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Determine Type of Training Experience-
Games against experts-
Games against self-
Table of correct moves-
Determine Target Function-
Board->move-
Board->value-
Determine Representation of Learned Function-
Polynomial-
Linear function of six features-
Artificial neural network-
Determine Learning Algorithm-
Gradient descent-
Linear programming-
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2.1
true false
concept learning
2.2
“ Aldo
” 2-1 EnjoySport
Aldo
EnjoySport
2-1 EnjoySport
Example Sky AirTemp Humidity Wind Water Forecast EnjoySport
1 Sunny Warm Normal Strong Warm Same Yes
2 Sunny Warm High Strong Warm Same Yes
3 Rainy Cold High Strong Warm Change No
4 Sunny Warm High Strong Cool Change Yes
6

Sy AirTemp Humidity Wind Water  Forecast

) “ ?1



) AirTemp=Warm
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X h h X h(x)=1
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<?,?2,?2,7? 7?2 >
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2-2 EnjoySport
o
Ll X
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®]  Humidity Normal  High
o] Wind Srong  Weak
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“ o “ gy
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c
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Candidate-Elimination
Find-S Find-S H

more-general-than

chemical mass spectroscopy

(Mitchell 1979) (Mitchell et al. 1983)
Find-S
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h D (consistent) D
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Inductive bias
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Inductive system:
Training examples:
New instance:
Candidate Elimination Algorithm
Using Hypothesis Space H: H

Classification of new instance, or “don't know”:

Equivalent deductive system:
Assertion “H contains the target concept”:
Theorem Prover:

Inductive bias made explicit:
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- < <female brown tall German>, <female black short Indian> >

+ < <male brown tall Irish>, <female brown short Irish> >
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ID3 ASSISTANT C4.5

3.1
if-then
3.2
sort
attribute
e 53
31 PlayTennis
Yes No
3_1 13
< Outlook=Sunny Temperature=Hot Humidity=High Wind=Srong >
PlayTennis=No 32 ID3 Quinlan
1986

conjunction disiunction



3.3

. 3
Temperature

3.7.2

yes

374

category

35
3.6

overfitting

3.4

Quinlan 1993

Outlook=Sunny A Humidity=Normal
V  Outlook=Overcast

V  Outlook=Rain A Wind=\\eak

- pair
Hot
Hot Mild Cold
31
no

digunctive description

Classification Problem

34 ID3
2
3.7
post-pruning
ID3 Quinlan 1986

C4.5



ID3 3.7

C45
ID3 “
greedy search 31
31 ID3
ID3
ID3(Examples Target attribute Attributes)
Examples Target_attribute Attributes
Examples
) Root
) Examples label =+ Root
) Examples label =- Root
) Attributes Root  |abel=Examples
Target_attribute
o
® A Attributes Examples *
® Root <A
[ J A Vi
® Root A=v,
° Exampl es, Examples A Vi
° Examples,
) |abel=Examples
Target_attribute
° ID3  Examples, ,
Target_attribute, Attributes-{ A}
°
° Root
* 34 information gain
3.4.1
ID3

information gain ”
ID3



34.11

entropy purity
S S
Entropy(S) =-pel0gzPs-Pel 0g2pe 3.1
Pa S Po S
Ologd O
S 14 9
5 [9+ 5] S
Entropy

Entropy([9+,5-]) = —(9/14)l0g,(9/14) — (5/14) log, (5/14)

=0.940 32
S S 0
Po=1 Po 0 Entropy(S =
—-1-log,(® - (0)-log,(0) =-1-0-0-log,0=0
1 0 1 32
pe 0 1
— 57
32
Pe 0 1
S
Po 1
0 Pe
0.5 P, 08
1
C
S c c-wise
Entropy(S) = ) - p; log, p, (3.3)
i=1

Pi S i 2



log,c

3.4.1.2
information gain ”
A S Gain(SA)
Gain(S, A) = Entropy(S) - Y| IS Entropy(S,) 34
veValues(A) S |
Values(A) A S, S A Y
S, ={seJA(s)=V} 3.4 S
A S
1S | .
S — Gain(SA) A
| S|
Gain(SA) A
S Gain(SA)
A
S Weak
Srong Wind S 14 [9+ 5] 14
6 2 Wind =Weak Wind=Srong
Wind 14

Values(Wind) = Weak,Strong

S=[9+,5]
Speax < [6+,2-]
SElrong <~ [3+13_]

Gain(S,Wind) = Entropy(S) - z IS1 Entropy(s,)

ve{Weak, Srong} | Sl

= Entropy(S) — (8/14) Entropy(S,..) — (6/14) Entropy(Sq,

= 0.940 - (8/14)0.811- (6/14)1.00
= 0.048

rong )

ID3 3-3

Humidity Wind 32




Which attribute is the best classifier?

33
Humidity ~ Wind
S S 9 5 [9+ 5] Humidity
[3+ 4] Humidity=High  [6+ 1-] Humidity=Normal
0.151 Wind 0.048
3.4.2
ID3 32
PlayTennis yes  no
ID3 Outlook
Temperature Humidity Wind
3-3

Gain(S,Outlook)=0.246

Gain(SHumidity)=0.151

Gain(SWind)=0.048

Gain(S Temperature)=0.029

S 32
32 PlayTennis

Day Outlook Temperature Humidity Wwind PlayTennis
D1 Sunny Hot High Weak No
D2 Sunny Hot High Strong No
D3 Overcast Hot High Weak Yes
D4 Rain Mild High Weak Yes
D5 Rain Cool Normal Weak Yes
D6 Rain Cool Normal Strong No
D7 Overcast Cool Normal Strong Yes
D8 Sunny Mild High Weak No
D9 Sunny Cool Normal Weak Yes
D10 Rain Mild Normal Weak Yes
D11 Sunny Mild Normal Strong Yes
D12 Overcast Mild High Strong Yes
D13 Overcast Hot Normal Weak Yes
D14 Rain Mild High Strong No

Outlook PlayTennis



Outlook
Overcast Rain

3-4
Outlook=Overcast

unny

PlayTennis
PlayTennis=Yes Outlook=Sunny  Outlook=Rain 0
1
2
0 34 32 14
ID3 31
—_— 61
Which attribute should be test here?
3-41D3
Overcast Yes
3.5
ID3
ID3 ID3
3-5
e 62
3-51D3
ID3
ID3
® |ID3

ID3



° ID3

ID3
° ID3
e D3
3.6
ID3
2
ID3
b
ID3
ID3
1

breadth first search

ID3

ID3 a

ID3
breadth first

BFSID3 BFSID3
ID3

ID3

Find-S

ID3

ID3

ID3

BFSID3

BFS-1D3



ID3

3.6.1

ID3

® D3

ID3

ID3
preference
preference bias

language bias

ID3

3.6.2

ID3

restriction

search bias

LMS
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Occam’srazor

500 5
20 500
5
5 500
17 11
A Ay An
short description
XYZ 31
31
XYZ
Outlook Temperature Humidity Wnd
agent
agent
agent
agent ID3
agent
agent

agent




self-fulfilling prophecy

6
Minimum Description Length

3.7
ID3
ID3 C4.5
Quinlan 1993
3.7.1 Overfitting
31
overfit
H heH h'eH
h h’ h h
h overfit
3-6 ID3
25
—_ 67
Accuracy —

Size of tree(number of nodes) —

On training data—



On test data—

ID3
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h W

<Outlook=Sunny Temperature=Hot Humidity=Normal Wind=Srong PlayTennis=No>

ID3

ID3

hl

hl

ID3

post-prune

ID3 31

D9 Di11

ID3
ID3

Mingers 1989b

ID3

5

31

(h) 31
h’

10-25%



Quinlan 1986
chi-square
°
Minimum Description Length 6
Quinlan & Rivest 1989 Mehtaetal. 1995
training and validation
3.7.1.1
error-reduced pruning ” Quinlan 1987

3-7

Mingers 1989b Malerbaeta. 1995
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Accuracy —

Size of tree (number of nodes)-
On training data-

On test data-

On test data(During pruning)-

3-7
3-6
ID3
3.7.1.2
rule
post-pruning ” C45 Quinlan1993 C4.5

ID3
1
2.
3. preconditions
4.

IF  Outlook=Sunny A Humidity=High

THEN PlayTennis=No

Outlook=Sunny Humidity=High

C45
pessimistic estimate C4.5



standard deviation
95%

1.96
statistically
valid >
o
°
o
3.7.2
ID3
A Ac A<c Ac
c
3-2 Temperature
Temperature PlayTennis
Temperature: 40 48 60 72 80 90
PlayTennis. No No Yes Yes Yes No
Temprature
c A
A
c Fayyad 1991
PlayTennis Temperature 48+60 /2
80+90 /2 —Temperature.s,  Temperature.gs
Temperature, s,

“ ” Fayyad & Irani 1993

Utgoff & Brodley 1991 Murthy etal. 1994



3.7.3

Date March 4,1979
3-2 Date
predicator
Date

gain ratio  Quinlan 1986
split information Date

Splitlnformation(S, A) = Zi IS 35
=S| T?|S|
S & ¢ A S c
S A S
GainRatio(S, A) = —CANS A 36
Solitinformation(S, A)
n
A n
logzn B n
1 A B B
S S
ISI~I9 0 S
Quinlan 1986

Lopez de Mantaras 1991
distance-based



Lopez de Mantaras 1991

Breiman et al. 1984 Mingers 1989a

Kearns & Mansour 1996 Diettericheta. 1996 Mingers 1989a

3.7.4

A(X)

A(X)

AX)=1
40%

3.7.5

Gain(S A)

0.6 A(X)=0

n
<X, c(X)> S A

c(x)
Mingers 1989a

n 6 A=1 6 A=0
0.4 X  60% A=1
fractional examples

C45 Quinlan 1993



ID3

Tan & Schlimmer 1990 Tan 1993

Gain® (S, A
Cost(A)
Nunez 1988
ZGain(S,A) _ 1
(Cost(A) +1)"
wel[0 1] Nunez 1991
3.8
() ID3
® D3
) ID3
()
) ID3
Hunt Concept Learning System
CLS Huntetal. 1966 Friedman Breman CART Friedman 1977;Breiman

etal. 1984 Quinlan ID3 Quinlan 1979 1983



ASSISTANT Kononenko et al. 1984 Cestnik et al.
1987

Quinlan 1993
C4.5 Mingers 1989a  Buntine & Niblett
1992 Mingers 1989b

Dietterich et al. 1995; Fisher & McKusick 1989; Quinlan 1988a; Shavlik et al. 1991;
Thrun et al. 1991; Weiss and Kapouleas 1989



31

a Ar-B

o

Av[BAC]
c AXORB

d [AAB] v [CAD]

3.2
a ap
1 T T
2 T T
3 - T F
4 + F F
5 - F T
6 - F T
a
b o
33 D2 D1 D1 more-general-than D2
D1 D2 ID3 D1 D2
D2 D1 more-general-than
2
34 ID3
a EnjoySport ID3 EnjoySport
2 2-1
b 2
2-3
c
Sy Air-Temp Humidity Wind Water Forecast Enjoy-Sport?
unny Warm Normal Weak Warm Same No
d ID3
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Avrtificial Neural Networks——ANNSs

BackPropagation
- ANN
interpreting visual scenes
4.1
LeCun et a. 1989 Lang et al.
1990 Cottrell 1990 Rumelhartetal. 1994
4.1.1
neuron
10" 10*
10° — 10™°
10"
10"
ANN
ANN
ANN
ANN ANN
ANN
ANN

ANN



ANN Churchland & Sejnowski
1992 Zornetzereta. 1994 Gabriel & Moore 1990

4.2
Pomerleau 1993 ALVINN ANN
ANN ANN 30x32
ANN
ANN 5 ALVINN
70 90
4-1 ALVINN ANN
unit
30><32 13 ”
960
30 13
e 84
sharp left-
sharp right-
straight ahead-
30 Output units-30
4 Hidden units-4
30x32 sensor input retina-30x32
4-1
ALVINN 70
960 4

30
30x32
30



4-1 ANN

30x32
30
ALVINN ANN
ANN _
ANN
ANN
ALVINN
4.3
ANN
3
ANN Shavlik et al.
1991 Weiss and Kapouleas 1989 ANN
ANN
° [11 - n
ALVINN
[ ]
ALVINN 30
0 1
confidence
° ANN
[ ]
° ANN

ALVINN



perceptron linear unit sigmoid

sigmoid unit
ANN
4.4
ANN perceptron 4-2
1 -1 X1 Xn
( ) 1if Wy + WX, + WX, +--+ W, X, >0
o(X;, +, X ) = .
' """ 1-1 otherwise
Wi weight Xi
(-wo) 1
W, X, 4+ W, X, + -+ 4+ W, X,
e 87
4-2
=1
> owx >0 W-X>0

0(X) = sgn(w- X)

1 ify>0
-1 otherwise

wmw={

Wo, +..y Wh

H ={W|we R™}



44.1

n
1 -1 4-3
w-X=0
linearly separable
e 87
4-3
a b
X X ‘ot .o
1 -1
AND wo= -0.8
wi=w,=0.5 OR wo=-0.3
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h errors(h) errorp(h)
) variance
0.2



errorp (h)

5-2

Billingdey etal. 1986
DeGroot 1986 Casdla&
Berger 1990 Duda& Hart 1973

Segreeta. 1991 1996 Etzioni & Etzioni 1994 Gordon & Segre 1996

Geman et a. 1992
Dietterich 1996



51
r=300

52

53

54

55

5.6

90

01

errorg(h)

h

errorp(h)

n=65
95

h

517

errorp(h)

n=1000

95

0.2

534

100

r=10

0.6

95

5.16

95

83

90
errorp(h)< U

514



6.1

Michieeta. 1994

93%

2

Minimum Description Length

Find-S



6.2 maximum

likelihood maximum a posteriori probability hypotheses
Gibbs
EM
6.2
D H
D H
most probable
P(h)
h P(h) h prior probability
h
P(D) D
D P(DJh) h
D P(xly) y x
P(h|D) D h P(h|D) h
posterior probability D h
P(h|D) D P(h) D

P(h)  P(D) P(DIh)

P(hD)
p(hD) = POINPM) o
P(D)
P(hD)  P(h) P(Dlh) P(hiD)  P(D)
D h D h
H D
h H
maximum a posteriori, MAP MAP
hvar —MAP

hyae = argmax P(h| D)
heH



P(D [ h)P(h)

= argmax
heH P(D)
=argmax P(D | h)P(h) 6.2
heH
P(D) h
H H h; hy

P(hi)=P(hy) 6-2 P(Dlh) P(DIh)

h D likelihood P(D|h)

maximum likelihood ML hwv

h, =argmaxP(D |h) 6.3

heH

D
H
H 1
H D
H D
6.2.1
1
2 ®
] 0.008
98% @
97% O
P(cancer) =0.008, P(—cancer)=0.992
P(® | cancer) = 0.98, P(® | cancer) = 0.02
P(® | —-cancer) =0.03, P(® |-cancer)=0.97
®
6.2
P(& | cancer)P(cancer) = (0.98) - (0.008) = 0.0078
P(® | —cancer)P(—cancer) = (0.03) - (0.992) = 0.0298
hyap=—cancer —
P(cancer|®)= 0.0078 =0.21
0.0078+ 0.0298
P(®) P(®)

P(cancer|®) P(—cancer|®) 1



6-1

Ll (Product rule) A B P(AAB)
P(AAB)=P(A |B)P(B)=PB|A)PA)
o (Sum Rule) A B P(AVB)
P(Av B) =P(A)+ P(B) - P(A A B)
o (Bayes theorem) D h P(hD)
N CILL )

P(D)

o (Theorem of total probability) A i A, Zinzl P(A) =1

P(B) =Y P(BI A)P(A)

6-1
6.3
Brute-Force
2
Brute-Force
6.3.1 Brute-Force
2
X H c:X-{0,1}
X1 oy Xm  Om X X d;
di=c(x;) X1 Xm
Brute-Force MAP

1 H h



P(D [h)P(h)

P(hI D) =50

2 hMAP

hyae = argmax P(h| D)
heH

H P(hID)
Brute-Force MAP P(h) P(D|h)
P(D) P(h) P(D|h)
1 D di=c(x)
2 c H
3
P(h)
H h H H
1
1
H h  Ph)=—
H]
P(DIh) P(DIh) h h c
D= dl...dm h
di=h(x) d 1 dz h(x) d O
{1 D d  di=h(x)
P(DIh)= 6.4
0
h D h 1 0
P(h) P(DIh) Brute-Force MAP
h
P(hD)
p(h| D) = PCINPM)
P(D)

h D 6.4 h D P(DIh) O



0-P(h) _

P(h|D) = P(D) D
D h 0
h D 6.4 h D PO 1
1. 1
P(h|D):—|H|
P(D)
1
__[H]
VS, o
[H|
_ 1 h D
VS, ol
VSip H D VSip D
S
P(D):% P(h|D) 1 H
[VSipl 6-1
(Vi = j)(P(h A hj) =0) P(D)
P(D) = ZP(Dlhi)P(hi)
heH
1 1
= 1.—+ 0-—
TP
1
_ 1.
I
BT
H|
P(h)  P(D|n) P(h|D)
1 h D
pripy= | VSl 65
0
VSip| H D 6-1
6-la 6-1b  6-1c
0 1
P(h)  P(DIh)

VIVSpl 0 MAP



162

hypotheses:
6-1
@ D1(b) D1 D2(c)
0
6.3.2 MAP
MAP
H
P(h)=P(h) i D h P(DJh)=1
0 MAP
2 Find-S Find-S H
P(h)  P(DIh)
MAP Find-S
P(h) P(DJh) MAP Find-S
P(h) P(DJh) Find-S MAP
Find-S (maximally specific)
MAP H H
P(h) hy  hp P(h1)= P(hy) H
P(DJh) Find-S MAP
Find-S
MAP
P(h) P(DIh)
2 B
c
H
probabilistic reasoning ‘ H
P(h) P(DIh) " P(h)  P(D|h)

Find-S



P(DIh)

1
P(DJh) 0 1 P(DJh)
6.4
MAP
L X H H X

H h h: X 9 374

H f X2 m
X, O di=f(x)+e f(x) e

MAP

6-2 f
hML
f
164
6-2
f X, di €
5 hwe
e
probability density
1
e
1 p P



probability mass
Ve

di...dm di=f(x;)+e

0.2

4 =f(x)
p(di[h)
1 =f(x)=h(x)

hML

p(x) £ 0 X [Xo0, Xo+€ )

p(x,) = Iirrg1 P(X, < X< Xy +€)
-0 ¢

54
6-3

hy. =argmax P(D | h)
heH

X1...Xm
h P(D|h)

hML = ar%TaXH p(di | h)

i=1

0'2 di
f(x) 0 p(dh)
54 u ol
d, h f
) lm[ 1 —ar
o = argmax | [ ——e %
heH a4/ 2702
mo1 I (d-hx))?
=agmax | | ——e ¥

heH 1,3 N 270?

Inp p Inp
m o1 1
=argmax ) In —-——(d; —=h(x))?
gheH |Z=]; A/ 272'0-2 20-2( I ( I))

p(dilh)



6.6

(di-h(x))*

6.5

& 1
hML =ag maxz_?(di - h(Xi ))2

heH i=1

(d; —h(x))*

hy, =argmin)’ 1

heH i=1 202

h, = arg mini(di -h(x))? (6.6)
heH

i=1

Inp(D|h)
p(D[h)

MAP

h(x)



f X-{0,1}

X f(x) 1
0 X
f) 1 0 f
92% 8%
f(x)=1 f'=X-][0, 1] f'=P(f(x)=1
X 92% f'(x)=0.92 f(x)
92% 1 8% 0
f X
1 O X
f f
P(DJh) D D={ x; d; Xm Om } d
f(Xi) 0 1
X1 Xm
d;
X G
P(DIh)
m
P(D|h)=]P(x.d; |h) 6.7
i=1
Xi h
X o
h X h 6-1

P(D M) =] [P(x.d 1N =[P [hx)P(x) 68

h X d=1 P(dih, % h
P(di=1lh, % =h(x;)
{ h(x) di=1
P(di|h, x)= 6.9
(1-h(x)) di=0
6.8 P(D|h)

P(d; [h,x) =h(x )di (1-h(x ))lﬁdi 6.10



69 6.10 di=1 6-10 (1-h(x, ))1—di

1 P(di=1]h, X =h(x) 6.9 =0

6.10 68  P(dih, x)

P(Dh) = [h(x)* @-h(x)** P(x) 611

i=1

b = argmax] [h(x)* (- h(x))** P(x,)

heH i=1
h
My =argmax ] [h(x)* (1-h(x ) (6.12)
heH i=1
6.12 5-3 Binomial distribution
m dl. . .dm
Xi h(x) 5-3

h(x)=h(x), Vi, ]

h,. =arg maxzr“:di Inh(x;)+(1—d,)Inl-h(x)) 6.13

<H i=1
6.13
6.13 -2 ipilogp; 3
Cross entropy
6.5.1
6.13 G(h, D)
G(h, D)
4 G(h, D) G(h, D)
h 4
Wik K j

0G(h,D) Zm: dG(h, D) oh(x;)
oW, _i:1 oh(x) ow,,

G(h, D)



m

_ z o(d; Inh(x) + (1-d;) InA— h(x;))) oh(x;)
= oh(x,) ow,,

md —h(x) oh(x)

6.14
iz h(x)A-h(x)) ow,
sigmoid
oh(x, ,
# =o'(% )Xijk = h(x )1 h(x; ))Xijk
oM
Xijk [ j k o’(x) sigmoid squashing
4 6.14
0G(h,D)

= 2 e,

P(DIh)

Wy, < W, + Aij

AW, =Y (d; —h(x))x; 615
i=1

Wy, < W, +Aw,

Ay =7 R0 h(x))E, ~ hix )X,

6.15 h(§)(1-h(x)) sigmoid



6.6

Minimum Description Length, MDL

hMAP

hyae = agmax P(D | h)P(h)
heH

2

h,. = agmaxlog, P(D | h) +log, P(h)
heH

hy.e = @gmin-log, P(D | h)—log, P(h)
heH
6.16 “

[ Pi

Shannon & Weaver 1949

-logp; C [
description length of message i with respect to C

6.16
-logzP(h) H h
L, (h)=-logzP(h)

H

-log,P(DJh) h D

Leg,(DIN)= -log:P(DIh) oh
h D
6.16 hvap
h

hMAP

6.16

Ch

hMAP = arg:nin |—cH (h) + |—cD‘h (D[h)

Ci  Cop H h D
Minimum Description Length, MDL

Lc(i)



G G MDL

hwoL
hyo =argminLc (h)+L¢, (D |h) 6.17
heH
Cy Ch C Cop
hvoL=hmap
MDL
MDL
C G C
G
X1...Xm
f(xq)...f(xm) hwbL
f(xa)...f(Xm)
0 h
log,m logok
k Ci C; hwoo
MDL
Quinlan & Rivest 1989 MDL
MDL 3
Mehtaet al. 1995 MDL
h -logzP(h)
h D -log,P(D]h) MDL MAP
P(h) P(DIh)
MDL G G
MDL G G

6.7



h,

hs

0.6

6.18

MAP
hy hy hs
04 03 03 hy MAP X h

X 04 hl
MAP

v Vi P(vD)

P(v; D)= > P(v; |h)P(h | D)

heH

P(4ID) Vi

argmax 3" P(v, |h)P(h |D) 6.8

v i
V={®,0}

P(hyD)=0.4, P(Oh)=0, P(®lhy)=1

P(hD)=0.3, P(Oh)=1, P(®lh)=0

P(hiD)=0.3, P(O|h)=1, P(®hs)=0

D> P(@|h)P(h |D)=04

heH

D> P(@[h)P(h |D)=0.6

heH

argmax Y P(v; |h)P(h |D)=©

v {©,6} heH

Bayes optimal classifier



h

H H’ H

H
6.8Gibbs

H
Gibbs Opper & Haussler 1991
1 H H h
2 h X
Gibbs
Gibbs
Haussher et al. 1994
Gibbs
H

6.9

naive Bayes classifier

X
f(x) \Y
<ai,ap...ap>
<ai,az...ap>
Vmap

Vi = @rgmax P(Vj |a,,a,..2,)

Vj ev



P(a,a,...a, |v,)P(v.
VMAP:argmaX (al 2 | ]) (])

v eV P(a,a,..a,)
=agmax P(a,,a,...a, |v;)P(v;) 6.19
Vj ev
6.19 P(v)
Vi
P(as,ap...aqV;)
ai, dp...aAn
P(ai’aZ"'an |Vj) = Hi P(81 |Vj)
6.19
Ve = agmax P(v;)[ ] P(a |v;) 6.20
VNB
P(ailv)
P(ay,az...anlv)
P(v)  P(alv)
6.20
VNB MAP
P(v) P(alv)
6.9.1
3 32 PlayTennis 14

Outlook, Temprature, Humidity ~ Wind

<Outlook=sunny, Temperature=cool, Humidity=high, Wind=strong>



PlayTennis yes no 6.20

VNB

Vg = a@gmax P(Vj )H, P(a |Vj)

v; € yes,no}
= argmax P(v;)P(Outlook = sunny | v; ) P(Temperature = cool |v,)

Vic{yes.nol 6.21
P(Humidity = high|v,)P(Wind = strong | v, )

g VNB
10 14
P(PlayTennis=yes)=9/14=0.64
P(PlayTennis=n0)=5/14=0.36
Wind=Srong
P(Wind=strong|PlayTennis=yes)=3/9=0.33
P(Wind=strong|PlayTennis=no)=3/5=0.60

6.21 VNB

P(yes)P(sunnyjyes)P(cool [yes)P(high|yes)P(strong|yes)=0.0053

P(no)P(sunny|no)P(cool |no)P(high|no)P(strong|no)=0.0206

PlayTennis= no no
0.0206/(0.0206+0.0053)=0.795

6.9.1.1
P(Wind=Srong|PlayTennis=no) nJ/n =5 PlayTennis= no
n=3 Wind=Srong
Ne
P(Wind=Srong|PlayTennis= no) 0.08 5
PlayTennis=no Ne 0 nJn
underestimate 0
Wind=Srong 6.20
0



n. +mp

6.22
n+m
Nnc N P m
p p
k p=L/k
Wind=Srong|PlayTennis= no Wind
p=0.5 m O m nJn n m 0
nJn p m m
6.22 n m p
6.10

Lewis(1991)

Lang(1995) Joachims(1996)

X
f(x)
f(x) \%

like  didike

Thisis an example document for the naive Bayes classifier. This document contains only one
paragraph, or two sentences.

19 19 “ This’
“ i S”

700 dislike 300 like



6.20

19
Ve = argmax P(v)[ P(a |v;)
i=1

vj flike, dislike}

= agmax P(v;)P(a, ="this'|v,)P(a, ="is'|v,)...P(a,, ="sentence’|v;)

v { like,dislike}

VNB
19
P(al""alg |Vj) = Hl P(a'i |Vj)
learning
machine —_—
Domingos Pazzani(1996)
Vng P(vi)  P(@=wiv) Wi
k P(like)=0.3
P(didlike)= 0.7 P(ay)="This’| P(dislike)
5 2 19
2x19x50000= 200
Wik
i j, ke m Pla=widv)=P(am=wilv))
P(a;=wiv), P(az=widv;) P(widv)
2x50000 P(wiv)
6.22
m m P(Widv;)
n +1
n+|Vocabulary|
n Vi Nk n
Wi [Vocabulary|
6-2

Learn-naive-Bayes-text



Classify-naive-Bayes-text 6.20 VB
http://www.cs.cmu.edu/tom/book.html
Learn_naive Bayes text(Examples, V)
Examples \%
P(widvi) Vi W
P(v)
1 Examples
® Vocabulary~ Examples
2 PW)  Pwdv)
Ll \Y v,
® docs — Examples v,
o Py - ooss)
|[Examples|
O Text— docs
O n- Tex
o[ Vocabulary Wy
omn, Wi Text;
OP(Wly) — N+l
n+|Vocabulary]

Classify_naive Bayes text(Doc)

Doc g Doc i
® positions— Doc Vocabulary
v =argmaxP(v,) [] PG |v))
Vi€ ie positions
6-2
6.10.1
6-2 Joachims 1996
20 1000 2
2/3 1/3
20 5%
89% 6-2
100 “ the” “ of”
3 38,500
Lang

1995



" NewsWeeder
NewsWeeder

Lang (1995)

16%

Information Retrieval

NewsWeeder

Hearst & Hirsh 1996

NewsWeeder
10%
34
59%

Rocchio 1971 Sdaton 1991

comp.graphics misc.forsale soc.religion.christian sci.space
comp.os.ms-windows.misc rec.autos talk.politics.guns sci.crypt
comp.sys.ibm.pc.hardware rec.motocycles talk.politics.mideast sci.electronics
comp.sys.mac.hardware rec.sport.baseball talk.politics.misc sci.med
comp.windows.x rec.sport.hockey talk.religion.misc
at.atheism
6-3 20
667
89% 5%
6.11
a; an \'
Pearl(1988) Rusell & Norvig(1995) Herkerman et a. 1995

Jensen(1996)
Y: Yq Yi V(Y) Y (joint space)
V(YD) x V(Y2)  V(Yy)
<Vi...Yy> (joint probability distribution)

<Yi...Yp>



6.11.1

XY 2zZ 3

(in’yjizk)P(X =X |Y:yj!Z:Zk):P(X:Xi |Z:Zk)

X eV(X) vy, eV({Y) zeV(2) P(X|Y,2)=P(X|2)

X1... X
Z;...2, Yi...Ym

P(X,.. X, |Y..Y,, Z,..2,) = P(X...X, | Z,..Z,)
V AL A,
6.20 P(A1,A5|V)

P(A1,A2|V)=P(Aq|A2,V)P(A2|V) (6.23)

=P(AqlV)P(A2]V) (6.24)
6.23 6-1 6.24 Ay \Y
Ao P(A1lA2,V)=P(A4|V)
186
6-3
Campfire Campfire, Sorm  BusTourGroup Cc S
B
6.11.2

6-3
Sorm Lightning Thunder ForestFire Campfire  BusTourGroup



<v1...Yy> Yi.--Yn

P(y,.-s) = [ [ P(y; | Parents(Y,))

i=1

Parents(Y;) Yi P(yi|Parents(y))
Y,
6-3 Sorm, Lighting, Thunder, ForestFire, Campfire
BusTour Group Campfire
Campfire Sorm BusTour Group Lighting
Thunder Sorm BusTour Group Lighting
Thunder Campfire Campfire
P(Campfire=True|Sorm=True, BusTour Group=True)=0.4
Sorm  BusTourGroup  Campfire
Lighting Thunder Lighting
Thunder 6-3
6.11.3
ForestFire
, Thunder BusTour Group
ForestFire
NP Cooper
1990
Monte Carlo
Pradham Dagum 1996
NP Dagnm Luby1993

Russell & Norvig 1995 Jensen 1996



6.11.4

Russtll et a. 1995

h
D P(D]h)
6.11.5
Russell et al. (1995) InP(DJh)
P(Dlh) Wijk Wijk
Ui Uik Yi Yii Wijk 6-3
Yi Campfire U; <Sorm, BusTour Group>
yi=True uj=<False, False> Wi InP(D|h) w
aWijk
P, =vy,,U, =u, |d
6InP(D|h):Z Y =y, « [d) 695
8Wijk deD Vvijk
6-3 InP(DJh) D
d P(Campfire=True, Sorm=False, BusTourGroup=False | d)
d d
Russell et al. 1995 6.25
Pr(D) P(DIh)
P (D
ah—() i,j, k D d
8\Nijk
olnk (D
B _ 9 1R (@)

aWijk avvijk deD



olnPB,(d)

—Z Wy
1 0P, (d)
dEDP(d) aW
8|nf(X): 1 of(x) Y, Ui=Parents(Y;)
OX f(x) ox
Vi Uik
N YCITTBLY AT

W, S PR(d) ow,

deo P, (d) ijk JZKP W (1Y Ui )P (Y3 Ui ) P (W)

6-1
Wik = Pr(yijuin) 0 0 i’=j i
a\Nijk

oInR,(D) 1
8Wijk c%; P (d) 8W I h(d | Yijs 'k)P (yu |u|k)P (Uuk)

a0 B (d) 8W o (A Y U)W B ()

deDP (d) Uy ) B (W)

Pr(dlyij, i)

amph(D)_Z 1 Ry U [d)R(d)R (uy)
W, SPR(d) R (Y; Uy

_ F%(yij’uik |d)Ph(uik)
_dez.; Ry (¥ Uy)

5 RO 1)
deD Ph(yij Uy )

6.26

R.(Y .Uy 1d)
= Z—

deD \Nijk

6.25
Wijk [0 1]



2 iWijk I,k 1

Wijk
B, (Y Uy [d)
Wi <= Wy + 772—
deD VV”k
7 Wijk
Russell
EM 6.12
6.11.6
Cooper & Herskovits 1992
Bayesian scoring metric
K2
K2
K2 3000 37
46
37
Spirtes et al. 1993
Heckerman 1995 Buntine 1994
6.12 EM
6-3 Sorm, Lighting, Thunder, ForestFire, Campfire
BusTour Group
3
EM Dempster et al. 1977
EM
EM
Heckerman 1995 8.4 radial basis function
EM Cheeseman et al. 1988
Partially Observable Markov Model Baum-Welch

Rabiner 1989



6.12.1 k

EM D k
6-4 =2
X k
Xi
k g? o? h=<y 1...10 >
k
P(D|h) h
192
6-4 o?
X EM
X11 X21 ey Xm
6.4 6.6
m
6.6
m
My, =argmin | (x — u)? 6.27
M i=1
1 m
=— > X 6.28
Hue m; i
k
6-4
<X, Z1, Z2> Xi i Z1  Z
X Zj % j 1
0 Xi Z1  Z2 Z1  Zp
6.27 M1 Mo EM
EM k
<Y 1.l Z;
EM EM
6-4 EM h=<y 1, p > M1



1 z; Elz] h=<y 1, U »>
2 hW=<p ', p2> z
1 E[z] h=<w 1, 2> =<y, po>
1 z E[z] X
j
X=X = .
Elz,] = 2IO( X 4= u;)
Do P(X=x% | u=u,)
e_glz(xi —/lj)z
= 1 .
772(Xi7 n)
22 e 20 “
n=1
<U 1, U2> X
1 Ez] h'=<p 1, pa>
m
> Elz]%
I =T a———
Zi=1E[ZiJ]
6.28 u
1y j
k EM
EM
P(DIh) <U 1 H2>
6.12.2 EM
EM EM
o
0 =<W ., y>
<Xi! Zil1 Ziz> X| X=<X1, ey M>
Y=X Z Z
g X Y
Z EM h g



EM E[InP(Yh")] h h Y
P(Yh) h Y
InP(Y|h") P(Y)
E[InP(Y]h")] Y Y
X Z Z
Y E[InP(Yh)]
X Z
Y
EM h e Y
Q(h'|h) E[InP(Yh")] h 6 =h Y X
Q(h'[h) = E[Inp(Y [h’) [, X]
Q Q(h'|h) h 6 EM
1 E h X Y
Q(h’|h)
Q(h'|h) «— E[InP(Y | h") | h, X]
2 M h Q h
h < argmaxQ(h'| h)
o
Q EM P(YIh)
EM h’
EM 4
6.12.3 k-
EM 6.12.1 k
k- k O =<y, .. U&

X={ <x>} 72={<zy, ..., Zx>} k

Xi
EM k- Q(h’|h) Inp(Ylh’)
Yi=<Xi, Zit, +oey Zi> p(yiln")

p(y; 1) = p(%, 2y 2 [P) =

o

1 .
1 e—gztﬂzu (5-2'y)?



Z;j 1 0

X p(yiln") m
InP(Y]h")
InP(Y [h) =In] ] p(y, | )
i=1
=>Inp(y; |h)
i=1
=i( - ia-(x—u'-)zj
i-1 N 27o? 2(72 =1 : :
Y Y Z;
InP(Ylh") InP(Y]h") Z;
f(2)
E[f(2]=f(E[2])
. u 1 |
E[InP(Y [h)] = h’,[ N> ZZZJ(X H“5) J
> in= 106 - 4, )
i-1 2rc® 20 :
k- Q(h’[h)
Q(h'fh) = Z( Jone? 20 2ZE[:J](X M) ]
h,:</J 1,, e M k,> E[Z”] h X
e o Z(X —u;)?
Elz]= - . (6.29)
Zk e_Zj(XI_#n)
n=1
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“ Do Until”
EQ
“ Do Until”
GP 166
9.5.3
O’Reilly and Oppacher 1994 GP
hill climbing simulated annealing
GP Kozaetal. 1996 GP
GP
SPICE
101
640,000 10% 89% 1% 64
98%
SPICE 84.9%
75.0% 9.6%
159 20 39 137 0.8 137
Koza 1994

9.6



9.6.1

Lamarck

GA GP

1994 Hart & Belew 1995

9.6.2

J. M. Baldwin

French & Messinger 1994

1896

trait

generate-and-test ”

Grefenstette 1991 Ackley & Littman

Baldwin effect

“ ”

gene pool

Hinton & Nowlan 1987

Belew 1990 Harvey 1993

Mitchell 1996



Evolutionary Computation
Turney et al. 1997

9.7
GA coarse grain
deme
GA
migration
GA
Tanese
1989 Cohoon etal. 1987 GA
fine-grained
Spiessens & Manderick 1991 Stender 1993
GA
9.8
. GA
e GA GA
e GA
e GA
GA
[ ]
Koza
1992 visual scenes Teller and Veloso 1994

Box 1957  Bledsoe
1961 60 Rechenberg 1965 1973



Schwefel 1975 1977 1995
Folgel & Owens & Walsh 1966
Fogel & Atmar 1993
Holland 1962 1975

Koza 1992
GA K. DelJong Pittsburgh
Smith 1980
GABIL Holland Holland 1986 Michigan
Wright 1977
Mitchell 1996 Goldberg 1989 Forrest 1993
GA Goldberg 1994 Koza 1992
ICGA CSAB
ICANNGA IEEE ICEC
Koza et al. 1996b Evolutionary Computation
Journal Machine Learning

GA



9.1

9.2

9.3

9.4

3 PlayTennis
9.1 GA
GP 952
GP
GA
4

GA

3Ix2x1



10

if-then
Horn Horn
Prolog ILP
10.1
if-then
3
9
Ancestor
Parent(x,y) y X Ancestor (X,y) y X
IF Parent(x,y) THEN  Ancestor(x.y)
IF Parent(x,z) Ancestor(zy) THEN  Ancestor(X.y)
Prolog Prolog
Horn
Prolog
Ancestor
Prolog

(Buchanan 1976; Lindsay 1980)
Srinivasan et a. 1994
Dolsak & Muggleton 1992



10.2

sequential covering
|learn-one-rule

|learn-one-rule
|learn-one-rule

10-1
learn-one-rule
Horn
10-1
learn-one-rule Examples performance
Threshold
Sequential-covering(Target_attribute, Attributes, Examples, Threshold)
O Learned rules—{}
® Rule-learn-one-rule(Target_attribute, Attributes, Examples)
o performance(Rule, Examples) > Threshold
O |Learned rules— Learned rules+ Rule
® Examples— Examples{ Rule }
O Rule-learn-one-rule(Target_attribute, Attributes, Examples)
O |Learned rules— Examples performance Learned_rules
o Learned rules
10.2.1
learn-one-rule ID3

10-1



ID3

ID3 |learn-one-rule

|earn-one-rule

ID3
3.3
_ 277
10-1 Learn-one-rule
1
beam search k
k k

CN2 Clark & Niblett 1989 10-2

10-2 lear n-one-rule
Candidate_hypotheses Clark & Niblett 1989

CN2

Learn-one-rule(Target_attribute, Attributes, Examples, k)

performance
o Best_hypothesis %)
Ll Candidate_hypotheses {Best_hypothesis}
o Candidate_hypotheses
1.
®  All_constraints— (a=v) a  Attributes v
Examples a
®] New _candidate hypothese
Candidate_hypotheses h
All_constraints c
o c h

Ll New_candidate_hypothese




2. Best_hypothesis
o New_candidate_hypotheses

h

or (performance(h, Examples, Target_attribute)

> performance(Best_hypothesis, Examples, Target_attribute))

Best_hypothesis—h
3. Candidate_hypotheses

® Candidate hypotheses— New_candidate hypotheses k performance

o[
“ Best_hypothesis prediction”
prediction Best_hypothesis

performance(h, Examples, Target_attribute)

Examples Target_attribute

O h examples—= h Examples
o -Entropy(h_examples) Entropy Target_attribute
10-2 learn-one-rule

Best_hypothesis

10.2.2
|learn-one-rule
|learn-one-rule
performance
AQ
CN2 CN2
AQ

performance

|learn-one-rule

if-then

Prolog

performance

Michalsk 1969, Michalski et al. 1986
AQ
AQ
AQ

|learn-one-rule



10.3

3
ID3
ID3 CN2
ID3 CN2
n
k n- k
m m
10.1 CN2
ID3
learn-one-rule
2 Find-S
Golem
(Muggleton & Feng 1990)
learn-one-rule generate then test
example-driven
2 Find-S
AQ Cigol

10-2 learn-one-rule



|earn-one-rule

3.7.1.2
learn-one-rule performance
o Relative frequency n Ne
ne
n
AQ
) m m-estimate of accuracy
Ne
n p
100 12
p=0.12 m p
m
n, + mp
n+m
m 0 m m
p m Cestnik & Bratko
1991 CN2 6.9.1
) (entropy) 10-2 performance S
C
~Entropy(S) = >_ p; log, p
i=1
¢ p S i
CN2 Clark & Niblett 1989
10.4
Horn
Inductive Logic Programming
ILP Prolog Prolog
Horn
104.1 Horn

Daughter (x,y) X 'y Danghter (x,y) X 'y



Name, Mother, Father, Male Female

Daughter
Sharon  Bob
<Namei=Sharon, Mother,=Louise, Father,=Bob,
Male=False, Female;=True,
Name;=Bob, Mother.=Nora, Father.=Victor,
Male=True, Female=False, = Daughter; .=True>
Daughterl,z CN2 C4.5
IF (Father:=Bob) (Name:=Bob) (Female=True)
THEN  Daughter: .=True
IF Father(y,x) Female(y) THEN Daughter(X,Y)
Xy
Horn GrandDaughter
IF Father(y,z) Mother(z,y) Female(y)
THEN  GrandDaughter (X,Y)
z y
existentialy quantified
Ancestor (X, Y) ILP
Ancestor
10.4.2
Horn
Bob, Louise X,y Married, Greater_Than
age

term



Bob, x, age(Bob)

literal

Married (Bob, Louise), —Greater_Than(age(Sue), 20)

clause
Horn clause

negative literal positive literal

Horn

H V—||_1V"’—||_n

H —||_1"'—||_n (BV—lA):(B<_A)
—|(A/\ B) = (—|A\/ —|B) Horn
H« (L A--L)
if-then
IFL, A--AL,, THENH
Horn L, Ao AL, body
antecedents H head consequent
10-3
10-3
o constant Mary 23 Joe variable X predicate
Female(Mary) Female function age age(Mary)
o term Mary, x, age(Mary), age(x)
o literal Female(Mary), —Female(x),
Greater_than(age(Mary), 20)
o ground literal —Female(Joe)
o negative literal —Female(Joe)
Ll positive literal Female(Joe)
or clause M; ..M,
® Horn
He (L AL
H, L. L, H Horn (head) conseguent
L,AL, Ao AL, Horn body antecedents
or A B (A-B) (A —B) ~ (A B) (-A —B)
Horn
Hv-l ve--v—lL,
o substitution {xI3, yIz X 3
y z g L Lé g L
o[ L, L, unifying substitution 6 L,8 =L,8




10.5 FOIL

Horn FOIL Quinlan
1990 learn-one-rule FOIL
FOIL
Horn FOIL Horn
FOIL
Horn FOIL
Quicksort
FOIL 10-4
learn-one-rule FOIL
FOIL True
True False FOIL
1
10-4 FOIL
Candidate-literal FOIL Foil_Gain
FOIL (Target_predicate, Predicates, Examples)
® Pos—Examples Target predicate  True
® Neg-—Examples Target predicate False
® Learned rules—{}
o Pos
NewRule
@[ NewRule— Target_predicate
©®[] NewRuleNeg — Neg
® NewRuleNeg
NewRule
®Candidate literals— NewRule Predicates

O(Best literal - grgmax  Foil _Gain(L, NewRule)

LeCandidate_literals

O Best literal NewRule
©® NewRuleNeg — NewRuleNeg NewRule
O[] Learned rules— Learned rules+NewRule
®[ Pos—Pos{ NewRule Pos }
Ll Learned rules
FOIL FOIL

Learned rules



FOIL

FOIL |learn-one-rule
1 FOIL
2 FOIL Foil_Gain 10-2
FOIL
10.5.1 FOIL
FOIL

PO, X, , X)) <L Ly

Lo b PO, X, %) FOIL
Ln+1
e Qlvy...w) Q Predicates Vi
Vi
e Equal(x, X X X
[ ]
GrandDanghter (X, y)

Father ~Female FOIL
GrandDaughter (X, Y) —

X y GrandDaughter
Equal(x,y), Female(x), Female(y),
Father(x,y), Father(y,x), Father(x,z), Father(z,x), Father(y,z), Father(z,y)
—Equal (x,Y) Z X y

FOIL Father(y, 2)

GrandDaughter (X, Y) — Father(y,2)

FOIL
Female(z), Equal(z,x), Equal(z,y), Father(z,w), Father(w,2)



z FOIL

FOIL Father (z,X) Female(y)

GrandDaughter(x, y)  Father(y, z) Father(z,x) Female(y)

FOIL

10.5.2 FOIL

FOIL

GrandDaughter (x,Y)
P(X s y) X P y”

GrandDaughter (Mictor, Sharon) Father(Sharon, Bob) Father(Tom, Bob)
Female(Sharon) Father (Bob, Victor)

GrandDaughter, Father, Female
Victor Sharon Bob  Tom False
—GrandDaughter (Tom,Bob) —GrandDaughter (Mictor, Victor)

FOIL

GrandDanghter (X, Y) <

Victor, Sharon, Bob  Tom
{x/Bob, y/Sharon}

4 10 {x/Victor, y/Sharon}
GrandDaughter (Mictor, Sharon)
15 {x/Bob, y/Tom}
Father (y, 2)
{x/Mictor, y/Sharon} {x/Victor, y/Sharon,
z/Bob}
FOIL

R R L R”

L R Foil_Gain(L,R)



FoiI_Gain(L,R)zt[logz Pr_ o, Po J 10.1

pl + nl p0+n0
Po R n R p: R”
N R” t L R R
L R R”
Foil_Gain ~log, Po
Po +Ng
R —log, Py
Pt
R” t R R”
Foil_Gain(L,R) R
L
10.5.3
Predicates FOIL
Ancestor
IF  Parent(x,y) THEN Ancestor (X, Y)
IF  Parent(x,z) Ancestor(z,y) THEN Ancestor(X,Yy)
GrandDaughter
Ancestor Predicates
FOIL
FOIL Cameron-Jones &
Quinlan 1993 FOIL
10.5.4 FOIL
FOIL CN2 Horn
FOIL

10.1 Foil_Grain
FOIL
FOIL

FOIL

FOIL



Quinlan 1990 FOIL

3
10.6
D
B h B D
D X, f(x)
X; i f(x) h
X f(x) h x B
(V{x, f(x)yeD)(BAahax)F f(x) 10.2
X}y “Y X " “ X entail Y’ 10.2
h Xi f(x) B h
Xi
“ <u,v> u '
Child(u,v) Child(Bob, Sharon) Male (Bab),
Female(Sharon) Father(Sharon, Bob) Parent(u,Vv) — Father(u,Vv)
10.2
Xi: Male(Bob), Female(Sharon), Father(Sharon, Bob)
f(x):  Child(Bob, Sharon)
B: Parent(u, V) — Father (u, V)
(BAhAX) F f00)
h,: Child(u,v) « Father(v,u)
h.: Child(u,v) ~ Parent(v,u)
Child(Bob, Sharon) h X B
h, Child (Bob, Sharon) B h X h X
Parent h, Xi

(constructive induction)

10.2

19 W.S.Jevons



Jevons 1874
(inverse entailment operator) o(B, D)
D={<x, f(x)>} B h 10.2
O(B, D)=h (V(x, f(x))yeD)BAahAX) |— f(x)

h (WX, f(x))eD)Bahax)}F f(x)  ILP

6.6
h (V(x,f(x))eD)(BAhAX) |
f(x)
B
. B
B h
fx) B h x <x;,f(x;)>
° B h
i (V{x,f(x))eD)BAahaX)F f()
X f(x)
h
o (V(x, f(x))eD)BAahaAX) |- f(x)
. ILP
11 12
10.7
Robinson 1965 resolution rule

Cigol
Muggleton & Buntine 1988



P R
P
—L R
P R
P L —-L R L L P R
P R
10-5 G G
L
10-2 G G
=—KnowMaterial C —(=KnowMaterial)= KnowMaterial C;
C.-{L}=PassExam C,-{—L}=—Sudy
C=A B C -D C=B E F A
C -D E F
10-5
C1 C2 C Cl C2|-C
C, G C, L —L C
2. C G L -L c C
C=(C,—{L})u(C,—{-L})
o 295
10-2
C G C
cC G C
o(C, C)
C C C
C=A B C=B D C. G GfcC
C G C

C A C C



C2 C -D C=A -D
G G C
C C A -D B
C G
G G G C
C G
10-6
10-6
cC G C;, G G}cC
1 c, C L C C
2. G,
C,=(C-(C -{L}) {1}
Horn
<x;,f(x)> (BAhAaX) F ()
h; B
Cigol
Cigol
10.7.1
unifying
(substitution) 8 ={x/Bob, y/7Z} X
Bob y z W o w
L Father (x, Bill) o L& =Father(Bob, Bill)
L8 =L.0 o L. L unifying substitution
L,=Father(x,y) L.=Father(Bill, 2) 0 ={x/Bill, z/y} L. L
L.8 =L.8 =Father (Bill, y) G G
C L -L G
C L C L. L. L 12
L.8 =—L.60 C
C=(C,—-{L})u(C,—-{L}o  (10.3)



10-7 C=White(x) — Swvan(x)

C.=Swan(Fred) C C=White(x)
—Swan(x) C Li=—Svan(x) C;
L.=Swan(Fred) 6 ={x/Fred} L. =—L.8 =—Swan(Fred)

C  (C-{L})8 =White(Fred) (C-{L})8=0  C=White(Fred)

10-7
1. Cl Ll C2 L2 e L@ =—L.0
2. Ci8 GO L. -L.@ C C

C=(C,—{L}ou(C,-{L;})d

10.7.2
10.3
10.3 e . G, 6=6.6. 6.
Cl 9 2 CZ
C G g
10.3
C= (Cl —{ I—1})91 i (Cz —{ Lz})ez
- C
C C
C- (Cl —{ L1})91 = (Cz —{ L2})492
L, =-L0,6," C:
C, =(C-(C,—{L})6)8," L {-L6,6,"} 10.4
10.4
C 6. 0
C;
10-3
D=GrandChild (Bob, Shannon) B={Father (Shannon, Tom),
Father (Tom, Bob)} GrandChild(y,x) 10-3
C GrandChild (Bob, Shannon)
C.=Father (Shannon, Tom) L,
Father (Shannon, Tom) =3 82 '={Shannon/x}
C (C—(C,-{L})8,)0, " =(CH,)0, ™ = GrandChild(Bob, x)

{—|L1<916?2‘1} = —Father (x, Tom) GrandChild(Bob, x) v



—Father(x,Tom) GrandChild(Bob, x) «— Father (x,Tom)
C GrandChild(Bob, Shanon)

C 10-3
10.7 10-3
GrandChild(y, X) «
Father (x,z) A Father(z,y)

—_— 298
10-3
C Cc1 Cc2
é. 6" Cc2
Horn GrandChild(y, x) «Father(x, 2)AFather(z, y)
10.7.3

(BAhAX) | f(x)

h 10.3 C 10.4
(BAhAX) b f(x) FOIL

generate-and-test FOIL

D

FOIL

Srinivasan 1995

10.7.4 6
more-general-than
e more-general-than 2 mor e-gener al-than-or-equal -to >4
oo hdx) h2 o b (¥X)h, (x) = h; (x)
=
e (- @ -subsumption G G H L ..L,

H L C6 - Ci



C,0cC, c

Plotkin 1970
(] entailment Cj Cy Cj Ck Cj |—
Cxk Ck G
2 9
c(X) h(x) h()
c(¥) —=h(x)
Prolog X X
2y Horn Horn
c(X)
2 g G- hy=> g h, Ci:c(X) «h(X¥)
g - C:c(X) «h(X) g -
AG - B
A: Mother(x,Y) ~ Father(x, 2) Spouse(z, y)

B: Mother(x, Louise) — Father(x, Bob) Spouse(Bob, y) Female(x)

6 ={y/Louise, z/Bob} AHc B 2
@ -
0 - AG - B A}B
A B AFB A 6- B
A: Elephant(father_of(x)) ~ Elephant(x)

B: Elephant(father_of(father_of(y))) — Elephant(y)

father_of (X) X B A
8 Af- B
more-general-than g - g -
g - more-general-then
10.7.5 Progol

FOIL
Progol



1 “ mode
declaration ”

2 Progol
<x;,f(x)> hy (BAhax) F
f(x) k f()
hi
3 Progol h;
A
Progol Muggleton 1992 1995
10.8
ID3
[ ]
CN2
Prolog Horn Horn
° CN2
FOIL
[ ]
h
(V(x,f(x))eD)(BAhAX)F fO)
B X1...Xn D f(xa)...f(xn)
[ ]
Cigol
Progol
Winston 1970 “ arch”
Banerji (1964, 1969) Michal ski AQ

Michalski 1969; Michalski et a. 1986 Plotkin



1970 g - Vere 1975
Buchanan 1976 META-DENDRAL

Mitchell 1979
80 Prolog Horn
Horn Shapiro(1983) MIS  Sammut & Banerji 1986
Marvin Quinlan 1990 FOIL

MFOIL Dzeroski 1991 FOCL (Pazzani et a. 1991)
CLAUDIEN(De Raedt & Bruynooghe 1993) MARKUS Grobelnik 1992  FOCL
12

Horn Muggleton & Buntine 1988
Sammut & Banerji 1986 Muggleton 1987

Kietz & Wrobel 1992 RDT
Muggleton & Feng 1992 ij-determinate Cohen
1994 GRENDEL

Lavrac & Dzeroski 1994
Bergadano & Gunetti 1995 Morik et al. 1993 Muggleton 1992,
1995b  Wrobel 1996 Bratko & Muggleton(1995)
ILP ILP
De Raedt 1996



10.1 CN2 ID3
ID3
d 20-1

201

10.2 10-2  learn-one-rule

temprature>42 10-2

10.3 10-2 learn-one-rule

nationality {Canadian, Brazlian}
10-2

10.4 Learn-one-rule

a VS.

b VS.

c VS.

10-1 10-2
10.5 C=A B C=A B G C
10.6 C=R(B, X) P, A) C=5B, y) R(z, X) C
A B X Yy
10.7 10-3 6. 6
Father (Tom, Bob) Father (Shannon, Tom)
10.8
(V(x, f(x))yeD)BAhAX) |— f(x)
2 2.1 Brias

(vx e X)(B

bias

ADAX)F L(,D)



L(x,D) D X

Bhias



11

EBL

111

Cigol

111
32 64

11-1

—_— 308



1111

111 “

D={<xq, f(x0)>, ...
H

Prolog-EBG

12

H

<Xn, F(Xn)>} f(x) X
h



(domain theory)B
H h D
B
X f(x) X
10 H Horn
if-then
B
B h BH- h h B consistent
H h
X
Color, Volume, Owner, Material, Type

Density On

“ " SafeToSack(x,y)

11-1
11-1 SafeToStack(x, y)

o X Type, Color, Volume, Owner, Material, Density

On
o H Horn Horn

SafeToStack Horn LessThan,

Equal, GreaterThan plus, minus  times Horn

SafeToStack(x, y)  Volume(x, vx)  Volume(y, vy)  LessThan(vx, vy)

o SafeToStack(x,y)
o SafeToStack(Obj1, Obj2)

On(Obj1, Obj2) Owner (Obj1, Fred)

Type(Obj1, Box) Owner (Obj2, Louise)

Type(Ohj2, Endtable) Density(Obj1, 0.3)

Color(Obj1, Red) Material (Obj1, Cardboard)

Color(Obj2, Blue) Material (Obj2, Wood)

Volume(Ohj1, 2)
o B

SafeToStack(x, y) — —Fragile(y)
SafeToStack(x, y) « Lighter(x, y)
Lighter(x, y) —Weight(x, wx) Weight(y, wy) LessThan(wx, wy)




Weight(x, w) — Volume(x, V)

Weight(x, 5) — Type(x, Endtable)
Fragile(xX) — Material(x, Glass)

Density(x, d) Equal(w, times(v, d))

o H
11-1 H if-then Horn
10-3 Horn Horn
X \olume LessThan vy \olume Horn
VX W X Yy X SafeToSack y
Horn
SafeToSack(obj1, obj2)
“ X y y Fragile ”
X (Fragile) X (Material) Glass
Horn
Lighter  Fragile
Material, Density  Volume
SafeToSack
11.2 Prolog-EBG
Prolog

114



SafeToSack

12
Prolog-EBG (Kedar-Cabelli & McCarty 1987)
Prolog-EBG 10
Horn
Prolog-EBG
Prolog-EBG
Prolog-EBG  Mitchell et . 1986
EBG Dejong & Mooney 1986 EGGS Prolog-
EBG 11-2
11.2.1
11-1 11-2 Prolog-EBG
Horn
Horn 1 2
3 Horn
11.2.1.1
proof
11-2 Prolog-EBG
Horn (LearnedRules) Horn
Horn 1 2
3 Horn
Prolog-EBG(TargetConcept, TrainingExamples, DomainTheory)
® |earnedRules—{}
®] Pos. TrainingExamples
o Pos LearnedRules PositiveExample
1.
® Explanation — DomainTheory PositiveExample
TargetConcept




® SuffcientConditions— Explanation TargetConcept  PositiveExample

3.
® | earnedRules LearnedRules+NewHornClause NewHornClause
TargetConcept — SufficientConditions
o LearnedRules
11-2 11-1
SafeToSack(Obj1, Obj2)
Obj1 Obj2 Lighter Obj1 SafeToSack Obj2
Obj1 Weight Density \olume
Obj2 Weight Endtable Weight
Horn 11-1 Obj1  Ohj2
Prolog-EBG Prolog
Prolog-EBG  Prolog
11.2.1.2
11-2 Objl1  Density Owner
SafeToSack(x,y) Density(x,0.3) Owner(x,Fred)
11-2 Obj1  Obj2 X 'y
SafeToSack(x, y) < Volume(x,2) A Density(x,0.3) A Type(y, Endtable)
e 315
Explanation:

Training Example:

11-1 SafeToSack(Obj1,0bj2)
SafeToSack



“ Equal(0.6, times(2,0.3))”

“ LessThan(0.6, 5)" Xy
Color

Prolog-EBG weakest
preimage

C P weakest preimage

A A P C
SafeToSack(x,y) 11-1
11-2

SafeToSack(x, y) « Volume(x, vx)  Density(x,dx)
Equal (wx, times(vx, dx))  LessThan(wx,5)
Type(y, Endtable)

Volume  Density

Prolog-EBG (regression)
Waldinger 1977 Horn
11-3 1-2
SafeToSack(x,y)
SafeToSack(x, y) — Lighter(x, y) Lighter(x,y)
Horn {Lighter(x, y)} {Weight(x, wx),
LessThan(wx, wy), \eight(y, wy)} X y X wx oy
wy
11-3

— 317



11-3 SafeToStack(Obj1,0bj2)
Horn
11-3 11-3
Regress Horn
Prolog-EBG Horn
11-3
O n
SafeToSack(x, y) — Volume(x, vx)  Density(x,dx)
Equal (wx, times(vx, dx))  LessThan(wx,5)
Type(y, Endtable)
11-3 Horn
Frontier Rule Literal Rule Frontier
8 hi Rule Rule
Literal g h 6 hi e n Rule
Frontier oo {2y} y z
Regress(Frontier, Rule, Literal, 8 ;)
Frontier
Rule Horn
Literal Frontier Rule
8 hi Rule
Frontier Rule
®( head-Rule
® pody—Rule
o) ¢4 n o« head Literal 6 li

&1 (8 i (head))= 6 y,; (head)




o 8 (Frontier-head+body)

11-3
Regress(Frontier, Rule, Literal, 8 ;)
Frontier = {Volume(x, vx), Density(x, dx), Equal (wx, times(vx, dx)), LessThan(wx, wy), Weight(y, wy)}
Rule = Weight(z, 5) — Type(z, Endtable)
Literal = Weight(y, wy)
8 i ={z/0hj2}
® (] head — Weight(z, 5)
© (] hody — Type(z, Endtable)
016 1, {2y, wy/5} 8 ={y/Obj2}
o {Volume(x, vx), Density(x, dx), Equal (wx, times(vx, dx)), lessThan(wx, 5), Type(y, Endtable)}

11.2.1.3
Horn
Horn
Horn
Prolog Horn
11.3
Prolog-EBG
Horn
e Prolog-EBG
justified
[ )
[ ]
. Horn Horn
. Horn
e Prolog-EBG
e EBL theory-guided generalization of examples EBL
Prolog-BEG
e EBL example-guided reformulation of theories Prolog-
EBG

a b



e EBL “ ” “ " “just” restating what the learner
aready “knows’ SafeToSack

Prolog-EBG

EBL
knowledge compilation

11.3.1
Prolog-EBG
X  Volume Density 5
Prolog-EBG
Prolog-EBG
Prolog-EBG

\olume - Density>5
“ Volumn  Density " Weight

5 Obj1 EndTable

Lighter Endtable Weight 5



11.3.2

Prolog-EBG
B h D
Prolog-EBG h
(V(x, f(x))y e D)(hAXx) |fx) 1 1
D B}h 1 2
D % i f(x)
h
X f(x)’
Prolog-EBL
Prolog-EBG
Prolog-EBG B
(V{X, T (%)) € D)(BAX) Ff(x) 1 3
B
Prolog-EBG 10
10 B
B ILP 11.3 ILP
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