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History of legged robot

Model Predictive Control
Sangbae Kim

Legged Robots that Balance
Marc Raibert

Hybrid Zero Dynamics
Jessy Grizzle

DARPA Robotics Challenge
Linear Inverted Pendulum
Shuuji Kajita

Reinforcement Learning
Marco Hutter
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MIT Cheetah

Berkeley hitps://youtu.be/q6zxCvCxhic



http://www.youtube.com/watch?v=q6zxCvCxhic

Convex Model Predictive Control

Assumption:

Stance Phase

e [gnore leg dynamics
e Base roll and pitch are small

Output:
e (@Ground reaction force

Swing phase:
e Raibert heuristic

RR World i FR

Potato Model

Di Carlo, Jared, et al. "Dynamic locomotion in the mit cheetah 3 through convex model-predictive control." International Conference on Intelligent Robots and Systems (IROS). IEEE, 2018.



Convex Model Predictive Control

Advantages: Disadvantages:
e Potato model e Strong assumptions
e Convex MPC e Swing phase

Berkeley
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http://www.youtube.com/watch?v=-e1_QhJ1EhQ

Boston Dynamics Atlas

© o

Momentum Dynamics Kinematics
Offline nonlinear trajectory optimization Online model predictive control
Create template behaviors Adapt & execute behaviors

https://youtu.be/mlITLxpKdHfA



Boston Dynamics Atlas

State

Reference

Centroidal
MPC

Wrenches

= \Variables: wrenches, COM, linear/angular
momentum, angular excursion, contact
positions, dt

v

Inverse

Kinematic
Opt

Torque = Cost: track [retargeted] reference

Dynamics
|-

Desired

Acceleration

= Linearize and solve at every control tick
= Exploit problem structure for speed

= Solve kinematic optimization to derive
consistent touchdown configurations

https://youtu.be/mlITLxpKdHfA



Boston Dynamics Atlas

Advantages: Disadvantages:
e Centroidal momentum + kinematics e Contact assumptions
® Online linearized MPC e  Structured terrain

e For both stance and swing phases




Gol Demo
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ETH ANYmal

Learning
Quadrupedal
Locomcmon

-

over A.m, |
‘Qbaltenging
Terrain®

https://youtu.be/9j2aloAHDLS


http://www.youtube.com/watch?v=9j2a1oAHDL8

ETH ANYmal

A Policy training

B Automatic terrain curriculum

> Reward -
Step 1. Teacher policy training RL algorithm i'" Parameterized terrains
F'—l Hills Steps Stairs
v I Policy h
Privileged - robot state 0y gradient H
Information ¢ H
- contact states d
- contact forces E
- terrain profile H parameters:
- friction coeff H - Roughness - Step width - Step width
A : ' - Frequency - Step height - Step height
disturbances é : - Amplitude
H

Simulation environment

Imitate
A
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action a

Randomly sample
initial terrain parameters

(er,0, wo)

v

Propagate particles
via random walk
CT,i—1 —* CTy

Save proprioceptive measurements every 0.02 s

v

mmmmm————

C Control architecture

Motion
command

foot position residuals
l leg frequencies

Foot Trajectory
Generator

Neural network

leg phases

Generate trajectories
using current policy 7;

: D —
generation /—Motion tracking ; Update Update
e et 400 Hz‘ R »| weights policy
! Inverse N Joint position : terrain Wi—1 — W; i1 —> T;
| Kinematics PD controller |: traversability '—*
target l ; for the policy | Resample particles }—
foot positions Robot :

E Dynamics |i

observations T

Ewsgkgl‘?y : Lee, Joonho, et al. "Learning quadrupedal locomotion over challenging terrain." Science robotics (2020).



ETH ANYmal

Discussion:

C Control architecture

Motion generation Motion tracking e  Multi-rate architecture
command 50 Hz [

foot position residuals

e Joint position control
leg frequencies
!

Inverse &l Joint position
Kinematics PD controller

Foot Trajectory
Generator

foot positions Robot

: Dynamics
observations T

Neural network
policy

leg phases

target ! i

;l%ggggl‘gy Lee, Joonho, et al. "Learning quadrupedal locomotion over challenging terrain." Science robotics (2020).



ETH ANYmal

A Policy training

Step 1. Teacher policy training RL algorithm i:__::__:___: = Discussion:
v Policy . ::’-
Privileged  robot state 0 l{ gradient E e Teacher-student structure
Information 7+ liamsemasmases i
- contact states E .« . . .
~omacefores | WP ; e Privileged information
- friction coeff. i
- disturb : : . :
sturbances H e Proprioceptive history

Simulation environment

Step2. Student policy training Imitate
A
action ay

roprioceptive
istory

=)

Save proprioceptive measurements every 0.02 s

Lee, Joonho, et al. "Learning quadrupedal locomotion over challenging terrain." Science robotics (2020).



Berkeley

UNIVERSITY OF CALIFORNIA

ETH ANYmal

B Automatic terrain curriculum

Parameterized terrains
Hills Steps Stairs

parameters:

- Roughness - Step width - Step width
- Frequency - Step height - Step height
- Amplitude

Lee, Joonho, et al. "Learning quadrupedal locomotion over challenging terrain." Science robotics (2020).

Discussion:

e Domain randomization

e Curriculum learning
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OSU Cassie
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https://youtu.be/WbOtIWBrjmc


http://www.youtube.com/watch?v=Wb0tIWBrjmc

OSU Cassie



http://www.youtube.com/watch?v=MPhEmC6b6XU

OSU Cassie

Behavior Specification

Cassie

E[Cire (9 + 6] Discussion:

e Periodic reward

e [STM

]E[Cfrc(¢ + orighl)]

Phase Ratios ‘
i v, \\
Clock Inputs) .‘ ’7/ \‘ / \V, : PD Targets
Velocity Command : / / \ X PD Gains
VA A VAN
= U U O
128 128 30
=LSTM

Policy Network

State estimator

Observed state

Berkqle Siekmann, Jonah, et al. "Sim-to-real learning of all common bipedal gaits via periodic reward composition." International Conference on Robotics and Automation (ICRA). IEEE, 2021.



OSU Cassie

Learned Controller

IEroprioceptive Datal PD Targets

|

A “ ¢

—>

Sim-to-Real

Hardware Execution

Discussion:

Domain randomization




OSU Cassie Runs a 5k
Rt B8

ﬁg}:lggl"?y https://youtube/dY57qnD_OTU


http://www.youtube.com/watch?v=dY57qnD_O7U

OSU Cassie for 100M Run

https://youtu.be/DdojWYOKONc
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http://www.youtube.com/watch?v=DdojWYOK0Nc
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Humanoid Transformer

Berkeley ” hitps://youtu.be/nzDkRjSPU_0


http://www.youtube.com/watch?v=nzDkRjSPU_0

Humanoid Transformer

[ Humanoid Transformer J

Berkeley


https://docs.google.com/file/d/1XNtotoXhX_NkG0s2fab_YrbbmtsPLunE/preview
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Discussion: MPC & RL for Legged Robots

MPC.: RL:
e Explicit formulation with guarantee e [Easy to robustify a policy
e Good choice for engineering product e FEasy to integrate with vision, etc

Berkeley



Discussion: MPC & RL for Legged Robots
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Special Topic: Contact

e Discussion on contact sequence, contact position and contact timing
e (Contact detection

Atlas MPC Ground Reaction Force

-
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(% of Bodyweight)




Special Topic: Stmulator

e MuJoCo v.s. Isaac Gym

MuJoCo Isaac Gym

https://youtu.be/esLuwaWz4oE, https://youtu.be/8sO7VS3q8d0


http://www.youtube.com/watch?v=esLuwaWz4oE
http://www.youtube.com/watch?v=8sO7VS3q8d0

