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Abstract

Large data centers host several application environ-
ments (AEs) that are subject to workloads whose inten-
sity varies widely and unpredictably. Therefore, the servers
of the data center may need to be dynamically redeployed
among the various AEs in order to optimize some global
utility function. Previous approaches to solving this prob-
lem suffer from scalability limitations and cannot easily ad-
dress the fact that there may be multiple classes of work-
loads executing on the same AE. This paper presents a solu-
tion that addresses these limitations. This solution is based
on the use of analytic queuing network models combined
with combinatorial search techniques. The paper demon-
strates the effectiveness of the approach through simulation
experiments. Both online and batch workloads are consid-
ered.

1. Introduction

Autonomic computing systems, also known as self-*
systems, can regulate and maintain themselves without hu-
man intervention. Such systems are able to adapt to chang-
ing environments (such as changes in the workload or fail-
ures) in a way that preserves given operational goals (e.g.,
performance goals). There has been significant research and
attention to autonomic computing in the recent years [2, 3,
4, 5, 7, 8, 9, 10]. In our previous work [3, 8, 9, 10], we devel-
oped a technique to design self-organizing and self-tuning
computer systems. This technique is based on the combined
use of combinatorial search techniques and analytic queu-
ing network models. In that work we defined the cost func-
tion to be optimized as a weighted average of the devia-
tions of response time, throughput, and probability of re-
jection metrics relative to their Service Level Agreements

(SLAs). Others have used a control-theoretic approach to
design self-configuring systems [6].

In this paper, we show how these techniques can be em-
ployed to solve resource allocation problems. More specifi-
cally, we use as an example a data center similar to the ex-
ample used by Walsh et. al. in [13]. A data center hosts sev-
eral Application Environments (AEs) and has a fixed num-
ber of servers that are dynamically allocated to the various
AEs in a way that maximizes a certain utility function, as
defined in [13]. The utility functions used in [13] depend
in some cases on performance metrics (e.g., response time)
for different workload intensity levels and different num-
ber of servers allocated to an AE. The authors of [13] use a
table-driven approach that stores response time values ob-
tained from experiments for different values of the work-
load intensity and different number of servers. Interpolation
is used to obtain values not recorded in the table. As pointed
out in [13], this approach has some limitations: i) it is not
scalable with respect to the number of transaction classes
in an application environment, ii) it is not scalable with re-
spect to the number of AEs, and iii) it does not scale well
with the number of resources and resource types. Moreover,
building a table from experimental data is time consuming
and has to be repeated if resources are replaced within the
data center (e.g., servers are upgraded).

This paper proposes an alternative solution to the data
center resource allocation problem along the lines of our
previous work. We replace the table-driven approach with
predictive multiclass queuing network models [11]. We
show that the proposed solution does not suffer from the
limitations mentioned above.

The rest of this paper is organized as follows. Section
two formally defines the problem. Section three discusses
the approach used by a resource allocation controller. This
section also presents the analytic performance models used
by the controller. The next section describes the experimen-
tal setting used to evaluate the approach proposed in this pa-
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per. Results of the evaluation are presented in section five.
Finally, section six presents some concluding remarks.

2. The Dynamic Resource Allocation Problem

A data center consists of M application environments
(AEs) and N servers (see Fig. 1). The number of servers
assigned to AEi is ni. So,

∑M
i=1 ni = N . Each AE may ex-

ecute several classes of transactions. The number of classes
of transactions at AEi is Si. Servers can be dynamically
moved among AEs with the goal of optimizing a global util-
ity function, Ug, for the data center. A resource manager lo-
cal to each AE collects local measurements, computes local
utility functions, and cooperates with the global controller
to implement server redeployments.
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Figure 1. Application Environments.

AEs may run online transaction workloads or batch
workloads. For the case of online workloads, the workload
intensity is specified by the average arrival rate λi,s of trans-
actions of class s at AEi. For batch workloads, the workload
intensity is given by the concurrency level ci,s in each class
s of AEi, i.e., the average number of concurrent jobs in ex-
ecution per class. We define a workload vector �wi for AEi

as

�wi =
{

(λi,1, · · · , λi,Si) if AEi is online
(ci,1, · · · , ci,Si) if AEi is batch

(1)

We consider in this study that the relevant performance
metrics for online AEs are the response times Ri,s for each
class s of AEi and that the relevant metrics of batch AEs
are the throughputs Xi,s of each class s of AEi. We then
define the response time and throughput vectors for AEi as
�Ri = (Ri,1, · · · , Ri,Si) and �Xi = (Xi,1, · · · , Xi,Si), re-
spectively. These performance metrics can be obtained by
solving an analytic performance model, Mi, for AEi. The
value of these metrics is a function of the workload �wi and
of the number of servers, ni, allocated to AEi. Thus,

�Ri = Mo
i (�wi, ni) (2)

�Xi = Mb
i(�wi, ni) (3)

The superscript o or b in Mi is used to denote whether the
model is for an online AE or a batch AE. These analytic
models are discussed in Sections 3.1 and 3.2

Each AE i has a utility function Ui that is a function of
the set of performance metrics for the classes of that AE.
So,

Ui =
{

f(�Ri) = f(Mo
i (�wi, ni)) if AEi is online

g( �Xi) = g(Mb
i(�wi, ni)) if AEi is batch.

(4)
The global utility function Ug is a function of the utility

functions of each AE. Thus,

Ug = h(U1, · · · , UM ). (5)

We describe now the utility functions that we consider
in this paper. Clearly, any other functions could be consid-
ered. For online AEs, we want a function that indicates a
decreasing utility as the response time increases. The de-
crease in utility should be sharper as the response time ap-
proaches a desired SLA, βi,s for class s at AEi. Thus, the
utility function for class s at online AEi is defined as

Ui,s =
Ki,s.e

−Ri,s+βi,s

1 + e−Ri,s+βi,s
(6)

where Ki,s is a scaling factor. This function has an inflec-
tion point at βi,s and decreases fast after the response time
exceeds this value. See an example in Fig. 2 for Ki,s = 100
and βi,s = 4.

The total utility function, Ui, is a weighted sum of the
class utility functions. So,

Ui =
Si∑

s=1

ai,s × Ui,s (7)

where 0 < ai,s < 1 and
∑Si

s=1 ai,s = 1.
The utility function for batch AEs has to take into ac-

count the fact that the higher the throughput the higher the
utility. Thus, we use the function

Ui,s = Ki,s ×
(

1
1 + e−Xi,s+βi,s

− 1
1 + eβi,s

)
(8)
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Figure 2. Utility as a function of response
time.

for class s at batch AEi. Again, as the throughput decreases
from its minimum value of βi,r, the value of the utility func-
tion goes rapidly to zero. Note that Eq. (8) is defined in such
a way that the utility is zero when the throughput is zero.
See an example in Fig. 3 for Ki,s = 100 and βi,s = 2.
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Figure 3. Utility as a function of the through-
put.

We use Eq. (7) to compute Ui in the batch case also.
The resource allocation problem addressed in this paper

is similar to the one addressed in [13]. However, our solu-
tion uses a different approach, which is based on the con-

cepts we developed in our earlier work [3, 8, 9, 10]. The
resource allocation problem in question is how to dynami-
cally switch servers among AEs with the goal of maximiz-
ing the global utility function Ug.

3. The Controller Approach

Figure 4 depicts the main components of a local con-
troller in an application environment. The workload monitor
collects data about workload intensity levels (1) (e.g., trans-
action arrival rates per transaction class) and stores them in
a workload database (2). The workload forecaster compo-
nent uses the data in this database to make predictions about
future workload intensity levels (6). Any number of statisti-
cal forecasting techniques [1] can be used here. The predic-
tive model solver uses either currently observed workload
measurements (5) or predicted workloads (6) along with the
number of servers allocated to the AE to make performance
predictions for the current workload level or for a forecast
workload level. These predictions, along with SLAs for all
classes of the AE, are used by the utility function evalua-
tor to compute the utility function for the AE as explained
in Section 2. If the utility function needs to be computed
for the current configuration, measured performance met-
rics (response time and/or throughputs) (4) obtained from a
performance monitor (3) are used instead of predictions.

Figure 5 shows the components of the global con-
troller. A global controller driver determines (1) how often
the global controller algorithm should be executed. For ex-
ample, the controller could be activated at regular time
intervals, called control intervals, or it could be made to re-
act to changes in the global utility function. The global
controller algorithm executes a combinatorial search tech-
nique over the space of possible configuration vectors
�n = (n1, · · · , ni, · · · , nM ). For each configuration ex-
amined by the controller algorithm, the corresponding
number of servers (3) is sent to each AE, which re-
turn the values of the utility functions Ui (4). The global
utility function evaluator computes Ug using Eq. 5 and re-
turns the value (2) to the global controller algorithm. When
the global controller finds a better allocation of servers,
it starts the redeployment process. The breakdown be-
tween the functions of the local controller and the global
controller described above is not the only possible de-
sign alternative. For example, one may want to have a
lighter weight local controller and have a global con-
troller that runs the predictive performance models for all
AEs.

The global controller algorithm searches the space of
configurations �n = (n1, · · · , nM ) using a beam-search al-
gorithm. Beam search is a combinatorial search procedure
that works as follows [12]. Starting from the initial config-
uration, the global utility function, Ug, is computed for all
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the “neighbors” of that node. The k configurations with the
highest values of Ug are kept to continue the search. The
value of k is called the beam. Then, the “neighbors” of each
of the k selected points are evaluated and, again, the k high-
est values among all these points are kept for further con-
sideration. This process repeats itself until a given number
of levels, d, is reached.

The following definitions are in order so that we can
more formally define the concept of neighbor of a config-
uration. Let �v = (v1, v2, · · · , vM ) be a neighbor of a cur-
rent configuration vector �n = (n1, n2, · · · , nM ) We define
N as the list of possible number of servers for a batch AE
in such a way that the concurrency level for all classes can
be evenly distributed among all servers of that AE. This is
achieved by making N be the list of common denomina-
tors of the concurrency levels of all classes of that AE. For
example, consider a batch AE with three classes whose con-
currency levels are 30, 20, and 10. The list of common de-
nominators, is N = (1, 2, 5, 10). Thus, if we have 5 servers,
the concurrency level per server for all classes is given by
(6, 4, 2). We define vi as the successor of ni for a batch AEi

if vi follows ni in N . Similarly, vi is a predecessor of ni if
vi precedes ni in N . If AEi is an online AE, then vi is a suc-
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Figure 5. Global Controller.

cessor of ni if vi = ni + 1 and vi is a predecessor of ni if
vi = ni − 1. Then, �v is a neighbor of �n iff i)

∑M
i=1 vi = N ,

ii) the utilization of any resource within the online servers
of online AEs does not exceed 100%, and iii) there is one
and only one i(1 ≤ i ≤ M) and one j(1 ≤ j ≤ M) such
that vi is predecessor of ni and vj is a successor of nj .

The controller algorithm is specified more precisely in
Figure 6. The following notation is in order:

• V(�n): set of neighbors of configuration vector �n.

• LevelListi: set of configuration vectors examined at
level i of the beam search tree.

• CandidateList: set of all configuration vectors selected
as the k best at all levels of the beam search tree.

• Top (k,L): set of configuration vectors with the k high-
est utility function values from the set L.

• �n0: current configuration vector.

3.1. Performance Model for Online Transactions
AEs

This section describes the performance model used to
estimate the response time for AEs that run online transac-
tions (e.g., e-commerce, database transactions). Let DCPU

i,s



LevelList0 ← �n0;
CandidateList ← LevelList0;
For i = 1 to d Do

Begin
LevelListi ← ∅;
For each �n ∈ LevelListi−1 Do

LevelListi ← LevelListi ∪ V(�n);
LevelListi ← Top (k, LevelListi);
CandidateList ← CandidateList ∪LevelListi;

End;
�nopt ← max (CandidateList)

Figure 6. Controller Algorithm.

be the CPU service demand (i.e., total CPU time not in-
cluding queuing for CPU) of transactions of class s at any
server of AEi and DIO

i,s be the IO service demand (i.e., total
IO time not including queuing time for IO) of transactions
of class s at any server of AEi. In practice, the service de-
mand at a device i for class s transactions can be measured
using the Service Demand Law [11], which says that the
service demand at device i is the ratio between the utiliza-
tion of device i due to class s and the throughput of class s.
Let λi,s be the average arrival rate of transactions of class s
at AEi. Then, using multiclass open queuing network mod-
els as presented in [11], the response time, Ri,s(ni), of class
s transactions at AEi can be computed as:

Ri,s(ni) =
DCPU

i,s

1 − ∑Si

t=1
λi,t

ni
× DCPU

i,t

+

DIO
i,s

1 − ∑Si

t=1
λi,t

ni
× DIO

i,t

. (9)

Note that the response time Ri,r is a function of the num-
ber of servers ni allocated to AEi. Eq. (9) assumes perfect
load balancing among the servers of an AE. Relaxing this
assumption would be straightforward.

Figure 7 shows response time curves obtained with
Eq. (9) for a case in which an AE has three classes and two,
three, or four servers are used in the AE. The x-axis corre-
sponds to the total arrival rate of transactions to the AE, i.e.,
the sum of the arrival rates for all three classes. In this ex-
ample, transactions of class 1 account for 30% of all
arrivals, class 2 accounts for 25%, and class 3 for the re-
maining 45%. The service demand values used in this case
are given in Table 1.

3.2. Performance Model for Batch Processing AEs

Some AEs may be dedicated to processing batch jobs
such as in long report generation for decision support sys-
tems or data mining applications over large databases. In

Class
1 2 3

CPU 0.030 0.015 0.045
IO 0.024 0.010 0.030

Table 1. Service demands (in sec) for the ex-
ample of Fig. 7
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Figure 7. Response times for an Online AE.

these cases, throughput is often of higher concern than
response time. Multiclass closed queuing network mod-
els [11] can be used to compute the throughput of jobs
running in batch environments. These models use multi-
class Approximate Mean Value Analysis (AMVA)—an it-
erative solution technique for closed queuing networks. In-
stead of transaction arrival rates, the measure of workload
intensity is the concurrency level, i.e., the number of con-
current jobs in execution in each class. We assume here that
the total concurrency level of an AE is equally split among
the servers of that AE.

Figure 8 shows how the throughput of two classes of
batch applications running in an AE varies as the number of
servers allocated to that AE varies from 1 to 3. The graphs,
obtained through analytic models [11], show the variation
of the throughput for each class as a function of the total
concurrency level within the AE, i.e., the total number of
concurrent jobs of all classes running in the AE. The two
classes in this example have the same service demands as
classes 1 and 2 in Table 1.
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4. The Experimental Setting

In order to evaluate the approach described in the pre-
vious section, we set up an experimental environment that
simulates a data center with three AEs and 25 servers. There
are two online AEs and one batch AE. Each AE runs mul-
tiple classes of transactions/jobs. The AEs were simulated
using CSIM and each simulated server has one CPU and
one disk. While the data center and all its AEs were simu-
lated in one machine, a different machine executed the con-
troller code, which runs a beam search algorithm and uses
queuing network analytic models to decide the best allo-
cation of servers to AEs. The controller communicates with
the machine that simulates the data center through Windows
named pipes. A local controller in each AE collects mea-
surements from the AE (number of allocated servers, ar-
rival rates per class for online AEs, and concurrency levels
per class for batch AEs) and sends them to the global con-
troller. The local controller is responsible for adjusting the
number of servers deployed to each AE.

Transactions for each class of the two online AEs are
generated by separate workload generators with their own
arrival rates. Separate workload generators for each class of
each AE generate transactions for the online AEs. The batch
AEs have as many threads per class as the concurrency level
for that class.

In this set of experiments we considered that the switch-
ing cost is zero, i.e., servers are moved from one AE to an-
other instantaneously. This assumption is based on the fact
that all applications are installed in all servers and that the
switching cost amounts to launching an application, which
is in the order of a few seconds.

Application Environment 1
Type Online
S1 3
s 1 2 3
DCPU

1,s 0.030 0.015 0.045
DIO

1,s 0.024 0.010 0.030
β1,s 0.060 0.040 0.080
a1,s 0.350 0.350 0.300

Application Environment 2
Type Online
S2 2
s 1 2
DCPU

2,s 0.030 0.015
DIO

2,s 0.024 0.010
β2,s 0.100 0.050
a2,s 0.450 0.550

Application Environment 3
Type Batch
S3 3
s 1 2 3
DCPU

3,s 0.005 0.010 0.015
DIO

3,s 0.004 0.008 0.012
β3,s 400 250 150
a3,s 0.350 0.350 0.300
c3,s 30 20 10

Table 2. Input Parameters for the Experiments

Table 2 shows the input parameters considered for each
AE. The table shows the service demands in seconds for
each class, the SLA for each class (the βi,s values), and the
weights (ai,s values) used to compute the utility function
Ui according to Eq. (7). The values of β for the two on-
line AEs are given in seconds because they correspond to
response times. The β values for the batch AE are given in
jobs/sec because they correspond to minimum throughput
requirements. The table also shows the values of the con-
currency levels for the three classes of AE3. These values
do not change during the experiments.

The global utility function, Ug, is computed as

Ug = 0.35 × U1 + 0.35 × U2 + 0.3 × U3. (10)

The values of the scaling factors Ki,s for the online AEs
were computed in such a way that the value of the utility
function is 100 when the response time is zero. Thus,

Ki,s = 100
(

1 + eβi,s

eβi,s

)
(11)

for the two online AEs. For the batch AE, the scaling fac-
tor for each class was computed in a way that its value is
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100 when the throughput for the class approaches its upper
bound. For the multiple class case, we use the single class
heavy-load asymptotic bound [11], which is a loose upper
bound for the multiple class case. This bound, X+

i,s, is equal
to the inverse of the maximum service demand for that class
multiplied by the maximum number of servers that could be
allocated to that AE. Thus,

X+
i,s =

N − (M − 1)
max(DCPU

i,s , DIO
i,s)

(12)

and the value of Ki,s for batch workloads is

Ki,s =
100(

1

1+e
−X

+
i,s

+βi,s
− 1

1+eβi,s

) . (13)

.

During the experiments, the transaction arrival rates at
the two online AEs was varied as shown in Fig. 9. The x-
axis is the control interval (CI), set at 2 minutes during our
experiment. For AE 1, the arrival rates for classes 1–3 have
three peaks, at CI = 7, CI = 19, and CI = 29. The arrival rates
for classes 1 and 2 of AE 2 peak at CI = 1, CI = 12, and CI =
24. As the figure shows, the peaks and valleys for AEs 1 and
2 are out of synch. This was done on purpose to create sit-
uations in which servers needed by AE1 during peak loads
could be obtained from AE2 and vice-versa. As we show
in the next section, the global controller is able to switch re-
sources from one AE to another, as needed, to maximize the
global utility function.
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5. Results

The initial allocation of servers to AEs was set in a way
that maximized the global utility function Ug for the ini-
tial values of the arrival rates. We kept the arrival rates con-
stant at that these values and allowed the controller to ob-
tain the best allocation of servers to AEs. The resulting ini-
tial configuration thus obtained was n1 = 7, n2 = 8, and
n3 = 10.

Figure 10 shows the variation of the global utility func-
tion, Ug, during the experiment for the controller and non-
controller cases. The graph also shows the 90% confidence
intervals (the confidence intervals are very small for the
controller case and are not as easily seen as in the non-
controller case). The graph clearly indicates that the global
utility function mantains its value pretty much stable when
the controller is used despite the various peaks and valleys
in the workload intensity for AEs 1 and 2 as shown in Fig. 9.
However, when the controller is not used, Ug shows clear
drops at the points where AE1 reaches its peak arrival rates
and a slight reduction when AE2 reaches its peak workload
intensity points.

The local utility functions are shown in Fig. 11. The fig-
ure shows that U1 and U2 decrease when the corresponding
arrival rates reach their peak. The figure also shows that U3

remains flat at 100 during the whole experiment. This is due
to the fact that i) AE3 is already close to its maximum pos-
sible throughput in each class and all of them exceed their
SLAS (X3,1 = 548 > 400 requests/sec, X3,2 = 363 > 250
requests/sec, and X3,3 = 182 > 150 requests/sec) and ii)
the initialization we selected gave AE3 an adequate num-
ber of servers, which happens to be the maximum it could
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get. Adding servers to AE3 does not improve its through-
put because the utilization of the CPU (the bottleneck de-
vice for AE3) is already at 92%. We discuss later a situa-
tion in which AE3 participates in the movement of servers
among the AEs.

Figure 12 shows the variation of the number of servers
allocated to each AE during the experiment for both con-
trolled and non-controlled cases. For the reasons explained
above, the initial number of servers allocated to AE3 did not
change throughout the experiment. However, AEs 1 and 2
exchange servers as neeed. For example, n1 decreases from
its initial value of 7 to 5 and n2 increases from its initial
value of 8 to 10 at CI = 2 because the controller realized that
AE2, which is at a peak, needs more servers than AE1 ini-
tially. At CI = 4, the arrival rates for AE2 start to increase
and the arrival rates of AE1 start to decrease (see Fig. 9).
As a consequence, n1 starts to increase and n2 starts to de-
crease so that at CI = 8, n1 reaches its maximum value of 12
and n2 its minimum value of 3. Note that these values oc-
cur one CI after the respective peak and valleys for AEs 1
and 2 occur, because the controller implemented in the ex-
periments uses the average arrival rate observed during the
previous control interval as an input to the predictive per-
formance model. The use of a forecast workload intensity
might have adjusted the number of servers sooner. The pat-
tern we just described repeats itself at CI = 13, CI = 20,
and CI = 30. As the figure shows, the controller is effec-
tive in moving servers to the AEs that need them most as a
result of a varying workload intensity.

It is interesting to analyze how the response times vary as
the experiment progresses and as the number of servers allo-
cated to AEs 1 and 2 change. Figure 13 shows the variation
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of the average response time for transactions of classes 1,
2, and 3 at AE1 for the controller and non-controller cases.
As it can be seen, when the controller is used, the response
times stays pretty much stable despite the peaks in work-
load intensity for all three classes. For example, for class
1, the response time stays around 0.076 sec when the con-
troller is used. However, when the controller is disabled, the
response time reaches three peaks at CI = 7, CI = 19, and CI
= 30, with the values of 0.284 sec, 0.344 sec, and 0.28 sec,
respectively. Similar behavior can be seen for classes 2 and
3.

A similar analysis for AE2 is shown in Fig. 14 for its
two classes for the controlled and non-controlled cases. As
before, the non-controlled cases exhibit peaks of response
times when the arrival rates of AE2 reach their peak. It
should be noted also that right after CI = 1, i.e., when the
controller is active, the response time for class 2 never ex-
ceeds its SLA of 0.05 sec, while the response time exceeds
the SLA by 54% at the peak value without the controller.

Figure 15 shows the variation of the utilization of the
CPU and disk for AE1 for the non-controller and controller
case. When the controller is used, the utilization of the CPU
remains in the range between 13% and 38% with the peaks
in CPU utilization occurring as expected around the peaks
in arrival rate. When the controller is disabled, the range in
CPU utilization is much wider going from 12.6% to 56%.
The same can be seen with respect to the disk. The utiliza-
tion of the disk in the controlled case ranges from 9.3% to
28% while in the non-controlled case it ranges from 8.9%
to 39.6%. Thus, the controller provides a much more con-
sistent use of server resources avoiding situations of under
or over utilization of resources.
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Figure 13. Variation of the average response
times R1,1 (top), R1,2 (middle), and R1,3 (bot-
tom).
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Figure 14. Variation of the average response
times R2,1 (top) and R2,2 (bottom) for AE2.

Figure 16 shows a situation similar to that of Fig. 15,
but for AE2. Note that the utilization of the CPU and disk
for AE2 is higher for the controlled case than for the un-
controlled case during most of the time. This is due to the
fact that AE2 was initially allocated 8 servers, significantly
more than its minimum of 3 achieved when the controller is
activated.

As we discussed before, we also ran an additional exper-
iment to force servers to be given to the batch AE, AE3.
For that purpose, we maintained the input parameters for
AEs 1 and 2 and made the following changes to the param-
eters of AE3: DCPU

3,1 = 0.004 sec, DCPU
3,2 = 0.006 sec,

DCPU
3,3 = 0.008 sec, DIO

3,1 = 0.002 sec, DIO
3,2 = 0.004

sec, DIO
3,3 = 0.006 sec, β3,1 = 300 jobs/sec, β3,2 = 200

jobs/sec, β3,3 = 120 jobs/sec, c3,1 = 18 jobs, c3,2 = 12
jobs, and c3,3 = 6 jobs. These service demands are all
much lower than the ones in Table 2. The new SLAs for
AE3 are lower, and the concurrency levels for each class
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Figure 15. Utilization of the CPU and disk for
AE1.

are also lower. This means that a lower initial server alloca-
tion than the one used in the previous experiment would be
feasible. Thus, we gave an initial allocation of 3 servers to
AE3. Note that in this experiment, the possible number of
servers for AE3 are 1, 2, 3 and 6 because of the new con-
currency levels. The initial allocation is n1 = n2 = 11, and
n3 = 3 for the same total number of servers equal to 25.

As Fig. 17 indicates, the controller gives 3 more servers
to AE3 and 2 more servers to AE2 at CI = 2. These 5 servers
come from AE1. The number of servers in AE3 remains at
6, the optimal value after CI = 2, while the remaining 19
servers alternate between AE1 and AE2 with n1 ranging
between 6 and 15 and n2 between 4 and 13.

6. Concluding Remarks

This paper addressed the problem of resource allocation
in autonomic data centers. The data center hosts several ap-
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Figure 16. Utilization of the CPU and disk for
AE2.

plication environments that use the shared resources of the
center. The resources in our case are physical servers that
can run the workload of any application environment. The
center has only a finite number of servers available to the ap-
plication environments. Each application environment has
its own SLAs. The SLAs are per class and per application
environment and not per server. It is up to the data center
controller to determine the required number of servers for
each application environment in order to continuously meet
the SLA goals under a dynamically varying workload. The
degree of adherence to the SLAs is reflected by a utility
function per application environment. The data center tries
to maximize a global utility, which is a function of the lo-
cal utility functions of the various application environments.
We showed how analytic performance models can be used
in an efficient manner to design controllers that dynamically
switch servers from one application environment to another
as needed.
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Figure 17. Variation of the number of servers
n1, n2, and n3 during the experiments with an
initial allocation of 3 servers to AE3.

We would like to return to the claims we made in the
introduction of the paper viz-a-viz the advantages of our
method. Given that our approach is based on analytic per-
formance models and not on simulation models, the ap-
proach scales very well with the number of AEs, resources
within an AE, and transaction classes. The computational
complexity of solving an open queuing network model for
online AEs is O(K S) where K is the number of resources
(e.g, processors, disks) per server allocated to the AE and S
is the number of transaction classes running on that AE [11].
The computational complexity of solving closed queuing
network models for batch AEs is O(I K S2) where K
and S are as before and I is the number of iterations of
AMVA [11]. In most cases, AMVA tends to converge very
fast (in less than 100 iterations) for tolerance values of
10−5. For example, an extremely large closed queuing net-
work model with 20 resources and thirty classes and concur-
rency levels per class ranging from 4 to 10 was solved in 71
iterations and took 53 seconds in a Pentium 4 2.8 GHz CPU.
So, if a data center has Ao online AEs and Ab batch AEs, the
computational complexity of solving the models for each
configuration �n is Ao O(K S) + Ab O(I K S2), which is
O(K S) if there are no batch AEs and it is O(I K S2) if
there is at least one batch AE. At any rate, each configura-
tion can be evaluated very fast. The number of configura-
tions to be evaluated each time the controller runs is a func-
tion of the breadth and depth parameters used in the beam
search technique.

As part of ongoing work, we are investigating the im-
pact on the global utility function of switching servers
among application environments. If switching costs are

non-negligible, the controller needs to adapt the rate at
which it is invoked and the utility function needs to reflect
the unavailability of a server while it is moving from one
application environment to another. We are also investigat-
ing the use of adaptive controllers and workload forecasting
techniques as we did in previous work.
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The work of Daniel Menascé is partially supported by
grant NMA501-03-1-2022 from the US National Geo-
spatial-Intelligence Agency.

References

[1] B. Abraham, J. Leodolter, and J. Ledolter, “Statistical
Methods for Forecasting,” John Wiley & Sons, 1983.

[2] Babaoglu, O., Jelasity, M., Montresor, A.: Grassroots Ap-
proach to Self-Management in Large-Scale Distributed
Systems. In Proc. EU-NSF Strategic Research Workshop
on Unconventional Programming Paradigms, Mont Saint-
Michel, France, 15-17 September (2004)

[3] M.N. Bennani and D.A. Menascé, “Assessing the Robust-
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