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Imitation of Cooperative Behavior by Hidden Markov Model
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This paper addresses agents’ intentions as building blocks of imitation learning that abstract local situations
of the agent, and proposes a hierarchical hidden Markov model (HMM) to represent cooperative behaviors of
teamworks. The key of the proposed model is introduction of gate probabilities that restrict transition among
agents’ intentions according to others’ intentions. Using these probabilities, the framework can control transitions
flexibly among basic behaviors in a cooperative behavior.
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Action Sequence

0 3: Joint Behavior Model
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0 4: Basic Plays used in Exp. 1
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6: Exp. 1: State Transitions Generated by Learned HMM

ggoooooooooooooobobbooooooobboo
gobooooboo ebbOOOOOODOODO 500000
gooooooooboooooooooooobooogoooon
lgoooocooooooooooocooooooo<tooon
gooooobooooboooooooooooooooooo
goooooboooooobooboooooooooooooon
gobooobooboooboooooooooooooooon
gooooooooooooobobooooooooooooon
oobooooon

goooboodoooooooooooooooooboobooo
O000000000000000000 agent XOOOO
AOd0O 20000000000 A—-BOA—-DOOOO
go0o00o00o00o0b agent YOODODOODOOODOOOODO
OO0D00Oagent YOOOO BOOOOOOODOO A—BOO
00 bDOOO0O0O A—-DOO0ODOOOOOOOOOOOOO
gboodobooobob e0OoboboOobOObOOOOOOOOD
O00000000000000000000 agent X OO
000000hag(B)=0.970hap(B)=0000000000
goboooooboooooooboooobobooooooobooo

4.2 Exp.2: 000000OODOOOOOO

oobooobooooobooboooooooooboboooo
goooboooboooboboOobD rOobbooooooo
dododoobobooboooooooboboboooooooa
100000 (agent X)) 0O ODODOD0OD0ODODODOO
00000000000 200000 (agent Y)ODODOODO
O000000ODO0OCO0O0Oagent XOOOOOOOOOO
0000000000000 (agent Y)OOOOODOODO
O00O0D0agent YOOUOOODODODODODOOOODO
agent X 0 agent Y OODOODOO0O000O0O0O0ODODOOD
00o0o00bO0o0O0bOO0oDO0oDOOo0bOOoobooobooo
gooo

goobO0doo0ooO0ooOO0bOOobOoooOooOooOooDo g
goo'ocoobob'obb'obooobobbobooog
000‘0b0nD’00o0dD0ooo0O0DOoDg 600 HMM
Inmooooooboooonmoooooooo vy, Ooo
joddddd0d0oooooooooooobooooo
O (‘turn’, ‘dash’, ‘small-kick’, "long-kick’, ’trap’, ‘look’) O
00D00oIIoo0o0 500000000 ITODO0O agent
XO0OOYOOHMMO OOOOODODOOOOOOOO
100000o0oooooa



The 17th Annual Conference of the Japanese Society for Artificial Intelligence, 2003

0O 9: Exp. 2: State Transitions Generated by Learned
HMM

07000000000000000000000000
0 NO0000000000000000 (D,K,P,F,C,S)
00000000 (DYD ‘000000 (K)0 ‘00 (PYO
‘00000 (FY0 ‘0000000 (C)0 ‘0000 (S) 0
000000000000000 agent X0 YOOOO‘ODO
00’ -000000° -00° 0000’ 000 ‘000
0’ 0000000 —0000’000000000000
0000000000000000000000000000
00000 9000000000000000000000
0000000000000000000000000000
0000000000000000 agent XOOOOOODO
O00D00Oagent YOOOOOODOOODOOOODOOOOODO
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
0000

5. Oobooood

HvMM OOOOOOOOOOoOoooooooboooooobo
goooooooooooooooooooooooooon
O[3, 1,200000000000000000O00O0O HMM
goooboooooooobooooboooooooooooon

gooooooooooooooooooboooboooooooon
gooobooooboooooooooooocoooooooon
gooooooooooooobobooooooooooooo
U HOOOoOooooooooooooooooooooo
gooooooooooooboooobobooooooooo
goooooooooooooooboooboooooooooon
goboooooo
uboobobooboobooobooboboboOooboOonbooo
gooooboooooobooooooobooboooooobobooo
gooooooboooooboobogooooooboobooo
gobooobooooooboooooooboooooboHaMM
e00000000000oooo0o00000oooooon
gboooboobooboooboooobobooocooooaon
gooooobobooboooooooooooooooooon
gobodoobbooobooooooobooooooooon
gooooooooooooooooooooooooooon
gobooooooooooon
gbooooooboboooooooobooooooo
gobobooooooooobooboooooooobooooooon
gooooooooooooboboobooooooooaon
gooooooooooobobooooooooooooooo
goboooobooobooooooobooobooooooo
gobooooooobooooboooboooooboobooon

gooo

[1] Zoubin Ghahramani and Michael I. Jordan. Factorial
hidden markov models. Machine Learning, 29:245-275,
1997.

[2] Michael I. Jordan, Zoubin Ghahramani, Tommi
Jaakkola, and Lawrence K. Saul. An introduction to
variational methods for graphical models. Machine
Learning, 37(2):183-233, 1999.

[3] Michael 1.
Lawrence K. Saul. Hidden markov decision trees.
In Michael C. Mozer, Michael 1. Jordan, and Thomas
Petsche, editors, Advances in Neural Information

Jordan, Zoubin Ghahramani, and

Processing Systems, volume 9, page 501. The MIT
Press, 1997.

[4] Y. Kuniyoshi and H. Inoue. Qualitative recognition of
ongoing human action sequences. In Proc. IJCAI93,
pages 1600-1609, 1993.

[5] Hiroyuki Miyamoto and Mitsuo Kawato. A tennis serve
and upswing learning robot based on bi-directional the-
ory. Neural Networks, 11:1331-1344, 1998.

[6] Itsuki NODA. Hidden markov modeling of multi-agent
systems and its learning method. In Proc. of RoboCup
2002 International Symposium, 2002.

[7] Itsuki NODA. Segmentation of environments using
hidden markov modeling of other agents. In Proc. of
AAMAS-2002, pages 1395-1396, July 2002.

[8] Stefan Schaal. Is imitation learning the route to hu-
manoid robots? Trends in Cognitive Sciences, 3(6):233—
242, Jun. 1999.



