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Topics today
• Clothing representation as vertex 

displacements and how to do registration
• Predicting people in 3D clothing from images
• Learning a model of clothing as a function of 

pose, shape and style
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Clothing Representation
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SMPL + Clothing

✓ Pose parameters

�

D

Shape parameters

Personal details + clothing

Vertices in a 0-pose

T (✓,�) = Tµ +Bs(�) +Bp(✓)
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Registration with Clothing

Pons-Moll et al. (ClothCap) SiggraphAsia’175









First: Shape under Clothing
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ClothCap Overview

Single mesh
registration

Segmentation Multi-part
registration

Input: scans + 
garment priors

Automatic AutomaticInput

Pons-Moll et al. (ClothCap) SiggraphAsia’17



Multi-part Mesh Registration

Cloth 
template

SMPL Scan
Pons-Moll et al. (ClothCap) SiggraphAsia’17



Multi-part Mesh Registration

Cloth

Template

Pons-Moll et al. (ClothCap) SiggraphAsia’17



Multi-part Mesh Registration

Cloth

Template

Pons-Moll et al. (ClothCap) SiggraphAsia’17



E(✓,�,v) = Edata(v) + Ecpl(✓,�,v) + Eboundary(v) + Elap(v)

Scan Registratio
n

Model



E(✓,�,v) = Edata(v) + Ecpl(✓,�,v) + Eboundary(v) + Elap(v)



E(✓,�,v) = Edata(v) + Ecpl(✓,�,v) + Eboundary(v) + Elap(v)

E(✓,�,v) = Edata(v) + Ecpl(✓,�,v) + Eboundary(v) + Elap(v)



Objective function terms: data term

Edata(v) =
NX

g=1

Eg(vg;Sg)

<latexit sha1_base64="QDnKedUsfmYv5Tl8uCZCqIF2Tsc="></latexit>

Per garment scan-to-mesh 
distance
Vertices of garment g

Segmented scan garment g
Pons-Moll et al. (ClothCap) SiggraphAsia’17



Objective function terms: data term

Per garment scan-to-curve 
distance
Vertices of ring r

Scan ring r
Pons-Moll et al. (ClothCap) SiggraphAsia’17

Eboundary(v) =
NX

g=1

Eg(vg;Sg)

<latexit sha1_base64="0Tnd2rOO+UVxGWOJz9+DmtSmwEU="></latexit>



Objective function terms: Boundary Smoothness

�(s) = (x(s), y(s), z(s))

k(s)2 = x00(s)2 + y00(s)2 + z00(s)2

<latexit sha1_base64="N0/zTisGIX1DQ+VHXquxuj1J1qI="></latexit>

Esmth(v) =
RlX

r=1

X

n

kvr,n�1 � 2vr,n + vr,n+1k2

<latexit sha1_base64="QxNz7wL1DpV8NyznjLYNiMoB1Q0="></latexit>

Curve parameterized  by arclength 
s
Curvature squared

To make boundaries smooth, minimize curvature for each ring 
r:

Rings
Ordered vertices along the ring



Objective function: Laplacian Term

Given a mesh, the adjacency matrix Z is defined 
as:

Let        be a diagonal matrix where         equals the number of 
neighbors of vertex i.

The Graph Laplacian is defined as                    

Zij =

⇢
1, if vi and vj are connected
0, otherwise.

�

<latexit sha1_base64="K5F+a2ygB3Vkx/lp0eCQcDmzm+w="></latexit>

Hii

<latexit sha1_base64="3PFGOYXV4MT52H6chPFcWi/zXpM=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiSi6LLopssK9gFtCJPppB06mYSZSaGE/IkbF4q49U/c+TdO2iy09cDA4Zx7uWdOkHCmtON8W5WNza3tnepubW//4PDIPj7pqjiVhHZIzGPZD7CinAna0Uxz2k8kxVHAaS+YPhR+b0alYrF40vOEehEeCxYygrWRfNseRlhPgjBr5X7GWI58u+40nAXQOnFLUocSbd/+Go5ikkZUaMKxUgPXSbSXYakZ4TSvDVNFE0ymeEwHhgocUeVli+Q5ujDKCIWxNE9otFB/b2Q4UmoeBWayyKlWvUL8zxukOrzzMiaSVFNBlofClCMdo6IGNGKSEs3nhmAimcmKyARLTLQpq2ZKcFe/vE66Vw33unHzeF1v3pd1VOEMzuESXLiFJrSgDR0gMINneIU3K7NerHfrYzlascqdU/gD6/MHoiuTqg==</latexit>

H

<latexit sha1_base64="EhI7oCKvN+3SW8e9hCq4+3VBr0Y=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRTZcV7AOmQ8mkmTY0kwzJHaEM/Qw3LhRx69e482/MtLPQ1gOBwzn3knNPmAhuwHW/ndLG5tb2Tnm3srd/cHhUPT7pGpVqyjpUCaX7ITFMcMk6wEGwfqIZiUPBeuH0Pvd7T0wbruQjzBIWxGQsecQpASv5g5jAJIyy1rwyrNbcursAXideQWqoQHtY/RqMFE1jJoEKYozvuQkEGdHAqWDzyiA1LCF0SsbMt1SSmJkgW0Se4wurjHCktH0S8EL9vZGR2JhZHNrJPKJZ9XLxP89PIboNMi6TFJiky4+iVGBQOL8fj7hmFMTMEkI1t1kxnRBNKNiW8hK81ZPXSfeq7jXq1w+NWvOuqKOMztA5ukQeukFN1EJt1EEUKfSMXtGbA86L8+58LEdLTrFziv7A+fwB7w2RCA==</latexit>

Glap = I�H
�1

Z

<latexit sha1_base64="0tqrcA0vg9LtIU70mF2z8YGMvjo=">AAACJ3icbZDLSgMxFIYz9VbrbdSlm2AR3LTMSEU3StGFdVfBXrAdh0yaaUMzF5KMUIZ5Gze+ihtBRXTpm5iZtqCtBwJf/j+HnPM7IaNCGsaXlltYXFpeya8W1tY3Nrf07Z2mCCKOSQMHLOBtBwnCqE8akkpG2iEnyHMYaTnDy9RvPRAuaODfylFILA/1fepSjKSSbP286yE5cNz4KrEz5F7MUJjAMzh1rpPSFGvJfVwyk+n1LrH1olE2soLzYE6gCCZVt/XXbi/AkUd8iRkSomMaobRixCXFjCSFbiRIiPAQ9UlHoY88Iqw42zOBB0rpQTfg6vgSZurvjhh5Qow8R71MJxSzXir+53Ui6Z5aMfXDSBIfjz9yIwZlANPQYI9ygiUbKUCYUzUrxAPEEZYq2oIKwZxdeR6aR2WzUj6+qRSrF5M48mAP7INDYIITUAU1UAcNgMEjeAZv4F170l60D+1z/DSnTXp2wZ/Svn8A/wCnQA==</latexit>

Pons-Moll et al. (ClothCap) SiggraphAsia’17



Objective function: Laplacian Term

To make a mesh smooth, we minimize a Laplacian term

Elap(v) =

NgarmX

g=1

kGg
lapvgk2F

<latexit sha1_base64="sFd5CwYvuP2XptLDt4WaB2DerdA="></latexit>

Graph Laplacian matrix for garment g
Vertices of garment g

Pons-Moll et al. (ClothCap) SiggraphAsia’17



Objective function: Laplacian Term

Elap(v) =

NgarmX

g=1

kGg
lapvgk2F

<latexit sha1_base64="sFd5CwYvuP2XptLDt4WaB2DerdA="></latexit>

The Laplacian matrix times the matrix of vertices computes 
the difference from vertex v_i and the average of its neighbors 
v_j
See Sorkine et al. Laplacian Mesh Processing. EG’05



Objective function: Laplacian Term

What are we minimzing? Elap(v) =

NgarmX

g=1

kGg
lapvgk2F

<latexit sha1_base64="sFd5CwYvuP2XptLDt4WaB2DerdA="></latexit>

E(vi) =

������

������
vi �

1

Hii

X

j2Nj

vj

������

������

2

<latexit sha1_base64="qL/OkIIgMYzXsss3ZNhy3pYh5I4="></latexit>

We minimize the norm of 
differential coordinates

Pons-Moll et al. (ClothCap) SiggraphAsia’17



SMPL + Garments

Dg = Gg � IgT (�,0✓,0D)

Dg

Pons-Moll et al. (ClothCap) SiggraphAsia’1725



SMPL + Garments

Dg = Gg � IgT (�,0✓,0D)

T g(�,✓,Dg) = IgT (�,0✓,0D) +Dg +Dg =

Pons-Moll et al. (ClothCap) SiggraphAsia’1726



Pons-Moll et al. Siggraph’17 [ClothCap]









Results: Garments with Different Topology 



People in Clothing from Images

32



Goal: 3D Reconstruction of People from 
a Single Video

Alldieck et al. CVPR’1833



Optimization

Alldieck et al. CVPR’18

SMPL + D

3D world

pose

shape

✓

�

Output 
codes

Video

clothingD

M(✓,�,D)
R(·)

arg min
✓,�,D

X

i

dist(R(M(✓i,�,D)), Ii)

Optimize all poses at once is slow34



Key Idea: Extend Visual Hulls to Dynamic 
Human Motion

Problem: standard visual hull requires a static object captured by multiple views

Alldieck et al. CVPR’1835



How Can We Generalize It to Dynamic 
Human Motion ? 

Person is 
moving!

Alldieck et al. CVPR’1836



How Can We Generalize It to Dynamic 
Human Motion ? 

Estimate the 
3D human 
pose and 
shape per 
frame

Alldieck et al. CVPR’1837



Silhouette rays with 
correspondences on 

the surface

Alldieck et al. CVPR’1838



Key idea: transform the silhouette cones according to 
the inverse of non-rigid motion

Alldieck et al. CVPR’1839



Inverse of Articulated Motion RayRay in Canonical Frame

Alldieck et al. CVPR’1840



Optimize a Single Shape to Fit all 
Unposed Silhouette Cones

argmin
�,d

Econs(�,d)

Prior Terms:
- Symmetry
- Prior on Shape
- Surface 

SmoothnessSum of point to line distances
41



Alldieck et al. CVPR’1842



Alldieck et al. CVPR’1843



Alldieck et al. CVPR’1844



Code and data:
https://graphics.tu-bs.de/people-snapshot

Alldieck et al. CVPR’1845



Alldieck et al. 3DV ‘1846



Limitations

• Optimization: Local minima and slow

• Clothing as a single offset field is limiting:
– Can not separate body from clothing

Alldieck et al. CVPR’1847



Self-supervised Full Surface Reconstruction

CVPR’19

ICCV’19

CVPR’20
Best Student Paper 
Honorable Mention

3D Model

3D world

pose

shape

✓

�

Output 
codes

Video

clothing

R(·)

c

M(✓,�, c)

CNN

CNN front-end

�

✓ 7! ✓(I,�), � 7! �(I,�), c 7! c(I,�)

48



Multi-Garment Net: Learning to Dress 
People from Images

Bhatnagar et al. ICCV’19 

Source subject Target subject with 
source clothing

Source subject Target subject with 
source clothing

49



SMPL + Clothing

✓ Pose parameters

�

D

Shape parameters

Personal details + clothing

Vertices in a 0-pose

Bhatnagar et al. ICCV’19 51



Registration
1) Segment the scans 

into garments
2) Estimate body 

shape under 
clothing

3) Non rigidly register 
each garment 
template to each 
scan à joint 
optimization

Bhatnagar et al. ICCV’19 52



Digital Wardrobe

Bhatnagar et al. ICCV’19 53



Dressing Shapes from Images

Source:8 images of a 
person turning

Target: scan Result: 3Dmesh

Bhatnagar et al. ICCV’19 54



Multi-Garment Net: MGN

Codes for clothing, 
pose and shape

Bhatnagar et al. ICCV’19 55



Dressing in different shapes and poses

Input: 8 
images

Output: Dressed digital avatars with 
input clothing Bhatnagar et al. ICCV’19 56



57

Remaining Problem: Details

Bhatnagar et al. ICCV’19 

f : I 7! D 2 R3N

<latexit sha1_base64="gR6sQby7YNBF43om01by1FR2DRw=">AAACHnicbVDLSgMxFM3UV62vUZdugkVwVWa0RXFV1IVupIp9QFtLJs20oZnMkGSEEuZL3PgrblwoIrjSvzHTzkKrBwIn59zLvfd4EaNSOc6XlZubX1hcyi8XVlbX1jfsza2GDGOBSR2HLBQtD0nCKCd1RRUjrUgQFHiMNL3RWeo374mQNOS3ahyRboAGnPoUI2Wknl3xT2AnQGqIEdOXScojqcKp5vn63EiUZ19P3yR3+vAq6dlFp+RMAP8SNyNFkKHWsz86/RDHAeEKMyRl23Ui1dVIKIoZSQqdWJII4REakLahHAVEdvXkvATuGaUP/VCYxxWcqD87NAqkHAeeqUzXlLNeKv7ntWPlH3c15VGsCMfTQX7MoLk/zQr2qSBYsbEhCAtqdoV4iATCyiRaMCG4syf/JY2DklsuVa7LxeppFkce7IBdsA9ccASq4ALUQB1g8ACewAt4tR6tZ+vNep+W5qysZxv8gvX5DTwPopQ=</latexit>

Predicting Displacements directly as a function of 
the image is hard



Remaining Problem: Details

Bhatnagar et al. ICCV’19 

f : I 7! D 2 R3N

<latexit sha1_base64="gR6sQby7YNBF43om01by1FR2DRw=">AAACHnicbVDLSgMxFM3UV62vUZdugkVwVWa0RXFV1IVupIp9QFtLJs20oZnMkGSEEuZL3PgrblwoIrjSvzHTzkKrBwIn59zLvfd4EaNSOc6XlZubX1hcyi8XVlbX1jfsza2GDGOBSR2HLBQtD0nCKCd1RRUjrUgQFHiMNL3RWeo374mQNOS3ahyRboAGnPoUI2Wknl3xT2AnQGqIEdOXScojqcKp5vn63EiUZ19P3yR3+vAq6dlFp+RMAP8SNyNFkKHWsz86/RDHAeEKMyRl23Ui1dVIKIoZSQqdWJII4REakLahHAVEdvXkvATuGaUP/VCYxxWcqD87NAqkHAeeqUzXlLNeKv7ntWPlH3c15VGsCMfTQX7MoLk/zQr2qSBYsbEhCAtqdoV4iATCyiRaMCG4syf/JY2DklsuVa7LxeppFkce7IBdsA9ccASq4ALUQB1g8ACewAt4tR6tZ+vNep+W5qysZxv8gvX5DTwPopQ=</latexit>

Predicting Displacements directly as a function of 
the image is hard

58



Tex2Shape: Detailed Full Human Body 
Geometry from a Single Image

Exploiting UV-maps

Input

UV
 T

ra
ns

fo
rm

In
v. 

UV
 

Tr
an

sf
or

m

OutputUV Unwrap Normals and 3D 
displacements

Alldieck et al. ICCV’19
Lazova et al. 3DV’19 (for texture completion)
Mir et al. CVPR’20 (transfer texture from shopping websites)59



Results

Alldieck et al. ICCV’19 60



Results

Alldieck et al. ICCV’19 61



Learning to Transfer Texture from Clothing Images to 3D 
Humans

Aymen Mir, Thiemo Alldieck, Gerard Pons-Moll

Mir et al. CVPR’2062



• Displacements are the simplest representation for clothing
• Video Avatars demonstrated 3D reconstruction of people in 

clothing is possible from a single video
• Exploit temporal information: shape barely changes over time
• Encoding body separately from clothing allows more control
• Codes carry meaning and allow control
• Pixel-aligned predictions in UV-space yield detailed 

reconstruction

Take home messages

63



Learning a Model of Clothing

64



TailorNet: Predicting 3D Clothing as a 
Function of Human Pose, Shape and 

Garment Style
Chaitanya Patel, Zhou Liao and Gerard Pons-Moll

Patel et al. CVPR’20 [Oral]65



SMPL + Clothing

✓ Pose parameters

�

D

Shape parameters

Personal details + clothing

Vertices in a 0-pose

66



Goal: Clothing as a function of Pose, Shape and Style

Style1 Style2 Style1 Style2 Different Garments and Poses

Shape 1 Shape 2

D(✓,�, �) : R|✓| ⇥ R|�| ⇥ R|�| 7! Rm⇥3

Pose Shape Style Vertices of garment

Patel et al. CVPR’2067



TailorNet Style-Space
• Step 1: Unpose all publicly available garments of MGN 

ICCV’17 
• Step2: Run physics based simulation on garments
• Step3: do PCA
• Alternate steps 2 and 3
• Style parameters are controlled with PCA coefficients �

<latexit sha1_base64="sPQL8yqu43205fRK9uKEP1QfFtg=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKexKRI9BLx4jmAckS+idzCZj5rHMzAphyT948aCIV//Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnAkM5k7RpmeW0k2gKIuK0HY1vZ377iWrDlHywk4SGAoaSxYyAdVKrNwQhoF+u+FV/DrxKgpxUUI5Gv/zVGyiSCiot4WBMN/ATG2agLSOcTku91NAEyBiGtOuoBEFNmM2vneIzpwxwrLQrafFc/T2RgTBmIiLXKcCOzLI3E//zuqmNr8OMySS1VJLFojjl2Co8ex0PmKbE8okjQDRzt2IyAg3EuoBKLoRg+eVV0rqoBrXq5X2tUr/J4yiiE3SKzlGArlAd3aEGaiKCHtEzekVvnvJevHfvY9Fa8PKZY/QH3ucPiYOPHQ==</latexit>

Patel et al. CVPR’2068



TailorNet training data: pose and shape 
variation

• Interpolate poses and animate the 
sequence with physics simulation

• Vary the shape smoothly along path

• Do this for multiple styles (garment 
types)

• This creates variation over pose, 
shape and style

• Unpose all data
Patel et al. CVPR’2069



TailorNet, first idea

D(✓,�, �) : R|✓| ⇥ R|�| ⇥ R|�| 7! Rm⇥3

Unposed vertices
Pose
Shape
Style

Patel et al. CVPR’2070



TailorNet, first idea

D(✓,�, �) : R|✓| ⇥ R|�| ⇥ R|�| 7! Rm⇥3

Unposed vertices
Pose
Shape
Style

Empirical observation: MLP generalizes well to new poses, but produces 
smooth results when trained over multiple shapes and styles

Hypothesis: High-frencency wrinkle patterns vary a lot depending on the 
shape and style for the same pose. When jointly learned the model 
averages Patel et al. CVPR’2071



Low-frequency High-frequency

� = (�, �)

Patel et al. CVPR’20

Prototypes

72



Results: Generalization to completely 
new poses

Patel et al. CVPR’2073



Change style – keep shape fixed

Patel et al. CVPR’20 Oral74



Keep style – Change shape

Patel et al. CVPR’2075



TailorNet for different garments

Patel et al. CVPR’2076



TailorNet with Texture

Patel et al. CVPR’2077



Shape variation for different garments

Patel et al. CVPR’2078



Different Garments

Patel et al. CVPR’2079



SNUG: Self-supervised

TailorNet: Generate data with physics simulation. Train.
SNUG: Physics simulation is used within training

Sanesteban et al. CVPR’2280



2 layer Codec Avatars (from Meta/Facebook)

Training data: 
Registration of clothing. 
Conceptually similar to 
ClothCap

Learning:
VAE to regress

- Cloth deformation
- Pose dependent texture

Xiang et al. Siggraph Asia’2181



2 layer Codec Avatars (from Meta/Facebook)

Xiang et al. Siggraph Asia’2182



Remaining Problem

https://www.shopclues.com/

Deform

Mesh based representations are limited to surfaces with 1 “topology”

tight clothing

Complex topologies General objects

{T,F} 7! {T0,F}

T 2 R3N

F 2 Z3N

Connectivity

83



CONCLUSIONS
• Clothing is much harder than undressed bodies (representation, registration, 

image fitting is harder)

• Vertex based models require registration of training data

• Mesh based parametric models like SMPL are powerful and easy to use and 
control and compatible with graphics pipelines

• But they are limited to 1 topology per model, and it is hard to produce 
detail 

• In the next lecture: implicit surface models of clothing
84



Main papers in this lecture
• Cloth registration and shape under cloth

Gerard Pons-Moll, Sergi Pujades, Sonny Hu, Michael Black
ClothCap: Seamless 4D Clothing Capture and Retargeting
in ACM Transactions on Graphics (SIGGRAPH), vol. 36, no. 4, 2017.

Chao Zhang, Sergi Pujades, Michael Black, Gerard Pons-Moll
Detailed, accurate, human shape estimation from clothed 3D scan sequences
in IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), 2017.

• Peope in clothing from images
Thiemo Alldieck, Marcus Magnor, Weipeng Xu, Christian Theobalt, Gerard Pons-Moll
Video Based Reconstruction of 3D People Models
in IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2018.

Aymen Mir, Thiemo Alldieck, Gerard Pons-Moll
Learning to Transfer Texture from Clothing Images to 3D Humans
in IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2020

Bharat Lal Bhatnagar, Garvita Tiwari, Christian Theobalt, Gerard Pons-Moll
Multi-Garment Net: Learning to Dress 3D People from Images
in IEEE International Conference on Computer Vision (ICCV), 2019

• Learning models of clothing
Chaitanya Patel, Zhouyingcheng Liao, Gerard Pons-Moll
TailorNet: Predicting Clothing in 3D as a Function of Human Pose, Shape and Garment Style
in IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2020.85



DATA & CODE: 
https://virtualhumans.mpi-inf.mpg.de/software.html
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