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Abstract Recovering a low-rank matrix from incomplete samples of its entries is a challenging
problem arising in many real world applications, such as image inpainting, data gathering for
wireless sensor networks, and recommender system, etc. In machine learning community, this
problem can be formulated as a general matrix completion problem. Recently, a lot of efficient
algorithms have been proposed to solve this problem and they perform well when no noise or only
Gaussian noise is added randomly to the sample data. However, when some number of the rows
is arbitrarily corrupted, which named as the structural noise, the existing algorithms can return
poor results. In order to smooth the structural noise, by introducing the L, ;-norm regularization

method, which is a popular trick in classifier design field, we formulate the matrix completion
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problem with structural noise as a convex constrained optimization problem based L,,;-norm regu-
larization. Then, in order to quickly and efficiently solve the convex constrained optimization
problem, by generalizing the linearized Bregman iteration algorithm and the proximal operator
method from vector space to the matrix space, we propose a robust linearized Bregman iteration
algorithm called LiBIMC for matrix completion with structural noise. The theoretical analysis
proves that the fixed point of the LiBIMC algorithm is exactly the global optimal solution of this
matrix completion problem. Finally, numerical experiments show that, compared with other

algorithms, the LiBIMC algorithm can better recover the matrix using correct measurements and
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detect the positions where the data is ruined.
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Background

In data mining community, a wide range of data is natu-
rally organized in matrix form. However, the real-word data
is imperfect and entries are often missing. In many cases, the
matrix must be filled in before any subsequent work can be
done. Therefore, estimating missing entries from incomplete
samples of an unknown matrix is becoming a challenging
problem arising in many real world applications, such as
image inpainting, video denoising, data gathering for wireless
sensor networks and recommender systems, etc. This opti-
mization problem, known as matrix completion, can be made
well-depended by assuming the matrix to be low rank. The
resulting rank-minimization problem is NP-hard, but it has
recently been shown that the rank constraint can be replaced
with a nuclear norm constraint. Because this nuclear norm
problem is convex and can be optimized efficiently, there has
been an amount of research over the past few years to develop
optimization algorithms that perform well when no noise or
only Gaussian noise is added randomly to the sample data.
However, when some number of the rows is arbitrarily
corrupted, it is well-known that the existing algorithms can

return poor results. In this paper we study this very problem
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and named it as the matrix completion problem with structural
noise. The authors first introduce the L, ;-norm regularization
factor to smooth the structural noise, and develop a
robust and efficient LiBIMC algorithm for its solution. The
theoretical analysis proves that the fixed point of the LiBIMC
algorithm is exactly the global optimal solution of this matrix
completion problem. The numerical experiments show that
the LiBIMC algorithm can better recover the matrix than the
existing algorithms, and more importantly, the LiBIMC
algorithm can exactly detect the positions where the rows are
corrupted.
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