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Abstract- Switched Processing Systems (SPS) capture the essence
of a fundamental resource allocation problem in many modern
communication, computer and manufacturing systems involving
heterogeneous processors and multiple classes of job traffic flows.
Recently, increased attention has been paid to the issue of improv-
ing quality of service (QoS) performance in terms of delays and
backlogs of the associated scheduling policies, rather than simply
maximizing the system’s throughput. In this study, we investi-
gate a class of throughput maximizing scheduling policies called
MaxProduct policies. The objective is that through a use of dy-
namically changing “optimal” queue weights, the corresponding
QoS performance measure -e.g. the average system delay- can
be significantly improved. The proposed approach involves asta-
tistical smoothing technique for tracking the system’s workload
and utilizes the result of how the MaxProduct policies drainout
an initially placed workload in the shortest possible time. It is
further shown that the proposed modification of the MaxProduct
policy, achieves maximum throughput without requiring knowl-
edge of the incoming traffic’s statistics. The scheduling policy is
illustrated on a small SPS subject to different types of input traf-
fic.

I. I NTRODUCTION

Switched Processing Systems (SPS) arise in diverse applica-
tion areas such as computing, manufacturing, packet-switching,
wireless networking and call centers. An important featureof
such systems is that servers are flexible, interdependent, and
have randomly varying service capabilities. A basic objec-
tive in the study of such systems is to dynamically select the
service configurations, so that the throughput of the system
is maximized. Over the years maximum throughput issues
have been extensively studied for many scheduling policies
[1, 2, 5, 7, 14, 15]. More recently, increased attention has been
paid to the quality of service (QoS) that these such scheduling
policies can achieve.

Analytical studies for the QoS performance of scheduling
policies go back to the work of Cruz [4] and Chang et al. [3],

where deterministic bounds for QoS measures of single queues
were derived under tight traffic conditions. Stolyar [13] intro-
duced the largest weighted delay first (LWDF) discipline and
showed that it is an optimal solution of delay tails in a multi-
class network using large deviations techniques. In subsequent
work, he showed that the equivalent workload of a generalized
switch model is minimized under heavy traffic assumptions by
extending the MWM algorithm to the MaxWeight policy [12].
Ross and Bambos [9, 10] introduced a randomized algorithm
and compared its QoS performance with a class of projective
cone scheduling policies. It is worth noting that most of these
scheduling policies can be shown to belong to the class of Max-
Product policies introduced by Armony and Bambos [1]. This
class of policies are also known asConepolicies since they
partition the workload space into adjacent decision cones.

In the present paper, we further explore the class of Max-
Product policies. Our goal is to associate an “optimal” weight
with each queue in a multi-class SPS, so that a QoS measure
(e.g. average system delay) can be significantly improved. It
should be noted that by placing an arbitrary (but meaningful)
weight on each queue, a new cone partition (see Section II)
of the workload space is formed, which does not affect the
throughput of the system [1]. However, a bad cone partition
of the workload space might not be able to manage well the
QoS tradeoffs. In order to construct an optimal cone partition
of the workload space, we propose a two-stage approach. In the
first stage, a flexible model for estimating the traffic intensity
of each input traffic flow is developed by tracking the amount
of work coming into the system. This flexible model allows
us to capture well the fluctuations of traffic intensity for each
input flow. In the second stage, the “optimal” weights are as-
signed on each queue at certain decision points in time, so that
the MaxProduct policy performs well. These optimal weights
are obtained by utilizing the flexible model derived in the first
stage and the result of how the MaxProduct policies drain out
an initially placed workload in the shortest possible time.The
proposed approach exhibits the following characteristics: it is



(i) throughput maximizing (ii) adaptive to traffic fluctuations
and does not require explicit knowledge about the shape of the
input traffic.

The remainder of the paper is organized as follows. In Sec-
tion II, a general switched processing system and the MaxProd-
uct scheduling policies are introduced. In Section III, thealgo-
rithm of obtaining the optimal weight for each queue together
with some theoretical results are presented. In Section IV,a sta-
tistical smoothing technique for estimating the traffic intensity
is introduced, while in section V a performance assessment of
the proposed policy is undertaken through a simulation study.
Finally, some concluding remarks are drawn in Section VI.

II. SWITCHED PROCESSINGSYSTEMS

Consider a multiclass queueing system comprised ofQ par-
allel, infinite capacity, first-in-first-out (FIFO) queues,with each
queue corresponding to a different class of job traffic. The class
q jobs arrive according to a general processAq, q = 1, ..., Q.
Suppose thejth job of classq arrives to the system at time
t
q
j ∈ R and carries the service requirementσ

q
j . We model these

random quantities as elements of a random marked point pro-
cessIq = (tqj , σ

q
j ), j ∈ Z, defined on some probability space

(Ω,F , P ). Define
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t→∞
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to be the long-termtraffic intensityof jobs of classq. At any
point in time, the system can be in one ofM service modes.
When it is in service modem, the jobs of the queueq receives
service at rateµmq. Therefore, modem is associated with the
service rate vector~µm = (µm1, µm2, ..., µmQ).

Assume the service requirements are mutually independent
and independent of the arrival processes. Theworkload pro-
cess~W (t) = (W1(t), . . . , WQ(t)) is then defined as

Wq(t) =


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−
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1{Wq(s)>0 and ~µm is used at time s}ds

]+

(2)

for everyq = 1, 2, . . . , Q. This basic queueing model can be
viewed as a generalization of switch models under complete
resource pooling.

A. Scheduling Policies

At certain points in time the system needs to decide which
service vector~µi ∈ {~µ1, ~µ2, ..., ~µM} should be used, or which
service mode to switch into. Furthermore, it is assumed that
the allocation of resources is preemptive; that is, the service of
a job under a service mode can be interrupted and be resumed

later on. In a recent study [1], a family of scheduling poli-
cies, calledConepolicies, were constructed as follows:Cone
policies partition the workload spaceW into geometric deci-
sion cones. When the workload~W (t) = (w1(t), ..., wQ(t))
is in a certain cone, the system is switched into any service
mode associated with that cone. To illustrate the nature of such
scheduling policies, let us consider an arbitrary weight vector
~α with each componentαq > 0 corresponding to each job class
q, q = 1, ..., Q. The weighted inner product of every two vec-
tors ~W (t) and~µm is then defined as

< ~W (t), ~µm >~α=

Q
∑

q=1

αqwq(t)µmq . (3)

The MaxProduct policy, denoted byπ~α, structures its cones by
choosing the service vectors that have maximal inner product
with the workload vector. The decision cone corresponding to
service modem in the workload space is then defined as

Cm = { ~W (t) : m = arg max
m′∈{1,...,M}

< ~W (t), ~µm′ >~α}.

(4)
Note that these decision cones form a partition of the workload
space, which is presented byW = ∪mCm. One example of
such decision cones for a 2-queue system is shown in Fig. 1.
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Figure 1: The decision cones ofπ~α in the workload space
for a 2-queue system with service vectors~µ1 = (0, 4),
~µ2 = (2, 3), ~µ3 = (3, 0) and~µ4 = (2.5, 1).

It is noted that in Fig. 1,~µ4 is never selected by the Max-
Product policy, since it is “dominated” by a convex combina-
tion of ~µ2 and~µ3, and therefore never maximizes the above
defined inner product at any point in time. In the special case,
where ~W (t) is on the boundary segment of two or more de-
cision cones, the policy arbitrarily chooses any service vector
from those having maximal inner product with~W (t).
Remark:In many practical situations, the MaxProduct policies
can be modified by using the queue length or delay rather than
the workload. If the queue length is considered, it is called
the queue-length driven MaxProduct policy [1] or MaxWeight
discipline [12].

B. System Stability

It is shown in [1] that policyπ~α maximizes the throughput
and maintainsrate stabilityof the queueing system. Specifi-



cally, thestability regionof the system under consideration is
defined as

S =

{

~ρ ∈ R
Q
+ : ρq <

M
∑

m=1

ωmµmq for all q ∈ {1, . . . , Q}

}

(5)
whereωm ∈ [0, 1] for all m = 1, . . . , M and

∑M
m=1 ωm = 1.

It can further be shown that the stability region is theconvex
hull generated by all service vectors~µm. To illustrate, the
stability region for a 2-queue system with 4 service vectors
~µ1 = (3, 0), ~µ2 = (2, 3), ~µ3 = (0, 4) and~µ4 = (2.5, 1) is
shown in Fig. 2.
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Figure 2: The stability regionS for a 2-queue system with
~µ1 = (0, 4), ~µ2 = (2, 3), ~µ3 = (3, 0) and~µ4 = (2.5, 1).

Remark: The rate stability of the system is defined as follows.

For all input loads~ρ ∈ S, with probability 1,limt→∞
~W (t)

t
=

~0.
Notice that by choosing different weight vectors~α, a rich

family of MaxProduct policiesπ~α can be generated. Although
these weight vectors do not affect the system throughput [1],
they nevertheless play an important role on improving the QoS
performance. It is easy to see that the higher the individual
queue weightαq is, the more system resources, policyπ~α will
devote to queueq. The latter is achieved by selecting service
vectors~µm having large service rateµmq. Therefore, increas-
ing the weight of a queue will result in lowering its backlog
and delay.

III. O PTIMAL SELECTION OFWEIGHTS

We begin our discussion of selecting the optimal queue weights
by considering the following hypothetical setup. Suppose that
an initial workload ~W0 is placed in the system and that all sub-
sequent job arrivals are blocked; then, an interesting question
is how policiesπ~α empty all queues in an optimal fashion. Ob-
viously, the specific choice of the weight vector~α would influ-
ence the result. The proposed solution is to select~α so as to
minimize the emptying time forW0. We proceed by describ-
ing the algorithm that constructs the optimal weight vector~α

for any given initial workload~W0. The properties of schedul-
ing policyπ~α are discussed later on.

A. Algorithm for Constructing Optimal Weights

For any initial workload ~W0, let us denote the desired op-
timal solution of~α by ~α( ~W ). In order to better illustrate the
construction of~α( ~W ), we focus our attention on 2-queue sys-
tems. The proposed algorithm works in sequential fashion and
the steps are summarized below.
Step 1. Construct simultaneously all the conesCm generated
by the admissible (non-dominated) service vectors~µm in the
workload space by choosing~α = ~1, m ∈ {1, ..., M}. Further,
note that every two adjacent (and admissible) service vectors
~µi and~µj also generate a coneSij which can be treated as a
subset of the workload spaceW (see the left panel in Fig. 3).
Without loss of generality we assume the workload space can
then be represented byW = ∪Cm = ∪Sij . Therefore, as
shown in the left panel of Fig. 3, for any given initial workload
~W0 = (W1, W2) ∈ W we have that

~W0 ∈ Sij for somei, j ∈ {1, ..., M}, i 6= j. (6)

Step 2.Identify the two conesCi andCj corresponding toSij

derived in Step 1. Denote the boundary segment ofCi andCj

by the lineLij and let~lij = (l1, l2) be an arbitrary vector on it.
Then~lij is a solution of~w which satisfies

< ~µi, ~w >~1=< ~µj , ~w >~1 . (7)

Step 3.Solve~α = (α1, α2) from the following equation

~lij = (l1, l2) = (α1W1, α2W2). (8)

The solution found in this step is denoted by~α( ~W ), and

~α( ~W ) = (
l1

W1
,

l2

W2
). (9)

Remark: For generalQ-queue systems, the solution of~α( ~W )
can be found in an analogous fashion. However, one must pay
attention to the computational issues arising for identifying the
geometric cone to which the initial workload~W belongs. This
issue is further discussed in Section VI.

Note that by choosing~α = ~α( ~W ) in Step 3, the original
decision conesC1, . . . , CM (or decision boundariesLij) are
tilted so that a new partition{C′

1, . . . , C
′
M} of the workload

space (or new decision boundariesL′
ij) is formed (see the right

panel of Fig. 3). The following fact explains the benefits ob-
tained from the proposed policyπ

~α( ~W ).

B. Properties of theπ~α Policy

Fact 1: For any initial workload~W , π~α empties the system in
the shortest path by choosing~α = ~α( ~W ).
Proof: We establish the result for a 2-queue system; the proof
for the general case follows along similar lines. It is notedthat
in Step 3 of the algorithm, a new cone partition of the work-
load spaceW is formed by choosing~α = ~α( ~W ) in π~α. The
idea behind is that, by tilting the decision cones accordingly,
~µi and~µj will have two maximal projections on~W0 among
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Figure 3: (Left panel): The particularSij cone shown in the workload space such that~W ∈ Sij . (Right panel): A new
decision cone partition (the dash line) of the workload space by choosing the weight vector~α = ~α( ~W ) in π~α.

all service vectors. Therefore,π
~α( ~W ) will use only~µi and~µj

to drain out the initial workload~W0. Furthermore, we assume
that it is allowed to split service modei and service modej
with proportionsri andrj , respectively,ri + rj = 1. The ini-
tial workload ~W0 can then be viewed as being drained out by an
average service vectorri~µi + rj~µj . Denote~W0 = (W1, W2),
~µi = (µi1, µi2) and ~µj = (µj1, µj2), and without loss of
generality assume thatµi1 < µj1 andµi2 > µj2, it is clear
thatri~µi + rj~µj can empty the system in the shortest path (i.e.
ri~µi + rj~µj is exactly located on the vector~W0) by choosing

ri =
µj1W2 − µj2W1

(µi2 − µj2)W1 + (µj1 − µi1)W2
and (10)

rj =
µi2W1 − µi1W2

(µi2 − µj2)W1 + (µj1 − µi1)W2
. (11)

The latter fact can be easily established by considering the
ratio (slope ofri~µi + rj~µj):

riµi2 + rjµj2

riµi1 + rjµj1
=

W2

W1
. (12)

The result of Fact 1 shows that, by choosing~α = ~α( ~W ) in
π~α, the initial workload ~W is decomposed along~µi and~µj ,
say, ~W = k(ri~µi + rj~µj) for somek > 0. Moreover, the
result also agrees with the solution to the following optimiza-
tion problem. Suppose~µi = (µi1, µi2) is used for timeti and
~µj = (µj1, µj2) is used for timetj to drain out an initial work-
load ~W0 = (W1, W2). We consider the optimization problem:

minimize
ti,tj

(ti + tj)

subject to W1 ≤ µi1ti + µj1tj ,

W2 ≤ µi2ti + µj2tj .

If (t∗i , t
∗
j ) is the one solving the above optimization problem,

it is easy to show that

ri =
t∗i

t∗i + t∗j
and rj =

t∗j

t∗i + t∗j
. (13)

This implies that, by choosing(ri, rj) according to (13), pol-
icy π

~α( ~W ) not only empties the system in the shortest path but
also minimizes the total emptying time. The minimal emptying
time is then given by

| ~W0|

|ri~µi + rj~µj |
,

where the norm of~W0 is defined as
√

W 2
1 + W 2

2 and that de-
fined similarly forri~µi + rj~µj .
Remark: The preceding minimal emptying time based on the
MaxProduct policy is the same as that derived by the FastEmpty
policy introduced in [1]. However, the difference is that the
FastEmpty policy might not drain out the initial workload in
the shortest path (i.e. in a straight line).

IV. ESTIMATION OF TRAFFIC INTENSITY

In this Section, we proceed to make the proposed policyπ~α

operational. Suppose the system starts empty at time 0 and
no service is allowed before timet (wheret is considered to
be fairly large); then we have thatWi(t) ≈ ρit for any input
traffic flows whereρi does not change over time. This implies
that the result of Fact 1 can directly be applied by replacingthe
initial workload ~W0 with the traffic intensity~ρ in the proposed
algorithm. In this case, we denote the optimal weight solution
by ~α(~ρ). However, it may be hard to implement the policy
associated with this optimal weight solution since in many ap-
plications the traffic intensities are unknown or changing over
time (i.e. for non-stationary input processes). Therefore, build-
ing a flexible model that predicts well the fluctuations of the
traffic intensity over time is a necessary component for imple-
mentation purposes. We describe next a statistical smoothing
technique calledrunning medians[16], whose objective is to
provide a time series smoother for the traffic intensity of each
input by tracking the amount of work coming into the system.

Consider a sequence of equally spaced time intervals(0, ∆],
(∆, 2∆],. . ., where queueq hasNq(n) arriving jobs in thenth
time interval and thejth job of queueq carries the service re-
quirementσq

j , j = 1, . . . , Nq(n). The traffic intensity of queue



q in thenth time interval can be estimated by aggregating all
the service requirements; that is,

ρ̂q(n) =
1

∆

Nq(n)
∑

j=1

σ
q
j , (14)

n = 1, 2, . . .. Thus, a sequence of estimated traffic intensi-
ties {ρ̂q(1), ρ̂q(2), . . .} over the equally spaced time intervals
is obtained. A running median smoother with window sizeK

calculates the smoothed valueρ̄q(n) for thenth time interval
location by

ρ̄q(n) = median{ρ̂q(j) : j ∈ K-nearest neighbors ofn}.
(15)

Note that large values ofK result in a smooth trajectory, while
small values ofK result in a rougher trajectory. Ideally, the
choice of the window sizeK should be adaptive to the changes
of the traffic intensity. Fig. 5 shows an example of constructing
running median smoothers for different choices of the window
sizeK. It is worth noting that this approach is measurement
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Figure 4: Running median smoothers with window size
K = 3 andK = 31 for 100 data points generated from
a fractional Brownian motion with Hurst parameterH =
0.6.

based, and does not require any information about the statistics
of the input processes. Once a good smootherρ̄q(n) is derived,
we can then construct a sequence of optimal weights~α(ρ̄(n))
so that the MaxProduct policy can be applied on each decision
epoch. For the system under consideration, the running me-
dian is based on the trailing K-neighbors, since the estimate of
the traffic intensity vector and the corresponding weight vector
would be obtained at the beginning of each∆ time interval.

V. PERFORMANCEASSESSMENT

To assess how the proposed strategy improves the QoS mea-
sure under consideration, i.e. the delay performance, we first
simulate a 2-queue system by feeding three types of input traf-
fic: one generated by a compound Poisson process, another by

a fractional Brownian motion, and the other by a non-stationary
process based on fractional Brownian motion. The system has
the following three admissible service vectors:~µ1 = (0, 4),
~µ2 = (2, 3), and~µ3 = (3, 0). Note that the stability region of
such a system was shown in Fig. 2. We next simulate a 3-queue
system with the input traffic generated by compound Poisson
processes. The results are summarized next.

A. A 2-queue System with Compound Poisson Input Processes

Assume jobs of queueq arrive according to a compound
Poisson processAq, where the interarrival timesτq

j are i.i.d.
exponential random variables with meanTq and the correspond-
ing service requirementsσq

j are i.i.d. exponential random vari-
ables with meanSq, q = 1, 2. Therefore, each input process
Aq has a long term traffic intensityρq =

Sq

Tq
, q = 1, 2. For

simplicity, we assumeS1 = S2 = 1 and first consider the input
traffic with T1 = 0.345 andT2 = 10 (i.e. the inputs have the
traffic intensities(ρ1, ρ2) = (2.9, 0.1)). In addition, the length
of each time interval chosen to estimate the traffic intensities is
∆ = 20, while the window size for constructing the smoothed
estimate of the traffic intensities is chosen to beK = 21 (see
section IV). Computer simulations are then performed to de-
rive the average system delay of the proposed policy and the
MaxProduct policyπ~α with differentbut fixed throughoutthe
simulation choices of weights~α. Note that the weight vector
~α = (α1, α2) can affect the cone partitions ofπ~α only through
its “directions” (see Section II, Part A), so it suffices to look
at (α1, α2) satisfyingα1 + α2 = 1 (which includes all possi-
ble directions inR2). The resulting average system delays are
shown in the left panel of Fig. 5.

We next consider the input traffic withT1 = 2 andT2 =
0.286 (i.e. the inputs have traffic intensities(ρ1, ρ2) = (0.5, 3.5)).
Again, computer simulations are performed to derive the aver-
age system delay under the proposed strategy of dynamically
updating the weight vector and the MaxProduct policyπ~α with
different choices of weights~α. The resulting average system
delays are shown in the right panel of Fig. 5. It can be seen
from Fig. 5 that by dynamically updating the queue weights a
significantly lower average system delay is obtained compared
to that corresponding to almost any fixed choice for the Max-
Product policies. In a large number of cases, the improvement
in performance is over 10%, and exceeding 40% for some pre-
specified weight vectors.

B. A 2-queue System with Fractional Brownian Input Traffic

We consider next the same 2-queue system, fed by the fol-
lowing fractional Brownian type of traffic, considered by Le-
land et al. [6] and Norros [8]:

Aq(t) = ρqt + σqZq(t), q = 1, 2, (16)

whereAq(t) is the total service requirement accumulated in the
time interval(0, t], Z1(t) andZ2(t) are independentnormal-
ized fractional Brownian motions(FBM) with the same Hurst
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Figure 5: (Left panel): The resulting average system delay of our approach andπ~α with possible choices of~α. The input
processes are compound Poisson withS1 = S2 = 1, andT1 = 0.345, T2 = 10. (Right panel): The resulting average system
delay of our approach andπ~α with possible choices of~α. The input processes are compound Poisson withS1 = S2 = 1, and
T1 = 2, T2 = 0.286.

parameterH , ρq is the traffic intensity, andσq is the variance of
traffic in a time unit. For simplicity purposes, we assume that
the job interarrival times of each queue are deterministic,say,
equal to one unit. Further, assume the system starts at time 0,
and that thenth job of queueq carries the service requirement

Aq(n) − Aq(n − 1) = ρq + σq[Zq(n) − Zq(n − 1)], (17)

q = 1, 2. We first consider the system with(ρ1, ρ2) = (2.9, 0.1)
(similar to the first example in part A), and assumeσ1 = 100
andσ2 = 10. Note that such choices forρq andσq can guaran-
tee thatAq(t) will not go negative, almost surely. In addition,
the Hurst parameter is chosen to beH = 0.7 for Zq(t), so that
the two input processes can be characterized aslong-range de-
pendent. Once again, computer simulations were performed to
derive the average system delay under the proposed adaptive
strategy and the MaxProduct policies based on fixed choices
for the weights~α. The resulting average system delays are
shown in the left panel of Fig. 6. We next consider the system
with (ρ1, ρ2) = (0.5, 3.5) (similar to the second example in
part A), and assumeσ1 = 10, σ2 = 100. The resulting sys-
tem delays are shown in the right panel of Fig. 6. As can be
seen from the results shown in Fig. 6, the adaptive policy out-
performs the entire class of the fixed MaxProduct policies (i.e.
outperformsπ~α for almost all possible choices of~α). For the
cases where the fixed MaxProduct policy performs better (right
side in the right panel of Fig. 6) the numerical differences are
practically negligible.

C. A 2-queue System with Non-stationary Input Processes

We next consider the same fractional Brownian motion in-
put processes but with changing input rates (i.e. non-stationary
input processes) for the 2-queue system. Assume the system
starts at time 0 with the initial traffic intensities(ρ1, ρ2) =
(0.8, 3.0) and(ρ1, ρ2) can change periodically at certain points
in time, say,t = {2500, 5000, 7500, · · ·}. Specifically, define
the traffic intensities at timet by

(ρ1(t), ρ2(t)) = (0.8, 4.0) (18)

for t ∈ [2500i, 2500(i + 1)), i = 0, 2, 4, . . ., and

(ρ1(t), ρ2(t)) = (3.0, 1.8) (19)

for t ∈ [2500i, 2500(i + 1)), i = 1, 3, 5, . . .. Note that the
long-term traffic intensities for both queues are then(ρ1, ρ2) =
(1.9, 2.9), which clearly belong to the stability region. Analo-
gous to (21), the service requirement of thenth job of queueq
which arrives at timet ∈ [2500i, 2500(i + 1)), is denoted by

ρq(t) + σq(t)[Zq(in) − Zq(in−1)] (20)

wherein andin−1 are the arrival times of thenth and(n−1)th
job of queueq in the time interval[2500i, 2500(i + 1)), i =
0, 1, 2, . . ., andσq(t) is the corresponding variance of traffic.
We also assume that the variance functions for both queues are
σ1(t) = 10, t ∈ [2500i, 2500(i + 1)), i = 0, 2, 4, . . ., and
σ2(t) = 50, t ∈ [2500i, 2500(i + 1)), i = 1, 3, 5, . . ., respec-
tively. The resulting average system delays and another perfor-
mance measure–the 95th percentile of job delays, are shown in
Fig. 8. Note that our policy chooses a smaller window size
K = 11 for the running median smoother in this case. The
goal is to be able to detect early the change of traffic intensities
over time, so that the MaxProduct policy can quickly respond
by choosing the optimal queue weights accordingly. As can
be seen from Fig. 8, our policy significantly outperforms the
MaxProduct policies with fixed weight vectors both in terms of
the average system delay and in terms of the 95th percentile of
job delays.

D. A 3-queue System with Compound Poisson Input Processes

Let’s now consider a 3-queue system with 6 admissible ser-
vice vectors~µ1 = (0, 0, 6), ~µ2 = (4, 0, 3), ~µ3 = (6, 0, 0),
~µ4 = (4, 5, 0), ~µ5 = (0, 8, 0), and~µ6 = (0, 5, 3). Analogous
to the setup in the 2-queue system, assume the input processes
are Poisson with mean interarrival timesT1 = 2, T2 = 2,
T3 = 0.19 and mean service requirementsS1 = S2 = S3 =
1. The long-term traffic intensities are then(ρ1, ρ2, ρ3) =
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Figure 6: (Left panel): The resulting average system delay of our approach andπ~α with possible choices of~α. The input
processes are based on the FBM withH = 0.7 and the traffic intensities are(ρ1, ρ2) = (2.9, 0.1). (Right panel): The resulting
average system delay of our approach andπ~α with possible choices of~α. The input processes are based on the FBM with
H = 0.7 and the traffic intensities are(ρ1, ρ2) = (0.5, 3.5).
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Figure 7: (Left panel): The resulting average system delay of our approach andπ~α with all possible choices of~α. The input
processes are based on the FBM withH = 0.7 with changing ratesρi

q described in (22) and (23). (Right panel): The resulting
95th percentile of job delays of our approach andπ~α with all possible choices of~α. The input processes are based on the
FBM with H = 0.7 with changing ratesρi

q described in (22) and (23).
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Figure 8: (Left panel): The resulting contour plot of the average system delay forπ~α with all possible choices of~α. (Right
panel): The resulting contour plot of the 95th percentile ofjob delays forπ~α with all possible choices of~α.

(0.5, 0.5, 5.3). In addition, the length of each time interval cho-
sen to estimate the traffic intensities is∆ = 40, while the win-
dow size for constructing the smoothed estimate of the traffic
intensities is chosen to beK = 21. Computer simulations are
then performed to derive the average system delay and the 95th
percentile of job delays for the proposed policy and the Max-
Product policyπ~α with different choices of weights~α. Note
that it suffices to look at the weights(α1, α2, α3) satisfying

thatα1 + α2 + α3 = 1 (which include all possible directions
in R

3). The result for the MaxProduct policy with different
choices of weights(α1, α2) (and thereforeα3 = 1− α1 − α2)
is shown in Fig. 8. Numerical results reveal that the min-
imal average system delay and the 95th percentile of delays
are both given around~α=(0.35,0.55,0.1). The minimal values
are 121.97 and 238.1, respectively. In addition, the simula-
tion result shows that our policy has the average system delay



119.38 and the 95th percentile of delays 206.12, which are sig-
nificantly smaller than the minimal values of that derived from
the MaxProduct policy with fixed weights.

VI. CONCLUDING REMARKS AND FURTHER RESEARCH

In this paper, an adaptive strategy was proposed for improv-
ing the QoS performance for a class of MaxProduct policies in
general switched processing systems. The proposed approach
employees a statistical smoothing technique, which allowsus
to capture well the changes of traffic intensity over time and
is based on the nature of the MaxProduct policy for draining
out an initial workload in the shortest path. As noted before,
this dynamic resource allocation policy is throughput maximiz-
ing and does not require a priori knowledge of the input traffic
statistics. The simulation results show that it achieves signif-
icant improvement in terms of average delay or the 95th per-
centile of delays for various types of traffic.

We are currently investigating the following topics: (i) the
performance of the policy for general non-stationary inputpro-
cesses; and (ii) the computational complexity of obtainingthe
optimal weight solution in a SPS comprised of a very large
number of queues and service configurations. The issues in
(ii) are best illustrated by the well-known example–theN ×N

input-buffered crossbar switch. Intuitively, the optimalweight
solution can also be found by applying the Birkhoff-von Neu-
mann decomposition, that is, to decompose the initial workload
(or the estimate of traffic intensity) on the right service vec-
tors. However, finding such a decomposition for largeN is an
NP-hard problem. One way to reduce the computational com-
plexity is considering a policy which searches “locally” over a
small neighborhood of service vectors on each decision epoch
and then chooses a better one. However, as shown in [11],
such a search procedure will cause higher delay. Our further
research will focus on how to utilize all these ideas to improve
our proposed approach by considering the trade-off between
complexity and delay.
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