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Abstract— How to effectively allocate system resources
to meet Service Level Objectives (SLOs) is a challenging
problem for Web services providers. In this paper, we
propose a scheme for autonomous performance control of
Web applications. It uses a queueing model predictor and
an online adaptive feedback loop that enforces admission
control of the incoming requests to ensure the desired
response time target is met. The proposed Queueing-
Model-Based Adaptive Control approach combines both
the modeling power of queueing theory and self-tuning
power of adaptive control. Therefore, it can handle both
modeling inaccuracies and load disturbances in a better
way. To evaluate the proposed approach, we built a
multi-tiered Web application testbed with open-source
components widely used in industry. Experimental studies
conducted on the testbed demonstrated the effectiveness
of the proposed approach.

I. I NTRODUCTION

As global E-Commerce continues to grow rapidly [1],
the underlying architecture providing the service of E-
Commerce is becoming more and more important. The
architecture is generally referred to as “Web services”.
The term “Web services” describes specific business
functionality exposed by a company Web site through
Internet connections, for the purpose of providing a way
for another entity to use the services it provides [2]. Web
services are the building blocks for the future generation
of applications and solutions on the Internet.

One of the most pressing problems faced by Web
services designers and service providers is how they
can provide the quality-of-service (QoS) required by
their clients. Current practices typically rely on offline
capacity planning to statically determine the resources to
be allocated to ensure the QoS. However, Web traffic is
highly dynamic and volatile [3], [4]. A carefully planned
configuration for a Web site may work well under a
specific traffic condition, but the same configuration may
make the site go haywire when workload changes. A

well-known example is the frequently referred “Slashdot
effect” [5], which is named after the Web site slash-
dot.org. This occurs when a huge user base is referred
to a previously undiscovered Web site which used to
operate well. However, overwhelmed by the sudden
increase in the traffic volume, the site’s performance
degrades or even crashes [6]. Since Web traffic is highly
dynamic, offline capacity planning techniques are often
not adequate for QoS control in Web applications. In-
stead, the system must be smarter to react to the changing
workloads in an automatic way in order to maintain the
desired performance.

Recently, control theory has also been successfully
applied to controlling the QoS of computing systems.
Chapter 1 of [7] gives an extensive summary of related
work in this area. In order to facilitate the application
of traditional control theory, most of the previous work
on control-theoretic approaches uses linear difference (or
differential) models to represent the underlying comput-
ing systems. However, computing systems are highly
nonlinear [8], [9], except in the limited case of heavy
workload that allows for fluid approximations. A good
model of the plant is critical to any control design.
We believe that the key to success of applying control-
theoretic approaches to computing systems is not to
force-fit them into linear models. Rather, we should
model computing systems for what they are.

During the last 40 years, research has shown that
queueing models serve as a fundamental tool to model
computing systems [8], [10]. In fact, queueing models
have been successfully applied to areas such as capacity
planning [9] and performance analysis [9] etc. How-
ever, unlike feedback control, queueing theory usually
is descriptive, rather than prescriptive. So its traditional
application is in capacity planning rather than QoS
control. A natural question is: “Can we combine the
strength of both queueing theory and feedback control



for performance management in computing systems?”
In this paper, we present Queueing-Model-Based

Adaptive Control, a new approach for controlling the
performance of computing systems. It utilizes the mod-
eling (descriptive) power of queueing theory and the self-
tuning (prescriptive) power of adaptive control. By using
an example application of overload control for a multi-
tiered Web site, we show that the proposed approach
can achieve better performance regulation than previous
approaches.

The reminder of this paper is organized as follows.
Section II gives the background of overload control for
multi-tiered Web applications. Section III provides the
formal description of Queueing-Model-Based Adaptive
Control approach. Section IV describes our experimental
testbed and implementation. Section V shows exper-
imental results in detail. Section VI reviews related
work and contrasts our approach to previous proposals.
Finally, Section VII summarizes our conclusions and
offers possible directions for future work.

II. BACKGROUND

A. Muti-Tiered Web Application Architecture

Modern Web applications use a multi-tiered archi-
tecture to provide required services. While some Web
applications use two tiers—Web server and database
server—high volume sites typically add a third tier:
application server to support complex business logic. As
a consequence, most deployed Web applications utilize
a 3-tiered architecture that is illustrated in Figure 1. This
3-tiered architecture provides a high level of scalability
and reliability [11].

 

Fig. 1. 3-Tiered Web application architecture.

In the 3-tiered architecture, on the front line of a
typical Web site is the Web server that acts as the
presentation layer. This tier has three functionalities:
(1) receives requests from the clients and service static
Web requests; (2) at the same time forwards complex
dynamic content requests to the 2nd tier; (3) receives
responses from the 2nd tier and sends them back to
the clients. Typical Web server includes Apache and
Microsoft Internet Information Server (IIS).

All the business logic for a Web site resides in
the 2nd tier – application server. Application server
receives requests from Web server, looks up information
in the database (3rd tier) and processes the information.
The processed information is then passed back to the
Web server where it is formatted to be displayed on
clients’ machines. Typical application servers include
Apache Tomcat, Sun Java System Application Server,
BEA WebLogic, IBM WebSphere, and JBOSS.

The 3rd tier – database server is the storehouse of a
Web site’s information. Everything from user accounts
and catalogs to reports and customer orders is stored in
the database. Typical database servers used in Web appli-
cations include Oracle, Microsoft SQL Server, Sybase,
IBM DB2, MySQL, and PostgreSQL.

We built a testbed to emulate an online Web ser-
vices provider in our Lab. The front-end is using
Apache Web server [12], the application server is run-
ning Tomcat [13], and the backend database is running
MySQL [14]. The reasons why we select this combi-
nation are: 1) all of them are open source projects and
freely available; 2) their performances are among the
highest of all individual components; 3) they are widely
used on the Internet, even in commercial sites such
as Amazon.com, Mp3.comand Yahoo Finance. Hence
this combination is quite representative of the current
technology. It is worth noting that the performance
control approach proposed in this paper (Section III)
does not depend on this specific combination and is
general enough for other Web application deployments.

B. Response Time Regulation via Admission Control for
an Overloaded Web Site

The QoS of a Web application is often defined as a
set of criteria, referred to as Service Level Objectives
(SLOs) [15], [16]. One of the most commonly used
SLOs is expressed as a maximum average response time
guarantee, above which is not acceptable to the clients.
In fact, in Web applications, prolonged response times
usually lead to lowered usage of a site, and subsequently,
reduced revenues [16].

One problem frequently encountered by Web services
providers is overload [17], [18], where the volume of
requests for transactions at a site exceeds the site’s
capacity. Overload causes longer delays to the clients
or even denial of service and is a major reason for SLO
violations.

Admission control [19] is an effective technique that
prevents a system from overload. The idea is reducing
the amount of work required when faced with over-



load by dropping a portion of the requests. This way,
the server can service the accepted requests faster and
meet the response time SLO. However, dropping too
many requests should be prevented since this will also
cause revenue loss. So the key question is, “what is
the minimum portion of requests to be dropped when
the Web site is overloaded in order for the accepted
requests to meet their response time SLO?” An online
feedback based admission control scheme is illustrated
in Figure 2. A controller periodically takes performance
measurements (measured delay1 d) of the Web site
from a monitoring agent, compares it with the desired
performance (reference delayDref ), and adjusts the
admitting probability (Pa) to meet the performance goal
(Dref ). The changes to the admitting probability can be
actuated through an admission control (AC) module. For
example, the AC module can be implemented through a
proxy agent (Section IV). Through the AC module, a
request is being accepted with probabilityPa, and being
dropped with probabilityPd = 1− Pa.

III. QUEUEING-MODEL-BASED ADAPTIVE CONTROL

A. Overview of the Queueing-Model-Based Adaptive
Control Architecture

In this section, we describe the fundamental elements
of the Queueing-Model-Based Adaptive Control. We will
use the response time regulation problem discussed in
Section II-B as a motivating application example. Fig-
ure 3 shows the proposed architecture. In our proposed
architecture, there is a feed forward control loop and
a feedback adaptive control loop working together to
output the control command (admitting probabilityPa)
necessary to achieve a specified average delay target
(Dref ).

The feed forward loop is composed of aQueueing
Model Predictor. It takes measurements through a mon-
itor from the computing system (Web site) to be con-
trolled, and uses classical results from queueing theory
to predict a control command (admitting probability)
necessary to achieve the specified average delay target
given the currently observed average workload. Let’s call
the admitting probability produced by this feed forward
queueing model predictor asPm

a . Since queueing model
used in the predictor serves only as an approximation
of the real Web site, the performance of the Web site
(measured average delayd) using the queueing model
predicted admitting probabilityPm

a may be off from the

1In this paper, we will use the term “response time” and “delay”
interchangeably.

targeted delay referenceDref . To correct this “residual
error”, we exploit an adaptive feedback loop.

The feedback control loop compares the actual delay
achieved to the desired delay reference and adjusts
the admitting probability accordingly in an incremental
manner to ensure that the desired delay is maintained.
Unlike previous approaches [20], [6], which design the
controller in the feedback loop based on linearization
of the queueing model, we propose to use adaptive
control algorithm to design the feedback controller. This
is because when the queueing model serves only as an
approximation of the underlying Web site to be con-
trolled, the further linearized model could be far off in
representing the relationship between control command
adjustments (∆Pa) and the residual error corrections
(∆d) well. Hence the feedback controller build on top
of the linearized model may lead to poor performances
in terms of correcting the residual errors. In our scheme,
we propose using adaptive control to design the feed-
back loop. In the adaptive control design, an online
estimator will first estimate an appropriate residual error
model based on the measurements of inputs (control
command adjustments∆Pa) and outputs (residual er-
rors ∆d). Then the adaptive controller will produce
the adjustments of admitting probability∆Pa based on
this online estimated model. The adaptive nature of the
feedback loop can help to correct errors due to model
inaccuracies and disturbances due to load changes using
online measurements. Hence we anticipate the adaptive
feedback loop will produce better control performance.
A detailed discussion of how we design the adaptive
feedback loop is given in Section III-C.

As we see from Figure 3, the sum of queueing model
predictedPm

a and adaptive feedback loop produced∆Pa

will be used as the real admitting probability in the
admission control module for the Web site.

B. Queueing Model Predictor Design

Our abstraction for the multi-tier Web application is
an M/GI/1 Processor Sharing queue (M/GI/1/PS). There
are two reasons to use this simple queueing model in our
design. First, modeling computing systems by a single
queue is a commonly used simplification, because the
performance of a computing systems is often dominated
by a bottleneck stage. Hence this abstraction encapsu-
lates the (bottleneck stage) of the multi-tier Web appli-
cations. Second, we want to conduct a fair comparison
with other approaches in the performance evaluation
(Section V). Since other approaches especially the one
presented in [6] also uses this simple M/GI/1/PS model,
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Fig. 2. Online feedback based admission control architecture.
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Fig. 3. Architecture of Queueing-Model-Based Adaptive Control.

we opt using it as well. In fact, we will show even
with this simple model, the performance of the result-
ing system is very good (Section V) and out-performs
previous approaches. If more accurate models such as
queueing network models [21] are used, we anticipate
the performance of the resulting system should be further
improved. We left this topic as a future research.

We begin our queueing model predictor design by
introducing some notations. We denote byRT (x) the
mean response time of a job whose job size (or service
time) is x. The job size in an M/GI/1 system is an
i.i.d. random variable, denoted byX, whose probability
distribution function isF (X), with a meanE (X). It is
well known that under processing sharing model,

RTPS (x) =
x

1− ρ
, (1)

whereρ is the load of the queue. From Eq. (1), the mean
response time for all jobs, is

RTPS =
∫ ∞

0
RTPS (t) dF (t) =

E [X]
1− ρ

. (2)

Let the request arrival rate to the Web site beλ (t).
When the arrival is modulated by the admission control
module with an admission probabilityPa (t), the effec-
tive arrival rate to the site isλa (t) = λ (t) Pa (t). The
mean response time for the admitted requests is simply:

RTPS(t) =
E [X]

1− λ (t)Pa (t) E [X]
. (3)

The goal of the performance control is to make
the response time of admitted requests as close to the
reference delayDref as possible. Suppose the queueing
model is accurate, then from Eq. (3), we know by setting

Pm
a (t) =

Dref − E [X]
λ (t) ·Dref · E [X]

, (4)



we can get the steady state response time to beDref .
Hence Eq. (4) gives the queueing model predicted ad-
mitting probability for the admission control.

C. Adaptive Feedback Loop Design

In this section, we present the controller design of
the adaptive feedback loop. The purpose of the adaptive
control loop is to correct the “residual errors” of the re-
sponse time (∆d) by tuning the adjustment of admitting
probability ∆Pa.

In adaptive control theory, an adaptive controller is
formed by combining an online parameter estimator,
which provides estimates of unknown parameters at each
control instant, with a control law that is motivated
from the known parameter case. The way the parameter
estimator is combined with the control law gives rise to
two different approaches. In the first approach, referred
to as indirect adaptive control, the plant parameters are
estimated online and used to calculate the controller
parameters. In the second approach, referred to as direct
adaptive control, the plant model is parameterized in
terms of the controller parameters that are estimated
directly without intermediate calculations involving plant
parameter estimates [22].

In this paper, we apply direct adaptive control in
the adaptive feedback loop design for its simplicity.
In particular, we use the scheme presented in [23]. In
order to construct the control law, the adaptive controller
first needs to estimate a model for the system whose
parameters can be used in the controller. In the following
discussion, we describe the scheme using a general
model:

A(q−1)y(k) = q−dB0(q−1)u(k), (5)

where:
A(q−1) = 1 + a1q

−1 + ... + anq−n,
B0(q−1) = b0 + b1q

−1 + ... + bmq−m, b0 6= 0,
(6)

andy(k) is the control output,u (k) is the control input
(command). In our admission control application,y(k)
corresponds to response time residual error∆d (k) , and
u (k) corresponds to admitting probability adjustment
∆Pa (k).

The model parameters of Eq. (5) are estimated using
a Recursive Least-Squares (RLS) estimator [22], which
is an online version of the well-known least-square
estimator.

Let

φ (k) =[y (k) , y (k − 1) , . . . , y (k − n + 1) , u (k) ,

u (k − 1) , . . . , u (k −m− d + 1)]T , (7)

and

θ (k) =[θ1 (k) , . . . , θn (k) , θn+1 (k) ,

θn+2 (k) , . . . , θn+m+d (k)]T , (8)

then the RLS algorithm works as follows:

P (k − 1) =P (k − 2)−
[
1 + φ (k − d)T P (k − 2) φ(k − d)

]−1

P (k − 2)φ (k − d) φ (k − d)T P (k − 2),
(9)

θ (k) =θ (k − 1) + P (k − 1)φ (k − d) [y (k)

− φ (k − d)T θ (k − 1)], (10)

Finally, the control law is given by solving:

φ (k)T θ (k) = y∗ (k + d) , (11)

wherey∗ (k) is the reference input at time instancek. In
our case, since we want to make the “residual errors” to
diminish, we sety∗ (k) = 0. The above algorithm begins
with initial condition P (−1) = p0I andp0 > 0.

Figure 4 illustrates the direct adaptive control scheme
we in the Queueing-Model-Based Adaptive Control ar-
chitecture. It replaces the dummy adaptive control loop
in Figure 3.

 

Fig. 4. Adaptive feedback loop design using direct adaptive control.

IV. EXPERIMENT SETUP AND IMPLEMENTATION

To validate the effectiveness of the proposed
Queueing-Model-Based Adaptive Control, we built a
testbed for response time regulation of a 3-tiered Web
application using the proposed approach. In this section,
we describe the testbed set-up and the hardware and
software environment.

Figure 5 shows our testbed infrastructure. The testbed
is composed of four machines. One of them is used
as client workload generator and the other three ma-
chines are used as Web server, application server and



database server respectively. They are connected via 100
Mbps Ethernet connections. We use a proxy server for
intercepting the requests and implementing the sensor,
controller and actuator (Section IV-B). Though these
modules can also be implemented in the Web server, we
opt for using a separate proxy because this will make the
implementation more modular and the modifications are
non-intrusive to the Web application components. Non-
intrusive approach is usually preferred by Web hosting
companies because it can avoid possible bugs introduced
by the new modules into the original components. The
proxy server we use is very lightweight, so in our testbed,
we put it on the same machine with the Web server to
minimize communication overheads between the proxy
and Web server.
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Fig. 5. Testbed infrastructure.

The client machine is equipped with a 2.8 GHZ Intel
Pentium IV processor and 512MB RAM. TPC-W client
emulator [24] is used as synthetic workload generator
on the client (Section IV-A). The Apache Web server
(and the proxy) machine has a 1GHZ Intel Pentium
III processor and 256MB RAM, which runs Apache
2.0.7 [12]. The application server machine has a 1.5GHZ
Intel Pentium III processor and 256MB RAM, which
runs Tomcat 5.0 [13]. The database server machine has
a 1GHZ Intel Pentium III processor and 512MB RAM,
which runs MySQL 4.1.7 [14].

A. Client Workload Generator

We use TPC-W [24], an industry standard e-
Commerce benchmarking tool for our E-commerce Web
site testbed. TPC-W from the Transaction Processing
Council (TPC) is a transactional Web benchmark specifi-
cally designed for evaluating e-commerce systems. Thus,
it implements all functionalities that typical e-commerce
Web sites provide, including multiple online browser
sessions, dynamic Web page generations, database trans-

actions, authentications and authorizations. TPC-W spec-
ifies 14 unique Web interactions, which are different
from each other in the sense that they require different
amount of server side work. Most interactions require
generation of dynamic pages and database queries, range
from simple select SQL statements to complicated trans-
actions.

We modified a Java implementation of TPC-W from
the PHARM group at the University of Wisconsin [25]
to make it compatible with the newest version of Tomcat
and MySQL installed in our testbed. It implements
all functionalities in TPC-W specification. The data-
base is configured to contain 10,000 items and 288,000
customers. In our tests, we use 12 Web interactions,
except two of the original 14 defined in the TPC-W
specification, since these two are only used for adminis-
trative purpose. The 12 Web interactions are rotationally
generated to be sent to the Web server.

B. Controller, sensor and actuator implementation

Tinyproxy 1.6.1 [26] is modified and used to imple-
ment the sensor (monitor), controller and actuator mod-
ules. Tinyproxy is a lightweight and fast HTTP proxy
that consumes less resource than fully equipped proxies
such as Squid [27]. In our testbed, all HTTP requests
from clients flow through Tinyproxy and are forwarded
to Apache Web server. Responses from the Web server
also return back to clients through Tinyproxy. In our
modifications, we first implement a sensor (monitor)
module. It monitors both HTTP requests from clients
and responses from the Web server. The monitor also
calculates parameters such as client request rates and
the performance metric – average response time of
requests. These parameters and metrics are then sent to
the controller module via shared memory.

The controller module implements the main algo-
rithms of Queueing-Model-Based Adaptive Control. It is
composed of two parts: The Queueing Model Predictor
takes the measured client request rates from the sensor
module and produces the model predicted admitting
probability Pa; The Adaptive Feedback Controller takes
the measured average response time as input and pro-
duces the admitting probability adjustment∆Pa. Then
the combined dropping probabilityPd = 1−(Pa+∆Pa)
is sent to the actuator. In our implementation, we confine
Pa, ∆Pa to be within range(0.1, 1.0) andPd to be within
range(0.0, 0.9).

The actuator is implemented in the following way
within Tinyproxy. It randomly drops a request from



clients based on the dropping probabilityPd got from
the controller module.

C. Determination of other parameters

The mean service timeE[X] to be used in the queue-
ing model predictor is measured offline. To this end, a
very light workload is applied to the Web site. Under
the light workload, since there is no queueing delay the
measured mean response time approximates the mean
service timeE[X]. To remove possible measurement
noises, we conducted the measurement test 5 times and
the averaged the measured response time to getE[X] =
0.035 sec.

In order to implement the adaptive controller, we need
to determine the model ordersd,m and n. Due to the
digital implementation of the feedback controller, the
effect of control command determined on time interval
k can only be measured in intervalk+1, so we set delay
orderd = 1. For computing systems, the model ordersn
andm are usually fixed and low [7] and can be estimated
offline. In practice, we use the following method to
determine them. We first disable the adaptive feedback
controller and collect offline data∆d by making use only
the queueing model predictor and a white noise input
of ∆Pa. Under different combinations ofn and m, we
use model identification method – least square estimator
to find the corresponding model parametersθ, then we
test which θ got from these combinations gives good
fitting. By “good fitting”, we mean using theθ, a new
data group of collected data pairs{(∆Pa,∆d)} produces
high r2 value [28]. In our system, we findn = 1 and
m = 0 give relatively good fitting.

V. EXPERIMENTAL RESULTS

In this section we present detailed experimental re-
sults to show the effectiveness of Queueing-Model-Based
Adaptive Control approach. To this end, we compare
the performance of four different approaches with each
other. They are:

(1) Queueing model only;
(2) Adaptive control only (approach proposed in [29]

and [30]);
(3) Queueing model + PI control (approach proposed

in [20] and [6]);
(4) Queueing model + Adaptive control (approach

proposed in this paper).

Among them, approach (2) is proposed in work by
Lu et al. [29] and Karlsson et al. [30] which only uses
an adaptive control loop. Approach (3) is proposed by

Sha et al. [20] and [6] which uses both a queueing
predictor and a PI control loop. Approach (4) is the
Queueing-Model-Based Adaptive Control proposed in
this paper. The comparisons are based on the measure-
ments obtained from the testbed. In all the experiments,
the reference delay was set to0.10 sec. The length of
control interval is set to3 sec. At each control period, the
average request arrival rate and average response time of
that interval are measured. These values are used in the
controllers’ calculations for different approaches to pro-
duce the corresponding dropping probabilitiesPd. The
resulting dropping probability is then set in Tinyproxy’s
actuator module to take into actuation.

Two sets of workloads were used in our tests. The
first set, Workload A (WLA) is a simple workload which
has exponentially distributed inter-arrival time with mean
0.025 sec. The second set, Workload B (WLB) is a more
complicated workload which is changing. From timet =
0 sec tot = 150 sec, WLB is the same as WLA. At time
t = 250 sec, a second workload with the same mean
inter-arrival time (0.025 sec) joins in, which makes the
total request rate twice as much as that of WLA.

A. Comparisons of Different Approaches under Work-
load A

First, we tested the four approaches under workload A.
Each test runs for300 seconds. In order for the readers to
better distinguish between the result graphs of different
approaches, we plot the response time measurements
under workload A in two figures. Figure 6 compares
the response time measurements of Queueing model
only, Adaptive control only and Queueing model +
Adaptive control. Figure 7 compares the response time
measurements of Queueing model + PI control versus
Queueing model + Adaptive control. In theses figures,
each point shows the averaged response time of all the
requests during the past3 seconds. Experimental results
reveal the following observations:

• Using the aggregate of the squared errors between
the desired and actual connection delay over the
duration of the experiment, we can compare the
performance of different schemes. The smaller the
aggregate error, the better the convergence. Table I
summarizes the results.

• Using Queueing model only approach, a large
steady state error develops (Figure 6). This is
attributed to the fact that the multi-tiered Web
application is not exactly a single queue system.
Thus, the model derived in this paper is only an



TABLE I

THE AGGREGATE ERRORS UNDER WORKLOADA

Workload A Queueing model
only

Adaptive control
only

Queueing model +
PI control

Queueing model +
Adaptive control

Aggregate error 0.474 0.233 0.218 0.181
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Fig. 6. Performance of Queueing model only, Adaptive control only
and Queueing model + Adaptive control approaches under workload
A.

�

����

���

����

���

����

� �� �� �� ��� ��� ��� ��� �	� �
�
��
� �����

���
��
���
���
��
���
�

� ! !"#$ %&'!( ) *+ ,&#-.&(
� ! !"#$ %&'!( ) /'01-"2 ! ,&#-.&(
3!(04 .!5!.!#,!

 

Fig. 7. Performance of Queueing model + PI control and Queueing
model + Adaptive control approaches under workload A.

approximation of the true Web site. The fluctuation
is also quite large.

• Queueing model + PI control approach’s perfor-
mance is a little better than that of Adaptive control
only approach. This is attributed to the fact that
Adaptive control uses linear model to approximate
the real system, the online estimator need to run
for some time before settling near the true value.
However, in the case of Queueing model + PI
control approach, the queueing model predictor is
an approximation of true Web site, it can help jump
to the vicinity of the true control value faster. And

the PI controller will help to reduce the residual
errors.

• The proposed Queueing-Model-Based Adaptive
Control out-performs other approaches. This is be-
cause first, the queueing model predictor is able to
supply an approximate control value that achieves
a response time close to the set point. Secondly,
in terms of correcting the residual errors, the PI
control loop is based on the linearization of the
approximated queueing model. On the other hand,
adaptive feedback loop can find better control value
adjustments based on online measurements and
adaptation.

B. Comparisons of Different Approaches under Work-
load B

Now we present the experiments under changing
workload (WLB). Since approaches using queueing
model predicator give better results, we will only show
the comparison of Queueing model + PI control (ap-
proach 3) and Queueing model + Adaptive control
(approach 4). Figure 8 compares the response time
measurements of these two approaches. Table V-B shows
the aggregate errors under workload B.
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Fig. 8. Performance of Queueing model + PI control and Queueing
model + Adaptive control approaches under workload B.

As we can see from both Figure 8 and Table V-B,
the proposed Queueing-Model-Based Adaptive Control
approach has smaller error and achieves better response
time regulation.



TABLE II

THE AGGREGATE ERRORS UNDER WORKLOADB

Workload B Queueing model
+ PI control

Queueing model +
Adaptive control

Aggregate error 0.521 0.252

Our experimental evaluation demonstrates the advan-
tages of integrating a queueing model predictor with
an adaptive feedback loop to achieve performance guar-
antees in Web applications. The two components have
complementary strengths, jointly offering more robust
tracking of performance set points in the presence of
widely unpredictable load.

While queueing theory and adaptive control theory
have been repeatedly used in isolation in many contexts
to provide performance guarantees, the authors are not
aware of any prior work that demonstrates and advo-
cates their combined use within a single framework.
The authors believe that such a combined framework
merits deeper investigation to produce better theory for
performance assurances in computing systems.

VI. RELATED WORK

Much related work has been done in the areas of
Quality of Service (QoS) control for computing systems.
Due to space limitations, in this section, we only provide
a brief overview of the research most related to our work,
i.e. control-theoretic approaches.

Feedback control theory was invented more than 50
years ago; since then many powerful results and tools
have been obtained and deployed. Recently, Control
theory has been successfully applied to controlling the
performance for computing systems including Web ap-
plication systems. In [31], Abdelzaheret al. build a PI
(Proportional-Integration) control loop for Apache Web
server that enforces desired relative delays among differ-
ent service classes via dynamic connection scheduling
and process reallocation. In [32], a similar approach
is used for Squid proxy server to guarantee cache hit-
ratio by dynamically adjusting the disk space allocation.
In [33], the parameters (i.e. KeepAlive time, MaxClients)
of an Apache Web server are dynamically allocated using
a MIMO feedback controller. The goal is to keep the
system’s CPU and memory utilization stabilized at a
desired reference value. A similar approach is also used
in Lotus Notes Server [34]. These approaches view the
server system as a transfer function/state space model
and use linear feedback control schemes.

However, due to the fundamental difference between a

mechanical system and computing system, transfer func-
tion/state space models cannot be built directly to reflect
the internal dynamics of the server studied. Instead, these
models are usually constructed offline using black-box
approaches such as model identification [35] under cer-
tain predefined workloads. Due to the stochastic nature of
the Web traffic with temporally and spatially variations,
models thus obtained are not accurate. Furthermore,
since computing systems are highly nonlinear [8], these
models are at best a linear approximation of the real
system. This leads to the problem of poor robustness
when directly applying classical control theory to con-
trolling computing system’s performance, especially in
presence of dynamic traffic loads. To solve this prob-
lem, researchers [28], [29], [30] propose using adaptive
control techniques for controlling the performance of
computing systems. The introduction of adaptive con-
troller helps adjusting the model to the traffic dynamics
to some extent. However, the model and control are still
intrinsically linear; and the adaptive controller usually
responses slowly to abrupt traffic changes.

In [20] Sha et. al. propose queueing model based
feedback control in Web servers. It combines a queueing
model predictor and a PI controller to achieve response
time regulation. Recently, Kamra et. al. [6] uses the
similar approach for overload control in a 3-tiered Web
sites. Though combing the power of queueing model
and feedback control achieves better performance for the
underlying systems, the design of the feedback loop in
these proposals is based on linearization of the queueing
models around the operating point. Since the queueing
models applied are only approximations to the original
system, the so obtained linearized residual error model
may be far off from the system residual dynamics. Hence
the performance of the system is undermined.

In this paper, we solve the above problem by using
adaptive controller to design the feedback loop work-
ing together with the queueing model. The adaptive
feedback loop can build the residual error model and
corresponding controller based on online measurements
of the system. It can handle inaccuracies in the queueing
model and changes in workload in a dynamic fashion
by adjusting the controllers accordingly. Together with
the queueing model predictor, the proposed Queueing-
Model-Based Adaptive Control scheme provides a better
performance regulation under a wide range of workloads
and conditions.



VII. C ONCLUSIONS ANDFUTURE WORK

In this paper, we propose Queueing-Model-Based
Adaptive Control approach for performance regulation
of computing systems. In this approach, the queueing
model predictor and adaptive feedback controller operate
concurrently in a complementary manner to make the
performance of the system meet the desired target. The
feed forward queueing model predictor controls the
system state near an equilibrium operation point, in spite
of changes in the arrival process. The adaptive controller
corrects errors due to the inaccuracies in the queueing
model and disturbances by using online estimation and
adaptation. To evaluate the effectiveness of the proposed
approach, we build an examplemulti-tiered Web applica-
tion testbed with open-source components widely used in
industry. We also implemented Queueing-Model-Based
Adaptive Control in the testbed. Experimental studies
show it achieves better response time regulation than
previous proposals.

We have identified several avenues for future work.
First, while the M/GI/1/PS model used in the queueing
model predictor works well in our multi-tiered Web
application, we plan to investigate if more sophisticated
models such as queueing network model can help to
improve the performance. Secondly, we plan to conduct
studies using other adaptive schemes in designing the
feedback loop to see if they work better with the queue-
ing model predictor than the currently deployed direct
adaptive controller. Finally, it is interesting to see the
application of the proposed approach in other general
computing systems.
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