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Abstract Multi-class classification problem is an important issue in machine learning and data mining. It is widely
used in text classification, speech recognition, image recognition and gene detection. In this paper, we compared the
performance of ELMs( ELM, KELM) and SVMs(SVM, LSSVM) on multi-class classification problem in detail through
UCI dataset. We draw the following conclusion: compared with SVM, ELMs has higher classification accuracy on multi-
class classification problem, and with the increase of classification number, the generalization ability of ELMs is more
improved than that of SVM, but ELMs does not get the above conclusion for LSSVM; compared with SVMs, ELMs is
insensitive to the number of classes, and the classification accuracy decreases little with the increase of the number of
classes; compared with SVMs, ELMs has less computational cost, and has faster learning and training speed, which is

suitable for multi-class classification problem.
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