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Self Task Decomposition for Modular Learning System
through Interpretation of Instruction by Coach
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We propose a method of self task decomposition for modular learning system based on self-
interpretation of instructions given by a coach. The proposed method enables a robot (i)
to decompose a long term task that needs much information into a sequence of short term
subtasks that need much less information based on its self-interpretation process for the
instructions given by the coach, (ii) to select sensory information needed for each subtask,
and (iii) to integrate the learned behaviors to accomplish the given long term task. We show
some results from a simple soccer situation in the context of RoboCup.
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Fig.2 Captured camera images
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Fig.3 A coach given instruction to a learner

Fig.4 The learner follows the instruction and finds be-
haviors by itself
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Fig.7 Specification of goal region and its state variable
for a subgoal
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Fig.8 A hierarchical architecture

3.5 0OO0OO0OODOOO

0800000000 '00000000000 22000
obobooooboooboooboooobooooboobon
oboboooooooocoooooooooobooobon
gbobooooooooboooobooboboboon
oboboooboooooooooobooboobobon
obobooooooooooooooboooboobooobon
gbobooooboooobooboobobobobon
000000 ¢g0O0D0ODOO0ODOOOODOOODOGODO
obobooooooooooooobooooobooobon
gboooooooooobooooboooboobobon
oboboooooobooooooobooooobooboo
oboboooobooooboooooobooooboobon
obobooooooobooboboboooooog o
gooood

obobobooboooooooooooooooonog
gbobooooooooboobooooboooboobooban
oboboooooobooooooboooooboboon
oboboooooooooooooboooobooobon
gbobooooooobooooooooobobooboon
goooooboooobobooooboobooog
3.6 ODOOOOOOOO

ooooooobooooboboooooo

1. 00oOooooooocoooooon
2. 00goooooobooooooooobocoooooooon
goooo
. 0obobooooooooooobooo
4. 0000000000CC0CO0O0000000C0ODOO0OO0
goboooooooooooobooooboobooon
5. 0000000000 N,OOOOOOODOoOooOoDOo
0000000000000 oO0O (Ne—Ns—1)0O0O
goooooboooodooobooocooooooooo
0o0ooooooo N, ODOOOOOOOOOBOOO0o
6. boboodooboocoooooooooobooooboooo
v oobboobooboooooooboooobooooboooos
oo
4 0O
4.1 0O0O0O0O

000 RoboCup 00000000000 ODOO0O
00000000000000000000000000
000000000000 0000000000000
000004000 A4,000000000:00000
00000 D0, XO00O00 X,,,YOODOO Y, 00

l000000000000000 (0000000000000
ooooo



000000000000000000004000 A0
00000000:i0000000000 Dyif,,X00
00 X,,,YOooOoOv,,000ioooooooooo
Dyi, 000000 6, 000000000000 ;00
00000000 IR, 000000000004000
000000000 mgdO00000 og000000
03900000000000000000000000
1100000000000000X,Y,, 0000000
000000000000000000000000 27
ooooo
000000000000000000000000
0000000000000000000000000
00000000000000000000000000
0000000000000 0000000000000
0000000000000000000000000
0000000000000

Fig.9 Instructed behaviors
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Fig.10 Acquired hierarchy for the shooting behavior
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(b) Sequences of the selected modules and variables which reflect
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Fig.12 Experimental Result
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