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Big Data Stream Oriented Multi-Task Accelerated Online Learning Algorithm

Li Zhijie, LiYuanxiang, Wang Feng, Kuang Li
(State Key Laboratory of Software Engineering, Wuhan University, Wuhan 430072, China)

Abstract Multi-task online learning with stream computing mode is a promising tool for big data stream analyses.
However, the convergence rate of current multi-task online algorithm is only O(]/ﬁ) up to T-th iteration, and its

low convergence rate has become a bottleneck of algorithm performance. This paper propose a novel multi-task
accelerated online learning algorithm which obtain low computational time complexity and optimal convergence rate

O(]/TZ). The proof of a closed-form solution theorem which efficiently updates the weight matrix W; at each

iteration is provided, and the detailed theoretical analysis for algorithm convergence is conducted. Experimental
results show that proposed multi-task accelerated online learning algorithm can improve real-time performance and
scalability of big data stream processing, and it is a realistic method for big data stream analyses.
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Fig. 1 Log-log plot of computation time on training samples.
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Fig. 2 Comparison of the convergence times(in seconds).
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Fig. 3 The convergence of algorithms on yeast data set.
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26. EMPMA [27.EMPMA |28.EMPMA |29.EMPMA [30.EMPMA
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DA-MTFS 1.81 2059 185 1=6.9, ¢=0.01
ADA-MTL 1.81 2129 204 4=6.9,¢=0.01
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Fig. 4 RMSEs vs. number of tasks
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Table 3  Statistics of datasets
®3 BIEENHEAS

MovieLens Yahoo!Music
No. ratings 1,000,209 252,800,275
No. users 6,040 1,000,990
No. items 3,952 624,961
Rating range [1,5] [0,100]
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Table 4 RMSEs of PMF algorithm on different settings
4 BFBLE TFHILN RMSEs t#

MovieLens Yahoo!Music

T1 T5 T9 T1 T5
BT-MTL 1.002 0.902 0.868 28.88 2354
DA-STL 0.896 0.895 0.869 2924 2357
DA-MTFS 0.992 0.901 0.902 2841 2284
ADA-MTL 0.898 0.894 0.901 2835 2282
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