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B sanHOit cTaThe paccMaTPUBACTCA 33,1844 MHOIOKJIACCOBON KIacCupUKALIUM;
MOKA3BIBAGTCSA, UTO KJIACCUYECKMI METOJ OJWH TIPOTHB BCEX MOMKET OBITH
CYIIECTBEHHO YJIy9IeH ¢ TTOMOIIBI0 METOIA MKAJNPOBaHUS [11aTTa BHIXOIOB
GunapHbIX Knaccudnkaropos [1] [2].

Bsenenue

st cBeieHms 3391 KIACCU(PUKAIINN CO MHOTHMH KJIACCAMK K OMHAPHOMN
CyIliecTByeT MHOXKecTBO crmocoboB. Camblil mpocToit W3 HHUX — OJWH-
uporus-seex [?]. Jus Gunapubix KiaaccuukaTropoB OCHOBAHHBIX HA METOJE
OLIOPHLIX BEKTOPOB ObLIO LOKa3aHo , 4ro [?] Takoil wpocroit wmeron,
pU  PEryJIapU3aluu OWHAPHBIX KJACCU(PUKATOPOB, HE YCTYMAET MHOTHUM
0oJiee CJIOKHBIM ¥ BBIYUCUTEIBHO TPYIHBIM METOIAM OCHOBAHHBIM Ha,
camMOKoppekTupymommxca Kozax [3]. B manHoit crarbe, mnokasbiBaercs,
9TO METOJl OJWH-TIPOTHUB-BCEX TaK 2Ke OdeHb 3IPGdeKTuBeH u B Ciydae
KCIIOJIH30BAHUS B KadecTBe OMHAPHBIX KJIACCH(PUKATOPOB KOMUTETOB JI€PEBHEB
peITeHuit MOCTPOEHHBIX OYCTUHTOM U OTKAJIMOPOBAHHBIX ajiropuTMoMm [LiarTa.

Onucanue moaxoaa

OcHoBHas UIes 3aKJII0YAETCSA B UCTIOIL30BAHIY HE3ABUCUMOTO TIIKAJUPOBAHUS

BBIXOJIOB GMHAPHBIX Kiaccuduraropos Meromom Ilmarra [1] qust ux smydmieit
COTJIACOBAHHOCTH, YTO MOBBINIAET KA4eCTBO paboThl ainropurma. Ilycrs f.(x) :
X — R - Ounapubrii kyaccuuKaTOpP HACTPOEHHBIH HA PACIO3HABAHUE
kmacca ¢ € Y = [1,...,C]. IIpegnonaraerca uro 6GmHapHBIH Kiaccudukarop
BO3BPAIAET YEEPEHHOCM® B TOM, UTO TPENEIEHT TPUHAIIEKUT KJIACCY C
(HampuMep, BO3BPAINIAEMOE 3HAYEHIE MOKET ObITh OTCTYIIOM OT Pa3/Ie/IsomIeil
nosepxuocTu). Torga MHOrOKJIACCOBBIH KIaCCUMDUKATOP MO KJIACCHYECKOMY
METOMY OJIMH-IIPOTUB-BCEX CTPOUTCS KAK:

F(x) = ar%en;ax fe(@). (1)

B kiaccmueckoM MeTo[e He TPEINONAraeTCs HUKAKOW KaTuOPOBKH
BBIXOJ/IOB OMHAPHBIX KJIACCHPUKATOPOB. OIEHIM AITOCTEPUOPHBIE BEPOATHOCTH
CJIEIYTOAM 00Pa30M:
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e napamerpsr A u B ouenusBarorcs ajropurMom Ilnarra. Bysem crpourhb
bUHATHHBINH KIACCUPUKATOD CAEAYIOMNAM 00Pa30M:

P(c|lz) ~ P(c|z)

F(z) = arg;er?/ax P(c|z). (3)

B pesyanTaTe momyuaTcst 60siee cOTsIacOBaHHbIe HUHAPHBIE K1acCH(DUKATODHI,
9TO BEJET K YMEHDBIIEHUIO OITHOKH.

DKCIIePUMEHTHI

st cpaBHeHMs1 ObLIIN B3ATHI TPH METOJA: OIMH-TIPOTUB-BCEX, CAMOKOPPEKTHPY IOTITHECs

konpl (ECC) u omme-ipoTnB-BCexX co mKaiaupoanneMm Ilmarra. B kadecrse
OMHAPHBIX KJIACCH(PUKATOPOB HCIOJIb30BAINACH JIePeBbs KIACCHMDUKATIII
r1yOunbl 3 ycusienubie 6yctunrom. Huke npeicrasienst rpaduku 3aBucuMoCTeil
oMOKY HA KOHTPOJIbHBIX JAHHBIX (UCIOJIb30BAJICH CKOJIb3SIIIMHA KOHTPOJIb)
or urepanuii aaropurmos (Puc. 1): gua ECC — kaxk gas moc/ienyomas Touka
COOTBETCTBYeT OIIMOKe Ha JIJINHE KOJOBBIX CJIOB, OOJIbINEl HA €UHHUILY, & JIJIs
OJINH TPOTUB BCEX — KOJUYECTBO UTEPAIUil OMHAPHBIX KIACCH(DUKATOPOB.
st caMOKOPPEKTUPYIOITUXCsT KOMOB B KA4eCTBE OMHAPHBIX KJIACCH(PUKATOPOB
HCIIOJIB30BAIUCH, KoMmuTeTbl u3 40 JepeBbeB IIOCTPOEHHBIX OYCTUHIOM
(KOJIMYIECTBO KOMUTETOB ONPEIENISETCS JIJIMHON KOJOBOTO CJIOBA).

3akJroueHue

OKCIIEPUMEHTHI MOKA3BIBAIOT, UTO MPUMEHEHWE MMKAJIupoBaHus llmarra
K aJITOPUTMY OIMH-TIPOTUB-BCEX JAET CYIIECTBEHHOE YMEHBITEHNE KOJIUMIECTBA
OmubOK 3TOr0 METOJa — Ha TPeX W3 MATH MPEJICTABIEHHBIX BBIDOPKAX
METOZl OAWH IPOTHUB BCEX OTKAIUOPOBAHHBIA MeromoMm Ilmarra, paboraer
kagecrsennee ECC.

JImreparypa

[1] J. Platt Probabilistic outputs for support vector machines and comparison
to regularized likelihood methods. // Advances in Large Margin Classifiers,
1999. — pp. 61-74.

[2] R. Rifkin, A. Klautau. In Defense of One-Vs-All Classification. // The Journal
of Machine Learning Research, 2004. — pp. 101-141.

[3] A. Niculescu-Mizil and R. Caruana Predicting good probabilities with super-
vised learning. // Proceedings of the 22nd international conference on Machine
learning, 2005. — pp. 625632

[4] Chun-Nan Hsu and Yu-Shi Lin Boosting Multiclass Learning with Repeating
Codes // Journal of Artificial Intelligence Research, 2006. — pp. 263—286.



Kanubposka

METOJa MHOTOKJIACCOBOM KJIACCU(DUKAIINU OIUH-TIPOTUB-BCEX Ajad OycTuHTra 3

Abalone data set. 3 classes

Balance scale data set. 3 classes

0Es - - 045 . :
classic 1vs All classic 1 vs All
05 Tvs All+Platt || 0.4 1 s All + Platt
+ ECC . ECC
5
walf et ]
i, 01
VA, ; i)
s B e VL R A e Wi, .
0.05 Mitgeste 0wy, ‘e 1
N - ‘et atat
. . 5 . R NGV T P R
0 50 100 150 0 50 100 180
Cars data set. 3 classes Chess data sst. 3 classes
03 T T . T : T T
classic 1vs All | 0451 classic 1 vs All
1 vs All + Platt — =1 vs All + Platt
+ ECC 04 + ECC
| oasp 1
03f 1
- 025t 1
H
1 o02f 1
st —
oif 1
005 R 1w
) A 05t .
LI ‘W‘v A oy N i R TR e e s N —
o RN N 0 , L S A S el il Yo Sl Y
0 50 100 150 20 40 50 a0 0 120 140
iterations Chess data set. B classes iterations
1 - : : - - -
classic 1 vs Al
— =1 s All + Platt
0s . ECC
.
08 B
t
d
o7fi B
g
= 14
06} e, . 1
\7 * . -t PO
s - B
-
-
0.4 Il ]
e ey R R e s
. . , . \ \ .
0 i) 40 &0 81 100 120 140 80
iterations

Puc. 1: Pe3yabTaThl 9KCHEPUMEHTOB.



