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Figure 1. Body Fitting on Clothed Humans. Given 3D clothed humans in any pose and clothing, ETCH accurately fits the body underneath. Our key

novelty is modeling cloth-to-body SE(3)-equivariant tightness vectors for clothed humans, abbreviated as ETCH, which resembles “etching” from the outer

clothing down to the inner body. The ground-truth body is shown in blue, our fitted body in green, and ground-truth markers as .

Abstract

Fitting a body to a 3D clothed human point cloud is a com-

mon yet challenging task. Traditional optimization-based

approaches use multi-stage pipelines that are sensitive to

pose initialization, while recent learning-based methods of-

ten struggle with generalization across diverse poses and

garment types. We propose Equivariant Tightness Fitting for

Clothed Humans, or ETCH, a novel pipeline that estimates

cloth-to-body surface mapping through locally approximate

SE(3) equivariance, encoding tightness as displacement vec-

tors from the cloth surface to the underlying body. Fol-

lowing this mapping, pose-invariant body features regress

sparse body markers, simplifying clothed human fitting into

an inner-body marker fitting task. Extensive experiments

on CAPE and 4D-Dress show that ETCH significantly out-

performs state-of-the-art methods – both tightness-agnostic

and tightness-aware – in body fitting accuracy on loose

clothing (16.7% ∼ 69.5%) and shape accuracy (average

49.9%). Our equivariant tightness design can even reduce

directional errors by (67.2% ∼ 89.8%) in one-shot (or out-

of-distribution) settings (≈ 1% data). Qualitative results

demonstrate strong generalization of ETCH, regardless of

challenging poses, unseen shapes, loose clothing, and non-
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rigid dynamics. We will release the code and models soon for

research purposes at boqian-li.github.io/ETCH .

1. Introduction

Fitting a template body mesh to a 3D clothed human point

cloud is a long-standing challenge, which is vital for shape

matching, motion capture, and animation, while enabling

numerous applications like virtual try-on and immersive tele-

portation. It also supports the development of parametric

human body models such as SMPL [37] and GHUM [64].

Aligning a template body mesh with raw human scans, i.e.,

unordered point clouds, provides a common topology sup-

porting statistical modeling of body shape and deformation.

Traditional optimization-based fitting pipelines (details

in Sec. 2.1) are complex, depending on many ad-hoc rules to

address corner cases, such as inconsistent 2D keypoints and

additional skin-clothing separation. A path forward would

leverage 3D scans paired with accurate underlying bodies

to train a data-driven 3D pose regressor. However, despite

advances in point-based neural networks, like PointNet [51]

and PointNet++ [52], they still struggle with fitting tasks,

particularly in achieving robust generalization under the

complexity of varied human poses and shapes, various cloth-

ing styles, and non-rigid dynamics.

In recent works on fitting a parametric body model to
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Scan GT body NICP [41] Ours body-cloth

Figure 2. Registration vs. Fitting. Though both registration and fitting

involve placing body inside clothing, “registration”, like NICP [41], focuses

on matching the outer surface, whereas “fitting” emphasizes aligning with

the underlying body, making it more robust to clothing variations.

scans, ArtEq [22] addresses out-of-distribution pose gener-

alization through articulated SE(3) equivariance. However,

while ArtEq is designed to tackle articulation, it struggles

with significant clothing deviations from the underlying body,

particularly with loose garments like skirts or large defor-

mations caused by dynamic motions, as shown in Fig. 1.

Other recent approaches attempt to address this by separat-

ing garment layers from the underlying body, using scalar

tightness [15] or double-layer occupancy [7, 58]. These

methods simplify fitting loosely clothed humans by reduc-

ing the problem to a bare-body fitting one. However, given

the combinatorial deformations caused by various human

motions and clothing, these methods still struggle with out-

of-distribution poses or shapes, as Sup.Mat.’s Fig. R.4 shows.

We integrate the two – “equivariance” and “tightness”,

capitalizing on their strengths to achieve the best of both

worlds, and present Equivariant Tightness Fitting for Clothed

Humans (ETCH). Specifically, ETCH encodes tightness as

displacement vectors from the observed cloth surface to the

underlying body surface, capturing their dynamic interaction.

This encoding remains approximately locally SE(3) equiv-

ariant under clothing deformation, accommodates both tight-

and loose-fitting garments, and consistently points toward

the inner body regardless of pose and clothing deformations.

The encoding is learned from ground-truth tightness vectors

computed from paired data, i.e., the clothed human meshes

paired with the underlying ground-truth body.

As shown in Fig. 2, during inference the predicted tight-

ness vectors (V) use the outer surface points to approximate

the inner points that define the body’s shape. However, this

only accomplishes half the task of fitting the body, as the

points remain unordered and do not offer a direct correspon-

dence. To ensure robust body fitting, we perform sparse

marker regression, which is more efficient and less sensi-

tive to outliers compared to dense correspondence methods

like PTF [58] (see Tab. 2). In this approach, we aggregate

the dense inner points into a sparse set of virtual markers

on the body surface. As shown in Fig. 3, each marker is

assigned a region label (L) corresponding to a specific area

of the body, and the dense inner points sharing the same la-

bel—those clustered within the same region—are weighted

and aggregated based on their predicted confidence (C). This

process yields a robust localization of the markers on the

body surface. Consequently, fitting a parametric body to

these markers is a well-solved problem [38].

And unlike direct body regression methods like

ArtEq [22], our approach is tightness-aware. By correctly

disentangling cloth deformation from body structure in an

equivariant manner and regressing the sparse markers with

invariant features, ETCH demonstrates strong generalization

across challenging poses, extreme shapes, diverse garments,

and clothing dynamics, supported by extensive qualitative

and quantitative results. Each design choice has been vali-

dated through ablations.

Our key contributions are as follows:

• Equivariant Tightness Fitting. We introduce a novel

framework, abbreviated as ETCH, which models cloth-

to-body mapping using tightness-equivariant displace-

ment vectors and leverages pose-invariant body corre-

spondences and weighted aggregation for accurate sparse

marker placement. This reformulates the clothed human

fitting into a tightness-aware marker-based fitting task.

• Superior Performance. ETCH significantly outperforms

prior approaches (i.e., IPNet, PTF, NICP, ArtEq) across

datasets and metrics (see Tab. 1). It shows superior gener-

alization to loose dynamic clothing and challenging poses

and extreme shapes at Sup.Mat.’s Figs. R.3 and R.4, and

shows strong out-of-distribution generalization at Fig. 7

and Tab. 3.

• In-depth Analysis. We perform extensive ablation studies

to assess each component’s contribution, including tight-

ness (direction vs. scalar) at Tab. 2, sparse markers vs.

dense correspondences at Tab. 2 and Fig. 6, the role of

equivariance features at Fig. 7 and Tab. 3, and the effec-

tiveness of post-refinement at Sup.Mat.’s Tab. R.2.

2. Related Work

2.1. Body Fitting for 3D Clothed Humans

Estimating body shape under clothing has a long history.

Balan and Black [5] introduce the problem of fitting a para-

metric 3D human body model inside a clothed 3D surface.

They work with a coarse visual-hull representation extracted

from multi-view images or video while later work uses 3D

scans [26, 54, 62, 65]. All these methods rely on the same

principle of optimizing for a single parametric body shape

that, when posed, fits inside all the scans. None of them

explicitly model how clothing deviates from the body. The

first work to learn a mapping between the inner body shape

and outer, clothed, shape does so in 2D [25] by building a

statistical model of how clothing deviates from the body.

Surface Registration vs. Body Fitting. Modeling the cloth-

to-body mapping relates to scan fitting terminology. “Surface
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Registration” and “Body Fitting” are often used interchange-

ably but describe distinct processes. As illustrated in Fig. 2,

for 3D clothed humans, body fitting aims to deform a body

model (e.g., SMPL [37]) to align with the underlying body,

optimizing within the model space (e.g., SMPL’s pose and

shape parameters). In contrast, registration (or “alignment”)

deforms a template mesh to match the outer surface, opti-

mizing outside the model space (e.g., via displacements from

the body, like SMPL-D [7, 39, 48, 69]). These terms can

be interchangeable when clothing is minimal [10, 27, 33].

However, for loose clothing, “tightness-agnostic” registra-

tion will inflate the human shapes to align with the outer

clothing surface, as shown in Fig. 2 and Sup.Mat.’s Fig. R.4.

With ETCH, our goal is to achieve generalizable body

fitting for 3D clothed humans by separating clothing from

the underlying SMPL body shape. Our approach follows

the “tightness-aware” paradigm (see Tab. 1) established by

TightCap [15], IPNet [7], and PTF [58]. Prior work has ex-

ploited the fact that the body should fit tightly to the scan

in skin regions but more loosely in clothed regions [44, 69].

Zhang et al. [69] use a binary tightness model in which the

body “snaps” to nearby clothing surfaces but ignores dis-

tant ones. Neophytou and Hilton [43] introduce a learned

3D model of clothing displacement from a parametric body

shape, but this model has to be trained for each actor. Our

key innovation is defining tightness as a set of vectors, rather

than relying on a scalar UV map [15] or double-layer occu-

pancy [7]. Additionally, we conduct the fitting in the posed

rather than canonical space like PTF [58], being more robust

to raw 3D human captures with out-of-distribution poses.

Optimization vs. Learning. Prior work could also be

grouped into “Optimization-based” and “Learning-based”

approaches. Optimization approaches refine results itera-

tively using the ICP algorithm and its variants [1, 16, 47, 76],

often aided by additional cues such as markers [1, 2, 46] or

color patterns [10, 12]. However, their sensitivity to noise

and poor initial poses can hinder convergence, resulting in

suboptimal local minima or failed fitting.

In particular, the most commonly used optimization-

based body fitting pipelines [6, 39, 44, 67, 69, 71] typically

proceed as follows: multiview rendering of scans ⇒ 2D

keypoint estimation (e.g., OpenPose [13], AlphaPose [21],

etc.) ⇒ triangulation of 3D keypoints from multiview 2D

keypoints ⇒ fitting SMPL (-X) parameters using 3D key-

points and the 3D point cloud (often accompanied by skin

segmentation [3, 24] or self-intersection penalties [42]). 2D

keypoint estimation may fail in loose clothing, and triangu-

lation based on such inconsistent 2D keypoints can lead to

skewed 3D joint estimates. This harms the fitting process,

as chamfer-based optimization is highly sensitive to pose

initialization and can easily get trapped in local minima.

Learning-based methods, powered by the large-scale

3D datasets (e.g., AMASS [40]) and point cloud networks

(e.g., PointNet [51, 52], DeepSets [68], KPConv [55], and

PointTransformer [60, 61, 70]), either improve initialization

for subsequent optimization steps [7, 58], directly output

meshes [49, 57, 73], or directly predict the pose/shape pa-

rameters of statistical body models [8, 29, 36, 73]. However,

direct model-based regression is difficult [7, 8, 29, 57, 58].

To circumvent this, current approaches use intermediate rep-

resentations, such as joint features [29, 36], correspondence

maps [8, 58], segmentation parts [7, 8, 22, 22, 58], or resort

to temporal consistency [69] or motion models [28].

2.2. SE(3)Equivariant and Human Pointcloud

Convolutional neural networks (CNNs) owe much of their

success to translational equivariance. Building on this, re-

searchers have explored SE(3)-equivariant neural networks

for point cloud processing, including Vector Neurons [19],

Tensor Field Networks [56], SE3-transformers [23], and

methods leveraging group averaging theory or SO(3) dis-

cretization. For example, EPN [14] discretizes SO(3) and

applies separable discrete convolutions (SPConv) for compu-

tational efficiency, simplifying rigid-body pose regression.

Extending to non-rigid scenarios, recent work addresses

part-level articulation at the object or scene level (e.g.,

[20, 50, 72]). Human bodies represent a special case due to

their high articulation. Efforts like Articulated SE(3) Equiv-

ariance (ArtEq) [22] or APEN [4] model local or piecewise

SO(3) equivariance to handle articulated deformations. How-

ever, while the human skeleton is articulated, loose clothing

does not strictly follow these assumptions: garments can

undergo large, complex deformations that violate standard

rigidity or articulation models. Consequently, achieving ro-

bust body fitting via approximate SE(3) equivariance for

loosely clothed humans remains an open challenge.

In contrast, we address this challenge from a new per-

spective by modeling approximate equivariance between

the cloth surface and body surface through the local SO(3)

equivariance of a “tightness” vector. This approach en-

ables explicit cloth-to-body modeling while taking advan-

tage of approximate equivariance to achieve more robust

body fitting under loose clothing, effectively combining the

strengths of learning-based pointcloud-to-marker regression

and optimization-based marker-to-body fitting.

3. Method

Given a point cloud X = {xi ∈ R
3}N , which is randomly

sampled from the 3D humans, our goal is to optimize the

pose θ, shape β and t parameters of SMPL [37] (Sec. 3.1),

via a proxy task – fitting SMPL to the estimated sparse body

markers, denoted as M̂ = {m̂k ∈ R
3}K , here K = 86.

To accurately estimate these body markers, we leverage the

SE(3)-equivariant & invariant pointwise features (Sec. 3.1).

Using these pointwise features as input, we regress three

key components to model the cloth-to-body tightness, re-
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Figure 3. Terminology of Tightness-Vector and Marker-Confidence. We

illustrate the key components used for data preparation: 1) Tightness Vectors

V, which connect the outer surface points with underneath body, and

transmitting 2) Marker-based Labels L and Confidence C. We also provide

a 2D illustration that unifies these terms together. Sparse markers as , and

confidence bar indicates the geodesic distance to the closest marker.

fer to Fig. 3 for illustrations: 1) a vector vi – pointing

from the outer surface point cloud to the inner body sur-

face (Sec. 3.3), constructed with the directional term di and

magnitude bi = ∥vi∥, 2) a label li – indicating the corre-

sponding inner marker of xi, 3) a confidence ci – quantifies

the contribution of inner points yi in marker aggregation

(Sec. 3.4). With these elements, we apply weighted (with

estimated confidence) aggregation with tightness vector clus-

ters of each marker label, to accurately regress the ultimate

body markers M̂, which are finally used to optimize the final

body model (Sec. 3.5). How to prepare the ground-truth

components {V,L,C} for training is detailed in Sec. 3.2.

3.1. Preliminary

Parametric Body Model – SMPL. SMPL [37] has been a

standard body format in various clothed human datasets [39,

59, 67, 71]. It is a statistical model that maps shape

β ∈ R
10 and pose θ ∈ R

J×3 parameters to mesh ver-

tices V ∈ R
6890×3, where J is the number of human joints

(J = 24). β contains the blend weights of shape blendshapes

BS , and BS(β) accounts for variations of body shapes. θ

contains the relative rotation (axis-angle) of each joint plus

the root one w.r.t. their parent in the kinematic tree, and

BP (θ) models the pose-dependent deformation. Both shape

displacements BS(β) and pose correctives BP (θ) are added

together onto the template mesh T̄ ∈ R
6890×3, in the rest

pose (or T-pose), to produce the output mesh T:

  \restpose (\shapecoeff , \posecoeff ) = \template + B_S(\shapecoeff ) + B_P(\posecoeff ),      (1)

Next, the joint regressor J(β) is applied to the rest-pose

mesh T to obtain the 3D joints : R
|β| → R

J×3. Finally,

Linear Blend Skinning (LBS) W (·) is used for reposing

purposes, the skinning weights are denoted as W , then the

posed mesh is translated with t ∈ R
3 as final output M :

  \label {eq:smpl} \mathbf {M}(\shapecoeff , \posecoeff , \mathbf {t}) = W( \restpose (\shapecoeff , \posecoeff ), J(\shapecoeff ), \posecoeff , \boldsymbol {t}, \blendweights ).        (2)

Local SE(3) Equivariance Features. A function F is

equivariant if, for any transformation T , F(T X) = T F(X),

this property aids in training within only “canonical” space

T F(X), while generalizing to any T F(X). Gauge-

equivariant neural networks extend 2D convolutions to man-

ifolds by “shifting” kernels across tangent frames to achieve

gauge symmetry equivariance [17]. Due to the high compu-

tational cost, the continuous SO(3) space is approximated

using the icosahedron’s 60 rotational symmetries. EPN [14]

further extended this idea to point clouds and SE(3) by intro-

ducing separable convolutional layers that handle rotations

and translations independently.

Formally, we discretize SO(3) into a finite rotation group

G with |G| = 60, where each element gj corresponds to a

rotation from the icosahedral group. As shown in Fig. 4, a

continuous rotation amounts to a specific permutation of G.

Following prior work [22], we use this rotation group and its

permutation operator to approximate the SO(3) rotation.

Articulated SO(3) Equivariance

Local SO(3) Equivariance

Rotate

Rotate + 
Stretch/Shrink

Figure 4. SO(3) Equivariant Pose vs. Tight-

ness. Rainbow circle is the feature F(X), for

articulated SO(3)-equiv, T denotes approxi-

mate rigid transformation of body part, while

for our case, where the clothing roughly de-

forms with human poses, it refers to the tight-

ness vector rotation.

Given an input point

cloud X, the EPN [14]

network produces an

SO(3)-equivariant fea-

ture F ∈ R
N×O×C ,

where N points and

O = 60 group elements

in G = {g1, . . . ,gO}
each have a feature vector

of size C. Mean pooling

over the group dimension

yields an invariant feature

F ∈ R
N×C . These

point-wise features cap-

ture localized, piecewise

geometric information of

the point cloud surface. In ArtEq [22], they are aggregated

by body parts to estimate articulated pose, whereas ETCH

predicts tightness vectors mapping outer cloth to the inner

body instead, as illustrated in Fig. 4.

3.2. Data Preparation

The key step is to establish the dense correspondence map-

ping ϕ : X → Y, between outer cloth points X and inner

body points Y. See mapping details in “Anchor vs. Scat-

ter Points” at Sup.Mat.’s Sec. R.1. Given each established

pointwise correspondence ϕi : xi → yj , mk is the geodesic-

closest marker of yj , all the other elements, including the

tightness vector vi, label li, and confidence ci, will be de-

rived through:

  \label {eq:elements} \begin {aligned} l_i &= k, \quad \mathbf {v}_i = \mathbf {y}_j - \mathbf {x}_i\\\
c_i &= \exp (-\lambda \times g(\mathbf {m}_k,\mathbf {y}_j;\mathcal {S}_\mathbf {Y})) \end {aligned}       

   
(3)

where λ is the rate parameter of the exponential distribution

to shrink it within the interval [0, 1), and g(mi,yj ;SY) is

the geodesic distance defined on the inner surface SY.
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Figure 5. ETCH Pipeline: 1) Equivariant Tightness Vector Prediction, which takes the sampled points X as input, and estimates the tightness directions D

via equivariant features f equiv (Sec. 3.3), along with the tightness magnitudes B, labels L, and confidences C via invariant features f inv (Sec. 3.4). With these

ingredients, in 2) Marker Aggregation and SMPL Optimization, the points move inward along the tightness vectors, forming body-shaped point clouds.

These points are weighted and aggregated (Sec. 3.5), based on their labels and confidences, to produce final markers for SMPL fitting.

3.3. Tightness Vector Prediction

“Tightness vector vi” is the fundamental component of our

system. Other components, including label li and confidence

ci, are both derived from vi, as Eq. (3) shows. The tight-

ness vector comprises two components: direction di and

magnitude bi, i.e. vi = bidi. The direction highly corre-

lates with human articulated poses, thus it is learned with

local approximate SE(3) equivariance, ensuring the tight-

ness vector consistently maps the cloth surface to the body

surface. While the magnitude mainly reflects clothing dis-

placements, highly correlating with clothing types and body

regions; thus, it is learned from the invariance features, as

illustrated in Fig. 5.

Direction Prediction. To obtain the direction di while

preserving the equivariance feature f
equiv
i = FEPN(X)i ∈

R
O×C , we treat the pointwise features f

equiv
i independently,

where FEPN denotes the EPN network [14], and O = 60
is the dimension of the rotation group G. Specifically, we

use a self-attention network Fself-attn to process the feature

over the rotation group dimension (O), to ensure that each

group element feature is associated with a group element gj

(which is a rotation in the discretized SO(3) group):

  \begin {aligned} \mathbf {f}^\text {equiv}_i &= \mathcal {F}_\text {EPN}(\mathbf {X})_i \\ w_{ij} &= \mathcal {F}_\text {mlp}(\mathcal {F}_\text {self-attn}(\mathbf {f}^\text {equiv}_i)_j), \quad j \in \{0, 1, \dots , O-1\},\\ \hat {\mathcal {R}}_i &= \mathcal {U} \begin {bmatrix} 1 & 0 & 0 \\ 0 & 1 & 0 \\ 0 & 0 & \det (\mathcal {U} \mathcal {V}^T) \end {bmatrix} \mathcal {V}^T, \quad \mathcal {U} \mathcal {D} \mathcal {V}^T = \sum _{j=1}^{O} w_{ij} \mathcal {R}_j. \\ \end {aligned} \label {eq:mean_rotation} 

 

 

           

 





 
 
  



  







(4)

where Fmlp is the direction head parameterized with an MLP

network, Rj is the rotation matrix for gj , and D is a diagonal

matrix in the matrix decomposition. Finally, R̂i is derived,

which is the rotation matrix for xi. To transform from rota-

tion to vector field, we multiply R̂i by a unit vector vs (e.g.

vs =
[

0 0 1
]

) to obtain the final d̂i, i.e., d̂i = R̂iv
⊤
s .

Magnitude Prediction. To obtain B̂ = {bi ∈ R}N , we first

aggregate (mean pooling) the feature over the rotation group

dimension (O) for all points X to obtain the invariant feature

f inv = FEPN(X) ∈ R
N×C . Instead of treating pointwise

features f inv
i = FEPN(X)i ∈ R

C independently, we choose

Point Transformer [70] FPT-1 to capture the contextual infor-

mation outside this point.

  \begin {aligned} \hat {\mathbf {B}} &= \mathcal {F}_\text {Mag}(\mathcal {F}_\text {PT-1}(\mathbf {f}^\text {inv}, \mathbf {X}; \delta )). \\ \end {aligned}  
  (5)

where δ = Θ(xi − xj) is the learned position embedding,

parameterized with MLP Θ, which encodes the relative posi-

tions between point pairs {xi,xj}, and FMag is the magni-

tude head, which is a MLP.

3.4. Label and Confidence Prediction

Along the estimated tightness vectors V̂, sampled points

X shoot the inner body, where we will aggregate the pre-

dicted inner points, with their estimated marker label L̂ and

confidence Ĉ, to obtain the final sparse markers M̂. No-

tably, here we also use Point Transformer, denoted as FPT-2,

since estimating labels and confidences is essentially a seg-

mentation task, and the contextual information is crucial for

distinguishing the symmetrical body parts (i.e., hands, feet).
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Label. Point Transformer FPT-2 and FLabel takes FEPN(X) ∈
R

N×C with position X ∈ R
N×3 as input and outputs P ∈

R
N×K , here K = 86, with P(xi,mk) representing the

probability of point xi belonging to marker mk:

  \begin {aligned} \mathcal {P}(\mathbf {X}) &= \texttt {softmax}(\mathcal {F}_\text {Label}(\mathcal {F}_\text {PT-2}(\mathbf {f}^\text {inv}, \mathbf {X}; \delta ))),\\ \hat {\mathbf {L}} &= \texttt {argmax}(\mathcal {F}_\text {Label}(\mathcal {F}_\text {PT-2}(\mathbf {f}^\text {inv}, \mathbf {X}; \delta ))). \end {aligned}  


 


(6)

Confidence. Following LoopReg [8], we use Group Con-

volution Ck for each marker mk , and soft aggregation to

compute the confidence of each tightness vector:

  \begin {aligned} \beta _{ik} &= \mathcal {F}_\text {Conf}(\mathcal {F}_\text {PT-2}(\mathbf {f}^\text {inv}, \mathbf {X}; \delta ))_i \ast \mathbf {C}_k,\\ \hat {c}_i &= \sum _{k=1}^{K} \mathcal {P}(\mathbf {x}_i, \mathbf {m}_k) \beta _{ik}. \end {aligned}  
 









(7)

where both FConf and FLabel are MLPs, P(X) ∈ R
N×K .

Now we have all the ingredients for cooking, the final

loss L is formulated as follows:

  \label {eq:losses} \begin {gathered} \mathcal {L} = w_d \mathcal {L}_d + w_b \mathcal {L}_b + w_l \mathcal {L}_l + w_c \mathcal {L}_c,\\ \mathcal {L}_d = \sum _{i=1}^{N} \frac {\hat {\mathbf {v}}_i \cdot \mathbf {v}_i}{\|\hat {\mathbf {v}}_i\| \|\mathbf {v}_i\|}, \quad \mathcal {L}_b = \frac {1}{N} \sum _{i=1}^{N} (\hat {\mathbf {b}}_i - \mathbf {b}_i)^2,\\ \mathcal {L}_l = - \frac {1}{N} \sum _{i=1}^{N} \log (\mathcal {P}(\mathbf {x}_i, \mathbf {m}_{k=l_{i}})), \quad \mathcal {L}_c = \frac {1}{N} \sum _{i=1}^{N} (\hat {\mathbf {c}}_i - \mathbf {c}_i)^2.\\ \end {gathered}       








 


 










 


 









 









 


(8)

where wd, wb, wl, wc separately represents the weighted fac-

tor of losses of direction, magnitude, label and confidence,

see more technical details in Sup.Mat.’s Sec. R.1.

3.5. Marker Aggregation and SMPL Regression

Marker Aggregation. Along the predicted tightness vector

v̂i, the outer points xi are shot towards inner points ŷi, via

ŷi = xi + v̂i. Then the body markers are obtained through

weighted aggregation as follows:

  \hat {\mathbf {m}}_k = \frac {\sum _{i=1}^{m} \hat {\mathbf {y}}_i^{\hat {l}_i = k} \cdot (\hat {c}_i^{\hat {l}_i=k})^\alpha }{\sum _{i=1}^{m} (\hat {c}_i^{\hat {l}_i=k})^\alpha } 





 










(9)

where only top-m points with the highest confidences among

those where the l̂i coincides with k are aggregated, α further

amplifies their influence, enhancing results in practice. With

these aggregated markers, SMPL parameters are optimized:

  \min _{\boldsymbol {\theta }, \boldsymbol {\beta }, \mathbf {t}} \sum _{k=1}^{K} \left \| \tilde {\mathbf {m}}_k - \hat {\mathbf {m}}_k \right \|^2 







  


(10)

, where m̃k denotes the markers on current SMPL estimate.

Specifically, we use a damped Gauss-Newton optimizer

based on the Levenberg–Marquardt algorithm [53].

4. Experiments

4.1. Datasets.

We select CAPE [39] and 4D-Dress [59], both featuring

pre-captured underlying bodies, and a wide range of human

poses, shapes, and clothing variations. Unlike 4D-Dress,

CAPE has tighter-fitting clothing and less dynamics. Specif-

ically, CAPE [39] contains 15 subjects with different body

shapes; we split them as 4:1 to evaluate the robustness

against “body shape and garment variations”. Following

NICP [41], we subsample by factors of 5 and 20 for training

and validation sets, resulting in 26,004 training frames and

1,021 validation frames. For 4D-Dress [59], which contains

32 subjects with 64 outfits across over 520 motion sequences,

we use the official split which selects 2 sequences per outfit

to evaluate the robustness against “body pose and clothing

dynamics variations”. After subsampling by factors of 1 and

10 for training and validation respectively, we obtain 59,395

training frames and 1,943 validation frames. All the models

are trained and tested with the above setting.

4.2. Metrics.

Distance Metrics. Three metrics are included: 1) vertex-

to-vertex (V2V) distance in cm, between the correspon-

dence vertices of our fitted and provided ground-truth SMPL

bodies, 2) joint position error (MPJPE) in cm, measuring

the Euclidean error of J SMPL joints, and 3) bidirectional

Chamfer Distance in cm, between the predicted inner points

(w/o SMPL fitting) and ground-truth SMPL bodies, a metric

specifically designed to evaluate tightness-aware methods.

Tabs. 1 and 2 and Sup.Mat.’s Tab. R.2 use these distance met-

rics, with lower values indicating more accurate body fits.

Directional Metrics. We ablate the effectiveness of Equiv-

ariance features by measuring the correctness of tightness

vector direction di, as this is the only element regressed

from equivariance features. We calculate the angular error

between the estimated and ground-truth tightness directions

(detailed in Sec. 3.2). Specifically, in Tab. 3, we report both

the mean and median cosine distance, with lower numbers

indicating more accurate tightness directions.

4.3. Quantitative Results.

We compare our method with multiple SOTA baselines, span-

ning from tightness-aware approaches, i.e., IPNet [7] and

PTF [58], to tightness-agnostic ones, i.e., NICP [41] and

ArtEq [22], as shown in Tab. 1.

Baselines. ETCH achieves superior performance across

all datasets and metrics. In particular, on CAPE, among

all the competitors, our approach reduces the V2V error

by 4.6% ∼ 36.5% and MPJPE by 31.3% ∼ 51.9%; on

4D-Dress, the improvement is even more significant with a

16.7% ∼ 59.2% decrease in V2V error and 32.6% ∼ 69.5%
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Methods CAPE [39] 4D-Dress [59]

V2V ↓ MPJPE ↓ CD ↓ V2V ↓ MPJPE ↓ CD ↓

Tightness-agnostic

NICP [41] 1.726 1.343 - 4.754 3.654 -

ArtEq [22] 2.200 1.557 - 2.328 1.657 -

Tightness-aware

IPNet [7] 2.593 1.917 1.110 3.826 2.625 1.262

PTF [58] 2.036 1.497 1.219 2.796 2.053 1.239

Ours 1.647 0.922 1.019 1.939 1.116 1.065

Table 1. Quantitative Comparison with SOTAs. ETCH clearly out-

performs SOTAs, whether tightness-agnostic or -aware, in both CAPE

and 4D-Dress across all metrics. In 4D-Dress-MPJPE, it surpasses

the ArtEq by nearly 32.6%. Notably, for a fair comparison, no post-

refinement is introduced to NICP [41] here, see NICP w/ post-refinement at

Sup.Mat.’s Tab. R.2.

in MPJPE. Among tightness-aware methods (i.e., IPNet,

PTF and Ours), under bidirectional Chamfer Distance, our

method achieves 8.2% ∼ 16.4% improvement on CAPE and

14.0% ∼ 15.6% on 4D-Dress between the predicted inner

points/meshes (w/o SMPL fitting) and ground-truth SMPL

bodies. We attribute this leading edge to our innovative

design of “tightness vector”, which effectively disentangles

clothing and body layers, simplifying the fitting of loosely

clothed humans into a bare-body fitting problem. This makes

our method more robust to variations of bodies (shapes,

poses) and clothing (types, fitness, dynamics).

It is worth noting that among optimization-based meth-

ods (i.e., NICP, IPNet, and PTF), additional priors, regu-

larizers, or post-refinement are incorporated during SMPL

optimization, such as pose priors (e.g., VPoser [45],

GMM [11]), shape regularizer to encourage β to be small,

inner-to-body point-mesh distance regularizer (i.e., PTF,

IPNet), and “Chamfer-based Post-Refinement” of NICP †
in Sup.Mat.’s Tab. R.2. In contrast, our method optimizes

SMPL using only the 86 markers (Sec. 3.5) directly predicted

by ETCH as optimization targets, without bells and whis-

tles (i.e., pose priors, and geometric constraints), yet still

achieves substantial performance gains, further validating

our key design. In addition, the body fitting error could arise

from either pose or shape errors; joint error MPJPE in Tab. 1

only confirms pose accuracy, so we evaluate “shape accuracy”

in Sup.Mat.’s Fig. R.3, showing average 49.9% improvement

compared to other optimization-based approaches.

4.4. Qualitative Results.

In Sup.Mat.’s Fig. R.4, each row illustrates a challenging

case: A, B and C focus on difficult poses, while D, E, F

and G highlight loose garments with large dynamic defor-

mations. Our method achieves pixel-level body alignment,

showing its superior robustness to various poses, shapes,

and garments. More analysis is detailed in the caption

of Sup.Mat.’s Fig. R.4. Sup.Mat.’s Fig. R.1 shows ETCH

trained on 4D-Dress generalize well on unseen THuman2.1

scans and HuGe100K generated 3D humans [74]. Please

check out more video results in website.

Ablation Settings CAPE [39] 4D-Dress [59]

Tightness Correspondence Features for Direction di V2V ↓ MPJPE ↓ V2V ↓ MPJPE ↓
Settings direction scalar dense markers Inv XYZ Equiv

Ours ✓ ✓ ✗ ✓ ✗ ✗ ✓ 1.647 0.922 1.939 1.116

A. ✓ ✓ ✗ ✓ ✗ ✓ ✗ 1.661 0.925 2.033 1.134

B. ✓ ✓ ✗ ✓ ✓ ✓ ✗ 1.663 0.926 2.307 1.314

C. ✓ ✓ ✓ ✗ ✗ ✗ ✓ 1.909 1.451 2.285 1.466

D. ✗ ✓ ✓ ✗ ✗ ✗ ✓ 1.777 1.342 2.410 1.608

E. ✓ ✓ ✗ ✓ ✓ ✗ ✗ 1.888 1.101 2.842 2.014

Table 2. Ablation Study of ETCH. Please check Sec. 4.5 for more in-depth

analysis, and Tab. 3 and Fig. 7 to explore OOD generalization of equivari-

ance features. For simplicity, “Inv” denotes Invariance Features, “Equiv”

denotes Equivariance Features, “XYZ” denotes XYZ-Positions. The full-

featured ETCH is referred to as “Ours”, while variants are labeled “Ours-X”.

Ours-A and Ours-B replace equivariance features with xyz-positions and/or

invariance features, while Ours-E only uses invariance features. Although

invariant feature is inherently incompatible with Direction prediction, we

add Ours-E here for more comprehensive comparison. Ours-C and Ours-D

use dense correspondence, with Ours-D removing the direction term to

assess its necessity.

Ours-C Ours GT body

Figure 6. Sparse Markers vs. Dense Correspondence. Incorrect rotation

angles and flipped configurations are evident in the head and hand regions

of the first row, and in the forearm and hand regions of the second row.

More quantitative results in Tab. 2 and its analysis in Sec. 4.5.

4.5. Ablation Studies

We conduct ablation studies to explore strategies like “Sparse

Marker vs. Dense Correspondence” (Tab. 2 and Fig. 6)

and validate design choices, such as the Tightness Scalar in

“Tightness Vector vs. Scalar” (Tab. 2), Equivariance features

in “w/ Equiv vs. w/o Equiv” under full training set and one-

shot settings (Tab. 3 and Fig. 7), the influence of chamfer-

based post-reinforcement (Sup.Mat.’s Tab. R.2), and shape

accuracy (Sup.Mat.’s Fig. R.3). The full-featured ETCH

is referred to as “Ours”, while variants are labeled “Ours-

X”. Ours-A and Ours-B replace equivariance features with

xyz-positions and/or invariance features, Ours-E only uses

invariance features. Although invariance feature is inherently

incompatible with Direction prediction, we add Ours-E here

for more comprehensive comparison. Ours-C and Ours-

D use dense correspondence, with Ours-D removing the

direction term to assess its necessity.

Sparse Marker vs. Dense Correspondence. In Tab. 2,

the comparison between Ours and Ours-C demonstrates the

strength of our sparse marker design. To clarify, we first

use tightness vectors to find the mapping between the scan
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Features for Direction di CAPE [39] 4D-Dress [59]

Settings Inv XYZ Equiv Mean ↓ Median ↓ Mean ↓ Median ↓

Ours ✗ ✗ ✓ 0.616 0.0535 0.919 0.315

A. ✗ ✓ ✗ 0.763 0.527 0.986 0.988

B. ✓ ✓ ✗ 0.664 0.299 0.963 0.961

Table 3. Equivariance Generalizes well in One-shot Settings For sim-

plicity but aligned with Tab. 1, “Inv” denotes Invariance Features, “Equiv”

denotes Equivariance Features, “XYZ” denotes XYZ-Positions. Fig. 7

shows the directional error (left), and predicted inner body points (right).

Scan Points GT BodyOursOurs-BOurs-A

Low

High
OursOurs-BOurs-A

Figure 7. Equivariance for OOD. We test multiple variants of ETCH on one-

shot settings to illustrate the out-of-distribution (OOD) generalization of

equivariant features, by replacing the equivariant features (Ours) with xyz-

positions (Ours-A) or xyz-positions+invariance (Ours-B). The visualization

shows scan points colored by angular error (left) and predicted inner points

(right). The error bar indicates cosine error of tightness vector.

mesh and the SMPL surface. Then, each position on the

posed SMPL surface corresponds to a position in canonical

SMPL space, which serves as the Dense Correspondence.

For Ours, by mapping dense points to sparse markers and

aggregating them with confidence, we create a voting strat-

egy that enhances robustness against low-confidence outliers.

This approach is more effective than dense prediction, which

can struggle with outliers and local minima. Our method

achieves significant improvements: 13.7% lower V2V error

and 36.5% reduced MPJPE on CAPE, along with an error

decrease of 15.1% and 23.9% on 4D-Dress. These consis-

tent gains validate our use of sparse markers over dense

correspondences. Figure 6 shows their differences; incorrect

dense correspondences can misguide optimization, leading

to skewed body part rotations (e.g., hands, forearms, head),

while our sparse marker strategy remains robust through its

weighted voting mechanism.

Tightness Vector vs. Tightness Scalar. In Tab. 2, we com-

pare the tightness vector (Ours-C) and scalar (Ours-D) under

a dense correspondence setting. The model performs bet-

ter without the tightness vector on the CAPE dataset, while

the opposite is true for 4D-Dress. For tight clothing with

minimal cloth-to-body tightness, the scalar-only (Ours-D)

works well for SMPL optimization. However, incorrect di-

rection estimates – like being flipped – can disrupt fitting due

to sensitivity to outliers. For loose garments, the tightness

scalar lacks cues for inner points, making accurate direction

crucial. Thus, when fit styles are uncertain, especially with

loose clothing, introducing the tightness vector is advisable.

w/ Equiv vs. w/o Equiv. In Tabs. 2 and 3, we assess how

equivariant features affect direction prediction at two scales:

1) Full Training Set: Compare our method with Ours-A

(xyz positions) and Ours-B (xyz+invariance) as inputs to

the Point Transformer. All three methods perform similarly

on CAPE, but our approach has a slight edge. The gap

widens on the 4D-Dress dataset, showing improvements

of 4.6% ∼ 16.0% in V2V and 1.6% ∼ 15.1% in MPJPE.

This suggests that equivariance is the key to addressing hard

cases, such as loose garments and significant pose variations.

According to hypothesis proposed in Sec. 3.3, invariance

feature inherently conflicts with Direction prediction. The

poor performance of Ours-E further demonstrates this point.

2) One-shot Settings: To further illustrate the out-of-

distribution (OOD) generalization of equivariant features,

we randomly sampled one frame from each sequence to cre-

ate minimal training sets (0.66% of the 4D-Dress train split

and 2.1% of the CAPE train split). We train Ours, Ours-A,

and Ours-B on them and evaluate on the same validation

sets as in Tab. 2. In Fig. 7, the visualization shows scan

points colored by angular error (left) and predicted inner

points (right). Our method shoots inner points in the cor-

rect directions in most areas and the inner points closely

approximate the inner body shape, while Ours-A and Ours-

B fail completely. Tab. 3 presents mean and median angular

errors (Sec. 4.2) between predicted and ground truth direc-

tions, highlighting our method’s advantages, with notable

median angular error improvements of 82.1% ∼ 89.8% on

CAPE and 67.2% ∼ 68.1% on 4D-Dress. These results

demonstrate that equivariant features enable robust direction

prediction and strong OOD generalization with limited data.

5. Conclusion

ETCH generalizes the fitting of the underlying body to di-

verse clothed humans through a novel framework powered by

Equivariant Tightness Vector and Marker-Aggregation Opti-

mization. We are neither the first to disentangle the clothing

layer from clothed scans [7, 58] nor the pioneers in modeling

tightness [15, 25], but we are the first to do so using equiv-

ariant vectors, significantly outperforming previous works

across various datasets and metrics. While there is still room

for improvement as detailed in Sup.Mat.’s Sec. R.3, ETCH

paves the way for truly generalizable cloth-to-body fitting

that is robust to any body pose and shape, garment type,

and non-rigid dynamics, achieving fundamental improve-

ments. We believe ETCH will reshape new perspectives on

not only body fitting, but also garment refitting, real-to-sim,

and biomechanics analysis. However, this technique could

be misused by the porn industry and pose a threat to human

privacy; therefore, we will release the packages solely for

non-commercial scientific research purposes under a strict

license to regulate user behavior.
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