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9 Previous work:
Traffic modelling and delay distributions
Network traffic shows self-similarity and long-range dependency.

Current traffic strategies search for models compliant to these
empirical properties: fBm, fARIMA, FSD, etc.

When inputting such traffics into routers, the queue distribution
exhibit heavy-tail distributions. Such distribution can be
approximated to Weibull for the particular case of {Bm.

Such result has been previously validated in a single hop scenario.

Our aim is to model multiple-hop (or end-to-end) delays with a

combination of several Weibull distributions.
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The Weibull distribution
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11 Mixing Weibull distributions:

Problem statement

Let us assume we are given a sample of NV delay measurements
X = |21, ..,2n], which are supposed to be drawn from M Weibull
distributions: [p(x|01), .., p(z|0n)]

The result is: p(x|model) = Z‘l\il a;p(x|6;)

J

a; = weight of the j-th component of the mixture. Obviously,
Zj a; =1

0; = |rj, s;] shape and scale parameters of the j-th Weibull
distribution

Finding o and 6 appropriate to best fit delay histograms
represented by the measurements sample x
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12 Mixing Weibull distributions:

Expectation Maximisation

e To proceed, second random variable y, referred to as labels, is

necessary to complete the problem formulation.

e p(y; = jlz;, ©) = the probability of data x; being drawn from the

j-th component of the mixture. Obviously,

— p(xi|lys = 7,0) = p(x;]6;), and
- p(y: = J|O) = ¢

e With this formulation EM defines an iterative procedure to
obtain the maximum likelihood estimates, based on two steps:

— E-step: Q(0,0®) = Ellog L(O|z,y)|x, 0]
— M-step: e+l — arg maxe Q(@a @(t))
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14 Mixing Weibull distributions:

EM applied to mixtures of Weibull distributions

1. Computing parameters: 2. Updating hidden probs
N :
aj = 3 2imy P = jlz:,©)

a;p(x|0;)

SP . 1 g
o (Zﬁvzlxijp(inJlxi,@)) /59
> i1 p(yi=jlz:,0)

p(yi = jlz;, ©) = Sl akp(zi|0k)

J e d _
i=1 (T;j _1) log (jf_;)p(yi:ﬂxia@)

2

Table 1: EM procedure for mixtures of Weibull distributions.
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e Matching error = E(};:Sgir;()dem x 100%

http://www.ripe.net
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Results
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— s concerns tail behaviour: the smaller the slower the tail
decays.

e Expectation Maximisation is a suitable algorithm to find the

parameters defining such model, both easily and optimally.
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