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Abstract The possibilities of exploiting the special structure of d.c. programs, which
consist of optimising the difference of convex functions, are currently more or less
limited to variants of the DCA proposed by Pham Dinh Tao and Le Thi Hoai An in
1997. These assume that either the convex or the concave part, or both, are evaluated
by one of their subgradients. In this paper we propose an algorithm which allows
the evaluation of both the concave and the convex part by their proximal points.
Additionally, we allow a smooth part, which is evaluated via its gradient. In the spirit
of primal-dual splitting algorithms, the concave part might be the composition of a
concave function with a linear operator, which are, however, evaluated separately.
For this algorithm we show that every cluster point is a solution of the optimisation
problem. Furthermore, we show the connection to the Toland dual problem and prove
adescent property for the objective function values of a primal-dual formulation of the
problem. Convergence of the iterates is shown if this objective function satisfies the
Kurdyka—t.ojasiewicz property. In the last part, we apply the algorithm to an image
processing model.
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1 Introduction

Optimisation problems where the objective function can be written as a difference of
two convex functions arise naturally in several applications, such as image processing
[1], machine learning [2], optimal transport [3] and sparse signal recovering [4]. Gen-
erally, the class of d.c. functions is rather broad and contains for example every twice
continuously differentiable function. For an overview over d.c. functions, see e.g. [5].

The classical approach to iteratively find local extrema of d.c. problems was
described by Tao and An [6] in 1997 under the name DCA (d.c. algorithms). One
of the most recent papers on this topic is [7], where an accelerated variant of the DCA
method is proposed under the supplementary assumption that both the convex and
the concave part are continuously differentiable. In 2003, Sun, Sampaio and Candido
introduced a proximal point approach into the theory of d.c. algorithm [8], where the
convex part is evaluated by its proximal point operator, while its concave part is still
evaluated by one of its subgradients. Later on, the approach in [8] has been extended
in [9-11] by considering in the convex part a further convex smooth summand that is
evaluated via its gradient.

In this paper, we go one step further by proposing an algorithm, where both the
convex and concave parts are evaluated via proximal steps. In convex optimisation,
using proximal steps instead of subgradient steps has several advantages:

e The subdifferential at a point may be a non-singleton set, in particular it may be
empty or may consist of several distinct elements. In an algorithm, one may get
stuck or have to choose one, respectively.

e Even if the subdifferential is a singleton in each step, it might be highly discontin-
uous, so small deviations might lead to a very different behaviour of the iterations.

e Better convergence rates can be guaranteed for proximal algorithms than for sub-
gradient algorithms (compare [12] and [13, Theorem 3.2.3]).

In addition, we consider a linear operator in the concave part of the objective
function, which is evaluated in a forward manner in the spirit of primal-dual splitting
methods.

In Sect. 2, we present the problem to be solved together with its Toland dual and
attach to them a primal-dual formulation in the form of a minimisation problem,
too. We derive first-order optimality conditions, relate the optimal solutions and the
critical points of the primal-dual minimisation problems to the optimal solutions and,
respectively, the critical points of both primal and dual optimisation problems.

In Sect. 3, we propose a double-proximal d.c. algorithm, which generates both a
primal and a dual sequence of iterates and show several properties which make it com-
parable to DCA. More precisely, we prove a descent property for the objective function
values of a primal-dual formulation and that every cluster point of the sequence of
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primal iterates is a critical point of the primal problem, while every critical point of
the sequence of dual iterates is a critical point of the dual problem.

In Sect. 4, we show global convergence of our algorithm and convergence rates for
the iterates in certain cases, provided that the objective function of the primal-dual
reformulation satisfies the Kurdyka—t.ojasiewicz property; in other words, it is a KE
function. The convergence analysis relies on methods and concepts of real algebraic
geometry introduced by Lojasiewicz [14] and Kurdyka [15] and later developed in the
nonsmooth setting by Attouch, Bolte, Redont, and Soubeyran [16], Attouch, Bolte, and
Svaiter [17] and Bolte, Sabach and Teboulle [18]. One of the remarkable properties of
the KL functions is their ubiquity in applications (see [18]). The class of KL functions
contains semi-algebraic, real sub-analytic, semiconvex, uniformly convex and convex
functions satisfying a growth condition.

We close our paper with some numerical examples addressing an image deblurring
and denoising problem in the context of different d.c. regularisations.

1.1 Notation and preliminaries

For the theory of convex analysis in finite-dimensional spaces, see the book [19]. We
shall consider functions taking values in the extended real line R := RU {+o00, —oo}.
We agree on the order —oo < a < +oo for any real number a and the operations

+oo+a=a+00=4+00—00=—00+ 00 =400+ 00 = 400,
—X+a=a—-—00=—-00—00=—00,

0-(=00)=0,0:(400) = +00

for arbitrary a € R (see [20]). Let H be a real finite-dimensional Hilbert space. For a
function f : H — R, we denote by

dom f :={x e H| f(x) < +o0}

its domain. The function f is called proper if it does not take the value —oo and
dom f # (. It is called convex if

A =Mx+2ry) = =2 f(x)+Af()

forall x, y € H and 0 < A < 1. The conjugate function f* : H — Rof f : H - R
is defined by

fH(x*) =sup{{x*, x) = f(x) | x e H}.

If f is proper, convex, and lower semicontinuous, then f** := (f*)* = f by the
Fenchel-Moreau theorem.
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The convex subdifferential df (x) at x € H of a function f : H — R is empty if
x ¢ dom f and

Af x) ={x* e H|Vy e H: f(y) = fx)+(x*", y —x]}

otherwise. Lety > Oand f : H — R be proper, convex, and lower semicontinuous.
The proximal point Prox, s (x) of y f at x € H is defined as

) 1
Prox, s (x) = arg min {yf(y) + > ly —x|I?|y e H} )
The set of minimisers in the definition above is a singleton [21, Proposition 12.15],

and the proximal point is characterised by the variational inequality [21, Proposition
12.26]

1
F(») = f(Prox, s (x)) + % (y = Proxy s (x), x — Prox, s (x))

for all y € 'H, which is equivalent to

1
;(x — Proxy s (x)) € of (Proxy s (x)). (1

When dealing with nonconvex and nonsmooth functions, we have to consider sub-
differentials more general than the convex one. The Fréchet subdifferential oF f (x)
at x € H of a proper and lower semicontinuous function f : H — R is empty if
x ¢ dom f and

pf(x)={x"eH liminff(y)_f(x)—<x , Y —X)
Nx ly — x|l

>0

otherwise. The limiting (Mordukhovich) subdifferential 9y, f (x) at x € H of a proper
and lower semicontinuous function f : H — R is empty if x ¢ dom f, and

oL f(x) = {x* eH ‘ I k=0- (xlf)kzo txk € H,x; € 0r f(xk), k >0,
X = x, fOx) = f(x),xf > xFask — —1—00}
otherwise.

2 Problem statement

Let G and H be real finite-dimensional Hilbert spaces, let g : H — Randh:G — R
be proper, convex, and lower semicontinuous functions, let ¢ : H — R be a convex,
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Fréchet differentiable function with %—Lipschitz continuous gradient, for some g > 0,
and let K : H — G be a linear mapping (and K* : G — 'H its adjoint). We consider
the problem

min {g(x) + ¢(x) — h(Kx) |x € H} 2)

together with its Toland dual problem [22,23]
min {h*(y) — (g +¢)"(K"y) [y € G} . 3)
The following primal-dual formulation will turn out to be useful in the sequel:

min {®(x,y) |x € H,y € G} with ®(x,y) = g(x) + @) +h*(y) — (¥, Kx),
4)
where @ : ‘H x G — R is proper and lower semicontinuous.
Let us derive necessary optimality conditions for the problems (2), (3), and (4):

Proposition 1 1. The optimal values of (2), (3), and (4) are equal.
2. Forallx e Hand y € G,

O(x,y) > g(x) + ¢(x) —h(Kx) and
D(x,y) = h*(y) — (g + ) (M (K*y).

3. Let x € 'H be a solution of (2). Then d(h o K)(x) C 9g(x) + V(x).

4. Lety € G be a solution of (3). Then 8((g +@)*o K*)()_J) C ah*(y).

5. Let (x,y) € H x G be a solution of (4). Then X is a solution of (2), and y is a
solution of (3). Furthermore, the inclusions

K™y € 9g(X) + Vo(¥), (&)
Kx € an*(y) (6)

hold.

Proof 1. By the Fenchel-Moreau theorem, applied to &, we have

inf {g(x) + ¢(x) — h(Kx) | x € H)
= inf {g(x) + (x) — K™ (Kx) | x € H]

g(x) +¢(x) —sup {(y, Kx) —h*(y) |y € G} | x € H}

g(x) + @) +h*(y) — (y. Kx) | x € H.y € G}

h*(y) = sup {{x, K*y) = (¢ + 9)(x) | x € H} |y € G}

R (y) — (g + ) (K*y) |y € G}.

= inf
= inf

= inf

——— —— —— ——

= inf
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2. Letx € Hand y € G. Then,

g(x) + ¢(x) — h(Kx) = g(x) + @(x) — h**(Kx)
=g(x) + ¢(x) —sup {(Kx,3) —h*() |y € G}
< g(x) + @(x) — (Kx, y) + h*(y),

and the other inequality is verified by an analogous calculation.

3. This kind of optimality condition is classical in d.c. programming, see e.g. [8,
Proposition 1.1].

4. The proof of this statement is analogous.

5. Let (x, y) be a solution of (4). (In particular, if such a solution exists, the common
optimal value of (2), (3) and (4) must be finite.) The function x +— ®(x, y) is
convex and takes a minimum at x. Therefore

0 €9g(x)+ Vo(x) — K*y,

which proves (5). The same argument works for the function y +— ®(x, y) and
implies

0 €dh™(y) — Kx,

which is (6). For these inclusions, we obtain equality in the Young—Fenchel
inequality [21, Proposition 16.9], i.e.,

(8 + )" (K*5) + (g + )(¥) = (¥, KF).
h*(3) + h(K%) = (3, KX) .
Therefore, by subtracting these equalities,
(g +9)(X) — h(KX) = h*(§) — (g + )" (K*7)

= h*(3) —sup {{x, K*3) — g(x) — p(x) | x € H}
< h*(3) + g(X) + @(¥) — (¥, K*y).

Since (x, y) is a solution of (4), the last expression equals the common optimal
value of (2), (3), and (4). O

Definition 1 We say that (x, y) € ‘H x G is a critical point of the objective function
® of (4) if the inclusions (5) and (6) are satisfied. We denote by crit® the set of critical
points of the function ®.

Remark 1 1If (x, y) € H x G is a critical point of ®, then

K*5 € K*ah(K%) N (0g(X) + Vo (X)), )
Kx € Kd(g + ¢)" (K*7) Noh*(3). (8)
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By adopting the terminology of e.g. [6, p. 297], we denote by
crit(g¢+@9 —hoK):={x e H: K*ah(Kx) N (3g(x) + Vo(x)) # B}
the set of critical points of the objective function g + ¢ — h o K of (2) and by
crit(h* — (g + @) o K*) :={y € G : Kd(g + @)*(K*y) N dh*(y) # ¥}

the set of critical points of the objective function 2* — (g + ¢)* o K™ of (3). (Recall

that K*0h(Kx) C d(ho K)(x) and Kd(g + ¢)*(K*y) C 9((g + ¢) o K*)(¥).)
Thus, if (x, y) € H x G is a critical point of the objective function @, then x is a

critical point of g + ¢ — h o K and ¥ is a critical point of 2* — (g + ¢)* o K*.

3 The algorithm

Let (x0, yo) € H x G, and let (¥y),>0 and (un),>( be sequences of positive numbers.
We propose the following iterative scheme: For all n > 0 set

Xn+1 = Prox,,, (xn + v K*y, — an‘p(xn))’ 9
Yn+1 = Proxy, nx (Yn + n Kxn41). (10)

By the inequalities for the proximal points, we have, for every x, y € Handn > 0,

1
8(Xnt1) —g(x) =— <xn + VK Yn = Yo VO(Xn) = Xnt1, Xnt1 — x)

n

1
=J/_ (Xn — Xnt1, Xpg1 — X) + (K*)Jn’ Xn+1 — x)
n
_(Vgo(xn)a Xn+1 _)C) B
1
h*(yn—i-l) - h*(y) <— (Vn + nKXpt1 = Ynt1s Yng1 — )

n

1
=— (Yn = Yant+1, Yut1 — ¥) F{KXpg1, Yug1 — ¥) .

n

Moreover, using [21, Theorem 18.15 (iii)] and the subdifferential inequality, we have
forevery x € Hand n > 0,

1
@(Xns1) — @) < (VO(xn), Xnt1 — Xn) + == X0 — X111,

2B
@(xn) —ox) < (Vo(xp), x4y — X) .

We consider the auxiliary function ® : H x G — R defined by

D(x,y) = g(x) + () +h*(y) — (y, Kx).
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By the inequalities above, we have, for arbitrary x € H,y € Gandn > 0,

D(xnt1, ynt1) — @(x, y)
= g(nt1) — &) + @(xny1) — @(x) + A (Yuy1) — B (y)
+ <ya K)C) - <yn+1v le’l+1>
1 1 1
— {Xn = Xnt1, X1 — X) + — (VY — Ynt1s Ynt1 — Y) + 52 X0 — Xnt1 ||2
yfl /»'Ln Zﬂ

+ (K& = Xp41)s Y — Yu) - (11)

=<

Furthermore, for any n > 0,

D(Xpt1, Yu) — ©(xn, yu) = g(xn+1) + @(xnt1) — g(xn) — @ (xn)
+ (K*Ym Xn — xn+1>

1

1
< <ﬁ - ;) [EE—Y (12)

DXpt1, Yur1) — PXps1, yn) = h*()’n+1) - h*(yn) + (¥n — Yn+1, Kxpg1)

1
< ——lyn = Yuprll*. (13)
n

n
The last two inequalities give rise to the following statement.
Proposition 2 For each n > 0, we have
DXp+15 Yut1) < Pxpt1, yn) < @(xn, Yu),
provided that 0 < y, < 28.

Proposition 3 Let

0< ing Yo SSupyy <28 and 0< in% p < SUp Uy < +00. (14)
n> n>

n>0 n>0

Furthermore, let inf {g(x) + ¢(x) — h(Kx)|x € H} > —o0. Then,

Y lxn = xap1l> <400 and Y llyn — yap1ll* < +oo.

n>0 n>0

Proof Let N > 1 be an integer. Sum up (12) and (13) forn = 0,..., N — 1 and
obtain

N-1
1 1

D(xy, yN) — P(x0,0) < Y (— - _) 1w = Xn1 117
=0 28 a

N—-1 1
=Y — Iy = yani %
w0 Mn
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By assumption, the expression on the left-hand side is bounded from below by a fixed
real number M for any N > 1, and so is the right-hand side. The numbers (yl—n — ﬁ)

and I% are bounded from below by a positive number, say ¢ > 0, so
n

N-1 N-1
2 2. M
ben = X174 2 lyn = Yt 7 = ==

n=0 n=0

Since N is arbitrary, the series converge. O

Proposition 4 Lerinf {g(x) + ¢(x) — h(Kx) |x € H} > —o0 and (14) be satisfied.
If (xn)y>0 and (Yn),>o are bounded, then

1. Every cluster point of (xn),>¢ is a critical point of (2),
2. Every cluster point of (yn),>q is a critical point of (3) and
3. Every cluster point of (X, Yn),>0 is a critical point of (4).

Proof Let x be a cluster point of (x,),>¢. Let (xnk) >0 D€ a subsequence of (x,),>0
such that x,, — x.By another transition to a subsequence, we can guarantee y,, — y
for some y € H, since (ynk) is bounded. By (9) and (10), we obtain, for every

k>0
k>0,
Xnp — Xnp+1
e e 4 K*Ynk - V(”(xnk) € ag(xnk+1)
Vg
and 25— IUEL L g e 01 (ymyr1)s

Hny

respectively. By Proposition 3, the first summands on the left-hand side of the above
inclusions tend to zero as k — oco. Using the continuity of V¢ and the closedness of
the graphs of dg and 94* and passing to the limit, we get K*y — Vo(x) € dg(x) and
KXx € 0h*(y), which means that (x, y) is a critical point of ®. The first statement
follows by considering Remark 1. For the second statement, one has to choose x and
y in reverse order, for the third one, they are chosen at the same time. O

Remark 2 1t is clear that one cannot expect the cluster points to be minima, since it is
easy to see that (x, y) is a fixed point of the iteration (9)—(10) if and only if (5) and
(6) are satisfied, i.e., if and only if (x, y) is a critical point for ® (independent of the
choice of the parameters (yy),>0 and (in),>0)-

Remark 3 One should notice that the iterative scheme given by (9) and (10) does not
use any subgradients, but only proxmial points and gradients, which are continuous
with respect to the input. In contrast, the DCA and its variants use the subgradients of
at least one of the involved functions. The performance might therefore depend on the
subgradient oracle, whereas our algorithm is determined by the choice of the starting
points and the stepsize sequences alone. This is especially an issue when dealing with
nonsmooth functions like the £! norm.
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Fig. 1 Regions of convergence for Example 1. The horizontal and vertical axes indicate the primal and
dual starting points, respectively. For points in the blue region, the method converges to the stationary
point (0, 0), which is not a local minimum, and for points in the red region it converges to the global
minimum (—1, —1). The stationary points are highlighted with circles. Light colours mean fewer iterations
for convergence than darker colours. The stepsize sequences are chosen to be constant: y,, = u, = 0.1 for
alln >0

Example 1 Consider the problem given in [24, Example 4]. The primal problem

1
min {—x2 — max {—x, O}}
xeR | 2

and its Toland dual

1
min {—=y?
ye[—l,O]{ 2 }

have two primal-dual stationary points (x, y) = (0,0) and (x,y) = (—1, —1), but
only the latter is a local minimum for any of these problems. On the other hand, the
classical DCA might converge to the former stationary point for an unfavourable choice
of the subgradients. The same might happen to the double-proximal d.c. algorithm,
see Fig. 1. A possible solution to the problem of getting stuck in stationary points
which are not local minima is the use of inertial techniques according to Polyak [25],
which are already well-established in proximal algorithms for convex and nonconvex
problems, see e.g. [26,27].

Proposition 5 Ler (14) be satisfied. For any n > 0, the following statements are
equivalent:

1. (x,, yn) is a critical point of ®;

2. (Xn41s Ynr1) = (X, Yu)s
3. D(Xpt1s Yatr1) = P(xp, yu)-

Proof 1t is easily seen by the formula (1) that the first two statements are equivalent.
The equivalence of the latter two follows by (12) and (13). O
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Next, we summarise the convergence properties of the prox-prox algorithm. To this

end, we denote by w(xg, yo) the set of cluster points of the iteration generated by (9)
and (10) with the initial points xo and yg. See also [18, Lemma 5] for an analogous
result for a nonconvex forward-backward scheme.

Lemma 1 Let H and G be two real finite-dimensional Hilbert spaces, let g : H — R
and h : G — R be proper, convex, and lower semicontinuous functions. Let ¢ : H —
R be a convex, Fréchet differentiable function with a 1 -Lipschitz continuous gradient,
for some B > 0, and let K : H — G be a linear mapping. Let the sequences (yn),>0
and (Ln),>q satisfy (14). Moreover, assume that the sequence (X, Yn),>0 generatzd
by (9) and_(IO) is bounded. Then the following assertions hold: -

1.
2.
3.

@ # w(xg, yo) Ccritd Ccrit(g +¢ —ho K) X crit(h* —(g+@)*o K*)
lim;; s oo dist((xp, Yn), @(x0, ¥0)) =0,

if the common optimal value of the problems (2), (3), and (4) is > —oo, then
w(xg, yo) is a nonempty, compact, and connected set, and so are the sets of the
limit points of the sequences (x,),;>0 and (yn),>0,

the objective function ® is finite and constant on w(xq, yo) provided that the
optimal value is finite.

Proof 1. Itis clear that the set of cluster points of a bounded sequence is nonempty.

That every cluster point is critical for ®, is the statement of Proposition 4. The last
inclusion is discussed in Remark 1.

Assume that the assertion does not hold. In this case, there exists an € > 0 and a
subsequence (xy, , y”k)kzo of (Xn, Yn)p=0 With dist((xn,, Yn, ), @(x0, y0)) > € for
all £ > 0. The subsequence is bounded, so it has a cluster point, which is a cluster
point of the original sequence (x;, yn),>o as well, thus an element of w(xg, yo)-
This contradicts the assumption dist((xn_k, Yni ) @(x0, y0)) > € forall k > 0.
Since the sequence (x,, yn),>¢ is bounded, the sets

Qr i=cl U {Cens yn)}

n>k

are bounded and closed, hence compact for any k > 0. Their intersection (), 2y,
which equals the set of cluster points of (x,,, y»),>¢, is therefore compact, too. The
connectedness follows from the property given by Proposition 3, and the proof is
completely analogous to the one of [18, Lemma 5 (iii)].

According to Proposition 2, the function values ®(x,, y,) are monotonically
decreasing, thus convergent, say ®(x,, y,) — £. Let (x, y) be an arbitrary limit
point of the sequence (xy, yn),>0, and let (xnk, y,,k) k>0 be a subsequence con-
verging to (x,y) as k — oo. By lower semicontinuity, we have ®(x,y) <
limg— o0 ® (X, ¥n,) = £. On the other hand, consider (11) with x = X and
y = y. The right-hand side converges to 0 as we let n — oo along the subse-
quence (1nf)g=q, SO £ =1imy 00 P(xp, yu) < P(x, y). O
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Remark 4 To guarantee the boundedness of the iterates, one could assume that the
objective function of the primal-dual minimisation problem (4) is coercive, i.e., the
lower level sets are bounded.

4 Convergence under Kurdyka-t.ojasiewicz assumptions

In the next step, we shall assume the Kurdyka—t.ojasiewicz property for the functions
involved. Let us recall the definition and some basic properties. By ©,, for n €
(0, +00], we denote the set of all concave and continuous functions ¢ : [0, n) — R
with the following properties:

1. 9(0) =0,

2. ¥ is continuously differentiable on (0, 1) and continuous at 0,

3. ®/(s) > Oforalls € (0, n).

Definition 2 Let H be a real finite-dimensional Hilbert space, and let ® : H — R
be a proper and lower semicontinuous function. We say that & satisfies the Kurdyka—
Lojasiewicz property at x € dom 0, ® := {x € H | d. P(x) # @} if there exists some
n € (0, +o0], a neighbourhood U of x and a function ¢ € ®,, such that for all

xeUN{xeH|PK) < Px) < P(x)+n}
the following inequality holds:
B (P (x) — D(x)) - dist(0, Iy P(x)) > 1.

We call ® a KE function if it satisfies the Kurdyka—t.ojasiewicz property at each point
x € dom oy d.

The following uniform K¥. property is according to [18, Lemma 6].

Lemma 2 Let Q be a compact set, and let ® : H — R be a proper and lower
semicontinuous function. Assume that ® is constant on Q2 and satisfies the KL property
at each point of Q. Then there existe > 0, n > 0, and ¥ € O, such that for all u € Q
and all u in the intersection

{u e H|dist(u, Q) <e}N{ue H|dw) < Pu) < dw) + n} (15)
one has

9 (®(u) — D)) - dist(0, d P(u)) > 1.

In the KL property, we need the distance of a subgradient from zero. In our algo-
rithm, we have the following result.
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Lemma 3 For each n > 1 with y,—1 < 2B, there exist (x}, y%) € H x G with
(x,’,‘, y,’;) € LD (xp, yy) and

1
||x:; ” < NIK I yn—1 = yaull + lxn—1 — xull,
Vi

n—1

1
lynll < o D=l
-

Proof From the definition of the algorithm, we have, for each n > 1,

Xn—1 — Xn

VYn—1

Yn=1 = Yn + Kxy € 0h* ().
Mn—1

+ K*)’nfl — Vo(xp—1) € 9g(xp),

Consider the function @ : H x ¢ — R, CT>(x, y) = g(x)+¢(x)+h*(y). By the usual
calculus of the convex subdifferential and [28, Proposition 8.12], for each n > 1

AP (xn, yn) = (3g(xn) + Vep(xn)) x dh* (yn).
By [28, Exercise 8.8], we have for eachn > 1

AL P (Xn, yn) = AP (n, yu) — (K*yu, Kx)
= (0g(xn) + Vo(xn) — K*yy) x (0h*(yn) — Kx),  (16)

thus,

Xn—1—X, *
x* = + Vo(xp) — Vo(xp—1) + K*(Yn—1 — yn)
(y,i) - < " ' .Vn—l—yny, ! ") € 0L 0. ).
n

Mn—1

Now, we estimate for each n > 1

|| < 1K yn—1 = yall + 1dd = Ya—1V@)(xp-1) — (d — yu—1 V@) (xa) || -

n—1

By the Baillon-Haddad theorem [21, Corollary 18.16], Vg is f-cocoercive. By [21,
Proposition 4.33], Id — y,,—1 V¢ is nonexpansive for y,_; < 28, which leads to the
desired conclusion. O
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4.1 The case when @ is a KL function
Theorem 1 Let
O<y:=inf y, <y :=supy, < B,
- n=0 n>0
0<p:=1inf pu, < :=supu, < +oo.

- n=0 n>0

Suppose that @ is in addition a KL function bounded from below. Then (xyp, Yn),>0 is
a Cauchy sequence, thus convergent to a critical point of P.

Proof Let Q := w(xp, yo), and let £ € R be the value of ® on 2 (see item 1 of Lemma
1).If ®(x,, y,) = £ forsomen > 0, then, by (12) and (13), x,,+1 = x, and y,, -1 = Yn,
and the assertion holds. Therefore, we assume ®(x,, y,) > € for all n > 0.

Lete > 0,7 > 0 and ¢ € ©, be as provided by Lemma 2. Since ®(x,, y,) — ¢
as n — 4oo, we find n;y > 0 with ®(x,,y,) < €+ n for n > nj. Since
dist((x;, yn), 2) — 0 asn — +oo, we find np > 0 with dist((x,, yn), Q) < ¢
forn > ny.

In the following, fix an arbitrary n > ng := max {ny, no, 1}. Then (x,, y,) is an
element of the intersection (15). Consequently,

(P (xXn, yn) — (X, 9)) - dist((0, 0), I P(xn, ya)) = 1. (17)
By the concavity of ¥, we get, for all s € (0, n),

?(s) — (P (xp, yu) — P(X, y))
= 19/(CI>()C”, Yn) — P(x, y) - (s — P(xpn, yn) + P(x, y)),

s0, setting in particular s := ®(x,41, Yyn+1) — @(x, y) € (0, n),

(P (@ Cn. yn) — B, 7)) — (P (ng1. Y1) — PE ) - [ (x5 v) |
> (@, yn) — P, 5)) - (PCrn. yn) — P(Xnp 1. yug1)) - | (s )|
> /(@ n, yn) — P, 7)) - (PCons yn) — P(Xp 15 Yny1)) - dist((0, 0), B P(xns yn))
> (D (xn, yn) — P(Xpt1. Ynt1))-

Moreover, by (12) and (13),

1 1 1
D (Xn,s V) — POt 1, Yug1) > (— — —) 120 = X112 4+ — llyn — Y1112
Yn Zﬂ Mn

Let us define the following shorthands:

1 1 2 1 2
Oy 1= — — — ) lIxn — X117+ — llyn — Yus1 7,
Vn 28 Mn

en 1= 0(P(xXn, yn) — P(X, y))
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for n > ng to obtain the inequality
(en = ensn) - | (63, 7) | = &5

By the arithmetic-geometric inequality, for any r > 0 and n > ny

1
bn < \/ QCAHIE (;(en - enm)

1 o1
<5 (16 + Hew—eni)
1
§r||(x;f,y;,")||+;(an—gn+1) (18)

(recall that, by Proposition 2 and the properties of ¥, the sequence (&;),,>, is decreas-

ing,s0 &, —&n+1 > 0). Onthe other hand, by Lemma 3 and the inequality 2ab < a’+b?
(a,b > 0), for any n > ny

1 1
||(x:,y:)||25(||1<||2+ - )nyn_l—y,ﬁ,u%2—||xn_1—xn||2
M1 7/n—l

2K
+ lxp—1 — x|l ”)’nfl - }’n”
n—1
1 2

< (2 IKI? + — ) Iyn—1 = Yall® + —5— a1 — xal?
'u‘nfl n—1

<C252 |, (19)

with
- 21K|? + ——
yn—l 'un—]
C, := | max 1 T 1
Y1 2B Hn—1
48 L+ 2K 2,
= | max s .
Yn-12B — ¥u—1) Hn—1
N
For all n > ny,
4 14 2|K|?*@?
C, <Cp:= |max '8_, +2IK0 R .
y(2B—=7) I3

Combined with (18), we obtain
1
dn = rCodp—1 + ;(Sn — Ent1)- (20)
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For any k > ng + 1, we have, by iteration,

k—np—1
8 < (rCo 8+ Y
n=0

(rCo)"

(&k—n — €k—n+1)»

therefore, forany N > no+ land 0 < r < CLO’

N N k—ng—1 (rCo)"
Do Y, ((Fco)k_”OSno + ) (8k—n — 8kn+1))
n=0

r
k=ngp+1 k=ngp+1
N—np—1 N—no—1 k n
k1 (rCo)
= rC Sny + & _ — ¢ _
Z ( 0) no Z Z , (k+n0 n+1 k+ng n+2)
k=0 k=0 n=0
N—np—1 N—nop—1
_ 7Coduy n Z (rCo)" Z (e o )
< —— —n+l — —n+2
l—rC() r +no—n+ +no—n+
n=0 k=n
N—np—1
- 7Cobuy Z (rCo)"
= 1
1—rCo ot
n=0
7 Cobpy Enp+1

“1—-rCy r(1—rCo)’

The last right-hand side does not depend on N, thus, we conclude that Y 22 o+1 0k 18
finite, and so are ) 72y lxy — xn1lland 32p2 Ly M1y — Yol ]

4.2 Convergence rates

Lemma 4 Assume that ® is a KE function with 9(t) = Mt'=? for some M > 0
and 0 < 0 < 1. Let x and y the limit points of the sequences (xp),>o and (Yn),>0,
respectively (which exist due to Theorem 1). Then the following convergence rates are
guaranteed:

1. If0 = 0, then there exists no > 0, such that x, = X, and y, = yu, for n > no;
2. If0 <0 < l, then there exist ¢ > 0 and 0 < g < 1 such that

lxn — Xl < cq" and |yn =yl < cq"

foralln > 0;
3. If% < 0 < 1, then there exists ¢ > 0 such that

16 10
lxp, —x|| <cn™20-1 and |y, —y|| < cn 20-1

foralln > 0.

@ Springer



A general double-proximal gradient algorithm for...

Proof 1. First, let & = 0. Assume to the contrary (see Proposition 5) that for any
n >0, (Xpt1, Ynr1) # (Xu, yu). We have 9/(t) = M for all t > 0 and thus, by
a7,

M- H(x,f,y,’f)” >1 foranyn > 1,

which contradicts either Lemma 3 or Proposition 3.
Before considering the other cases, assume from now on that (x,,, y,) is not a critical
point of ® for any n > 0. Notice that %' () = (1 — )M +~? . In the proof of Theorem
1, we have shown that for 0 < r < Clo

o0
e
k=no+1 —rC  rd=rCo

rC()anO M(q)(xn0+la yno—H) - ®(x, )_7))1_6

1—rCo r(l —rCO)
1+152 1=0
_ 1rCody, n M (l 0) o
T 1—rCo

1-6
r(1 = rCo)?" (®(Xng 11 Yngr1) — P, 7)) 7

—6
5
_ 1Codng Mi( —0)'7 H( Fno+1° yno+1)
“1-rCy r(l1 —rCyp)
where the last inequality follows from the KL property (notice that ® (xn0+ 1, Yo+ 1) -
®(x, y) > 0 because we assumed that (x,,+1, Yno+1) is not a critical point of ®). We
can repeat this calculation for any n > ng + 1 instead of ng + 1, because such an n

would meet the criteria according to which we chose ng + 1. Thus, we obtain from
(19), forn > ng + 1,

> rCody,  M7(1 —6)'7 (Cosy) 7
Z O <
1—rCy r(l1 —rCyp)

(21)
k=n+1
The rest of the proof follows in the lines of [29, Theorem 2]:

2. Let0 <0 < % Then 1 < % < 400, s0 8, — 0 asn — oo implies that the
first term on the right-hand side of (21) is the dominant one. Therefore, we find
ny > ng+ 1 and C; > 0 such that

Z 5k<c13n_c1<25k— > 5k>

k=n+1 k=n+1

for any n > n. Thus, for any n > ny,

oo ! o0
> hes haR:
k=n+1 I+

By induction, for any n > n; + 1,
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which proves the assertion.

3. Let% <0 < 1. Then 0 < 10%9 < 1,06, — 0 asn — oo implies that the
second term on the right-hand side of (21) is the dominant one. Therefore, we find
ni > ng+ 1 and C; > 0 such that

Z Sk < Cl(su

k=n+1

for any n > ny. Then, for any n > ny,

(£) (B £)

k=n+1 k=n k=n+1
We define & : (0, +00) — R, h(s) = sf% and notice that / is monotonically
decreasing as is the sequence () o, ) .- Therefore, for any n = nj,
L o)
k=n+1 k=n+1
% Zk:n
<C / . h(s)ds
Z k=n+1 Sk
_20-1 _20-1
% 1—6 o0 -0 oo -6
=-C 20 — 1 28" - Z S
k=n k=n+1
Thus, by induction, for any n > ny + 1,
A T -
— n—n
(z sk) + Do (s
k=n cl’ = (1-0) ke=n
The assertion follows by
L1 — 5
oo oo -
(20 — D(n —ny)
Sn <) &k < E) = 7 7Y
DU I D30 B =

k=n1

forany n > ny + 1.
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5 Application to image processing

Consider an image of the size m x n pixels. (For the sake of simplicity, we consider
gray-scale pictures only.) It can be represented by a vector x € H := R"" of size mn
with entries in [0, 1] (where O represents pure black and 1 represents pure white).
The original image x € H is assumed to be blurred by a linear operator L : H — H
(e.g. the camera is out of focus or in movement during the exposure). Furthermore, it
is corrupted with a noise v, so that only the result » = Lx + v is known to us. We
want to reconstruct the original image x by considering the minimisation problem

. E _ 2
min (2 ILx = bI? + J (D)),

where we denote by ||-|| the usual Euclidean norm, u > 0 is aregularisation parameter,
D : R™ — R?™ s the discrete gradient operator given by Dx = (K x, K»x), where

. = Xi i, '=1"‘-’ _17:1” ’
Ki:H—H, (le)i,j — {x1+1,1 Xij, 1 m J n

0, i=m;j=1,...,n

il — Xii, i=1,....m;j=1,...,n—1;
Ky, :H—>H, (K2x)i,j = =x1,1+1 Xi, j l m] n

0, i=1,...,m;j=n,

and J : H — R is a regularising functional penalising noisy images. We want to
compare several choices of the functional J proposed by [1,4], all of which have in
common that they want to induce sparsity of Dx, i.e., having many components equal
to zero.

The Zhang penalty [30] is defined by

2mn

Zhang,,(z) = Z 8a(z),
j=1

where o > 0 and

1 .
“lz;| if zj] <«
) — o
8a(2) {1 it gl >
1 0 if |zj| <a,
o JUzjl—a) if |zj] > a.

2mn

Denoting the part after the curly brace as h,(z;) and ho () := > i=1 ha(zj), we have

—é if zfl—é—ya,

z+ya if —o —ya<z=<-ya,
Proxypz (z2) = 1 0 if —ya<z=ya,

z—ya if ya§z§$+ya,

1 . 1

3 if 72z 5 tya
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The LZOX penalty [1] is defined by
LZ0Xy(2) = [IDxlgt — e | Dx|lx
where ||-||,1 denotes (as usual) the sum of the absolute values and
m n
e, o)l =YY Ju? s+ 02
i=1 j=1
where y = (u, v) is the splitting according to the definition of D. The algorithm (9)—
(10) can now be applied to any of the models described above, since the models are
written as d.c. problems and the components are easily accessible for computation,

with the exception of the function ||-||,1 o D, see [31]. For the latter, see the following
section.

5.1 The proximal point of the anisotropic total variation

In order to apply Algorithm (9)-(10) to any of the problems, we have to calculate the
proximal point of the anisotropic total variation by solving the optimisation problem

1
inf {5 lx — B> + | Dx]l 1

X € H} (22)

for some y > 0 and b € H in each step. The Fenchel dual problem [21, Chapter 19]
is given by

inf { 2 D%x*|* = (b, D**) | x* € G,

= 1}. (23)

Instead of solving (22), we could also solve (23) (see [32]), as the following result
shows.

Lemma 5 Let x* € G be a solution of (23). Then x = b — y D*x* is a solution of
(22).

Proof See [21, Example 19.7]. In short:
0e D(yD*x* —b) +0|-I}; (x*) = D*x* € D*3 |||l (D(b — y D*x*))

1
— Sb-ne D*3 |-l 1 (Dx)

1
< 0€d <2— IC) = BI> + ||D(')||zl> (x).
Y

]

To the formulation (23), the accelerated forward-backward algorithm of Beck and
Teboulle [12] can be applied, since the objective function is differentiable and the
feasible set is easy to project on.
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'y

(d)

(® (h)

Fig. 2 Original image, blurry and noisy image and reconstructions. a Original image. b Blurry image. ¢
LZOX, n =20, = 04.d LZOX, p =20, 0 = 1,e LZOX, u = 50, ¢ = 0, f Zhang, © = 10,0« =3. g
Zhang, u = 20, « = 1. h Zhang, © = 100, « = 0.1

5.2 Numerical results

We implemented the FBDC algorithm applied to the model described above and tested
the MATLAB code on a PC with Intel Core i5 4670S (4x 3.10GHz) and 8 GB DDR3
RAM (1600 MHz). Our implementation used the method described in Sect. 5.1 until
the ¢>° distance between two iterations was smaller than 10~*. Both stepsizes were
chosen as i, = v, = # for all n > 0. As initial value, we chose xo = b and picked
vo € oh(K xg).

We picked the image texmos3 from http://sipi.usc.edu/database/database.php?
volume=textures&image=64 and convolved it with a Gaussian kernel with 9 pixels
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Fig. 3 Improvement in (a) LZOX model
signal-to-noise ratio versus T T
iterations
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standard devitation. Afterwards we added white noise with standard deviation 50/255,
projected the pixels back to the range [0, 1] and saved the image in TIFF format,
rounding the brightness values to multiples of 1/255. See Fig. 2 for original, blurry,
and reconstructed image.

The improvement in signal-to-noise ratio or ISNR value of a reconstruction is given
by

ISNR (xe) — Ilx — b
(xx) = 10log;q m ,
— Xk

where x is the (usually unknown) original, b is the known blurry and noisy and xy is
the reconstructed image. For the ISNR values after 50 iterations, see Tables 1 and 2.
The development of the ISNR values over the iterations is shown in Fig. 3.

We see that the nonconvex models provide reasonable reconstructions of the original
image and the best numerical performance for this particular choice of the stepsizes
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and the number of iterations is not achieved for the convex model (LZOX with o = 0),
but for the nonconvex models.
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