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Abstract. Simulations with web traffic usually generate input by sam-
pling a heavy-tailed object size distribution. As a consequence these sim-
ulations remain in transient state over all periods of time, i.e. all statistics
that depend on moments of this distribution, such as the average object
size or the average user-perceived latency of downloads, do not converge
within periods practically feasible for simulations. We therefore investi-
gate whether the 95-th, 98-th, and 99-th latency percentiles, which do not
depend on the extreme tail of the latency distribution, are more suitable
statistics for the performance evaluation. We exploit that correspond-
ing object size percentiles in samples from a heavy-tailed distribution
converge to normal distributions during periods feasible for simulations.
Conducting a simulation study with ns-2, we find a similar convergence
for network latency percentiles. We explain this finding with probability
theory and propose a method to reliably test for this convergence.

1 Introduction

Evaluating performance of web services for QoS purposes is a difficult problem
due to the great variability of web traffic. An important characteristic of web
traffic is that it usually shows bursts within a wide range of times scales [1]. This
characteristic is called self-similarity and has been shown to be a consequence
of a related observation, the heavy-tail in the size distribution of downloaded
objects [2]. Modeling self-similarity in simulations with web traffic is important
given that it has been shown that self-similarity has a significant negative impact
on network performance [3] [4]. However, generating the input to self-similar web
traffic in simulations by sampling a heavy-tailed object size distribution with in-
finite variance has severe implications on stability. Crovella and Lipsky [5] report
that the convergence of the average object size of a sample to the average of the
heavy-tailed object size distribution used to generate this sample requires simu-
lation periods that are magnitudes too long to be practically feasible. Also, the
distribution of output statistics that depend on all moments of the heavy-tailed
object size distribution does not converge during practically feasible simulation
periods. Therefore, the simulation remains in transient state for all practically



feasible simulation periods. A similar statement can be made, considering the
fact that heavy-tails are always finite in any physical or simulation environment,
as long as the tail is “sufficiently long”, e.g. several orders of magnitude beyond
the average. Hence, to enable performance evaluation with simulation, there is a
need to investigate meaningful output statistics that do not inherently have this
dependency on moments of the object size distribution and thus can converge
within feasible simulation periods.

In this paper, we take a end-user’s perspective in a client/server scenario for
web services. We propose a performance analysis method for simulations with
web traffic which is based on the latency quantiles of system components such as
network, server/cache, client. The latencies of these components essentially sum
up to the user-perceived latency of web downloads. We exploit (i) that latency
quantiles are naturally suited to describe QoS and (ii) that quantiles of interest
do not depend on the extreme tail of a distribution and hence not on the moments
of the distribution. (i) can be explained with the fact that the p-th quantile of
user-perceived latency of web downloads equating to tq seconds means that a
p fraction of downloads is faster than t¢y. If p is represented by a percentage
value, we call the pth quantile a percentile. Thus we argue that it is meaningful
to characterize system performance for web traffic with high percentiles of the
user-perceived latency such as the 95-th, 98-th, or 99-th percentile (see [6] for
further details). A similar statement holds for the performance characterization
of system components.

Therefore, in this paper, we explore the convergence of network latency quan-
tiles. We exploit the fact that, if network utilization is not too high the relation
between network latency and object size can be approximated as linear around
latency quantiles of interest. In this case, a network latency quantile can con-
verge when the corresponding object size quantile converges. From probability
theory we know that the corresponding object size quantile converges to a nor-
mal distribution at rate n~'/? where n is the sample size. This convergence
is fundamentally different from the convergence of the sample’s average object
size to an a-stable distribution at rate n'/*~! where « is the tail index of the
heavy-tailed object size distribution. As a consequence, the amount of time re-
quired to converge object size quantiles of interest and thus latency quantiles is
magnitudes smaller than the amount of time required to converge the average
object size which is a minimum requirement to converge the whole system. This
large difference in time to converge continues to hold under the assumption of
realistic limits to the object size distribution inherent to common operating sys-
tems. Under higher utilization probability theory let us still expect convergence
of latency quantiles to normal although the rate will be slower than n~'/2. The
sample size required to converge an object size quantile can then be viewed as
an estimation of the inital phase of the convergence of the corresponding latency
quantile.

Conducting a simulation study with ns-2, we find the expected convergence
of the 95-th, 98-th, and 99-th network latency percentiles for both low and high
utilization. With low utilization we mean utilizations that are reported average



to private networks (see [7]). With high utilization we mean utilizations that are
known as an upper limit to what is acceptable during the busiest period (see
[8] on provisioning procedures). We therefore propose a method that enables us
to reliably test for convergence. In case of convergence the method additionally
provides accurate estimates of the p-th network latency quantile which can be
exploited to engineer QoS guarantees.

Finally, we argue that both, the estimation of the initial phase of the con-
vergence, as well as the test method can also be applied to evaluate latency
quantiles which are associated with system components other than the network.

Hence, the main research contributions of this paper are:

1. We give evidence that quantiles of user-perceived latencies are suitable statis-
tics to evaluate performance of web services for QoS purposes.

2. We give evidence that latency quantiles, in contrast to other statistics such as
the average latency, converge within an amount of time which is practically
feasible for simulations. As a consequence, engineering QoS guarantees for
latency quantiles of web services becomes feasible.

3. We provide lower bounds that estimate the initial phase required to converge
latency quantiles.

The rest of this paper is structured as follows: In section 2 we review workload
modeling with respect to convergence. In section 3 we determine sample sizes
required to estimate object size quantiles in simulation. In section 4 we propose
a method to test for convergence of network latency quantiles. In section 5 we
apply this method to simulation results of a client/server scenario. Finally, we
conclude in section 6.

2 'Web Workload Modeling

In this section, we shortly review web workload modeling with respect to con-
vergence.

For our analysis of convergence, we assume that the web traffic in the simula-
tion is generated with a SURGE [9] type of model. We follow [10] and assume that
the model accounts for probability distributions for the following user/session
attributes:

— inter-session time between sessions from different users

— pages per session to quantify the number of web pages accessed within a
session by the same user

— think time to quantify the time between completion of a download and ini-
tiation of the next request

— number of embedded objects per page

— inter-object time to quantify time between requests of embedded objects

— object size.

With respect to convergence, the probability distributions of interest are the
object size distribution and the think time distribution since it is the heavy-tails



of these distributions that are the essential cause for the great variability and
the self-similarity of web traffic [11] [4]. We say here that a distribution with
cumulative density function (CDF) F is heavy-tailed with tail index « if

1-F(z)~xz" % for n—oc with «€(0,2] (1)

where a(z) ~ b(z) means

a(x)

n—oo b(x) o

. We note that more general definitions are possible (see e.g. [12]). Effects from
the heavy-tail in the object size distribution clearly dominate the effects from
the heavy-tail in the think time distribution [4]. We therefore focus our analysis
of simulation input on the object size distribution. We follow the approach of
[10] and model the object size distribution with a ParetoII [13] distribution with
CDF

1
S
This Paretoll distribution has two free parameters: the average a, and the shape
parameter « which equals to its tail index. s = a * (@ — 1) is a dependent
parameter.

3 Characterization of Simulation Input

In this section, we characterize object size quantiles in simulation input with
respect to convergence to determine minimal simulation durations. We follow [5]
and assume that for any dependent parameter in simulation output to converge,
the corresponding parameter in simulation input has to converge. Thus, presum-
ably for the 95-th, 98-th, or 99-th network latency quantile in simulation output
to converge, the corresponding object size quantile in simulation input has to
converge. Of course, much more input may be necessary to converge the 95-th,
98-th, or 99-th network latency percentiles. We employ quantile estimation tech-
niques in statistics to estimate minimal sample sizes required to converge object
size quantiles of interest from a Paretoll distribution.

3.1 Distribution of the Sample’s Quantile

Under assumption of independent sampling, the expected value of the p-th sam-
ple’s quantile is given by z, = F~1(p). The probability density distribution of
the p-th quantile of a random variable can then be derived as follows (see e.g.
[14], section 3.7, p. 101).

Let X(1), .., X(n) be the ordered observations from a i.i.d random variable. Let
X1y be the p-th quantile where k = np if np is an integer, and k = [np+1] if np
is not an integer. The event 2 < X () < x+dx occurs if k—1 observations are less



than z, one observation is in the interval [z, x 4+ dz], and n — k observations are
greater than x + dz. The probability of any particular arrangement of this type
is F¥='(2)f(z)[1 — F(z)]" *dz. By the multinomial theorem, there are n(}",)
such arrangements. Thus, the probability density distribution of the sample’s

p-th quantile is given by:

n—1

f) =n(p

)(F(w))’“ (1= F@)" *f(2) 3)

The corresponding distribution Fi(x) from which we can infer confidence
intervals at a given sample size can be obtained by numerical integration. More-
over, it is of interest to denote that this distribution Fy(z) converges to a normal
distribution at rate n—1/2. This follows from the following theorem:

Theorem 1 (Limit Theorem for Sample’s Quantiles).

Let X1, .., X, be n independent observations on a random wvariable X with
CDF F. Let Xy be the p-th quantile where k = np if np is an integer, and
k = |np+1] if np is not an integer. Let (i) F(x) admit a continuous PDF f(x)
for all x. Further let (ii) the p-th quantile z, of F be unique and f(z,) > 0.
Then the distribution of the sample’s p-quantile X () converges to a normal
distribution:

V(X — xp) = N(0,02) for n—oc with o= 7?83”

For a proof of this limit theorem, which is the quantile’s equivalent to the more
commonly kown central limit theorem (CLT) for the sample’s average, refer
to Rao [15], section 6f.2, p.423. The proof is essentially straightforward from
Equation 3.

Both, Equation 3 and Theorem 1 can now be applied to evaluate the con-
vergence of object size quantiles in simulation input. Theorem 1 applies for a
heavy-tailed Paretoll distribution (see Equation 2 for CDF) since the Paretoll
distribution fulfills the required regularity condition specified in the theorem. In
detail, f(z) = F'(z) of a Paretoll distribution is continuous for all z € [0, 00)
and all quantiles z,, of a Paretoll distribution are unique with f(z,) > 0 since
the CDF is strictly monotonous. This is although the Paretoll distribution does
not fulfill the regularity condition of the central limit theorem (see [5]).

This leads to the following fundamental implications:

3.2 Implications

Object size quantiles obtained by sampling a heavy-tailed Paretoll distribution
behave completely different than the average object size in the sample. The
distribution of the p-th sample object size quantile converges to a normal distri-
bution at rate n~'/? for sample size n — co. Thus the p-th object size quantile
can be estimated from relatively small samples since (i) the normal distribution
is symmetric and has fast decaying exponential tails which lead to relatively
small confidence intervals and (ii) the rate n~'/? is “fast”. The distribution of



the average object size quantile converges to a a-stable distribution at a rate
n'/*=1 < p~1/2 where a < 2 is the tail index of the object size distribution (see
[5]). Thus estimating the average object size requires extremely large samples
since (i) the a-stable distribution is usually skewed and has itself heavy-tails,
which, particularly for a close to 1, leads to very large confidence intervals and
(i) the rate n'/*~1 get extremely slow for o — 1.

To evaluate sample sizes required to estimate object size quantiles, we can
now iterate the sample size n and determine the corresponding confidence inter-
vals and expected values. We can perform this evaluation by numerical 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 computationally
very cheap since approximations for the confidence interval immediately follow

from evaluating the variance of the approximated normally distributed sample’s
quantiles:

o= npilf;(.:i) @

Accuracy of the|Sample Size
99-th Percentile
1% 2.8-10°
2% 7.2-10°
3% 3.2-10°
5% 1.2-10°
10% 3.1-10°

Table 1. Sample Size Required to Estimate the 99-th Object Size Percentile

Percentile|Sample Size
(5% Acc.)
95-th 2.6-10"
98-th 6.0 - 107
99-th 1.2-10°
99.9-th | 1.2-10°
99.99-th | 1.1-107

| Average | 10® |

Table 2. Sample Size Required to Estimate other Object Size Percentiles



To perform a numerical evaluation we define the accuracy with which we can
estimate a random variable such as the object size from a samples of size n as:

Accuracy = maz{| ,E | 15 |} (5)

Here E,, is the expected value and L,,U, are the lower and upper bound of
the confidence interval. We denote that evaluations in this paper are at confi-
dence level 95%. To produce numerical values we assume that the average in the
Paretoll object size distribution is 12KB and that the shape parameter a = 1.2.
These are the same values as in [10]. The exact values obtained with method 1
are listed in Table 1 and Table 2. The approximation to these values obtained
with method 2 maximally differ by £0.2 in the mantissa.

We refer to Crovella and Lipsky [5] to compare these sample sizes to the
sample sizes required to estimate the average object size from a sample. They
analyze convergence to a-stable and roughly approximate the sample size re-
quired to estimate the average with a k digit accuracy as

n > e % (107F) 7% (6)

where ¢y &~ 1. This can be applied to estimate the average object size in the
sample. Setting 10~% = 0.05 leads to the value of comparison which we added
to Table 2.

This value of comparison shows that object size quantiles which are of interest
to engineer guarantees on the response times of web downloads, converge at
sample sizes which are magnitudes smaller than the samples sizes required to
converge the average object size. This difference also holds at the presence of
realistic bounds to the object size distribution inherent to common operating
systems such as a 2.1GB or 4.2GB upper bound. A 2.1GB upper bound to the
object size distribution leads to a required sample size of approximately 107
instead of 10% in Table 2 which can be calculated with the standard formulae
based on the CLT.

Moreover, we can show that the difference between the sample size required to
estimate quantiles and the sample size required to estimate the sample’s average
gets more pronounced when the tail index o — 1 (see Table 3). We denote that
Table 3 lists estimates with 5% accuracy.

Tail Index «|99-th Percentile| Average Average
(w/o bound)|(2.1GB bound)
1.1 1.3 10° 10" 107
1.2 1.210° 10° 107
1.3 9.1-10° 10° 10°

Table 3. Sample Size Required for Estimation of 99-th Quantile and Average



We summarize the findings of this section as follows: We have analyzed the
convergence of object size quantiles in simulation input which is necessary that
we can see convergence of latency quantiles in simulation output. We have ap-
plied quantile estimation techniques to derive this convergence which is to normal
at a rate n~'/2. This fundamentally differs from the convergence of the average
object size to a a-stable distribution at a rate n'/®~!. As a consequence, the
sample size required to converge the 95-th, 98-th, and 99-th object size quantile
is several orders of magnitudes smaller than the sample size required to converge
the average object size for a close to 1.

4 Characterization of Simulation Output

In this section, we analyze latency quantiles in simulation output with respect
to convergence. We refer to probability theory to show that latency quantiles
can be expected to converge to normal. We show how to reliably test for this
convergence. We then conduct a simulation study to show that latency quan-
tiles converge within periods which are practically feasible to simulations. As a
consequence it becomes feasible to engineer QoS guarantees for network latency
quantiles of web downloads.

Formally, convergence of latency quantiles cannot be treated in the same way
as the convergence of object size quantiles. The initial assumption in Theorem
1, that the observations are independent, does not hold for the latency quantiles
given that concurrent downloads can be from the same server or can share the
bottleneck link on the network. Hence, the observed latencies are correlated.
Literature on probability theory ([16] section 8.3) indicates that quantiles of
correlated observations continue to converge to a normal distribution at a rate
n~1/2 where n is the sample size, if two conditions are fulfilled. First, a regularity
condition on the distribution like (i) and (ii) in Theorem 1 is required. We think
it is reasonable to assume such regularity for a latency distribution. In detail,
this regularity means (i) to assume that the latency distribution F' can for any
latency be arbitrarily closely approximated with a differentiatable function, (ii-
a) that the latency associated with the quantile occurs in the simulation and
(ii-b) that latencies very close to the quantile do also occur. Second, dependence
of the observations must be sufficiently weak. Sufficiently weak dependence of
observations means that autocorrelations of the observations decay so fast that
that the convergence to normality at a n~'/? is not perturbed. This is e.g. the
case when dependencies that depend on the lag only lead to autocorrelations
which are summable over all lags (for details refer to [17]). We expect this to
apply if network utilization is low. At higher utilization we expect that latency
quantiles also convergence to a normal distribution. However, this convergence
is at a rate slower than n~'/? since the observations of latencies are known to
be long-range dependent. The expectation can be justified with Theorem 8.2 in
[17] since quantiles can be written as M-estimators.



4.1 Testing for Convergence to Normality

We propose to (i) produce and (ii) analyze normal plots for increasing sample
sizes n to test when and whether latency quantiles become convergent. We (i)
apply the frequently used normal plot' method (see e.g. Rice[14] p. 321-328) to
a set of latency quantiles obtained from simulation runs with different seeds to
the random number generator. This method only leads to qualitative results. We
therefore (ii) enhance this method with a fully fledged statistical test to obtain
quantitative results (see [14]) which can be successively monitored for increasing
sample size n. We call this analyzing the normal plot. Moreover, we propose to
(iii) monitor the rate of convergence. We call this consistency check.

The normal plot is produced as follows: Let Y(;) ; be the latency quantile Y{y,
estimated from a sample with index 7 which was obtained from a simulation run
with a specific seed to the random number generator. Hence,

Simulationrun 1 =+ Y7 ; < .. < Y1 < Yiaz
Simulation run m — Y7, < .. < Yiry,m- < Ymaz,m

To produce the normal plot, we arrange the estimated latency quantiles Y(z) 1 ... Y(z),m
in ascending order:

Yiya - Yieym = Yu),0) - Yoy, om) -

Then we exploit that if this ordered set is consistent with normality, the ex-
pected value of Y(;) ;) is the m;ﬂ quantile of a normal distribution with unknown
parameters y and o:

)
m+1

E(Yi), () =N (1, 0%)( ) (7)
Not knowing the parameters p and o of the normal distribution N(u, 02), we can
exploit that any quantile of a normal distribution can be closely approximated
with the corresponding quantile of the standard normal distribution N(0,1).
The approximation relation is (see [14]):

1
m+1

N, 0% (——) 0 N0, 1)

e )+ ®

i

Therefore a normal plot plots the Y{;) (; against the T duantile of the stan-
dard normal distribution. If the data in the set is close to normal distributed,
the result of the plot is close to a straight line. Any deviation in the data
from normality such as skewness or subexponential tails can be visually in-
spected. However, care needs to be taken in classifying a set as representing
data which is consistent with a normal distribution. Due to the ordering process

! sometimes also called normal probability plot or Q-Q plot



Y1 - Yeym = Yy, - - - Y(k),(m) normal plots always tend to look somewhat
linear.

To be reliable, we need to extend this qualitative test of visual inspection to
a hypothesis test which produces quantitative results. Moreover, we want this
test to provide accurate estimates of the parameters ¢ and p of the normal
distribution which can be exploited to engineer QoS guarantees for latencies.
Therefore, we apply linear regression between the set and its expected values.
The correlation coefficient of the linear regression, which quantifies the deviation
from linearity, can now be exploited to test the hypotheses that the data in the
ordered set is consistent with normality. For ¢ = 30 data points [14] reports
that, if the data is consistent with normality, 10% of plots have a correlation
coefficient below 0.9707, 5%, have a coefficient below 0.9639, and 1% have a
coefficient below 0.9490. Values for ¢ = 40 are 0.9767, 0.9715, and 0.9597. These
values for coefficients can thus be used in a hypothesis test as critical values
at desired significance level. This hypothesis test should have sufficient power
to distinguish a set consistent with a normal distribution from a set consistent
with a heavy-tailed a-stable distribution given that the correlation is sensitive
to outliers at the extremes of the ordered set. Moreover, the slope and intercept
of the linear regression provide accurate estimates of the parameters y and o of
the normal distribution.

To enhance the robustness of the test, we additionally monitor the rate of
convergence, i.e. check the consistency. We take the estimate for the standard
deviation from the linear regression and check whether this estimate is consistent
with a n~'/2 rate of convergence. We do this by plotting the estimated standard
deviation times y/n and check whether this is constant.

5 Results

We now apply this test method to investigate the convergence of network latency
quantiles from a ns-2 (network simulator version 2) [18] simulation study of a
client server scenario for web services. To perform this study we have extended
ns-2 version ns-2.1b% with our own implementation of the hyper text transfer
protocol HTTP /1.1[19] on top of ns-2’s FullTCP. The implementation is avail-
able via the ns-2 contributed code web page. The implementation explicitly mod-
els the HTTP interactions and includes HTTP/1.1 features like pipelining of re-
quests for embedded pages and persistent connections between client and servers.
To facilitate analysis, we limit user/session attributes in workload generation to
the minimum set which is relevant to study convergence properties. This set in-
cludes the think time to quantify the time between completion of a download and
initiation of the next request, the number of embedded objects per page, and ob-
ject sizes. What we do not account for are session-related attributes which have
distributions with fast converging tails. We also do not account for the effects
of server and client latencies on the network. We also randomly chose the web
server where a request goes to. We follow [10] with the choice of parameters for
the think time, object size, and number of embedded objects per page distribu-



tions. We work with two models (see Table 4): The first model (“coarse model”)
allows us to directly associate object sizes and download times to enable a in-
depth analysis. The second set (“accurate model”) removes this simplification
and models web workload at its full complexity. To keep results with both models
comparable, we adjusted the think time in the first model such that the resulting
average utilization of both workload model is equal. This means that we have
kept the ratio between average number of objects times average object size
and average think time constant.

Workload||Object Size Embedded Objects.  |Think Time
Model Distribution Per Page Distribution. |Distribution
Coarse Paretoll None Paretoll
Model Average 12 KB Average 10s
Shape 1.2 Shape 2.0
Accurate ||Paretoll Paretoll Paretoll
Model Average 12 KB|Average 3 Average 40s
Shape 1.2 Shape 1.5 Shape 2.0

Table 4. Probability Distributions for Web Traffic Generation

Queue Length: Queue Length:
52kB 52kB
Access Links ‘ Access Links
Bandwidth: 10Mb Bandwidth: 10Mb
Delay: 0.1ms Bottleneck Link Delay: 0.1ms
Bandwidth: variable
Delay:10ms
5 Web Servers 50 Web Clients

Fig. 1. Validation Topology

We then start with a simulating the dumbbell topology of Figure 1 which
essentially models a bottleneck link. This bottleneck link can be viewed as an
abstraction of a transoceanic link or a critical backbone link in private network.
We assign a 10ms propagation delay to this bottleneck link which may also be
viewed in a more general sense, since it has been argued that there is always a



single bottleneck link on any network path which is usually not fast moving[20].
Access links to the bottleneck have a capacity of 10 Mb/s and a propagation
delay of 0.1ms. Clients and servers are attached to the access links. Queue sizes
are set to 52KB.

5.1 Simulation Study

We start our investigation of convergence of network latency quantiles with the
coarse model for web traffic generation (see Table 4 for parameters). We vary the
capacity at the bottleneck link to obtain samples at different network utilizations.
We define link utilization as the amount of traffic transported over the link per
time unit in proportion to the link capacity. We consider three cases for the
link capacity: 6400Kb/s, 2560Kb/s, and 640Kb/s. The 6400Kb/s case leads to
a utilization of slightly more than 7% (see Table 5) which is roughly equivalent
to what [7] reports as average in private networks. We then gradually increase
utilization up to 64% which is known as an upper limit to what’s acceptable
during the busiest period (see [8] on provisioning procedures). We refer to the
6400Kb/s case as low utilization, to the 2560Kb/s case as medium utilization,
to the 640KB/s case as high utilization.

| Capacity |Utilizati0n|L0ss Rate|
640Kb/s 64% 0.8%

2560Kb/s 17% <01%
6400Kb/s 7.0% <01%

Table 5. Bottleneck Link: Utilization and Loss Rate

Since our goal is to investigate convergence of latency quantiles we run very
long simulations to generate 30, respectively 40, samples with different seeds to
the random number generator. Each of these simulations terminate after the first
500,000 requested objects have been completely downloaded. This corresponds
to approximately 28 hours of simulation time. Typically more than 500k objects
have been completely downloaded during this period. At this sample size the 99-
th object size percentile in simulation input has converged to 3% accuracy (see
Table 1). The 98-th and 95-th quantile have converged even further. We have
verified that the largest object size over all simulations runs at each utilization
investigated is larger than 2.1GB, i.e. very close to the object size limit inherent
to ns-2. We have also verified that neither the average object size nor the average
network latency converge in our simulations.

At low utilization we find convergence which is consistent with a n rate
for all latency quantiles investigated. Therefore, we investigate whether our find-
ings about convergence of network latency percentiles under low utilization con-
tinue to hold when we model the full variability of the structure inherent to

—1/2



Normal Plot (Accurate Load Model, 6400Kb/s, 120k DLs)
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Fig. 2. Normal Plot and Linearity (99-th NLP, Accurate Model, Low Util.)

web pages. We thus repeat the simulations for low utilization with the accu-
rate model for web traffic generation. We run simulation with 30 different seeds
to obtain samples. Each of these simulations terminate after the first 120,000
requested web pages have been completely downloaded. We successively apply
the convergence test and find that the 95-th, 98-th, and 99-th network latency
percentile converge to normality at a n—'/? rate. Figure 2 depicts that the cor-
relation coefficient from the normality test remains above all critical values after
some initial phase. The same finding can be reported for the 95-th and 98-th
network latency quantile. For all quantiles investigated, i.e. the 95-th, 98-th and
99-th percentile, the convergence is at a n~'/? rate (see Figure 3) given that
deviations from constant are not larger than in the corresponding consistency
check for object size quantiles in simulation input (not depicted).

Table 6 lists the sample sizes required to estimate the 99-th network latency
quantile in simulation output at 5% accuracy. The listed sample sizes, which
base on the accuracy definition given with equation 5, have been obtained as



Consistency (Accurate Load Model, 6400Kb/s)
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Fig. 3. Consistency of Convergence (Accurate Model, Low Util.)

| Accuracy | #Downloads |

1% 3.6 - 10°
2% 9.0-10°
5% 1.5-10°
10% 3.6 - 107

Table 6. Sample Size Required for Estimation of the 99-th Network Latency Percentile

follows: The expected latency quantile has been estimated from the normality
plot at 120k downloads. The confidence interval radius has been approximated
with 1.96%s,, where s? is the quantile’s sample variance which has been evaluated
with s2 = ¢%/n. ¢ in turn has been estimated from the data of Figure 3. The
values listed in Table 6 are slightly larger than in Table 1 which lists sample
sizes required to converge object size quantiles in simulation input. A similar
observation can be made for the 95-th and 98-th network latency quantile. Thus,
under low utilization sample sizes obtained from evaluating the convergence of
object size quantiles in simulation input turn out to be good approximations for
sample sizes required to estimate latency quantiles from simulation output.

At medium utilization we do not find convergence for any of the latency
quantiles investigated within samples sizes we have analyzed. We explain this
finding with the fact that the latency distribution in the “estimated confidence
interval” around the quantiles of interest does not exhibit sufficient regularity
which is required for convergence. Presumably this comes from discontinuities
in TCP’s reaction to minimal packet loss.

For the simulations with the coarse workload model we find that the 99-th
and 98-th latency percentiles converge to a normal distribution at high utiliza-
tion (see Figure 4 for results obtained with applying the test method described
in section 4.1 to 40 simulation runs). The estimated confidence intervals for these
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Fig. 4. Linearity of Normal Plot (Coarse Model, High Util.)

latency quantiles after 500,000 downloads are: 7.35 £ 0.92 seconds for the 99-th
percentile and 5.08 £ 1.37 seconds for the 98-th percentile. The 95-th latency
quantile does not converge within sample sizes that we have analyzed. However,
the convergence of the 99-th and 98-th latency percentile is not consistent with
a n~'/? rate (see Figure 5 for a log-log plot of sample variance vs. sample size).
Such convergence at a n~'/? rate would result in a line parallel to the reference
line entitled with Hurst parameter H = 0.5. The convergence is also not com-
pletely consistent with a slower rate n~? with 8 < 1/2 which is expected for a
long-range dependent correlation structure among observations of latency quan-
tiles. Such a correlation structure would result in a straight line with smaller
slope (see e.g. the reference line for Hurst parameter H = 0.9 which is to be ex-
pected for the corresponding on/off process (see [11])). Moreover, the 99-th and
the 98-th latency percentiles converge at different rates which is to be explained
with the fact that the simulation has not yet reached stability. Nevertheless, we
argue that it is possible to give guarantees for these latency quantiles based on
estimating an upper bound of the confidence intervals to the variance of latency
quantiles at sample size n. Such an estimation can be obtained by grouping sim-
ulations and evaluating the variance of latency quantiles at sample size n for
each group. In our case this implies to perform e.g. 20 times 40 simulation runs
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instead of 40 to estimate the confidence interval bounds. However, for practical
applications some rough approximation from Figure 5 may already be sufficient.

We summarize the findings of this sections as follows: We have referred to
probability theory to explain that the sample’s p-th latency quantile can con-
verge to normal at a n~'/? rate, where n is the sample size, if utilizaiton is low.
If utilization is high, the sample’s p-th latency quantile can continue to con-
verge to normal. However, the rate will be slower than n~'/2. Hence, we have
proposed a method which enables us to reliably test for such convergence. This
method is based on (i) producing normal plots, (i) analyzing normal plots by
monitoring the correlation coefficient which quantifies the linearity of the plot,
and (iii) checking the rate of convergence. In case of convergence this methods
additionally provides accurate estimates of the p-th latency quantile. We have
applied this method to the output of a simulation study with ns-2. We have ob-
served that network latency quantiles in simultion output converge to a normal
distribution at rate n—'/2 if the utilization is low. We have also observed that
network latency quantiles continue to converge to normal with a slower rate if
utilization is high.

6 Summary and Conclusion

In this paper, we have investigated whether the 95-th, 98-th, or 99-th percentile
of user-perceived latencies are suitable statistics to measure performance of web
services and hence to engineer QoS guarantees for web services. We have ex-
ploited that (i) latency quantiles have a natural interpretation in evaluating QoS,
(ii) quantiles do not depend on the extreme tail of the distribution and thus not
on moments of the distribution, and (iii) user-perceived latency is a sum of the
latencies of system components, which essentially are network, server/cache, and
client. We have analyzed the convergence of simulation input to determine min-
imal simulation durations necessary to estimate the latency quantiles of interest
from simulations. We have applied quantile estimation techniques to derive the



convergence of the p-th object size quantile which is to a normal distribution
at a rate n—'/2 where n is the sample size. This convergence is fundamentally
different from the convergence of the average object size to a a-stable distribu-
tion at a rate n'/®~'. As a consequence, the sample size required to converge
the 95-th, 98-th, and 99-th object size quantile is several orders of magnitudes
smaller than the sample size required to converge the average object size. The
large difference in amount of time to converge continues to hold under the as-
sumption of realistic limits to the object size distribution inherent to common
operating systems.

We have referred to probability theory to explain that latency quantiles un-
der low utilization converge to a normal distribution at a n—'/? rate. We have
proposed a method to reliably test for such convergence. We have validated the
test method in a simulation study with ns-2. Moreover, we have found that net-
work latency quantiles converge to normal distributions under high load which
we also explain with probability theory.

As a consequence engineering QoS guarantees for web services based on la-
tency quantiles becomes feasible since we argue that the proposed method can
as well accurately estimate latency quantiles associated with server/cache and
client. In order to further clarify this issue, we plan to explore the impact of
network topology and document popularity on our results.
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