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Background

* Auto-Encoder

Input Image Output Image

Latent Vector

- Latent Vector => Input Image”} EncoderOfl =01 7FH A Latent Vector2 H&t

- Compression 7} & 2 £ Input Image2| & 23t M EE Latent Vectordfl €=
p p g

R svonsa 3 v%
SOGANG UNIVERSITY LAB



L2 Loss

Background

* Cycle Gan o ens i doma e e domin

—
Gaa generates a reconstructed image of domain A.

This makes the shape to be maintained
real or fake ! Ds when Gas generates 1 horse image from the zebra
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Unsupervised Geometry-Aware Representation for 3D human Pose Estimation — ECCV2018

Development

* Based on Auto-Encoder

= Unsupervised Geometry-Aware Representation for 3D human Pose Estimation — ECCV 2018

- Contribution
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Unsupervised Geometry-Aware Representation for 3D human Pose Estimation — ECCV2018

Development

* Based on Auto-Encoder

- Geometry-Aware 3D representation learning

Geometry-aware 3D representation learning Conventional autoencoder
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Unsupervised Geometry-Aware Representation for 3D human Pose Estimation — ECCV2018

Development

* Based on Auto-Encoder

» 3D Human Pose Estimation
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Unsupervised 3D Pose Estimation With Geometric Self-supervision — CVPR 2019

Development
* Based on CycleGAN

= Unsupervised 3D Pose Estimation With Geometric Self-supervision — CVPR 2019
- Contribution
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Development

» Based on CycleGAN
= Model
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Unsupervised 3D Pose Estimation With Geometric Self-supervision — CVPR 2019
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
» New Idea

= Unsupervised Human Pose Estimation Through Transforming shape templates — CVPR 2021

- Contribution
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea
= Model
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

- Templates

- 2D Gaussian Distribution
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

» 3X3 Transformation Matrix
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
= Step 1
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
= Step 1
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

* New Idea
= Step 2

- Core, left hip, right hip, left thigh, right thigh, left shin, right shin, left shoulder, right shoulder

- Left arm, right arm, left forearm, right forearm, left foot, right foot, left hand, right hand, head
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
= Step 3

Appearance Information

Pose Information
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
- Step 4

Appearance Information
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
» Model
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

- Problem => & 0| 7}52t7t2
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
» New Idea

- Problem => & 0| 7
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

- Problem => & 0| 7537}
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
- Problem => £ & 0| 7}53t7}2
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

» New Idea
- Problem => & & 0| 7}58t71?
- Problem 2
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
- Problem => & 0| 7537}
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

= [Loss

- Reconstruction Loss
Lyccon = ||¢(ft) _ d)(ft)H%

VGG Pretrained Model Output
Feature vector
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- Anchor-Point Loss
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
» New Idea

» Anchor-Point Loss

- Anchor Point
. Ex) left Ankle — left knee <Anchor Point>

- Anchor Point= Transformation Matrix= & 29|l = 2| X|
« | CH 370 77HK]

- Boundary Loss

o — \a§,$|, 1f|a |>B
=

0, otherw1se,
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

» Combined Loss Formulation

ﬁ — Ergcgn + A1 Eanchor + Az (‘Eb-fﬂ + 'be)
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

L4 NeW Idea H36M all  wait pose greet direct discuss walk
Jfully supervised baseline
= Result MNewell [37] 2.16 L.BR 192 215 162 1R 2121

_ - - _ _ - _ self-supervised + supervised post-processing
Infants all hips knees feet shoulders hands params Thewlis [52] 7.51 7.54 8.56 7.26 647 7.93 540

Sully supervised (fine-tuned) baseline Zhang [63] 414 5.01 461 476 445 491 4.6l
Xiao [60] 1.74 2.39 150 147 1.76 159 340M Lorenz |34] 279 - - - - - -
self-supervised (unpaired labels) self-supervised (unpaired labels)
Jakab [24] 898 6.80 X.18 1315 533 1136 E6M Jakab [24] 273 266 227 273 235 235 400
self-supervised (template, no labels) self-supervised (template, no labels)
Ours 486379 460 553 319 721 TEM Ours 331 351 338 350 303 297 355

- Infants - %-MSE normalized by image size is reported on a per body-part basis
- H36m - %-MSE normalized by image size is reported on a per action basis
-H36mO| Al = =7 E 22 0| 3= jakab[24]0| A= 2 ZH2| unpaired?t label H|O|H & K &2t

'
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
» New Idea

. Result all hips knees feet shoulders hands

anchor and boundary loss (ours)
6.54 356 519 B90 470 795

with anchor, no boundary loss
6599 6465 TL70 7633 59.00  62.59  Synthetic Infants all hips knees feet shoulders hands

with boundary, no anchor loss self-supervised (unpaired labels)
1242 1384 13.17 7.29 1294 E.76 Jakab [24] 597 10.1 584 733 580 101.5
no anchor, no boundary loss (model diverges) self-supervised (template, no labels)
44647 43364 38577 662,41 50269 27649  Ours 447 B0 575 B09 356 T8.7

- Left— 2} Loss& 75t LI ¥ 2 [ 2| Mean joint distance in % of image size 2=

- Right 3D lifting result
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development

 New Idea
» Result
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Unsupervised Human Pose Estimation Through Transforming Shape Templates— CVPR 2021

Development
* New Idea

» Limitations
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