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An Actor-Critic Algorithm using a Binary Tree Action Selector

—Reinforcement Learning to Cope with Enormous Actions—

Hajime KIMURA® and Shigenobu KoBAvAsHI™

In real world applications, learning algorithms often have to handle several dozens of actions, which have some

distance metrics. Epsilon-greedy or Boltzmann distribution exploration strategies, which have been applied for

Q-learning or SARSA, are very popular, simple and effective in the problems that have a few actions, however, the

efficiency would decrease when the number of actions is increased. We propose a policy function representation

that consists of a stochastic binary decision tree, and we apply it to an actor-critic algorithm for the problems

that have enormous similar actions. Simulation results show the increase of the actions does not affect learning

curves of the proposed method at all.
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Fig.1 A modified puddle-world problem. There are 4, 8, 16,
32, or 64 actions, which moves approximately 0.05 in
these directions. The state space is continuous and
two-dimensional, which is bounded by [0, 1] for each
dimension.
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Fig.2 A standard actor-critic architecture.
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0 1 0 Observe state s¢, choose action a; with probabil-
ity m(a¢,0, s¢) in the actor, and perform it.

0 20 Observe immediate reward r;, resulting state
s¢+1, and calculate the TD-error according to

(TD-error) = r¢ + v V(sip1) — V(st) , 030

where 0 < 4 < 1 is the discount factor, V(s) is an
estimated value function by the critic.

0O 3 0 Update the estimating value function V(s) in the
critic according to the TD(A) method as follows:

es(t) = %V(st),
B(0) © o) +E()
(TD-error) &, (%) ,

w o w+ ay Aw(t) ,

>
£
I

where e, denotes the eligibility of the parameter w in
the function approximator ‘A/(s)7 €y Is its trace, and oy
is a learning rate.

0 4 0 Update the actor’s stochastic policy according to

a
= 25 In (W(at, g, st)) ,

— ex(t) +ex (%),
= (TD-error)ex(¢) ,
— 0+ arA6(T) ,

en(t

=
I

en(t
Ad(t

~—

D =

where e is the eligibility of the policy parameter 8, e;
is its trace, and a is a learning rate.
0 50 Discount the eligibility traces as follows:

E(t+1) « v en(t),

T+ 1)+ A E (D)
where A, and Ar (0 < Ay, Ar < 1) are discount factors
in the critic and the actor respectively.

0 60 Let ¢+ t+ 1, and go to step 1.

- J

Fig.3 An actor-critic algorithm making use of eligibility
traces in both the actor and the critic.
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P(a1) = f1 f2

Paz2) = f1 (1 = f2)

Plaz)=(1-f1) f2

Plas)
=(1-f)1-fs)

0 1 0 Start at the root of the tree, choose 1 with prob-
ability fi (or O with probability 1 — f1), and take the
corresponding branch.

0 2 0 At the selected branch node, continue the same
process until a leaf is encountered. If the node fs5 is
selected, choose 1 with probability fo (or 0 with prob-
ability 1 — f2). If the selected node is f3, then choose
1 with probability f3, etc. And take the corresponding
branch.

0 30 At the resulting leaf node, execute the corre-
sponding action a.

0 4 0 Calculate eligibilities for all nodes by

if f; is active

otherwise,

) yi—f;
—Inn(a,b,s) = Fi(1=F5)
af] 0

where y; € {0,1} is the outcome of the node f;.

- J

Fig.4 A binary-tree action selection scheme for four actions,
and its policy representation. f; denotes a probability
distribution function.
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Fig.5 The binary trees for 6, 7 and 8 actions.
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Fig.6 A tile coding method to generate a feature vector,
which contains all features from broad to narrow
over a continuous two-dimensional state space. Any
state is in exactly one tile of each tiling. Each tile
is associated with one element of the feature vec-
tor (z1,22,---®140). The number 140 is come from
12422 4+32 4+...4 72. When a state input is in some
certain tiles, the corresponding tiles are activated and
their elements are set to some positive value (e.g., 1 X 1
tiling is 1/140, etc.). The other elements are set to
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Fig.7 Performance on the actor-critic method using the
binary-tree action selector, averaged over 100 trials.
ay = 0.1, axr = 0.01, Ay, = 0.9, Ar = 0.9.
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Fig.10 Performance on the actor-critic method using the
binary-tree action selector in the puddle world with
randomly labeled actions, averaged over 100 trials.
ay = 0.1, agr =0.01, Ay, = 0.9, Apr = 0.9.
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Fig.14 Performances of actor-critic algorithms on the real

robots.

ooooboooobobboboooO0O00o0ObDbO000o
0000000000 0D0000000 Fig.14000O0A
OBOOOOOOOODOOOOOOODOODOOOOOO
oooooboobboooooooooobooboobobon
O000000ob0o0O000o0o0ooO0oo0DboD 8x8 =640
00000 8x8=6400000-00000 4092000
oboooooooooobObOObObO0ob00ob00ooooooo
ooooooobooobooboobOooObO00oO0oDbOboD
ooboooooobooooo0ooobOoOoooooboon
obooooooooooooboobooooDODObob0o0o
obooooooooboooooobbOoooooDbOonoo

6. ud

oooooooboOo0oobboooboO0oobOoDOoo
ooobOoOoo0oooooObobOobOooobOoobooDb
obobooboboobooobOoO0oDbOODbbO0o0oooo
0O2000000000000000000C0DDOOODOO
oooboooobooobbooooooOooDboboboOoDo
ooboooooooooobbOoooobbo0oobDbon
ooooooooooobobOooooboobo0oDbbbooooD
obooooooooobOOObO00ooooooDoDboO
ooooooooooobobbOobOo0obooDODbOoonoo
ooobooboooooob0ooOoooooooooDoooDOo
ooobooobooooooooooooooobobDbOon
ooobooooooooo0oooooooooooooon
oooooboooboooboooOoO0ob0oooOobO0ooDboOOon0o
ooboooboobooooooboobooODbOobObObOobbooOoOo
ooboooooooooooobooooooooooboooo
oooooooobobooobooooboboobboooDo
oobooooobooboboooOo0oO0oO0oobDbOoo
ooboooooboobobooobbooobooDbboooOon 2

January 1997

ooooooboooboobooobOoooooooboobo
oooooooboooooooooooobooooooo
o0ooooooooooooo
ooboboOoooooO0oooobooooooboDODDOo
oobooooboooDbODbO0oDODOO0Oo0OoDbDObDbObD
obooobOooooD 2000000000DODOODO
oobOoooooooboboooooooooDoooboon
oooooooboboooooboooobObob0ob0bOn
obooobboobooooooobOobooboooooo
ooooooobobooooooboooobOoboOobooooo
oob0oooooooooooooooooooboboboon
ooboooobooboooDbbo0ooO0o0o0o0o0obODbOon
oooobbO0o0oo0O000o0ob00o0oooooobOoOooooo
ooooboooooooooooobObOobDbbo0obbooo
ooobOoboo0ooobooOo0ooooooobooDbo
ooooooooooo

7. gooo

gooooooboooooooooboObbOoOobonbo

oboobOoooDbOooO0DOoO0obOo00oo0o0ooboooon
obooooboobOobobooobobOooOOobooDbOon
ooboooobooooooboooooobODOO0Db0o0bOn
ooooobbOo0ooooobooooboooooobobboooDDbo
ooooooboboooooooooooobooooooo
oboooooooooobobbooobooobDbbobDoo
0000000000 00000000 00 actor-critic O
ooooooooooooobobooooDbo

o 0 0O O

10 Barto, A.G., Sutton, R.S. & Anderson, C.W.: Neuronlike
adaptive elements that can solve difficult learning control
problems, IEEFE Transactions on Systems, Man, and Cy-
bernetics, vol. SMC—-13, no.5, pp. 834-846 (1983).

2000 00000 O0OD0OOO0 DOOOOOOOOOOOOO
00000000000000000000000O00000
Vol.11, No.11, pp.593-599 (1998).

3000 0000 00000 0000 OOoOoDooOOoOOoOooOOooOO
0000000 Q-learning00 0000000000000,
Vol.35, No.2, pp.271-279 (1999).

4000 0000 OOO0O0OO0 OOOOOO0OOOOOOOOOOO0O
00000, Vol.38, No.10, pp.618-623 (1999).

5000 0000 O00OActor00000000O0OO Actor-
Critic000000-0000 Value-FunctionO0O O OO 0O
00000000000, Vol.1s, No.2, pp.267—-275 (2000).

60 Peshkin, L. & Meuleau, N. & Kaelbling, L.. P.: Learning
Policies with External Memory, Proceedings of the 16th In-
ternational Conference on Machine Learning, pp.307-314
(1999).

70 Sutton, R.S.: Generalization in reinforcement learning:
Successful examples using sparse coarse coding, Advances
in Neural Information Processing Systems 8 (NIPS8),
pp.1038-1044 (1996).

80 Sutton, R. S. & Barto, A.: Reinforcement Learning: An
Introduction, A Bradford Book, The MIT Press (1998).
90 Sutton, R. S.; McAllester, D., Singh, S. & Mansour, Y.:

Policy Gradient Methods for Reinforcement Learning with



goboooooboooo 0330 010

Function Approximation, Submitted to Advances in Neural
Information Processing Systems 12 (NIPS12), (2000).
100 Tsitsiklis, J. N., & Roy, B. V.: An Analysis of Temporal-
Difference Learning with Function Approximation, IEEE
Transactions on Automatic Control, Vol.42, No.5, pp.674—
690 (1997).

110 Watkins, C. J. C. H. & Dayan, P.: Technical Note: Q-
Learning, Machine Learning 8, pp.279-292 (1992).

120 Williams, R. J.: Simple Statistical Gradient Following Al-
gorithms for Connectionist Reinforcement Learning, Ma-
chine Learning 8, pp. 229-256 (1992).

g0 o 0O oo

o 0O oooooo

1997 000000000000000D0DO
goooooo400000000 PDOODOO
19980 40 0000000000D0O0O0ODOODO
goboooooboboobooooooboooooo
gooooooboo

o 0O 0 Ooooooo

19740000000000000000D0O
goboboob4000000000000DOD
go0o19810800000000O0DOOODOODO
gooo0O019%0 0 80000000ODDOODODO
goboooooboooboooobooobooDo
ooo

19970 10



