Information Sciences 307 (2015) 53-72

Contents lists available at ScienceDirect 2
INFORMATION
SCIENCES
Information Sciences S
journal homepage: www.elsevier.com/locate/ins o
Robust bilinear factorization with missing and grossly @ CrossMark
corrupted observations
Fanhua Shang?, Yuanyuan Liu ™*, Hanghang Tong¢, James Cheng? Hong Cheng”
2 Dept. of Computer Science and Engineering, The Chinese University of Hong Kong, Hong Kong
b Dept. of Systems Engineering and Engineering Management, The Chinese University of Hong Kong, Hong Kong
€School of Computing Informatics and Decision Systems Engineering, Arizona State University, USA
ARTICLE INFO ABSTRACT
ArfiC{e history: Recovering low-rank and sparse matrices from incomplete or corrupted observations is an
Received 29 May 2014 important problem in statistics, machine learning, computer vision, as well as signal and
Received in revised form 4 February 2015 image processing. In theory, this problem can be solved by the natural convex joint/mixed

Accepted 14 February 2015

relaxations (i.e., [;-norm and tr norm) under certain conditions. However, all curren
Available online 21 February 2015 elaxations (i.e., [;-norm and trace norm) under certain conditions. However, all current

provable algorithms suffer from superlinear per-iteration cost, which severely limits their
applicability to large-scale problems. In this paper, we propose a scalable, provable and
structured robust bilinear factorization (RBF) method to recover low-rank and sparse
Robust matrix completion matrices from missing and grossly corrupted data, i.e., robust matrix completion (RMC),
Robust principal component analysis or incomplete and grossly corrupted measurements, i.e., compressive principal component
Low-rank matrix recovery and completion pursuit (CPCP). Specifically, we first present two small-scale matrix trace norm regularized
bilinear factorization models for RMC and CPCP problems, in which repetitively calculating
SVD of a large-scale matrix is replaced by updating two much smaller factor matrices.
Then, we apply the alternating direction method of multipliers (ADMM) to efficiently solve
the RMC problems. Finally, we provide the convergence analysis of our algorithm, and
extend it to address general CPCP problems. Experimental results verified both the efficien-
cy and effectiveness of our method compared with the state-of-the-art methods.

© 2015 Elsevier Inc. All rights reserved.
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1. Introduction

In recent years, recovering low-rank and sparse matrices from severely incomplete or even corrupted observations has
received broad attention in many different fields, such as statistics [50,1,10], bioinformatics [35], machine learning
[51,48,43,27], computer vision [8,58,57,6,41,39], signal and image processing [28,36,20,26,14]. In those areas, the data to
be analyzed often have high dimensionality, which brings great challenges to data analysis, such as digital photographs,
surveillance videos, text and web documents. Fortunately, the high-dimensional data are observed to have low intrinsic
dimension, which is often much smaller than the dimension of the ambient space [24].

For the high-dimensional data, principal component analysis (PCA) is one of the most popular analysis tools to recover a
low-rank structure of the data mainly because it is simple to implement, can be solved efficiently, and is effective in many
real-world applications such as face recognition and text clustering. However, one of the main challenges faced by PCA is that
the observed data is often contaminated by outliers or missing values [12], or is a small set of linear measurements [50]. To
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address these issues, many compressive sensing or rank minimization based techniques and methods have been proposed,
such as robust PCA [51,52,41] (RPCA, also called PCP in [8] and low-rank and sparse matrix decomposition in [43,56], LRSD)
and low-rank matrix completion [9,10].

In many applications, we have to recover a matrix from only a small number of observed entries, for example collabora-
tive filtering for recommender systems. This problem is often called matrix completion, where missing entries or outliers are
presented at arbitrary location in the measurement matrix. Matrix completion has been used in a wide range of problems
such as collaborative filtering [9,10], structure-from-motion [11,57], click prediction [54], tag recommendation [47], and face
reconstruction [31]. In some other applications, we would like to recover low-rank and sparse matrices from corrupted data.
For example, the face images of a person may be corrupted by glasses or shadows [17]. The classical PCA cannot address the
issue as its least-squares fitting is sensitive to these gross outliers. Recovering a low-rank matrix in the presence of outliers
has been extensively studied, which is often called RPCA, PCP or LRSD. The RPCA problem has been successfully applied in
many important applications, such as latten semantic indexing [32], video surveillance [51,8], and image alignment [36]. In
some more general applications, we also have to simultaneously recover both low-rank and sparse matrices from small sets
of linear measurements, which is called compressive principal component pursuit (CPCP) in [50].

In principle, those problems mentioned above can be exactly solved with high probability under mild assumptions via a
hybrid convex program involving both the [;-norm and the trace norm (also called the nuclear norm [13]) minimization. In
recent years, many new techniques and algorithms [9,10,8,51,52,50] for low-rank matrix recovery and completion have been
proposed, and the theoretical guarantees have been derived in [9,8,50]. However, those provable algorithms all exploit a
closed-form expression for the proximal operator of the trace norm, which involves the singular value decomposition
(SVD). Hence, they all have high computational cost and are even not applicable for solving large-scale problems.

To address this issue, we propose a scalable, structured and robust bilinear factorization (RBF) method to recover low-
rank and sparse matrices from incomplete, corrupted data or a small set of linear measurements, which is formulated as
follows:

min f(L,S) + 2[L[,, st, AL+S) =y, (1)

where 4 > 0 is a regularization parameter, ||L||, is the trace norm of a low-rank matrix L € R™", i.e., the sum of its singular
values, S € R™" is a sparse matrix, y € RP is the linear measurements, .4(-) is an underdetermined linear operator such as the
linear projection operator Pq, and f(-) denotes the loss function associated with the l,-norm or the [;-norm.

Unlike existing robust matrix factorization approaches, our method not only takes into account the fact that the obser-
vations are contaminated by additive outliers (Fig. 1 shows an example) or missing data, i.e., robust matrix completion
[10,19] (RMC, also called RPCA plus matrix completion) problems, but can also identify both low-rank and sparse noisy com-
ponents from incomplete and grossly corrupted measurements, i.e., CPCP problems. We also present a robust bilinear fac-
torization framework for both RMC and CPCP problems, in which repetitively calculating SVD of a large matrix in [9,8,50]
is replaced by updating two much smaller factor matrices. We verify with convincing experimental results both the efficien-
cy and effectiveness of our RBF method.

The main contributions of this paper are summarized as follows:

1. We propose a scalable RBF framework to simultaneously recover both low-rank and sparse matrices for both RMC and
CPCP problems. By imposing the orthogonality constraint, we convert the original RMC and CPCP models into two small-
er-scale matrix trace norm regularized problems, respectively.

2. By the fact that the optimal solution Sc = 0, i.e., the values of S at unobserved locations are zero, we reformulate the pro-
posed RMC problem by replacing the linear projection operator constraint with a simple equality one.

Fig. 1. Principal directions learned by PCA and RBF on the toy data set with outliers, which are in a blue rectangle. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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3. Moreover, we propose an efficient alternating direction method of multipliers (ADMM) to solve our RMC problems, and
then extend it to address CPCP problems with a linearization technique.

4. Finally, we theoretically analyze the equivalent relationship between our QR scheme and the SVD scheme, and the sub-
optimality of the solution produced by our algorithm.

The remainder of this paper is organized as follows. We review background and related work in Section 2. In Section 3, we
propose two scalable trace norm regularized RBF models for RMC and CPCP problems. We develop an efficient ADMM algo-
rithm for solving RMC problems and then extend it to solve CPCP problems in Section 4. We provide the theoretical analysis
of our algorithm in Section 5. We report empirical results in Section 6, and conclude this paper in Section 7.

2. Background

A low-rank structured matrix L € R™" and a sparse one S € R™" can be recovered from highly corrupted measurements
¥ = Pq(D) € RP via the following CPCP model,

min S|, + ZL]., st, Po(D=Lo+So) = Po(l+$), 2)

where ||S||; denotes the I;-norm of S, i.e., ||S||; = Z;s;j|, Q C R™" is a linear subspace, and Py, is the projection operator onto
that subspace. When P, = Py, the model (2) is the RMC problem, where Q is the index set of observed entries. Wright et al.
[50] proved the following result.
Theorem 1. Let Ly,So € R™", with m > n, and suppose that L, # 0 is a p-incoherent matrix of rank r,

cin
r g 2 )
ulogm

and sign(So) is i.i.d. Bernoulli-Rademacher with non-zero probability p < c,. Let Q C R™" be a random subspace of dimension
dim(Q) > C;(pmn + mr)log’m,

distributed according to the Haar measure, probabilistically independent of sign(So). Then the minimizer to the problem (2) with
J. = /mis unique and equal to (Lo, So) with probability at least 1 — C,m~°, where c1, c;, C; and C, are positive numerical constants.

This theorem states that a commensurately small number of measurements are sufficient to accurately recover the low-
rank and sparse matrices with high probability. Indeed, if Q is the entire space, the model (2) degenerates to the following
RPCA problem [51,8]

min S|, + ZL]., st, D=L+S, 3)
where D denotes the given observations. Several algorithms have been developed to solve the convex optimization problem
(3), such as PCP [8], IALM [22] and LRSD [56]. Although both models (2) and (3) are convex optimization problems, and their
algorithms converge to the globally optimal solution, they involve SVD at each iteration and suffer from a high computation-
al cost of O(mn?). While there have been many efforts towards fast SVD computation such as partial SVD [22] and approx-

imate SVD [29], the performance of those methods is still unsatisfactory for many real applications. To address this problem,
we propose a scalable, provable robust bilinear factorization method with missing and grossly corrupted observations.

3. Our RBF framework

Matrix factorization is one of the most useful tools in scientific computing and high dimensional data analysis, such as the
QR decomposition, the LU decomposition, SVD, and NMF. In this paper, robust bilinear factorization (RBF) aims to find two

smaller low-rank matrices U € R™¢ (U'U =1) and V € R™? whose product is equal to the desired matrix of low-rank,
L e R™",

L=UvT,

where d is an upper bound on the rank of L, i.e., d > r = rank(L).
3.1. RMC model

Suppose that the observed matrix D is corrupted by outliers and missing data, the RMC problem is given by
min S|, + 2L, s, Pa(D)="Pa(l+S). (4)

From the optimization problem (4), we easily find the optimal solution S,c = 0 [41,39], where Q° is the complement of , i.e.,
the index set of unobserved entries. Consequently, we have the following lemma.
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Lemma 2. The RMC model (4) with the operator Py, is equivalent to the following problem

min [Pa(S)l; + L. St. Po(D)="Pa(l+S). Pu(S)=0. (5)

The proof of this lemma can be found in Appendix A. From the incomplete and corrupted matrix D, our RBF model is to
find two smaller matrices, whose product approximates L, can be formulated as follows:

min [Pa(S)], + AJUV'[., St Po(D)="Pa(UV' +5). (6)

Lemma 3. Let U and V be two matrices of compatible dimensions, where U has orthogonal columns, i.e., UTU = I, then we have
JUVT, = IV

The proof of this lemma can be found in Appendix B. By imposing UU = I and substituting ||[UV"||, = ||V||, into (6), we
arrive at a much smaller-scale matrix trace norm minimization problem

min [Po(S)]; + 2IVI., S, Pa(D)="Pa(UV' +5), UTU=I 7)

Theorem 4. Suppose (L*,S*) is a solution of the problem (5) with rank(L*) = r, then there exists the solution U, € R™*¢,V, € R"™¢
and S € R™" to the problem (7) with d > r and (Sx)c = 0, such that (UkV[,Sk) is also a solution to the problem (5).

The proof of this theorem can be found in Appendix C.
3.2. CPCP model

From a small set of linear measurements y € R, the CPCP problem is to recover low-rank and sparse matrices as follows,

min S, + V], st, Po(D)=Po(UV'+S), UU=I t)

Theorem 5. Suppose (L*,S") is a solution of the problem (2) with rank(L*) = r, then there exists the solution U, € R™¢,V, e R™¢
and S, € R™" to the problem (8) with d > r, such that (U,<V£,Sk) is also a solution to the problem (2).

We omit the proof of this theorem since it is very similar to that of Theorem 4. In the following, we will discuss how to
solve the models (7) and (8). It is worth noting that the RPCA problem can be viewed as a special case of the RMC problem (7)
when all entries of the corrupted matrix are directly observed. In the next section, we will mainly develop an efficient alter-
nating direction method of multipliers (ADMM) for solving the non-convex problem (7). Although our algorithm will pro-
duce different estimations of U and V, the estimation of UV" is stable as guaranteed by Theorems 4 and 5, and the
convexity of the problems (2) and (4).

3.3. Connections to existing approaches

According to the discussion above, it is clear that our RBF method is a scalable method for both RMC and CPCP problems.
Compared with existing convex algorithms such as common RPCA [8] and CPCP [50] methods, which have a computational
complexity of O(mn?) and are impractical for solving relatively large-scale problems, our RBF method has a linear complexity
and scales well to handle large-scale problems.

To understand better the superiority of our RBF method, we compare and relate RBF with several popular robust low-rank
matrix factorization methods. It is clear that the model in [42,58,31] is a special case of our trace norm regularized model (7)
when / = 0. Moreover, the models used in [57,6] focus only on the desired low-rank matrix. In this sense, they can be viewed
as the special cases of our model (7). The other major difference is that SVD is used in [57], while QR factorizations are used
in this paper. The use of QR factorizations also makes the update operation highly scalable on modern parallel architectures
[2]. Regarding the complexity, it is clear that both schemes have the similar theory computational complexity. However,
from the experimental results in Section 6, we can see that our algorithm usually runs much faster, but more accurate than
the methods in [57,6]. The following bilinear spectral regularized matrix factorization formulation in [6] is one of the most
similar models to our model (7),

. A
min [Wo (D - L), +5 (Ul + VI, st, L=UV",

where © denotes the Hadamard product and W € R™" is a weight matrix that can be used to denote missing data (i.e.,
Wi = 0)
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4. Optimization algorithm

In this section, we propose an efficient alternating direction method of multipliers (ADMM) for solving the RMC problem
(7), and then extend it to solve the CPCP problem (8). We provide the convergence analysis of our algorithm in Section 5.

4.1. Formulation

Recently, it has been shown in the literature [4,49] that ADMM is very efficient for some convex or non-convex program-
ming problems from various applications. We also refer to a recent survey [4] for some recently exploited applications of
ADMM. For efficiently solving the RMC problem (7), we can assume without loss of generality that the unknown entries

of D are simply set as zeros, i.e., Dyc =0, and S,c may be any values such that Pyc (D) = P,c (UVT) + Pyc(S). Therefore, the

constraint with the operator Py, in (7) is simplified into D = UV” + S. Hence, we introduce the constraint D = UV" + S into
(7), and obtain the following equivalent form:

m}rsl 1Pa(S)l; + AIV]l,, st, D=UV +SUU=1 9)
The partial augmented Lagrangian function of (9) is
o
L,(U,V,S,Y) = |Vl + [Pa(S)l; +(Y,D - S - UVT) +5lD=S- uv'z, (10)

where Y € R™" is a matrix of Lagrange multipliers, o > 0 is a penalty parameter, and (M,N) denotes the inner product
between matrices M and N of equal sizes, i.e., (M, N) = Z;;M;Nj.

4.2. Robust bilinear factorization scheme

We will derive our scheme for solving the following subproblems with respect to U,V and S, respectively,

Ukqr = argmin Ly, (U, Vi, S, Yi), st u'u =1, (11)
UE[Rde

Vi = argmin Ly, (Ui, V, Si, Yi), (12)
VGR”Xd

Sl<-¢-1 = agg min Lak(Uk+17Vk+1,57 YI<)~ (13)
Zamn

4.2.1. Updating U
Fixing V and S at their latest values, and by removing the terms that do not depend on U and adding some proper terms
that do not depend on U, the problem (11) with respect to U is reformulated as follows:

min |UVE =Py, st, UU=I, (14)

where P, = D — S, + Y /ay. In fact, the optimal solution can be given by the SVD of P, V, as in [34]. To further speed-up the
calculation, we introduce the idea in [49] that uses a QR decomposition instead of SVD. The resulting iteration step is for-
mulated as follows:

U1 =Q,  QR(PVi) = QR, (15)

where Uy, is an orthogonal basis for the range space R(P,Vy), i.e., R(Uk;1) = R(PyVy). Although Uy, in (15) is not an optimal
solution to (14), our iterative scheme based on QR factorizations and the SVD scheme similar to [25] are equivalent to solve
(14) and (16), and their equivalent analysis is provided in Section 5. Moreover, the use of QR factorizations also makes our
iterative scheme highly scalable on modern parallel architectures [2].

4.2.2. Updating V
Fixing U and S, the optimization problem (12) with respect to V can be rewritten as:

.0 ,
min = |Ua V! = Pl + V] (16)
To solve the convex problem (16), we first introduce the following definition [7].

Definition 1. For any given matrix M € R™¢ whose rank is r, and it > 0, the singular value thresholding (SVT) operator is
defined as follows:

SVT,(M) = Udiag(max{@ — u,0)V",
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where max{-, -} should be understood element-wise, U € R™", V € R”" and @ = (01,...,0,)" € R™! are obtained by the SVD
of M, i.e., M = Udiag(a)V".

Theorem 6. The trace norm minimization problem (16) has a closed-form solution given by

Vi1 = SVT o, (PeUg ). (17)

Proof. The first-order optimality condition for (16) is given by

0 € 20|V|, + o (VUL,, — P)Up1,

where 9| - ||, is the set of subgradients of the trace norm. Since U}, Uy, = I, the optimality condition for (16) is rewritten as
follows:

0 € 29||V|. + o(V = PtUg.1). (18)

(18) is also the optimality condition for the following convex problem,

. O
min o[V~ Pz + A V] (19)

By Theorem 2.1 in [7], then the optimal solution of (19) is given by (17). O

4.2.3. Updating S
Fixing U and V, we can update S by solving

. 04
min [Pa(S), + 5115 + sV, =D = Yi/oul: (20)

For solving the problem (20), we introduce the following soft-thresholding operator S;:
Aij - T, Aij > T,
S:(Ay) =< Aj+ 1, Aj<-T,
0, otherwise.

Then the optimal solution Si,; can be obtained by solving the following two subproblems with respect to S, and S,
respectively. The optimization problem with respect to S, is first formulated as follows:

.o
min 7" IPa(S + Ui Vit — D = Yi/ow)[l7 + 1 Pa(S)]]1- (21)
Q

By the operator S; and letting T = 1/ay, the closed-form solution to the problem (21) is given by

(Ski1)g = Se((D = Upsa Vigy + Yi/o))- (22)

Moreover, the subproblem with respect to S, is formulated as follows:
min [[Pgc(S + Ues1Vigr =D = Yi/o)[5- (23)
oC

We can easily obtain the closed-form solution by zeroing the gradient of the cost function (23) with respect to S, i.e.,
(Sk1)oc = (D — Ugi1 Viy + Yie/0lk) o (24)

Summarizing the analysis above, we obtain an ADMM algorithm to solve the RMC problem (7), as outlined in Algorithm 1.
Our algorithm is essentially a Gauss—Seidel-type scheme of ADMM, and the update strategy of the Jacobi version of ADMM is
easily implemented, well suited for parallel and distributed computing and hence is particularly attractive for solving large-
scale problems [40]. In addition, S,c should be set to O for the expected output S. This algorithm can also be accelerated by
adaptively changing o. An efficient strategy [22,39] is to let oo = o (the initialization in Algorithm 1) and increase o
iteratively by oy, = pog, where p € (1.0,1.1] in general and o, is a small constant. Furthermore, Uy is initialized with
eye(m,d) := {0 Idxdd . } . Algorithm 1 is easily used to solve the RPCA problem (3), where all entries of the corrupted matrix

(m—d)>
are directly observed. Moreover, we introduce an adaptive rank adjusting strategy for our algorithm in Section 4.4.
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Algorithm 1. Solving RMC problem (7) via ADMM.

Input: Po(D), 2 and &.

Output: U,V and S, where S is set to 0.

Initialize: U = eye(m, d),Vo =0, Yo = 0, % = -l Ohmax = 10'° and p = 1.1.
1: while not converged do

2: Update Uy, 1, Viy1 and Spq by (15), (17), (22) and (24), respectively

3 Update the multiplier Yy 1 by Y1 = Yy + 0(D — U 1 Vi — Ski1)-

4: Update o1 by o = min(poy, tmax)-

5 Check the convergence condition, ||D — Uk“VL] —SkillF <&

6: end while

4.3. Extension to CPCP

Algorithm 1 can be extended to solve the CPCP problem (8) with the complex operator Pq, as outlined in Algorithm 2,
which is to optimize the following augmented Lagrange function

, 04
Fu(U,V,S,Y) = AIVIL, + ISy + Y,y = Po(S +UV)) + Sy =Po(S+ uvhll- (25)

We minimize F, with respect to (U, V,S) by using a recently proposed linearization technique [53], which can address such
problems with some non-identity operators such as P,. Specifically, for updating U and V, let T = UV" and g(T) = *ly
—Po(Sk+T) + Yk/ockﬂg, then g(T) is approximated by

g(T) ~ g(Ty) + (V&(Te), T — Ti) + T|IT — T3, (26)

where Vg(Ty) = o4 Ph(Po(Tk + Sk) — ¥ — Yi/ou), Py is the adjoint operator of Pg, and 7 is chosen as © = 1/||P5Pql|, as in [53],
and || - ||, the spectral norm of a matrix, i.e., the largest singular value of a matrix.
Similarly, for updating S, let Ty..; = Uy,1Vy,, and h(S) =% ||y — Po(S + Ti.1) + Yie/ou3, then h(S) is approximated by

h(S) ~ h(Sk) + (VA(Sk),S — Sk) + IS — Skl 27)
where Vh(Sy) = PG (Po(Sk + Ti1) =¥ — Yi/0k)-

Algorithm 2. Solving CPCP problem (8) via ADMM.

Input: y € RP, P, and parameters / and &.
Output: U,V and S.

Initialize: U = eye(m,d), Vo =0, Yo =0, 0 = -, tmax = 10'% and p = 1.1.
1: while not converged do

2:  Update Uy q by Uyi1 = Q, QR((UyVi — VE(UiV)/T)Vi) = QR.

3: Update Vk+1 by V£+1 = SVTZ/O(,((UEH (UkVIT(- - Vg(UkVZ)/T))‘

4 Update Sy, 1 by Sgi1 = S1/5, (S — VI(Sk)/7)-

5: Update the multiplier Yy, 1 by Vi1 = Yi + 0 (y — Po(Ups1 Vi, + Ski))-
6: Update the parameter o by o1 = min(poty, tmax)-

7

8:

: Check the convergence condition, (|| Ty, 1 — Till2 + |ISks1 — Skll2)/(ITell2 + ISkl2) < &
end while

4.4. Stopping criteria and rank adjusting strategy

As the stopping criteria for terminating our RBF algorithms, we employ some gap criteria; that is, we stop Algorithm 1
when the current gap is satisfied as a given tolerance ¢, ie., ||D—UiVi -S| <& and run Algorithm 2 when
(IURVE — Ui Vi 12+ 1Sk — Sica B/ (U VI 12 + 1S 1) > &

In Algorithms 1 and 2, d is one of the most important parameters. If d is too small, it can cause underfitting and a large
estimation error; but if d is too large, it can cause overfitting and large deviation to the underlying low-rank matrix L.
Fortunately, several works [16,49] have provided some matrix rank estimation strategies to compute a good value r for
the rank of the involved matrices. Thus, we only set a relatively large integer d such that d > r. In addition, we provide a
scheme to dynamically adjust the rank parameter d. Our scheme starts from an overestimated input, ie., d = [1.2r].
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Following [16,42], we decease it aggressively once a dramatic change in the estimated rank of the product U,V!, which usu-

ally occurs after a few iterations. Specifically, we calculate the eigenvalues of (UkVZ)TUkV£ =V UU, V] = V, VL, which are
assumed to be ordered as 4; > 1, > --- > Jq. Since the product VW{ and VZV,< have the same nonzero eigenvalues, it is
much more efficient to compute the eigenvalues of the product VIV,. Then we compute the quotient sequence

Ji = 2i/ %1, i=1,...,d — 1. Suppose i = arg max ;. If the condition
1<i<d-1

gap:w>]0

e

is satisfied, which means a “big” jump between A; and Z;,;, then we reduce d to #, and this adjustment is performed only
once.

5. Theoretical analysis and applications

In this section, we will present several theoretical properties of Algorithm 1. First, we provide the equivalent relationship
analysis for our iterative scheme and the SVD scheme similar to [25], as shown by the following theorem.

Theorem 7. Let (Uy,Vy,S;) be the solution of the subproblems (11)-(13) at the k-th iteration, respectively, Y =Yy,
+og_1(D— U,t(V,j)T —Si), and (Uy, Vi, Sy, Yi) be generated by Algorithm 1 at the k-th iteration. Then

(I) 30, € O = {M € R™|M"M = I} such that U, = U,O and V; = V,0,.
(1) Up (V)" = UV Vil = IVill., S = Sk and Yy = Y.

Remark. The proof of this theorem can be found in Appendix D. Since the Lagrange function (10) is determined by the pro-

duct UV",V,S and Y, the different values of U and V are essentially equivalent as long as the same product UV" and
V], = |[V"|,- Meanwhile, our scheme replaces SVD by the QR decomposition, and can avoid the SVD computation for solving
the optimization problem with a orthogonal constraint.

5.1. Convergence analysis
The global convergence of our derived algorithm is guaranteed, as shown in the following lemmas and theorems.

Lemma 8. Let (U, Vy,Sk) be a sequence generated by Algorithm 1, then we have the following conclusions:

(I) (Uy, Vi, Sk) approaches to a feasible solution, i.e., limy_...||D — Ukvl — Skl =0.
(I1) Both sequences UV} and S, are Cauchy sequences.

The detailed proofs of this lemma, the following lemma and theorems can be found in Appendix E. Lemma 8 ensures only
that the feasibility of each solution has been assessed. In this paper, we want to show that it is possible to prove the local
optimality of the solution produced by Algorithm 1. Let k* be the number of iterations needed by Algorithm 1 to stop, and
(U*,v*,S") be defined by

U =Ugp, V=V, 5=S1
In addition, let Y* (resp. Y*) denote the Lagrange multiplier Y, ., (resp. Y,.;) associated with (U*,V*,S"), ie.,
Y =Yior, Y =Ye g, where Vi = Y + 0 (D= U 1 Vi g — Spe).
Lemma 9. For the solution (U*,V*,S") generated by Algorithm 1, then the following conclusion

1P(S)lly + 2IVIL = [Pa(S )y + AVl + (Y =Y, UVT U (V")) —mne

holds for any feasible solution (U,V,S) to (9).
To reach the global optimality of (9) based on the above lemma, it is required to show that the term
(Y* —y*,uv" — U (V)" diminishes. Since

IY* = ¥[l, < vmn|)y” =¥,
and by Lemma 13 (Please see Appendix E), we have

1Y =Yl = 1Pa(Y) = V'l < [PalY)l + ¥ <1+
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which means that ||Y* — Y*||. is bounded. By setting the parameter p to be relatively small as in [25], |Y* — Y*||_ is small,
which means that ||Y* — Y|, is also small. Let & = ||Y* — Y*||,, then we have the following theorems.

Theorem 10. Let f¢ be the globally optimal objective function value of (9), and f* = ||Pa(S*)||; + A|V*||. be the objective function
value generated by Algorithm 1. We have that

[ <f8+cr6 +mne,

where ¢, is a constant defined by

_mn pd+p) 1 Po(D)l4
€1 = THPQ(D)”F (ﬁ‘*‘ﬁ) S

Theorem 11. Suppose (L°,S°) is an optimal solution to the RMC problem (5), rank(L’) = r and f° = ||Po(S%)||, + A|L°|.. Let
' =1Pa(S); + AU (V")T||, be the objective function value generated by Algorithm 1 with d > 0. We have that

O <f <f°+cie +mne+ (Vmn — )64, max(r — d,0),

where 61 > 0, > --- are the singular values of 1°.
Since the rank parameter d is set to be higher than the rank of the optimal solution to the RMC problem (5), i.e.,d >,
Theorem 11 directly concludes that

fO<f <f°+cie + mne.

Moreover, the value of ¢ can be set to be arbitrarily small, and the second term involving &; diminishes. Hence, for the solu-
tion (U",V*,S") generated by Algorithm 1, a solution to the RMC problem (5) can be achieved by computing L* = U*(V*)T.

5.2. Complexity analysis

We also discuss the time complexity of our RBF algorithm. For the RMC problem (7), the main running time of our RBF
algorithm is consumed by performing SVD on the small matrix of size n x d, the QR decomposition of the matrix P,V,, and
some matrix multiplications. In (17), the time complexity of performing SVD is O(d”n). The time complexity of QR decom-
position and matrix multiplications is O(d2 m + mnd). The total time complexity of our RBF algorithm for solving both prob-
lems (3) and (7) is O(t(d*n + d*m + mnd)) (usually d < n < m), where t is the number of iterations.

5.3. Applications of matrix completion

As our RBF framework introduced for robust matrix factorization is general, there are many possible extensions of our
methodology. In this part, we outline a novel result and methodology for one extension we consider most important:
low-rank matrix completion. The space limit refrains us from fully describing each development, but we try to give readers
enough details to understand and use each of these applications.

By introducing an auxiliary variable L, the low-rank matrix completion problem can be written into the following form,

.1
min > [Po(D) — Po(L)lf + V], st. L=UV', UU=L (28)
Similar to Algorithm 1, we can present an efficient ADMM scheme to solve the matrix completion problem (28). This algo-
rithm can also be easily used to solve the low-rank matrix factorization problem, where all entries of the given matrix are
observed.

6. Experimental evaluation

We now evaluate the effectiveness and efficiency of our RBF method for RMC and CPCP problems such as text removal,
background modeling, face reconstruction, and collaborative filtering. We ran experiments on an Intel(R) Core (TM) i5-4570
(3.20 GHz) PC running Windows 7 with 8 GB main memory.

6.1. Text removal
We first conduct an experiment by considering a simulated task on artificially generated data, whose goal is to remove

some generated text from an image. The ground-truth image is of size 256 x 222 with rank equal to 10 for the data matrix.
We then add to the image a short phase in text form which plays the role of outliers. Fig. 2 shows the image together with the
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x|

(b) ()

Fig. 2. Images used in text removal experiment: (a) input image; (b) original image; and (c) outlier mask.

clean image and outliers mask. For fairness, we set the rank of all the algorithms to 20, which is two times the true rank of
the underlying matrix. The input data are generated by setting 30% of the randomly selected pixels of the image as missing
entries. We compare our RBF method with the state-of-the-art methods, including PCP [8], SpaRCS' [48], RegL1? [57] and BF-
ALM [6]. We set the regularization parameter . = /max(m, n) for RegL1 and RBF, and the stopping tolerance ¢ = 10~* for all
algorithms in this section.

The results obtained by different methods are visually shown in Fig. 3, where the outlier detection accuracy (the score
Area Under the receiver operating characteristic Curve, AUC) and the error of low-rank component recovery (i.e.,
ID — L||¢/|ID||z, where D and L denote the ground-truth image matrix and the recovered image matrix, respectively) are also
presented. As far as low-rank matrix recovery is concerned, these RMC methods including SpaRCS, RegL1, BF-ALM and RBF,
outperform PCP, not only visually but also quantitatively. For outlier detection, it can be seen that our RBF method
significantly performs better than the other methods. In short, RBF significantly outperforms PCP, RegL1, BF-ALM and
SpaRCS in terms of both low-rank matrix recovery and spare outlier identification. Moreover, the running time of PCP,
SpaRCS, Regl1, BF-ALM and RBF is 36.25 s, 15.68 s, 26.85 s, 6.36 s and 0.87 s, respectively.

We further evaluate the robustness of our RBF method with respect to the regularization parameter 4 and the given rank
variations. We conduct some experiments on the artificially generated data, and illustrate the outlier detection accuracy
(AUC) and the error (Error) of low-rank component recovery of PCP, SpaRCS, RegL1 and our RBF method, where the given
rank of SpaRCS, RegL1 and our RBF method is chosen from {20,25,...,60}, and the regularization parameter 1 of PCP,
RegL1 and RBF is chosen from the grid {1,2.5,5,7.5,10, 25,50, 75, 100}. Notice that because BF-ALM and RegL1 achieve very
similar results, we do not provide the results of the former in the following. The average AUC and Error results of 10 inde-
pendent runs are shown in Figs. 4 and 5, from which we can see that our RBF method performs much more robust than
SpaRCS and RegL1 with respect to the given rank. Moreover, our RBF method is much more robust than PCP and RegL1 again-
st the regularization parameter A.

6.2. Background modeling

In this experiment we test our RBF method on real surveillance videos for object detection and background subtraction as
a RPCA plus matrix completion problem. Background modeling is a crucial task for motion segmentation in surveillance
videos. A video sequence satisfies the low-rank and sparse structures, because the background of all the frames is controlled
by few factors and hence exhibits low-rank property, and the foreground is detected by identifying spatially localized sparse
residuals [51,8,46]. We test our RBF method on four color surveillance videos: Bootstrap, Lobby, Hall and Mall databases.?
The data matrix D consists of the first 400 frames of size 144 x 176. Since all the original videos have colors, we first reshape
every frame of the video into a long column vector and then collect all the columns into a data matrix D with size of
76,032 x 400. Moreover, the input data is generated by setting 10% of the randomly selected pixels of each frame as missing
entries.

Fig. 6 illustrates the background extraction results on the Bootstrap data set, where the first and fourth columns represent
the input images with missing data, the second and fifth columns show the low-rank recoveries, and the third and sixth col-
umns show the sparse components. It is clear that the background can be effectively extracted by our RBF method, RegL1 and
GRASTA* [15]. Notice that SpaRCS could not yield experimental results on these databases because it ran out of memory.
Moreover, we can see that the decomposition results of our RBF method, especially the recovered low-rank components, are
slightly better than that of RegL1 and GRASTA. We also report the running time in Table 1, from which we can see that RBF
is more than 3 times faster than GRASTA and more than 2 times faster than RegL1. This further shows that our RBF method
has very good scalability and can address large-scale problems.

T http:/
2 https:
3 http:/
4 https:

www.ece.rice.edu/~aew2/sparcs.html.
[sites.google.com/site/yingiangzheng/.
perception.i2r.a-star.edu.sg/bkmodel/bkindex.
[sites.google.com/site/hejunzz/grasta.
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(d)

63

(e)

Fig. 3. Text removal results. The first row shows the foreground masks and the second row shows the recovered background images: (a) PCP (AUC: 0.8558;
Error: 0.2516); (b) SpaRCS (AUC: 0.8665; Error: 0.2416); (c) RegL1 (AUC: 0.8792; Error: 0.2291); (d) BF-ALM (AUC: 0.8568; Error: 0.2435); and (e) RBF (AUC:

0.9227; Error: 0.1844).
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Fig. 4. Comparison of PCP, SpaRCS, RegL1 and our RBF method in terms of AUC (Left) and Error (Right) on the artificially generated data with varying ranks.
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Fig. 5. Comparison of PCP, SpaRCS, RegL1 and our RBF method in terms of AUC (Left) and Error (Right) on the artificially generated data with varying

regularization parameters.

6.3. Face reconstruction

We also test our RBF method for the face reconstruction problems with the incomplete and corrupted face data or a small

set of linear measurements y as in [50], respectively. The face database used here is a part of Extended Yale Face Database B
[17] with the large corruptions. The face images can often be decomposed as a low-rank part, capturing the face appearances
under different illuminations, and a sparse component, representing varying illumination conditions and heavily “shadows”.
The resolution of all images is 192 x 168 and the pixel values are normalized to [0, 1], then the pixel values are used to form
data vectors of dimension 32,256. The input data are generated by setting 40% of the randomly selected pixels of each image
as missing entries.
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Fig. 6. Background extraction results of different algorithms on the Bootstrap data set, where the first, second and last rows show the recovered low-rank
and sparse images by GRASTA, RegL1 and RBF, respectively.

Table 1

Comparison of time costs in CPU seconds of GRASTA, RegL1 and RBF on background modeling data sets.
Datasets Sizes GRASTA RegL1 RBF
Bootstrap 57,600 x 400 153.65 93.17 38.32
Lobby 61,440 x 400 187.43 139.83 50.08
Hall 76,032 x 400 315.11 153.45 67.73
Mall 245,760 x 200 493.92 - 94.59

Fig. 7 shows some original and reconstructed images by RBF, PCP, RegL1 and CWM? [31], where the average computational
time of all these algorithms on each people’s faces is presented. It can be observed that RBF performs better than the other
methods not only visually but also efficiently, and effectively eliminates the heavy noise and “shadows” and simultaneously
completes the missing entries. In other words, RBF can achieve the latent features underlying the original images regardless
of the observed data corrupted by outliers or missing values.

Moreover, we implement a challenging problem to recover face images from incomplete linear measurements.
Considering the computational burden of the projection operator P,, we resize the original images into 42 x 48 and
normalize the raw pixel values to form data vectors of dimension 2016. Following [50], the input data is Py (D), where Q
is a subspace generated randomly with the dimension 0.75mn.

Fig. 8 illustrates some reconstructed images by CPCP [50] and RBF, respectively. It is clear that both CPCP and RBF
effectively remove ‘“shadows” from faces images and simultaneously successfully recover both low-rank and sparse
components from the reduced measurements.

6.4. Collaborative filtering

Collaborative filtering is a technique used by some recommender systems [23,18]. One of the main purposes is to predict
the unknown preference of a user on a set of unrated items, according to other similar users or similar items. In order to
evaluate our RBF method, some matrix completion experiments are conducted on three widely used recommendation sys-
tem data sets: MovieLens100K with 100K ratings, MovieLens1M with 1M ratings and MovieLens10M with 10M ratings. We
randomly split these data sets to training and testing sets such that the ratio of the training set to testing set is 9:1, and the
experimental results are reported over 10 independent runs. We also compare our RBF method with APG® [44], Soft-Impute’
[30], OptSpace® [16] and LMaFit® [49], and two state-of-the-art manifold optimization methods: ScGrass'® [33] and RTRMC'"
[3]. All other parameters are set to their default values for all compared algorithms. We use the Root Mean Squared Error
(RMSE) as the evaluation measure, which is defined as

http://www4.comp.polyu.edu.hk/cslzhang/papers.htm.
http://www.math.nus.edu.sg/mattohkc/NNLS.html.
http://www.stat.columbia.edu/rahulm/software.html.
http://web.engr.illinois.edu/swoh/software/optspace/.
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Fig. 7. Face recovery results by these algorithms. From left column to right column: Input corrupted images (black pixels denote missing entries), original

images, reconstruction results by PCP (1020.69 s), CWM (1830.18 s), RegL1 (2416.85 s) and RBF (52.73 s).
Fig. 8. Face reconstruction results by CPCP and RBF, where the first column show the original images, the second and third columns show the low-rank and
sparse components obtained by CPCP, while the last two columns show the low-rank and sparse components obtained by RBF.

1
RMSE = \/@ Zijee(Dy — Ly)?,

where |Q| is the total number of ratings in the testing set, D; denotes the ground-truth rating of user i for item j, and L;
denotes the corresponding predicted rating.

The average RMSE on these three data sets is reported over 10 independent runs and is shown in Table 2 (The best results
are highlighted in bold). From the results shown in Table 2, we can see that, for some fixed ranks, most matrix factorization
methods including ScGrass, RTRMC, LMaFit and our RBF method, except OptSpace, usually perform better than the two con-
vex trace norm minimization methods, APG and Soft-Impute. Moreover, our bilinear factorization method with trace norm
regularization consistently outperforms the other matrix factorization methods including OptSpace, ScGrass, RTRMC and
LMaFit, and the two trace norm minimization methods, APG and Soft-Impute. This confirms that our robust bilinear factor-
ization model with trace norm regularization is reasonable.
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Table 2

RMSE of different methods on three data sets: MovieLens100K, MovieLens1M and MovieLens10M.
Methods MovieLens100K MovieLens1M MovieLens10M
APG 1.2142 1.1528 0.8583
Soft-Impute 1.0489 0.9058 0.8615
OptSpace 0.9411 0.9071 1.1357
Ranks 5 6 7 5 6 7 5 6 7

ScGrass 0.9647 0.9809 0.9945 0.8847 0.8852 0.8936 0.8359 0.8290 0.8247
RTRMC 0.9837 1.0617 1.1642 0.8875 0.8893 0.8960 0.8463 0.8442 0.8386
LMaFit 0.9468 0.9540 0.9568 0.8918 0.8920 0.8853 0.8576 0.8530 0.8423

RBF 0.9393 0.9513 0.9485 0.8672 0.8624 0.8591 0.8193 0.8159 0.8110
1 3.5
(a) —‘Z— E&G::gtss (b) - + — OptSpace
- B - LMaFi —%— ScGrass
RTRMC 3 RTRMC
=0~ RBF 4 L —0= Y
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Fig. 9. Results of our RBF method, ScGrass, LMaFit, and OptSpace against their parameters: (a) rank and (b) regularization parameter 4.

Furthermore, we also analyze the robustness of our RBF method with respect to its parameter changes: the given rank and
the regularization parameter 1 on the MovieLens1M data set, as shown in Fig. 9, from which we can see that our RBF method
is very robust against its parameter variations. For comparison, we also show the results of some related methods: ScGrass
and LMaFit, OptSpace and RTRMC with varying ranks or different regularization parameters in Fig. 9. It is clear that, by
increasing the number of the given ranks, the RMSE of ScGrass and LMaFit, RTRMC becomes dramatically increases, while
that of our RBF method increase slightly. This further confirms that our bilinear matrix factorization model with trace norm
regularization can significantly reduce the over-fitting problems of matrix factorization. ScGrass, RTRMC and OptSpace all
have their spectral regularization models, respectively (for example, the formulation for OptSpace is minysy
(1/2)||Po(USV" — D)||2 + A||S||2.) We can see that our RBF method performs more robust than OptSpace, ScGrass and
RTRMC in terms of the regularization parameter 1. Moreover, our RBF method is easily used to incorporate side-information
as in [38,37,27,21,55].

7. Conclusion and future work

In this paper, we proposed a scalable, structured robust bilinear factorization (RBF) framework for RMC and CPCP
problems. Unlike existing robust low-rank matrix factorization methods, the proposed RBF method can not only address
large-scale RMC problems, but can also solve low-rank and sparse matrix decomposition problems with incomplete or cor-
rupted observations. To this end, we first presented two smaller-scale matrix trace norm regularized models for RMC and
CPCP problems, respectively. Then we developed an efficient ADMM algorithm to solve both RMC and RPCA problems,
and analyzed the suboptimality of the solution produced by our algorithm. Finally, we extended our algorithm to solve
CPCP problems. Experimental results on real-world data sets demonstrated the superior performance of our RBF method
in comparison with the state-of-the-art methods in terms of both efficiency and effectiveness.

Our RBF method can address various large-scale robust low-rank matrix recovery problems. In the future, we are inter-
ested in exploring ways to regularize our model with auxiliary information as in [38,37,27], such as graph Laplacian, as well
as with general penalties such as the non-negative constraint. Moreover, our RBF method can also be extended to various
low-rank high-order tensor recovery problems, such as low-rank tensor completion.
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Appendix A. Proof of Lemma 2

Proof. Let (L*,S") be the optimal solution of (4), g(L,S) = ||S||; + Z||L||, and I = {(L,S)|Pa(D) = Pqo(L + S)}, then we will prove
the following statement by contradiction:

Poc(S) = 0.

Let us assume that P (S7) # 0. Let S* be (§), = (S'), and (S*)Qc =0, then we have (L*,5*) € I'and g(L*,$") < g(L",S"), which
leads to a contradiction. Therefore, P,c(S*) = 0. In other words, (L*,S") is also the optimal solution of (5). O

Appendix B. Proof of Lemma 3

Proof. Let the SVD of VT be VT = USV7, then UVT = (UU)SVT. Since (UD) (UU) = I, (UD)SVT is actually an SVD of UV,
According to the definition of the trace norm, we have ||V||, = |V, = tr(X) = |UVT|,. O

Appendix C. Proof of Theorem 4

Proof. If we know that (L*,S") is a solution to the optimization problem (5), it is also a solution to
min S JILN
LS rank(L)=r HPQ( )Hl + ” ”*

st., Po(D)=Pa(l+5),Py(S) = 0.

Since for any (L,S) with rank(L) = r, we can find U € R™ and V e R™¢ satisfying UV" = L and Pq(D — UV") = P, (S), where
d > r. Moreover, according to Lemma 3, we have

min [Po(S) + V.
st Pa(D) = Po(UV' +5), UU=I,
J— 3 T
=min [[Pa(S)[; + 2|UV'],
= smin [Pl + AL

S.t., PQ(D) = P_Q(LJFS),

where Py (S) = 0. This completes the proof. O

Appendix D. Proof of Theorem 7

Proof. We will prove the statement in Theorem 7 using mathematical induction.

(I) When k = 1, and following [34], then the optimal solution to the problem (14) is given by
U; = U] ‘7{,
where the skinny SVD of P,V is P;V; = Uy 2, VY.

Setting the same initial values for our iterative scheme and the SVD scheme, i.e., Uy = Uy, Vj =V, S; =So and
Y; = Yo such that P; = Py, and by Algorithm 1, then we have

Ur=Q, QR(PoVo) =QR(PyVy) = QR.



68 F. Shang et al./ Information Sciences 307 (2015) 53-72
Hence, it can be easily verified that 30, € N satisfies U} = U;0; [5], where N = {A € R4 ATA = I,AA" = I}.
By the iteration step (19), we have
Vi = SVT,55((Pg)"Up) = SVT, g (Pg) U1 O1) = SVT, 5y (Pg) U1)01 = V10,
Thus, U;(V;)" = U,V!. Furthermore, we have
S;=5,Pi=P;, and Y]=Y;.

(IT) When k > 1, we suppose that the result of Theorem 7 holds at the (k — 1)-th iteration. Then, following [34], U, is
updated by

U; = UV,
where the skinny SVD of P; Vi , is P; Vi ; = UZ VL.

By P;_1Vi_1 = Pr_1Vk_10k_1, and according to (15), then 30, € N satisfies Uy = U0y [5]. Furthermore, we have
Up(Vi)" = UiSVT.pa, , ((UR)' Piy) = SVTpa,  (Up(Up) Picy) = SVTy (Uk(Un)" Pict) = UV,

V; = V,(Ok, SZ = Sk7 P;: = Py, and Y;; =Y.
Since V}, = V.0, we also have ||Vi]|, = ||Vi].-
This completes the proof of Theorem 7. O

Appendix E

The proof sketch of Lemma 8 is similar to those in [22,25,41]. We first prove that the boundedness of multipliers and
some variables of Algorithm 1, and then analyze the convergence of Algorithm 1. To prove the boundedness, we first give
the following lemmas.

Lemma 12 ([13,22]). Let H be a real Hilbert space endowed with an inner product (-, -) and a corresponding norm || - || (e.g., the
nuclear norm or the l; norm), and y € 9|x||, where || - || denotes the subgradient. Then |y||" =1ifx+#0, and |ly|" < 1ifx=0,
where || - ||* is the dual norm of the norm || - |.

Lemma 13. Let Yiq = Yy + 0(D — Up1 Vi y — Sien), Vi1 = Y+ 0u(D — Uiy Vi, —Sk) and Yy = Yy + ou(D — Up,, Vi — Si),
where Uy, is the solution of the problem (14). Then the sequences {Y,}, {Y/k}, {?k}, {Vi} and {S,} produced by Algorithm 1 are
all bounded.

Proof. By the optimality condition for the problem (20) with respect to S, we have that

0 € 05,110 Loy (Uki1, Vier1, Sk1, Yoo,
and

Po(Yi+ (D = Ugi1 Vi = Skin) € AlIPa(Sia)ll,
ie,

Pa(Yii1) € 0Pa(Sk)llr- (29)
Substituting Yi1 = Yi + 0&(D — Ues1 Vi, ; — Skia) into (23), we have

Poc (Vi) = 0. (30)
Using (29), (30) and by Lemma 12, we have

Ykl = IPa(Yir)ll < 1.

Thus, the sequence {Y,} is bounded.
From the iteration procedure of Algorithm 1, we have that

Loy (Uii1, Vi1, St Yi) < Loy (Uit Vigr, Sk Ye) < Loy (U, Vies S, Yie) = Lo, (Uies Viey Ses Y1) + Bell Ve — Yi 1 [I7

where B, = To;? (01 + o) and o = porg_s.
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Since

2 O 1+°‘k plp+1)
Zoc = 2%(p — 1) < 00, (31)

we can conclude that {£,_, (U, Vi, Sk, Yr_1)} is upper bounded due to the boundedness of {Y,}. Then

Olg—1
1
MVl +1Po(Slly = Loy, (Uks Vies Sk, Yier) = jd;ﬂl(llYkllﬁ — 1Y l),

is upper bounded, i.e., {V,} and {S;} are bounded, and {U,V}} is also bounded.

We next prove that {Y,} is bounded. Let Uy, denote the solution of the subproblem (14). By the optimality of Uy, ;, then
we have

Y+ (D = Up,y Vi = So)llp < [IYic + 0 (D = UV — So) 7
By the definition of Y}, and oy, = poy, thus we obtain that

IYellF < 11+ p)Yi — pYica .

By the boundedness of {V,} and {Y,}, then the sequence {Y,} is bounded.
The optimality condition for the problem (16) with respect to V is written as follows:

Ugr Yir € 20 Vi .. (32)
Using (32) and by Lemma 12, we know that
Uk Vel < 2

Hence, {U{Ylk} is bounded. Let U;H denote the orthogonal complement of U, i.e., Uﬁﬂ Uy.1 = 0, according to Theorem 7,
then 30y.; satisfies Uy, ; = Uy.10441. Using this fact, we have

(Ut Vst = (Uic) (Y + 04D = U Vg = S0) = (Ugr)' (Ve + %4(D = U1 Ot Vi, = S0)
" TS
(Uﬁﬂ) (Yi+0x(D — Uy, Vi = Si) = (Ug,1) Y.
Thus, {(U,f)TYk} is bounded due to the boundedness of {Y,}. Moreover, we can show that for all k,
A A~ T A A T A
HYkH”z = HUZHYIM +( ﬁﬂ) yk+1||2 < ||U£+1yk+l||2 + ||( ¢+1) yk+1H2-

Since both {ULY,} and {(U,f)r?k} are bounded, the sequence {Y,} is bounded. This completes the proof of Lemma 13. O

Proof of Lemma 8.
(I) By D — U4y VLl — Skp1 = 0. 1Yy — Yy), the boundedness of {Y,}, and lim,._.., o = oo, we have that
lim D — U1V, =S = 0.

Thus, {(Uy, Vi, Sk)} approaches to a feasible solution.
(1) We prove that the sequences {S;} and {U,V}} are Cauchy sequences.
BY [ISke1 — Sell = o [[Yier — Yill = o(e5") and

Zak 1 = —]) OO
thus, {S} is a Cauchy sequence, and has a limit, S...

Similarly, {U,V1} is also a Cauchy sequence, therefore it has a limit, U.(V..)".

This completes the proof of Lemma 8. OJ
To prove Lemma 9, we first give the following lemma in [25].

Lemma 14. Let X, Y and Q be matrices of compatible dimensions. If Q obeys Q"Q =1 and Y € 8|X|,, then
QY € 9] QXl..
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Proof of Lemma 9. Let the skinny SVD of P, = D — S + Y, /o be P, = U, 2, V7, then it can be calculated that

QR(PV) = QR(ULZLVIV)).
Let the full SVD of £, VIV, be £,VIV, = USVT (note that U and V are orthogonal matrices), then it can be calculated that
QR(UZVIVY) = QR(ULUZVT) = QR, Uiy = Q.
Then 30 and 070 = 00" = I such that Uy, = U,UO, which simply leads to
UpUp,, = U000"0"UL = U, UL
Hence,
Yier = U ULlka = W [(D =Sk + Yi/1y) — Uk+1UI<+1 (D =Sk +Yi/ 1) = uk(U,<flkV£ = Uk UL] Ukﬁ:kVZ)

= (U VE - U ULUEVE) = 0,

Yier = U U, Vi
Using (32) and Lemma 14, we have
UkaUgrYier € 20Ut Vi .-
Thus, we obtain that
Yier € 20Uk Vi ll, and Po(Yir) € 9 Pa(Sken)ll;, k.
Since the above conclusion holds for any k, it naturally holds at (U*,V*,5"):
Y =Ypq € 20|U (V). and Po(Y') = Pa(Yi-11) € A|Pa(S);- (33)

Given any feasible solution (U,V,S) to the problem (9), by the convexity of matrix norms and (33), and P, (Y") =0, we
obtain that

1Pa(S)lly + AIVI. = [Pa(S)lly + 21UV, > [Pa(S)ly + (Pa(Y"), Pa(S — ) + Z|U"

o DL+ (v vt = U (v
= [Pa(S)ly + (Pa(Y"),S = S7) + AU (V)" + (¥*, UV — U (V")

(

al

v
)
= [Pa(S)l + U (V). + (Pa(Y),UVT +S = U (V)" =) +(¥*

=P
By Lemma 8 and ||Po(Y")|l. < 1, we have that |[UV" +S—U"(V")" —S"||, = D — U (V") = §'||. < & which leads to

— Po(Y),UVT — U (V)T
Sy + AU (VY + (Pa(Y), UV +S = U (V) =8 + (Y =Y UV — U (V)").

(Pa(Y),UVT +S = U (V') = )| < [Pa(Y) UV +S = U (V)" =S|}y = [Pa(Y)ID - U (V)" =S,
<mn|D— U (V") =S|, < mne.
Hence,
1Pa(S)ll + ZIVI. = I1Pa(S) s + AVl + (Y =Y, UV = U (V")) — mne.

This completes the proof of Lemma 9. O

Proof of Theorem 10. It is worth nothing that (U,V = 0,S = D) is a feasible solution to the problem (9). Let (U%,V#,5%) be a
globally optimal solution to (9), then we have

AVELL < 1Pa(S*)ll + AIVE]L < IDlly = [Pa(D)ll;-

By the proof procedure of Lemma 13 and o = we have that V" is bounded by

1
[Pa (D)l

. - Yol _mn(p(1+ 1
AV < 1P+ AV € Lo Wi Vi Sen i) + I B (POL2 2L, L)

24, p—-1  2pk
1+ 1
- mnHPg(D)HF<%+W>.
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Thus,
UEWE = U (v < IVE]L+ V'L < (34)
Note that [(M, N)| < ||[M||,|IN||, (please see [45]) holds for any same-sized matrices M and N. By Lemma 9 and (34), we have
FE = 1Pa(SE)lly + AVELL = [Pa(S)ly + AV, + (¥ = Y, US(VE) — U (V")") — mne
> =V = YUV = U (V)| = mne = £ — ey |US(VE)" = U (V)T||, —mne > f* = crer — mne.

This completes the proof of Theorem 10. O

Proof of Theorem 11. Let L = U*(V*)" and S = S*, then (L, S) is a feasible solution to the RMC problem (5). By the convexity of
the problem (5) and the optimality of (L°,5°), it naturally follows that

fo<f.

Let [ = U°=°(V®)" be the skinny SVD of L°. We set U' = U°, (V)"

=3°v"" and S’ = $°. When d > r, we have
D=1°+S"=U°s°(V®) +°=u/ (V) +5,
i.e., (U,V',S) is a feasible solution to (9). By Theorem 10, it can be concluded that
=iz —mne <2V'|.+ 1Pa(S)lly = AZ°. + [Pa(s) | =1
For d < r, the skinny SVD of L° is given by
[0 = UpZoVg + Ui,V

where Uy and V, (resp. U; and V) are the singular vectors associated with the d largest singular values (resp. the rest sin-
gular values smaller than or equal to ¢,4). Then we have a feasible solution to (9) as follows:

U' =U, (V') =2Vl and S§"=D—UyZoV) =5° + Uy, V1.
By Theorem 10, we obtain that
[ = crer —mne < f& < V||, + [Pa(S")lly < ZIZoll, + [Pa(S® + UrZa V)l
AN = A1) + 1Pa(S) s + [Pa(UsZi VD)l < f° = AIZs . + U 4V,
<P =T+ VMU E Ve < F0 = AIZ ], 4 Vmal|Us VL < 0+ (Vmn = )| .
<O+ (Vmn = 2) G4, (r - d).

This completes the proof of Theorem 11. O
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