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Why Learning?
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From Knowing to Doing:
_earning Diverse Motion Behaviors through
Instruction Learning

Lingi Ye, Jiayi LI, Y1 Cheng, Xianhao Wang, Bin Liang, Yan Peng

Before training

After training



Reinforcement Learning for Legged Locomotion

Simple reward may lead to unnatural behavior!

Humanoid:
27 DoFs, 21 Actuators.

.
=\
v

..
:
X
¥

&

Deepmind 2017, Emergence of Locomotion Behaviours in Rich Environments

Rewards Reward forf/ovrward velocity

. . ‘ 2 2
Humanoid » = min(v,, vpax) — 0.005(1}_§ — -u,;,) — 0.05y~

cutoft for the velocity reward which we usually set to 41/ s.

Energy punishment

0.02 where v, 1S a



Reinforcement Learning for Legged Locomotion

Imitation learning — Follow a given reference motion

Reward Function.

Motion Data Reference Motion

Policy (Simulation)
Maotion 4
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Xue Bin Peng 2020, Learning Agile Robotic Locomotion Skills by Imitating Animals
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Inspiration

Human learning to swim | [  Stepping reflex in babies

P OR Hw

i)

(@=TCl (VI Il | know how to swim

Instruction Knowledge

§ 3

Practice = Experience

Inspiration from
human learning

Cerebellum

| can really swim
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Instruction Learning

Doing




Imitation
Learning

VS.

Instruction
L_earning

Imitation
Learning

O
You got
a reward

P e,

Learn from scratch
Full action space
Purely reward-driven

Require mimic reward

)
Instruction
Learning

(B, N 7

e
Learn by following instruction

Reduced action space

Reward and feedforward driven

No need for mimic reward




Instruction learning (INL) learns much faster than imitation learning (IML)
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Biped Stepping

Feedforward action Learned motion




Biped Walking

Feedforward action Learned motion




Biped Level Walking

Feedforward action Learned motion




Biped March Walking

Feedforward action Learned motion




Biped Jumping

Feedforward action Learned motion




Biped Hopping

Feedforward action Learned motion




Quadruped Stepping

Feedforward action Learned motion




Quadruped Trotting

Feedforward action Learned motion




Quadruped Pacing

Feedforward action Learned motion




Quadruped Bounding

Feedforward action Learned motion




Quadruped Pronking

Feedforward action Learned motion




Motion Adaption

Learned motion Period * 0.88 Period * 1.26

Learned motion Amplitude * 0.88 Amplitude * 2.08




Motion Adaption

Learned motion Period * 0.5 Period * 1.4
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Learned motion Amplitude * 0.7 Amplitude * 4.0




Sim to Real: multiple gaits realization |
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Agile and versatile bipedal robot tracking control
through reinforcement learning

Jiayi Li, Lingi Ye, Yi Cheng, Houde Liu*, and Bin Liang
lijiayi21@mails.tsinghua.edu.cn

The Center for Artificial Intslligence and Robotics, Tsinghua Shenzhen International Graduate School, Tsinghua University & the Institute of Artificial
Intelligence, Collaborative Innovation Center for the Marine Artificial Intelligence, Shanghai University



Extensible high-level trajectory planner

Single step goal Real time goal CO I‘Itl‘Ol
- Automatically

Trunk position

- enerate / B Trunk position and
®  and ankle position __g ______ > ankle position St ru Ctu re
B Trunk orientation and specially ®  Trunk orientation and
ankle yaw angles design ankle yaw angles
B Single-step period
P ————— o
Simulation
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| = Control
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Observation
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Curriculum

static balance
maintenance training

Level ground task training Stair climbing training



Results
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Background

It is hard to traversing 3D complex environments without exral perception
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Method

Observation:

el

~ T
si=1lo¢ & Uy D e

Pos reward:

TPos = Wl * "'GuidePos + W2 * T NaturalPos

h left t behind |2
= Wi * (Jgn™ + gl 12 + g™ — ghehind|?)
+ Wg % |q52;ault Qdof|2

Vel Reward: d
min(v - cos(0md — 0,q,,), v™?) I — 1, v-cos(0ygy — byaw) >0
dy — ecmd

Twel = L v
vel d ,Ucmd —3, v - COS( yaw eya'w) <0



Method
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Estimation: ¢t = @©(Ti—k, Tt—k+1 : Tt) Loss: BCE(¢ét,ct) = —(ctloge: + (1 — ct)log(1 — ¢t))



Method

Collision Domain

Obstacle
Properties Train Ranges (m) Test Ranges (m)
([leasya lhm‘d]) ([leasya lha'r'd])
Highland [0.05, 0.55] [0.25, 0.55]
Barrier [0.31, 0.00] [0.16, 0.00]
Tunnel [0.40, 0.25] [0.38, 0.25]
Crack [0.38, 0.28] [0.32, 0.28]
Parameters
Properties Go2 Body (m) Collision Domain (m)
length 0.71 0.90
width 0.32 0.40
height 0.40 0.50




Method

Implicit Collision Domain imagination

——

/% Proprioception Info

1
|
-
! ¥ a5 S
: I Collision Estimation Model I % \“ ]
: i
1 | | >~
! |
1
L | ——
1 | Encoder
. |
[
1 | |
! v \2
1s
1

: Policy(r)

DY
\

D

Action

o Teacher Policy B

. o

Privilege
Observation

<

Environment \

Proprioception
Observation

D

———

+" Student Policy Y

’
[ Proprioception Info ]\
- ’,
-
1 Info
1
I ¥
Collision Estimation
(‘I') el Moldel
1
¥

- = = e - ——
o

---------------

Dimension 2

T-SNE Analysis

150 - ® Highland(climb)
Barrier(left/right)
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Dimension 1



Experiment

Success Rate 1 Average Displacement?
Highland Barrier Tunnel Crack Highland Barrier Tunnel Crack
Baseline 0.00 0.12 0.00 0.00 0.004 0.132 0.005 0.006
RMA 0.27 0.61 0.67 0.53 0.256 0.550 0.614 0.497
WTW 0.00 0.11 1.00 0.00 0.004 0.103 1.000 0.005
Ours w/o R.V 0.00 0.31 0.30 0.00 0.003 0.197 0.218 0.005
Ours w/o Col 0.89 0.81 0.89 0.76 0.769 0.771 0.898 0.625
Ours w/o H.O 0.93 0.87 0.94 0.83 0.796 0.793 0.959 0.711
Ours 0.94 0.92 0.96 0.89 0.821 0.853 0.979 0.798
Teacher 0.99 1.00 1.00 1.00 1.000 1.000 1.000 1.000

* Ours w/o RV: We use the ordinary linear velocity tracking reward [25] instead of the linear velocity track- ing
reward with heading constraints.

* Ours w/o Col: Training without collision estimator.

e Ours w/o H.O: Training collision estimator without history observation.

e Baseline: Training directly with only proprioception.

* RMAJ[21]: Employing an Adaptation Module to Estimate All Privileged Observations Including Terrain

« WTW/(Walk-These-Ways)[23]: Leverages expert knowledge realize Multiplicity of Behavior.



Experiment

High Obstacles Collision’Detection Collision/Réaction

Highland Barrier Tunnel Crack

Height (m) Width (m) _Go2 half of width | [ Go2 top height Height (m) Width (m)
[+}] 1 b E [ ’ ‘ " E
© : ' 'y - :
o i R . . : - -
"g 0 W iy g 1 i i ’ . ‘ W i g
0.1 0.2 0.3 0.4 0 0.04 0.08 0.12 0.16 0.4 0.35 0.32 0.3 0.27 0.35 0.32 0.3 0.28

Ours Go2-default = Go2-special SWTW
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) Quadruped robot traversing 3D complex =ROS

environments with limited perception
Yi Cheng* Hang Liu* Guoping Pan, Lingi Ye, Houde Liu, Bin Liang
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