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3D representations
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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?



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



Adversarial Inverse Graphics
Networks (AIGNs)

Parameter-free decoder

Generator camera
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Direct DiscussEat Greet Phone Photo Pose Purchase Sit  SitDownSmoke Wait Walk Average

Forward2Dto3D 75.2 1184 165.7 95.9 149.1 154.1 77.7 1769 186.5 193.7 1427 99.8 74.7 1289
3Dinterpr [33] 563 775 962 71.6 963 106.7 59.1 109.2 1119 1119 1242 933 58.0 88.6
Monocap [39] 78.0 789 88.1 939 102.1 115.7 71.0 90.6 121.0 118.2 1025 82.6 75.62 923

AIGN (ours) 53.7 715 823 58.6 869 984 576 1042 1000 1125 833 689 57.0 79.0

Table 1. 3D reconstruction error in H3.6M using ground-truth 2D keypoints as input.

Direct DiscussEat Greet Phone Photo Pose Purchase Sit  SitDown Smoke Wait Walk Average

Forward2Dto3D 80.2 924 102.8 925 115.5 799 1195 136.7 136.7 1444 1093 942 80.2 104.6
3Dinterpr [33] 78.6 90.8 925 894 1089 1124 77.1 106.7 1274 139.0 1034 914 79.1 984
AIGN (ours) 776 914 899 88 1073 110.1 759 1075 1242 1378 1022 903 78.6 97.2

Table 2. 3D reconstruction error in H3.6M using detected 2D keypoints as input.



AlGNSs for Image-to-Image translation
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AlGNSs for Image-to-Image translation
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AlIGNs for plastic surgary
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2D-to-3D synthesis

Recover a human 3D mesh from 2D videos

Input Our model

Can we improve with unlabelled data?

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



3D human shape model

[M. Loper et al.] learned
from aligning high-resolution 3D scans.
3D mesh
SMPL( 6@, [ )
Pose Shape
0 p —

SMPL: A Skinned Multi-Person Linear Model Loper et al. SIGGRAPH Asia 2015
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RGB - to - 3D mesh

Inputs:
RGB frame
2D keypoint heatmaps
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RGB - to - 3D mesh

Inputs: Outputs:

RGB frame SMPL parameters (f, 9)
2D keypoint heatmaps




Our model

Inputs: Outputs:

RGB frame SMPL parameters (f, 9 )
2D keypoint heatmaps camera parameters( R T)




Self-supervised reprojection losses
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Self-supervised reprojection losses
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Flownet 2.0: Evolution of optical flow estimation with deep networks. llg at al., 2016



Visibility-aware reprojection
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Supervised training
Synthetic data: SURREAL dataset
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Learning from Synthetic Humans, Varol et al. CVPR 2017



Results

Per-Jdoint Error

Per-Joint Error
(mm)

optimization

supervised pretrained

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



