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Abstract Semi-supervised clustering is a new learning method combining semi-supervised learning and clustering analy-
sis,and it has been used widely in machine learning. The traditional unsupervised clustering algorithms do not need any
data attributes when dividing data,but in practical applications,there are a small number of data samples for supervised
information with independent class labels or paired constraints,so scholars are committed to applying these few super-
vised information into clustering to obtain better clustering results.thus proposing semi-supervised clustering. This pa-
per mainly introduced the theoretical basis and algorithm ideas of semi-supervised clustering,and summarized the latest
progress of semi-supervised clustering. Firstly, the current situation and classification of semi-supervised learning were
reviewed,and the generative semi-supervised learning, semi-supervised SVM, semi-supervised learning based on graph
and collaborative training were compared. Secondly, the clustering of semi-supervised learning was described in detail,
four typical semi-supervised clustering algorithms (Cop-Kemans algorithm, LCop-Kmeans algorithm, Seeded-Kmeans
algorithm and SC-Kmeans algorithm) were analyzed and summarized,and their advantages and disadvantages were eva-
luated. Then,according to the two situations of semi-supervised clustering based on constraints and the semi-supervised
clustering based on distance, the research status of semi-supervised clustering was expounded respectively. Finally, the
applications of semi-supervised clustering in bioinformatics,image segmentation and other fields of computer and the fu-
ture research directions were discussed. This paper aims to enable beginners to quickly know about the progress of semi-
supervised clustering and understand the typical algorithm ideas,and it can play a guiding role in actual applications af-

terwards.
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Table 1  Comparison of four classification methods of semi-supervised learning
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