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- LEUVEN
Pattern mining

Interestingpatterns:

Frequenpatterns
Eg.g:aga”™ ..M a,
Frequeng f reqg)

Associationrules
E.g.r : If antecedthenconseq
Support:supp(r) = f reqanteced
Con dence:
conf(r) = f reqconseq=freqganteced
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Main mining phases

Hypothesisspaceade nition (bias)
Candidategeneration

Frequeng testing! frequentpatterns
Patternd associatiomules
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Problemde nition

We wanta mining algorithm:thats both
Expressre (semantiaelational)
Ef cient (bothspaceandtime)
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LEUVEN

Representationlanguages

Propositional
Syntacticakelational

Semanticatelational(with background
knowledge)
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Propositional language
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ltemsetswith whatcustomerdought
Freq(pizza)=1freqg(beer)=0.75
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Relational language

Relationaldatabase
freg(luys(X,wine))=0.5freq(friend(X,Y),luys(Y,wine))=1

ouys(john,beer). | buys(bart,wine). | friend(bart,mary).
ouys(john,wine). | buys(bart,pizza). | friend(bart,lisa).

ouys(john,pizza). | buys(lisa,beer).
ouys(marybeer). | buys(lisa,pizza).
puys(marypizza).
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With background knowled

Backgroundknowledgede nesgenerabroperties

freq(luys(X,wine))=0.5freq(luys(X,Y),alcohol(Y))=1

ouys(jo
ouys(jo
ouys(jo

nn,beer).
nn,wine).

NNn,pizza).

puys(marybeer).
puys(marypizza).

ouy's(
ouys(
ouy's(

ouy's(

part,wine).
part,pizza).
Isa,beer).

ISa,pizza).

friend(bart,mary).
friend(bart,lisa).

alcohol(beer).

alcohol(wine).

friend(X,Y)
friend(Y,X).
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Background knowledge?

Users knowledgeonthedomain
Includingbut not limited to

Hierarchiesalcohol(X) X=beer
Symmetry:bond(X,Y) bond(Y,X).

Transitvity: X<Y  X<Z, Z<Y.
Structureshas_benzene(M) atom(M,Al,c),
bond(M,Al1,A2,7)atom(M,A2,c),bond(M,A2,A3,7),
atom(M,A3,c),bond(M,A3,A4,7),atom(M,A4,c),
bond(M,A4,A5,7),atom(M,A5,c),bond(M,A5,A6,7),
atom(M,A6,c),bond(M,A6,Al1,7).
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_ _ LEUVEN
Ef ciency Issues

Speed:avoid redundantomputations

Spaceusecompactepresentations

Knowledge(sharinginformationbetween
examples)Struyf et Ramon,ILP2003]

Patterns/rulegusingtrees,combining
“tries” and“packs”)

Condensedepresentations
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Intr oduction

Mine frequentpatternssuchas:
personk ) buys(X, pizza)” friend(X, Y)"
buys(Y, wine)
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Intr oduction

Mine frequentpatternssuchas:
personk ) buys(X, pizza)” friend(X, Y)"
buys(Y, wine)

Spaceof all conjunctve queriedss very large
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LEUVEN

Intr oduction

Mine frequentpatternssuchas:
personk ) " buys(X, pizza)™ friend(X,Y)"
buys(Y, wine)

Spaceof all conjunctve queriess verylarge

De ne constrainton generategbatterns
Only generatéinteresting” patterns
Not: person(X),friend(X,Y), buys(X,Y)
Not. atom(M,A1l,c),atom(M,A2,0)
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Intr oduction

I De ne apatternlanguage.
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Intr oduction

I De ne apatternlanguage.

Consistof typedeclarations:
type (buys(personproduct)).

type (friend(personperson)).
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Intr oduction

I De ne apatternlanguage.

Consistof typedeclarations:
type (buys(personproduct)).

type (friend(personperson)).

And modedeclarations:
rmode (buys@ X, #)).

rmode (friend(+ X, Y)).
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Intr oduction

De ne apatternlanguage.

Consistof typedeclarations:
type (buys(personproduct)).

type (friend(personperson)).

And modedeclarations:
rmode (buys@ X, #)).

rmode (friend(+ X, Y)).

Canbegeneratedemi-automaticallypased
on databasschema
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Intr oduction

How to generateandidatgatterns?
Propositionaladdelemento item set
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LEUVEN

Intr oduction

How to generateandidatgatterns?
Propositionaladdelemento item set

Relational:usere nementoperator
pattern! patternset

(personk)) =fpersonk ) buys(X, pizza),
personk ) N buys(X , wine),
personk ) * friend(X, Y)g

Recursvely applying generategallc2 L
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Search space

person(X)

buys(X,pizza)

buys(X,wine)

friend(X,Y)
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Search space

person(X) i buys(X,pizza) {{ buys(X,pizza)
buys(X,wine)
friend(X,Y)

Hbuys(X,wine)
Hfriend(X,Y)
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Search space

person(X) i buys(X,pizza) {{ buys(X,pizza)
Hbuys(X,wine)
Hfriend(X,Y)
Hbuys(X,wine)r -

{friend(X,Y) H{ buys(X,pizza)
Hbuys(X,wine)

Hbuys(Y,pizza)

Hbuys(Y,wine)
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_ _ LEUVEN
Basic Algorithm

algorithm WARMR(E ,R, ,minsup
k=0;Co=fRg; | =;
while Cy 6 ;
computecouri(c;E); 8c 2 Ci
Fk=fc2 Cy)court(c) minsup |Djg
| =1 (Ck Fy); Cys1 =,
for eachc 2 Fy, "2 (c)
if not testsE® c;Crs1;1)
then Cys1 = Car [ FC
K=K+ 1
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Basic Algorithm

testgc® c;Cy1: 1)
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Basic Algorithm

testgc® c;Cy1: 1)
Equnalentto parent:
c
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Basic Algorithm

testgc® c;Cy1: 1)
Equnalentto parent:
c
Equnalentto othercandidate:
Oc’2 Cyiq: 0
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Basic Algorithm

testgc® c;Cy1: 1)
Equnalentto parent:
c
Equnalentto othercandidate:
Oc’2 Cyiq: 0
More speci ¢ thaninfrequent:
9i21;:i c’(monotonicity)
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LEUVEN
Mor e generalthan

Propositionallg |s

Relational:G S

friend(X,Y)
friend(X,Y), buys(Y,2)
friend(X,Y), buys(Y,beer)

SemanticalS|[ BGE G
buys(X,Y), alcohol(Y) buys(X,beer)
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_ LEUVEN
Equivalent

A B, (A BB A)
Propositionall o = |Ig

Relational:
buys(X,pizza)buys(X,Y) buys(X,pizza)

Semantical:
buys(X,Y), alcohol(Y),Y=beer buys(X,beer)

friend(X,Y), friend(Y,Z) friend(X,Z), friend(Y,Z)
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_ _ LEUVEN
Basic Algorithm

Two expensve steps:
Candidategeneration
test{c® c;Cys1: 1)
Candidatesvaluation
(queryexecution/ databasaccess)

I Proposeef cient algorithmsfor thesesteps
basemnthetreerepresentationf Cy andl
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TreeRepresentation

person(X)

buys(X,pizza)

buys(X,pizza)

buys(X,wine)

friend(X,Y)

Hbuys(X,wine)

buys(X,pizza)

Hfriend(X,Y)r -

Onef cient mining of compactlyrepresentedetsof frequentpattern
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TreeRepresentation

person(X) H buys(X,pizza)
buys(X,wine)
friend(X,Y)
Hbuys(X,wine) i buys(X,pizza)
buys(X,wine)
friend(X)Y)

Hfriend(X,Y)r -
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LEUVEN

TreeRepresentation

person(X)

buys(X,pizza)

friend(X,Y)

buys(X,wine) <:|

Hbuys(X,wine)

buys(X,pizza) |-

Hfriend(X,Y)r -

buys(X,wine)

friend(X)Y)
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LEUVEN

TreeRepresentation

person(X)

buys(X,pizza)

buys(X,wine)

friend(X,Y)

Hbuys(X,wine)

Hfriend(X,Y)r -

DUV S l'@]

buys(X,wine)

friend(X)Y)
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LEUVEN

TreeRepresentation

person(X)

buys(X,pizza)

buys(X,wine)

friend(X,Y)

Hbuys(X,wine)

Hfriend(X,Y)r -

DUV S l'@]

] Vb\ - - -A"l_.@]

friend(X)Y)
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Monotonicity Test

9i21:i
Naive iImplementationiterateover all
Infrequentgueries

V= person(X) buys(X,wine),friend(X,Y),
ouys(Y,coconut)

1 = person(X) friend(X,Y), buys(Y,jam)
> = person(X) friend(X,Y), buys(Y,coconut)

Candidatewill beinfrequentbecause¢hereexistsan
iInfrequentpatternthatis moregeneral
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Monotonicity Test

Replacevariablesby uniqueconstants
person(pl)buys(pl,wine)friend(pl,p2),
buys(p2,coconut)

Matchtreerepresentatioof infrequent

patternonthis set
person(X)Hfriend(X,Y)

buys(X,jam)
\- buys(X,coconut)
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- LEUVEN
Monotonicity Test

Replacevariablesby uniqueconstants
person(pl)buys(pl,wine)friend(pl,p2),
buys(p2,coconut)

Matchtreerepresentatioof infrequent

patternonthis set

person(X)Hfriend(X,Y){ buys(X,jam)
X=pl \- buys(X,coconut)
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Monotonicity Test

Replacevariablesby uniqueconstants
person(pl)buys(pl,wine)friend(pl,p2),
buys(p2,coconut)

Matchtreerepresentatioof infrequent

patternonthis set
person(X)Hfriend(X,Y){ buys(X,jam)

X=pl Y=p2 \- buys(X,coconut)
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- LEUVEN
Monotonicity Test

Replacevariablesby uniqueconstants
person(pl)buys(pl,wine)friend(pl,p2),
buys(p2,coconut)

Matchtreerepresentatioof infrequent
patternonthis set
person(X)Hfriend(X,Y) Lbuys(x,jam) fails

X=pl Y=p2 buys(X,coconut)
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Monotonicity Test

Replacevariablesby uniqueconstants
person(pl)buys(pl,wine)friend(pl,p2),
buys(p2,coconut)

Matchtreerepresentatioof infrequent
patternonthis set
person(X)Hfriend(X,Y)Hbuys(X,jam)| fails

X=pl Y =p2 \-buys(x,coconut) succeeds
Pattern is infrequent
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EquivalenceTest

Performbidirectional -test
Exploit treestructureto improve ef ciency

(Stepl) Find setof canidatepatternss thatis
moregeneralor equal)

Similarto monotonicitytest,but now with tree
representationf Cy.+1

(Step2) Testif ® c¢;c2 G
Matchclalonga pathin thetreerepresentationf G
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LEUVEN

Hash Function

Property:h(c;) 6 h(c,) thenc; andc, cannot
beequvalent

Do not have to performequvalencetestwith
eachcandidatepnly testcandidatesvith
equalhashvalues

Only 1 or 2 candidatesN 2 becomesN

Hashfunctioneasycomputabldor syntactic
-tests,moredif cult for semantiqdneeds
C I O S u rE) Onef cient mining of compactlyrepresentedetsof frequentpatternsn relationallanguages- p.27/52



LEUVEN

Candidate Evaluation

Query-packevaluationexploits treestructure
of Cy [Blockeel'02]

Query-transformationsantosCosta'03]

Ef clent -subsumption
[MalobertiandSebad01]

Coveragdists (for rst few levels)
In experimentonly query-packs
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Experiments

Carcinogenesi830(d=5,50%,5%)
(elementtype)[Srinivasan99]

HIV 41768(d=6,5%,0.1%)
(element)Kramer'01]
CompareClassic,Optimized(exploitstree
structuran bothcandidategeneratiorand

evaluation,useshashfunction)andOptimizec
with semantiddias(no hashfunction)
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Candidate Generation

Semantidias

bond(Al1,A2,T) bond(A2,Al1,T).
element(A,E) elem2type(E, T)type(A,T).
constraint(bond(Al1A2, T), A1 6 A2).

e
e
e

em2ty
emz2ty
em2ty

ne(hB4).
ne(c,10).
ne(c,14).
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Experiments

10" | g
7 E 8
© 10° | g'am
£ ,| OO0 v
=107 |
10 |
1
50% 5% 5% 0.1%
CANC CANC HIV HIV

B Evd. B Mono. B EgC. E EqP
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Experiments

CANC 5%

B Cand. (18311)
B Freg. (14686)

Depth
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Conclusion

Treerepresentatiormprovesef ciency of:
Equivalencetest(+ hashfunction)
Monotonicitytest
Patternevaluationon database

Databasewith mary examplesvs. with alarge
hypothesidanguage

Semantidiasreduceghe numberof patterngboth
evaluatedandfrequent)
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Overview

Introduction

Mining frequentpatterns

Mining associationmules
De nitions

Freeandclosedsets
[Luc De RaedtJanRamon KR2004]

Conclusions

Onef cient mining of compactlyrepresentedetsof frequentpatterndn relationallanguages- p.34/52



LEUVEN

Assoclationrules

Queryextensions:

9Y friend(X;Y); buys(Y;pizza)
9Y :friend(X;Y)

Relationalassociatiomules(rangerestricted)
8Y :buys(Y;pizza) friend(X;Y)
8Y :alcoholY) DbeelY)
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Mining associationrules

Using negation:
b aMax”™:::"Nan
(bMagMaxM N ap)

Goodassocilationule Iff

Support:freg@, ™ a; ™ ::: ™ a,)> minfreq
freqC b a1 ™ ax™ .M apg)< )

con dence> suppXsupp )

Onef cient mining of compactlyrepresentedetsof frequentpatterndn relationallanguages- p.36/52



LEUVEN
Freepatterns

If gfrequentandp ghighcon dence,then
p” gfrequent.

) p” gisredundantf approximatiorgood
enough(=high con dence)

Freepattern:no literal canbe provenfrom
otherliterals
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Freepatterns

Rulesfrom

Mined associationmules( -free)
= maximumnumberof allowed
exceptionso rule
Backgroundknowledge(s-free)
Applying rulesrq;r,:::r, with at most
€1,6:...6, Igxceptions) frequeny candrop

n

byatmost _, e
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Freepatterns

Supposdhat
buys(X,pizza) buys(X,Y),alcohol(Y)( = 1)

freq(friend(X,Y),luys(Y,Z2),Z=beer)=200.
) freq(friend(X,Y),buys(Y,Z), Z=beer
alcohol(Z))=200

) freqg(friend(X,Y),uys(Y,Z), Z=beer
alcohol(Z),buys(Y,pizza)) 199



Closedpatterns

Patternp is closedwrt setof rulesR Iff p Is
leastHerbrandmodelof R[ p , I.e. anything
dervablefrom p by R Is alreadyin p.

Rulesfrom backgroundKB andfrom mined
assoaqules.

closingarule givesa closedrule whose
frequeny approximateshefrequeny of the
original rule (dependingon the numberof
addediterals).
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Closedpatterns

Supposehat
buys(X,pizza) buys(X,Y),alcohol(Y)( = 1)

notc
notc
notc

0Sedl
0Sed’

0Sed’

frienc
frienc

frienc

(X,Y), buys(Y,Z2), Z=beer
(X,Y), buys(Y,2), Z=beer alcohol(Z)
(X,Y), friend(Y,X), buys(Y,2),

Z=beer alcohol(2)

closed:friend(X,Y), friend(Y,X), buys(Y,Z), Z=beer
alcohol(Z),buys(Ypizza)
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Sourceof rules

Frommined -freerules

Frombackgroundknowledge

Equnvalent
Let =0, collectO-freerules
addrulesto backgroundknowledge
usesemantidreeness

) sameresults
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Approximation

1 or morepatterncanbereducedo 1 free
pattern

1 or morefreepatterncanbeclosedto 1
closedpattern

boundon frequeny difference

) smallersetof queries approximating
frequencies.
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reduction
o [N N W AN o1 (@)

Mutagenesis/ # patterns

B sfree
B o-free
O 6-sfree
B closed
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reduction

i
Q. O

Mutagenesis/ timings

B classic
B sfree
B s-free
B 6-sfree
B closd

5
level
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Carcinogenesis # patterns

2:2 . s-free
20| I &5-free
=18| O 6-sfree
>16| Il closed

0 1 2 3 4 5
level
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reduction

Carcinogenesig timings

i
Q. O

B classic
B sfree
B s-free
B 6-sfree
B closd

5
level
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Discussion

Freepatterngeducebothspaceandtime
requirements

Closedpatternsneedmorecomputatiortime
but furtherreducethe numberof patternan
approximationcurrentclosure
Implementatiorcanbeimproved)
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Conclusions

Ef cient techniqguedor mining condensed
approximatiorof setof all frequentpatterns
andinterestingassociatiorfules.

Usingmoreexpressve semantiaelational
setting(backgroundcknowledge)
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Further work

Investigatemorecloselyinteractionbetween
differentoptimisations

Investicatetrade-of syntacticaloptimisations
VS. semanticabptimisations

Useof closureto improve candidate
generatiorstep.
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Questions?
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