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Multi-source Online Transfer Learning Algorithm for Classification of Data Streams with Concept Drift
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Abstract The existing algorithms for classification of data streams with concept drift always train a new classifier on
new collected data when new concept is detected,and forget the historical models. This strategy always lead to insuffi-
cient training of classifier in a short time,because the training data for the new concept are always not collected enough
in initial stage. And further,some existing online transfer learning algorithms for classification of data streams with con-
cept drift only take advantage of single source domain, which sometimes lead to poor classification accuracy when the
historical concepts are different with the new concept. Aiming to solve these problems above, this paper proposed a
multi-source online transfer learning algorithms for classification of data stream with concept drift (CMOL) . which can
utilize the knowledges from multiple historical classifiers. The CMOL algorithm adopts a dynamic classifier weight ad-
justment mechanism and updates classifier pool according to the weights of classifiers in it. Experiments validate that
CMOL can adapt to new concept faster than other corresponding methods when concept drift occurs, and get higher

classification accuracy.
Multi-source transfer learning, Online learning,Concept drift,Data stream classification
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Table 3 Concept’s definitions of ABCD,EFGH and NOPQ
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Table 4 Cumulative accuracy on several synthetic datasets

R PA CDOL CMOL CMOL-1 CMOL-II
RTG 0.5040 0.5293 0.5878 0.5840 0.5821
waveform 0.6847 0.7070 0.8098 0. 8068 0. 8070
SEA 0.9205 0.9215 0.9352 0.9349 0.9343
ABCD 0.6066 0.6962 0.8070 0.8058 0.8062
EFGH 0.6039 0.6914 0.7837 0.7825 0.7831
NOPQ 0.6042 0.6941 0. 8006 0.7996 0.7998
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Fig. 1 Instant accuracy of several algorithms on RTG dataset
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Fig. 2 Instant accuracy of several algorithms on waveform dataset
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Fig. 6 Instant accuracy of several algorithms on NOPQ dataset
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Table 5

Changes of concept in classifier pools during CMOL algorithm running
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Table 6 Changes of concept in classifier pools during CMOL-I algorithm running
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Table 7 Changes of concept in classifier pools during CMOL-II algorithm running
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