This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TMM.2026.3701539

IEEE TRANSACTIONS ON MULTIMEDIA, 2026

CHA: Physics-Based Dynamics Modeling for Clothing-Editable

Human Avatars

Yong Deng, Baoxing Li,

Abstract—This paper proposes a novel framework for gener-
ating human avatars from monocular videos. Existing methods
struggle to balance dynamic effects and modeling efficiency due to
the need for per-subject retraining. To address this, we introduce
CHA, a physics-based approach for Clothing-editable Human
Avatars, which decouples reconstruction and driving, thereby
eliminating the need for per-subject fitting, and utilizes physics-
based cloth dynamics modeling to generate realistic clothing
dynamics. Our framework comprises three core components:
First, an avatar reconstruction module employs an attention
mechanism to fuse multi-frame normal information, ensuring
complete human surface recovery. Second, a cloth recovery mod-
ule exploits the static equilibrium state to restore standard cloth-
ing templates from observed garments, facilitating downstream
dynamics modeling. Third, we propose a new physics-based
cloth dynamics module to generate realistic cloth-aware avatar
animations. The module generalizes well across different clothing
sizes and styles by employing dual-layer graph networks with
local predictions and a dynamic KNN-based graph construction
that is not limited by mesh topology. Furthermore, we employ a
multi-frame joint semantic segmentation algorithm to separate
clothing templates, making our method applicable to clothing
editing applications, such as virtual try-on. Extensive quantitative
and qualitative experiments demonstrate that our avatars exhibit
enhanced physical accuracy in clothing dynamics, well-preserved
individual body characteristics, and distinct clothing layers.

Index Terms—Human avatar, cloth dynamics modeling,
monocular video, graph networks, attention mechanism.

I. INTRODUCTION

UMAN avatar modeling [1] aims to reconstruct animat-

able 3D digital humans from visual observations, en-
abling a wide range of applications, including multimedia con-
tent generation and editing, immersive virtual and augmented
reality scenarios, and virtual try-on. Recent approaches [69]—
[72] commonly leverage parametric human body models to
represent pose and shape, and adopt implicit neural surface
representations to capture high-fidelity geometry and appear-
ance. These methods employ non-rigid deformation prediction
modules or unified implicit representations to model pose-
dependent dynamic deformations of human avatars.

Despite notable progress, current human avatar methods
from monocular RGB videos still face two major challenges:
(1) Lack of clothing dynamics. Methods such as [26]-[29]
follow a subject-agnostic reconstruction paradigm, in which
avatar reconstruction and driving are decoupled into two
independent stages. They first employ implicit neural networks
to reconstruct detailed 3D human surfaces and then animate
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the avatars by extracting deformation fields from parametric
models such as SMPL [7]. This design generalizes across sub-
jects and avoids per-subject retraining. However, the extracted
deformation fields do not explicitly model pose-dependent gar-
ment deformations, leading to limited expressiveness in cap-
turing fine-grained clothing variations across different poses.
(2) Low modeling efficiency. In contrast, methods such as
[12]-[15] adopt a subject-specific fitting strategy, in which
non-rigid surface deformations are directly embedded into
implicit neural representations. After optimization, the learned
implicit models can directly generate the human surface for a
given pose, thereby implicitly capturing clothing dynamics.
However, since the learned deformation is tightly coupled
with the subject’s geometry, these methods require per-subject
optimization or retraining, leading to low modeling efficiency.

Given the aforementioned challenges, existing monocular
methods struggle to simultaneously achieve realistic clothing
dynamics and efficient avatar modeling. Furthermore, treating
the body and clothing as a unified entity limits the flexibility
for independent modifications. Therefore, we propose CHA,
a novel physics-based approach for clothing-editable human
avatars. As shown in Fig. 1, our method utilizes multi-
frame images extracted from monocular videos as input to
generate human avatar animations. For modeling efficiency,
following the subject-agnostic reconstruction paradigm, we
separate modeling and driving into two independent stages,
thereby avoiding repetitive training for new subjects. Addi-
tionally, we map the feature space to a canonical space to
directly reconstruct the avatar in the standard pose, thereby
avoiding additional transformations. For clothing dynamics,
we integrate cloth dynamics modeling [67] into our framework
to address the lack of dynamics. By leveraging the physical
properties of cloth, we guide the modeling network to capture
dynamic deformation patterns. Moreover, to enable indepen-
dent modeling of clothing dynamics, we propose a semantic
segmentation-based algorithm to separate clothing templates
from the inner body model. The independent clothing tem-
plates facilitate highly flexible and customizable modifications.

As shown in Fig. 2, our method consists of four modules:
avatar reconstruction, cloth separation, cloth recovery, and
cloth dynamics modeling. In the avatar reconstruction step, to
mitigate surface information loss due to the absence of subject-
specific fitting, we introduce an attention-based multi-frame
normal fusion strategy for comprehensive avatar reconstruc-
tion. Next, we extract clothing templates using a multi-frame
joint semantic segmentation algorithm, and then construct
the inner body model by extracting head geometry from the
reconstructed avatars and combining it with body geometry
derived from the parametric model. To remove dynamic details
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Fig. 1. Animations of our avatars. CHA generates human avatars from multi-frame image sequences, featuring advanced clothing dynamics, sharp individual
characteristics, and distinct clothing layers. The independent clothing templates enable highly customizable modifications and are readily applicable to clothing

editing applications, such as virtual try-on.

and create standardized clothing templates, we introduce a
cloth recovery module that minimizes energy consumption to
reach a static equilibrium state. Finally, the cloth dynamics
modeling module is used to generate the avatar animations
through physics-based dynamics modeling.

To realize realistic avatar animations, the cloth dynamics
modeling module is responsible for predicting physically
plausible clothing deformations. To accommodate diverse re-
constructed garments with varying styles and sizes, we pro-
pose a novel physics-based modeling approach that combines
local prediction with a dual-layer graph architecture. Local
prediction reduces sensitivity to garment variability, while the
hierarchical graph ensures effective deformation propagation.
Specifically, the coarse-level graph captures and transmits
global deformations across the entire garment surface, en-
suring responsiveness to overall pose changes. Meanwhile,
the fine-level graph focuses on local vertex neighborhoods,
enabling the modeling of fine-grained deformations. Further-
more, we introduce a global optimization algorithm during the
dynamics modeling stage that enforces spatiotemporal consis-
tency in clothing dynamics while avoiding collisions between
garments. During the animation process, the parametric model
drives the inner body motion, while the cloth dynamics module
animates the reconstructed clothing templates, generating tem-
porally coherent, physically grounded animation sequences.

In summary, the main contributions of this paper are as
follows:

1) A novel human avatar modeling framework balancing
avatar modeling efficiency and clothing dynamic effects,
with a hierarchical clothing representation that seam-
lessly extends to clothing editing applications.

2) A human avatar reconstruction method that fuses multi-
frame normal information via an attention mechanism
and leverages human body priors from parametric mod-
els to achieve complete and detailed human avatar
reconstruction in the canonical space.

3) A semantic segmentation-based cloth separation algo-
rithm and a cloth static recovery algorithm that extract
clothing templates and restore them into standardized
static templates for independent dynamics modeling.

4) A physics-based clothing dynamics modeling method
based on dual-layer graph networks that captures both
global and local clothing dynamics, achieving state-of-
the-art performance on the CLOTH3D [3] dataset with
superior generalization across garment types.

II. RELATED WORK

A. Human Avatar Modeling

Surface Field-Based Methods. Current methods primarily use
implicit neural networks to represent the human body surface.
Commonly used implicit functions include the signed distance
field (SDF) [24] and the occupancy field (OF) [25], which rep-
resent the human surface using level sets. Some methods [27],
[28], [30]-[33] first reconstruct the human surface and then
warp it to the posed space. ECON [28] reconstructs the human
surface and maps it to a standard pose, potentially causing
geometric distortion due to unseparated limbs. CAR [33]
directly predicts the human surface in a canonical space by
transforming features accordingly. These methods rely on
linear blend skinning for motion control but fail to capture
clothing dynamics. Therefore, some methods [12], [16]-[18]
propose using implicit networks to jointly fit the human
surface and its driving patterns. Vid2avatar [12] represents the
human geometry as a pose-conditioned SDF and then uses
neural volumetric rendering for learning. After implicit fitting,
they take pose inputs to generate the corresponding models.
This unified implicit representation demands extended fitting
times for each subject, leading to low modeling efficiency.
Radiance Field-Based Methods. Some methods [15], [64]—
[66] employ Neural Radiance Fields (NeRF) [22] for human
modeling via volumetric rendering. Animatable NeRF [34]
represents human avatars using NeRF, where the neural net-
work takes position and view direction as inputs, outputting
density and color. The learned skinning weight field enables
animation of the avatar by deforming the radiance field accord-
ing to skeletal motion. Approaches like [19], [20] represent
avatars as a set of 3D Gaussians, defined by position, co-
variance, opacity, and color, achieving faster rendering speeds
through efficient and compact representation. These Gaussian-
based methods reduce memory consumption and enable real-
time rendering, making them more practical for interactive ap-
plications. While radiance field-based approaches yield high-
quality and photorealistic rendering results with rich view-
dependent effects, they often suffer from lower geometric ac-
curacy compared to explicit mesh-based models. Additionally,
they require time-consuming per-subject training, which limits
their immediate applicability to new subjects.

Existing methods face challenges in avatar modeling effi-
ciency while capturing detailed clothing dynamics. To address
these limitations, we propose a novel physics-based avatar
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Fig. 2. CHA overview. Our framework comprises four primary modules: (1) Avatar Reconstruction Module, which reconstructs the human avatar in the
canonical space using temporal information. (2) Cloth Separation Module, which employs semantic segmentation to obtain garment regions for segmenting
the clothing template from human models. (3) Cloth Recovery Module, which optimizes the garment template based on its physical properties in static
equilibrium, producing a standardized template for subsequent driving. (4) Cloth Dynamics Modeling Module, which predicts garment dynamic deformations
using a dual-branch graph network grounded in physics-based deformation models.

generation framework that separates body and clothing rep-
resentations. Specifically, we leverage implicit reconstruction
to facilitate rapid avatar creation without per-subject training,
and decouple the clothing from the body surface to allow
for independent clothing dynamics modeling. The framework
supports downstream tasks such as virtual try-on like [6], but
features a more realistic inner body model.

B. Cloth Dynamics Modeling

Physics-Based Simulation. Physics-based simulation [35]
models the dynamic behavior of clothing using physical laws
and mathematical formulations. Common approaches include
differentiable cloth simulation [36], [37], the finite element
method (FEM) [38], mass-spring systems [39], and fluid
dynamics-based methods [40]. Building upon these simulation
models, PhysAvatar [76] employs a mass-spring system for
cloth simulation with learned garment material parameters to
model clothing dynamics. In a similar spirit, DiffAvatar [74]
incorporates a differentiable cloth simulation based on contin-
uum mechanics to enable inverse optimization of simulation-
ready clothing dynamics. Despite their high accuracy and
physical realism, these simulations often suffer from high
computational complexity and significant time costs.

Learning-Based Methods. To overcome simulation limita-
tions, some methods [41]-[45], [63] use ground truth su-
pervision to train networks for dynamic prediction. How-
ever, collecting ground truth data is complex. Consequently,
some self-supervised learning methods [49]-[51] leverage
clothing’s physical properties to supervise the deformation
model. SNUG [46] uses physics-based losses, such as stress
and bending, to train a neural network that predicts per-
vertex offsets. These offsets are applied to the template to
represent clothing dynamics. CaPhy [75] introduces a physics-
aware neural deformation model based on a 4-layer GRU
network that jointly learns clothing dynamics and latent gar-
ment physical parameters. HOOD [47] employs a hierarchical
graph representation and graph neural networks to enhance

the model’s generalization ability. However, the HOOD node
graph is extracted from regular garment meshes, whereas the
segmented templates often suffer from topological inconsis-
tencies, sparsity, holes, and irregular boundaries. As a result,
directly using the original HOOD graph structure makes gen-
eralization challenging. GAPS [48] performs a geometrically
aware mechanism to compute body participation in clothing
dynamics, improving the handling of loose-fitting garments.

The aforementioned methods are not readily applicable to
segmented clothing templates due to irregular mesh topology
and incomplete mesh connectivity. To address this limitation,
we adopt a dual-layer graph network that captures garment
deformations from coarse to fine scales. In contrast to HOOD,
which relies on implicitly hierarchical message passing, our
design enforces an explicit functional decomposition to pre-
vent the smoothing or dilution of fine-grained details during
multi-level propagation. Specifically, the coarse-level graph
focuses on modeling global deformations, while the fine-
level graph specializes in learning high-frequency details. This
separation is further reinforced by a two-stage training strategy
that explicitly guides the learning of each level. Furthermore,
we dynamically construct the graph structure using KNN [73],
which provides robust adjacency under unstable segmented
topologies. These design distinctions allow our graph network
to robustly capture the dynamics of clothing templates.

III. METHOD

Our goal is to create a drivable, clothing-editable, and
dynamically realistic 3D human avatar. An overview of our
framework is shown in Fig. 2. To enhance human avatar
reconstruction, we propose a human reconstruction method
based on temporal information (Sec. III-A). Next, human
semantic segmentation is leveraged to extract clothing tem-
plates for independent dynamics modeling (Sec. III-B). To
standardize the clothing templates in the canonical space, we
optimize them using energy properties in a static equilibrium
state, thereby removing excessive clothing details arising from
reconstruction (Sec. III-C). Finally, we adopt a physics-based
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Fig. 3. Architecture for avatar reconstruction. The model takes sampled
frames from monocular videos as input, predicting normal maps and the
SMPL-X [78] parameters using the normal prediction (Normal) network and
human pose and shape estimation (HPS) network.

cloth deformation model for clothing dynamics prediction,
resulting in a fully animated 3D human avatar (Sec. III-D).

A. Avatar Reconstruction

Following [33], we construct avatars in the canonical space.

Instead of repetitive optimization, we integrate temporal in-
formation to generate human models. To extract temporal
features, we select N complementary frames based on the
estimated global orientation of the parametric model.
Basic Structure. As shown in Fig. 3, given a set of sampled
RGB images {Z € R¥*W>3} 'we employ a normal prediction
network to estimate the corresponding normal maps {N €
RZXW>31 For a spatial point x. in the canonical space, we
transform it to the posed space via linear blend skinning [7]
to obtain the corresponding point x,:

—T(z)—Zwl 0, )., (1)

where w is the skinning weights of joints J on vertices and
G (0, J) represents the bone transformations of N joints under
the estimated pose 6 [2]. Subsequently, x, is projected into
the image space using a weak perspective camera projection
7(-), and the corresponding normal features are extracted via
bilinear sampling B(-):

np = BWN,m(T(x.))), @

where n,, is the normal vector corresponding to the point x. in
image space. We use an attention mechanism .A(-) [53] to fuse
normal information n; from different frames to form a unified
normal feature. To better extract useful normal features, the
visibility V? of z.. in the posed space of i frame is concatenated
with the normal features, forming a new feature vector n.:

= A({n;,V'}). 3)

Finally, we combine image features ®7, the temporally fused
normal features n., and the SDF features of the parametric
model SDF'(-) and input them into an implicit network to
infer the human avatar. The zero level set of the human body
surface can be represented as:

Fl(ze) = g(®7,ne, SDF(x.),z) =0, (4)

where z is depth of point .

Training Loss. Our loss function includes geometric loss
Lspr,normal 10ss Ly ormal, and regularization 1oss L gixonal:

L= ﬁSDF + )\nENor’mal + Ae['E'L'k:onal, (5)

where )\, and A. are hyper-parameters. The geometric loss is
the L1 error between the predicted SDF values F(-) and the
ground truth F*(-) of the human mesh. The human model is
transformed into the posed space for consistency supervision:

1
N > | F ()
voi=1

where N, is the number of query points. The normal loss is
the L1 error between the predicted normals Npred and the
normals of the reconstructed model N,.ccon:

Lspr =

— FH(T(x1))], (6)

H W
1
‘C'No'r'mal - § § |Npr€d(i,j) - N’recon(i,j)la (7)
HW p

where H and W denote the height and width of the normal
maps. The regularization term uses the Eikonal loss [68] to
constrain the SDF by enforcing unit gradients of normals.

B. Cloth Separation

To independently model clothing dynamics, we decouple
the clothing template and the inner body model from the
reconstructed avatar (Sec. III-A). First, we employ an off-
the-shelf, pre-trained Sapiens-2B model [54] to segment the
clothing regions from the input images. This model is used as-
is, without any additional training or fine-tuning. Then, the re-
constructed 3D vertices are projected onto the 2D image plane
using camera intrinsic and extrinsic parameters. Classification
of human components is performed in the image space based
on the projected pixel coordinates and the segmentation masks.
Given the presence of limb occlusions, misclassifications may
occur. To mitigate this, we employ multi-frame joint classifi-
cation to exclude vertices not belonging to the clothing. This
classification is based on the principle that, except for occluded
regions, vertices belonging to the clothing should fall within
the corresponding 2D clothing regions when projected onto
each image frame. Specifically, for a vertex x. in the canonical
space, we obtain its corresponding position m; in the posed
space at frame ¢ via linear skinning, as described in Sec. III-A.
The semantic label s of this vertex is then determined through
multi-frame joint classification:

s = argmax > wdi(w(x})), ®)
teT

where C denotes the set of semantic classes, 7 denotes the
set of frames, and I; denotes the 2D semantic segmentation
result of frame t. I;(m(z})) gives the class probability at
the projected location 7T() of the posed point x, in frame
t. The visibility v; of each point z]tj is estimated based on the
angle between its associated surface normal and the viewing
direction. In practice, joint classification is conducted using
five frames that are also used for avatar reconstruction. After
assigning semantic labels to all vertices, the clothing template
is naturally extracted. Finally, the inner body model is derived
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Secondly, apply the edge collapse algorithm to balance the cloth vertices.

by sampling head data from the reconstruction model and
limb data from the parametric model, followed by Poisson
reconstruction [55]. The inner body model is then deformed
using the parametric model’s deformation domain, determined
via vertex nearest-neighbor computation. Finally, the clothing
template is driven by the inner body model via the cloth
dynamics module (Sec. III-D).

C. Cloth Recovery

The separated clothing template contains the original dy-

namic details from the reconstruction. As shown in Fig. 4,
we standardize the clothing template through two steps: static
recovery and uniform vertex distribution.
Static Recovery. When stationary, clothing’s bending and
draping cause energy accumulation. According to the mini-
mum potential energy principle, the system naturally reaches
a minimum energy state in equilibrium without external forces.
To reduce excessive details, we optimize the vertex positions
in wrinkled regions. The energy terms considered in the
optimization include bending, gravity, collision, and normal:

ER = Ebending + Egravity + Ecollision + Enormal~ (9)

As shown in Fig. 4, when the garment is in a state of static
equilibrium, based on the principle of minimum potential
energy, the system tends to minimize its energy in the absence
of external forces. Accordingly, we penalize both the bending
energy and gravitational potential energy of the garment. The
bending term is obtained by modeling the energy formed by
the dihedral angle # of each edge:

Ebending = Z kbozv

edges

(10)

where k; is bending stiffness. The gravity term is formulated

as follows:
> ma

vertices

(1)

Egravity =

where m is the vertex mass estimated by the area of the
connected faces, g is the gravitational acceleration, and x is
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Fig. 5. Schematic diagram of cloth dynamics modeling. A dual-layer graph
network infers local clothing dynamics, followed by a global optimization
algorithm for refining global dynamics. The steps corresponding to the
network are marked with

the vertex position. The collision term is designed to prevent
the garment from penetrating the inner body:

Ecoltision = Z k. max(ep — d(z),0),

vertices

(12)

where k. is collision stiffness, ¢ is the safe boundary and d(z)
is the distance to inner body. To obtain a smoother garment
template, we add a normal term to penalize sudden changes
in the normals:

Eno’rmal = Z kn(l —ny- n2)7

edges

(13)

where n1 and no are the normals of the adjacent face patches
of the edge, and k,, is the coefficient of this term.

Uniform Vertex Distribution. The recovered garment tem-
plate exhibits a high density of vertices in regions with rich
original details, which in turn results in reduced computational
efficiency due to redundant geometric resolution. Therefore,
we employ the edge collapse algorithm [56] to reduce the
number of vertices in these dense regions. In this process,
an edge is selected to merge two vertices, with each merge
reducing two triangles, three edges, and one vertex. To pre-
serve local geometric features while improving computational
performance, the merging cost C' = Lx K, where L is the edge
length and K is the average curvature of the faces connected
by the edges, is computed and the edge with the lowest cost is
selected for each merge. This operation is repeated iteratively
until a desired vertex density is achieved across the mesh.

D. Cloth Dynamics Modeling

Our clothing templates are derived from reconstructed hu-
man models. To adapt to different reconstructed clothing tem-
plates, we designed a local-based dual-layer graph network, as
illustrated in Fig. 5, to predict dynamic details. The local-based
prediction enables the model to handle diverse clothing types.
Furthermore, we propose a global optimization algorithm to
enhance global dynamic details. During training, the network
leverages a parametric model to guide garment deformation,
and during inference, it predicts vertex displacements based
on input pose parameters.
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Fig. 6. Qualitative results of our avatar generation method under various poses and subjects. CHA is capable of generating realistic human avatars from
multi-frame images and producing corresponding clothing dynamics under different poses.

Graph Construction. We build the garment graph using
a k-nearest neighbor (KNN) strategy. For each vertex, we
connect it to its k closest neighbors in 3D space to form an
undirected graph. This dynamic construction does not rely on
the original mesh topology, making it more robust to irregular
shapes and non-uniform vertex distributions commonly found
in segmented garment templates. It provides a flexible and
stable structure for graph-based learning.
Cloth Dynamics Prediction. To improve the network’s gener-
alization across different clothing types, we divide the clothing
templates into local patches for detailed prediction and employ
a graph [62] to unify the garment structure. Given that garment
dynamics are globally correlated, we propose a dual-layer
graph network to capture and propagate dynamic changes
during local predictions. Within each graph layer, the message
passing mechanism is identical to that used in HOOD [47].
The dual-layer graph network explicitly separates responsibil-
ities: the coarse level is dedicated to learning global garment
dynamics, while the fine level focuses on modeling local
geometric details. This explicit functional decomposition helps
avoid the smoothing or dilution of fine-grained details that can
arise in HOOD’s hierarchical graph network during long-range
information propagation. The graph model is downsampled
and used as input to the coarse level. Additionally, we adopt
a two-stage training approach: first, we train the coarse level,
then encode its results as features that are input into the fine
level to assist with local detail prediction. The dual-layer graph
structure ensures that local detail predictions dynamically
follow the region’s motion.

The model is trained using a self-supervised method with a
physics-based loss function, as detailed in [46], to guide the
model’s learning process. The loss is defined as follows:

LD = Einertia + Estrain + ‘C'bending + Egra.vity + £collision-
(14)
The inertial term ensures that the velocity changes of the

clothing are consistent with the body motion:

Einertia = (:rt - xt_l)TM(:rt - :Et_l)a

1
PING] (15

where M is the mass matrix and At is the time step. The strain
term models the energy during the compression and stretching
of the clothing. Its definition is as follows:

Ltrain = atr(G)? + Btr(G?), (16)

where G is the Green strain tensor and «, 3 are the Lamé
constants [57]. The other terms are the same as those in-
troduced in Sec. III-C for static recovery. During training,
garment material-related parameters, including bending and
stretching coefficients, Lamé constants, and mass density, are
randomized by sampling from empirically validated ranges,
which enables the model to learn a wide spectrum of fabric
behaviors without requiring explicit supervision.

Global Optimization. Three optimization terms are intro-
duced to improve the continuity in both time and space:

a7

The spatial term penalizes abrupt changes of curvature 7) in
the mesh, eliminating unnatural transitions:

>

(i,j)Eedges

EG = Espat =+ Etemp + Esep-

Espat = ks (771 - nj)Qa (18)
where ks is the spatial term coefficient. The temporal term
enforces smoothness constraints on velocity v and acceleration
a, penalizing abrupt changes in the structure over time, thus

achieving complementary optimization temporally:

Epemp =Y ku(llos —vema|® + llas — s |?),  (19)

vertices

where k; is the temporal term coefficient. The separation term
is used to prevent the intersection between garments:

Egep = Z Z max(0 — D(z;, x;),0),

i€P;, jeP,

(20)
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TABLE I
QUANTITATIVE EVALUATION OF DYNAMICS MODELING. THE GEOMETRIC CONSISTENCY €4, ENERGY CONSUMPTION £¢, AND COLLISION RATE £ ON
CLOTHS3D [3] ARE PRESENTED. WE EVALUATED FOUR CLOTHING CATEGORIES, INCLUDING T-SHIRTS, PANTS, DRESSES, AND TANK TOPS. LOWER
VALUES INDICATE BETTER DYNAMICS. THE BEST RESULTS ARE HIGHLIGHTED IN GREEN , AND THE SECOND-BEST RESULTS IN ORANGE .

Method T-shirt Pants Dress Tank
gg €e €c €g €e €c gg €e Ec €g €e €c
SNUG [46] 0.075 0.132  4.821 0.068 0.116 2962 0.142 0.154 5316 0.067 0.843 2.725
HOOD [47] 0.092 0.096 2814 0.067 0.675 2.124 0.097 0.106 2.065 0.076 0.475 1.942
GAPS [48] 0.081 0.071 0.761 0.055 0.059 0.564 0.073 0.080 0.768 0.071 0.046 0.477
Ours 0.065 0.05s1 0.156 0.053 0.035 0.126 0.087 0.094 0463 0.060 0.029 0.118
where D(-) is the distance between vertices on the top and TABLE II

bottom garments. P, and P, are the sets of vertices of the
top and bottom garments. § is the safety boundary. If the
distance is smaller than the safety boundary, an intersection
risk between the garments is considered.

IV. EXPERIMENTS

A. Datasets and Metrics

Training Data. The MVP-Human dataset [58] is employed
to train the avatar reconstruction network. It comprises 400
subjects, each with 15 scans in various poses and 8 images
per pose from different viewpoints. We utilize CLOTH3D [3]
and AMASS_CMU [59] as the clothing templates and motion
sequences, respectively, to train a graph network for modeling
clothing dynamics. The CLOTH3D contains seven categories
of clothing templates along with SMPL-based simulation
sequences. Like DrapeNet [49], we select 600 top garments
and 300 bottom garments from the dataset for training.
AMASS_CMU includes 52 motion sequences.

Testing Data. The MonoPerfCap [60] and Adobe [77] datasets
are used to evaluate the performance of avatar generation. The
MonoPerfCap contains 13 sequences, of which 2 sequences
include 3D ground truth. The Adobe dataset is an indoor
dataset containing three subjects and ten action sequences,
where each frame is associated with a corresponding 3D
mesh. We select 200 simulation sequences from CLOTH3D
for the quantitative evaluation of the cloth dynamics modeling
module, which were not used during training.

Evaluation Metrics. £, is used to evaluate the geometric
similarity between the cloth dynamics modeling results and the
simulation ground truth, calculated using the Chamfer distance
between vertices. €, represents the energy consumption in
forming clothing dynamics on the test data, including inertia,
stress, bending, and gravity, as defined in Sec. III-D. ¢, is
the percentage of collisions between clothing vertices and the
inner body model. Meanwhile, we evaluate the reconstruction
accuracy using the Point-to-Surface distance (P2S), Chamfer
distance (Chamfer), and Normal error (Normal). In addition,
we report the mean Intersection over Union (mloU) and mean
Accuracy (mAcc) to assess the segmentation accuracy by
projecting the 3D clothing template in the posed space back to
the 2D image space and comparing it with the corresponding
ground-truth clothing masks.

QUANTITATIVE EVALUATION OF AVATAR RECONSTRUCTION. COMPARISON
WITH OTHER SINGLE-FRAME (SF) AND MULTI-FRAME (MF) METHODS
ON THE MONOPERFCAP AND ADOBE DATASETS.

MonoPerfCap [60] Adobe [77]
Method
P2S| Chamfer] Normal| P2S| Chamfer]| Normall
PIFu (SF) [27] 4.568  3.785 0.217 4.684 3923 0.243
CAR (SF) [33] 2.683  2.106 0.141 2824 2.321 1.156
Ours (SF) 2.253 1.915 0.137 2416 2.072 0.144
PIFu+AP (MF) 2715 2.068 0.224  3.113  2.251 0.231
Ours+AP (MF) 2.025 1.861 0.147 2182 1941 0.143
Ours+AM (MF) 1.718 1.636 0.115 1.825 1.722 0.126
TABLE III

COMPARISON OF EXISTING HUMAN AVATAR MODELING METHODS. THE
COMPARISON IS CONDUCTED WITH RESPECT TO HIERARCHICAL
REPRESENTATION (HIERARCHY), EXPLICIT MODELING OF CLOTHING
DYNAMICS (DYNAMICS), GENERALIZATION TO UNSEEN SUBJECTS
WITHOUT RETRAINING (GENERAL), AND APPROXIMATE PER-SUBJECT
MODELING TIME (TIME).

Method Hierarchy = Dynamics  General Time
Subject-agnostic reconstruction methods
ClothWild [61] v X v ~ 10.0s
ICON [29] X X v ~ 1.4min
ECON [28] X X v ~ 2.0 min
CAR [33] X v v ~ 5.0 min
Subject-specific fitting methods

Vid2Avatar [12] X v X ~ 25.0h
HumanNeRF [15] X v X ~ 10.0h
InstantAvatar [14] X v X ~ 3.0 min
Ours v v v ~ 2.5 min

B. Comparison and Validation

Quantitative Analysis. We present a quantitative comparison
of our model with previous methods, including SNUG [46],
HOOD [47], and GAPS [48]. As shown in Tab. I, our
clothing dynamics prediction results are closer to the simu-
lation ground truth, as indicated by the &, metric. The local-
based predictions enhance the generalization capability of our
method, while they slightly reduce the dynamic prediction
performance for dresses. Additionally, the results of the . and
€. metrics demonstrate that our method achieves lower energy
consumption and a reduced collision rate between clothing and
the inner body.
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ECON ClothWild

Fig. 7. Qualitative comparison of avatar generation methods with other
frameworks, ECON [28] and ClothWild [61].

The evaluation of avatar reconstruction is presented in
Tab. II, comparing the baseline CAR [33] and the classical
implicit method PIFu [27]. We conduct evaluations on the
outdoor MonoPerfCap dataset [60] and the indoor Adobe
dataset [77]. For multi-frame inputs, we first reconstruct the
human model in a canonical pose and then transform it to
the corresponding pose of each frame for evaluation. With
a single-frame input, our method outperforms CAR due to
the incorporation of geometric priors. With multi-frame in-
puts (5 frames), our attention mechanism-based (AM) feature
aggregation method outperforms PIFu’s average pooling (AP)
aggregation. According to the normal error, certain geometric
details are smoothed out by the average pooling aggregation.
Qualitative Analysis. Fig. 6 presents the qualitative evaluation
results of our proposed avatar generation method. As shown
in the figure, CHA is capable of generating realistic human
avatars for various subjects. Moreover, for different poses, our
method generates detailed and realistic clothing dynamics. To
highlight the advantages of our framework, we perform a qual-
itative comparison with other avatar generation frameworks,
ECON [28] and ClothWild [61], as shown in Fig. 7. We select
frames from the video with poses closest to the standard pose
as input to the model to demonstrate the best performance of
the single-frame method for comparison. Compared to ECON,
CHA separates the clothing template for dynamics modeling,
achieving more realistic clothing dynamics and clearer cloth-
ing hierarchy. In addition, compared to the generative model-
based approach, ClothWild, our method produces avatars with
better individual features, such as hair.

Fig. 8 presents a qualitative comparison of our cloth dy-
namics modeling module with advanced dynamics modeling
methods, including SNUG [46], HOOD [47], and GAPS [48].
As shown in the zoomed-in region, aided by physical mod-
eling and deformation propagation via a dual-layer graph
network, our approach produces dynamic representations more
consistent with physical laws. Compared to other methods,
our method produces more natural clothing dynamics while

HOOD

Fig. 8. Qualitative comparison of the dynamics modeling module with other
state-of-the-art methods, including SNUG [46], HOOD [47], and GAPS [48].

achieving superior generalization capabilities. Moreover, Fig. 9
presents the dynamics modeling results of the same clothing
template applied to different body types. As illustrated, our
method effectively accommodates human body variations and
generates dynamic effects for challenging poses.

Efficiency Analysis. We improve avatar modeling efficiency
from three aspects: (1) Our modeling framework separates
modeling and driving into two independent stages, allow-
ing our method to handle new subjects without retraining.
(2) Our avatar reconstruction module is capable of directly
integrating multi-frame information to reconstruct a T-pose
human avatar, without requiring secondary deformation to
obtain a canonical-pose representation. (3) Compared to other
clothing dynamics modeling methods, our method can adapt to
different clothing types and sizes, eliminating the need to train
a separate network for each type of clothing. Tab. III presents
a comparison of the single-subject avatar modeling time
among representative subject-agnostic reconstruction methods,
subject-specific fitting methods, and our approach. Compared
to existing methods, our method strikes a balanced trade-off
between generalization, dynamics modeling, and avatar mod-
eling efficiency. In practice, the single-avatar modeling process
of our method takes approximately 2.5 minutes, achieving a
competitive level of efficiency.

C. Ablation study

Avatar Reconstruction. Our method integrates information
from multiple frames to jointly reconstruct the human avatar.
Tab. IV illustrates the impact of the number of image inputs on
the reconstruction results. The testing was conducted on two
ground-truth sequences from MonoPerfCap [60]. Although
using more input frames provides richer human body in-
formation, we ultimately choose 5 frames as input. This is
because increasing the number of frames significantly raises
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Fig. 9. Generalization capability of cloth dynamics modeling across different
body types. The clothing template can be adapted to different body types
through dynamics modeling.

TABLE IV
ABLATION STUDY ON THE INFLUENCE OF INPUT NUMBER ON AVATAR
RECONSTRUCTION ACCURACY.

N-Images P2S]  Chamfer] Normall
1 2.253 1.915 0.137
3 1.832 1.783 0.121
5 1.718 1.636 0.115
7 1.672 1.601 0.118

the complexity of feature fusion. When the network depth
and capacity remain fixed, it becomes difficult to effectively
extract useful information from a larger, potentially redundant
or inconsistent input space.

Cloth Separation. To extract the clothing template, we jointly
classify clothing vertices by leveraging multi-frame semantic
segmentation results. Tab. V reports the effect of the number of
input frames on clothing segmentation accuracy. Specifically,
we evaluate three settings: sampling one or three frames from
the images used for avatar reconstruction, and using all five
reconstruction frames. In general, achieving an mloU above
80% and an mAcc above 85% indicates reliable segmentation
performance. As shown in the results, using all five reconstruc-
tion frames achieves reliable clothing segmentation accuracy,
enabling effective extraction of the clothing template.
Dynamics modeling. In the cloth dynamics modeling module,
global optimization is used to address unnatural transitions in
local predictions and refine clothing details. Tab. VI demon-

TABLE V
ABLATION STUDY ON THE EFFECT OF THE NUMBER OF INPUT FRAMES ON
CLOTHING SEGMENTATION ACCURACY.

N-Frames mloU(%) * mAcc(%) 1
1 45.5 58.6
3 72.8 79.1
5 80.7 86.3

TABLE VI
ABLATION STUDY OF THE DYNAMICS MODELING ON T-SHIRTS, SHOWING
THE IMPACT OF OPTIMIZATION TERMS ON OVERALL PERFORMANCE.

€g ge d ecd

W0 Eqpasiar 0064 0050 0214
W0 Etemporal 0067 | 0045  0.178
w/o Esepa’r’ation 0.056 0.047 0.342
All 0.054 0.051 0.156

Fig. 10. TIllustrative diagram of clothing transfer application. The avatar
generation framework for easy integration into virtual try on applications with
corresponding animations.

strates the impact of different optimization terms on the
dynamics of clothing. From the ¢, metric, it can be seen that
the temporal and spatial terms bring the deformation of the
clothing closer to the ground truth simulation. Although the
separation term increases energy consumption &, it achieves
a lower collision rate between clothes e., which better reflects
realistic clothing behavior.

D. Application

We extract clothing templates and inner body models from
the reconstructed avatar for independent cloth dynamics mod-
eling. Our cloth dynamics modeling module allows clothing
templates of various sizes to adapt to the inner body model.
Hence, our framework can be easily applied to clothing
transfer applications. As shown in Fig. 10, we can easily
transfer other clothing templates to human avatars and generate
realistic human animations. Moreover, the independent inner
body models and garment templates allow us to edit their
dimensions and shapes separately.

V. CONCLUSION

We proposed a novel framework for generating clothing-

editable human avatars, named CHA. Our approach divides
modeling and driving into independent phases. We employ an
avatar reconstruction module that extracts monocular temporal
human information to reconstruct the complete human surface.
We designed a physics-based clothing dynamics modeling
module with clothing generalization capabilities, addressing
the issue of poor dynamic performance in avatar animations.
Our method showcases superior clothing dynamics, sharper
individual features, and distinct clothing layer structures. Fur-
thermore, this method does not require implicit fitting for each
subject or multiview data inputs. The extraction of clothing
templates and inner body models enables the human avatars
to be easily applied to virtual try-on tasks.
Limitations. Distinguishing the original clothing details from
dynamic details is challenging, leading the cloth recovery
module to inadvertently erase some characteristic features
when removing dynamic details. Moreover, due to their bias
toward body-conforming reconstructions, cloth recovery algo-
rithms often fail to recover the canonical loose-fitting template
structure of dresses. Finally, while our method supports dif-
ferent garment parameter configurations, such parameters are
manually specified and not adaptively inferred from the input
data. Automatically estimating garment properties from visual
observations is a promising avenue for future work.
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