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C
oncept

Learning

�

S
upervised

learning

�

C
onceptlearning

task

�

V
ersion

spaces

�

T
he

need
for

bias



S
upervised

(Inductive)
Learning

A
ssum

e
som

ebody
gives

us
labeled

exam
ples

ofthe
form

���� �� ������
	� ,w
here:

���

are
values

for
inputvariables

or
attributes

or
features

�	

is
the

outputvalue

o
o

o

o
o

(a)

Try
to

find
a

targetfunction �����
�� �
����

����
�

,w
hich

m
aps

the
inputvariables

into
the

outputdom
ain

thatfits
the

exam
ples



K
inds

of
S

upervised
Learning

�

Ifthe
outputdom

ain
is

B
oolean,this

problem
is

called
concept

learning

�

Ifthe
outputdom

ain
is

discrete,this
problem

is
called

classification

�

Ifthe
outputis

continuous,the
problem

is
know

n
as

regression

offunction
approxim

ation.



T
he

B
ig

Q
uestion

o
o

o
o

(c)

o
o

o

o
o

(a)

o
o

o

o
o

(b)

o
o

o

o
o

(d)

o

T
here

are
an

infinite
num

ber
offunctions

thatcan
fitthe

training

points!

H
ow

do
w

e
find

a
good

one?

I.e.
one

thatw
illgive

approxim
ately

correctvalues
for

unseen
data.



C
hoosing

a
Targ

et
F

unction
R

epresentation

�

T
he

learner
usually

considers
a

class
ofhypothesis

E
.g.

decision
trees,artificialneuralnetw

orks,linear

com
binations

of3rd-degree
polynom

ials,linear
com

binations
of

the
inputetc.

etc

�

Learning
m

ethods
search

through
the

class
ofhypothesis

to
find

a
good

one.

�

Ifthere
are

severalhypothesis
thatfitthe

data
aboutthe

sam
e,

choose
the

sim
plestone

-
O

ccam
’s

razor

Issues:

�

W
hatshould

the
hypothesis

class
be?

�

W
hatsearch

m
ethod

should
w

e
use?

�

W
hatis

a
“good”

hypothesis?



C
oncept

Learning

Inferring
a

B
oolean

function
from

labeled
training

exam
ples

E
xam

ple:
“user

profile”
for

w
eb

brow
sing

D
om

ain
P

latform
B

row
ser

D
ay

S
creen

C
ontinent

C
lick?

edu
M

ac
N

et3
M

on
X

V
G

A
A

m
erica

Yes

com
M

ac
N

etC
om

Tue
X

V
G

A
A

m
erica

Yes

com
P

C
IE

S
at

V
G

A
E

urope
N

o

org
U

nix
N

et2
W

ed
X

V
G

A
A

m
erica

Yes

W
hatis

the
generalconcept?

A
ssum

ption
ofthe

day:
the

training
exam

ples
are

perfect(no
noise)



R
epresenting

H
ypotheses

M
any

possible
representations!

C
onsider

hypotheses�
form

ed
as

a
conjunction

ofconstraints
on

attributes

E
ach

constraintcan
be

�

a
specific

value
(e.g.,D

om
ain

=
com

)

�

don’tcare
(e.g.,D

om
ain

=
?)

�

no
value

allow
ed

(e.g.,D
om

ain=� )
F

or
exam

ple,

D
om

ain
P

latform
B

row
ser

D
ay

S
creen

C
ontinent

�

com
?

?
S

un
?

A
m

erica�



P
rototypical

C
oncept

Learning
Task

G
iven:

�

Instances�
:

P
ossible

days,each
described

by
the

attributes:

–
D

om
ain�� com

,edu,org�
–

P
latform�� M

ac,P
C

,U
nix�

–
B

row
ser�� N

et2,N
et3,N

etC
om

,IE�

–
D

ay��

M
onday,...

S
unday�

–
S

creen�� V
G

A
,X

V
G

A�

–
C

ontinent��

A
m

erica,E
urope,A

frica,A
sia,A

ustralia�

H
ow

m
any

possible
instances

are
there?

�

Targetfunction
(or

concept)� :
C

lick���
���� ��

H
ow

m
any

concepts
are

possible?



G
iven

(contin
ued)

�

H
ypotheses!

:
C

onjunctions
ofliterals.

E
.g.� ?,C

old,H
igh,?,?,?�

H
ow

m
any

syntactically
distincthypotheses

are
there?

H
ow

m
any

are
sem

antically
distinct?

�

Training
exam

ples"

:
P

ositive
and

negative
exam

ples
ofthe

targetfunction

��#�� �$ #�%� � �����#&� �$ #&%�
D

eterm
ine:

A
hypothesis�

in!

such
that�$ #%('

�$ #%
for

all#
in�

.



T
he

Inductive
Learning

H
ypothesis

A
ny

hypothesis
found

to
approxim

ate
the

targetfunction

w
ellover

a
sufficiently

large
setoftraining

exam
ples

w
ill

also
approxim

ate
the

targetfunction
w

ellover
other

unobserved
exam

ples.

W
hy

w
ould

this
be

true?

S
am

pling:
statisticaltheory

for
inferring

population
param

eters
from

sam
ples



C
oncept

Learning
as

S
earch

in
H

ypothesis
S

pace

T
he

hypotheses
can

be
partially

ordered
under

the

m
ore-general-than-or-equal-to

relation
()* )

D
efinition:��)* ��

iff+ #
� �� ��$ #%('
��
��$ #%('
�

E
.g.

��� '
��,-
.�
/�� 0� 	1
� 0� 0�

��� '
��,-
.�
/�� 23
� 	1
� 0� 3
.4	5 ,�

W
hy

is
this

a
partialordering?



P
artial

O
rdering

on
H

ypothesis
S

paces

6 67 7
8 89 9

: :; ; < <= => > >? ? ?@ @A A
B BC C

D DE E
F FG G
H HI I

J JK K

L LM M
N NO O
P PQ Q

R RS S

T TU U

V VW W

X XY Y

ZZZ ZZZ ZZZ ZZZ ZZZ ZZZ[[[ [[[ [[[ [[[ [[[ [[[\\\ \\\ \\\ \\\ \\\ \\\]]] ]]] ]]] ]]] ]]] ]]]^^^ ^^^ ^^^ ^^^ ^^^ ^^^
___ ___ ___ ___ ___`` `` `` `` ``aa aa aa aa aa
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bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

bbbbbbbbbbbbbbb

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

ccccccccccccccc

dddddddddddddd

dddddddddddddd

dddddddddddddd

dddddddddddddd

dddddddddddddd

dddddddddddddd

dddddddddddddd

eeeeeeeeeeeeee

eeeeeeeeeeeeee

eeeeeeeeeeeeee

eeeeeeeeeeeeee

eeeeeeeeeeeeee

eeeeeeeeeeeeee

eeeeeeeeeeeeee

fffffffffffffffffffff

fffffffffffffffffffff

fffffffffffffffffffff

ggggggggggggggggggggg

ggggggggggggggggggggg

ggggggggggggggggggggg

Instances
H

ypotheses

G
eneral

S
pecific

x1

x2

h3

h1
h2

h1 = <edu,M
ac,?,?,?,E

ur>

h2 = <edu,?,IE
,?,?,E

ur>
x1 =  <edu,M

ac,IE
,M

on,V
G

A
,E

ur>

x2 = <edu,P
C

,IE
,M

on,V
G

A
,E

ur>
h3 = <edu,?,?,?,?,E

ur>



F
ind-S

:
F

inding
a

M
axim

ally
S

pecific
H

ypothesis

1.
Initialize�

to
the

m
ostspecific

hypothesis
in!

2.
F

or
each

positive
training

instance#

,do

�

F
or

each
attribute

constraint/�
in�

,do

If#

is
notcovered

by�
,replace/�

by
the

nextm
ore

generalconstraintthatis
satisfied

by#
3.

O
utputhypothesis�



H
ypothesis

S
pace

S
earch

by
F

ind-S
h hi i

j jk k
l lm m n no op p pq q qr rs s

t tu u

v vw w
x xy y
z z{ {

| |} }

~ ~� �
� �� �
� �� �

� �� �

� �� �

� �� �

� �� �

��� ��� ��� ��� ��� ������ ��� ��� ��� ��� ���

x2x4

Instances
H

ypotheses

G
eneral

S
pecific

h0

x1

h1

h2,3

h4h0 = <0,0,0,0,0,0>

h4 = <?,?,?,?,X
V

G
A

,A
m

erica>

h1 = <edu,M
ac,N

et3,M
on,X

V
G

A
,A

m
erica>

x2 = <com
,M

ac,N
et3,T

ue,X
V

G
A

,A
m

erica>, +

x3 = <com
,P

C
,IE

,S
at,V

G
A

,E
ur>, -

x4 = <org,U
nix,N

et2,W
ed,X

V
G

A
,A

m
erica>, +

x1 =  <edu,M
ac,N

et3,M
on,X

V
G

A
,A

m
erica>, +

h2 = <?,M
ac,N

et3,?,X
V

G
A

,A
m

erica>

h3 = <?,M
ac,N

et3,?,X
V

G
A

,A
m

erica>



C
om

plaints
about

F
ind-S

�

C
onvergence:

cannottellw
hether

ithas
learned

concept

�

C
onsistency:

cannottellw
hen

training
data

inconsistent

�

P
icks

a
m

axim
ally

specific�
(w

hy?)

�

D
epending

on!

,there
m

ightbe
severalconsistentspecific

hypotheses



V
ersion

S
paces

A
hypothesis�

is
consistent

w
ith

a
setoftraining

exam
ples "

of

targetconcept�
ifand

only
if�$ #% '

�$ #%

for
every

training

exam
ple��#� �$ #%�

in "
.

T
he

version
space

,��
����

,w
ith

respectto
hypothesis

space!

and
training

exam
ples "

,is
the

subsetofhypotheses
from !

consistentw
ith

alltraining
exam

ples
in"

.

H
ow

can
w

e
com

pute
the

version
space?

�

O
bvious

idea:
list-then-elim

inate
-

im
practical!

�

C
andidate

elim
ination

(M
itchell)



R
epresenting

V
ersion

S
paces

K
ey

idea:
keep

only
the

boundary
sets,exploiting

the
partial

ordering
ofthe

hypotheses
space.

T
he

G
eneral

boundar
y,G

,ofversion
space��

����

is
the

setof

its
m

axim
ally

generalm
em

bers

T
he

S
pecific

boundar
y,S

,ofversion
space��

�� �

is
the

setof

its
m

axim
ally

specific
m

em
bers

E
very

m
em

ber
ofthe

version
space

lies
betw

een
these

boundaries

��
���� '
� �� !�$���� �
%$��� � �
%$ � ) �) �%�

w
here#

)�

m
eans#

is
m

ore
generalor

equalto�



E
xam

ple
V

ersion
S

pace

G
3:

{<?,M
ac,?,?,?,?>, <?,?,?,?,X

V
G

A
,?>. <?,?,?,?,?,A

m
erica>}

S
3:

{<?,M
ac,?,?,X

V
G

A
,A

m
erica>}

<?,M
ac,?,,?,X

V
G

A
,?>

<?,M
ac,?,?,?,A

m
erica>

<?,?,?,?,X
V

G
A

,A
m

erica>



C
andidate

E
lim

ination
A

lgorithm

�
�

m
axim

ally
generalhypotheses

in!

�
�

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�

such
that�

is

consistentw
ith-

,and
som

e
m

em
ber

of�
is

m
ore

general

than�
�

R
em

ove
from�

any
hypothesis

thatis
m

ore
generalthan

another
hypothesis

in�



�

If-

is
a

negative
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

alspecializations�

of�

such
that�

is

consistentw
ith-

,and
som

e
m

em
ber

of�

is
m

ore
specific

than�
�

R
em

ove
from�

any
hypothesis

thatis
less

generalthan

another
hypothesis

in�



E
xam

ple
Trace

(1)

G
0:

S
0:

{<0,0,0,0,0,0>}

{<?,?,?,?,?,?>}



E
xam

ple
Trace

(2)

S
1:G

1:

<edu,M
ac,N

et3,M
on,X

V
G

A
,A

m
erica>, +

{<edu,M
ac,N

et3,M
on,X

V
G

A
,A

m
erica>}

{<?,?,?,?,?,?>}



E
xam

ple
Trace

(3)

S
2:G

2:

<com
,M

ac,N
etC

om
,T

ue,X
V

G
A

,A
m

erica>, +

{<?,M
ac,?,?,X

V
G

A
,A

m
erica>}

{<?,?,?,?,?,?>}



E
xam

ple
Trace

(4)

G
3:

{<?,M
ac,?,?,?,?>, <?,?,?,?,X

V
G

A
,?>. <?,?,?,?,?,A

m
erica>}

<com
,P

C
,IE

,S
at,V

G
A

,E
ur>, -

S
3:

{<?,M
ac,?,?,X

V
G

A
,A

m
erica>}



A
ctive

Learning
w

ith
V

ersion
S

paces

G
3:

{<?,M
ac,?,?,?,?>, <?,?,?,?,X

V
G

A
,?>. <?,?,?,?,?,A

m
erica>}

S
3:

{<?,M
ac,?,?,X

V
G

A
,A

m
erica>}

<?,M
ac,?,,?,X

V
G

A
,?>

<?,M
ac,?,?,?,A

m
erica>

<?,?,?,?,X
V

G
A

,A
m

erica>

W
hat should be the best new

 exam
ple?



U
sing

P
artially

Learned
C

oncepts

G
iven

the
version

space:

G
3:

{<?,M
ac,?,?,?,?>, <?,?,?,?,X

V
G

A
,?>. <?,?,?,?,?,A

m
erica>}

S
3:

{<?,M
ac,?,?,X

V
G

A
,A

m
erica>}

<?,M
ac,?,,?,X

V
G

A
,?>

<?,M
ac,?,?,?,A

m
erica>

<?,?,?,?,X
V

G
A

,A
m

erica>

H
ow

should
these

be
classified?

edu
M

ac
IE

Fri
X

V
G

A
A

m
erica

com
P

C
N

etC
om

W
ed

V
G

A
E

urope

org
U

nix
N

et2
W

ed
X

V
G

A
A

m
erica



E
xam

ple
Trace

(5)

S
4:

G
4:

{ <?,?,?,?,X
V

G
A

,?>. <?,?,?,?,?,A
m

erica>}

<org,U
nix,N

et2,W
ed,X

V
G

A
,A

m
erica>, +

{<?,?,?,?,X
V

G
A

,A
m

erica>}



E
xam

ple
Trace

(F
inal)

{<?,?,?,?,X
V

G
A

,?>}

{ <?,?,?,?,X
V

G
A

,?>}

<com
,U

nix,N
et2,W

ed,X
V

G
A

,E
urope>, +

S
5:

G
5:



V
S

has
E

xponential
S

am
ple

C
om

ple
xity

Letthe
conceptbe�� '

�4.,

.
Letthe

instances
be

described
by

1

B
oolean

attributes,and
consider

the
follow

ing
sequence

of

exam
ples:

��� '
�4.,� �� '
�4.,� ���� �� �
� '
 /¡�,� �� '

 /¡�,
��� '
�4.,� �� '
�4.,� ���� �� �
� '
 /¡�,� �� '
�4.,

��� '
�4.,� �� '
�4.,� ���� �� �
� '
�4.,� �� '
 /¡�,

�

...

��� '
�4.,� �� '
�4.,� ���� �� �
� '
�4.,� �� '
�4.,



B
ias

in
C

oncept
Learning

B
ias

is
defined

as
any

criteria
(other

than
consistency

w
ith

the

training
data)

used
to

selectone
hypothesis

over
another.

N
ote:

Inductive
bias¢ '

statisticalbias!

S
ources

of
bias

�

H
ypothesis

language
-

representationalbias

E
.g.

our
hypothesis

language
only

allow
s

conjunctions

�

S
earch

(generalization)
algorithm

-
algorithm

ic
bias

E
.g.

F
ind-S

searches
hypotheses

from
specific

to
general



A
n

U
nbiased

Learner

Idea:
C

hoose!
thatexpresses

every
teachable

concept(i.e.,!

is

the
pow

er
setof�

)

In
our

case:
consider!¤£'

disjunctions,conjunctions,negations

over
previous!

.

E
.g.,(P

latform
=

U
nix¥

P
latform

=
M

ac)�§¦

(P
latform

=
P

C
)

G
iven

positive
instances#�� ���#�

and
negative

instances

� �� ����¨ ,w
hatare�

,�

in
this

case?

�
�
#� ¥ ���¥ #�

�
�
¦

� � � ��� ¦�¨

B
ias-free

learning
does

notallow
any

generalization
beyond

the
training

instances!



B
ias

Is
N

ecessary!

A
n

unbiased
generalization

algorithm
(e.g.

version
space

candidate

elim
ination)

thatuses
an

unbiased
hypothesis

space
(e.g.

all

B
oolean

functions)
can

never
go

beyond
m

em
orizing

the
training

instances

T
he

po
w

er
of

a
learning

system
com

es
from

the

appropriateness
of

its
biases!

W
here

do
biases

com
e

from
?

�

K
now

ledge
aboutthe

dom
ain

�

K
now

ledge
aboutthe

source
ofthe

training
data

�

Intended
use

ofthe
learned

concept

�

S
im

plicity
and

generality
(e.g.

O
ccam

’s
razor)



S
um

m
ary

�

C
onceptlearning

can
be

view
ed

as
search

through
som

e

hypothesis
space !

�

V
ersion

space
candidate

elim
ination

algorithm
takes

advantage

ofthe
partialordering

ofhypotheses
(general-to-specific)

�

T
he�

and�

boundaries
characterize

learner’s
uncertainty

�

Learner
can

generate
usefulqueries

�

Learner
can

use
partially

learned
concepts

to
labelnew

exam
ples

�

Inductive
leaps

are
possible

only
ifthe

learner
is

biased

�

B
ias

is
a

constantthem
e

in
m

achine
learning!


