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M
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Learning
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D
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R
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1

O
verview

�

Learning
agents

�

Inductive
learning

�

D
ecision

tree
learning

�

Inducing
hypotheses

�

W
hy

learning
w

orks
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Learning

�

W
hatis

learning
?

A
n

agentlearns,w
hen

itim
proves

its
perform

ance
atspecific

tasks
through

experience

�

e.g.G
am

e
playing

program
s

�

W
hy

learning
?

�

E
ngineering,P

hilosophy
ofS

cience,C
ognitive

S
ciences

�

K
now

ledge
discovery

in
data

bases
and

data
m

ining

N
o

intelligence
w

ithoutlearning
!

3

Learning
agents

U
p

tillnow
percepts

w
ere

the
basis

for
acting.N

ow
they

should
also

be
used

for
learning,for

im
proving

future
behaviour.

P
erform

ance standard

A
gent

Environment

S
ensors

E
ffectors

P
erform

ance
   elem

ent

changes

know
ledge

learning
  goals

  P
roblem

 generator 

feedback

  Learning  
   elem

ent

C
ritic

4



C
om

ponentsoflearning
agents

P
erform

ance-E
lem

ent:S
electactions

on
the

basis
ofpercepts �

cf.our
previous

agentm
odel.

Learning-E
lem

ent:Im
plem

enting
im

provem
ents �

requires
know

ledge
and

representation
ofthe

agentitselfand
its

behaviour
in

the
w

orld.

C
ritic:

E
valuates

the
actions

and
perform

ance
ofthe

agenton
the

basis
of

externalor
internalfeedback.

P
roblem

-G
enerator:P

roposes
explorative

actions
thatm

ay
lead

to
new

experience.
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T
he

learning
elem

ent

K
ey

issues

1.
W

hich
parts

ofthe
P

erform
ance-E

lem
entshould

be
im

proved
?

2.
W

hatrepresentation
is

used
?

3.
W

hatform
offeedback

/learning
experience

is
available

?

4.
W

hatknow
ledge

is
available

to
the

learner?

6

Learning
E

xperience

Input:
Inform

ation
aboutthe

environm
ent

O
utput:

E
ffects

ofthe
actions

ofthe
agent

E
ffects

thatarise
in

the
realw

orld
are

often
differentfrom

the
desired

effects
(the

target)
ofthe

agent.

G
oaloflearning

:
A

pproxim
ating

the
targetfunction

S
upervised

Learning:
Input/O

utputs
are

available.A
teacher

tells
the

system
the

w
hich

action
to

execute

R
einforcem

entLearning:
T

he
agentis

rew
arded

or
punished

according
to

its
behaviour.

U
nsupervised

Learning:
T

he
agentcan

detectregularity
in

the
dom

ain
through

observations,butdoes
not

know
w

hich
actions

to
execute.

7

Inductive
Learning

A
lm

ostallform
s

oflearning
can

be
understood

as
learning

the
representation

ofa
function.

A
n

exam
ple

is
a

tuple��������		 .
Inductive

Inference:G
iven

a
setofexam

ples
ofa

function�

find
a

function


(a
hypothesis)

thatapproxim
ates� .

o
o

o
o

(c)

o
o

o

o
o

(a)

o
o

o

o
o

(b)

o
o

o

o
o

(d)

o

B
ias:A

nything
thatinfluences

the
selection

ofhypotheses
and

thatis
not

based
on

the
exam

ples.
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D
ecision

trees

Input:
D

escription
ofsituation

using
a

setofpropositions
or

firstorder
literals.

O
utput:

Yes/N
o

decision
(class)

w
.r.t.a

certain
targetpredicate.

D
ecision

trees
representboolean

functions.

A
n

internalnode
in

a
decision

tree
represents

a
testfor

a
certain

property
or

attribute.F
or

each
possible

value
ofthe

attribute
there

w
illbe

a
subtree.Leaf

nodes
contain

a
class

value.

G
oalofthe

learning
:

D
efinition

ofthe
targetpredicate

as
a

decision
tree.

9

R
estaurantexam

ple
(T

ests)

P
atrons:how

m
any

guests
?

(none,som
e,full)

W
aitE

stim
ate:how

long
should

w
e

w
ait?

(0-10,10-30,30-60,�

60)

A
lternate:Is

there
an

alternative
?

(T
/F

)

H
ungry:A

m
Ihungry

?
(T

/F
)

R
eservation:D

id
Im

ake
a

reservation
?

(T
/F

)

B
ar:Is

there
a

bar
(to

better
enjoy

the
w

aiting)?
(T

/F
)

Fri/S
at:Is

itFriday
or

S
aturday

(T
/F

)

R
aining:Is

itraining
?

(T
/F

)

P
rice:H

ow
expensive

is
the

food
?

($,$$,$$$)

Type:Type
ofrestaurant?

(french,italian,T
hai,B

urger)
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R
estaurantbeispiel(D

ecision
tree)

N
o

 Y
es

N
o

 Y
es

N
o

 Y
es

N
o

 Y
es

N
o

 Y
es

N
o

 Y
es

N
one

S
om

e
F

ull

>
60

30−
60

10−
30

0−
10

N
o

 Y
es

A
lternate?

H
ungry?

R
eservation?

B
ar?

R
aining?

A
lternate?

P
atrons?

F
ri/S

at?

N
o

Y
es

N
o

Y
es

Y
es

Y
es

N
o

Y
es

Y
es

N
o

Y
es

Y
es

N
o

W
aitE

stim
ate?
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R
epresentationofthe

targetpredicate

A
decision

tree
can

be
represented

as
a

setofclauses/rules.A
rule

represents
one

path
ending

in
the

class
Y

E
S

.

W
illW

ait(r)
:-

P
atrons(r,F

ull),W
aitE

stim
ate(r,10-30),H

ungry(r,N
o)

W
illW

ait(r)
:-

P
atrons(r,S

om
e)

���

12



E
xpressivenessofdecision

trees

T
heorem

1
A

llboolean
functions

can
be

represented
as

decision
trees.

C
an

a
decision

tree
representcom

plex
structured

objects
?

�

Traditionaldecision
trees

cannot.A
lltests

concern
the

sam
e

sim
ple

object
(here:R

estaurant
 )
and

the
language

oftraditionaldecision
trees

is
inherently

propositional.

F
or

instance,the
follow

ing
condition

cannotbe
used

as
test/rule

in
traditional

decision
trees.

���

N
ear� ��� �� �

P
rice� ���� �

P
rice� ���� �� �

C
heaper� � ����

�

E
xtensions

exist(inductive
logic

program
m

ing),e.g.(B
lockeeland

D
e

R
aedt,A

rtificialIntelligence,1998)
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E
xam

ple:M
utagenicity

O
C

H
=

N
-N

H
-C

-N
H

2
O

=
NO

-
O

nitrofurazone

N
   O

O +-

4-nitropenta[cd]pyrene

N

O
O

-

6-nitro-7,8,9,10-tetrahydrobenzo[a]pyrene

N
H

N

O
      O

-

+

4-nitroindole

Y
=

Z

A
ctive

Inactive

Structural alert:
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C
om

pactrepresentations

In
theory,one

can
representany

boolean
function

as
a

decision
tree.T

his
is

done
by

letting
each

row
in

the
truth-table

correspond
to

one
path

in
the

tree.

T
his

leads
how

ever
to

exponentially
large

trees
(in

the
num

ber
ofattributes).

F
unctions

thatrequire
decision

trees
ofexponentialsize:

P
arity

F
unction:�� �	��

��� �

even
num

ber
ofinputs

thatare
1s

�

otherw
ise

M
ajority

F
unction:�� �	 �

��� �

atleasthalfofthe
inputs

is
1

�

otherw
ise

B
ut:there

is
no

com
pactrepresentation

for
allpossible

boolean
functions.
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T
he

training
set

C
lassification

ofan
exam

ple
=

value
ofthe

targetpredicate

T
R

U
E

�

positive
E

xam
ple

FA
LS

E

�

negative
E

xam
ple

E
xam

ple
A

ttributes
G

oal

A
lt

B
a

r
F

ri
H

u
n

Pa
t

P
rice

R
a

in
R

e
s

Typ
e

E
st

W
illW

a
it

X
1

Ye
s

N
o

N
o

Ye
s

S
o

m
e

$$$
N

o
Ye

s
F

re
n

ch
0

–
1

0
Ye

s
X

2
Ye

s
N

o
N

o
Ye

s
F

u
ll

$
N

o
N

o
T

h
a

i
3

0
–

6
0

N
o

X
3

N
o

Ye
s

N
o

N
o

S
o

m
e

$
N

o
N

o
B

u
rg

e
r

0
–

1
0

Ye
s

X
4

Ye
s

N
o

Ye
s

Ye
s

F
u

ll
$

N
o

N
o

T
h

a
i

1
0

–
3

0
Ye

s
X

5
Ye

s
N

o
Ye

s
N

o
F

u
ll

$$$
N

o
Ye

s
F

re
n

ch
>

6
0

N
o

X
6

N
o

Ye
s

N
o

Ye
s

S
o

m
e

$$
Ye

s
Ye

s
Ita

lia
n

0
–

1
0

Ye
s

X
7

N
o

Ye
s

N
o

N
o

N
o

n
e

$
Ye

s
N

o
B

u
rg

e
r

0
–

1
0

N
o

X
8

N
o

N
o

N
o

Ye
s

S
o

m
e

$$
Ye

s
Ye

s
T

h
a

i
0

–
1

0
Ye

s
X

9
N

o
Ye

s
Ye

s
N

o
F

u
ll

$
Ye

s
N

o
B

u
rg

e
r

>
6

0
N

o
X

10
Ye

s
Ye

s
Ye

s
Ye

s
F

u
ll

$$$
N

o
Ye

s
Ita

lia
n

1
0

–
3

0
N

o
X

11
N

o
N

o
N

o
N

o
N

o
n

e
$

N
o

N
o

T
h

a
i

0
–

1
0

N
o

X
12

Ye
s

Ye
s

Ye
s

Ye
s

F
u

ll
$

N
o

N
o

B
u

rg
e

r
3

0
–

6
0

Ye
s

16



O
ckham

’s
R

azor

T
he

trivialdecision
tree

is
obtained

by
having

one
path

for
each

exam
ple.

�

only
represents

the
experience

ofthe
agent

�

no
learning

/generalization

�

no
predictive

abilities

O
ckham

’s
razor:

” T
he

m
ostprobable

hypothesis
is

the
sim

plest
hypothesis,thatexplains

the
exam

ples.“

�

D
ecision

tree
w

ith
a

m
inim

alnum
ber

oftests

Itis
(com

putationally)
intractable

to
determ

ine
the

sm
allestdecision

tree.

�

H
euristics,thatlead

to
a

sm
all

num
ber

oftests.
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S
electingA

ttrib
utes

C
hoose

thatattribute
thatleads

to
the

sm
alles

decision
tree,i.e.thatone

thatbestdistinguishes

the
positives

from
the

negatives.

E
xam

ple:P
atrons?

is
prom

ising,because
N

O
N

E
/S

O
M

E
case

no
further

tests
are

needed.Type?

is
notprom

ising.
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N
one

S
om

e
F

ull

P
atrons?

Y
es

N
o

(a)

F
rench

Italian
T

hai
B

urger

(b)

(c)

T
ype?

N
one

S
om

e
F

ull

P
atrons?

H
ungry?N
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R
ecursive

learning
procedure

A
fter

determ
ining

one
test,w

e
can

obtain
a

num
ber

ofsubdecision
tree

learning
problem

s.

W
e

have
to

consider
4

cases
:

1.
P

ositive
and

negative
exam

ples:choose
a

new
attribute.

2.
O

nly
positive

(or
only

negative)
exam

ples
:turn

node
into

leafand
label

w
ith

class.

3.
N

o
exam

ples:there
w

as
no

exam
ple

w
ith

these
properties,choose

the
m

ajority
class

ofparentnode.

4.
N

o
further

attributes
butstillexam

ples
belonging

to
differentclasses,

there
are

errors
in

the
data

(or
lacking

attributes)
( �

N
O

IS
E

):choose
the

m
ajority

class
ofthe

parentnode.

20



T
he

A
lgorithm

function
D

E
C

ISIO
N

-T
R

E
E-L

E
A

R
N

IN
G(exa

m
p

le
s,attribu

te
s,d

e
fa

u
lt)returns

a
decision

tree
inputs:

exa
m

p
le

s,setof
exam

ples
a

ttribu
te

s,setof
attributes

d
e

fa
u

lt,defaultvalue
for

the
goalpredicate

if
exa

m
p

le
sis

em
pty

then
return

d
e

fa
u

lt
elseif

allexa
m

p
le

shave
the

sam
e

classification
then

return
the

classification
elseif

a
ttribu

te
sis

em
pty

then
return

M
A

JO
R

IT
Y-V

A
L

U
E(exa

m
p

le
s)

elseb
e

st�

C
H

O
O

SE-A
T

T
R

IB
U

T
E(a

ttribu
te

s,exa
m

p
le

s)
tre

e�

a
new

decision
tree

w
ith

roottestb
e

st
for

each
value

v
i of

b
e

stdo
exa

m
p

le
si � elem

ents
of

exa
m

p
le

sw
ith

b
e

st=
v

i!

subtree�

D
E

C
ISIO

N
-T

R
E

E-L
E

A
R

N
IN

G
(exa

m
p

le
si ,a

ttribu
te

s "

b
e

st,
M

A
JO

R
IT

Y-V
A

L
U

E(exa
m

p
le

s))
add

a
branch

to
tre

e
w

ith
labelv

i and
subtree

su
b

tre
e

end
return

tre
e
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R
estaurantexam

ple

N
o

 Y
es

F
ri/S

at?

Y
es

N
o

N
one

S
om

e
F

ull

P
atrons?

N
o

Y
es

N
o

 Y
es

H
ungry?N

o

Y
es

T
ype?

F
rench

Italian
T

hai
B

urger

Y
es

N
o

22

E
valuation

oflearning

D
eterm

ining
the

predictive
accuracy

ofthe
hypothesis:

�

D
eterm

ine
a

(large)
num

ber
ofexam

ples.

�

D
ivide

the
training

exam
ples

in
tw

o
disjunctsubsets

:training-
and

testset.

�

U
se

the
trainingsetto

constructthe
hypothesis#

.

�

U
se

the
testsetto

com
pute

the
accuracy,i.e.the

percentage
ofcorrectly

classified
exam

ples.

�

R
epeatthe

procedure
for

random
ly

selected
training

sets
ofdifferentsize.

23

Im
portant

points

�
Training-

and
testsetM

U
S

T
be

disjunct.
�

Frequentm
istake:use

training
setfor

testing
!

24



Learning
curve

in
the

R
estaurantexam

ple

0.4

0.5

0.6

0.7

0.8

0.9 1

0
20

40
60

80
100

% correct on test set$

T
raining set size

T
he

predictive
accuracy

increases
w

ith
the

size
ofthe

trainingset.

E
xam

ple
applications:

�

B
ehaviour

cloning
(e.g.flightsim

ulators)

�

D
ecision

supportsystem
s

�

D
ata

M
ining

25

S
electingA

ttrib
utes

Toss
a

coin
:w

hatis
the

value
ofinform

ation
ifw

e
are

tossing
for

1$
?

�

B
iases

coin
99%

head
and

1%
tail.

( �%

average
gain

for
w

inning
is� &'(

)

�

V
alue

ofinform
ation

aboutthe
resultis

less
0.02$.

�

Fair
coin

.

�

V
alue

ofinform
ation

is
less

than
1$.

�

T
he

less
you

know
aboutthe

outcom
e,the

m
ore

im
portantis

inform
ation

aboutthe
result.
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E
ntropy

Entropy(S)

1.0

0.50.0
0.5

1.0
p)+

27

Inform
ation-theory

M
easures

the
value

ofinform
ation

in
bits.

G
iven:P

ossible
values*+

w
ith

corresponding
probabilities ,� *+	

-� ,� *.	 � &&&� ,� */		 �
/0+ 1. ,��2	�345 67 �,� 2	98

C
oins

:

-� �: � �: 	 �
�:<;�= �:<;� ��

-� � &''� � &� �	 �
� &�(28



S
electingattrib

utes

A
ttribute>

divides
setofexam

ples?

in�

positive
and@

negative
exam

ples:

AB �� C
D � D� C
DEGF
�� C

DIHJK �B � C
D�

E C
D� C

D HJK �L � C
DD M

Q
uality

of >

also
depends

on
the

inform
ation

thatis
stillneeded.

A
ssum

ption
:>

divides
training

set?
in

subsets?+ ,2 ��� &&&� * .
E

ach?+

has
again-7GN

O
N
O P /O � /O
N
O P /O8

R
andom

exam
ple

has
value2

w
ith

probability N O P /O
N P /

29

S
electingA

ttrib
utes

(2)

�

A
verage

inform
ation

contentafter
know

ing>

is

Q� >	 �
R0+ 1. � + = @+

� = @ ;
-S
� +

� + = @+ �
@+

� + = @+T

�

Inform
ation

gain
by

choosing>

G
ain� >	 �

-S
�� = @ � @� = @TVU
Q� >	
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E
xam

ple

G
A

IN� P
atrons?	 �

� U
W :�: -� �� �	 =YX�: -� �� �	 =[Z�: -� :Z
� XZ
	\

]
� &^ X�

G
A

IN� Type?	 �
� U

W :�: -� �: � �: 	 = :�: -� �: � �: 	

= X�: -� :X
� :X
	 = Z�: -� :Z
� XZ
	\

�
�

31

N
oise

�

W
hatis

noise
?

R
andom

errors
in

the
data

�

E
ffect:Larger

trees
are

induced
w

hose
predictive

accuracy
is

sm
aller.(O

verfitting)

�

O
verfitting

can
be

avoided
using

a
” V

alidation
S

et“:D
ivide

trainingssetin
tw

o
subsets

;70
%

to
build

the
tree

and
30%

to
determ

ine
the

rightsize
ofthe

tree

(” P
runing“)
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0
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_

Size of tree (num
ber of nodes)

O
n training data

O
n test data

O
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S
um

m
arizing

decision
trees

�

O
ne

w
ay

to
representboolean

functions

�

D
ecision

trees
can

have
exponentialsize

(in
the

num
ber

ofattributes)

�

Itis
hard

to
find

the
sm

allestdecision
trees.

�

O
ne

w
ay

ofselecting
attributes

uses
inform

ation
theory.

�

O
verfitting

occurs
because

ofnoise.33

Lernen
logicalhypotheses

Targetpredicate
ofarity

1` �

W
illW

ait� 
	

T
he

hypothesis
space

H
is

the
setofallpossible

logicaldefinitions
of`

.Ifa+

is
a

possible
definition

then
itthen

ithas
the

form

b �`� �	 c
a+� �	

R
estaurant-E

xam
ple:H

ypothesis #d

(O
ne

m
ightalso

use
P

rolog
here.)

e�

W
illW

ait� �� f

P
atrons� �� som

e� g

P
atrons� ��h iHH� � j

H
ungry� �� �

Type� �� French� g

P
atrons� �� full� � j

H
ungry� �� �

Type� �� T
hai� �

Frik S
at� �� g

P
atrons� ��h iHH� � j

H
ungry� �� �

Type� �� B
urger�

T
he

disjunction
ofthe

hypotheses#. l #6 l mmml #/

is
true.T

his
m

eans
that

the
correcthypothesis

is
in

the
hypothesis

space.

E
xtension

ofa
hypothis:S

etofexam
ples

thatsatisfya+
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T
rainingsexam

ple
and

hypothesis

n+�po+	

is
the

representation
ofthe2

-th
exam

ple.

qHrs
�Dtrs
��uv� � j
wt���uv� � j
x�yk ztr��uv� � {
iDK �|� uv�~}}}��
yHH�tyr��uv�

T
he

class
ofa

positive
exam

pleo+

is`�po+	 ,ofa
negative

one �`�po+	 .
T

he
com

plete
setofexam

ples
denotes

the
conjuction

ofthe
exam

ples.

A
hypothesis

is
consistentw

hen
itcorrectly

classifies
allexam

ples
in

the
training

set.

H
ypotheses

can
be

inconsistent(w
.r.t.specific

exam
ples)

1.
false

negative: #

classifes o

as
negative

w
hereas

itis
positive

2.
false

positive:#

classifieso

as
positive

w
hereas

itis
negative.
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S
earch

algorithm
:

C
urrent-bestH

ypothesis

K
eeps

track
ofone

hypothesis
thatis

m
odified

w
hen

one
discovers

an
incsonsistency

w
ith

a
specific

exam
ple.

�

G
eneralisation

:for
a

false
negative

(b+
c)

�
S

pezialisation:for
a

false
positive

(d+
e)

(a)
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+

+
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+
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+
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+
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−
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+
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+
−

+
+

+

+
+

+
+

−
−

−

−

−
−

−

−
−

−

+

−
−

−

A
fter

allm
odifications

w
e

have
to

check
for

consistency,w
.r.tthe

already
seen

exam
ples.
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T
he

algorithm

function
C

U
R

R
E

N
T-B

E
ST-L

E
A

R
N

IN
G

(exa
m

p
le

s)returns
a

hypothesis

H�
any

hypothesis
consistentw

ith
the

firstexam
ple

in
exa

m
p

le
s

for
each

rem
aining

exam
ple

in
exa

m
p

le
sdo

if
e

is
false

positive
for

H
then

H�
choosea

specialization
of

H
consistentw

ith
exa

m
p

le
s

elseif
e

is
false

negative
for

H
then

H�

choosea
generalization

of
H

consistentw
ith

exa
m

p
le

s
if

no
consistentspecialization/generalization

can
be

found
then

fail
end
return

H

#.

is
a

generalisation
of#6

:b �a6� �	 %a.� �	

�

dropping
conditions

(deletion
ofconjunctive

literals
)

�

m
ore

exam
ples

satisfy
w

eaker
definition

S
pecialization

by
adding

conjuctive
literals.

S
pecialization

and
generalization

operators
depend

on
the

language
considered.
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u
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B
u
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Ye
s

1.
E

xam
pleuv

is
positive.qHrs

�Dtrs
��uv�

is
true.

{
v �e�

W
illW

ait� �� f

A
lternate� �� .

2.
E

xam
pleu�

is
a

false
positive:

{
v

specialized

{
� �e�

W
illW

ait� �� f

A
lternate� �� �

P
atrons� �� som

e�
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Illustration
(2)

3. u�

is
a

false
negative:

{
�

generalized

{
� �e�

W
illW

ait� �� f

P
atrons� �� som

e�

4. u�

is
a

false
negative:

{
�

is
generalized

D
eleting

P
atrons� �� som

e�

is
inconsistentw

ith u� .A
dding

disjunction
e.g.

{
� �e�

W
illW

ait� �� f

P
atrons� �� som

e� g

� P
atrons� �� full� �

Frik S
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D
isadvantagesofcurrent-bestH

ypothesis

�

A
llprevious

exam
ples

m
ustbe

considered
again.

�

N
o

guarantee
offinding

the
sim

plesthypothesis.

�
G

ood
heuristics

are
hard

to
find.

�
S

earch
can

lead
to

dead-ends,w
here

no
m

odification
ofthe

present
hypothesis

leads
to

a
consistenthypothesis.

B
acktracking

is
necessary,because

w
e

only
keep

track
ofone

hypothesis
ata

tim
e.T

he
hypothesis

space
is

how
ever

a
disjunction

!

�

V
ersion

S
pace
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V
ersion-S

pace/C
andidate-E

lim
inationLearning

function
V

E
R

SIO
N

-S
PA

C
E-L

E
A

R
N

IN
G(exa

m
p

le
s)returns

a
version

space
localvariables:

V
,the

version
space:the

setof
allhypotheses

V�

the
setof

allhypotheses
for

each
exam

ple
e

in
exa

m
p

le
sdo

if
V

is
notem

pty
then

V�
V

E
R

SIO
N

-S
PA

C
E-U

PD
A

T
E(V

,e)
end
return

V

function
V

E
R

SIO
N

-S
PA

C
E-U

PD
A

T
E(V

,e)
returns

an
updated

version
space

V�� h�

V
:

h
is

consistentw
ith

e�

F
or

each
inconsistentexam

ple,the
hypothesis

space
is

reduced.T
he

procedure
is

increm
entaland

also
an

illustration
ofthe

principle
ofleast

com
m

itm
ent.

�

com
pactrepresentation

ofthe
hypothesis

space
?
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B
oundary

S
et

G
eneralisation

and
specialization

induce
a

partialorder
on

the
setof

hypotheses.

T
he

hypothesis
space

can
be

characterized
by

�

the
(m

ostgeneral)
hypotheses

G
-S

etand

�

the
(m

ostspecific)
hypotheses

S-S
et

T
heorem

2
A

hypothesis #

is
consistentiff #

is
a

generalization
ofan

elem
entin�

and
a

specialization
ofan

elem
entin�

.

G
-S

et=�p��
� ��

S-S
et=�p��

�� ��

T
R

U
E

and
FA

LS
E

are
boolean

functions
(constants).
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U
pdating

the
boundary

sets(1)

LetG
=� �.� &&&� �/�

and
S

=� �.� &&&� �/� .
Leto

be
a

new
exam

ple

�o

is
a

false
positive

for�+ .

��+ is
too

general:������� �+�

�o

is
a

false
negative

for�+ .

��+ too
specific

:generalise�+ .

�o

is
a

false
positive

for�+ .

��+

too
general:spezialise�+ .

�o

is
a

false
negative

for�+ .

��+

too
specific

:  �� �� �+�
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U
pdating

the
B

oundary
S

ets(2)

this region all inconsistent

T
his region all inconsistent

M
ore general

M
ore specific

S
1

G
1

S
2

G
2

G
3

 . . .            G
m

 . . .        S
n
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E
lim

ination
A

lgorithm
� �

m
axim

ally
generalhypotheses
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� �

m
axim

ally
specific

hypotheses
in #

F
or

each
training

exam
ple¡ ,do

�

If¡

is
a

positive
exam

ple

–
R

em
ove

from�
any

hypothesis
inconsistentw

ith¡

–
F

or
each

hypothesis¢
in�

thatis
notconsistentw

ith¡

£

R
em

ove¢

from�

£

A
dd

to�

allm
inim

algeneralizations¤
of¢
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that¤
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consistent

w
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som
e

m
em

ber
of�

is
m

ore
generalthan¤

–
R

em
ove

from�

any
hypothesis

thatis
m

ore
generalthan

another
hypothesis

in�
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Term
ination

(1)

3
P

ossibilities:

1.
E

xactly
one

rem
aining

hypothesis.

�

S
olution

(C
onvergence)

2.
T

he
hypothesis

space
collapses

(S
or

G
em

pty).

�

no
consistenthypothesis/solution

w
ithin

the
space

3.
A

setofrem
aining

hypotheses.

�

R
esultis

their
disjunction.(C

lassification
ofan

exam
ple

m
ightbe

done
by

a
m

ajority
vote

am
ong

the
rem

aining
hypotheses).

49

Term
ination

(2)

P
roblem

s:

�

Ifthe
data

are
noisy,then

the
version

space
is

likely
to

collapse.

�

Ifallform
s

ofdisjunctions
are

allow
ed,then

S
contains

a
unique

elem
ent,

the
disjunction

ofallpositives.
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W
h

y
learning

w
orks

H
ow

to
decide

that¤

closely
approxim

ates¦

,w
hen¦

is
unknow

n
?

�

P
robably

A
pproxim

ately
C

orrect

S
tationarity

as
assum

ption
in

PA
C

-Learning:Training
and

testsetare
selected

using
the

sam
e

(unknow
n)

probability
distribution.

H
ow

m
any

exam
ples

do
w

e
need

?

o

S
etofexam

ples

n

D
istribution

#

H
ypothesis

space
(¦ ¼ #

)

³

N
um

ber
ofexam

ple
in

training
set

¨ªª4ª® ¤° �,® ¤®�½° ¾ �¦® ½°° ¿
À
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PA
C

Learning

A
hypothesis¤

is
approxim

ately
correctiff¨ªª4ª® ¤° ¿

À .
To

prove:after
training

w
ith³

exam
pels

every
consistenthypothesis

is
approxim

ately
correctw

ith
high

probability.

fÁ

H
bad

H

∋

W
hatis

the
probability

thata
false

hypothesis¤Â ¼ #ÂÃÄ

is
consistentw

ith
the

first³

exam
ples

?
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S
am

ple
C

om
plexity

A
ssum

ption:¨ªª4ª® ¤Â° Å
À .%

,® ¤Â
cons.w

ithÆ

exam
ple°

¿
® Æ U
À°

,® ¤Â
cons.w

ith³
exam

ples°

¿
® Æ U
À°IÇ

,® #ÂÃÄ
contains

consistenthypothesis¤° ¿
È #ÂÃÄÈ® Æ U
À°ÉÇ

In
allcases,È #ÂÃÄÈ ¿

È #È and
therefore

¿
È #È® Æ U
À° Ç

R
equirem

ent:
È #È® Æ U
À°ÉÇÊ Ë

because ÌÍ® Æ U
À° ¿ U
À

this
holds

w
hen

³
Î .ÏÐ ÌÍ .Ñ = ÌÍÈ #ÈÒ

S
am

ple
com

ple
xity

:num
ber

ofneeded
exam

ples
as

a
function

ofÀ

andË

.
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S
am

ple
C

om
plexity

(2)

S
am

ple
com

plexity
is

a
m

easure
to

estim
ate

the
difficulty

oftraining
.

Ifa
hypothesis

is
consistentw

ith³
Î .ÏÐ ÌÍ .Ñ = ÌÍÈ #ÈÒ

exam
ples,then

itis
highly

probable
(Æ UË

)
thatthe

error
is

less
thanÀ .

P
roblem

:E
stim

ate
the

size
ofthe

hypothesis
space

Illustration:
boolean

functions

N
um

ber
ofboolean

functions
w

ith¯

attributes
is# �: 69Ó

.

T
he

sam
ple

com
plexity

grow
s

w
ith: /.

B
ecause : /

is
exactly

the
num

ber
ofpossible

exam
ples,there

is
no

learning
algorithm

thatperform
s

better
than

a
look

up
table

and
thatis

consisentw
ith

allknow
n

exam
ples.
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T
he

estim
ate

Ô {ÔÕ�Ö ×
ØÙÛÚ
Ü
Ý

HDÔ {ÔÕ�Ö ×
ØÙÛÚ
Ü HDÝ

HDÔ {Ô C ÞHDÕ Ö ×
ØÙ Ü HDÝ

B
ecauseHDÕ�ÖC

ßÙ Ü ß

and
w

ithß F ×
Ø

w
e

obtainHDÕ Ö ×
ØÙ Ü ×
Ø .

HDÔ {Ô ×ÞØÜ HDÝ

ÖØ HDÔ {Ô ×Þ
Ü ÖØ HDÝ

ÖØ HDÔ {Ô Ü
ÞC
ÖØ HDÝ

ÖØ L HDÔ {Ô ×HDÝM
Ü
Þ

à

F
or

boolean
functionsÞ

grow
s

exponentially
because

{

grow
s

double

exponentially.

D
ilem

m
a:ifone

does
notrestrictthe

hypothesis
space

one
cannotlearn.Ifone

restricts
it,one

m
ightelim

inate
the

true
targetfunction

from
the

space.
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Learning
decision

lists

A
s

com
pared

to
decision

trees

�

the
totalstructure

is
sim

pler

�

single
tests

are
m

ore
com

plex

>

Y

N

Y

N

Y
es

Y
es

N
o

P
a

tro
n

s(x,S
o

m
e

)
P

a
tro

n
s(x,F

u
ll)

F
ri/S

a
t(x)

T
his

corresponds
to

the
hypothesis

#» áb ½
W

illW
ait® ½° c

P
atrons® ½� som

e° l
â P

atrons® ½� full° ±

Friã S
at®�½°ä

Iftests
ofarbitrary

length
are

allow
ed,then

one
can

representany
boolean

function.

k-D
L

:Language
w

ith
tests

oflength¿ ¬

.

k-D
Tå

k-D
L
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Lernability
ofk-D

L

function
D

E
C

ISIO
N
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S
um

m
ary

Inductive
learning

is
concerned

w
ith

the
learning

ofa
representation

ofa
function

on
the

basis
ofexam

ples.

�

D
ecision

trees
representboolean

functions

�

C
urrent-bestH

ypothesis
is

a
m

ethod
to

induce
logicaltheories

�

V
ersion

S
pace/C

andidate
E

lim
ination

is
a

m
ethod

to
learn

logical
theories,itis

based
on

a
com

pactrepresentation
ofthe

version
space.

�

PA
C

Learning
is

considered
w

ith
the

com
plixity

ofthe
learning.

�

D
ecision

lists
can

be
learned

easily58


