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Abstract—How to effectively allocate system resources well-known example is the frequently referred “Slashdot
to meet Service Level Objectives (SLOs) is a challenging effect” [5], which is named after the Web site slash-
problem for Web services providers. In this paper, we dot.org. This occurs when a huge user base is referred
propose a scheme for autonomous performance control of ;5 5 previously undiscovered Web site which used to
Web applications. It uses a queueing model predictor and operate well. However, overwhelmed by the sudden

an online adaptive feedback loop that enforces admission increase in the traffic volume. the site’s performance
control of the incoming requests to ensure the desired ! : Ic volume, : p

response time target is met. The proposed Queueing-degrades or even crashes [6]. Since Web traffic is highly
Model-Based Adaptive Control approach combines both dynamic, offline capacity planning techniques are often
the modeling power of queueing theory and self-tuning not adequate for QoS control in Web applications. In-
power of adaptive control. Therefore, it can handle both stead, the system must be smarter to react to the changing
modeling inaccuracies and load disturbances in a better workloads in an automatic way in order to maintain the
way. To evaluate the proposed approach, we built a gesired performance.
multi-tiered Web application testbed with open-source  pacently control theory has also been successfully
components widely used in industry. Experimental sFud|es applied to controlling the QoS of computing systems.
conducted on the testbed demonstrated the effectlvenessCha ter 1 of I71 ai . f related
of the proposed approach. pt _ [7] gives an extenswg summary of re :_Jlte
work in this area. In order to facilitate the application

l. INTRODUCTION of traditional control theory, most of the previous work

As global E-Commerce continues to grow rapidly [1Jpn control-theoretic approaches uses linear difference (or
the underlying architecture providing the service of Hlifferential) models to represent the underlying comput-
Commerce is becoming more and more important. Theg systems. However, computing systems are highly
architecture is generally referred to as “Web servicesionlinear [8], [9], except in the limited case of heavy
The term “Web services” describes specific businessrkload that allows for fluid approximations. A good
functionality exposed by a company Web site throughodel of the plant is critical to any control design.
Internet connections, for the purpose of providing a walfe believe that the key to success of applying control-
for another entity to use the services it provides [2]. Weaheoretic approaches to computing systems is not to
services are the building blocks for the future generatidorce-fit them into linear models. Rather, we should
of applications and solutions on the Internet. model computing systems for what they are.

One of the most pressing problems faced by WebDuring the last 40 years, research has shown that
services designers and service providers is how thgyeueing models serve as a fundamental tool to model
can provide the quality-of-service (QoS) required byomputing systems [8], [10]. In fact, queueing models
their clients. Current practices typically rely on offlindnave been successfully applied to areas such as capacity
capacity planning to statically determine the resourcesptanning [9] and performance analysis [9] etc. How-
be allocated to ensure the QoS. However, Web trafficaser, unlike feedback control, queueing theory usually
highly dynamic and volatile [3], [4]. A carefully plannedis descriptive, rather than prescriptive. So its traditional
configuration for a Web site may work well under application is in capacity planning rather than QoS
specific traffic condition, but the same configuration magontrol. A natural question is: “Can we combine the
make the site go haywire when workload changes. #rength of both queueing theory and feedback control



for performance management in computing systems?” All the business logic for a Web site resides in
In this paper, we present Queueing-Model-Baselde 2nd tier — application server. Application server
Adaptive Control, a new approach for controlling theeceives requests from Web server, looks up information
performance of computing systems. It utilizes the moéh the database (3rd tier) and processes the information.
eling (descriptive) power of queueing theory and the selfhe processed information is then passed back to the
tuning (prescriptive) power of adaptive control. By usingveb server where it is formatted to be displayed on
an example application of overload control for a multielients’ machines. Typical application servers include
tiered Web site, we show that the proposed approapache Tomcat, Sun Java System Application Server,
can achieve better performance regulation than previddBA WebLogic, IBM WebSphere, and JBOSS.
approaches. The 3rd tier — database server is the storehouse of a
The reminder of this paper is organized as follow§Veb site’s information. Everything from user accounts
Section Il gives the background of overload control faand catalogs to reports and customer orders is stored in
multi-tiered Web applications. Section Ill provides théhe database. Typical database servers used in Web appli-
formal description of Queueing-Model-Based Adaptiveations include Oracle, Microsoft SQL Server, Sybase,
Control approach. Section IV describes our experiment&M DB2, MySQL, and PostgreSQL.
testbed and implementation. Section V shows exper-We built a testbed to emulate an online Web ser-
imental results in detail. Section VI reviews relatedices provider in our Lab. The front-end is using
work and contrasts our approach to previous proposaigache Web server [12], the application server is run-
Finally, Section VIl summarizes our conclusions anding Tomcat [13], and the backend database is running
offers possible directions for future work. 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
A. Muti-Tiered Web Application Architecture highest of all individual components; 3) they are widely
Modern Web applications use a multi-tiered archiised on the Internet, even in commercial sites such
tecture to provide required services. While some Wels Amazon.comMp3.comand Yahoo FinanceHence
applications use two tiers—Web server and datababés combination is quite representative of the current
server—high volume sites typically add a third tiertechnology. It is worth noting that the performance
application server to support complex business logic. &sntrol approach proposed in this paper (Section IlI)
a consequence, most deployed Web applications utilidees not depend on this specific combination and is
a 3-tiered architecture that is illustrated in Figure 1. Thigeneral enough for other Web application deployments.

3-tiered architecture provides a high level of scalabilité i ) . .
and reliability [11]. . Response Time Regulation via Admission Control for

an Overloaded Web Site

The QoS of a Web application is often defined as a
Client set of criteria, referred to as Service Level Objectives
(SLOs) [15], [16]. One of the most commonly used

[I. BACKGROUND

0

Glent - Database SLOs is expressed as a maximum average response time
Web Application Server Server . . .
Server guarantee, above which is not acceptable to the clients.
clent In fact, in Web applications, prolonged response times
Fig. 1. 3-Tiered Web application architecture. usually lead to lowered usage of a site, and subsequently,

reduced revenues [16].

In the 3-tiered architecture, on the front line of a One problem frequently encountered by Web services
typical Web site is the Web server that acts as thmoviders is overload [17], [18], where the volume of
presentation layer. This tier has three functionalitieeequests for transactions at a site exceeds the site’s
(1) receives requests from the clients and service statapacity. Overload causes longer delays to the clients
Web requests; (2) at the same time forwards complek even denial of service and is a major reason for SLO
dynamic content requests to the 2nd tier; (3) receivemlations.
responses from the 2nd tier and sends them back tcAdmission control [19] is an effective technique that
the clients. Typical Web server includes Apache arptevents a system from overload. The idea is reducing
Microsoft Internet Information Server (11S). the amount of work required when faced with over-



load by dropping a portion of the requests. This watargeted delay referend®@™’. To correct this “residual
the server can service the accepted requests faster amdr”, we exploit an adaptive feedback loop.
meet the response time SLO. However, dropping tooThe feedback control loop compares the actual delay
many requests should be prevented since this will alachieved to the desired delay reference and adjusts
cause revenue loss. So the key question is, “whattige admitting probability accordingly in an incremental
the minimum portion of requests to be dropped whenanner to ensure that the desired delay is maintained.
the Web site is overloaded in order for the acceptéshlike previous approaches [20], [6], which design the
requests to meet their response time SLO?” An onlimentroller in the feedback loop based on linearization
feedback based admission control scheme is illustratedthe queueing model, we propose to use adaptive
in Figure 2. A controller periodically takes performanceontrol algorithm to design the feedback controller. This
measurements (measured délay) of the Web site is because when the queueing model serves only as an
from a monitoring agent, compares it with the desire@pproximation of the underlying Web site to be con-
performance (reference delap’/), and adjusts the trolled, the further linearized model could be far off in
admitting probability £,) to meet the performance goakepresenting the relationship between control command
(Dr¢/). The changes to the admitting probability can badjustments AP,) and the residual error corrections
actuated through an admission control (AC) module. F@Ad) well. Hence the feedback controller build on top
example, the AC module can be implemented througloéthe linearized model may lead to poor performances
proxy agent (Section V). Through the AC module, & terms of correcting the residual errors. In our scheme,
request is being accepted with probabilily, and being we propose using adaptive control to design the feed-
dropped with probabilityP; = 1 — P,. back loop. In the adaptive control design, an online
estimator will first estimate an appropriate residual error
lll. QUEUEING-MODEL-BASED ADAPTIVE CONTROL  yqde| hased on the measurements of inputs (control
A. Overview of the Queueing-Model-Based Adaptiv@mmand adjustmentd P,) and outputs (residual er-
Control Architecture rors Ad). Then the adaptive controller will produce

In this section, we describe the fundamental elemeﬁ'ﬂ?e adjl_Jstmen_ts of admitting probabili@(_Pa based on
of the Queueing-Model-Based Adaptive Control. We wi is online estimated model. The adaptive nature of the

use the response time regulation problem discussedfefﬁdbaCk ,IOOp %ag_ hel% o cor[ject errlorsddt:]e o mod(_el
Section 1I-B as a motivating application example. Fighaccuracies and disturbances due to load changes using

ure 3 shows the proposed architecture. In our propo ine measurements. Hence we anticipate the adaptive

architecture, there is a feed forward control loop arigedback loop will produce better control performance.
a feedback adaptive control loop working together {5 detailed discussion of how we design the adaptive
output the control command (admitting probabilig;) €edback loop is given in Section 1lI-C.

necessary to achieve a specified average delay targdtS We see from Figure 3, the sum of queueing model
(Dret), predictedP)" and adaptive feedback loop produca®,

will be used as the real admitting probability in the

The feed forward loop is composed of @Queueing o i
I;?_dmlssmn control module for the Web site.

Model Predictor It takes measurements through a mo
itor from the computing system (Web site) to be corg  queueing Model Predictor Design

trolled, and uses classical results from queueing theory ) - S

to predict a control command (admitting probability) Our abstraction for the .multl-tler Web application is
necessary to achieve the specified average delay ta NIGI/l Processor Sha_rlng queue (M/C_;I/l/PS). There
given the currently observed average workload. Let’s c&f® ,tWO reasons to use this S|mple queueing model In our
the admitting probability produced by this feed forwar(qes'gn' First, modeling computing systems by a single

queueing model predictor @8". Since queueing mode|dueue is a commonly used simplification, because the
ﬁrformance of a computing systems is often dominated

used in the predictor serves only as an approximati i .
a bottleneck stage. Hence this abstraction encapsu-

of the real Web site, the performance of the Web si o )
(measured average delayj using the queueing model ates the (bottleneck stage) of the multi-tier Web appli-
cations. Second, we want to conduct a fair comparison

redicted admitting probability’)* may be off from the
P gp Vo y with other approaches in the performance evaluation

In this paper, we will use the term “response time” and “delay(seCtion V?- Since other approa_CheS especially the one
interchangeably. presented in [6] also uses this simple M/GI/1/PS model,
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Fig. 2. Online feedback based admission control architecture.

Controller
Requests
Queueing Model A
Predictor :
i pm i
ref ! a i
Ref Delay D~ \q! [Adaptive |ZPa "  Pa e
Control AP,
”””””””””””””” Web Site
Measured Delay d

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- RTps :/ RTps (t) dF (t) =
ing system is very good (Section V) and out-performs 0

previous approaches. If more accurate models such 3B ot the request arrival rate to the Web site bé).

queueing network models [2.1] are used, we antICIpa\When the arrival is modulated by the admission control
the performance of the resulting system should be further

improved. We left this topic as a future research. modulg with an admissipn probabilitl,?a (¢), the effec-
. : . . tive arrival rate to the site i3, (t) = A (t) P, (t). The
We begin our queueing model predictor design ean response time for the admitted requests is simply:
introducing some notations. We denote By’ (z) the '
mean response time of a job whose job size (or service E[X]
time) is . The job size in an M/GI/1 system is an RTps(t) = A P (O EX]
i.i.d. random variable, denoted Ky whose probability “
distribution function isF' (X)), with a meanE (X). Itis The goal of the performance control is to make
well known that under processing sharing model, the response time of admitted requests as close to the
reference delayp™/ as possible. Suppose the queueing
, (1) model is accurate, then from Eq. (3), we know by setting

&

[X]
T, (2)

3)

. x
=15
wherep is the load of the queue. From Eq. (1), the mean Pm (s — Dref — E[X] @)
response time for all jobs, is @ (1) = A(t)-Dref - E[X]

RTpg (x)




we can get the steady state response time tdbe. and
Hence Eq. (4) gives the queueing model predicted ad- B
mitting probability for the admission control. 0 (k) =[01 (), ..., 0n (k) Ons1 (K),

T
C. Adaptive Feedback Loop Design Ont2 (k). s Onsmsa (R)]7, (8)

In this section, we present the controller design #&en the RLS algorithm works as follows:
the adaptive feedback loop. The purpose of the adaptive
control loop is to correct the “residual errors” of the re- T -1
sponse timeAd) by tuning the adjustment of admittingP (k=1)=P(k-2)- [1 +¢(k—d) P(k—2)¢(k—d)
probability AP,. Pk—2)p(k—d)¢(k—d)T P(k—2),

In adaptive control theory, an adaptive controller is (9)
formed by combining an online parameter estimator,
which pr_ovides est'imates of unknown para.meters' ateach g (k) =0(k—1)+P(k—1)¢(k—d) [y k)
control instant, with a control law that is motivated T
from the known parameter case. The way the parameter —¢(k—d)" 0(k-1)], (10)
estimator is combined with the control law gives rise to Finally, the control law is given by solving:
two different approaches. In the first approach, referred
to as indirect adaptive control, the plant parameters are o ()T 0 (k) =y* (k+4d), (11)
estimated online and used to calculate the controller
parameters. In the second approach, referred to as diM@grey” (k) is the reference input at time instanceln
adaptive control, the plant model is parameterized f¥ case, since we want to make the “residual errors” to
terms of the controller parameters that are estimat@iinish, we sey” (k) = 0. The above algorithm begins
directly without intermediate calculations involving plantVith initial condition P(—1) = poI andpo > 0.
parameter estimates [22]. Figure 4 illustrates the direct adaptive control scheme

In this paper, we app|y direct adaptive control iMve in the Queueing-MOdel-Based Adaptive Control ar-
the adaptive feedback loop design for its simplicitghitecture. It replaces the dummy adaptive control loop
In particular, we use the scheme presented in [23]. ifh Figure 3.
order to construct the control law, the adaptive controller
first needs to estimate a model for the system whc ‘
parameters can be used in the controller. In the followi

. . . . » Online Parameter —
discussion, we describe the scheme using a gen o
stunation 0
model: «
" d 1 Reference ~ d u (AP, v{Ad)
A(g )y(k) = ¢ *Bo(q )u(k), (5) Congrdller C(6) Plant P(6) >

where: r’

AlgYH =1+a1qg  + ... +ang™™, (6)

Bo(q™") = bo +big™! + ... + bmg ™™, by # 0, Fig. 4. Adaptive feedback loop design using direct adaptive control.
andy(k) is the control outputy (k) is the control input
(command). In our admission control applicatiasik)
corresponds to response time residual efkdr(k) , and
u (k) corresponds to admitting probability adjustment To validate the effectiveness of the proposed
AP, (k). Queueing-Model-Based Adaptive Control, we built a

The model parameters of Eq. (5) are estimated usitgptbed for response time regulation of a 3-tiered Web
a Recursive Least-Squares (RLS) estimator [22], whiéipplication using the proposed approach. In this section,
is an online version of the well-known least-squaree describe the testbed set-up and the hardware and

IV. EXPERIMENT SETUP AND IMPLEMENTATION

estimator. software environment.
Let Figure 5 shows our testbed infrastructure. The testbed
B =l (k E—1). . u(k— 1 k is composed of four machines. One of them is used
¢ (k) =ly (k) y ( )iyl n ;’u( ) as client workload generator and the other three ma-
ulk=1),..;ulk—m—d+1)", () chines are used as Web server, application server and



database server respectively. They are connected via &@€@ons, authentications and authorizations. TPC-W spec-
Mbps Ethernet connections. We use a proxy server ffies 14 unique Web interactions, which are different
intercepting the requests and implementing the sendoom each other in the sense that they require different
controller and actuator (Section IV-B). Though thesamount of server side work. Most interactions require
modules can also be implemented in the Web server, generation of dynamic pages and database queries, range
opt for using a separate proxy because this will make tfrem simple select SQL statements to complicated trans-
implementation more modular and the modifications aagetions.

non-intrusive to the Web application components. Non- We modified a Java implementation of TPC-W from
intrusive approach is usually preferred by Web hostinge PHARM group at the University of Wisconsin [25]
companies because it can avoid possible bugs introdugednake it compatible with the newest version of Tomcat
by the new modules into the original components. Thihd MySQL installed in our testbed. It implements
proxy server we use is very lightweight, so in our testbedll functionalities in TPC-W specification. The data-
we put it on the same machine with the Web server kmase is configured to contain 10,000 items and 288,000
minimize communication overheads between the proxystomers. In our tests, we use 12 Web interactions,

and Web server. except two of the original 14 defined in the TPC-W
_ specification, since these two are only used for adminis-
Client . . . .
Workload Apache+Proxy  Tomcat MySQL trative purpose. The 12 Web interactions are rotationally
L 3 generated to be sent to the Web server.

: Q ATP JDBC
| Q i % B. Controller, sensor and actuator implementation

Tinyproxy 1.6.1 [26] is modified and used to imple-

Iﬁ 100 Mbps ment the sensor (monitor), cpntroller and actuator mod-
Ethernet ules. Tinyproxy is a lightweight and fast HTTP proxy

that consumes less resource than fully equipped proxies

Efhernet such as Squid [27]. In our testbed, all HTTP requests
from clients flow through Tinyproxy and are forwarded

Fig. 5. Testbed infrastructure. to Apache Web server. Responses from the Web server

also return back to clients through Tinyproxy. In our

The client machine is equipped with a 2.8 GHZ Intehodifications, we first implement a sensor (monitor)
Pentium IV processor and 512MB RAM. TPC-W clientnodule. It monitors both HTTP requests from clients
emulator [24] is used as synthetic workload generatand responses from the Web server. The monitor also
on the client (Section IV-A). The Apache Web servetalculates parameters such as client request rates and
(and the proxy) machine has a 1GHZ Intel Pentiuthe performance metric — average response time of
[l processor and 256MB RAM, which runs Apacheequests. These parameters and metrics are then sent to
2.0.7 [12]. The application server machine has a 1.5GHE&e controller module via shared memory.
Intel Pentium Il processor and 256MB RAM, which The controller module implements the main algo-
runs Tomcat 5.0 [13]. The database server machine hgsms of Queueing-Model-Based Adaptive Control. It is
a 1GHZ Intel Pentium Ill processor and 512MB RAMcomposed of two parts: The Queueing Model Predictor

which runs MySQL 4.1.7 [14]. takes the measured client request rates from the sensor
_ module and produces the model predicted admitting
A. Client Workload Generator probability P,; The Adaptive Feedback Controller takes

We use TPC-W [24], an industry standard ethe measured average response time as input and pro-
Commerce benchmarking tool for our E-commerce Weliices the admitting probability adjustmefit?,. Then
site testbed. TPC-W from the Transaction Processitfte combined dropping probability = 1 — (P, +AF,)
Council (TPC) is a transactional Web benchmark specif$-sent to the actuator. In our implementation, we confine
cally designed for evaluating e-commerce systems. Thiik, AP, to be within rang€0.1,1.0) and P; to be within
it implements all functionalities that typical e-commerceange(0.0,0.9).
Web sites provide, including multiple online browser The actuator is implemented in the following way
sessions, dynamic Web page generations, database traitsin Tinyproxy. It randomly drops a request from



clients based on the dropping probabili; got from Sha et al. [20] and [6] which uses both a queueing
the controller module. 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-

The mean service tim&[X] to be used in the queue-ments obtained from the testbed. In all the experiments,
ing model predictor is measured offline. To this end, the reference delay was set @al0 sec. The length of
very light workload is applied to the Web site. Undecontrol interval is set t@ sec. At each control period, the
the light workload, since there is no queueing delay tlaerage request arrival rate and average response time of
measured mean response time approximates the mgan interval are measured. These values are used in the
service time E[X]. To remove possible measuremerdontrollers’ calculations for different approaches to pro-
noises, we conducted the measurement test 5 times dade the corresponding dropping probabilitiBs The
the averaged the measured response time t&g¥{ = resulting dropping probability is then set in Tinyproxy’s
0.035 sec. actuator module to take into actuation.

In order to implement the adaptive controller, we need Two sets of workloads were used in our tests. The
to determine the model ordersm andn. Due to the first set, Workload A (WLA) is a simple workload which
digital implementation of the feedback controller, thaas exponentially distributed inter-arrival time with mean
effect of control command determined on time interval 025 sec. The second set, Workload B (WLB) is a more
k can only be measured in interval-1, so we set delay complicated workload which is changing. From time
orderd = 1. For computing systems, the model orders ( sec tot = 150 sec, WLB is the same as WLA. At time
andm are usually fixed and low [7] and can be estimated—= 250 sec, a second workload with the same mean
offline. In practice, we use the following method tanter-arrival time (.025 sec) joins in, which makes the
determine them. We first disable the adaptive feedbagkal request rate twice as much as that of WLA.
controller and collect offline datAd by making use only
the queueing model predictor and a white noise iNpAt Comparisons of Different Approaches under Work-
of AP,. Under different combinations of andm, we |gad A

use model identification method — least square estimator

to find the corresponding model parametérghen we  First, we tested the four approaches under workload A.
test which@ got from these combinations gives goodrach testruns fas00 seconds. In order for the readers to
fitting. By “good fitting”, we mean using thé, a new Detter distinguish between the result graphs of different

data group of collected data paiféA P,,Ad)} produces @Pproaches, we plot the response time measurements
high 2 value [28]. In our system, we find = 1 and under workload A in two figures. Figure 6 compares

C. Determination of other parameters

m = 0 give relatively good fitting. the response time measurements of Queueing model
only, Adaptive control only and Queueing model +
V. EXPERIMENTAL RESULTS Adaptive control. Figure 7 compares the response time

In this section we present detailed experimental rBl€asurements of Queueing model + PI control versus
sults to show the effectiveness of Queueing-Model-Bas&4ieueing model + Adaptive control. In theses figures,
Adaptive Control approach. To this end, we compa@Ch point shows the averaged response time of all the
the performance of four different approaches with eaéfduests during the pastseconds. Experimental results

other. They are: reveal the following observations:
(1) Queueing model only; « Using the aggregate of the squared errors between
(2) Adaptive control only (approach proposed in [29] the desired and actual connection delay over the
and [30]); duration of the experiment, we can compare the
(3) Queueing model + PI control (approach proposed performance of different schemes. The smaller the
in [20] and [6]); aggregate error, the better the convergence. Table |
(4) Queueing model + Adaptive control (approach summarizes the results.
proposed in this paper). o Using Queueing model only approach, a large

steady state error develops (Figure 6). This is

Among them, approach (2) is proposed in work by attributed to the fact that the multi-tiered Web
Lu et al. [29] and Karlsson et al. [30] which only uses  application is not exactly a single queue system.
an adaptive control loop. Approach (3) is proposed by Thus, the model derived in this paper is only an



Fig. 6. Performance of Queueing model only, Adaptive control only
and Queueing model + Adaptive control approaches under workload
A.

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

Response Time (sec)

Response Time (sec)

TABLE |
THE AGGREGATE ERRORS UNDER WORKLOADA

Workload A Queueing model Adaptive  control| Queueing model  Queueing model +
only only PI control Adaptive control
Aggregate error| 0.474 0.233 0.218 0.181
0.25 . .
— Adaplive control only the PI controller will help to reduce the residual
sl +Oueue?ng model + Adaptive control errors.
-->=- Queueing model only . .
~~ Delay reference o 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

0 ‘ ‘ ‘ ‘ : ‘ ‘ ‘ ‘ approximated queueing model. On the other hand,
0 30 60 90 120 150 180 210 240 270 . .
Time (sec) adaptive feedback loop can find better control value
adjustments based on online measurements and

adaptation.

B. Comparisons of Different Approaches under Work-

load B
0.25
. Now we present the experiments under changing
—*— Queueing model + Pl control . . a
0z} = Queueing model + Adaptve control workload (WLB). Since approaches using queueing
-~~~ Delay reference 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.

03

0 30 60 0 120 150 180 210 240 270
Time (sec)

—— Queueing model + Pl Control

025 1 o Queueing model + Adaptive Control

----Delay reference
02

015

Response Time (sec)

01

approximation of the true Web site. The fluctuation
is also quite large. 005 L
Queueing model + Pl control approach’s perfor-
mance is a little better than that of Adaptive control ~ ° = .7 7 & » 1w @ 20 20 o0

only approach. This is attributed to the fact that Time (seo)

Adaptive control uses linear model to approxmatlf_elg_ 8. Performance of Queueing model + PI control and Queueing

the real system, the online estimator need to rykbdel + Adaptive control approaches under workload B.
for some time before settling near the true value.

However, in the case of Queueing model + Pl As we can see from both Figure 8 and Table V-B,
control approach, the queueing model predictor the proposed Queueing-Model-Based Adaptive Control
an approximation of true Web site, it can help jumppproach has smaller error and achieves better response
to the vicinity of the true control value faster. Andime regulation.




TABLE Il

mechanical system and computing system, transfer func-
THE AGGREGATE ERRORS UNDER WORKLOAMB

Workioai B Oueusing model Oueusing model ¥ tion(state space m_odels cannot be built_ directly to reflect
+ Pl control Adaptive control the internal dynamics of the server st_udled._ Instead, these
Aggregate error| 0.521 0.252 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,
Our experimental evaluation demonstrates the advafaqels thus obtained are not accurate. Furthermore,
tages of integrating a queueing model predictor Wilfnce computing systems are highly nonlinear [8], these
an adaptive feedback loop to achieve performance gugfsgels are at best a linear approximation of the real
antees in Web applications. The two components ha¥esiem. This leads to the problem of poor robustness
complementary strengths, jointly offering more robugfnen directly applying classical control theory to con-
tracking of performance set points in the presence fjling computing system’s performance, especially in
widely unpredictable load. _ presence of dynamic traffic loads. To solve this prob-
While queueing theory and adaptive control theogm researchers [28], [29], [30] propose using adaptive
have been repeatedly used in isolation in many conte¥isntro| techniques for controlling the performance of
to provide performance guarantees, the authors are pgfputing systems. The introduction of adaptive con-
aware of any prior work that demonstrates and advgg|ier helps adjusting the model to the traffic dynamics
cates their combined use within a single frameworl, some extent. However, the model and control are still
The authors believe that such a combined framewqgrinsically linear; and the adaptive controller usually

merits deeper investigation to produce better theory fatsnonses slowly to abrupt traffic changes.
performance assurances in computing systems.

VI. RELATED WORK In [20] Sha et. al. propose queueing model based

Much related work has been done in the areas fgfedback control in Web servers. It combines a queueing

Quality of Service (QoS) control for computing system£n°del predictor and a PI controller to achieve response

Due to space limitations, in this section, we only provid me regulation. Recently, Kamra et. al. [6] uses the

a brief overview of the research most related to ourwoﬂs(',mllar approach for _overload control in a 3-t|§red web
. . sites. Though combing the power of queueing model
i.e. control-theoretic approaches.

Feedback control theory was invented more than gléld feedback control achieves better performance for the

years ago; since then many powerful results and to? gderlymg systems, the design of the feedback loop in

have been obtained and deployed. Recently ContHaese proposals is based on linearization of the queueing

theory has been successfully applied to controlling tf%OdeIS arou.nd the operating po_lnt. _Slnce the queueing
erformance for computing svstems including Web an]odels applied are only approximations to the original
glication systems. In F[)gl] gAb)c/jeIzahelt al builgd a Pl ystem, the so obtained linearized residual error model

(Proportional-Integration) control loop for Apache Wemzypt;?ffoe::nofnzgnc;ftrtfesgys/ts??mr?;Iﬂﬂzle?%rilr?g.cs. Hence

server that enforces desired relative delays among differ-
ent service classes via dynamic connection scheduling

and process reallocation. In [32], a similar approach In this paper, we solve the above problem by using
is used for Squid proxy server to guarantee cache haidaptive controller to design the feedback loop work-
ratio by dynamically adjusting the disk space allocatioing together with the queueing model. The adaptive
In [33], the parameters (i.e. KeepAlive time, MaxClientseedback loop can build the residual error model and
of an Apache Web server are dynamically allocated usisgrresponding controller based on online measurements
a MIMO feedback controller. The goal is to keep thef the system. It can handle inaccuracies in the queueing
system’s CPU and memory utilization stabilized at model and changes in workload in a dynamic fashion
desired reference value. A similar approach is also useyl adjusting the controllers accordingly. Together with
in Lotus Notes Server [34]. These approaches view ttlee queueing model predictor, the proposed Queueing-
server system as a transfer function/state space molieldel-Based Adaptive Control scheme provides a better
and use linear feedback control schemes. performance regulation under a wide range of workloads

However, due to the fundamental difference betweeraad conditions.



VIlI. CONCLUSIONS ANDFUTURE WORK [6]

In this paper, we propose Queueing-Model-Based
Adaptive Control approach for performance regulation
of computing systems. In this approach, the queueinB]
model predictor and adaptive feedback controller operate
concurrently in a complementary manner to make thg)
performance of the system meet the desired target. The
feed forward queueing model predictor controls thé®!
system state near an equilibrium operation point, in spite
of changes in the arrival process. The adaptive controlfes)
corrects errors due to the inaccuracies in the queueing
model and disturbances by using online estimation and
adaptation. To evaluate the effectiveness of the proposﬁaﬂ
approach, we buildraexamplemulti-tiered Web applica-
tion testbed with open-source components widely used[2]
industry. We also implemented Queueing-Model-Basék]
Adaptive Control in the testbed. Experimental studi %.g'
show it achieves better response time regulation than
previous proposals.

We have identified several avenues for future worki6l
First, while the M/GI/1/PS model used in the queueing
model predictor works well in our multi-tiered Welby17
application, we plan to investigate if more sophisticated
models such as queueing network model can help [{8!
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 thgP°
application of the proposed approach in other general
computing systems.

]
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