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The proposed Learning method is applied to 4-legged real robot
to learn walking behavior.

0.5 sec/step

State is the current angles
of the Joints (8 dimensional).

Action is destination angles
of the joints (8 dimensional)

o ' The agent found a policy:
“stopping” to avoid penalties.



YRETHFEMRE: Multi-Joint Arm
(Moore 1995)
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Condition of input vector:

x|

Input Space

Two Input vectors are
Independently sampled
from Uniform distribution.
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Linearly Independent Rate of Feature Vectors
between two Random Vectors in 2-dimensional Input Space

Regular grid

N

100 different patterns
of random rectangular

coarse coding are tested.

Number of Random Rectangular Features ——

=

Reverse point
X7

Random Rectangles

100 features: ]
Random Rectangles 0.998
Regular grid 0.980

Almost all arbitrary two states
can be distinguished!
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Linearly Independent Rate of Feature Vectors
between two Random Vectors in 8-dimensional Input Space

1 — T T T 1 T T — T T T T 1 M—— =+
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Regular grid

08

Random Rectangles
06 |

256 features:
Random Rectangles 0.992
Regular grid 0.996

04 | 100 different patterns
of random rectangular

coarse coding are tested.

Not so different
In 256 features.

02

Number of Random Rectangular Features —

10 100 1000



Another condition of input vector:

Y One input vector is
% | sampled from
_ Uniform distribution.

- The other is sampled

o from normal distribution
P4 where the center is to
the former selected point.

\
AN

X
)b —————————— —>  Deviation of the normal
e 1 distribution is 0.1,
/ And covariance is 0.
R
X, 1 This condition is quite often
Input Space encountered in RL in Robotics.




Linearly Independent Rate of Feature Vectors
between two Random Vectors in 2-dimensional Input Space
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T
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100 different patterns
of random rectangular

coarse coding are tested. ] } {
0a F

|
Random Rectangles }L l

n4 | Regular grid / i

0.2

Number of Random Rectangular Features —

10 100



Linearly Independent Rate of Feature Vectors
between two Random Vectors in 8-dimensional Input Space

=t
=iy

100 different patterns {
of random rectangular

. coarse coding are tested. ;

Random Rectangles

256 features:
Random Rectangles 0.997
06 | 1 Regular grid 0.488

Regular grid i’
256 features |

__ Random Rectangular
02 coding works excellently!

Number of Random Rectangular Feétures —

10 100 256 1000



Linearly Independent Rate of Feature Vectors
between two Random Vectors in 8-dimensional Input Space

100 different patterns {
of random rectangular

Random Rectangles

Random Rectangular Coarse coding 0.488
seems ad hoc,

but it Is quite suited for approximating
high-dimensional state-action values

In Robotics.

Number of Random Rectangular Feétures —

10 100 256 1000



Q-learning

EFTZEHD

EEeligD

RILYTY
1TEER

SR L) TIZLB
SR ES IR ORI

o

R

-ERENHE
- P[] @ F % [a]
RYLBHNIERAMILE

e TET

- REMNEREITKFLEL



EiRZEE D RILYTY
BE &5 1Bl 1TENER

Q-learning

HARESIZEBWLWTQEDRILY TS HIZHEST

HERMICITHazZzES
S, a.
exp( Qs .)j
T

ZA ex Q(Sa aj
=P T
LA ! /

LTHZERD exp(Q) DEFTHIDE !




= RITTITINZRDHUN DL S TENEIR

BE&I1 (al) | | | | | | | | | | |

B#i2(@2) T T ]

A

a2 THZEROERTELODE|TEEEE

v

SRHEN — BEENATEN 100075:EY

Q-learninglZH 1T H1TENEROCQIEED EH DRI
, ADQEZIFTHEICZRLGHEIRNETS
al HEFXDOFHFEARMMIMRITOBLNIICE®




= RITTITINZRDHUN DL S TENEIR

IR LBRA) T T
EEZNIEL THEBRDIELM?

SRS — MEK{TEN 10007:@Y

Q-learningl=ZH T HINEIRLCQEDEH DRI
, ADQEZZRIFAENSKGHEIRNEET S
al PERDETEAAMEIIRTOBILICER




2 fot 2= ] D RILYTY
B 2T 1L 1TENER

(imi

Q-learning




. T ZE B D RILYIY
| IS %Tl'- - = e .
Q-learning BE 2L 4Ll 1TENER
select P(a)
e

al/ I/




) - E 5t 22 R D RILYTY
Q1earning | |~ paug s gy TRRIR
select P(a)

e
yay
*all/ I/

EITENZERB D exp(Q)

D EFHHAS

Z !




i 4=t B TR .

learni Eifr ZZ R D Rz

Q-learning 28 4657 1) P
SRTEREICHE TR IR TILE

MELLBDIZIE? — #HiE

PSR — % ] 8

Markov chain Monte-Carlo (MCMC) 0D —F&
GibbsH> T4

STEMNHEGIRT

(/////////w%#ﬁﬁﬁﬁﬁ

alt+1) =~ P@@' [a(t),a’(t),---aV(t)) )
a’(t+1)~P(a*|a'(t),a’(t),---a" (1))

a"(t+1)~P@" |al(t),az(t),---aN_l(t))J

DEIGRELZE
>+ﬁ@@#ﬁﬁu
B HIZ#Fza(t)
HUTILET D




. EgEmo || Rryey
Q-learning || “paug p 1y FFEEIR

FKIFEDRILYTFERE GibbsH 272G LTHS



. AT ZCRE D RILYIY
-learnin J"%’H":'f - i
Q 9 | " mEgEs FEEIR
A
P(a)
select
al J SRR
- e d < < el

FL.alEIZ DOV THOHARILYTER



. & #5122 LY
Q-learning J"*’T‘I,FEE]\O) BT
S 2R L 1TEIER
'
select P(a)
LR
al ol el el
.._.', i P P

alEhZ el HFBEIRSNT-IEICETEL.
SE(Fa28hZDINTOHOHRILYITER




- BT 22D RILYTY
| IS %'J_l'. - H v/
Q-1earning | | "y sr gy TRIRR
select

al ” y

- ”

ff—r " o

a2Ehz S| HEIRINF-EIZEEL.
BUaliflZDWTOHOHRILYTEIR ChEiRT




2 ot 2= [R] 0D RILYTY
B 2L BEEE N

(it

Q-learning




Q-learning

E 5t 22 R D
BE 2 {2

RILYTY
1TENIER

GibbsH 27125

P(ai) —

LITEZERED exp(Q) DEEHZE
HEETICERICHSIYUTILERS !




8 fE 22 Bl D RILYTY
BE 2 {E 1TELER

(imi

Q-learning

GibbsY>TYLT12&B
TENRULE

o

R

-EENFHE

- 22 i8] YR FE % [O] %

-BYLGTNITHERED

FE- e Rk b

-DEIFHMNLTEH. 5T E
[EHFEYEHLEL




| BEerEo || Ruvey

-learnin L i
Q 9 | " mEgEs FEIRIR
GibbsH 2T 5 (12&B

\ - ERRLE

=1f=L. —

MaxQ &Kk 5

R @

SARSAZ LT X Lt FHEEAL &

- A B

— > - - wrﬂﬁﬁﬁé ﬁ*
SR LEREA(IT |,

SHEMBEOHMEARL .,\iﬁ‘éé.?;??[f-}'%l B

[EHFEYZEHLLLY




Ny _ S, 1 " KRESIT
=2l —v32: Multi-Joint Arm oA

AL OBE

NIVFLELIVT
SRTEMELD S DIETREL.
SALDBERECOBTFIZEDEL
S8 LAEREEDAA L E200BE A
A RTEERESAIIRIRT HHEE=0.3

2)E/MREI ) yRRAL) 5
SRITZLER%E 278 NEREY ) VKT
DEIL. 2/8=256{A D21 JL & X

Q-learning DERE | | Gibbs-Sampling DBE BAJAEED=HD
2)5|% ¥ =0.9 F—AIEY—R:

m E T=04 R 8 [E1%] : 40[E] X 8k JT }
2T =05 = #HA 2000 step




\'I

Averaged Reward (1000 steps)

111

aAlb—a R - Multi-Joint Arm

REEBRIT
fTEI8RIT

SUBLELLY |

20021 )L

0§

N

105 1TD 1

SR LB T IEFNFNELD

I

2" 8=25641 )L

g% r=0.9
m E T=04

ERRT IR RS

S| FEE @=0.2

i T

20000

40000

B0000 80000

Learning Steps

100000



151
ED—

S T=-Eh¢

FEH CHED

%E&E3|

1—)L: 37
[x’;l—hﬁfn;%f\

%E&E{]
MRS j\

[%9 ;

\lj&i

SN




_t&) (S5 LEREAILIZEKBNIEAEE
~ Gibbs YT T2 &K BITENEIRAE]

c

ERZER D RILYIY
RE & L 1TENRLEIR
J Sy 8 LA l=ks  GibbsHoTYLy

Q-learning

BRTEFEFORAL  [CLHITELERLE

"
MaxQ K& 5 FHEMNRLY
STEAERIC

-EREAHE -EREAEHE

- Z2 A1 1R F£ % [O] 5F - ZE[E] {3 F 4[] 5t

-BULGHNIFERAILE -RBYLZITNISSHERED

T 1T ol $ A0 =1+

-FREANBEITIRTFELLZL | | -2RIZ#HNLTEH., FTE
THFEVEDHLEL

SR ESR TR OB EEA R



