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Data Mining and Machine Learning

* Numerous constraints have been defined

* Numerous systems have been developed

Yet,

* new constraints mostly require new implementations

* very hard to combine different constraints




Constraints

* Data Mining & Machine Learning
specific use of constraints in algorithms

* Constraint Programming
general methodology for handling constraints

i Surprisingly, CP has not been applied
on Data Mining & Machine Learning
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Constraint Programming

One of the succes stories of A.l.
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model:\
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search:

/

declarative specification of constraints

generic handling of variables and constraints
& efficient propagation of individual constraints



Challenge

Constraint Data Mining &

Programming Machine Learning

* Can CP be used for DM & ML?
* Can CP compete in and contribute to DM & ML?



Constraint-based mining

Use of constraints in data mining
to specify the desired set of solutions
(Mannila & Toivonen, 1997)

Th(L,p,D)={$p€EL|p($p,D)=true]

L Language

P Constraints, declarative by nature

D Data
¢ Pattern



Motivation

Analysing a dataset
to find patterns of interest

For example:

Analysing purchases (e.g. books)

SIDE!

Here, patterns are sets of “items”
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Patterns of interest:

which patterns are frequent ?

which patterns have a high average price ?

which patterns are non-redundant ?

which patterns are frequent on one dataset
and infrequent on the other ?

which patterns correlate with a class label ?

which patterns are significant w.r.t a background model ?

[—> specified by Constraints]




Overview

1. Motivation
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2. Frequent itemset mining

3. Constraint-based itemset mining

4. Experiments
5. Conclusions
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Frequent ltemset Mining




CP for ltemset Mining

LOOK INSIDE!
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coverage: VT,: T,=1e A , o],

frequency: VI: I,=1=) _ _ T,>Freq



CP4IM, basic model

Algorithm 1 Fim_cp’s frequent itemset mining model, in| Essence’

1: given NrT, Nrl : int

given TDB : matrix indexed by [int(1..Nr'T),int(1..NrI)] of int

. given Freq : int

4: find Items : matrix indexed by [int(1..NrI)] of bool

10:
11:
12:

. find Trans : matrix indexed by [int(1..Nr'T)] of bool

such that

$ encode TDB: every Trans its complement has no supported Items
forall t: int(1..Nr'T).

Trans[t] <=> ((sum i: int(1..NrI). Items[i]*(1-TDB[t,i])) = 0),

$ frequency: every Item is supported by sufficently many Trans
forall i: int(1..NrI).

Items[i] => ((sum t: int(1..NrT). Trans[t|*TDBIt,i]) >= Freq)




CP for ltemset Mining

coverage: VT,: T,=le A ,_o-I,
freq>=2: VI: I=1=3  _ T,>Freq|

* propagate i2

Intuition: infrequent
2 can never be part of freq. superset




CP for ltemset Mining

* propagate i2

* propagate t1

Intuition: unavoidable
t1 will always be covered




CP for ltemset Mining

coverage: VT.: T,=1le A, o],
freq>=2: VI: I=1=),  _ T,Freq

* propagate i2

* propagate t1

* branch i1=1




CP for ltemset Mining

coverage: VT.: T,=1le A, o],
freq>=2: VI: I=1=),  _ T,Freq

* propagate i2
* propagate t1

* branch i1=1
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More constraints
Coverage (required) T,=1<) I,(1-D,)=0
Frequent I,=1=) T,D,>Freq
Maximal I=1Y T,D,>Freq
Closed I=1<) T,(1-D,)=0

Delta-closed I=1=) T,(188-D,)=0

[ + combinations ! ]




Correlated itemset mining

Also known as: discriminative itemset mining, contrast
set mining, emerging itemsets, subgroup discovery, ...

 Given: /labelled transactions

* Find: the itemset that best corre/az‘es with the class label
%) B By




Correlation constraint
[ f(2, T2, T)=Bound ]

* Existing pruning technique:
only uses upper-bound of >, T

* Our CP-based propagator:

uses upper- and lower-bound of >, T
and look-ahead formulation I;=1=...

[ much stronger propagation ! ]




CP4IM software

Based on open-source Gecode library for CP

LG,

Constraint Programming for ltemset Mining

w » Also open-source and extensible
* Many constraints and documentation

* C++, very efficient, well documented

 (Generic and extensible




Experiments with CP4IM

Basic setting

standard itemset mining, splice-1 dataset
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mining with min. size constraint, segment dataset

1000
L U S S FORPPPN
WFIM_CP_m25 :
= 10 < ~# FIM_CP_m30 :
< =M FIM_CP_m35 s
£ WPNTTER os
E A pes ~~PATTER_m30
2 . g PATTER_ M35
] T LCM_mAl
0.1
0.01
5% 10% 15% 20% 25%

min. relative frequency

Competitive

Correlated

o ) S

Dataset CP (Cheng et al. (Morishita and
2008) Sese 2000)

anneal 0.22 22.46 24.09
australian-credit | 0.30 3.40 0.30
breast-wisconsin | 0.28 96.75 0.28
diabetes 2.45 — 128.04
heart-cleveland 0.19 9.49 2.15
hypothyroid 0.71 — 10.91
ionosphere 1.44 - >
kr-vs-kp 092 125.60 46.20
letter 52.66 | — >
mushroom 14.11 ) 0.09 13.48
primary-tumor 0.03 0.26 0.13
segment 1.45 - >
soybean 0.05 0.05 0.07
splice-1 3041 | 1.86 31.11
vehicle 0.85 - >
yeast 5.67 — 781.63

N/

Best




Generality of CP4IM
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Constraints on data
Minimum frequency X X X X X
Maximum frequency X X
Emerging patterns X
Condensed Representations
Maximal X X X X
Closed X X X
d—Closed X
Constraints on syntax
Max /Min total cost X X X
Minimum average cost X X
Max /Min size X X X X X
Constraints on labelled data
Minimum correlation X 1 X
Maximum correlation X
—




Challenge

Constraint
Programming

Data Mining &
Machine Learning

* Can CP be used for DM & ML?
* Can CP compete in and contribute to DM & ML?

[ﬁ, and itemset mining is just the beginning]




What CP offers to DM & ML

Constraint
Programming

Data Mining &
Machine Learning

Declarative: model + search
Flexible: independent propagators
General: easily combining constraints

Rapid prototyping, iterative process



What DM & ML offer to CP

Data Mining &
Machine Learning

Constraint
Programming
* New applications and challenging benchmarks
* Efficient specialized algorithms

* New data and pattern types:
clusters, decision trees, graphs, ...



Thank you for listening

Constraint
Programming

Data Mining &
Machine Learning

Questions?

http://dtai.cs.kuleuven.be/CP4IM
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