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XTAO Xue LIU Yun”

(School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; How to deal effectively with large-scale data sets with many instances and a large number of labels, com-
pensate for missing labels in training sets, and improve prediction performance by using unlabeled instances in
multi-label classification has become an important research direction. This paper proposes an embedding-based
multi-label classification (EMC) algorithm. Firstly, two sets of random transformations were extracted from the
pseudo-instance parameterized Gaussian process ( GP) to model the nonlinear relationship mapping between feature
vectors , latent space representation vectors and label vectors, and then a set of auxiliary variables combined with an
expert ensemble with an overriding expert (EEOE) was introduced. The method compensates for the missing tags,
and finally uses the unlabeled instance to learn the smooth mapping of the random function to improve the prediction
performance. The simulation results show that compared with the FaLE and SLRM algorithms, the EMC algorithm
optimizes the ability to process large data sets, compensate for missing tags, and utilize unlabeled data, thereby im-
proving the predictive performance of class tags, with good scalability and short training time.
Key words: multi-label classification; missing labels; embedding-based; scalability
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