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Figure 1. Patch-based representation and learning. Against conventional per-vertex parameterizations of mesh deformation (a), we
present PolyFit (b) which obtains a simplified patch-wise representation by fitting jet functions with limited parameters; consequently
simplifying the transformations to modification of patch parameters only (c) and reducing the computational overhead by a large margin.

Abstract

In this paper, we present a patch-based representation of
surfaces, PolyFit, which is obtained by fitting jet functions
locally on surface patches. Such a representation can be
learned efficiently in a supervised fashion from both ana-
Iytic functions and real data. Once learned, it can be gen-
eralized to various types of surfaces. Using PolyFit, the
surfaces can be efficiently deformed by updating a compact
set of jet coefficients rather than optimizing per-vertex de-
grees of freedom for many downstream tasks in computer
vision and graphics. We demonstrate the capabilities of our
proposed methodologies with two applications: 1) Shape-
from-template (SfT): where the goal is to deform the in-
put 3D template of an object as seen in image/video. Us-
ing PolyFit, we adopt test-time optimization that delivers
competitive accuracy while being markedly faster than of-
fline physics-based solvers, and outperforms recent physics-
guided neural simulators in accuracy at modest additional
runtime. 2) Garment draping. We train a self-supervised,
mesh- and garment-agnostic model that generalizes across
resolutions and garment types, delivering up to an order-of-
magnitude faster inference than strong baselines.

1. Introduction

3D surface deformation is central to many computer vi-
sion and graphics applications such as animation [23], video
editing [52] and medical imaging [33], to name but a few.

A common practice is to discretize deformable surfaces
as meshes and formulate deformations with per-vertex un-
knowns, either optimized or predicted. Even when driven
by reduced controls or regularizers, the underlying degrees
of freedom scale with mesh resolution, which makes opti-
mization and inference costly and hinders cross-resolution
generalization. Another possibility is to use parametric rep-
resentations such as splines [10] or NURBS [58] to reduce
the number of parameters to be estimated; however, such
techniques are practical only for simpler geometries. As the
geometries grow more complex, the number of parameters
required for accurate representation usually explodes; thus
defeating the purpose of using a parametric representation
as a low-dimensional deformation state. Although modern
learning-based representations such as AtlasNet [24] and
other neural representations [38, 55, 75, 77] alleviate some
limitations, their large parameter counts and heavy training
typically hinder their usage in surface deformation pipelines
that require a compact, controllable state.

In this paper, we present a patch-wise, jet-based repre-
sentation of surfaces which allows an efficient surface de-
formation with significantly reduced number of parameters
to be estimated. Our proposed representation PolyFit di-
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vides the surfaces into small patches that are represented
by simple jet functions, as seen in Figure 1. It is learned
in a supervised fashion using analytic functions which are
cheap to generate. If needed, its accuracy can be further
improved by fine-tuning with a small number of samples of
a given object type. To deform surfaces, we directly up-
date the patch-wise n-jet coefficients, thereby limiting the
number of parameters to be estimated which leads to effi-
cient processing of the deformations. We showcase the effi-
ciency of our proposed methodology with two well-known
problems in computer vision and graphics. First, we pro-
pose PolySfT: a learning-free, polynomial fitting approach
to solve SIT [4, 21, 31, 62, 69] where the goal is to deform
a given 3D template as seen in the images. We show that
it performs much faster with competitive accuracy than the
existing best-performing approaches. Second, we propose
OneFit: a self-supervised polynomial fitting methodology
to learn the draping of the garment. Existing methodolo-
gies [9, 15, 65] produce mesh-specific or garment-specific
solutions. A few exceptions are [23, 70, 71], which
can handle multiple garments at various mesh resolutions.
However, [70, 71] are not designed to generate temporally
consistent garment deformations as their training process
does not incorporate temporal data. In contrast, OneFit is
temporally coherent, mesh- and garment-agnostic. Trained
on a single garment, OneFit is able to handle different inter-
class and intra-class garment variations. Moreover, due
to its compact representation, it trains faster than existing
methods and provides up to an order-of-magnitude faster
inference than strong baselines.

2. Related Work

Surface representation. Parametric chart methods such
as AtlasNet [24] learn continuous maps from a 2D do-
main to 3D surfaces, often trained in a supervised man-
ner on large shape corpora; follow-ups [5, 19] improve ef-
ficiency by focusing on local charts. Implicit fields (e.g.,
SDF/UDF, implicit neural surfaces) [38, 55, 75] model ge-
ometry with high capacity but typically require substantial
data and compute, and generalization outside the training
distribution can be limited. Jets have also been used for lo-
cal surface fitting [14] and differential estimation on point
sets [6] (e.g., normal/curvature via polynomial jets) and,
more recently, neural Jacobian-field [2] approaches predict
intrinsic Jacobians by supervisedly learning mesh-to-mesh
mappings (suitable only for registration or style transfer
tasks). Our use of jets differs in both goal and machinery:
we make patch-wise n-jet coefficients the state variables of
deformation with closed-form derivatives, and drive either a
learning-free, test-time inverse optimization (PolySfT) or a
self-supervised draping model (OneFit). Unlike [6], which
uses a PointNet [60]-based weighting module to modulate
the importance of neighbors to infer point-wise differen-

tial quantities, PolyFit performs patch-wise fitting, focus-
ing on efficient deformation modeling rather than per-point
geometric property estimation. Unlike [2, 24], PolyFit is
trained with lightweight synthetic analytic patches (and a
small number of garment patches), is local by construction,
and generalizes to arbitrary digital 3D surface deformations.

Shape-from-template. Given a known registration be-
tween the texture of the template and the images, [4, 11,
16, 57, 62] compute a unique 3D shape observed in the
image, assuming that the object deforms isometrically in a
geodesic-preserving fashion, like a piece of paper. Based on
this foundational work, [18, 49, 50, 67] developed efficient
real-time applications. Further advances have been made to
incorporate other deformation models such as conformal-
ity [4, 54], equiareality [12, 54], elasticity [I, 28, 43-45],
ARAP [53] and diffeomorphism [80]. A major shortcoming
of these methods is their inability to handle severe occlu-
sions and capture sharp movements due to the unavailability
of high-confidence point correspondences in these scenar-
ios. [20-22, 59, 68] extend SfT to use supervised learning
from ground truth data. Recently, [39] proposed a weakly
supervised SfT posing manageable constraints on the input
sequence to contain some of the already seen shapes dur-
ing training. However, all these methods severely degrade
under challenging scenarios mentioned above.

Alternatively, [31] used physics-based simulation of
thin-shell objects [35, 47] to deform a 3D template to match
input images. [69] used self-supervised learning of physics-
based thin-shell simulations [15, 65] to learn a neural cloth
model which operates significantly faster than [31] although
with a degraded performance. Our proposed PolySfT uses
PolyFit to represent templates with polynomials. It deforms
the template by modifying the polynomial parameters to
match images in a test-time optimization manner, which is
significantly more time and memory efficient than offline
physics-based simulations where various physical forces are
explicitly manipulated.

Garment Draping. Traditional garment simulation meth-
ods rely on computationally expensive but accurate phys-
ically based cloth simulation [3, 17, 37, 41, 47, 48].
Advances have been made to reduce the computational
complexity of cloth simulation by approximating gradi-
ents [29, 34] for fast computation or adding 3D priors [27]
such as point clouds of clothed humans. However, these ad-
vances compromise reconstruction quality and make the de-
ployment impractical for virtual try-on systems. Unlike tra-
ditional approaches, modern learning-based methods yield
fast inference. Most methods [7, 25, 26, 40, 51, 56, 63, 64,
66, 74, 76, 78] incorporate a supervised learning approach
by using PBS-generated data to learn the relative garment
positions with respect to the body. The data generation pro-
cess is slow and labor intensive which limits the applica-
bility of these methods. Recently, [8, 9, 15, 23, 65] pro-
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Figure 2. a) PolyFit. It orients the input patch to improve bijectivity with the uv-plane and obtains an analytic representation using
n-jet fitting. b) PolySfT. Using PolyFit, the input 3D template is deformed to match input images by estimating the offsets of fitted jet
coefficients A, uv displacements Auw, as well as a rigid transformation (R, T.).

posed self-supervised learning of garment deformations by
converting the physical constraints into optimizable losses
to estimate garment positions. Most of these methods
learn a mesh-specific model which needs to be retrained for
slight changes in the garment topology. To our best knowl-
edge, [23] is the only exception that uses graph neural net-
works to learn temporally coherent drapings of several gar-
ment meshes. However, the performance decreases while
draping meshes with significantly different resolutions from
the training. In contrast, OneFit transforms garment patches
into functions using PolyFit, in order to learn drapings of
several garments at all possible mesh resolutions in a self-
supervised manner similar to [15, 65]. Moreover, as com-
pared to mesh-based methods, OneFit is less prone to cloth
self-intersections.

3. PolyFit

PolyFit allows a jet-based representation on surfaces de-
scribed with points/meshes. It is possible to represent the
entire surface S with a single function or it can be sub-
divided using Approximated Centroidal Voronoi Diagrams
(ACVD) clustering [72], which efficiently constructs uni-
form tessellations of a given surface area, into desired num-
ber of patches. Each patch k is passed into PolyFit which
computes orientation O = (sg, Ry, Tx) and a paramet-
ric n-jet function ¢, (u, v) with respect to a canonical uv
space, as seen in Figure 2(a). Given a set of 3D points
pr on S, PolyFit yields a smooth representation Sy, :=
{Ok, ¢5k (u, U)} such that px = SkRk¢Sk (u, ’U) + T. De-
pending on its orientation, projecting Sy onto a local 2D
frame may produce foldovers (overlaps in (u,v)), so the
surface is no longer a single-valued height graph, break-
ing the bijectivity of ¢s,. To mitigate this issue, we lever-

age Principal Component Analysis (PCA) to transform each
patch into a canonical space of maximally planar patch
representations, which empirically reduces such degenera-
cies. We then use a rigid Spatial Transformer Network
(STN) [30] parameterized by unit quaternions to refine the
orientation and promote a near-bijective height-graph pa-
rameterization before n-jet fitting (see Figure 10 in the sup-
plement for an illustrative example).

Following the explicit representation of surfaces in terms
of height function, z(u,v), from a canonical uv space, an
n™ order truncated Taylor expansion of z (also known as n-
jev), is given by z(u,v) = 370 320 ai—jju'"Iv7. The
combinations of («,n) allow an analytic representation of
various non-trivial geometries, whose n'™ order derivatives
can be computed precisely. Moreover, given sufficient point
samples, z(u, v) can be obtained by fitting an n™ order jet
in a least squares sense [ 13]. Therefore, canonical represen-
tation of surfaces, in which every point is parameterized by
a diffeomorphism ¢s, : (u,v) — (u,v,2(u,v))", can be
oriented using O = {s, R, Tk} to fit any smooth sur-
face patch embedded in R3.

4. PolySfT

PolySfT (see Figure 2(b)) leverages PolyFit to efficiently
deform a textured 3D template to match the input im-
ages, thereby recovering the 3D shape observed in video.
We consider a single-patch representation of the template
T = {0, ¢7(u,v)}, where © = (s,R,T) and ¢ =
(1,0, 2200 2 @imjgu’09) T Tt is deformed using
the offset jet coefficients Aa, uv displacements (Au, Av)
as well as a global rotation, R, and translation T. re-
lated to rigid motion of the object. Assuming camera in-
trinsics are known (a common assumption in SfT), the re-



sulting meshes are converted into RGB and mask images
using a differentiable renderer [32]. These renderings are
compared to the target input video sequence by comput-
ing pixel-wise RGB and silhouette losses similar to [31].
The gradients of the losses are used to refine the optimiz-
able parameters. The reconstructed surface is thus modeled
by Reds(u + Au,v + Av; e + Aa) + T, followed by
transformation given by O, to bring the reconstruction from
canonical orientation to real one.

Losses. To guide the surface reconstruction, we employ a
combination of photometric and geometric losses. Specif-
ically, we adopt an RGB and silhouette loss as defined in
[31] to align the reconstructed mesh with the observed im-
agery. In addition, we apply mesh inextensibility loss to
enforce edge-preserving constraints between the deformed
and template mesh, Mp and M respectively:

TMedge

£mesh,inext = kmi Z(ez (MP) — € (MT))2 (1)

=1

where ¢;(-) denotes i-th edge length. Furthermore, we
introduce a temporal consistency loss defined as follows,
which promotes temporal smoothness across frames:

1 s+W—2
2 2
Lo = b ; (160 ||® + [|ouve]?) . ()
where (SOét = Aat+1 — Aat,
and W is the window size.

duvy = Auvipy — Auvy,

5. OneFit

OneFit (see Figure 3) leverages PolyFit to efficiently sim-
ulate garment deformations using self-supervised learning.
The template garment 7 is divided into patches using [72]
which are passed into PolyFit to obtain a smooth patch rep-
resentation, 7y, := {Oy, ¢, (u,v)}.
A garment patch embedding, Z, , is generated by passing
Ti along with its positional encoding into the encoder, an
MLP with skip connections. The positional encoding, as
described in [46], is applied to each patch to incorporate its
center position and its relative offsets from body joints.
A body embedding, Zp is obtained as a concatenation of dy-
namic and static encoding. To describe joint orientation rel-
ative to the parent joint, we follow [9] and adopt 6D descrip-
tors [79] concatenated with a unit vector with the unposed
direction of gravity. This allows to alleviate the discontinu-
ities in the rotation space presented in axis-angle represen-
tation. For the structure of the static and dynamic encoder,
we adhere to the framework in [9]. The global body pose,
B(8, 0, v) encapsulates the body shape (83), the current body
pose (), and the global velocity of the root joint (v).

Given B(f,0,7) and T, the network first computes the
garment patch and body embeddings, Z 7, and Zp respec-

tively. They are then concatenated and fed into a de-
coder (details in Section 7.5 of the supplement) as Z =
concatenate(Zr, , Zpg) to predict the patch deformations,
Sk = {O, ¢s, (u,v)}. The garment deformations are
learned by enforcing the physical equilibrium of forces and
geometric consistency of template and deformed surface
patches posed on the desired body after skinning. This
enables a self-supervised, mesh-agnostic, garment-agnostic
learning of the deformations.
Geometric Deformation Modeling. As seen in Figure 3,
Ty is deformed to Si. Upon skinning with vs,, we ob-
tain Py, posed on body ;. We impose patch deformations
to be isometric and enforce the preservation of their first
fundamental form in terms of local metric tensors at 7Ty,
g7, = J;—Tk.](m,k and Py, gp, = J;—Sk'];ﬂrsk']wsk'](bsk'
Jgr, and Jy, canbe expressed analytically from the para-
metric representation obtained in PolyFit. J,5 ~can be an-
alytically calculated from the LBS skinning function [36].
We impose geometric restrictions on the patch bound-
aries to maintain consistency. Like [15], we allow local
stretchings to avoid collisions. We impose following losses:
1) Collision. It penalizes penetration between the body
and the garment. For each point, it is given by

Ecollision = kc Z da (3)

points

where d. = max(e — d(z),0) quantifies the degree of
interpenetration. d(x) is the signed distance between the
garment vertex and the body surface, and € is a small posi-
tive constant introduced to enhance stability.

2) Inextensibility. To preserve geodesics between the
template and draped garment, it enforces metric tensor sim-
ilarity. It is computed as

1
Linext = kim Z Z |kexi8T: (%) — 8P, (X)] (4
T €T xET

M is the number of points in each patch and K is total num-
ber of patches. kexy = 1+min(d.,0.01) min(e, 100),where
e is the current epoch. We first allow network to stabilize
and then enforce inextensibility.

3) Boundary. It enforces the connectivity between adja-
cent patches and is defined as follows:

1
Eboundary = ﬁ Z Z kb”Xi*Xj”z‘i’kbn (]- - COS(Gn))Q
(i,7) € B points
)

where x; and x; denote boundary points on the adjacent
patch of index ¢ and j, M, denotes the total number of adja-
cent points between all pairs of patches. cos(6,,) represents
the cosine similarity between the normals of the n-th pair
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Figure 3. OneFit. It deforms 7 isometrically to obtain P posed on body B; by forcing patch boundary consistency, avoiding collisions

and maintaining physical equilibria.

of adjacent points. It penalizes deviations from perfect par-
allelism, thus promoting smoother transitions at the bound-
aries. Overall, the geometric losses are given by

»Cgeometric = Einexl + Lcollision + ACboundary + ‘Cmeshjnext (6)

Linesh_inext> defined in Eq. (1), and Liex impose the

geodesic preservation constraints at zeroth and first order
respectively. It allows the garment deformations to be iso-
metric while taking local body-garment collisions into ac-
count.
Physics-based deformation modeling. The physics-based
losses incorporate effect of inertia and gravitational forces.
The implementation is similar to [15] except losses are de-
fined on points instead of mesh vertices.

1) Gravity. It incorporates gravity by minimizing the po-
tential energy of the garment, given by

grav1ly Z mg X, (7)
vertices
where m is the particle mass and g is the gravitational ac-
celeration.
2) Inertia. It incorporates the inertia loss as proposed in
[65]. Tt is given by

3 2A1t2 m(xlt] — xlt=1

vertices

— Atl1)2(8)

Einerlia =

where At is the simulation time step, x[*) and x[*~! specify
the particle’s position at times ¢ and ¢ — 1, respectively.
Overall, physics-based losses are

ﬁphyucs - Emertld + Egravny (9)
Together, the losses are given by

L= £physics + ‘Cgeometric (10)

6. Experiments
6.1. PolyFit

We trained PolyFit on point clouds sampled from regu-
lar explicit functions (4-jets, trigonometric, Gaussian and
Bessels) and on patches sampled from garment meshes in
CLOTH3D [7] dataset, details in Section 7.1 of the supple-
ment. The training time is about 2 hours.

Note that DeepFit [6] and NJF [2] are not directly com-
parable for our setting. DeepFit performs point-wise jet
fitting to estimate local differentials and does not provide
a compact patch-level state that can be driven as control
variables for surface deformation. NIJF presumes a train-
ing set of source—target maps and a global latent code to
learn piecewise-linear mesh mappings, supervision that is
unavailable in our scenario.

We therefore compare PolyFit against AtlasNet [24], a
learned multi-chart surface generator, for patch fitting. At-
lasNet encodes an input point cloud with PointNet [60] and
decodes a latent code through K chart decoders (MLPs),
each mapping a 2D parametric domain to a 3D patch; the
union of all K patches forms the reconstruction. We train
the autoencoder variant of AtlasNet with K € {5,25,125}
on 5,000 CLOTH3D garments covering diverse types, and
evaluate on six garment templates from [65]. For evalua-
tion, we follow the AtlasNet protocol and compute the sym-
metric Chamfer distance between the reconstruction (con-
catenating points from all K charts) and 10,000 points uni-
formly sampled on the ground-truth template. For both
methods, the point clouds are normalized before computing
the metric. We observe that varying K yields only minor
differences in Chamfer distance, so we report the average
across K in Table | and provide the full table in Table 8



of the supplement. As summarized in Table 1, PolyFit con-
sistently attains lower Chamfer distance, demonstrating ac-
curate fitting with analytic, patch-wise representation. For
ablation studies on jet order, the jet-regressor backbone and
the training distribution, see Section 7.2 of the supplement.

Tshirt Dress Tank  Top  Shorts Pants

AtlasNet 0517 1.070 0962 0464 1.509 0.938
PolyFit (Ours) 0.229 0.168 0.268 0.092 0.372 0.237

Table 1. Chamfer Distance (multiplied by 10%) for patch fitting on
six garment templates.

6.2. PolySfT

We use adaptive window optimization (/W =3, patience 100,
period 500; see Section 7.3 in the supplement for details).
The loss coefficients ky,; and k. are set to 0.1 and 0.05,
respectively. We use Adam optimizer with learning rates
1073 for (Au, Av), 10~2 for Ac, and 10~* for both R,
and T..

We evaluate PolySfT on two real datasets: Kinect-Paper
(193 images with ground truth) [73] and Paper-Bend (71
images without ground truth) [61]. Table 2 compares
quantitative results on Kinect-Paper against traditional SfT
(SFT) [4] and supervised SfT methods [20, 21]; PolySfT
attains consistently lower errors than these baselines. We
did not compute results for ¢-SfT [31] due to prohibitive
runtime and memory requirements on long sequences. [69]
is designed to work with square meshes only and is there-
fore not applicable to the Kinect-Paper template. Selected
reconstructed frames are shown in Figure 4. The code for
TD-ST [20] is not publicly available, so we cannot show
visual results. Additional qualitative results on Paper-Bend
are shown in Figure 12 of the supplement.

SFT [4] DeepSfT [21] TD-SfT [20] PolySfT
RMSE (mm) 6.17 6.97 3.37 2.59

Table 2. Kinect-Paper dataset. Depth RMSE is reported in mm.

In addition, we evaluated PolySfT on synthetic dataset
provided by [31], which comprises four sequences (S1-S4)
of cloth deformations, each containing between 45 and 50
frames. We compute the 3D error e3p and the average per-
vertex angular error e,, in degrees, following the definition
given in the supplement of [31]. Table 3 shows that our
method outperforms PGSfT and SFT on all sequences. It
outperforms ¢-SfT on S1 and S4, and achieves comparative
results on S2 and S3 sequences. Visual comparisons with
state-of-the-art methods are shown in Figure 15.

We report wall-clock per-frame optimization time av-
eraged over entire sequences. On an NVIDIA V100

S1 S2 S3 S4
€3D €n €3D €n €3D Cn €3D €n
PGSET [69] 0.0298 7.780 0.0448 8770 0.0823 21.058 0.0919 6.885
¢-SfT [31]  0.0420 11.860 0.0230 10.620 0.0330  9.120  0.0050 2.610
SET [4] 0.0328 7.275 0.0483 7.683 0.0481 14.607 0.0232 5.165
PolySfT 0.0234 6337 0.0298 4815 0.0266 10.222 0.0026 0.475

Table 3. Results on the ¢-SfT synthetic dataset, comparing e3p
and e, errors across methods for sequences S1 to S4.7

GPU, PolySfT runs at ~10s/frame. This is ~270x faster
than ¢-SfT (~2,800s/frame) and about 2x slower than
PGSAIT (~5s/frame). Despite this gap to PGSfT, PolySfT
achieves accurate reconstructions while remaining substan-
tially faster and far more memory-efficient than ¢-SfT.

Frame 150 Frame 160 Frame 170 Frame 180

DeepSfT

Error: 8.87

PolySfT
(Ours)

Error: 3.16

AT W

Error: 30.34

I . 40 mm

Error: 3.66

Error: 11.60 Error: 9.66

0 mm

Error: 2.50 Error: 2.97

Input
RGB

Figure 4. Error map comparison between DeepSfT and Ours on
example frames from the Kinect-Paper dataset.

We assess PolySfT’s stability by running the optimiza-
tion beyond 300 iterations, which is our usual checkpoint.
We observed the results to stabilize, thus reliably tracking
the intended motion, with no visual changes beyond the typ-
ical iteration threshold. More details in Section 7.4 of the
supplement.

6.3. OneFit

We trained OneFit on a set of 6 standard garment templates
(tshirt, dress, pants, shorts, long-sleeve top and tank) used
in [65]. We utilize the human motion sequences from the
AMASS dataset (60 seq., 10K poses) [42]. We then vali-
date the resulting models on unseen garment meshes from
CLOTH3D [7], where the garment preprocessing steps are
described in Section 7.6 of the supplement.

We set the adaptive batch size according to the number
of patches of the garment. The learning rate begins at 103
for the first 10 epochs and then reduces to 10~* . We set
ky = 5e3, ks = 2, kg = 1, k. = 1, and k; = 0.5. These
parameters are fixed for all garments across all experiments.

"Best and second-best results are in bold and with underline, respec-
tively.
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Figure 5. Single garment OneFit under garment intra-class vari-
ations. Trained on a Tank top (in green), OneFit is able to drape
tank tops of different styles.

We compare OneFit with state-of-the-art self-supervised
methods:  GAPS [15], SNUG [65], NCS [9] and
HOOD [23]. Except for HOOD, all these methods train
mesh-specific models of a single garment. HOOD trains a
mesh-based model, but can train a unified model for mul-
tiple garments. OneFit trains a mesh-independent model
and can learn either a single or a multiple garment network.
Furthermore, we can finetune an existing model to a spe-
cific garment; thus avoiding from-scratch training. Being
mesh-independent, it can generalize to various mesh reso-
lutions. Figure 14 in the supplement shows the scalability
of OneFit towards various mesh resolutions with a similar
inference time. SNUG requires a post-processing to remove
garment-body collision artifacts. GAPS learns a body-
specific model; thus no post-processing is required. One-
Fit does not require collision post-processing while dealing
with garments and bodies in the training dataset or while
dealing with garments which cover the garment-body inter-
actions similar to the training data. However, while dealing
with unseen garments, for example trying to drape a full-
sleeve tshirt from a model trained on half-sleeve tshirt, some
collision artifacts are observed, which can be removed with
collision post-processing.

OneFit as a single garment model. We test its general-
ization capabilities. Figure 5 shows the results of OneFit
trained on a Tank top. While it drapes well on the trained
garment, it generalizes well to the garments of similar style
without a post-processing. We also test the generalization
capabilities of OneFit towards garment inter-class varia-
tions. Figure 6 (top) shows results of OneFit trained on a
dress and tested on various garments. Since it learns gar-
ment deformations from small patches, it basically learns
localized garment-body interactions which are generally ex-
tensible to various garments. Hence, we see a decent drape
on tshirt and tank tops. The only artifacts that appear over
these garment are due to collisions. Since the network is
learned on a dress which does not have arms, it is not trained
to be aware of the garment-body interactions in this region
which makes the collision artifacts inevitable. A simple
post-processing can remove these artifacts. The interesting
results in Figure 6 (top) are with pants and shorts which are

tightly wrapped to the body as opposed to dress. Besides
the collision artifacts, some deformation artifacts are also
visible within the area between the legs. Since dress is a
loose garment, the network does not witness tightly-bound
garment-body interactions between the legs and produces
artifacts.
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Figure 6. Top: OneFit trained using Dress. Bottom: OneFit trained
using a collection of 6 garments.

Loose garments are known to be challenging for most
garment draping methods. Figure 7 shows that OneFit
trained on dress is close to GAPS, the best performing
method in this case. All other methods yield noticeable ar-
tifacts.

GAPS NCS OneFit
Ee 0.196 0.368 0.629

Figure 7. SOTA comparison for OneFit trained on dress. The
results on GAPS are reported after post-processing.”

OneFit as a multiple garment model. We trained OneFit
jointly on all six garments: tshirt, dress, pants, shorts, long-
sleeve top and tank top in order to cover a wide range of
body-garment interactions. Table 4 shows that the . (% of
vertices under collisions) has drastically reduced as com-
pared to OneFit trained only on dress. We also see that
training on multiple garments improves the generalizabil-
ity of OneFit. Figure 6 (bottom) shows better garment
drapings on pants and shorts; which demonstrated defor-
mation artifacts in Figure 6 (top) under a single garment
OnekFit. Figure 8 shows that OneFit is on par with GAPS,

TPoses may differ slightly across methods due to differences in the
SMPL implementations used by each method.



Model T-shirt Dress Tank Top Shorts  Pants

OneFit (Dress) 0.330 0.840 2.834 10.033 6.271 2.389
OneFit (6 garments) 0422 0.756 0.481 1.592 1.749 1.194

Table 4. ¢, for various garments. Training on multiple gar-
ments improves OneFit’s generalizability without requiring any
post-processing.

Model Ec Training time
OneFit (6 garments) 2.397 8h
OneFit (6 garments) + finetuning  1.982 1h
OneFit (jumpsuit) 1.845 3h

Table 5. Fine-tuning vs training OneFit on jumpsuit.

the best performing method in this case. Figure 9 demon-
strates the garment-agnostic nature and capability of OneFit
to handle extreme poses, including a high-kick dress and a
cobra-pose tank-top.

OneFit

Figure 8. SOTA comparison on tight garments. The results on
GAPS are reported after post-processing.’

R ~Fn

Figure 9. Draping results on challenging poses with diverse gar-
ments.
Finetuning OneFit. Once learned, OneFit can be finetuned

to a new garment. Table 5 compares OneFit trained on mul-
tiple garments to drape a new garment, jumpsuit. Almost
2.5% vertices are observed to be under collision which are
brought down to less than 2% by finetuning this model on
jumpsuit for an hour. Training OneFit from scratch achieves
a similar performance with 3x more computation.
Ablation study. Table 6 shows ablation study on various
losses, using a tank top as the test garment. Besides ¢,
we also compute €, and €, reporting average per-point %
area and edge length change. Losses Lpeshinext and Linext
control the stretchability of garment through zeroth-order
(point-based) and first-order (normal-based) metrics; they
are both required to minimize size variations while avoid-
ing collisions. L., reduces the amount of body-garment
collisions.

Model Ee Ea Ee

OneFit 7.828 13.020 0.227
N0 Lieshinext 13.175  24.011  0.263
N0 Linext 7.739 12760 1.641
no Lo 8.004 13373 0.387

Table 6. Ablation of OneFit training losses.

SNUG HOOD GAPS OneFit

Train 2h 10h 2-6h 2-8h
Runtime 324ms 1255ms 5.12ms 0.48 ms

Table 7. Timing performance.

Timing Comparison. Table 7 reports the timing perfor-
mance. The mesh specific methods take less time to train
but cannot generalize to different topologies. SNUG takes
2 hours to converge for tight garments with less than 10k
vertices. GAPS takes 2 hours in the same setting and up
to 6 hours for looser garments like dresses. HOOD reports
~10h. OneFit takes 8 hours for training a multiple garment
model on 4 NVIDIA A100 GPUs. For runtime, we evaluate
on a 2,175-frame CMU sequence. HOOD takes the longest
runtime. SNUG takes less inference time but is slower than
GAPS due to additional collision post-processing. OneFit
achieves the fastest runtime; the optional post-processing
step (required only while draping garments out of training
set) adds only ~3-4ms per frame.

7. Conclusions

We introduced PolyFit, a patch-based representation that
deforms surfaces via a compact set of jet coefficients. We
demonstrated its utility in two applications: PolySfT, a test-
time optimization that estimates jet coefficients and local
uv shifts so that differentiable renderings match the input
images, and OneFit, a self-supervised, mesh- and garment-
agnostic neural garment simulation model that generalizes
across resolutions and garment types. These results high-
light the promise of polynomial, patch-wise representations
for efficient deformation modeling/learning.

Limitations. Each patch in PolyFit is encoded as a single-
valued height function; extreme wrinkles, large bulges, or
self-occlusions may violate this assumption. We plan to
adopt adaptive, curvature/visibility-aware partitioning and
enable higher-order jets on demand to preserve fine de-
tails. Additionally, seam artifacts at patch boundaries may
occur under large deformations and are mitigated via a
lightweight Laplacian smoothing applied along the bound-
aries. In future work, we will develop more effective bound-
ary control that removes this post-processing.
Acknowledgements This research has received funding
from the project RHINO, an ANR-JCJC research grant.
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Patch-based Representation and Learning for Efficient Deformation Modeling

Supplementary Material

7.1. PolyFit: Training and Implementation

Training dataset. To support the training of the rotation
correction block in PolyFit, we created a dataset consisting
of point cloud patches, generated by combining four fami-
lies of functions, including jet, trigonometric, Gaussian and
Bessel. The four families of functions are:

1) 4-jet: f(u,v) = Z?:o Zj‘:o Qg U7
2) Trigonometric: T(u,v) = acos(Ovu? + v?)
(u7u0)2+(v7v0)2)

202

3) Gaussian: G(u,v) = aexp (—

4) Bessel: B(u,v) = aJy (k\/(u —ug)? + (v — 00)2)

where o € [-0.5,0.5] , § € [m,27], 0 € [0.5,1] and
k = 5. Here, Jy denotes the Bessel function of the first
kind of order 0. Using (u,v) € [—1,1], we sum the out-
puts from the four functions and train the PolyFit in a super-
vised way, by minimizing the height discrepancies between
the original and the fitted surface points. We further add
patches extracted from CLOTH3D [7] training dataset. The
garment meshes are first subdivided four times to achieve
a dense mesh. ACVD [72] is applied to the refined mesh,
clustering the vertices into k patches according to the sur-
face area. Specifically, the number of patches is given by
max (1007 min (400, Lﬁj )), where A denotes the area
of the mesh. We extracted 100k patches and computed
ground truth normals from their corresponding meshes.
Training details. The batch size is set to 512 and the learn-
ing rate is set to 0.001. For every patch, we perform a
preprocessing step including normalization, basis extrac-
tion and coordinate frame transformation, as depicted in
[6]. Figure 10 illustrates the benefit of using STN correc-
tion module, which refines the orientation of the given input
point cloud and promotes a near-bijective height-graph pa-
rameterization before n-jet fitting.
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Figure 10. Effect of STN canonicalization. It promotes a near-
bijective parameterization (1-D section shown).

7.2. PolyFit: Experiments

Comparison with AtlasNet. We report per-template
Chamfer distances for AtlasNet and PolyFit across K €

{5,25,125} learned charts. For training, we use square
(patch) as template type, the number of sampled points is set
to 10,000. The point clouds are normalized before comput-
ing the metric. As seen in Table 8, varying K leads to only
minor CD changes (the total point budget is fixed), while
PolyFit attains consistently lower errors on all templates.

Tshirt Dress Tank  Top  Shorts Pants

AtlasNet () = 5) 0.531 1.039 0939 0481 1.508 0.963
AtlasNet (K = 25) 0.490 1.060 0942 0420 1471 0.992
AtlasNet (X = 125) 0.531 1.111 1.005 0490 1.547 0.858
PolyFit (Ours) 0.229 0.168 0.268 0.092 0.372 0.237

Table 8. Chamfer Distance (multiplied by 10%) for patch fitting on
six garment templates.

Fitting error with increasing jet order
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Figure 11. Fitting error with respect to jet order n on CLOTH3D
patches.

Ablation on Jet Order n. To evaluate the fitting per-
formance of PolyFit, we use garment patches from the
CLOTH3D validation dataset [7]. We compute its perfor-
mance from metrics including height RMSE and normal
loss, measured in degrees. Figure 11 shows the performance
of n-jet fitting on the CLOTH3D dataset. This shows that
the 4-jet function is capable of fitting point clouds from gar-
ment patches effectively. Therefore, we fix n = 4, as this
setting has been shown to achieve high accuracy on gar-
ments with reasonable computational complexity.

Table 9 indicates that the STN module noticeably en-
hances the model’s fitting accuracy as it re-orients patches
to improve their bijectivity, which leads to better jet-fitting.

Height RMSE  Normal Diff (°)

with 0.0201 5.274
w/o 0.0259 5.465

Table 9. PolyFit fitting metric, with and w/o STN.



Additional ablation studies. We evaluate PolyFit on
patches sampled from the CLOTH3D validation split and
compare it with PointNet [60] and DGCNN [76], two point-
based networks that we adapt to regress jet coefficients di-
rectly from point clouds. As summarized in Table 10, Poly-
Fit delivers lower geometric error (height RMSE and nor-
mal difference) and shorter per-patch inference time than
these alternatives.

Model Height RMSE  Normal Diff (°) Time (ms)
PointNet [60] 0.0309 6.936 0.0754
DGCNN [76] 0.0290 6.406 0.0625
PolyFit 0.0201 5.274 0.0481

Table 10. Comparison with point-based backbones on CLOTH3D
validation patches. We report height RMSE, normal-angle error
(°), and per-patch inference time (ms).

We further ablate the family of parametric functions used
for training. Table 11 shows that increasing the diversity of
parametric functions and augmenting the training set with
patches extracted from garment meshes both yield addi-
tional accuracy gains.

Function used for training Height RMSE  Normal Diff (°)

Gaussians only 0.0248 5.485
4 Families 0.0239 5.423
4 Families + garment patches 0.0201 5.317

Table 11. Study on different training data for PolyFit.

7.3. PolySfT: Implementation details

Adaptive Window Optimization. We adopt an adaptive
sliding-window optimization strategy with a window size
of W. Within each window, optimization continues un-
til either the loss fails to improve for a preset number of
consecutive iterations (referred to as the patience thresh-
old) relative to the current minimum, or the number of it-
erations exceeds a certain period (referred to as the frame
period). Once either condition is met, we shift the window
forward by one frame and initialize the new frame’s param-
eters using those from the previous frame. This method pro-
motes temporal consistency and maximizes optimization ef-
ficiency.

7.4. PolySfT: Experiments

In addition to the quantitative and qualitative results re-
ported in the main paper, we provide further visual results
here. Figure 12 presents additional qualitative results on the
Paper-Bend and Kinect-Paper datasets. Renderings of the
reconstructed meshes (second column) closely match the
input images (first column), resulting in low per-pixel RGB

error maps (third column). Figure 15 shows a comparison
with SOTA methods on the synthetic dataset provided by
[31].

Paper Bend Kinect Paper

Input frames ~ Reconstructed RGB difference

Input frames  Reconstructed RGB difference

Figure 12. Additional reconstruction results on Paper-Bend and
Kinect-Paper.

Stability test. We assess PolySfT’s stability by running the
optimization process for many more iterations than usual.
Figure 13 displays the reconstructed meshes for two scenes
with different motion patterns at 50 iterations, 300 itera-
tions (the average evaluation point), and extended runs at
1000 and 5000 iterations. The results demonstrate that the
mesh reliably tracks the intended motion, with only mini-
mal changes beyond the typical iteration threshold. More-
over, initializing from previous frames provides a robust
starting point for the current frame. Experiments are con-
ducted on a single NVIDIA V100 GPU.

Iteration 5000

Iteration 1000 Iteration 10000

Iteration 300

Iteration 50

Kinect-paper

PaperBend

Figure 13. Stability test for Kinect-Paper and Paper-Bend. We
show the reconstructed mesh at various iterations.

7.5. OneFit: Network and training details

In this section, we provide details of the OneFit architec-
ture and training setup. In the Dynamic encoder, different
from [9], the Gated Recurrent Unit (GRU) layers are ini-
tialized with random hidden states. The body feature ex-
tractor is implemented using a five-layer multilayer percep-
tron (MLP) with LeakyReLU activation between the layers.
Each layer contains 256 nodes, with the exception of the
final layer.

The decoder consists of four fully connected layers, each



with dimensions of 512, 512, 512, and 256, respectively.
This is followed by three prediction heads for jet coef-
ficients, translation and scale, each implemented as three
fully connected layers with dimensions 128 and 64, ending
with a final output layer.

Finally, to maximize parallel computation on GPUs,
the batch size for each garment is dynamically determined
based on the number of patches using the following equa-

S _ 20,000
tion: bs = number of patches

7.6. OneFit: Garment preprocessing

We describe the preprocessing used to align CLOTH3D gar-
ments to the average SMPL body in T-pose.

T-pose average shape conversion. In CLOTH3D, gar-
ments are posed with legs slightly apart, differing from the
standard SMPL T-pose on which skinning weights are de-
fined. In addition, the dataset is fitted on different body
shapes. To evaluate garments from CLOTH3D with On-
eFit, we first preprocess each garment to align it with the
average SMPL body in standard T-pose. Specifically, for
each garment vertex we query the closest body vertex and
displace it according to the difference between the original
and standard body shapes. A single iteration of Laplacian
surface smoothing is then applied to remove local artifacts.
For loose garments such as dresses and skirts, which do not
adhere closely to the legs, we only correct the position in
terms of shape difference without enforcing pose alignment.

7.7. OneFit: Experiments

Figure 14. OneFit drapings with different mesh resolutions ob-
tained within a similar inference time.
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Figure 15. Error map comparison with SOTA methods on ¢-SfT
Synthetic Dataset, showing frames 10, 20, 30, and 40 from left to
right.
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