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ABSTRACT

The modelingof high level semanticeventsfrom low level sen-
sorsignalsis importantin orderto understandlistributedphenom-
ena. For suchcontent-modelingpurposestransformationof nu-
mericdatainto symbolsandthemodelingof resultingsymbolicse-
guencesanbeachie/ed usingstatisticalmodels—Markv Chains
(MCs) and Hidden Markov Models (HMMs). We considerthe
problemof distributedindexing and semanticqueryingover such
sensomodels.Speci cally, we areinterestedn ef ciently answer
ing (i) range queries:returnall sensorghathave obsened an un-
usualsequencef symbolswith ahighlik elihood,(ii) top-1queries:
returnthe sensoithathasthe maximumprobability of observinga
givensequenceand (iii) 1-NN queries:returnthe sensor{model)
which is mostsimilar to a querymodel. All the above queriescan
be answeredt the centralizedbasestation, if eachsensortrans-
mits its modelto thebasestation.However, thisis communication-
intensive. We presenta much more ef cient alternatve—a dis-
tributedindex structure MIST (Model-basedndex STructure),and
accompaying algorithmsfor answeringhe above queries.MIST
aggr@atestwo or moreconstituenmodelsinto a singlecomposite
model,andconstructanin-network hierarchyover suchcomposite
models.We developtwo kinds of compositemodels:the rst kind
capturesthe avelage behaior of the underlyingmodelsand the
secondkind capturesheextremebehaiors of theunderlyingmod-
els. Usingtheindex parametersnaintainedat theroot of a subtree,
we boundthe probabilityof obserationof aquerysequencérom a
sensoiin the subtree We alsoboundthedistanceof a querymodel
to a sensomodel usingtheseparameters.Extensve experimen-
tal evaluationon bothreal-world andsyntheticdatasetsshawv that
the MIST schemescalewell in termsof network sizeandnumber
of model states. We alsoshaw its superiorperformanceover the
centralizedschemesén termsof update query andtotal communi-
cationcosts.

1. INTRODUCTION

Large scalesensometworksarebeingdeployed for applications
suchashabitatmonitoring[20], seismicmonitoring[2], andloca-
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Figure 1: Distrib uted indexing and querying of sensormodels.

tion trackingsystemq18]. As sensordecomemoreinexpensve
andmoreeasilydeplg/able,individual measurementsill pavethe
way to highlevel semanticallyrich events,directly minedfrom the
raw andnoisy sensordata. Given the potentially hugeamountof
datastreamedby sensorsalgorithmsto extractandinterpretthe se-
manticswill becomean integral part of content-summarizatiom
networked sensorapplications.For example,the sound,humidity
andlight sensorson a MICA mote[1] cansensewhethera room
is emptyor occupiedsimilarly, atemperatur@andchemicalsensor
cansenseahe presencef re. In theZebranefproject[17], scien-
tiststied acceleratiorsensorgo zebras'collarsin orderto obsere
their movements.This enabledthe scientiststo characterizea ze-
bra's movementin termsof thethreemain statesgrazing,walking
andfastmoving.

Thetransformatiorfrom sensoreadingsto symbolicstatescan
be achieved at a centralnodethat collectsreadingsrom the entire
network [17]. This paperexploresa muchmoreefcient alterna-
tive: rst transforminghereadingsnto symbolicmodeldocally at
thesensorshroughsemantiénterpretationandthenperformingan
in-network indexing andaggreationof semantianodelsto capture
theglobal patterns This Model-basedndex STructure (MIST) can
thenanswersemantiqueries.The setupis shavn schematicallyn
Figurel.

Of theseveralsemantianodelsrelevantin asensonetwork con-
text[7, 9, 11], Markov Chaing4] andHiddenMarkov Models[24]
arethe mostuseful. A Markov Chain (MC) captureghe underly-
ing dynamicsof the physicalphenomenar entity by a generatre
modelthatemitsa sequencef symbols.Figure2 shawvs a typical
exampleof anMC. In this example thespeedbseredby thesen-
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Figure 2: Mark ov Chain (MC) for mobility modelof Zebranet.
The statesare G (grazing), W (walking) and F (fast moving).

soron a zebrahasbeenquantizednto threesymbolsG (grazing),
W (walking) andF (fastmoving). In previous work, MCs were
employed by Elnahravay etal. [11] to capturespatialcorrelations,
andby Deshpandetal. [9] to capturetemporalcorrelations.

A HiddenMarkov Model (HMM), akinto an MC, is a genera-
tive modelfor asequencef symbols.However, in anHMM, there
existsa setof underlyingsystemstateshatarenot directly observ-
able, but canbe inferred from the obseration symbols. Figure 3
illustratesanHMM for theZebraneproject. It consistf two hid-
denstates Predator Presentand Predator Absentwhich emit the
obseration symbolsG, W andF. Takasuet al. [29] employed
HMMs to distinguishthe different statesof a toy-satellite using
sensordatastreams. Biologists at UCLA [30] trainedan HMM
on eachacornwoodpeckr's vocal signals(measuredy acoustic
sensomrrays)to recognizeheidentity of theindividual.

Givensuchsemantianodels,eitherMCs or HMMs, built onthe
obsenrationsequenceat eachsensonode,usersmaybeinterested
in sensorexhibiting a particularbehaior. For example,in the Ze-
branetproject,scientistanightbeinterestedn identifyingall nodes
which have obseredthe F F FF F F sequencédenotinga possi-
ble predatorattack)with a likelihoodof atleast0:8. Thesenodes
canbediscoreredby askingrange querieson the sensometwork.
In additionto the rangequeries,we also proposetop-1and1-NN
queries:

1. Rang query: Returnthe sensorghatexhibit a particularbe-
havior with alikelihoodgreaterthana certainthreshold?

2. Top-1query: Which sensoris mostlikely to exhibit a given
behaior?

3. 1-NN query: Which sensormodelis the mostsimilar to a
givenpattern(model)?

Therecanbedifferentwaysof answeringhesequeries.The rst
schemes a centralized scheme wheremodelsarebuilt locally at
eachnode andthentransmittedo thebasestation(BS). Any query
is answerecdon the modelsat the BS. To keepthe local models
andtheir copy atthe BS synchronizedevery updateto a models
parameterss sentto BS. This is update-intense. In the second
technigue centalized schemewith slad, a slackis introducedin
updatingeachparameterlf thequerycannotbeansweredisingthe
cached-modelat BS, thenit is sentto themodelsin the network.

We proposeanovel distributedindexing-basedchemeo answer
theabove queries.In MIST, alongwith a slack,we constructanin-
network hierarchicalindex structureto answerqueriesef ciently.
MIST exploitsthehighdegreeof spatialcorrelationg10, 16]in en-
vironmentalsensometworks, by performinga spatialaggreation
of suchcorrelatedsymbolicdatamodelsinto a singleindex model
Theindex modelis built only onthecomponenmodelparameters
andnot on the underlyingsequencesMIST prunesupdatesmuch
betterthanthe centralizedschemewith slack,asslackis not only
maintainedat individual nodesbut alsoat every level of the index
structure.Queriesare rst sentto the MIST's hierarchicaindex. If
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Figure 3: Hidden Mark ov Model (HMM) for the Zebranet.

they arenotpruned they aresentto thelocal models.

To answetthequeriesmentionedabore, MIST builds two differ-
enttypesof index models,aveiage modelsand min-maxmodels
Thesetwo modelsdiffer in the parametersvhich areretainedand
the mannerin which the queriesare handled. The min-maxmod-
elshave moreparametershencehigherupdatecosts but prunethe
querybetterleadingto lower querycommunicatiorcosts.

This papemalesthefollowing contritutions:

We developadistributedandhierarchicaindex structurefor
sensometworks basedn statisticalmodels.

We designtwo novel methodsof aggr@atingthe statistical
modelsinto a distributedindex structureof models.The rst
methodproducesvalid model,theaverage mode) thatcap-
turesthe averagebehaior of the constituentmodels.Spatial
correlationparameteraremaintainecalongwith theaverage
models.The secondmethodproducegpseudo-models the
form of min and maxmodelswhich are usedto capturethe
extremebehaiors of the constituentmodels.

We capturehedynamicbehaior of themodelparameterby
introducinga slackat eachlevel of theindex hierarchy We
designalgorithmsto aggr@atethe index modelsusingboth
spatialandtemporalcorrelationsn adistributedsetting.

We proposewo probabilisticsequence-baseplieriesrange
andtop-1 queries,and one model-basedemanticquery 1-
NN query thatareof interestin a distributedsensometwork
setting.We designalgorithmsto answeithemef ciently . We
usetheindex parametersnaintainedat the root of a subtree
to boundthe probability of obseration of a querysequence
from a sensoiin the subtree.The distanceof a querymodel
to asensomodelis similarly bounded.

We performexperimentson real andsyntheticdatasets,us-
ing bothMCs andHMMs, andshav thatMIST schemesiot
only scalewell with network sizeandnumberof modelstates
but also outperformthe competingcentralizedschemesn
termsof update queryandtotal communicatiorcosts.

2. MARK OV CHAINS AND
HIDDEN MARK OV MODELS

A rst-order Markov Chain (MC) [4] is a discretetime stochas-
tic processwith a nite numberof statesn which the probability
of occurrenceof a future statedependonly on the currentstate;
paststatesareinconsequentialThis propertyis calledthe Markov
property An MC isde ned as:

MC=1fn; ; g

wheren is the numberof states
vector of lengthn, and is then

is the start state probability
n transition matrix. ~ (u)



denotesthe probability of startingfrom stateu in the rst step;
(u; v) denotegheprobabilityof reachingstatev from stateu in a
singlestep.

In an MC, eachobseration symbolis modeledas a state. A
Hidden Markov Model (HMM) [24], on the other hand, models
the stochastigprocessassuminghat the internal statescannotbe
obsered directly. Only the obsenationsfrom thesestatescanbe
measured.Thus, thereis an obsenration probability vectorof the
symbolsfor eachstateof the HMM, in additionto the transition
matrix betweerthe statesandthe startstateprobability vector An
HMM is de ned as:

HMM =fn;m; ; ; g

wheren, and arede nedasin anMC, m is thenumberof ob-
servationsymbolsand isthen m observatiormatrix. (u; x)
denoteghe probability of obseration of symbolx in stateu.

Assumean obsenation sequence = 010z :::0x of lengthk
whereeacho; is an obseration symbol. For an MC to generate
this sequenceit must rst startfrom the stateo;, thentransitto
stateo, andsoon. Hence,the probability of obseration of the
sequence from theMC is:

(01) (01;02)::: (Ok 1;0k): (1)

Thestatepaththatthesequencéollowsis thesameasthesequence
itself. However, in an HMM, the sequencef symbolsdoesnot
correspondo a particularstatepath. All statepathsof lengthk can
possiblygeneratehe sequenceThe probability of obseration of
sequenc® from onesuchstatepaths; s, : : : sk canbecalculated.
Adding the probabilitiesalongall the possiblepathsgivesthetotal
probability of obseration of o from the HMM:

p(0102:::0k) =

0102 :::0k) =
p(0102 k)%

(s1) (s1;01) (s1;82)::: (sk;x): (2)

all pathssysp::is i

The Viterbi algorithm[24] usesdynamicprogrammingo compute
theabove probabilityin O(n?k) time.

3. RELATED WORK

The generalproblemof contentmodelingand semanticquery-
ing hasreceved considerablénterestin the datamining commu-
nity. Automateddiscovery of non-trivial, usefulandpreviously un-
known content(or knowledge)from raw datahasbeenbasedon a
few well-establishedechniquedor dataanalysissuchasdecision
trees[25], linearregressior{23] andHMMs [24].

Linearregressiormodels,e.g.,ARIMA [23], t amodelto raw
datavalueseitherto obsere the underlyingtrendsor to predictfu-
ture datavalues.Lazardiset al. [19] proposedanonline algorithm
to constructa piecavise constantapproximationof a time-series
which guaranteeshat the compressedepresentatiorsatis es an
error boundon the L; distance. Since sensorsdo not exhaus-
tively representiata, BBQ [9] proposedo complementaw data
readingswith a statisticalmodel. BBQ answergjueriesby return-
ing approximatevalueswith aprobabilisticcon dence.Deshpande
etal. [10] modeledconditionalprobability distributionsof various
sensomttributesandintroducedthe notion of conditionalplansfor
query optimizationwith correlatedattributes. Temporalcorrela-
tions are capturedby a Markov modelin BBQ, andby a Kalman

Iter in Jainetal. [15]. Chuetal. [7] capturespatialcorrelations
usingjoint probability distributions. Elnahravay et al. [11] also
emplged Markov modelsto estimatethe currentdatavaluesat a
nodebasedon the last obseration at the nodeandthoseat its im-

mediateneighbors.
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Chuetal.[7], Silbersteinetal. [27] andOlstonet al. [22] main-
tain boundedapproximationson actual values. Compositionof
MCs andHMMs hasbeenstudiedby Minnen et al. [21] in order
to clustersequencesEventhoughthe compositemodel's recogni-
tion performanceds good, its poor scalability with the numberof
constituentmodelsmalesit infeasiblefor large-scalesensomet-
works. Smyth[28] usedan expectation-maximizatiodEM) algo-
rithm to build suchcompositemodels.Zengetal. [31] proposeda
novel fused-HMM modelto integrateHMM modelsfrom the two
differentdomainsof audioandvideo. Brand[5] andSauletal. [26]
have developedtightly-coupledHMM modelsby introducingstate
dependenciebetweerhiddenstatesof the constituentHMMs, but
their modelsdo not scalewith the numberof constituenHMMs.

4. DISTRIBUTED INDEX STRUCTURE

Thissectiondescribesheconstructiorof MIST, adistributedand
hierarchicalindex structureon statisticalmodels. We assumehat
every sensotrainsanMC oranHMM onits obsenations.We rst
capturethe notionof spatialcorrelationin two neighboringMCs.

DEFINITION 1. ((1 )-correlation) Models ; and » are
1 )-correlatedif for all correspondingparametes 1 of 1
and , of »,thefollowing relationshipholds

minf 1; 290
maxf 1; 290

@ ) (3)

For m modelshavingthe corresponding™ parametes as i, b5,
111, m, thecorrelation amongthemcan be similarly de ned. In
this case thecorrelationis givenby

t )=

EERTTTTE 4)

gi  maxf i; Lok

Example: Considetthefollowing pair of two-stateMCs:

1= 05 05 >= 06 04
_ 03 07 _ 04 06
17 06 04 27 07 03

Thecorrelation(1 ) betweerthemis the minimum of the fol-
lowing set:f 3:3; 34. 83089 j e, = 0:25
The correlationsigni es how similar the two modelsare. When
I 0, thetwo modelsarehighly correlatecandarevery similarto
eachother Ontheotherhand,when ! 1, the modelsarequite
dissimilar We next de ne two typesof index models

4.1 AverageModel

DEFINITION 2. (AverageModel) Givenm MCs 1, 2, :::,
m, theaverageMC . 4 canbede nedas:

R CLIFC LR
BUv mg(uiyy = SV 2T+ ()
1 Yy av ’ m

In additionto theseparametes, v g alsomaintains3 additional
parametes: an ° parameterfromwhich its correlationto theindi-

vidualmodelscanbecomputedand max and min , themaximum
andminimumamongall the parametes of the constituenmodels.

The next theoremcaptureghe correlationbetweerthe average
modelandary of the constituentmodels.



THEOREM 1. Givenm models 1; 2;:::; m thatare(1 )-
correlated,the correlation between .y g, the average modelbuilt

from them, and any of the m modelsis at least (1 9 whee
o (1 &)
&)
PROOF. See€[3]. O

For two modelsthecorrelationparameter® evaluateso =(2
), which is roughly half the correlationparameter betweenthe
constituenimodels for low valuesof .

4.2 Min-Max Model

The min-maxmodel consistsof two separatanodels: the min-
model,denoteddy min , andthemaxmodel,denoteddy max -

DEFINITION 3. (Min-Max Model) Givenm MCs 1, 2,:::,
m , themin MC andthe maxMC are de ned usingthefollowing
parametes:

8u; min (U) = minf 1(u); 2(u);:::; m(u)g
8u; v; min (U; V) = minf 1(u;Vv); 2(u;v);:::; m(u;v)g
8u; max (U) = maxf 1(u); 2(u);:::; m(u)g
8u; Vv max (U;v) = maxf 1(u;v); 2(u;v);iii; m(u;v)g

Note thatthe min andmaxmodelsarepseudo-modelsincethe
startstateprobabilitiesof all the statesandthe transitionprobabili-
tiesfor eachstatedo not necessarilyaddup to 1. As thesemodels
maintainan upperand lower boundon eachparameterthey are
emplgyed to provide anupperandlower boundon the probability
of obsenation of aquerysequencéom the underlyingmodels.

4.3 Hidden Mark ov Model (HMM)

We assumethat the numberof statesin the constituentHMMs
arethesameandthatthereis a one-to-oneorrespondendeetween
thestateof theconstituentnodels. Theparametersf astatein the
compositeHMM will thenhave a one-to-onecorrespondenceith
the parametersf the correspondingtatesof the constituentmod-
els. With this requirementcorrelationcanbe de ned by Eq. (4).
The averagemodel and the min-max modelsanalogouslyadopt
De nitions 2 and 3. Whena priori knowledge of hiddenstates
is not available,a statecorrespondenceanbe establishedy con-
sideringall possiblestatemappingq3].

4.4 Hierar chical Index Construction

In this sectionwe describehow adistributedandhierarchicaln-
dex structureis built over the entiresensometwork. We overlay a
treetopologyonthe network andperformabottom-upaggreation
of the index models. The leaf-level modelsare the actualmod-
els built by the individual sensorsyhile the internalindex nodes
(models)summarizethe statisticalbehaior of the modelsunder
neath.

We rst explainhow averagemodelsareindexed. Figure4 shavs
anexampleof atreetopologywith 2 levels of index nodes.Model
R is theaveragemodelof its childrenS; throughS.. Model S; is
the averagemodelbuilt from theleaf modelsL 1,:::,Lx. Suppose
thatthecorrelationbetweerR andits childrenS;,: : :,S. modelsis
atleast(1 9), andthecorrelationbetweerary averagemodelS;
andtheleaf modelsunderit is atleast(1  ?). Theorem2 shavs
how to calculatethe correlationparameter ° from the modelR to
ary of theleafmodels.

THEOREM 2. Consideran average modelR. If thecorrelation
betweerR andits childrenS;,:::,S; modelsis at least(1 8),
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Figure 4: Correlation of the average model R with any leaf
modelL; initssubtree:(1 9= (@1 9HA ?) where ?; I
arethe correlation parametersbetweenthe averagemodelsand

their childrenat levels1 and 2 respectvely.

and the correlation betweenany aveiage model S; and the leaf
modelsunderit is at least(1 ), thenthe correlation between
theavemge modelR andanyoftheleafmodelssatleast(1 ©) =

@ Ha 9.
PROOF. Se€[3]. O

Theotherindex parametersirecalculatedn the following way.
Themaximumofthe max 'sof thechildrengivesthe max for this
nodeandtheminimumofthe min 'sisthenew min . Employing
theseparametergheaveragemodelcanestimateheminimumand
themaximumprobabilitiesof obseration of a sequencéor the set
of nodesn its subtree.

Themin-maxmodelsarealsoaggrgatedin a hierarchicaiman-
ner Eachparameteof the min-modelis the minimum of all cor-
respondingparametergrom the min-modelsand eachparameter
of the max-modelis the maximumof all suchparameter®f the
max-models.

4.5 Dynamic Maintenanceof Models

Onceanaggr@ationof distributeddatasourcesiasbeencarried
out, theunderlyingdatadistribution maychange This mayleadto
violationsof theexisting parameteratthehigherlevelsof thetree,
necessitatingnexpensve re-tuilding of compositanodels.In this
section,we discusshow to avoid suchexpensve updatecostsby
introducinga small slacklocally at eachnode,andat every index
nodein thetree. Althoughthis mayleadto a degradationin query
pruningcapabilities andhencehigherquerycommunicatiorcosts,
theamortizedbene tsin communicatiorarelarge.

We considerthe parameteraf eachmodelto be a function of
time, and denotethe modelattimet by (. As the datadistri-
bution changesthe underlyingmodel parametersre recomputed
afterevery smalldurationd. Assumethatthemodeltransmittecoy
anodeto its parentatthelastupdatetimet = uis (). Thechild
nodedoesnot updateits parentattimet + d, aslongas “*9 is
(1 )-correlatednith (). Theideaof theslackparameter is
analogouso thecorrelationparameter (De nition 1).

We now explain how the slack parameter is incorporatedn
maintainingthe correlationparameterst every level of the index
structure. Consideran averagemodel. It maintainsan which
allows it to boundits correlationwith ary modelin its subtree.
However, this hasbeencalculatedby observingthe correlation
of thecachectopy of its child models.With time, the child models
may be updated. Considera single parameter a4 of the aver
agemodelandthe correspondingarameter () from the child's
cachedmodel. The correlationparameter guaranteethat ()



(1 ) avg andtheslackparameter guaranteethatatary other
time-pointt + d, *9 (@ ) W Together they guar
anteethat *% (1 )1 ) ayg. Similardly, ¢*9
avg=((1 )@@ )). Thisrelationships trueatary level of the
index tree. Using De nition 1, the relationshipof the correlation
parametersvith andwithout slackcanbe expressedy

sack =1 (1 )

Therefore aggregatingtheslackparameteri abottom-upfash-
ion, asmentionedabove, preseresthe correctnes®f the correla-
tion parametemaintainedy theindex structure We will seein the
next sectionhow the spatialandtemporalcorrelationparameters,
and , areemplosedduringquerypruning.

noslack )

5. QUERY ALGORITHMS

This sectiondescribeghe processingf rangg, top-1and1-NN
queriesusingMIST's averageandmin-maxmodels.

5.1 RangeQuery

Usersmay be interestedn sensorsxhibiting an abnormalbe-
havior. Thesenodescanbe discareredby askingrange queriesof
the form: Returnall nodesin the networkthat have observeda
particular sequencef symbolsy with a probability greaterthana
certainthreshold . Thesequeriesarelik e selectqueriessincethey
selectthe setof sensorshatsatisfythethreshold.

First, we explain how thesequeriesare handledby MIST's av-
eragemodels. Along with the averagemodel, every nodein the
treemaintaingheparameters, max , min , andtheaggregate , as
mentionedn Sectiord. As theindex modelmaintainecatanodeis
(1 )-correlatedwith respecto ary constituenmodelin its sub-
tree, the aggrgatemodelcanbe usedto provide lower andupper
boundson the probability of obsenration of a sequencdrom ary
constituenimodel. Thenext theoremstateghe boundsfor anMC.

THEOREM 3. Consideran average model a 4. Assumehat
the correlation parametermaintainedat avg is and the slak
parametemaintaineds . If qisasequencefIengtththepr(_)ba-
bility of observatiorof gfrom ay ¢ canbeexpresseds ikzl Bvg-
Theprobabilitiesof observatiorof g fromanymodel ; in its sub-
treeare thenboundedby p; andp; :

[T S B (5)
whele
¥ h n oi
p= max Ian((l a ) min (1 ) (6)
i=1
¥ h n oi
pr = min L= A ) mx=1 ) (7)
i=1
PRrROOF. Se€[3]. ([l

If the thresholdfor therangequery < py, all sensordn the
subtreeareguaranteedo satisfythe query Similarly, if > py,
no sensolin the subtreecansatisfythe query In thesetwo cases,
theentiresubtreebelon thenodewhere 4, ¢ is maintaineccanbe
pruned. If neitherof the pruningconditionsis satis ed, the query
is percolateddown, andthis pruningis recursvely carrieddown,
if necessanytill the leaf level models. All the results(nodesthat
satisfythequery)areaggr@atedin a bottom-upfashionatthebase
station.

Next, we explainhow thebasestationemploy/sits min-maxmod-
els to prunethe query Similar to the averagemodels,min-max
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modelscomputethe boundson the probability of obseration of
the query and usethe boundsto prunesubtrees. The following
theoremstategheboundsfor MCs.

THEOREM 4. Theprobability of observinga sequencej from
any of the child modelsof anindex nodeis boundedby p; andp; :

p=p(g mn )2 ) (8)
Pr p(aj max )=(1 )k 9)

whee min and max aretheminandthemaxmodelsmaintained
bytheindex node

PROOF. Se€[3]. O

For the caseof HMMs, Theorems3 and 4 canbeusedto bound
the probabilitiesof obsenation of a given querysequencealonga
singlestatepath. Sincetheprobabilityof obsenationof asequence
from anHMM is the sumof suchprobabilitiesalongall possible
pathsthetotal probabilityis boundedaswell.

5.2 Top-1Query

Rangegueriesnayreturnall or noneof thesensorsistheanswer
set. In orderto avoid the dif culties of nding theright threshold,
usersmay be interestedn the sensomwhich bestdescribesa par
ticular behaior. Then,top-1queriesof thefollowing form maybe
posedbnthesensonetwork: Givena sequencef symbolg, return
the sensorthat hasthe highestprobability of observingit. Using
the answerof sucha query athresholdcanbe chosento retrieve
the othersensorwia rangeguerying.

MIST answershe top-1 queryin the following way. At every
level, the parentnodecalculatesghe boundsof obsenation of the
sequence) from eachof its child modelsin the sameway asde-
scribedin Section5.1. Thismaybedoneby emplo/ing theaverage
modelandthe index parameter®r the min and the max models.
Then, it checkswhetherthe maximumvalue for obseration of g
from ary child is lessthanthe minimumvalue of obsenration of q
from ary otherchild. If so,theformerchild modelandthe subtree
belaw it arepruned. The queryis recursively sentto eachof the
remainingchild nodes.

In generaltop-1queriesaremorecommunicatiorintensie than
rangequeries.Thisis becausefor rangequeriesatary level of the
index, thereis achancehatall childrenof a particularnodemaybe
prunedasnoneof themsatisfythe threshold. However, for top-1
queriestheboundwf thechildrenarecomparedgainseachother
Therefore the querywill be sentto atleastonechild. Further as
the similaritiesamongthe childrenincreasetheir boundsbecome
identicalmakingthe pruningfor top-1queriedesslikely.

5.3 1-NNor Model Query

Both rangeandtop-1 querieswere sequence-baseglieries. In
this section,we will considera higher level semanticquery the
1-NN query. Insteadof providing a single obseration sequence
asaquery usersmay provide a model(or a setof obsenation se-
guencesrom which a model canbe built) and askthe following
modelquery: Returnthe sensormodelthat is mostsimilar to the
givenquerymodelQ.

To answerthemodelquery we rst de ne thenotionof distance
betweentwo Markov Chains. The distancebetweentwo MCs
and ; isde nedas

S % %
d( 15 2) = w(u)  2u) P+ w(uv)  a(uv) 2
8u 8u;v

This distances a metricdistance.This de nition canbe extended
to HMMs.



Wewill rst explainhowv 1-NN queriesarehandledfor average
models.To nd themodelnearesto the querymodel,we employ
an M-tree like mechanisn8]. An M-tree s built on the model
parametespacebut is physicallyembeddedn the communication
graph.Averagemodelsat eachnodemaintainaradiuswhichis the
largestdistancefrom the averagemodelto ary of its child models.
Betweenaparameter ., ¢ of theaveragemodelanda correspond-
ing parameter of ary modelin its subtree the distancecanbe
calculatedasfollows:

minf avg=(1 ); max O avg,
max avg maxf av g (1 ) ; min 0
Theupperboundof is givenby minf o g=(1 ); max g and

henceits distanceo av ¢ canbecalculatecasshovn above. Simi-
larly, thedistanceof thelowerboundof to a4 canbecalculated,
andconsequentlyhe maximumdistancecanbe computed.

Then,radiusis calculatedasthesquareootof thesumof squares
of all thedistancesle ned oneachparameter . Thedetailsof how
this radiusis usedto prunesubtreesarein [3, 8].

Min-max modelsanswerthe modelqueryby utilizing a princi-
ple similarto the R-tree[14]. For eachparameteof the constituent
models,the correspondingparametersn the min-modeland the
max-modehlctasthe bounds.In the vectorspaceof modelparam-
eters,the min andthe max parametergorm a minimum bounding
rectangle(MBR). The querymodelis a pointin this space.Stan-
dardR-treepruningtechniquesareemplo/ed[3, 14].

5.4 Effect of Dimensionality

The effect of dimensionality(numberof model parameterspn
MIST is obsered only for the model queriesand not for the se-
qguencegrangeor top-1) queries EventhoughMIST maintainsmin
andmax parameteranalogoudo the R-tree,thereis a signi cant
differencein how theseboundsare utilized to prunethe sequence
queries. In an R-tree,eachindex is an MBR, andthe queryis a
hyperrectanglgior apoint) in the multi-dimensionakpace Query
pruningdependsn the intersection(or containmentjn this high-
dimensionakpaceresultingin the curseof dimensionality How-
ever, in the caseof MIST, givena sequenceueryof lengthk, we
computetwo values—aower boundandan upperbound—onthe
value of the query obseration probability In the caseof MCs,
the lower boundis obtainedasthe productof k individual min-
modelparametergthe correspondingtartstateandthek 1 tran-
sition probability parameters).Similarly, the upperboundis ob-
tainedfrom themax-modeparametersi-or the caseof HMMs, the
upperandlower boundscancomputedasdiscussedn Section5.1.
Pruningdepend®nwhetherthequerythreshold lieswithin these
lower andupperbounds.In otherwords,pruningtakesplacein the
single-dimensiownf probabilityspace—i.e.onthe(0; 1) realnum-
berline. Thus, irrespectve of the numberof dimensionsof the
underlyingmodels the upperandlower boundson queryprobabil-
ity dependonly on the productof k min-maxmodel parameters.
Similarly, theboundsfor the averagemodelsarealsocomputedn
the single-dimensionaprobability line and therefore,thereis no
curseof dimensionality

On the otherhand,for modelqueriesthe searchs carriedover
them-dimensionakpaceof modelparametersEachsensomodel
becomes pointin themulti-dimensionabpaceandtheonenearest
to the querymodelis retrieved. MIST's min-maxmodelsemplgy
a straightforvard R-treebasedl-NN searchandits averagemod-
elsemplgy M-tree basedl-NN search.As the dimensionalityin-
creasesthe probability of intersectiorof the querywith the index
nodesincreasesandthus,the pruningpower of MIST decreases.
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Figure 5: Topology of the Iaboratory sensornetwork. There
are 4 roomsand 4 sensorsin eachroom. BS denotesthe base
station.

6. SLACK ANALYSIS

A large value of slackminimizesupdatesput considerablyde-
creasedMIST's query pruning capabilitiesbecauseof the wider
query probability bounds. On the other hand,a small slack will
have ef cient query pruningdueto tight bounds,but will leadto
increasedupdatecosts. In this section,we characterizehe opti-
mal choiceof to achiese the minimumtotal communicatiorcost,
comprisingboththe updateandquerycosts.

We denotethe probabilitythatthe querywill be sentdown from
an aggrgatemodelto its childrenby Pq, andthe probability that
anupdate(for a parametervill be sentup from the childrento its
aggr@ateby P, . A detailedanalysig3] basedntherandom-valk
deviation of a parameteshaws that

Po=16=[1=1 ) (1 )*:

Similarly, theanalysig3] of Pq for arangegueryonasequencef
lengthk yields

h i
Po= (1=2) 1=1 )@ ) @ Ha )

We assumehatthe communicatiorcostfor sendinga querypa-
rameter andthe costof updatinga parameteiare equaland nor
malizedto 1. Further assuminghateachmodelhasn parameters,
andQ querieseachof lengthk areposedduringthis durationd, the
total expectedcommunicatiorcostat eachindex nodeis

16nd Qk
= +
Ty a e W
wheres(k) = 1=(1 )@ ) (@ )k(1 ),

To obtainthe optimal , we differentiateT with respectto
and setit to zero. This yields a polynomial equationof degree
2k + 5. The secondderivative of T with respectto is greater
than zero, shawing that the solution obtainedis indeeda mini-
mum. As the secondderivative is continuousin the openinterval
(0; 1), the solutionof theequationcanbe obtainedusingNewton's
method[13], or techniquedike nite-dif ferencemethodsor faster
corvergence[12].

Slackestimatedy theabore methodminimizesthecommunica-
tion costlocally at eachindex node. The optimalslack ; required
at eachnodei to minimize the global communicatiorcost[3] for
theentirenetwork canbe evaluatedonly after consideringhe cost
atall nodes.Therearetwo mainbottlenecksnvolvedin this global
optimization: (i) all the ; parameterdiave to be sentto the base
stationto evaluate ;'s, and(ii) it is computationallydemandingo
solwe for i's. Further as i parameterkeepevolving, the opti-
mal ; parametersvill changeandhencerecomputingheglobally
optimal ;'sis very expensve.




Sincethe sensordiave limited processingapabilitiestheitera-
tive numericaloperationsnvolvedin the calculationof thelocally
optimalslackarealsocomputationallychallenging.Therefore we
useexperimentaltechniquedo estimatethe slack . We estimate
the optimal value of the slackparameten priori for a wide range
of , queryrate,andquerylengthsettings.Eachsensomor anindex
nodemaintainsa table,and usesan appropriate basedon table-
lookup.

7. FAULT-TOLERANCE

Nodefailuresare one of the primary causef network unreli-
ability. A parentnodein the MIST index needsto distinguishbe-
tweenthe casewherea child nodefails andthe casethata child's
parameterarewithin the slack . To make MIST robustto node
failures, every parentmaintainsan expectedupdateinterval and
poll the child for updates.Detectingnodefailuresusingacknavl-
edgmenpacletsis costly ThereforeMIST employ/s periodicheart-
beat{7] messagexchangeso keeptheparent-chilcthodessynchro-
nized. After a nodehasfailed, its childrenswitchto a new parent,
andtransmittheir parameterso the new parent.Thisis aone-time
cost.Subsequent/ythe correlationandthe slack-based pdatepro-
tocolsarefollowed.

However, if MIST wereto handlequerieseven duringnodefail-
ures,thenreplicationmay be a goodalternatve mechanism.The
index model(or basemodel)informationcanbereplicatedatacho-
sensibling node.Thereshouldexist apathbetweerthesiblingand
the parentof thenode,evenif the nodefails. The parentandchil-
drenof anodeareinformedof theidentity of the sibling node. At
thesibling node thereplicatedndex canbemaintainedvith acor
relationof (1 ) with respecto theactualindices.If isasmall
value,thenthereplicatedndex is moreup-to-datewith thecurrent
index, but incurslarger communicatiorcosts.Hence this protocol
canbeseenasatrade-of betweerconsisteng andcommunication
costs similar to thereplicationprotocolswhich achieve scalability
by providing looseconsisteng guaranteefs]. Hence whenanode
fails, its parenttransmitsthe queryto the sibling node. Thesibling
nodeattemptgo answerthequeryemplgyingits (1 )-correlated
models. If it succeedsit returnsthe result; else, it transmitsthe
queryto the childrenof theoriginal node.

Periodicheartbeaimessagesan be usedto discover link fail-
uresfor updates.For queries,if anansweris not returnedby the
subtreewithin a speci ¢ time-out, it is assumedhat the link has
failed. Whena nodedetectdink-failure with respecto its parent,
it switchesto a new parentandtransmitsits model parameterso
the new parent. Whena parentdetectsa link failure to a child, it
noti es it throughalternateroutes.MIST allows transientdatain-
consistenciesintil the detectionof failures.MIST trades-df these
short-lived inconsistencien favor of the communicatiorsavings
accruedy avoiding therobustbut expensve ACK protocol.

8. PERFORMANCE EVALUATION

In this section,we presentthe experimentalresultsfor all the
threequeries—rangetop-1 and 1-NN—on MIST's min-maxand
averagemodelsbuilt for MCs andHMMs. First, we describeour
datasets.Then,we explain the differentsettingsfor the measure-
mentsof query updateandtotal communicatiorcosts.

8.1 Experimental Setup

Our experimentswere conductedon two datasets—aeal data
setobtainedfrom our laboratoryanda syntheticallygeneratediata
set. In the laboratorydataset, sensoraverelocatedin four rooms
andfour sensorsvereplacedn four differentcornersof eachroom.
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Thetopologyis illustratedin Figure5. Thebasestationis acentral
senerwherethe queriesareposed.

In thelaboratorydatasetsensorsvereusedto measurghetem-
peraturensidethelaboratory The sensorsensedemperaturev-
ery 30 seconddor 10 days. The valueswerequantizednto three
symbols: C (cold) for temperaturetessthan25 C, P (pleasany
for temperaturebetweer?5 C and27 C,andH (hot) for temper
atureshigherthan27 C. Semanticquerieswhich are of interest,
suchas(i) alternatingweathermatternsH CH C, (ii) consistently
pleasantemperatureP PP P, etc.,wereposed.Sequencegueries
weregeneratedh randomby samplingfrom auniformdistribution.
For 1-NN queriesguerymodelsweresampledrom a uniform dis-
tribution. Markov Chainswith 3 statesand HMMs with 2 states
and 3 symbolswerebuilt on eachsensoron sequencegenerated
for eachday

The syntheticdatasetvas generatedor differentnetwork sizes
rangingfrom 16 to 512 The numberof model stateswas varied
from 3 to 11. The basemodelsweregeneratedy controllingthe
modelcorrelationor the parametefor 5 differentvaluesranging
from 0:001 to 0:5. Thesemodelswerebuilt for sequencegener
atedover threehour periods,for ve days. Updatesto datavalue
weregeneratedisingthe uniform randomwalk method[4].

Communicatiorcostsweremeasuredh numberof bytes.Trans-
missionmessagesncodeda modelparametein 2 bytes,anda k
lengthquerystringin k bytes.For modelqueriesthe entiremodel
wasencodedn 2m byteswherem is the numberof parameterin
themodel. Theanswerdor n-sizenetworkswereencodedn a bit
vectorof lengthn, or equivalently n=8 bytes.

8.2 Compared Techniques

We rst presenthetwo centralizedschemesThen,we present
variationsof MIST thatareconsideredn the experimentakesults.

Centralized schemewith no slack: Eachnodetransmitsits
modelsto thebasestation(BS). Every updateto amodelparameter
is sentto the BS. Queriesareposedatthe BS, which alwaysmain-
tainsthelatestmodels.As aresult,queriesareansweredisingzero
communicatiorcost.

Centralized schemewith slack: Initially all modelsaretrans-
mitted to the BS. An updateat eachnodeis not transmittedo the
BSif thecurrentparameteis within theslack,i.e.,withina(1  )-
correlationof the basestations cachedparameterQueryprobabil-
ities and distancesare boundedusing the approximatemodelsat
BS. If aquerycannotbe answeredvith certainty it is injectedinto
the network to retrieve therequiredmodels.

MIST schemes:Both typesof index models—aerageand
min-max—aremaintainedunderslackandno slackconditions.

We evaluatethe performancesf our index structurewith respect
to query rate, slack and correlationin terms of communication
costs. Our experimentswere conductedfor the following values
of : 0:001 0:01; 0:1; 0:2; 0:5. Unlessmentionedotherwise,the
slack is setto thelocally optimalvalue.We experimentwith both
MCsandHMMs built from real-life andsyntheticdata.For brevity,
we only reporttherepresentate results.

8.3 Scalability with Query Rate

The rst experimentevaluateghescalabilityof thedifferentsch-
emeswith queryrate.Figure6 compareMIST's schemesvith the
centralizedscheme®on MCs built from syntheticdata. The total
communicatiorcost,whichis the sumof updatecostsand(range)
guerycostswasmeasuredor varyingqueryrates.Thequeryrateis
thenumberof queriegposedo thenetwork betweenwo successie
modelconstructiortime instancesThistime interval is 3 hoursfor
our datasets.The centralizedschemewith slack performspoorly,
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Figure 6: Total communication costsof MIST and the compet-
ing schemedor varying query rates.
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Figure 7: Total communication costsof MIST and the compet-
ing schemedor varying query rates.

asit injectedmostof the queriesinto the network. We noticethat
therestof theschemescalewell with queryrate.

Figure 7 magni es Figure 6 to compareMIST's averageand
min-maxmodelswith the centralizedschemewithout slack. For
small query rates,MIST's slack-basedchemeswhich maintain
a slack at every level, outperformthosewithout slack by almost
afactorof two. Up to queryratesof 5, we seethataveragemodel
with slackperformsthebestamongMIST schemesAt smallquery
rates,updateshecomethe dominatingfactorof thetotal costs,and
asthe averagemodelmaintainssmallernumberof parametershan
themin-maxmodel,it outperformshe min-maxscheme.

As the queryrateincreasego 25, the min-maxmodelsprovide
efcient querypruningandbetterquerycommunicatiorcosts,and
henceoutperformthe averagemodel. When the query rate in-
creasesurtherup to 50, the costof slack-baseihdexing schemes
increasegapidly. This is becausghosequerieswhich were not
prunedby the slack-basedndex modelsaredrilled down into the
network. At thesequeryrates min-maxschemewith no-slackpro-
videsthelowestcosts.As thisschemamaintainaup-to-daténdices,
it providestight boundson the probability of query obseration
from the underlyingmodels,andhenceprunesmostof the queries
at the highestlevels of the index structure.At higherqueryrates,
the centralizedschemewhich haszeroquery costsbecomesa vi-
ablealternatve andultimatelybecomedghe mostef cient scheme.

Figure8 depictsthecommunicatiorcostsof thevariousschemes
for MCs built from the laboratorydata. The overall trend of the
schemess similar to thoseobsered in syntheticMCs (Figure7).
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Laboratory MCs: Total communication cost
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Figure 8: Total communication costsof MIST schemesand the
competingschemegor MCs built on laboratory data.

Laboratory HMMs: Total communication cost
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Figure 9: Total communication costsof MIST and the compet-
ing schemedor HMMs built on laboratory data.

However, we note thatthe schemeswith no slack outperformthe
slack basedschemesat mediumqueryratesof 10. Althoughthe
updatecostswere reduceddue to the high  value of 0:3, these
sarzings wereoffsetby the large increasdn querycommunication
costsbecausef the reducedpruning power. The pruning powver
was much lower than the syntheticdataset becauseof the high
valuesof for thelaboratorydata.

Figure9 shavs thatfor HMMs built from real data,the average
slack schemeis the bestfor queryratesup to 9. After that, the
min-maxschemewith slackperformsthebest.Onfurtheranalysis,
we found that query pruning is very little on real-world HMMs,
andthereforefor low queryrates,the updatecostsbecomemore
signi cant. This explainswhy the averagemodelswith their low
updatecostsperformthe best.

8.4 Update Costs

We next comparethe updatecostsof the variousschemesFig-
ure 10 shaws the low updatecostsof MIST-basedschemeswith
increasingslack, for MCs built on laboratorydata. We obsere
thatthe updatecostsof slack-base@dchemesverealmosthalf the
costsof thecorrespondingchemesvithout slack. We alsoobsere
thatthe costsof slack-basedentralizedschemesretwice ashigh
asMIST's slack-basedndexing schemes.This is becauseMIST
maintainsslackat every level of the hierarchywhereaghe central-
ized schememaintainsthe slack only for the basemodels. The
averagemodelstransmita singlemodelandthreeindex parameters
comparedo min-maxstwo pseudo-modelateverylevel of hierar
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Figure 10: Update costsof MIST and the competing schemes
for MCs built on laboratory data for varying slack.

Synthetic HMMs: Top-1 query cost
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Figure 11: Top-1query costsfor HMMs built on syntheticdata
for varying slack.

chy; thereforethe updatecostsof averagemodelswerebetterthan
thoseof min-maxmodels.

8.5 Query Costs

We nally analyzethe costsfor answeringthe three different
queriesin termsof thetotal messagsize. The centralizedscheme
with no slackalwayshasa costof 0 andis thereforenot shown.

Figure 11 depictsthe query costsfor top-1 querieson HMMs
built on syntheticdata. Query costswere plotted againstvarying
slack parametersThe query costof the slack-basedchemesin-
cluding the centralizedschemewerealmosttwice asexpensve as
the schemeswithout slack. As the slackis maintainedat every
level, theboundsonthequeryprobabilityatthetop levelsof MIST
hierarchyaretoowide for ef cient querypruning.Hence schemes
without slackperformedmuchbetter Min-maxmodelsoutperform
the averagemodelssinceit maintainstwo pseudo-modelsyhich
provide muchtighterboundsthana singleaveragemodel.

Figure 12 depictsquery costsfor 1-NN querieson MCs built
from syntheticdata. Here,the communicatiorcostsare measured
againstdifferentvaluesof correlationparameter. For low values
of , the syntheticallygeneratednodelsarehighly correlatedand
hencetheindex structureprovidesvery tight boundson the under
lying models. Hence,at thesevalues,the query communication
costsfor MIST'sindexing schemesvithout slackareverylow. It is
worth noting thatat suchlow values,even the centralizedscheme
with slack,canprunequeriesmuchmoreef ciently thantheslack-
basedschemesWhen increasedo 0:1, we obseredthatmostof
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Figure 12: Model query costsfor MCs built on synthetic data
for varying correlation.

Synthetic MCs: Range query cost
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Figure 13: Rangequery costsfor MCs built on synthetic data
for varying query length.

queriescould not be prunedby the centralizedschemeandhence
wereinjectedinto the network. With increasing , the boundsfor
averagemodelsbecomeworse. This explainsthe increasingcosts
for the no-slackschemes.The boundsfrom the min-maxmodels
alsobecomdargerasthe minimumandmaximumfor eachparam-
eterbecomemorevaried.

Figure13illustratesthe effectsof differentlengthsof the query
sequencenthequerycostsfor therangequeries.Theexperiments
wereperformedon syntheticMCs. Querylengthk wasvariedfrom
2 to 6 andthe thresholdsetas ¥, with chosenuniformly be-
tween0 and1. With increasingquerylength,the numberof bytes
neededo encodethe querystring goesup. However, the bounds
for theprobabilityof obseration of thequerybecomesighterwith
increasindength. Thus,the chance®f a querygetting ltered in-
creases.This resultsin a smallincreaseof query costs,andgood
scalabilityof MIST schemesvith querylength.

8.6 Optimal Slack

We next performedexperimentson real datato evaluatethe ef-
fect of the slack parametepn the total communicatiorcost. Fig-
ure 14 shaws thetotal costsfor the min-maxandthe averageslack
schemeswith  varied from 0:1 to 0:9 whenthe query rate was
setto 5. For low valuesof , the updatecostsarelarge; whereas
for high valuesof , thereis almostno querypruningresultingin
prohibitively high querycosts.For = 0:3, thetotal communica-
tion costwasfoundto be minimumfor boththeindexing schemes.
At this slackvalue, not mary updateshappenednd mary of the
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Figure 14: Total communication costsof MIST slack schemes
for MCs built on realdata for varying slack.
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Figure 15: Scalability of MIST and centralized schemeswith
network size.

queriescould be prunedat higher levels. Interestingly the total
costsfor thecentralizedslackschemeeptdecreasingvith increas-
ing . Asthequeryratewaslow, updatecostsdominatedhe query
costs,andhencedecreasethetotal costswith increasingslack.

8.7 Scalability with Network Size

Thecentralizedschemescalelinearly with network size.In the
centralizedschemewithout slack,eachupdatemessagéravelsthe
entire path from the sensorto the BS whereasin the centralized
schemawith slack,aquerywhich couldnotbeansweredtthebase
stationis sentto a sensoiin orderto retrieve the correspondinge-
sults. Therefore the total communicatiorcostsof the centralized
schemesncreasdinearly with increasingnetwork size. MIST ex-
ploits spatialcorrelationsamongthe differentsensorsaandboth its
updatesandqueriesareprunedusingatree-basegrotocol.Hence,
thescalabilityis better

Figure 15 depictsthe total communicationcostsof MIST sch-
emesandthecompetingcentralizedschemesvith varyingnetwork
size. The experimentsemplo/ed MCs built on syntheticdatawith

= 0:1and = 0:05with (range)queryrate15. The central-
ized schemewith slackhasbeenomittedfrom the gure dueto its
high querycommunicatiorcosts.MIST schemesvithout slackof-
fer signi cant savings comparedo the slack-basedchemes.As
the network size increasesthe slack-basedchemesachiare low
updatecostsdueto pruning; howvever, thereis a hugeincreasen
guerycommunicatiorcostsdueto two reasons(i) thequeryprun-
ing decreasesonsiderablyat higher levels of the tree dueto the
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Scalability with number of states
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Figure 16: Scalability of MIST and centralized schemeswith
number of states.
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Figure 17: Update costsof MIST with number of states.

slackemplo/ed in the parametersand (ii) the queriestraversea
longerdistanceo retrieve theresults.Thecentralizedschemavith-
outslackincurslargeupdatecostssinceit transmitsevery modelto
thebasestation.In MIST, modelsaresentup only to the next level
andindexed. Thereforethe updatecostsaresmall. In sum, this
gure depictsthe superiorscalabilityof MIST basedschemesvith
network sizeandshavs thatMIST maintainghe performanceyain
overthecentralizedschemes.

8.8 Scalability with Number of Model States

In this section,we describehow MIST andthe centralizedsch-
emesscalewith numberof statesFigure16 depictsthetotal com-
municationcostswith varying numberof statesfor rangequeries.
The experimentswere donewith syntheticMCs with = 0:1,

= 0:05, and queryrate 100. We notice an interestingtrend.
For small statesizes,the schemesvithout slackoutperformedhe
schemeswwith slack,whereasat larger statesizesthe reversephe-
nomenonwvasobsenred. In orderto understandhe underlyingrea-
sonsbehindsucha trendin total costs,we plotted the individual
contributionsof the updateandthe querycostsof eachschemen
Figuresl7 and18respectiely.

Figurel7illustratesthatMIST's slack-basedchemescalewell
with increasingstatesizebecausef updatepruning. On the other
hand theschemesvithoutslackincurlargertransmissiortostsdue
to the increasechumberof parametersand little updatepruning.
Thecentralizedschemewith no slackscalespoorly.

However, for the rangequery costsdepictedin Figure 18, it
is interestingto obsenre that the query costsof eachschemefor
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Figure 18: Rangequery costsof MIST with number of states.
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Figure 19: Curse of dimensionality: Model query costs of
MIST with number of states.

100 randomqueriesdecreasavith increasingstatesize. The cen-
tralized schemewithout slack haszero query costsandis, there-
fore, omitted. The averagetransitionprobabilitiesandthe average
startstateprobabilitiesareinverselyproportionalto the numberof
states.Therefore the probability of observinga queryof lengthk
(whichisaproductof k 1 transitionprobabilitiesand1l startstate
probabilityfor anMC) decreasewith increasinghumberof states.
Theboundsarealsoproductsof k probabilities. Thus,they become
smallerandtheir differenceshrinksresultingin fewer queriessur
passingthe query threshold. The schemeswithout slack outper
formedthosewith slackbecausf thetighter probability bounds.
Figure 18 shaws the querycostsfor a very high queryrateof 100.
For lower queryrates,the updatecostsdominated.At high query
ratesand large statesizes,the query costsbecamenggligible, and
thetrendin the updatecostswasre ectedin thetotal communica-
tion costs. Thus,MIST doesnot suffer from the “curse of dimen-
sionality” from thenumberof statesfor rangeandtop-1queries.
However, theeffectof dimensionalityis noticedfor modelqueries,
wherethesearchis carriedover them-dimensionakpaceof model
parameters.Figure 19 shawvs the degradationof performancen
MIST's modelswith increasingm. Eventhoughthereis an effect
of dimensionalitythe communicatiorcostsremainpracticalup to
large statesizesof 11. MIST schemesvithout slackprovide better
boundsandhence)eadto lower communicatiorcosts.

8.9 Fault-ToleranceExperiments

Figure20 depictsthe scalabilityof variousschemesvith failure
probability Every nodefails with a probability of f . The experi-
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mentswereperformedon MCswith = 0:1, = 0:05andquery
rate setto 10. At the time of nodefailures, MIST schemesn-
cur additionalcosts,asthe children of the failed nodediscover a
new parentandpropagateipdateso the new parentandits ances-
tors. Therefore asthe probability of nodefailureincreasesMIST
schemeshav a moderatencreasen total communicatiorcosts.

Figure 21 depictsthe communicationcostsof MIST schemes
with increasindink failure probability As thelink failure proba-
bility increasesthepercentagef nodeshatswitchto anew parent
andfollow thesubsequergxpensve updateprotocolincreasepro-
portionally Hence the costsof eachschemeéncrease.

Summary: When the spatialdatais highly correlated,for low
queryrates,the minmax schemewith slackis the best. For high
queryrates(over 50), the minmaxschemendthe centralizedsch-
emewithout slack are the best. When the correlationsare low,
MIST schemeswithout slack performthe bestfor query ratesof
morethan10. For large network sizesof morethan 100 sensors,
MIST schemesvithoutslackscalethebest.For statesizedessthan
6, MIST schemesvithout slackarerecommendedror higherstate
sizes MIST schemesvith slackarepreferred With increasindink
andnodefailure probability the averageschemewith slackscales
betterthanotherschemes.

9. CONCLUSION

In this paper we developeda distributedandhierarchicalindex
structurefor sensometworks, MIST, basedon Markov Chainsand
HiddenMarkov Models. Thesestatisticalmodelscapturethe se-
manticsof a sensorsystemby transformingraw signalsinto sym-



bols,thuspermittinga high-level understandingndanalysis.

In orderto unearthglobal semanticpatternsthe modelsat the
individual sensorsieedto be aggreated.In thelight of communi-
cationconstraintsn asensonetwork, aggregationshouldbebased
onthe modelparametersWe designedwo novel distributedalgo-
rithmsfor modelaggrgation. The rst algorithmproducesavalid
statisticalmodel,the avelage mode| that captureshe averagebe-
havior of the constituentmodels. Spatialcorrelationparameters
andtwo otherindex parametersveremaintainedalongwith theav-
eragemodels. The secondalgorithm producespseudo-modelin
the form of min and maxmodelswhich were usedto capturethe
extremebehaior of the constituentmodels. We alsocapturedthe
temporalshift of the parametersf a modelby consideringa slack
ateachlevel of theindex structure.

We proposedtwo probabilistic sequence-basegueries,range
andtop-1queriesandonehigh-level model-basedemantiquery
1-NN query thatareof interestin a distributedsensometwork set-
ting. We designedalgorithmsto answerthesequeriesef ciently .
We usedthe index parametersnaintainedat the root of a subtree
to boundthe probability of obseration of a querysequencérom
a sensorin the subtree.We alsoboundedthe distanceof a query
modelto asensomodelusingtheseparameters.

We designedhlgorithmsto answerthemef ciently by bounding
the probability of obseration of a query sequencdrom a sensor
(aswell asthe distanceof a querymodelfrom a sensomodel)in
asubtreeusingjust theindex parameterandthe slackparameters
maintainedat theroot of the subtree.

We compareaurschemesagainstwo othercentralizedschemes,
onewith slackandthe otherwithout slack. Extensve experimental
evaluationon both real-world and syntheticdatasetsshaved that
MIST's modelsoutperformthe competingcentralizedschemesn
termsof update,queryandtotal communicatiorcosts. The scala-
bility experimentshavedthatMIST scaleswell with network size
andnumberof modelstates.
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