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ABSTRACT

Deep learning has demonstrated remarkable capabilities in simulating complex
dynamic systems. However, existing methods require known physical properties
as supervision or inputs, limiting their applicability under unknown conditions.
To explore this challenge, we introduce Cloth Dynamics Grounding (CDG), a
novel scenario for unsupervised learning of cloth dynamics from multi-view vi-
sual observations. We further propose Cloth Dynamics Splatting (CloDS), an
unsupervised dynamic learning framework designed for CDG. CloDS adopts a
three-stage pipeline that first performs video-to-geometry grounding and then
trains a dynamics model on the grounded meshes. To cope with large non-
linear deformations and severe self-occlusions during grounding, we introduce
a dual-position opacity modulation that supports bidirectional mapping between
2D observations and 3D geometry via mesh-based Gaussian splatting in video-to-
geometry grounding stage. It jointly considers the absolute and relative position
of Gaussian components. Comprehensive experimental evaluations demonstrate
that CloDS effectively learns cloth dynamics from visual data while maintaining
strong generalization capabilities for unseen configurations. Our code is avail-
able at https://github.com/whynot-zyl/CloDS. Visualization results are
available at https://github.com/whynot-zyl/CloDS_video.

1 INTRODUCION

Accurately modeling complex dynamical systems is fundamental to forecasting (Si & Chen, 2025;
Li et al., 2025a), control (Wei et al., 2025; Liu et al., 2025), and optimization (Zhou et al., 2024;
Tang et al., 2025) across diverse natural and engineered domains. Recently, deep learning has revo-
lutionized the simulation of various dynamic systems, including fluid (Zeng et al., 2025), cloth (Li
et al., 2025b), and multi-body dynamics (Carleo & Troyer, 2017). However, current approaches are
highly dependent on supervision derived from physics and environmental properties in known con-
ditions (e.g.,, particles, meshes) (Pfaff et al., 2020; Wang et al., 2024c). This dependency hinders
the feasibility of unsupervised dynamics learning from visual data in robotics (Finn et al., 2016;
Lee et al., 2018) and computer vision (Shi et al., 2015; Wang et al., 2017; Li et al., 2025c), where
physical properties under an unknown environmental condition are inaccessible.

Table 1: Capabilities of different vision-only methods.

Method 3D Dynamic
Learning

Video
Prediction

Dynamic Scene
Novel View Synthesis

3D reconstruction ✗ ✗ ✓
Video prediction ✗ ✓ ✗
CloDS (ours) ✓ ✓ ✓

To address this challenge, intuitive physics
approaches inspired by human perception
have emerged. These approaches enable
unsupervised dynamics learning directly
from visual data (Wu et al.; Li et al.,
2025a). Existing intuitive physics ap-
proaches have made notable progress in
modeling rigid-body interactions (e.g.,, collisions and forces). However, they still fall short in de-
formable continuum mechanics, particularly cloth dynamics. This paper explores a novel scenario
in intuitive physics: Cloth Dynamics Grounding (CDG), aimed at unsupervised learning cloth dy-
namics from a series of multi-view videos. CDG is challenging due to the infinite-dimensional state
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Figure 1: CloDS has the following capabilities:(a). Learning underlying cloth dynamics. (b). Video
prediction through the forward process of DVC. (c). Novel view synthesis in dynamic scenes.

spaces of the cloth, the complex physical dynamics, and the strong self-occlusion. Given these chal-
lenges, existing visual-only methods struggle to handle CDG effectively. Dynamic scene synthesis
methods often fail to generalize beyond observed frames (Hu et al., 2025a; Duan et al., 2024; Zhao
et al., 2024; Wang et al., 2025). In contrast, video prediction approaches have predictive capac-
ity, but fall short in CDG due to their dif�culty in maintaining temporal consistency amid frequent
self-occlusions, and their inability to reason effectively about underlying geometric structures (Gao
et al., 2022; Hu et al., 2023). Table 1 presents a comparison of vision-only model capabilities.

Figure 2: Overview of Differentiable Visual Com-
puting framework in Cloth Dynamics Reasoning.

Differentiable Visual Computing (DVC) pro-
vides a promising solution to CDG by con-
necting visual observations with their underly-
ing physical representations (Spielberg et al.,
2023). As shown in Figure 2, DVC performs
video-to-geometry grounding by establishing
differentiable mappings between observations
and their geometric structures, which enables
effective dynamics learning. Existing DVC ap-
proaches analogous to CDG include �uid dy-
namics grounding (Guan et al., 2022) and discrete element learner (Wang et al., 2024b), which model
�uids and solids with particles. However, particle-based representations are unsuitable for cloth due
to its thin structure and small relative position variations. Addressing CDG thus hinges on selecting
an appropriate geometric representation and designing an ef�cient 3D–2D mapping. Given the thin
structure and pronounced deformability, we adopt mesh-based representations anchored with Gaus-
sian components (Waczyńska et al., 2024). This con�guration effectively establishes differentiable
mappings between 3D geometry and 2D observations. Furthermore, complex self-occlusion patterns
during cloth motion can induce perspective distortion artifacts in traditional neural rendering (Kerbl
et al., 2023). Our framework resolves these challenges through dual-position opacity modulation:
simultaneously conditioning Gaussian opacity on world-space (relative) coordinates and mesh-space
(absolute) coordinates of Gaussian components.

Therefore, in this paper, we introduce Cloth Dynamic Splatting (CloDS), the �rst known unsuper-
vised visual-only method for learning cloth dynamics under unknown conditions. To achieve this
goal, we represent the cloth as meshes and design a corresponding Spatial Mapping Gaussian Splat-
ting module with dual-position opacity modulation to establish a differentiable mapping between 2D
observations and 3D geometry. Moreover, we develop a three-stage training framework for CloDS
to enable unsupervised dynamics learning. The learned dynamics can be applied to downstream
animations of various garments (SHAO et al., 2024). Our contributions are summarized as follows:

� We introduce and explore Cloth Dynamics Grounding (CDG), a novel intuitive physical problem.

� We propose Cloth Dynamic Splatting (CloDS) for unsupervised CDG from multi-view videos.
CloDS also supports predict video and generate novel view models of dynamic scenes (Figure 1).

� The videos synthesized by CloDS signi�cantly outperform current state-of-the-art video prediction
models, and it can also generalize to unseen con�guration.
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2 RELATED WORK

Mesh-based cloth simulation. Cloth simulation is a long-standing research �eld in graphics and
physics Lu et al. (2025); Li et al. (2022); Volino et al. (2009); Tiwari & Bhowmick (2023). Mesh-
based methods are widely adopted for their geometric accuracy and ef�ciency Baraff & Witkin
(2023); D. Li et al. (2022); Peng et al. (2023); Tiwari et al. (2023). Recent Data-driven approaches
are introduced to further enhance simulation ef�ciency Wandel et al. (2025); Deng et al. (2024);
Santesteban et al. (2021); Shao et al. (2023). However, they rely on physics-based supervision
from numerical simulators in known environments (e.g., known material parameters, pre-trained
GNNs Rong et al. (2025)), and unsupervised dynamics learning in unknown conditions remains an
open challenge. Distinct from existing methods, we propose CloDS, a visual-only approach that
learns cloth dynamics in an unsupervised manner under unknown conditions.

Mesh gaussian splatting. Gaussian splatting has achieved remarkable results in areas such as 3D
reconstruction Kerbl et al. (2023); Guédon & Lepetit (2024); Wu et al. (2024b) and Dynamic scenes
Novel View Synthesis. While existing work focuses primarily on rigid bodies or minimally de-
formed objects, scenes with substantial deformations remain understudied Jiang et al. (2024). Cur-
rent approaches address this problem by applying mesh-based constraints, anchoring Gaussian com-
ponents to mesh faces and adjusting them as the mesh deforms Waczyńska et al. (2024); Waczynska
et al. (2024) Duan et al. (2024); Gao et al. (2024). In CDG, large deformations and self-occlusion
cause rendering artifacts (e.g., perspective) if Gaussians remain statically bound. To address this,
CloDS dynamically controls opacity using world-space and mesh-space coordinates.

3 PROBLEM FORMULATION

In this paper, we aim to build a model for CDG, targeting unsupervised learning of cloth dynamics
from multi-view videos. At time t, the mesh is denoted as Mt = (x W

t ; xM
t ; E), where xW

t ; xM
t 2

RK�3 are the world-space and mesh-space coordinates of K nodes, and E is their connectivity. The
corresponding multi-view images are denoted by Yt = fI i

t gi2[1;N] , where Iit 2 Rw�h�3 .

In CDG, the model aims to infer p(Mt+1 jM t ) recursively over time. Given only multi-view videos
Y1:t+1 , the model needs to learn p(Mt+1 jMt) through the estimation of p(Yt+1 jY1:t ). If the mapping
between pixel space and 3D space p(Mt jY1:t ) is accessible, p(Yt+1 jY1:t ) can be expressed as:

p(Yt+1 jY1:t ) = p(Y t+1 jM t+1 )p(M t+1 jM t )p(M t jYt ; Y1:t�1 ); (1)

where p(Mt jYt ; Y1:t�1 ) can be framed as a Bayesian �ltering problem (Longhini et al., 2025b).
Thus, the joint posterior distribution is obtained as follows:

p(M t jYt ; Y1:t�1 ) = �p(Y t jM t )p(M t jY1:t�1 ); (2)

where � is a normalization constant ensuring the posterior distribution integrates to 1. If the transi-
tion probability function p(Mt�1 jY1:t�1 ) can be learned, then p(Mt jY1:t�1 ) can be expressed as:

p(M t jY1:t�1 ) =
Z

p(M t jM t�1 )p(M t�1 jY1:t�1 ) dM t�1 : (3)

Therefore, to iteratively learn p(Yt+1 jY1:t ), it is essential to model the dynamic transition
p(M t+1 jM t ) and spatial mappings p(Yt jM t ), p(M t jY1:t ). These models are jointly trained to ap-
proximate p(Yt+1 jY1:t ) (see Appendix A for details). After learning p(Mt+1 jM t ), the model can
simulate cloth dynamics. Simultaneously, using p(Yt jM t ), it maps the 3D underlying representation
of the cloth to the pixel space, forming a continuous video to implement DVC forward process.

4 METHOD

In this section, we describe the Cloth Dynamics Splatting framework. We �rst delineate the overall
methodology, then detail the neural simulator and the Spatial Mapping Gaussian Splatting module,
and �nally describe the training procedure.
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Figure 3: The overview of Cloth Dynamics Splatting (CloDS) for Cloth Dynamics Grounding. (a).
Overall model architecture. (b). The forward and backward processes of Spatial Mapping Gaussian
Splatting (SMGS) and DVC forward process. (c). The detail of SMGS forward process. (d). The
Mesh Gaussian Splatting in SMGS. SMGS can obtain the mesh of cloth~M t+1 based on Mt or ~M t
through backpropagation. In the forward stage of DVC, �xW

t is typically set to 0. However, when
extracting the mesh~M t+1 from images It+1 , the learnable �xW

t is used to make~I t+1 close to It+1 .

4.1 OVERVIEW

Most existing methods rely on physics-based supervision in known environments, while unsuper-
vised dynamics learning under unkonwn condition remains a key challenge. Unlike existing meth-
ods, we directly learn cloth dynamics from visual observations. To achieve this goal, we design
Spatial Mapping Gaussian Splatting (Section 4.3), a differentiable 2D-to-3D mapping module that
grounds video frames into geometric representations. This mapping permits the subsequent Dynam-
ics Learning GNN (Section 4.2) to learn cloth dynamics directly from pixel-space supervision. An
overview of our approach is depicted in Figure 3.

4.2 GRAPH NEURAL DYNAMICS LEARNER

Due to the thin-plane and self-occlusion properties of cloth, we model it as meshes. The dy-
namic learner p(Mt+1 jM t ) recursively estimates mesĥM 1:T from an initial state M0. Conventional
mesh-based prediction methods typically employ Graph Neural Networks (GNNs) to model dy-
namics. Our framework supports various GNN architectures. Without loss of generality, we select
MGN (Pfaff et al., 2020) as neural simulator. MGN encodes world-space coordinates xW

t , mesh-
space coordinates xMt , and relative positions, then applies message passing to model interactions
among nodes. xWt denotes the 3D spatial coordinates, and xM

t denotes the 2D UV coordinates. The
aggregated node features are decoded to the next positions xW

t+1 . As mesh targets are not available
in CDG, an effective mapping function is required to extract meshes from the pixel space.

4.3 SPATIAL MAPPING GAUSSIAN SPLATTING

Gaussian Splatting (GS) represents the radiance �eld with anisotropic 3D Gaussians. Each Gaussian
component is characterized by a center � and a covariance matrix

P
which is decomposed into a ro-

tation R and a scale S. The color of each component is determined by a spherical harmonic function
ci . Pixel color C is obtained by compositing N components as

P
i2N ci � i

Q i�1
j=1 (1 � � j ), where � i

is the opacity of components. Gaussian Splatting enables 3D-to-pixel mapping. However, CDG re-
quires temporally consistent mappings to learn dynamics from the pixel space. To address this chal-
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lenge, we develop Spatial Mapping Gaussian Splatting (SMGS) based on the GaMes (Waczyńska
et al., 2024) which leverage meshes to controllably preserve the Gaussian correspondence.

We �rst establish a static mapping by anchoring Gaussian components on the mesh faces. Each
Gaussian center �t is computed via barycentric interpolation: �t = � 1X W

t;1 + � 2X W
t;2 + � 3X W

t;3 ,
where �1 + � 2 + � 3 = 1 and V = [X W

t;1 ; X W
t;2 ; X W

t;3 ] is the face. As the mesh deforms, Gaussians are
updated by the same � with new vertex positions XW

t + �X W
t to maintain temporal consistency

mapping. The rotation matrix of each Gaussian, R = [r1; r 2; r 3], must also remain consistent
with the rotation of its associated face. The �rst vertex of R is de�ned by normal vector:r1 =
norm

�
(X W

t;2 � X W
t;1 ) � (X W

t;3 � X W
t;1 )

�
, where � is the cross product. The second vertex is r2 =

norm
�
(X W

t;2 � X W
t;1 )

�
. The third is obtained as a single step in the Gram–Schmidt process (Strang,

2000): r3 = norm
�
orth

�
X W

t;3 � X W
t;1 ; r 1; r 2

��
.

Figure 4: The result of rendering. Videos are
available in Part 2 at URL.

The scale S = diag(s1; s2; s3), where s1 =
�, s2 =




 X W

t;2 � X W
t;1




 and s3 = hX W

t;3 �
X W

t;1 ; r 3i. However, in CDG, strong self-
occlusions and large deformations cause ex-
isting mesh-based GS methods suffering from
perspective distortions and color errors (Fig-
ure 4c). To address this, we modulate the Gaussian opacity through dual-position opacity modu-
lation based on the world-space �W and mesh-space coordinates �M of their centers � (Figure 3d).
The dual-position opacity modulation is de�ned as:

� i;t = f � (� W
i;t ; � M

i;t ); (4)

where f� is a Multilayer Perceptron with parameters �, and �W
i;t , � M

i;t represent the world-space (rel-
ative positions) and mesh-space coordinates (absolute positions) of ith Gaussian center. Detailed
explanations of absolute and relative coordinates are provided in Appendix B. Without world-space
coordinates �W , the dual-position opacity modulation reduces to standard GaMeS. Relative po-
sitions reduce perspective errors (Figure 4c) and absolute positions �M prevent the cloth from be-
coming transparent when it moves into previously unseen regions (Figure 4d). This mapping enables
3D-to-2D projection in CDG, allowing CloDS to complete the DVC forward rendering (Figure 3c).
After establishing temporal Gaussian correspondence, we recover 3D labels for the neural simulator
by mapping back from 2D. Inspired by 3D reconstruction (Worchel et al., 2022), we backpropagate
�x W

t to adjust mesh nodes from xW
t to ~xW

t+1 , aligning the rendered image with Yt+1 (Figure 3b):

arg min
�x W

t

L geometry (SMGS(~xW
t+1 ); ~xW

t+1 ; xW
0 ; Yt+1 ); (5)

where Lgeometry is the reconstruction loss (detailed in Section 4.4), and ~xW
t+1 = ~x W

t + �x W
t .

Gaussian components are then updated and re-rendered until convergence, establishing the 2D-to-
3D mapping and enabling recursive 3D label generation for training the Dynamics Learning GNN.

4.4 DYNAMICS-AWARE UNSUPERVISED TRAINING FRAMEWORK

To solve CDG, we propose a three-step training framework. First, we estimate SMGS p(Yt jM t ).
Then, SMGS maps images to 3D space via backpropagation to obtain p(Mt jY1:t ), recursively re-
constructing ~M 1:T . Finally, the dynamics simulator is trained with~M 1:T to model p(Mt+1 jM t ).
The �rst two stages adopt single-step training without temporal losses, while the third stage applies
a rollout strategy for temporal learning. The overall algorithm is summarized in Algorithm S.1.

First stage: Gaussian component construction. The mesh and multi-view images of the �rst
frame are used to build the cloth's Gaussian component representation via SMGS, optimized with
the standard 3D Gaussian splatting loss (Kerbl et al., 2023):

L render = (1 � �)L 1( ~Yt ; Yt ) + �L D�ssim ( ~Yt ; Yt ); (6)

where � is a constant (typically 0.2),~Yt is the SMGS rendering result at time t, and Yt is the ground
truth. Equation 6 is also used as part of the second stage loss, so we use~Y instead of~Y0. Unlike
the warm-up phase in NeuroFluid (Guan et al., 2022), which requires particle representations across
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multiple time steps to train the rendering model, CloDS only needs the mesh from the �rst frame to
construct the 3D cloth representation.

Second stage: Extracting mesh from image space. By iteratively optimizing �xWt in SMGS
P(Yt+1 jM t ), we recursively obtain the mesh~M 1:T . An edge loss is introduced during training to
preserve cloth shape and prevent excessive deformation by maintaining relative node distances:

L geometry = L 1(SMGS(~xW
t+1 ); Yt+1 ) + 
L edge; (7)

L edge =
N�1X

i=0

X

[i;j]2E

�
�d(~xW

i;t+1 ; ~xW
j;t+1 ) � d(x W

i;0 ; xW
j;0 )

�
� ; (8)

where 
 is a constant, xW0 is the world-space coordinate of the nodes in the �rst frame, N is the
number of nodes and ~xW

t+1 = ~x W
t +�x W

t is the node coordinates obtained through SMGS mapping.

Third stage: dynamics simulator training. Finally, the meshes~M 1:T obtained from the 2D pixel-
space serve as supervision for training the GNN, allowing it to learn cloth dynamics under unknown
conditions. We adopt the loss function from (Pfaff et al., 2020) with a rollout strategy:

L node =
TX

t=1

MSE(x̂W
t ; xW

t ); (9)

where T is the rollout length (set to 8 in our experiments) and x̂W
t = GNN(:::(GNN(x W

0 )):::). Af-
ter training, GNN learns the cloth dynamics. Combined with SMGS, it enables dynamical evolution
and image synthesis (Algorithm S.2), completing the DVC forward process shown in Figure 1.

5 EXPERIMENT

In this section, we evaluate the performance of CloDS and its components: Dynamics Learning GNN
and SMGS. We �rst describe the experimental setup. We then assess CloDS's CDG performance,
demonstrate SMGS effectiveness in dynamic scene novel view synthesis, and evaluate CloDS in the
DVC forward process. Additionally, we explore CloDS's generalization and real-world potential,
and �nally, we further analyze the impact of neural simulator selection and SMGS components.

5.1 EXPERIMENTAL SETUP

Dataset and metrics. To evaluate whether the model has learned the underlying dynamics, we fol-
low existing video-based dynamics learning works (Wang et al., 2024b; Zhu et al., 2024a) to generate
the dataset. We generate the benchmark using Blender (Community, 2018) on the FLAGSIMPLE
dataset (Pfaff et al., 2020) by rendering multi-view cloth videos. FLAGSIMPLE training dataset
consists 1000 trajectories (400 steps each), with unique initial states. We render multi-view images
for 120 trajectories: 100 for training (viewed) and 20 for testing (unviewed). Detailed dataset infor-
mation is provided in Appendix D.1. CloDS is evaluated on Cloth Dynamics Grounding, Dynamic
Scene Novel View Synthesis, and DVC forward modeling, with splits detailed in Appendix D.1.

For consistent comparisons, we use task-speci�c metrics. Following NeuroFluid (Guan et al., 2022),
CDG uses rollout RMSE between the predicted and ground truth node positions. Dynamic Scene
Novel View Synthesis adopts PSNR, SSIM (Wang et al., 2004), and LPIPS (Zhang et al., 2018)
following 3DGS (Kerbl et al., 2023). The DVC forward process reports PSNR, SSIM, LPIPS, and
RMSE following video prediction works (Zhong et al., 2023). Metric details are in Appendix D.2.
Baseline models. In CDG, a fully fair comparison with mesh-based training methods is challenging,
as CloDS targets unsupervised cloth dynamics learning. We adopt MGN (Pfaff et al., 2020) as
the Dynamics Learning GNN and use it as a baseline, comparing CloDS trained on video data
with MGN trained on mesh data to evaluate whether CloDS can effectively learn cloth dynamics
from visual observations. For Dynamic Scene Novel View Synthesis, we compare SMGS with
GaMeS (Waczýnska et al., 2024), as well as dynamic scene novel view synthesis models: 4DGS (Wu
et al., 2024a), MSTH (Wang et al., 2024a) and M5D-GS (Hu et al., 2025b). For the DVC forward
process, we compare CloDS with video prediction models: SimVP (Gao et al., 2022), MAU (Chang
et al., 2021), MMVP (Zhong et al., 2023), and TAU (Tan et al., 2023). See Appendix D.3 for details.
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Figure 5: Visualization of the cloth prediction results. t = 2 denotes the �rst predicted frame,
t = 300 is the last frame of interpolation, and t = 400 is the last frame of extrapolation. xW

t and
xM

t represent the 3D and 2D mesh positions, respectively. Errors are visualized in red, with deeper
color indicating larger errors. All methods share the same error bars. "Viewed" and "Unviewed"
denote whether the cloth's initial state was seen during training.

Table 2: Average RMSE between predicted mesh nodes and ground truth (details in Appendix D.2).
“Viewed” and “Unviewed” refer to trajectories 1–50 in the training set and all trajectories in the test
set, respectively. Mean and standard deviation are reported.

Method
Viewed Unviewed

Interpolation Extrapolation Interpolation Extrapolation
dAVG

t�300 dt=300 Avg. dAVG
300<t�400 dt=400 Avg. dAVG

t�300 dt=300 Avg. dAVG
300<t�400 dt=400 Avg.

MGN
0.1293
� 0.024

0.1279
� 0.031

0.1286
� 0.028

0.1304
� 0.026

0.1277
� 0.033

0.1291
� 0.027

0.1357
� 0.035

0.1359
� 0.029

0.1358
� 0.034

0.1329
� 0.032

0.1299
� 0.026

0.1314

MGN*
0.1394
� 0.084

0.1366
� 0.078

0.1380
� 0.071

0.1386
� 0.069

0.1390
� 0.073

0.1388
� 0.067

0.1426
� 0.095

0.1493
� 0.059

0.1460
� 0.072

0.1394
� 0.088

0.1329
� 0.064

0.1362

CloDS*
0.1313
� 0.046

0.1305
� 0.039

0.1309
� 0.044

0.1312
� 0.037

0.1336
� 0.048

0.1324
� 0.033

0.1437
� 0.029

0.1418
� 0.045

0.1428
� 0.037

0.1381
� 0.046

0.1411
� 0.048

0.1396

CloDS**
0.1302
� 0.025

0.1285
� 0.038

0.1294
� 0.023

0.1320
� 0.036

0.1293
� 0.034

0.1307
� 0.037

0.1395
� 0.048

0.1381
� 0.044

0.1388
� 0.037

0.1340
� 0.039

0.1310
� 0.045

0.1325

CloDS
0.1320
� 0.065

0.1322
� 0.057

0.1321
� 0.073

0.1349
� 0.058

0.1338
� 0.066

0.1344
� 0.059

0.1408
� 0.064

0.1390
� 0.058

0.1399
� 0.046

0.1353
� 0.079

0.1324
� 0.083

0.1339

5.2 CLODS ENABLES UNSUPERVISED CLOTH DYNAMICS LEARNING FROM VIDEOS

We train models on different subsets of mesh and video data. We use all training mesh trajectories
and the �rst 50 trajectories to obtain MGN and MGN*, respectively. We then �ne-tuned MGN* on
the remaining 50 training videos to obtain CloDS. Finally, we trained CloDS* on the �rst 50 videos
and CloDS** on all training videos. We conduct interpolation and extrapolation experiments on
both training and test sets. In NeuroFluid (Guan et al., 2022), interpolation of viewed states is termed
dynamic grounding, extrapolation of viewed states is termed dynamic prediction and prediction of
unviewed states is termed novel scene generalization. The results are shown in Table 2.

Table 3: Performance on Dynamic Scenes
Novel View Synthesis.

Model PSNR (dB)^ SSIM�10 ^ LPIPS�1000 _

3DGS 39.6263�3.17 9.986�0.07 2.53�0.20

4DGS 23.2089�1.86 9.718�0.06 15.82�1.27
MSTH 23.1353�1.85 9.682�0.08 16.53�1.32
M5D-GS 29.3428�2.35 9.731�0.13 12.97�1.04
GaMeS 33.0249�1.54 9.937�0.12 5.21�0.42
SMGS (Ours) 36.2368�1.17 9.959�0.06 3.53�0.21

First, CloDS consistently outperforms MGN* on both
viewed and unviewed trajectories. As �nal frame pre-
dictions accumulate rollout errors, this highlights the
superiority of CloDS in capturing cloth dynamics. Fig-
ure 5 visualizes the �nal-frame predictions. CloDS
aligns more closely with the ground truth, particularly
in challenging regions such as cloth edges, demonstrat-
ing that our approach effectively enables unsupervised
dynamics learning. Secondly, CloDS* achieves better
performance on viewed trajectories than CloDS but worse on unviewed ones. It is attributed to
over�tting on seen trajectories and limited ability to generalize to unseen trajectories because of the
insuf�cient training data. However, it con�rms that our approach can effectively learn dynamics
from videos in an unsupervised manner. Finally, CloDS** achieves performance close to MGN,
which relies on full mesh supervision. This demonstrates that with suf�cient data, CloDS enables
near-optimal cloth dynamics learning (i.e., MGN trained on all mesh trajectories). We further ana-
lyze the impact of initial frame errors on CloDS's ability to learn cloth dynamics in Appendix E.
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Figure 6: Visualization of DVC process and video prediction results. Videos are in Part 1 at URL.

5.3 SMGS IMPROVES RENDERING UNDER DEFORMATION AND OCCLUSION

The results of dynamic scene novel view synthesis are shown in Table 3. 3DGS, trained separately
per frame, serves as the upper bound. It is evident that SMGS achieves superior performance in novel
view synthesis. This is primarily due to the large deformation and strong self-occlusion caused by
cloth motion, which existing models fail to handle adequately. GaMeS does not adjust the opacity of
the Gaussian components during cloth motion, leading to incorrect weight distribution when com-
ponents overlap in occluded cloth areas. This causes perspective and rendering errors (Figure 4c).
In contrast, SMGS assigns opacity using both 3D world-space and mesh-space coordinates: the for-
mer preserves relative positioning to prevent perspective errors, while the latter constrains opacity
to avoid transparency in unseen regions (Further ablation study on SMGS detailed in Section 5.8).

5.4 CLODS OUTPERFORMS ON THE FORWARD PROCES OF DVC

Table 4: Performance on cloth dynamic video prediction.

Model PSNR (dB)^ SSIM�10 ^ LP IP S �100 _ RMSE �100 _

MAU 23.7249�1.82 9.745�0.06 1.548�0.11 6.78�0.54
TAU 23.9968�1.88 9.781�0.06 1.438�0.10 6.65�0.51
MMVP 23.9678�1.86 9.770�0.06 1.335�0.10 6.59�0.50
SimVP 25.4770�2.04 9.801�0.07 1.020�0.09 5.57�0.45
CloDS (ours) 26.6207�0.39 9.817�0.03 0.899�0.04 4.78�0.21

Video prediction models learn physi-
cal dynamics from videos by generat-
ing future frames from current observa-
tions without reasoning about 3D struc-
tures. CloDS also trains on videos. As
shown in Figure 3b, it predicts 3D mesh
states, from which we render cloth-
motion videos using SMGS. Table 4 compares CloDS with existing video prediction models, where
CloDS achieves signi�cantly higher video quality. To investigate this result, we present visualized
outputs in Figure 6 (video demonstrations are available in Part 1 at URL). These visualizations reveal
that video prediction models accumulate errors over time at cloth edges due to strong self-occlusion,
which hampers their ability to maintain temporal consistency. In contrast, CloDS directly models the
cloth in 3D space, thereby ensuring better consistency in self-occlusion regions. We further analyze
the performance of CloDS and video prediction models on the multi-trajectories in Appendix H.1.

5.5 FUTURE ANALYSIS

CloDS Generalizes to New Shapes and Textures. The ability of a neural simulator to generalize to
unseen cloth shapes re�ects its effectiveness in learning cloth dynamics. We evaluate this by testing
our video-supervised dynamic simulator on a cylindrical cloth (Figure 7a). The results show accurate
predictions on the new shape, indicating that CloDS successfully learns cloth dynamics from videos
in an unsupervised manner. To assess texture robustness, we retrain CloDS with modi�ed cloth
textures. As shown in Figure 7b, CloDS maintains strong performance despite texture changes.
Videos are available in Part 3 and 4 at URL. Additional results on learning cloth dynamics under
complex lighting conditions are presented in Appendix H.5.

CloDS has the potential for application to real-world datasets. This paper investigates the feasi-
bility of addressing CDG. Synthetic data facilitates training and evaluation with ground truth meshes.
Most existing methods for unsupervised dynamics learning from videos rely on simulated rather
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