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oo oot

oo oot

o000 ¥

Takeshi SHIBUYA Shingo SHIMADA Tomoki HAMAGAMI

1 0000

000000000000000000000000
000000000 [J0000000.000000
0000000000000000000000000
000000000000000000000MmMO0O0
0000000000000000000000000.
0000000000000000000000000
0D00000O0o0og.
000000000000000000000000
0000000000000000000000000
000000000000000.000000000
000000000000000000000000
0.000000000000 (20000000000
0000000000000000000000.
000000000000000000000000
0000000000D00000 [3]4]. 000000
0000000000000000000000000
0000000000000 000000.00000
0000000000000000000000000
00000000000000000O0 [3).
0000000000000000000000000
0000000000000000000000000
000000000000000000.000000
0000000000000000000000000
0D0ooOooooooo.

2 0JO00OOOoo

goobooboobobobobobooboobooogo
gogooboo.obobooobbooboboooobob od
gobobooo.booobooobbooobboo
googoooooboobbbooooooobbobboo.
goobobobobobobobobobobobo
gboboooooogo.

gogobooboboobobooobboobbooobo
goboooood.

00 100000000000000000000
cooooooo

00 200000000000000000000
ooooooobooooboooo

ooobooooobooooobooooboobooooboooooog
coboooobooooboooobboooobooooooo
coboobOooocooobO.ocooobooboooooboo
oobooooooooobooobooooooon.

t00o00o00ooooooo

335

observation
goal (/

o0l _oll oll o2

03

o4l _oll ol 05 wall

03

start,
06l o1l oll o7

01 Oopopooogo

000000000000 Q-learingd00O0O0 Q-
learningD 00O 0O0OO.[3]

3 DOOono

000000000000000000000000
0000000000000000000000000
000000000.000000000000000
0000000000000000000000000
000000000000000.000000000
0000000000000000000000000
0000000000000000000000000
00000000000000000000000.
000000 10000000000000000
0.0000000000 start00 goalDOO0O0O0
000000.000000000000000000
00000000000000000.0000000
0000 000 0,000 800000000.0300
0000000000000000000000000
0.00000000000000000000000
00000000000 0000000000000
0000000000000000000000.00
0000000000000000000000000
000 o0s0000000000000O000.
000000000000000000000000
000000000000000000.000000
0000000000000000000000000
0ooo0o0O0O0oooo.
020000000000000000000000
00.(000000000000000000003 ()
0000000000000000000000000
00D0000000.00000000000 4000
00000000000 RgQ(sa)l]000.0000
0000000000000000000000000
0000000000000000000000000
000.(@0000000000000000000
00000000 a0 aOd000(MO0000000



FlIT200r0 e DD O U000 noO0

real part of
inner product . —.
im | 5€[Q(S7ao) ]
Q.(& ay),
" Q(s, ap) /

N
N}
=}

N
=}
S

al
=
@
S

conventional Q-Iearning
160

i
I
S

Re

ap
(b) phase of reference value vs real part of inner product

al ag

(a) action values

02 DDDDDDDDDDDDDDDDD(||'|:1I]
ooooooon)

real part of .

inner product RQ[Q(S, Cl()) }
v

Im

Q(s,a1)
:. ’

/
Q(s, ap)

phase of
reference value

RG[Q/(E,’, G’U)ﬂ

=P
©® o N
S & o

average steps to the goal
o
3

N
S

proposed method

N
=}

20 30 40 50 60

number of episodes

70 80 90 100

04 0DO0O0D0OO0OODOOOOOOO

T
phase of reference value when
agent selects north at 06

phase of reference value when

Re

Ql<57 aU)

ao ap aiap

(a) action values

03 J0ooooooooo (||-|:1DEII][IDEIDD)

000000000000.000000 030000
00000 aO0000002000000000.00
000000000000a0 a 000000000
D00000.Q(sa) 0 Q(sa) 000000000
0000000000000000000000000
000000aO0000000000000000.
000000000000000000000000
000.000000000000000000000
0000000000000000000000000
000000000000000000000.

4 DOoObOooooog

010000000000000000000000
0000000000000.00000000000
0000000000000000 Q-learningd OO
0 Q-learningD 000 00.

000000000000000000000000
0000000.00000000000000000
000 20000000.0000000 goalDOO00O
00000000 r=1000000.

0000000008 = exp(jn/6),y = 09, T
100/(episode+ 1), Ne = 5000. 00D OODOO
10000000 geal000000000 10000
00100000000 10000001000000000.

00000000000000000000 400
0.0000000000000 Q-learningd 0000
0000000000000000000000000
000000000000000000.

5 00

obobooboob0ocO0ob osOO0O0boOOoOoboOooo
00 S000.000000000o0 00000000

336

phase of
reference value

(b) phase of reference value vs real part of inner product

agent selects north at 05

orth

normalized real part of inner product

North is selected

2 3 4 5 6

phase of reference value

0S5 00000000000 os0000000D0O0ODO

gbobobobobidbUbosldos00onobooog
gobobooboboobboobbooobboooboboo
gobooooboo.

6 0000

coOooobOoooOoOooobOOoOooOooocDboOoOoon
gobooobooooboocoobooooooooooa
goooogoooobooboooooo.oooogo
o0oooOooo “oooooooo’"ooooooog
gboboooooocooobooocboooboooo.oooo
gobooobobooooboocoooOooobooOooobooOono
gobooobboooboooobooooooooono
goboooooooooboooboooooood

ggoono

[1] Richard S. Sutton and Andrew G. Barto, “REINFORCE-
MENT LEARNING: An Introduction,” MIT Press, 1998.
Steven D. Whitehead and Dana H. Ballard, “Learning to Per-
ceive and Act by Trial And Error,” Machine Learning, \Vol-
ume 7, Number 1, pp. 45-83, 1991
doo0oooooo,“00D0Do0DoDOooDooDOooDoon
ooooooo,o040000000000000000
000 0000, pp.197-198, 2005.
[4] T.Hamagami, T.Shibuya, S.Shimada, “Complex-Valued Re-
inforcement Learning,” Proc. of IEEE international Confer-
ence Systems, Man and Cybernetics, pp.3235-3530, 2006.

(2]

(3]





