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Abstract We show that it can be effective to adjust the discount rate using an index for progress of learning.
In the strategy that we propose, the discount rate is small when the learning does not progress enough, and is
increased as the learning advances. We also propose three methods for its adjustment; exponential, by TD error,
and by reliability, which are verificated by numerical experiments for a windy gridworld task.
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Fig.1 Windy gridwolrd. Cited from reference [1] (modified). The

shown path is an example of the shortest paths.
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(b) Transition of discount rate v at the point P.

90

80 ‘

©
=3

@
S

=]
3
=]

g o
S o
a o
S o

IS
S
=
S

S
%)
=]

Steps Required to Goal

Steps Required to Goal
Now

N

S

=]

i
o
=
o

o
o

o

500 1000 1500 2000 2500 3000 500 1000 1500 2000 2500 3000
episodes episodes

() 00000000000 (b)00000000DOO
(a) Exponential adjustment (b) Exponential adjustment

(monotone increase). (monotone decrease).

05 0O00O0O00O0O0O0OOO0OO0DOOOOODOO
Fig.5 Number of steps required to goal.

goooooboooooboooooooobooooobooooooo
0000000000Tb0ooooooooooooooon
goooooooooooooooooooooboooooooon
goooooboodooboooooboooobooooooooooo
oo0o

5. U g

5.1 0000000
000D00D0D000000D000D000000000000
0000000000000000000000000000
000D00D000000000000

060000 POOO0O0DOOODO p(s,a)lsers OO
000D00D0D000000000D0000000000000
00000000000000000000000000
07000000000000000000 500000
000000 p000000000000000000000
0000000000000000000000000000
0000000000000000000000000 SO0
0000000000000000000000000000
000D00D0D000000000D0000000000000
00000000000000000000000000000
000D00D000000000D0000000000000
0000000000000
0000000D0000000000000 greedy 000

o o
o o

o o 9o

> o » *F

o

<
S
3
g
£
I
@
3
o
So.
3
3
o,
T
E
5
z

Normalized Value Function

Episodes 2 3 4
Action P ! Action

(b ooooo
(b) Exponential adjustment.

Episodes 1
() 00000000
(a) Without adjustment.

[N

o
o
3

=4
o
o

[
=)
IS

o
N

o
Normalized Value Function

o

0

Normalized Value Function

500
100
150
7 8 Episodes

50!
1001

1501
., 2 3 4 5 6 7
Actions

(d)0ooooooo
(d) Adjustment by reliability.

3 4 5 6
Episodes L 2 Action

(¢)TDODOOODOO
(c) Adjustment by TD error.

06 U0 POOOOOOOOUODO pOOO0OODOOOODDOO
Fig.6 Transition of normalized action value function p at point
P.

s . . . ' . . . ' . Sy, P . |

T N N P P I . N T

N - Vs ' NN ~ N4 ‘ [

NN . N ‘ . N . N . |

I 2 BN RN

oooooooooo
Without adjustment

0Oo0o0 oooooo
Without adjustment

(before goal) (after goal)

e

, ,

. N N N NEEEN

T I PR EENE AN AN [

[k '

gooooooooooooo
Adjustment by reliability

gooooooooooooo
Adjustment by reliability

(before goal) (after goal)

07 000000000000

Fig.7 Policies before and after goal experiments.

goboooobooooooooboooobooooobooooooo
gooooooooooomooooobbobooooooon
gbobooooooooocooooobooooooboo
5.2 O0O0OO0O0OO
gobooooooooooooobooboooobooooobooo
goboooooooooooboooooOooooooooa
goboooooooooooboooooboooobooooooo

— 5 —



dooooooooooooooooooooooooooo
0000 [14],[15)0

0000000000000 DO0DbO00000 modulate O
0000000000000 UoOoeooUooUoo
gboboobobooboboboboboboooobonobo
000o00o0o0oO0o0o0obObOo0obDbOoooboooooboo
0000000000000 DO Selective Serotonin-Reuptake
Inhibitor, SSRIDO OO O0O0OO0O0OO0OO0OOOOOOOOODO
O0oo0o0o0o0ooUoOoUoOo 7oooooooooo
000o0000OoOo0o0o0obOoOOo0oDobOooobooooooboaoo
gobooboooboooobobooobooobooooboo
agoad

6. 0 0O O

gboooooooooooooooboooobooooooo
goboooobooooboooooooboooooooooog
gooooooooooooobooooboobooooboooooo
oboooobobooooooooooobooobooooobooo
gooooooooooooboooboobooooboooooo
O00O0Gridworld 00000000000 O00OO0OO0OOOO
oooo

oo gbobooboboobobooboboobooobooog
gooooooooobooboooobbooooboo

g O

[1] R.S. Sutton, and A.G. Barto, Reinforcement Learning: An
Introduction, The MIT Press, 1998.

[2] T.Dean, K. Basye, and J. Shewchuk, “Reinforcement learn-
ing for planning and control,” in Machine Learning Meth-
ods for Planning and Scheduling, ed. S. Minton, chapter 1,
pp-1-20, Morgan Kaufmann, 1992.

[3] A. Schwartz, “A reinforcement learning method for maxi-
mizing undiscounted rewards,” Proc. 10th Int. Conf. Ma-
chine Learning (ICML93), pp.298-305, 1993.

[4] S. Mahadevan, “Average reward reinforcement learning:
Foundation, algorithms, and empirical results,” Machine
Learning, vol.22, pp.159-196, 1996.

5] K. Doya, “Metalearning and neuromodulation,” Neural
Networks, vol.15, no.4-6, pp.495-506, June/July 2002.

[6] Y. Sakaguchi, and M. Takano, “Learning to switch behav-
iors for different environments: A computational model for
incremental modular learning,” Proc. 2001 Int. Symp. Non-
linear Theory and its Applications (NOLTA2001), pp.383—
386, Oct. 2001.

[7 0OO0O00O0O0O00“C00000000O00D0O0ODOD O 16
0000000000000 00000 Aug. 2001.

(8] DOOO0OOODO0OO“O0O000O00O0O00O0O0OO0O0O0O0OO
00000 000000000 11000000000 Sept.
2001.

[9) DODODDOODDO“00000000 exploration O exploita-
tion 00D 0000 NC2001-280 pp.41-480 June 2001.

[10) ODOO00O0O0OO0O0D0OO0O0OOOD“I0000O000O000O0O0O
joooopoooo0o0oooooooooooooooEr OO
00000000 vol.19, no.20 pp.96-1030 March 2001.

[11] 0DO0O0O0O00O0O00O0O0O0O0O00“C000000O000O00O
Jo0oooo0o0oooor 0 1900000000DOOOO0
0000000pp.1239-12400 Sept. 2001.

[12] DOOD“O0000000O0O0O0O0O0O0ODOOODOOOO
00 000 D-1I0vol.J79-D-I1, no.20pp.248-2560Feb. 1996.

[13] DODOODODOODO“D000OD0OD0O0OD0ODOODOODOOOO

14]

[15]

(16]

(17]

0000000000 0000 NC2000-1690 pp.99-1060
March 2001.

K. Doya, “What are the computations of the cerebellum, the
basal ganglia and the cerebral cortex?,” Neural Networks,
vol.12, pp.961-974, 1999.

W. Schultz, P. Dayan, and P.R. Montague, “A neural sub-
strate of prediction and reward,” Science, vol.275, pp.1593—
1599, March 1997.

K. Doya, “Metalearning, neuromodulation, and emotion,”
in Affective Minds, eds. G. Hatano, N. Okada, and H. Tan-
abe, pp.101-104, Elsevier Science B. V., 2000.

E. Hollander, and M. Evers, “New developments in impul-
sivity,” Lancet, vol.358, pp.949-950, Sept. 2001.



