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Abstract

In this paper, we propose a fuzzy AdaBoost.MH algorithm and apply
fuzzy AdaBoost.MH to document classification domain. The main idea of
boosting is to generate many, relatively weak hypotheses and to combine
these weak hypotheses into a single highly accurate classifier. In rule
design, we employ decision stump rule as the basic discriminative function
and each rule is correspondent-to a weak hypothesis. In system design,
we employ term frequency as filtering criterion to construct a rule pool.
On each round, the best fuzzy rule can be selected from the pool using
AdaBoost framework.

Meanwhile, we propose a fuzzy number representation to represent each
rule’s confidence. These fuzzy rules with confidence information are the
bases of classification inference. When the training phase is completed,
the final fuzzy classification result can be obtained from the inference
result with a degree transformation process. The experimental results

show that fuzzy AdaBoost.MH works very well in three data corpora.
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2.1 B 2%
Bk B 48 > p A Lotfi Zadeh[12][13 ]34 & 1965 & 2% £ 2_ & TIMJ;U% iz
G A AR R L KITHIRATI A I FES S o B BIRR R o * A
S ABEREAR A AP A B E R > ARFS F e me
ME AP B HE R Y true & false K #4773 hR 3R o AR RS
A o BB E AR AT T UG AR A 0 A L FR g
SR o HO BRSO H I D 3§ if-then BE47a) 2 i if 300 J]*a,i
s e IRA 0 T UFENE BACE 9 A FE S 2 0 @ then B LG B AR o 2 2 pE

SR L N A LT e i BB Bl - A L RUTER A U R K s

s fe {#%%{E%ﬁﬁ:féé Al 2 p B j8 TR By a @5 FlptisE k537
PHEHCPBEABRIIV ORI A Z T U R LG O BB AR RS

¥ep 8 a4 o A 50w s su(Neuro-fuzzy systems)f & 7 o8 B4E i

N

EepL s SRR P e RS Y » hifs L aEER

+

B b el SHOR kSRR L hi P AR Y [14][15] -

poob s BA G RRE Y AR R F R RS a2 S L

|

AdaBoost &4t ¢ & 78 ¢ [16][17][18][19][20][21] - Scherer[21 ] =
B AdaBoost & & 4 S H s M aens $52 o Del Jesus & A [16]% 30 i iv 3¢
8 ehboosting & & iE 0 8 R-EF — 1E LR LR AL S — B weak hypothesis »
mE - PR E T 2R S weak hypothesis M2 &£ en & o LA > s

s 478 % ¥ & weak hypothesis a2k R Al » i%u%!;,ﬁ, weak hypothesis

v R TP RE A e 5§ B o Otero £2 Sanchez[20]£2 Del Jesus & 4 [16] %
B o e Z @ g * Logitboost[22]iF & i & & A Hok Rt A 3 ¢ PR AR

Rk e G @ ZO PR SR E 6 i BESgEREY

Aiparg * PR LIRS P REEENHE i;suﬁw 3 ARG o b
5



§- BRAR bl e R R ARG ¢ §a2f G g .
joBF R EpAs B E MR £ el o A R B S T

ik B &0 0 B2 R AT - B B &S v

B U R b2
T3 2 B i R ol 0.1x* » — 4x#0H-R T fF & (membership grade)

ILEI&’”_:’X%?‘?%;"'%°

0.9

BI2-1. ¥ f &

Wow B LA AEE

Py

T AT i A PER A SRR S
AR des W f(X), fa(x) 0 2 wxeUy -

(1)4# & (complement)

B=A"< f,(x)=1-f;(X)

(2)# % (containment)

AcBe f,(x)< fy(x)

(3)4p % (equality)

A=B <o f,(x)=fg(x)
(4% % (union)



foe (X)=max(fy(x), fy(x))

(5) =2 & (intersection)

facs () = min(f, (x), 75 (x))

2.2 AdaBoost

2.2.1 AdaBoost % & /2

AdaBoost i# & % €4 Freund v Shapire # 1995 # #7 £ [2] » tiimi &
i e Algorithm 2-1 #7577 ;04 5% & 32 #-(x, y1), (X0, ¥2), =5, (X Vi) ° 4° W B
pﬁr%ﬁﬁﬁéﬁ%%’mxbm,Mﬁig%ummmmMMH%Wﬁﬂ%d

AEIE_ Y Yo,y Ym o A YiIBIMELT e EE Biem BRI E - B4

£D,() = 1/m -

Algorithm 2-1 AdaBoost Algorithm

Given: (x,y1), (X2,¥2), %, (Xm) Ym), Where x,€X , yneY = {+1,—1}
Initialize: D; = 1/m.
for t=1,--,T do

Train weak learner using distribution Dy

Get weak hypothesis hy:X - {+1,—1} with error Xin, )=y, Dt(i)

— (2
Choose at-—ln( ” )/2.
Update:
Do.. (i) = 2t® e %, ifY; = he(X;) _ Del)rexp (—ap+Yihe(X)))
e == e, if Y; # he(X;) "~ Z¢

where Z; 1s a normalization factor
end for

Output the final hypothesis:




H(X;)=sign(Zi;(HT, (X)) * a )

2.2.2 AdaBoost i# & iz 4 47

B L ® 4rtraining sample 7 m BB 0 Xq,Xp, -0r, Xy ¥ 0 label A %
Ly yeo s Ymo AyiB 4L, -1} X2 ER e BEORL - By L
Di()=1/m-° ¥ 2 fFXF nBA AL FE

ETRAPEBTRr S B 5 - BuEi&p hIAFE  nRBRESD
TP - B ET KA AR

PR SNPE N s B

Lo 33 % - AAS 3 Bohd o o 85 Yinx=y; De(D) , ho A &2 5 %

Ex: % - w & > BAZARI AL FE S NP & G

3.%
5
3;
e
b
3
%\-

BHEREE- Bh-BRAANCEE R 24T
ﬂ%ﬁ—%&i@ﬁ%»%iwﬁbm@%mQFA%’%Wﬂ ke

F%73 2 yy y2, 0, ymi label B - R Aok il o Ao BENEE 4

SRR FEFS O AT P X din ey D1() , he A 22 HE
EEEIE S E NS T S RIS S

PUEEIEEDA AL HERY (F% tw &l 24 % BHT, o

ST REA R DE PR ET - B P @ WSS § AN
$a = (1 st)/2 P B herror € B o

- Bt m B E A - R A - w b > APER RSy LY L

B o ARy SRS R E o B R R LT -

£ TP gk kBB R T B AL B B A B



(Dfor i=1, -, m do

Temp(i) = Di(i) *{e ©IfY; = he(X)
e“t ;iin # ht(Xi)
end for
(Z)Zt = irr=11Temp(i)

(3)for i=1,---,m do

. T ()
Diyr(i) = —2=2x

e “t,ifY; = he(X;)
Zy

et,if Y; # hy(X;)
end for

Fow Eerpe e A A SRS > 50% 0 BRI e E] .

1-5:35p T Bw & B, ¥ 3&w & ¢ { &rtraining sample Xq, Xp, **+,
XmePfEED(D) + 8T - v B IR LA E - BT L A
BB T A P £ A G B R 2 R
BnE R T - £ Sy s RR B AL ) M B L LA 48 B $ o 1 B
FAGRD A A S BET I IARRA L LM 3 R s e
ESBARSNE  MTLAAOHERS - BURE L DALLHE -

~

SEES L P U S S £ G

H(Xi)=sign(zg=1(HTt (X)) * at) yHe &% & 58 4 37 B



2.3 AdaBoost. MH

2. 3.1 AdaBoost. MH ;% & /2
AdaBoost. MH ¥ 12 4%t % 3 #cp M 2 SR Kp > F EEFLA M Hitw
W5 % 4o Algorithm 2-2 #77¢ » @ Schapire £ Singer[4]#% 2000 & #7% % eh
BoosTexter ,& $t s AdaBoost. MH e— i i® & 5t o
wEEY > X &L e Training Data ~ % > Y 5 97F gl ag &

ARV B b e RS k=]

o K F — kK training 72 F i (XY) >

xeX,Yc)Y »r® ley v F8mxnT &%

Y[|]={+1 if leY

-1if leY
S L ¥TH TR & 5 <(x1,Y1),...,(xm,Ym)> ' % €X,Y,cY % - Round

“rpviE I e weak hypothesis \h TAXY —>Ro-h(x1) 2 5 - BIER 2 § x £

i

3 F s pe Rl A (%, 0)|F AU SR hf v & & — B training

3 B(XY)H &I K = a1 label o ,T*ux‘;\{((xl)Y[l]) forallley, - 4% - m

FEEY nZ S - BRARRE 4o A2 (2. 1) AT

Z, :iZDt(i,l)exp(—atYi[I]n(xi,l)) (2.1)

i=1 ley

% — Round trte?lﬂi e hypothesis A58 40T #17 o w5 - B term > we x R
REWHRAES IR FY o ¢y 5 - B#cE > * 4 weak hypothesis h i 1) 5

SR 0A LT AP RETWARAY Y AT AL F 0 e

10



ht (Xi’l):{gfllii:vvxyz;(

Algorithm 2-2 AdaBoost.MH Algorithm

Given: (%.Y),..(X,.Y,) where x eX,Y,c¥

Initialized: D,(i,I)=1/(mk),i=1..,m

for t=1..,T do
Pass distribution D, to weak learner.
Get weak hypothesis h:AX'xY—>R.
Choose aeR

Update:

Dt+1(i,|)= D, (i, I)exp(—;thi [I]ht (Xi!l))

t
whereZ, is a normalized  factor

end for

Output the final hypothesis:

f(x,l)=gatht(x,l)

11



2. 3.2 Weak hypothesis

F- B R x gyl d - B £.0(i,1)=1/(mk) - & X,,j€{0,1}

<

P Xy ={x:wex} i Mm o

i

F_k

Xo={x:wex} & 4 term wizj &R
A% § 7T %t Round 9D, > 22 term w0 @ @ X, je{01} > ¥ HE -
g el g e o W (W)™ L5 145D, s § 48 4 X ol T 2

2R EA(FEE BRI E N REE o S RN D EFEW 2

m

ijl:th(i,I)[[xier/\Yi[l]=b]] (2.9)

i=1

Az e W ok R o 4o 250 (2.3) -

Z, =Y Y D(i)exp(=Yg;)

JoixeX;
_Z W ie Cig\W 1%
- _ + - (2 3)
J
BYFLEZ s > 7 Edic o m AR L & B feature 3T

e s - B R0 H &) S RKFHEC oCy o e 4250 (2. 4)

w !
n +
w ! (2.4)

e W W o] 3 AR 00 40 (2. 4) 2508 Pl g F] R sh

Cj B EgFAFINI 2 T FLEHRAOFEF 2 » KT e=1/mK 4e »

TN s RAEC, N Ao 258 (2.5) 47

1, (W'+e
2 \W'+¢ (2.5)

12



% - Round #7i% ! ¢ weak hypothesis 7 & &3+ 8 J ko | enZ o @ #

FN2. RT3 A28 (2.3)FF D2 258(2.6)

> 3w

je Ol ley (2 6)

& — Round # ¥ #7& i B~ term Wi&”ﬂ-\zt % B w0 @ & — Round #-¢
PeE B nZ, X F % weak hypothesis o Bheo— B feature ¥+ — 4 % it 43
BERS ORGP EAET AT UGS B feature RN E A TR A
T YRR R Y R OuEh c Bk 2 - B feature NI AL » gL v F
PRE e odm B f e RN g IR 0 PRARSRE R ) kihe ATRRIL @
R eniE € B 0 F 2 IR i ueE s g i A RN G 2 5 AT

HE A ke, A BTN OB -6 E REHA ) 540 0.8 2-0.8 F W w1

2.4 SVM(Support Vector Machine)

R R AR AR R4S 5 AT K @ * machine-learningshik ek R ik i
= k3 o Joachims[9]# * 7 Support Vector Machines(SVM)[10] k¥t~ &
AN o SWME PR ARpF - BAFEE > AMA ST AL - Hay
BATAL G o AcRI2-290 T o fIP B S T RE A TR - B 0
FoWASBOTAE > INT U E R P ZHAERIZ TSR a2 0 A

e E e - Ry IR T HEERINC T RHEL P AR

13



B 2-2. }%"flp?#lg; G B

B)2=3. 5B SWMA 4 1611 %

RAa o PR R B YR F o S 2mE ¥ 2 2] (Non-linearly
Separable) e F]gt » A e FR-FAIR I RF DRR Y 0 4 F B E AT G
FHANB R e TH 24970 ARAZ RTR Y B ARSLHFH L%

FHBERET (AR AT PHI- LT 5 BFRBREA 2 -

P <

Feature Mapping

> X
o $:RZ->R?

Hyperplane

Original Space Feature Space

B2-4. #-R4nFAERT F AR 2771
14



SR s APRAF R FTEAES LR g T 6 > FE TR
Lo BT e B doR] 2-0 T P AL 3 2 2T g #A R S| e
Yo B endRig AR > EEAR T 6 7 L Pl e 1 g%k (Generalization) >
FRIE ARG R B £ - Aw o B @2 ens (Overfitting) P'RFA# > i
A KR FHATERIRGE TR AN A A B TS L £

LA AN TE

PRFAE D={(X, WIX ERL Y € {+1,-1}}i=1,,n
Xt %1 BFERAPEBE 275 d2Rim o

Yiiw 1 BFAags o A i el - +1 8 —1o

AR Te 27538 twex—b=0

w & TG ke £ (Normal Vector) > weRY e

Support Vectors

Bl12-5. 4T & 7 X B

YoBl 2-5 47 0 B Piwex—b=0 i- 7 A BTG AT
G 0 gFd i F hEFTAK (Rescaling) @ AT LR EA BT 7P e

Ty oo TF #‘péklm g/}‘%! 15@,%%@4_?1) &pdgpﬁx ﬁ—mmr f;}-’-%h

15



(Support Vectors) *» Bl 2-5® #rr2 ma » H T & 40T !

wex—b=+1 (2.7)

wex—b=-1 (2.8)

TR LRS- KR A ES BB RL R TS BTG e

As 4RI > 1P BB PR F A BT G o 5 2N (2 e A

. ' 2 RN 2 v RN N ’= . 2 ' 2
7(2.8) ¢ B epEd s Flot o GRS FREET B 0 2 F R B lwleh

o
lIwll

Bolg A% ] AR4F o

&
pIs

Ho B M A 1 B+ 5 oLIBSYM[23] % B B b B 2 2 [ st e

s

W12z - > AP TR IO R F Ry RS E 2 - o

16



2.5 Naive Bayes

Naive Bayes(NB)[11]4 #g:% » & A+ Bayesc 3@ b B X - B % 5 F

EEE e T NP s c R Rl T,..,T 5 features® ¥ 0 T H R
B Fede 230 (2. 9) %7 F
Pr(c,T,....T,)=Pr(c)P(T,,...T, |c)

=Pr(c)Pr(T,|c)Pr(T,|c,T,)..P(T,|c.T,,... T, 1)

=Pr(c)Pr(T,|c)Pr(T,|c)..P(T,|c)

=Pr(c)1jPr(Ti <) (2.9)

RREOLEF Y 0 F - B FE T AR E T - Bterminw £ 2 4 featuresn

wE o AWNBAEK LR FHH TR S g T b o & - B

¥ 3 d AL FIAE S C el e S e S 4250 (2. 10) #oT

Pr(c|d)ocPr(c,d)=Pr(c,T,...T, )= Pr(c)f[Pr(Ti |c) (2.10)

SN2 DR > F AP E- BHWEC - B Ed 2 d#

gA TR W augnicd C HPPr(c)i- B 82 biuchi

F @ Pr(T|c) 5 term T3 2 fggwlcehe & @ e o

¢ =argmaxPr(c|d)

ceC
=argmaxPr(c)ll[Pr('I'i c) (2.11)
ceC i=1
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2.6 Fuzzy Rule Methods Comparison
£ 2 fuzzy rule 02 3 (X 580 - BOREPORE P ik & ALK G
d PR A 2 0 & - B2 B ALY [f-Then «97) 5% k & i 2 At 3F &0 o If
FOURA M I > A KR ReBiEEZ R ATE S 2 0 Then (hI% A R G
dok GE R RIE S S 2 AR (T R K o fR R B e R T R R R~ B K 4
BEGRS R Pl AR S > Pl (MRS E o
AdaBoost[2]# ;2% = fuzzy rule > & - # Boosting 5 A # = X &

4 4 fuzzy rule > fjfuxaﬂ fr3 I e Del Jesus F A A[16]#78 £ 0 2 o B2

[N

Iy
=

B
)7

P
N 1%

W

A4 I E AN fuzzy rule  HAER AP T4 G R Gk

-‘r‘\

L
fra
(o
=t
3

L

% input B b & A RC) FR2Z T 0§ AP g input

F_k

!

B
[k
/\y
m*t‘e
(dﬂ

R

5%

e
R
e

“pF i 0 1346 Boosting Fuzzy Rule e % fjhg Eyis b

ks
=1
(r
!
3

A

E2E ROV o /R 0 W HEE G [P o

T APER - B Gt b F Y x5 2 fuzzy rule ehF 0B

-

input » R1 % % i % input SETHLF T A A iRy j=1.N % ¢ inputi 3
¥ ehfi g N80 i=1.n & & fuzzy rule - % ni® input > FERE £ i

2o o REEY S0
if x isR/ and...and x isR/then) =0

F PR PERE N 02 2 n gREE s 40 o F1 5 Boosting Fuzzy Rule 07 j2
et g B0 fuzzy rule 2304035 Ok B %7 e R 2-6 g % i o
PHRARRMEAT B 2 UL B T R 7 it P < F R
M A kAP o Bde training 9 Round P 2 500 ¥ F term IR A A7 IR
B R AR R AEAPHN=500,N=2p]A g & F 8 o9 fuzzy rule
FEAE S 22048 4 R AW AR T - £ 5 2% iE 0 fuzzy rulesc Tl 5 B
THE R A AT AR T R > EE RGEE AT AT L 3 Boosting Fuzzy

Rules? 2 v 7> R PR A~ F EPE R &F input Fp > 1M1E = -
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ek

B input ¥ a3 SR FER ASEAR FREFROMIT A ALAA

if |x, I'S(le nd...and\x, is R!|then ) =0

n{gEinput

NiE=] e

-

NxNxNx.xN=N"=>0O(N")
n{g

B2-6. Boosting fuzzy rulers B if e 5

A jdd AT ¥ I eh fuzzy rule BT &%k § input ehfiRT o -
i% fuzzy rule ¥ 3 - ® input™ = )»T;Q,g\term 7S B input 4 £ 4 A iR
¢z M| s A N> NARE - F fuzzy rule n=LN=2 > @ fuzzy rule
¢ ¢ training ¢ Round B P ki o #1100 k& seid fuzzy rule § & 3-8

¢h=t #c 5 Training's Roundsx2 » # p& ¥ 47 s & % O(Training's Rounds) - 12 T #

BB 5 A TR * chfuzzy Tule s AR TR A LA S R 02
F EAoiFi o
if "bad"is" present in document" then return"c, "
else return"c,, "
if "wast"is" present in document" then return"c, "

else return"c,, "
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3.1 %%

AdaBoost[2] 5 - BHME Y FE 2 > v A B v AR E S H Y - B
33 2 HE R bldeoid- KA~ @ 5 chdecision rule ~ # 2 % SVM[9][10] - AdaBoost
Piwing ¢ §- BIEEE S B 3 A S B L U IEE ch- 28> > AddaBoost

TR A EVRT AR E o F - w &P s S AT B EHS - s A
2R EIHL EERERBBLEEORE B SL A LEE A - BLEE o
Schapire £ Singer #7% % 1 AdaBoost. MH #_#%- AdaBoost #izt @ » #-J £ weak
hypothesis s output 41, -1 2£ @ F|F HR[8] » ¥ ¥ 4c » 7 Multi-Class ~
Multi-Label chAGZ i 4 » 8- fhdn g 3 o o 8k o

Hops AR kI B e S 40T 0 BV S o p R Zadeh Foagin
"Fuzzy Sets"# < 7 1960 £ 4 £ 14{13] T*%i‘h E R AR TR oo d IR
FE R anF iR 55%,9,5—;2 FEFEE A FARR ok BE FL s BB en
BFHS KRRy n R 3D A T T R e AR B & Fuzzy £ AdaBoost. MH -

N— BAREDS AT S EER RSO B A RS R R

o

SR RE AT

K2

*# < i * AdaBoost. MH[8] framework 2k 3+ i ik i 2 2 5 5L @
AdaBoost. MH st 43 &% — w & 4% 1) & 47 chweak hypothesis > ® #+ - B weak
hypothesis #¢ % &3] - B if-then rule 1345 if-then rule 72| %f 1} e % >
B~ p B e weak hypothesis #ciE » 27 7 #% 1@ * fuzzy number # % & #f
ik o Fwmayn AR R il e £ & F {5 avEP o Del Jesus ¥ A [16]4% 41 -
B3 & fuzzy & AdaBoost 2. = i » s P #= - B fuzzy rule i 5 — B weak
hypothesis * ¥ fuzzy rule base st # 2 5 weak hypothesis & &€ % & o
AR as 2% B & weak hypothesis 73 3+ & B > ¥ weak hypothesis

v R e s
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A2 » Bk ki@ (R g B ) Semi-Supervised 9755 0 fE G

Semi-Boosting » ¥ * > £ e labeled FAL k72 B A df» TS 5T 2452

I+

Fr Fami AR B SR E Y EF AR o S RT 2 A ke W g2 o A
W R AR A RT F G AR gt 2 R G A RS

L B eT

3.2 %%

=t

lia

Yo -1 T o A iSRS BHI AR L F A > & Fuzzy rule base %
#7 > rule selector ¢ &* - w £ jrule pool ¥ & #¥ i fuzzy rule d
ko HPHERELZ T RSP Rerror e AEFHRERE L2 LR &€ Ew
14 %% o 4 rule base B § 4F 2{8 > K BLE-E TR T ALY 3B I E - B rule
! s 2Rt i o 2. {8 #-12F logistic function #-i&dt 4 %4 4 =0 accuracy
ratio value » H # 5 & 0~ 2 B gt obs Aon~ e di- B LG ff 2 A#H DL T

3

k& orE - B rulesnis & (fuzzy confidence value) » &8 » & %

=

AL RSV WA - BALR I (degree transformation) ™ & > # A2 &
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Rule Selector

Rule Pool Training Ekamples

Traiming Error
Compulation

A

) J

.'I'll'\.:UI'.k')' Ratio
Crlculation

(with confidence and acfuracy ratio information)

Fuzzey Conlidence
Number Caleulatica

Testing Examples
Y

Classification Degree
Calculation

Classilication

Result

®13-1. Fuzzy Classification,& Lii A28 15 ]
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3.3 AiwE

*#m~ Hat @ p AdaBoost.MH » #-% - % weak hypothesis '# fuzzy rule
ZT 0 Bofs B % P A fuzzy number k3t E o Algorithm 3-1 5 & & %z £ 4
wE2 5 57 AdaBoost. MH M 2 & s 3.2 3 &g Ei2 > m & ki B g B4

Rhipd g Hwmn i g o

Algorithm 3-1 Fuzzy AdaBoost.MH Algorithm

Given: (%.Y),..(X,.Y,) where x eX,Y,c¥

Initialized: D,(i,I)=1/(mk),i=1..,m

for t=1..,T do
Find the weak hypothesis. h A xY — R that minimizes the error with
respect to the Distribution D,

Choose aeRR

Update:
D, (i,1)exp(—«Y; [Ih (X1 , ,
D, (i,1)= (. Dexp ? [1h )),whereZtlsanormallzed factor
t
end for

Given: h(x.1),...h (x,1) and Y, where i=1..m and Y,cY, Y

for t=1,..T do

Error, = il[y{arg max| h (xi,l)ﬂ sEYiH

i=1 ey
end for

)
Initialize: Max=max[E,...E,], Min=min[E,...E ], Avg:%ZEt

t=1

a = roundingoff {1+[ (Max/ Min)—c |10}, b

23



for t=1....T do

Avg —E, 1
(Max —Min)/10’ lraxe™t

end for

for i=1..,z do
S(6.1)=3 20 (%11~ (- AY]

end for

Initialize: S, =Max[S(x,I),....,S(x,,1)], S,;, =min[S(x,I)
if(S,, <0) then
for i=1..,z do
S(x, 1) =S(x, 1) +(—1) xS +1

end for

end if

1 z
S =——> S(x,lI
average ZXk; (| )

for i=1..,z do

De ree(x |) L S(Xi’l)_saverage
iy = , T=
S = et (Smax — Swin ) /10

end for

Output: Y[ argmax{Degree(x,1)} | where i=1,..,2

v S(X,, D]
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<4 By E % &% % (1)Error Count Calculation

BEEALEAN e
(2)Accuracy Ratio Calculation (3)Fuzzy Confidence Calculation (4)Degree
Transformation > ™ % & )k 3téat ® Semi-Boosting ° & %temachine learning
PR - B EXeXNBEMRNEIE - ugulye)y? oa multi-label ¢ >
F - RBTEXEXNHEF VAR S BRI Y)Y -

AjaFEiEY > TR X 54T Training Datashr FH & - YV 5 475

e1]label #F %] 0 Higudc® 5 |Vi=Ek > x 5 %1% Training Data > i=1..m#&

#. Training Data ~ £ #PpP 2 m > T % training " Round #& P - Y, 2 % - £ =

FXeX TRt u B &Y, c);» kT Hmulti-label shdataset
BEFEIE - B &7 g uicE A% 5 10 @ TestingData eh#icP 52 - @ W 3

- B term> wex B & & wHIRAS | e oh(x,1) 5 %t Round #riE o

2.

% errweak hypothesis > #+h eniE 5 195 input document X, #7335 2 e > |

% label #g %] » m weak hypothesis #iE ¥ ¥t wH T N3t~ ¢ kg d

#iE -
ht (Xi’l) ={§f,'ifvvvv§xx
Cjo— BfcE > jo O08& 1 2pRrd T whmar3?d fE7 HMA
¥ ¢ end B o Algorithm 3-2 ¥ #houtput % E, (where t=1..T ) &£ %t
Round 7 Hypothesis s Error Count » # Algorithm 3-3 ¥ s output * A
(t=1..,T )R 5 % tRound ¢ Hypothesis #1 Accuracy Ratio S(x,1) = %i % =

F asgull o B keha @ 0 Degree(x,l) E.% 0 % ¢ % fdg || vhdegree ©

B >+ AdaBoost. MH e iim T & 7 12 %% Ash2 % = T up A § hikh 4 {35
WenfREW R G o
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3.3.1 Error Count Calculation
Ao E A B auFEE Y > 3 #250(3.1) 5 %t Round - weak hypothesis

Exih2REY v @i EfLaindex T ¥ Ryp ¥ B0 index > FlHTF
BUHEEY Y B DpE kG label fE 0 T2 A ¥ ik training 2 F A F 5
A RETIMAES] o e A B E ) A PCRP G A2 > wi# ] B hypothesis
¢hError Count e 1+ # @ [+] 5 - # indicator function * # & output & %

- i# hypothesis e Error Count °

Error, =iﬂy[argmax[hl(xi,l)ﬂ¢Yi]] (3.1

i=1

Ex:

Y ={pos, neg}, Y, ={pos}

Bk B we XS4 L @ ey =(<0.4,0.1) »#carg max[ht (xi,l)] g
mi 24 y[arg max[h[(xi,l)ﬂ #rB~ ik clabel 5 neg 0 1% neg gV, o

FOIE 2 o gt Error 4o 1 o

Algorithm 3-2 Error Count Calculation Algorithm

Given: h(x,1),...h (x,1) and Y, where i=1..m and Y,cY, Y
for t=1..,T do

Error, = iﬂy[arg max | h (xi,l)ﬂ gYi]]

i=1

end for

Output: E,..,E;
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3. 3.2 Accuracy Ratio Calculation
Aol g g anE B iE o AR 20 B DB R E,LLE R fanE

¥ ; Max{-Min 4 %] 5 73 hypothesis ¥ # + % |- Error Count > Avg % #7%
Hypotheses 1 Error Count 2 LT35> a,b,c 5 = B S#c p FE 2 ¥ R AF -
® Hypothesis s Error Count #& % 5 Accuracy Ratio o #= #23%(3.2)% g4
+ (Max—Min) /10 5 & 4 § i de + 2 o} cried - 02 10 BRIE » 0035 05
S BRIl A AR TR AR5 B A A S 108
o 4o 3-2 F 1 R R R L G466 2 FF o A3 Avg—E, &
Hypothesis & T 3518 eh % jE > & Avg —E, 4%+ % % g Hypothesis #9144 25-=x oA
o B AAZ S > & Accuracy RatioA < o & f5 #2258 (3. 2) % » 32 4854 (3. 3)

v i-‘u? v+ 8 & — B hypothesis e Accuracy Ratio °

Avg - E,

T= - (3. 2)
(Max—Min)/10
1
A=——7 (3.3)
l+axe
i -
09 yd
;r'
/
08 /
/
r'f
07 'fr"
!
!
/
06— /
/
i
/
- 06 /
.‘;f
i/
04 :1'/
2
/
/
03 /
7
,/
02 /
/
/
0.1 4
////'
! T | | 1 | | I j
10 3 5 4 2 0 2 4 G 8 10

B13-2. Logistic Function;# & i# B+
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Algorithm 3-3 Accuracy Ratio Calculation Algorithm
Given: E,..E

Initialize: Max=max[E,..,E.], Min=min[E,,...,.E;], Avg== ZE

t=1

a = rounding off {1+[ (Max/Min)—c]x10}, b

for t=1,..,T do

B Avg -E, A= 1
(Max—Min)/10 1+axe™®

end for

Output: A,.. A

3. 3.3 Fuzzy Confidence Calculation

P ET A RauR B st F - F TestingData< § &% — B | g
fri s (3 )¢ RS (xl) B B ik e F e e fF 0 B A
BR|VIEk RN & - R kenggs] - mF - B RS EE kB fFE

#2:(3.4) 5 #% - Round t = Hypothesis eiconfidence % F= & )5 # h&
% & > @ Hypothesis ¢ Accuracy Ratio ¢ = #4259 (3.3)#m3+ 5 I %k » * L §
Tz &) RmF B B 5d Accuracy Ratio #t i kg ff 5 - BHA, 0 @
USRSl ISE RS S N

S(x.1)=

1 T
2 (%)L~ 2~ A)] (3.4)
2 t=1
Ex:

BERAP W EEFE e f 5 E5 230 530 H# (B 3-3) >
IO Dl % P2 &2 feni s it £ 300 g & avif gt g ff Ak S 1B

R o b hFEAY X G e GHE RHERASL f e &APT

[EEN

MAFENERLGES 2 L5 4

ht(Xi7|) °

N |
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|hr(xi="?)|

B3-3. 7% f§ 2
BEFLENG ) ZED o d B3AT R HI B HA 2 454
P ’)I}“? FREEES HUnHFE 4B 3-5 5B 345 I kene &) =

ﬁ»_ll},fl;)x;{wjglg_gc‘ ’ ’p“fﬂtljﬁ “é“%o

A

(- :

BI3-4. & ff 2 4 (1)

*[1-(1-4)]

BI3-5. o ff 2 4 H(2)
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Fd 2420 (3.4)3 8 A& - K Testing Data &7 #f %19 & f oo ff &

Z_t4 » #-H output £ - B Algorithm & * -

Algorithm 3-4 Fuzzy Confidence Calculation Algorithm

Given: A,..A, h(x,1),...h (x,1) where i=1,..,z

for i=1...,z do
S(6.1)=2 X1 (%11~ (- AY]

t=1

end for

Output: S(x,l) where i=1,..,z

3. 3.4 Degree Transformation

Ao &g B2 215 Testing Data Bt 47 %]l cha ff B & 70 R0
FGZ > A% & - F Testing Data % € - B & 4 4% | ehDegree » § £ &> 42
FB. P E Neirg S(x,l) wherei=1..,z # 5 s ES 2L ES,,
FAL D g BS ol 0 RIELE 2 A2 (80D AT e S(X, 1) A b Aras

g BES k-1 2 4t 104 1 £ * smoothing #7710 & 5 0 chif

SO 1) =S (%, 1) +(~1) xSy +1 (3.5)

*ﬁ":ﬁ:’?” %E-JTV (3 6) 7:1 -73* ) HlT”}g S(Xiil) T i;'Saverage °

1 z
S =—— > S(x,l 3.6
average 7 xk IZ:l: ( i ) ( )

RigEgd 2 0@ D8 52 258(3.8)2 4% - K Testing Data &
¢ @agw? chDegree ® G 0~1 > HiF k240 Algorithm 3-5 #f7m « # ¥
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argmax {Degree(x;,I)} * # 35 110t & Testing © %1 & & #7%] 7 &+ Degree #f

Wlehindex  #FRLFIY P HAsELlh i 2w ido

S (Xi ) I) - Saverage
= 3.7
(Smax _Smin)/lO ( )
1
Degree(x,1) = 3.8
g (| ) 1+e,’[ ( )

Algorithm 3-5 Degree Transformation Algorithm

Given: S(x,l) where i=1..,z

Initialize: S, =Max[S(x,I),....S(x,,1)], S,;, =min[S(x,I),...,S(x,,1)]
if(S,, <0) then
for i=1..,z do
S(%;, 1) =S(x, 1) +(-1) x Sy +1

end for

end if

S —iiS(x )
average 7k < i1

for 1=1...,2 do

average

)/10

1 S(x,1)—S
Degree(x,)=—— , 1= '
gree(x. | 1+e " (Smax =S

min

end for

Output: Y[ argmax{Degree(x,1)} | where i=1,..,2
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3. 3.5 Semi-Boosting

Rad

& & % Semi-Boosting % & i » st % z & Testing Data e+ £
#icp 0 Y 5 %% Training Data shsgs] o jF B¢ BFepif EE2 N E 50 & 55y
pt f Testing Data #ig A dg 3| cnsgw| H B o B A F <3 &P HEEC » Fikid
= = o B|#-p Testing Data 4¢ » 3| Training Set ¢ - ¥ ¥ j& Testing Set © #1
R TR o A B ib e if i 2 5 RIS 4 Testing Set ¢ v §
Bep 53 AR AP hek R A L BFRFT - w &
16

Semi-Boosting i# & /% » B F| 7 & & 1F 2 58 eniF it A

Algorithm 3-6 Semi-Boosting Algorithm

Given labeled example pairs (X,Y;),...(X, Yy), unlabeled examples

(X, X, ), where % € XY, €Y, a confidence threshold value Cand a
stopping threshold value "N
Run AdaBoost.MH algorithm using labeled examples (X.Y,),...(X,,Yy)

for i=1..,z do

x;.data = x;
.

x; Jabel =argmax »_h (x;,!)

1<I<K t=1
T

x;.confidence = max > h (x;,1)

1=i=K &=
end for
for i=1..,z2 do

if x,.confidence>C then

Remove x;.data from unlabeled set
Insert (x;.data,x;label) into labeled set

end if
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end for
if number of unlabeled examples >N then

Run Semi-Boosting with new labeled examples and unlabeled examples
else

Insert the rest of unlabeled examples with their labels into
labeled set

end if
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PA
KRR 7>
FRCXrE R e

TG e ) SR A Bl 0 A E A Step dntimdh 3 o
Step 1: Hypothesis Value

Bk A d Adaboost. MH #5 ) % e Hypothesis4-® 3-6 + * *Round # % 5 »
#1105 5 5 % Hypothesese 24 i d % - % Round B~ % % bad %k f%% > %] 3-6
2% A POS S NEG 5 & A #ena BaTw] L4L 0 ¢y ~ G A W & & bad 2B 3 A

MR A R R @ 0.344 ~-0.344 0. 218 ~ 0. 218 5 g

AdaBoost. MH #73+ & & sk enficid o b4 & ¥ -0.344 5 > § ¢ 1 bad ¥ F 4t s
| POS iz BAE W (B FleniE > oy AR 0.344 52 F ¢ MR bad ¥ AR A T
NEG iz B agw B FleniE o & 22 0218052 F ¢ A N bad ¥ F pFik» 3| POS iz B

BEW|E I ehiE > d pEpdE o

_bad _ POs_ NEG IR

C, 0.218 -0.218

¢, -0.344 0.344 0082 008

-0.804 0.804

Run: 2

worst

0.069 -0.069
-0.601 0.601

Run: 3

the#best

-0.109 0.109

0.334 -0.334
Run: 4

bore

0.076 -0.076
-0.504 0.504

Run:5

®13-6. AdaBoost. HMz_Hypothesis4 7
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Step 2: Error Count Calculation

o<

Bk AP - K 5 POS2gw e Training Data &5 i Hypotheses =g Bl {é »
MIFIRAc £ 3-1 0 B @ ¢, it & ¢t Hypothesis # 1 Aiz/ 2 F % ¢ > ¢ 5
B E G DM POSNEGH =5 B~ A s ¢y 2% H g ehiE o d 3t B Training
Data = & &t POS chsgw] » #70 ¥ B3R 2 F Hypothesis e iR & c,
# £ ¢, H Hypothesis g & POS chsf s @ 1 ¢ £~ e F L ipfrenk & &
# #* Hypothesis i+ POS i& @ #g %] o 12 bad % &) > fc, i im™ » POS g %)
g 0,218 B F e A A PT Ui ®obad F MR R 2 F R
H e POS cgpw) » @ pt Bk » 2 & ¢t K Training Data #03g %] POS » #7121 78 ip)
i #& > Error Count & A 3 4r o o pagde » 4ol 4 3-1 ¥ Thefbest > fc, hfiin
T 5 NEG eh#g s ¢ i 0. 109 F g @0 #5007 1233 % 3 Thedbest v 3¢ &
DIPE S P2 F R AR e NEG g s o e & F > POS #7%] o st B3R
24530 #7171 The#best iRt Bict] » A A FBFREIFFRDEF I o 7 &

2

- 1 Hypothesis &— = F ¥ &5 7 ¢ # 4~ = FError Count °

Hypothesis C,/ ¢ POS NEG
Bad Co 0.218 -0. 218
Wast Co 0.082 -0. 082

Worst Cy 0.069 -0. 069
The#best G < -0.109 >  0.109
Bore Cy 0.076 -0.076

# 3-1. # »|#n Training Data ~ & ¢ - Hypotheses ! s enfiiner # &

B R et E A k& - B Hypothesis #4835 #ic 4
d

Worst: 0

The#best: 1
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Bore: 0
B 3-7. . tPang cngse®~ 3¢ B I kenf w53 > Ay 0GB o) F (Fi

bad 591

wast 674
worst 687
the#best ©99
bore 679

B3-T.3 Bk FHE%

Step 3: Accuracy Ratio Calculation

B % 73 o lypotheses # B~ dUMAX 02 2 MIN ¢0 Error Count » * ® 3+ 8
Average r1Error Count » #% %2\ i #= - i Hypothesis 45 :%=x #c > & *
Logistic Function 2% £ & freife o H3E 5 A2 %0 @ 4o @] 3-8 - 11T 3

1O 37 HEE ehin] 5 o

# Error Count & » 3] &5\ ¢

EX: bad = 591

| (490D
 (Max—Min)/10
1

l+a*e

P(t) =

pT
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oy
oy

MAX

=
=

Logistic
Function

B)3-8. Logistic Functionz = ¥ 2

)
W w w
8 o i}
= m @
B = a
]

Step 4: Fuzzy Confidence Calculation
4r# 3-2 5 5 % Hypotheses s Error Count ¢ Accuracy Ratio
Calculation ! % & ehv Accuracy Ratio - ™ % #t % Testing Data ¥ & J13eh

Fne H Ap R e o

Hypothesis Accuracy C,/ C B(& NEG
Bad 0.9 ¢ 0,340 0.344
Wast 0.7 Cy 0. 082 ~0. 082

Worst 0.7 Cy 0. 069 ~0. 069
The#best 0.5 Cy ~0. 109 0. 109
Bore 0.8 Cy \0.076/  -0.076

% 3-2. # e Testing Data ~ F 7 » Hypotheses d1 s enfi-iw ez 2 &
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BHFFEEPOSH S cho &> 4oB 3-9>  bad 5 0 -0.344 5 = &
A5 fF RN s AR TS H G E S Hypothesis & POS & B 4 & enig
Beoosrrak BEE kY Iz £ AN R m = A HESF K S 10 fd 3
bad % Training Data ¥ #7% I k& F& % ® (Accuracy Ratio) i 0.9 4 “ﬁc‘
TR R FE YRR S 0.9 TG EAZE Ak Fpt 0.9
e B A& Ed TrainingData B3R Z S FT B RPER - 5358 3B
Bi 0,982 4 - d %" bad & POS#F S 8 5 f - st B i kehg i s

Bio i f B % o 2 kK § (% fuzzy number # & fuzzy number ehE % > ¢ 2

7 (1)convex (2)normal fuzzy set & facrgFis o

0.7
|-0.344] |0.08|
®13-9. Bad ~ Wastz 3+ S
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Fle-#pdo & - Testing ~ & &7 - BRI AT 0§ 7 Bfeehg @ o

AK€ BB G TN TF e B 2§ PTER S o doR] 3-10 Hhn 0 K

Afpe— B2 F AP0SE NEGH Bagw g AR R 310 T 2
s u_fﬁi,Jﬁ_NEGz;\ I ﬁ,ﬁ—\%«,t POS #g &) & ﬁmﬁbéﬁz}h ira?..~15rri§i?:}§§¢
F -6k~ 5 A 8] NEG e @ o

4

Wast:

Worst:

S
m-=-nt>n-=—m-==-bt>

4

The#tbest:

+

Bore:

A
é
ﬂ
A
|

—A *A

B13-10. # |- Testing Data< & #13- & F1P0OS ~ NEG#E %) i, &

Bfs PR F B s Y R G Degree eRE o AT IS L R AT
7 #hTesting Data i& {7 & 21 g2 - d Degree Transformation ## & ;= F
M% - Testing Data & & =] ¥ Degree o 11T &3~ % Degree 2 # Fpch

BlF o md FrdeT
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EX: B3K ™ 4 % TestingData ® ehH ¢ & 5~ & & POS ™ 2 NEG » B % &

T 59 Fuzzy Confidence Calculation # 3¢ A3t B A ke ff B o

POS NEG
Testing Data 1 15 -15
Testing Data 2 -5 5

B3k o Testing Data ® e0S =155, =—15 » & F #5715 g 4e

(=1)%Spn +1 7 F15 Sy <0+ H 40863 J 6] 3 B % 40T £ o

POS NEG
Testing Data 1 31 1
Testing Data 2 11 21

P8 IS e =16 0 B3R A Degree Transformation s Fr2 5 o

# & Testing Data ehigd 4™ & #71

POS NEG
Testing Data 1 0.89 0.16
Testing Data 2 0. 46 0.76

v

B 3-11~3-12 » %] 5 & i A) = Degree en'% % 7  Testing Data 1 §v

Testing Data 2> ¥ i # 2 R % f Testing Data % f&4f %] Degree » K ¥

k] 5 s fEEE S POS 2 2 NEG ™ hDegree {20 7 12 (3P B e 0 AR 3-11

(1% § e POS 47 %) A2 B vt ] 3-12 9% § th POS 470 iR ke > @

W 3-11 e % e POS 47 5] ek v s NEG STBI 6P R & » #7147 1L swif )

3-11(Testing Data 1)~ F ¢ 4t & & 5e4 45 3] POS chsgu) @ > & [

3-12(Testing Data 2)i% F H#-¢€ 4k & & sum g 5] NEG ergg ] @ o

40



M Degree

U NEG

BI3-111& #it A5 = Degree(Testing Data 1)

POS

M Degree

S Y
- — NEG

B13-12¢ 41 25 % Degree(Testing Data 2)
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3.5 Semi-Boosting

*o) H G 2 d &k Bep Supervised i % ) e03T 82 Semi-Boosting 0+
,T&%’-\i% * Semi-Supervised 77 2 ¥ 2 & B & {7 a2 o & & 5L Semi-Boosting
B @ © s ¥ Single-Label i& 7 &2 » #7120 12 T i fg-12 Single-Label #7338 &
oo &k 5 Semi-Boosting eviim i A2 ¥ o B 3-13 k- - (¥fEz o
(I)Training:

Bk AP IR AR * 20% Training Data % i& {7 Training * Training =
- AR * &k sehTraining 2 2 » @@ * AdaBoost. MH & iz # 3 » ¥ *
¥ 1218 3| Training ¥} % s Hypotheses & {7 — i # 3% -

(2)Testing:

%= %3G * Hypotheses ¥ e780% Testing Data it 7 3¢ i 4 3 -
2w ERE -k Testing Data &% — B 7 e dfn] & T g R G &0 2
e ko~ i suehTest 3R e e
(3)Select:

Bl 3-13 en™ = % ¢ 2 dengl > % % Testing Data 4% 4 | POS
712 NEG @ fAsgwen? £o% ¢ U E 2d gk 5 24 8 iFAUR-H S AiEu W
PR ko d L2 d B MEMRGAERRAL LA FNZALLBHARL L T
FAp AR B enBE AP T i R E NI B R A A
PR BATU| AR RARA o AR 3-13 60T S d 0IZ i d eRELY o 14 chEk g
BIF o ffTF B gk o AP REHEY LA - X e POS HE W P R 4

HE R NS EERD I E LS LG S0k d B AT U AR Y

1“‘“‘5

: /3:;\‘51’1- > rr‘l—\!'—- Z‘ﬁtk\ 3] POS # F"‘;—JJ ﬁ‘a']‘ E"f‘lf‘?;‘u)‘;»rﬁ é,_g;itg E‘/’%%%“\l?% E’ﬁf‘—l&'—- ,
30 s 3] POS S 8 ehiz o B E A KE o
(4)Recall:

A~k SRR 3-13 ¢ A4 3 POS 1 2 NEG #g %] 5 & = chdata > 4v > 3
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Training Data ® » |7 1 & fiT ¢ « cELp| %4 2w Testing Data ¢ - & ¥

BT T - v &hTraining ' » & 588 2 3w ¥ 50%data 59 % o

hyp
Bad

0 0.21 -0.21 _
C1-09 09 (2) Testing
Wast
CO 0.18 -0.18
C1 -0.340.34

(1)Training

20%
Training
Data

80%
Testing
Data

(4)Put into Training Sets

(4) Put into Test Sets
400= 1600=

(3) Select

B13-13. Semi-Boosting % stin 4% [
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Pz RRERLAREHG
41 RHFTHE

AR Phe BT B3 A ek 0 A 8 5 BoPang' o
TEEm 3 & - 20 Newsgroups’ ~ Reuters-21578° > 1+ = f< § # ¢ 7 7

Multi-Class /4 2 Multi-Label shf* 48 - @ * = f87 e & & > 1‘* L H_& T

FART RATE G R RV AE Y RGP RER A E MR Ay

4@:

WP R RFRERHRPHRDAHFRRRDOGERLNT F EFEwfR

o
e
T
>
Ry

ééh“? HZERET YA L] E

Movie Review Data

TR T h SRR P OTAL IR MR F R e
3 A IMDB e e F B e 79 2000 BT BF e 0 P 01000 5
v AR A POSy A AN e @ 0 A ¥ hen 1000 & ¢ Ak iEe
2 NEG: A& E B f v B & o A4 “04 Bo Pang hE BRI R A

% polarity dataset v2.0 o

20 Newsgroups

20 Newsgroups ®_P % 4p § & Frim* k=R A3 2 T &
Single-Label ™ % Multi-Classenddft » H=> B¢ 21 7B < ehi Rn)
fUE Q0 B end g0 & - B AER 1000 K< % o a4 20000 K% % A
% & 4t 20 Newsgroups ¥ & 8 b sp il F1 5 ¥ F ofhEg € 5 SF N hE
ke BH P ﬁ::}z’,’. A P Sy RHY R EEN SR E hiEFY

B @ 70 A BRI ENE IR TSN Am 2 A 120 Newsgroups

http://www.cs.cornell.edu/people/pabo/movie-review-data/
http://people.csail.mit.edu/jrennie/20Newsgroups/
http://www.daviddlewis.com/resources/testcollections/
http://www.imdb.com/

B W N
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http://research.yahoo.com/Bo_Pang
http://research.yahoo.com/Bo_Pang
http://www.cs.cornell.edu/people/pabo/movie-review-data/review_polarity.tar.gz
http://www.imdb.com/

k% 20news-19997 -
Reuters-21578

AR BE 3 25T8 5 F 0 - £t 123 Bagwl 0 EH Multi-Class
T Multi-Label eh% F & » o *tsguldicp %5 » fhihe B2 3 5 8 10 % h
w0 KRBT RGBT DT ER o AcE 4] FAhY FHRAB AN 2 2 5

9108 & “iPeens § A Hep

acq 2131
corn 207
crude 510
earn 3753
grain 528
interest 389
money-fx 601
ship 276
trade 449
wheat 264
9108

# 4-1.Reuters-21578 ~ % # 2. 2 %7 w|~ & #

4.2 RHR
4.2.1 2 F Fei § i
LR R

7
T onF - BHF AFM Y FRIARC A RIPHES TR AR

ﬂm

T AU RESS SRS TS ARE S22 T2 LY !

Sk o ke HH R BN YR £ ST A BIA

(HDrixgE=>32

L . S TS TR S A AR
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http://people.csail.mit.edu/jrennie/20Newsgroups/20news-19997.tar.gz

gk mimr R eH T B
€ 70 B~ feature PFerdicp o FE MB~
(2):& {7 Stemming A&JZ

Fex?d A-BEFIOREFI ARG TNG A RASFHE AR A
B R s bldeiplay feplays  FREB R R AL LE F 0 L0 8 AH A
Ao kA A IME A > AHNEHTEL 32 he F 187 stemming

4.2.2 %> 28 2k
(1)1. Accuracy #73® i 3 j# :

Test Data ¥ » 3t fEei® & f #c
5 eaTest Data <7< § f #k

accuracy:

2. 5% ulfmT F-Value 2. 3+ 8 = 2 ;
*im e H_# * Macro-average F-measure &:%fm A 58 % o« Bk % - B
fold? 3 A~B~Cz= Bap% » H Ao g2 % 4B 4-1 #7177 3 E 32 5 4

Pls

8 42 gEw] 2 precision ~ recall ~ F-Value » z 18 & 3+ 5 4 F-Value 2
v p B

Bt

T

Tyaig b hH ® % 5-fold 253 0 Fedts £ #F - B fold B )

F-Value #e 38 > {15 11 5 P FIE -

Predicted Class
A B C
A 25 5 2

Known Class

==}
sl
¥
IS

®l4-1.F-Valuei- & 5B (- )
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et g i mF-Value 2~ % 87 % - B fold ##F-Value & -
Precision, =25/ (25+3+1)

Recall, =25/ (25+5+2)

F _Value _ 2xPrecision, xRecall
* Precision, +Recall,,

F-Value, , 14 = %(F —Value, + F —Value, + F —Value. )

2_is % 7 ¥ 5-fold e F-Value i& 7 L 32,347 (B 3t = % 2 F-Value

hiE o

5
F —Value = EZ F —Value,

i=1

3. Multi-Label 1= * F-Value z. > & = &

B P o F AR RAeB 4] o B R AEF - AT R H AN G

{A, B} » fe F grag kAU Blagn{Cle > PR 4L { A2 (S 4- B 4-2 -
Predicted Class
A B C
A 25 5 2+1
C 1 0 15
®Bl4-2. F-Valuez* & &/ @B (= )
Frene 3 HgEW] L

Bk BB A SRR 4] FRAT - B
{

2 15 4o 4-3 o

She
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Predicted Class

A B C

A 25+1 5 2

B 3 ma 4
C 1 0 15

®4-3.F-Valuei* & 5B (=)

4, F&Fﬂ\%‘l‘_ﬁﬁfv"'

[P a4y ]

(2)N-Gram Model B~ Feature 7 7% f#:

A2 B feature PR ¥ ¥ iv € 2 E & unigram model ¥ I # *
bigram model ~ trigram model kP feature - # &2 & '] F it ¥ FEP
%% N-Gram > @ 32 7 5 #cdy 5 * Fl4rigram model % B~ feature
0x o FlE Aok SR 4o B feature N-Gram 72 F M 4o~ § A
RERBRRETE 0 P F SR B A LT R R Bl 4-4 5 A
< e7N-Gram Model B~ feature = ;2 2Bl o & & JL-F 30 4p 48 ehF A N-Gram >
FlaFAR T RINEEY FORFI L PIEM AT § Ap R IO e Aot
Bk cndc B Mgk SLenBTIE R T 0 oA BB AR AR e 2 0 R TR

g * g o
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jaw is a rare film that
moviemak is a lot like b

the gener manag of an nfl te

on june a self taught idealist yet pragmat young man k

film adapt from

adaptfrom comic

Bl4-4. » 5 ¥N-Gram Model f#3%

(3) & £ Feature e ;2
T Ak S N-Gram Model sfB~=F =2 T 0 #7iE B~ feature 2R (% 5 >
F A& #977 io feature 147 training » Fg 4= F AR F < PR o A/ AT
7 %238 N-Gram Model # = &7 feature ® + 3* % % - B feature %73 training
data ch = £l B2 TR 53 #Ho PR AR g e - B

feature tm B 7 e e3f S| e NIRRT FAR R F - 3TATR T R 0 Pt

i
I
e
)
-
it
Eiad
=
¥
IRy

feature 4 » 3] s % feature List » - 2+ % &
t & ¢+ feature 273 trainingdata ¥ s G BILFE PP £F > BIH#
#t feature 4 » ¥| % tieh feature List ® - s #eh2 £ ¢ > £ - feature

BB AN R e - NLEER T i A feature Bt S A

F_k

A TR RAGTEU R o n A S HPT R AT R EER T B HSe R AP

#h

E o st MR - U bR A E IR s o) > v & M feature £ 7

B Fipt feature :}é”,f Bk oo
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4.3 RH% %%
4.3.1 A2 2% %

rmv 2o penF ke % b-fold 9558 o ¥ & - B fold v A~ = 80%2
Training Data ' % 20%z. Testing Data - # % *i#7 training 2. Round #p -
N-Gram Model ™ % @& * & & iE feature 2 FPHE® 5 & k2 S8 13457 2
FERVTRLET RSl A 1—?5@&% T B FER 20t & M Bk ehpE
ﬁ@»{i’é%ﬁiiﬁﬁﬁﬁﬂiﬁﬂjﬁ“ﬁ°

%4-2 5 BoPang TR TR R 2 Ay ARHRBEF 2 F Y P2t
A not 0 M REE TR B4 o Ak 5T training 2 Round #c P
% 3000 =t » ® @ * & % 7| trigram Model &8~ feature * ;% » @ &% feature
PR AL R TS 10 o & feature @ 113 & POS 2 2 NEG & B #7 %)
eI =T e L W) & 3 10 S 4 AP o Accuracy Ratio Calculation Algorithm
?eddicad fEccrrit Rl o flicecmn 1.4 $28kbk 5 0.675° & ¢ Fuzzy
AdaBoost. MH 3 4% < shficfs it & &e> Natve Bayesf11]# * #r3 unigram
feature i& {7 § %> ® Support Vector Machine(SVM)[9][10] % # * #t5 unigram

® feature Ad $g5] ¢ DI #F + 3 3 L hfeature 7 F S o

Fuzzy

Dataset AdaBoost. MH Naive Bayes
AdaBoost. MH

Pang 84. 2% 84. 9% 82. 69% 85. 59%

242 RBPRTEY R B2 9 HRER

% 4-3 5 & % %2 Support Vector Machine(SVM) &% # 8=~ 3 2 9
AF P TR R AN S LA ] e
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http://research.yahoo.com/Bo_Pang

Fuzzy

AdaBoost. MH
AdaBoost. MH

Pang 3:48:51 3.98.05 5:49:45

FAZ LR TR BT RV RA (A ]

% 4-4 5 » % %7 Support Vector Machine(SVM) 2 %2 Naive Bayes(NB) A

T 3 B2 F-Value " 4 -

Fuzzy

Dataset AdaBoost. MH Naive Bayes
AdaBoost. MH

Pang 0. 8420 0.-8439 0. 8264 0. 8554

o 4-4, % BB~ % B2 F-Value

# 4-5 5 20 Newsgroups ® ¥ #2 7 & #cdy o & ¢ 7 Dataset H =5 20
Newsgroups * F £ © #7$4:E D@k e & o & K 497 training 2. Round # p =9
# 5 500~1300 =t » & i * & 7 F| bigrammodel 8~ feature #;3% < Accuracy
Ratio Calculation Algorithm ® & %#k c & 5 Max/MineiE » & %#ica 5 1
%#cb& 5 1°% ¢ Fuzzy AdaBoost. MH & &~ #% ~ aids iv &k s> 4 ¢ Naive Bayes
2 % Support Vector Machine(SVM)#7t9 2% 2. feature £2 & % ¥td'i% 2. feature
A o @ % 4p e e 3 F) bigram Model 8~ feature 7535 ™2 %2 % z_feature !

Ry e PR B HE PR S 15-20 -
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Fuzzy

AdaBoost. MH
AdaBoost. MH
comp.graphics, rec.autos, sci.crypt, talk.politics.guns 92, 18% 92. 28% 92.13% 90. 58%
comp.graphics, comp.os.ms-windows.misc, 76. 60% 77. 08% 73. 88% 74. 34%

comp.windows.x, comp.sys.ibm.pc.hardware,

comp.sys.mac.hardware

rec.autos, rec.motorcycles, rec.sport.baseball, 99. 58% 92. 73% 91. 95% 90. 53%
rec.sport.hockey

sci.crypt, sci.electronics, sci.med, sci.space 90. 85% 91. 23% 90. 58% 88. 28%
talk.politics.guns, talk.politics.mideast, talk.politics.misc 81. 93% 81.97% 81.90% 82. 80%

# 4-5. 20-Newsgroups 2. % f8.%2 & 9 =% #cdy

% 4-6 % 20 Newsgroups ¥ & & t 4 % Se2 & SV F S pF i b i o 7
B b HPER € F]5 training 52 Round #cp 7 v 2 feature #7E~ P 7
i d 2@ SRR TR SRR Al » F T A R hd

BE o

Fuzzy
Dataset AdaBoost. MH
AdaBoost. MH
comp.graphics, rec.autos, sci.crypt, talk.politics.guns 9:44:01 9:47:0 13. 42.59
comp.graphics, comp.os.ms-windows.misc, 12:0:40 12:3:10 17:98:929

comp.windows.x, comp.sys.ibm.pc.hardware,

comp.sys.mac.hardware

rec.autos, rec.motorcycles, rec.sport.baseball, 3:97-91 3:98:10 10:27:08

rec.sport.hockey

sci.crypt, sci.electronics, sci.med, sci.space 8:19:06 8:21:03 12:43:57

talk.politics.guns, talk.politics.mideast, talk.politics.misc 4:58:13 5:01:0 9-08:58

% 4-6. 20-Newsgroups 2. % fEe & F PR v & [P o )]
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% 4-T7 % & % %27 Support Vector Machine(SVM) 2 %2 Naive Bayes(NB) 7

20 Newsgroups * & £ 2. F-Value +* # % o

Fuzzy

Dataset AdaBoost. MH
AdaBoost. MH

comp.graphics, rec.autos, sci.crypt, talk.politics.guns 0.9217 0. 9227 0.9216 0. 9060

comp.graphics, comp.os.ms-windows.misc, 0. 7660 0. 7707 0. 7335 0. 7449

comp.windows.x, comp.sys.ibm.pc.hardware,

comp.sys.mac.hardware

rec.autos, rec.motorcycles, rec.sport.baseball, 0. 9259 0. 9274 0.9197 0. 9056
rec.sport.hockey

sci.crypt, sci.electronics, sci.med, sci.space 0. 9089 0.9126 0.9066 0. 8836
talk.politics.guns, talk.politics.mideast, talk.politics.misc 08131 0. 8202 0.8195 0. 8283

# 4-7. 20=Newsgroups 2 % &% &2 F-Value

# 4-8 % Reuters * % & 2 7 S#icdyp o & % L7 training 2= Round #& P 3
500 & » ® & * & % F| bigram model 78~ feature 753" 1 % % ¥_feature I
BB R EE o GEPHEE L 20 - Accuracy Ratio Calculation Algorithm
Pingdcc® A Max/MindniE > frddica 510 f2¥%kbE 5 0.1 % ¢ Fuzzy
AdaBoost.MH & & # <~ i iv kst » & ¢ Naive Bayes /¥ %2 Support Vector

Machine(SVM) #79 2% 2. feature » #£ KA s 3idpf o

Fuzzy

Dataset AdaBoost. MH Naive Bayes
AdaBoost. MH

Reuters 96. 17% 96. 20% 90. 87% 94. 09%

% 4-8. Reuters = & £ 2. 9 % #cdy
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# 4-9 3 & % %7 Support Vector Machine(SVM) % Reuters ~ # & 2. F %%

PR o

Fuzzy

Dataset AdaBoost. MH
AdaBoost. MH

Reuters 14:10:43 14:11:52 37:46:46

% 4-9. Reuters * £  F HPEF A [P A )]

% 4-10 5 & x %22 Support Vector Machine(SVM)2 %2 Naive Bayes(NB)
% Reuters * % & 2 F-Value +“ & % -

Fuzzy

Dataset AdaBoost. MH Naive Bayes
AdaBoost. MH

Reuters 0. 9511 0.9510 0. 8965 0.9413

% 4=10. Reuters > % % 2. F-Value

4.3.2 > s 3t ) T4 E Training Data 2 R % &%
Lol g A ks h] T E Training Data chiin T2 TR %k AP %

w i@ b-fold e#255¢ » ¥ & — % fold ¢ # = 20%2 Training Data ™ % 80%z2
Testing Data » # s st#t training 2 Round #& P ~ N-Gram Model 2 % @& * %A &
i feature Z PHEY 2 A S N2 S BORJBIAR R ERT R E€F 2 g
IB P e BIFGHER I AETE A i) o0 Training Data ¥ > v R &
AdaBoost. MH 7 { & ehi sz &

% 4-11 % 20 Newsgroups * & & 2. ¢ %k ¥#dy - % » chDataset #F =5 20
Newsgroups © & & ¥ #7$%:E 1 enP H e & o & k597 training 2 Round # P ¥
% 1500 = » ® @& * & % F| bigram model =2~ feature 33 - Accuracy Ratio
Calculation Algorithm ¥ #h%#cc %k 2 Max/MineiE » tx%#ca 2 1 %%bDb

* % 1 %7 Fuzzy AdaBoost. MH 5 ~# < efiks it k3L » 4 ¢ Naive Bayes 14
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% Support Vector Machine(SVM) #7§ 2% 2. feature &2 & & std*i% 2. feature 4p

B o @ * 4p I ek 3 3] bigram Model @12~ feature 7535\ 11 2 % @_feature 13

BB R EE > FEPES 15-200

Dataset

comp.graphics, rec.autos, sci.crypt, talk.politics.guns

AdaBoost. MH

Fuzzy

AdaBoost. MH

83. 26% 84. 88% 84.01%  80.39%
comp.graphics, comp.os.ms-windows.misc, 63. 47% 65. 90% 61. 54% 61. 05%
comp.windows.x, comp.sys.ibm.pc.hardware,
comp.sys.mac.hardware
rec.autos, rec.motorcycles, rec.sport.baseball, 83. 44% 85. 84% 89. 999 79.17%
rec.sport.hockey
sci.crypt, sci.electronics, sci.med, sci.space 78. 49% 80. 11% 79.91% 73. 31%
talk.politics.guns, talk.politics.mideast, talk.politics.misc 68.35% 70. 80% 67.93% 67.57%

# 4-11. 20-Newsgroups 2| F & 7 fd 0 & 7 % ¥y

% 4-12 % & s %27 Support Vector Machine(SVM) 2 2 Naive Bayes(NB)

& 20 Newsgroups < 3 & 2z F-Value *“ i d o

Dataset

comp.graphics, rec.autos, sci.crypt, talk.politics.guns

AdaBoost. MH

Fuzzy

AdaBoost. MH

0. 8328 0.8490 0. 8401 0. 8040
comp.graphics, comp.os.ms-windows.misc, 0. 6358 0. 6601 0.6115 0. 6130
comp.windows.x, comp.sys.ibm.pc.hardware,
comp.sys.mac.hardware
rec.autos, rec.motorcycles, rec.sport.baseball, 0. 8347 0. 8588 0. 8293 0. 7925
rec.sport.hockey
sci.crypt, sci.electronics, sci.med, sci.space 0 7856 0 8026 0 8002 0 7345
talk.politics.guns, talk.politics.mideast, talk.politics.misc 0. 6848 0. 7097 0. 6809 0. 6770
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4. 3.3 Semi-Boosting 2. § % % %

Semi-Boosting 9 % % % 2 20 Newsgroups ' % Reuters e~ % & kg
%3 o @ Training Data £.5% ~ 4% ~ 3% ~ 2% ~ 1% % 3 &7 R % > o+ & eenyy
t® - BUERY £ 7 9 50% Testing Data #v » | Training Data # » #71
& - X PEHT € 5 50% Testing Data > @ » F 5K 24 > £8P [ >0 4
BPE o Bk s-€ i 0k o Semi-Boosting e % W ¢ * unigram Model k2~
feature > ¥ ¥ % %_feature ' I E Hceh® HE X & iF 78~ feature > &3 P HE
&% 4~6 - % - #h% 7 Training < Round # P % 500 -

# 4-13 ~ 4-14 % Semi-Boosting # 20 Newsgroups < # # 79 % #cdy > %
® & * Graph-based Semi-supervised[24] kit 7§ Sk¥yprt - 27 5 20
Newsgroups * £ & ¢ #1F 1 ¥ skene & > Wi #* 5 5% 5 Bk iF
Training Data -

% 4-13 % 20 Newsgroups ~ % & ¥ "talk.politics. guns" 14 %

"talk. politics. mideast"#h% &

% Semi-Boosting Graph-based Semi-supervised

5% 84. 99% 17. 35%
4% 82. 90% 74. 875%
3% 80. 58% 72. 55%
2% T1. 82% 63. 45%
1% 59. 23% 61. 20%

# 4-13. Semi-Boosting 2 20-Newsgroups 7 & %z (- )
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100.00%

80.00% —
60.00% j Semi-Boosting

40.00%
—Graph-based
20.00% Semi-supervised
O-OO% I I I I ]

1% 2% 3% 4% 5%

Bl4-5. Semi-Boostingz 20-Newsgroups = & B % (- )

4 4-14 % 20 Newsgroups ® % & ¥ "talk.politics. guns",

n o.u n.un

"talk.politics. mideast"," talk-politics.misc","talk. religion. misc" e

% Semi-Boosting Graph-based Semi-supervised

L
v

9% 9. 21% 41. 83%
4% 09. 45% 41. 93%
3% 04. 18% 37.90%
2% 00. 42% 35. 00%
1% 35. 04% 30. 20%

% 4-14. Semi-Boosting 2. 20-Newsgroups § & #c¥5.(= )
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70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

1%

2% 3% 4%

5%

—Semi-Boosting

—Graph-based
Semi-supervised

®14-6. Semi-Boostingz. 20-Newsgroups = & Bl % (= )

# 4-15 5 Semi-Boosting ? Reuters ~ & & aof e licdy » £ ¢ i@ *
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