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Abstract

Overtheyeasrs, a variety of algorithmsfor finding frequentsequentiapatternsin verylarge sequentiadatabases
have beerdeveloped. The keyfeatule in mostof thesealgorithmsis that they usea constantsupportconstaint to
contol theinherently exponentialcompleity of the problem. In geneal, patternsthat containonly a few itemswiill
tendto beinterestingif they havea high support,whereaslong patternscanstill beinterestingevenif their supportis
relativelysmall. Ideally, wedesie to havean algorithmthatfindsall thefrequenpatternswhosesupportdecreasesas
afunctionof theirlength.In this paperwepresentinalgorithmcalledSLPMineythatfindsall sequentiapatternsthat
satisfya length-deceasingsupportconstaint. SLPMinercombinesan efficientdatabase-pjection-basedppmoacd
for sequentialpattern discovery with three effectivedatabasepruning methodshat dramatically reducethe search
space Our experimentalevaluation showsthat SLPMiner by effectively exploiting the length-deceasingsupport
constaint, is up to two orders of magnitudefaster and its runtimeincreasegradually as the average length of the
sequence&ndthediscoreredfrequentpatterns)increases.

1 Intr oduction

Datamining researchduring the last eight yearshasled to the developmentof a variety of algorithmsfor finding
frequentsequentiapatternsn verylargesequentiatlatabasefl0, 12, 8]. Thesepatternsanbeusedto find sequential
associatiorrules or extract prevalent patternsthat exist in the sequencesand have beeneffectively usedin mary
differentdomainsandapplications.

Thekey featurein mostof thesealgorithmsis thatthey controltheinherentlyexponentiacomplexity of theproblem
by finding only the patternghatoccurin a suficiently largefraction ofthe sequencesalledthesupport A limitation
of this paradigmfor generatingrequentpatternsis that it usesa constantsupportvalue, irrespectve of the length
of the discoveredpatterns.In general patternsthat containonly a few itemswill tendto be interestingif they have
a high support,whereadong patternscanstill be interestingevenif their supportis relatively small. Unfortunately
if constant-support-basdoequentpatterndiscovery algorithmsare usedto find someof the longerbut infrequent
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patternsthey will endup generatingan exponentiallylarge numberof shortpatterns.ldeally, we desireto have an
algorithmthatfindsall thefrequentpatternsvhosesupportdecreaseasafunctionof theirlength. Developingsuchan
algorithmis particularlychallengingoecause¢he downward closurepropertyof the constansupportconstrainicannot
be usedto pruneshortinfrequentpatterns.

Recently[9], we introducedthe problem of finding frequentitemsetswhosesupportsatisfiesa non-increasing
function of their length. An itemsetis frequentonly if its supportis greaterthanor equalto the minimum support
valuedeterminedby the lengthof theitemset.We identifieda propertythatanitemsetmusthave in orderto support
longeritemsetgivenalength-decreasingupportconstraint.This property calledthe smallestvalid extensionor SVE
for short,enabledus toprunelarge portionsof the input databas¢hatareirrelevantfor finding frequentitemsetghat
satisfyalength-decreasingupportconstraint.

In this paper we extendthe problemof finding patterngthat satisfy a length-decreasingupportconstraintto the
muchmorechallengingoroblemof finding sequentiapatterns We developedanalgorithmcalledSLPMinerthatfinds
all frequentsequentiapatternsthat satisfy a length-decreasingupportconstraint. SLPMinerfollows the database-
projection-basedpproackor frequentpatterngenerationthatwasshown to leadto efficient algorithms,andsenes
asa platform to evaluatethree new pruning methodshasedon the SVE property Thesepruning methodsexploit
differentaspectof the sequentiapatterndiscovery processand pruneeither entiresequencedtemswithin certain
sequencesyr entireprojecteddatabaseOur experimentakvaluationshavs that SLPMinerachievesup to two orders
of magnitudeof speedupby effectively exploiting the SVE property andthatits runtimeincreasegraduallyasthe
averagelengthof the sequencegndthediscoreredpatternsjncreases.

Therestof this paperis organizedasfollows. Section2 providessomebackgroundnformationandrelatedresearch
work. Section3 describeghe basicpatterndiscovery algorithmof SLPMinerandhow thelength-decreasingupport
constraintcanbe exploited to prunethe searchspaceof frequentpatterns.The experimentalevaluationof SLPMiner
is shavn in Section4, followedby a conclusionin Section5.

2 Background
2.1 SequenceModel and Notation

The basic sequencanodel that we will usewas introducedby Srikantet al [10] and is definedas follows. Let
I = {iy,1q,...,in} bethesetof all items. An itemsetis a subsetof items. A sequence = (t1,ta,...,%) isan
orderediist of itemsetswheret; C I for 1 < j <[. A sequentiablatabaseD is a setof sequencesThelengthof a
sequence is definedto bethe numberof itemsin s anddenotedas|s|. Similarly, given anitemsett, let |¢| denotethe
numberof itemsin ¢. Givena sequentiatiatabaseD, | D| denoteghe numberof sequencem D.

Sequence = (t1,ta,...,%) is calleda sub-sequencef sequence’ = (t1,t5,...,t.,) (I < m) if thereexist
integersiy, g9, ...4 suchthatl < i; < iy < ... <4 <mandt; C t;j (4 =1,2,...,1). If sisasub-sequence
of s’, thenwe write s C s’ andsaysequence’ supportss. The supportof a sequence in a sequentiatiatabaseD,
denotedasop (s), is definedto be | D;| /| D|, whereDs = {s;|s C s; A s; € D}. Fromthedefinition,it alwaysholds
that0 < op(s) < 1. We usethetermsequentiapatternto referto a sequencevhenwe wantto emphasizehatthe
sequencés supportedy mary sequences asequentiatlatabase.

We assumehattheitemsin I canbearrangedn alexicographicorder andwewill useconsecutie integersstarting
from oneto representheitemsaccordingto thatordering. Finally, we will usethetraditionalmethodfor writing out
sequencesn which eachitemsetis representedsalist of itemsorderedaccordingo their lexicographicabrderand
enclosedwithin matchedparenthese$), andthe sequence ofheseitemsetsis written one-aftesthe-otherenclosed
within matchedangledparenthese§).

To illustrate the above definitionsconsiderthe setof itemsI = {1,2,3}. This setcangeneratesesen possible
itemsetsandeachof themis representeds(1),(2),(3),(1,2), (1, 3),(2, 3),(1,2, 3). Lett; = (1,2),t2 = (1,2, 3), and



ts = (3), bethreeitemsetof sizestwo, three,andone,respectiely. Sequence = (t1,t2,t3) = ((1,2), (1,2,3), (3))
hasthreeitemsetsandhaslength|s| = 2 + 3 + 1 = 6. Sequence’ = ((1,3),(1,2,3),(1,2,3),(2), (2,3)) supports
s, or in otherwordss is asub-sequencef s'.

2.2 SequentialPattern Mining with Constant Support

The problemof finding frequentsequentiapatternsgiven a constantminimum supportconstraint[10] is formally
definedasfollows:

Definition 1 (SequentialPattern Mining with Constant Support) Givena sequentiadatabaseD anda minimum
supporte (0 < o < 1), findall sequencesad of which is supportedby atleast[o|D|| sequencem D. m

Suchsub-sequencesecalledfrequensequentiapatterns Notethatif everysequenceonsistof exactly oneitemset,
theproblemof finding frequentsequentiapatternsiegenerateto theproblemof findingfrequenttemsetsn anitemset
databas¢3].

Efficient algorithmsfor finding frequentitemsetsor sequence very large itemsetor sequencelatabasebave
beenoneof thekey successtoriesof datamining researchOneof the early computationallyefficientalgorithmwas
Apriori [3], which finds frequentitemsetsof lengthl basedon previously generated! — 1)-lengthfrequentitemsets.
The GSP[11] algorithmextendedthe Apriori-lik e level-wise mining methodto find frequentpatternsin sequential
databases.Recently a set of database-projection-basetethodshasbeendevelopedthat significantly reducethe
complity of finding frequentpatterns[1, 6, 5, 8]. The key ideabehindthesemethodsis to find the patternsby
growing themoneitem at a time, andsimultaneouslyartitioning(i.e., projecting)the original databasénto pattern-
specificsub-databasgsvhich in generaloverlap). The processof pattern-gravth anddatabase-projectiois repeated
recursvely until all frequentpatternsarediscovered.Prototypicalexamplesof suchalgorithmsarethetree-projection
algorithm[1] thatconstructsalexicographicatreeandprojectsa large databasénto a setof reducedjtem-basedub-
databasebasednthefrequentpatternaninedsofar. Theoriginalalgorithmwasdevelopedfor finding non-sequential
patternsbut it hasbeenextendedby our groupto find sequentiapatternsaswell [5]. Anothersimilar algorithmis
the FP-gravth algorithm[6] thatcombinesprojectionwith the useof the FP-treedatastructureto compactlystorein
memorytheitemsetf theoriginal databaseThebasic idea# this algorithmwererecentlyusedto developa similar
algorithmfor finding sequentiapatterng8]. Still anotherapproactwasintroducedn SFADE [13]. SFADE explores
thelatticeof frequentsequentiapatternsandusesa speciallypreprocessedatabasealledthevertical id-list database
format,which transformseachsequencénto a setof (item, time stamp)pairs.

The key featurein thesealgorithmsis thatthey control the inherentlyexponentialcompleity of the problemby
usingthe downward closureproperty[10]. This propertystatesthatin orderfor a patternof lengthi to be frequent,
all of its sub-sequenceanustbe frequentaswell. As aresult,oncewe find thata sequence olengthl is infrequent,
we know thatary longersequencethatincludethis particularsequenceannotbe frequent,andthuseliminatesuch
sequencefom furtherconsideration.

2.3 Finding Patternswith Length-DecreasingSupport

A limitation of the above paradigmfor generatingrequentpatternsis thatit usesa constantvalue of support,irre-
spectve of the lengthof the discoveredpatterns.In general,patternsthat containonly a few itemswill tendto be
interestingif they have ahigh supportwhereadong patternscanstill be interestingevenif their supportis relatively
small. Unfortunately if constant-support-basdrbquentpatterndiscovery algorithmsare usedto find someof the
longerbut infrequentpatternsthey will endup generatingan exponentiallylarge numberof shortpatterns.In the
contet of the frequentitemsetmining, maximalfrequentitemsetdiscovery algorithms[4, 7, 2, 13] canpotentially
be usedto find someof theselongeritemsetsbut thesealgorithmscanstill generatea very large numberof short
infrequentitemsetsf theseitemsetsaremaximal. As for the frequentsequentiapatternmining, eventhe problemof



finding maximalpatternshasnot beenaddressedainly dueto the high compleity of the problem.

Recentlywe introducedheideaof length-decreasingupportconstrain{9] thathelpsus tofind long itemsetswith
low supportaswell asshortitemsetawith high support.A length-decreasingupportconstraints givenasa function
of theitemsetlength f (1) suchthat f(I,) > f(l) for ary 1,1, satisfyingl, < I,. Theideaof introducingthis kind of
supportconstraints thatby usinga supportfunctionthatdecreaseasthelengthof theitemsetincreasesywe may be
ableto find long itemsetghatmaybeof interestwithout generatinganexponentiallylarge numberof shorteritemsets.
We cannaturallyextendthis constraintto the sequencenodelby usingthe lengthof a sequencénsteadof thelength
of anitemsetasfollows:

Definition 2 (Length-DecreasingSupport Constraint) Givena sequentiablatabaseD anda functionf () thatsat-
isfies1 > f(I) > f(I + 1) > 0 for any positiveinteger [, a sequencs is frequentif andonly if op(s) > f(]s]).
]

Givenalength-decreasingupportconstraintf (1), we candefinetheinversefunctionof f(I) asfollows:

Definition 3 (The InverseFunction of Length-DecreasingSupport Constraint) Givenalength-deceasingsupport
constaint £ (1), its inversefunctionis definedas f ~!(¢) = min({l|f(I) < o})for0 <o < 1.m

Figurel shavsatypicallength-decreasingupportconstraintIn thisexample thesupporconstraintiecreasenearly
to theminimumvalueandthenstaysthesamefor sequentiapatternof longerlength. Formally, theproblemof finding
thistypeof patterndgs statedasfollows:

Definition 4 (SequentialPattern Mining with Length-DecreasingSupport) Givena sequentiablatabaseD anda

length-deceasingsupportconstaint f (1), find all sequentiapatternss sudthatop(s) > f(|s|). m

0.001~_ 4 Length-decreasingupportconstraintf ()

Support

0.0001 -+ rmr N -

Lengthof sequence

Figure 1. A typicallength-decreasingupportconstraint

A simpleway of finding suchsequentiapatternss to useary of thetraditionalconstant-suppoftequentsequential
patterndiscoveryalgorithms jn whichthesupporis setto min;>; f(!), andthendiscardthesequentiapatternghatdo
notsatisfythelength-decreasingupportconstraint.This approachhowever, doesnotreducehenumberof infrequent
sequentiapatterndeingdiscovered,andasour experimentswill shav, requiresalarge amountof time.

Findingthecompletesetof frequentsequentiapatternghatsatisfyalength-decreasingupportconstrainis particu-
larly challengingsincewe cannotrely solelyonthedownwardclosurepropertyof the constansupportpatternmining.
Noticethat,underalength-decreasingupportconstrainta sequenceanbefrequentevenif its sub-sequencesein-
frequentsincethe minimum supportvaluedecreaseasthe lengthof a sequencéncreasesWe mustusemin;>q f(1)
asthe minimum supportvalueto apply the downward closureproperty which will resultin finding an exponentially
large numberof uninterestingnfrequentshortpatterns.

A key propertyregardingsequencewhosesupportdecreaseasa function of their lengthis the following. Given
asequentiatatabaséD anda particularsequence € D, if thesequence is currentlyinfrequent(op (s) < f(|s])),
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s’ : SVEof s

Lengthof sequence
Figure 2. Smallestvalid extension(SVE)

thenf~1(op(s)) is theminimumlengththata sequenca’ O s musthave beforeit canpotentiallybecomefrequent.
Figure2 illustratesthis relationgraphically The lengthof s’ is nothingmorethanthe point at which aline parallel
to the z-axisaty = op(s) intersectshe supportcurve; here,we essentiallyassumehat the bestcasein which s’
exists andit is supportedby the samesetof sequencessits sub-sequence. This propertyis calledthe smallest
valid extensionpropertyor SVEpropertyfor shortandwasinitially introducedor the problemof finding itemsetghat
satisfyalength-decreasingupportconstrain{9].

3 SLPMiner Algorithm

We developedanalgorithmcalledSLPMinerthatfindsall the frequentsequentiapatternghat satisfya givenlength-
decreasingupportconstraint. SLPMinersenes asa platformto develop and evaluatevariouspruning methodsfor
reducingthecomplity of finding this type of patterns Our designgoalsfor SLPMinerwereto make it bothefficient
andatthe sametime sufficiently genericsothatarny conclusiongdravn from our experimentscancarrythroughother
database-projection-basséquentiapatternmining algorithmsi5, 8].

This sectionconsistsof two main parts. First, we explain how SLPMinerfinds frequentsequentiapatternsn the
casein which the supportof the desiredsequentiapatternsremainsconstant. Secondwe explain variouspruning
methodsthat we have developedandincorporatedn SLPMiner Thesepruning methodssubstantiallyreducethe
complity of SLPMinerwhenit is usedto find frequentsequentiapatternghat satisfya length-decreasingupport
constraint.

3.1 SequentialDatabase-Ppjection-basedAlgorithm

SLPMinerfinds frequentsequentiapatternsusing a database-projection-basag@proachthat was dewed from the
sequentialzersion[5] of thetree-projectioralgorithmof Agarwal etal [1] for finding frequentitemsets Notethatthe
algorithmin [5] shareghe sameoverall structurewith the PrefixSpar8] algorithmthatwasindependentlyleveloped
atthesametime frame.

Key to thisalgorithmis theuseof atreeto bothorganizethe procesof sequentiapatterndiscovery andto represent
the patternsthat have beendiscoveredthusfar. Eachnodein the treerepresentsa frequentsequentiapattern. The
relationbetweerthe sequentiapatternrepresenteat a particularnodeat level £ andthatof its parentat level & — 1,
is thatthey sharethe samek — 1 prefix. Thatis, the child’s patternis obtainedfrom that of the parentby addingone
itemattheend.For example,if anoderepresentapattern((1), (2, 3)), its parentnoderepresentg(1), (2)). Theroot
nodeof thetreerepresentshe null sequencevith no itemset. Fromthe above definitionit is easyto seethatgivena
particularnodecorrespondindo patternp, all the patterngepresenteth the nodesof the subtreerootedat thatnode
will have p asa prefix. For thisreasonwe will referto thistreeastheprefixtree

SLPMinerfinds the frequentsequentiapatternsby growing this treeasfollows. It startsfrom the root nodeand
expandsit to createthe childrennodesthat correspondo the frequentitems. Thenit recursvely visits eachchild
nodein a depth-firstorderandexpandsit into childrennodesthatrepresenfrequentsequentiapatterns.SLPMiner



grows eachpatternin two differentways,namely itemsetextensionandsequencextension ltemsetextensiongrows
a patternby addinganitem to the lastitemsetof the pattern,wherethe addeditem mustbe lexicographicallylarger
thanary itemin thelastitemsetof the original pattern.For example,((1), (2)) is extendedto ((1), (2, 3)) by itemset
extension,but cannotbe extendedto ((1), (2,1)) or {(1),(2,2)). Sequencextensiongrows a patternby addingan
item asa new itemsetnext to the lastitemsetof the pattern.For example,((1), (2)) is extendedto {(1), (2), (2)) by
sequencextension.

PrefixTree
Input SequentiaDatabaseD null
sl ((1,2),(2,3)) sl,s2,s3,s4
2| ((1),(2,3)) }/SN
s3 | ((1),(2))
s4 1 {(3),(2,3)) (1) ((2)) ((3))

sl,s2,s3 sl,s2,s3,s4 s1,s2,s4
SE S IE

SE=Sequencé&xtension (1), (2))  ((1),(3)) ((2,3))
|IE = ItemsetExtension s1,s2,s3 s1,s2 s1,s2,s4
IE

((1),(2,3))
sl,s2

Figure 3. Theprefixtreeof asequentiatiatabase

Figure 3 shaws a sequentiatatabase) andits prefix treethat containsall the frequentsequentiapatternggiven
minimum support0.5. SinceD containsa total of four sequencesa patternis frequentif andonly if at leasttwo
sequencef D supportthe pattern. The root of the tree representshe null sequence At eachnodeof the treein
the figure, its patternandits supportingsequencef D are depictedtogetherwith symbol SE or IE on eachedge
representingtemsetextensionor sequencextensionrespectiely.

The key computationaktepin SLPMineris that of countingthe frequeng of the variousitemsetand sequence
extensionsat eachnodeof thetree.In principle, thesefrequenciecanbe computedoy scanningheoriginal database
for eachoneof thenodeshowever, thisis not cost-efective, especiallywhenthe supportfor eachof thoseextensions
is very small. For thisreasonSLPMinercreatesa projecteddatabaséor eachnodeof thetree,anduseshis projected
databaséwnhichis usuallymuchsmaller)to determindts frequentextensions.The projecteddatabaseof a sequential
patternp hasonly thosesequences D thatsupportp. For example,at the node((2, 3)) in Figure3, its projected
databas@eedso containonly s1, s2, s4 sinces3 doesnot supportthis pattern. Furthermorewe caneliminatepre-
cedingitemsin eachsequencé¢hatwill never be usedto extendthe currentpattern.For example,atthenode((2)) in
Figure3, we canstoresequencel’ = ((2,3)) insteadof s1 itself in its projecteddatabaseAlso notethatitemsthat
do not contrikuteto a frequentsequence otemsetextensiongetprunedfrom all projecteddatabaseanderthatnode
of thetree. Overall, databaserojectionreduceghe amountof sequencethatneedto be processea@t eachnodeand
promote<efficient patterndiscovery.

3.2 Performance Optimizations for Disk I/O

Expandingeachnodeof thetree,SLPMinerperformsthefollowing two steps.First, it calculateshe supportof each
item that canbe usedfor itemsetextensionand eachitem that can be usedfor sequencextensionby scanningthe
projecteddatabaseD’ once. Second,SLPMiner projectsD’ into a projecteddatabasdor eachfrequentextension
foundin the previousstep.

Sincewe wantSLPMinerto beableto run againstlargeinput sequentiatlatabasesheaccesso theinput database
andall projecteddatabasess disk-based.To facilitatethis, SLPMinerusestwo kinds of buffers: a read-uffer anda
write-buffer. Theread-luffer is usedto load a projecteddatabasdrom disk. If the size ofa projecteddatabaseloes



notfit in theread-luffer, SLPMinerreadspart ofthe databasérom disk severaltimes. Thewrite-huffer is usedto tem-
porally storeseveral projecteddatabasethataregeneratedt a nodeby scanninghe currentprojecteddatabasence
usingthe read-luffer. Therearetwo conflicting requirementoncerninghov mary projecteddatabasesve should
generatatatime. In orderto reducethenumberof databasscanswe wantto generat@smary projecteddatabaseas
possiblein onescan.Ontheotherhand,if we keepsmallbuffersfor mary projecteddatabasesimultaneouslyvithin
thewrite-buffer, it will reducethe size ofthe buffer assignedo eachprojecteddatabasdeadingto expensve frequent
I/O betweenthe write-buffer anddisk. In orderto balancethesetwo conflicting requirementsSLPMinercalculates
thesize ofeachprojecteddatabasevhencalculatingthe supportof everyitemin thecurrentprojecteddatabaséefore
it actuallygeneratesew projecteddatabaseslhen,SLPMinerperformsa numberof databasscan,andin eachscan,
it generateasmary projecteddatabaseasthey canfit in thewrite-buffer andthenwritesthe entirebuffer to the disk.
Thenumberof scanglepend®n the databassizeandthessize ofthewrite buffer. This methodalsofacilitatesstoring
eachprojecteddatabasén a contiguoussegmenton the disk, allowing us tousefastsequentiatisk operationsvhich
dramaticallyimprove the efficiency of disk I/O.

3.3 Pruning Methods

In this subsectionyve introducethreepruning methodsthat usethe SVE propertyto substantiallyreducethe size of
the projecteddatabaseandallow SLPMinerto efficiently find all sequentiapatternghatsatisfya length-decreasing
supportconstraint.

3.3.1 SequencePruning, SP

Thefirst pruningmethodis usedto eliminatecertainsequencefrom the projecteddatabasesRecallthat SLPMiner
generates projecteddatabaseat every node. Let us assumehat we have aprojecteddatabase)’ atanodeN that
represents sequentiabatternp. Eachsequencen D’ hasp asits prefix. If p is infrequent,we know from the
SVE propertythatin orderfor this patternto grow to somethingindeedfrequent,it musthave alengthof at least
f'(op(p)). Now considera sequences thatis in the projecteddatabaseat node N, i.e., s € D’. The largest
sequentiapatternthats cansupports of length|s| + p|. Now if |s|+|p| < f~'(op(p)), thens is tooshortto support
ary frequentpatternsthat have p asprefix. Consequentlys doesnot needto be consideredary furtherandcanbe
pruned.We will referto this pruningmethodasthe sequenc@runing methodor SPfor shortandis formally defined
asfollows:

Definition 5 (SequencePruning) Givena length-deceasingsupportconstaint f(!) anda projecteddatabaseD’ at
a noderepresentinga sequentiapatternp, a sequence € D’ canbeprunedfrom D’ if

f(lsl +[pl) > op(p)-

SLPMinerchecksif a sequenceeedso beinsertedto a projecteddatabasgust beforeinsertingit ontothe write-
buffer. We evaluatedthe compleity of this methodin comparisorwith the compleity of insertinga sequencéo a
projecteddatabase Therearethreeparametersve needto know to prunea sequenceis|, |p|, andop(p). Asthe
lengthof eachsequencés part of the sequencelatastructurein SLPMiner it takesa constantime to calculate|s|
and|p|. As for op(p), we know this valuewhenwe generatedhe projecteddatabasédor the patternp. Evaluating
function f takesa constantime because&SLPMinerhasa lookuptablethatcontainsall possible(l, f(1)) pairs. Thus,
thecompleity of this methodis justaconstantime perinsertinga sequence.

3.3.2 Item Pruning, IP

The secondpruningmethodeliminatescertainitemsfrom eachsequencén eachprojecteddatabasel et usassume
that we have aprojecteddatabaseD’ at a node N that representsequentiapatternp and consideranitemi in a



sequence € D’'. Fromthe SVE propertywe know thattheitem will contributeto avalid frequentsequentiapattern
only if

|s| +1p| > f~ (o0 (3)) 1)

whereop/(7) is the supportof item 4 in D’. This is becausef the following. The longestsequentiapatternthat s
can participatein is |s| + |p|, andwe know that, in the subtreerootedat N, sequentiapatternsthat extendp with
item ¢ have supportat mostop- (7). Now, from the SVE property suchsequentiapatternsmusthave lengthat least
fY(op(3)) in orderto befrequent.As aresult,if equation(1) doesnothold,itemi canbe prunedfrom thesequence
s. Onceitem ¢ is pruned,thenop: (i) and|s| decreasepossiblyallowing further pruning. Essentially this pruning
methodeliminatessomeof the infrequentitemsfrom the shortsequencesWe will referto this methodasthe item
pruningmethod,or IP for shortandis formally definedasfollows:

Definition 6 (Item Pruning) Givena length-deceasingsupportconstaint f(I) and a projecteddatabaseD’ at a
noderepresentinga sequentiapatternp, anitem: in a sequence € D’ canbeprunedfroms if

|s] +Ipl < £~ (op:(7))-

A simpleway to implementthis pruningmethodis asfollows: for eachprojecteddatabasdé’, repeatscanningD’
to collectsupportvaluesof itemsandscanningD’ againto pruneitemsfrom eachsequencentil nomoreitemscanbe
pruned.After that,we canprojectthedatabas@to a projecteddatabaséor eachfrequentitemin the prunedprojected
databaseThis algorithm,however, requiresmultiple scanof the projecteddatabasendhencewill betoo costlyasa
pruningmethod.

Instead we canscana projecteddatabas@®nceto collect supportvaluesandusethosesupportvaluesfor pruning
itemsaswell asfor projectingeachsequenceNoticethatwe areusingapproximatesupportvalueshatmightbehigher
thanthe real values sincehe supportvaluesof someitems might decreaseluring the pruningprocess. SLPMiner
applieslP beforegeneratinga projectedsequence’ of s andaftergeneratings’ justbeforeinsertings’ into thewrite-
buffer. By applyingIP beforeprojectingthe sequencesye canreducethe computationof sequencegrojection. By
applyingIP onceagnin for theprojectedsequence’, we canexploit thereductionof length|s| — |s’| to furtherprune
itemsin s’. Pruningitemsfrom eachsequencés repeatedintil no moreitemscanbeprunedor thesequencéecomes
shortenoughto be prunedby SP

IP canpotentiallyprunealargerportionof the projecteddatabaséhanSPsinceit alwaysholdsthatop (p) > op: (i)
andhencef !(op(p)) < f*(op:(i)). However, the pruningoverheacbf IP is muchlargerthanthatof SP Givena
sequence, in theworstcasepnly oneitemwill be prunedduringeachiterationovertheitemsin s. Sincethis canbe
repeatecasmary asthe numberof itemsin the sequencetheworstcasecompleity for onesequencés O(n?) where
n is thenumberof itemsin thesequencel aterin the paperwe will seehow this overheadaffectsthetotal runtimeof
SLPMinerthroughour experimentakresults.

3.3.3 Structure-basedPruning

Giventwo sequencesy, s of the samelengthk, thesetwo sequencesaretreatedequallyunderSPandIP. In fact,
the two sequencesanbe quite differentfrom eachother For example,{(1,2, 3,4)) and{(1), (2), (3), (4)) support
the samel-sequencé(1)), ((2)), ((3)), and((4)) but never supportthe samek-sequencefor £ > 2. Fromthis
obsenation, we consideredvaysto split a projecteddatabasénto smallerequivalentclasses.By having smaller
databasemsteadof onelarge databasewe may be ableto reducethe depthof a certainpathfrom theroot to a leaf
nodeof thetree.



As a structure-basegruning, we developedthe min-max pruning method. Let p be a sequentialpatternat a
particularnode,D’ beits projecteddatabaseandassumehatp is infrequent(i.e.,op(p) < f(|p|)). Fromthe SVE
property in orderfor p to becomefrequent,we needto grow p by addingatleastf!(op(p)) — |p| items. Now,
considerthefollowing two valuesthataredefinedfor eachsequence € D’.

1. a(s) = thesmallesthumberof itemsetsn s thatneedto beusedto grow p by f~!(on(p)) — |p| items.

2. b(s) = thenumberof itemsetsn s.

Thesetwo valuesdefineanintenval [a(s), b(s)], thatwe call the min-maxinterval of sequence. If two sequences
s,s' € D' satisfy[a(s), b(s)] N [a(s"),b(s")] = B, thens ands’ cannotsupportary commonsequentiapatternsince
their min-maxinternvalsaredisjoint. Thebasicideaof themin-maxpruningis motivatedby theabore obsenationand
its goalis to split the projecteddatabase)’ into two database®] and D} suchthatthey contritute to two disjoint
setsof frequentsequentiapatterns.

If thereexists D} and D, thatsatisfyU,e p: [a(s), b(s)] N Useny [a(s), b(s)] = 0, thenD; and D;, supportdistinct
setsof frequentsequentiapatterns.In generalhowever, this is impossible.Instead,D’ will be split into threesets
A, B, C of sequenceasshowvn in Figure4. More preciselythesethreesetsaredefinedfor somepositive integer k as
follows.

A(k) = {s|se D' Ab(s) <k}

B(k) = {s|s€ D' Aa(s)>k}

Ck) = D' —(AUB)
A(k) andB(k) supportdistinctsetsof frequentsequentiapatternswhereasA (k) andC (k) aswell asB(k) andC' (k)
supportoverlappingsetsof frequentsequentiapatterns. From thesethreesets,we form D; = A(k) U C(k) and

D}, = B(k) U C(k). If weminefrequentsequentiapatternsof lengthupto k£ — 1 from D} andpatternof lengthno
lessthank from Dj,, we will obtainthe samepatternsaswe would from original D’.

1 k Min-max intenal

Figure 4. Min-max intenals of a setof sequences

Throughoutour experimentswe obsened that |C| is usuallycloseto |D’|; thus, mining D} and D} separately
will costmore than mining the original databasd)’. We can, however, prunethe entire D’ if both |D}| and|Dj|
aresmallerthanthemin;>; f(I). Furthermorewe canincreasehis minimumsupportby thefactthatary sequential
patternghatthe currentpatternp canextendto is of lengthat mostmaxscp/(|s|) + |p|. Now, from the SVE property
we know thatif both |D)| and|Dj}| aresmallerthan f ! (maxscp:(|s|) + |p|)| D], thenwe caneliminatethe entire
D'. Essentiallythis meanghatif we cansplit a projecteddatabasénto two subsetsachof whichis too smallto be
ableto supportary frequentsequentiapattern thenwe caneliminatethe entireoriginal projecteddatabaseWe will
referto this methodasthe min-maxpruningmethodor MP for short,andis formally definedasfollows:

Definition 7 (Min-Max Pruning) Givenalength-deceasingsupportconstaint f(I) anda projecteddatabaseD’ at
a noderepresentinga sequentiapatternp, theentire D’ canbe prunedif there eistsa positiveinteger k£ sud that

(D1l = |AR)[+|C(k)] < f(max(]s]) + |p])| D], and
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Do = |B(k)| +|C(K)| < f(max(ls|) + [p)|D]-

We apply MP just after a new projecteddatabaseD’ is generatedf the entiresequencem D’ is still keptin the
write-buffer andif |D’| < 1.2f(maxsep(|s]) + |p|)|D]. Thefirst conditionis necessaryo avoid costly disk 1/O
andthe secondconditionis necessaryo increasethe probability of successfullyeliminatingthe projecteddatabase.
Thealgorithmfor MP consistof two parts. Thefirst partcalculateghe distribution of the numberof sequencesver
possiblemin-maxintenals. The secondpartfindsa positive integer k thatsatisfieshe above two equationsThefirst
partrequiresscanningD’ onceandfinding the min-maxinterval for eachsequenceFor eachsequence, SLPMiner
determines:(s) asthe smallesmumberof the largestitemsetswhosesizesaddupto atleastf = (op(p)) — |p|. The
othervalueb(s) is simply thenumberof itemsetsn s. This partrequiresO(m) wherem is thetotal numberof itemsets
in D’. Thesecondartusesann x n uppertriangularmatrix @ = (g;;) whereg;; = [{sla(s) = iAb(s) = jAs € D'}|
andn is the maximumnumberof itemsetdn asequencén D’. Matrix @ is generatediuringthe databasescanof the
first part. Givenmatrix Q, we have

k-1 n
[AR)[+IC(R)] = ZZ%
[B(k)| +|C(K)| = ZZ(M

Usingtherelations

1Ak + 1] +[C(k +1)]) = (JAK)] + |C(R)])

n
Z Ak
j=k
k
- Z Qik
i=1

we cancalculatel A(k)| + |C (k)| and| B(k)| + |C(k)| incrementallyfor all £ in O(n?). Sothe overall compleity of
the min-maxpruningfor one projecteddatabasés O(m + n?). In somecasesthis compleity may be muchlarger
thanthe runtimereductionachiezed by eliminatingthe projecteddatabaseHowever, our experimentalresultsshav
thatthe min-maxpruningmethodalonecansubstantiallyreducethetotal runtime.

(IB(k+1)[ +|C(k+1)]) = (IB(E)| + |C(K)])

4 Experimental Results

We experimentallyevaluatedthe performanceof SLPMinerusing a variety of datasetgeneratedy the synthetic
sequenceeneratorthat is provided by the IBM Quest groupand was usedin evaluatingthe AprioriAll algorithm
[10]. All of our experimentswere performedon Linux workstationswvith AMD Athlon at 1.5GHzand3GB of main
memory All thereportedruntimevaluesarein seconds.

In our experimentswe primarily usedtwo classef datasetdS1 and DS2, eachof which contained25K se-
guences.For eachof the two classesve generatedlifferentprobleminstancesasfollows. For DS1, we variedthe
averagenumberof itemsetdn asequencé&om 10to 30in incrementof two, obtainingatotal of 11 differentdatasets,
DS1-10, DS1-12,- -, DS1-30.For DS2,we variedthe averagenumberof itemsin anitemsetfrom 2.5to 7.0in incre-
mentsof 0.5, 0btainingatotal of 10 differentdatasetspS2-2.5, DS2-3.0,- -, DS2-7.0.For DS1+«, we settheaverage
size ofmaximalpotentiallyfrequentsequencet bez /2. For DS2«, we setthe averagesize ofmaximalpotentially
frequentitemsetgo bez /2. Thus,thedatasetontaindongerfrequentpatternsasz increasesThe characteristicof
thesedataset@aresummarizedn Table1l.
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parameter DS1 DS2

|D|: Numberof sequences 25000 25000

|C|: Averagenumberof itemsetgpersequence z=10,12,.--,30 3t0 10

|T'|: Averagenumberof itemsperitemset 25 r=25,3.0,---,7.0
N: Numberof items 10000 10000

|S|: Averagesizeof maximalpotentiallyfrequentsequences z/2 5

|I]: Averagesizeof maximalpotentiallyfrequentitemsets 1.25 z/2

Table 1. Parametersor datasetsisedin ourtests

In additionto theabove datasetsye alsoperformeda limited numberof experimentswith anotherdataseDS3,for
which the parametersveresetasfollows: |D| = 25000, |C| = 20, |T| = 10, N = 10000, |S| = 10, and|I| = 5.
This datasetontainsmuchlongersequencethanDS1 and DS2 andwasusedto evaluatethe overheadsassociated
with thevariouspruningmethods.

In all of our experimentswe useda minimum supportconstraintthat decreases$inearly with the length of the
frequentsequentiapattern.In particular theinitial valueof supportwassetto 0.001andit wasdecreasetinearlydown
to 0.0001for sequencesf up to length||C||T'|/2]. For therestof sequenceghe supportwaskeptfixedat 0.0001.
Figure5 shaws the shapeof the supportcurve for DS1-20for which | |C||T|/2]| = |20 x 2.5/2] = |50/2] = 25.

We alsoran SFADE [12] to compareruntime valueswith SLPMiner Whenrunning SFADE, we usedthe depth
first searchoption, which leadsto betterperformancahanthe breadthfirst searchoption on our datasetsWe setthe
minimumsupportvalueto bemin;>q f(1).

For SLPMiner we setthe size ofthe read-luffer to 10MB andthe write-buffer to 300MB. Similarly, we setthe
availablememorysizeto 310MB for SFADE.

0.001

Support

0.0001 -

Lengthof sequence

Figure 5. Supportcurve for DS1-20

4.1 Results

Tables2 and 3 shav the experimentalresultsthat we obtainedfor the DS1 and DS2 datasetgespectiely. Each
row of the tablesshaws the resultsobtainedfor a differentDS1« or DS2« datasetspecifiedon the first column.
The columnlabeled“SPADE” shawvs the amountof time taken by SFADE. The columnlabeled“None” shows the
amountof time taken by SLPMinerusinga constantsupportconstraintthat correspondgo the smallestsupportof

the supportcurve, thatis 0.0001for all datasetsThe othercolumnsshov the amountof time requiredby SLPMiner
thatusesthe length-decreasingupportconstraintanda total of five differentcombinationsof pruningmethods.For
example,the columnlabel “SP” correspondgo the pruning schemethat usesonly sequenceruning, whereashe
columnlabeled'SP+IP+MP”correspondso theschemehatusesall thethreepruningmethods Notethatvalueswith

a“—" correspondo experimentghatwereabortedbecausehey weretakingtoolongtime.
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SLPMiner

Dataset| SFADE None SP IP MP SP+IP | SP+IP+MP
DS1-10 10.562 20.219| 11.514| 11.570| 12.641| 12.006 11.839
DS1-12 18.245 41.420| 15.316| 15.430| 17.804| 15.358 15.935
DS1-14 46.216 98.359| 21.290| 21.583| 24.453| 21.429 21.297
DS1-16 87.289| 208.187| 27.342| 26.635| 31.230| 26.186 27.383
DS1-18| 273.325| 592.886| 39.228| 39.030| 43.490| 38.790 40.172
DS1-20| 594.777| 1438.932| 46.147| 48.440| 54.727| 47.864 47.723
DS1-22 | 4702.697| 8942.943| 63.351| 65.123| 74.905| 65.232 65.907
DS1-24 - - 82.756| 85.622| 94.640| 82.377 83.148
DS1-26 - — | 106.986| 112.180| 126.647| 111.699 106.567
DS1-28 - — | 139.369| 142.760| 162.062| 137.955 138.411
DS1-30 - — | 180.715| 189.029| 212.848| 185.601 184.105
Table 2. Comparisorof pruningmethodausingDS1
SLPMiner
Dataset SRADE None SP IP MP SP+IP | SP+IP+MP
DS2-2.5 10.562 20.219| 11.514| 11.570| 12.641| 12.006 11.839
DS2-3.0 21.159 45.887| 16.627| 16.940| 18.719| 15.871 15.902
DS2-3.5| 117.486 279.617| 31.851| 35.319| 43.267| 31.445 31.696
DS2-4.0| 333.786 899.025| 32.783| 32.488| 39.805| 31.940 32.107
DS2-45| 731.402| 1784.572| 35.871| 37.955| 43.138| 38.030 36.539
DS2-5.0 | 6460.641| 17106.370| 57.677| 61.654| 77.835| 59.115 59.096
DS2-5.5 - — | 59.500| 62.617| 73.759| 61.187 61.798
DS2-6.0 - - 77.752| 78.684| 96.951| 77.925 75.186
DS2-6.5 - - 98.061 | 105.475| 144.387| 101.213 102.184
DS2-7.0 - — | 116.986| 119.907| 136.513| 113.443 117.602
Table 3. Comparisorof pruningmethodausingDS2

SP IP SP+IP | SP+IP+MP

Runtime | 15939.386| 16019.344| 15103.936| 15205.960

ProjectedDatabase&ize(GB) 65.990 47.501 43.206 41.358

Table 4. Comparisorof pruningmethodausingDS3
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A numberof interestingobsenationscanbe madefrom the resultsin thesetables. First, eventhoughSLPMiner
without ary pruningmethodis slower thanSFADE, theratio of runtimevaluesis stablerangingfrom 1.9to 2.7 with
average?.3. This shows thatthe performancef SLPMineris comparabléo SFADE andareasonablygoodplatform
for evaluatingour pruningmethods.Second eitheroneof pruningmethodsperformsbetterthan SLPMinerwithout
ary pruningmethod.In particular SR IP, SP+IRandSP+IP+MPhave almostthesamespeedupFor DS1,thespeedup
by SPis aboutl.76timesfasterfor DS1-10,7.61timesfasterfor DS1-16,and141.16timesfasterfor DS1-22.Similar
trendscan be obsered for DS2, in which the performanceof SLPMinerwith SPis 1.76timesfasterfor DS2-2.5,
8.78timesfasterfor DS2-3.5,and296.59timesfasterfor DS2-5.0. Third, comparingthe differentpruningmethods
in isolation,we canseethatSPleadsto thelargestruntimereduction |P leadsto the secondargestruntimereduction,
andMP achiezesthe smallesteduction. Theproblemwith MP is the overheadf splitting adatabaséto two subsets.
Even so, it seemssurprisingto gain sucha greatspeedugby MP alone. This shaws a large part of the runtime of
SLPMinerwithout ary pruningmethodis accountedor by mary small projecteddatabasethat never contrikute to
ary frequentpatterns As for SPandIP, SPis slightly betterthanIP becauséP andSPprunealmostthe sameamount
of projecteddatabase$or thosedatasetdut IP hasmuch larger overheadthan SP Fourth, the runtime with three
pruningmethodsincreasegraduallyasthe averagelengthof the sequencegandthe discoreredpatterns)ncreases,
whereaghe runtimeof SLPMinerwithoutary pruningincreasegxponentially

Finally, Table 4 shavs the runtime and projecteddatabasesize for the DS3 dataset. We testedSR IP, SP+IR
SP+IP+MPfor DS3 sincethey were the bestwhen appliedto DS1 and DS2 datasets.Even thoughthe projected
databassize ofIP is 1.5 timessmallerthanthatof S SPandIP achiese almostthe sameruntimeagain becausef
thelarge overheadf IP. Thesetwo methodshowever, canachieve thebestruntimewhencombinedasSP+IPbecause
IP doesnot have to prunethe part of projecteddatabasefor which SPcanprune. SinceDS3 containsmuchlonger
sequencethanDS1andDS2 datasetstherearemoreopportunitiesor IP to prunewhereSPdoesnotwork.

5 Conclusion

In this paperwe presentecnalgorithmSLPMinerthatcanefficiently find all frequentsequentiapatternghatsatisfy
alength-decreasingupportconstraint.The key insightthatenabledus toachieve high performancavasthe smallest
valid extensionpropertyof the length-decreasingupportconstraint. This allowed us todevelop effective database
pruningmethodghatimprovedthe performancesf SLPMinerby upto two ordersof magnitude.

The pruning methodsare not specificto SLPMiner but almostall of them canbe incorporatednto other algo-
rithmsfor sequentiapatterndiscovery. For example,it is straight-forvardto implementall threepruningmethodsn
PrefixSpar{8] with disk-basedgrojection. PrefixSparwith pseudo-projectiosanusethe sequenceruningmethod.
EvenSFADE [12], whichhasno explicit sequenceepresentatioduring patternmining, canusethe sequenc@runing
methodby addingthelengthof a sequencéo eachrecordin the vertical databaseepresentation.
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