundation models
[38, 40–45, 47] and physics-aware video generation mod-
els [6–8, 15, 16] on the PhyGenBench [9] benchmark. As

shown in Tab. 1, our framework consistently achieves the
best overall performance of 0.66, surpassing PhysHPO [16]
(previous SOTA) by 8.19% on average. As shown in Fig. 4,
compared with the baseline CogVideo-5B [38], our frame-
work achieves visually more realistic generation of gradual
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Table 1. Performance comparison on PhyGenBench [9] across
four physical domains. The best and second-best results are high-
lighted and underlined, respectively.

Methods
Physical domains (↑)

Avg.
Mechanics Optics Thermal Material

Video Foundation Model
Lavie [40] 0.30 0.44 0.38 0.32 0.36
VideoCrafter v2.0 [41] - - - - 0.48
Open-Sora v1.2 [42] 0.43 0.50 0.34 0.37 0.44
Vchitect v2.0 [43] 0.41 0.56 0.44 0.37 0.45
Wan [44] 0.36 0.53 0.36 0.33 0.40
Kling [45] 0.45 0.58 0.50 0.40 0.49
Pika [46] 0.35 0.56 0.43 0.39 0.44
Gen-3 [47] 0.45 0.57 0.49 0.51 0.51

Physics-aware Video Generation Model
WISA [15] - - - - 0.43
DiffPhy [8] 0.53 0.59 0.58 0.46 0.54
CogVideoX-5B [38] 0.39 0.55 0.40 0.42 0.45
+ PhyT2V [6] 0.45 0.55 0.43 0.53 0.50
+ SGD [7] 0.49 0.58 0.42 0.48 0.49
+ PhysHPO [16] 0.55 0.68 0.50 0.65 0.61
+ Ours 0.67 0.72 0.65 0.60 0.66

sinking (row 1), light refraction (row 2), realistic melting
(row 3), and natural combustion (row 4). These results in-
dicate the ability of our framework to understand physical
laws and their corresponding visual dynamics by explicitly
considering causally ordered events.

4.3. Evaluation on VideoPhy
We compare our framework with some video generation
models [6, 16, 38, 40–42, 46, 48–50] on the VideoPhy [10]
benchmark. As shown in Tab. 2, our approach achieves
49.3% scores (SA=1, PC=1) in general, significantly out-
performing previous SOTA approach PhysHPO [16] by ap-
proximately 3.4%. This confirms the effectiveness of our
framework in adhering to the semantic cues and follow-
ing physical laws by leveraging vision-language prompts
inferred via CoT reasoning. As shown in Fig. 5, compared
with the baseline CogVideo-5B [38], our approach shows
butter spreads along the knife path (row 1), honey pouring
as a continuous viscous stream with a steadily rising liquid
level (row 2), and the spring shortens monotonically under
sustained compression (row 3). These cases emphasize that
our framework can capture interactions between objects in
diverse physical phases.

4.4. Ablation Studies
We perform ablation studies based on PhyGenBench [9] to
systematically analyze the contributions of each block in
our proposed PECR and TCP modules.
PFG and PPD blocks in PECR. We analyze the effective-
ness of the Physics Formula Grounding (PFG) and Physical
Phenomena Decomposition (PPD) blocks in PECR mod-
ule. When removing the PFG block, physical events are
inferred solely from original descriptions; whereas without

Figure 6. Ablation of the PECR module. Physical-driven CoT rea-
soning in PECR is crucial for modeling gradual changes in physi-
cal conditions and preserving causal consistency across events.

PPD block, cross-modal conditions are derived only from
physical formulas. As shown in Tab. 3, excluding the
PFG block causes an average performance drops of about
6% across physical domains, underscoring the necessity of
formulas to quantitatively understand physical laws. Simi-
larly, removing the PPD block leads to an average decline
of around 11%, indicating its effectiveness in generating re-
alistic physical progressions by decomposing complex pro-
cesses into logically ordered event chains.

To validate the role of PECR module in our overall
framework, we disable its CoT reasoning and verification
procedures. In this setup, the module directly infers the
scene graph of individual events from original descriptions.
As shown in Fig. 6, our framework correctly generates the
gradual color transition in the litmus solution from purple
to red, whereas the baseline produces a persistently red so-
lution. Upon inspecting inferred scene graphs, we observe
that the PECR module updates the color property of the lit-
mus node across events, but the variant leaves it unchanged.
This indicates that PECR helps capture the causal progres-
sion of events by modeling how physical conditions evolve
across events.
PNR and IKS blocks in TCP. We investigate the impact
of the Progressive Narrative Revision (PNR) and Interac-
tive Keyframe Synthesis (IRS) blocks in TCP module. As
shown in Tab. 3, without PNR block causes a moderate av-
erage drop of about 3%, demonstrating its supportive role in
improving the continuity and smooth evolution of scenes.
Conversely, excluding the IKS block results in a signifi-
cant average decrease of approximately 17%, which under-
scores the essential role of explicitly generating dedicated
keyframes for each physical phase in anchoring cross-frame
dynamics and preserving a physically grounded visual pro-
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Table 2. Performance comparisons on VideoPhy [10] across various physical interactions between objects. The best and second-best results
are highlighted and underlined, respectively.

Methods
Overall (%) Solid-Solid (%) Solid-Fluid (%) Fluid-Fluid (%)

SA, PC SA PC SA, PC SA PC SA, PC SA PC SA, PC SA PC

Video Foundation Model
VideoCrafter2 [41] 19.0 48.5 34.6 4.9 31.5 23.8 27.4 57.5 41.8 32.7 69.1 43.6
LaVIE [40] 15.7 48.7 28.0 8.5 37.3 19.0 15.8 52.1 30.8 34.5 69.1 43.6
SVD-T2I2V [48] 11.9 42.4 30.8 4.2 25.9 27.3 17.1 52.7 32.9 18.2 58.2 34.5
OpenSora [42] 4.9 18.0 23.5 1.4 7.7 23.8 7.5 30.1 21.9 7.3 12.7 27.3
Pika [46] 19.7 41.1 36.5 13.6 24.8 36.8 16.3 46.5 27.9 44.0 68.0 58.0
Dream Machine [49] 13.6 61.9 21.8 12.6 50.0 24.3 16.6 68.1 23.6 9.0 76.3 11.0
Lumiere [50] 9.0 38.4 27.9 8.4 26.6 27.3 9.6 47.3 26.0 9.1 45.5 34.5

Physics-aware Video Generation Model
CogVideoX-5B [38] 39.6 63.3 53 24.4 50.3 43.3 53.1 76.5 59.3 43.6 61.8 61.8
+ PhyT2V [6] 40.1 - - 25.4 - - 48.6 - - 55.4 - -
+ Vanilla DPO [51] 41.3 - - 28.2 - - 50.0 - - 51.8 - -
+ Ours 49.3 79.5 59.4 40.6 73.4 53.8 60.0 85.6 66.7 54.5 85.4 61.8

Table 3. Ablation analysis of PECR and TCP modules, including
Physics Formula Grounding (PFG) and Physical Phenomena De-
composition (PPD) in PECR, and Progressive Narrative Revision
(PNR) and Interactive Keyframe Synthesis (IRS) in TCP.

Variant
Physical domains (↑)

Avg.
Mechanics Optics Thermal Material

Ours 0.67 0.72 0.65 0.60 0.66

Ablations of PECR module
w/o PFG 0.63 0.69 0.61 0.53 0.62
w/o PPD 0.58 0.67 0.61 0.52 0.59

Ablations of TCP module
w/o PNR 0.65 0.70 0.64 0.56 0.64
w/o IKS 0.50 0.64 0.58 0.48 0.55

gression. We also evaluate the effectiveness of visual
prompts in TCP module. As shown in Fig. 7, the rounded
shape of the rugby ball is preserved when keyframes pro-
vide reasonable visual cues. Conversely, the baseline pro-
duces an implausible result in which the ball sinks into the
ground rather than resting on the surface. This result shows
that the physical realism of visual prompts directly affects
the structural fidelity of the generated content.

5. Conclusion
This paper addresses the challenge of generating physics-
aware videos characterizing the ordered progression of
physical phenomena governed by real-world physical laws.
In place of depicting a complex physical phenomenon by
simple semantic labels, we decompose each phenomenon
into a sequence of causally linked physical events based on
standard physical formulas. We infer physical events and

Figure 7. Ablation of visual prompts in TCP module. Physi-
cally consistent visual keyframe prompts are crucial, as unrealistic
keyframes mislead the generator and lead to structurally implausi-
ble content.

translate them into vision-language prompts that correspond
to each event. These prompts are then used to condition the
video generation process, ensuring alignment with physical
dynamics. Comprehensive experiments confirm the effec-
tiveness of our framework in generating physically plausi-
ble videos, especially in modeling complex and evolving
physical phenomena.
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