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Abstract

Discovering patternswith highly signi canceis an importantproblemin dataminingdiscipline An
episodes de nedto be a partially ordered setof eventsfor a consecutivend xed timeintervalsin a
sequencePreviousstudiesin episodesonsideronly frequentepisodesn a sequencef events(called
simplesequence)in realworld, wemay nd a setof eventsat ead timeslotin termsof variousintervals
(hours, days,weeksgetc.) We referto sut sequenceas comple sequencesMining frequentepisodes
in comple sequencesas more extensiveapplicationsthan in simple sequences.In this paper we
discusghe problemon miningfrequentepisodesn a comple sequenceWe extendpreviousalgorithm
MINEPI to MINEPI+ for episodemining from complex sequencesFurthermor, a memory-ankored
algorithmcalled EMMA is introducedfor the miningtask. Experimentakvaluationon both real world

andsynthetiaddatasetsshowsthat EMMA is more ef cient than MINEPI+.

1. Intr oduction

Most datamining and machinelearningtechniguesare adaptedowardsthe analysisof unordered
collectionsof data,e.g. transactiordatabaseandsequencelatabasefl, 3, 7, 8, 26, 27, 30]. However,
thereareimportantapplicationareasvherethe datato be analyzeds orderede.g. alarmsin atelecom-

municationnetwork, userinterfaceactions,occurrence®r recurrentilinessesgetc. Onebasisproblem



in analyzingsuchasequencés to nd frequentepisodesi.e. collectionsof eventsoccurringfrequently
together[20, 19, 21]. The goal of episodeminingis to nd relationshipsbetweenevents. Suchrela-
tionshipscanthenbe usedin anon-line analysisto betterexplain the problemsthat causea particular
eventor predictfutureresult. Episodemining hasbeenof greatinterestin mary applicationsjncluding
Internetanomalyintrusiondetection[17, 22], biomedicaldataanalysis[4, 23], stocktrend prediction
[24] anddroughtrisk managemenh climatologydatasets[10]. Besidestherearealsostudieson how
to identify signi cant episodedrom statisticalmodel[2, 5].

The task of mining frequentepisodeswvas originally de ned on “a sequencef events” wherethe
eventsare sampledregularly asproposedoy Mannilaet al. [20]. Informally, an episodeis a partially
orderedcollectionof eventsoccurringtogether The userde nes how closeis closeenoughby giving
the width of the time window win. The numberof sliding windows with width win in a sequencés
te ts+win, wherets andte arecalledthestartinginterval andtheendinginternval, respectrely. Takethe
sequenc& = AzA,BsBg (thesubscript representsheith interval) asanexample,thereare6-3+3=6
slidingwindowsin S, e.g. W1 = Az, W, = AzA4, W3 = A3zA4Bs, W, = A4BsBg andWs = BsBg,
W;s = Bg. Mannilaetal. introducedthreeclassef episodes.Serial episodesonsiderpatternsof a
totalorderin thesequencewhile parallel episodehave no constraint®ntherelative orderof eventsets.
Thethird classcontainscompositeepisodedik e serialcombinationof parallelepisodesin away, serial
andparallelepisodeganbecapturedy sequentiapatternandfrequentitmesetgespectrely. Frequent
itemsetdo transactiordatabaseare similar to parallelepisodeswhile sequentiapatternso sequence

databasearesimilar to serialepisodesasde ned in [20]. Thereforewe canmine parallelepisodesdy



transforminganeventsequencéo atransactiordatabasehereeachtransactioraretheunionsof events
from sliding window W;. Similarly, we canmine serialepisodedyy transformingan event sequence
to a sequencelatabasewhereeachsequencearethe serialcombinationsof eventsfrom W;. However
suchmethodsarenot ef cient, sincethe spacerequirements win timesoriginal databasaize. Finally,
compositeepisodecanbe minedfrom serialjoins of parallelepisodes.

Mannilaet al. presentedh frameavork for discovering frequentepisodeshrougha level-wise algo-
rithm, WINEPI [20], for nding parallelandserialepisodedhat are frequentenough. The algorithm
was an Apriori-lik e algorithm basedon the “anti-monotone”propertyof episodes'support. Unfortu-
nately this supportcounthasa defect,i.e., the duplicatecountingof an occurrenceof an episode.For
example,in the sequencé& = A3zA4BsBg, episode< A > is supportedoy 4 sliding windows, while
episode< A; B > is matchedby 2 sliding windows, e.g.,W3 = A3A;Bs, W, = A4BsBg. Insteadof
countingthe numberof sliding windows that supportan episode Mannilaet al. thereforeconsiderthe
numberof minimal occurrence®f anepisodefrom anotherperspectie. They presentedMINEPI [19],
an alternatve approachfor the discovery of frequentepisodedasedon minimal occurrencegmo) of
episodesA minimal occurrenceof anepisode is aninterval suchthatno propersubwindev contains
theepisode . For example,episode< A > hasmo support2 (intenal [3,3] and[4,4]) asthe number
of occurrenceswhile episode< A; B > hasonly mo supportl from intenval [4,5]. However, both
measuresre not 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 dence2/2in thesequenc& = AzA4BsBg sinceevery occurrencef A



is followed by B within 3 time units. Therefore we needa measurehatfacilitatesthe calculatingof
suchepisoderulesto replacethe numberof sliding windows or minimal occurrencesThe problemhas
alsobeendiscussedhn [16], but no algorithmsareproposed.

In addition, we sometimesnd several eventsoccur (multi-variables)at one time slot in termsof
variousintervals (e.g., hours,daysand weeks). We refer to such sequencesis comple sequences
Note that a temporaldatabases also a kind of complex sequencevith temporalattributes. Mining
frequentepisodesn a complex sequencéiasmore extensve applicationsthanin a simple sequence.
Therefore we discussthe problemon mining frequentepisodesver comple sequencen this paper
wherethe supportof an episodeis modi ed carefully to countthe exact occurrence®f episodes.We
proposetwo algorithmsin mining frequentepisodesn complex sequencesncluding MINEPI+ and
EMMA. MINEPI+ is modi ed from previous vertical-basedMINEPI [19] for mining episodesn a
complex sequence.MINEPI+ employs depth rst enumeratiorto generatethe frequentepisodedy
equaldin andtempoealJoin. To further reducethe searchspacein patterngenerationwe proposea
brandnew algorithm,EMMA (EpisodedMining usingMemoryAnchor),which utilize memoryanchors
to acceleratéhe mining task. Experimentakvaluationon bothrealworld andsyntheticdatasetsshavs
thatEMMA is moreef cient thanMINEPI+.

Therestof this paperis organizedasfollows. Section2 reviews relatedwork in sequencenining.
We de ne the problemof frequentserial episodemining in Section3. Section4 presentour serial
episodemining algorithms,including MINEPI+ andEMMA. (The extensionsof the algorithmsto par

allel episodemining will bediscussedn Appendix).Experimenton bothsyntheticandrealworld data



Figure 1. Temporal Database TDB

setsarereportedn Section5. Finally, conclusionsaremadein Section6.

2. Relatedworks

Mining signi cant patternsin sequence(sp animportantandfundamentaissuein knowledgedis-
covery area.For example,sequentiapatterngl, 3,7, 8, 26, 27,30] considetthe problemon discovering
repeatedsubsequenceis a databasef sequences.On the other hand, somemining tasksfocus on
mining repeatedsubsequencda a sequencee.g.,frequentepisodeg19, 20, 21], frequentcontinuities
[14, 15, 28] andperiodicpatterng6, 13, 18, 25, 29]. In this section,we distinguishvarioussequence
mining tasksincluding sequentiapatternsperiodicpatternsandfrequentcontinuitieswhich arerelated
to frequentepisodesWe alsomake anoverallcomparisorbetweerfrequenitemsetsandthefour mining
tasks.

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

“Givenasetof sequencesyhereeachsequenceonsistof alist of elementsandeachelementconsists



of asetof items,andgivenauserspeci edminsup thresholdsequentiapatternminingisto nd all fre-
guentsubsequenceshoseoccurrencdrequeny in the setof sequences no lessthanminsup.” The
maindifferencebetweerfrequentitemsetsandsequentiapatternds thata sequentiapatternconsiders
theorderbetweentems,whereadrequentitemsetdoesnot specifytheorder Srikantetal. proposedan
Apriori-basedalgorithm,GSP(GeneralizedsequentiaPattern)[27] to themining of sequentiapatterns.
However, in situationswith proli ¢ frequentpatternsjong patternspr quitelow minsup thresholdsan
Apriori-lik ealgorithmmaysuffer from a hugenumberof candidatesetsandmultiple databasscans.To
overcomethesedravbacksHanetal. extendthe concepof FP-treg9] andproposedhePre xSpanal-
gorithmby pre x-projectedpatterngronth [26] for sequentiapatternmining. In additionto algorithms
basedon horizontalformats, Zaki proposecda vertical-basedlgorithm SFADE [30]. SFADE utilizes
combinatoriapropertiedo decompos¢heoriginal probleminto smallersub-problemshatcanbeinde-
pendentlysolvedin main-memoryusingef cient lattice searchtechniquesndsimplejoin operations.
Periodicpattern,assuggestedby its name consideregularly appeareventswherethe exactpositions
of eventsin theperiodare x ed[11, 12, 29]. To form periodicity alist of k disjointmatchess required
to form a contiguoussubsequenceherek satisfyingsomeprede nedminimum repetitionthreshold.
For example,in Figure 1, pattern(A,*,B) is a periodic patternthat matchesM 1, M,, and M3, three
contiguousanddisjoint matcheswhereeventf Ag (resp.f Bg) occursatthe rst (resp.third) position
of eachmatch.The charactef*” is a“don't care”characterwhich canmatchary singlesetof events.
NotethatMg is not partof the patternbecauset is notlocatedcontiguouslywith the previous matches.

To specify the occurrencewe usea 4-tuple (P, |, rep pos to denotea valid segmentof patternP



with periodl startingfrom positionposfor reptimes. In this case the sgmentcanbe representety
((A*,B), 3, 3, 1). Algorithmsfor mining periodicpatternsalsofall into two cateyories,horizontal-based
algorithms LSl [29], andvertical-base@lgorithms SMCA [11, 12].

A continuity patternis similar to a periodicpattern but without the constrainton the contiguousand
disjoint matches For example,pattern[A,*,B] is a continuity with four matchedvi ;, M,, M3, andMg
in Figurel. Thetermcontinuity patternwascoinedby Huanget. al. in [15] to replacethe generakerm
intertransactionassociatiorde ned by Tung, et al. in [28], sinceepisodesand periodic patternsare
alsoa kind of inter-transactiorassociationsn the conceptualevel. In comparisonfrequentepisodes
arealoosekind of frequentcontinuitiessincethey consideronly the partialorderbetweerevents,while
periodicpatternsareastrictkind of frequentcontinuitieswith constraintonthesubsequennatchesin
aword,frequentepisodesreagenerataseof thefrequentcontinuity, andperiodicpatternsareaspecial
caseof the frequentcontinuity Two algorithmshave beenproposedor this task,including FITI and
PROWL. FITI [28] is an Apriori-basedalgorithmwhich usesbreadth- rstenumeratiorfor candidate
generatiorand scansthe horizontal-layoutdatabase.The PROWL algorithm[15], on the otherhand,
generatefrequentcontinuitiesusingdepth rst enumeratiorandreliesontheuseof bothhorizontaland
vertical-layoutdatabases.

Tablel shavs the comparisorof theabove mining taskswith frequentitemsets.The column“Order”
representsvhetherthe discoreredpatternspecify order; the column“Temporal’indicateswhetherthe
taskis de nedfor atemporaldatabaseAccordingto theinputdatabasdrequentitemsetsaandsequential

patternsare similar sincethey arede ned on databasewherethe orderamongtransactions/sequences



Notation Order | Temporal Input Constraint
Frequenttemset I =fiq;:::;ing N N atransactiorDB
SequentiaPattern S=1q:000, Y N asequenc®B
SerialEpisode SEP =<l > Y Y asequence
ParallelEpisode | PEP = fl;:::;1,0 N Y asequence
FrequentContinuity C=1lqy::0500] Y Y asequence 1
PeriodicPattern P=(Ig:::1h) Y Y asequence 12

! Fixedinterval between ; andl;,; . 2 Contiguousmatch.

Table 1. Comparison of various pattern mining.

is not consideredwhereasepisodescontinuities,andperiodic patternsaresimilar for they arede ned
on sequencesf eventsthatareusuallysampledegularly. Frequenitemsetsandsequentiapatternsare
de nedfor asetof transactionandasetof sequencesespectrely. Frequenttemsetshov contemporal
relationshipsi.e.,theassociationamongtemswithin thesameransactionwhereasequentiapatterns
presentemporal/causatelationshipsamongitemswithin transaction®f customersequenceskinally,
the differencesof serial episodesparallelepisodesperiodic patterns,continuitiesare summarizedn
Tablel asdiscusse@bove.

3. Problemde nition

In this section,we rst de ne the problemof frequentserial episodemining. We alsodiscussthe

parallelepisodan section4.3. Let E beasetof all events.An eventsets a nonemptysubsebf E. An

internval or empty Theinputsequenceanalsobedescribedisingamoregeneratonceptikeatemporal
databasewhereeachtuple(t;, X, ) recordsthetime interval t; for eacheventsetX;, (nonempty).We
referthis representatiomshorizontalformat (e.g.,Figure1(a)). Let N be the numberof tuplesin the

temporaldatabasd DB. We sayTDB haslengthN in O obsenrationtime intenals. We saythatan
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eventsetY is supportedy arecord(t;; Xy, ) if andonlyif Y X, . An eventsetwith k eventsis called
ak-eventset.

Let maxwin bethe maximumwindow bound.Whenmining episoderules,only theruleswhich span
lessthanor equalto maxwin intenalswill be mined.Userscanthususethis mining parameteto avoid

mining rulesthatspanacrosgoo mary intervals.

De nition 3.1 A sliding window W; in a tempoal databaseT DB is a blodk of maxwin continuous
recodsalongtimeinterval, startingfromintervalt; (where T DB containsaneventseatt;-th timeinter-

val). Eachintervalt;, in W; is calleda subwindowof W; denotecasW,[j ]|, wheej = t; t;. Theefor,

Example 3.1 Figure1(a)showsatempoarl databas@ DBwithf ourteen(N = 14) transactionsocated
atintervalsi, 3,4,5,6,7,8,9, 11,12, 13, 14, 15and 16. Assumea valueof 3 is setfor maximum
window maxwin. From de nition, the numberof sliding windowsin Figure 1(c) is f ourteen, from
Wy, Wy, ..., Wy, Thiswill form a sequencelatabaseof sizel4, which is differentfromthe 18 sliding
windowsde nedin [20] where emptyintervalsare consideed. Thus,windowW; hasthreesubwindow
W;,[0] (containingeventsA, C and F), W;[1] (containingno event),and W;[2] (containingeventsB
and D). Asanotherexample windowW, hasalsothreesubwindows\,[0] = X3, W5[1] = X4, and
W;[2] = Xs. Figure 1(b) showsthe transactiondatabasewhere ead transactionis the union of the

eventsin all subwindowsf a windowW;, while Figure 1(c) showsthe sequencelatabasevhere eath



sequenceepresentsa sliding window(with subscriptdenotingthetimeinterval).

wheee eadh p; is a nonemptyeventsetand p; occuis befoe p; fori < j. We call P is k-tuple serial

episodeor haslengthk.

is a super-sequencef S (i.e., SPis a sub-sequencef P) if andonlyif, eac sj0 canbe mappedys;

(sj0 s;,) andpreservat'sorder (1 iy i il im N)

For example,sequences; = < fA;Bg;fCqg;fD;Eg > is a supersequencef sequences, = <
fAQ;fDg >, sincethepatternf Ag (f Dg, resp.)isasubsebf fA; Bg (fD; Eg, resp.).Onthecontrary
S; =< fAQ;fC;Dg > isnotasub-sequencef S,, sincethe patternf C; D g cannotmapto ary itemset

in S;.

P. Thenumberof sliding windowsthat matd episodeP is calledthe supportcountof P in tempoal

databaserDB.

Let usreturnto the previous examplein Figure 1(a) andassumanaxwin = 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 serialepisode< A; D >. Note thatthe sequenceorrespondingo
window W, =< X3; X4; X5 >, althoughcontains< A; D >, doesnot supportthis episoddor the rst

subwindav doesnot containA.

De nition 3.6 Anepisodeule geneatedfromepisodess animplicationoftheformX ) Y, whee
1. X;Y areepisodesvith lengthl, andl,, respectively

2. TheconcatenatiorX Y is anepisodewith lengthl, + I5.

Similar to the studiesin mining typical associatiormules,episoderulesaregovernedby two interest-

ingnesaneasuressupportandcon dence.

De nition 3.7 LetN bethenumberoftransactionsn thetempoal databaselfDB. LetM atch(X Y)
bethe numberof supportcountswith respecto episodeX Y andM atch(X ) bethenumberof support
countwith respectto episodeX . Then,the supportand con dence of an episoderule X ) Y are

de nedas

M atcheqdX YY) Conf idence= M atchegdX Y).

N ’ M atcheg(X ) @)

Support =

If we only considertheepisodethatoccursatleastminsup, therewill have aproblem.Take asimple
sequenc& = A;A,B3 andmaxwin = 3 asanexample,wewill nd a2-tupleepisode® =< A; B >.

It will begeneratedsarulelike”< A >) < B >". However, only A is afrequentitemandB is nota
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frequentone. Thereforewe assumehatnotall frequentepisode$assigni canceinformation,only the
frequentepisodeshatall frequenttemsetsn eachtuplesmaybegeneratecsasigni cant episodeule.

To avoid generatinghe insigni cant episodesTherefore the frequentepisodesn this paperis de ned

asfollowing.
De nition 3.8 Anepisode® =< py;:::;pk > isafrequentepisodaf andonlyif thesupportsof P and
allpp(1 i k) areatleasttherequireduserspeci edminimumsupports(i.e., minsup).

Example 3.2 Lettheuserspeci edthresholdminimumsupportminsup andminimumcon denceminconf
be 30 percentand100percentrespectivelyAn exampleof a serial episodeule with maximuntimewin-

dowboundmaxwin = 3 fromthetempoal databasean Figure 1(a) will be:

< ACF >) <BD > :

Thisrule "eventsef B ; D g occurs within two interval after eventsef A; C; F g’ holdsin thetempoal

databaserl DB with support = 35:7%(5=14) andconfidence= 100%(55).

As in classicalassociatiorrule mining, when frequentepisodesand their supportare known, the
episoderule generations straightforvard. Hence,the problemof mining episoderulesis reducedto
the problemof determiningfrequentepisodesandtheir support. Therefore the problemis formulated
asfollows: givena minimum supportlevel minsup anda maximumwindown boundmaxwin, our task
is to mine all frequentepisodegrom temporaldatabasevith supportgreatethanminsup andwindow

boundlessthanmaxwin .
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4. Mining Serial Episodes

In this section,we proposetwo algorithmsfor serialepisodemining. We rst shav how to extend
existing algorithm MINEPI to nd the supportcountsinsteadof minimal occurrencesn a comple
sequenceThen,anew algorithmEMMA is proposedor moreef cient mining of serialepisodegrom

comple« sequencesThe comparisorof thetwo algorithmsis givenin sectior4.3.

4.1 MINEPI+

MINEPI is aniteration-basealgorithmwhich adoptsbreadthrst mannerto enumeratéongerserial
episodedrom shorterones. But insteadof scanningthe temporaldatabasé€in horizontalformat) for
supportcounting, MINEPI computethe minimal occurrencesno of eachcandidateepisodefrom the
minimal occurrence®f its subepisoddy temporaljoins. For example,we wantto nd all frequent
serial episodedrom a simple sequences = A;A,B3A4Bs with maxwin = 4 andminsup = 2
MINEPI rst nds frequentl-episodeandrecordsthe respectre minimal occurrencej.e. mo(A) =
f[1;1];[2; 2]; [4; 4]g, mo(B) = f[3;3];[5; 5]g (We call this representatioof the temporalsequences
verticalformat). Usingtemporaljoin, we getintenvals[1,3], [2,3], [2,5] and[4,5] for candidate2-tuple
episode< A; B >. Since[l; 3] and[2; 5] arenot minimal,theminimal occurrencesf < A; B > will be
f[2; 3], [4; 5.

Continuingthe abore example,if we wantto countthe numberof sliding windows that matchserial
episode< A; B >, intenal [1; 3] shouldberetainedsincethe rst subwindav containsA. Thereforewe
have supportcount3 for serialepisode< A; B > since[2,3] and[2,5] denotethe samesliding window.

13



To extend MINEPI for our problem,we alsoneedequaljoin for dealingwith complex sequencesWe

will usetheseintervalsto computetheright supportcountfor the problem.

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

matding boundof P. By de nition, the boundlist of an eventY is the setof intervals[t;; tj] sud that

Xt supportY.

P1; il Py S f > (denotedby P  f) is de ned asthe setof intervals [ts;; te;] suchthatte; = tsJo for

somg (1 j m). Similarto equaljoin, theoperationemporal join (concatenationdf P andf (de-

asthesetof intenals[ts;; te?] suchthatte} ts; < maxwin, andte] > te; forsomej (1 j m).

Lemma4.1 Thesupportcountof a serial episodeP equalsto the numberof distinctstarting positions

of theboundlist for P, denotedoy EntityCount(Fboundlist).

Example4.1 Let maxwin = 4, we usethe matding boundlists< A > :boundist = f[1,1], [4,4],
[7,7], [8,8], [11,11], [14,14]g, < B > :boundist = f[3,3], [6,6], [9,9], [12,12], [16,16]g,and <

C > :boundist = f[1,1], [4,4], [8,8], [11,11], [14,14], [15,15]g asan example Thematdting bound
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Proceduref MINEPI+(temporal databaseT D, minsup, maxwin)
1. ScanTD once, nd frequentl-episodeF; and the boundists;
2. for eachf; in F; do

3. SerialJoins(f i, fi:boundist, f;);

Subproceduref SerialJoins( , boundist, lastl tem)
4. for eachf; in F; do
5. if (f; > lastltem) then

6 tempBoundlist = equalJoin( ;f;);

7. if (Entity Count(tempBoundlist) minsup jTDBj) then
8. SerialJoins(  f;;tempBoundlist; f;);

9. endif

10. tempBoundlist =temporalJoin( ;f;);
11. if (Entity Count(tempBoundlist) minsup jTDBj)then
12. SerialJoins(  f;;tempBoundlist; f;);

Figure 2. MINEPI+: Vertical-Based Frequent Serial Episode Mining Algorithm
list of equaljoin (< A > < C >) andtempoal join(< B > < A >)are< AC > :boundist =
f[1,1], [4,4], [8,8], [11,11],[14,14]gand< B;A > :boundist = f[3,4], [6,7], [6,8], [9,11], [12,14]g,
respectivelyTheserial episode< B; A > is mathedby ve matding boundsn four sliding windows,

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

Differentfrom MINEPI, we apply depth rst enumerationn patterngeneratiorfor memorysaving.
Thisis becausdreadthrst enumeratiommustkeeptrack of recordsfor all episoden two consecutie
levels, while depth rst enumeratiomeedsonly to keepintermediaterecordsfor episodesggenerated
alongasinglepath.Figure2 outlinestheproposedINEPI+ algorithm. Theinputto theprocedurarea
temporaldatabaseninimumsupportthresholdminsup andmaximumwindowv boundmaxwin . As the
De nition 3.8,thefrequentepisodds generatedby frequentitemsets.Therefore peforeapplyingdepth

rst enumerationywe scantemporaldatabasd DB once, nd frequentl-episodd~; andtheboundlists
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(line 1). Frequenepisodesrethengeneratedy joining the boundlistsof anexisting episodgline 2—3)
andanf; in F; (line 4) throughprocedurecall to Serial Joins. To avoid duplicateenumeratiorfor
equaljoins, we de ne anorder(e.g.,alphanumericabrder)in theeventsk. If theorderof f; is greater
thanthe orderof thelastitem in the episodewe apply equaljoin (line 5-6)andcheckif thenew serial
episode f; is frequentor not (line 7). If theresultis true, all frequentepisodeswvhich have pre x
f; (line 8) will beenumeratedby recursve call to subprocedur&erial Joins. Similarly, we apply
temporaljoin to the existing serialepisodeandthef;sin F; toget  f; inline 10-12.Weillustratethe

MINEPI+ algorithmusingthefollowing example.

Example 4.2 Givenminsup = 30% (5 times)and maxwin = 4, the frequentl-episoded-, for Fig-
ure1(a)include< A >, < B >,< C >,< D > and< F >. Dueto spacelimitation, we only use
episodex A > and< C > asanexample The owchart of executiveprocesds shownin Figure 3. In
the beginning we ched the equalandtempoal join for < A > and< A >. Sincethey havethe same
order, we only applythetempoal join for them.Theentity countfor temporalJoin(< A >; < A >) =
f[1,4], [4,7], [7,8], [8,11], [11,14]g is 5 (minsup jTDBj). Thus,wecall subpocedue Serial Joins
for geneating serialepisodesvhich havepre x < A; A >. Next, wechedk serialepisodes A; A; A >,
< A;AC > and< A; A; C >. In thislayer, all of themare infrequent. Therecuise stopsand badks
to the prior procedue. Next, We computethe matding boundlist for serial episode< AC > by
equalJoin(< A >; < C >). Thematding boundsof < AC > are f[1,1], [4,4], [8,8], [11,11],
[14,14]g. Therecussivestepthenenumeates< AC;A > and< AC;C > (seeFigure 3). Finally, only

ve serialepisodes A >,< A;A >,< AC >, and< A; C > areoutputtedn thisexample

16



Figure 3. Flowchart for pre x < A > (only demonstrate event A and C

Thoughthe extensionof MINEPI discover all frequentserialepisodesMINEPI+ hasthe following

drawvbacks:

A huge amount of combinations/computations Let I j be the numberof frequentl-episodes,
WINEPI+ needs! j? and ”’ZTJ” checkingfor temporaljoins and equaljoins, respectrely. For
example,if thereare 1000frequentl-episodesthe combinationds approximatelyl:5 million
times. Moreover, whenthe numberof matchingboundsincreasesMINEPI+ requiresmoretime

in computations.

Unnecessaryjoins: Sincelong episodesare generatedrom shorterones,sometimesMINEPI+
makessomeunnecessarghecking.Take theboundlist of serialepisode< A; A > in example4.2
asanexample.In thiscasepnly thetime bound[7; 8] canbeextendedby temporajoin to generate
long episodesinceotherboundsalreadyreachthelimits of maximumwindows. Sincethenumber
of the extendablematchingboundsfor serialepisode< A; A > is lessthanminsup jTDB],

we canskip all temporaljoins for this pre x. We will discussa pruningstratey in the following
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section.

Duplicate joins: FurthermoreMINEPI+ alsoperformsomeduplicatechecking.For example,to
nd serialepisode< ABCD;ABCD;ABCD >, MINEPI+ needs9 times of equaljoin (e.qg.,
equalJoin(< A >; < B >), equalJoin(< AB >; < C >) andequalJoin(< ABC >; < D >),
etc. ) and2 temporaljoin (e.g.,temporalJoin(< ABCD >; < A >) andtemporalJoin(<
ABCD;ABCD >; < A >)). However, if we maintainthe boundlist for < ABCD >, we only

needs? temporaljoin.

4.2 EMMA

In this sectionwe proposeanalgorithm,EMMA (EpisodeMining usingMemoryAnchor),thatover
comesthe dravbacksof the MINEPI+ algorithmdescribedn the previous section. Accordingto the
de nition of frequentepisodesn De nition 3.8, we have a ideafor the sale of reducingin duplicate

checking.Therefore EMMA is dividedinto 3-phasesincluding

1. Frequentitemsetmining: Mining frequentitemsetin the complex sequence.

2. Databaseencoding Encodeeachfrequentitemsetwith a uniquelD andconstructtheminto a

encodedorizontaldatabase.

3. Frequentserial episodemining: Mining frequentserialepisodesn theencodedatabase.

Similar to thealgorithmFITI (First-Intra-Then-Interjor frequentcontinuity mining [28], theideais

avoid duplicatecheckingby mining all frequentitemsetgPhasd) andusethemto form frequentserial
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| Item | Timelist | Item | LocationList \
fAg | f1,4,7,8,11,149 || fAg| f0,5,11,13,18,24g
fBg| 36,012,169 | fBg| 13,9,16,21,28
fCg | f1,4,8,11,14,159 || fCg| f1,6,14,19,25,27g
fDg | f3,5,6,9,12,13,169 || fDg | f4,8,10,17,22,23,2%
fFg | f1,4,7,811,14g | fFg| f2 7,12,15,20,26g

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

0

| Index | (Item, Tid) |[ Index
(A1) 10
(C,1) 11
(F 1) 12
(B, 3) 13
(D, 3) 14
(A, 4) 15
(C, 4) 16
(F, 4) 17
(D, 5) 18
(B, 6) 19

O©CoOoO~NO O WNPEF

(D, 6)
(A7)
(F7)
(A, 8)
(C.8)
(F. 8)
(B, 9)
(D, 9)

(A, 11)

LocationList || 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)

(C,11)

episodesThus,insteadof frequentl-itemsetsywe have a larger setof all frequentitemsetsasfrequent
1-tuple episodes. Again, we will usethe boundlistsfor eachfrequentl-tuple episodeto enumerate
longerfrequentepisodes However, we only combineexisting episodeswith a “local” frequentl-tuple
episodeto overcomethe hugeamountof candidategenerationNow, in orderto discover local frequent
1-tupleepisodeef ciently, we constructanencodediatabaséendexed by time (Phasdl) andutilize the
boundlistsasa memoryanchorto accesghe time (or horizontal)basedinformation. Finally, we use

depth rst enumeratiorto enumeratdrequentserialepisodesand carefully avoid unnecessarjoins in

Phasdll.

(b) Horizontalformatindexed by Tid

Figure 4. Indexed Database for Figure 1(a)
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Proceduref FIMA(temporal databaseT DB, minsup)

1. ScanTDB, nd frequentl-itemF;;

2. ScanTDB, transform TDB into indexeddatabasel ndexDB
and maintain the locationsof all F; in the index database;

3. for eachf; in F; do

4. majoin( f;;f;:LocationList );

Subproceduref majoin( Pattern, LocationList )
5. LFI =localfrequentl-itemin Pattern:PList;
6. for eachlf; in LF | do

7. majoin( Pattern [ If;;If;:LocationList );

Figure 5. FIMA: Frequent Itemset mining using Memory Anc hor

4.2.1 Frequentitemsetmining

Therearealreadya lot of frequentitemsetmining algorithms. Sincethe third phaseof serialepisode
mining requiresthe time lists of eachfrequentitemset,we preferusing a vertical-basednining algo-
rithm, e.g.,Eclat[31]. However, similarto thedravbacksof MINEPI+, thereareunnecessargandidate
generationn thecomputatiorof Eclat. Thereforewe deviseamoreef cient algorithmFIMA (Frequent
Itemsetmining usingMemoryAnchor)which validateslocal frequentitemsto reducethe unnecessary
combinationof existing frequentitemsetswith nonlocalfrequentitems. To acceleratehe validation
of local frequentitems,a horizontalformat of the databasevhich recordsthe itemsindexed by time is
necessary

Here,we transformthosetransactionsvhich containfrequentitemsto anarrayof 2-tuples,(l ; Tid),
sortedby the transactionD Tid of theitem |, wherel is a frequentl-item (seeFigure4(b)). Thus,
insteadof recordingthe timelist for eachfrequentitem, we recordsthe indexesof the frequentitem in

the array asshowvn in Figure4(a). Note thatif thereis only onefrequentitem in a transactionsuch
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atuple canbeignoredto further save space.For examplein Figurel(a),itemfAg, f Cg andf Fg are
frequentl-itemsattime slot 1, hencethe transformatioris neededHowever, thereis only onefrequent
itemf Dgin timeslot5, thusthetransformations ignored.

The main frame of the FIMA is outlinedin Figure5. First of all, we scandatabasenceand nd
frequentl-itemsF; (line 1). Next, we transformthe databas@to anarrayof 2-tuple(l tem; Tid) sorted
by Tid andthenl tem. Then,we maintainthe LocationLists of eachitemin F; assearchinganchors.
For eachf; in F1, we call subproceduré&imaj oin to extendlongeritemsetswith pre x f; (line 3—4).
In the subproceduréimaj oin, we nd all local frequentl-itemslf; by examiningthe transaction®f
currentitemset(line 5). For example,if we wantto extendA with locationlistf 0; 5; 11; 13, 18, 24g, we
will examinethosetuplesatf 1; 2;6; 7; 12, 14; 15, 19; 20; 25; 26g sincethesetupleshave thesameT id as
A. Thelocal frequentl-itemsin this list (called projectediist) aref Cg andf F g with counts5 and6
respectrely. Thus,new frequentitemsetaregeneratedy uniting A with onelf; (line 6-7). Formally,

the projectedist of anlocationlist is de ned asfollows.

wheetTID = t;:TID for somet; andt; < t;  tjingext bj)-

Thesubproceduréimaj oin is appliedrecursvely to enumeratall frequenttemsetsvith known fre-
guentitemsetsastheir pre x es. Therecursve call stopswhenno morefrequentitemsetsaregenerated.

With local frequentitems,we reducealot of unnecessarpins of the existing frequentitemsetwith any
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\ID\ ltem \ boundlist ]

#1| fAg f[1,1],[4,41,[7,71.[8,8],[11,11],[14,14]

#2 | 1Bg f13,31,[6,61,[9,9],[12,12],[16, 163

#3| fCg f11,1],[4,4],[8,8],[11,11],[14,14],[15,15]
#4 | fDg | f[3,3],[5,5],[6,6],[9,9],[12,12],[13,13],[16,16]
# | fFg f11,1],[4,41,[7,71.[8,8],[11,11],[14,14]

#6 | fA;Cg f[1,1],[4,4],[8,8],[11,11],[14,14

#7 | TA; C;Fg f[1,1],[4,4],[8,8],[11,11],[14,14

#8| fAFg f[1,1],[4,41,[7,71.[8,8],[11,11],[14,14]

#9| B;Dg f13,31,[6,61,[9,91,[12,12],[16,16)

(a) Encodingtableof thefrequentitemsetdor Figurel(a)

Time| 1,2 3| 4|5/ 6|7(8|9 /(1011|1213 |14 15|16
#3 #9 | #3 #9 #3 | #9 #3 | #9 #3 | #3 | #9
ID | #7 #7 #7 #7 #7

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

Figure 6. Location list and encoding table

frequentl-items. The gainin timeis a tradeof of the costin spaceasmary algorithms. We will see
suchtradeofs appliedin serialepisodemining in thefollowing sections.

4.2.2 Encodeddatabaseconstruction

In the secondphase we associateeachfrequentitemsetwith a uniquelD and constructa horizontal
database&=DB composedf theselDs. As shavn in Figure6(b)), EDB recordsthe setof frequent
itemsets(IDs) that occur at eachtime slot. To simplify the example,we only presentthe encoded
databaséor IDs #3,#7and#9in TDB. Thus,we have for eachfrequenttemsetthetimelistfrom phase
I andthe encodeddatabase&onstructedrom phasell. Note thatthe timelists of the frequentitemsets
areequwalentto the boundlistsfor frequentl-tupleepisodesWe shav the boundlistsfor eachfrequent

1-tupleepisoden Figure6(a).
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Proceduref EMMA(temporal databaseT DB, minsup, maxwin)

1. Call FIMA to nd all frequentitemsetsF P, and their timelists;

2. Associateeachitemsetwith an #ID and construct the encodeddatabaseEDB ;
3. for eachf id; in frequentIDs F P, do

4.  emmajoin(f id;; f id;:boundist);

Proceduref emmajoin(E pisode boundist)

5. Find local frequentIDs LF P in Episode:PBL and their boundlists;
6. for eachlf; in LF P do

7.  Output Episode Ifj;

8. if (ExtCount(Ifi:boundist) minsup jTDB))

9 emmajoin(E pisode If;;|f;:boundist);

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

4.2.3 Frequentserial episodemining

The completealgorithm of EMMA s illustratedin Figure7. Line 1 and2 represenfhase andll,
respectrely. Similarto MINEPI+, it adoptsdepth rst enumeratiorto generatdongerserialepisodes
(line 3-4, 6-7). However, EMMA generate®nly frequentserial episodedy joining an existing serial
episodeswith local frequentIDs (line 5). This is accomplishedy examiningthe thosetransactions
followingsthematchingboundsof currentserialepisode For example,if we wantto extend#3 = fCg
with boundlistf [1,1], [4,4], [8,8], [11,11],[14,14],[15,15]g, we needto counttheoccurrencesf IDs in
thefollowing boundsnot exceedingmaxwin = 4, i.e. [2,4], [5,7],[9,11],[12,14],[15,16]and[16,16].
Whenexaminingthe IDs in theseboundswe alsorecordthe boundlistsof IDs. Thus,whennew serial
episodesare generatedy temporaljoining (line 7), we know their boundlistsimmediately Formally,

the projectedboundlist of anlocationlist is de ned asfollows.
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whee ts’=min (ts; + 1;jTDBj) andte? = min (ts; + maxwin  1;jTDB)).

Furthermoreif thenumberof extendabldbounddor aserialepisodeP arelessthanminsup jTDB],
thenwe canskip all extensionsof thepre x P (line 8). For example,if the boundlistof a serialepisode
is [1,3], [3,5], [8,11], [11,14], [14,15]p andmaxwin = 4, the extendableboundsincludef[1,3],
[3,5],[14,15)g since[8,11] and[11,14]alreadyreachthe maximumwindow bound.If theminsup is 5,
we don't needto extendserialepisode then.This stratgy canavoid someunnecessargheckingspent
in MINEPI+. The procedureemmajoin is calledrecursvely until no morenew serialepisodesanbe
extended. The operationof phaselll in EMMA canbe bestunderstoodoy anillustrative exampleas

describedelow.

Example 4.3 GiventhreefrequentlDs #3, #7, #9 with their boundist and the encodeddatabasen
Figure 6. Letminsup andmaxwin beb5 and4, respectivelyFor eat frequentl-tupleepisodei.e. ID,
wecall emmajoin 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 matding 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 andf[1,3], [4,6], [8,9], [11,12], [14,16]0.
Notethat the numberof sliding windows(i.e. distinctstart positions)in the threelists are 4, 3, and5,

respectively Theefore, the frequentserial episodegeneratedfrom pre x #3 are < #3;#9 >, eqg.
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< C;ACF >. Sincethe numberof extendableboundsfor this episodes 5, serial episode< #3;#9 >
canbeextendedoy recursivecall to procedue emmajoin. However, wefoundno local frequentDs in
< #3;#9 > :PBL. Theefore, webadtrack to pre x < #7 > anddiscover thelocal frequentiDs in
< #7 > :PBL. Theextension®f theepisodesanbe minedby applyingthe above processecursively

to eadh episodes.

4.3 Discussion

SinceEMMA generatedonger patternsbasedon shorterones,it doesnot generateary candidate
patternsfor checking. However, EMMA needso maintainvertical-basedoundlistsfor eachfrequent
itemsetand a horizontal-base@ncodeddatabase.Therefore,the memoryrequiremenfor EMMA is
greatethanMINEPI+. Whenthe numberof frequentitemsetgyrows arelarge, it is unrealisticto main-
tain all patternsan the main memory Therearetwo alternatve solutions. Firstly, we canmaintainthe
boundlistsof frequenttemsetsn disk, thenreadthemsequentiallyfor episodesxtension.Theoretically
thedisk-basedEMMA canreducehalf the memoryrequirementhanoriginal EMMA. Secondlyasthe
suggestionn [14], we canmine closedfrequentitemsetsn phasel andgeneratecompressedrequent
episodeor devise new algorithmsfor mining closedfrequentepisodes.

5. Experiments

In this section,we reportthe performancestudy of the proposedalgorithmson both syntheticdata
andrealworld data.All theexperimentsareperformedona 3.2GHzPentiumPCwith 1 Gigabytesmain
memory runningMicrosoft Windows XP. All theprogramsarewrittenin Microsoft/\isualC++6.0.
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Sym | De nition Default

jDj | # of timeinstants 100K
N | #of events 1000
T | Averagetransactiorsize 6

iCj | # 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 performancevaluation,we usesyntheticallygeneratedemporaldata,D, consistingof N distinct
symbolsandjDj time instants.A setof candidatepatternsC, is generatedsfollows. First, we decide
the window lengthusinggeometricaldistribution with meanW. ThenL (1 < L < W) positionsare
chosenfor non-emptyevent sets. The averagenumberof frequenteventsfor eachtime slot is setto
I . The numberof occurrence®f a candidatecontinuity follows a geometricaldistribution with mean
Sup |Dj. A total of jCj candidatepatternsaregeneratedNext, we assigneventsto eachtime slotin
D. Thenumberof eventsin eachtime instantis picked from a Poissondistribution with meanT. For
eachtime instant,if the numberof the eventsin this time instantis lessthanT, theinsufcient events
arepickedrandomlyfrom the symbolsetN . Table2 shavs the notationsusedandtheir default values.

Figure8 depictsthe comparisorresultsamongMINEPI+ andEMMA for syntheticdatawith default
parameteminsup = 4% andmaxwin = 5. From Figure 8(a) we canseethat whenthe datasize
increaseshegapbetweerMINEPI+andEMMA in therunningtime becomesnoresubstantial EMMA

is fasterthan MINEPI+ (by a magnitudeof 150for [Dj = 25K ). However, EMMA requiresmore
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memoryasshawn in Figure8(b). We alsorecordthememoryrequiremenof EMMA atphasd, denoted
by EMMA(I). If thetimelistsof frequentitemsetsaremaintainedn disk, the memoryrequirementvill
beEMMA EMMAC(l). Therefore EMMA(disk) needsapproximate27MB atjDj = 25K .

Theruntimeof MINEPI+ andEMMA onthedefaultdatasetwith varyingminimumsupporthreshold,
minsup, from 2% to 6% is shavn in Figures8(c). Clearly EMMA is fasterand more scalablethan
MINEPI+, sincethe numberof combinationsin MINEPI+ grows rapidly asthe minsup decreases,
while EMMA only considerghelocal frequentpatternsn the projectecboundlists. Again,thememory
requirementor EMMA increasessminsup decreasesincethenumberof frequentitemsetsncreases
asminsup decreaseseeFiguresd(d)).

Figure 8(e) shavs the scalability of the algorithmswith varying maximumwindow. Both curvesin
Figure 8(e) go upwardsbecausahe numberof frequentepisodesncreasesxponentiallyas maxwin
increases.However, EMMA still outperformsMINEPI+ with varying maxwin. In Figures8(f), the
memoryrequirements steadyfor both MINEPI+ andEMMA. Thus,the maximumwindow threshold
doesnot affect the memoryrequirement lot. In Figure8(g), the total runningtime for MINEPI+ and
EMMA arelinear to the averagetransactionsize T. However, for large transactionsize, MINEPI+
requiressigni cantly moretime in equaljoin. In aword, the performancestudyshavs thatthe EMMA
algorithmis ef cient andscalabldor frequentepisodemining, andis aboutanorderof magnituddaster

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

5.2 RealWorld Dataset

We alsoapply MINEPI+ andEMMA to a datasetcomprisedof ten stocks(electronicsndustry)in
the Taiwan Stock ExchangeDaily Of cial list for 2618tradingdaysfrom Septembeb, 1994to June
21,2004.We discretizethe stockprice of go-up/go-davn into  ve level: upward-high(UH):>= 3:5%,
upward-lov(UL): < 3:5% and> 0%, changeless(CL)%, downward-lov(DL): > 3:5%and< 0%,
downward-high(DH):<=  3:5%. In this case,the numberof eventsin eachtime slotis 10, andthe
numberof eventsis 50 (10*5). Figure9(a) shavs the runningtime with anincreasingsupportthresh-
old, minsup, from 10%to 30%. Figure9(c) shans the samemeasuresvith varying maxwin. As the
maxwin/minsup thresholdncreases/decreaséise gap betweerMINEPI+ andEMMA in therunning

time becomesamore substantial. Figures9(b) and (d) shav the memoryrequirementsand the num-
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ber of frequentepisodeswith varying minsup and maxwin. As the maxwin thresholdincreasesor
minsup thresholddecreaseghe numberof frequentepisodesds increased.The memoryrequirement
in MINEPI+ is steady However, EMMA needsto maintainmore frequentitemsetsas the minsup
decreaseswhereasthe memory requirementwith varying maxwin in EMMA is changedslightly.

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

6. Conclusionand Futur e Work

In this paper we discussthe problemof mining frequentepisodesn a comple« sequencend pro-
posetwo algorithmsto solve this problem. First, we modify previous vertical-basedINEPI [19] to
MINEPI+ asthe baselinefor mining episodesn a complex sequence.To avoid the hugeamountof
combinations/compuataioasdunnecessary/duplcathdecking we utilize memoryto proposeabrand-
nev memory-anchoredlgorithm,EMMA. (The extensionsof the algorithmsfor parallelepisodemin-
ing aregivenin Appendix.) Theexperimentshav thatEMMA is moreef cient thanMINEPI+ on both
syntheticandrealdataset.

So far we have only discussedserialand parallelepisodes.The combinationof serialand parallel
episodegemainsto be solved. As suggestedn [21], the recognitionof an arbitrary episodecan be
reducedo therecognitionof a hierarchicalcombinationof serialandparallelepisodesHowever, there

aresomecomplicationsonehasto take into account.Thus,furtherresearchearerequired.

References

[1] R.Agrawal andR. Srikant.Mining sequentiapatternsin Proceeding®fthe 11thinternationalConfeence
on Data Engineering(ICDE'95), pages3—14,1995.

[2] M. Atallah,R. GwaderaandW. Szpankwski. Detectionof signi cant setsof episodesn eventsequences.
In Proceeding®f Third IEEE InternationalConfeenceon Data Mining (ICDM), 2004.

30



[3] M. N. Garoflakis,R. Rastogi,andK. Shim. Spirit: Sequentiapatternmining with regular expressionof
constraintslEEE Transactionon Knowledg and Data Engineering(TKDE), 14(3):530-5522002.

[4] G.Casas-Garrg Discovering unboundecepisodesn sequentiadata. In Proceedingsof 7th European
Confeenceon Principlesand Practiceof Knowledg Discoveryin DatabasegPKDD), 2003.

[5] R. Gwadera,M. Atallah, and W. Szpankwski. Reliable detectionof episodesn event sequences.In
Proceeding®f Third IEEE InternationalConfeenceon Data Mining (ICDM), 2003.

[6] J.Han,G.Dong,andY. Yin. Ef cient mining paritial periodicpatternsn time seriesdatabaseln Proceed-
ingsof the 15thInternationalConfeenceon Data Engineering(ICDE'99), pagesl06—-115,1999.

[7] J. Hanand J. Pei. Mining frequentpatternsby pattern-gravth: Methodologyand implications. ACM
SIGKDD Explorations(Speciallssueon ScalableData Mining Algorithms) 2(2):14—-202000.

[8] J.Han,J. Pei, B. Mortazari-Asl, Q. Chen,U. Dayal,andM. Hsu. Freespan:iFrequentpattern-projected
sequentiapatternmining. In Proceeding®fthe6th ACM SIGKDD InternationalConfeenceon Knowledg
DiscoveryandData Mining (KDD'00), pages355-3592000.

[9] J.Han,J.Pei,Y.Yin, andR. Mao. Mining frequenipatternsvithoutcandidatgyenerationA frequent-pattern
tree approach. Data Mining and Knowledg Discovery: An International Journal (DMKD), 8(1):53-87,
2004.

[10] S.K. Harms,J. Deogun,J. SaquerandT. Tadesse.Discovering representadie episodalassociatiorrules
from eventsequencesn Proceedingdf 20011EEE InternationalConfeenceon Data Mining. (ICDM'01),
2001.

[11] K. Y. HuangandC. H. Chang. Asynchronougeriodicpatternmining in transactionatlatabasesin Pro-
ceedingof theIASTEDInternationalConfeenceon DATABASESAND APPLICATIONS(DBA04), pages
17-19,2004.

[12] K.Y.HuangandC.H. Chang.Mining periodicpatternin sequenceéata.ln Proceeding®f 6th International
Confeenceon Data Warehousingand Knowledg Discovery (DaWak'04), pages401-4102004.

[13] K.Y.HuangandC.H. Chang.Smca:A generaimodelfor mining synchronougeriodicpatternin temporal
databaselEEE Transactionon Knowledg and Data Engineering(TKDE), 2005. To Appear

[14] K. Y. Huang,C. H. Chang,andK.-Z. Lin. Cocoa: An efcient algorithmfor mining inter-transaction
associationgor temporaldatabaseln Proceeding®f 8th EuropeanConfeenceon Principlesand Practice
of Knowledg Discoveryin DatabasegPKDD'04), volume 3202 of Lectule Notesin ComputerScience
pagess09-511 Springer 2004.

[15] K.Y.Huang,C.H.ChangandK.-Z. Lin. Pranl: An ef cient frequentcontinuitymining algorithmon event
sequencedn Proceeding®f 6th InternationalConfeenceon Data WarehousingandKnowledg Discovery
(Dawak'04), volume3181of Lecture Notesin ComputerSciencepages351-360 Springer 2004.

[16] K.Ilwanuma). TakanoandH. NabeshimaOnanti-monotondrequengy measurefor extractingsequential
patternsfrom a single very-lage datasequence.In Proceedingsf the First International Workshopon
Knowledg Discoveryin Data Streamsjn conjunctionwith ECML/PKDD 2004 2004.

[17] J.Luo andS. M. Bridges.Mining fuzzy associatiomulesandfuzzy frequeng episodedor intrusiondetec-
tion. InternationalJournal of Intelligent Systemsl15(8),2000.

[18] S.MaandJ.Hellerstein.Mining partially periodiceventpatternsyith unknavn periods.In Proceeding®of
the InternationalConfeenceon Data Engineering(ICDE'01), pages205-2142001.

[19] H. MannilaandH. Toivonen.Discoveringgeneralizeegpisodesisingminimal occurrencesln Proceedings
of the SecondnternationalConfeenceon Knowledg@ Discovery and Data Mining (KDD'96), pagesl46—
151,1996.

[20] H. Mannila,H. Toivonen,andA. |. Verkamo.Discovering frequentepisodesn sequencesin Proceedings
of theFirstinternationalConfeenceon Knowledg DiscoveryandData Mining (KDD'95), page210-215,
1995.

[21] H. Mannila, H. Toivonen,andA. |. Verkamo. Discovering frequentepisodesn event sequences.Data
Mining and Knowledg Discovery (DMKD), 1(3):259-2891997.

31



[22] K. H. Min Qin. Frequentepisoderulesfor internetanomalydetection.In Proceedingf TheThird IEEE
InternationalSymposiunon NetworkComputingand Applications(NCA), 2004.

[23] N. L. N. Meger, C. LeschiandC. Rigotti. Mining episoderulesin stulongdataset.In ECML/PKDD 2004
DiscoveryChalleng (PKDD), 2004.

[24] A. NgandA. W.-C. Fu. Mining frequentepisodedor relating nancial eventsandstocktrends.In Proceed-
ingsof The7th Paci c-Asia Confeenceon Knowledg Discoveryand Data Mining (PAKDD), 2003.

[25] B. Ozden,S.Ramaswamy andA. Silberschatz Cyclic associatiomules. In Proceeding®f the 14thInter-
national Confeenceon Data Engineering(ICDE'98), pages412—-421,1998.

[26] J.Pei,J.Han,B. Mortazavi-Asl, H. Pinto,Q. Chen,U. Dayal,andM.-C. Hsu. Pre xspan:Mining sequential
patternsef ciently by pre x-projectedpatterngrowth. In Proceedingsf the InternationalConfeenceon
Data Engineering(ICDE'01), pages215-2262001.

[27] R. SrikantandR. Agrawal. Mining sequentiapatterns:Generalizationsand performancéamprovements.
In Proceeding®f the 5th InternationalConfeenceon ExtendingDatabaseTechnolagy (EDBT'96), volume
10570f Lecture Notesin ComputerSciencepages3—17.Springer 1996.

[28] A. K. H. Tung,H. Lu, J. Han,andL. Feng. Ef cient mining of intertransactiorassociatiorrules. IEEE
Transactionoon Knowledg and Data Engineering(TKDE), 15(1):43-562003.

[29] J.Yang,W. Wang,andP. Yu. Mining asynchronouperiodicpatterngn time seriesdata. IEEE Transaction
on Knowledg and Data Engineering(TKDE), 15(3):613—-6282003.

[30] M. Zaki. Spade:An ef cient algorithmfor mining frequentsequencesMachine Learning 42(1/2):31-60,
2001.

[31] M. J.Zaki. Scalablealgorithmsfor associatiormining. IEEE Transactionson Knowledg and Data Engi-
neering(TKDE), 12(3):372-3902000.

Appendix

In this sectionwe de ne the problemof frequentparallelepisodesnining anddiscusshow to modify

our algorithmsfor this problem.

v[ 1
U| = xti+j
j=0
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Thenumberof sliding windowsthat matd episodel is called the windowcountof | in the tempoal

databaserDB.

Take parallelepisodel; = fA; Dg in Figure 1(a) asan example,we nd thatl; is supportecby
twelve sliding windows (from W, to Wy,). Thus,the parallelepisodd ; has12 matches Notethatthe
numberof windows thatsupportaneventcanbeaslargeaswin timesthenumberof occurrence$or the
event,sinceevery event,exceptfor thosein thelastwin 1 intervals,is countedby win windows. For
example,E, althoughhasonly 3 appearanceis Figurel(a),is supporteddy 8 sliding windows. Thus,
the minimum supportfor window countsshouldnot be settoo low, or therewill betoo mary frequent

1-eventparallelepisodes.

De nition 6.3 Givena minsup, we sayan eventx is window frequentif andonly if it occuis at least

minsup slidingwindows.

The problemof frequentparallelepisodemining is de ned asdiscovering all parallelepisodeghat
have atleastminsup supportcountwithin themaximumwindow boundwin . Usingverticalformatrep-
resentationywe shallmaintainthe sliding windows that supporteachwindow frequentparallelepisodes
(calledmatching window lists). Sincewe don't considerthe orderof eventswithin a sliding window,
we only needgo checkthe commonpartsof two known window lists whenextendinga shortfrequent
episode.

First, we discussthe modi ed MINEPI+ for frequentparallel episodemining. Given a parallel
episodel = fiy;:::;ikg, a window frequentl-patternwf and their matchingwindow lists, e.g.,
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Proceduref MINEPI2(temporal databaseT DB, minsup, maxwin)

1. ScanTDB once, nd window frequentitems W F; and their matching windowlists;
2. for eachwf; in WF; do

3. ParallelJoins(wf ;, wf ; :windowlist, wf;);

Subproceduref ParallelJoins( , windowlist, lastl tem)
4. for eachwf; > lastl temin WF; do

5. tempWindowlist = windowJoin( ;wf;);

6. if (jtempWindowlistj minsup jTDBj)then

7 ParallelJoins( ~ wf;; tempWindowlist; wf;);

Figure 10. MINEPI2: Vertical-Based Frequent Parallel Episode Mining Algorithm

notedby | s f) is de ned astheintersectiorof thetwo window lists, | :windowlist T wf :windowlist.
Themodi ed MINEPI+ for parallelepisodess illustratedin Figure10. To avoid the duplicateenumer
ation,we usealphabeticabrderto generatdong parallelepisodegline 4). Startingfrom eachwindow
frequenteventwf;, all frequentparallelepisodesvith pre x wf; canbe enumeratedby recursve calls
to ParallelJ oins.

Next, we discusshe modi ed solutionof EMMA for frequentparallelepisodesThe detailedmodi-
ed algorithm,EM M A2, isillustratedin Figure1ll. We shallseemoreclearlyhovn EMMA differsfrom
MINEPI in parallelepisodemining. Insteadof doing windowJoin directly in MINEPI, we will check
local frequentitemsfrom the memoryanchorsj.e. thewindow list of the currentepisode.To facilitate

guick checkingwe shallneedmorememoryspaceasdiscussedn Sectior4.3.
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Proceduref EMMAZ2(temporal databaseT DB, minsup, maxwin)
1. Find all window frequentitems W F; and their windowlists;

2. for eachwf; in WF; do

4.  WJoin(wf; wf;:windowlist ,wf);

Proceduredf WJoin( , windowlist ,lastitem)

5. Find local window frequentitems LF ; in windowlist and their windowlists;;
6. for eachlf; > lastltemin LF, do

7. if (jlfi:windgwlistj minsup jTDB))

8. WJoin( ~ If;; Ifj:windowlist If;);

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