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Hierarchical Reinforcement Learning:

Commputational model of communication®

Norikazu Sugimoto

Abstract

Many cognitive skills, such as inference and planning, require a symbolic rep-
resentation of the environment. These symbolic representations are generated
through social interactions, e.g. imitation and cooperation. In this thesis, we
assume that the motor control system is subserving action understanding and
symbol formation for communication and cognitive skills. We propose a general
framework, in which prediction models are utilized for both motor control and
action understanding.

This thesis has two parts. In the first part, we propose two new algorithms
based on the MOSAIC architecture (quote needed, Haruno/Kawato/Samejima).
First, we present a modular reinforcement learning (RL) algorithm, where multi-
ple forward models, reward models and RL controllers are adaptively combined,
suitable for non-stationary environments. Second, we present a hierarchial mod-
ular RL algorithm for abstract representation of the environment. It has two
layers: a top layer for selection of subgoals, and a bottom layer which selects its
own goals.

In the second part, we discuss computational models of communication in the

context of the hierarchial modular RL model. When we communicate with each

*Doctoral Dissertation, Department of Bioinformatics and Genomics, Graduate School of
Information Science, Nara Institute of Science and Technology, NAIST-IS-DD0361013, March
24, 2006.

il



other, we may conceive higher order information such as intention just by ob-
serving the movement trajectories of one another. Then we can aquire skills by
imitation or we can cooperate by selecting actions in accordance with each oth-
ers’ intentions. We introduce a modified hierarchial algorithm for estimation of
higher order information from the trajectory of others, and we show that such
symbolic information improve the learning of cognitive skills.

The thesis is concluded with a summary of the results, and suggestions of future

developments.

Keywords:

reinforcement Learning, modularhierarchical architecture, communication, imita-

tion, cooperation
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X(t) = f(x(t),u(t)) (5.11)
r(t) = r(x(t),u(t)) (5.12)
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00000000000000000000 V*(x(t)000000 p*(x(t)00

doogood
Ly () = e [r<x<t>, u(e) + 20 pisqr, u(t))] (5.13)
W (x(1)) = argmax [r<x<t>, u(e)) + 20 pisg, u<t>>] (5.14)

uelU

UbobO-0000000000b0b00bboobbogooooobboogon
gooo

f(x,u) = A(x —x/)+ Bu+c (5.15)
r(x,u) = —(x —x)7Q(x —x") —u'Ru+q (5.16)

0000000000 2000000000000000000000 V*(x(t))
00000000 p*(x(t)) 000000 20000000000000O0O0OO0O
gboobooooon

VH(x(t) = —(x(t) = x)TP(x(t) —x°) +p (5.17)
pr(x(t)) = —2R'BTP(x(t) — x°) (5.18)

0000000 POOOOODOO0O0x0000p000000000000
00000
0 (5.15)(5.16)(5.17)(5.18) 00 (5.13) 000000

(—(x — XC)TP<X —X%) +p)

A=

=—(x—-x)Qx—-x") - (x—x)"PBR'B"P(x — x°) + ¢
—2(x —x)TP(A(x —x') = BRT'BTP(x — x°) +¢) (5.19)
= —(x—x")Q(x—x") + (x —x)"PBR'B"P(x — x°)
— (x = x)TPA(x —x/) — (x = xTATP(x — x°) — 2(x — x°)"Pc + ¢
(5.20)
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xU2000010000000000000000000000

1
——x"Px = —x"Qx + x"PBR'B"Px — x"(PA+ AT P)x (5.21)
-

1

——x'Px‘ =
-

x'Qx" — x"'PBR'BT Px® + x" PAx) + xT AT Px¢ —x"Pc (5.22)
1
_;(XCTPXC ‘l‘p) —
—x"TQx" + x"PBR'BTPx° — 2x" PAx! 4+ 2x"Pc+q (5.23)

0 (521) 000000 POODODOO Riccati DO O0DO0O00D0OO0D0O0O
1
PA+ AP - PBR'B'P+Q=-P (5.24)
T
002000000 x00000 p00O00

x° = (PA+ Q) 1 (Qx" + PAx! — Pc) (5.25)

%p — o T P(A(XC — x7) +¢) + (x° + x) T QX — x") + ¢ (5.26)

oooo

E. EMO0O0O0O0O0ODODODODO0OO0O0O0OOOQOO

00000000000 —r~7 —10~10 —2r~277 00000000
00000000 x(0)00000000000000u(t) = [10M(0,1)]000
000000000000.1[sec] 00000 100000000

00000000000000000000000000000000003.240
000000000000000000000 4,00 200 [Op,2 I, '0B;
00200 000000000000000000000000000000
000000000000 -01~010000000000000000000
000001, 000000000 :00000000000000000 of?

10,0 e000000OOOO
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D0.12DDDDDDDDDDDDDDDDX;DDDDDDDDDDDDDDD
gooogd
gbooboobobbobbobooboobooboon

e LUOUIO0ODOODODDOODL:ODOODODOODLODOOD )\{(t)D
gooo

e MUDODODODOOODLOODOODO

le = (x),/(1); (5.27)
== (e = x)(x = x))") /(1) (5.28)
W; = x[x"u’ 1)) (x"u’1) 7 [x"u’1])) " (5.29)

E00000O00O0W, 000000 4;,B;,;000000000W, =[A; B; ¢;][0
(/,000000000000000000 {(g(t), =% [, 90N ()d0TDD
000000000
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