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2D-to-3D synthesis

Hard to collect 3D annotations on real images/videos

Can we improve 2D-to-3D synthesis with unlabelled data?

x

z

y



2D keypoints

Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields, Cao et al.
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Single Image 3D Interpreter Network, Wu et al., 2016
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Adversarial Inverse Graphics 
Networks (AIGNs)

Tung at al. 2017
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AIGNs for Image-to-Image translation
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Male -> Female



CV researcher -> Tom Cruise
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AIGNs for plastic surgary
Masking
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MaskingGenerator
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To bigger lips



Self-supervised learning of motion capture, Tung et al. NIPS 2017

Recover a human 3D mesh from 2D videos

2D-to-3D synthesis

Can we improve with unlabelled data?



3D human shape model 

SMPL [M. Loper et al.]: a low-parametric model learned 
from aligning high-resolution 3D scans.  
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SMPL: A Skinned Multi-Person Linear Model  Loper et al. SIGGRAPH Asia 2015
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Differentiable 
mapping

SMPL: A Skinned Multi-Person Linear Model  Loper et al. SIGGRAPH Asia 2015

3D human shape model 

SMPL [M. Loper et al.]: a low-parametric model learned 
from aligning high-resolution 3D scans.  



RGB - to - 3D mesh
Inputs: 

    RGB frame

    2D keypoint heatmaps
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Our model
Inputs: 

    RGB frame

    2D keypoint heatmaps
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Self-supervised reprojection losses 
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Flownet 2.0: Evolution of optical flow estimation with deep networks. Ilg at al., 2016

Self-supervised reprojection losses 



Visibility-aware reprojection 

Camera
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Occluded  
parts



Supervised training 

Synthetic data: SURREAL dataset 


Learning from Synthetic Humans, Varol et al. CVPR 2017



Results 

Per-Joint Error 
(mm)

optimization 562.4
supervised pretrained 125.6
Supervised+self-supervised 98.4

Per-Joint Error




Results 



Ersin YumerAdam HarleyFish Tung

Thank you!

• Adversarial Inverse Graphics Networks, Tung et al., ICCV 2017 
• Self-supervised learning of motion capture, Tung et al. NIPS 2017

William Seto Hsiao-Wei Tung


