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Despite remarkable advances in video generative models, [/ 3 J

they still struggle to generate physically realistic videos, -

frequently exhibiting appearance drift, implausible motion, ?‘ ""i';_}

and temporal inconsistencies. In this work, we address this .

limitation by transferring relational knowledge encoded in [

. Lo 3 : 2)
spatio-temporal self-similarity (STSS) from visual founda- ﬁ%
tion models into video generative models. STSS represents
pairwise similarities among features across space and time, “ﬁ;ﬁ'{‘i\

revealing the relational structure of how objects interact
with other entities throughout a video, effectively captur-
ing real-world dynamics, including object motion and se-
mantic transformations. To transfer this relational knowl-
edge, we propose Tempered Self-similarity Alignment (TSA)
loss, which transforms STSS into probabilistic correspon-
dence distributions and trains the video generative model
to align its correspondence distributions with those of the
visual foundation model on dynamically changing regions.
Evaluated on VideoPhy and VideoPhy2 benchmarks, our
method demonstrates substantial improvements in physical
plausibility across diverse interaction scenarios, validating
the effectiveness of transferring relational knowledge for
physically realistic video generation.

1. Introduction

Recent advances in video diffusion models [5, 6, 15, 22,
43, 52, 53] have enabled the generation of high-fidelity and
high-resolution videos from text prompts. However, despite
these remarkable achievements, current video generation
models still struggle to produce physically plausible videos,
frequently exhibiting appearance drift, unrealistic defor-
mations, and inconsistent motion dynamics [2, 3, 32, 34].
These failures in physical realism limit the applicability of
video generation models in domains requiring accurate mo-
tion simulation, such as robotics training, virtual environ-
ment construction, and video prediction.

Several approaches have been proposed to improve phys-
ical realism in video generation. One line of work lever-
ages physics simulators to synthesize videos with physically
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Figure 1. Aligning spatio-temporal correspondence improves
realistic dynamics in video generation. Given the same video in-
put, we compare spatio-temporal correspondence probability maps
obtained from (a) a visual foundation model and (b) a video gen-
erative model. The foundation model captures clear correspon-
dences, whereas the generative model produces noisy and inaccu-
rate ones. (c) We here transfer the accurate spatio-temporal cor-
respondences from the foundation model to the generative model,
guiding the model toward more realistic motion dynamics.

accurate dynamics [26-29, 33, 49, 50, 55]. While effec-
tive, such simulation-based methods rely on heavy simu-
lators and are typically restricted to specific physical do-
mains, making them difficult to scale to diverse real-world
scenarios. Another direction utilizes multimodal large lan-
guage models (MLLMs) to reason about physical properties
and guide the generation process toward improved physical
consistency [27, 29, 45, 51]. However, these approaches
often depend on iterative refinement processes that signifi-
cantly increase generation latency and their effectiveness is
inherently bounded by the physical reasoning capability of
the MLLMs. A third line of work exploits auxiliary motion
signals such as optical flow [4, 7, 14, 33]. Although opti-
cal flow provides useful motion cues, it primarily captures
short-term displacements between adjacent frames, making
it difficult to provide supervision for long-range motion dy-
namics or structural changes over time.

In this work, we propose to leverage spatio-temporal



CVPR
#10

056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100

101

102
103
104
105
106
107

CVPR 2026 Submission #10. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

self-similarity (STSS) [24, 39, 40] as a richer supervisory

signal for physically plausible video generation. STSS, i.e.,

pairwise similarities among visual features across space and

time, suppresses photometric variations such as color and

texture while emphasizing relational structures among vi-

sual entities in videos. Such relational patterns naturally

encode how objects move, deform, and interact with sur-
rounding entities across the entire video, capturing physi-
cally meaningful dynamics.

To effectively inject the relational knowledge encoded in
STSS into video generation models, we introduce Tempered
Self-Similarity Alignment (TSA) loss, which aligns STSS
captured by pre-trained visual foundation models with that
of video generative models. However, directly aligning raw
STSS tensors often yields overly smooth correspondence
distributions, providing ambiguous supervision for precise
motion learning. Instead, we temper the STSS by applying
temperature-scaled normalization to obtain sharpened cor-
respondence probability distributions, which we then align
across the two models. These distributions represent ob-
ject motion as a soft trajectory across the entire video. Un-
like optical flow, which represents displacement as a one-
hot correspondence between adjacent frames only , this for-
mulation captures long-range dynamics and inherent uncer-
tainties in structural transformations. Furthermore, we in-
troduce background masking that restricts this alignment
exclusively to dynamic regions, enabling the model to fo-
cus on physically grounded motion dynamics while avoid-
ing unnecessary overhead on static regions. We evaluate our
method on VideoPhy [2] and VideoPhy?2 [3] and demon-
strate that TSA loss effectively improves the physical real-
ism of generated videos.

Our main contributions are summarized as follows:

* We propose Tempered Self-Similarity Alignment (TSA)
loss, which effectively transfers relational knowledge in
STSS from visual foundation models into video diffusion
models for enhancing realistic dynamics.

* We introduce a tempering mechanism that transforms
STSS into sharpened correspondence probability distri-
butions, enabling more precise motion supervision than
direct STSS alignment.

* We demonstrate that our method significantly improves
physical plausibility on VideoPhy and VideoPhy?2 bench-
marks, achieving state-of-the-art performance in generat-
ing physically realistic videos.

2. Related Work

Physically Plausible Video Generation. Despite recent
advances in video diffusion models [5, 6, 15, 22,43, 52, 53],
they still struggle to produce physically plausible videos,
often exhibiting identity drift, unrealistic deformations, or
inconsistent dynamics [2, 3, 32, 34]. To address these lim-
itations, recent studies have explored various strategies to

enhance physical realism in video generation. One line
of research integrates external physics simulators, such as
MPM [9, 37, 41], with generative models to synthesize
physically grounded videos [26-29, 33, 49, 50, 55]. An-
other direction leverages LLMs for physical property analy-
sis and reasoning about physical phenomena, guiding video
generation toward improved physical consistency [27, 29,
45, 51]. Additionally, several methods utilize optical flow
as conditioning or guidance signals to generate more realis-
tic motion [7, 14, 33]. Recently, several methods leverage
representation alignment [54] to transfer physical knowl-
edge from visual foundation models into video diffusion
models [13, 47, 56]. Building on this direction, we pro-
pose an alignment loss that transfers spatio-temporal corre-
spondence probabilities from visual foundation models into
video generative models.

Representation Alignment. Representation alignment
(REPA) [54] is a regularization method that aligns the
representation of the generative models with that of vi-
sual foundation models. This approach is initially pro-
posed in image generation [25, 54], effectively stabilizing
and accelerating diffusion model training. Several meth-
ods [13, 47, 56] extend this to video generation. Among
them, VideoREPA [56] proposes to distill spatio-temporal
self-similarity (STSS) from video foundation models to im-
prove physical realism in generated videos. However, it di-
rectly aligns raw STSS tensors uniformly across all spatial
regions, limiting precise motion supervision. In contrast,
we convert STSS into probabilistic correspondence distri-
butions, where temperature scaling enables flexible con-
trol over motion supervision granularity, and restrict this
alignment to dynamically active regions for more effective
motion-focused alignment.

Spatio-Temporal  Self-Similarity  (STSS).  Self-
similarity [39, 40], defined as pairwise similarities
among visual features, effectively reveals underlying
relational patterns in visual data, e.g., structural layouts or
object motions, while suppressing appearance variations.
In the image domain, self-similarity has been employed
as a relational descriptor for template matching [39, 40],
capturing view-invariant geometric patterns [16, 17], and
establishing semantic correspondences [18, 21, 42]. In
videos, spatio-temporal self-similarity (STSS) has been
leveraged to capture temporal dynamics such as motion.
Early works [16, 17] introduced temporal self-similarity
descriptors for action recognition under viewpoint changes.
More recent methods compute spatial cross-similarities
between adjacent frames to extract short-term motion
cues [23, 44], while others directly learn to transform STSS
representations into bi-directional motion features [24, 48].
Some methods [19, 20] explicitly incorporate STSS into
self-attention mechanisms for motion-centric video rep-
resentation learning. While these approaches primarily
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utilize STSS for video understanding tasks such as action
recognition, we extend its application to video generation.
Specifically, we propose to align STSS from visual founda-
tion models with video diffusion models, transferring their
knowledge of realistic motion dynamics to enable more
physically plausible video generation.

3. Preliminaries

3.1. Video Diffusion Models

Recent text-to-video diffusion models [5, 15, 22, 43, 52]
follow the Latent Diffusion Model (LDM) framework [38],
where the generation process is performed in the latent
space of a pretrained Variational Autoencoder (VAE). Given
avideo V e RE'*H'XW'x3 'the VAE encoder compresses
it into a latent representation Z(?) € RF*HXWxC with re-
duced spatial and temporal resolutions. A forward diffu-
sion process corrupts Z(®) by gradually injecting Gaussian
noise over timesteps ¢ € {1,...,T}, producing noisy la-
tents Z(Y) = ,Z(*) +-0¢, where € ~ N'(0, I) and oy, o are
schedule-dependent coefficients. A denoising network, typ-
ically a spatio-temporal transformer such as MM-DiT [11]
in CogVideoX [52], is trained to reverse this process by es-
timating the noise added at each timestep. The training ob-
jective minimizes the mean squared error between the true
and predicted noise as,

2
Littusion = Ey 7,0 ¢ [Hé —eo(2,t, C)HZ] ;o (D

where c denotes text prompt. At inference, the model starts
from sampling pure noise Z(™) ~ A(0, ) and iteratively
refines it through the learned reverse process to obtain 70,
The VAE decoder then transforms Z(%) into the final video.
Applied to this LDM-based video diffusion model, we aim
to enhance the physical plausibility of generated videos.

3.2. Representation Alignment

While diffusion-based generative models produce high-
quality samples, their internal representations tend to be less
expressive and discriminative compared to those of large-
scale visual foundation models trained (e.g., DINOv2 [36]).
To bridge this representational gap, representation align-
ment (REPA) [54] has been proposed as a regularization
method that transfers rich semantic knowledge from the pre-
trained foundation models to the diffusion models.

REPA is initially introduced for image diffusion mod-
els [25, 54]. Let the denoising network fy take a noisy im-
age Z(® as input, conditioned on context ¢ and timestep
t. The network produces intermediate activations at its [-th
layer H = fo(Z®) ¢, ¢c,1) € REXW*Ca where Cy is the
channel dimension of the denosing network. A pretrained
visual encoder g4 that maps a clean image X to visual fea-
tures E = g4(X) € REXWXC with feature dimension

C.. To align the representations of the diffusion model with
those of the visual foundation model, REPA introduces a
lightweight projector h.,, that maps H to the encoder’s fea-
ture space. The alignment objective encourages feature-
wise consistency as:

H,W
1

Lreea = ~Ex z00 | 797 > sim (B, hy(Hyy)) |

i=1,7=1
(@)
where sim(-, -) computes cosine similarity between corre-
sponding patches. This regularizer is combined with the
standard diffusion loss:

Liowal = Ldiftusion + ALRrEPA, 3

where ) balances generation fidelity and feature alignment.
Empirically, this approach accelerates training convergence
and enhances perceptual quality by leveraging semantic pri-
ors from the pretrained encoder. While REPA aligns fea-
ture representations directly, our method aligns probabilis-
tic distributions of spatio-temporal correspondences derived
from STSS, enabling more effective transfer of physically
grounded motion dynamics.

4. Methods

Spatio-temporal self-similarity (STSS) effectively captures
temporal dynamics such as motion by describing the rela-
tional structure across space and time in videos. By Trans-
ferring such STSS structures from visual foundation mod-
els into video diffusion models, we can guide the generative
process toward producing physically realistic dynamics. To
this end, we propose Tempered Self-similarity Alignment
(TSA), which converts the STSS tensor of each query to-
ken into probabilistic distributions of spatio-temporal cor-
respondences of the query across frames, and aligns these
correspondence distributions from visual foundation mod-
els with those from the video diffusion model. We further
restrict this alignment to dynamic regions, focusing the su-
pervision on motion-salient areas where physically mean-
ingful dynamics occur.

4.1. Tempered Self-Similarity Alignment

Given an input video V € RF *H'*W'x3 we firgt extract
spatio-temporal features EVP™M using a pretrained visual
foundation model g,. We then obtain intermediate features
from the [-th layer of the denoising network fy and pass
them through a lightweight projector h,, that maps the dif-
fusion features into the pretrained encoder’s feature space
with matched spatio-temporal resolution, yielding EVPM:

EVFM — g¢(v) c RFXHXWXC (4)
EVDM — h¢(f9(z(t),t,c,l)) c RFXHXWXC' (5)
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Figure 2. Framework overview. Our method aligns the noisy spatio-temporal correspondences of a video diffusion model with the accurate
correspondences of a visual foundation model, guiding the generative model toward more realistic motion dynamics. By restricting this
alignment to dynamic regions, it encourages motion-focused alignment for physically plausible video generation.

We apply L2 normalization along the channel dimen-
sion and flatten the spatio-temporal dimensions to obtain
EVIM_ VDM ¢ RNXC 'where N = FHW. We then com-
pute pairwise cosine similarity matrices that encode STSS
relations:

RVFM — EVFM(EVFM)T c RNXN’ (6)
RVDM — EVDM(EVDM)T c RNXN’ (7)

where each row R; encodes the similarities between token
1 and all other tokens across space and time.

To obtain frame-wise correspondences, we reshape R €
RNXN to RNXEFXHW and apply a temperature-scaled soft-
max along the spatial dimension:

RVEM RYDM
PYIM — softmax | —2f ,PY2M = softmax T
- :

i f T
®)
where P; ; ¢ represents the probability distribution
over spatial positions in the f-th frame that query token ¢
corresponds to. The TSA loss aligns these correspondence
distributions between the visual foundation model and the
video diffusion model by minimizing the KL divergence:

RHW

gradients for well-aligned correspondences. The gradient

of the TSA loss with respect to Ry is computed as,

O0Ltsa

L Hvom VEM
aRV?M -7 (Pz}f —Piy )
(3

(10)

which is proportional to the probability mismatch between
the two distributions, unlike L.1-based objectives [56] that
apply uniform gradients regardless of alignment quality.
Second, the temperature 7 enables fine-grained motion

supervision through correspondence sharpening.

With-

out temperature scaling, directly aligning raw STSS ten-
sors [56] yields overly smooth distributions that fail to
provide precise motion supervision for each query token
(Fig. 3, 2nd row). By lowering 7 to sharpen the correspon-
dence distributions, TSA provides more precise spatial su-
pervision per query, facilitating fine-grained motion learn-
ing while preserving object part-level structural information

encoded in STSS (Fig. 3, 4th row).

4.2. Motion-focused Self-Similarity Alignment

While TSA effectively aligns STSS across the entire video,
most regions in videos are static and lack meaningful tem-

TSA offers two key advantages.
stronger signals for misaligned regions while attenuating

N F
1
Lrsa = NE Z Z Dy (PXI;M I PX?M) ¢
i=1 f=1

First, it provides

poral dynamics. Aligning correspondences in such static
areas introduces unnecessary computational overhead and
may hinder the model from focusing on dynamic regions
where physically grounded motion cues exist. To address
this inefficiency and improve motion modeling, we intro-
duce Masked TSA (M-TSA), which reinforces STSS align-
ment on such dynamic regions.
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Figure 3. Controlling correspondence granularity by temper-
ature. As temperature gets lower, correspondence changes from
object-level, to part-level, to point-level.

Given an input video V. € REFXHXW'x3  ye
first divide the video into non-overlapping tubulets
of size (P, P, Py), resulting in patch tokens Y €
REXHXWX3PRPy - We compute the temporal difference
across frames and calculate L1 norm for each patch token

as,

||Yt,h,w _thl,h,le ) te {277F}
At,h,w =
Ao w, t=1
1D
We identify dynamic regions by selecting the top-%k (e.g.,
k = 20%) tokens with the largest temporal differences for
each frame, constructing a motion-saliency mask M:

M= {I(thw) | Appw =14, VEE {1, F}}, (12)

where I(-) denotes the index of the patch token in the
flattened dimension (N = F x H x W), and r, =
top-k ({Asnw il 1) denotes the threshold that retains
the highest k% of temporal differences at the ¢-th frame.
The M-TSA loss then performs STSS alignment exclusively
to these motion-salient tokens:

F
1
Lyirsa = = Y > D (PYMPYY) . (13)
IMIF

This selective alignment reduces computational and mem-
ory overhead by excluding static regions and enables the
model to focus on capturing physically meaningful motions.
We combine the M-TSA loss with the diffusion loss for fine-
tuning video diffusion models as,

Liotal = Ldiffusion + AMLM-TSA- (14)

5. Experiments

5.1. Implementation Details

We adopt CogVideoX-2B [52] and VideoMAEv2-B [46] as
the base text-to-video diffusion model and visual founda-

RGB
k =
k = 20%
k = 40% ] o
.'."1'\\.. i |t
T -4
e
oo I AN BN

Figure 4. Motion-saliency masks at different thresholds %. In-
creasing k highlights a larger proportion of the most dynamic re-
gions in the video.

tion model, respectively. We employ a lightweight projec-
tor composed of a 3-layer MLP followed by a 3D convolu-
tional layer, which adjusts the spatio-temporal resolution of
the diffusion model’s hidden representations to match that
of the foundation model. We set the loss weight \, tempera-
ture 7, and masking ratio k to 0.5, 0.1, and 20, respectively.
We subsample 64K videos from OpenVid [35] for finetun-
ing [56]. We fully finetune the model using AdamW [30]
with a learning rate of 2 x 10~° and batch size of 32 for
4000 iterations on eight NVIDIA RTX 6000 Ada GPUs.

5.2. Benchmarks

VideoPhy [2] is a benchmark designed to evaluate the phys-
ical plausibility of video generation models. It consists of
344 prompts involving interactions between various mate-
rial types in the physical world, categorized into solid-solid,
solid-fluid, and fluid-fluid interactions. The benchmark
measures two metrics: Semantic Adherence (SA), which as-
sesses whether the generated video faithfully follows the
text prompt, and Physical Commonsense (PC), which eval-
uates whether the generated video exhibits physically real-
istic dynamics. We use the VideoConPhysics auto-evaluator
to compute scores in the range [0, 1] and report the propor-
tion of samples with scores > 0.5. For evaluation, we use
the upsampled captions provided by VideoREPA [56].
VideoPhy?2 [3] extends the evaluation to human-object in-
teractions, in contrast to the material-centric focus of Video-
Phy. It comprises 590 text prompts and measures SA and
PC on an integer scale from 1 to 5 Additionally, the Joint
score is reported as the proportion of samples where both
SA > 4 and PC > 4. For automated evaluation, we employ
the VideoPhy2-AutoEval model and utilize the upsampled
prompts officially released by the benchmark [3].

VBench. [12] is a comprehensive benchmark suite for
evaluating video generative models. It consists of 946
text prompts and evaluates two complementary aspects:
video quality, which measures the perceptual quality of
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Table 1. Quantitative results on VideoPhy benchmark. We report Semantic Adherence (SA) and Physical Commonsense (PC) scores as the
percentage of videos achieving a score > 0.5 across different interaction categories. * finetuned on OpenVid subset.

Overall Solid-Solid | Solid-Fluid | Fluid-Fluid
Method SA PC SA PC SA PC SA PC
Cosmos-Diffusion-7B [1] 57.0 18.0 - - - - - -
DreamMachine [31] 575 21.8 | 551 21.7|59.6 233|582 182
VideoCrafter2 [8] 50.3 29.7 | 504 322|507 274 | 481 29.1
HunyuanVideo [22] 60.2 282|552 16.1 | 67.1 30.1 | 545 545
CogVideoX-2B [52] 599 250 | 448 154|719 226 | 673 564
CogVideoX-2B + PhyT2V [51] | 42 29 - - - - - -
CogVideoX-2B* 59.6 253|455 154 | 712 233 | 655 564
+LRrEpa [54] 60.5 227|455 9.1 | 72,6 274 | 673 455
+L1rp [56] 63.1 276|497 182 | 740 274 | 69.1 52.7
+Lr1ga (Ours) 62.8 29.1 | 51.8 196 | 70.6 260 | 70.9 61.8
+L.Tsa (ours) 645 308 | 539 210 | 740 274 | 67.3 65.5

Table 2. Quantitative results on VideoPhy2. We report SA, PC,
and Joint scores as the percentage of videos achieving scores > 4.

Method Joint SA PC

CogVideoX-2B 224 271 659
CogVideoX-2B* | 229 26.8 68.0

+L1rD [56] 23.1 27.0 684
+Lr1sa (ours) 240 282 693

+Lsa (ours) 244 282 69.8

the generated video independent to the text prompt, and
video—condition consistency, which evaluates how faith-
fully the video aligns with the text prompt. Each aspect
comprises 8 metrics, resulting in a total of 16 metrics. In
addition to the per-metric scores, we report the aggregated
Quality Score, Semantic Score, and the Total Score to sum-
marize performance across these aspects. For evaluation,
we use the upsampled prompts provided by NOVA [10].

5.3. Results

VideoPhy. We evaluate our method on VideoPhy and
present the results in Tab. 1. Compared to the baseline
CogVideoX-2B, applying TSA significantly improves the
PC score, achieving 29.1% overall, which surpasses Vide-
oREPA (27.6%). This improvement demonstrates the ef-
fectiveness of our tempered self-similarity alignment ap-
proach, which provides fine-grained motion supervision
and stronger gradients for misaligned regions through KL
divergence minimization. Adding background masking (M-
TSA) further boosts performance, reaching an overall PC
score of 30.8%, outperforming PhyT2V [51] (29.0%) that
iteratively refines videos using physical knowledge from
LLMs. The largest improvement is observed in the Solid-
Solid category, where PC increases from 15.4% to 21.0%
(36.4% relative improvement), with consistent gains also
observed in Solid-Fluid (17.6%) and Fluid-Fluid (16.1%)

interactions. These results validate that focusing self-
similarity alignment on dynamic regions enables more ef-
fective learning of physically grounded motion dynamics.
VideoPhy2. We evaluate our method on VideoPhy2, a
benchmark focused on human-object interactions, and sum-
marize the results in Tab. 2. Consistent with the VideoPhy
results, TSA outperforms VideoREPA, improving the Joint
score from 23.1% to 24.0%. Motion masking further en-
hances performance, with M-TSA achieving a Joint score
of 24.4%, demonstrating the consistent effectiveness of our
approach across diverse human-object interaction scenarios.
VBench. To ensure that our method preserves overall video
quality while improving physical plausibility, we evaluate
on VBench and present the results in Tab. 3. Compared to
the baseline, applying M-TSA preserves the overall video
quality while yielding a slight improvement in the Total
Score (81.0%—81.2%). This demonstrates that our method
enhances physical plausibility without compromising the
inherent video generation quality of the base model.

5.4. Ablation Studies

Temperature. In Fig. 5a, we evaluate the effect of tem-
perature by gradually decreasing 7 from 1.0 to lower val-
ues. We observe a clear performance improvement when
decreasing 7 from 1.0 to 0.1, indicating that a sharper cor-
respondence distribution encourages the model to capture
more fine-grained temporal relations, which facilitates pre-
cise motion modeling. However, lowering the tempera-
ture beyond this point leads to performance degradation.
We conjecture that excessively sharp distributions suppress
broader structural cues—such as object part-level geome-
try—that are necessary for coherent motion understanding.
These results suggest that an appropriate balance between
fine-grained motion cues and structural context is critical
for effective self-similarity alignment.

Background Masking. In Fig. 5b, we analyze the effect
of the masking ratio k, which determines the proportion of
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Table 3. Quantitative results on VBench. * finetuned on OpenVid subset.

(a) Total scores and video quality metrics.

Method Total Quality Subject Background Temporal Motion Dynamic Aesthetic Imaging Object
o Score Score Consist. Consist. Flickering Smoothness Degree Quality Quality Class
CogVideoX-2B* 81.0 814 934 94.2 98.0 98.3 56.9 63.4 632 913
+Lyo1sa (ours) 812 815 935 94.5 98.0 98.4 56.1 63.0 63.5 90.2
(b) Video-condition consistency metrics.
Method Semantic Multiple Human Spatial Appearance Temporal  Overall
Score  Objects Action Relationship Style Style  Consistency
CogVideoX-2B*  79.4 71.6 982 85.0 75.5 522 244 25.2 27.1
+Lyp.1sa (ours) 79.7 73.0 98.8 844 75.9 534 24.5 25.2 27.2

24.6

31 308 311 311
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2 z Z 20
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(a) Temperature 7. (b) Masking ratio k.

Figure 5. Ablation studies on VideoPhy. The PC scores are reported.

dynamic regions selected for alignment. Remarkably, uti-

16 18 20 22 24
Position /

(c) Position .

Table 4. Effect with NOVA [10] on VideoPhy. x* finetuned on

lizing only the top 5% of dynamic tokens yields perfor- OpenVid subset.
mance superior to the baseline, with the optimal perfor- overall solid-solid solid-fluid fluid-fluid
mance achieved at approximately &k = 20%. As the ra- method SA PC SA PC SA PC SA PC
tio increases beyond this point, we observe a gradual de- NOVA-0.6B [10] 42.7 21.2 27.3 12.6 54.8 23.3 50.9 38.2
cline in performance. This result validates our hypothesis NOVA-0.6B* 445 20.1 31.5 12.6 555 21.2 49.1 364
that aligning static regions introduces redundancy and com- +Lrp [50] 459 22.7 30.8 12.6 56.2 233 58.2 47.3
. . .. . . +L1sa (ours) 45.1 294 31.5 189 53.4 30.1 58.2 54.5
putational noise. By restricting the alignment to motion- FLaprss (ours)  45.1 30.5 32.2 19.6 53.4 30.8 564 58.2

salient regions, our method effectively prevents the model
from being biased toward static backgrounds, allowing it to
concentrate its learning capacity on generating physically
grounded motion dynamics.

Alignment Position. In Fig. 5c, we evaluate the effective-
ness of feature alignment across various depths of the de-
noising network. As a result, we identify the 18-th trans-
former block of CogVideoX as the optimal layer for inject-
ing the correspondence priors and set as default for our main
experiments.

Different Architectures. To demonstrate the architec-
tural generality of our approach, we here apply our loss to
NOVA [10], an auto-regressive video generation model. In
Tab. 4, our method consistently improves PC scores across
all material types, despite structural differences between
bi-directional diffusion and causal auto-regressive models.
This validates that our method is model-agnostic, broadly

applicable to a wide range of video generative frameworks.

5.5. Qualitative Results

In Fig. 6, we provide qualitative comparisons of videos gen-
erated by CogVideoX [52], REPA [54], VideoREPA [56],
and our method. In Fig. 6a, existing methods exhibit ap-
pearance drift of the paint roller or generate unrealistic
rolling motion, whereas our method preserves the object’s
appearance throughout the video while depicting realistic
motion dynamics. In Fig. 6b, other methods generate phys-
ically implausible water splashes that violate causality, e.g.,
splashes appearing in front of the jetski before it passes,
while our method produces temporally coherent and phys-
ically plausible splash patterns. These results validate that
our approach effectively transfers realistic motion dynamics
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VideoREPA REPA CogVideoX

Ours
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Ours

(b) Prompt: Two jetskis race side-by-side, their wakes colliding ...

Figure 6. Qualitative results. Red rectangles highlight regions with physically implausible or temporally inconsistent motion. Our method

generates videos with physically realistic dynamics.

embedded in STSS to video generative models. Please refer
to the supplementary material for the full generated videos.

6. Conclusion

We have introduced Tempered Self-Similarity Alignment
(TSA), a novel framework that transfers spatio-temporal
correspondences in visual foundation models into video dif-
fusion models for physically plausible video generation. By
converting spatio-temporal self-similarity into probabilis-

tic correspondence distributions and aligning such distri-
butions exclusively on dynamically changing regions, our
method enables effective alignment of physically grounded
dynamics. Through extensive ablation studies, we found
that controlling correspondence granularity plays a critical
role in motion learning and that filtering out static regions
via motion masking substantially improves performance.
Our experiments on VideoPhy and VideoPhy2 demonstrate
that TSA significantly improves the physical realism of gen-
erated videos in diverse real-world scenarios.
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