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| ntroduction

A Motivation

» Problem of mining sequential patterns
e Candidate generation + support counting

» Three strategies used in the related works

» Can we mine all the frequent sequences without
counting the supports of non-freguent sequences?

dGoal
» A new strategy to meet this demand
» An efficient algorithm combining all the strategies

MAKE Lab P.1



| ntroduction

dANn Example
» Support count: number of customer sequences
» Minimum support count o (=2)
» All the frequent k-sequences

* Frequent 3-sequences | cID | Customer Sequences

(a, g)(b), (a, g)(h), 1 |(a e g)b)h)(H)(c)(b, )

(@ g)(®), (@(0)(h), (b)(d. 1)(e)

2
3 (b, f, Q)
@(b)(®), (a)(b, 1), 4 |, o)., h)b,
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dANn Example
» Support count: number of customer sequences
» Minimum support count o (=2)
» All the frequent k-sequences

* Frequent 3-sequences | ciD | Customer Sequences.
(a, g)(b), (& g)(h), 1 (e g)(b)(h)(f)(c)@
@90 @O, [l
(@(b)(f), (a)(b, ), 4 | g{@ h@

Support count of <(b, f)>=2
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dStrategy 1: Candidate Sequence Pruning

» Prune the candidates as early as possible

o Anti-monotone property

—1f (a)(b) 1s not frequent, (a)(b)(c), (a)(b, ¢), ... are
not, either.

» Reduce the processing costs and storage overheads
for support counting

» Has been used 1n all the related works
« GSP, SPADE, PrefixSpan, SPAM, ...
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dStrategy 2. Database Partitioning

» PrefixSpan

* Projected database: the customer sequences having
the same préefix

» SPADE/SPAM

 |D-list/bitmap: the customer sequences and the
positions wher e a sequence appears

» Eliminate the unnecessary decompositions of
customer sequences
e But add extra costson projectionsor merging

MAKE Lab
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dStrategy 3. Customer Sequence Reducing
» Shorten the customer sequences

» PrefixSpan removes items during the projections
e Pseudo usespointersto smulatetheitem removal

» Reduce the processing and storage costs for
decomposing the customer sequences

CID Custom¢ Seguences

1 [(ae g®®m®ED,T)

(b)(d, f)(e)

2
3 (b, f, 9 l
4 | ()& g)b,f, h)b, )
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dStrategy 3. Customer Sequence Reducing
» Shorten the customer sequences

» PrefixSpan removes items during the projections
e Pseudo usespointersto smulatetheitem removal

» Reduce the processing and storage costs for
decomposing the customer sequences

CID Custom¢ Seguences
e (@ & 9 O)(h)D)()b. 1)
CID | Customer Seguences ?;)(k')))( 2 (b)(d, f)(e)
1 1 ()b, ) «— |3 (b,f,g)l
4 (,f,h)(b,f) 4 (f)(a, 9)(b, f, h)(b, f)
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dStrategy 4. Direct Sequence Comparison (DI SC)

» Recognize all the frequent k-seguences without
counting the supports of non-frequent k-sequences

» Reduce the costs for support counting and
decomposing the customer sequences

MAKE Lab P.6
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dStrategy 4. Direct Sequence Comparison (DI SC)

» Recognize all the frequent k-seguences without
counting the supports of non-frequent k-sequences

» Reduce the costs for support counting and
decomposing the customer sequences

Algorithm

DISC

GSP (| SPADE || SPAM PrefixSpan (| DISC-all
Strateqy
Candidate Sequence Pruning || v \ N \ \
Database Partitioning \ N \ \
Customer Sequence Reducing N \
\
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The DISC Strategy

dTheOriginal Database = K-Sorted Database

» A method to compare sequences A=(ayb,¢;)(b.d,)
: : B=(a,c,d,)(a,)
o Deferential point C=(a,b,)(c,d,)

— Leftmost different item or transaction number
— DP(A,B)=2, DP(A,C)=3, DP(B,C)=2
« Comparativeorder: thealphanumeric order on DP
— A<C<B (compare the items first)
» K-minimum subsequence = k-minimum order
e K=2: KM S,=(a, b), KM S3=(a)(a), KM S=(a, b)
e 2-minimum order: B<,C=,A

MAKE Lab P.7



The DISC Strategy

dTheOriginal Database = K-Sorted Database

> A method to compare sequences JA=@b,c)(b.dy) |
: : B=(a,c,d,)(a,)
» Deferential point C=(a,b,)(c,d,)

— Leftmost different item or transaction number
— DP(A,B)=2, DP(A,C)=3, DP(B,C)=2
« Comparativeorder: thealphanumeric order on DP
— A<C<B (compare the items first)
» K-minimum subsequence = k-minimum order
e K=2: KM S,=(a, b), KM S3=(a)(a), KM S=(a, b)
e 2-minimum order: B<,C=,A

MAKE Lab P.7



The DISC Strategy

dTheOriginal Database = K-Sorted Database

» A method to compare sequences A=(ajbic,)(b,d,)
. . B=(a,c,d,)(a,)
* Deferential point c=(a8,)(c,d,)

— Leftmost different item or transaction number
— DP(A,B)=2, DP(A,C)=3, DP(B,C)=2
« Comparativeorder: thealphanumeric order on DP
— A<C<B (compare the items first)
» K-minimum subsequence = k-minimum order
e K=2: KM S,=(a, b), KM S3=(a)(a), KM S=(a, b)
e 2-minimum order: B<,C=,A

MAKE Lab P.7



The DISC Strategy

dTheOriginal Database = K-Sorted Database

» A method to compare sequences A=(a,b{C,)(b,d,)
. . B=(a,¢,d,)(a,)
* Deferential point C=(a,b,)(CAi,)

— Leftmost different item or transaction number
— DP(A,B)=2, DP(A,C)=3, DP(B,C)=2
« Comparativeorder: thealphanumeric order on DP
— A<C<B (compare the items first)
» K-minimum subsequence = k-minimum order
e K=2: KM S,=(a, b), KM S3=(a)(a), KM S=(a, b)
e 2-minimum order: B<,C=,A

MAKE Lab P.7



The DISC Strategy

dTheOriginal Database = K-Sorted Database

» A method to compare sequences A=(ayb,¢;)(b.d,)
Def . . B=(acd,)(a)
* Deferential point C=(a4b;)(c,d))

— Leftmost different item or transaction number
— DP(A,B)=2, DP(A,C)=3, DP(B,C)=2
« Comparativeorder: thealphanumeric order on DP
— A<C<B (compare the items first)
» K-minimum subsequence = k-minimum order
e K=2: KM S,=(a, b), KM S3=(a)(a), KM S=(a, b)
e 2-minimum order: B<,C=,A

MAKE Lab P.7



The DISC Strategy
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The DISC Strategy

dTheOriginal Database = K-Sorted Database

» A method to compare segquences
e Deferential point

— Leftmost different item or transaction number

—DP(A,B)=2, DP(A,C)=3, DP(B,C)=2

« Comparative order: thealphanumericorder on DP

— A<C<B (compare the items first) (a b)

» K-minimum subsequence = k-minimum order EZ?(S)
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MAKE Lab
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The DISC Strategy

JK-sorted Database = Compare a, and 0

»Equality: If 0=2 = (a)(b)(b) is frequent
e For CID=1 and 4, find new KM S > (a)(b)(b)

Customer Seguence

—LCID 3-minimum Subsequence
1y (a)(b)(b)

(a. e, g)(b)(h)(F)(c)(b. 1)

a, H2 (@)(b)(b) (f)(a. g)(b. f. h)(b. f)
12— (b)(d)(e (b)(d. f)(e)
3 (b.f.q) (b.f.q)
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The DISC Strategy

JK-sorted Database = Compare a, and 0
»Equality: If 0=2 = (a)(b)(b) is frequent
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The DISC Strategy

JK-sorted Database = Compare a, and 0
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The DISC Strategy

d Advantages
» Only the frequent sequences are counted
» The costs of sequence decomposition are reduced

» The frequent k-sequences can be discovered
directly without following the bottom-up approach

dCore Techniques
» Algorithmsto quickly find KMS and CKMS
o Apriori-KMS/Apriori-CKMS
» Data structure to maintain the k-sorted database
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The DISC-all Algorithm

Database Partitionin DISC

S L L L L L L T e e L L R L CEP R AR ECTRERRERRECCE P OO CTRERRERY 2

> :
First-level Second-level
partition 1 partition 1 . 4-sorted
. database
e — 1 IR 1 : ¢
| I | I - °
| | | | :
| First-level ! ISecond-level! . A
- | partition 2 i i partition 2 N
Theoriginal | | | PN\
database | | | LN
. N N\ k-sorted
=\ database
! | I ™ \
—> | | | 4
| First-level | :Second-level: .
| partition N | | partition M | -
| | [ ]
lL _________ ! l _________ | - Freguent 4- sequences

v v v

MAKE Lab Freguent 1-sequences Frequent 2-sequences Frequent 3- sequences Frequent k:sequences P.10




The DISC-all Algorithm

Database Partitionin DISC
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The DISC-all Algorithm

Database Partltlonlng

Customer Sequence >
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. database
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v v v

MAKE Lab Freguent 1-sequences Frequent 2-sequences Frequent 3- sequences Frequent k:sequences P.10




dStrategy 2. Multi-level Partitioning

The DISC-all Algorithm

CID | Customer Sequences | nitial Partitions After <(a)>-partition
1 (a, d)(d)(a, g, h)(g) <(a)>-partition <(c)>-partition
2 (B)(a)(f)(a, C, & 0) v <(a)>-partition <(b)>-partition
3 (a, f, g)(a, e, g, h)(c, g, h) <(a)>-partition <(c)>-partition
4 (f)(a, ¢, f)(a, c, e g, h) <(a)>-partition <(c)>-partition
5 (a, 6) _ <(a)>-partition <(g)>-partition
6 (a, )(a, g g, h) <(a)>-partition <(e)>-partition
7 (a, B 0)(a, e, g)(g, h) <(a)>-partition <(b)>-partition
8 (b, f)(b, €)(e, f, h) <(b)>-partition <(b)>-partition
9 (d, f)(d, f, g, h) <(d)>-partition <(d)>-partition
10 (b, f, 0)(c, €, h) <(b)>-partition <(b)>-partition
11 (e, 9)(f)(e, 1) <(e)>-partition <(e)>-partition
MAKE Lab P11



dStrategy 2. Multi-level Partitioning

The DISC-all Algorithm

CID ustomer Segquences | nitial Partitions After <(a)>-partition
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4 (Q(a c, f)(a c, e g, h) <(a)>-partition <(c)>-partition
5 (a, ) _ <(a)>-partition <(g)>-partition
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9 (d, f)(d, f, g, h) <(d)>-partition <(d)>-partition
10 (b, f, g)(c, €, h) <(b)>-partition <(b)>-partition
11 (E, g)(f)(e, 1) <(e)>-partition <(e)>-partition
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The DISC-all Algorithm

dStrategy 3. Customer Sequence Reducing

» Reduce <(a)>-partition (6=3)
 Remove non-frequent 1-sequence (d)

MAKE Lab

 Remove non-frequent 2-sequences (2)(C) iis frequent
—(@)(0), (a)(d), (&a)(f), (ab), (ac), and (ad)

CID | Customer Sequences CID | Reduced 2{gfomer Sequences
1| (a d)(d)(a g h)c 1| (a)(a, g/h)e)
2 b)(a)(f)(a, c, e 2 (b)(é(aﬁ, e, Q)
3 a.f.g)(a,eq,h)cah) | |3 (a,f,gf{(a, e g, h)(c, g, h)
4__|(f)(a.cf)aceq.h) 4 | nHa.c.eaqh)

(et 6 (a, f)(a e g h)
6 |(af)a.eq.nh) 7 |(a,q)a e q)g, h)
7 a, b, g)a e h P.12
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The DISC-all Algorithm

dStrategy 1+4:. Candidate Sequence Pruning+DISC
»<(a)(a)>-partition = 4-sorted database
»Use the 3-sorted list:

MAKE Lalk

CID 4-minimum Subseguences | Customer Sequences Pointer
3 (a)(a, e)(c) (a. f, g)(a, e g h)c g h) 1—
2 (a)(a, & g) (b)(@)(a, ¢, e g) 1

4 (a)(a, e, 0) (f)(a, f)(a, c, e q, h) 1

6 (a)(a, e, Q) (a, f)(a, e, g, h) 1

/ ()@ e 9 (&, 9)(a, e ag)g, h) 1

1 (a)(a, 9)(c) (@)(a g, h)(c) 2 pi3
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ONon-reduction rate (NRR) ~ NRRg=— 3 :;:p
Q pisachild partition of Q Q
»Average NRR vs. DISC-all’ s improvement

» Partitioning strategy can benefit from the partition
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Performance Evaluation

O Non-reduction rate (NRR)  NRR, Nl y 3%
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Performance Evaluation

dThe Dynamic DI SC-all Algorithm
»Maximum NRR threshold
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JFutureWork
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