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Semi—Supervised Learning Using Kernel Estimation

Kyung Ha Seokl

Abstract

A Kkernel type semi-supervised estimate is proposed. The proposed
estimate is based on the penalized least squares loss and the principle of
Gaussian Random Fields Model. As a result, we can estimate the label of
new unlabeled data without re-computation of the algorithm that is
different from the existing transductive semi-supervised learning. Also our
estimate is viewed as a general form of Gaussian Random Fields Model.
We give experimental evidence suggesting that our estimate is able to
use unlabeled data effectively and yields good classification.

Keywords : Gaussian Random Fields Model, Kernel Estimate,
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1. Introduction

2] 128k (supervised learning)® A& E‘%;(unsupemsed learning)ol] #3 22 o
T7F olFol AL dt). 3 A EA (regression) T H-F(classification)= tE % ¢l A x5t
Foli - H M (clustering) & AF&5FF9 diEAQl SR ot o]Z A EAAUY S
s 7S 5xg A5 wE Aol 53| ERAAAe Hdxghe EFdabel) o]
g &1},

Hdo| ®rEolA= ARE ERHHE 7HAE vl&o] ofF e ASUF Bol dth
2 olfre RS e Ao ofHAY & BE A AYrE A8 HAY S
57 UHF AAM EFEGE vEs o] 7] WE“O]‘:} & 5o Tddgo=z v
oA EE 2vde ERF4s vEs AL Brles dojgy AdEn E ot
& dEs 249 N(Speech processing) (A 23 AH|EA]),  EAHEF(text
categorization), $§{-F(web categorization)(A 7+ 25 8] =7]), Zie]a APAFR

(bioinformatics)(‘ﬂ]%, A7V A7 9] A7) o] A
olglgt 25 & EAMet7] fal TAEEF(Semi-Supervised Learning)o]2h= Al Z
= dde] MY we AFI) olFoAa QU Zhu 2005, Chapelle et al. 2006).
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N+ 7 = el
Hdo| =AETF dia] Bo] datHa ded b Hol AMSHE e ¢y
T2 A& A(self-training) o] th. °]& E3F 23 (mixture model) I} EM&ig]&e
3 BE2 sdo] Hu} o]F o]&3% o2 Rosenberg(2000)5 & F Auk AT H
o Huo &4 ‘e A ® AL AE dFE AE F A e S Fol7] 9
3 MEE Aol FEHFH(co-training)o|tl. o] WS WHEEol F o Agoer 1}
Fol A 4 i, g ZF ZAgelA &/ 7(classifier) 7t S5 £¥E 5 Adrke
7S stm Q. o7]d #I AL Nigam and Ghani(20000#  Zhou and
Goldman(2004)o 4] & < it}

Hd wWo] F£E vty 9= wHoRE= Vapnik(1998)¢] TSVM(Transductive
Support Vector Machine)& & < vt o] W2 SVMe ZAAF U3 (margin
maximization) 7'd-& o]-&3% Aoz W7} slukslt A A(sparce region) o2& &FHA
o] XYx=2 AAAHlow density separation). ©] HTE o] L3 WHon=
Gaussian process (Lawrence and Jordan, 2005), Information Regularization(Szummer
and Jaakkola , 2002) 5] 2

ey A e e A A EL dl7F d 9 A (global optimum)e] oFd
= 2F A (local optimum)dl FEE & o= Z2AH A dHS 7AYo f
= FA%TE B3 (convex)7b ok 7] wiitolt) E thE dAde HAZeI B
E3rolrels g Zed TSVM A" ol @B A7hE: 83t 2455 At
olglgt THE FHE7| 8 W E7|RE FA EgFo] s v

aEIE FAESFAE oA ZHAE g Ee] ed 2 FolA 7R olEl vt
A 7]Ee] HE F kA WHE Zhu et al (2003)2] GRFM(Gaussian Random
Fields ModeD™}  Zhu et al. (2004) ¢ CM(Consistency Model)e]t}. o] & 7}A] =
He O EZo)ES y|vto v xg o] thkAFE(manifold structure)E B EH7] w &
of dAHAd FHs= T2 A4S 7HAL ATHBelkin et al. 2006). ©] ATl A

e QE P ARsAY BE 5@ QuARd g ERTFHE voi

Al

iy
Aol ol dAA A5 = ZEe EFak FASE Aolnk adrnz ol v
He AN2E A5E EFstEY gaues AAE ] ¢d&or st & gd4d8 Ay
3L AT

agA 2 AFeAE AngsAd dutsl J ERE S e UHE Adsia
ZF s}, Aoty WS AYFA T 2 Feldy HAFY = HJLAH &4
(penalized least squares loss)9} A Zg G 2“2 &F ° 3 z

o EH & AAT)E ol gu oA T EHIFE AFA

£S5 AABRY £ AFE By

B =5 gy Zo] A" 24dde #ARES5E GRFM 8k 7k 4
ME s, 3AAME ARE FEHS Ackst, gla 440 Aorst e A
FAE 2gAFS T HoFa 5HdL dEoR B =& Y&s Aysta FE
AHA S A et}
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2. Gaussian Random Fields Model

A

F@ dE Ax {IL,?/L}: {($1ay1)a~~~a($nLaynL)} o} THE sl A=

IU:{xnﬁl,...,xnﬁnU}, x, €R" 7} FoAHY. a8l z= {IUUIL} g} st} o7
ANA g, i=1,...n, 2 BFF Qd 15L& +132 2=t o, 3 nye= 22 BR
A= AR TR/ fle AR Z7E dErdY. Folxl -rv%k A= AEZE L7/
= AEY ERE & FAHS2A T u AXESFAY EFEG AT AER ALS
st Aol oty B/ v ABEE AMEstE Ao] EAESFo|th Hdd B
e g3 glon e A4H I JdE el GRFMeo|th

GRFM< 4 & o] Z(regularization theory)2 ©]&3l= Aoz ols] & 4 gl=d A

o] ofF L& AHow Al r} o] WL zoA AodHE adg=E G=(V.E)E
o] &3] EAE sldst= wWyd], o7 V= A EAH(data points) o si@El=
=EAFelN, P =EE Adste dA(edge) @SN 2 A Y QDA EE It

P (weight matrix) W= (w;;),,°1 <3 AR GRFMS 7]& oferjol=
f:V=>Ron G A f=(fi,...f,)' 5 Z= Aotk oA & 1 7l7to] J&= l'ﬂrw‘j?
# fl= AL f #e AolE AAStE, ERH e AR f,o 4o &

oy, o BEEF sk Alolvh oy e e &3 (loss function)= o <} 7L‘jr

n n

Ly - E W4 (fi_ fj)2+ )\_E(%_fi)Q

why=1 =1
=fLf+Af—y ' (f—y). (1)

Aq71A  L=(D-W)Ee  g=ekret(Laplacian) @ Holi,  D=diag(d;)

nXn

di= Y wy, n=ngny otk 2 (D Aole fo B35 (complexity)d] g At
=1

zAo]l g7l W&o o2¥Y Tl f= FH T overfitting)d Fx= Jvk. 2 Wl
olyet A=E AR U EFE 98 wol= BE A5E ol&sle] dmElF Ax
5 A FdsofetE do] Ak olHe gdHS Hestr] fste FASH sk
o] Z A o] o]&HE= WAl Qli= HAAFE &4 (penahzed Ieast squares
loss)9t FA sG] Ael(L 3 ot &= AAE e EFE & A=
o] &3t AdFAHE AtstaAt g}

-{u:

=

AL FAHLE Xu et al.(2001)0] Aetst Ao 2 MSE(Mean Squared Error)E &%
AL vA Ao =zx Adgrs AHESH

g
33 =
EAF 7 feature space)lld 7FEA wet
2= o)
S
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flaz)=w'y(a)+0, 2)
A7IA ¢ R>R' = FAFoRe dpolrh (DA b=002 okx F4
Fole & IFe VAR gornz B AFdME =02z st ALEAA
(reproducing kernel) o] Z¢] 9]&] wi t}23 o] FHo] s1Esich

w= Eakl/’(xk). (3)
(3) A& @A dgdstd v AdFAF

& de % vk A K & ALGAAd ()8 das

LQ:_E(.%_fi)Q"' " a'a

ANANA f, = K(i,:)a, K(i,:) & ALPE K 9] iHA Fojvt, AIPA K9  (i,5)
WA ¢4 E RBF(radial basis function)& A&t k= exp(—Ilz;— =, II?/o®) = 2
7|2 gtk oy 2 e BEREe AR AREE 24ddte Eaeth AR FAA
7Aooz ARgeta Sl ZHd-Thkel e A Sl A RZEY f, a2 AolE
AA gk - & 919 AR et R 2 EUTFE Abe

:; +'710‘O‘1 +'72_z::1wij(fi_fj)2 4)
A7IA p= 7ol = BREk fis ARG f #d E AolE A=
olar, wel (i,j)HA fie
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a= (I/yy+ KK+~ KLK/v,) ' Ky. 5)

2 ol &3t EF# 9le Az9 @8 L=sign(f,)=sign(K(i,:)a)S AN & 5
Ark AZNANA f = K as deraiEe] gly] wlEe] MEE A8 rd dE 2F
%)\_% l = si qn(fo)z szqn(koa) ’ k(): (e*Hxlfﬁiguz/oﬁ’.“’e*HﬁinfﬁioHZ/JZ) E Z_]_'%—S]'}” 7‘_”}‘\_]:

il 0,5 A of ity g RS EliA oY 7HA BHE 18 ¢ JAAR
231 AFR3H7] A2 GCV(generalized cross validation)S AH&g
T Aol e 2L Aoz vEdy

1 yi— [
GOV = Eigll(1—trace(A)/n)2
A7) A= K(I/y+ KK+ KLK/y1) 'K et}

U AeM= ez ARk We] BlEde Rdds Fokel AyErE §
=

L

A A EeFoA Bol AMEE+= AFA ZE < moon datas
. 9] X}E—E g 1o e dedl, SR/ e AEE 13 -1
O o2 FAHY Atk UM A A5= S/ e Asoltho ¢ +
St S X}E% AeJstal EF4k v AsEE o] gstd MY
o 2 2L EHFAS e gl o] ERAS o835ty R
Az EFHEE ?3}‘3 ?Jé}x] e At 2t AS O & F
th 2 A e AMEE B 3444 A" GCVE Fstel FekAth v,
= 0.01, 100) F3HAA o, o, ‘—E 0.01,3)¢] 7kl A HA 9 ghs 3kt
2 oAl Agke o m R4 e ARY EF4S 7 24345 2HAA
2o gy, B 41 & YR -1 & o2 HEddeEd EE s Aae g2
T Ele AR 71%8 Ak 7P<]‘:i w7 & HYEE & 5 oo o2
T oS 9 ARV BReSed ERE & Aoz B ¢ Qdrh o] AFdA ALE
T, V> Yo, 0 LBGL o, 46 0.03, 1, 0.4, 0.3 o] AT
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=+
-+ a’? =i —0—4;;"‘:1%#
1+ o ++ + i

-2.5 -2’ -1.‘5 -1‘ -0.‘5 d 0.‘5 1‘ 1.‘5 2‘ 2.‘5
2% 1 Moon data®t #F#% v A7 EFH3 FH47

te woldAg AN AFEE ARt 29 twobox ARTE o AR 18 20
et gled ERg QE ARdE 1o -l 247 344 gk B AT A
@ wpgon PRE @ A9% ageld 2 5 itk o Ant s A5kt A
9+l -1 9 g h Aseh ge Pl SuhE ARE R RRAE ANEE
2R/ # Ak o AP AEE 2E 0 183 0,7 003, 100, 0.25,
030190tk 1ol 919 AL SVMOZRE whe AFEFAI of Aol 209
CPU-AIZHE: Bap/dal g E3baiA Zhzy 1270 29 1312 Zo|t

el ARAAAA & F Aol B AN ke Wyo] £ AHE wol:
Aoz Brbdrh slo) AFAN BRGE Gk A4S AGEARD st 4PS 100
g4 W] oRRLS ANRIHY moon ARANE eEFEO 0o U
twobox AFE A= 0.0027F ik

el e B oul B AToq Ak drle] Amd 48& 4 At Aom I

o
T+ 3

=
i
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o i S
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AR ALY EALHEFE FolW EFA e Ao
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oAl Fadoksts Aol vk A B AFdAME A EsHGH
Fe=5 A o] glE AdEH F4 Y (regularized kernel estimator)
For GFRME 9utg o= &fafo] vt + 7}
¥ wyo] 2 Adys Byt oy oE F4
FAE Hojof FXwt B w2 kg @] wjE
o] tigk A7t gle ASelA Bt oy g A ol A% A
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