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A Simulation Sample Accumulation Method for Efficient Simulation-

based Policy Improvement in Markov Decision Process

Xi-Lang Huang*, Seon Han Choi'"

ABSTRACT

As a popular mathematical framework for modeling decision making, Markov decision process (MDP)
has been widely used to solve problem in many engineering fields. MDP consists of a set of discrete
states, a finite set of actions, and rewards received after reaching a new state by taking action from
the previous state. The objective of MDP is to find an optimal policy, that is, to find the best action
to be taken in each state to maximize the expected discounted reward of policy (EDR). In practice, MDP
is typically unknown, so simulation-based policy improvement (SBPI), which improves a given base policy
sequentially by selecting the best action in each state depending on rewards observed via simulation,
can be a practical way to find the optimal policy. However, the efficiency of SBPI is still a concern since
many simulation samples are required to precisely estimate EDR for each action in each state. In this
paper, we propose a method to select the best action accurately in each state using a small number of
simulation samples, thereby improving the efficiency of SBPI. The proposed method accumulates the
simulation samples observed in the previous states, so it is possible to precisely estimate EDR even
with a small number of samples in the current state. The results of comparative experiments on the
existing method demonstrate that the proposed method can improve the efficiency of SBPIL

Key words: Markov Decision Process, Simulation—based Policy Improvement, Sample Accumulation
Method, Efficiency Improvement
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Algorithm 1, Optimal Computing Budget Allocation Procedure for Selecting the Best Action Out of k Alternatives [15]

Inout: ©={a,...a;} (a set of k action alternatives),
nput: L . . .
P N (a limited number of simulation replications)

Control n, (the initial number of simulation replications),
Param.: A (the one-time increment, i.e., the number of replications additionally allocated per iteration)

Output: a, (the estimated best action)

Procedures

1: set the iteration number (<0

2 collect initial n, samples of @ﬂ(s,ai) (ie., simulate n, times) for each q;, i€{1,...k}
31 set nl=n) =-=nj<n,

4 calculate Q. (s,a;) and the sample variance s; for each g

=T
5. select a,<argmax,.(, .1 @ (5a)

k
6:  while YN <N do

i=1

k k
T set SHIHEnierin(A,N* Znﬁ)
=1 i=1
8: calculate n for each ¢, using the below equations:
”: _ si/(bw(é,’a‘e)ibﬁ('s’a’i)) ’

J . 4,5€{1,.. .k}, andi = j = e,

o s/(Qu(s0,)- Q. (s.0)
.
9: collect additional max(n; —n!,0) samples of Q(s,q,) for each q,
10: set n\"'<nl +max(n, —nl,0) for each q
1L update ?2_{ (s;a;) and s; for each o, using the additionally collected samples
12: select aceargmaxale{alwak}@:(&ai)

13: set [—I+1
14: end while
15: return a,
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Table 1. Summary of comparison methods

Allocation way of Applying the proposed
. . way method (simulation Calculating
Name Description given N in each . —
sample accumulation Q. (s,a)
state
method)
Equal allocation:
EA Standard SBPI quii e X Equation (6)
Applying OCBA for efficient OCBA .
OCBAL16] allocation of NV (Algorithm 1) X Equation (6)
OCBA-S | Improving OCBA[16] method OCBA X Based on equation (6)
[17] with the sample path sharing (Algorithm 1) (see [17] for detail)
Applying the proposed Equal allocation: )
Blozessd method to the standard SBPI n, = N/k © Wgriiion (115)
Applying the proposed
Proposed | method to OCBA for further OCBA o Equation (15)
X OCBA improving the efficiency of (Algorithm 1) .
SBPI
FE A AGT} Table 12 vl o] AHEE HHE E MDP= OCBA ¥ S A=sH7] &) &89 =
& Q93T EAE U272 E &85+ 7|E SBPI di6lel FeE FUsted 7Adg WAoo MDP+
E UEhH, ZF AEdA BE 52 593 ST 270 FEE 7RI o, 2 el A 20709 &
o ABECA MEES Fso] A WEER 4 A& AT 5 At 54 B EF o F TG
(6)% B’ 2.2 EDRY FAHXE &3 HAe 745 o] & wetA s, T s, 0 E2EHA FHa
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© 2 Algorithm 18] OCBAE &&3}o Fo7 HiE:
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Fig. 3. A two—state MDP model,
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