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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 ~2-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
%-nearest neighbors,and to ignore the local correlation between the labels of the test examples and their £-nearest neigh-
bors. This paper proposed an algorithm called ML-WKNN algorithm, which classifies the test examples through the
mapping relationship between the labels of the training examples and their k-nearest neighbors by considering the local
correlation between the labels of the training examples and their k-nearest neighbors, The experimental results show

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

problems and automatic image annotation,
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(3)Hamming loss

R A FH SR 18 3R 75 ) -Fn 1 X B B 4 B R B, BV B 45
AHEARICHEA BB, FA R B AR MR In
T EETEEA 0 B 1, BUAE T o B, BB R,
BES K, Bz, ARNRARUT:

hlosss(h)z—lp—ig % |h(z) AY; | (®
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(5)Ranking loss
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#1 ML-WKNN BT Yeast JURENLRER

g AA e AHE k1
AR 5 5 7 3 9
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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N _ TE k1
ki 3 9 10 11 12
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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R iR ML- ML~ RANK- AdaBoost.  Boos
WKNN KNN SVM MH Texter
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 BZhESERE (Automatic Image Annotation)
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F4 HARGREBITICHER

XAt LE S8

Desert 340
Mountains 268

Sea 341

Sunset 216

Trees 378
Desert+mountains 19
Desert+-sea 5
Desert-sunset 21
Desert+trees 20
Mountains+sea 38
Mountains+ sunset 19
Mountains--trees 106
Sea—+sunset 172
Sea+trees 14
Sunset-trees 28
Desert-+mountains+sunset 1
Desert+sunset-trees 3
Mountains-t sea—-trees 6
Mountains-sunset+trees 1
Sea+ sunset-ttrees 4

Total 2000

FEHHRE b BRITE AT RN T T LR,
EWEERINK 5 BT

#5 MIL-WKNN B 7 Image R EH LWL R

N - A kA
ki 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

1 Image BIEHE P ML-WKNN Bt R FBUS E 9.

B, 5 NP AR RS B . ML-KNN Z i k£ HR 8 &
12 it .5 A PERIFEAR AT BT . &5 B/R T 5 MEMERS
Ak HZEBIXR X R, 38 6 B/R T ML-KNN Bk 54K
EEZEMMERR, €% 5% 6 PHBEFRE ML-
WKNN 5 ML-KNN BB BRI R. MR- MES
W BARBE AT A & B, 7E Image F4B S L, ML-WKNN B
BFists A 4 WA B M T ML-KNN B, {1 TR E R
BSAEF ML-KNN Ei:,

#6 ML-KNN H 37 Image FBENLBERE

N _ ARkt
Tk 8 9 10 11 1z
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

F# 7 MLU-WKNNRILTE Image BB SHTHEEOX T

*iE

W H AR 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
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