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Talk Overview

© Brief introductionto power laws and the internet.

Q Six simplewaysto model internet tratc (usuallywith MCs).
© Testsusinga very simplequeuingmodel.

© Compae with freely availablereal internet data sets.

o Validate simplestatistical modelsof internet tratc against
real data.

@ Show that modelscan capture most important statistical
parametersof data.

@ Show that modelscan producetratc with the samequeuing
perfamance.
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Overviewof Power Laws

© Heavy-Tiled Distribution | Extremevaluesare more
commonthan expected.

Q@ Statistical Self-Similaity | Data looks\the same"at all
aggregations.

© Long-RangeDependenceg carelationsin data last a long
time.

© Scale-fFee Networks | Network with some\highly
connected"nodes.

Heavy » Long-Range
Tails Can Cause | Dependence

o Diagramshaws relationships

A
=apel betweenthesepower laws.
Example of parms
v @ There may be other
Scale-Free Statistical relationshipsto be discovered.
Networks Self-Similarity
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Long-Rangéependence

De nition of Long-RangeDependence

A Weakly—stationay time seriesis saidto be long-rangedependent
(LRD) if the sum &=i1 j“4k)j divergeswhere£k) is the
autocarrelation function. Often a speci ¢ form is assumed

1%k) » Cki ®;

where» meansasym. equalask! 1 ,C> 0and®2 (0;1) are
const. Hurst parameterH = 1§ ®22 (1=2;1) is common
measureof LRD.

@ In 1993LRD (and self-similaity) wasfoundin bytes/unit time
on LAN [Lelandet al '93].

o The Hurst parameteris \a dominantchaacteristicfor a
number of paclet tratxc engineeringoroblems" [Erramilli '96].

@ MeasuringH in real data is a real pain [Clegg'06].



The Tratc Models

ModelsUsed

@ Simpleand tractable paclet generationmodels.
@ Modelsare \clo cked" and\binary". Fixedwidth paclkets
generatedat timesn¢t : n2 N.

o GeneratingModels (listed in chronologicalorder):
© Poissonprocess(strictly speakingBernoulli process).
@ Fractional Brownian Motion model.
© Wangmodel [Wang'89] | Markov Modulated process.
@ PseudoSelf-Simila Tratc (PSST) [Robert et al '97] | MMP.
@ Arrowsmith/Barenco[Barenco& Arrowsmith'04] | MMP

(no resultsgiven)

@ Clegg/Dadson[Clegg& Dodson'05]| MMP.

Generating Binary Time Series
Off On On Off On On On Off Off On

S N [

Packets and inter-packet gaps

model




The Tratc Models
The Markov Model

OFF , ON

(]

This is topology of Wang and Clegg/Dodsonmaodels.
If fX;:t2Ngis generat(edoy chainthen generate

0 Xt =
1 otherwise

(]

Ytz

(7]

The f; are trans. prob. and the % equilirium densities.
Want simplevaluesof f; to work with.

Chaoosef; soreturn times have heavy-tailsand get binary
serieswith LRD [Heath et al 1998].

e ¢



Clegg/DadsonModel

OFF 3 ON
5 fo
g fa2
f
fo (of “ ® ® : @ i

Transition Probabilitiesfor this Markov model

o Twopams®and?! = 1 Y if ergadic
(simple condsknown).

o Find fy suchthat *, % » Cki ©.

HAK @) 2(k+ 1) ®+ (k+2) ®] k>0
LYy 21 €] k=0

fk:

Yo

From balanceequations¥% = Y41 + fx%.

Thus% = Y% =, fi. (Note, if k = O this says¥p = Ya).
For k> Othen% = (1i Y)ki ®j (k+ 1)i ®].

Hence [, %= (1i Ye)ki ®for k > 0 asrequired.
Formal proof of LRD exists(H relatedto ®).

Wang model simila but f; di®erent.

¢ 6 6 ¢ ¢ ¢



The Tratc Models

Pseudo-Self-Simildratc Model (PSST)

ON ., OFF

o Introducedin [Robert et al '97] no proof of LRD.

o Parameters:q relatesto meana hasno obviousinterpretation.

2 3

9§ 0 2222
— i ag .
P_glgz 0 8§ '
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Arrowsmith/BarencoModel

i

@ Generalclassof modelsdescrited in [Barenco& Arrowsmith
'04] proof of strong result giving LRD.

e Think of asdouble-sidedrersionof Wang topology
@ Canset heavynes®f tail for ON and OFF periods.

@ CoulduseWang or Clegg/Dodson probabilitiesbut thearetical
issuescauseproblemwith meanof tratc and stability (no
resultshere)

[ .-

B

@ This shouldnot be taken as criticism of this family of models.
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QueuingModel

@ Assumea singleFIFO serverwith anin nite bu®erand output
bandwidthb.

o Takestime |I=b to processa packet of lengthl.
o If | is constantthen this is a G/D/1 type queue.

o MeasureE|[q] the expectedqueuelength (in packets or in
bits) asfunction of b.

@ Input to the queuemaybe from \real" traxc tracesor from
models.

Queued packets

Input packet train Output packet train
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RealTratc Traces

@ 100,000packets from two real life traxc sourceswhich give
times and paclet lengths.

o Establishbasecase| usearrivalstimesand lengthsasinput
to queue.Pick b to get approx 10% occupancy

o Get\digitised" versionof real data by only allowing output of
xed | bit paclets at timesn¢ t.

@ All modelsare two parameter(exceptBernouilli) | try to
match base! (and hencevar) and H.

CAIDA OC48data (H = 0:6) Bellcae data (H = 0:8)
o Data from April 2003. @ Much belovedhistaric
o High speedlink (2.45 data (Aug 1989).
Gbls). o Availablefrom:
@ Availablefrom: ita.ee.Ibl.gov/html/

www.caida.org/data/passive .  contrib/BC.html
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Bellcae digitisation(by paclet)
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Bellcae digitisation(by bits)
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Results
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The next four blocks of 100,000packets on Bellcae (raw data

gueuingperfamance).
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Conclusions

@ LRD is a nuisanceto work with (poor convergencef mean,
hard to measureH) is it fundamentalanyway?

o Theaetical studiesmay havebeenlooking at the \wrong"
occupancylevels.

o All modelsmatchedmean(sat of) and Hurst once
aggregatedexceptPSST).

@ The PSST modelis verypeculia | | neededto usethe
reverseof it anyway. (Non-Hurst LRD?)

o No modelswere evencloseto matching queuingbehaviour.

o Getting a simplemodel to match queuingperfamanceis very
dizcult.

o Realtraxc is variable in ways which simplemodelscannotbe.
o Hurst parametercan be \naughty" or \nice" [Neidthardt '98].
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Whereto now?

@ Multi-parametermodels? (Multi-fractal waveletmodel?
Variants of Arrowsmith/Barencomodel?)

s Pro: Capturesmore parametersof tratc.
s Pro: Mathematicsis interesting.
@ Anti: Mathematicsis much more ditcult (accuracyversus
understanding).
@ Closedloop models?
s Pro: Capturesimportance of TCP feedbackmechanism.
o Anti: Likely to be mathematicallyintractable.
e Anti: Doescomplexsimulationgain us understanding?
o What am | missing?(Userbehaviour?Network behaviour?
Misunderstandingheary?)

o De nitely more reseach required
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This talk, the author's papersreferredto above and the software usedare all
availableonline at:

www.richardclegg.org/
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