LK F AR AR B

£ L8RS A TEEEHRFIR

SCHOOL OF FUTURE TECHNOLOGY, SHANGHAI UNIVERSITY SCHOOL OR-ARTGIEICIAL INTELLIGENCE SHANGHAI UNIVERSITY

CeoO

ARANBEA =S
——MIEZIRFK

TmE (L

RS
Y

FRT, BlfffRR)

=i

https://linqi-ye.github.io/  tHU-SHU ROBOART LAB



https://linqi-ye.github.io/

Hx

H 3 [l |

. RERIE
. HIEX
. ALEX
. FIEN
. RERE



L
ANBARHERHE =i

=F: =<[El HE
FHAF] RN FEHR

Asimo Atlas H1



.
ARNBANEHEREGE

R E N RIY {RACE X RIY F 3 MR

Static Walking Model Predictive Control Reinforcement Learning
Passive Walking Whole Body Control Imitation Learning
Central Pattern Generator Online Learning

Zero Moment Point
Hybrid Zero Dynamics

Virtual Model Control
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In The Dark
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Ballerina

Spead Walk

|
On Hot Coals

SCUBA Diver

Frankenstein's Monster
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Figure 2 | Point-mass biped model and its optimal solutions. Figure 3 | The regions in which each of the three collisional gaits are optimal.

Srinivasan, Manoj, and Andy Ruina. “Computer optimization of a minimal biped model discovers walking
and running.” Nature 439.7072 (2006): 72-75.
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a Some possible gaits b Inverted pendulum walk ;
¢ Impulsive run
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Fig. 1. "Ramp-walking,”
“downhill,” “unpowered,”
or “passive-dynamic”
machines. Our powered
bipeds are based on these
passive designs. (A) The
Wilson “Walkie” (27).
(B) MIT’s improved ver-
sion (28). Both (A) and
(8) wak down a slight
ramp with the “comical,
awkward, waddling gait
of the penguin” (27).
(C) Cornell copy (29)
of McGeer's capstone
design (7). This four-
legged “biped” has two
pairs of legs, an inner
and outer pair, to pre-
vent falling sideways. (D) The Cornell passive biped with arms [photo: H. Morgan]. This walker has
knees and arms and is perhaps the most humanlike passive-dynamic walker to date (8).

Fig. 2. Three level-
ground powered walk-
ing robots based on the
ramp-walking designs
of Fig. 1. (A) The Cor-
nell biped. (B) The Delft
biped. (C) The MIT
learning biped. These
powered robots have
motions close to those
of their ramp-walking
counterparts as seen
in the supporting on-
line movies (movies S1
S to S3). Information on
their construction is in
the supporting online
text (9).

Collins, S., Ruina, A., Tedrake, R., & Wisse, M.

, (2005). Efficient bipedal robots based on passive-
Passive walkers+Actuators—Human-level robot dynamic walkers. Science, 307(5712), 1082-1085.

Gliders+Engines—Airplanes
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Ranger walks non-stop 65.2 km ultra-Marathon
on May 1-2, 2011

1) Robot (b) Schematic

CORNE[ N

Bhounsule, P. A., Cortell, J., Grewal, A., Hendriksen, B., Karssen, J.
D., Paul, C., & Ruina, A. (2014). Low-bandwidth reflex-based
control for lower power walking: 65 km on a single battery
charge. The International Journal of Robotics Research, 33(10),

1305-1321.
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The neutral point
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Figure 2.11. Asymmetric trajectories. Displacement of the foot from the neutral po-
sition accelerates the body by skewing its trajectory. When the foot is placed behind

Three-part control

the neutral point, the body accelerates forward during stance (left). When the foot is
place forward of the neutral point, the body accelerates backward during stance (right).
Dashed lines indicate the path of the body, and solid horizontal lines under each figure
indicate the CG-print.
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Hopping:
Thrust for specified duration during stance.
Exhaust to specified pressure during flight.
Forward Speed:
LI zTs 2 1 s
Choose foot position Tp = 5 + ki (T — £4q).

s
Convert to hip angle g = ¢ — arcsin (—T{:) .

Servo hip angle 7= —kp(y — ¥a) — ku()-

Body Attitude:

Servo body angle 7= —kp(¢— da) — ke ()-
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Balance strategies for a biped:
1) Apply ankle torgues. Base of support diameter upto 0.2 m
2) Bend the upper body/spin arms.

Effective base of support up to 0.02 m

3) Foot placement. Effective base of support up to 1 m

Therefore robust balance = fast stepping.

How to select step location?
- Take step in the falling direction

- Falling faster, taking bigger step

PUSH!

Balance with only|
ankle torque

It’s better to take a step!
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(1) Raibert heuristic (Marc Raibert)  (2) Capture point (Jerry Pratt) (3) SIMBICON (KangKang Yin)

- Z
XT X _x |20 0, =0,,+c,d+cv
_ S VAR t
X == +k, (X —%,) capture \/g

~ Support ~_Kinematic workspace
Foot & - \of swing leg

\\\ Capture 4
™~ Region \{

‘ LFPC (linear foot placement control): use a linear function of the body velocity
to determine the next foot placement.
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MPC: Common Features

THU-SHU ROBOART LAB

Cost Constraints

Nonlinear dynamics, costs, constraints
Iteratively linearize and solve a QP
Never run to convergence "
Exploit problem structure for speed
Don't treat solvers as a black box
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~10,000,000 QPs solved (hardware)
~10,000,000,000 QPs solved (sim)

yNAmMCs

~4
e
uRaw



)

The Robot is a Potato with Limbs
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Momentum Dynamics Kinematics

Centroidal dynamics
Independent kinematics
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The Robot is a Kinodynamic System

Coupled kinematics and
centroidal dynamics in one big
optimization

stonDynamics ":
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The Robot is Several Kinodynamic Systems

3\

Robot kinematics and centroidal
dynamics

Object kinematics and centroidal
dynamics

Robot-object interactions




.
Rl

The Robot I1s Several Kinodynamic Systems In
a Percelved Environment

Robot kinematics and centroidal
dynamics

Object kinematics and centroidal
dynamics

Robot-object interactions
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The Robot is Several Kinodynamic Systems in
a Perceived Environment Doing Useful Tasks

Robot kinematics and centroidal
dynamics

Object kinematics and centroidal
dynamics

Robot-object interactions
Perception-driven constraints
Tasks updated on the f
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Learning Spring Mass Locomotion: With Just a Week
Guiding Policies with a Reduced-Order Model .
Reduced Order Controller in Controller on Of MaChIne

Model Maotion Simulation Hardware

Learning Training,
Cassie the Robot
Sets a Guinness
World Record

Staff Writer | Oct 18, 2022 |

share: in F ¥ %

Welcome to Thomas Insights — every
day, we publish the latest news and
analysis to keep our readers up to date on
what’s happening in industry._Sign up he
to get the day’s top stories delivered

straight to your inbox.
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Simple reward may lead to unnatural behavior!

Humanoid:
27 DoFs, 21 Actuators.
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Deepmind 2017, Emergence of Locomotion Behaviours in Rich Environments

Reward for forward velocity Energy punishment

Rewards
/
Humanoid  r =|min(v,. tmax) — 0.005(0% + 02) — 0.05y2 € 0.02[[u] >t 0.02 where vy is a

cutoft for the velocity reward which we usually set to 41/ s.
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Imitation learning — Follow a given reference motion

Motion Data Reference Motion

Mation

Motion
Retargeting

Imitation

—

Xue Bin Peng 2020, Learning Agile Robotic
Animals

Policy (Simulation)

Domain

Adaptatlﬂn

Robot

Locomotion Skills by Imitating

Reward Function.

r r r
re = wPrl +w'r) +wrf + wPr? 4w

rv
It

/

=
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p=exp | =5 llar - qfl’
J

ri = exp [0.1 > llar - qi’lF]

1§ = exp [ - xt||2]

_T;p _ exp[ QO”Aroot root” . lollqmm q;cmotll ]

_r:;v = exp { Qllxroot rootll —0. Qllqroot q;cuotll ]
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\

Mimic reward for
trajectory tracking
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Indeed, | do favor MPC over RL.

I've been making that point since at least 2016.

RL requires ridiculously large numbers of trials to learn any new task.

In contrast MPC is zero shot: If you have a good world model and a good
task objective, MPC can solve new tasks without any task-specific
learning.

That's the magic of planning.

It doesn't mean that RL is useless, but its use should be a last resQrtc...vei
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Human learning to swim Stepping reflex in babies
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Cerebrum

| know how to swim

Instruction Knowledge

$§ 3

Practice  Experience

Inspiration from
human learning

Cerebellum

| can really swim

. 4

Instruction Learning

Doing
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;E{t%"_g Learning

)
Instruction
Learning

Imitation
Learning

VS.

Instruction

: —
Learning - - —

Learn from scratch Learn by following instruction

Full action space Reduced action space

Purely reward-driven Reward and feedforward driven
Require mimic reward

No need for mimic reward
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Instruction learning (INL) learns much faster than imitation learning (IML)
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Feedforward action Learned motion
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Feedforward action Learned motion
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Feedforward action L_earned motion
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Feedforward action Learned motion




.
B2

WEHE

Feedforward action Learned motion




.
B2

ER Rk

Feedforward action Learned motion
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Learned motion Period * 0.88 Period * 1.26

—

Learned motion Amplitude * 0.88 Amplitude * 2.08
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SERL Optimization Process
Comprehensive locomotion Task

Comprehensive lacomation task: 120 iterations

Structural parameters E
e _ )
Privilege Information £
-
5
Network in
IMU () Motor i,
. 0.250 1
Proprioceptive Feedback Sirpr?l?l/g;f)n
0.225 4
0,200 1
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Thigh Length {m]
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& IEEE

IEEE ROBOTICS AND AUTOMATION SOCIETY
Quadruped Robot Challenges

|IEEE International Conference on Robotics and Automation — ICRA 2024

The Fourth Placement in Tele-operation

Tsinghua University:

Houde Liu, Lingi Ye, Yi Cheng, Guoping Pan, Hang Liu,
Xuegian Wang, Yuheng Min, Chenxi Han, Han Zheng, and Jiayi Li

mfg wa;{% M%"’W C@ |

ICRA General Chair Quadruped Robot Challenges, Chair

May 2024




THU-SHU ROBOART LAB

‘.%




Hx

H &3 [l |

. REDIE
. HIEX
. ALEX
. FIEN
. RERE



L
£ =
RK? HE Rk MR

F 3£ XAHY

(At E S RIMK

R E S RIMY



L]
FRRLE

THU-SHU ROBOART LAB

ControlVAE: Model-Based Learning of Generative
Controllers for Physics-Based Characters

Motion Dataset
/ ;A F
/’\{\7 5:\ 5 —— > Simulator
U & (

Skill Embeddings Control Policy World Model

posterior ; 3 5
p(zclse, Se11) — % & —>t+1 "
iA Prediction
hd /. prior i
4 Gl ;
S0 St

—— Training e » Generation

ASE: Large-Scale
Reusable
Adversarial Skill
Embeddings for
Physically
Simulated
Characters
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SuperPADL: Scaling Language-Directed Physics-Based
Control with Progressive Supervised Distillation )

* Xue Bin Peng'*

Jordan Juravsky?, Yunrong Guo!, Sanja Fidler"

1 2 3 #  UNIVERSITY OF 4
ANVIDIA. “§°0S T § TORONTO S
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Taming Diffusion Probabilistic Models for Character Control
Rui Chen*!, Mingyi Shi*?, Shaoli Huang’, Ping Tan’, Taku Komura?, Xuelin Chent®

* Joint Finst Author | Cormesponding author

This video contains voice
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