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Abstract

We considerthe problemof findingsimilar pat-
ternsin a time sequenceTypical applicationsof
this probleminvolve large databasesconsisting
of long time sequencesf differentlengths. Cur-
rent time sequenceseach techniqueswork well
for queriesof a prespecifiedength, but not for
arbitrary lengthqueries. We proposea novel in-
dexing tedhnique that works well for arbitrary
lengthqueries.Theproposededniquestoresin-
dex structuresat differentresolutiondor a given

dataset.\e provethat, this index structuee is su-
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perior to existing index structuesthat usea sin-
gle resolution. We proposea range query and
neaest neighbor query technique on this index
structure, and prove the optimality of our index
structure for theseseach techniques.Theexper
imental resultsshowthat our methodis 4 to 20
timesfasterthanthe currenttechniquesncluding
SequentialScanfor range queries,and 3 times
fasterthan SequentiaScanand othertedniques
for neaestneighborqueries.Becaus®ftheneed
to store informationat multiple resolutionlevels,
the storage requirementof our methodcould po-
tentially belarge. In the secondoart of thepaper
we showhow the index informationcan be com-

pressedvith minimalinformationloss.Accoding



to our experimentakesults,evenafter compess-
ing the sizeof theindex to onefifth, thetotal cost
of our methods 3to 15timeslessthanthecurrent

tedhniques.

Index Terms. Time series, subsequence
searchrangequery nearesteighborquery mul-

tiple resolutions.

1 Introduction

Time seriesor sequenceataarisesnaturallyin
mary real world applicationslike stock market,
weatherforecasts,video databasesind medical
data. Someexamplesof querieson suchdatasets
include finding companieswhich have similar
profit/loss patterns, finding similar motions in
a video databasepr finding similar patternsin
medicalsensordataor biologicaldata. A typical
guery on such data can be “Find companies
which had a similar profit pattern as company
A's profit pattern in January 2000”, or “Find
companieswhoseclosing prices are similar to

companA's profit during thelast 6 months”.

The explosie increasen the size of the time
seriedatabaseandthe variety of time seriesap-

plicationsintroducesseveral challenges:1) The

searchtools shouldbe able to index and search
largedatabasesfficiently. 2) Thereshouldnotbe
ary artificial restrictionson the lengthsof either
the databasesequencer the querysequence3)

Thesearchechniqueshouldbescalablewith the
numberof nodesn parallelanddistributedarchi-

tectures.

The needfor arbitrary length searcharisesin
most real world sequencealatabaseapplications
for two reasons. First, the databasesequences
canbeof ary length.For example differentcom-
paniesmay enterstockmarket at differenttimes.
Therefore stockhistoriesof differentcompanies
canbe of ary length. Similarly, the lengthof the
videosequencesanbe of any lengthfrom a few
minutesto hours. Anotherstriking applicationis
genomealatabasesl helengthsof genomestrings
varyfrom afew hundredso hundred®f millions.
Secondthe usermay be interestedn searching
guerysequencesf ary length. For example,one
can query basedon the performanceof a com-
pary in onemonthaswell asoneyear Theuser
may comparea smallpieceof avideofile aswell
asthe wholevideofile. A biologist may search

a shortgenestring of a few hundrednucleotides



or compareghewholechromosomef millions of

nucleotidesagainstanother

Thereare mary waysto comparethe similar-
ity of two time sequences.One approachis to
definethe distancebetweentwo sequenceto be
the Euclideandistancein an appropriatemulti-
dimensionalspace[l, 4, 6, 11, 19, 25]. Non-
Euclideammetricshave alsobeenusedto compute
the similarity for time sequencesAgrawal, Lin,
Savhney, and Shim [2] use L., asthe distance
metric. The Landmarkmodel by Perng,Wang,
and Zhang [17] choosesonly a subsetof val-
uesfrom atime sequencewhich arepeakpoints,
andusesthemto representhe correspondinge-
guence.Theauthorsdefinedistancebetweerntwo
time sequencess a tuple of values,one repre-
sentingthe time andthe otherthe amplitude. In
a separatework, Park, Chu, and Hsu [16] use
the ideaof time warpingdistance.This distance
metriccomparesequencesf differentlengthsoy
stretchingthem. The distancebetweentwo time
seriesdata can be madeshift and scaleinvari-
ant by transformingthem onto shift eliminated
plane[10, 5]. Anotherdistancemetric D,,,,.,, IS

definedby Lee,Chun,Kim, Lee,andChung[15]

for multidimensionalsequences.Although this
metrichasa high recall,it againallows falsedis-
missalswhendeterminingcandidatesolutionin-
tervals. Vlachos KolliosandGunopulog27] pro-
posedto usethe LongestCommonSubsequence
(LCSS)techniquen orderto find similar trajec-
tories. The authorsshav that LCSSis morero-
bustto noisethanboth Euclideanandtime warp-
ing distances.

The distancebetweentwo time seriesdatacan
be madeshift andscaleinvariantby transforming
themontoshift eliminatedplane[10, 5].

Rangesearchesnd nearesheighborsearches
in whole matding and subsequencenatding
have beertheprincipalqueriesof interestor time
seriesdata. Whole matchingcorrespondso the
casewhenthe querysequencandthe sequences
in the databasédave the samelength. Agrawal,
Faloutsos,and Swami [1] developedthefirst so-
lution to this problem.They transformedhetime
sequenceo thefrequeny domainby usingDFT
(DiscreteFourier Transform).Later, they reduced
the numberof dimensionsto a feasiblesize by
consideringthe first few frequeng coeficients.

ChanandFu [4] usedHaarwavelettransformto



reducethe numberof dimensionsand compared
thismethodo DFT. They foundthatHaarwavelet
transformperformsbetterthanDFT. However, the
performanceof DFT canbe improved usingthe
symmetryof Fourier Transformd20, 29]. In this
case,both methodsgive similar results. Wang
andWang[28] proposedo useB-splinewavelet
transformsandtheleastsquaranethodto approx-
imatetime seriesdata. However, this technique
mayresultin falsedismissals.
Subsequenamatchings amoredifficult prob-
lem. Here, the query sequences potentially
shorterthanthe sequences the database.The
userasksfor subsequenceis the databasehat
have the samdengthasthe querysequencanda
similar pattern.For example,onecanaskaquery:
Find companiesvhich hada similar profit pattern
ascompanyA's profit patternin January200Q A
bruteforce solutionis to checkall possiblesub-
sequencesf the given length. However, this is
not feasiblebecausef the large numberof long
sequencem thedatabase.
FaloutsosRanganathamndManolopoulog6]
proposedl-adaptive index to solve the match-

ing problemfor queriesof prespecifiedength.

They storethe trails of the prespecifiedengthin

MBRs (Minimum BoundingRectangles).In the
samepaperthey alsopresentwo methodsPrefix
Seach andMultipieceSeach, to relaxtherestric-
tion of prespecifiedjuerylengths. Prefix Search
performsa databasesearchusing a prefix of a
prespecifiedength of the querysequence Mul-

tipiece Searchsplits the query sequenceo non-
overlappingsubsequencesf prespecifiedength
and performs queriesfor eachof thesesubse-

quences.

Keogh, Chakrabarti, Pazzani and Mehro-
tra [13] proposedo split the time sequencento
equal sizedwindows. The averageof the val-
uesin eachwindow is usedto representll the
entriesin the window. This compressiortech-
niqueis calledthePAA (Piecavise AggregateAp-
proximation)technique Theexperimentakesults
in this papershov that PAA can be computed
fasterthanSVD, HaarandDFT, andthe pruning
power of PAA is similarto thatof DFT andHaar
but worse than SVD. Although the main intent
of this paperis to introducea new dimensional-
ity reductiontechniquethe authorsalsopropose

to perform subsequenceearchingby sequen-



tially sliding the query sequencever the whole
databasesequences.The pruning power of the
PAA techniquecanbe improved by splitting the
time sequence#to varying size windows [12].
This techniqueis called APCA (Adaptive Piece-
wise ConstantApproximation). In a later pa-
per, Popvanor andMiller [18] showv thatPAA is
worsethanDFT, Haarwavelets,and Daubechies
wavelets.Accordingto theseresults,Daubechies
(DB) waveletsresultin the highestprecisionand
thelowestnumberof pageaccessesThis canbe
usedto infer thatthereis no clearwinneramong
all dimensionalityreductiontechniquesandthe
benefitsof a specific techniquedependshighly
on the datasequences.We use DFT and some

waveletbasefunctionsin our experiments.

There are several ways to measurethe qual-
ity of anindex structure. The size of an index
structuremustbe small enoughto fit into mem-
ory. Furthermorethe runningtime of the search
algorithmmustbesmall. Two parameterarecru-
cial to the runningtime: precisionandthe num-
berof disk pageaccessesrecisions definedas
theratio of the numberof actualsolutionsto the

numberof candidatesolutionsgeneratedy the

searchalgorithm. A goodindexing methodand
a searchalgorithm shouldhave a high precision
while readingfew disk pages.

In this paper we investigatethe problem of
range and nearestneighbor searchingfor arbi-
trarylengthqueries We proposeanoptimalindex
structureand searchmethodsto solwe this prob-
lem efficiently. Ourindex structurestoresMBRSs
correspondindo databasesequenceat different
resolutions. To obtainthe MBRs of appropriate
dimensionalityat different resolutions,we con-
sider different compressiortechniques,namely
DFT, Haarand DB2 (Daubechiesvavelet). We
prove the superiorityof this multi-resolutionin-
dex structureto index structuredasednasingle
resolutionlik e the I-adaptiveindex [6]. Theres-
olutionsthat optimizethe index structureperfor
mancein termsof precisionand searchcostare
alsoderivedtheoretically

Therangesearchalgorithmsplitsagivenquery
into several non-overlappingsubqueriesat vari-
ousresolutions. For eachsubquerythe method
performsa searchon the index structurecorre-
spondingto the resolutionof the subquery The

resultsof a subqueryareusedto refinetheradius



of the next subquery We prove the optimality of
this searchalgorithmon our index structure.Our
experimentakresultsshav thatour methodis 4 to
20timesfasterthanthecurrenttechniquesnclud-
ing Sequentiabcan.

Thek-nearesheighborsearchalgorithmworks
in two phases. The first phasefinds an upper
boundto the distanceof thequeryto the k™* near
estneighborby performinga searchon theindex
structure. Theseconghasas arangequeryusing
theupperboundfoundin thefirst phasefollowed
by apostprocessing.

Storinginformationat differentresolutionsn-
creasetheamounibf storageneededy ourindex
structure. However, a goodindex structuremust
notoccuyy toomuchspace So,in thesecondart
of thepapemwe proposewo methodgo compress
the index information. Thesemethodsdecrease
thenumberof MBRs by replacinga setof MBRs
with alargerEMBR (ExtendedVIBR) thattightly
coverstheseMBRs. The first of thesemethods
splits the setof all MBRs into non-overlapping
subsetf equalsize andreplacessachof these
subsetsvith anEMBR. Thesecondnethodcom-

binesMBRs so that the volume of the resulting

EMBR is minimized. Our experimentalresults
shav that our index structureis 3 to 15 times
fasterthanthe currenttechniqguegvenaftercom-
pressingheindex to one-fifth.

Therestof the paperis asfollows. The prob-
lem of rangequeriesfor subsequencsearchand
theexistingtechniquesirediscussedh Section2.
Ourindex structureandthe searchalgorithmsare
presentedn Section3. Experimentakesultsare
givenin Section4. Index compressiomrmethods
are presentedn Section5. We endwith a brief

discussionn Section6.

2 Current search techniques
Currentsubsequencsearchiechniquesanbe
classifiedin two groupsbasedon whetherthey
handle fixed length queriesor variable length
gueries.Section2.1 discusseshe casewhenthe
lengthof the queriess prespecifiedSection2.2
and 2.3 discusstwo solutionsfor variablelength

gueries.
2.1 Fixed length queries

A simplerversionof the subsequencenatch-
ing problemis when the length of a query se-
guenceequalsa prespecifiedvindow sizew. An

indexing methodcalled I-adaptivewas proposed



by Faloutsoset al. [6] for this problem. This
methodfirst transformsall possiblesubsequences
of lengthw in the databaseisingDFT. Only the
first few frequeny coeficientsaremaintainedhf-
ter this transformation.An MBR that coversthe
first subsequencim the frequeng domainis cre-
ated.ThisMBR is extendedo coverthenext sub-
sequenceéf the maginal costdoesnot increase.
Otherwiseanew MBR thatcoversthenew subse-
guencds created.TheresultingMBRs arestored
usinganR-tree[3, 7].

2.2 Variablelength queries: Prefix Search

For variable length queries, Faloutsoset al.
proposetwo differentsolutionsusing l-adaptive
index, namely Prefix Seach and Multipiece
Seach [6].

Prefix Seach assumeshat thereis a prespec-
ified lower boundw on the length of the query
The methodconstructghe index structureusing
I-adaptivetechniquewith window sizew. Given
a query ¢ of an arbitrarylength, it searcheghe
databaseisinga lengthw prefix of ¢. If thedis-
tancebetweenthe query ¢ anda subsequence
of length|q| is d(g, s), the Euclideandistancebe-

tweensequenceg and s, thenthe distancebe-

tweenary of their prefixescannotbegreateithan
d(q, s). Thereforethemethoddoesnot causeary
falsedismissals.

A shortcomingof the Prefix Searchmethodis
that its searchvolume can becomeunnecessar
ily large leadingto a large numberof falsehits.
Thisis capturedn thefollowing lemma.TheEu-
clideandistancebetweenwo sequences andy
is denotedby d(z, y), andthe expectedvalue of

this distancds representetly E[d(z, y)].

Lemmal Letg bea querysequencandz bea
databasesequencef the samelength. Let ¢; be
a subsequencef ¢, andx; bea subsequencef =

sudthat|g,| = |z;|. Then,
Eld(q,7)] ~ |/ 1. Eld(qy, 71))

Proof:
Let |¢| = |z| = n. Let Y}, Y5, ..., Y, beiid (in-
dependenandidentical)randomvariableswhere
Y; = |q[i] — z[7]| for1 < i < n. LetY bearan-
dom variable,whosedistribution is equalto Y;,
for1 < i < n. Let u(Y?) ando?(Y?) bethe
meanandthevarianceof Y? respectiely.
DefineZ, = Y% | Y2, wherek is a positive in-

teger Fromthe CentralLimit Theoremwe know



thatregardlessof thedistribution of Y2, for large
k, Z is normally distributedwith meanu(Z;) =
k - u(Y?) andvariances?(Zy)

=k-o*(Y?). The

probability densityfunctionof Z, canbe written

. 7(t—u§Zk))2
asfz, (t) = —7 € 202(Zy)

Let 7, betherandomvariabledenotingthe Eu-
clideandistancebetweentwo randomly chosen
time seriesof lengthk, thenT}, = /Z. Themean
of T}, canbecalculatedas

u(Ti) = ot fz,(2) - dt,

Then,we have

_(P—n(z))?
pTn) == Joot-e 2@ - dt.
; ; — 2 u(Zy)
After changingthe variablesasu Ve (2’
we get
w(Ty) =50 J% “uizy) € . du
o'(Z€v
=5 S U(Zk)f - du.
It is well known that
J° e . du = Y=, andthe Taylor
expansiornof thefollowing integralis
t 7u i 2.i+1
d'U/ - i— O( 1) . W

FromTaylor expansionwe have

WL k(L )

)
_ 1 w(Y?)
— 4 (1+ o(V2 )\/ﬁ)
_1 VE-p(Y?)
— 1 (1+0'(Y)\/§)

Hence

Vap(vr?)

w(Ty) — +a(Y2)f
w(Tx) 4 YEuy?) "
a(yz)f

For Iargevaluesof n andk, we canignorel's,

thenwe have
Vap(y?)
WTh) c(¥)V2
wTy) ~ VEw®?)
a(Y2)-v2

— /B

Hencewe concludethat

Eld(g, z)] ~

As a consequenceof the abore lemma, if

2 Eld(qr,21)]. O

d(q1,z,) = r thend(q,z) ~ r-,/-L. Asaresult,

@l
searchingor r-distantprefixesusingg; is tanta-
mountto searchingor r - %-distantsequences

usingq. We referto the radiusr - /-2 asthe

g1
implicit seach radius andto the corresponding
searchvolumeastheimplicit seach volume

If the Prefix Searchmethodusesdim dimen-
sionsfor the transformedsequenceghe implicit
searchvolumeincrease®y afactorof \/gdim If
lq| is muchlargerthanthewindow sizew = |q¢,|,
themethodincursmary falseretrievals. This de-
creaseshe precisionandincreaseshe numberof
disk reads.For example,let thelengthof aquery
sequencée 16 timesthe window size. In this
case,the implicit searchradiuswill be 4 times

the actualsearchradius. If theindex stores6 di-

mensionsthentheimplicit searchvolumewill be



morethan4000timestheactualsearchvolume.
2.3 Variablelength queries. Multipiece Search

Multipiece Seach assumeghat the length of
the query sequenceés an integer multiple of the
window sizé, i.e. |q| = kw for someinteger
k. Givena querysequence anda radiuse, the
methoddivides the query sequenceanto k£ non-
overlappingsubsequences lengthw. Later, the
methodrunsk subqueriesi.e. onefor eachsub-
sequencewith radiuse/v/k, andcombineghere-
sultsof thesesubqueriesThemethoddoesnotin-
cur ary falsedismissalsbecauséf asequencés
within e distanceof the query thenatleastoneof
the correspondingsubsequencesust be within
thedistance:/V/k.

However, thereare several problemswith the
Multipiece Searchtechnique. 1) The costof a
gueryincreasesinearly with its size. Theradius
for eachsubquernyis ¢/v/k. FromLemmal, the
likelihood of finding a subsequencef length w
within a distanceof e/+/k from a subqueryis the

sameasthat of finding a sequencef length kw

Lif the querylengthis not anexactmultiple of the win-
dow size,thenthe longestprefix thatis a multiple of the

window sizecanbeused.

within a distanceof ¢ from the original query
This implies that the expectedcost of eachsub-
gueryis thesameasthatof theoriginalquery The
numberof subqueriegk) increasedinearly with
the sizeof the original query As aresult,theto-
tal searctcostof the Multipiece Searchechnique
increasedinearly with the lengthof the query 2)
Multipiece Searchhasa postprocessingtep, in
which the resultsfrom different subqueriesare
combinedand filtered. This hasan extra CPU

overhead.

3 Proposed method

The main problemwith the two solutionsfor
variable length queriesis that the index struc-
ture doesnot useall the informationavailablein
the querysequencedueto the static structureof
theindex andthe unpredictabléengthof queries.
Our solutionalleviatesthis problemby storingin-
formationat differentresolutionsn thedatabase.

3.1 Storinginformation at multipleresolutions

Let s be the longesttime sequencein the
databaseyhere2® < |s| < 2! for someinteger
b. Similarly, let the minimum possiblelengthfor
aquerybe2¢, for somentegera wherea < b. Let

s1, S2, ..., S, bethetime sequencem thedatabase



asshowvn in Figurel. Ourindex structurestores
agrid of treesT; ;, where: rangesfrom a to b,
and j rangesfrom 1 to n. TreeT;; is the set
of MBRs for the j** sequenceorrespondingo
window size2t. In orderto obtain7; ;, we trans-
form eachsequencef length2’ in sequence;
usingDFT or wavelets,and choosea few of the
coeficientsfrom the transformation. The trans-
formedsequencearestoredin MBRs similar to
the l-adaptiveindex structure.We begin with an
initial MBR. It is extendedto cover the next sub-
sequencef lengthw until the mamginal costof
theMBR increasesWhenthemaiginal costof an
MBR increasesa nev MBR is createdandused
for later subsequenceshe i** row of ourindex
structureis representetdy R;, whereR; = {7,
...I; »} correspondso the setof all treesatreso-
lution 2¢. Similarly, the j** columnof our index
structureis representedly C;;, whereC; = {1, ;,
....I}, ;} correspondso the setof all treesfor the
4t time sequenceén the database.We call this
index structurethe MR (Multi Resolution)index
structue. Onecanconsideusingadifferentbase
(e.g.basel3) to constructheindex structure how-

ever base2 turnsoutto bethe optimal (asshavn

w
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Figure 1. Layoutof theindex structure.

later). An MR index structurethatusesa baseof

1 is referredto asa base-iIMR index structure.

If eachMBR of the index structurecontains
¢ points on the average,thenthe size of R; =
2-d-35, w whered is the numberof di-
mensionf theindex structure. This is because
eachtime sequences; corresponddo ‘51‘_%
MBRs,andeachMBR storesgwo vectors(onefor
lower coordinatesndonefor highercoordinates)
of d dimensionsBasedon this formula,we con-
cludethatthesizeof R; decreaseas: (i.e. reso-
lution) increasesHowever, if thetime sequences
arevery long comparedo the resolutionsof the
index structurehenthesizeof therowsdecreases

slowly. The total spacecompleity of the index

structureis O(a - D/c), wherea is thenumberof



differentresolutionand D is thedatabassize.In
Section5 we will discusshow theindex structure
canbecompressed.

The MR index structurecan be constructed
by sequentiallyscanninghe databas@nly once.
Thereforethetime compleity of index construc-
tionis O(D).

3.2 Longest Prefix Search (L PS)

Let ¢; be a prefix of a query sequencey. In
Lemmal we provedthata rangequeryusing¢;
with a queryradiusof ¢ hasanimplicit searchra-
diusof € - /1L,

lq1]

creasess |¢;| increases.Our first searchtech-

The implicit searchradiusde-

nique,the Longestprefixseach technique(LPS),
usesthelongestprefix (¢;) of thequerysequence
(for which the resolution|¢; | appearsn the MR
index structure)to performarangesearchon the
correspondingow (Rjog,|q,) Of the MR index
structureto find the candidateset. Later, this can-
didatesetis postprocessetb eliminatefalsere-
trievals.

In order to optimize the LPS technique,the
length of the largestresolutionavailable in the
MR index structure must be maximized. As

shovn in Lemmaz, thisimpliesthatbase2 must

11

beusedin theconstructiorof theindex structure.

Lemma?2 LetMR;,7 > 2, bethe base: MR in-
dex structurle constructesn atimeseriesdataset.
If querieswhosdengthsare uniformlydistributed
betweerl and N (for somelarge integer N) are
performedon theseindex structues with equal
probability, thentheexpectedengthof thelongest

prefixof thesequeriesis maximizedor MR,.

Proof:

Theleadingnonzeraodigit of the base: represen-
tation of |g| correspondso the longestprefix of
g whoseresolutionis availablein MR;. Define
h = log;N. Letuspartitionthenumbersl ... N
basednthenumberof leadingzerosn theh digit
base: representationlet P, 0 < k£ < h, denote
thepartitioncorrespondingo & leadingzeros.All
thenumbersn partition P, usea prefix of length
i"=*=1 for rangesearchingn the LPStechnique.
The sizeof partition Py is (i — 1) - i"*71. The
leadingnonzerddigit cantakei — 1 valuesandthe
remainingdigits cantake i valueseach. There-
fore, the averagelength of the longestprefix for

MR; is:



1 h—1(; h—k—1 +h—k—1
Li =g Sioii—1) -kt iv
_ i1 h—1(:2\h—k—1
=5 T (@)
_ i1 ¢?h 1
- N 21
_ N1
— N-Gi+1)
N

= 1
Therefore,the length of the longestprefix de-

creasessthe baseof the MR index structurein-
creases. O
Lemma2 provesthatusingpowersof 2 for the
resolutionof the MR index structuremaximizes
the performanceof the LPS technique. A base-
2 MR index structureguaranteethattheimplicit

searchradiusfor any querydoesnotincreasey a

factorof morethan+/2.
3.3 Animproved search algorithm

The LPS techniqueusesthe longestprefix of
the querysequencavhoseresolutionis available
in the MR index structure. Although this tech-
niqueis betterthanthe Prefix Searchtechnique
(i.e. the implicit searchradiusis less), it still
doesnot useall the informationin the queryse-
guence. Our secondsearchtechniquepartitions
a givenquerysequencef arbitrarylengthinto a
numberof subqueriesitvariousresolutionsavail-

ablein ourindex structure. Later, it performsa

12

partial range queryfor eachof thesesubqueries
on the correspondingow of the index structure.
This is called a partial rangequery becausat
only computeglistanceof the querysubsequence
to the MBRs, notthedistanceo theactualsubse-
guencegontainedn the MBRs.

Givenary queryq of lengthk - 2¢ andarange
¢, thereis a unique partitioning, ¢ = ¢1¢»...¢+,
with [¢;| = 2% anda < ¢; < ... < ¢; < ¢j41 <
...c; < b. This partitioningcorrespondso thel's
in thebinaryrepresentatioof k. Wefirst perform
a searchusingq; onrow R, of theindex struc-
ture. As a resultof this search,we obtaina set
of MBRs thatlie within a distanceof ¢ from ¢, .
Usingthedistancedo theseMBRs, we refinethe
valueof ¢ for eachMBR andmake asecondjuery
usingg. onrow R., andthe new valueof e. This
processcontinuesfor the remainingrows R, ...
R.,. Theideaof the above radiusrefinements

capturedn thefollowing lemma.

2Similar to the Multipiece Searchtechnique,if the
lengthof the querysequencés not a multiple of the min-
imum window size, then the longestprefix of the query
whoselengthis a multiple of the minimum window size

canbeused.
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64 128

Figure 2. Partitioningfor queryg, |¢| = 208.

Lemma 3 Let ¢ be a givenquery sequenceand
x beanarbitrary subsequencef the sameength
in the database Let ¢; be a prefix of ¢ and ¢,
betherestof ¢q. Similarly, let x; be a prefix of x
andz, betherestof z, sud that |¢;| = |z,]. If
d(q,z) < ethen
d(qa, ¥2) < mazpeg(y/€? — d(q1, B)?),

whee B is an MBR that covers z; and B is any

arbitrary setof rectangleghat containsB.

Proof:

Sinced(q, x) = \/d(ql,azl)2 + d(qe, 72)% < €, we
have
d(ga,x2) < /€ —d(q1,x1)%2.  Since
d(q1,x1) > d(q1, B),
d(go, x2) < (/€2 —d(qy, B)?). Fromthis,
it followsthat
d(go, x2) < mazpgep(1/€? — d(q1, B)?). O
An examplepartitioningof aquerysequences
shawvn in Figure2. In this example,thelengthof
thequerysequenceés 208 andthe minimal query

lengthis 16. The queryis split into 3 piecesof

length16, 64 and128. Threesubqueriesreper
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Figure 3. Theexecutionof asamplerangequeryon
databasesequences; with |¢g| = 208, ande = 0.6.
The real numberdisplayedinside eachMBR repre-
sentsthe distancebetweenthe correspondingjuery
subsequencandthatMBR. Therealnumbersext to
eacharrov shaw the refinedradiusafter processing

thatMBR.

formed,onefor eachpartition.

Figure 3 depictsthe execution of the range
gueryalgorithmon databassequence; for e =
0.6 for the query sequencen Figure 2. In this
example, s; containsfour MBRs for eachreso-
lution. The real numberdisplayedinside each
MBR representshe distancebetweenthe corre-
spondingquerysubsequencandthat MBR. The
realnumbersext to eacharrov shov therefined
radiusafter processinghat MBR. The first sub-

queryq is performedonrow R, with e = 0.6 as



theradius. As aresultof this searchg is refined
to €, for eachMBR By, in row R,. Sincethedis-
tancebetween|q; | andthe third MBR is greater
thane, the subsequencesf s; correspondingo
this MBR are prunedat this step. The next sub-
queryq, is performedonrow Rg with thesmaller
radiuse), for eachMBR By. As aresultof this
subquerye;, is refinedfurtherto €. After thesec-
ondsubquerythe subsequencesf the first MBR
arealsoprunedsincethedistanceof ¢, to thefirst
MBR is largerthanthe currentthresholdfor that
MBR. Finally, subqueryg; is performedon row
R; with radiuse), for eachMBR By. Thefourth
MBR of s; is prunedaway at this stepsimilarly.
Theresultingsetof MBRs (i.e. only the second
MBR in thisexample)is thenprocessetb find the
actualsubsequencessing disk I1/0Os. The same
algorithmis run for otherdatabasesequenceas

well.

Figure 4 presentsthe completesearchalgo-
rithm. Stepl partitionsthe query ¢ into sepa-
rate piecescorrespondingo a subsebf therows
R.,, R.,, ..., R, of theindex structure.In Step2,
theserows are searchedrom top to bottom in-

dependentlyfor eachsequencgcolumn)in the
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database. At every row, a partial range query
(Step2b(i)), andthen a rangerefinement(Step
2b(i1)) arecarriedout. Whenall rows have been
searchedthedisk pagesorrespondingo thelast
resultsetareread(Step2c¢). Finally postprocess-
ingis carriedoutto eliminatefalseretrievals(Step
2d).
As aconsequencef Lemma3 we have thefol-

lowing theorem.

Theorem 1 TheMR index structure doesnot in-

cur anyfalsedismissals.

We note the following aboutthe searchalgo-
rithm.

1) Every columnof theindex structureg(or each
sequencen the database)s searchedndepen-
dently For eachMBR, the refinementof radius
is carriedoutindependentlysingonly theresults
from therelatedMBRs. For example,if anMBR
coversthe subsequencesartingat positions300
to 500 for resolution64 in the previous example
(Figure2), thenwe only usetheresultsthatderive
from theMBRswhosestartingpositionrangesn-
tersectwith 300-16to 500-16for resolutionl6.

2) For eachsequenceno disk readsare done



AlgorithmRANGE-SEARCH, ¢)

2. Forj:=1ton

(a) Fork :=1to M;

€c1,j [k] =€

(b) Fori:=1tot

to ¢; arelessthane,, ;[k].

[*Let M; bethenumberof MBRsin row R, of databaseequence; for all j.*/

1. Partitionthequeryg into ¢t partsasgs, ¢, ...,¢: suchthat|g;| = 2% anda < ¢; < ca < ... < ¢ <b.

i. PerformrangequeryonT,, ; usinge., j[k]. Let Res., ;[k] betheresultingsetof MBRs which containthe

subsequencebatimmediatelyfollow the subsequences the k** MBR of row R.,, andwhosedistances

(d) Postprocesw eliminatefalseretrievals.

ii. eci+1,j[k] = ma:cBeReSCi’j[k]{\/eci,j[kP - d(qi,B)z}

(c) Readdisk pagescorrespondingo Res., ;[k] in thecandidateset.

D

Figure 4. Rangesearchalgorithm.

until the terminationof the for loop in Step2b.

Furthermorethetargetpagesarereadin thesame
orderastheir locationon disk. As a result,the
averagecostof a pageaccesds muchlessthan

the costof arandompageaccess.

3) Performingsubqueriesn increasingength
order (i.e. from top to bottomin Figure 1) im-
proves the performance. This is explained in

Lemmad4.

4) A specialconditionoccurswhenoneof the

subquerieg; turnsoutto bein oneof the MBRs
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(say B) of treeT; ;. In this cased(g;, B) = 0,

€cirr,j = €cirj» @ndnoradiusrefinements possible
atthis searchstep. However, if we usethe actual
subsequencesorrespondingo B (by accessing

disk pages)arefinemenmaystill bepossible.

5) One may be temptedto simplify the al-
gorithm by iterating row by row, i.e., by find-
ing MBRs within the currentradius for all se-
guencesn arow, andthenrefiningthe searchra-
dius simultaneoushacrossall sequence$or the

next row. Sucharow basedrefinementimpacts



the performanceof the algorithm. This is be-
causehe amountof radiusrefinements reduced
dueto non-localconsiderationsWith respecto
Lemmas3, this meansthata row-basedapproach
increaseshesizeof B, andconsequentlyeduces
theamountof refinement.

6) Our rangesearchalgorithm can be easily
parallelizedby splitting the MR index structure
vertically. Sincethe columnsof the MR index
structureare independenbf eachother vertical
splitting achieves linear speedupn paralleland
distributedervironments.

3.4 Theoretical Analysis

In section3.2 we proved that the base-2MR
index structuremaximizesthe expectedengthof
the longestprefix of the query sequencehence
maximizegheperformancef theLPStechnique.
In thissectionwe presentitheoreticabnalysisof
the MR index structurefor the searchtechnique
proposedn Section3.3. We first showv thattop-
down searclonthe MR index structurehasbetter
expectedperformancehanary othertraversalor-
der Next, we verify that the base-2MR index
structureminimizesthe expectednumberof sub-

gueries,henceminimizesthe CPU costfor pre-
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processing.

34.1 Orderingthe MR index rows

One can considervarioustraversalstratgieson
the MR index structureby performingsubqueries
in differentorder Lemma4 provesthatperform-
ing subqueriesn increasinglength order mini-

mizesthe expectedsearchcost.

Lemma4 The performanceof the MR index
structure is optimizedif it is traveisedfrom top
to bottom(i.e. subqueriesre performedn anin-

creasinglengthorder).

Proof:
Let ¢ = ¢1¢-... beapartitioningof the queryse-
guencey in increasindengthorder Lettheinitial
gueryradiusbe r, andlet the dimensionalityof
the MR index structurebe d. We comparetwo
casesl) databasés searchedirst for g; andthen
for ¢,, and2) databasés searchedirst for ¢, and
thenfor ¢, .

Casel: Let r; denotethe distanceof ¢; to an
lal | et

lal
¢, betherefinedradiusafterq;. Usingtheradius

MBR. As shavnin Lemmal,r; ~ r -

refinemenformulain Lemma3 we have



€ 2 =12
— r2 — 2. lal
lq|
1 = lal
]
/\Q\‘*I‘ql\.

As aresult,thefinal implicit searchradiusfor g,

T
r-

aftertheinitial radiusrefinemenby ¢, =

Case2: Asin casel, it canbe shavn thatthe

final implicit searchradiusis

T, =1T- ‘

Next, we comparethe implicit searchradii
from casesl and2. Sinceq = q¢q»... IS a par

titioning of theinitial query we know that

la1] + g2 < gl
= (gl +lg2) - (lg2| = e <lal- (lg2| = |a1])
= lg2> = la1l* <l - la2| — g - |a1
= la -] = o> <la|-|a2| — |g=?
= lg1] - (lgl = la1]) < lg2|- (lg| = lgz])
lgl—lg1] lg|—lg2]
= |Q2| S |Q1\
= T S Tfy-
Thisimpliesthatthefinal implicit searctradiusis

minimizedif the subqueriesre performedin an

increasindengthorder O
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3.4.2 Expected number of subqueries

Therefinedsearchalgorithmhasadditional CPU
costdueto multiple in-memorysubqueries.For
example letq beaquerysequencef length25. If
abase-2VIR index structurds usedtheng is par
titionedinto 3 subquerie®f lengthsl, 8, and16.
This corresponds$o the 1sin thebase-Zepresen-
tationof |g|, 25 = (11001),. Ontheotherhand,if
abase-3VIR index structureis used,theng must
bepartitionedinto 5 subquerie®f lengthsl, 3, 3,
9, and9. Thesepartitionscorrespondo thebase-
3representatioof |g|, 25 = (221)3. Thenumber
of subquerie$or abase: MR index structurecan
becomputedasthesumof thedigitsin baset rep-
resentatiorof ¢. In ourexample,(11001), results
in 1+1+0+0+1=3subquerieand(221); resultsin
2+2+1=5subqueriesTheadditionalCPU costis
minimizedwhenthenumberof subqueriegs min-
imized. Lemmab5 provesthatthe expectednum-
berof subqueriess minimizedif abase-2MR in-
dex structure(i.e. resolutionsof powersof 2) is
used. This lemmais analogougo Lemmaz2 that
provedthe optimality of base-2MR index struc-

turefor performingasinglelongestprefix search.



Lemma5 If querieswhosdengthsare uniformly
distributedbetweernl and N (for somelarge in-
teger N) are performedon the base: MR index
structue with equal probability, for 7 > 2, then

theexpectechumberof subqueriess

i—1)-log; N
N’L = (Z )QlOgZ

Proof:

Let N; representthe average number of sub-
gueriesfor base: MR index structure. The sum
of digits of thebases representatioof |¢| is equal
to the numberof subquerieson MR;. Define
h = log;N. Let S bethesetof h digit, base:
representationef all the numbersfrom 1 to N.
The numbersin S have a total of N - h digits.
Sincenumberd), 1, ...,7 — 1 occurin S with the
samefrequeng, eachof them occursNT"’ times.
We canfind the averagenumberof subquerieby

dividing the sumof thedigitsin S by |S|. Asa

result,we have:

1 i—1 7. N-

Ni =x- Ezzok-Th

— h i—1

=7 EZ o k

_ h(i-1)

- 2

_ (i—l)-logiN

=g O

Lemma5 impliesthatthenumberof subqueries

is minimizedwhenpowersof 2 areusedasreso-
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lutionsof the MR index structuresince 112N
decreaseas: decreases.
3.5 Nearest neighbor queries

A k-neaestneighbor(k-NN)queryseekshek
closessubsequencdsom thedatabaséo aquery
strings. We performak-NN queryin two phases.
In thefirst phasethek closestMBRsin theindex
structurearedeterminedy anin-memorysearch
ontheindex structureusingthe maximalresolu-
tion in the MR index structure.Oncethe k£ clos-
estMBRs aredeterminedthealgorithmreadshe
subsequenceontainedn theseMBRs, andfinds
the k" smallestdistanceof thesesubsequencee
the query sequence.We representhis distance
by ;. Note that, generallya small percentage
of the databaseés processedt this stage. In the
secondphasewe performarangequeryusingr,
asthe queryradius. Figure5 presentgdhe com-
pletek-NN searchalgorithm.It is guaranteethat
thek nearesheighborsareretrievedin thesecond
phase.This is becausethe distanceto the actual
k' nearesnheighboris atmostr;.

Korn, SidiropoulosFaloutsosSiegel,andPro-
topapag14] proposeasimilar k-NN search.The

authorsproposea techniquein which & closest



Algorithmk-NN-SEARCHy, k)

e FirstPhase:

1. B := The setof k closestMBRs to the query
q1, Wwheregq; is the longestprefix of ¢ whose

resolutionappearsn the MR index structure.

2. Readthe sequencesontainedn the MBRs in

B.

3. r; := the distanceof ¢ to the k** closestse-

guencen theMBRsin B.
e SecondPhase

1. RANGESEARCHq, 1)

2. Returnthek closesttringsin theanswerset.

Figure 5. k-nearesheighboralgorithm.

pointsareobtainedn thefirst phaseusinganap-
proximatedistancefunction. The actualdistance
to thesepointsis computed,and a rangequery
with the greatestactualdistanceis performedin
thesecondohase SeidlandKriegel [24] propose
an optimal iteratve k-nearestneighbor search
technique.They iterateover boththe featureand
the object spacedo ensurethat no unnecessary
objectsare accessed. Our algorithm is closer
in spirit to the former algorithm exceptthat, we
work with MBRsinsteadof datapointsin thefirst

phase.
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3.6 Comparison of the methods

The MR index structurealleviatesa number
of problemsof the Prefix Searchand Multip-
iece Searchtechniqueghatarisefrom their fixed
structure. Theseproblemsare mainly the large
amountof redundantomputationrandredundant
disk pagereads.

The Multipiece Searchtechniquecan have as
muchas |¢q.|/w subquerieswhereq,,,, is the
longestpossiblequery Ontheotherhand,theup-
per boundon the numberof subqueriedor our
methodis 10g(|¢maz|) — log(w), wherew is the
minimumwindow length. This meansa dramatic
reductionin the numberof subqueriesThe other
adwantageof our techniques thatdisk readsare
performedonly after the last (longest)subquery
as opposedto the Multipiece Searchtechnique
which performsdisk readsaftereachsubquery

Eachsubqueryof the MR index structurere-
fines the radius of the query Sincethe search
volumeis proportionalto %™, evensmallrefine-
mentsin the radiuscan prevent large numberof
disk reads. For example,if 10 dimensionsare
usedn theindex, thena5% decreasé theradius

will decrease¢he searchvolumeby 40%. There-



fore,thetotal searchvolume,hencegheamountof
computatiorand disk reads,for our techniques
muchlower thanthe Prefix Searchiechnique.
However, thereis a dravbackof the MR index
structuren thatit usesmorespacehanbothPre-
fix SearchandMultipieceSearchThisis because
it storesindex structuresat variousresolutions.
Sinceall the preprocessingtepsmustbedonein
memorytheindex structuremustfit into memory
In Section5, we will presensereralmethodghat
shrinkthe sizeof the MR index structurewithout

muchof adropin performance.

4 Experimental results

We carriedout severalexperimentdo compare
different searchtechniques,andto test the im-
pactof usingdifferentparameter®n the quality
of our method.We usedthreedatasetsn our ex-
periments.Thefirst datasets composedf stock
market datataken from chart.yahoo.com This
datasetcontainsinformation about 556 compa-
niesfor 1024 days. Thetotal sizeof this dataset
is approximately4.3 MB. The seconddatasets
formedsyntheticallyby addingfour sine signals
of randomfrequenciesand someamountof ran-

domnoise.This datasets composedf 500 time

20

seriesdataeachof length1024. Thetotal sizeof
this datasets approximately4.0 MB. The third
datasets the high quality Australian SignLan-
guage (AUSLAN dataset. This dataconsistsof
sampleAustralianSign Languagesigns. 27 ex-
amplesof eachof 95 AUSLAN signswere cap-
turedfrom a native signerusinghigh-quality po-
sitiontrackersandinstrumentedjloves.Thereare
a total of 2565 signsof variouslengthsin this
dataset.We chosethe first 1024 entriesof each
time seriesin this dataset. The total size of this
datasets slightly morethan20 MB. This dataset

is publicly availableat http://kdd.ics.uci.edu

We normalizedthe entriesof eachof the time
sequencem bothof thesedatasetdy dividing all
theentriesof eachtime sequencéo themaximum
of theabsoluteraluesof all theentriesof thattime
sequenceWe consideredvariablelengthqueries
of lengthsbetweenl6 and 1024. We assumed
thatthe lengthsof the queriesare uniformly dis-
tributed. Eachquery sequencas generatedy
averagingtwo randomly selectedsubsequences
from the databaseTheradii for thesequeriesare
selecteduniformly between0.10and0.20. The

experimentakesultsarecomputedasthe average



of 100 suchqueries. We assumedhat the index
structurefits into memoryandthat the pagesize
was8K for theseexperiments.

In order to obtain data at various resolu-
tions, we had to transform the data to com-
pact the time sequencesand obtain MBRs of
appropriatedimensionality We experimented
with three transformations,namely DFT, Haar
wavelet[21, 26] andDB2 (Daubechiesyvavelet.
We alsorun someof the experimentsusingother
wavelet basessuchas DB3, DB5, SYM2 (Sym-
let), SYM3, SYM5 andseveral Coeiflets. How-
ever, we did notgetary improvementswith these
basisfunctions. Haarwavelet performedslightly
betterthan DFT. DB2 performedpoor for lower
dimensionshput its performancavascomparable
to Haarfor higherdimensions.

Note thatonecanconsiderusingotherdimen-
sionality reductiontechniquedike PAA [13] in-
steadof DFT or wavelets. However, the experi-
mentsin [18] shav that PAA is worsethanDFT,
Haarwavelets,andDaubechiesvavelets.Our ex-
perimentswith string data[8] also confirm that
waveletsperformbetterthanothertechniquegor

our sliding window basedndex structure.There

21

is noclearwinneramongdifferentdimensionality
reductiontechniques. Therefore,we will report
all our experimentausingHaarwavelets.

Figure 6 shaws the trails for IBM's closing
pricesfor w = 16, whenit is compressedo two
dimensionausingDFT, Haar andDB2 wavelets.
Thefigureshows thatthetrails aresmoothfor all
of them. A smoothtrail impliesthattheresulting
subsequencesanbeindexed efficiently. We ob-
sened similar trails for othertime seriesdataas
well.

4.1 Rangequeries

Ouir first setof experimentsconsideredange
gueries. We measuredprecision and 1/0 for
four differenttechniques:SequentialScan,Pre-
fix Searchl.ongestPrefixSearchandMR index.
Theresultsarepresentedn Figures7 and8. The
resultsfor Multipiece Searcharenot presenteds
it wasnotcompetitvewith othermethodstheto-
tal numberof pageaccessewasevenmorethan
thetotal numberof pageson disk.

We plot the precisionandl/O (numberof disk
reads)asa function of the numberof dimensions
(coeficients)of thetransformediataset. We de-

fine precisionasthenumberf MBRsthatcontain



(@)

and(d) DB2.

resultsequencedivided by thenumberof MBRs
in the candidateset. Note that for Sequential
Scanthecandidatesetis theentiredatabaseThe
performancef Sequentiabcanis notaffectedby

thenumberof dimensions.

Accordingto Figures7(a)and7(b),theMR in-
dex and LPS perform betterthan Prefix Search
andSequentiabcanfor all dimensionalitiesFor
the stockmarket datasetthe precisionof the MR
index structureis morethanfive timesbetterthan
Prefix Searcrandmorethan15 timesbetterthan
SequentialScan. For the syntheticdataset,the
precisionof the MR index structureas threetimes
betterthanPrefixSearcrandSequentiabcan.As

comparedto LPS, the MR index is about15%

(b)
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()

Figure 6. Thetrails of theIBM' s stockfor w = 16, whenit is compressetb two dimensionausing(a) DFT, (b) Haar,

betterfor the stockmarket datasetand 35% bet-

ter for the syntheticdataset. This improvement
is an indication of the performancegain due to

iterative reductionin queryrangeaswe traverse
down the rows of the MR index structure. The
relative differencesn the precisionlevelsfor the
two datasetaredueto thedifferencesn theirdata

distributions.

Figures8(a)and8(b) compardhel/O overhead
of the four abore mentionedechniques For the
stockmarketdatasetthenumberof pagereadsor
the MR index structureis lessthan one-sixthof
thatfor PrefixSearcrandlessthanone-seenthof
thatfor Sequentiabcan.For thesynthetiadataset,

thenumberof pagereadsfor the MR index struc-
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Figure 7. Precisionfor (a) stockmarket (b) syntheticdatafor differentdimensionalities.
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Figure 8. Numberof disk readsfor (a) stockmarket (b) syntheticdatafor differentdimensionalities.

ture is lessthanone-thirdof thatfor both Prefix
SearchandSequentiaBcan.

It shouldalsobe notedfrom theabove four fig-
uresthattherelative performancef theMR index
structureimprovesasthe numberof dimensions
increases.For example,by using10 dimensions
insteadof 4 dimensionsthe numberof pageac-

cessedor the MR index structuredecreasedy
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13%, while that for Prefix Searchdecreasedy
lessthan1% for both datasets.Similarly, preci-
sionfor theMR index structureincreasesy 13%,
while thatfor PrefixSearchincreasedy only 8%
for bothdatasets.

As the numberof dimensionsincreasesthe
numberof disk I/Os dropsslowly in Figures8(a)

and8(b). This canbe explainedasfollows. The



MR index structurestoresonly two vectorsfor
eachMBR, one for lower coordinatesand one
for higher coordinatesjn orderto decreasdhe
sizeof theindex structure. This is becausestor
ing the pointsin the MBR increaseghe size of
theindex structuredramatically Whenthe index
structurdbecomesoolargeto fit into memorythe
searchtechniquencursdisk I/Os evenin thein-
dex searchphase. Sincethe MR index structure
doesnot storethe individual points, it postpro-
cessesll the candidateMIBRs. Hence,although
the numberof dimensionsncreasesthereis still
animprecisiondueto theuseof MBRsfor all the
pointswithin thatMBR.

Another important obsenation is that Prefix
Searchreadsalmostall the pages.The expected
length of a queryis 512. Sincethe minimum
querylengthis 16, the expectedimplicit radius
for aqueryis \/m (approximatelys.6) times
largerthantheactualrange.This meanghatfor ¢
betweer).1 and0.2, the Prefix Searchtechnique
examinesalmostthe entiresearchspace.

The subqueriesn the MR index structurecor-
respondo binaryrepresentatioof theratio of the

lengthof thequerysequence theminimumwin-
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dow size.Thereforetheexpectechumberof sub-
queriedor theMR index structures (log(1024)—
log(16))/2 = 3. In our experimentsthe average
numberof subqueriesvas 3.08, which is pretty
closeto thetheoreticalesults.Ontheotherhand,
for Multipiece Search,the expectednumberof
subqueriess 512/16 = 32, morethan 10 times
higher
4.2 Estimatingthetotal cost

Although Figures7 to 8 give us information
aboutCPU cost(precisiondetermineghe candi-
datesetsize,whichin turndetermineshenumber
of arithmeticoperations)andthe I/O cost(num-
ber of disk pagereads),determiningthe overall
costrequiresan estimationof the relative costof
arithmeticoperationgo disk pageaccessesThe
costof an arithmeticoperationis usually much
lessthanthe costof a disk pageread. However,
the costof a disk pagereaditself canvary based
on whetherthe readis sequentiabr random. In
caseof randoml/O, thereis a high seekandrota-
tionallateng costfor eachpageaccessHowever,
for sequentiateadsdisk heads atthestartof the
next pageto beread,thusavoiding the seekcost.

As a result, the cost of readingpagesin a ran-



dom orderis muchhigherthanthe costof read-
ing themsequentiallyWe assumehis ratioto be
12 [22, 23]. (Therearealsoseveral otherfactors
lik e buffering andprefetchinghataffectthe page
accesgost. However, we do not considerthese
effectsin ouranalysis.)

We normalizeall coststo the numberof se-
guentialdisk pagesead.Thetotal costof aquery
is thencomputedasfollows:

Total Cost= CPU Cost+ I/O Cost where
CPU Cost= CandidateSetSize: ¢, and
I/O Cost= k£ - Numberof page reads

The constantc corvertsthe costof computing
thedistancebetweertwo sequence® the costof
asequentiatlisk pageread.It wasexperimentally
estimatedo bebetweerl/300and1/600depend-
ing onthe hardwarearchitecture.

The constantt dependson the searchalgo-
rithm: if the pagesareaccessedequentiallythen
it is 1, if the pagesareaccessea randomthen
it is 12 [22, 23]. Prefix Searchperformsrandom
pagereadsasaresultthe correspondingonstant
is12. In the MR index structure a candidateset
of databasesequencess determinedby access-

ing theMBRs correspondingo thelastsubquery
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Disk accessearethencarriedoutto readthis set
of candidatesequencesSincethe candidatese-
guencesreaccesseth thedisk placemenbrder
the averagecostof a pagereadis muchlessthan
the costof arandompageread. We usedthe cost
modelproposedn [22] to find the costof reading
a subsetof pagesin sequentiabrder Typically,
thevalueof k£ for the MR index structurelies be-
tween2.0 and3.0. We alsovalidatedthis experi-
mentallyby readingsubset®f pagesn sequential
orderfrom arealdisk.

The total cost comparisonscorrespondingo
Figures 7 to 8 are presentedin Figures 9(a)
and9(b). The resultsfor the LPS techniqueare
not presentedhere,becauset this scalethey be-
comesimilarto theresultsof the MR index struc-

ture.

It canbe seenfrom thesefiguresthatthe MR
index structureperforms?2 to 4 timesbetterthan
SequentialScan,and more than 20 times better
thanPrefixSearcHor bothdatasetsPrefixSearch
alwayshasthe highestcostamongthethreetech-
niques. This is becausePrefix Searchreadsal-
mostevery disk pagein arandomorder As are-

sult, the costof disk readsdominateCPU time.
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Figure 9. Total costof rangequeriesfor (a) stockmarket (b) syntheticdatafor differentdimensionalities.

Although,PrefixSearchs agoodmethodor sub-
sequencesearchwhen the query size is prede-
fined,we concludethatit is not suitablewhenthe

guerysizeis variable.
4.3 Nearest neighbor queries

Our second set of experiments con-
siders arbitrary length k-NN queries on
stock market and synthetic datasets for
k = {1,5,10,15, 20, 30,40,50}. Figures10(a)
and 10(b) presentthe number of disk reads
for SequentialScan, LPS technique, and the
MR index structure. The resultsfor the Prefix
SearchandMultipiece Searchtechniquesrenot

presentedhecausehey werenotcompetitve.

Accordingto our experimentakesultsthe MR

index structurerunsmorethan3 timesfasterthan
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sequentiakcan,and 2 timesfasterthanthe LPS
techniquefor both datasets. The other point to
note is that the numberof disk readsdoesnot
increasesignificantlywith the numberof nearest

neighbors.
4.4 Effect of query length

We inspectthe effect of query length on the
performanceof the MR index structure, Prefix
SearchandSequentiaBcan.We usedresolutions
w = {16, 32, 64,128, 256, 512} for the MR index
structurefor this experimentandw = 16 for Pre-
fix Search.Thenumberof dimensiongor this ex-
perimentis reducedo four usingHaarwavelets.
In this experimentwe performedrangequeries
for e randomlyselectedbetween0.1 and0.2 for

lqg| = {16, 32,64, 128, 256, 512}. The averageof
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Figure 11. (a) Numberof disk readgb) Total costfor rangequerieson stockmarket datafor differentquerylengths.

100queriess reportedor eachquerylength,.
Figure 11(a)displaysthe numberof disk I/Os
performedor stockmarketdatasetIn thisfigure,
anadditionalcurwve, calledOracle, is plotted. We
assumethat Oracle knows which pagescontain
resultsubsequences advanceandaccessesnly
thosepages.Thecurvefor Oracleshonvsthemin-

imum numberof disk I/Os requiredto answelthe
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specifiedquery Prefix Searchperformsthe same
astheMR index structurefor |¢| = 16. Thisis be-
causethe prefix of length 16 of a queryis equal
to thewholequerywhen|q| = 16. The MR index

structureaccessesmallernumberof pagescom-
paredto both SequentiaBcanandPrefix Search.
The numberof disk I/0 for the MR index struc-

ture decreasess|q| increases.This is because,



the answersetgetssmallerfor large |¢|, andthe
MR index structurecancapturethis sinceit uses
all the informationwithin |¢|. Unlike othercom-
petingtechniguesthe numberof disk 1/O for the
MR index structurechangesn parallelwith Ora-
cle. ThisshavsthattheMR index structurescales
well with respecto thequerylength. Thegapbe-
tweenOracleandthe MR index structurecorre-
spondgo informationlost dueto dimensionality
reductionandthe useof anMBR to approximate
asetof subsequences.

Figure 11(b) plots the total costin terms of
numberof sequentiabagetransferdor stockmar
ket dataset.The MR index structurealways has
the lowestcostand Prefix Searchalwayshasthe
highestcost. The performanceof the MR index
structureis similar to that of SequentiaScanfor
lg| = 16. Thisis becauseheresultsetis solarge
thatalmostall the disk pagescontainat leastone
resultsequencéseethe graphfor Oraclein Fig-
urell(a).).

Figure 12(a) and Figure 12(b) shov the num-
ber of disk I/0Os performedandthe total costfor
thesyntheticdatasetThe MR index structureac-

cesseghe smallestnumberof disk pages. Pre-
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fix Searchreadsalmostall the pagedor this data
set. The total costof the MR index structureis
lessthanbothPrefix SearchandSequentiabcan.
For shortqueriesthe performancef the MR in-
dex structuras similarto thatof Sequentiabcan.
This is becausealmostall the disk pagescon-
tainsat leastoneanswersequencéseethe graph
for Oraclein Figure12(a).). As querylengthin-
creasesthe sizeof theanswersetdecreaseslhe
decreasingcost graph for the MR index struc-
tureshavsthatthe MR index structurepruneshe
searchspacemuch betterthan Prefix Searchas
guerybecomesonger
45 Effect of databasesize

We usedthe AUSLANdataseto testthe effect
databaseize on SequentialScan,Prefix Search,
and the MR index structure. In orderto carry
outthis experimentwe split the AUSLANdataset
into nine equal sized datasetsD;, Ds, ..., Dy.
Later, we formeddatasetd), Dy, ..., D; of var
ious sizesby meiging the smallerdatasetgeumu-
latively (i.e. D} = Dy, and Dj = U}_, D;, for 2
<1 < 9,whereU is theunionoperatoy). We per
formedrangequeriesof randomlengthsbetween

16 and 1024 on thesedatasets.The queryradius
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Figure 12. (a) Numberof disk readgb) Total costfor rangequerieson syntheticdatafor differentquerylengths.

is alsoselectedandomlybetweer0.1and0.2.

Figure 13 displaysthe total cost for Sequen-
tial Scan,Prefix Searchandthe MR index struc-
ture. The MR index structurealwayshasthelow-
estcost. Thetotal costof the MR index structure
increasedinearly with the databasesize aswell
asotherdiscussedechniquesThisis becausef
thegrid structureof the MR index: the MBRs at
differentcolumnsof the MR index structureare
prunedindependently Increasingthe size of the
databaséncreaseshe numberof columns.Since
the probability of pruninga columnis indepen-
dentof the numberof columnsthe total cost of
theMR index structurencreasesinearly with the
numberof columns.We concludethatthe MR in-

dex structurescaleswell with respecto database
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Figure 13. Total cost of range queriesin terms
of numberof sequentiabagetransfersfor different

databassizes.

size.

5 Index compression

The MR index structureperformsbetterthan
all the othertechniquesliscussedh this paperin
termsof precision,numberof pageaccessesnd

total cost. However, the methodkeepsinforma-



tion aboutthe dataat more than one resolution
in the index structure. Therefore the MR index
structureusesmorespacehanotherindex struc-
tureslike the lI-adaptiveindex that maintainin-
formationat a single granularitylevel. In order
to performthe preprocessingtepsof the search
in memory theindex structuremustfit into mem-
ory. If theindex structuredoesnot fit into mem-
ory, thenthe methodwill incur disk pagereads
for accessinghe index. Therefore,the perfor
manceof the MR index structurecould degrade
if enoughmemoryis not available. In this sec-
tion, we considerindex compressiortechniques
with which memoryrequirement®f the MR in-
dex structurecanbe madesimilar to the otherin-
dex structures.
5.1 Compression methods

We experimentedwith two index compression
methodsfor the MR index to shrink the size of
theindex: Fixed Compessionand GreedyCom-
pression Thesemethodsnelge asetof MBRs to
createanextendedVBR (EMBR) of thesamedi-
mensionalitythat tightly coversandreplaceshe
constituentMBRs. The MR index assumeshat

anindex nodecontainssubsequencdbat startat
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consecutreoffsets.In orderto preserethisprop-

erty, only consecutie MBRs canbe memgedinto

anEMBR. Eachmeigeoperatiorincreasesheto-

tal volume coveredby the index structure. As

the total volumeincreasesthe probability thata

rangequeryaccessesneor moreof theseMBRSs

increases. This increaseghe size of the candi-
datesets. Therefore,we would like to melge as
mary MBRs as possibleinto an EMBR, while

minimizing the increasan volume. We consider
two stratgiesfor meiging MBRs. Let r be the

desiredcompressiomate.

1) Fixed Compessionis basedon the obser
vation that in real applicationsconsecutie sub-
sequencesare similar. As a result, this method
meigesthefirst MBRsinto anEMBR, second-
MBRs into anotherEMBR, andsoon. Thisis a
very fastmethod.However, if consecutie MBRs

arenot similar, the performancelropsquickly.

2) GreedyCompessiontries to minimize the
increasein the total volume occupiedby the
MBRs at eachmeige operation. The algorithm
chooseshetwo consecutieindex nodeghatlead
toaminimalvolumeincreaseteachstepuntil the

numberof index nodesis decreasetby the given



ratio r. This methodadaptsto the layout of the
index nodesat eachmeige operation. However,
sincethetwo MBRsto be meigedaredetermined
independenthat eachstep,someof the EMBRs
cancontainmary moresubsequencdlanothers,
leadingto an unbalancedgartitioning. This has
thedravbackthatanaccesdo oneof the heavily
populatedndex nodeswill incur the overheadbf
readinglarge numberof candidatesubsequences.
This decreasethe precisionof theindex.
5.2 Experimental results

We ranseveralexperimentsisingrangequeries
totesttheperformancef thecompressioheuris-
tics on the stockmarket dataset.In theseexper
iments, we varied the compressiorrate from 1
(implying no compressionjo 5 (maximumcom-
pression)Theresultsareshaovn in Figurel4. As
evidentfrom thefigure,the Greedyheuristichasa
lower costthanthe Fixed Compressioiechnique
for all compressiomates.We obtainedsimilar re-
sultsfor otherdatasetsaswell.

Figuresl5(a)and15(b) comparethetotal cost
of rangequeriesfor SequentiaScanandMR in-
dex with GreedyCompression.We did not plot

the resultsfor Prefix Searchsinceit performed
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worsethansequentiatesults.Whenthecompres-
sionrateis 5, thetotal costof the MR index struc-
tureis still 4 timesbetterthanthe costof Sequen-
tial Scan,andmorethanl15 timesbetterthanthat
of PrefixSearchfor thestockmarket datasetThe
total costof the MR index structureis 20% less
thanthatof SequentiaBcanfor the syntheticdata

setwhenthecompressiomateis 5.

In Figures9(a) and 9(b), we alreadyshoved
that SequentiaScanis betterthan Prefix Search
whenthe MBRs of the I-adaptve index are not
compressed. Since, the compressedVR index
structurehaslower costthanSequentiaBcanwe
concludethatthecompresseR index structure
is alsobetterthanPrefix Searchof equalsizein-

dex structure.

Compressionhas anotheradvantage. It in-
creasethenumberof rows of theMR index struc-
ture,andasaresultmakestheindex structureeffi-
ciently applicableto longerquerysequenced-or
example,compressinghe MR index to one-fifth,
the numberof rows of the MR index canbe in-
creased timeswhile keepingthe storagecostin-

variant.
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6 Discussion

In this paper we consideredthe problem of
variablelengthqueriesfor subsequencmatching
for time sequencesThis is the mostgeneralver-
sion of the Euclideandistancebasedtime series
similarity problemsincenorestrictionis imposed

on the length of the sequencesWe proposeda
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new indexing methodcalledMR index, thatstores
informationaboutthedataatdifferentresolutions.
Thisindex structureovercomeghe limitations of

the currentsearchtechniquesWe provedthe su-
periority of this multi-resolutionindex structure

over single-resolutionndex structures.

We first proposeda nawve rangesearchtech-
nique called LongestPrefix Search. This tech-
niqueperformsa prefix searchon thelargestpos-
sibleresolutionavailablein thein index structure.
Basedon this technique,we proved that using
powersof two in theindex resolutiongmaximizes

theaccurag of the MR index structure.

Later, we presentedmproved algorithmsfor
both rangequeriesandnearesneighborqueries.

Therangequeryalgorithmsplitsthe givenquery



sequenceof arbitrary length into several sub-
gueriescorrespondingo theresolutionsavailable
in the index structure. The rangesof the sub-
gueriesaresuccessiely refined,andonly thelast
subqgueryperformsdisk reads. We provedthata

top-davn searchof theindex structuremaximizes
theefficiengy of thesearchtechnique As aresult
of theseoptimizationsthe MR index performe4

to 20 timesbetterthanthe othermethodsnclud-

ing SequentiaBcanfor rangequeries.

The k-nearesneighboralgorithmrunsin two
phasesln thefirst phasethedistanceof thequery
totheMBRsarecomputedandthedistanceo the
k'™ closestsubsequencia the k closestMBRs is
usedasthe radiusfor a rangequeryin the sec-
ondphase.This algorithmperformedthreetimes
betterthanSequentiabcanon our datasets.

Sincethe MR index storesinformationat mul-
tiple resolutionsthe size of the MR index struc-
tureis largerthanindex structuresdasednasin-
gleresolution.We proposedwo methodgo com-
presstheindex structurewithout losing muchin-
formation: Fixed CompressiomndGreedyCom-
pression. These methodscompressthe index

structureby meging someof the MBRs. Greedy
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Compressiomasbetterresultssinceit minimizes
the information loss (increasein volume). The
MR index performed3 to 15 times betterthan
othertechniquegvenaftercompressingheindex

to one-fifth.

Thesimplegrid structureof ourindex provides
a good opportunityfor parallelimplementation.
The index structurecan be partitionedinto sub-
setsof columnsandeachsubsetanbemappedo
a separatgrocessowith its own disk. No com-
municationwould be neededamongthe proces-

sors,exceptto megetheresultsattheend.
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