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Abstract. Semi-Markov decision processes can be considered as an extension of
discrete- and continuous-time Markov reward models. Unfortunately, traditional opti-
mality criteria as long-run average reward per time may be quite insufficient to charac-
terize the problem from the point of a decision maker. To this end it may be preferable
if not necessary to select more sophisticated criteria that also reflect variability-risk
features of the problem. Perhaps the best known approaches stem from the classical
work of Markowitz on mean-variance selection rules, i.e. we optimize the weighted
sum of average or total reward and its variance. Such approach has been already
studied for very special classes of semi-Markov decision processes, in particular, for
Markov decision processes in discrete- and continuous-time setting. In this note these
approaches are summarized and possible extensions to the wider class of semi-Markov
decision processes is discussed. Attention is mostly restricted to uncontrolled models
in which the chain is aperiodic and contains a single class of recurrent states. In this
case growth rate of total reward and the variance is again asymptotically linear in time
and is independent of the starting state.
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1 Introduction

The usual optimization criteria examined in the literature on stochastic dynamic programming, such as a total
discounted or mean (average) reward structures, may be quite insufficient to characterize robustness of the problem
from the point of a decision maker. To this end it may be preferable if not necessary to select more sophisticated
criteria that also reflect stability and variability-risk features of the problem. Hence robustness and risk control are
also important issues in practical applications. As well known one of the common and popular risk measure is the
variance which is often used to characterize the stability of the system. Perhaps the best known approaches stem
from the classical work of Markowitz (cf. [6]) on mean variance selection rules, i.e. we optimize the weighted
sum of average or total reward and its variance. Higher moments and variance of cumulative rewards in Markov
reward chains have been primarily studied for discrete time models. Research in this direction has been initiated
in Benito [1], Jaquette [4], Mand]l [5] and Sobel [15].

In the paper Van Dijk and Sladky [14] results for the discrete-time case are extended to continuous-time Markov
reward chains. As the essential step is an expression for the variance of the undiscounted cumulative reward and
its asymptotic behavior. In this note, for the sake of simplicity, the presentation is restricted to the uncontrolled
case, the implication for the controlled case is only briefly be referred to. For additional results on the limiting
average variance for continuous-time models let us mention the paper by Prieto-Rumeau and Herndndez-Lerma
[7] along with the monograph [2]. Similar results are also reported in Guo et al [3]. Since no transition rewards are
considered, the obtained formula for the limiting variance is a special case of more complicated results reported in
[14].

The article is structured as follows. Section 2 contains notations and summary of basic facts on discrete- and
continuous-time Markov reward chains and their extensions to semi-Markov reward processes. The heart of the
paper are sections 3 and 4. Second order optimality for Markov reward chains is discussed in Section 3, i.e.
formulas for total expected reward and for the corresponding variances of total reward are derived for discrete-
and continuous-time models. The analysis is limited to finite horizon case, however, the obtained results can be
also used for long run discounted (or transient) models. Extensions of presented results to semi-Markov reward
processes is contained in Section 4. Conclusions are made in Section 5.
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2 Notations and Preliminaries

Semi-Markov processes present an extension of Markov processes considered in discrete- and continuous-time
setting. Considering Markov models with rewards we can summarize the following facts.

In the discrete-time case, we consider Markov decision chain X4 = {X,,,n = 0,1, ...} with finite state space
7 =1{1,2,...,N}, and finite set A4; = {1,2,..., K;} of possible decisions (actions) in state ¢ € Z. Supposing
that in state ¢ € Z action a € A; is selected, then state j is reached in the next transition with a given probability
pi;(a) and one-stage transition reward r;; will be accrued to such transition.

In the continuous-time setting, the development of the considered Markov decision process X¢ = {X (¢),¢ >
0} (with finite state space Z) over time is governed by the transition rates ¢(j|i,a), for i,j € Z, depending
on the selected action a € A;. For j # i q(jli,a) is the transition rate from state ¢ into state j, g(i|i,a) =
> jer.j+i 4(jli, a) is the transition rate out of state i. Recall that on entering state ¢ the process stays in state i for
a random time that is exponentially distributed with parameter ¢(i,a) = —q(i]i, a) and the next jump to state j
occurs with probability p;;(a) = ¢(j|i,a)/q(i,a). As concerns reward rates, r(¢) denotes the rate earned in state
i € Z,and r(4, j) is the transition rate accrued to a transition from state i to state j.

A (Markovian) policy controlling the decision process is given by either a sequence of decision at every time
point (discrete-time case) or as a piecewise constant right continuous function of time (continuous-time case). In
particular, for discrete-time models policy controlling the chain, 7 = (f°, f1,...), is identified by a sequence of
decision vectors {f",n = 0,1,...} where f* € F = A; x ... x Ay foreveryn = 0,1,2,...,and f* € A, is
the decision (or action) taken at the nth transition if the chain X9 is in state 3.

We denote by P(f) = [pi;(fi)] the N x N transition matrix of the chain X<. Obviously, the row sums
along with the spectral radius of P(f) are equal to one. Transition probability matrix P(f) is called transient
if the spectral radius of ]5( f) is less than unity, i.e. it at least some row sums of ]5( f) are less than one. Then
lim,, 0 [P(f)]™ = 0. Observe that if P(f) is stochastic and o € (0, 1) then P(f) := oP(f) is transient, however,
if ]5( f) is transient it may happen that some row sums may be even greater than unity.

Policy which takes at all times the same decision rule, i.e. ™ ~ (f), is called stationary; P(f) is transition
probability matrix with elements p;; ( f;). Recall that the limiting matrix P*(f) = lim m™! Z?:_ol P"(f) exists;
m—0o0
in case that the chain is aperiodic even P*(f) = lim (P(f))™. In particular, if P(f) is unichain (i.e. P(f)
n—oo

contains a single class of recurrent states) the rows of P*(f), denoted p*(f;), are identical. Obviously, r;(f;) =
Zj\;l pij(fi)rij is the expected one-stage reward obtained in state ¢ € Z and r(f) denotes the corresponding N-

dimensional column vector of one-stage rewards. Then v(f) := [P(f)]™ - r(f) is the (column) vector of rewards
accrued after n transitions, its ith entry v;( f) denotes expectation of the reward if the process X ¢ starts in state i.

Similarly, for the continuous-time case policy controlling the chain, 7 = f(t), is a piecewise constant, right
continuous vector function where f(t) € F = A; x ... x Ay, and f;(t) € A; is the decision (or action) taken
at time ¢ if the process X (¢) is in state i. Since 7 is piecewise constant, for each 7 we can identify the time points
0 <t; <ty...<t; <...atwhich the policy switches; we denote by f* € F the decision rule taken in the time
interval (¢;_1, t;]. Policy which takes at all times the same decision rule, i.e. m ~ (f), is called stationary.

Let for f € F Q(f) = [gi;(fi)] be an N x N matrix whose 4jth element g;;(f;) = g(j|¢, f;) for ¢ # j and for
the ith element we set ¢;;(f;) = —q(i]i, f;) (recall that the row sums of a transition rate matrix Q(f) are equal
to null). The sojourn time of the considered process X in state ¢ € 7 is exponentially distributed with parameter
q(il, f;). Hence the expected value of the reward obtained in state i € Z equals 7;(f;) = [q(i|é, fi)] (i) +
> jez.izi AUlE fi) r(d, ) and r(f) = [ri(f)] is the (column) vector of reward rates at time ¢. Recall that 0 is an
eigenvalue of Q(f), and the real part of any eigenvalue of Q(f) is non-positive. Similarly to discrete-time model
Q(f) is transient if the real part of any eigenvalue of Q(f) is negative.

The above two models can be unified and generalized by introducing semi-Markov reward processes. To this
end, we shall define semi-Markov reward processes as follows.

Consider a controlled semi-Markov reward process Y = {Y'(¢),¢ > 0} with finite state space Z = {1,2,..., N}
along with the embedded Markov chain X9 = {Xn,n =0,1,...}. We assume that X 4 is unichain for any sta-
tionary policy. The development of the process Y (¢) over time is the following:

Attime t = 0if Y(0) = 4 the decision maker selects decision from a finite set 4; = {1,2,..., K;} of possible
decisions (actions) in state ¢ € Z. Then state j is reached in the next transition with a given probability p;;(a)
after random time 7; (a). Let F;(a, 7) be a non-lattice distribution function representing the conditional probability
P(n; < 7). We assume that for ¢ = 1,2 andany 4,57 =1,...,N, 0 < dz(»é)(a) = [ " dFi(a,T) < oco.
Finally, one-stage transition reward (¢, j) > 0 will be accrued to such transition and reward rate r (%) per unit of
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time incurred in state ¢ is earned.

A (Markovian) policy controlling the semi-Markov process Y, m = (f9, f1,...), is identified by a sequence
of decision vectors {f",n = 0,1,...} where f* € F = A; x ... x Ay foreveryn = 0,1,2,...,and f* € A;
is the decision (or action) taken at the nth transition if the embedded Markov chain X9 is in state i. Let 7% be a
sequence of decision vectors starting at the k-th transition, hence m = (f°, f,... fF=1 7%).

Let &, be the cumulative random reward obtained in the n first transitions of the considered embedded Markov
chain X9 and £(t) denotes the (random) reward earned up to time ¢, i.e.

n—1 t N(t)
n = Z[T(Xk) TNX, Xpyr T r( Xk, Xe+1)], £(t) = / r(Y(s))ds + Z T(Y(Tk_)aY(TIj)) ey
k=0 0 k=0

with Y (s), denoting the state of the system at time s, Y (7, ) and Y (7;}) the state just prior and after the kth jump,
N (t) the number of jumps up to time ¢.

Obviously, discrete-time Markov reward chain is a very special case of semi-Markov reward process where all
holding times are non-random and equal to one, and one-stage rewards depend only on the labels of the consecutive
two states. Moreover, continuous-time Markov reward chains can be considered as a very specific case of semi-
Markov reward processes where holding times are exponentially distributed. In particular, considering continuous-
time Markov reward process with transition rates ¢(j¢, a), reward rates r(¢) in state ¢ and rewards per transition
(%, j), the process can be treated as a semi-Markov process with transition probabilities p;;(a) = q(j|i, a)/q(i, a)
and exponentially distributed holding times with parameter (i, a).

It is well-known that the long-run average reward of the considered semi-Markov process Y can be calculated
using the embedded Markov chain X9. In particular, if stationary policy = ~ (f) is followed, on recalling that
X4 is unichain the limiting matrix P*(f) has identical rows, i.e. p;(f) is the jth entry of each row of P*(f).
Moreover, for the long run models also the fraction of time spent by the semi-Markov process Y in state ¢ can
be easily calculated (see e.g. [8, 9]). Then the average reward per unit of time, say g(f), generated by the semi-
Markov process Y is independent of the starting state and can be calculated as

p;(f) - di(f) ri(f) = d;(f) -r(j)Jerje(fi)‘?"(jv 0). (2)

g(f):Zﬁ;(f)r](f)?“’hereﬁ:((f)zz IP*[(f)d(f), J
JEL 5t J Lex

JET

Similarly it is possible to extend the presented discrete-time Markov reward chain model to a more general model
of semi-Markov reward processes. To this end, let 7;(a) be the random time spent in state ¢ with expectation d;(a)
if action a is chosen. Obviously, it suffices to add in each state ¢ € Z to the one-stage rewards r;; the following
term 7 (%) - 7;(a) representing additional reward earned during random stay of the process X in state ¢. Hence the

expected value and the second moment of the total reward earned in state i are r(¢) - dl(l) (@) +> ez pij(a) -r(i,5)
and Ziezpij(a) ~E[r(i) - ni(a) + rij]z respectively.

3 Second Order Optimality in Markov Reward Chains

Considering discrete-time models, let &, (7) = Z;é TX., X, be the stream of rewards received in the n next

transitions of the considered Markov chain X if policy 7 = (f™) is followed. Supposing that X, = ¢, on taking
expectation we get for the first and second moments of &, ()

1 T T - 2 T T -
v (m,n) = BT (€n(m) = EF X000 rxe X 0 (myn) i= EF(&a(m)2 = EF (X420 "X xess) -

If policy 7 ~ (f) is stationary, the process X is time homogeneous and for m < n we write for the generated
random reward &, = &, + &,—m (here we delete the symbol 7 and tacitly assume that P(X,,, = j) and &,,_,,,
starts in state j). Hence [£,]? = [€0]% + [€nm]? + 2 - & - €n—m. Then for n > m we can conclude that

EzT'r[gn] = Ef[&vrz]+E?{ZP(X77L:j)'E;'T[gn—m]}' (3)
JjeET
JET jET
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In particular, from (3), (4) we conclude for m = 1

D(fn+1) = rgl)(fi)""zpij(fi)'Uj('l)(fan) (%)
JET
v (fn+1) = v D) +2: 3 pu(f) i oD (Fon) + 3 pi (£ 0P (f.n) ©)
JeEL JET

where 7’ (fz) = Zjezpij(fi) " Tigs T§2)(fi) = [Zjezpij(fi) - [rig)
Since the variance 0 (f, n) = vl@)(f, n) — [vfl)(f, n)]? from (5),(6) we get

fn+1) = rz(Q)(fi)“‘Zpij(fi)'U]('Q)(f7n)+2zpij(fi)'7‘ij'U§1)(fan>

JET jeI
M (o 12+ pi(f) - W (fn))2 ()
JET
= > pi(f) g + oV (£ = WP (Fon+ D2+ D pis(f) 0P (fn). @)
JET JET

Using matrix notations (cf. [12, 13]) equations (5),(6),(20) can be written as:

v (fn+1) = r“ (f)+P(f)-v(f, n) ©)
v (fin+1) = 1O +2-P(f)oR-vW(f,n) + P(f) 0P (f,n) (10)
o@D (fn+1) = O +P(f)- 0P (f,n)+2-P(f) o R-vP(f,n)

[v”( fon+ D2+ P(f) - O (f,n)]? (11)

where R = [r;;] is an N x N-matrix, and 7 () = [r{® (£)], 0@ (£, 1) = {2 (£, n)], 0O (£, 1) = [0 (£, n)],
o (f,n) = [052)( f,n)] are column vectors. The symbol o is used for Hadamard (entrywise) product of matri-

ces. Observe that 7D (f) = (P(f) o R) -e, 73 (f) = [P(f) o (Ro R)]- e (e is reserved for unit column
vector).

Similarly, considering Markov reward chains in continuous time the expected reward v; (¢, 7) can be considered
as the first moment of the random variable £(¢) if the starting state X (0) = 4 policy 7 = f(t) is followed.

Similarly, the corresponding second moment and variance are given by UZ@) (t,m) = ET[E@))?, (2) (t,m):=
v (t, ) — [i(t, )]
Considering stationary policy 7 ~ (f), let £(t + A) = £(A) + £AMHA) where £(A+2) is reserved for

the total (random) reward obtained in the time interval [A,# + A). Then &(A) 4+ £(A2) and [¢(t + A)]? =
[E(A)]? + [€AHH2)]2 4 2[¢(A)][¢(A4+2)] and hence

ETIE(t+A)] = ET[E(A)] + ET[EAF2)] (12)
ETIE( + A)? = ET[E(A)? + ET[EATR)2 42 ET[E(A)][AH4)] (13)

Then, by using that P(A, f) = I + AQ(f) + o(A?) and that the probability for more than one transition in
time A is of order A2, for A tending to zero we obtain

PS) _iyr 3wt + X 4l byt ) — e 1)
JET,j#i JET,j#i
= ri(fi)+ > aii(fi) - v;(t, f) 14)
JET
o
dldi(tt’f) = 2.7(d) - vilt, f) + Z qw(fl){[ (i, )]* +2-7(i,5) -v;(t, f) }-i-zl]z] fi) - (t £)as)
JET,j#i jez
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By a (t f)= v (t f) — [vi(t, £)]? we thus obtain:

d d d
= 200 wlt, )+ Y a () {[r@ D+ 2000 0) o6 O+ Y ai(f) - (t f)
JET,j#i jeT
=2-wi(t, f) - r(@)(f:) + Z(Iij(fi) -v;(t, f) (16)
jez

Using matrix notations equations (14),(15) can be written as:

Cot. =N QU (S, o@D =rO )+ QD6 a7

where r(f) = [r:(/)], r@(t, ) = r P, O o(t, £) = [i(t, £ v@ (¢, ) = 12 (¢, f)], are column vectors
with elements (i) = 1(6) + X7 si @i () (i), 2 (4 F) = 20 (@)0i(t, ) + X e s 00 (PG, )12 +
2r(i, j)v; (t, f)}-

Similarly after some algebra (16) can be also written as

d
at’

o (t, f) = [0 (t, HLrCOE f) = 7 L ) = ez g @ (), §) +vi (8 F) = vilt, I

2) (t’ f) = T(ZU) (tv f) + Q(f)a(2) (ta f) where

4 Mean Reward Variance and Semi-Markov Processes

In this section we extend reported results concerning Markov reward chains to semi-Markov processes. To this
end, we focus attention on the embedded Markov chain X9 and extend the corresponding formulas presented in
Section 3. In particular, we shall assume that if in state ¢ € 7 action a is selected and state j is then reached the
one-step (random) reward earned in state 7, say &; ;, is equal to (2) - 7;(a) + (¢, j) and taking the expectation we

can conclude that E€; j =i ", 7 pij(a) - (i, j) + (i) - dM(a).

Unfortunately, E [¢;]2 = [r(i)]? - d\¥ (a) + > jerpij(a){2r(i) - dM(a) + [r(i, )2} and on using this way of
reasoning formulas (3)—(6) can be replaced by

v (fn+1) = w0+ w0 (f,n) (18)
jez
Bfn+1) = T@(?)(fi)‘i‘?'Zpij(fi)'[T(i,j)‘FT(i)'di(fi)'Uj( +Zpu i) - o2 (f,nX19)
JET JET

where r{) () := r(i) - i () + ez pig(F) - 1(0.9), 72 (1) 1= [Sjerpis (1) - i )
Since the variance o (f7 n) = (2)(f, n) — [vi(l)(f7 n)])? from (5),(6) we get

o (fon+1) = vP )+ Y pi(f) 0P (Fon) + 23 pi(f) (i g) -0l (f,n)

JET JET
~ (o D2+ pi(fi) - 03P (f.n)]? (20)
JET
= > " pi(fa) - [rog + 0V (£ = WV (Fon + D2+ pis(f) o (Fm). @D
JEL JET

The long-run average variance (independent of the starting state) is

= o s where o* _ pi(f)-di(f) 7 Ty (i EY ey
_jezng(f) 5(f), where p;(f) SPTACIRRTIL () = d;(f) (])+éezzpﬂ(fz) (
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5 Conclusions

Solving problem on stochastic dynamic programming the decision maker selects by standard policy or value itera-
tion methods the set of all optimal e.g. maximazing average reward. In the next step the decision maker selects in
the class of optimal policies policies according to the to second order optimality criterion.

In this note formula for calculating long-run average variance of unichain semi-Markov reward processes is
obtained. This also extend results concerning average variance for discrete- a continuous-time Markov reward
chains. In particular, solving problems on stochastic dynamic programming at first the decision maker find by
standard policy or value iteration methods the set of all optimal policies. In the next step the decision maker selects
in the class of optimal policies policies according to the to second order optimality criterion.
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