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Spherical gradient descent method based on sparse representation
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Mathematics and Information Engineering, Nanhu College, Jiaxing University, Jiaxing 314001, China)

Abstract: To solve the spherical minimization problem based on sparse representation, the iterative
hard thresholding (IHT) algorithm on the sphere was proposed by combining gradient decent, projection
on the sphere and sparse approximation. First, the sequence convergence to the L stationary points of the
model was proven. Then, the Nesterov acceleration was used to further improve the performance of this
algorithm. Finally, the accelerated algorithm was applied to sparse principal component analysis (SPCA)
and 1-Bit Compressive Sensing (1-Bit CS). Gaussian random matrix was used to test the performance of
the improved algorithm, and the proposed algorithm was compared with the binary iterative hard
thresholding algorithm in 1-Bit CS and truncated power method in SPCA. Numerical experiments show
that the proposed algorithm can effectively solve the spherical minimization problem based on sparse
representation; the sequence generated by the algorithm converges to the L stationary points of the
optimization model, and the convergence speed of the accelerated algorithm is faster than that of the
original algorithm.
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