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Résumé

Le calcul du contréle de flux optimal dans une file d’attente M/M/c est abordé dans cet article.
Deux classes distinctes de clients (classes 1 et 2) sont générés suivant deux processus de Pois-
son indépendants, & intensités coustantes. Les demandes de service sont des variables aléatoires
indépendantes, distribuées suivant une loi exponentielle identique pour tous les clients. Chaque
client de classe 1 porte avec lui une date limite de sortie du systeme. On suppose que la séquence
des dates limites d’exécution forme une collection de variables aléatoires indépendantes et équidis-
tribuées, de distribution arbitraire. Notre objectif est de maximiser le débit efficace des clients
de classe 1 en controlant leur flux d’arrivée au systeme (i.e., en admettant ou en rejetant chaque
nouveau client de classe 1). Nous supposons qu’a chaque instant de décision (i.e., a I'arrivée d’un
client de classe 1) le contréleur ne connait que le nombre total de clients dans le systéme, I’histoire
de ce processus et la suite des décisions déja prises. Nous montrons qu’il existe un contréle de flux
stationnaire et a sewil qui maximise le débit efficace pénalisé des clients de classe 1. La technique
de preuve est nouvelle et repose sur une construction partielle de la solution de ’équation de la
programmation dyunamique. Nous déduisons alors de ce résultat Pexistence d'un contréle de flux
stationnaire et a seuil qui maximise le débit efficace des clients de classe 1. La méthode utilisée
est de portée générale et devrait sappliquer a une large classe de problénes de contréle des files

drattente.
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A NEW DEVICE FOR THE SYNTHESIS
PROBLEM OF OPTIMAL CONTROL OF
ADMISSION TO AN M/M/c QUEUE

Johannes Blanc®, Peter de Waalf, Philippe Nain?, Don Towsley®

Abstract

The problemn of finding an optimal admission policy to an M/M/c queue with customers
with deadlines is addressed in this paper. There are two streams of customers (customers of
class 1 and 2) that are generated according to independent Poisson processes with constant
arrival rates. All service times are exponentially distributed with a class independent service
rate. Upon arrival a class 1 customer may be admitted or rejected, while incoming class 2
customers are always admitted. Associated with the n-th class 1 customer is a deadline, D,
by which it must complete service where {D, }$° is a sequence of i.i.d. random variables. We
are nterested in the throughput of class 1 customers that complete their service before their
deadline (usually referred to as goodput), and we wish to determine an admission control that
maximixes this throughput. At each decision epoch we assume that the controller has available
to it the complete history of the total queue length process as well as all of the past decisions
that have been made up to that epoch. We show that, for a large class of deadline distributions,
there exists a stationary admission policy of a threshold type that maximizes a discounted cost
function (for small discount factors) that corresponds to the discounted goodput of customers
that make their deadline. The proof relies on a new device that consists in a partial construction
of the solution of the dynamic programuming equation. In addition. we show that there also exists
a threshold admission control that maximizes the long-run average problem (i.e., maxinizes the
goodput). The proposed method is of independent interest and should apply to many queueing

control problems.

Keywords: Control of Queues: Optimal Control of Adinission; Markov Decision Pro-
cesses; Dynanic Programming; Deadlines.
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1 Introduction

We consider an M/M/c¢ queueing system (1 < ¢ < o) fed by two independent Poisson streams of
customers, with intensities Ay > 0 and A, > 0. Customers of stream ¢ will be referred to as class ¢
customers, # = 1,2. The buffer has unlimited capacity and the customers are served according to the
first-iu-first-out service discipline. The customer service times are independent and exponentially
distributed random variables, with class-independent service rate g > 0. The n-th arriving class 1
customer has a deadline D, associated with it, where {D,}$° is a sequence of i.i.d. nonnegative
random variables. The arrival, service time and deadline sequences are assumed to be mutually
independent.

Our objective is to find an admission control (policy) for class 1 customers that maximizes the
fraction of class 1 customers that complete their service before their deadline has expired. We
assume that the controller has only available to it the total number of customers currently in the
queue at the time a new class | customer arrives, as well as the history of the queue length process
and the history of the decisions that have been made (i.e., rejection or admittance). We also assume
that all class 1 customers admitted into the queue are served regardless of whether they make their
deadline or not.

I'his study is motivated by the new services available in current communication networks (ISDN’s).
In this context, class 1 customers represent interactive traffic (e.g., packetized voice) and class 2
customers non nteractive traffic (e.g., batch file transfers), where both traffic types compete for
the use of limited resources (e.g., telephone exchanges). Therefore, a natural objective is to seek
an admission policy that maximizes the throughput of customers that complete by their deadlines
guodput of this system. I all of the class 1 customers are accepted in the system, then the queue
will build up and they will be more likely to miss their deadline; on the other hand, if these are
all rejected then the goodput with respect to class 1 customers will be zero. Consequently, it is
reasonable to expect the existence of an optimal policy that will tradeoff these two effects.

Throughout the years, several authors have studied problems of control of arrivals (or flow control
problems) in the context of queueing systems, and a comprehensive discussion can be found in the
survey paper by Stidham [13]. A standard approach in the control of queueing systems consists in
formulating the optimization problem at hand as a Markov (see e.g., Serfozo [12], Lin and Kumar
[%]) or Semi-Markov (sce e.g.. Lippman [10]) decision problem, from which the functional equation
of dynamic programming caun be derived (Hevman and Sobel [6]). Then. the policy improvement
algorithm (see e.g., Lin and Kumar [8]) or the propagation of “good” properties, such as convexity,
concavity, (sub)modularity, monotouicity properties in the induction of dynamic programming (see
e.g., Hajek [5], Johansen and Stidham [7], Ma and Makowski [11]) may be used to determine the

optimal policy (e.g., threshold policy, switch-over policy).

Let us now give a short description of the optimization problem model that will be considered in this
paper, as well as the results that will be obtained. When a new class 1 customer is admitted, it earns
a reward g(k +1) if there are k£ customers in the queue upon its arrival, where the properties of g are
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given in Section 2. These properties will be chosen so as to place the model in the communication
network framework that has been discussed earlier. The aim is to find an admission policy that
maximizes the total average discounted reward earned over an infinite horizon (discounted reward
problem) and then to derive from this result the control that maximizes the long-run average reward
(average reward problem). We will establish the existence of an optimal threshold admission policy
for both the discounted reward problem (in the case of small discount factors) and the average
reward problem.

Because of the particular assumptions we place on the reward function (in particular, that it is
neither monotone nor convex, see Section 2), none of the classical techniques listed above applies to
our problem. We therefore employ a new device, first proposed by de Waal (3], based on a partial
construction of the optimal value function, from which the optimal control can be determined. This
wethod is of independent interest and should apply to many similar optimization problems.

In Section 2 the problem is formulated as a Markov decision problem. Section 3 addresses the
discounted reward control problem in the case where Ay = 0, which will turn out to be considerably
simpler to analyse than the case where A; > 0 of which the analysis is given in Section 4. The
existence of an optimal threshold policy for the average reward control problem is shown in Section

5.

2 The Model

All of the random variables considered in this paper are defined on some fixed probability triple
(2, F,P). IN will denote the set of nonnegative integers, IR the set of real numbers and IRt the
set of strictly positive real numbers. The optimization problem described in Section 1 is now
forinulated as a Markov decision problem. This formulation closely follows that of Lippman in [9]
(an alternative formulation can be found in de Waal [4], pp. 46-67).

Letag, 0 < of < @y < ---, be the arrival time of the n-th class ¢ customer, ¢ = 1,2, and let d,, be the
departure time of the u-th customer that is served, n > 1. Define {1, }5% := {al };Pu{a?}u{d, }5°,
0 <t <ty <---. I order to cast our problem into the framework of Markov Decision Processes
(MDP’s) [6], we specify the decision epochs, the state of the system and the action space.

We assume that the n-th decision U, € {0,1} is made at time t,, n > 1. If ¢, ¢ {a;}‘,”, then
the decision is irrelevant since only the stream of class 1 customers is controlled. In that case, we
shall assume by convention that U, = 0. If ¢, € {(L;}l\ then the decision may be either to accept
(U, = 1) or to reject (U, = 0) the new class | customer.

Let @, be the total nuwmber of customers in the system at time ¢, t > 0, including the customers
in service, if any. At time t,, n > 1, the state of the system is represented by the process Z, =
: ; Hop — 1o oy F
(Qa, Xu) € IN x {0, 1}, where Q, := @y, 1{ts & {0;}17°} + Q- 1{tn € {¢}}{°} and X, := 1{¢, €

{a;}f“} Here, @,- stands for the number of customers in the system just before the occurrence
n



of the n-th event. Let Ay, be the action space when the state of the system is (k,z), ¥ € IN,
a € {0,1}. It follows from the above definitions that 4; , = {0} 1{z = 0} U {0,1} 1{z = 1}.

The process Z := {Z,, n > 1} is a MDP, since clearly

P(Zn+l = (ln+l7 yn+1)|Zl = (117?/1)7U1 = Uy, .. ~aZn = (lnyyn)yUn = un)
=P(Zp41 = (ln+1»?/n+1) I Zn = (lmyn)aUn = Un),

forall ; > 0, yi,u; € {0,1},0=1,2,...,n4+ 1. Welet H, = (Z;,Uy,25,U2,...,Zn_1,Un_1,2y)
denote the history of Z up to time t,,, n > 1.

At the n-th decision epoch, a nonnegative discounted reward exp(—at, ) r(Zy; U,) is earned, where
rlkyziu)=glk+1)1{u=1,2 = 1}, (2.1)

for all £ € IN, 2,u € {0,1} and where ¢ is a mapping IN — IR*t. We will restrict ourselves to

mappings that are modified unimodal as defined below.

Definition 2.1 The mapping g : IN — IR* is called modified unimodal with mode ¢ and exponential

Jactor ¥, where ¢ = 1,2,--- and 0 < ¥ < 1, if

kglk) <(k+1)glk+1), fork=1,2,...,¢~1; (2.2)
glk +1) < Ug(k), fork=cc+1,... (2.3)

An adnussible control U is a sequence {u,}7” of [0,1]-valued random variables such that u, is
measurable with respect to the o-field F, := o(lH,), with the interpretation that u, = P (U, =
1| Fp),n > 1.

Let U be the set of admissible controls. A control is said to be stationary if w, only depends on
the value of Z,, and if it is non-randomized, i.e., u,, € {0,1}, n > 1.

Let us now introduce the so-called value function for the discounted problem. Let (0 < a < +00)

"‘:;\(kz-t; U) = EL" {Z e r{ Z'n,; Un)

n>1

Zy = (k,w)} , (2.4)

be the total average discounted reward gained over an infinite horizon starting from state (k,2) €
IN x {0,1}, when policy U € U is used. It is easily seen from definitions (2.1)-(2.4) that the value

function V,(k,2; U ) is uniformly bounded in k, 2 and U. More precisely,

(,l‘+/\1

«

0 < Valka; U) < ( )cgm, (2.5)

forall ke IN,2 € {0,1}, U e U.



Our first objective is to find an admissible control that maximizes (2.4) over the set of admissible
controls U for all (k.)€ IN x {0,1}. Let

Vi(k,2) = sup Va(k,a; U), (2.6)
Uel
for all (k,2) € IN x {0,1}.
Define the total reward Wr(k,2;U) gained under policy U € U over a horizon of length 7' > 0,
given the initial state is (k,2) € IN x {0,1}, as
Wr(k,z;U) := Eu Yoo 1(ZaUn)| Zy = (ki) (2.7)
{n:0<ty<T}

Our second objective is to find an admissible control that maximizes the long-run average reward
gained over an infinite horizon defined as

1 . .
W(k,2;U) := liminfre T Wr(k,2;U), (2.8)

forall U € U, k€ IN. x € {0,1}.

I'heorem 2.1 gives the Dynamic Programming (DP) equation that is satisfied by the optimal value
function V.

Theorem 2.1 There caists an oplimal stationary policy for the discounted problem. In addition,

Vi(k,x) s the unigue uniformnly bounded solution in (k,2) to the DP equation

Vi(kia) = max {r(_k.,x;uw—”ﬂ > Q(,l,ylk,m;u)VJ(l,y)}, (2.9)

A L (
W€ Ay, a+ 0. (u) eI e {01}

Jorall k€ IN. 2 € {0,1}, where

o Q(e,0|k,2;u) is the one-step probability transition of the process Z given the current state

is (k,x) and that the action u is chosen:

o O (u) is the transition rate out of state (k) given that action u is chosen.

Furthermore, the stationary control which selects an action mazimizing the right-hand side of (2.9)
forall k € IN, x € {0.1}. is optimal.

Proof. The proof follows from Theorem 1 in Lippman [10] g



For £ € IN, « € {0,1}, introduce

A= AL+ Ay
pr = pmin(k,c);
Vi = A+ g
Orx(n) = wvl{u=0}+ vy 1{u=1}

By observing from the model description that

/\1/l/k+], ifl:k+1,y:l;
/\2/W:+1, ifl:k.*_z,y:o;

QUYIRED = i, il =k, y = 0; (2:10)
0, otherwise;
Mive, fl=Fky=1;
QUL |k 1;0) = QUL y [k, 0;e) = { A2/vir HI=k+1,y=0; (2.11)

/’Lk/Vks if k> 1,l=k—1,y=0;
0, otherwise,

routine manipulations of (2.9) yield
(a+v)VI(k,0) = MVIE D)+ XVI(k+ 1,0)+ e Vi(k - 1,0)1{k > 1}, (2.12)
Vik.l) = max{g(k+ 1)+ VJ(k+ 1.0);V](k,0)}, (2.13)
for all k € IN.

As a consequence of the last statement of Theoremn 2.1 and (2.13), the optimal action when the state
of the system is (k, 1) (denoted as u}) is the one that maximizes [g(k+1)+ V2 (k+1,0)- V(k,0)]vO0,
that is

up = 1{V (k+1,0) - VI(k0) +g(k+1)>0}, (2.14)

for all £ € IN.

Define V7 (k) := V. (k.0), k € IN (from now on. the subscript a in V' (k) will be omitted). By
substituting the r.h.s. of (2.13) for V(L. 1) in (2.12), we finally obtain, by using (2.14), that V*(£),
k € IN, is the unique uniformly bounded solution in & to the DP equation
0 = —aV7(h)+ A up[VE+ 1) = V(E)+ gk + 1)
FA V4 1) = V()] = g [V(R) = Vo (k — 1)] 1{k > 1}, (2.15)

for k € IN, with wf = 1{V*(k+ 1) - V*(k)+ g(k + 1) > 0}.
The following equivalent form of equation (2.15) will be frequently used. Define 2™ : IN — IR as

172(0), k=0

k) = { VRk) = Ve = 1), k> L. (2.16)



Then, the DP equation (2.15) can be rewritten as

k
0=—a) z"()+Mui[a™k+ 1) +gk+ 1))+ rpa*(k+ 1) — pra™(k)1{k > 1}, k>0, (2.17)
=0

with
up = {a"(k+ 1)+ g(k+1) > 0}. (2.18)
The DP equation (2.15)/(2.17) will play a central role in the characterization of the optimal ad-

wission policy (Sections 3-5).

To conclude this section, let us briefly motivate the choice of the function g. As indicated in Section
1, our objective is to maximize the fraction of class 1 customers that complete before their deadline.
Therefore, a natural candidate for the reward function ¢ is to let g(k) be the probability that a
new class 1 customer meets its deadline given there are k customers in the system, including itself,
upon its arrival.

With this definition of g, it is easily seen that condition (2.2) of Definition 2.1 is satisfied, since
glky = P(S < D), k=1,2..... ¢, where S (resp. D) is a generic random variable for the service
time (resp. deadline) of a customer.

In the case that P (D < x) = | — exp(—7z2) for 2 > 0, ¥ > 0 (exponentially distributed deadlines),
it is easily seen that

(k) = 1/t ), k=1,2,---,¢
(/4 7)) (enflep+ )RS, k=c+ Le+2,--.

[t is easy to show that the above expression for g(k) satisfies the definition of a modified unimodal
mapping with ¥ = cp/(ep + 7).

I the general case where where the deadline distribution function is arbitrary, then ¢g(&) cannot be
computed under closed form. However, many interesting deadline distribution functions give rise
to modified unimodal mappings. More precisely, we have the following result:

Proposition 2.1 The mapping g is modified unimodal if one of the three following conditions is

fulfilled:

1. the deadlines are deternministic:

2. the deadlines have o fuilure rate that is bounded away from 0 by a strictly positive constant,

3. the deadlines have an Evleng distribution.

‘I'he proof of Proposition 2.1 can be found in de Waal [4]. Note that condition 2 in Proposition 2.1
is satisfied by a large class of distributions, including the exponential distribution, subsets of the
class of Gamma distributions, and truncated normal distributions (see Barlow and Proschan [1],
Sec. 5).



3 Discounted Reward Problem: the Single-Stream Case

This section is devoted to the analysis of the single-stream discounted problem (i.e., Ay = 0). In

that case the DP equation (2.17) reads:
k
0= —aZx'(i) + Mgtk + D+ gk + 1)) - pat(k)1{k > 1}, k> 0. (3.1)
=0
The main result of this section is:

Proposition 3.1 Let g : IN — IRt be « modified unimodal mapping with mode ¢ and exponential
factor ¥. Let uw* : IN — {0,1} be the optimal stationary control for the discounted problem with
Ay = 0. Define uj, := u™(k). Then,

P~

cup =1 fork=0,1,...,¢

e

if0 < a < cu(l —¥)/V and if there is an | € IN such that uf = 0, then u} = 0 for
k=0L1+1,...
Proof. We first prove 1. by induction. Substituting & = 0 and £ = 1 into equation (3.1) yields

0 = —a2™0)+ Ajug (2™ (1) + g(l1)), (3.2)
0 = —a(@™(0)+ 27(1) + Apul(27(2) + 9(2)) — ;ye™(1). (3.3)

Subtracting (3.2) from (3.3) yvields
Arug(27(2) + 9(2)) = Arug(a™ (1) + g(1)) = (a + pa)27(1).
If we assume that ug = 0, then since uj (2%(2) + ¢(2)) > 0 we can write
{or + )27 (1) > 0. {3.4)

However, because uj = 0, it follows that 0 > «~(1) + ¢(1) > 2*(1). But according to (3.4), (1) is

nounnegative which results in a contradiction and therefore ug = 1.

Assume now that uj = uj = --- = uf_| = 1 for [ < ¢ and let us show that uj = 1. Substituting

kA =1land k =1+ 1 into equation (3.1) and subtracting the first equation from the second one,
vields

Ml @+ 2) + gl +2)) = Mg (e U+ D+ g+ 1) = (a4 g+ 1) — mzt (D). (3.5)
I[f we assume that u] = 0, we then deduce from (3.5) that

(o + g )27+ 1) = puge™(1) > 0.

o



since uj (2™({ +2) + g(! + 2)) > 0, or equivalently that

(e + pup )@ (4 1) + 900+ 1) — @™ (D) + g(1) — gU + 1)(e + pugr) + pug(l) 2 0.

(3.6)

By noting now that 2*({+ 1)+ g({+ 1) < 0 (since u; = 0 by assumption), —(z*({)+g(/)) < 0 (since
uj_; = 1 by assumption) and ~g(!{ + 1)1 + g(l) < 0 (since g is modified unimodal) we see

that the left-hand side of equation (3.6) is strictly negative, which gives a contradiction. Therefore

2 ¥ —
u; = 1.

We also prove 2. by induction. Fix a such that 0 < o < ¢p(1 — ¥)/¥. Let I € IN, [ > ¢ be such

that u7 = 0. This implies that a*({+ 1) < —g(I + 1).
Define 2z : IN — IR as

a*(k), k=0,1,...,1
a(k) =
—aZf‘:’(}w(i)/(a+c;L), k=14+1,142,...

Note that 2(k), & > [, is the recursion we get from (3.1) if we choose uj, = 0 for k > L.

We prove that a(k) < —¢(k) for & > [ by induction on k.

Basis step. Let k =1 4 1. From the definition of 2 we have

l}
—az;u(i)/(a + ¢,

=0

——OZL () /(e + ep),

e(l+1)

IA

T+ 1),
—g(l+ 1).

IN

(@™ ({4 1) = Mufp (2™ (L+2) + g + 2)) + cpa™ (L + 1)) /(o + cp),

(3.7)

The last two steps follow from the fact that up(a™(k+ 1)+ g(k+ 1)) > 0 for all £ € IN and the fact

that u} = 0.

Inductive step. We assume that (k') < —g(k") for M =1+ 1.1+ 2,... k. We show that 2(k+1) <

—g(k + 1).

ko
ak+1) = |—ax(k)-a x(8)] [la+ cu),
1

—law(k) = (o + ep)e(h)]/ (o + cp),
cpee(k)/ (a4 ep),

< —cpglh)/(a+ ),

—-g(k + 1),

i

i

i

IA



by the induction hypothesis, the assumptions on g and the condition on a. We have thus found a

sequence of real numbers that when substituted for 2*(k) in equation (3.1) satisfies that equation.

Define now V (k) := 3%, 2(i), k € IN. First observe that V satisfies the DP equation (2.15). Let
us show that V(&) is uniformly bounded in k. Since by construction V(k) = V=(k) for 0 < k < I,
V' (k) is bounded for 0 < k < 1. On the other hand, the definitions of 2 and V imply that

—a
VR -V(k-1)= Vik -1 for k > 1 3.8
(6) = V(k = 1) = =2 V(E = 1), fork 21, (3:8)
which, in turn, entails that
Vk) = ( i )k_[ Ve(l), fork >1 (3.9)
T o e e - '

which shows that V' (k) is uniformly bounded in k. Hence, V = V™ since (2.15) has a unique solution
that is uniformly bounded in &, which in turn yields & = a™. Therefore, «*(k) + g(k) < 0 for k > [,

or equivalently, u} = 0 for £ >/, which concludes the proof. g

The methodology used in the proof of Proposition 3.1 does not fall into any of the categories that
were reported in Section 1. Therefore, we remark that the importance of the result lies not as much
in the optimality of threshold policies (which is what we would intuitively expect) but rather in the
method of proof. The next section shows that this method also applies to thie case where Ay > 0,
although this case differs from tlhe single-stream case in an essential way: in the two-stream case, the
number of customers in the system is never bounded from above regardless of the admission policy
for class 1 customers. This fact makes the analysis of the two-strcam case much more involved.

4 Discounted Reward Problem: the Two-Stream Case

This section presents the analysis of the discounted problem with two streams of customers. Recall
that only the stream of class 1 customers is controlled. Again, our objective is to find an admission

policy that maximizes the discounted cost function (2.4).

To illustrate the basic difference between both cases Ay = 0 and Ay > 0, let us briefly come back
to the single-strecam case. Denote by S(/) the system of [ + | equations obtained from the DP

equations (2.15) by setting up = 0 for k = 0.1...., [—1and uf =0.

Cousider first the case where Ay = 0. Fix o as indicated in Proposition 3.1, and let [* < 400 be
the smallest integer such that uj. = 0 (the boundedness of /~ will Le discussed later on, see Remark
4.2). Then, u} = 1{k < I"} by Proposition 3.1, and the optimal threshold [* is the smallest integer
[ > ¢ such that the (unique) solution « to the system S(/) of [ + 1 unknown variables and | + 1
equations satisfies the inequalities w{k) + g(h) > 0 for 1 < k <land 2(/+ 1)+ ¢g({+ 1) 0.
Note that this procedure defines a computational algorithm for the determination of the optimal

threshold (sece the end of this section where a much simpler numerical approach is given).
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