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Abstract

This paper deals with matrix completion when each
column vector belongs to a low-dimensional manifold.
One of the most common matrix completion methods is
the matrix rank minimization method. The completion is
achieved by solving an optimization problem with the
matrix rank as the objective function, but the optimization
with the objective function is NP-hard. Many relaxation
problems using alternative functions have been proposed,
but the estimation accuracy deteriorates when the data
belong to a low-dimensional manifold. Recently, GAIN
(Generative Adversarial Imputation Net), a matrix
completion method based on machine learning, has been
proposed as a solution to the matrix problem when the
data belong to a low-dimensional manifold, but it is a
simple three-layer neural network method, and high
completion accuracy cannot be expected when the target
manifold is complex or has a high dimensionality. This
paper proposes an architecture for matrix completion
based on clustering and projection, taking advantage of
the fact that any manifold can be locally approximated in
a low-dimensional linear space. Furthermore, an
activation function is applied to the architecture to
Numerical  simulations

improve  the  accuracy.

demonstrate the effectiveness of the proposed method.
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