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Abstract

Packet lossesarecommonplacever the Internet,andcanseverely affect the quality of delaysensitve multi-
mediaapplicationsin thecurrentinternetarchitecturet is upto theapplicationto reactto the percevedcongestion
level in the network. The ability of the applicationto reactis enhancedy the availability of simpleandefficient
lossmodels. Traditionally, Markov chainmodelshave beenproposedor modelingof the dependengin paclet
loss.In this paperwe establisithe dravbacksof usinga Markov chainmodelandinsteadoropose¢hemoregeneral
Markov treemodelfor modelingthe temporaldependeng Markov treemodelsareanexampleof universalmod-
els. In universalmodeling themostappropriatenodelfor the obseneddatais choserfrom a collectionof models.
The descriptionlength of the datawith respecto a modelis usedasthe performanceneasureso thatthe model
which givesthe minimum descriptionlengthfor the datais chosenasthe bestmodel. The minimum description
length principle reflectsthe compleity of the modeland hencepreventsoverfitting of the databy too comple
models.Our resultsshav the advantageof usingthe Markov treemodel.
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|. INTRODUCTION

Increasingraffic on the network hasled to pacletlossesanddelaybecomingcommonplace
over the Internet. Theselossesanddelay cancauseseseredegradationin the quality of delay
constrainednultimediaapplicationssuchasaudio/videaconferencingandlive streaming With
the currentinternetarchitecturenot offering any guaranteen quality of serviceit is uptothe
multimediaapplicationto adjustto the perceved congestiorevel in the network andensurea
suitableend-usemquality. The applicationscando so by performingrate control, for example
by adaptingtheir encodingrate(bits persample)[1], or by changingthe numberof layersthey
will send[2], and(or) performingerror control by adjustingthe relative allocationbetweerthe
sourcecodingandchannekodingbits [3], [4]. For suchadaptve applicationst is importantto
have simplepacletlossmodelsthat canbe parameterizeth anon-linemanner5]. Theseloss
modelallow theapplicationto adopt,with minimal delay the optimal strateyy, e.g.,the optimal
transmissiorratethatwould minimize the expecteddistortionat the decodergiventhe present
conditionof the network.

A numberof studieshave shovn thatpacletlossesexhibit afinite dependenca time[5], i.e,
the probability of the currentpaclet beinglost is dependentiponwhetherthe pastfew paclets
have beenreceved or lost. Specifically if alost paclet is representedby the symboloneand
areceved paclet by the symbolzero,thenthe paclet loss processcan be modeledasa finite
memorybinaryrandomprocessi.e.,abinaryMarkov processTheseprocessesanbemodeled
by a finite memorybinary model,wherethe probabilitiesof the next symbolbeingoneor zero
are conditionedon a function of a finite numberof contiguouspastobsenations. An example
of suchamodelis the binaryMarkov chainmodel[5]. In a Markov chainmodelof orderk, the
“context”, i.e.,thefunctionof the pastobsenations,of a symbolis the stringof pastk symbols.
Thusthereare No = 2* contets in this modeleachwith its own conditionalprobability. An
adwantageof the Markov chainmodelis thatafinite statemaching(FSM) canbeassociateavith
it, whereeachstatecorrespondso a context andthe associated¢onditionalprobabilities.Given
the presentstate,and the statusof the currentdatapaclet, lost or receved, the machinecan
transitto the next stateaccordingto the FSM rules. Hencethesemodelsareeasyto implement
andareusedin mary multimediascheme$1], [3].

However whenfitting Markov chainmodelsto the databy estimatingthe conditionalprob-
abilities of the contexts, a numberof difficulties arise[6]. In a chainmodelif the orderof a
modelis increasedo find abetterfit thereis acorrespondingxponentiaincreasan thenumber
of states.This increasdn stateswill notonly increasehe complexity of the systembut more
importantly“overfit” the data,aderselyaffectingthe performanceof the model. An example
of overfitting of datais “context dilution” [7] which occurswhenthe sourcestatisticshave to
be spreadovertoo mary contexts leadingto inaccurag in the correspondingstimates.

Let ustake a concreteexample the Markov chainmodelof order3 for trace-27(Sectionll) is
shovn in Tablel. The countsin thetable,onefor eachsymbol,0 and1, arethe numberof time
the symboloccursfor the given context, e.g.,in the tracethe numberof timesa paclet is lost
(symbol1), giventhatthe lastthreepaclets have beenreceved (contet 000), is 3700. These
countscanbe usedto calculatethe conditionalprobabilitiesfor the given context andsymbol,



Contet | Counts(0,1) | Contect | Counts(0,1)
000 360639,3700| 100 3702,155
001 2989,864 101 158,46

010 2984,163 110 872,40

011 805,106 111 106,141

TABLE |
COUNTS FOR 3RD ORDER MARKOV CHAIN MODEL OF TRACE-27 (TABLE II).

for examplethe probability of the next paclet beinglost giventhatthe lastthreepacletshave
beenrecevedis about0.01. Fromthe table,the countsfor contexts (110), (101), (011), (111)
arevery low. Thisimpliesthatthesecontets do not occurwith ary regularity andif they are
usedfor modelingthey may not provide enoughinformation aboutthe process. Remaoval of
thesestatesmight actuallyhelpin improving the performanceof the model. Anotherexample
of over-fitting in aMarkov chainmodelis thatsomeof the contects couldbeequialentbecause
they have identical (or nearlyidentical) conditionalprobabilities. For examplein the tablethe
countsof contets (100), (010) and(001) arevery similar; lumpingtogetherf theseequivalent
contexts would reducethe numberof parameter#én the modelwithout necessarilyaffectingthe
performancef themodel.

From the above discussionone shouldwonderwhethercontets (states)can be arbitrarily
deletedor lumped. As shovn by Weinbepger et al. [6] this is not possible;an arbitrary re-
moval of redundaniparametersvould mostlikely destry the finite statemachinepropertyof
the Markov chainandmight leadto a modelwhich is not Markovian in nature. For classof
sourceswhich have afinite dependencen time, Weinbepgeret al. have proposedan alternatve
universalfinite memorymodel. This modelwhich will bereferredto asthe Markov treemodel
wasfirst developedby Rissaneri8]. A simplisticview of the modelis thatit is a collectionof
all possibleMarkov models from which the mostappropriatanodelis choserfor predictionof
asymbolof thesource[9]. Thus,ratherthandeletingor lumping contexts of the Markov chain
from the setof all possiblecontects the bestsetis chosenj.e.,from an“overcomplete”’model,
amodelwhich captureghe essentiainformationof the sourceis chosen.

Theexamplegivenin Tablel shavs the shortcomingof the traditionalMarkov chainmodels
for modelingof the pacletlossprocessThisis furtherestablishedvith the help of experiments
later in this paper If thereis a mismatchbetweenthe modelusedby the applicationandthe
actualnetwork behaior, the performanceof the applicationwill suffer accordingly[1]. Thus
thereis a needfor an alternatve modelfor modelingthe dependengin packet lossesandfor
this purposewe proposeto useuniversalmodelingconcepts.This is an areawhereto the best
of our knowledgeuniversalmodelinghasnot beenusedbefore. The resultsin this papershov
that the tree modelsavoid over-fitting of the paclet loss dataand hencegive bettermodeling
performance Further the non-stationarycharacteristicef the Internetnetwork traffic [10] are
moresuitablymodeledby thesetreemodels.A Markov chainmodelcanadaptto changingdata



Date Type | Samplinginterval | Destination | Duration LossRate
Trace-25| 20Dec97| unicast| 20ms Seattle 2hrs27min| 1.7%
Trace-27| 21Dec97| unicast| 20ms Los Angeles| 2hrs 1.4%

TABLE I

TRACE DESCRIPTIONS FROM [5]

conditionsby changingthe probability distributionsassociateavith eachcontect. The Markov
treemodelgoesonestepfurther, it notonly adaptghe probability distribution but alsothe setof
chosercontexts.

The paperstartswith areview of relatedwork in sectionll followedby a brief introduction
to mathematicatonceptsanduniversalmodelingin sectionlll. In sectionlV we motivatethe
useof a tree modelover a chain modelwith experimentsresults. Finally, we concludewith
sectionV.

[l. RELATED WORK

Therehasbeena lot of work on measuringanalyzingand modelingnetwork traffic [11],
[12], [13]. We areprimarily concernedvith Yajnik et al.’s work becausehey have analyzed
real network tracesand modeledthe temporaldependencef paclet lossesin thesetracesas
Markov processesTheir main analysismethodis basedon the autocorrelationlag presentin
the binarytracedata. In their experimentthelag is variedandif the correspondingorrelation
is greaterthan a statisticalmeasurethen the datais consideredcorrelatedfor thatlag. The
minimum lag beyond which the processanbe consideredndependents usedto estimatethe
orderk of aMarkov chainmodel. Oncethe orderhasbeenchosenthe probability distributions
canbeadaptedn thefly for the setof contets associatedavith the model. Out of the 38 trace
seggmentsconsideredthe Bernoullimodelwasfoundto be accuratdor 7 segments the 2-state
modelwasfoundto beaccuratdor 10 segmentsandfor therestof thetraceshighermodels,up
to the orderof 40, wereproposed.

In this paperwe usethe tracesmeasuredy Yajnik et al. We have analyzedtwo different
setsof traces,eachof which is about2 hourlong andhasbeenfound stationaryby the method
proposedn [5]. Thedescriptionsf thetracesaregivenin Tablell.

In [14] the authorshave usedhiddenMarkov models(HMM) for modelingthe temporal
dependencén paclet loss. Out of the 36 tracesanalyzedby the authors,including the ones
provided by Yajnik et al., 35 tracesare modeledby HMMs having lessthanfour stateswhile
onetraceis modeledoy a4-stateHMM. We have notcomparedgainsthesemodels.Webelieve
thattheuseof hiddenstatewill alleviatetheproblemof context dilution, howeverthiswill come
at the costof the additionalcompleity of the expectationmaximizationalgorithm[15] thatis
usedto estimateparameters.Due to this compleity it is unclearwhetherthe HMM canbe
usedto adaptin realtimeto the non-stationarycharacteristicef the network. On the otherhand
in the proposedMarkov tree modelsthe compleity of estimatingthe parametergprobability)
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associatedavith a stateis exactly the sameasthat of the Markov chainmodel. If the numberof

stategn thechainmodelandthetreemodelaresamethenthe additionalcompleity in thetree
modelis dueto thefactthatunlike chainmodelsto find the next stateatreesearchalgorithmhas
to be used.By usingthe algorithmproposedy Furlan[9] this treesearchcanbe implemented
very efficiently.

[1l. PRELIMINARY MATHEMATICAL CONCEPTS AND INTRODUCTION TO UNIVERSAL
MODELING

Let{z;..z,}, astringof binaryrandomvariablespetheinformationsourcewe areconsider
ing. At eachtime instant;, afterhaving scannecastdataz’ = z;z,..z; the modelingproblem
is to make inferenceson the next symbolz;,; by assigninga conditionalprobability distribu-
tion p(-|c(z?)) to it, wherecontet ¢(z?) 2 f(x;...xir,), i — 1 < ki < 0. In thelong run, the
modelinggoalis to maximizethe probability

n—1

P(a") = [] p(@itae(a?)) (1)
=0
assignedo the entiresequenc¢7]. Takingthe negative of the logarithm(base2) of the above
equationwe seethatthegoalis to minimize h(x),

n—1

h(z) = —logy(P(a")) = — Y _ logy p(@it1c(a")), (2)
=0

whereh(z) is Shannors entrogy (codelength)[16]. Givena model,entropy of the obsened
datawill be smallif the models predictionsmatchthe obsened data,elsethe entropy will be
large. We usethe measuref entrofy to comparehe performancef differentmodels.

Clearlytherearetwo stepso modelingthesource . Thefirst is to definethe context ¢(z*) for a
givenz® andz;,,. Theseconds to estimatethe conditionalprobability p(z; 1 = alc(z*) = y;),
wherey; € S anda € A. (S is thecontet spaceand A is the alphabetset). The probabilities
canbe estimatedy storingthe count,n(a|y;), i.e., the numberof timessymbola occurswith
context ;. Eachtime z;; follows agivencontet ¢(z*), n(z;+1|c(z?)) isincreasedy one.The
Laplacianestimateof the probabilitiescanthenbedefinedas[9]

n(aly;) +1
Yacan(aly;) + 2
Othermethodsncludingthosedevelopedby Yajnik et al. couldalsobe usedfor online proba-
bility estimation.

In the kth orderMarkov chainmodelusedby Yajnik et al., the context is definedasc(z?) =
(x;...xi_g), i.€.,thememoryis constanfor all  andindependenof z;,,. Thus,oncetheorder
k hasbeendefinedthe modeling problemreducesto estimatingthe probability distributions
associateavith eachcontext. An importantfeatureof the Markov chainmodelis thatgiventhe
presentontet c(z'), thepresensymbol,z; 1, thenext context c(z**!) canbefound

3)

p($i+1 = G|C($i) = yj) =

i+1)

c(z') = g(c(z?), Tit1).
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Hencea finite statemachinecanbe associateavith the model; this obviously reduceghe im-
plementatiorcostof the model. However therearelimitations associateavith a Markov chain
modelwhich have alreadybeendiscussedn theintroduction.

An alternateMarkov model, the tree model, has often beenusedto model finite memory
sourced6]. In atreemodelof orderk the setof all possiblecontets {c(z%) = (x;..z; &)},
wherek; = 0...k, is defined.Givenz?, thegoalis to estimatethe “best” context ¢, (z*) suchthat
the probability p(z;,1|cy(z*)) is minimized and the string associateavith c,(z?) is asshortas
possible. The secondrequirementeflectsthe compleity associatedvith the modelitself and
thusavoids over-fitting of the data. This processcan be efficiently implementedby usingthe
Contet algorithmdevelopedby Rissanen8].

In the Context algorithmeachcontext definesa nodein a tree. This is the nodewhich is
reachedoy the pathstartingat root of the treewith the branchz; followed by the branchz;_;
andsoon. Thusfor a £ ordertreemodela k depthtreewith Ny = Efzo 2¢ numberof nodes
is defined. Eachnodestoresthe countsneededo estimatethe probability using equation(3).
Thegoalis to find the bestsubtree wherethe leavesof the subtreedefinea subsebf contexts,
which minimizesthe entrogy of the obsened data. The Contet algorithm accomplisheghis
in two interleaved stagesthe first stagegrows a large tree and the secondstageselectsfrom
the grown tree a particularcontext ¢,(z*) for eachi > 0. Thereare mary versionsof the
Contet algorithms,we have implementedthe versionby Furlan[9]. This algorithm usesa
relative efficiency counterwhich compareshe codingefficiency of a child nodewith thecoding
efficiengy of the parentnode. Codingefficiengy is the entrofy of codinga symbol giventhe
probability distribution associatedvith a node. By usingthis relative efficiency counterthe
compleity of afull treesearchis avoided;to find the bestnode(context) in a £ depthtreeat
ary instanti, k¥ comparisonsare neededo find the branchin the tree associatedvith z* and
atmostk — 1 comparisongreneededo find the nodealongthe branchwhich hasthe highest
relative efficiengy. In additionto beadaptve, 2k updatesareneededo updatethe countandthe
relative efficiengy counterfor eachof thenodealongthebranch.Thisis implementedo provide
realtimeadaptatiorandpredictionusingarecursve treestructure.

V. EXPERIMENTAL RESULTS

In the experimentsgiven belov we usethe entrofy of obsered data, given a probability
distribution, asthe performanceneasuref the model. We arelooking for the modelfor which
the datahasthe lowestentropy. First we useMarkov chainmodelsof varying orderto model
thetraces trace-25andtrace-27.The orderof the modelis setandthe conditionalprobability
for eachcontext in the modelis estimatedisingequation(3). Theentrofy of the obsereddata
is plotted versusthe order of the modelin Fig. 1. From the figure we notice that beyond an
orderof 5 thereis no changen the entrogy of thedata.In factfor higherordermodelsthereis
adeteriorationin the performancef themodel. Thisis dueto context dilution, the higherorder
modelshave mary stateswvhich do not have enoughinformationaboutthe dataandthusarenot
makingreliable estimatesf the data. Clearly, if Markov chainswereto be usedto analyzeor
modelthe dependeng of paclet loss, high order Markov chainswill not give goodmodeling
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Fig. 1. Entropy resultsfor Markov-chainmodelingof the two traces.It canbe seenthatthe minimumentroyy is
for chainsof orderat most5, andthereis no advantagen increasinghe order For the Chainlexperimentthe
countsn() areinitialized to zeroandthenadaptecdn the fly from trace-27.In Chain2experimentthe counts
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natureof the chainmodel. The numberof contextsin themodelare2* if % is the orderof themodel.
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Fig. 2. Entropy resultsfor the Markov treemodeling. Treelaretheresultswhenthe countsn() of themodelsare
initialized to zero. For Tree2the countsareinitialized with onetraceandthe modelis thenusedfor modeling
the othertrace,e.qg.,for Tree2resultsof trace-27,modelis initialized by trace-25andthenrun for trace-27.
Tree2shavstheadaptity of themodel. Thenumberof contextsin themodelarey"*_, 2 wherek is theorder
of themodel.

performance.

In Fig. 2 we presententrofy resultsfor Markov tree modelsfor trace-25andtrace-27.The
Treelresultsarewhenthe countsn() areinitialized to zero. We seethatthe minimum entrogy
for trace-250ccursfor atreeof order35while for trace-27reeof order25is required.Further
noticethatusingthesemodelsthe entrogy of sourcereducedy atleast7% overthebestMarkov
chainmodelperformancewhich implies thatthe tree modelis a bettermodel. Also from the
Tree2resultswe canseethatthetreemodeladaptserywell; for Tree2themodelsareinitialized
with onetraceandthenrun for the othertrace. For examplein the experimentfor trace-27the
modelis initialized by trace-25andthenrun for trace-27 the resultshav thatif the network
conditionschangedrasticallyover a periodof time thetreemodelwill still performverywell.

In the Context algorithmthe secondstageof thealgorithmselectsa context, amongthe setof
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Fig. 3. Thenumberof timesa node(context) of theis usedto codea symbolis analyzed As the numberof nodes
arevery largefor this tree of depth45, the countsof all the nodeson a level of the treeareaccumulatednd
plottedaccumulateheir counts.Thefigure shovs thatthe subtreds unbalanced.

contexts, to codethesymbol. Thusthealgorithmderivesasubtreeij.e.,asubsebf bestcontexts,

from the completetreeof the Markov treemodel. If this sub-treds balancedi.e., all theleaves
areof thesamedepth,thena Markov chainmodelcanbe usedfor modeling.In theexperiments
below we show thatthe dervedsubtrees highly unbalanced.

We calculatethe numberof timesa nodeof thetreeis usedto codea symbol. As thenumber
of nodesin afully grown treearevery large, we grouptogetherthe nodesin alevel of thetree
andaccumulateheir counts. In Fig.3 the countsfor differentlevels of a tree of depth45 are
given. Thetreeis usedfor modelingthetrace-27.Thefigureshovsthattherearenodesonlevel
32 andon level 42 of thetreewhich areusedvery frequentlyto codethe symbol0. However
for codingsymboll, nodesatlevel 2,3and4 areused.In otherwords,whencodingsymboll a
contect of smallermemoryis requiredthanwhencodingsymbolO. Clearly, thisis not possible
in a Markov chainmodel.

Fig. 3 doesnot revealwhetherthetreeis unbalanceavithin alevel, e.g.,areall thenodeson
level 32 usedfor codingsymbol0 or is thereonenodewhichis usedmorefrequentlythanothers?
To answerthis questionwe againusethe conceptof entroyy, the entrogy of the probability of
usingnodeswithin alevelis calculatedlf all thenodesarebeingusedequallytheusage-entrop
is going to be very closeto one. If asmallsubsebf nodesareusedwith moreregularity than
others,thenthe usage-entropwill be small, elsethe usage-entropwill belarge. In Fig. 4 the
usage-entropiefr codingsymbol0 and 1 are plottedfor variouslevels of a tree of depth45
whichis modelingthetrace-27.Thefigure shavs thatfor symbol0 avery smallsubsebf nodes
is beingusedin eachlevel. For symboll the usage-entropis low till level 4 afterwhichit is
very high, this is mainly becausenodeson higherlevel arenot beingusedregularly for coding
symboll. Thusclearlythetreeis not only unbalancedcrossut alsowithin levelsof thetree.

The above resultsclearly establisithe superiorityin performanceof the Markov treemodels
for modelingof dependengin paclet losses.However the advantageof the treemodelcome
at the costof additionalstategnodes)andthe associatedompleity. To have fair comparison
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boththetreemodelandthechainmodelneedo have thesamenumberof statesin theuniversal
codingalgorithm,asshavn in thelasttwo experimentsthereis a subtreevhosenodesareused
moreoftenthanothersbecaus®f their codingefficiengy. A treepruningalgorithmcanbe used
to explicitly choosethesenodesand prunethe other nodes. Thena variation of the Context
algorithm,i.e., wherethe updateof the codingefficiency of a nodeandthetreegrowing stepis
turnedoff, canbe usedto modelthe source.This modelwill bereferredto asthe prunedtree
model,notethatin this modelthe countsneededor estimatingprobability distributionsarestill
estimatedon thefly. The basicideabehindthe modelis fix the structureof the modelbasedon
somelearningandthenadaptthe probability distributions. In Fig. 5 the resultsof codingthe
trace-27with the prunedtree modelare given alongwith the resultsof codingwith a Markov
chainmodelwith similar numberof states.For PrunedTree-1,the Context algorithmis run on
trace-27.Fromthe full tree,the bestsetof nodes(contets) is prunedandthe corresponding
countssetto zero. This setof nodesis usedto then modeltrace-27. On the other hand, for
PrunedTree-2Context algorithmis run ontrace-25andthe bestsetof nodess prunedfrom the
treeandcountsinitialized to zero. The prunedtreeis thenusedto modeltrace-27.For boththe
prunedtree experimentsandthe chainmodelexperimentthe countsn() areinitialized to zero
andthenlearnedonthefly. We canseefrom theresultsthatthoughthe prunedtreestructurehas
beenderivedfrom a differenttracein PrunedTree-2,it still givesbetterresultsthananadaptve
Markov chainmodel.

In the above resultswe are comparingthe modelingperformancegclearly the Markov tree
model,modelsthetemporaldependence paclet losseshetterthanthe Markov chainmodels.
We areinterestedn usingthesemodelsaspredictors suchthatthe multimediaapplicationcan
usethe predictedfuture to reactto the currentnetwork statusand adoptan optimal stratey.
Theexperimentthatwe areproposingcompareshe availableratepredictedby a modelandthe
actualratecalculatedusingthetrace.Let thechannekapacitybe C, thentheaverageactualrate
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C obsenredby atraceof length .V is,

é _ Nol x; * C
N
wherez; is the symbolzeroor onein the trace. On the otherhand,at ary instant: giventhe

context c(z?) if theprobabilityof thenext pacletbeingrecevvedatthereceveris p(z; = 0lc(x?))
thentheaverageavailablerateC'is,

N—1
C = p(z;le(x;)) = C.

1=k

Giventhetracec(z) andthe p(z; = 0|c(z*)) canbe found for both the chainandthe tree
model. In Tablelll we arecomparingthe averageavailableratesfor a 8th orderchainmodel
with a 8th ordertreemodel. In Fig. 6 we plot x; from Trace-25for arandomlychosennterval.
z; = 0 meanghatthe paclet hasbeenreceved, from thefigure packetsat time instantl1 and
16 arelost. In thefigure, for eachof the models,the probability of a paclet beingrecevedis
alsoshavn. For thechainmodelthe orderof the context is fixedat eighthencet is slow to react
from thefirst pacletloss. On the otherhandfor thetreemodelthoughthe orderof the modelis
alsoeight, the context it is usingafterthe secondoaclet lossis of a smallerorder henceit can
reactbetterto the pacletlosses.

V. CONCLUSION

In this paperwe have establishedhat Markov tree models,i.e., modelsbasedon the uni-
versalmodelingconceptare suitablefor modelingof dependeng in paclet losse have some
preliminary resultsfor shaving how modelingof the network conditionsaffect a multimedia
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Trace-25 | Trace-27
C 0.9831*C| 0.9865*C
C ChainModel | 0.9807*C| 0.9831*C
C TreeModel | 0.9825*C| 0.9850*C

TABLE Ill
RESULTS COMPARING AVERAGE ACTUAL RATE OF A TRACE C' WITH THE EXPECTED AVAILABLE RATE OF A
MODEL OF THE TRACE C.
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Fig. 6. A randomlyselectednterval of trace-25s shavn in thefigure. A valueof zerofor Trace-25impliesthat
thepaclethasbeernrecevedwhile avalueof oneimpliesthatit hasbeenlost. The probabilityof a pacletbeing
receivedat eachtime instantis alsoshovn for boththe models.

applicationgperformanceThisis anareawe arecurrentlyexploring andwe proposeo make it
apartof futurework.

Thetreemodelscanbeusedfor predictingthenetwork behaior exactly lik e thechainmodels
exceptthatthetreemodelsdo nothave FSMsassociatedavith them. Insteadthetransitionrules
asdescribedn the Context algorithmhave to be usedto find the next context (node)giventhe
presentand pastsymbols. As part of future work, we want to fit a FSM to the prunedtree
modelso asto make its complity equivalentto the chainmodel. A FSM canbe associated
with any Markov tree model, however in this FSM therewill be a large numberof statesbut
a small numberof parametersi.e., not eachstatewill have a uniquecontet and probability
distribution [8]. However to the bestof our knowledgethereis no methodfor associatinga
minimal FSM, i.e., onewith the minimum numberof statesto the tree model, this is another
areawe arelooking at.
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