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Human Skating

* We are particularly interested in how humans can
generate agile movements by smoothly
exchanging potential and kinetic energies.
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Now it's time to comgine all of your
skateboarding techniques!
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Conventional Humanoid
$)ROBOTICS
Control Strategy AL

Turn valve ":i
(Walking)

“An area that leaves much room for robot
improvement is in speed of task execution.”

[E. Krotkov, J. FIELD ROBOT, 2017]



Conventional Humanoid
Control Strategy
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CoM: Center of Mass
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RO R HTHBO
770-F

« BOFEEICEBHLI-TTIL:
[S. Feng, C. G. Atkeson, J. FIELD ROBOT, 2014]

Walking

o WEFFEAVWIMEEOBEERR :

XArm ya IK(ptarget)
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Biped Gymnastics

111

=
E
‘ e

U

Hodgins, J., Raibert, M. H., Biped gymnastics,
International J. Robotics Research, 9:(2) 115—132,1990
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Our Approach
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Hierarchical MPC Strategy with
Singular Perturbed System

[Ishihara and Morimoto, Humanoids, 2015,
Neural Networks, 2018, ]

Extraction

V [Arimoto & Miyazaki, 1983]
3 ‘u", 3 f

X ’., J

/5 [ Fast Dynamics ]
- 4 / '

BRI ExAVWVTEZTHEI NS 2 —< /1K
ORy b ETFTILORBNEREICER T 3.
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Hierarchical MPC Strategy with
Singular Perturbed System

Orlglnal dynamics Singular perturbed system Fast dynamics
x=f(x,u
( ) Z' = h(y, Z,u)
t /
X : state O<e<x]) T=— y =¢g(y,z,u)
: : <
u : control input y :slow state 50
z : fast state dt
u:control input &=—
dr
. d
7 =—17
dr
d dr d 1,
y=—y=——""YyY=—Y

dt dt dr E 18



Hierarchical MPC Strategy with
Singular Perturbed System

[Ishihara and Morimoto, Humanoids, 2015,
Neural Networks, 2018, IEEE/RAS RA-L, 2020]

8| Extraction

[Ari@& Miyazaki, 1983]

[ Fast Dynamics

o
g
|
e b
i A
. *
y i
z
»

H

rediction length

Computationally

intensive

Long
timescale
system

Original Task

Short
timescale
system

;

Time resolution
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Model Predictive Control (MPC)

* Online derivation of the optimal control trajectory
at each time step, using the first control output.

* Although each optimal control trajectory provides
feedforward controller, MPC effectively works as feedback
control policy due to the optimal control trajectory
calculation at each time step.

Objective Function: i1
min Ji = Z r(xi, w;) + P(xNir)

ko UN+E—1 i—k Cost Terminal
cost
Target dynamics: S.t. X1 = f(x;,u;)
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Model Predictive Control (MPC)

* Online derivation of the optimal control trajectory
at each time step, using the first control output.

* Although each optimal control trajectory provides
feedforward controller, MPC effectively works as feedback
control policy due to the optimal control trajectory
calculation at each time step.

Optimized
Objective Function: i1
State b | min  Jy= > @)+ Oan ) [ u
Lk RN AR i—k Cost Terminal
cost

Target dynamics: S.t. X;1 = f(x;,u;)

Timestep size: I i+1

Horizon length: N

control input:

21
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[McReynolds 70, Jacobson 70]

A

Execution

Initial

Improved trajectory

Nominal trajectory

-
\ P

N -

So —"

/' @ O Q(T-2)
u’(T-2)

Value function
(update)

Terminal

Q(T-1):Action

value function
u’(T-1):New control

output
V(T-1):State

value function

> 1
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Hierarchical MPC Strategy with
Singular Perturbed System

[Ishihara and Morimoto, Humanoids 2015,

Neural Networks 2018, IEEE/RAS RA-L 2020]
Computationally

intensive

| ong

Upper layer

Extraction

A ’rimoto & Miyazaki, 1983]

Fast Dynamics

Original Task

H

shq Lower layer

rediction length

;

Time resolution

Upper layer:
Lk Lh4+1 o
Lower layer:
2k <k+1

.I_I.>.



Results

Conventional approach Proposed method
[S. Feng, C. G. Atkeson, JFR, 2014] Hierarchical MPC

The required time to minimize the distance between the arm and target:

4.4 [s] 1.7 [s]
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Real Robot Control
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Neural Networks
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2021 Special Issue on Al and Brain Science: Al-powered Brain Science

Parallel and hierarchical neural mechanisms for adaptive and
predictive behavioral control
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2021 Special Issue on Al and Brain Science: Perspective

Neural Networks
Volume 152, August 2022, Pages 267-275

Deep learning, reinforcement learning, and world

models

Yutaka Matsuo 2, Yann LeCun ™ © Maneesh Sahani d. Doina Precup

Uchibe ", Jun Morimato ™ 1 & &

[Matsuo, Morimoto et al., Neural Networks, 2022]

Actor

&7 David Silver ® Masa

Crmc 4

shi Sugiyama & 2 Ejj

. ELTHAET

Linguistic input Linguistic output

oA

Symbol system — ﬁ Utterance

Language App
Recollection \ Thinking

Imagination: Call the world model

Sensori-motor system

Ammal Qs
Perceplmn ACEh‘Jn

Sensor mput Actuator output

Reward-is-Enough Hypothesis

“All attributes of intelligence can be understood as subserving
the maximisation of reward by an agent in its environment”
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