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Abstract. Despite rapid progress in video diffusion models (VDMs),
ensuring semantic adherence and physical commonsense remains a fun-
damental challenge, as even state-of-the-art systems frequently violate
real-world physical laws, such as dynamics, thermodynamics, and op-
tics. While Direct Preference Optimization (DPO) has become a popu-
lar post-training strategy for aligning generative models, existing video
DPO methods to improve physical commonsense suffer from high compu-
tational costs, poorly matched preference pairs, and ambiguous global su-
pervision that fails to localize physical violations. We propose PhysPO,
a physics-aware local preference optimization framework for physically
consistent video generation. We first introduce CounterPhyPipe, a physics-
aware counterfactual data construction pipeline that forms video pref-
erence pairs with consistent global semantics and local physical viola-
tions, enabling meaningful comparisons for preference learning. Then
we leverage high-frequency decomposition to introduce a physical mask,
which localizes regions where physical state transitions may occur. Fi-
nally, we develop PhysPO, a physics-aware DPO framework that con-
centrates supervision on physically relevant regions while enforcing neu-
trality on background regions. This mechanism reduces gradient noise
and mitigates shortcut optimization, encouraging the model to focus on
genuine physical discrepancies rather than superficial cues. Extensive
experiments demonstrate that PhysPO significantly improves physical
commonsense without compromising semantic adherence. Our project
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1 Introduction

Text-to-video (T2V) diffusion models have recently achieved remarkable progress,
demonstrating strong capabilities in high-resolution and long-form video synthe-
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sis [114]15}/23,[35,|50]. However, the physical plausibility of generated videos re-
mains severely constrained. Even state-of-the-art models such as CogVideoX [50],
HunyuanVideo [15], and Wan2.2 [35] frequently produce outputs that violate
real-world physical laws [3\/4], including dynamics (e.g., a metal pendulum swing-
ing against gravity in Wan2.1 [35]), thermodynamics (e.g., burning candles ex-
hibiting abrupt upward flames in CogVideoX [50]), and optics (e.g., straw in
water with misplaced bending points that contradict optical refraction laws), as
shown in Fig[l] Improving the physics reasoning capability of video generation
models can make them closer to real-world simulators, which can benefit a wide
range of applications such as video gaming |9,33], autonomous driving [39/42149],
robotics [1,/2,/13], film making [29}38}/44], etc.

Recent works have explored various approaches to better model physical
dynamics. Graphics-based methods [14] rely on simulation engines to specify
physical parameters of simple scenarios such as perfectly elastic collisions and
basic rigid body dynamics. Nonetheless, it is impractical to apply them in real-
world scenes as the environments are too complex to parameterize. LLM-based
methods [48)52] leverage large language models to augment prompts with explicit
physical laws and phenomena, use the extended prompts as input to simulate the
physics by iteratively generating the video. such multi-round refinement substan-
tially increases inference latency. More importantly, these approaches simply rely
on LLM-augmented instructions without fundamentally improving the intrinsic
physical modeling capability of the video generator itself. To inject physical pri-
ors and encourage implicit physics learning, SFT-based methods typically fine-
tune T2V foundation models on large-scale, high-quality text—video datasets. For
example, VideoREPA [54] learns physics through representation alignment with
video understanding models. WISA [36] enhances physics awareness by incor-
porating a mixture of physical experts. However, supervised fine-tuning alone is
insufficient to reliably enforce physical consistency [19], as shown in Fig (¢c). The
key reason is that there is no negative training data to provide contrastive sig-
nals discouraging physically inconsistent generations. Without such contrastive
signals, the model may collapse to superficial correlations and exploit shortcut
cues, rather than genuinely internalizing physical laws. The emergence of Direct
Preference Optimization (DPO) [30] in video diffusion models [10}24}31] offers
a promising avenue to overcome the limitations of pure SFT. Recent works,
such as PhyGDPO [8] and PhysMaster 26|, leverage preference-based learning
to further improve physical alignment in generated videos.

However, directly using DPO to improve physical plausibility in video diffu-
sion [8,/10241/2631[37] faces three key challenges. First, preference optimization
for text-to-video (T2V) models is computationally expensive and inefficient. For
example, PhysCorr [37] formulates a physics-aware DPO objective that requires
generating multiple candidates (e.g., eight videos) per prompt, from which the
most and least physically plausible samples are selected to form preference pairs.
Such repeated sampling leads to heavy computational overhead (e.g., 550 seconds
to generate a single 720P video with CogVideoX [50] on an NVIDIA H100). Sec-
ond, preference pairs constructed from independently sampled noise often lack
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“apples-to-apples” correspondence. For instance, methods such as PhyGDPO |§]
adopt real videos as preferred samples and randomly generated ones as dispre-
ferred samples. Although such dispreferred samples may violate physical plausi-
bility, independent noise initialization frequently results in different global lay-
outs and motion patterns. Consequently, these pairs rarely form hard coun-
terfactuals—videos that preserve identical global scene while differing only in
subsequent physical dynamics. Instead of focusing on physical consistency, the
supervision signal becomes entangled with variations in content, composition,
and motion style, leading to ambiguous and noisy optimization signals. To enable
meaningful comparisons, preference pairs should maintain similar backgrounds
so that differences arise exclusively from the correctness of physical execution.
Such controlled counterfactual supervision enables the model to focus explicitly
on physical dynamics, rather than merely preferring globally smoother or visu-
ally cleaner videos. Third, existing preference optimization methods [8}/10/26}37]
treat videos as monolithic entities and overlook local preference cues. However,
physical violations are intrinsically localized in space and time, whereas global
supervision distributes gradients uniformly across the entire video. This dilutes
learning signals in physically relevant regions and may encourage the model to
modify irrelevant background content rather than correct the underlying physical
errors, resulting in noisy and ineffective optimization.

To overcome these challenges, we first propose a Physics-Aware Video Pair
Generation Pipeline, CounterPhyPipe, which generates video preference pairs
that exhibit local physical inconsistencies. Instead of generating video pairs from
independently sampled noise and relying on human or model-based annotations,
we construct preference pairs directly from high-quality real videos. Specifically,
each real video is treated as the preferred sample, and we edit it to create a cor-
responding dispreferred variant. The edited video differs only in localized subse-
quent physical responses, while preserving global semantics. Specifically, we use
a multimodal large language model [32] to extract representative frames that
capture the scene layout from real preferred videos, and then propose a coun-
terfactual physical description (e.g., “the ball rolls upward against gravity”). We
then employ an image editing model [43] to modify the representative frame
according to the counterfactual text and synthesize an erroneous end frame. A
first-last-frame-to-video model [35] generates a dispreferred video variation con-
ditioned on the start frame, edited end frame, and counterfactual text, producing
hard negatives that maintain identical scene layouts but differ in local physical
logic. Then we use CounterPhyPipe to collect a training dataset, CounterPhy,
containing over 30K physically inconsistent text-to-video preference pairs. This
construction of preference pairs eliminates the need—present in conventional
DPO — to first generate multiple videos and then annotate them, thereby sav-
ing substantial labeling costs. Preference pairs in CounterPhy preserve global
scene identity but exhibit local physical violations, which enable meaningful
comparisons for subsequent local preference optimization.

Second, to better capture local physics preference while enforcing neutrality
in background regions, we formulate a Physics-Aware Local Preference Optimiza-
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(a) Dy ics:A metal pendi g left and right under gravity in a quiet room.
o - " “
(b) Thermodynamics: Candle burning with smoke.
(¢) Optics: Straw bendmg in water.
PhysPO J (

Fig. 1: Text-to-video generation results across three fundamental categories of physics.
Videos generated by PhysPO have better semantic adherence and physical common-
sense. (a) Dynamics. Wan2.1 model generates irregular and non-smooth motion
with unstable trajectories that violate basic dynamic constraints. After post-training
Wan2.1 with PhysPO, we produce physically consistent pendulum motion, exhibit-
ing smooth periodic oscillations, gradually decaying amplitude due to damping, and
gravity-governed trajectories. (b) Thermodynamics. CogVideoX exhibits unrealistic
abrupt upward flame movement. After post-training CogVideoX with PhysPO, we gen-
erate candle-burning videos that follow thermodynamic principles, including gradual
wax melting, continuous flame flickering, and upward smoke convection driven by heat.
(c) Optics. WISA produces geometrically inconsistent distortions, such as misplaced
bending points that contradict optical refraction laws. Our model correctly captures
refraction-induced visual displacement, where the apparent bending occurs consistently
at the air—water interface and varies smoothly with perspective.

tion framework PhysPO for physically consistent T2V generation. As physical
inconsistencies necessarily manifest as abnormal variations in either an object’s
spatial structure or its temporal evolution, such variations are predominantly
reflected in high-frequency components , which encode structural bound-
aries and motion dynamics. Therefore, we perform frequency-domain decom-
position to explicitly identify regions where these anomalous variations occur.
Concretely, we derive a spatial high-frequency mask via frame-wise 2D FFT fol-
lowed by high-pass filtering to capture structural details and deformation cues,
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thereby locating tangible physical entities. In parallel, we compute a temporal
high-frequency mask using 1D FFT and high-pass filtering along the temporal
axis at each spatial location to detect motion variations such as velocity changes
and temporal discontinuities, highlighting where physical state transitions oc-
cur. The union of these two masks yields a unified spatio-temporal region that
encompasses both physical entities and their state transitions, forming a can-
didate space for physics-aware supervision. Building upon this physical mask,
we extend the vanilla diffusion DPO objective to a physics-aware formulation
that concentrates preference supervision on regions exhibiting potential physical
violations. Outside the physical mask, the preferred and dispreferred samples
are expected to be semantically equivalent. These areas are therefore treated as
tie regions, where no preference should be expressed. Accordingly, we introduce
a neutrality regularization term that explicitly drives the preference difference
toward zero in these non-physical regions. By applying supervision on physically
meaningful regions while enforcing neutrality elsewhere, the proposed objective
reduces gradient noise, mitigates shortcut optimization, and promotes stable and
efficient learning of physical consistency.

In summary, benefiting from our dataset and proposed physics-aware local
preference optimization techniques, PhysPO significantly improves the physical
commonsense and semantic adherence of T2V models, and yields better results
than the recently best T2V models on some challenging physical categories, as
shown in Fig. [1l Our contributions are as follows.

— We propose CounterPhyPipe, a physics-aware data construction pipeline that
forms video preference pairs with consistent global semantics and local phys-
ical violations, enabling meaningful comparisons for subsequent local pref-
erence optimization. We use it to collect a training dataset, CounterPhy,
containing over 30K physically inconsistent text-to-video preference pairs.

— We leverage high-frequency decomposition to introduce a physical mask,
which localizes regions where physical state transitions may occur.

— We develop PhysPO, a physics-aware DPO framework that concentrates su-
pervision on physically relevant regions while enforcing neutrality on back-
ground regions, reducing gradient noise and shortcut optimization while pro-
moting stable alignment with real-world physical laws.

2 Related Works

Physics Plausibility for Video Generation. Although recent text-to-video
(T2V) models have achieved strong visual fidelity and motion smoothness [5/12}
23)|351/501/53], multiple benchmarks [3}/41/25}28] show that they frequently violate
basic physical laws, revealing a gap between perceptual realism and physical va-
lidity. Existing efforts address this issue from two perspectives. Graphics-based
approaches incorporate explicit simulators [20,27,/46], but remain limited by
simulator assumptions and scalability. LLM-based methods enhance physics rea-
soning through prompt refinement or expert routing |36}47], yet do not funda-
mentally improve the model’s intrinsic dynamics modeling and often depend on
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Fig. 2: Overview of our method. (a) CounterPhyPipe: a Physics-Aware Video Pair
Generation Pipeline. We regard high-quality real videos as preferred samples and gen-
erate dispreferred samples by introducing local physical violations, while keeping the
global scene unchanged. (b) PhysPO: a Physics-aware Local Preference Optimization
framework. We extract a physical mask to localize regions where physical state transi-
tions may occur. Then we concentrate supervision on physically relevant regions and
enforce neutrality on background regions to promote physical plausibility.

curated datasets. Moreover, prior work [19] indicates that supervised fine-tuning
alone cannot reliably enforce physical consistency, as models tend to exploit su-
perficial correlations without explicit negative signals. We address this limitation
via physics-aware local preference optimization.

Preference Learning for Video Generation. Direct Preference Optimiza-
tion (DPO) [30] aligns generative models through pairwise supervision without
requiring an explicit reward model. Following its extension to diffusion mod-
els [34], DPO has been applied to video synthesis [181[19,/41,45]. However, exist-
ing methods typically rely on global ranking across multiple generated samples,
causing preference pairs to reflect coarse perceptual differences rather than local-
ized physical violations. In contrast, we construct preference pairs with controlled
local physical discrepancies and optimize alignment within physically relevant
regions, enabling fine-grained and physically grounded supervision.

3 Method

We introduce PhysPO, a physics-aware local preference optimization frame-
work that overcomes the limitations of existing DPO-based methods and pro-
motes physical commonsense (PC) and semantic adherence (SA) in T2V
generation. First, to improve the efficiency and correspondence of constructed
video pair, we propose a Physics-Aware Video Pair Generation Pipeline, Coun-
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terPhyPipe (Sec. . We regard high-quality real videos as preferred samples
and generate dispreferred samples by introducing local physical violations, while
keeping the global scene unchanged. Second, to better capture local physics pref-
erence while enforcing neutrality in background regions, we develop a Physics-
aware Local Preference Optimization framework, PhysPO (Sec. , which
explicitly focuses preference learning on physically relevant regions. An overview
of PhysPO is illustrated in Fig. 2}

3.1 Background: Video Diffusion and DPO

Rectified-flow diffusion models. Let € RT*H*W denote a video sample
of length T with spatial dimensions H x W. We follow the rectified flow frame-
work [|17,|21], which learns a transport map from the standard normal distribu-
tion € ~ N(0,I) to the distribution of real videos & ~ pgata With a denoiser.
The forward diffusion process produces a noisy input x; at time ¢ € [0, 1] via a
linear interpolation with noise e€: ®; = (1 — t)xg + te. The denoiser Gy (x4, t, c),
implemented as a neural network parameterized by 0, is trained to reverse this
process with the following objective:

mein Eth(t)mepdata7ENN(07I) ”(6 - :l:) - GO(mtﬂ t, C) H27 (1)

where p(t) is the distribution of noise levels and ¢ refers to the auxiliary condi-
tioning variable such as text embeddings.

VanillaDPO. In the DPO framework [30}/34], a generative model is trained to
align its outputs with human preferences. Typically, these preferences are de-
fined by a dataset D = {(c,z*, ')}, where each sample consists of the preferred
and dispreferred videos {*, '} per input condition c. The Bradley-Terry (BT)
model [6] defines pairwise preference using a reward function r(z, ¢) which com-
putes the alignment score between the sample  and the input condition ¢. The
corresponding probabilistic preference can be expressed as:

peT (" > wl\c) =o(r(z", c) — 7“(:Bl7 ), (2)

where o(+) is the sigmoid function.

DPO [30] defines the binary preference optimization as explicitly optimizing bi-
nary reward objective log o((r(x®, ¢)—r(x!, ¢))) in conjunction with a Kullback-
Leibler (KL) divergence regularization to control the deviation from a reference
model. Diffusion-DPO [34] re-formulated preference optimization framework for
diffusion models, assuming the presence of a reference model Gyef, which is
further extended to Flow-DPO in VideoAlign [18]. Given a sample (c, ", x!),

denoiser Gy, and reference model Gef, we define an implicit reward as:
s(@*, c,t,0) = ||(€" — &) — Go(z,t,¢)[53 — (6" — %) — Gret(@}, 1, 0)[[5, (3)

where &} = (1 —t)x* + te*, €* ~ N(0,1I) is a noisy latent for input «* (either
x® or z') at time ¢. With the implicit reward, the VanillaDPO objective is as:

LO)=-E (4w ), [logo (=B * (s(z*,e,t,0) — s(z!, e, t,0)))] .  (4)
t~p(t), e~N(0,I)
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3.2 Physics-Aware Video Pair Generation.

To form video preference pairs with consistent global semantics and local phys-
ical violations, we propose CounterPhyPipe, a physics-aware counterfactual
data construction pipeline, enabling meaningful comparisons for subsequent local
preference optimization. We use it to collect a training dataset, CounterPhy,
containing over 30K physically inconsistent text-to-video preference pairs.

We start from a large collection of real video—caption pairs (2", ¢) and
regard high-quality real videos as preferred samples z*. We generate dispreferred
samples z! by introducing local physical violations into real videos, while keeping
the global scene unchanged. Overview of CounterPhyPipe is shown in Fig. [2] (a).

Key Frame Extraction. For each real video—caption pair (2", ¢), we select
a representative keyframe %' that best aligns with the caption and provides
a stable starting state for subsequent editing and generation. Specifically, we
employ a shared embedding model [51] to compute caption—frame similarity and
choose the frame with the highest alignment score.

Implausible Proposal Generation. Conditioned on the keyframe '™ and

the original caption ¢, we prompt a multimodal LLM Qwen3-VL [32] to propose
an alternative physical proposal ¢! that is: implausible according to physical laws
(e.g., the ball rolls upward against gravity).

Counterfactual Video Generation. For each alternative physics proposal ¢,
we employ the image editing model Qwen-Image-Edit [43] to edit the keyframe
i%*2* based on the implausible physical proposal ¢!, producing an erroneous end
frame i°"d that reflects the resulting counterfactual physical state. Then, we
synthesize the dispreferred video variation x! with a First-Last-Frame-to-Video
model Wan2.1-FLF2V |35, conditioned on the start frame 5" edited end
frame i°*4, and implausible physical proposal ¢!. This pipeline yields a set of hard
negatives that maintain identical scene layouts but differ in local physical logic,
enabling meaningful comparisons for subsequent local preference optimization.

Reward-Guided Video Filtering. To mitigate potential semantic drift intro-
duced by first-last-frame-to-video generation, we employ a reward-guided filter-
ing strategy to construct valid dispreferred samples. Specifically, after each video
generation attempt, we utilize the physics-aware VLM VideoCon-Physics [3] to
assess whether the synthesized dispreferred video z! faithfully reflects the in-
tended implausible physical proposal ¢! while preserving the original scene iden-
tity. VideoCon-Physics produces two normalized scores in [0, 1]: a semantic ad-
herence score SA, measuring consistency with the input physical proposal ¢!,
and a physics commonsense score PC, quantifying physical plausibility. To con-
struct valid dispreferred samples, we retain videos with higher S A and lower PC,
ensuring that the video pair maintains identical scene layouts but differs in local
physical logic. Owing to the strong controllability of Wan2.1-FLF2V, only nearly
8% of the generated videos are filtered out. Finally, we collect a dataset, Coun-
terPhy D= {(c,z*, 2!, PC);} Y, containing over 30K physically inconsistent
video preference pairs.
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3.3 Physics-Aware Local Preference Optimization.

To better capture local physics preferences,we propose PhysP O, a physics-aware
local preference optimization framework for physically consistent video genera-
tion. We leverage high-frequency decomposition to introduce a physical mask,
which localizes regions where physical state transitions may occur.Building upon
the derived physical mask, we extend the vanilla diffusion DPO objective to a
mask-guided, physics-aware formulation that concentrates preference supervision
on regions exhibiting potential physical violations while enforcing neutrality on
background regions. Overview of PhysPO is shown in Fig(b).

Frequency-Domain Physics Filtering. Physical implausibility typically man-
ifests as abnormal variations in spatial structure or temporal evolution. Such
variations are largely reflected in high-frequency components [7,{16], which en-
code structural boundaries and motion dynamics. We construct a physics-aware
mask by isolating high-frequency components in spatial and temporal domains.

(1) Spatial Physics Mask. Given a video latent tensor x € RT/XH'XW', we per-
form a frame-wise 2D Fourier transform along spatial dimensions to capture
spatial boundaries: X (¢, u,v) = Fap (x(t7 h, w)) We then apply a radial high-pass
filter:X"P (t, u, v) = H,(u,v)-x(t,u,v), where Hy(u,v) =1 (Vu? +v2 > 7,), 7=
Bsfrex Here f"* = max, , Vu? + v? denotes the maximum spatial radial fre-
quency, and Bs; € (0,1) is a fixed ratio. The filtered response is transformed
back to the spatial domain: x*P (¢, h, w) = .7-'2_Dl (f(}lp(t, U, v)) We define a frame-
wise adaptive threshold: §; = us + as0s, where us and o denote the mean and
standard deviation of |x®P(¢, h,w)| over spatial locations. The spatial mask is:
Mg (t, h,w) =L(|x°P(¢, h, w)| > 05).
(2) Temporal Physics Mask. To capture temporal dynamics, we perform a 1D
Fourier transform along the temporal dimension: X(f, h,w) = Fip(x(t, h,w)).
A temporal high-pass filter is applied: X*P(f, h,w) = H:(f) - %(f, h,w), where
H(f)=1(f|>m), 7= p0:f**. Here f{*®* denotes the maximum temporal
frequency, and 3; € (0,1) is a fixed ratio. After inverse transform: x*P (¢, h, w) =
]-'_5 (th(f, h, w)) We define a global temporal threshold: §; = s + azo¢, where
p¢ and oy denote the mean and standard deviation of [x*P (¢, h, w)| over all spatio-
temporal positions. The temporal mask is: M, (¢, h,w) = L(|x*™P (¢, h,w)| > ;).
The frequency-domain decomposition is performed on 2% and z! indepen-
dently. This symmetric design ensures that all potentially physics-relevant re-
gions are included in the candidate supervision space. We obtain spatial and
temporal masks for both samples and construct the final physics-aware mask by
taking the union of the four: M = M;guMgguMSlpthlp. As illustrated in Fig.
(b), frequency-domain decomposition effectively isolates physically relevant re-
gions, providing a principled foundation for local preference optimization.
Physics-Aware Preference Optimization. We expect the model to fully
capture the divergence between positive and negative samples in the physically
relevant regions in D = {(c,z, 2!, M, PC);}Y,. Therefore, we design a method
to extend the vanilla diffusion DPO loss into a physics-aware local preference
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optimization objective, denoted by Lpa_ppo:
Lpa-pro = —E, 5 |:10g0'(7 B-(1—PC)-E,[s' (@, e t,0,M)—s (' ct, 0,]V[)}>} . (5)

where d 2 (c,z%, !, M, PC) represents the data sample from the preference

dataset D. Here, (1 — PC) serves as a measure of physical implausibility, which
adaptively modulates the penalty strength according to the severity of the phys-
ical violation. s’(x*,¢,t,0, M) defines the implicit reward of the current model
over the reference model in the physically relevant region M:

; Nm

oL = (MO (€ — )~ Gotal b o) ~ Mo (€ ~ &) ~ Gurtal L)), (6)

where Ny, indicates the total number of elements in the physical region M.
Tie-Aware Neutrality Regularization. Outside the physical mask M, the
preferred and dispreferred samples are expected to be semantically equivalent.
To prevent spurious gradients from physically irrelevant regions, we introduce a
regularization term that encourages neutrality in the tie regions 1 — M:

2
<»SA-IEt [s'(x*, c,t,0,1 — M) — s'(2l, e t,0,1— M)}) }, (7)

LriepPo =E,;_p

where S A measures semantic adherence and is used as an adaptive weighting

factor, modulating the penalty strength according to the degree of semantic
consistency between z* and z!. This constraint enforces neutrality inside the
physically irrelevant regions and further stabilizes local preference optimization.
Hybrid Training Objective. Excessively prioritizing local pairwise physical
preferences may lead to overfitting and impair the model’s overall capacity to
capture global video structure. To address this, we incorporate standard diffusion
DPO as regularization term, thereby promoting stable optimization.

Ltotal = APA-DPOLPA-DPO + ATie-DPOLTie-DPO + ADPOLDPO, (8)

where Lppo is the standard diffusion DPO loss applied to the full latent (i.e.,
with M = 1); Apa.DPO; ATie-DPO, ADpO are coefficients. This enables PhysPO to
learn local physics alignment while preserving global capabilities of base model.

4 Experiments

4.1 Setups

Dataset. We begin by uniformly sampling 40K high-quality text—video pairs
from the WISA-80K dataset [36], which comprises 80,000 human-curated videos
depicting 17 fundamental physical laws across diverse domains such as dynam-
ics, thermodynamics, and optics. These samples exhibit rich physical interactions
and phenomena suitable for physics-aware learning. Following our CounterPhyP-
ipe, we construct controlled preference pairs by preserving consistent global se-
mantics while introducing local physical violations. From the filtered subset, we



PhysPO 11

Ablation: Water poured into cup.

(a) PhysPO

(c) w/o PA-DPO& Tie-DPO
(VanillaDPO)

(d) w/o PA-DPO

(e) w/o Tie-DPO

Fig. 3: Qualitative results for ablation study. (a) Our PhysPO generates a video of
water being poured into a cup, where the fluid motion follows physical laws. (b) w/o
CounterPhy: Lacking physics commonsense, the cup tips over but the water does not
spill. (¢) w/o PA-DPO and Tie-DPO: Lacking physics commonsense and semantic
adherence, the poured water turns into ice cubes. (d) w/o PA-DPO: Lacking physics
commonsense, the water spurts abruptly at the surface. (e¢) w/o Tie-DPO: Lacking
semantic adherence, the water is poured outside the cup.

derive 30K valid video preference pairs, denoted as CounterPhy, which serve as
the training data for physics-aware local preference optimization.
Implementation Details. We implement our method based on Wan2.1-1.3B
and CogVideoX-5B . For Wan2.1-1.3B, we finetune for a total of 20K steps
at a batch size of 4 on 8 A100 GPUs for 4 days on 30k CounterPhy videos. The
training and inference spatial resolution of the video is 480x720. We set 7 = 3,
N = 100, apin = 0.5, ky = 2.0, by, = 0.4, A = 0.6, ko = 5.0, by = 0.5. More
implementation details about CogVideoX-5B are shown in the Appendix.
Baselines and Comparisons We evaluate our method on two benchmarks
VideoPhy [3] and PhyGenBench , to assess the physical commonsense and
semantic adherence of generated videos. Our model is benchmarked against its
Wan2.1-1.3B and CogVideoX-5B baseline, other leading T2V models
(VideoCrafter2 , LaVie , DreamMachine , Cosmos-Diffusion , Hun-
yuanVideo [15]), and physics-aware methods like VideoREPA [54], Phy T2V [47],
PhyGDPO [8], PhysMaster [26], and WISA [36].

4.2 Quantitative Comparisons

Results in Tab. [1) and Tab. [2] demonstrate that PhysPO achieves SOTA perfor-
mance across all three interaction types on VideoPhy |3| and PhyGenBench .
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Table 1: Results of Videophy Benchmark. Semantic Adherence (SA) measures video-
text alignment and fidelity. Physical Commonsense (PC) measures whether generated
videos follow physics laws. We mark the highest score using blue color.

Methods Solid-Solid Solid-Fluid Fluid-Fluid Overall Inference Time
SAT PCT SAtT PCt SAt PCt SAT PCr (second)
VideoCrafter2 50.4 322 50.7 27.4 48.1 29.1 50.3 29.7
DreamMachine 55.1 21.7 59.6 23.3 582 18.2 57.5 21.8
LaVIE 40.8 18.3 48.6 37.0 69.1 50.9 48.7 31.5 -
HunyuanVideo 55.2 16.1 67.1 30.1 54.5 54.5 60.2 28.2 1080
Cosmos-Diffusion-7B - - - - - - 57.00 18.00 600
PhyT2V - - - - - - 61.0 37.0 1800
WISA - - - - - - 67.0 38.0 220
PhysMaster - - - - - - 67.0 40.0 26
PhysPO-Wan 554 26.0 80.1 44.7 62.0 81.5 G67.0(+36.7%) 42.6(+77.5%) 180
PhysPO-CogVideoX 62.3 31.8 82.5 52.2 87.0 88.9 T74.7(+18.4%) 49.4(+57.3%) 170

Table 2: Results of PhyGenBench Benchmark.

Methods SAT PCt
VideoCrafter 27.0 20.0
OpenSora 23.0 21.0
Cosmos 43.0 14.0
PhyT2V 38.0 42.0
WISA 40.0 43.0

PhysPO-Wan  43.0(+43.4%) 46.0(+109.1%)

PhysPO-CogVideoX 52.0(+33.3%) 64.0(+56.1%)

Physical Commonsense. (1) Comparison with SOTA models. PhysPO
gets highest PC score of 49.4 in VideoPhy in Tab. [I] consistently outperforms
leading text-to-video models, including VideoCrafter2 [12], LaVie [40], Dream-
Machine [22], Cosmos-Diffusion [1], and HunyuanVideo |15], as well as physics-
oriented approaches such as PhyT2V [47]|, PhysMaster [26], and WISA |36].
These results validate the effectiveness of our physics-aware local preference op-
timization, which concentrates supervision on physically relevant regions and
promotes stable alignment with real-world physical laws. (2) Comparison with
baseline. In VideoPhy in Tab starting from the same backbone (CogVideoX-
5B), applying PhysPO improves the overall PC score by 57.3%, with gains of
74.7% on Solid-Solid, 58.7% on Solid-Fluid, and 43.9% on Fluid-Fluid inter-
actions. Notably, PhysPO-CogVideoX also surpasses VideoREPA-CogVideoX
built on the same base model, further demonstrating its superior ability to en-
hance physical consistency.

Semantic Adherence. We further evaluate semantic adherence on VideoPhy
and PhyGenBench in Tab. [l]and Tab. 2| (1) Comparison with SOTA mod-
els. PhysPO gets highest SA score of 52.0 in PhyGenBench in Tab. 2] achieving
superior SA performance compared to both leading T2V models and existing
physics-aware methods, indicating that improvements in physical realism do not
come at the expense of semantic alignment. (2) Comparison with baseline.
When applied to Wan2.1-T2V-1.3B, PhysPO-Wan improves SA score by 43.4%
in PhyGenBench (Tab. [2). This substantial gain demonstrates that our frame-
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work enhances physical law adherence while preserving semantic fidelity. Our
tie-aware neutrality regularization enforces semantic equivalence between pre-
ferred and dispreferred samples on physically irrelevant regions, ensuring stable
semantic alignment during optimization.

4.3 Qualitative Comparisons

Fig. [1] presents qualitative comparisons between PhysPO and representative
baselines, including Wan2.1-T2V-1.3B, CogVideoX-5B, and WISA.

Physical Commonsense. Our method consistently produces videos with more
physically plausible dynamics. In the “metal pendulum swinging” scenario in
Figll] (a), Wan2.1 frequently generates irregular and non-smooth motion with
unstable trajectories that violate basic dynamic constraints. In contrast, after
post-training Wan2.1 with PhysPO, we produce physically consistent pendulum
motion, exhibiting smooth periodic oscillations, gradually decaying amplitude
due to damping, and gravity-governed trajectories. Similarly, in the “candle burn-
ing” example in Fig (c), WISA produces geometrically inconsistent distortions,
such as misplaced bending points that contradict optical refraction laws. While
PhysPO correctly captures refraction-induced visual displacement, the apparent
bending occurs consistently at the air-water interface and varies smoothly with
perspective. These results demonstrate that concentrating supervision on phys-
ically relevant regions enables more faithful modeling of object interactions and
promotes stable alignment with real-world physical laws.

Semantic Adherence. As shown in Fig.[1|(b), compared to CogVideoX, PhysPO
better preserves semantic alignment with the input prompts. The generated
candle-burning video accurately depicts the text scene while strictly adhering to
thermodynamic principles, indicating that improvements in physical common-
sense do not compromise semantic adherence. This validates that our framework
enhances adherence to physical laws while maintaining semantic consistency.

Table 3: Ablation study results on Wan2.1-T2V-1.3B on PhyGenBench.

Settings SAT PCt
PhysPO 43.0 46.0
w/o CounterPhy 35.0(-18.6%) 38.4 (-16.5%)
w/0 PA-DPO | Tie-DPO(VanillaDPO) 33.2 (-22.8%) 26.0 (-43.5%)
- w/o PA-DPO 39.1 (-9.1%) 29.4 (-36.1%)
- w/o Tie-DPO 34.6 (-19.5%) 40.2 (-12.6%)

4.4 Ablation Studies

We conduct ablation studies on Wan2.1-1.3B on PhyGenBench benchmark to
analyze the contributions of our proposed dataset construction pipeline (Coun-
terPhy) and optimization framework (PhysPO) in Tab. |3|and Fig

CounterPhy Dataset. To evaluate the effectiveness of CounterPhy, we replace
our counterfactual dispreferred samples with randomly generated dispreferred
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videos, while keeping the same training set size and retaining the full PhysPO
optimization. Training without CounterPhy consistently decreases both PC and
SA score. In particular, PC score decreases by over 16.5%. These results highlight
the importance of CounterPhyPipe. By forming preference pairs with global con-
sistent semantics but local physical violations, CounterPhy enables meaningful
comparisons and provides informative supervision signals for subsequent local
preference optimization. We further present a qualitative ablation analysis in
Fig. b). When trained without CounterPhy, the cup tips over, but the water
does not spill, violating physical commonsense. This demonstrates that Coun-
terPhy effectively guides the model toward physically coherent state transitions.
PhysPO Optimization. (1) VanillaDPO. For fair comparison, we fine-tune
Wan2.1-1.3B using the same CounterPhy dataset and identical training settings,
but we replace our objective with the standard vanilla DPO loss (i.e., with-
out PO-DPO and Tie-DPO). Vanilla DPO consistently underperforms PhysPO
across all evaluation tracks in Tab. ] The performance gap is particularly pro-
nounced in PC, where removing PhysPO leads to an approximately 43.5%
decline. This substantial drop highlights the importance of our physics-aware
optimization strategy in effectively modeling physically consistent interactions.
Fig. b) further illustrates that applying only vanilla DPO leads to videos with
weaker semantic adherence and physical plausibility, in which poured water is
unnaturally transformed into ice cubes. (2) PhysPO w/o PA-DPO. We fur-
ther ablate the proposed PA-DPO and Tie-DPO modules individually. Removing
PA-DPO leads to substantial performance degradation in PC score. In Tab.
PC score drops dramatically (up to 36.1% relative decline), underscoring the
critical role of physics-oriented masking in improving physical plausibility. (3)
PhysPO w/o Tie-DPO. Removing Tie-DPO also results in notable perfor-
mance decline, particularly in SA score, with up to 19.5% relative reduction.
This validates the effectiveness of our tie-aware neutrality regularization, which
enforces semantic equivalence between preferred and dispreferred samples. By
suppressing spurious gradients from physically irrelevant regions, Tie-DPO en-
sures stable semantic alignment during optimization while preserving improve-
ments in physical realism.

5 Conclusion

We address the long-standing issue of physical implausibility in T2V models by
introducing PhysPO, a physics-aware local preference optimization framework.
We first propose CounterPhyPipe, a counterfactual data construction pipeline
that generates preference pairs with consistent global semantics but local phys-
ical violations. Using this pipeline, we build CounterPhy, a dataset containing
over 30K physically inconsistent T2V preference pairs. Based on this data, we
develop PhysPO, which focuses supervision on physically relevant regions while
enforcing neutrality on tie-regions.Experiments show that our framework sig-
nificantly improves physical commonsense while preserving semantic adherence,
highlighting the effectiveness of our method.
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Compare with other DPO (Clearly in our Project Page Video)

non-rigid ddformation

(a) Baseline (Wan2.1-T2V-1.3B) ] ,((

(b) DPO

(¢c) PhyGDPO

(d) PhysPO (ours)

Scenario: A baseball bat smashes a glass bottle, sending shards flying in all directions.

Fig. 4: Qualitative results for comparison with other DPO methods. (a) Baseline
(Wan2.1): the glass bottle and baseball bat both undergo non-rigid deformation and
develops flexible bending, which does not conform to physical laws. (b) VideoDPO:
poor semantic adherence, failing to faithfully represent the shape of the glass bottle.
Some fragments (e.g., the transparent shard in the upper-left corner) remain unnat-
urally static, violating basic gravitational dynamics. (¢) PhyGDPO: the baseball bat
exhibits non-rigid deformation and flexible bending, violating the physical rigidity ex-
pected for such objects. (d) PhysPO (ours): the bat strikes the bottle, leading to visible
crack propagation and realistic glass fragmentation.

A More Results

A.1 Comparison with other DPO Methods.

Based on Wan2.1-T2V-1.3B, we compare results after post-training using VideoDPO
[19], PhyGDPO [§], and our PhysPO on VideoPhy2.

Table 4: Comparison with other DPO Methods on VideoPhy2 on Wan2.1-T2V-1.3B.

Method Hard Activity Interaction Overall
Baseline(Wan2.1-T2V-1.3B) 0.0118 0.1136 0.1447 0.1232
VideoDPO E 0.0278(+135.6%) 0.1262 0.1509 0.1305
PhyGDPO 3| 0.0444(-+276.3%) 0.1357 0.1635 0.1407
PhysPO (Ours) 0.0532(-+350.8%) 0.1388 0.1726 0.1470

Quantitative Comparisons For fair comparison with two SOTA DPO meth-
ods: VideoDPO and PhyGDPO, we use them to finetune Wan2.1-T2V-1.3B
with the same settings. As reported in Tab. @] PhysPO surpasses PhyGDPO
and VideoDPO across all tracks by large margins, especially on the hard action
track, where it yields 350.8% improvement over baseline.

Qualitative Comparisons. We present a visual comparison on the challenging
collision scenario in Fig. @] Baseline model Wan2.1 produces a video that shows
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the baseball bat undergoes non-rigid deformation and develops flexible bending,
which does not conform to physical laws. VideoDPO produces results with poor
semantic adherence, failing to faithfully represent the shape of the glass bottle.
Moreover, some fragments (e.g., the transparent shard in the upper-left corner)
remain unnaturally static, violating basic gravitational dynamics. PhyGDPO
generates unrealistic dynamics in which the baseball bat exhibits non-rigid de-
formation and flexible bending, violating the physical rigidity expected for such
objects. In contrast, PhysPO generates physically plausible collision dynamics:
the bat strikes the bottle, leading to visible crack propagation and realistic glass
fragmentation. The resulting shards scatter outward due to momentum transfer
and subsequently fall under gravity, producing coherent and physically consis-
tent motion. Overall, PhysPO maintains stable object structures and realistic
force interactions, demonstrating its advantage in modeling complex physical
events.

B Method Details

B.1 Reward-Guided Video Filtering Threshold

To mitigate potential semantic drift introduced by first-last-frame-to-video gen-
eration, we employ a reward-guided filtering strategy to construct valid dispre-
ferred samples. Specifically, after each video generation attempt, we utilize the
physics-aware VLM VideoCon-Physics [3| to assess whether the synthesized dis-
preferred video z! faithfully reflects the intended implausible physical proposal
¢! while preserving the original scene identity. VideoCon-Physics produces two
normalized scores in [0, 1]: a semantic adherence score SA, measuring consis-
tency with the input physical proposal ¢!, and a physics commonsense score
PC, quantifying physical plausibility.

To construct valid dispreferred samples, we retain videos with higher SA
and lower PC, ensuring that the video pair maintains identical scene layouts
but differs in local physical logic. The thresholds 7y, and 7, are determined
based on the score distribution over a validation subset. Samples that do not
meet these criteria are directly discarded without further refinement. Owing to
the strong controllability of Wan2.1-FLF2V, only nearly 8% of the generated
videos are filtered out. This high acceptance rate enables an efficient one-pass
quality control mechanism with negligible computational overhead, preserving
the efficiency advantage of our data construction pipeline. Finally, we collect a
dataset, CounterPhy D = {(c¢,z", z', PC);})_,, containing over 30K physically
inconsistent video preference pairs.
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