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Abstract Nonconvex optimization arises in many areas of computational science and engi-
neering. However, most nonconvex optimization algorithms are only known to have local
convergence or subsequence convergence properties. In this paper, we propose an algorithm
for nonconvex optimization and establish its global convergence (of the whole sequence) to
a critical point. In addition, we give its asymptotic convergence rate and numerically demon-
strate its efficiency. In our algorithm, the variables of the underlying problem are either treated
as one block or multiple disjoint blocks. It is assumed that each non-differentiable compo-
nent of the objective function, or each constraint, applies only to one block of variables. The
differentiable components of the objective function, however, can involve multiple blocks of
variables together. Our algorithm updates one block of variables at a time by minimizing a
certain prox-linear surrogate, along with an extrapolation to accelerate its convergence. The
order of update can be either deterministically cyclic or randomly shuffled for each cycle. In
fact, our convergence analysis only needs that each block be updated at least once in every
fixed number of iterations. We show its global convergence (of the whole sequence) to a
critical point under fairly loose conditions including, in particular, the Kurdyka—t.ojasiewicz
condition, which is satisfied by a broad class of nonconvex/nonsmooth applications. These
results, of course, remain valid when the underlying problem is convex. We apply our conver-
gence results to the coordinate descent iteration for non-convex regularized linear regression,
as well as a modified rank-one residue iteration for nonnegative matrix factorization. We show
that both applications have global convergence. Numerically, we tested our algorithm on non-
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negative matrix and tensor factorization problems, where random shuffling clearly improves
the chance to avoid low-quality local solutions.

Keywords Nonconvex optimization - Nonsmooth optimization - Block coordinate descent -
Kurdyka—tojasiewicz inequality - Prox-linear - Whole sequence convergence

1 Introduction

In this paper, we consider (nonconvex) optimization problems in the form of

S
minimize F(Xy,...,Xs) = f(X1,...,Xs) + Zr,-(x,-),
X

i=1 (e))

subjecttox; € X;, i =1,...,s5,
where variable x = (x1,...,X;) € R” has s blocks, s > 1, function f is continuously
differentiable, functions r;,i =1, ..., s, are proximable1 but not necessarily differentiable.

It is standard to assume that both f and r; are closed and proper and the sets X; are closed
and nonempty. Convexity is not assumed for f, r;, or &;. By allowing r; to take the oo-value,
ri(X;) can incorporate the constraint x; € X} since enforcing the constraint is equivalent to
minimizing the indicator function of &;, and r; can remain proper and closed. Therefore, in
the remainder of this paper, we do not include the constraints x; € A;. The functions r; can
incorporate regularization functions, often used to enforce certain properties or structures in
X;, for example, the nonconvex £, quasi-norm, 0 < p < 1, which promotes solution sparsity.

Special cases of (1) include the following nonconvex problems: £,-quasi-norm (0 <
p < 1) regularized sparse regression problems [10,32,42], sparse dictionary learn-
ing [1,40,62], matrix rank minimization [50], matrix factorization with nonnegativ-
ity/sparsity/orthogonality regularization [27,33,47], (nonnegative) tensor decomposition
[29,57], and (sparse) higher-order principal component analysis [2].

Due to the lack of convexity, standard analysis tools such as convex inequalities and
Fejér-monotonicity cannot be applied to establish the convergence of the iterate sequence.
The case becomes more difficult when the problem is nonsmooth. In these cases, convergence
analysis of existing algorithms is typically limited to objective convergence (to a possibly
non-minimal value) or the convergence of a certain subsequence of iterates to a critical point.
(Some exceptions will be reviewed below.) Although whole-sequence convergence is almost
always observed, it is rarely proved. This deficiency abates some widely used algorithms.
For example, KSVD [1] only has nonincreasing monotonicity of its objective sequence, and
iterative reweighted algorithms for sparse and low-rank recovery in [17,32,41] only has
subsequence convergence. Some other methods establish whole sequence convergence by
assuming stronger conditions such as local convexity (on at least a part of the objective) and
either unique or isolated limit points, which may be difficult to satisfy or to verify. In this
paper, we aim to establish whole sequence convergence with conditions that are provably
satisfied by a wide class of functions.

Block coordinate descent (BCD) (more precisely, block coordinate update) is very general
and widely used for solving both convex and nonconvex problems in the form of (1) with
multiple blocks of variables. Since only one block is updated at a time, it has a low per-iteration

' A function f is proximable if it is easy to obtain the minimizer of f(x) + i lx — sz for any input y and
y > 0.
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cost and small memory footprint. Recent literature [8,26,38,43,48,51,53] has found BCD
as a viable approach for “big data” problems.

1.1 Proposed Algorithm

In order to solve (1), we propose a block prox-linear (BPL) method, which updates a block
of variables at each iteration by minimizing a prox-linear surrogate function. Specifically, at

iteration k, a block by € {1, ..., s} is selected and x* = (x’f, e Xf) is updated as follows:
fori=1,...,s,
xf.{ :xf.cfl, if i #bk,
xk € arg min <Vx,.f(x’;;‘,ﬁ{.<), Xi) + ga-lIxi = REI2 4 ri(x), if i = by, 2)
Xj
where (x’;gl, f(f.‘) denotes the point (x/]‘_l, e xff__ll, f({‘ xf:]l, e, x’;_l), ag > 0 is a step-

size and f(f‘ is the extrapolation

f(f‘ :xf.‘_] ~|—a)k(xf—1 —X

[.JI'CV)7 (3)

1

where w; > 0 is an extrapolation weight and xf’rev is the value of x; before it was updated
to xffl. The framework of our method is given in Algorithm 1. At each iteration k, only the
block by is updated.

Algorithm 1: Randomized/deterministic block prox-linear (BPL) method for problem
@

1 Initialization: x ! = x0.
2fork=1,2,...do
Pick by € {1,2, ..., s} in a deterministic or random manner.

Set o, wy and let xk 2).
if stopping criterion is satisfied then
L Return x.

7 NN

While we can simply set wx = 0, appropriate w; > 0 can speed up the convergence; we
will demonstrate this in the numerical results below. We can set the stepsize oy = ﬁ with

any y > 1, where L, > 0 is the Lipschitz constant of Vy, f (x;‘;l, X;) about x;. When Ly is
unknown or difficult to bound, we can apply backtracking on o under the criterion:

_ _ - 1 -
P& = 76 4 (T £ = x4 o - xR
Yk

1.2 Special Cases

When there is only one block, i.e.,s = 1, Algorithm 1 reduces to the well-known (accelerated)
proximal gradient method (e.g., [7,22,44]). When the update block cycles from 1 through
s, Algorithm 1 reduces to the cyclic block proximal gradient (Cyc-BPG) method in [8,61].
We can also randomly shuffle the s blocks at the beginning of each cycle. We demonstrate in
Sect. 3 that random shuffling leads to better numerical performance. When the update block
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is randomly selected following the probability p; > 0, where > ;_, p; = 1, Algorithm 1
reduces to the randomized block coordinate descent method (RBCD) (e.g., [37,38,43,51]).
Unlike these existing results, we do not assume convexity.

In our analysis, we impose an essentially cyclic assumption—each block is selected for
update at least once within every 7 > s consecutive iterations—otherwise the order is
arbitrary. Our convergence results apply to all the above special cases except RBCD, whose
convergence analysis requires different strategies; see [38,43,51] for the convex case and
[37] for the nonconvex case.

1.3 Kurdyka-t.ojasiewicz Property

To establish whole sequence convergence of Algorithm 1, a key assumption is the Kurdyka—
Lojasiewicz (KL) property of the objective function F.

A lot of functions are known to satisfy the KL property. Recent works [4, section 4]
and [61, section 2.2] give many specific examples that satisfy the property, such as the
£p-(quasi)norm ||x||, with p € [0, +oc], any piecewise polynomial functions, indicator
functions of polyhedral set, orthogonal matrix set, and positive semidefinite cone, matrix
rank function, and so on.

Definition 1 (Kurdyka—t.ojasiewicz property) A function v (x) satisfies the KL property at
point X € dom(dv) if there exist n > 0, a neighborhood B, (X) L2 x:|Ix—-%| < p},
and a concave function ¢(a) = ¢ - a'~? for some ¢ > 0 and 6 € [0, 1) such that for any
X € B,(x) Ndom(dy) and ¥ (X) < ¥ (X) < ¥ (X) + 7, it holds

o' (1Y (x) — Y ®))dist(0, 3y (x)) > 1, “4)
where dom(dy) = {x : 9y (x) # @} and dist(0, 0y (x)) = min{||y|| : y € ¥ (x)}.

The KL property was introduced by Lojasiewicz [36] for real analytic functions. Kurdyka
[31] extended it to functions of the o-minimal structure. Recently, the KL inequality (4) was
further extended to nonsmooth sub-analytic functions [11]. The work [12] characterizes the
geometric meaning of the KL inequality.

1.4 Related Literature

There are many methods that solve general nonconvex problems. Methods in the papers
[6,15,18,21], the books [9,45], and in the references therein, do not break variables into
blocks. They usually have the properties of local convergence or subsequence convergence
to a critical point, or global convergence in terms of the violation of optimality conditions.
Next, we review BCD methods, which can significantly outperform their full coordinate
update if the problems or the updates satisfy the coordinate-friendly structure [48,54].
BCD has been extensively used in many applications. Its original form, block coordi-
nate minimization (BCM), which updates a block by minimizing the original objective with
respect to that block, dates back to the 1950s [24] and is closely related to the Gauss—Seidel
and SOR methods for linear equation systems. Its convergence was studied under a variety
of settings (cf. [23,49,55] and the references therein). The convergence rate of BCM was
established under the strong convexity assumption [39] for the multi-block case and under
the general convexity assumption [8] for the two-block case. To have even cheaper updates,
one can update a block approximately, for example, by minimizing an approximate objective
like was done in (2), instead of sticking to the original objective. The work [56] is a block
coordinate gradient descent (BCGD) method where taking a block gradient step is equivalent
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to minimizing a certain prox-linear approximation of the objective. Its whole sequence con-
vergence and local convergence rate were established under the assumptions of a so-called
local Lipschitzian error bound and the convexity of the objective’s nondifferentiable part.
The randomized block coordinate descent (RBCD) method in [37,43] randomly chooses the
block to update at each iteration and is not essentially cyclic. Objective convergence was
established [43,51], and the violation of the first-order optimality condition was shown to
converge to zero [37]. There is no iterate convergence result for RBCD.

Some special cases of Algorithm 1 have been analyzed in the literature. The work [61] uses
cyclic updates of a fixed order and assumes block-wise convexity; [13] studies two blocks
without extrapolation, namely, s = 2 and f(f‘ = xf 71, Vk in (2). A more general result is [5,
Lemma 2.6], where three conditions for whole sequence convergence are given and are met
by methods including averaged projection, proximal point, and forward-backward splitting.
Algorithm 1, however, does not satisfy the three conditions in [5].

The extrapolation technique in (3) has been applied to accelerate the (block) prox-linear
method for solving convex optimization problems (e.g., [7,38,44,51]). Recently, [22,61]
show that the (block) prox-linear iteration with extrapolation can still converge if the nons-
mooth part of the problem is convex, while the smooth part can be nonconvex. Because of
the convexity assumption, their convergence results do not apply to Algorithm 1 for solv-
ing the general nonconvex problem (1). Numerically, [35,58] demonstrate that extrapolation
technique can also accelerate algorithms for nonconvex matrix factorization problems.

1.5 Contributions

We summarize the main contributions of this paper as follows.

— We propose a block prox-linear (BPL) method for nonconvex smooth and nonsmooth
optimization. Extrapolation is used to accelerate it. To our best knowledge, this is the
first work of prox-linear acceleration for fully nonconvex problems (where both smooth
and nonsmooth terms are nonconvex) with a convergence guarantee. However, we have
not proved any improved convergence rate.

— Assuming essentially cyclic updates of the blocks, we obtain the whole sequence con-
vergence of BPL to a critical point with rate estimates, by first establishing subsequence
convergence and then applying the Kurdyka—t.ojasiewicz (KL) property. Furthermore,
we tailor our convergence analysis to several existing algorithms, including non-convex
regularized linear regression and nonnegative matrix factorization, to improve their exist-
ing convergence results.

— We numerically tested BPL on nonnegative matrix and tensor factorization problems. At
each cycle of updates, the blocks were randomly shuffled. We observed that BPL was
very efficient and that random shuffling avoided local solutions more effectively than the
deterministic cyclic order.

1.6 Notation and Preliminaries

We restrict our discussion in R” equipped with the Euclidean norm, denoted by || ||. However,
all our results can be extended to general of primal and dual norm pairs. The lower-case letter
s is reserved for the number of blocks and ¢, L, Ly, ... for various Lipschitz constants.
X; is short for (x1, ..., X;_1), X5; for (X;41,...,X,), and xx; for (X-;, X>;). We simplify
f(X<i, Xi, X5;) to f(X+;, X;). The distance of a point X to a set ) is denoted by dist(x, V) =
infyey [x — ]
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Since the update may be aperiodic, extra notation is used for when and how many times
a block is updated. Let K[i, k] denote the set of iterations in which the ith block has been
selected to update till the kth iteration:

Kli,kl2{k:be=i, 1<k <kyC{l,..., k}, (®)]
and let

d* £ |Kli,

4

which is the number of times the ith block has been updated till iteration k. Fork =1, ...,
we have US_ K[i, k] = [k] £ {1,2,...,k}and > }_, df = k. _
Let x* be the value of x after the kth iteration, and for each block i, f(lj be the value of x;
after its jth update. By letting j = dl.k , we have xf‘ = il] .
The extrapolated point in (2) (for i = by) is computed from the last two updates of the
same block: ] )
=5/ o & =%/, where j = df, (6)

1

for some weight 0 < w; < 1. We partition the set of Lipschitz constants and the extrapolation
weights into s disjoint subsets as

{LK:15K5k}:u;‘:1{LK:Ke/c[i,k]}éu;.':l{ili:15j5d?<], (Ta)
{1 <k <k} = U {w & € KL KT} 2 f=1|a){:15j5d.k]. (7b)

Hence, for each block i, we have three sequences:

_d¥
value of x;: x1 x2 X (8a)
ilop2, ~df
Lipschitz constant: L;, Ly, ..., L,",...; (8b)
. L~ ~2 - df
extrapolation weight: ; , @7, ..., @;",.... (8c)

For simplicity, we take stepsizes and extrapolation weights as follows

1 j 8
o = m7 Vk, J) gm Vi, j, forsome § < 1. )

However, if the problem (1) has more structures such as block convexity, we can use larger
oy and a)k, see Remark 2. Table 1 summarizes the notation. In addition, we initialize X; L
~? , Vi.

We make the following definitions, which can be found in [52].

Definition 2 (Limiting Fréchet subdifferential [30]) A vector g is a Fréchet subgradient of a
lower semicontinuous function F at x € dom(F) if

. FY)—FXx) —(gy—x)
lim inf
Y X y£X lly — x|l

> 0.

The set of Fréchet subgradient of F" at x is called Fréchet subdifferential and denoted as
JdF (x). If x ¢ dom(F), then 0 F (x) = {.
The limiting Fréchet subdifferential is denoted by d F'(x) and defined as

dF (x) = {g: thereisx,, - xand g, € éF(xm) such that g,, — g}.
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Table 1 Summary of notation

Notion Definition

s The total number of blocks

by, The update block selected at the kth iteration

Kli, k] The set of iterations up to k in which x; is updated; see (5)

d{‘ }IC[i, k]|: the number of updates to x; within the first k iterations

xk The value of x after the kth iteration

ilj The value of x; after its jth update; see (8a)

Ly Gradient Lipschitz constant of the update block at the kth iteration; see (11)
I:lj Gradient Lipschitz constant of block i at its jth update; see (7a) and (8b)
W The extrapolation weight used at the kth iteration

c?)lj The extrapolation weight used at the jth update of x;; see (7b) and (8c)

If F is differentiable? at x, then d F(x) = dF x) = {VF(x)}; see [52, Exercise 8.8] for
example, and if F is convex, then d F (x) = {g:F(y) > F(Xx) + (g,y — x), Vy € dom(F)}.
We use the limiting subdifferential for general nonconvex nonsmooth functions. For problem
(1), it holds that (see [4, Lemma 2.1] or [52, Prop. 10.6, pp. 426])

IF(x) = {Vx, f(x) + dr1(x1)} X -+ x {Vx, f(X) + Irs (X))}, (10)
where X7 x &> denotes the Cartesian product of X7 and &> .
Definition 3 (Critical point) A point x* is called a critical point of F if 0 € 9 F (x*).

Definition 4 (Proximal mapping)For a proper, lower semicontinuous function r, its proximal
mapping prox, (-) is defined as

1
prox, (x) = arg miny —[ly — x|I* + r(y).

As r is nonconvex, prox, (-) is generally set-valued. Using this notation, the update in (2)
can be written as (assume i = by)

X\ e prox,, . (f{f —axVy, f (X’;lﬁf»
1.7 Organization
The rest of the paper is organized as follows. Section 2 establishes convergence results.
Examples and applications are given in Sect. 3, and finally Sect. 4 concludes this paper.
2 Convergence Analysis

In this section, we analyze the convergence of Algorithm 1. Throughout our analysis, we
make the following assumptions.

2 A function F on R" is differentiable at point x if there exists a vector g such that

. F(x+h)—Fx)—g'h
hmhﬁo‘ (x+ )HhH(X) g hl _
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Assumption 1 F is proper and lower bounded in dom(F) £ {x:F(x) < 400}, f is con-
tinuously differentiable, and r; is proper lower semicontinuous for all i. Problem (1) has a
critical point x*, i.e., 0 € 9 F (x*).

Assumption 2 Leti = b;. Vy, f (xl;;l, X; ) has Lipschitz continuity constant L; with respect

to x;, i.e.,
[V £ (x50 0) = s £ (x50 ) | = Lo =i, v, an

and there exist constants 0 < £ < L < oo, such that £ < L; < L for all k.

Assumption 3 (Essentially cyclic block update) In Algorithm 1, within any 7 consecutive
iterations, every block is updated at least one time.

Our analysis proceeds with several steps. We first estimate the objective decrease after
every iteration (see Lemma 1) and then establish a square summable result of the iterate
differences (see Proposition 1). Through the square summable result, we show a subsequence
convergence result that every limit point of the iterates is a critical point (see Theorem 1).
Assuming the KL property (see Definition 1) on the objective function and a monotonicity
condition (see Condition 1), we establish whole sequence convergence of our algorithm and
also give estimate of convergence rate (see Theorems 2 and 3).

We will show that a range of nontrivial w; > 0 always exists to satisfy Condition 1
under a mild assumption, and thus one can backtrack wy to ensure F xk) < F(xk=1), Vk.
Also, from the result below in (12), one can simply set w; = 0 and redo the kth update
if F(x*) > F(x¥=1) is detected. Maintaining the monotonicity of F(xX) can significantly
improve the numerical performance of the algorithm, as shown in our numerical results below
and also in [46,60]. Note that subsequence convergence does not require this condition.

We begin our analysis with the following lemma. The proofs of all the lemmas and
propositions are given in “Appendix 1.

Lemma 1 Take oy and wy as in (9). After each iteration k, it holds
o ) S N2 )
FON = Py z ol |7 =5/ | = elf (af) |§72 -5 a2

2 C2L

—1
; 2
> oL Tt A INE)

<I=1_ g
5 -

where ¢ = %,cz =9 i=brand j = dl.k.
Remark 1 We can relax the choices of oy and wy in (9). For example, we can take o =
VL , Vk, and a) 5 SE;}:+1;‘/i{_]/ii‘/’ Vi, j for any y > 1 and some § < 1. Then, (12)

and (13) hold with ¢; = 31 ¢; = Wji“z In addition, if 0 < infy oy < sup; ax < 00

(not necessary oy = ; Lk) (12) holds with positive c1 and ¢, and the extrapolation weights

satisfy d)l] < 84/ (clLf )/(CQE{), Vi, j for some § < 1, then all our convergence results

below remain valid.
Note that dik = dl.k*l + 1 fori = by and dl.k = dik*l, Vi # by. Adopting the convention
that Z?:p aj =0 when g < p, we can write (13) into

a*
s i
il i 2 ~ i i o i 2
O S ED D S (L{ R T L
=1 j=gh=141
(14)
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which will be used in our subsequent convergence analysis.

Remark 2 If f is block multi-convex, i.e., it is convex with respect to each block of variables

while keeping the remaining variables fixed, and r; is convex for all i, then taking oy = L%

we have (12) holds with ¢| = % and ¢p = %; see the proof in “Appendix 1”. In this case, we

can take @] < 8,/ I:ij -1 / i{ , Vi, j for some 8§ < 1, and all our convergence results can be
shown through the same arguments.

2.1 Subsequence Convergence

Using Lemma 1, we can have the following result, through which we show subsequence
convergence of Algorithm 1.

Proposition 1 (Square summable) Let {Xk}kzl be generated from Algorithm 1 with oy and
wy taken from (9). We have

oo
IR =% < o0, (15)
k=1

Theorem 1 (Subsequence convergence) Under Assumptions 1 through 3, let {Xk}kz 1 be
generated from Algorithm 1 with oy and wy taken from (9). Then any limit point X of{xk}kzl
is a critical point of (1). If the subsequence {x*} kei converges to X, then

_lim F(x") = F(x). (16)
Ksk—o00
Remark 3 The existence of finite limit point is guaranteed if {x*} k>11s bounded, and for some
applications, the boundedness of {x¥};~ can be satisfied by setting appropriate parameters
in Algorithm 1; see examples in Sect. 3. If r;’s are continuous, (16) immediately holds. Since
we only assume lower semi-continuity of r;’s, F(x) may not converge to F(X) as X — X, S0
(16) is not obvious.

Proof Assume X is a limit point of {xk }>1. Then there exists an index set C so that the
subsequence (x* ek converging to X. From (15), we have Ix*~1 — x| = 0 and thus
{x¥*¥Vexc — X for any k > 0. Define

Ki=lkeU e +ob=il, i=1...s

Take an arbitrary i € {1, ..., s}. Note K; is an infinite set according to Assumption 3. Taking
another subsequence if necessary, L converges to some L; as K; 3 k — oo. Note that since
ar = 57, Vk, for any k € K,

k

k ~ k—1 ok ok k|2
X; € arg miny, <inf (x#i ,xi) , X — xi>+ Ly ‘x[ = X7 +rixp). a7

Note from (15) and (6) that f({‘ — X; as K; © k — oo. Since f is continuously differentiable
and r; is lower semicontinuous, letting /C; 3 k — oo in (17) yields

2
Xf‘ — f(f‘ H + r; (xf‘))
2
+Vi(Xi)),

= (Vx f(R), X = %;) + Li I — % |I> +ri(x;), Vx; € dom(F).

ri(X;) < liminf (vx,.f (x’;;l,ﬁf),xf -+ L ‘

Kisk—o00

7 ~ N 5
< liminf (Vxl.f (X’;l’xf) VX — xf.‘) + Ly ‘X,’ — Xf.

Kivk— o0
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Hence,
X; € arg miny, (Vy, f(X). X; — %) + LilIx; — % 1> + ri (x),
and X; satisfies the first-order optimality condition:
0 € Vy, f(X) 4+ 0r; (X;). (18)

Since (18) holds for arbitrary i € {1, ..., s}, X is a critical point of (1).
In addition, (17) implies
2
(@)

2 _
+ri(X;).

k

<inf (xl;jl,f(f‘) ,Xf-{ - f(f‘> + L ‘Xf‘ - X;

= (Vaf (X5 RE) & = &)+ L |

% — % |

Taking limit superior on both sides of the above inequality over k € /C; gives lim sup r; (X;C ) <
’C,‘ sk—00

ri (X;). Since r; is lower semi-continuous, lirr;(inf ri (x{.‘) > r;(X;), and thus
i DK— 00

im (xf) —r&),i=1,...,s.

Kisk—o00

Noting that f is continuous, we complete the proof. O

2.2 Whole Sequence Convergence and Rate

In this subsection, we establish the whole sequence convergence and rate of Algorithm 1 by
assuming the following monotonicity condition.

Condition 1 (Nonincreasing objective) The weight wy is chosen so that F(x*) <
F(xk=1), Vk.

Remark 4 From (12), if wp = 0, Vk, namely, no extrapolation, then Condition 1 holds.
However, extrapolation technique can often accelerate the algorithm. Although without the
monotonicity, Theorem 1 can still guarantee convergence of the algorithm, numerically we
notice that maintaining monotonicity of the objective can further improve the performance of
the algorithm. To employ extrapolation and also maintain monotonicity, one can first do the
update with a positive wy and check the objective, and if F (x*) > F(x*~1), then redo the kth
update by using w; = 0. For the problems that satisfy the assumptions of the next proposition,
one can find w; > 0 through backtracking to maintain the monotonicity of F(x¥). In general,
how to choose wy depends on specific applications. We will test two different settings of wy
in the numerical experiments.

The following proposition shows that under mild assumptions, Condition 1 holds for certain
wr > 0.

Proposition 2 Leti = by. Assume prox,, ,. is single-valued near xf‘_l —arVy, f x*=1 and

(7201

k—1

k-1 (Y k=1 1 k1|2 19
X; ¢argxmm( i [T, X —x; H_E X; — X; +ri(x;), (19)

namely, progress can still be made by updating the ith block. Then, there is wy > 0 such that
for any wy € [0, ], we have F(xb < F(x"_l).
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The proof of Proposition 2 involves the continuity of prox,, .. and is deferred to “Proof
of Proposition 2” in Appendix 1.

Under Condition 1 and the KL property of F' (Definition 1), we show that the sequence
{x¥} converges as long as it has a finite limit point. We first establish a lemma, which has its
own importance and together with the KL property implies Lemma 2.6 of [5].

The result in Lemma 2 below is very general because we need to apply it to Algorithm 1 in
its general form. To ease understanding, let us go over its special cases. If s = 1,n1 , = m and
B = 0, then (21) below with «; ,,, = o, and Ay, = Ay, reduces to o4 A2 < B, An,

which together with Young’s inequality gives ,/aA;4+1 < fAm + 3 me Hence, if
{Bn}m>1 1s summable, so will be {A,,},;,>1. This result can be used to analyze the prox-
linear method. The more general case of s > 1, n; , = m, Vi and B = 0 applies to the cyclic
block prox-linear method. In this case, (21) reduces to Z‘le ai,m+1A%m+l < B, Zle Aim,
which together with the Young’s inequality implies

IZA,m+1<f Zazm+1A,,,,+]_4Bm+ ZA,m, (20)

i=1 i=1

where 7 is sufficiently large so that % < Ja.Lessobviously butstill, if { B;;; },»>1 is summable,
sowillbe {A; ;u}m>1, Vi.Finally, we willneed 8 > 0in (21) to analyze the accelerated block
prox-linear method.

Lemma 2 For nonnegative sequences {A; j} >0, {ci j}j=0, i = 1,...,5, and {By}m>0, if

O<oc_1nfoz,j§supot,1_oz<oo,
ij

and
Nim+1 Mi,m
Z > (AT — i1 BPAT ) <BmZ Y A, 0=sm<=M, (1)
i=1 j=n;n+1 i=1 j=n;-1+1
where 0 < B < 1, and {n; m}m=0. Vi are nonnegative integer sequences satisfying: n; , <
nim+1 < Nim + N, Vi, m, for some integer N > 0. Then we have that for0 < M| < M, <
M,
s MiMy+1 i, My
4ﬂ\/asN
> Y A e ey > Y A
Lo s (1= ) —BVE) =
= j_n,,Ml-H m=M i=1j= =n; M, —1+1
(22)

In addition, ileflo:] By, < 00, limy, o0 nim = 00, Vi, and (21) holds for all m, then we
have

00
ZA,',]‘ < 00, Vi. (23)

The proof of this lemma is given in “Proof of Lemma 2” in Appendix 1.

Remark 5 To apply (21) to the convergence analysis of Algorithm 1, we will use A; ; for

IIii’ - ilJ | and relate «; ; to Lipschitz constant Z{ . The second term in the bracket of the
left hand side of (21) is used to handle the extrapolation used in Algorithm 1, and we require
B < 1 such that the first term can dominate the second one after summation.

We also need the following result.
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Proposition 3 Let {x*} be generated from Algorithm 1. For a specific iteration k > 3T,
assume X € B,(X), k =k —3T,k —3T + 1, ...,k for some X and p > 0. If for each i,
Vx; f(X) is Lipschitz continuous with constant L within Ba,(X) with respect to X, i.e.,

IV, f(¥) — Vx, f@| < Lglly — zll, Vy,z € B4y (X),

then
s df
dist(0,0F(x) < (2L +20) +5Lg) Y Y. }i{‘l — % (24)
=1 j=gt=3T 1

We are now ready to present and show the whole sequence convergence of Algorithm 1.

Theorem 2 (Whole sequence convergence) Suppose that Assumptions 1 through 3 and Con-
dition I hold. Let {x*};>1 be generated from Algorithm 1. Assume

1. {xk}kzl has a finite limit point X;
2. F satisfies the KL property (4) around X with parameters p, n and 6.
3. Foreach i, Vy,; f (X) is Lipschitz continuous within Ba,(X) with respect to X.

Then

lim x* = x.

k— 00
Remark 6 Before proving the theorem, let us remark on the conditions 1-3. The condition
1 can be guaranteed if {x¥ }k>1 has a bounded subsequence. The condition 2 is satisfied for a
broad class of applications as we mentioned in Sect. 1.3. The condition 3 is a weak assumption
since it requires the Lipschitz continuity only in a bounded set.

Proof From (16) and Condition 1, we have F (x¥) > F(X) as k — oo. We consider two
cases depending on whether there is an integer K¢ such that F xK0) = F(x).
Case 1 Assume F(x¥) > F(X), Vk.

Since X is a limit point of {x*} and according to (15), one can choose a sufficiently large
ko such that the points xkot& o =0,1,...,3T are all sufficiently close to X and in B,(X),
and also the differences ||[x¥0+< — xkote+l| = 0,1, ..., 3T are sufficiently close to zero.
In addition, note that F(x¥) — F(X) as k — oo, and thus both F(x*®0tDT) _ F (%) and
¢ (F(x>%+DTy _ F (%)) can be sufficiently small. Since {x*};>¢ converges if and only if
{xK}x>x, converges, without loss of generality, we assume ko = 0, which is equivalent to
setting xX0 as a new starting point, and thus we assume

FaT) — F®) <, (252)
s 47 s
_ -1 o) AT
CH(FPT) = F®)+CY D IR =& 1+ D 1% —xill <p. (25b)
i=1

i=1 j=1

where
48sT(2(Lg +2L) + sL 48+/3sTL
C= G 2) G)z\/EJris. (26)
L1 —-9) (1—8)\¢
Assume that x>"7 ¢ B, (x) and FxMTy < FX)+n, m=0,..., M forsome M > 1.

Note that from (25), we can take M = 1. Letting k = 3mT in (24) and using KL inequality
(4), we have
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d'%mT

¢'(FT) — F®) | (2(Lg +2L) +sLg) Z Z K %=1 @
i= lj_d?(m 1)T+1

where L ¢ is a uniform Lipschitz constant of Vy, f(x), Vi within By, (X). In addition, it follows
from (14) that

d?(erl)T . .
7 Fj—1¢2
o 3m+1)T L; <J=l =2 L 8 <j=2 _Zj-12
Fx"T) — F(x )>Z D el A et Lt A ol B
i= IJ dl3mT+1

(28)
Let ¢, = ¢ (F(x>T) — F(X)). Note that

b — Gmy1 = ¢ (F"T) — FR)[F (T — F>m DT,

Combining (27) and (28) with the above inequality and letting C= 2(Lg +2L)+sLg give

d%(erl)T - =il
L, . . L7 's . .
<J=1 =2 G2 _gi—12
Z > <4’||x,- —X P - I T - )
i= 1/ dl3mT+1
d'bnT
i i
¢m+1>Z Z 1%/~ =&/ 1I. (29)
i=1 j_gdm=DT
) — . .
Letting A; j = ”X, ” o j = L,!/4a Nim = diSmT, Bn = C(¢m — ¢m+1),and B =&
in Lemma 2, we note dS(mH)T d?’"T < 3T and have from (22) that for any intergers N
and M,
d3(M+1)T d3NT
~j—1 <ji-1 i
Z Yoo =k <C¢N+CZ DR < R 1)
i= lj—d?NT+l d 3(N— 1)T+l

where C is given in (26). Letting N = 1 in the above inequality, we have

AMADT 3(M+1)T ~
Ix —x|| <Z I — %]

i=1

3(M+D)T
S 4 1 . 27
/= </ <4 2
<01 D0 T =&+ E -l
i=1\ j=d’T+1

o a7
8 i
~j—1 Sb
<Cor+C Y ST - +Z||x Cox .
i=1 j=I
Hence, x>™+DT ¢ B/ (X). In addition F(x**™*VTy < F*MT) < F(X) + n. By
induction, x> ¢ B, (X), Vm, and (30) holds for all M. Using Lemma 2 again, we have that

{x; %/ } is a Cauchy sequence for all i and thus converges, and {x*} also converges. Since X is a
11m1t point of {x*}, we have x* — %, as k — oo.
Case 2 Assume F(xX0) = F(x) for a certain integer K.
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Since F(x¥) is nonincreasingly convergent to F(X), we have F(xM = F(%), Yk > K.
Take My such that 3MoT > Ko. Then F(x*"T) = F&3m+DTy = F(x), Vm > Mo.
Summing up (28) fromm = M > M gives

d3(m+1)T

LI o0 o LI7'e o i
=YY Y DE LA o el AR

m=M i= ljfd?'"T+l

o PouT 5 cin
s i J s
L:(1—-67) _i_ i Lis~ . w
=22 > K ALY — I/ g T LA EI))
m=M i=1 j d‘”’T+1 i=1 j:diSMT
Let
d3(m+1)T -
il iz
ay = Z Yool T =KIE Su= ) an.
i=1 j=d3T 41 m=M

Noting ¢ < L < L, we have from (31) that £(1 — 82)Sp41 < L8%(Sy — Sy11) and thus
Sy < yMMosy . VM > My,

where y = < 1. By the Cauchy—Schwarz inequality and noting that a,, is the

L§?
T L84e(1-82)
summation of at most 37" nonzero terms, we have

d?(erl)T
<1
Z S I8 =&/ = V3T ay = V3TV, < 3Ty 7 Sy, Ym = Mo,
i=1 jmgdnT 4
(32)
Since y < 1, (32) implies
dx(m+1)T
~j*1 ~]' A 3TSM0
Z Z > KT =Kl <o
m=My i= 1]_d?mT+1 \/?
and thus x* converges to the limit point X. This completes the proof. O

In addition, we can show convergence rate of Algorithm 1 through the following lemma.

Lemma 3 For nonnegative sequence {Ay}72 |, if Ax < Ax—1 < 1, Yk > K for some integer
K, and there are positive constants «, B and y such that

Ak = a(Ag—1 — A)” + B(Ak—1 — Aw), Vk, (33)
we have
1. Ify > 1, then Ay < (li;fﬁ)k—lf VK> K:
L
2. If0<y <1, then Ay <v(k — K) v, Yk > K, for some positive constant v.

Theorem 3 (Convergence rate) Under the assumptions of Theorem 2, we have:

L If0 €10, 31 Ix* = x|l < Cak, V&, for a certain C > 0, « € [0, 1);
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2. If0 e (3, 1), IxF = x| < Ck=1=9/Q9=D vk, for a certain C > 0.

Remark 7 Before proving the theorem, let us make a few remarks on the parameter 6. First,
we see that smaller 6 implies faster convergence speed, and also note that the condition in
(4) is stronger if 0 is smaller. Secondly, it is generally not easy to determine the value of 6.
For several classes of functions, [61] gives its range of possible values. The very recent work
[34] presents methods to estimate its value for a function formed from other functions, for
which the values of 6 are known.

Proof When 6 = 0, then ¢’(a) = c, Va, and there must be a sufficiently large integer kg
such that F(xX0) = F(X), and thus F(xX) = F(X), Vk > kg, by noting F(x*~1) > F(x)
and limy_, o F(x¥) = F(X). Otherwise F(x¥) > F(X), Vk. Then from the KL inequality
(4), it holds that ¢ - dist(0, dF (x¥)) > 1, for all x*¥ € B,(x), which is impossible since
dist(0, 9 F(x>"T)) — 0 as m — oo from (24).

For k > ko, since F(x*~1) = F(x¥), and noting that in (14) all terms but one are zero
under the summation over i, we have

Z > T “u>z > TR s

j=d 41 j=dF 1

Summing the above inequality over k from m > k¢ to oo and using £ < I:ij < L,Vi, j,we
have

s S oo
,,d-m_lfl ~d_m—l i i
VL8 Y |%! % =2V -9Y 3 % T =%/ Vm > ko, (34)
i=1 =1 .__ ym—1
j=d"""+1

Let

©

o0
L
ST =&

i=1 j:d?71
Then from Assumption 3, we have
R dm 1
Bur—Ba=Y 3 &% ||>Z||x ot
i= ]j_d;n T-1,

which together with (34) gives B, < (By—1 — By,). Hence,

VL8
Ve(-8)

b VL5 ) VL5 R
Jos+via—s ) P =\ Uy via - o) o

where o = min{¢ : £T > ko}. Letting = (#&14))1”’ we have

Bur < o™ (a7 Byyr). (35)

Note ||x"~! —%|| < B,,. Hence, choosing a sufficiently large C > 0 gives the result in item
1 for 6 = 0.
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When 0 < 6 < 1, if for some ko, F(xX0) = F(x), we have (35) by the same arguments
as above and thus obtain linear convergence. Below we assume F (x¥) > F(X), Vk. Let

) o0
o
Aw=) > ¥ =%/

i=1 j=dl-3mT+l
and thus
d3mT
1
cJ=1 2
Ap—1 — m—Z Z ”X,' _X,'”-
d3(m DTy

From (27), it holds that
c(1 =) (F"T) = F®) ™ = (2L +2L) +5L6) (A1 — Aw)) ",
which implies

— . 3mTy _ -\ =0 _ B 1-6
w=c(F&T) = F®)'™ < el —0)QLo +2L) +5Lo) An1 — An)' T
(36)

In addition, letting N = m in (30), we have
s d3(M+1)T d'%mT
-1 Y
DD D —x||<C¢m+CZ Z I/ =&/,
i=l1 j—d?mT-‘rl i=1 ]_d?(m 1)T+l

where C is the same as that in (30). Letting M — oo in the above inequality, we have
Ap < Cl¢m + Cl(Amfl - Am)
<Cic(c(1—=0)2(Lg +2L)+sLg)(Ap—1 — m)) + Ci(Ap—1 — Ap),

where the second inequality is from (36). Since A,,—1 — A,, < 1 as m is sufficiently large
and ||x" — x| < AL% |» the results in item 2 for 6 € (0, %] and item 3 now immediately
follow from Lemma 3. O

Before closing this section, let us make some comparison to the recent work [61]. The
whole sequence convergence and rate results in this paper are the same as those in [61]. How-
ever, the results here cover more applications. We do not impose any convexity assumption
on (1) while [61] requires f to be block-wise convex and every r; to be convex. In addition,
the results in [61] only apply to cyclic block prox-linear method. Empirically, a different
block-update order can give better performance. As demonstrated in [16], random shuffling
can often improve the efficiency of the coordinate descent method for linear support vector
machine, and [59] shows that for the Tucker tensor decomposition [see (47)], updating the
core tensor more frequently can be better than cyclicly updating the core tensor and factor
matrices.

3 Applications and Numerical Results
In this section, we give some specific examples of (1) and show the whole sequence con-

vergence of some existing algorithms. In addition, we demonstrate that maintaining the
nonincreasing monotonicity of the objective value can improve the convergence of accelerated
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gradient method and that updating variables in a random order can improve the performance
of Algorithm 1 over that in the cyclic order.

3.1 FISTA with Backtracking Extrapolation

FISTA [7]is an accelerated proximal gradient method for solving composite convex problems.
Itis a special case® of Algorithm 1 with s = 1 and specific wy’s. For the readers’ convenience,
we present the method in Algorithm 2, where both f and g are convex functions, and L s
is the Lipschitz constant of V f (x). The algorithm reaches the optimal order of convergence
rate among first-order methods, but in general, it does not guarantee monotonicity of the
objective values. A restarting scheme is studied in [46] that restarts FISTA from x* whenever
F(x*t1) > F(x*) occurs.* It is demonstrated that the restarting FISTA can significantly
outperform the original one. In this subsection, we show that FISTA with backtracking
extrapolation weight can do even better than the restarting one.

Algorithm 2: Fast iterative shrinkage—thresholding algorithm (FISTA)

1 Goal: to solve convex problem ming F(x) = f(x) + g(x)
0

2 Initialization: set x¥ = x! ,t1 =1l,andw; =0
3fork=1,2,...do

4 Let %K = xk +wk(xk —xk=1y

. . L 5
5 Update xk+l = arg minX(Vf(xk), X — xk) + Tf IIx — %k ||2 + g(x)

14,/ 14427

6 Settp] = — 5 and wpq] = Ul

Te+1

We test the algorithms on solving the following problem
!
min [|Ax — bI|* + A[Ix]1, (37)

where A € R™*" and b € R™ are given. In the test, we set m = 1000, n = 3000 and A = 1
and generate two data sets. The first one is generated in the same way as that in [46]: first
generate A with all its entries independently following standard normal distribution N (0, 1),
then a sparse vector x with only 50 nonzero entries independently following N (0, 1), and
finally let b = Ax + y with the entries in y sampled from A (0, 0.1). This way ensures the
optimal solution is approximately sparse. In the second data set, we have an ill-conditioned
sensing matrix A = UXVT, where U € R™*" and V € R"*™ are matrices with orthonormal
columns, and X is a diagonal matrix with the i-th diagonal element o; = 104 + % for
i =1,...,m. Hence, the condition number of A is about 10°. The measurement vector b is
generated in the same way as in the first data set. We set L ; to the spectral norm of A*A and
the initial point to zero vector for all three methods. For the proposed method, at each iteration,
we start the extrapolation weight at that given by FISTA and do backtracking by halving it
whenever the objective is detected to increase. In addition, if the backtracked weight is smaller
than 1072, we simply set it to zero. Figure 1 plots their convergence behavior in terms of

3 Note that from Remark 2, for convex problems, we can take larger extrapolation weight but require it to
be uniformly less than one. Hence, although our algorithm framework includes FISTA as a special case, our
whole sequence convergence result does not imply that of FISTA.

4 Another restarting option is tested based on gradient information.
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g 10° g 10°
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Fig. 1 Results on solving (37) by the FISTA [7], the restarting FISTA [46], and the proposed method with
backtracking wy to ensure Condition 1. Top row standard Gaussian randomly generated A; Bottom row ill-
conditioned A with condition number 10°

iteration number and also running time, where the optimal objective value is given by running
the proposed method to 10,000 iterations. For both Gaussian random (well-conditioned) and
ill-conditioned A, the proposed method performs significantly better than the original FISTA.
In addition, it is better than the restarting FISTA for the well-conditioned case.

3.2 Coordinate Descent Method for Nonconvex Regression

As the number of predictors is larger than sample size, variable selection becomes important
to keep more important predictors and obtain a more interpretable model, and penalized
regression methods are popularly used to achieve variable selection. The work [14] considers
the linear regression with nonconvex penalties: the minimax concave penalty (MCP) [63]
and the smoothly clipped absolute deviation (SCAD) penalty [20]. Specifically, the following
model is considered

1 a
min 51X —¥I*+ ) B, (38)
j=1

where y € R” and X € R"*? are standardized such that

n n n
. 1 2 ;
Zyi:(), inj:(), V], and;injzl, Vj, (39)

i=1 i=1 i=1
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and MCP is defined as )
Al — &, if 6] < ya,
’M(@):{l| |2 2 ] 0] <y 40)
VAT, if 0] > yA,
and SCAD penalty is defined as
A6, if 0] <A,
9292 .
ry @) = § ZEECEEED it < 0] < v, 1)
22— if |6 A
20-D if [0] > yA.

The cyclic coordinate descent method used in [14] performs the update from j = 1 through
p

) 1
B! = argming, —IX(BLY!, B, BL ) — ¥IP + 7 (B)).
which can be equivalently written into the form of (2) by

k41
B

1
! IXj1P(B) = B + —x] (XBLY BL) = y)Bj + 73,5 (B))- (42)

1

2n |

Note that the data has been standardized such that ||x; I?> = n. Hence, if y > 11in (40)
and y > 21in (41), it is easy to verify that the objective in (42) is strongly convex, and there
is a unique minimizer. From the convergence results of [55], it is concluded in [14] that any
limit point5 of the sequence {ﬂk} generated by (42) is a coordinate-wise minimizer of (38).
Since 73, in both (40) and (41) is piecewise polynomial and thus semialgebraic, it satisfies
the KL property (see Definition 1). In addition, let f(fB) be the objective of (38). Then

P B = r BB ) = B - B,

= arg minﬁj

where p is the strong convexity constant of the objective in (42). Hence, according to Theorem
2 and Remark 1, we have the following convergence result.

Theorem 4 Assume X is standardized as in (39). Let { ﬁk} be the sequence generated from
(42) or by the following update with random shuffling of coordinates

2 O\
<.3ﬂf - ﬁn;{>
1 T X k+1 k
+ ;X”f ﬁ”</’ﬂ”§j - 'B”f + iy ('3”}() ’

where (71{‘, ey né) is any permutation of (1, ..., p), and ry,_, is given by either (40) with

k1 . 1 H
= arg min — || X_k
8 /3”1; )

L=
7 2n

y > lor(41)withy > 2. If{ﬁk} has a finite limit point, then ﬂk converges to a coordinate-
wise minimizer of (38).

3.3 Rank-One Residue Iteration for Nonnegative Matrix Factorization

The nonnegative matrix factorization can be modeled as

min IXYT —M||%, st. X e RTP, Y e R, (43)

5 It is stated in [14] that the sequence generated by (42) converges to a coordinate-wise minimizer of (38).
However, the result is obtained directly from [55], which only guarantees subsequence convergence.
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where M € R} ™" is a given nonnegative matrix, ]R'_txy denotes the set of m x p nonnegative
matrices, and p is a user-specified rank. The problem in (43) can be written in the form of
(1) by letting

1
FOGY) = SIXY T =M, 11(X) = tmer X0, 1Y) = g (V)

In the literature, most existing algorithms for solving (43) update X and Y alternatingly;
see the review paper [28] and the references therein. The work [25] partitions the variables
in a different way: (X1, y1, ..., X, ¥p), Where x; denotes the jth column of X, and proposes
the rank-one residue iteration (RRI) method. It updates the variables cyclically, one column
at a time. Specifically, RRI performs the updates cyclically from i = 1 through p,

X =arg ming o I )+ XS OVED T4 XL T - M (442)
vt =argming o Xy T+ XD T XE (V)T M, (d4b)
where X’; ;= (xf.‘ IRTRERE xK). Itisa cyclic block minimization method, a special case of [55].

The advantage of RRI is that each update in (44) has a closed form solution. Both updates in
(44) can be written in the form of (2) by noting that they are equivalent to

1 !
X! = arg ming o 2 V6P = X2+ 06 T (X (VD) T X, (V)T - M),
(45a)
. 1
vt = arg ming,oo 7Py — ¥
.
+ v (XD T ah T X )T M) X 50

Since f(X,Y) + r1(X) + r(Y) is semialgebraic and has the KL property, directly from
Theorem 2, we have the following whole sequence convergence, which is stronger compared
to the subsequence convergence in [25].

Theorem 5 (Global convergence of RRI) Let {(X¥, Y* Ve be the sequence generated by
(44) or (45) from any starting point (X°, Y9). If{xf‘}hk and {yf.‘}iyk are uniformly bounded
and away from zero, then (X*, Y*) converges to a critical point of (43).

However, during the iterations of RRI, it may happen that some columns of X and Y
become or approach to zero vector, or some of them blow up, and these cases fail the assump-
tion of Theorem 5. To tackle with the difficulties, we modify the updates in (44) and improve
the RRI method as follows.

Our first modification is to require each column of X to have unit Euclidean norm; the
second modification is to take the Lipschitz constant of Vy; f (X’:{l, X;, X’; i Y/:irl, Y’;i) to
be Lff = max(Lmin, ||yf? I 2) for some Lpin > 0; the third modification is that at the beginning
of the kth cycle, we shuffle the blocks to a permutation (r f, cLTT ’;). Specifically, we perform
the following updates from i = 1 through p,
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Fig. 2 Some images in the Swimmer dataset

LK,
X = argming o =) Tn 1% = X012
I ’ l l T
+ (y];l_k)T (X’:;l (Y’:éil )T+ Xiii (Y% 5,)T - M) Xk, (46a)
yif! = argminy g %Ilyﬂik I
I l T
+ y;k (X’:jl (Yiz_l )T+ Xig (Y% i,-)T — M) x’;j‘ (46b)

Note that if nf =i and L{F = ||yf.‘||2, the objective in (46a) is the same as that in (45a).
Both updates in (46) have closed form solutions; see “Appendix 2”. Using Theorem 2, we
have the following theorem, whose proof is given in “Proof of Theorem 6” in Appendix 3.
Compared to the original RRI method, the modified one automatically has bounded sequence
and always has the whole sequence convergence.

Theorem 6 (Whole iterate sequence convergence of modified RRI) Let {(XK, Y")},‘(’i1 be the
sequence generated by (46) from any starting point (X°, Y®). Then {Y*} is bounded, and
(XK, YK converges to a critical point of (43).

3.3.1 Numerical Tests

We tested (45) and (46) on randomly generated data and also the Swimmer dataset [19]. We
set Lmin = 0.001 in the tests and found that (46) with rrik =1, Vi, k produced the same final
objective values as those by (45) on both random data and the Swimmer dataset. In addition,
(46) with random shuffling performed almost the same as those with nik =1,Vi (i.e., fixed
cyclic order) on randomly generated data. However, random shuffling significantly improved
the performance of (46) on the Swimmer dataset. There are 256 images of resolution 32 x 32
in the Swimmer dataset, and each image (vectorized to one column of M) is composed of
four limbs and the body. Each limb has four different positions, and all images have the body
at the same position; see Fig. 2. Hence, each of these images is a nonnegative combination
of 17 images: one with the body and each one of another 16 images with one limb. We set
p = 17 in our test and ran (45) and (46) with/without random shuffling to 100 cycles. If
the relative error | X% (Y?“)T — M| r/|IM||r is below 1073, we regard the factorization
to be successful, where (X', Y°') is the output. We ran the three different updates for
50 times independently, and for each run, they were fed with the same randomly generated
starting point. Both (45) and (46) without random shuffling succeed 20 times, and (46) with
random shuffling succeeds 41 times. Figure 3 plots all cases that occur. Every plot is in terms
of running time (sec), and during that time, both methods run to 100 cycles. Since (45) and
(46) without random shuffling give exactly the same results, we only show the results by
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only random succeeds both succeed only cyclic succeeds both fail
occurs 25/50 occurs 16/50 occurs 4/50 occurs 5/50

o

—— With random shuffling

- - =Fixed cyclic order D ™
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= With random shuffling
107 - - = Fixed cyclic order
. ——With random shuffling

107 - = = Fixed cyclic order

_______ -
10" 107 == 107
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—— With random shuffling
- - -Fixed cyclic order

Relative error
Relative error
Rel:ji\jzi irror
Relative error

Running time (sec) Running time (sec) 10%  Running time (sec) Running time (sec)

8%

50%

[ only random succ [ both succ [ only cyclic succ [ both fail

Fig.3 All four cases of convergence behavior of the modified rank-one residue iteration (46) with fixed cyclic
order and with random shuffling. Both run to 100 cycles. The first plot implies random version succeeds while
the cyclic version fails and occurs 25 times among 50; the second plot implies both two versions succeed and
occurs 16 times among 50; the third plot implies cyclic version succeeds while the random version fails and
occurs 4 times among 50; the fourth plot implies both two versions fail and occurs 5 times among 50

(46). From the figure, we see that (46) with fixed cyclic order and with random shuffling has
similar computational complexity while the latter one can more frequently avoid bad local
solutions.

3.4 Block Prox-Linear Method for Nonnegative Tucker Decomposition

The nonnegative Tucker decomposition is to decompose a given nonnegative tensor (multi-
dimensional array) into the product of a core nonnegative tensor and a few nonnegative factor
matrices. It can be modeled as

min_[|C x1 Aj -+ xy Ay — M|, (47)
C>0,A>0
where A = (Ay,...,Ay) and X x; Y denotes tensor-matrix multiplication along the ith

mode (see [29] for example). The cyclic block proximal gradient method for solving (47)
performs the following updates cyclically

k

. ~k ~k L Ak
! =arg ming_ (Ve (€, A%, Cc—€") + fnc-c 1%, (48a)
A = arg miny, - (Va, (€T AT AR AR ) A — AF)
k
+ 5||A—Ak||2 i=1 N (48b)
5 2 i=1,...,N.

Here, f(C,A) = %||C X1Al... Xy Ay — M| %, L’Cc and Lf (chosen no less than a positive

. . . . . ~k A
Lmin) are gradient Lipschitz constants with respect to C and A; respectively, and C and A;‘
are extrapolated points:
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Fig. 4 Relative errors, defined as ||Ck X1 A]f S XN A]]‘V — M| r/IIM]| F, given by (48) on Gaussian
Ak N

randomly generated 80 x 80 x 80 tensor with core size of 5 x 5 x 5. No extrapolation: ¢ = Ck, Ak = Ak vk,

With extrapolation: ék, AF set as in (49) with extrapolation weights by (50)

¢ =k wkch — k), Ak = Abpof Ak — AR =1 N (49)

with extrapolation weight set to

k1

. 1<i<N, (50)
— | 1=si=N,

Li

k . c
min | wg, 0.9999
Lk

c

s , o = min [ wx, 0.9999

e =

where wy is the same as that in Algorithm 2. Our setting of extrapolated points exactly
follows [59]. If after the kth iteration, the objective increases, we redo that iteration with
no extrapolation. It is interesting to notice that the objective almost always decreases with
the above weight and the re-update occurs less than 10 among 500 iterations. Figure 4
shows that the extrapolation technique significantly accelerates the convergence speed of
the method. Note that the block-prox method with no extrapolation reduces to the block
coordinate gradient method in [56].

Since the core tensor C interacts with all factor matrices, the work [59] proposes to update
C more frequently to improve the performance of the block proximal gradient method. Specif-
ically, at each cycle, it performs the following updates sequentially from i = 1 through N

ki

i . ki ki L. ki
CKM = arg ming.o (Ve f(€, AT AR ) e — &™) + 2 lc—¢"'|%, (51a)

. . . . Lk R
ANt =arg miny, . o(Va, £ AT AR AR ) A - AF) + 7’||A—Ak||2F. (51b)

<i

It was demonstrated that (51) numerically performs better than (48). Numerically, we
observed that the performance of (51) could be further improved if the blocks of variables
were randomly shuffled as in (46), namely, we performed the updates sequentially fromi = 1
through N
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only random succeeds both succeed  only cyclic succeeds both fail
occurs 14/50 occurs 7/50 occurs 4/50 occurs 25/50
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R S P —— 10° 10 < — With random shufﬂlﬂ
i~ = = = =Fixed cyclic order
5 5 . — With random shuffing S,
£ 107 5 0 g0 - - - Fixed cyclic order 5
o 5 " 4 .g
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D © 407" =—=with random shuffling 4 14
s & - - - Fixed cyclic order
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28%
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14%
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[ only random succ I both succ [ only cyclic succ [ both faill

Fig. 5 All four cases of convergence behavior of the method (52) with fixed cyclic order and with random
shuffling. Both run to 500 iterations. The first plot implies random version succeeds while the cyclic version
fails and occurs 14 times among 50; the second plot implies both two versions succeed and occurs 7 times
among 50; the third plot implies cyclic version succeeds while the random version fails and occurs 4 times
among 50; the fourth plot implies both two versions fail and occurs 25 times among 50

ki
i . ki Aki ’ ki
CHH =argming.o (Ve S (€ AL AL ). C =)+ S-le =R (52a)
) : . . LK .
AT =argming o(Va  fE T AT AL AT ), A = A+ A - AN,
(52b)
where (n{“, nf, A n,’i,) is a random permutation of (1,2, ..., N) at the k-th cycle. Note

that both (48) and (52) are special cases of Algorithm 1 with7 = N +1and T = 2N + 2
respectively. If {(Ck, Ak )} is bounded, then so are L’g, ng” and Lf."s. Hence, by Theorem 2,
we have the convergence result as follows.

Theorem 7 The sequence {(Ck, A%)) generated from (48) or (52) is either unbounded or
converges to a critical point of (47).

We tested (51) and (52) on the 32 x 32 x 256 Swimmer dataset used above and set the
core size to 24 x 17 x 16. We ran them to 500 cycles from the same random starting point.
If the relative error ||C°! x| A‘l”” Lo XN A‘l’\}” — M||g/IIM]||F is below 1073, we regard
the decomposition to be successful, where (C°', A°"") is the output. Among 50 independent
runs, (52) with random shuffling succeeds 21 times while (51) succeeds only 11 times. Figure
5 plots all cases that occur. Similar to Fig. 3, every plot is in terms of running time (s), and
during that time, both methods run to 500 iterations. From the figure, we see that (52) with
fixed cyclic order and with random shuffling has similar computational complexity while the
latter one can more frequently avoid bad local solutions.
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4 Conclusions

We have presented a block prox-linear method, in both randomized and deterministic ver-
sions, for solving nonconvex optimization problems. The method applies when the nonsmooth
terms, if any, are block separable. It is easy to implement and has a small memory footprint
since only one block is updated each time. Assuming that the differentiable parts have Lips-
chitz gradients, we showed that the method has a subsequence of iterates that converges to a
critical point. Further assuming the Kurdyka—t.ojasiewicz property of the objective function,
we showed that the entire sequence converges to a critical point and estimated its asymp-
totic convergence rate. Many applications have this property. In particular, we can apply our
method and its convergence results to £ ,-(quasi)norm (p € [0, +0o0]) regularized regression
problems, matrix rank minimization, orthogonality constrained optimization, semidefinite
programming, and so on. Very encouraging numerical results are presented.

Acknowledgements Funding was provided in part by National Science Foundation (Grant No. DMS-1317602
and EECS-1462397) and Office of Naval Research (Grant No. N000141712162).

Appendix 1: Proofs of Key Lemmas

In this section, we give proofs of the lemmas and also propositions we used.

Proof of Lemma 1

We show the general case of o = J/L , Vk and a) 5 28:4_3 LFI/I:';, Vi, j. Assume

by = i. From the Lipschitz continuity of V, f (x =i ,x,) about x;, it holds that (e.g., see
Lemma 2.1 in [61])

Ly -
e (53)

F&F) < FEY 4 (v £, xE - xE) > lIxi

Since xff is the minimizer of (2), then
N N 1 N
(Vi fOGRE), X — %) + Enx{-‘ — %17 + i (x)

by kel ok L1 . _
< (Vi O R, ‘—xf»‘>+m||x§ PP (54

Summing (53) and (54) and noting that ka

= xlj‘., Vj # i, we have
Fxh — Fxh
=& +rTh = &) = rd)
> (Vi fG D) = Vi FOETD, X =X + %knxf-‘ - %

1 L

k=1 sky2 ko ok k=12
7||X, —X; I* =1 i — X Il
200, 2

k=1 gk k—1 k k—1 k k—1 _k—1 ok
—<VX[f(X7gi ,xi)—Vxl.f(x ),Xl-—Xl- )+(X7k<xi_xi > X; _Xi>

1 k—1,2
+ (ﬂ - *) || =x; |
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> —x; —x; 'l <||vx,-f<x’;,1fk)—vx,f(xk l)||+ —lix X! f«ffn)

1 k=12
+ (20{ ) || —X; Il

1 Kk ok—1 k=1 ok L L\ ok k=12
- (OTk + Lk> Ix; —x; Il - 1% = x| + w2 Ix; —x; |

©) 1 - 1 Ly _
=—<—+Lk)wk||x —x X = R ||+( — ) k= xE2
(672 20 2

1/1 (1/ag + Lg)? o d
> (——Lk) lIxk —xE= 12 — 2Ix - % |12

%

~ 4 1/ax — Ly XX
_ =L ,F_Xk_]uz_(yﬂ)z

IIx

k—1
2 k=1 _ 4 12
4 o y—1 breilh l

i [
Here, we have used Cauchy—Schwarz inequality in the second inequality, Lipschitz continuity
of Vy, f x i ! x;) in the third one, the Young’s inequality in the fourth one, the fact xk I =

_dF—1
X.'  to have the third equality, and o = m to get the last equality. Substituting &/

L
gg;}; \/ I:{_I/I:l.j and recalling (8) completes the proof.

Proof of the Claim in Remark 2

Assume by =i and o = Lik When f is block multi-convex and r; is convex, from Lemma
2.1 of [61], it follows that

F*N - FxH

= S R L - - g
© B xR
n Lkwk< k-1 lelik’l—l’xf N <x§"1 _lelik*l—1>>
= %fo —x2 LkTw]%IIXf_1 - xfl’kil_lnz.

Hence, if w; < 8,/ i{_] /iij, we have the desired result.

Proof of Proposition 1

Summing (14) over k from 1 to K gives

s kK df P P,
FO)—F&$)= >3 3 <4‘||i{ o B L A ||2>
+1

i=1 k=1 j_gt-!
- s o, )
< i Sj-2 _ i

E E ||X e B A |
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K
s 4

'] .
> ZZ#II —% |

i=1 j=1

. dk
s i 2
L1 =67 iy i
>3 ) T =
i=1 j=1
where we have used the fact dlo = 0, Vi in the first equality, f(; 1 = i?, Vi to have the second

inequality, and ZIJ > ¢, Vi, jinthe last inequality. Letting K — oo and noting diK — oo for
all i by Assumption 3, we conclude from the above inequality and the lower boundedness of
F in Assumption 1 that

s 00
<J=1 =2

E E ”Xl —X; I” < oo,

i=1 j=I

which implies (15).
Proof of Proposition 2

From Corollary 5.20 and Example 5.23 of [52], we have that if prox
near xk 1 ai Vx; f(x"‘1 ), then prox,, ,. is continuous at xf‘_l — oy Vx; f(xk_‘). Let f(f‘ (w)
explicitly denote the extrapolated point with weight @, namely, we take ﬁf‘ (wg) in (6). In

addition, let xf () = prox,,,, (& (0) — ax V, f (x5!, % (@))). Note that (14) implies

apr; 18 single valued

209

F*h = Fb ) = X! = x" 0] (55)
From the optimality of xf‘ (w), it holds that
N 1 N
(Vi £ (' &E (@), xf (@) — % (@) + —||xf(w) — & (@)|” + ri (%} (@)
< (Vx G R (@), % — & () + —nxz — X[ (@) +ri (%), Vxi.
Taking limit superior on both sides of the above inequality, we have
_ _ 1 _ .
(Vx, fE, x(0) —xf 1) + 50 1% (© —x;? + lim sup i (x; ()
w—0t
k—1 <112 (x; .
Vxlf(x ), XI_X )+7”X! i I+ ri(x;), Vx;,
which implies lim sup r; (Xf (w)) < r (x (0)). Since r; is lower semicontinuous, lim inf
w—0F 0—>0F

ri(xF(w)) > r;(x¥(0)). Hence, lin(}+r,-(xf.‘(a))) = r;(x¥(0)), and thus lin&+F(x () =

F(x%(0)). Together with (55), we conclude that there exists @; > 0 such that F(x*~!) —
F(x*(w)) > 0, Yo € [0, &]. This completes the proof.

Proof of Lemma 2
Let a,, and u,, be the vectors with their ith entries

@m)i = /Ui, @w)i = Ajn,,-
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Then (21) can be written as

s NMim+1 -1

lant1 Quapt P+ A=Y > aijA

i=1 j=n;,+1
nim
< B*llan © unl® +Bm2 > A (56)

i=1 j=n;m,_1+1

Recall

a=infa;;, @=supq;;.
i.j ij

Then it follows from (56) that

s Mimy1—1 Ni,m
lant1 Ouupi P +a(1 =)D > A7, < B’llan Ouy| +BmZ > A
i=1 j=nj,+1 i=1 j=njm,-1+1
(57)
By the Cauchy—Schwarz inequality and noting n; 1 — n;,» < N, Vi, m, we have
s Mimy1—1 2 Ky ni,m+]_1
S O% ) =Wy o 2
i=1 j=n;,+1 i=1 j=njm+1
and for any positive C1,
s Mim+1—1
A+ACilann Quartll [ Y. D Aij
i=1 j=n; n+1
nim+1—1 202
—(1+p8 5, I+ B)CisN ,
= Z > <||3m+1 O W1l +m‘4i,_,’
i=1 j=n;,+1
; 1
4—(1+p)? (1 + B)2CEN L EL
< ——— a1 QuulP+ " Y AT (59)
4 —(1+8)
i=1 j=nim+1
Taking
a(l = HE -1 +8)%
Ci <,/= , 60
'= \/ 4sN (60)
we have from (58) and (59) that
,3 s Nimy1—1
lani Ouuitll +C1Y Y Aij
i=1 j=njm+1
s Mimy1—1
< |l QuulP+a(l=p1) " > A7 (61)

i=1 j=n;,+1
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For any C, > 0, it holds

nim

/32||am @um”2+BmZ Z Az]

i=1 j=nim-1+1

Ni,m

< Bllay © uyll + BmZ > A

i=1 j= =Nim— 1+1

Ni,m

<ﬁ||am®um||+czBm+4C Z > A
i= lj—nlm 1+1

N njm—1
J5
</3||am®um||+CzBm+4C ;, nz +1A,»,,+4—C2||um||. (62)
im—1

Combining (57), (61), and (62), we have

s Mimt1—1

/3
— a1 Ouartl+C1Y D A

i=1 j=n;n,+1

K] nim—1
)
<ﬂ||am@um||+c23m+4c >y Ai,,+%numn.

4
i=1 j=n;p,_1+1
Summing the above inequality over m from M| through M> < M and arranging terms gives

nimt1—1

Wor1-8 Vs
Z( 5 ”am+1®um+l”_E”um+1”>+(cl_7> ZZ Z Aij

m=M m=Mj i=1 j=n;,+1
My ni My — \/E
< Bllay, Qup, | +C2 Y B’”EZ Z Aij+ge; ol (63)
m=M i= lj—nLMl 1+1
Take
1
Cy = max <7, */E) (64)
2C1 Ja(1—pB)
Then (63) implies
K n1m+]_1
Z ||um+1||+— Z YD A
m=M m=M i=1 j=n;+1
ni,My — 1 f
N
< BValupy, || + C2 Z Bm+4C Z Yo At gl (©5)
m=M i=1 j=nim-1+1 2
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which together with D7 Aj n; 1 < v/Sllupmp1 ]l gives

s i Myl
G, ) A
i=1 j=l’ll'M1+l

K Nim+1

Y Y Y

m=M; i=1 j=n; ,,+1

nimy —1

Vs
< Bvallup, Il + Ca Z Bm+4C Z > Aij+ 3o lunll
m=M, i=1 j=n;pm—1+1
ni M
< Z Bm+C4Z Z Ajj, (66)
m=M, i=1 j=nip-1+1
where we have used [luy, | < 3°}_; Ain, > and
(e =B) C Vs
Cs = Y=l P o= s 67
(LY i

From (60), (64), and (67), we can take

_ e -p) < min a(l =@ -1 +p? Jad—p)
T 2JsN T 4sN 2 '

where the inequality can be verified by noting (1 — ,82) 4—-(1+p ) —(1— ;8)2 is decreasing
with respect to 8 in [0, 1]. Thus from (64) and (67), we have C, = %, Csy = %, Cy =

ﬂﬁ + @ Hence, from (66), we complete the proof of (22).

If limy;— o0 1jm = 00, Vi, Z;’f:l B, < 00, and (21) holds for all m, letting M| = 1 and
M, — oo, we have (23) from (66).
Proof of Proposition 3

For any i, assume that while updating the ith block to x , the value of the jth block (j # i) is

), the extrapolated point of the ith block is z;, and the Lipschitz constant of Vy, f (yg ,Xj)

w1th respect to X; is L, , namely,
xf € arg ming (Vy, £(v0), 2), Xi — ) + Lillx; — ]| + ri (%)),
Hence, 0 € Vy, f (y;Z, z;) + ZI:i(xf.‘ —z;)+ or; (xf?), or equivalently,
Vi f5) = Vi, f (Y0 20) = 2Li(%f = 21) € Vi f&E) + i (xf), Vi (68)
Note that x; may be updated to Xf‘ not at the kth iteration but at some earlier one, which

must be between k — T and k by Assumption 3. In addition, for each pair (i, j), there must
be some «; ; between k — 2T and k such that

(@)
¥ =x, (69)
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and for each i, there are k — 3T < K{ < Ké < k and extrapolation weight @; < 1 such that
K'i ~ K'i I(i
zi =X;” + & (x;,> —x;'). (70)

By triangle inequality, (yg, Z;) € By, (X) for all i. Therefore, it follows from (10) and (68)
that

dist(0, 9F (x)) ‘= vax,f(xk) — Vo fY) 7)) = 2Li(xE — 2) |2
i=1

s
<D IV F &) = Vi 6 ) = 2L — )|

i=1

< Z (V3 £ 0 = Vo 705 200+ 2Li I — 7] )
5 (Lolx = 00 201+ 2LilxE — 1)
i=1

< Z (Lo +2L)|xf —zi |+ Lo y_Ix5—y"1 ). @D
J#
where in the fourth inequality, we have used the Lipschitz continuity of Vy, f (x) with respect

to x, and the last inequality uses I:i < L. Now use (71), (69), (70) and also the triangle
inequality to have the desired result.

Proof of Lemma 3

The proof follows that of Theorem 2 of [3]. When y > 1,since0 < Ay_1— Ay < 1,Vk > K,
we have (Ay_1 — Ax)” < Ag—1 — Ay, and thus (33) implies that for all k > K, it holds that
Ar < (¢ + B)(Ar—1 — Ag), from which item 1 immediately follows.

When y < 1, we have (Ay_1 — Ar)Y > Ag_1 — Ay, and thus (33) implies that for all
k > K,itholds that Ay < (¢ 4+ B)(Ax—1 — Ax)?. Letting h(x) = x Y7 wehave fork > K,

1< @+ /)" (A1 — ApA

A 1y _
=(a+ P/ ( Ak1> (Ag—1 — Ak)Ak,l{V

Uy pAx-
<(@+pVr (Ak 1) f o
A

A ‘
_ (@ +B A\ (Alfl/y _ A“W)
1—1/y \ A k-t k ’
where we have used nonincreasing monotonicity of / in the second inequality. Hence,
_ _ y—1 [ A\
Al qlty s Ly — ( k > . (72)
@+ \ Agy
Let u be the positive constant such that
/)y —1 y—1
— = — 1. 73
@+ = 7
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Note that the above equation has a unique solution 0 < p < 1. We claim that
1-1 1-1 -
AT AT =T -1, V= KL (74)

It obviously holds from (72) and (73) if ( Ak )I/V > w. It also holds if ( ) Vv - u from
the arguments

A\ _ _
<Tk1) Su =A< A = A,i > MV_IA;i_%/y

Y L e IV LA e §

where the last inequality is from A};}/ ¥ > 1. Hence, (74) holds, and summing it over k
gives

1-1 1-1 1-1 —
AT = AT AT = w0 - k- K,

which immediately gives item 2 by letting v = (u” ! — 1)%.

Appendix 2: Solutions of (46)

In this section, we give closed form solutions to both updates in (46). First, it is not difficult
to have the solution of (46b):

T
vt = max (0, (XEE (VAEDT 4+ X (vE )T - M) TR,
Secondly, since Lﬁi > (0, it is easy to write (46a) in the form of

f||x—a|| +b'x+C,
x>0, ||x|\ 12

which is apparently equivalent to

max ¢'x, (75)

x>0, [x||=1
which ¢ = a — b. Next we give solution to (75) in three different cases.
Case 1 ¢ < 0. Let iy = argmax; ¢; and cmax = ¢, < 0. If there are more than one
components equal cp,x, one can choose an arbitrary one of them. Then the solution to (75)
is given by x;, = 1 and x; = 0, Vi # i( because for any x > 0 and ||x|| = 1, it holds that

T
¢ X < cmax|IXll1 < cmax|IX]l = Cmax-

Case2c <0Oandc £ 0.Letc = (cyy, ¢;_) where ¢, = 0 and ¢;_ < 0. Then the solution
to (75) is given by x;_ = 0 and xj, being any vector that satisfies x;, > 0 and ||x;,|| = 1
because ¢ " x < 0 for any x > 0.

Case3c £0Letc = (c1+, c1z-) where ¢;, > 0 and ¢e = 0. Then (75) has a unique

solution given by x;, = and x = 0 because for any x > 0 and ||x|| = 1, it holds that

|I01 I

c'x < ¢/ xp, < ller - Ixp, | < ller Il - Ixl = ller, I,
where the second inequality holds with equality if and only if x;, is collinear with ¢, , and
the third inequality holds with equality if and only if x 5= 0.
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Appendix 3: Proofs of Convergence of Some Examples

In this section, we give the proofs of the theorems in Sect.3.

Proof of Theorem 6

Through checking the assumptions of Theorem 2, we only need to verify the boundedness
of {Y*} to show Theorem 6. Let E¥ = X¥(Y*)T — M. Since every iteration decreases the
objective, it is easy to see that {EX} is bounded. Hence, {EF + M} is bounded, and

a = sup max(Ek +M);; < oo.
kb

Let y{‘j be the (i, j)th entry of Y*. Thus the columns of EF + M satisfy

P
a>e +m =) yixh vi, (76)
=1

where x’; is the jth column of X¥. Since ||x’;. || = 1, we have ||x’;. loo = 1/4/m, Vj. Note that

(76) implies each component of Zle yfj X]; is no greater than a. Hence from nonnegativity of

X* and Y* and noting that at least one entry of X]J< is no less than 1/./m, we have yf‘j <aym
for all i, j and k. This completes the proof.
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