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Fig. 1. We transfer an artist-designed puffer coat dressed on a human-shaped mannequin to a collection of SMPL humans (left) and virtual non-human
characters (right). The undressed avatars and complete results are shown in Figure 11 and Figure 12.

Manual design of garments for avatars requires a large effort. Garment
retargeting methods can save manual efforts by automatically deforming
an existing garment design from one avatar to another. Previous methods
are limited to human avatars with small variations in body shapes, while
non-human avatars with unrealistic characteristics widely appear in games
and animations. In this paper, the goal is to retarget artist-designed garments
on a standard mannequin to a more general class of avatars. While there is
a lack of training data of various avatars wearing garments, we propose a
training-free method that performs optimizations on the mesh representation
of the garments, with a combination of loss functions that preserve the
geometrical features in the original design, guarantee intersection-free, and
fit the garment adaptively to the avatars. Our method produces simulation-
ready garment models that can be used later in avatar animations.
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1 INTRODUCTION

Adapting artist-designed garments to new characters manually re-
quires a lot of effort. Garment retargeting methods aim to auto-
matically transfer existing garments from one avatar to another,
saving the manual effort of editing the garment models. Existing
methods [Lin et al. 2024; Pons-Moll et al. 2017; Wang 2018] have
focused on transferring between human bodies with different body
sizes, supporting relatively small deformation over the retargeted
garments. However, in games and animation, avatars appear widely
with extreme body proportions that defy human norms [Coros et al.
2010; Geijtenbeek et al. 2013; Hecker et al. 2008; Jiang et al. 2023; Li
et al. 2023; Yamane et al. 2010]. Our aim is to perform garment re-
targeting in a manner that can allow for the variation and topology
differences seen in game avatars.

In this paper, our goal is to support the retargeting of designed
garments between avatars, especially those with unrealistic char-
acteristics, including out-of-distribution proportions, voids, and
detached components (Figure 1). Beyond the more extreme defor-
mations anticipated, we wish to make no assumptions of global
correspondence between avatar surfaces, breaking the requirements
of previous works [Brouet et al. 2012; Lin et al. 2024; Pons-Moll et al.
2017]. Relaxing this is more general, but further, with such corre-
spondences, garment deformation under extreme cases can become
distorted due to the large disparity in body shapes of our target
avatars — leading to distorted final garment shapes after transfer.
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Instead, we purposefully enforce positional constraints over spe-
cific boundaries of the garments, e.g., cuffs and hems, which do not
require manual effort to specify and are not too restrictive. Next,
we preserve the look of the individual garment by penalizing lo-
cal shape changes — maintaining the anticipated look embedded
in the original model. Together, our technique provides an easily
controllable balance between fitting on the avatar and the shape of
the garment, to achieve the artist’s look of the clothing on the final
avatar.

The core of our approach is a multi-objective optimization of
the garment geometry, represented as a triangular mesh, that pre-
serves the geometric properties of the original design, avoids self-
intersections and intersections between the garment and avatar,
while adaptively fitting the transferred garment to the new avatar.
The key features of our approach include:

e An intersection-free initialization for the optimization that
embeds the target avatar into the original garment design.

e An optimization on the garment mesh with a combination
of loss functions to preserve the geometric quality of the
retargeted garment, avoiding intersections between the gar-
ment and the new avatar, and adaptive fit of the garment
to the target avatar body, including a select set of guiding
constraints.

o It avoids not only intersections between the avatar and gar-

ment but also intersections between garments and self-intersections,

enabling multi-layer garment retargeting.

We demonstrate the effectiveness of our approach by transferring
a set of garments of various types designed on a standard mannequin
to a set of avatars with different body shapes. We also provide a small
number of useful tuning controls to adapt the fit in the presence of
ambiguity. While no previous research showcases like results, for
comparison, we compare our results with those of a commercial
tool that supports a wide variety of avatars.

2 RELATED WORK

We build off of a growing body of work in computer graphics on
cloth modeling. Many techniques offer solutions tied to specific
applications and their needs, for example, garment model recon-
struction [Corona et al. 2021; Dong et al. 2023; Guo et al. 2021; Li
et al. 2024; Pons-Moll et al. 2017; Xiu et al. 2023] from 3D scans or
2D images, sewing pattern generation [He et al. 2024; Liu et al. 2023;
Pietroni et al. 2022] and arrangement [Liu et al. 2024], physics sim-
ulations of garments [Grigorev et al. 2024, 2023; Santesteban et al.
2022; Zheng et al. 2025], etc. However, our work is most informed
by the specific focus of retargeting for garments [Brouet et al. 2012;
Pons-Moll et al. 2017].

We further distinguish works in garment retargeting into two
categories: re-fitting techniques for virtual try-on and those for
clothing virtual characters, each serving distinct application areas
with differing requirements. Virtual try-on aims to make real-world
clothing fit realistically on human shapes in support of the com-
mercial clothing market. In this area, a number of approaches per-
form retargeting directly from image to image, such as [Ge et al.
2021; Sekine et al. 2014; Yang et al. 2020]. For immersive 3D ap-
plications like open-world games and animations, unlike virtual
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try-ons, the input garments and avatars are normally in the form
of 3D models, and it is desirable to have the fitted garments as
3D models, instead of images or animations, to allow interactions
with surrounding environments and downstream applications like
skeletal animation or physics simulation. Closer to our aims, there
have been some recent works that output the fitted garments as
3D models [Brouet et al. 2012; Guan et al. 2012; Patel et al. 2020;
Pons-Moll et al. 2017; Wang et al. 2018]. Still, these methods target
dressing humans, where the body shapes can be represented as a
smooth parametric space [Anguelov et al. 2023; Loper et al. 2015;
Pavlakos et al. 2019] with finite dimensions. Virtual characters de-
signed by artists have possibly unrealistic body shapes and much
higher diversity that cannot be represented by a set of parameters,
e.g., elementals [Hoffman et al. 2023], walking animals [Chun et al.
2023], and robots [Hopkins et al. 2024]. While there is plenty of
data on images of dressed humans for training a model to retarget
garments on humans, there is a lack of data on dressed characters in
animations and games. Unlike human photos, dressed virtual char-
acters require significant efforts from professional artists, making it
difficult to adopt data-driven approaches.

In complement, some methods [Li et al. 2024; Wang 2018; Wang
et al. 2018] for virtual try-on restrict the garment models to be
fabricable, by assuming a pre-defined sewing pattern of the garment.
The garment shape space is thus reduced to the boundary curve
shapes of each patch. Although this is a valid requirement for real-
world garments, garments for virtual characters are often more
imaginative and do not adhere to these assumptions, which is why
our method operates directly on the 3D garment model instead of
2D sewing patterns.

Offset-based Retargeting. A number of prior works [Guan et al.
2012; Lin et al. 2024; Ma et al. 2020; Pons-Moll et al. 2017] make
use of the one-to-one correspondence between avatars and transfer
garments by explicitly mapping the displacement between the input
garment and avatar, to the target avatar. Although this kind of ap-
proach is efficient, it has major limitations: (a) The correspondence
between avatars should not be distorted, limiting the variation in
body shapes. (b) To enable an accurate displacement map, the gar-
ment should be close to the avatar surface, and both avatar surfaces
should stay reasonably smooth. (c) Unlike optimization methods,
explicit evaluation may introduce uncontrollable intersections and
distortion.

Optimization-based Retargeting. Unlike offset methods, opti-
mization methods allow more control over the retargeted garment
from the users and can enforce constraints like intersection-free
and shape preservation. Closest to our work, [Brouet et al. 2012]
proposes a method to directly operate on the 3D model of the gar-
ment to transfer from one avatar to the other. To accomplish this,
however, they require a cross-parametrization between the source
and target avatars, which is a difficult problem on its own for models
with large differences, thus requiring considerable constraints on
the design of avatar bodies. Further, such global correspondence
may not be possible at all, e.g., avatars with voids and disconnected
pieces. Further, their shape preservation is enforced by preserving
the triangle normals on the garment surface. In contrast, we relax



this constraint to allow rotations and anisotropic scaling, providing
more flexibility in the retargeting.

Physics-aware Retargeting. As a special class of optimization-
based methods, physics-aware retargeting involves constraints on
the physics simulation of garments. [Wang 2018] transfers garments
between human bodies, preserving the geometry and stretching
of garments in physics simulations. However, they are limited to
body shapes with small differences and garments that fit tightly,
unsuitable for loose clothes like skirts and jackets. [Wang et al. 2018]
performs retargeting by optimizing 2D sewing patterns of garments.
Their work preserves desired characteristics of clothing, e.g., fold
patterns and draping effects, in physics simulations. In contrast, we
sidestep the need for a sewing pattern of the garment and instead
work on the 3D model directly. [Wolff et al. 2023] presents a method
to design and optimize the shape of a garment for a range of poses,
such that the garment respects the user input constraints, and fits
comfortably but tightly in all poses. [Bartle et al. 2016] offers an edit-
ing tool that allows the user to modify the 3D garments in physics
simulations directly and automatically updates the corresponding
sewing patterns based on the 3D geometry change. Our work aims
to preserve the pure geometry of the garment during retargeting,
thus, the behavior in physics simulations is beyond the scope of this
work.

3 METHOD
3.1 Problem Formulation

Our retargeting method directly modifies 3D garments, without
assuming corresponding 2D sewing patterns, and performs opti-
mizations to balance between shape preservation, fit, and collisions.
We use V, F, E to denote collections of vertices, triangular faces,
and edges, respectively.

Input. The input of our method includes a source avatar dressed in
an artist-designed garment and a target avatar. Each avatar model
and garment model is represented as a triangular mesh (V, F), where
V € R"*3, F € N™*3 Each row of V contains the 3D coordinate of a
vertex, and each row of F contains the vertex indices of a triangular
face, with n, m being the number of vertices and faces, respectively.
We denote the source avatar, the garment, and the target avatar mesh
by (V34, F$@), (V9, F9), (V*4, F'4), respectively. We assume that
the garment mesh is manifold and has no self-intersections, but the
avatar meshes may be non-manifold, disconnected, possibly with
self-intersections and degenerate triangles. This relaxed assumption
on the target avatar allows our method to fit garments designed by
professional artists to avatars created by non-professional users. In
addition, we assume that avatars are rigged, i.e., have an animation
skeleton. Our algorithm does not restrict the number of nodes in
the skeleton, one can provide more nodes for finer control or fewer
nodes to reduce manual effort. We denote the skeletons of the source
and target avatars as (Vst, EP) and (VP ED) respectively.

The output of our method is a new garment mesh that shares the
same connectivity as the source garment mesh, which preserves the
shape of the source garment while fitting well to the target avatar,
with the guarantee of no intersection between the avatar and the
garment or self-intersection on the garment itself.
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3.2 Algorithm Overview

Our algorithm optimizes the source garment geometry to minimize
a collection of objectives, including shape preservation, fit, and colli-
sions. We use IPC [Li et al. 2020] for collision handling instead of the
more popular (in garment simulation) approaches based on penalty
forces or signed distance as it allows us to robustly handle self-
collisions of garments. Its guarantee of creating intersection-free
results, even for avatars with complex geometry and thin features, is
precious in this setting, as the results have higher visual fidelity and
can be directly used in cloth simulation pipelines. Additionally, IPC
can handle contact between co-dimensional (i.e. non-volumetric)
objects [Li et al. 2021] such as surfaces and rods, opening the door
to retargeting multiple and complex garments (Figure 6).

However, using IPC introduces an additional requirement: the
source garment needs to be positioned on the target avatar without
self-intersections. One of our key contributions is thus an algorithm
to create this initial state based on projection and adaptive refine-
ment to shrink the avatar to the skeleton. We then embed the shrunk
avatar into the source garment and inflate the avatar to its original
shape during the optimization while preserving the garment shape.
In summary, the main steps of our algorithm are outlined as follows
and are also summarized in Figure 2.

Step 1 Project the target avatar mesh onto its skeleton and embed
the projected avatar into the source avatar (Section 3.3).

Step 2 Run an optimization with both the target avatar and garment
meshes as DoFs. This step inflates the projected target avatar
back to its original shape while maintaining the garment
shape and guaranteeing the result remains intersection-free
(Section 3.5).

Step 3 Fix the target avatar shape and run an optimization on the
garment mesh only, to fit the garment to the target avatar
while maintaining the garment shape and intersection-free
condition (Section 3.6).

The objectives used in Steps 2 and 3 are discussed in Section 3.4.

3.3 Step 1. Initialization

To run the optimization, an initialization of the garment on the
target avatar is required. IPC [Li et al. 2020] requires the input
meshes to be intersection-free, so the garment cannot be directly
overlaid on the target avatar. However, since we do not care about
the self-intersection of the avatar, instead of deforming the garment,
we can shrink the target avatar to fit inside the garment as the
initial guess and inflate the target avatar back to its original shape
using optimization. A naive way is to shrink the target avatar to a
single point at the center of the source avatar. In this way, however,
the limbs of the target avatar all lie at the trunk of the body at the
beginning of the optimization, so there is a high probability that
the limbs do not get into the correct sleeve or trouser leg during
the inflation. Instead, we shrink the target avatar to its skeleton,
making sure that the limbs overlap with the corresponding limb
bones, and map the target skeleton to the source skeleton based on
the correspondence (Figure 2). In this way, the limbs are surrounded
by the corresponding sleeves or trouser legs at the beginning of the
optimization.
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Fig. 3. lllustration of resolving a triangle spanning multiple bones (gray). (A)
In the triangle Avj0y03 (blue), there are 4 bone joints (dark gray) between
u; and u3, 3 between v, and v3, and 1 between v; and v,. Therefore, we
pick edge vyv3 and insert 4 vertices (yellow) uniformly on the edge. (B) The
triangle is split into 5 smaller triangles, and each inserted vertex is moved
to an intermediate bone joint between v; and vs. (C) After the operations,
all edges (including newly added ones) span over at most 3 joints.

To shrink the target avatar to its skeleton, for each vertex v; € V@
on the target avatar, we first find the closest point 9; on the bone
e; € EY that o; belongs to, and move v; to 3;. Although all vertices
in V% now lie on the target skeleton, the triangular mesh does not
necessarily overlap with the skeleton, since one triangle may span
multiple bones when its three vertices are projected to different
bones (Figure 3A).

To resolve these triangles, we subdivide them and project the
refined points onto the joints of skeleton bones. More specifically,
within each triangle that spans over multiple bones, we count the
number of bone joints between every two vertices. If we consider the
bones as nodes and bone joints as edges, the skeleton forms a graph.
The number of bone joints between two vertices on two different
bones is essentially the shortest path length between the two bones
in the graph, which can be precomputed using the Floyd-Warshall
algorithm. As in Figure 3, we then adopt a greedy approach and
pick the farthest pair of vertices, subdivide the edge into multiple
segments by inserting intermediate vertices, and move each inter-
mediate vertex to the intermediate bone joints. The original triangle
is subdivided into multiple smaller triangles accordingly, and each
new triangle spans over strictly less number of bones compared
with the original triangle. Note that we do not subdivide the adja-
cent triangles accordingly, i.e., the subdivision is non-conforming,
since we do not require the avatar mesh to be conforming in the
optimization. We perform this operation for all triangles that span
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over multiple bones iteratively until all triangles exactly overlap
with the skeleton.

Remark. The iterative process terminates in a finite number of
iterations, bounded by the number of skeleton bones, since the
number of bones that each triangle spans strictly reduces after every
subdivision. In practice, it terminates in 2~4 steps in our examples.

3.4 Objectives

Before discussing the optimization algorithms in Steps 2 and 3, we
first introduce the objectives used.

Definitions. Denote G as the garment surface, X c FJ X FJ as
the collection of all pairs of adjacent triangles on the garment. For
variables defined on the current garment, we use -* to represent the
corresponding variable defined on the source garment (e.g., v and
Z)i).

3.4.1 Collision. We adopt the collision barrier potential from IPC
[Li et al. 2020] to handle collision. For completeness, we briefly re-
peat the formulation below. Given a triangular mesh (V, F), denote
E as the edges of the mesh. Denote 7 as the set of all primitives
(vertices, edges, faces), and 8 € 7 X T as the set of all non-adjacent
and non-incident primitive pairs. The intersection-free constraint
boils down to enforcing the distance di. > 0 between primitive pairs
continuously in the optimization, for every pair k € C C B, where
C contains all non-incident point-triangle pairs and all non-adjacent
edge-edge pairs in the mesh. Note that we only care about the self-
collision of the garment and collisions between the garment and the
avatar, so we do not include primitive pairs from the avatar itself.
The barrier potential is defined as

Lcontact = Z b(dk)> (l)
keC

where b(-) : R — R is a C? smooth function that converges to
infinity as the input tends to zero:

—(d—d)2 d ]
by | log(d), 0<d<d
0, d>d.
We use d = 0.002 and Weontact = 108 in our examples.

Remark. The barrier potential Equation (1) not only avoids inter-
sections but also avoids triangles being degenerate, because in a



degenerate triangle, one vertex overlaps with its opposite edge, i.e.,
the distance between the vertex and edge is zero. Thanks to this, we
can safely assume that the triangle normals and edge tangents are
always well-defined when constructing other loss terms.

3.4.2 Surface shape. The retargeted garment should preserve the
surface shape of the input garment: e.g., a flat T-shirt should stay
flat, wrinkles on the garment should stay as wrinkles, etc. On the
other hand, some deformation should be allowed: e.g., the sleeves
and trouser legs should elongate or shorten freely if needed, and the
surface should rotate/translate freely to enable retargeting between
avatars at different poses and scale freely to accommodate for body
size change.

Inspired by [Araujo et al. 2023], we constrain the surface shape
by penalizing the difference in deformations between every pair
of adjacent triangles. For a pair of triangles t; = Avjvv3 and ¢y =
Avv104 sharing the same edge vjv2, the difference in deformations
between the two triangles can be measured by considering their
impact on the same vector v30;. Suppose the deformation from ¢}
to t; is 7; (i = 1, 2), which can be viewed as a 3 X 3 matrix, then the
penalty is defined as

vS — oS oS — oS 2
4~ Y 4~ Y%
Lsurt(t1, t2) = ||11 0% — o3| - 2” sl
Uy 03 Uy~
where || - || is the Frobenius norm. The total similarity term is then
defined as
Lourt = Z Wsurf(tla t2) lsurf(tb t2), (2)
(ti,ta)eX

where wgy, £(#1, £2) is the area of #; and ¢, on the source garment. The
remaining question is how to compute the 7; x for any vector x € R3.
We take 77 as an example. Vectors e; := v — 01 and ez = v3 — 01
span the plane of triangle t1, denote n := e; X ey as the normal of ¢y,
then the deformation 71 is uniquely defined by the mapping from
{e], €3, n°} to {e1, ez, n}. Suppose x = c1e] + cze; + c3n® for some
ci €R, i=1,23, then r1x = c1e1 +c2e2 +c3n. {c;} can be computed
by solving a linear system

[e1, c2, c3]T = [€5, €5, n*] ! x.

The Lyt is defined in a way such that any affine transformation
over the entire geometry does not change its value, which is critical
when the target and source avatars have very different body ratios.

Remark. Our surface preservation term is different from the simi-
larity energy used in [Araujo et al. 2023]. They treat 7; as degrees
of freedom and solve the nonlinear system by alternating steps
between solving the vertex positions and transformations. They
can accelerate the convergence using this method since each step
becomes a quadratic problem that is easy to solve. However, in our
case, due to the high nonlinearity of the collision potential in Sec-
tion 3.4.1, we cannot gain better convergence by alternating steps,
so instead, we define the energy using purely vertex positions and
solve the complete problem using the Projected Newton’s method.

3.4.3 Positional. The positional constraint aims to preserve the
position of the garment relative to the underlying avatar, e.g., the
sleeve (trouser leg) length should accommodate the change of arm
(leg) length. Without a correspondence between the avatar surfaces,
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the relative location preservation in [Brouet et al. 2012] cannot
be used. Instead, we use the position information relative to the
skeleton bones. For a point v® on the source garment, suppose the
bone in the source skeleton closest to v® is bone e € E?. We project
0° onto e and obtain the barycentric coordinate w®. Similarly, for
the corresponding point v on the current garment, we project it to
the same bone e and obtain the current barycentric coordinate w.
The positional constraint for this point is defined as

Ipos (0) = (w* = w)?.

Note that during the inflation step, the node positions of the current
skeleton are a linear interpolation with coefficient ¢ (Section 3.5)
between the source and target skeleton nodes. The total positional
term is then defined as

Lpos = Z Wpos(v)lpos(v)’ (3)

veEIG

where 9G represents the boundary of the garment surface, wyog(v)
is the average length of edges at v on the source garment. We use
Wpos = 10 to prioritize the positional constraint.

3.4.4 Fit. We opt to enforce a similar level of tightness from the
original garment in the retargeted garment. To measure the distance
from the points on the garment to the avatar, we convert the avatar
mesh to a Signed Distance Field (SDF). By evaluating the SDF on a
point p on the current garment, we obtain the distance D(p) from
p to the avatar mesh. The fit loss can then be defined as

L= [ D@ @
Giit
where Gg C G is the part of the current garment surface that
should fit, which can be decided based on the distance between the
source avatar and garment. Note that we only include Lg; in the
last step of our algorithm, i.e. when the target avatar mesh has been
inflated to its original shape, since the intermediate avatar during
inflation may not be a closed mesh that corresponds to a meaningful
volume. The choice of wg; depends on the desired fit of the garment,
we use wg; = 2 in our examples. We study the influence of wg; in
Section 4.6 and show the ability to control the fit of the retargeted
garments.

3.4.5 Curve Shape. Apart from the distortion of the surface shape,
the distortion of seamlines and boundary curves (e.g., cuffs and
hems) also significantly influences the visual effects. Therefore, we
enforce extra constraints to regularize the geometry of curve loops.

By the fundamental theorem of curves [Carmo 2016], the shape
of a smooth 3D curve, with non-zero curvature, is uniquely deter-
mined by its curvature and torsion. Therefore, we can constrain the
boundary curve shape by penalizing the change of the discretized
curvature and torsion:

Lecurve = Leurvature + Ltorsi0n~

Similar to L., we carefully define Lcyrve such that it is invariant
under rotation, translation, and uniform scaling. However, it is
undesirable to allow anisotropic scaling in Lcyrve — @ circular cuff
should not become an ellipse freely unless the fit term wants it to
fit tightly to an elliptical wrist.
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Definition. Each boundary curve of the garment mesh is sup-
posed to be a closed polyline. Denote the vertices of the polyline
as 1, 02,..., Um, Where v, = 01, and edge directions e; := vj41 —v;
and é; := e;/|lej||r, fori=1,..., m-1.

Curvature. The curvature for the polyline under the discrete setting
can be quantified using the dot product «; between the two incident
edges at every vertex v;:

aj=—€i—1-¢ (i=1,..., m—1).
The curvature term penalizes the change of cos

m-1

Lcurvature = Z Wi(af - ai)z» (5

i=1
where af, a; are the dot products on the source and current garment,
respectively, w; == (|lej_, I, + lle; |lz,) /2.

Torsion. Unlike curvature, the computation of discrete torsion
requires every three consecutive edges. We define vy := vp;—1 for
convenience. Define

P(o,w):=0v—(w-0) w,

which projects vector v to the plane with unit normal w. We project
edges é;_1, €i41 to the plane with normal e;, and compute

Bi = P(&i+1, &) - P(=éi-1, &),
Vi = (P(éir1, &) X P(=8i-1, &) - &,
then the torsion term is defined as

m—1

Liorsion = Z wi(BS = B +wilyf — i)
0

where f;, y; are the values computed on the source garment.

Remark. On the one hand, Lcyrve is invariant under rigid body
transformations and scaling; on the other hand, forcing Lcyrve = 0
gives us a curve with the same shape up to a scaling and rigid body
transformation.

3.5 Step 2. Avatar Inflation

In the inflation step of the optimization, we introduce one variable
t € [0, 1] to linearly interpolate between the shrunk avatar vertices

vshink and the target avatar vertices V44

V() ==t VI 4 (1 — 1) Vehink,

which is used as the current avatar shape in collision handling.
Similarly, the current skeleton used in Section 3.4.3 is

Vb(t) =t VP + (1-1) VP,

We can consider ¢ = 0 at the beginning of the optimization, and the
inflation step is essentially trying to enforce an equality constraint
of t = 1 in the optimization under collision constraints. We use
the Augmented Lagrangian (AL) method to enforce this equality
constraint, in which the loss becomes

A

Lo =3 (1-0 42201~ 1),
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where Ay, Ay are updated in the outer loop of AL to push ¢ towards
1. Please refer to the supplement for details. The total loss in Step 2
is then defined as
LStep 2= LaL + Lour + Wpos Lpos P
+Weontact Leontact + Lcurve- ©)
Note that we do not include Lg; in Step 2 for two reasons: (a) The
fit objective fights against the AL penalty on ¢ and slows down
the convergence — the former term pushes the garment toward the
avatar, while the latter forces the avatar to inflate. (b) The SDF used
in Lg; changes as the avatar geometry changes, thus, the derivatives
of the objective require differentiating through the mesh to the SDF
conversion process, which is potentially non-differentiable.

Once the optimization can snap from the current ¢ value to t = 1
without causing intersections, even though the gradient is not close
to zero, we snap t to 1 and move to Step 3. When snapping ¢ to 1,
it is critical to perform CCD and guarantee that this change in ¢ is
intersection-free continuously, so that the garment does not pass
through any thin features of the avatar.

3.6 Step 3. Garment Fit

In this step, we treat t = 1 in Step 2 as a constant, i.e., the target
avatar is fully inflated to its original shape, and we keep its shape
fixed in this step of the optimization. Now that the avatar shape is
fixed, we convert the mesh to an SDF using OpenVDB [Museth 2013]
to use in the fit term. We replace the La1 with Lg; and minimize
the following objective until convergence.

Lstep 3 = Wit Lt + Lsurt + Wpos Lpos

™

+Weontact Leontact + Leurve-

Please refer to the supplement for the summary of weights.

3.7 Implementation

We use the Projected Newton’s method [Li et al. 2020; Teran et al.
2005] to solve the nonlinear system in the inner loop of the Aug-
mented Lagrangian method. We implemented our algorithm using
Sympy [Meurer et al. 2017] for generating efficient C++ code to
compute derivatives, IPC Toolkit [Ferguson et al. 2020] for comput-
ing contact potentials and robust CCD, OpenVDB [Museth 2013]
for SDF evaluation, and Pardiso [Alappat et al. 2020; Bollhofer et al.
2019, 2020] for solving linear systems. All our experiments are run
on a MacBook Pro with the Apple M3 Max CPU, limited to 16 threads
and 64GB of memory. Please refer to the supplement for additional
algorithm details.

4 EVALUATION

To demonstrate the effectiveness of our method, we use it to retar-
get garments between both human models and game avatars, and
compare our method with the fitting tool in Roblox Studio. We also
include ablation studies on objectives.

4.1 Game Avatars

In Figure 11, we demonstrate our method by retargeting a collection
of 6 garments designed on a mannequin to 9 avatars, in total 54
combinations are obtained. Both our garments and avatars are highly
diverse. Our garments include a full-body jumpsuit that fits tightly



to the body, a puffer coat that fits loosely, and a skirt that naturally
drapes. Our avatars include skeletons made of weakly connected
bones, elementals made of floating stones and crystals, giants, and
a fox girl with unrealistic body ratios, a wolf man with double
heads, and robotics with intricate wires and chips. Our method
has shown robustness in these examples despite the variation in
body shapes and the complexity of the models. Although we do
not consider physics simulations in the retargeting, the draping of
skirts, wrinkles of the sweaters, and bumps on the puffer jackets
are visually preserved. For a more challenging example, we retarget
the puffer jacket from a mannequin to a dinosaur (Figure 4).

The 54 combinations’ average runtime is 97 seconds, with the
maximum being 432 seconds. The number of vertices in avatars is
between 2000 and 6000, and the number of vertices in garments is
between 600 and 6000.

e

Dressed Avatar

4 h / 3 /]
\ FBY
Original Garment Target Avatar

Fig. 4. Retargeting a puffer jacket from human to a dinosaur.

4.2 Comparison with Roblox Studio

Roblox’s creator tools provide an accessory fitting tool [Roblox 2025]
that retargets the garment dressed on one avatar to another avatar.
The tool asks users to manually create a cage mesh to cover each
garment and avatar tightly (Figure 5), which requires much more
manual effort than embedding a skeleton. We perform a comparison
with their method on the same set of caged avatars and garments.
As shown in Figure 5, our method has less distortion around the
sleeves and waist and better preserves the overall skirt shape. In
addition, our method supports controllable tightness as shown in
Figure 8, providing more flexibility to users.

4.3 Human Avatars

In Figure 12, we show the effectiveness of our method on retargeting
between SMPL human avatars [Loper et al. 2015], which has been
extensively studied in prior works [Brouet et al. 2012; Lin et al. 2024;
Pons-Moll et al. 2017; Wang et al. 2018]. Our method generates
high-quality garments for the target human bodies with different
body shapes. Since these prior works do not have open-source code,
we are not able to conduct a comparison on the same avatar and
garment.

4.4 Multiple Layers of Garments

Since we do not assume the target avatar to be a volumetric object,
our method can be easily extended to retarget multiple layers of
garments on one avatar and maintain intersection-free between
layers. Once a garment is retargeted to the avatar, we treat it as

Intersection-Free Garment Retargeting « 7
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Source garments Ours

Garment cages

Fig. 5. Comparisons between our method and Roblox Studio. Top: The re-
targeting results of both methods. Bottom: Manually designed cage meshes
(black) are needed as input for the Roblox Studio method. Artifacts are
marked in red show excessive fit in the sleeves and overly tight regions
elsewhere.

part of the avatar and rerun our algorithm to wear a new layer of
garment over it. We show one such example in Figure 6 with three
layers of garments. For simplicity, we treat the inner layers as fixed
when we optimize the subsequent layer. However, it is possible to
optimize the inner layers as well to accommodate the outer layer,
e.g., if the outer layer is a tight garment that compresses the inner
layers, which we leave as future work.

M @

Fig. 6. Retargeting multiple layers of garments on one avatar. (1) Target
avatar. (2) Target avatar wearing a jumpsuit. (3) Target avatar wearing the
puffer jacket over the jumpsuit. (4) Wearing a skirt on top of (3).

4.5 Stress test

As a stress test for our method, we retarget a jumpsuit from the
mannequin to an avatar with much longer arms (Figure 7). We
visualize the element-wise Lg,.r on the optimized garment to show
the geometric distortion.

SIGGRAPH Conference Papers *25, August 1014, 2025, Vancouver, BC, Canada.
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Target Avatar Dressed Garment Geometric Distortion
Fig. 7. Stress test. Retargeting the jumpsuit to an avatar with long arms.

The geometric distortion is visualized on the right in a logarithmic scale.

4.6 Ablations

The optimization minimizes a collection of objectives that balance
each other; a reasonable choice of weights is needed to obtain the
desired results.

Fit. The weight wg; controls the tightness of the garment on the
target avatar. We show the effect of wg; on the optimized garment in
Figure 8. With small wg;, the optimized garment tends to preserve
the original shape, therefore the body part remains straight even
though the target avatar has an inverted triangle body shape; with
large wg;, the optimized garment fits more tightly on the target
avatar to accommodate the slim waist.

Source Garment Target Avatar w=0

Fig. 8. Influence of w; on the retargeting.

Positional. The positional constraint is based on the skeletons
embedded in the avatars, therefore, by perturbing the node positions
of an existing skeleton, one can obtain different results on the same
avatar. In Figure 9, we show that by modifying the skeleton nodes
corresponding to the neck and waist, one can change the height of
the collar and hem. The original garment is shown in Figure 4.

Curve Shape Constraint. The Lyrve objective allows one to pre-
serve the shape of seamlines or boundary curves in addition to
preserving the surface shape. As shown in Figure 10, without the
curve shape constraint, the neck of the retargeted vest fails to retain
its "V" shape due to the widened shoulder of the target avatar; with
such constraint, the "V" neck is well-preserved without sacrificing
the overall surface shape.

SIGGRAPH Conference Papers "25, August 10-14, 2025, Vancouver, BC, Canada.

-

- Higher waist -

Higher neck

Fig. 9. Influence of skeleton node positions on the retargeting for the same
avatar. The embedded skeleton (bottom) and the corresponding retargeted

garment (top) are shown in each column.
4\ ka, ng
; y )y

.

Source Garment Without curve constraints With curve constraints
Fig. 10. Influence of Lcyrve on the retargeting. The undressed avatar is
shown in Figure 8. The "V" shape at the neck is better preserved with the
constraint.

5 CONCLUSIONS

We introduce a robust and flexible pipeline to automatically re-
target garments from one avatar to many others, which greatly
reduces manual efforts in applications including game design and
animations. It is effective not only for human avatars with different
body shapes but also for game avatars with possibly non-realistic
body shapes, floating body parts, or voids, where correspondence
between avatars with reasonable quality is impossible. We demon-
strate the effectiveness of our method on all-pair combinations from
a collection of avatars and garments with high diversity. The two
key components of our method are a novel projection scheme that
produces an intersection-free initialization for the subsequent opti-
mizations, and a combination of objectives that meet the criteria of
garment retargeting.

Our method has several limitations. First, we rely on the ani-
mation skeletons to position the garment onto the target avatar,
assuming the target and source avatars have the same number of
arms and legs and can be put in the same pose. Retargeting from
humanoid avatars to non-humanoids like tetrapods or even octo-
puses can be an interesting topic given the rise in generative models.
Second, our approach does not include physics simulations and thus
ignores the physics of the garments. However, as shown by the
figures, the output garments retain the physical effects like wrinkles
and draping that appear on the original design. Lastly, our method
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Fig. 11. Garments designed on a mannequin (left) are dressed onto various avatars. Undressed avatars are shown on top.

is limited to manifold meshes, which puts restrictions on the design
process.
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