» overfitting

overlearning

preference biases language biases

Occam’s Razor:

H size(h) - ?
“ encoded”) cu B
Occam’s Razor ~ Well Defined  ?
(« ) “ encoded”) knowledge representation (KR) h " " -
eg., “(Sunny n Normal-Humidity) v Overcast v (Rain n Light-Wina)”
Occam’s Razor: -
H ?
eg n n+1 n=0 -
, S size(h)
(e.g., 200 10] = 100) (G )
/ tradeoff €0 z
“All other things being equal’, s ( )Ap A ooy Ay ?
( ) size(h) ?
: Chapter 6, Mitchell's Machine Learning
12345,6,7,8910,1112,1314
o+ PlayTennis h D (  overfits )
Boolean error(h) < error (/) error,, () > error,,. (1)
12,8911 4561014 . )
?
128
[0+.3] [3+.0]
relevant (ie.,
Olél 3 90 : relevance
[0+,1] I [1+.0]
[1+.0] -
h
15: <Sunny, Hot, Normal, Strong, ->
noisy . +
(___ prune)

(incremental learning)?
hH=T h=T




relevant (i.e., )
wrapper

relevance : filter

validation set Jh
>
g On training data
3 On test data
<
Size of tree (number of nodes)
.
. : Minimum Description Length (MDL):

: size(h=T) + size ( misclassifications (h= T))

= Pre-pruning ( ):

= Post-pruning ( ):

= Cross-validation: 7 (Mitchell 4 )
. : (Mitchell
5)
. _Minimum Description Length (MDL)
T . ( )
/ ?
Tradeoff: versus

| Reduced-Error Pruning

Post-Pruning, Cross-Validation Approach

Reduced-Error Pruning

Reduced-Error Pruning

training set Validation set

Prune(T, node) * g On training data
- node 3 On test data
. node ( ) ﬁ < Post-pruned tree _

. d:
Reduced-Error-Pruning (D) on test data

= D - Dyain ( training / “growing”), D,.azion ( validation / “pruning”) Size of tree (number of nodes)
* Dy ID3 : T
= UNTIL D, DO

FOR T validation candidate - : sz//ﬂal/an D, ‘train D, ‘test

Temp[candidate] < Prune (T, candidate) -
Accuracy[candidate] «- Test (Temp[candidate], D, jqation) " : (T )

T« T e Temp Accuracy . i T

= RETURN (prune )T Dyaiigation ?
. (Drrain )
]
fitt . ( conjunctive formula)
. overfitting
. 45 .c45 D3 )
Rule-Post-Pruning (D) 5 PllayTennls
oolean

.« D T (D3 = D ( )
- 7 ( )

( )
. Strong

D ( No ) ( Yes ) ( No ) ( Yes )

= |F (Outlook = Sunny) ~ (Humidity = High) THEN PlayTennis = No
= |F (Outlook = Sunny) ~ (Humidity = Normal) THEN PlayTennis = Yes




]
. , Gain(*) ( ?)
= Date (2004/11/01 ) !
e.g., {high= Temp > 35° C, med'= 10° C < Temp < 35° C, low= Temp < 10° C} ] . GainRatio  Gain
- ' D,
eg.,A<a A<a A>a Gain(D,A) = -H(D)- Y ‘ V‘.H(DV)
vaitazso| (D
2 GainRatio(D,A) = %
‘ Splitinformation(D, A)
. FOR A Jitinformati _ Py, 2.l
Ked xA ) Splitinformation(D,A) = - Z( B og P
vevalues(a)
FOR A ) !
+ ___ Mmid-point 2184 Dyc ez Das grpe = Splitinformation: ¢ = | values(A) |
" -
A= Lengtir. 10 15 21 28 32 40 50
. 91 eg., L0 = Cpge =1 =2
lass: - * * - * * : Splitinformation (A,) = log(n), Splitinformation (A} = 1
H ? ? )? ?
s length<1257 <24.57 <30 <457 Gain(D, A) = Gain(D, A,) ., GainRatio (D, A;) << GainRatio (D, A
. G ) GainRatio(*)
. A ?
. . .
. 1000 ; 1500 ; 50000 . .
<Fever = true, Blood-Pressure = normal, ..., Blood-Test= 7, ...>
(e.g., ) . ( )
. . : versus
reg., ( ) etc.) : xeD A Gain (D, A)
. ( ) . T4 , x
©g. o s Gain(D, A)
consistent ?
N Outlook Temperature  Humidity  Wind
. gain &
[Nunez, 1988]: o,
Cost - Normalized -Gain(D,A) = Gain’(D.A)
. Cost(D,A) unn Mild 7 ght o
[Tan and Schlimmer, 1990]: . Cool ormal ght s
. . 2Gain(DA)_q ain Mild lormal ight ‘es
Cost - Normalized -Gain(D,A) ————=— wefo1] unn Mild ormal rong
(Cost(D,A)+1) vercast | Mild igh rong
w vercast Hot lormal ight es
ain Mild ligh rong o
) ( ) = XA
. s . : Humidity = High or Normal (High: Gain = 0.97, Normal: < 0.97)
. . : Humidity = High ( No High)
ature  Humidity
XA
reast | Hot igh nt
. n A o A i Thila iah ahr
. [Mingers, 1989]: 7 A o x T < -
A vercast | Cool lormal rong
unn Mild 777 ight
unny Cool lormal ight
ain Mild lormal ight
Mild ]
. . vercas—Thild igh fong 12345678010111213.14
) vercast Hot iormal ight [9+51]
= XA v V2 [Quinlan, 1993] ain Mild ligh rong
L X P -
Gain (D, A) or Cost-Normalized-Gain (D, A) « Guess 0.5 High, 0.5 Normal 128911 @ 56,1014
= Gain<0.97 [2+3] > 3
1 <27, Hot, Normal, Stron, [4+.0]
. 9

= 1/3 Yes+1/3 Yes+ 1/3 No= Yes
128 911 6,14 45,10
[0+3] [2+,0] [0+2] [3+,0]




replication

e.g., Disjunctive Normal Form (DNF): (aA b) v (cA —d A €)

( )

. ‘4

. feature construction

= (anbv(cn-dnre)

= A=-dnre
= B=anhb

synthesize

. constructive induction (C1) = C=Anc
= Mitchell 10 "
! |
1960
« 1966: Hunt ( )
. ? ? 2
2 ? 1970

= 1977: Breiman, Friedman, (

) Classification And Regression Trees (CART)

= 1979: Quinlan proto-/D3
1980
Oblique Decision Tree . 1984: CART ( )
- = 1986: Quinlan /D3
Incremental . , , X etc.
- . ’ i
) incrementally 1990
= consistency .
= 1993: Quinlan Cc4.5
.
. B (C5.0, etc.);
Occam’s Razor Occam’s Razor
. preference biases:
. preference biases versus language biases
. language biases : ( )

. ? ( )
= overfitting: # # well-defined 2 (ves, )
. prevention, avoidance, recovery MDL

. : attribute subset selection
, cross-validation, pre-pruning
: post-pruning (reduced-error, rule) .
.
. . prevention avoidance, recovery

Cost-normalized gain:
missing data:
feature construction:

replication:

constructive induction H




