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Abstract

We investigate the techniques and ideas used in Shefi and Teboulle (SIAM J Optim
24(1), 269-297, 2014) in the convergence analysis of two proximal ADMM algo-
rithms for solving convex optimization problems involving compositions with linear
operators. Besides this, we formulate a variant of the ADMM algorithm that is able to
handle convex optimization problems involving an additional smooth function in its
objective, and which is evaluated through its gradient. Moreover, in each iteration, we
allow the use of variable metrics, while the investigations are carried out in the set-
ting of infinite-dimensional Hilbert spaces. This algorithmic scheme is investigated
from the point of view of its convergence properties.
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1 Introduction

One of the most popular numerical algorithms for solving optimization problems of
the form

Jinf {f(0) + g(Ax)}, M

where f : R"” — R := R U {+oo} and g : R” — R are proper, convex, lower
semicontinuous functions and A : R* — R is a linear operator, is the alternating
direction method of multipliers (ADMM). Here, the spaces R" and R™ are equipped
with their usual inner products and induced norms, which we both denote by (-, -)

and | - ||, respectively, as there is no risk of confusion.
By introducing an auxiliary variable z, one can rewrite (1) as
inf {f(x)+g@)} 2
g

The Lagrangian associated with problem (2) is
['R"xR" xR"™ - R, I(x,z,y) = f(x)+g@) + (y, Ax — z2),
and we say that (x*, z*, y*) € R" x R™ x R™ is a saddle point of the Lagrangian, if
I(x*, 2%, y) 1%, 2% y%) < 1(x, 2, y) Vix,2,y) e R”* x R xR".  (3)

It is known that (x*, z*, ¥*) is a saddle point of [ if and only if z* = Ax*, (x*, z*¥)
is an optimal solution of (2), y* is an optimal solution of the Fenchel-Rockafellar
dual problem (see [3-5, 20, 30]) to (1)

sup {—f*(=ATy) = g* (M), @
yeR™
and the optimal objective values of (1) and (4) coincide. Notice that f* and g* are the
conjugates of f and g, defined by f*(u) = sup, g {{u, x) — f(x)} forall u € R"
and g*(y) = sup,rm {(y, 2) — g(2)} forall y € R™, respectively.

If (1) has an optimal solution and A(ri (domf)) N ri domg # @, then the set of
saddle points of / is nonempty. Here, we denote by ri(S) the relative interior of a
convex set S, which is the interior of S relative to its affine hull.

For a fixed real number ¢ > 0, we further consider the augmented Lagrangian
associated with problem (2), which is defined as

— C
LeiRYXR"XR" > R, Le(x, 2,5) = f() +8(@) +(y, Ax —2) + 7 | Ax —z|%.

The ADMM algorithm reads:

Algorithm 1 Choose (xo, 20, yo) ER"XR" xR™ and ¢ > 0. Forall k > 0
generate the sequence (xk, Z*, yk)kzo as follows:

ke argminL.(x, P , Y ) = arg min {f(x) + —||Ax — e yk||2} 5
xeR” xeR?

= argminLC(ka,z, yk) = argmin{ (2) + = IIAXI‘Jrl ¢! k|| }(6)
zeR™ zeRM

yk+1 — yk +C(Axk+l _Zk+1)- (7)
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If A has full column rank, then the set of minimizers in (5) is a single-
ton, as is the set of minimizers in (6) without any further assumption, and the
sequence (x¥, z€, y%)i=0 generated by Algorithm 1 converges to a saddle point of
the Lagrangian / (see, for instance, [19]). The alternating direction method of mul-
tipliers was first introduced in [25] and [23]. Gabay has shown in [24] (see also
[19]) that ADMM is nothing else than the Douglas-Rachford algorithm applied to the
monotone inclusion problem

0€d(f*o(—=AT))(y) +dg* ()

For a function k : R" — R, the set-valued operator defined by dk(x) := {u € R" :
k() —k(x) = (u,t —x) Yt € R"}, for k(x) € R, and dk(x) := @, otherwise, denotes
its (convex) subdifferential.

One of the limitations of the ADMM algorithm comes from the presence of the
term Ax in the update rule of xkt1 (we refer to [14] for an approach to circumvent
the limitations of ADMM). While in (6) a proximal step for the function g is taken,
in (5), the function f and the operator A are not evaluated independently, which
makes the ADMM algorithm less attractive for implementations than the primal-
dual splitting algorithms (see, for instance, [8—10, 12, 13, 16, 29]). Despite of this
fact, the ADMM algorithm has been widely used for solving convex optimization
problems arising in real-life applications (see, for instance, [11, 17, 21]). For a ver-
sion of the ADMM algorithm with inertial and memory effects, we refer the reader
to [7].

In order to overcome the above-mentioned drawback of the classical ADMM
method and to increase its flexibility, the following so-called proximal alternating
direction proximal method of multipliers has been considered in [28] (see also [22,
26]):

Algorithm 2 Choose (x°, 20, y0) € R* x R” x R” and ¢ > 0. For all k > 0 generate
the sequence (xk, z*, yk)kzo as follows:

. . c _ 1
X e argmm{f(x>+ N Ax — 2+ TP 4 e = XK, } (8)
YeR? 2 2 1
. c _ 1
2 = argmm{g(z) + ol — e T+ Dl —z"nih} ©)
zeRm

Here, M} € R™" and M, € R™ ™ are symmetric positive semidefinite matri-
ces and ||“||/2w~ = (u, Mju) denotes the squared semi-norm induced by M;, for
ief{l,2.

Indeed, for M1 = M, = 0, Algorithm 1 becomes the classical ADMM method,
while for M1 = p1ld and M, = pold with w1, o > 0 and Id denoting the
corresponding matrix, it becomes the algorithm proposed and investigated in [18].
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Furthermore, if M| = t~'Id—cAT A with t > O such that ct||A||> < 1 and M> = 0,
then one can show that Algorithm 2 is equivalent to one of the primal-dual algorithms
formulated in [16].

The sequence (zX);>o generated in Algorithm 2 is uniquely determined due to the
fact that the objective function in (9) is lower semicontinuous and strongly convex.
On the other hand, the set of minimizers in (8) is in general not a singleton and it
can be even empty. However, if one imposes that M| 4+ A* A is positive definite, then
(x*) k>0 Will be uniquely determined, too.

Shefi and Teboulle provide in [28] in connection to Algorithm 2 an ergodic conver-
gence rate result for a primal-dual gap function formulated in terms of the Lagrangian
[, from which they deduce a global convergence rate result for the sequence of
function values (f(x*) + g(Axk))kzo to the optimal objective value of (1), when
g is Lipschitz continuous. Furthermore, they formulate a global convergence rate
result for the sequence (||Ax* — z¥||)i>o to 0. Finally, Shefi and Teboulle prove
the convergence of the sequence (x¥, z&, y¥);>¢ to a saddle point of the Lagrangian
I, provided that either M; = 0 and A has full column rank or M; is positive
definite.

Algorithm 2 from [28] represents the starting point of our investigations. More
precisely, in this paper:

®  We point out some flaws in the proof of a statement in [28], which is fundamental
for the derivation of the global convergence rate of (|| Ax* — z* IDk>0 to 0 and of
the convergence of the sequence (xk, Zx, yk)kzo.

e We show how the statement in cause can be proved by using different
techniques.

e We formulate a variant of Algorithm 2 for solving convex optimization problems
in infinite-dimensional Hilbert spaces involving an additional smooth function
in their objective that we evaluate through its gradient and which allows in each
iteration the use of variable metrics.

e We prove an ergodic convergence rate result for this algorithm involving a
primal-dual gap function formulated in terms of the associated Lagrangian
I and a convergence result for the sequence of iterates to a saddle point
of l.

2 Fixing some results from [28] related to the convergence analysis
for Algorithm 2

In this section, we point out several flaws that have been made in [28] when
deriving a fundamental result for both the rate of convergence of the sequence
(||Axk — zk||)kzo to 0 and the convergence of the sequence (xk, zx, yk)kzo to
a saddle point of the Lagrangian /. We also show how these arguments can be
fixed by relying on some of the building blocks of the analysis we will carry out
in Section 3.

To proceed, we first recall some results from [28]. We start with a statement that
follows from the variational characterization of the minimizers of (8)—(9).
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Lemma 1 (see [28, Lemma 4.2]) Let (x*, Z%, yk)kzo be a sequence generated by
Algorithm 2. Then, for all £ > 0 and for all (x, z, y) € R” x R” x R it holds

IR 2 yy <0G 2, yFT + e = 2R A — xR )
1
5 (=t = e =4 I 2 =21y, = 12 =21, )
1/ _ _
5 (=M1 =y =)

1
k+1 k2 k+1 k2 —1,k+1 k2
=5 (T =y, + 12 = 2R, ey — ).

Furthermore, by invoking the monotonicity of the convex subdifferential of g, in
[28], the following estimation is derived.

Lemma 2 (see [28, Proposition 5.3(b)]) Let (x*, ZF, yk)kzo be a sequence generated
by Algorithm 2. Then, for all £ > 1 and for all (x, z) € R" x R™, it holds

k+1 k k+1 ¢ k2 k+1,2 2
e@ =k A —x ) < 2 (I =217 =l = P+ A - 2)?)
1
k—1 k2 k k+1,2
5 (171 = i3, = 1 =241,

By taking (x, z,y) := (x*, z* y*) in Lemma 1, where (x*, z*, y*) is a saddle
point of the Lagrangian /, and by using the inequality (see (3))

l(xk+1’ Zk+1, y*) > l(x*, Z*’ yk+1) Vk > 07

and the estimation in Lemma 2, one easily obtains the following result.

Lemma 3 Let (x*, z*, y*) be a saddle point of the Lagrangian [ associated with (1),
M, M> be symmetric positive semidefinite matrices and ¢ > 0. Let (x¥, ¥, yk)kzo
be a sequence generated by Algorithm 1. Then, for all £ > 1, the following inequality
holds

k+1 k2 k+1 k2 —1p,k+1 k2
R — kIR, 1 = MR, + T = (11)
k+12 k+12 —1 k+1,2
e = xS+l = e, + YT =Y
k+1 k2
I =241, (12)

k2 k2 —1 k2 k k—12
<l =213 A l2* = e, + ¢ Y VIR I = 2, (13)

By using the notations from [28, Section 5.3], namely
o= =R 1 = I T =Y P VR 2 0
and
el R o e [P P i F e 7 L P
the inequality in Lemma 3 can be equivalently written as
k+ R T Y S (14)

v l—cllz
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In [28, Lemma 5.1, (5.37)], instead of (14), it is stated that
<k M vk > 1 (15)

however, its proof, which follows the argument that goes through Lemma 1, Lemma
2, and Lemma 3, is not correct, since it leads to (14) instead of (15).

Since the sequence (v")kzo is monotonically decreasing, statement (15), in com-
bination with straightforward telescoping arguments, leads to the fact that (v%);=o
converges to zero with a rate of convergence of O(1/k). This implies that (|| Ax¥ —
Zx INk>0 converges to zero with a rate of convergence of O(1/ \/E) (see [28, Theorem
5.4]). In addition, statement (15) is used in [28, Theorem 5.6] to prove the conver-
gence of the sequence (x*, z¥, y¥);= to a saddle point of the Lagrangian /. However,
the techniques used in [28], involving function values and the saddle point inequality,
do not lead to (15), but to the weaker inequality (14).

In the following, we will show that one can in fact derive (15), however, to this
end one needs to use different techniques. These are described in detail in the next
section; here, we will just show how do they lead to (15). We would like to notice
that, differently from [28], in our analysis we will only use properties related to the
fact that the convex subdifferential of a proper, convex, and lower semicontinuous
function is a maximally monotone set-valued operator.

We start our analysis with relation (40), whichincase h =0, L =0, M ]1‘ =M =
0, and Mé‘ = M> = 0 for all k > 0 (see the setting of Section 3) reads

k k+12 k_ k+1y2 k_ _k+1y2
ellz = AT 4l = TR, N = N,

1
< I =y, + 1 = A IR g+ 1Y =TI
1
- (nx"*‘ = XNy 1T = Ay g + I - y*||2) . (16)

for all £ > 0. Using that

2

k k+1

1
C”Zk _ Axk+1”2 = cl|lz" -z _ Z(yk+1 _ yk)

1
C”Zk _ Zk+1 ”2 + E”yk-‘rl _ yk”2 + 2<Zk+1 _ Zk, yk+1 _ yk>,

we obtain from (16) that

1
k+1 k| k+1 k k k+1,2 k k+1,2 k+1 k2
24 =28 =8 It =y 12 = g T 0
1
k 2 k 2 k 2
= I = Iy 112 = A gy + 1Y =7
1
k+1 2 k+1 2 k+1 2
—(ux B o e A LA ) (17)

for all k > 0. By taking into account that, according to (54),

K+l _k k+1 _ k Ty k+l kg2 Lok _ k=12
(z .,y v =slz g, — 225 =25 My,
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for all k > 1, it yields
e = R, 11— e + %ny"“ abals
< X% = x* 15, + 125 = Ax* 3y, 0 + %nyk — ¥ IIP + l2F = 273,
—(nx"“—x*n%m S FARREY. Sl P %nyk“ =y P — z"m) :

which is nothing else than (15).

From here, by using that v**! < v* for all k > 0 and straightforward telescoping
arguments, it follows immediately that (| Axk =z k>0 converges to zero with a rate
of O(1//k).

We will see in the following section that the inequality (40) will play an essential
role also in the convergence analysis of the sequence of iterates. When applied to
the particular context of the optimization problem (1) and Algorithm 2, Theorem
12 provides a rigorous formulation and a correct and clear proof of the convergence
result stated in [28, Theorem 5.6].

3 Avariant of the ADMM algorithm in the presence of a smooth
function and by involving variable metrics

In this section, we propose an extension of the ADMM algorithm considered in
[28] that we also investigate from the perspective of its convergence properties. This
extension is twofold: on the one hand, we consider an additional convex differen-
tiable function in the objective of the optimization problem (1), which is evaluated
in the algorithm through its gradient, and on the other hand, instead of fixed matri-
ces M1 and M, we use different matrices in each iteration. Furthermore, we change
the setting to infinite-dimensional Hilbert spaces. We start by describing the problem
under investigation:

Problem 4 Let H and G be real Hilbert spaces, f : H — R, g:G — R be
proper, convex, and lower semicontinuous functions, # : H — R a convex and
Fréchet differentiable function with L-Lipschitz continuous gradient (where L > 0)
and A : H — @ a linear continuous operator. The Lagrangian associated with the
convex optimization problem

ig?f{{f(x) + h(x) + g(Ax)} (18)
is
[ HxGxG—>R, Ix,z,y)= f(x)+h®x)+ g+ (v, Ax — z).

We say that (x*, z*, y*) € H x G x G is a saddle point of the Lagrangian [, if the
following inequalities hold

Ix*, 2% y) 1, 25 y") < 1,2, y) V(e z, ) e Hx G x G (19)
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Notice that (x*, z*, y*) is a saddle point if and only if z* = Ax™, x™* is an optimal
solution of (18), y* is an optimal solution of the Fenchel-Rockafellar dual problem
to (18)

(D" sug{—(f*]Boxh*)(—A*y) —g" M}, (20)
ye
and the optimal objective values of (18) and (20) coincide, where A* : G — H is the
adjoint operator defined by (A*v, x) = (v, Ax) for all (v, x) € G x H. The infimal
convolution f*A* : H — R is defined by (f*0h*)(x) = inf,en{f*(u) + h*(x —
u)} for all x € H.

For the reader’s convenience, we discuss some situations which lead to the exis-
tence of saddle points. This is for instance the case when (18) has an optimal solution
and the Attouch-Brézis qualification condition

0 € sri(domg — A(dom f)) 21
holds. Here, for a convex set S € G, we denote by
sriS = {x € §: U, 0A(S — x) is a closed linear subspace of G}

its strong relative interior. Notice that the classical interior is contained in the strong
relative interior: int S C sriS; however, in general, this inclusion may be strict. If G
is finite-dimensional, then for a nonempty and convex set S C G, one has sriS = riS.
Considering again the infinite-dimensional setting, we remark that condition (21) is
fulfilled if there exists x’ € dom f such that Ax” € domg and g is continuous at Ax’.

The optimality conditions for the primal-dual pair of optimization problems (18)-
(20) read

— A"y — Vh(x) € f (x) and y € dg(Ax). (22)
This means that if (18) has an optimal solution x* € H and the qualification condition
(21) is fulfilled, then there exists y* € G, an optimal solution of (20), such that (22)
holds and (x*, Ax*, y*) is a saddle point of the Lagrangian /. Conversely, if the pair
(x*, y*) € H x G satisfies relation (22), then x* is an optimal solution to (18), y* is
an optimal solution to (20) and (x*, Ax*, y*) is a saddle point of the Lagrangian /.
For further considerations on convex duality, we invite the reader to consult [3-5, 20,
30].

Furthermore, we discuss some conditions ensuring that (18) has an optimal solu-
tion. Suppose that (18) is feasible, which means that its optimal objective value is not
+00. The existence of optimal solutions to (18) is guaranteed if, for instance, f + h
is coercive (that is limy|—oo(f + h)(x) = +00) and g is bounded from below.
Indeed, under these circumstances, the objective function of (18) is coercive and the
statement follows via [3, Corollary 11.15]. On the other hand, if f + & is strongly
convex, then the objective function of (18) is strongly convex, too, thus (18) has a
unique optimal solution (see [3, Corollary 11.16]).

Some more notations are in order before we state the algorithm for solving Prob-
lem 4. We denote by S; (H) the family of operators U : ‘H — H which are linear,
continuous, self-adjoint, and positive semidefinite. For U € S (), we consider the
semi-norm defined by

Ix13 = (x, Ux) Vx € H.
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We also make use of the Loewner partial ordering defined for Uy, U € S+ (H) by
Utz U2 & lIxlg, = lIxlg, Vx € A

Finally, for ¢ > 0, we set

Pu(H) ={U € S+ (H) : U = ald}.

Algorithm 3 Let M{ € S; (H) and M5 € S;(G) forall k > 0. Choose (x, 2, y0) €
H x G xGandc > 0.Forall k > 0 generate the sequence (xk, Z*, yk)kzo as follows:

. c _ 1
A1 e argmin {f(x) + (=K, VAR + S1Ax = TP+ Sl = xE 2 } (23)
xeH 2 2 !
c 1
2! = argmin {g(z) +SlAH — 2 TP+ Sz - zknjlk} (24)
zeG 2 2 2
yk-H — yk JrC(Axk+1 7Zk+l). (25)

Remark5 () If h = 0and M {‘ = M, M§ = M, are constant in each iteration,
then Algorithm 3 becomes Algorithm 2, which has been investigated in [28].

(i) In order to ensure that the sequence (xk)kzo is uniquely determined one can
assume that for all £ > 0, there exists oz'f > 0 such that Mf +cA*A € Pa'f (H).

This is in particular the case when
Ja > 0 such that A*A € P, (H). (26)

Relying on [3, Fact 2.19], on can see that (26) holds if and only if A is injective
and ranA* is closed. Hence, in finite-dimensional spaces, namely, if H = R”
and G = R™, withm > n > 1, (26) is nothing else than saying that A has full
column rank.

(iii) One of the pioneering works addressing proximal ADMM algorithms in
Hilbert spaces, in the particular case when 7 = 0 and M {‘ and M§ are equal for
all k > 0 to the corresponding identity operators, is the paper by Attouch and
Soueycatt [2]. We also refer the reader to [22, 26] for versions of the proximal
ADMM algorithm stated in finite-dimensional spaces and with proximal terms
induced by constant linear operators.

Remark 6 We show that the particular choices M{‘ = %Id — cA*A, for iy > 0,

and Mé‘ = 0 for all kK > 0 lead to a primal-dual algorithm introduced in [16]. Here,
Id : H — H denotes the identity operator on H. Let k > 0 be fixed. The optimality
condition for (23) reads (for x¥*2):

068f(xk+2) + CA*(Axk+2 _ Zk+1+ C—lyk-‘rl) 4 M/1<+l(xk+2_xk+l) + Vh(xk-‘rl)
:af(xk+2) + (CA*A + M{€+l)xk+2 +CA*(_Zk+1 +C71yk+1) _ M{€+1xk+l
+VhE.
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From (25), we have
CAF (=M eI RFy = AR R Ry A ARk
hence,
0c af(xk+2)+(CA*A+M{<+1)(xk+2_xk+l)+A*(2yk+l VYL VRGETY. 27)
By taking into account the special choice of M¥, we obtain

1
0 € af (**+2) + (xk+2 _xk+l) FARQRH Ky £ TRk
Tk+1

thus,

2 = (4 7197 (A = m VAT = maa ATy - )

arg min {f(x) + Hx — (xk+1 — rk+1Vh(xk+1)

xeH 2741

2
AT QYR yk)) H } (28)

Furthermore, from the optimality condition for (24), we obtain

C(Akarl _ Akt —}—c*]yk) + Méc(zk _Zk+1) c Bg(zkH), (29)
which combined with (25) gives
Using that M§ = 0 and again (25), it further follows

— ag*(yk+1) + c—l(yk+l _ yk _ chk'H),

which is equivalent to

yk+1 (Id—i—cag*)*] (yk +CA.xk+1>

1 2
arg min {g*(z) + — Hz - (yk + chkH) H } . (31)
2€G 2c

The iterative scheme obtained in (31) and (28) generates, for a given starting point
(xl, yO) € ‘H x G and ¢ > 0, the sequence (xk, yk)kzl for all k > 0 as follows

1 2
y**1 = argmin {g*(z) +— ”Z — <yk + chk+1> H }
726G 2¢

=
I

k+2 arg min {f (x) +

Hx _ (xk+l — e VAT
xeH

2741
2
— T AFQ2yF ! - yk))H }

For 1z = v > O for all k > 1, one recovers a primal-dual algorithm from [16]
that has been investigated under the assumption % —cllA|?* > % (see Algorithm
3.2 and Theorem 3.1 in [16]). We invite the reader to consult [8, 9, 13, 29] for more
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insights into primal-dual algorithms and their highlights. Primal-dual algorithms with
dynamic step sizes have been investigated in [13] and [9], where it has been shown
that clever strategies in the choice of the step sizes can improve the convergence
behavior.

3.1 Ergodic convergence rates for the primal-dual gap

In this section, we will provide a convergence rate result for a primal-dual gap
function formulated in terms of the associated Lagrangian /. We start by proving a
technical statement (see also [28]).

Lemma 7 In the context of Problem 4, let (xk, Z*, yk)kzo be a sequence generated
by Algorithm 3. Then, for all k¥ > 0 and all (x,z,y) € H x G x G, the following
inequality holds

I Yy < G2 y D e =R AGe - M)
1 k2 k2 —1 k2
5 (e =+ 12 = 1+ 7Ny =P

1
=5 (=2t

1
k+1 k)2 k+1 k2 k+1 k2
— =" —=x —L|Ix" —=x* "+ 12" —z
S (i o — LI 1+ 1 I
—1 k+1 k)2
eIy = YRl )

Moreover, we have for all k > 0

k+1)2 -1 k+12
e =R ey = P

C(Zk+1 _Zk, A(.x _xk-‘rl)) <

c 1
< 5 (14x = 2412 = Ax =2 112) 4 A =) R

2c

Proof We fix k > 0 and (x,z,y) € H x G x G. Writing the optimality conditions
for (23), we obtain

— Vh(xF) + cA* (= eIyh — AR MEGE - xR e g FTY. (32)
From the definition of the convex subdifferential, we derive
FORD = @) < (VRGS) + cA* (=25 + c71yF + A
+ME (—x* 4 K o — xR
_C(Zk _ Zk+1’ A()C _ xk+1)>
F(ME T — xRy x — Xk, (33)

where for the last equality, we used (25).
Furthermore, we claim that

L
A = h(x) < —(VRGS), x = M) 4+ S — o) (34)
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Indeed, this follows by applying the convexity of /& and the descent lemma (see [3,
Theorem 18.15 (iii)]):

h(x) — h(KY — (VAR x — Xkt
R + (VR(R), x — x5y — hK Y — (VRS x — XKD
— h(xk) _ h(xk+1) + (Vh(xk),xk+] _xk)

v

L
k1 _ k)2
X X .
L I

v

By combining (33) and (34), we obtain
(f +DEE < (F + ) + R A —x* ) — c(gh — 2 A —xF)

! R N NI S I ot B S S
— ol = e = S I = A Sl = X (35)

+%||x = I
From the optimality condition for (24), we obtain
C(AXMT = 22 e Iyh) 4 My (2 = M) e ag (M, (36)
which, combined with (25), gives
Y 4 ME(E — ) € ag (K. 37)

From here, we derive the inequality

1 1
k+1 k+1 2 k2 ! k+1)2
=" z2—-z2 >+2||Z Z||M2k—2||Z Z ”M§
1 k+1 k2
__ — . 38
2||Z Z ”M§ (38)

The first statement of the lemma follows by combining the inequalities (35) and (38)
with the identity (see (25))

<y’ Axk+1 _Zk+l> — <yk+1’ Axk+1 _Zk+l>

1
o (=K1 =ty = T = 1 = 542).

The second statement follows easily from the arithmetic-geometric mean inequality
in Hilbert spaces (see [28, Proposition 5.3(a)]). O]

A direct consequence of the two inequalities in Lemma 7 is the following
result.

Lemma 8 In the context of Problem 4, assume that M{‘ — LId € S1(H), M{‘ =
MY ME e S1(G), M = MET! for all k > 0, and let (x¥, 2X, y%)i=0 be the
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sequence generated by Algorithm 3. Then, forallk > Oand all (x,z,y) € HXGXG
the following inequality holds

c
1 2 < 102y ) + 5 (1A = 12 — ax — 2P
1 k2 k!
+§ (le —X IIM{C — llx = ||Mk+
k2 Lt
+lz —z I|M§ —llz = 2** ”Mk+1>
1
+5- (=5 12 =1y = 5*'1?).
c
We can now state the main result of this subsection.

Theorem 9 In the context of Problem 4, assume that M {‘ — LId € S+ (H), M{‘ =
ML ME e S1(G), ME = M5! for all k > 0, and let (x*, Z*, y*)i=0 be the
sequence generated by Algorithm 3. For all k > 1 define the ergodic sequences

1< 1< 1<
P SEEE R PILI DI
Then forallk > 1 and all (x,z,y) € H x G x G it holds

I 7 y) — 1 2.7 < WT”)

where y (x, 2, y) = §l|Ax =21+ ; (nx =203 0+ llz — z°||§43> + e lly = YOI,
1

Proof We fix k > 1 and (x,z,y) € H x G x G. Summing up the inequalities in
Lemma 8§ fori =0, ..., k — 1 and using classical arguments for telescoping sums, we

obtain
k—1

k—1
DIy <Y e Y D vz ).

i=0
Since [ is convex in (x, z) and linear in y, the conclusion follows from the definition
of the ergodic sequences. O

Remark 10 Let (x*, z*, y*) be a saddle point for the Lagrangian /. By taking
(x,z,y) = (x*, z*, y*) in the above theorem it yields
(f + G + @) + (" AT =74 = (F() + h(r™) + g(Ax™))
* * *
PRGN
- k
where f(x*) + h(x*) + g(Ax™) is the optimal objective value of the problem
(18). Hence, if we suppose that the set of optimal solutions of the dual prob-

Vk > 1,
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lem (20) is contained in a bounded set, there exists R > 0 such that for
allk > 1

(f +)E) + @) + RIAT* — 28| — (F () + h(x*) + g(Ax™))

Lfe v o2 diw 02 1w 02 1 0 0,2
< %(§||Ax — 27|l +§||x —x ||M?+§||Z -z ||Mg+;(R + 1717 ) -

The set of dual optimal solutions of (20) is equal to the convex subdifferential of
the infimal value function of the problem (18)

v:G—>R, Yy = inf (f () +h00) +g(Ax+ ).,

at 0. This set is weakly compact, thus bounded, if 0 € int(domyr) = int(A(dom f) —
domg) (see [3, 5, 30]).

3.2 Convergence of the sequence of generated iterates

In this subsection, we will address the convergence of the sequence of iterates gen-
erated by Algorithm 3 (see also [6, Theorem 7]). One of the important tools for the
proof of the convergence result will be [15, Theorem 3.3], which we recall below.

Lemma 11 (see [15, Theorem 3.3]) Let S be a nonempty subset of H and (xk)kzo a
sequence in . Let « > 0 and WK € P, (H) be such that W¥ = W ! for all k > 0.
Assume that:

(i) Forall z € S and forall k > 0: [ x**! — z|lyeer < [lx* — 2]y
(i) Every weak sequential cluster point of (xk)kzo belongs to S.

Then, (xk k>0 converges weakly to an element in S.

The proof of the convergence result relies on techniques specific to monotone
operator theory and does not make use of the values of the objective function or of the
Lagrangian /. This makes it different from the proofs in [28] and from the majority of
other conventional convergence proofs for ADMM methods. To the few exceptions
belong [2] and [19].

Theorem 12 In the context of Problem 4, assume that the set of saddle points of
the Lagrangian | is nonempty and that M{‘ — %Id € St (H), M{‘ = M{‘“, Mé‘ €
S+(9), Mé‘ = M§+1f0r allk > 0, and let (xk, Z*, yk)kzo be the sequence generated
by Algorithm 7. If one of the following assumptions

(I) There exists ay; > 0 such that M{‘ - %Id € Py, (H) for all k > 0.

(II)  There exists a, oy > 0 such that M{‘—%Id—i—A*A € Py (H) and Mé‘ € Pu, (G)
forallk > 0.
(III)  There exists a > 0 such that M{‘ - %Id+A*A € Py(H) and 2M£<+l = Mf =

M5! forall k > 0.
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is fulfilled, then (x*, z*, y*) k>0 converges weakly to a saddle point of the Lagrangian
1. This means that (xk)kzo converges weakly to an optimal solution of problem (18),
and (yk)kzo converges weakly to an optimal solution of its dual problem (20).

Proof Let S € H x G x G denote the set of the saddle points of the Lagrangian / and
(x*, z*, y*) be a fixed element in S. Then, z* = Ax™ and the optimality conditions
hold

—A*y* — Vh(x*) € af (x*), y* € dg(Ax™).

Let k > 0 be fixed. Taking into account (32), (36) and the monotonicity of df and
dg, we obtain

(cA* (2= AxF T — eIy L ME (K —x KD VR (R + A% y* + VR (), X1 —x*) >0
and
(C(Axk+1 _Zk+1 +C_1 k) + MZ(Z k+1) _ y*,zk-i—l _ Ax*) 2 0

We consider first the case L > 0. By the Baillon-Haddad Theorem (see [3, Corollary
18.16]), the gradient of & is L™ !-cocoercive; hence, the following inequality holds

(VR(x*) — VA, x* — x5 > L7 VA — VAEY |12
Summing up the three inequalities obtained above, we get
c(zk — AxKFL AXKFD Ay 4 (yF — oK, AxR Z Ax)
(VA — Vh(xk) xk+1 — X"+ (Mk(xk _ k+1) PRI
+c(Axk‘H ! ,z — Ax* )+(y — ¥, ZH— Ax* )
(M (ZF — ), - Ax*) (VA )—Vh(xk),x - xk
“HIVAG*) — w(x")ﬂ2 > 0.
Furthermore, by taking into account (25), it holds
X(y* = vk, AR Ax®) 4 vk =y, T AxT) = (v — pk, AxkH gk
= Iy = kR Ry,
By using some expressions of the inner products in terms of norms, we obtain

% <”Zk — A2 = |I2F = AT = Axkt - Ax*||2>

+§ <||Axk+l —AXK|? — (AR k2 gk Ax*||2)
i (7 = 32 4 = 2 = =)

3 (It =212~ — )

+% (12" = Ax e =1t = 2 — 1M - Ax i)

H(VR(*) = VAR, x50 — X%y — LY VRG*) — VR )? > 0.

k k12 okl
X =
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By using again relation (25) for expressing Ax*T! — z¥*1 and by taking into account
that
(VA(x*) — VA ), X0 — 3k — L7 VAG*) — VRGN |12

1 2L
- L HL‘ (Vh(x*) — Vh(xk)) +2 (xk - xk“) H ol 2,

it yields
1 1 1
k+1 _ %2 . *2 okl %2
SIS = AT 5o I =
1 k *12 1 k *112 1 k %12
= S =+ 51— A+ 50 =7

1 1
k k+12 k k+12 k k+12
— Ax — = |[x" —x . — =l12° — 2

1 2
—L HL—l <Vh(x*) - Vh(xk)> +5 (xk - xk+1) H T Z”xk k2

and from here, by using the monotonicity assumptions on (M {‘) k>0 and (Mg) k>0, WE
finally get

1 1 1
k+1 *(2 k+1 *(2 k+1 %2
—|lx - X 1+ =1z — Ax + — —
2” ”M{‘“ 2”7 ||M§“+cld 2% lly bl
1 1 1
k %12 k *12 k *12
< — _ _ _ _ _
< St =+ S — AU g+ 51 =7
c 1 1
k k+1,2 k k+1,2 k k+1,2
——|Iz" — Ax — —||x* —x ——|z" —z
o 2= ot gig = 5 I

2
‘ . (39)

L HL—l (Vh(x*) — Vh(xk)> n % (xk - xk+1)

In case L = 0, similar arguments lead to the inequality

1 k+1 %112 1 k+1 %112 1 k+1 *(2
S =+ S = AV i g Y =7
1 1 1
k%2 Lok a2 Lk w2
< It =+ S = A g oI =y
Ck iz Lok k+1,2 [ k412
—Z1zF — Ax — —xF—x A . 40
2I| l 2|| IIMf 2|| ||M2k (40)

It is easy to see, by using arguments invoking telescoping sums, that, in both cases,
(39) and (40) yield

k4 k+1)2 k_ _k+1)2
DN = A < oo, B DIt — xR, L, < oo,
k>0 k>0
Dl =R, < oo (41)
k>0

The case when Assumption (I) is valid.
By neglecting the negative terms from the right-hand side of both (39) and (40),
it follows that the first assumption in Lemma 11 holds, when applied in the product
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space H x G x G, for the sequence (x*, z*, yk)kzo, for Wk := (MK, Mé‘ +cld, ¢~ d)
for k > 0, and for § € H x G x G the set of saddle points of the Lagrangian /.
From (41), we get

xF = x5 0 (k - 400), (42)
since M§ — 51d € Py, (H) for all k > 0 with oy > 0, and

F— A 5 0 (k > +00). (43)
A direct consequence of (42) and (43) is

F = 50k > 400). (44)
From (25), (43), and (44), we derive

yE— Y 50 (k > +00). (45)

The relations (42)—(45) will play an essential role in the verification of the second
assumption in Lemma 11. Let (X, Z, ¥) € H x G x G be such that there exists (k;),>0,
k, — 400 (asn — +0o0), and (xk", Zkn | yk”) converges weakly to (x,z,V) (as
n — +00).

From (42), we obtain that (Axk+1),cn converges weakly to Ax (as n — +00),
which combined with (43) yields 7 = AX. We use now the following notations for
alln >0

a = CA*(Zk" — Axketl _ C_lyk") + Mi(n (xkn _xkn+1) + Vh(xk"+1) _ Vh(xk")

n

a, = xhntl
b;!; = ykn-l-l + Mé(n (an _ an+l)
b, = Kt
From (32) and (37), we have foralln > 0
ay € d(f + h)(an) (46)
and
b € dg(by). 47)

Furthermore, from (42), we have

ap converges weakly to x (as n — +00). (48)
From (45) and (44), we obtain

b’ converges weakly to ¥ (as n — +00). 49)
Moreover, (25) and (45) yield

Aay — by, converges strongly to 0 (as n — +00). (50)
Finally, we have
af + A*bF = CA* (R — Axkntly p A% (phatl _ phay 4 M{cn (xkn — xhntTy
AT MY (P — ) 4 VR — VR,

By using the fact that V4 is Lipschitz continuous, from (42)—(45), we get

a; + A*b} converges strongly to 0 (as n — +00). (51)
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Taking into account the relations (46)—(51) and applying [1, Proposition 2.4] to the
operators d(f + h) and dg, we conclude that

—A*Y € 3(f +h)(X) = df (X) + Vh() and y € dg(AX);

hence, (x,Z,y) = (x, AX,y) is a saddle point of the Lagrangian /; thus, the second
assumption of the Lemma 11 is verified, too. In conclusion, (xk, Z*, yk)kzo converges
weakly to a saddle point of the Lagrangian /.

The case when Assumption (ll) is valid .

We show that the relations (42)—(45) are fulfilled also in this case. Indeed,
Assumption (IT) allows to derive from (41) that (43) and (44) hold. From (25), (43),
and (44), we obtain (45). Finally, the inequalities

ol — K2 < k! _xk”iﬁf%m + AR — Axk)?
< k=R 2 2NAT = P 2k - APV = 0
1 2
yield (42).
On the other hand, notice that both (39) and (40) yield
YT (LM LR S AT (52)
k——+o0 \ 2 M; 2 Mj;+cld 2¢

hence, (yk)kzo and (zk)kzo are bounded. Combining this with (25) and the condi-
tion imposed on M{‘ — %Id + A*A, we derive that (xk)kzo is bounded, too. Hence,
there exists a weakly convergent subsequence of (x¥, z¥, y¥);=¢. By using the same
arguments as in the proof of (I), it follows that every weak sequential cluster point of
(xk, 2K, yk)kzo is a saddle point of the Lagrangian /.

Now, we show that the set of weak sequential cluster points of (xk, z, yk)kzo is
a singleton. Let (x1, z1, y1), (x2, 22, y2) be two such weak sequential cluster points.
Then, there exist (kp)p=0, (kg)g=0, kp — +00 (as p — +00), k; — —+00 (as
q — +00), a subsequence (xkf’, Zkr, yk”)pzo which converges weakly to (x1, 21, ¥1)
(as p — +00), and a subsequence (x*a, zke, ykfl)qzo which converges weakly to
(x2, 22, y2) (as ¢ — +00). As seen, (x1, 21, ¥1) and (x3, z2, y») are saddle points
of the Lagrangian / and z; = Ax; fori € {1, 2}. From (52), which is true for every
saddle point of the Lagrangian /, we derive

3 tim (EGH Aoz — BN nam), 63)

k—~4o00
where, for (x*, z*, y*), the expression E(xk, Zk, yk; x*, z*, y*) is defined as

1 1
k Jk k. o % sy Z k%2 Sk %2 ook %2
EGS, 25y x7, 20y = St = x4 512 = 2l g T 5 197 =715
Further, we have for all kK > 0

1 1 1
k 2 k 2 2 k k

—|x" —x - —|lx" —x c == ||X2 — X + (x* — xp, M7 (xp — x1)),

2” 1|IM{c 2” 2||M’1‘ 2” 2 IHM{‘ ( 2 1( 2 1))
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1
2 k
=z

Lok
E”Z _Zl||M§+cId_2

2 _ _ 2
~ 2l ae = 312 =2l
+(zF — 20, (M5 + cld)(z2 — 21)),

and
Zinyk = 5t =l = ol = I O v = .
c 2¢ 2c c

Applying [27, Théoreme 104.1], there exists M| € S (#H) such that (M{‘)kzo con-
verges to M1 in the strong operator topology, i.e., ||M{‘x — Mx|| > Oforallx e H
(as k — +00). Similarly, the monotonicity condition imposed on (Mé‘)kzo implies
that supy.g ||M§ + clId|| < +oo. Thus, according to [15, Lemma 2.3], there exists
o' > 0and My € P, (G) such that (MéC + cId)x>0 converges to M> in the strong
operator topology (as k — +00).

Taking the limit in (53) along the subsequences (k) >0 and (k,;),>0 and using
the last three relations above, we obtain

1 1
Sl =xallly, + (o = x2, MiCer = x0) + S a1 = 223, + (21 = 22, Maza = 20)

+ Ly ) = L=l s le—z2 P4 1=y P
—l|lyi— —{Y1—y2, »2— = —|lx1—x —llz1— —Ilyi— ;
chl)’Z c}’ly2y2yl 21 2M1221Z2M2 2cyl »2
hence,
1
=l = x2ll3y, = lar = 223, = Iyt = w2l = 0.

From here, we get |lx; — x2||p», = 0, z1 = z2 and y; = y». Since
L o2 < s — 12 Axt — Axo 2
at 7 X1 —x20l” < llx1 — x2llyy, + 1Ax1 — Ax2|”,

we obtain that x; = x5. In conclusion, (xk, zx, yk)kzo converges weakly to a saddle
point of the Lagrangian /.

The case when Assumption (lll) is valid Under Assumption (III), we can further refine
the inequalities in (39) and (40). Let £ > 1 be fixed. By considering the relation
(37) for consecutive iterates and by taking into account the monotonicity of dg,
we derive

<Zk+1 _ Zk, yk+1 _ yk + Mé((zk _ Zk+1) _ Mé(—l(zk—l _ Zk)> Z 0’

hence,
k+1 ko k+l k k+1 k2 k+1 k agk—1, k-1 k
(@ =T =) 2 T = S+ T =AM T =)
1
k+1 k2 k+1 k2
= Iz —2 =z -z _
Il IIM§ 2|I I|M§1
1
k k=12
—=|z" —z 1 54
5| I (54)
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Using that y¥*1 — y* = c(Axkt! — K41 the last inequality yields

1 1
1254 = 20 = S0 = 2 = S0 =
C
< - (”Zk _ Axk+1”2 _ ”Zk+1 _; ”2 _ ”Axk+1 _ Zk+1||2). (55)
In case L > 0, adding (55) and (39) leads to
l”xk+1 _x*||2 + l||Zk+1 A)C ”
) M{Hrl B Mk+1 cld
1 k+1 *12 1 k+1 k2
o =y T A ST = e
TR e SR S ST
=2 M Miteta T Y TV Mg
1ok k2 € k+l k2 [ k2
Ellx - X IIML%M—EIIZ arall —2—c||y =y

‘2
Taking into account that, according to Assumption (III), 3M§ — Mé‘_] = M§, we can
conclude that for all K > 1 it holds

—L HL—l (Vh(x*) - Vh(xk)) + % (xk — xk+1)

1 1
k+1 *012 k+1
—||X — X + =z Ax

) Mk+1 Id
[ w2 o Lokl kg2
+chly =y +2||Z -z ||M§
< Dk ez Lk a2 TR S S
=2 Mf 2 Mi+cld T D¢ 2 My
[ k2 C o k+1 k2 L k2
Ellx X ”Mk le—zllz -z —ley =y - (56)
Similarly, in case L = 0, we obtain
l”kar] _ x*”Z + l” k+1 A ”
2 mkt T lE k1 e
1 1
o I =17 4 S = 2
[ 2 1 Lok w2, Lk k-1
< gllx —x IIMerEIIZ — Ax* ||Mk+dd+2_”y =y +§|IZ ”MA 1
(IS k2 C i k+1 k2 [ k2
—= - —-Z = —yH%. 57
2||x X IIM{c 2IIZ bl e lly Yol (57)

Using telescoping sum arguments, we obtain that [|x**!

y+1 - 0and z¥ — Z¥*! — 0as k — 4o0. Using (25), it follows that A(x* —
xk+1) — 0 as k — 400, which, combined with the fact that M{‘ — %Id + A*A €
Py (H), for all & > 0, yields xk— x5 0ask — +oo. Consequently, 7+

- xk”Mf_%Id — 0, yk -
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Ax¥t1 — 0as k — +o00. Hence, the relations (42)—(45) are fulfilled. On the other
hand, from both (56) and (57), we derive

Mk +cld

k—+

1 1
3 lim <§||xk—x*||fulk+§||z — Ax*|?

LI S S S -1
ooy =y + Sl - ”Mkl

By using that
k k 1 k k—1,2 0 k k—1,2
lz" — IIMk1<||z -z IIMQSIIMZIIIIZ =P Ve > 1,
it follows that limg_, 4 oo ||2F — 25~ 1||2 1 = = 0, which further implies that (52) holds.

From here, the conclusion follows by argumg as in the proof provided in the setting
of Assumption (II). ]

Remark 13 Choosing as in Remark 6, M{‘ = %Id — cA*A, with 7, > 0 and such
that T := sup;( 7 € R, and MK = 0 for all k > 0, we have

L 1
x, (M —Z1d)x) > [ — —clAP — =) x|
! 2 Tk
1
> (— —clAN? - —) x| Vx € H,
T 2

which means that under the assumption % —c||A|? > % (which recovers the one in
Algorithm 3.2 and Theorem 3.1 in [16]), the operators M {‘ - %Id belong forall k > 0
to the class Py, (H), with 1 := % —c||A|? - % > 0.

Remark 14 By taking h = 0 and L = 0, and in each iteration constant operators
M{‘ = M; »= 0 and M§ = M, »= 0 for all k > 0, Theorem 12 in the context of
Assumption (I) covers the first situation investigated in [28, Theorem 5.6], where in
finite-dimensional spaces the matrix M was assumed to be positive definite and the
matrix M to be positive semidefinite.

The arguments used in [28, Theorem 5.6] for proving convergence in the case
when M| = 0 and A has full column rank contain flaws and rely on incorrect
statements. Theorem 12 provides in the context of Assumption (III) (for A = 0,

=0, M{‘ = 0 and Mé‘ = M, > 0 for all k > 0) the correct proof of this
result.

Finally, we notice that the convergence theorem for the iterates of the classical
ADMM algorithm (which corresponds to the situation when 2 = 0, L = 0, M| =
M> = 0 and A has full column rank, see for example [19]) is covered by Theorem
12 in the context of Assumption (III).

Acknowledgments Open access funding provided by Austrian Science Fund (FWF). The authors are
thankful to two anonymous reviewers and the handling editor for comments and remarks which have
improved the quality of the paper.

@ Springer



1324 Numerical Algorithms (2021) 86:1303-1325

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is
not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission
directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

1. Alotaibi, A., Combettes, P.L., Shahzad, N.: Solving coupled composite monotone inclusions by
successive Fejér approximations of their Kuhn-Tucker set. SIAM J. Optim. 24(4), 2076-2095 (2014)

2. Attouch, H., Soueycatt, M.: Augmented Lagrangian and proximal alternating direction methods of
multipliers in Hilbert spaces. Applications to games, PDE’s and control. Pacific J. Optim. 5, 17-37
(2009)

3. Bauschke, H.H., Combettes, P.L.: Convex Analysis and Monotone Operator Theory in Hilbert Spaces,
2nd edn. CMS Books in Mathematics, Springer, New York (2017)

4. Borwein, J.M., Vanderwerff, J.D.: Convex Functions: Constructions, Characterizations and Coun-
terexamples. Cambridge University Press, Cambridge (2010)

5. Bot, R.I.: Conjugate Duality in Convex Optimization Lecture Notes in Economics and Mathematical
Systems, vol. 637. Springer, Berlin (2010)

6. Bot, R.I., Csetnek, E.R.: ADMM for monotone operators: convergence analysis and rates, vol. 45
(2019)

7. Bot, R.I., Csetnek, E.R.: An inertial alternating direction method of multipliers. Minimax Theory Appl
1(1), 29-49 (2016)

8. Bot, R.I, Csetnek, E.R., Heinrich, A.: A primal-dual splitting algorithm for finding zeros of sums of
maximal monotone operators. SIAM J. Optim. 23(4), 2011-2036 (2013)

9. Bot, R.L, Csetnek, E.R., Heinrich, A., Hendrich, C.: On the convergence rate improvement of a primal-
dual splitting algorithm for solving monotone inclusion problems. Math. Program. 150(2), 251-279
(2015)

10. Bot, R.I., Hendrich, C.: A Douglas-Rachford type primal-dual method for solving inclusions with
mixtures of composite and parallel-sum type monotone operators. SIAM J. Optim. 23(4), 2541-2565
(2013)

11. Boyd, S., Parikh, N., Chu, E., Peleato, B., Eckstein, J.: Distributed optimization and statistical learning
via the alternating direction method of multipliers. Found. Trends Mach. Learn. 3, 1-12 (2010)

12. Bii, M.N., Combettes, P.L.: Warped proximal iterations for monotone inclusions, arXiv:1908.07077
(2019)

13. Chambolle, A., Pock, T.: A first-order primal-dual algorithm for convex problems with applications
to imaging. J. Math. Imaging Vis. 40(1), 120-145 (2011)

14. Combettes, P.L.: Monotone operator theory in convex optimization. Math. Programm. 170(1), 177-
206 (2018)

15. Combettes, P.L., Vii, B.C.: Variable metric quasi-Fejér monotonicity. Nonlinear Anal. 78, 17-31
(2013)

16. Condat, L.: A primal-dual splitting method for convex optimization involving Lipschitzian, prox-
imable and linear composite terms. J. Optim. Theory Appl. 158(2), 460-479 (2013)

17. Eckstein, J.: Augmented Lagrangian and alternating direction methods for convex optimization: a
tutorial and some illustrative computational results. Rutcor Research Report, pp. 32-2012 (2012)

18. Eckstein, J.: Some saddle-function splitting methods for convex programming. Optim. Methods
Softw. 4, 75-83 (1994)

19. Eckstein, J., Bertsekas, D.P.: On the Douglas-Rachford splitting method and the proximal point
algorithm for maximal monotone operators. Math. Program. 55, 293-318 (1992)

20. Ekeland, I., Temam, R.: Convex Analysis and Variational Problems. North-Holland Publishing
Company, Amsterdam (1976)

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://arxiv.org/abs/1908.07077

Numerical Algorithms (2021) 86:1303-1325 1325

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

Esser, E.: Applications of Lagrangian-based alternating direction methods and connections to split
Bregman, CAM Reports, pp. 09-31 UCLA Center for Applied Mathematics (2009)

Fazel, M., Pong, T.K., Sun, D.F,, Tseng, P.: Hankel matrix rank minimization with applications to
system identification and realization. SIAM J. Matrix Anal. Appl. 534, 946-977 (2013)

Fortin, M., Glowinski, R.: On Decomposition-Coordination Methods Using an Augmented
Lagrangian. In: Fortin, M., Glowinski, R. (eds.) Augmented Lagrangian Methods: Applications to the
Solution of Boundary-Value Problems. North-Holland, Amsterdam (1983)

Gabay, D.: Applications of the Method of Multipliers to Variational Inequalities. In: Fortin, M.,
Glowinski, R. (eds.) Augmented Lagrangian Methods: Applications to the Solution of Boundary-
Value Problems. North-Holland, Amsterdam (1983)

Gabay, D., Mercier, B.: A dual algorithm for the solution of nonlinear variational problems via finite
element approximations. Comput. Math. Appl. 2, 17-40 (1976)

Li, M., Sun, D.F, Toh, K.C.: A majorized ADMM with indefinite proximal terms for linearly
constrained convex composite optimization. SIAM J. Optim. 26, 922-950 (2016)

Riesz, F., Sz.-Nagy, B.: Lecons d’ Analyse Fonctionnelle, 5th edn. Gauthier-Villars, Paris (1968)
Shefi, R., Teboulle, M.: Rate of convergence analysis of decomposition methods based on the
proximal method of multipliers for convex minimization. SIAM J. Optim. 24(1), 269-297 (2014)
Vi, B.C.: A splitting algorithm for dual monotone inclusions involving cocoercive operators. Adv.
Comput. Math. 38(3), 667-681 (2013)

Zilinescu, C.: Convex Analysis in General Vector Spaces. World Scientific, Singapore (2002)

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

@ Springer



	Fixing and extending some recent results on the ADMM algorithm
	Abstract
	Introduction
	Fixing some results from shefi-teboulle2014 related to the convergence analysis for Algorithm 2
	A variant of the ADMM algorithm in the presence of a smooth function and by involving variable metrics
	Ergodic convergence rates for the primal-dual gap
	Convergence of the sequence of generated iterates
	The case when Assumption (II) is valid
	The case when Assumption (III) is valid



	References


