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Abstract
Reconstructing realistic 3D human avatars from monocu-
lar videos is a challenging task due to the limited geomet-
ric information and complex non-rigid motion involved. We
present MonoCloth, a new method for reconstructing and
animating clothed human avatars from monocular videos.
To overcome the limitations of monocular input, we intro-
duce a part-based decomposition strategy that separates the
avatar into body, face, hands, and clothing. This design re-
flects the varying levels of reconstruction difficulty and defor-
mation complexity across these components. Specifically, we
focus on detailed geometry recovery for the face and hands.
For clothing, we propose a dedicated cloth simulation mod-
ule that captures garment deformation using temporal motion
cues and geometric constraints. Experimental results demon-
strate that MonoCloth improves both visual reconstruction
quality and animation realism compared to existing methods.
Furthermore, thanks to its part-based design, MonoCloth also
supports additional tasks such as clothing transfer, underscor-
ing its versatility and practical utility.

Project — https://kingjg.github.io/MonoCloth.github.io

Introduction
3D human avatars are used in many areas, including film
production, game development, and AR/VR applications.
However, creating high-quality avatars often requires man-
ual modeling or expensive 3D capture setups, which limits
their use in everyday settings.

To make avatar creation more accessible, recent work
has focused on using low-cost inputs such as images and
videos. The development of implicit neural representations
has made it possible to reconstruct both 3D geometry and
appearance from 2D images (Mildenhall et al. 2021; Jin
et al. 2025). When applied to multi-view videos, these meth-
ods enable the reconstruction of high-quality deformable 3D
human avatars. For example, Animatable NeRF (Peng et al.
2021) and AvatarRex (Zheng et al. 2023) build implicit fields
in a canonical space and animate them using deformation
functions. Although effective, these methods require syn-
chronized multi-view capture, which is difficult to set up
outside of controlled environments.
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To reduce input cost, some recent methods focus on
reconstructing avatars from monocular videos. Human-
NeRF (Weng et al. 2022) maps frames with different poses
to a unified T-pose space and learns an implicit neural field
for rendering from new viewpoints. InstantAvatar (Jiang
et al. 2023) improves training and rendering speed by us-
ing Instant-NGP (Müller et al. 2022), an efficient NeRF
backbone. Instead of implicit fields, 3DGS-Avatar (Qian
et al. 2024) represents avatars using 3D Gaussian primi-
tives (Kerbl et al. 2023), which improves both efficiency
and visual quality. ExAvatar (Moon, Shiratori, and Saito
2024) adds detailed modeling of facial expressions and hand
articulations to enrich avatar expressiveness. Vid2Avatar-
Pro (Guo et al. 2025) uses pretraining on a large multi-view
video dataset to help the model learn useful priors for recon-
struction from monocular input.

While these methods focus on detailed appearance mod-
eling, they often overlook how the avatar moves over time.
As a result, animations may show inconsistencies between
frames or unnatural changes in appearance. This happens
because the model does not fully capture how shape and ap-
pearance evolve across time, making it harder to maintain a
stable avatar and recover fine details.

To address these challenges, we present MonoCloth,
a method designed to better model human motion from
monocular videos, leading to more consistent and accurate
reconstructions. Building upon the parametric body model
SMPL-X (Pavlakos et al. 2019), MonoCloth decomposes the
human avatar into two major components: the body and the
clothing. The body moves in mostly rigid, joint-driven ways,
while clothing undergoes soft, non-rigid motion influenced
by physical effects such as inertia and gravity.

We optimize these two parts separately to account for
their different behaviors. For the body, where motion is more
rigid, we improve reconstruction using strong priors from
face and hand parametric models. For clothing, we introduce
a cloth simulation module (CloSim), which models how gar-
ments move during motion. To train CloSim, we first use 2D
clothing segmentation to decouple the garment region. In-
stead of using only a single pose frame as input, we feed
in a sequence of poses to capture motion over time. Cloth-
ing and motion features are passed through a graph convo-
lutional network (GCN) (Kipf 2016) to collect local spatial
information, followed by a lightweight gated recurrent unit
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Figure 1: MonoCloth reconstructs a human avatar from monocular videos by dividing it into separate components. Each
component is optimized using a strategy suited to its geometric and motion characteristics, which improves reconstruction
quality. The reconstructed avatar supports natural animation and can be rendered from novel viewpoints. The modular design
also allows for part-level editing, such as clothing transfer.

(GRU) (Chung et al. 2014) to learn how the motion evolves
across frames. This setup helps the model learn both spatial
and temporal effects in garment deformation.

Because modeling clothing dynamics from monocular in-
put is difficult, we use additional information to guide the
model. Specifically, we apply vision foundation models to
predict depth and surface normals from the video frames.
These serve as rough 3D cues during training. We also pre-
train on monocular videos of different people to learn gen-
eral patterns in appearance and clothing motion. With this
design, MonoCloth reconstructs high-quality avatars from
monocular videos and supports realistic animation under
new motion sequences.

Our main contributions are summarized as follows:

• We propose a part-based avatar design built on SMPL-
X and 3D Gaussians, allowing targeted optimization for
each component.

• Based on this design, we introduce a cloth simulation
module that integrates spatial and temporal cues, aiming
to produce more physically consistent clothing motion.

• Extensive experiments demonstrate that MonoCloth im-
proves both reconstruction quality and animation con-
sistency. The part-based design also supports additional
tasks such as clothing transfer.

Related Work
3D Human Avatar
Recent research has explored the reconstruction of 3D hu-
man avatars from a variety of input sources, including multi-
view videos (Lin et al. 2024; Zhang et al. 2025), monocular
videos (Song et al. 2025), and single images (Pang et al.
2025; Qiu et al. 2025).

Multi-view video-based methods typically rely on con-
trolled laboratory environments with ideal lighting, synchro-
nized camera setups, and known calibration parameters, pro-
viding rich and accurate 3D information. With the advance-
ment of multi-view 3D reconstruction techniques, methods
such as AvatarRex (Zheng et al. 2023) and AnimatableGaus-
sian (Li et al. 2024) have adopted Neural Radiance Fields

(NeRF) (Mildenhall et al. 2021) and 3D Gaussian splat-
ting (Kerbl et al. 2023), respectively, to reconstruct detailed
human avatars. Building on these foundations, they fur-
ther learn dynamic motion patterns from video sequences,
enabling the creation of fully animatable 3D avatars. In
contrast, single-image reconstruction offers a more accessi-
ble and cost-effective solution but presents significant chal-
lenges in recovering fine-grained geometry and maintaining
3D consistency (Zhang et al. 2024; Hu 2024).

By contrast, in-the-wild monocular videos are convenient
to obtain and naturally contain more 3D cues and motion
information. However, as the input is inherently 2D, accu-
rately inferring 3D structures remains challenging. Gaus-
sianAvatar (Hu et al. 2024) and HUGS (Kocabas et al. 2024)
address this by representing avatars using 3D Gaussians and
introducing learnable offsets to model appearance variations
associated with human motion. ExAvatar (Moon, Shiratori,
and Saito 2024) tackles the common limitation of prior
works that often neglect facial expressions and hand move-
ments by explicitly modeling these regions, resulting in sig-
nificantly enhanced avatar realism. Vid2Avatar-Pro (Guo
et al. 2025) and PGHM (Peng et al. 2025) enhance 3D per-
ception and robustness by pretraining on multi-view video
data to compensate for the limited 3D cues in monocular
inputs. Nevertheless, most monocular video-based methods
treat the outfit and human body as a unified whole during
optimization, overlooking their distinct motion patterns. In
contrast, our method explicitly models garment dynamics
through a dedicated CloSim module that captures clothing
motion across both spatial and temporal dimensions, en-
abling more accurate and detailed avatar reconstructions.

Clothing Reconstruction and Motion Simulation
Clothing reconstruction is essential for clothed human avatar
modeling, as garments often cover most of the body. How-
ever, the complex, non-rigid deformations of clothing dur-
ing motion lead to significant challenges in modeling its
geometry and appearance. To address this, many studies
focus on garment reconstruction. Garment4D (Hong et al.
2021) recovers fine cloth geometry directly from 3D point
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Method Inputs Design Outputs
Vid. Pre. Temp. Decomp. Anim. Trans.

AvatarRex Multi None ✗ ✗ ✓ ✗

PhysAvatar Multi None ✓ ✓ ✓ ✓

D3-Human Mono None ✓ ✓ ✗ ✓

ExAvatar Mono None ✗ ✗ ✓ ✗

Vid2Avatar-Pro Mono Multi ✗ ✗ ✓ ✗

Ours Mono Mono ✓ ✓ ✓ ✓

Table 1: Comparison of video-based human avatar recon-
struction methods. We compare each method based on in-
put type (Vid.), use of pretraining (Pre.), temporal modeling
(Temp.), clothing decomposition (Decomp.), animation sup-
port (Anim.), and ability of clothing transfer (Trans.).

clouds, leveraging their rich 3D information. GaussianGar-
ments (Rong et al. 2024) uses multi-view videos and 3D
Gaussians to jointly reconstruct garment geometry and ap-
pearance. PhysAvatar (Zheng et al. 2024) extends beyond
garments to reconstruct dressed humans with high-fidelity
geometry and appearance, incorporating physical fabric pa-
rameters to produce more realistic cloth dynamics.

In contrast, monocular videos provide limited 3D infor-
mation, making accurate reconstruction significantly more
challenging. Typically, recent works aim to infer human ge-
ometry directly from 2D input. Reloo (Guo et al. 2024) mod-
els loose clothing with virtual bone deformation for high-
quality monocular normal prediction. D3-Human (Chen
et al. 2025) reconstructs full-body garment geometry from
monocular input and supports dynamic cloth simulation dur-
ing animation. While these methods mainly focus on ge-
ometric reconstruction, achieving photorealistic rendering
still requires deeper integration of appearance modeling.

In this work, we propose a method for reconstructing
high-quality, animatable avatars from low-cost monocular
videos. By explicitly decoupling body components and in-
troducing a cloth-specific motion model, our approach op-
timizes Gaussian avatars to directly render dynamic human
animations with fine geometric and appearance details.

Method
Decomposed Clothed Human Avatar
Different parts of the human avatar present distinct chal-
lenges for reconstruction and animation, such as model-
ing subtle facial expressions, fine-grained hand articulations,
and the complex deformations of flexible garments. To ef-
fectively address these challenges, we decompose the human
avatar into functionally distinct components and apply ded-
icated optimization strategies to each. Inspired by (Zheng
et al. 2023) and (Moon, Shiratori, and Saito 2024), we use
FLAME (Li et al. 2017) to reconstruct facial geometry and
adopt joint-based optimization to capture detailed hand ar-
ticulations, enabling more accurate and robust reconstruc-
tion of these critical regions.

On the other hand, clothing poses a significant challenge
for modeling due to its diverse styles, soft materials, and
non-rigid deformation patterns, which lead to substantial
variations in geometry and appearance. These effects are dif-

ficult to capture using parametric models and rigid articula-
tions. To enable more realistic reconstruction, we decouple
clothing from the body and model it independently. Given
the limited 3D cues in monocular videos, we adopt SMPL-
X (Pavlakos et al. 2019) as a coarse 3D prior. We place one
3D Gaussian at each upsampled SMPL-X mesh vertex and
assign each to a semantic component. Formally, the com-
plete set of Gaussians G is decomposed as:

G = Gface ∪ Ghands ∪ Gcloth ∪ Gbody, (1)

where Gface, Ghands, and Gcloth denote the Gaussians associ-
ated with the face, hands, and clothing, respectively. The re-
maining Gaussians are assigned to Gbody.

Specifically, Gface and Ghands are obtained through ver-
tex correspondences between SMPL-X and the FLAME/-
MANO (Romero, Tzionas, and Black 2022) models, while
Gcloth is derived by 2D clothing segmentations. These 2D
segmentations serve as pseudo-ground-truth labels to train a
lightweight classifier that assigns semantic labels to Gaus-
sian points. To address errors caused by occlusions and
limited viewpoints in monocular videos, we introduce a
connectivity-based refinement step that corrects misclassifi-
cations and enforces spatial consistency. Please see the sup-
plementary material for more details.

MonoCloth Pipeline
Two-stage strategy. To address the challenge of learning
complex non-rigid motion dynamics from short monocular
video clips, we adopt a two-stage strategy that leverages a
broader collection of monocular videos to capture shared
patterns of human appearance and cloth motion. To enable
identity-specific representation, each subject is assigned a
compact latent code zi ∈ R64.

In Stage 1, we train on monocular videos of multiple sub-
jects to jointly reconstruct avatars of each individual. The
only identity-specific component is the latent code, enabling
the shared network to learn generalized priors for human ge-
ometry, appearance, and motion. Leveraging these learned
priors, we then fine-tune the pretrained model on a single
subject in Stage 2 to further enhance reconstruction fidelity.
Static reconstruction. In both training stages, avatar recon-
struction begins by decoding the latent code into a triplane
feature representation. Specifically, each identity i is asso-
ciated with a latent code, which is decoded by a shared de-
coder Dϕ parameterized by ϕ, as follows:

Ti = Dϕ(zi) = {T x
i , T y

i , T z
i } , (2)

where each T ∗
i ∈ RC×H×W is a 2D feature map (C =

32, H = 128, W = 128), and the set Ti forms a triplane
encoding both geometry and appearance information.

For feature extraction, inspired by (Kocabas et al. 2024)
and (Moon, Shiratori, and Saito 2024), we use an upsam-
pled SMPL-X mesh as the geometric base. To eliminate
shape variation across subjects, we set all identity-dependent
SMPL-X shape parameters to zero, resulting in a standard
reference mesh in the canonical space, denoted as vcano.
Given the vertices of vcano, we extract per-vertex features
featcano by bilinearly sampling across the three orthogonal
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Figure 2: MonoCloth pipeline. 1) We first reconstruct the static geometry and appearance in the canonical pose, where Gaus-
sian attributes are computed and decomposed into different components. 2) Combining static avatar features with multi-frame
SMPL-X parameters, we incorporate both spatial and temporal information to predict motion-dependent offsets that enrich
avatar details. 3) The reconstructed avatar is supervised using ground-truth RGB images, normal maps, depth maps, and more
auxiliary targets to jointly optimize appearance and geometry.

2D planes. For region-specific features such as featcloth, we
select the corresponding vertices based on the Gaussian set
G∗ of each component.

The extracted features are passed through geometry and
appearance decoder MLPs to predict per-vertex Gaussian
attributes, including the spatial displacement ∆x from the
subject-specific SMPL-X mesh vid, base color c, and scale
s. The identity-dependent mesh in the canonical pose is then
computed as vid = vcano +∆x. Following prior works (Hu
et al. 2024), we assume isotropic Gaussians with fixed opac-
ity of 1 to mitigate the limited information inherent in
monocular videos. The final Gaussian set G = {x, c, s} is
rendered via Gaussian Splatting to reconstruct the avatar’s
static geometry and appearance in canonical space.
Dynamic modeling. To simulate motion-dependent varia-
tions, we model the dynamics of different body regions in-
dependently. For exposed body parts such as arms and lower
legs, which undergo relatively minor non-rigid deformation,
we use a pose-dependent module to predict small displace-
ment offsets. In contrast, clothing exhibits complex, non-
rigid deformations driven by flexible material properties and
motion history. To better capture these dynamics, we intro-
duce the cloth motion simulation module (CloSim) that in-
tegrates both spatial and temporal information.

For the input to Closim, we combine the clothing feature
featcano from the canonical space with a sequence of SMPL-
X poses from multiple frames, enabling the input to capture
both geometric context and temporal dynamics. To ensure
sufficient motion variation, frames are sampled at a low fre-
quency (i.e., 5 FPS), with one frame before and one after the
current time step included to provide bidirectional temporal
context. MonoCloth adopts a temporal window as:

PT = {θT−∆t, θT , θT+∆t} , (3)
where θ denotes the SMPL-X pose parameters, and ∆t rep-
resents the temporal offset, set to 0.2 seconds.

Through CloSim, we obtain per-time-step offsets that en-
code motion dynamics relative to the canonical avatar.
Multi-target supervision. After obtaining the motion off-
sets, we adopt a deformation strategy that first applies the
offsets to the canonical pose and then performs Linear Blend
Skinning (LBS). This design ensures that the predicted off-
sets are defined independently of articulation, allowing the
model to learn generalizable motion patterns across indi-
viduals without being affected by the transformations intro-
duced by LBS. The deformation process is defined as:

vt = LBS(vid +∆xt, θt), (4)
where vid is the mesh in the canonical pose and ∆xt denotes
the predicted per-vertex offset at time t.

To enhance the model’s 3D perception, we compute per-
vertex normals nt and depth values dt from the deformed
mesh vt. These quantities are then rendered into 2D nor-
mal and depth maps, denoted as N̂t and D̂t, using Gaus-
sian Splatting. The rendered maps are supervised by pseudo
ground-truth Ngt

t and Dgt
t , generated by the vision foun-

dation model Sapiens (Khirodkar et al. 2024). This addi-
tional supervision improves the geometric accuracy of the
reconstructed avatar and enhances the fidelity of motion-
dependent surface details.

Cloth Simulation Module
Clothing is particularly challenging to model in human mo-
tion due to its flexible and loose nature, resulting in com-
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plex, non-rigid variations in geometry and appearance across
frames. To address this, we propose CloSim to capture de-
tailed garment dynamics. Leveraging avatar decomposition,
we first decouple the clothing regions from the full-body
avatar. Then, to capture the rich geometric and appearance
details of garments, we employ a dedicated feature extrac-
tion branch, which enables fine-grained representations for
subsequent reconstruction and refinement.
Spatio-temporal modeling. To capture cloth dynamics dur-
ing avatar motion, we model overall deformation as the col-
lective behavior of clothing-related Gaussian points Gcloth.
Due to the spatial continuity of cloth geometry, the motion
of each point is influenced by its neighbors, making it es-
sential to model their interactions. To this end, we employ a
Graph Convolutional Network (GCN) (Kipf 2016) that en-
ables information propagation across connected points, al-
lowing each point to incorporate local deformation context
and better capture collective motion patterns:

Zt = GCN
(
Concat( featcano, featpose

t ), E
)
, (5)

where Zt ∈ RN×d denotes the encoded features for all
Gaussians, each with dimension d = 128. The GCN pro-
cesses the concatenation of the canonical-space features
featcano ∈ RN×96 and body pose feature featpose

t ∈ RN×126,
using the mesh connectivity E to guide message passing.

Monocular avatar reconstruction methods typically rely
solely on body pose to drive deformation. However, this
is insufficient for modeling the complex dynamics of gar-
ments, which are influenced not only by pose but also by
inertia, gravity, and other physical factors. Capturing tem-
poral continuity is therefore essential. To model these se-
quential dependencies, we integrate a Gated Recurrent Unit
(GRU) (Chung et al. 2014), enabling the network to track
motion trajectories and evolving garment states over time:

{
∆xt, ∆ct, ∆st

}T

t=1
= Ψ

(
GRU({Zt}Tt=1, h0)

)
, (6)

where ∆xt ∈ R3, ∆ct ∈ R3, and ∆st ∈ R represent
the predicted residuals for position, color, and scale of each
Gaussian point at time t, respectively. Given the sequence of
encoded features {Zt}Tt=1 and an initial hidden state h0, the
GRU generates temporally-aware embeddings, which are
subsequently decoded by a lightweight MLP Ψ. The out-
put lies in RT×N×7, representing per-frame offsets for all
N points across T frames.
Sampling strategy. To improve the model’s robustness to
temporal variation, we adopt a data augmentation strategy
based on random supervision during training. Specifically,
while CloSim consistently receives inputs at PT and out-
puts motion offsets {∆xt, ∆ct, ∆st} for the frames {T −
∆t, T, T + ∆t}, supervision is applied only at randomly
sampled time points t ∈ [T −∆t, T +∆t], with the corre-
sponding offset computed via linear interpolation as:

∆x̂t = (1− α)∆xT−∆t + α∆xT+∆t, (7)

where α represents the normalized position of t within the
interval. The offsets ∆ĉt and ∆ŝt are computed similarly.

Loss Functions
Rendering loss. To supervise the rendered images Ipred
against the ground truth Igt, we employ a combination of
L1 loss Lrgb, structural similarity loss Lssim, and perceptual
loss Llpips, encouraging both pixel-level accuracy and per-
ceptual fidelity. To further enhance appearance reconstruc-
tion in clothing regions, we introduce an additional loss term
Lcloth, computed between the rendered 3D clothing and the
masked 2D clothing image, to better capture fine-grained
garment details.
Geometry loss. To capture the fine-grained dynamics of
cloth motion, we introduce explicit supervision on 3D geom-
etry. Given the deformed mesh, we compute vertex normals
and encode them as RGB values for the corresponding Gaus-
sian points. The rendered normal map Npred is compared
with the reference map Ngt from Sapiens (Khirodkar et al.
2024) using a cosine similarity loss: LN = 1−⟨Npred,Ngt⟩.
Similarly, the depth map Dpred is supervised using an L1
loss against the ground truth Dgt: LD = ∥Dpred − Dgt∥1.
To improve boundary alignment, we also apply a silhou-
ette loss between predicted and ground-truth masks: LS =
∥Spred − Sgt∥22. The final geometry loss is defined as:

Lgeo = λNLN + λDLD + λSLS, (8)
where the weights are set to λN = 5, λD = 1, and λS = 2.
Temporal loss. To enforce temporal coherence across
frames, we introduce a temporal consistency loss that penal-
izes temporal discontinuities in geometry, color, and scale
offsets between consecutive frames. Specifically, let ∆xt,
∆ct, and ∆st denote the predicted offsets at frame t. The
temporal loss is defined as:

Ltemp = λtemp

T−1∑
t=1

(
∥∆xt+1 −∆xt∥22

+ ∥∆ct+1 −∆ct∥22 + ∥∆st+1 −∆st∥22
)
,

(9)

where λtemp = 0.1 controls the strength of temporal regu-
larization. This encourages smooth transitions over time and
reduces artifacts in cloth animation.
Final loss. In addition to the core loss terms described
above, we incorporate several auxiliary losses to improve
training stability and reconstruction accuracy. Inspired by
(Moon, Shiratori, and Saito 2024), we introduce regulariza-
tion terms such as L2-norm penalties on the predicted off-
sets to stabilize geometry optimization. For facial and hand
regions, Gface and Ghands, we further apply vertex-level su-
pervision based on parametric models, directly constraining
the 3D positions of the associated Gaussian points. This en-
hances the robustness and precision of geometry reconstruc-
tion in these high-detail areas. All loss components are com-
bined to form the final training objective L. Please refer to
the supplementary material for more details.

Experiments
Experimental Setups
Datasets and metrics. We conduct training and evaluation
on two monocular human video datasets: NeuMan (Jiang
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GT Ours ExAvatar Vid2Avatar GaussianAvatar

Figure 3: Qualitative results on NeuMan. Our method achieves the highest overall visual quality, particularly in reconstructing
fine clothing textures as well as facial and hand details.

et al. 2022) and X-Humans (Shen et al. 2023). The NeuMan
dataset contains in-the-wild motion videos of six individu-
als, with frames down-sampled to increase pose variation
between adjacent frames. Given its low frame rate and non-
consecutive testing frames, NeuMan serves as a benchmark
for evaluating avatar reconstruction and generalization to
novel poses. In contrast, X-Humans provides a larger collec-
tion of high-quality monocular videos captured in controlled
laboratory settings. It contains motion data from 20 subjects,
along with corresponding RGB-D videos, 3D meshes, and
SMPL parameters. In our experiments, we only use the RGB
videos of 10 subjects as input to evaluate the model’s perfor-
mance on temporally continuous video sequences.

We evaluate the rendering quality of all methods using
PSNR, SSIM, and LPIPS (Zhang et al. 2018) metrics. Since
the NeuMan dataset contains outdoor backgrounds, we ap-
ply a mask to replace the background with a white canvas
before the evaluation. This ensures that the evaluation fo-
cuses solely on the quality of the avatar reconstruction.

Implementation details. We use only five subjects from the
X-Humans dataset with large appearance and motion vari-
ations for Stage 1 training, aiming to assess the potential
of pretraining to enhance model performance. The model is
optimized using the Adam optimizer with an initial learn-
ing rate of 10−3. On a single NVIDIA RTX 4090 GPU,
our method takes approximately 5 minutes to complete 3D
clothing segmentation and around 3.5 hours to reconstruct
a single subject from the NeuMan dataset on average. We
provide more details in the supplementary material.

Method PSNR ↑ SSIM ↑ LPIPS ↓
HumanNeRF 27.06 0.967 1.92
InstantAvatar 28.47 0.972 2.77
Vid2Avatar 29.48 0.976 1.85
3DGS-Avatar 29.75 0.975 1.75
GaussianAvatar 28.90 0.974 1.81
ExAvatar 31.70 0.982 1.47
∗Vid2Avatar-Pro 32.71 0.983 1.19
Ours (w/o pretrain) 33.18 0.985 1.28
Ours (full) 33.53 0.986 1.20

Table 2: Quantitative results on NeuMan. LPIPS is mea-
sured on the scale of 10−2. The best and second-best results
are highlighted in boldface and underlined, respectively.

Evaluation and Comparison
We first evaluate the quality of avatar reconstruction on the
NeuMan dataset. Following previous works (Hu et al. 2024),
we use four high-quality sequences (e.g., Seattle, Bike, Cit-
ron, and Jogging) for quantitative evaluation. Tab. 2 presents
comparisons between our method and several state-of-the-
art approaches. Some results are partially sourced from (Hu
et al. 2024) and (Guo et al. 2025). While all methods recon-
struct avatars from monocular videos, Vid2Avatar-Pro (Guo
et al. 2025) leverages pretraining on a large-scale multi-view
dataset, providing stronger 3D priors at the cost of increased
data collection complexity. To highlight this distinction, we
mark it with a star in Tab. 2. To ensure a fair comparison,
we report both the results of our full method and an ablated
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version without any pretrained model. Benefiting from our
part-based optimization design, our approach achieves state-
of-the-art performance even without monocular video pre-
training. Fig. 3 visualizes the reconstruction and animation
results, showing that our method produces the highest over-
all quality, especially in capturing detailed clothing textures
as well as facial and hand details.

Method PSNR ↑ SSIM ↑ LPIPS ↓
ExAvatar 29.41 0.973 2.24
Ours 30.68 0.976 2.21

Table 3: Quantitative results on X-Humans. Our method
achieves superior performance in video animation quality.

Tab. 3 presents the evaluation results on the X-Humans
dataset, where we compare our method against ExA-
vatar (Moon, Shiratori, and Saito 2024), which is the
strongest baseline on the NeuMan dataset. Our method con-
sistently outperforms ExAvatar across all metrics. Since
both the training and testing sequences in X-Humans are
temporally continuous, modeling clothing dynamics over
time becomes especially critical. As shown in Fig. 4, ExA-
vatar suffers from noticeable artifacts when handling drastic
motions, while our method demonstrates superior robustness
and temporal stability.

GT ExAvatar Ours

Figure 4: X-Humans com-
parison. Temporal modeling
improves clothing stability.

Render w/o Lgeo w/ Lgeo

Figure 5: Geometry loss
ablation. Geometry super-
vision reduces 3D artifacts.

Ablation Studies
We conduct ablation studies on several key components of
our method to assess their individual contributions. The re-
sults are summarized in Tab. 4, where we evaluate the im-
pact of CloSim, temporal modeling, and geometry supervi-
sion. Removing motion offsets ∆∗ from CloSim and relying
solely on LBS in canonical space leads to the loss of motion-
dependent details and a significant drop in reconstruction
quality. Without temporal sampling (i.e., multi-frame sam-
pling strategy), the model cannot effectively capture tempo-
ral context, resulting in degraded rendering quality and ani-
mation smoothness. Fig. 5 illustrates the effect of the geom-
etry loss. Without geometry supervision, the inherent lack
of 3D information in monocular video can lead to inaccu-
rate estimation of clothing geometry. While the model may

overfit the training views to produce visually plausible re-
sults, it often results in distorted or implausible geometry
when rendered from novel viewpoints.

Method PSNR ↑ SSIM ↑ LPIPS ↓
w/o ∆∗ 31.93 0.983 1.40
w/o temporal 33.00 0.985 1.29
w/o Lgeo 32.55 0.985 1.30
Ours 33.53 0.986 1.20

Table 4: Ablation studies. Evaluation on the impact of mo-
tion offsets ∆∗, temporal sampling, and geometry loss Lgeo.

Applications
Our part-based decomposition and targeted optimization not
only enhance reconstruction quality but also offer greater
flexibility for downstream applications such as avatar edit-
ing. As illustrated in Fig. 6, we showcase a virtual try-on ex-
ample by transferring garments from the subject “Bike” to
“Citron” in the NeuMan dataset. By adjusting the SMPL-X
parameters and refining the garment-body attachment, our
method enables effective clothing transfer across different
subjects. Moreover, since both the body and clothing avatars
in our method are animatable, the virtual try-on results can
be rendered as videos, providing a compelling visual expe-
rience for dynamic clothing transfer.

Origin New clothed avatar

Figure 6: Clothing transfer. Avatars with new garments
support animation and novel-view synthesis as the original.

Conclusion
We propose a novel framework for reconstructing clothed
human avatars from monocular videos. To handle the
varying reconstruction difficulty and motion characteristics
across body parts, we decompose the avatar into components
and apply targeted optimization strategies. For the clothing
region, which involves complex non-rigid motion, we intro-
duce the cloth simulation module that incorporates spatio-
temporal information and geometric supervision to enable
more physically plausible garment dynamics. The resulting
avatars support high-quality animation, novel-view synthe-
sis, and applications such as clothing transfer, demonstrating
the flexibility and generality of our approach.
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