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Abstract. Modeling and rendering photorealistic avatars is of crucial
importance in many applications. Existing methods that build a 3D
avatar from visual observations, however, struggle to reconstruct clothed
humans. We introduce PhysAvatar, a novel framework that combines in-
verse rendering with inverse physics to automatically estimate the shape
and appearance of a human from multi-view video data along with the
physical parameters of the fabric of their clothes. For this purpose, we
adopt a mesh-aligned 4D Gaussian technique for spatio-temporal mesh
tracking as well as a physically based inverse renderer to estimate the in-
trinsic material properties. PhysAvatar integrates a physics simulator
to estimate the physical parameters of the garments using gradient-
based optimization in a principled manner. These novel capabilities en-
able PhysAvatar to create high-quality novel-view renderings of avatars
dressed in loose-fitting clothes under motions and lighting conditions
not seen in the training data. This marks a significant advancement
towards modeling photorealistic digital humans using physically based
inverse rendering with physics in the loop. Our project website is at:
https://qingqing-zhao.github.io/PhysAvatar.
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1 Introduction

Digital avatars are a vital component in numerous applications, ranging from
virtual reality and gaming to telepresence and e-commerce [26,43,101]. A realistic
3D avatar of a person can be readily obtained from visual observations, such
as multi-view image [116] and video [6] data. The task of rendering animated
3D avatars from novel viewpoints or when performing unseen motions, however,
presents considerable challenges, particularly when the avatar wears loose-fitting
garments. Accurately rendering the dynamics of garments in conditions that are
not observed in the training data necessitates a holistic approach that not only
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Fig. 1: PhysAvatar is a novel framework that captures the physics of dressed 3D avatars
from visual observations, enabling a wide spectrum of applications, such as (a) anima-
tion, (b) relighting, and (c) redressing, with high-fidelity rendering results.

models the shape and appearance of the person but also the physical behavior
of their clothes, including friction and collision.

Learning 3D scene representations from visual data is the core problem ad-
dressed by inverse rendering—a field that has recently shown remarkable progress
in estimating the geometry and appearance of static and dynamic scenes from
multi-view images and videos [105, 106]. In the context of reconstructing 3D
avatars, the ability to explicitly control the motions of the avatar in post pro-
cessing becomes imperative. Most existing methods for reconstructing animat-
able avatars drive the animation through an underlying skeleton using linear
blending skinning (LBS) [64], which adequately models the dynamics of humans
dressed in tight-fitting clothes [1,7,23,80,99,119]. With this approach, garments
are treated as a rigidly attached part of the body adhering to piece-wise linear
transformations, which results in motions that appear rigid and unconvincing
in many cases [79, 120, 132]. Several successful attempts to introduce non-rigid
deformations through pose-dependent geometry adjustments, such as wrinkles,
have recently been made [18,57,59,60,114], although these methods are prone to
overfitting to the body poses and motion sequences observed during training. A
key problem is that most existing 3D avatar reconstruction approaches neglect to
model the dynamics of loose garments in a physically accurate manner, leading
to unrealistic fabric behavior and issues like self-penetration. To our knowledge,
only the work of Xiang et al . [118] includes a physics-based approach to inverse
rendering of digital humans, but their approach requires a tedious manual search
process to find the parameters that model the dynamic behavior of their cloth
fabrics with reasonable accuracy.

Here, we introduce PhysAvatar, a novel approach to 3D avatar reconstruc-
tion from multi-view video data. PhysAvatar combines inverse rendering with
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“inverse physics” in a principled manner to not only estimate the shape and
appearance of the avatar but also physical parameters, including density and
stiffness, of the fabrics modeling their (loose) clothes. Our approach includes
several parts: Given the reconstructed 3D mesh of the garment in one frame,
we first leverage mesh-aligned 4D Gaussians [117] to track surface points of the
garment across all frames of the input video sequence. This process establishes
dense correspondences on the 3D garment. These data are used as supervision
in an inverse physics step, where the physical parameters of the fabric are opti-
mized using a finite-difference approach [50,123]. Finally, we employ a physically
based inverse renderer [78] to jointly estimate ambient lighting and the surface
material. By leveraging the refined geometry from our simulation step, the in-
verse renderer can effectively factor in pose-dependent effects, such as shadows
caused by self-occlusion, resulting in accurate appearance reconstruction that
enables the avatar to be rendered in novel lighting conditions.

PhysAvatar offers a comprehensive solution for reconstructing clothed human
avatars from multi-view video data to perform novel view and motion synthesis
with state-of-the-art realism. The key contributions of our work include:
1. The introduction of a new inverse rendering paradigm for avatars created

from real-world captures that incorporates the physics of loose garments in
a principled manner;

2. A pipeline that includes accurate and efficient mesh reconstruction and track-
ing using 4D Gaussians; automatic optimization of the garments’ physical
material properties; and accurate appearance estimation using physically
based inverse rendering.

PhysAvatar demonstrates a novel path to learning physical scene properties from
visual observations by incorporating inverse rendering with physics constraints.
Code will be available on the project website.

2 Related Work

2.1 Scene Reconstruction from Visual Observations

Reconstructing 3D scenes from visual observations is grounded in classic ap-
proaches, such as Structure from Motion (SfM) [77, 93, 96]. Recently, this field
has witnessed a paradigm shift towards inverse rendering techniques that esti-
mate the shape and appearance of a scene from visual input [105, 106]. Among
the many representations developed in this area are neural (radiance) fields [75,
95], neural volumes, surfaces, and signed distance fields [63, 73, 83, 94, 113, 122]
as well as differentiable rasterization techniques for meshes [39, 61] and point
clouds [40,41,48,124]. Recent inverse rendering approaches are capable of mod-
eling dynamic scenes [25, 84, 89, 108] and enable sophisticated post-capture de-
formations [36,126].

2.2 Animatable Avatars

One central requirement for generating full-body digital humans is to enable
animations driven by skeleton-level control [42, 71]. To this end, early works on
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avatar reconstruction primarily relied on skinning techniques, which successfully
model the dynamics of bodies with minimal or tight clothing [3,64]. Clothing is
an integral part of everyday human appearance, captured by the saying �clothes
make the (wo)man�. Reconstructing their dynamic behavior from visual data,
however, remains a challenge. Several di�erent types of representations have
been explored for clothed avatars, including meshes [68] with dynamic textures
[4, 33, 130], neural surface [16, 90, 107] and radiance �elds [14, 18, 24, 27, 44�46,
86,87,99,131], point sets [66,67,69], and 3D Gaussians [34,58,82,132]. Many of
these works condition the deformation of clothing on the body pose and some
predict future dynamics based on a small number of frames [32,33,82].

We now discuss recent research most closely related to ours. TAVA [53] learns
a deformable neural radiance �eld of humans or animals using a di�erentiable
skinning method like SNARF [17]. ARAH [115] models 3D avatars using SDF
representations and proposes an SDF-based volume rendering method to recon-
struct the avatar in canonical space. GS-Avatar [34] achieves real-time animation
by leveraging a learned 3D Gaussian predictor. Although these methods show
reasonable e�ectiveness on humans wearing tight garments, they struggle with
loose garments because their LBS-based deformation module cannot accommo-
date the complex dynamics of loose clothing. To address this limitation, Xiang
et al. [118] incorporate a cloth simulator based on the eXtended Position Based
Dynamics (XPBD) formulation [70] into a deep appearance model to reconstruct
realistic dynamics and appearance. However, they require tedious manual adjust-
ments of physical parameters to produce reasonable garment motion, and the
code is not publicly available. Concurrent with our work, AniDress [14], while
using physics-based simulation, only uses the simulation to produce a garment
rigging model. This can cause inaccuracy in cloth dynamics modeling and unre-
alistic motion artifacts. In contrast, we estimate the physical parameters through
a principled gradient-based inverse physics approach and accurately recover the
shape and (relightable) appearance using a physically based inverse renderer,
achieving high-�delity results on novel motions.

2.3 Physics-Based Simulation

Physics-based simulation of cloth [5, 62, 88, 103, 109, 111, 125, 127] has been ex-
tensively studied and is particularly useful for modeling complicated dynamic
e�ects in interaction with human bodies, such as large deformations, wrinkling,
and contact. In this work, we adopt the Codimensional Incremental Potential
Contact (C-IPC) solver [52] for its robustness in handling complicated body�
cloth collision by the log-barrier penalty function [51]. We refer readers to dedi-
cated surveys [37,54] for a comprehensive review, and focus on works that solve
the inverse parameter estimation problem. One line of work uses specialized
devices to simultaneously measure forces and deformation in a controlled set-
ting [47,74,112,128]. Our work falls into the category that estimates physical pa-
rameters directly from imagery of garments worn on human subjects [12,31,97].
For this purpose, some di�erentiable simulators have been developed and ap-
plied to the optimization problem [55], but only for speci�c types of solvers,
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Fig. 2: Method Overview: (a) PhysAvatar takes multi-view videos and an initial
mesh as input. We �rst perform (b) dynamic mesh tracking (Sec. 3.1). The tacked mesh
sequences are then used for (c) garment physics estimation with a physics simulator
combined with gradient-based optimization (Sec. 3.2); (d) and appearance estimation
through physics-based di�erentiable rendering (Sec. 3.3). At test time, (e) given a
sequence of body poses (f), we simulate garment dynamics with the learned physics
parameters and employ physics-based rendering to produce the �nal images.

such as Projective Dynamics [56] and XPBD [98]. The heavy runtime cost of
high-quality physics-based simulation motivates research inneural cloth simula-
tion. Early works create datasets of garments simulated on human bodies [8,30],
and then train the network to predict garment deformation in a supervised man-
ner [19,81,91,110]. Recently, more attention has been paid to the self-supervised
formulation that applies the elasticity energy de�ned in traditional simulation
to predict garments, thereby training the network to act like a simulation solver,
including both the (quasi-) static [9,11,22,49,92] and the dynamic [10,28] cases.
Most of these works focus on making forward predictions that resemble tra-
ditional simulators without solving inverse parameter estimation on real-world
garment data, except CaPhy [100]. CaPhy estimates the Saint Venant-Kirchho�
(StVK) elasticity parameters of clothing from 4D scans but only predicts pose-
dependent clothing deformation in a quasi-static manner. In addition, all the
works mentioned above treat simulation as a separate problem without model-
ing the photorealistic appearance. By comparison, our work builds avatars with
physically based appearance and dynamics that are optimized for faithfulness to
the real human capture in a holistic manner.

3 Method

Given multi-view videos as input, our goal is to reconstruct a 3D avatar that
can be realistically animated and rendered under novel motions and novel views.
The core pipeline (Fig. 2) consists of three primary components: 1. Mesh track-
ing (Sec. 3.1)�given multi-view videos and a reconstructed mesh at the initial
time step as input, we track the deformation of the geometry, which provides the



6 Yang Zheng et al.

geometry reference for the ensuing physics simulation; 2. Physics-based dynamic
modeling (Sec. 3.2)�with the tracked meshes as reference, we estimate the gar-
ments' physical properties using a physics simulator; the simulator, together with
the estimated physical parameters are used to generate novel motion; 3. Physics-
based appearance re�nement (Sec. 3.3)�given the tracked geometry, we further
enhance the appearance estimation through a physics-based di�erentiable ren-
derer, which considers self-occlusion and thus eliminate artifacts such as baked-in
shadows. In the following, we delve into the details of each component.

3.1 Mesh Tracking

Given multiview videos of T frames andC views, f I 1:T;1:C g, and an initial mesh
(V 1; F), with vertices V 1 and facesF, that can be obtained via any existing
static scene reconstruction methods, our goal is to accurately track the mesh de-
formation through the video sequenceV 1:T , which will be used as reference in the
subsequent physics simulation. However accurately tracking mesh deformation
from visual observation is very challenging. Inspired by the robust and real-time
tracking performance from dynamic 3D Gaussians [65], we use 3D Gaussians as
a surrogate representation for mesh tracking.

We adapt 3D Gaussians to align with the reconstructed mesh surface. Fol-
lowing the de�nition of dynamic 3D Gaussians, at frame t, each Gaussian is
parameterized with position p t 2 R3, rotation quaternion qt 2 R4, color ct 2 R3,
scalest 2 R3 and opacity ot 2 R+ . To couple the Gaussians with the mesh, we
attach one Gaussian at the barycenter of each facef 2 F, and determine the
Gaussians' quaternions from the attached triangle. Speci�cally, the rotation of
each Gaussian is computed from the rotation of its local frame, whosex- and
z-axis are de�ned using the longest triangle edge att = 1 and the face normal
respectively. Furthermore, we set the last scaling factor, which corresponds to
the scaling in face normal direction, to be a small constant value, ensuring the
Gaussian lies on the mesh surface. The Gaussians can then be rendered in a
di�erentiable manner [40] and we optimize their parameters by minimizing the
loss [65] between the rendered images and the reference images:

L render = �





 I i;t � Î i;t








1
+ (1 � � ) � SSIM

�
I i;t ; Î i;t

�
; (1)

where Î i;t denotes the image rendered from the perspective of thei -th camera
at time t. Note that since the Gaussians' position and rotation are bound to
the mesh, the optimization of the mesh vertices will implicitly optimize the
parameters of the Gaussians. At the �rst time step, we optimize color, scale,
and opacity. In the following frames 1 < t � T, we �x the opacity and scale, and
optimize Gaussian colorsct and mesh verticesV t .

In addition to the photometric loss, we apply the following regularization
terms to preserve the local geometric features: 1) an isometry lossL iso [65] that
preserves edge length through the training sequence, 2) a normal lossL normal

that encourages smooth mesh surfaces, enhancing mesh deformation accuracy
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Fig. 3: Our method can robustly track a dynamic mesh from input images, providing
accurate long-term correspondences. Here we show the rendered images overlaid with
the Gaussian trajectories from the previous 12 frames and the optimized meshes.

and stability. Denoting the vertex and the triangle of the mesh at frame t as v t

and f t , the normal of a face asn (�), and the 1-ring neighborsN (�), the losses
are formally de�ned as:

L iso =
1

jV j

X

v 2 V

X

v 02 N (v 1 )

(kv1 � v 0
1k2 � k v t � v 0

t k2)
jN (v )j

; (2)

L normal =
1

jF j

X

f t 2 F

X

f 0
t 2 N (f t )

(1 � n (f t ) � n (f 0
t )) : (3)

The full loss used for mesh tracking is de�ned as:

L mesh = L render + � i L iso + � n L normal ; (4)

where we set� i = 10 and � n = 0 :1 during our training. With the introduced
losses, our method can reconstruct a smooth mesh sequence with accurate cor-
respondences, as shown in Fig. 3.

3.2 Physics Based Dynamic Modeling

Given the tracked meshes,(V 1:T ; F), we estimate the physical properties of
the garments such that the simulation of their dynamics matches the reference
tracked meshes. Once learned, these parameters can be used to simulate the
garment under novel motions and novel views.
Garment Material Model and Simulation. We model the elastodynamics
of the garment by equipping each simulation mesh with the discrete shell hinge
bending energy [29,102] and isotropic StVK elastic potential [15,20]. Speci�cally,
we estimate density� , membrane sti�ness� s, and bending sti�ness � b of the gar-
ment given the visual observations. For our generic use cases, it is reasonable to
assume homogeneous physical properties for each garment piece, i.e., the den-
sity, membrane sti�ness, and bending sti�ness can be parameterized using scalar
values, denoted as� , � s, and � b. In choosing the simulators, we consider di�eren-
tiability and quality. Unfortunately, the development of di�erentiable simulators
suitable for our application remains an open research question. Current imple-
mentations, such as those documented in [56], cannot be directly applied due
to limitations in modeling complex body colliders. Therefore, we propose to use
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the state-of-the-art robust and stable cloth simulator C-IPC [52] that guaran-
tees no interpenetration with frictional contact. While C-IPC is di�erentiable,
it lacks an implementation of accurate analytical gradients; hence, we use �nite
di�erence methods to estimate the gradients for parameter updates. Speci�cally,
we employ an open-source implementation of C-IPC [52] as our cloth simulator,
which is a state-of-the-art simulator achieving high-�delity garment simulation
with stability and convergence (see [52] for a comprehensive review of the base
algorithm and implementation).
Garment Material Estimation. From the reconstructed mesh, we segment
out the garment vertices to obtain ground truth garment mesh sequences( bV g

1:T ; bFg ).
The cloth simulator, f (�), takes as input the current garment state�position
and velocity (V g

t , _V g
t )�the garment's physical properties (�; � s; � b), the body

collider f V C
t ; FC g, and garment boundary verticesV b

t +1 , and step size�t . The
boundary vertices of the garment are points of the garment that are in permanent
contact with the human body, such as the shoulder region for draped garments.
We employ the SMPL-X body model [64] as the body colliderf V C

t +1 ; FC g, ex-
tracting SMPL-X body shapes and poses from the video data during the pre-
processing (see Sec. 4). The garment and the boundary vertices are manually
annotated once on the initial meshV 1 for the entire simulation. The simulation
function predicting the garment shape in the next frame can be written as below:

V g
t +1 = f (V g

t ; _V g
t ; V b

t +1 ; V C
t +1 ; �; � s; � b; �t ): (5)

We �nd the optimal physical parameters by minimizing the di�erence between
the simulated and the reconstructed garment meshes. Formally, the optimization
objective can be expressed as:

min
f �;� s ;� b g

L sim (�; � s; � b) =
TX

t =0

kV g
t +1 � bV g

t +1 k2
2 ; (6)

where V g
1 = bV g

1 and V g
t +1 is computed by Eq. (5). We estimate gradients via

a numerical approach using �nite di�erences [50]. This method is particularly
feasible in our context due to the low-dimensional nature of the optimization
problem, which involves only three scalar parameters. We employ the forward
di�erence formula for gradient estimation:

@L sim

@�
� (L sim (� + � � ; � s; � b) � L sim (�; � s; � b)) =� � : (7)

Where � � is a hyperparameter for forward di�erence gradient estimation. The
gradients for other parameters are estimated using the same approach, and the
parameters are subsequently updated using the Adam optimizer.
Animation. At test time, we have the initial mesh { V 1; F1} and we are given a
sequence of novel human body poses, e.g., provided by skeleton parameters such
as SMPL [64]. Using standard LBS, we obtain the boundary locationsV b

t +1 . We
assume the initial garment is at rest, i.e., _V 0 = 0 . We use the same garment



PhysAvatar 9

Fig. 4: Ablation study on appearance estimation: (a) Initial texture map T extracted
from Gaussian splatting (left) has baked-in shadows highlighted in the red boxes; post-
optimization (right), the baked-in shadows are substantially removed. (b) Rendering
comparisons demonstrate that our method with the optimized texture map more closely
aligns with the ground truth.

segmentation, boundary points, and SMPL body collider points as during train-
ing, and use Eq. (5) to simulate the deformation of the garment. This is then
combined with the body, driven by LBS, to create the holistic animation.

3.3 Physics Based Appearance Modeling

While tracking with dynamic Gaussians jointly estimates the garments appear-
ance, it does not account for light�surface interactions, consequently the recon-
structed appearance contains baked-in shadows, causing uncanny visual artifacts
when rendered in novel views and motions (see Fig. 4). In this step, given the
mesh sequence(V 1:T ; F) and the per-frame mesh colorsc1:T reconstructed from
Section 3.1, we utilize Mitsuba3 [78]�a physics-based di�erentiable Monte Carlo
renderer�to enhance the appearance reconstruction. For this purpose, we use
a time-invariant di�use texture map T to model the appearance. The value
T is initialized from the average Gaussian colors from the tracking step (Sec-
tion 3.1),

P
1<t � T (c(x ) t )=T . For the environment lighting, since the capture studio

is typically equipped with uniform point light arrays, we can approximate the
environment lighting as an ambient illumination, parameterized with a global
L a 2 R3.

We optimize for T and L a using the photometric loss de�ned in Eq. (8) for
all training views and frames (i; t ), where R denotes the rendering function and
ci;t the camera pose:

L rgb = min
f T ;L a g

X

i;t

kI i;t � R (T ; L a ; V t ; ci;t )k2
2 : (8)

At test time, we can swap the ambient light with more complex illuminations,
and produce realistic rendering in arbitrary views and body poses (see Sec. 4.4).
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Fig. 5: Qualitative results on test poses from the ActorHQ [38] dataset. Our method
PhysAvatar achieves state-of-the-art performance in terms of geometry detail and ap-
pearance modeling.

4 Experiments

In this section, we explain our experimental setup and results. We recommend
watching the supplementary video for better visualization.

4.1 Experimental setup

Data Preparation. We choose four characters from the ActorHQ [35] dataset
for our experiments, including two female characters with loose dresses, one fe-
male character wearing a tank top and loose-�tting pants, and one male character
with a short-sleeved shirt and khaki shorts, as shown in Fig. 1. For each char-
acter, we use the ground truth mesh provided by the dataset and re-mesh it to
obtain a simulation-ready initial mesh, i.e., one where the triangles have similar
areas, to enhance the performance of garment simulation. We then segment the
garment, de�ne the boundary vertices of the garment for simulation purposes,
and unwrap the whole mesh to get the UV map, all performed in Blender [13].
Since we observe that the human pose estimations from the dataset are quite
noisy, we �t the SMPL-X [85] body mesh using multi-view videos by minimizing
the distance between the projected SMPL-X joints and 2D keypoint detection
results from DWPose [21,121].
Implementation Details. For training, we utilize the entire set of 160 camera
views from the ActorHQ [35] dataset. Although the dataset includes approxi-
mately 2000 frames for each character, we selectively use 24 frames with large
movements for estimating garment material parameters and 200 frames for op-
timizing the texture map, which leads to good results while conserving compu-
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Table 1: Quantitative comparison with baselines. PhysAvatar outperforms all base-
lines with respect to geometry accuracy. We achieve the best or competitive results in
appearance metrics. See Fig. 5 and Fig. 6 for qualitative comparisons.

Method
Geometry Appearance

CD ( � 103) (#) F-Score (" ) LPIPS ( #) PSNR ( " ) SSIM ( " )

ARAH [115] 1.12 86.1 0.055 28.6 0.957
TAVA [53] 0.66 92.3 0.051 29.6 0.962

GS-Avatar [34] 0.91 89.4 0.044 30.6 0.962
PhysAvatar (ours) 0.55 92.9 0.035 30.2 0.957

tational resources. For evaluation, we choose 200 frames for each character, with
novel motions unseen during training. At test time, given a motion sequence de-
�ned by SMPL-X [85], we use an LBS weight inpainting algorithm [2] to obtain
the skinning weights of the human body with respect to the SMPL-X skeleton.
We animate the human body using LBS and simulate the garment, which is
driven by the boundary vertices and utilizes the SMPL-X body mesh as the
collider. More details are available at supplementary document.
Baselines. We benchmark our method and current open-sourced state-of-the-
art methods modeling full-body avatars, including ARAH [115] which leverages
SDF-based volume rendering to learn the canonical representation of the avatar,
TAVA [53] which learns the canonical radiance �eld [75] and skinning weight of
the character, and GS-Avatar [34] based on a pose-conditioned neural network
which predicts the parameters of 3D Gaussians [40]. For all baselines, we use the
o�cial public codebase and extend them to our dense-view setting.

4.2 Comparison

We compare PhysAvatar against current state-of-the-art approaches in terms of
geometry and appearance quality across test pose sequences, as shown in Table 1,
Fig. 5, and Fig. 6.
Geometry Evaluation. For geometry evaluation, we employ the mean Cham-
fer distance [73] and the mean F-Score [104] at� = 0 :001as quantitative metrics.
PhysAvatar outperforms all baseline according to these metrics, demonstrating
a superior capability in accurately capturing the dynamic nature of garment
geometry over time, as shown in Table 1. As shown in Fig. 5, PhysAvatar gener-
ates more accurate garment deformation and better captures �ne wrinkle details,
thanks to the integration of a physics-based simulator. This contrasts with all
baseline methods [34,53,115], which do not explicitly model garment dynamics,
but instead depend on learning quasi-static, pose-conditioned skinning weights or
deformations. Additionally, we show results using motion data from the AMASS
dataset [72]. PhysAvatar demonstrates its robustness by consistently synthe-
sizing realistic garment deformation with �ne details, while baseline methods
sometimes fail to capture large deformations in loose garments (Fig. 6).
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Fig. 6: Here we show animation results of current state-of-the-art methods including
ARAH [115], TAVA [53] and GS-Avatar [34], and our results on test motions from
AMASS [72] dataset. Images are rendered from novel views. Please zoom in for details.

Appearance Evaluation. For appearance evaluation, we utilize Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), and the
Learned Perceptual Image Patch Similarity (LPIPS) [129]. As detailed in Table 1,
PhysAvatar surpasses all baselines in LPIPS, a metric shown to be better aligned
with human perception [129]. While we achieve the second-best results in PSNR
and SSIM, it is important to note that even minor misalignments in images can
signi�cantly impact these metrics, potentially not fully re�ecting the quality of
the renderings. As demonstrated in Fig. 5, PhysAvatar can capture more high-
frequency details in facial features and garment textures, thereby creating images
that are visually richer and more detailed, compared to the baseline approaches.

4.3 Ablation

We perform ablation studies to assess the impact of each component in our
pipeline on the overall performance. For this, we focus on two female characters
from the ActorHQ dataset, speci�cally chosen for their loose garments.
Garment physics estimation and modeling. We ablate our approach against
two variants: one employing Linear Blend Skinning (LBS) for garment deforma-
tion and another utilizing a physics simulator for garment dynamics without
optimized parameters, henceforth referred to as `w/o physics', which employs
random garment parameters. As shown in Table 2, both alternatives exhibit
worse performance across all geometric metrics. Further, as shown in Fig. 7,
LBS fails to produce plausible deformations for loose garments, such as dresses.
While simulation with random parameters yields plausible garment dynamics,
they do not accurately re�ect real-world observations. In contrast, our method,
with learned physics parameters, achieves deformations that closely align with
the reference, demonstrating its e�ectiveness.
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