BALE

Vol. 41 No. 2
Feb 2014

Do

Ll B L B

Computer Science

2014 4F 2

an

ETRMEDHEXENZIRICEE

BRE WA
(LEITEAEE MY 5 TREE 5 250014)
(bR AR IR EFRARELZBE  FF# 250010

H B ASBEAE EARTH MR ARG B RE SIS AT E TR T RAFARR, AT kBt
WG ERATE T, TV GAH) AL S F b ANLAFS] P R R R ARG B X R, KRG AZBA X 2 TN
WX 69 EATID, ZE 0 R R R R AR TR B £ R A6 69 A5 ml XA R ARR e e St X £, Bk
T LARAE) 55 X AR 69 B AR Kb . H B AR K 5L ARKES 6 B dRAR Ak, SR TN E A R 6K R, TR
PP XA E AR, 3B ML-WKNN ik, Z3 &R, ML-WKNN #5304 2 % 471040 % 9 A § 3 B AR AR E F AL,
KB ZAREF T LIEA, 5 X, HHFME

REESEE TP181 XEkHRIRES A

Multiple Label Approach Based on Local Correlation of Neighbors
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Abstract Determining the classification of the test sample by using neighbors”’ labels achieves good results in multiple
label classification. The mapping relationships of these algorithms are established between the labels of training exam-
ples and the number of different samples in their £-nearest neighbors by learning from the training set. The label of a
test sample can be easily predicted by applying the mapping relationship. The disadvantage of these algorithms is to con-
sider only the mapping relationship between the labels of the test examples and the number of different samples in their
k-nearest neighbors,and to ignore the local correlation between the labels of the test examples and their 2 nearest neigh-
bors. This paper proposed an algorithm called MI.-WKNN algorithm, which classifies the test examples through the
mapping relationship between the labels of the training examples and their 2-nearest neighbors by considering the local
correlation between the labels of the training examples and their k2-nearest neighbors. The experimental results show

that the MLL-WKNN algorithm achieves better results than other algorithms in dealing with the multi-label classification

problems and automatic image annotation.
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Average precision 0. 7581 0. 7576 0. 7599 0. 7564 0. 7551
Coverage 6. 4000 6.3922 6. 3620 6. 3770 6. 4089
Hamming loss 0. 1965 0.1968 0.1972 0.1968 0. 1987
One-error 0. 2454 0. 2377 0. 2366 0. 2410 0. 2519
Ranking loss 0.1711 0.1713 0. 1701 0.1717 0.1731
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Average precision 0. 7558 0. 7553 0.7578 0. 7572 0. 7568
Coverage 6. 3921 6.4351 6.4144 6. 4000 6. 4089
Hamming loss 0.1978 0.1974 0. 1980 0.1984 0. 1972
One-error 0. 2475 0. 2530 0. 2345 0. 2410 0. 2339
Ranking loss 0. 1716 0.1726 0.1719 0.1724 0. 1726
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Average precision 0. 7599 0. 7578 0. 7391 0.7382 0. 7360
Coverage 6. 3620 6. 3921 7.5392 6.5672 6. 5534
Hamming loss 0. 1965 0.1972 0. 2017 0. 2012 0. 2301
One-error 0. 2366 0. 2339 0. 2510 0. 2516 0. 2797
Ranking loss 0. 1701 0.1716 0.1951 N/A 0. 1867

5.2 HBEzhE%&4RE (Automatic Image Annotation)
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Desert 340

Mountains 268

Sea 341

Sunset 216

Trees 378
Desert+mountains 19
Desert-+sea 5
Desert+sunset 21
Desert+trees 20
Mountains-tsea 38
Mountains-tsunset 19

Mountains-ftrees 106

Sea-+sunset 172
Seatrees 14
Sunset-f-trees 28
Desert-+mountains--sunset 1
Desert+sunset-trees 3
Mountains+ sea+ trees 6
Mountains—+ sunset--trees 1
Sea-+-sunset-trees 4

Total 2000
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N _ R k{E
ks 5 6 7 8 9
Average precision 0. 7679 0. 7898 0. 7885 0. 7839 0. 7726
Coverage 0. 9750 0. 8650 0. 8550 0. 8650 0. 9050
Hamming loss 0. 1610 0. 1630 0. 1430 0. 1620 0. 1450
One-error 0. 3300 0. 3100 0. 3150 0. 3250 0. 3400
Ranking loss 0. 2096 0. 1863 0. 1838 0. 1850 0. 1938
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Average precision 0. 7268 0. 7389 0. 7578 0. 7510 0. 7375
Coverage 1. 1450 1. 1650 1. 1050 1. 1450 1. 2050
Hamming loss 0. 1800 0. 1810 0. 1780 0. 1720 0. 2000
One-error 0. 4000 0. 4000 0. 3650 0. 3850 0. 4250
Ranking loss 0. 1980 0. 1879 0. 1716 0. 1867 0. 2013
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Eaiigad 4 ML- ML- RANK- AdaBoost.  Boos
WKNN KNN SVM MH Texter
Average precision 0. 7898 0. 7578 0. 6791 0. 7360 0. 7502
Coverage 0. 8550 1. 1050 1. 3920 1. 2056 1. 1037
Hamming loss 0. 1430 0.1720 0. 2800 0. 2012 0. 1805
One-error 0. 3100 0. 3650 0. 5350 0. 3706 0. 3600
Ranking loss 0. 1838 0.1716 0. 2790 N/A 0.1717

« 126 -

R 74HH ML-WKNN B 5HE 4 MEinic o R E %
ARSI AR AT LB . 7T AE AR SCE A 4 BT
B ERTEE 4 MER, BA 1 TR F ML-KNN
B P BoosTexter B ¥k, (B BT 5B IMPAFE

GRIE AR BET R GLAHCHN 20 R,
F VNG B AR 055 30 &I B8] Hh AN ) 288 1R 45 ) BRR =X
FAN BT 7 T A DG M5 B, ST I R 2R 5 3 S
5] H AN ) A AR 46 ey R B B R B B  SR R . #EIN SR
TREAG] 5 3 <08 ) R 2 8 T B B S SR B85 mi X
153 2 WAL TR , 5 300K 450 8 /) g e 46 5 w0 3R 461 43 25
HIAUAE K , -5 0 3R 061 5 8 K 19 e £ 5 Wi ) 3K 91) 288 ) A
fH/N, SEEEEREY, ML-WKNN 43 Z R824 > (0] A
MFHEHE 4 FE B, 450 7T AREE) TR ASF0HE B W B 7 v6 55
T R R AT .

2 £ X #k

[1] McCallum Andrew. Multi-label text classification with a mix-
ture model trained by EM[C] // AAAI’ 99 Workshop on Text
Learning. 1999.1-7

[2] Schapire, Robert E, Singer Y. BoosTexter: A boosting-based
system for text categorization[ ] ]. Machine learning, 2000,39(2/
3):135-168

[3] Tsoumakas, Grigorios, Katakis I. Multi-label classification: An
overview [ ] ]. International Journal of Data Warehousing and
Mining (IJ]DWM),2007,3(3):1-13

[4] Elisseeff, André, Weston J. A kernel method for multi-labelled
classification[ J]. Advances in neural information processing sys-
tems, 2001,14:681-687

[5] Zhang Min-ling, Zhou Zhi-hua. ML-KNN; A lazy learning ap-
proach to multi-label learning[J]. Pattern Recognition,2007,40
(7):2038-2048

(6] ®3Fe, TE4. 3o s BAM B 5 0 M. Jbat: %
AR A 2007 : 219-228

[7] Clare, Amanda, Ding K R. Knowledge discovery in multi-label
phenotype data[ C] // Principles of Data Mining and Knowledge
Discovery. 2001 :42-53

[8] Comité D, Francesco, Gilleron R, et al. Learning multi-label al-
ternating decision trees from texts and data [ C] // Machine
Learning and Data Mining in Pattern Recognition. 2003 35-49

[9] Boutell, Matthew, Luo Jie-bo, et al. Learning multi-label scene
classification[ J]. Pattern recognition, 2004,37(9):1757-1771

[10] Zhang Min-ling, Zhou Zhi-hua. Multilabel neural networks with
applications to functional genomics and text categorization[]].
Knowledge and Data Engineering,2006,18(10):1338-1351

[11] Mitchell T M. Machine Learning [M]. USA: The McGrawHill
Companies, Inc, 1997:165-177

[12] sk T BERIAIIM. LA AR AL, 2010.120-130

[13] Boutell, Matthew, Luo Jie-bo, et al. Learning multi-label scene

classification[ ] ]. Pattern recognition, 2004 ,37(9):1757-1771



