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ABSTRACT the revenue while balancing the cost (or energy) of using the re-

sources. The overall profit (utility) includes the revenues and penal-
ties incurred when Quality of Service guarantees are satisfied or
ture, companies often outsource their IT services to third party ser- y|o|ated_. The revenue depends on the QoS levels in a discrete fash-
vice providers. Large service centers have been set up to provide'on' It IS natural_ly used in the confracts between customers and
services to many customers by sharing the IT resources. This Ieadsthe service providers. The customer would pay a per request fee
to the efficient use of resources and a reduction of the operating 'O the volume of requests served. The per request fee depends on
cost. The service provider and their customers often negotiate util- the _Ievel of performance exp(_arlenced by the USer. The better the
ity based Service Level Agreements (SLAs) to determine the cost 2cNi€ved performance, the higher the revenue gained per request
and penalty based on the achieved performance level. The systerrIor the service prowder._The system is based on a cenf[rallzed con-
is based on a centralized controller which can control the requesttrOIIer which can establ_lsh the request volumes at various servers
volumes at various servers and the scheduling policy at each server."’md_ the scheduling policy at each SErver. The conuroller can also
The controller can also decide to turn ON or OFF servers depend- decide to turn ON or OFF servers dgpendmg on the system load.
ing on the system load. This paper designs a resource allocation We ShOV_V that the (_)verall problem is NP-hard. We further_ develop
scheduler for such web environments so as to maximize the profits mgta-heurlstlc solutlon_s bf”‘SEd on the te}bu-sea_rch_ aIgo_nthm. _The
associated with multiple class SLAs. We consider a realistic util- "€1ghPorhood exploration is based on a fixed-point iteration, which
ity function for the profits, which depends on the level of achieved €9UIl€s solving anew network aIIoca_tlon flow problem. We_ prove
service quality in a non-linear way. We show that the overall prob- struct_ural properties qf problem SQ|UtI0nS and apply these insights
lem is NP-hard, and develop meta-heuristic solutions based on thet® guide search algorithm. Experimental results are presented to

tabu-search algorithm. Experimental results are presented to ShOWShO\r,]v the benfefri1ts of our "?‘ppanCh- d as foll . .
the benefits of our approach. The rest of the paper is organized as follows. Section 2 intro-

duces the overall system model. The optimization problem formu-
lation is presented in Section 3. Section 4 analyzes the structural

With the rapid growth of eBusiness, the Web services are becoming
a commodity. To reduce the management cost for the IT infrastruc-

Keywords properties of the optimization problem. The structural properties

Resource Allocation, Quality of Service, Utility Function, SLA  are the basis for the search algorithms in Section 5. Experimental

Optimization, Load Balancing results in Section 6 demonstrates the quality and efficiency of our
solutions.

1. INTRODUCTION

With the rapid growth of eBusiness, the Web services are be- 2. THE SYSTEM
coming a commodity. To reduce the management cost for the IT  We consider the service system to be a distributed computer sys-
infrastructure, companies often outsource their IT services to third tem consisting of\/ heterogeneous clusters of servers hosfihg
party service providers. Large service centers have been set up tglifferent e-commerce web sites. Each cluster is built from a num-
provide services to many customers by sharing the IT resources.ber of homogeneous machines. There are tot&llglasses of re-
This leads to the efficient use of resources and a reduction of thequest streams. Each class of request can be served by a collection
operating cost. of servers. For simplicity assume that each class of request is as-
The service provider and their customers often negotiate util- sociated with a single web site. Ldf , be the indicator function
ity based Service Level Agreements (SLAs) to determine the cost that assigns requests (and sites) to clustégs; equals 1 if clasg
and penalty based on the achieved performance level. The servicgequest can be executed by seridd otherwise.
provider need to manage its resource to maximize its profits. Utility ~ The architecture comprises of a request dispatcher in front of
based optimization approaches are commonly used for providing the clusters to assign the incoming requests to individual servers in
load balancing and obtain the optimal trade-off among job classes the cluster. The controller can also establish the scheduling policy
for Quality of Service levels. The utility functions some times are at each server. Each server has a Generalized Processor Sharing
used as guidelines and provide only the trend at high level. (GPS) scheduler. The allocation weights for each class can be set
This paper designs a resource allocation scheduler for Web ser-by the controller. The controller can also turn OFF and ON indi-
vice environments. The scheduling policy is designed to maximize Vvidual server inside a clusters in order to reduce the overall cost.
Copyright is held by the author/owner(s). For each clasg requests, a step-wise utility function is defined

WWW2004May 17—22, 2004, New York, NY USA. to specify the per request revenue (or penalty) incurred when the
ACM 300CXXX. ' ' ' corresponding average response time assumes a given value. Fig-



ure 1 shows, as an example, the plot of an utility function. Intu- vidual Web site, for dedicated e-commerce transaction servers, or
itively, customers are willing to pay a higher rate per request when to limit the number of Web sites assigned to clusters for caching
their requests are served with lower response times. We observessues ([15]). Often thed; , bounds become from the solution
the discontinuity in the function in Figure 1. As we will discuss of long term provisioning optimization problems (the solution is
in the next sections, this discontinuity in the cost function and the evaluated for example once a week [15]). Our problem can also
discrete nature of the problem make the optimization problem NP- consider short term provisioning and the optimization algorithm is
hard. In the literature the load balancing problem with SLA prof- executed more frequently (several times every hour). Notecthat
its was faced considering always continuous convex and differen- the cost associated with turning on a server in clustiera function
tiable cost functions (see for example [7],[10],[15],[11]). Consider- of inter-scheduler time. In practice; «x C;, if power is the main
ing step-wise functions of the mean response time is more intuitive cost associated with turning a server on. In the following, we will
from the customer point of view and are currently adopted [4]. assume that the first K-1 job classes are associated with SLA, and
class K is the best effort class.
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Figure 2: Network Queue Model
Figure 1: Utility Function

Each data center is modeled by a queueing network composed of ~The analysis of multi-class queueing system is notoriously diffi-
a set of multi-class single-server queues and a multi-class infinite- cult. We use the GPS bounding technique in [16] to approximate
server queues. The former represents the collection of servers withithe queueing system. Under GPS the server capacity devoted to
heterogeneous clusters. The infinite-server queues represent th&lassk requests at time (if any) is Cigi,m .k / > pr e i (1) iy
client-based delays, or think times, between the server completionwhereC(¢) is the set of classes with waiting requests on senver
of one request and the arrival of the subsequent request within aat cluster at timet. Requests within each class on every server are
Web session (see Figure 2). executed either in a First-Come First-Serve (FCFS) or a Proces-
User sessions begins with a cldssequest arriving to the data  sor Sharing (PS) manner. Under FCFS, we assume that the service
center from an exogenous source with rate Upon completion requirements for clask requests at clustarhave an exponential

the request either returns to the system as a dlassquest with distribution with mean(C; )", whereas under PS service re-
probability py, 4+ or it completes with probability — ZIK:I Dk, quirements of clask requests at clustérfollow a general distribu-
Let A, denote the aggregate rate of arrivals for clasgquests tion with mean(C; 1) ™", including heavy-tail distributions. Since
Ay = Z{le Aprprr i + Ak many Web servers exploit the local operating system mechanisms
In next sections the following notation will be adopted: for scheduling work within a class, the assumption of PS within
" ) each class is reasonable for a wide range of Web servers found in
M; := number of homogeneous server within cluster practice ([10]). In the approximation each multi-class single-server
yi := number of clustei servers ON queue associated with serverin clusteri is decomposed into mul-
C; := capacity of a single server in cluster tiple single-class single-server queues with capacity greater than or
¢ .= overall computing capacity in the time scheduling equal toC;¢; k. The response times evaluated in the |splated
’ per-class queues are then upper bounds on the corresponding mea-
period under consideratipn sures in the original system.
pr = service rate for clask jobs at a server of capacity 1
Air = load at clustei for classk jobs
Aim,k = load at servern in cluster; for classk jobs
¢i,m,k = scheduling GPS parameter for clasmpbs 3. OPTIMIZATION PROBLEM

Given the system model in Section 2 we formulate the cost op-

at servenn within clusters; Lo . -
’ timization problem below. We would like to maximize the overall

Rim := response time for clagsjobs at servern in clusteri;  profit by controlling the request routing and the processor sharing
Ur(R) := utility step-wise function for clask jobs; scheduling policies.
L := number of thresholds for utility functions
¢; := costassociated with turning on a server in cluster M yi K-1
] ) ) ) ] o max Uk (Ri,m. k) Xi,m,k — CilYi Q)
The routing matriA; ;] is used to assign private servers to indi- ; mzz:l ; ( ) e



Yi
E )\i,m,k'

= ik (2
m=1
M
Z Ak = Mg (3
i=1
Air =0 if Aix, =0 4)
Aik >0 if Air=1Ay; >0 (5)
K—1
¢z m,k (6)
k=1
Rip = L : >0, )
bk CipkPiyme — Niymok v '
Aimk < CipirPim i
L
Uk(Ri,m k) sz,kSATl,k(Ri,m,k) (8)
=1
SAT k(Rijmik) =1 © 21k < Rijmk < 21k
zZ0 = 0; ZL+1 = OO
L
ZSATl,k(Ri,m,k) =1 ©)
=1
€ [0, M;]; y; integral

Equation (2) entails that the traffic assigned to individual servers in

a cluster equals the overall load assigned to the cluster. Equation

(3) defines the overall load of clagsjobs as a function of exoge-
nous arrivals and feed-back probability. Note that in autonomic
computing systems the exogenous arrival usually is a prediction of
the arrival rate for the current inter-scheduler period. Equations (4-
5) assign sites requests to clusters according;tp constrains and
the status of the cluster (servers ON or OFF). Finally equations (6-

In mathematical notation, let ; be the value of thé-th item ini-
th group,w;, . the resource requirement afd the resource bound
of the knapsack. Then the problem is:

n  ng
E E ClkTl,k

max
I=1 k=1

n  n

E wpTy <W

I=1 k=
n;
E e = 1 z, € {0,1}
k=1

If the number of server ON and the load at each server are fixed,
then in order to maximize the objective function one can maximize
revenues at single servers obtainﬁﬁﬁ1 Y; sub-problems:

K—1
max Z ZUl,kxi,m,kSATl,k(Ri,m,k(¢i,m,k))

k=1 I=1

SAT) & (Riym i (Pimk)) =1 &
1

Zi—1,k < — L<zip &
Cittk®i,m,k — Aiymok
1 —
- < C Hk'¢l m,k — /\
2k Zl—l,k
K-—1
k=1

L
Z SAT) &k (Riym k (Piymok)) =1

where¢; ., are the decision variables with= 1,.., M, m =
1,..,y,andk =1, .., K —1. In order to satisfy constrains and save
resources for scheduling the previous inequality can be satisfied

8) express GPS parameters scheduling bounds and utility functionssetting:

in terms of response times (the conditidfn ..k < CiftkPi,m,k

guarantees that resources are not saturated). Equation (9) guaran-
tees that at each server, each job class is assignhed to one SLA level.

Herey;, Aim,r and¢; . are decision variables and overall we
have a Mixed Integer Programming problem.

In the following section, fixing some variables, the problem will
be reduced to a multi-choice binary knapsack (MKP) and an NP-
hard network flow resource allocation problem, so the overall prob-
lem is NP-hard. The problem is solved by implementing a tabu-

search algorithm; the evaluation of the neighborhood is based on a

fixed point iteration of MKP and network flow resource allocation
problems. The optimization technique will be discussed in Sec-
tion 5.

4. ANALYSIS OF THE PROBLEM

Let’s first fix the number of servers ON in a cluster. The prob-
lem of finding the best routing and scheduling paramekgrs i
and ¢; m &, in order to maximize revenue at a single server be-
comes a multiple-choice binary knapsack problem and a network
flow resource allocation problem.

The Multi-choice Binary Knapsack Problem (MKP) is a variant
of the classical Knapsack Problem. Let theredmgroups of items.
Groupl hasn; items. Each item of the group has a particular value
and it requires resources. The objective of the MKP is to pick ex-
actly one item from each group for maximum total value of the

collected items, subject to the resource constraint of the knapsack.

1

)\i,m,k
21,k Ci

Cipr

which corresponds in selecting one interval of the utility function
(see Figure 1) when the response time equals to the upper bound of
the interval. We now have the MKP problem where parameters are
defined by:

SATi k=1 Gimr =

Clk = VL,kNi,m,k

1
Wy = ———— 10
b 21,k Ci i (10)
K- 1—
W=1- lmk' 11

Tyg = SATl,k(Ri,m,k(¢i,m,k))

and all groups have sizg, the number of thresholds of utility func-
tions. Note that equation (11) corresponds to the system equilib-
rium condition defined in equation (8), while the bound that keep
selecting one item from every groups in the MKP formulation cor-
responds to select one interval of the utility function for each SLA
request job class.

Now consider a directed network consisting of notfeand di-
rect arcsA. The arcsa, ., € A carry flow f,.,, from node
vi € V tonodevs € V. The flow is a real variable that is
constrained to be bounded below by a consfant, and above



by a constant.,,.,. Let be a single source node € V, sat-
isfying 35, fovs — 24, fus = R > 0. This valueR,

Ayys

the net outflow from the source, is a constant and represents the

amount of resource available to be allocated. Therenasinks
nodev. € N' C V which have the property that their net inflow
Zav1v2 Jorvs — 2 fugvg > 0. All other nodesv, are trans-

shipment nodes that satis@javlv2 forvs — Zav2v3 foows = 0.

A function F,, (z) is associated with each sink node and the
optimization problem is:
Y fosug)

max Z Fouy ( Z foroy —

avyug
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Figure 3: Network Flow Model

If the number of server ON and the scheduling policy at each
server are fixed, then in order to maximize the objective function

Figure 4: Sink Cost Function

The interval bounds are a function of the scheduling policy, the
capacity of servers and of utility function thresholds. So different
sink nodes are characterized by different cost functions, with cor-
responding intervals characterized by the same slope. Note also
that the slopes are decreasing moving from left to right and a sink
function can obtain is maximum in any interval (the maximum of
a sink function depends on slopes and on widths of intervals). If
we consider different cost functions these are translated by
—Ci,ukgi,m,k (see Figure 3). Note also that if a server has limited
capacity (i.e.Ciurd — 1/z1, < 0) some intervals may be
missing.

Since sink nodes cost functions are neither convex, nor differen-
tiable, the network flow resource allocation problem is NP-hard([9]).
Nevertheless, the following properties of the optimum solution can
be proved.

i,m,k

THEOREM 1. Inthe optimum solution of a flow problem at most

one can establish the load at each server and solve the followingone server is assigned to a request rate different from a sink func-

K — 1 sub-problems:

max Zle VL kNG m, ke SATL L (R ke (Ni k)

h

1 Aiymak = Aik

M ik = Ay (12)
)\i,k =0 if Ai,k =0
)\i,kZO ifAi,k:]./\E>0

SAT x (Rimk(Aik)) =1 &

L <

—_— z =2
Cittkdi m k—XNi,m,k — Lk
1

Ci)ukai,m,k‘ - Zl—1,k < )\i,m,k S Ci,uk:ai,m,k‘ B ﬁ
ZZLZI SATl,k(Ri,m,k()‘ism’k)) =1

where\; ..., are the decision variables with= 1,.., M, m =
1,..,y, andk = 1,.., K — 1. This problem is a special case of the
network flow resource allocation problem where the overall flow is

-1,k <

defined by equation (12), and the network is shown in Figure 3. A

plot of sink cost functions is shown in Figure 4. The cost function

is discontinue and intervals where the function is linear are defined

by:

m o em — 1 — 1
(fiZ1, 1= <Ciﬂk¢i,m,k T 7Ci:u‘k¢i,m,k -— (13
k z

-1, I,k

tion upper edge interval.

PROOF If we relax equation (12) bound, the optimization prob-
lem has a trivial optimum that assigns to each server the load which
corresponds to individual optimum of sink functions. (Note that
each sink node corresponds to a server). Let's assume that in the
optimum solution two servers are assigned to a Ihad\” which
do not coincide to upper edges of corresponding intervals.vlet
andv” be the corresponding slopes and assufme- v”. Then
the solution can be improved by increasing the ldadssigned to
the first server while decreasing’ of the second one in order to
satisfy the flow equation (12) untN’ coincide with the upper edge
of the interval; this contradicts the hypothesis that the solution is
optimal. O

This property basically says that in the optimum solution there is
only one) free assignment

THEOREM 2. In the optimum solution of a flow problem the
free assignment is in the interval which corresponds to the lowest
level of performance.

PROOF. Let's consider an optimum solution, let Bé the free
assignment’ the slope of the corresponding interval and assume
that there is an assignmekt which coincide to an upper edge of
an interval such that the corresponding slefieis greater that'.



Then the solution can be improved increasiigvhile decreasing

X" in order to satisfy the flow equation (12); this contradicts the Table 1: Utility Function Proportionality Coefficients

hypothesis that the solution is optimall] Thresholds) Costs
15 1000
2

5. OPTIMIZATION TECHNIQUE o
In the previous section we have shown that the optimization prob- 20 100

lem is NP-hard. We now provide structural properties of the prob- 50 50

lem. Based one the insights, we develop a tabu-search algorithm 100 30

in order to find a quasi-optimal solution. The neighborhood explo- 1000 20

ration is based on a fixed point iteration of the MKP to determine 3000 10

the optimal scheduling and network flow problems to determine 5000 5

optimal routing. The next section will discuss the fixed point itera- 10000 —10°

tion procedure. Section 5.2 will describe the tabu-search algorithm

implementation.

5.1 Fixed Point Iteration Procedure Table 2: Fixed Point Iteration Results

Av. err% | Max err% | Av. impr% | Max impr%
FPI1 15.73% | 66.63% | 131.75% | 423.98%
FPI2 15.40% | 69.16% | 134.44% | 413.37%

FPI1+2| 12.21% | 66.17% | 145.71% | 423.98%

The solution of the MKP problem is based on the HEU heuristic
described in [2] which provides solution on average equal to 94%
of the optimum. On the other hand, the literature does not provide
any results for the network flow allocation problem and we have
developed a local search approach in order to find a solution. The
local search performs two dual moves in order to improve the initial
solution: equals—10°, in this way we are guaranteed that the last thresholds

is never violated.

e Increase by a unit the performance level of servers with low  Tests consider three job classes and a data center with alterna-
performance allocating their load to servers with higher per- tively three and four servers. The exhaustive search is very time
formance level. consuming, when the load is light (0.2 utilization of the overall ca-

h pacity of the data center) with 5 servers the solution of a single
problem requires a day. Overall 2600 tests were run and results
are almost independent by the number of thresholds of utility func-
tions. Results are shown in Table 5.1, and are compared also with
Based on the properties described in theorem 1 and 2, at each move'evenues of the proportional assignment scheme which employs:
load of the server with higher slope is increased and the load at the

e Decrease by a unit the performance level of servers with hig
performance allocating their load to servers with lower per-
formance level.

server with the lowest slope is decreased in order to satisfy flow Aiymk = Ak%

equation (12). =1 CrpwAvk
The local search starts increasing GPS parameters determined o Ximk/ Bk

by the MKP solution. GPS parameters are modified in order to al- Giym.k = m

low more degrees of freedom performing the two moves in the sec-
ond phase. We have implemented two approaches to increase GPS Note that this proportional allocation scheme is a natural way to
parameters which derive two different fixed point iteration proce- assign the traffic and server capacity. It is provably the best load
dures: balancing scheme in terms of stability regions and it is used as a
. ) . benchmark in the SLA profits maximization literature ([10]).
e Ateach server GPS parameters are increased, until their sSUm - 416 5.1 reports also results of a third heuristic which for each
equals to 1, fairly among job classes assigned to the server. ,opjem instance takes the maximum between fixed point iteration

o Ateach server only one job class GPS parameter is increased_l and 2 solutions (this is_the implementation that has been adopted
(again until sum locally equals to 1). The job class is chosen N tht_e tabu-search). In this way both the average error and the aver-
by separately solving a flow problem for each SLA class and 29€ improvement can be enhanced.

selecting the class that gives the best improvement in the so- Exhaustive search results shows that the optimum solution is
lution of the flow problem. very different from the proportional assignment scheme since in-

stead of balancing the load among servers of clusters, often favors

In order to evaluate the quality of the solution, results of the two the use of dedicated servers for job classes. This can be explained
approaches are compared with results of an exhaustive search aleonsidering that dedicated servers give better performance. Let’s
gorithm. Here we only need to compare the performance of the consider as an example two different servers with the same ca-
algorithms for a fixed set of servers. Therefore, the cost associ- pacity and two job classes. If the two job classes has, for the
ated with servers is neglected and only revenues are consideredsake of simplicity, the same arrival rafeand the same service
Results are obtained randomly generating service yatesverall time 1/ the proportional assignment scheme has a response time
class request ratéy, and setting4; » = 1. The number of thresh- R; = Ry = 1/(0.5(x — X)) twice than the dedicated server
olds varied between 5 and 9, the utility functions have fixed thresh- schemeR; = R, = 1/(u — A).
olds (proportional to the service timg/ ), and the cost scheme Plot in Figure 5 shows the trace of the execution for the two fixed
is also proportional to the service time [14]. The data center uti- point iteration procedures for a system with 2 clusters, each cluster
lization varies between 0.2 and 0.8. Table 5.1 shows proportional having 60 servers, and totally 3 job classes. The plot shows that the
coefficients for thresholds and costs. Note that independent of thefixed point iterations converges very quickly (usually less than 30
number of steps adopted, the revenue associated with the last stejiterations), execution time is about 3 seconds.
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5.2 Tabu Seafrch Algomhm . . ) Figure 6: Plot of equation (1) as a function of the number of
The overall optimization problem (1) is solved by implementing  garjers ON

a tabu-search algorithm. The neighborhood of the current solution
is defined by two moves which increase and decrease alternatively
the number of servers ON at each cluster. The evaluation of each
move requires a fixed point iteration of the MKP and network flow
allocation problems in order to obtaky . x ¢i,m,.x Values. The
fixed point iteration discussed in the previous section converges
very quickly. But we can not guarantee it converges to a global op-
timal solution. For this reason in the evaluation of a move the fixed

cost function (1) is non-convex and non-differentiable and presents
abrupt steps in correspondence of individual step of utility func-
tions. As an example, consider the plot of Figure 6. The plot shows
the trend of equation (1) as a function of the number of server ON,
considering two clusters and two job classes, assigning higher pri-
s S . . . ) ority to the most cost advantage job class and assigning requests
point iteration IS execut_ed twice. The f'rSF execution cor!3|ders 35 to cluster according to their overall capacity (that is the load is as-
|r_1|t|al solution the solution obtained ap_plylng_ the proportl_onal as- signed according t&;y;/C ratio and is equally balanced among
signment schema, the second execution, vice versa, tries to take

dvant f th rrent solution routing and schedulin lici different servers in the same cluster). The cost function initially de-
advantage of the current solution routing and scheduling poliCies ¢ o aqa \when servers are turned ON since for high load few servers
in the following way:

can not satisfy SLA and there is the cost associated with server
e If the move turns ON a server then for the new server we ON. When the number of servers is increased and SLA are satis-

apply the scheduling policy of the cluster bottleneck; the new fied the cost function jumps abruptly and the global maximum is
server and the bottleneck server share equally the load. Foralways associated with satisfying a SLA for one set of job classes.
the other servers in the cluster the routing and scheduling ASymptotically when the number of server ON is increased the cost
policy remains the same as the previous iteration. function decrease as the plane of equatiop_,_, ciy; = costant
since when SLA are satisfied at the maximum level for each class
¢ If the move turns OFF a server then its load is assigned to of jobs, performance are improved but increasing the number of
others servers in the same cluster proportionally according to servers is not of advantage for the Service Provider; the cost func-
servers’ spare capacity, the scheduling policy is unmodified. tion is dominated by the cost associated with servers ON.
That is the scheduling of the previous iteration is applied. The estimate is obtained by considering a different cost function

) . that evaluates SLA revenue at cluster level instead of at server level
The execution that take advantage of current scheduling and rout-5¢ i, equation (1); let's consider the following problem:

ing assignment is more efficient and leads to the next current solu-

tion in almost 70% of cases. The neighborhood of a solution is de- M /K-1
fined by all solutions that can be obtained by applying these moves max Z Z Us (Ri k) Nik — Ciyi (14)
to all clusters. The search is guided by a tabu-search meta-heuristic im1 1

in which only the short-term memory mechanism has been imple- i
mented. Since the neighborhood has almost the same size during Z Ximk = Mk
the algorithm execution, the tabu list has a static size proportional m=1

to the number of clusters in the system. M
In order to obtain good results, we faced the problem of finding a Z Xk =AXip=0 if A;x =0
high quality initial configuration for servers at the data center. The im1
number of servers OI; are the main variables of the problem, Aig >0 if A =1Ay; >0

since they affect performance and cost function. On the other hand,
Ai,m,k @nde; i affect only performance and can be considered
fine tuning variables while, at high level, the performance of a Web KZ_:I s
i,m,k
k=1

yi € [0, M;]; yiintegral

IN

site mainly depends on the number of servers adopted. In order to 1

find a good initial solution for the tabu-search algorithm we have
evaluated three different estimates for the number of server ON. — 1

In the first estimate we evaluate the cost function at cluster level Cittk®i,m.ke — Xiym,k
and enumerate job class performance level at various clusters. The (15)

; Yi > 0; Ximk < Citkdi,m i

i,m



Y AimkRimok (i
Ri — m=1 1, 1, P!
* ik
L LTS T
Ur(Rik) = Zw,kSATz,k(Ri,k) 3

=1

SAT x(Rik) =1 & zicik < Rip < zik; (16)
20 =0; zp41 =0 (17) k

L
> SATik(Rix) = 1 (18) I
=1

SLAs are evaluated considering the average response time for clas:
k jobs at cluster level, besideés ., and; ., . are fixed:

1
Pismk = 7 (19) _ " : : :
K—-1 Figure 8: Utility Function, Multiple Class Dedicated Servers
Aik = Ag Céyi (20)
A\ ik @1) asymptotically trend a plane and the global maximum correspond
i,m,k =

v to satisfying a SLA of one job class.

] ] ) ) In particular the plotin Figure 7 consider two homogeneous clus-
which corresponds to adopt Processor Sharing scheduling policyters and the two job classes have the same throughput and utility
(19), assign load to clusters proportionally to their capacity (20) function. Under these assumptions the cost function behaves like
and balancn]?/[g the load in each cluster among individual servers 5 stajrcase and each step corresponds to a straight line in the
(21).C = >>;—, Ciy: isthe overall computing capacity available at ., pjane. Straight line equations can be determined considering all
the data center in the scheduling time interval under consideration. gf the possible combinations of thresholds for the two class of jobs

Then itis easy to evaluate response timgs, » andR; : and the two cluster that is:
Rimi = = 11 o = T C(K—I;)C - Tk <Rip <z i=1,.. Mk=1,. K-1
R ik 1A Ciyg & — -1 . . . . .
"ot M (b ( JAe) Itis easy to find that this set of equation gives:
Rip = =—=—FF—""" = Ciz 1 k(K —1)A Cizip(K —1)A
’ ik Ci(pC — (K — 1)Ax) Lk PN Oy < 2SR T IR (92
. l i CiZi—ippe — K +1 Zl Yi = CiZikpr — K +1 (22)
Note that with positions (19-21) response times depend only on the =
overall computing capacity of the site, thatis= Zf‘il Ciy;, and Since the system has homogeneous servers and the two job classes
servers in the same cluster have the same performance. have the same throughput and utility functions, the system of in-

equalities reduce to a single equat@fi1 Ciy; = const. If clus-
ters are heterogeneous or job classes have different utility functions
or throughput then the staircase degenerates and the plot is less reg-
. - ular but the optimum can be anyway found considering the solution
X 104 o ' : e » of the set of inequalities (22). So in order to evaluate the initial
' : ' number of server under these hypotheses of scheduling and load
LME=1D problems like the following have to be solved:

M
mianiyi (23)
i=1
Zi—ip < Rix < Zik; i=1,...,.M; k=1,..., K -1
yi € [0,M;];  y; integral

The minimization problem originate from the fact that given re-
sponse time bounds from the set of inequalities (22), the aim is to
reduce the number of server. Problem (23) can be reduced to the
following LPI problem:

00

min 3 ciyi (24)

Figure 7: Plot of equation (14) with homogeneous clusters as a Iy
function of the number of servers ON gi_zl—l,k(K —;)Ak < ZCiyi < qifl,k(K — 1Ay (25)
iZi—1, etk — K +1 —~ CiZippur — K +1

Figure 7 is an example of a plot of equation (14) as a function
of the number of servers ON when only two clusters and two job Note that in the set of constrains (25), the sﬁﬁil Ciy; does not
classes are considered. Note that plots are smoother of the previ-depend ork, then the set of constrains can be replaced by a single
ous case but show the same behavior, that is initially decreasing,inequality taking the maximum of the left inequality and minimum



of the right one. Besides, since we have a minimization problem inside each cluster which share the load assigned to the cluster.
only the left inequalities have to be satisfied, then the problem sim- Let’s denote withy; . the number of servers dedicated to job class
ply becomes: k at clusteri. Class load is assigned to cluster proportionally to
their capacity, i.e.,

M
min Z CiYi (26) \ CiAix A
= i,k = k-
! SM CiAik
M CiZi—1 k(K — 1)Ak
Z Ciyi > ,_max Cf_ — Kl 27) Now let’s consider a very simple system constituted by a single
i=1 Sl Kot Cizio g — Ko class and single cluster. Lét be the capacity of servers andhe

cost associated with servers in status ON. If load is balanced among

They; variables are bounded, for eaghy; <Y, Y = max M;, ) Hibattls
servers in the clusters then the response time is given by:

with the change of variable; = Y — y; and considering that
min f(z) is equivalent tomax — f(z). Therefore, problem (26) 1
becomes a knapsack problem. There B#&% 1) problems orig- R= Cu— Ny’
inate from the combination of bounds in (25). These cases corre-

spond to all of the possible assignments of job response times forand the cost function becomes:
K classes at clustérto SLA levels. The best choice is obtained by

inspecting the solutions of the™ X~ problems. Note that all max  U(R)A —cy

of the set of combination has to be enumerated. But each combi- |t e consider the utility function in Figure 1, itis easy to see that

nation does not necessarily require the solution of a new knapsackihe optimum values af can be found by considering discontinuity
problem. If the number of job class is large the enumeration of points of the utility function since in the same interval the response
knapsack problems can be intractable, in such situation the numbertime js smaller and potentially the number of server ON is greater
of class can be reduced by clustering. but the overall revenue is the same. So each discontinuity point
The second method identifies the initial solution by a greedy could be characterized by a coupje = [—2 1, fi, where

algorithm that assigns dedicated servers to job classes, exploitingi,q |atter is the value of the cost function gbtéiﬁed witk= 4.

the structure of the optimum solution discovered from exhaustive 1,4 optimum number of server ON could be so evaluated simply

search results. The greedy procedure includes two steps. In the, jnspection. Now consider the general system under study but
first step the optimum performance level assignment o job classes,qqjgn o classes to dedicated servers. Then the response time is
is identified. That is, the combination of performance level of job given by the following equation:

classes that maximizes revenues is found (if job claissassigned

to the performance levéthen the revenue associated with the class 1 )
is simplyv; , Ax). The performance level assignment is identified Cittkk — Nik /Yik
by enumerating all of the possible performance level combinations L ) .
of job classes and evaluating the overall capacity of a cluster as COnsidering each job clagsand clustes then the set

C;M;. This is essentially modeling a set of servers as a single {(fi.k.i»¥i.k,i)} can be determined (see Figure 8) as discussed pre-
server of capacity proportional to the number of servers, which im- Viously. Letbez; .; = 1 if classk is assigned to clusterand the
plies an over-estimate of data center capacity. The second phasé&orresponding SLA i3, andz;,; = 0 otherwise. Then we can
iteratively tries to assign job classes to dedicated servers accordingconsider the problem:

to the performance levels identified in the first phase. if the capac- M

ity available at the data center is not sufficient then the performance ax Z
level of the class that corresponds to the minimum loss in revenue im1
(that is the clas% such that(v; , — v;,; ,)Ax is minimized) is

A< Cuy (28)

Riw = Aik < Cippyie  (29)

K-1

Z fik,i%i ki

=1

m

k=1

K-1
decreased. _ o _ o _ Zyl,k,il'l,k,i < M; (30)
The third method finds the initial solution by assigning again 1 =1
dedicated servers to job classes but the assignment is identified L
by the solution of a multiple-choice multiple-dimension knapsack le pi=1, ziki € {0,1}, (31)
problem (MMKP). A multiple-dimension knapsack problem is one = w

kind of knapsack where the resources are multi-dimensional, i.e. ] o )
there are multiple resource constrains for the knapsack. The MKKP Where the set of constrains (30) implies that at midstservers in
problem is a combination of the MKP problem presented in Sec- €ach cluster are assigned and constrains (31) assign each job class

tion 4 and a multiple-dimension knapsack. Formally let there be
groups of items, group hasn; items, letc; .. be the value of the
k-th item inl-th group,w; x,; the amount of resourcerequired by
thek item in thel group and¥V; the amount of thé resource. Then
the problem is:

n ny n ng
max E E Cl,kml,kg E wi kit < Wi

=1 k=1 =1 k=1

ny
Zl’l,k = 1, T € {0,1}.
k=1

to a single cluster and to exactly one SLA level. Also this MKKP
problem has been solved implementing HEU heuristic proposed in
[2]. Next section will show results that can be obtained by adopting
the three different initial solutions.

6. EXPERIMENTAL RESULTS

In this section we present experimental results to illustrate the
effectiveness of our approach. The number of job classes has been
varied between 3 and 6; the number of clusters has been varied
between 2 and 10 and overall data centers with 200 servers have
been considered. Service times were random generated and for
each test case the load was increased in a way that the utilization of

In this case we assume to assign to job classes dedicated serverdata center resources varied between 0.2 and 0.8.
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Figure 9: Revenue for Different Data Center Configurations Figure 10: Maximum Revenue vs. Data Center Capacity Plot

We begin with a simple exercise to decide the cost associatedthe number of servers that keeps the u_tilizatiop of the datg_ center
with servers. The cost of a unit capacity server has been evalu-equals to 06 according to gre(_ady solutions which ?dOpt _utlllzatlon
ated considéring the revenues obtained. Plots in Figure 9 showsthreShOICIS In resource allocation cqntrol as dt_ascrlbed n [7] and
revenues evaluated by an exhaustive search algorithm applied o 1] (we emp!rlc_ally verified that apply_mg prop_ortlonal assignment,
LA are optimized when resource utilization is approximately 0.6).

;jnatalcfaegt?nrjr\évétgr\slﬁuousrgi?ﬁ:;fiaggif(;lomgir:t:gts f%; 'QS;SSZConSidering this scenario our approach improves SLA revenues of
9 P P pacity one order of magnitude since for the same load our controller is

2gﬁptggz'sltt;t I(rj](tairreezté?r? tzptg:ea”r]r?;;ier\rﬁr*?ﬁa{:}?sreoabstgiig?jovs\/thlénr;able to reduce the number of servers ON, furthermore inspecting
y 9 solutions we can identify islands of servers which share the load

Fhe data center utll!zatlon is about 0.5-0.6. After the MaxIMum, ;,qide clusters but in general the load is not balanced among all of
job classes are assigned to lower levels of performance and the in-

; C o . - . the servers of a cluster.

creasing load implies a loss in revenues instead of a potential ben-
efit for the Service Provider. Figure 10 shows that the maximum
revenue grows linearly with data center capacity with coefficient 7. RELATED WORK
almost equal to 160. In our tests we used 120 as unit capacity cost; Recently, the problem of maximization of SLA revenues in shared
sensitivity analyses showed thatt20% variation of unit cost co-  data center environments has attracted vast attention by the research
efficient implies on average-415% variation of our results. community. Considering the high variability of system load ([7])

Plots in Figure 11 show the trace of execution of the tabu search the goal is to design a self-managing infrastructure that allocates
algorithm for a system with 2 clusters. The first cluster has 60 shared resources to third party sites hosted at the data center, while
servers with capacity 1. And the second cluster has 60 servers withmaximizing revenues from SLA contracts. Main components of
capacity 2. There are 3 classes of jobs. Clusters are shared amonghese architectures ([14]) typically are a requests classifier, which
the three job classes, i.ed;, = 1. Plots show that the tabu-  identify requests from different sites and estimates requests ser-
search approach is efficient since solutions can be improved afteryice times, a predictor, which from load history forecasts future
the analysis of worsening ones. Usually the initial solution obtained system load conditions, and a controller which assigns system re-
with the HEU heuristic gives better performance in terms both of sources to requests trying to satisfy SLA bounds while maximizing

initial and final solution when the load is high. When the load is the provider's revenue. Overviews of self-managing infrastructures
light, better results can be obtained by the greedy approach. Thecan be found in [3, 7, 13, 6].

first method proposed to determine the initial solution gives the best
results only in 14% of cases. The second best solution identified

by the algorithm usually differs from the best one by at most one 0o
server. Sometimes, the second best solution uses the same numbe L ——
of servers as the identified optimal but adopt different scheduling L e
and routing policies. g 00K

An estimate of the quality of our solution is obtained by compar- A — |
ing our results with results of an exhaustive search algorithm. Tests E 00 —
considered data centers with two clusters shared by 3 job classes A0 1- e == |
for increasing loads. In order to keep the analysis tractable a clus- 1L R |
ter withy; servers ON was modeled as a single server with capacity ok g sl b
Ciy:. Results are quite good since with this approximation in the I o - " o "
exhaustive search performance of a single clustey;aimes better i
thany; servers, the average error was about 30% varying between — Mahed 1 Ciresl — Wt 1 Be T p——
5-70%, the error increases with the utilization of the data center sdethad 3 Besl Wisped 3 € e —— iietiiod 3 Bl

since the number of servers adopted in the solution also increases !
and the inaccuracy of the estimation grows. In order to compare our

results with the adoption of the proportional assignment schema Figure 11: Execution Trace of the Tabu-search Algorithm for
the number of servers that has to be turned ON is evaluated asDifferent Initial Solutions



The problem of maximization of SLAs can be formulated as the
dual problem of minimization of system response times and max-
imization of throughput as in [15]. That work proposes a static
algorithm which assigns sites to overlapping servers executed once
a week, on long term predictions basis, while a dynamic algorithm
implements a real time dispatcher and assigns incoming requests to
servers considering short term load forecasts. In [12] continuous
yield functions are introduced and the problem of maximization
of yield is formulated as a scheduling problem. The work pro-
poses a greedy scheduling algorithm while incoming requests are
assigned to servers according to the queue length. The effective-
ness of the overall approach is verified by simulation. The authors
in [6] considered the dual problem of minimizing customers’ dis-
content function considering an online estimate of service time re-
quirements and response times. The optimal GPS scheduling is
identified by Lagrange multipliers.

In [10], the authors proposed an analytical formulation of the
problem to maximize the multi-class SLA in heterogeneous web
clusters considering the tail distribution of the requests response
times. The problem is solved by a fixed point iteration which con-
verges to the global optimum of the system (the cost function is
concave continuous and differentiable) but the number of servers
in every cluster is fixed independently by load condition. The con-
trol variables are the GPS parameters at each cluster and the fre-
guency of requests assigned to different clusters. The load is bal-
anced in each cluster. The problem of minimization of the cost as-
sociated with servers is considered in [7], the main costs associated
with the use of resources is energy consumption and a greedy re-
source allocation algorithm is proposed which reconfigures cluster
farms on the basis of servers utilization. Finally, in [5] is presented
a study which estimates benefits of resource multiplexing of on-
demand data centers environment with respect to the granularity of

the control, that is the spatial allocation granularity (the resource [

unit allocated to customer classes, i.e. one server) and the tem-
poral allocation granularity (i.e. the inter-scheduling time of the

controller). The study proposes also an analysis which relates the[11]

temporal granularity with the accurateness of the predictor.

8. CONCLUSIONS

We proposed an allocation controller for web data center envi-
ronments which maximizes the profits associated with multi-class
Service Levels Agreements. The cost model consists a class of real-

istic utility functions which include revenues and penalties incurred [13]

depending on the achieved level of performance and the cost asso-
ciated with servers. The revenue function depends on the achieved
level of service as well as the request volume. The per request rev-

enue decreases for lower level of user experienced response timelL

The overall optimization problem is NP-hard. We show structral
properties of the optimal solution, and use these insights to guide

[2] Akbar, M. M., Manning, E.,G., Shoja, G., C., Khan, S. 2001.
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