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NONSMOOTH ALGORITHMS AND NESTEROV’S SMOOTHING
TECHNIQUE FOR GENERALIZED FERMAT-TORRICELLI
PROBLEMS*

NGUYEN MAU NAMT, NGUYEN THAI AN#, R. BLAKE RECTOR', AND JIE SUN$

Abstract. We present algorithms for solving a number of new models of facility location which
generalize the classical Fermat-Torricelli problem. Our first approach involves using Nesterov’s
smoothing technique and the minimization majorization principle to build smooth approximations
that are convenient for applying smooth optimization schemes. Another approach uses subgradient-
type algorithms to cope directly with the nondifferentiability of the cost functions. Convergence
results of the algorithms are proved and numerical tests are presented to show the effectiveness of
the proposed algorithms.

Key words. MM principle, Nesterov’s smoothing technique, Nesterov’s accelerated gradient
method, generalized Fermat—Torricelli problem, subgradient-type algorithms
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1. Introduction. The Fermat—Torricelli problem was introduced in the 17th
century by the French mathematician Pierre de Fermat and can be stated as follows:
Given a finite collection of points in the plane, find a point that minimizes the sum
of the distances to those points. This practical problem has been the inspiration for
many new problems in the fields of computational geometry, logistics, and location
science. Many generalized versions of the Fermat—Torricelli have been introduced and
studied over the years; see [14, 15, 17, 19, 20, 21, 26] and the references therein. In
particular, the generalized Fermat—Torricelli problems involving distances to sets were
the topics of recent research; see [2, 4, 7, 19, 20].

In this paper, we focus mainly on developing effective numerical algorithms for
generalized Fermat—Torricelli problems. Let R™ be the n-dimensional Euclidean space.
Given a nonempty compact convex set F' C R" that contains the origin as an interior
point, define the function

(1) or(u) = sup{(u,z) |z € F},
which reduces to the dual norm generated by a norm || - ||x when F := {x €
R™ [ ||z]lx <1}

The generalized distance function defined by the dynamic F and the target set ©
is given by

(2) dp(z;0) = inf{op(z —w) | w € O}.

*Received by the editors November 15, 2013; accepted for publication (in revised form) July 25,

2014; published electronically October 28, 2014.
http://www.siam.org/journals/siopt /24-4/94544. html

TFariborz Maseeh Department of Mathematics and Statistics, Portland State University, Portland,
OR 97207 (mau.nam.nguyen@pdx.edu, r.b.rector@pdx.edu). The research of the first author was
partially supported by the USA National Science Foundation under grant DMS-1411817 and the
Simons Foundation under grant 208785.

fThua Thien Hue College of Education, Hue City, Vietnam (thaian2784@gmail.com).

$Department of Mathematics and Statistics, Curtin University, Perth 6845, Australia (jie.sun@
curtin.edu.au).

1815

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.


http://www.siam.org/journals/siopt/24-4/94544.html
mailto:mau.nam.nguyen@pdx.edu
mailto:r.b.rector@pdx.edu
mailto:thaian2784@gmail.com
mailto:jie.sun@curtin.edu.au
mailto:jie.sun@curtin.edu.au
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If F is the closed unit Euclidean ball of R™, the function (2) reduces to the shortest
distance function or simply the distance function

(3) d(z;0) := inf{||z — w|| | w € O}.

Given a finite collection of nonempty closed convex sets €2; for i = 1,...,m,
consider the following optimization problem:

(4) minimize T'(z), z € Q,

where (2 is a convex constraint set, and the cost function T is defined by
m
T(x):= de(a:,Qz)
i=1

In the general case of problem (4), the objective function T' is not necessarily
smooth. To solve problem (4) or, more generally, a nonsmooth optimization problem,
a natural idea involves using smoothing techniques to approximate the original non-
smooth problem by a smooth one. Then, different smooth optimization schemes are
applied to the smooth problem. One of the successful implementations of this idea
was provided by Nesterov. In his seminal papers [25, 23], Nesterov introduced a fast
first-order method for solving convex smooth optimization problems in which the cost
functions have Lipschitz gradient. In contrast to the convergence rate of O(1/k) when
applying the classical gradient method to this class of problems, Nesterov’s acceler-
ated gradient method gives a convergence rate of O(1/k?). In Nesterov’s nonsmooth
optimization scheme, an original nonsmooth function of a particular form is approx-
imated by a smooth convex function with Lipschitz gradient. Then the accelerated
gradient method can be applied to solve the smooth approximation.

Another approach uses subgradient-type algorithms to cope directly with the
nondifferentiability. In fact, subgradient-type algorithms allow us to solve the problem
in very broad settings that involve distance functions generated by different norms
and also generalized distance functions generated by different sets F'. However, the
classical subgradient method is known to be slow in general. Thus, it is not a good
option when the number of target sets is large in high dimensions. We apply the
stochastic subgradient method to deal with this situation. It has been shown that the
stochastic subgradient method is an effective tool for solving many practical problems;
see [1, 28] and the references therein. This simple method also shows its effectiveness
for solving the generalized Fermat—Torricelli problem.

The remainder of this paper is organized as follows. In section 2 we give an intro-
duction to Nesterov’s smoothing technique, Nesterov’s accelerated gradient method,
and the minimization majorization (MM) principle to solve nonsmooth optimization
problems. These tools will be used in sections 3 and 4 to develop numerical algorithms
for solving generalized Fermat—Torricelli problems with points and sets. Subgradient-
type algorithms for solving these problems are also presented in section 4. Section 5
contains numerical examples to illustrate the algorithms.

Throughout the paper, (-, -) denotes the usual inner product in R”, and the corre-
sponding Euclidean norm is denoted by || -||; F is assumed to be a nonempty compact
convex set in R™ that contains 0 as an interior point; bd F' denotes the topological
boundary of F'. We also use basic concepts and results of convex optimization, which
can be found, e.g., in [24, 27].

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



GENERALIZED FERMAT-TORRICELLI PROBLEMS 1817

2. Nesterov’s smoothing technique, accelerated gradient method, and
MM principle. In this section we study and provide more details on Nesterov’s
smoothing technique and accelerated gradient method introduced in [23]. We also
present a general form of the MM principle well known in computational statistics.

Let f: R® — R be a convex function. Consider the constrained optimization
problem

minimize f(x) subject to z € €,
where f is not necessarily differentiable and €2 is a nonempty closed convex subset of

R™.
The class of functions under consideration is given by

f(@) := max{(Az,u) — ¢(u) | u € Q}, x € R",

where A is an m X n matrix, @) is a nonempty compact convex subset of R™, and ¢
is a continuous convex function on Q.

Let d be a continuous strongly convez function on () with parameter o > 0. The
function d is called a proz-function. Since d is strongly convex on @, it has a unique
optimal solution on this set. Denote

@ := arg min{d(u) | v € Q}.

Without loss of generality, we assume that d(@) = 0. From the strong convexity of d,
we also have

d(u) > %Hu —al? forallue Q.

Throughout the paper we will work mainly with the case where d(u) = |lu — @/
Let u be a positive number called a smooth parameter. Define

() fulw) := max{(Az,u) — ¢(u) — pd(u) | u € Q}.

The function f, will be the smooth approximation of f.
For an m x n matrix A = (a;;), define

(6) [ Al := max{[|Az[| | [lz|| <1}.
The definition gives us
[Az|| < [JA|| ||| for all z € R™.

We also recall the definition of the Fuclidean projection from point x € R™ to a
nonempty closed convex subset 2 of R™:

7w(z; Q) == {w e Q|dxz;Q) = ||l —w|}.

Let us present below a simplified version of [23, Theorem 1] that involves the
usual inner product of R™. We provide a new detailed proof for the convenience of
the reader.

THEOREM 2.1. Consider the function f given by

f(z) := max{(Az,u) — (b,u) | u € Q}, x € R",

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



1818 NGUYEN MAU NAM, NGUYEN THAI AN, R. BLAKE RECTOR, JIE SUN

where A is an m x n matriz and Q is a compact subset of R™. Let d(u) = 5|lu —u
with u € Q.
Then the function f,, in (5) has the explicit representation

| Az — b]|? k[, Ax—b ?
= A —_— —_—— .
o + (Az — b, ) 5 d(a+ - Q)

fu(z)
and is continuously differentiable on R™ with its gradient given by

vfu(m) = ATu#(x),

where u,, can be expressed in terms of the Euclidean projection

uy(z) = w(u—l— Asr:u— b;Q).

The gradient V f,, is a Lipschitz function with constant

1
by = ;||A||2~

Moreover,
(7) ful@) < J(@) < fulw) + SD@ QI for all x € R,
where D(u; Q) is the farthest distance from u to Q defined by

D(w; Q) := sup{|u —u | v € Q}-

Proof. We have

fu(z) = sup {(Ax ~bu) — %Hu —al? |ue Q}

:sup{—g<||u—u||2—%<Ax—b,u>) |u€Q}

A — 2 Ar — 2 2
:_Hinf{ " T —b _|| $2b|| _—<Ax—b,ﬁ>|U€Q}
2 Iz s H
Az — b||2 Az —b|*
:%—!—Uﬁ:—b,m—ginf{ w—— |U€Q}
:Mﬂm_b,@_ﬁ[d(uﬂ b;Q)].
24 2 ©

Since the function ¥(u) := [d(u;Q)]* is continuously differentiable with Vi (u) =
2[u — m(u; Q)] for all w € R™ (see, e.g., [11, p. 186]), it follows from the chain rule
that

ATr <u + Axu— b; Q) .

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.
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From the property of the projection mapping (see [11, Proposition 3.1.3, p. 118]) and
the Cauchy—Schwarz inequality, for any x,y € R™ we have

_Ax—b Ay —b
vau(f)—vfu(y)Hz: Alm a+ p Q —A'm u+ yu 1Q
Ax — Ay — 2
I 7 s 20 —r ar 20

<||A||2<7Aw_Ay,7r a+Ax_b;Q -7 a+Ay_b; >>
I [ [

:@&c—y,/ﬂw ﬂ—I—Ax_b;Q -A'r u+Ayu_b;Q>>
All?

~ L 9h@ - vaw)
IAIE, ;. -

<l e = sl IV £u(@) = Vhu0)]|

This implies that
A 2
IV ful) — Vi ()] < %nx .

The lower and upper bounds in (7) follow from
(Az=b,u) = Elju—al < (Az—b,u) < ((Az = b,u) = Sllu —al” )+ 5 sup{llg—al | ¢ € @}

for all x € R™ and u € Q. O
Ezample 2.2. Let || - ||x, and | - ||x, be two norms in R™ and R", respectively,
and let || - [|xs and || - ||x; be the corresponding dual norms, i.e.,

]l x; = sup{(z, u) | lullx, <1}, i =1,2.

Denote By, := {u € R™ | ||u||x, < 1} and Bx, := {u € R" | ||u||x, < 1}. Consider
the function f:R"™ — R defined by

9(@) = [|Az — bl x; + Allzl|x;,
where A is an mxn matrix, b € R™, and A > 0. Using the prox-function d(u) = 1|[u|?,
one finds a smooth approximation of f below:

2

JAz—bJ® @ Az—b B
= —=d B A —=d —;B
/’L(‘/'E) 2/.1/ 2 ? Xl + 2/.1/ 2 'LL7 X2
The gradient of f, is
Ar —b
Vou(r)=ATn 222 By +ar E;sz ,

and its Lipschitz constant is

AP+ A

L
g [

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.
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Moreover,

9u(%) < 9(2) < gu(@) + E([D(0;Bx, )2 + [D(0; By, )]?) for all 2 € R".

2
For example, if || - || x, is the Euclidean norm, and || - || x, is the £>°-norm on R™, then
Az —b x
V. (x)=AT + Amedian —, e, —e
A=A AT = ol ) ;

where e = [1,...,1]T € R™.

Let us provide another example of support vector machine problems. Our ap-
proach simplifies and improves the results in [32].

Ezample 2.3. Let S := {(X;,y;)}!", be a training set, where X; € RP? is the
ith row of a matrix X and y; € {—1,1}. The corresponding linear support vector
machine problem can be reduced to solving the following problem:

1 m
minimize g(w) := §||w||2 +A g li(w), w € RP,
i=1

where (;(w) = max{0,1 — y; X;w}, A > 0.
Let @ :={u € R™ |0 <wu; <1}, and define

m

flw) = Zéz(w) = max(e — Y Xw, u),

ue
i=1 Q

where e = [1,...,1]T and Y = diag(y) with y = [y1,...,ym]

Using the prox-function d(u) = %||u/|?, one has

) = maxle = Y Xuw,u) — pd(w)].

-YX
uy(w) =7 u;Q = u € R"™|u; = median
I

1-— le
b L

The gradient of f, is given by

Vfu(w) = =Y X) Ty (w),
and its Lipschitz constant is £, = w
Moreover,

, where the matrix norm is defined in (6).

fuw) < f(w) < fu(w) + % for all w € RP.

Then we use the following smooth approximation of the original objective function

1
gu(w) == 5”“’”2 + A fu(w), weRP.

Obviously,
Vgu(w) =w+ AV f,(w),

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.
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and a Lipschitz constant is

YX|2
L#:1+)\u.
m

The smooth approximations obtained above are convenient for applying Nes-
terov’s accelerated gradient method presented in what follows. Let f : R® — R be
a differentiable convex function with Lipschitz gradient. That is, there exists £ > 0
such that

IVf(z) =Vl <tz -yl forallz,y e R"

Let © be a nonempty closed convex set. In his paper [23], Nesterov considered the
optimization problem

minimize f(z) subject to z € Q.

For x € R™, define
. 14 9
To(z) := arg min <Vf(;v),y—:v>+§||w—y|| |y e

Let p : R™ — R be a strongly convex function with parameter o > 0, and let zop € R”
such that

xo = arg min {p(z) | z € N}.

Further, assume that p(xo) = 0. Then Nesterov’s accelerated gradient algorithm is
outlined as follows.

Algorithm 1.
INPUT: f, ¢.
INITIALIZE: Choose xo € €.
Set k=0
Repeat the following
Find Yk = ng(l’k).
Find 2, := arg min{ £p(z) + S, HLf (i) + (Vf(zi),x —x:)] | 2 € Q}.
Set Tp41 := %ﬁzk + ]Iz—j_éyk.
Set k:=k+ 1.
until a stopping criterion is satisfied.
OUTPUT: y.
__ o

For simplicity, we choose p(x) = § || — z0]|*, where 29 € Q and o = 1. Following
the proof of Theorem 2.1, it is not hard to see that

Vi(xr).
g b

Q

yr =Tolxg) =7 xp —

Moreover,

k.
1 i+ 1
2 =T xo—zg 5 Vf(zi); Q

We continue with another important tool of convex optimization and computa-
tional statistics called the MM principle; see [8, 12, 16] and the references therein.
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Here we provide a more general version. Let f : R — R be a convex function, and
let 2 be a nonempty closed convex subset of R™. Consider the optimization problem

(8) minimize f(z) subject to x € Q.

Let M :R" x RP — R, and let F': R™ = RP be a set-valued mapping with nonempty
values such that the following properties hold for all z,y € R™:

flx) < M(z,2) forall z € F(y), and f(z) = M(x,z) forall z € F(x).
Given zg € Q, the MM algorithm to solve (8) is given by
Choose zi, € F(z) and find zg41 € arg min{M(x, z) | z € Q}.
Then
f@rg1) < M(@pt1, 21) < Mz, 20) = fzn).

Finding an appropriate majorization is an important step in this algorithm. It
has been shown in [7] that the MM principle provides an effective tool for solving the
generalized Fermat—Torricelli problem. In what follows, we apply the MM principle in
combination with Nesterov’s smoothing technique and accelerated gradient method
to solve generalized Fermat—Torricelli problems in many different settings.

3. Generalized Fermat—Torricelli problems involving points. Let € be a
nonempty closed convex subset of R™, and let a; € R™ for i = 1,...,m. In this section,
we consider the following generalized version of the Fermat—Torricelli problem:

(9) minimize H(z) := Zcrp(a: — a;) subject to x € Q.
i=1

Let us start with some properties of the function op used in problem (9). The
following proposition can be proved easily.

PROPOSITION 3.1. For the function op defined in (1), the following properties
hold for all u,v € R™ and A > 0:

(i) lor(u) —or(v)| < [[Fllllu — vll, where |[F|| := sup{|[[f|| | f € F}.

(ii) op(u+v) < op(u) + op(v).

(iii) op(Au) = Aop(u), and op(u) =0 if and only if u = 0.

(iv) oF is a norm if we assume additionally that F is symmetric, i.e., F = —F.

(V) Y||u|| < op(u), where v :=sup{r > 0| B(0;r) C F}.

Let ©® be a nonempty closed convex subset of R, and let £ € ©. The normal
cone in the sense of convex analysis to © at T is defined by

N(z;0):={veR" | {(v,x —Z) <0for all x € ©}.

It follows from the definition that the normal cone mapping N(-; ©) has closed graph
in the sense that for any sequence x; — T and vi, — v where vi € N(zg;0), one has
that v € N(z;0).

Given an element v € R™, we also define cone {v} := {A\v | A > 0}.

In what follows, we study the existence and uniqueness of the optimal solution
of problem (9). The following definition and the proposition afterward are important
for this purpose.

DEFINITION 3.2. We say that F' is normally smooth if for every x € bd F' there
exists a, € R™ such that N(z; F) = cone{ay}.

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.
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Given a positive definite matrix A, let
|z||x := VaT Ax.

It is not hard to see that the set F' := {z € R™ | ||z|]|x < 1} is normally smooth.
Indeed, N(x; F') = cone {Az} if ||x||x = 1; see [18, Proposition 2.48].
Define the set

By = {ueR" |op(u) <1},

and recall that a convex subset © of R™ is said to be strictly convex if tu+ (1 —t)v €
int © whenever u,v € O, u # v, and t € (0,1).

PROPOSITION 3.3. We have that F is normally smooth if and only if B}, is
strictly conver.

Proof. Suppose that F' is normally smooth. Fix any w,v € B}, with u # v and
t € (0,1). Let us show that tu+(1—t)v € int B, or equivalently, op (tu+(1—1t)v) < 1.
We need only consider the case where op(u) = op(v) = 1. Fix z,y € F such that

<u7j> = UF(U‘) =1and <Uvg> = UF(U) = ]-7
and fix e € F such that
(tu+ (1 —t)v,e) = op(tu + (1 — t)v).

It is obvious that op(tu + (1 —t)v) < 1. By contradiction, suppose that op(tu + (1 —
t)v) = 1. Then

1=({u+(1—-1tv,e) =t(u,e) + (1 —t){(v,e) < t{u,z) + (1 —t){v,7) = 1.
This implies that (u,e) = (u,z) =1 = op(u) and (v,e) = (v,§) = 1 = op(v). Then
(u,z) < {u,e) forall z € F,

which implies that v € N(e; F'). Similarly, v € N(e; F'). Since F is normally smooth,
u = Av, where A > 0. Thus,

1= (u,e) = (Av,e) = A\(v,e) = \.

Hence A = 1 and u = v, a contradiction.
Now suppose that B}, is strictly convex. Fix z € bd F, and fix any u,v € N(Z; F)
with u,v # 0. Let @ := op(u) and 8 := op(v). Then

(u, ) < (u,z) forallzeF
and
(w,z) < (v,z) forallze F.
It follows that (u,z) = o and (v, z) = B. Moreover,
orp(u+v) > (u,z) + (v,Z) = a+ B =0op(u) + op(v),
and hence op(u +v) = op(u) + op(v). We have u/a, v/ € B} and

U« v B _1
F wa+B Ba+p

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.
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Since B, is strictly convex, one has & = %, and hence u = A\v, where A := «/8 > 0.
The proof is now complete. d

Remark 3.4. Suppose that F' is normally smooth. It follows from the proof
of Proposition 3.3 that for u,v € R™ with u,v # 0, one has that op(u + v) =
op(u) + op(v) if and only if u = Av for some A > 0.

The proposition below gives sufficient conditions that guarantee the uniqueness
of an optimal solution of (9).

PROPOSITION 3.5. Suppose that F is normally smooth. If for any x,y € Q with
x # y the line connecting x and y, L(x,y), does not contain at least one of the points
a; fori=1,...,m, then problem (9) has a unique optimal solution.

Proof. Tt is not hard to see that for any o € R, the set

Lo ={reQ|Hx) <a}

is compact, and so (9) has an optimal solution since H is continuous. Let us show
that the assumptions made guarantee that H is strictly convex on €2, and hence (9)
has a unique optimal solution.

By contradiction, suppose that there exist z, 7 € Q with & # g and ¢ € (0, 1) such
that

H(tz+ (1 —t)y) =tH(z)+ (1 —t)H(y).
Then

or(t(@ —ai) + (1= t)(§ — ai)) = tor(T —ai) + (L = t)or(y — a:)
=or(t(Z —a)) +or((1—=t)(F—a;)) foralli=1,...,m.

If £ = a; or y = a;, then obviously a; € L(Z,y). Otherwise, by Remark 3.4, there
exists \; > 0 such that

t(i — ai) = /\1(1 — t)(g — CLZ').

This also implies that a; € £(Z,y). We have seen that a; € £(Z,y) foralli=1,...,m.
This contradiction shows that (9) has a unique optimal solution. |
Let us consider the smooth approximation function given by

m

— a2 —a.
(10) Hu(x);:; %+<x—ai7u>—g d a+wu‘”;F ,

where @ € F.
PROPOSITION 3.6. The function H,, defined by (10) is continuously differentiable
on R™ with its gradient given by
ua Xr — a;
VH,(z)=)» m a+ F o
w@) =3 m

=1

The gradient VH,, is a Lipschitz function with constant
m
L, =—.
o
Moreover, one has the following estimate:

H,(x) < H(z) < H,(z) + mg[D(ﬂ;F)]2 for all z € R".
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Proof. Given b € R™, define the function on R™ given by
f@):=0op(zx—b) =max{(z —b,u) |ue F}, xe&R"™

Consider the prox-function
1 _
d(u) := §||u — %

Applying Theorem 2.1, one has that the function f, is continuously differentiable on
R™ with its gradient given by
I )
Viue) =uu(z)=m a+ T;F

Moreover, the gradient V f,, is a Lipschitz function with constant

1

b, =—.
I

The explicit formula for f, is

|z — 0| oow o, x—b
= - — —_ .F
fulx) o + {x — b, u) 5 d u-+ P

The conclusions then follow easily. 0
We are now ready to write a pseudocode for solving the Fermat—Torricelli problem

(9)-

Algorithm 2.

INPUT: a; fori=1,...,m, u.

INITIALIZE: Choose x¢ € €2 and set £ = %

Set k=0

Repeat the following
Compute VH, (zx) = L, m(a+ =25 F).
Find yy, := 7(xr — LV H,(21); Q).
Find 2, := m(wo — * f:o SLIVH,(x:); Q).
Set xp41 := %sz + Z—iéyk.

until a stopping criterion is satisfied.

Remark 3.7. When implementing Nesterov’s accelerated gradient method, in
order to get a more effective algorithm, instead of using a fixed smoothing parameter
1, we often change p during the iteration. The general optimization scheme is

INITTALIZE: zo € ©, o > 0, ps >0, o € (0,1).

Set k= 0.

Repeat the following
Apply Nesterov’s accelerated gradient method with u = . and starting point xy,
to obtain an approximate solution 1.
Update pr+1 = opk.

until p < p..

Ezample 3.8. In the case where F is the closed unit Euclidean ball, op(z) = ||z||
is the Euclidean norm and

(2, F) :{ {ﬁ} 2] > 1,
{z},
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Consider the ¢;-norm on R™. For any = € R™, one has
[z[1 = max{(z,u) | ull <1}
In this case,
F={zeR"||z;|<lforalli=1,...,n}.

The smooth approximation of the function f(x) := ||z||; depends on the Euclidean
projection to the set I, which can be found explicitly. In fact, for any u € R™, one
has

m(u; F) = {v € R" | v; = median {u;,1,—1}}.
Now we consider the £-norm in R™. For any = € R", one has
2]l = max{(z,u) | [Jully <1}.
In this case,
F={zeR"||z|p <1}

It is straightforward to find the Euclidean projection of a point to F' in two and three
dimensions. In the case of high dimensions, there are available algorithms to find an
approximation of the projection; see, e.g., [10].

4. Generalized Fermat—Torricelli problems involving sets. In this sec-
tion, we study generalized Fermat—Torricelli problems that involve sets. Consider the
following optimization problem:

(11) minimize T'(x) := de(x; Q;) subject to x € €,
i=1

where 2 and €; for ¢ = 1,...,m are nonempty closed convex sets and at least one
of them is bounded. This assumption guarantees that the problem has an optimal
solution. The sets ; for i = 1,...,m are called the target sets, and the set € is called
the constraint set.

The generalized projection from a point = € R™ to a set © is defined based on the
generalized distance function (2) as follows:

(12) mr(2;0) ={w e O |op(r —w) =dp(x;0)}.

Note that this set is not necessarily a singleton in general.

Before investigating problem (11), we study some important properties of the
generalized distance function and the generalized projection to be used in what follows.

PROPOSITION 4.1. Given a nonempty closed convex set ©, consider the general-
ized distance function (2) and the generalized projection (12). The following properties
hold:

(i) For & € R", the set mp(T; O) is nonempty.

(ii) For z € R™, dp(z;0) =0 if and only if T € O.

(iil) If ¢ © and w € Tr(Z;0), then w € bd ©.

(iv) If F is normally smooth, then p(Z;0) is a singleton for every T € R™ and
the projection mapping 7 (+;©) is continuous.
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Proof. The proofs of (i) and (ii) are straightforward.
(iii) Suppose by contradiction that @ € int ©. Choose ¢t € (0,1) sufficiently small
such that

wy =W+ t(z — w) € O.
Then
op(Z—w)=op(1-0)(z—-—w))=1—-t)op(@—w)=(1—-t)dr(z;0) < dr(z;0),

which is a contradiction.
(iv) If z € ©, then 7p(7;©) = {Z}. Consider the case where T ¢ ©. Suppose by
contradiction that there exist wq,ws € 7p(Z;©) with wy # we. Then

v :=0p(T — W) =op(T —wz) > 0.
By the positive homogeneity of op,

T — Wy T — W

€ B} and € By.

From Proposition 3.3, the set B}, is strictly convex, and hence

T —w T — w
L 2 cintB}.
v v

N | =

This implies that
T — (W 02)/2
T\ T ¥2)/% (@1 + @2)/ € int By.
Y

It follows again by the homogeneity of o that
UF(:E — (ﬁ)l + ﬂ)g)/2) <y = dp(f; @),

which is a contradiction. It is not hard to show that 7g(-;©) is continuous using a
sequential argument by contradiction. O

To continue, we recall some basic concepts and results of convex analysis. A
systematic development of convex analysis can be found, for instance, in [11, 18, 27].
Let f:R™ — R be a convex function. For z € R", a subgradient of f at T is a vector
v € R™ that satisfies

(v,x — ) < f(x) — f(z) forall z € R™.

The set of all subgradients of f at Z is called the subdifferential of f at this point and
is denoted by 0f(Z).
For a finite number of convex functions f; : R™ — R for ¢ = 1,...,m, one has

) (Z fi> (x) =Y 0fi(z), zeR"
i=1 i=1

It is well known that a convex function f : R” — R has an absolute minimum on
a convex set Q at ¢ € Q0 if and only if

0€df(x) + N(z: Q).
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The definition below is important in what follows.

DEFINITION 4.2. A convex set F is said to be normally round if N(x;F) #
N(y; F) whenever x,y € bd F, x # y.

PROPOSITION 4.3. Given a nonempty closed convex set ©, consider the general-
ized distance function (2). Then the following properties hold:

(i) |dp(z;0) — dp(y; ©)] < |F| [z -yl for all z,y € R™.

(ii) The function dp(-;©) is convex, and for any T € R™,

0dp(z;0) = dop(z —w) N N(w;O),

where w € mp(Z; ©) and this representation does not depend on the choice of w.

(i) If F 4s normally smooth and round, then the function op(-) is differentiable
at any nonzero point, and the function dp(-;©) is continuously differentiable on the
complement of © with

Vdp(Z;0) =Vor(z — ),

where T ¢ © and W := 7p(Z;0).

Proof. (i) This conclusion follows from the subadditivity and the Lipschitz prop-
erty of the function op.

(ii) The function dgz(-;©) can be expressed as the following infimal convolution:

dp(z;0) = inf{op(z —w) + 6(w;0) |w e R"} = (g ® or)(x),

where g(x) := 0(z;©) is the indicator function associated with O, i.e., §(z;©) = 0 if
x € ©, and 0(z;©) = oo otherwise. For any w € 7p(Z; 0), one has

op (T —w) +g(w) =op(T —w) =dr(7;0).
By [18, Corollary 2.65],
9dp(z;0) = dop(x — w) N dg(w) = dop(T —w) N N(w;O).

(iii) Let us first prove the differentiability of op(-) at Z # 0. From [18, Theorem
2.68], one has

Oop(z) = S(z),

where S(z) := {p € F | (Z,p) = op(T)}. We will show that S(Z) is a singleton.
By contradiction, suppose that there exist p1,ps € S(Z) with p; # p2. From the
definition, one has

Z € N(p1; F) = cone{ar} and & € N(pa; F) = cone {as}.

Then there exist A1, A2 > 0 such that £ = Aja; = A2ae, and hence N(p; F) =
N (p2; F), a contradiction to the normally smooth and round properties of F'. Thus,
dop(z) = S(z) is a singleton, and hence o is differentiable at Z by [18, Theorem
3.3].

Observe that the set ddp(Z; ©) is always nonempty. Since ddp(T;0) = dop(T —
w) N N(w;0) = Vo (Z —w) N N(w;0), it is obvious that Vop(Z — w) € N(w;0)
and 9dp(Z;0) = {Vor(z — w)}. Then the differentiability of dp(-;0) at Z follows
from [18, Theorem 3.3]. Since ©°¢ is an open set and ddp(x;©) is a singleton for
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every x € O°, the function dp(-;©) is continuously differentiable on this set; see the
corollary of [9, Proposition 2.2.2]. d

As a corollary, we obtain the following well-known formula for subdifferential of
the distance function (3).

COROLLARY 4.4. For a nonempty closed convex set O, the following representa-
tion holds for the distance function (3):

N(z;0)NB if Z € O,
0d(z;09) = z—7(z;0) o
NCOR if T ¢ 0.

The following proposition gives sufficient conditions that guarantee the uniqueness
of an optimal solution of problem (11).

PROPOSITION 4.5. Suppose that F is normally smooth and the target sets €; for
i =1,...,m are strictly convexr with at least one of them being bounded. If for any
x,y € Q with © # y the line connecting © and y, L(x,y), does not intersect at least
one of the target sets, then problem (11) has a unique optimal solution.

Proof. It is not hard to prove that if one of the target sets is bounded, then
each level set {z € Q| T'(z) < a} is bounded. Thus, (11) has an optimal solution.
It suffices to show that T is strictly convex on 2 under the given assumptions. By
contradiction, suppose that 7' is not strictly convex. Then there exist Z,y € Q and
t € (0,1) with  # § and

Ttz + (1 —t)g) =tT(z) + (1 — )T ().

This implies that dp(tz + (1 — t)y;Q;) = tdp(z;9;) + (1 — t)dp(y;$2;) for all i =
1,...,m. Choose ig € {1,...,m} such that £(Z,7) N Q;, = 0. Let w1 := 7p(z;,
and Wy := 7p(7; Q). Then

dr(tz + (1 = )7 Qi) = tdp(T; Q) + (1 = )dr (73 Qiy)
= tUF(.’f — ﬂ)l) + (]. — t)UF(g — ’ng)
>op((tz+ (1 —t)y) — (twr + (1 — t)w2)).

It follows that twy + (1 —t)ws = 7p(tz+(1—1)y; Q) € bd Q;,. By the strict convexity
of Q;,, one has w; = W =: w, and hence

or(t(E — @)+ (1— (7 — ) = op(t(z — ) + or((1 - )(F - ©)).

Following the proof of Proposition 3.5 implies that w € £(z,y), a contradiction. d
Let us now apply the MM principle to the generalized Fermat—Torricelli problem.
We rely on the following properties, which hold for all z,y € R™:
(i) dp(x;0) = op(x — w) for all w € mp(z; O).
(i) dp(z;0) < op(x —w) for all w € wp(y; O).
Consider the set-valued mapping

F(z) =" mp(x; ).

Then cost function T'(x) is majorized by

T(x) < M(z,w) = Zap(x —w), w=(w',...,w™) € F(y).
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Fia. 1. MM algorithm for a generalized Fermat—Torricelli problem.
Moreover, T'(z) = M(x,w) whenever w € F(z).
Thus, given z € 2, the MM iteration is given by
ZTp+1 € arg min{ M (z, wy) | © € Q} with wy, € F(xy).

This algorithm is illustrated in Figure 1 and can be written more explicitly as follows.
Algorithm 3.

INPUT: Q and m target sets ;, i =1,...,m.
INITIALIZE: zo € .
Set k= 0.
Repeat the following
Find yr,: € mp(Tr; Q).
Solve the following problem with a stopping criterion
mingeco o, 0F (T — Yr,i),
and denote its solution by xxy1.
until a stopping criterion is satisfied.

Remark 4.6. Consider the Fermat—Torricelli problem
(13) minimize p(z) = Z |l — a;|| subject to x € €.
i=1

For x ¢ {a1,...,am},

Ui Xr — a;
V() = ; rg “ e

Solving the equation V(z) = 0 yields

m
_Zisi gy

P

Tl — ad

a;

If v ¢ {a1,...,an}, define

Zm Q;

Tl — ai

o T
> in

il —

F(z) :=
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Otherwise, put F(z) := x. The Weiszfeld algorithm (see [13]) for solving problem
(13) is stated as follows: Choose xo € 2, and find gy := 7(F(zg); Q) for k > 1.

In the case where F is the closed unit Euclidean ball of R™ one has op(x) = ||z||.
To solve the problem

m
min d _[lz =yl
i=1

in the MM algorithm above, we can also use the Weiszfeld algorithm or its improve-
ments.

PROPOSITION 4.7. Consider the generalized Fermat—Torricelli problem (11) in
which F is normally smooth and round. Let {xy} be the sequence in the MM algorithm
defined by

m
ZTk41 € arg min Zop(x —mp(zr; ) |2 € Q} )
i=1

Suppose that {x)} converges to T that does not belong to Q; fori=1,...,m. Then T
is an optimal solution of problem (11).

Proof. Since the sequence {x} converges to T that does not belong to €2; for
1 =1,...,m, we can assume that z, ¢ Q; for i = 1,...,m and for every k. From the
definition of the sequence {x}}, one has

0¢e Z Vorp(xpsr — m(xr; Q) + N(xgg1; Q).

=1

Using the continuity of Vog(-) and the projection mapping 7 () to nonempty closed
convex sets as well as the closedness of the normal cone mapping, one has

0€> Vop(z—m(z;:0)) + Nz Q).
i=1

Thus,

0€e iadp(aé; Q)+ N(z;Q) =0T (z) + N(z; ).

i=1

It follows that Z is also an optimal solution of problem (11). a

It is of course important to find sufficient conditions that guarantee the conver-
gence of the sequence {z}. This can be done using [8, Propositions 1 and 2]; see also
[7]. We justify the use of this approach in the following lemma and apply it in the
proposition that follows. For simplicity, we assume that the constraint set {2 does not

intersect any of the target sets €; for i =1,...,m.
LEMMA 4.8. Consider the generalized Fermat—Torricelli problem (11) in which at
least one of the target sets Q; for i =1,...,m is bounded and F is normally smooth

and round. Suppose that the constraint set Q does not intersect any of the target sets
Q; fori=1,...,m, and any x,y € Q with x # y the line connecting x and y, L(z,y),
does not intersect at least one of the target sets. For any x € ), consider the mapping
Y Q0 — Q defined by

i=1

Y(x) := arg min Zap(y —7p(x;€)) |y € Q} .
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Then 1 is continuous at any point T € Q, and T (¢¥(x)) < T(x) whenever x # (x).
Proof. Fix any x € Q. By Proposition 3.5 and from the assumptions made, the
function

9(y) ==Y orly —mr(w;Q))
i=1

is strictly convex on €, so ¢(x) is the unique solution of the Fermat—Torricelli problem
generated by mp(x;€Q;) for ¢ = 1,...,m. Thus, ¢ is well defined. Fix any sequence
{1} that converges to T. Then yj, := ¥ (z}) satisfies

0€> Vor(ye — mr(zr; ) + N(ye: Q).
i=1

Since at least one of the sets ; for ¢ = 1,...,m is bounded, we can show that
the sequence {y;} is bounded. Indeed, suppose that €; is bounded and {y;} is
unbounded. Then there exists a subsequence {yx,} such that |y, | — oo as p —
oo. For sufficiently large p and a fixed y € €, since yp, = arg min{} ", op(y —
r(2r,; Q) | y € Q}, we have

m m

Zap(y —7p(Tr,; Q) > ZUF(ykp —7r(Tr,; ) > 0F (Yr, — TR (Tk,; 1))

i=1 i=1
> Yllyr, — 7r(2k,; ),
where 7 is the constant defined in Proposition 3.1. Letting p — oo, one obtains a

contradiction showing that {y;} is bounded.
Now fix any subsequence {yx,} of {y;} that converges to § € 2. Then

0e Z VUF(ij - W(kahgi)) + N(ykhQ)v
=1

which implies that
0¢€ Z Vor(y —mr(Z; %)) + N(7; Q).
i=1

Therefore, § = ¥ (Z). It follows that yx = ¥(zr) converges to § = ¥(Z), so ¢ is
continuous at z. Fix any x € Q such that  # ¥ (x). Since the function g is strictly
convex on ) and ¢(x) is its unique minimizer on 2, one has that

T(p(@) =Y dp((@); ) <Y or((@) — mp (@ Q)
=1 i=1

< Z op(x —7mp(x;)) = T(x).
i=1
The proof is now complete. d
Let us present below a convergence theorem for the MM algorithm.
THEOREM 4.9. Consider the generalized Fermat—Torricelli problem (11) in the
setting of Lemma 4.8. Let {1} be a sequence generated by the MM algorithm, i.e.,
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Tpr+1 = Y(xg) with a given xg € Q. Then any subsequential limit of the sequence
{zr} is an optimal solution of problem (11). If we assume additionally that €; for
i =1,...,m are strictly convex, then {x1} converges to the unique optimal solution
of the problem.

Proof. In the setting of this theorem, [8, Proposition 1] implies that ||zx+1—2k| —
0. Since xp41 := ¥(xy), applying Lemma 4.8 yields T(xg41) < T'(zg) < -+ < T(xo)
for every k. Then from the assumptions made, it is not hard to see that {zj} is a
bounded sequence. Let {x,} be a subsequence of {z}} that converges to some Z’.
Note that ||zg+1 — 2| — 0 implies that {zx,+1} also converges to &’ as £ — oo. Since

xg, & Q; for all i = 1,...,m and for all ¢, from the definition of the sequence {xy},
one has
0€ Y Vor(@r 1 —mr(@r; %)) + N(wr,+139).
i=1
Then

0e Z Vop (@ —mp(@'; Q) + N(@'5 Q).
i=1

Thus,

0€ > 0de('s Q) + N(¥';) = OT(') + N(';9).
i=1

Therefore, T’ is an optimal solution of problem (11).

If Q; fori =1,...,m are strictly convex, then problem (11) has a unique optimal
solution Z by Proposition 4.5. Thus, Z’ = Z and the original sequence {z\} converges
to . g

It is important to note that the algorithm may not converge in general. Our
examples partially answer the question raised in the concluding remarks of [8].

Example 4.10. Let OQ; and 2 be subsets of R? defined by

Oy = {(xl,ﬁg) S R2 | To > 1} and Q9 := {(xl,ﬁg) S R2 | To < —1}.

Consider the generalized Fermat—Torricelli problem (11) for two sets ; and €2y with
the constraint being the line @ := R x {0} generated by the f,,-norm, i.e., F =
{(u1,u2) € R? | |u1| + |uz| < 1}. Starting from zo = (0,0), choose yo.1 = (1,1) and
Yo2 = (1,—1). Then 21 = (1,0) is an optimal solution of the generalized Fermat—
Torricelli problem for two points yo,; and yo2 generated by the /.-norm. Similarly,
we can choose y11 = (2,1), y12 = (2,—1), and 2 = (2,0). Repeating this process,
one sees that x, = (k,0) is a sequence generated by the MM algorithm, which does
not have any convergent subsequence.
Example 4.11. Let Q; and 5 be subsets of R? defined by

Q= {(21,0) € R? | z; > 0} and Q5 := {(0,22) € R? | 5 > 0}.

Consider the unconstrained generalized Fermat—Torricelli problem (11) for two sets
0y and Q9 generated by the oo-norm. It is not hard to see that (0,0) is the unique
optimal solution of this problem. Starting from zy = (1/2,1/2), choose yo1 = (1,0)
and yo2 = (0,1). Then x; = (1/2,1/2) is an optimal solution of the generalized
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Fermat—Torricelli problem for two points yo,1 and g2 generated by the f.-norm.
Obviously, if we choose the projections in this way, the sequence of optimal solutions
and optimal values of the majorizations do not converge to the optimal solution and
the optimal value of the problem.

Let us consider an example in which the convergence for the MM method is not
guaranteed even if we consider generalized Fermat—Torricelli problems generated by
the Euclidean norm.

Example 4.12. Let Q; for i = 1,2, 3 be three Euclidean balls of R? defined with
radii 1 and centers at (—4,0), (0,0), and (4,0), respectively. Consider the uncon-
strained generalized Fermat—Torricelli problem (11) for these sets generated by the
Euclidean norm. We use the starting point zo = (0,1). Then yo2 = z¢ = (0,1), and
yo,1 and yo 3 are the intersections of the line segments connecting xy with the centers
of 1 and 23 and the boundaries of these disks. Obviously, xx = x for every k, where
x) is the sequence defined by the MM algorithm. However, zq is not an optimal so-
lution of the problem. In fact, the solution set is the line segment connecting (—1,0)
and (1,0).

Let © be a nonempty closed convex set. Consider the generalized distance function
dp(+;©) generated by a dynamic F. For a point T ¢ ©, a point @ € 7r(T;0) is said
to be a representation of the subdifferential 0dr(z; ©) if

Oop(z —w) C N(w;0).

From the definition we see that if F' is normally smooth and round, then @ := 7 (z; ©)
is always a representation of the subdifferential 0dr(7; ©).

Ezample 4.13. Let © be the cube [¢c; —r,c1 +7] X [ca — 7, ca + 7] X [c3 — 1, c5+ 7]
of R3, and let

F = {(u1,ug,u3) € R? | |ug| + |ug| + Jug| < 1}.
For any = ¢ ©, the choice of projection
w:={y € R® | y; = max{c; — r,min{z;, ¢; +r}}} € mp(x;0O)

satisfies that condition that w is a representation of ddr(z;©).
PROPOSITION 4.14. Consider the generalized Fermat—Torricelli problem (11).
Let {x1} be the sequence in the MM algorithm defined by

m

ZTpy1 € arg min Zap(x —yki) |z e |
i=1

where y,; € Tr(Tr; Q). Suppose that {xy} converges to T that does not belong to €,
fori=1,...,m. Suppose further that for any limit point, §; € np(T;Q;) of {yki} is
a representation of the subdifferential Odp(z;$Y;). Then T is an optimal solution of
the problem.

Proof. For sufficiently large k, from the definition of the sequence {x}}, one has

0e Z 00F(Tht1 — Yk,i) + N(xpp1; Q).
im1

The estimate

or(—yri) < op(—zk) + op(TK — yri) < Sl}ip[UF(_mk) + dp(rg; Q)] < oo
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implies that {yx;}r is a bounded sequence in Q; for ¢ = 1,...,m. Without loss of
generality, we can assume that yi; — ¥; € 7p(Z;€;) as k — oco. Using the fact that
Oop(u) is compact for any v € R™ and the normal cone mapping v = N (u;$2) has
closed graph yields

0€> dop(—ui) + N(z;9Q).

i=1

Since dop (T — §;) = Oop (T — ;) N N(7:; ) = ddp(T; ),

06> ddp(z; Q) + N(x:Q) = 0T(z) + N(z; Q).
i=1

Therefore, T is also an optimal solution of problem (11). 0

Remark 4.15 (subgradient-type algorithms). The generalized Fermat—Torricelli
problems presented in this section and section 3 can be solved by the projected subgra-
dient method (see, e.g., [3, 29]). When applying the projected subgradient algorithm
to the generalized Fermat—Torricelli problem (11), at iteration k we need to find a
subgradient uy, ; of each component function ¢;(x) = dp(z; ;) fori =1,...,m at xy.
By the well-known subdifferential sum rule of convex analysis,

m
Wg = E Uk ;
i=1

is a subgradient of T at xj. Proposition 4.3 as well as its specification to the case
of the distance function in Corollary 4.4 provide us with a method of finding such a
subgradient. Note that if x) € €, the subdifferential ddg(zx; ;) always contains 0,
so we can choose ug; = 0. In the case where xj, ¢ ;, a subgradient uy ; can be found
by using a projection point py,; € mr(rr; ) and we find ug,; € dop(xyr — pri) N
N (pr,i; ).

The projected subgradient algorithm exhibits slow convergence rates when apply-
ing to the generalized Fermat—Torricelli problems (9) and (11). One of the reasons
is that in each iteration, in order to get an improvement we need to calculate all
subgradients uy ; for ¢ = 1,...,m. This is computationally expensive if the number
of target sets is large. In order to overcome this shortcoming, the stochastic subgra-
dient method provides an alternative; see [3]. The main idea is that in each iteration,
rather than scanning through all the target sets to find a subgradient as in the sub-
gradient method, we choose ¢ uniformly at random from [ and find the subgradient
Wi, € Odp(xg; Q). After that, we define wy, := muwy ¢ and perform the iteration

Th41 = w(xk — ak@k; Q)

A more general method can be presented as follows. Fix a positive integer p such
that p < |I|. At the iteration k, we choose uniformly at random a nonempty set of
indices Iy, |I| = p, that is a subset of I. Then for each i € Iy, find ux ; € ddp(xg; Q).
After that, set

{Dk — mZiEIk Uk,i’
p

and perform the iteration

Tp1 = T(rr — apWi; Q), Virr = min{Vy, f(xp)}.
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5. Numerical examples. To demonstrate the methods presented in the previ-
ous sections, let us consider a numerical example below.

Ezample 5.1. The latitude/longitude coordinates in decimal format of 1217 US
cities are recorded, e.g., at http://www.realestate3d.com/gps/uslatlongdegmin.htm.
We convert the longitudes provided by the website above from positive to negative to
match with the real data. Our goal is to find a point that minimizes the sum of the
distances to the given points representing the cities.

If we consider the case where op(x) = ||x||, the Euclidean norm, Algorithm 2 al-
lows us to find an approximate optimal value V* ~ 23409.33 and an approximate opti-
mal solution z* ~ (38.63, —97.35). Similarly, if o (z) = ||z||1, an approximate optimal
value is V* & 28724.68 and an approximate optimal solution is z* &~ (39.48, —97.22).
With the same situation but considering the ¢,,-norm, an approximate optimal value
is V* &~ 21987.76 and an approximate optimal solution is z* & (37.54, —97.54).

Figure 2 below shows the relation between the number of iterations k and the
optimal value Vj, = H (yi) generated by different norms.

T T
sum norm
- ® -max norm
- - - Euclidean norm|]|

Function value

I I I I I I I I I
0 200 400 600 800 1000 1200 1400 1600 1800 2000
k

Fic. 2. Generalized Fermat—Torricelli problems with different norms.

In the example below we apply Algorithm 2 in combination with the Weiszfeld
algorithm to solve generalized Fermat—Torricelli problems involving sets.

Ezxample 5.2. In the same setting as Example 5.1, we consider 1217 squares cen-
tered at the coordinates of the cities with the same radius (half-side length) r = 2.
The constraint is the line given by the equation x — y = —180. We implement Algo-
rithm 3 with the starting point xo = (0, 180) to solve the generalized Fermat—Torricelli
problem generated by these squares and the Euclidean norm. In each step of the MM
algorithm, we use Weiszfeld’s algorithm to solve the classical Fermat—Torricelli prob-
lem generated by the projections y; for ¢ = 1,...,1217. The MM method gives
very fast convergence rate in this example. With 5 iterations of the MM algorithm
along with 10 iterations of Weiszfeld’s algorithm, we achieve an approximate optimal
value V* = 38161.35 and an approximate optimal solution z* =~ (56.84, —123.16);
see Figure 3. It is required to perform more than 15,000 iterations of the stochastic
subgradient algorithm to achieve similar results. However, the MM algorithm may
not, converge in some situations where the sequence x; enters the target sets, while
the stochastic subgradient method is applicable to this case.

Example 5.3. Consider six given cubes in R? with centers defined by the rows of
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Latitude

L L L L L L L L L L
470 160 -150 140 130 10 -100 s -8 70

1o
Longitude

Fra. 3. A generalized Fermat—Torricelli problem with US cities.

the matrix
—6 6 —4
-5 -3 —6
2 3 4
4 —4 =5
5 6 —6
-5 =2 4

and the half-side lengths being r; = 1.5 for ¢ = 1,...,6. The implementation of the
algorithm above for the generalized Fermat—Torricelli problem for the cubes generated
by the Euclidean norm yields a suboptimal solution x* = (—1.0405, 0.8402, —1.4322).
This result can also be obtained by the subgradient method under a much slower
convergence rate.

With the same problem but considering the /..-norm instead of the Euclidean
norm, the choice of the projection from a point z to any cube ) with center ¢ and
half-side length r is given by

{y e R3 | y; = max{¢; — r,min{x;,¢; + r}}} € 7 (x; Q).

Then one obtains a suboptimal solution z* = (—0.6511,0.6511, —0.3489); see Figure
4.

Fic. 4. A generalized Fermat—Torricelli problem with the MM method.
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