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Abstract

Discoveringpatternswith highly signi�canceis an importantproblemin dataminingdiscipline. An

episodeis de�ned to bea partially orderedsetof eventsfor a consecutiveand�xed timeintervalsin a

sequence. Previousstudiesin episodesconsideronly frequentepisodesin a sequenceof events(called

simplesequence).In realworld,wemay�nd a setof eventsat each timeslot in termsof variousintervals

(hours, days,weeks,etc.) We refer to such sequencesascomplex sequences.Mining frequentepisodes

in complex sequenceshas more extensiveapplicationsthan in simplesequences.In this paper, we

discusstheproblemon miningfrequentepisodesin a complex sequence. We extendpreviousalgorithm

MINEPI to MINEPI+ for episodemining fromcomplex sequences.Furthermore, a memory-anchored

algorithmcalledEMMA is introducedfor theminingtask.Experimentalevaluationon bothreal world

andsyntheticdatasetsshowsthatEMMAis moreef�cient thanMINEPI+.

1. Intr oduction

Most datamining andmachinelearningtechniquesareadaptedtowardsthe analysisof unordered

collectionsof data,e.g. transactiondatabasesandsequencedatabases[1, 3, 7, 8, 26, 27, 30]. However,

thereareimportantapplicationareaswherethedatato beanalyzedis ordered,e.g.alarmsin a telecom-

municationnetwork, userinterfaceactions,occurrencesor recurrentillnesses,etc. Onebasisproblem



in analyzingsucha sequenceis to �nd frequentepisodes, i.e. collectionsof eventsoccurringfrequently

together[20, 19, 21]. The goal of episodemining is to �nd relationshipsbetweenevents. Suchrela-

tionshipscanthenbeusedin anon-lineanalysisto betterexplain theproblemsthat causea particular

eventor predictfutureresult.Episodemining hasbeenof greatinterestin many applications,including

Internetanomalyintrusiondetection[17, 22], biomedicaldataanalysis[4, 23], stocktrendprediction

[24] anddroughtrisk managementin climatologydatasets[10]. Besides,therearealsostudieson how

to identify signi�cant episodesfrom statisticalmodel[2, 5].

The taskof mining frequentepisodeswasoriginally de�ned on “a sequenceof events” wherethe

eventsaresampledregularly asproposedby Mannila et al. [20]. Informally, an episodeis a partially

orderedcollectionof eventsoccurringtogether. Theuserde�nes how closeis closeenoughby giving

the width of the time window win . The numberof sliding windows with width win in a sequenceis

te� ts+ win , wherets andte arecalledthestartinginterval andtheendinginterval, respectively. Takethe

sequenceS = A3A4B5B6 (thesubscripti representstheith interval) asanexample,thereare6-3+3=6

sliding windows in S, e.g. W1 = A3, W2 = A3A4, W3 = A3A4B5, W4 = A4B5B6 andW5 = B5B6,

W6 = B6. Mannilaet al. introducedthreeclassesof episodes.Serial episodesconsiderpatternsof a

totalorderin thesequence,while parallel episodeshavenoconstraintsontherelativeorderof eventsets.

Thethird classcontainscompositeepisodeslikeserialcombinationof parallelepisodes.In away, serial

andparallelepisodescanbecapturedby sequentialpatternsandfrequentitmesetsrespectively. Frequent

itemsetsto transactiondatabasesaresimilar to parallelepisodes,while sequentialpatternsto sequence

databasesaresimilar to serialepisodesasde�ned in [20]. Therefore,we canmineparallelepisodesby
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transforminganeventsequenceto atransactiondatabasewhereeachtransactionaretheunionsof events

from sliding window Wi . Similarly, we canmine serialepisodesby transformingan event sequence

to a sequencedatabase,whereeachsequencearetheserialcombinationsof eventsfrom Wi . However

suchmethodsarenot ef�cient, sincethespacerequirementis win timesoriginal databasesize.Finally,

compositeepisodescanbeminedfrom serialjoinsof parallelepisodes.

Mannila et al. presenteda framework for discovering frequentepisodesthrougha level-wisealgo-

rithm, WINEPI [20], for �nding parallelandserialepisodesthat arefrequentenough.The algorithm

wasan Apriori-lik e algorithmbasedon the “anti-monotone”propertyof episodes'support. Unfortu-

nately, this supportcounthasa defect,i.e., theduplicatecountingof anoccurrenceof anepisode.For

example,in the sequenceS = A3A4B5B6, episode< A > is supportedby 4 sliding windows, while

episode< A; B > is matchedby 2 sliding windows, e.g.,W3 = A3A4B5, W4 = A4B5B6. Insteadof

countingthenumberof sliding windows thatsupportanepisode,Mannilaet al. thereforeconsiderthe

numberof minimal occurrencesof anepisodefrom anotherperspective. They presentedMINEPI [19],

an alternative approachfor the discovery of frequentepisodesbasedon minimal occurrences(mo) of

episodes.A minimal occurrenceof anepisode� is aninterval suchthatno propersubwindow contains

theepisode� . For example,episode< A > hasmo support2 (interval [3,3] and[4,4]) asthenumber

of occurrences,while episode< A; B > hasonly mo support1 from interval [4,5]. However, both

measuresarenot naturalfor the calculatingof an episoderule's con�dence(conditionalprobability).

For example,the serialepisoderule “When event A occurs,thenevent B occurswithin 3 time units”

shouldhave probabilityor con�dence2/2 in thesequenceS = A3A4B5B6 sinceevery occurrenceof A
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is followed by B within 3 time units. Therefore,we needa measurethat facilitatesthe calculatingof

suchepisoderulesto replacethenumberof sliding windows or minimal occurrences.Theproblemhas

alsobeendiscussedin [16], but noalgorithmsareproposed.

In addition, we sometimes�nd several eventsoccur (multi-variables)at one time slot in termsof

various intervals (e.g., hours,daysand weeks). We refer to suchsequencesas complex sequences.

Note that a temporaldatabaseis also a kind of complex sequencewith temporalattributes. Mining

frequentepisodesin a complex sequencehasmoreextensive applicationsthan in a simplesequence.

Therefore,we discussthe problemon mining frequentepisodesover complex sequencein this paper,

wherethe supportof an episodeis modi�ed carefully to countthe exact occurrencesof episodes.We

proposetwo algorithmsin mining frequentepisodesin complex sequences,including MINEPI+ and

EMMA. MINEPI+ is modi�ed from previous vertical-basedMINEPI [19] for mining episodesin a

complex sequence.MINEPI+ employs depth�rst enumerationto generatethe frequentepisodesby

equalJoin and temporalJoin. To further reducethe searchspacein patterngeneration,we proposea

brandnew algorithm,EMMA (EpisodesMining usingMemoryAnchor),whichutilize memoryanchors

to acceleratethemining task.Experimentalevaluationon bothrealworld andsyntheticdatasetsshows

thatEMMA is moreef�cient thanMINEPI+.

The restof this paperis organizedasfollows. Section2 reviews relatedwork in sequencemining.

We de�ne the problemof frequentserial episodemining in Section3. Section4 presentsour serial

episodemining algorithms,includingMINEPI+ andEMMA. (Theextensionsof thealgorithmsto par-

allel episodeminingwill bediscussedin Appendix).Experimentsonbothsyntheticandrealworld data
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Figure 1. Temporal Database TDB

setsarereportedin Section5. Finally, conclusionsaremadein Section6.

2. Relatedworks

Mining signi�cant patternsin sequence(s)is an importantandfundamentalissuein knowledgedis-

coveryarea.For example,sequentialpatterns[1, 3,7,8,26, 27,30] considertheproblemondiscovering

repeatedsubsequencesin a databaseof sequences.On the other hand,somemining tasksfocus on

mining repeatedsubsequencesin a sequence,e.g.,frequentepisodes[19, 20, 21], frequentcontinuities

[14, 15, 28] andperiodicpatterns[6, 13, 18, 25, 29]. In this section,we distinguishvarioussequence

mining tasksincludingsequentialpatterns,periodicpatternsandfrequentcontinuitieswhicharerelated

to frequentepisodes.Wealsomakeanoverallcomparisonbetweenfrequentitemsetsandthefourmining

tasks.

The problemof mining sequentialpatternswas introducedin [1]. This problemis formulatedas

“Givenasetof sequences,whereeachsequenceconsistsof a list of elementsandeachelementconsists
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of asetof items,andgivenauser-speci�edminsup threshold,sequentialpatternminingis to �nd all fre-

quentsubsequences,whoseoccurrencefrequency in thesetof sequencesis no lessthanminsup.” The

maindifferencebetweenfrequentitemsetsandsequentialpatternsis thata sequentialpatternconsiders

theorderbetweenitems,whereasfrequentitemsetdoesnotspecifytheorder. Srikantetal. proposedan

Apriori-basedalgorithm,GSP(GeneralizedSequentialPattern)[27] to theminingof sequentialpatterns.

However, in situationswith proli�c frequentpatterns,longpatterns,or quitelow minsup thresholds,an

Apriori-lik ealgorithmmaysuffer from ahugenumberof candidatesetsandmultipledatabasescans.To

overcomethesedrawbacks,Hanetal. extendtheconceptof FP-tree[9] andproposedthePre�xSpanal-

gorithmby pre�x-projectedpatterngrowth [26] for sequentialpatternmining. In additionto algorithms

basedon horizontalformats,Zaki proposeda vertical-basedalgorithmSPADE [30]. SPADE utilizes

combinatorialpropertiesto decomposetheoriginalprobleminto smallersub-problemsthatcanbeinde-

pendentlysolvedin main-memoryusingef�cient latticesearchtechniquesandsimplejoin operations.

Periodicpattern,assuggestedby its name,considerregularlyappeareventswheretheexactpositions

of eventsin theperiodare�x ed[11, 12, 29]. To form periodicity, a list of k disjointmatchesis required

to form a contiguoussubsequencewherek satisfyingsomeprede�nedminimum repetitionthreshold.

For example,in Figure1, pattern(A,*,B) is a periodicpatternthat matchesM 1, M 2, andM 3, three

contiguousanddisjoint matches,whereevent f Ag (resp. f Bg) occursat the �rst (resp. third) position

of eachmatch.Thecharacter“*” is a “don't care”character, which canmatchany singlesetof events.

NotethatM 6 is not partof thepatternbecauseit is not locatedcontiguouslywith thepreviousmatches.

To specify the occurrence,we usea 4-tuple (P, l , r ep, pos) to denotea valid segmentof patternP
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with periodl startingfrom positionposfor rep times. In this case,thesegmentcanberepresentedby

((A,*,B), 3, 3, 1). Algorithmsfor miningperiodicpatternsalsofall into two categories,horizontal-based

algorithms,LSI [29], andvertical-basedalgorithms,SMCA [11, 12].

A continuitypatternis similar to a periodicpattern,but without theconstrainton thecontiguousand

disjoint matches.For example,pattern[A,*,B] is a continuitywith four matchesM 1, M 2, M 3, andM 6

in Figure1. Thetermcontinuitypatternwascoinedby Huanget. al. in [15] to replacethegeneralterm

inter-transactionassociationde�ned by Tung, et al. in [28], sinceepisodesandperiodicpatternsare

alsoa kind of inter-transactionassociationsin the conceptuallevel. In comparison,frequentepisodes

area loosekind of frequentcontinuitiessincethey consideronly thepartialorderbetweenevents,while

periodicpatternsareastrictkind of frequentcontinuitieswith constraintsonthesubsequentmatches.In

aword,frequentepisodesareageneralcaseof thefrequentcontinuity, andperiodicpatternsareaspecial

caseof the frequentcontinuity. Two algorithmshave beenproposedfor this task,including FITI and

PROWL. FITI [28] is an Apriori-basedalgorithmwhich usesbreadth-�rst enumerationfor candidate

generationandscansthe horizontal-layoutdatabase.The PROWL algorithm[15], on the otherhand,

generatesfrequentcontinuitiesusingdepth�rst enumerationandreliesontheuseof bothhorizontaland

vertical-layoutdatabases.

Table1 shows thecomparisonof theabovemining taskswith frequentitemsets.Thecolumn“Order”

representswhetherthediscoveredpatternspecifyorder; thecolumn“Temporal”indicateswhetherthe

taskis de�nedfor atemporaldatabase.Accordingto theinputdatabase,frequentitemsetsandsequential

patternsaresimilar sincethey arede�ned on databaseswheretheorderamongtransactions/sequences
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Notation Order Temporal Input Constraint
FrequentItemset I = f i 1; : : : ; i ng N N a transactionDB
SequentialPattern S = I 1; : : : ; I n Y N asequenceDB

SerialEpisode SEP = < I 1; : : : ; I n > Y Y asequence
ParallelEpisode PEP = f I 1; : : : ; I ng N Y asequence

FrequentContinuity C = [I 1; : : : ; I n ] Y Y asequence 1

PeriodicPattern P = (I 1; : : : ; I n ) Y Y asequence 1 2

1 Fixedinterval betweenI i andI i +1 . 2 Contiguousmatch.

Table 1. Comparison of various pattern mining.

is not considered;whereasepisodes,continuities,andperiodicpatternsaresimilar for they arede�ned

onsequencesof eventsthatareusuallysampledregularly. Frequentitemsetsandsequentialpatternsare

de�nedfor asetof transactionsandasetof sequences,respectively. Frequentitemsetsshow contemporal

relationships,i.e.,theassociationsamongitemswithin thesametransaction;whereassequentialpatterns

presenttemporal/causalrelationshipsamongitemswithin transactionsof customersequences.Finally,

the differencesof serialepisodes,parallelepisodes,periodicpatterns,continuitiesaresummarizedin

Table1 asdiscussedabove.

3. Problemde�nition

In this section,we �rst de�ne the problemof frequentserialepisodemining. We alsodiscussthe

parallelepisodein section4.3. Let E bea setof all events.An eventsetis a nonemptysubsetof E. An

input sequencecanberepresentedas(X 1; X 2; : : : ; X O) whereX i is aneventsetthatoccursin i -th time

interval or empty. Theinputsequencecanalsobedescribedusingamoregeneralconceptlikeatemporal

database,whereeachtuple(t j , X t j ) recordsthetime interval t j for eacheventsetX t j (nonempty).We

refer this representationashorizontalformat (e.g.,Figure1(a)). Let N be thenumberof tuplesin the

temporaldatabaseTDB. We sayTDB haslengthN in O observation time intervals. We saythatan

8



eventsetY is supportedby arecord(t i ; X t i ) if andonly if Y � X t i . An eventsetwith k eventsis called

ak-eventset.

Let maxwin bethemaximumwindow bound.Whenminingepisoderules,only theruleswhichspan

lessthanor equalto maxwin intervalswill bemined.Userscanthususethisminingparameterto avoid

mining rulesthatspanacrosstoomany intervals.

De�nition 3.1 A sliding window Wi in a temporal databaseTDB is a block of maxwin continuous

recordsalongtimeinterval,startingfromintervalt i (whereTDB containsaneventsetat t i -th timeinter-

val). Each interval t i j in Wi is calleda subwindowof Wi denotedasWi [j ], wherej = t i j � t i . Therefore,

TDB with lengthN canbedividedintoN slidingwindows,suchasW1=(X t1 ; X t1+1 ; : : : ; X t1+ maxw in � 1),

W2=(X t2 ; X t2+1 ; : : : ; X t2+ maxw in � 1), : : :, WN =(X tN ).

Example3.1 Figure1(a)showsa temporal databaseTDBwith f ourteen(N = 14) transactionslocated

at intervals1, 3, 4, 5, 6, 7, 8, 9, 11, 12, 13, 14, 15 and 16. Assumea valueof 3 is set for maximum

windowmaxwin . From de�nition, the numberof sliding windowsin Figure 1(c) is f ourteen, from

W1, W2, . . . , W14. Thiswill form a sequencedatabaseof size14, which is different fromthe18 sliding

windowsde�ned in [20] where emptyintervalsare considered. Thus,windowW1 hasthreesubwindow

W1[0] (containingeventsA, C and F ), W1[1] (containingno event),and W1[2] (containingeventsB

andD). As anotherexample, windowW2 hasalso threesubwindowsW2[0] = X 3, W2[1] = X 4, and

W2[2] = X 5. Figure 1(b) showsthe transactiondatabasewhere each transactionis the union of the

eventsin all subwindowsof a windowWi , while Figure 1(c) showsthesequencedatabasewhere each
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sequencerepresentsa slidingwindow(with subscriptdenotingthetimeinterval).

De�nition 3.2 A serial episodeis a nonemptypartial ordered set of eventsP = < p1; p2; : : : ; pk >

where each pi is a nonemptyeventsetand pi occurs before pj for i < j . We call P is k-tuple serial

episodeor haslengthk.

De�nition 3.3 Giventwo sequencesS = < s1; s2; : : : ; sn > andS0 = < s0
1; s0

2; : : : ; s0
m > , wesaythat S

is a super-sequenceof S0 (i.e., S0 is a sub-sequenceof P) if andonly if, each s0
j canbemappedby si j

(s0
j � si j ) andpreserveit' s order (1 � i 1 � i 2 � : : : � i m � n)

For example,sequenceS1 = < f A; Bg; f Cg; f D; Eg > is a super-sequenceof sequenceS2 = <

f Ag; f Dg > , sincethepatternf Ag (f Dg, resp.)is asubsetof f A; Bg (f D; Eg, resp.).On thecontrary,

S3 = < f Ag; f C; Dg > is notasub-sequenceof S1, sincethepatternf C; Dg cannotmapto any itemset

in S1.

De�nition 3.4 Givena serial episodeP = < p1; p2; : : : ; pk > and windowboundw, we saya slid-

ing window Wi = (X t i ; X t i +1 ; : : : ; X t i + w� 1) in TDB supportsP if and only if, p1 � X t i and <

p2; : : : ; pk > is a subsequenceof (X t i +1 ; : : : ; X t i + w� 1). Wi is alsocalleda match of theserial episode

P. Thenumberof sliding windowsthat match episodeP is called thesupportcountof P in temporal

databaseTDB.

Let us return to the previous examplein Figure1(a) andassumemaxwin = 3, the serialepisode

< A; D > is matchedby sliding windows startingfrom time slot 1; 4; 7; 8; 11 and14. Therefore,there
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are six matcheswith respectto serial episode< A; D > . Note that the sequencecorrespondingto

window W2 = < X 3; X 4; X 5 > , althoughcontains< A; D > , doesnot supportthis episodefor the�rst

subwindow doesnotcontainA.

De�nition 3.5 Theconcatenationof two serial episodesP = < p1; : : : ; pl1 > andQ = < q1; : : : ; ql2 >

is de�nedasP � Q = < p1; : : : ; pl1 ; q1; : : : ; ql2 > . P is calleda pre�x of P � Q.

De�nition 3.6 Anepisoderule generatedfromepisodesis an implicationof theformX ) Y, where

1. X ; Y areepisodeswith lengthl1 andl2, respectively.

2. TheconcatenationX � Y is anepisodewith lengthl1 + l2.

Similar to thestudiesin mining typical associationrules,episoderulesaregovernedby two interest-

ingnessmeasures:supportandcon�dence.

De�nition 3.7 LetN bethenumberof transactionsin thetemporal databaseTDB. LetM atch(X � Y)

bethenumberof supportcountswith respectto episodeX � Y andM atch(X ) bethenumberof support

countwith respectto episodeX . Then,the supportand con�dence of an episoderule X ) Y are

de�nedas

Support =
M atches(X � Y)

N
; Conf idence=

M atches(X � Y)
M atches(X )

: (1)

If weonly considertheepisodethatoccursat leastminsup, therewill haveaproblem.Takeasimple

sequenceS = A1A2B3 andmaxwin = 3 asanexample,we will �nd a 2-tupleepisodeP = < A; B > .

It will begeneratedasa rule like ”< A > ) < B > ”. However, only A is a frequentitemandB is nota
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frequentone.Therefore,weassumethatnotall frequentepisodeshassigni�canceinformation,only the

frequentepisodesthatall frequentitemsetsin eachtuplesmaybegeneratedasasigni�cant episoderule.

To avoid generatingtheinsigni�cant episodes.Therefore,thefrequentepisodesin this paperis de�ned

asfollowing.

De�nition 3.8 AnepisodeP = < p1; : : : ; pk > is a frequentepisodeif andonly if thesupportsof P and

all pi (1 � i � k) areat leasttherequireduser-speci�edminimumsupports(i.e., minsup).

Example3.2 Lettheuser-speci�edthresholdminimumsupportminsup andminimumcon�denceminconf

be30percentand100percentrespectively. Anexampleof a serialepisoderule with maximumtimewin-

dowboundmaxwin = 3 fromthetemporal databasein Figure1(a)will be:

< ACF > ) < BD > :

This rule ”eventsetf B ; Dg occurs within two interval after eventsetf A; C; F g” holdsin thetemporal

databaseTDB with support = 35:7%(5=14) andconf idence= 100%(5=5).

As in classicalassociationrule mining, when frequentepisodesand their supportare known, the

episoderule generationis straightforward. Hence,the problemof mining episoderulesis reducedto

theproblemof determiningfrequentepisodesandtheir support.Therefore,theproblemis formulated

asfollows: givena minimumsupportlevel minsup anda maximumwindow boundmaxwin , our task

is to mineall frequentepisodesfrom temporaldatabasewith supportgreaterthanminsup andwindow

boundlessthanmaxwin .
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4. Mining Serial Episodes

In this section,we proposetwo algorithmsfor serialepisodemining. We �rst show how to extend

existing algorithm MINEPI to �nd the supportcountsinsteadof minimal occurrencesin a complex

sequence.Then,a new algorithmEMMA is proposedfor moreef�cient mining of serialepisodesfrom

complex sequences.Thecomparisonof thetwo algorithmsis givenin section4.3.

4.1 MINEPI+

MINEPI is aniteration-basedalgorithmwhichadoptsbreadth�rst mannerto enumeratelongerserial

episodesfrom shorterones. But insteadof scanningthe temporaldatabase(in horizontalformat) for

supportcounting,MINEPI computethe minimal occurrencesmo of eachcandidateepisodefrom the

minimal occurrencesof its subepisodeby temporaljoins. For example,we want to �nd all frequent

serial episodesfrom a simple sequenceS = A1A2B3A4B5 with maxwin = 4 and minsup = 2.

MINEPI �rst �nds frequent1-episodeandrecordsthe respective minimal occurrence,i.e. mo(A) =

f [1; 1]; [2; 2]; [4; 4]g, mo(B) = f [3; 3]; [5; 5]g (We call this representationof the temporalsequenceas

vertical format). Usingtemporaljoin, we get intervals[1,3], [2,3], [2,5] and[4,5] for candidate2-tuple

episode< A; B > . Since[1; 3] and[2; 5] arenotminimal, theminimaloccurrencesof < A; B > will be

f [2; 3]; [4; 5]g.

Continuingtheabove example,if we want to countthenumberof sliding windows thatmatchserial

episode< A; B > , interval [1; 3] shouldberetainedsincethe�rst subwindow containsA. Therefore,we

have supportcount3 for serialepisode< A; B > since[2,3] and[2,5] denotethesameslidingwindow.

13



To extendMINEPI for our problem,we alsoneedequaljoin for dealingwith complex sequences.We

will usetheseintervalsto computetheright supportcountfor theproblem.

De�nition 4.1 Given the maximumwindow boundmaxwin , the bound list of a serial episodeP=

< p1; : : : ; pk > , is thesetof intervals[ts i ; tei ] (tei � tsi < maxwin ) such thatp1 � X ts i , pk � X tei and

[X ts i +1 ; X ts i +2 ; : : : ; X tei � 1] is a super-sequenceof < p2; : : : ; pk� 1 > . Each interval [ts i ; tei ] is calleda

matching boundof P. By de�nition, theboundlist of an eventY is thesetof intervals[t i ; t i ] such that

X t i supportY.

Given a serial episodeP = < p1; : : : ; pk > and a frequent1-patternf and their matchingbound

lists,e.g.,P:boundlist = f [ts1; te1]; : : : ; [tsn ; ten ]g andf :boundlist = f [ts0
1; ts0

1]; : : : ; [ts0
m ; ts0

m ]g. The

operationequal join of P and f which computesthe bound list for a new serial episodeP1 = <

p1; : : : ; pk
S

f > (denotedby P � f ) is de�ned asthe setof intervals [ts i ; tei ] suchthat tei = ts0
j for

somej (1 � j � m). Similar to equaljoin, theoperationtemporal join (concatenation)of P andf (de-

notedby P � f ) which computestheboundlist for new serialepisodeP2 = < p1; : : : ; pk ; f > is de�ned

asthesetof intervals[ts i ; te0
j ] suchthatte0

j � tsi < maxwin , andte0
j > tei for somej (1 � j � m).

Lemma 4.1 Thesupportcountof a serial episodeP equalsto thenumberof distinctstartingpositions

of theboundlist for P, denotedbyEntityCount(P.boundlist).

Example4.1 Let maxwin = 4, we usethe matching boundlists < A > :boundlist = f [1,1], [4,4],

[7,7], [8,8], [11,11], [14,14]g, < B > :boundlist = f [3,3], [6,6], [9,9], [12,12], [16,16]g,and <

C > :boundlist = f [1,1], [4,4], [8,8], [11,11], [14,14], [15,15]g asan example. Thematching bound
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Procedureof MINEPI+(temporal databaseTD, minsup, maxwin )
1. ScanTD once,�nd fr equent1-episodeF1 and the boundlists ;
2. for eachf i in F1 do
3. SerialJoins(f i , f i :boundlist , f i );

Subprocedureof SerialJoins(� , boundlist , lastI tem)
4. for eachf j in F1 do
5. if ( f j > lastI tem ) then
6. tempBoundlist = equalJoin(� ; f j );
7. if (Entity Count(tempBoundlist ) � minsup � jTDBj) then
8. SerialJoins(� � f j ; tempBoundlist; f j );
9. end if
10. tempBoundlist = temporalJoin(� ; f j );
11. if (Entity Count(tempBoundlist ) � minsup � jTDBj) then
12. SerialJoins(� � f j ; tempBoundlist; f j );

Figure 2. MINEPI+: Vertical­Based Frequent Serial Episode Mining Algorithm

list of equaljoin (< A > � < C > ) andtemporal join (< B > � < A > ) are < AC > :boundlist =

f [1,1], [4,4], [8,8], [11,11], [14,14]g and< B; A > :boundlist = f [3,4], [6,7], [6,8], [9,11], [12,14]g,

respectively. Theserial episode< B; A > is matchedby �ve matching boundsin four sliding windows,

i.e., [3,6], [6,9], [9,12] and[12,15].

Differentfrom MINEPI, we applydepth�rst enumerationin patterngenerationfor memorysaving.

This is becausebreadth�rst enumerationmustkeeptrackof recordsfor all episodein two consecutive

levels, while depth�rst enumerationneedsonly to keepintermediaterecordsfor episodesgenerated

alongasinglepath.Figure2 outlinestheproposedMINEPI+ algorithm.Theinputto theprocedurearea

temporaldatabase,minimumsupportthresholdminsup andmaximumwindow boundmaxwin . As the

De�nition 3.8,thefrequentepisodeis generatedby frequentitemsets.Therefore,beforeapplyingdepth

�rst enumeration,we scantemporaldatabaseTDB once,�nd frequent1-episodeF1 andtheboundlists
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(line 1). Frequentepisodesarethengeneratedby joining theboundlistsof anexistingepisode(line 2–3)

andan f j in F1 (line 4) throughprocedurecall to Serial Joins. To avoid duplicateenumerationfor

equaljoins,we de�ne anorder(e.g.,alphanumericalorder)in theeventsE. If theorderof f j is greater

thantheorderof thelastitem in theepisode,we applyequaljoin (line 5–6)andcheckif thenew serial

episode� � f j is frequentor not (line 7). If the result is true, all frequentepisodeswhich have pre�x

� � f j (line 8) will beenumeratedby recursive call to subprocedureSerial Joins. Similarly, we apply

temporaljoin to theexistingserialepisodeandthef j s in F1 to get� � f j in line 10–12.We illustratethe

MINEPI+ algorithmusingthefollowing example.

Example4.2 Givenminsup = 30% (5 times)and maxwin = 4, the frequent1-episodesF1 for Fig-

ure 1(a) include< A > , < B > , < C > , < D > and< F > . Due to spacelimitation, weonly use

episodes< A > and< C > asanexample. The�owchart of executiveprocessis shownin Figure3. In

thebeginning, wecheck theequalandtemporal join for < A > and< A > . Sincethey havethesame

order, weonly applythetemporal join for them.Theentitycountfor temporalJoin(< A >; < A > ) =

f [1,4], [4,7], [7,8], [8,11], [11,14]g is 5 (minsup � jTDBj). Thus,wecall subprocedure Serial Joins

for generatingserialepisodeswhich havepre�x < A; A > . Next, wecheck serialepisodes< A; A; A > ,

< A; AC > and < A; A; C > . In this layer, all of themare infrequent.Therecursestopsand backs

to the prior procedure. Next, We computethe matching boundlist for serial episode< AC > by

equalJoin(< A >; < C > ). The matching boundsof < AC > are f [1,1], [4,4], [8,8], [11,11],

[14,14]g. Therecursivestepthenenumerates< AC; A > and< AC; C > (seeFigure 3). Finally, only

�ve serial episodes< A > , < A; A > , < AC > , and< A; C > areoutputtedin thisexample.
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Figure 3. Flowchar t for pre�x < A > (onl y demonstrate event A and C

Thoughtheextensionof MINEPI discover all frequentserialepisodes,MINEPI+ hasthe following

drawbacks:

� A hugeamount of combinations/computations: Let jI j be thenumberof frequent1-episodes,

WINEPI+ needsjI j2 and jI j2 �j I j
2 checkingfor temporaljoins andequaljoins, respectively. For

example,if thereare 1000frequent1-episodes,the combinationsis approximately1:5 million

times. Moreover, whenthenumberof matchingboundsincreases,MINEPI+ requiresmoretime

in computations.

� Unnecessaryjoins: Sincelong episodesaregeneratedfrom shorterones,sometimesMINEPI+

makessomeunnecessarychecking.Taketheboundlist of serialepisode< A; A > in example4.2

asanexample.In thiscase,only thetimebound[7; 8] canbeextendedby temporaljoin to generate

longepisodesinceotherboundsalreadyreachthelimits of maximumwindows. Sincethenumber

of the extendablematchingboundsfor serialepisode< A; A > is lessthanminsup � jTDBj,

we canskip all temporaljoins for this pre�x. We will discussa pruningstrategy in thefollowing
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section.

� Duplicate joins: Furthermore,MINEPI+ alsoperformsomeduplicatechecking.For example,to

�nd serialepisode< AB CD; AB CD; AB CD > , MINEPI+ needs9 timesof equaljoin (e.g.,

equalJoin(< A >; < B > ), equalJoin(< AB >; < C > ) andequalJoin(< AB C >; < D > ),

etc. ) and2 temporaljoin (e.g., temporalJoin(< AB CD >; < A > ) andtemporalJoin(<

AB CD; AB CD >; < A > )). However, if we maintaintheboundlist for < AB CD > , we only

needs2 temporaljoin.

4.2 EMMA

In thissectionweproposeanalgorithm,EMMA (EpisodeMining usingMemoryAnchor),thatover-

comesthe drawbacksof the MINEPI+ algorithmdescribedin the previous section. Accordingto the

de�nition of frequentepisodesin De�nition 3.8, we have a ideafor the sake of reducingin duplicate

checking.Therefore,EMMA is dividedinto 3-phases,including

1. Frequentitemsetmining: Mining frequentitemsetin thecomplex sequence.

2. Databaseencoding: Encodeeachfrequentitemsetwith a uniqueID andconstructtheminto a

encodedhorizontaldatabase.

3. Frequentserial episodemining: Mining frequentserialepisodesin theencodeddatabase.

Similar to thealgorithmFITI (First-Intra-Then-Inter)for frequentcontinuitymining [28], theideais

avoid duplicatecheckingby mining all frequentitemsets(PhaseI) andusethemto form frequentserial
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Item Timelist

f Ag f 1, 4, 7, 8, 11,14g
f B g f 3, 6, 9, 12,16g
f Cg f 1, 4, 8, 11,14,15g
f Dg f 3, 5, 6, 9, 12,13,16g
f F g f 1, 4, 7, 8, 11,14g

Item LocationList

f Ag f 0, 5, 11,13,18,24g
f B g f 3, 9, 16,21,28g
f Cg f 1, 6, 14,19,25,27g
f Dg f 4, 8, 10,17,22,23,29g
f F g f 2, 7, 12,15,20,26g

(a)Two verticalformatsusingTid (left) andIndex (right)

Index (Item,Tid)

0 (A, 1)
1 (C, 1)
2 (F, 1)
3 (B, 3)
4 (D, 3)
5 (A, 4)
6 (C, 4)
7 (F, 4)
8 (D, 5)
9 (B, 6)

Index LocationList
10 (D, 6)
11 (A, 7)
12 (F, 7)
13 (A, 8)
14 (C, 8)
15 (F, 8)
16 (B, 9)
17 (D, 9)
18 (A, 11)
19 (C, 11)

Index LocationList
20 (F, 11)
21 (B, 12)
22 (D, 12)
23 (D, 13)
24 (A, 14)
25 (C, 14)
26 (F, 14)
27 (D, 15)
28 (B, 16)
29 (D, 16)

(b) Horizontalformatindexedby Tid

Figure 4. Indexed Database for Figure 1(a)

episodes.Thus,insteadof frequent1-itemsets,we have a largersetof all frequentitemsetsasfrequent

1-tuple episodes.Again, we will usethe boundlistsfor eachfrequent1-tuple episodeto enumerate

longerfrequentepisodes.However, we only combineexisting episodeswith a “local” frequent1-tuple

episodeto overcomethehugeamountof candidategeneration.Now, in orderto discover local frequent

1-tupleepisodeef�ciently , we constructanencodeddatabaseindexedby time (PhaseII) andutilize the

boundlistsasa memoryanchorto accessthe time (or horizontal)basedinformation. Finally, we use

depth�rst enumerationto enumeratefrequentserialepisodesandcarefullyavoid unnecessaryjoins in

PhaseIII.
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Procedureof FIMA(temporal databaseTDB, minsup)
1. ScanTDB, �nd fr equent1-item F1;
2. ScanTDB, transform TDB into indexeddatabaseI ndexDB

and maintain the locationsof all F1 in the index database;
3. for eachf i in F1 do
4. �majoin( f i ; f i :LocationList );

Subprocedureof �majoin( Patter n, LocationList )
5. LFI = local fr equent1-item in Patter n:PList ;
6. for eachlf j in LF I do
7. �majoin( Patter n [ l f j ; l f j :LocationList );

Figure 5. FIMA: Frequent Itemset mining using Memor y Anc hor

4.2.1 Frequentitemsetmining

Therearealreadya lot of frequentitemsetmining algorithms. Sincethe third phaseof serialepisode

mining requiresthe time lists of eachfrequentitemset,we preferusinga vertical-basedmining algo-

rithm, e.g.,Eclat[31]. However, similar to thedrawbacksof MINEPI+, thereareunnecessarycandidate

generationin thecomputationof Eclat.Therefore,wedeviseamoreef�cient algorithmFIMA (Frequent

Itemsetmining usingMemoryAnchor)which validateslocal frequentitemsto reducetheunnecessary

combinationsof existing frequentitemsetswith nonlocalfrequentitems. To acceleratethe validation

of local frequentitems,a horizontalformatof thedatabasewhich recordsthe itemsindexedby time is

necessary.

Here,we transformthosetransactionswhich containfrequentitemsto anarrayof 2-tuples,(I ; Tid),

sortedby the transactionID Tid of the item I , whereI is a frequent1-item (seeFigure4(b)). Thus,

insteadof recordingthe timelist for eachfrequentitem, we recordsthe indexesof the frequentitem in

the array, asshown in Figure4(a). Note that if thereis only onefrequentitem in a transaction,such
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a tuplecanbe ignoredto furthersave space.For examplein Figure1(a), item f Ag, f Cg andf F g are

frequent1-itemsat time slot 1, hencethetransformationis needed.However, thereis only onefrequent

item f Dg in timeslot5, thusthetransformationis ignored.

The main frameof the FIMA is outlinedin Figure5. First of all, we scandatabaseonceand�nd

frequent1-itemsF1 (line 1). Next, wetransformthedatabaseinto anarrayof 2-tuple(I tem; Tid) sorted

by Tid andthenI tem. Then,we maintaintheLocationLists of eachitem in F1 assearchinganchors.

For eachf i in F1, we call subproceduref imaj oin to extendlongeritemsetswith pre�x f i (line 3–4).

In thesubproceduref imaj oin, we �nd all local frequent1-itemslf j by examiningthe transactionsof

currentitemset(line 5). For example,if we wantto extendA with locationlistf 0; 5; 11; 13; 18; 24g, we

will examinethosetuplesat f 1; 2; 6; 7; 12; 14; 15; 19; 20; 25; 26g sincethesetupleshavethesameTid as

A. The local frequent1-itemsin this list (calledprojectedlist) aref Cg andf F g with counts5 and6

respectively. Thus,new frequentitemsetaregeneratedby uniting A with onelf j (line 6–7). Formally,

theprojectedlist of anlocationlist is de�ned asfollows.

De�nition 4.2 Giventhe location list of an itemsetI , I :LocationList = f t 1; t2; : : : ; tng in the index

databaseI ndexDB, theprojectedlocation list (PList ) of I is de�nedasI :PList = f t 0
1; t0

2; : : : ; t0
mg,

where t0
j :TI D = t i :TI D for somet i andt i < t j � t jI ndexT D j).

Thesubproceduref imaj oin is appliedrecursively to enumerateall frequentitemsetswith known fre-

quentitemsetsastheir pre�xes.Therecursive call stopswhenno morefrequentitemsetsaregenerated.

With local frequentitems,wereducea lot of unnecessaryjoinsof theexisting frequentitemsetwith any
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ID Item boundlist

#1 f Ag f [1,1],[4,4],[7,7],[8,8],[11,11],[14,14]g
#2 f B g f [3,3],[6,6],[9,9],[12,12],[16,16]g
#3 f Cg f [1,1],[4,4],[8,8],[11,11],[14,14],[15,15]g
#4 f Dg f [3,3],[5,5],[6,6],[9,9],[12,12],[13,13],[16,16]g
#5 f F g f [1,1],[4,4],[7,7],[8,8],[11,11],[14,14]g
#6 f A; Cg f [1,1],[4,4],[8,8],[11,11],[14,14]g
#7 f A; C; F g f [1,1],[4,4],[8,8],[11,11],[14,14]g
#8 f A; F g f [1,1],[4,4],[7,7],[8,8],[11,11],[14,14]g
#9 f B ; Dg f [3,3],[6,6],[9,9],[12,12],[16,16]g

(a)Encodingtableof thefrequentitemsetsfor Figure1(a)

Time 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
#3 #9 #3 #9 #3 #9 #3 #9 #3 #3 #9

ID #7 #7 #7 #7 #7

(b) Encodedhorizontaldatabasefor IDs #3,#7and#9 in TDB

Figure 6. Location list and encoding table

frequent1-items. The gain in time is a tradeoff of the costin spaceasmany algorithms.We will see

suchtradeoffs appliedin serialepisodemining in thefollowing sections.

4.2.2 Encodeddatabaseconstruction

In the secondphase,we associateeachfrequentitemsetwith a uniqueID andconstructa horizontal

databaseEDB composedof theseIDs. As shown in Figure6(b)), EDB recordsthe setof frequent

itemsets(IDs) that occur at eachtime slot. To simplify the example,we only presentthe encoded

databasefor IDs #3,#7and#9in TDB. Thus,wehavefor eachfrequentitemsetthetimelist from phase

I andthe encodeddatabaseconstructedfrom phaseII. Note that the timelistsof the frequentitemsets

areequivalentto theboundlistsfor frequent1-tupleepisodes.We show theboundlistsfor eachfrequent

1-tupleepisodein Figure6(a).
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Procedureof EMMA(temporal databaseTDB, minsup, maxwin )
1. Call FIMA to �nd all fr equentitemsetsF P1 and their timelists;
2. Associateeachitemsetwith an #ID and construct the encodeddatabaseEDB ;
3. for eachf id i in fr equentIDs F P1 do
4. emmajoin(f id i ; f id i :boundlist );

Procedureof emmajoin(Episode, boundlist )
5. Find local fr equentIDs LF P in Episode:PBL and their boundlists;
6. for eachlf i in LF P do
7. Output Episode� l f i ;
8. if (ExtC ount(l f i :boundlist ) � minsup � jTDBj)
9. emmajoin(Episode� l f i ; l f i :boundlist );

Figure 7. EMMA: Frequent Serial Episode Mining Using Memor y Anc hor

4.2.3 Frequentserial episodemining

The completealgorithmof EMMA is illustratedin Figure7. Line 1 and2 representPhaseI and II,

respectively. Similar to MINEPI+, it adoptsdepth�rst enumerationto generatelongerserialepisodes

(line 3-4, 6-7). However, EMMA generatesonly frequentserialepisodesby joining an existing serial

episodeswith local frequentIDs (line 5). This is accomplishedby examining the thosetransactions

followingsthematchingboundsof currentserialepisode.For example,if wewantto extend#3 = f Cg

with boundlistf [1,1], [4,4], [8,8], [11,11],[14,14],[15,15]g, weneedto counttheoccurrencesof IDs in

thefollowing boundsnot exceedingmaxwin = 4, i.e. [2,4], [5,7], [9,11], [12,14],[15,16]and[16,16].

WhenexaminingtheIDs in thesebounds,we alsorecordtheboundlistsof IDs. Thus,whennew serial

episodesaregeneratedby temporaljoining (line 7), we know their boundlistsimmediately. Formally,

theprojectedboundlist of anlocationlist is de�ned asfollows.
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De�nition 4.3 Giventheboundlist of a serial episodeP, P:boundlist = f [ts1; te1]; : : : ; [tsn ; ten ]; g in

theencodeddatabaseED, theprojectedbound list (PBL) ofP isde�nedasP:PBL = f [ts0
1; te0

1]; : : : ; [ts0
n ; te0

n ]; g

where ts0
i =min (tsi + 1; jTDBj) andte0

i = min (tsi + maxwin � 1; jTDBj).

Furthermore,if thenumberof extendableboundsfor aserialepisodeP arelessthanminsup � jTDBj,

thenwe canskip all extensionsof thepre�x P (line 8). For example,if theboundlistof a serialepisode

� is f [1,3], [3,5], [8,11], [11,14], [14,15]g andmaxwin = 4, the extendableboundsincludef [1,3],

[3,5], [14,15]g since[8,11] and[11,14]alreadyreachthemaximumwindow bound.If theminsup is 5,

wedon't needto extendserialepisode� then.Thisstrategy canavoid someunnecessarycheckingspent

in MINEPI+. Theprocedureemmaj oin is calledrecursively until no morenew serialepisodescanbe

extended.The operationof phaseIII in EMMA canbe bestunderstoodby an illustrative exampleas

describedbelow.

Example4.3 Given three frequentIDs #3, #7, #9 with their boundlist and the encodeddatabasein

Figure 6. Let minsup andmaxwin be5 and4, respectively. For each frequent1-tupleepisode, i.e. ID,

wecall emmaj oin to extendpre�x < I D > . For ID #3 , theprojectedboundlist is #3 :PBL = f [2,4],

[5,7], [9,11], [12,14], [15,16], [16,16]g. By examiningthe transactionat theseboundsin Figure 6,

the matching boundsfor < #3 ; #3 > , < #3 ; #7 > and < #3 ; #9 > are calculatedrespectivelyas

f [1,4], [8,11], [11,14], [14,15]g, f [1,4], [8,11], [11,14]g and f [1,3], [4,6], [8,9], [11,12], [14,16]g.

Notethat thenumberof sliding windows(i.e. distinctstart positions)in the threelists are 4, 3, and5,

respectively. Therefore, the frequentserial episodesgeneratedfrom pre�x #3 are < #3 ; #9 > , e.g.
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< C; ACF > . Sincethenumberof extendableboundsfor this episodeis 5, serial episode< #3 ; #9 >

canbeextendedby recursivecall to procedure emmaj oin. However, wefoundno local frequentIDs in

< #3 ; #9 > :PBL. Therefore, webacktrack to pre�x < #7 > anddiscover the local frequentIDs in

< #7 > :PBL. Theextensionsof theepisodescanbeminedby applyingtheaboveprocessrecursively

to each episodes.

4.3 Discussion

SinceEMMA generateslongerpatternsbasedon shorterones,it doesnot generateany candidate

patternsfor checking.However, EMMA needsto maintainvertical-basedboundlistsfor eachfrequent

itemsetanda horizontal-basedencodeddatabase.Therefore,the memoryrequirementfor EMMA is

greaterthanMINEPI+. Whenthenumberof frequentitemsetsgrows arelarge,it is unrealisticto main-

tain all patternsin themainmemory. Therearetwo alternative solutions.Firstly, we canmaintainthe

boundlistsof frequentitemsetsin disk,thenreadthemsequentiallyfor episodeextension.Theoretically,

thedisk-basedEMMA canreducehalf thememoryrequirementthanoriginal EMMA. Secondly, asthe

suggestionin [14], we canmineclosedfrequentitemsetsin phaseI andgeneratecompressedfrequent

episodeor devisenew algorithmsfor miningclosedfrequentepisodes.

5. Experiments

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

andrealworld data.All theexperimentsareperformedona3.2GHzPentiumPCwith 1 Gigabytesmain

memory, runningMicrosoftWindowsXP. All theprogramsarewritten in Microsoft/VisualC++ 6.0.

25



Sym De�nition Default
jD j # of time instants 100K
N # of events 1000
T Averagetransactionsize 6

jCj # of candidatecontinuities 2
L Averagecontinuitylength 3
I Averageitemsetlength 3

W Averagewindow length 5
Sup Averagesupport 4%

Table 2. Meanings of symbols

5.1 Syntheticdata

For performanceevaluation,weusesyntheticallygeneratedtemporaldata,D, consistingof N distinct

symbolsandjD j time instants.A setof candidatepatternsC, is generatedasfollows. First, we decide

the window lengthusinggeometricaldistribution with meanW. ThenL (1 < L < W) positionsare

chosenfor non-emptyevent sets. The averagenumberof frequenteventsfor eachtime slot is set to

I . The numberof occurrencesof a candidatecontinuity follows a geometricaldistribution with mean

Sup � jD j. A total of jCj candidatepatternsaregenerated.Next, we assigneventsto eachtime slot in

D. Thenumberof eventsin eachtime instantis picked from a Poissondistribution with meanT. For

eachtime instant,if thenumberof theeventsin this time instantis lessthanT, the insuf�cient events

arepickedrandomlyfrom thesymbolsetN . Table2 shows thenotationsusedandtheirdefault values.

Figure8 depictsthecomparisonresultsamongMINEPI+ andEMMA for syntheticdatawith default

parameterminsup = 4% andmaxwin = 5. From Figure8(a) we canseethat when the datasize

increases,thegapbetweenMINEPI+ andEMMA in therunningtimebecomesmoresubstantial.EMMA

is fasterthanMINEPI+ (by a magnitudeof 150 for jD j = 250K ). However, EMMA requiresmore
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Figure 8. Performance comparison in synthetic data
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memoryasshown in Figure8(b). Wealsorecordthememoryrequirementof EMMA atphaseI, denoted

by EMMA(I). If thetimelistsof frequentitemsetsaremaintainedin disk, thememoryrequirementwill

beEM M A � EM M A(I ). Therefore,EMMA(disk) needsapproximate27MB at jD j = 250K .

Theruntimeof MINEPI+ andEMMA onthedefaultdatasetwith varyingminimumsupportthreshold,

minsup, from 2% to 6% is shown in Figures8(c). Clearly, EMMA is fasterandmorescalablethan

MINEPI+, sincethe numberof combinationsin MINEPI+ grows rapidly as the minsup decreases,

while EMMA only considersthelocal frequentpatternsin theprojectedboundlists. Again,thememory

requirementfor EMMA increasesasminsup decreases,sincethenumberof frequentitemsetsincreases

asminsup decreases(seeFigures8(d)).

Figure8(e) shows thescalabilityof thealgorithmswith varyingmaximumwindow. Both curvesin

Figure8(e) go upwardsbecausethe numberof frequentepisodesincreasesexponentiallyasmaxwin

increases.However, EMMA still outperformsMINEPI+ with varying maxwin . In Figures8(f), the

memoryrequirementis steadyfor bothMINEPI+ andEMMA. Thus,themaximumwindow threshold

doesnot affect thememoryrequirementa lot. In Figure8(g), the total runningtime for MINEPI+ and

EMMA are linear to the averagetransactionsize T. However, for large transactionsize, MINEPI+

requiressigni�cantly moretime in equaljoin. In a word, theperformancestudyshows thattheEMMA

algorithmis ef�cient andscalablefor frequentepisodemining,andis aboutanorderof magnitudefaster

thanMINEPI+. However, MINEPI+ requiressmallerandstablememoryspacethanEMMA.
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Figure 9. Performance comparison in real data

5.2 RealWorld Dataset

We alsoapplyMINEPI+ andEMMA to a datasetcomprisedof tenstocks(electronicsindustry)in

the Taiwan StockExchangeDaily Of�cial list for 2618tradingdaysfrom September5, 1994to June

21,2004.We discretizethestockpriceof go-up/go-down into � ve level: upward-high(UH):> = 3:5%,

upward-low(UL): < 3:5% and> 0%, changeless(CL):0%, downward-low(DL): > � 3:5% and< 0%,

downward-high(DH):< = � 3:5%. In this case,the numberof eventsin eachtime slot is 10, andthe

numberof eventsis 50 (10*5). Figure9(a)shows the runningtime with an increasingsupportthresh-

old, minsup, from 10%to 30%. Figure9(c) shows thesamemeasureswith varyingmaxwin . As the

maxwin /minsup thresholdincreases/decreases,thegapbetweenMINEPI+ andEMMA in therunning

time becomesmore substantial. Figures9(b) and (d) show the memoryrequirementsand the num-
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ber of frequentepisodeswith varying minsup andmaxwin . As the maxwin thresholdincreasesor

minsup thresholddecreases,the numberof frequentepisodesis increased.The memoryrequirement

in MINEPI+ is steady. However, EMMA needsto maintainmore frequentitemsetsas the minsup

decreases;whereasthe memory requirementwith varying maxwin in EMMA is changedslightly.

MINEPI+ is betterthanEMMA in memorysaving (by amagnitudeof 4 for minsup = 10%).

6. Conclusionand Futur eWork

In this paper, we discussthe problemof mining frequentepisodesin a complex sequenceandpro-

posetwo algorithmsto solve this problem. First, we modify previous vertical-basedMINEPI [19] to

MINEPI+ as the baselinefor mining episodesin a complex sequence.To avoid the hugeamountof

combinations/compuataionsandunnecessary/duplcatechecking,weutilize memoryto proposeabrand-

new memory-anchoredalgorithm,EMMA. (Theextensionsof thealgorithmsfor parallelepisodemin-

ing aregivenin Appendix.)Theexperimentsshow thatEMMA is moreef�cient thanMINEPI+ onboth

syntheticandrealdataset.

So far we have only discussedserialandparallelepisodes.The combinationof serialandparallel

episodesremainsto be solved. As suggestedin [21], the recognitionof an arbitraryepisodecanbe

reducedto therecognitionof a hierarchicalcombinationof serialandparallelepisodes.However, there

aresomecomplicationsonehasto take into account.Thus,furtherresearchesarerequired.
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Appendix

In thissection,wede�ne theproblemof frequentparallelepisodesmininganddiscusshow to modify

ouralgorithmsfor thisproblem.

De�nition 6.1 A parallel episodeI = f i 1; : : : ; i kg (i j 2 E) is a setof eventsthatoccurwithin a window

with lengthlessthanmaxwin . Wesayparallel episodeI is alsoa k-eventparallel episodes.

De�nition 6.2 Givena parallel episodeI = f i 1; : : : ; i kg andthewindowboundwin , wesaythesliding

windowWi = (X t i ; X t i +1 ; : : : ; X t i + win � 1) in TDB supportsI if andonly if, I � Ui where

Ui =
w� 1[

j =0

X t i + j
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Thenumberof sliding windowsthat match episodeI is called the windowcountof I in the temporal

databaseTDB.

Take parallel episodeI 1 = f A; Dg in Figure1(a) asan example,we �nd that I 1 is supportedby

twelve sliding windows (from W1 to W12). Thus,theparallelepisodeI 1 has12 matches.Notethat the

numberof windowsthatsupportaneventcanbeaslargeaswin timesthenumberof occurrencesfor the

event,sinceevery event,exceptfor thosein thelastwin � 1 intervals,is countedby win windows. For

example,E, althoughhasonly 3 appearancesin Figure1(a), is supportedby 8 sliding windows. Thus,

theminimumsupportfor window countsshouldnot besettoo low, or therewill be too many frequent

1-eventparallelepisodes.

De�nition 6.3 Givena minsup, wesayan eventx is window frequent if andonly if it occurs at least

minsup slidingwindows.

The problemof frequentparallelepisodemining is de�ned asdiscovering all parallelepisodesthat

haveat leastminsup supportcountwithin themaximumwindow boundwin . Usingverticalformatrep-

resentation,we shallmaintainthesliding windows thatsupporteachwindow frequentparallelepisodes

(calledmatching window lists). Sincewe don't considertheorderof eventswithin a sliding window,

we only needsto checkthecommonpartsof two known window lists whenextendinga shortfrequent

episode.

First, we discussthe modi�ed MINEPI+ for frequentparallel episodemining. Given a parallel

episodeI = f i 1; : : : ; i kg, a window frequent1-patternwf and their matchingwindow lists, e.g.,
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Procedureof MINEPI2(temporal databaseTDB, minsup, maxwin )
1. ScanTDB once,�nd window fr equentitemsWF1 and their matching windowlists ;
2. for eachwf i in WF1 do
3. ParallelJoins(wf i , wf i :windowlist , wf i );

Subprocedureof ParallelJoins(� , windowlist , lastI tem)
4. for eachwf j > lastI tem in WF1 do
5. tempWindowlist = windowJoin(� ; wf j );
6. if (jtempWindowlist j � minsup � jTDBj) then
7. ParallelJoins(�

S
wf j ; tempWindowlist; wf j );

Figure 10. MINEPI2: Vertical­Based Frequent Parallel Episode Mining Algorithm

I :windowlist = f I W1; : : : ; I Wng and wf :windowlist = f F W1; : : : ; F Wmg. The operationwin-

dowJoin of I andf whichcomputesthewindow list for anew parallelepisodeI 0 = f i 1; : : : ; i k ; f g (de-

notedby I
S

f ) is de�ned astheintersectionof thetwo window lists, I :windowlist
T

wf :windowlist .

Themodi�ed MINEPI+ for parallelepisodesis illustratedin Figure10. To avoid theduplicateenumer-

ation,we usealphabeticalorderto generatelong parallelepisodes(line 4). Startingfrom eachwindow

frequenteventwf i , all frequentparallelepisodeswith pre�x wf i canbeenumeratedby recursive calls

to ParallelJoins.

Next, we discussthemodi�ed solutionof EMMA for frequentparallelepisodes.Thedetailedmodi-

�ed algorithm,EM M A2, is illustratedin Figure11. Weshallseemoreclearlyhow EMMA differsfrom

MINEPI in parallelepisodemining. Insteadof doing windowJoin directly in MINEPI, we will check

local frequentitemsfrom thememoryanchors,i.e. thewindow list of thecurrentepisode.To facilitate

quickchecking,weshallneedmorememoryspaceasdiscussedin Section4.3.
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Procedureof EMMA2(temporal databaseTDB, minsup, maxwin )
1. Find all window fr equentitemsWF1 and their windowlists ;
2. for eachwf i in WF1 do
4. WJoin(wf i ; wf i :windowlist ,wf i );

Procedureof WJoin(� , windowlist ,lastitem)
5. Find local window fr equentitemsLF 1 in windowlist and their windowlists ;
6. for eachlf i > lastI tem in LF 1 do
7. if (jl f i :windowlist j � minsup � jTDBj)
8. WJoin(�

S
l f i ; l f i :windowlist ,l f i );

Figure 11. EMMA2: Frequent Parallel Episode Mining Using Memor y Anc hor
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