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Abstract—We presenta framework for estimating the sewice
time of a dynamic HTTP requestby using the sewice times of
past requeststo the sameURL. Our framework tags incoming
requestswith a timestamp. As the requestis processedsewer
staterelevant to the estimation mechanism,suchasthe number of
threadssewvicing incoming requests,is stored with eachrequest.
When a requestis handled, it is timestamped again, allowing us
to calculate its sewvice time. This sewice time is added to the
history table and used in the computation of futur e estimates.
The estimatorswe evaluated do not produceaccurate predictions
when sewer resourceschange,leaving room for further work in
estimator design.

|. INTRODUCTION

Unlike traditional web pagesthat can be cachedon a
web sener or in the browser only certaincomponentgsuch
as standardizedext) of dynamic web pagescan be sened
faster by caching or pre-fetching [4]. With the adwent of
adaptve adwertisements,personalizedonline shopping and
similartechnologiesgdynamicweb pageghatrequireextensive
sener-side processingare becomingincreasingly prevalent.
One concernwhen serving dynamic pagesis determining
the sener resourcesequiredto provide end-userswith good
quality of service.A possibleway to do this is to analyze
incoming service requestsand provide greatercontrol over
their processingo the web sener.

A preciseestimateof a requests servicetime would be
useful for providing good quality of service.We proposea
generalfeedback-baseffameavork for estimatingthis service
time. Our framework functions as follows. For each URL,
the web sener tracksthe servicetime of recently-completed
requestsin a history table. Upon receipt of a new request,
we use our history table to compute an estimatefor the
request.When this requestcompletes,its measuredservice
time updateghe history table.

We built our estimationframework, called Siroccg atop
the Stagedevent Driven Architecture(SEDA) [13] infrastruc-
ture for developing event-driven applications.Our estimation
mechanisnpredictsrequestservicetimes when the sener is
operatingunder regular (i.e., non-overloaded)conditions.To
presere the accurag of our estimatesunder varying loads,
we experimentwith different estimatecomputationschemes.
We analyzeour resultsanddescribea generalsetof properties
that estimatorsshouldpossess.

The estimationframework is:

1) online estimationis performedat runtime;

2) adaptive our feedbackmechanismtracks varying ser
vice times (perhapsdueto changingserviceload); and

3) cheap while increasingthe numberof tracked URLSs is
limited by senerside resourcessuch as memory this
doesnot impactend-userequestservicetimes.

Along with its usein web serviceswe ervision the impact
of our estimationtechniquesn otherareas:

1) Load balancing: Oftentimes, large websites employ

load-balancingschemedgo distribute resourcesandtraf-

¢, amongstmultiple seners. Sirocco will provide a
reasonablyaccurateservice time for every URL, and
help constructbetterload-balancingmechanisms.

Web sewer administration: An accurateservicetime

estimationwould enablethe developmeniof applications
that can better manageweb seners. For instance,a
websitethatdistinguishedetweerpaidandunpaidusers
can monitor servicetimes for paid users'accesseand
guaranteghem betterservice.

Virtual host sewices With the emegenceof rentable
enterprise-scaléata centers[8], dynamicallocation of

seners, applicationsand communicationbandwidthis

a novel problem. An efcient solution will require
an excellent service and load estimationtechniqueto

correctly predictresourcerequirements.

There are some limitations to our framework. To have a
meaningfulcorrelationbetweera URL's historyandits service
time, the pageat that URL must be generatedn a constant
processingime. We have not fully addressedhe behaior of
our history/estimatiorschemeaundersener overloadscenarios.

The rest of this paper describesour framework design,
implementatiorand evaluation.We thendescribefuture work.

2)

3)

Il. RELATED WORK

Over the years, web seners have incorporated novel
scheduling[2], trafc shaping[12], gracefuldegradationun-
der overloadedscenarios[1], and other sener performance
improvementg13], [10]. To the bestof our knowledge,there
is no work that directly dealswith the problemof estimating
the servicetime of dynamicrequestgo a web sener.

I11. DESIGN

Figure 1 shavs an overview of the framework. The central
componentof our framework is the history table. We chose
to denotedifferent dynamic applicationsas different URLs.
For eachdynamic URL, we maintain a history table entry
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Fig. 1. History framevork embeddedwvithin a web sener. Eachrequestis
in a differentstage.In the secondstage the history table attachesa tag to a
request.In the nal stagethetagin a nished requestis usedto updatethe
history table, providing feedback.

of information from previous requestsfor that URL. The
information stored dependson the estimator (one of our
estimatorsstorethe measuredservicetime). Whenthe sener
recevesa new requestjts URL entryis locatedin the history
table,andit is givena tag.

A tag is a datastructurethat is attachedto every request.
It encapsulatedatarelevantto the estimator(in our schemes,
thesencludethetimestampsthe queudength,andthenumber
of threads).As a requestis processedby the sener, this
information is storedin its tag. When the requesthas been
serviced,its tag is usedto updatethe URL's history table
entry This completeshe feedbackioop in our design.

We designedour history table, tagging and estimation
mechanismto work in a simple, cohesie mannerthat can
be ported to ary web sener. The frameavork only tracks
information that is readily available in a web sener, and it
can be easily extended.The tagging mechanismrequiresa
simple function call whenrequestprocessings initiated, and
anotherat completion.Onrequestompletion a history-update
functionis alsoinvoked.

A. Estimation

For a given URL, we the history tablefor informationfrom
pastrequestsThis information is usedto computea service
time estimatefor a new requestto that URL. This compu-
tation requiresa two stepeffort: i) we needto incorporatea
timestampmechanisnthattracksthe requesthroughdifferent
stagesof processingn the web sener; ii) we needto develop
a suitableestimationschemecapableof generatinganaccurate
prediction.

We usethetagto storea timestampwhentherequesis rst
encounteredand a secondtimestampimmediatelybefore the
request responseés queuedor transmissionTheir difference
is the measued servicetime

The designspacefor an estimationschemenvolvesseveral
tradeofs. A high performanceweb sener that is heaily-
loaded with requestsshould not expend all its resources
computinga servicetime estimate At the sametime, a better
estimation method may require more resources.Simplicity
of designand operationis requiredto ensurethat it does
not compoundthe compleity of the web sener. Another
importanttradeof is betweenadaptabilityand predictability
We would like to discardsandom’noise' andextremeswings

in servicetime to keepour estimategpredictable However, we
also want the estimatesto adaptwhen the servicetime does
change perhapsdueto the addition of threads.

With the above tradeofs in mind, we designeda few simple
estimatorsOur rst estimatorperformeda simple averageof
pastservicetimes and returnsthis asthe estimate While the
averagingschemeis simple, we found it to be unresponsie
undera changingload, i.e., we hadto ush out a majority of
pastservicetimesfor the estimateto resemblecurrentservice
times. We realized that we could better adaptto changing
loadsby accountingfor the queuelength of requestsawaiting
processingFor eachrequestwe store STQ, where:

ServiceTime
STQ= ———
Q Queuelength

For an incoming request,an estimatewas generatedby
retrieving its STQ value and multiplying it by the queue
length at that instant. We found this estimatorto perform
signi cantly betterthanthe averagingestimator However, its
performancealegradedunderheary loadswhenSEDA detected
an overloadand spavned additionalhandlerthreads.This led
us to believe that we might be able to further improve our
estimationby incorporatingthe numberof threadsservicing
incoming requestsnto our computation.Our third estimator
storedthe following value.

_ ServiceTime
" QueuelLength* Numberof Threads

An estimateis generatedby retrieving the averageSTQT
from the history table and multiplying it by the queuelength

andthe numberof threadsservicingincomingrequestsat that
instant.

STQT

IV. IMPLEMENTATION

Web sener architecturesfall into three broad models:
process-basedhread-basedand event-driven. Kegel [6] and
von Leitner [11] provide a more-detailedook at the differ-
encesbetweenthesemodelsand explain how the design of
event-driven seners, such as Lighttpd [7] and SEDA [13],
scalebetterthanprocess-basedndthread-basedeners,such
asApache.

We designedour framework so that it can scale from
monolithic seners to larger web seners with distributed
data processingbaclendsby passingthe requesttag across
different machines.Our prototype implementationdeployed
the history framework within Haboob, a monolithic event-
drivenweb sener implementedon the Sandstornplatform, a
referencémplementatiorof SEDA [13]. Haboobis structured
as a central execution unit with a set of linked stagesthat
maintain their own requestqueueand dynamic thread pool.
An importantdesigndecisionis that we have SEDA provide
eachdynamic URL with its own handlerstage.This is later
foundto greatlyimpactresourceutilization and our ability to
measurehe frameawork.

The modi ed versionof Haboobincorporatingour history
mechanismis called Sirocca Our changesto Haboob are
shawvn in Figure 2. The mostimportantchangeis the addition
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Fig. 2. This gure shaws the maininternalstagesof Siroccowith the STQ

estimatorAll stageqwith their own queuespnddata o w betweerstagesare

unchangedrom Haboob Siroccoaddsthe History class.New requestparsed
by httpServerare forwardedto History, which generateghe requess tag.

Using STQ, thetag containsaninitial timestampandthe lengthof therequest
handlers queue.In httpSenda nal timestampis addedto the requess tag

astherequesis queuedor transmissionThetagis sentto History to provide

feedback.

of the httpRequestHistorglasswhich holdsthe history table.
The history table is storedas a hashtable that mapseach
tracked URL to a datastructurecontainingan array eachfor

the servicetimes, STQ or STQT values,dependingon which

of thethreeestimatords in effect. Its public interfaceconsists
of two functions:updateHistory()and getTag().

As eachincoming requestis parsedby the Haboobstage
httpServerseeFigure2) to generatea requesbbject,getTag()
generates new historytagfor the requestcontaininga times-
tamp and a queuesize. At this stage,we updatethe tag with
the numberof requestgpendingservicein the handlerqueue
(queudengthis usedin the ST Q estimatorjandthe numberof
threadhandlers(usedin STQT). Oncea requestis serviced,
it arrives at HttpSendwhere it receves the exit timestamp
asit placesits responsedataonto the TCP connectionsend
queue.If the requestcamefrom one of the dynamichandler
stagesHttpSendnvokesthe updateHistory(functionwith the
request tag asthe parameter

Whenthe history table receves a tag to update,it extracts
the embeddedJRL andlooksup its entryin the historytable,
creatinga new one, if necessaryUpdatinga speci ¢ URL's
history involves appendingthe servicetime (as measuredy
the startandendtimestamps)or the computedSTQ or STQT
valuesto the history table, dependingon the estimatorused.
We maintaina x ed-lengthhistory arrayfor every URL entry.
This arrayis usedasa circular buffer with a Least-Recently-
Used (LRU) eviction policy. This history update acts as a
feedbackmechanismwhich improvesfuture estimatedservice
times.

V. EVALUATION

Therearethreemainareasn Siroccothatmustbeevaluated:

1) Overhead— what is the resourcecost of our frame-
work?

2) Measuement— how accuratelydoesSiroccomeasure
the currentrequestservicetime?

3) Estimation— how accuratelydoesSiroccoestimatethe
currentrequestservicetime?

A. Methodolagy

We deployed Siroccoon a Dell GX620 with a PentiumIV
3.4GHz processorand 2GB DDRAM. A ShuttleX PC with
Athlon XP 2400+and512MB DDRAM wasconnectedo the
sener over a dedicated100BaseTEthernetconnectionand
acted as our client. In this con guration, network delay is
neggligible asthereare no other machineson the network.

To simulatea computationaldelay on the sener, we con-
structeda dynamicapplicationthatacceptsanintegerasatime
parameteencodedon the URL pathand calls Thread.sleep()
In eachsetof trials, this applicationslees for a constantime,
with some small variation due to Java's scheduling.While
this doesnot createary load on the sener, it doesblock the
threaddepictingsimilar behaior asa blocking call to a web
applicationsener.

We use SURGE [3], a web load generator to test our
estimatorunder varying load conditions. SURGE generates
test pageswith a size distribution basedon Zipf's law and
an invocation model basedon a combinationof lognormal
and Pareto distributions. We con gured it to generate2,000
les, with the mostcommon le accesse@0,000times. With
this con guration, theinterestingchangesn load occurwithin
the rst 25 secondf the test. Roughly 35% of all requests
are mappedto the dynamic handler A trial in SURGE is
deterministic,so we canview identicalrequestpatternsunder
differing sener conditions.

We modi ed Siroccosothatrequestto URLs in the history
table canbe tracked asthey are processedy differentstages
in the web sener. Theselogs sene asour primary dataset.

One metric we useis the SURGEworst-measugment Ten
trials arerun againsta con guration, andthe worst measured
servicetimesfor eachrun are averagedtiogether All dynamic
requestsare mappedthrough one URL which slees for the
sameamountof time.

B. Overhead

We have three estimatorsthat use a variable number of
stored history values. Each pair of choiceswe malke for a
con guration may affect the total overheaddifferently. To
accuratelymeasurehe componenbf the overheadcausecdby
the estimationframework itself, we remove the estimatorand
history from considerationWe measurethe overheadof our
framawvork by comparingi) a sener thatimplementsa history
table which storesno valuesand has no estimatorfunction
andii) the standardHaboobsener augmentedwith logging
capabilities.

We initially usedHttperf [9] to computethe overheadof
Sirocco.We con gured httperfto sendrequestso our sener
at a constantrate and to measurethe connectiontime for
eachrequestwhile we varied the sener conditions.This test
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Fig. 3. This graphshavs the AverageServiceTime estimatoron a SURGE
trial. The estimatedservicetime given to a requestis comparedagainstthe
measuredservicetime. The points at time x shawv a request measurecand
estimatedimes.Eachdottedline indicatetheinstantwhena new threadbegan
servicingrequestsThis estimatortrails the measuredservicetime.

indicatedthat our framewvork addedno measurableverhead
underary sener variation.

However, by comparingthe graphsof SURGE trials, we
found that therewas in fact a difference.Using the SURGE
worst-measuremennetric, the history gatheringframeawork
produceda worst measurementhat was 13% greaterthan
Haboob It was necessaryto stressour systembefore ary
overheadbecamevident,and SURGEmadethe bestattempt.

We wantedto measurehow the overheadchangedas the
systemtracked more URLs. Becauseof our designchoiceto
use one SEDA stageper URL, adding more URLSs resulted
in having more threadsin our system.With mary threads
we cannot provide enoughload to the sener to generate
interestingoehavior. Thelargenumberof stageslsoconsumes
sener memory resourcesAfter accessing3,500 URLs (cre-
ating 3,500 stages)our sener ran out of memory For these
reasonswe could not measurethe overheadassociatedvith
a varying numberof URLSs.

Neither SURGE nor httperf shaved arny signi cant perfor
manceoverheadfrom changingthe numberof history values
stored.

C. MeasuringServiceTime

As mentionedbefore, we measurethe servicetime of a
requestby attaching two timestampsto it. We call their
differencethe measued servicetime. The requestdoespass
throughqueueoutsideof this boundarysothe measuredime
is inexact. We call the time spanincluding thesecomponents
the actual servicetime.

The differencebetweenthesetwo time valuescan be ob-
tainedby comparingthe SURGEIlogsto the Siroccologs. The
error value per requestis the absolutedifferencerecordedby
thesetwo sourcesOur testsproduceda meanerror of 8.86ms
(standarddeviation 35.69).0n closerinvestigation,we found
that half the valuesare under 2ms, with 95% under 35ms.
Therearevery few valuesthathave an abnormallylarge error.
Error doesnot appearto follow a normal distribution, so it
cannotbe easily characterizedy its meanvalue.

D. EstimatingServiceTime
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Fig. 4. This graphshavs the STQ estimator The estimatedeviatesfrom the
measurementis the vicinity of threadadditions.

1) Average Service Time: Figure 3 showvs a plot of a
requess estimatedservicetime comparedto the measured
servicetime. Clearly, our estimationis not accurate.This is
due to the reactve natureof the requestfunction. Since we
baseour estimateoff of the averageof the responsetimes
in the history, whenthe sener is changing,the valuesin the
history table will always trail the correctvalue. This simple
estimatoronly works well in the trivial casewherethe sener
load for the speci ¢ URL is relatively constant.

2) STQ: Figure4 shavsatrial usingST Q estimationThere
are instanceswhere the estimatedtime closely follows the
measuredervicetime. Two deviations(wherethe servicetime
is not accuratelypredicted)occur for the following reasons.
At time 7.6, a new threadis created.After this event, the
rate at which requestsare consumedrom the handlers queue
doubles.Every requestin the queueat that time, alreadyhad
its servicetime predicted.Thosepredictionswill not change
when the threadis added;they will continueto re ect an
estimationmadewhen the numberof threadswas different.
The deviation before such resourcechangesis unavoidable
unlessthe estimatorcan predict future changesn numberof
threads.

What about the deviation immediately after the thread
addition?All STQ valuesimplicitly encodethe rate at which
requestareprocessedWhentheunderlyingresourceghange,
the processingrate changes,and old history entriesare no
longer accurate.The STQ estimatorassumeghat the rate at
which a requestis servicedremainsconstantthroughoutthe
life of the sener. When this assumptiorfails, STQ will not
give an accurateestimate.

3) STQT An STQT estimationtrial is givenin Figure 5.
Immediatelyafter the threadaddition, it recoversto a point
nearthe measuredialue. The estimationthenfurther diverges
from the correctpath beforerejoining the measuredralues.

An individual requesttanaccuratelyneasureghe consump-
tion rate per thread, as long as the number of threadsis
constantduring that requess lifetime. In the period after a
thread addition, currently-completingrequestscontain value
which combinetwo different rates. As thesevaluesreplace
older, correctvalues,the estimationdegrades.So while re-
moving all history might have beenanimprovementfor STQ,
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Fig. 5. This graphshavs the STQT estimatoy tracking 16 times. While
its estimationsare closer to the measurementthan STQ's, estimatesafter
a threadaddition are still not accuratebecausehe additionis still affecting
completingrequests.

animproved STQT would adjustor ignore new values.

E. EstimatorConstructionGuidelines

To summarizeour evaluation,we offer the following con-
siderationgfor constructingfuture estimators.

1) Theestimatorcannotuseonly the historytable. It takes
time for a requesto be processedso the view captured
in history doesnot shav the currentstate.
Somevaluesseenby the estimatorwill not follow the
generaltrendandshouldnot be usedin the historytable.
Perhapssomesort of adaptve Iter could be usedto
eliminate extraneousnput.

Whenthe sener's resourcexhange,old history values
might give the wrong view of a systemRemwing these
old valueskeepsthem from interfering with new data.

2)

3)

VI. CONCLUSION

We have developeda methodfor estimatingrequestservice
timesfor dynamicweb applications A URL's requesthistory
can be usedto extrapolatean estimatedservicetime for an
incomingrequestto that URL. We evaluatedthreeestimation
functions and found them to behae well for steadyloads,
but collapseunder changingsener conditions.We analyzed
our resultsto derive a setof propertiesfor constructingbetter
estimators.

Thework presentedherecould be extendedn the following
areas:

« History: Ratherthan weighing eachstoredvalue in the
history table equally we could adopta decaymechanism
that weighsthe valuesbasedon age.

« Estimation We usedseveral overly-simple estimatorsin
our currentdesign.We would lik e to further explore this
designspaceand experimentwith more complex/multi-
dimensionalestimators.

« Web load genemtors: We struggledto stressour web
sener andto nd aload generatorthat plays well with
dynamicrequestsSURGE may work well for stressing
a sener with static requestsbut we are unsureof its
applicability to dynamic content.We would like to try
evaluating our sener with Eve [5] since it includes

improved modular programmable-clientapproachthat
generateslynamicrequests.

« \Web server Our history framework canbe implemented
on differenttypesof web seners,which may changeits
obsenedbehaior or allow usto testdifferentproperties.

The primary obsenation of our studyis thata history mod-
ule which tracksusefulinformationfor dynamicrequestsnay
be an accuratemethodto estimaterequestservicetime. This
information can be processedt run-time without signi cant
overhead.
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