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= 5485 Classifiers TH5
= Ef|: Bk attribute (F7=(L45# feature) DRIRL+FN)L
= [NE Internal Nodes: @14, F=(EBHEED TR
» BB B or ELLAESIHDTRE (e.g., “Wind = ?7)
» ZTOM FERXOBAR LTI ATHE
= % Branches: HZEREH THIRILE (TAFDEZETRADHER)
» —X—3%E (e.g., “Wind = Strong”, “Wind = Light”)
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Adapted from Mitchel,, 1997
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Induction (JF#K)

= OED (Oxford English Dictionary) IZ&4LlE
= the process of inferring a general law or printciple from the
observations of particular instances
« ZHIE. inductive DIELET B
= inductive [&: the process of reassigning a
probability (or credibility) to a law or proposition from the
observation of particular events
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» 7V XL Build-DT ( Examples, Attributes)
« BARICERHISERINDS
= Examples: EH|DE5 %A Attributes: BIEDEHEE
IF Examples @ label h\fEl— THEN RETURN (Z 0 /abel Z{+U1-%H)
ELSE
IF Attributes "2 % & THEN RETURN ( B£0JF label %1+ L1-3E6A)
ELSE
REEM AZRHELTES. UTTHEIREFETHRENEY, BETS.
FORADZINETIOIE v
& A= v [TRIGLE, IREDSDREERT S
IF{x e Examples | xA=v}=0
THEN B#F label %4+UT-ZE80 £1ERL

ELSE Build-DT ({x € Examples | x.A = v}, Attributes — {A})
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Sunny Overcast Rain
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True False True False
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BHEZSHOIUFAE—(E ~ZlogZ - Slog ~ 09936507

[29+, [29+

True False True False

Cziv51) ((Br3o1) Cen33) (Cm+21)
0.7062741 0.7424876 0.9366674 0.6193822
26/64 38/64 51/64 13/64

0.7277758 0.8722188
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» BEMAICETIODEREES X, A ZAVESEICEZTUMOE—FDH O EHE:
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Precision & Recall D HIIZ

M F':l;l%
® 9
H o0 "m"
® HEgm
® ]

TP, TN, FP, FN

A A LLst
@9 u
E ®%e¢ "am"
° Egn TP: True Positive
® u TN: True Negative

FP: False Positive
FN: False Negative
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Confusion matrix

EfE
P N
( o ( Fr Precision U
P True False =
{RERD Positive)  Positive) TP+ FP
FHlME FN N
N (False (True
Negative) ~Negative)
TP +T.
Recall=— P Accuracy=——0 V|
TP+ FN TP+FP+TN +FN

2 F=

© -

1 1 + 1
° 2\ precision  recall

Recall
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Confusion matrix

1-p= sensitivityTP

FP
= = — =} =FPR=———
TPR= Fvv7p Hig a=FR =T -
E—HOBIE
p N HOB
TP P Precision = —L-—
P (True (False TP+FP
RERD Positive) Positive)
pil
FilfE FN ™ a=specifcity,,
N (False (True =TNR=

Negative) Negative) FP+IN

TP+1N

Accuracy= I
TP+ FP+IN+FN

Recall =12 _

L TPeEN
FAOBIE

FN

SFNR=—

d FN+TP

RIRARERIL L (FBIE TR

(BHETHEEERLELAD)

B HOBR=FALI=(BIEFZEE o)A ThiFigY
BoHOBR=REBLI(EMES of)A ThiFBY

-
positives i

‘ ROC curve

= Receiver operating characteristics
» "ROC"EVSHEEIFL—F W RFKIN - L4, BIER
Lizhot=/T D%
= http://www.math-koubou.jp/stata/files/r12/est006.pdf
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ROC curve

AR EENILRE

B
:p ::: ROC curve (“Receiver Operating Characteristics”) - - . s N
o | 1 - o o FIMRRRE - IRE: FIRT 52T T—'Bl’*ﬂ'é
TN e e 07l * N et L REFEAED. EOEAEIZNT HiazE rE
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— , ACEEES. FICA LT E 87—
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ROC Curves 1-a=specificity
o BME (BB ZEZUAS, YU TILDEREHZD
« area under the curve (AUC) ASKELVA ALY .
o BU-FBEFEOMELLERTHOISELTD 2
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- ERES (HOBMENE t%ﬁlliﬂﬂﬁﬂﬁﬁé) DAERISEE
o HB1=H. LT RYLNHD
« FETHICEENDHRY
1 : : : : T : : » BETRIB/AXDH B, PEIFRITLEBMEICL /A X7
0 R S S T S T35,
Model Complexity (di) R4 35 L'Cbi =
FIGURE 7.1. Behavior of test sample and training sample error as the model " %%ﬂ% ‘\?5 VAL
complexity is varied. The light blue curves show the training error T, while the « Z2ERADNELND
light red curves show the conditional test error Errr for 100 training sets of size « FAETEIRELR/ RS A—REN BN
50 each, as the model complezity is increased. The solid curves show the expected
test error Err and the expected training error E[eTT].
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RERIZEITHEFE: 4

= BEHGI RRL=K

1,2,3,4,5,6,7,8,9,10,11,12,13,14
[9+51 @»
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@ Boolean REX
1,2,8,9,1 Sunny Overcast Rain 4,5,6,10,14
1+31 1+2]
Gmiai> <>
3,7,12,13
High Normal  [4+,0] Strong Light
Q>
1,28 911,15 S~ 6,14 2,5,10
0431 2410y Loigag - Cool 9421 01
JAXPRADRAEI
oo ool AT ANRIESY

"
[1+01]

« HIERHI/ A XD HDBE

245l 15: <Sunny, Hot, Normal, Strong, ->

- COBIFERF noisy THA. T78hE ELLIAILE +

. LIBTISHERLI=KIE. Cha, 855873
REKRFEDLSICEHFEINDEN (incremental learning 5% 5)?

HLLMREL # = T OHEER h = T&YBEC BREFREND (VA XIZR/EATLEADS ! 1

BT HHBEE

15 h BT —5%E DEBFET S (~I2overfits 35) LSO, LLILDRE # T
errorh) < error(h) T&HB error,.(h) > error.{h) E2HLDNHHE

« RE: AEBRHHNDLTES (HBFEYITHDBOT—REICREN), /4 X; BHEA
» BEEFITHISTHIEF?

- BFESNRETIHIHETS
. EEY relevant Bi(ie, ETIVICESTEREILLO)DAHERND
. EE BBENORE; X relevance P AT HREHNLE

- BEARIYESRLEIC. BETYRITE

. TAMEBERRLTHEE, R h HZOLTERYZSBLEEIC, FEEELTE
KO

. MEERETIICENY, REEREL, TOREETS

. EFNETHT, BEECESTAERERE-RETS (5 prune)
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RERFE: BFE DT &R

w BEEFITESLLEMIHN?

FHE
- EELZRUEER (e, REATEER)
- BEM OTRH: BILE fiter 5, F1F BARARR
- MREE%S validation set ZIREHLTHE, H OFAMAE NENITHLUBLLIEH 0P EEELE
=

On training data ——

On test data

Accuracy

0 10 20 30 40 50 60 70 80 20 100
Size of tree (number of nodes)

“BRERO” ETIL (RER) DEVA

L MEEERRIET BISH o T, IET —2EThEERIDRIET —5EAND
Blli%: J/VEEak & Minimum Description Length (MDL):
B/IMet & size(h=T) + size (E##F misclassifications (h= T))

REARFE: BFE DT &R

EAMETIO—FH225H%

Pre-pruning (E18): XZE/ER T 2 H TRDERZ DS, (BHEMHHERET D115+ 57%
TRIEENEHEEN 2 EE

Post-pruning (EI#): AZ—#F & THELMZHIFT 3. BIRT 2D(E, +H7RHIAENEHE
Thain

BT REESAREFHET 275 E

Cross-validation: fREt DA AMEZFHE T H1=012. FHT—2%LYHL (Mitchell H4E)
RETORE: BAISH RN BREI LD ELTIETTEVANESIHET AN S (Mitchell
$5%)

/INigit & Minimum Description Length (MDL)

- B TOEBEDEMSE, BIZEBALLSIELTNST—40) M4 il T 5IcpBERRTEL
YRENH/INELN?
- Tradeoff: E7/L ZiEhT % versus HALKE €T S

FEENATR

» NAT R REGREICIERLAND D EE . ZDIER
« FERICEBEORGEA-EED . BIFIEL
« —EIL—ETORLLED. BRIEF
s TRISEET HRERIE. RIS, BECHD
DT, ZHFTBIZIENATADRE
» REE—EEIRT 2D TIIEL EREDORERER
WBHETE. [T—RITEETHIREEET N THL
B 1D TIFENRY  NATFTABNBETHS.
WO LHL, TR DIEREEST,
REEBIRT DOEET LD TIEALD ?
BLANATRADBIF RN ELTZE, ESLY
S AT7ZADELDDH ?
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ID3 |2& B RERZERER R

RRME

BROARIE REXLHDZER, $HhHbT—ILEEET R TRRALELEM
. Pros: &IRH; Tt
- Cons: B3 &; BEX, EROANSBVALED
B8 ot LNVREARER MY (F/IVE consistent 75K)
[EF: COARERHRIEL NP-hard
Tradeoff
- heuristics DfEFAFERODEREELLTHEDF)
. Bk greedy Z7LTYXLORER
- Fhabhb, Ay IRSYHELOIWLEY hill-cimbing (gradient “descent”)

#ataE

BHIOBAES D, DHFWER p,, p IZRIGRE
D3 TlE, £2TOTF—4£MA
JAZDBHHT—HIHLTANRR -




ID3 DIFNAT R

FEHICALS, TALSORE.

L TRIZEY THLOREEMNEYVRL.

» BRIIBHREa—URTAVIERMNATATHS ORBREESLE, CORBLEELD

. HBXOBES (SHHEEDES) ELSTENRED .

= el = _ S EnE, T—HEHRET HIRE

» o BINATRBLEE>TELN? WO ESTRAL... AZ 8 (HEIRIZ) HoT. SERAED
- BOKRADREE (BT EHDD) BB g 1

. EREEA D HRIEEREISENEDAITHEENSRIFABHD v

ON B R Lo UL, F—2u5
. Gain+): {DJ DIFRNAT RERET DE2—) AT BI% OFBEG T REEER
= D3 DIFHINAT R

RIDDEFFLOTE

Occam D #| 7]

« AOICfERLTLDDIF
= Entities should not be multiplied beyond necessity.
= Bertrand Russell [Z&tlf
» It is vain to do with more what can be done with fewer.

» ZHLEBDMHER

. BERRADRIFEEL—YZT (I BRITRELTLS Hm? ) ) )
. HELTAS: FRER HEHRT 5 E(REREOERMIESHIR: AONF, etc) = Among the theories that are consistent with the observed
_ — phenomena, one should select the simplest theory.
» BOARZEFOIE BUNATRH BT R
. FRISHEETAROPTREDLOEES WELED, E30S307
o FUPLOBT TR WEERAT SREORBELD ARENDH 2
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Isaac Newton D EE

= We are to admit no more causes of natural
things than such as are both true and
sufficient to explain the appearances. To this
purpose the philosophers say that Nature
does nothing in vain, and more is in vain
when less will serve; for Nature is pleased
with simplicity, and affects not the pomp of
superfluous causes.

FYNLDET]: HHEFNATR

IRHH/ A7 R2D: #1F/\( T R preference biases &5 5&/31 7 X language biases
. INTR

. EEFLTYIA(EBFEROIDBARENTNS
. BUMEZNIE: BRIEFORE

. AE () OB (EBIFFERNIO)MHAERTND
- BULRANIE: BREMOHIE
- BIE FIRISATR
FYhLDH 7] Occam’s Razor: HHER
= BMREROFH. RUDMRERICE A BHHDEN
. BIZE, EVRRITEANE, BRE nOLDEFE n+ 1 OLOITEAEE, 020,
- VMRS, LT —RISU Y ot Lt BREEEZHL
- ELRRE BRASELOT, BETESREDRASDEL
- RUMRSE (B1: 200 BOEHEFOAR,MD | = 100) DBEICIE. BATHLALEEIEL
< DFRAORNTEISUSYES. ERISEIDRBATHEM, ERMISBITEBKIELA,
» BHELOLETELD
- OEHELSR—THNIE, EHLEETILORLEEN EEMZETIVEE TIEEL
- BETEO T ERRB(MAR T ET MDD BITHDILEHNERE 40

FYALDRETIERER: ZDDREE

s FYHLOHIT] Occam’s Razor: R¥TER
« RERZEM HITRFLT size(h) HiRFED, FC h TH H BB DE size(h) B R4,
» [NSSIERFTHIEADEER: DA TEFEBEITADEL
= FYHLDH|TI Occam’s Razor (& Well-Defined H\?
= REBD NI knowledge representation IZ&>TED A h “ELN HMAEES - BEM?
= BIZIE, TR “(Sunny n Normal-Humidity) v Overcast v (Rain ~ Light-Wind)® [&—{8 7
« & REEEEEAE, THRVEIATR, RUVMRERE. RERBICLST . PoEY RN
o REEZITHOTUVGEL, REFICIEMEVMRER I ICBET 28RN EE
o TEWMEESITH-T, ESLTHONPSWMRRZERM I TRV O A?
» NEVNMREREREEETHTEEINDNLEHD.
» BIFSNATRTHANS size BMATH-oTH, BUICHE SERAIL size(h) 2T DRFRIHIR
FHIENTES (e, “S [CARTIROARETS")
. eg, HIOERHSRRTHOT, XF "2 THEIRBEEZALTLDAR
. BETNSEARTHT, (BIRIE) Ay Ay ...y Ay ZIBBEIZT RN 260 1TREVOH?
- size(h) SRSV TNSRRBREREERT D LT HROBEKRNHIDOHM?
= 2% Chapter 6, Mitchell's Machine Learning “

IEVORDZERARE

s XU DOEZE Epicurus
= If more than one theory is consistent with the
observations, keep all theories (Principle of
Multiple Explanations).

s ZO—DOEH: —DFAHRUMTEREN
2

» Bayesian 77A—FELLBLTH &S
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