Convergence of an Inexact
Majorization-Minimization Method for Solving
a Class of Composite Optimization Problems

Amir Beck and Dror Pan

Abstract We suggest a majorization-minimization method for solving nonconvex
minimization problems. The method is based on minimizing at each iterate a prop-
erly constructed consistent majorizer of the objective function. We describe a vari-
ety of classes of functions for which such a construction is possible. We introduce
an inexact variant of the method, in which only approximate minimization of the
consistent majorizer is performed at each iteration. Both the exact and the inex-
act algorithms are shown to be descent methods whose accumulation points have a
property which is stronger than standard stationarity. We give examples of cases in
which the exact method can be applied. Finally, we show that the inexact method
can be applied to a specific problem, called sparse source localization, by utilizing
a fast optimization method on a smooth convex dual of its subproblems.

1 Introduction

In this chapter we consider the general optimization problem
min{F(x):x € R"}, (1)

where F : R" — (—oo, 9] is a proper, closed extended real-valued function satisfying
that its domain dom(F) := {x € R": F(x) < oo} is a convex subset of R". In addition,
we assume that F is directionally differentiable, that is, for any x,y € dom(F), the
directional derivative of F' at x in the direction y — X,
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exists (finite or infinite). For the sake of simplicity of exposition, all the spaces
are Euclidean R" spaces with the endowed dot product, but all the results hold
trivially for general Euclidean spaces. In this context, the gradient of a differen-
tiable function F : R" — R, denoted by VF, is the vector of all partial derivatives

T
V()= (95(0),, SE(x))

The optimization method that we suggest for solving (1) is based on the general
majorization-minimization (MM) scheme. At each iteration, a consistent majorizer
is computed around the current iterate, and the next iterate is an exact or an ap-
proximate minimizer of that majorizer. A consistent majorizer is an upper bound on
F that coincides with it up to first-order terms around a given point in its domain.
Consistent majorizers and methods based on the MM-scheme have been extensively
studied in the literature, see for example the book [13] as well as the review paper
[12] and references therein for a variety of constructions of consistent majorizers.

A special focus in the literature is on the case where F' is given by a composition
F = ¢ of + g, where fis a mapping comprising m real-valued differentiable func-
tions with Lipschitzian gradients, ¢ is a support function of a nonnegative compact
and convex subset of R™ and g is a proper closed and convex function. An appli-
cable method for various composite models is the proximal Gauss-Newton method
(PGNM), also known as prox-linear method. Its general step is

1 = argmin{ t9) + (1) + 33 )5 ) + Iy~

for some parameter ¢ > 0, which depends on the smoothness parameters of V f; and
the global Lipschitz constant of ¢, whose finiteness is guaranteed as ¢ is a support
function of a bounded set. The matrix J¢(x) is the Jacobian of f at x. For a con-
vergence analysis of the method see for example [17]. The prox-linear method was
further investigated and extended in the more recent works [9, 10, 11, 15]. We note
that a special instance of the prox-linear method is the proximal gradient method
aimed at solving the additive model F' = f + g where f is differentiable and g is
proper closed and convex; see the references [5, 6, 18] for convergence analysis as
well as extensions.

The exact version of the MM scheme that we consider can be seen as a gener-
alization of the prox-linear method to a broader class of models. Our main goal is
to establish convergence results that will hold for both the exact and inexact MM
algorithms.

The chapter is organized as follows. In Section 2 we define explicitly the concept
of a consistent majorizer of a function. We describe a variety of classes of functions
for which consistent majorizers can be constructed. In Section 3 we introduce the
concept of strongly stationary points of (1) with respect to a given consistent ma-
jorizer of F, and show that in the case of a nonconvex consistent majorizer, it might
lead to a stronger condition than the usual stationarity/“no descent directions” prop-
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erty. The potential advantage of the new optimality condition is demonstrated on an
example of minimizing a concave quadratic function over a box. In Section 4 we
describe the MM method and its inexact variant, in which only approximate min-
imizers of the consistent majorizers are computed, and analyze their convergence
properties. We also provide an implementable example demonstrating some practi-
cal advantages of the MM method over the gradient projection method. Finally, in
Section 5 we study a class of problems consisting of minimizing the composition of
a nondegenerate support function with a mapping comprising functions for which
strongly convex majorizers are constructable. For this class, the inexact MM method
is shown to be fully implementable, and its application on a specific problem which
we call the sparse source localization is provided.

Notations. Vectors are written in lower case boldface letters, matrices in upper
case boldface, scalars and sets in italic. We denote e = (1,1,...,1)T € R?, and for a
given vector d € R” the matrix diag(d) is the diagonal matrix whose ith diagonal en-
try isd; fori =1,...,n. For two symmetric matrices A,B we write A >~ B (A > B) if
A — B is positive semidefinite (positive definite). The notation Ay« (A) corresponds
to the maximal eigenvalue of the matrix A. The set A, is the unit simplex in R",

namely, A, ;== {x € R" : Y7 | x; = 1,x > 0}. The norm notation || - || denotes the
Euclidean norm in R, i.e., ||x|| := ||x||2 = \/(X,x). For a given closed convex set

B C R” the orthogonal projection on B is defined by Pz(x) := argmin ||y — x||.
yeB

2 Consistent Majorizers

2.1 Directionally Differentiable Functions

We consider the minimization problem
min{F(x):x € R"}, (2)

where F : R" — (—o0, 0] is a proper, closed extended real-valued function which is
directionally differentiable, a simple notion that is defined below.

Definition 1 (directionally differentiable functions). A function F : R" — (—oo, o]
is called directionally differentiable if it satisfies the following two properties:

e dom(F) is a convex set.
e For any x,y € dom(F), the directional derivative F’(x;y — X) exists (finite or
infinite).

Example 1 (additive composite model). Suppose that F = f 4 g, where f : R" —
R is anywhere differentiable and g : R" — (—oo, 0] is convex. The function F is
indeed directionally differentiable since dom(F) = dom(g) is convex and for any
X,y € dom(F), by the convexity of g, g’(x;y —X) exists (finite or infinite) and thus
also F'(x;y —x) exists and is given by
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F'(x;y —x) = Vf(x)" (y —x) + & (x;y —x).

Example 2 (dc functions). Let F = f — g where f : R” — (—o0,c0] and g: R" = R
are convex. Then dom(F) = dom(f) and by the convexity of f and g both possess
directional derivatives at all feasible directions, and g’(x;y —X) is finite for all y,x €
dom(F). In particular, for any x,y € dom(F):

F'(x;y—x) = f(x;y —x) — g (x;y — X).

2.2 Definition

A basic ingredient in the analysis in this paper is the concept of a consistent ma-
Jorizer.

Definition 2 (consistent majorizer). Given a directionally differentiable function
F :R" — (—oo,00], a function £ : R" x R” — (—co, o] is called a consistent ma-
jorizer function of F if the following properties hold:

(A) h(y,x) > F(y) for any x,y € R".

(B) h(y,y) =F(y) for any y € dom(F).

(C) For any x € dom(F), the function hy(y) := h(y,x) is directionally differen-
tiable and satisfies that dom(%y) = dom(F') and

h(x;z —x) = F'(x;z —x) for any z € dom(F).

(D) For any y € dom(F) the function x — —A(y,x) is closed.

It is simple to show that the sum of two consistent majorizers is also a consistent
majorizer.

Theorem 1. Let Fy and F, be two directionally differentiable functions where at
least one of them, say F;, satisfies F} (x;y —x) € R for all x,y € dom(F;). Suppose
that hy,hy are consistent majorizers of F1 and F,, respectively. Then hy + hy is a
consistent majorizer of F1 + F3.

Proof. Follows directly by the definition of consistent majorizers and the facts that
(i) the sum of two closed functions is a closed function and (ii) the directional
derivative is additive in the sense that (k) +hy)'(x;d) = i} (x;d) + 4 (x;d) for any
x,d € R” for which the relevant expressions are well-defined. a

2.3 Examples

Below are several examples of consistent majorizers in several important settings.

! which is the same as saying that the function x — A(y, ) is upper semicontinuous.
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Example 3 (dd). If F : R" — (—eo, 0] is a directionally differentiable function, then
obviously, the function A(y,x) = F(y) + %|ly —x||* is a consistent majorizer of F
for any n > 0.

Example 4 (concave differentiable). Consider a function f : R" — R which is con-
cave and continuously differentiable. By the concavity of f, it follows that f(y) <
f(x)+(Vf(x),y —x) for any X,y € R” and therefore the function

h(y,x) = f(x) + (Vf(x),y —x)

is a majorizer of f, meaning that property (A) holds. Property (B) holds since for
any y € R", h(y,y) = f(y). The function ik (y) = h(y,x), as an affine function, is
directionally differentiable and satisfies for any z € R”,

hy(x:z—x) = (Vf(x),2—x) = f'(x;z—x),

establishing the validity of property (C). Since f,Vf are continuous functions, it
also holds that for a fixed y, the function x — h(y,x) is continuous over R”, and is
in particular closed and thus property (D) holds.

Example 5 (differentiable concave+dd). Consider the function
F(x) = f(x) +g(x),

where f : R" — R is concave and continuously differentiable and g : R" — (—oo, o0]
is proper and directionally differentiable. By Examples 3 and 4, h; (x,y) = f(x) +
(VF(x),y —x) and h(y,x) = g(y) + 2|y — x||? are consistent majorizers of f and
g respectively, and hence, by Theorem 1,

h(y,x) = f(x) +(Vf(x),y —x) + glly —x*+g(y)
is a consistent majorizer of F for any 11 > 0.
Example 6 (C'). Suppose that f is L-smooth (L > 0) on R”, meaning that
IV£(x) ~ V£(3)]| < LIx—y]| for any x,y € R".

The set of functions satisfying the above is denoted by C 21 By the descent lemma
[8, Proposition A.24],

F8) < £+ (V00,5 -3+ 5 ]

Thus, the function

Ay, %) = F(%)+ (V00— )+ 5 -y P
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is a majorizer of f, meaning that it satisfies property (A) in the definition of consis-
tent majorizers. It is very simple to show that properties (B), (C) and (D) also hold
and hence £ is a consistent majorizer of f.

Example 7 (C'!+dd). Consider the function

F(x) = f(x)+g(x),

where f : R" — R is L-smooth and g is a directionally differentiable function. By
Examples 3 and 6 along with Theorem 1, it follows that

(Y, X) = £(%)+ (V0. — %)+ 8(3) + =[x~

is a consistent majorizer of F.

The following table summarizes the above examples.

Table 1
Model Assumptions Consistent majorizer A(y,X)
f—C', concave n )
f+sg 2— dd FX)+(Vf(x),y—x)+g(y)+ 7y —x||* (n >0)
-c(L>0 .
fte AR SO+ (VF(x).y =) +g(y) + & ly x|

Example 8 (Polynomials). Consider a polynomial function

where f; : R" — R are monomials, that is,
pil _Pi2 Pin .
filx) =aix|" x,"" -, i=1,...,m,

where ay,az, ... ,a, are real numbers, and p; ; € NU{0} foralli e {1,...,m}, j €
{1,...,n}. A consistent majorizer of F can be constructed as the sum of majoriz-
ers of the monomials fi,..., f,,, invoking Theorem 1 (as for all i f; is a differential
real-valued function). We now show how one can define a consistent majorizer of
a monomial. Given x,y € R”, by the Taylor formula we write the monomial as a
polynomial in y, developed around x. Then we upper bound each non-pure> mono-
mial of the obtained polynomial by a sum of pure monomials, through repeatedly
applying the inequality

1
aab§§|a\(a2+b2), 3)

2 A monomial is called pure if 3jVk # jp; s =O.
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which holds for any real numbers o, a, b.
We now demonstrate a construction of consistent majorizers on two numerical

examples of third degree monomials.

fiy) = yiv
= x%xz +2x1x2(y1 — x1) +x%(y2 —x2)
+x2(y1 —x1)% 4 2x1 (y1 —x1) (2 —x2) + (1 —x1)* (32 — x2)
< xjxn 4+ 2x1x2(y1 —x1) +x1 (y2 —x2)

4

+xa(y1 — x1)* + 2 |- % (G —x1)+ (2 —x)?) + % (1 =x1)* + (72 —x2)?)

=: h(y,x).

£2(¥) = yiy2ys
= x100x3 +x0x3(y1 —x1) +x1303(y2 — x2) +x102(y3 — X3)
Fx3(y1 —x1) (y2 —x2) +x2(y1 —x1) (3 —x3) +x1(y2 —x2) (y3 —x3)
+(r1 —x1)(v2 —x2)(y3 —x3)
x12x3 4 x2x3 (y1 — x1) +2x1x3(y2 — Xx2) + X102 (y3 — x3)

IN

o3 (01 =002+ G2 =)+l 5 (01 —n )+ 03— w)?)
a1 (2 -2+ (5 - m)?)

1 1 1
+§(y1 —x1)*+ Z(yz —x)*+ Z(y3 —x3)*

= hZ(YaX)a

where the upper bound on (y; —x1)(y2 —x2)(y3 — x3) is obtained by applying (3)
twice

(1 —31)0m = 12) 03 =) < 301 =)+ 5 (025203 —3)?)
< %(m —x1)2+%- (;(Y2—x2)4+;(y3 —x3)4)
= %()’1 —x1)2+%(y2—x2)4+%(y3 —x3)*.

By the construction, property (A) of consistent majorizers is satisfied. Since y —
fi(y) and y — h;(y,x) are polynomials having the same constant and linear terms in
their Taylor expansion around x, properties (B) and (C) hold as well. Property (D)
is also satisfied, as x — —/;(y,x) is continuous in x, and thus closed. Finally, y —
h;(y,x) are differentiable for all i, and in particular have finite directional derivatives
at any point and in any direction. Thus, by repeatedly applying Theorem 1 we obtain
that the function h(y,x) := Y7 | h;(y,x) is a consistent majorizer of F.
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An important property of the consistent majorizer of the form constructed above
is its separability. It comprises n pure monomials, each depending on one variable.
This property facilitates its minimization over a box in R”.

Example 9 (quadratic forms). Let
F(x) =x"Qx
for some Q € S". For any x,y € R” one has
F(y) =y Qy =x"Qx+2(Qx)" (y—x) + (y —x)" Q(y — x).
Let A be a diagonal matrix satisfying A >~ Q. Denote
h(y,x) == x"Qx+2(Qx)" (y —x) + (y = x)"A(y — x). )

Then, for all x,y € R”, the inequality i(y,x) > F(y) holds, h(y,y) = F(y), and
Vhx(x) = VF(x). The function —A(y,x) is also continuous in X, and hence closed.
Thus, £ is a consistent majorizer of F. In addition, # is separable in the components
of y = (y1,2,---,yn)" . Denote e := (1,1,...,1)T. We mention two possible options

(out of many) for choosing the diagonal matrix A := diag(4).

1. Defining A as an optimal solution of the following SDP:

(SDP) }{rg@ {e’ A : diag(1) = Q}.

2. Setting A := Amax(Q) - e.

2.4 Consistent Majorizers of Composite Functions

Our objective in this section is to show how consistent majorizers of composite
functions of the form

F(X):(p(fl(x)’fZ(X)v'"afm(x))’ &)

can be computed under certain assumptions in case where consistent majoriz-
ers of the functions fi, f3,..., fin are available. We will use the notation f(x) =

(f1(x), (X),..., fn(x))7, so that

The construction of consistent majorizers of F relies on Lemma 1 below that
presents an expression for directional derivatives of functions of this form, but first,
we explicitly write the required assumptions on ¢ and f.
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Assumption 1. (A) ¢(x) = o¢(x) := maxyec(X,y), where C C R is a nonnegative
compact convex set.

(B) The functions fi, f2,..., fm : R" = R are closed and directionally differentiable
with f!(x;d) € R foralli € {1,...,m} and x,d € R".

An interesting example of a function satisfying property (A) of Assumption
1 is @(x) = max{x,x2,...,x,}, which corresponds to the choice C = A, (with
m = n). An interesting example of a composition F = ¢ of where (A) and (B)
are satisfied is F(x) = ||x||; which corresponds to C = (A;)" (with m = 2n) and
£(X) = (1, —X1,%2, —X2,y ., X, —Xn) "
Remark 1 (properties of ¢). Note that the fact that ¢ is a support function of a com-
pact set implies that it is real-valued convex, subadditive and positively homoge-

nous. The fact that the underlying set is nonnegative implies that the function is in
addition nonincreasing in the sense that x <y implies that @(x) < ¢(y).

In the following lemma we use the following notation: if the m functions s1,s2,...,Sn,
have a directional derivative at x in the direction d, then the corresponding direc-
tional derivative of the vector-valued function s = (s1,s2,...,s,)7 is denoted by
s'(x;d) and is the m-dimensional column vector given by

s'(x;d) = (s;(x:d))7L,.
Lemma 1. Let
S(x) =o(s(x)), xeR",
where

o ¢ :R™ — Ris a convex, subadditive and positively homogenous function.
o s=(s1,50,...,5,) is a function from R" to R™.

Letx,d € R" and suppose that s is differentiable at X in the direction d with s;(x;d) €
R for alli. Then S has a directional derivative at X in the direction d which is given

by

S'(x;d) = ¢ (s(x);8'(x;d)). (6)
Proof. Note that by the fact that the components of s have a directional derivative
at x in the direction d, it follows that there exists a function 0 : Rt — R™ satisfying
lim, o+ #) = 0 for which

s(x+1td) = s(x) +1s'(x;d) +o(1).
By the subadditivity and positive homogeneity of @, it follows that

Ps(x+1d)) —@(s(x)) _ @(s(x) +15'(x;d) +0(r)) — @(s(x))
t t
P(s(x) +15'(x;d)) — @(s(x)) +o <O(t)> o

t

<

Similarly,
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o(s(x+1d)) —p(s(x)) | 9(s(x) +15'(x:d)) — 9(s(x)) i <°(f)) )

t t t
By the definition of the function o, lim,_,o+ o0 — 0, and thus, by the continuity

t
of ¢ (as it is a real-valued convex function), it follows that lim,_,o+ ¢ (@) =

lim,_,o+ @ <7M> = ¢(0) = 0. It therefore follows by (7) and (8) that

t

Sxd) — tim PECHD) Q) L 0s(x) i (x:4) — 9ls(x)

t—0t t t—0t t

= ¢'(s(x):s'(x;d)).

O

Equipped with Lemma 1, we can now show how to construct a consistent ma-
jorizer of the function F given in (1) out of consistent majorizers of fi, f5,..., fu.

Theorem 2. Let
F(x) = o(f1(x), f2(x),. .., fu(X)),

where @ and f satisfy the properties in Assumption 1. Assume that for any i €
{1,2,...,m} the function h; is a consistent majorizer of f;. Then the function

H(yvx) = (P(hl <Y7X)7h2(yax)v o ,hm(}’»x))
is a consistent majorizer of F.

Proof. We will show that the four properties in the definition of consistent majoriz-
ers hold:

(A). By the monotonicity of ¢ (see Remark 1) and the fact that 4; is a majorizer of
f; for any i, it follows that for any x,y € R”,

H(y,x) = @(h1(y,%),h2(y,X), - -, (¥, X)) = @(f1(y), 2(¥),- -, fm(¥)) = F(y),

establishing property (A) for the pair (F,H).
(B). Follows by the following simple computation:

H(y7Y) = (P(hl(y7y)7h2(y7y)77hm(y7y)) = (P(fl(y)7f2(Y)7vfm(y)) :F(y)

(C). For a given x € dom(F), define the functions h; x(y) := hi(y,x),i=1,2,...,m
and the function

Hx(y) = H(y,x) = ¢(h1x(¥),2x(¥),- -, mx(¥))-

We need to prove that for any x,z € dom(F), Hy(x;z—x) = F’'(x;z—x). Indeed, by
Lemma 1 invoked with s = f, it follows that

F'(x;z—x) = ¢'(f(x);f (x;z—x)). ©)
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Finally, for any x,z € dom(F'), invoking Lemma 1 once more with s;(y) := h;x(y),
and taking into account that 4; is a consistent majorizer of f; for any i, we obtain

Hy(x:z—%) = @ ((h1x(%),- .. x (%)) (0] (52 = %), B (12— %))
= G (R or i) (52— %), . f (52— %))
= ¢/ (f(x):f (x;z—x))
= F'(x;z—x)

(D). For a fixed y € R” we need to show that x — —H(y,x) is closed. Specifically,
let x € R" and € > 0 be fixed; we need to establish the existence of 6 > 0 such that

H(y,X) <H(y,x)+¢

for all X such that ||X — x|| < 8. That would show the equivalent assertion that x
H(y,x) is upper semicontinuous.

Indeed, by the continuity of ¢, for any z € R™ there exists &, > 0 such that if
|Z—z|| < &, then |@(Z) — ¢(z)| < €. In particular, this holds for

z:= (h(y,X),..., hn(y,x))7.

Since for any i € {1,...,m} the function x — —A;(y,X) is closed, there exists §; > 0
such that if | —x|| < §;, then

hl(yvi) < h,(y,x) + 6z~

Define § := min{dy,...,8,}, and let X satisfy ||X —x|| < . There exists two sets of
indices

If( = {l S {1,,1"’1} : hl(y7i) S hi(y,X)},

Ji = {l € {Lvm} :hi(y>x) < ht(Yvi) < h,(y,X)+5z}

satisfying Ik UJx = {1,2,...,m} and It NJz = 0. Define a vector u € R™ as follows,

w — hi(yvx)v i€ If(?
T hl(y>i)7l€])'(

By the monotonicity of ¢ it follows that
H(y,X) = @1 (y,%),.. . hm(¥,X)) < @(u). (10)
In addition, by the construction, ||ju —z||« < &,. Thus,
¢(u) < @(z)+&=H(yx)+e, (1)
and the result follows by a summation of (10) and (11). a

Example 10. Suppose that
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F(x) = max{f1(x), 2(x),- .-, fm(%)} + &(x),

where fi,f,...,fm : R" — R are C»! functions and g : R" — (—oo, 0] is proper
closed and convex. We assume specifically that f; € C ill (L; > 0) for any i. Then by
Example 6,

(%) = £i%) + (V) %)+ = x—y]?

is a consistent majorizer of f;, and thus, by Theorem 2, which can be invoked
since f; are directionally differentiable and @ = 0y, it follows that the function
(y,x) — max;—1 2, n{hi(y,x)} is a consistent majorizer of X — max;=12_._m fi(X).
Consequently, by Theorem 1, it follows that

is a consistent majorizer of F.

Example 11. Let

(ngE

Fx) = Y1)

where fi, f2,...,fm : R" — R are differentiable convex functions. Note that F' can
be rewritten as

H@=imwwﬁwﬁuﬁ

meaning that F' = @ ot, where

@(w) = Y max{wy_1,wa},
i=1
tzl;l(X) ifi(X), i:l,Z,...,m,
hi(x) = —fi(x), i=1,2,...,m.

Since — f; is concave, it follows that (y,x) — — fi(x) — (V fi(x),y — X) is a consistent
majorizer of — f; (Example 4); in addition,(y,x) — fi(y) is a consistent majorizer
of x — f;(x) (Example 3 with 1) = 0). Thus, by Theorem 2, which can be invoked
since the functions #1,1,,...,f, are directionally differentiable and ¢ = O(Ay)m it
follows that the function

H@x>fﬁwwﬁ@»ﬁ@><Vﬁu»ym}

is a consistent majorizer of F. It is interesting to note that this majorizer is a convex
function w.r.t. y.
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3 Stationarity Measures and Conditions

Stationarity is a fundamental concept in optimization problems. For the optimization
problem (2), perhaps the most natural stationarity condition of a given point is the
following.

Definition 3. Let F' be a proper, closed, directionally differentiable function. A point
x* € dom(F) is called a stationary point of problem (2) if it satisfies

F'(x*;y—x") >0 forally e dom(F). (12)

Stationarity is a well-known necessary optimality condition for problem (2), and it
becomes also sufficient in the convex case, as stated in the following simple lemma.
For the convenience of the reader we provide its proof in the appendix.

Lemma 2. Let F be a proper, closed, directionally differentiable function. If X* is a
local minimizer of (2), then it is a stationary point. If, in addition, F is convex, then
any stationary point X* of (2) is a global minimizer.

Most of the known first-order methods are designed such that their limit points
would satisfy (12). Their analysis in many cases is based on some stationarity mea-
sure, which is a nonnegative function that vanishes exactly at stationary points. See
e.g., [4, 5, 10, 16] and references therein for the wide usage of stationarity measures
in analysis of first-order optimization algorithms.

In this section our main goal is to introduce stationarity measures that are based
on consistent majorizers of F, the objective function of problem (2). At this point we
introduce an additional property that will be assumed to be satisfied by consistent
majorizers.

Assumption 2. For any x € R" the value miny h(y,X) is finite.

Assumption 2 does not require that miny 2(y, X) is attained; however, we always use
the notation “min” rather than “inf”. Now let i : R" x R" — (—o0, 0] be a consistent
majorizer of F' such that Assumption 2 is satisfied. Define the function Sg, : R" —
(_oovoo] by

Sral) = F(x) = minh(y.x).

By Assumption 2, the function Sg is well defined, and its domain coincides with
dom(F). Though S, depends on F and on the consistent majorizer /, from now on
we simply denote

S=Srp,

omitting the subscripts F' and & whenever they are clear from the context. The fol-
lowing lemma establishes the main properties of S.

Lemma 3. Let F be a proper, closed, directionally differentiable function, and h be
a consistent majorizer of F. Suppose that Assumption 2 holds. Then the function S
satisfies the following properties:
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1. S$(x) > 0 for any x € dom(F).
2. Any x € R" and p € argminh(y,x) satisfy
y

F(x)~ F(p) = S(x).
3. S is lower semicontinuous, that is, if X s %ask— oo, then
S(%) < liminfS(x*).
k—yoo

4. S(x) =0 if and only if x € argminh(y,X).

y
5. If S(x) = 0, then the inequality F'(x;y —x) > 0 holds for any y € dom(F), that
is, X is a stationary point of (2).
If, in addition, y — h(y,x) is a convex function of y for any x € dom(F ), then the
converse is also true.

Proof. 1. Let x € R". Then by property (B) of consistent majorizers we get
S(x) = F(x) —minh(y,x)
y
> F(x) —h(x,x) = F(x) — F(x) =0.

2. Let x and p be as in the assumption. Then by property (A) of consistent majoriz-
ers
F(x)~ F(p) > F(x) — h(p.x) = F(x) ~ minh(y.x) = S(x).
y

3. By property (D) of consistent majorizers, the function —h(y,-) is closed for any
y € dom(F). Notice that

() = F()—mink(y,x) = F(x)=_min _h(y,x) =F()+ _max {~h(y,x)}.

S is closed (equivalently, lower semicontinuous) as the sum of the closed function
and a pointwise maximum of closed functions.
4. S(x) =0if and only if F(x) = miny (y,X) and by property (B) of consistent ma-
jorizers, the latter is valid if and only if 2(x, X) = miny 4(y,X), which is equivalent
to X € argminA(y, x).
y

5. A necessary condition for x to be a global minimizer of h(y) = h(y,x) with
respect to y (i.e., for iix(x) to be the minimal value of hy) is (see Lemma 2)

(hy)' (x;y —x) >0 Vy € dom(F). (13)
By property (C) of consistent majorizers, the condition (13) is equivalent to

F'(x;y—x) >0 Vyéedom(F),
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and the result follows.
If, in addition, the function Ay is convex in y for all x € dom(F'), then the nec-
essary condition (13) becomes also sufficient (see Lemma 2), namely, it also
implies X € argminh(y, x).

y

O

As one can see by Lemma 3, if a point X € dom(F) satisfies S(X) = 0, it is
stationary, but in the nonconvex case there might exist some stationary points with
S(X) > 0. This observation leads us to formulate a necessary optimality condition,
based on a property which is stronger than stationarity.

Definition 4. Let F be a proper, closed, directionally differentiable function. We
say that x € dom(F) is a strongly stationary point of problem (2) with respect to a
consistent majorizer & if S(x) = 0.

The following lemma establishes a necessary optimality condition for the optimiza-
tion problem (2).

Lemma 4. Let F be a proper, closed, directionally differentiable function and h be
a consistent majorizer of F. Suppose that Assumption 2 holds. Let x* € dom(F) be a
global optimal solution for problem (2). Then X* is a strongly stationary point with
respect to any consistent majorizer h.

Proof. Assume otherwise, that is, S(x*) > 0. Then there exists y € dom(F) such
that A(y,x*) < h(x*,x*). Since x* is a global minimizer of F over dom(F), for any
y € dom(F) we have (utilizing properties (A) and (B) of consistent majorizers)

F(x") < F(y) < h(y.x") < h(x',x") = F(x"),
which yields a contradiction. a

By Lemma 4, any global minimizer of (2) is a strongly stationary point with re-
spect to any consistent majorizer, and by Lemma 3 any such point is also a stationary
point. These two observations might help in solving specific problems of the setting
(2) if, for example, a certain algorithm can be shown to converge to a strongly sta-
tionary point rather than just to a stationary point, it might have better chances of
converging to a global solution. The choice of the majorizer can affect the number
of strongly stationary points.

Example 12 (minimizing a concave quadratic form over a box). Consider the opti-
mization problem with the objective function defined in Example 9 for some Q < 0,
and box constraints. That is, the minimization problem is given by

(PQ) nelﬁgr)ll {F(x):=x"Qx: -—e<x<e}.

A concave function attains its minimal value over a compact convex set at least on
one of its extreme points. Therefore, F attains its minimal value over [—1,1]" at
a vector in {—1,1}". A well known combinatorial optimization problem that can
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be reformulated in the form of (PQ) is the MAXCUT problem; see e.g. [7, Section
3.4.1] and references therein.
For problem (PQ), the stationary points are the vectors x* € [—1, 1]" satisfying

F'(x";x—x")>0 vxe[-1,1]",

or equivalently,
(Qx*,x—x") >0 Vxe[-1,1]"

We give two numerical examples with n = 5,7 by setting Q := Q; for j = 1,2,
where
242 -8 0 -5 0 -6
-24 2 -8 0 -5 2 =26 0 -6 1 -1 -3
1| -8 0 -22-7 0 4 -1
- 0o -6 -7 -185 -1 1
0 6 -7 18 5 21 -5 1 0 5 -3¢0 -3
-5 1 0 5 34 0 -1 4 -1 0 -28 -7
-6 -3 -1 1 -3 -7 -32
Since Q;, Q> < 0, at least one global minimizer must be a vertex of [—1, 1]". There-
fore, we can reduce the discussion to the 2" vertices {—1,1}".

For each vertex x € {—1,1}" we checked whether it is a stationary point. It is
simple to show that stationarity in this case can be easily verified, utilizing the fol-
lowing explicit test. Denote by q; the ith column of Q. A vector x* € [—1,1]" is
a stationary point of (PQ) if and only if for each i = 1,...,n one of the following
holds:

e ¢/x*<0andx =1,
e q/x*>0andxf =—1,
e q'x*=0.

We also checked for each vertex whether it is a strongly stationary point with respect
to the majorizers described in Example 9 from Sect. 2.3. Note that utilizing (4), a
consistent majorizer of F is given by

hi(yiax) + XTQX7

D=

h(y,x) :=

Il
-

where B
hi()’i,x) = Z(quX)(yl —.X[) +A’l(yl _xi)za i= 17" N,

with 41,2, .., A, being the diagonal entries of a given diagonal matrix A satisfying
A > Q. Since & is a separable sum of functions in the variables y;, for a given
x € [—1, 1]" the test whether S(x) = 0 amounts to computing n numbers y},y5,...,y;
satisfying the conditions

yi € argmin ;(y;,x), i=1,...,n,
yi€l-11]

and testing whether h(y*,x) = h(x,x), where y* := (y},¥5,...,v:)T.
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Table 2 contains the number of stationary (W) and strongly stationary (S) points
out of the 2" vertices. The column (G) indicates how many vertices are global op-
timal solutions of (PQ). The results show that in these examples the standard sta-

Table 2 Stationarity and optimality of vertices.

Q A =diag(A) n m=2" w S G
Q: ):L by (SDP) 5 32 32 12 4
Ql % = meax (Q] ) 5 32 32 20 4
Q> )_L by (SDP) 7 128 124 42 2
Q2 A = Amax (Q2) 7 128 124 86 2

tionarity condition almost does not rule out any of the vertices. Strong stationarity
is a more restrictive condition, and its strictness depends on the chosen consistent
majorizer.

4 The Inexact Majorization-Minimization Method
4.1 The General Scheme

We introduce now the main algorithm proposed for solving problem (2). Let F be a
directionally differentiable function, and let /& be a given consistent majorizer of F.
For the first variant of the algorithm we need to make the following assumption that
is more restrictive than Assumption 2.

Assumption 3. For any x € R" the function hx(y) = h(y,x) has at least one global
minimizer.

Whenever Assumption 3 holds, and a minimizer of sx can be computed exactly for
any x € dom(F), the general scheme for the so-called majorization-minimization
(MM) method described below is well-defined.

Algorithm 1. Majorization-Minimization (MM) Algorithm for Solving (2).
e Pick an arbitrary x° € dom(F) C R".

e Fork=0,1,... compute a vector

X € argmin i (x,xb).
X

The choice of the specific minimizer in iterations where more than one minimizer of
hy exist can be made arbitrarily, or, in some cases, according to some pre-specified
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policy. By part 2 of Lemma 3, the sequence generated by Algorithm 1 has a decrease
guarantee of
F(xN) —F(x*1) > §(x})  forallk=0,1,....

In many cases, either Assumption 3 does not hold, or, it does, but an exact min-
imizer of Ay cannot be computed. In such cases, we formulate Algorithm 2, which
is an inexact version of Algorithm 1. Let y € (0, 1] be a given parameter. Algorithm
2 is based on the ability to compute vectors that achieve a decrease of at least y
times S(x¥), which is the decrease that exact minimization of 4 would have guar-
anteed. We still assume that Assumption 2 holds (but not necessarily Assumption
3) whenever we seek to apply Algorithm 2 with ¥ < 1. The choice y := 1 corre-
sponds to the exact version (Algorithm 1) as the only vectors that satisfy (14) for
Y = 1 are exact minimizers of h. Thus, y = 1 requires the validity of Assumption 3.

Algorithm 2. Inexact Majorization-Minimization (IMM) Algorithm for Solving
(2).

o Input: y€ (0,1].
e Pick an arbitrary x° € dom(F) C R".
o Fork=0,1,..., set X! to be any vector satisfying

F(x*) —h(x**1 xb) > . 5(xF). (14)

In the context of the IMM method, for any x € R", a vector y satisfying
F(x) —h(y,x) > 7-5(x)

is called an approximate y-vector at X. In this terminology, x*! is also chosen
as an approximate y-vector at x*. The inexact minimization criterion (14) indeed
guarantees a decrease of

F(x*)—F(x*1)>y.5x) forallk=0,1,...,

as follows by property (A) of consistent majorizers. The following is an example
of a simple case where the exact method (Algorithm 1) can be implemented. In
particular, the constructed consistent majorizer satisfies Assumption 3.

Example 13. Let f : R?® — R given by
F(x) 1= 2x}x + 503 + 5x143 + 83,

and B := [—100,1000] x [~78,802] x [—123,77] C R3. Then, following Example
8, a consistent majorizer of f can be given by
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h(y,X) = 53 +8y3 + 2x3 x5 +4xy xa (y1 —x1) 4 2x7 (y2 — x2)
+2x2(y1 —x1)2 4+ 21 |- (1 —x1)2 + (2 —x2)%) + (1 —x1)* + (32 — x2)
+5x133 + 10x1x3(y3 — x3) + 533 (y1 — x1)
+5x1(y3 —x3)% +5]x3] - (1 —x1)* + (33 —x3)%) +2.5(y3 —x3)*
+2.5(y1 —x1)%

2

Consider now the optimization problem of minimizing f over the box-shaped do-
main B. In the setting of Example 1, we set F := f +g, where g : R} — (—o0,09] is
the indicator function of B, that is,

(x) = 0, xeB,
EX7 o, x ¢ B.
The constrained problem can therefore be recast as

minF(x). (15)

X

The function H(y,x) := h(y,x) 4+ g(y) is a consistent majorizer of F. Hence, the ex-
act Algorithm 1 for solving (15) solves at each iteration k the minimization problem

minh(y,x*) = minH (y,x*),
yEB y

which amounts to solving the three univariate minimization problems

miny, ¢ 100,1000] 4X1¥5 (1 =) + 265 (y1 — %)% + 21| (y1 —x)°
+(01 = )"+ 5()2 (1 = ) + 55| —x])? +2.5(n =),
miny, ¢[78 802 Sy% +2(x5)2 (2 — 25) + 20| (2 — 5) 2 + (32 — x5)%,
miny, 12377 853 + 10x{x4 (v3 — 3) + 5% (33 — 24)” + 5[4 | (3 —4)°
+2.5(y3 — )",
Each of the above problems can be solved by any solver that calculates roots of
univariate polynomials, applied on each derivative. The obtained roots and the edge

points of the intervals are the candidates among which the minimizers are those
corresponding to the lowest function values.

4.2 Convergence Analysis of the IMM method

We are now able to formulate the main convergence results of Algorithm IMM for
a pre-determined fixed parameter y € (0, 1].

Theorem 3 (Convergence of IMM (Algorithm 2)). Let F' be a proper, closed, di-
rectionally differentiable function. Consider the minimization problem (2) along



20 Amir Beck and Dror Pan

with h being a given consistent majorizer of F. Let v € (0,1) be given. Suppose
that Assumption 2 holds, and let {x* Y0 be the sequence generated by the IMM
method (Algorithm 2). Then the following properties hold.

1. Foranyk=0,1,...,
F(xK) = F(x*1) > y-5(xb).
2. F(x¥) > F(x**!) for any k = 0,1,..., and F (x*) > F (x**1) if §(x*) > 0.
3. Any accumulation point X* of the sequence {x*};=q is strongly stationary, that
is, S(x*) =0.
4. For any K € N and an accumulation point X* of the sequence {x* }k>0 one has

M) min{S(x’),S(x"),....sxK1)} < F(XO)Y_;(X)

5. If y=1, and Assumption 3 holds, then properties 1-4 remain valid.
Proof. 1. By (14) and property (A) of consistent majorizers,
F(x*) = F(x**1) > F(xk) — h(xFT1 x%) > v 5(x5).

2. By part 1 of Lemma 3 S(x¥) > 0, so the monotonicity follows directly by the
previous assertion. A strict decrease when S(x¥) > 0 is guaranteed since y > 0.
3. Since the sequence {F (x¥)} is non-increasing, it either has a limit F* > —eo, or
it tends to —oo as k — oo,
Case 1. {F (x*) }1>0 has a finite limit F*. In this case we have F (x*) — F (x** )
F* — F* =0 as k — oo, and by the inequalities F(x*) — F(x**1) > y. S(x¥) >
it follows that
S(xK) — 0.

Let {Xkl } |~ &convergent subsequence of the generated sequence, and denote its
limit by x*. Then, by parts 1 and 3 of Lemma 3 we have

0<S(x") < lilminfS(xkl) = lim S(x*) =0,
—»00

k—roo0

and thus, S(x*) = 0.
Case 2. F(xf ) — —oo as k — 0. We will show by contradiction that the sequence
{xk }+i>0 has no accumulation points. Let {xkl } |~ @convergent subsequence, that

is, x¥ — x* as [ — oo. Then since F is closed
lilmian(xk’) > F(x*) > —oo,
—3o0
contradicting the fact that F(x¥) — —oo. Thus, no accumulation points exist in

such a case, and the result holds trivially.
4. Again, by part 1 of the current theorem and Lemma 3, part 1,

Fx—F*Y) >y-8(x) >0 Vk>o0,
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for any K € N we get by summing over k =0, ..., K the inequalities

K-1 K—-1
F(x)—F(x') 2 F(x) ~ F(x) = k;)(F(Xk) —F(x"1) >y I;OS(X")
2y in_{S(x)} K,

where the leftmost inequality F(xX) > F(x*) holds by the monotonicity of
{F (x*)}1>0. Thus,

: k 0 *

ke{or’r}'l};(_l}{S(X )} v K<F(x')-F(x") VKEeN,
from which (N) readily follows.

5. Under Assumption 3, the iterates where ¥y = 1 (Algorithm 1) are well-defined.
The property F(x¥) — F(x**1) > §(x*) is satisfied for any k = 0,1, ... by part 2
of Lemma 3. The other properties follow by the same arguments as in the case
O<y<l.

O

At this point, it seems unclear how to verify condition (14) in cases where the
inexact method is employed (y < 1) since S(x¥) is not actually computed. In the
next section we discuss some specific models on which Algorithm 2 is shown to be
implementable. When y = 1, assuming that exact minimizers of A, are computable,
the implementation of Algorithm 1 is clear, up to properly choosing a stopping
criteria, and deciding on a rule for determining which minimizer of A, should be
taken when multiple minimizers exist.

Example 14 (Example 13 revisited). We implemented the MM method (Algorithm
1) on problem (15) with 100 independent initial guesses x° being randomly gen-
erated from a uniform distribution in B. For the sake of comparison, we also im-
plemented the gradient projection (GP) method on the same 100 initial points. The
GP is a first-order optimization method, whose accumulation points are guaranteed
to be stationary; see e.g., [4, Section 9.4]. If a constant stepsize ¢t > 0 is used, the
general update step of the GP method is given by

X = Py(x* 1V f(x)),

where Pg is the orthogonal projection operator on the box B. We roughly pre-
estimated the smoothness parameter L, which is a positive number satisfying |V f(y) —
Vf(x)|| <L||x—y]|| forall x,y € B. We used the estimate L =~ 7250, and then set the
constant stepsize ¢ := 1 /L. We stopped both algorithms (MM and GP) at the first
iterate k for which the inequality

F(x*) - F(x*1) <1077



22 Amir Beck and Dror Pan

held true. In the MM method (Algorithm 1), whenever multiple minimizers were
found for a univariate subproblem (in a variable y;), we took the minimizer whose
distance from xf»‘ was maximal.

We compared the results of the two methods. To test the results in terms of the
problem’s objective, we also computed the global optimal value of (15), by apply-
ing the solver SCIP (see [1] and references therein). The solver found the global
minimizer x* = (1000, —78,0)7 with an optimal value F* = —158372760. Table 3
presents the following results regarding the 100 runs of each method (with the same

100 initial points).

e P-Glo: number of runs (out of 100) in which the method reached a global optimal
solution, that is, with value F*.

e [T-min, IT-max, IT-ave: minimal, maximal and average numbers of iterations
(among 100 runs) till the method stopped.

e ITG-min, ITG-max, ITG-ave: minimal, maximal and average iteration numbers
only among the runs in which a global solution was reached.

Table 3 Chances of reaching a global solution and iteration numbers of GP and MM.

Method  P-Glo IT-min IT-max IT-ave ITG-min ITG-max ITG-ave

GP 56 827 69079 5353.84 1360 30371 45243
MM 75 3 42 18.53 4 42 20.81

In addition, in 28 of 100 runs the MM method yielded a final output with a better
(lower) objective value than the GP, while in all those 100 runs its final output was
not worse than GP in objective value. Moreover, for each of the 100 final outputs of
the GP method we also tested the performance of MM initialized at that output. In
27 cases we found that a run of MM initialized at those points yielded a better final
output (a vector having a lower objective value).

Remark 2. Tt might be possible that the better chances of achieving a global opti-
mum by MM are related to the phenomena demonstrated in Example 12 where it
was demonstrated that strongly stationary points can be much less common than
standard stationary points. While accumulation points of Algorithm 1 are always
strongly stationary by part 3 of Theorem 3, those obtained by first-order methods
such as Algorithm GP are only guaranteed to be (standard) stationary points. Since
by Lemma 4 global minimizers of (2) must be strongly stationary points, Algorithm
1 seems to be more likely to reach one of them.
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5 Applying the IMM Method on Compositions of Strongly
Convex Majorizers

The subproblem that is being approximately solved at each iteration k of the IMM
method for solving (2) is
(He) minH(y,x"),
y

where H denotes a consistent majorizer of F'. In this section we treat the case where
F is given as a composition F = ¢ of, which is the setting described in Section 2.4.
We introduce an algorithm that we relate to as the “inner” method. For each iter-
ate k, it computes an approximate minimizer of problem (Hy) within the tolerance
required to ensure the convergence properties established in Theorem 3. Let

F(x) = o(f1(%), f2(%);.-, fin(x)), (16)

H(va) = (P(hl(YaX)ah2(y7X)’ s vhm(yvx))v (17)

where fi,f2,...,fm : R" = R and ¢ satisfy Assumption 1. Forany i € {1,2,...,m}
let the function A; be a consistent majorizer of f; which satisfies Assumption 2. By
Theorem 2, the function H is a consistent majorizer of F, and since all the functions
h; satisfy Assumption 2, it follows by the monotonicity of ¢, that H = ¢ of also
satisfies Assumption 2. Recalling that by Assumption 1 we have ¢ = o¢ for some
convex compact set C C R", we further use the following notation. Denote for any
given L € Cand x € R"

a(x) = min ATh(y,x),
where h(y,x) = (h1(y,x),h2(y,X),. .., hn(y,x))7. It should be noted that the mini-
mum in the definition of ¢(A,x) is finite for any x € R" as A; satisfies Assumption 2
forallie {1,...,m},and A € R
For any given x € R" we consider the two functions Hx(y) = H(y,x) and gx(1) =
q(A,x) as “primal” and “dual”, respectively. In addition, we denote

Ox = ngqx(l),

and recall that by (17) and Assumption 1(A) H(y,x) = max;c A" h(y,x). In the
setting of this section, for any x € R" one has dom(Hy) = dom(F) = R". The fol-
lowing theorem provides the theoretical basis of the proposed inner method.

Theorem 4 (Strong duality). Let C C R be nonempty, convex and compact, f; :
R" — R be closed and directionally differentiable for all i € {1,...,m}, and let
F be defined by (16), with ¢ = oc. Assume that h; is a consistent majorizer of f;
which satisfies Assumption 2 for any i € {1,...,m}. Assume further that for any
i€{l,...,m} and x € R" the function y — h;(y,X) is convex. Let H be defined by
(17). Then for any x € R" it holds that
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Ox = My {:— myinH(y,x)} .

Proof. Let x € R" be given. We utilize the classical min-max theorem of Sion [22].
The set C is convex and compact; R”" is convex and closed. For each A € C C RY
the function kTh(y, X) is convex in y as a nonnegative linear combination of convex
functions, and for each y € R” the function A" h(y,x) is concave in A as an affine
function. Thus, by Sion’s min-max theorem [22, Theorem 3.4], it follows that

My = minH (y,x) = minmax A" h(y,x) = maxmin A" h(y,x) = maxq(4,x) = Qy.
y y AeC AeC Y reC

O

The equality Ox = My enables to formulate a criterion ensuring that a tested

vector X € R” is an approximate y-vector at x.

Lemma 5 (stopping criteria). Consider problem (2), where F is given by (16) for
f1,---, fm and @ = o¢ that satisfy Assumption 1. Let H be defined by (17) for some
consistent majorizers hy, ..., hy of f1,. .., fm, respectively, which satisfy Assumption
2. Letx € R", and y € (0, 1]. Assume that a vector X € R" and a vector lec satisfy

the inequality
Hy(%) — gx(A) < 1%W(x)—b&(fc)). (18)
Then X is a y-approximate vector at X:
F(x)~ F(%) > F(x) ~ By(%) 2 7-S(x).
Proof. By Theorem 4 and the definitions of My, Qx, we obtain
Hy(%) > My = Ox > gx(2).

Thus, along with (18),

Rearrangement yields
—YMyx < (1 =7)F(x) — Hx(X),
or, equivalently,
Hy(X) < My + (1= 7)(F(x) = My) = My + (1= 7) - S(x).

By property (A) of consistent majorizers along with the definition of S, it follows
that
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F(x) = F(%) > F(x) — Hy(%)
> F(x)— My — (1—7)-S(x)
= S(x)— (1-7)-S(x) = 7-S(x).
O

Lemma 5 covers the result of part 2 of Lemma 3 for y = 1; in this case X is an
exact minimizer of H. Notice that the verification of (18) does not require to know
the value S(x). To complete the description of the implementation of Algorithm 2
with ¥ < 1 in this case we need to explain how we calculate vectors 2 € C and
X € R” satisfying (18). We further assume two additional assumptions on C and on
the consistent majorizers hy,...,h,.

Assumption 4 (Strongly convex components). There exists a number ¢ > 0, such
that foranyi € {1,...,m} and x € R" the function'y — h;(y,X) is o-strongly convex.

Assumption 5 (Nondegeneracy of the composition). 0 ¢ C.

Assumptions 4 and 5 guarantee that for each A € C and x € R” the function
y — ATh(y,x) is strongly convex with convexity parameter uniformly bounded
away from zero over A € C. Indeed, lTh(y,x) is a nonnegative linear combina-
tion of o-strongly convex functions, where at least one coefficient is positive. The
convexity parameter is lower bounded by ¢ - minj < ATe, where the latter quantity
is positive since C C R} is compact, and 0 ¢ C. In particular, they imply that H
satisfies Assumption 2. We further note that Assumption 4 is not very restrictive, as
its does not relate for the model itself, but rather only to the constructed majorizers
hi,... ¢y

The above two assumptions are needed for establishing smoothness properties
on gyx, which in turn, enable to apply some fast first-order optimization methods
on the dual problem max)ccgx(A). Such a method can be utilized to compute an
approximate minimizer of the primal problem miny Hx(y). For x = x* the latter is
the subproblem needed to be solved approximately at the kth iterate of the IMM
method (Algorithm 2). The following shows how two vectors X and A satisfying
(18) can be obtained given a vector A whose corresponding objective value is close
in some sense to Qy.

Proposition 1. Let C C R be compact and convex set, and let fi,..., f, and ¢ =
oc satisfy Assumption 1. Let F be defined by (16) and H be defined by (17) for some
consistent majorizers hy,... ,hy of fi,..., fm. Suppose that Assumptions 4 and 5
hold. Let x € R" be a point satisfying S(x) > 0. Denote l¢c := miny .- A" e. For any
Ae€Clety), = argmianh(y,x).

y

1. For any A € C the inequality

O'-lC

TH)’* —¥2l? < Ox—gx(R)

holds, where y* € argmin Hy(y).
y
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2. For any vy € (0,1) there exists some €, > 0 such that if Ox — gx(1) < &y, then

zum%%m<¥¥ww—mm»

Proof. To show part 1, first we denote for all A € C and y € R”
kaL (Y) = A’Th(y7 X)'

By Assumption 5, Ic > 0. The function ky ; is (0 - Ic)-strongly convex by Assump-
tion 4. Thus, y, exists and is unique, and for any y € R" it holds that

(0-lc)

ke (¥) = kea(ya) + =5y =val (19)
In addition,
kx,/'L (y*) = lrh(y*’x) S I}leaé(l’rh(y*,x) = HX(y*) = QX> (20)

where the last equality is the result of Theorem 4 (Assumption 2 holds for all
h; by Assumption 4). Therefore, combining (19), (20) and the fact that gx(A) =
miny ky 3 (y) = kx 2 (Y2 ), we conclude that

(G ) lc) * *
Y YAl S ha() — ke a (Y1) < Ox—kx 2 (Y1) = Ox — ax(R).
2
Let us now show part 2. Since S(x) > 0, the vector x is not a minimizer of Hy,
and thus,
F(x) = Hx(x) > Hx(y").
Denote |
6= 5 (F(x) — Hx(y")).
Since Hy is convex with dom(Hy) = R”", it is continuous at y*, so there exists 8y > 0
such that if ||y —y*|| < 8w, then

|HX(Y) _Hx(y*)| < €.

In particular, for all such y it holds that

Hy(y) < H(y) + 5 (F(x) ~ H(x")
1 1
= JF()+ 5H(Y)
= %F(X)‘F%F(X)*E] =F(x)—¢,

or, equivalently,
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F(x) — Hx(y) > 1. 1)
Denote &y := 12;),781, and let 8y 4 > 0 be such that if ||y — y*|| < Oy y, then
* €y.1
[H(y) — Hy(y")| < -
Now, if A € C satisfies
. JOlcen 1-7
Qx - qx(l) < 8’)’ = min T&_m,, TyS] s (22)

then by part 1 it follows that ||y* —y, || < u,y, and thus,

[Hx(y2) = Hx(y")| < &y1-

In particular,

Y
2/)/ €,

Hy(yy) — Ox = Hx(yy) — Hx(y") < &1 =

and by (22),
-y
2y

Summation of the above two inequalities yields

Qx*QX()L) < €.

1— (1) 1—
Ve '< %(F(x)—ﬂx(ym.

Hy(y2) —ax(4) <

O

By Proposition 1, if A € C satisfies Ox — gx(A) < &, one can choose X :=y, and
A= A, and (18) holds. This means in particular that any iterative method for solving
the dual problem
max gx(1) 23)
reC

whose generated sequence {A*}> satisfies
gx(A") = O (24)

will eventually produce two vectors X :=y,« and A := A that satisfy the stopping
criteria (18).

One possible method that satisfies the convergence condition (24) is a variant of
the fast gradient projection (FGP) algorithm, described in [24, p.12, eq.37-39] and
[2, Section 8]. To apply the FGP method we first need to establish some smoothness
properties on the dual function gx over C. Unlike other accelerated gradient projec-
tion schemes, e.g., FISTA [6], the proposed FGP algorithm does not evaluate the
gradient Vg on vectors that are not included in C. Thus, for the FGP method to be
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well defined, and for its convergence properties to hold, we need to show that for
any x € R", there exists some Ky > 0, such that the function gy is Kx-smooth over
C. The smoothness of gy is proven in the following proposition. Here we make an
assumption that replaces Assumptions 4 and 5 and is somewhat stronger; we essen-
tially assume strong convexity of the function y — A’ h(y,x) for any A that belongs
to an open set containing C, and not just to C. Note that in cases where this assump-
tion cannot be verified (but rather only Assumptions 4 and 5), some other method
should be applied, as gx might not be smooth at boundary points of C.

Proposition 2. Let F' be defined by (16) for some fi, ..., fi, and ¢ = o¢c which sat-
isfy Assumption 1. Let x € R" be fixed. Let hy,...,h,, be consistent majorizers of
15, fm respectively which satisfy Assumption 2. Assume that for a given ¢ > 0
the function y — AT h(y,x) is 6-strongly convex for any A € C, where C is an open
set satisfying C C C. Then the following properties hold.

1. [3, Thm 6.3.3]. For any A € C the function gy is differentiable at A and
Vagx(A) =h(yz,x).
2. If. in addition, the mapping h is C', then there exists Ly > 0 such that

_ L)Z( _
IVax(2) = Vax(A) < Z[14 = A

forall A,A €C.

Proof. A full proof of part 1 can be found in [3, p.278-9] where it is assumed that the
domain for the minimization in y is compact, but this assumption is used only for the
establishment of the existence of a minimizer y, for each A. Under the assumption
of strong convexity, such a minimizer always exists even over R”. The uniqueness
of such a minimizer also follows by the strong convexity of y — A" h(y,x).

Let us prove the second part. Since for any A € C the function y > ky 3 (y) :=

A"h(y,x) is o-strongly convex, it follows that for all 1,1 € C one has

O
ke a (¥7) = kyp(y2)+ §||Y;1 —vall?
O
= /lTh(YLX)JrEH)’z—MHZ

o
= ATVax(A)+ Zlyi —va P,

where the last equality is valid by part 1, stating that gy is differentiable in C O C
with Vgx(4) = h(y,,x). In addition, as

ks (vz) = A h(y;.x) = 17 Vax (1),

we get
= o
ATV (2) = ATV (2) + S v vl
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Similarly, by changing roles of A and A we also get

5T =T = o

A" Vax(A) = 47 Vax(A) + 2 [lyi —ya 2.
Summing the last two inequalities yields (after rearrangement)

(A —2)T(Vax(A) — Vax(2)) > ollyz —yal*. (25)

In addition, since h € C! (R",R™), its Jacobian matrix is continuous, and by Weier-
strass theorem its norm is bounded on compact sets. We will now show that the
set U :={y,, : A € C} CR" is bounded. By Assumption 2, the monotonicity of ¢
and Theorem 4, Ox = My is finite. In addition, by part 1, gy is differentiable over
C and thus, also continuous over C. Thus, the term Qy — gx(A) is bounded, and by
Proposition 1, so is ||y* —y; ||, and hence, U is bounded. In particular, U := cl(U)
is compact. Denote
Ly := max [|Jn(y)|| < e,
yeU

where Jp(y,x) denotes the Jacobian matrix of the mapping y + h(y,x). Then, for
any A,A € C we have

IVgx(L) = Vax(A)| = [(yz) —h(ya)ll < Lx]ly; — yal.- (26)
By (25), (26) and the Cauchy-Schwartz inequality, we obtain that
1A =4[ [Vax(2) = Vax(A)[| = (A = 2)" (Vax(L) = Vax())
ollyz —vall
o —
> S IVas(1) — Vas(W)|1,
X

v

V

or, equivalently,
_ L2 _
IVax(2) = Vax(2)]| < Z[A=A].
O

For any x € R", the function gy is (L2/0)-smooth over C by Proposition 2, and
concave as a minimum of linear functions. Following [24], Algorithm 3 below
explicitly describes the FGP method with a constant stepsize setting, applied on
the dual problem max;ccgx(A) for a given x, where for simplicity we denote
Ly:= %i. Algorithm 3 is therefore guaranteed to generate a sequence {A;};>¢ such
that gx(A;) — Qx as [ — 0. See [24] for the complete details. As a result, for a large

enough [, it reaches vectors A := 4, € C and X :=y, , such that (18) is satisfied.
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Algorithm 3. FGP for finding an approximate solution y) for the dual problem.

e Pick arbitrary 2.°,n° € C and 6y = 1. y
e Forl=0,1,...,until a stopping criterion (18) holds for A := Al and % := Yis
compute

p'=1—-e)r +om',
1
I+1 —P l \v/ 1

)‘lJrl — (1 —GI)AI—FGIT]FH,

1 2
61 = 3 <,/e,4+4912—9,).

Example 15 (sparse source localization). Consider a scenario where one seeks to
find the best approximate solution for the system

”X_aindia izlv'”ama

where x € R” is the unknown location of a radiating source, and aj,ay,...,a, € R”
are m different known anchor points in R”. At each anchor point there exists a sen-
sor that measures the distance from the source, but returns just a noisy measurement
d;, where in most applications n = 2 or n = 3. The system can be reformulated as an
optimization problem called sparse source localization (SSL), where the approxima-
tion is in terms of the minimum sum of absolute values of the errors in the squared

measurements:
m
in ¢ F(x) := —a|?—d?| ;.
gﬁg},{ (x):=Y [[Ix—ai z!}

i=1
As in Example 11, the objective F' can be rewritten by F = ¢ of, where ¢ = o¢ with
C:=(M)" CR%¥, andforalli€ {1,...,m}
f2i71(x) = ||X_ai||2 _d127 f2i(X) = _HX—ale—l—dlZ

Note that f»>;_1 is strongly convex, and f5; is concave. Thus, a consistent majorizer
of F can be defined by H(y,x) := @ oh(y,x), where forall i € {1,...,m} we define

hai—1(y,x) = foic1(y),

and
hai(y.X) := fi(x) + V(x)" (y—x) + n]ly — x||*

for some 1 > 0.
For all i, the functions hy;_; and hy; are both strongly convex in y for any x €
R" with parameters 2 and 27, respectively, and thus, Assumption 4 holds with the
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choice 0 :=min{2,2n}. In addition, Assumption 5 also holds, as 0 ¢ C. In this case,
even the assumption required for the smoothness of the dual function in Proposition
2 is satisfied. Indeed, one can take

C:i=J{AeR™: |2 -Al.<e}
reC

1

for some number € satisfying 0 < € < min { gD ﬁ} . Some algebraic manipu-

lations can show that indeed, for any A € C the function y — iTh(y, x) is strongly
convex with parameter bounded below by the positive number 2m&, where

6 :=min{l —€(2+1n),n—€(1+2n)}.

We now show how at each iteration of Algorithm 2 one can apply the FGP
method (Algorithm 3) on the dual problem. Denote by P : R*" — C the orthogonal
projection on C. As C is a cartesian product of m copies of the two-dimensional unit
simplex, Pc(A) can be calculated as m independent projections Pa, : R — A,. Each
of those projections is given by

(170)T7 12</11—1,
PAz(a’lle) = (Oal)Tv > A +1,
0. (1*/12+/'Ll,1+/12*/11)T, |7szﬂ,1| <1,

_ T T 12
and thus, Pc(A) = (PA2 (A1, A2)" - Pay (Aom—1, Aom) ) . We denote by L, := 5%

the smoothness parameter of gy guaranteed by Proposition 2. Since L, is not known
in general, it can be estimated through a backtracking procedure.

Acknowledgements The research of Amir Beck was partially supported by the Israel Science
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Appendix - a Proof of Lemma 2

We provide a proof of Lemma 2. The necessity is proven very similarly to the proof
given in [4, Theorems 9.2] for the case where F' is continuously differentiable.

Proof. Let x* be a local minimizer of problem (2). Assume to the contrary that x*
is not a stationary point of (2). Then, recalling that F' is directionally differentiable
(dd), there exists y € dom(F) such that F'(x*;y —x*) < 0. By the definition of
a directional derivative, it follows that there exists a number 0 < 6 < 1 such that
F(x*41t(y—x*)) < F(x*) for all 0 < ¢t < 8. Since dom(F') is convex (as F is dd),
we have x* +1(y —x*) = (1 —¢)x* +ty € dom(F) for all 0 < ¢t < §, contradicting
the local minimality of x*.

As for the sufficiency part when F is convex, let x* be a stationary point of (2),
and assume to the contrary that x* is not a global minimizer of (2). Then there exists
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y € dom(F) such that F(y) < F(x*). By the stationarity of x* and the convexity of
F, we obtain

F 1 —1)x*) - F(x* F 1—-1)F(x*) - F(x*
i POV U=0X) = () o 1F () + (1 =0F () = F(X)
t—0t t t—0t t
F — F(x*
— gim O =F) _ poy - pxy <o,
t—0t t
which is a contradiction. O
References

L.

2.

3.

10.

11.

12.
13.

14.

15.

16.

17.

T. Achterberg, T. Berthold, T. Koch, and K. Wolter. Constraint integer programming: a new
approach to integrate cp and mip. ZIB-Report 08-01, 2008.

A. Auslender and M. Teboulle. Interior gradient and proximal methods for convex and conic
optimization. SIAM J. Optimization, 16(3):697-725, 2006.

M. S. Bazaraa, H. D. Sherali, and C. M. Shetty. Nonlinear programming. Wiley-Interscience
[John Wiley & Sons], Hoboken, NJ, third edition, 2006. Theory and algorithms.

. A. Beck. Introduction to nonlinear optimization - Theory, algorithms, and applications with

MATLAB, volume 19 of MOS-SIAM Series on Optimization. Society for Industrial and Ap-
plied Mathematics (SIAM), Philadelphia, PA, 2014.

. A. Beck. First-Order Methods in Optimization. MOS-SIAM Series on Optimization. Society

for Industrial and Applied Mathematics (SIAM), Philadelphia, PA, 2017.

. A. Beck and M. Teboulle. A fast iterative shrinkage-thresholding algorithm for linear invers

problems. SIAM J. Imaging sciences, 2(1):183-202, 2009.

. A.Ben-Tal and A. Nemirovski. Lectures on Modern Convex Optimization. MOS-SIAM Series

on Optimization, 2001.

. D. P. Bertsekas. Nonlinear programming. Athena Scientific Optimization and Computation

Series. Athena Scientific, Belmont, MA, second edition, 1999.

. J. Bolte, Z. Chen, and E. Pauwels. The multiproximal linearization method for convex com-

posite problems. 2017. Preprint.

P. T. C. Cartis, N.LM. Gould. On the evaluation complexity of composite function minimiza-
tion with applications to nonconvex nonlinear programming. SIAM J. Optim., 21(1):1721-
1739, 2011.

D. Drusvyatskiy and C. Paquette. Efficiency of minimizing compositions of convex functions
and smooth maps. 2017. Preprint.

D. R. Hunter and K. Lange. A tutorial on MM algorithms. Amer. Statist., 58(1):30-37, 2004.
K. Lange. MM optimization algorithms. Society for Industrial and Applied Mathematics,
Philadelphia, PA, 2016.

E. Levitin and B. Polyak. Constrained minimization methods. USSR Computational mathe-
matics and mathematical physics., 6(5):1-50, 1966.

A. S. Lewis and S. J. Wright. A proximal method for composite minimization. Math. Pro-
gram., 158(1-2, Ser. A):501-546, 2016.

Y. Nesterov. Introductory lectures on convex optimization, a basic course, volume 87 of Ap-
plied Optimization. Kluwer Academic Publishers, Boston, MA, 2004.

Y. Nesterov. Modified gauss-newton scheme with worst case guarantees for global perfor-
mances. Optim. Methods and Softw., 22(3):469-483, 2007.



Convergence of an Inexact MM Method for Composite Problems 33

18.

19.
20.

21.

22.
23.

24.

Y. Nesterov. Gradient methods for minimizing composite functions. Math. Program., 140(1,
Ser. B):125-161, 2013.

R. T. Rockafellar. Convex Analysis. Princeton, New Jersey, 1970.

J. Rosen. The gradient projection method for nonlinear programming. part i, linear constraints.
SIAM, 8(1):181-217, 1960.

J. Rosen. The gradient projection method for nonlinear programming. part ii, nonlinear con-
straints. SIAM, 9(4):514-532, 1961.

M. Sion. On general minmax theorems. Pacific Journal of Mathematics, 8(1):171-176, 1958.
P. Tseng. Application of a splitting algorithm to decomposition in convex programming and
variational inequalities. SIAM Journal on Control and Optimization, 29(1):119-138, 1991.

P. Tseng. Approximation accuracy, gradient methods, and error bound for structured convex
optimization. Math. Program., 125(2, Ser. B):263-295, 2010.



	Convergence of an Inexact Majorization-Minimization Method for Solving a Class of Composite Optimization Problems
	Amir Beck and Dror Pan
	Introduction
	Consistent Majorizers
	Directionally Differentiable Functions
	Definition
	Examples
	Consistent Majorizers of Composite Functions

	Stationarity Measures and Conditions
	The Inexact Majorization-Minimization Method
	The General Scheme
	Convergence Analysis of the IMM method

	Applying the IMM Method on Compositions of Strongly Convex Majorizers
	Appendix
	References



