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hAbstra
t. Simulations with web traÆ
 usually generate input by sam-pling a heavy-tailed obje
t size distribution. As a 
onsequen
e these sim-ulations remain in transient state over all periods of time, i.e. all statisti
sthat depend on moments of this distribution, su
h as the average obje
tsize or the average user-per
eived laten
y of downloads, do not 
onvergewithin periods pra
ti
ally feasible for simulations. We therefore investi-gate whether the 95-th, 98-th, and 99-th laten
y per
entiles, whi
h do notdepend on the extreme tail of the laten
y distribution, are more suitablestatisti
s for the performan
e evaluation. We exploit that 
orrespond-ing obje
t size per
entiles in samples from a heavy-tailed distribution
onverge to normal distributions during periods feasible for simulations.Condu
ting a simulation study with ns-2, we �nd a similar 
onvergen
efor network laten
y per
entiles. We explain this �nding with probabilitytheory and propose a method to reliably test for this 
onvergen
e.1 Introdu
tionEvaluating performan
e of web servi
es for QoS purposes is a diÆ
ult problemdue to the great variability of web traÆ
. An important 
hara
teristi
 of webtraÆ
 is that it usually shows bursts within a wide range of times s
ales [1℄. This
hara
teristi
 is 
alled self-similarity and has been shown to be a 
onsequen
eof a related observation, the heavy-tail in the size distribution of downloadedobje
ts [2℄. Modeling self-similarity in simulations with web traÆ
 is importantgiven that it has been shown that self-similarity has a signi�
ant negative impa
ton network performan
e [3℄ [4℄. However, generating the input to self-similar webtraÆ
 in simulations by sampling a heavy-tailed obje
t size distribution with in-�nite varian
e has severe impli
ations on stability. Crovella and Lipsky [5℄ reportthat the 
onvergen
e of the average obje
t size of a sample to the average of theheavy-tailed obje
t size distribution used to generate this sample requires simu-lation periods that are magnitudes too long to be pra
ti
ally feasible. Also, thedistribution of output statisti
s that depend on all moments of the heavy-tailedobje
t size distribution does not 
onverge during pra
ti
ally feasible simulationperiods. Therefore, the simulation remains in transient state for all pra
ti
ally



feasible simulation periods. A similar statement 
an be made, 
onsidering thefa
t that heavy-tails are always �nite in any physi
al or simulation environment,as long as the tail is \suÆ
iently long", e.g. several orders of magnitude beyondthe average. Hen
e, to enable performan
e evaluation with simulation, there is aneed to investigate meaningful output statisti
s that do not inherently have thisdependen
y on moments of the obje
t size distribution and thus 
an 
onvergewithin feasible simulation periods.In this paper, we take a end-user's perspe
tive in a 
lient/server s
enario forweb servi
es. We propose a performan
e analysis method for simulations withweb traÆ
 whi
h is based on the laten
y quantiles of system 
omponents su
h asnetwork, server/
a
he, 
lient. The laten
ies of these 
omponents essentially sumup to the user-per
eived laten
y of web downloads. We exploit (i) that laten
yquantiles are naturally suited to des
ribe QoS and (ii) that quantiles of interestdo not depend on the extreme tail of a distribution and hen
e not on the momentsof the distribution. (i) 
an be explained with the fa
t that the p-th quantile ofuser-per
eived laten
y of web downloads equating to t0 se
onds means that ap fra
tion of downloads is faster than t0. If p is represented by a per
entagevalue, we 
all the pth quantile a per
entile. Thus we argue that it is meaningfulto 
hara
terize system performan
e for web traÆ
 with high per
entiles of theuser-per
eived laten
y su
h as the 95-th, 98-th, or 99-th per
entile (see [6℄ forfurther details). A similar statement holds for the performan
e 
hara
terizationof system 
omponents.Therefore, in this paper, we explore the 
onvergen
e of network laten
y quan-tiles. We exploit the fa
t that, if network utilization is not too high the relationbetween network laten
y and obje
t size 
an be approximated as linear aroundlaten
y quantiles of interest. In this 
ase, a network laten
y quantile 
an 
on-verge when the 
orresponding obje
t size quantile 
onverges. From probabilitytheory we know that the 
orresponding obje
t size quantile 
onverges to a nor-mal distribution at rate n�1=2 where n is the sample size. This 
onvergen
eis fundamentally di�erent from the 
onvergen
e of the sample's average obje
tsize to an �-stable distribution at rate n1=��1 where � is the tail index of theheavy-tailed obje
t size distribution. As a 
onsequen
e, the amount of time re-quired to 
onverge obje
t size quantiles of interest and thus laten
y quantiles ismagnitudes smaller than the amount of time required to 
onverge the averageobje
t size whi
h is a minimum requirement to 
onverge the whole system. Thislarge di�eren
e in time to 
onverge 
ontinues to hold under the assumption ofrealisti
 limits to the obje
t size distribution inherent to 
ommon operating sys-tems. Under higher utilization probability theory let us still expe
t 
onvergen
eof laten
y quantiles to normal although the rate will be slower than n�1=2. Thesample size required to 
onverge an obje
t size quantile 
an then be viewed asan estimation of the inital phase of the 
onvergen
e of the 
orresponding laten
yquantile.Condu
ting a simulation study with ns-2, we �nd the expe
ted 
onvergen
eof the 95-th, 98-th, and 99-th network laten
y per
entiles for both low and highutilization. With low utilization we mean utilizations that are reported average



to private networks (see [7℄). With high utilization we mean utilizations that areknown as an upper limit to what is a

eptable during the busiest period (see[8℄ on provisioning pro
edures). We therefore propose a method that enables usto reliably test for 
onvergen
e. In 
ase of 
onvergen
e the method additionallyprovides a

urate estimates of the p-th network laten
y quantile whi
h 
an beexploited to engineer QoS guarantees.Finally, we argue that both, the estimation of the initial phase of the 
on-vergen
e, as well as the test method 
an also be applied to evaluate laten
yquantiles whi
h are asso
iated with system 
omponents other than the network.Hen
e, the main resear
h 
ontributions of this paper are:1. We give eviden
e that quantiles of user-per
eived laten
ies are suitable statis-ti
s to evaluate performan
e of web servi
es for QoS purposes.2. We give eviden
e that laten
y quantiles, in 
ontrast to other statisti
s su
h asthe average laten
y, 
onverge within an amount of time whi
h is pra
ti
allyfeasible for simulations. As a 
onsequen
e, engineering QoS guarantees forlaten
y quantiles of web servi
es be
omes feasible.3. We provide lower bounds that estimate the initial phase required to 
onvergelaten
y quantiles.The rest of this paper is stru
tured as follows: In se
tion 2 we review workloadmodeling with respe
t to 
onvergen
e. In se
tion 3 we determine sample sizesrequired to estimate obje
t size quantiles in simulation. In se
tion 4 we proposea method to test for 
onvergen
e of network laten
y quantiles. In se
tion 5 weapply this method to simulation results of a 
lient/server s
enario. Finally, we
on
lude in se
tion 6.2 Web Workload ModelingIn this se
tion, we shortly review web workload modeling with respe
t to 
on-vergen
e.For our analysis of 
onvergen
e, we assume that the web traÆ
 in the simula-tion is generated with a SURGE [9℄ type of model. We follow [10℄ and assume thatthe model a

ounts for probability distributions for the following user/sessionattributes:{ inter-session time between sessions from di�erent users{ pages per session to quantify the number of web pages a

essed within asession by the same user{ think time to quantify the time between 
ompletion of a download and ini-tiation of the next request{ number of embedded obje
ts per page{ inter-obje
t time to quantify time between requests of embedded obje
ts{ obje
t size.With respe
t to 
onvergen
e, the probability distributions of interest are theobje
t size distribution and the think time distribution sin
e it is the heavy-tails



of these distributions that are the essential 
ause for the great variability andthe self-similarity of web traÆ
 [11℄ [4℄. We say here that a distribution with
umulative density fun
tion (CDF) F is heavy-tailed with tail index � if1� F (x) � x�� for n!1 with � 2 (0; 2℄ (1)where a(x) � b(x) means limn!1 a(x)b(x) = 1. We note that more general de�nitions are possible (see e.g. [12℄). E�e
ts fromthe heavy-tail in the obje
t size distribution 
learly dominate the e�e
ts fromthe heavy-tail in the think time distribution [4℄. We therefore fo
us our analysisof simulation input on the obje
t size distribution. We follow the approa
h of[10℄ and model the obje
t size distribution with a ParetoII [13℄ distribution withCDF F (x) = 1� 1(1 + xs )� x 2 [0;1[ (2)This ParetoII distribution has two free parameters: the average a, and the shapeparameter � whi
h equals to its tail index. s = a � (� � 1) is a dependentparameter.3 Chara
terization of Simulation InputIn this se
tion, we 
hara
terize obje
t size quantiles in simulation input withrespe
t to 
onvergen
e to determine minimal simulation durations. We follow [5℄and assume that for any dependent parameter in simulation output to 
onverge,the 
orresponding parameter in simulation input has to 
onverge. Thus, presum-ably for the 95-th, 98-th, or 99-th network laten
y quantile in simulation outputto 
onverge, the 
orresponding obje
t size quantile in simulation input has to
onverge. Of 
ourse, mu
h more input may be ne
essary to 
onverge the 95-th,98-th, or 99-th network laten
y per
entiles. We employ quantile estimation te
h-niques in statisti
s to estimate minimal sample sizes required to 
onverge obje
tsize quantiles of interest from a ParetoII distribution.3.1 Distribution of the Sample's QuantileUnder assumption of independent sampling, the expe
ted value of the p-th sam-ple's quantile is given by xp = F�1(p). The probability density distribution ofthe p-th quantile of a random variable 
an then be derived as follows (see e.g.[14℄, se
tion 3.7, p. 101).LetX(1); ::; X(n) be the ordered observations from a i.i.d random variable. LetX(k) be the p-th quantile where k = np if np is an integer, and k = bnp+1
 if npis not an integer. The event x � X(k) � x+dx o

urs if k�1 observations are less



than x, one observation is in the interval [x; x+ dx℄, and n� k observations aregreater than x+ dx. The probability of any parti
ular arrangement of this typeis F k�1(x)f(x)[1 � F (x)℄n�kdx. By the multinomial theorem, there are n�n�1k�1�su
h arrangements. Thus, the probability density distribution of the sample'sp-th quantile is given by:fk(x) = n�n� 1k � 1�(F (x))k�1(1� F (x))n�kf(x) (3)The 
orresponding distribution Fk(x) from whi
h we 
an infer 
on�den
eintervals at a given sample size 
an be obtained by numeri
al integration. More-over, it is of interest to denote that this distribution Fk(x) 
onverges to a normaldistribution at rate n�1=2. This follows from the following theorem:Theorem 1 (Limit Theorem for Sample's Quantiles).Let X1; ::; Xn be n independent observations on a random variable X withCDF F . Let X(k) be the p-th quantile where k = np if np is an integer, andk = bnp+1
 if np is not an integer. Let (i) F (x) admit a 
ontinuous PDF f(x)for all x. Further let (ii) the p-th quantile xp of F be unique and f(xp) > 0.Then the distribution of the sample's p-quantile X(k) 
onverges to a normaldistribution:pn(X(k) � xp)! N (0; �2) for n!1 with � = pp(1�p)f(xp)For a proof of this limit theorem, whi
h is the quantile's equivalent to the more
ommonly kown 
entral limit theorem (CLT) for the sample's average, referto Rao [15℄, se
tion 6f.2, p.423. The proof is essentially straightforward fromEquation 3.Both, Equation 3 and Theorem 1 
an now be applied to evaluate the 
on-vergen
e of obje
t size quantiles in simulation input. Theorem 1 applies for aheavy-tailed ParetoII distribution (see Equation 2 for CDF) sin
e the ParetoIIdistribution ful�lls the required regularity 
ondition spe
i�ed in the theorem. Indetail, f(x) = F 0(x) of a ParetoII distribution is 
ontinuous for all x 2 [0;1)and all quantiles xp of a ParetoII distribution are unique with f(xp) > 0 sin
ethe CDF is stri
tly monotonous. This is although the ParetoII distribution doesnot ful�ll the regularity 
ondition of the 
entral limit theorem (see [5℄).This leads to the following fundamental impli
ations:3.2 Impli
ationsObje
t size quantiles obtained by sampling a heavy-tailed ParetoII distributionbehave 
ompletely di�erent than the average obje
t size in the sample. Thedistribution of the p-th sample obje
t size quantile 
onverges to a normal distri-bution at rate n�1=2 for sample size n!1. Thus the p-th obje
t size quantile
an be estimated from relatively small samples sin
e (i) the normal distributionis symmetri
 and has fast de
aying exponential tails whi
h lead to relativelysmall 
on�den
e intervals and (ii) the rate n�1=2 is \fast". The distribution of



the average obje
t size quantile 
onverges to a �-stable distribution at a raten1=��1 < n�1=2 where � < 2 is the tail index of the obje
t size distribution (see[5℄). Thus estimating the average obje
t size requires extremely large samplessin
e (i) the �-stable distribution is usually skewed and has itself heavy-tails,whi
h, parti
ularly for � 
lose to 1, leads to very large 
on�den
e intervals and(ii) the rate n1=��1 get extremely slow for �! 1.To evaluate sample sizes required to estimate obje
t size quantiles, we 
annow iterate the sample size n and determine the 
orresponding 
on�den
e inter-vals and expe
ted values. We 
an perform this evaluation by numeri
al integra-tion of the probability density given in Equation 3 (method 1) or employ Theo-rem 1 as a large sample approximation (method 2). Method 2 is 
omputationallyvery 
heap sin
e approximations for the 
on�den
e interval immediately followfrom evaluating the varian
e of the approximated normally distributed sample'squantiles: s2n = p(1� p)n � f2(xp) (4)
A

ura
y of the Sample Size99-th Per
entile1% 2:8 � 1062% 7:2 � 1053% 3:2 � 1055% 1:2 � 10510% 3:1 � 104Table 1. Sample Size Required to Estimate the 99-th Obje
t Size Per
entile

Per
entile Sample Size(5% A

.)95-th 2:6 � 10498-th 6:0 � 10499-th 1:2 � 10599:9-th 1:2 � 10699:99-th 1:1 � 107Average 108Table 2. Sample Size Required to Estimate other Obje
t Size Per
entiles



To perform a numeri
al evaluation we de�ne the a

ura
y with whi
h we 
anestimate a random variable su
h as the obje
t size from a samples of size n as:A

ura
y = maxfjLn �EnEn j; jUn �EnEn jg (5)Here En is the expe
ted value and Ln; Un are the lower and upper bound ofthe 
on�den
e interval. We denote that evaluations in this paper are at 
on�-den
e level 95%. To produ
e numeri
al values we assume that the average in theParetoII obje
t size distribution is 12KB and that the shape parameter � = 1:2.These are the same values as in [10℄. The exa
t values obtained with method 1are listed in Table 1 and Table 2. The approximation to these values obtainedwith method 2 maximally di�er by �0:2 in the mantissa.We refer to Crovella and Lipsky [5℄ to 
ompare these sample sizes to thesample sizes required to estimate the average obje
t size from a sample. Theyanalyze 
onvergen
e to �-stable and roughly approximate the sample size re-quired to estimate the average with a k digit a

ura
y asn � 
2 � (10�k)� 11�1=� (6)where 
2 � 1. This 
an be applied to estimate the average obje
t size in thesample. Setting 10�k = 0:05 leads to the value of 
omparison whi
h we addedto Table 2.This value of 
omparison shows that obje
t size quantiles whi
h are of interestto engineer guarantees on the response times of web downloads, 
onverge atsample sizes whi
h are magnitudes smaller than the samples sizes required to
onverge the average obje
t size. This di�eren
e also holds at the presen
e ofrealisti
 bounds to the obje
t size distribution inherent to 
ommon operatingsystems su
h as a 2.1GB or 4.2GB upper bound. A 2.1GB upper bound to theobje
t size distribution leads to a required sample size of approximately 107instead of 108 in Table 2 whi
h 
an be 
al
ulated with the standard formulaebased on the CLT.Moreover, we 
an show that the di�eren
e between the sample size required toestimate quantiles and the sample size required to estimate the sample's averagegets more pronoun
ed when the tail index �! 1 (see Table 3). We denote thatTable 3 lists estimates with 5% a

ura
y.Tail Index � 99-th Per
entile Average Average(w/o bound) (2.1GB bound)1:1 1:3 � 105 1014 10121:2 1:2 � 105 108 1071:3 9:1 � 104 106 106Table 3. Sample Size Required for Estimation of 99-th Quantile and Average



We summarize the �ndings of this se
tion as follows: We have analyzed the
onvergen
e of obje
t size quantiles in simulation input whi
h is ne
essary thatwe 
an see 
onvergen
e of laten
y quantiles in simulation output. We have ap-plied quantile estimation te
hniques to derive this 
onvergen
e whi
h is to normalat a rate n�1=2. This fundamentally di�ers from the 
onvergen
e of the averageobje
t size to a �-stable distribution at a rate n1=��1. As a 
onsequen
e, thesample size required to 
onverge the 95-th, 98-th, and 99-th obje
t size quantileis several orders of magnitudes smaller than the sample size required to 
onvergethe average obje
t size for � 
lose to 1.4 Chara
terization of Simulation OutputIn this se
tion, we analyze laten
y quantiles in simulation output with respe
tto 
onvergen
e. We refer to probability theory to show that laten
y quantiles
an be expe
ted to 
onverge to normal. We show how to reliably test for this
onvergen
e. We then 
ondu
t a simulation study to show that laten
y quan-tiles 
onverge within periods whi
h are pra
ti
ally feasible to simulations. As a
onsequen
e it be
omes feasible to engineer QoS guarantees for network laten
yquantiles of web downloads.Formally, 
onvergen
e of laten
y quantiles 
annot be treated in the same wayas the 
onvergen
e of obje
t size quantiles. The initial assumption in Theorem1, that the observations are independent, does not hold for the laten
y quantilesgiven that 
on
urrent downloads 
an be from the same server or 
an share thebottlene
k link on the network. Hen
e, the observed laten
ies are 
orrelated.Literature on probability theory ([16℄ se
tion 8.3) indi
ates that quantiles of
orrelated observations 
ontinue to 
onverge to a normal distribution at a raten�1=2, where n is the sample size, if two 
onditions are ful�lled. First, a regularity
ondition on the distribution like (i) and (ii) in Theorem 1 is required. We thinkit is reasonable to assume su
h regularity for a laten
y distribution. In detail,this regularity means (i) to assume that the laten
y distribution F 
an for anylaten
y be arbitrarily 
losely approximated with a di�erentiatable fun
tion, (ii-a) that the laten
y asso
iated with the quantile o

urs in the simulation and(ii-b) that laten
ies very 
lose to the quantile do also o

ur. Se
ond, dependen
eof the observations must be suÆ
iently weak. SuÆ
iently weak dependen
e ofobservations means that auto
orrelations of the observations de
ay so fast thatthat the 
onvergen
e to normality at a n�1=2 is not perturbed. This is e.g. the
ase when dependen
ies that depend on the lag only lead to auto
orrelationswhi
h are summable over all lags (for details refer to [17℄). We expe
t this toapply if network utilization is low. At higher utilization we expe
t that laten
yquantiles also 
onvergen
e to a normal distribution. However, this 
onvergen
eis at a rate slower than n�1=2 sin
e the observations of laten
ies are known tobe long-range dependent. The expe
tation 
an be justi�ed with Theorem 8.2 in[17℄ sin
e quantiles 
an be written as M-estimators.



4.1 Testing for Convergen
e to NormalityWe propose to (i) produ
e and (ii) analyze normal plots for in
reasing samplesizes n to test when and whether laten
y quantiles be
ome 
onvergent. We (i)apply the frequently used normal plot1 method (see e.g. Ri
e[14℄ p. 321{328) toa set of laten
y quantiles obtained from simulation runs with di�erent seeds tothe random number generator. This method only leads to qualitative results. Wetherefore (ii) enhan
e this method with a fully 
edged statisti
al test to obtainquantitative results (see [14℄) whi
h 
an be su

essively monitored for in
reasingsample size n. We 
all this analyzing the normal plot. Moreover, we propose to(iii) monitor the rate of 
onvergen
e. We 
all this 
onsisten
y 
he
k.The normal plot is produ
ed as follows: Let Y(k);j be the laten
y quantile Y(k)estimated from a sample with index j whi
h was obtained from a simulation runwith a spe
i�
 seed to the random number generator. Hen
e,Simulation run 1! Y1;1 � :: � Y(k);1:: � Ymax;1...Simulation run m! Y1;m � :: � Y(k);m:: � Ymax;mTo produ
e the normal plot, we arrange the estimated laten
y quantiles Y(k);1 : : : Y(k);min as
ending order:Y(k);1 : : : Y(k);m ! Y(k);(1) : : : Y(k);(m).Then we exploit that if this ordered set is 
onsistent with normality, the ex-pe
ted value of Y(k);(i) is the im+1 quantile of a normal distribution with unknownparameters � and �: E(Y(k);(i))) = N�1(�; �2)( im+ 1) (7)Not knowing the parameters � and � of the normal distributionN (�; �2), we 
anexploit that any quantile of a normal distribution 
an be 
losely approximatedwith the 
orresponding quantile of the standard normal distribution N (0; 1).The approximation relation is (see [14℄):N�1(�; �2)( im+ 1) � � � N�1(0; 1)( im+ 1) + � (8)Therefore a normal plot plots the Y(k);(i) against the im+1 quantile of the stan-dard normal distribution. If the data in the set is 
lose to normal distributed,the result of the plot is 
lose to a straight line. Any deviation in the datafrom normality su
h as skewness or subexponential tails 
an be visually in-spe
ted. However, 
are needs to be taken in 
lassifying a set as representingdata whi
h is 
onsistent with a normal distribution. Due to the ordering pro
ess1 sometimes also 
alled normal probability plot or Q-Q plot



Y(k);1 : : : Y(k);m ! Y(k);(1) : : : Y(k);(m) normal plots always tend to look somewhatlinear.To be reliable, we need to extend this qualitative test of visual inspe
tion toa hypothesis test whi
h produ
es quantitative results. Moreover, we want thistest to provide a

urate estimates of the parameters � and � of the normaldistribution whi
h 
an be exploited to engineer QoS guarantees for laten
ies.Therefore, we apply linear regression between the set and its expe
ted values.The 
orrelation 
oeÆ
ient of the linear regression, whi
h quanti�es the deviationfrom linearity, 
an now be exploited to test the hypotheses that the data in theordered set is 
onsistent with normality. For i = 30 data points [14℄ reportsthat, if the data is 
onsistent with normality, 10% of plots have a 
orrelation
oeÆ
ient below 0:9707, 5%, have a 
oeÆ
ient below 0:9639, and 1% have a
oeÆ
ient below 0:9490. Values for i = 40 are 0:9767, 0:9715, and 0:9597. Thesevalues for 
oeÆ
ients 
an thus be used in a hypothesis test as 
riti
al valuesat desired signi�
an
e level. This hypothesis test should have suÆ
ient powerto distinguish a set 
onsistent with a normal distribution from a set 
onsistentwith a heavy-tailed �-stable distribution given that the 
orrelation is sensitiveto outliers at the extremes of the ordered set. Moreover, the slope and inter
eptof the linear regression provide a

urate estimates of the parameters � and � ofthe normal distribution.To enhan
e the robustness of the test, we additionally monitor the rate of
onvergen
e, i.e. 
he
k the 
onsisten
y. We take the estimate for the standarddeviation from the linear regression and 
he
k whether this estimate is 
onsistentwith a n�1=2 rate of 
onvergen
e. We do this by plotting the estimated standarddeviation times pn and 
he
k whether this is 
onstant.5 ResultsWe now apply this test method to investigate the 
onvergen
e of network laten
yquantiles from a ns-2 (network simulator version 2) [18℄ simulation study of a
lient server s
enario for web servi
es. To perform this study we have extendedns-2 version ns-2.1b9a with our own implementation of the hyper text transferproto
ol HTTP/1.1[19℄ on top of ns-2's FullTCP. The implementation is avail-able via the ns-2 
ontributed 
ode web page. The implementation expli
itly mod-els the HTTP intera
tions and in
ludes HTTP/1.1 features like pipelining of re-quests for embedded pages and persistent 
onne
tions between 
lient and servers.To fa
ilitate analysis, we limit user/session attributes in workload generation tothe minimum set whi
h is relevant to study 
onvergen
e properties. This set in-
ludes the think time to quantify the time between 
ompletion of a download andinitiation of the next request, the number of embedded obje
ts per page, and ob-je
t sizes. What we do not a

ount for are session-related attributes whi
h havedistributions with fast 
onverging tails. We also do not a

ount for the e�e
tsof server and 
lient laten
ies on the network. We also randomly 
hose the webserver where a request goes to. We follow [10℄ with the 
hoi
e of parameters forthe think time, obje
t size, and number of embedded obje
ts per page distribu-



tions. We work with two models (see Table 4): The �rst model (\
oarse model")allows us to dire
tly asso
iate obje
t sizes and download times to enable a in-depth analysis. The se
ond set (\a

urate model") removes this simpli�
ationand models web workload at its full 
omplexity. To keep results with both models
omparable, we adjusted the think time in the �rst model su
h that the resultingaverage utilization of both workload model is equal. This means that we havekept the ratio between average number of obje
ts times average obje
t sizeand average think time 
onstant.Workload Obje
t Size Embedded Obje
ts. Think TimeModel Distribution Per Page Distribution. DistributionCoarse ParetoII None ParetoIIModel Average 12 KB Average 10sShape 1.2 Shape 2.0A

urate ParetoII ParetoII ParetoIIModel Average 12 KB Average 3 Average 40sShape 1.2 Shape 1.5 Shape 2.0Table 4. Probability Distributions for Web TraÆ
 Generation
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Fig. 1. Validation TopologyWe then start with a simulating the dumbbell topology of Figure 1 whi
hessentially models a bottlene
k link. This bottlene
k link 
an be viewed as anabstra
tion of a transo
eani
 link or a 
riti
al ba
kbone link in private network.We assign a 10ms propagation delay to this bottlene
k link whi
h may also beviewed in a more general sense, sin
e it has been argued that there is always a



single bottlene
k link on any network path whi
h is usually not fast moving[20℄.A

ess links to the bottlene
k have a 
apa
ity of 10 Mb/s and a propagationdelay of 0.1ms. Clients and servers are atta
hed to the a

ess links. Queue sizesare set to 52KB.5.1 Simulation StudyWe start our investigation of 
onvergen
e of network laten
y quantiles with the
oarse model for web traÆ
 generation (see Table 4 for parameters). We vary the
apa
ity at the bottlene
k link to obtain samples at di�erent network utilizations.We de�ne link utilization as the amount of traÆ
 transported over the link pertime unit in proportion to the link 
apa
ity. We 
onsider three 
ases for thelink 
apa
ity: 6400Kb/s, 2560Kb/s, and 640Kb/s. The 6400Kb/s 
ase leads toa utilization of slightly more than 7% (see Table 5) whi
h is roughly equivalentto what [7℄ reports as average in private networks. We then gradually in
reaseutilization up to 64% whi
h is known as an upper limit to what's a

eptableduring the busiest period (see [8℄ on provisioning pro
edures). We refer to the6400Kb/s 
ase as low utilization, to the 2560Kb/s 
ase as medium utilization,to the 640KB/s 
ase as high utilization.Capa
ity Utilization Loss Rate640Kb/s 64% 0:8%2560Kb/s 17% � 0:1%6400Kb/s 7:0% � 0:1%Table 5. Bottlene
k Link: Utilization and Loss RateSin
e our goal is to investigate 
onvergen
e of laten
y quantiles we run verylong simulations to generate 30, respe
tively 40, samples with di�erent seeds tothe random number generator. Ea
h of these simulations terminate after the �rst500,000 requested obje
ts have been 
ompletely downloaded. This 
orrespondsto approximately 28 hours of simulation time. Typi
ally more than 500k obje
tshave been 
ompletely downloaded during this period. At this sample size the 99-th obje
t size per
entile in simulation input has 
onverged to 3% a

ura
y (seeTable 1). The 98-th and 95-th quantile have 
onverged even further. We haveveri�ed that the largest obje
t size over all simulations runs at ea
h utilizationinvestigated is larger than 2.1GB, i.e. very 
lose to the obje
t size limit inherentto ns-2. We have also veri�ed that neither the average obje
t size nor the averagenetwork laten
y 
onverge in our simulations.At low utilization we �nd 
onvergen
e whi
h is 
onsistent with a n�1=2 ratefor all laten
y quantiles investigated. Therefore, we investigate whether our �nd-ings about 
onvergen
e of network laten
y per
entiles under low utilization 
on-tinue to hold when we model the full variability of the stru
ture inherent to
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Fig. 2. Normal Plot and Linearity (99-th NLP, A

urate Model, Low Util.)web pages. We thus repeat the simulations for low utilization with the a

u-rate model for web traÆ
 generation. We run simulation with 30 di�erent seedsto obtain samples. Ea
h of these simulations terminate after the �rst 120,000requested web pages have been 
ompletely downloaded. We su

essively applythe 
onvergen
e test and �nd that the 95-th, 98-th, and 99-th network laten
yper
entile 
onverge to normality at a n�1=2 rate. Figure 2 depi
ts that the 
or-relation 
oeÆ
ient from the normality test remains above all 
riti
al values aftersome initial phase. The same �nding 
an be reported for the 95-th and 98-thnetwork laten
y quantile. For all quantiles investigated, i.e. the 95-th, 98-th and99-th per
entile, the 
onvergen
e is at a n�1=2 rate (see Figure 3) given thatdeviations from 
onstant are not larger than in the 
orresponding 
onsisten
y
he
k for obje
t size quantiles in simulation input (not depi
ted).Table 6 lists the sample sizes required to estimate the 99-th network laten
yquantile in simulation output at 5% a

ura
y. The listed sample sizes, whi
hbase on the a

ura
y de�nition given with equation 5, have been obtained as
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Fig. 3. Consisten
y of Convergen
e (A

urate Model, Low Util.)A

ura
y #Downloads1% 3:6 � 1062% 9:0 � 1055% 1:5 � 10510% 3:6 � 104Table 6. Sample Size Required for Estimation of the 99-th Network Laten
y Per
entilefollows: The expe
ted laten
y quantile has been estimated from the normalityplot at 120k downloads. The 
on�den
e interval radius has been approximatedwith 1:96�sn where s2n is the quantile's sample varian
e whi
h has been evaluatedwith s2n = �2=n. � in turn has been estimated from the data of Figure 3. Thevalues listed in Table 6 are slightly larger than in Table 1 whi
h lists samplesizes required to 
onverge obje
t size quantiles in simulation input. A similarobservation 
an be made for the 95-th and 98-th network laten
y quantile. Thus,under low utilization sample sizes obtained from evaluating the 
onvergen
e ofobje
t size quantiles in simulation input turn out to be good approximations forsample sizes required to estimate laten
y quantiles from simulation output.At medium utilization we do not �nd 
onvergen
e for any of the laten
yquantiles investigated within samples sizes we have analyzed. We explain this�nding with the fa
t that the laten
y distribution in the \estimated 
on�den
einterval" around the quantiles of interest does not exhibit suÆ
ient regularitywhi
h is required for 
onvergen
e. Presumably this 
omes from dis
ontinuitiesin TCP's rea
tion to minimal pa
ket loss.For the simulations with the 
oarse workload model we �nd that the 99-thand 98-th laten
y per
entiles 
onverge to a normal distribution at high utiliza-tion (see Figure 4 for results obtained with applying the test method des
ribedin se
tion 4.1 to 40 simulation runs). The estimated 
on�den
e intervals for these
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sign. level 1%Fig. 4. Linearity of Normal Plot (Coarse Model, High Util.)laten
y quantiles after 500,000 downloads are: 7:35� 0:92 se
onds for the 99-thper
entile and 5:08 � 1:37 se
onds for the 98-th per
entile. The 95-th laten
yquantile does not 
onverge within sample sizes that we have analyzed. However,the 
onvergen
e of the 99-th and 98-th laten
y per
entile is not 
onsistent witha n�1=2 rate (see Figure 5 for a log-log plot of sample varian
e vs. sample size).Su
h 
onvergen
e at a n�1=2 rate would result in a line parallel to the referen
eline entitled with Hurst parameter H = 0:5. The 
onvergen
e is also not 
om-pletely 
onsistent with a slower rate n�� with � < 1=2 whi
h is expe
ted for along-range dependent 
orrelation stru
ture among observations of laten
y quan-tiles. Su
h a 
orrelation stru
ture would result in a straight line with smallerslope (see e.g. the referen
e line for Hurst parameter H = 0:9 whi
h is to be ex-pe
ted for the 
orresponding on/o� pro
ess (see [11℄)). Moreover, the 99-th andthe 98-th laten
y per
entiles 
onverge at di�erent rates whi
h is to be explainedwith the fa
t that the simulation has not yet rea
hed stability. Nevertheless, weargue that it is possible to give guarantees for these laten
y quantiles based onestimating an upper bound of the 
on�den
e intervals to the varian
e of laten
yquantiles at sample size n. Su
h an estimation 
an be obtained by grouping sim-ulations and evaluating the varian
e of laten
y quantiles at sample size n forea
h group. In our 
ase this implies to perform e.g. 20 times 40 simulation runs
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Fig. 5. Consisten
y of Convergen
e (Coarse Model, High Util.)instead of 40 to estimate the 
on�den
e interval bounds. However, for pra
ti
alappli
ations some rough approximation from Figure 5 may already be suÆ
ient.We summarize the �ndings of this se
tions as follows: We have referred toprobability theory to explain that the sample's p-th laten
y quantile 
an 
on-verge to normal at a n�1=2 rate, where n is the sample size, if utilizaiton is low.If utilization is high, the sample's p-th laten
y quantile 
an 
ontinue to 
on-verge to normal. However, the rate will be slower than n�1=2. Hen
e, we haveproposed a method whi
h enables us to reliably test for su
h 
onvergen
e. Thismethod is based on (i) produ
ing normal plots, (ii) analyzing normal plots bymonitoring the 
orrelation 
oeÆ
ient whi
h quanti�es the linearity of the plot,and (iii) 
he
king the rate of 
onvergen
e. In 
ase of 
onvergen
e this methodsadditionally provides a

urate estimates of the p-th laten
y quantile. We haveapplied this method to the output of a simulation study with ns-2. We have ob-served that network laten
y quantiles in simultion output 
onverge to a normaldistribution at rate n�1=2 if the utilization is low. We have also observed thatnetwork laten
y quantiles 
ontinue to 
onverge to normal with a slower rate ifutilization is high.6 Summary and Con
lusionIn this paper, we have investigated whether the 95-th, 98-th, or 99-th per
entileof user-per
eived laten
ies are suitable statisti
s to measure performan
e of webservi
es and hen
e to engineer QoS guarantees for web servi
es. We have ex-ploited that (i) laten
y quantiles have a natural interpretation in evaluating QoS,(ii) quantiles do not depend on the extreme tail of the distribution and thus noton moments of the distribution, and (iii) user-per
eived laten
y is a sum of thelaten
ies of system 
omponents, whi
h essentially are network, server/
a
he, and
lient. We have analyzed the 
onvergen
e of simulation input to determine min-imal simulation durations ne
essary to estimate the laten
y quantiles of interestfrom simulations. We have applied quantile estimation te
hniques to derive the




onvergen
e of the p-th obje
t size quantile whi
h is to a normal distributionat a rate n�1=2 where n is the sample size. This 
onvergen
e is fundamentallydi�erent from the 
onvergen
e of the average obje
t size to a �-stable distribu-tion at a rate n1=��1. As a 
onsequen
e, the sample size required to 
onvergethe 95-th, 98-th, and 99-th obje
t size quantile is several orders of magnitudessmaller than the sample size required to 
onverge the average obje
t size. Thelarge di�eren
e in amount of time to 
onverge 
ontinues to hold under the as-sumption of realisti
 limits to the obje
t size distribution inherent to 
ommonoperating systems.We have referred to probability theory to explain that laten
y quantiles un-der low utilization 
onverge to a normal distribution at a n�1=2 rate. We haveproposed a method to reliably test for su
h 
onvergen
e. We have validated thetest method in a simulation study with ns-2. Moreover, we have found that net-work laten
y quantiles 
onverge to normal distributions under high load whi
hwe also explain with probability theory.As a 
onsequen
e engineering QoS guarantees for web servi
es based on la-ten
y quantiles be
omes feasible sin
e we argue that the proposed method 
anas well a

urately estimate laten
y quantiles asso
iated with server/
a
he and
lient. In order to further 
larify this issue, we plan to explore the impa
t ofnetwork topology and do
ument popularity on our results.7 A
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