The 31st Annual Conference of the Japanese Society for Artificial Intelligence, 2017

4C2-3

bbb oobobobobobobn

A Bayesian Reinforcement Learning Approach using Tree Search with Robust Policy
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This paper proposes “the tree search with robust leaves,” a framework for an approximate modelbased Bayesian
reinforcement learning problem for a real physical system. We focus on a situation that there is a critical state/action
region in a real system and an agent knows the parametric structure of dynamics of the real system in advance.
The proposed framework can learn an appropriate policy for a real system using only few real-world samples, by
incorporating the tree search simulation and the pre-learning of a robust policy in simulation. It can also obtain
safe and active searching behaviors in a real system. We show how to implement the framework in a real system.
A mountain car task with a critical region is used for demonstrating the effectiveness of the proposed framework.
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Algorithm 1 Q-Learning for BAMDP

function Pre-Q-learning(b)
initialize Q™ (s',u’), Vs',u’
repeat
initialize s
0~ ()
SimulateQagentEpisode(s, #)
until reach number of times of episode
return Q7*

function SimulateQagentEpisode(s, 6)
repeat
choose u from s using e-policy derived from Q7 (s, )
s~ p(~‘8, U, 0)
Q™ (s,u) < (1 —7)Q™ (s,u)
oy {g(s,u, 8') + mings Q7 (s, u)}
s+ s
until s = 5o
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J"([s,b],d) =

min E |g(s,u,s") + J"([s',b'],d + 1)

5,0, u} (5)

gooboooobooobooo pbOOOoOobboOoOoDboo
0000O00000o0oo0oo0oo0oo0o pDOoOOO [s,0]0
000 (40000000000 7 0000000O0ODOOO
oo pooooOoOoOOOODbOOOOOOobooooooo
oooooboboooooooooooooboboooooooo
coo“coooooboooooOobObOb”bobOoOoon

4. 0O00gOoO0OOO0Od

gooooooooooobo0oooooooooooooo
000 (5)000000000000000oOUUOLDOn
gobobobooooooooooboooboooooobooooooo
000000000000000000000 p(s'|s,u,0) O
goooooooobooooooooooooooooooo
gobooooobooooboobooooooooboooonooo

4.1 0OO0O0OD0OOO0ODOODOOODOO

goooooooooooooooooooobooboboooa
gooooooooooooooooooboboooooooo
0000o0000o00oo0ooooooooooon [sb) 0O
00000000000 (40U0ooooUooDUooooUoo
goboooooooooooboboooooobooboooooo
BAMDPOOOOOOOOOOOOOOOO 1000000
00000000000 0000Algorithm 100QO0000O
goooooMDbPODOODOOOODOOODOOOODOOO
yOOOOOO0DOO

4.2 UCTOO

000 [s,b) 000000000000 000O000O0OOOO
0000000000000000[Guez 12/0000000
0000000000000 000 UCT [Koesis 06) 00O
obobooooooooooooooooooooooooo

00000000 ¢/ o4& 000000



Algorithm 2 UCT search simulation

Algorithm 3 Implementation

function SimulateTree(h, 6, d)
if d = D then
return min, Q™ (s
end if
if N(h) =0 then
for v € U do do
N(ht u) <0
Qtree(hd,U) +~— 0
end for

P )

u 4+ argmin, Q™= (s7, )
s~ p('|5d7u7 0)
q — g(s%,u,s') + min, Qp (s, u')
N(h?) 1
N(h%u) « 1
Quree(h?,u) < ¢
return ¢q
end if
U 4 arg min, {Qtree(hd,u') —cq/ %}
s~ p('lsdv u, 0)
q + g(s%,u,s') + SimulateTree([h?, u, s'],0,d + 1)
N(h%) < N(hY) +1
N(h? u) < N(h% u) + 1
Qtree (hdyu) <~ Qtree(hd7u) + (I_Q]\f&iizfz)w
return q
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[ Offline Phase ]
Input: prior distribution b
Q™ = Pre-Q-learning(b) (see Section 4.1)

[ Online Phase |
Input: ¢t = 0, initial state s, real MDP parameter 6
repeat
0~ b(-)
SimulateTree(h, 0,0) (see Section 4.2)
until time out
repeat
if t < D then
u < arg mings Qree(h,u’)
else
u < argmin, Q™ (s, u’)
end if
s~ p(:|s,u,0%)
h <« [h,u,s']
s« s
t—t+1
until s = sp
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Q-factor
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