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Abstract

Several recent studies indicate that (i) dependent packet arrivals can have a significant impact
on buffer-overflow probabilities and delay characteristics at a network multiplexor, with long-range
dependence showing a larger impact than short-range dependence, and (ii) that traffic in several
different campus-level network environments appears to be long-range dependent. These two related
issues are beginning to make a significant impact on traffic theory and network resource management.

The objective of this paper is to show that long-range dependence extends to wide-area networks
as well, and to identify the factors contributing to it. In particular, we find the presence of long-range
dependence in packet level traffic over the NSFNET wide-area network. The analysis is based on
raw traffic data collected from multiple NSFNET core switches distributed across the US.

Investigation of the underlying processes for a subset of traffic created by TCP indicates that
the (heavy-tailed) joint distribution of TCP conversation sizes and conversation transmission rates
are the key factors contributing to long-range dependence. Since these distributions are primarily
application-level characteristics and to a certain extent network independent, long-range dependence
will be present in highly-multiplexed data networks that are running current TCP applications.

*The work of Steven M. Klivansky and Amarnath Mukherjee was supported in part by the National Science Foundation
under grant NCR-9396299.
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1 Introduction

A stochastic process {Xx}, (k=0,1,2...), is said to be long-range dependent if it is wide-sense sta-
tionary, and the sum of its auto-correlations diverge. An important property of long-range dependence
is that the variance of (X; + --- 4+ X,,)/n decays slower than 1/n even as n — oo, or equivalently,
its power spectral density diverges as the frequency, w, goes to 0. (See Section 3.1.) In contrast, for
an independent or short-range dependent process, the variance of (X; + ---+ X,,)/n decays as 1/n
as n — oo, and its power spectral density is finite as w — 0. Several recent studies have shown that
buffer-overflow probabilities and delay statistics for a single queue with long-range dependent arrivals
are significantly larger than that with independent or short-range dependent arrivals [1, 14, 16].

A special case of long-range dependence where the auto-correlation structure is invariant at different
time scales (“second-order self-similarity”) was observed recently for packet-level traffic over the Bellcore
Ethernet local area network [23]. The objectives of this paper are:

(i) To show that packet-level traffic exhibits long-range dependence even at large multiplexors such
as NSFNET core switches,

(ii) To observe that TCP traffic, in general, exhibits stronger long-range dependence than the overall
traffic mix at these switches, and

(i) To identify through a set of statistically rigorous experiments the relative impact of application-
level factors in TCP traffic on observed long-range dependence.

(i) and (ii) are based on traffic measurements over several geographically dispersed core switches on the
NSENET. (iii) is based on a systematic study of the effect of TCP application parameters (factors) on
long-range dependence through a set of designed experiments [6, 22].

The results of this paper support and extend the traffic results of Leland et al [23] and Paxon and
Floyd [30] to larger sub-nets. Table 1 summarizes the main results.

A key conclusion is that long-range dependence in TCP traffic is primarily caused by the joint
distribution of two TCP conversation parameters: the one-way number of packets per conversation and
the conversation duration. Specifically, it is found that:

(i) The (marginal) distribution of conversation duration, Z, is heavy tailed with P(Z = k)
E=P=2, 0 < B < 1. A theorem due to Cox and Isham[9] states that this, in conjunction with
(a) Poisson conversation arrivals and (b) unit transmission rate per active conversation, results in
second-order self-similarity (special case of long-range dependence) in the packet arrival process.

(ii) The (marginal) distribution of the number of packets per conversation is heavy tailed.

(iii) The average transmission rate of a conversation, defined as the ratio of number of packets trans-
mitted to transmission duration, increases with number of packets with high probability. A
relationship of the form log(Rate) ~ log(#Packets) + ¢, with € a normally distributed residual,
appears to hold approximately, and

(iv) Even if conversation inter-arrival dependencies are ignored, these two factors together can create
significant long-range dependence in aggregate TCP traffic.

The designed experiments to determine the factors contributing to long-range dependence were
organized as follows. The factors chosen were distributions for conversation inter-arrivals, packet inter-
arrivals within a conversation, conversation item size (number of packets), and a variable corresponding



Packet level traffic at NSEFNET core switches exhibit long-range dependence.
For some datasets, and for a subset of the overall arrival process, packet
level traffic is also asymptotically second-order self-similar. For the overall
arrival process, estimates of the Hurst coeflicient, H, (a measure of long-
range dependence) were in the range 0.69 to 0.84 with a median of 0.74. For
traffic specific to TCP applications, the H estimates were in the range 0.78
to 0.89 with most values above 0.8.

The joint distribution of observed number of packets per conversation and
the observed transmission rate for each conversation is a primary contributor
to long-range dependence in TCP traffic over the NSFNET. Together, they
explain about 80% of the response variation in H in a full factorial exper-
imental design. In comparison, the distribution of packet interarrival time
per conversation explains about 15% and the distribution of the conversation
arrival process explains about 0.1% of the variation.

Since the primary factors contributing to long-range dependence in TCP
traffic are application-level characteristics (e.g., file-size distributions), long-
range dependence may be expected to be present in most highly-multiplexed
data networks.

Long-range dependent arrivals at a single backbone switch may be generated
using a simple simulation containing accurate empirical distributions for the
mean conversation transmission rate, number of packets in a conversation,
packet interarrival time, and conversation interarrival time.

Table 1: Key Findings.

to a conversation’s duration. (Through this last factor, we also attempt to capture the dependency
between number of packets per conversation and conversation duration.) Alternative distributions for a
factor were assigned to different levels (settings at which a factor is evaluated in a designed experiment),
and simulation experiments were run for all possible combinations of levels and factors. The response
variables of the experiments were chosen to be the Hurst coefficient (a measure of long-range dependence,
defined in Section 3). The effect of each factor on each response variable was then quantified using
Analysis of Variance with nested factors [6]. This led to the identification of the factors and their levels
that lead to high H estimates for TCP traffic.

The rest of the paper is organized as follows. Section 2 describes the network environment, the
traflic measurement procedure, and post-processing of the data. Section 3 gives a briel background
on long-range and short-range dependence. Section 4 presents statistical analysis of the trace data.
Section 5 addresses factors contributing to long-range dependence in TCP traffic. Section 6 presents
the conclusions of this study and outlines future work.



2 Trace Gathering and Data Pre-Processing

2.1 Trace Gathering

Each NSENET Core Nodal Switching System (CNSS) location consists of several IBM RS6000 based
routers. Each CNSS location is an MCI Point-of-Presence (POP) in the network. These routers can
be linked via a variety of network media including T1, T3, Ethernet and FDDI. The NSFNET CNSS
architecture underwent a series of changes during its lifetime. During the phase of this research when
the traces were gathered, the routers within a backbone site were connected initially via T3 links and
later via an FDDI ring.

Figure 1 gives a high level view of the router’s architecture. IP packet routing and forwarding
functions are distributed over a configurable number of adapter cards plugged into the IBM RS6000
MicroChannel 1/O bus. Each card supports receive and transmit functions on at least one type of
network medium. The system runs the routing daemon, and downloads its route table updates to all
the cards. Each card has an Intel 80960 RISC processor and performs IP routing using the downloaded
route table. Normally, IP packets are routed and forwarded from card to card without passing through
the system.

The packet tracing point on the adapter cards and the packet sampling point in the system are
shown in Figure 1. Tracing was done at the input port of the adapter card’s network interface. The
tracing code is part of the receive-path packet-processing module of the on-card microcode. It can
be toggled by commands from the system, with parameters specifying the type of packets to trace by
protocol family, size of each packet header to obtain, etc. In addition to the header, for each packet
traced, we also collected a packet arrival time stamp, the total frame size including the link level header
size, and a sequence number by which we can detect losses.

To ensure minimal interference with the real-time performance of packet routing and forwarding,
the tracing code is not separately scheduled by packet arrival interrupt. Instead, it is run whenever
the microcode kernel schedules the receive path processing module to process packets that have been
received into packet buffers. The clock that the time stamp uses has a 14.4 MHz frequency, but the
timestamp accuracy is estimated to be within a millisecond due to waiting for the scheduled processing
time. We consider such accuracy to be suflicient for the purposes of our analysis since the smallest time
scales we are concerned with are of the order of 10 milliseconds (as we shall see in Sections 4 and 5).

Before IP routing and card-to-card transfer of a received packet, the tracing code assembles a record
in a buffer with the packet header, its time of origination, and size information. When the buffer is
filled with a configurable number of such records, it is scheduled by the microcode kernel to be DMA
transferred to the system memory. On the system, a sampling program sends tracing commands down
to the interface card and reads the packet records DMA’ed back from the trace-activated card. The
program runs as a user process and is given a low enough priority so as to not compete for CPU resources
against other time-critical processes. The program selects specific packets to be included in the trace
file by filtering based on various header fields.

A packet can be traced as long as it is received and routed. However, a packet loss may occur if the
DMA transfer momentarily overruns the sampling program on the system. In order for the sampling
code to detect any such loss, each such buffer is tagged with a sequence number. Discontinuities in
buffer sequence numbers indicate losses. During a few of the tracing runs, we observed a loss of traced
packets in the range of one to five hundred out of one million packets (i.e., less than 0.05%). This is
clearly not desirable if these traces are to be used in trace-driven simulations of buffer management,
scheduling or equivalent bandwidth studies. However, given their relative infrequency of occurrence, we
believe that they should not significantly affect the long range auto-correlations in the data, which is



Filter Mode | Location | Date and Start Time | Duration (sec) | Pkts or Conv | Apparent H |

ftp-control, Greensboro 09/03/93 09:45 4120.450282 293736 0.784
nntp, and Denver 09/03/93 09:45 2077.906371 326388 0.823
smtp Hartford 09/01/93 12:05 3208.185325 242806 0.778
(Mode A) Hartford 09/03/93 09:45 4103.843185 500003 0.852
San Francisco 09/03/93 09:45 2470.963851 500003 0.848
Seattle 09/03/93 09:45 2768.917640 500005 0.870
St. Louis 09/03/93 09:45 2357.191570 499993 0.853
ftp-data, Greensboro 09/03/93 11:05 2113.847107 393626 0.836
telnet, and Denver 09/03/93 11:05 764.634235 361225 0.790
rlogin Hartford 09/01/93 11:15 2315.540459 269414 0.824
(Mode B) Hartford 09/01/93 13:20 2148.679826 243826 0.889
Hartford 09/03/93 11:05 2123.836526 500015 0.882
San Francisco 09/03/93 11:05 1192.609671 500002 0.829
Seattle 09/03/93 11:05 1321.228742 500012 0.883
St. Louis 09/03/93 11:05 785.107739 500023 0.843
SYN or FIN Greensboro 09/02/93 11:05 18034.251051 115931
flag set Greensboro 09/03/93 11:50 11352.876624 79887
(Mode C) Denver 09/02/93 11:05 15387.292089 75507
Denver 09/03/93 11:50 12120.272298 47298
Hartford 09/02/93 11:05 18027.765766 277057
Hartford 09/03/93 11:50 11588.213249 221835
San Francisco 09/02/93 11:05 16064.823477 262855
San Francisco 09/03/93 11:50 12180.219205 179392
Seattle 09/02/93 11:05 16092.873998 254269
Seattle 09/03/93 11:50 12234.860278 183643
St. Louis 09/02/93 11:05 13881.642478 250636
St. Louis 09/03/93 11:50 12072.583719 191590
All packets Hartford 05/17/94 14:20 518.557384 1000000 0.811
(Mode D) Hartford 05/17/94 14:40 542.335767 1000020 0.762
Cleveland 05/17/94 14:40 235.998821 1000020 0.841
Washington 12/10/93 11:20 1978.396636 1000000 0.721
Washington 12/10/93 14:36 1847.151878 1000000 0.722
Chicago 12/10/93 14:55 1748.708039 647400 0.694

Table 2: Summary of Traces

the subject of this study.

As CNSS routers, the RS6000 machines were not configured with adequate disk space for prolonged
tracing. In the initial phase of our measurements, the total number of sampled packets for each tracing
session was limited to no more than 500, 000 so that the data could fit on the disk. The generated data
file had to be transferred to a repository machine before a new tracing session could begin since sending
sampled data to a remote machine with tracing in progress would bias the traflic measurement results.
Later enhancements allowed for 1 million packets to be captured.

The traces on which this paper is based were performed to study a series of network issues. Given
the limited disk space available, we used filtering, especially at the initial stages when disk space was
more constrained, to store only those packet headers that belonged to a particular set of applications.
Table 2 summarizes information about the traces collected. The Apparent H column refers to the
estimated Hurst parameter observed for the dataset. The Filter Mode column refers to the types of
packets which were included in the trace file. To simplify future references, we will refer to the traces
containing ftp-control, nntp, and smtp traffic as “Mode A,” the ftp-data, telnet, and rlogin
traces as “Mode B,” the SYN or FIN traces that mark the beginning or end of a TCP conversation as
“Mode C,” and the traces with all packets included as “Mode D.” The Mode D traces were collected
after an upgrade to the trace system and consisted of approximately one million IP packets each, without
any filtering at the application level.

Due to the time and resources involved in performing tracing at all CNSS sites, only the subset of
NSFNET nodes shown in Table 2 was used.



2.2 Processing and Interpretation

The packet records in the traces we collected were binary records of header fields. To simplify subsequent
processing, we translated the records into a format which tcpdump [34] could understand. We then
employed tcpdump’s powerful command syntax to select only packets that fit certain criteria. While
Modes A, B, and D traces were ready for analysis, Mode C traces required further filtration and
validation tests.

2.3 Processing Mode C Traces

The primary objective of Mode C traces was to obtain TCP conversation-level statistics (e.g., conver-
sation arrival times, their durations, number of bytes transferred, and TCP application type). We were
concerned with the bidirectional nature of TCP conversations (for a related project), and thus tagged
each packet with a conversation identifier based on the full TCP/IP address of both conversation end-
points. This meant assigning a unique key to a bidirectional TCP connection based on its source and
destination IP addresses and transport-level port numbers, irrespective of whether the IP address and
the transport port number appeared as the source or the destination. The effect of this scheme was
to assign different connections between the same pair of hosts to different conversations. For example,
consecutive ftp-data connections initiated via an mget command would appear as separate conversa-
tions since a different transport port is used on the client side for each item transferred. This tagging
scheme enabled us to examine network traflic as an aggregation of individual conversations.

Several validation filters were run on the data. First, we needed to ensure that SYN-FIN pairs
belonged to the same side of a conversation so that the difference in sequence number could be used to
calculate conversation duration and the simplex number of bytes transferred examined in Section 5. In
addition, only those conversations for which both a SYN and a FIN packet can be found in the trace are
used, as it is impossible to determine conversation duration and size without both.

Another important concern for Mode C traces was to ensure that the conversation tagging scheme
did not accidentally group separate conversations with a single tag. This could happen since higher
layer entities could create the same transport level address over a trace duration. We expected such
occurrences would be rare and indeed found that it took place in 74 out of 38465 conversations (0.19%)
in all mode C traces combined. Among these 74 conversations, all but two were repeat attempts to
establish an ftp conversation a few seconds apart from each other. These conversations were excluded
from the analysis to simplify data processing.

3 Background on Long-Range Dependence

3.1 Long-range and short-range dependence

We begin with a brief overview of long-range and short-range dependence in time series data. The
interested reader is referred to Cox’s excellent review of the subject [9]. Readers familiar with this topic
may skip this section.

Let {X} (t=0,1,2,---) be a wide-sense stationary stochastic process, i.e., a process with a station-
ary mean g = E[X;], a stationary and finite variance v = F[(X;—u)?], and a stationary auto-covariance
function v, = E[(X¢ — p)(Xegr — p)], (K = 0,1,2,--) that depends only on &, and not on ¢. Let the
auto-correlation of {X;} at lag k be denoted as pg, and let its spectral density function be denoted by

-~



g(w), where, for -7 < w < 7,
1 o0
=35 27 (1)

Observe that v = v and pr = 7v&/70. Now, for each m, let {Xj(m)} denote the sample mean of

Ximemt1 - Xjm, Le.,
1
X, = — (Xjmomt1 + -+ Xjm) (2)

Let v, {7x(™} and {p™} denote the variance, the auto-covariance and the auto-correlation functions
of {X;(™}. Then v; = v and v,, is given by [9]

2 1 _ B 2
Uy — E [ ]m m+1 + - +‘X]m):| - |:E E(ij—m—}—l + +X]m) ) (3)
k=1
m—1 s
= m2 20 W (5)
s=1 k=1

Equation (4) follows from (3) by expanding the first term, applying the definition of v, and simplifying.
It follows from (5) that

1
Tk = 5V2(k2’vk)a (6)

where V? denotes the central second-difference operator defined as V*(y) = yx11 — 2yx + yr_1 for some
vector {y}. The reader may verify (6) by expanding its right hand side, substituting for vy with the
right hand side of (5), and simplifying.

The auto-covariance function for {X;(™} is given by

1
W = SVE(Re ), (7)
_ %wkzvkm). (8)

The process {X;} is said to have short-range dependence if }_, v < co. Equivalently, from (5), v,
for large m, is asymptotically of the form v'/m, with v’ finite.

The process {X;} is said to have long-range dependence if ), v — oo. Equivalently, from (4),
MU, — 00 as m — o0.

An example of a correlation structure that leads to long-range dependence is when, for 0 < 8 < 1,
the following (equivalent) relations hold:

e ~ ~'k7P, forlarge k, (9)
Uy~ v'm™?, forlarge m,, (10)
g(w) ~ gw ) asw — 0. (11)

Simple relations based on (1) and (5) connect 4/, v" and ¢'. It follows from (8) and (10) that

1
o = - VAR, (12)

= L= Ak, (13)



Equation (13) holds for large &k from the asymptotic equivalence of differencing and differentiation.

A hyperbolically-decaying auto-covariance function shown in (9) is one example of a stationary long-
range dependent process because ), yx — 00. Other forms are possible as long as >, vx — oo0. A key
property of long-range dependence is that the variance of {Xj(m)} decays slower than m~! even for
large m.

In comparison, a process with an exponentially-decaying auto-covariance function, v; ~ 7'e™? for
large k, leads to a short-range dependent process because ), v converges. An example process that
exhibits this property is the auto-regressive moving average (ARMA) process where 75 is a sum of
exponentials.

3.2 Self-similarity

The process {X;} is said to be exactly (second-order) self-similar if pi™ = p; for all m and all &,
i.e., the correlation structure is preserved across different time scales. Such a process is frequently
characterized by the Hurst coefficient, H, where H = 1 — /2. Notice that, for 0 < g < 1, we have
1/2< H < 1.

It was observed by Hurst [20] and by Mandelbrot and Wallis [27, 28] that many naturally occurring
time series® exhibit H > 1/2. Examples include annual water flows of the Nile and several other rivers,
sun-spot numbers, tree-ring indices, etc. The Leland et. al. study [23] on traffic traces from the Bellcore
Ethernet also shows second-order self-similarity with H > 1/2. In contrast, traditional Poisson and
related Markovian models used in modeling data traffic, lead to H = 1/2, because the auto-correlations
for these processes vanish at larger time scales.

For a given set of observations { Xz, k = 1,2,--+,n} with sample mean X (n) and sample variance
S%(n), the re-scaled adjusted range or the R/S statistic is defined as

R(n)/S(n) =1/S(n)[max(0, Wy, -, W,) — min(0, Wy, ---, W,,)],

with B
W= X1+ +Xg) —kX(n),k=1,2,---,n.

If {X%} is a white noise process, or a process with a short memory correlation structure, it is known
that E[R(n)/S(n)]is asymptotically proportional to n'/2. Hence a plot of log[R(n)/S(n)] versus log(n)
should display an asymptotically linear trend with slope 1/2 as n — oo. However, for long-range
dependent processes, E[R(n)/S(n)]is asymptotically proportional to n [9, 20]. Therefore, a plot of
log[R(n)/S (n)] versus log(n) should display an asymptotically linear trend with slope H as n — oc.

3.3 Implications of Long-Range Dependence

In the context of network traflic, long-range dependence implies that, even if the number of packet
arrivals were aggregated over larger and larger time-scales, its variance will not die out as one would
expect with a finite-variance white-noise (i.e., independent) process such as Poisson traffic or a short-
memory process such as Markov-Modulated Poisson Process [23]. Instead, the aggregate would show
visually and statistically similar patterns of “bursty sub-periods and less bursty sub-periods” for small
as well as large time-scales (see [23] for some instructive graphical illustrations).

Queuing analyses with long-range dependent input traflic is an open problem. Simulation results,
however, implied a dramatic impact on queue statistics [1, 16, 18] if the process is long-range dependent.

'The Central Limit Theorem for independent random variables with finite variance leads to H = 1/2. Mandelbrot and
Van Ness [26] has shown that H = 1/2, even for short memory processes with finite variance.



It appears that two factors responsible for large queue statistics are the long-range dependence structure
and the tail distribution of the arrival process.

3.4 Estimation of H

Several heuristic graphical techniques are available for “eye-balling” the presence of long-range depen-
dence. These include:

e The Variance-Time plot (VT-plot) which validates Equation (10) by plotting log(v,,) versus log(m)
for different aggregation levels, m. The slope of the linear least-squares fit line leads to an estimate
of —f. Since, by definition, H = 1 — @/2, and 0 < 3 < 1in (10), the test involves checking if the
slope, —ﬁ, satisfies the relationship 0 > —ﬁ > —1.

e The Periodogram plot (PG-plot) which validates Equation (11) by plotting log(g(w)) versus w, and
applying a linear least-squares fit to a section of the plot corresponding to small w. (A heuristic
is to apply the test to the smallest 10% of the frequencies in the Periodogram.) The slope of this
fit is set to —(1 — 3) (see (11)), from where H is computed as 1 — (3/2.

e The R/S analysis where {log[R(n)/S(n)],log(n)} is computed for different values of n and then
H is estimated from the slope of the linear fit of log[R(n)/S(n)] versus log[n]. Observe that for
each value of n, there may be more than one set of {log[R(n)/S(n)],log[n]} corresponding to
non-overlapping intervals in the data.

The R/S statistic has good robustness properties, in particular, with respect to long-tailed distri-
butions. However, its drawback is that it can lead to biased estimates [4]. The VT-plots and PG-plots
are, similarly, useful starting points in data analysis. However, neither of these techniques are suitable
for precise estimation [23].

More refined statistical analyses based on Maximum Likelihood Estimate (MLE) methods are used
to estimate H when {X;} comes from a Gaussian distribution. These methods and their approximations
are based on the spectral density of X; and properties of the MLEs are discussed by a number of authors
[4, 10, 37]. One specific method that has been used extensively is Whittle’s approximate MLE (e.g., see
[23]). Most of the approximate MLEs are defined via quadratic forms which make them quite sensitive
to deviations from normality. However, transformation of the data may sometimes alleviate these types
of problems. Bayesian methods of estimating H are also proposed and discussed in [5].

4 Summary of Observations

4.1 Packet Level Statistics

Using the packet arrival timestamp in the NSFNET traces (Modes A, B, and D in Table 2) each trace
was divided into 0.01 second slices and the number of packet arrivals in each slice was recorded. The slice
value was chosen to provide details of network traffic at small time scales while retaining the ability to
derive information for larger time scales via aggregation of neighboring slices. Figure 2 shows a section
of traffic at time scales of 0.01, 0.1, 1.0 and 10.0 seconds. We observe that traffic remains bursty at all
these time scales. However, they do not “look” self-similar.

The datasets were tested for long-range dependence and second-order self-similarity, first using
the V-T, Periodogram, and R/S estimation methods discussed in Section 3.4, and then via Whittle’s
approximate MLE. Figure 3 shows the results for the first Mode D Hartford trace. We observe that:

10



e The slope of the V-T plot is between —1 and 0 indicating that the variance v, decays slower than
1/m. For this dataset, the VT-plot’s slope is estimated as —ﬁ = —0.471. Therefore H = 1 — ﬁ/? =
0.765.

e Several frequency components in the low-frequency domain in the Periodogram plot have high
amplitude. Most of the high-frequency components, however, have relatively smaller amplitudes.
Fitting a straight line on the lowest 10-percentile of frequencies yields —(1 — ) = —0.714, giving
H = 0.857.

e From the R/S plots, the slope of the linear least squares straight line is 0.811, which is the estimated
value of H from this figure. An interesting observation is that the points corresponding to fixed
values on the x-axis shrink near log,o(n) = 2, and then again around log,,(n) = 3. H-estimates
based on Whittle’s method also show a change in trend at these points.

Our experiments on all the packet-level traces in Table 2 indicate that His greater than 1/2. The
plot at the top of Figure 4 gives a graphical summary of H values (estimated via R/S analysis) for
the different datasets in the form of a box plot. Each box displays the three quartiles (the 25, 50 and
and 75 percentiles), the minimum, and the maximum. The lower and upper lines of the box are at the
first and third quartiles respectively, and the whiskers extend to extreme values of the data for the box.
The last column of Table 2 lists the apparent H of each trace. The plot toward the bottom of Figure 4
summarizes H estimates for the trace data according to the estimation method used. (The Whittle
estimates are for m = 20.)

All traffic datasets show some level of long-range dependence. Mode A traces show H in the range
0.78 to 0.87 with median 0.85. Mode B traces show H in the range 0.79 to 0.89 with a median of 0.84.
Mode D traces show H in the range 0.69 to 0.84 with a median estimate of 0.74. We observe that Mode
D traces which consist of all packets show lower H estimates than Modes A and B traces that are
filtered by TCP protocol. A possible reason is that TCP applications have a larger variance in burst
sizes than other application packets (primarily UDP and routing update packets). Observations in the
data clearly show that the filtered Mode A and B traces are dominated by the more voluminous TCP
protocols in those traces (such as ftp-data in Mode B or smtp in Mode A).

The above studies were performed using the heuristic tools of R/S analysis, V-T plots, and Peri-
odogram plots. These were followed by rigorous estimation of H using Whittle’s approximate MLE,
and estimating oy through a corresponding Central Limit Theorem due to Dahlhaus (see [10 23])
For each aggregation level m, the aggregate time-series {)( } yielded point estimates for H(™), & 02 17 (m)
and the 95% confidence intervals (H(™) 4+ 1.966 ;(m)).

H(™) and its 95%-confidence intervals were then plotted as a function of m for the packet level
traffic (Modes A, B and D). The plots for four of the datasets are shown in Figure 5. We observe the
following:

e For all datasets, H(™) > 1/2 for all m.

e For all datasets, H(™) and its confidence intervals increase with m for small m (up to about
m = 10, but the exact value depends on the dataset).

™) and its confidence intervals do not stabilize to a constant value; instead

they show increasing as well as decreasing patterns, but remain significantly higher than 0.5 at the
95% confidence interval. This indicates that NSENET packet level traffic is long-range dependent.
However, their correlation structures are not necessarily self-similar at different time-scales.

e For most datasets, H
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e Lor several datasets (e.g., trace #3 of Modes A and B in Figure 5), H(™) and its confidence
intervals appear to stabilize around a fixed value for m larger than some m*. In these figures, the

m)

different point estimates of H(™) are within 95%-confidence intervals of each other, so they may

be regarded as statistically indistinguishable, and hence asymptotically self-similar.

e For several datasets, A(m) appear to approach 1 for large m. This implies a potential non-
stationarity in the datasets when they are estimated for larger aggregation levels. For small
m, it is possible to split a trace into multiple datasets and still have a large enough sample
size per dataset. However, for large m, there is a trade-oflf between sample size and potential
non-stationarity in the data.

The cause for the initial increase implies one or both of the following: (i) it is a reflection of the true
nature of dependency in the dataset, and/or (ii) it is caused by the fact that Whittle’s method is more
accurate for larger m. The conclusion from the Whittle plots is that most of the NSFNET traffic traces
that we analyzed are long-range dependent, and a few pass the test for second-order self-similarity.
Finally, for longer time periods, the data sets are most likely non-stationary.

5 Factors Contributing to Long Range Dependence in NSFNET
TCP Traffic

5.1 Objective

Since long-range dependence appears to be present in several different networks, and has a serious
impact on queueing performance [1, 14, 16], an important question is what factors are contributing to
it. In what follows, we present preliminary results on this issue based on application level characteristics.

The arrival process at a large multiplexor such as an NSFNET core switch is a complex interaction
of multiple factors. For TCP applications, this includes:

e the distribution and dependencies in the conversation arrival process,

e the joint distribution of the number of bytes (and packets) transmitted per conversation and the
rate at which they are transmitted,

e the end-to-end flow control per conversation, and
e heterogeneous propagation delays and transmission speeds associated with different conversations.

The study in this section is based on statistical inference from a set of designed experiments. Due to
tractability reasons, we study a reduced system where (a) only a subset of traffic belonging to TCP
conversations are studied, and (b) conversation inter-arrival correlations are not considered. Extensions
in both these directions are currently being investigated.

An important parallel result in [35, 36] shows that the distributions of ON and OFF periods of
different hosts over the Bellcore Ethernet are heavy tailed and have large variances (the “infinite variance
syndrome”). The study in [30] shows that the tcplib package [13] generates similar VT plots as
measured traffic.
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5.2 Designed Experiments
5.2.1 Introduction

In a designed experiment, the value of a set of response variables is studied as a function of the
experimental parameters (factors), each set to some particular level. In a full factorial design all
possible combinations of factor settings are investigated for each complete replication of the experiment.
The variation in the response is then studied using a set of statistical analysis methods to understand
how the response depends on the underlying phenomena that the factors represent (see [6, 19, 22]).

We developed a set of experiments to understand the underlying phenomena in TCP traffic that
cause long-range dependence. The experiments were organized along a full factorial design using four
factors with three levels per factor. Each experiment was repeated ten times using different random
seeds for a total of 31 - 10 = 810 trials. The objective of this design was to determine the sensitivity of
H on different application-level factors.

5.2.2 Potential causes

Intuition, in conjunction with the following result due to Cox and Isham (see [9]), guided the choice of
factors and their levels.

Theorem 1 (Coz and Isham’s Immigration/Death Model [9]:) Let {Y;} denote the arrival process
of new immigrants into a population. Let the life-times of individual arrivals be denoted as {Z,},
(n = 0,1,2,--), where Z, is the life-time of the nth immigrant. Let {X,} denote the number of
tmmigrants in the population at time t.

If {Y:} is a stationary Poisson process, then for {X,} to be second-order self-similar (special case of
long-range dependence),

Pr{Z, =k} x k2% 0<p<1,n=01,2--. (14)

This implies among other things that var(Z,) — oo, (i.e., Z, is a “heavy-tailed” distribution). {X,} is
asymptotic second-order self-similar if (14) holds for large k.

Figure 6 illustrates two relevant features found in the trace data. The top graph shows a quantile-
quantile (Q-Q) plot of conversation interarrival times against an exponential distribution. The bottom
graph is a log-log plot of the conversation duration density function. Note the straight lines in both
the Q-Q plot and the tail of the log-log density plot. The straight line in the Q-Q plot implies that
the aggregate conversation interarrivals are close to exponential. The approximate straight line in the
log-log density plot for large k (except at the higher tails where there are not enough sample points)
implies that the conversation life-times are of the form in (14).

The assumptions in Theorem 1, of course, depart from data in several ways:

e Theorem 1 assumes that at time ¢, the contribution by each live immigrant to Xy is one. This
does not apply to the packet arrival process because of widely varying transmission rates which
lead to different contributions to X; by different conversations;

e The conversation interarrivals, while exponential, are not completely uncorrelated.

The implications of variable transmission rates on H are explored in this study.

13



Factor Levels Description
Conv. Arrivals | Empirical variates based on empirical distribution derived from traces
Exponential variates generated using exponential distribution
Fixed conversations arrive at regular fixed intervals
Packets Empirical variates based on empirical distribution derived from traces
Pareto variates generated using Pareto distribution
LogNormal variates generated using log-normal distribution
Rate Empirical Resid. | variates based on empirical distribution derived from traces
Normal Resid. variates generated using normal distribution
Fixed all conversation have same rate regardless of packets
Packet Arrivals | Empirical variates based on empirical distribution derived from traces
Exponential variates generated using exponential distribution
Fixed packets arrive at regular fixed intervals

Table 3: Factors and levels used in the experiments.

Figure 7 shows a 2-D histogram of the number of packets per TCP conversation and their durations.
Observe that even after a log-transformation, the number of bytes distribution appears to be heavy-
tailed. Experimental results that follow indicate that this joint distribution plays a vital role in long-
range dependence in packet-level TCP traffic. For instance, when transmission rate and number-of-
packets were independent variables, experiments yield a low value of H. On the other hand, if they are
fully correlated (e.g., if they are related by a deterministic equation), experiments yield a higher value
of H than what is observed in traces. The analysis of variance for the designed experiment leads to the
conclusion that correctly modeling this relationship is vital to inducing realistic long-range dependence
patterns in simulated TCP traffic.

5.2.3 Selection of factors

The factors chosen and the levels used per factor are summarized in Table 3. The technical rationale
for these are as follows.

(a) Conversations arrive from somewhere outside of the network (factor = conv). Each level of conv
specifies a distribution for this factor, so that the relative impact of different distributions can be
studied.

(b) Each conversation transmits a certain number of packets (factor = Pkts). Different distributions
are used as levels for this factor.

(c) A conversation takes some X units of time to complete. Traffic data shows that X is corre-
lated with number of packets. Over this duration, X, a conversation’s packet inter-arrivals are
distributed according to end-to-end flow-control, intermediate queueing delays, user-interactions,
etc. Since these are complex interactions to model, and our objective in this paper is primarily
to determine its relative impact on H, a simple model that uses empirical and selected distribu-
tions is used as levels for the packet inter-arrival process. For technical convenience in generating
simulation experiments corresponding to the factors chosen, the following method is adopted:

(i) each conversation duration is converted to a mean rate of transmission for this conversation,
where mean rate is defined as number-of-packets/conversation-duration (factor = Rate), and
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(i) packets are spaced according to a packet-interarrival distribution with the computed rate as
a parameter (factor = pia).

(d) When a conversation has transmitted all of its packets, it leaves the network.

Based on Theorem 1, the distribution of these factors appear to be important for presence (or absence)
of long-range dependence in packet-level traffic. Therefore, the relative impact of different factors and
different levels per factor are studied.

Traffic data showed that the correlation between log(#Packets) and log(Rate), was 0.302. The
impact of this dependence was tested in the design through a nested factors model (explained below)
and the observation that log(Rate) was approximately a linear function of log(#Packets) plus a Normally
distributed residual:

Rate ~ a - (#Packets) + b + ¢, (15)

where € is a Normally distributed random variable with mean near 0.0 and variance 0.61. The Generalized
Linear Model fit algorithm (glm) in the S+ package [6] gave ¢ = 0.39, and b = —0.38. Figure 8 shows
a sample of the transformed data along with the fit. The graph on the left of Figure 8 is the actual
trace data; the graph on the right illustrates rates generated using Equation (15). While the fit and
the scatter-plots look similar, the residuals were found to be somewhat correlated, so this model is only
an approximation. We use this in this study because it allows for a separation of factors and facilitates
experimenting with separate models for transmission-rate and number-of-packets. The alternative is
to use a jointly-distributed random variate consisting of number-of-packets and transmission-rate as a
single factor. This method will generate packets more accurately, and as such is our method of choice for
our simulation model. The method adopted in this paper, however, is better suited for experimentation
with and comparing impact of different factors on H.

5.2.4 Selection of levels

Any experimental design evolves with time as one obtains more experience with the sensitivities of the
response variables. The design presented here is a compact version that highlights the sensitivity of
different application factors on H. For each of the four factors, we selected three levels at which to
evaluate the factor’s effect on H. The levels were selected to include (i) an empirical description of the
factor, (ii) a close analytical model based on off-line analysis of that factor in traffic data, and (iii)
a (simple) level that helps determine if this factor makes any significant impact on H by providing
contrast. The close analytical model as an alternative level selection was motivated by the need to
build an accurate analytic workload (as part of a related project). The full set of experiments were
replicated ten times to quantify the variation due to experimental errors. Table 4 gives a summary of
level settings.

Observe that a given instance of rate is dependent on the number of packets per conversation, and
the packet interarrival time in turn depends on the rate. While this is not acceptable in simple linear
least-squares regression analysis, it is admissible in designed experiments using a nested factors model
[6, Chapter 5]. When the levels of some dependent factor are only meaningful given the levels of some
primary factor, the dependent factor is said to be nested within the primary factor. To analyze the
variation in response due to nested factors, the primary factor is first fitted, and then the effects of the
dependent factor are fitted in each level of the primary factor.

The main effects for the dependent factor are not meaningful in the case of nested factors. Thus,
rate is not part of the factorial design formula, but rate in pkt is. QOur analysis uses a nested
factors model to account for the interrelation between the number of packets, transmission rate, and
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Factor Parameter Setling
Conv. Arrivals | Fixed [A 0.0571 sec
Exp. Mean [A 0.0831 sec
Packets LogNorm Mean | 0.4838
LogNorm Shape | 0.4004
Pareto Shape 0.9020
Pareto Scale 3.9425
Rate Fixed Rate 0.7572 pkt/sec
Fit Slope 0.3929
Fit Intcp. -0.3854
Resid. Mean —6.613¢713
Resid. Var 0.6129
Packet Arrivals | Fixed [A 1.6918

Table 4: Parameter setting used in the experiments

packet interarrival time. (For convenience in notation, rate in pkt is often referred to as rate, but
its meaning is to be interpreted in the nesting sense.)

The formula we give to S+ [33] is specified as follows (the notation for nesting is changed slightly
to make it more readable).

H ~ conv % pkt * (rateinpkt)  (piain(rateinpkt)). (16)

In this notation, the x is to be interpreted as follows: A x B is shorthand for a model with terms for
the intercept, A, B and the interaction of A and B. The term (rate in pkt) says that pkt is the main
effect and rate is nested within pkt. The main effects for the dependent factor are not meaningful in
the case of nested factors. Thus, rate is not part of the factorial design formula, but rate in pkt is.
Our analysis uses a nested factors model to account for the interrelation between the number of packets,
transmission rate, and packet interarrival time in accordance with (16). (For convenience in notation,
rate in pkt is often referred to as rate, but its meaning is to be interpreted in the nesting sense.)

Since several of the factors are nested, their interaction is not directly used as part of the model
but is instead attributed to the parent factor. The first column in Tables 5 through 8 enumerate the
predictor variables specified by the model.

5.2.5 Simulation model

We constructed a BONeS [3] simulation model to perform the experiments. It preserves the essential
properties that we want to test: namely, each conversation has its own number of packets, a transmission
rate determined by Equation (15) and packet interarrivals that are a function of the transmission rate
and the level selected. (For example, when the level is deterministic, packet interarrivals are constant;
when the level is exponential, it serves as the mean of the exponential, etc.) The simulation is designed
to maintain independent conversations that may overlap in time.

The BONeS diagram of the simulation system is shown in Figure 9. We observe that this is similar
to a flow chart with an added feature that BONeS implements it automatically and precisely according
to the graphical specification shown. New conversations are created with the selected interarrival
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distribution. Each new conversation is then assigned a random number of packets that it will transmit
during its lifetime. A transmission rate is calculated via the model based on the rate level and the
number of packets assigned (left side of Figure 9). The conversation then enters the central loop (right
side of Figure 9) where it transmits a packet, decrements the number of packets left, and randomly picks
the time until it transmits again (based on its rate and packet interarrival distribution). Simulation
runs typically took about 5-10 minutes for the empirical level settings on a Sun SPARCstation 10/51
to generate a stream of approximately 1.2 million packets.

5.2.6 Experimental results

On the accuracy of simulation experiments

Figure 10 shows a section of H estimates from (i) simulations (marked Emp, LgN and Par) and (ii)
trace data filtered by TCP protocol (marked Trc). The first boxplot (labeled Emp) represents all H
estimates with number of packets set to the empirical distribution, and other factors taking all possible
level-combinations. Similarly, the second and the third boxplots show H estimates with number of
packets set to Log-Normal and Pareto distribution, respectively, with other factors taking all possible
level combinations. We observe that:

e The model with empirical distribution (Emp) for number of packets is fairly close to the TCP
traces (Trc);

e Pareto is close to Trc but Log-Normal is a distant third in its ability to match real trace.

Comparison of different levels for each factor

Figure 11 shows boxplots of H estimates for different levels of each factor. We observe that:

e All levels of conversation inter-arrival distribution appear to yield the same distribution of H
estimates, implying that H is not particularly sensitive to the choice of level for this factor (among
the three we are experimenting with);

e A Fixed Rate model (representing homogeneous transmission speeds) yields a smaller H than a
model which accounts for heterogeneous rates through empirically distributed residuals or Nor-
mally distributed residuals.

e For number of packets, Pareto yields estimates close to Empirical, but remains smaller; Log-
Normal yields H estimates that are considerably smaller.

e Boxplots corresponding to H estimates for different packet inter-arrival models show a different
spread for each, but similar median values. This figure by itsell does not lead to any specific con-
clusion, so further investigation is necessary to determine the role of this factor (see Section 5.2.7).

Relative impact of different factors on H

Figure 12 compares the mean H estimates for different factors and different levels per factor. The
horizontal line represents the mean H over all experiments.

For each factor, the mean H estimates for its different level settings, are indicated on a vertical line.
For each level of a given factor, this represents the mean over all experiments with this factor fixed, and
other factors taking all possible level combinations. We observe the following;:
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e Rate has the largest spread, with Normal residuals slightly greater than Empirical residuals, and
both substantially greater than Fixed, i.e., heterogeneity of speeds is a significant factor — and
adds an extra dimension to H over the Immigration/Death model in Theorem 1.

e Pkt has the second largest spread. Inside it, Empirical is larger than Pareto and both are consid-
erably larger than Log-Normal.

e Lor packet inter-arrival distribution (pia), Fixed is larger that Exponential, and both are consid-
erably larger than Empirical.

e For the conversation factor (conv), there is not much spread around the mean of all H estimates
(the horizontal line).

5.2.7 Analysis of variance

Tables 5 through 8 present the analysis of variance results. The results were obtained using the S+ [6, 33]
Analysis of Variance algorithm (aov) to fit the model described by Equation 16. The column labels and
their meanings are as follows:

e Factor : Represents either a single factor or the interaction of several factors as indicated by a
“” between the two factors;

e Df : The degrees of freedom for the factor;
e Sum Sq: The sum of squares term;

e % Var: The percent of total variation explained by this factor. This column gives a quantitative
estimate of the relative sensitivities of different factors on the response variable.

e Pr(F): The probability with which the mean-square regression (MSR) is less than mean square
error (MSE) assuming that MSR/MSE has an F' distribution (a consequence of Normality as-
sumptions on error residuals). 1 — Pr(F) is the probability with which MSR is greater than MSE,
and is the confidence level of the term corresponding to this factor.

Remarks:

(a) The error residuals from the above nested factors model of the designed experiment yielded Nor-
mally distributed residuals with no apparent trend.

(b) The response variable H was estimated through R/S analysis, Whittle’s method, PG plot and
VT plot. For all of these estimation methods, the variation in H explained by the regression was
more than 90%. The exact numbers are given in Tables 5-8.

The percent variation explained by each factor is illustrated graphically in Figure 13. In each plot,
the bars correspond to the largest factors contributing to the variation in response are plotted from left
to right. The last bar groups the remaining factors. The line over the bars indicates the cumulative
amount of variation explained by the factors up to that point. We observe the following from these
figures.
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o IfHis computed using Whittle’s method or the R/S analysis, number-of-packets and rate (nested
inside packets) explain most of the variation in H. Together, they account for 77% of the variation
using Whittle’s method and 82% percent of the variation using R/S analysis. (Because of nesting
of factors, all interactions between the two are ascribed to the parent factor which in this case is
number-of-packets.)

e Packet interarrivals are a distant third explaining approximately 15% percent of the variation.

e Conversation arrival distribution plays an insignificant role. (This does not, however, mean that
conversation inter-arrival correlations do not play a role.)

e Interactions between factors (after the nesting) are negligible.

e The PG and VT estimators give different conclusions about which factors explain more of the
variation in H. More work will be needed to determine precisely why this is so. Given the robust
statistical properties of the Whittle estimator [23], and the heuristic nature of the PG and VT
estimators, the analysis of variance results computed for the response estimated by Whittle’s
method are more believable.

6 Conclusion

An examination of packet traffic from geographically dispersed locations on the NSEFNET T3 backbone
indicates that:

e packet-level traffic over NSFNET core switches exhibits long-range dependence. A subset of these
show asymptotic second-order self-similarity; and

e Hurst coeflicient estimates for TCP-traffic, in general, appear to be larger than those for the
overall aggregate traffic.

Further, a set of designed simulation experiments indicate that the primary reason for long-range de-
pendence in TCP traffic is the joint distribution of the number of packets per conversation and conver-
sation transmission rates. Since these are application-level characteristics which are largely network-
independent, long-range dependence is expected to exist in most highly multiplexed data networks
carrying similar TCP applications.

Intuitively, one might expect packet-level traffic to “smooth out” at larger time scales, especially
when the number of conversations is large. However, empirical evidence suggests otherwise. The primary
reason for this is the heavy-tailed nature of the afore-mentioned distributions and Theorem 1 [9]. Recall
that the Central Limit Theorem holds only for i.i.d. variables with finite variance. Mandelbrot and
Van Ness have shown that H — 1/2 for short-range dependent processes as well. One ramification
of these findings is that Markovian traffic models are inadequate for describing and analyzing highly-
multiplexed data networks such as the NSFNET backbone because they inject exponentially-decaying
auto-correlations that are characteristic of short-range dependent processes.

If the system under test needs to be studied for extended periods of time with some degree of
accuracy, simulation models with empirically distributed parameters or trace-driven traffic models are
more appropriate. For instance, long-range dependent traffic patterns for TCP traffic can be generated
from within an event-driven simulation if conversation parameters (number of packets, transmission rate,
etc.) are based on accurate empirical distributions. Currently, we are building a suite of simulation
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| Factors for R/S | Df| Sum Sq | % Var | Pr(F) |

conv 2| 0.008 0.068 | 0.00002
pkt 2| 3.424 30.435 | 0.00000
rate in pkt 6 | 5.841 51.926 | 0.00000
conv:pkt 4| 0.008 0.073 | 0.00011
pia in (rate in pkt) 18 | 1.698 15.097 | 0.00000
conv:(rate in pkt) 12 | 0.006 0.051 | 0.17400
conv:(pia in (rate in pkt)) | 36 | 0.012 0.104 | 0.57778
Residuals 729 | 0.253 2.246 | NA

Table 5: Analysis of variance and related statistics for H estimates from the 3%r designed experiment.
H computed through R/S analysis.

| Factors for Whittle | Df| Sum Sq | % Var | Pr(F) ]

conv 2| 0.001 0.011 | 0.25344
pkt 2 | 4.356 35.564 | 0.00000
rate in pkt 6 | 5.832 47.611 | 0.00000
conv:pkt 4 | 0.024 0.195 | 0.00000
pia in (rate in pkt) 18 | 0.027 0.222 | 0.00000
conv:(rate in pkt) 12 | 1.621 13.238 | 0.00000
conv:(pia in (rate in pkt)) | 36 | 0.020 0.160 | 0.34293
Residuals 729 | 0.367 2.998 | NA

Table 6: Analysis of variance and related statistics when His computed using Whittle’s method.

| Factors for Periodogram | Df| Sum Sq | % Var | Pr(F) |

conv 2 | 0.029 0.135 | 0.00014
pkt 2| 2.322 10.858 | 0.00000
rate in pkt 6 | 14.312 | 66.911 | 0.00000
conv:pkt 4 | 0.006 0.026 | 0.47530
pia in (rate in pkt) 18 | 3.505 16.388 | 0.00000
conv:(rate in pkt) 12 | 0.027 0.128 | 0.15210
conv:(pia in (rate in pkt)) | 36 | 0.016 0.077 | 0.99999
Residuals 729 | 1.171 5476 | NA

Table 7: Analysis of variance and related statistics when H is computed using the Periodogram method.

Factors for Variance-Time | Df| Sum Sq | % Var | Pr(F)

conv 2 | 0.001 0.016 | 0.32404
pkt 2 | 6.297 76.287 | 0.00000
rate in pkt 6 | 0.644 7.807 | 0.00000
conv:pkt 41 0.011 0.135 | 0.00077
pia in (rate in pkt) 18 | 0.841 10.186 | 0.00000
conv:(rate in pkt) 12 | 0.028 0.344 | 0.00000
conv:(pia in (rate in pkt)) 36 | 0.009 0.106 | 0.99901
Residuals 729 | 0.422 5.118 | NA

Table 8: Analysis of variance and related statistics when H is computed using Variance-Time method.
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workloads tailored to specific performance studies (adaptive routing, flow control, switch scheduling,
etc.)

With rapid development in high-speed wide-area communications and increasing concerns for quality
of service guarantees, it is important to understand the statistical properties of traffic that these networks
will carry. While higher speed networks are likely to usher in a new generation of applications, at
least for the time being, current traffic models are the best source of information for network resource
management. The results of this paper give a clearer picture of the statistical properties of today’s
medium-speed wide-area network traffic. A key conclusion from the analysis of variance study is that
the long-range dependence characteristics are largely application dependent.

The principal findings are summarized in Table 1.
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Figure 2: A section of traffic showing number of packets per time unit at four different time scales.
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potential self-similarity.
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Figure 6: Two features found in the traffic which are relevant to Theorem 1. The top graph shows a
quantile-quantile plot of conversation interarrival times against an exponential distribution. The bottom
graph is a log-log plot of the conversation duration density function. Note the straight lines in both the
quantile-quantile plot and the tail of the log-log density plot.
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Self-Similar Traffic Simulation
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Figure 9: BONeS diagram of simulation model. An intuitive way to understand the diagram is to follow
the information flow indicated by the lines and arrows. Conversations are initiated and parameters set
toward the left side of the diagram. Conversations then circulate in the loop toward the right side of
the diagram emitting one packet per pass until they run out of packets.
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Figure 10: Boxplots of H for levels of the pkt factor. Trc describes values of H estimated for the trace
data.
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Figure 11: Boxplots by isolated factor for Whittle estimates of H. Each box contains all values where
the factor was set to the indicated level.
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Figure 12: A graphical summary of the experimental results. The horizontal line is the mean of all
H estimates. For each level of each factor, the average response is as indicated on the vertical line
corresponding to that factor.
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Figure 13: Percent variation in response explained by different factors. The first four bars correspond to
the top four factors contributing to variation in response. A fifth bar groups all the remaining factors.
The line over the bars indicates the cumulative amount of variation explained by the factors up to that
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