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Abstract The augmented Lagrangian method (ALM) is one of the most useful meth-
ods for constrained optimization. Its convergence has been well established under
convexity assumptions or smoothness assumptions, or under both assumptions. ALM
may experience oscillations and divergence facing nonconvexity and nonsmoothness
simultaneously. In this paper, we consider the linearly constrained problem with a
nonconvex (in particular, weakly convex) and nonsmooth objective. We modify ALM
using a Moreau envelope of the augmented Lagrangian and establish its convergence
under conditions that are weaker than those in the literature. We call it the Moreau
envelope augmented Lagrangian (MEAL) method. We also show that the iteration
complexity of MEAL is o(&72) to yield an g-accurate first-order stationary point. We
establish its whole sequence convergence (regardless of the initial guess) and a rate
when a Kurdyka-Fojasiewicz property is assumed. Moreover, when the subproblem of
MEAL has no closed-form solution and is difficult to solve, we propose two practical
variants of MEAL, an inexact version called iMEAL with an approximate proximal
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update, and a linearized version called LiMEAL for the constrained problem with a
composite objective. Their convergence is also established.

Keywords Nonconvex nonsmooth optimization - augmented Lagrangian method -
Moreau envelope - proximal augmented Lagrangian method - Kurdyka-Lojasiewicz
inequality

1 Introduction

In this paper, we consider the following optimization problem with linear constraints

minimizeyegn f(x)

subject to Ax = b, @

where f : R" — R is a proper, lower-semicontinuous weakly convex function, which
is possibly nonconvex and nonsmooth, A € R"™" and b € R™ are some given matrix
and vector, respectively. A function f is said to be weakly convex with a modulus
p>0if f(x)+ §||x||2 is convex on R", where || - || is the Euclidean norm. The class
of weakly convex functions is broad [50], including all convex functions, smooth but
nonconvex functions with Lipschitz continuous gradient, and their composite forms
(say, f(x) = h(x) + g(x) with both & and g being weakly convex, and f(x) = g(h(x))
with g being convex and Lipschitz continuous and / being a smooth mapping with
Lipschitz Jacobian [31, Lemma 4.2]).

The augmented Lagrangian method (ALM) is a well-known algorithm for con-
strained optimization by Hestenes [37] and Powell [S3]]. ALM has been extensively
studied and has a large body of literature ([5449.25,24./14] just to name a few), yet
no ALM algorithm can solve the underlying problem (1)) without at least one of the
following assumptions: convexity [521/5419L10133]], or smoothness [2L3}15,4.27], or
solving nonconvex subproblems to their global minima [14}l16], or (when running
ALM) the observation of a bounded nondecreasing penalty sequence [34[18]]. Indeed,
ALM may oscillate and even diverge unboundedly on simple quadratic programs [68}
59], where the objectives are weakly convex as shown in Sec. later.

At a high level, we introduce a Moreau-envelope modification of the ALM for
solving (1)) and show the method can converge under weaker conditions. In particular,
convexity is relaxed to weak convexity; nonsmooth functions are allowed; the subprob-
lems can be solved inexactly; linearization can be applied to a Lipschitz-differential
function; and, rank of A is not assumed. On the other hand, we introduce certain
subgradient propertieTas our main assumptions. By also assuming either a bounded
energy sequence or bounded primal-dual sequence, we derive present subsequence
rates of convergence. We introduce a novel way to establish it based on a feasible
coercivity assumption and a local-stability assumption on the subproblem. Finally,
with the additional assumption of Kurdyka-t.ojasiewicz (KL) inequality, we establish
global convergence.

1 In this paper, we use either certain implicit Lipschitz subgradient property or implicit bounded sub-
gradient property (see, Definition |1 to yield the convergence of proposed methods, where the implicit
Lipschitz subgradient property is much weaker than the smoothness assumptions used in the literature.
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1.1 Proposed Algorithms

To present our algorithm, define the augmented Lagrangian:
Lp(e,2) = £+ (4 Ax =)+ SllAx = bl @

and the Moreau envelope of Lg(x, A):

1
op(z,4) = mxin {Lﬁ(x, A) + Zﬂx - z||2} , 3)

where 4 € R™ is a multiplier vector, 8 > 0 is a penalty parameter, and y > 0 is a
proximal parameter. The Moreau envelope applies to the primal variable x for each
fixed dual variable A.

We introduce Moreau Envelope Augmented Lagrangian method (dubbed MEAL)
as follows: given an initialization (z°, 2°), y > 0, a sequence of penalty parameters
{Br} and a step size 5 € (0,2), for k =0,1,..., run

Zk+] — Zk _ 777Vz¢ﬁk (Zk,/lk),

MEAL 4
( ) {/lk+l — /lk +ﬁkv/l¢ﬁk (Zk,/lk). ( )
The penalty parameter Sy can either vary or be fixed.

Introduce
. 1
ok — Proxy,LBk(~,/lk)(zk) = arg}r{nm {‘Eﬁk (x,2%) + Z”x - Zk”2} , Yk €N,

which yields V¢, (z¥,2%) = y 71 (2% —x**1) and V¢, (¥, %) = Ax¥*! - b. Then,
MEAL (@) is equivalent to:

K =Prox,, g, (a6 (25,
(MEAL Reformulated) 2K+ = 2k (k= xkeT, )]
A= 25 4 B (AxFH! — b).

For Proxy, r, without closed-form solutions, we provide two practical variants of

MEAL.

Inexact MEAL (iMEAL) We call x**! an ey-accurate stationary point of the x-
subproblem in (3) if there exists

s* € 0 L (L) +yT (M = 2F) such that ||s¥|| < €. (6)

iMEAL is described as follows: given an initialization (z°,1°), ¥ > 0,7 € (0,2), and
two positive sequences {€x } and {8}, for k =0, 1,..., run

find an x**! to satisfy (6)),
(iMEAL) Zk+1 — Zk _ U(Zk _ xk+1)’ (7)
ﬂk+1 — /1k +Bk(Axk+1 _ b)
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Linearized MEAL (LIMEAL) When problem () has the following form

minimizeyegn f(x) 1= h(x) + g(x) )
subject to Ax = b,

where & : R” — R is Lipschitz-continuous differentiable and g : R" — R is weakly
convex and has an easy proximal operator (in particular, admitting a closed-form
solution) [611[361/59,65]], we shall use V4. Write fX(x) := h(x*) + (Vh(x*),x —x*) +
g(x) and L px(x,2) = f5(x) + (A, Ax = b) + £||Ax — b||>. We describe LIMEAL
for (B) as: given (z°,129),y > 0,57 € (0,2) and {B;}, for k =0,1,..., run

k= Proxy,Lﬂ”fk(s/lk)(Zk),
(LIMEAL) | zk+1 = gk _ ok = gty ©)
A4 = 4K 4 B (AxKHT — b).

1.2 Relation to ALM and Proximal ALM

Like ALM, MEAL alternatively updates primal and dual variables; but unlike ALM,
MEAL applies the update to the Moreau envelope of augmented Lagrangian. By [56]],
the Moreau envelope ¢pg, (z, AK) provides a smooth approximation of L, (x, AF) from
below and shares the same minima. The smoothness of Moreau envelope alleviates the
possible oscillation that arises when ALM is applied to certain nonconvex optimization
problems; see the example in [59] Proposition 1].

For the problems satisfying the conditions in this paper, ALM may require a
sequence of possibly unbounded {B;}. When B is large, the ALM subproblem is
ill-conditioned. Therefore, bounding Sy is practically desirable [25[17]. MEAL and
its practical variants can use a fixed penalty parameter under the implicit Lipschitz
subgradient assumption introduced in Definition ] later.

Proximal ALM was introduced in [S5]. Its variants were recently studied in [38|
36168l167]. These methods add a proximal term to the augmented Lagrangian. By the
reformulation () of MEAL, proximal ALM [55]] for problem is a special case
of MEAL with the step size 7 = 1. In [38], a proximal primal-dual algorithm called
Prox-PDA was proposed for problem (I). Certain non-Euclidean matrix norms were
adopted in Prox-PDA to guarantee the strong convexity of the ALM subproblem. A
proximal linearized version of Prox-PDA for the composite optimization problem (8]
was studied in [36]]. These methods are closely related to MEAL, but their convergence
conditions in the literature are stronger.

Recently, [68,/67] modified proximal inexact ALM for the linearly constrained
problems with an additional bounded box constraint set or polyhedral constraint set,
denoted by C. Our method is partially motivated by their methods. Their problems
are equivalent to the composite optimization problems () with g(x) = ¢¢(x), where
tc(x) = 0 when x € C and +oo0 otherwise. In this setting, the methods in [68l/67]]
can be regarded as prox-linear versions of LIMEAL (9], that is, yielding x**+1 via a
prox-linear scheme [[61]] instead of the minimization scheme as used in LIMEAL (9),
together with an additional dual step size and a sufficiently small primal step size in
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k+1

[68L167]]. Specifically, in the case of g(x) = tc(x), the updates of x“*" in methods in

[68167]] are yielded by
XM = Proj o (xF - sVK (x*, 2, A%)),

where K (x¥, 2K, 4%)) = L ; (x,2%) + % [lx — 2|2, and Proj (x) is the projection of
x onto C. Besides, LIMEAL handles proximal functions beyond the indicator function
and permits the wider choice 77 € (0, 2).

1.3 Other Related Literature

On convex and constrained problems, locally linear convergencd? of ALM has been
extensively studied in the literature [52L91[10,33L[11,/48L26], mainly under the sec-
ond order sufficient condition (SOSC) and constraint conditions such as the linear
independence constraint qualification (LICQ). Global convergence (i.e., convergence
regardless of the initial guess) of ALM and its variants was studied in [5854,125/24,
1L61131I141[15], mainly under constraint qualifications and assumed boundedness of
nondecreasing penalty parameters. On nonconvex and constrained problems, conver-
gence of ALM was recently studied in [[141[1612}13}/5,4,277]], mainly under the following
assumptions: solving nonconvex subproblems to their approximate global minima or
stationary points [141/16], or boundedness of the nondecreasing penalty sequence [34,
18]]. Most of them require Lipschitz differentiability of the objective.

Convergence of proximal ALM and its variants was established under the assump-
tions of either convexity in [S5]] or smoothness (in particular, Lipschitz differentiablity)
in [381136,394168.167.160]]. Besides proximal ALM, other related works for nonconvex
and constrained problems include [[124[35/49.51]], which also assume smoothness of
the objective, plus either gradient or Hessian information.

1.4 Contribution and Novelty

MEAL, iMEAL, and LiIMEAL achieve the same order of iteration complexity o(£72)
to reach an g-accurate first-order stationary point, slightly better than those in the ALM
literature [381/36./604168.167]] but require weaker conditions. Our methods have conver-
gence guarantees for a broader class of objective functions, for example, nonsmooth
and nonconvex functions like |x> — 1|, |xy — 1| (where x, y € R), the smoothly clipped
absolute deviation (SCAD) regularization [32] and minimax concave penalty (MCP)
regularization [66]], which are underlying the applications of low-rank matrix/tensor
factorization, phase retrieval, blind deconvolution, robust principal component anal-
ysis, statistical learning and beyond [28L130159].

It should be pointed out that we only assume the feasibility of Ax = b, instead
of these commonly used but stricter hypotheses in the literature, such as: the strict
complementarity condition used in [68]], certain rank assumption (such as Im(A) C

2 Locally linear convergence means exponentially fast convergence to a local minimum from a sufficiently
close initial point.
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Im(B) when considering the two- (multi-)block case Ax + By = 0) used in [59]], and
the linear independence constrained qualification (LICQ) used in [[11}/48]] (implying
the full-rank assumption in the linear constraint case).

Our analysis is noticeably different from those in the literature [S5,/361138.39L168|
67.60,159]. We base our analysis on new potential functions. The Moreau envelope
in the potential functions is partially motivated by [28]]. Our potential functions are
tailored for MEAL, iMEAL, and LIMEAL and include the augmented Lagrangian
with additional terms. The technique of analysis may have its own value for further
generalizing and improving ALM-type methods.

1.5 Notation and Organization

We let R and N denote the sets of real and natural numbers, respectively. Given
a matrix A, Im(A) denotes its image, and &nin (AT A) denotes the smallest positive
eigenvalue of A7 A. || -|| is the Euclidean norm for a vector. Given any two nonnegative
sequences {& } and {{x }, we denote by &x = o () if limg e % =0,and &, = O(&r)
if there exists a positive constant ¢ such that & < ¢ for any sufficiently large k.

In the rest of this paper, Section[2]presents background and preliminary techniques.
Section [3] states convergence results of MEAL and iMEAL. Section [] presents the
results of LIMEAL. Section[5]includes main proofs. Section[§provides sufficient con-
ditions for certain boundedness assumptions in above results along with comparisons
with the related work. Section[7]provides some numerical experiments to demonstrate
the effectiveness of proposed methods. We conclude this paper in Section 8]

2 Background and Preliminaries

This paper uses extended-real-valued functions, for example, & : R" — R U {+o0}.
Define the domain of # as dom(#) := {x € R" : h(x) < +oo} anditsrange asran(h) :=
{y 1 ¥ = h(x),Vx € dom(h)}. For each x € dom(h), the Fréchet subdifferential of h
at x, written as dh(x), is the set of vectors v € R” satisfying

liminf h(u) = h(x) = (v,u —x)

UFEX ,U—X [|x — ul]

> 0.

When x ¢ dom(k), we define 5h(x) = 0. The limiting-subdifferential (or simply
subdifferential) of h [46] at x € dom(h) is defined as

Oh(x):={veR": I > x, h(x") = h(x), Ih(x") 3" — v} (10)

A necessary (but not sufficient) condition for x € R" to be a minimizer of & is
0 € dh(x). A point that satisfies this inclusion is called limiting-critical or simply
critical. The distance between a point x and a subset S of R" is defined as dist(x, S) =
inf, {|lx —ul| : u € S}.
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2.1 Moreau Envelope

Given a function & : R" — R, we define its Moreau envelope [47./56]):

. 1
Myn(2) =mm{h<x>+5ux—zn2}, an
where y > 0 is a parameter. We define its associated proximity operator
1
Prox, j,(z) = argmin {h(x) +—|x - z||2} . (12)
x 2y

If h is p-weakly convex and y € (0, p‘l), then Prox, ; is monotone, single-valued,
and Lipschitz, and M, 5, is differentiable with

VM, 1(z) =y (z = Prox,,,(z)) € dh(Proxy 5 (2)); (13)
see [56, Proposition 13.37]. From [30,31]], we also have

My (Prox, ,(z)) < h(z),
[IProx,,n(z) = zll = YIVM, 1 (2)1,
dist(0, dh(Proxy 4 (2))) < [[VM, n(2)Il.

The first relation above presents Moreau envelope as a smooth lower approxima-
tion of h. By the second and third relations, small [[VM,, ;(z)|| implies that z is
near its proximal point Prox, ,(z) and z is nearly stationary for h [28]]. Therefore,
IVM,, 1 (2)|| can be used as a continuous stationarity measure. Hence, replacing the
augmented Lagrangian with its Moreau envelope not only generates a strongly convex
subproblem but also yields a stationarity measure.

2.2 Implicit Regularity Properties

Let & be a proper, lower semicontinuous, p-weakly convex function. Given a y €
(0, p~ 1), we define the generalized inverse mapping Prox;}h of Prox, j as

Prox;’lh (x) = {w : Prox, n(w) =x}, Vx €ran(Prox, ;). (14)

Based on (T4)), we introduce the following definitions, which impose implicitly some
regularity properties including Lipschitz continuity and boundedness on subgradient
of a weakly convex function.

Definition 1 Let / be a proper, lower semicontinuous and p-weakly convex function.

(a) We say #h satisfies the implicit Lipschitz subgradient property if for any y €
(0, p~1), there exists a constant L > 0 (possibly depending on ) such that for any
u,v € ran(Prox, ),

IV My (w) = VM, n (W)l < Lilu=vll, ¥w € Prox}!, (u), w’ € Prox.!, (v);
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(b) We say h satisfies the implicit bounded subgradient property if for any y €
(0, p~1), there exists a constant £ > 0 (possibly depending on y) such that for any
u € ran(Prox, ),

IVMy im0l < L, Yw € Prox!, (u).

Since VM, (x) € dh(Prox, ;(x)) forany x € R", wehave VM, ,(w) € 0h(u),Vu €
ran(Prox, ) and w € Prox;.] ,, (). Hence, the implicit Lipschitz subgradient and im-
plicit bounded subgradient imply, respectively, the Lipschitz continuity and bound-
edness of only the components of dh that are Moreau envelope gradients, but not
those of all components of k. When £ is differentiable, implicit Lipschitz subgra-
dient implies Lipschitz gradient. Nonsmooth and nonconvex functions like |x> — 1],
|lxy — 1], x,y € R, SCAD regularization and MCP regularization which appear in
phase retrieval, blind deconvolution, robust principal component analysis and statisti-
cal learning 28130159, have implicit Lipschitz subgradients but not gradients. They
have not been covered in the ALM literature. Having implicit bounded subgradients
is weaker than having bounded dh, which is commonly assumed in the analysis of
nonconvex algorithms (cf. [65L281/36]).

2.3 Kurdyka-Lojasiewicz Inequality

The Kurdyka-tLojasiewicz (KL) inequality [44,4541.20,21] is a property that leads
to global convergence of nonconvex algorithms in the literature (see, [81161,22,|591163)
641]). The following definition of Kurdyka-Lojasiewicz property is adopted from [20].

Definition 2 A function & : R" — RU {400} is said to have the Kurdyka-FL.ojasiewicz
property at x* € dom(dh) if there exist a neighborhood U of x*, a constant v > 0,
and a continuous concave function ¢(s) = c¢s'~? for some ¢ > 0 and 6 € [0, 1)
such that the Kurdyka-f.ojasiewicz inequality holds: for all x € U N dom(dh) and
h(x*) < h(x) < h(x*) + v,

@’ (h(x) = h(x™)) - dist(0, 0h(x)) > 1, (15)

(we use the conventions: 0° = 1, co /oo =0/0 = 0), where 6 is called the KE. exponent
of h at x*. Proper lower semicontinuous functions satisfying the KL inequality at
every point of dom(dh) are called KL functions.

This property was firstly introduced by [45] on real analytic functions [40]] for 6 €
[%, 1), was then extended to functions defined on the o-minimal structure in [41]], and

was later extended to nonsmooth subanalytic functions in [20]. KL functions include
real analytic functions [40], semialgebraic functions [19]], tame functions defined
in some o-minimal structures [41]], continuous subanalytic functions [20], definable
functions [21], locally strongly convex functions [61], as well as many deep-learning
training models [63./64].
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3 Convergence of MEAL

In this section, we state our convergence results of MEAL and iMEAL, whose proofs
are postponed in Section 3}

3.1 Assumptions and Stationarity Measure

Assumption 1 The set X := {x : Ax = b} is nonempty.

Assumption 2 The objective f in problem (1)) satisfies:

(a) f is proper lower semicontinuous and p-weakly convex; and for anyy € (0, p™),
either

(b) f satisfies the implicit Lipschitz subgradient property with a constant Ly > 0
(possibly depending on y); or,

(c) f satisfies the implicit bounded subgradient property with a constant L >0
(possibly depending on vy ).

We emphasize that we are not assuming commonly used hypotheses in the litera-
ture, such as: the strict complementarity condition used in [68]], any rank assumption
(such as Im(A) € Im(B) when considering the two- (multi-)block case Ax + By = 0)
used in [39], the linear independence constrained qualification (LICQ) used in [TT}/48]]
(implying the full-rank assumption in the linear constraint case). Assumption[2is mild
as discussed in Section [2.2] and satisfied by some important nonconvex nonsmooth
functions that have not been considered in the literature on ALM.

According to (@) and the update @) of MEAL, we have

kol _ ()T =2 8 f (xk+1) 4 AT pe+!
Vop (25, 47) = Bl (AR - 4k € Ak _ p . (16)
Let
fll;eal = 0r<nzi£1k Vg, (2", "), Vk € N. a7)

Then according to (T8}, for accuracy £ > 0, requiring £¥ < & implies

t+1 T yr+1
min dist{O,(af(x )+A"A )}sfk <e,

0<t <k Ax™ — b meal =

which implies that MEAL can achieve an g-accurate first-order stationary point of
problem (T) within k iterations. Thus, the defined §r’;eal in (T7) can be used as an
effective stationarity measure of MEAL.

Based on (7)), given an &, the iteration complexity T, used in this paper is defined
as follows:

T, =inf{r > 1:||[Vep, (. 2)|| < &}, (18)
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which is stronger than the commonly used measure of iteration complexity in the

literature (e.g., [68lI60]), that is[]
Ty =inf {t > 1:dist(0,0f(x") + AT A") < eand ||Ax" - b|| < &}
in the sense that T, > T,. Thus, the stationarity measure defined in (T6) is slightly
stronger than that used in the literature [68160].
3.2 Convergence Theorems of MEAL
We present the quantities used to state the convergence results of MEAL. Let
1
Pp(x,z,1) =£/s(x,ﬂ)+5||x—zllz, 19)

for some B,y > 0. Then according to (3)), MEAL can be interpreted as a primal-dual

update with respect to Ppg, (x, z, 1) at the k-th iteration, that is, updating x**!, zk*1,
and A**! by minimization, gradient descent, and gradient ascent respectively.
Based on (I9), we introduce the following Lyapunov functions for MEAL:
EX = Pp (65, K5 + 20 |I2F - KNP Ve 2 1, (20)
associated with the implicit Lipschitz subgradient assumption and
Ek = Pp (XK, 2K %)+ 3ap||2F - K2 vk = 1, Q1)
associated with the implicit bounded subgradient assumption, where
+ + 1-n/2
= Bi + Bic+1 )’77(2 n/ )’ Vk €N, 22)
ZC%A,Bk
and ¢y 4 := ¥>Tmin(AT A). When S is fixed, we also fix
28 + 1-n/2
oo 2By -n/2) 23)

ZC%A,Bz

Theorem 1 (Iteration Complexity of MEAL) Suppose that Assumptions|[I|and[2fa)
hold. Picky € (0,p™") and € (0,2). Let {(x*, 2, %)} be a sequence generated by
MEAL (). The following claims hold:
. . . 1- 1,2
(a) Set B sufficiently large such that in 23)), @ < min {W, (5 1)}. Under
Assumption Ekb), if {8{’;331} is lower bounded, then fr]; = o(1/Vk) for f!;eal in

,i.e.,\/zgk, — 0as k — oo.
meal

(b) PickanyK > 1.Set{B} sothatin 22), ay = %fora* = min {%, % (% - 1)}

UnderAssumptionEl’c), if {SI]]‘rl cal} 18 lower bounded, then frlrfeul < &1/VK for some
constant ¢1 > 0.

eal

3 When £ is differentiable, dist(0, 8 f (x?) + AT ") reduces to ||V f (x7) + AT A% |.
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In Section [6.1] we provide sufficient conditions for the lower-boundedness as-
sumptions. Let us interpret the theorem. To achieve an g-accurate stationary point, the
iteration complexity of MEAL is o(&~2) assuming the implicit Lipschitz subgradient
property and O(s~2) assuming the implicit bounded subgradient property. Both itera-
tion complexities are consistent with the existing results of 0(5‘2) in [38}136.160,67]].
The established results of MEAL also hold for proximal ALM by setting = 1. We
note that it is not our goal to pursue any better complexity (e.g., using momentum) in
this paper.

5 ‘= mi I-yp 12 :
Remark 1 Let @ := min {W, 50— 1)}. By (23), the requirement 0 < @ <

@ in Theorem [I[a) is met by setting

N L++/1+7(2-n)ycy aa

24
2cy,AQ @4)
Similarly, the assumption @y = "7 in Theorem b) is met by setting
K (1 +4/1+n(2- n)yc%Aa*/K)
Br = ,k=1,...,K. (25)

2cy Aa*

Next, we establish global convergence (whole sequence convergence regardless
of initial points) and its rate for MEAL under the KL inequality (Definition [2). Let
gho= gkl gk = (xk 2K Ak 8K, Ve > 1,y = (x,2,4,8) € R" xR" xR xR", and

Prncal (¥) 1= Pp(x,2, ) + 3allz - 2] (26)
where « is defined in 23).

Proposition 1 (Global convergence and rate of MEAL) Suppose that the assump-
tions required for Theorem a) hold and that {(x*, z*,A%)} generated by MEAL (5)
is bounded. If Puea satisfies the KE property at some point y* = (x*,x*, 1", x*) with
an exponent of 0 € [0, 1), where (x*, A*) is a limit point of {(x*, A¥)}, then

(a) the whole sequence {$* := (x¥, 2%, A%)} converges to $* = (x*,x*, 1*); and

(b) the following rate-of-convergence results hold: (1) if @ = 0, then {$*} converges
within a finite number of iterations; (2) if 6 € (0, %], then || = $*|| < ct* for
all k > ko, for certain kg > 0,¢c > 0,7 € (0,1); and (3) if 0 € (%,1), then
9% - 9% < ck= 2T forall k > ko, for certain kg > 0,c > 0.

From Proposition [T} the KL property of Ppea defined in (26) plays a central role
in the establishment of global convergence of MEAL, and its KL exponent determines
the convergence speed of MEAL, particularly, the exponent 8 = 1/2 is desired due to it
implies the linear rate of convergence. In the following, we provide some preliminary
results on these, which can be yielded by the existing results ([57, page 43], [20,
Theorem 3.1], [63| Lemma 5], [42, Theorem 3.6 and Corollary 5.2]).

Proposition 2 The following claims hold:
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(a) If f is subanalytic with a closed domain and continuous on its domain, then Ppeql
defined in (26)) is a KE function;

(b) If Lg(x, A) defined in @) has the KL property at some point (x*, 2*) with exponent
0 € [1/2,1), then Pmeal has the KE property at (x*,x*, 1*, x*) with exponent 6;

(c) If f has the following form (see, [42) Eq. (35)]):

1

f(x) = min {—xT Mix + u,-Tx +c;+ P; (x)} , 27
1<i<r |2

where P; are proper closed polyhedral functions, M; are symmetric matrices of

sizen, u; € R and c; € R fori =1,...,r, then Lg is a KL function with an

exponent of 1/2.

Claim (a) can be argued as follows. The terms in Py besides f are polynomial
functions, which are both real analytic and semialgebraic [19]]. Since f is subanalytic
with a closed domain and continuous on its domain, by [63, Lemma 5], Pea is also
subanalytic with a closed domain and continuous on its domain. By [20, Theorem
3.1], Punea is a KL function. Claim (b) can be verified by applying [42] Theorem 3.6]
t0 Pear- Claim (c) can be argued as follows. It can be shown that the defined class of
functions f (27) are weakly convex with a modulus p = 2 max; <;<, ||M;]|. As pointed
out in [42] Sec. 5.2], the class of functions defined in covers many nonconvex
functions such as the SCAD regularization and MCP regularization in
statistical learning, and —|x? — 1| and —|xy — 1| (x, y € R) in phase retrieval and blind
deconvolution [28§]]. Notice that L (x, 1) = §||Ax +B87 A=)+ (f(x) - ﬁ 111%),
which falls into the form of regularized least square, then according to [42] Corollary
5.2], Lp is a KL function with an exponent of 1/2. More results on the KE functions
with exponent 1/2 can be found in the recent literature [421[62]] and references therein.

3.3 Convergence of iIMEAL

When considering iMEAL, the Lyapunov functions need to be slightly modified into

imeal *

associated with the implicit Lipschitz subgradient assumption, and

Sk
Simea

= Pg, (x*, 2%, %) + dayg||2F = 2712, vk > 1, (29)

associated with the implicit bounded subgradient assumption, where a is defined in

).

Theorem 2 (Iteration Complexity of iMEAL) Let Assumptions [I| and 2fa) hold,

vy € (0,p7Y), and n € (0,2). Let {(x*, 2%, 1%)} be a sequence generated by iMEAL

@ with 37, E,% < oo, The following claims hold:

(a) Set 3 sufficiently large such that in 23), @ < min {67(:—;’;)2, ﬁ(% - 1)}. Under
Assumption Ekb), if{SiIfneal} is lower bounded, then £*_ = o(1/Vk) (cf. (T7)).

meal
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8y ° 16y
. . > k . K ~
UnderAssumpttonEkc ) i {E0ea } 18 lower bounded, then & < ¢/ VK for some
constant ¢y > 0.

. . _ & Ak Lot 1- 1 2
(b) PickK > 1.Set{pBy} suchthatin 22), ay = & fora@* = mln{ £y (5 - 1)}.

By Theorem 2] the iteration complexity of iMEAL is the same as that of MEAL
and also consistent with that of inexact proximal ALM [60] (when the stationary
accuracy € is square summable). Moreover, if the condition on € is strengthened to
be Y7 €x < +oo as required in the literature [55159], then following a proof similar
for Proposition[I] global convergence and similar rates of MEAL also hold for iMEAL
under the assumptions required for Theorem [2[a) and the KE property.

Remark 2 (Extension to multiblock case) We generalize MEAL to a class of linearly
constrained optimization problems with multi-block variables of the following forms:

minimizey, . x, f(x1,...,xp) = Zf’zl ri(x;) (30)
subject to >r Aixi = b,

wherex; € R withn = 3.7 n;, A; : R — R™, and b € R™,r; : R — Ris weakly
convex with a modulus p > 0 and its proximity operator is assumed to be easy to
calculate (generally admitting a closed-form solution)¥] Many kinds of problems can
be formulated into the form (30) such as the regularized statistical learning [59] Sec.
5.A] and sparse regularized phase retrieval shown later. Letx := [x15x25...5x,],

X<i = [x15..5xim1] and x5 == [X415...3xp] fori = 1,..., p and for the notational
convention, let x<; = 0 and x., = 0. Similarly, we let A.; = [Ay,...,Ai-1], Asi =
[Airts- s Apl, Acinei = B0y Ajxjand Asixsy = 37 Ajxjfori=1,..., p,and

we can also define x<;, x>;, A<;, As;i, A<ix<; and As;x>; similarly. Similar to MEAL
(3), we adopt the alternating direction scheme (also called block coordinate descent
scheme) [[61]] to deal with each block of variable. Specifically, at the k-th iteration, for
i=1,...,p, letx(‘l. = [xk"l'x';.],A\ix(‘i =AM+ Ak xk kel ks xk ]

<i > S X T A
and

Bl g + Ayt = BIP,

L (xi, ) =1 (%) + (A, Aix; + Ayxt = b) + >

\i
then the iterate of Moreau Envelope Alternating Direction method (dubbed MEAD)
for (B0) can be described as follows: given an initialization (z°, 2°), ¥ > 0,7 > 0 and
{Bx},fork=0,1,...,

fori=1,...,p, x,{‘“ = Prox%&;l”r.(,Jk)(zf.‘),
(MEAD)  § 21 =2k —p(gh —x**h), (1)
/lk+l — /lk +ﬂk(Axk+1 _ b)

Convergence results of MEAL shall also hold for MEAD under similar assumptions.

4 Without loss of generality, we use a uniform weakly convex modulus for all functions r;’s for the
simplicity
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4 Convergence of LIMEAL for Composite Objective

In this section, we present the convergence results of LIMEAL (9) for the constrained
problem with a composite objective (8], of which proofs are presented in Section ]
later. Similar to Assumption[2] we make the following assumptions.

Assumption 3 The objective f(x) = h(x) + g(x) in problem () satisfies:

(a) h is differentiable and Vh is Lipschitz continuous with a constant Ly, > 0;
(b) g is proper lower-semicontinuous and pg-weakly convex; and either

(c) g has the implicit Lipschitz subgradient property with a constant Lg > 0; or
(d) g has the implicit bounded subgradient property with a constant ﬁg > 0.

In (c) and (d), Ly and f,g may depend on vy.

By the update (9) of LIMEAL, some simple derivations show that

XM = Prox, ¢ (2K — y(VA(xF) + AT 2%+1) (32)
and
X _ ‘)’_1(Zk _xk+1) + (Vh(xk+1) _ Vh(xk)) . 6f(xk+1) +AT/lk+1
8limeal -~ ﬁ;l(ﬂkﬂ _ /lk) Axk+l — p

(33)

Actually, the term y~! (z¥ — x**1) represents some prox-gradient sequence frequently
used in the analysis of algorithms for the unconstrained composite optimization (e.g.,
[28]). Thus, let

gllzmeal = 0I<n[i£1k ||gltimeal”’ Vk e N’ (34)

which can be taken as an effective stationarity measure of LIMEAL for problem (8).
In the following, we present the iteration complexity of LIMEAL for problem (8).
Since the prox-linear scheme is adopted in the update of x**! in LIMEAL as described
in (9), thus, the proximal term (i.e., ||x* — x*=1||?) should be generally included in the

associated Lyapunov functions of LIMEAL, shown as follows:
Elmear = P (.25 + 30 (P LG I =X TP+ 1 =) 39)

limeal *

associated with the implicit Lipschitz gradient assumption, and

Ef e = P (X5, 25 A5 +da (LY |IXE = xR+ 1 =P, 36)

limeal *

associated with the implicit bounded subgradient assumption, where ay is defined in
2.

The iteration complexity of MEAL can be similarly generalized to LIMEAL as
follows.

Theorem 3 (Iteration Complexity of LIMEAL) Take Assumptions[I|and[3{a)-(b).
Pickn € (0,2) and0 <y < 2 . Let {(x*, 2, 2%)} be a sequence

2(2-n) '7L121
(pg+Lh)(1+‘ 1+ i)

generated by LIMEAL (9). The following claims hold:
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1-y(pg+Lyn)-1(1-1/2)y*L}
6y((1+ng)2+72L;2l)

Under Assumption c ), if {8§meal} is lower bounded, then fﬁmea] = o(1/Vk).

. & . . [ 1=y(pe+Lp)-1(1-17/2)y*L?
(b) PickK > 1.Set{py} suchthat ay = % fora” = mm{ G 8;(1;77%;) 24 "), % (% - 1)}
Under Assumption d), if {EX Y is lower bounded, then gllfn eal < €3/ VK for

- limeal
some constant ¢3 > 0.

(a) Set B sufficiently large such that @ < min {ﬁ % -1),

Similar to the discussions following Theorem|[I} to yield an e-accurate first-order
stationary point, the iteration complexity of LIMEAL is o(£2) under the implicit
Lipschitz subgradient assumption and O (&~2) under the implicit bounded subgradient
assumption, as demonstrated by Theorem 3] The conditions on 3 and S in these two
cases can be derived similarly to (24) and (23)), respectively.

In the following, we establish the global convergence and rate of LIMEAL under
assumptions required for Theorem a) and the KL property. Specifically, let £ :=
xk1) gk = gkl gk = (K, 2R AR RK 5K, Ve > 1y = (x, 2,4, %, 8) € R X R X
R™ x R™ x R", and

Primeat(¥) = Pp(x,2,0) + 4a Iz = 2% + YLl = £I2) (37)

Proposition 3 (Global convergence and rate of LIMEAL) Suppose that Assump-
tionsand@a )-(c) hold and that the sequence {(x*, z¥, 1%)} generated by LIMEAL ©

2 ) -y (pg+Ln) }
n ’ 87((1+7Lg)2+y2Li) ’
and Plimea satisfies the KE. property at some point y* := (x*,x*, 1*,x*,x*) with an
exponent of 0 € [0, 1), where (x*, X*) is a limit point of {(x*, AX)}, then

is bounded. Ify € (0, Fﬁ), n€(0,2),0 < @ < min {% (

(a) the whole sequence {$* := (x*, z%, A%)} converges to $* = (x*,x*,1*); and
(b) all the rate of convergence results in Proposition[I{b) also hold for LIMEAL.

Remark 3 The established results in this section is more general than those in [68]]
and done under weaker assumptions on / and for more general class of g. Specifically,
as discussed in Section[I.2] the algorithm studied in [68]] is a prox-linear version of
LIMEAL with g being an indicator function of a box constraint set. In [68]], global
convergence and a linear rate of proximal inexact ALM were proved for quadratic
programming, where that the augmented Lagrangian satisfies the KL inequality with
exponent 1/2. Besides, the strict complementarity condition required in [68] is also
removed in this paper for LIMEAL.

Remark 4 (Extension to multiblock composite objective) Similar to the analysis in
Remark [J] we generalize LIMEAL to a class of linearly constrained optimization
problems with multi-block compositions of the following forms:

minimizey, . x, f(X1.....Xp) = h(xr,....xp) + X0 ri(x;)

subject to SP L Aix; = b, (38)

where x; € R with n = 37 n;, A; : R" — R™, and b € R™, r; : R" — Ris
weakly convex with a modulus p > 0 and its proximity operator is assumed to be easy
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to calculate, i : R™ — R is differentiable with respect to each block x; and has Lj,-
Lipschitz continuous gradient in the sense that ||V, A(x1, ..., Xi—1, U, Xjt1, .. ., Xp) —
Vi h(Xt, .. X1,V Xiwts - Xp) || < Lpllu = v, Yu,v € R". Similar to LIMEAL
@), we adopt the block coordinate descent and prox-linear schemes [61]] to deal with
the smooth function &, while keep the nonsmooth functions r;’s. Specifically, at the
k-th iteration, fori = 1,..., p, let

FEG) = RO + (Vb (el xe = x) + i) + T (65 + () (39)

Jj<i J>i
and
L 2) = fF 4, A+ Auxk = by + BX Ay + Auxt = b
Bu. g (X A) = £ () + {4, Aixi + Ay, = D) + == (| Apxi + Ayaxy — bII%,
(here we use the same notations as in Remark |Z|), then the iterate of multi-block lin-
earized MEAL (mLiIMEAL) for (38) can be described as follows: given an initialization
(z%,2%,y > 0,7 >0and {Bi}, fork =0,1,...,

. k+1 _ k
fori=1,...,p, xf*' = meylﬁkyﬁ_k(vlk)(zi )s

(MLIMEAL)  { fk#1 = ok _ ok _ kel (40)
AL = QK 4 B (AxKH — b)),

Convergence results of LIMEAL shall also hold for mLiMEAL under similar assump-
tions.

5 Main Proofs

In this section, we first prove some lemmas and then present the proofs of our main
convergence results.

5.1 Preliminary Lemmas
5.1.1 Lemmas on Iteration Complexity and Global Convergence

The first lemma concerns the convergence speed of a nonenegative sequence {&y}
satisfying the following relation

7é; < (Ek — Ex1) + &, Yk €N, (41)
where 7j > 0, {E;} and {&} are two nonnegative sequences, and Y3, & < +oo.

Lemma 1 For any sequence {&,} satisfying @), & := min <, <x & = o(1/Vk).
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Proof Summing (1)) over k from 1 to K and letting K — +oo yields

which implies the desired convergence speed by %f
as proved in [29, Lemma 1.1].

Then we provide a lemma to show the convergence speed of a nonenegative
sequence {&} satisfying the following relation instead of (1)

767 < (8 — Exn1) + & +arL, Yk €N, (42)

where 77 > 0, L > 0, {E;}, {ax} and {& } are nonnegative sequences, and P €i <
+00,

Lemma 2 Pick K > 1. Let {£;} be a nonnegative sequence satisfying @2). Set
ay = g for some & > 0. Then £k = minj <<k & < ¢/ VK for some constant & > 0.

Proof Summing (@2)) over k from 1 to K yields

lifz - &1 +ZkK:1 €i+ZZ£{:1 ag
K L4k = Kij '

The result follows from the choice of @, and X3, & < +oo.

In both Lemmas [1|and [2] the nonnegative assumption on the sequence {Ex} can
be relaxed to its lower boundedness.

The following lemma presents the global convergence and rate of a sequence
generated by some algorithm for the nonconvex optimization problem, based on
the Kurdyka-Lojasiewicz inequality, where the global convergence result is from [§}
Theorem 2.9] while the rate results are from [7, Theorem 5].

Lemma 3 (Existing global convergence and rate) Let £ be a proper, lower semicon-
tinuous function, and {u*} be a sequence that satisfies the following three conditions:

(P1) (Sufficient decrease condition) there exists a constant a; > 0 such that L(u**") +
ar |t —uk|? < L(u*), Yk e N;
(P2) (Bounded subgradient condition) for each k € N, there exists v¥*! € § L (u**")
such that |[v¥*Y|| < a||u**! = uk|| for some constant a> > 0;
(P3) (Continuity condition) there exist a subsequence {ukf} and ii such that u*i — i
and L(u*) — L(ii) as j — oo.
If L satisfies the KL inequality at @i with an exponent of 0, then
(1) {u*} converges to ii; and
(2) depending on 6, (i) if @ = 0, then {u*} converges within a finite number of
iterations; (ii) if 8 € (0, %], then ||u* — i|| < ct* for all k > ko, for certain

ko > 0,c > 0,7 € (0,1); and (iii) if 6 € (%, 1), then ||u* — i < ck™ 2 for all
k > ko, for certain kg > 0,c > 0.
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5.1.2 Lemmas on controlling dual ascent by primal descent

In the following, we establish several lemmas to show that the dual ascent quantities
of proposed algorithms can be controlled by the primal descent quantities.

Lemma 4 (MEAL: controlling dual by primal) Let {(x*, zX, 1X)} be a sequence
generated by MEAL (). Take Assumptionsand a) andy € (0,p7").

(a) Under Assumption2(b), for any k > 1,

AT (A5 = A9 < (L +y DI =Ky = 241 (43)
[ =K < 2e0t, [(rLy + DA =M P+ 12 =P @)

where ¢y 4 = y*Fmin (AT A).
(b) Under Assumption2fc), for any k > 1,

I = A2 < 33, (420 T R gt - AR @)
Proof The update (5) of x**! implies
K Z aromi k _ Bk a2 L k2
= argmin { f(x) + (A%, Ax = b) + —||Ax = b||” + —|lx = z"||"; .
x 2 2y

Its optimality condition and the update (3)) of A%+1in MEAL together give us

1
0€d (f tol -(* - yATA"“)HZ) (*h. (46)
Let wk*! := 7k — y AT J¥+1 Vk € N. The above inclusion implies
x** = Prox,, s (wk*), (47)
and thus by (T3)),
AT/lk-H — _VMy,f (Wk+l) _ 7_l(xk+l _ Zk)’ (48)

which further implies
AT (5 = A = 11VMy, f (WE) = VM, (W) +97 9 =28 =71 (@ = D)1
(a) With Assumption [2|b), the above equality yields
JAT (T = A9 < (L +y DI =Ky IS = 24

which leads to (@3). By Assumption|[I]and the relation A**! — A% = B, (Ax**! - b),
(%1 — 2%) € Im(A). Thus, from the above inequality, we deduce

~—-1/2 - - -
41— A8 < Gl (AT A) [(Ly + 9D =k ey = 24

min

and, further by (u +v)* < 2(u*> +v?) for any u,v € R,

A1 = A2 < 200k (AT A) [(Ly 497 PR = My 2k = 2R

min
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(b) From Assumption c), we have
JAT (A5 = A9 < 2L +y7 (I =K+ 0125 = 24D,
which implies
I = 280 < G2 AT A) 2L + T (R = 2+ DR - 22T
and further by (a + ¢ + d)*> < 3(a®> + ¢ + d?) forany a, c,d € R,
T = QK < 3ok (AT ) [423 + 972 (R - 4R 12 - 2
The similar lemma also holds for iIMEAL shown as follows.

Lemma 5 (iMEAL: dual controlled by primal) Let (x*, 7%, A%) be a sequence
generated by iMEAL (7). Take Assumptionsand @a ) hold, and y € (0, p™").

(a) Under Assumption[2[b), for any k > 1,
[T = 2517 < 3¢, [(rLy + DI =X 1P+ 1125 = NP+ P (e + )]
(b) Under Assumption[Z(c), for any k > 1,
I = P < Ay [492 83 + I =P 2 = R 4 P e+ )’

Proof The proof is similar to that of Lemmald] but with &6) being replaced by
1 2
0€ed (f+ E H _ (Zk — (AT AR Sk))H ) (xk+y,

and thus wx*! .= 7k — y (AT 2K+ — 5K,

Lemma 6 (LiMEAL: controlling dual by primal) Let {(x*, 2%, 1%)} is a sequence
generated by LIMEAL (9). Take Assumptionsand a )-(b), and y € (0, p;l).

(a) Under Assumption[3[c), for any k > 1,

||AT (/lk+1 _ /lk)” (49)
< (Lg 7 b Ll 5y ik 2
I =) (50)

<3e7hy [(rLg + D2 = xkIP 4 P2 L2 ek — b2 4 12 = 25
(b) Under Assumption[3(d), for any k > 1,
I = k2 (51)
< 4c;}A [4)/2[2, + IR — Xk +72L%l||xk | P Zk_1||2] .

Proof The proof is also similar to that of Lemma[d] but (#6) needs to be modified to
1
0€d (g + 5ol =(F =y (AT 4 VaGhy)) ||2) (1),
Y

and thus w**! := 25 — 5 (AT 2%*1 4 Vi (xF))).
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5.1.3 Lemmas on One-step Progress

Here, we provide several lemmas to characterize the progress achieved by a single
iterate of the proposed algorithms.

Lemma 7 (MEAL: one-step progress) Let {(x*, zX, %)} be a sequence generated
by MEAL (@). TakeAssumptiona), y € (0,p7Y), andn € (0,2). Then for any k € N,

(1-vp)
Pﬁk (xk,zk,/lk) _ PﬁkH (,xk+1,zk+l,ﬂk+l) > T||xk+1 —.X'k||2 (52)

1 2 1

+ 4—(— = DI = KNP+ <y (2 = ) IVep, (25 )P = arxcy allA* = 242,
Yo 4

where ay is presented in 22) and ¢, o = Y2 Fmin (AT A).

Proof By the update (3)) of x¥+1in MEAL, x**! is updated via minimizing a strongly
convex function Pg, (x, z, 2¥) with modulus at least (y~! — p), we have

-1 _
Ps, (xk,zk’/lk) — P (xk+1’zk’/lk) > %kaﬂ _xk”Z. (53)
Next, recall in @), z¥*! = 2% + n(x**! - z¥) implies
Zxk+l _ Zk _ Zk+l — (2)7—1 _ 1)(Zk+1 _ Zk)- (54)
So we have
1
Pﬂk ()Ck+1,Zk,/lk) _ Pﬁk ()Ck+1,Zk+1,/lk) — Z(”xlﬁ—l _ Zk”2 _ ||)Ck+1 _ Zk+1||2)

1 1 2
— _<Zk+1 _ zk,2xk+1 _ Zk _ Zk+1> — _(_ _ 1)||Zk+1 _ Zk“2-
2y 2y 'n

Moreover, by the update 1! = 1% + g, (Ax**! — b), we have
P,Bk (xk+l’ Zk+l, /lk) _ P,Bk (xk+l’ Zk+l’/~ik+l) — _ﬁ;l ||/1k+l _ /lk”Z,

and

Br — Br+1
Pﬁk (xk+1,zk+1,/lk+l) _ Pﬁk+l(xk+1,zk+l,/lk+l) — —+||/lk+1 _ /lk||2.

2p2
Combining the above four terms of estimates yields
P, (x*, 2K, ak) - P I I L (55)
> %”xkﬂ T %(% CD)[lR = R - lBk;Tng”/lkH _ A,

Then, we establish (32)) from (53). By the definition (T6) of Vg, (z*, 2¥), we have

IV, (2, AN = () 2H12* = 217 + B2 1A = a4,
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which implies
() 2112 = P = 196, (25, A I1P = B2 1A = K2,

Substituting this into the above inequality yields

(-yp)
Pﬁk (Xk, Zk,ﬂk) _ PﬁkH (xk+l, Zk+1,/lk+l) > 2)/ ||xk+1 —Xk||2

1,2 1
+ E(; = DI =212+ 772 - Ve (2, AP = axcey,all A =241,

Bk 1-1/2
where a; = Bk+ﬁk+l+771(2 n/2)
2C7,Aﬂk

Next, we provide a lemma for iMEAL (7).

. This finishes the proof.

Lemma 8 (iMEAL: one-step progress) Let {(x*, zX, 1%)} be a sequence generated
by iMEAL (7). Take Assumptions @a) and (b), y € (0,p™"), and n € (0,2). It holds
that

P,Bk (xk’ Zk, /lk) _ Pﬁk+] (xk+l’ Zk+l, /lk+l) (56)
1- 1 2
> ( yp)”xk“—xk||2+(sk,xk—xk+1)+—(——1)||Zk+l—zk||2
2y 4y 'n

1
5701 = /2 Vp (2 AP = axey Al = A5, vk € N,

Proof The proof of this lemma is similar to that of Lemma [7] and uses the descent
quantity along the update of x**!. By the update (7) of x**! in iMEAL and noticing

.
that Lg, (x, 2¥) + ”x;—;” is strongly convex with modulus at least (Y~ — p), we have
y ' -p
7),81( (xk,zk,/lk) > Pﬁk (xk+l,zk,/lk) + (sk,xk _xk+l> + 5 ||xk+l _xk||2‘

By replacing (53) in the proof of Lemma [7] with the above inequality and following
the rest part of its proof, we obtain the following inequality

l-yp
Pﬁk (xk,zk,/lk) _ Pﬁk.H (xk+1,Zk+l,/lk+l) > T||xk+1 —Xk||2 + (sk,xk —Xk+l>

B + Br+1
2
2
We can establish (56) with a derivation similar to that in the proof of Lemmal[7}

12
+— (= = DI =12 -

”ﬂk+l —/lk||2.
2y n

Also, we state a similar lemma for one-step progress of LIMEAL (9) as follows.
Lemma 9 (LiMEAL: one-step progress) Let {(x*, 2%, A¥)} be a sequence generated
by LIMEAL (). Take Assumptions Eka) and (b), y € (0, p;l), andn € (0,2). We have
Pﬁk (xk’ Zk, /lk) _ Pﬁkﬂ (xk+1’ Zk+l, /lk+1) (57)
l-y(pg+Lp) 1 2\ okt kg2
2y 77— mnLy | llx x|

I 2 1
+ a5 G DI =20 4+ 2y (= 2Dl P = ey, allA! = 2511, Vi €N
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Proof The proof of this lemma is similar to that of Lemma [7} By the update (9)
of x**! in LIMEAL, x**! is updated via minimizing (y~! — pg)-strongly convex

Lk
Lﬁk’fk(x,/lk)+”x2—;”,so

Jlx* — 2¥|P?

k2 -1
X—2Z -
> Lﬁk,fk(xk+l’/1k) + ” ” + Y Pg ||xk+1 _xk”2.

k Hk
.Eﬁk’fk(x A )+ 27 2

By definition, Ly, 7« (x,2) = h(x*)+(Vh(x¥), x=x*)+g (x)+(1, Ax—b)+5 || Ax—b||?
2

and g, (x,2,4) = h(x) + g(x) + (1, Ax — b) + & || Ax — b||> + 152 50 the above

inequality implies

_1 _
Pp, (x*, 25,25 > Py, (K1 25, A8 + %

= (h(x**1y = h(x*) = (VR(xF), xF*! = x*))

||Xk+l _ xk”2

-1 _ _ L
Z Pﬁk (xk+l s Zk» /lk) + H+h ||xk+l - xk ||29
where the second inequality is due to the L,-Lipschitz continuity of V. By replacing
(33) in the proof of Lemma 7] with the above inequality and following the rest part of
that proof, we obtain

pﬁk (xk’ Zk,/lk) _ PﬁkH (xk+1’ Zk+1,/lk+l) (58)
1- >+ L 1 2 +
> Ml|xk+l —Xk||2 + _(_ _ 1)||Zk+l _ Zk||2 _ ﬁk—ﬂzkH”/lk‘H _/lk”Z‘
2)/ 27 n 2:8k

Next, based on the above inequality, we establish (57). By the definition (33)) of
gt ., and noticing that zF — x¥*! = —p~1(Z**! — z¥) by the update (@) of Z**!, we
have

8 meatll? < 2L =X I2 + 20ym) 21— 2P + R - 242,
which implies
I = 1P 2 S gl — B2 = 24P = L = 2H2
Substituting this inequality into (38) yields
Ps, (x*, 2K, A%y - Pp, (XK1 ket

1-y(pg+Lp) 1 AN S B 1T
T—Zﬁ’@—ﬂ)?ﬂh [lx* = x|

1.2 1
#35 G = DI = P 2y (= /2l P = ey Al = 241

This finishes the proof of this lemma.
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5.2 Proofs for Convergence of MEAL

Based on the above lemmas, we give proofs of Theorem|I]and Proposition [T}

5.2.1 Proof of Theoreml]]

Proof We first establish the o(1/Vk) rate of convergence under the implicit Lipschitz
subgradient assumption (Assumption [2b)) and then the convergen rate result under
the implicit bounded subgradient assumption (Assumption [2{c)).

(a) In the first case, B = B and ax = a. Substituting (@4) into (52)) yields

1
Pp(x", 2,2 = Py (M, L) = Sy (1= n/2) V(" 40|12

(I-vp) 1.2 -
+ | = 201+ yLyp )P | I = xKIP o+ = (5 = DI = P = 2e)l2f - 2
2y 4y
By the definition (20) of X . the above inequality implies

1 1.2
Elveal ~ Etveat 2 Syl - n/2)IV¢p(2*, )% + (@(5 -1 - 20) [t

l-vyp

—2a(1 +ny)2) Ikt — X)) (59)
1
> Syn(l - n/2)IVes (25, 2912,

where the second inequality holds due to the condition on @. Thus, claim (a) follows
from the above inequality, Lemma [T] with & = 0 and the lower boundedness of

{Sr]fleal}'
(b) Similarly, substituting @3) into (52) and using the definition @T) of EX . we
have
~ ~ 1 A
Eneat = Eneat 2 7Y1(1=1/2) IV, (2, 29| — 12a1°L7
1- 1 2
+ ( 75 - 3ak) okt — k2 4 (—(— = 1) = Baa | 1244 = 24
2y 4y n
With o = <,

= ~ 1 A
Emeat = Emear 2 57(1L=0/2IV g, (25, AP = 120477,

which yields claim (b) by Lemmawith €r = 0 and the lower boundedness of {Sk

meal } :
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5.2.2 Proof of Proposition|]]

Proof With Lemma[3] we only need to check conditions (P1)-(P3) hold for MEAL.
(a) Establishing (P1): With a := %ﬁﬂﬁ, we have Bl,*a = a for @ in (23).
Ly,A
Substituting (@) into (33) with fixed S yields

7)’3()(7 z /lk) _7) (xk+] k+1 /lk+1) > ( y _ 2&(’}/Lf + 1) )||xk+l k”2
1 _ _
+Z(5_1)||Zk+l_zk||2_2a||zk_zk 1||2+(1ﬁ l||/lk+1—/lk||2.

For the definition @) of Peal and the assumption on @, we deduce from the above
inequality:

1 —
Preat (V) = Proeat 0F) = (—LL —2a(yLy + 1)?)[lxF = xk |2

1 2 _ .
+ (5% e 3a) 12541 = 24P+ all - 2R+ g AR - 4P

> op]ly* = Y2, (60)

where ¢| := min {— —2a(yLy + 12, a,aB” } by %(%—1)—3@ > «. This yields
(P1) for MEAL.
(b) Establishing (P2): Note that Ppea(y) = f(x) + {4, Ax — b) + glle - b|* +
% llx = z||? + 3a||z — 2||>. The optimality condition from the update of x**! in (3) is
W= 6f(xk+l) +AT/1k+l +,y—l(xk+l _ Zk),
which implies Y1 (zX — 2%+1) + AT (%! — AK) € 0, Prmear (¥**1). From the update of
Zk+1 in @’ Zk+1 — xk+1 = _(1 _ U)Tl_l(zk+1 _ Zk) and thus
1-
) Pmeal(yk-H) _ ( k+1 _ k+1) + 60,’(Zk+1 ) (6&’ _ ) (Zk+1 Zk)-
my

The update of A**! in @) yields 9 Pmeat (Y*!) = Ax* — b = gl(ak+! - k),
Moreover, it is easy to show 9: Pea (Y<*!) = 6a/(z¥ — zX*1). Thus, let

y‘l(zk _ Zk+l) +AT (/lk+l —/lk)
K+l ._ (60 - %) (2 = 2F)
’ 13—1(/11“1 _ﬂk)
6a(zk _ Zk+1)

which obeys vF*! € 0P ea (y¥*1) and

K+l -1
IIV+IIS(7 +

< (y" +

+(Ly +y DI =K +y

1
6a —

—n +6(Y) ||Zk+1 _Zk||+ﬁ—l”/lk+l —/lk||+ ||AT(/lk+l —/lk)”

1
6a —

-7 _
+6(Z) ||Zk+l _Zk||+ﬁ l”/lk+l —ﬂk”

Sl gkt _ sk
12 Il,
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where the second inequality is due to (@3). This yields (P2) for MEAL.
(c) Establishing (P3): (P3) follows from the boundedness assumption of {y*},
and the convergence of {Ppea(y¥)} is implied by (P1). This finishes the proof.

5.3 Proofs for Convergence of iMEAL

In this subsection, we present the proof of Theorem 2] for iMEAL (7).

Proof (of TheoremIZI) We first show the o(1/Vk) rate of convergence under Assump-
tion2[b) and then the convergence rate result under Assumption [2[c).

(a) In this case, we use a fixed Sx = 8 and thus a; = a. Substituting the inequality
in Lemma[5{(a) into (56) in Lemma §] yields

1
Pp(x, 8,45 = P (M LA > Syn(1=n/2) IV g5, A1 (61)
1 _
+ ( > e _ 3a(l +7Lf)2) [lKHE = k)% + (55, Xk — XKy — 30’72(Ek +ec1)?
1 2
+—(= = DI = 2F)1? = 3allf - )~
4y 'n

Lets :=2 (% —3a(1 +7Lf)2).BytheassumptionO <a< min{ =P L (2

6y(l+yL)2° 12y \ 77

we have § > 0 and further

6 1
I 1 2 2 0 1 +e€
sk, xk = xkHly > ——2||xk+ —xM1P = = llsE P = = = xR 25(6k 1)

=
26 2
Substituting this into (61) and noting the definition 28) of EX . we have

1 1
Efeat = Sl Z 3711 =0/ V55 AP = By + 25 (e + e,

which yields claim (a) by the assumption Y;°, (€x)? < +oo and Lemma
(b) Then we establish claim (b) under Assumption |ch). Substituting the inequality
in Lemma[5|b) into (56) in Lemma [§]yields

1
P (x5, 25 4) = Py LA > Sy (1= 0/2) IV 8, (A1 (62)

1-
+ (—( zyyp) - 4ak) I+ = K2 4 (6 k) - dy 2 (e + )’

12 . .
+ = (= = DI = MNP = darll” - NP - 1601y L

4y " A

Let &* := min {%, ﬁ(% - l)} and 6 :=2 (% —4&*) > 0. We have

5 1 5 1
(sk,xk —xF Ty > —EIIX"+1 —xM)1? - 2—5||s"||2 > —Ellxk+1 — k)1 - z_g(fk +ex-1)’.

-1,
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Substituting this into (62), and by the definition (Z9) of EX

eal and setting of oy, we
have

. . 1 1 ,
Eimeat = Eimea = 57 (1= 0/DnIVep, (AP - (any® + =) (e + €-1)” = 16y L,

which yields claim (b) by the assumption Y5>, (€x)? < +o0 and Lemma

5.4 Proofs for Convergence of LIMEAL
Now, we show proofs of main convergence theorems for LIMEAL (9).
5.4.1 Proof of Theorem

Proof We first establish claim (a) and then claim (b) under the associated assumptions.
(a) In this case, a fixed S is used. Substituting (30) into (57) yields

1
Py (b, 2K, 2F) — Py 41 4k > 77 - /208 meall’

I—y(pg+Lp) 1
+|——=— — —y(2 - Ll = 3(1 + yLo)a| ¥ — x|
2y 4
1 2 _ _
+ E(; = DI = 2012 = 3a (L2 IxE = X+ 1R = AP,

By the definition (35) of &% . the above inequality implies

limeal”
1 1 2
Efimeal — Slimeal = 27U /2001 8fimealll” + (@(; -1)- 3a) 4 =217 (63)

L-y(pg+Ln) 1
e - @t =3 (kL) + LG ) I -

1
> Jy(1- /21118 el

where the second inequality holds under the conditions in Theorem [3{(a). This shows
the claim (a) by Lemma and the lower boundedness of {S{i‘meal .

(b) Similarly, substituting (31)) into and using the definitions of @y in (22)
and K in (36), we obtain

limeal

1 2
(= = 1) = daga | 1251 = 25|

~ ~ 1 o
allgmeal - allfmlzal 2 Z)’(l - 77/2)77k||g11§meal“2 - 16ak72L§ + (@ n

(I-y(pg+Ln) 1
0 —25 = 37 @ =ML, = da = 4y Lo | 6 =262

1 k 2 272
2 —cYnlgimeall” — 160ky Ly,

where the second inequality is due to the settings of parameters presented in Theorem
[BIb). This inequality shows claim (b) by Lemma 2] and the lower boundedness of
{&f

limeal” *
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5.4.2 Proof of Proposition[3]

Proof By Lemmal[3] we only need to verify conditions (P1)-(P3) hold for LIMEAL.
(a) Establishing (P1): Similar to the proof of Theorem leta := %ﬁﬂﬁ. Then

1ta_ — o, where @ is defined in (23). Substituting (30) into (58) with fixed By yields

Bey,a
Pﬁ(xk, Zk’/lk) _ Pﬁ(xk-H, Zk+l’/1k+l)
1 —y(pg +Ln)

2y

2 _ _
(5 _ l)||Zk+1 _Zk||2_3a’”Zk _Zk 1||2+aﬂ l||/1k+1 _ﬂk”2~

- 3a(l+ ng)Z) [k — K12 = 3ay? L] ||xF - x*1)2
L]
2y
By the definition (37) of Piimeal, the above inequality implies
L=yl +Ln)
2y
1 (2 k+l k2 —1y k4l k)2
+ oz (5 - 1) —da) 15 = 1P+ ap s - ¥
2y \n

ra (yzLiH)%k” — 2Kk - 2k”2) ,

Primeat () = Phimea (1) = ( o ((1+7Ly)? +72Li)) ket — k2

which, with the assumptions on the parameters, implies (P1) for LIMEAL.
(b) Establishing (P2): Note that Piimeat (y) = f(x) + (4, Ax —b) + £ || Ax - b||? +

% [|x— z||2+4ayzL%l |lx —%||?+4a]|z—2]||%>. The update of x**! in (@) has the optimality
condition

O c ag(xk+1) +Vh(xk) +AT/lk+] +)/_l(xk+l _ Zk),
which implies

(VA = Va(x5)) + 8y2 L2 a(x*+! — xF)

+ 7_1 (Zk - Zk+l) + AT (/lk-” - /lk) € axplimeal(ykﬂ)'

The derivations for the other terms are straightforward and similar to those in the proof
of Proposition We directly show the final estimate: for some vkl e OPlimeal ( yk“),

1
e < (Lh +Lg +y 14 16072Li> [l — K|+ ()/_1 + (8 —

/i 8@) iz = 251

+ BHIAR = A |+ Ly IR = 25+ 712 - 2R

which yields (P2) for LIMEAL.
(c) Establishing (P3): (P3) follows from the boundedness assumption of {y*}
and the convergence of {Pjimea(y¥)} by (P1). This finishes the proof.

6 Discussions on Boundedness and Related Work

In this section, we firstly discuss how to ensure the bounded sequences and then
provide some discussions on related work.
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6.1 Discussions on Boundedness of Sequence

Theorem |1| imposes the condition of lower boundedness of {8!; <1} @nd Proposition
does with boundedness of the generated sequence {(x*,z*, 1%)}. In this section,
we provide some sufficient conditions to guarantee the former and then the latter
boundedness conditions.

Besides the p-weak convexity of f (implying the curvature of f is lower bounded
by p), we impose the coerciveness on the constrained problem (T)) as follows.

Assumption 4 (Coercivity) The minimal value f* := infycx f(x) is finite (recall
X :={x : Ax = b}), and f is coercive over the set X, that is, f(x) — oo ifx € X and
llx[| — oo.

The coercive assumption is a common condition used to obtain the boundedness
of the sequence, for example, used in [59, Assumption A1] for the nonconvex ADMM.
Particularly, let (x°, z°, 1°) be a finite initial guess of MEAL and

Y=gl | <+, (64)

meal

By Assumption 4} if x € X and f(x) < &°, then there exists a positive constant By
(possibly depending on E°) such that ||x|| < By. Define another positive constant as

By = By +2p~" - max{0,E" - f*}. (65)
Givenay € (0,1/p) and z € R" with ||z]| < B; and u € Im(A), we define
, 1
x(u;z) == argmin {f(x) +—|lx - z||2}. (66)
{x:Ax=u} 27

Since f is p-weakly convex by Assumption [2fa), then for any y € (0,1/p), the
function f(x) + % |lx = z||? is strongly convex with respect to x, and thus the above
x(u; z) is well-defined and unique for any given z € R" and u € Im(A). Motivated by
[23] Ch 5.6.3], we impose some local stability on x(u; z) defined in (66).

Assumption 5 (Local stability) For any given z € R" with ||z|| < By, there exist a
& > 0 and a finite positive constant M (possibly depending on A, B and &) such that

lx(u; 2) — x(b;2)|| < Mllu—b||, Yu € Im(A) N {v : ||v-b| <6}

The above local stability assumption is also related to the Lipschitz sub-minimization
path assumption suggested in [59, Assumption A3]. As discussed in [S9], the Lipschitz
sub-minimization path assumption relaxes the more stringent full-rank assumption
used in the literature (see the discussions in [39, Sections 2.2 and 4.1] and references
therein). As {z € R : ||z|]| < B} is a compact set, M can be taken as the supremum
of these stability constants over this compact set. Based on Assumption [5| we have
the following lemma.

Lemma 10 Let {(x*,z%, %)} be the sequence generated by MEAL (5) with fixed
B>0andn >0.Ify € (0,1/p), |zX|| < By and ||Ax**! — b|| < 6, there holds

¥+ = x(b; 29)|l < M||AX**' = b]|, Yk € N.
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Proof Let u**! = Ax**1. By the update of x**! in (), there holds
Pp ("1, 2,45 < Pe(x (! 25), 25, 25),
Noting that Ax(u**!; zK) = Ax**! due to its definition in (66), the above inequality

implies

1 1
F* + 2—||xk+1 =21 < F@2R) + — e 2R = K2
Y 2y

By the definition of x(u**!; z¥) in (66) again and noting that Ax**! = u**!, we have

1 1
FOR) + = 2P 2 O 24) + et ) - 24P

2y 2y
These two inequalities imply

1 1
SO+ = = 2P = e ) + = ) = 2P

2y 2y

which yields
xk+1 — .X(Mk+1;Zk) — x(Axk+1;zk)

by the strong convexity of function f(x) + % |lx — z%||* for any y € (0, 1/p) and thus
the uniqueness of x(u**!; zX). Then by Assumption we yield the desired result.

Based on the above assumptions, we establish the lower boundedness of {8!; cal)
and the boundedness of {(x*, z&, 1)} as follows.

Proposition 4 Let {(x*,z5,2%)}ren be a sequence generated by MEAL (3) with
a finite initial guess (x°,z°,A°) such that ||z°|| < B, where By is defined in
(63). Suppose that Assumptions [I| Pfa)-(b) and || hold and further Assumption [3]

holds with some 0 < M < \/ﬁ. Ify € (0,p™Y), n € (0,2) and B >
1+\/1+77(2—77)yc%AamaX a2+\/a2+4a1a3 s 1—yp 1,2
max { FrY— s 221 ,where amax = min {—47(“ny)2, E(T, - 1)},

cy,a = Vomin(ATA), a1 = 4 = MPomin(AT A), az = 4(L +y " )M? —yn(2 - 1),
az=(1+yLyn(2-n)M? and L = p + 2Ly, then the following hold:

(a) {Sﬁlea]} is lower bounded;
(b) {(x*,z5)} is bounded; and
(c) if further A° € Null(AT) (the null space of AT ) and IVM,, ¢ (wh)|| is finite with

w! =20 —yAT A, then {A*} is bounded.

Proof In order to prove this proposition, we firstly establish the following claim for
sufficiently large k:

Claim A: If ||z57Y|| < By, ||Ax¥ = b|| < 6,Vk > ko for some sufficiently large ko,
then Sr];eal > f* and ||Z¥|| < By and ||x¥|| < B,.

By Theorem a), such kg does exist due to the lower boundedness of {E% '} for

meal
all finite k£ and thus ff;eal < ¢/Vk for some constant ¢ > 0 (implying ||Ax* — b|| is
sufficiently small with a sufficiently large & ).
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In the next, we show Claim A. By the definition (20) of 8}’; el
B

2

we have

1 _
EE = FOE) + (A5, AXF = b)Y + S| AXY = b)? + —Ix* = )12 + 2||2F - 257112
2y

B

1
= S5+ (ATAR X =35+ THAR - BIP + et = I+ 2all2 - P

where
ko= x(b; 2K

as defined in (66). Let 1* be the associated optimal Lagrangian multiplier of ¥* and
wk = zk=1 — y AT 1% Then we have

ik = Prox, ¢ (W),
and VM, r (wK) € 0 f(xX). By (@) in the proof of Lemma we have
AT/lk — _VMy,f (Wk) _ ,y—l(xk _ Zk_l),

and VM, ¢ (wk) € af(x*), where wk = zk=1 — yAT 2%, Substituting the above
equation into the previous equality yields

B

Enea = F () + (TMyp (). 55 —x) 4 Tlaxt - b (67)

1
+,y—l<xk _ Zk_l,ik _xk> + E”xk _ Zk”Z + za”Zk _ Zk_1||2'
Noting that VM, ¢ (wk) € 8 f(x%) and by the p-weak convexity of f, we have
— - - P -
FOR) 2 FE) + (TMy p (96), 58 = 75 = Sl = 7)1,
which implies

FOR) +(VMy p (), 25 = x6)
> F(&) = I =17 = (TMyf (95) = TM,, p (0h), 5 =)

> f(&) - gllfk =P = IVMy 5 (05) = I M, (WO 155 = 2]

By the implicit Lipschitz subgradient assumption (i.e., Assumption [2] (b)) and the
definition of L := p + 2L, the above inequality yields

L
FES) +(IMy (W), 25 =25y > £(3) - Ellfk — x| (68)
Moreover, it is easy to show that
1
y ik — 2 gR - xRy + lexk — 2P +2a|I2F = N2 (69)

1 1
= o ¥ = I = o IR A )+ el - A

2

) IX% = x*)? + 2«

1
k k-1 -k Kk
Say? (z8=2"7) ) (x" =x%)
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Substituting (68)-(69) into (67) and by Lemma[I0] we have

2
8k

1
Kl (Zk _ Zk*]) + —()Ek —)Ck)

1
> (&) + — 175 = 2517 + 20
2y 4ay

1 1 - _
1, v a2l naxk — b2
Pt ey [1a: -y
1 1 2
> () + — I - P+ 20 ||(2F - )+ — (- xF) (70)
2y 4ay
1 1 2
> 4+ —||I7% = K17 + 20 ||(F - KN + — & - x5) (71)
2y 4ay
> —o0, (72)

2 1-17/2
—zﬁ :;’:nz(( AT% [)gz and the

condition on g, the third inequality holds for x* := x(b;z%"!) and thus Ax* = b and
f(x%) = f*, and the final inequality is due to Assumption El The above inequality
yields the lower boundedness of {& r’; <1} in Claim A. Thus, clam (a) in this proposition
holds.

Then, we show the boundedness of {(x*, zX)} in Claim A. By (70) and (39), we
have

where the second inequality follows from the definition of @ =

fE* <&¥=¢!

'meal’

which implies [|*|| < Bo by Assumptiond] By (7T) and the conditionon'y € (0, p™"),
we have f* + 5|5 - 2F|2 < f* + %llfk — |17 < &%, which implies

241l < By ++/2(E° = f*)/p = By.

2 0_ £+ . .
By again, we have H(zk -z + ﬁ(ik - xk)” < 82({ , which, together with

these existing bounds ||z¥7!|| < By, ||1z¥]| < B; and ||¥¥|| < B, yields

80_ *
Ix*l < By + 4ay (21-31+ 20/f ):; B,. (73)

Thus, we have shown Claim A. Recursively, we can show that {x*} and {z*} are
respectively bounded by B, and B, for any k > 1, that is, claim (b) in this proposition
holds.

In the following, we show claim (c) of this proposition. By the update of A¥*!
in (@), it is easy to show Ak = 20 + 3%, where 1% = ﬁZle(Ax’ —b) € Im(A) by
Assumption Furthermore, by the assumption that 1° € Null(AT), we have

(A%, A%y =0, Vk > 1. (74)
By (@8), for any k > 1, we have
AT AR = — (VM (W5) = VM, (W) = YM,  (wh) — y 71 (K = 2571,
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Table 1 Comparisons on convergence results of existing algorithms for problem (I), where imp-Lip
and imp-bound represent the implicit Lipschitz subgradient (see, Assumption [2{b)) and implicit bounded
subgradient (see, Assumption [2Jc)) assumptions, respectively. In [60], the general nonlinear equality
constraints ¢ (x) = 0 is considered, where Vc is Lipschitz and bounded.

Algorithm MEAL (our) [ iMEAL (our) Prox-PDA [38] [ Prox-ALM [60]
Assumption f+ weakly convex, imp-Lip or imp-bound V f : Lipschitz
Iteration imp-Lip: 0(£77%) imp-Lip: 0(£77%) ) -
complexity imp-bound: O(&72) | imp-bound: O(&72) 0(e™) 0(e™)
Global
Convergence v (KL - - -

where w¥ = z5=1 — yAT 2%, By Assumption [2[b) and the boundedness of {(x*,z¥)}
shown before, the above equation implies

IAT 25| < Lyllx® ="+ IVM, ¢ (whI+y Ik = 2570
<y '8+ Q2L +y By + VM, s (Wh)]| < +o0.

By the relation ¥ = 10 + A* and (74), the above inequality implies
JATA ) <y 81+ 2Ls +77 ) B+ VM, r (W]
Since A% € Im(A), the above inequality implies

4 . —1/2 4 Jg ) - -
1A < a2 (AT A)IAT 2| < 5 2 (AT 4) [y By + 2Ly +y ) Bo + VM, (WD,
which yields the boundedness of {A¥} by the triangle inequality. This finishes the
proof.

The proof idea of claim (c) of this proposition is motivated by the proof of
[68, Lemma 3.1]. Based on Proposition E} we show the lower boundedness of the
Lypunov function sequence and the boundedness of the sequence generated by MEAL.
Following the similar analysis of this section, we can obtain the similar boundeness
results for both iMEAL and LiIMEAL.

6.2 Discussions on Related Work

When compared to these tightly related work [5513811361/68.167,/60139], this paper
provides some slightly stronger convergence results under weaker conditions. The
detailed discussions and comparisons with these works are shown as follows and
presented in Tables[T]and 2}

When reduced to the case of linear constraints, the proximal ALM suggested in
[55] is a special case of MEAL with = 1, and the Lipschitz continuity of certain
fundamental mapping at the origin [55] pp. 100] generally implies the KL property of
the proximal augmented Lagrangian with exponent 1/2 at some stationary point, and
thus, the linear convergence of proximal ALM can be directly yielded by Proposition
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Table2 Comparisons on convergence results of existing algorithms for the composite optimization problem

).
Algorithm LiMEAL (our) PProx-PDA [36] Prox-iALM [68]] S-prox-ALM [67]
Vh: Lipschitz, Vh: Lipschitz, Vh: Lipschitz, Vh: Lipschitz,
Assumption g: weakly convex, g: convex, g:e(x), g:p(x),
imp-Lip or imp-bound Odg: bounded C: box constraint | %: polyhedral set
Iteration imp-Lip: 0(£72) o ) 2
complexity imp-bound: O (&%) 0(e™) 0(™) 0(™)
Global / (KL) N v (quadrgtlc B
Convergence programming)

[I(b). Moreover, the proposed algorithms still work (in terms of convergence) for some
constrained problems with nonconvex objectives and a fixed penalty parameter.

In [38], a proximal primal-dual algorithm (named Prox-PDA) was proposed for
the linearly constrained problem (I)) with b = 0. Prox-PDA is shown as follows:

X1 = argmin, . {f(x) + (2%, Ax) + Bl Ax|? + B|lx - xK|2 } ,

(Prox — PDA) BTB
/lk+1 — /lk +ﬁAxk+1,

where B is chosen such that ATA + BT B > I, (the identity matrix of size n).
To achieve a /e-accurate stationary point, the iteration complexity of Prox-PDA is
O(e7") under the Lipschitz differentiability of f (that is, f is differentiable and has

Lipschitz gradient) and the assumption that there exists some f > —oo and some ¢ > 0
such that f(x) + glIAxHZZ J for any x € R". Such iteration complexity of Prox-PDA

is consistent with the order of O(£72) to achieve an s-accurate stationary point. On
one hand if we take B = I,, in Prox-PDA, then it reduces to MEAL with y = B~}
and n = 1. On the other hand, by our main Theorem [I|a), the iteration complexity of
the order of o(&72) is slightly better than that of Prox-PDA, under weaker conditions
(see, Assumption Eka)—(b)). Moreover, we established the global convergence and rate
of MEAL under the KL inequality, while such global convergence result is missing
(though obtainable) for Prox-PDA in [38]].

A prox-linear variant of Prox-PDA (there dubbed PProx-PDA) was proposed in the
recent paper [36]] for the linearly constrained problem (8) with a composite objective.
Besides Lipschitz differentiability of /4, the nonsmooth function g is assumed to
be convex with bounded subgradients. These assumptions used in [36] are stronger
than ours in Assumption Eka), (b) and (d), while the yielded iteration complexity of
LiMEAL (Theorem [3[b)) is consistent with that of PProx-PDA in [36, Theorem 1].
Moreover, we establish the global convergence and rate of LIMEAL (Proposition [3),
which is missing (though obtainable) for PProx-PDA.

In [60], an O (&~?)-iteration complexity of proximal ALM was established for the
constrained problem with nonlinear equality constraints, under assumptions that the
objective is differentiable and its gradient is both Lipschitz continuous and bounded,
and that the Jacobian of the constraints is also Lipschitz continuous and bounded
and satisfies a full-rank property (see [60, Assumption 1]). If we reduce their setting
to linear constraints, their iteration complexity is slightly worse than ours and their
assumptions are stronger (of course, except for the part on nonlinear constraints).
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In [68]], a very related algorithm (called Proximal Inexact Augmented Lagrangian
Multiplier method, dubbed Prox-iALM) was introduced for the following linearly
constrained problem

min A(x) subjectto Ax=0b, x € C,
x€eR”

where C is a box constraint set. Subsequence convergence to a stationary point was
established under the following assumptions: (a) the origin is in the relative interior
of the set {Ax — b : x € C}; (b) the strict complementarity condition [48]] holds for
the above constrained problem; (c) # is differentiable and has Lipschitz continuous
gradient. Moreover, the global convergence and linear rate of this algorithm was
established for the quadratic programming, in which case, the augmented Lagrangian
satisfies the KL inequality with exponent 1/2, by noticing the connection between Luo-
Tseng error bound and KL inequality [42]. According to Theorem[3|and Proposition[3]
the established convergence results in this paper is more general and stronger than that
in [68]] but under weaker assumptions. Particularly, besides the weaker assumption on
h, the strict complementarity condition (b) is also removed in this paper for LIMEAL.

The algorithm studied in [68] has been recently generalized to handle the linearly
constrained problem with the polyhedral set in [67] (dubbed S-prox-ALM). Under the
Lipschitz differentiability of the objective, the iteration complexity of the order O (s72)
was established in [67] for the S-prox-ALM algorithm. Such iteration complexity is
consistent with LIMEAL as shown in Theorem [3} Besides these major differences
between this paper and [68./67], the step sizes 1 are more flexible for both MEAL
and LIMEAL (only requiring n € (0,2)), while the step sizes used in the algorithms
in [68167]] should be sufficiently small to guarantee the convergence. Meanwhile, the
Lyapunov function used in this paper is motivated by the Moreau envelope of the
augmented Lagrangian, which is very different from the Lyapunov function used in
[68.167]]. Based on the defined Lyapunov function, our analysis is much simpler than
that in [[68.67]].

In [39], a multiblock proximal ADMM algorithm (called proximal ADMM-g) was
suggested for the constrained problem (38) with a multiblock composite objective,
where r,,(x) = 0,Vx € R" and A, =1, (the identity matrix of size n,,). The o(e7?)-
iteration complexity of the algorithm was established in [39] under the block-wise
Lipschtz differentiability of & and the lower boundedness of the proximal functions
r;’s. If we set the matrix norm used in proximal ADMM-g as the Euclidean norm, then
the proximal ADMM-g algorithm proposed in [39] is a special case of mLiIMEAL with
n = 1 as described in (@0). Following the similar analysis of LIMEAL, mLiMEAL
shall permit the consistent iteration complexity of proximal ADMM-g in [39].

7 Numerical Experiments

In this section, we provide three experiments to show the effectiveness of the proposed
algorithms. The first experiment is implemented to show the effectiveness of the
propose LIMEAL for solving a specific quadratic programming problem, while it
has been proved theoretically in [59] Proposition 1] that ALM with any bounded
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penalty parameter diverges when applied to this quadratic programming problem. In
the second experiment, we consider a general quadratic programming problem with
the same settings to that in [68] Sec. 6.2] and show the effectiveness of the proposed
algorithm via comparing to the algorithm Prox-iALM recently suggested in [68]. In
the third experiment, we consider a sparse regularized phase retrieval problem [43]]
that has not been considered in the ALM literature, to show the effectiveness of the
multi-block version of MEAL, i.e., MEAD (31) via comparing to an ADMM method
[39]]. The codes are available athhttps://github.com/JinshanZeng/MEAL|

7.1 A Motivated Experiment
Motivated by [39] Proposition 1], we consider the following optimization problem:

min x2 — y2, subjecttox =y, x € [—1, 1]. (75)

x,yeR
It has been shown in [39, Proposition 1] that ALM with any bounded penalty pa-
rameter S diverges when applied to solve the above problem, since the duality gap
of this problem is non-zero, while according to Theorem [3] and Proposition [3} the
proposed LIMEAL converges exponentially fast when applied to this problem since
the augmented Lagrangian of this problem is a KL function with an exponent of
1/2 (see, [68])). Specifically, for both ALM and LiMEAL, the penalty parameter 8
is empirically set to be 50. The proximal parameter y used in LIMEAL is set to
be 1/2. We consider three different n’s, that is, 0.5, 1, 1.5. The curves of objective
F(xk, y%) = (x%)% = (y%)?, constraint violation error |x* — y*|, multiplier sequences
{A*} and the norm of gradient of Moreau envelope defined as in (B3) and used as the
stationarity measure, are depicted in Fig.[I]

It can be observed from Fig. [T]that ALM diverges when applied to this problem,
where the multiplier sequence {1*} oscillates between two distinct values (Fig.
(a)) and the constraint violation converges to some positive value (Fig. |I| (b)), while
the proposed LIMEAL converges exponentially fast (Fig. |1_'| (c)-(e)) and can achieve
the optimal objective value 0 (Fig. |I| (f)) with different n’s. This verifies the global
convergence and rate results of LIMEAL established in Proposition 3] According
to the detailed curves in Fig. [I{f), LIMEAL with all these three s can achieve the
optimal objective value O within very few iterations, i.e., about 10 iterations. From Fig.
[[Je), LIMEAL converges exponentially fast for all the concerned n’s, and LIMEAL
with 7 = 1 converges faster than the other two choices of 1’s in this experiment.

7.2 Quadratic Programming

In the following, we consider the performance of proposed LIMEAL for the quadratic
programming problem with box constraints, that is,

1
min —xTQx+rTx sit. Ax=b, ; <x;<u;,,i=1,...,n, (76)
xeRn 2
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Fig. 1 Performance of ALM and LiMEAL for problem (73). It can be observed that ALM diverges while
LiMEAL converges exponentially fast and can achieve the optimal objective value 0.

where Q c Rnxn’ r e Rn, A€ RmXH’ b € Rm’ and fi,ui eR,i=1,...,n. Let
C={x:€<xi<u,i=1,...,n}.

Following the update framework of LIMEAL (9) and with some easy computa-
tions, the specific updates of LIMEAL for problem (76) can be described as follows:
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given (x%,2°,2%), 7 > 0,7 € (0,2) and 8 > 0,for k =0, 1,..., run

= (BATA+y ') Ny ' + BAT b — r — Qx* — AT 2K,
k+1 s =k
. X" = Proj -~ (x%),
(LiMEAL) k+l — ok icn(zk —xk+1),

Z
/lk+1 — /lk +,Bk(Axk+1 _ b),

where Proj,(x) := argming.. |[[X¥ — x|| denotes the projection of x onto the box
constraint set C with the i-th component of the projection [Proj,(x)]; being ¢; if
x; < €, and u; if x; > u;, and x; itself otherwise, I,, represents an identity matrix of
size n. We also take the Prox-iALM algorithm recently proposed in [68, Algorithm
2.2] as a competitor. Following [68], Algorithm 2.2], the update of Prox-iALM can be
described as follows: given (x°, z°, 2%), parameters S, p, @, s, > 0, for k =0, 1, .. .,
run

X = (BAT A+ pLy)x* + Qx* + ATAK — pz* — (BATb - 1),
K+ = Proj o (xk — sx%),

Zk+l — Zk _ T](Zk _xk+1)’

/lk+1 — /lk +ﬁk(Axk+1 _ b)

(Prox —iALM)

In particular, when n7 = 1, then Prox-iALM reduces to Algorithm 2.1 in [68] (dubbed
IALM).

The experimental settings are similar to that in [[68] Sec. 6.2]. Specifically, we set
m = 5,n = 20. The entries of O, A and b are generated according to the uniform
distribution, and b = AX, where each entry of X is generated according to the uniform
distribution. For LIMEAL, we set 8 = 50,y = Té”z’ and consider three 7’s, i.e.,
0.5, 1, 1.5. For Prox-iALM, we use the similar parameter settings as in [68] Sec. 6.2],

thatis, p =2 ,B=50,a = E, s=——1 ___ Moreover, we consider two
p =210l 5 2% = 310+ p+BIAR)

n’s, i.e.,, 1 and 0.5 for Prox-iALM. As pointed out before, Prox-iALM with = 1
reduces to iALM. The curves of objective sequence, ||Ax* —b]|, ||x**! — z*|| and norm
of gradient of Moreau envelope are depicted in Fig. 2] From Fig. 2} the proposed
LiMEAL converges faster than both iALM and Prox-iALM. Particularly, by Fig.2Jd),
the proposed LIMEAL converges exponentially fast for all these three n’s. This also
verifies the developed theoretical results in Proposition Bb) since the augmented
Lagrangian of problem (76) is a KL function with an exponent 1/2 (see, [68]).

7.3 Sparse Regularized Phase Retrieval

We consider the following sparse regularized robust phase retrieval (e.g., [43])):

m
min > ai, x)” = byl +cllx], (77)
xX€eRn 4
i=1
where the entries of a; € R" (i = 1, ..., m) are generated from the normal distribution,

b; = {a;,x*)* + € is the observation, x* € R" is the sparse true signal with a sparsity
level s < n, € is some noise, |[x|l; = X7, |x;| is the £;-norm of x and ¢ > O is a

regularization parameter. By introducing m copies of x, i.e., ¥y := [y1;¥2,---,¥m|
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Fig. 2 Performance of LIMEAL and Prox-iALM for the quadratic programming problem (76).

(where y; € R™), the above problem can be reformulated to the following linearly
constrained problem:

n

min § ai, yi)* = bi| +c|lx|li st. Ex+y=0, (78)
xER”,yER”‘” Z ]
=

where E = —[-L,;...;-I,] € R™" and I,, is the identity matrix of size n.
MEAD. Given the current iterate (xk, yk, uk, vk, /lk), the Moreau envelope alter-
nating direction method (MEAD) for problem (78) can be described as follows.

1. (x-update) According to the update of MEAD (BT, xk*+1 is update via the following

m
k+1 _ : k ké _kzi_kz
x —a@ngn<mﬂh+<A,Ex+y>+-22;nx Vil + g b=l

which has the following closed-form solution
1
k+1 k+1 . k+1
X = ——— max 10, |d —ct -sign(d )
Sy M {014 = e} sgn(ath

where d**! = y7luk + 3" (4K + ByF), and sign(d) represents the sign function
of d, that is, sign(d) = 1 if d > 0, and sign(d) = -1 if d < 0, and sign(d) = 0
otherwise.
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2. (y-update) Since the objective and linear constraints are separable and the same
for each block of y;, thus we update them in a parallel way. Specifically, for

i=1,...,m, y{.‘“ is updated according to the following
. B 1
yf*! = argmin {|<ai,yi>2 = bil+ (s yi) + I =yl IV - il

which has the following closed-form solution

k+1
Yi+ =Prox_1 |<a[,->2—bi|(

pry~1’

ﬁ + ’y_l (ﬁxk+1 + 'y_lvf_( - /1{() 2

where Prox y2_pi(2) = argminy {[{(a,x)2 = b +Llx—z|*} fors >0,a €
8, |(a,-)2=b| g 25

R™ and b > 0, which has the following closed form solution (see, [28] Sec. 5.1]):

. 1
Prox;s (a,.2-p|(2) = argmin {I(cwc)2 = bl + 55 lx - zllz; ,

L 268(a,z) 26(a.z) (a,z)+Vb (a,2)-Vb
where 5 = {Z‘ (W)a’z‘ (W)“’Z_( lal? )"’Z_( lal? )“}

3. ((u,v)-update) u**! = u* — n(uk — xk*1), v+ = vk — vk — ykt1),
4. (A-update) K1 = A% 4+ B(Ex**T 4 yk+1y,

ADMM. By [39] and following the analysis similar to MEAD, the ADMM method
for problem (78) can be described as follows: given the current update (xk,yk, 2%,

1. (x-update) x**' = (Bm)~! max{0, |d**' —c|}-sign(d**!), where 4+ = Zﬁl(/lf"‘

BY}).
2. (y-update) Fori = 1,...,m, y¥*' = Proxg-1 (4, y2p,; (x**1 = B7125).
3. (A-update) A5+1 = A% 4 B(Ex*H! 4 yk+1),

In this experiment, we set n = 300, m = 100, the sparsity level of true signal
x* is 10, where nonzero entries of x* are generated from the normal distribution.
For MEAD, y = 1/2 and three different n’s, i.e., 0.5, 1, 1.5 are considered. For both
MEAD and ADMM, B = 100 and the regularization parameter ¢ is tuned via a
hand-optimal way. The curves of recovery error (i.e., [|x* — x*||) and stationary error
(measured by \/Il S (yE =y |12 + || AR+ = A]12) are presented in Fig. From
Fig.BJa), both the suggested MEAD and ADMM can recover the sparse signal with
a very high precision, while from Fig. [B|b), the rates of convergence of MEAD with

three different n’s are linear in terms of the defined stationary error. When compared
to ADMM, the performance of the proposed MEAD is slightly beteer than ADMM.

8 Conclusion

This paper suggests a Moreau envelope augmented Lagrangian (MEAL) method
for the linearly constrained weakly convex optimization problem. By leveraging the
implicit smoothing property of Moreau envelope, the proposed MEAL generalizes
the ALM and proximal ALM to the nonconvex and nonsmooth case. To yield an &-
accurate first-order stationary point, the iteration complexity of MEAL is 0 (&%) under
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Fig. 3 Performance of MEAD and ADMM for the sparse regularized phase retrieval problem (77).

the implicit Lipschitz subgradient assumption and O (&~2) under the implicit bounded
subgradient assumption. The global convergence and rate of MEAL is also established
under the further Kurdyka-F.ojasiewicz inequality. Moreover, an inexact variant (called
iIMEAL) and a prox-linear variant (called LiIMEAL) for the composite objective case
are suggested and analyzed for different practical settings. The convergence results
established in this paper for MEAL and its variants are generally stronger than the
existing ones, but under weaker assumptions.

One future direction of this paper is to get rid of the implicit Lipschitz subgra-
dient and implicit bounded subgradient assumptions, which in some extent limit the
applications of the suggested algorithms, though these two assumptions are respec-
tively weaker than the Lipschitz differentiable and bounded subgradient assumptions
commonly used in the literature. Another direction of this paper is to generalize this
work to the constrained problem with nonlinear constraints. One possible application
of our study is robustness and convergence of stochastic gradient descent in training
parameters of structured deep neural networks such as deep convolutional neural net-
works [69], where linear constraints can be used to impose convolutional structures.
We leave them in our future work.
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