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Abstract

Online learning has developed many algorithms and their improvements since it was proposed.
According to whether the model is linear or nonlinear, online learning algorithms are divided into
two categories: online linear learning algorithms and kernel-based online learning algorithms. The
kernel method is to map the sample to a high-dimensional regenerated kernel Hilbert space by us-
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ing feature mapping, so that the linear indivisible problem can be transformed into a linear separ-
able problem. The parallel projection algorithm is derived by the adaptive projection subgradient
method (APSM), which has the advantage of fast convergence, but the sparse way of the algorithm is
that when the scale of the model reaches a certain capacity, some important data points at the far-
thest end may be deleted, resulting in serious degradation of the algorithm performance. And the
existence of offset makes the classification effect worse. In order to improve the above problems,
this paper proposes a new algorithm based on the parallel projection algorithm. Its sparse method
is to use the latest data to project the data in the dictionary, so that the dictionary size of the algo-
rithm in this paper is small when the classification error rate is low. The experimental results of
simulation data and real data show that compared with other online algorithms, the proposed al-
gorithm has the lowest classification error rate when the dictionary size is small.
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Figure 1. The performance of the proposed algorithm is compared with other algorithms under simulation data
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Figure 2. Performance comparison of the proposed algorithm and other algorithms under a3a data
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Figure 3. Performance comparison of the proposed algorithm and other algorithms under a7a data
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