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Study of Multi-class BP-AdaBoost and its application

Lv Yanfei* , Hou Zijiao™ ™" , Zhang Kai ™
( " National Computer Network Emergency Response Technical Team/Coordination Center of China, Beijing 100029 )
( ™ Institute of Information Engineering, Chinese Academy of Sciences, Beijing 100093)
(™ School of Software, BeiHang University, Beijing 100191)
Abstract

The study focused on the classification of the dataset referred to multi-class samples, and paid attention to the
problem that the time cost of traditional “one-against-one” or “one-against-all”. BP-AdaBoost algorithm increases
rapidly with the increase of the sample amount and the sample class number, thus leading to the hindrance to its
practical application, especially when dealing with large-scale datasets. Then, to solve this problem, the multi-BP-
AdaBoost algorithm was proposed by combinig multi-class BP neural networks with the algorithm of Stagewise Addi-
tive Modeling using a Multi-class Exponential loss function (SAMME) to construct a strong AdaBoost classifier.
The algorithm can effectively use and fuse model information to improve its performance. The test on the traditional
“one-against-all” BP-AdaBoost algorithm and the proposed multi-BP-AdaBoost algorithm was performed, and the
results showed that the latter had the better abiligy in reducing the time cost than the former under the same testing
conditions.

Key words: AdaBoost, BP neural network, binary classification, multi-class classification
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