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Data-incentive Weight Truncation method for sequential learning
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We propose new weight-truncation methods for the setting that we receive data sequentially. This method
realizes the dynamic adjustment for weight-truncation in accordance with the occurrence counts of data. In the
conventional sequential learning, weakly occurrence features are removed from the classifier on a priority basis
even if these features are essential for classification. For overcoming this deficit, our proposed algorithms integrate
the dynamic adjustment ability inside the regularized term. Moreover, we propose the generalized framework of
these truncation adjustment methods. We analyze the upper bound of error between the optimal solution and the
derived solution and evaluate the computational cost of the generalized framework. Experimental results show that
the proposed methods achieve better performances than the conventional method. Especially, we illustrate that
rare features are obtained in our proposed methods in the tasks of natural language processing.
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e Composite Objective MIrror Descent (COMID)
[Duchi 10]

e Regularized Dual Averaging (RDA) [Xiao 10]

e Follow-The-Proximally-Regularized-Leader (FTPRL)
[McMahan 10b]
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