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Abstract

Current video diffusion models generate visually
compelling content but often struggle with physi-
cal motion, producing subtle artifacts like rubber-
sheet deformations and inconsistent object motion.
We introduce a frequency-domain physics prior
that improves motion plausibility without modify-
ing model architectures. Our method decomposes
common motion patterns (translation, rotation,
scaling) into lightweight spectral losses. Applied
to Open-Sora, MVDIT, and Hunyuan, our ap-
proach improves both motion accuracy and action
recognition by ~ 11% on average on OpenVID-
IM (relative), while maintaining visual quality.
Additional results on Wan 2.1-14B show consis-
tent gains on video-quality and physics-oriented
metrics. User studies show 74-83% preference
for our physics-enhanced videos. It also reduces
warping error by 22-37% (depending on the back-
bone) and improves temporal consistency scores.
These results indicate that simple, global spec-
tral cues are an effective drop-in regularizer for
physically plausible motion in video diffusion.

1. Introduction

Diffusion-based video generation has recently achieved im-
pressive frame quality. However, even flagship text to video
diffusion systems still struggle with physical motion. Typ-
ical issues include rubber-like stretching, periodic flicker,
and incorrect zooms or rotations. In short, frames can look
good, but the motion often does not follow simple rules such
as constant-velocity translation, rigid rotation, and uniform
scaling.

Prior work to incorporate “physics” into video models
mainly falls into four groups. (i) Flow/warping consistency
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helps reduce flicker but can break under large motion, oc-
clusion, or brightness changes (Ho et al., 2020; Fleet &
Jepson, 1990; Teed & Deng, 2020). (ii) Geometry-/3D-
aware conditioning (e.g., depth or camera priors) improves
rigidity but is domain-specific and computationally heavy in
open settings (Harvey et al., 2022; Blattmann et al., 2023).
(iii) Physics-inspired rules (e.g., constant-velocity penal-
ties) help in narrow cases but do not scale well (Le Guen &
Thome, 2020; Kataoka et al., 2020). (iv) Test-time refine-
ments can smooth results but do not change the motion that
the model actually learns.

Our idea is to regularize motion in the frequency domain,
where basic physical motions leave simple, easy-to-detect
patterns. Instead of matching pixels frame by frame, we
look at global cues that summarize how energy moves over
time. This view, formalized by a SIM(2) framework for
translation, rotation, and scaling brings three practical bene-
fits: it is global (not pairwise), more tolerant to brightness or
small rendering errors, and helps separate translation, rota-
tion, and scale without hand-tuned rules (Adelson & Bergen,
1985; Bracewell, 1956; Simoncelli & Heeger, 1998).

We turn these ideas into a frequency loss that encourages
generated videos to show frequency patterns consistent with
basic physical motion. A simple adaptive weighting focuses
on whatever motion pattern is most supported in the current
clip while remaining sensitive to mixtures. The loss is com-
puted on a truncated spectrum for efficiency and drops into
standard diffusion training without changing the backbone.

Contributions: (1) A frequency-based theoretical framework
that connects basic physical motion to simple frequency-
domain patterns, offering global, robust cues that reduce
common motion ambiguities.

(2) A differentiable motion-aware regularizer with adaptive
weighting that improves the learned motion behavior and
handles mixed motion without hard classification.

(3) Experiments across multiple diffusion backbones show
consistent gains in motion and temporal stability, visual
quality and text—video alignment.

2. Related Work

Frequency-Domain Representation of Physical Motion.
The frequency representation of motion has deep roots: early
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Figure 1. Our pipeline. From the generated video, we compute a low-pass 3D FFT, feed the spectral features to three motion losses
(translation, rotation, scaling), and adaptively combine themlinigion for training.

studies modeled motion perception in frequency space (Wakt al., 2020), spatiotemporal U-Nets (Harvey et al., 2022),
son & Ahumada, 1985), and phase consistency was showaind latent-space diffusion for ef ciency (Blattmann et al.,
to encode motion, inspiring optical- ow methods (Fleet & 2023). Conditional generation scales further with text and
Jepson, 1990). Translational motion was characterized specwltimodal conditioning (Singer et al., 2022; Yin et al.,
trally (Simoncelli & Heeger, 1998); rotations yield annular 2023) and motion modules (Guo et al., 2024). Despite
energy with discrete temporal peaks (Bracewell, 1956). Frerapid progress, including Sora (Brooks et al., 2024) and
guency analysis supports motion energy lItering (AdelsonStep-Video-T2V (Ma et al., 2025), maintaining physically
& Bergen, 1985) and multiband decompositions for mo-plausible motion remains challenging.

tion layering and segmentation (Wang & Adelson, 1994).

Recent work exploits spectral traits for motion classi ca-g3 Physics-Guided Motion-Aware Loss

tion (Sevilla-Lara et al., 2016) and improves interpolation Function

via frequency cues (Xue et al., 2019). For evaluation, spec-
tral metrics quantify spatiotemporal coherence of generategtate-of-the-art video diffusion models are typically trained
videos (Tesfaldet et al., 2018), though most use frequenayjith data-driven objectives plus optional optical- ow or
only atevaluationtime rather than in training. temporal-smoothness terms (Ho et al., 2020; Harvey

Physics-Constrained Video Generation. Integrating €t &l 2022; Blattmann et al., 2023; Guo et al., 2024).
physics into generative modeling is emerging, includingVhile these reduce icker, they do not explicitly en-
video prediction with physical consistency (Le Guen &c_oc_je basu_: phyS|c_aI motion (constant-ve_locny translation,
Thome, 2020; Kataoka et al., 2020) and recent physicgidid rotation, uniform scaling), so artifacts th&dok
aware video generation methods. PhysGen (Liu et alllké motion—rubber-sheet deformations, periodic  icker,
2024a) relies on scene-speci ¢ physics simulation togethe?cale/zoom glitches—persist even in simple scenes (Brooks
with perception and rendering modules such as segmeft &, 2024; Ma etal., 2025).

tation, depth/normal estimation, inpainting, and renderye ground our remedy in frequency space. Within a uni ed
ing. Concurrent work such as PhyGDPO (Cai et al., 2026%|M(2) spectral framework (translations, rotations, uniform
explores preference optimization for improving physicalscalings) (Sharma & Duits, 20153pectral geometry, physi-
plausibility in text-to-video generation. MotionCraft (Sa- cally plausible motions exhibit simple slice-wise signatures:
vant Aira et al., 2024) is a zero-shot latent-warping method) rotation: energy aligns with tilted lines; + m =0
driven by externally simulated OptiC&' ow, while our in (m,l t) and concentrates annu|ar|y; (u;))ahng ra-
method is a training-time frequency-domain regularizer fordial-temporal gradients align and the radial spectral centroid
video diffusion backbones. shows a clear monotone trend; (iiianslation energy lies

Deep Leaming-Based Video Generation ModelsGAN- ~ N€araplane il x; !yt ).

based methods separate static/dynamic components (Voguided by these diagnostics, we add a small, differentiable
drick et al., 2016), decouple temporal and imagefrequency-domain regularizer dg composed of threslice-
generators (Saito et al., 2017), or disentangle moconsistentosses (translation, rotation, scaling) with adap-
tion/content (Tulyakov et al., 2018). Autoregressive modelsive weighting, because full SIM(2) hyperplane suffers from
include ow-based VideoFlow (Kumar et al., 2020) and (1) cross-slice interference and energy double counting (mix-
transformer tokenization (Weissenborn et al., 2020), buing 1 ;1 ,gwith m; ), (2) ill-conditioning under mixed
face temporal and computational limits. Latent-space amotions wherjmj or j j excitation is weak, and (3) cou-

proaches leverage VAEs and decomposed latents for highted weighting that obscures which failure mode is being

resolution, temporally coherent generation (Villegasetal.————

2019). The 2D similarity group (translations, rotations, and uniform
scalings): it acts on image-plane pointsds= sR( ) x + t with

Diffusion Models for Video Generation. Diffusion has ad- t 2 R?,R( ) 2 SO(2), ands > 0 (4 DoF). Shear and anisotropic

vanced video quality via joint spatiotemporal denoising (HoScaling are excluded.
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corrected. busti cation). We estimate = [vy;vy; ;;bo]” by
weighted ridge regression

3.1. Frequency-Domain Characteristics of Physical N ] ) 5

Motion =arg min wi ( b) -+ k ks:

|

Different types of physical motion exhibit unique and dis- . .
tinguishable features in the frequency domain, providing\é\lew_th_eAn bdze ne the unied residual adui =
a theoretical foundation for our loss function design. We*‘”(i'wii‘)- If the window follows a SIM(2) motion,
rst brie y outline these features and then discuss how weL yni tends to0 asT !'1 . For general motions and
design loss functions based on them. nite windows, L, upper-bounds and controkhe off-
hyperplane energy fraction under the band tolerandef.
Lemma B.2 and Lemma B.3gketch Combine the classi-
cal translation plane, rotational angular-harmonic identity
I'++ m), and log-radial shift identity(!  + ) under
arseval; see App A.2 and A.3 for details.

SIM(2) spectral manifold. Consider a short temporal win-
dow where the dominant motion is well-approximated by
a similarity transform (Hartley & Zisserman, 2004) (trans-
lationv = (vy;Vy), in-plane rotation with angular velocity p
, and isotropic scaling rate = _ in log-radius). Let
TN y;!t) be the FFT-based (Oppenheim et al., 1999)Differentiable WLS. We estimate motion parameters with
spatiotemporal spectrum. Passing to polar coordir(ateg an energyweighted ridge leastquares t (differentiable
in the spatial frequency plane and expanding along the asolve; =10 3, jitter (* = 10 8), FP32; pseuddinverse
gular and log-radial axes yields harmonic indice2 Z  fallback).
and 2 Z. Then the ideal SIM(2) motion concentrates
spectral energy(! «;! y;! ) = j‘b(! «ilyitj?)ona  3.1.1. REQUENCY¥DOMAIN CHARACTERISTICS OF
single hyperplane igl ;! y;m; ;! ¢): TRANSLATIONAL MOTION

i+ W !ty ly+ m+ +by =0; (1) Fortranslational motion with constant veloc{t ; vy), its

. . _ spatiotemporal representation is:
ly is a regression intercept that absorbs residual phase off-

sets and discretization bias; see App A.1 for the windowing VXy:t)= Vo(x  wty wi): 2
convention. Three classical facts are recovered as special . . .

cases: (ifranslation: ! ; + vx! x + vy! y =0 (a plane in In the frequency domain, this motion concentrates energy
(! x;'y;' o)) (i) rotation: 'y + m =0 (tilted linesin 0N anaf ne plane:

(m;! ), since them-th angular harmonic acquires a tem-
poral factore '™ 1): (iii) scaling ! + = 0 (tilted
linesin(;! t)). These equal the translation/rotation/scalingwhereh, absorbs windowing/phase conventions (in the ideal
slices of the SIM(2) spectral hyperplane; derivations arqinwindowed cas&=0). This is the translation slice of
in App. A.2, and practical choices (polar/log-radius resamthe SIM(2) model (cf. Eq(1)) (Adelson & Bergen, 1985;
pling, energy/observability gating, robust regression) aresracewell, 1956; Simoncelli & Heeger, 1998). The normal
in App. A.6. Figure 2 visualizes these spectral slices orector(vy; vy ; 1) is directly related to the motion velocity.
synthetic SIM(2) sequences. In our synthetic example, the panel in the rst row, second

Multi-object and mixed motions. Although (1) is derived ~ column of Figure 2 shows that the energyp: (! «;! )
for a single SIM(2) motion in a short window, by linear- (Obtained by averaging ovéy) concentrates along an ap-

ity of the 3D FFT, multiple SIM(2) motions give rise to proximately straight ridge, consistent with the af ne plane

an approximately additive superposition of their spectral” @)
patterns. This behavior is visible in the bottom rows of
Fig. 2, where two independently translating objects and &-1-2- FREQUENCY¥DOMAIN CHARACTERISTICS OF

moving and shrinking object generate multiple structures in ROTATIONAL MOTION

Energy-weighted uni ed residual. From the observed V(rit)= Vo r. t -

spectrum (the 3D FFT of the currefit H W video v ' '

window; energyE = j¥j?) we build sampleg i;b;wi)  The spatiotemporal frequency analysis implies two signa-

with design vector tures (see App. A.2): (ignnular spatial energy concen-
=ty m 1 h= I, tration (from the Bessel-type radial response of angular
PRy T 2 h o harmonics), and (iijilted linesin the(m;! ;) plane given

and energy/observability weight; (details in App. A.1 by

energy gate, lown= suppression, Huber/Charbonnier ro- ly+m =0 ;

e+ Tyve + 1yvy + Iy =0; 3)
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Figure 2. Visualization of SIM(2) spectral signatures on synthetic sequences. Rows show different motions; columns show sample frames,
the translation slice, the rotation slice, and the scaling radial- ow map with radial centroid (red). Pure SIM(2) motions (top rows) produce
the expected simple structures in each slice, while the multi-object and mixed-motion rows show superpositions that remain visually
separable.

i.e., them-th angular harmonic carries a temporal tone atthe line

m . Under nite temporal windows these appear as narrow o+ =0: = (1)

bands (cf. Lemma B.3). This is precisely the rotational slice -

of the uni ed SIM(2) plane in Eq(1) (Bracewell, 1956; which is precisely the scaling slice of our uni ed SIM(2)
Adelson & Bergen, 1985; Simoncelli & Heeger, 1998; Fleetmodel (cf. Eq.(1)) (Lindeberg, 1993; Reddy & Chatterji,
& Jepson, 1990). In Figure 2 (third column in each row), we1996). Operationally, this appears as a “radial energy ow”:
normalize temporal frequency by the ground-truth angulazoom-in (increasing) shifts energy to lower spatial frequen-
velocity , so that the ideal relation; + m =0 becomes cies, and zoom-out to higher ones. The rightmost column of

straight rayd = m passing through the origin in the Figure 2 shows the corresponding radial- ow mRgt; )
(m;! =) plane. and the radial centroid.(t) (red); for the pure scaling row,

the centroid follows a clear monotone trend, matching the
3.1.3. REQUENCY¥DOMAIN CHARACTERISTICS OF expected radial energy ow induced.

SCALING MOTION . . .
For training-time measurements we adopt two simple prox-

A spatial scaling by a facta > 0 obeys the Fourier-scaling ies. (i) A radial-temporal gradient alignment sc@rg,

law in 2D: (dot product of normalized E andr {E) captures the
strength of radial- ow alignment. (ii) The temporal trend of
FfVo(x=s; y=99(! x;!y) = &2 Yo(s!y; s! v)i the radial spectral centroid(t) provides a scale-rate proxy

(derivations and bounds in App. 8A.4—A.5).

so scaling induces a radial reallocation of spectral energ
(Brigham, 1988; Oppenheim et al., 1999; Stephane, 1999).
For a time-varying scals(t) = e (), passing to log-polar
coordinateq ; ) 7! ( =log ; ) turns scaling into a For a chosen temporal windoWw (Hann), the RHS of
translation 7! (t); consequently, after angular/log- Lemma B.3 gives a closed-form/lookup bound"gs, ()
radial expansions the energy(in! ) concentrates along as a function ofT; ) . The effect of bilinear polar/log-

.1.4. ®MPUTABLE BOUNDS FOR
WINDOW/INTERPOLATION

4
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radius resampling can also be controlled under standandtational SIM(2) constraint, and is bounded by the cor-

local smoothness assumptions on the spectrum. responding uni ed SIM(2) rotational-slice residual up to
window/interpolation terms (proof in App. A.5). Compared
3.2. Translational Motion Loss with prior “temporal-peak” heuristics, our line-ratio with

, ) _ energy-weighted ? suppresses non-rotational periodicities
For constant-velocity translatio(vy;vy), the spectral e remaining differentiable. Implementation details (po-

support concentrates near a plane(in;!y;!t) @ in  |5r resamplingm=0 exclusion, , and weighting) are in
Eq(3). We estimate the parameters via energy—we|ghtegg\pp_ D.2 and App. A.6.

least squares (WLS). Lé¥; = (! xi; !y 1); h =
Vi v = [ Vx; vy; 70 With weightsW 0
(energy/observability gating; App. A.6), the ridge-WLS es-
timator and the normalized residual are Scaling leaves a distinctive spectral signatuegtial energy
N X 5 ; ow andtilted linesinthe( ;! ) plane obeying;+ =0,
r = argmin Wi (Ai v B)+ Kk ¢k i.e., the scaling slice of the uni ed SIM(2) hyperplane (cf.
i Eqg.(1)). To keep the main text lightweight yet theory-linked,
P Wo. AN b 2 we adopt two robust proxies and state their consistency with
i p TN : the SIM(2) slice; the closed-form’ and a tilted-line ratio
i Wi Cscae@re given in App. A.4-A5.
This plane model is the translation slice of our SIM(2) Let Ey (t) be the ring energy on tHeth annulus (App. D.2)
framework and is stable under short temporal windows; e de ne E(t) and the corresponding unit elds: e
non-constant velocities appear as bandwidth broadening '
along!  and are naturally penalized by the residual (see r E,, = Exy14 Ege; T (Ext = Extsr Ekt)
App. A.6 for windowing and tolerance).

3.4. Scaling Motion Loss

L trans =

N r E
: : rE=gp——7"r0"—
3.3. Rotational Motion Loss wJf B2+ "
Rotational motion exhibits two complementary spectral sig- N r(E
natures: (i) annular spatial concentration; (ii) energy align- rE=ap

I . . " :
ment along tilted lines; + m =0 inthe(m;! ;) plane. I 1Bt J2 +
We therefore adopt the ring-concentration term and tilted-l-he (direction-agnostic) alignment score is
line energy ratio that matches the rotational slice of the

uni ed SIM(2) model.
( ) Cow = Ek:t rAtEk;t : c(t)z

We estimate the angular velocity with an energy-weighted kit kK Ek(®+ "stan
least squares:

P
 KEk(t) .

N
f

Let .(t) denote the radial spectral centroid and de ne a

. PP 60 P VG (! P m bounded trend strength via correlation:
meo 1 ICm (! )2 m? cov( ¢;t)
Strend= COIT ¢t = p—e——e—— -
The tilted-line energy ratio and ring concentration are var( ¢)var(t) +
_ Eiine, _ X o (Ex(t) is the spectral energy on theth concentric ring
Crot = Eal’ Eline = _ _ iCmj%; in the spatial-frequency plane (optionally normalized per
m 60t +m 7] t); " " stab > 0 are small positive numerical-stability con-
H ring stants.) c
C i =1 . +
ring Iog Nr Lscale =1 ow 5 Strend:
(€m (! 1) denotes the time-DFT of the angular harmonic Under a log-polar narrow-band shift mode(i;t)  A(i
Cm (;1); Hiing is the entropy of energy ové; concentric  y(t)) with u(t) =  and mild window/interp errorg, scaie
rings; s one temporal-frequency bin in the condition serves as a slice-consistent differentiable surrogate for the
Pe+m 7 ) scaling SIM(2) constraint, and is bounded by the corre-
Co +C sponding uni ed SIM(2) scaling-slice residual up to narrow-
Lot = 1 %mt: band, window, and interpolation terms (analysis and the

closed-form ? with the (;! {) tilted-line ratio Cscale in
Under mild narrow-band and window assumptiohg;  App. A.4—A.5). For very short windows (< 3) we default
serves as a slice-consistent differentiable surrogate for thigoth proxies td:5.
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Table 1.Evaluation on the Physics Generation Benchmark (MengTable 2.Quantitative evaluation on OpenVID-1M for two video
et al., 2025). We compare Open-Sora with the same backbondiffusion backbones. We compare each baseline with the same
trained using our frequency-domain motion regularizer; highemodel trained using our motion-aware regularizer; best results are

scores indicate better physical plausibility. in bold.
Metric Mechanic% Optics' Thermal Material' Averagé Open-Sora MVDIT
Open-Sora 0.37 0.44 0.46 0.50 0.44 Metric Baseline Ours Baseline Ours
Ours 0.45 0.55 0.54 0.55 0.52 VOAA " 6515 69.20 66,65 69.30
VQAT" 59.57 69.71 63.96 70.24
SD Score' 68.24 68.42 68.31 68.78
CLIP Temporal Scoré 99.80 99.85 99.83 99.89
. " . Warping Error# 0.0089 0.0056 0.0080 0.0062
3.5. Adaptlve Welghtmg and CompOSIte Loss Temporal Consistency 61.45 63.82 62.21 64.73
. . . . Action Recognitior!' 60.77 69.71 62.34 69.70
To acco_mmodate dlfferer_1t videos that may (_:ontaln mgltl-MOtion Accuracy’ 42.00 49.00 44.00 5100
ple motion patterns, we introduce an adaptive weightingiow score' 1.15 1.18 1.01 1.22
mechanism based on a temperature parametwfype = Text-Video Alignment’ 54.02 61.05 61.04 63.62
exp(L i=) . . . BLIP-BLEU " 23.73 24.52 24.14 24.76
Peij—)- The theoretical foundation of this mech-
j2m -

anism is grounded in the maximum-entropy principle from
information theory. This gives higher weights to motion 4 Experimental Results
types with lower loss values (i.e., better conforming to spe-
ci ¢ motion patterns). When approaches 0, the weight We evaluate whether the proposed frequency-domain reg-
distribution becomes more "winner-takes-all,” highlighting ularizer improves physical motion while preserving visual
the optimal motion type; highervalues produce a smoother quality and text-video alignment. Experiments are con-
weight distribution, suitable for mixed motion. The nal ducted on multiple video diffusion backbones, including
composite loss is the weighted sum of the motion losses: Open-Sora, MVDIT, HunyuanVideo, and Wan 2.1-14B. We
report standard video-generation metrics, physics-oriented
X benchmark scores, component ablations, human preference
L motion = wPe L (4) results, and qualitative comparisons.
i2M
4.1. Experimental Setup

This design not only enables the model to automaticallyDatasets and ModelsWe conducted our experiments using
identify the dominant motion type but also maintains sensithe OpenVID-1M dataset, a large-scale open-domain video
tivity to mixed motion. Compared to traditional hard classi-dataset containing diverse motion patterns. For baseline
cation or single motion assumption methods, this approachmodels, we selected four video diffusion models: Open-
better handles complex motion scenarios in the real worldSora (Zheng et al., 2024), MVDIT (Nan et al., 2025), Hun-
yuan (Kong et al., 2024) and Wan 2.1 14B (Wan Team,
3.6. SIM(2)-Approximability of OpenVID-1M Clips 2025) which represent different architectural approaches to

. . . ideo diffusion.
Since our loss targets projected SIM(2)-like apparent mo\fl eo diusion

tions, we estimate how frequently such motions occur inmplementation details. We ne-tune each backbone
OpenVID-1M. We randomly sample 1,000 training clips, for four epochs using a cosine-annealed LR initialized at
track feature points across consecutive frames, and t 2 10 ®> on 4 NVIDIA A100 GPUs. At every diffusion
global SIM(2) transformation with RANSAC (Fischler & stept, we reconstruct the predicted clean sanfyeevalu-
Bolles, 1981). A clip is classi ed as SIM(2)-approximable ate the physics-informed frequency loss&yj and add it to

if at least 60% of its frame pairs achieve an inlier ratio ofthe standard denoising objective. For aprediction model,

at least 0.60 and a median reprojection error of at most 2.&ve use p
pixels. 2 = Xt 1

n t

= p——
Under these thresholds, 605 out of 1,000 clips, or 60.5%, are t
SIM(2)-approximable, with a mean inlier ratio of 0.686 and with the analogous clean-sample reconstruction for other pa-
a median reprojection error of 0.57 pixels. This suggestsameterizations. Sinck, is less reliable at high noise levels,
that projected SIM(2)-like apparent motion is present in ave use a linear decay weightimg=1 t=Tg to down-
substantial fraction of the training distribution. For clips that weight the physics loss at high noise levels. The motion
are not well described by SIM(2), the observability gatesloss is computed on a low-frequency 3D FFT cube with per-
and adaptive weighting reduce the in uence of unmatcheddimension cutoff6= 0:3, which empirically retain®7:5%
motion branches. of spectral energy on 1k random videos; see App. C. We use

(xt;t¢)
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atemporal FFT window ok = 16 frames. The weighted Table 3.Evaluation on HunyuanVideo (Kong et al., 2024) under

g ; ; ; : -1 matched LoRA ne-tuning. We compare the baseline, base LoRA
least-squares block is fuI.Iy dlfferer;tlable",_runs gn FP32. with ne-tuning, a ow-based temporal-consistency reference, and our
autocast off, and uses ridgee10 ° and"=10 ° (restin motion-regularized LORA variant.

BF16); see App. A.6—C for windows, polar/log resampling,

gating and stability details. Hunyuan  LoRA LoRA
Metric Baseline Baseloss Flow Loss Ours Loss
Evaluation protocol. Following EyaICrafter (Livetal, yoaa- 73.85 73.84 7392 74.79
2024b) and the OpenVID-1M setting, we report four catevoa 1" 85.14 85.16 85.36 87.37
gories of metrics to enable fair comparison on this bench(S:EIIECT‘Jre' | score gg-gi gg-;é gg-g; gggg
o B emporal Scor . . . .
mark: visual quality(VQA-A, VQA_T, 'SD-Score)tempo- Warping Error# 0.0024 0.0022 0.0022  0.0016
ral coherencgCLIP-Temporal, Warping Error, Temporal Temporal Consistency 63.65 63.70 64.23 66.03
Consistency)motion quality(Action Recognition, Motion  Action Recognition Score  68.93 69.02 68.78 73.15
; \/i PN Motion Accuracy Scoré 56.00 56.0 56.0 59.0
Accuracy, Flow), andext allgnment(Text Video Al|gp Flow Seore" 139 130 145 146
ment, BLlP'BLEU) We use the of cial EvalCrafter im- Text-Video Alignment' 59.60 60.62 60.33 65.34
plementation and evaluation protocol for OpenVID-1M to BLIP-BLEU " 24.41 24.42 2460 2523

ensure comparability with prior work.

Table 4.Strati ed evaluation by motion complexity. Test prompts
4.2. Quantitative Results are split into simple and complex motion subsets.

Comparison on Open-Sora.Table 2 presents our quan- Baseline Ours Baseline  Ours
Metric complex complex simple simple

titative evaluation results on the Open-Sora model. Our
approach consistently outperforms the baseline across mogf > 70.20 7134 67.82 69.42

) o . CLIP Temporal Scoré 99.92 99.96 99.90 99.95
metrics. Notably, we observe substantial improvements iRyarping Error 0.0020 0.0011 0.0025 0.0018
motion-related metrics, with a 8.9%-point improvement in Flow Score’ 1.39 1.46 1.38 1.46
Action Recognition Score and a 5%-point improvement inZ-P-BLEV 2641 26.92 23.87 241

Motion Accuracy Score. This con rms that our frequency

domain-based approach effectively enhances the physical o ) o .

plausibility of motion patterns in generated videos. pon5|stent gains |Mot|pn Qualltyanq maintains (or slightly
improves)Visual QualityandText Alignmen{see Table 3).

We further evaluate on a recent Physics Generation Bench-

mark (Meng et al., 2025) that isolates mechanics, optic£\dditional evaluation on Wan 2.1-14B (Wan Team, 2025)
thermal, and material phenomena. Our method improvef-ORA). To test whether the proposed method remains ef-
the average physics score from 0.44 to 0.52 over Open-SoerCt'Ve on a stronger recent video generator, we further eval-

(Table 1), suggesting improved performance on physics{ate it on Wan 2.1-14B. with LoRA ngtuning. As shown
oriented evaluation metrics. in Table 6, our method improves multiple metrics over the

no-motion-loss baseline, including a +8.47 gain in Visual
Comparison on MVDIT. Table 2 shows similar improve- Quality.

ments on the MVDIT model, indicating that our approach )
generalizes well across different video diffusion architecVe &lso evaluate Wan 2.1-14B on PhyGenBench to examine

tures. The consistent performance gains across both modéi1ether the improvements extend beyond generic video-

validate the effectiveness of our physics-informed frequencyflulity metrics. As shown in Table 5, the full model im-
domain approach. proves all four categories. The component ablations suggest

distinct category-wise dependencies: Mechanics is most
Importantly, our method achieves these motion quality imsensitive to the translation component, Optics to the rota-
provements without sacri cing visual quality or semantic tjgn component, and Thermal to the scaling component,
alignment. We observe modest improvements in these djghjle Material shows more moderate sensitivity across com-
mensions as well, suggesting that enhancing physical m@pnents. We further evaluate sensitivity to the weighting
tion plausibility can positively in uence overall video gen- temperature and low-pass ratiéton Wan 2.1-14B. Across
eration quality. all tested settings, the motion loss improves visual quality

Comparison on Hunyuan (Kong et al., 2024) (LoRA). OVer the no-moation-loss baseline, with the default setting
For theHunyuanmodel, we adopt LoRA (PEFT) due to achieving the best overall balance; see App. D.4.

its Size, inserting low-rank adapters into attention and timeCOmparison with MotionCraft. For Comp'eteneSS, we in-
related linear layers while freezing all other weights. To encjyde a reference comparison with MotionCraft (Savant Aira
sure fairness, the baseline and “+Ours” use identical LoRAst al., 2024), a zero-shot method that uses externally simu-
placement, rank, and training schedule. Under this xedjated optical ow to warp the latent space of a frozen image
adapter budget, our frequency-domain physical loss yieldgjffusion model. Our method instead regularizes motion
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