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State-Action Space Construction for Multi-Layered Learning System

Yasutake Takahashi* and Minoru Asada*

This paper proposes a multi-layered reinforcement learning system that integrates lower learning modules and

generates one of higher purposive behaviors based on which an autonomous robot learns from lower level behaviors

to higher level ones through its life time. We decompose a large state space at the bottom level into several subspaces

and merge those subspaces at the higher level. This allows the system to reuse the policies already learned and to

learn the policy against the new features. As a result, curse of dimension is avoided. To show its validity, we apply

the proposed method to a simple soccer situation in the context of RoboCup, and show the experimental results.

Key Words: State/Action Space Construction, Reinforcement Learning, Multi-layered Learning, RoboCup
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Fig.3 State-action space construction based on multiplicative
approach
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Fig.4 State-action space construction based on complementary

approach

000000D0O000DoO0oOoOoOoD [10jobooooooo
gboooooboooboooboooboooobooooboobo
goooooooOoooooocoOoooooOoobobooOooOOoboOoo
gbooboooobooooobooooobooboobooboooo
gbooboooboooboooboooboobboobooboooo
oooooobooOoooooocoooooooooooboOoa
gboooooogoooooooogooon

@ ooooooooooo
@ O0O00000000oo0oo0oo0o0o0o0Dooooooooa
ooooooooooo
® 00000000000000000007?
YES:OOOOOOOOOOOOOoooooooooooo
oooo
NO:00000000000000000000@00

ooooooooooooooooooDpoOoOooOoOooOooo
goooooobooooooooboooooooooboooa
O000FigObOOOO0OO0O0000O00O0000O00D000
goooooooooooooboobocoooooooobobobooo
gooooooooooooooboooooooobooooo
oooooooooooooooooooooooobooboooo
gobooooooooooooobocooOooooooboboooo
goooooooooooooboobooooooooboboooo
ooooooooooooooooobooboooooooooo

Mar., 2003




goooooboooooooobooooooon 167

T T T s Co T T Y | third
— @L ,,,,,,, = ' level
(=G B N e iy, Y | second

(M) &M M M ™) M) | jevel
State Space 1 State Space 2

Target
Situation
O al One target situation at one state space
forth
™ o

) o) oam ow ow |

J second
| O T T T W ) o
i\
| ]

first
L@J ‘@J level
State Space 1 State Space 2
T
Target
Situation

0O b0 Another target situation at two state spaces

Fig.5 Strategy in the multi-layered control structure
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Fig.6 A mobile robot, a ball, and a goal
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Fig.7 An overview of the robot system
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Fig.9 A sequence of a shooting behavior and its camera images
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Fig.10 A sequence of the goal state activation and behavior
activation of learning modules
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Table 1 Required memory size for the proposed layered learning system

level layer # of states # of actions Q table size # of modules memory size
A B C=AxB D CxD

ball pers. 231 25 5,775 25 144,375

1 ball omni. 225 25 5,625 18 101,250
goal pers. 231 25 5,775 24 138,600

ball omni. 225 25 5,625 23 129,375

ball pers.+omni. 43 43 1,849 9 16,641

2 goal pers.+omni. 47 47 2,209 9 19,881
ball pers. X goal 600 49 29,400 65 1,911,000

pers.

ball pers.+omni. 9 9 81 1 81

3 goal pers.+omni. 9 9 81 1 81
ball x goal 81 18 1,458 15 21,870

4 ball x goal 15 15 225 8 1,800
sum total 193 2,465,073 |

Table 2 Required memory size for the layered learning system with monolithic state
and action spaces

level layer # of states # of actions Q table size # of modules memory size
A B C=AxB D CxD

1 full state-action 207,936 25 5,198, 400 10% 1011
full state-action 10% 107 108 103 10!

3 full state-action 103 103 109 102 108

full state-action e e e

\ total 107 101!
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