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Abstract- Switched Processing Systems (SPS) represent a canortroduced in [1]. A weighted variant of cone policies was stud
ical model for many areas of applications of communicationcom- ied in [6], where the weights were calculated by estimating o
puter and manufacturing systems. They are characterized by line the intensity of the incoming traffic. By measuring into
flexible, interdependent service capabilities and multigg classes ing traffic and adjusting the weights correspondingly, the p
of job traffic flows. Recently, increased attention has beenaid posed throughput maximizing policy becomes more respensiv
to the issue of improving quality of service (QoS) performace in  to Q0S aspects.
terms of delays and backlogs of the associated schedulingljmies, In this paper, a measurement based dynamic scheduling pol-
rather than simply maximizing the system’s throughput. In this icy of the system’s resources is proposed and its perforsmanc
study, we investigate a measurement based dynamic servickoa investigated. The policy relies on measuring the traffiemat
cation policy that significantly improves performance withrespect  sity and identifying changes over time. For the latter psgo
to delay metrics. The proposed policy solves a linear progra at we present a methodology that models the traffic intensities
selected points in time that are in turn determined by a moni- as an exponentially weighted moving average (EWMA) pro-
toring strategy that detects 'significant’ changes in the itensities cess, which achieves the following objectives: (i) praditof
of the input processes. The proposed strategy is illustrateon a the intensity for the next time period under consideratiod a

small SPS subject to different types of input traffic. (i) monitoring for significant shifts of the intensity ovéme.
Thus, the policy is adaptive to traffic fluctuations that adau
I. INTRODUCTION practice.

The remainder of the paper is organized as follows. In Sec-
I, the SPS is introduced along with a measurement based
20htrol policy. In Section Ill, the EWMA methodology is itr
uced and implementation issues discussed. The perfoemanc
assessment of the proposed policy is illustrated in Se¢tion
E/nally, some concluding remarks are drawn in Section V.

There has been a lot of interest over the last decade for {he
analysis and performance assessment of Switched Progessi
Systems (SPS). This interest stems from the fact that suigeh s
tems serve as canonical models in many areas of application
including high performance computing, wireless netwogkin
call centers and flexible manufacturing. They are primari
characterized by the flexible, interdependent nature of thg Sps: DEscrIPTION AND ADYNAMIC CONTROL POLICY
service capabilities, which for many service allocatiori-po
cies induces complex queueing dynamics. A basic objective Consider a multiclass queueing system compriseq phr-
studied fairly extensively over the years, has been thesiive gllel, infinite capacity, first-in-first-out (FIFO) queuegth each
gation of throughput maximizing scheduling policies [132, queue correspondingto a different class of job traffic. Tas
4,5, 8, 14, 15, 16]. More recently, the focus has shifted EPjObS arrive according to a general proceks ¢ = 1, ..., Q.
quality of service (QoS) issues and the performance of variosuppose thg'” job of classq arrives to the system at time
scheduling policies with respect to performance metrigshs 7 ¢ R, and carries the service requ|reméﬁt We model

as delay. Analytical results for service policies for SP&iar these random quantities as elements of a random marked point
general hard to come by, due to the inherent complexity of theocess (RMPP)

underlying queueing dynamics. Some notable exceptions can

be found in the work of Ross and Bambos [11, 12], and in our Iy = (t],0%), j €Ly, (1)
previous work on the subject [6]. Specifically, a randomized

algorithm was introduced in [11, 12] and its QoS performanéfined on some probability spa@e, 7, P). Define thestochas-
compared with a class of projective cone policies, oridyriat



tic traffic intensityof queuey at timet by where

1 t
W = lim {—/ rm(s)ds} (7)
. 1 ; ) t=oo [t Jo
Aq(t) = Amo R _GXZ: O et era) (2) represents the long-run proportion that service mads em-
J€Z+

ployed at a 100% leveln = 0,..., M, andzn]\fzo W = 1.

and letA(t) = (A (1), ..., o(t)). Itis further assumed thatlptuitively, the stability region is comprised of all .tran‘ﬁnten-

Ag(t) satisfies sity vectors that the system can accommodate in the long-run
(in the sense that all workload processes would remain Yinite

T under some resource allocation policy. It can be shown fproo
0< E/ Aq(t)dt < o0 (3) omitted due to space considerations) that itz S, then the
0 workload of at least one queue would explode to infinity. It
for any finite planning horizof0, 7], ¢ = 1,...,Q. can also be seen thatis theconvex hullgenerated by all ser-
Suppose there arf admissible service modes and for eac¥ice vectorsik,,, m = 1,..., M. To illustrate, the stability re-
modem € {1,..., M}, the jobs of the queugreceive service gion for a 2-queue system with 4 service vectBlis= (3,0),

at ratey,,,. Therefore, moden is associated with the non-Rz = (2,3), Rz = (0,4), andR, = (2.5,1) is shown in the
degenerate service rate vectBy, = (Lm1, fhm2, - fm@Q)- left panel of Figure 2. The stability region for another 22ga
The M x Q matrix R = (1,n,) is called theservice rate ma- System with 3 service vectod?; = (0,5), Rz = (2,4), and
trix. It can be seen that the service modes introduce intricdte = (3, 3) is shown in Figure 1.
dependencies amongst the queues. We further introducé a nul
service modeR, = 0, which is used when the system idles; A,
i.e. when no jobs are present in the system. Although, in-prac L
tice splitting of service modes is not possible, we nevéetse R ~ - S
make such an assumption for mathematical convenience. Let N
Tm(+) denote the level at which service modeis participat- ‘
ing at timet, with 0 < r,,,(t) < 1 forallm € {0,1,..., M}, i
andzgfzo rm(t) < 1 for every point in time. In practice, the R, 1
quantitiesr,,, (¢t) capture the proportion of time, service mode |
m is used over a fixed period of time. (0] Al

Let the row vector-(t) = (r1(t),...,ram(t)) € RY denote
the control processof the M admissible service modes andrigure 1: (Right panel): The stability regighfor a 2-queue
further assume that it is non-anticipative. We also asstae tsystem withR; = (0,5), Rz = (2,4) andR3 = (3, 3).
the job service requirements are mutually independent@and i

addition independent of the arrival processes. Woekload ) S ) )
process under any scheduling poliegan be written as At certain points in time, the system needs to decide which
service moden should be used. In [1], a dynamic through-

put maximizing class of policies was introduced that cheose
the moden that maximizes the inner product W(t), M >
A variant of this policy that utilizes a weighted inner pratiu

M t < W(t), i >a Was investigated in our previous work [6].
Z “mq/o rm($)Liwz ()>0445 (4 Careful choice of the weights leads to improved performance
m=1 from an average delay point of view. We discuss next a mea-

Wi (t) = Wg(0) + > 8 1con—
JELy

foreveryg=1,2,...,Q. surement based dynamic policy, whose justification is based
We discuss next system stability issues. Defineltimg- @ fluid approximation [4].
term traffic intensityf queuey by The fluid analogue of the workload process is given by
1 [t _ B t M t
A = tlggo h/o )\q(s)ds} (G)  W,(t) = W,(0) +/0 Aq(s)ds — Z ,umq/o rm(s)ds, (8)
m=1
whereq = 1,..., Q. Thestability regionof the system under

foreveryq = 1,2,...,Q, W,(t) > 0 andt > 0, whereW,,(t)

consideration is given by represents the fluid level of quegeat timet, which is derived

M by taking the limit of the following scaled process:
S = {Lmﬁbdae}Rfﬁ:/\q< > Winlimg forallqe{l,...,Q})} i )
m=0 W, (t) = lim —Wy(rt). 9

(6) reee T



Suppose that the above fluid model is differentiable at timethen the control policy:(¢) would be more responsive to traf-
then we have that fic fluctuations, thus achieving better performance. Howeve
W) o if Akis esr:imated and the LP has toltae solved continuor:zlr)]/, that
= q makes this strategy computationally expensive. Furthath s
Walt) = = Adlt) = Z rm(t)pmg- - (10) a strategy may |eg()1/ to a Ir;rge numger OF; service mode switch-
ings, a shortcoming shared by the cone policies studied]in [1
Note that this approximation of the primitive processesieli  In order to avoid these issues, the traffic intensity is moni-
nates lower order stochastic fluctuations, but is still iflced tored for changes using an exponential moving average gsoce
by the stochastic intensity, (¢). For the whole system, we canand the system switches to a different set of service modgs on
write when ’significant’ changes are detected. Hence, decigioedi
correspond to change points, when the LP needs to be solved
ro()Ron = A(8) = ()R, (11) and a new S(_arvice allocation made. It can also_be seen teat thi
strategy easily accommodates non-stationary input pseses

m=1

=
—~
=
I
>
=
N~—
|
M=
~

m=1

where the operation between vectors is considered componen V. ESTIMATION AND SHIFT-MONITORING OF TRAFFIC
wise. INTENSITY

Consider next a fixed planning horizon during which all time-

dependent quantities remain fixed at their time 0 levelsgxce In_ this section we proceed to make the proposed policy op-
for the workload proces#’ (¢); i.e. erational. Recall that knowledge of input ratess necessary,

which is achieved by estimating them over time by trackireg th

A(t)=A and r(t) =r or 0, (12) amount of work coming into the system. For this purpose, sup-
pose thattime is divided into sequential interv@s,, Ai41), k =
whereA = (\,...,\g) andr = (rq,...,ra). Therefore, 0,1,2,---, so that at least job arrivals are observed in each

we have that% = A —rRforallt € (0,T]. Thisimplies dueue during that ir_lterval. Experience_shows blnat 30 is
that the flow balance equations are givenoy= rR. For the reasonable in practice. Then, the_trafflc intensity qf qugue
original time interval(0, 7] we obtain the instantaneous flowPVer thenth time interval can be estimated by averaging all the
balance equation(t) = r(¢)R. The latter suggests that arSeTvice requirements; thatis,

optimal scheduling policy (i.e. the optimal control proses

solves the following LP problem: Ag(k) = __ i 01 k=1,2 (14)
q ; ) ) yr
(A = Bp-1) =

N Aq
minimize e Cs <(rR)q - /\q> wheren, denotes the number of jobs that arrived during this
subjectto A <rR (LP) time interval. Thus, a sequence of estimated traffic intessi

{A(1),A(2),...} for all queues are obtained, whetén) =
where(rR), denotes theth element of vectorR (i.e. the av- (A, (n),...,Ag(n)),n=1,2,....
erage service rate devoted to queuender control process, A naive approach would be to solve the LP and change the
andC, > 0 is some cost component=1,...,Q. Itisnoted service allocation at every interval However, such an ap-
that LP-1 can be translated to (approximately) minimizing t proach would be sensitive to small shifts of traffic inteiesit
maximal value of the average (linear) holding cost among alus making it computationally expensive. Therefore, vilin
queues. This is simply true since duce the Exponentially Weighted Moving Average (EWMA)
control chart, whose objectives are: (i) to provide an apipro
_ A ~ E[W,(t)] forall t € [0,T] (13) mate one-step-ahead predictor of traffic intensities Hizirg
(rR)q — Aq all previous observations; and (ii) to monitor 'significesttifts
of traffic intensities in the process. As previously mengidn
I%he LP would be solved only when such changes are detected.

exponentially distributed service requirements. We discuss first the control chart for a single queue. Con-

Remark:Under equal holding costs for all queues, the soluti sAder asequence of estimated traffic mtgns@@s{l), Ag(2),--
to the above LP problem can be related to the LP problem gi\(}gﬁ queueq and assume that they are independently and nor-
in [1] that leads to the so-called 'FastEmpty’ policy. mally distributed as

It should be noted that for a SPS with stationary input pro- A (k) ~ N\ (k) 02), k=1,2,--
cesses (and hence constant traffic intensities r&}dlse opti- ! e o
mal solution to the above posited LP problem performs pooffyhere\,) denotes its true mean ang its variance. By esti-
with respect to various QoS metrics. However, if the traffic i mating \, using at least measurements from 30 jobs, the nor-
tensity vector is estimated from observing the input preess mal assumption holds approximately. LX=qt(n + 1) denote

under fairly strong assumptions such as Little’s law andal
input processe$, are not away from Compound Poisson wit



the one-step-ahead predictorhj(k + 1), and compute the to weigh past observations differently for tiaeinput traffic

EWMA statistic by flows, then a single value gf can be chosen for all the queues.
B R B Therefore, the asymptotic covariance matrix kas» oo) can
Ag(n+1) = BAg(n) + (1 = B)Aq(n), (16) be written as{3/(2 — 3)}%. The MEWMA chart gives an

) out-of-control signal if
where0 < 3 < 1 represents the weight that the most recent

observation carries. 2—-0) - =
If \,(0) is set to be a target valug, it can be shown that T2(k) = ( 3 )A/(k)z "A(k) > b, (20)
EX,(n) = A, and Var,(n) = o2 (L) [ (1— 8] whereh is chosen to achieve a specified in-control average run
R 1 1\2-3 " length (ARL) [7].
(17)
Based on these results, the control limits of an EWMA chart IV. PERFORMANCEASSESSMENT
for A\;(n) can be constructed as follows: the lower and upper _ ) ) )
control limits (LCL/UCL) of thek-th observation are set as In this Section we examine the performance with respect to

delay of the proposed measurement based dynamic policy on
3 three systems: (i) a 2-queue system with compound Poisson
LCL/IUCL (k) = X\g £ cogy/ | = | [1 — (1 — 3)?], (18) input processes, (ii) the same 2-queue system but fed vaith fr
2-p . ; ) X .
tional Brownian traffic (both constant and changing oveelim
with the + corresponding to the UCL and the to the LCL and (iii) a 3-queue system with compound Poisson input pro-

andc > 0 a tuning parameter that captures the sensitivity levEfSS€S- We describe the systems and the simulation scenario
that one wishes to achieve. The EWMA chart generates an JifXt

of-control signal at period if A,(k) > UCL(k) or \;(n) < A.A 2-queue System with Compound Poisson Input Processes
LCL(k). The EWMA control chart for one of the queues of a
3-queue system is shown in Figure 2.

We consider a 2-queue system with three service mfides
(0,4), R2 = (2,3), andR3 = (3,0). Jobs to queue arrive
according to a compound Poisson procdgs with mean ser-
vice requirements ar8; = 1 andS, = 10, and corresponding
7 L average interarrival times® = 0.345 and7; = 10, respec-
tively (i.e. hence, the traffic intensities ate= (A1, \2) =
(0.3,3.7)). An extensive computer simulation of the system is
s carried out and various statistics of the delay processdech
The parameters for constructing the EWMA chart were set to
¢ = 2 andn = 30. We focus on the system’s average delay,

Figure 2: The predicted traffic intensitids(k) (the solid lines) as well as the 95th percentile of the delay distribution unde

of a queue monitored by the EWMA chart, with the dash Iinége proposed policy, as well as under the dynamic policy that
representing the UCL and LCL maximizes< W (t), um >& (MaxProduct policy), for different

but fixed throughouhe simulation choices of weight& Note
that all the weight vector& = (a1, a2) are chosen so that

Remark It is assumed that the estimated traffic intensitig® + @2 = 1, which include all possible directions &%, . The
are independent over time, which may not always be approgfsulting average system delays are shown in the left pdnel o
ate in practice. If this assumption is violated, then onedneEigure 3, while the the 95th percentile of the delay distitu
to adjust the tuning parameterin order to avoid too many In the right panel. It can clearly be seen from Figure 3 that by
change detections (positive correlations) or too few (tiega dynamically allocating the system’s resources and manigor
correlations). changes in traffic intensities, a significantly lower averags-

We now discuss an appropriate extension for the geneli@n delay and 95th percentile of delays are obtained cordpare
multiclass SPS. Assume tiggestimated traffic intensities overt0 that corresponding to almost any fixed choice for the Max-
the k-th time interval follow a multivariate normal distributio Product policies. In a large number of cases, the improvéemen
with meanA and covariance matrix (i.e. A(n) ~ N(A(n),x)). in performance is over 100%, and exceeding 500% for some
The Multivariate EWMA statistic (in vector form) is given by Prespecified weight vectors.

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

Ak +1) = BA(K) + (I — B)A(k) (19)
We consider next the same 2-queue system, fed by the fol-
whereB = diag$1,...,08¢), 0 < 8, < 1,¢=1,...,Q,and |owing fractional Brownian type of traffic considered by Nor
I'is the@ x @Q identity matrix. If there’s no specific reasomros [10]: A,(t) = At + 0,Z,(t), q = 1,2, whereA,(t)
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Figure 3: (Left panel): The system’s average delay undempmamd Poisson inputs for the dynamic measurement basexy poli
and the the MaxProduct policy with all possibly fixed weights (Right panel): The 95th percentile of the system’s delay
distribution.
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Figure 4: (Left panel): The system’s average delay under FMts for the dynamic measurement based policy and the the
MaxProduct policy with all possibly fixed weighi& (Right panel): The 95th percentile of the system’s delaritiution.

is the total service requirement accumulated in the timerint processes, but with changing input rates for the same 2equeu
val (0,t], Z1(t) and Z,(t) are independemormalized frac- system. Assume the system starts at time 0 with the iniaf tr
tional Brownian motiongFBM) with the same Hurst param-fic intensitiesA = (A1, A2) = (0.8,4.0) andA can change pe-
eter H, )\, is the traffic intensity, and, is the variance of riodically at certain points in time,= {2500, 5000, 7500, - - - }.
traffic in one time unit. The choice of the parameters wefpecifically, define the traffic intensities at timéy A(t) =
A = (A1, X2) = (2.66,1.0) and the corresponding variance$0.8,4.0) for ¢ € [2500¢,2500(i + 1)), i« = 0,2,4,..., and
(01,02) = (100,50). Note that these choices of ando, A(t) = (3.0,1.8) for ¢t € [2500¢,2500(¢i + 1)),7 =1,3,5, .. ..
can guarantee that the system is stable Ap@) will not go Note that the long-term traffic intensities for both queues a
negative, almost surely. In addition, the Hurst parameterthenA = (1.9,2.9), which clearly belong to the stability re-
chosen to be = 0.7 for eachZ,(t) so that the two in- gion. The variance functions for both queues @r&) = 10,
put processes are characterizedasy-range dependerfso ¢ € [2500i,2500(¢ + 1)), ¢ = 0,2,4,..., andoz(t) = 50,
the independence assumption in the EWMA chart is violated)e [25004,2500(: + 1)), ¢ = 1, 3,5, .. ., respectively. The re-
Again, computer simulations were performed to derive the asulting average system delays and the 95th percentile afgob
erage system delays and the 95th percentiles of delays urlegs under poIicyr&(A) andrz with all possibly fixed choices
policy m 5, andms with all possibly fixed choices of queueof queue weightsi are shown in Figure 5. In this case, the
weightsa@. The results are shown in Figure 4 and to a largaeasurement based policy outperforms by a wide margin (for
extent confirm the previous findings. most choices of the weights) the MaxProduct policy, both in
We consider next the same fractional Brownian motion inptdrms of the average system delay and in terms of the 95th per-
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Figure 5: (Left panel): The system’s average delay under FMts for the dynamic measurement based policy and the the
MaxProduct policy with all possibly fixed weighi& (Right panel): The 95th percentile of the system’s delagritiution.

centile of the job delay distribution. the MWQL policy has an average system delay 28.93 and the
, . : 95th percentile of delays 92.36.
C. A 3-queue System with Changing Compound Poisson Inpy verall, these results indicate that the measurement based
Processes s i, . . .
policy is competitive for different input processes and st

We consider next a 3-queue system with 6 admissible ssuitable when the underlying input processes change ower ti
vice vectorsR; = (0,0,6), Re = (4,0,3), Rs = (6,0,0),
Ry = (4,5,0), Rs = (0,8,0), andRs = (0,5,3). Suppose VI. CONCLUDING REMARKS
there are four possible input process veciars- (71,72, 73),
fQ = (12151227123)1f3 = (I§,I§,I§), andiﬁ4 = (IALIA%IE)
so that each input process vector is equally likely to hagyen
ery 25000 time units. Assume that for each input process Vegationally designed to minimize (approximately) the rmaai
tor Z;, all the elementg are compound Poisson processeggye of the average holding cost among all queues. It employ
i =1,2,3,4, andg = 1,2,3. Specifically, we féjrtr;er 8S- ees a statistical technique called Exponentially WeigMe-
sume that the mean service reqwrements(sﬁeshfl) .~ .;ing Average (EWMA), which provides an approximate one-
(0.55,0.55,2.32), (S5, 53, 83) = (2.32,0.55,0.55), (83’53_7 Sg)stﬁp-ahead predictor for the traffic intensity and at theesam
(0.55,2.72,0.55), and(S;, ‘_92’ S3) = (1.38,2.21,1.22), while " ime monitors the shifts of the traffic intensity over timeurF
for simplicity, the mean interarrival times are cho;ep to btﬁer, the proposed policy is throughput maximizing. Simula
7' = 1/ for all i, g. Therefore, the long-term traffic inten-tj,, resyits show that it achieves significant improvement i
sities for these 4 input combinations are = (0.3,0.3,5.4), terms of average delay and the high percentile of delays for
Az = (5.4,0.3,0.3), A5 = (0.3,7.4,0.3), andAs = (1.9,4.9, L5)rious types of input traffic,

Computer simulations are performed to derive the averagergpics currently under investigation include: (i) the perf
system delay and the 95th percentile of job delays under thence of the policy for general non-stationary input preess
measurement based proposed policy, the MaxProduct pglicig, 4 (ii) the computational complexity of obtaining the o

as well as the Maximum Weighted Queue Length policy thahtion in a SPS comprised of a very large number of queues
is @ MaxProduct policy with weight vectdr but employs the 5.4 service configurations.

queue length process instead of the workload process. Note

that for the family of MaxProduct policies with fixed queue

weights, it suffices to look at allvy, a2, c3) combinations sat- References
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