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Abstract: Based on the theory of performance potentials and the method of equivalent Markov process, the per-
formance optimization problem is discussed for a class of semi-Markov decision processes (SMDPs) with parameterized
randomized stationary policies and a simulation optimization algorithm is proposed. Firstly, a uniform Markov chain is
defined through the equivalent Markov process. Secondly, the gradient of the average cost performance with respect to the
policy parameters is then estimated by simulating a single sample path of the uniformized Markov chain, so that an optimal
(or suboptimal) randomized stationary policy can be found by iterating the parameters. The derived algorithm can meet
the requirements of performance optimization of many different systems with large-scale state space, an artificial neural
network is also used to approximate the parameterized randomized stationary policies and avoid the curse of dimension-
ality. Finally, convergence of the algorithm with probability one on an infinite sample path is considered, and a numerical
example is provided to illustrate the application of the algorithm.
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2 1] B3R (Problem description)

2.1 ¥Markovk 3K iT 2 (Semi-Markov decision

processes)

% [E—AFMarkovid F2Y = {Y;;t > 0}, EF
—NERREZES={1,2, -, K} FHRKIAT
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SAEEL EWRO ¢ 0, F XCTMDPX (§) =  #i%, Hf

X, ®,D,A HPoisson 5 2%

X (6),7(6)} HiPoisson In(0) = p(O)(V£(6) + VEO)F(8).  (12)

(—A(0) + ep(0))g(0) = f(0). (7)
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3 ETHRABEANENTAERMLS
¥ (Simulation optimization algorithm based
on single sample path)

3.1 —34kMarkov#%(Uniformized Markov chain)
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4 WS (Convergence of the algorithm)
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5 SEf|(Example)

Z e — 3R A Z 1 FEMarkovid 12, & =
{1,2,---,31},A = {1,2}.#E173ha € A F, &
AMarkov [)— P R LR A5 R

pij(a) =
exp(—a/5)/(31(1 + exp(—a
{1 — Z pw( )

jAi+1
Kb EH

f(i,a) = In[(1 + i)a] + Vi/(2a).
O RRY &b TR A& T — R BPR S, 78R
A 032 B IR IR X [0, ja]_EFI85I 53 A, B4y

t
—, 0<t<ja,
F(i7j7 a’ t) = ]a

1, t>ja.

)N), J#FiI+1,
j=i+1.

 Markov % M Q(4, 4, a,t) = P(i, j,a)F (i, j, a, t).
FEROH, X f(i,0) = pr( a)f(i,a,j), W

TE%EMHI“H’JBeumanﬁﬁﬁ%%ﬁ%’dn%ﬂi%ﬁ 7E
WL 2, -+, 1I3REUT BN FIMEER 4371 24 0.95, 0.84,
0.72, 0.64, 0.58, 0.49, 0.37, 0.28, 0.22, 0.17, 0.13, 0.08,
0.03; A R0, KR I EAR PR A = 0.32.

EAR B A, R —ANS X3 X LR [ A £ H
25 RIE T BEALIR NS, 2% IR N\ RS B g, By
OB T R BN, R I SR P 1 S R
B R KT, IXFE, MRS
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&, RIIa6 s DUAH S Sk AT 3h 102, HiAth Sk
ZHAT = 3,a = 0.99, 5 = 0.2. K N200070CR 7
R B LEN TR, P RR R IERD
e, b 2R A BfEvHED, T B35
LA MR RIERA, 2, 3RAITEN LR p.
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Fig. 1 Curve of simulation results
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WIS KSR AT
6 45 (Conclusion)
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