
Learning Sets of Rules

[Read Ch. 10]

[Recommended exercises 10.1, 10.2, 10.5, 10.7, 10.8]

� Sequen tial co v ering algorithms

� F OIL

� Induction as in v erse of deduction

� Inductiv e Logic Programm ing
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Learning Disjunctiv e Sets of Rules

Metho d 1: Learn decision tree, con v ert to rules

Metho d 2: Sequen tial co v ering algorithm:

1. L e arn one rule with high accuracy , an y co v erage

2. Remo v e p ositiv e examples co v ered b y this rule

3. Rep eat
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Sequen tial Co v ering Algorithm

Sequential-

co vering ( T ar g et attr ibute; Attr ibutes; E xampl es; T hr eshol d )

� Lear ned r ul es  fg

� R ul e  learn-one-

r ule ( T ar g et attr ibute; Attr ibutes; E xampl es )

� while perf ormance ( R ul e; E xampl es )

> T hr eshol d , do

{ Lear ned r ul es  Lear ned r ul es + R ul e

{ E xampl es  E xampl es � f examples

correctly classi�ed b y R ul e g

{ R ul e  learn-one-

r ule ( T ar g et attr ibute; Attr ibutes; E xampl es )

� Lear ned r ul es  sort Lear ned r ul es accord to

perf ormance o v er E xampl es

� return Lear ned r ul es
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Learn-One-Rule

...

...

IF Wind=weak
THEN PlayTennis=yes

IF Wind=strong
THEN PlayTennis=no

IF
THEN PlayTennis=yes

THEN

IF Humidity=normal
Wind=weak

PlayTennis=yes

IF Humidity=normal
THEN PlayTennis=yes

THEN

IF Humidity=normal
Outlook=sunny

PlayTennis=yes
THEN

IF Humidity=normal
Wind=strong

PlayTennis=yes THEN

IF Humidity=normal
Outlook=rain

PlayTennis=yes

IF Humidity=high
THEN PlayTennis=no

232 lecture slides for textb o ok Machine L e arning , T. Mitc hell, McGra w Hill, 1997



Learn-One-R ule

� P os  p ositiv e E xampl es

� N eg  negativ e E xampl es

� while P os , do

L e arn a N ew R ul e

{ N ew R ul e  most general rule p ossible

{ N ew R ul eN eg  N eg

{ while N ew R ul eN eg , do

A dd a new liter al to sp e cialize N ew R ul e

1. C andidate l iter al s  generate candidates

2. B est l iter al  argmax

L 2 C andidate l iter al s

P er f or mance ( S pecial iz eR ul e ( N ew R ul e; L ))

3. add B est l iter al to N ew R ul e preconditions

4. N ew R ul eN eg  subset of N ew R ul eN eg

that satis�es N ew R ul e preconditions

{ Lear ned r ul es  Lear ned r ul es + N ew R ul e

{ P os  P os � f mem b ers of P os co v ered b y

N ew R ul e g

� Return Lear ned r ul es
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Subtleties: Learn One Rule

1. Ma y use b e am se ar ch

2. Easily generalizes to m ulti-v alued target

functions

3. Cho ose ev aluation function to guide searc h:

� En trop y (i.e., information gain)

� Sample accuracy:

n

c

n

where n

c

= correct rule predictions, n = all

predictions

� m estimate:

n

c

+ mp

n + m
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V arian ts of Rule Learning Programs

� Se quential or simultane ous co v ering of data?

� General ! sp eci�c, or sp eci�c ! general?

� Generate-and-test, or example-driv en?

� Whether and ho w to p ost-prune?

� What statisti cal ev aluati on function?
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Learning First Order Rules

Wh y do that?

� Can learn sets of rules suc h as

Ancestor ( x; y )  P ar ent ( x; y )

Ancestor ( x; y )  P ar ent ( x; z ) ^ Ancestor ( z ; y )

� General purp ose programming language

Pr olog : programs are sets of suc h rules
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First Order Rule for Classifying W eb

P ages

[Slattery , 1997]

course(A)  

has-w ord(A, instructor),

Not has-w ord(A, go o d),

link-from(A, B),

has-w ord(B, assign),

Not link-from(B, C)

T rain: 31/31, T est: 31/34
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F OIL ( T ar g et pr edicate; P r edicates; E xampl es )

� P os  p ositiv e E xampl es

� N eg  negativ e E xampl es

� while P os , do

L e arn a N ew R ul e

{ N ew R ul e  most general rule p ossible

{ N ew R ul eN eg  N eg

{ while N ew R ul eN eg , do

A dd a new liter al to sp e cialize N ew R ul e

1. C andidate l iter al s  generate candidates

2. B est l iter al  

argmax

L 2 C andidate l iter al s

F oil Gain ( L; N ew R ul e )

3. add B est l iter al to N ew R ul e preconditions

4. N ew R ul eN eg  subset of N ew R ul eN eg

that satis�es N ew R ul e preconditions

{ Lear ned r ul es  Lear ned r ul es + N ew R ul e

{ P os  P os � f mem b ers of P os co v ered b y

N ew R ul e g

� Return Lear ned r ul es
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Sp ecializing Rules in F OIL

Learning rule: P ( x 1 ; x 2 ; : : : ; x

k

)  L 1 : : : L

n

Candidate sp eciali zati ons add new literal of form:

� Q ( v 1 ; : : : ; v

r

), where at least one of the v

i

in the

created literal m ust already exist as a v ariable in

the rule.

� E q ual ( x

j

; x

k

), where x

j

and x

k

are v ariables

already presen t in the rule

� The negation of either of the ab o v e forms of

literals
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Information Gain in F OIL

F oil Gain ( L; R ) � t

0BB@log 2 p 1
p 1 + n 1 � log 2 p 0

p 0 + n 01CCA
Where

� L is the candidate literal to add to rule R

� p 0 = n um b er of p ositiv e bindings of R

� n 0 = n um b er of negativ e bindings of R

� p 1 = n um b er of p ositiv e bindings of R + L

� n 1 = n um b er of negativ e bindings of R + L

� t is the n um b er of p ositiv e bindings of R also

co v ered b y R + L

Note

� � log 2 p 0
p 0+n 0 is optimal n um b er of bits to indicate

the class of a p ositiv e binding co v ered b y R
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Induction as In v erted Deduction

Induction is �nding h suc h that

( 8h x

i

; f ( x

i

) i 2 D ) B ^ h ^ x

i

` f ( x

i

)

where

� x

i

is i th training instance

� f ( x

i

) is the target function v alue for x

i

� B is other bac kground kno wledge

So let's design inductiv e algorithm b y in v erting

op erators for automated deduction!
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Induction as In v erted Deduction

\pairs of p eople, h u; v i suc h that c hild of u is v ,"

f ( x

i

) : C hil d ( B ob; S har on )

x

i

: M al e ( B ob ) ; F emal e ( S har on ) ; F ather ( S har on; B ob )

B : P ar ent ( u; v )  F ather ( u; v )

What satis�es ( 8h x

i

; f ( x

i

) i 2 D ) B ^ h ^ x

i

` f ( x

i

)?

h 1 : C hil d ( u; v )  F ather ( v ; u )

h 2 : C hil d ( u; v )  P ar ent ( v ; u )
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Induction is, in fact, the in v erse op eration of

deduction, and cannot b e conceiv ed to exist

without the corresp onding op eration, so that

the question of relativ e imp ortance cannot

arise. Who thinks of asking whether addition

or subtraction is the more imp ortan t pro cess

in arithmetic? But at the same time m uc h

di�erence in di�cult y ma y exist b et w een a

direct and in v erse op eration; : : : it m ust b e

allo w ed that inductiv e in v estigati ons are of a

far higher degree of di�cult y and complexit y

than an y questions of deduction : : : :

(Jev ons 1874)
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Induction as In v erted Deduction

W e ha v e mec hanical de ductive op erators

F ( A; B ) = C , where A ^ B ` C

need inductive op erators

O ( B ; D ) = h where ( 8h x

i

; f ( x

i

) i 2 D ) ( B ^ h ^ x

i

) ` f ( x

i

)
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Induction as In v erted Deduction

P ositiv es:

� Subsumes earlier idea of �nding h that \�ts"

training data

� Domain theory B helps de�ne meaning of \�t"

the data

B ^ h ^ x

i

` f ( x

i

)

� Suggests algorithms that searc h H guided b y B
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Induction as In v erted Deduction

Negativ es:

� Do esn't allo w for noisy data. Consider

( 8h x

i

; f ( x

i

) i 2 D ) ( B ^ h ^ x

i

) ` f ( x

i

)

� First order logic giv es a huge h yp othesis space H

! o v er�tting...

! in tractabili ty of calculati ng all acceptable h 's
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Deduction: Resolution Rule

P _ L

: L _ R

P _ R

1. Giv en initial clauses C 1 and C 2 , �nd a literal L

from clause C 1 suc h that : L o ccurs in clause C 2
2. F orm the resolv en t C b y including all literals

from C 1 and C 2 , except for L and : L . More

precisely , the set of literals o ccurring in the

conclusion C is

C = ( C 1 � f L g ) [ ( C 2 � f: L g )

where [ denotes set union, and \ � " denotes set

di�erence.
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In v erting Resolution

PassExam    StudyC:

PassExam    KnowMaterialC :
1

V

KnowMaterial    StudyC :
2

V

PassExam    KnowMaterialC :
1

V

KnowMaterial    StudyC :
2

V

VPassExam    StudyC: V
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In v erted Resolution (Prop ositional)

1. Giv en initial clauses C 1 and C , �nd a literal L

that o ccurs in clause C 1 , but not in clause C .

2. F orm the second clause C 2 b y including the

follo wing literal s

C 2 = ( C � ( C 1 � f L g )) [ f: L g
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First order resolution

First order resolution:

1. Find a literal L 1 from clause C 1 , literal L 2 from

clause C 2 , and substitution � suc h that

L 1 � = : L 2 �

2. F orm the resolv en t C b y including all literals

from C 1 � and C 2 � , except for L 1 � and : L 2 � .

More precisely , the set of literals o ccurring in

the conclusion C is

C = ( C 1 � f L 1 g ) � [ ( C 2 � f L 2 g ) �
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In v erting First order resolution

C 2 = ( C � ( C 1 � f L 1 g ) � 1 ) �

� 12 [ f: L 1 � 1 �

� 12 g
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Cigol

Father  Tom, Bob ( )    V         Father  x,z    Father  z,yVGrandChild  y,x ( ) ( ) ( )

Bob/y, Tom/z}{ 

{ }Shannon/x

GrandChild  Bob, Shannon( )

Father  Shannon, Tom( ) VGrandChild  Bob,x    Father  x,Tom)( ( )
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Progol

Pr ogol : Reduce com b explosion b y generating the

most sp eci�c acceptable h

1. User sp eci�es H b y stating predicates, functions,

and forms of argumen ts allo w ed for eac h

2. Pr ogol uses sequen tial co v ering algorithm.

F or eac h h x

i

; f ( x

i

) i

� Find most sp eci�c h yp othesis h

i

s.t.

B ^ h

i

^ x

i

` f ( x

i

)

{ actually , considers only k -step en tailmen t

3. Conduct general-to-sp eci�c searc h b ounded b y

sp eci�c h yp othesis h

i

, c ho osing h yp othesis with

minim um description length

253 lecture slides for textb o ok Machine L e arning , T. Mitc hell, McGra w Hill, 1997


