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Abstract

Sequentialpatternminingaimsto �nd frequentpatterns(guardedbyaminimumsupport)in adatabase
of sequences.Asthesupportdecreasesthenumberof sequentialpatternswill increaserapidly. There-
fore, a new trendis to mineclosedsequentialpatterns,i.e. patternswhich haveno super-patternswith
the samesupportin the database. Sincemining closedsequentialpatternhasthe samecapability as
mining the completesetof sequentialpatternswhile reducesredundantpatternsto be generatedand
stored,it is much economicalandbene�cial. In thispaperweproposea novelapproach which extendsa
frequentsequencewith closeditemsetsinsteadof singleitems.Themotivationis that closedsequential
patternsare composedof only closeditemsets.Hence, unnecessaryitem extensionswhich generates
non-closedsequentialpatternscanbeavoided.Furthermore, weproposeLayerPruningwhich removes
unnecessaryenumerationbycomparingcandidatepre�xesin thesamelayer ratherthancomparingone
pre�x againsthistorical ones.Experimentalevaluationshowsthat theproposedapproach is two orders
of magnitudefasterthanpreviousworkswith a modestmemorycost.

1 Intr oduction

Sequentialpatternmining is a fundamentaldatamining taskthat hasbroadapplications,including

userbehavior analysis,network intrusiondetectionandtandemrepeatsin DNA sequences.Ever since

Argawal et al. [13, 14] introducedthe conceptof sequentialpatternmining in 1995,this problemhas

receiveda greatdealof attention[1, 2, 3, 4, 5, 12, 19]. Mining sequentialpatternis morecomplex than

frequentitemsets,sincethepermutationsof itemsneedsto beconsidered.Thus,insteadof mining the

completesetof frequentsequentialpatterns,we have strongermotive to mine closedsequentialpat-

terns,i.e. thosecontainingno super-sequencewith thesamesupport.Mining closedsequentialpatterns



not only reducethenumberof sequencespresentedto usersbut alsoincreasethemining ef�ciency by

pruningtheenumerationspace.

Althoughmining closedsubsequencessharesa similar problemsettingwith mining closeditemsets

[6, 10], thetechniquesdevelopedin closeditemsetminingcannotwork for frequentsubsequencemining

directly becausesubsequencetestingrequiresorderedmatchingwhich is more dif�cult than simple

subsettesting.To thebestof our knowledge,thereareonly two algorithmsin closedsequentialpattern

mining,includingCloSpan[18] andBIDE [16]. CloSpantakestheapproachwhichgeneratesacandidate

setfor closedsequentialpatternsandconductspost-pruningon it. The ideais that if a new discovered

sequences0 is asub-sequenceor super-sequenceof anexistingsequences andtheprojecteddatabaseof

s ands0 is equal(closurechecking),thenwecanstopsearchingany descendantof s0 in thepre�x search

tree(thuspruningthesearchspace)sincefor all 
 thesupportof sequences0� 
 is equalto thatof s � 
 .

What makesthe conceptworks is that the equivalenceof the projecteddatabasescanbe implemented

by comparingthesizeof thedatabases.Furthermore,thesizeof theprojecteddatabasescanbeusedas

thehashkey to improve subsequence/supersequencecheckingmoreef�ciently . However, thecandidate

maintenance-and-testparadigmsufferstheinherentdrawbackin scalability.

Therefore,Wanget al. proposean alternative solutionwithout candidatemaintenance.It adoptsa

sequenceclosure-checkingschemecalledBIDE. From de�nition, we know that if a sequenceS = <

s1; s2; : : : ; sn > is not a closedsequence,theremustexist at leasean event e0 which canbe usedto

extendsequenceS to a new sequenceS0 with thesamesupport.ThesequenceS canbeextendedfrom

the right mostdirection(after sn ), the left mostdirection(befores1) or in the middle of the sequence

(betweensi andsi +1 ). If no sucheventexists, thenS mustbea closedsequence.Thus,theproposed

BIDE schemeis to scanfor commonitemsfrom thesequencedatabase,which might exist betweensi

andsi +1 . As for searchspacepruning, they proposethe BackScanpruningmethodto stopgrowing

unnecessarypatternsif thecurrentpre�x cannot beclosed.Again, they have de�ned thesubsequences

wherethecommonitemsaresearchedfor thisBackScanclosurechecking.AlthoughBIDE donotkeep

trackof any historicalclosedsequentialpatterns(or candidate)for anew pattern'sclosurechecking,it is

a computationalconsumingapproachsinceit needsmultiple databasescansfor thebi-directionclosure

checkingandthebackscanpruning.

Both algorithmsadoptthe framework of Pre�xSpan[12] which grows patternsby itemsetextension
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andsequenceextension,i.e. thelasttransactionof thecurrentsequenceis extendedwith a frequentitem

in thesametransaction(item extension)or differenttransaction(sequenceextension).CloSpanprunes

the searchspaceby sub/supersequenceswith equivalentprojecteddatabases,while BIDE prunesthe

searchspaceif thecurrentpatterncanbeenumeratedby otherpattern.Wereferto themasasinglephase

reduction. Differentfrom previousworks,in thispaperwe mineclosedsequentialpatternby a bi-phase

reductionapproach,COBRA(standsfor Closedsequentialpatternmining using Bi-phaseReduction

Approach).First, we mineclosedfrequentitemsets,thenencodeeachof themasa uniqueC.F.I. Code

to replacetheoriginaldatabase.Next, wegenerateclosedsequentialpatternsonly by sequenceextension

of C.F.I. Codes (closeditemsets).To make pruningmoreef�cient, we proposeLayerPruning which

removesunnecessaryenumerationduringtheextensionsof thesamepre�x pattern.Experimentaleval-

uationshows that COBRA deliversorderof magnitudeperformanceimprovementsover the previous

methodBIDE.

The restof this paperis organizedasfollows. We de�ne the problemof closedsequentialpattern

mining in Section2. Relatedworkson sequentialpatternsandclosedpatternsareintroducedin Section

3. Section4 presentsour algorithm. Experimentson bothsyntheticandrealworld dataarereportedin

Section6. Finally, conclusionsaremadein Section7.

2 ProblemDe�nition

GivenadatabaseSD of customertransactions,whereeachtransactionconsistsof thefollowing �elds:

customer-id, transaction-time,andthe itemspurchasedin the transaction.No customerhasmorethan

one transactionwith the sametransaction-time.Let I = f i 1; i 2; : : : ; i N g denotethe setof items. A

customersequencecanberepresentedby anorderedlists of itemsets,i.e.,S=<t 1; : : : ; tn> , whereeach

itemsett j is a non-emptysubsetof I , denotingthe itemsboughtin one transaction.The numberof

itemsetsin a sequenceis called the lengthof the sequenceanda sequencewith length l is calledan

l-sequence.A sequence� =<a 1; : : : ; am> is a sub-sequenceof anothersequence� =<b1; : : : ; bn> , if

andonly if eachaj (1 � j � m) canbe mappedby bi j (aj � bi j ) andpreserve its order(1 � i 1 <

i 2 < : : : < i m � n). We say � is super-sequenceof � and � contains� . For example,sequence

� =< f A; Bg; f Cg; f D; Eg> is a super-sequenceof sequence� =< f Ag; f Dg> , sincethe patternf Ag

(f Dg, resp.)is asubsetof f A; Bg (f D; Eg, resp.).Onthecontrary, 
 =< f C; Dg> is notasub-sequence

of � , sincethepatternf C; Dg cannotbemappedto any itemsetin � .
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Table 1. An example sequence database SDB

.
SID Sequence
1 (C)(A; B ; C)(B ; C)(A; B ; C)
2 (B ; C)(A; B ; C)(C)
3 (B ; C)(A)(D; F )(A; B ; C)(C)
4 (C)(A)(D; E)(A; B ; C)

A sequencedatabaseSD = f S1; : : : ; SjSD jg is a setof sequences.Eachsequenceis associatedwith

an sid. jSDj representsthe numberof sequencesin the databaseSD. The absolute support of a

sequence� in a sequencedatabaseSD is the numberof sequencesin SD which contain� , andthe

relative support is the percentageof sequencesin SD that contain� . Without lossof generality, we

usethe absolutesupportfor describingthe algorithm while using the relative supportto presentthe

experimentalresults.

Giventwo sequences� and� . If � is asuper-sequenceof � andtheirsupportsarethesame,wesay�

absorbs� . A sequentialpattern� isaclosedsequentialpattern if thereexistsnopropersequence� that

absorb� . Theproblemof closedsequentialpatternmining is formulatedasfollows: givena minimum

supportlevel minsup, our taskis to mineall closedsequentialpatternsin thesequencedatabasewith

supportgreaterthanminsup, i.e. thefr equentsequentialpatterns.

Example2.1 Table 1 showsa sequencedatabaseSDB as our running example. Let minsup be 3.

Thecompletesetof frequentclosedsequencesconsistsof only six sequences:f < (B ; C) (A; B ; C)> :3,

< (B ; C)(B ; C)(C)> :3, < (C)(A; B ; C)(C)> :3, < (C)(A; B ; C)> :4, < (C)(A)(A; B ; C)> :3, < (C)(A)

(C)> :4g, while thewholesetof frequentsequencesconsistsof 55sequences(Thevalueaftercolonsde-

notesthe supportcount). Most of the frequentsequencesare absorbedby the closedsequences.For

example, frequentsequence< (B)(A; B ; C)> :3 is absorbedby< (B ; C)(A; B ; C)> :3.

To make connectionbetweencloseditemsetswith closedsequentialpatterns,we de�ne transaction

supportandsequencesupportof anitemsetasfollows. Thetransactionsupportof anitemset� is de�ned

asthenumberof transactionsthatcontain� while thesequencesupportof � is thenumberof sequences

that containthe1-sequence� . As usual,an itemset� is closedif thereexist no supersetof � with the

sametransactionsupport.However, anitemset� is frequentin a sequencedatabaseSD if thesequence

supportof � is greaterthanminsup. Thus,� is an frequentcloseditemsetif the sequencesupportis
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greaterthanminsup andthereexistsnosupersetwith thesametransactionsupport.

Example2.2 Given minsup = 3, all subsetsof f A; B ; Cg are frequentin the examplesequence

databasein Table1 sinceeach itemsethassequencesupport4. However, only f Ag, f Cg, f B ; Cg, and

f A; B ; Cg are frequentcloseditemsets.Itemsetf Bg is not a closeditemsetsinceit hasthesametrans-

actionsupport8 asitemsetf B ; Cg. Similarly, itemsetsf A; Bg andf A; Cg are absorbedby f A; B ; Cg

sincethey havethesametransactionsupport5.

3 RelatedWorks

Theproblemof mining sequentialpatternswas�rst introducedin [13] by Agrawal andSrikant,who

alsoproposedthefamousGSP(GeneralizedSequentialPattern)algorithmbasedontheApriori property

[14]. The GSPalgorithmappliesa breadth-�rstenumerationto generatecandidatepatternsandscans

the horizontaldatabasefor veri�cation. However, in situationswith proli�c frequentpatterns,long

patterns,or quite low minsup thresholds,an Apriori-lik e algorithmmay suffer from handlinga huge

numberof candidatesetsandmultipledatabasescans.To overcomethesedrawbacks,Hanetal. propose

Pre�xSpan[12] thatadoptsadepth-�rstenumerationandscanstheprojecteddatabase(alsoin horizontal

dataformat) to extendlongerpatterns.Thegeneralideaof this patterngrowth methodis to recursively

project the databaseinto a setof smallerdatabaseswith respectto a frequentpatternandextend the

patternby exploring only frequentitemsin theprojectedpartition. Therefore,they canavoid expensive

candidategenerationandrepeateddatabasescansfor supportcounting.

In additionto algorithmsbasedonhorizontalformats,Zaki proposedavertical-basedalgorithmcalled

SPADE [19]. SPADE utilizescombinatorialpropertiesto decomposetheoriginal probleminto smaller

sub-problemsthatcanbeindependentlysolvedin mainmemoryusingef�cient latticesearchtechniques

andsimple join operations. SPAM [1] is similar to SPADE except that it employs a vertical bitmap

representation.It is moreef�cient thanPre�xSpanandSPADE, but it consumesmorespacefor vertical

bitmapmaintenance.

Sincepatternminingmaygenerateahugeof patterns,it reducesnotonly theeffectivenessbut alsothe

ef�ciency of mining. Therefore,Pasquieret al. [9] have proposedto mineclosedpatternsfor frequent

itemsets.Severalef�cient algorithmareproposedfor closedfrequentitemsetrecently, includingA-Close

[9], CLOSET[11], CHARM [20] andCLOSET+[17]. Although,someclosurecheckingandpruning
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strategiesin closedfrequentitemsetcanbeextendedfor closedsequentialpattern,it only prunesnon-

closedpatternsat the item extensionstep. So far, thereareonly two algorithmsproposedfor closed

sequentialpatternmining,CloSpanandBIDE.

CloSpanappliesa novel conceptcalled the equivalenceof projecteddatabasesfor backward sub-

pattern/superpatterncheckingto prunethe searchspace.Upon the generationof a frequentsequence,

CloSpanhasto maintainthe frequentsequencesgeneratedso far unlessthey are veri�ed to be non-

closedby subpattern/superpatternchecking.Differentfrom CloSpan,whichis basedontherelationships

amongthenewly foundfrequentpatternandsomealreadyminedclosedpatterns,BIDE proposesa bi-

directionalscanto remove non-closedpatternwithout candidatemaintenanceanddevisesa BackScan

pruning methodto stop unnecessaryenumerationof pre�x sequencequickly. Sincethe criteria for

BackScan pruning is a commonitem for a particularperiod (called semi-maximumperiods)in all

sequences,thecheckingcanterminateasearlyasthe intersectionbecomesempty. AlthoughBIDE re-

ducesthe memoryrequirementfor candidatemaintenance,it requiresmorecomputationandmultiple

datascansin backwardchecking.In addition,thesimplesetintersectionof ScanSkip is uselessif the

approachis appliedto complex sequences(composedby itemsets,e.g.Table1).

Note that both CloSpanand BIDE followed the sameenumerationstrategy: patternsare gener-

atedbasedon the sequencelexicographicorderby performingitem extension(or I-step,denotedby

P � i item = <s 1; : : : ; sn [ item> ) andthensequenceextension(or S-step,denotedby P � s item =

<s 1; : : : ; sn ; item> ). However this pattern-growth strategy hastwo drawbacks:duplicateitem exten-

sionsandexpensivematchingcost,asdescribedbelow.

1. Duplicate item extensions: Considera databaseof two sequencesS1=< f A1; B2g; f A3; B4; C5g;

f A6; B7g> andS2=< f A8; B9; C10g; f A11; B12g; f A13; B14g> . To �nd theclosedsequence< f A; Bg;

f A; Bg; f A; Bg> , we needthreeitem extensions(e.g. f Ag � i f Bg), which areduplicateandun-

necessarysincef Ag itself is notclosed(whereverA occursB alsooccurs).If wecandosequence

extensionby addingf A; Bg insteadof singleitemf Ag, thensuchduplicateitemenumerationcan

beavoided.

2. ExpensiveMatching Cost: Thematchingcostrefersto theprocessof �nding thelocally frequent

itemsin theprojecteddatabase,especiallyfor itemextension.For example,theprojectedposition

for pre�x f A; Bg areB2 andB9, i.e. the last transactionwherethe �rst instanceof the pre�x
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Code C.F.I. FML LocationList(SID,TID)
#1 ABC 2, 6, 10,14 (1,2),(1,4),(2,6),(3,10),(4,14)
#2 BC 2, 5, 8, 14 (1,2),(1,3),(1,4),(2,5),(2,6),(3,8),(3,10),(4,14)
#3 A 2, 6, 9, 13 (1,2),(1,4),(2,6),(3,9),(3,10),(4,13),(4,14)
#4 C 1, 5, 8, 12 (1,1),(1,2),(1,3),(1,4),(2,5),(2,6),(2,7),(3,8),(3,10),(3,11),(4,12),(4,14)

Figure 1. Vertical­based LocationList and FML

occurs.Extendableitemsfor I-stepsarethensearchedafter thesepositionsby matchingwith the

pre�x. Thus,we can�nd locally frequentitemsC which occursnot only in S2 at C10 but alsoin

S1 atC5 wherethepre�x f A; Bg occursin thesametransaction.

In this paper, we have comeup with a novel approachwhich conductsonly sequenceextensionsby

addingfrequentcloseditemsetsto overcomethesedrawbacks.Frequentcloseditemsets,asproved in

the next section,arein fact the basiccomponentsof frequentclosedsequences.They canbe usedto

remove duplicateitem enumerationaswell asto reducethematchingcostfor �nding locally frequent

itemsfor I-extension.

4 Algorithm Overview

In thissection,wepresentanimportantobservationandprovethatafrequentclosedsequentialpattern

is composedof only frequentcloseditemsets.Thus,we devise a bi-phasereductionapproachwhich

minesfrequentcloseditemsets�rst andenumeratefrequentclosedsequentialpatternsby conducting

sequenceextensions.Beforeintroducingthepruningstrategy, we �rst de�ne someterms.

De�nition 4.1 Given a sequenceS = <s 1; : : : ; sn> , the First Matched Transaction (FMT) of a 1-

sequence<p 1> is de�ned as the transactionalID of the �r st instanceof the itemsetp1. Recursively,

we can de�ne the FMT of a (m + 1)-sequence<p 1 : : : pmpm+1 > from the FMT of the m-sequence

<p 1 : : : pm> as(thetransactionID of) the�r st appearanceof itemsetpm+1 which alsooccurs after the

FMT of them-sequence<p 1 : : : pm> . Givena sequencedatabaseSD (each transactionin SD hasa

uniqueID), theFirst MatchedtransactionList (FML) of a pre�x sequence� =<p 1 : : : pn> is de�nedas

thelist of �r stmatchedtransactionsof thesequencesin SD w.r.t. � . Similarly, theSID List of � is a list

of sequenceIDs thatsupport� .

For example,in the databaseSD of threesequencesS1 = < f A; Cg1; f A; B ; Cg3; f A; Bg4> , S2 =

< f Ag2; f Bg8> andS3 = < f A; Bg5; f A; Cg6; f B ; Cg10> , wherethesubscriptsdenotethe transaction
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TID 1 2 3 4 5 6 7 8 9 10 11 12 13 14
SID 1 1 1 1 2 2 2 3 3 3 3 4 4 4
Code #4 #1 #2 #1 #2 #1 #4 #2 #3 #1 #4 #4 #3 #1

#2 #4 #2 #4 #2 #4 #2 #2
#3 #3 #3 #3 #3
#4 #4 #4 #4 #4

Figure 2. Horizontal Encoded Database EDB

IDs, theFMLs of thepre�x sequence< f A; Bg> and< f Agf Bg> aref 3; 5g andf 3; 8; 10g, respectively,

while their SID Lists aref 1; 3g andf 1; 2; 3g, respectively. Notethatwe canlook up thecorresponding

sequenceIDs giventhetransactionIDs in theFML.

Givenanitemsetp, let c(p) denotethecloseditemsetwhich containsp andhasthesametransaction

supportasp. If p is closed,thenc(p) = p. By de�nition, c(p) andp have thesametransactionsupport

andtheFML arethesame(denotedasp:FM L = c(p):F M L).

Lemma 4.1 Giventhreesequentialpatterns� , � and 
 , if � :F M L = � :F M L then� � s 
 :F M L =

� � s 
 :F M L and� � s 
 :SI DList = � � s 
 :SI DList (De�nition 4.1).

Theorem4.1 A closedsequentialpatternis composedof onlycloseditemsets.

Proof 4.1 Assume� = p1 � s : : : � s pn is a closedsequentialpattern,but someof thepi s are non-closed

itemsets.Considera sequentialpattern� = c(p1) � s p2 � s : : : � s pn , � :SI DList = � :SI DList since

p1:F M L = c(p1):F M L (Lemma4.1). Recursively, wecan�nd a sequentialpattern� = c(p1) � s : : : � s

c(pn ) such that � :F M L = � :F M L. Therefore, � is not a closedsequentialpattern. We thushavea

contradiction to the original assumptionthat � is a closedsequentialpatternand thusconcludethat

“all closedsequentialpatterns� arecomposedof onlycloseditemsets.”

Theorem4.1 is animportantpropertyasit providesa differentview of mining closedsequentialpat-

terns. Insteadof extendinga pre�x by I-stepsandS-stepsalternatively, we canmine closedfrequent

itemsetsbeforeminingclosedsequentialpatternsandextendsapre�x sequenceby only S-steps.There-

fore,we have comeupwith a threephasealgorithm.In the�rst phase,we �nd all frequentcloseditem-

setsanddenoteeachof themby auniqueC.F.I. code. To avoid theneedto matchclosedfrequentitemsets

in asequencein theenumerationphase,theoriginaldatabaseis transformedinto anotherdatabasewhere

8



(a)Searchspaceof originalenumeration (b) Searchspaceof ourenumeration

Figure 3. Enumerative Trees

the itemsin eachsequencearereplacedby C.F.I. codes thatarecontainedin the transactions.Finally,

theclosedsequentialpatternsareenumeratedin thethird phase.

To illustrate,theexampledatabaseSDB (Table1) canbetransformedinto Figure2 giventheC.F.I.

codesshown in Figure1. Thistransformationretainsthehorizontalformatof theoriginaldatabase.Note

thatthetransactionsarerenumberedto eliminateemptytransactionsdueto theremoval of non-frequent

items(e.g. D, E, F ). Figure1 alsoshows the location lists of eachclosedfrequentitemset,which

representtheverticalformatof theoriginaldatabase.

We refer this asa bi-phasereductionapproachsincewe mine C.F.I. for �rst phasereductionthen

mine closedsequencesfor secondphasereduction.This approachnot only reducesthe searchspaces

andduplicatecombinationsbut alsoavoids thematchingcostsin item extensionprocess.As shown in

Figure3, thesearchspacefor ourenumerationtreeis muchsmallerthanthatof thetypical lexicographic

tree.Obviously, thelongestpath(thethick lines) in our enumerative strategy is shorterthanthatof the

typical strategy.

A similar framework hasalsobeenadoptedin [15] for inter-transactionassociationmining. However,

applyingsuchaframework in closedpatternminingis muchmoreeconomicthanregularpatternmining

sincethenumberof frequentitemsetsarelargerthanthatof frequentcloseditemsets.In thenext section,

wewill discusshow to furtherprunethesearchspaceby LayerPruning andExtPruning.
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4.1 Pruning Strategies

Althoughthenumberof closeditemsetscanbelargerthanthenumberof items,whichseemsto harm

themining process,lots of themcanbe ignoredwithout considerationby layerpruning. As a contrast

to previous works which only prunea branchof a non-closedpattern,layer pruningremovesseveral

non-closedbranchesat onceandreducesthecostsin patternchecking.Beforeintroducingthepruning

strategy, we �rst de�ne theorderof two �rst matchlists.

De�nition 4.2 (TheOrderof FML) GiventwoFMLs

S1:F M L = f a1; a2; : : : ; amg and S2:F M L = f b1; b2; : : : ; bng (m � n), we say that S1:F M L < L

S2:F M L if and only if there exists i 1; i 2; :::; i n such that ai j :SI D = bj :SI D and ai j < bj for all j

(1 � j � n). The equal signshold (S:F M L = L S0:F M L) whenm = n and aj = bj for all j ,

(1 � j � m).

Example4.1 ConsidertheexampledatabaseSDB again,Figure1 showsthe�r stmatchedtransaction

list (FML) for thefrequentcloseditemsetswhich arealso1-sequences.TheFML for C.F.I. codes#1,#2,

#3, #4 are f 2,6,10,14g, f 2,5,8,14g, f 2,6,9,13g and f 1,5,8,12g, respectively. Theorders betweenthese

FMLsare#1 :F M L > L #4 :F M L and#3 :F M L > L #4 :F M L.

LayerPruning: For two C.F.I. p1 and p2 that can be a sequenceextensionof a pre�x sequence

� =<s 1; : : : ; sn> in form of S1 = � � s p1 andS2 = � � s p2, theLayerPruningworksasfollows:

1. If S1:F M L < L S2:F M L, thenremovep2. Viceversa.

2. If S1:F M L = L S2:F M L, thenif (a) p1 � p2, thenremove p1; (b) p2 � p1, thenremove p2; (c)

neitherp1 � p2 norp1 � p2, thenremovebothp1 andp2.

For instancein our running example,we can completelyskip pre�x #1 and #3 from root since

#1 :F M L > L #4 :F M L and#3 :F M L > L #4 :F M L. Thus, the LayerPruningtechniqueremoves

non-closedpatternsin the samelayer sincethe pruning is invoked within a local searchof a pre�x

pattern.Thecorrectnessof thepruningtechniquecanbeprovenby thefollowing lemmaandtheorems.

Theorem4.2 LettwoC.F.I. p1 andp2 thatcanbeasequenceextensionofapre�x sequence� =<s 1; : : : ; sn>

in form of S1 = � � s p1 andS2 = � � s p2. If S1:F M L < L S2:F M L, thenall extensionsof S2 mustnot

beclosed.
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Proof 4.2 By de�nition (De�nition 4.1), theFML of � is smallerthan that of its extensions,therefore,

� :F M L < L S1:F M L. SinceS1:F M L < L S2:F M L, wherever p2 occurs, p1 will also occur in the

interval between� :F M L and S2:F M L. Thus,the super-sequenceS0 = � � s p1 � s p2 of S2 hasthe

sameFML asS2, andS0:SI DList = S2:SI DLis (Lemma4.1).Therefore, S2 is nota closedsequential

pattern.

Theorem4.3 LettwoC.F.I. p1 andp2 thatcanbeasequenceextensionofapre�x sequence� =<s 1; : : : ; sn>

in formof S1 = � � s p1 andS2 = � � s p2, andS1:F M L = L S2:F M L. (a) If p1 � p2, thenall extensions

of S1 mustnotbeclosed.(b) If neitherp1 � p2 nor p1 � p2, thenall extensionsof p1 andp2 mustnotbe

closed.

Proof 4.3 (a) First, S1 is a subsequenceof S2 sincep1 is a subsetof p2. Second,S1 and S2 havethe

samesupportsinceS1:F M L = L S2:F M L. Therefore, S1 is nota closedsequentialpattern.

(b) Considerthe sequentialpattern� = � � s p1 � i p2=<s 1; : : : ; sn ; p1 [ p2> . SinceS1:F M L = L

S2:F M L and� :F M L = L S1:F M L \ S2:F M L, wehave� :F M L = L S1:F M L = L S2:F M L. There-

fore, for anyextensionS1 andS2 of � , there exists� , such that � is a supersequenceof S1 andS2, and

� :SI DList = S1:SI DList = S2:SI DList . Therefore, S1 andS2 arenot theclosedsequentialpattern.

LayerPruninghavesuccessfullyprunenon-closedsequencesduringsequenceextensionstepof apre-

�x sequence.However, thereare still somenon-closedsequentialpatternsthat can be generatedin

differentlayer. Therefore,we needa checkingstepto remove non-closedsequentialpatterns,we refer

to thispruningasExtPruning.

ExtPruning: For two sequentialpattern� and� , theruleof ExtPruningstatesthat

1. If � :F M L = L � :F M L and� is asupersequenceof � , thenremove � andviceversa.

2. If Sup(� ) = Sup(� ) and� is asupersequenceof � , then� is not closedpattern,viceversa.

The�rst ruleof ExtPruningholdsaccordingto Theorem4.3,while thesecondrulefollowsthede�nition

of closedsequentialpatterns.

4.2 COBRA: Designand Implementation

In this section,we discussthe implementationof the COBRA algorithm. COBRA canbe outlined

asthreemajor phases:(I) Mining ClosedFrequentItemset;(II) DatabaseEncoding;and(III) Mining
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ProcedureCOBRA(sequencedatabaseSD, minsup)
1. Call mCHARM() to �nd the setof all C.F.I.;
2. AssociateeachC.F.I. with an code,

and let CS denotesthe setof codes.
3. Construct the encodedDB EDB usingCS;
4. CS = LayerPruning(CS);
5. for eachcodei in CS do
6. cobraDFS(codei ; code:FM L);

SubprocedurecobraDFS(� , F M L)
7. ComputeExtendedList EL of F M L;
8. if ( jELj < minsup ) then
9. ExtPruning( � ); return;
10. end
11. if ( jELj < jF M Lj ) then
12. if (ExtPruning( � )) then return;
13. LC = Local FrequentCodesin � :PDB;
14. LC = LayerPruning(LC );
15. if ( jELj = jF M Lj ) then
16. F EI = All LC i swith jLC i :F M Lj = jF M Lj;
17. if ( F EI == � ) then
18. if (ExtPruning( � )) then return;
19. end
20. for eachLC i in LC do
21. cobraDFS(� � s LC i , LC i :F M L);

Figure 4. COBRA Algorithm

ClosedSequentialPattern. Figure4 shows the pseudocodeof the COBRA algorithm. Line 1 calls a

modi�ed CHARM [20] to minefrequentcloseditemsets.Line 2-3 associateseachC.F.I. with a unique

codeandconstructstheencodeddatabaseEDB usingthecodesof theC.F.I. Line 4-21minesthesetof

all frequentclosedsequentialpatterns.Detailsaredescribedbelow.

Therearealreadymany closedfrequentitemsetmining algorithms.We preferusinga vertical-based

mining algorithmin the �rst phase(e.g.,CHARM[20]) sincethe vertical format recordsthe locations

(TIDList) of C.F.I.s which canbeusedto constructthe transformeddatabasein thesecondphase.We

have modi�ed CHARM asmemory-basedmCH ARM , which validateslocal frequentitemsto reduce

12



unnecessarycombinationsof existing frequentitemsetswith nonlocalfrequentitems. This is doneby

maintainthe horizontal-baseddatabasein memoryand usethe TIDLists (vertical-based)of frequent

itemsetsas index to acceleratethe validationof local frequentitemsin the projectedpositionsof the

itemsets. Recall that frequentcloseditemsetsin a sequencedatabaseare de�ned by both sequence

supportsandtransactionsupport,therefore,transactionidsarereplacedby a2-tuple(SID, TID) location

to facilitatethecountingof sequencesupportsandtransactionsupports.

In thesecondphase,weassociateeachC.F.I. with auniquecodeandconstructtheencodeddatabasein

horizontalformatbasedon thelocationlists of theC.F.I. NotethatC.F.I.saresortedby their lengthin a

decreasingordersuchthatsuper-sequencesaregeneratedearlierto reduceupdatecostin thethird phase.

Oncethe encodeddatabaseis constructed,we canreleasethe memoryspaceof LocationList for all

C.F.I.s. Furthermore,we canremove transactionswithout any frequentitemsto reducethesizeof stor-

age.Then,the �rst matchtransactionlist for eachC.F.I. (alsothefrequent1-sequences)is constructed

for theusein thethird phase.

Themining processfollows theideaof Pre�xSpanto look for locally frequent(extendable)codes in

theprojecteddatabaseof a pre�x sequence.Startingwith anemptysequence,theextendablecodes are

the frequentC.F.I.s. However, beforethe enumeration,we �rst apply the LayerPruning strategy to

remove unnecessaryenumerationin thesamelayer (line 4). To reducethecostof comparingany two

FMLs (a total of O(jC:F:I :j2) comparisons),we devisea hashstructurewhich usesEquation(1) asits

hashfunction1. Equation(1) hasmoreuniformly distributedkeys thansimplejSI DList j cando. Only

C.F.I.s thatarehashedto thesamebucketarecomparedto eachother. ExtendableC.F.I. thatarenotable

to produceclosedsequentialpatternsarethenremovedbasedon Theorem4.2 and 4.3. In thepseudo

code,the procedureLayerPruning, which implementsthe above idea, takesf #1, #2, #3, #4g asan

inputandreturnsf #2 ; #4 g since#4 :F M L < L #1 :F M L and#4 :F M L < L #3 :F M L.

(jSI DList j +
X

Sid2 SI D List

Sid � pNo)%H Size (1)

In the procedurecobraDFS,with a new pattern� and its FML � :F M L = f t1; : : : ; tng, we �rst

computethe extendedpositionlist (EL) by looking at the next transactionof t i , which hasthe same

sequenceid with t i . For example,theEL of code#2 in Figure1 is f 3; 6; 9g (transaction15 is discarded

1pNo is chosento beaprimenumber. H Size is thesizeof thehashtable.
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for it doesnot have a sequenceid astransaction14). Thenumberof transactionsin theEL represents

thelargestsupportanextendedsequenceof � canhave. Thus,if jEL j is lessthanminsup, thenwecan

skip all extensionsof thepre�x � (line 8-10);otherwisewe do theextensionof � (lines11-21). In the

latercase,wecomputetheprojecteddatabaseof � (line 13)and�nd all locally frequentcodes (denoted

by LC ). Again, beforeextension,LayerPruning is appliedto removesunnecessarycodes (line 14).

Formally, wede�ne theextendedlist (EL) andprojecteddatabase(PDB) of apatternasfollows.

De�nition 4.3 Givena sequence� andits F M L = f t1; : : : ; tng, theExtendedList (EL) of � is de�ned

asa list of extendedpositiont0
i where t0

i = t1 + 1 andt0
i :SI D = t i :SI D.

De�nition 4.4 Giventheextendedlist of a sequentialpattern� , with extendedlist � :EL = f t 1; : : : ; tng,

theProjected

Database(PDB) of � is de�ned as � :PDB = f t0
1; : : : ; t0

ng where t0
i :SI D = t i j :SI D for somet i j and

t i j < t0
i � t jSD j , where jSDj denotesthenumberof transactionsin theextendeddatabases.

De�nition 4.5 Givena sequence� =<s 1; : : : ; sn> , theForward ExtendedItemset(FEI) of � is de�ned

asthesetof extendedcodesof � which havethesameSIDListas� , i.e. � :SI DList = � � s p0
i :SI DList .

We outputthenew pre�x sequence� only whenit hasthechanceto bea closedsequentialpattern.

This includesthefollowing threecases:(1) jELj < minsup (line 8) (2) jELj < jF M Lj (line 11-12)(3)

jF ELj = � (line 17-18).In the�rst case,nosuper-sequenceof � canbegeneratedasfrequentpatterns.

In thesecondcase,thesupportsof all super-sequencesof � arelessthan� . In thethird case,thereareno

extendablecodes with thesamesupportas� . This is equivalentto checkfor commoncodes thatcanbe

extendedfrom theright direction(oneof the two directionsin BIDE). However, nonclosedsequential

patternsstill canbegenerated.Therefore,we shouldmake a closurecheckingto verify if � is a closed

sequentialpatternor not. This is implementedby ExtP runing which maintainsthe setof generated

sequences.

Similarto LayerPruning, ExtP runing alsousesEquation1 asthehashfunction.Thehashtablefor

ExtP runing is calledCSTab. A sequence� is only comparedto sequenceswith thesameSIDLists.

To illustrate,assumeH Size=3 andpNo = 13, we insert#2 into closedsincej#2 :F M Lj > j#2 :ELj.

Thus,we insert#2 =< f A; Bg> into bucket 2 sincethe hashkey (4 +
P

(#2 :SI DList ) � 13)%3 =

2. When sequence#4 � s #1 is generated,it is also hashedinto bucket 2 for #4 � s #1 :F M L =

14



Figure 5. Horizontal­Based Partition

f 2; 6; 10; 14g. Since#4 � s #1 = < f Cgf A; B ; Cg> is a supersequenceof < f A; Bg> with the same

support,< f A; Bg> is replacedby < f Cgf A; B ; Cg> and ExtP runing return a value F alse. The

returnvalueof ExtP runing indicateswhetherthe extensionof pre�x � shouldgo on. If � is a sub-

sequenceof anexisting pattern� in thehashtableand� :F M L = � :F M L, thenwe simply discard�

andreturnTrue to stoptheextensionof pre�x � (line 12,18).

Theorem4.4 TheCOBRAalgorithmgeneratesall closedsequentialpatterns.

Proof 4.4 First of all, the anti-monotoneproperty“if a pattern is not frequent,all its super-patterns

mustbe infrequent” is sustainedfor closedsequentialpatterns.According to Theorem4.1, thesearch

spacecomposedof onlyclosedfrequentitemsetcoversall closedsequentialpatterns.COBRA'ssearch is

basedona completesetenumerationspace. Theonlybranchesthatareprunedasthosethatdonothave

suf�cient support.TheLayerPruing only removesunnecessaryenumerations(Theorem4.2 and4.3).

On theotherhand,ExtP runing remove only non-closedsequentialpatterns.Therefore, theCOBRA

algorithmgeneratesall frequentandonlyclosedsequentialpatterns.

5 Discussion

The proposedalgorithm,COBRA, is basicallya memory-basedalgorithm,andits ef�ciency comes

from theremoval of databasescansthatis requiredby BIDE. If thedatais too largeto �t in thememory

space,thepartition-and-validationstrategy canbeusedto handlesuchacase.Therefore,weproposetwo

alternativepartition-and-validationstrategiesto overcomethisproblem.Detailsaredescribedbelow.

� Horizontal-BasedPartition (COBRA-HP):Supposethesequencedatabaseis composedof D se-

quences,wedividestheD sequencesintok partitions.Eachpartitioncanbehandledin memoryby

ouralgorithms.Thelocalminimumsupportcountfor apartitionis minsup multipliedby thenum-

berof sequencesin thatpartition.To reducethememorycost,wecanapplyonly LayerPruning,
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Figure 6. Pre�x­Based Partition

output local closedsequencesCS of eachpartition in disk anduseExtP runing to verify CS

later. The local closedsequentialpatternsin disk are false-positive closedfrequentsequences.

Therefore,anadditionalvalidationof theCS is necessaryin orderto determinethetrue-positive

closedfrequentsequences.Finally, wereadCS againandremovenon-closedsequentialpatterns.

Take Figure5 asanexample,we candividesthe4 sequencesinto 2 partitions,partitions1 and2,

asshown in Figure5. Firstly, weminethelocalclosedfrequentsequenceswhichsatis�edthelocal

minimumsupportin eachpartition. Finally, we verify CS again to remove non-closedsequences

in disk.

� Pre�x-BasedPartition (COBRA-PP):Different from COBRA-HP, we �rst run the PhaseI and

II in COBRA, thenstoreeachCFI's FML andEDB in Disk. Therefore,we canload projection

databaseaccordingto CFI's FML to reducethe memoryrequirement.Next, COBRA PhaseIII

is appliedin eachpartition. Note thatwe only applyLayerPruning in COBRA PhaseIII here

to minimizethememorycost. COBRA PhaseIII outputsthepotentialclosedsequentialpatterns

into somedisk-basedhashingbuckets.Finally, thetrue-positive closedsequencesin eachbuckets

areveri�ed by ExtP runing. Take Table1 asanexample,we �rst mineclosedfrequentitemsets

andtransformthemasEDB. Secondly, weloadprojectiondatabaseaccordingto CFI'sFML (see

Figure6). Next, we mineclosedsequencesof eachpre�x partitionandgeneratepotentialclosed

sequentialpatternin disk. Finally, ExtP runing is appliedto removenon-closedsequences.
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Sym. De�nition Default
D Numberof sequences 10K
C Averagetransactionspresequence 10
T Averageitemspertransaction 3
N Numberof differentitems 10K
S Averagetransactionsin seedsequences 6
I Averageitemsin seedsequences 3

Ns Numberof maximalpotentiallylargeSequences 2K
N I Numberof maximalpotentiallylargeItemsets 5K

Figure 7. Parameter s for Synthetic Data

6 Experimental Result

In this section,we report the performancestudyof the proposedalgorithmson both syntheticdata

andrealworld data.All theexperimentsareperformedona3.2GHzPentiumPCwith 3 Gigabytesmain

memory, runningMicrosoftWindows XP. All theprogramsarewritten in Microsoft/VisualC++ 6.0. In

thefollowing experiments,thesizeof hashtableis setto 100.

6.1 SyntheticData

6.1.1 Scalability Test

The syntheticsequencedatais generatedbasedon the descriptionin [13]. Table7 shows the major

parametersin thisgeneratorandtheirmeanings.Westartby lookingattheperformanceof COBRAwith

defaultparameterminsup = 0:5%. Figure8(a)showsthescalabilityof thealgorithmswith varyingdata

size. COBRA is two ordersof magnitudefasterthanBIDE for jD j = 50K . The scalingof COBRA

with databasesizewaslinear. BecauseBIDE needsmorescanningtimeasthedatasizeincreases,BIDE

hasexponentialscalabilityin termsof datasize.However, COBRAconsumesmorememoryspacethan

BIDE asshown in Figure8(b). Themainreasonis thatCOBRA maintaintheencodeddatabasewhich

arecomposedof C.F.I.s insteadof simpleitems.

Theruntimeof COBRA andBIDE on thedefault datasetwith varyingminimumsupportthreshold,

minsup, from 0.2%to 0.6%is shown in Figure8(e).COBRAis faster(90times)andmorescalablethan

BIDE sincethenumberof sequencescheckedin thebackwardextensionof BIDE grows rapidly asthe

minsup decreases,while COBRA only comparethemaintainedpatternswith thenewly foundpattern.

Again,thememoryrequirementfor COBRAincreasesasminsup decreasessincethenumberof C.F.I.s
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Figure 9. Partition­based COBRA: Synthetic Data

increasesasminsup decreases(seeFigure8(f)). In short,theperformancestudyshowsthattheCOBRA

algorithmis ef�cient andscalablefor closedsequentialpatternminingwith acceptablememorycost.

6.1.2 Analysisof Time and SpaceCost

To betterunderstandthe algorithm,Figure8(c)(d)(g)(h)demonstratesthe time andspacerequirement

in eachphase.Recallthat we mine closedfrequentitemsetsin the �rst phase,thenoutputC.F.I.s and

theirLocationList in disk. In thesecondphase,we loadC.F.I. andLocationList from disk to generate

thehorizontal-basedencodeddatabaseEDB. Finally, we usetheEDB to mine theclosedsequential

patternin the third phase.Roughlyspeaking,the time costsfor the threephasesare40%, 10%, and

50%, respectively. As shown in the �gure, PhaseI (the memory-basedCHARM) consumesthe most

time andspacesinceit maintainsthe (SID, TID) pairs for eachclosedfrequentitemsets.Due to the

natureof phaseII, thespacerequirementfor phaseII is roughly thesizeof theencodeddatabase.The

spacerequirementfor maintainingclosedsequentialpatternsCSTab(by ExtP runing) in phaseIII is

showed in Figure8(d)(h). Thus,thememorycostin mining processof thePhaseIII canbeestimated

by subtractingthatof phaseIII from thatof phaseII andCSTab. For example,thememorycostin the

miningprocessof thePhaseIII atminsup = 0:2%is 5:7M B (14M B � 8M B � 0:3M B).

6.1.3 Partition-Based COBRA

We show theperformanceof thepartition-basedCOBRA in Figure9. Theexperimentalresultdemon-

stratesthat COBRA-PP(Pre�x-BasedPartition) outperformsCOBRA-HP5(5 Horizontal-BasedPar-

titions) and COBRA in spacecost. Since COBRA-PPdivides more partitions than COBRA-HP5,
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Figure 10. The effects of the pruning strategy: Synthetic Data

COBRA-PPneedsmore time in patternvalidation thanCOBRA-HP5. However, experimentalresult

shows that two alternative partition-and-validationstrategies,COBRA-PPandCOBRA-HP5,arenot

only moreef�cient thanBIDE but alsoreducethememoryrequirementsof theCOBRA.

6.1.4 Effectsof the Pruning Strategy

To verify the effectivenessof the �rst phasereductionand the LayerPruning strategy in the third

phase,we demonstratetheexperimentalresultsbetweenCOBRA,COBRA-FI (COBRA with Frequent

Itemsetin PhaseI) andCOBRA-w/o Layer (COBRA without LayerPruning)in Figure10(a)(b). We

can seethat COBRA is more effective than COBRA-FI for more codesare generatedin the EDB

andmoreclosurecheckingis doneby the pruningstrategies. As the datasize(or minimum support)

increases(resp. decreases),the gap betweenCOBRA andCOBRA-FI in the runningtime andspace

requirementbecomesmoreobvious.Thisprovestheeffectivenessof the�rst-phasereduction.As for the

LayerPruning strategy, theeffectsarecaseby casedependingon thedata.AlthoughLayerPruning

canremovesomesearchspacein theminingprocess,it alsocosta lot of time/spacein patternchecking.

Beside,we alsousethe�rst-phasereductionin BIDE. Firstly, we mineclosedfrequentitemsetsand
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transformthemto a encodeddatabase.Next, we useBIDE to minetheclosedsequencesfrom encoded

database,calledBIDE-CFI. Figure10(c)provesthe�rst-phasereductioncanimprove theef�ciency of

the mining process.Although the memoryrequirementsof BIDE-CFI is larger thanBIDE (seeFig-

ure10(d)),asthedatasizeincreasesthegapbetweenBIDE andBIDE-CFI in therunningtimebecomes

moresubstantial.

6.2 RealWorld Data

Next, werun thealgorithmon two realworld datasetsto getabetterview of theusefulnessof closed

sequentialpatterns.To make theexperimentsfair to all thealgorithms,therealdatasetsaresimilar to

thatusedin theperformancestudyin previousworks.

6.2.1 WebLog

The �rst real dataset, Gazelle, comesfrom click-streamdata from http : ==gazelle:com, which

was once usedin KDD-Cup 2000 competitionand is now available through the web site: http :

==www:ecn:purdue:edu=KDDCUP, moredetailedinformationaboutthis datasetcanbe found in

[8]. We usethe combinationof the productIDandAssortmentIDas the productcode. SessionIDis

consideredto identify itemsin onetransaction.For linking itemsetsto createa sequence,we usethe

cookieID.Weremovedatawith unknown '?' productIDor AssortmentID.Thedatabasecontains27,735

sequences,33,305transactionsand70,546items. Therearein total 1,037distinct items(pageviews).

NotethatBIDE only demonstratesthisexperimentsin simplesequences(sequencesof item). Similar to

CloSpan,weperformthisexperimentsin complex sequences(sequencesof itemset).

Wedemonstratethetimeandspacecostof Gazelledatasetin Figure11by varyingminimumsupport

countfrom 60 to 140. Thememoryusagefor BIDE is �x ed(4MB) while COBRA usesmorememory

which increasesasthesupportcountdecreases(from 10 to 17MB). However, theef�ciency of COBRA

is much betterthan BIDE in all the cases(by a magnitudeof 240). Figure 11(c)(d) also shows the

performanceof COBRA-FI andCOBRA-w/oLayer. The result is similar to that of syntheticdatafor

Gazelle canbe viewed asa sparsedataset. With the samereason,the �rst-phasereductionnot only

enhancesthemining speedbut alsoreducesthespacerequirement.AlthoughLayerPruning remove

someredundantsearchspace,thispruningalsocosta lot of time/spacein patternvalidation.
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Figure 11. Real World Data: Web Log (Gazelle)
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Figure 12. Real World Data: Protein (Snake)
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6.2.2 Protein Sequence

Theseconddata,Snake, iscollectedfromSnakeNeurotoxinDatabase(http : ==sdmc:i2r:a� star:edu:sg=

Templar=DB=snake neurotoxin=). It contains272Toxin-Snake proteinsequenceswhich amountto

22,021items(An averageof 81 itemsfor eachsequence).Snake is a densedatawhich containsonly

20 distinct items. This datais alsousedin patterndiscovery tasksin many studies[7, 16]. Although

BIDE[16] alsoperformthisdatain theirexperiment,theirdatacontainonly 175sequencesandit' saver-

agelengthis 67. Notethatthisdatasetis composedof simplesequenceswhereeachtransactioncontains

oneitem. Thus,whatphaseI returnsis thesetof frequentitems.In otherwords,there's no reductionin

the�rst phase.Thecomparisonwill thusshow thedifferencebetweenBIDE andphaseIII mining.

From Figure12, we canseethat COBRA outperformsBIDE in termsof ef�ciency, while COBRA

consumesmorememoryfor maintainingclosedsequencesfor closurecheckingby ExtP runing. To

givea rough�gure, BIDE only usesabout1.2MB memory, while COBRAusesabout36.2MBmemory

to maintainEDB (4.5MB) and4,448closedsequences(4.4MB) at supportcount= 245. Generally

speaking,candidatemaintenancehassuchdisadvantagesthat it doesnot scalewell andit coststime in

supportcounting(or databasescanning).However, it might potentiallyprunethesearchspaceandgain

theoddsin time. Thus,it is a tradeoff betweentime andspace.If ExtP runing is implementedat the

endof themining by outputthepre�x sequencesto disk, we cansave all thememorybut spendmore

time to completetheclosedsequentialpatternmining. Evenso,thetime costfor COBRA is still much

lessthanBIDE. Finally, for this densedata,LayerPruning only improve ef�ciency at high support

(supportcount> 260).

7 Conclusion

In this paper, we proposea bi-phasereductionapproachalgorithmfor closedsequentialpatternmin-

ing. Different from previous studies,the mining processis divided into 3-phases:(I) Mining Closed

FrequentItemset;(II) DatabaseEncodingand(III) Mining ClosedSequentialPattern.Theproposedal-

gorithmusesbothvertical(F M L) andhorizontal(EDB) databaseformatsto reducethesearchingtime

in themining processandovercomessomedrawbacksin sometypical pattern-growth method.There-

fore, theproposedalgorithmis a memory-basedalgorithm,andits ef�ciency comesfrom the removal

of databasescansandcompressedstrategy of bi-phasereductionapproach.The experimentalresults
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alsodemonstratethis approachcanbe appliedto BIDE to betterimprove the performanceof BIDE.

AlthoughCOBRAconsumesmorememoryspacethanBIDE, thegain in timecostshowstheadvantage

of COBRA.Besides,memoryspacecostcanbefurtherreducedby partition-and-validationstrategiesor

post(disk-based)ExtP runing. AlthoughLayerPruning strategy canremove somesearchspace,it

alsospenda lot of time andspacein pruningvalidation.Furthermore,how to usetheclosedsequences

in applicationanalysisis alsoaninterestingissuein futurework.
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