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Abstract

In the past decade, robust principal component analysis (RPCA) and low-rank matrix
completion (LRMC), as two very important optimization problems with the view of
recovering original low-rank matrix from sparsely and highly corrupted observations
or a subset of its entries, have already been successfully adopted in image denoising,
video processing, web search, biological information, etc. This paper proposes an
efficient and effective algorithm, named the alternating direction and step size min-
imization (ADSM) algorithm, which employs the alternating direction minimization
idea to solve the general relaxed model that can describe small noise (e.g., Gaus-
sian noise). The coupling of sparse noise and small noise makes low-rank matrix
recovery more challenging than that of RPCA. We make use of Taylor expansion,
singular value decomposition and shrinkage operator as the alternating direction min-
imization method to deduce iterative direction matrices. A continuous technology is
incorporated into ADSM to accelerate convergence. Similarly, the Taylor expansion
and step size minimization (TESM) algorithm for LRMC is designed by the above
way, but the alternating direction minimization idea needs to be ruled out since there
is not a sparse matrix in it. Theoretically, it is proved that the two algorithms globally
converge to their respective optimal points based on some conditions. The numer-
ical results are reported, illustrating that ADSM and TESM are quite efficient and
effective for recovering large-scale low-rank matrix problems at many cases.
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Numerical Algorithms

1 Introduction
1.1 Problems and models

Suppose that a large data matrix D € R™*" is given and we know that it may be
decomposed as a low-rank matrix A € R™*" and a sparse matrix E € R™*", namely,
D = A+E, but we do not know the low-dimensional column and row spaces of A, even
their dimensions. Moreover, the locations and the number of non-zero entries of E are
also unknown. Our main purpose is to recover the low-rank and sparse components
both accurately and efficiently. This problem named robust principal component
analysis (RPCA) has intensively involved in the fields of face recognition [1], video
processing [2], latent semantic indexing [3], ranking and collaborative filtering [4]
and so on, whose data have routinely increased to thousands or even billions of
dimensions. Let us use video surveillance as an example to specify the optimization
problem. If a sequence of surveillance video’s frames are given, active components
often need to be identified from the background, namely, active and background com-
ponents would be separated. We can arrange all the video’s frames into columns
which form the data matrix D. The low-rank component A naturally corresponds to
the stationary background and the sparse component E denotes the active objects.

The low-rank matrix A and the sparse matrix E are described by two models:
the nuclear norm minimization min [|A]||s« [5, 6] and the /;-norm minimization
min ||E||; [7, 8] respectively, where || A||, is the sum of the singular values of A and
[|E|]1 is the sum of the absolute values of all entries of E. In 2009, Wright et al. [1]
combined min ||A||4 and ||E||; with y = 1/4/max(m, n) [2] as a tractable form (1)
which was the classical convex optimization model of RPCA.

r/§11£1||A||*+VIIE||1, st.D=A+E. )

The model (1) enables to correctly recover underlying low-rank structure in the presence
of gross errors or outlying observations, or identify underlying sparse structure from the
background.

A low-rank matrix A is contaminated by both sparse noise matrix E and
small noise matrix N (e.g., Gaussian noise), namely, the observation data matrix
D=A+E+N, so it becomes a major concern problem how to recover A from D.

This paper focuses on the following general convex relaxed structured minimiza-
tion of the classical model (1) in the RPCA field:

inF(A, E) =min f(A, E A E 2
r/?,ll{:l (A, E) rf{l,ll{:lf( s B) + (Al + Y1 ED, (2)

where f : (R™*", R™ ™) — R is a bivariate bounded continuous differentiable
function, and the parameter © > 0 is used to trade off f(A, E) and ||A||« + YI|E|l1
for minimization. Given its structure, the term 0.5||D — A — E| |% for describing small
noise can be regarded as a special case of the general smooth function f (A, E).
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Recovering a rectangular matrix from a subset of its entries is known as matrix
completion [9]. If there are not any additional conditions, the issue is apparently ill
due to obtaining infinite solutions from few conditions. In many applications, we
hope to recover a low-rank or approximate low-rank matrix with very limited infor-
mation [9], for instance, the famous Netflix recommended system [4]: users only rate
a few items, but one would like to infer their preferences from the incomplete rating
matrix. The Netflix data matrix of all user-ratings may be approximately low-rank
because it is commonly believed that only a few factors, such as subjects, directors,
actors and so forth, contribute to anyone’s taste or preference. The similar low-rank
recovery problem with incomplete data is named low-rank matrix completion (LRMC)
that is also applied to many other practical problems, such as system identification
[10], remote sensing [11], video denoising [12], and illumination compensation [13].

In 2010, Recht et al. [5] showed that if a certain restricted isometry property held
for the linear transformation defining the constraints, the solution about LRMC could
be recovered by solving the model (3), which was the most classical and popular
model in the LRMC field.

min [|All, s.t. Pa(A) = Pa(D), 3)

where Pgq(-) denotes an orthogonal projector onto the span of matrix vanishing out-
side of €2, in other words, if (7, j) € €, the (i, j)th entry of P (A) is A;;, otherwise,
it is zero. The model (3) means how we recover the low-rank matrix A when the sub-
set Po(A) of A has been known (Pq(A) = Pq(D)). We try to solve the following
general relaxed structured minimization (4) of the model (3):

min F(A) = min f(A) + ul[Allx, “

where 0.5||Pq(A) — PQ(D)H%; for describing small noise can be seen as a special
case of f(A).

1.2 Existing algorithms

In the aspect of RPCA, the off-the-shelf interior point methods can be applied to
solve the semidefinite program [14] reformulated as the model (1). They show some
effectiveness, but only in handling small-scale matrix whose size isn x n (n < 100),
due to its high-order complexity O (n®) where n is the order of a square matrix. In
pattern recognition, the sizes of matrices are so huge that the interior point methods
have not satisfied the demand of many practical applications due to depending on
the second-order information of the objective function essentially. Wright et al. [1] in
2009 presented the iterative thresholding (IT) algorithm, with only O (n?) complex-
ity, relying on the first-order information for solving the model (1). It can compensate
for the drawback that the interior point methods hardly solve large-scale matrix prob-
lems, but it converges slowly, resulting in needing much more time. At the same
year, Lin et al. [15] developed a complementary method: accelerated proximal gradi-
ent (APG). This algorithm still depends on the first-order information for solving the
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model (2). It is faster and more scalable than IT by combining with a continuation
technique, which can remove small noise in theory. Then, Lin et al. proposed that the
augmented Lagrange multiplier method could be applied to solve the model (1) that
didn’t describe small noise. Although some people presented the other models with-
out nuclear norm and the corresponding algorithms, the models were non-convex and
the algorithms were not very robust in many cases and not globally convergent.

In the aspect of LRMC, in order to overcome the narrow limitation of interior
point methods in terms of matrix size, Cai et al. [9] in 2010 presented the singu-
lar value thresholding (SVT) algorithm that shrank the singular values of a sparse
matrix at each iteration. It cannot usually recover the matrices that have moderate or
high rank efficiently. Considering the problems about both rank and size, Ma et al.
in 2011 proposed a linear time approximate singular value decomposition based on
fixed point continuation algorithm (FPCA) [16] that made use of an operator splitting
technology and synthesized Bregman iterative algorithm, FPC algorithm and linear
time approximate SVD [17]. Compared to SVT, FPCA is in the ascendant in terms of
time and robustness. Inspired by the fast iterative shrinkage thresholding algorithm
for linear inverse problems [18], Toh et al. [19] developed the APGL algorithm with
a linesearch-like technology, which had the better iteration complexity than that of
SVT and FPCA. The two algorithms APGL and FPCA for solving the model (4)
can remove small noise to a certain extent. Further, Lin et al. used the augmented
Lagrange multiplier method to solve the model (3) that didn’t also describe small
noise. Some researchers proposed the other models without nuclear norm, but they
were non-convex, so the corresponding algorithms were not robust in many cases and
not globally convergent.

Despite such exciting developments in the RPCA and LRMC fields, the current
existing algorithms still lose some efficiency and effectiveness for large-scale matrix
problems when removing small noise in some situations. Therefore, it is necessary to
propose more exciting algorithms for the denoising problem in above fields.

1.3 Contributions and organization

The main contributions of this paper are as follows. We propose an algorithm named
the alternating direction and step size minimization (ADSM) algorithm that uses
the alternating direction minimization idea to solve the general relaxed model (2)
in the RPCA field. This paper uses Taylor expansion, SVD, shrinkage operator, and
so forth to deduce iterative direction matrices of the low-rank matrix and the sparse
matrix. By combining this idea with the direction step size formula, we update the
direction matrices and the corresponding step sizes alternately. The Taylor expansion
and step size minimization (TESM) algorithm for LRMC is designed by the simi-
lar way without the alternating direction minimization idea. We prove their global
convergence based on some conditions. Experimentally, compared with the current
existing algorithms, the two proposed algorithms are very promising in running time,
computational accuracy, robustness, etc. in some situations.

The rest of this paper is organized as below. In Section 2, we deduce the iterative
direction matrices of the low-rank matrix and the sparse matrix. The basic steps of
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ADSM and TESM are established respectively. In Section 3, it is given that the global
convergence theorems in some conditions. In Section 4, we conduct some experi-
ments to show the efficiency and effectiveness of the two algorithms. This paper is
concluded briefly in the last section.

2 Algorithm analysis

This paper inspired by the non-monotone Barzilai-Borwein gradient algorithm [20]
in the compressed sensing field proposes the two algorithms: ADSM for RPCA and
TESM for LRMC. By combining the direction step size formulas Ay = Ax+ox My
and Eyy1 = Eji + Bi Ny with the alternating direction minimization idea [21], we
deduce the two direction matrices My and Nj. After the two corresponding step sizes
oy and B are given, the next iterative matrices My and Ny can be computed easily.

The soft-thresholding operator belongs to the proximity operator whose details
can be found in [22]. Theorem 1 about it, which has been introduced in [9], is used
to support the derivation process of M.

Theorem 1 Let A € R™ " be a low-rank matrix, D (-) be the soft-threshold oper-
ator and 5S¢ (+) be the shrinkage operator: S;(x) = max{|x| — t, 0}(x/|x|) where T
is a positive threshold value. The SVD of Q € R™*" is ULV where U € R™*",
¥ € R and V € R™ are the left orthogonal matrix, the singular matrix and the
right orthogonal matrix respectively. Then, the following expression holds.

A = argmin05/|4 = QIIf + Tl|All = De(Q) = US(D)V".

At the kth iteration, we see A; and Ej as the known matrices, and retain the first
three terms of Taylor expansion of f(Ax + M) at Ay and the first two terms of Taylor
expansion of ||Ax + M||« at Ag. The first-order derivative form of ||Ax + M ||, at Ag
has three new unknown matrices due to the unknown matrix M. The difficulty can be
overcome by approximated form of derivative definition. Specifically, the expanded
form of F(Ar + M) at Ay is as follows:

F(Ay+ M)
= f(Ac+ M) + u(||Ax + Ml + yI1EkllD)

Ak
~ f(A) +(Vf(AL), M) + TIIMII% + uy | Exll + n(|lAx]l« (5)
Ak +h M|l — [|Agllx
h

)
= P(M),

where both £ and A, are small positive numbers and

(Vf(AR), M) = trace(V f (AT M).
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A + h My
= in P.(M
arg Akarli?M % (M)

. Ak 2 1%
=arg  min (Vf(A). M)+ 1Ml + 51| A+ ],

i hz((Vf(A )M+ K12+ A+ hMIL)
=arg min — , - L
E achiM At k 2 F ek *

1 h h
= in —(Ax +hM — (Ax — —V f(Ap), A + hM — (A — —V f(A
arg min o (A + (Ak " F(AK), Ak + (Ak " J(A))

uh
+ —||Ax + h M|,
Al
in L11AL+AM — (Ap — 2oV FAOIE + M1 Ar + n)
=arg min — — - — —
g Ag+hM 2 k k g kUF Ak k *

h
=Dun (Ax — )L—Vf(Ak)),
A k

where the last equality is supported by Theorem 1, so the formula (6) of M} can be

obtained.

1

h
My = E[DM (Ax — EVf(Ak)) — Agl. (6)
A

Lemma 1 shows that the function L (/) approaches the first-order term of Taylor
expansion of ||A + M]||. at A decreasingly and avoids appearing mutation as & > 0
decreases. In addition, Lemma 1 supports the proof of Theorem 2.

Lemma 1 For any two matrices A, M € R™*" , the function L(h) increases
monotonously as h increases.
[|A +hM|l — [|A]l«

L(h) = , , he0,+00).

Proof For Vhy, hy € (0, 400) and k| < ho,

L(h1) — L(h2)
A+ M|l — 1Al [JA+ hao M| — [1A]l«
B hi B ha
_ mllA+ M|l — ha|Allx — hi||A + haM|| + h1]|All«
B hihy
[lhoA + hihoM ||« — [|h1 A + hihao M|« + (h1 — h2)]| Al
hihy
[lh1 A+ hihoM + ho A — hiAllx — || A + hiho M|y + (hy — ho)|[All«
hihy
- [lh1 A+ hiho M|l + [|hoA — h1Allx — [1h1 A + hiho M || + (b1 — k)] All«
- hihy

=0,

namely, L(h1) < L(h2), so L(h) increases monotonously as / increases. O
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Theorem 2 shows that the direction matrix Mj defined by the formula (6) is
descent if My # 0.

Theorem 2 Suppose that A, > 0 and the direction matrix My, is defined by the
formula (6). Then, 30 € (0, h] such that

F(Ax+0My) < F(A) +0((V £ (A, My) + "N AMll: = il Ailley |

h
(N

and
WAk + A M|l — pll Aglls -

(Vf(AK), My) + h <

Ak
—7||Mk||%. 8)

Proof By differentiability of the smooth function f(-) and convexity of ||A||, it can
be shown that for V6 € (0, /], namely, VO/h € (0, 1],

F(Ar +0My) — F(Ag)
= f(Ax +0Mp) — f(Ap) + pllAk + OMillx — ullAxlls + wyllEl — wyllElh

0 0
= f(Ax+0Mp) — f(Ax) + ,UvHZ(Ak +hMp) + (1 - E)AkH* — 1| Akl
uo 0
< f(Ak +OMy) — f(Ap) + THAk + A Ml + (1 — Z)IlAkII* — Al
uo
= [(AQ) + (VF(AR), OM) + 00) = f(AR) + — =1 Ak + A M + ]l Axll«
uo
- TIIAkII* — Akl
uo uo
= 0(VS(AR), Mi) + == 1Ak + h Ml = == [l Akl + 0(0).
So the inequality (7) is proved.

Note that My, is the minimizer of the expression (5) and 6 € (0, k]. By (5) and
convexity of ||A||«,

wllAx + A Mg|ls — pllAglls
h

Ak 5
(Vf(Ap), My) + EHMkHF +
A2 0 0
< O(Vf(Ar), M) + TIIMklle + EHAk +OhMy||s — EHAkH*
A6 7] 6 m
=0(Vf(Ax), My) + TIIMkII% + Z”ZA" + OhMy + Ay — ZAkH* - ZIIA/{II*

A2 no "w 0 "w
< O(Vf(Ak), Mk) + TIIMkII% + ﬁHAk + M) + ﬁ(l - ﬁ)HAkH* - ﬁHAkH*,
SO

2 no
(1 =09 (A0, M)+ A vl — 22 g+ 120l
9
A= Al = =2 = M. ®
h h - 2 F
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The last three terms of the left side of the inequality in (9) can be arranged as

Iz uo 2 I 0
Z”Ak + hMg|ls — ﬁHAk + h™ M|l — ﬁ(l - E)HAk”*

i [|Ak + h> M|« — || Agll
= 5 (1Ac+hM L — 1| Akl — 0 p - *)
n Ak + WMl ls — || Akl
= —(||A hM —||A —0h
(1A + ML — 1A % ) (10)
" [|Ak + A M|l — || Akl
> - Ul1Ak + Ml — [ Akl — O h* i)
"
= (1A + Myl = 1Akl = Oll A + h Mgl + 011 Axl 1)
"

= Z(l — O (1 Ak + h M|« — [|Aklls)
where the inequality is supported by Lemma 1. By combining (9) with (10), we get
the inequality
A
A =0V (AL, Mi) + %(1 =) (|1Ak + h Ml — 1Akl < —Tk(l Al

namely,

" Ak 2 Ak 2
(VAR Mi) + (1 Ak + 2 Mills = 1 Akll) = = A+ OlIMillr = =Mkl

so the inequality (8) is also proved. O

Theorem 3 about the shrinkage operator, which has been introduced in [15], is
used to support the derivation process of Ng.

Theorem 3 Let t be a positive shrinkage thresholding, E € R™*" be a sparse
matrix, S; (-) be the shrinkage operator and Q € R™*". Then,

E = argmin 0.5|E — Ol1% +tllElll = S:(Q).

At the kth iteration, we see Ax41 and Ej as the known matrices and retain the
first three terms of Taylor expansion of f(Ej + N) and the first two terms of Taylor
expansion of ||Ex + N||; at Ex. The first-order derivative form of || Ex + N||; can be
replaced by an approximated form of derivative definition due to non-differentiability
of || - ||1. The expanded form of F(E; + N) at Ej is as follows:

F(Er+ N)
= f(Ex + N) + u([|Axs1ll« + VIIEx + Nll1)
Pk
R“/f(Ek)-F(Vf(Ek),N)+?IINII%V-irMIIAkJrlII*+ILJ/(||E/<||1
Er + ¢gNl||l1 — ||IE
+|| rtg 21 | Ek|l1

Y

)
£ Ok(N),

@ Springer



Numerical Algorithms

where both g and pi are small positive numbers.

Ei + gNk

—arg min_Qx(N)
Ext+gN

. Pk ny
=arg min (Vf(Ex), N)+ = |IN||% + —||Ex + gNIh
Ex+gN 2 8

2
.8 Pk R4
=arg min —{Vf(Ey),N)+ —||IN||% + —||Ex + gN
gEk+ngk(< f(Ex), N) 2|| 152 p [lEx + gNll1)

.1 g g
=arg min —(Ex +gN — (Ex — —V f(EY)), Ex + gN — (Ex — —V f(Ey)))
Ex+gN 2 Ok Pk
YIE
+ —I|IEx +gNIh
Pk

. 1 8 Y g
=arg min_ —||Ex +gN — (Ex — =V F(EDIF + = |Ex + gN|l
Ex+gN 2 Pk Pk

= S (Ex — £V f(E).
PK Pk

where the last equality is supported by Theorem 3, so the formula (12) of Ni
can be obtained.

1
Ni = ~[Syus (Ex — 2V f(Ep) — Exl. (12)
g n Pk

Lemma 2 shows that the function L(g) decreasingly approaches the first-order
term of Taylor expansion of ||Ex + N||; at E; and avoids appearing mutation as g
decreases. Furthermore, Lemma 2 supports the proof of Theorem 4.

Lemma 2 For any two matrices E,N € R™ " | the function L(g) increases
monotonously as g increases.
IlE 4+ gNIli — [IEIh

L(g) = P . g€ (0,+00).

Proof For Vg1, g2 € (0, +00) and making g; < g2,
L(g1) — L(g2)
_E+aiNIh —IEIL _ |IE + &Nl — [IE]l
81 82
_ ellE+aiN[h — &llElh — sillE + 2Nl + g1l E]l

8182
_ [lg2E + g182N1l1 — lIg1E + g1&2Nll1 + (g1 — gD EINh

8182
_Ig1E+ g182N + g2E — g1Ell1 — |I$1E + 818Nl + (g1 — 8| E|s

8182
- llg1E + g1&2NIl1 +l1g2E — g1Ellh — llg1E + g1g&2N111 + (g1 — gD E|h

8182

-0,

namely, L(g1) < L(g2), so L(g) increases as g increases. O]
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Theorem 4 shows that the direction matrix Ny defined by the formula (12) is
descent if Ny # 0.

Theorem 4 Suppose that pr > 0 and the direction matrix N is defined by the
formula (12). Then, 9y € (0, g] such that

F(Ex + nNg)
< F(EQ) + 1Y f(Eo). No) + MV”Ek"’gNk:l —MVIIEk||1)+O(n)’ (13)
and
(V F(ER). Ni) + ny |1 Ex +8Nké|,|1 — 1y IlEklh - —%IINkII%- (14)

Proof By differentiability of f(-) and convexity of ||E||;, it can be shown that for
Vn € (0, g], namely, Vn/g € (0, 1],

F(Ex + nNk) — F(Ey)
= f(Ex +nNp) — f(ED) + mllAksills — mllAggrlls + wy 1 Ex + nNell — py 1 Ex |l

n n
= f(Ex +nNi) — f(Eg) +HV||§(Ek + 8N + (1 — E)EkHl — uyl|lExlh

< f(EQD) + (VF(ED, nNk) + o) — f(Ex) + I%”IIEk + Nl + ny |l Eelh

myn
- ?”Ek”l — nyllExlh

myn wyn
= (V[ (Ex), N) +o(n) + ?HEk + 0Nkl — ?HEth

so the inequality (13) is proved.
Note that Nj is the minimizer of the form (11) and n € (0, g]. By (11) and
convexity of || E||,

UYEr + gNilli — ny |l Exlli
g

(VF(EQ). Ne) + %HMH% +

2
PkN ny ny
< (Y F (B, Ni) + =~ ||Nk||%+—g 1Bk + ngNelli = =11 Exll
2
PkN nry 1 n ny
=77(Vf(Ek),Nk)+72 ||Nk||§:+7g ||§Ek+7lgNk+Ek_§Ek||l —*g [Ek]I

2
okn wy ny n ny
< N(VF(Er), Ni) + ——|INel|3 + == 1= Ex + ngNilli + —(1 — DI Exlli — —||Exll1
2 g g 8 8 8
2
PkN ny - n nyn
=n(Vf(Ek),Nk>+—2 IINkII%+—g ||§Ek+rngk||1——g2 [ Exll1,

SO

1z nyn
(1 —n><Vf<Ek>,Nk>+?V||Ek+gNk||1 - g—72||Ek+g2Nk||1
(15)
wy n Pk
— ?a - §)||Ek||l =-S5 a- 1) Nell%.
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The last three terms of the left side of the inequality in (15) can be arranged as

ny n n
?[“Ek + gNillh — §||Ek + &Nl — (1 - §)||Ek||l]

jy ||Ex + g*Nilli — | Exllh
= —[llEx + gNkll1 — [|Ekll1 — ng 2 ]
wy |Ex + gNillt — l1Eklh
> —[llEx + gNillh — [l Ekll1 — ng ]
g g (16)
ny
= —[l|Ex + gNilli — l|Exllh — nllEx + gNill + 0l Exll1]

= ‘%[(1 — MIEx + gNelli — (1 — mIIExll1]

ny
= ?(1 — M UIEx + gNelli — 1 Ekll1),

where the inequality is supported by Lemma 2. By combining (15) with (16), we get
the inequality

(1= (V£ (Ep), Nk>+’%<1—n)<||Ek+gNk||1 —lE) = =5 (A =m)INllF-
namely,

(V f(Ep), Nk>+%y<||Ek+gNk||1—||Ek||1> < —SA+nIINE = =S 1IN R
so the inequality (14) is also proved. O

The large values ph/Ag in (6) and yug/pr in (12) are desired to shrink singu-
lar values and all entries of matrix respectively. Hale et al. [23] use a continuation
technology (17) to dynamically adjust p for accelerating convergence. They define
a decreasing sequence {1y}, as opposed to fixing the two terms fth/A; and y jig/ pk.
When the model (2) associated with the next ui4; is to be solved, the approximate
solution (A (uk), E(ug)) about the current wy is used as the starting point in the iter-
ation. In fact, this framework approximately follows the path (A(w), E(u®)) in the
interval [, ol

pks1 = max{tug, i}, k=0,1,2,...,L—1. (17)

According to all the above derivations, the basic steps of ADSM are designed as
Algorithm 1 based on the alternating direction minimization idea. Similarly, TESM
is also proposed by the way, but the idea is not adopted due to non-existing sparse
matrix and the formula (6) of the direction matrix is deduced from the model (4)
instead of (2). Its basic steps are designed as Algorithm 2.
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Algorithm 1 Alternating Direction and Step Size Minimization

Step 0: Initialization. The initial point (Ag, Eop), the initial parameter o > 0, the
constant T > 1 and the stopping threshold rol > 0 are given. Set the iteration k = 0.
Step 1: Stopping criterion. If || D — Ay4+1 — Ex+1l|F/||D||F < tol, stop; otherwise,
continue.

Step 2: Compute the direction matrix My of Ay by (6).

Step 3: Select the optimal step size oy of Ag.

Step 4: Update the low-rank matrix Ay = Ay + o M.

Step 5: Compute the direction matrix Ny of Ex by (12).

Step 6: Select the optimal step size By of E.

Step 7: Update the sparse matrix Er+; = Ex + Bi Nk.

Step 8: Update the penalty parameter uy41 by (17).

Step 9: Loop. Let k =k + 1. Go to Step 1.

Step 10: Output. (A, l:T) = (Ak+1, Ex+1)-

Algorithm 2 Taylor Expansion and Step Size Minimization

Step 0: Initialization. The initial point Ao, the initial parameter ;o > 0, the constant
T > 1 and the stopping threshold tol > 0 are given. Set the iteration k = 0.

Step 1: Stopping criterion. If |[Axyr1 — Axllr/||AkllF < tol, stop; otherwise,
continue.

Step 2: Compute the direction matrix My of Ax by (6) .

Step 3: Select the optimal step size oy of Ag.

Step 4: Update the low-rank matrix Agy1 = Ar + ax M.

Step 5: Update the penalty parameter (41 by (17).

Step 6: Loop. Let k = k + 1. Go to Step 1.

Step 7: Output. A= Ajs1-

3 Convergence analysis

If the step sizes oy of Ay and B of Ej are determined by the non-monotone line
search method [24], the convergence of ADSM and TESM can be analyzed on the
basis of Assumption 1 and Assumption 2 respectively, which is inspired by the
literature [21].

Assumption 1 The level set Q = {(A, E) : F(A, E) < F(Aog, Eo)} is bounded.
Lemma 3 Suppose that the direction matrices My and Ny are defined by (6) and

(12) respectively, where Ay, pr > 0, h, g € (0, 1], and the step sizes ay, Br > O.
Then, F(Ag, Ex) > F(Agr1, Exg1).
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Proof On the one hand, according to the inequality (8), we get

ot Mk Wk
i (V (AR, My) + T"HMkH% + Ak + o Myl < S A (18)

Combining Taylor expansion of f(Ax + o My) at Ag.

Ak + M) — f(Ar) = ar({V f(Ax), My) + o(e)

with (18),
OF (Ax; M)
0A
_ iy LA+ M) — F(AL)
= 1um
ap—0 (075

= lim —[f(Ak +apMy) + k(|| Ag + o M|« + VIIE|) — f(Ar)

ar—0 o
_Mk(||Ak||*+V||Ek||l)]
= llm —[Otk (VF(AR), My) + o) + pil|Ax + o M| — il | Agll]

O(k—)

ar—>0 o

N Y )

< lim —k[—TIIMkIIF+0(Olk)+(MkIIAk+0lkMk||*—MkIIAkII*)
Ik Ik

+(_||Ak||*——||Ak+akth||*)]

/\
. ||Mk||2 + o(a)
= lim +0

ar—0 O

So F(Ay; My) decreases monotonously as k — 400, namely,
F(Ag, Ex) = F(Agq1, Ep).
On the other hand, according to the inequality (14), we get

Bi(V f (Ex), Nk) ||Nk||F + —IIEk+gﬁka||1 = 7||Ek||1-

Combining Taylor expansion of f(Ex + BrNk) at Ex

S(Er + BNi) — f(Er) = BV f(Er), Ni) + o(Br)
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with (19),
0F (Eg; Ni)
0E,
. F(Er + BuNi) — F(E)
= lim
Bk—0 Bk
. 1
= ,maO E[f(Ek + Bk Ni) + k(1 Aklls + Y| Ex + BeNill1) — f(Er)
k—)

— k([ Al + v 1 Exl 1]

1
= ﬂhmo E[ﬁk(vf(Ek), Ni) +0(Bi) + iy | Ex + BiNill — may |1 Exll1]
k—>

. 1 Pkﬁ]? 2
< ﬁhmOE[—TIINkIIF +o(Bk) + (v | Ex + BeNellt — miy 11 Ekll1)
k—>

19794 Uky
+ (?HEk”l - ?HEk ~+ gBiNkll1)]

oBE 2
——=%||IN, +o
i O INGG + 00
B—0 Bk
:O.

0

So F(Ey; Ni) decreases monotonously as k — 400, namely,
F(Apy1, Ex) > F(Agyr, Exy1)-
By combining F (A, Ex) > F(Akt1, Ex) and F(Agt1, Ex) > F(Agy1, Ery1),
we have the inequality F(Ag, Ex) > F(Ak+1, Ex+1)- O]

Lemma 4 Let [y (k) be an integer such that

k—my(k) <li(k) < kand F(A; ) = 0<jH<lfjlnX(k) F(Ak-j)
=j=mi
and let I, (k) be an integer such that
k —ma(k) < hh(k) < kand F(Epx) = 0<jnierlnx © F(Er—j),
=j=m3z

where

m1(0) =0, 0 <my(k) < min{m;(k — 1) + 1, mi},
m2(0) =0, 0 < my(k) < min{my(k — 1) + 1, mp}.

If the step sizes oy and By are determined by the non-monotone line search method
[24], the direction matrices My and Ny satisfy

lim ay||Mi|lp = 0and lim By||Nillp =0
k—00 k— 00
respectively.

Proof The non-monotone line search method is used to determine the step sizes ok
and B, please see the formulas (20)—(23).
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Let 8 € (0, 1), p1 € (0, 1), and m be a positive integer. The method is to choose
-1

the smallest non-negative integer jkl so that the step size oy = & plj" satisfies
0= <m1 (k) :

where
willAg + A M|l — il Akllx

h
mi(0) =0, 0 <m(k) <min{m;(k —1) +1,m}.
The inequality (8) apparently shows if M} # 0,

21

A} = (V (AN, My) +

Ak
Ap = =S IMilE <0
Let 6, € (0,1), po € (0, 1), and m; be a positive integer. It is to choose the

- 2
smallest non-negative integer jk2 so that the step size By = 8 pé" satisfies

F(Ex+ BeNe) = max  F(E_p) + 8281 A7, 22)

0<j2<m(k)

where

Y ikl | Ex 4+ gNillt — y el [ Ex| 1
2 )
m2(0) =0, 0 < ma(k) < min{ma(k — 1) + 1, ma}.

The inequality (14) apparently shows that if N # 0,

AF = (Vf(ER), Ni) + (23)

a} = =ZINdlE <o,
By the inequalities (20) and (22), for Yk > max{m1, m2},
F(AL ), Enw))
= F(A; )1 +0t11(k)71A,11 -1 Ebio—1 + ﬂlz(k)flA[zz(k)_l)

< max F(AL 0 —1-j1» Enaoy—1 + AT o) F S 1A g
= e B 1) (Anw-1-j1> Ento-1+ Bomk—1840)—1) + 810 t0-187 11

< max max F(A =i Ebay—-1—4,) + & A2 _

= 0o d-1 0z iy sty - 01 Bao—1=) + 0201 By 1]
1

+ 8100, 06187, 1y -1

= max max F(A _1—i EnLa—1—-4) + d1¢ ,1A1 _
0=l k-1 0= sttty - AR Bl —1—i) + 816001 Aty

2
+ 52,312(k)71A12(k)_1
1 2
= F(AL0-1) Entah-1)) + 8100, 0-18], (k)1 T 82BL0)—187 )1 -

According to Assumption 1, the sequence {F (A;, k), Ei,k))} converges to a limit
as k — oo.

.1 2
~ ~
From o = @pi* > 0, px = Bpy* >0, Alll(k)—l <0, Alzz(k)—l <0, we get

0 < lim 510l11(k)71A11,(k)_1 + lim 82ﬁ12(k)71A122(k)_1 <0.
k— 00 k— 00
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Thus,
. 1 . 2 —
kh_fgo Sra (k—180 -1 + kh_fgo 8201, (k)—1 A7, (jy—1 = 0-

. . 1 . 2
According to klingo (SIall(k)—lAll(k)—l < 0 and klggo 82:312(1()—1A12(k)—1 < 0, we

get
. 1
Q. dran -1 -1 =0, (24)
. 2
kll)ngo 82810018 iy -1 = 0. (25)

From (24), (25) and the analysis of Grippo et al. in [24], we can deduce the
following conclusions: the direction matrices My and Ny satisfy

lim o||Mi||F = 0and lim Bi||Ni||r = 0.
k—00 k—00
respectively. O

Based on Assumption 1, Lemma 3 and Lemma 4, the global convergence of
ADSM that is shown in Theorem 5 is proved.

Theorem 5 Let sequences {(Ax, Ex)}, {My}, and {Ny} be generalized by Algorithm
1. Then, the sequence {(Ay, Ex)} converges to the globally optimal solution (A*, E*)
of the general model (2).

Proof According to klim ai||Mi||F = 0 in Lemma 4, we get
— 00
lim [|M|lFr =0
k— 00
or
lim ||M||F # Oand lim oy = 0.
k—o00 k—o00
When klim [|Mg||F = 0, the model Agy1 = A + ax My yields that
— 00

Ve > 0,3IN € N*, Vk > N, ||Ar+1 — AkllFr < €. By Cauchy’s test for
convergence, hm A = A*.

When hm ||Mk||F # 0 and hm oy = 0, because oy is the first value satisfying

(20), 3k, € N * such that for Vk z kl, we get (Lemma 3)
o (730 Ok
F(Ar+ —My) > max  F(Ag—j) +061—Ap > F(Ap) + 81— Ay. (26)
01 0=<j=m(k) P1 01
Because of the smoothness of f(-), we can Taylor expand it at Ay such that

F(A+ ;‘—’:Mk) — f(Ap) = ‘;—’1‘<Vf<Ak + ekif—’l‘Mk), M), 27)

where 6; € (0, 1) is a constant.
Combining (26) and (27),

(0973 (0973 (6773 (0973
—(V (A + Oc— M), Mi) + wicl| Ak + — Mgl — il | Akl > 81805 —,
P1 P1 P1 P1
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namely,
K el l Ak + S5 Ml — il | Akl '
(Vf(Ak + 60— My), My) + % > 814y
L1 o1
Let @ = h. Because ay — 0 as k — oo, we obtain ay < p1h as k — oo. Based
on Lemma 1, the following inequality can be obtained.

il l Ak + T Ml = sl l Akl el A + A Ml — el | Acl s

L
o1 h

(Vf (A + ek%Mu, My) — (V£ (A, My)

<0.

= (Vf(Ax +9k—Mk) M) — (V f(Ar), M)

n Mkl Ak + (;_I;Mk”* — il Aklls _ WillAg + M|« — pil|Akll«

e 28
o h (28)

> 81AL — AL
=—(1-8)A}

A
(1—81) (m‘“)nM 1%

v

By taking the 11m1ts in both sides of the inequality (28), we get

0> (1—8) (mm’ Jim ||Mk||F>O

namely, lim |[Mg||r =0.So lim Ak = A*.
k—o00 k—o00
According to klim BrlINk||F = 0 in Lemma 4, we get
—00
lim [|Nillr =0
k— 00
or
lim |[[N||lF # 0and lim B; = 0.
k— o0 k— 00
When klim ||Nk||F = 0, the model Ex4+1 = Ex + B Nk yields that
— 00
Ve > 0,3IN’ € N*, Vk > N/, ||Ex+1 — Ekllr < €. By Cauchy’s test for
convergence, klim E, = E*.
—> 00
When lim ||Ng||F # 0 and lim B; = 0, because f is the first value satisfying
_ k—o00 k‘)(_)o
(22), 3k, € N* such that for Vk > k;, we get (Lemma 3)

F(Ek+@1vk)> max  F(Ej_ ])+82’3—Ak>F(Ek)+82&Ak (29)
02 0<j<my(k)

Because of the smoothness of f(-), we can Taylor expand it at E such that

B B

F(Ex + ka) f(Ep) = "W(E +9’ﬁk

Ni), Ni), (30)

where 9,2 € (0, 1) is a constant.
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Combining (29) and (30),
P9 B+ 62 N0 M) sy B+ Nl = sy Bl > 52035,
namely,
(Y (Ex +9k’3 No), Ne) + MWHEH%N;”l RGNS
0

Let E = g. Because B — 0 as k — oo, we obtain By < pg as k — o0. Based
on Lemma 2, the following inequality can be obtained.

pay || Ex + SNl = ey 1Bl gy 1| Ex + gNilli — ey 1 Exlly

Br
” &

<0.

(V F(E + e,gﬁzvk), Ne) — (V£ (E0), Ni)

9,/3

= (Vf(Ex+ Ni), Ni) = (V f(E), Ni)

+Mk)’||Ek+ %Nknl — uky | Exlh _ WiV | Ex + gNillht — me Y Exlh

Br
) g
> 8,A7 — A}
=—(1—-8)A?
1)
> (1—8)) (’“‘“)||Nk||%. 31)

By taking the limits in both sides of the inequality (31), we get

0> (1 —52)'0(‘;““)

lim ||Ng||% > 0,
k— 00
namely, lim [[Ng||F =0.So lim E; = E*.
k—o00 k—o00
In addition, we note that Ay depends on Ay and Ey, Er4+1 depends on Az41 and

Ey, both Ay and Ej simultaneously converge to their own limits as k — oo, so we
obtain klim (Ag, Ex) = (A*, E™). O
— 00

Assumption 2 The level set Q = {A : F(A) < F(Ag)} is bounded.

Lemma 5 Suppose that the direction matrix My, is defined by (6), where Ay > 0, h €
(0, 11, and the step size oy > 0. Then, F(Ag) > F(Ak+1)-
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Lemma 6 Let [(k) be an integer such that

k—mk) <Il(k) <kand F(Aj)) = max F(Ar_j),
0<j<m(k)

where

m(0) =0, 0 < m(k) <min{m(k — 1) + 1, ii}.

If the step size oy is determined by the non-monotone line search method, the
direction matrix My, satisfies

lim o || Mk||F = 0.
k— o0

Theorem 6 Let sequences {Ay} and {My} be generalized by Algorithm 2. Then, the
sequence {Ax} globally converges to the optimal solution A* of the general model

.

Theorem 6 that is the global convergence theorem of LRMC is based on Assump-
tion 2, Lemma 5, and Lemma 6. In fact, Lemma 5, Lemma 6, and Theorem 6 can
be proved easily by referring to the proof procedure of Lemma 3, Lemma 4, and
Theorem 5 respectively.

At each iteration of ADSM and TESM, the intervals of the proper step sizes oy
and By determined by the non-monotone line search method are about (0.09, 0.11).
Thus, in order to be in pursuit of fast convergence, this paper takes a fixing value
from the interval instead of the linear search methods at all iterations. We think that
the global convergence of the two algorithms can also be guaranteed in some sense.

4 Numerical experiments

All numerical experiments about RPCA and LRMC are implemented with a Matlab
R2010b mathematical computing software on a Windows 7 system installed on a
HP desktop computer with an Intel(R) Core(TM), which has a 2.27 GHz i5 CPU, a
dual-core processer, and 3.87 GB of RAM.

4.1 Experiments about RPCA

We make the step sizes «x and B be 0.10 at all iterations. Without loss of general-
ity, let the observation data matrix D be an n-order square matrix. The true solution
is denoted by an ordered pair (A*, E*) € (R™", R""). The low-rank matrix A*
with rank r for simulation is generated by the product of two independently and ran-
domly generated matrices A7™" and A%;“" whose entries obey independently standard
normal distribution, namely, A* = A LAITQ. All the entries in the support set of the
sparse matrix E* is chosen independently and uniformly at random in the interval
[—500, 500]. In reality, small noise refers to Gaussian noise generally, so we suppose
that the small noise matrix N* € R"™ " is a Gaussian noise matrix whose entries
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independently subject to standard normal distribution. Let D = A* + E* + o N*
where o € [0, 1] is the level of Gaussian noise. In the experiments, (A, E ) denotes
the ordered output matrix pair of Algorithm 1.

Considering that the observation data matrix is contaminated by Gaussian noise
(o # 0), we compare ADSM with APGL. The stopping criterions of ADSM and
APGL are forcedly set to be the same generalized formula (32).

ID — Agy1 — Erqallr

tol, 32
1Dll7 =fo (52)

where ol is a proper small positive number. The relative error of A is defined as (33).

|A* — Al|F
relerr = ————. (33)
[|A*||F

If someone wants to solve the models (2) and (4) by the augmented Lagrange multi-
plier method, the two papers [25] written by Yunhai Xiao et al. and [21] written by
Caihua Chen et al. can be referred to and we may be inspired by their related research.

In order to study how different orders of magnitude of the level o of Gaussian
noise have effect on low-rank matrix recovery, we set three cases: 0 = 1073, 0 =
1072 and 0 = 10~! as follows. The recovery effects of the low-rank matrix A are
shown in Fig. 1 and Table I intuitively. In Fig. 1, the figures in the first row are
corresponding to ¢ = 1073, those in the second row are corresponding to o = 1072
and those in the third row are corresponding to o = 10!, In Table 1, relerr is the
relative error of the low-rank matrix A; t(s) is the running time and #iters is iteration
counts.

Let the rank r of A* be 5, the threshold 7ol be 107#, the level o be 107, the ratio
of non-zero entries of E* be 0.05 and other parameters values be default. It is shown
that the relative error of ADSM is a little less than that of APGL and the running time
of ADSM is apparently superior to that of APGL as the order n grows from 200 to
2600.

Let tol be 1073, the level o be 10~2 and other parameters values be in accordance
with above. It can be seen that the relative error of ADSM is a little less than that of
APGL as the matrix order grows from 200 to 300, and the running time of ADSM is
apparently superior to that of APGL as the order n grows from 100 to 2600 because
the number of SVD evaluations of ADSM is much less than that of APGL. The
number of SVD evaluations of the two algorithms ADSM and APGL are equal to
their own iteration counts.

Let rol be 10_2, the level o be 10~!, and other parameter values be in accordance
with above. It can be seen that the relative error of ADSM is a little less than that
of APGL as the order n grows from 800 to 2600 and the running time of ADSM
is apparently superior to that of APGL as the order n grows from 100 to 2600. The
reason for the phenomenon is as same as above.

In order to study how different orders n have effect on low-rank matrix recovery,
we set three cases again: n = 500, n = 1000, and n = 2000. The recovery effects of
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Fig.1 Recovery effects with different levels o

the low-rank matrix A are shown in Table 2 intuitively. Let the rank r grow from 10
to 50 by 10, the level o be 1072, the threshold value ol be 1073. It can be seen from
Table 2 that the relative error of ADSM is close to that of APGL, but the running time
and #iters of ADSM are nearly half of those of APGL. The advantages of ADSM are
obvious, especially in the aspect of the running time.

We select a real data example about face image denoising whose pictures are
shown in Fig. 2 that are taken from the Extended Yale Face B database. Their sizes

@ Springer



Numerical Algorithms

Table 1 Recovery effects with different levels o

Parameter setting ADSM APGL

o n relerr t(s) #iters relerr t(s) #iters
1.00E—03 500 8.76E—04 2.35 14 1.15E—03 15.62 83
1.00E—03 1000 5.99E—04 8.93 14 8.00E—04 52.84 83
1.00E—03 1500 4.98E—04 19.73 14 6.55E—04 123.79 83
1.00E—03 2000 4.23E—-04 37.38 14 5.62E—04 199.54 83
1.00E—03 2500 3.76E—04 70.71 14 5.01E-04 310.36 83
1.00E—02 500 1.44E—02 1.85 10 1.06E—02 7.40 62
1.00E—02 1000 9.69E—03 6.43 10 8.14E—-03 30.76 61
1.00E—02 1500 7.88E—03 15.29 10 6.67E—03 63.78 61
1.00E—02 2000 6.75E—03 32.55 10 5.72E—03 109.96 61
1.00E—02 2500 5.97E—03 48.38 10 5.09E—03 173.34 61
1.00E—01 500 1.08E—01 1.14 7 1.08E—01 6.38 40
1.00E—01 1000 7.59E—02 5.08 7 8.25E—02 19.16 39
1.00E—01 1500 6.17E—02 13.83 7 6.76E—02 48.36 39
1.00E—01 2000 5.36E—02 25.74 7 5.80E—02 74.20 39
1.00E—01 2500 4.74E—02 35.69 7 5.19E—02 122.58 39

are all 192 x 168, namely, each picture has 32,256 pixel points. The face of a par-
ticipant is irradiated by a continuous change light source, so the shadows, reflectors,
and so on appear on the facial pictures (see the first column), resulting in poor dis-
play effects. If the face is not irradiated by any change light source, the similarity
of all his facial pictures data should be very high. In other words, if the values
of all pixel points of the ith picture of the participant can be arranged into a col-
umn vector whose dimension is 32,256, the observation data matrix D formed by
all his facial pictures is low-rank. Once illumination is considered, D is contami-
nated by the shadows, the reflectors, and so on so that it is not a low-rank matrix
until they are eliminated thoroughly. In fact, the shadows, the reflectors, and so on
occupy a small proportion in the pictures and the positions of the non-zero entries
of the arranged matrix are scattered, so they can form a sparse matrix E. In the real
world, pictures are often contaminated by small noise (e.g., Gaussian noise), so we
add Gaussian noise whose level is 1073 into the pictures (see the second column).
We stack the data of all the pictures as D € R32259%38_ The pictures in the third
and fourth columns are recovered by ADSM and APGL respectively. It is seen that
the recovered pictures by ADSM is a little clearer than that by APGL, especially in
the aspect of removing Gaussian noise. In addition, the running time of ADSM and
APGL is 57.32 s and 149.61 s respectively. Obviously, the former is much less than
the latter.
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Table2 Recovery effects with different orders n

Parameter setting ADSM APGL

n r relerr t(s) #iters relerr t(s) #iters
500 10 1.20E—02 5.02 29 1.06E—02 10.83 62
500 20 9.81E—03 5.52 30 8.65E—03 11.91 64
500 30 7.95E—03 6.00 31 7.84E—03 13.68 65
500 40 8.01E—-03 6.47 31 7.23E-03 13.43 66
500 50 6.94E—03 7.60 32 7.27E—-03 16.12 66
1000 10 8.31E—-03 15.90 29 7.34E—03 32.70 62
1000 20 8.38E—03 18.20 29 7.36E—03 38.14 62
1000 30 6.77E—03 18.32 30 6.71E—03 41.89 63
1000 40 6.81E—03 20.21 30 6.03E—03 43.58 64
1000 50 6.93E—03 22.34 30 6.10E—03 46.83 64
2000 10 5.83E—03 76.65 29 5.72E—03 132.85 61
2000 20 5.87E—03 68.36 29 5.19E—-03 176.02 62
2000 30 5.90E—03 76.27 29 5.18E—03 154.46 62
2000 40 5.93E—03 95.30 29 5.22E-03 187.53 62
2000 50 4.78E—03 90.07 30 4.72E-03 179.85 63

Fig.2 Recovery effects of face image denoising
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4.2 Experiments about LRMC

We also make the step size o be 0.10 at all iterations and the observation data
matrix Pgq (D) be an n-order square matrix. Let Pq(D) = Pq(A*) + Pq(o N*). The
stopping criterion of TESM is set to be the expression (34).
|Ak+1 — ArllF
| AkllF

The relative error formula of the recovered low-rank matrix A is defined as the
expression (35).

< tol. (34)

A-D
relerr = u (35)
lI1D|lF

Other parameters are set to be as same as Section 4.1.

We compare TESM with APGL, FPCA in the LRMC field. When o = 1073, the
numerical results are shown in Table 3 where m is the number of known samples,
df = r(2n — r) is the degree of freedom, SR=m/n? is the sample ratio, rank is
the rank of the recovered low-rank matrix, and error is input error, in other word,
FPCA cannot work at the cases. It can be seen that FPCA does not work well in the
two aspects. On the one hand, it estimates the low-rank matrix inaccurately in the
conditions: n=500 and r/n > 0.1. On the other hand, it cannot work and outputs
input error. APGL performs better than FPCA, but APGL does not have excellent

Table 3 Numerical results of TESM, APGL, and FPCA at the level 0 = 1073

Parameter setting Running time (s) Relative error

n r m/df SR TESM APGL FPCA TESM APGL FPCA
500 30 6 0.70 497 5.80 42.50 325E-03 5.97E—-04 1.05SE-02
500 50 5 095 6.80 7.92 45.28 333E-03 4.96E—-04 8.32E—01
500 50 4 0.76  6.87 9.06 44.74 3.81E—-03 9.81E-04 1.90E—01
500 80 3 088 11.23 12.59 46.12 3.53E-03 7.89E—04 8.85E—01
1000 50 6 0.59 18.55 19.56 39.76 330E—-03 8.69E—04 3.14E—04
1000 80 6 092  29.09 32.08 Error 3.27E-03 5.31E—04  Error
1000 80 5 0.77  29.49 33.58 Error 3.26E-03 1.40E—03  Error
1000 100 5 095 36.77 46.70 Error 3.30E—-03 4.890E—04  Error
1000 100 4 0.76  36.38 47.12 Error 3.74E—03 7.07E—04  Error
2000 100 6 059 110.84 11553 16894 3.30E—03 1.38E—-03 7.04E—05
2000 200 5 095 22449 26799  Error 3.36E—-03 3.53E—01  Error
2000 200 4 0.76  225.08 22294  Error 3.80E-03 3.63E—01  Error
2000 300 3 0.83 37486 24474  Error 4.02E-03 5.38E—01  Error
3000 200 6 0.77 40292 499.78  error 3.79E—-03 3.86E—01  Error
3000 200 5 0.64 429.65 427.04 71054 3.29E-03 3.93E-01 1.14E—-04
3000 300 5 095 69420 579.75  Error 335E-03 5.62E—01  Error
3000 300 4 0.76  701.53  507.59  Error 376E-03  5.73E—01  Error
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Table 4 Numerical results of TESM, APGL, and FPCA at the level 0 = 1072

Parameter setting Running time (s) Relative error

n r m/df SR TESM  APGL  FPCA TESM APGL FPCA
500 30 6 0.70  6.11 6.43 47.18 333E—03 4.22E-03 1.53E-01
500 50 5 095 743 8.45 49.63 339E-03 4.50E—03 8.36E—01
500 50 4 0.76  7.70 9.61 50.15 388E—03 5.27E-03 3.31E-0I
500 80 3 0.88  12.66 13.43 51.34 359E-03 5.96E—03 8.05E—01
1000 50 6 0.59 20.28 22.16 248.80 3.35E—03 4.33E-03  1.53E-03
1000 80 6 0.92  31.67 33.09 Error 330E—03 4.13E—03  Error
1000 80 5 0.77 3151 35.34 Error 330E—03 4.79E—03  Error
1000 100 5 095 4281 48.49 Error 333E-03 4.50E—03  Error
1000 100 4 0.76  42.92 45.33 Error 3.77E—-03  526E—03  Error
2000 100 6 0.59 124.10 116.57 187.61 3.32E—03 4.44E-03 6.93E—04
2000 200 5 0.95 23380 23745  Error 337E-03 3.53E—01  Error
2000 200 4 0.76  230.85 205.15  Error 382E-03 3.63E—01  Error
2000 300 3 0.83  389.67 21694  Error 4.03E—03  5.38E—01  Error
3000 200 6 0.77 42419  450.75  Error 3.80E—-03 3.86E—01  Error
3000 200 S 0.64 45599 379.19 66999 331E-03 3.93E-01 6.10E—04
3000 300 5 095 72391 553.78  Error 336E-03 5.63E—01  Error
3000 300 4 0.76  740.81 478.13  Error 377E-03  5.73E—01  Error

performance at the cases in which r exceeds 150. TESM can cover the shortages
of FPCA and APGL, namely, not only TESM can accurately estimate the low-rank
matrix, but also its running time is the shortest among the three algorithms. When
o = 1072, the numerical results are shown in Table 4, from which we can get the
similar conclusions.

5 Conclusions

In recent years, the popular RPCA and LRMC problems for recovering a low-rank
component have extensive applications in pattern recognition. We propose, analyze,
and test the new practical algorithms ADSM and TESM, for solving the general
relaxed models (2) and (4) respectively. This paper utilizes Taylor expansion, SVD,
shrinkage operator, and so on to deduce the iterative direction matrices. We combine
the direction step size formula with the alternating direction minimization idea to
design the structure of ADSM. This paper presents the global convergence theorems
of the two algorithms by supposing that the objective function F'(-) is bounded. The
experimental results illustrate that they are effective instruments to recover low-rank
component. The performance comparisons with the efficient solver APGL verify the
advantages of ADSM in terms of running time and relative error. TESM makes up for
the defects that FPCA inaccurately estimates or cannot estimate the solutions of the
model (4) at many cases and APGL does not have good performance in some scenarios.

@ Springer



Numerical Algorithms

Acknowledgements All the authors would like to thank the reviewers for their valuable suggestions.

Funding information This research is supported in part by the Natural Science Foundation of China
(Grant NSFC-11301021).

References

12.

13.

14.

15.

18.

19.

20.

21.

22.

23.

24.

25.

. Wright, J., Ganesh, A., Rao, S., Peng, Y., Ma, Y.: Robust principal component analysis: Exact recovery

of corrupted low-rank matrices via convex optimization. Adv. Neural Inf. Process. Syst., 2080-2088
(2009)

. Candes, E.J., Li, X., Ma, Y., Wright, J.: Robust principal component analysis. J. ACM. 58, 11 (2011)
. Min, K., Zhang, Z., Wright, J., Ma, Y.: Decomposing background topics from keywords by principal

component pursuit. In: Proceedings of the 19th ACM International Conference, pp. 269-278 (2010)

. Bennett, J., Lanning, S.: The netflix prize. In: Proceedings of KDD Cup and Workshop, p. 35 (2007)
. Recht, B., Fazel, M., Parril, P.A.: Guaranteed minimum-rank solutions of linear matrix equations via

nuclear norm minimization. STAM Rev. 52, 471-501 (2010)

. Candes, E.J., Recht, B.: Exact matrix completion via convex optimization. Found. Comput. Math. 9,

717-772 (2009)

. Candes, E.J., Tao, T.: Decoding by linear programming. IEEE. T. Inform. Theory 51, 42034215

(2005)

. Donoho, D.L.: For most large underdetermined systems of linear equations the minimal /;-norm

solution is also the sparsest solution. Commun. Pur. Appl. Math. 59, 797-829 (2006)

. Cai, J., Candes, E.J., Shen, Z.: A singular value thresholding algorithm for matrix completion. SIAM

J. Optim. 20, 1956-1982 (2010)

. Liu, Z., Vandenberghe, L.: Interior-point method for nuclear norm approximation with application to

system identification. SIAM J. Matrix. Anal. A 31, 1235-1256 (2009)

. Schmidt, R.: Multiple emitter location and signal parameter estimation. IEEE. T. Antenn. Propag. 34,

276-280 (1986)

Ji, H., Liu, C., Shen, Z., Xu, Y.: Robust video denoising using low-rank matrix completion. In:
Proceedings of IEEE Conference (2010)

Zhang, X., Xiong, H.: Illumination compensation via low rank matrix completion for multiview video
coding. In: 2013 IEEE International Conference, pp. 1865-1869 (2013)

Chandrasekaran, V., Sanghavi, S., Parrilo, P.A., Willsky, A.S.: Rank-sparsity incoherence for matrix
decomposition. SIAM J. Optimiz. 21, 572-596 (2011)

Lin, Z., Ganesh, A., Wright, J., Wu, L., Chen, M., Ma, Y.: Fast convex optimization algorithms for
exact recovery of a corrupted low-rank matrix. Comput. Adv. Multi-Sensor Adapt. Process., 61 (2009)

. Ma, S., Goldfarb, D., Chen, L.: Fixed point and Bregman iterative methods for matrix rank

minimization. Math. Program. 128, 321-353 (2011)

. Drineas, P., Kannan, R., Mahoney, M.W.: Fast Monte Carlo algorithms for matrices II: computing a

low-rank approximation to a matrix. SIAM J. Comput. 36, 158—183 (2006)

Beck, A., Teboulle, M.: A fast iterative shrinkage-thresholding algorithm for linear inverse problems.
SIAM J. Imaging. Sci. 2, 183-202 (2009)

Toh, K.C., Yun, S.: An accelerated proximal gradient algorithm for nuclear norm regularized linear
least squares problems. Pac. J. Optim. 6, 15 (2010)

Xiao, Y.H., Wu, S.Y., Qi, L.: Nonmonotone Barzilai-Borwein gradient algorithm for /;-regularized
nonsmooth minimization in compressive sensing. J. Sci. Comput. 61, 17-41 (2014)

Chen, C., He, B., Yuan, X.: Matrix completion via an alternating direction method. IMA J. Numer.
Anal. 32, 227-245 (2012)

Hiriart-Urruty, J.B., Lemarechal, C.: Convex Analysis and Minimization Algorithms I: Fundamentals.
Springer Science & Business Media (2013)

Hale, E.T., Yin, W., Zhang, Y.: A Fixed-point Continuation Method for /| -regularized Minimization
with Applications to Compressed Sensing. Rice University, pp. 43—44 (2007)

Grippo, L., Lampariello, F., Lucidi, S.: A nonmonotone line search technique for Newton’s method.
SIAM J. Numer. Anal. 23, 707-716 (1986)

Xiao, Y.H., Jin, Z.: An alternating direction method for linear-constrained matrix nuclear norm
minimization. Numer. Linear. Algebr. 19, 541-554 (2012)

@ Springer



	Alternating direction and Taylor expansion minimization algorithms for unconstrained nuclear norm optimization
	Abstract
	Abstract
	Introduction
	Problems and models
	Existing algorithms
	Contributions and organization

	Algorithm analysis
	Convergence analysis
	Numerical experiments
	Experiments about RPCA
	Experiments about LRMC

	Conclusions
	References


