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Factor Notation Description
State Space S The set of all possible states of the system.
Action Space A The set of all actions that the agent can take.
T'he set of all possible observations that the agent
Observation Space | O .
F can perceive,
The probability of trausitioning to state s’ [rom state
s when action a is taken:
Transition  Proba- T(sia, ')
bilities e T(s,a,8') = Pls;s1 = &' | 8y = 5,0y =)
The probability of observing o given that action a
was taken and the system is in state s’
Observation Proba- |
Z(¢' u,0) e 2 '
hilities Z(¢' a,0) =Ploy =0 | 8141 =5, 0¢ = 1)
The reward received for transitioning from state s to
state ', given that action a was taken:
Reward Funetion R{s.0,8 . N
{ ) R(s,a,8") = Reward(s, a, s")
Di \ Fact The factor used to discount future rewards to their
iscount. Factor v 2 I
a ! : present value, typically within the range 0 <4 < 1.
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Algorithm 1 HPA(Hierachical POMDP Algorithm)
function HPA(S, A, O, T, Z, R, ~)
Initialize high-level policy 7
Initialize low-level policies 7t
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Initialize value funetions V4 V&
repeat
change + False
for each high-level state s £ S do
for each 'u‘Liuu e 1 lll)
Qlsia] = 3 e Tis.a,8") (R{s,a,8') + 1V][e])

best i+ arg umx,, Q[s a]
if 7r”[s| # best_a then
wH 4] ¢ besta
change — True
end if
end for
end for
for each low-level state s € S do
for each action a € A do
Qls.al + ¥ e0 Z(s,0.0) X,
hest_n +— arg masx, Q‘s, al
if WL[.N'] # best_a then
wh|s| « best_a
change «+ True
end if
end for
end for
if change = False then
break
end if
until convergence
return 7, 7
end function

cs Tsya,8') (Risca.8") + 4V [s'])

a8 1. AZ=3} POMDP &x2|&e] 9alze
3. Al2d ol7|dH

o] 4ol we, Alzdo] malzol B okele] Tgu 2e AFHH
2ES AP Hth 45 POMDPS] REol: A2 A%< el
3, 39 POMDPI A oleld 44& T4 A502 Wasle] 54
& a5 24,

a3 2. Alskeh= HPA Aol w2 23 Axd 28 A=

4. @9 POMDP 7749 9A2A Al

A1Z-8 POMDPe]| uhe, th7]%s 25 A28 B44¢ ofe 7]
2% A4S peisherl glol, 9 POMDPE )5 a2
T 2R AaERg 998 s BT F Sdoh EE Vs
POMDP 402 S A4S SRS Fgahu Altel 2ayo
7Kk el 7ashll Bk el 433 POMDPE oA 2
39 akel ATow Tﬂﬁ}c% FAZCE, ofd m, At LW %
HAAS Zo|HA] 7} 2 HA 3t 34 5 9l
% 3 7159 9% g—g— %9 4 9ch =8 A% POMDP )5 2
A2EE 715 REAS 7 WEAYE ol dtef, Al=F A

S A 2 A Bt opfel, 5 vl Jl5e B ¥
7] % fadel=g gl A

ox, —
g o ofN uo

to o o Mz K1 M

: J O
e Eg E s ml;
il 3 4

Mo o &
@
ot =
T =
lo o I
(e ol
= [l -
o o
P E 2
[RAe) e
bR
)
Tl
lo
L
it olo
-y o
so, [
e
te
}E ¥
Rul
n R
oo >,
N b
O ¥

e B
rhu

tjo & reomd
40

ollA+=, 7153 POMDPE
So] o|&F= AEE HAs
Johs thls 229 HA s} ioks
olA AN dFow FHE s =
T 9AHAA E ol gk B S AR eE 4T
=z

2 9 Ex1at), kg 44 o

FN ‘*)
fr
e
o
N
(o
o
~

£

e

A=

i

1o,
-
o & o
Jor o, o

i

J

N
olr
4
ol
_O'L
2
fuf

o o

=2
=
o,

[N

Aol A

ol I‘l.g:
rir
Mo

it
c

Ho M2 rir
oX %O o
Ir

AN
o
I
= >
R

o,
N
—_

11N
O]

o
ol
N
—_

Aseta de,

ACKNOWLEDGMENT
o] 2024\ 1% mpo] 2

re

o

offt

¥ 9 AT

rir
[

QA
A5ye] 7|

KR
=

=

o
=]

o,

F1ER
[1] The Social Robot Architecture: A Framework for Explicit Social
Interaction. Brian R. Duffy, Mauro Dragone, Gregory.M.P. O'Hare
[2] Partially Observable Markov Decision Processes in Robotics: A
Survey. Mikko Lauri, David Hsu and Joni Pajarinen
B $7h9 BRg4E ML BEH ARUAE A% A4S AFAe)

gt A+ LS S=gdTes) A A21E A9% (20049 9¢)



