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Instance-based Nearest Neighbor Propagation Based Partial Label
Learning Method

LI Bo, XIONG Tianlong, DU Yuhui’
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Abstract: The candidate label set generation method for most partial label learning methods does not make good use of the reliable
prior information of samples, consequently, the probably resulted trained models are unsuitable for realistic situations where some
samples have confusing candidate labels. In addition, many partial label learning algorithms only use nearest neighbor nodes to con-
struct graphs, but neglect the importance of reliable sample information. A new instance-based nearest neighbor propagation partial
label learning method (INNPL) is proposed to address the problem of how to generate more realistic candidate label sets and effec-
tively utilize the information from highly reliable samples. In terms of candidate label sets generation, INNPL takes advantages of
the prior information. For high-reliability samples, INNPL selects them by calculating the similarity between pairwise samples in the

same class, and trusts the original labels of typical samples. For other samples, their candidate labels are generated based on the simi-
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larity between themselves and the typical sample center. INNPL also iteratively builds and updates graph structures based on nearest

neighbor samples and highly reliable samples, and progressively propagates labels in layers over the samples to finally obtain reli-

able classification results. The validation of INNPL algorithm is tested based on three UCI ((University of California Irvine)) datas-

ets and two image datasets and compared with seven partial label learning methods. The evaluation results of the four classification

metrics including accuracy, precision, recall and F1 coefficient show that INNPL achieves the best performance on three datasets

and is close to the optimum algorithm on the other two. Regarding the accuracy metric, the results of INNPL compared with any of

the other partial label learning algorithms by paired #-test also confirm the superior performance of INNPL. Our method ranks first in

the overall metric of the four classification metrics. In conclusion, INNPL confirms its effectiveness from several experiments,

which can effectively improve the classification accuracy and also provides a new solution idea for partial label learning.
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Fig. 2 Accuracy evaluation results of eight algorithms on different datasets
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Fig. 3 Precision evaluation results of eight algorithms for different datasets
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Table 3 Results of accuracy comparison of INNPL with other algorithms. For each dataset, we performed a paired ¢-test between the

R3

accuracy obtained from INNPL and that from one comparison algorithm (e.g. IPAL) in ten cross-validations, and @/O indicates that

INNPL is statistically significantly better/worse than the comparison algorithm (with the significance level determined by p=0.05)
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