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e Goal & contributions NTUL13 (13 actions) UESTC (40 actions) HumanActl12 (1 actions)
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e SMPL poses estimated
o Learning from noisy 3D body poses estimated b

L VIBE / \ Optimization® %
from monocular action recognition datasets™" .
o MOtlvationS Salute ‘/Salute Jumpmgjack ‘m [W]

o Augmenting existing Mocap datasets,
which are expensive and limited in size

Qualitative results Tne generated sequences are realistic, diverse and smooth.

o Serving as additional training data
for motion recognition

o A compact action-aware latent space
for human motions

ACTOR: Action-Conditioned TransfORmer VAE Action-Conditioned TransfORmer VAE (ACTOR)
e Non-autogressive Transformer architecture e Sequence-level Variational autoencoder (VAE) J J J J J J J J J J

[Armcircling) H_eftstretching) [ Pickup J [ Side kick ) [Throwingj [Ropeskipping) [Sittingdown) [Bendingtorso) [ Drinking ) [ Salute J

e Learnable tokens pl°**mand xtoken e Loss terms on rotations and vertices (SMPL")

e Allows to generate variable length sequences with various body shapes

Generating variable-length sequences
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; E; . 1 t T i Distance. ~ “poal[Action2Motion]  0.03 999  7.11 2.19 009 997 685 2.45
imilarity between GT distribution
E d D d and the generation distribution) Real* 0.02 99.8 7.07 2.25 0.02 994 6.86 2.60
ncoaer ecoaer Acc: Action recognition  copdGRU 2831 7.80  3.66 3.58 4061 80 238 2.34
accuracy Two-stage GAN 1386 202  5.33 3.49 1048 421 596 2.81
Div: Diversity Act-MoCoGAN 2.72 99.7 6.92 0.91 5.61 79.3 6.75 1.06
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