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Abstract

Finding similar patternsin a time sequenceis a well-
studiedproblem.Mostof thecurrent techniqueswork well
for queriesof a prespecifiedlength, but not for variable
lengthqueries.We proposea new indexing techniquethat
workswell for variablelengthqueries.Thecentral idea is
to store index structuresat differentresolutionsfor a given
dataset.Theresolutionsarebasedonwavelets.For a given
query, a numberof subqueriesat different resolutionsare
generated. Therangesof the subqueriesare progressively
refinedbasedon resultsfromprevioussubqueries.Our ex-
perimentsshowthat the total cost for our methodis 4 to
20 timeslessthan the current techniquesincludingLinear
Scan. Becauseof the needto store informationat multi-
pleresolutionlevels,thestoragerequirementof our method
couldpotentiallybe large. In thesecondpart of thepaper,
weshowhowtheindex informationcanbecompressedwith
minimal information loss. According to our experimental
results,evenafter compressingthesizeof the index to one
fifth, thetotal costof our methodis 3 to 15 timeslessthan
thecurrenttechniques.

1 Introduction

Time seriesor sequencedataarisesnaturally in many
real world applicationslike stock market, weatherfore-
casts,videodatabasesandmedicaldata.Someexamplesof
querieson suchdatasetsincludefinding companieswhich
have similar profit/losspatterns,finding similar motionsin
avideodatabase,or findingsimilarpatternsin medicalsen-
sordata. Thepresenceof a largenumberof long time se-
quencesin the databasecan lead to extensive result sets,
makingthisproblemcomputationallyandI/O intensive.

Therearemany ways to comparethe similarity of two
time sequences.One approachis to define the distance
betweentwo sequencesto be the Euclideandistance,by
viewing a sequenceas a point in an appropriatemulti-

dimensionalspace[1, 5, 7, 15, 20, 21]. However, Euclidean
distanceby itself maybeinsufficientto describethesimilar-
ity. For example,if onetimeseriesis aconstantmultipleof
theother, or is its shiftedform, they canstill besimilar de-
pendingon theapplication.ChuandWong[6] definedthe
ShiftEliminatedTransformation, which mapsthedatabase
andquerysequencesontotheShiftEliminatedPlane. These
transformationsarethenusedto computetheminimumdis-
tance(afterall possiblescalingandshiftings)betweentwo
time sequences.Theauthors'ideais applicableto any Eu-
clideandistancebasedsearchalgorithm,in particularto the
onepresentedin thispaper.

Non-Euclideanmetricshave alsobeenusedto compute
thesimilarity for time sequences.Agrawal, Lin, Sawhney,
andShim[2] use��� asthedistancemetric.TheLandmark
modelby Perng,Wang,andZhang[14] choosesonly asub-
setof valuesfrom a time sequence,which arepeakpoints,
andusesthemto representthecorrespondingsequence.The
authorsdefinedistancebetweentwo timesequencesasatu-
ple of values,onerepresentingthe time and the other the
amplitude. This notion of distancecanbe madeinvariant
with respectto 6 transformations:shifting, uniform ampli-
tudescaling,uniformtimescaling,uniformbi-scaling,time
warpingandnonuniform amplitudescaling. In a separate
work, Park,Wesley, Chu,andHsu[13] usetheideaof time
warpingdistance.Thisdistancemetriccomparessequences
of differentlengthsby stretchingthem.However, this met-
ric doesnot satisfytrianglepropertiesandcancausefalse
drops[23]. Anotherdistancemetric ���	��
�� is definedby
Lee,Chun,Kim, Lee,andChung[12] for multidimensional
sequences.Althoughthis metrichasa high recall, it again
allows falsedismissals,whendeterminingcandidatesolu-
tion intervals.

Rangesearchesandnearestneighborsearchesin whole
matching and subsequencematching [1] have been the
principal queriesof interestfor time seriesdata. Whole
matchingcorrespondsto thecasewhenthequerysequence
and the sequencesin the databasehave the samelength.
Agrawal, Faloutsos,and Swami [1] developedone of the



first solutionsto this problem. They transformedthe time
sequenceto the frequency domain by using DFT. Later,
they reducedthe numberof dimensionsto a feasiblesize
by consideringthe first few frequency coefficients. Chan
andFu [5] usedHaarwavelettransformto reducethenum-
berof dimensionsandcomparedthismethodto DFT. They
found that Haar wavelet transformperformsbetter than
DFT. However, the performanceof DFT canbe improved
usingthesymmetryof FourierTransforms[16]. In thiscase,
bothmethodsgivesimilar results.

Subsequencematchingis amoredifficult problem.Here,
thequerysequenceis potentiallyshorterthanthesequences
in the database.The query asksfor subsequencesin the
databasethathave thesamelengthasthequeryanda sim-
ilar pattern.For example,onecanaska query: “Find com-
panieswhich had a similar profit patternas company A's
profit patternin January2000”. A bruteforcesolutionis to
checkall possiblesubsequencesof thegivenlength. How-
ever, this is notfeasiblebecauseof thelargenumberof long
sequencesin thedatabase.

Faloutsos,Ranganathan,and Manolopoulos[7] pro-
posedI-adaptiveindex to solve the matchingproblemfor
queriesof prespecifiedlength. They storethe trails of the
prespecifiedlengthin MBRs (Minimum BoundingRectan-
gles). In the samepaper, they also presenttwo methods
Prefix Search and Multiple Search to relax the restriction
of prespecifiedquery lengths. Prefix Searchperformsa
databasesearchusingaprefixof aprespecifiedlengthof the
querysequence.Multiple Searchsplitsthequerysequence
to non-overlappingsubsequencesof prespecifiedlengthand
performsqueriesfor eachof thesesubsequences.

A different methodcalled STB-indexing hasbeenpre-
sentedby KeoghandPazzani[11] for subsequencematch-
ing. In thismethod,thedatabasesequencesaredividedinto
non-overlappingpartsof a prespecifiedwindow size.If the
valuesof thetimesequencewithin asegmentaremostlyin-
creasing,then this segment is representedby 1. If these
valuesare mostly decreasing,then the segment is repre-
sentedby 0. Thenetresultis thatthenumberof dimensions
in the time sequencesis decreasedby a factorof window
size. After this transformation,the transformedsequences
arestoredin bins. Eachbin alsostoresa matrix whoseen-
triesarethedistancebetweenall pairsof sequenceswithin
that bin. For a given query, the authorsusethe queryse-
quencefor bin-pruningand the distancematrix for inter-
bin-pruning.

Thereare several ways to test the quality of an index
structure. The size of an index structuremust be small
enoughto fit into memory. Furthermore,the runningtime
of thesearchalgorithmmustbesmall. Two parametersare
crucial to the running time: precisionand the numberof
disk pageaccesses.Precisionis definedasthe ratio of the
numberof actualsolutionsto the numberof candidateso-

lutionsgeneratedby thesearchalgorithm.A goodindexing
methodandasearchalgorithmshouldhaveahighprecision
while readingfew diskpages.

In thispaper, weinvestigatetheproblemof rangesearch-
ing for queriesof variablelengths. We proposean index
structureand a searchmethodto solve this problemeffi-
ciently. Our index structurestoresMBRs correspondingto
databasesequencesat differentresolutions.Thesearchal-
gorithm splits a given query into several non-overlapping
subqueriesat variousresolutions. For eachsubquery, the
methodperformsasearchin theindex structurecorrespond-
ing to theresolutionof thesubquery. Theresultsof a sub-
query are usedto refine the radiusof the next subquery.
Sincethe searchvolumeis proportionalto 
�� , where � is
thenumberof dimensionsand 
 is the radiusof thequery,
thesearchvolumedecreasesexponentiallywhentheradius
of thequerydecreases.Thisdramaticallyreducesredundant
computationsanddiskpagereads.Ourexperimentalresults
show that,ourmethodis 4 to20timesfasterthanthecurrent
techniquesincludingLinearScan.To obtaintheMBRs of
appropriatedimensionalityatdifferentresolutions,wecon-
siderdifferentcompressiontechniques,namelyDFT, Haar
andDB2.

Storinginformationatdifferentresolutionsincreasesthe
amountof storageneededby our index structure.However,
a good index structuremust not occupy too much space.
So,in thesecondpartof thepaperwe proposethreemeth-
odsto compresstheindex information.Thesemethodsde-
creasethe numberof MBRs by replacinga set of MBRs
with a larger EMBR (ExtendedMBR) that tightly covers
theseMBRs. The first of thesemethodssplits the set of
all MBRs into non-overlappingsubsetsof equalsize and
replaceseachof thesesubsetswith anEMBR. Thesecond
methodcombinesMBRssothatthevolumeof theresulting
EMBR is minimized. The third methodcombinesthepre-
vious techniquesandbalancesthe distribution of the sub-
sequencesinto EMBRs. Our experimentalresultsbased
on the third methodshow that our index structureis 3 to
15 timesfasterthanthecurrenttechniquesevenaftercom-
pressingtheindex to one-fifth.

Therestof thepaperis asfollows. Theproblemof range
queriesfor subsequencesearchandtheexisting techniques
are discussedin Section2. Our index structureand the
searchalgorithmarepresentedin Section3. Experimental
resultsaregivenin Section4. Index compressionmethods
arepresentedin Section5. We endwith a brief discussion
in Section6.

2 Current search techniques

Currentsubsequencesearchtechniquescanbeclassified
in two groupsbasedon whetherthey handlefixed length
queriesor variablelengthqueries.Section2.1discussesthe



casewhen the lengthof the queriesis prespecified.Sec-
tions 2.2 and2.3 discusstwo solutionsfor variablelength
queries.

2.1 Fixed length queries

A simplerversionof thesubsequencematchingproblem
is whenthe lengthof a querysequenceequalsa prespeci-
fied window size � . An indexing methodcalledI-adaptive
wasproposedby Faloutsoset al. [7] for this problem.This
methodfirst transformsall possiblesubsequencesof length� in thedatabaseusingDFT. Only thefirst few frequency
coefficients are maintainedafter this transformation. An
MBR thatcoversthefirst subsequencein thefrequency do-
main is created.This MBR is extendedto cover the next
subsequenceif themarginal costdoesnot increase.Other-
wise a new MBR that coversthe new subsequenceis cre-
ated.TheresultingMBRsarestoredusinganR-tree[3, 9].

2.2 Variable length queries: prefix search tech-
nique

For variablelengthqueries,Faloutsosetal. proposetwo
different solutionsusing I-adaptive index, namelyPrefix
Search andMultiple Search [7].

PrefixSearch assumesthat thereis a prespecifiedlower
bound� on thelengthof thequery. Themethodconstructs
theindex structureusingI-adaptivetechniquewith window
size � . Givena query � of an arbitrarylength,it searches
the databaseusinga length � prefix of � . If the distance
betweenthe query � anda subsequence� of length � ��� is����������� , where����������� representstheEuclideandistancebe-
tweensequences� and � , thenthedistancebetweenany of
theirprefixescannotbegreaterthan ������� ��� . Therefore,the
methoddoesnotcauseany falsedrops.

However, PrefixSearchdoesnot useall theinformation
available in the query sequence.If � ���"!$#�� for some# , thentheexpecteddistancebetween� -lengthprefixesof
query � anda databasesequence� is % # times lessthan
thatof ����������� . ThismeansthatthePrefixSearchtechnique
actuallysearchesthespacewith animplicit radiuswhich is% # timesmorethantheoriginal radius.If themethoduses�	&(' dimensionsfor the transformedsequences,thesearch
volumeincreasesby � % #�� � ) � . If � ��� is muchlargerthanthe
window size,themethodincursmany falseretrievals,which
decreasesthe precisionand increasesthe numberof disk
reads.For example,let thelengthof thequerysequencebe
16 timesthewindow size. In this case,the implicit search
radiuswill be4 timestheactualsearchradius.If theindex
stores6 dimensions,thentheimplicit searchvolumewill be
morethan4000timestheactualsearchvolume.

2.3 Variable length queries: multiple search tech-
nique

Multiple Search assumesthat the length of the query
sequenceis an integer multiple of the window size1, i.e.� ���*!+#�� for someinteger # . Given a querysequence�
anda radius 
 , themethoddividesthequerysequenceinto# non-overlappingsubsequencesof length � . Later, the
methodruns # subqueries,i.e. onefor eachsubsequence,
with radius 
�, % # , andcombinesthe resultsof thesesub-
queries.Themethoddoesnotincurany falsedrops,because
if a sequenceis within 
 distanceof thequery, thenat least
oneof thecorrespondingsubsequencesmustbewithin the
distance
-,.% # .

However, thereareseveral problemswith the Multiple
Searchtechnique.

/ Thecostof aqueryincreaseslinearlywith its size.The
radiusfor eachsubqueryis 
�, % # . The likelihoodof
findinga subsequenceof length � within adistanceof
-, % # from a subqueryis thesameasthatof finding a
sequenceof length #�� within a distanceof 
 from the
original query. This implies that the expectedcostof
eachsubqueryis thesameasthatof theoriginalquery.
The numberof subqueries( # ) increaseslinearly with
the size of the original query. As a result, the total
searchcostof theMultiple Searchtechniqueincreases
linearlywith thelengthof thequery.

/ Multiple Searchhasa post-processingstep,in which
theresultsfrom differentsubqueriesarecombinedand
filtered.This is anextraCPUoverhead.

3 Proposed method

The main problemwith the two solutionsfor variable
length queriesis that the index structuredoesnot useall
the informationavailablein thequerysequence,dueto the
staticstructureof theindex andtheunpredictablelengthof
queries.Our solutionalleviatesthis problemby storingin-
formationatdifferentresolutionsin thedatabase.

3.1 Storing information at multiple resolutions

Let � bethelongesttimesequencein thedatabase,where0	132 � ����4 0	16587
for someinteger 9 . Similarly, let themin-

imum possiblelengthfor a querybe
0	:

, for someinteger ;
where; 2 9 . Let � 7 , �=< , ..., � � bethetimesequencesin the
databaseasshown in Figure1. Our index structurestoresa
grid of trees> )@? A , where & rangesfrom ; to 9 , and B ranges

1If the querylengthis not anexact multiple of thewindow size,then
thelongestprefix thatis amultipleof thewindow sizecanbeused.



from 1 to C . Tree > )�? A is the setof MBRs for the B.D�E se-
quencecorrespondingto window size

0 ) . In orderto obtain> )�? A , we transformeachsequenceof length
0 A in sequence� ) usingDFT or wavelets,andchoosea few of the coeffi-

cientsfrom thetransformation.Thetransformedsequences
arestoredin MBRsasin theI-adaptiveindex structure.We
begin with aninitial MBR. It is extendedto cover thenext
subsequenceof length� until themarginalcostof theMBR
increases.Whenthemarginal costof anMBR increases,a
new MBR is createdandusedfor latersubsequences.The&6D�E row of our index structureis representedby F ) , whereF ) !HGI> )@? 7 , ...,> )�? ��J correspondsto the setof all treesat
resolution

0 ) . Similarly, the B D�E columnof our index struc-
ture is representedby K A , where K A !LGI> : ? A , ...,> 1 ? A J cor-
respondsto thesetof all treesfor the B.D�E time sequencein
thedatabase.
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Figure 1. Layout of the index structure

3.2 Search algorithm

Our searchmethodpartitionsa givenquerysequenceof
arbitrarylengthinto a numberof subqueriesat variousres-
olutionsavailablein our index structure.Later, it performs
a partial range query for eachof thesesubquerieson the
correspondingrow of the index structure.This is calleda
partial rangequery, becauseit only computesdistanceof
thequerysubsequenceto theMBRs,not thedistanceto the
actualsubsequencescontainedin theMBRs.

Givenany query � of length # 0.: anda range
 , thereis
a uniquepartitioning2, �M!N� 7 �=<POQORO � D , with � � ) �S! 0.T(U

and; 2WV 7 4XOQORO34 V ) 4 V ) 587 4YOROQO V D 2 9 . This partition-
ing correspondsto the1's in thebinaryrepresentationof # .

2Similar to the Multiple Searchtechnique,if the lengthof the query
sequenceis not a multiple of theminimumwindow size,thenthelongest
prefixof thequerywhoselengthis amultipleof theminimumwindow size
canbeused.

We first performa searchusing � 7 on row F T[Z of theindex
structure.As aresultof thissearch,weobtainasetof MBRs
that lie within a distanceof 
 from � 7 . Using thedistances
to theseMBRs,we refinethevalueof 
 andmakea second
queryusing � < on row F T(\ andthe new valueof 
 . This
processcontinuesfor theremainingrows F T(] ... F T(^ . Since
eachsubqueryis performedat differentresolution,we call
this the MR (Multi Resolution)index structure. The idea
of theabove radiusrefinementis capturedin the following
lemma.

Lemma 1 Let � be a given query sequenceand _ be an
arbitrary subsequenceof the samelengthin the database.
Let � 7 be a prefix of � and �`< be the restof _ . Similarly,
let _ 7 be a prefix of _ and _�< be the rest of _ , such that� � 7 �	!a� _ 7 � . If �������b_c� 2 
 then

�����`<.�b_�<�� 2 'd;e_�fhg	ij�bk 
 <ml ����� 7 ��no� < � ,
where n is an MBRthat covers _ 7 and p is anyarbitrary
setof MBRsthatcontainsn .

Proof:
Since�������b_c�h!qk ����� 7 �b_ 7 � <sr �����=<	��_�<�� < 2 
 , wehave

����� < ��_ < � 2 k 
 < l ����� 7 ��_ 7 � < .
Since�����`<.�b_�<=�*tu�����`<.��no� ,

�����`<.�b_�<I� 2 k 
 <*l ����� 7 ��n"� < � .
Fromthis, it follows that�����`<.�b_�<I� 2 'v;._�fwg	ij��k 
 <ml ����� 7 ��n"� < � . x

An examplepartitioningof a querysequenceis givenin
Figure2. In this example,thelengthof thequerysequence
is

0	y	z
andtheminimalquerylengthis {=| . Thequeryis split

into } piecesof length {I| , |P~ and { 0	z . Threesubqueriesare
performed,onefor eachpartition. Thefirst subquery� 7 is
performedonrow F3� with 
 astheradius.As aresultof this
search,
 is refinedto 
 � . Thenext subquery� < is performed
on row F�� with thesmallerradiusof 
 � . As a resultof this
subquery, 
 � is refinedfurther to 
 � � . Finally, subquery�`�
is performedon row F�� with radius 
 � � . The resultingset
of MBRs is thenprocessedto find theactualsubsequences
usingdisk I/Os.

Figure3 presentsthecompletesearchalgorithm.Step1
partitionsthequery � into separatepiecescorrespondingto
a subsetof the rows F T[Z , F T \ , ..., F T ^ of the index struc-
ture. In Step2, theserowsaresearchedfrom top to bottom
independentlyfor eachsequence(column)in thedatabase.
At every row, a partial rangequery(Step

0 9���&�� ), andthen
a rangerefinement(Step

0 9P�@&(&[� ) arecarriedout. Whenall
rows have beensearched,the disk pagescorrespondingto
thelastresultsetareread(Step

0	V
). Finally post-processing

is carriedout to eliminatefalseretrievals(Step
0 � ).

As a consequenceof Lemma1 we have the following
theorem.
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Figure 2. Partitioning for query � , � ���	! 0Py.z
1. Partition thequery � into � partsas � 7 , � < , ..., � D such

that � � ) �	! 0	T(U
and ; 2uV 7 4 V < 4�OQORO�4 V D 2 9 .

2. For B���! 1 to C
(a) 
 T[Z ? A ��!�

(b) For &h��! 1 to �

i. Performrangequeryon > T(U ? A using
 T(U ? A . LetF���� T(U ? A betheresultingsetof MBRswhose
distancesto � ) arelessthan 
 T(U ? A .

ii. 
 T(UR��Z ? A��!�'v;e_�fhg	���[�[� Ub� � Ge� 
 < T(U ? A l ����� ) ��n"� < J
(c) Readdiskpagescorrespondingto F���� T(^ ? A
(d) Perform post processingto eliminate false re-

trievals.

Figure 3. Search algorithm.

Theorem 1 The MR index structure doesnot incur any
falsedrops.

We notethefollowing aboutthesearchalgorithm.

/ Everycolumnof theindex structure(or eachsequence
in the database)is searchedindependently. For each
column, the refinementof radiusis carriedout inde-
pendently, andproceedsfrom top to bottom.

/ For eachsequence,no disk readsare doneuntil the
terminationof thefor loopin Step

0 9 . Furthermore,the
targetpagesarereadin thesameorderastheir location
on disk. As a result,theaveragecostof a pageaccess
is muchlessthanthecostof a randompageaccess.

/ Performingsubqueriesin increasinglengthorder(i.e.
from top to bottomin Figure1) improvesthe perfor-
mance.This canbeexplainedasfollows: Disk reads
occursin the last subquery. Thereforethe last sub-
querydominatesthe cost of the algorithm. The im-
plicit searchradiusfor thelastsubqueryis 
c� k � ��� ,�� ,
where � is the length of the last subquery. Let � )
and � A be the lengthsof the longestand the short-
est subqueries. Let 
 ) be the final searchradius
whensubqueriesareperformedin anincreasinglength
order, and 
 A be the final searchradius when sub-
queriesare performedin a decreasinglength order.
Then,theratio of thesearchradii in the two ordersis

��
 A ,P
 ) ��� k � ) ,�� A . We observedexperimentallythat
the above quantity is at least1, implying that the ex-
pectedvaluefor the implicit radiusis minimal if the
index is searchedfrom top to bottom./ A specialconditionoccurswhenoneof thesubqueries� ) turnsout to be in oneof theMBRs (say n ) of tree> )@? A . In this case����� ) ��no�m! y

, 
 T(UQ�eZ ? A !�
 T(U ? A , andno
radiusrefinementis possibleat this searchstep.How-
ever, if we usetheactualsubsequencescorresponding
to n (by accessingdisk pages),a refinementmaystill
bepossible./ Onemay be temptedto simplify the algorithmby it-
eratingrow by row, i.e., by finding MBRs within the
currentradiusfor all sequencesin a row, andthenre-
fining the searchradiussimultaneouslyacrossall se-
quencesfor thenext row. Sucharow basedrefinement
impactstheperformanceof thealgorithm. This is be-
causetheamountof radiusrefinementis reduceddue
to non-localconsiderations.With respectto Lemma1,
thismeansthatarow-basedapproachincreasesthesize
of p , andconsequentlyreducestheamountof refine-
ment.

3.3 Comparison of the methods

TheMR index structurealleviatesanumberof problems
of Prefix SearchandMultiple Searchthat arisefrom their
fixedstructure.Theseproblemsaremainlythelargeamount
of redundantcomputationandredundantdiskpagereads.

Multiple Searchcan have as much as � �=� :�� � ,�� sub-
queries,where �=� :-� is the longestpossiblequery. On the
otherhand,the upperboundon the numberof subqueries
is ���I ¡��� �`� :�� � � l ���I ¡�@��� where�`� :�� is thelongestpossible
queryand � is theminimumwindow length.This meansa
dramaticreductionin thenumberof subqueries.Theother
advantageof our techniqueis thatdisk readsareperformed
onlyafterthelast(longest)subquery,asopposedto theMul-
tiple Searchtechniquewhichperformsdiskreadsaftereach
subquery.

Eachsubqueryof theMR index structurerefinesthera-
diusof thequery. Sincethesearchvolumeis proportional
to 
�� ) � , even small refinementsin the radiuscan prevent
largenumberof disk reads.For example,if 10 dimensions
areusedin theindex, thena ¢.£ decreasein theradiuswill
decreasethe searchvolume by ~ y £ . Therefore,the to-
tal searchvolume, hencethe amountof computationand
disk reads,for our techniqueis muchlower thanthePrefix
Searchtechnique.

However, thereis a drawbackof theMR index structure
in thatit usesmorespacethanbothPrefixSearchandMulti-
ple Search.This is becauseit storesindex structuresat var-
iousresolutions.Sinceall thepreprocessingstepsmustbe



donein memory, the index structuremustfit into memory.
In Section5, we will presentseveral methodsthat shrink
thesizeof theMR index structurewithout muchof a drop
in performance.

4 Experimental results

We carriedout severalexperimentsto comparedifferent
searchtechniques,and to test the impact of using differ-
entparameterson thequality of our method.We usedtwo
datasetsin ourexperiments.Thefirstdatasetis composedof
stockmarketdatatakenfrom chart.yahoo.com. Thisdataset
containsinformationabout556 companiesfor { ye0 ~ days.
Theseconddatasetis formedsyntheticallyby addingfour
sinesignalsof randomfrequenciesandsomeamountof ran-
dom noise. This datasetis composedof ¢ y.y time series
dataeachof length { ye0 ~ . We consideredvariablelength
queriesof lengthsbetween16 and1024. We assumedthat
the lengthsof the queriesare uniformly distributed. The
radii for thesequeriesareselecteduniformly between0.10
and0.20.Weassumedthattheindex structurefit into mem-
ory andthatthepagesizewas8K for theseexperiments.

In order to obtain dataat variousresolutions,we had
to transformthe datato compactthe time sequencesand
obtain MBRs of appropriatedimensionality. We exper-
imented with three transformations,namely DFT, Haar
wavelet [8, 17, 22] andDB2 wavelet. We also run some
of theexperimentsusingotherwaveletbasessuchasDB3,
DB5, SYM2, SYM3, SYM5 andseveralCoeiflets.There-
sultsfor SYM waveletswereveryclosetoDB wavelets,and
wedid notgetany improvementswith thesebasisfunctions.
Theresultsfor Coeifletswerealsonotpromising.Although
thereis no significantdifference,Haarwavelet performed
slightly better than DFT. DB2 performedpoor for lower
dimensions,but its performancewas comparableto Haar
for higherdimensions.We reportall our experimentsus-
ing Haartransformation.Theexperimentalresultsfor both
realandsyntheticdatasetswereverysimilar. Therefore,we
presenttheresultsonly for therealdataset.

4.1 Precision and disk reads

Our first setof experimentscomparedprecisionandI/O
for threedifferentindexing techniques:LinearScan,Prefix
SearchandMR search. The resultsarepresentedin Fig-
ure4. Theresultsfor Multiple Searcharenot presentedas
it wasnotcompetitivewith othermethods:thetotalnumber
of pageaccesseswaseven more thanthe total numberof
pagesondisk.

We plot theprecisionandI/O (numberof disk reads)as
afunctionof thenumberof dimensions(coefficients)of the
transformeddataset. Note that for LinearScan,thecandi-
dateset is the entiredatabase.As a result, its precisionis
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Figure 4. Precision and number of disk reads
for stock market data for different dimension-
alities.

theratio of thesizeof thequery's answersetto thesizeof
the database.This meansthat in Figure4, the answerset
of thequeriesis about O�¢.£ of thedatabasesequences.The
performanceof LinearScanis not affectedby the number
of dimensions.

According to our results,the MR index structureper-
formsbetterthanbothLinearScanandPrefixSearchin all
dimensionalitiesin termsof bothprecisionandthenumber
of pageaccesses.For 4 dimensions,the precisionof the
MR index structureis morethan5 timesbetterthanthePre-
fix Searchtechniqueandmorethan20timesbetterthanthe
Linear Searchtechnique.For the samenumberof dimen-
sions,thenumberof pagereadsfor theMR index structure
is lessthanone-sixthof bothPrefixSearchandLinearScan.
As thenumberof dimensionsincreases,the increasein the
performanceof theMR index structureis muchhigherthan
thatof PrefixSearch.For example,by using { y dimensions
insteadof ~ dimensions,the numberof pageaccessesfor
the MR index structuredecreasesby {I}e£ , while that for
PrefixSearchdecreasesby lessthan {�£ . Similarly, preci-
sion for the MR index structureincreasesby } y £ , while
thatfor PrefixSearchincreasesby

z £ .



Another important observation is that Prefix Search
readsalmostall thepages.Theexpectedlengthof a query
is ¢¤{ 0 . Sincetheminimumquerylengthis {I| , theexpected
implicit radiusfor aqueryis k ¢�{ 0 ,�{=| (approximately¢¤O | )
times larger than the actualrange. This meansthat for 

between

y OR{ and
y O 0 , thePrefixSearchtechniqueexamines

almosttheentiresearchspace.
The subqueriesin the MR index structurecorrespond

to binary representationof the ratio of the length of the
querysequenceto the minimum window size. Therefore,
theexpectednumberof subqueriesfor theMR index struc-
ture is �����I ¡�[{ ye0 ~�� l ���I ¡�[{=|e�b��, 0 !W} . On the otherhand,
for Multiple Search,the expectednumberof subqueriesis¢¤{ 0 ,�{I|�!¥} 0 , morethan10 timeshigher.

4.2 Estimating the total cost

AlthoughFigure4 givesusinformationaboutCPUcost
(precisiondeterminesthecandidatesetsize,which in turn
determinesthe numberof arithmeticoperations),and the
I/O cost(numberof diskpagereads),determiningtheover-
all costrequiresan estimationof the relative costof arith-
meticoperationsto diskpageaccesses.Thecostof anarith-
meticoperationis usuallymuchlessthanthecostof a disk
pageread. However, the costof disk pagereaditself can
vary basedon whetherthereadis sequentialor random.In
caseof randomI/O, thereis a high seekandrotationalla-
tency cost for eachpageaccess.However, for sequential
reads,disk headis at the startof thenext pageto be read,
thusavoiding the seekcost. As a result, the costof read-
ing pagesin a randomorder is muchhigherthanthe cost
of readingthem sequentially. We assumethis ratio to be
12 [4, 19]. (Therearealsoseveralotherfactorslike buffer-
ing andprefetchingthataffect thepageaccesscost. How-
ever, wedonotconsidertheseeffectsin ouranalysis.)

We normalizeall coststo thenumberof sequentialdisk
pagesread. The total costof a queryis thencomputedas
follows:

Total Cost= CPUCost+ I/O Cost, where
CPUCost= CandidateSetSize � c, and

I/O Cost= k � Numberof pagereads

The constant
V

converts the costof computingthe dis-
tancebetweentwo sequencesto thecostof asequentialdisk
pageread. It wasexperimentallyestimatedto be between
1/300and1/600dependingon thehardwarearchitecture.

The constant# dependson the searchalgorithm: if the
pagesareaccessedsequentiallythenit is 1, if thepagesare
accessedin randomthenit is 12 [4, 19]. ThePrefixSearch
techniqueperformsrandompagereads;asa resultthecor-
respondingconstantis 12. In the MR index structure,a
candidateset of databasesequencesis determinedby ac-
cessingtheMBRscorrespondingto thelastsubquery. Disk
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Figure 5. Total cost for queries.

accessesare thencarriedout to readthis setof candidate
sequences.Sincethe candidatesequencesareaccessedin
the disk placementorder, the averagecostof a pageread
is muchlessthanthe costof a randompageread[4, 19].
We usedthe costmodelproposedin [19] to find the cost
of readinga subsetof pagesin sequentialorder. Typically,
thevalueof # for theMR index structurelies between

0 O y
and }�O y . We alsovalidatedthis experimentallyby reading
subsetsof pagesin sequentialorderfrom a realdisk.

The total costcomparisoncorrespondingto Figure4 is
presentedin Figure 5. It can be seenthat the MR index
structureperformsmore than 4 times better than Linear
Scan,and more than 20 times better than Prefix Search.
As the numberof dimensionsincreasesfrom ~ to { y , the
performanceof the MR index structureimprovesby {=}�£ ,
while thatof thePrefixSearchtechniqueimprovesby less
than {�£ . Anotherpointwewould like to observeis thatthe
PrefixSearchtechniquealwayshasthehighestcostamong
the threetechniques.This is becausePrefix Searchreads
almostevery disk pagein a randomorder. As a result,the
costof disk readsdominatesCPU time. Although, Prefix
Searchis a goodmethodfor subsequencesearchwhenthe
querysizeis predefined,we concludethat it is not suitable
whenthequerysizeis variable.

5 Index compression

TheMR index structureperformsbetterthanall theother
techniquesdiscussedin this paperin terms of precision,
numberof pageaccesses,and total cost. However, the
methodkeepsinformationaboutthe dataat different res-
olutions in the index structure. Therefore,the MR index
structureusesmorespacethansomeotherindex structure
like theI-adaptiveindex thatmaintaininformationata sin-
gle granularitylevel. In orderto performthepreprocessing
stepsof thesearchin memory, the index structuremustfit
into memory. If the index structuredoesnot fit into mem-



ory, thenthemethodwill incur disk pagereadsfor access-
ing theindex. Therefore,theperformanceof theMR index
structurecoulddegradeif enoughmemoryis not available.
In this section,we considerindex compressiontechniques
with whichmemoryrequirementsof theMR index structure
canbemadesimilar to theotherindex structures.

5.1 Compression methods

Weexperimentedwith threeindex compressionmethods
for the MR index to shrink the size of the index: Fixed
Compression, GreedyCompressionand BalancedGreedy
Compression. Thesemethodsmergea setof MBRs to cre-
atean extendedMBR (EMBR) of the samedimensional-
ity that tightly coversandreplacesthe constituentMBRs.
TheMR index assumesthatan index nodecontainssubse-
quencesthatstartatconsecutiveoffsets.In ordertopreserve
this property, only consecutive MBRs canbe mergedinto
an EMBR. Eachmerge operationincreasesthe total vol-
umecoveredby the index structure. As the total volume
increases,the probability that a rangequeryaccessesone
or moreof theseMBRs increases.This increasesthe size
of the candidatesets. Therefore,we would like to merge
asmany MBRs aspossibleinto anEMBR, while minimiz-
ing theincreasein volume.We considerthreestrategiesfor
mergingMBRs. Let ¦ bethedesiredcompressionrate.

/ FixedCompressionis basedon theobservationthat in
realapplicationsconsecutivesubsequencesaresimilar.
As a result,this methodmergesthefirst ¦ MBRs into
anEMBR,second¦ MBRsinto anotherEMBR,andso
on. Thisis averyfastmethod.However, if consecutive
MBRsarenotsimilar, theperformancedropsquickly.

/ GreedyCompressiontries to minimizetheincreasein
thetotalvolumeoccupiedby theMBRsateachmerge
operation.Thealgorithmchoosesthetwo consecutive
index nodesthat leadto a minimal volumeincreaseat
eachstepuntil thenumberof index nodesis decreased
by the given ratio ¦ . This methodadaptsto the lay-
out of theindex nodesat eachmergeoperation.How-
ever, sincethetwo MBRsto bemergedaredetermined
independentlyat eachstep,someof the EMBRs can
containmany moresubsequencesthanothers,leading
to anunbalancedpartitioning. This hasthedrawback
that,a hit ononeof theheavily populatedindex nodes
will incurtheoverheadof readinglargenumberof can-
didatesubsequences.This decreasesthe precisionof
theindex.

/ Thegreedycompressionmethodcanbemadebalanced
by incorporatingapenaltyfor merginglargenumberof
subsequences.This is calledBalancedGreedyCom-
pression. Here,thecostof amergeoperationis defined
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astheincreasein volumemultiplied by thenumberof
subsequencesin thenew index node.Two index nodes
that minimize this costareselectedto merge at each
step. This methodovercomesthe problemof unbal-
ancedpartitioning.

5.2 Experimental results

We ran several experimentsto test the performanceof
thecompressionheuristics.In theseexperiments,wevaried
thecompressionratefrom 1 (implying no compression)to
5 (maximumcompression).The resultsareshown in Fig-
ure 6. As evident from the figure, the BalancedGreedy
heuristichasthe lowest cost and Fixed Compressionhas
thehighestcost.Figure7 comparesthetotal costof Linear
Scan,PrefixSearch,andMR Searchwith BalancedGreedy
Compression.Whenthecompressionrateis ¢ , thetotalcost
of theMR index structureis 3 timesbetterthanthecostof
LinearScan,andmorethan15 timesbetterthanthatof the
PrefixSearchtechnique.

Compressionhas anotheradvantage. It increasesthe
numberof rows of theMR index structure,andasa result
makes the index structureefficiently applicableto longer
querysequences.For example,compressingtheMR index
to one-fifth, the numberof rows of the MR index canbe
increased5 timeswhile keepingthestoragecostinvariant.

6 Discussion

In this paper, we consideredthe problem of variable
length queries for subsequencematching for time se-
quences.We proposeda new indexing methodcalledMR
index thatstoresinformationaboutthedataatdifferentres-
olutions.An arbitrarylengthqueryis split into severalsub-
queriescorrespondingto theresolutionsof theindex struc-
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ture. Therangesof thesubqueriesaresuccessively refined,
andonly the last subqueryperformsdisk reads. As a re-
sultof theseoptimizations,theMR index performed4 to 20
timesbetterthantheothermethodsincludingLinearScan.

Sincethe MR index storesinformationat multiple res-
olutions, we proposedthreemethodsto further compress
theindex structurewithout losingmuchinformation.These
methodsareFixedCompression,GreedyCompressionand
BalancedGreedyCompression.Thesemethodscompress
theindex structureby mergingsomeof theMBRs to create
a larger index node.Out of thesethreemethods,Balanced
GreedyCompressionhasthebestresultssinceit minimizes
theinformationloss(increasein volume)while distributing
thesubsequencesalmostevenly. TheMR index performed
3 to 15 timesbetterthanothertechniquesevenafter com-
pressingtheindex to one-fifth.

Our notionof similarity betweentwo time sequencesis
basedon Euclideandistance.Sucha metricis not invariant
with respectto scalingandshifting, a possibleshortcom-
ing for comparisonof time-baseddata.However, asshown
by Chuet al. [6], a transformationontotheshift eliminated
planeachieves this invariancewith respectto scalingand
shifting. This transformationcould be applied to all the
subsequencesprior to theconstructionof theindex. In this
case,eachquerysubsequencemustbemappedontotheshift
eliminatedplanebeforecompressingit with DFT or DWT.

Thealgorithmin Section3 carriesoutasingleradiusre-
finementover all theMBRs of thedatabasesequence.The
performanceof the MR index structurealgorithm can be
further improved by performingthe rangerefinementde-
cisionsfor subquerieslocally. This canbe doneby com-
puting the new rangefor eachMBR separately. Different
MBRs belongingto the samesequencewould have inde-
pendentrefinements.For example,if MBRs n 7 and n�< in
row F 7 includedpositions1-150and151-300of adatabase

sequence,andif MBR for n � atthenext lowerrow included
positions1-300of thesequence,then n � wouldonly usethe
informationform n 7 andn < in its radiusrefinement.In par-
ticular, radii informationfrom boxesotherthan n 7 and n <
at row F 7 would not beused.If the time sequencesin the
databasearevery long leadingto a largenumberof MBRs
correspondingto a time sequence,thenthis changein the
searchtechniquecouldbeuseful.

The simplegrid structureof our index providesa good
opportunityfor parallel implementation.The index struc-
ture can be partitionedinto subsetsof columnsand each
subsetcanbemappedto a separateprocessorwith its own
disk. No communicationwould beneededamongthepro-
cessors,exceptto mergetheresultsat theend.

This paperhasconcentreatedon rangequeries.It is not
difficult to extendthetechniqueto nearestneighborqueries.
Theminimumandthemaximumdistanceof a givenquery
to a databasesequencecanbeestimatedwith theMINMAX
technique[10, 18] to prunethe candidateset. Finally, the
necessarysequencesareaccessedfrom disk to filter andre-
turn thecorrectanswerset.
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