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Abstract  Optimal control problems involving hybrid binary-continuous control costs are
challenging due to their lack of convexity and weak lower semicontinuity. Replacing such
costs with their convex relaxation leads to a primal-dual optimality system that allows an
explicit pointwise characterization and whose Moreau-Yosida regularization is amenable
to a semismooth Newton method in function space. This approach is especially suited for
computing switching controls for partial differential equations. In this case, the optimality
gap between the original functional and its relaxation can be estimated and shown to be
zero for controls with switching structure. Numerical examples illustrate the effectiveness
of this approach.

1 INTRODUCTION

In the context of control of differential equations, switching control refers to problems with two
or more controls of which only one should be active at every point in time. This is a challenging
problem due to its hybrid discrete—continuous nature.

To partially set the stage, consider the parabolic partial differential equation Ly = Bu on
Qr :=[0,T] X Q, where L = 9, — A for an elliptic operator A defined on Q c R", and B is
defined by (Bu)(t,x) = yu,(x)u1(t) + Yw,(x)uz(t) for given control domains w;, w, C Q (which
may include controls acting on the boundary). To promote a switching structure, we propose to
use the binary function

1 ift+#0,

o R > R, tlo :==
o 1t {O o

to construct a cost functional which has the value 0 if and only if at most one control is active
pointwise. To guarantee coercivity, we also need to add an (in this case) quadratic term, i.e., we

*Faculty of Mathematics, University Duisburg-Essen, 45117 Essen, Germany (christian.clason@uni-due.de)

"LDepartment of Mathematics, North Carolina State University, Raleigh, North Carolina, USA (kito@math.ncsu.edu).

nstitute of Mathematics and Scientific Computing, University of Graz, Heinrichstrasse 36, 8010 Graz, Austria
(karl.kunisch@uni-graz.at).


mailto:christian.clason@uni-due.de
mailto:kito@math.ncsu.edu
mailto:karl.kunisch@uni-graz.at

define for v = (v, v;) € R? the pointwise control cost

a
g(v) = 5(012 + U;) + Bloivalo.

This term combines in a single functional both switching enhancement and a quadratic cost for
the active control(s), where the binary part naturally acts as a penalization of the switching
constraint v;v; = 0. In this respect we shall consider the asymptotic behavior § — oo in
Section 4.

For some wr C Qr we then consider the problem

1 ) T
min -|ly-z + u(t)) dt,
(1) ueLz(O,T;RZ)ZHy 122 (o) /0 g(u(?))

s.t. Ly = Bu.

Using the solution operator S = L™'B : u + y, problem (1.1) can be expressed in reduced form as
(1.2) min F(u) + G(u),
u

where ¥ is smooth and convex, and G is neither smooth nor convex nor, in fact, weakly lower
semicontinuous (since this is the case if and only if g is lower semicontinous and convex, which is
not the case; see, e.g., [4, Corollary 2.14]). This makes both its analysis and its numerical solution
challenging; for example, one cannot rely on standard techniques to guarantee existence of
solutions. We therefore consider the relaxed problem

(13) min 7(u) + G (u),

where G** is the biconjugate of G, which is always convex. Existence and optimality conditions
for the relaxed problem can readily be obtained. However, as we shall see, these optimality
conditions are not directly amenable to numerical solution by Newton-type techniques. For this
reason we consider a regularized optimality system

{—py € 0F (uy),

(1.4) u, = (GQ*)Y(P)/),

where (0G"), is the Moreau-Yosida approximation of the subdifferential of the Fenchel conjugate
G”. Thus for the numerical realization, only (0G*), is needed which can be computed without
explicit knowledge of G**. For problem (1.1), the first relation of (1.4) coincides with the usual
state and adjoint equations, while the second relation allows a pointwise characterization; see
(3.6) below.

The remainder of this work is organized as follows. In Section 2, we shall provide the abstract
existence results, derive optimality conditions, and prove the convergence of solutions to sys-
tem (1.4) to minimizers of problem (1.3). Section 3 is dedicated to giving an explicit pointwise
characterization of the subdifferential 3G* and its Moreau-Yosida (dG*), in the concrete case
of switching control; two other functionals involving | - |y (sparsity and multi-bang penalties)
are discussed in Appendix A. These characterizations allow addressing the significant questions



related to the relaxation (1.3) of (1.2) in Section 4: We clarify the relation between the value of the
costs in (1.3) and in (1.2) in terms of the duality gap between G and G*, and show that in certain
cases it can be guaranteed to be zero. If this is the case, then the solution to problem (1.3) is also
a solution to problem (1.2). Moreover, we analyze to which extent the choice of the functional
(v1,v2) > |v1v2]o, when used as part of control costs, in fact leads to optimal solutions of
switching type. We shall be able to give a sufficient condition on the relation of @ and f for (1.3)
that rule out free arcs, where |v;| and |v,| are both strictly positive but not equal, whereas
singular arcs, on which |v;| = |v,| > 0, may remain. Section 5 is concerned with the numerical
solution of (1.4) via a path-following semismooth Newton method. To guarantee convergence, a
globalization is required. This guarantees superlinear convergence of the semismooth Newton
algorithm in spite of the challenging cost, which combines continuous and discrete objectives.
Finally, Section 6 contains numerical tests for switching controls in the context of an elliptic
and a parabolic partial differential equation.

Let us put our work into perspective with respect to the existing literature. Casting the problem
of switching controls as a nonconvex optimization problem involving the binary functional
| - |o is certainly new. Concerning the convex relaxation of nonconvex problems, we can draw
from existing works. We only mention the monograph [8], where, however, the focus is on
obtaining existence rather than on explicit optimality conditions and numerical realization. The
partial (Moreau-Yosida) regularization of nonsmooth convex finite-dimensional problems for
the purpose of efficiently applying first-order methods was investigated in [3]. Switching control
has been studied mainly for ordinary differential equations; here we refer to [21] for a survey
with emphasis on stability of switching systems. The Hamilton—Jacobi-Bellman equation for
switching controls was extensively studied in [6] and [23]. Switching control in the context of
partial differential equations was especially investigated with respect to their improved flexibility
over nonswitching controls for stabilization [10, 18]. Controllability for systems with switching
controls were studied in [17, 24]. The hybrid nature of continuous and discrete phenomena
when the system switches among different modes is the focus of the work in [11, 12]. In [12]
a relaxation technique combined with rounding strategies is proposed to solve mixed-integer
programming problems arising in optimal control of partial differential equations. It is verified
that the solution of the relaxed problems can be approximated with arbitrary accuracy by a
solution satisfying the integer requirements. In [14] optimal control of linear switched systems
are considered, and an algorithmic treatment is proposed that relies on an exhaustive search
which involves solving on the order of m* differential Riccati equations, where m denotes the
number of possible controller configurations and k the number of predefined switching times.

2 CONVEX RELAXATION AND REGULARIZATION APPROACH

In this section we introduce the abstract framework and recall relevant concepts from convex
analysis. Consider the variational problem

(P) min J ) = min F(u) + G(u),

where U is a Hilbert space and ¥ : U — R is convex. If moreover G : U — R U {co} is convex,
any minimizer # € U satisfies (under a regularity assumption stated below) the following



necessary optimality conditions: There exists a p € —0F () C U* such that p € dG(a) c U™,
which holds if and only if # € dG™(p); see, e.g., [20, Proposition 4.4.4]. Here,

G U > RU{eo},  G'(p) =sup(up) - Gu),
uelU
denotes the Fenchel conjugate of the convex functional G, and dG* denotes its convex sub-
differential. (In the following, we identify the Hilbert space U with its dual U* and consider
G* : U — R U {oo}.) We thus obtain the primal-dual optimality system

—p € 0F (a),
(2.1) _ (=
u € 0G (p),
which is well-defined even for nonconvex G : U — R U {0} as in the situation we are interested
in. To argue existence of a solution, we will show that the system (2.1) is the necessary optimality
condition for

(2:2) min ¥ (u) + G" (),

where G** = (G*)" is the biconjugate of G, and make the following standard assumptions:

¥ is convex and weakly lower-semicontinuous,
(A1) G is proper and non-negative,

F + G** is radially unbounded.

Proposition 2.1. Under assumption (A1), the system (2.1) admits a solution (4i,p) € U X U. If F is
strictly convex, this solution is unique.

Proof. By assumption, G : U — R + U{oo} is bounded from below by 0, which implies that
G™ > 0 as well, see, e.g. [2, Proposition 13.14]. Furthermore, Fenchel conjugates are always
lower semicontinuous and convex, see, e.g. [2, Proposition 13.11]. Together with assumption (A1)
this implies that 7 + G** is convex, weakly lower semicontinuous, and radially unbounded, and
thus a standard subsequence argument yields existence of a minimizer @ € U to (2.2).

Since dom ¥ = U ensures that the stability condition

U Mdom F — dom G*) is a closed vector space

A>0

holds, we can apply the sum rule for the convex subdifferential from [1] and again appeal to
[20, Proposition 4.4.4] for dG™ to arrive at the necessary optimality conditions (2.1). O

Problem (2.2) can be seen a convex relaxation of problem (#). This approach is thus related
to the I'-regularization in the calculus of variations, see, e.g., [8, Chapter IX], although here we
consider a more specific relaxation and pass to the biconjugate only in the nonconvex term
rather than to the full biconjugate functional J**, which allows us to obtain explicit optimality
conditions in the primal-dual form (2.1) that are useful for numerical computations.



In general, a solution to system (2.1) is not necessarily a minimizer of (#), since for nonconvex
G we cannot rely on equality in the Fenchel-Young inequality (which requires the character-
ization of the convex subdifferential). In fact, a solution to problem (#) may not even exist.
However, for the class of penalties we are interested in, it is possible to show that a solution
to system (2.1) is suboptimal in the sense that the corresponding functional value is within a
certain distance of the infimum. This distance is given by the duality gap

(2.3) S(u,p) == Gu) + G (p) — {p, w)

between G and its Fenchel dual G*. This gap is always non-negative by the Fenchel-Young
inequality, and vanishes if G is convex and p € dG(u).

Lemma 2.2. Let F satisfy (A1), and let (@, p) satisfy (2.1). Then
J@) < Jw)+d(a,p) forallueU.

Proof. Assume that (i, p) is a solution to system (2.1) and let u € U be arbitrary. Recall that the
first relation of (2.1) then implies that

F(u) — F(a) — (—p,u—u) > 0.

Furthermore, by definition (2.3) and the Fenchel-Young inequality (which holds for any proper
G) we have that

Gw) - G@) - pu—u) =G - p,u) + G P) - 6(a,p) = -6(ap).
Hence,

Jw) -J@) =(Fw+Gw) - (F@+G@))
=(Fw-F@—(-pu—u))+(Gu)—-G@) - p,u—1u))
> —=4(a, p). O

Since the subdifferential G* is in general multivalued and not Lipschitz continuous, sys-
tem (2.1) is not amenable to numerical solution. We therefore introduce the Moreau—Yosida
regularization of 0G™:

(.0 u=06")(p) = (p - prox,g.(9)).

where

3 . 1 2
proxyf(v) = argménf(w) + E“W |

is the proximal mapping of f; see [19]. We recall the following properties of prox, ¢ and (9f)y,
e.g., from [2, Props. 12.29, 12.15, 23.10, 23.43, 12.9, 16.34]; see also [15, Chapter 4.4].

Proposition 2.3. Let f : H — R U {0} be a proper convex function on a Hilbert space H. Then,



(i) (0f)y = (fy), where
fy(@) = f(prox, ((v)) + %Hproxyf(v) —o|)?

is the Moreau-envelope of f, which is real-valued and convex.

(ii) (0f)y is single-valued, maximally monotone and Lipschitz-continuous with constant y ",
(iii) 10f)y()llg < infyear(o) llqlla for allv € H,
(iv) f (proxyf(v)) < fy(v) £ f(v) forally > 0 andv € H,

(v) prox, ; = (Id+ydf)~ (the resolvent of  f).

From the last property, we can see that
1
@f)y == ([d=d+ydf)™") = af o 1d+ydf) ™,
Y

ie., (df), is indeed the Moreau-Yosida regularization of 4 f.
For brevity, we set G, := (G*), and Hy := (0G"), from here on and consider the regularized
optimality system

—py € 0F (uy),
(25) {

u, = Hy(py).

Arguing as in Proposition 2.1, existence of a solution follows from the fact that this system is
the necessary optimality condition for the problem

min 7(u) + (G;)" (w),

using that G, < G" implies that 0 < G* < (G;)" and that H, = (0G"), is single-valued by
Proposition 2.3 (i,ii).

Proposition 2.4. Under assumption (A1), the system (2.5) admits a solution (uy,p,) € U X U. If ¥
is strictly convex, this solution is unique.

The convergence (uy,p,) — (@, p) as y — 0 requires additional assumptions on ¥ and G:

(a2) (i) ¥ is Fréchet differentiable, ¥ has weakly closed graph, and
A2

(ii) {F (uy )}y >0 bounded implies {F(u; )}, >0 bounded,
(A3) {py }y>0 bounded implies {qeaig*f(py) ||q||U}Y>0 bounded.

We point out that (a2 ii) is generically satisfied for functionals of the type F (u) = F(S(u)), where

(i) F:Y — Ris radially unbounded on a Banach space Y,



(ii) F is Fréchet differentiable and F’ is bounded on bounded sets,
(iii) S: U — Y is Fréchet differentiable and S’(u)* is uniformly bounded on U,

since in this case boundedness of # (u, ) implies boundedness of y, := S(u,) and hence bound-
edness of ¥'(u,) = S’(uy)"F’(yy). In particular, it holds for many common tracking-type
functionals of the form F(y) = %H y - z||§, and bounded linear control-to-state mappings S. In
this case, ¥'(u) = S*(Su — z) and (A2 i) trivially holds. Assumption (A3) is more restrictive but
satisfied for the class of functionals we shall consider later on.

Proposition 2.5. If ¥ and G satisfy assumptions (a1)~(A3), the family {(uy,py)},>o contains a
subsequence converging weakly asy — 0 to a solution (i, p) to system (2.1). If F is strictly convex,
the whole sequence converges weakly.

Proof. First, observe that
3O\ kK = _ * - L ¥ < : *
(G,)(0) ZEB G, ) ;relg G,p) < ;részg )
by Proposition 2.3 (iii). By the optimality of u, we thus have for any y > 0 that
Fluy) < Fuy) +(Gy)"(uy) < F(0) + ;rellf] G ().

Hence, {¥# (u; )}y >0 is bounded, and assumption (a2) yields that

{py}y>0 = {_7:/(”)/)})/>0

is bounded. From assumption (a3) together with Proposition 2.3 (iii) it then follows that for
every y > 0, we have that

u,llu = [|H v < inf v <C,
lluyllu = [1Hy (y)l qeag*(py)llqll
ie, {H,(py)}y>0 and {uy }, o are bounded. Hence, there exist subsequences {u,,, }nen, {Py,, fnen
and {H,, (py,)}nen converging weakly in U to some i, p, and J, respectively. The weak closedness
of 7’ then yields
p=-F'@.

For the second relation of system (2.1), we first observe that due to the monotonicity of ¥’ and
using both relations of system (2.5), we have for any yi, y» > 0 that

<H)/1(p)/1) - H)/z(p)/z)vpyl _p)/z> = _<uy1 — Uy, /@’(uh) - 7:l(u)/z» <0,

and hence that for any sequence {y, }nen With y, — 0,

lim sup (Hy, (py,)) = Hy,, Py, ) Py = Pym) < 0.
n, m—oo
Since H, is monotone, we can apply [5, Lemma 1.3(e)] to obtain that & = dG*(p), i.e., (i1, p)
satisfies system (2.1).
If ¥ is strictly convex, the solution to system (2.1) is unique, and the claim follows from a
subsequence-subsequence argument. ]



To conclude this section, we compare the Moreau-Yosida regularization with the following
complementarity formulation of the second relation of system (2.1): For any y > 0, we have that

u€ oG (p) & p+yucdd+yoG*)(p)
e pedd+ydG)(p + yu)
© p =prox,g.(p + yu)

Su= % ((P +yu) — prox, . (p + Y“)) =(0G7),(p+yu) = (G,) (p +yu),

see also [15, Theorem 4.41]. The subdifferential inclusion can thus be equivalently expressed
as a nonlinear equation. While the subdifferential inclusion is explicit with respect to u, the
nonlinear equation is implicit. Moreover, the appearance of u in the proximal mapping rules
out the effective use of semismooth Newton methods for the applications we have in mind. On
the other hand, note that the Moreau-Yosida approximation (2.4) differs only in the absence
of yu on the right hand side of the last equality. Hence semismooth Newton methods will be
applicable.

3 SWITCHING COST FUNCTIONAL g

To make practical use of the proposed approach, we require an explicit, pointwise, characteriza-
tion of G* and (0G"), . For this, we exploit the integral nature of functionals of the type

ﬁm=4¢wmw

with D ¢ R?, for some d > 1, which allows computing the Fenchel conjugate and its subdiffer-
ential pointwise as well; see, e.g., [8, Props. IV.1.2, IX.2.1], [2, Prop. 16.50].
Specifically, we consider here the switching cost functional on R?,

(3 §(v) = S +9) + Blosals .

Other penalties of this class are discussed in Appendix A. The use of the term |v;v;|o enhances
switching between the control variables v; and v; in such a manner that simultaneous nontrivi-
ality of both of them is penalized. We shall give sufficient conditions which guarantee that in
fact v; and v, are not simultaneously nontrivial except for a singular set of controls for which

lo1| = lvz| < V2p/a.
3.1 FENCHEL CONJUGATE OF ¢

To characterize

(3.2) g (q) = sup v-q—g(v),

vER?

first note that the function v — g(v)—uv-q is lower semicontinuous and radially unbounded. The
supremum in (3.2) is thus attained at some © € R2. We then discriminate the following cases:



(i) 91 = 0, in which case g(9) = %63 The supremum in (3.2) is attained if and only if the
necessary optimality condition q; — a9, = 0 holds. Solving for 0, and inserting into (3.2)
yields

* _ 1 2
9(@) =g
(ii) D, = 0, in which case ¢g(o) = %612 By the same argument as in case (i) we obtain
* _ 1 2
g (@) =4

(iii) 91,0, # 0, in which case g(0) = %(612 + 0%) + f. Again, using the necessary optimality
condition for the supremum in (3.2) yields

@ =5+ )~ p.

It remains to decide which of these cases is attained based on the value of q. For this purpose, de-
fine

1 2 . .
. =5 ifi e {1,2},
gi (q) = 2{1 12 2 I
el +a)—p ifi=o0.
Since all g} are finite, the supremum in (3.2) is attained at
9@ = max g;(9).
From the definition, we have that g;(q) > g;(q) if |01] > |0;] and g;(q) > g;(q) if |D2] < /2ap;

similarly for g;(q). Conversely, g;(q) > g;(q) if |0;| < y/2af, j = 1, 2. Summarizing the above,
we have

24 if |q1| > |gz2] and |q2| < /2ap,
(33) 99 =25 if |q1] < gzl and |q| < 2ap,

6@ +43) B iflql gzl = v2ap.

3.2 SUBDIFFERENTIAL OF g~

Since g* is the maximum of a finite number of convex functions, its subdifferential is given by

dgr@ = | ) {u@})

{i:g*(9)=9;(q)}

where co denotes the closed convex hull; see, e.g., [13, Corollary 4.3.2]. We make a case distinction
based on all possibilities for g*(q) = g;(q), i € {0,1,2}:



(i) g"(q@) = g;(q) only, which is the case if and only if
qgeQ = {q € R?: || > |qz) and |g2| < \/Zaﬁ} .

Here the subdifferential is single-valued and given by
99" (@) = ({Za:} . {0}).
(i) g*(q) = g;(q) only, which is the case if and only if
g€ Q;:= {q € R?:|gz| > |qu| and |q1] < W} :
Here,
99" (q) = ({0}. {5 42}) -
(iii) g*(q) = gy(q) only, which is the case if and only if

q€ Qo= {q € R?: |qil, |gz| > VZaﬁ} :
Here,

99°(9) = ({0} {za}) -
(iv) g*(q) = 9/ (q) = g9;(q) # g,(q), which is the case if and only if
q € Qu = {CIER2¢|C]1| > |ga| = v2 /3}-
Here, the subdifferential is given by the convex hull of {(g;)"(¢), (9;)'(¢)}, i.e.,

39" (@) = ({Eai} [0, 2g2]) -

To keep the notation concise, we use the convention [a, b] := [min{a, b}, max{a, b}] here
and below.

W) 9°(q) = 95(q) = g;(q) # 9;(q), which is the case if and only if
q € on = {q € Rz : |q2| > |q1| = \/Zaﬂ} .

Here,

39"(9) = ([0. 2a1] . {2 a2}) -

(vi) g*(q) = g;(q) = g,(q), which is the case if and only if
q€Qu={geR? : |l = lqa] < V2ap} .

Here,

39" (@) = {(Lq, Etgz) - t € [0,1]} .
Note that this also includes the case g*(q) = ¢;(q) = g;(q) = g;(q), since then (g;)(q) €
99" (q).

Since R? is the disjoint union of the sets Q; defined above, see Figure 1, we thus obtain a complete
characterization of the subdifferential dg*(q).

10
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Qo Q0 Q2 Q2 Q2 Qo
Q1o Veaf+ Qo ——
1 Q2 QO Q1

Figure 1: Subdomains Q; C R? for the definition of dg*.

3.3 PROXIMAL MAPPING OF g*

For the Moreau-Yosida regularization or the complementarity formulation, we need to compute
the proximal mapping of g* or, equivalently, the resolvent of dg*. For giveny > 0 and v € R,
the resolvent w := (Id + ydg*)'(v) is characterized by the subdifferential inclusion
(3.4) v € (Id+ydg)(w) = {w} +ydg"(w).
Note that this implies

a+y

(3.5) ve [w, 1+ %)w] or equivalently that w € [Lv, v] ,

and hence that sign(v;) = sign(w;), j = 1,2. We now follow the case discrimination in the
characterization of the subdifferential.

(i) w € Qy: In this case, the subdifferential inclusion (3.4) yields v; = (1 + g)wl and vy = wo;
solving for wy, w; and inserting the result into the definition of Q; yields

w = (a%yvl,vz) and || > 1+ §)|vz|, lvg| < +/2ap.

(i) w € Qy: In this case, v; = wyand v; = (1+ %)wz, and as in case (i) we have that
w= (o 250) and fol> 0+ Divl, ol < y2ap.

(iii) w € Qy: In this case, v; = (1 + %)wl and v, = (1+ %)wz, and hence

w= (aiﬂ/vl,aiﬂ/vz) and o] > (1+ L)v2af,  |vg| > (1 + L)v2ap.

11



(iv) w € Qqo: In this case, v; = (1 + %)wl and vy € [wy, (1 + %)wz]. Since sign(w,) = sign(v,),
we have from the definition of Qyy that w; = sign(v;)+/2af. Hence

w = (aiﬂ/vl,sign(vz)\ma,b’) and +2af < vl < (1 + %)\IZaﬁ, |og| > (1 + g)VZa/)’.
(v) w € Qq: In this case, v, = (1 + %)w2 and v; € [wy, (1 + %)wl]. As in (iv), we have that

w= (sign(vl)\/Z(xﬂ, aLsz) and 2af < |o] < 1+ DV2ap,  [va > (1+ L)y2ap.

(vi) w € Qpo: In this case, v; € [wy, (1+ g)wl] and vy € [wq, (1+ %)wz]. This does not yield an
explicit value for w, although the definition of Q, implies that |w;| = |ws| < /2. We
therefore turn to the equivalent characterization of w via the proximal mapping

1
w = proxyg*(v) = argmin  —|z -0} + g*(2).

|21 |=lzs | <\2aB <Y

First, assume that z; = z; =: z (which implies sign(v;) = sign(z) = sign(v;)). The minimizer
of the reduced problem is then given by the projection of the unconstrained minimizer

zZ= 2;1)/ (v1 + v2) to the (convex) feasible set [—+/2af, \/2af], i.e.,

(Z“ﬁy(vl * V2)s oy (1 02)) if 72— lon + va] < V2B,

(sign(vl)\maﬂ, sign(vz)\/Zaﬁ) ifﬁm + vy| > /2ap.

Inserting each of these values for w into the relation v € [w, (1 + g)w] yields (after some
algebraic manipulations)

o] < fon] < (1+ Dol
and
V2ap < foil, oz < 1+ D)v2ap,
respectively.
We argue similarly for z; = —z, (where sign(v;) = sign(z) = — sign(v;)). Combining the

two cases, we obtain

w = (sign(vr) 7 (ol + [oal), sign(e2) 2 (fn| + [2]))

and oo < [l < L+ Dozl ol + [vz] < 2+ H)v20p,

and

w = (sign(vl)VZ(xﬁ, sign(vz)\/Zaﬁ)
and +2apf < |vy|, vl < A+ %)\/Zaﬂ, [o1| + |vo| > (2 + %)\/Zaﬂ.

12



Inserting this into the definition of the Moreau—-Yosida regularization

1
(99(@) = (a- prox, (4))

and simplifying yields

(a%yql, 0) ifgeQf,
(0, a_}rqu) ifq e Qg,
(ai Q. a+yqz) ifqeQf,
o (%ql, (qz — sign(qz)v/2ap )) if g € O,
(3.6) (997)y(q) = (%Jr o - mgn(qﬁﬁ) , a—ﬂ/qz) if g € 0},
(£ (a1 - sign(ay2aB) L (g - sign(g:)y2B)) ifq € QL

(i (2a+yCI1 - Slgn(ch)mhho ,
L (g, - sign(go) 725 il ) ifg e Ql,

where

U ={a:lal > 1+ Digel and o] < y2ap}.

V= {a: laal > @+ Dl and lgn| < v2af}

v = {a: lailla:l > 1+ L)y2ap).

ol = {a: lal € [V2aB.(1+ £)v2ap| and |l > (1 + £)\2ap),
{
{
1

Ol = {a laol € |V2a. 0+ £)2ap| and lgil > 1+ E)2ap).
Q= {4+ |l laz! € |V2ap. (1 + L)y2ap| and il + o] > (2 + £)v2ap)
0L =19 lql € [aiﬂ,lqzl,(l + §)|q2|] and |qi| + |q2| < (2 + %)W} ’

see Figure 2.
This pointwise characterization allows obtaining expressions for the Moreau-Yosida approxi-
mation and the complementarity formulation of u € dG*(p).

4 OPTIMALITY CONDITIONS AND STRUCTURE
We now discuss the properties of solutions (i, p) to system (2.1). Specifically, let
U = L*(D;R?) and G:U—->R, Gu= ‘/Dg(u(x)) dx
with g given by (3.1). The functional ¥ will be assumed to be a tracking term of the form

1
Fw) = 5 ISu—zI}

13
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Figure 2: Subdomains Qz/ C R? for the definition of (dg*), .

for a Hilbert space Y = Y* (e.g., Y = L%([0,T] X Q)), given z € Y, and a bounded linear control-
to-observation mapping S : U — Y. We further assume the existence of a Banach space
V «— L"(D;R?) with r > 2 such that the adjoint S* : Y — U maps continuously into V. The
optimality system (2.1) is then given by

p=-5"(Sua-z),
u € dG (p).
From (B.2) it follows that G** is radially unbounded. Hence, ¥ and G satisfy assumption (A1),
and Proposition 2.1 yields existence of a solution (#, p) € U X U (which is unique if S is injective).
Using Section 3.2 and the pointwise characterization of the subdifferential of integral func-

tionals (see, e.g., [2, Proposition 16.50]), the second relation in (OS) implies that for almost all
x € D,

(09)

(4-1)
a(x) € (06" (Px) = 0g"(p(x))
({£p0}. {0}) if 5x) € 01 = {g: |l > Izl and Igs| < y2aB},
{0} {£p)}) if px) € 0 = {q 921 > Ig1| and |qs| < y2apB},
B {Lp1(0)}, {2p2(0)}) if p(x) € Qo = {q il 1gz] > W},

a0} [0, 2p()]) if 5x) € Qo = {q il > lgz and gzl = 2B},
[0, 2010 L {52(2)}) if (x) € Qz0 = {q 1g2] > lqi| and |qi| = v2ap
{(£p1(x), ELpa(x)) - t € [0,1]} if p(x) € Qpp = {C] @1l = |gz] and |qi| < W} .
We define the switching arc (where at most one control is active, i.e., nonzero)

A={xeD:p(x) € Q1UQ,U{(0,0)}},

|
—_— o — —
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the free arc (where both controls are active)

I ={xeD:p(x)€ QU QU Qxn},
and the singular arc

S={xeD:p(x) € Qi \{(0,0)}}.

In a slight abuse of notation, we also introduce

8I={x€D:ﬁ(x)€Q10UQ20}.

Clearly,
D=AUTUS.

Let us address the question when the solution to system (OS) will be optimal. For this purpose,
we first estimate the duality gap (2.3).

Lemma g4.1. If (@, p) € U X U satisfiesi € 0G*(p), then
S(u,p) < BloI| +2p|S|.

Proof. We discriminate pointwise in the definition (2.3) based on the value of p(x) for almost
every x € D.

(i) p(x) € Q1. In this case, the relation (4.1) yields @ (x) = éﬁl(x) and @z(x) = 0, and thus
9(ax)) + g (F0x) = ) - 1) = 50 + 5l = () =0,

(if) p(x) € Q,.In this case, the relation (4.1) yields @;(x) = 0 and #@;(x) = éﬁg(x), and thus
§(a(x)) + g (F0) — ) - 83) = 50 + ol = ~ o) = 0.

(iii) p(x) € Qy. In this case, the relation (4.1) yields @;(x) = %ﬁl(x) and i;(x) = éﬁg(X), and
thus

9(a00) + 4" () = 5 - 80) = (0 + o) + B+ (G0 + o))
— =~ (B + pa()) = 0.

(iv) p(x) € Qyo. In this case, the relation (4.1) yields #;(x) = épl(x) and ii;(x) € [0, éﬁg(x)].

Assume first that p(x) is positive, and that 0 < @(x) < éﬁz(x) (otherwise argue as in case

(1) or (iii)). Then,

9ax) + 6" (60) ) 50) = 5 + SH + o+ ()
a 2 2a
- i~ )

= %LLZ(X)Z _p2(x)a2(x) + ﬁ

15



A simple calculus argument shows that the right-hand side is a monotonically decreasing
function of #@,(x) on (0, épz(x)) and hence attains its supremum for ,(x) = 0, which
implies that

g9(a(x)) + g"(p(x)) - p(x)a(x) < p

for all @,(x) € (0, éﬁz (x)). For g,(x) negative, we argue similarly.

(v) p(x) € Qzo. In this case, the relation (4.1) yields @;(x) € [0, éﬁl(x)] and #i5(x) = %ﬁz(x).
Proceeding as in case (iv) yields

9(a(x)) + " (p(x)) — p(x)i(x) < .

(vi) p(x) € Q12. In this case, the relation (4.1) yields (@;(x), #2(x)) = (éﬁl(x), %pz(?()) for some
t € [0,1]. Furthermore, we have that |p;(x)| = |p2(x)| < +/2ap.
First, if p(x) = (0, 0) € Q2, this implies that @(x) = (0, 0) and hence

g(a(x)) + g*(p(x)) — p(x)i(x) = 0.

For p(x) # (0, 0), we obtain

§(a0)) + g (F00) — ) - 1) = a0 + Sm0P + o+ ()
— P1(x)in(x) — pa(x)iz(x)

= %(t2 —t + D)py(x)* + %(t2 — pa(x)* + B.

Both expressions in parentheses are convex quadratic functions of ¢ € [0,1] and hence
attain their supremum at t = 0 and ¢ = 1. Together with |p;(x)| < /2af this implies that

9(a(x)) + g"(p(x)) — p(x)a(x) < 2p.

Integrating over D now yields the claim. O
From Lemma 2.2 we obtain the following characterization of (sub)optimality of solutions.

Theorem 4.2. If (@, p) € U X U satisfies (OS), then for anyu € U,
J@) < J W) + (101 + 2|S)).
Hence if 01 and S are sets of Lebesgue measure zero, il is a solution to (P).

We next investigate the behavior of 7 and § as f — oo. For this purpose, we denote by
(ug, pp) the solution to (OS) for given f > 0, with corresponding free arc Z5. Note that the value
of f does not appear in the relation (3.5) except as part of the case distinction, and hence f — oo
does not necessarily imply that ug — 0.

Theorem 4.3. Let a > 0 be fixed and let (ug, pg) satisfy (OS). Then, |Ig| — 0 as f — oo.
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Proof. We use the minimizing properties of ug with respect to ¥ + G* by making use of g**
computed in Appendix B; see (B.1). Note that from the subdifferential inclusion (4.1), we can see
that ug(x) € Dy if and only if pg(x) € Qy. Since g**(0) = 0, we have that

G (ug) < Flup) + G (up) < 7(0) = K,

i.e., the family {G**(ug)} >0 is bounded. We thus have for the free arc

Iy = [x € D+ Ippa()l. Ippa()] = V2aP) = {x €D fup a0, lug ()] 2 \/z}

that
@ Kz [ [ R s upatf) « fae gl

where the right-hand side remains bounded as f — oo if and only if the second term goes to
zero as claimed. O

Note that 075 C Iy and hence, from the estimate (4.2), the corresponding optimality gap
pl01g| remains bounded for f — co.

If pg is uniformly bounded pointwise almost everywhere, we can deduce that 75 must vanish
for some sufficiently large (finite) value of .

Theorem 4.4. IfV < L¥(D), then there exists a o > 0 such that |1g| = 0 for all § > f.

Proof. Due to the estimate (4.2) and the definition of G**, the family {uz} - is bounded in U.
Hence {Sug}p>0 and thus {F’'(Sug)} > are bounded in Y and Y*, respectively. Since S* maps
continuously to L*(D), this implies that {pg}s~¢ = {~=S"F'(Sug)}g>¢ is uniformly bounded
pointwise almost everywhere by a constant M > 0. Choosing f, such that M > +/2af,, we
obtain from the subdifferential inclusion (4.1) that Qy = Q19 = Q20 = 0, which yields the
claim. O

Remark 4.5. The above theorem is a result in the spirit of exact penalization as in, e.g., [9]. However,
it does not yield an exact penalization of the switching condition uju, = 0 almost everywhere
since the singular set S cannot be controlled fully. It appears difficult to give a sufficient condition
for S to be empty, since on this set neither ¥ (u) nor G(u) yield enough information to decide
which component of u should be active. On the other hand, since |pi(x)| = |p2(x)| has to hold
on the singular arc, we can expect |S| to be small. We shall comment on the cardinality of S for
the numerical examples. Direct extensions of the concepts in [9] are not possible, since sparsity-
promoting or exact penalty functionals of the type | - |P with p € [0,1] on the controls do not lead
to well-posed optimal control problems.
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5 NUMERICAL SOLUTION

We return to the Moreau-Yosida regularization of the optimality system (OS): For given y > 0,

find (u,,p,) € U X U satisfying

= -S*(Su, — z2),

(05,) Py (Suy —z)
uy = Hy(py).

Since ¥'(u) = S*(Su—z) is linear and bounded, assumption (aA2) is clearly satisfied; in addition, the
explicit characterization of dG* in Section 3 immediately yields that infycag+(p) llgllu < éllpllu,
and hence assumption (a3) holds. From Proposition 2.4 and Proposition 2.5, we thus obtain
existence of a solution (which is unique if S is injective) and convergence to a solution of (OS)
as y — 0. For later reference, we note that the mapping properties of S* imply that p, € V.

The solution to (OS,) can be computed using a semismooth Newton method. We first show
that H, is Newton-differentiable. Recall that H, is defined pointwise almost everywhere by

[Hy (0)](x) = hy (p(x)) := (897)y (p(x)),

and that h, is globally Lipschitz continuous with constant y ™ by Proposition 2.3 (iii). Hence, h,
is directionally differentiable almost everywhere. In addition, h, is piecewise differentiable, and
hence its directional derivative

’ . 1
hy(g:6q) = lim ~(hy(q + 15q) = hy(q))

at g in direction dq satisfies

lim L|h' (q+38g;6q) — h,(q:69)| =0 for almost all g.
l6q1-0 [5g] !
Together we obtain that h, is semismooth; see, e.g., [15, Theorem 8.2] or [22, Proposition 2.7];
see also [22, Proposition 2.26].

This implies that the superposition operator H, is Newton-differentiable from V < L"(D; R?)
to L2(D; R?) for any r > 2; see, e.g., [15, Example 8.12] or [22, Theorem 3.49]. Its Newton derivative
will be denoted by DyH, : V — U, and it is given pointwise almost everywhere at p in direction
dp by a measurable selection

[DNHy (p)opl(x) € dchy (p(x))5p(x),

where dchy(q) is the Clarke derivative, which for piecewise differentiable functions is given by
the convex hull of the piecewise derivatives at each point. Specifically, for h, given in Section 3.3,
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a Newton derivative Dyhy (q) € dch,(q) is given by

diag (#y,o) ifgeQy,
diag (0, a—iy) ifqeQy,
ding (5 2 ifgeQ),
Dk, (q) = | 8% (1) ifgeQl,
diag (%,a%y) if g € 0},
diag (1, 1) ifqeQl,
+ s1gn
o e, ) waco

where diag(-, -) denotes the 2 X 2 diagonal matrix with the given entries.
In the sequel, we shall require the following two properties of the Newton derivative.

Lemma5.1. Forallp € V and 5p € V, we have

(DNHy (p)Sp, 5p)u = 0,
1
IDNHy (p)dpllu < ;||5P||U-

Proof. Recall from Proposition 2.3 that h, is the derivative of the convex functional (g*), and
hence is monotone. Therefore we have for all t > 0, almost all g, and all §q that

0 < (hy(q +t5q) — hy(q)) - (q + t8q — q) = = (h(q + t5q) — hy(q)) - (t*5q).

~ | =

Dividing by t* > 0 and taking the limit as t — 0 yields
(5.1) hy(q;8q) - 6q > 0.

Similarly, since h, is globally Lipschitz with constant y !, we have for all t > 0, almost all g,
and all dq that

1 1
SIhy(q +t3q) = hy ()] < ;IquI-
Taking again the limit as ¢t — 0 yields
, 1
(5.2) |hy(q;:69)| < ;I5q|-
As a consequence, all elements in the Clarke derivative satisfy the inequalities (5.1) and (5.2). Since

DnH)y(p) is taken as a measurable selection from dchy (p(+)), the claim follows by substitution
and integration over D. O

19



To apply a semismooth Newton method to (OS, ), we first introduce the state y, := S(u,) € Y
and eliminate uy, thus obtaining the equivalent optimality system

(5.3) {J/y = SHy (py),

Py = _S*(J’y - z).

Considering the system (5.3) as an operator equation from Y XV to Y XV, a semismooth Newton
step for its solution consists in computing (8y, 8p) € Y X V for given (y*, p¥) € Y x V such that

{5y — SDNH, (p%)dp = —y* + SH, (p¥),

4 5p+ 5y = —pF - S'(F - 2),

and setting y**! = y* + §y and p**! = pk + p.
To show superlinear convergence of this iteration, it remains to show uniform solvability of
each Newton step.

Proposition 5.2. For any (y,p) € Y XV and (w, wy) € Y X V, the system

55) 3y + SDNH, (p)Sp = wy,
> Op — S* 6y = wy,

has a solution (6y, 5p) € Y X V which satisfies

16ylly + I6pllv < Clllwilly + [|w2llv).
Proof. Eliminating ép = S*8y + w; € V, we obtain that (5.5) is equivalent to
(5.6) 8y + SDNH, (p)S* 6y = wy + SDNH, (p)wo.

Since S$* is linear and bounded from Y to V and DyH, is monotone on V from Lemma 5.1,
the operator SDNHy (p)S™ is maximally monotone from Y to Y; see, e.g., [2, Propositions 20.10,
20.24]. Minty’s theorem thus yields existence of a solution §y € Y and hence of a corresponding
dp € V; see, e.g., [2, Proposition 21.1].
Taking the inner product of equation (5.6) with §y and using Lemma 5.1 with S*dy € V — U
implies that
16¥1I5 < (5y.8y)y + (DNHy (p)(S*6y), S*6y)u
= (w1, 8y)y + (DNHy (p)w2, S"0y)u
< willylléylly + [IDnHy (p)w2llu lIS* 6y llu

C
< (||W1||Y + ;”WZHV) 16ylly,

using the boundedness of S* from Y to V and Lemma 5.1 with w, € V < U. The second equation
of (5.5) then yields

CZ
1plly < Cllwly + (1 . 7) sl g
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As a consequence of the Newton differentiability of H, and of Proposition 5.2, we obtain the
following result; see, e.g., [15, Theorem 8.16], [22, Chapter 3.2].

Theorem 5.3. The semismooth Newton iteration (5.4) converges locally superlinearly in Y X V.

Since the right-hand side of the Newton system (5.4) is linear apart from the term H, (p*), we
can use the following termination criterion for the Newton iteration: If all active sets A;(p) =
{x € Q:p(x) € Q''} coincide for p¥ and p**!, and the control is computed as u¥*! = H, (p**?),
then (u**1, p**1) satisfies (0S,); see, e.g., [15, Remark 7.1.1].

This can be used as part of a continuation strategy to deal with the local convergence behavior
of Newton methods: Starting with y° large and (y°, p°) = (0,0), we solve the regularized
optimality system (OS, ) using the semismooth Newton iteration (5.4). If the iteration converges
for some y™ (in the sense that all active sets coincide), we reduce y™*! = %ym and solve the
system (OS, ) again with the solution for y™ as the starting point. This procedure is terminated
if the Newton iteration converges in a single step (assuming that the corresponding iterate then
satisfies the system for smaller values of y as well) or if the Newton iteration fails to converge
within a given number of steps (assuming that the system has then become too ill-conditioned
for a stable numerical solution). In any case, the continuation is stopped when y™ < 107 is
reached.

While this strategy has proved robust for problems with scalar L!- and L°-type penalties, see
e.g. [7, 16], the situation is more delicate for the vector functional considered here; this is in
particular the case when the singular arc S is non-negligible and Dy H), is not a diagonal matrix,
where the continuation strategy failed in some cases to provide a good initial guess for the
next Newton iteration. We thus combine the semismooth Newton method with a backtracking
line search along the Newton direction. In principle, this requires computation of (G;)" (or ¥~
and G)); however, if the tracking term ¥ is strictly convex (as will be the case in the examples
considered below), the system (OS,) is a sufficient as well as necessary condition and hence
we can equivalently backtrack according to the residual norm of (OS,). This was sufficient to
achieve a robust and superlinear convergence in all examples.

6 NUMERICAL EXAMPLES

We illustrate the behavior of the proposed approach and the structure of the resulting controls
with two numerical examples. First, we consider an elliptic problem where the two control
components each act along a strip in one coordinate direction. Specifically, we set Q = [0, 1]?,
D =0,1],

wlz{(xl,xg)eQ:x2<}L}, wz:{(xl,xg)eQ:x2>%},

and consider the control-to-state mapping S : u +— y € Y = L*(Q) satisfying
= Ay = Bu = Yo, (%1, x2)us(x1) + Yo, (31, X2)u2 (1)

The target is
z(x) = x; sin(27x;) sin(27x3),

see Figure 3.
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Figure 3: Elliptic problem, target z and control domains @y, w;

The state y and adjoint p are discretized using piecewise linear finite elements based on
a uniform triangulation 73 of the domain Q with Nj = 128 X 128 nodes. Since the control is
eliminated, this can be interpreted as a variational discretization. Integration over the piecewise
defined functions H, (py) and Dy H, (pr)dpn in the weak formulation of (5.4) is approximated
by applying the mass matrix to the vector of nodal values; see [7]. The control operator B is
approximated by forming the tensor product of the discrete indicator function of w; with the
nodal values of u;; the adjoint operator B* is approximated by the transpose of this matrix in
order to preserve symmetry. The “globalized” semismooth Newton method with continuation
and line searches described above is applied to the discretized system. The continuation is
started at y° = 1 and the backtracking is performed in steps of 7; = 27/ for i = 0,...,40; if
7; < 107'2, the Newton iteration is restarted with reduced y. Since we no longer perform full
Newton steps, we augment the termination criterion for the Newton iteration with an additional
check for the residual norm in the optimality system, i.e., we terminate if all active sets coincide
and the residual is smaller than 107¢. A Matlab implementation of the described algorithm can
be downloaded from https://github.com/clason/switchingcontrol.

We begin by illustrating the effects of the values of @ and f on the structure of the resulting
controls. Figure 4 shows the final computed controls u, for the same target z and different
combinations of control costs. For the choice « = B = 10~* (Figure 4a), the control has a
pure switching structure, with 80 nodes (out of 128) having values in the active set Qf and 48
nodes in the set Q) (the remaining sets being empty); in particular, the singular arc S is empty.
Furthermore, the effect of the L? costs on the active control components can be observed clearly.
Decreasing f3 to 1078 results in a control that is no longer purely switching (Figure 4b), although
some switching behavior still obtains in parts of D; the resulting active sets have 51 nodes in
Qf , 25 nodes in Q%/ , and 52 nodes in the regularized free arc Q(); . Since « is unchanged, the
magnitude of the active controls is the same as before. Decreasing a, on the other hand, allows
for controls of larger magnitude, but results in the appearance of singular arcs. For « = 10> and
B = 1073 (Figure 4c), we observe a control which is almost purely switching (66 and 59 nodes
in Q}/ and Q%/ , respectively) but still has a non-negligible singular arc with 3 nodes in sz. The
control shows a chittering behavior on part of the switching arc, which can be attributed to
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Figure 4: Elliptic problem, effect of @, # on structure of control u, (left: switching, right: no
switching)

the weak but not pointwise convergence of the regularized controls. For the smaller value of §
(Figure 4d), the singular arc disappears at the expense of the appearance of a large free arc (5
nodes in Qf, 3 nodes in Q%/, and 120 nodes in Q())/).

Let us briefly comment on the convergence behavior of the “globalized” Newton method. For
y > 1077, the semismooth Newton iteration shows the typical superlinear behavior, converging
within two or three (full) steps to a solution of the system (OS,). For smaller values of y,
backtracking becomes necessary after one full step, but, depending on the presence of singular
arcs, often enters into a superlinear phase again where full steps are taken to convergence.
Specifically, in the case of @ = f = 1073, the iteration terminates successfully at y = 107
with only a few reduced steps necessary. For @ = 107 and = 1072, more line searches are
performed, but the final superlinear phase is still observed for y > 1013, after which the Newton
iteration terminated since no sufficient decrease in the residual was possible. However, restarting
with smaller y still allowed some successful steps before terminating again, which continued
until the specified terminal value of y = 107 was reached. For 8 = 107%, no backtracking was
necessary, and the algorithm showed the typical behavior of a semismooth Newton method with
continuation (terminating successfully at y = 10 for @ = 107 and at y = 107! for & = 107°).
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Figure 5: Parabolic problem, target z and control domains wy, w;

To demonstrate the applicability of the proposed approach to switching control of parabolic
equations, we also show results for the one-dimensional heat equation, where S : u — y
satisfying

Vi = Ay = Bt = Yo (2)t1() + Yo, (¥ (1)

with Q = [-1,1], D =[0,2], Q7 = D X Q,
wlz{er:x<—%}, wzz{er:x>%}.

As a target, we choose the trajectory of the heat equation with the right-hand side

63 if|lt—1—-x| <L,
f(t,x)Z{ if | x| 10

0 otherwise,

see Figure 5. The discretization is similar as in the elliptic case, using a full space-time discontin-
uous Galerkin discretization corresponding to a backward Euler method with Nj, = 128 spatial
grid points and N; = 512 time steps.

The resulting controls for & = 107! are shown in Figure 6. For = 1 (Figure 6a), the control
is again of purely switching type with 256 nodes each in Q}/ and Q%/ . No backtracking was
necessary, and the continuation terminated successfully at y = 10™°. The control for f = 107!
(Figure 6b) shows a free arc, with 77 nodes in Qly, 110 nodes in Q%/, and 325 nodes in Q(’)/. The
convergence behavior is now different due to the intermittent appearance of singular arcs:
Although the first continuation step with y = 1072 shows the usual superlinear convergence
with full steps, the resulting iterate contains nodes in Q] and Q} . Subsequently, the iterations
for y > 107° suffer from progressively smaller steps until no sufficient decrease is possible. At
y = 1075, however, the corresponding singular arc 7 is empty and the iteration returns to
superlinear convergence with full steps, terminating successfully at y = 10~°. The difference to
the elliptic case can be attributed to the lower regularity of the adjoint state p with respect to
the control dimension (here: time) and the corresponding smaller norm gap in the regularized
subdifferential Hy, (p).
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Figure 6: Parabolic problem, effect of a,  on structure of control u, (left: switching, right: no
switching)

7 CONCLUSION

A framework for optimal control problems was presented that promotes controls of switching
type. While switching is promoted by a sparsity-enhancing part of the cost functional, the active
controls are weighted with quadratic cost. Analysis of the proposed approach is carried out
by techniques from convex analysis, while its numerical solution is achieved using a semis-
mooth Newton method with continuation and line searches. Numerical results support the
theoretical findings.

There are many interesting follow-up topics, including the treatment of problems with
nonlinear control-to-state mappings, a more detailed analysis of the influence of the control
cost parameters on the structure of the controls, and problems with multiple controls exhibiting
generalized switching structures.

APPENDIX A APPLICATION TO OTHER BINARY PENALTIES

This appendix demonstrates the application of the approach of Section 3 to other function-
als involving the binary functional |v]y. While the Fenchel conjugates and subdifferentials
have already been obtained in the previous works cited below, the proximal mappings and
corresponding Moreau-Yosida regularizations and complementarity formulations are new.

APPENDIX A.1 SPARSE CONTROL

We first consider the functional

6= Slull. + [ ol
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which promotes sparsity in optimal control and, contrary to L!-type penalties, allows separate
penalization of magnitude and support; see [16]. Setting

a2 :
a , v+ p ifv#£0,
V) = —v" + plvjp =
g(o) = 207 + flels {0 oo
we compute the Fenchel conjugate

(a1) g (q) = SUpv - q - g(v)

by case distinction. Assume that the supremum is attained for some © € R. Then we discriminate
the following two cases:

(i) © = 0, in which case g(9) = 0 and hence g*(q) = 0;

(ii) @ # 0, in which case g(0) = $9° + f. Since g is differentiable at o, the necessary condition
for © to attain the maximum is ¢ = a0. Solving for © and inserting in (A.1) yields

* _ 1 2
g@=-_qa-p
It remains to decide which of these cases is attained for a given g, i.e., whether
(@ =0 < —¢t— = gilg)
90\q) = 20{‘] =9119).

This directly yields

g"(g) = max gj(q) =

{o if g < y/2ap,

ie{0,1} if Lg® - B iflgl > 2ap.
as well as
0 if |q| < /2ap,
(a2) ag@=c | {@@}]|=1l0.Lq] iflql=+2ap,
{i:g*(9)=9;(a)) 14 if || > \2ap.

We now turn to the computation for given y > 0 and v € R of the proximal mapping
w = prox, ,.(v) of " or, equivalently, the resolvent of dg", which is characterized by the relation
v € (Id + ydg*)(w). We now distinguish all possible cases in (A.2):

(i) |w| < 4/2ap: In this case v = w, which implies that |v| < y/2ap.
(i) |w| > +/2ap: In this case v = (1 + %)w, which implies that |v| > (1 + %)\/20{[3.

(iii) |w| = /2af: In this case v € [w, (1+ %)w], which implies that \/2af < |v] < 1+ g)\maﬂ.
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Inserting this into the definition of the Moreau—Yosida regularization and simplifying yields

0 if lq| < y/2ap,
(09")(q) = { & (4 - y2aBsign(q)) iflql € |y2ap, 1+ L)y2ap|,
g iflgl > (1 + L)y2ap,
which can be interpreted as a soft-thresholding operator.

Since h, := (dg"), is Lipschitz continuous and piecewise differentiable, it is semismooth, and
its Newton-derivative at g in direction dq is given by

0 if |q| < \/2ap,
Dnhy(q)dq = %5(1 if |q| € [\/20(/3, 1+ %)\/Zaﬁ] ,
0q iflgl > (1+ L) \2ap.

APPENDIX A.2 MULTI-BANG CONTROL

We now consider the multi-bang functional

d
a
90) = 20"+ B[ o~ uilo + Guu (@),
i=1

where uy,...,uy are given desired control states and §¢c denotes the indicator function of
the convex set C. In optimal control problems, the binary term (together with the pointwise
constraints) promotes controls which, for f sufficiently large, take on only the desired values
almost everywhere except possibly on a singular set; see [7].

Proceeding as in Appendix A.1 yields the Fenchel conjugate

quy — %“12 ifg—au <2af and q< F(u+uy),

qui = §u iflg—aul < y2af and  §(ui+u) < q < G+ u).1<i<d,
qug — §u’ if g —aug = \2af and  §(ug +uq-) < g,
2?0 — P iflg—auj| < y2ap forall je{1,....d} and aw <q<aug

oo

9°(q) =

whose subdifferential is

{ui} ifge Q;, 1<i<d,
{éq} lfq € QO’

[u, 1q] ifqeQu 1<i<d,
[ui,uin] ifq€ Qiiv, 1<i<d,

99" (q) =
where
Q= {q tq—ou; < 2af and q< F(u+ uz)},

Q; = {q tlg—au| < 2af and  F(ui +uw) < q < F(u;+ u,-+1)} fori1<i<d,
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Qa={a:q-aus>2af and %uq+us) <q}.
Qoz{qzlq—auj|>m forallj€ {1,...,d} and au1<q<aud}
Qw:{qilq—auiI:M} for1<i<d,
Qiiv1= {q q:%(ui+u,~+1)} for1<i<d,

Note that some of these sets can be empty. In fact, for § sufficiently large, Qy and hence Q;o,
i=1,...,d, can be guaranteed to vanish; see [7, § 2.3].

To compute for given y > 0 and v € R the resolvent w = (Id + ydg*)"'(v) of dg*, we again
use the relation v € {w} + ydg*(w) and follow the case differentiation in the subdifferential.

(i) we Q;forsomei € {1,...,d}: In this case, v = w + yu;, which implies that

lo = (a +y)uil < \2ap

g (ui_1+ (1+%y) ui) <v< %((14—%’) u; +ui+1)

(with the first and last condition being void for i = 1 and i = d, respectively).

and

(ii) w € Qo: In this case, v = (1 + %) w, which implies that

|a—+yv auj| > y2af forallje {1,...,d}

and

(x+yu <o <(a+yug).

(iii) w € Qjo forsome i € {1,...,d}: In this case, v € [w, (1+ %)w] and w = au; ++/2af, which
implies that

V2af <v—-(a+yu; < (1 + g) V2ap.

(iv) w € Q41 for some i € {1,...,d — 1}: In this case, v € [w + yu;, w + yu;q] and w =
5 (ui + u;11), which implies that

%((1+%)ui+ui+1) SvS%(ui+(1+%’/)ui+1).

Inserting this into the definition of the Moreau-Yosida regularization and simplifying, we obtain

U; ifquz/ for some i € {1,...,d},
1 . Y
. 74 ifg € Q,
09y @ =171 . y .
¥ (q (au; ++/2ap )) ifg€ Q;, forsomeie€{l,...,d},
%( £ (ui + uis1)) 1fqul i forsomeie{l,....d—-1},
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where
q:9q—(a+y)u; <+2af and q<%((1+%y)u1+uz)}’
Q' ={q:lg—(a+y)ul <\2e¢f and

¢+ (14 2 )wi) <q< (14 Z)w+un)} fori<i<d
{q:q—(a+y)ud>\/m and %(ud_1+(1+'%)ud)<q},
g:{q:|q—(a+y)uj|>\/mforallje{l,...,d} and(a+y)u1<q<(a+y)ud},
4 {qzmﬁq—(a+y)uiﬁ(l+£)m} for1<i<d,
Zi+1={q:%((l+%)ui+ui+1)SqS%(ui+(1+%y)ui+1)} for1<i<d.

Since hy, := (dg"), is Lipschitz continuous and piecewise differentiable, it is semismooth, and
its Newton-derivative at g in direction dq is given by

0 ifquz/ for somei € {1,...,d},

—L_§q ifqeQ,,
Dnhy(9)8g =17 " ’ .
Y5q ifqg e Q;, forsomeiel,...,d},
%5q ifqu{iJrl for some i€ {1,...,d —1}.

APPENDIX B BICONJUGATE OF ¢

We now compute the biconjugate g** used in Theorem 4.3. As in Section 3.1, we proceed by a
casewise maximization based on the definition of ¢g*; however, we need to take into account
the restrictions g € Q;. We assume that vy, v; > 0, the remaining cases following by symmetry.
Consider first
k% 1 2
g1 (v) = supv-q-——q
qeQ a

and note that the supremum can only be attained for ¢, g2 > 0. Introducing Lagrange multipliers
A, pp > 0 for the constraints ¢; — g2 > 0 and y/2aff — g2 > 0, we obtain the KKT system

1 _
Ul—aql+/1:0,
vy —A—fi=0,
Mg —G2) =0,

ﬁ( ZO{IB—QQ) =0.
We now make a case differentiation based on the optimal value of the multipliers A, fi.

(i) g = 0: Adding the first two equations then yields

1
U+ U = —q1.
aq
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To obtain an equation for §,, we further discriminate based on the value of A:

a) A = 0: The second equation yields the condition v; = 0. In this case, the value of §;
is irrelevant to the supremum and we obtain for any admissible g,

Kk a
g, (v) = Evlz
b) A # 0: In this case, g1 = @2 = a(v; + vy) and we obtain
sk a
g, (v) = E(Ul +02)°,

while the condition g, < +/2af translates into

[2
U1+ vy < —’B
o

(if) p # 0: This implies g2 = +/2af. For the value of g, we again further discriminate based on
the value of A:

a) A = 0: The first equation then yields v; = éql and we obtain
Kk a
91 (v) = Evf + v2afus,
while the condition §; > ¢, = +/2af translates into

2
U = —’B
o

b) A # 0: In this case, §; = g, = v/2a3, which yields

g; " (v) = V2af(v + vy) = B.
Note that no conditions on vy, v, are obtained.

Collecting these cases, we obtain

2 (0 + vp)? if o + 0, < /22,
g (v) € %vlz + \2afv, ifv; > \/%,
v2ap(vr +v2) = B,

We proceed similarly for
1

(v)=supv-qg— —
92 qegz q Z(qu
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to obtain the possible values and conditions

%(Ul-i"(}z)z if01+02 < \’%,
g (v) € £0% + +2apv, ifv, > \/%,
V2ap(v +vz) = B,

where the case (i) a) has been absorbed into the first and second case (which for v; = 0 are
exhaustive).
For

sk 1
6y'(0) = sup v g~ (g2 + i) + f.
q€Qo @

we use the fact that the optimality conditions for the maximizer are given by g = Pg,(av), where
Py, denotes the projection onto the convex feasible set Qy = {q : g1, g2 > +/2af}. Inserting the
possible cases q; € {av;, \2af}, i = 1,2, yields

22 +0v2) + B if oy, 0p > \@,
202 + \2a v, if v, > \/% > vy,
L5 + y2afv, if v, > \/? > oL,
V2aB(v +vy) = B, ifo, v < \/?

It remains to decide for a given v € R? which is the maximal of the feasible values.

g, (v) €

(i) For v, vy > 4/ % we have the three possible values

202 + \2afvs,
%vg + +2a vy,
S@f +03) + B,

V2af(v + vy) = B.

Since \/2af < av;, i =1,2,and > 0, the first two are clearly smaller than the third. For
the last case, we consider

(%(vlz + z)g) + ﬁ) - (W(Ul +U) — ﬁ) = (%vf - Zaﬂvl) + (%vg - Wuz) +28.

For these values of vy, v,, the terms in parentheses are monotonously increasing functions

g () e

of v; and v,, respectively; the minimimum is thus attained for v; = v, = 4/ % at2f > 0.
Hence, g"*(v) = %(vlz + vg) + p.

(ii) For vy > 4/ % > vy, the only two distinct cases are

. %vlz + \2afv,,
g€ {\/Zaﬁ(vl + o) = B
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Considering the difference of these functions as above, we conclude that g**(v) = $0v? +

\/mvz.

(iii) We argue similarly for v, > \/% > vy to conclude g**(v) = $0% + /2afu;.
(iv) For vy + vy < 4f % we have to compare the two cases

%(Ul +0p)?,

se {W(vl +u)- B

We have

2

a a
~(o1+0)" - (Vaah(or + v2) - ) = (\E(vl +0y) - @) >0
and thus g**(v) = F(v; + y)2.
(v) In the remaining case vy, vy < 4/ % and vy + v > 4/ %, the only possible value is
g7 (v) = \2ap(v; + v2) - B.
Arguing similarly for the three remaining quadrants of R?, we obtain

Slol* +lvl)+ B ifv e Dy,

%|vl|2 + 2af|vs] ifv e Dy,

(B.1) g7 (v) = { &|va|* + v2a | ifv € D,,
\/Zaﬁ(|vl| + |Z)2|) — ﬂ ifve D3,
%(l’(}ll + |Z}2|)2 ifv e D4,
where

2
v: o, o] = 7/5},

{

{v: loy| > \/? > Ivzl},
D, := {v: |vg| = \/? > |z11|},

{

{

D() =

D1 =

2 2
v v, |vg] < \lgﬁ, log] + || > ,/75},

. 2
v for] + o < 7},

see Figure 7.
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Figure 7: Subdomains D; C R? for the definition of g**.

A short calculation shows that

(B.2) 97" () = % (lo1f? + |v21?) for all v € R2.
This is obvious for v € Dy and v € Dy. For v € Dy, we have W > a|vs| and hence
§"©) = Zloil* + aleal’ = Sloil + Sl
and similarly for v € D,. For v € D3, we consider the difference
) = (V2a (ol + eal) - ) = 2 (lonf? + [eal?)
= (V2aBloil - Zlnf?) + (V2aplez] - Zleal?) - B.

On D3, the terms in parentheses are monotonically increasing functions of |v;| and |v;| re-
spectively, and thus the minimum is attained at the boundard |v;| + |vs| = 26/, i.e., for

|v1| = t4/28 /¢ and |vg| = (1 — t)4/2f/« for some t € [0, 1]. Inserting this and simplifying yields
r(v) = p(2t - 2t%),

which is a concave quadratic function of t and thus attains its minimum at ¢t = O or t = 1,

yielding r(v) > 0 as desired.

ACKNOWLEDGMENTS

The work of CC and KK was supported in part by the Austrian Science Fund (FWF) under grant
SFB r32 (SFB “Mathematical Optimization and Applications in Biomedical Sciences”). The work
of KI was partially supported by the Army Research Office under grant DAAD 19-02-1-0394.

33



REFERENCES

[1]

AtToucH & BREzis, Duality for the sum of convex functions in general Banach spaces, in:
Aspects of Mathematics and its Applications, North-Holland, 1986, 125-133, DOI: 10.1016/S0924-
6509(09)70252-1.

BauscHKE & CoMBETTES, Convex Analysis and Monotone Operator Theory in Hilbert Spaces,
Springer, 2011, DOI: 10.1007/978-1-4419-9467-7.

Beck & TEBOULLE, Smoothing and first order methods: a unified framework, SIAM Journal
on Optimization 22 (2012), 557-580, DOI: 10.1137/100818327.

BrAIDEs, I'-Convergence for Beginners, Oxford University Press, 2002, Dol: 10.1093/acprof:
050/9780198507840.001.0001.

BRrEzis, CRANDALL & PAzy, Perturbations of nonlinear maximal monotone sets in Banach
space, Comm. Pure Appl. Math. 23 (1970), 123-144, DOI: 10.1002/cpa.3160230107.

Capuzzo DoLceTTA & EvaNs, Optimal switching for ordinary differential equations, SIAM
Journal on Control and Optimization 22 (1984), 143—161, DOI: 10.1137/0322011.

CrLasoN & KuNiscH, Multi-bang control of elliptic systems, Annales de I'Institut Henri
Poincaré (C) Analyse Non Linéaire 31 (2014), 1109—1130, DOI: 10.1016/j.anihpc.2013.08.005.

EKELAND & TEMAM, Convex Analysis and Variational Problems, SIAM, 1999, DOI: 10.1137/1.
9781611971088.

GucAT, Penalty techniques for state constrained optimal control problems with the wave
equation, SIAM J. Control Optim. 48 (2009/10), 3026—3051, DOI: 10.1137/080725921.

GucaT, Optimal switching boundary control of a string to rest in finite time, ZAMM 88
(2008), 283—305, DOI: 10.1002/7aMM.200700154.

HANTE, LEUGERING & SEIDMAN, Modeling and analysis of modal switching in networked
transport systems, Applied Mathematics and Optimization 59 (2009), 275-292, DOI: 10.1007/
5$00245-008-9057-6.

HANTE & SAGER, Relaxation methods for mixed-integer optimal control of partial differential
equations, Computational Optimization and Applications 55 (2013), 197-225, DOI: 10.1007/
$10589-012-9518-3.

HIRIART-URRUTY & LEMARECHAL, Fundamentals of Convex Analysis, Springer-Verlag, 2001,
DOI: 10.1007/978-3-642-56468-0.

IFTIME & DEMETRIOU, Optimal control of switched distributed parameter systems with spa-
tially scheduled actuators, Automatica J. IFAC 45 (2009), 312—323, DOI: 10.1016/j.automatica.
2008.07.012.

ITo & KuNiscH, Lagrange Multiplier Approach to Variational Problems and Applications,
SIAM, 2008, DOI: 10.1137/1.9780898718614.

ITo & KuNiscH, Optimal control with LP(Q), p € [0, 1), control cost, SIAM Journal on Control
and Optimization 52 (2014), 1251-1275, DOI: 10.1137/120896529.

34


https://doi.org/10.1016/S0924-6509(09)70252-1
https://doi.org/10.1016/S0924-6509(09)70252-1
https://doi.org/10.1007/978-1-4419-9467-7
https://doi.org/10.1137/100818327
https://doi.org/10.1093/acprof:oso/9780198507840.001.0001
https://doi.org/10.1093/acprof:oso/9780198507840.001.0001
https://doi.org/10.1002/cpa.3160230107
https://doi.org/10.1137/0322011
https://doi.org/10.1016/j.anihpc.2013.08.005
https://doi.org/10.1137/1.9781611971088
https://doi.org/10.1137/1.9781611971088
https://doi.org/10.1137/080725921
https://doi.org/10.1002/zamm.200700154
https://doi.org/10.1007/s00245-008-9057-6
https://doi.org/10.1007/s00245-008-9057-6
https://doi.org/10.1007/s10589-012-9518-3
https://doi.org/10.1007/s10589-012-9518-3
https://doi.org/10.1007/978-3-642-56468-0
https://doi.org/10.1016/j.automatica.2008.07.012
https://doi.org/10.1016/j.automatica.2008.07.012
https://doi.org/10.1137/1.9780898718614
https://doi.org/10.1137/120896529

[17]

(18]

[24]

LU & Zuazua, Robust null controllability for heat equations with unknown switching
control mode, Discrete Contin. Dyn. Syst., B 34 (2014), 4183—4210, DOI: 10.3934/dcds.2014.34.
4183.

MARTINEZ & VANCOSTENOBLE, Stabilization of the wave equation by on-off and positive-
negative feedbacks, ESAIM: Control, Optimisation and Calculus of Variations 7 (2002), 335~
377, DOI: 10.1051/COCV:2002015.

MoRrEeAu, Proximité et dualité dans un espace hilbertien, Bull. Soc. Math. France 93 (1965),
273-299, URL: http://www.numdam.org/item?id=BSMF_1965__93__273_o.

ScHIROTZEK, Nonsmooth Analysis, Springer, 2007, DOI: 10.1007/978-3-540-71333-3.

SHORTEN, WIRTH, MAsoN, WULFF & KING, Stability criteria for switched and hybrid systems,
SIAM Rev. 49 (2007), 545-592, DOI: 10.1137/05063516X.

ULBRICH, Semismooth Newton Methods for Variational Inequalities and Constrained Opti-
mization Problems in Function Spaces, SIAM, 2011, DOI: 10.1137/1.9781611970692.

YoNG, Systems governed by ordinary differential equations with continuous, switching
and impulse controls, Applied Mathematics and Optimization 20 (1989), 223-235, DOI: 10.
1007/BF01447655.

ZuAzua, Switching control, 7. Eur. Math. Soc. (JEMS) 13 (2011), 85-117, DOI: 10.4171/JEMS/245.

35


https://doi.org/10.3934/dcds.2014.34.4183
https://doi.org/10.3934/dcds.2014.34.4183
https://doi.org/10.1051/cocv:2002015
http://www.numdam.org/item?id=BSMF_1965__93__273_0
https://doi.org/10.1007/978-3-540-71333-3
https://doi.org/10.1137/05063516X
https://doi.org/10.1137/1.9781611970692
https://doi.org/10.1007/BF01447655
https://doi.org/10.1007/BF01447655
https://doi.org/10.4171/JEMS/245

	Introduction
	Convex relaxation and regularization approach
	Switching cost functional g
	Fenchel conjugate of g
	Subdifferential of g
	Proximal mapping of g

	Optimality conditions and structure
	Numerical solution
	Numerical examples
	Conclusion
	Application to other binary penalties
	Sparse control
	Multi-bang control

	Biconjugate of g

