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“planning o
language M2

proof

e \_\__intelligence”
(Al) (Programmlng) (HCI)
e Planning Semantlcs |Garb Coll. | Multlmedla
learning planning programming garbage
intelligence temporal ~ semantics collection
algorithm reasoning  language memory e
reinforcement plan proof... optimization -

network... language... region...



i Fiikb PR

R A LRSS IR )

o ZPEHTMLI 2 P taghsicd

s (MO0 rES EPERRE S EEER. .

n PR AR RRIA J5 (stemming)

o BUPETE: BN G S SORY B R P b
SEAEI




i FRE$ X (Feature Selection)
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o YEFEARSEH: <x, o(x)>
s —PDOCAREZ] xe X

= W IEMIZOPRIE a(X)

o IR 4 E SRS D 1Y
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V<x,c(x)>eD:h(x)=c(x)
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s XN RERNEE
= #EHfE (precision) = a / (a + b)

&

H[Z (recall) = a/ (a + ¢)

« fallout=b / (b + d)
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= BEP (break-even point)
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n [0] 5 2¥ A A Y (Vector Space Model)
= MANTEFERR G |0 L (FFAIE)
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= (41,85, 8y)
s AV, NI SORY
= A= (a/])
= FHARLRE BB
= Cosineil &
= WHTHE

P




i Termi R &

¥(Character):
C ﬂ(Word). EF'.
= fiiE(Phrase): 1 [E A RHRAT
= MtE(Concept):
o [F) S O 2% 2
= FASEIA] 1A % (word cluster): B AR BiR

= N-gram(NJc4):
o HPE/E AN R RARRAT
s SRR A window R A [ s AR
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s DF (Document Frequency)
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* PRSIk

= 1ji /KA E (boolean weighting)
= a,=1(TF;>0) or (TF;=0)0
m [FIDF Jﬁ‘X H

= TF: a,;=TF
F >“]DF a;=TF;*log(N/DF))
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= term[%i
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Y4 (Cross Entropy)
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i JL# L (Odds Ratio)
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iR, ERE XAt

OddsRatio(r) = log- | Pos)A = PrlZ| neg))
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YangYi-ming, CMU, USA

Method DF 1G CHI M T5
favoring comrmon terms Y Y Y N YN
using categones N Y Y Y N
using term absence N Y Y N N
performance in KNN/LLSF excellent excellent excellet poor ok
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DL i query s e 202 37 7E B804 S A I SCRY SRR ANAH 2 SRS i
LA B, A O R R TR e A SR B AN A O Y SR

s K P RORIAH S SCRYEE DR FIASAH K SCRY A A 0 DR
FDN Wi, B s thqueryis 20T H 1Y
o M%ﬂﬁ‘ﬁquery?‘ﬁﬁi .
'=aQ+B(— )—v(— :
Q'=aQ B(R.E%é),) Y(N.ie%Nl?l)
o Q B riquery, o, BRIy & —~6 1 i) 2
s Q, Q,Di¥y NI R =




X

T1 T2 T3 T4 T5
s Q:¥]dhquery Q =Eg 0, g 8 (1);
= D1: AR b1 = (2, 1, 2, O,
. D2 AN, 2e(n 8 0 0 2
= a=1 p=1/2, y=14  0'=0+ (ZD)_Z(V 2.Dj)
u 'fEﬁ& ZEDR leDN

Q'=(5,0,3,01) + 5(2,1,2,0,0) — 2(1,0,0,0,2)

S(Q,Di):;(QjXDiJ) 0'=(5.75,0.5,4,0,0.5)

S(Q,D1) = (5e2)+(0 e 1)+(3 e 2)+(0 e 0)+(1e0) =16
S(Q’D1)=(5.75 ¢ 2)+(0.5 e 1)+(4 ¢ 2)+(0 ¢ 0)+(0.5 ¢ 0)=20

S(Q,D2) = (5e1)+(0 » 0)+(3 # 0)+(0 # O)+(L+ 2) =7
S(Q’D2)=(5.75 e 1)+(0.5 e 0)+(4 & 0)+(0 e 0)+(0.5 e 2)=6.75
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FHHAHOR )45t (Rocchio)

i fs

FHIR S w7 1R ] DL S04 32

5 B AE I TRIDFALEE [n) & K 2 7s 0 (FH
RtermBFEAUH—4L)
XFREN ], T BNz p il R
VEER— AN 1 B N A AR SRR ) B gt
TR, W —" prototypelr] &

Jcosine TIEAHMLE, Bl SCRY it 2] 5
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Rocchio XA /2R () 25)

o RREESHN {1, 2,...cn}
= For /from 1 to nlet p,= <0, 0O,...,0>

= For each training example <x, ax)> € D

= Let d be the frequency normalized TF/IDF
term vector for doc x

= Leti= j (= aX))

- Letp,=p,;+ d



‘L Rocchio A 732 (N

= Given test document x

= Let d be the TF/IDF weighted term vector for x
s Letm=-2 (/rit. maximum cosSim)

= For /from 1 to

n (compute similarity to prototype vector)

¥ Let s = cosSim(d, p/)

C f s> m

U let m=s

o let r = ¢/ (update most similar class prototype)

s Return class r



i Rocchio 1145

o ERE—NEH, XA S TE Rl —

HALIH)* /Zﬂ'chenerallzatlon , Ellpmtozj/pe

= Prototype [n] = AN 77 2 H A BE AT IH —
th, B cosine*HU FE VRO ) 2= G

J5E AN RS
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PR T 2 o ) A 220 2R BE )
o JIZRINTA: O DI(Ly + 1 VA)) = O(I Dl L)
« D CRYEL
o Ly: DASCRYEIRE
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o Lps BRSO KR
o |Vl SRS T T K
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2a WAL D, hit 54 #-% P(h|D) &7
TEH? Bayes & #

p(h| D)=L LINLWR) o pp1k)P)

P(D)
= MAP (& K5 5ME2) Bod
h =argmaxP(h| D)=argmaxP(D|h)P(h).
M4 p=TIMaXP(k| D) =argmaxP(DI ) P(R)

P(D)= P(h)P(D|h)

o SRR TERER AN, R T A
m
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o AT

MR R R TN 2Rl U ¢ 21 B A R AS T Y
WR DFHEH AN XERET K, HHIXn AR
i, NSRS T e, W4

Ple,le,) =
X/ IGREE G KU, XTI 5 A
IR MR ZR e R L g, T
Ve P(e, | ¢) =0.
Wk e, XAGEF AR ISR A HU B, ).
Ve P(E|l¢) =0 H Ve P(¢c| £)=0




i S Smoothing

n T MOMERFAE TR, F5 Z AR
BEAT I A~

» Laplace “FiEH AR X DM E2Rm AN g
U7 ICAS, JF HAF e I SE S D p

n. + mp
P(ejlci): -
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i MAS12E Naive BayesH 2 (VI 25)

= Let I/be the vocabulary of all words in the documents in D
For each category ¢/ € C
Let Drbe the subset of documents in D in category ¢/
P(ch = |D) 1| D]
Let 7/be the concatenation of all the documents in D/
Let s/ be the total number of word occurrences in 77
For each word wj e l/
Let n/f be the number of occurrences of wyin 77
Let P(wr| ) = (ny+ 1)/ (i + | V])



i ARSTIR Naive BayesHvE N

s Given a test document X

s Let 7 be the number of word
occurrences in X

= Return the category:
argmax P(c,)| | P(q, | ¢,)
cl.eC i=1

= Where aris the word occurring the I-th
position In X



Naive Bayeszs{l

JUET

o — g{allergy, cold, well}

= 6, = sheeze; &, = cough; e; = fever

s 4ETSEHE: E = {sneeze, cough, —fever}
Prob Well Cold Allergy
P(c) 0.9 0.05 0.05
P(sneeze|c) 0.1 0.9 0.9
P(cough]c) 0.1 0.8 0.7
P(fever|c) 0.01 0.7 0.4




i Naive Bayes 25% (cont.)

= ZHTH

P(well | E) = (0.9)(0.1)(0.1)(0.99)/P(E)=0.0089/P(E)
P(cold | E) = (0.05)(0.9)(0.8)(0.3)/P(E)=0.01/P(E)
P(allergy | E) = (0.05)(0.9)(0.7)(0.6)/P(E)=0.019/P(E)

= e NHERIE: allergy

P(E) = 0.089 + 0.01 + 0.019 = 0.0379
P(well | E) = 0.23

P(cold | E) = 0.26

P(allergy | E) = 0.50



i Play-tennis 1 -1-: 1% P(x;]C)

Outlook Temperature Humidity Windy Class

sunny  hot high false N

sunny  hot high true N

overcast hot high false P

rain mild high false P

rain cool normal false P

rain cool normal true N

overcast cool normal true P p(p) —
sunny  mild high false N

sunny cool normal false P 9/14
rain m?ld normal false P P(ﬂ) —
sunny  mild normal true P

overcast mild high true P 5/14
overcast hot normal false P

rain mild high true N




outlook

P(sunny|p) = 2/9

P(sunny|n) = 3/5

P(overcastip) =4/9 | P(overcast|n) =0
P(rain|p) = 3/9 P(rain|n) = 2/5
temperature

P(hot|p) = 2/9 P(hot|n) = 2/5
P(mild|p) = 4/9 P(mild|n) = 2/5
P(cool|p) = 3/9 P(cool|n) =1/5

humidity

P(high|p) =3/9

P(high|n) = 4/5

P(normal|p) = 6/9

P(normal|n) = 2/5

windy

P(truelp) = 3/9

P(true|n) = 3/5

P(false|p) = 6/9

P(false|n) = 2/5




i Play-tennisfy]-1-: 432K X

= %+ X = <rain, hot, high, false>
= P(X]|p)-P(p) = |
P(rain|p)-P(hot|p)-P(high|p)-P(false|p)-P
(p) = 3/9-2/9-3/9-6/9-9/14 = 0.010582
= P(X[n)-P(n) =
P(rain|n)-P(hot|n)-P(high|n)-P(false|n)-
P(n) = 2/5-2/5-4/5-2/5-5/14 = 0.018286
- 1‘*2& X #5338 n2s, BIAIE ST
E\‘M
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i KIT 2B (KNN)

n ISR S HE ]
o X TIRREEAS X, 708G P BE B e el IR X o
o ST A4 2 R XA hx T I 25
o T RERLUIHE - KNN

o AU HARRUBE R AN E A KNN

\_




i KNN3

s Hiw: FETIIZRENEXTy 2
s fEAENT Sy s AR G 2 X
SimMAX (y) — MAXxeNSim(x’ y)
s FBIKAD A ES
A={xe N |sim(x,y) = sim_, (v)}
= Wnl,n2 G E T cl,c2h

nl (e, | y) = n2
piely nl+n2

C =
rlaly) nl+n2

= WIRp(cl|y)=p(c2|y),H| ke, & MH Hc2




i K 1T 484

= Training:
= For each each training example <x, ax)> € D

= Compute the corresponding TF-IDF vector, dx, for
document x

Test instance .
Compute TF-IDF vector d for document y
For each <x, a(X)> € D
Let sx = cosSim(d, dx)
Sort examples, x, in D by decreasing value of sx
Let NV be the first A examples in D.

= Return the majority class of examples in NV
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‘L KNINZE SCAS 432

“carnings” | “carnings” correct?
assigned? | YES NO)
VES [ 1022 0]
NO |63 2121

Table 16.12 Classification results for an INN categorizer for the "earnings”
category. Classification accuracy is 93.3%.
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Churlook

Sunnyér;ﬁm\ Rain
7 ~

Humidity Yes Wind

High Normal Strong

/N /

N Yes No
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(Outlook = Sunny A Humidity = Normal)
(Ontlook = Quercast)

(Outlook = Rain A Wind = Weak)
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Outlook Temperature Humidity Windy Class

sunny hot high false N
sunny  hot high true N
overcast hot high false P
rain mild high false P
rain cool normal false P
rain cool normal true N
overcast cool normal true P
sunny mild high false N
sunny cool normal false P
rain mild normal false P
sunny mild normal true P
overcast mild high true P
overcast hot normal false P
rain mild high true N
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s R E X
Entropy(S) = —pg log, pg — po log, pe

= 2540

Entropy([9+, 5—]) = —(9/14) log,(9/14) — (5/14) log;(5/14)
= (.940
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Gain(S, A) = Entropy(3) — Z L—'Enrrﬂpy(S )
peValues(A) | |



%5

Values(Wind) = Weak, Strong
S = [94,5-]
Swear < [0+,2-]
Sserong < [3+, 3—]

| S
Gain(S, Wind) = Entropy(§) — Z M1':71!113**:;15!.:'}?(Su]
ve{Weak, Strong) S| -'

= Entropy(8) — (&/18)YEntropy(Swear)
— (6/14)Entropy(Sserong)

= 0.940 — (8/14)0.811 — (6/14)1.00

= ().048



Which attribute is the best classifier?

5o 9+,3-] 5 [94,5-]
E=0.940 E=1.M40

[3+,4-) [64,1-] [6+2-] [3+,3-]
E=0985 E=(}.592 E=08E - E=10X)
Gain {3, Humidity ) Gain (5, Wind )

= 940 - (7/14) 983 - (7/14).592 = 940 - (8/14).811 - (/14)1.0
=.131 = 048



Gain(S, Outlook) = 0.246
Gain(S, Humidity) = 0.151

- Gain(§, Wind) = 0.043
Gain(S, Temperature) = 0,029



(D1, I¥2, ...,Dl4}

[9+,5-]
Outlook
/S LR (vereast futin
(D1, 2. DR DS D11} {D3D7.1D12D13} (D4, D5.DE.D10,D 14}
[Z2+,3-] [4+,0-] [3+,2-]

? ?

Which attribure should be tested here?

Ssunmy =1{P1.D2,D8.D9.D11}

Ciatn {Ssuppy » Hemidity) = 970 - (3/5)0.0 - (2/5) 0.0 = 970

Cain (Ssumry . Temperature) = 970 - (2/5)00 - (2/5) 1.0 - (/5100 = .570
MY

Cain (Seypmy. Wind) = 970 - (2/5) 1.0 - (3/5) 918 = 019
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TERXASHT 70 3 B In—ANF 145 58, 19 s lable=Examples
H i 1) H b JE 71 (target-attribute)
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» AIFIESAE B
o SO SRAR 1) R R e R AR Jk 0 1) R = A X TR R
SIS AT K B PEA,
o JE PRI RN HAD AT AR
s [EEZIHE (gain ratio) . Gini—index. B
& (distance measure) 5. ANAIHE =G AFEH
MR, FEnlExt T2 a1k,

£
- Splitinformation(S, Ay = — Z % - %
i=1 =1

Gain(§, A)
Splitinformation(s, A)

GainRatio(§, A) =
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3

node |
681 articles
Picing) = 0.300
split: cts
value: 2

L'[Ef-‘.Z/

node 2
3977 articles
Piclnz) =0.110
split: net
value: 1

\mra |

R EAT SUA 72

\rtﬁai

7

node 5
1704 articles
Piclns) = 0.943
split: vs
value: 2

\'lrﬁtl

node 3
430 articles
Piclny) = 0.030

node 4

541 articles
Plcing) = 0.04%9

xac:../
node G
301 articles
Pic|ng;) = 0.694

1403 articles
| Plclns) =

node 7

0.996




entropy at node 1, PICIN) = 0,300 0.611

entropy at node 2, P(CIN) = 0.116 0.359

entropy at node 3, P(CIN) = 0,943 0.219

weighted sum of 2 and 3 W7 % 0339 + ot % 0.219 = 0.328
information gain 0.611-0.328 =0.283

Table 164 An example of information gain as a splitting criterion. The table
shows the entropies for nodes 1, 2, and 5 in figure 16.1, the weighted sum of the
child nodes and the information gain for splitting 1 into 2 and 5.



ol om

“carnings” | “earnings" correct?

assigm:d? YES NO
YES 104 GO
NO 63 2143

Table 16.5 Contingency table for a decision tree for the Reuters category “earn-
ings." Classification accuracy on the test set is 96.0%.
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Single vs. Complete link
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i K-34)18 (k-means)

o KA =2 Bk %
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