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ABSTRACT
Temporal distribution of the web query traffic has a signif-
icant influence on the performance and scalability of large
scale information systems. Most of the existing performance
analysis assume a standard Poisson distribution. In this pa-
per, we demonstrate that the temporal distribution of web
query log traffic is statistically self-similar, and that the
currently assumed Poisson query distribution does not cap-
ture the statistical properties of the distribution. Also, we
propose a high variability aggregation generative model as
the physical explanation for the observed self-similarity, and
support the model by rigorous statistical analysis on queries
of the individual users from the AOL query log. We also
empirically demonstrate the implications of our findings on
capacity planning and performance evaluation of informa-
tion systems based on queuing analysis. Our results show
that the assumed Poisson distribution over-estimates the us-
able capacity of web information systems significantly.

1. INTRODUCTION
Search engines (and other online databases) aim to pro-

vide sub-second response times for queries. To do this effec-
tively, they not only need to improve query processing time
(e.g. through optimized index structures etc.), but also need
access to accurate models of query arrival. The latter is im-
portant as in order to respond to queries in bounded time,
web systems need to be planned with sufficient capacity, so
that the sum of queueing and service time for queries is ac-
ceptable for users. Temporal distribution of queries is thus
an important parameter for capacity planning and perfor-
mance evaluation of information systems like search engines
and web databases.

Most theoretical frameworks and simulation studies for
performance evaluation assume that temporal distribution
of queries follows a Poisson distribution. For example, Chowd-
hury et al. assumed Poisson temporal distribution of query
logs in their theoretical framework for analyzing search en-
gines [9]. Similarly, simulation studies of search engine per-
formance commonly assume Poisson arrival process of queries
[7, 18, 19, 20].

In this paper, we start by attempting to analyze the valid-
ity of Poisson like process assumption. We use the publicly
available AOL query logs [25] (containing 20 million queries
by 650,000 users over a period of three months.) Our anal-
ysis demonstrates that the Poisson distribution fails to cap-
ture the statistical properties of the actual query distribution.

We also see that the Poisson distribution grossly over-estimates
the percentage utilization before queue lengths and service
quality suffer. At first glance, this might look like an obvi-
ous result, since after all as a memoryless process, Poisson
distribution cannot be expected to model periodic trends
like daily, weekly and monthly cycles in query arrival rates.
We show however that the modeling inability transcends
simple cycles. In particular, we will see that the burstiness
in the arrival rate survives aggregation across time scales.

Results of our analysis, including burstiness at all scales,
strongly suggest self-similar nature of query logs.1 We con-
firm this by estimating the Hurst parameter for the observed
distribution and showing that the estimates validate self-
similar nature of the logs. Beyond invalidating Poisson like
distributions, this proof of self similarity has the important
implications as: (i) Modeling query traffic with any short
range dependent distribution (Poisson has zero range depen-
dency, a special case of short range dependent distribution)
would require number of model parameters increasing with
sample size (ii) Using a memoryless distribution like Pois-
son even for a short samples is not sound. We will discuss
further on this in Section 4 below. Next we present (and
validate) a generative model for queries, which provides a
physical explanation for the observed self-similarity.

We demonstrate that the self-similarity and burstiness in
all time scales have important implications on server utiliza-
tion, throughput, and response time. Intuitively, if the input
query arrival process is bursty (non-uniformly distributed)
the server will be partially idle during low burst periods,
since the traffic rate is less than the throughput of the sys-
tem. Thus part of the server capacity is wasted, and the
effective throughput of the server will be less than the max-
imum throughput. On the other hand, during high bursts
the traffic rates will be much more than the mean service
rate, and queue length grows to large values. Due to these ef-
fects the queue length becomes unbounded for much smaller
mean query rates than the mean throughput for non-uniform
traffic. Poisson distribution currently in use significantly
over-estimates the usable capacity, since Poisson is much less
burstier than actual self-similar query traffic. We verify this
intuitively suggested difference in server utilization between
Poisson distribution and actual query traffic by queueing
experiments. This directly implies that the self-similarity is

1The paper analyzes the temporal distribution of the query
log. Time distribution of queries should not be confused
with well-known power law distribution of query content.



a dominant characteristic of a number of web information
system engineering issues such as capacity planning, and di-
mensioning of buffers.

Note that the implication of the self similarity is not lim-
ited to the search engines. Since the general web informa-
tion system query generation follows the same process, the
results will have impact on deep web in general — which
is 500 times as large as web composed of HTML pages ac-
cording to some estimates [1]. Over the last decade, the
realization that the ethernet traffic is self-similar (c.f. [17])
has brought about significant changes in the engineering of
network systems. We are sanguine that the current work
will have similar impact on the design of search engines and
other online database systems.

Rest of the the paper is organized as follows. Next sec-
tion discusses the related work in the area. Section 3.1 ex-
plains the data set used. Section 3.2 gives the necessary sta-
tistical background required to understand self-similar pro-
cesses and long range dependency. Section 4 demonstrates
the visual difference between the query log distribution and
Poisson-distribution, followed by formal proof by Hurst pa-
rameter estimation. In the next section we present a gener-
ative model to explain self-similarity and validate the model
against the observed user-behavior. In section 6 we discuss
how the observed self-similarity has crucial implications on
performance of search engines and web databases with the
help of queuing experiments.

2. RELATED WORK
Capacity planning and load balancing of web information

systems has been extensively researched [9, 24]. Researchers
frequently used simulation for performance analysis of web
information systems [6, 9]. Many of these simulation studies
assume that the arrival process is Poisson [9, 7, 18, 19, 20].
In their landmark paper Crovella and Bestavros [12] revealed
self similarity of web server traffic. A generative model is
suggested by Barford and Crovella [4]. Our work is specific
to web search engine query logs rather than for generic web
server requests.

Content distribution of query logs—frequency distribution
of distinct queries—are analyzed in detail and commonly
accepted to be following a power law [2]. Power law distri-
butions are closely associated with self-similar distributions,
and often considered to be a signature of self-similarity. But
the content distribution is independent of temporal distribution,
as any content distribution can be combined with any tem-
poral distribution. For example, query frequencies may be
distributed following a power law but queries may be arriv-
ing in a uniform distribution of one query per second, or
a number according to a Poisson process. Hence the well-
known power law distribution query log content does not
imply the results presented in this paper.

The term “self-similarity” was introduced by Mandelbrot
[22] and later found to have applications in many areas of
natural sciences like hydrology, geophysics, and diverse fields
of engineering [10]. A characteristic of self-similar (fractal)
processes is long range dependence (LRD), which is often
used to establish the existence of self similarity. LRD im-
plies that the autocorrelation function for the distribution
decays slowly with time shifts. In their classic paper Le-
land et al. [17] established the self similarity of ethernet
traffic, which corrected the then pervasive belief in Poisson
distribution of packet traffic and had important implication

in network performance and congestion control [17]. Follow-
ing this land-mark paper, many other researchers verified
the results in other networks and there has been extensive
research in related areas [16, 28]. Beyond the statistical sig-
nificance, fractal nature is found to have strong implications
on queue lengths in network buffers and a dominant char-
acteristics of a number of traffic engineering problems [13].
These two and a related set of high-impact papers on self-
similarity of ethernet traffic and implications significantly
changed traffic and network engineering. Our work can be
viewed as a parallel effort on query traffic in information
retrieval.

Considering query log analysis research, temporal distribution
of query types are studied by Beitzel et al. [5]. Determin-
ing semantic similarity between the search engine queries
based on temporal correlations is studied by Chien and Im-
morlica [8]. Badue et al. [3] makes a passing reference
to existence of self-similarity of query logs, but the work
is far from conclusive since they merely report value of H-
Parameter without details of methodology etc. But in light
of this paper, their work may be considered as evidence of
self-similarity in a different workload.

3. PRELIMINARIES

3.1 Dataset Used
The data set used for our analysis is AOL query logs [25],

containing approximately twenty million queries by 650,000
users over a period of three months-01 March 2006 to 31 May
2006. The logs include clicks on search results, queries, and
time stamps of each query in granularity of seconds. Note a
critical difference between the queries and clicks. Google and
MSN clicks send requests directly to the third party URL
and do not route through search provider’s server. But for
AOL and Yahoo! the clicks are fist sent to the their own
server, and then redirected to the third party URLs. In typ-
ical web databases like Amazon and redirecting search en-
gines like Yahoo!, the click on results will hit the server and
will contribute to the workload. On the other hand, direct
request from client side to third party URLs as in Google,
does not contribute to workload of the server. It can be ar-
gued that only queries contribute to workload. But in our
analysis, we do not distinguish between queries and clicks,
since this approach is more applicable to web databases in
general than just the special case of search engines. For the
logs used, time stamps are recorded in granularity of sec-
onds, hence temporal analysis the query logs in finer gran-
ularity is not possible. In the published logs, sixteen hours
of queries on May 16 are inexplicably missing. Rather than
using interpolation or patching. we limit our analysis to
data before May 16. The query rate in logs have clear fixed
period cycles based on time of the day.

3.2 Background on Self-Similar Processes
We now review some basic statistical definitions required

to understand self-similar stochastic processes. A process is
stationary if the mean and the variance do not vary over
time. Autocorrelation function ρ(τ) of a stationary stochas-
tic process X with mean µ and variance σ2 is defined as,

ρ(τ) =
E[(Xt − µ)(X(t+τ) − µ)]

σ2

Intuitively, autocorrelation function gives the similarity be-



tween the time series and a time shifted version of the time
series.

Aggregation of the time series X of length T is given by
averaging the time series in non-overlapping windows of size
m.

Xm(i) =

mi∑
t=(i−1)m+1

Xt where t ∈ T

Informally, statistical self-similarity means process may be
roughly described as “part represents the whole”; or if a part
of the distribution is projected to finer time scales, part will
resemble the whole of the distribution in more coarse time
scale. This is referred as scale free distributions, or fractal
nature. More formal definitions are given below.
Second Order Self-Similar: Second order Self-Similarity
means properties of the time series, at least the autocorre-
lation function, are preserved on aggregation. X is exactly
self-similar if

ρ(m)(τ) = ρ(τ) for τ ≥ 0 and

Var(X(m)) = σ2m−β

where ρ(m)(τ) is the autocorrelation function for aggrega-
tion of aggregation level m and σ is standard deviation of
original non-aggregate time series. The Hurst Parameter
(Hurst Exponent) H of the self-similar process is defined as
H = 1− β

2
X is asymptotically self-similar if

ρ(m)(τ) = ρ(τ) as m→∞

Three implications of self-similarity are

1. No natural length of bursts.

2. Presence of bursts in all time scales.

3. Process does not smooth out on aggregation. The
Self-Similar process has 0.5 < H ≤ 1 where as non-
self similar processes have 0 ≤ H ≤ 0.5. This means
that the smoothing with aggregation is much slower
for self-similar processes, the greater the degree of self-
similarity, the slower will be smoothing with aggrega-
tion.

In the following, we discuss three mathematical manifesta-
tions of self similarity, (i) Long range dependence (ii) Slowly
decaying variance (iii) Hurst effect.

Long Range Dependence: Long-Range dependence im-
plies autocorrelation function does not decrease fast with the
time shift. While autocorrelation decays exponentially with
time shift for short range dependent processes, the decay is
hyperbolic for LRD, leading to non-summable autocorrela-
tion function. i.e

τ=∞∑
τ=−∞

|ρ(τ)| =∞

Slowly Decaying Variance: While variance for an aggre-
gate process varies inverse to the aggregation size for nor-
mal processes, for self-similar process variance decays more
slowly with aggregation.

Var(X(m)) = σ2m−β Where 0 < β < 1

Hurst Effect: Self-similarity gives elegant explanation to
Hurst effect demonstrated by many natural phenomena. To
explain Hurst Effect, let us define rescaled adjusted range
statistic (R/S statistic) first. R/S statistic of a process X is
given by

R(X)

S(X)
=
max(0,W1,W2, ..Wn)−min(0,W1,W2, ..Wn)

S(X)

Where Wk =

k∑
i=1

Xk − kµn

The R/S statistic is measuring the ratio of the range R(X)
— the difference between the minimum and maximum ob-
servations — to the standard deviation S(X) over differ-
ent aggregation levels (scales). Generally, the R/S statistic
increases with the value of aggregation, and the rate of in-
crease is faster for LRD processes than short term dependent
processes. For a process, the value of the R/S statistic can
be expressed as a function of sample size used for calculation
as,

E

[
R(X)

S(X)

]
∼ anH

Where H is the Hurst parameter. Hurst parameter is also
the slope of the curve R/S against number of samples used
in log-log plot. 0 ≤ H < 0.5 for short range dependent
processes and 0.5 < H ≤ 1 for LRD processes, and for a
random walk H = 0.5. This faster increase of R/S statistic
as sample size increases, when H > 0.5, is called the Hurst
Effect. Many natural processes shows Hurst Effect with H
value typically around 0.7, and fractal/self-similar distribu-
tions gave an explanation to observed long range dependence
and Hurst parameter values.

The practical way to estimate degree of self-similarity is
to measure the values of Hurst exponent. One way of esti-
mating Hurst parameter is to plot the R/S line for different
value of samples sizes, and find the slope of the fitted line
by linear regression. There are several other methods in fre-
quency and time domain to measure the Hurst parameter.

4. EVIDENCE OF SELF-SIMILARITY

4.1 Evidence of Burstiness
Before providing formal estimation of self-similarity, we

provide a graphical evidence of bursty nature of the query
log data at all time scales. We also show that this observed
burstiness is not accounted by the Poisson distribution. In
Figure 1, we show aggregation of the query logs in four dif-
ferent time scales-ranging from one second to thousand sec-
onds time units. Plot 1(a)-(d) on the left are generated
from real query logs and plots 1(a′)-(d′) on the right are
generated using synthetic Poisson process of the same mean
(3.45 queries/second) as the query traffic. Since the gran-
ularity of log data is one second time unit, finest time scale
used is one second (Figure 1(a) and 1(a′)). Each plot above
is obtained by reducing the time resolution by a factor of
ten-i.e. increasing time scale by ten.

The query traffic shows prominent daily cycles (time pe-
riod 24 hours) of large amplitude of approximately 20000
in 1000s time scale, which hinders the visual comparison
between the query plots and Poisson data plots. The cy-
cles affect the larger time scales more since the shift due to
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Figure 1: Aggregation of query logs vs. synthetic Poisson distribution. The plots (a) and (a′) at the bottom
are time distribution of query traffic and synthetic Poisson distribution respectively, with a sampling rate of
one second. Each plot above is obtained by reducing the resolution of time scale of the plot below that by a
factor of ten, or aggregating ten samples of the plot below. While plots (a) to (d) of real-traffic data preserve
burstiness over aggregation, Poisson distribution plots (a′) to (c′) become smooth.

daily cycles is evident only during a time interval as lengthy
as at least a few hours. To remove the daily cycles from
1000 and 100 second scale query data corresponding to plot
1(d) and (c), we removed the frequencies of period 24 hours
and harmonics from the data. To do this, the time series is
converted to frequency domain using 1000 point fast fourier
transform, and frequencies corresponding to period 24 hours
are removed with a few nearby frequencies. Also frequencies
corresponding to second, third and fourth harmonics are re-
moved, and signal is reconstructed in time domain. For
1(d) two neighboring lower and three neighboring higher
frequency components of first harmonic are also removed.
These frequencies were marked by clear peaks in frequency
domain, and selection of frequencies to remove was based
on visual inspection of power spectrum. Note that a visual
examination of 1(d) and (c) reveals no cycles, suggesting
effectiveness of our filtering method. Poisson distribution

for 1(c′)-(d′) is also filtered in the same way for the sake
of uniformity, though removal has little effect as absence of
a few components hardly affects almost uniform frequency
distribution of size thousand. Data for plots 1(a) and 1(b)
are not filtered and used as such.

In figure 1(a)-(d) of real traffic data three trends are evi-
dent; (i) Burstiness in all time scales: Even after thousand
fold aggregation from figure 1(a)-(d) the burstiness of the
traffic plot does not disappear. (ii) Lack of natural length
of bursts: The figure shows burstiness ranging from seconds
to hours. Full duration of the Figure 1(d) is 11.57 days, and
some of the bursts have many hours of duration. (iii) Non-
smoothing on aggregation: The thousand fold aggregation
in Figure 1(d) again shows burstiness in traffic. These are
exactly implications of self-similarity as described in section
3.2.

On the other hand, figure 1(a′) to 1(d′) show the behavior



Method Low Confidence Medium Confidence High Confidence
Aggregate Variance 0.985 43.02 0.951 68.09 0.918 77.66

R/S 0.771 96.59 0.732 96.76 0.691 97.19
Periodogram 0.673 0.592 0.595

Absolute Moments 0.930 51.06 0.896 60.15 0.855 65.04
Variance of Residuals 1.011 94.60 0.918 95.90 0.898 96.57

Abry-Veitch 0.545 0.537-0.553 0.546 0.538-0.554 0.565 0.557-0.573
Whittle 0.680 0.673-0.687 0.629 0.622-0.636 0.602 0.595-0.609

Table 1: The Hurst Parameter estimation for the three periods of traffic corresponding to low (2006-04-24
04:30:00), medium (2006-05-24 13:00:00) and high (2006-03-09 20:30:00) traffic periods. The time shown is
mid point of the period. The confidence intervals or correlation coefficients are shown wherever applicable.

of synthetic Poisson process. The difference is obvious, the
Poisson process smooths out with aggregation and resembles
a uniformly distributed white noise at higher aggregations.
The burstiness vanishes in coarse time scales, longer length
bursts are absent, and bursts smooths out much faster with
aggregation than actual query data. Thus, all three sig-
natures of self-similarity present in the query traffic data
discussed above are totally absent for Poisson process.

In our analysis, Figure 1(a) and (b) corresponding to short
time periods is hard to discriminate from 1(a′) and (d′) visu-
ally. This naturally leads to questions of (i) Whether Poisson
is a valid enough model for short intervals of query traffic.
(ii) Whether basic Poisson model may be extended by num-
ber of Poisson distributions with different mean values to
approximate the observed LRD. Let us answer question (ii)
first: modeling an LRD process with any short term depen-
dent process would require large number of parameters as
the sample size to be modeled increases. On the other hand,
a parsimonious single parameter (H-parameter) modeling is
feasible for modeling using a LRD process [17]. Now going
back to answer question (i), since Poisson process is fully
memoryless, modeling even a very short length of LRD pro-
cess with Poisson accurately would require infinite number
of parameters. Otherwise, using memoryless Poisson pro-
cess to model even small time durations of LRD process is
not sound. Besides, different models for short intervals and
long intervals is inelegant. The reader is referred to Leland
et al. [17] for further discussion on problems in modeling
LRD processes with short range dependent processes.

This analysis shows that Poisson modeling of query traffic
is clearly inadequate in modeling the self-similar nature of
real data, and is thus likely to give unrealistic results. We
will elaborate this analysis in the next section, and discuss
the consequences of self-similarity in the following sections.

4.2 H-Parameter Estimation
We estimate H-Parameter to demonstrate the long range

dependency in query logs formally. Since there are number
of manifestations for self-similarity as described in section
3.2, different methods in time and frequency domains are
used in practice for the estimation. These methods work
well in synthetic data, but in real-life data containing noise,
cycles and trends different methods might estimate differ-
ent values of H-Parameter. It is suggested to use multiple
methods, report the correlation coefficients and confidence
intervals by different methods, and visually inspect the data
for trends and cycles [15, 11]. The chances of estimates
agreeing on real data is small, but if most of the estimates

are above 0.5 the LRD is likely to exist. The confidence in-
tervals provided by many estimators have only limited sig-
nificance. Please check Karagiannis [15] and Clegg [11] for
comprehensive understanding of imprecision in measuring
H-Parameter.

Autocorrelation function and self-similarity is defined as-
suming stationary series as described in section 3.2. Our vi-
sual inspection of data plots (not shown here) showed that
the data is stationary. Query traffic data clearly shows daily
cycles and harmonics. Though the daily cycles are present
in the data, the mean remains same over extended periods
of time spanning days, apart from tell-tale signatures of self-
similarity and LRD like burstiness and low frequency cycles.

Table 1 shows H-Parameter estimation for three different
non-overlapping time periods corresponding to low, high,
and medium traffic with mean number of queries 2.56, 5.10,
and 6.69 per time unit respectively. The time periods are
chosen at random, and 50000 samples corresponding to 13.89
hours of interval is used, with specified times in table 1 ex-
actly at the middle of the interval. The data is used as
such-without pre-processing. We used the estimators pro-
vided in SELFIS [14] toolkit for H-Parameter estimation.
The estimation of H-Parameter is especially complicated in
this data by daily cycles.

In Table 1, all estimators confirm LRD by estimating H-
Parameter to be above 0.5. The imprecise nature of Hurst
parameter estimation is evident in the Table 1 since the es-
timators are not agreeing on degree of self-similarity2. The
robust estimation of H-Parameter from the table is difficult,
as the estimated values vary widely over this interval. But
the fact that all the estimates of H-parameter is above 0.5
confirms existence of LRD in the data. The Hurst parame-
ter might be in the range 0.65 to 0.75, since removing very
low confidence estimates by Aggregate Variance and Ab-
solute Moments and averaging gives the value of 0.697 for
H-Parameter. Some estimators like R/S and Whittle show
slight decrease in estimated values from low to high traffic
periods, but this is not conclusive since it is not a general
trend for all estimators and confidence intervals overlap even
for these estimators.

5. GENERATIVE MODEL
Having established the existence of self-similarity, next

2As an attempt to increase the agreement between the esti-
mators, we tried filtering and polynomial regression followed
by subtraction of fitted curve to remove daily cycles, but
confirming to prior observations [11], these methods found
to be of little help.
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Figure 2: The power law distributions of user inter-query periods of top three user with 279430, 8695 and
8274 queries respectively. The X axis value t gives time in seconds, and Y axis is the fraction of inter-query
periods greater than t for the user. All the plots show linear regions characterizing of slope between 1 and 2.

step is explaining the reason for observed self similarity in
query logs. In this section, we provide a physical explanation
for the existence of statistical-self similarity. We propose a
generative process for self similar query traffic and establish
the plausibility of the model by a rigorous statistical analysis
on query logs.

Beyond the theoretical importance of providing a expla-
nation for self similarity, a generative model has practical
applications including,

(i)Simulation studies for performance analysis: Researchers
and designers often use simulations to analyze the perfor-
mance of information retrieval hardware and software [27,
21]. While the statistical distribution is sufficient for theo-
retical analysis and design of systems, generative model is
required for simulations.

(ii)Predicting query traffic behavior: For example, con-
sider the case of a closed enterprise database accessed by
a few tens of thousands of employees, typically once in a
week, will the query traffic be self-similar? Knowing the
generative model and essential features of the model for self-
similarity, the designer may predict the characteristics of ag-
gregate query traffic, avoiding analysis of actual traffic, and
customize the system design accordingly.

Query logs are an aggregation of queries by a large num-
ber of users. Hence an intuitive generative process providing
physical explanation of self similarity of query logs must be
an aggregation of queries from multiple sources. To pro-
pose and validate the generative process we follow a two
step approach in the following two sections. In the next
section, we describe a mathematical generative model for
self-similar distributions proven by Taqqu et al. [26] and
list out the required characteristics of query distributions of
individual users. In Section 5.2 we analyze the individual
user query distributions and demonstrate that the distri-
butions indeed have the required statistical characteristics
predicted by Taqqu et al.’s model.

5.1 High-Variability Aggregation Model
The generative model for self-similar distributions proved

by Taqqu et al. [26] elucidates the characteristics required of
individual sources for the aggregation of data from sources
to be self similar. Taqqu’s theorem says,

Aggregation of a number of ON/OFF sources with ON
or OFF periods exhibiting infinite variance will lead to self-

similarity in the resulting aggregate process.
Here, the ON periods correspond to periods in which a

source produces data. For example, the period in which a
user sends query in context of query logs, or like the period
in which a network node transmits data in context of net-
work traffic. OFF periods correspond to idle periods of the
source, or periods in which source produces no data, like
period in which user does not issue any query. The infinite
variance described in the theorem is same as the infinite vari-
ance known to be demonstrated by power-law distributions.
The ON and OFF periods need not be following the same
distribution for the aggregate distribution to be self-similar.

Taqqu et al. further proved that the required condition is
that the inter-arrival time of sources, T should be a power
law distribution as,

P (T > t) = ct−α 1 < α < 2 (1)

and the hurst parameter H of the aggregate traffic related
to α by,

H =
(3− α)

2
(2)

where α is the slope of the constituting power law distribu-
tions. If the value of alpha is between the 1 and 2 the value
of H-Parameter will be between 1 and 0.5, the characteristic
range for self-similar distributions. This model was used by
Willinger et al. [28] to explain observed self-similarity in
local area network traffic.

Taqqu’s theorem provides explanation of self-similarity in
web query logs, and provides a plausible generative process.
In context of query logs, the theorem states that the high
variability (infinite variance) of query periods (ON periods)
or time between consecutive queries (OFF periods) in indi-
vidual users results in self-similarity of the aggregate query
traffic. Intuitively, for query logs, inter-query periods (time
between consecutive queries) is likely to be following power
law distribution rather than query periods. That is, the
model predicts a power law distribution of inter-query time
periods of the individual users as the reason for observed
self similarity, with exponent value between one and two.

5.2 User Level Query Log Analysis
In this section we analyze query distributions of individ-

ual users to demonstrate that the source level requirements
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Figure 3: The scatter plots of slopes of power law distributions of users (a) Top 100 users, the majority of
slopes are between 1 and 1.5 the mean slope is 1.17 and the weighted mean of the slopes with weights equal
to to the fraction of queries by the users is 1.43 (b) 3000 random users, a good fraction of slopes is between
one and two, the visual examination clearly says at-least half of the slopes are between the one and two.
Formal analysis shows that mean slope is 1.0541 and weighted mean is 1.0546

for self-similarity enumerated in previous section are satis-
fied. We extracted inter query periods of individual users
for analysis, i.e. inter arrival times of queries with the same
user id. Inter arrival times greater than 4096 seconds (1.14
hours) are not considered to remove the effect of daily cy-
cles and trends based on time of the day. We focused on
most active users, since majority of the traffic is likely to
be dominated by active users. The sampling time for ON
and OFF periods is one second, i.e. any time duration of
one second with a query is counted as an ON period and
any one second duration without a query is counted as an
OFF period. Note that since logs used are sampled in one
second duration, any higher resolution experiments is in-
feasible. Since the clicks on query results are logged with
same time stamps as queries in log, clicks are removed from
plots. The inter query periods are distributed into buckets,
with bucket sizes exponentially increasing in powers of two.
The exponentially increasing bucket sizes assures roughly
the same number of samples correspond to each data point
in log-log plot. We performed a three level analysis as, (i) a
visual examination of inter arrival time distribution of top
three users (ii) formal analysis of inter arrival time distribu-
tions of top 100 users (ii) formal analysis of distributions of
3000 random users.

5.2.1 Top Three Users
We illustrate the inter-arrival time plots for three top users

(ranked by number of queries issued by the user), as shown
in figure 2(a)-(c). The number of queries issued by first,
second and third users are 279430, 8695 and 8274 respec-
tively, and plotted in 2(a), 2(b), and 2(c). This gives a
visual evidence of power law distribution and slope ranges
in individual user query distribution

The observations are:

1. All the three plots in Figure 2(a) to 2(c) show clear
straight line regions of slope between 1 and 2 (slope is
negative, strictly speaking).

2. Flat regions are observed roughly from 1 to 16 seconds-
at the beginning of the plots ( see (b) and (c)). This is

intuitive since users are not likely to issue two queries
in an interval less than a 15 seconds.

3. For the user corresponding to 2(a) flat region is ab-
sent, indicating anomalous behavior of large number
of queries in a small interval, which is a typical char-
acteristic of a robot or a ISP. Part of the log for this
user in fact contains such “fast” queries. For this pa-
per, we need not distinguish between human users and
robots, unlike log analysis for personalization and user
preference elicitation studies, since they contribute to
the load irrespective of the fact that they are robots
or humans.

5.2.2 Top Hundred Users
To provide a more formal evidence of power law distribu-

tions with slopes between one and two, we checked queries
by top hundred users. Though the “eyeballing” method is
good enough for a a few users, it is not practical to analyze
large number of users. To analyze this set of hundred users,
we created buckets same way as we described for the top
three users above. But instead of plotting, we examined the
maximal slope between region corresponding to 16 seconds
and 4096 seconds by linear regression. The whole region
is divided into four sub-regions of size three buckets each.
We fitted a line against each of this sub-region by linear re-
gression. Slope of these lines are used as the slope of the
region. The maximum of these slopes is used as the slope
for that particular user. Note that the slopes we found by
this method are lower bounds, as a manual analysis of slopes
by visual examination may find slopes of better region than
analysis method we followed. The distribution of slopes for
these hundred users are shown in Figure 3(a). The mean of
the slopes is found to be be 1.17. Since the fraction of query
logs contributed by each user is proportional to the num-
ber of queries issued by the user, we calculated the weighed
mean of the users where the weights are the fraction of to-
tal queries contributed by the user. Value of the weighted
mean was found to be 1.43. The higher value of weighed
mean suggests that active users tend to have higher slopes.
These results confirm that the top 100 users exhibits the
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Figure 4: The plots from left to right show utilization vs. mean queue length for query traffic and synthetic
Poisson distribution for (a) Low (from 2006-04-24 08:40:00) (b) Medium (from 2006-05-24 13:00:00) (c) High
(from 2006-03-09 24:40:00) traffic periods with mean traffic 1.381, 3.965 and 7.46 respectively. The Maximum
utilization—utilization corresponding to the “knee-point” of the curve—predicted by the Poisson far exceeds
the actual possible utilization given by the curve corresponding to query logs. Though the difference is most
prominent for low traffic periods, for all the three the predicted utilization exceeds actual utilization at least
by 35%.

infinite variability with slopes between 1 and 2. We also
did a correlation analysis of resulting lines from linear re-
gression to the original log-log plot to check how good the
regions resembles the straight lines. The average magnitude
of correlation-coefficient is found to be 0.987 indicating good
fit to power law distribution.

5.2.3 Random User
We also analyzed inter-query time for 3000 random users

to check whether the slope is between one and two. We
used the same method used for top 100 users described
above. Only users having greater than 400 queries are con-
sidered, since a reasonable number of queries are required
for the distributions to be meaningful. The distribution of
the slopes are shown in Figure 3(b). From the distribution
it is clear that a large number of users have slopes between
one and two. As a formal estimate, the mean slope is 1.0541
and weighed mean is 1.0546. The correlation coefficient of
reverse fitted lines is found to be 0.982. Also, note that
there is no noticeable difference between weighted and non-
weighted mean, indicating similar slopes for active and less
active users.

5.2.4 Discussion on User Level Analysis
The empirical evidence provided in these three experi-

ments along with Taqqu’s theorem stated above proves that
the aggregation of infinite variance model is the generative
process for observed self-similarity. Though the observed
value of α (slopes) and H (Hurst Parameter) are not ex-
actly same as the relation predicted by Equation 2, this is
not surprising given the approximate nature of both the es-
timates.

As a note on implementability of this model for generation
of self-similar query logs, the generative processes for power
laws are well known [23]. Hence self-similar query log for
simulations studies can be generated by aggregating number
of power law distributions. Also H-Parameter of aggregate
query log can be decided by changing power law exponent
of individual sources, as exponents of individual sources and
H-Parameter of aggregate are related by Equation 2.

In addition to providing a generative model for query traf-
fic, the infinite variance in source level provides an additional
proof for the self-similarity of query traffic. This model also
implies that other search engines and web-databases query
logs are also likely to be self-similar, since the statistical
properties of user behavior are likely to be the same.

6. PRACTICAL IMPLICATIONS OF SELF-
SIMILARITY

In this section, we discuss the impact of self-similarity
of query logs on the performance parameters and engineer-
ing of web information systems. The burstiness of traffic
demonstrated in Section 4.1 combined with intuitive impli-
cation of lower performance for busty traffic suggested in In-
troduction implies lower server utilization for actual query
logs, compared to smoother Poisson process. To validate
this implication empirically, we perform our experiments on
a generic single server queuing system to make sure that
our analysis is agnostic of search engine architecture, and
results are valid across architectures. Specifically, we will il-
lustrate through queueing experiments that the self-similar
distribution, especially one of the manifestations of it —
Long Range Dependency described in Section 3.2 — has
a significant impact on the performance parameters of the
web-information systems. We also discuss implications of
LRD in query traffic on load balancing strategies for dis-
tributed servers.

For our queuing experiments we assume a single server,
single queue and unbounded waiting room. The through-
put of the sever is assumed to be Poisson, following current
literature [9]. Utilization is the ratio of mean arrival rate
to mean service rate. To simulate different utilization lev-
els of the server, the mean throughput is changed, keeping
the arrival rate fixed. We perform two sets of experiments
with a single server queueing system to show that (i) The
memoryless Poisson process considerably overestimate the
maximum utilization and performance of servers. (ii) The
long range correlation accounts for the reduced utilization
of servers in actual query logs.



6.1 Sever Utilization
In our first queuing experiment, we compare the queue

length growth of the Poisson process with the actual self-
similar query logs. For this, we used two arrival-service
queues with the same mean service rates. For one queue,
the arrival process is the actual arrivals from the query logs,
and for the second queue the arrival process is the syn-
thetic Poisson process generated with the same mean as the
query arrival process. Thirty thousand consecutive samples
of query arrival corresponding to an interval of 8.33 hours
(30000 seconds) of the query logs are used. The results of
three queuing experiments shown in Figure 4(a)-(c) corre-
spond to query logs of low (mean traffic 1.381), medium
(mean traffic 3.965) and high (mean traffic 7.46) traffic time
periods.

Results in Figure 4(a)-(c) show that the intuitive sug-
gestion of higher queue length implied by the burstiness
described above in this section is indeed true. In figure
the “knee-point” of the queue-length utilization curve is
the point of interest, since beyond this point the queue
length grows fast. The knee of the curve corresponding to
the actual traffic is at a significantly lower utilization level
than that of the Poisson traffic. While the Poisson predicts
around 90% usable capacity, the actual usable capacity is
only around 40-70%, as observed in curves corresponding to
query traffic. This means that Poisson over estimates usable
capacity by 35 to 100%. Also note that the queue length is
much larger for actual query traffic in regions before knee
point, compared to Poisson traffic. This implies that the
required buffer size in this range is more than what is pre-
dicted by the Poisson process. Overall, Poisson significantly
underestimates the system capacity required to guarantee
bounded delay time for a mean query traffic rate.

6.2 Effect of LRD
Since the Poisson distribution is memoryless—not having

short term and long term correlations—we explore the con-
tribution of long term correlations against the contribution
of short term correlations in reduced utilization using ac-
tual query logs. We used the high traffic period query logs
from above queueing experiments, since performance stud-
ies are most interesting at high traffic periods. To examine
the effect of long term correlations, we repeated queuing
experiments removed the long range correlations from the
query logs by an “external-shuffle”. External shuffle means
dividing the time series into buckets and shuffling the order
of buckets, while keeping the sequence of samples inside the
bucket unchanged [13]. This preserves the short-term corre-
lations up to a lag of bucket size, but removes all long range
correlations with ranges above the bucket size. The plot of
shuffled query arrival time series using a bucket size 20 in
Figure 5 shows that the resulting curve moves towards the
queue length characteristics of Poisson process. Otherwise,
the usable capacity of the system increases for the shuffled
processes due to the removal of long-term correlations. This
shows that the long term correlations accounts for decrease
in the usable capacity of the server.

In a second shuffling experiment, we preformed an “internal-
shuffle” of query logs, with the same bucket size 20. Internal
shuffle means dividing the time series into buckets and shuf-
fling the order of samples inside the buckets, while keeping
the sequence of buckets unchanged [13]. This will remove
all short term correlations less than the buckets size but
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Figure 5: The plots from left to right show utiliza-
tion vs mean queue length for query traffic, inter-
nally shuffled query traffic (query traffic and inter-
nally shuffled traffic exactly overlaps and not distin-
guishable in graph), externally shuffled query traf-
fic, and Poisson distribution. Note that while the
internal shuffle does not make any difference in pre-
dicted queue length, the external shuffled query logs
moves towards the Poisson traffic since long range
correlations are removed.

will keep all the long range correlations greater than bucket
size. In Figure 5, the queue of internally shuffled query logs
exactly overlaps with the actual query logs vs increased
utilization for externally shuffled query logs. This clearly
indicates that the removal of short term correlations has
no effect on the effective utilization, and the difference in
queue lengths between memoryless Poisson distribution and
actual query logs is entirely due to LRD. These shuffling
experiments gives clear evidence for the negative impact of
LRD, a by-product of self-similar traffic, on the performance
of web information systems.

Load balancing strategies of distributed retrieval systems
[7, 24] might be optimized considering the effect of shuffling.
Systems in which the capabilities and the document collec-
tions are duplicated, like meta-search systems and mirrored
systems, the queries from a single queue is distributed to
one of the multiple nodes for processing, with more than
one node capable of doing the same task. If the queries are
allocated in a maximally shuffled manner to minimize LRD
of queries allocated to each node, utilization of nodes may
be improved. We are leaving this as a future research topic.

7. CONCLUSION AND FUTURE WORK
Current simulation studies for performance evaluation and

capacity planning most commonly assume that the tempo-
ral distribution of queries follows Poisson distribution [9, 7,
18, 19, 20]. In this paper, we questioned this assumption
of Poisson distribution. Our analysis of the large-scale AOL
query logs provides significant evidence that the real queries
follow a self-similar distribution. In particular, our analy-
sis showed burstiness at all time-scales, confirming scale-
invariance of distribution. We also estimated and showed
that Hurst parameter for the query logs is above 0.5, prov-
ing the self-similarity and Long Range Dependence formally.



We then turned our attention to (i) explaining the observed
self-similarity and (ii) understanding its consequences on the
performance. For the former, we were able to provide an
explanation establishing infinite variance of inter-query pe-
riods of the individual user by rigorous analysis. For the
latter, we showed that Poisson distribution grossly over-
estimates the possible utilization, when compared to the
actual data. We also showed that the removal of long-range
dependencies from the data does bring the estimates back
in line with estimates based on memoryless Poisson assump-
tion — further confirming the importance of taking the self-
similarity into account while designing systems. We believe
that the realization of self-similarity of query logs will likely
have far-reaching impact in engineering of search engines
and online databases (similar to the way the self-similarity
of ethernet traffic (c.f. [17]) has had a profound effect on
the engineering of network systems).
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