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Abstract

Finding similar patternsin a time sequences a well-
studiedproblem. Most of the currenttechniqueswork well
for queriesof a prespecifiedength, but not for variable
lengthqueries. We proposea new indexing techniquethat
workswell for variablelengthqueries. Thecentmal ideais
to store index structulesat differentresolutiongor a given
dataset.Theresolutionsaare basedon waveletsFor a given
guery a numberof subqueriesat different resolutionsare
geneated. Therangesof the subqueriesare progressively
refinedbasedon resultsfrom previoussubqueriesOur ex-
perimentsshowthat the total costfor our methodis 4 to
20timeslessthanthe currenttechniquesincluding Linear
Scan. Becauseof the needto store information at multi-
pleresolutionlevels,the storage requiremenbf our method
couldpotentiallybelarge. In the secondpart of the paper
weshowhowtheindex informationcanbecompessedvith
minimal informationloss. Accoding to our experimental
results,evenafter compessingthe sizeof theindex to one
fifth, the total costof our methodis 3 to 15 timeslessthan
thecurrenttechniques.

1 Introduction

Time seriesor sequencalataarisesnaturally in mary
real world applicationslike stock market, weatherfore-
castsyideodatabaseandmedicaldata.Someexamplesof
guerieson suchdatasetsnclude finding companiesvhich
have similar profit/losspatternsfinding similar motionsin
avideodatabasegr finding similar patterngn medicalsen-
sordata. The presencef a large numberof long time se-
guencesn the databasecan leadto extensie result sets,
makingthis problemcomputationallyandl/O intensve.

Thereare mary waysto comparethe similarity of two
time sequences.One approachis to define the distance
betweentwo sequenceso be the Euclideandistance,by
viewing a sequenceas a point in an appropriatemulti-

dimensionabpacd1, 5, 7, 15, 20, 21]. However, Euclidean
distanceby itself maybeinsufficientto describehesimilar-
ity. For example,if onetime serieds a constaniultiple of
theother, or is its shiftedform, they canstill be similar de-
pendingon the application. ChuandWong[6] definedthe
Shift EliminatedTransformation which mapsthe database
andquerysequencesntotheShiftEliminatedPlane These
transformationarethenusedto computeheminimumdis-
tance(afterall possiblescalingandshiftings)betweerntwo
time sequencesThe authors'ideais applicableto ary Eu-
clideandistancebasedsearchalgorithm,in particularto the
onepresentedh this paper

Non-Euclideammetricshave alsobeenusedto compute
the similarity for time sequencesAgrawal, Lin, Savhney,
andShim[2] useL, asthedistancemetric. TheLandmark
modelby Perng Wang,andZhang[14] choose®nly asub-
setof valuesfrom a time sequenceywhich arepeakpoints,
anduseghemto representhecorrespondingequenceThe
authorgdefinedistancebetweertwo time sequenceasatu-
ple of values,onerepresentinghe time and the otherthe
amplitude. This notion of distancecanbe madeinvariant
with respecto 6 transformationsshifting, uniform ampli-
tudescaling,uniformtime scaling,uniformbi-scaling time
warpingandnon uniform amplitudescaling. In a separate
work, Park, Weslgy, Chu,andHsu[13] usetheideaof time
warpingdistance.Thisdistancemetriccomparesequences
of differentlengthsby stretchingthem. However, this met-
ric doesnot satisfytriangle propertiesand can causefalse
drops[23]. Anotherdistancemetric D,,,,.,, is definedby
Lee,Chun,Kim, Lee,andChung[12] for multidimensional
sequencesAlthoughthis metric hasa high recall, it again
allows falsedismissalswhen determiningcandidatesolu-
tion intervals.

Rangesearchesndnearesheighborsearchesn whole
matding and subsequencenatcting [1] have beenthe
principal queriesof interestfor time seriesdata. Whole
matchingcorrespondso the casewhenthe querysequence
and the sequencei the databaséhave the samelength.
Agrawal, Faloutsos,and Swami [1] developedone of the



first solutionsto this problem. They transformedhe time
sequencdo the frequeny domain by using DFT. Later,

they reducedthe numberof dimensiongo a feasiblesize
by consideringthe first few frequeng coeficients. Chan
andFu[5] usedHaarwavelettransformto reducethenum-
berof dimensionsaandcomparedhis methodto DFT. They

found that Haar wavelet transform performs better than
DFT. However, the performanceof DFT canbe improved
usingthesymmetryof FourierTransformg16]. In thiscase,
bothmethodgive similar results.

Subsequenamatchings amoredifficult problem.Here,
thequerysequencés potentiallyshorterthanthesequences
in the database.The query asksfor subsequenceis the
databas¢hat have the samelengthasthe queryanda sim-
ilar pattern.For example,onecanaska query: “Find com-
panieswhich had a similar profit patternascompary A's
profit patternin January2000”. A bruteforce solutionis to
checkall possiblesubsequenced the givenlength. How-
ever, thisis notfeasiblebecausef thelargenumberof long
sequencem thedatabase.

Faloutsos, Ranganathanand Manolopoulos[7] pro-
posedl-adaptiveindex to solve the matchingproblemfor
gueriesof prespecifiedength. They storethe trails of the
prespecifiedengthin MBRs (Minimum BoundingRectan-
gles). In the samepaper they also presenttwo methods
Prefix Seach and Multiple Seach to relax the restriction
of prespecifiedquery lengths. Prefix Searchperformsa
databassearctusingaprefix of a prespecifiedengthof the
guerysequenceMultiple Searchsplitsthe querysequence
to non-overlappingsubsequences prespecifiedengthand
performsqueriesfor eachof thesesubsequences.

A differentmethodcalled STB-ind&ing hasbeenpre-
sentedby KeoghandPazzani[11] for subsequencmatch-
ing. In this method thedatabassequencearedividedinto
non-overlappingpartsof a prespecifiedvindow size. If the
valuesof thetime sequenceavithin asegmentaremostlyin-
creasingthen this segmentis representedyy 1. If these
valuesare mostly decreasingthen the segmentis repre-
sentediy 0. Thenetresultis thatthe numberof dimensions
in the time sequencess decreasedby a factor of window
size. After this transformationthe transformedsequences
arestoredin bins. Eachbin alsostoresa matrix whoseen-
triesarethe distancebetweenrall pairsof sequencewithin
thatbin. For a given query the authorsusethe query se-
guencefor bin-pruningand the distancematrix for inter-
bin-pruning.

Thereare several ways to testthe quality of an index
structure. The size of an index structuremust be small
enoughto fit into memory Furthermorethe runningtime
of the searchalgorithmmustbe small. Two parametersire
crucial to the runningtime: precisionand the numberof
disk pageaccessesPrecisionis definedastheratio of the
numberof actualsolutionsto the numberof candidateso-

lutionsgeneratedby the searchalgorithm. A goodindexing
methodanda searchalgorithmshouldhave ahigh precision
while readingfew disk pages.

In this paperweinvestigateéheproblemof rangesearch-
ing for queriesof variablelengths. We proposean index
structureand a searchmethodto solve this problemeffi-
ciently. Ourindex structurestoresMBRSs correspondingo
databassequenceat differentresolutions.The searchal-
gorithm splits a given query into several non-overlapping
subqueriest variousresolutions. For eachsubquerythe
methodperformsasearchn theindex structurecorrespond-
ing to the resolutionof the subquery Theresultsof a sub-
guery are usedto refine the radius of the next subquery
Sincethe searchvolumeis proportionalto ¢, whered is
the numberof dimensionsande is the radiusof the query
the searchvolumedecreasesxponentiallywhentheradius
of thequerydecreaseslhisdramaticallyreducesedundant
computationanddisk pagereads.Ourexperimentalesults
shav that,ourmethods 4 to 20timesfasterthanthecurrent
techniquesncluding Linear Scan. To obtainthe MBRs of
appropriatadimensionalityat differentresolutionsyve con-
siderdifferentcompressiontechniquespamelyDFT, Haar
andDB2.

Storinginformationat differentresolutionsncreaseshe
amountof storageneededy ourindex structure However,
a good index structuremustnot occupy too much space.
So,in the secondpart of the paperwe proposehreemeth-
odsto compressheindex information. Thesemethodsde-
creasethe numberof MBRs by replacinga setof MBRs
with a larger EMBR (ExtendedMBR) that tightly covers
theseMBRs. The first of thesemethodssplits the set of
all MBRs into non-overlappingsubsetsf equalsize and
replacesachof thesesubsetaith an EMBR. The second
methodcombinesMIBRs sothatthevolumeof theresulting
EMBR is minimized. The third methodcombineghe pre-
vious techniquesand balanceghe distribution of the sub-
sequenceinto EMBRs. Our experimentalresultsbased
on the third methodshaw that our index structureis 3 to
15timesfasterthanthe currenttechniquesvenafter com-
pressingheindex to one-fifth.

Therestof thepapetis asfollows. Theproblemof range
gueriesfor subsequencsearchandthe existing techniques
are discussedn Section2. Our index structureand the
searchalgorithmare presentedn Section3. Experimental
resultsaregivenin Section4. Index compressionmethods
arepresentedn Section5. We endwith a brief discussion
in Section6.

2 Current search techniques

Currentsubsequencgearchtechniquesanbe classified
in two groupsbasedon whetherthey handlefixed length
gueriesor variablelengthqueries.Section2.1 discussethe



casewhenthe length of the queriesis prespecified. Sec-
tions 2.2 and 2.3 discusstwo solutionsfor variablelength
gueries.

2.1 Fixed length queries

A simplerversionof the subsequencmatchingproblem
is whenthe lengthof a querysequencequalsa prespeci-
fiedwindow sizew. An indexing methodcalledl-adaptive
wasproposedy Faloutsoset al. [7] for this problem.This
methodfirst transformsall possiblesubsequencesf length
w in the databaseisingDFT. Only thefirst few frequengy
coeficients are maintainedafter this transformation. An
MBR thatcoversthefirst subsequenda thefrequeng do-
main is created. This MBR is extendedto cover the next
subsequenci# the mamginal costdoesnot increase Other
wise a nev MBR that coversthe new subsequences cre-
ated.TheresultingMBRs arestoredusinganR-tree[3, 9].

2.2 Variable length queries. prefix search tech-
nique

For variablelengthqueries Faloutsosetal. proposewo
different solutionsusing l-adaptive index, namely Prefix
Seach andMultiple Seach [7].

Prefix Seach assumeshatthereis a prespecifiedower
boundw onthelengthof the query Themethodconstructs
theindex structureusingl-adaptivetechniquewith window
sizew. Givenaqueryq of anarbitrarylength,it searches
the databasaisinga lengthw prefix of ¢. If the distance
betweenthe query ¢ and a subsequence of length|g| is
d(q, s), whered(q, s) representshe Euclideandistancebe-
tweensequenceg ands, thenthe distancebetweerany of
their prefixescannotbegreatetthand(q, s). Thereforethe
methoddoesnot causeary falsedrops.

However, Prefix Searchdoesnot useall theinformation
availablein the query sequence.If |¢] = kw for some
k, thenthe expecteddistancebetweenw-lengthprefixesof
queryq anda databaseequence is vk timeslessthan
thatof d(g, s). This meanghatthe PrefixSearchtechnigue
actuallysearcheshe spacewith animplicit radiuswhichis
Vk timesmorethanthe original radius.If themethoduses
dim dimensiondor the transformedsequenceghe search
volumeincreasesy (Vk)%™. If |¢| is muchlargerthanthe
window size themethodncursmary falseretrievals,which
decreaseshe precisionand increaseshe numberof disk
reads.For example let thelengthof thequerysequencée
16 timesthe window size. In this case the implicit search
radiuswill be4 timesthe actualsearchradius.If theindex
stores6 dimensionsthentheimplicit searchvolumewill be
morethan4000timestheactualsearchvolume.

2.3 Variablelength queries. multiplesearch tech-
nique

Multiple Seach assumeghat the length of the query
sequencds an integer multiple of the window sizé, i.e.
|g] = kw for someinteger k. Given a query sequencey
andaradiuse, the methoddividesthe querysequencénto
k non-overlappingsubsequencesf lengthw. Later, the
methodrunsk subqueriesi.e. onefor eachsubsequence,
with radiuse/vk, and combinesthe resultsof thesesub-
gueries.Themethoddoesnotincurary falsedrops,because
if asequencés within e distanceof the query thenatleast
oneof the correspondingubsequencasustbe within the
distance: /Vk.

However, thereare several problemswith the Multiple
Searchtechnique.

e Thecostof aqueryincreasetinearlywith its size.The
radiusfor eachsubqueryis e/\/E. Thelikelihood of
findinga subsequencef lengthw within adistanceof
¢/v/k from asubqueryis the sameasthatof finding a
sequencef lengthkw within a distanceof € from the
original query This impliesthatthe expectedcostof
eachsubqueryis thesameasthatof theoriginal query
The numberof subqueriegk) increasedinearly with
the size of the original query As a result, the total
searchcostof the Multiple Searchtechniquencreases
linearly with thelengthof thequery

e Multiple Searchhasa post-processingtep,in which
theresultsfrom differentsubqueriesrecombinedand
filtered. Thisis anextra CPUoverhead.

3 Proposed method

The main problemwith the two solutionsfor variable
length queriesis that the index structuredoesnot useall
theinformationavailablein the querysequencegueto the
staticstructureof the index andthe unpredictabléengthof
gueries.Our solutionalleviatesthis problemby storingin-
formationat differentresolutiondn the database.

3.1 Storinginformation at multipleresolutions

Let s bethelongestime sequencé thedatabaseyhere
2b < |s| < 261 for someintegerb. Similarly, let the min-
imum possiblelengthfor aquerybe 2%, for someintegera
wherea < b. Let sy, s9, ..., s, bethetime sequencem the
databasasshawn in Figurel. Ourindex structurestoresa
grid of treesT; ;, wherei rangesrom a to b, andj ranges

1if the querylengthis not an exact multiple of thewindow size,then
thelongestprefix thatis a multiple of thewindow sizecanbeused.



w=2

from 1ton. TreeT; ; is the setof MBRs for the jt* se-
guencecorrespondingo window size2?. In orderto obtain
T; ;, we transformeachsequencef length2/ in sequence
s; usingDFT or wavelets,andchoosea few of the coefi-
cientsfrom the transformationThe transformedsequences
arestoredin MBRsasin thel-adaptiveindex structure We
begin with aninitial MBR. It is extendedto cover the next
subsequenacef lengthw until themaminalcostof theMBR
increasesWhenthe marginal costof an MBR increasesa
new MBR is createdandusedfor later subsequenced he
it" row of ourindex structureis representethy R;, where
R; = {T;., ...T; ,} correspondso the setof all treesat
resolution2t. Similarly, the j** columnof ourindex struc-
tureis representetdy C;, whereC; = {T,;, ...Ts,;} cor
respondso the setof all treesfor the jt* time sequencén
thedatabase.

w=2
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Figure 1. Layout of the index structure

3.2 Search algorithm

Our searchmethodpartitionsa given querysequencef
arbitrarylengthinto a numberof subqueriest variousres-
olutionsavailablein ourindex structure.Later, it performs
a partial range queryfor eachof thesesubquerien the
correspondingow of theindex structure. This is calleda
partial rangequery becausat only computesdistanceof
thequerysubsequend® the MBRs, notthe distanceo the
actualsubsequencentainedn the MBRs.

Givenary queryq of lengthk2* andarangee, thereis
a uniquepartitioning, ¢ = qigo...q¢, With |g;| = 2¢ and
a<c <..<¢ <1 < ...t <b This partition-
ing correspondso the 1'sin the binaryrepresentationf k.

2Similar to the Multiple Searchtechniqueif the length of the query
sequencés nota multiple of the minimumwindow size,thenthe longest
prefixof thequerywhoselengthis amultiple of theminimumwindow size
canbeused.

We first performa searchusingg:; onrow R.., of theindex
structure As aresultof thissearchye obtainasetof MBRs
thatlie within a distanceof € from ¢;. Usingthe distances
to theseMBRs, we refinethe valueof e andmake a second
qgueryusingg, onrow R., andthe new valueof . This
processontinuedor theremainingrows R, ... R.,. Since
eachsubquenyis performedat differentresolution,we call
this the MR (Multi Resolution)index structue. The idea
of the above radiusrefinemenis capturedn the following
lemma.

Lemmal Let ¢ be a givenquery sequenceand z be an
arbitrary subsequencef the samelengthin the database
Let ¢; bea prefix of ¢ and ¢, betherestof x. Similarly,
let 21 be a prefix of z and x5 be the restof z, sut that
|g1| = |=1|. If d(g,z) < ethen

e? —d(q:, B)?),

whee B is an MBRthat covers z; and B is any arbitrary
setof MBRsthat containsB.

d(g2,72) < mazpes(

Proof:
Sinced(g, ) = \/d(q1,21)? + d(g2, 72)? < €, we have

d(g2,z2) < \/€ —d(qr,z1)>.

Sinced(qg,zz) > d(QQ,B),
d(q2,z2) < \/€? —d(q1, B)?).

Fromthis, it followsthat
d(q2,72) < mazpep(\/€* —d(q1,B)?). O

An examplepartitioningof a querysequenceés givenin
Figure2. In this example,thelengthof the querysequence
is 208 andtheminimalquerylengthis 16. Thequeryis split
into 3 piecesf length16, 64 and128. Threesubquerieare
performedonefor eachpartition. Thefirst subqueryy, is
performednrow R4 with e astheradius.As aresultof this
searche is refinedto ¢’. Thenext subquery is performed
onrow Rg with the smallerradiusof €. As aresultof this
subquerye€’ is refinedfurtherto €”. Finally, subquerygs
is performedon row R; with radiuse”. Theresultingset
of MBRs s thenprocessedo find the actualsubsequences
usingdisk 1/Os.

Figure 3 presentshe completesearchalgorithm. Stepl
partitionsthe queryq into separat@iecescorrespondingo
a subsetwf therows R.,, R.,, ..., R., of theindex struc-
ture. In Step2, theserows aresearchedrom top to bottom
independentlfor eachsequencécolumn)in the database.
At every row, a partial rangequery (Step2b(4)), andthen
arangerefinement(Step2b(i7)) arecarriedout. Whenall
rows have beensearchedthe disk pagescorrespondindo
thelastresultsetareread(Step2c). Finally post-processing
is carriedoutto eliminatefalseretrievals (Step2d).

As a consequencef Lemmal we have the following
theorem.
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Figure 2. Partitioning for query ¢, |¢| = 208

1. Partitionthe querygq into ¢ partsasgqy, ¢2, ..., g Such
that|g;| = 2% anda < c¢; < c2 < ... < ¢ <b.

2. Forj:=1ton
(a) €c1,j = €
(b) Fori:=1tot

i. PerformrangequeryonTy, ; usinge,; ;. Let
Res.,, ; betheresultingsetof MBRs whose
distanceso g; arelessthane,, ;.

il €ciynj
'= MATBeRes., ;11/€0:; — (¢, B)?}
(c) Readdisk pagescorrespondindo Res., ;
(d) Perform post processingto eliminate false re-

trievals.

Figure 3. Search algorithm.

Theorem 1 The MR index structue doesnot incur any
falsedrops.

We notethefollowing aboutthe searchalgorithm.

e Everycolumnof theindex structurg(or eachsequence
in the databasej)s searchedndependently For each
column, the refinementof radiusis carriedout inde-
pendentlyandproceedd$rom top to bottom.

e For eachsequenceno disk readsare doneuntil the
terminationof thefor loopin Step2b. Furthermorethe
targetpagesarereadin thesameorderastheirlocation
ondisk. As aresult,the averagecostof a pageaccess
is muchlessthanthe costof arandompageaccess.

e Performingsubqueriesn increasingengthorder(i.e.
from top to bottomin Figure 1) improvesthe perfor
mance. This canbe explainedasfollows: Disk reads
occursin the last subquery Thereforethe last sub-
guery dominatesthe costof the algorithm. The im-
plicit searchradiusfor thelastsubqueryis e x \/|q|/w,
wherew is the length of the last subquery Let w;
andw; be the lengthsof the longestand the short-
est subqueries. Let ¢; be the final searchradius
whensubqueriegreperformedn anincreasingength
order ande; be the final searchradius when sub-
gueriesare performedin a decreasingength order
Then,theratio of the searctradii in the two ordersis

(€j/€i) x y/w;/w;. We obsenedexperimentallythat
the above quantityis at leastl, implying thatthe ex-
pectedvalue for the implicit radiusis minimal if the
index is searchedrom top to bottom.

e A specialconditionoccurswhenoneof thesubqueries
¢; turnsoutto bein oneof the MBRs (say B) of tree
T; ;. Inthiscased(q;, B) = 0, €, ; = €c;,j, andno
radiusrefinementis possibleatthis searchstep.How-
ever, if we usethe actualsubsequencesrresponding
to B (by accessinglisk pages)a refinemenimay still
bepossible.

e Onemay be temptedto simplify the algorithmby it-
eratingrow by row, i.e., by finding MBRs within the
currentradiusfor all sequencem a row, andthenre-
fining the searchradiussimultaneoushacrossall se-
guencedor thenext row. Sucharow basedefinement
impactsthe performanceof the algorithm. This is be-
causethe amountof radiusrefinemenis reduceddue
to non-localconsiderationswWith respecto Lemmal,
thismeanghatarow-basedpproactincreasethesize
of B, andconsequentlyeduceghe amountof refine-
ment.

3.3 Comparison of the methods

The MR index structurealleviatesa numberof problems
of Prefix Searchand Multiple Searchthat arisefrom their
fixedstructure Theseproblemsaremainlythelargeamount
of redundantomputatiorandredundantlisk pagereads.

Multiple Searchcan have as much as |¢pqz|/w sub-
guerieswhereq,,.... is thelongestpossiblequery Onthe
otherhand,the upperboundon the numberof subqueries
i log(|gmaz|) — log(w) whereg,,... is thelongestpossible
gueryandw is the minimumwindow length. This meansa
dramaticreductionin the numberof subqueriesThe other
adwantageof ourtechniques thatdisk readsareperformed
only afterthelast(longestsubqueryasopposedo theMul-
tiple Searchtechniquewhich performsdisk readsaftereach
subquery

Eachsubqueryof the MR index structurerefinesthera-
dius of the query Sincethe searchvolumeis proportional
to %™, even small refinementsn the radiuscan prevent
large numberof disk reads.For example,if 10 dimensions
areusedin theindex, thena 5% decreasén theradiuswill
decreasehe searchvolume by 40%. Therefore,the to-
tal searchvolume, hencethe amountof computationand
disk readsfor our techniquds muchlower thanthe Prefix
Searchtechnique.

However, thereis a drawbackof the MR index structure
in thatit usesmorespacdhanbothPrefixSearcrandMulti-
ple Search.Thisis becausdt storesindex structuresat var
iousresolutions.Sinceall the preprocessingtepsmustbe



donein memory the index structuremustfit into memory
In Section5, we will presentseseral methodsthat shrink
the sizeof the MR index structurewithout muchof a drop
in performance.

4 Experimental results

We carriedout severalexperimentgdo comparedifferent
searchtechniquesandto testthe impact of using differ-
entparametersn the quality of our method. We usedtwo
dataset@ ourexperimentsThefirst datasets composeaf
stockmarketdatatakenfrom chart.yahoo.comThisdataset
containsinformationabout556 companiedor 1024 days.
The seconddataseis formed syntheticallyby addingfour
sinesignalsof randomfrequenciesindsomeamountof ran-
dom noise. This datasetis composeddf 500 time series
dataeachof length1024. We consideredvariablelength
gueriesof lengthsbetweenl6 and1024. We assumedhat
the lengthsof the queriesare uniformly distributed. The
radii for thesequeriesareselecteduniformly betweer0.10
and0.20.We assumedhattheindex structurdfit into mem-
ory andthatthepagesizewas8K for theseexperiments.

In orderto obtain dataat variousresolutions,we had
to transformthe datato compactthe time sequencesnd
obtain MBRs of appropriatedimensionality We exper
imented with three transformations,namely DFT, Haar
wavelet[8, 17, 22] and DB2 wavelet. We alsorun some
of the experimentausingotherwaveletbasesuchasDB3,
DB5, SYM2, SYM3, SYM5 andseveral Coeiflets. There-
sultsfor SYM waveletswereverycloseto DB wavelets,and
wedid notgetary improvementswvith thesebasisfunctions.
Theresultsfor Coeifletswerealsonot promising.Although
thereis no significantdifference,Haarwavelet performed
slightly betterthan DFT. DB2 performedpoor for lower
dimensionsbut its performancenvas comparablego Haar
for higherdimensions.We reportall our experimentsus-
ing Haartransformation.The experimentakesultsfor both
realandsyntheticdatasetsverevery similar. Thereforewe
presentheresultsonly for therealdataset.

4.1 Precision and disk reads

Our first setof experimentscomparedrecisionandl/O
for threedifferentindexing techniquesLinear Scan Prefix
Searchand MR search. The resultsare presentedn Fig-
ure4. Theresultsfor Multiple Searcharenot presentecs
it wasnotcompetitive with othermethodsthetotalnumber
of pageaccessewas even more thanthe total numberof
pageondisk.

We plot the precisionand1/O (humberof disk reads)as
afunctionof thenumberof dimensiongcoeficients)of the
transformediataset. Note thatfor Linear Scan,the candi-
datesetis the entire database As a result, its precisionis

Precision

[le}

300

100

L L L L L
4 5 6 7 8 9 10
Number of Dimensions

Figure 4. Precision and number of disk reads
for stock market data for different dimension-
alities.

theratio of the sizeof the query's answersetto the sizeof

the database.This meansthatin Figure 4, the answerset
of the queriesis about.5% of the databassequencesThe
performanceof Linear Scanis not affectedby the number
of dimensions.

According to our results,the MR index structureper
formsbetterthanboth Linear ScanandPrefix Searchn all
dimensionalitiesn termsof both precisionandthe number
of pageaccessesFor 4 dimensionsthe precisionof the
MR index structurds morethan5 timesbetterthanthe Pre-
fix Searchtechniqgueandmorethan20timesbetterthanthe
Linear Searchtechnique. For the samenumberof dimen-
sions,thenumberof pagereadsfor the MR index structure
is lessthanone-sixthof both PrefixSearctandLinearScan.
As the numberof dimensionsncreasesthe increasen the
performancef the MR index structureés muchhigherthan
thatof Prefix SearchFor example,by using10 dimensions
insteadof 4 dimensionsthe numberof pageaccesse$or
the MR index structuredecreaseby 13%, while that for
Prefix Searchdecreaseby lessthan1%. Similarly, preci-
sion for the MR index structureincreasesy 30%, while
thatfor PrefixSearchncreasedy 8%.



Another important obsenation is that Prefix Search
readsalmostall the pages.The expectedengthof a query
is 512. Sincethe minimumquerylengthis 16, theexpected
implicit radiusfor aqueryis 1/512/16 (approximately.6)
timeslarger thanthe actualrange. This meansthat for e
betweer).1 and0.2, the Prefix Searchtechniqueaxamines
almostthe entiresearctspace.

The subqueriesn the MR index structurecorrespond
to binary representatiorof the ratio of the length of the
guerysequenceo the minimum window size. Therefore,
the expectednumberof subquerie$or the MR index struc-
tureis (log(1024) — log(16))/2 = 3. Onthe otherhand,
for Multiple Searchthe expectednumberof subqueriess
512/16 = 32, morethan10timeshighet

4.2 Estimatingthetotal cost

AlthoughFigure4 givesusinformationaboutCPU cost
(precisiondetermineghe candidatesetsize,which in turn
determineghe numberof arithmetic operations) and the
I/O cost(numberof disk pagereads)determiningheover
all costrequiresan estimationof the relative costof arith-
meticoperationgo disk pageaccesseslhecostof anarith-
meticoperationis usuallymuchlessthanthe costof a disk
pageread. However, the costof disk pagereaditself can
vary basedn whetherthereadis sequentiabr random.In
caseof randoml/O, thereis a high seekandrotationalla-
teng costfor eachpageaccess.However, for sequential
reads,disk headis at the startof the next pageto be read,
thusavoiding the seekcost. As a result, the costof read-
ing pagesin a randomorderis muchhigherthanthe cost
of readingthem sequentially We assumethis ratio to be
12[4, 19. (Therearealsoseveralotherfactorslik e buffer-
ing and prefetchingthat affect the pageaccessost. How-
ever, we do not considetheseeffectsin our analysis.)

We normalizeall coststo the numberof sequentiatlisk
pagesread. Thetotal costof a queryis thencomputedas
follows:

Total Cost= CPU Cost+ 1/0O Cost where
CPU Cost= CandidateSetSizex ¢, and
I/O Cost= k x Numberof pagereads

The constantc corvertsthe costof computingthe dis-
tancebetweertwo sequencet® thecostof asequentiatlisk
pageread. It wasexperimentallyestimatedo be between
1/300and1/600dependingnthe hardwarearchitecture.

The constantt depend®on the searchalgorithm: if the
pagesareaccessedequentiallythenit is 1, if thepagesare
accesseth randomthenit is 12 [4, 19]. ThePrefixSearch
techniqueperformsrandompagereads;asa resultthe cor-
respondingconstantis 12. In the MR index structure,a
candidateset of databasesequencess determinedby ac-
cessinghe MBRs correspondingo thelastsubqueryDisk
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Figure 5. Total cost for queries.

accessearethen carriedout to readthis setof candidate
sequencesSincethe candidatesequencesare accessedh
the disk placemenbrder, the averagecostof a pageread
is muchlessthanthe costof a randompageread[4, 19].
We usedthe costmodel proposedn [19] to find the cost
of readinga subsef pagesn sequentiabrder Typically,
the valueof k for the MR index structurelies betweer2.0
and3.0. We alsovalidatedthis experimentallyby reading
subset®f pagedn sequentiabrderfrom arealdisk.

The total costcomparisorcorrespondingo Figure4 is
presentedn Figure5. It canbe seenthatthe MR index
structureperforms more than 4 times better than Linear
Scan,and more than 20 times better than Prefix Search.
As the numberof dimensiongncreasedrom 4 to 10, the
performanceof the MR index structureimprovesby 13%,
while that of the Prefix Searchtechniqueimprovesby less
than1%. Anotherpointwe wouldliketo obsenreis thatthe
Prefix Searchtechniquealwayshasthe highestcostamong
the threetechniques.This is becausePrefix Searchreads
almostevery disk pagein arandomorder As aresult,the
costof disk readsdominatesCPU time. Although, Prefix
Searchis a good methodfor subsequencsearchwhenthe
guerysizeis predefinedwe concludethatit is not suitable
whenthequerysizeis variable.

5 Index compression

TheMR index structurgperformsbetterthanall theother
techniquesdiscussedn this paperin termsof precision,
numberof pageaccessesand total cost. However, the
methodkeepsinformation aboutthe dataat differentres-
olutionsin the index structure. Therefore,the MR index
structureusesmore spacethansomeotherindex structure
like thel-adaptiveindex thatmaintaininformationat a sin-
gle granularitylevel. In orderto performthe preprocessing
stepsof the searchin memory the index structuremustfit
into memory If theindex structuredoesnot fit into mem-



ory, thenthe methodwill incur disk pagereadsfor access-
ing theindex. Therefore the performancef the MR index
structurecould degradeif enoughmemoryis not available.
In this section,we considerindex compressioriechniques
with whichmemoryrequirementsf theMR index structure
canbemadesimilar to the otherindex structures.

5.1 Compression methods

We experimentedvith threeindex compressiomethods
for the MR index to shrink the size of the index: Fixed
Compession GreedyCompessionand BalancedGreedy
Compession Thesemethodsmeigea setof MBRsto cre-
ate an extendedMBR (EMBR) of the samedimensional-
ity thattightly coversandreplaceghe constituentMBRs.
The MR index assumeshatanindex nodecontainssubse-
guenceshatstartatconsecutie offsets.In orderto presere
this property only consecutie MBRs canbe memgedinto
an EMBR. Eachmeige operationincreaseghe total vol-
ume coveredby the index structure. As the total volume
increasesthe probability that a rangequery accessesne
or moreof theseMBRs increases.This increaseshe size
of the candidatesets. Therefore,we would like to memge
asmary MBRs aspossibleinto an EMBR, while minimiz-
ing theincreasen volume.We considetthreestratgiesfor
mering MBRs. Let r bethe desiredcompressiomate.

e Fixed Compessionis basedon the obsenationthatin
realapplicationgonsecutie subsequencesesimilar.
As aresult,this methodmemgesthefirst r MBRs into
anEMBR, second- MBRsinto anotheEMBR, andso
on. Thisis averyfastmethod.However, if consecutie
MBRs arenot similar, the performancealropsquickly.

e GreedyCompessiontriesto minimizetheincreasen
thetotal volumeoccupiedby the MBRs ateachmerge
operation.Thealgorithmchooseshe two consecutie
index nodegthatleadto a minimal volumeincreaseat
eachstepuntil the numberof index nodess decreased
by the givenratio r. This methodadaptsto the lay-
out of theindex nodesat eachmerge operation.How-
ever, sincethetwo MBRsto bememgedaredetermined
independentlyat eachstep,someof the EMBRS can
containmary moresubsequencdablanothers,leading
to anunbalancegbartitioning. This hasthe dravback
that,a hit on oneof the heavily populatedndex nodes
will incurtheoverheadf readingargenumberof can-
didatesubsequencesThis decreasethe precisionof
theindex.

e Thegreedycompressiomethodcanbemadebalanced
byincorporatingapenaltyfor meginglargenumberof
subsequencesThis is called BalancedGreedyCom-
pression Here thecostof amergeoperations defined

Total Cost

Figure 6. Total cost for different index com-
pression techniques

astheincreasan volumemultiplied by the numberof
subsequences thenew index node. Two index nodes
that minimize this costare selectedo merge at each
step. This methodovercomeghe problemof unbal-
ancedpartitioning.

5.2 Experimental results

We ran several experimentsto testthe performanceof
thecompressiomeuristics.In theseexperimentsyve varied
the compressiomatefrom 1 (implying no compressionjo
5 (maximumcompression).The resultsare shavn in Fig-
ure 6. As evident from the figure, the BalancedGreedy
heuristichasthe lowest cost and Fixed Compressiorhas
thehighestcost. Figure7 compareghetotal costof Linear
Scan PrefixSearchandMR Searchwith Balancedsreedy
CompressionwWhenthecompressionateis 5, thetotal cost
of the MR index structureis 3 timesbetterthanthe costof
Linear Scan,andmorethan15 timesbetterthanthatof the
PrefixSearchechnique.

Compressiorhas anotheradwantage. It increaseghe
numberof rows of the MR index structureandasa result
malkes the index structureefficiently applicableto longer
guerysequencesk-or example,compressinghe MR index
to one-fifth, the numberof rows of the MR index canbe
increased timeswhile keepingthe storagecostinvariant.

6 Discussion

In this paper we consideredthe problem of variable
length queries for subsequencematching for time se-
guences.We proposeda new indexing methodcalled MR
index thatstoresnformationaboutthe dataat differentres-
olutions.An arbitrarylengthqueryis splitinto severalsub-
gueriescorrespondingo theresolutionsof theindex struc-
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Figure 7. Total cost for different search tech-
niques.

ture. Therangeof the subqueriesresuccessiely refined,
and only the last subqueryperformsdisk reads. As a re-
sultof theseoptimizationsthe MR index performed4 to 20
timesbetterthanthe othermethoddncludingLinear Scan.

Sincethe MR index storesinformationat multiple res-
olutions, we proposedhree methodsto further compress
theindex structurewithoutlosingmuchinformation.These
methodsareFixed CompressionireedyCompressioand
BalancedGreedyCompression.Thesemethodscompress
theindex structureby memging someof the MBRs to create
alargerindex node. Out of thesethreemethodsBalanced
GreedyCompressiotasthe bestresultssinceit minimizes
theinformationloss(increasen volume)while distributing
the subsequencedmostevenly. The MR index performed
3 to 15 timesbetterthanothertechniquesven after com-
pressingheindex to one-fifth.

Our notion of similarity betweentwo time sequences
basedon Euclideandistance Sucha metricis notinvariant
with respectto scalingand shifting, a possibleshortcom-
ing for comparisorof time-basedlata. However, asshavn
by Chuetal. [6], atransformatiorontothe shift eliminated
planeachievesthis invariancewith respectto scalingand
shifting. This transformationcould be appliedto all the
subsequencawior to the constructiorof theindex. In this
casepachquerysubsequenamustbe mappedntotheshift
eliminatedplanebeforecompressingt with DFT or DWT.

Thealgorithmin Section3 carriesouta singleradiusre-
finementover all the MBRs of the databassequenceThe
performanceof the MR index structurealgorithm can be
further improved by performingthe rangerefinementde-
cisionsfor subqueriedocally. This canbe doneby com-
puting the new rangefor eachMBR separately Different
MBRs belongingto the samesequenceavould have inde-
pendentefinementsFor example,if MBRs B; andBs in

row R; includedpositionsl-150and151-300of adatabase

sequencendif MBR for Bs atthenext lowerrow included
positionsl-300of thesequencahenBs would only usethe
informationform B; andBs; in itsradiusrefinementin par

ticular, radii informationfrom boxesotherthanB; and B,

atrow R; would notbeused.If thetime sequencem the
databasarevery long leadingto a large numberof MBRs
correspondingo a time sequencethenthis changein the
searchtechniquecouldbe useful.

The simplegrid structureof our index providesa good
opportunityfor parallelimplementation.The index struc-
ture can be partitionedinto subsetsof columnsand each
subsettanbe mappedo a separatg@rocessowith its own
disk. No communicatiorwould be needecamongthe pro-
cessorsexceptto memgetheresultsattheend.

This paperhasconcentreatedn rangequeries.|t is not
difficult to extendthetechniqueto nearesheighbormueries.
The minimum andthe maximumdistanceof a givenquery
to adatabassequenceanbe estimatedvith the MINMAX
technique{10, 18] to prunethe candidateset. Finally, the
necessargequenceareaccesseérom disk to filter andre-
turnthecorrectanswerset.

References

[1] R.Agrawal, C.FaloutsosandA. Swami. Efficientsimilarity
searchin sequencelatabasesdn FODO, Evanston|llinois,
October1993.

[2] R.Agrawal, K. Lin, H. S. Savhnegy, andK. Shim. Fastsim-
ilarity searchin the presencef noise,scaling,andtransla-
tionin time-serieslatabasedn VLDB, Zurich, Switzerland,
Septembel995.

[3] N. BeckmannH.-P. Kriegel, R. SchneiderandB. Seger.
The R*-tree: An efficient and robust accessmethod for
pointsandrectangles.In ACM SIGMOD pages322-331,
Atlantic City, NJ, 1990.

[4] S.BernhardL. Perke,andM. Ron. Readinga setof disk
pages.n VLDB, page$92-603.1993.

[5] K.-P.ChanandA. W.-C. Fu. Efficienttime seriesmatching
by wavelets.In ICDE, 1999.

[6] K. K. W. ChuandM. H. Wong. Fasttime-seriesearching
with scalingandshifting. In PODS PhiledelphiaPA, 1999.

[7] C.FaloutsosM. RanganatharandY. Manolopoulos.Fast
subsequencenatchingin time-seriesdatabases.In ACM
SIGMOD pagesA19-429MinneapolisMN, May 1994.

[8] A. Graps. An introductionto wavelets. In IEEE CS&E
1995.

[9] A. Guttman.R-trees:A dynamicindex structurefor spatial
searchingln ACM SIGMOD pagesA7-57,1984.

[10] G.R.HjaltasonandH. Samet.Rankingin spatialdatabases.
In Proceeding®f the4!” Symposiunon SpatialDatabases
pages83-95,Portland Maine, August1995.

[11] E. J. Keoghand M. J. Pazzani. An indexing schemefor
similarity searchin largetime seriesdatabasesln SSDBM
Cleveland,Ohio, 1999.

[12] S.-L. Lee, S.-J.Chun, D.-H. Kim, J.-H. Lee, and C.-W.
Chung. Similarity searchfor multidimensionaldata se-
guencesln ICDE, SanDiego, CA, 2000.



(13]

(14]

(15]

(16]
(17]
(18]
(19]

(20]

(21]

[22]

(23]

S. Park, J. Y. Weslgy W. Chu, andC. Hsu. Fastretrieval
of similar subsequencesf different lengthsin sequence
databasedn ICDE, SanDiego, CA, February2000.
C.-S.PerngH. Wang,S.R. Zhang,andD. S.Parker. Land-
marks:anew modelfor similarity-basegatternqueryingin
time seriesdatabasesin ICDE, SanDiego, USA, February
2000.

D. RafieiandA. O. Mendelzon Similarity-basedjueriesfor
time seriesdata. In ACM SIGMOD pagesl13-25,Tucson,
AZ,1997.

D. RafieiandA. O. Mendelzon Efficientretrieval of similar
time sequencessingdft. In FODO, Kobe,Japan,1998.

R. M. RaoandA. S.Bopardikar WaveletTransformdntro-
ductionto Theoryand Applications AddisonWesley, 1998.
N. RoussopoulosS. Kelley, andF. Vincent. Nearesneigh-
bor queries.In ACM SIGMOD, SanJoseCA, 1995.

B. Seger An analysisof schedulegor performingmulti-
pagerequestsinformationSystems21(5):387—4071996.
C. ShahabiX. Tian, andW. Zhao. TSA-tree: A wavelet-
basedapproacho improve the efficieny of multi-level sur
priseandtrendqueries.In SSDBM 2000.

A. Singh,D. Agrawal, andK. V. R. Kanth. Dimensionality-
reductionfor similarity searchingn dynamicdatabasesln
ACM SIGMOD Seattle WA, Junel1998.

M. VetterliandJ.Kovace/ic. WaveletsandSubbandCoding
PrenticeHall, 1995.

B.-K. Yi, H. JagadishandC. Faloutsos.Efficient retrieval
of similar time sequenceandertime warping. In ICDE 98,
page23-27,0rlando,Florida, February1998.



