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Abstract

Packet lossesarecommonplaceover theInternet,andcanseverelyaffect thequality of delaysensitive multi-
mediaapplications.In thecurrentInternetarchitectureit is upto theapplicationto reactto theperceivedcongestion
level in thenetwork. Theability of theapplicationto reactis enhancedby theavailability of simpleandefficient
lossmodels. Traditionally, Markov chainmodelshave beenproposedfor modelingof the dependency in packet
loss.In thispaperweestablishthedrawbacksof usingaMarkov chainmodelandinsteadproposethemoregeneral
Markov treemodelfor modelingthetemporaldependency. Markov treemodelsareanexampleof universalmod-
els. In universalmodeling,themostappropriatemodelfor theobserveddatais chosenfrom acollectionof models.
The descriptionlengthof the datawith respectto a model is usedasthe performancemeasureso that the model
which givesthe minimum descriptionlengthfor the datais chosenasthe bestmodel. The minimumdescription
lengthprinciple reflectsthe complexity of the modelandhencepreventsover-fitting of the databy too complex
models.Our resultsshow theadvantageof usingtheMarkov treemodel.
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I . INTRODUCTION

Increasingtraffic on thenetwork hasled to packet lossesanddelaybecomingcommonplace
over the Internet. Theselossesanddelaycancauseseveredegradationin the quality of delay
constrainedmultimediaapplicationssuchasaudio/videoconferencingandlivestreaming.With
the currentInternetarchitecturenot offering any guaranteeon quality of serviceit is upto the
multimediaapplicationto adjustto theperceivedcongestionlevel in thenetwork andensurea
suitableend-userquality. The applicationscando so by performingratecontrol, for example
by adaptingtheir encodingrate(bits persample)[1], or by changingthenumberof layersthey
will send[2], and(or) performingerrorcontrolby adjustingtherelativeallocationbetweenthe
sourcecodingandchannelcodingbits [3], [4]. For suchadaptiveapplicationsit is importantto
have simplepacket lossmodelsthatcanbeparameterizedin anon-linemanner[5]. Theseloss
modelallow theapplicationto adopt,with minimaldelay, theoptimalstrategy, e.g.,theoptimal
transmissionratethatwould minimizetheexpecteddistortionat thedecoder, giventhepresent
conditionof thenetwork.

A numberof studieshaveshown thatpacket lossesexhibit afinite dependencein time[5], i.e,
theprobabilityof thecurrentpacket beinglost is dependentuponwhetherthepastfew packets
have beenreceived or lost. Specifically, if a lost packet is representedby the symboloneand
a received packet by the symbolzero,thenthe packet lossprocesscanbe modeledasa finite
memorybinaryrandomprocess,i.e.,abinaryMarkov process.Theseprocessescanbemodeled
by a finite memorybinarymodel,wheretheprobabilitiesof thenext symbolbeingoneor zero
areconditionedon a functionof a finite numberof contiguouspastobservations.An example
of suchamodelis thebinaryMarkov chainmodel[5]. In a Markov chainmodelof order

�
, the

“context”, i.e., thefunctionof thepastobservations,of asymbolis thestringof past
�

symbols.
Thusthereare �������	� contexts in this modeleachwith its own conditionalprobability. An
advantageof theMarkov chainmodelis thatafinite statemachine(FSM)canbeassociatedwith
it, whereeachstatecorrespondsto acontext andtheassociatedconditionalprobabilities.Given
the presentstate,and the statusof the currentdatapacket, lost or received, the machinecan
transitto thenext stateaccordingto theFSM rules.Hencethesemodelsareeasyto implement
andareusedin many multimediaschemes[1], [3].

However whenfitting Markov chainmodelsto the databy estimatingthe conditionalprob-
abilities of the contexts, a numberof difficulties arise[6]. In a chainmodel if the orderof a
modelis increasedto find abetterfit thereis acorrespondingexponentialincreasein thenumber
of states.This increasein stateswill not only increasethecomplexity of thesystembut more
importantly“over-fit” thedata,adverselyaffectingtheperformanceof themodel. An example
of over-fitting of datais “context dilution” [7] which occurswhenthesourcestatisticshave to
bespreadover toomany contexts leadingto inaccuracy in thecorrespondingestimates.

Let ustakeaconcreteexample,theMarkov chainmodelof order3 for trace-27(SectionII) is
shown in TableI. Thecountsin thetable,onefor eachsymbol,0 and1, arethenumberof time
thesymboloccursfor the givencontext, e.g.,in the tracethenumberof timesa packet is lost
(symbol 
 ), given that the last threepacketshave beenreceived (context ���
� ), is 3700. These
countscanbeusedto calculatetheconditionalprobabilitiesfor thegivencontext andsymbol,
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Context Counts(0,1) Context 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 I

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

for exampletheprobabilityof thenext packet beinglost given that the last threepacketshave
beenreceived is about ������
 . From the table,the countsfor contexts ��
�
���������
���
���������
�
�������
�
�
��
arevery low. This implies that thesecontexts do not occurwith any regularity andif they are
usedfor modelingthey may not provide enoughinformationaboutthe process.Removal of
thesestatesmight actuallyhelp in improving theperformanceof themodel. Anotherexample
of over-fitting in aMarkov chainmodelis thatsomeof thecontextscouldbeequivalentbecause
they have identical(or nearlyidentical)conditionalprobabilities.For examplein the tablethe
countsof contexts ��
��
��� , ����
���� and ������
�� areverysimilar; lumpingtogetherof theseequivalent
contexts would reducethenumberof parametersin themodelwithout necessarilyaffectingthe
performanceof themodel.

From the above discussiononeshouldwonderwhethercontexts (states)can be arbitrarily
deletedor lumped. As shown by Weinberger et al. [6] this is not possible;an arbitrary re-
moval of redundantparameterswould most likely destroy the finite statemachinepropertyof
the Markov chainandmight leadto a modelwhich is not Markovian in nature. For classof
sourceswhich have a finite dependencein time,Weinbergeret al. have proposedanalternative
universalfinite memorymodel.This modelwhich will bereferredto astheMarkov treemodel
wasfirst developedby Rissanen[8]. A simplisticview of themodelis that it is a collectionof
all possibleMarkov models,from which themostappropriatemodelis chosenfor predictionof
a symbolof thesource[9]. Thus,ratherthandeletingor lumpingcontexts of theMarkov chain
from thesetof all possiblecontexts thebestsetis chosen,i.e., from an“over-complete”model,
amodelwhich capturestheessentialinformationof thesourceis chosen.

Theexamplegivenin TableI shows theshortcomingof thetraditionalMarkov chainmodels
for modelingof thepacket lossprocess.This is furtherestablishedwith thehelpof experiments
later in this paper. If thereis a mismatchbetweenthe modelusedby the applicationandthe
actualnetwork behavior, the performanceof the applicationwill suffer accordingly[1]. Thus
thereis a needfor an alternative modelfor modelingthe dependency in packet lossesandfor
this purposewe proposeto useuniversalmodelingconcepts.This is anareawhereto thebest
of our knowledgeuniversalmodelinghasnot beenusedbefore.Theresultsin this papershow
that the treemodelsavoid over-fitting of the packet lossdataandhencegive bettermodeling
performance.Further, thenon-stationarycharacteristicsof the Internetnetwork traffic [10] are
moresuitablymodeledby thesetreemodels.A Markov chainmodelcanadaptto changingdata
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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 II

TRACE DESCRIPTIONS FROM [5]

conditionsby changingtheprobabilitydistributionsassociatedwith eachcontext. TheMarkov
treemodelgoesonestepfurther, it notonly adaptstheprobabilitydistributionbut alsothesetof
chosencontexts.

Thepaperstartswith a review of relatedwork in sectionII followedby a brief introduction
to mathematicalconceptsanduniversalmodelingin sectionIII. In sectionIV we motivatethe
useof a treemodelover a chainmodelwith experimentsresults. Finally, we concludewith
sectionV.

II . RELATED WORK

Therehasbeena lot of work on measuring,analyzingandmodelingnetwork traffic [11],
[12], [13]. We areprimarily concernedwith Yajnik et al.’s work becausethey have analyzed
real network tracesandmodeledthe temporaldependenceof packet lossesin thesetracesas
Markov processes.Their main analysismethodis basedon theautocorrelationlag presentin
thebinarytracedata.In their experiment,thelag is variedandif thecorrespondingcorrelation
is greaterthan a statisticalmeasure,then the datais consideredcorrelatedfor that lag. The
minimumlag beyondwhich theprocesscanbeconsideredindependentis usedto estimatethe
order

�
of aMarkov chainmodel.Oncetheorderhasbeenchosen,theprobabilitydistributions

canbeadaptedon thefly for thesetof contexts associatedwith themodel. Out of the38 trace
segmentsconsidered,theBernoulli modelwasfoundto beaccuratefor 7 segments,the2-state
modelwasfoundto beaccuratefor 10segmentsandfor therestof thetraceshighermodels,up
to theorderof 40,wereproposed.

In this paperwe usethe tracesmeasuredby Yajnik et al. We have analyzedtwo different
setsof traces,eachof which is about2 hour long andhasbeenfoundstationaryby themethod
proposedin [5]. Thedescriptionsof thetracesaregivenin TableII.

In [14] the authorshave usedhiddenMarkov models(HMM) for modeling the temporal
dependencein packet loss. Out of the 36 tracesanalyzedby the authors,including the ones
providedby Yajnik et al., 35 tracesaremodeledby HMMs having lessthanfour stateswhile
onetraceis modeledbya4-stateHMM. Wehavenotcomparedagainstthesemodels.Webelieve
thattheuseof hiddenstateswill alleviatetheproblemof context dilution,howeverthiswill come
at thecostof theadditionalcomplexity of theexpectationmaximizationalgorithm[15] that is
usedto estimateparameters.Due to this complexity it is unclearwhetherthe HMM can be
usedto adaptin realtimeto thenon-stationarycharacteristicsof thenetwork. On theotherhand
in theproposedMarkov treemodelsthecomplexity of estimatingtheparameters(probability)
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associatedwith a stateis exactly thesameasthatof theMarkov chainmodel. If thenumberof
statesin thechainmodelandthetreemodelaresame,thentheadditionalcomplexity in thetree
modelis dueto thefactthatunlikechainmodelsto find thenext stateatreesearchalgorithmhas
to beused.By usingthealgorithmproposedby Furlan[9] this treesearchcanbeimplemented
veryefficiently.

I I I . PRELIMINARY MATHEMATICAL CONCEPTS AND INTRODUCTION TO UNIVERSAL

MODELING

Let ���! ��"�#�%$�& , astringof binaryrandomvariables,betheinformationsourceweareconsider-
ing. At eachtime instant ' , afterhaving scannedpastdata �%()�*�! ��,+��-�.� ( themodelingproblem
is to make inferenceson the next symbol � (0/  by assigninga conditionalprobability distribu-

tion 12��3�465	�7� ( �8� to it, wherecontext 5	�7� ( �:9�<;=�7� ( �-�-�.� (?>@��A � , '=BC
ED �
( DF� . In the long run, the

modelinggoalis to maximizetheprobability

G �7� $ �H�
$ >  I
(0JLK

12�M� (0/  �465	�7� ( �8� (1)

assignedto theentiresequence[7]. Taking thenegative of the logarithm(base2) of theabove
equationweseethatthegoalis to minimize NO�7�P� ,

NO�7�P�Q�RBTS"U�V + � G �M� $ �W�X�YB
$ >  Z
(0JLK

S?U
V + 12�7� (0/  �4 5
�M� ( �W��� (2)

where NO�7�P� is Shannon’s entropy (codelength)[16]. Givena model,entropy of the observed
datawill besmall if themodel’s predictionsmatchtheobserveddata,elsetheentropy will be
large.Weusethemeasureof entropy to comparetheperformanceof differentmodels.

Clearlytherearetwo stepsto modelingthesource.Thefirst is to definethecontext 5
�M� ( � for a
given �%( and � (0/  . Thesecondis to estimatetheconditionalprobability 1O�7� (0/  H�\[!465	�7�%(M�X�^]�_�� ,
where ]�_a`cb and [T`cd . ( b is thecontext spaceand d is thealphabetset). Theprobabilities
canbeestimatedby storingthecount, ef��[!4 ]g_h� , i.e., thenumberof timessymbol [ occurswith
context ]�_ . Eachtime � (0/  followsagivencontext 5	�7�%(7� , ef�7� (0/  �4 5
�M�%(7�8� is increasedby one.The
Laplacianestimateof theprobabilitiescanthenbedefinedas[9]

12�7� (0/  H�\[!465	�7� ( �Q�C]�_��H� ef��[!4 ]g_g�ji^
kEl�mhn ef��[!4 ]g_��jio� � (3)

Othermethodsincludingthosedevelopedby Yajnik et al. couldalsobeusedfor onlineproba-
bility estimation.

In the
�
th orderMarkov chainmodelusedby Yajnik et al., thecontext is definedas 5	�7� ( �p�

�7� ( �"�-�.� (">@� � , i.e., thememoryis constantfor all ' andindependentof � (q/  . Thus,oncetheorder�
hasbeendefinedthe modelingproblemreducesto estimatingthe probability distributions

associatedwith eachcontext. An importantfeatureof theMarkov chainmodelis thatgiventhe
presentcontext 5	�7�%(r� , thepresentsymbol, � (q/  , thenext context 5	�7�%(0/  � canbefound

5	�7� (0/  �H�^s!�r5
�M� ( ���8� (0/  W���
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Hencea finite statemachinecanbeassociatedwith the model; this obviously reducesthe im-
plementationcostof themodel. However therearelimitationsassociatedwith a Markov chain
modelwhichhavealreadybeendiscussedin theintroduction.

An alternateMarkov model, the tree model, hasoften beenusedto model finite memory
sources[6]. In a treemodelof order

�
the setof all possiblecontexts �t5
�M�%(7�u�v�M� ( �-�.� (?>@��A ��& ,

where
�
( �\���-�-� � , is defined.Given �%( , thegoalis to estimatethe“best” context 5�w��7�%(r� suchthat

the probability 12�7� (q/  �465�w��7�%(r�W� is minimizedand the string associatedwith 5�wx�7�%(r� is asshortas
possible.Thesecondrequirementreflectsthecomplexity associatedwith themodelitself and
thusavoids over-fitting of the data. This processcanbe efficiently implementedby usingthe
Context algorithmdevelopedby Rissanen[8].

In the Context algorithmeachcontext definesa nodein a tree. This is the nodewhich is
reachedby thepathstartingat root of the treewith thebranch� ( followedby thebranch� (?>  
andsoon. Thusfor a

�
ordertreemodela

�
depthtreewith �zy{� k �(0JLK �t( numberof nodes

is defined. Eachnodestoresthe countsneededto estimatethe probability usingequation(3).
Thegoal is to find thebestsubtree,wherethe leavesof thesubtreedefinea subsetof contexts,
which minimizesthe entropy of the observed data. The Context algorithmaccomplishesthis
in two interleaved stages,the first stagegrows a large treeandthe secondstageselectsfrom
the grown tree a particularcontext 5�w��M� ( � for each '}| � . Thereare many versionsof the
Context algorithms,we have implementedthe versionby Furlan [9]. This algorithm usesa
relativeefficiency counterwhichcomparesthecodingefficiency of achild nodewith thecoding
efficiency of the parentnode. Codingefficiency is the entropy of codinga symbolgiven the
probability distribution associatedwith a node. By using this relative efficiency counterthe
complexity of a full treesearchis avoided; to find the bestnode(context) in a

�
depthtreeat

any instant ' , � comparisonsareneededto find the branchin the treeassociatedwith �%( and
at most

� BC
 comparisonsareneededto find thenodealongthebranchwhich hasthehighest
relativeefficiency. In additionto beadaptive, � � updatesareneededto updatethecountandthe
relativeefficiency counterfor eachof thenodealongthebranch.This is implementedto provide
realtimeadaptationandpredictionusinga recursive treestructure.

IV. EXPERIMENTAL RESULTS

In the experimentsgiven below we usethe entropy of observed data,given a probability
distribution,astheperformancemeasureof themodel.We arelooking for themodelfor which
the datahasthe lowestentropy. First we useMarkov chainmodelsof varyingorderto model
the traces,trace-25andtrace-27.Theorderof themodelis setandtheconditionalprobability
for eachcontext in themodelis estimatedusingequation(3). Theentropy of theobserveddata
is plottedversusthe orderof the model in Fig. 1. From the figure we notice that beyond an
orderof 5 thereis no changein theentropy of thedata.In fact for higherordermodelsthereis
adeteriorationin theperformanceof themodel.This is dueto context dilution, thehigherorder
modelshavemany stateswhich do nothaveenoughinformationaboutthedataandthusarenot
makingreliableestimatesof thedata.Clearly, if Markov chainswereto beusedto analyzeor
modelthe dependency of packet loss,high orderMarkov chainswill not give goodmodeling
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Fig. 1. Entropy resultsfor Markov-chainmodelingof thetwo traces.It canbeseenthat theminimumentropy is
for chainsof orderat most5, andthereis no advantagein increasingtheorder. For theChain1experimentthe
counts~,�?� areinitialized to zeroandthenadaptedon thefly from trace-27.In Chain2experimentthecounts~,�?� areinitializedby trace-25andarethenadaptedwhenmodelis run for trace-27.Chain2shows theadaptive
natureof thechainmodel.Thenumberof contexts in themodelare ��� if � is theorderof themodel.
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Fig. 2. Entropy resultsfor theMarkov treemodeling.Tree1aretheresultswhenthecounts~,�"� of themodelsare
initialized to zero.For Tree2thecountsareinitialized with onetraceandthemodelis thenusedfor modeling
the other trace,e.g.,for Tree2resultsof trace-27,model is initialized by trace-25andthenrun for trace-27.
Tree2showstheadaptivity of themodel.Thenumberof contextsin themodelare

k ������ � � where� is theorder
of themodel.

performance.
In Fig. 2 we presententropy resultsfor Markov treemodelsfor trace-25andtrace-27.The

Tree1resultsarewhenthecountseH��� areinitialized to zero.We seethat theminimumentropy
for trace-25occursfor a treeof order35while for trace-27treeof order25 is required.Further,
noticethatusingthesemodelstheentropy of sourcereducesby at least7%overthebestMarkov
chainmodelperformance,which implies that the treemodelis a bettermodel. Also from the
Tree2resultswecanseethatthetreemodeladaptsverywell; for Tree2themodelsareinitialized
with onetraceandthenrun for theothertrace.For examplein theexperimentfor trace-27the
model is initialized by trace-25andthenrun for trace-27,the resultshow that if the network
conditionschangedrasticallyoveraperiodof time thetreemodelwill still performverywell.

In theContext algorithmthesecondstageof thealgorithmselectsacontext, amongthesetof
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Fig. 3. Thenumberof timesa node(context) of theis usedto codea symbolis analyzed.As thenumberof nodes
arevery largefor this treeof depth45, the countsof all the nodeson a level of the treeareaccumulatedand
plottedaccumulatetheir counts.Thefigureshows thatthesubtreeis unbalanced.

contexts,to codethesymbol.Thusthealgorithmderivesasubtree,i.e.,asubsetof bestcontexts,
from thecompletetreeof theMarkov treemodel.If this sub-treeis balanced,i.e.,all theleaves
areof thesamedepth,thenaMarkov chainmodelcanbeusedfor modeling.In theexperiments
below weshow thatthederivedsubtreeis highly unbalanced.

Wecalculatethenumberof timesa nodeof thetreeis usedto codeasymbol.As thenumber
of nodesin a fully grown treearevery large,we grouptogetherthenodesin a level of thetree
andaccumulatetheir counts. In Fig.3 the countsfor different levels of a treeof depth45 are
given.Thetreeis usedfor modelingthetrace-27.Thefigureshowsthattherearenodeson level
32 andon level 42 of the treewhich areusedvery frequentlyto codethesymbol0. However
for codingsymbol1, nodesat level 2,3and4 areused.In otherwords,whencodingsymbol1 a
context of smallermemoryis requiredthanwhencodingsymbol0. Clearly, this is not possible
in a Markov chainmodel.

Fig. 3 doesnot revealwhetherthetreeis unbalancedwithin a level, e.g.,areall thenodeson
level32usedfor codingsymbol0or is thereonenodewhichis usedmorefrequentlythanothers?
To answerthis question,we againusetheconceptof entropy, theentropy of theprobabilityof
usingnodeswithin alevel is calculated.If all thenodesarebeingusedequallytheusage-entropy
is going to bevery closeto one. If a small subsetof nodesareusedwith moreregularity than
others,thentheusage-entropy will besmall,elsetheusage-entropy will be large. In Fig. 4 the
usage-entropiesfor codingsymbol0 and1 areplottedfor variouslevelsof a treeof depth45
which is modelingthetrace-27.Thefigureshowsthatfor symbol0 averysmallsubsetof nodes
is beingusedin eachlevel. For symbol1 theusage-entropy is low till level 4 afterwhich it is
very high, this is mainly becausenodeson higherlevel arenot beingusedregularly for coding
symbol1. Thusclearlythetreeis not only unbalancedacrossbut alsowithin levelsof thetree.

Theabove resultsclearlyestablishthesuperiorityin performanceof theMarkov treemodels
for modelingof dependency in packet losses.However theadvantagesof the treemodelcome
at thecostof additionalstates(nodes)andtheassociatedcomplexity. To have fair comparison
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Fig. 4. Theentropy of usageof nodeswithin a level is calculatedusingtheprobabilityof usinga nodeto encodea
symbol.If nodesarebeingequallyusedthentheusage-entropy will becloseto one.If only averysmallsubset
of nodesin a level arebeingusedthentheusage-entropy will beverysmallelsetheusage-entropy will behigh.
Theexperimentestablishesthattreeis not only unbalancedacrossbut alsowithin levels.

boththetreemodelandthechainmodelneedto havethesamenumberof states.In theuniversal
codingalgorithm,asshown in thelasttwo experiments,thereis asubtreewhosenodesareused
moreoftenthanothersbecauseof their codingefficiency. A treepruningalgorithmcanbeused
to explicitly choosethesenodesandprunethe other nodes. Then a variationof the Context
algorithm,i.e.,wheretheupdateof thecodingefficiency of a nodeandthetreegrowing stepis
turnedoff, canbeusedto modelthesource.This modelwill be referredto astheprunedtree
model,notethatin thismodelthecountsneededfor estimatingprobabilitydistributionsarestill
estimatedon thefly. Thebasicideabehindthemodelis fix thestructureof themodelbasedon
somelearningandthenadaptthe probability distributions. In Fig. 5 the resultsof codingthe
trace-27with the prunedtreemodelaregivenalongwith the resultsof codingwith a Markov
chainmodelwith similar numberof states.For PrunedTree-1,theContext algorithmis run on
trace-27.From the full tree,the bestsetof nodes(contexts) is prunedandthe corresponding
countsset to zero. This setof nodesis usedto thenmodel trace-27. On the otherhand,for
PrunedTree-2Context algorithmis run on trace-25andthebestsetof nodesis prunedfrom the
treeandcountsinitialized to zero.Theprunedtreeis thenusedto modeltrace-27.For boththe
prunedtreeexperimentsandthechainmodelexperimentthecountseH��� areinitialized to zero
andthenlearnedonthefly. Wecanseefrom theresultsthatthoughtheprunedtreestructurehas
beenderivedfrom a differenttracein PrunedTree-2,it still givesbetterresultsthananadaptive
Markov chainmodel.

In the above resultswe arecomparingthe modelingperformance;clearly the Markov tree
model,modelsthetemporaldependencein packet lossesbetterthantheMarkov chainmodels.
We areinterestedin usingthesemodelsaspredictors,suchthat themultimediaapplicationcan
usethe predictedfuture to reactto the currentnetwork statusandadoptan optimal strategy.
Theexperimentthatweareproposingcomparestheavailableratepredictedby amodelandthe
actualratecalculatedusingthetrace.Let thechannelcapacitybe � , thentheaverageactualrate
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�� observedby a traceof length � is,

��Y�
k�� >  (0JLK � (%� ��

where � ( is the symbolzeroor onein the trace. On the otherhand,at any instant ' given the
context 5
�M� ( � if theprobabilityof thenext packetbeingreceivedatthereceiveris 12�7� ( ���P465	�7� ( �8�
thentheaverageavailablerate �� is,

��Y�
� >  Z
(qJL�

12�M� ( 465	�7� ( �8� � ���

Given the trace 5	�7�%(M� andthe 1O�7� ( ���P4 5
�M�%(7�W� canbe found for both the chainandthe tree
model. In TableIII we arecomparingthe averageavailableratesfor a 8th orderchainmodel
with a 8th ordertreemodel. In Fig. 6 we plot � ( from Trace-25for a randomlychoseninterval.
� ( ��� meansthat thepacket hasbeenreceived,from thefigurepacketsat time instant11 and
16 arelost. In thefigure, for eachof themodels,the probabilityof a packet beingreceived is
alsoshown. For thechainmodeltheorderof thecontext is fixedateighthenceit is slow to react
from thefirst packet loss.On theotherhandfor thetreemodelthoughtheorderof themodelis
alsoeight, thecontext it is usingafter thesecondpacket lossis of a smallerorder, henceit can
reactbetterto thepacket losses.

V. CONCLUSION

In this paperwe have establishedthat Markov treemodels,i.e., modelsbasedon the uni-
versalmodelingconceptaresuitablefor modelingof dependency in packet losse have some
preliminaryresultsfor showing how modelingof the network conditionsaffect a multimedia
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Trace-25 Trace-27�� 0.9831*C 0.9865*C
�� ChainModel 0.9807*C 0.9831*C
�� TreeModel 0.9825*C 0.9850*C

TABLE III

RESULTS COMPARING AVERAGE ACTUAL RATE OF A TRACE �� WITH THE EXPECTED AVAILABLE RATE OF A

MODEL OF THE TRACE �� .
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Fig. 6. A randomlyselectedinterval of trace-25is shown in thefigure. A valueof zerofor Trace-25implies that
thepackethasbeenreceivedwhile avalueof oneimpliesthatit hasbeenlost. Theprobabilityof apacketbeing
receivedat eachtime instantis alsoshown for boththemodels.

applicationsperformance.This is anareawe arecurrentlyexploring andwe proposeto make it
apartof futurework.

Thetreemodelscanbeusedfor predictingthenetwork behavior exactly likethechainmodels
exceptthatthetreemodelsdo not have FSMsassociatedwith them.Insteadthetransitionrules
asdescribedin theContext algorithmhave to beusedto find thenext context (node)giventhe
presentand pastsymbols. As part of future work, we want to fit a FSM to the prunedtree
modelso asto make its complexity equivalentto the chainmodel. A FSM canbe associated
with any Markov treemodel,however in this FSM therewill be a large numberof statesbut
a small numberof parameters,i.e., not eachstatewill have a uniquecontext andprobability
distribution [8]. However to the bestof our knowledgethereis no methodfor associatinga
minimal FSM, i.e., onewith the minimum numberof states,to the treemodel,this is another
areawearelooking at.
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