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Abstract

The accuracy of self-similar processes that are
widely used to model Web server systems is eval-
uated using simulation. Specifically, we consider
two processes with self-similarity from a single
origin: either with a realistic self-similar arrival
process or with a realistic service-time distribu-
tion, but not both. A detailed examination and
comparison of these processes is presented, to-
gether with conclusions regarding the scenarios
in which one process outperforms the other.

The main results of the simulation are that
when the system has medium or low utilization
levels, both processes fail to estimate the realistic
mazimum number of clients in the system and
the realistic average response time.

1 INTRODUCTION

The performance of a given Client/Server system
is affected mainly by its statistical characteris-
tics: the arrival process of clients to the server
and the distribution of the service time.

The request arrival process in Web servers is
an ON/OFF process [5, 7], with several requests
during an ON period followed by an OFF period
that is significantly longer than the interarrival
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Figure 1: Realistic and Poisson Arrival Processes

times during the ON period. The ON, the OFF
times and the inter-arrival times within the ON-
times have heavy-tailed distributions. Such dis-
tributions are characterized by extremely high
variability, and may have infinite variance and
infinite mean. Figure 1 depicts a realistic arrival
process together with a Poisson arrival process.

When considering the service-time properties
of Web servers, we restrict our attention to ser-
vice in which clients (browsers) send requests
for files, and servers reply with the requested
files. In such systems, the service-time distribu-
tion is characterized by the files’ transmission-
duration distribution (TDD). This distribution
was shown to be heavy-tailed as well [6, 13]. In
fact, there is evidence that the TDD of the same
file from the same server to the same client is
heavy-tailed [13]. Thus, every Web server, in-
cluding servers that serve a single static page,
suffers from bursty service-time.



Either a heavy-tailed arrival process [10] or a
heavy-tailed service-time distribution [2] suffices
to create self-similar behavior, that is, a process
which is bursty over a wide range of time-scales.
Practically, a self-similar process does not be-
come smoother and closer to its average as the
time scale grows. Parameters such as the aver-
age rate, or other moments, do not give valuable
information about a self-similar process. Indeed,
studies show that performance figures are rad-
ically different when simulations use data that
incorporates long-range dependence and when
simulations use data without long-range depen-
dence [8, 15].

It is now widely accepted that when evaluating
Web servers’ applications and policies, e.g., for
load balancing or task scheduling, the assump-
tion that the process is self-similar is important
to accomplish accurate analysis results (for ex-
ample, [4, 11]).

Using simulation, we show in this study that
an accurate queueing model for a Web server
system should consider the two origins of self-
similarity. Specifically, the model should incor-
porate both the Realistic arrival process and the
Realistic service-time distribution. We present
evidence that when the system has low to
medium utilization, processes with self-similarity
from a single origin (that is, either a realistic ar-
rival process or a realistic service-time distribu-
tion, but not both) do not estimate the perfor-
mance parameters in a reliable manner.

So far, models of a Web server system con-
sidered processes with self-similarity from single
origin only (for example, [9]). A process with
self-similarity from two origins is hard to ana-
lyze since it is not a Markovian process and it
does not fit into any known solution of a queue
with general arrival and general service-time dis-
tribution (G/G/1 queue). Boxma and Cohen [3]
obtain heavy-traffic results for the waiting time
of single server queue with heavy-tailed distribu-
tions, but there are no theoretical results for low
to medium utilization.

Boxma and Cohen [2] consider a realistic
heavy-tailed service-time distribution with a

Poisson arrival process that is not self-similar.
We refer to such single origin self-similar process
with Poisson arrivals and Realistic service as the
M/R/1 model. Respectively, other models [8, 17]
consider an ON/OFF arrival process but assume
Exponential service-time distribution, which is
not heavy-tailed. Such single origin self-similar
process with Realistic arrivals and Exponential
service is referred to here as the R/M/1 model.

This study evaluates the accuracy of each
single origin self-similar process, M/R/1 and
R/M/1, compared to the process with Realis-
tic arrivals and Realistic service, called R/R/1.
We estimate the error factor of analyzing a Web
server system using each single origin self-similar
model instead of a realistic one, to evaluate
which of these models is better and in which sce-
nario.

We also study the influence of each parameter
of the realistic arrival process and service dis-
tribution on the reliability of each single origin
self-similar model. Understanding the impact of
each parameter is helpful for designing more re-
alistic models.

The first finding of our study is that when the
system has low to medium utilization, both the
R/M/1 model and the M/R/1 model fail to es-
timate the realistic system performance param-
eters in a reliable way. The error factor is very
large in both the mazimum client in the system
and the average response time performance pa-
rameters. For example, under medium utiliza-
tion (see Section ?7?), the R/M/1 model’s esti-
mation of the maximum client in the system has
an error factor of 153.39 and its estimation of
the average response time has an error factor of
932.64.

When the utilization is high, both models per-
form well. Unfortunately, scenarios of high uti-
lization, in which tens-thousands of clients are
simultaneously in the system, are less interest-
ing in the Web context since most likely, clients
will drop out from the system. For example, un-
der high utilization (see Section 4), the R/M/1
model’s estimation of the maximum client in the
system of has an error factor of 1.03 and its esti-



mation of the average response time has an error
factor smaller than 2, but the system was over-
loaded for long time periods, in which it has more
than 58500 clients simultaneously inside it.

We found that system performance is greatly
influenced by the ratio between the location pa-
rameters of the ON-times and OFF-times and
the ratio between the shape parameters of the
ON-times and OFF-times. In particular, the sys-
tem is over-loaded for long periods when the ra-
tio of the location parameters of the ON-times
and the OFF-times is larger than 1 : 20. This
also happens when the shape parameter of the
ON-times is smaller than the shape parameter
of the OFF-times. In other cases, the system is
hardly over-loaded.

Another interesting discovery of this research
is that the shape parameter of the inter-arrival
times within the ON-times have an almost negli-
gible impact on the system performance. Chang-
ing this shape parameter from 2 to 0.75 has al-
most no effect on the system. These results
indicate that it is reasonable to assume that
the inter-arrival times are not heavy-tailed dis-
tributed (as done, for example, in [17]).

2 DEFINITIONS

The Exponential distribution is light-tailed, in
contrast to a heavy-tailed distribution, formally
defined as follows.

Definition 2.1 A random wariable X has a
heavy-tailed distribution with tail indez «,
0<a<?2,if

PX >z]~27% as x—

Where a ~ b means that lim,_.oa/b = ¢ for
some constant c.

Heavy-tailed distributions are characterized
by extremely high variability, which increases
sharply as « decreases. Such a distribution has
infinite variance; if a < 1, then it also has infinite
mean.

A simple heavy-tailed distribution is the
Pareto distribution with shape parameter a and
location parameter k. It has the following cumu-
lative distribution function.

F(z) = P[X < 2] =1—(k/2)%, o, k>0, x>k,

3 SIMULATION SETUP

We use the Client in the System process along
the time axis, that is, the number of clients in
the queue plus one (the client that is currently
serviced). Other performance measurement pa-
rameters that we use are the mazrimum num-
ber of clients that are simultaneously in the sys-
tem and the average response time experienced
by the clients. These two parameters deter-
mine resources required by the system, such as
buffer-size and computing power, and the sys-
tem’s Quality of Service.

Recall that the system utilization, p, is the
arrival rate divided by the service rate and in
a stable system 0 < p < 1. Our evaluation is
performed under three levels of system utiliza-
tion: low in which p < 0.3, medium in which
0.3 < p < 0.5, and high in which p > 0.5. Due
to the high variability of the distributions, the
system is already over-loaded when p > 0.5.

We study the potential of the R/M/1 and the
M/R/1 models in estimating the realistic model
performance. To provide the R/M/1 and the
M/R/1 models the best possible comparison re-
sults, we use actual parameters fitting. That
is, each simulation is divided into three stages.
First, we simulate the realistic model and calcu-
late its actual arrival and service rates. Second,
we simulate the R/M/1 model with the same re-
alistic arrival process and with service-rate pa-
rameter equal to the actual realistic service rate.
Respectively, in the third stage, we simulate the
M/R/1 model with arrival-rate parameter equal
to the actual realistic arrival rate and with the
same realistic service process.

Following the characteristic of [1], our base

configuration has the following parameters. For
the arrival process: the ON-times location pa-



rameter is 10 and the shape parameter is 1.0;
the OFF-times location parameter is 1000 and
the shape parameter is 1.0; the inter-arrivals lo-
cation parameter is 0.2 and the shape parameter
is 2.0. For the service-time distribution the lo-
cation parameter is 0.000001 and the shape pa-
rameter 0.5.

4 THE ARRIVAL PROCESS

We start with simulation series that analyze the
general effect of the arrival rate on the reliability
of the R/M/1 and the M/R/1 models.

The simulation results are presented for low
(Figure 2 and Figure 3), medium (Figure 4 and
Figure 5) and high arrival rates and utilizations
(Figure 6 and Figure 7). The results of the com-
parison between the model’s maximum number
of client simultaneously in the system and their
average response time appear in Table 1.

The immediate conclusion from this compar-
ison is that under low and medium utilization,
both the R/M/1 model and the M/R/1 model
fail to estimate the performance parameters of
the R/R/1 model. Furthermore, as can eas-
ily be seen from the above figures, although
these models describe self-similar processes, they
do not predict the bursty nature of the realis-
tic model. Under low and medium utilization
level, the M/R/1 model outperforms the R/M/1
model, while under high utilization this direc-
tion change and the R/M/1 model outperforms
the M/R/1 model. Note that under high uti-
lization the R/M/1 model is very accurate with
error factor smaller than 2 for both performance
parameters.

Clearly, when the system is empty or over-
loaded all models are similar. The interesting
scenarios which emphasize the differences be-
tween the models are in fact in the middle: when
the system is not almost empty and not over-
loaded. It can be seen from the above figures
that under medium utilization, the gap between
either the R/M/1 model or the M/R/1 model
and the realistic model, is the highest.

Figures 6 and 7 graphically illustrate the es-
sential difference in the behavior of the R/R/1,
R/M/1 and M/R/1 models. In R/R/1 the typi-
cal shape of the client in the system graph is ob-
long like. The bursty arrivals, and in particular,
arrival peaks, cause the sharp ascent of the lines.
The bursty service has two effects: very long
service-times cause long horizontal lines, while
very short service-times result in sharp declines.

In contrast, the typical shape of both the
R/M/1 and the M/R/1 client in the system
graphs are right-angle triangles like. The R/M/1
model’s triangles are caused by the bursty ar-
rivals and smooth service and thus the right an-
gles are on the left. The M/R/1 model’s triangles
are caused by smooth arrivals and bursty service,
and thus the right angles are on the right.

Note that the comparison between R/M/1
model and the R/R/1 is sensitive to changes in
the arrival process—the gap between the is very
large at low and medium utilization and is re-
duced at high utilization—although they have
the same arrival process.

Each of the ON-times, the OFF-times and the
inter-arrivals times (within the ON-times) distri-
butions has location and shape parameters. In
the full version of the paper [14] we describe the
results of several simulation series, each analyz-
ing the effect of one parameter of the arrival pro-
cess on the performance of the realistic model,
and its effect on the reliability of the R/M/1 and
the M/R/1 models.

The conclusions from these simulations are
that, again, under low and medium utilization,
both models fail to estimate the parameters of
the realistic model, and they do not predict its
bursty nature. However, under high utilization,
both models perform well.

5 THE SERVICE PROCESS

In this section we analyze the general effect of
the service rate on the reliability of the R/M/1
and the M/R/1 models. In addition, the full
version of the paper [14] include the results of
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Figure 2: Client in the System Processes Figure 3: Client in the System Processes
(R/R/1 is the blue line and R/M/1 is the red (R/R/1 is the blue line and M/R/1 is the green
line) with low arrival rate and utilization. line) with low arrival rate and utilization.
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Figure 4: Client in the System Processes Figure 5: Client in the System Processes
(R/R/1 is the blue line and R/M/1 is the red (R/R/1 is the blue line and M/R/1 is the green
line) with medium arrival rate and utilization. line) with medium arrival rate and utilization.
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Figure 6: Client in the System Processes Figure 7: Client in the System Processes
(R/R/1 is the blue line and R/M/1 is the red (R/R/1 is the blue line and M/R/1 is the green
line) with high arrival rate and utilization. line) with high arrival rate and utilization.



Utilization | Model | Maximum clients | Error | Average response | Error
level in the system | factor time | factor
Low R/R/1 267 1.080
R/M/1 1| 267.00 0.019 | 56.84
M/R/1 3| 89.00 0.024 | 45.00
Medium R/R/1 2761 552.125
R/M/1 18 | 153.39 0.592 | 932.64
M/R/1 348 7.93 37.187 | 14.85
High R/R/1 58771 41519.760
R/M/1 57197 1.03 21232.644 1.96
M/R/1 13054 4.50 5527.202 7.51

Table 1: Maximum number of clients in the system and average response time

two simulation series, analyzing the effect of the
location and the shape parameters of the service-
times distribution on the reliability of the R/M/1
and the M/R/1 models.

The simulation results are presented for high
(Figure 8 and Figure 9), medium (Figure 10 and
Figure 11) and low service rate (Figure 12 and
Figure 13). Table 2 presents the results of the
comparison between the model’s maximum num-
ber of client simultaneously in the system and
their average response time. The results of the
comparison between the model’s maximum num-
ber of client simultaneously in the system and
their average response time appear in Table 2.

The immediate conclusions from this compar-
ison are that under low utilization, both mod-
els fail to estimate the performance parameters
of the realistic model. Under low and high uti-
lization levels, the M/R/1 model provides more
accurate estimations for both performance pa-
rameters than the R/M/1 model. This direc-
tion change under medium utilization and the
R/M/1 model provides more accurate estima-
tions. Note that under medium utilization, the
R/M/1 model perform well with error factors
smaller than 2, while the M/R/1 model fails to
estimate the parameters. Under high utilization,
both models perform well and provide good es-
timates for the parameters.

Note that the comparison between M/R/1
model and the R/R/1 is sensitive to changes
in the service process—the gap between them
changes in different utilization levels—although

they have the same service process.

6 DISCUSSION

This research indicates that models using a pro-
cess with self-similarity from a single origin are
often unsuitable to describe a Web server system.
It would be interesting to investigate the behav-
ior of these processes resources are restricted, for
example, bounded buffer size and limited client
patience. We expect that in this more realistic
environment, the estimations of the single origin
self-similar processes will be even worse.

Clearly, new models with self-similarity from
two origins should be developed. Recently, some
theoretical studies concerning such models were
proposed (for example, [12, 16, 18]), but they
are not commonly used to evaluate Web servers.
To understand the accuracy of these models, it
would be useful to perform simulations similar
to those performed in this paper.
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