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DECOMPOSITION METHODS FOR COMPUTING DIRECTIONAL
STATIONARY SOLUTIONS OF A CLASS OF NONSMOOTH
NONCONVEX OPTIMIZATION PROBLEMS*
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Abstract. Motivated by block partitioned problems arising from group sparsity representation
and generalized noncooperative potential games, this paper presents a basic decomposition method
for a broad class of multiblock nonsmooth optimization problems subject to coupled linear con-
straints on the variables that may additionally be individually constrained. The objective of such an
optimization problem is given by the sum of two nonseparable functions minus a sum of separable,
pointwise maxima of finitely many convex differentiable functions. One of the former two nonsep-
arable functions is of the class LC!, i.e., differentiable with a Lipschitz gradient, while the other
summand is multiconvex. The subtraction of the separable, pointwise maxima of convex functions
induces a partial difference-of-convex (DC) structure in the overall objective; yet with all three terms
together, the objective is nonsmooth and non-DC, but is blockwise directionally differentiable. By
taking advantage of the (negative) pointwise maximum structure in the objective, the developed
algorithm and its convergence result are aimed at the computation of a blockwise directional station-
ary solution, which arguably is the sharpest kind of stationary solutions for this class of nonsmooth
problems. This aim is accomplished by combining the alternating direction method of multipliers
(ADMM) with a semilinearized Gauss—Seidel scheme, resulting in a decomposition of the overall
problem into subproblems each involving the individual blocks. To arrive at a stationary solution of
the desired kind, our algorithm solves multiple convex subprograms at each iteration, one per convex
function in each pointwise maximum. In order to lessen the potential computational burden in each
iteration, a probabilistic version of the algorithm is presented and its almost sure convergence is
established.
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1. Introduction. Originated from the family of splitting methods for solving
monotone operators in the mid-1970s [22, 33, 21], and leading to the methods of mul-
tipliers for nonlinear programming in the 1980-1990s [5, 24, 14, 15, 16], the family
of alternating direction method of multipliers (ADMM) has in recent years become
extremely popular for solving convex programs [28, 27, 13] and has applications to
many engineering domains such as image science [9, 10, 49, 54], machine learning
[7, 45, 35], matrix completion [51], factorization [55], and rank minimization [20], and
polynomial optimization [36], to name a few areas. See [17, Chapter 12] for a com-
prehensive summary of splitting methods for monotone variational inequalities up to
2002. The survey [7] and the edited volume [23] contain extensive recent references.
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In the past few years, extensions of the ADMM to nonconvex programs have been
investigated in [3, 25, 37, 29, 46, 47, 48]. This paper adds to this growing litera-
ture of the ADMM applied to nonconvex programs by considering a distinctive class
of multiblock, nonsmooth optimization problem involving difference-of-convex (DC)
functions of a certain kind.

Specifically, for given positive integers I, {J;}_,, and {n;}/*} and closed convex
sets X! C R™ with X £ Hf;rll Xicas Hfill Q% where each Q7 is an open set, by

letting n £ Zf;rll n;, the problem, whose feasible set we denote )A(, is

minimize 0(x) = @(z) + H(x) — Z ma)f;‘gij(ari)

zeR™ 7 1<
1=
(1) (only I separable terms in the last sum)
(e I+1
subject to Y A'a’ =b and =z £ (azz)i; € X;
i=1

here the defining terms in the overall objective function 6 satisfy the following prop-
erties:

e v :Q — Ris a continuously differentiable function;

e H : X — R is multiconver [53]; i.e., for all i = 1,..., I + 1, H(x!,27%) is
convex on X for every fixed 7% € X% & ot X7, foreach i =1,...,1
and j=1,...,J;

e cach g;; : Q% — R is convex and continuously differentiable.

Moreover, each A € R*™ for i =1,...,1+1, and b € R’ for some nonnegative inte-
ger . The case in which ¢ = 0 pertains to the absence of coupling constraints of the
variable blocks. In this setting, each resulting function H (z*, 27%) —maxi<j<j, g:;(z°)
for i =1,...,I is a nondifferentiable DC function for fixed z~; yet the overall objec-
tive 6 is neither differentiable (because of the possible lack of joint differentiability of
H in its arguments and the pointwise maxima) nor DC (because of the lack of such a
requirement on the first two summands ¢ and H). Nevertheless, § has some partial
differentiability and a multi-DC structure. For the full set assumptions on problem
(1), see subsection 3.2. Among these, some Lipschitz conditions are imposed on the
gradient of the function ¢ and the partial gradient of H with respect to the distin-
guished block z/*!; see assumption (A0) there. Moreover, the Lipschitz constants
play an important role in ensuring the convergence of the algorithms to be devel-
oped. The concluding remarks at the end of the paper mention an extended class of
problems not covered by this framework.

Besides extending the existing literature, the special structure of problem (1)
arises from two applied sources. One is in sparsity representation [26] of data where
surrogate sparsity functions [1] are used to approximate the well-known discontinuous
univariate ¢y function [t|p, which equals 1 if ¢ # 0 and equals 0 otherwise. The other
source is a generalized noncooperative game with a potential function [19] that leads to
the multiconvexity property of H. Some details of these applied problems can be found
in the appendix. Our goal is to investigate the possibility of decomposing problem (1)
into individual convex minimization subproblems over the individual subvectors, with
the aim of computing a “blockwise directional stationary solution” of this problem;
see section 2 for the definition. This goal is accomplished by the combination of
three techniques: a well-known block coordinate method (BCDM) decomposing the
objective and utilizing the partially linearized Gauss—Seidel (GS) scheme to update
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the subvectors sequentially; an ADMM to decouple the coupled linear constraints; and
the handling of the pointwise maxima structure using the e-argmax idea introduced
in [40].

The contributions of our work are severalfold. One that distinguishes it from those
in the references [4, 3, 25, 37, 29, 46, 47, 48] for nonconvex programs is that our com-
bined BCDM-ADMM is shown to compute a d(irectional)-derivative based stationary
solution [40] of problem (1). (See the latter reference for discussion of various concepts
of stationary solutions of nondifferentiable DC programs.) The main convergence re-
sults are given by Theorem 4.3 for subsequential convergence and Proposition 4.4 for
boundedness and sequential convergence, with the needed assumptions summarized in
subsection 3.2 and proofs detailed in section 4. An example is provided to illustrate
that without the special technique to handle the pointwise max functions for this
class of problems, the standard ADMM as described in the cited literature computes
a point that is far from being d-stationary, and thus has no chance to be a minimizer.
Another contribution of our work is that the distinguished variable 2/t is allowed
to be constrained by a private closed convex set X'+1 that is linked to the coupling
constraint in a certain way. This is a significant extension of the existing literature
where such a variable is typically not privately constrained.

A departure of our work from the above-cited references is that while some of
them have employed the Kurdyka—Lojasiewicz (KL) property [4, section 3.2] to es-
tablish the sequential convergence and also error bounds for the sequence of iterates
produced by the ADMM algorithm in less general settings, we leave the treatment
using the KL property for a subsequent work. Part of such a treatment would involve
verifying or extending this property for the class of problems (1). Instead, we de-
scribe a probabilistic version of our deterministic algorithm that aims to alleviate the
additional per-iteration computational effort of this algorithm for solving the class
of nonconvex programs in question. Details including a convergence proof of this
randomized algorithm are presented in section 5.

To close this introduction, we note that the framework (1) includes the case in
which the coupling constraint is not present. In this case, the algorithm reduces to
that of a convex programming based (partially linearized) block coordinate descent
method (BCDM) of Gauss—Seidel type for solving a nonsmooth, nonconvex optimiza-
tion problem with separable constraints and a particular nonsmooth structure in the
objective; the convergence of such a method to a directional stationary point of the
problem with such a pointwise max objective is a new result in the vast literature of
the family of BCDMs—see [50] for a recent survey, [42, 30, 53] for works related to
ours, and [52] for a stochastic version of the BCDM.

2. Preliminaries. In this section, we summarize some preliminary materials
needed for the rest of the paper. First is the Bregman distance [8] that is a well-studied
“pseudo metric” and has played an important role in various areas and algorithmic
design for optimization problems. Formally, given a convex differentiable function 1
defined on an open convex domain D C R"™, the Bregman distance Dy(x,y) between
two vectors & and y in D is defined as

Dy(z,y) £ ¢(x) —p(y) — Vo (y) " (z — ).

Clearly, Dy (z,y) reduces to ||z — y||? if (z) = ||x]|3. We refer the reader to [8] for
properties of the Bregman distance, which we will use freely in the analysis. We recall
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that a function f: D — R is a-strongly convex if, for some scalar o > 0,

frz+ Q=) < 7f@)+(1-7)f) -5 (1=7) |z —y|
V7 € [0,1] and x,y € D.

It is easy to show that if £* is a minimizer of such a function f on a closed convex
subset X of D, then f(z*) < f(z) — & ||lz* — z||? for all z € X.

Given a closed convex set X C R™, the lineality space of X [43], denoted Lx, is
the linear subspace consisting of vectors v such that = 4+ 7v € X for all scalars 7 € R.
We denote the orthogonal complement of Lx by Lx. The normal cone, denoted
N(x; X), of X at a vector x € X consists of all vectors u such that u” (y —z) < 0. It
is clear that NV(z; X) C Ly for any z € X; thus N (z; X) — N(z’; X) C L% for any
z and 2’ in X.

2.1. Directional derivative-based stationarity. In general, given a con-
strained optimization problem minimize,cy 6(z) with X C RY being a closed and
convex set contained in the open convex set T and 6 being directionally differentiable
with directional derivatives at a vector x € T given by

2 lim O(xz+ 7d) — 0(x)

, deRV,
710 T

0'(z;d)

a feasible vector & € X is a d(irectional)-stationary point if 0'(z;x —z) > 0 for all z €
X. When 6 is continuously differentiable, the latter condition becomes 0 € VO(z) +
N (Z; X). In the case of the objective in (1), noticing that (max;<;<y, g:;) (z%;d?) =
max;jep(zi) Vgij(2')Td" for all ' € Q% and all d* € R, where

(i) A i) — ) i (Y — B
M (") ArgmaX i (") {.7 | 9i4(2") = max gin(a") }
is the index set of maximizing functions in the pointwise maximum function

i
| ax, gin(z"),

we say that T € X is a directional derivative based stationary solution or a blockwise
d-stationary solution of (1) if

I+1
(2) V@) (z—z)+) H(e,z ') (z%a’ -z
i=1
I
— max Vi-;iiTxi—fi >0 Vxe)z.
>, Vais@)(af =)

If H is jointly directionally differentiable in all its components, and H'(z;d) >
Zfill H(e,x7%)'(2% d?), then a block directional stationary point is indeed a direc-
tional stationary solution of (1) in its standard sense. Clearly, the condition (2) is
equivalent to the following: for every tuple j = (j;)I_, with j; € M;(z?) for all
i=1,...,1,

I+1 I
Vo@) (x—z)+ ) H(e,z ") (zha' —2') > Y Vg, () (2" —2") Ve X,
=1 i=1
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because maxje;zi) V9i; ()T (a8 — %) > Vg, () (2t —z" ) foralli =1,..., 1
and j; € M;(z"), with equality holding for at least one such j;. Based on this
observation and employing the Bregman distance, we can characterize the stationarity
condition (2) in terms of an optimality property of Z in multiple convex programs over
the same feasible set )A(, which has a separable objective if the Bregman function is
chosen to be separable in the subvectors.

PROPOSITION 2.1. Let ¢ be a differentiable function on Q, H be multiconvex on
X, and gi; be convex and differentiable on Q° for eachi=1,...,1 and j=1,...,J;.
Let 3 >0 be an arbitrary scalar and 1 be a conver differentiable function defined on
Q. Letz = (x )H'1 €X bea feasible tuple of (1). Then (2) holds if and only if, for
every tuple j = (5;)1_, with j; € My(z?) for alli=1,...,1,

I+1
T € argmin 0i(z) 2Ve@) ' (z-7)+ ZHZ(xl T
zeX ~ i

CVX inx
I+1

B [ 141
—ZVQW )+Dw(x z) Z”A — Az’ 3.
=1

Proof. This follows from the following two facts: (a) VyDy(y,Z)|y=z = 0 and
(b) VH Algt — Atgt ||% piegzi = 0. 0

In the proposed method for computing a stationary point of (1) satisfying (2),
we need to make use of the e-argmax of the family of pointwise maximum functions
for a given ¢ > 0; specifically, for each z* € X*,

1<k<J;

M (a') £ {ﬂgm‘( ) > max gip(x ')—s}.

This extended argmax set has the property that if {2#}5%, is a sequence converging

to x?, then for any € > 0 we have, for all v sufficiently large,
/\/li(x"’i) - Ml(ml) - M&-,Z‘(Z‘V’i).

The second inclusion is the cornerstone for the convergence of the algorithm to a
blockwise d-stationary solution of (1) to be presented in the next section. This in-
clusion suggests that in the generation of a sequence {z"*} converging to a limit z?,
in order to capture all the maximizing functions {g;;(Z )}jEM (31), it is essentlal to
include functions g;; that are ¢ away from the maximizing ones at each z**. As is
apparent from the stationarity condition (2), the inclusion of all maximizing func-
tions {gi;(Z")}jem,(z ) at Z is part of the requirement for this point to be blockwise
directionally stationary.

We define the augmented Lagrangian function as follows: for a given scalar § > 0,
with z denoting the Lagrange multiplier of the coupling constraint b = Zf;l Alxt

I+1 I+1 2
Lp(,2) £ 0(x)+2" |[b=> A’ | +5 |[b- ZAZ :
=1 2
2
LB ki =113
=~ A’L ’L_i [ERLEASELE
=0(x)+5 b Z T
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2.2. Subgradient-based stationarity. Based on variational calculus for non-
smooth functions, stationarity can be defined in terms the concept of subgradients as
follows. Consider the optimization problem

3 nimize
3) minimize f(z),

where, avoiding an extended-valued objective, we explicitly express the constraints by
the closed convex set X in RY. A vector v € R¥ is a subgradient of f at a point z if
there exist a sequence {x*} of vectors converging to = and a sequence {v*} of vectors
converging to v such that for every k,

kY (0 o ENT
R G VR
y—ak and y#zk ” y—x ”

We denote the set of subgradients of f at = by the standard notation df(xz). We
say that a vector z € X is a subgradient-based stationary point of (3) if 0 € df(z) +
N(z; X).

To clarify the difference between a subgradient-based stationary point and a direc-
tional stationary solution for the class of objectives in (1), we consider for simplicity
the case where f(z) = ¢p(x) — maxi<;<s gi(z) with ¢ and g; all continuously dif-
ferentiable. By [38, Proposition 1.113], we have df(z) C Vp(z) — {Vgi(z) | i €
M(z)}. Tt follows from this inclusion that for any v € df(x) and all d € RY,
vTd > ch(m)Td—maxieM(z) Vgi(x)Td = f'(z;d). Thus if 7 is a directional station-
ary solution of (3), i.e., if f'(Z;x —Z) > 0 for all € X, then Z is subgradient-based
stationary. Nevertheless, the example below shows that the converse is false.

ExAMPLE 1. Consider the univariate function f(z) = 2 2? —max(—z,0) = 3 22+
min(z,0) and let X be the interval [—1,1]. The function f has a unique directional
stationary point on X', namely & = —1/3, which is the (unique) global minimum of f
on X. Nevertheless, since 0 € dmin(z,0) |,—o, it follows that = 0 is a subgradient

based stationary point of f on the same interval. ]

In summary, while the subgradient-based stationarity concept is supported by
the rich theory of nonsmooth calculus [38, 44], such a stationary point can be quite
unrelated to a minimizer of any kind. Therefore, while it may be possible to compute
a subgradient-based stationary point as in the recent literature on the ADMM for
nonsmooth nonconvex optimization problems, a question arises as to whether a de-
composition algorithm can be designed to compute a point with a sharper stationarity
property. The next section presents such an algorithm that utilities three ideas: the
Gauss—Seidel sequential update scheme, an ADMM scheme to decouple the coupled
linear constraint, and the e-argmax idea to cover all potential binding functions in
the pointwise maximum terms. Subsequently, a probabilistic version of the latter
idea is also presented as a promising way to reduce the computational burden of the
individual e-argmax decomposition.

3. The combined BCDM and ADMM. Besides the use of a Bregman func-
tion for regularization, a distinguishing feature of our algorithm from existing ADMMs
and BCDMs is the explicit treatment of the pointwise max term in the objective func-
tion. Previously appearing in [40], the use of a positive ¢ is essential to ensure the
convergence to a desired directional stationary solution.

The algorithm below employs the sequential Gauss—Seidel idea. At iteration v+ 1

the most recently updated components z”Jl £ (zvt1R)o; along with those z¥, =
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(%) >; from the immediate past iteration v are employed to update the component
¥t in the current iteration. This is accomplished by solving | M. ;(z"") | convex
subproblems, each defined, for ¢ < I and j € M, ;(«”"), by the function

v+l/ i, v+1 v o,V
eij (x5 2 y T>43 %2 )

convex in x*

A Vz“ﬂ (‘rl;-;_17xléi)T (1‘1 _ xu,i) _ vgij(xu,i)T(mi _ xu,i)_(zu )TAzxz

varies with j

linear in z*

ﬁ b_ZAkxu+l,k_Aixi_ ZAkxu,k

+ H (x”‘H x’,x;) + Dy, (xf, 2" —|—§
k<i k>i

<i

2

convex in z*
augmented Lagrangian term

followed by a selection based on the test function

v+1,test
0

. T . . .
(@50 2% 2) £ Voo (2,28) " (af - 27) 4+ H (22 20 2%

2

) R 7R AN VA A S 1 @ _ k v+1E _ pAi,0 k, v,k
—gi5(z")+ Dy, (z*, ") —(2") Am—|—2 b ZA x A’z ZA x

k<i k>i

Also define

T
v+1 I+1, v+1, v\ & v+1 v, I+1 I+1 v, [+1
07 (a2l 2Y) = Vl.z+1<p(xg , T ) ('™ —x )

convex in z!t+!

o (w’;}lel) i Dwz+1($1+17my’1+1) (2 )TAI—f—lxI-H
2

+§ b*ZAkl‘y+1’kaI+1CCI+1

k<I )

The combined BCDM-ADMM is presented in Algorithm 1. The special case of the
algorithm where the coupling constraint is absent results in the BCDM for partitioned
constrained problems. In this case, the multiplier z is absent and Step 2 is not needed.

Each of the subproblems in Step la corresponds to a function g;; for j € M. ;(x*")
that is linearized at the current iterate z*»* along with a similar linearization of the
function (21", e, 2%;) at the same iterate. There are two noteworthy features of
these subproblems: the blockwise handling of the variables of the function H to
exploit its multiconvexity and the use of separable Bregman functions Dy, (e, z"?)
associated with given convex functions 1;(z%) for i = 1,...,I for regularization.
Once the components z¥*1% are computed for all i = 1,...,I, they are included
in the vector 22t £ (z+1%), -1 to update the last component 2 +1/*1 in a similar
way. The algorithm also employs a positive threshold 3 that will be specified sub-
sequently. Overall, the number of convex subprograms to compute the entire tuple
2t is T, | Mei(z%) | for 25! and one more for the last component z*+17+1,
This amount of computation is significant if the latter Cartesian product contains
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Algorithm 1 The deterministic combined BCDM-ADMM.
Let 20 £ (xoz)fill € X and 2° be given. Also let scalars ¢ > 0 and 3 > 3 be given.

Let {¢;}/1] be a family of convex differentiable functions.
while a prescribed termination criterion is not satisfied do
Step la. Solve |M. ;(z**)| convex subprograms

(4) {EVH = argmm@”“( x’f{l,x%,z”)} .
e X1 JEMgl(l”l)

i A A~ i - . 1,test (~v,i,5 1
Define zvt1¢ £ Z2v+14J7  where j € argmin 01.”;' St@vnlialit xl 2.

jEMs‘i(mV’i)
Step 1b. Let
2T+ ¢ argmin 9}’111( IH;&L“;T;,Z”)
pIHlexI+1 =

Step 2. Update the Lagrange multiplier:

I+1
ZV—'rl A Zy+ﬁ (b—ZAil'V+l’i> )

i=1

end while
return (z,z)

Algorithm 2 The deterministic BCDM.

The convex programs (4) in Step la (and similarly in Step 1b) of Algorithm 1
simplify to
(5)

minimize | Vg (2217, 0%) " (a8 —20) 4 H (2% %)

= Vgis(a¥H) (2 — 2¥") + Dy, (2, 2"")
JEM i(z?)

Step 2 is not needed.

a large number of elements. Subsequently, we will introduce a probabilistic version
of the algorithm wherein we randomly select only one element from each M. ;(x"?),
thus simplifying the computational effort per iteration in the implementation of the
algorithm.

The test function 9;;’]*1’%“ (zt; 221, x%,;2¥) differs from 91’;}“( st x%,;;2") and
ﬁg( 2t e 2, 2¥) as follows: g;; is not linearized in 91-'*1’“}“(0 x 2Y), it is

x¥
<i >z7
in 077 (e; 211, z%;;2"); a linearization of <p(:1c<f1, e, 2% ;) at " and a single function

0 et @l ) in La(at e, a, 2), (@ e, 2%, is not

linearized at x** and all the functions g;; for j € J; are used. Incidentally, if the
function ¢ is convex (which is the case in [40] without the coupling constraint), then

gi; are used in
v,

we could use @(z“t!, -, 2% ,) without linearization in both 0;’]*1(0 xlgl,x%, z¥) and
v+1,test v+1 v
o'j (. L vx>wz )
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There is a variation of the above two algorithms that is worth mentioning, namely,
instead of linearizing the first summand ¢, we may replace Step la by the problem

#4149 ¢ argmin [w (#2424, 0,) — Vg () (a8 — 20) — ()7 A%’
zieX?

FH (e 0t 0) + Dy (o) +

b*ZAkIV+1’k7AiIi72AkIV’k

k<i k>i

| ]
2
in which the function ¢ is not linearized. With the function 1; appropriately chosen so
that the resulting function (zF", e, 2%,) + Dy, (,2"") is strongly convex on X?, the
method can handle the case where the coupled function ¢ is not differentiable in the
subvector " and for which the resulting subproblem can be efficiently solved. We omit
further discussion of variations such as this one and instead focus on the algorithms
as stated above; for a particular problem in which this strategy is employed fruitfully,
see [34]. Needless to say, by using the function gp(m’:gl,o,x;i) itself, it is expected
that the solution of the subproblem is not difficult; moreover, if a global minimizing
property of the solution is needed in the convergence proof, such a minimizing solution
can be practically computed.

3.1. A numerical example. We use a modification of Example 1 to illustrate
that variations of the algorithm could fail to converge to a directional stationary
solution; one such variation does not employ a positive ¢ in the sets M. ;(z"") to set
up the iterations.

EXAMPLE 2. Consider the following variation of Example 1 formulated to fit the
framework of (1):

minimize 2z? — %x% — max(—z1,0) + %.131332 subject to
T1,T2

x1 — 22 = 0 (coupling constraint) and —1 < z; < 1 (private constraint).

Similar to the previous example, it can be shown that this problem has two sub-
gradient-based stationary solutions, (0,0) and (—1/4,—1/4), among which only the
latter is directional stationary. Under the identifications

o(x1,22) = %331372, H(xy,20) =223 — 122, T=1,

1
2
Jl = 27 911(551) = 07 and 912(:]61) = —x,

we apply the combined BCDM-ADMM with e = 0 to this problem using the quadratic
Bregman functions ¢1(z1) = § 7 and 93(x2) = § 3 for a constant ¢ > 1. For any
B > 0, we have,
v+1 : 1’5 v 2 c v\2 v 6 v\2
2y = argmin —(x17x1)+2x1+§(x1 —xz{) -z x1+§(x17x2)
—1<a1<1

(when g17 is picked)

— —Z teal +2"+ By
[_171] 4+C+ﬁ

) (where II denotes the Euclidean projection)
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v+1 __ : 1 2 IT+1 v E v\2 v é v+1\2
xy T = argmin —2x2—|—72 (xg—x2)+2(a:2—x2) +z x2—|—2(x2—331 )
z2
vl
_9”12 -‘rCl‘Z—Z”-}-B.’L‘IljJrl
= , and
B+c—1

T = v — B (Tt — gyt

A similar formula for :c’l’“ when ¢gp- is picked can be similarly derived. We compared

our algorithm with the standard ADMM [47] where (i) no linearization was applied to
the nonlinear terms in the objective function, including the max term, (ii) there was
no Bregman regularization, and (iii) the S-parameter was chosen sufficiently large so
that the subproblems are convex. We ran the iterations with three different starting
points of (29,29,2°). The results of the iterations are plotted in Figure 1, which
clearly shows (a) the convergence of our algorithm (with e = 0.01) to the d-stationary
point of (—1/4, —1/4) when started at all three points, and (b) the convergence to the
origin with the standard ADMM. In addition, we also ran our algorithm as described
above with € = 0 and linearization of . While convergence to the d-stationary point
of (—1/4,—1/4) was obtained with the second and third starting point, convergence
to the origin was obtained when the algorithm was initiated at the first starting point.

History of the iterates History of the iterates
1 T T T T T 0.8 T T S
L * 1 0.61
0.8 >
> L
o5l . | o4 >
>
» 0.2r >
0.41 ] yD
g Mg & o
>
0.2 P* N
B -0.2r
0| y ;f*ﬁ'
o -0.4f *
** *
—0.2f ‘tﬁ* * Algorithm 1 1 -0.6F * * Algorithm 1
> ADMM * > ADMM
-0.4 -08
-04 -0.2 0 0.2 > 0.4 0.6 0.8 1 -1 -0.5 E 0.5 1
1 1
History of the iterates
0.5
>
o} * o bt >
-0.5

-1

* Algorithm 1
-2.5 > ADMM

-1 -08 -06 -04 -02 0 0.2 0.4

Fic. 1. Algorithm 1 vs ADMM for Example 2 with different initial points: (1,1, —1) (top left);
(-1,1,1) (top right); (—10,—0.1,10) (bottom).

In conclusion, this example shows the persistent convergence to a d-stationary
solution of our algorithm with all three starting points; such convergence is not guar-
anteed with variations of the algorithm. 0
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3.2. Assumptions. We begin by summarizing the assumptions needed for the
convergence proof of the combined BCDM-ADMM. These are fairly standard in the
literature of this kind of problems. However, there are two novel features: (a) the
presence of the pointwise max terms that complicates the convergence analysis, and
(b) the private constraint set X/*! that is not required to be polyhedral.

(A0) In addition to the basic setting in the definition of (1), the function ¢ is
multi-LC! on X with modulus { Lipg,, fill, ie,foralli=1,..., I +1,

(6) IVai(x) = Vaip(y) 2 < Livg, |z —yl2 Yoy € X;

also, the partial gradient function V r+1 H is Lipschitz continuous on X with

modulus LipIV+H1 . 0

Note that (6) implies, by the mean-value theorem for vector functions [39, 3.2.12],
that for every i = 1,...,I + 1, and any z~* € X% and any 2’ and 3’ in X*,

o o o o Lip® o
(M) ele'a™) —ply' ™) < Vaply'a ) (af ) + = 2t~y 5.
The next assumption pertains to the choice of the Bregman functions and ensures
in particular that each of the convex subprograms in Steps 1 and 2 has an optimal

solution.

(A1) The functions 1; for i = 1,...,I + 1 are oy-strongly convex on X*; moreover
Py is LCY with Lipyy,,, being the Lipschitz modulus of the gradient Viy4
on X1*L d

v+1
<i
is strongly convex; thus each iterate Z*71%J is uniquely defined. So is z¥+1I+1. The
last assumption concerns the distinguished variable z/*!. It is the reason why the
formulation (1) requires separability in each of the functions g;;. Specifically, for a
nonseparable g;;(z), the duplication of variables via g =qgforalli=1,...,I wil
violate the assumption, thus jeopardizing the convergence proof. This assumption
is not needed for the BCDM when the coupling constraint is absent. There are
several equivalent ways to state the assumption. We first give a lemma asserting such
equivalence.

LEMMA 3.1. Let X C R™ be a closed convex set and A € R*>*™. The following
statements are equivalent:

(a) [ATA+pu =0 and p € Lk | implies A = 0;

(b) there exists a positive constant, denoted Ymin, such that

This assumption implies that each function 9?‘1(0, T ¥, 27) fori=1,...,1

IATA+ plle > VAmin [ All2 Y € Ly and all A;

(c) A has full row rank and L% N Range(AT) = {0}.
Proof. (a) = (b). Consider the following optimization problem:

(8) mir}\imize | ATA+ |3 subject to p € Ly and ) satisfying | A, = 1.
iy

The feasible set is the union of finitely many polyhedra in the (), u)-space. Since the
objective is always nonnegative, it follows from the Frank—Wolfe theorem of quadratic
programming [12, Theorem 2.8.1] that the program (8) attains a finite optimum ob-
jective value which must be nonnegative. If this value is zero, then there exists (A, )
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with A # 0 and p € L% such that ATX + pu = 0. But this contradicts (a). Thus (8)
attains a positive minimum objective value. This is sufficient to yield the existence of
the desired scalar vy .-

(b) = (c) = (a). These implications are easy. 0

Based on the above lemma, we introduce (recalling that X’*+1 is closed and con-
vex) the following assumption.

(A2) The pair (A1, XT+1) satisfies any one of the three conditions in
Lemma 3.1. 0

Two special cases of assumption (A2) are worth mentioning. One is the case in
which X/*1 = R™+ so that the distinguished variable z*! is not privately con-
strained. In this case, Ly,,; = {0} and (A2) reduces to the (standard) assumption
that AT+1 has full row rank. The other special case is when X'*! is a polyhedron
given by, say,

XIJrl é {IIJrl c Rn1+1 |OI+11,I+1 Z d[+1}

for some matrix CI*1 and vector dZ*?! of appropriate order. In this case, (A2) holds
if the matrix

—I+1 & A+t I+1\T I+1\T
= C1+1 [(A ) (c )]

is positive definite and the constant yy,i, can be taken to be the smallest eigenvalue
of Z7+1, Since the positive definiteness of Z/*1 is equivalent to the implication that
(AIFTHT X 4 (CTHH)T¢ = 0 implies both A = 0 and ¢ = 0, it follows that (A2) is a
significant weakening of this positive definiteness assumption, allowing in particular
the multipliers of the constraints in X’*! to be unbounded.

Associated with the Lipschitz constants and the constant v,i,, we define, for a

given vector y/t! € XI+1, the modified augmented Lagrangian function:

9) Lz, 2y

2 2
2 Lo+ g | (L) (Liney,,, )| 1o/ =0

The convergence of the algorithm relies on a nonincreasing and bounded-below prop-
erty of the sequence of such modified augmented Lagrangian values {Lg(x" 1, 21,
21+1)} when the sequence of iterates {(x¥+1, 2/*1)} generated by the algorithm has
an accumulation point. In turn, these crucial properties are derived under the choice
of B> f3; see (11) for the definition of the lower bound 3. The boundedness of the
sequence {(zV*1, 2¥*1)} is established under one of two growth assumptions on the
objective function 8 on the feasible set X. See the discussion preceding Proposition 4.4
for details.

4. Convergence proof. The proof of convergence of the combined BCDM-
ADMM is divided into several steps. First is a lemma that bounds the consecutive
difference || 2*1 — 2¥ ||3 of the multipliers in terms of the differences of the primary
variables. The lemma also bounds [[z¥"1||3 in terms of the latter variables. This
lemma is where the special block z/*" is needed.
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LEMMA 4.1. It holds that
(10)

2 2
~min H J R ||§ < 4{ [<L1p1+1) I (Lipval) } | &It gL 2

2 I+1 ‘
+ [max ( <L1p1+1) (Lipvarl ) > L1p1+1 ] Z ” pPTLE i H%
2 . . 2 9
e R R A (T =Ry o Py

2
[ (LipEy + Lipkt ) 127 4+ | Vo 0(0) o + | Vares H(O) }

Proof. By applying the optimality conditions of the problem,

: v+1 I+1_ v+1, v
argmin 677 (272l 2Y),

zI+leXxI+1
we deduce
2V (2P e ) < (AT £V H @) + Vi ()
I+1
_vaJrl( )+ 6 AI+1 (ZAk v+1,k _ ) c _./\/'(.%,V,I+1;le-‘rl)7
yielding
(AI+1 )TZV-‘,-I —|—,u”’l+1 — Vg (33;/;[“7 u1+1> YV, H(z 1/-‘,—1)
+ Vibrp (@) = Vi (@),
Subtracting this equation from the one from the previous iteration, we deduce
(AI+1 )T (Zu+1 _ ZU) 4 (MV+1J+1 _ uu,l+1)
V$I+1g0 (m’;;[lvi’ggwﬂrl) — V$I+180 (IC?;I’ xy,1,1+1> ]

+ [VII“H(xVH) - Vz”lH(xy)] + [V¢I+1($V+1’I+l) — V¢I+1(CEV’I+1)}
— [Vera (@) = Vi (a5 ]

Taking squared norms on both sides, employing Lemma 3.1, and making use of the
Cauchy-Schwartz inequality and the assumed LC! conditions, we obtain

Ymin || 27— H2
: 4{ (Liprt ) | St = 4 g
i<I
+ (LlpI+1) || (EV+1 — 2V ||g

2
n (Lipval) [” gUFLIHL g2 1 1T Hg} }
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|

2
+ [(Llpm) + (Lipvml) ] [l I — g T2

2 2
L I e M e }

2 .
(Llpl+l> LlpI+1 ] Z qu—&-l g xu,zng

i<l

establishing the desired bound on ||z**! — 2z¥||3. To obtain the bound on ||2*1||3, we
have

(ATFL)T ot I+l |:sz+180 ((E;’;Il’i?xy,I-H) Vi (a;;/;l,i7mu+1,l+1) }
+ [waltp (;cv+1) — Vs @(0)} + Var+10(0) + [V;EI+1H(J]V+1) B sz+1H(0)]
F T H(0) + [ Vibpg (27T — Wiy ()]

Taking norms on both sides, we deduce the desired bound on ||z**1|3. O

We next upper bound the differences
dift}, & £ (xzjl,xm, ) — Ly (@ 2%, 2Y) fori=1,... T+1,
diffgyz S L3 (mf}lﬂ,z”ﬂ) —Ls (x‘:;il,z”)

by invoking the subprograms in Steps la and 1b and the update formula of z**+!
in Step 2. Adding the bounds for the above differences, we can in turn bound the
difference Lg(x"*1, 2¥ 1) — Lg(x¥, 27) of the augmented Lagrangian function at two
consecutive tuples (z¥*1, 2¥T1) and (z¥, 2).

LEMMA 4.2. It holds that
Lg (zVT, 2" = L (2", z”)

4 2
ﬁ'}/min

Z{{ <<w>?<mvm2> it

7
+ “Pvy i | 2v T — 2 |3

= 3
Proof. By the definition of the augmented Lagrangian function, we have

diffg,i =90 (x’g'l, x>z) —0 (xg'l,:c%) (2" )TAi(:c”Jrl’i - x”’i)

2

% I i—1 I
ﬁ k_v+1.k k vk k_v+1.k k_ vk
+§ b—gAl‘ —2 A¥x b—gAx —gle/ .
k=1 k=i+1 2 k=1 k=1 2
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v+1,

In turn, since x = 7v+1i3" we have, for all i = 1,...,1,

0 (xi—:lax>z> -0 (xl;—:lvx>z)
= o (e 0L — o (@) |

+1 v+1 v+1,2 v,
-l-{H((EU z¥ )—Hx T :|— max g;i\T ) — max g;;(x’
<i r>1 ( <i >z) 1<j<d; gz]( ) 1<5< s gt]( )

< [SD (xlglvAVH i fl;z) - (xlglvffm)}
L )
|93 @) — gy | (for any j € My(a)
< Vo (a4t 2%,)" (B0 )
[ (e m e e ) < b (a0 |

LlpZ N .y . N .Sy .
+ % H prlag’ _ v H% _ [gﬁi,, (3: v+1,i,5; ) _ gij(z”’l)} 7

where the last inequality follows from (7). Thus, by the definition of j and using
the gradient inequality g;;(Z7T157) — g;;(2%) > Vg (V)T (zVTH53 — %) of the
convex function g;;, we deduce that, for any j € M;(z""),

Y, < oo (2 8,) (34199 - 029)

+[H (@237 al) = H (a2, 2%,) |

. o Lipt A A
_ |:D1/17‘, (§u+1,mi ,a”) — Dy, (U:C\VJrLz,J’zW)} + % I prtli v ||§
- vgij(xu,i)T (Equl,i,j N xu,i) N (Zu )T Al (/l}u+1,i,j . zu,i) +
i—1 I 2
+ g { h— ZAk$V+1’k _ Ai§u+1,i,j _ Z Akxy,k
k=1 k=i+1 9
i—1 I 2
h— ZAkl,VJrl,k _ ZAerl/,k }
b)
k=1 k=i 2

which yields

diffy; < Ve (221, 2%,)" (37109 — a)

I [H (Z‘i—l-_l,-%\y+l7i7j7xy>i) — H ($l;—:lax>z) ]

v,i

.
Llpv; — 05 || xu—‘—l,i —r

+ D (AV+1 N (EV’i) _ vgij(xu,i)T(/m\u—&-l,i,j _ xu,i)
o ( ) A’L (AVJrl KN I’V’i)

B

(by the o;-strong convexity of ;)
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2

i—1 I
+ g { bh— § Akzu+1,k o Ai/x\zﬂrl,i,j o E Akzz/,k
k=1 k=i+1 2

J

(by the definition of zV*+1:47).

i—1 I
bh— § Ak.%‘y+1’k _ § Akxl/,k
k=1 k=i

LipL, — o; . .
< pV; T3 H IVJrl,z — gVt ||§

Similarly, we can establish the desired bound for diffy ;; by dropping the g;; func-
tions. To bound diff; ,, we note that

I+1
1
diff . = (71— 2") [b 2 A *] = 5l =2

I+1

4 I+1 . 2 I+1 . o
S ﬂr)/min { |:maX ((Llp ) (Llpvw1+1 ) + Llp Z H x i ¥t ||2

2 2
+ [ <L1p1+1> + (Lipvwl+1 ) } [ e } (by Lemma 4.1).

Adding this to the bounds
Lip&,, — 0 . .
difty, <SPV Tt - g

foralli =1,...,I+1, we deduce the desired bound on Lg(z" !, 2" *1) — Lg(x¥,27)0

Recalling the modified augmented Lagrangian function (9), from Lemma 4.2 we
deduce that

~

— Lg(a”, 2"

gjj{ A Lo (o) (tive ) ) + (ki

LipL, — oy ) )
n Pve i } ” R H%

ﬁg(iﬂy+1,zy+1;1'y’l+1) u71,1+1)

2

¥ { o 2 (1) (Libew, ) )+ (Lindid)’

T+l
p e } vt g g

To ensure that the sequence {Ls(z", z¥; 2¥~I+1)} is nonincreasing, we postulate the
following.

(A3) Foreveryi=1,...,1+1, o; >LiPngo' a
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It then follows that for 8 > 3, where

1) g =

8|2 ( (Lipg) (i i + (Lip&ty
Pv Pvyria 1Py ) 1
1<I?<a}(+1 o ’

P — Lipiwp

Ymin

a constant ¢z > 0 exists such that, for all v,

o~

(12) EB(.Z‘V+1,Z”+1;.Z‘”’I+1) _ Eﬁ(xv,zv;xv—l,l+1) < —cg ” .Z‘V+1 . xung

THEOREM 4.3. Under assumptions (A0)—(A3) and the choice (11) of 8, every
accumulation point (if it exists) of the sequence {x¥} produced by the deterministic

BCDM-ADMM with a 3 > [ satisfies the stationarity condition (2).

Proof. Let ° be the limit of a convergent subsequence {x**1} .. We first show
that {z¥*1},c, is bounded. In turn, from the bound on ||z**1||, it suffices to show
that {xv LI+ — I+ is bounded. By the definition of z¥+1/*! we have

Ls (xu+1’ Zu+1; xu,1+1)

174 1% 4 . 2 1% 1%
=L (a", 2" + B {(LIP”l) + (Llpwlﬂ) } B i |

I+1 2

_ 0(1,1/-‘—1) l/+1 |:b ZAZ v+1,i

I+1

b— Z Algrtli

=1

8
ty

2

2
+ ﬂ’Y K [(Llpprl) (Lipvarl) ] ||23V+1’I+1 - xu,[+1”§
I+1 vt ||? v1)2
=9(z") + B b— AlgrThi g z I
@)+ 3 Zl B 2p
4 I+1 . 2 V1,141 v, I4+12
o (L) (Lipe,, ) | e =2t
+1 B kg +1,4 2/t ’
>0+ S - ) AT 4
SERREY (P 7,

4 2
o [(Llp”l) (Lipval) ] ||xu+1,1+1 _xu,1+1”§

1 ( . I+l . 2 w1041 v I+1
— Lip + Lip ) H z -z
ﬂ"}/min { Ve vw1+1

2

2
+ [ (Lipg +Lipgl ) 2" la + | Varsa(0) ll2 + | Vs H(O) || }

1

>0z ) — ——
( ) BFYmin

2
[(Lipt +Lipgh ) 12" llz + 1| Varea@(0) la + | Varsa H(0) o]

Since the subsequence {z*1},¢, is assumed to have an accumulation point, thus

is bounded, it follows that the subsequence {Eg(x”“,z”“;x”’lﬂ)}ye,{ is bounded

below. Since the entire sequence {Lg(x*t, 2¢+1; 2 1+1)} is nonincreasing, it must

be bounded below, and hence converges. Consequently, the sequence of consecutive
differences {Ls(z ”“ 2L g Iy — L (av, 2¥; v~ B L)) converges to zero; thus the
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entire sequence of consecutive differences of the iterates {z**! — 2V} also converges
to zero, by (12). Thus the subsequence {z“*'}, ¢, is bounded by (10). By the
first inequality of Lemma 4.1, the entire sequence of consecutive differences of the
multipliers {21 — 2z} converges to zero. Hence the limit 2 is feasible to (1). It
remains to show that, for every tuple j = (j;)1_, with j; € M;(2>) foralli =1,...,1,

I+1
VQO((EOO) 7 — ™ +ZH.:L,OO, z/( oozl,i_xooﬂ')

> ZVgiji(xoo’i)T(xi — %) Vz e X.

Let 2> be an accumulation point of the subsequence {2'},c.. Without loss of
generality, by working with an infinite subset of « if necessary, we may assume that
{2"T1},ew, and thus {2”},¢, also, converges to z; moreover, there exists G =5Y

for all v € k. Let an arbitrary x € X and a tuple j as specified above be given. It

then follows that j; € M. ;(z"?) for all v € & sufficiently large and all i = 1,..., 1.

v+1,2 ~v+1,

By the definition of the index 3’;” that gives x = 137 in particular, and by

the minimizing property of 143 we have

T ; ; .
vzi@ ( z;—l—l’x>z) (xu+1,z _ xu,z) +H (xi—:la x>z> _ gi}'\i“ (xu+1,1)

—_———
= ;50 (@VT1Y)
2
_ (Zl/ )TAi.I'V+1’i +D¢i(.’bu+1’i,l’y’i + 5 h— ZAIC v+1,k ZAkxu,k
k<i k>t 9
< Vo (250 0%,) T (BVFL - g H (20 BT 2 ) — gy (B
( )TAV\V—i-l 2 + Dy, (AV+17i7ji7xV»i)
2
é ZAkl'y+1’k _ Ai&,\u-&-l,i,ji _ ZAkJ?V’k
2 k<i k>1 2
< Vo (a1, 0,) T (FH0F g ) 4 H (23,500 02 )
— gij, (2" = Vgiz, ()T (209 — 2¥7)  (by the convexity of g;;)
o ( )TAZ’\VJrl KN + D¢zﬂ (fVJrl’i’ji,xV"i)
2
é b_ZAk: v+1,k Ai/l'\y+1’i’]‘ ZAk v,k
2 k<i k>1i 2
< Ve (a0 2%,)" (a8 =)+ H (a2 2 al)

— Gij; (J: > ) _ Vgiji (xu,i)T(xi _ xu,i)

B vLk _ figd v,
5 b—ZAk$+1k ZAk: k

= ()" A%’ + Dy, (', 2"") + 5
k<i k>i

2

Taking the limit v(€ k) — oo, and using the proved convergence of {z**! — 2*} — 0
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and the feasibility of > (thus the satisfaction of the coupling constraint), we deduce

H(z™®) — max g;;(x°%) — ()T Aigt

1<5<J;
< H@) — g5 (™) - (2%)T A%2
o 7, , 7.
< Veip(@®) (' =2 )+ H (xzoi,xl,xioi) — 11;2%)3 95 (%)

= Vs (2" (' — %)

_ (Zm)TAixi+D¢i(xi’xoo,i)+§ ||Aixoo,i Ayt Hz’
where the first inequality holds because maxi<;<j, gi;(z°%) > 9ir (x°>%) and the
second inequality holds because j; € M;(z*). Hence, for all i = 1,...,1,

H(z>®) — (2°)T A% < Vyip(a™®) (2t — 2> + H (w‘?z,xz,x‘fz)
(13) Vg, (@) T (28— 29 ) — (2°)T Al
+ Dy, (a, %) + § | Atz — Atat ;.

By the definition of 2T+ we have

T
Vg (x’gl,x”’”l) (xu+1,1+1 _ It )+ H (xglwuﬂ,ul)

+ Dl/J ($V+1’I+1 JZU’I+1) _ (ZV )TAI+133V+1’I+1
I+1 ’
2

+ é bh— ZAkl‘y+1’k _ AI+1J}V+1’I+1

2 k<I
- 2

T
1 1
< Vrp (x?l' ,xV’IJrl) (II+1 — gt )+ H (x?} ,II+1)

+D1p $I+17.’EV’I+1)—(ZD)TAI+1.131+1+§ b_ZAkxl/+1,k_AI+1xl+1

k<I

1+1(
2

Passing to the limit v(€ k) — oo, we deduce that
H(xoo) _ (ZOO )TAI—&-lxoo,I-&-l S vw1+1@(xoo)T(xl+l _ xoo,I+1 ) + H(QZ‘%OI,Z‘I+1)—

(z20)T AT I 4 Dy, (2T oo ) g || ATF oo L g Tk T2

Summing up the last inequality and the previous I inequalities (13), using the fact
that ijll Alg™>®t = p = Z{Ll Atz? and by Proposition 2.1, we obtain the desired

stationarity of x°°. ]

The above theorem asserts neither the boundedness of the (primal) sequence
{z"} nor its sequential convergence. The result below addresses these two issues
under either one of two growth assumptions on the objective function that are easily
satisfied if X is bounded. The first condition is a growth requirement on the combined
objective 6 of the order ||z||'*° for some positive J; the second condition is a weakening
of the first, requiring only a coercivity property on 6, namely, 6(z) — oo for x € X
with ||z]| — oo, but adding the requirement that H -+ have bounded partial gradients
with respect to the distinguished variable z/*1.
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PROPOSITION 4.4. Under the assumptions of Theorem 4.3, if either

(a) for some d > 0, iminf)| o0 { % | 2 € X} > 0; or

(b) V41 (H + ) is bounded and 6 is coercive, both on X,
hold, then the sequence {(x**1, 2¥T1)} is bounded, and thus has an accumulation point.
If in addition {x"*1} has an isolated accumulation point, then the sequence converges.

Proof. In the proof of Theorem 4.3, we have shown that, for all v, (z"*!) is
bounded above by

EB ($V+1,ZV+1;$V’I+1) +

o [ (Lind Lokl ) a7 s
min

F [ Varrp(0) [l2 + | Vorss H(0) 12

which yields, since the sequence { Lg(z¥ T, z¥T1; 2 1+1) } is nonincreasing,

a(xu-s-l) < EB (x1721;x0’1+1) +

[ (Llp”l +Llpl+1) [Ezana™
B'Ymin

+ 1 Vars19(0) [l2 + [ Vore H(0) |2

The liminf assumption in (a) therefore yields the boundedness of {z**1}.
Suppose condition (b) holds. From the proof of Lemma 4.1, we may deduce

2
Vomin H Zu+1 ”g < 4{ |:(L1p1+1) (Lipv¢1+1 ) :| H :BV+1’I+1 _ :I,'V’I+1 H%
I Vs (o + H) @) |3 }

which shows in particular that the sequence of multipliers {2'} is bounded if the
sequence of primal variables {#**1} is. We have

~ ~

Eﬁ (1.1 Z 1.0 I+1) > L:ﬁ (£L'V+1,ZV+1' V,I+1)

2
= o) b [ (Lik2) o (L, ) | et g

5’7min
I+1 V1 v+1 ”2
— P(gvt? é b— JURZEE: z _ | 2 2
(@) + 5 Z T+ = 55
4 I+1 . 2 v+1,1+1 v, I+1 12
(Llp ) + (Llpv¢1+1 ) [| 27T = 2T
ﬂ’ymin L
p <« . zv L ’ 2
>0z + 5 |0 - ZAZJJ”“” - - | Vare (o + H)(«" ) |3+
2 - ﬁ 9 ﬂ'ymin
2 I+1 : 2 v+1,1+1 v, [+1 (12
(Llp ) + (Llpv¢1+1) | z" T — ¥ II5-
5'7min L
Hence,

~

Ozt < Lg (2, 2t 2% +

2
B sup { || Voo (o + H)(@) |3 | = € X},
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establishing the boundedness of {z"*1} under the assumed coercivity condition of 6.
The last statement of the proposition follows from [17, Proposition 8.3.10] since
{zv* —2v} — 0. O

Specializing Theorem 4.3 and Proposition 4.4 to the case without the coupling
constraint, we obtain the following convergence result of the BCDM. In applying the
proposition, it suffices to realize that the boundedness condition of V r+1(H + ¢) on
X is needed to deal with the coupling constraint and its multiplier z; without them,
there is no need for this condition. No further proof of the result is needed.

THEOREM 4.5. Under assumptions (A0), (Al), and (A3), if 0 is coercive on X,
then the sequence {x"™1} produced by the (deterministic) BCDM is bounded. Every
one of its accumulation points is blockwise directional stationary solution of (1) with-
out the coupling constraint. Moreover, if one such accumulation point is isolated, then
the entire sequence converges to it. 0

5. Randomized choice of subproblems. One way to reduce the number of
convex subprograms solved at each iteration is by means of a randomized choice;
this idea was first proposed in [40] for a nonsmooth DC program without regard to
decomposition. The following randomized version of the combined BCDM-ADMM
is the same as the deterministic version except that Step la is modified such that
only one convex subprogram is solved (versus as many as | M. ;(z"*)|) for each i =
1,...,1. The choice of the minimizing index 3;’ employs an augmented Lagrangian
based acceptance/rejection rule of the computed iterate.

To describe the randomized algorithm, it is useful to introduce some notation. For
a given tuple w £ ((m’){i117 z) of primal blocks #* € X and constraint multiplier z
and for a tuple s = (s;)_, of indices with s; € {1,...,J;} foreach i = 1,..., I, define
the tuple z3(w) £ ({z%% (w)}_,,7 I*1%(w)) as the (unique) global minimizers of
the respective semilinearized Gauss—Seidel subproblems

. , o I
2% (w) € argmin Vi (255 (w),..., 2 001 (w), @, 2L 2T
rTieX?
x(z*—ax")
FH (@ (W), B (w), B 4 Dy (3 )
2
—TAT 4 g b= AFZEor(w) - AT =) Alah
k<i k>1 2
- Vgisz (xl)T(fl - xi ) i=1
plus the minimization over the last block
7 1+1,5(W) € argmin { Vi1 (@1,51(“,)’ L ’{E\I,sz(w)’/x\IJrl)T (/x\l+1 _ It )
FI+iexI+1
+H @Y (w),..., 20 (w), 2T
+ D1b1+1 (5?\1+1,$I+1) _ ZTAI+1.’/E\I+1
2
+ g b= Akzksr(w) — AT }
E<I

2
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Let 25(w) 2 248 (b—Y21_, AiZHsi (w)—ATH1Z1H15) We can establish the following
result for the above defined tuple x3%(w).

LEMMA 5.1. For any given tuples w 2 ((z%)/ 1} 2) and s 2 (s;)_, € M(w) it
holds that

I )
i, Lipy, —oi o, i
Lo ({755 (w) Jopoa™2) = 30 et |0 (w) — ' 3 < L(w).
=1

Proof. We omit the proof since it is similar to the bound for diﬁ’ﬁ”ﬂ;, i=1,...,
employed in the proof of Lemma 4.2. ]

Algorithm 3 The randomized combined BCDM-ADMM: fixed €.

Let 2° £ (x 0’)I+1 € HI+1 X? and 2° be given. Also let scalars € > 0, 3 > B3, and
Pmin € (0,1) be given. Let v = 0. Compute the next iterate ! = (x”+1’1)11+11 €
[T2! X by performing the following steps.
while a prescribed termination criterion is not satisfied do
Step 1ay.,, Choose a random tuple s*+1 2 (s¥1),o; € T, M. (¢*") and,
foralli=1,...,1,

(14) Prob {index s/ is chosen | given (z”,2") } £ p”“’i*sfr1 > Pmin > 0.

Let E;}rl’suﬂ = {Ei’siyﬂ(w”)}igf, where w” £ (27, 2). Let

v ~v+ls'th LIl v
<y it Lg ( Ty , T 1z
.
v+l A 0 — Llpvsa v,i ~i,sv Tt v\ (|12 v v
vt 2 # 30 T o it > £ (a7, 2),
i=1
~v41,svT1 .
zuhs otherwise.

Steps 1b and 2. Same as Algorithm 1.
end while
return (z,z2)

+1 .
Several remarks are worthy of note. One, Z¥*1%" " is a random vector as its

components depend on the randomly chosen tuple s*T!. Two, even though Steps 1b
and 2 are the same as before, the last block z¥+1/*! and the multiplier z**! depend
on % < I , thus these two variables are not deterministic either. Three, through the test

that defines the new iterate z2*, we accept or reject the I blocks {Z %% o (W")}i<r all

at once after I convex subprograms are solved. Different frequencies and variations of
the latter test can be introduced but are omitted. Lastly, z*+t1+1 is equal to either
~ . . ~ V+1 .

zIHLs(wv) if xg}rl’s is accepted as x‘ggl or the minimizer of 91+1( ;x%p,2") on

vl
XT+1 if the test rejects wZ?l s

EXAMPLE 2 (continued). We applied the randomized choice of the subproblems to
the example with fixed ¢ = 0.1, ¢ = 1.1, and the initial iterate (29, 29,2%) = (1,1, -1)
for which the deterministic version of the algorithm converges (see Figure 1) while
the existing ADMM does not. In iterations 10 through 22, two subproblems were
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candidates that triggered the randomization. After 60 iterations, the optimal triple
of (—1/4,—1/4,—1/8) was obtained. In summary, for this example, we may draw the
following two conclusions with the initial iterate (29,29, 2°) = (1,1, —1).

(a) Both the deterministic and randomized versions of the combined BCDM-
ADMM with a fixed ¢ = 0.1 converge to the unique d-stationary point
(—1/4,-1/4).

(b) The standard ADMM with both linearization of ¢ and no such linearization
converge to (0,0); so does the deterministic BCDM-ADMM with e =0. 0O

5.1. Convergence proof of randomization. We state and prove the almost
sure subsequential convergence result for the randomized combined BCDM-ADMM.
We omit the BCDM as it is a simplification of the combined BCDM-ADMM. The
modified augmented Lagrangian function (9) continues to play an important role in
the proof.

THEOREM 5.2. Under assumptions (A0)—(A3) and the choice (11) of B, suppose

that for each v the tuple {s”+1,.. ”'H} consists of independent random indices
satisfying the condition (14). It holds that every accumulation point of the sequence
{z"} produced by the randomized BCDM-ADMM with a fixed € > 0 and with a 8 > 8
satisfies the stationarity condition (2) with probability one. N

Proof. The proof below combines that of the deterministic case and that of Propo-
sition 7 in [40] for the case with no decomposition. Nevertheless, the details are more
complicated than either one of the previous proofs. Throughout the proof, we write
w” £ (2¥,2") and let F¥ be the filtration generated by the iterates {w? ... w"}
produced by the randomization up to iteration v. Let M. (w") consist of the tuples

s £ (s;)l_; with s; € M. ;(z") for all i = 1,..., I such that

I
~ 0 — Llpv P~
({ zs, }L‘SI"TVI—H )_,'_Z 5 4PH zsi( 1/)”%
< Lg(z¥, 7).
Thus, if a tuple s“+! belongs to M.(w"), then the next iterate z+1 = z5"" (w").

Moreover, in this case we may follow the analysis of the deterministic case and deduce
(see the derivation of the expression (12)),

,g»

v+1 v+1l, v, I+1
(w ;)

Py u71,1+1)
)

fEAg (:c”,z”;x

~

= ‘CB (aj\swrl(wu),zv;xv,l—&-l) _ 25 (mu,zv;xy—l,I-Fl)

< 3 { s [ (o) (o)) = i

=1

Lipiw

el | GO R

* {ﬁjmin [ <(Llpl+1) (Lipvwm)Z) + (Lipgiy ) ]

Liptt — & y
i 0T I e ) gt
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If the tuple s**1 ¢ M_(w"), then v+ = 2 for all i = 1,...,I. Thus,

~

Eg (xu+1’ Zu+1; zu,l+1) N Eg (:171/’ Zu; $u71,1+1)

R 1,I+1 1. vI+1 —1,1+1
:Lg(z’él,x”+ T ol gy +) v +).

— Eg (:v”, 2V x
We claim that the above difference is nonpositive, or, equivalently,

(15)
Eﬁ (.T%I,LUV+1’I+1,ZV+1)

2
|: <L1p1+1) (Lipvarl ) ] H IV+1J+1 - IV’IJrl H%

2
e [(Llp’“) + (Lipwy,., ) ] R

Similar to the proof of the bound for diffé’:ﬁl in Lemma 4.2, we may deduce

+

ﬁ “Ymin

< La(x¥,2") +

Lipl+1 — 0y
‘C‘ﬁ ($21,$V+1’I+1,ZV) S ‘CB (J?V,ZV) + thQ +1 || JZU+1’I+1 _ JZV’I+1 ||§

Moreover,

ﬁﬁ (xlél,xu+1,l+1’zu+1) o ﬁﬁ (l’léI,LL'VJrl’IJrl,ZV)

I

_ (Zl/+1 o ZV )T [b o E Ail‘y’i o AI+1xu+1,I+1]
i=1

I+1

4 . 2 v+1,1 2%
< {[max((hp”l) (Upeen ) )+ (i) | e e
Li I+1 2+ Li 2 | T+ BT+ 2
ipg iPvy, ., x T 5

(by a proof similar to that of Lemma 4.1)

4 2 ) 2
= {max ( (L1p1+1) , (Llpvw“r1 ) > + (L1p1+1> } || g LIHL Il ”%
B'_Ymin
rr1)? i 2 I+1 —LI+1 2
|:(L1p ) + (Llpvw1+l) :| ||LUV’ —xu ) HZ .
Consequently,

,C/@ (.I;I,IL‘”+1’I+1,ZV+1) _ Lﬁ(xy,zv)

(o [ () (e )) = ot

s T+1
N Llpv@ 2* O1+1 } I PP LI I+l ||§

+

o | (uk2) + (tive,, )|

% [_” {EV+171+1 _ xu,[-&-l ”g + ” xl/,]-‘rl o l,ll—l,[-‘rl ”%] ’

which yields the desired inequality (15) by the choice of .
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v+1,s é

We note that at iteration v + 1, every tuple s has probability equal to p
Hle p’ L% > (pin)? of being picked. With this observation, taking conditional
expectation E with respect to the filtration ¥, we deduce, for some constant cz > 0,

E [Eﬁ (I,U+1,ZV+1;:L,V,I+1) | ]_—u}

_ vl [ vl
_ § pu—i-l,s [’/3 (Z‘S (WU), Zu+1; xu,l—&-l)

svtl e M (wV)

—1/+1,s"+1 ~ v v+1,1+1 _v+1, v, I+1
+ E D Lp (2%, x 20t )
svt1g M. (wV)
! 2
~ i I Z Z ~iyst T i
< ['/3 (xy’zy;xy ) —Cp (pmin) H T (Wu) -zt )
svtleM, . (wv) Li=1

+ @ () - g ]

Consequently, if the sequence {(z”,z")} possesses a convergent subsequence {w” =

(2¥,2")} e with limit w*°2(2°°, 2°°), then the random sequence {/35 (z¥, 275 2}
is bounded from below. By the supermartingale convergence theorem [6, Proposition
4.2], we may conclude that the latter sequence converges almost surely. Without loss
of generality, we may assume, by working with a further subsequence of {w"},¢,, that
M (w") is equal to the same K\ds for all v € k. It follows that, for all i =1,...,1,

lim H zhs(wY) — a2t || = lim H zIHLs(w?) — g1+l || =0 VseM..
v(ER)—00 v(€EK)—00

In what follows, we show that Hi]:l M, (%) C M.. Let s be an arbitrary tuple in
Hle M;(2°>%). By Lemma 5.1, we have

I

, LipL  — oy . .
’Cﬁ ({/x\usz' (WOO)}Z'S[ ’xoo,l-‘rl’ Zoo) _ Z % ” i (WOO) _ 00 ||§
i=1

< Lp(w™).
We claim that equality must hold. Assume not. It follows that, for all v € & sufficiently
large,
I

, Lipk  — o . A
Ls ({fl,si (wy)}i<l ’ xu,[+1’ ZV) _ Z HPyy — i | 255 (w”) — ¥

: 3 < Lotw).
=1

This proves that s € M. (w") = J/\ZE. Hence the inclusion Hfil M;(x%%) C .//\\/15.
Therefore, with probability one, it holds that lim,c.)—o0 [[27T! — 2¥]]2 = 0 and the
subsequence {z"*1}, ¢, also converges to z°°. At this point, the remaining part of
the proof of Theorem 4.3 can be applied. O

6. Conclusions. This paper has presented and analyzed the convergence of a
combined BCDM-ADMM method for computing a directional stationary solution of
a class of multiblock, nonsmooth, nonconvex optimization problems with private and
coupled constraints. A randomized version of the algorithm is also introduced to lessen
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the computational effort per iteration of the basic algorithm if needed. Motivated by
interesting applications, a future research direction is to develop decomposition meth-
ods for an extended class of problems where the functions g;; in (1) are not separable
in their respective blocks of variables and a coupled constraint is still present. The
bottleneck to this extension is assumption (A2), which is key to the bound of the mul-
tiplier of the coupled constraint in a single-loop algorithm such as those presented in
this paper. A resolution to this technical challenge may call for a two-loop algorithm
wherein an inner loop would solve a Lagrangian relaxation of the problem with the
coupled constraint lifted to the objective and an outer loop would update the multi-
plier accordingly. More research is needed to investigate this extension. Another topic
omitted in this paper is the investigation of the KL inequality theory [4] to study the
sequential convergence of the iterates produced by the combined BCDM-ADMM for
computing directional stationary solutions of problem (1).

Appendix. Two applied problems. We briefly discuss two classes of applied
problems that provide the source for the framework (1). The first class of problems
is topical, involving problems arising from (group) sparsity representation [26]; the
other class involves a noncooperative generalized game with a multiconvex potential
function and coupling constraints [18, 19].

Group sparsity representation. Let G; C {1,...,m} fori=1,...,1I be I nonover-
lapping groups of parameters Bg, = {3; }jeg, partitioning the set of unknown coef-
ficients {f1,...,Bm} in the linear regression model: y ~ BTz with the vector input

r € R™ and scalar output y € R. Given are data {(z*,y;)}¥, a loss function ¢(3)

(e.g., the mean least-squares loss ¢(8) = + va:l (y; — BT2")?), constant v; > 0
and sparsity function P¢¢(3) for the parameters, and 72 > 0 and sparsity functions

P2 (Bg,) for each group. The regression problem is

BeRm

I
(16) minimize £(8) + 71 P°(8) + 72 Y _ P#(8g,)-
=1
The sparsity functions P and each P,*'P can be either ezact or surrogate; all are of
the DC type (see [1]). A simple example illustrating how (16) is of the form (1) is
when the truncated | e||; function is used, resulting in P°¢(8) £ Z;nzl min(L |8;],1)
J

for some positive scalars 7; > 0. Since

1 1 1
min (Tj 1551, ) - 155 max( ¥ 1551 > ,

the negative max term leads to the pointwise maximum terms in (1). Other univariate
sparsity functions such as SCAD and MCP are (differentiable) DC functions; they
also lead to an objective of the form (1). As an example of a coupled sparsity function,
consider an exact K-sparsity function for some positive integer K > 2 that is used
for a group G with s elements. Such a function has the property that its zeros are
vectors with no more than K nonzero elements and is given by the following: for an
s-dimensional vector w with s > K|,

S

s K
Pr(w) 2> wi| =Y Jwg | = > [wpl,
=1 k=1

k=K+1
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A A . . .
where maxi<j<s [wi| = |wp| > |wpg| > -+ > |wpg| = mini<i<s [w;| is a nonincreas-
ing ordering of { |w; | }7_;. The expression

K
Z \w[k] | = maximum v | w; |,
k=1 veE(hrs) 3o

where £(Af 5) is the finite set of extreme points of the polytope Ax s = {v €
[0,1]% | Y7, v; = K}, shows that such a sum leads to the last pointwise max sum
in the objective function of (1).

A multiagent noncooperative game. Consider a noncooperative game with I + 1
selfish players each with private strategy set X? C R™ for ¢ = 1,...,I 4+ 1. Antic-

ipating rivals’ strategies =% € X%, each player i = 1,...,I solves a (nonsmooth)
problem
mg}iegiize 0;(z",27") £ p(x) + G(a',27") —  ax gij(z")
(17) I+1
subject to ZAkxk = b,
k=1
I

while player I + 1, anticipating (z*)!_,, solves a problem without the max term in the
objective:

minimize 0741 (", (2)_1) £ () + (g (27 (2)12))

ZItlexI+1
(18) I+1
subject to ZAkxk = b.
k=1

Assuming that the family of functions {¢;(x)}/X} admits an inexact potential function

H(x) with the property that, for all z € X and y* € X?,
(19) Gt z™) = Gy a™% > H(z', 2™ — Hy',z™") VYi=1,...,]+1,

one can show that the potential function H must be multiconvex, but not necessarily
convex nor differentiable jointly in its arguments. The aggregate optimization problem

I
e . N o (At
minimize 0(z) = | o(z) + H(z) z_: A 9ij (z")
(20) I+1
subject to Z Alzt = b
i=1

bears a close connection to the game in terms of their respective directional derivative
based stationary solutions. Specifically, assuming that the common function ¢(z)
is differentiable, if a tuple (iz)fill is a blockwise directional stationary solution of
(20) satisfying the condition (2), then each #* is a directional stationary solution of
the optimization problem (17) for ¢ < I and (18) for ¢ = I + 1. Consequently, via
the potential optimization formulation, the combined ADMM-BCD algorithm leads
to a provably convergent one-loop best-response iterative algorithm for computing a
tuple of strategies satisfying the first-order directional stationarity conditions for each
player of the game. This is a significant advance towards solving a generalized Nash
game in the presence of nonconvexity and nondifferentiability.
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