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Abstract. Monocular human avatar reconstruction remains challeng-
ing, particularly in modeling physically plausible and structurally stable
garment dynamics under complex motions. To address this, we present
a physics-guided Gaussian avatar framework (PhysGA) with explicit
topology-aware garment modeling. Our approach is built upon two cou-
pled priors: a structural prior for coherent garment structure and a physi-
cal prior for plausible garment dynamics. Specifically, the structural prior
is derived from temporally reconstructed garment geometry by explicitly
encoding inherited connectivity. This connectivity is further reinforced
through a topology-preserving loss, preventing structural degradation
under large and complex motions. Built on this topology-aware structure,
the physical prior is encoded by an elastic graph network that incorpo-
rates motion-dependent states and material properties to approximate
underlying elastic garment dynamics. The predicted deformations are
further refined by a differentiable physics correction module grounded in
a classical mass-spring formulation, compensating for inertial effects that
are poorly captured by purely data-driven models. By coupling topology-
aware structure with physics-guided dynamics in a unified Gaussian rep-
resentation, PhysGA demonstrates competitive performance compared
with existing monocular avatar reconstruction methods, particularly in
producing realistic and structurally stable garment dynamics.

Keywords: Human Avatars · 3D Gaussian Splatting · Physical Priors

1 Introduction

Creating high-fidelity 3D human avatars from monocular video remains a funda-
mental problem in computer vision and graphics, with broad implications for vir-
tual reality, telepresence, and digital content creation. Recent advances in neural
rendering [5,7,46,56,57], particularly 3D Gaussian Splatting (3DGS) [9,21,43,61],
have demonstrated impressive rendering quality and efficiency for static scenes.
However, extending such representations to dynamic human avatars remains far
from trivial. Unlike static scenes, dynamic humans exhibit complex, highly non-
rigid, and pose-dependent deformations, whose physically plausible and struc-
turally stable modeling from sparse monocular observations is severely ill-posed.
These challenges motivate the need for physics-aware modeling beyond purely
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Fig. 1: 3D Gaussian avatars with improved physical consistency and struc-
tural stability. Compared with GaussianAvatar [15], our method achieves improved
results (left) via physics-guided learning and topology-preserving Gaussians (right).

data-driven representations. In this work, we introduce a physics-guided frame-
work for monocular human avatar reconstruction.

Early approaches primarily relied on implicit neural representations, such as
Neural Radiance Fields (NeRF) [19, 27, 58, 63] and Signed Distance Functions
(SDF) [12,20,50,54], to model human geometry and appearance. While capable
of producing high-quality novel views, these methods often suffer from slow ren-
dering and inefficient training, and struggle to model dynamic deformations un-
der novel poses. Recently, 3DGS [16,25,35,50,59] has emerged as a promising al-
ternative, enabling high-quality rendering with significantly improved efficiency.
By representing human avatars as a set of explicit, anisotropic 3D Gaussians
and employing a differentiable rasterizer [24], 3DGS enables real-time rendering
while maintaining high visual fidelity. Existing 3DGS-based methods either at-
tach Gaussians to a parametric mesh (e.g., SMPL [30]) or learn a continuous
deformation field to drive human avatars, and then rely on image data of the
training subject to learn the Gaussian parameters.

However, despite their impressive rendering performance, these unconstrained,
data-driven Gaussian avatar learning strategies suffer from two key limitations
affecting realism and robustness: 1) Physical inconsistency . Most existing meth-
ods [15, 35, 52] typically parameterize non-rigid deformations in a purely data-
driven manner, such as learning time-varying offsets of Gaussian centers [38], pre-
dicting pose-dependent skinning weight offsets [16], or introducing latent bones
to implicitly encode deformation patterns [26]. In the absence of explicit dynam-
ical modeling, these approaches struggle to capture inertial effects and material
responses, particularly for garment regions that are weakly constrained by the
underlying body. Consequently, the predicted deformations fail to accurately
capture physically consistent dynamic behavior, resulting in unrealistic motion
patterns. 2) Structural instability . The Gaussian representation consists of a
collection of independent Gaussian primitives [29] without explicit topological
coupling. As a result, deformation models operating on individual Gaussians or
unconstrained latent representations become fragile under large or complex mo-
tions. This issue is particularly severe for loose garments, such as flowing skirts or
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sleeves, where the spatial distribution of Gaussians becomes poorly regularized,
resulting in structural disorganization and surface discontinuities.

To overcome the limitations of existing methods, we integrate dynamic phys-
ical priors and topology-aware geometric priors into the Gaussian representa-
tion, yielding human avatar reconstructions that are physically plausible and
structurally stable (Fig. 1). For physical consistency , we introduce an Elastic
Graph Network (EGN) that goes beyond pose-driven deformation by learn-
ing subject-specific garment dynamics from motion states and stiffness features.
EGN predicts an initial non-rigid deformation field, which is subsequently re-
fined by a differentiable physics correction module (PCM) based on a classical
mass-spring energy formulation [6]. This module complements EGN by impos-
ing physics-inspired constraints on its predicted deformation field, encouraging
physically plausible inertial cloth motion while suppressing unrealistic dynamic
artifacts. For structural stability , we explicitly enforce topology-aware structural
preservation through a Gaussian adjacency graph. By leveraging temporally co-
herent geometry across frames, we initialize the Gaussian representation and
inherit garment connectivity to construct a topology-aware graph. This graph
serves as a shared structural scaffold: it preserves local garment coherence and
provides the propagation paths for physics-guided deformation. Based on this
graph, we further impose a topology-preserving loss to penalize structural vio-
lations. Additionally, to reduce computational overhead, we assign a semantic
label to each Gaussian and apply physics-guided deformation only to garment
Gaussians. This semantic decomposition also enables straightforward garment
transfer across avatars.

In summary, our contributions are threefold: 1) We present a physics-guided
elastic graph network for initial non-rigid deformation prediction, incorporating
core physical cues to produce plausible deformations. 2) We propose a lightweight
differentiable physics correction module, serving as a physics-inspired regular-
izer to enhance the modeling of inertial effects and suppress unrealistic dynamic
artifacts. 3) We construct a Gaussian adjacency graph from temporally coherent
geometry, which preserves local garment connectivity and supports a topology-
preserving loss for stable garment structures. Together, these contributions en-
able physically plausible and structurally stable Gaussian avatars.

2 Related Work

2.1 Dynamic Human Representations

Research on dynamic human representation has undergone significant paradigm
shifts. Parametric mesh models, such as SMPL [30], SMPL-X [39], and STAR
[36], are widely used for human reconstruction. Their explicit kinematic structure
and compact shape space enable robust pose-driven motion, but their body-
centric fixed topology limits the modeling of garments with independent dy-
namics. To address these geometric constraints, the field shifted toward neu-
ral implicit representations, including occupancy fields [10, 33], signed-distance
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fields [37,47], and radiance fields [34,42]. Implicit fields excel at modeling contin-
uous surfaces without fixed topology and provide smooth spatial gradients for
optimization. However, implicit fields are globally coupled and require whole-
field recomputation for dynamics, lack explicit topology for stable structure,
and suffer from slow volumetric rendering. In contrast, 3DGS [21] offers an
explicit point-based representation that naturally supports dynamic modeling
while enabling real-time rendering. Nevertheless, Gaussian primitives lack inher-
ent topological constraints, often leading to structural drift or breakage under
large motions. We therefore construct a Gaussian adjacency graph from tempo-
rally reconstructed geometry and introduce topology-preserving constraints to
maintain coherent garment structure during deformation.

2.2 Monocular Avatar Reconstruction

Monocular human avatar reconstruction [11] remains challenging due to the dif-
ficulty of jointly achieving accurate geometry and photorealistic rendering from
sparse observations. Early methods [4,12,20] learn a canonical SDF under pho-
tometric supervision, enabling coherent surface reconstruction but requiring ex-
pensive per-subject optimization and struggling with highly dynamic garments.
Radiance-field-based approaches [18, 53] model a canonical radiance field with
learned deformation fields to integrate monocular observations, enabling flexible
motion representation but incurring slow volumetric rendering and high training
costs. More recently, 3D Gaussian Splatting (3DGS) has emerged as an efficient
alternative with explicit primitives and real-time differentiable rendering. 3DGS-
based avatar methods [15, 16, 23, 26, 35] optimize dynamic Gaussian attributes
to match observations, but often exhibit clothing distortion under large mo-
tions due to the absence of explicit geometric constraints. Vid2Avatar-Pro [13]
mitigates this issue with a universal prior learned from multi-view data. Re-
cent methods bind Gaussians to articulated parametric body models to enhance
structural consistency across poses [38, 45, 49, 52]. However, the fixed topology
of the underlying body model limits their ability to represent loose and non-
body-conforming garments. To preserve geometric constraints without restrict-
ing topology, we replace parametric templates with a temporally reconstructed
surface mesh with explicit garment geometry.

2.3 Garment Dynamics Modeling

Realistic avatar animation depends critically on modeling non-rigid garment de-
formations beyond skeleton-driven body motion. Existing avatar methods com-
monly model non-rigid deformation through pose-conditioned residual represen-
tations, such as per-point offsets [41,53,55], refined skinning weights [16], auxil-
iary deformation structures [26], or dynamic Gaussian parameters [15]. As these
methods are largely data-driven and lack explicit physical constraints, they may
produce physically implausible dynamics under unseen poses. PhysAvatar [62] es-
timates garment parameters from multi-view video through inverse physics, while
PICA [40], Gaussian Garments [44], and PGC [14] construct simulation-oriented
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Fig. 2: Method overview. Our approach initializes Gaussians using a temporally con-
sistent human mesh reconstructed across frames and assigns an initial semantic label
s to each Gaussian based on semantic segmentation results. After applying pose trans-
formations (Linear Blend Skinning, LBS), a dual-branch network with a pose-guided
branch (PoseDeform) and a physics-guided branch (PhyDeform) predicts the non-rigid
deformations of the inner body and garments, respectively. Finally, the Gaussian model
is jointly optimized using image-, geometry-, and semantic-related loss terms.

clothed avatars or garments. These approaches often rely on multi-view captures
or simulation-ready garment assets, which may introduce additional acquisition
and computational costs. In contrast, our method targets monocular Gaussian
avatar reconstruction without requiring full standalone cloth simulation. We in-
stead design a garment-specific deformation branch that couples physics-guided
graph prediction with lightweight differentiable physics correction, producing
physically plausible garment dynamics with limited extra computation.

3 Method

Given a monocular video of a dynamic human, our goal is to reconstruct an
animatable 3D Gaussian avatar with stable structure and physically consistent
dynamics, as illustrated in Fig. 2. We initialize Gaussian parameters from tempo-
rally reconstructed meshes (Sec. 3.1). We then introduce a baseline deformation
framework combining Linear Blend Skinning for articulated motion with a non-
rigid deformation predictor for dynamics (Sec. 3.2). To enhance the realism of
clothing dynamics, we further design a differentiable physics-guided deformation
branch that enforces physically plausible motion (Sec. 3.3). Finally, we present
the training objectives and the two-stage optimization strategy (Sec. 3.4).

3.1 3D Gaussian Initialization

3D Gaussian Splatting. A 3D Gaussian’s spatial distribution can be repre-
sented by its density function:

D(y) = exp(−1

2
(y − x)⊤Σ−1(y − x)), (1)
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where x ∈ R3 denotes the Gaussian 3D center position and Σ ∈ R3×3 is the
covariance matrix that determines the Gaussian’s scale, anisotropy, and orien-
tation in space. In addition to its spatial parameters, each 3D Gaussian also
carries a color parameter c, and an opacity parameter α, which jointly deter-
mine its appearance in the rendering process. We further assign each Gaussian
a semantic label s to indicate the body or clothing region it belongs to, enabling
region-aware deformation and regularization. Moreover, we introduce a stiffness
coefficient k that characterizes the local resistance to non-rigid deformation and
serves as a physics-related attribute in our deformation branch. Therefore, the
full parameter set of a Gaussian can be written as:

Gi = {xi, Σi, ci, αi, si, ki}. (2)

The final pixel color is computed by alpha-compositing all projected Gaussians
along the camera ray:

C =
∑
i∈N

Tiαici, Ti =
∏
j<i

(1− αj), (3)

where N denotes the depth-ordered Gaussians along the ray and Ti is the accu-
mulated transmittance.

Initialization. We use TCR [8] to obtain a temporally consistent human mesh
in the T-pose. Following [38], Gaussians are bound to the mesh triangles, and
their centers xc are initialized accordingly. Next, we employ the Sapiens [22]
model to obtain 2D semantic maps, which are aggregated across frames using
visibility-aware weights ρ to assign the semantic label to each Gaussian:

s = argmax
n∈C

∑
t∈T

ρtI
n
t (π(x

t
p)), (4)

where C denotes the set of semantic classes, T denotes the set of frames, and
Int (π(x

t
p)) denotes the class probability at the projection π(·) of the posed Gaus-

sian center xp in frame t. The visibility of each Gaussian is estimated based on
the angle between surface normal and the viewing direction. After obtaining the
semantic labels of the Gaussians, we initialize their stiffness coefficients based on
empirical values. In addition, we construct a Gaussian adjacency graph that pre-
serves the adjacency relationships of points on the reconstructed mesh, denoted
as Eori. Therefore, the topological adjacency graph is represented as:

G = (X , Eori), (5)

where X denotes the set of Gaussians. Garment dynamics can introduce self-
collisions, folds, and layering, but they do not change the intrinsic adjacency
of a continuous garment surface under normal motion. The preserved topology
therefore provides a stable structural prior, helping maintain local shape and
material coherence during deformation.
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Fig. 3: Dual-branch network. The PhyDeform branch comprises a Physics Encoder
(PE), an Elastic Graph Network (EGN), and a Physics Correction Module (PCM).

3.2 Articulated Gaussian Deformation

Linear Blend Skinning. Given a pose θ, we transform Gaussian centers from
the canonical space xc to the posed space xp via linear blend skinning (LBS) [32]
using skinning weights ω and joint transformations B(θ):

xp =

Nb∑
i=1

ωiB(θ)i xc, (6)

where Nb denotes the number of joints. We initialize the Gaussian skinning
weights using the SMPL [30] model by computing the n nearest vertices and
applying distance-based weighting γ:

ωi =

n∑
j=1

γjω
SMPL
ij . (7)

The resulting skinning weights are then treated as learnable parameters and are
updated automatically during training.

Pose-Dependent Gaussian Deformation. To model non-rigid deformations,
we adopt a dual-branch architecture that separately handles the deformations of
the inner body and clothing. The pose-guided branch operates on body Gaus-
sians to model relatively small pose-dependent deformations, while the physics-
guided branch is applied exclusively to garment Gaussians to capture large-scale
dynamic motions and inertial effects. Details of the physics-guided branch are
provided in Sec. 3.3. The pose-guided deformation branch predicts offsets of
Gaussian centers ∆xpose associated with inner body semantic labels. These off-
sets are inferred by an MLP conditioned on the current pose θ:

∆xpose = MLP(ϕ(xc, θ)), (8)

where ϕ denotes the positional encoding [34].

3.3 Differentiable Physics-Guided Deformation

From fundamental physical laws such as Newton’s second law and Hooke’s law,
the dynamic deformation of garments is mainly governed by two factors: body-
induced accelerations that act as external driving forces, and the internal elastic
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properties of the fabric. Specifically, local accelerations a generated during hu-
man movement drive garment motion, while the elastic coefficients k regulate
the cloth’s deformation and recovery. Motivated by this physical insight, we
propose a physics-guided Elastic Graph Network (EGN) to estimate the initial
dynamic deformations of garments. While the EGN provides an initial estimate
of garment deformations, it cannot fully capture complex inertial effects and
may produce physically implausible predictions. To address this limitation, we
introduce a physics correction module (PCM), derived from differentiable physi-
cal simulation, to refine the predicted dynamics and enforce physically plausible
behavior. The overall network architecture is illustrated in Fig. 3. We describe
the core design of EGN and PCM here, while deferring detailed architectures
and implementation details to the supplementary material.

Physics-Guided Graph Network. We use EGN to obtain physically plausible
initial predictions. The graph’s vertices Xc correspond to the Gaussian centers
labeled with garment semantics, and its edges Ec preserve the intrinsic garment
connectivity obtained from the temporally consistent garment surface:

Gcloth = (Xc, Ec). (9)

For a garment Gaussian point xi, we define its node feature as:

fi = Φ(xi, ai, vi, ki), (10)

where ai and vi are the local acceleration and velocity, and ki is the stiffness,
initialized from material priors and optimized during training. These physical
quantities are passed through a lightweight Physics Encoder (PE) Φ(·) imple-
mented as an MLP to normalize the scale differences among heterogeneous inputs
and to project them into a unified high-dimensional embedding space suitable for
graph message passing. Since LBS provides the posed-space positions of Gaus-
sian points at each time step, we estimate their kinematic quantities directly
from these trajectories. Under the causal setting, we use backward finite differ-
ences to compute velocities and accelerations. Specifically, given the LBS-derived
positions xLBS

i (t), the velocity and acceleration at time t are approximated as:

vi(t) =
xLBS
i (t)− xLBS

i (t− 1)

∆t
, (11)

ai(t) =
vi(t)− vi(t− 1)

∆t
. (12)

Following prior work on edge-conditioned message passing [48], we incorporate
edge features to model relative motion and stiffness-aware interactions between
neighboring Gaussians. Formally, the edge feature is defined as:

eij = [∆xij , ∆vij , kij ], (13)

where ∆xij and ∆vij denote the relative position and velocity between neigh-
boring nodes, and kij is their average stiffness.
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Given the physics-embedded node features {fi} and edge features {eij},
we perform elastic deformation propagation on the garment graph Gcloth us-
ing two layers of edge-conditioned graph convolution (Edge-GConv) to model
local kinematic and material interactions among neighboring Gaussians. Each
Edge-GConv layer is followed by a ReLU non-linearity. At each message passing
layer, the message from node j to node i is computed as

mij = φ
(
fi, fj , eij

)
, mi =

∑
j∈N (i)

mij , (14)

where φ(·) is implemented as an MLP encoding relative motion and stiffness-
aware interactions between neighboring nodes. The messages from all neighbors
of node i are aggregated using a permutation-invariant operator. The node fea-
ture is then updated as

f ′i = ψ
(
fi,mi

)
, (15)

where ψ(·) denotes the node update function of Edge-GConv, implemented as
an MLP with residual connections. Based on the refined node embeddings after
message passing, we predict a per-Gaussian non-rigid deformation offset as

∆xnr
i = F

(
f ′i
)
, (16)

where F(·) is an MLP regressor. The predicted offsets represent elastic deforma-
tions and are further refined by the differentiable physics correction module.

Differentiable Physics Correction Module. Purely data-driven non-rigid
deformation prediction is prone to producing physically implausible deforma-
tions, primarily due to the lack of explicit modeling of physical constraints such
as inertia, elasticity, and collisions. To address this issue, we introduce a dif-
ferentiable physics correction module (PCM) that refines the initial non-rigid
deformation offsets predicted by the EGN by projecting them onto a physi-
cally plausible solution space. Given the predicted non-rigid offset ∆xnr at each
frame, the physics correction module takes it as an initial estimate and outputs
a corrected result ∆xphy that satisfies physical constraints. Traditional cloth
simulation [3] models cloth as a mechanical system, which can be equivalently
formulated as an energy minimization problem:

xt+1 = argmin
x

1

2h2
∥x− x̃∥2M + Ephys(x), (17)

where h denotes the time step size, M is the mass matrix, and x̃ = xt + hvt +
h2M−1fext represents the explicit prediction under external forces fext. Gravity is
the dominant external force in garment animation. The external force is therefore
simplified to fext = Mg. The first term enforces inertial consistency with the
previous state. The physical terms Ephys(x) encode physical energies such as
elastic deformations and collision constraints, as formulated below:

Ephys(x) = Estretch(x) + Ebend(x) + Econtact(x), (18)
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where Estretch(x) and Ebend(x) penalize in-plane stretching and out-of-plane
bending [2], respectively, while Econtact(x) is our designed contact energy term,
which prevents interpenetration while modeling frictional effects.

In cloth simulation, particularly for loose garments, accurate modeling of
contact and friction is crucial for visual realism. Inspired by [28], we design a
contact term consisting of a penetration penalty and frictional dissipation:

Econtact(x) =

N∑
j=1

wc(dj)

[
kn
2

max (0, ϵ− dj)
2
+ µkt

√
∥∆xj|T ∥2 + δ2

]
, (19)

where dj is the signed distance from the j-th garment point to the body sur-
face, kn and kt are normal and tangential penalty stiffnesses, µ is the friction
coefficient, ∆xj|T is the tangential displacement increment on the contact sur-
face, and δ is a small constant ensuring differentiability. To enable end-to-end
differentiability, we replace discrete contact indicators with continuous contact
weights, softened using a sigmoid function, defined as follows:

wc(dj) = sigmoid(
ϵ− dj
τ

), (20)

where ϵ is the contact threshold and τ controls the degree of softening. This
formulation ensures stable gradient-based optimization while approximating the
Signorini–Coulomb contact law [31]. Meanwhile, we fix the number of iterations
to enable efficient automatic differentiation. We minimize the total energy Etotal

using gradient descent with a fixed iteration scheme to ensure a static compu-
tational graph for efficient automatic differentiation. Starting from the neural
network prediction ∆x(0) = ∆xnr, we perform K optimization iterations:

∆x(k+1) = ∆x(k) − η(k)∇Etotal(∆x
(k)), k = 0, . . . ,K − 1 (21)

where η(k) is the learning rate at iteration k. The final output of the physics-
guided deformation branch is ∆xphy = ∆x(K).

3.4 Training

Given the training images I and the corresponding pose inputs θ, we optimize a
Gaussian avatar representation by minimizing the following objective function:

L = Lrgb + λlpipsLlpips + λnormalLnormal + λtopoLtopo + λsemLsem, (22)

where λ denotes the corresponding loss weights. Here, Lrgb denotes the L1 pho-
tometric loss between rendered and ground-truth images, Llpips [60] measures
perceptual similarity, and Lnormal enforces consistency of surface normal ori-
entations. To prevent the destruction of the underlying topological structure
during training, we introduce a topology-preserving loss that leverages the pre-
computed adjacency graph obtained during initialization. The formulation is:

Ltopo =
∑

(i,j)∈Ec

exp
(
β |∥xi − xj∥2 − dij |

)
, (23)
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Table 1: Quantitative evaluation. Quantitative comparison with state-of-the-art
methods on three public datasets, including ablation studies on individual modules.
Best and second-best results are highlighted in green and orange, respectively.

Method ZJU-MoCap [41] PeopleSnapshot [1] ActorsHQ (01) [17]

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ CD ↓

Vid2Avatar [12] 28.70 0.969 0.0521 28.52 0.964 0.0546 27.50 0.956 0.0580 2.450
InstantAvatar [18] 29.47 0.926 0.0488 28.65 0.968 0.0331 27.30 0.925 0.0624 2.956
GauHuman [16] 31.78 0.966 0.0335 30.52 0.956 0.0338 29.10 0.955 0.0358 1.980
iHuman [38] 30.32 0.955 0.0332 28.75 0.963 0.0342 29.87 0.955 0.0380 1.575
GART [26] 29.99 0.970 0.0327 28.40 0.967 0.0377 29.40 0.955 0.0372 2.254
GomAvatar [52] 30.22 0.958 0.0325 30.12 0.973 0.0295 28.75 0.952 0.0368 1.923
GaussianAvatar [15] 31.57 0.973 0.0321 30.54 0.976 0.0345 29.30 0.958 0.0364 1.852

Baseline 30.53 0.959 0.0345 30.13 0.963 0.0362 30.15 0.955 0.0365 1.493
Baseline+EGN 31.76 0.967 0.0319 31.44 0.975 0.0271 31.13 0.959 0.0352 1.465
Baseline+EGN+PCM 32.21 0.972 0.0302 31.87 0.985 0.0285 31.54 0.967 0.0328 1.398

where dij denotes the rest-pose distance between Gaussian points and β controls
the strength of the exponential penalty, suppressing excessive topological changes
without overly constraining normal deformations. The semantic loss Lsem is
computed by volume-rendering the predicted semantic logits into a 2D map and
applying a cross-entropy loss against the ground-truth segmentation. To improve
training stability, we adopt a two-stage avatar fitting strategy. In the first stage,
the PCM module is disabled, and the Gaussian avatar together with the EGN
is optimized to obtain a stable geometry and appearance initialization. In the
second stage, we freeze the parameters of the EGN and introduce the PCM
module for further training, enabling dynamic refinement.

4 Experiments

In this section, we present a comprehensive evaluation of our method on three
public benchmark datasets. All experiments are conducted on an Intel Xeon
Gold 6226R CPU and an NVIDIA GeForce RTX 3090 GPU.

4.1 Datasets and Metrics

Datasets. We evaluate our approach on the ZJU-MoCap [41], PeopleSnap-
shot [1], and ActorsHQ [17] datasets. The ZJU-MoCap dataset consists of dy-
namic human videos captured by more than 20 synchronized cameras. It provides
foreground masks, camera poses, and SMPL-X parameters. For each subject, we
use two-thirds of the frames from camera 0 for training, while the remaining
frames are reserved for evaluation. The PeopleSnapshot dataset provides monoc-
ular videos in which the subject slowly rotates through 360 degrees. Similarly,
we use the first two-thirds of the frames for training, and reserve the remain-
ing frames for evaluation. The ActorsHQ dataset consists of multi-view videos
of dynamic human performances from eight subjects. The camera system com-
prises 160 cameras. The dataset also provides per-frame mesh reconstructions
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Table 2: Ablation study. Ablation results of the loss function. Values in parentheses
show relative percentage changes compared with the model using all loss terms. Red
and green indicate performance degradation and improvement, respectively.

Lrgb Lssim Llpips Lnormal Ltopo Lsem PSNR↑ SSIM↑ LPIPS↓ CD↓

✓ ✗ ✓ ✓ ✓ ✓ 32.13 (-0.16%) 0.970 (-0.10%) 0.0294 (-1.34%) 1.084 (-0.37%)
✓ ✓ ✗ ✓ ✓ ✓ 31.72 (-1.43%) 0.964 (-0.72%) 0.0568 (+90.60%) 1.197 (+10.02%)
✓ ✓ ✓ ✗ ✓ ✓ 30.98 (-3.73%) 0.952 (-1.96%) 0.0415 (+39.26%) 1.348 (+23.90%)
✓ ✓ ✓ ✓ ✗ ✓ 31.15 (-3.20%) 0.956 (-1.54%) 0.0402 (+34.90%) 1.315 (+20.86%)
✓ ✓ ✓ ✓ ✓ ✗ 31.40 (-2.42%) 0.960 (-1.13%) 0.0349 (+17.11%) 1.124 (+3.31%)
✓ ✓ ✓ ✓ ✓ ✓ 32.18 0.971 0.0298 1.088

for each actor, which can be used to evaluate the geometric accuracy of our re-
constructions. We use the first two-thirds of the frames captured by camera 127
for training, and reserve the remaining frames for evaluation.

Metrics. We evaluate the quality of synthesized human images under novel
poses using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
(SSIM) [51], and Learned Perceptual Image Patch Similarity (LPIPS) [60], which
respectively measure pixel-wise fidelity, structural consistency, and perceptual
similarity. To evaluate geometric accuracy, we compute the Chamfer Distance
(CD) between Gaussian centers and the ground-truth mesh surface.

4.2 Experimental Evaluation

Quantitative Evaluation. Quantitative comparisons with existing monocular
approaches are presented in Tab. 1. Rendering quality is evaluated on ZJU-
MoCap [41] and PeopleSnapshot [1] using PSNR, SSIM, and LPIPS, while ge-
ometric accuracy is measured on subject 01 of ActorsHQ [17] using Chamfer
Distance (CD). Subject 01 features a female performer wearing a skirt and
is reported separately to reflect performance under loose-clothing conditions.
Our method achieves competitive rendering quality over prior approaches, with
more pronounced gains in loose-garment scenarios due to physics-guided dy-
namic modeling. The CD results further suggest that temporally consistent ini-
tialization and topology preservation improve geometric accuracy.

Qualitative Evaluation. Fig. 4 shows qualitative results on four subjects
from the PeopleSnapshot [1] and ActorsHQ [17] datasets, compared with re-
cent monocular Gaussian avatar methods. In comparison, GaussianAvatar [15]
and iHuman [38] tend to produce fragmented and structurally inconsistent gar-
ment regions under large pose changes, especially around skirt boundaries and
loose cloth regions. The orange annotations in Fig. 4 highlight representative
failure cases. Thanks to topological preservation, our method maintains struc-
tural integrity across a wide range of poses. Fig. 5 shows a skirted subject from
an in-the-wild video performing a rotation, where our method captures plausible
inertial garment dynamics, demonstrating its generalization.
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Fig. 4: Qualitative comparison with state-of-the-art methods. Our approach
was qualitatively compared with GaussianAvatar [15] and iHuman [38].

4.3 Ablation Study

Module Ablation. To demonstrate the effectiveness of our physics-guided non-
rigid deformation modules, we report ablation results in Tab. 1. We adopt a re-
construction framework with temporally consistent reconstruction initialization
as the baseline, and evaluate the performance gains obtained by incorporating
the Elastic Graph Network (EGN) and the Physics Correction Module (PCM).
The results indicate that both modules play an important role in improving
the overall performance. EGN leverages physical parameters to guide garment
dynamics, providing more realistic motion, while PCM employs simulation prin-
ciples to model inertial effects, correcting unrealistic garment responses.

Loss Function Ablation. To demonstrate the contribution of each loss term,
we present the ablation results of individual loss components in Tab. 2. The
ablation experiments are conducted on subjects 01, 02, and 05 of the ActorsHQ
dataset [17], and we report the average performance across these subjects. As
shown by the results, the proposed topological preservation loss plays a crucial
role in improving overall performance. Lssim has a marginal influence on the
overall performance. Removing this term slightly decreases PSNR and SSIM,
while yielding minor improvements in LPIPS and CD. Considering its limited
contribution, we exclude it from the final loss function. Moreover, the Chamfer
Distance (CD) results indicate that the normal consistency loss Lnormal plays
an important role in improving geometric fidelity.



14 Y. Deng et al.

Subject Animation

Fig. 5: Qualitative results. We show-
case challenging long-skirt examples. To
highlight the physics-guided dynamic be-
havior, the Gaussian avatar is driven by a
single rotational motion.

Gaussian 
Replacement

Garment Gaussian Transfer Animation

Fig. 6: Semantic garment transfer.
Our method enables cross-subject re-
placement and adaptation of garment
Gaussians with aligned clothing seman-
tics, resulting in realistic animations.

4.4 Applications

Garment Retargeting Application. We assign semantic labels to Gaussians,
which allows us to disentangle garment-related ones. As a result, our framework
can be naturally extended to garment transfer applications. For each garment
Gaussian, we identify its corresponding body-part label in the parametric model
and perform position transformation based on the label, enabling the garment
Gaussian template to be aligned with a new subject. Furthermore, we compen-
sate for body shape differences estimated by the parametric model to adjust the
Gaussian positions, thereby adapting the transferred garments to body-shape
variations. As shown in Fig. 6, the avatar with transferred garments generates
natural and realistic animations. The implementation details of garment retar-
geting are provided in the supplementary material.

5 Conclusion and Discussion

Summary. In this paper, we presented PhysGA, a physics-guided avatar re-
construction framework. We model dynamic garment behavior under coupled
physical and topological constraints, enabling non-rigid Gaussian deformation to
exhibit physically plausible and structurally coherent dynamics. The semantic-
aware Gaussian representation naturally supports applications such as garment
transfer. In addition, the framework maintains practical training and inference
efficiency, with detailed runtime results provided in the supplementary material.

Limitations. Our framework uses semantic parsing and mesh extraction as
upstream modules, whose accuracy may affect reconstruction quality. Neverthe-
less, they are modular and replaceable by stronger alternatives. In addition, the
texture representation heavily depends on the human observations in the input
video sequence, causing regions that are rarely observed or entirely missing to
suffer from texture degradation or incompleteness. Addressing these limitations
remains an important direction for future research.
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