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Label distribution learning based on k-means algorithm

SHAO Dongheng, YANG Wenyuan, ZHAO Hong
(1. Lab of Granular Computing, Minnan Normal University, Zhangzhou 363000, China)

Abstract ; Label distribution learning is a new type of machine learning paradigm that has emerged in recent years.
It can solve the problem wherein different relevant labels have different importance. Existing label distribution
learning algorithms adopt the parameter model with conditional probability, but they do not adequately exploit the
relation between features and labels. In this study, the k-means clustering algorithm, a type of prototype-based
clustering, was used to cluster the training set instance since samples having similar features have similar label
distribution. Hence, a new algorithm known as label distribution learning based on k-means algorithm ( LDLKM)
was proposed. It firstly calculated each cluster’s mean vector using the k-means algorithm. Then, it got the mean
vector of the label distribution corresponding to the training set. Finally, the distance between the mean vectors of
the test set and the training set was applied to predict label distribution of the test set as a weight. Experiments were
conducted on six public data sets and then compared with three existing label distribution learning algorithms for
five types of evaluation measures. The experimental results demonstrate the effectiveness of the proposed KM-LDL
algorithm.
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Table 2 Describe experimental data set

LGRS FEA FEAE Fric
Yeast-alpha 2 465 24 18
Yeast-cdc 2 465 24 15
Yeast-elu 2 465 24 14
SJIAFFE 213 243 6
Human Gene 30 542 36 68
Movie 7755 1869 5
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Table 3 The experimental results of Yeast-alpha

PENARE  PT-Bayes AA-BP SA-IIS LDLKM
Cheby 0.1010 0.0361 0.0202 0.0135
Clark 1.1728 07221 03034  0.210 1
Canbe 41989 23831 1.0140  0.6812
Cosine 0.8486 09485 0.988 1 0.9946
Interse 0.7727 08759 0.942 8 0.9624

£ 4 HIBEE Yeast-ede ISR ER

Table 4 The experimental results of Yeast-cdc

FEMPRUE  PT-Bayes AA-BP  SA-IIS LDLKM
Cheby 0.1124  0.0393  0.0233 0.016 2
Clark 1.0758 0.6073 02926 02158
Canbe 3.5263 1.8298 0.897 6 0.6467
Cosine 0.8491 09550 09870  0.9933
Interse 07712 0.8851 09397 09575

S5 HIEE Yeast-elu FLIEER

Table 5 The experimental results of Yeast-elu

P45 PT-Bayes AA-BP  SA-IIS  LDLKM
Cheby 0.1098 0.0388 0.0240  0.0163
Clark 1.0149 05438 02756  0.1995
Canbe 32119 15841 08239  0.5855
Cosine  0.8572 09600 09876  0.9940
Interse 07776 0.8930 0.9406  0.958 7
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Table 6 The experimental results of JAFFE Table 8 The experimental results of Movie
WANPRME  PT-Bayes AA-BP  SA-TIS LDLKM WANBRUE  PT-Bayes AA-BP  SA-IIS LDLKM
Cheby 0.1205  0.1403  0.1191 0.1179 Cheby 0.1992 0.1385 0.1467  0.129 3
Clark 04394 05350 04246  0.4164
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Table 7 The experimental results of Human Gene
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Fig.2 The prediction distribution of four LDL algorithms on six datasets
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