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Motion Retargeting in 3D
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[Gleicher et. al., 1998}
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Targetl and Target2 are retargetted using our method

[Villegas et.al., 2018]
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Motion Retargeting in 2D

Character
—————» Agnostic
Motion

s ¥ @




“thrive
SIGGRAPH2019

LOS ANGELES < 28 JULY - 1 AUGUST

Outline
- Motirvation

- Results
- Application




thrive
SIGGRAPH2019

LOS ANGELES < 28 JULY - 1 AUGUST

Approach &,
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Synthetic Data
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Implicitl Clusters Learning
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Triplet Loss
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Latent Space
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Supporting Videos in the wild

e Augmentation (Temporal trimming, flips,
rotation, scale)
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e Reconstruct real videos using (only) the
reconstruction loss.
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Comparison

HMR [Kanazawa 2018] VNECT [Mehta 2017] Ours
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Applications-performance cloning /7

Our Retargeting Global Scaling

Reference Video Driving Video
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Applications - Motion Retriepal
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Fallure cases

Motion A +
Skeleton B
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Fallure cases

Video A
Motion A +
View-angle B
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Conclusions

Take home message:

Deep networks can constitute a better solution
for specific sub-tasks, which do not strictly
require a full 3D reconstruction.

Synthetic data can really help with deep
neural network training.
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Questions?




