983 B OB R & ¥ M Vol.9 No.3
2014 4 6 H CAAI Transactions on Intelligent Systems Jun. 2014

DOI:10.3969/].issn.1673-4785.201403063
) 28 H Rtk ;- hitp :// www. cnki.net/kems/ doi/ 10.3969/].issn. 16734785.201403063. html

P EEFEIHEE

A FAK
(M KRF HHEMAFZEHARFRE, TR M 215006)

W E BATCA RS S X I S R AR BRI R 43 ) A AE — SEOR R | S BB BR 7R 40 2 AR TP OR BB R S0 AR
TEEE 25 M RRAEANAR o PRI SO o S it 5 | 2 (5] 9 AR 9 TR 0] 3 B8, DAL 27 F 19 £ 8 X 43 288 ) R e 11
NG ATHESE A T —Fp SRSk R E 2 S Bk . BRI T B 4RI Y #1877 2 8 2 /44 BE
FRRIPERHEbRE, Fe)5 Bt 7E USPS_ALL TS8R 404 2 F1 MPEGT CE B4 FE 5 SVM TVQ Sk X L 5%
IR A R A R

SFRGEIR (W) 2% 2 5 [RACE ; BLas 2 o1 s D5 03 s dh 2 R 2 ) 5 AR Bk Rl i 2% 2] S0 s AR TR 181 5 AR AL
FESHES ., TPIS1 XHARERL:A XEHS:1673-4785(2014) 03-0336-07

P05 AR, EAAK. SEERAEIEE[I]. BRARGFIR, 2014, 9(3): 336-343.
5| F#%&3( . ZHAO Mengmeng, LI Fanzhang. Neighborhood homology learning algorithm[ J]. CAAI Transactions on Intelligent
Systems, 2014, 9(3) : 336-343.

Neighborhood homology learning algorithm

ZHAO Mengmeng, LI Fanzhang
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract; At present ,the existing margin learning algorithms still have some affects when attempting to solve the
data partitioning problem of variable margins.These algorithms can not effectively maintain the structure feature of
datas in classification.. At present, the existing margin learning algorithms still have defects when attempting to
solve the data partitioning problem of variable margins. As a consequence, this paper initially proposes a neighbor-
hood homology learning algorithm through using the monomorphic division theory in homology algebra. The neigh-
borhood homology learning algorithm reasearchs the margin partitioning problem from the perspective of machine
learning. The neighborhood homology learning algorithm includes the method of structuring the neighborhood com-
plex, and the criterion for judging the similarity between two given graphs. Finally, this algorithm is justified
through the experimental results contrasted with SVM and TVQ on an image dataset named MPEG7 CE and a data-
base of handwritten digits named USPS_ALL.
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The IEEE World Congress on Computational Intelligence (IEEE WCCI) is the largest technical event in the field of com-
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