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WS Zho] gle A8 E A X<y (supervised learning)o] AMEd= EXE <5 (semi-
supervised learning)& &0 © @ FAAS zterh B ATE EAEIHFS IR A&
3t EAE AT S-S Aldett A IR 7129 T FEle 2A W uRS ghol A
= 2589} gle AR FHERZE vt/ 71AHS ., AR o8 FHBATE AFRSE 5 £ o gt
39 PelE ATk A9E 230 BEEES ANSD BRRIARLAS Aasele 24
BEAL7L 7= 20E Feth A9 2
= A5} gl A5 A7)0 gk Zﬁ% AAH AT
3 4 9ok el A 8178

N

JAIEg<5 (machine learning)l‘r FAA sk5 (statistical learning) 2] &2 ¢Z (prediction)d} T+
AEA (clustering) o]t} WH3-W¥ <4 (response variable, label) & o|&3h= 3] EA I & (classifica-
tion)= WHSHTE Z:rLU]"'/F— HAA oA A =35 (supervised learning) &2, AW 4uk ARRE= 2
A2 21&8H5 (unsupervised learning) &2 FEH T}

AFo14] (image classification), A X (bioinformatics), &4 214] (speech recognition), ®AHE
T (teXt categorization) 12|31 Y& F (web categorization) Hofol| A WAS= 25 Fol= WS 3t
(

A
S

W= Aol AlZtoluy AR|E Bol A&l of sk A7t Atk 13 o] F2 9kg Frol & AR
%‘Z F, labeled data)® T} ¥Hg-gko] Q1= A& (A2PHALF, unlabeled data)7} @4 o S5 4

04?/]—1:'“2]— £ o&0] ALgSlE X =85 (semi-supervised learning)©] 7= WAl Azl z}g 2]
7¥27F ©Al B7FE Atk (Zhu, 2005; Chapelle 5, 2006; Xu 5, 2010). X =&5o Aepdztz
T AEstgo] AT 4 9l wbHef Bk Aol ke e 2LER (self training) T AT T
(co-training) &2 o] Zth txZHQ AFx2E, EXTekGe #3t o] 23 7|2 E A|F-3 Niyogi
(2008)7 EAE8Fo] AETFHT} o] 2 $FHEE 7H = 9SS B2 Zhu 9} Goldberg (2009)

To] =2e211dE AR (L3712 H)] Qo2 =AY 7] 2ATAY A QS wol 5
79l (2011-0009705).
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sl Atk HZelle Liu 5 (2014)3F Wei-Yu 5 (2015)©] 247 HaAl5 MZEHEg; HaAHHS
ol &3fo] YAl Alo] AEFE EAE FHee AT 0|9t Lo] EAL TS R0l Bol A8
HA F 2ol B2 #AS 2L Qe | 23 (deep learning) 3 W] o] B = ARG 1L YT}
QAR A BANAE FES ABE 4 AL Belkin 5 (2006)0] Rk, 15
O AHEE]= TRl Z710 (graph based) )£ otrol SARAOINE AR 5 9SS HoAFAH
Wang 5 (2006) 3} Seok (2013)2 Ztz} A1 93] R Y (kernel regression model)3 #4533 ARY
(kernel ridge regression model)S 7|¥lo. g ZA|=3]ARYL /NA3sdct. 22]3 Cortes?} Mohri
(2007 ALHARRL Fhon EALIALGS ALsigli] AL PES 22 gz o)
W FAo e A Y ABA (transductive) I IH AFS F9) 2 AolME P AFHIL Frt
1S HoJFoh Lafferty?l Wasseman (2008)2 = z}Z2}AI¢t (Laplacian)S AS3= &
24 (regularization) 7|WF A =3 FARPo] AGIARI R} ¢ w2 H4HY 84S (minimax
convergence rate) S 7} 4= ¢IAWF FEA (smoothness)ol] o3t 71HS &sisichd o UL £
RS BE 4 92S AFAUG Xu 5 (01)L H2AF AESHE HARY (least square
support vector regression; Suykens %, 2002)& ©|&3 FAL HAAF AZEHE IFARFEL 7|
oA Ak e EeAe YFoATh F 2ol Seok (2015)2 FAEETGS 55 FARP
& AR AZEAY 97 VRIS ALt NTE SR FARFEY H2
AGIARPET o mE FHEEE 7H ¢ Qe 23S 2T 2R3 RAFES B B

Bk

M|

EFE A% A= I 2 IARNES A A= A Alskd ol =35 3AEAES §
3 o]Fo]F ATE ALH FAE Y F4AAT EE4E 4FEH JAT Y ATl A L AFE
4 (cross validation) ¥} 22 F 3 2 Ql vl o] &3}

= A AS X

NWRZ o o] Atd 2o vRs 37Ryge] 7[8etnr & 4 gty & AFoA= NWRe]
7193t 2AE3ARY (semi-supervised NWR; SSNWR gz AotE mael A
ZEIE A, o]E vHlgo 7 HIZHFAF2A (asymptotic mean integrated squared error;
AMISE) S H 43} & = J&= FBASLE Qo). 181 AMISEZ} 47 57] siA dzpiztz
o] A7)} epilRt g o] F7] Atelol] EAH AAE LoHith

FAE 37242 depiAze wege FAHsk 27154 (pilot estimation)?} debUALE e} 2}
AR E AFste] HF oS3k F WAR FAdEh gubdor Aeplrtg o] 37|17 o & A0
A 271549 237t AF Al B dFe 71ARE L 27150l 27dnh & dFelAe
Aepiatge] F7)o W F@A g tiet 7|&S vttt AGFPR A AHEE = B8

L guig oz O(n /%)) ke 7HA I o] Wje] AMISE &= O(n~*/?)7} Atk 2= A0 2 A4

AMISE7} A58 88 7HA7] YaiA 271540 AFgEE F8A5e] 271 o(n'/?)0] B vt
gt & 27133 FAEE = o] ¥ Frhe 28 SYIA0h
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2. Nadaraya-Watson 3] 723

NWR2 #'23] 7| 2%} 483 (smoothing) 9] 7|27} =& vl 244 g9 g4 oltt. (X1, Y1),
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(X, Yool 23t 28 390 #AE 7 ol #getal stk

}/i = m(XZ) + (& E(EZ) = 0, VCLT'(Ei) = 0'2(.’1'7;), = 1,’ N,

Zol1 A (X1, Y1), (Xn,Y)%%} ste] FFE4 m(x) = B(Y|X = 2)8 2484 Ao 2
S}, Xo FUGFUEALS YIXe £A% FEUEGE T2, X9 VOl AUAFUEPHE T
3] f(x), fylz) 22 f(z,y)2 44 278 28 m(z)E 23 2ol f(z,y)E °&3A &
A% 5 sk

d
m(z) = BY|X =] = [ yf(sla)dy = M (2.1)
J F(z,y)dy

(2.1)9 BAket BrE wz ResiA 25 S stk WA Ad 95 E43A (kernel

density estimation)& °]-&3}o] f(z,y)E FA3ct

T (2.2)
1
= > K ( VEn, (y — yi)
=1
AANA Ki(e) = LK(2)E ALBS, hash byt BBASTE Wol ABHE BEAQ AdPSE
cre) ek
7FAI A K(x) = 1 exp —x—z —oo <z <00
A m 2 )
Epanechnikov #d : K(z) = %(1 —u?), |z| <1
35

Triweight A : K(z) = —=(1 —v*)?, |z| < 1.

32
) (21) o Babol (2.2)8 tIQHA o3} 2ok

yf(@,y)d ZKM i) Kn, (y — yi)dy
[ofeva=C [

ANNNA [ yKn, (y — y:)dy = y: A& o1 §3he] BAbe] 29 4S thewh go] EAY 5 Ytk

/yf(@y)dy = %ZKhz (
i=1

o] AL Yol sl A3 o]7] wEo A3 FEH (linear smoother) 02 E2]7|% Shr}.
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3. =A% NWR

o] oA+ FA = NWR (semi-supervised Nadaraya-Watson regression estimator; SSNWR)-S
A7fetazl stoy. WA vk Y7L gl ehdatse) gl deixs s 44 D, = {(XHYZ)}Z 1
Dy = {X;}]_ & B8k o7]elA 13} wt ePEAES} depdAge] 2718 Yeh n =1+
ue AAAES] 2715 YEeRdE. Wang 5 (2006)3 Seok (2012)2 t}23} Zo] NWRE o83 £X4]

© 2492 A5

So (D1, Y K1) + ASz(Du, Y Kp)
Sm(Dlv Kh) + )\Sz(Duv Kh)

mss(z) =

A710A Se(Db,Y Kp) = %ZDb YiKn(Xi — x), Se(Dp,Kpn) = %ZD Kn(X; — ), Dy = Di%
Dy = Dy, b= |Dp|2B T A= 2pAES} Aehixtg e H|ES 2@ 7EExit o 7)olA A}
0 HDAFHEDHD A 28 % ASUT. APUARS WSS V) — L+ Lo+ ,nol o
St 27134 A=t 2] NWRS ARS-8H3ith

_ SXJ-(D[,YK;LO)

A et il LV Gy BRL RO 3.1
T Sx,(Di, Kny) J " (3.1)

7)oM) AREE HBASE ho = Otk Z7FAAE o]gste] depAAgE D, =
(X5, )} 2 UERdith. 784 27187 98 V8 V2 E¥egich. Wang 5 (2006)2
Ard e S AR B, Seok (2012)2 7HEAAF AE A A3 =AW AGIAR
PHEC O wE FHEEEE VM 5 eS BT AFEEA HE o] AP S T A4Stk

£ AFAMEe & o dutsld SSNWRE Avlsta, $3%9 A2E2E goHint. 181 AMISE
£ Ha3E 5 Qv 202 Feth WA Dol XY FHEE fiFD, oA FUEE f, 7 fi 2

Zth= 7pgol Al 1eld SSNWRI1S £7) 3},

Sa(Di, Y Kn,)

S, (Do Kny) (3.2)

mssl(m) =
7)o\ A Dy = DiU D, Yy, 5 =141, ,nEe 2713 R3S (3.2) I 22 AL A28tk 2
AR A7]N A AHGE BEAT by i7l—r7§a‘¢°ﬂ AREE hoot ThETE F WAIR ATiEE AT
SSNWR2+& DiollAe] X o FHEE fi7} D, olAe FREE f,7F 2t 7Pl A 8= it
Se(Di, YKp,) + So(Du, YKp,)
Se(Di, Kn,) + So(Du, Kn,)

BEAS Iy, AePBARAN A5 BRAS h, 221 27) FHZ A
$HE FBAS hot 47 THE g2 AS BT The HolNE AQE FAYEe] AREE

mssQ (CL') -

4. SSNWRe| Az

2!

o Aol E AYE FAFE) FIRE
#217) 13} us] BAE ot
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41. 74Ye) A2PE
SSNWRI 3} SSNWR2S] H2ULE Qolir) sl U 88 m, SYAS) FUAE U
L S8 m(a)e 8ol @4 29 sl AT

2. var(Y|z) = o(z)= Fto] 1 d<oth

3. 2z, depdztg aea AAAtRe] SRl tid £ FEUEYS f, fu 2B fE
2

§
%
@
=]
g
©
B
[\
S
S
=
)
=8
N
it
rﬂ

235111, hy — 0°]3 lhy — ooo|EFd T’T\lNW(x)“f = =

1
AoREE WD}
2
\/E(ffLNW (z) —m(z) — h%ﬂzBl(x)) - N <0’ Ufl(?:l:);/o)

Ayl 4.2 27 1-45 WE83, ho, he — 0, lho — 0o 1B nhy — co|ZHA Mse (z) = TSI 22

Al 4.3 27 1-45 WE3T, ho, hi, hy — 00]3L Lho, by, uhy, — 000 B Msea(z)E TSI 22
RAEBZE MR

VIR + why (ssa (z) — m(z) — ¢) = N(0,0%(z)wo),

B (@) Bu(e) + b i fu) Bu(@) + uhuhua fulx) Bi(x)
N lhy fi(z) + uhy fu(x) ’

39 9 AUt 0ol ALSE ol gael 47 3UT 4 Urk
E (S, (D1, )} = }E{(ZKh(Xi—x)}

E{S (Dl,YKh { ZYKh }
=m(z)f(z) + hpe {m/(@)f' (z) + (m” (z) f(z) + m(z) f (x))/2} + o(h?),
Var(Sm(Dl,Kh)) = M +o (i) ,

nl nl

a8la

Var(Sz(DYKp)) = f(z)l/o (?(z) + m*(x)) + o (%) .



998 Kyungha Seok

4.2. 38A 4 Hh37 SSNWR A2 AR

o] HollA= AMISES] +3&E gt FEA S I wje] AMISES] #3588 ol 1
23l J&A 2} AMISES] 7-&0] (3 uol uist 244 ue} geiAl= UEE ol AT U§
o] AL AMNE A th 22 ®71E ARSSH

ho~ 1% hy~ 178 by ~u™ by ~n a b e,d >0,
$19] AeElolA &
e BEASE F
T Atk
Remark 4.1 1 ~u ~ nol2FH, My, Mss1 LB Mss2®] AMISE 382 H3lehs 324579
2743} 1 wje] AMISEE the3} e}
a) b= 1D W) AMISE (i, )~ 1"*".
b) a>b,d= 1D W] AMISE(fss1) ~1*/°.
c) b=c=1%,a>cQw] AMISE(Mss) ~ 1745
—;——-‘,‘—%37] 'U,ﬂ' lo] %E]:_]' i}'—f—% 7]’@@@ (l ~ U), ﬁLNW7 msslj—ﬂ—]—— fﬁssQ‘_:' Ell:" %?‘1] }'
AMISE ~ n~*P0] At} o] AZRE S8 depixtgrt AMISE 888 MAshed =4
o] F7] ek=rh= AL & 4 9ty 283 a > bS8t a > cBERE ho = o(I7/%)0] Hojo} siti= AT
& Qi
Remark 4.2 u ~ [P,p > 10|12}, My, Mss1 LB Mss2d] AMISE $HEE HUsls= F&A+
o] 247 1 wje] AMISE: thea} 2t}
a) b= 1w AMISE(f ., ) ~1"*°
b) b)a>dp, d= 1Y W) AMISE(fss1) ~ 174P/°
¢)a>ep,1—b>p(l—c), b= 1L w] AMISE(Mss2) ~1~*/5.
a>cp, 1-3b<p(l—3c)b=1-2p, c=1D ] AMISE(fiss2) ~ 1**/°.
a>ep, 1=b<p(l—c),1=3b>p(1-3c),b=1},c=1— D w AMISE(fg2) ~ 17/,
o714 el debdAtge] A7t 8 2 B9, u ~ Pp > 1ole AePEARTE Mas1 & M2
AMISE 88wz shed £ Atk AMS & 5 Atk Mmaat a>dp, d =+ o, 18
I Mesre poll Wb HAE b9} B AHTO RN AMISE ~ I7*7/5(~ w™*/%)7} ﬂ?ﬂ & 4 At
aeez Azpdzts st AMISE ¢38&S wha A skt £80] 2 4 glthe 218 & 4 gtk a8x

o} Bake P% (trade off) 28-S st} 21828 AMISEES 343}
E T JEE 3= golth olye AAHES AXWE b A 4

(

)

lo
5

Z271FAR) ALHE AL [~ u~nd W9} npR7IA R by = o(I71/0) 0] Hojok siti= Ax &
T 0t (a > cp, a > dp). Hli x| Adeplats 7t $8& Aol =30l HE ASE veh}
A9k o] ALsH7 o= R T sl dsl o & EAI7F ot A Atge) depEART =S E

9= v 2 et A3} F QS
Moot BPIARS} depiAge] FAREE th2A /gt 2RA o2 R AR 2] 2
A9 A JRE o G AA g Ao vhehdo)

rl
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2 =7dAe MR A% ARG S Adeta FLAS AR 7]&S At Al
o % o dusha PHow SRR dehlARel ST E AWASE AR e o D7)
ol Ak W] ALREE 93, olF v E AMISES] +3E&S HAUE & & g+ 384
& 270 tisf LotR ghEdl, A2 FEA LT AHETH FAE 3 9
S A2ath 20T deplazel Ud 2724L BAREE Q0] o $2L ZHIAAt.

Nadaraya-Watson RS 2 AFo|A ALL3F AL o824 Zwo HoE
& vl g2 24483 (local polynomial regression model), 7FH 23 (addltlve model)

2
2 BARUR (boosting tree) ol 7 EAE HARFL LS o FHAI meAE] o) Fop
B AR U A7FATL E 4 9 Aelwh

B ATolN 95 S ARE e PS5 FAshe AL AXE Ao FL Ao=

Z10]
7 AR, 24 el BR3 o7 gt A7 A7) S FH W2 dFe 71~
wo] A3 o dge AAlste Aol f4A dot 5 A7 FA= Frh

N
[
32
kv
u
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Abstract

Semi-supervised learning makes it easy to use an unlabeled data in the supervised
learning such as classification. Applying the semi-supervised learning on the regres-
sion analysis, we propose two methods for a better regression function estimation. The
proposed methods have been assumed different marginal densities of independent vari-
ables and different smoothing parameters in unlabeled and labeled data. We shows
that the overfitted pilot estimator should be used to achieve the fastest convergence
rate and unlabeled data may help to improve the convergence rate with well estimated
smoothing parameters. We also find the conditions of smoothing parameters to achieve

optimal convergence rate.

Keywords: Asymptotic mean integrated squared error, convergence rate, kernel regres-

sion, Nadaraya-Watson estimator, semi-supervised regression, smoothing parameter.
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