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Motivation

To complete real world tasks intelligently
(in-hand manipulation/grasping)

Shadow Hand ASIMO NEXTAGE

AR EE he@informatik.uni-hamburg.de U kkkkkhkkcckSSEEEBEBEE



Ut MIN_FakMt:‘.it OO0
iti Department Informatik e
2 ¥ Universitdt Hamburg = o

Motivation

* An ability to move and position objects within one hand
* Fingers 'push' an object to generate motions.

e A large number of joints (shadow: 19/24 DOFs)
e Complex interaction model (sensitive to errors)

e Limited perception capability (visual & tactile sensors)
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Research Concept

o In-hand interaction system is a black box
o Fingers push in the black box in different directions

o Perceive from trial and error
Black Box
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Research Concept

Push and Support Models
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O To roll the object on an elastic surface
O Trade off down and forward motions
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Research Concept

Model Evolution T2
Different support fingers /”‘;j"’"\ \
O Number (Different views)

O Type:

¢ Fixed support finger
¢ Spring support finger

Support fingers
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Manipulation Model

Enhanced Manipulation Model

Hybrid support model P et

—— ——

for yaw manipulation

-

Opposite Velocity
Py = —So2

Ks
Enhanced manipulation model = finger
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System Architecture
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Experiment

Experiment Setup

In—hand

) Shadow hand
object
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Experiments

Initial Grasping Configuration




UH MIN-Fakultat
i Department Informatik
a1 Universitdt Hamburg

Experiments e
<> &y
Yaw Pitch

Rotational Manipulation (Yaw)

| Index finger

/
b oK
. Object /
) P .,/ x Ring finger

Rol : /

Pitch /I /,o
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. o

Fixed support finger

Index finger pushes
: 0 from -60° to 60°
a from -60° to 60°



videosNew/YawManipulation.mp4
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Experiments

Haptic feature
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(a) Pg = (90,-30), K. = (0,0), d = 4 (b) Pa = (90,0), K, = (0,0). d =6
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Visual feature
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(¢) Pg=(-30,-30), Ky = (0.1). d=4  (d) Pa=(—30,0), Ks = (0.1),d =4
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Experiments Q>
S
. . . Yaw Pitch
Snhapshots (rotational manipulation)



videosNew/YawManipulation.mp4
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Experiments

Enhanced Manipulation

(b) A remote control.

ng'd ObJeCt .(c) A caffee pack. (d) A square foam piece.



videosNew/EnhancedYawManipulationOnPR2.mp4
videosNew/RidigBoxManipulation.mp4
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Policy Based Reinforcement Learning

Reinforcement Learning

Agent

Markov Decision Process

"" (MDP)
State Reward Action (X 9 U} f ) p >
State: x
T Action: u
Reward: r

Environment

AR EE he@informatik.uni-hamburg.de



UH MIN-Fakultat
i Department Informatik
a1 Universitdt Hamburg

Policy Based Reinforcement Learning

Cost function (cost function): v
The gradient of the cost function:

VoJ (0 / d" (x / Vor(z, u)(Q™ (z.u) — b™(z))dudx.
Stationary distribution of the state

d™ () = limy_oo P{xs = |20, 7}
Q function Q" (r) = E{i Yorpt|To = z,up = u, T},

Baseline b ()

AR EE he@informatik.uni-hamburg.de
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Policy Based Reinforcement Learning

Williams' Episodic REINFORCE algorithm

n

Vo (0) = (Y Vems(urlzi))(Y  arri —b)).
k=0

k=0
Peters' Episodic Actor-Critic algorithm
V{;J(ﬁ):/ dw(:c)fVg?r(:r.:u)(vgfﬂgw{uht)}rdudxw
X U
= FHW?

With compatible function:
f(x.u) = (Vologr(ulx))'w = Q" (z,u) — b7 (x).
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Policy Based Reinforcement Learning

Algorithm 1 Episodic REINFORCE algorithm

Input: policy parameter #, learning rate a, policy standard dewviation o, and
baseline b;
for episode j do

Initialization: my < £, get imitial state Xg;

for each step ¢ do
ur — w(f) and do action ug;
get next state Xi; and reward 7y;

=T+ Tk.
e—e-t ﬂin[wér;:.fk]];
end for

b=b+ (r-b)/j;
Bei1 = O + ag(r — b)e;
end for
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Policy Based Reinforcement Learning

Algorithm 2 Peters’ Episodic Actor Critic algorithm
Input: policy parameters f, learning rate «, policy standard deviation a;
repeat
for m episodes do
Initialization: my; + #, get 1imtial state xg;
Calculate:

policy derivatives: 1 = Vg log mo(ug|xi)
H H
fisher matrix Fy = (3 vi) (3 v1)").
k=0 =0
=M
vanilla gradient g = (3 i) (v HF7)).
H

average reward 7 = (> %),

k=0
H

eligibility ¢ = (> ).

natural gradien::c: ’

baseline b = Q(7 — ¢F, 'g)

where Q = L(1 4 ¢" (mFy — o9 )~

natural gradient g, = F,'(g — ¢b)
end for
policy update ff = (1 — 2)f + 2g,

until # converged

'¢)
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Policy Based Reinforcement Learning

Learning Frame

Experiment
data
l Training

) Ma.nipulation —_
simulator

Push
actions

| — (RL agent | <
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manipulation
(1) experiments

|

simulator
2) training
Visual 1
haptic reinforcement

reward () learning
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Simulator Training

Density Push experiment:
Push action: P =[0,a,P]"

Algorithm 1 The push sequence in the density push experiment.
for P, =2 to 10 mm do
for = —60° to 60° by 15° do
for a = —60° to 60° by 15° do

1 -1 _ T. y
Push execution with P = [0, o, F|*; “Object p 2
end for \ A Spring support finger
e &
end for NG /
N [
end for ' — T N I

/,—’"‘k/ \:-».._‘_111__“\ I;‘B f" ]

\
Fixed support finger Od

380 push actions



videosNew/YawManipulation.mp4
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Simulator Training
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RBFNs: Radial Basis Function Networks

Push mmmangl_s

("u"lsual approximator

Haptic approximator 1
Haptic approximator 2
Haptic approximator 3

e

Visual result
>

Haptic featur:n

(ut\/ector

RBF
Neurons

\ Manipulation

simulator

\_

¢(x) =P —Bllx—pll?

Weighted\

Sums

A




UH MIN-Fakultst

Department Informatik

a1 Universitdt Hamburg

Simulator Training
Visual regression with RBFN

Qs
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Simulator Training

012 P, = 10m
Visual: i R B Approximate visual result
| % 1L .
0.08 P - 6m Eﬂ:}r ll::lllﬁl with RBFNs
005 |- whe ot TR
P, = 4mm 1 % PR l.c’ 1 \ e
004 | k. IIITLI! -!' |!| 'l|l: I: I‘ l ' )
1 i :lf!ifii'.f‘, i&ilh'i’ 13;;" el B Conduct as a simulator
‘.:!‘" | ':.~“| I .
0 FHTH l‘; 11441 | for the learning agents
-0.02 I
-0.04 *

Haptic:
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Manipulation learning with simulators

Manipulation learning with simulators

RL agent
i

M [Learn to push object in
a right direction

Finger Push
state f_' Calculate gradient =/ direction

B [nteract with visual and
R haptic simulators

Manipulation
system
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Manipulation learning with simulators

Reward
H—

Z kkTrste’p Xt) + FstepV (XH)

rstep( ) [TstepV(Xt) TistepH(Xt)]T
Visual only k = [1 0"
Visual-haptic k = [1 1/ 100]T
Final reward Tend = 107 sepv (Xend)
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Episodic REINFORCE Algorithm

Learning Parameters ......

State dimensions g 3

Action dimensions n, 2

Wi"iams’ EpiSOd iC Hiclde'n layers units np, 8
REINFORCE Algorithm :

Discount factor v 0.8
Policy standard deviation a 0.4
Steps in one episode 5 12
Maximum episode number Nep 2000
Parameters Notation value
State dimensions Mg 3
State feature dimensions Ny 10
Peter’ S Episod i C Action dimensions Ty 2
Learning rate a 0.5
Natu ral ACtOf-CrltiC Discount factor vy
Policy standard deviation a 0.2
Steps 1n one episode Nstep 12
Maximum episode number Nep 1000
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Learning Results
Episodic REINFORCE Algorithm
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Learning Results
Episodic Natural Actor-Critic
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Learning Results
Episode Number before Learned

400

B NAC is little faster
than REINFORCE

350 - REINFORCE

300 -

250 -

B Multimodal(Visual-
REINFORCE HaptIC) SpeedS up
learning speed than

unimodal (Visual-
Only)
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Thank You!

Junhu He
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