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Abstract. Workload flows in enterprise systems that use the multigggadigm
are often characterized as bursty, i.e., exhibit a form ofpmral dependence,
that often results in dramatic degradation of the perceiveer performance,
which is extremely difficult to capture with existing capscplanning models.
The main reason behind this deficiency of traditional cagaguianning models
is that the user perceived performance is the result of theptex interaction of
a very complex workload with a very complex system. In thipgrave propose
a simple and effective methodology for detecting burssrgsnptoms in multi-
tier systems but rather than identifying the low-legghctcause of burstiness as
traditional models would require. We provide an effectivaamo incorporate this
information into a surprisingly simple and effective madglmethodology. This
new modeling methodology is based on the index of dispexsitime service pro-
cess at a server, which is inferred by observing the numbesropletions within
the concatenated busy periods of that server. The indexspedsion together
with other measurements that reflect the “estimated” mednhen95th percentile
of service times are used to derive a Markov-modulated peotteat captures well
burstiness and variability of the true service processpitiegevitable inaccura-
cies that result from inexact and limited measurementsail2etexperimentation
on a TPC-W testbed where all measurements are obtained \aenmercially
available tool, the HP (Mercury) Diagnostics, shows thatglhoposed technique
offers a simple yet powerful solution to the difficult probief inferring accurate
descriptors of the service time process from coarse measmts of a given
system. Experimental and model prediction results are geleent agreement
and argue strongly for the effectiveness of the proposetiodetogy under both
bursty and non-bursty workloads.

Keywords: capacity planning, multi-tier systems, transactionssises, bursty
workload, bottleneck switch, index of dispersion.

1 Introduction

The performance of a multi-tier system is determined by tieractions between the
incoming requests and the different hardware architestanel software systems that
serve them. In order to model these interactions for capatdinning, a detailed char-
acterization of the workloads and of the application is meethut such a “customized”
analysis and modeling may be very time consuming, errongrand inefficient in
practice. An alternative approach is to rely on live systeeasurements and to assume

** This work is partially supported by NSF grants CNS-0720688 @CF-0811417, and a gift
from HPLabs. A short version of this paper titled “How to Rasderize Models with Bursty
Workloads” appeared in the HotMetrics 2008 Workshop. HdtMs papers are not copy-
righted and the authors retain the paper’s copyright.



that the performance of each software or hardware resosiomanpletely characterized
by its meanservice time, a quantity that is easy to obtain with simpleasueement
procedures. The mean service times of different classeamdaction requests together
with the transaction mix can be used as inputs to the widegdiMean Value Analysis
(MVA) models [12,25,29] to predict the overall system peniance under various
load conditions. The popularity of MVA-based models is dodheir simplicity and
their ability to capture complex systems and workloads itraightforward manner.
In this paper, we present strong evidence that MVA models wfittier architectures
can be unacceptably inaccurate if the processed worklodnilsieburstinessi.e., short
uneven spikes of peak congestion during the lifetime of {fstetn. Motivated by this
problem, we define here a new methodology for effective dapatanning under
bursty workload conditions.

Internet flash-crowds are familiar examples of bursty trafid are characterized by
periods of continuous peak arrival rate that significandyidte from the average traffic
intensity. Similarly, a footprint of burstiness in systerankioads is the presence of short
uneven peaks in utilization measurements, which indidedethe server periodically
faces congestion. In multi-tier systems, congestion mesgdyy the super-position of
several events including database locks, variability irvise time of software oper-
ations, memory contention, and/or characteristics of tteeduling algorithms. The
above events interact in a complex way with the underlyingWware/software systems
and with the incoming requests, often resulting in shortgestion periods where the
entire architecture is significantly slowed down. For exEampven for multi-tier sys-
tems where the database server is highly-efficient, a Igckondition on a database
table may slow down the service of multiple requests thatdrgiccess the same data
and make the database the bottleneck server for a time p®igihg that period of
time, the database performance dominates the performéttoe averall system, while
most of the time another resource, e.g., the applicatioresanay be the primary cause
of delays in the system. Thus, the performance of the mieltidystem can vary in
time depending on which is the current bottleneck resouncecan be significantly
conditioned bydependenciesetween servers that cannot by captured by MVA models.
However, to the best of our knowledge, no simple methodokgsts that captures in
a simple way this time-varyingottleneck switctin multi-tier systems and its perfor-
mance implications.

In this paper, we present a new approach to integrate watldaestiness in perfor-
mance models, which relies on server busy periods (theyrarediately obtained from
server utilization measurements across time) and measutsrof request completions
within the busy periods. All measurements are collecteti witarse granularity. After
giving quantitative examples of the importance of inteimgburstiness in performance
models, we analyze a real three-tier architecture subfedC-W workloads with
different burstiness profiles. We show that burstiness @ g@rvice process can be
inferred effectively from these traces using theex of dispersiorj7, 10] for counts
of completed requests, a measure of burstiness freques#ty in the analysis of time
series and network traffic. The index of dispersion jointyptures servicgariability
and burstinessin a single number and can also be related to the well-knowrstHu
parameter used in the analysis of long-range dependencEyahermore, the index
of dispersion can be inferred reliably also if the lengthta# trace is short. Using the
index of dispersion, we show that the accuracy of the moasliption can be increased
by up t030% compared to standard queueing models parameterized otllymédan
service demands [20]. Exploiting basic properties of upsbcesses, we are also able



to include in the analysis th@sth percentile of service times, which is widely used
in computer performance engineering to quantify the peai¢an ratio of service
demands. Therefore, our performance models are specifiethlgythree parameters
for each server: mean, index of dispersion, &hth percentile of service demands,
making a strong case of being practical, easy, yet surgtisiaccurate. To the best
of our knowledge, this paper makes a first strong case in theofia new practical
modeling paradigm for capacity planning that encompassekload burstiness.

We stress that the prediction models we propose do not eeguplicit identifica-
tions of the cause(s) of the observed burstiness. Insteayl Lise a powerful yet simple
abstraction that captures the effects of burstiness in toompulti-tiered environments.
The remainder of the paper presents our results in detail.
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Fig. 1. Four workload traces with identical hyper-exponentialtriisition (meany™* = 1,
SCV = 3), but different burstiness profiles. Given the identicaiadaility, trace (d) represents
the case of maximum burstiness where all large service tappsar consecutively in a large
burst. The index of dispersioh, introduced in this paper for the characterization of woakls
in multi-tier architectures and reported on top of each fgis able to capture the significantly
different burstiness of the four workloads. As the name ssg@sl grows the dispersion of the
bursty periods increases up to the limit case in Figure (d).

2 Burstiness in Performance Models: Do We Really Need It?

In this section, we show some examples of the importancerstibess in performance
models. In order to show that burstiness can consisterfibgtathe performance of a



system and gain intuition about its fundamental featuresyse a simple example. Let
us consider the four workloads shown in Figure 1.

Each plot represents a sample 2o, 000 service times generated from the same
hyperexponential distribution with meart! = 1 and squared coefficient-of-variation
SCV = 3. The only difference is that we impose to each trace a uniqustiness
profile. In Figure 1(b)-(d), the large service times progiesly aggregate in bursts,
while in Figure 1(a) they appear in random points of the trétparticular, Figure 1(d)
shows the extreme case where all large requests are comgietsa single large burst.
Thus, we use the term “burstiness” to indicate traces tleanat just “variable” as the
sample in Figure 1(a), but that also aggregate in “burstiodst as in Figure 1(b)-(d).

What is the performance implication on systems of the diffiéburstiness profiles
in Figure 1(a)-(d)? Assuming that the request arrival tireshe server follow an
exponential distribution with meah~! = 2 and1.25, a simulation analysis of the
M /Trace/1 queué at 50% and80% utilization, respectively, provides the response
times, i.e., the service time plus waiting/queueing tinmea server, shown in Table 1.

Response Time (utiliz5)|[Response Time (utiB=g)[Index of Dispersioh
Workload| mean 95th percentile| mean 95th percentile I
Fig. 1(a) | 3.02 14.42 8.70 33.26 3.0
Fig. 1(b) | 11.00 83.35 43.35 211.76 22.3
Fig. 1(c) | 26.69 252.18 72.31 485.42 92.6
Fig. 1(d) {120.49 1132.40 150.32 1346.53 488.7

Table 1. Response time of thal /Trace/1 queue relatively to the service times traces shown in
Figure 1. The server is evaluated for utilizatigns- 0.5 andp = 0.8.

Irrespectively of the identical properties of the servioeet distribution, burstiness
clearly has paramount importance for queueing predictoth in terms of response
time mean and tail. For instance, at 50% utilization the mmemponse time for the
trace in Figure 1(d) is approximately) times slower than with the service times in
Figure 1(a) and thé5th percentile of the response times is ne&htimes longer. In
general, the performance degradation is monotonicallyeasing with the observed
burstiness; therefore it is important to discriminate tledhdwviors in Figure 1(a)-(d)
with a quantitative index. Overall the results in Table legimtuition that we really
need burstiness in performance models. The index of digpergroduced in the next
section is instrumental to capture the difference in thestiess profiles and provides
a simple way to generalize queueing models to effectiveppuoa the performance of
bursty workloads and bottleneck switch.

2.1 Characterization of Burstiness: the Index of Dispersin

We use thendex of dispersion for counts to characterize the burstiness of service
times [7,10]. This is a standard burstiness index used iwarking [10], which we
here apply to the characterization of workload burstinessulti-tier applications. To
the best of our knowledge, the index of dispersion while peinccessfully used in
modeling of networking applications has not been previpagplied to modeling of
enterprise multi-tier applications.

3 We remark that workload burstiness rules out independehseruice time samples, thus the
classic Pollaczek-Khinchin formula for the /G /1 does not apply and the performancedt
only determined by mean and squared coefficient-of-vaniati



The index of dispersion has a broad applicability and wideuparity in stochastic
analysis and engineering [7]. From a mathematical perisjgetihe index of dispersion
of a service process is a measure defined on the squared:s#ff variationSCV
and on the lage autocorrelatiorfsp,,, k£ > 1, of the service times as follows:

IzSCV(l—i—Qipk). (1)

k=1

The joint presence B C'V and autocorrelations ihis sufficient to discriminate traces
like those in Figure 1(a)-(d): e.g., for the trace in Figu(@)lthe correlations are
statically negligible, since the probability of a serviéme being small or large is
statistically unrelated to its position in the trace. HoesYor the trace in Figure 1(d)
consecutive samples tend to assume similar values, thettei®sum of autocorrelation
in (1) is maximal in Figure 1(d). The last column of Table 1a#p the values of for
the four example traces, the values strongly indicatefligable to reflect the different
burstiness levels in Figure 1(a)-(d) which directly afféet response time results.

Note that for exponential service timés= 1, thus the index of dispersion may be
interpreted qualitatively as the ratio of the observediserburstiness with respect to a
Poisson process; therefore, valueg of the order of hundreds or more indicate a clear
departure from the exponentiality assumptions and, utiesealSC'V is anomalously
high, they are indicators of burstiness. Although the matht&cal definition of/ in
(1) is simple, this formulation is not practical for estinaait because of the infinite
summation involved and its sensitivity to noise. In the naxbsection, we describe a
simple alternative way of estimating

2.2 Measuring the Index of Dispersion

The index of dispersion enjoys a simple measurement approhizh makes it very
practical to estimate. Instead of (1), we provide an altérealefinition of the index of
dispersion for a service process as follows. Mgte the number of requests completed
in atime window oft seconds, where theseconds are countéghoringthe server’sidle
time (that is, by conditioning on the period where the systehusy,V; is a property of
the service process which is independent of queueing arahaiaracteristics). If we
regardN, as a random variable, that is, if we perform several expearimiy varying
the time window placement in the trace and obtain differahies ofV;, then the index
of dispersion/ is the limit [7]:

. Var(Ny)
I_t—lg-noo E[Nt] ’ (2)

whereVar(Ny) is the variance of the number of completed requestsilid ] is the
mean service rate during busy periods. Since the valuedafpends on the number of
completed requests in an asymptotically large observaigoiod, an approximation of

* Autocorrelation is used as a statistical measure of théioakhip between a random variable
and itself [4]. In a time series of random variablek,, }, wheren = 0, . . ., oo, p,, expresses
the value of the autocorrelation coefficient as follows:= w wherey is

the mean and? is the common variance dfX,, }, andk denotes the time separation between
the occurrenceX; and X .



this index can be also computed if the measurements arenehtaiith coarse granu-
larity. For example, suppose that the sampling resolusdh i= 60s, and assume to
approximateé — +oo ast ~ 2 hours, thenV, is computed by summing the number of
completed requests 20 consecutive samples. Repeating the evaluation for differe
positions of the time window of lengthwe computé/ar(N;) andE[N¢]. In this work,
we use the pseudo-code in Figure 2 to estimatkrectly from (2). The pseudo-code
is a straight-forward evaluation &far(N;)/E[N,] for different values of. Intuitively,
the algorithm in Figure 2 calculatdsof the service process by observing the com-
pletions of jobs in concatenated busy period samples. Becatithis concatenation,
queueing is masked out and the index of dispersion of job ¢etibps serves as a good
approximation of the index of dispersion of the service pssc

Input
T, the sampling resolution (e.di0s)
K, total number of samples, assuriie> 100
Uy, utilization in thekth period,1 < k < K
ng, number of completed requests in thth period,1 < k < K
tol, convergence tolerance (e.9.20)
Estimation of the Index of Dispersion/
get the busy time in thieth periodBy, := Uy - T, 1 < k< K
initializet = T'andY (0) = 0
do
a. foreachd, = (By, Bii1,..., Biij), 9 1o Beri ® t,
aa. computeV¥ =>"7_ nkpi.
b. if the set of valuesV has less tha00 elements.
bb. stop and collect new measures because the trace is wio|sho
c. Y(t) = Var(Nf)/E[NF]
d. increase by T
until |1 — (Y (¢)/Y (t —T))| < tol, i.e., the values o¥ (¢) converge
5. return the last computed value¥f{¢) as estimate of .

wnh e

Fig. 2. Estimation ofI from utilization samples.

3 Burstiness in Multi-Tier Applications: Symptoms and Causes

Today, a multi-tier architecture has become an industrnydgted for implementing scal-
able client-server enterprise applications. In our expernits, we use a testbed of a
multi-tier e-commerce site that is built according to theCF®/ specifications. This
allows to conduct experiments under different settings itoatrolled environment,
which then allows to evaluate the proposed modeling approac

3.1 Experimental Environment

TPC-W is a widely used e-commerce benchmark that simulae®operation of an
online bookstore [9]. Typically, this multi-tier applicéah uses a three-tier architec-
ture paradigm, which consists of a web server, an applica@yver, and a back-end
database. A client communicates with this web service viah interface, where the
unit of activity at the client-side corresponds to a webpadgenload. In general, a web
page is composed by an HTML file and several embedded objecihsas images. In
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Fig. 3. E-commerce experimental environment.

a production environment, it is common that the web and tipdiegtion servers reside
on the same hardware, and shared resources are used by libatappand web servers
to generate main HTML files as well as to retrieve page emtabdbgcts. We opt to
put both the web server and the application server on the szanhine called the front
serveP. A high-level overview of the experimental set-up is ilkated in Figure 3 and
specifics of the software/hardware used are given in Table 2.

Processor RAM oS

Clients (Emulated-Browsers) [|Pentium D, 2-way x 3.2 GHZ GB|Linux Redhat 9.
Front Server - Apache/Tomcat %Bentium D, 1-way x 3.2 GHZ GB|Linux Redhat 9.
Database Server - MySQL5.0 ||Pentium D, 2-way x 3.2 GHZ GB|Linux Redhat 9.

[ |

Table 2. Hardware/software components of the TPC-W testbed.

Since the HTTP protocol does not provide any means to defimiteginning or
the end of a web page, it is very difficult to accurately meashie aggregate resources
consumed due to web page processing at the server side. iBheoepractical way
to effectively measure the service times &if page objects, although accurate CPU
consumption estimates are required for building an effectipplication provisioning
model. To address this problem, we defindiant transactioras a combination ol
the processing activities at the server side to deliver dineeweb page requested by
a client, i.e., generate the main HTML file as well as retriemeébedded objects and
perform related database queries.

Typically, a continuous period of time during which a cliagtcesses a Web service
is referred to as &Jser Sessiowhich consists of a sequence of consecutive individual
transaction requests. According to the TPC-W specificattomnumber of concurrent
sessions (i.e., customers) or emulated browsers (EBs)piscomstant throughout the
experiment. For each EB, the TPC-W benchmark defines thesassion length, the
user think time, and the queries that are generated by tlsesesn our experimental
environment, two Pentium D machines are used to simulateéBse|f there aren EBs
in the system, then each machine emulatg® EBs. One Pentium D machine is used
as the back-end database server, which is installed withQllys 0 having a database
of 10,000 items in inventory.

There are 14 different transactions defined by TPC-W. In genthese transac-
tions can be roughly classified of “Browsing” or “Orderingpie, as shown in Table 3.
Furthermore, TPC-W defines three standard transactionsnbiased on the weight of
each type (i.e., browsing or ordering) in the particulansaction mix:

— thebrowsing mixwith 95% browsing and% ordering;

5 We use terms “front server” and “application server” interageably in this paper.



[Browsing Type]  Ordering Type |

Home Shopping Cart
New ProductgCustomer Registratign
Best Sellers Buy Request
Product detail Buy Confirm

Search Request  Order Inquiry
Execute Seargh Order Display
Admin Request
Admin Confirm

Table 3. The 14 transactions defined in TPC-W.

— theshopping mixvith 80% browsing and®20% ordering;
— theordering mixwith 50% browsing and:0% ordering.

One way to capture the navigation pattern within a sessithrasigh theCustomer
Behavior Model Graph (CMBG]L5], which describes patterns of user behavior, i.e.,
how users can navigate through the site, and where arcs ctiimpetates (transac-
tions) reflect the probability of the next transaction typ@®C-W defines the set of
probabilities that drive user behavior from one state talagat the user session level.
During each session, each EB cycles through a process ahgemttansaction request,
receiving the response web page and selecting the nexat@ms request. Typically, a
user session starts with a Home transaction request.

TPC-W implementation is based on the J2EE standard — a Jatfarph which is
used for web application development and designed to meetdmputing needs of
large enterprises. For transaction monitoring we use thé\M#cury) Diagnostics [28]
tool which offers a monitoring solution for J2EE applicatso The Diagnostics tool
collects performance and diagnostic data from applicatieithout the need for ap-
plication source code modification or recompilation. Itsibgtecode instrumentation.
This instrumentation enables a tool to record processeddriions and their database
calls over time as well as to measure their execution timéh(bransactions and their
database calls). We use Diagnostics tool to measure theerushbompleted requests
ny in the kth period with the granularity of 5 seconds. We also usestiie command
to obtain the utilizations of two servers across time witle sacond granularity.

3.2 Bottleneck Switch in TPC-W

For each transaction mix, we run a set of experiments witterdiht numbers of EBs
ranging from 25 to 150. Each experiment runs for 3 hours, e/ittes first 5 minutes and
the last 5 minutes are considered as warm-up and cool-doriadgeand thus omitted
in the analysis. User think times are exponentially distiélol with meanZ = 0.5s.
Figure 4 presents the overall system throughput, the mestersyutilization at the
front server and the mean system utilization at the databesesr as a function of
EBs. Figure 4(a) shows that the system becomes overloaded thk number of EBs
reaches 75, 100, and 150 under the browsing mix, the shopmigand the ordering
mix, respectively. The system throughput then remains psytically flat with higher
EBs. This is due to the “closed loop” aspect of the system the fixed number of EBs
(customers), that is effectively an upper bound on the nurabmbs that circulate in
the system at all times.

The results from Figures 4(b) and 4(c) show that under themihg and the or-
dering mixes, the front server is a bottleneck, where the QRlizations are almost
100% at the front tier but only 20-40% at the database tiertth@ browsing mix, we
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Fig. 4. lllustrating a) system overall throughput, b) average CHilization of the front server,
and c) average CPU utilization of the database server feetfiPC-W transaction mixes. The
mean think timeZ is set to 0.5 seconds.

see that the CPU utilization of the front server increaseg stowly as the number of
EBs increases beyond 75, which is consistent with the very growth of throughput.
For example, when the front server is already 100% utilizedku the shopping and the
ordering mixes, the front server for the browsing mix is jastund 80%. Meanwhile,
for the browsing mix, the CPU utilization of the databasesseincreases quickly as
the number of EBs increases. When the number of EBs is beyaddtlbecomes not
obvious which server is responsible for the bottleneck:aterage CPU utilizations
of two servers are about the same, differing by a stati$fiéasignificant margin. In
presence of burstiness in the service times, this may stigfggisa phenomenon of
bottleneck switcloccurs between the front and the database seamoss timeThis
phenomenon is not specific to the testbed described in therduvork. In an earlier
paper [30], a similar situation was observed for a differBARC-W testbed. That is, a
server may become the bottleneck while processing corigelyuarge requests, but be
lightly loaded during other periods. In general, additianeestigation to determine the
existence of bottleneck switching is required when theayeutilizations are relatively
close or when the workloads are known to be highly-variable.

(b) Shopping Mix (c) Ordering Mix
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Fig.5. The CPU utilization of the front server and the databaseesawross time with 1 sec
granularity for (a) the browsing mix, (b) the shopping mirdac) the ordering mix under 100
EBs. The monitoring window is 300 seconds.

To confirm our conjecture about the existence of bottlenadtching in the brows-
ing mix experiment, we present CPU utilizations of the frantl the database servers
across time for the browsing mix, as well as the shopping haatdering mixes with
100 EBs, see Figure 5. A bottleneck switch occurs when thebdae server utilization
becomes significantly higher than the front server utilamatas clearly visible in Fig-
ure 5(a) under the browsing mix workload. As shown in Figus@® and 5(c), there



is no bottleneck switch for the shopping and the orderingesialthough these two
workloads are also highly variable.

The bottleneck switching is a characteristic effect of boess in the service times.
This unstable behavior is extremely hard to model. Late§eantion 4.3, we will show
that the browsing mix exhibits a significantly higher indexdaspersion for both the
front and database server compared to the shopping andrayaeixes.

3.3 The Analysis of Bottleneck Switch

Now, we focus on the burstiness in a multi-tier applicatiofuirther analyze the symp-
toms and possible causes of bottleneck switching. Indexd fypical request-reply
transaction, the application server may issue multiplelade calls while preparing the
reply of the web page. This cascading effect of various taskaks down the overall
transaction service time into several parts, includingtthesaction processing time at
the application server as well as all related query proongssine at the database server.
Therefore, the application characteristics and the higiakdity in database server may
lead to the burstiness in the overall transaction servinegi

To verify this, we record the queue length at the databasesat each instance that
the database request is issued by the application server argghared reply is returned
back to the application server. Figure 6 presents the qusgH at the database server
(see solid lines in the figure) as well as the CPU utilizatiohthe database server (see
dashed lines in the figure) across time for all three traimaaotixes.

(a) Browsing Mix (b) Shopping Mix (c) Ordering Mix
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CPU Utilization (range 0-100%) Average DB Queue Length (range 0-100, there are 106-EBs)

Fig. 6. The CPU utilization of the database server (dashed lines}tam average queue length
at the database server (solid lines) across time for (a) itveding mix, (b) the shopping mix,
and (c) the ordering mix. In this figure, tgeaxis range of both performance metrics is the same
because there is 100 EBs (clients in the system). The margtarindow is 120 seconds.

Here, in order to make the figure easy to read, we show the déds&@d EBs such
that they-axis range for both performance metrics (i.e., queue leagt utilization)
is the same. First of all, the results for the browsing mix igufe 6(a) verify that
burstiness does exist in the queue length at the databass,sghere the queue holds
less than 10 jobs for some periods, while sharply increasas high as 90 jobs during
other periods. More importantly, the burstiness in the lolzda queue length exactly
matches the burstiness in the CPU utilizations of the datalkarver. Thus, at some
periods almost all the transaction processing happenereaiththe application server
(with the application server being a bottleneck) or at thtalbase server (with the
database server being a respective bottleneck). This teatie alternated bottleneck
between the application vs the database servers.
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mix, (b) the shopping mix, and (c) the ordering mix, when ¢hisr100 EBs and the mean think
time is0.5s. The monitoring window is 120 seconds.
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Fig. 8. The number of current requests in system forltmnetransaction across time for (a) the
browsing mix, (b) the shopping mix, and (c) the ordering mixien there is 100 EBs and the
mean think time i$).5s. The monitoring window is 120 seconds.

In contrast, no burstiness can be observed in the queuélérghe shopping and
the ordering mixes, although these two workloads have atglo Variability in their
utilizations, see Figures 6(b) and 6(c). These results@msistent with those shown in
Figures 5(b) and 5(c), where the application server is thi@ syestem bottleneck.

According to the TPC-W specification, different transactigpes may have differ-
ent number of outbound database queries. For exampléldheetransaction has two
database queries in maximum and one in minimum for eachacting request while
the Best Sellettransaction always has two outbound database queriesgresattion
request. To analyze whether the burstiness in database tpregth comes from some
particular transaction types, we measure the number oéctirequests for each trans-
action type over time. After revisiting all 14 transactigpés, we find that the sources
of this burstiness are indeed due to specific transactioestypigures 7 and 8 show
the results for two representative transaction typesB#s Selletransaction and the
Hometransaction, under three transaction mixes. The oversdbdse queue length
across time is also plotted as a base line.

As shown in Figure 7(a), although in the browsing mix only 1af4equests be-
longs to theBest Selletransaction type, the number of these requests dominates th
overall database queue length: the spikes in the overaligjlength in the database
clearly comes from this particular transaction type. Feimiore, there exists burstiness
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Fig. 9. The closed queueing network for modeling the multi-tieteys

in the number of requests for this transaction type and thistiness matches that in
the overall queue length in database server very well. litiad¢ for some extremely
high spikes, e.g., at the 40 timestamp in Figure 7(a), theestg of another popular
transaction type, thelometransaction, also contribute to burstiness (see Figurg.8(a
These figures indicate th&est Sellerand Hometransactions share some resources
required for their processing at the database server, dadds to extreme burstiness
during such time periods.

For the shopping and the ordering mixes, there is no visibkstimess in either
the queue length at the database server or the number ohtuweguests for each
transaction type, as shown in Figure 7(b)-(c) and Figurg-8h respectively.

In summary, we showed that

— burstiness in the service times can be a result of certaikklead combination
(mix) in the multi-tier applications (e.g., burstiness lretservice times may exist
under the browsing mix in the TPC-W testbed);

— burstiness in the service times can be caused by a bottlemétdhing between the
tiers, and can be a result of “hidden” resource contentidwden the transactions
of different types and across different tiers.

Systems with burstiness result are in unstable behavidrighextremely hard to
express and model. The super-position of several evers,asidatabase locking con-
ditions, variability in service time of software operatsymemory contention, and/or
characteristics of the scheduling algorithms, may inteirma complex way, resulting
in the burstiness in systems. The question is whether idsté&entifying the low-
level exactcauses of burstiness as traditional models would requite,oan provide
an effective way to infer this information using live systemeasurements in order to
capture burstiness into new capacity planning models.

3.4 Traditional MVA Performance Models Do not Work

In this section, we use standard performance evaluatiohadetogies to define an
analytical model of the multi-tier architecture presente&ection 3.1. Our goal is to
show that existing queueing models can be largely inaceimaterformance prediction
if the system is subject to bottleneck switching effects.dWew in Section 4 how per-
formance models can be generalized to correctly accoutuictiness and bottleneck
switches based on the index of dispersion.

We model the multi-tier architecture considered in the expental analysis by
a closed queueing network composed by two queues and a ds=liégr @as shown in
Figure 9. Closed queueing networks (see [12] for an intrtdafare established as the
capacity planning models for predicting the performancelisfributed architectures
using inexpensive algorithms, e.g., Mean Value Analysis¥AM[21]; we refer to these
models in the rest of the paperB&/A models



In the MVA model shown in Figure 9, the two queues are used stratt perfor-
mance of the front server and of the database server, résggcThe delay center is
instead representative of the average user think finbeetween receiving a Web page
and submitting a new page download regfieEhe two queues serve jobs according
to a processor-sharing scheduling discipline. In the rpplieation, the servlet code is
a mix of instructions at the front server and the databaseesewrithout an expensive
analysis of the source code, it is truly difficult to charaiziethe switch of the execution
from the front server to the database server and back, werthie a simplification by
assuming that requests first execute at the front serveowiiimy interruption and then
the residual service time is processed at the databasea sédamsequently, with this
simplification, the two queues in Figure 9 are connectediiiese

The proposed MVA model can be immediately parameterizedhleyfollowing
values:

— the mean service timg&rg of the front server;

— the mean service timgp g of the database server;
— the average user think tini;

— the number of emulated browsers (EBS).

Note that the arrival process at the multi-tier system, Whscin the real system the
arrival of new TPC-W sessions, is fully reproduced by thparameter. In fact, a new
TPC-W session is generatefiseconds after completion of a previously-running user
session: thus, the feedback-loop aspect of TPC-W is fulyuoad by the closed nature
of the queueing network and the user think timeompletes the model of the TPC-W
arrival process.

The values o6 rs andSp s can be determined with linear regression methods from
the CPU utilization samples measured across time at the éweis [29]. Instead?
and the number of EBs are imposed to set a specific scenariex&mple, in Figure 10,
we evaluate an increase of the number of EBs under the fixekltinie Z = 0.5s; other
choices of the delay are possible, see Section 4.2 for agtigmu Indeed, increasing the
EB number is a typical way in capacity planning to exploreithpact of increasingly
larger traffic intensities on system performance. FigursHidvs the results of the MVA
model predictions versus the actual measured throughpBtdTs) of the system as a
function of the number of EBs.

The three plots in the figure illustrate the different modmlaacy under the brows-
ing, shopping, and ordering mixes. The results show thalvf¥i&é model prediction is
quite accurate for the shopping and ordering mixes, whaestlexists a large deviation
between the predicted and the measured throughputs fordhasimg mix. In particular,
the maximum error in Figure 10(a) is as large36%. This indicates that MVA models
can deal very well with modelwithout burstiness (e.g., the ordering mix in Figure
10(c)) and with models where burstiness daesresult in a bottleneck switch (e.g.,

5 The main difference between a queue and a delay server iththatean response time at the
latter isindependenof the number of requests present.

“In the following sections, we consider the burstiness aatet to the execution of these
requests at the front server and at the database server.b®wacion ignores the order of
execution of portions of the servlet code and has no impatti@burstiness estimates because
the requests complefasterthan the monitoring window of the measurement tool. Thus, fo
an external observer, it would be impossible to distingbistwveen samples collected from the
real system and those of the abstracted system where thdirsidexecutes only at the front
server and then completes at the database server.
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Fig. 10. MVA model predictions versus measured throughput.

the shopping mix in Figure 10(b)). However, the fundameatal most challenging
case of burstiness resulting in bottleneck switches reviba limitation of the MVA

modeling technique, e.g., the browsing mix in Figure 10{djis is consistent with
the established theoretical results for MVA models, whiale out the possibility of
capturing the bottleneck switching phenomenon [2].

4 Integrating Burstiness in Performance Models

Here, we use the measurement of burstiness for the parapaditam of the performance
model presented in Figure 9. We first present the methoddtwdgntegrating the bursti-
ness in queueing models in Section 4.1 and then discuss thectnof measurement
granularity in Section 4.2. Finally, the experimental festor the validation of the
model prediction accuracy are shown in Section 4.3.

4.1 Integrating I in Performance Models

In order to integrate the index of dispersion in queueing emdve model service
times as a two-phase Markovian Arrival Process (MAP[18, 22,5]. AMAR?2) is a
Markov chain that jumps between two states and the actite deermines the current
rate of service. For example, one state may be associatédsleiy service times,
the other may represent fast service times. While procgsbmsequence of jobs, the
MAP(2) jumps accrding to some probabilities between the slow aadbtét states. The
challenge is to assign the service rates of the two statesh@ndimping frequencies
such that the service times received by the jobs served byI&R(2) in the queueing
model have the same statistical properties of the servicestin the measured trace.
Fortunately, MAR2) service rates and jumping frequencies can be fitted withedlos
form formulas given the mea,C'V, skewness, and lag-autocorrelation coefficient
p1 of the measured service times [8, 6].

We use these close-form formulas to define the NIAR:s follows. After estimating
the mean service time and the index of dispersioof the trace, we also estimate
the 95th percentile of the service times as we describe at the enldissubsection.
Given the mean, the index of dispersibrand thed5th percentile of service times, we
generate a sequence of M&Ps that havet20% maximal error onZ, see [11, 1] for
how to computel in MAP(2)s. Among these set of MAR)s, we pick the one that
has95th percentile closest to the estimate we have obtained fhentrace. In case of
tie, we pick the MAR2) with maximal lagd autocorrelation which corresponds to a
worst-caseestimate of existence of bursts like in Figure 11(d). Thisatural choice,
since capacity planning needs to address worst-case stefaamperformance. Overall,
the computational cost of fitting the MAP)s is negligible both in time and space



requirements. For instance, for the experiments congideréhis paper the fitting of
the MAP(2)s has been performed in MATLAB with computational times e five
minutes.

We conclude the section explaining how to estintiith percentile of the service
times from the measured trace. We estimatedtith percentile of the service times as
the 95th percentile of the measured busy tim@g in Figure 2 scaled by the median
number of requests processed in the busy periods. If the bras high dispersion (e.g.,
I >> 100), this estimate is very accurate becauseth@bs that are served in thigh
busy period receive a similar service tirfigand the busy time is therefofg, ~ nxS}.
Our approximation consists in assuming always constant and equal to its median
value med(ny): under this hypothesis the 95th percentile®f is simply med(ny)
times the 95th percentile &;,. Conversely, if the trace has low dispersion (elgs
100), our approach is inaccurate. Nevertheless, we observavihaan still take this
simplification, because under low-burstiness conditidresqueueing performance is
dominated by the mean and th€'V of the distribution, and a biased estimate of the
95th percentile does not have any appreciable effect on acgurapractice, we have
found this estimation approach to be highly satisfactonsfstem modeling as proven
by the experimental results reported in the next sections.

4.2 Impact of Measurement Granularity and Monitoring Windo ws

Starting from the MAP-based model defined in the previousiaecwe validate the
accuracy of the new analytic model using the same validaigeriment considered in
Section 3.4. We denote b¥,,, the think time used in the capacity planning queueing
network model that represents the system considered il8eé. For validation, we
always compare the predictions of this model with a real erpent where the TPC-W
has think timeZ,,,. The notationZ.;,, denotes, instead, the TPC-W think time used
in experiments to generate the traces from which we estithared the MAR2)s. In
general,Z s, can differ fromZ,,, e.g., if we want to explore the sensitivity of the
system to different think times we may consider models witfeent Z,,,, but where
the MAP(2) used are parameterized from the same experimental traagmebtfor a
certainZestim # Zgn . It is expected that a robust modeling methodology couldipte
well the performance of the system also faf,, # Z...im Since we are seeking for a
robust characterization of the service processes whickpsated to be insensitive to
the valueZ. ., that describes a characteristic of the arrival processearthlti-tier
system, rather than a property of the servers.

In all validations we set,,, = 0.5s and evaluate throughput and an increase of
the number of EBs. The default think time value for the TPC-@hdhmark is7s,
but settingZ,,, = 7s we would need to set the number of EBs as high as 1200 to
reach heavy-load. Unfortunately, no existing numericgrapch can solve the model
for exact solutions when the system has such a large numBfSince in this work
we are interested in validating models with respect to theact accuracy, we have
explored exact solutions in Section 3.4 by reducing the thgek time toZ,,, = 0.5s,
such that the system becomes overloaded when the numbesa$ BB und 00 — 150.
Models with larger number of EBs should be evaluated wittraximations, e.g., with
the class of performance bounds presented in [5]. In theofgeper, we only consider
queueing network models with,,, = 0.5s. By building the underlying Markov chain
and solving the system of linear equations, we solve the meadyic model and get
the analytic results, see [5] for a description of the Markbain underlying a MAP
queueing network.



Here, we first present validation results on the browsing foixdifferent values
of the measurement granulari,;,,. Since measurements should not interfere with
normal server operations, in the experiments in Section Bawe set the monitoring
window resolution of the Diagnostics tool to a standérd= 5s, which means that
hundreds of requests may be served between collection oftwsecutive utilization
samples. For instance, when the user think time in TPC-Wti®sé. ..., = 0.5s and
the number of EBs i50, there are on averagé5 requests completed in a monitoring
window of W = 5s. A reduction of the frequency of sampling makes it difficut t
collect a large number of samples (e.g., tens of thousaad}his significantly reduces
the statistical robustness of the index of dispersion egtigh Conversely, we have
found that decreasing the mean throughput of the system bpciease ofZ..im
can have beneficial effects on the quality of the index ofdisjpn estimation without
having to modify the monitoring window resolution.

Figure 11 compares the analytic results with the experiaien¢asurements of the
real system for the browsing mix. A summary of the think tinaéues used in the two
models is given in Table 4. In all models, we set the mean uggk time toZ,,, = 0.5s

Browsing Mix
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Fig. 11. Comparing the results for the model which fits MAPs with diffiet Z. .., = 0.5s and
Zestim = 75. 0N each bar, the relative error with respect to the experiaheata is also reported.

and vary the system loads with different EBs. To evaluateffest of the measurement
granularity on the analytic model, we have estimated twe s&€tMAP(2)s by using
the measured traces from the experiments with 50 EBs and iffeyat levels of
measurement granularity, i.e., the user think tifg;,, = 0.5s, and Z.g4m, = 7s,
respectively. AsZ. ., inCreases, we are getting monitoring data of finer grartylari
because in the same monitoring windtwa smaller number of requests is completed.
This makes the estimation of the varianceléf in the algorithm in Figure 2 more
accurate as the finer granularity reveals better the nafueecservice times. This is
intuitive, e.g., in the extreme case whéefg,;,,, is so large that only a single request is

8 Robustness depends on the relative frequency of servieetiraks, e.g., if congestion events
due to bursty arrivals as in Figure 1(d) are not frequent) enéarge volume of experimental
data may be needed to distinguish such events from outlietsarrectly identify the bursty
behavior.
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Model-Z0.5
Model-Z7

Zgn = 0.5s
Zgn = 0.5s

Zestim = 0.5s
Lestim = 18

Table 4. Think time values considered in the accuracy validatioreeixpents.

completed during a single monitoring windd¥, then our measurement corresponds
to a direct measure of the request service time and the agtimzecomes optimal

In Figure 11, the corresponding relative prediction erdrich is the ratio of the
absolute difference between the analytic result over thasomed result, is shown on
each bar. The figure shows that precision increases noigiteglwhen a finer granu-
larity of monitoring data is used. As the system becomesilydaaded, the model with
finer granularity (i.e.Z.stim as high ags) dramatically reduces the relative prediction
error to 2.4%.

4.3 Validation of Prediction Accuracy on Different Transadion Mixes

(a) Browsing Mix — I_front=40 & I_db=308 (b) Shopping Mix - I_front=2 & |_db=286 (c) Ordering Mix — |_front=3 & |_db=9¢
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Fig. 12. Modeling results for three transaction mixes as a functicth® number of EBs.

Figure 12 compares the analytical results with the expertalaneasurements of
the real system for the three transaction mixes. The vallibe index of dispersion for
the front and the database service processes are also shaenfigure. Throughout
all experiments, the mean user think tiidg, is set toZ,,, = 0.5s; the MAP(2)s are
obtained from experimental data collected wihy;;,,, = 7s.

Figure 12 gives evidence that the new analytic model basedevimdex of disper-
sion achieves gains in the prediction accuracy with restgettie MVA model onall
workload mixes, proving to be reliable also when the worlloare not bursty. In the
browsing mix, the index of dispersion enables the queueindgatto effectively capture
bothburstiness and bottleneck switch. The results of the pexgbasalytic model match
closely the experimental results for the browsing mix, whiémaining robust in all
other cases.

9 Indeed, a large increase @t to this level would be unrealistic because it would hide
possible slowdowns in service times that become evidegtwhén several requests are served
simultaneously, e.g., increased memory access timesontgs due to an increase in size of
shared data structures. For this reason, it is always duleisaincreas&.:i, in experiment,
but such that there are some tens of requests completednre avindow V.



The shopping mix presents an interesting case: as alreadynag in Section 3.4,
the MVA model performs well on the shopping mix despite thesbiness because,
regardless of the variation of the workload at the databasees the front server re-
mains the major source of congestion for the system and thtdehb@haves similarly
to a MVA model (i.e., no bottleneck switch). This stressess féct that our modeling
methodology provides the largest improvements when theesyexhibits complex
bottleneck switching phenomenon that cannot be modelexh ag approximations,
by MVA models.

In the ordering mix, the feature of workload burstiness is@dt negligible and the
phenomenon of bottleneck switching between the front aedi#ttabase servers cannot
be easily observed, see Section 3.2. For this case, MVA gigtddiction errors up
to 5%. Yet, as shown in Figure 12(b) and 12(c), our analyticlehdurther improves
MVA's prediction accuracy. This happens because of thexmdéispersior! is able to
capture detailed properties of the service time processtkanot available to the MVA
model.

All results shown in Figure 12 validate the analytic modeddzhon the index of
dispersion: its performance results are in excellent ages with the experimental
values in the systemith andwithoutthe feature of workload burstiness and bottleneck
switch.

5 Related Work

Capacity planning of multi-tier systems is a critical pdrttee architecture design pro-
cess and requires reliable quantitative methods, see ¢t @ introduction. Queueing
models are popular for predicting system performance asd@ring what-if capacity

planning questions [16, 27, 26, 25]. Single-tier queueimglals focus on capturing the
performance of the most-congested resource only (i.etlebetk tier): [27] describes
the application tier of an e-commerce system as a M/GIl/1{rRSig; [19] abstracts the
application tier of aV-node cluster as a multi-server G/G/N queue.

Mean Value Analysis (MVA) queueing models that capturetadl inulti-tier archi-
tecture performance have been validated in [26, 25] usinthsyic workloads running
on real systems. The parameterization of these MVA modejgires only the mean
service demand placed by requests at the different resaurc§23] the authors use
multiple linear regression techniques for estimating futitization measurements the
mean service demands of applications in a single-threaafedage server. In [14], Liu
et al. calibrate queueing model parameters using infereatmiques based on end-
to-end response time measurements. A traffic model for Viédficthas been proposed
in [13], which fits the real data using the mixture of disttibus.

However, the observations in [17] show that autocorrefaitiomulti-tier systems
flows, which is ignored by standard capacity planning mqdualsst be accounted for
accurate performance evaluation. Indeed, [3] presentbtiistiness in the World Wide
Web and its related applications peaks the load of the Walkesbeyond its capacity,
which results in the significant degradation of the actuadexeperformance. In this
paper we have proposed for the first time robust solutionsdpacity planning under
workload burstiness. The class of MAP queueing networksidened in this paper
that can capture the effects of burstiness has been firstlimted in [5] together with
a bounding technique for approximate model solution. Ia gaper, we have proposed
a parameterization of MAP queueing networks using for theise process of each
server its mean service time, the index of dispersion, améitth percentile of service



times. The index of dispersion has been frequently adoptdtki networking literature

for describing traffic burstiness [24, 10]; in particulaiisiknown that the performance
of the G/M/1/FCFS queue in heavy-traffic is completely deieed by its mean service
time and the index of dispersion [24]. Further results comiog the characterization of
index of dispersion in MAPs can be found in [1].

6 Conclusions

Today’s IT and Services departments are faced with the difftask of ensuring that
enterprise business-critical applications are alway#aa and provide adequate per-
formance. Predicting and controlling the issues surraumdystem performance is a
difficult and overwhelming task for IT administrators. Witemplexity of enterprise
systems increasing over time and customer requirement®d& growing, effective
models for quick and automatic evaluation of required systesources in production
systems become a priority item on the service provider'shwist”.

In this work, we have presented a solution to the difficultipeon of model pa-
rameterization by inferring essential process informmafiom coarse measurements in
real system. After giving quantitative examples of the im@ioce of integrating bursti-
ness in performance models pointing out its role relativtelyhe bottleneck switch
phenomenon, we show that coarse measurements can stillebetagparameterize
queueing models that effectively capture burstiness andhitity of the true process.
The parameterized queueing model can thus be used to claselict performance in
systems even in the very difficult case where there is perdibbttleneck switch among
the various servers. Detailed experimentation on a melted system using the TPC-W
benchmark validates that the proposed technique offerbust@olution to predicting
performance of systems subject to burstiness and botH#eswveitching conditions.

The proposed approach is based on measurements that cauntinelyoobtained
from existing commercial monitoring tools. The resultingrgmeterized models are
practical and robust for a variety of capacity planning aadgrmance modeling tasks
in production environments.

References

1. A.T. Andersen and B. F. Nielsen. On the statistical ingilans of certain random permuta-
tions in markovian arrival processes (MAPs) and seconeéfasdlf-similar processeserf.
Eval, 41(2-3):67-82, 2000.

2. G. Balbo and G. Serazzi. Asymptotic analysis of multislaksed queueing networks:
Common bottlenecksPerf. Eval, 26(1):51-72, 1996.

3. G. Banga and P. Druschel. Measuring the capacity of a welersender realistic loads.
World Wide Wep2(1-2):69-83, 1999.

4. J. BeranStatistics for Long-Memory Process&shapman & Hall, New York, 1994.

5. G. Casale, N. Mi, and E.Smirni. Bound analysis of closeglLiging networks with workload
burstiness. IfProceedings of ACM SIGMETRICSages 13-24, 2008.

6. G. Casale, E. Zhang, and E. Smirni. Interarrival times rattarization and
fitting for markovian traffic analysis. Number WM-CS-2008-0 Available at
http://www.wm.edu/computerscience/techreport/2008A0S-2008-02.pdf, 2008.

7. D. Cox and P. LewisThe Statistical Analysis of Series of Evedishn Wiley and Sons, New
York, 1966.

8. H. Ferng and J. Chang. Connection-wise end-to-end pe#ioce analysis of queueing
networks with MMPP inputsPerf. Eval, 43(1):39-62, 2001.



9. D. Garciaand J. Garcia. TPC-W E-commerce benchmarkatiaftulEEE Computerpages
42-48, Feb. 2003.

10. R. Gusella. Characterizing the variability of arrivabgesses with indexes of dispersion.
IEEE JSAC19(2):203-211, 1991.

11. A. Heindl. Traffic-Based Decomposition of General Queueing Netwoiiks @Gorrelated
Input ProcessesPh.D. Thesis, Shaker Verlag, Aachen, 2001.

12. E. D. Lazowska, J. Zahorjan, G. S. Graham, and K. C. Se@ilantitative System Perfor-
mance Prentice-Hall, 1984.

13. Z. Liu, N. Niclausse, and C. Jalpa-Villanueva. Trafficdaband performance evaluation of
web serversPerform. Eval, 46(2-3), 2001.

14. Z. Liu, L. Wynter, C. H. Xia, and F. Zhang. Parameter iafere of queueing models for it
systems using end-to-end measuremeiést. Eval, 63(1):36—60, 2006.

15. D. A. Menascé and V. A. F. Aimeid&caling for E-Business: Technologies, Models, Perfor-
mance, and Capacity Planningrentice-Hall, Inc., 2000.

16. D. A. Menascé, V. A. F. Almeida, and L. W. DowdZapacity planning and performance
modeling: from mainframes to client-server systeRientice-Hall, Inc., 1994.

17. N. Mi, Q. Zhang, A. Riska, E. Smirni, and E. Riedel. Parfance impacts of autocorrelated
flows in multi-tiered systemsPerf. Eval, 64(9-12):1082—-1101, 2007.

18. M. F. Neuts.Structured Stochastic Matrices of M/G/1 Type and Their &pgibns Marcel
Dekker, New York, 1989.

19. S. Ranjan, J. Rolia, H. Fu, and E. Knightly. Qos-drivervesemigration for internet data
centers. Irthe 10th International Workshop on Quality of Service (IV8@&), 2002.

20. M. Reiser. Mean-value analysis and convolution metlwdyfieue-dependent servers in
closed queueing networkPerf. Eval, 1:7-18, 1981.

21. M. Reiserand S. S. Lavenberg. Mean-value analysis sédimultichain queueing networks.
JACM, 27(2):312-322, 1980.

22. T. G. RobertazziComputer Networks and Systen®pringer, 2000.

23. J. Rolia and V. Vetland. Correlating resource demaratinétion with arm data for applica-
tion services. IProceedings of WOSP '9@ages 219-230. ACM, 1998.

24. K. Sriram and W. Whitt. Characterizing superpositiatival processes in packet multiplex-
ers for voice and datdEEE JSAC 4(6):833—846, 1986.

25. B. Urgaonkar, G. Pacifici, P. Shenoy, M. Spreitzer, andiahtawi. An analytical model for
multi-tier internet services and its applications. Rroceedings of the ACM SIGMETRICS
Conferencepages 291-302, Banff, Canada, June 2005.

26. B. Urgaonkar, P. Shenoy, A. Chandra, and P. Goyal. Dymamvisioning of multi-tier
internet applications. IMCAC '05: Proceedings of the Second International Confeeson
Automatic Computingpages 217-228, 2005.

27. D. Villela, P. Pradhan, and D. Rubenstein. Provisiorsagers in the application tier for
e-commerce systemACM Trans. Interet Technol7(1):7, 2007.

28. www.mercury.com/us/products/diagnostibercury Diagnostics

29. Q. Zhang, L. Cherkasova, G. Mathews, W. Greene, and EnSnil-capriccio: A capacity
planning and anomaly detection tool for enterprise seswaith live workloads. IrProceed-
ings of Middlewarg pages 244—-265, Newport Beach, CA, 2007.

30. Q. Zhang, L. Cherkasova, and E. Smirni. A regressioedamnalytic model for dynamic
resource provisioning of multi-tier applications. Pnoceedings of ICAC'Q7age 27, 2007.



