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Figure 1. Gaussian Wardrobe is a novel approach to digitalize compositional 3D Gaussian avatars from multi-view videos. The learned
neural garments are subject-agnostic. Therefore, they can be stored, reused, and seamlessly recombined with new subjects. Leveraging
Gaussian Wardrobe, we realize a practical 3D avatar virtual try-on application. Our method demonstrates the capabilities of modeling the
dynamics of challenging free-form clothing such as skirts, dresses, and open jackets.

Abstract

We introduce Gaussian Wardrobe, a novel framework to
digitalize compositional 3D neural avatars from multi-view
videos. Existing methods for 3D neural avatars typically
treat the human body and clothing as an inseparable en-
tity. However, this paradigm fails to capture the dynam-
ics of complex free-form garments and limits the reuse of
clothing across different individuals. To overcome these
problems, we develop a novel, compositional 3D Gaussian
representation to build avatars from multiple layers of free-
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form garments. The core of our method is decomposing
neural avatars into bodies and layers of shape-agnostic
neural garments. To achieve this, our framework learns
to disentangle each garment layer from multi-view videos
and canonicalizes it into a shape-independent space. In ex-
periments, our method models photorealistic avatars with
high-fidelity dynamics, achieving new state-of-the-art per-
formance on novel pose synthesis benchmarks. In addition,
we demonstrate that the learned compositional garments
contribute to a versatile digital wardrobe, enabling a prac-
tical virtual try-on application where clothing can be freely
transferred to new subjects.
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1. Introduction

Recent advancements in neural representations have en-
abled the creation of photorealistic human avatars with re-
markable fidelity [12, 32]. These avatars are key across var-
ious XR applications, including telepresence, digital fash-
ion, and entertainment. However, these methods predomi-
nantly train a dedicated neural network to model a clothed
human as an indivisible whole. This one-to-one paradigm
limits scalability and prevents avatars for broad user bases.
To overcome this bottleneck, a fundamental property is re-
quired for a scalable avatar system: Compositionality.

Current neural avatar methods typically represent a
clothed human as a single entity [10, 25, 32, 42, 47].
While this formulation can efficiently drive the avatars with
skeletal deformations from a parametric body model (e.g.,
SMPL-X [46]), it strongly assumes that clothing is a sim-
ple extension of the body and directly deforms with it. This
strategy, therefore, fails to capture the dynamics of common
garments like open jackets or skirts, which have topologies
distinct from the body and do not conform to underlying
bone movements. Some recent attempts [7, 8, 11, 58] have
begun to incorporate explicit clothing modeling as a dis-
tinct entity. Nevertheless, the underlying deformations of
the avatar and its garments remain entangled. This contra-
dicts the real-world nature of clothing, which can be reused,
swapped across individuals, and realistically animated on
novel human subjects. The deformation aspect has been
largely overlooked and represents the critical factor of com-
positionality. 1deally, neural avatars should be decomposed
into compositional neural garments, defined both in terms
of geometry and garment-specific deformation. These gar-
ments ought to be subject-agnostic and designed for free
recombination across avatars, thereby enabling a versatile
digital wardrobe.

In this work, we present Gaussian Wardrobe, a novel
framework for digitalizing compositional neural avatars
from multi-view videos. Our method encodes garments of
arbitrary topology as animatable 3D Gaussian representa-
tions, enabling realistic and dynamic deformations. The
central innovation lies in decomposing a complete human
avatar into a collection of subject-agnostic neural garments.
As illustrated in Fig. 1, the garments together form a digi-
tal wardrobe that can be recombined and transferred across
subjects, thereby facilitating applications like 3D virtual
try-on. The resulting avatars exhibit high-fidelity rendering
while faithfully capturing realistic motion dynamics across
diverse clothing categories.

At the core of our method is a novel compositional rep-
resentation designed for garments with arbitrary topologies.
We build upon the recent template-based method of Ani-
matable Gaussians [32], but introduce three critical mod-
ifications to achieve our goals of compositionality. i) We
segment the input template mesh into distinct body and gar-

ment components to enable a compositional representation.
This decomposition facilitates more accurate modeling of
clothing geometry, appearance, and non-linear motion us-
ing 3D Gaussians. ii) All garments are canonicalized into a
zero-shaped space to guarantee cross-subject composition-
ality. In this way, the learned appearance and deformation
models become inherently shape-agnostic and thus trans-
ferable across subjects. 1iii) A dedicated learning frame-
work with carefully designed loss functions is developed
to disentangle each garment layer from the input videos.
Once trained, these layers are represented as reusable neural
assets, collectively forming a digital wardrobe for diverse
downstream tasks.

Complementing this reconstruction scheme, we design
a practical 3D virtual try-on application with Gaussian
Wardrobe. Our system leverages the created collection
of reusable subject-agnostic neural garments and transfers
them to a new user’s body shape. During a try-on session,
the target user’s identity is defined by their body Gaussians
and shape parameters. We then combine this identity with
the 3D Gaussians of the selected garments and animate the
avatar according to a sequence of driving poses. To miti-
gate potential surface penetrations under drastically out-of-
distribution pose animations, we propose an online pene-
tration detection mechanism integrated into the rendering
pipeline. This strategy enables the detection of interpene-
trations between layers and the correction of resulting visual
artifacts during rendering.

In our experiments, we demonstrate that the proposed
framework creates photorealistic and compositional avatars
across diverse garments with complex topologies. We
further establish state-of-the-art performance on the 4D-
DRESS [62] and Actor-HQ [23] benchmarks for novel pose
synthesis. In summary, our contributions are threefold:

* A novel compositional 3D Gaussian-based approach
capable of modeling 3D human avatars in complex,
free-form garments.

* A reconstruction scheme that learns to decompose an
avatar into distinct neural garments and models their
dynamic deformations from multi-view video.

* A novel framework to produce subject-agnostic neural
garments that enable compositional 3D virtual try-on
across subjects with diverse body shapes.

2. Related Work

Animatable 3D human avatar. Traditionally, 3D human
avatars were created using pre-scanned human meshes [ 13—
15, 66] or extensions of parametric body models [1, 2, 28,
59, 67]. However, these approaches often suffer from lim-
ited representational capability. To address this issue, the re-
search community introduced neural representations, such
as implicit neural fields [39, 44], Neural Radiance Fields
(NeRF) [40], and 3D Gaussians [29], to model clothed hu-



mans as neural avatars. Numerous works have since been
proposed to digitize these avatars from 3D scans [5, 32, 53],
monocular videos [10, 21, 22, 25-27, 42, 47], and even sin-
gle images [19, 51, 64, 65, 71]. While these methods pro-
duce high-quality appearances, they represent the body and
clothing as a single entity, which limits their expressiveness
for modeling free-flowing garments.

Recently, another stream of work has emerged that ex-
plicitly models garments as a separate entity. These ap-
proaches extend the underlying parametric body models
with additional implicit [6-8, 11, 24, 41, 60] or explicit
representations [33, 36-38, 49, 58, 68, 74] to capture the
complex surface deformations of clothing. However, a fun-
damental limitation is that the deformations of the avatar
and its garments remain entangled, thereby restricting their
applicability in realistic virtual try-on settings. While some
attempts incorporate physically-simulated training data or
physics-informed objectives [9, 31, 50, 52, 55, 72], they
typically focus on modeling the geometric deformation of
a single garment and do not support holistic animation of
the human body together with garments comprising mul-
tiple layers. The work most closely related to ours is
LayGA [34], which models multi-layer garments using 3D
Gaussians derived from an underlying SMPL-X body mesh.
Although this approach enables compositional virtual try-
on, its reliance on parametric body meshes restricts its
ability to represent free-form loose clothing, such as open
jackets and skirts, whose dynamics are only weakly corre-
lated with skeletal deformations. In this work, we address
this limitation by integrating mesh-based garment model-
ing with state-of-the-art animatable 3D Gaussian represen-
tations. This integration enables our method not only to
support novel clothing transfer for tight-fitting garments but
also to achieve compelling results when dressing subjects in
loose outfits.

Avatar virtual try-on and editing. The literature on vir-
tual try-on has mostly focused on composing outfits within
2D images [16, 54, 56]. With recent developments in XR
technology, 3D virtual try-on has emerged as a significant
research area. Conventionally, 3D avatar customization
was achieved by combining extensive collections of human
scans with artist-designed 3D assets [3, 75]. To avoid this
time-consuming process, recent approaches [4, 17, 43, 73]
have leveraged Score Distillation Sampling (SDS) [48] to
edit avatar appearance and clothing using text prompts.
While these techniques offer flexibility, their lengthy op-
timization times limit their practicality.

More closely related to our work are methods that re-
construct interchangeable 3D avatars for virtual try-on and
editing [18, 34, 70]. For instance, CustomHumans [18]
learns a generative model over SMPL-X body meshes, en-
abling the swapping of local appearances at each mesh face.

Similarly, LayGA [34] uses SMPL-X meshes to predict 3D
Gaussians for garments, while LayerAvatar [70] employs
diffusion models to generate clothing textures and displace-
ments from the UV maps of parametric bodies. A signifi-
cant limitation of these methods is that their compositional
ability stems from the shared topology of the underlying
parametric mesh. This dependence restricts them to model-
ing only a few garment layers and fails to capture the free-
form dynamics of real-world clothing. In contrast, Gaussian
Wardrobe is inspired by mesh-based neural avatars [32, 50],
which offer greater capacity to model diverse garments and
achieve a more realistic virtual try-on experience.

3. Gaussian Wardrobe

Preliminary. Our compositional Gaussian Avatar is built
upon the framework of Animatable Gaussians [32]. Given
a multi-view video {I,,, ,,} of a human subject, where m is
the frame index and n is the camera index, we register the
subject’s shape and per-frame body pose parameters. We
use the SMPL-X [46] parametric body model, which de-
fines shape with 3 € R0 PCA coefficients and pose with
parameters § € R2130+3+1 (comprising 21 body joint ro-
tations, 30 hand parameters, 3 facial joint rotations, and a
global orientation).

The Animatable Gaussians method utilizes a mesh tem-
plate and a pose-conditioned U-Net to represent the avatar.
To create the template, we first select the first video frame
{I1,,}, which should feature a pose close to the standard A-
pose. We then reconstruct a mesh from this frame using the
multi-view data and repose it into a pre-defined canonical
pose. This template, denoted as M in Fig. 2 (left), is used to
render pose-dependent positional maps for any given body
pose 6,,,. The U-Net is trained to predict the parameters of
3D Gaussian primitives for various input poses, which en-
ables the avatar to be driven by novel movements.

Method overview. The overall framework of our method,
Gaussian Wardrobe, is summarized in Fig. 2. In Sec. 3.1,
we present our approach for augmenting the Animatable
Gaussians representation to support compositionality and
model free-form neural garments. Next, in Sec. 3.2, we
introduce the learning framework used to decompose indi-
vidual garment layers from multi-view videos. Finally, in
Sec. 3.3, we demonstrate a practical application of 3D vir-
tual try-on using a collection of trained neural garments that
form a digital wardrobe.

3.1. Compositional Gaussian Representation

A single template mesh is insufficient for modeling the
complex dynamics of free-form clothing. Moreover, be-
cause the template encodes subject-specific shape informa-
tion (), it is not suitable for generalization across differ-
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Figure 2. Gaussian Wardrobe digitalizes compositional neural avatars from multi-view videos.
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Our pipeline consists of two major

components: (left) a compositional Gaussian representation and (right) a framework for learning neural garments. We first reconstruct a
mesh template M from the first video frame and segment it into body My, garment templates M ., ¢} in the zero-shaped canonical space.
During training, each layer learns a separate U-Net F to predict the parameters of 3D Gaussian primitives M from pose-conditioned
positional maps P. We composite the 3D Gaussians G from all layers and render RGB images I and segmentation masks S to compute
the training loss £. The learned neural garments are shape-agnostic and can seamlessly transfer to other subjects for avatar virtual try-on.

ent subjects. To address these limitations, we design a new
compositional Gaussian representation.

First, to make the template shape-agnostic, we deform it
into a canonical, zero-shape space by removing the subject-
specific shape blendshapes 3. Specifically, each vertex v!
on the original template is displaced to a new position v§
following: v¢ Zb 1 Bvop;. Here, By is the b-th
PCA shape coefﬁ(:lent, and oy, is the corresponding blend-
shape offset for the ¢-th vertex. To obtain these offsets for
our custom template M, we adopt the strategy from Fast-
SNAREF [5], which involves voxelizing and diffusing the
SMPL-X blendshape offsets into a 643 voxel grid. The
value of op; for each vertex is then queried by trilinearly
interpolating the values in this grid at the position of v?.

—V

After obtaining the shape-agnostic template, we perform
3D segmentation [62] to separate the body from the differ-
ent garment layers. Specifically, we segment the template
into upper (M,,), lower (M,), and optional outer (M,)
garment layers to model their dynamic deformations. To
capture the underlying skeletal motion, we use a separate
SMPL-X body mesh (Mj). The meshes for regions like
hair and shoes are merged with this body mesh to better
preserve their details. We visualize these multi-layer, shape-
agnostic templates in Fig. 2 (left).

For each layer L € {b,u, (¢}, we follow the approach
of Animatable Gaussians [32] to generate two feature maps
from its corresponding template mesh M. First, we cre-
ate front-and-back coordinate maps C;, € R2XHXWX3 py
rasterizing the template from orthographic front and back
views. Each pixel in these maps stores the 3D position of a

point on the template, defining the initial state of the 3D
Gaussians. Second, we deform the template mesh using
Linear Blend Skinning (LBS) with the registered pose pa-
rameters 6,,, to generate posed positional maps Pr,(6,,) €
R2XH*Wx3 These maps have the same dimensions as the
coordinate maps, but each pixel stores the new 3D position
of the corresponding point after deformation.

These positional maps serve as input to a set of layer-
specific neural networks, ;. Each network is trained
to predict a corresponding front-and-back Gaussian map
M, € R2x2Hx2Hx(14) which represents the clothing or
body part in the target pose 6,,

My = (Cp,Pr(0m)) & My, L€ {but}. (1)
Each pixel in the output Gaussian map M, defines a 3D
Gaussian primitive with parameters: positional offset, rota-
tion, opacity, scale, and color [Ap¢, q;, a;,8;,¢;] € R,
The associated covariance matrix is calculated as X; =
RSSTRT, where R is the rotation matrix derived from q;,

and S is the diagonal scaling matrix derived from s;.

3.2. Learning Compositional Neural Garments

Given multi-view video frames {I,,,} and their corre-
sponding body poses 6,,,, our goal is to train a separate neu-
ral network for each garment layer to model its dynamics.
To do so, the predicted shape-agnostic Gaussian primitives
must be deformed back into the target posed space. This al-
lows them to be rendered and compared against the ground-
truth 2D images for computing training losses.



For a Gaussian primitive from any layer L € {b,u, ¢},
we start with its canonical position p§ from the coordinate
map Cp. We first apply the network’s predicted positional
offset Ap$. Next, we transform this updated point from the
canonical space into the final posed space by reapplying the
subject-specific shape blendshapes S and performing LBS
with respect to the pose 6,,. This process updates the posi-
tion and rotation of each Gaussian primitive as follows:

55 10
Pi = > wi; (R;(p§ + Ap§ + Y _ Bow) + t5),
=1 b=1
A o 2
=1

Here, (R;,t;) is the j-th bone transformation mapping
from the canonical pose to the target pose 6,,, and w;; are
the skinning weights obtained via the voxelized field strat-
egy discussed in Sec. 3.1.

After this deformation, we obtain a set of renderable
3D Gaussians for each layer Gy, correctly positioned in the
posed space. As shown in Fig. 2 (right), we composite the
Gaussians from all layers and use a splatting-based raster-
izer Rgpiat(-) to render RGB images (I m,n) and segmenta-

tion masks S, ,, from the n-th camera viewpoint IT,:

(gbv gua gZ) 'M) (fm,na gm,n) (3)

Finally, we jointly optimize all layer-specific U-Nets using
the objective functions described next.

Photometric losses. Similar to standard 3D Gaussian
Splatting, we enforce photometric loss between the ren-
dered images (fm,n) and the ground-truth video frames
(Um,n). The loss is a combination of L loss, SSIM [63]
loss, and LPIPS [69] loss terms:

Eim :Z (”jm,n - Im,n||1+
mon )

)\1£SSIM(fm,n7 Im;n) + )\2‘CLpips(IAm7n7 Im,n)) .

To improve facial detail, we extract the face regions (F’)
from both the rendered and ground-truth images and com-
pute an additional face-specific LPIPS loss:

L= Z A Lgips(Fnns Frnn)- 5)

m,n

Segmentation losses. A primary objective of our method
is to ensure that each garment layer is correctly decomposed
and separated. To enforce this, we employ a segmentation
loss inspired by D3GA [74]. We first assign a distinct color
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Figure 3. Exemplar of avatar virtual try-on. Given a recon-
structed avatar (left), we replace its lower garment with a new
skirt, Mj. The combined avatar can be animated to a novel pose
', which may introduce minor penetration artifacts (middle). We
resolve these artifacts on-the-fly during rendering with our online
penetration detection algorithm (right).

to the Gaussians from each layer and render multi-class seg-
mentation masks S’mm (visualized in Fig. 2 (right)). These
are compared against ground-truth masks S,, , obtained
from an off-the-shelf segmentation model [62].

Furthermore, since the underlying body has minimal
pose-dependent dynamics, its shape should remain close to
the registered template. We enforce this by rendering body-
only masks, Sﬁln = Replat (Gp; I1,,), and comparing them
to masks rendered from the input body template Sﬁl’n. The
total segmentation loss is:

L= (AgllSmn = Smnllz + MesL]|S5, ,, = Sb 1)
’ ©6)

Regularization. We include two types of regularization
to ensure the reconstructed neural body and garments are
physically plausible.

First, to prevent inner layers from penetrating outer lay-
ers, we introduce a penetration loss. For a Gaussian at po-
sition p,, on an outer layer (e.g., a shirt), we find its nearest
neighbor at position p; on the adjacent inner layer (e.g., the
body). We then enforce that the signed distance between
them along the inner layer’s normal vector n;, should be
larger than a minimum threshold e. This is formulated as a
squared hinge loss:

Lpe = max(e — (py — Pv) - My, 0)2. (7)

Note that this regularization is applied between all adjacent
layers. Please see the supplementary material for details on
estimating the normal vectors ny.

Second, we apply several geometric regularizations
for stable convergence. These include an offset term
L, = ||Ap||3 to penalize large Gaussian displacements; a



smoothing term Ly, = ||Ap — Apar||3 to ensure coherent
offsets among neighboring Gaussians; and a body opacity
term Ly, = — log(ay) to encourage the body layer to be
fully opaque. The regularization terms are combined into a
single loss:

£reg = )\pe‘cpe + )\o»co + )\sm»csm + >\b0£bo' (8)

Full Objective. Finally, we jointly optimize all U-Nets by
minimizing the full loss function, which is a weighted sum
of all components:

Efull = Lim+ Ls + ['sg + Ereg- 9

The A(.) terms are hyperparameters used to balance each
loss component. Their specific values are listed in the sup-
plementary material.

3.3. Avatar Virtual Try-on

Once trained, each shape-agnostic garment layer can be
stored, reused, and seamlessly swapped across multiple hu-
man subjects. We exploit this compositional nature to de-
velop a practical virtual try-on application.

In this application, the user’s identity is defined by their
body shape parameters 5* and the corresponding body tem-
plate and U-Net (M, F;). This ensures that their unique
skin tone, hairstyle, and face remain consistent during a try-
on session. With the body fixed, we can replace any garment
layer’s template and network, such as (M?%AO}, ]:fu,ao})
with other clothing items from our digital wardrobe. For
example, a user can swap shorts for a skirt by replacing
(M, F) with a new pair (M}, F;) as shown in Fig. 3
(left). Finally, we composite a new set of 3D Gaussians
for the complete outfit and render a final image I’. This
step follows the deformation process in Eq. (2) but uses the
user’s shape 3*, a novel driving posef’, and a target camera
matrix IT':

(Ir)

(M;, My, My) 5 (Gg, 6, gy B T

(10)

Penetration-aware Rendering. While our penetration
regularizer effectively suppresses penetration during train-
ing, minor visual artifacts may still persist during anima-
tion, particularly with out-of-distribution poses (see Fig. 3
(middle)). To resolve this, we developed a simple yet ef-
ficient online correction algorithm that integrates directly
into the rendering pipeline. During inference, alongside the
RGB image, we render multi-class segmentation masks S’
for the composed outfit. We then apply a contour-finding al-
gorithm [57] to these masks to detect discontinuous regions,
which indicate potential inter-garment penetration. By an-
alyzing the depth values of the Gaussians within these de-
tected regions, we can confirm if a pixel from an inner layer

Method ‘ PSNR1 SSIM?T LPIPS |
4D-DRESS [62]

Animatable Gaussians [32] 27.75 0.9577 0.0531

LayGA [34] 27.58 0.9574 0.0543

Gaussian Wardrobe (Ours) 28.06 0.9579 0.0527
ActorsHQ [23]

Animatable Gaussians [32] 27.92 0.9411 0.0418

LayGA [34] 27.80 0.9413 0.0421

Gaussian Wardrobe (Ours) 28.38 0.9436 0.0397

Table 1. Evaluation of novel pose synthesis on 4D-DRESS and
ActorsHQ datasets. Best results are highlighted in bold. Our
method consistently outperforms all baselines on all evaluation
metrics (c¢f. Fig. 4).

was rendered on top of an outer layer. If penetration is con-
firmed, we correct the erroneously rendered pixel by replac-
ing its color with that of the correct outermost garment. As
shown in Fig. 3 (right), this post-processing step effectively
removes visual artifacts. This algorithm is efficient for cor-
recting penetrations on the fly.

It is worth noting that we do not explicitly handle inter-
layer penetration like previous methods [34, 60], since our
goal is to produce realistic 2D rendering rather than to solve
the correct 3D geometry. With our online correction strat-
egy, we can mitigate the expensive geometry optimization
process and simplify the problem to selecting among the
rendering layers more efficiently.

4. Experiments
4.1. Experiment Setup

Datasets. We evaluate our method on two public datasets:

4D-DRESS [62] and ActorsHQ [23].

* 4D-DRESS contains multi-view videos of 32 subjects in
diverse outfits and challenging poses. For our method,
we select 7 subjects (16 distinct garments in total) and
use 700-1100 frames from 12 camera views for training,
holding out 300 frames per subject for evaluation. Due to
the significant training time of baseline methods, we re-
train them on a representative subset of 3 of these subjects
for comparison.

* ActorsHQ features multi-view videos of 8 subjects per-
forming simpler body poses. From this dataset, we uti-
lize 3 subjects, with approximately 1000 training frames
and 350 test frames captured from 14 views. All methods
were trained on the same data for this dataset.

Evaluation Protocol. For the quantitative evaluation of
novel pose synthesis, we report three standard metrics:
PSNR, SSIM [63], and LPIPS [69]. Additionally, to specifi-
cally assess the quality of our garment decomposition in the
ablation studies, we employ segmentation metrics including
mean mloU, Recall, and F1-Score.
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Figure 4. Qualitative comparisons of novel pose synthesis on 4D-Dress and ActorsHQ datasets. Our method can better model the
dynamics of free-form garments, such as skirts (top) and vests (middle), and generate realistic renderings with sharper facial and garment
details. In contrast, the baseline methods suffer from artifacts, such as blurry faces and semi-transparent clothing, and fail to reproduce fine

details like wrinkles or pockets.

4.2. Novel Pose Synthesis Comparisons

We compare our method against two state-of-the-art base-
lines: Animatable Gaussians [32] and LayGA [34]. For An-
imatable Gaussians, we use the official public implementa-
tion and adhere to the default training configurations. As the
source code for LayGA is not public, we re-implemented
the method based on direct guidance from the original au-
thors to ensure fidelity. To ensure a fair comparison, all
methods are evaluated on the identical, held-out test sets
corresponding to the subjects on which they were trained.
The quantitative results in Tab. 1, demonstrate that our
method outperforms both baselines across all metrics on
both datasets. Qualitative comparisons, shown in Fig. 4,

further highlight the strengths of our approach. Our method
better models the complex dynamics of free-form garments,
such as the flowing motion of a skirt or the flaps of a vest,
where SMPL-X mesh-based methods (i.e., LayGA) often
fail. Furthermore, our approach captures finer details, par-
ticularly in facial regions and along clothing boundaries.
We attribute this improvement to our explicit decomposi-
tion of the avatar, which allows the model to learn dedi-
cated representations for the body and each garment layer.
This addresses the blurred or entangled artifacts common in
unified models like Animatable Gaussians. For more qual-
itative comparisons on free-form garments, please refer to
the supplementary video.



Method ‘ mloU 1T Recallt F1-Score 1

wlo Lgg 0.848 0.898 0.924
W/0 Lyeg 0.879 0.922 0.940
w/0 Lpe 0.883 0.927 0.942

Ours Full 0.893 0.936 0.947

Table 2. Ablation study of the loss terms. We assess the effec-
tiveness of each loss term from the full objective. We rendered
segmentation masks of garment layers and compared them against
the ground-truth masks (cf. Fig. 5). The results show that the full
model achieves the best performance.

L

w/o L, w/o L w/o L, Ours Full

reg

Figure 5. Visualization on the effectiveness of loss terms. We
rendered segmentation masks of garment layers to visualize the
impact of each regularization term. The evaluation shows that our
full model produces cleanest results, while the absence of Lpe, Lreg
and L4 leads to self-penetration or irregular segmentation.

4.3. Ablation Studies

We conduct a series of ablation studies to validate the loss
functions designed for our learning framework. In each ex-
periment, we remove a specific loss term during training
and evaluate its impact on garment decomposition using
segmentation metrics. The quantitative and qualitative re-
sults are summarized in Tab. 2 and Fig. 5, respectively.

First, we examine the effect of the segmentation loss
L,,. Without this term, the body and clothing represen-
tations become significantly entangled. As visualized dur-
ing virtual try-on in Fig. 6, this entanglement prevents suc-
cessful garment transfer, making the garment’s appearance
corrupted when applied to a new subject. Furthermore, the
segmentation loss alone is insufficient to prevent physical
artifacts like inter-layer penetration between the body and
clothing. This is evident in the variants that lack our reg-
ularization £,., and penetration £,. losses, where visible
penetration artifacts occur. By combining all proposed loss
terms, our full model achieves a clean, penetration-free de-
composition. These results validated the necessity of each
component. Please refer to the supplementary material for
more results.

4.4. Virtual Try-On Applications

A key application of our framework is a flexible 3D virtual
try-on system. Because our learned garments are subject-

w/o Ly, Ours Full

Figure 6. Importance of segmentation loss in virtual try-on. We
visualize the results of virtual try-on using the variants our method
trained with and without £,,. The garment’s appearance becomes
corrupted due to the entanglement of body and clothing.
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Figure 7. Virtual try-on application. Our method enables flex-
ible 3D virtual try-on across different subjects. The resulting
avatars can be animated to a novel pose.

agnostic, they can be reused and transferred across different
subjects. As demonstrated in Fig. 7, these garments seam-
lessly adapt to new subjects with varying body shapes and
identities. It is worth noting that the resulting avatars are not
static; they can be animated by novel pose sequences and
exhibit realistic, free-flowing dynamics in unseen poses.
Please refer to our supplementary video for more demon-
strations of these dynamic try-on results.

5. Conclusion

Conclusion. We introduced Gaussian Wardrobe, a novel
framework for creating compositional 3D neural avatars.
By representing garments as distinct, shape-agnostic 3D
Gaussian models, our method enables flexible transfer of
clothing across different subjects. Through extensive quan-
titative and qualitative experiments, we demonstrated state-
of-the-art performance in both reconstruction and anima-
tion. We then showcased a virtual try-on application to val-
idate practical relevance. In summary, Gaussian Wardrobe
offers a promising paradigm for scalable, personalized, and
dynamic digital wardrobes. We believe this work paves the
way for the future of XR and virtual interaction.
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