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Abstract. This tutorial discusses the suitability of Markovian models to describe
IP network traffic that exhibits peculiar scale invariance properties, such as self-
similarity and long range dependence. Three Markov Modulated Poisson Pro-
cesses (MMPP), and their associated parameter fitting procedures, are proposed
to describe the packet arrival process by incorporating these peculiar behaviors
in their mathematical structure and parameter inference procedures. Since an
accurate modeling of certain types of IP traffic requires matching closely not
only the packet arrival process but also the packet size distribution, we also
discuss a discrete-time batch Markovian arrival process that jointly characterizes
the packet arrival process and the packet size distribution. The accuracy of
the fitting procedures is evaluated by comparing the long range dependence
properties, the probability mass function at each time scale and the queuing
behavior corresponding to measured and synthetic traces generated from the
inferred models.

Keywords: Long range dependence, self-similarity, time scale, Markov Modu-
lated Poisson Process, packet arrival (size) process.

1 Introduction

The growing diversity of services and applications for IP networks has been driving
a strong requirement to make frequent measurements of packet flows and to describe
them through appropriate traffic models. Several studies have already shown that IP
traffic may exhibit properties of self-similarity and/or long-range dependence (LRD)
[, 2L13L1445]], peculiar behaviors that have a significant impact on network performance.
However, matching LRD is only required within the time-scales of interest to the system
under study [6l[7]]: for example, in order to analyze queuing behavior the selected traffic
model only needs to capture the correlation structure of the source up to the so-called
critical time-scale or correlation horizon, which is directly related to the maximum
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buffer size [SL8L19]. One of the consequences of this result is that more traditional traffic
models such as Markov Modulated Poisson Processes (MMPPs) can still be used to
model traffic exhibiting LRD [10,[11,112}13]]. However, providing a good match of the
LRD characteristics through an accurate fitting of the autocovariance tail is not enough
for accurate prediction of the queuing behavior [14]. In general, an accurate prediction
of the queuing behavior requires detailed modeling of the first-order statistics, not just
the mean, and for certain types of network traffic it demands the incorporation of time-
dependent scaling laws [15,[164[17].

This tutorial discusses the suitability of Markovian models, based on MMPPs, for
modeling IP traffic. Traffic modeling is usually concerned with the packet arrival process,
aiming to fit its main characteristics. In order to describe the packet arrival process,
we will present three traffic models that were designed to capture self-similar behavior
over multiple time scales. The first model is based on a parameter fitting procedure
that matches both the autocovariance and marginal distribution of the counting process
[L8]. The MMPP is constructed as a superposition of L two-state MMPPs (2-MMPPs),
designed to match the autocovariance function, and one M-MMPP designed to match
the marginal distribution. Each 2-MMPP models a specific time scale of the data. The
second model is a superposition of MMPPs, where each MMPP describes a different time
scale [[19420]. The third model is obtained as the equivalent to an hierarchical construction
process that, starting at the coarsest time scale, successively decomposes MMPP states
into new MMPPs to incorporate the characteristics offered by finner time scales [21]].
Both models are constructed by fitting the distribution of packet counts in a given number
of time scales. For all three traffic models, the number of states is not fixed a priori but
is determined as part of the inference procedure. The accuracy of the different models
will be evaluated by comparing the probability mass function (PMF) at each time scale,
as well as the packet loss ratio (PLR) corresponding to measured traces (exhibiting LRD
and self-similar behavior) and traces synthesized according to the proposed models.

It is known that the accurate modeling of certain types of IP traffic requires matching
closely not only the packet arrival process but also the packet size distribution [22,23].
In this way, we also present a discrete-time batch Markovian arrival process (IBMAP)
[24,125.126] that jointly characterizes the packet arrival process and the packet size
distribution, while achieving accurate prediction of queuing behavior for IP traffic
exhibiting LRD behavior. In this dBMAP, packet arrivals occur according to a AIMMPP
and each arrival is further characterized by a packet size with a general distribution that
may depend on the phase of the AIMMPP. This allows having a packet size distribution
closely related to the packet arrival process, which is in contrast with other approaches
[22,123]] where the packet size distribution is fitted prior to the matching of the packet
arrival rates.

2 Notions of Self-similarity and Long-Range Dependence

Consider the continuous-time process Y (t) representing the traffic volume (e.g. in
bytes) from time O up to time ¢ and let X (¢) = Y (¢) — Y (¢ — 1) be the corresponding
increment process (e.g. in bytes/second). Consider also the sequence X (") (k) that is
obtained by averaging X (¢) over non-overlapping blocks of length m, that is
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m
(M) gy = _ e
X0 (k) = m;X((k Dm+i),k=1,2,... (1)
The fitting procedure that are presented in this work are based on the aggregated
processes X (™) (k).

Y (t) is exactly self-similar when it is equivalent, in the sense of finite-dimensional
distributions, to a= Y (at), for all t > 0 and a > 0, where H (0 < H < 1) is
the Hurst parameter. Clearly, the process Y (¢) can not be stationary. However, if Y (¢)
has stationary increments then again X (k) = X (Y (k) is equivalent, in the sense of
finite-dimensional distributions, to m'~# X (™) (k). This illustrates that a traffic model
developed for fitting self-similar behavior must preferably enable the matching of the
distribution on several time scales.

Long-range dependence is associated with stationary processes. Consider now that
X (k) is second-order stationary with variance o and autocorrelation function 7(k).
Note that, in this case, X (™) () is also second-order stationary. The process X (k) has
long-range dependence (LRD) if its autocorrelation function is non-summable, that is,
>, 7(n) = oo. Intuitively, this means that the process exhibits similar fluctuations
over a wide range of time scales. Taking for instance the October Bellcore trace, that is
publicly available [, it can be seen from Figure [I] that the fluctuations over the 0.01,
0.1 and 1s time scales are indeed similar.

Equivalently, one can say that a stationary process is LRD if its spectrum diverges at
the origin, thatis f(v) ~ ¢y|v| ™, v — 0. Here, « is a dimensionless scaling exponent,
that takes values in (0, 1); ¢y takes positive real values and has dimensions of variance.
On the other hand, a short range dependent (SRD) process is simply a stationary process
which is not LRD. Such a process has o« = 0 at large scales, corresponding to white
noise at scales beyond the so-called characteristic scale or correlation horizon. The
Hurst parameter H is related with a by H = (a + 1)/2.

There are several estimators of LRD. In this paper we use the semi-parametric
estimator developed in [27], which is based on wavelets. Here, one looks for alignment
in the so-called Logscale Diagram (LD), which is a log-log plot of the variance
estimates (y;) of the discrete wavelet transform coefficients representing the traffic
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Fig. 1. LRD processes exhibit fluctuations over a wide range of time scales (Example: trace pOct)
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process, against scale (7), completed with confidence intervals about these estimates
at each scale. It can be thought of as a spectral estimator where large scale corresponds
to low frequency. The main properties explored in this estimator are the stationarity
and short-term correlations exhibited by the process of discrete wavelet transform
coefficients and the power-law dependence in scale of the variance of this process.
Traffic is said to be LRD if, within the limits of the confidence intervals, the log of
the variance estimates fall on a straight line, in a range of scales from some initial value
J1 up to the largest one present in data and the slope of the straight line, which is an
estimate of the scaling exponent «, lies in (0, 1).

There is a close relationship between long-range dependent and self-similar pro-
cesses. In fact, if Y (¢) is self-similar with stationary increments and finite variance then
X (k) is long-range dependent, as long as ; < H < 1. The process X (k) is said to be
exactly second-order self-similar (§ < H < 1) if

r(n) = 1/2 [(n F12H on?H 4 (- 1)2H] 2)
for all n > 1, or is asymptotically self-similar if
r(n) ~n” G2 L(n) 3)

as n — oo, where L(n) is a slowly varying function at infinity. In both cases
the autocovariance decays hyperbolically, which indicates LRD. Any asymptotically
second-order self-similar process is LRD, and vice-versa.

3 Background on Markovian Models

The dBMAP stochastic process may be regarded as an Markov random walk whose
additive component takes values on the nonnegative integers, INy. Thus, we say that a
Markov chain (Y, J) = {(Yx, Ji), k € INg} on the state space INg x S is a ABMAP if

. . 0 m<n
PYit1=m, Jep1 =j|Ye =n, Jp =1) = 4
Pij ¢ij(m —n) m>n

where P = (p;j)i jes is a stochastic matrix and, for each pair (i,j) € S2, qij =
{gij(n), n € INy} is a probability function over INy, and we let Q(n) = (g;;(n)); jes.
This implies, in particular that J is a Markov chain, called the Markov component or
phase of (Y, J) and S is the set of modulating states or the phase set. When the dBMAP
(Y, J) is used to model an arrival process, Y; may be interpreted as the total number of
arrivals until instant k. (X, J) is also a dBMAP, where X, represents the total number
of packets that arrive until instant n.

An important particular case of the dBMAP is the dIMMPP. We say that the process
(Y,J) on the state space INyg x S is a dMMPP with parameters (P, A), where
P = (pij)ijes is a stochastic matrix and A = (Nij)ijes = (Ailfi=j})ijes is a
diagonal matrix with nonnegative entries (i.e., A; > 0,7 € .9), if it is a dBMAP with
parametrization (P, {Q(n), n € IN}), where

n
PR

gij(n) =e 7 (5)

n!
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fori,j € Sandn € IN; ie., ¢i; = {¢;j(n),n € INg} is the probability function of
a Poisson random variable with mean A;. Thus a dMMPP is a dBMAP for which the
number of arrivals in a given instant of time is only a function of the current phase of
the dBMAP and when the process is in phase j the number of arrivals at an instant has
a Poisson distribution with mean J;; the parameter A\; may be null, in which case no
arrivals occur in phase j. So, (Y, J) is a IMMPP with set of modulating states S and
parameter (matrices) P and A, and write

(Y. J) ~ dMMPPs (P, A) ©)

where A = (X;;) = (A\id;;). The matrix P is the transition probability matrix of the
modulating Markov chain J, whereas A is the matrix of Poisson arrival rates. If S has
cardinality r, we say that (Y, .J) is a dIMMPP of order » ({IMMPP,). The stationary
distribution of J is denoted by w = [mr1 72, ... 7).

The superposition of independent dMMPPs is still an dMMPP. More precisely, if
(YO g0y ~ dMMPP,, (PW, AD) | = 1,2,..., L, are independent, then their
superposition (Y, J) = (ZZL:1 YO (JO g@ o JE)Y) is a dAMMPPg(P, A),
where S = {1,2,...,m} x ... x{1,2,...,r},

P=PYePPg.. gpPWD (7)

and
A=AV a3 AP g . AP (8)

with & and ® denoting the Kronecker sum and product, respectively.

4 M2L-MMPP - A Second-Order Self-similar Model

This section describes a parameter fitting procedure, based on MMPPs, that matches
both the autocovariance and the marginal distribution of the counting process, leading
to accurate estimates of queuing behavior for network traffic exhibiting LRD behavior.
This work was firstly published in [18] and was also motivated by the need to keep
the number of states of the MMPP at a minimum in order to reduce the complexity
associated with the calculation of the performance metrics of interest.

Matching simultaneously the autocovariance and marginal distribution of the count-
ing process is a difficult task since every MMPP parameter influences both charac-
teristics. With the purpose of achieving some degree of decoupling when matching

L 2-dMMPPs

% 'O @O @

Fig. 2. Superposition of an M-dMMPP and L 2-dMMPP models
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these two statistics, the proposed MMPP, (X, .J) ~ M2E-dMMPP, is constructed as a
superposition of L independent 2-dMMPPs, (X () J1)) ~ dMMPPy(PW, A1) ] =
1,2,..., L, that capture the autocovariance function of the increments of the arrival
process and one M-dMMPP, (X (L+1) JE+DY ~ dMMPP,, (PEHD | AE+D) | that
approximates the distribution of the increments of the arrival process. This superposi-
tion step is graphically illustrated in Figure 2l In this approach L and M are not fixed a
priori but instead are computed as part of the fitting procedure.

Let us define the increment processes Y (), V() Y (L+1) and YV associated to
XMW x®@ X+ and X, respectively:

vVO=x" -xPi=12..L+1 9)

and
Yi = X1 — Xp (10)
for kK = 0,1,.... Note that Y} is the (total) number of arrivals at sampling interval %k

and Yk,(l) is the number of arrivals that are due to the [-th arrival process, so that, in
particular,

L+1
V=Y v, k=012 (11)
=1
Moreover, YD Y2 YL+ and Y, are stationary sequences.

In order to characterize the marginal distributions of the L 2-dMMPPs processes,
YW y@ V) the M-dMMPP, Y (24D and the resulting process, Y, we denote
by {fi(k), k =0,1,2,...},1 =1,2,..., L+ 1, and {f(k), k = 0,1,2,...}, their
(marginal) probability functions, respectively. As the univariate distributions of Y (1),
Y@ .. YD are mixtures of Poisson distributions, we denote the probability
function of a Poisson random variable with mean p by {g,.(k), ¥ = 0,1,2,...}, for

p € [0, +00), so that g, (k) = e * ’f; ,k=0,1,2,...Forl =1,2..., L, the marginal
distribution of Y'(!) (that is, the distribution of Y(l), fork = 0,1,...)is a mixture of two
Poisson distributions with means )\gl) and )\gl) and weights ﬂl) and wél), respectively.

Thus the probability functions of Y, 1 = 1,2, ..., L, are given by
k)= g0 (k) + 75 g0 (k) k =0,1,2 12
fl( ) T g)\(ll)( )+ﬂ-2 g>‘(2l)( )7 s Ly Ly ee e (12)
and their autocovariance functions are
W= cov(v ), v =702l D AP Pere k= 0,1,2,... (13)
where ¢; = In (1 — pglg) — pgll) ). Note that, in particular, the autocovariance functions of
YW vy Y exhibit an exponential decay to zero.
As we want the M-dMMPP to approximate the distribution of the increments of
the arrival process but to have no contribution to the autocovariance function of the

increments of the M2L-dMMPP, we choose to make J(Z+1) a Markov chain with no
memory whatsoever. This is accomplished by choosing
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L+1 L+1 L+1
WELH; W%LH; . Wfi‘iﬂi

pE+y — (M Ty STy (14)
ol g (B0 (D

The probability function of Y (“+1) is given by

M
fraa(k) =Y alt+y gaen (k) k=0,1,2, .. (15)

j=1
and the autocovariance function of Y (£*1) is null for all positive lags; i.e.,

A D — cov (Y FT v Ty =0, k > 1. (16)
Taking into account ({I)), it follows that the probability function of Y is given by:

FB)=(fixfax...x fri1) (k) = 7
= 251:1 23‘2:1 cee Z?L:1 Zﬁﬂzl ( lL:Jrll 7"?) ngL;ll )\x) (k) 17

where * denotes the convolution of probability functions and the autocovariance
function is given by

L+1
v = Cov (Yo, Yi) = 5 Cov (YO(”,Y;”) as)

=1
R I S

The inference procedure is illustrated in the flow diagram of Figure[3land can be divided
in four major steps.

A. Approximation of the empirical autocovariance by a weighted sum of exponen-
tials and identification of the time scales

Our approach approximates the autocovariance by a large number of exponentials and
then aggregates exponentials with a similar decay into the same time-scale, which
is close to the approaches considered in [10,13.28]] (Figure d). As a first step, we
approximate the empirical autocovariance by a sum of K exponentials with real
positive weights and negative real time constants. We chose K as v/k.,qe, where kpaa
represents the number of points of the empirical autocovariance. This is accomplished
through a modified Prony algorithm [29]]. The Prony algorithm returns two vectors,
a=lay,...,ax] and b = [by, ..., bk, |, which correspond to the approximating function

K
Ck (a,b)=> aie™"* k=123, (19)
=1

At this point we identify the components of the autocovariance that characterize the
different time-scales by defining L different time-scales in which the autocovariance
decays, b;,7 = 1,..., K, fall in the same logarithmic scale. The components of the
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Fig. 3. Flow diagram of the inference procedure of the M2X-MMPP model

decays that belong to the same traffic scale are aggregated in one component with the
following parameters:

ip41—1
i1 kz axby
o = Z ap and B =-— ‘“a o (20)

k=i,

where b;, and b;,,, —1 correspond to the first and last decay of the time scale. These
parameters are used to fit the autocovariance function of the 2-dMMPP Y () since

= d?ﬂ”ﬂél) and G =¢ 201

where 771@ .7 = 1,2 corresponds to the steady-state probabilities of YV, d; = |)\§) —

)\gl) | and 8; = In(1 — pgl)Q - pél) 1, i.e., the fitted autocovariance function of Y1 + Y5 +
...+ Y is

L
S k=12, .. (22)
=1
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Fig. 4. Approximation of the autocovariance function

B. Inference of the M-dMMPP probability function and of the L. 2-dMMPP
parameters

The relation between the probability functions of the 2-dMMPPs, the M -dMMPP and
the M2L-dMMPP is defined by (I7). In order to simplify the deconvolution of f7 1 (k)
and f1(k),l = 1,...,L, we consider that the Poisson arrival rate is zero in one state
of each 2-dMMPP source; that is, )\gl) = 0 and )\g) = d;, for [ = 1,..., L. From
1)), it follows that d; = \/ ey, 1=1,2,..., L. The probability function of the

T T

M-dMMPP, f1 .1, is fitted jointly with the parameters 7751), l =1,..., L, through the
following constrained minimization process:

min o¢(k (23)
{ﬂ”,z=1,...,L},{fL+1(k-),k:o,l,...}zk:‘ ®)
where
o (k) = )~ (f1® - ® fu @ fun) (B) 24)

subject to (1) and

0<r) <1,1=1,2,....L, fru1(k)>0,k=0,1,..., 0s)
and 32,50 fra(k) = 1.

with f¢ denoting the empirical probability function of the data. We denote by f I+1 the
fitted probability function of the M-dMMPP. Note that 71'%1) is not allowed to be 0 or
1 because, in both cases, the (" 2-AMMPP would degenerate into a Poisson process.
The constrained minimization process given by (23)—(23) is a non-linear programming
problem and in general, it is computationally demanding to obtain the global optimal
solution. Accordingly, to solve this problem we consider two approximations: (i) we

make 7r§l) = 7r§l+1) ,0=1,..., L—1and (ii) restrict the range of possible ng) solutions
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to be discrete and such that 7r§” = 0.001k, k£ = 1,...,999. Then a search process is
used to find the minimum value of the objective function.

At this point all parameters of the 2-dMMPPs, Yy, y®), ...,Y(L), have been
determined and their corresponding 2-dMMPP matrices can be constructed in the
following way:

I OFET D1 _ B
! 1—my’(1—¢€Pt) 75’ (1 —ePt)
P()[ w(l)Q(lfeﬁl) 1727r(l)(176ﬁ") (26)
1 1
00
AD = {0 dz] 27

C. Inference of the M-dMMPP parameters

The next step is the inference of the number of states and Poisson arrival rates of
the M-dMMPP from fL+1 To do this, we infer fL+1 as a weighted sum of Poisson
probability functions, i.e., as the probability function of a finite Poisson mixture with an
unknown number of components. The matching is carried out through an algorithm that
progressively subtracts a Poisson probability function from f +1, which is described in
the flowchart of Figure[5l We represent the 7" Poisson probability function, with mean
©i, by gy, (k). We define h() (k) as the difference between fr+1(k) and the weighted
sum of Poisson probability functions at the i*" iteration. Initially, we set h(1) (k) =
fr+1(k). In each step, we first detect the maximum of h( (k). The corresponding

k-value, p; = [h)]7 (maxh® (k)), will be considered the i*" Poisson rate of
the M-dMMPP. We then calculate the weights of each Poisson probability function,
w; = [wi4, Wy, ..., wi;], through the following set of linear equations:

fr1(er) Zwﬂg% @), 1=1,..,i. (28)

This assures that the fitting between fLH(k) and the weighted sum of Poisson
probability functions is exact at ¢; points, for [ = 1,2,...,4. The final step in each
iteration is the calculation of the new difference function

O (k) = frar () = 3 wiige, (k). @9

The algorithm stops when the maximum of h() (k) is lower than a pre-defined
percentage of the maximum of f 1+1(k) and M is made equal to i. After M has been
determined, the parameters of the M-dMMPP, {(7T§L+1), )\](.LH)),j =1,2,...,M},
are then set equal to

(L+1)

; = wjnm and )\(LH) =

;T8

(30)

D. M2£-dMMPP model construction
Finally, the M2%-dMMPP process can be constructed using equations (7)) and (8)), where
ALAD PEAD G and PO, 4 = 1, ..., L, were calculated in the last two steps.
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hH“ fL+1 Zw,ygw,

‘ compute 7“*" and A" ‘

Fig.5. Algorithm for calculation of the number of states and Poisson arrival rates of the
M-dMMPP

4.1 Efficency Results

In [[18]] the efficiency of this fitting procedure was evaluated by applying it to trace UA, a
trace of IP traffic measured at University of Aveiro (UA) that is representative of Internet
access traffic produced within a University campus environment. The UA trace was
measured on July 10t", 2001, between 10.15am and 3.08pm, and comprises 20 millions
packets with a mean rate of 1138 packets/s and a mean packet size of 557 bytes. This
trace exhibits LRD behavior, which was confirmed by applying the method described
in [27] (Figure[Z). The sampling interval of the counting process was considered as 0.1
seconds, so octave j corresponds to 0.1 x 27 seconds.

The performance of this fitting procedure (and all the others that will be described in
the next sections) was evaluated using several evaluation criteria: (i) comparing both the
probability and autocovariance functions of the packet arrival counts obtained with the
fitted dMMPPs (theoretical) and with the original data traces; (ii) analyzing queuing
behavior by comparing the PLR obtained, through trace-driven simulation, with the
original data traces and simulated traces generated from the fitted dIMMPPs (Figure [6).
The results of trace driven simulation for the fitted traces were based on 10 replicas.
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The empirical autocovariance function was fitted by two exponentials with param-
eters a = [1.00 x 10% 6.87 x 10'] and B = [-6.91 x 107° —1.28 x 1072]. With a

resulting 12-states AMMPP, the fitting of the probability and autocovariance functions
is very good (Figures [§] and 0 respectively), which reveals itself sufficient to get a

very close matching of the PLR curve (Figure[I0). The considered service rates are 685
KBytes/s and 629 KBytes/s, corresponding to link utilizations of p = 0.9 and p = 0.98,
respectively. Both the original and the fitted traces exhibit LRD, with estimated Hurst
parameters of H = 0.952 and H = 0.935, respectively.

109
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5 Distributional Self-similar Models

This section proposes two traffic models, based on dMMPPs, designed to capture self-
similar behavior over multiple time scales by fitting the empirical distribution of packet
counts at each time scale. The number of time scales, L, is fixed a priori and the time
scales are numbered in an increasing way, from [ = 1 (corresponding to the largest time
scale) to [ = L (corresponding to the smallest time scale).

5.1 Superposition Model

This model was firstly proposed in [19]] and is based on the superposition of dIMMPPs,
where each AIMMPP represents a specific time scale. Figure [[T]illustrates the construc-
tion methodology of the AIMMPP for the simple case of three time scales and two-
state AIMMPPs in each time scale. The IMMPP associated with time scale [ is denoted
by dMMPP") and the corresponding number of states by N(;). The flowchart of the
inference procedure is represented in Figure [12] where, basically, the following three
steps can be identified.

A. Computation of the data vectors (corresponding to the average number of
arrivals per time interval) at each time scale

Having defined the time interval at the smallest time scale, A¢, the number of time
scales, L, and the level of aggregation, a, the aggregation process starts by computing
the data sequence corresponding to the average number of arrivals in the smallest time
scale, D(L) (k),k =1,2,..., N.Then, it calculates the data sequences of the remaining
time scales, D) (k),l = L —1,...,1, corresponding to the average number of arrivals
in intervals of length Ata(“—Y . This is given by

a—1
w1 DD (e 4 g l—1-1 k=1 o .
DO (k) = { <a lgo (k + ia ) ) ar— € INo 31)

DU)(k -1, akL_—ll, ¢ INo

scale 1 ammppY)

scale 2 AMmpP?

scale 3

Fig. 11. Construction methodology of the superposition dAMMPP model
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where ¥ (x) represents round toward the integer nearest =. Note that all data sequences
have the same length N and that D) (k) is formed by sub-sequences of a’~! successive
equal values; these sub-sequences will be called /-sequences. The empirical distribution
of DM (k) will be denoted by pV) ().

Figure [13] illustrates the aggregation process for the particular case of considering
only three time scales and an aggregation level of a = 2. The top part of the picture
corresponds to the finest time scale (scale 3) and represents the number of arrivals
per sampling interval. At time scale 2, the Figure represents the average number of
arrivals per time interval of length 2A¢, while at time scale 1 it represents the average
number of arrivals per time interval of length 4 At, since the aggregation level is equal
to 2.
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Fig. 13. Illustration of the aggregation process

B. For all time scales (going from the largest to the smallest one), calculation of
the corresponding empirical PMF and inference of a dMMPP that matches the
resulting PMF

Each dMMPP will be inferred from a PMF that represents its contribution to a particular
time scale. For the largest time scale, this PMF is simply the empirical one. The traffic
components due to time scale [, [ = 2, ..., L, are obtained through deconvolution of the
empirical PMFs of this and the previous time scales, i.e., f;” (z) = pP e 1pl=D](z).
However, this may result in probability mass at negative arrival rates for the dMMPP®)
which will occur whenever min {z : p¢~ (z) > 0} < min{z:p" (z) > 0}. To
correct these results, the dMMPPY will be fitted to

FO (@) = f (@ + ) (32)

where ¢() = min (O,min {x : A,(;l)(x) > 0}), which assures f() (z) = 0, z < 0.
The additional factors that are now introduced will be removed in the final step of the
inference procedure.

The number of states, N(;), and the parameters of the dMMPP®), {(71'3(»1), )\gl)), j=

1,2,..., N}, that adjusts the empirical PMF fO (z) are calculated using the same
procedure described in step 3 of the M2%-dMMPP inference procedure.

The next step consists of associating one of the dMMPP®) states with each time
interval of the arriving process. Recall that the data sequences aggregated at time scale
I have a”~! successive equal values called l-sequences. The state assignment process
considers only the first time interval of each l-sequence, defined by i = al~!(k — 1) +
1,k € IN,i € E®, where EW represents the set of time intervals associated with
dMMPPY) . The state that is assigned to l-sequence ¢ is calculated randomly according

to the probability vector 8() (i) = {951) @@),..., 91(\1,)”) (z)} with
gyw (DY (D)

- (33)
Z;v:(lf 9A» (DO (i)
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forn = 1,..., N, where )\;l) represents the Poisson arrival rate of the j state of
dMMPPY, and gx (y) represents a Poisson probability distribution function with mean
A. The elements of this vector represent the probability that the state j had originated
the number of arrivals D() (k) at time interval & from time scale I.

After this step, we infer the dMMPPY transition probabilities, pgg, with o,d =
1, ..., N(), by counting the number of transitions between each pair of states. If ngg

represents the number of transitions from state o to state d of the dMPPP(l), then

O]
o _ Nod _
P = gy 4= T Ny o
m=1 "tom

The transition probability and the Poisson arrival rate matrices of the dMMPP") are
then given by

O] O] O]

11 Pz - Ping,

1 1 l
PO — pél) péQ) s pgl)\f(l) (35)

(l) (l) (l)
pN(L)l pN(L)2 e pN(UN(l)

AP0 o
(1)
e R R 36)
()
0 0 ...y,

The diagonal matrix of the steady-state probabilities is designated by 17().

Figure [[4l schematically illustrates the main steps of the construction process for the
superposition model, considering only the first two time scales. As was previously said,
the empirical PMF corresponding to the largest time scale (scale 1) is estimated and
the dMMPP that best adjusts it is inferred. For the next immediate scale (scale 2), the
empirical PMF is estimated and then it is deconvolved from the PMF corresponding to
time scale 1. The dMMPP that describes the contribution of time scale 2 for the arrival
process is calculated based on the PMF that results from this deconvolution operation.

C. Calculation of the final dMMPP through the superposition of the dMMPPs
inferred for each time scale

The equivalent IMMPP process is constructed using equations () and (), where
matrices P® and A® || = 1, ..., L, were calculated in the last subsection. Besides,
the additional factors introduced in 32 must be removed. Thus, the final A®) will be
given by

A=A=) D1 (37)

where I is the identity matrix.
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Fig. 14. Procedure for calculating the empirical PMFs and inferring the partlal dMMPPs of the
superposition model

5.2 Hierarchical Model

This model was firstly presented in [21] and is constructed using an hierarchical
procedure, that successively decomposes dMMPP states into new dMMPPs, thus
refining the traffic process by incorporating the characteristics offered by finer time
scales (Figure[T3). The procedure starts at the largest time scale by inferring a IMMPP
that matches the empirical PMF corresponding to this time scale. As part of the
parameter fitting procedure, each time interval of the data sequence is assigned to a
dMMPP state; in this way, a new PMF can be associated with each AIMMPP state. At
the next finer time scale, each AMMPP state is decomposed into a new dMMPP that
matches the contribution of this time scale to the PMF of the state it descends from. In
this way, a child dMMPP gives a more detailed description of its parent state PMF. This
refinement process is iterated until a pre-defined number of time scales is integrated.
Finally, a dMMPP incorporating this hierarchical structure is derived.

The construction process of the hierarchical model can be described through a tree
where, except for the root node, each tree node corresponds to a dMMPP state and each
tree level to a time scale. A dMMPP state will be represented by a vector indicating
the path in the tree from its higher level ancestor (i.e. the state it descends from at the
largest scale, [ = 1) to itself. Thus, a state at time scale | will be represented by some
vector s = (81, 82, ..., 1) , $; € IN. Each AMMPP will be represented by the state that
generated it (i.e. its parent state), that is, AIMMPP? will represent the IMMPP generated
by state s. The root node of the tree corresponds to a virtual state, denoted by s = (),
that is used to represent the AIMMPP of the largest time scale, [ = 1. This dIMMPP will
be called the root AIMMPP. Thus, the IMMPP states in the tree are characterized by
8= (81,82,.,81),1 € IN,withs;11 € {1,2,..., N, },i=0,1,...,1 —1; here, s
denotes the sub-vector of s given by (s1, 52, ..., 55), with j < [s|, and 55 = (), where
|s| denotes the length of vector s. Note that, using this notation, a vector s can either
represent state s or the AIMMPP generated by s. Besides, the time scale of AMMPP? is
|s| + 1.
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Fig. 15. Construction methodology of the hierarchical AIMMPP model

Finally, let E® denote the set of time intervals associated with state s, i.e., with
dMMPP?. Using this notation, the set associated with dMMPP? will be E? =
{1,2,..., N}, where N is the number of time intervals at the smallest time scale.
Starting from EP, the sets E*® are successively partitioned at each time scale in a

hierarchical fashion. Thus, if states s and ¢ are such that |s| = |¢| = [ and s # ¢,
then E*NE*=0and |J E°= E®. Moreover, if state s is a parent of state ¢, that
s:|s|=l
ist=(s,j),then E* C E*and |J E®J) = Es,
j=1,..,Ns

The inference procedure is represented schematically in the flowchart of Figure [T6]
where the following three main steps can be identified.

A. Computation of the data vectors (corresponding to the average number of
arrivals per time interval) for each time scale
This step is equal to the one described for the superposition model.

B. For all time scales (going from the largest to the smallest one), calculation of
the corresponding empirical PMF and inference of a dMMPP that matches the
resulting PMF

Each dMMPP will be inferred from a PMF that represents its contribution to a particular
time scale. For the largest time scale, this PMF is simply the empirical one, but for
all other time scales [, | = 2, ..., L, the PMF represents the contribution of the time
scale to the PMF of its parent state. The contribution of a dIMMPP at time scale [
generated from state s corresponds also to the deconvolution of empirical PMFs, but
now calculated over the set of time intervals E®, at this time scale [ = |s| + 1 and
the previous time scale [ — 1 = |s|, i.e., f; (z) = [p>leH @~ p*I¢l] (z), where
p*! represents the PMF obtained from the data sequence D! (k), k € E*. Note that the
two empirical PMFs are obtained from the same set of time intervals but aggregated at



116 A. Nogueira et al.

¢ DY(k)

‘ aggregate data for all time scales ‘

inference of the dMMPP? parameters

2 %] (@, .
n°,A%, P2, E®)) j=1..,N,

construction of 5: M =1

inference of the dynppPt)
parameters

A
calculation of the empirical PMFs that
represent the contribution of each state to
time scale I+1

L 7595 5| =1
approximation of the PMFs by a weighted
sum of Poisson probability functions and
calculation of the parameters
75, 2)

1 A5, 5 [f] =1

identification of the time intervals assigned to
each state and calculation of the parameters

E) j=1,.,N,
PS5 [f]| =1

A
I=1+1

Yes

construction of the equivalent dMMPP ‘

I

Fig. 16. Flow diagram of the inference procedure of the hierarchical model

different levels. Once again, these operations may result in probability mass at negative
arrival rates for the dMMPP?, which will occur whenever min { : polsl (z) > 0} <
min {z : p*/#1*1 (z) > 0}. These results must be corrected using equation32] with (1)
replaced by s.

The number of states, N, and the parameters of the dIMMPP?, {(7er-7 )\JS-)7 j =

1,2,...,Ns}, that adjusts the empirical PMF f* (x) are calculated using the same
procedure described in step 3 of the M2%-dMMPP inference procedure.

The next step consists of associating one of the dIMMPP?® states with each time
interval of the arriving process. The set of time intervals associated with AMMPP? is
E* and the goal here is to partition E* into subsets E(*7) j = 1, ..., N5. Now, the state
assignment process considers only the first time interval of each 1-sequence, defined by
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i=ab sk —1) 4+ 1,k € IN,i € E*. The state that is assigned to I-sequence i is
calculated randomly accordlng to the probability vector 8% (i {95 )5, 0, (9) },
with

9xs (Dlslﬂ(i))

83
Yo gas (DIsI+1(i))

n (1) = (38)

forn =1,..., Ns.

The dMMPP® transition probabilities, p3,, 0,d = 1, ..., N, are calculated through
equationB34with (1) replaced by s. In this way, the transition probability and the Poisson
arrival rate matrices are also given by equations33and 36l respectively.

Figure [[7]schematically illustrates the main steps of the construction process for the
decomposition model, considering only the first two time scales. For the largest time
scale (scale 1), the empirical PMF is estimated and the dMMPP that best adjusts it is
inferred (dMMPPQ). Each time interval of the data sequence is then assigned to each
dMMPP state and the next step consists on estimating the empirical PMFs associated to
each state. For the next immediate scale (scale 2), the empirical PMFs associated to each
state will also be estimated and then they are deconvolved from the PMFs corresponding
to time scale 1 and to the same states. The dMMPPs that describe the contribution of
time scale 2 for the arrival process are calculated based on the PMFs that result from
these deconvolution operations.
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C. Calculation of matrices A and P of the d/MMPP that incorporates the hierar-
chical structure
In this step we have to construct a AIMMPP equivalent to the tree structure of AMMPPs
derived in previous steps. The goal is to incorporate in the model the level of detail
given by the finer time scale, so the equivalent IMMPP will have a number of states
equal to the number of states in smallest time scale of the tree structure, L. These can
be identified by s = (s1, s2, ..., S1.); each state is associated with its ancestor states
Sit1] = (51,82, ...,8i41),4=10,1,..., L — 1 of the IMMPP*".

Thus, the states of the equivalent IMMPP will have Poisson rates which are the sum
of the Poisson rates of its ancestors in the tree structure, i.e.,

L—-1
Aa =D N (39)
=0

The transition between each pair of states is determined by the shortest path in
the tree structure, going through the root dMMPP, that joins the two states. Any
pair of states descend from one or more common dMMPPs. The first one, at the
time scale with higher I, will be denoted by s A t = (s1, 52, ...,5k) Where k =
max{i:s;=1t;,7=1,2,...,i}.

We first consider the case of s # t. The probability of transition from s to £, ps ¢, is
given by the product of three factors. The first factor accounts for the time scales where
s and t have the same associated states and is given by

|sAt]—1 s
J
Dst = jl;[[) Psjy1,8541 \s A t\ £0 w0)
1,|sAt|=0

The second factor accounts for the transition in the time scale where s and ¢ are asso-
ciated to different states of the same dMMPP, which corresponds to pi\/;ituuﬂsmu'
The third factor accounts for the steady-state probabilities of states associated to ¢ in

the time scales that are not common to s and is given by

L—1
t.
ver= [ 2, (41)
j=|sAt|+1
where an empty product is equal to one.
Finally, for s # t,
Ps,t = st,tpzl/:itHl’tsAtJrlws,t (42)
In case s = t, it is simply
Ps,it = ¢s,t (43)

5.3 Efficiency Results

These fitting procedures were applied to the Kazaa trace, a trace measured at the
backbone of a Portuguese ISP network characterizing the downstream traffic from 10
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users of the file sharing application Kazaa. The Kazaa trace was measured on October
18" 2001, between 10.26pm and 11.31pm, and comprises 1 million packets with
a mean rate of 131140 packets/s and a mean packet size of 1029 bytes. This trace
exhibits self-similar characteristics and three different time scales were considered:
0.1s, 0.2s and 0.4s. Larger aggregation levels were also considered, with good fitting
results. Both fitting approaches were able to capture the traffic LRD behavior and the
agreement between the PMFs corresponding to the original and dMMPP fitted traces,
for the smallest, intermediate and largest time scales, was very good, as can be seen
from figures[I8] [[9and 20l These results were achieved with resulting dMMPPs having
about 288 states in the superposition model and 38 states in the hierarchical model.

Considering queuing performance, Figure 21l shows that PLR behavior is very well
approximated by the equivalent dMMPPs for both utilization ratios (p = 0.7 and p =
0.8). However, as the utilization ratio increases the deviation slightly increases, because
the sensitivity of the metrics variation to a slight difference in the compared traces is
higher. Thus, the proposed fitting approaches provide a close match of the PMFs at
each time scale and this agreement reveals itself sufficient to drive a good queuing
performance in terms of packet loss ratio.

The computational complexity of both fitting methods is small. This complexity, as
well as the number of states of the resulting dIMMPPs, is directly related to the level
of accuracy used to approximate the empirical PMFs at each time scale by weighted
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sums of Poisson probability functions. The performance of both inference procedures
is very similar. Thus, it is not easy to recommend one of approaches over the other
based solely on their associated performances. One argument that clearly favors the
hierarchical approach is that the numbers of states of the resulting IMMPPs are smaller
than the corresponding numbers for the superposition approach. This may be due to the
fact that in the hierarchical approach and as the time scale increases, AMMPPs are fitted
to successively smaller sets of intervals whose arrivals characteristics tend to increase
in homogeneity and, thus, tend to have associated a smaller number of states than the
dMMPP fitted through the superposition approach for the same time scale. However,
the contribution of each time scale for the characterization of the aggregate traffic
characteristics is interpreted in an easier and more natural way through the superposition
approach. Note also that, for the same number of states, a smaller number of AMMPPs
and corresponding parameters tend to be needed to compute the final AIMMPP using the
superposition approach than using the hierarchical approach.

6 Joint Characterization of Packet Arrivals and Packet Sizes -
dBMAP

The dBMAP jointly characterizes the packet arrival process and the packet size
distribution, being able to achieve an accurate prediction of the queuing behavior for
IP traffic exhibiting LRD behavior. In this process, that was firstly presented in [30],
packet arrivals occur according to a dMMPP (that can be any one of the previously
described models) and each arrival is further characterized by a packet size with a
general distribution that may depend on the phase of the IMMPP (Figure 22)). This
construction process allows having a packet size distribution closely related to the
packet arrival process, and is in contrast with the approach followed by [22] where
the packet size distribution is fitted prior to the matching of the packet arrival rates.
Lets consider that the packets have independent sizes, with the size of packets
arriving in phase ¢ having probability function ¢; = {¢;(n), n € IN}. If we let (X, J)

Fig. 22. Construction methodology of the BMAP model
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denote the IMMPP, on the state space INy x S and having parametrization (P, A), that
models the packet arrival process, then the byte arrival process (Y, J) is a dBMAP, on
the state space INy x S, satisfying equation 4] with

— l
gij(n Ze A lf g\ (n) (44)

for 7,7 € S and n € INy, where q( ) denotes de convolution of order [ of g;- Thus,
(Y, J) is a dBMAP on the state space INy x S, such that, for n,m € INp,

P(Yigr = m+n, Jipr = j[Ve =m, Ju = i) = py; Ze M qj” (45)

which we express by saying that (Y, J) has type-II parametrization (P, A, {q;, i € S}).
S is the phase set of the (Y, J) dBMAP.

The packet size characterization is carried out in an independent way for each state
of the inferred dIMMPP and involves two steps: (i) association of each time slot to one
of the AIMMPP states and (ii) inference of a packet size distribution for each state of
the dMMPP. In the first step, we scan all time slots of the empirical data. A time slot
in which k packet arrivals were observed is randomly assigned to a state, according
to the probability vector 0 (k) = {61 (k),...,0n, (k)}, where 6; (k) represents the
probability that the observed k packet arrivals were originated in state ¢ and Np is the
number of states of the IMMPP. This is given by

T gX; (k)
ijzBl T 9x; (k)

where A; represents the Poisson packet arrival rate of the dMMPP and 7; the
corresponding steady-state probability (as stated before, g (y) represents a Poisson
probability distribution function with mean \).

The inference of the packet size distribution in each state resorts to histograms.
The inference of each histogram uses only the packets that arrived during the time
slots previously associated with the state for which we are inferring the packet size
distribution. Note that some low-probability states may have no packets associated with
them, making impossible the packet characterization specifically for these states. We
associate a packet size distribution to these states that considers all data packets, i.e.,
the packet size distribution unconditioned on the IMMPP states. The histograms result
in the packet size distributions ¢; = {¢g;(n), n € IN},fori =1,2,..., Np.

0i (k) = (46)

6.1 Efficiency Results

Reference [30] evaluated the efficiency of a dBMAP where the packet arrival process
was modelled using the M2Z-dMMPP described in sectionHland the packet size process
was modelled using the procedure described in section [0l The UA trace was also used
to assess the efficiency of this traffic model, so the results of applying the M2~-dMMPP
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fitting procedure to the packet arrival process were already presented in section 4l The
packet size distribution is essentially bimodal with two pronounced peaks around 40 and
1500 bytes, presenting also non negligible values at 576 and 885 bytes. There was an
excellent agreement between the original and fitted packet size distributions (Figure23)),
leading to a good match between the original and fitted distributions of the bytes/s
processes.

For the dBMAP, four types of input traffic are considered in the trace-driven simu-
lation: (i) the original trace, (ii) a trace generated according to the fitted dBMAP, (iii)
a trace where the arrival instants were generated according to the fitted dAMMPP arrival
process and the packet size according to the unconditional packet size distribution of the
fitted dBMAP and (iv) a trace where the arrival instants were also generated according
to the fitted dMMPP arrival process but the packet size is fixed and equal to the average
packet size of the original trace. In order to analyze queuing behavior, we considered
a queue with a service rate of 700 Kbytes/s, corresponding to a link utilization of
p = 0.90, and varied the buffer size from 10 Kbytes to 60 Mbytes. As it can be
observed in Figure 24] there is a close agreement between the curves corresponding
to the original trace and to the trace generated according to the fitted 12-dBMAP, for all
buffer size values. In contrast, for the other two curves corresponding to traces where the
packet size is fitted independently of the packet arrival process, significant deviations
are obtained. Thus, detailed modeling of the packet size and of the correlations with the
packet arrivals is clearly required.

7 Conclusion

Accurate modeling of certain types of IP traffic involves the description of the packet
arrival process and the packet size distribution. This tutorial discussed the suitability
of Markovian models to describe traffic that exhibits self-similarity and long range
dependence behaviours. Three traffic models, based on MMPPs, were designed to
describe the packet arrival process by capturing the self-similar behavior over multiple
time scales: the first model is based on a parameter fitting procedure that matches
both the autocovariance and marginal distribution of the counting process and the
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MMPP is constructed as a superposition of L two-state MMPPs, designed to match
the autocovariance function, and one M-MMPP designed to match the marginal
distribution. The second model is a superposition of MMPPs, where each MMPP
describes a different time scale of the packet arrival process. The third model is obtained
as the equivalent to an hierarchical construction process that, starting at the coarsest
time scale, successively decomposes MMPP states into new MMPPs to incorporate the
characteristics offered by finner time scales. For all three traffic models, the number of
states is not fixed a priori but is determined as part of the inference procedure. In order
to closely match not only the packet arrival process but also the packet size distribution a
dBMAP was also presented and discussed: packet arrivals occur according to a AIMMPP
and each arrival is further characterized by a packet size with a general distribution that
may depend on the phase of the AIMMPP. This allows having a packet size distribution
closely related to the packet arrival process. The accuracy of the proposed models was
evaluated by comparing the probability mass function at each time scale, as well as the
packet loss ratio corresponding to measured traces and to traces synthesized according
to the proposed models. The accuracy analysis was based on traffic traces exhibiting
LRD and self-similar behaviors.

References

1. Leland, W., Taqqu, M., Willinger, W., Wilson, D.: On the self-similar nature of Ethernet
traffic (extended version). IEEE/ACM Transactions on Networking 2(1), 1-15 (1994)

2. Beran, J., Sherman, R., Taqqu, M., Willinger, W.: Long-range dependence in variable-bit rate
video traffic. IEEE Transactions on Communications 43(2/3/4), 1566—1579 (1995)

3. Crovella, M., Bestavros, A.: Self-similarity in World Wide Web traffic: Evidence and
possible causes. IEEE/ACM Transactions on Networking 5(6), 835-846 (1997)

4. Paxson, V., Floyd, S.: Wide-area traffic: The failure of Poisson modeling. IEEE/ACM
Transactions on Networking 3(3), 226244 (1995)

5. Ryu, B., Elwalid, A.: The importance of long-range dependence of VBR video traffic in ATM
traffic engineering: Myths and realities. ACM Computer Communication Review 26, 3—-14
(1996)

6. Grossglauser, M., Bolot, J.C.: On the relevance of long-range dependence in network traffic.
IEEE/ACM Transactions on Networking 7(5), 629-640 (1999)

7. Nogueira, A., Valadas, R.: Analyzing the relevant time scales in a network of queues. In:
Proceedings of SPIE’s International Symposium ITCOM 2001 (August 2001)

8. Heyman, D., Lakshman, T.: What are the implications of long range dependence for VBR
video traffic engineering? IEEE/ACM Transactions on Networking 4(3), 301-317 (1996)

9. Neidhardt, A., Wang, J.: The concept of relevant time scales and its application to queuing
analysis of self-similar traffic. In: Proceedings of SIGMETRICS 1998/PERFORMANCE
1998, pp. 222-232 (1998)

10. Yoshihara, T., Kasahara, S., Takahashi, Y.: Practical time-scale fitting of self-similar traffic
with Markov-modulated Poisson process. Telecommunication Systems 17(1-2), 185-211
(2001)

11. Salvador, P., Valadas, R.: Framework based on markov modulated poisson processes for
modeling traffic with long-range dependence. In: van der Mei, R.D., de Bucs, F.H.S. (eds.)
Internet Performance and Control of Network Systems II, August 2001. Proceedings SPIE,
vol. 4523, pp. 221-232 (2001)



124

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

A. Nogueira et al.

Salvador, P., Valadas, R.: A fitting procedure for Markov modulated Poisson processes
with an adaptive number of states. In: Proceedings of the 9th IFIP Working Conference on
Performance Modelling and Evaluation of ATM & IP Networks (June 2001)

Andersen, A., Nielsen, B.: A Markovian approach for modeling packet traffic with long-
range dependence. IEEE Journal on Selected Areas in Communications 16(5), 719-732
(1998)

Hajek, B., He, L.: On variations of queue response for inputs with the same mean and
autocorrelation function. IEEE/ACM Transactions on Networking 6(5), 588-598 (1998)
Feldmann, A., Gilbert, A., Willinger, W.: Data networks as cascades: Investigating the
multifractal nature of internet WAN traffic. In: Proceedings of SIGCOMM, pp. 42-55 (1998)
Feldmann, A., Gilbert, A.C., Huang, P., Willinger, W.: Dynamics of IP traffic: A study of the
role of variability and the impact of control. In: SIGCOMM, pp. 301-313 (1999)

Riedi, R., Véhel, J.: Multifractal properties of TCP traffic: a numerical study.
Technical Report No 3129, INRIA Rocquencourt, France (February 1997),
www.dsp.rice.edu/~riedi

Salvador, P., Valadas, R., Pacheco, A.: Multiscale fitting procedure using Markov modulated
Poisson processes. Telecommunications Systems 23(1-2), 123-148 (2003)

Nogueira, A., Salvador, P., Valadas, R., Pacheco, A.: Fitting self-similar traffic by
a superposition of mmpps modeling the distribution at multiple time scales. IEICE
Transactions on Communications E84-B(8), 2134-2141 (2003)

Nogueira, A., Salvador, P., Valadas, R., Pacheco, A.: Modeling self-similar traffic through
markov modulated poisson processes over multiple time scales. In: Proceedings of the 6th
IEEE International Conference on High Speed Networks and Multimedia Communications
(July 2003)

Nogueira, A., Salvador, P., Valadas, R., Pacheco, A.: Hierarchical approach based on
mmpps for modeling self-similar traffic over multiple time scales. In: Proceedings of
the First International Working Conference on Performance Modeling and Evaluation of
Heterogeneuous Networks (HET-NETs 2003) (July 2003)

Klemm, A., Lindemann, C., Lohmann, M.: Traffic modeling of IP networks using the batch
Markovian arrival process. Performance Evaluation 54(2), 149-173 (2003)

Gao, J., Rubin, I.: Multifractal analysis and modeling of long-range-dependent traffic. In:
Proceedings of International Conference on Communications ICC 1999, June 1999, pp. 382—
386 (1999)

Lucantoni, D.M.: New results on the single server queue with a batch Markovian arrival
process. Stochastic Models 7(1), 1-46 (1991)

Lucantoni, D.M.: The BMAP/G/1 queue: A tutorial. In: Donatiello, L., Nelson, R. (eds.)
Models and Techniques for Performance Evaluation of Computer and Communication
Systems, pp. 330-358. Springer, Heidelberg (1993)

Pacheco, A., Prabhu, N.U.: Markov-additive processes of arrivals. In: Dshalalow, J.H. (ed.)
Advances in Queueing: Theory and Methods, ch. 6, pp. 167-194. CRC, Boca Raton (1995)
Veitch, D., Abry, P.: A wavelet based joint estimator for the parameters of LRD. IEEE
Transactions on Information Theory 45(3) (April 1999)

Feldmann, A., Whitt, W.: Fitting mixtures of exponentials to long-tail distributions to analyze
network performance models. Performance Evaluation 31(3-4), 245-279 (1997)

Osborne, M., Smyth, G.: A modified prony algorithm for fitting sums of exponential
functions. SIAM J. Sci. Statist. Comput. 16, 119-138 (1995)

Salvador, P., Pacheco, A., Valadas, R.: Modeling IP traffic: Joint characterization of packet
arrivals and packet sizes using BMAPs. Computer Networks Journal 44, 335-352 (2004)


www.dsp.rice.edu/~riedi

	Markovian Modelling of Internet Traffic
	Introduction
	Notions of Self-similarity and Long-Range Dependence
	Background on Markovian Models
	M2L-MMPP - A Second-Order Self-similar Model
	Efficency Results

	Distributional Self-similar Models
	Superposition Model
	Hierarchical Model
	Efficiency Results

	Joint Characterization of Packet Arrivals and Packet Sizes - dBMAP
	Efficiency Results

	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




