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Introduction

Fig. 1. Our framework enables physically simulated characters to learn versatile and reusable skill embeddings from large unstructured motion datasets,
which can then be applied to produce life-like behaviors for new tasks. Here, a character is utlzing behaviors from a learned skill embedding in order to run to
a target and knock it over.
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Framework Overview

Dataset
© Goal of this paper
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© Two-stage approach

» Pre-Training stage
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Low-level Policy and Skill Embeddings

© Goal of low-level policy

» X|A| 7} 56t (Directable) €53} El (Generalized) H*H
— Directable: latent H== z2| 2f0|| 2l 712 7ts3t0 O|F 7hsot &0 LIA T policy?t et&0| £/ 0{0F &
— Generalized: 7H¥ 24 EC} datasetOf] =2t ZMHO| K| 2L E A5 0F & [Adversarial Skill Embedding]
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» Skill Discovery Objective
— Ch=3| dataset [H2}SH= Imitation Objective ':.'JSEE 5P-?—| EfA3 (downstream task) Ol Al XfAFEO| 7tS 8 low-level policy Bt = &1

0| term2 Z|CH2} T2 2 M O| term2 X|&%t =M E-oE AZ 271 FTOHMESM, CHE AZ S0 F20| &£ state
state transitionO| & Cf CtFst transition2 Tt= = UA SCE (FOZ 27t BHE4 Q= state transitionl] 2= d A

At = AS



Skill Encoder and Discriminator

© Latent Space 27l 3! Skill Encoder &t&

» Latent distribution p(z) 2| M&4
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Pre-Training Algorithm

Dataset
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Environment 0

ALGORITHM 1: ASE Pre-Training
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: input M: dataset of reference motions
: D « initialize discriminator

: g « initialize encoder

: o < initialize policy

: V « initialize value function

: while not done do

B «— 0 initialize data buffer
for trajectory i = 1,...,m do
Z « sample sequence of latents {zp, z1, ..., z7—; } from p(z)
!« {sg, ag, 54, ..., sy} collect trajectory with  and Z
record Z in 7'
for timestept =0,...,T — 1 do
re < —log (1 - D(st,se+41)) + B log q (z¢ [se, see1)
record ry in T
end for
store 7! in B
end for

Update encoder:

for update step=1,...,n do
b « sample batch of K transitions {[sj,s;., zj) };(:1 from B
update g according to| Equation 13 jusing b™

end for >
Update discriminator:
for update step=1,...,n do
M — sample batch of K transitions {(s;, s;) }f:i from M
b™ « sample batch of K transitions {(s;, s;) };(:1 from &
update D according t¢ Equation 14 using pM and b™
end for >

update V and  according t& Equation 15 using data from 8
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end while
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High Level Policy

© High-level action space
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Reinforcement Learning Settings

© States and actions

p States (from 37 DoF Humanoid Char. like AMP)

e Height of the root from the ground.

e Rotation of the root in the character’s local coordinate frame.

e Linear and angular velocity of the root in the character’s local
coordinate frame. (AMP)

e Local rotation of each joint. (AMP)

e Local velocity of each joint. (AMP) ASEO| A ZF7HE (a) Simulation Model (b) Visualization Model
e Positions of t’he hands, fee:t, shield, and {ip of the sword in 2 (sword) 2 3D spherical jointE
the character’s local coordinate frame. (AMP) E3) 2220 B2%
= & 120D2 state space
» Actions

— target rotations for PD controllers positioned at each of the character’s joint (31D action space)

» Neural Nets Architecture
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Results

© Experimental Setup

» Dataset : Reallusion2| 1877 2M &&l

» Hardware Environment: NVIDIA V100 GPU / Software Environment: IsaacGym, Pytorch

© Result of Low-level Skills O Task = =&
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(c) Reach (d) Speed

(e) Steering: Walking Sideways (f) Steering: Walking Backwards

Fig. 7. Simulated character performing tasks using skills from a pre-trained low-level policy. The character can be directed to perform various tasks using
simple reward functions, and the low-level policy then enables the character to achieve the task objectives by using naturalistic behaviors.
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Ablation Study
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Fig. 11. Learning curves comparing performance on downstream tasks using
. . . ~ 2 ~ 2 different low-level policies. We compare ASE to policies that are trained
m = arg nmin I{].III . | I8¢ — 8[I° +[[8¢41 — 57| from scratch for each tasks (Scratch), as well as to low-level policies trained
mie M (ss)Em without the skill discovery objective (No SD), without the diversity objective
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© Latent B2 =X 20| EOtLt X =712

O[Lt AHESH = 82

create_fixed_latent(self, latent_dim, de

zeros(latent_dim, dtype=torch.float32, device=device)

Z = [1,0,0,0,0,0, ...0] AL&

—

create fixed latent(self, latent_dim, device):

Z = [0,0,0,1,0,0, ...0] AI&

AN
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