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Abstract—We consider the optimal dynamic scheduling of their customers. Moreover, many of these service classes
different requests of service in a multiclass stochastic fluid require specific Quality-of-Service (QoS) performance guar-
model that is motivated by recent and emerging computing  gntees  pecause failures to deliver such levels of QoS can

paradigms for Internet services and applications. Our primary h ianificant i ¢ th busi d
focus is on environments with specific performance guarantees ave a significant impact on the e-commerce busInesses an

for each class under a profit model in which revenues are gained CUStO”_"'e"S- |_:0r exar_nple, CUStom_erS _Wi.” easily |03? patienge
when performance guarantees are satisfied and penalties are and discontinue using the service if its responsiveness is
incurred otherwise. Within the context of the corresponding perceived to be too long. Thus, as part of the contract
fluid model, we explore the dynamic scheduling of different pepveen the service provider and each business, the hosting
classes of service under conditions where the workload of - id i i tain level of S
certain classes may be overloaded for a transient period of Service proviaer agrees_ 0 guargn ee a certain level of Qo
time. In particular, we consider the case with two fluid classes for each class of service, and in return each e-commerce
and a single server whose capacity can be shared arbitrarily business agrees to pay the service provider for satisfying
among the two classes. Under the assumptions that the class these QoS performance guarantees. These contracts are based
1 arrival rate varies with time and the class 1 fluid can more = 4 5 Sepyice-Level-Agreement (SLA), between each business
efficiently reduce the holding cost, we determine the optimal d th . ider. that defi h S f

server allocation policy that minimizes the holding cost in the an € service provider, tha e_lnes e Qo Pe_r ormance
fluid model when the arrival rate function for class 1 is known. —guarantees for the classes of service, and the anticipated level

Using the key insights gained from this deterministic case, we of per-class workload from the customers of the business.
also develop heuristic policies for the stochastic fluid system

when the arrival rate function for class 1 is random A critical issue for the hosting service provider concerns

the control of server resource allocation to optimize perfor-
mance and profit measures in cluster-based computing en-
vironments with SLA contracts containing QoS performance

Internet services and other recent emerging applicatioﬂéjara”tees- This is also afundamen.tal issue for tr_le c_ontinued
have created new computing and networking paradigms gyowth and success of Internet services and applications. We
which a set of e-commerce businesses contract with a cofférefore focus herein on a particularly important class of
mon hosting provider of Internet applications and servicedynamic scheduling problems that arise in these computing
for their respective customers. A key characteristic of sucgnvironments. It is important to note, however, that while
environments is the diverse requirements of the various 8Ur analysis and results are motivated by such environments,
commerce businesses and customers. In order to addré¥@y apply more generally to a wide variety of emerging
these diverse requirements and leverage potential economf@nputing environments with SLA-based QoS performance
of scale, the hosting service provider will often deploy guarantees.
cluster of servers to effectively share the computing and Most previous studies have considered QoS performance
networking resources required to support the desired Interngliarantees based on throughput or mean response time
applications and services. A number of computer industineasures. However, a crucial issue for Internet applica-
companies are already providing such hosting services, e.glons and services concerns the per-request efficiency with
HP, IBM and Intel, and it appears that more companies willvhich the differentiated services are handled, because delays
be doing so in the future. experienced by customers can result in lost revenue and

The diverse requirements of e-commerce businesses ar{ftomers for a business as noted above. Furthermore, such
customers motivate the definition of different service classeQ0S performance guarantees may not be fully captured by
These service classes typically have distinct levels of infhe more standard performance metrics such as throughput

portance to the hosting service provider, the businesses &#ed mean response time. To address these issues, we consider

I. INTRODUCTION



a general class of SLAs in which a threshold is defined fdiormulating the problem as a multiclass stochastic fluid
each class of service such that the hosting service provideiodel and exploiting optimal control theory [11], [12] to
gains revenues when the QoS level experienced by the clag®ain the optimal control policy that maximizes the total
stays at or below the threshold, but the service provider paysvenue over a fixed time horizon. Recent studies of a similar
penalties to the corresponding businesses when this threshsfirit for different dynamic scheduling problems include [1],
is exceeded. The optimal control problem is then concerndd]. To the best our knowledge, however, no optimal schedul-
with allocating server resources in order to maximize thang policy is known for the general problem considered
profit of hosting the collection of e-commerce sites undenerein. We therefore focus on minimizing the penalty of
these SLA constraints. the hosting service provider by dynamically scheduling its

Another important aspect of the problem concerns th&€TVer resources among the_fluid cl_asses in a system that
diverse workloads of different e-commerce businesses afig" P€ overloaded for a transient period. To capture the QoS
their variation over time. In particular, it is quite common inPe’formance guarantees in the SLA contracts, a threshold
the computing environments of interest to have the workloatf!ue i introduced for each fluid class such that a holding
of certain classes in each e-commerce site alternate betwé&@ft i incurred only if the amount of fluid of a certain
a period during which the arriving workload exceeds th&lass: exceeds its threshold value. We consider the specific
allocated capacity, and a period during which the arrivin&aSe of two fluid cl_asse_zs and a single server whose capacity
workload is less than this capacity, even though the averag@" Pe shared arbitrarily among the two classes. Under the
load is within the allocated capacity; e.g., refer to [2]. Thes@SSUMPtions that the class 1 arrival rate changes with time
periods of transient overload can have a significant impa@{d the class 1 fluid can more efficiently reduce the holding
on the performance experienced by the different class&8St: We determine the optimal server resource allocation
of service. This in turn can have a critical impact on thém_IICy that minimizes the holdlng cost ln_the Correspondlng
penalties that the hosting service provider must pay each fuid mode_l when the_ a_rrlval raFe function _for class_l_ IS
commerce business according to the SLA contract betwe&ROWN- Using the key insights gained from this deterministic
them. It is therefore crucial to include these importanf@Se: We also develop heuristic policies for the stochastic

workload characteristics in the analysis of the optimal contrd|t1d Systém when the arrival rate function for class 1 is ran-
problem. dom. Preliminary numerical examples demonstrate that these

o ~heuiristic policies yield good results in terms of minimizing
Our problem falls within the general class of optimale expected holding cost.

resource control problems, but based on the foregoing non- . ) . )
conventional performance metrics and workload character- 1€ remainder of this paper is organized as follows. We
istics. Some research studies have considered the issuedgfin® our multiclass fluid model ifil. Deterministic and

workloads with transient overload, but these studies hayiochastic instances of the model are analyzedllinand

focused on single-class workloads and specific schedulir@@ﬁ respectively. Our concluding remarks are provided in

strategies, such as admission control (e.g., [6]) and diredY-
modifications to the Internet server scheduling mechanism
(e.g., [2], [B]). In contrast, our focus in this paper is on
the optimal dynamic scheduling of a multiclass system with We consider the following stochastic fluid system that
transient overload. Furthermore, very little research has evearves two classes of fluid. For each class, fluid continuously
attempted to consider the issue of maximizing profit in thesarrives at its buffer whose capacity is assumed to be infinite.
computing paradigms under non-conventional performandduid in both classes is served by a single server whose
metrics. The primary exception is the study in [10], whichservice capacity can be shared arbitrarily among the two
develops queueing-theoretic bounds and approximations dfasses. When the server devotes full effort to clgsg
formulate the resource control optimization problem and theprocesses classfluid at ratey;, i = 1, 2.

exploits efficient algorithms for computing the optimal solu-
tion. This study is the most closely related to our research, bl‘H
it differs from the present study in several important respectﬁ

Our focus in this paper is on deriving the optimal dynamlcf terval. In the rest of the time interval, it has a low arrival

schedu]lng policy and gaining |n§|ghts into its fundament. ate A Naturally, we assuma! < A". The durations of
properties, as opposed to computing the steady-state soluUﬁ

Il. THE STOCHASTIC FLUID MODEL

Class2 fluid arrives at the system at a constant rate
roughout the time horizon under consideration. Class
uid has a high arrival rata? during the first part of the time

and to do o under a workload with transient overload. whic e first and second time intervals are denotedrbyand L,
) S0 under a w with transi v » Whi spectively. We assume that is a random variable with a
is not considered in [10].

known distribution andL is infinitely long or long enough
The objective of this paper is to investigate the optisuch that at the end of each cycle everything will be cleared

mal server resource control problem described above asaad the system can start over again in the next cycle. This is

dynamic scheduling problem. Our approach is based enreasonable assumption in practice because if the underload



period is not sufficiently long to satisfy these conditions, thetoad per unit of time contributed by clagsfluid is constant

the original system approximated by the fluid model will begiven by po = Ao/us > 0. The overall system load is

unstable. We call the time intervil, H) the high load period p" = p? + p, for the high load period ang’ = p% + po

and the time intervalH, H + L) the low load period. for the low load period. Whep” > 1 andp’ < 1, the total

system work increases in the high load period and decreases

in the low load period. In this case, the high load period

is also called the overload period. Thus, whéh> 1 and

o’ < 1 the system experiences an overload period followed

by a underload period, a phenomenon known as transient

) overload in literature [2]. While understanding the transient

Zi(t) = Z;(0) +/ N(s) — pawi(s)ds, te[0,H + L) overload case is a primary motivation of this paper, and thus
0 ’ we typically considerp” > 1, it is important to note that

i ) , _ () our results generally do not require this condition, unless
where\;(s) is the arrival rate to classat time s. Note that explicitly stated otherwise.

the classl arrival rate functiom\; (s) = A -1(s < H)+ M} -
1(H < s < H+L) israndom due to the random length of the

high load period. Consequently, the fluid level proc&ss

also random. The allocation procd$s= {(u1(t), uz(t)),t > [1l. OPTIMAL POLICIES IN THE DETERMINISTIC CASE
0} reflects how the server spends its service capacity among

two classes. It is called a scheduling or service policy.

Let h; > 0 and§; > 0 be constants; = 1,2. For a real In this section, we present the optimal policy when the
numberz, z+ = max(z, 0). Consider the following integral lengths of the high period and the low period are known.
The proof of the optimality of this policy is given in [4].
H+L 2 . A
/ Zh (Zi(t) — 0,)" dt @) Specifically, we assume that the duration of the overload
0 i ’ ’ period H is deterministic and known at the beginning of the

time horizon. Thus the arrival rate function(s) = \f1(s <

which is called the total cost of the system and is denoted bﬁ) +ALL(H < s < H + L) is known. The system starts
: ' : . . 1 < .
C. One interpret; as the holding cost per unit of time WhenWith initial fluid level Z(0) = (Z1(0), Z»(0). We also assume

the fluid level in class exceeds);. One further interprets that Z is infinitely long or long enough that all the loads

0; as the threshold value we introduce for fluid clast . -
capture the corresponding QoS performance guarantee in t%ar? pe decreased to below their thresholds u_nder n_o-n-|d||ng
poqlmes. (In fact as long a& + L > t5, wheret, is specified

SLA contracts. When the fluid level in clagss belowd;, the later in this section, we would call is long enough.) For

fluid does not accumulate cost for the system. Obviously, thc%nvenience we first define the olicy for the low period
cost depends on initial fluid level = Z(0), and allocation ' policy b '

[ <
U employed. When such an explicit dependence is neede'he':’ whenH < ¢ < H+ L.

we useCy (z) to denote such a cost. The focus of this papebefinition 1. The following policy, referred to as theow-

is to find an allocatiorl/ to minimize the expected total cost period-policy is implemented in the low period.

E[Cy (z)] for each initial pointz. We assume that working

on classl can more efficiently reduce holding costs. Namely, « If Zi(t) > 0y, full capacity is given to class 1, i.e.

hipy > hopo. u1(t) = 1,uz(t) = 0, until class 1 fluid level is
decreased to its thresholg) .

o If Z1(t) = 61, Zs(t) > 02, class 1 fluid is kept at its
threshold valué),, while the remaining capacity is used
to serve class 2, i.eu; (t) = p}, ua(t) = 1 — p! until
class 2 fluid level is decreased to its threshéjd

o If Z1(t) < 61, Zs(t) < 65, then the policy is not unique
and uq (t) and ua(t) can be chosen such that (¢) >
pll, UQ(t) > p2 and Ul(t) +U2(t) =1.

We useZ;(t) to denote the fluid level in classat time
t, andu,(t) to denote the fraction of capacity at timehat
the server spends on clasdluid, 0 < w;(t) <1, i =1,2.
The dynamics of our fluid system is given by the following
equation, fori = 1,2

When 6; = 0 for i = 1,2, the optimal policy is given
by the well-knowncy rule [13], [7], [8]. Namely, the server
gives priority to class with the highesth;u;. To the best
our knowledge, there is no optimal policy known for our
general problem. In the special case wtiérns deterministic
and is known at the beginning of the time horizon, we will
present an optimal policy. Using this policy, we will construct
heuristic policies for the case thdf is random. We will

present numerical experiments showing that these heuristic-l-he optimal policy depends on the load conditions. In the

policies perform well. next three subsections, we will describe the optimal policy

For future reference, we define the traffic intensities ofinder all possible load conditions. In the first case, it is
the system. The system load per unit of time contributedssumed thap? > 1,p' < 1; in the second case, it is
by class1 fluid is pf = M:/u; > 0 for the high load assumed thap" > 1, p! < 1, p! < 1; and in the last
period andp$ = \¢/u; for the low load period. The system case, it is assumed that < 1, ! < 1.



A. The casep} > 1,p' <1

Throughout this section, we assume that> 1, p! < 1.
Then the optimal policy has the following structure:

(OPT)
vVt € (0, s1): ug(t) =1, w(t) =0;
VEE (s1, s2) 0 ue(t) =uz, wi(t) =ui,un +uz =1;
Vt e (s2, H): ug(t) =0, wi(t) =1,

Vie (H, H+L): Low-Period-Policy

to reduce the fluid level of class 1 to its threshéldthen
the optimal policy never uses processor sharing in the high
period.

We are now ready to provide a more detailed description
of the optimal policy.

o Case 1:7,(0) > 6;. In this case, the optimal policy is
given by (OPT) with s; = s = 0.

o Case 2:7,(0) < 61, Z2(0) > 6. Computation ofsy,
s2, u1 anduy depends on the length of the high period.

Thus, the optimal policy gives fixed priority to class 2 in the

interval O tos;, employs processor sharing in the interva
s1 to so and gives fixed priority to class 1 in the interval
so to H. Specific values ofsq, so, ui, andus depend on
the initial fluid levels and the length of the high period.
Before discussing the computation ©f, so, u; andwusy for

all possible cases, we introduce the notation used in o
developments:

di = 00— Z0(0), 1 = B gy o= B
dy 1= 02— Z5(0), ty 1= L2 gy = ik

The quantities);, 12, ¥ and s have the following inter-

pretations. Quantity), is the time that class 1 increases to

its thresholdf; under the policy that gives fixed priority to
class 1 if the initial fluid level of class 1 is belo#y and if
the high period is long enough. Quantity is the time class
1 increases to its thresholgl under the policy that gives
fixed priority to class 2 if the initial fluid level of class 1
is below#; and if the high period is long enough. Quantity
1o is the time class 2 increases to its threshldinder the
policy that gives fixed priority to class 1 if the initial fluid
level of class 2 is below),. Finally, i is the time class
2 decreases to its threshod under the policy that gives
fixed priority to class 2 if the initial fluid level of class 2 is
aboved,. Clearly, d; andds denote the initial deviation of

the fluid levels from the desired thresholds for classes 1 and

2, respectively.
We also define

ay = Dhutdin g, o byl 0Oy
_ 1= 71£¢+ (1—pD[1+n (o}~ 1)]+(1 n(ph— D i+
(P =1)(pY —p1)(1=n) 2
where n = hops/hipn and & = (o — 1)/(p} — ph).

Quantitiesa;, a; and B have the following interpretations.
Quantitya, is the critical value such that if the high period is
longer thanz; then under any policy either class 1 fluid level
will exceed its threshold; or class 2 fluid level will exceed
its threshold),. Quantitya, is the critical value such that if
the high period is longer tham,, and the low period is long
enough to reduce the fluid level of class 1 to its thresligld
then fixed priority to class 1 is the optimal policy in the high
period. Finally, B is the critical value such that if the high
period is longer tharB and the low period is long enough

— Case 2.1: If

| a, < H < B, 3)
thensi, so, u; anduy, are computed by solving

Z2(0) + (A2 — p2)s1 = Oo; (4)

Z1(0) + Ay = Zi(s1); )

ur 22(81) (>\2 - N2U2)(82 - 81) = 0a; (6)
Zi(s1) + (A = pau) (s2 — s1) = Z1(s2)7)

u + us = 1; (8)

Z1(s2) + (A} — pa)(t — s2) = )

Zi(t) + (A} — ) (H — 1) = ( ); (10)
Zy(H) 4+ (AL = p1)(t2 — H) = 01 (11)

prhi(te —t1) = paha(ts — s2). (12)

Note that equations (4) to (11) describe the evolu-
tion of the fluid levels of class 1 and class 2 from
time 0 to t, under the optimal policy, wheré,
represents the time epoch at which the class 1 fluid
level in the low period reaches its threshold value
as indicated in equation (11).

Case 2.2: If

max{B, 1/;1} < H < ag,

then we sets; = s, and solve the equations (5)
and (9)—(12) fors,, t; andts.
Case 2.3: If

H S max{ala /1]}1}’

then the optimal policy is given byOPT) with
s1 = min{tg, H}, s = H, us = pa, andu; =
1-— P2
— Case 2.4: If
H > as,

then the optimal policy is given byOPT) with
S§1 = S92 = 0.
Remark 2. It can be readily verified that); >
implies B > a; > Y1, and thaty, < ¢, implies B <
ay <.
Case 3:71(0) < 61, Z2(0) < 03,91 < 9. In this
case, then the optimal policy is given BQPT) with
S§1 = Sg = 0.



o Case 4Z1(0) < 91, ZQ(O) < 92, 1)/)1 > 1,[)2. In this
case,s; = 0. However, the computation aof,, ©; and

u> depends on the length of the high and the low period&!

as discussed below.
— Case 4.1: If
ap < H < ay,

thenss, u1, us, t1 andt, are computed by solving
equations (6)—(12) witk; = 0.
— Case 4.2 If
H <ay,

then the optimal policy is given byOPT) upon
settings; = 0, s = H, selectingu, as any value
in the interval[(py — %22yt Al (,h 1))

» T H
and settingu; = 1 — us.
— Case 4.3 If
H > as,

then the optimal policy is given byOPT) with

s1 =0 andSQ =0.

The following corollary immediately follows from the de-

scription of the optimal policy.

Corollary 3. If

(i) Z1(0) > 6, or,

(i) Z1(0) <01, Z1(0) < 62 and 0 < 9y < 1o,
then the policy with

vVt e (0,H)
Vte (H,H+1L)

ul(t) = 1, ’U,Q(f) = O,
Low-Period-Policy

is optimal for all H > 0 and L > 0.

Note that if the initial fluid levels satisfy the conditions in
(i) or (ii), the policy described in Corollary 3 is optimal even
when the length of the high period and the length of the low

period are random variables.

B. The casep > 1, ph <1, p' <1

In this section, we assume that > 1, pf <1, p! < 1.

Then the optimal policy has the following structure:

vVt € (0, 51) :
(02 — Za(s1))/ 2

(

Vt € (s1, s2): ua(t) = p2 — ai(s1)
(
(

Vit € (s2, s3): ua(t) =0, uy(t) =1,
Vt € (s3, H): upy(t) =1 —pl, wy(t) = p
Vte(H, H+L): Low-Period-Policy

)

where

(01 — Z1(51))/ 1 + (02 — Za(s1))/ 112

ar(sr) = Pl +p2—1

andsi, so, s3 are given as

max{t: 0 <t S H, Zg(t) Z 92, Zl(t) < 01}\/0,
s1 <t < H,Zi(t) <01}V sy,
2

max{t : (
SQStSH,Zl(t) 91}\/82.

S9 =

sg = max{t:

C. The casep” < 1,p! < 1

In this section, we assumg® < 1,p! < 1. Then the
optimal policy is
Vit e (0,H)

Vte (H,H+ L)

Low-Period-Policywith o replacingp!,
Low-Period-Policy

Remark 4. The policies described in subsections IlI-B and
[1I-C can be implemented without knowing the length of the
high and the low periods. Hence, these policies are also
optimal when the length of the high period and the length of
the low period are random variables.

IV. RANDOM HIGH PERIOD

In this section, we consider the case when the duration
of the high periodH is a random variable with a known
distribution. Thus the arrival rate function,(s) is also
random. We assume that the low period is long enough,
hence at the end of each high-low cycle, everything will be
cleared and the system will start over again in the next cycle.
Recall that the system starts with a high period, followed by a
low period. We want to find the policy which minimizes the
expected cost within a high-low cycle. In particular, using
the policy described in Section Ill, we will develop some
heuristic policies. Recall that, for a given polidy, our
objective is to minimize the expected total cost given by

H+L 2
Ey / Shi(Zity -0t a9
0

i=1

Recall further that for case 1 and case 3 in Section 3.1
and for cases in Sections 3.2 and 3.3, we know the optimal
policy when H is random. Thus, it suffices to specify the
heuristic policies for cases 2 and 4 in Section 3.1.

Ideally, once the exact length of the high periéf is
known, one can follow the optimal policy in the deterministic
case described in Section Ill. L&t (H) denote the total
holding cost under the optimal policy when the length of
the high period is known. Since one can not observe the
true length of the high period until it ends, such a policy
is not achievable. However, the quantity in (13) is always
bounded below byE[C(H)]. This lower bound (which will
be referred as LB) can be used as a guideline to evaluate the
performance of a policy. The details on the computation of
this lower bound can be found in [4].

We will now consider a set of policies called tHe™}
policies. The policyx® is obtained based on the optimal



: ; St : o Parameters p /b 02 01 02 n w1 2
pollgy in the deterministic case by settinf = z and Seffing 1 A — e 10— 05— T 1
making the necessary modifications once the length of the [—seging2 3 02 04 15 2 05 1 1
high period is realized. Note that the predetermined policy | Setting3 | 5 01 04 40 2 04 1 1
can be modified as follows, upon observing if the high period [ _Settng4 | 2 01 02 50 5 06 1 1
is longer or shorter tham. A sudden drop in the arrival rate TABLE |
of class 1 customers indicates the end of the high period. Let FOUR DIFFERENT PARAMETER SETTINGS
H, denote the actual length of the high period. Then we can
employ the following policy:

parameter set 1
0.0008
Vt S (07 31(3:) A HO) : u2(t) = 17 ul(t) = 07 g-g ] L
Vt € (s1(w) A Ho, s2(x) A Ho):  ua(t) = ug,ur(t) = uy 5,3 00004 e —.n
u +us = 1, é’g 00D oo s oo sosssusisina _—
Vt € (so(x) A Hoy & AHo):  ua(t) =0, ua(t) = 1, 82 0 . .

Ve (A Hy o)t () =0, w() =1, o2 E

Vt e (Ho, Hy+L): Low-Period-Policy
where s;(z) is computed according to the optimal policy PACAMEEL R RE2
given in Section Il by settingd = . "

Clearly, the value ofr determines the performance of a § """"""""""""""""""""""""""" _
=* policy. We consider three different alternatives for the | gg ~° {7 j"f:i‘“)
choice of z. The first option setsc = E[H]. Note that Tl - W N
this is a very simple policy which only requires the first § : ; ; . :
moment of H. Another option is to use* which minimizes = 0 E0 =0 o0 130
the expected holding cost in the setsdf policies. In order E(H)
to computez*®, we first obtain a closed form expression for
the expected holding cost as a functionzoéind then solve parameter set 3
for x that minimizes this expression. Finally, we consider s
2’ which gives the best policy depending on the region that |z
E[H] belongs to. Recall that in the deterministic case, the .73'1: """"""""""""""""""""""""""""""" :
policy structure differs according to the interval thét is T W el
in. Thus, we choose that minimizes the expected cost in  |¢'® & B e
the region thafi[H] belongs to. This optimal value of is & LA P P T e
denoted byz’. We use MAPLE in the computation of both |- -003
z* and z’. However, since the computation af requires E(H)
the holding cost expression only for a specific region, it is
easier than the computation of. We will denote these three parametersetd
policies by"H], 7#" and7*". _ oos

$ 005 -
A. Numerical Results =0 | SPEH)
E 5 T W apiT
. . . s 2002 ¢- L~ ST

We have carried out a set of numerical experiments to EI St | =
evaluate the performance of thir®} policies proposed g 0
above. We assume that the system starts empty and the hig| .01
period H is an exponential random variable with me&ji|. S

We consider four different parameter sets as listed in Table
. Fig. 1. Performance comparison under different parameter settings

We compute the expected cost und&t?!, 7*" and =’
policies and compare them with the lower bound, LB. In

%artifglar, we compute the relative difference, defined as, From Figure 1, we conclude that the relative differences
B - Figure 1 provides a graph of this relative differencqtg the lower bound) under the three policies are all quite
with respect taE[H]. small. WhenE[H] is small, the relative difference to the




lower bound gets bigger. As expected: gives the best [3]
performance, and® gives better performance tharf!7].
However, the performance af*l?] is not much worse than

the performances of the other two policies. Therefore, ond4]
might prefer to use the™!*] policy since the computation

of z* andz’ is much harder and since the implementation of
the 7%l#] policy requires only the first moment df. Note  [5]
that these observations are valid under the assumption that
H is an exponential random variable. Moreover, additional[6]
numerical experiments demonstrate similar trends under the
assumption that? follows a uniform or hyperexponential
distribution. [7]

V. SUMMARY AND CONCLUSIONS (8]

We presented a study of the dynamic scheduling of dif-[g]
ferent classes of service in a fluid model of computing
paradigms for Internet services that may be overloaded for
a transient period. In particular, we focused on minimizin 10]
the penalty of the hosting service provider by scheduling
its server resources among various e-commerce sites un-
der Service-Level-Agreement (SLA) contracts with specific
Quality-of-Service (QoS) performance guarantees for eaﬂ1
class of service. ]

We considered the case with two fluid classes and a
single server whose capacity can be shared arbitrarily among
the two classes. In order to capture the QoS performanﬁfz
guarantees in the SLA contracts, we introduced a threshold
value for each fluid class such that a holding cost is incurred
only if the amount of fluid of a certain class exceeds it§; 3]
threshold value. Under the assumptions that the class 1
arrival rate changes with time and the class 1 fluid can
more efficiently reduce the holding cost, we specified the
optimal server allocation policy that minimizes the holding
cost in the corresponding fluid model when the arrival rate
function for class 1 is known. Using the key insights gained
from this deterministic case, we also developed heuristic
policies for the stochastic fluid system when the arrival
rate function for class 1 is random. Preliminary numerical
examples demonstrated that these heuristic policies provide
good performance in terms of the expected holding cost.
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