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Abstract

Several research studies have shown the omnipresence of Long-Range Dependence (LRD) in
Local Area Network (LAN) traffic, Wide Area Network (WAN) traffic, and Variable-Bit-Rate
(VBR) video traffic [BSTW95], [LTWW94], [LTWW95].

In this paper we present a framework for modeling VBR trallic based on semi-Markov
processes. We propose an algorithm based on a simple clustering method to build semi-Markov
models for computer network traffic modeling. We introduce our novel mechanism by giving
its detailed algorithm, and later analyze its performance by means of simulation. We reveal
the efficacy of the proposed method for Long-Range Dependence (LRD) traffic modeling under
realistic buffer sizes, and compare the performance of a real computer network Variable-Bit-
Rate (VBR) traffic trace with the synthesized traces obtained using our mechanism.

1 Introduction

In recent years, there has been significant attention paid to computer network traffic modeling.
This research has increased tremendously since the discovery of Long-Range Dependence (LRD)
in real computer network traffic streams [LTWW94]. In [LTWW94] several traces of real computer
traffic were collected over a three year period from both Local Area Network (LAN) and Wide
Area Network (WAN). When they were analyzed they revealed what is now commonly known
as LRD. But what does LRD mean? Simply, and with a high level of abstraction, LRD states
that “things that happen far apart cannot be considered independent”. Later, we will give
several mathematical characterizations of LRD. After the first results published revealing the
omnipresence of LRD in computer network traffic streams, other research studies where done and
similar results obtained [GW94]. An example of such a stream is the one from the Star Wars
movie encoded using the MPEG standard.

When modeling computer network traffic, it is important to identify the various types of traffic
that are found in today’s networks and the quality of service (QOS) expected by the user.

It is clear that the difference in network traffic modeling lies not only on the type of data
being transferred (e.g. voice, video, data) or whether the data being transferred is encoded or
not, but also on the QOS required by the user. As noted, there is a relationship between the
QOS (that concerns the user), and resources that need to be allocated in order to guarantee the
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Figure 1: The main fundamental constraints in ATM networks [CG96].

service required (that concerns network management). Unfortunately, there is an inverse relation
between QOS and network utilization (e.g. resource allocation), in other words, as utilization
increases, overall delays increase which adversely affects the QOS of the users. Both Short-Range
Dependence (SRD) and LRD phenomena may impact this utilization/QOS trade-off, so it is
important to use traffic models that appropriately represent both factors.

Before proceeding, we emphasize two different aspects of network performance: i) network
management, and ii) user requirements. We will later reveal their importance to the concept of
traffic modeling. We identify three fundamental constraints [CG96], each constraint affects overall
network utilization, or the user performance (i.e. QOS). These three main constraints are:

1. (Maximal) Delay constraint.
2. (Maximal) Loss constraint.

3. (Minimal) Utilization constraint.

Figure 1 shows the constraints graphically'. It is important to keep these constraints in mind
when designing computer network traffic models.

2 Long-Range Dependence in Traffic streams

In the introduction we gave a brief description of LRD, we now present the concept of LRD from
a mathematical point of view. There are several ways to describe the concept of LRD, we briefly
present some methods, more details can be found in [LTWW94].

Let X = {X; :i > 0} be a wide-sense stationary random process. X is LRD if the variance of

its aggregate process Xz-(m)decreases slowly. This can be checked by the variance-time plot. The

IThroughout this paper ”frame” refers to ”frame-time”=;second.
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variance of the aggregate process Xz-(m) , is defined as the variance of the number of observations in

the new process Xz-(m) : Xi(m)is obtained by averaging the original process X over non-overlapping

blocks of size m; that is, Xi(m) = 'r}T( im—m+1+ ...+ Xim), © > 1. Mathematically for a process
to be LRD we require Uczr(Xz-(m)) ~Cm P asm —o00,0< D < 1. where D=2—2H. H is
known as the Hurst parameter. For a process to be LRD we require 1/2 < H < 1. Since we have
D=0 for H=1,and D =1 for H = 1/2, the presence of LRD can be determined by the slope
of the variance-time plot; a slope of 0 (i.e. H = 1) will indicate strong LRD while a slope of -1
(i.e. H =1/2) indicates the absence of LRD, that is, the process is SRD.

Other conditions that can be used to test a random process for LRD include; testing the
autocovariance function y(k), the power spectral density f(w), or the mean of its rescaled adjusted
range R(n)/S(n). Mathematically, we require y(k) ~ Cok™? as m —s 00, 0 < D < 1, this can be
checked by the empirical autocorrelation function. f(w) ~ Csw™® asw — 0, 0 < a < 1, this can
be checked by the peridiogram. Finally, E[R(n)/S(n)] ~ Cyn H as n — o0, 1/2 < H < 1, this
can be checked by the rescaled adjusted range plot (also called the pox diagram of R/S)[BSTW95].
Note that: D =1 — a. See [BSTW95], [GW94],[LTWW94], [LTWW95] for more details.

In our simulations we will look at the variance-time plot, and other tools we later describe.

3 Basic Clustering Method and Traffic Models Proposed

In this section we introduce the notion of clustering; we first give a generic clustering algorithm,
and later introduce the data we wish to cluster.

3.1 How to cluster data

For the time being we introduce the general clustering algorithm, later we will describe the actual
data used in our experiments, and see how the clustering method can be used to build the proposed
traffic models.

Clustering of data, is performed in the following way:

Algorithm 1 (Clustering)
1 begin read the first sample z1, set Cy «— x1, ny < 1, and inilialize Threshold;?
2 do read the next sample x;

3 do for all clusters j (with centers C;)
4 if there evist a distance, d;;, from z; to C; less than the threshold of cluster j,
that is;

‘iij = “.’L‘z —_ CJ” < Th.resholdj

then select cluster j having the smallest d;;
end for
if cluster j (steps 4, 5) is found then
update the center of cluster j by:

3 D™

1
Cj ] {n;Cj + =}

7

2A description of the method we use to calculate the threshold is given in section 4.



where n; = total number of samples in cluster j before adding z:;.

9 update nj +— nj + 1
10 update Threshold;
11 else form a new cluster as performed in 1

12 until end of stream (or for a reasonable time enough to characterize traffic)
13 end

In our experiments we used a stream of VBR video traffic, and converted the stream repre-
senting bits/frame to 53 byte ATM cells/frame. We left the measurement rate of 24 frames/sec
unchanged. Hence, clustering is performed per-frame. The stream of the full-length Star Wars
movie used was originally coded using the MPEG standard measured at frame resolution. Since
this known stream resembles real VBR traffic, we choose it to verify the efficacy of the proposed
model. Note that this stream is bursty and exhibits LRD as will be shown later.

3.2 Clustering method and Markov Modeling

In this section we describe the method we use to build a pure Markovian model based on the
clusters obtained by the algorithm just described.

The data stream represents a sequence of random events, we will therefore specify the analogy
of the clustering method to a Discrete-Time Markov Process (DTMP). As part of the clustering
process described above, we also maintain the cluster transition history by the matrix 7" which
specifies the number of transitions ¢;; from cluster ¢ to cluster j Vij.

The analogy with the DTMP is now clear and easy to formalize. The mapping is done as
follows:

e The number of states of the DTMP «— Number of clusters.
e The average input rate generated in state ¢ «— Final location of the cluster center Cj.

e The transition probabilities P;; between states i, «—— Zigj Vij.
K]

Throughout this paper, we will use the terms cluster and state (i.e. state of the Markov or
semi-Markov chain) interchangeably.

3.3 Clustering Method and Semi-Markov Modeling

We are now ready to define the steps required to build a Semi-Markov Process (SMP) using the
clustering method. We would like to mention that a SMP in not Markovian, in other words,
a SMP may or may not be SRD depending on the holding-time in each state, for more details
see [Nel95]. A SMP is a generalization of a Markov chain. In such a process we include a pdf
to specify the state holding time in each state. Note that if the state holding time follows the
geometric or exponential distribution, we would then have a Markov chain. Any other pdf yields
to a SMP. In this study, we use holding times distributed according to a Pareto distribution (other
holding time distributions could be as well used).

In order to model the holding time H; for any state j of the semi-Markov chain, we need
a sequence of random events representing these holding times. Let z;; be the random variable
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counting the number of j — j transitions in a single visit to state j, and m; be the number of
visits to state j observed during the trace, in other words, define {Xomgg ) =150 - y Tmy;,j+

To estimate the parameters of a pareto pdf defining the holding-time of state j of our SMP,
given {ij _j}, we use the method of maximum likelihood.

The pareto pdf is defined as follows [AFT98]:

f (| aj,k;) = akiz= (@t aj, ki >0, z > k; (1)

where aj, k; are the pareto parameters and the subscript j refers to cluster j.
Hence, the likelihood of o is:

m;
tik(az) = [ [ f (wig | s ks) (2)
i=1
and the log-likelihood of o is:
m;j
[(ay) =Y log f (wi | oy, ks) (3)
i=1
solving a%jl (aj) =0 for a; we get:

'ﬂ?.j Vj (4)

AMLE = 7 —
> logxi; +mjlogk;

=1

where k; is an estimate of k; that can be found solving for k; numerically using Newton’s
method [PVTF92).
We adjust the transition probabilities F;; to eliminate the self loops by:

P"I' ¢ ‘
Py =14 (-Fi) ki :'é‘? (5)
0 Yi=7]

The SMP described operates in the following fashion:

1. After entering state i, find the holding time H; that the process spends in state ¢ before
moving to the next state j.

2. Select the next state j # ¢ where the transition is to be made.

This is the simplest definition for operating a SMP. In our simulations we used this definition,
however, we would like to describe another that requires further investigation:

1. After entering state 7, select the next state j # ¢ where the transition is to be made.

2. Find the holding time H;; that the process will spend state 7 before moving to the next
state j (where H; ; is defined as the holding time in state ¢ given that the next state is j).

In this definition, the state holding time depends on the next state transition, in other words,
several pdfs define the holding time in a given state. Intuitively, we believe this approach would
yields better modeling results.



4 Simulation Results

We use the algorithms described in section 3.1 to build both DTMPs and SMPs by using the
VBR video stream from the Star Wars movie, and analyze our results by simulation. We compare
several aspects of the original and model generated streams, including, Cell-Loss Rate (CLR)
under different network scenarios. We will also compare the behavior of the streams by the
Leaky-Bucket Contour plot (LBC) [LNR94]. For the LBC plot method, there are several regions
of interest as described in [CG96] see Figure 2. The three main regions are: i) LRD dominant
region, ii) SRD dominant region, and iii) Marginal distribution dominant region. Notice that
in the clustering method, we produce a processed stream creating a smoothed version of the
original. The resulting stream will vary in number of clusters depending on the threshold size of
the clusters.

The threshold of a given cluster can be fixed (e.g. Parzen-window method), or made sensitive
to the location of the cluster (e.g. k-nearest-neighbor method), for more details see [DH73].
In our experiments we use the latter approach® by setting the threshold as: Threshold; «—
Min[A + (% % Cj), threshmax|, where A, B, and threshpy.y are set before each simulation run.
C} is the center of cluster j. Since the threshold is set according to the cluster center, we obtained
larger thresholds for higher values of Cj; this helped compensate the larger variability for the
higher levels. In our experiments we adjusted A = [5,15], B = [10,20], and threshp.x = 90.
From several simulation runs we found that approximately eight clusters gave good results to
characterize the original stream. We later show the similarity of the processed stream compared
to the original one, and show that the only difference is in the marginal distribution. In other
words, both the original and the smoothed stream are similar in terms of LRD and SRD as the
LBC plot will verify. The use of eight quantized levels (clusters in our case) to provide an accurate
representation of the stream agree with results reported in [SS93].

4.1 Matching Mean, Variance, and CLR

Table 1 summarizes some statistical results from our experiments.

Trace Samples | Mean | Peak/Mean Ratio | Variance | States
MPEG stream 174136 | 36.289 12.015 1835.554 | 353
Processed stream | 174136 | 35.914 11.305 1836.113 8
DTMP stream 174136 | 35.725 11.756 1815.807 | 7-12
SMP stream 174136 | 26.124 15.962 1225.562 | 7-12

Table 1: Statistics of the real and synthesized data traces.

The 353 states (or quantized levels) resulted from converting the original stream to ATM
cells. In addition, the range in the number of states for the DTMP and SMP stream is due to
the fact that several experiments were conducted each with slightly different cluster size. We
would also like to mention that we used a deterministic process while in the DTMP/SMP state.
We can, however, observe that both a deterministic and a Poisson process would produce similar

3Informally speaking, our approach is an intermediate between the two methods since we adjust the size of the
threshold during training. This is known as the ”Relaxation method”. See [DHT73].
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results by comparing the original and processed stream. We observe that the performance impact
(e.g. Cell-Loss Rates CLR) is due to: a) number of states, b) transition probabilities F3;, and
¢) holding-times H;. The high-frequency component, on the other hand, has only a marginal
impact.

We can see from Table 1 that the simple statistics from the DTMP closely matched the average
statistics from the original stream. However, we need to investigate the behavior of the streams
since we still have no indication of the correlation structure. We further analyze the streams by
comparing CLR for different buffer sizes and capacity values, to compare the effects of Long-
Range Dependence (LRD) and Short-Range Dependence (SRD). Figures 4, 5, and 6 show the
CLR obtained in our simulation. We applied all four streams to a simple FCFS single queue
single server system, see Figure 3.

In Figure 4 we used a small buffer size for the wide range of capacity allocation (Maximum
Queueing Delay (MQD)=24.5—45 ms), all streams seem to match the behavior of the original
stream well due to: a) the effect of SRD is pronounced; or b) we see little effect from LRD. There-
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fore a well designed SRD Markovian model gave good results under these operational conditions
(i.e. relatively small buffer).

In Figure 5, we fixed the link capacity to 60 cells/frame (=600Kbps) and showed results over
a wide range of buffer sizes (MQD=27—350ms). As the buffer size increases, the effect of LRD
become more pronounced making the pure DTMP fail to model the original stream. On the
other hand, the SMP model gives better results as expected. We reemphasize the importance of
realistic buffer sizes used in simulation due to the QOS expected by the users since as we know,
buffer sizes are finite and often small in a real life computer network. More results showing the
dominant effect of short-term correlation on CLR can be found in [RE96]. We see, therefore, the
efficacy of the proposed semi-Markovian model for VBR traffic modeling.

To validate our results we conducted additional experiments for realistic values of buffer sizes
and link capacities. Figure 6 shows results obtained using a link capacity of 250 cells/frame
~2.5Mbps) and ranges from 10 to 120 cell buffers (MQD=2—20ms). We can clearly see the good
match from the SMP model.

4.2 LBC and VT plots

To fully investigate the behavior of the proposed model we present results obtained by the Leaky-
Bucket Contour plot (LBC) [LNR94], as well as a variance-time plot for all our streams.

Figures 7 and 8 show additional results obtained analyzing our four streams of real and
synthesized data. In the LBC plot of Figure 7, we assumed the buffer to be infinite (i.e. CLR=0)
and the simulation records the maximum buffer occupancy for a range of link capacities; as in
[CG96] we plot capacity versus the buffer-empty-time (7°) which was found by T'= B/C, in other
words T is simply the MQD measured in frame time (i.e. MQD = T'/24 in our case). Figure 7
shows that all streams are matching in part of the SRD dominant region, however, the DTMP -
being a pure Markovian process - failed, as expected, to match the original stream in the LRD
dominant region. The SMP with non-memoryless state holding times gave better results and
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appears to match some of the correlation structure of the original stream. It is important to
remember, however, that the maximal delay and minimal unitization constraints found in real life
networks restrict the allowable region for capacity allocation and buffer sizes. As shown in Figure
7, the lower and upper bounds separating the three regions is equivalent to a MQD=24.167ms and
416.67ms, respectively. We believe, therefore, that the proposed semi-Markov model mimics well
the behavior of a real VBR traffic stream under realistic operational scenarios.

Figure 8 shows that the SMP is in fact more bursty in nature than its counterpart Markovian
model, we can see that the stream generated by the SMP captured more of the correlation of the
original stream. The DTMP, being inherently SRD, quickly looses its correlation as revealed by
a slope of -1 (i.e. H = .5).

Finally, Figures 9 and 10 depict the actual traces. In Figure 9 we show a small segment of
the original and processed trace showing the eight quantized levels. In Figure 10, we show the
original, DTMP and SMP trace plotted at different time scales. It is clear that both the SMP
and Star Wars trace appear to be more bursty and much more similar compared to the trace
generated by the DTMP.

5 Conclusion

From results obtained by simulation, we conclude that the proposed clustering method enabled
us to create accurate models for Variable-Bit-Rate (VBR) traffic modeling in computer networks.
We used a similar algorithm to build semi-Markovian models and found it to be simple and
efficient. Results showed that under realistic operational network scenarios, the impact of Long-
Range Dependence (LRD) to determine the Cell-Loss-Rate (CLR) is not of practical importance.
We showed that the use of well designed semi-Markovian models can give satisfactory results for
computer network traffic modeling and performance evaluation.

We believe that there are still several issues that requires further investigation. Among those
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are how to formalize an efficient way to define the cluster sizes for best matching a given stream.
We would also like to propose the use of different pdfs for state holding times, to see their goodness
of fit by means of statistical tools such as the Quantile-Quantile plot [LK91]. We also propose
using the data obtained by the clustering method to directly specify an empirical distribution for
the modeling of state holding times. As described in Section 3.3, we propose the use of conditional
probability for modeling state holding times.

We would also like to mention the possibility of utilizing the proposed clustering method with
the Hidden Markov Models (HMM) described in [RJ93]. We propose the use of the clustering
method to identify the number of states in the Markov chain and corresponding average rate for
each state, and then use the theory of HMM to find the transition probabilities.
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