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Preface

This book is aimed at students and researchers who want to learn how to efficiently
solve constrained optimization problems involving partial differential equations (PDE)
using the FreeFEM software. PDE-constrained optimization problems are frequently
encountered in many academic and industrial contexts. Readers should have a basic
knowledge of the analysis and numerical solution of partial differential equations using
finite element methods, optimization, algorithms and numerical implementation.

Throughout the book, we look at a number of examples, some classic, some less
so. We have selected the examples to cover a number of possible situations, and
hope that they will provide reusable basis for tackling other problems in various fields.
For each problem illustrated, we show how to use FreeFEM effectively and how it
can be combined with expert optimization routines such as IpOpt or with automatic
differentiation. We give implementation details and several useful tips. All our code is
available at FreeFEM’s website

https://freefem.org/Optim/
and can, we hope, serve as models for users.

Figure 1, which is reproduced later in the book, summarizes the different ways of
approaching and solving a given PDE-constrained optimization problem, ranging from
“fully" direct methods (left) to “fully” indirect methods (right). Basically, the direct
approach is to first discretize first and then optimize, while the indirect one goes in the
opposite direction: first apply a first-order optimality condition and then discretize the
optimality system. But there are a number of “hybrid", intermediate possibilities. All
ways illustrated on this figure are detailed in the book and explained with the help of
carefully chosen examples. Readers can therefore use Figure | as a guide to the various
approaches explained in this book.

As all the approaches mentioned above concern differentiable optimization methods,
we present in the appendix a free-derivative optimization method, which is included in
FreeFEM and illustrate its use on a parameter identification problem.

It is worth stressing the importance of having a well-defined theoretical framework
within which the problem under consideration is well posed, before being discretized for
numerical solution. Indeed, the success of the subsequent numerical implementation
depends on the correct formulation. This is why, in the first part of the book, we recall
some basic facts of optimal control theory for partial differential equations, as well as
the optimization and discretization methods used throughout, before moving on to the
details of the various implementations.

Chapter 1 is devoted to introducing the framework and main tools that will be used
throughout the book in the context of PDE-constrained optimization with FreeFEM
and TpOpt. In Chapter 2, we first discuss the linear quadratic case, with an extension
to the time-dependent case. This is followed by brief developments on the semilinear
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ii

case and optimal shape design with relaxation. Chapter 3 has the dual aim of illustrating
the numerical resolution of a problem of calculus of variations and the impact of the
choice discretize then optimize or optimize then discretize on the numerical solution.
Chapter 4 has been written to illustrate the use of Chapter 1 and Chapter 2 to complete
the numerical solution of a difficult problem. We tackle the question of the optimal
design of a micro-swimmer, write the problem in a practical framework and then apply
the method illustrated above. Appendix A includes several extras, such as the possible
use of FreeFEM and IpOpt in Python. Appendix B illustrates CMA-ES as a possible
alternative to IpOpt for a parameter identification problem.

We hope that readers will get the most out of this book, and that they will be
able to adapt our models and provided templates to solve their own PDE-constrained
optimization problems quickly and efficiently.

Paris, Frédéric Hecht
2024 Gontran Lance
Emmanuel Trélat
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Chapter 1

State of the art

We devote this first chapter to recalling the foundations for theoretical and numerical
PDE-constrained optimization. First, we introduce the FreeFEM software and the
finite element method for numerically solving the PDE constraint. We then present
the theoretical framework for optimal control of PDEs and highlight the need for an
adjoint variable to compute the derivative of the objective function. We then focus on
the interior point method IpOpt and show with a simple example how it can be called
from FreeFEM. Finally, we discuss different discretization strategies, distinguishing
between the choices first optimize then discretize and first discretize then optimize, also
showing how to use automatic differentiation.

1.1 Introduction

Engineering problems or theoretical research problems often lead to optimization prob-
lems governed by partial differential equations (PDEs). Advances in computational
capabilities, PDE solvers and optimization algorithms have provided accurate and effi-
cient methods for solving challenging PDE constrained optimization problems.

When considering an optimal control problem governed by partial differential equa-
tions, as we will show in the illustrative examples provided in this survey, it is particularly
important to establish preliminarily a rigorous mathematical framework in which the
problem is well posed, before deriving and designing appropriate numerical methods
to solve it efficiently.

Throughout Chap. 2, we refer to [10, 14, 20, 21] regarding classical issues on PDE
control theory and general optimization. There exist many classical methods for solving
PDEs, such as finite differences, finite volumes, spectral methods and general Galerkin
methods. Here we will specifically focus on the Finite Element Method (FEM) and we
refer to [17] for variational formulations of PDE problems. This chapter can serve as
an introduction to numerical PDE optimization; some basic knowledge is required in
numerical computations as well as some basics in the C++ language.

Optimal control problems are optimization problems where the decision variables,
called controls, are acting on the state variables through an ordinary differential equation

1



2 CHAPTER 1. STATE OF THE ART

(ODE) or a partial differential equation (PDE). Within this viewpoint, the control is
the input and the resulting state is the output. The optimization problem consists in
determining what is the best possible input over a class of possible inputs, so that the
output satisfies some prescribed constraints and minimizes a given criterion.

Most often, the objective function depends on both state and control variables and
thus requires, at least from the numerical point of view, to make explicit or to compute
the state’s dependence with respect to the control (i.e., the input-output mapping of the
system). State y and control u are respectively assumed to belong to real Banach spaces
Y and U. General optimal control problems considered in Chap. 2 are written in the
abstract form

i ‘] 9 9 9 = 0? 9 E K?
i (y,u) e(y,u) c(y,u)

where
J:YXUm— R

is the objective function,
e:YxU—Z

usually stands for some ODE or PDE constraint and
c:YxU—K

defines some additional state and/or control constraints. Here, Z is a real Banach space
and K is a closed convex set. Well-posedness is assumed, meaning that, for every
control u € U (input), the equation

e(y,u)=0

has a unique solution y = y(u) € Y (output). Establishing existence of solutions for such
general optimization problems may happen to be a challenging issue, often using deep
functional analysis and compactness arguments. Besides, uniqueness of the solution is
often a consequence of strict convexity properties.

In this chapter, we do not report on existence and uniqueness issues. Our objective
is to show how to compute numerically in an efficient way a solution whose existence
has already been proved or at least assumed. Given an optimal control problem, we will
emphasize, with several examples, the importance of having a rigorous mathematical
framework in which not only is settled and solved the problem, but it is also a guide for
designing appropriate discretizations of the problem and ensuring the convergence of
the subsequent numerical method.

Throughout the book, we focus on finite element discretization methods, particularly
in dimensions 1, 2 or 3. We present the software FreeFEM developed at Laboratoire
Jacques-Louis Lions (Sorbonne Université), a PDE solver using the finite element
method and based on variational formulations with user-friendly and powerful features.
We will provide some examples and details on how to use it and we will also refer
to the documentation [9] (also available online) where most features are described.
Regarding optimization strategies, we use differentiable methods which require the
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computation of derivatives. FreeFEM is flexible enough to allow users to write their
own optimization algorithm (e.g., gradient, BFGS, Newton methods), or to plug it
into some existing optimization routines. We will focus particularly on the TpOpt
routine (see [23]), an (open and free) expert optimization routine that is well adapted
to large-scale nonlinear optimization problems, and we will show how to combine it
with FreeFEM. In particular, we will explain how IpOpt can be called directly from
FreeFEM. Since solving PDEs requires a number of variables that increases with the
size of the mesh, we have to deal with a large number of state and control variables
(more than a million in the usual problems) as well as many constraints. The options
available in IpOpt guarantee a good adaptability and efficiency for general convex
and non-convex optimization problems of large size. Nevertheless and in spite of their
efficiency, differentiable methods are not always the best choice, this is why we add in
App. B an example treated with a free derivation optimization method.

1.2 Preliminaries

1.2.1 The FreeFEM software

FreeFEM((see [9]) is a software developed in C++ to solve PDEs with the finite element
method in dimensions 1, 2 or 3. The meshes are generated thanks to an advanced auto-
matic mesh generator and most of usual finite element spaces are embedded in so that
most of the PDEs considered in practice can be solved via the discretization of the as-
sociated variational formulation. The documentation contains a complete introduction
for a quick start as well as many classical examples such as heat conduction, elasticity
system, Navier-Stokes equations. Users who are not familiar with the language are
invited to browse the section [ |, Learning by examples] where multiple examples will
allow to advance step by step. We will see that not only FreeFEM has a user-friendly
interface but its syntax is also similar to the mathematical problems under consider-
ation, thus facilitating greatly their transcription. Mathematically, the PDE problems
considered must be solved in the context of an appropriate variational formulation (see,
for example, [17]). Indeed, FreeFEM treats PDEs in their weak form, the variational
formulation being discretized according to a well suited choice of finite elements. As a
first basic example, let us consider the Poisson equation

~Ay=uinQ, yeH(Q), (1.1)

in some bounded domain Q with a Lipschitz boundary, for some u in L?(Q). Its
variational formulation is:

find y € Hy(Q), / Vy Vudx = / uvdx  Voe HY(Q) (1.2)
Q Q
ie., a(y,v) —b(u,0)=0,  Voe H)(Q), (1.3)

where
a(y,v) =(Vy,Vo)r2(g
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is a continuous and coercive bilinear form and
b(u» ) = (u, ')L2(Q)

is a continuous linear form, both being defined on the Hilbert space Hé(Q). The
Lax-Milgram theorem guarantees the existence of a weak solution of (1.2).

In order to discretize (1.2), we introduce a triangulation of the domain Q (i.e. a
mesh) as well as an appropriate finite element space which guarantees that the finite
dimensional linear system resulting from the discretization of (1.3) on the basis of the
finite element space is well posed (i.e., boundedly invertible).

As an example, we solve (1.1) on a 2D L-shaped domain Q (see Fig. 1.1). The
script FreeFEM for generating the mesh is given in the code 1.1.

int[int] lab=[1,1,1,1];
mesh Th = square (20,20, label=1ab);
Th=trunc(Th,x<0.5 | y<0.5, label=l);

Code 1.1: Mesh generation with boundary label equal to 1

The finite element space V), is
Vh = {U € H] (Q), VK € Th UK (S Pl} = Span(¢,-)l-e{1“nd}

where P is the space of continuous piecewise linear functions and (¢;) is a basis of it.
One of the noticeable advantages of FreeFEM is that the user does not need to encode
the specificities of the mesh and the finite element functions. This is done automatically
by the command fespace. The access to the various data of the mesh and the finite
element functions is then direct. Moreover, we will see that the use of macros allows to
reduce significantly the number of lines of code to finally have a minimal script. The
numerical solution of (1.2) is finally obtained by:

fespace Vh(Th,P1l);
vh Y,V,U=1; //finite element functions

macro grad(Y) [dx(Y),dy(Y)] // //macro ended by //

solve Poisson(Y,V) = int2d(Th) (grad(Y) 'xgrad(V))
int2d (Th) (U*V)

+ on(1l,Y=0); // yEf%(Q)
plot (Th,Y); // Fig. 1.1

Code 1.2: Poisson solution by solving the variational formulation (see
test_poisson_L.edp)

Instead of solving the variational form (1.2) with a single line of code, we can also
define the matrices coming from the discretization of the bilinear form a and of the
linear form b in (1.3), and solve the resulting linear system. We introduce the finite
element subspace

Yy ={veVy, vpa=0}
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Figure 1.1: Example (1.1): (a) L-mesh; (b) solution y of (1.2) foru =1

including the homogeneous Dirichlet boundary condition stated in (1.1) and let

(di)ieqi.ny 0<n<ng,

be a basis of ¥},. The stiffness and mass matrices are respectively given by

(Ah,ij)(i,j)e{l_.n}=/QV¢1"V¢jdx, (Mh,ij)(i,j)e{l..nd}=L¢i¢jdx-

Solving (1.3) discretized by finite elements P; finally consists in solving the linear
system

Ah}’h — Mhuh =0.

Since the mesh T;, and the finite element space V}, are generated as in Code 1.1,
FreeFEMis able to define the matrices Ay, and M, of the variational form (1.2) thanks
to the command varf which is designed to construct variational form in FreeFEM.
It is not necessary to introduce the space of zero finite elements on the edge Y, in the
code. Indeed, FreeFEM handles the Dirichlet boundary conditions (homogeneous or
inhomogeneous) by specifying them directly in the variational formulation.

Vh Y,V,U=1; // finite element functions

macro grad(Y) [dx(Y),dy(Y)] //
varf stiffness(Y,V) = int2d(Th) ((grad(Y) '«grad(V)))
+ on(1,Y=0); // yeH)(Q)
varf Umass(Y,V) = int2d(Th) (U*V); // Y is not used. This is a

way to define a linear form through the variational form
tool

matrix Ah = stiffness (Vh,Vh, solver=sparsesolver); // with

Dirichlet B.C.
real[int] Uh = Umass(0,Vh); // To specify Y=0

Code 1.3: varf command
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Finally, solve Poisson (Y, V) in Code 1.2 is equivalent to solve A,y, =uy, via

Y[] = Ah~-1xUh;

Code 1.4: Poisson solution with finite element matrices

In both cases, it is not necessary to know the characteristics of the mesh in detail, which
greatly facilitates the overall implementation. Note that, in Code 1.4, the notation
Ah”-1 does refer to the computation of the solution Y [] of the matrix equation
Ah Y[] = Uh, and not to the computation of the inverse of the matrix.

Although it is close to writing the variational formulation, the solve command is
most often not as fast as dealing directly with the matrices which are usually sparse.
When we only deal with one PDE, it is not clear that one may save a significant
computation time. But when in addition an optimal control problem has to be solved,
the optimization process may require many calls to the state and adjoint PDE equations.
There is then a genuine advantage to work with sparse matrices as soon as the number
of PDEs considered increases. In Sec. 2.1, we will highlight the advantages of using
sparse matrices to compute derivatives (in particular for Jacobian and Hessian matrices).
Assuming that the equation (1.1) is a constraint, we now want to minimize the functional
J, depending on both y and u,

1 o4
J(y,u):EA(y—yd)2dx+5[1u2dx, (1.4)

whose computation requires solving (1.1) in a first step. Moreover, we will see that
computing the derivative of J with respect to u may require to solve the state and
adjoint PDEs coming from the first-order necessary optimality conditions, as explained
in Sec. 1.2.2 hereafter.

Let us mention some other softwares which are comparable to FreeFEM like
NGsolve or Fenics. To go further with FreeFEM we refer the reader to a complete
documentation on its website (see [1]). Main information, installation’s guide, finite
element method reminders, several examples, are available online.

1.2.2 PDE-constrained optimization

In differentiable optimization problems, numerical methods are generally based on
first-order optimality conditions and thus on the computation of derivatives. Let W be
a Banach space, we denote its topological dual by W’ = L(W,R) (space of continuous
linear functionals on W) and by

(Zwywrw =z(w) VzeW

the duality pairing. Given a linear operator A, its adjoint is denoted by A*. For the
special case of the Hilbert space H, the dual H’ can be directly identified with H and
the duality pairing is identified with the inner product (-,-); of H. A differentiable
optimization problem is generally written as

min J(w) (1.5

welga
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where J : W — R is Gateaux differentiable and U, C W is a nonempty, closed and
convex subset. We denote by DJ the (Gateaux) derivative of J. First-order optimality
conditions are then written in the following form.

Theorem 1. Let w € W be a (locally) optimal solution of (1.5). Then

U-)G(Z/(ad, <DJ(1I)),U)—H_)>W/’W >O, VwE(Had. (16)

Classical differentiable optimization strategies involve the computation of (at least)
first-order derivatives. Indeed, a Taylor expansion returns at some iterate point x

J(x) = J(xr) +{DJ (xx),x = xi)wr w +o(|lx —xillw)
and the next iterate xj,; is searched such that
J(xxe1) < J(xg)
and thus, assuming that xx, is close enough to xx, such that
(DJ(xi),x=xi)ww <0.

In the case where W =R™ , a particular descent direction is usually given by the opposite
of the gradient —VJ(xy) (see Algorithm 1). However, the framework provided by (1.5)

Algorithm 1 Gradient descent algorithm
initialization x, stop criterion €
while ||VJ(xg)|| < € do
compute ay with linear search methods (in the direction —VJ (xx))
compute x4 = X — @ VJ (xx)
compute VJ (xg+1)
end while

and Theorem 1 is rather limited when one has to tackle an optimal control problem
because the objective function and its derivative are generally not easy to compute.
Moreover, such an elementary algorithm may not perform well for large-scale opti-
mization problems involving a PDE constraint. A new framework is therefore needed
with the first constraint of decoupling state and control variables. Then, assuming
the existence of solutions, the computation of the derivatives of the involved functions
should be easy and we should be able to move easily to a powerful numerical framework.
We therefore write below the general minimization problem of a function J depending
on both state and control variables subject to a PDE embedded in the operator e with
some additional constraints encoded in U, ;:

min J(y,u) subjectto e(y,u)=0, wuecUy. (1.7)
(y,u)eYxU
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Remark 1. In a more general way, we can consider in addition to the equality con-
straints, inequality constraints like

g(y,u) <0,

as it is the case for example in obstacle problems. In the following, we only focus on
equality constraints, noting that inequality constraints are in general easier to treat than
equality constraints by direct methods.

Following [10], the assumptions 1 below guarantee existence of a solution (¥,) in
Y xU of (1.7).

Assumption 1.
1. U,q C U is nonempty, bounded, closed and convex.

2. The mappings
J:YxU—R and e:YxU—Z

are continuous, where Z is a Banach space and Y, U are reflexive Banach spaces.
3. For every u € U,4, the state equation
e(y,u)=0
has a unique solution y(u) € Y and the mapping
ueUy— y(u)ez
is continuous.

4. The mapping
(y,u) eYxXxUwr e(y,u)eZ

is weakly continuous.

5. J is sequentially weakly lower-semicontinuous.

Some state constraints can be added by means of a set Y, C Y assumed to be
nonempty, convex and closed. We introduce the reduced cost function of the problem
(1.7)

ueUyg—Jw)=J((u),u)

so that (1.7) is reformulated as

ip, T
If we want to use Algorithm 1 to compute an optimal solution, we have to compute the
derivative of J. This requires to compute the derivative of the mapping u € U, —
y(u) € Y, which is not explicit. Assumption 2 below provides a general framework that
ensures the differentiability of the input-output mapping u € U,y +— y(u) € Y (by the
implicit function theorem) and at the same time allows us to compute DJ, which is
necessary to derive the first-order optimality conditions.
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Assumption 2.
1. U,4 c U is nonempty, bounded, closed and convex.

2. The mappings
J:YXU—->R and e:YXU—>Z

are continuously Fréchet differentiable, where U, Y and Z are Banach spaces.
3. For all u € V in a neighborhood V of U,,4, the state equation
e(y,u)=0
has a unique solution y(u) € Y.

4. The partial derivative
dye(y(u).u) € L(Y.2)

has a bounded inverse for every u € U, 4.

Applying Theorem 1 tou € Uyq — T (u), we get the following first-order optimality
conditions in terms of the reduced cost function J.

Theorem 2. Under Assumption 2, if u € U,q is a (locally) optimal solution of
the reduced problem, then

<Df(ﬁ),u—ﬁ> >0 YueUy,y.
UU

At this step, a descent direction can be found by exploiting the derivative DJ.
Unfortunately, Theorem 2 does not provide an easy way to compute it numerically
since, according to the sensitivity analysis developed below, the numerical computation
of the derivative of the mapping u € U4 +— y(u) €Y requires the computation of “too
many” directional derivatives.

Sensitivity approach

Let s be such that u +€s € U, 4 for € small enough and then compute T (u+e€s). Thanks
to Assumption 2, the chain rule gives

(DTtwy.s) =(800w.w.Dyws) | +(0IGw.us) o (18)
LU Yy uLu
The partial derivatives d,J and d,,J are easy to compute since J explicitly depends on

y and u. In contrast, computing Dy(u)s requires to solve e(y,u) =0 and this is not
straightforward. Differentiating

e(y(u),u) =0
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in the direction s allows us to compute 6y, = Dy(u)s as the solution of the linear
equation

dye(y(u),u)dys = —0ye(y(u),u)s. (1.9)
Computing R
(DJ(u), s)u',u

thus requires to compute the solution dys of (1.9) for each direction s. Hence, the
numerical computation of the differential DI (u) is difficult if U has a large dimension
since it is necessary to compute the directional derivative in each direction of a given
basis of the vector space spanned by U. A numerical method based on this sensitivity
approach is therefore not feasible in high dimension because it would be too much com-
putationally demanding. The same problem is encountered for automatic differentiation
in the direct mode (as explained in Sec. 1.2.5), where the Jacobian is not necessarily
needed because we generally need a descent direction that is given by the Jacobian
applied to a well-chosen direction. In the same way as automatic differentiation does
in the reverse mode (see [ | 1]), the gradient can be found with significantly less efforts
by introducing an adjoint variable, as explained next.

Adjoint approach

Equation (1.8) is equivalently written as

<D.7(u), S>U',U = <Dy(u)*6y1(y(u), u), S>U’,U + <6MJ(y(u), u), S>U',U

and thus R
DJ(u) = Dy(u)*dyJ (y(u),u)+0,J (y(u),u).

Moreover, (1.9) gives
dye(y(u),u)Dy(u) = —0ye(y(u),u). (1.10)

It is not required to know the whole differential Dy(u) but only the vector

Dy (u)*dyJ (y(u),u).

The fourth item of Assumption 2 ensures the existence of the inverse —d,e(y(u), u)™!
and (1.10) gives

Dy () = =dye(y(u), ) dye(y(u),u)
and
Dy ()" 8y (y(), ) = (= Oy (y(0),1) ™ due (3 (), 0y (y(w), 0
= ~due(y(w)u)* (Dye(y(w)u)’) ™ 8T (y(w),u).

adjoint —p (u)
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The adjoint vector p = p(u) € Z’ is defined as the solution of the linear equation

Oye(y(u),u) p ==0yJ(y(u),u). (1.11)

Finally,

DJ(u) = 8ye(y(u),u)* p(u) +8,J (y(u),u).

From a numerical point of view, compared with the sensitivity approach which requires
to solve as many PDEs as U has degrees of freedom to express the derivative of 7,
the adjoint approach only requires to solve the state equation in (1.7) and the adjoint
equation (1.11). This gives a significant advantage in that solving the PDEs requires
more time and more computation as the mesh is finer. Hence, the computation of the
first derivative of the objective function of the problem (1.7) at a point u € U4 follows
the following steps:

S.1 Compute the partial derivatives

oyJ(y,u), 0OuJ(y,u), Oye(y,u), dye(y,u),

and the adjoint operators
dye(y,u)*, dye(y,u)*.

S.2 Solve the state equation
e(y,u) =0,

which gives y(u) (input-output mapping).
S.3 Solve the adjoint equation
dye(y(u),u)"p==0yJ(y(u),u),
which gives the adjoint p = p(u).
S.4 Finally, compute

DJI(u) = dye(y(u),u)* p(u) +8,J (y(u),u).

The adjoint variable p can be interpreted as the Lagrange multiplier corresponding to
the constraint e(y,u) = 0. The Lagrangian L : Y XU X Z’ — R of the problem (1.7) is
defined by

L(y’u’p) =J(y’“)+<l77€(y,u)>z',z .

The partial derivatives of the Lagrangian with respect to the adjoint variable p and
the state variable y give the state equation in (1.7) and the adjoint equation (1.11),
respectively, while the partial derivative with respect to the control variable u gives
the derivative of the reduced cost function J. Under Assumption 2, Theorem 2 is
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reformulated as follows (Pontryagin maximum principle, well known in optimal control
theory).

Corollary 1. Under Assumption 2, let (y,i) € Y XU be an optimal solution of
(1.7) with it € Uyq. Then there exists p € Z' such that

e(3,i) =0, (1.12)
aye(y’ﬁ)*ﬁ: _8)"]()_1512)9 (113)
(au](y,ﬁ)+(9ue()7,ﬁ)*ﬁ,u—ﬁ>U,,U >0 Vu Gﬂad. (1.14)

The Lagrangian formulation of the optimality conditions is

(4,0pL(y,4,p))z/,z=0  VgeZ, (1.15)
<(?yL(y,ﬂ,p_),l)>yf’y =0 Yvey, (].]6)
<BML(y, Iz,ﬁ),u _l/_l>U/’U > O Vu € Wad. (117)

Corollary 1 is most often used to find the adjoint equation and the derivative of J.
This requires to identify precisely the involved spaces Y, U and Z and the duality pairings
must be chosen accordingly. When U is a Hilbert space, DJ (u) can be identified with
the gradient vJ (u) corresponding to the inner product of U.

Remark 2. Corollary | provides necessary first-order optimality conditions for a PDE
constrained optimization problem. Such conditions are known to be sufficient when
the problem (1.7) is convex. Otherwise, one can use the sufficient conditions for local
optimality given by second-order optimality conditions (and the Hessian). However,
from a numerical point of view, the numerical computation of the Hessian of the
Lagrangian might be heavy (the matrix may not be sparse) and can be replaced by an
approximated matrix (BFGS and quasi-Newton method for instance). Sometimes, we
also can circumvent this problem by computing the Hessian applied to an appropriate
direction since the whole matrix is not useful (see, e.g., [18]).

Remark 3. The introduction of the adjoint is an efficient way to compute the derivative
of the objective function. The additional control constraints included in the set U4
can also be handled. However, it is much more difficult to take into account the possible
additional state constraints included in Y4 because this requires to modify accordingly
the adjoint equation, which may become more difficult to solve or even be a challenge
to write. In such a case, the adjoint method may not be advisable. We will give some
alternatives in Chap. 2.

Poisson example

Let Q be an open subset of RV with Lipschitz boundary. We have defined in Sec.
1.2.1 the problem of minimizing the cost function (1.4) subject to a Poisson PDE with
homogeneous Dirichlet boundary condition (1.1), that we reformulate in the framework
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of (1.7) by introducing the sets ¥ = Hé (Q) and U = L*(Q). For the moment, we do
not consider any additional control constraints included in the set U4 c U. We thus
denote the cost function and PDE constraints by the functions J and e in a weak form:

1
Ji(y,M)GYXUF—)—/(y—yd)zdx+g/u2dxeR
2 Jo 2 Jo

e:(yvu)eYxUw a(y,”)-b(u,")€Z

where a and b are the bilinear forms defined by (1.3). Consider the Gelfand triple (see
[10, Definition 1.26])

H)(Q) c L2 (Q) c H'(Q),
where L?(Q) is identified with its dual so that the duality pairing (-, )y~ y is compatible
with the L?(Q)-inner product. Since U = L*(Q), the duality pairing (-,-)y. is the
L*(Q)-inner product. Finally, we set Z = H™'(Q) = ¥’ so that the duality pairing
(~,)z’,z is compatible with the LZ(Q)—inner product. Assumption 2 is verified. Indeed,

Items /. and 2. are straightforward while Items 3. and 4. are due to properties of
elliptic operators stated in [6]. For p € Z' = Hé (), the Lagrangian is given by

1 103
L(y,M,P):L(E(Y_Yd)2+§u2+VY'VP_”P dx.

Remark 4. The identification of the duality pairings induced by the L?(Q)-inner
product gives a Lagrangian that we can handle easily. Nevertheless, this compatibility
depends on the sets Y, Z and U chosen to verify Assumption 2 and is not always
straightforward to obtain.

We finally apply Corollary 1 to express the weak formulation of the adjoint equation
and exhibit the variational inequality which gives the first derivative of the reduced cost

function J that is then identified with the gradient associated with the L?(Q)-inner
product.

0pL(y,u,p)=0 /(Vy~Vv—uv)dx:0 VveHé(Q),
Q

OyL(y,u,p)=0 /(Vp-Vv+(y—yd)v) dx=0 VveHé(Q),
Q

OuL(y,u,p):ve LZ(Q) — /(ozu—p)vdx,
Q

i.e., in the strong form for the L?(Q)-inner product,

ye Hé(Q) solution of —Ay =u in Q,
pE HOI(Q) solutionof Ap =y-yy4 in Q,
DJ(u) identified with V.J (1) = au—p.
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Dirichlet boundary control example

In this section, we focus on a boundary control problem. We further assume that € has
either a C2 boundary or is a convex polytope. In the previous example, the variational
formulation was written by introducing the set Y = Hé (Q) for a homogeneous Dirichlet
boundary condition. For Neumann or Robin boundary conditions, we take ¥ = H'(Q)
instead. For inhomogeneous Dirichlet boundary conditions, the standard variational
formulation must be reformulated using some alternatives.

Given f € L?(Q), we modify the previous example by adding a Dirichlet boundary
condition u € L?>(AQ) so that the new problem is

minJ(y,u):lf(y(x)—yd(x))zdxﬂ/ u(x)? dx (1.18)
2 Ja 2 Joa
—Ay = ;
subjectto{ y=f & (1.19)
y=u on 0Q.

We cannot write directly the weak formulation as in the Poisson example. To overcome
this difficulty, a possibility may be to first introduce a small parameter ¢ so that the
Dirichlet boundary condition in (1.19) becomes a Robin boundary condition

60,y +y=uondQ

and to write the variational formulation by introducing the space Y = H'!(Q). Here, we
consider instead the way FreeFEM handles Dirichlet boundary conditions. Following
[22, Sec. 10.6], we denote by

Ao D(Ag) — L*(Q)

the Dirichlet Laplacian (we have D (Ao) = Hj(Q) N H*(Q) because of the regularity
assumption on ) and by vy, y; respectively the Dirichlet and Neumann traces. The
Dirichlet map D is defined as follows: for any u € L?>(AQ) there exists a unique
Du € L*(Q) such that

ADu=00nQ and yo(Du)=Dupg=u

(actually, Du € C* () and the operator D is bounded from L?(dQ) to L>(Q)). The
adjoint of D is
D* = —’ylA61

and for all v € L*(Q)
(Dll, U)LZ(Q) = —(u,@nqﬁ)szQ) with A()¢ =0.

We thus seek the solution y(u) of (1.19) in the affine space H(l) (Q) +Du and we define
zZE€ Hé () N H*(Q) the solution of

-Az=f inQ
z=0 on0Q,
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so that y = z+Du with z = Aj ! £, whose variational formulation is the following: find
z € Hj(Q) such that

/Vz-szffvdx Vo e H (Q).
Q Q

The state space Y has to be defined in order to find a unique weak solution y € Y of
(1.19) when solving the resulting very weak variational formulation

/—yAvdxz/fvdx—/DuAvdx Vv e Hy(Q) NH*(Q).
Q Q Q

Since the Dirichlet Laplacian A( induces an isomorphism from Hé (Q) NH*(Q) to
L*(Q) and Ay !is also selfadjoint in L?(), one can take ¢ € L*(Q) such that

v=A5"¢
and the previous variational formulation is equivalent to:
find y € Y s.t. /y¢dx - / (Aalf) ¢dx+/Du¢dx Vo € L2(Q).
Q Q Q
Therefore, we set Y = L2(Q), U = L*(I') and Z = L*(Q) so that

y=z+Due L*(Q)

is the unique solution of (1.19) (uniqueness of solution is straightforward by putting
(f,u) =0). Then we define

e(y,u) =y—A61f—Du

so that Assumption 2 is satisfied in that setting and optimality conditions yield the
existence of ¢ € L>(Q) such that

p=ya-—y
(D*¢,U—M)L2(ag) >0 VYveU.

Introducing p € H)(Q) N H*(Q) solution of p = A;' ¢, the adjoint equation now reads

Ap=y—-yg inQ
p=0 on 0Q,

so that DJ (u) is identified with the gradient
Vf(u) =au+0o,p

for the L?(AQ)-inner product.
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Remark 5. If none of the assumptions done on Q hold, we have to modify the space
Hé (Q) N H*(Q) accordingly, since existence and uniqueness of the solution to the very
weak variational formulation relies on the isomorphism Ag € £ (H) (Q) N H*(Q), L*(Q)).
This issue is treated in [22, Sec. 13].

Remark 6. From the numerical point of view, u is usually smooth enough to get that
y € H'(Q) so that we solve (1.19) in FreeFEM by searching y € {w € H' (Q),wjpo=u}
verifying

/Vy-Vvdxz/fvdx VveH(l)(Q).
Q Q

This is numerically carried out by specifying the boundary conditions thanks to the
command on (IndexBoard, Y=U).

Vh Y,V; // finite element functions
macro grad(Y) [dx(Y),dy(Y)] //
solve Poisson(Y,V) = int2d(Th) ((grad(Y) 'xgrad(V)))
+ on(l,Y=U); // yG{UJEHI(Q),IU‘OQ:H}

We mention this inhomogeneous Dirichlet limit problem to highlight the difficulties
that can arise with the choice of Y, Z and U spaces to theoretically find the adjoint and
derivative. From the numerical point of view, although we generally do not need to
know these sets explicitly since we often assume that all involved data are sufficiently
smooth, a good understanding of the mathematical framework and in particular the
knowledge of the discretized spaces as well as the inner products is crucial in the
calculations.

When we move to the numerical framework and have in mind the Algorithm 1,
the numerical computation of the derivative of the objective function involves the
adjoint variable found by solving the adjoint equation according to a chosen scheme.
Alternatively, one can override the adjoint equation and directly derive a discretized
version of the optimal control problem. Both approaches are respectively called First
Optimize Then Discretize (FOTD) and First Discretize Then Optimize (FDTO).

1.2.3 Overview of optimization’s strategies

Given a general optimal control problem, we have given in Sec. 1.2.2 ways to com-
pute the continuous derivatives of the involved functions. This numerically implies
to get a suitable approximation of both functions and of their derivatives that allow
their numerical computation. Effectiveness of the procedure is directly imputed to han-
dling both discretization and optimization. Given discretization parameters 0 < & < hg
and some families of finite-dimensional discretization spaces (Y3)o<n<hy> (Un)o<h<hg»
(Zn)o<n<n, and ("L{Z’d)o<h<h0 of the spaces Y, U, Z and U,4, the optimal control
problem (1.7) is discretized as

min Jn(yn,up) subjectto: ep(yu,up) =0, uye (Hfl’d. (1.20)
(Yn,up) €YpxUy
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where
Jp Y xUp > Randey, : Yy, xU, > Z

are discretized versions of the functions J and e. Without loss of generality, the finite-
dimensional spaces Y}, and Uy, are identified with vector spaces RM and RNV, with
Ny > 1,Ny > 1. The problem (1.20) is expressed in a finite-dimensional framework
and can then be numerically solved by usual tools.

In this book, we particularly focus on differentiable methods, which therefore call,
at least, the first-order derivatives of the cost and constraint functions. Nevertheless,
we may encounter difficulties when the functions concerned are not smooth enough.
Moreover, another difficulty appears when the cost function is not convex and has a real
importance when the number of local extrema increases. This is why, in App. B, we will
focus on a derivative-free optimization strategy for a parameter identification problem.
Indeed, for such a problem, we are not sure to be able to differentiate functions with
respect to the parameters involved in the PDE. Moreover, most identification problems
require a large amount of experimental data which leads to write a cost function as a sum
of several polynomial functions, thus with a large number of local extrema. Well known
derivative-free methods are genetic algorithms, Bayesian methods in image processing
problems and machine learning methods. In App. B, we will take advantage once again
of FreeFEM, which benefits from the stochastic optimization routine CMA-ES (see

[5D.

We now come back to differentiable optimization algorithms, which are directly
related to the KKT conditions and need derivatives of the functions J; and ej. This
approach is usually called First Discretize Then Optimize (FDTO) or direct method. In
contrast, in the First Optimize Then Discretize (FOTD) (or indirect) approach, the first-
order optimality condition of the continuous problem (1.7) is first derived by applying
Corollary 1 such that all functions sets and operators involved are then discretized
accordingly to get for an optimal solution (¥, i) € Y XU 2‘ y

en(In.in) =0, (1.21)
(Oyen(Fn-itn)) pr = —=0yJn (¥, in), (1.22)
(Oudn (Fn- i) + (Buen (Fn-itn))* Pr.vn —itn)y, >0, Vo, € UL, (1.23)

Both methods may not be mathematically equivalent since the partial derivatives of
the discretized functions J;, and e;, may differ from the discretizations of the partial
derivatives dyep, Oyen, 0yJp, 0y Jp.

Note that the FOTD approach does not give the true numerical derivative of the
discretized function (rather obtained with the FDTO approach). This may affect the
algorithm’s convergence.

To our knowledge, the question of the convergence of optimal solutions of the
discretized problem to the solution of the continuous one is a challenging issue that
deserves further consideration. On this issue, within the ODE context, under some
appropriate assumptions on optimal control problems in finite dimension, it is proved
in [19] that the direct FDTO and indirect FOTD approaches are mathematically equiv-
alent when the discretization is performed with a symplectic partitioned Runge-Kutta
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integrator. This reference also contains interesting issues related to automatic differen-
tiation, that we illustrate in App. A.2. Indeed, in this example, when the state equation
is discretized according to an implicit scheme, automatic differentiation in reverse mode
actually hides an explicit scheme for the adjoint equation.

When optimization is performed first, we have to pay a special attention to the
choices of discretization for state and adjoint variables. Nevertheless the freedom of
discretization’s choice for the adjoint variable sometimes implies that FOTD is more
relevant since the derivative makes appear the adjoint which is, without state constraints,
usually more regular than the state variable. The adjoint can thus be approximated
more accurately thanks to a well-fitting discretization. Conversely, one of the main
advantages of FDTO approach is its ability to allow the use of large-scale optimization
methods, state constraints and automatic differentiation. We mention [15, Section 6.2]
for a comparison between the FDTO and FOTD approaches for a PDE-constrained
optimization problem.

Remark 7. In this remark, we mention a general rigorous mathematical framework
for discretizations [12, 13]. Under Assumption 2, let Y, U and Z be separable Banach
spaces. Let Y be a separable Banach space such that the embedding Y < ¥ is continous.
Given a discretization parameter 4 and a family of finite-dimensional spaces (Y, )o<h<h,
assumed to be uniformly continuously embedded Y}, < ¥, we assume the existence of
projection and embedding operators

PZ:Y—>Y;, and PZ Y, -V
such that PZ ISZ =idy, . The numerical scheme is assumed to be convergent, i.e.,
lim |2 Pyy=ylly =0 VyeY.

Note that||P) || sy, 7 = I and, by the Uniform Boundedness Principle, that || P} || ;7 y,) <
Cst (uniform constant). The same setting is established for U and Z’. The mappings J
and e involved in (1.7) are approximated by

It Ynsun) €Yy xUp > J(P) yu, P} uy) €R,

en: (Yn,un) €Yy xUp = e(P) yn,Pup) € Z,
and, according to the FOTD approach, we have

Onen(yn,un) = (PZ ) 0ye (P yn, PY up) Py,
OuJy, = 04J (P} yn, P up) P,

where (#,%) € {(y,Y),(u,U)}. Such a framework encompasses most of the usual
discretization strategies (finite differences, finite elements, Galerkin). The particular
case of a linear PDE is addressed in [3].
For the Poisson example (1.1), having in mind its variational formulation (1.2), we
take
Y=V=H)(Q), U=U0=L*Q), Z'=7'=HyQ)
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so thatY < U < Z. The finite element space Uy, consists of P; Lagrange elements, Y},
is the subspace of Uy, such that we have 0 on the boundary and (Z;)" =Y},. Embedding
operators are thus induced by the above canonical embeddings and projections via the
L*(Q)-inner product.

A general framework for conformal transformations and especially Galerkin dis-
cretization methods in the context of PDE optimization is stated in [12, 13]. In the next
page, we illustrate in a diagram several ways used throughout this survey for dealing with
PDE constrained optimization. The corresponding codes are available on FreeFEM’s
website.
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On Figure 1.2:

(a)

(ar)

(a2)

(b1,b2)

(b3)

(bs)

(c)

(d)

(c1,¢2)

(c3)

(ca)

()

the continuous optimization problem is discretized according to well chosen
discretization spaces for both state and control. The cost and the constraint
(the PDE) functions are discretized accordingly to finally obtain an optimization
problem in finite dimension.

We give the resulting NLP (Non Linear Programming) as input to a software
equipped with an automatic differentiation tool and IpOpt (AMPL for instance).
Then, derivatives and optimization are done by AMP L.

Or we directly compute derivatives of the previous optimization problem in finite
dimension and directly call IpOptin FreeFEM. At this step, derivatives returned
by AMPL or by hand-computing should be identical.

As in step (a), we discretize the continuous optimization problem according
to a well chosen discretization space for the control only. The cost function is
discretized by first computing the discretized state with respect to the control.
The PDE constraint is not anymore an explicit constraint but becomes step of the
cost function computation.

As for steps (ay,an), either we compute derivatives of the optimization problem
in finite dimension (discretization of the reduce cost function) and give them as
inputs to IpOpt in FreeFEM,

or we directly write the NLP problem in AMP L which proceeds on its own to the
computation of derivatives and to the optimization process.

We write the continuous first-order optimality conditions of the continuous op-
timization problem (KKT conditions, Pontryagin maximum principle, ...) with
state and control as unknowns,

or we write the continuous first-order optimality conditions of the continuous
optimization problem with only the control as unknown.

We discretize the continuous first-order optimality conditions and solve the re-
sulting extremal system according to a well chosen discretization space (e.g.,
shooting methods for optimal control in finite dimension).

When the Banach space U is Hilbert, we can identify its duality pairing with
some inner product such that the derivative of the cost function can be identified
with a gradient thanks to the Riesz representation theorem.

We then compute discretized derivatives according to a well chosen discretization
and give them as inputs to IpOpt in FreeFEM.

When we compute the gradient of a function by semi-automatic differentiation, we
can in some cases exhibit an adjoint variable which verifies the adjoint equation
coming from the first-order optimality conditions. For instance in App. A.3, we
use the idea of automatic differentiation in reverse mode to compute by hand the
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gradient of the cost function. We then show that the gradient involves an adjoint
variable which satisfies a discretized version of the continuous adjoint equation.
This means that, with an appropriate discretization, automatic differentiation and
hybrid methods lead to the same discretized gradient.

1.2.4 The optimization routine IpOpt

IpOpt (for Interior Point Optimizer) is an open source software package for large-
scale differentiable optimization problems. First developed in Fortran, the C++ version
allows to IpOpt to be more easily interfaced with Mat 1lab, Python, R, Julia, etc.

IpOpt isincluded (with most of available linear solvers and options) in FreeFEM.
We just have to call the library by adding in the head of the code the command: 1load
"ff-Ipopt". We previously highlighted the ability of FreeFEM to construct
and manage sparse matrices. This is crucial for the efficiency of the optimization
processing since IpOpt gathers many of the most powerful linear solvers (MUMPS,
Pardiso, WSMP, HSL routines). A significant asset of IpOpt is its large panel of
options (choice of linear solver, multipliers updating, adjustment of line search, BFGS
or Newton method, etc). A full description of the interior point method can be found
in [23] and options are available at [2, Ipopt Options Tab].

IpOpt is designed to find local solutions of mathematical optimization problems
of the form

min  f(x) (1.24)
xX€ER?
< <
.. {gL §(¥) <gu (1.25)
XL S X< Xy

where f :R" — R is the objective function and g : R” — R stands for equality and
inequality constraints. Here, g1 ,gy and xp,xy respectively refer to lower and upper
bounds of constraints and variables. The functions f and g can be nonlinear and
nonconvex, but are at least assumed to be twice differentiable. With this in mind, we
aim to show how to transcribe a PDE optimization problem like (2.1, 2.2) to a finite-
dimensional optimization problem like (1.24, 1.25). Once this transcription has been
made, the most usual way to call IpOpt is:

IPOPT (f,df,d2f,C, jacC, x0, ub=xub, 1b=x1b, cub=CUB, c1b=CLB, optfile=
"ipopt.opt");

Code 1.5: Calling IpOpt in FreeFEM (see ipoptfreefem.edp)

where df and d2f are respectively the gradient (an array) and the Hessian (a matrix
in the Triplet Format, hopefully highly sparse) of the objective function; C includes the
constraints g and jacC its Jacobian (a matrix in the Triplet Format, hopefully highly
sparse t0o); ub and 1b are respectively the upper and lower bounds for x, cub and c1b
are the upper and lower bounds of the constraints g, and x0 is an initialization point;
optfile="ipopt.opt " incorporates all options (maximum number of iteration,
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convergence tolerance threshold, choice of linear solver and so on). Difficulties for the
computation of the Hessian d2 £ usually happen (too much memory greedy, needs the
inverse of a matrix or slowing down too much the code), which is not disabling. TpOpt
offers many options, we can bypass the problem by choosing a quasi-Newton method,
which is the default option if TpOpt is called without specifying the Hessian.

Remark 8. Matrix triplet format is a way to numerically store sparse matrices, without
specifying the zeros. Given a matrix, we only have to specify the row, the column,
and the value for each non-zero element. This returns three arrays having the same
size. FreeFEM will automatically deal with matrix triplet format through varf anf
matrix commands.

IPOPT (f,df,C, jacC, x0, ub=xub, 1b=x1b, cub=CUB, c1b=CLB); // no
Hessian +— BFGS

Despite its potential more expensive cost computation, the Newton method is usually
converging to an optimal solution with less iterations than a quasi-Newton method.
Nevertheless the latter sometimes offers more flexibility. We advise at least to specify
the cost function f, the constraints C and their derivatives df and jacC, knowing that
the more information we provide, the more efficient IpOpt is expected to be. We refer
the reader to [23] to understand the particularities and how IpOpt works.

We mention two significant points: first, all TpOpt options are callable from
FreeFEM. Second, the data to be given to IpOpt (£, df, d2f, C, jacC) need to
respect a precise type: df,C,x0,xub,x1b,CUB,CLB have to be arrays and the matrices
d2f and jaccC have to be expressed in the Triplet Format for sparse matrices.

As an example, consider the minimization problem in R?
xm€i£f(x)=—xlx2(1—x1—x2) (1.26)
where
K={(x1,x2) €R?* | x1,x2 >0, x; +x2 < 1} (1.27)
which is formulated in the template (1.24, 1.25) as
)fcflling(x) =-xx2(1=x1=x2)

gL <glx)=x1+x2<gu
XL <X <Xy

with x;, = (8), xy large enough, gy = 1 and g;, small enough. Derivatives are

Vi =TT e ()
, ),

—x1(1—=x1 —2x7)

sz(x):_(l —2X2 l—le—QJCz).

—2x1 —2x7 -2x1
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Therefore, the cost function is:

func real f (real[int] &X) //returns a real

{
return -X[0]*X[1]*(1-X[0]-X[1]);

and its gradient and Hessian are:

func real[int] df (real[int] &X) // returns an array
{
real[int] dJ(X.n); // size of X
dJ = =1x[ X[1]x(1-2+«X[0]-X[1]), X[O]*x(1-2+«X[1]1-X[0])1;
return dJ;
}
matrix hess; // matrix has to be declared outside
func matrix d2f (real[int] &X) // returns a matrix
{
hess = —-1*x[ [ —-2*X[1] , 1-2*X[0]-2*X[1] 1,
[ 1-2%X[0]-2%X[1] , -2xX[0] ] 1;
return hess;

On the other side, the constraint function g is:

func real[int] C(real[int] &X) // returns an array
{

real[int] cont(l); // array of size |

cont [0] = X[O]+X[1];

return cont;

Ifonly X [0]+X [1] isreturned instead of the 1-size array containing this value, IpOpt
will return an error. Like the Hessian of f, the Jacobian of g is:

matrix dc; // to be declared outside
func matrix jacC(real[int] &X) // returns a matrix
{
dc = [[1,111; // double array of size (1,2)
return dc;

We finally have to declare lower and upper bounds, an initialization point and then call
IpOpt:
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//Initialisation points

real[int] start = [1,1];

real[int] 1m = [1]; // Lagrange mulitplier of constraint C

real[int] 1z = [1,1]; // Lagrange mulitplier of simple lower
bound constraint

real[int] uz = [1,1]; // Lagrange mulitplier of simple upper
bound constraint

//Variables bounds
real[int] Xub [10000,10000]; // has to be array
real[int] Xlb [0,01; // has to be array

//Constraints boxlnds
real[int] Cub = [0]; // has to be array
real[int] Clb = [-10000]; // has to be array

//Calling IpOpt
IPOPT (J,gradd, hessiand, C, jacC, start, ub=Xub, 1b=X1b, c1lb=Clb, cub=
Cub, 1lz=1z,uz=uz, lm=1m, optfile="ipopt.opt");

cout << "(x,y)_=_" << "(" << start[0] << ", " << start[l] << ")"
<< endl; // print
solution

cout << "f(x,y)_=." << J(start) << endl; // print solution

cout << "(lc)_=," << 1lm << endl; // print constraint dual
variable

cout << "(lz) =," << lz << endl; // print simple lower

constraint dual variable
cout << "(uz)_=," << uz << endl; // print simple upper

constraint dual variable

which returns the optimal solution x = (0.33,0.33) in less than 10 iterations. We plot
convergence curves in Fig. 1.3 for a desired convergence tolerance equal to 10713, The
output of IpOpt is included in the start variables and returns the optimal solution
if it is found. We also get the Lagrange multipliers through the variables 1m, 1z, uz
highlighted above.

This example can be used as a template for other problems by adapting the formu-
lation inside the functions (£, df, d2f, C, jacC). If IpOpt meets any difficulty to
converge, or if it stops to a locally infeasible point, adjusting the starting point may
sometimes help. In some cases, difficulties may occur when IpOpt requires to compute
function derivatives, for instance for nonlinear PDEs or when state constraints are ad-
ditionally given. An alternative is to compute derivatives by automatic differentiation.
We may also implement finite differences but this requires a accurate approximation
that may induce a crippling computation time.

1.2.5 Automatic differentiation

We present here a brief introduction to automatic differentiation in direct and inverse
modes. We refer the reader to [16] to go further and understand in depth the fundamen-
tals of automatic differentiation.
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Figure 1.3: Convergence curves: (a) objective function; (b) convergence criterion

The leading principle of automatic differentiation is that a function f : R? — R4
given by a sequence of elementary numerical functio ns whose derivatives are already
known can be differentiated by differentiating each line of the code step by step. This
allows the chain rule to be used directly in the code and thus to compute the true
derivative of the numerical function. A standard framework consists in considering a
function f : R"™ — R as mentioned in [4, 7] and a succession of calculation steps

(Gk> T )keqo.Ny € Er
with E;_1 = CUU U B where
C=Rx{0}, U.=Ux{-n---k}, Br=Bx{-n---k}°.

Here, U is a set whose elements are functions already known and implemented in the
language and whose derivatives are still in the set U. Each step of the computation
introduces a new variable and calls a known function of U according to a previous
variable or a binary operation between two previous variables. Most of the time, this
only allows classical analytic functions that we know how to differentiate analytically
and whose derivatives are also combinations of elements of U (cos and sin for example).
The set B gathers most of the binary operations {+,—, X, +} C B. We now suppose that
we can find a finite sequence of operations

(x> )keq0..N}
such that all intermediate iterates given by
Yk € [[O,N]], Xk = ¢k(x,n,. RS S .,xk,l)

lead to the final iterate
XN = f(XopyeenXo1).

In this framework (x_j,...,x_1) design inputs and (xj)x>0 internal states in the coded
function. The automatic differentiation uses the chain rule and the knowledge of the
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derivatives of the functions involved in ¢ to compute the final gradient. There are two
methods. Either the chain rule is applied according to the calls of functions in series
line by line from the first line, it is the direct method, or from the last line, it is the
reverse method. The first one calculates the Jacobian of the function (so a matrix) while
the last one gives the Jacobian applied in a given direction (so an array). The direct
method gives directly the Jacobian matrix but is expensive because it is necessary to
calculate all the intermediate derivatives which are not necessarily needed for the final
direction.

Direct mode

We give in the following lines a way to compute the function

f(u,v) = ((u +0)% +ucos(u) sin(v))2

and its derivatives using automatic differentiation in direct mode. To do so, let us clarify
some notations. The function f has two inputs (i, v) that corresponds in previous section
to (x_2,x_1). Besides, f will ask in its coding way three computation steps. This is
going to make appear three variables (x,y, z) corresponding in the previous section to
(x0,X1,%x2).

1 def f(u,v):
2 x = u*cos (u) *sin (v)
3 y = (utv)**2 + 1
4 zZ = (X+y) *x*2
5 return z
Code 1.6: A way of coding function f
1 def df(u,v,du,dv):
2 dx = uxsin(u) *du*sin (v)+cos (u) *du*sin (v)
3 + uxsin (u) *xcos (v) *xdv
4 X = u*cos (u)*sin (v)
5 dy = 2+dux (utv) + 2*dvx* (utv)
6 y = (utv)**2 + 1
7 dz = 2% (x+ty)*dx + 2% (x+y) xdy
8 return dz

Code 1.7: Automatic differentiation in direct mode

Code 1.7 exhibits the functioning of an automatic differentiation tool in direct mode.
Each calculation step is derivated with respect to the variables involved. For example
the line y = (u+v)*%2 + 1 givestheline dy = 2xdux (ut+v)+ 2xdv* (ut+v
) . At the end, we obtain a function that depends on (u,v) and on the several directions
of descent (du,dv). To recover the Jacobian, we must then evaluate the function as
many times as there are directions of descent, i.e. here (1,0) and (0, 1). Direct mode
is only based on the chain rules. The size of the matrix is not prohibitive in this case
but we can also consider a function f : R? — R? with p, g large (this happens when
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discretizing the weak form of a PDE). We then have to compute a matrix of size p X g
and evaluate it p times. In that case, direct mode is disabling. Fortunately, we do not
usually need the full Jacobian, but only the Jacobian applied in a given direction. The
reverse mode allows to compute the gradient without having to evaluate the Jacobian in
each free direction. A parallel with the backpropagation method in machine learning is
given in [5].

Reverse mode

In the reverse mode case, we assume that a given function to be differentiated has been
written in the following framework. We consider an evaluation sequence of intermediate
operations (¢, Ix)ke{o..n} such that the function’s output is

XN = f(XopyeenXo1).

To compute the derivative of f in reverse mode, we associate to variables (i),
a variable (4;);e-n...N}, Which we update with the following rule
Av=1, Vie{-n.N-1} /l[:Z/lko"'iabk. (1.28)

k>i

Given the previous rule, the partial derivatives of f evaluated at (x_,,...,x_1) are
stored in the variables (A_,,...,4-1). The successive quantities A; thus depend on all
Ake{i+1...N} insofar as ¢, implies variables x;e(;4+1...n). In practice, if the numerical
code is not too long, we can proceed manually and line by line starting from the end of
the implementation of the cost function. We then derivate

Xk = Ox (X_p, oy Xk—1)

with respect to the involved variables x_,, ...,xx—; and update the A variables following
the rule
Ai += A0 Pr (X—ps o Xp-1), (1.29)

where x+ = a means x = x +a. We highlight this method on the previous example. We
must first rewrite f with a sequence of elementary operations and then apply (1.28).
However, a more usual way of doing this is to differentiate each line of the code, from
the last line to the first line, with respect to the variables involved and then update the
corresponding adjoint variables.

def df(u,v):
x = u*cos (u)*sin(v) # adjoint Iy
y = (utv)*x2 + 1 # adjoint b
cost = (x+y)*x2 # adjoint I,

lc=1, 1x=0, 1ly=0, 1lu=0, 1lv=0 # initialization of each A
for all variables involved
# We now use (1.29) starting from the end of Code 1.6

# Code 1.6 - line 4 involves (x,y)

1
2
3
4
5
6
7
8
9 1x += 2% (x+y)+x1lc # line 4: 0y derivative, we update Ay
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10 ly += 2x(xty)xlc # line 4: 0y

11 # Code 1.6 — line 3 involves (u,v)

12 lu += 2% (u+v)*ly # line 3: 0y

13 1v += 2% (u+v)*ly # line 3: 0,

14 # Code 1.6 — line 2 involves (u,v)

15 lu +=cos (u) *sin (v) *lx-u*sin(u) *sin(v) *x1lx # line 2: 0,
16 1v += uxcos (u) *xcos (v) *1lx # line 2: 0,

17 return lu,lv

Code 1.8: Automatic differentiation in reverse mode

The reader can see that all operations xy = ¢y (x_,, -+ ,Xx—1) must be computed before
the calculation of the quantities A; because they are required to update them. The price
to pay is to write the code with a well-defined sequence of operations (¢, ;) and to
save all the intermediate variables (xi,---,xy-1), which can be memory heavy if the
function f to be calculated uses a large number of intermediate variables. It is therefore
advisable to have a code that is “optimized”. The generalization to a function with
value in (R?,q > 1) is done by permuting the quantities A with g vectors fixed on the
canonical basis.

Let us comment on the direct and reverse modes. The reverse mode is well suited
when the function f : R? — R to differentiate takes values in R? with ¢ small and
especially when p > ¢g. On the contrary, the direct mode is preferred when we dif-
ferentiate with respect to few variables (R” with p small and moreover when p < g).
When considering optimal control problems, the choice of discretization can be differ-
ent for functions and derivatives (indeed, an implicit scheme for the state usually implies
an explicit scheme for the adjoint). The automatic differentiation therefore dispenses
with this choice because both the direct and reverse methods return the true numerical
derivative of the implemented function, and is therefore in line with a purely numerical
approach.

A last important point that we would like to address is the close relationship between
the inverse mode and the introduction of the adjoint variable in optimal control (see
[19]). Let us consider the problem of controlled predator-prey equations (see [20, Ex.
4.10]), given by

T
min Jy (u,0) = %/ (x(t) = 1)2 dt, (1.30)
0

{=x+y+ 0)=1
subject to 4% = X Ty x(©) (131)
y=x-y+v y(0)=1,

(,0) € Upa :{feL“’(o,T) | Vie (0,T) —1< f(1) < 1}2, (1.32)

we compute the derivative of the numerical implementation of the functional cost
(the inverse mode is well suited since J : R”? — R with p large enough) and show
that there appears a discretization of the adjoint equation coming from the Pontryagin
maximum principle in finite dimension. The gradient computed by means of automatic
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differentiation gives a discretized adjoint equation whose implementation is described
in App. A.2. Automatic differentiation also allows the computation of the Hessian, but
the resulting matrix is usually not sparse and the optimization process thus becomes less
efficient. Furthermore, automatic differentiation is difficult to implement with respect
to mesh variations (hence, for general optimal shape design problems), for which the
adjoint method is more appropriate.

Finally, in this chapter, we have provided most of the tools necessary to write a
general PDE optimization problem in the form (1.7), to discretize it with well-chosen
finite elements, and to numerically find an optimal solution using the interior point
method IpOpt. In the following section, by taking several examples, we will give
various ways to discretize an optimization problem governed by a partial differential
equation.
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Chapter 2

PDE constrained optimization
with FreeFEM

In this chapter, we consider several more or less classical PDE-constrained optimization
problems, written in the framework introduced in Chap. 1, and we focus on their
numerical solution using finite elements in FreeFEM and the method of interior points
IpOpt respectively introduced in Secs. 1.2.1 and 1.2.4. Starting with a classical linear
quadratic example, we give various ways for solving it, which can serve as templates
for the user. We also explain how to use automatic differentiation in FreeFEM.
Nonlinear and time-dependent PDEs are also considered to show the great efficiency
of FreeFEM to handle the constraints induced by such PDEs. A brief subsection is
devoted to showing how to solve optimal shape design problems within the optimal
control viewpoint. We finally propose several numerical codes which are available at
FreeFEM’s website, https:/freefem.org/Optim/.

2.1 Linear quadratic PDE constrained optimization

The first problem we address to illustrate the numerical solution of constrained PDE
optimization is the minimization of a quadratic criterion subject to a linear elliptic
equation. Some additional constraints are encoded in a convex set U,y. The weak
formulation of the PDE is introduced in order to have a well adapted framework for its
numerical solution as well as the writing of the derivatives and to design an appropriate
numerical strategy.

Let Q be a bounded Lipschitz domain and y; be L?(Q). Let a,ug,up be L (Q)

33
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with a positive. We seek an optimal solution u € L?(Q) of

1
minJ(y,u) = —/ (y(x) —yd()c))2 dx + g/u()c)zdx 2.1
2 Ja 2 Ja
~V-(aVy)=u inQ
subject to (@Vy)=u ing, (2.2)
y=0 on 0Q.
and u, < u < uyp. 2.3)

To formulate (2.1, 2.2) in the form of (1.7), the set of admissible controls is defined by
Ugg ={ue LX(Q) | ug <u<up}cUs=L*Q).

The variational formulation of (2.2) consists in finding y € Hé (Q) solution of
/aVy-Vvdx—/uvdsz VvEHé(Q). 2.4
Q Q

We take Y = H(l) (). The Lax-Milgram Theorem (see [15, Lemma 1.8]) implies that,
for any u € U4, there is a unique solution y € Hé(Q) of (2.4). Since U = L*(Q), the
duality pairing is

<'9 '>U’,U = ('9 )U

Defining the operators
Ae L (Hé(Q),H_l(Q)) st. Aywe Hé(Q) - /aVy~Vvdx,
Q
Be L (LZ(Q)) st. Buwe H&(Q) — /uvdx,
Q

the set Z must be defined so that the mapping
e:(y,u) e Hy(Q)xL*(Q)— Ay-BueZ
satisfies Assumption 2. The Gelfand triple
HY)(Q) — L*(Q) = L*(Q) — H'(Q)

leads to set Z = H~!(Q) and the duality pairings (-,-)y-y and (-,-)z/ 7z are thus com-
patible with the L?(Q)-inner product. The last items of Assumption 2 follow from
the Lax-Milgram Theorem. We have A* = A and B* = B and the adjoint p evolves in
7= Hé (Q). The partial derivatives of the functions under consideration are

OyJ(y,u) =(y—ya,)u
0y (y,u) = (au, )y
Oye(y,u)=A
Oye(y,u) =—B.

.5)
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Now, from the numerical point of view, we have two main options: either the state
equation e(y,u) =0 is seen as a constraint to be checked and is considered, like the
objective function J, to depend on both the state and the control (y,u«). The optimization
is then performed with respect to two optimization variables (state and control), this
is Option 1; or else, the only optimization variable is the control, and in this case
e(y,u) =0 is preliminarily solved to compute y(u«) as a function of u, in order to
express the reduced cost function T (u), this is Option 2. Options 1 and 2 are also
respectively called simultaneous and sequential methods.

Option 1: Variables (y,u) € Y xU

Cost: J(y,u)
Constraints: e(y,u) =0 and (y,u) € Vg X Uyg

Option 2: Variables u € U

Cost: J(y(u),u) = f(u)
Constraints: u € U,y

Option 2 brings up the reduced cost function 7 whose derivatives with respect to the
control variable u are computed using the adjoint representation presented in Sec. 1.2.2.
The PDE constraint is thus implicitly contained in the numerical implementation of the
reduced cost function. In contrast, Option 1 keeps the cost function dependent on the
state and control variables (y,u) and the PDE constraint is an explicit equality constraint.
Although Option 1 seems more memory greedy, it is generally more efficient, when we
can write it, than Option 2 because we can more easily compute the Hessian of the cost
function as a sparse matrix. Moreover, a notable advantage of Option 1 is its ability to
handle potential constraints on the state included in Y, 4 whereas the adjoint equation
and Option 2 are not well suited in this case. This being said, for the numerical part,
let T}, be a triangulation of Q:

mesh Th = square (50,50); //we take Q:]O,l[z,

and the finite element space
Vi = {v €eH'(Q), VKeT, vke P1} = Vect(¢;)ie{1..ny}>

with P; elements that guarantee the resulting linear system of (2.2) to be invertible (see

[22D.

fespace Vh(Th,Pl); // with P; Lagrange finite elements
int nd = Vh.ndof; // nq degrees of freedom for Vp

Remark 9. Reminding the constraint (2.3), from the numerical point of view we usually
compare the degrees of freedom instead of the functions themselves. This is exact for
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P; elements and acceptable for most of Lagrange types elements. To this aim, we
introduce the interpolation operator I1;,, which returns the approximated function on
a given finite element space. The operator ITj, is related to the basis (¢;)i1<i<n,, SO
that Iy, (f) = Z:’jl ¢;(f)p:;. We obtain (¢])1<i<n, as a concatenation of the basis of
the dual space of the chosen finite dimensional polynomial space, on each element of
the triangulation, so that ¢!(¢;) = §;;. Thus, to compare the two functions u and u,
we now have to compare their interpolates, respectively u” =TT, (1) and u" =TT}, (1),
or the degrees of freedom of the interpolates. We thus introduce the new operator
I (fr) = (¢;(f)); that returns the array of degrees of freedom of the finite element
function fj, in the basis (¢;)1<i<n,. To simplify notations, we assume in the following
that comparing two interpolates u" < v is done by comparing their degrees of freedom
T, (u™) < I;,(v"). More generally, u” will denote either the finite element function or
its degrees of freedom 7}, (u"*) according to the situation.

Vh uh; // u" is a finite element function
real[int] Xu = uh[]; // Xu is the degrees of freedom of uy

In the example above, we illustrate the difference between the finite element function ul

and its degrees of freedom. Throughout the book, since IpOpt only accepts arrays as
inputs, we will deal with the degrees of freedom of the involved finite element functions.

Let us denote Y}, Uy, and the discrete U 2 PE

Y ={v" e Vh,vﬁgg =0} = Vect(¢:)1<i<ng.izon

‘ngd = {uh € Vh,uZ < ul < MZ} cUp=V,.
and the stiffness and mass matrices coming out from the operators A and B read

Anij=(aY80Y7) ey Muii = ($685) G jyeftnay -

One can notice that usually the size M), is larger than the size A; because the latter
does not take into account the finite element functions which have non-zero values on
the boundary. Fortunately, the way FreeFEM handles Dirichlet boundary conditions
allows us to keep Y, =V}, and specify the Dirichlet boundary condition directly in the
variational formulation in the Code 2.1. Which numerically results in specifying the
Dirichlet condition value directly to the degrees of freedom whose finite elements is
nonzero on the boundary. This adds in the matrix Aj; some penalty terms at the indices
related to the boundary elements (see FreeFEM’s website for a detailed explanation on
how FreeFEM manages Dirichlet boundary conditions).
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Vh Y, V;
varf stiffness(Y,V) = int2d(Th) (grad(Y) 'xgrad(V))
- on(l,2,3,4,Y=0) //Homogeneous Dirichlet

condition
varf mass (Y,V) = int2d(Th) (Y*V);

matrix Mh = mass (Vh,Vh); // ngXng matrix
matrix Ah = stiffness(Vh,Vh);

Code 2.1: Finite element matrices involved in (2.1,2.2) (see lq_stationary_O1.edp and
Iq_stationary_0O2.edp)

IpOpt needs to compute the numerical derivatives of the cost and constraint functions.
Having in mind Sec. 1.2.3, either the continuous derivatives of the functions are
discretized according to a well-chosen scheme, or the functions are discretized first
and their derivatives are computed later. In the first case, the advantage is to keep the
structure of the continuous problem as long as possible. In the second case, we are able
to return the true numerical derivatives.

2.1.1 Derivatives of discretized functions (FDTO)

In the First Discretize Then Optimize (FDTO) approach, the problem (2.1, 2.2) is
discretized and yields a usual finite dimensional linear quadratic optimization problem.
The mesh, finite element space and matrices were presented in the previous section.
Depending on whether Option 1 or 2 is chosen, the discretized problem is

Option 1:
. 1 T n, YT
— - M - +—u, M 2.6
(yh,bﬁ,l)uele"d 2(yh o) Mu(yn—yg) > U Mt (2.6)
A -M =0
st 4 YRR @.7)
Uy SUp S Uy,
Option 2:
N _ a
min —(Athhuh —yZ)TMh (Athhuh —yZ) + —Mthuh
uheRnd 2 2
(2.8)
s.toul <up <ull. (2.9)

The matrices A, and M} have been defined in Code 2.1. They depend on the
triangulation 7j,. Whatever the choice of optimization variables, the numerical problem
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is written as

Option 1: X = (y,,up) € R*

1 04
Jn(X) = E(Yh =¥ My (yn —yh) + EUZMhuh
Cn(X) =Apyn—Mpuy
VIn(X) = (Mn(yn—yl)  aMpup)

A 0
VCh(X) = (of M’;)

M 0]
V2 (X) = (ohh M’;h)

Option 2 : X = u;, € R" (no explicit PDE constraints)
1, _ _ a
Jn(X) = 5(Athhuh_)’Z)TMh(Athhuh_)’Z) + EMZMth
VJh(X) = MhA;IMh(AZthuh —yZ) +aMuuy
V2Jh(X) = My A, My A, My +aMy,.

\. J

The functions required by IpOpt are expressed above in a matrix format. They
must be written in FreeFEM following the model given in Sec. 1.2.4. In the following
sections, we give details on how to implement these functions in FreeFEM according
to the choice of discretizations.

Experience shows that Option 1 is, in this case, almost always the best solution.
Since PDE constrained optimization uses many variables, the treatment of sparse ma-
trices is a crucial point and is usually the best option in terms of computational speed
and memory allocation. Although the number of optimization variables is larger than
in Option 2, in Option 1 we do not have to compute the inverse of the matrix Aj, which
would be a heavy task in high dimension. The matrices A, and M}, are sparse while
their inverse is not in general. Although the Hessian is constant in both situations, it
is more memory greedy in the second case and involves more computation. Finally,
for more complicated equations (such as nonlinear PDEs or time-dependent problems),
it is not trivial that treating both state and control variables simultaneously is more
efficient, except when state constraints are added to the problem. The adjoint method
fits precisely in an approach where the previous one would not have worked. Getting
some distance, it is not easy to know what options to choose. Given a boundary control
problem for instance, we have much less unknows to find when we deal with the reduced
cost function.
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2.1.2 Discretization of continuous derivatives (FOTD)

Unlike the previous strategy, in the First Optimize Then Discretize (FOTD) approach,
the continuous derivatives of the functions are first computed and then discretized.
In this section, the problem (2.1, 2.2) is still linear quadratic. Note that when state
constraints are added, the adjoint equation may become much more complicated. We
focus on the option where only the control is the optimization variable and we write the
continuous problem as

min J(y(u),u) = f(u).
uelyq
As explained in Sec. 1.2.2, the adjoint approach facilitates the computation of the
derivatives of the reduced cost function. The Lagrangian is
, 1 ol
L:(y,u.p) €YXUXZ" = 5 (B(y=ya),y=ya)y +7 (Bu,u)y +(p, Ay - Bu)u,

and we follow the steps (S.1, S.2, S.3, S.4). Let u € U,4 be an optimal solution.

¢ S.1 The partial derivatives of J and e have been computed in (2.5). The operators
A and B are selfadjoint (A* = A and B* = B). Corollary | implies that if (y,u) is
solution of (2.1, 2.2) then there exists an adjoint p € Z’' = Hé (L) such that

Ay = Bu,

Ap=-B(y-ya),
(@Bu—Bp,u)y < (aBu—Bp,v)y Yve Uy

which can be rewritten in the continuous form for y € Hé (Q)and p € Hé (Q) as

-V-(aVy)=u inQ

y=0 onodQ,
V-(aVp)=y-yas inQ
=0 ondQ,

p_
/(au—p)udx</(au—p)vdx YoeU,y.
Q Q

¢ S.2 We seek the solution y € Hé (Q) of the state equation e(y,u) =0
-V-(aVy)=u in Q

y=0 on 02,
macro state () {
solve State(Y,V) = int2d(Th) (a* (grad(Y) 'xgrad(V)))
— int2d (Th) (U*V)
+ on(l1,2,3,4,Y=0); } //

Code 2.2: LQ state equation

which is equivalent to
-1
Yh=A, Mpuy.
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* S.3 We seek the solution p € Hé (Q) of the adjoint equation

V-(aVp)=y—-yas inQ
p=0 onodQ,

macro adjoint () {
solve Adjoint (P,Q)= int2d(Th) (a* (grad(P) '«grad(Q)))
+ int2d (Th) ((Y-Yd) *xQ)
+ on(1,2,3,4,P=0); } //

’

Code 2.3: LQ adjoint equation

which is equivalent to
P =AML (Y = yn).

* S.4 The first derivative of the reduced cost function is given by

(v700.q), = /Q (au-p)qdr,

macro interpgrad() {
solve L2grad(theta,V) = int2d(Th) (theta*V) - int2d(Th)
((alphaxU-P) V) ;
real[int] dJ = thetall; } //

Code 2.4: LQ gradient’s interpolation

which finally returns auy, — pj, for the L?(Q)-inner product. The previous steps
S.2, 8.3, S.4 performed successively return almost the same gradient as in Option
2 of the previous FDTO approach by performing the same operations but without
the final multiplication by My,.

Letus give a brief explanation of the numerical step S.4. The real number (Df ), q)u.u
is expressed using the duality pairing (-,-);;» ; Which here corresponds to the L*(Q)-

inner product and thus brings out the gradient \7 (u). As seen in Sec. 1.2.1, the routine
varf gives the matrix of a given variational formulation. Hence, writing

varf derive (V,Q)= int2d(Th) ((alpha*U-P) xQ)
is numerically similar to recovering the continuous linear form
q - /(a/u -p)gdx
Q
in a well-chosen finite element space basis. Thus dJ denotes the interpolation of this
linear form in this basis of the finite element space. One could of course choose another

inner product, whose matrix in the finite element space is Pj,, which would not return

QUp = Ph
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but rather
Py My (aup - pn).

This is a crucial point to understand because many problems show the derivative of
the reduced cost function in a linear form which must then be interpolated thanks
to a good discretization of the space U. Usually, the additional constraints included
in U,y are specified in another function C, the so-called constraint function (e.g.,
umr Cu) = fgu(x) dx). The Jacobian of C is then required by IpOpt. The only
remaining task is to express the cost function and its gradient following the steps (S.2,
S.3, S.4) on the triangulation 7}, respectively in the Codes 2.5 and 2.6.

func real J(real[int] &X)

{
U[] = X; // associated array X to the control u function.
state; // returns y solution of (2.2)
return int2d(Th) ((Y-Yd)"2) + alpha*int2d(Th) (U"2);

Code 2.5: LQ cost function (see Iq_stationary_indirect.edp)

Having in mind Rem. 9, recall that IpOpt can only take arrays as inputs. Conse-
quently, the cost function J takes as input the array of the degrees of freedom of the
finite element function U. Then, we compute inside J the cost function with the finite
element function U. Hence the cost function depends on an array and can be called
from IpOpt.

func real[int] dJ(real[int] &X)
{
url = X;
state; // state equation (see Code 2.2)
adjoint; // adjoint equation (see Code 2.3)
interpgrad; // interpolation of the gradient (see Code 2.4)
return dJ;

Code 2.6: Derivative of the LQ cost function (see lq_stationary_indirect.edp)

In the first method, the computation of the Hessian is rather easy but it requires a matrix
inversion. We advise instead to compute the theoretical first-order derivatives and to
use the BFGS approximation of the Hessian provided by IpOpt.

Remark 10. The optimality conditions produce a state-adjoint system called extremal
system. In finite-dimensional optimal control, the solution of the first-order optimality
system can be computed by implementing an indirect shooting method (see [23, Chap.
9]) in which, if for example the initial and final states are fixed, one has to properly adjust
the initial adjoint vector so that, when integrating the extremal with the corresponding
initial state and adjoint, the final state matches the desired value. Numerically, the
shooting method consists in combining a differential equation integrator with a Newton
method. When the optimal control problem is solved in finite dimension and this
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dimension is not too large, the method is feasible and, when properly initialized to
ensure convergence, it provides a fast and accurate solution. But in high dimension,
it can be extremely difficult to initialize the method successfully. This is particularly
true in the case of PDE optimization where the size of the adjoint variable is related
to the size of the mesh. Therefore, most of the time, it is not realistic to ensure the
convergence of a shooting method for optimal PDE control problems.

2.1.3 Inhomogeneous Dirichlet boundary conditions

The previous example treated the case of homogeneous Dirichlet conditions, which
makes easier the numerical study because the variational formulation can be written on
well-identified functional spaces (this is also the case when dealing with Neumann or
Robin’s boundary conditions). We now generalize the above numerical approaches to
inhomogeneous Dirichlet conditions. Instead of (2.2), we now consider
{—V (aVy)=u inQ 2.10)

y=g on 0Q,

where g is assumed to be smooth enough. The way to numerically manage the boundary
condition depends on the choice of either Option 1 or Option 2.

In Option 2, the boundary condition can be immediately reported in the variational
formulation so that the numerical state equation becomes:

macro state() {
solve State(Y,V)

int2d
int2d (T

(Th)
(T
+ (2I

h) (ax(
h) (UxV
3,4,Y=q); //y=g on 0Q

grad (Y) "xgrad(V)))
)

Y/

Code 2.7: State equation

The adjoint equation remains unchanged but the adjoint is well modified because it still
depends on the state.

In contrast, Option 1 requires more work. For homogeneous Dirichlet conditions,
the stiffness matrix A, introduced in Code 2.1 forces y to be equal zero on the boundary
0Q and can only be applied to finite element functions in Hé (). Since y now belongs
to an affine subset of H'!(Q) and not to H(l) (L), the state equation cannot be written as
before. The variational formulation of (2.10) is now:

ﬁndyeHl(Q),/aVy-Vvdx—/uvdxzo Vo e HY (Q). (2.11)
Q Q

A numerical trick consists in introducing, using the Dirichlet map D (see [25, Sec.
10.6]), the solution Dg of

—A(Dg) =0o0n Q and Dg = g on 6Q

and its numerical version:
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Vh Dg;

solve dirmap(u,v) = int2d(Th) (grad(Y) 'xgrad(V)) + on(l,2,3,4,Y=
q);

Dgl[] = Y[];

Code 2.8: Dirichlet map

We seek the solution of (2.10) in the affine space H(; (2) +Dg under the form y = z+Dg.
Therefore, finding a solution y € H!(Q) of (2.10) is equivalent to finding a solution
Z€ Hé (Q) of (2.2). The optimization variables are (z,u) and the discretized problem
is

. 1 T a
min  Jp(zp,up) = 3 (Zh +(Dg)n —yZ) My, (Zh +(Dg)n —yZ) +—uj Muup,

(zh.up) ER?d 2

Apzpn—Mpup =0
S.t. h h
Ug S UR S Uy
The state constraint is unchanged (as well as its Jacobian) while the cost function
now involves y;, =z, + (Dg);. Most of the following examples specify homogeneous
Dirichlet conditions but a generalization to inhomogeneous Dirichlet conditions can be
made along the above lines.

2.1.4 Automatic differentiation alternative

Unless the derivatives are easy to calculate, it may be advantageous to use automatic
differentiation, which allows to compute the numerical derivatives at the computer
accuracy. As automatic differentiation is not available in FreeFEM (especially when
one wants to make a derivation with respect to the mesh points), it is required to export
the problem data collected with FreeFEM (mesh data, matrices of the variational forms
involved, etc.) to another language which benefits from an automatic differentiation
program.

In order to keep a user-friendly interface, we propose two practical solutions: either
to use the modeling language AMPL, or the Python package CasAD1 (with GNU license
and callable from Mat lab or Python). AMPL is a commercial software but is free of
access on the NEOS server. Finally, for those who are quite familiar with the language
C++, we advise to combine directly IpOpt with an automatic differentiation tool C++
(such as CppAD or Adept, see [16]) for more efficiency.

In the following, we provide numerical examples that illustrate how to combine
FreeFEM with AMPL in the linear quadratic case (2.1, 2.2). The combination with the
Python package CasAD1 is presented in App. A.3.

For a given triangulation 7}, and generated with FreeFEM, we store the matrices
Ay, and M), constructed in the Code 2.1 of Sec. 2.1 in sparse matrices via the COO
(Coordinate) format. The files "A. txt " and "B. txt " are generated via FreeFEM
with the command (see lq_stationary_ AMPL.edp):
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{ofstream fout ("Ah.txt");
fout << Ah << endl;
}

AMPL (“A Mathematical Programming Language”, see [ |, 13]) is a highly developed
software for modeling and solving large-scale optimization problems. Like CasADi,
the unknown variables must be declared and the objective and constraints must be
defined as a nonlinear programming problem. The transcription of AMPL is based on
classical logical operators, aggregation functions and sets, while the transcription of
CasADi is done more in the framework of matrix calculus. Both handle the sparsity
feature of matrices very well. As far as AMPL is concerned, it is necessary to write the
problem using appropriate sets (set of indices of the non-zero elements of a matrix for
example). A significant advantage of AMPL is the possibility to call several recognized
optimization solvers, like Knitro, CPLEX, IpOpt, etc, which can be used free of
charge on the server NEOS. The program is usually divided into three files: "file.mod"
contains the model, while "file.dat" gathers the parameter allocations and "file.run" the
successive commands.

The Code 2.9 includes the introduction of variables (lines 12 and 13), parameters
(line 1 and lines 6 to 10), minimization of the objective function (line 15) and constraint
functions (lines 19 to 21). Unlike CasAD1, we do not use explicit matrix calculus in
AMPL, the sum operator on appropriate sets is preferred instead. The parameters A and
M represent the sparse matrices A, and M), introduced in the Code 2.1. To preserve
sparsity, the matrices in AMPL are downloaded from a text file in triplet format (see
sparse matrices on the Wikipedia web page for multiple ways to store them). The
indices for which A has non-zero values are declared in a two-dimensional set indexA.
The parameter A {indexA} depending on this set thus gathers the non-zero values of
the matrix A, (idem for Mjy). The quadratic cost function is obtained on line 15 of the
Code 2.9 by summing over all the indices (i, j) in indexM and we therefore do
not take into account in the sum the indices where M has a null value. This induces a
significant gain in computation time.
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param m integer >=0;

set index = 0..m;
set indexA dimen 2;
set indexM dimen 2;

param alpha =0.1;
param A{indexA}; # stiffness matrix

param M{indexM}; # mass matrix
param L{index};
param yd; # target

var Y{index}; # state
var U{index}; # control

minimize quad: sum{ (i, j) in indexM} (
0.5+ (Y[i]-yd)*M[i,J]*(Y[j]l-yd) +
0.5+alphax (U[1]1*M[1,3]1*xU[3]));

subject to PDE{i in index}: sum{ (i, j) in
indexA} (A[i,J1xY[]]) - sum{(i,]) in
indexM} (M[1i,31*U[j]) 0;

subject to lowbound{i in index}: U[i] >= 0;
subject to upbound{i in index}: U[i] <=1;

subject to volume: sum{i in index} U[i]*L[i] == 0.25;

Jou(x)dx=0.25

Code 2.9: AMP1.: "file.mod" (see ffad.{dat,mod,run})

Like all the parameters, the data are assigned in Code 2.10:

data;

param m:= 2600;
param: indexA: A:= include A.txt;

param: indexM: B:= include B.txt;

param yd:= 0.1;
read{i in index} (L[i]) < L.txt;

Code 2.10: AMPL: "file.dat" (see ffad.{dat,mod,run})

AMPL is then called by typing in the terminal the command: ampl file.

run
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model file.mod;
data file.dat;

4+ option solver ipopt;
option ipopt_options"max_iter=1000 tol=l.e-12

linear_solver=mumps";

solve;

Code 2.11: AMPL: "file.run" (see ffad.{dat,mod,run})

Provided that the data can be easily imported as in Code A.3, AMPL stands out for its
ability to manage many efficient optimization solvers such as Knitro, CPLEX and
so on, which, as already said, can be used for free on NEOS, on which we have to
upload the three above files (in order to be uploaded to NEOS, data file must contain
parameters allocations stated in file "A.txt", "B.txt" etc, since they cannot be
uploaded aside). Python (and Mat 1ab) alternatives are presented in Appendix A.3.

To conclude this part, we plot in Fig. 2.1 the convergence curves of the scaled
error respectively associated to the several methods illustrated above. In the case of
the Linear-Quadratic problem (2.1, 2.2), we notice that the FDTO method is ten times
faster than the FOTD one. AMPL endowed with its own automatic differentation tool is
an interesting acceptable alternative.
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Figure 2.1: Convergence curves of several methods
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2.2 Extension to time-dependent problems

In this section, we show how to deal with a time-dependent optimal control problem,
which consists in determining u € L?((0,7); L>()) solution of

1 7T T
minJ(y,u)z—/ ‘/(y(x,z‘)—yd(x))2 dxdt+g/ /u(x,t)zdxdt (2.12)
2Jo Ja 2Jo Ja
y:i=V-(aVy)=u in (0,T)xQ
y=0 in (0,7) X 0Q

y(0)=»°
Ug SUS U

subject to (2.13)

where Y0 € L?(Q) is fixed.
For the existence of solutions, we refer the reader to [15, 20].

We focus here on the numerical implementation for solving this problem. Several
time discretization strategies can be implemented, which can then be combined with
the optimization strategies described previously. We follow Option 1, but the other
possibilities can be adapted in a similar way to time-dependent problems. We introduce
a mesh of the domain Q, as in the previous stationary example. The main issue is how
to deal simultaneously with temporal and spatial discretizations.

A first classical time discretization consists in using an implicit Euler scheme
combined (we will mostly choose implicit schemes since there is no CFL condition to
be satisfied) with finite elements P; in space.

A second possibility is to use the ability of the FreeFEM to handle 3D problems
by considering a 3D time-space mesh and to discretize simultaneously time and space
variables with finite elements P;.

2.2.1 Implicit Euler scheme

Although an implicit scheme is a bit harder to implement numerically because it requires
a matrix inversion, its advantage over explicit schemes is that it does not require any
CFL condition. We consider the mesh 7T}, introduced in Sec. 2.1 and the matrices Ay,
and Mj,. Given an integer n,, consider a time subdivision

fo=0<t <--- <ty =T
of the interval [0,7]. We introduce the discrete variables

Y=o yn) €ER™™ and U = (u1,-+ ,up,) € R™M™,
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with y;,u; € R"™ arrays of degree of freedom of the finite element approximations of
y(t;,-) and u(t;,-) respectively. We then discretize the problem (2.12, 2.13) as

: o LN h\T NAF:
min J(7,0) = 5 > e =y Mu(yic=yi)+5 D g My (2.14)
k=1 k=1
th +ApYi+1 = Mpugy, Vke(0..n—1)

5t
subject to | yq = yO(initial guest) (2.15)

ul <up <ull, Vke€{0..n}.

We simplify the notations by introducing the matrices

1 1
Ar=Ap+—My,, M,=—M
t h St h t St h

for 6t = nlt and the sparse matrices

Ind Ond Ond Ond e Ond M Ond e Ond
Q- -M, A e (U A= M, . On, 5o O, M - On,
0,, - -M;, A On, -+ M, 0, -+ 0., M

ngn; columns and rows

(2.16)

to reformulate the optimization problem (2.14, 2.15) as the problem of determining
(Y,0) e R¥a(+1) solution of

o1 - I
min J(7,0) = E(Y—Yd)TD(Y—Yg,)+%UTDU
yO,h
Ong (ne-1)

uZ <Up < uZ Vk € {0..n; }.

subject to

We thus obtain a finite-dimensional constrained linear quadratic problem

5~ (D(Y-Yy) 25 (DO S~ (A 0
VJ(Y,0) = ( DU ) VaJ(Y,U) = 0 abl’ vey,U) = o —nl
for which the numerical implementation in F reeFEM now follows the method presented
in Sec. 2.1.1, based on the template introduced in Sec. 1.2.4 (see lq_time_QO1.edp and

Iq_time_0O2.edp).

2.2.2 Time discretization with FreeFEM

Another possibility is to exploit the ability of FreeFEM to handle multidimensional
problems, by considering the time variable as a third variable of the z space and
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() (b)

Figure 2.2: (a) initial square mesh; (b) 3D mesh with buildlayers

transforming a 2D (or 1D) problem into a 3D (or 2D) problem. In the example (2.12,
2.13), the variational formulation reads as follows:

/ (yrv+aVy- Vo) dxdt = / uv dxdt 2.17)
(0,7)xQ (0,T)xQ

for all vin H' ((0,T) x Q)) such that v1(0,7)x00 = 0. We build a mesh of the 3D domain
(0,T) x Q on which the PDE is settled. In order to manage the 3D meshes, we use at
the beginning of the file the command: load "msh3". Several options to build a
3D mesh with FreeFEM are available. We prefer to start from an initial mesh of the
domain Q, subset of R?, that we extend (along the axis z) to a mesh of the cylinder
(0,T) x Q thanks to the command buildlayers:

mesh Th2 = square(20,20);

int[int] rup=[0,30], rdown=[0,20], rmid=[1,10,2,10,3,10,4,10];

mesh3 Th = buildlayers(Th2,20, zbound=[0,T], labelmid=rmid,
labelup=rup, labeldown=rdown) ;

Code 2.12: 3D mesh cylinder with 2D mesh basis (see lq_time_t_as_z.edp)

The new finite element space is
V= {u e H'(0.T)xQ), VKEeT, vy e Pl}

(in this case, the temporal discretization performed with a finite element discretization
is symmetric). As in the static case, we define the matrix of the variational formulation
(2.17):

varf vA(Y,V) = int3d(Th) (-dz (V) xY+ax (grad (Y) '«xgrad(V))) //
dz (Y):('),y
+ on(10,Y=0) // Dirichlet boundary condition
+ on(20,Y=Y0); // initial condition y°
matrix Ah = vA (Vh,Vh, solver=sparsesolver);

We define the matrix of the cost function:
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varf vCost (Y,V) = int3d(Th) (Y*V);
matrix Mh = vCost (Vh, Vh, solver=sparsesolver);

Given a mesh of the domain (0,7") X Q, we now write the discretized optimal problem
as

. 1
min -

) ) o
g min S (F=Yo) My (Y =Yo) + 507 MO
> €

ApY =M, 0
ut<U<up

where N is the number of degrees of freedom of the chosen finite element space (taking
into account the time dimension), U Z and U Z are the resulting arrays of degrees of
freedom from the interpolation operator connected to the finite element space Vj, of
the functions u, and u, respectively. Here, N is of the same order as the quantity
nq(ny +1) from the previous section. The gradient and Hessian of the cost function
and the Jacobian of the constraint function are now easy to compute and the numerical
implementation follows what has been presented in Sec. 2.1.1.

When considering linear quadratic optimal control problems, the problems result-
ing from the various discretization strategies remain general high-dimensional linear
quadratic optimization problems. Nevertheless, the previous examples can be used as
models for other examples, more complicated, but which require a significant upstream
work on the chosen discretization.

When the PDE under consideration is linear, we recommend to use Option 1.
Indeed, keeping the PDE as a linear constraint rather than solving it directly, which
requires at least a matrix inversion (the matrix inversion will always take place but the
linear solver chosen in IpOpt will do it), will most of the time bring two advantages.
First, it is easier to compute the Jacobian of this constraint and it is almost always easier
to compute the derivatives of the cost function with respect to state and control than
the derivatives of the reduced cost function, whose Hessian is even harder to compute.
Second, we keep the sparse feature of the matrices involved in the discrete writing of
the problem.

Option 2 (use of an adjoint representation) is more suitable when the dependence
on the control is more complex and cannot be expressed easily, as in the case of shape
optimal design, when the control is a shape (see [3, 14]) or for nonlinear problems.
Option 1 and Option 2 differ in the choice of the parameterization of the optimal shape
to be found.

Furthermore, regardless of the chosen approach, time-dependent problems are much
more computationally and memory intensive and require careful attention to potential
simplifications.
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2.3 Optimization under semilinear PDE constraints

We add a nonlinear term to the previous problem. Given ys € L?(Q) and uy,up €
L*®(Q), we seek an optimal solution u € L?(Q) of

min J(y,u) = %'/Q(y(x) —yd(x))2 dx+%‘/gu(x)2dx (2.18)
-V-(aVy)+¢(y)=u inQ
subjectto {y=0 on 9Q 2.19)

Ug S UK Up.

Following the framework stated in [24, Assumptions 4.2 and 4.3], the function ¢ : R —» R
is continuous, monotone increasing, globally bounded and twice differentiable. The
global boundedness assumption is only used to ensure that ¢(y) € L>(Q). In our
numerical tests, we choose ¢(y) = y3, which is not globally bounded, but Sobolev
embeddings guarantee that H'(Q) < L°(Q) for a bounded Lipschitz domain Q of R>
or R3. Therefore, given any u € L?(Q), the PDE (2.19) has a unique weak solution
y e Hé (Q) (see [24, Remarks on Theorem 4.4]). Compared with the state state (2.2),
the semilinear PDE is more difficult to solve with the finite element method. We do not
have any linear variational formulation and therefore there is no way to solve it with a
single matrix inversion.

We propose to solve the PDE numerically with successive approximations (iterative
fixed point) or with a Newton method and to use an adjoint representation to compute
the derivatives. Note that the adjoint only requires a matrix inversion because the
adjoint equation is linear. Let 7}, be the same triangulation of the domain € as before
and let V}, still denote the finite element space P;. The variational formulation is

/aVy~Vvdx+/¢(y)vdx:/uvdx VveH(l](Q).
o) Q Q

A first possibility is to use Algorithm 2 (fixed point) to compute a numerical solution
of this variational formulation, whose translation in FreeFEM macros is given in Code
2.13.

Algorithm 2 Fixed point method for semilinear PDEs

seterr =1
while (err > 1071°) do

solve: VUEH&(Q), /QaVz-Vvdx+/Q¢(yp_1)vdx:/qudx

compute err = ||z —yP~! l2 Q)
set yP =z
setp=p+1.

end while
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macro semilinearstateFP () {
real err=1;
while (err>tol) {

Vh Yold;

solve semilinear(Y,V) = int2d(Th) (axgrad(Y) 'sxgrad(V))
+ int2d(Th) (Yold~3*V) // ¢(y) =13
— int2d (Th) (U*V)
+ on(1,2,3,4,Y=0);

real[int] taberr = Y[]-YoldI[];
err = 12norm(taberr); // Ika”—yklle(Q)
// 12norm defined in appendix A.l
}
Y /s

Code 2.13: Semilinear state equation with a fixed point method (see
semilinear_fixedpoint_ipopt.edp)

Another possibility is to implement a Newton-Raphson strategy, consisting in deter-
mining y € V such that F(y) =0 with F : V + V, as done in Algorithm 3.

Algorithm 3 Newton method
seterr =1
set yo and w initialized
while (err > 10719) do
yP=yP —w
solve: DF (y?)w = F(yP)

err =||v]|
setp=p+1.
end while

In the context of the problem (2.18, 2.19), F is the variational formulation of the
state equation (2.19) and we have

F(y)=‘/Q(aVy~Vv+¢(y)v—uv)dx

DF(y)w:/Q(an~Vv+¢’(y)wv)dx

for some v € Hé(Q), and (2.19) is solved in Code 2.14.
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macro semilinearstateNewton () {
real err=1;
Vh W=0;
while (err>tol) {
Y[ -=Wll; // yPl=yP-w
solve semilinear (W,V) =
int2d (Th) (axgrad (W) '+xgrad (V) // DF(y)w
+ 3xYA2xWAV) // p(y) =y
- int2d(Th) (a*grad(Y) xgrad (V) + Y*3%V — UxV) //F(y)
+ on(l,2,3,4,W=0);
err = 12norm(W[1); // HwHLqQ)
// 12norm defined in appendix A.l1
}
Y/

Code 2.14: Semilinear state equation with Newton method (see
semilinear_fixedpoint+Newton_ipopt.edp)

One may wonder whether it is better to use a fixed point or a Newton method.
Newton’s algorithm is well known for its fast, but convergence can in general only be
obtained if its initialization is close enough to the solution. The fixed point algorithm
is less sensitive to the initialization constraint but the convergence is slower in general.
One may consider a hybrid method consisting in using a fixed point method in the first
iterations and then switching to a Newton method when one is close enough to the
solution (this is the idea of global or damped Newton methods).

As in Sec. 2.1, Y is the set H(l)(Q) and the set of admissible controls U, is the
subset of L%(Q) given by

Uaa={ue L (Q),uq <u<up} cU=L*Q),

Z = H™'(Q) (dual of Hj(Q)), so that Assumption 2 is satisfied, and

I =5 [ 00 =ra)? dr+ 5 [ uto?as,

e(y,u)=Ay+B¢(y) - Bu.

Under [24, Assumptions 4.14], existence of an optimal control i € U, 4 is guaranteed
and the optimality conditions stated in Corollary 2 give

ye€E Hé (Q) solution of: —=V-(aVy)+¢(y) =u inQ, (2.20)
pe Hé (Q) solution of: V-(aVp)—¢'(y)p=y-ya inQ, (2.21)
u € Ugg such that: (eu—p,v—u)y 20 VoeUyq. (2.22)

Again, like in the example (2.1, 2.2), the duality pairing (-, ),y is compatible with
the L*(Q)-inner product and hence the adjoint representation yields the gradient of the
reduced cost function

(Vf(u),v)U = ‘/Q(a/u—p)vdx Yo e L*(Q).
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Although the state equation is nonlinear, the adjoint equation is linear and can thus
easily be solved with FreeFEM:

macro semilinearadjoint () {
solve SLAdjoint (P,Q)= int2d(Th) (ax* (grad(P) '«grad(Q)))
+ int2d(Th) (3xY"2+PxQ) // ¢'(y)=3y?
+ int2d (Th) ((Y-Yd) *xQ)
+ on(l,2,3,4,P=0);

Y/

Code 2.15: Semilinear adjoint equation

At this step, it suffices to rewrite the cost function and its derivative as in Codes 2.5
and 2.6 by replacing the macros of the previous state and adjoint equations.

In the case of semilinear equations, it is possible to work with sparse matrices that
do not depend on the state and control, provided that we are careful enough on how to
discretize the nonlinear term. Therefore, we can override the computation of the adjoint
by using automatic differentiation with the software AMPL as in Sec. 2.1.4. We thus
reduce the cost function to the quadratic discretized cost

1 @
Jn(Yh up) = E(Yh =y My (v —yh) + EMZMth

while the state equation is viewed as a constraint

en(Ynun) = Apyn+Mp(yn)® — Myuy,

so that "file.mod" becomes:
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param m integer >=0;

> set index = 0.

.m;

set indexA dimen 2;
+ set indexM dimen 2;

c param
7 param
s param
v param
10 param

alpha =0.1;
A{indexA};
M{indexM};
L{index};
yd; # target

# stiffness matrix
# mass matrix

# state
# control

var Y{index};
var U{index};

minimize quad: sum{ (i, j) in indexM} (
0.5x (Y[1]-yd)*MI[1i, JI+(Y[J]-yd) +
0.5xalpha* (U[1]*M[1,3]1*U[]]));
subject to PDE{i in index}: in
indexA} (A[1, 31*xY[]])
+ sum{ (i, j)
- sum{ (i, j)

sum{ (i, j)

in indexM} (M
in indexM} (

=0;

20

21 subject to lowbound{i in index}: U[i] >= 0;
» subject to upbound{i in index}: U[i] <=1;

(1, 31+Y[J]%%3)
M[i,31+U[]])

2w subject to volume: sum{i in index} U[i1]xL[i] == 0.25; #
Jou(x)dx=0.25
Code 2.16: AMPL: "file.mod" - semilinear case
? 2 Feed pa wy F D
ooz | 3R e i 3
0.000275 + w7 b
| 1073 ‘?
0.000250 || ﬁ
- |
0.000225 || 10 ;?5
0.000200 1077 &
‘l 10 ww%? ‘ol A GR
00001754 | Wﬁr&%dv M},g\u\
0.000150 Jﬁ% o ;% o \(\s\/?ﬂﬁ
0.000125 10712 4
QL oo o 00
[ 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
iter iter
(a) (b)

Figure 2.3: Convergence curves for semilinear case: (a) objective function; (b) conver-
gence criterion

The convergence curves of the various methods are shown in Fig. 2.3. The methods
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converge more or less quickly to the same solution. Here we emphasize the advantages
of automatic differentiation over adjoint methods that bypass solving the state equation
by iteration methods. The convergence of the algorithm is then faster and its numerical
writing is much easier. Nevertheless, we must pay some attention to the numerical
discretization of the cost and state constraint functions. Indeed, we will show in
Chap. 3 the importance of the choice of finite element spaces for the algorithm to give
an acceptable solution.

2.4 Optimal shape design problems

FreeFEM is adapted to solve numerically optimal shape design problems. Indeed,
FreeFEM is user-friendly for solving PDEs, but also for building and modifying
meshes. Shape optimization is a vast field and there are many ways to compute
numerical optimal solutions. It is possible to implement geometric and topological
optimization as well as homogenization methods. For the level-set methodin FreeFEM,
we refer the reader to [4, 5] and to the dedicated website. We also mention [9] which is a
pedagogical introduction to the level-set method in shape optimization using FreeFEM.
In short words, level-set method is related to the solution of an advection equation
combined with a gradient descent algorithm (see [ 1] for an example of an efficient
gradient descent algorithm applied to shape optimization). We mention two methods
that can be combined with TpOpt:

» Shape deformation methods: we look for a way to modify an initial shape to a
so-called optimal shape and thus compute the derivatives of the cost and con-
straint functions using classical shape optimization analysis tools. The command
movemesh provided by FreeFEM allows us to write an optimal shape design
problem in the context of Hadamard boundary variations. The derivatives with
respect to the domain and the appropriate deformation vector fields are thus com-
puted to find the next iteration using the movemesh. We refer to [14] for an
introduction to shape variation strategies.

* Relaxation methods: we look for an optimal solution in a larger admissible set
containing the classical design sets and expect the solution to be in the starting
set of shapes. One of the best known methods is homogenization (see [2, 6]).
The optimal solution often presents a gray level instead of being black or white,
which underlines the appearance of a relaxation phenomenon.

The example of Sec. 4.1 further is devoted to illustrating the first method. Here, let
us quickly describe the second method, which can be implemented in the framework
of the numerical methods of Sec. 2.1 by considering a variant of the linear quadratic
example (2.1, 2.2). Let Q be a subset of R? and let y; € L?>(Q) be a target function.
The set of admissible controls is

Uya = {w C Q measurable, |w| < wp}
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w measurable

ue L2(Q,[0,1])

E/ u(x)dx < L|Q|}
Q

Figure 2.4: Convexification strategy

where |w| is the Lebesgue measure of w. Denoting by y, the indicator function (defined
by xw(x) =1if x € w and 0 otherwise), we seek for a measurable domain w solution of

min 1.0 =3 [ (600 =3a)* ds

weUyq
-Ay=x, InQ
S.t.
y=0 on 0Q2.

We refer the reader to [ 18] for sufficient conditions ensuring existence of solutions. For

the numerical solving, we relax the indicator function y, of w as shown in Fig. 2.4.
This leads to the relaxed (convexified) problem

min I3, = 5 /Q (V(x) = ya(x))? d

uceUyq
-Ay=u inQ
st. 4y=0 on 0Q
O<uxl

with
fuadz{ueﬁ(sz), 0<u<1and/u(x)dx:L|Q|}.
Q

We now adapt the example (2.1, 2.2). Shape optimization is performed by stipulating
upper and lower bound constraints on the control « in the hope that they will be saturated
for the optimal solution (if not, this means that there is relaxation). The generalization
of such methods can be found in the homogenization method studied in [2]. The
optimization solver IpOpt may be used.

2.5 Conclusion

In this chapter, we have considered several PDE-constrained optimization problems and
solved them with FreeFEM. We have provided the detail of all steps, starting from an
appropriate mathematical formulation of the problem to the numerical implementation.
We have designed several methods depending on the chosen problem. We stress that
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FreeFEM has already been the focus of several educational papers, such as [17, 26] in
topology optimization, [10] in geometric optimization, [7] for structural optimization
and [12] where the authors combined FreeFEM with IpOpt.

FreeFEM is also powerful for three-dimensional problems. Let us mention [8]
where the authors build finite element method for fast rotating Bose-Einstein conden-
sates. Regarding optimization problems, we mention [19] where the authors propose
a new framework for the two- and three-dimensional topological optimization of the
weakly-coupled fluid—structure system. In the same field, we cite [2 1] where the authors
present an educative paper and focus on a level-set method in dimension two with an
extension to the three-dimensional case. In the sequel, we will focus on more specific
problems, following the methods illustrated in this chapter.
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Chapter 3

Plateau problem

In this chapter, we address a problem of calculus of variations: compute the optimal
solution of the Plateau problem. We present three different methods illustrated in
Figure 1.2 of Chap. 1: adirect method via automatic differentiation, an indirect method
by solving the optimality conditions and a hybrid method. We finally highlight the
non-commutativity of the previous methods which do not necessarily yield the same
solution, depending on the choice of discretization.

3.1 Introduction

The Plateau problem is named after the Belgian natural scientist J. Plateau, who made
numerous experiments with soap films, realizing a large variety of minimal surfaces.
We can find a complete description and many solving suggestions, e.g., in [1, 2].
We illustrate on such an example of variational computation how the combination
of FreeFEM and IpOpt can improve the numerical solution for a PDe constrained
optimization problem. Depending on a good choice of discretization, we will also show
that automatic differentiation is a powerful tool.

In this well known problem, the aim is to find a minimal surface whose boundary
is fixed. We restrict ourselves to closed and C? surfaces, parametrized by means of the
graph of a given function u : Q — R (with Q ¢ R?) belonging to the admissible set

SQ)={u:Q>R, ugeC*(QR), upgoeC (LR},
so that an admissible surface is given by the parametric surface
X(x,y) = (x,y,u(x,y)), (x,y)€Q.

The cost functional is

J(u) = /(1 +|Vul?)? dx.
Q
Given a function y € C'(dQ,R) along the boundary of Q, we seek an optimal solution
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of the Plateau optimization problem

in J h that =v. 3.1
min J(u) such that uja0 = y 3.1

We propose three methods for its numerical solving:

* The first one consists in finding the critical points of the functional J thanks to an
iterative procedure combining a fixed point method and a Newton method. This
method is part of FOTD.

e The second one calls the TpOpt solver from FreeFEM.

* In the third one, we use automatic differentiation with AMP L after having gener-
ated in FreeFEM the discretization of the functional J with finite elements.

Note that TpOpt requires to compute at least the gradient, and if possible, the Hessian.
To this aim, we compute the first derivative of the cost functional J

DJ(u)v:/VM—.Vvldx Vv e S(Q) 3.2)
Q (1+|Vul?)2

and its second order derivative

Vo-Vw (Vu-Vo)(Vu-Vw)
a (1+|Vul?)? (1+|Vul?2)?

D?J(u)(v,w) = dx VYo,we S(Q). (3.3)

We introduce a triangulation 7}, of the domain € and will induct hereafter several finite
element spaces. We define the F reeFEM macros of the cost function and its derivatives
that we need for the various approaches. As an example, we define Q as the unit square
and

v(x,y) =cos(nx)cos(my).

We approximate the functions « in S(£2) with P; finite elements (we will choose as well
P, and will compare solutions):

mesh Th=square (10,10, [x+1,y]);
fespace Vh(Th,P1l);

Vh u,up,v;
func gamma = cos (pi*x)*cos (pix*y);
macro grad(u) [dx(u),dy(u)] //

Code 3.1: Minimal surface numerical framework

Besides, we introduce the macros of the derivatives of the cost function J that we need
for the optimization methods.
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macro J(u) int2d (Th) (sqrt (1.0 + grad(u) '+*grad(u))) //

macro DJ(u,vVv) int2d (Th) (grad(u) '+grad(v) /sqrt (1.0 + grad(
u) "xgrad(u))) //

macro DJfp (u,up,Vv) int2d (Th) (grad(u) '+grad(v) /sqrt (1.0 + grad(

up) '+xgrad(up))) // for fixed point method
macro D2J (u,v,w) int2d (Th) (grad(w) 'xgrad(v) /sqgrt (1.0 + grad(
u) 'sxgrad(u)) - grad(u)'*grad(v)*grad(u) '+grad(w)/sqrt (1.0 +

grad(u) '+grad(u)) "3 ) //

Code 3.2: Minimal surface macros

3.2 Solving with an iterative method

We claim that (3.1) is a convex optimization problem so that solving the first-optimality
conditions leads to the optimal solutions. We first try to solve (3.1) by a search for
critical points of the functional J. The task is to find functions u € S(Q) so that the
differential DJ(u) of J in the Fréchet sense, given by (3.2), vanishes. Denoting by
So(€) the set of functions in S(Q) vanishing in 9Q,

So(Q) ={u:Q->R, ugeC*(QR), s.t. ujpq=0} c S(Q),

the aim is to find u € S(Q) such that

Vu-V
DJ(u)v:/u—vldxzo Vo € So(Q),
Q (1+|Vul?)2

u =y on 9Q.

Given a good enough initialization function ug, we seek a zero of the first derivative of
the cost function by means of a Newton algorithm that returns at the k-th iterate a new
function ug; in S(L) such that

D?J (ug) (ug1,0) = D2 (ug) (ug,v) = DJ(ug)(v) Vo€ So(Q),

Ur+] =7y on 0L 3.4)

Newton’s method strongly depends on the starting point. Therefore, to improve the
convergence of the algorithm, the first steps of the algorithm can be devoted to ap-
proximating the solution by using a fixed point algorithm before launching the Newton
method that will then converge faster once the iterate is close to the solution. In the
first iterations k € {0..K}, we thus seek a function uy,; € S(Q) solution of the linear
problem
/de 0 VoeSyQ),
Q (1+|Vu|?)2 (3.5)
U+l =7y oOn 6Q,

and we switch to the Newton method when the distance between two successive itera-

tions,
) 3
(/(uk+1—uk) dx) ,
Q
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is small enough. We stop the Newton method when the above error is below a given
tolerance. We write in Code 3.3 the full algorithm combining the fixed point iterations
(3.5) and the Newton iterations (3.4).

while (err > eps && iter++ < 100)
{
upll=ull; // wup—y < ug

newton = newton | ( err < 0.005); // boolean
if( ! newton ) // at first iterations

solve PointFixe(u,v) = DJfp(u,up,v) + on(l,2,3,4,u=

gamma) ;

else

solve Newton (u,v) =

D2J (up,v,u) - D2J(up,v,up)
+ DJ (up, v)

+ on(l,2,3,4,u=gamma) ;

err = sqgrt (int2d(Th) ((u-up) "2)); // error

real Ju = J(u);

cout << iter << " " << newton << " " << err << "_ J ="<< Ju
<< endl;

plot (u,cmm=iter + "_err =" + err + "_Ju=" + Ju);

}

Code 3.3: Plateau problem by fixed point and Newton method (see
minsurf_fixedpoint_Newton.edp)

Newton’s algorithm converges to the solution in few iterations. Nevertheless, the
method could appear limited if we would like to add some constraints such as forcing
the minimal surface to lie under a given surface. Indeed, an additional constraint would
add in the optimality conditions a Lagrange multiplier, which is more complicated to
deal with. In such a case, a more user-friendly alternative may be to solve the problem
by combining FreeFEM with IpOpt.

3.3 Solving with FreeFEM combined with IpOpt

In this section we introduce an additional lower bound function u,, : @ — R and we
now consider the optimization problem

min J(u) st. ugo=7vy, Um<U. 3.6

,min, (u) 6Q =Y, Um < (3.6)

In the previous section, we computed the optimal solutions of (3.1) by seeking the

critical points of the function J. This is equivalent to solving the first-order optimality

conditions which are also sufficient since the problem (3.1) is convex. In this section,

the additional lower bound constraint breaks the equivalence between critical points

and optimality conditions, which require the introduction of a Lagrange multiplier

associated to the constraint. We could apply the first-order optimality conditions and
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solve them thanks to an augmented Lagrangian method for instance. Here, we rather
use the combination of FreeFEM with IpOpt and we discretize the derivatives of the
cost function J and of the lower bound constraint. Therefore, in contrast to the previous
method, which is typical of the FOTD method, since we first wrote the optimality
conditions of the problem (3.1) that we have then discretized and solved, we now
compute a discretization of the derivatives the functions involved in the problem (3.6)
and only after we use an optimization algorithm (here TpOpt). To this aim, we compute
a discretized version of DJ(u) and D2J (u).

func real J(real[int] &X)
{

Vh u; ull=X;

return int2d(Th) (sqrt (1.0 + grad(u) '+xgrad(u))) ;
}

func real[int] DJ (real[int] &X)
{
Vh u; ull=X;
varf vg(uu,v) = int2d(Th) ((grad(u) '+*grad(v))/sqrt (1.0 +
grad(u) '"xgrad(u))) ;
real[int] G= vg(0,Vh);
return G;

}

matrix H; //global variable for matrix, otherwise => seqg fault
in Ipopt
func matrix D2J(real[int] &X)
{
Vh u; ul]=X;
varf vH(v,w) = int2d(Th) ( (grad(w) '+xgrad(v))/sqrt (1.0 +grad
(u) '+grad(u))
- (grad(w) 'xgrad(u)) * (grad(v) 'xgrad(u) )« (1.0 + grad(u) "x
grad(u))"-1.5) ;
H = vH(Vh,Vh);
return H;

Code 3.4: Optimal surface (see minsurf_Ipopt.edp)

We directly define the additional constraints in lower and upper bounds of the
optimization variable X. For the problem (3.1), we force in Code 3.5 the function u to
be equal to y on the boundary dQ by introducing two arrays [, and u, so that

lp <X <up

with I, [i] and up,[i] very large if the index i matches with a degree of freedom of an
interior finite element and [, [i] and up[i] equal to vy if the index i matches with the
degree of freedem of a boundary finite element.
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varf OnGamma (u,v) = on(1,2,3,4,u=1);
func g = cos (pi*x)*cos (pi*y);

Vh OnG; Vh gh=g;
OnG[]=0OnGamma (0, Vh,tgv=1); // 1 on Gamma
Vh 1lb = OnG!=0 ? gh : -1el9 ; //

Vh ub = OnG!=0 ? gh : 1lel9 ; //

Code 3.5: Boundary constraint

We define the additional constraint stated in the problem (3.6) by adding the follow-
ing two lines in the code in order to modify the lower bound variables accordingly for
the function 5

(X, y) =3 — (10 ((x —0.5)2+(y —0.5)2)) .

Vh clb = 3-square (10« (square (x-x0) +square (y-y0))); // lower
constraint
if (constraint) 1lb = max (lb,clb);

It only remains to run IpOpt:

IPOPT (J,DJ,HJ,ul],lb=1b[],ub=ub[],tol=1.e-15);

In this example, we first computed a discretized version of the derivatives of the
cost function, what can be referred to as a hybrid method in Diagram 1.2. A full FDTO
method would compute the derivatives of a discretized version of the cost function.

3.4 Automatic differentiation alternative

In the two previous sections, we computed the continuous derivatives of the involved
functions and then discretized them according to our finite element space’s choice.
From the numerical point of view, having in mind a gradient descent method as an
optimization algorithm, it may sometimes be better to compute the true numerical
gradient, i.e., compute the derivatives of a discretized version of the cost and constraint
functions. This is why we focus in this section on an automatic differentiation alternative
based on the software AMPL. We are going to see that we have to choose adequately
the discretization space, otherwise convergence of the algorithm may fail. In a first
attempt, as in the previous sections, we choose P; finite elements for the function u.
The cost function brings the spatial derivatives of u which have to be discretized too.
When we write in FreeFEM the cost function

func real J(real[int] &X)
{
Vh u; ull=X;
return int2d(Th) (sqrt (1.0 + grad(u) '«grad(u))) ;
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Here, dx(u) and dy(u) discretizations are hidden in the quadrature formula int2d.
Automatic differentiation is not directly available in FreeFEM. Therefore, we have to
export the discretization in AMPL and we thus have to exhibit this formula in order to
well observe the same solution. To this aim, we are going to develop the cost function
computation in the Code 3.6 and comment the computing steps.

param mV integer >=0; # ndof for u discretization
param mP integer >=0; # ndof for dx(u) and dy(u) discretizations

set indexV = 0..mvV-1;
set indexP = 0..mP-1;

set indexPx dimen 2;
set indexPy dimen 2;
set indexM dimen 1;
set indexG dimen 1;
set indexUE dimen 1;

param Px{indexPx}; # matrix of operator dx
param Py{indexPy}; # matrix of operator dy
param M{indexM}; # mass matrix

param ue{indexUE};

var u{indexV};

minimize cost : sum{i in indexM} ( M[i]*sqgrt (1.0+ (sum{ (i, j) in
indexPx} ( Px[i,jlxul]j] ))**2 + (sum{ (i, Jj) in indexPy} (
Py[i, J1*xul3j] ))*x2));

subject to gamma_inf{i in indexG} : ulil<=uel[i] + 1l.e-19; #

subject to gamma_sup{i in indexG} : u[i]l>=ue[i] - 1l.e-19; #

option solver ipopt;
option ipopt_options"max_iter=1000 tol=1l.e-15
linear_solver=mumps";

Code 3.6: File "surfmin.mod" (see minsurf.{dat,mod,run})

We compute the matrices involved in Code 3.6 in FreeFEM by introducing two
finite element spaces: Vj, is used to discretize the optimization variable u, while Pj,
is used to discretize dx(u) and dy(u). Indeed, given u approximated with P; finite
elements, its spatial derivatives are thus discretized with Py finite elements without
approximation error. Therefore the two matrices P, and P, map the finite element
space Vj, to the finite element space Pj,.
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Figure 3.1: Solution returned by the three methods

fespace Vh (Th,P1);
fespace Ph(Th,PO0);

matrix Px = interpolate(Ph,Vh,t=0,0p=1);
matrix Py = interpolate (Ph,Vh,t=0,0p=2);

varf mass (u,v) = int2d(Th) (v);
real[int] M = mass (0,Ph);

Code 3.7: Matrices needed in "surfmin.mod"

3.5 Example and remarks
We illustrate the previous methods by choosing
v(x,y) = cos(mx) cos(my),

defined on the square Q = [0, 1]2. In a first attempt, we discretize the unknown u
with P; finite elements and we plot in Fig. 3.1 the solution returned by the three
methods. Indeed, solving the first-order optimality conditions either with the automatic
differentiation method or by using IpOpt in FreeFEM, the solution found is almost
identical. To convince ourselves of this, we plot in Fig. 3.2 the L? error between the
solutions and we observe that they are similar to within 10~7. The fact that the solutions
are identical comes from the choice of the discretization space, which allows us to
obtain a discretized cost function without interpolation error. Indeed, we have taken Py
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Figure 3.3: Solution of Plateau’s problem with P, elements: (a) with AD (AMPL); (b)
with TpOpt and FreeFEM

elements for u so that its spatial derivatives can be approximated by Py elements, which
are constant functions on each triangle of the mesh. Hence, the quadrature formula
used to compute the cost function involves constant values of the function +/1+ |Vu|?
on each triangle. However, if the function approximated inside the root is no longer
constant, we will make approximation errors and the three methods will not return
exactly the same solution. For example, let us now take as discretization space the P,
elements for u# and let us plot the solution in Fig. 3.3. Here, the spatial derivatives of
u are discretized according to discontinuous P; elements. If we try to discretize them
with continuous P; elements, then we make an approximation error which is prohibitive
for the convergence of the algorithm.

These two numerical examples illustrate that the choice of the discretization’s space
matters to ensure the convergence of the algorithm and for direct and indirect methods
to lead to the same result.

In a last example, we illustrate how IpOpt combined with FreeFEM is standing
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Figure 3.4: Error between different solutions for P, discretization

out. We now force the solution to be under a given function as an additional constraint.
We consider the problem

in J h that =7, < 3.7
ugél(rslz) (u) such that u;pq =y, u<upy (3.7

with
y(x,y) = cos(nx) cos(my),
and
up (x,y) =3—(10((x - 0.5)>+ (y —0.5)%))?.

Solving optimality conditions would require to add and manage a Lagrange multiplier
for the obstacle constraint. Besides, automatic differentiation proved to be a relevant
solution if we discretize with P; elements, but it is still limited for other discretization
choices. Nevertheless, IpOpt combined with FreeFEM manages a large choice of
discretization spaces and enables to take into account additional constraint as inputs.
This is why this solution turns out to be an effective and interesting one. We plot in
Fig. 3.5 the solution of the Plateau problem with an obstacle constraint u .

All numerical codes developed in this chapter are downloadable at FreeFEM’s
website.
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Chapter 4

Shape optimization with
FreeFEM

In this chapter, we address a less classical problem that illustrates the user-friendly yet
effective framework provided by FreeFEM to solve a shape optimization problem with
mesh modifications combined with the powerful interior point method IpOpt. Based
on the mathematical framework introduced in Chap. 1 and following the numerical
tools illustrated in Chap. 2, we consider the optimal design problem of a microfluidic
swimmer’s membrane consisting of maximizing its velocity in a given direction. We
treat the membrane as a moving lower boundary of a domain where a Stokes fluid
evolves and we want to maximize the fluid velocity at the free surface, by imposing
constraints on the length and curvature of the boundary.

The examples presented in the previous sections were rather classical and aimed at
illustrating several numerical methods and providing some numerical templates.

In this section, our objective is to highlight other features of FreeFEM on a more
challenging example, namely, the problem of designing the best possible shape for
micro-swimmers in a fluid, in order to lead them in a given direction. At the interface
between fluid-structure interaction and control theory, this problem has been studied in
various forms in the literature (see [2, 10]). Here, as illustrated in Fig. 4.1, we assume
that the micro-swimmers have a membrane I" that oscillates periodically at some fixed
frequency to generate fluid motion. To account for the periodicity of the membrane
motion, the fluid domain is assumed to be a flat torus obtained by bending the square
along the y direction so that £, merges with X4 (torus); the lower boundary I" is assumed
to move at speed vp so that viscous forces in I' imply fluid motion (see Fig. 4.1(b)). For
the ease of study, we assume that I" is the graph of a C? function (no overlap), moreover
satisfying some physical constraints on the second derivative.

In a more complicated model, overlap could be allowed by modifying the boundary
with two-dimensional deformation vector fields.

We perform our study in the reference frame of the moving boundary I" (velocity
vp ), which induces the vertical motion of the fluid observed in Fig. 4.3.

73
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Figure 4.1: Fluid domain: (a) initial square; (b) torus after periodization.

4.1 Boundary and domain parametrization
Let Qg denote the initial torus. Given a function

f:10,1] — [0,1]
such that f(0) = f(1), we parametrize the bottom boundary as

I={(x.f(x) | x€[0,1]},

so that Q is modified to obtain the fluid domain  under the action of the vector field

0(x,y) = (x,y+(1-y) f(x)).

As for the numerical approach, although the flow problem introduced below is
expressed on the modified cylinder Q, we discretize the domain with a square mesh
such that periodicity will be ensured by considering periodic finite elements. We then
introduce a triangulation of Q (see Fig. 4.2(b)) by modifying the previous square
mesh (see Fig. 4.2(a)) under the action of the vector field 6 thanks to the command
movemesh. As the control f acts on the 1D boundary, we introduce a one-dimensional
mesh of the boundary which will be necessary for the computation of the gradient. Each
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Figure 4.2: Fluid domain mesh: (a) initial; (b) modified for f(x) = 0.1sin(37xx).

iteration of the optimization process will involve a modification of both the square mesh
and the one-dimensional mesh along I'. Numerically, in the Code 4.1, we introduce
several meshes in addition to the initial square mesh of € thanks to the command
extract:

int[int] 11=[1];

mesh ThO = square (NX,NX«*H, [x,y*H]); // initial square mesh
func fclab = (%x>0.999)%2 + (x%<0.001)*1; // Borders label

ThL = extract (Th0, refedge=11);

ThL = change (ThL, flabel = fclab); // (0,1) straight mesh with

label 1, 2
mesh Th = ThO0; // mesh to be modified at each function call to
mesh%etTh% = ThL; // mesh to be modified at each function call
to get T’
Code 4.1: 1D finite element space and movemesh command (see

shape_microswimmer.edp)

Fig. 4.2 shows the initial square mesh of Q( and its modification to obtain the mesh
of Q for a particular function. The reference frame of the moving boundary follows
a rectilinear uniform motion with speed vp in the x-direction. Let u = (u1,u;) be the
velocity of the fluid and let p be the pressure. We consider the Stokes flow equations
on the modified domain Q:

—2uV-e(u)+Vp=0 inQ 4.1)
div(u) =0 inQ 4.2)
o(u,p)i=0 onZ; (4.3)

"= (ﬁ) onl (4.4)
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Figure 4.3: Velocity u for f(x) =0.1sin(37x) and vp = -1

where 7 is the outer normal vector, u is the kinematic viscosity,
e(u) = % (Vu+VuT)
is the symmetric gradient of u and
o(u,p) =2ue(u)—pld
is the Cauchy stress tensor. Assuming that
feH*(0,1)NnH(0,1),
Q has at least a C'>! boundary by Sobolev injections. Existence of solutions
(u.p) € H(Q) x L*(Q)

of the Stokes system (4.1, 4.2, 4.3, 4.4) follows from [4, Theorem IV.5.2]. More details
on existence and regularity of solutions in less regular domains can be found in [3, &].

Remark 11. The equation (4.1) stands for the balance law between viscous and pressure
forces, while (4.2) stands for the incompressibility of the fluid. We usually add an
integral constraint /Q p(x)dx =0 on the pressure in order to guarantee the uniqueness
of the solution (u, p), which is not needed here since the condition (4.3) yields the
pressure on 23. The equations (4.3) and (4.4) respectively imply that the fluid is free of
surface forces at the top boundary X3 and a no-slip boundary condition on I', namely,
the fluid and the solid have the same speed at the interface. For micro-swimmers,
inertia effects play no role and the motion is entirely determined by the friction forces
encompassed in (4.4) and therefore by the shape of I'.

Given a boundary shape
f(x) =0.1sin(37x)

moving to the right (vp = —1), we plot the corresponding velocity in Fig. 4.3. Near
the minimum of f, we observe that the slope of the I" boundary generates a semblance
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of a vortex and a fluid velocity that increases with the variation of the slope. The
mixed boundary conditions (4.3) and (4.4) are treated in the variational formulation by
introducing the state finite element space

V={(up) e H'(Q?XLX(Q) | u= (fo) onT},

so that (u, p) € V is a weak solution of the Stokes system if and only if

/ Que(u) : e(v) —gdiv(u) — pdiv(v))dx =0 Y(v,q) € Vy 4.5)
Q

where
Vo={(v.q) e H'(Q)*XL*(Q) | v=0o0nT}.

As in Sec. 1.2.2, the solution (u, p) belongs to an affine space. The finite element
space is chosen such that the discretized linear system corresponding to (4.1, 4.2) is
invertible. For example, one can choose the Lagrangian elements P, for the velocity u
and the Lagrangian elements P; for the pressure p, which are known to imply an LBB
condition (see [6, Chap. 2]) that guarantees this invertibility property. The variational
formulation (4.5), whose state and test functions are defined on the modified domain €2,
is solved numerically in a finite element space with periodic boundary conditions via
the command

fespace Wh(Th, [P2,P2,P1],periodic=[[2,y],[4,y11); //

[ug,up,pl, o=24.
wh [ul,u2,pl, [vl,v2,q];

with the following macros related to the variational formulations

macro SGrad(u,v) [[dx(u),0.5x(dx(v)+dy(u))]1,[0.5% (dx(v)+dy(u)),
dy (v) 1]
/7 e(u)
macro div(ul,u2) (dx(ul)+dy(u2)) // div(u)

to solve (4.1, 4.2, 4.3, 4.4) with the state equation macro stated in Code 4.2.

macro stokes () { // State equation’s macro (4.1, 4.2, 4.3, 4.4)
solve Stokes( [ul,u2,p], [vl,v2,q] ) =
int2d (Th) (2*mux* (SGrad(ul,u2) :SGrad (vl,v2)) - div(ul,u2)xqgq
)
- int2d (Th) (div(vl,v2) *p)
+ on(1l,ul=0,u2=vdent*gm)} //

Code 4.2: Stokes state equation

The 1D control f € H*(0,1) N H'(0,1) is discretized with one-dimensional finite el-
ements P; into fm. Therefore, its exact numerical derivative dx (£fm) is discretized
with finite elements Py, i.e. it is piecewise constant. However, the boundary condition
on(1l,ul=0,u2=vd*gm) of the Code 4.2 implies that u2 which is continuous, must
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be equal to gm which must therefore be continuous. In an effort to minimize approxi-
mation errors, we approximate in the Code 4.3 the initial Py discretization of f’ using
the projection on L2(0, 1) with P finite elements.

func real[int] L2regul (real[int] &X)
{
whl f,g,cdf;
£l = X;
solve 12regul (cdf,g) = intld(ThL) (cdfxg) // L*(Q) projection
of dx(f) (Py)
- intld(Thl) (dx(f) *g); // with P

elements
return cdf[];

Code 4.3: Regularization of £ with L? projection with P; finite elements

4.2 Shape optimization problem

In Sec. 4.1, the problem consists in maximizing the velocity of the fluid in the direction
U= () with respect to the boundary T", by considering the cost functional

J(f)=- /E u-tds (4.6)

where the pair (u, p) satisfies (4.1, 4.2, 4.3, 4.4). Some additional constraints on f
are added to ensure both existence of optimal solutions and a better convergence of the
optimization algorithm. The set U, 4 entails physical constraints:

e The volume constraint

1
/ f(x)dx=0
0

implies that the domain Q keeps a constant volume in time. It is formulated
numerically by introducing the vector Cvol that represents the linear form

gH/OIg(X)dx

in the P; finite element basis:

1
varf varCvol (f,g) = intld(ThL) (1xqg); // A)g(ﬂck
real[int] Cvol = varCvol (0,WhL);

Code 4.4: Volume constraint

* Bound constraints on the first derivative of f

If'(x)| <M; Vxe(0,1)



4.3. SENSITIVITY ANALYSIS 79

ensure existence of optimal solutions. This constraint is numerically carried
out by using the interpolation matrix of the derivative operator from P; finite
elements to Py finite elements defined in Code 4.6.

« To ensure existence of a solution (u, p) € H'(Q) N L?(Q) of the Stokes system,
we assume that f € H>(Q) so that Q has a C!»! boundary and f” € H'(0, 1), and
we assume in addition that there is a bound constraint on the second derivative

of f:
|f”(x)] < My Vxe(0,1).

This curvature constraint, which is physical, is important to ensure well-posedness
and we observe that it induces a better convergence of the optimization algorithm.

The optimization problem (4.1, 4.2, 4.3, 4.4, 4.6) is formulated as

in J
errl‘lllrclzd /)

where U, is the subset of U = H*(0, 1) defined by

1
Uua ={f € H2O.)NH(O,1) | /O F(x)dx =0,

If/(X)] < My, |f"(x)| < Ma forae. x € (0, 1)}.

4.3 Sensitivity analysis

The function f acts on both the shape of the Q domain (f” is involved in the boundary
condition (4.4)) and the solution (u, p) of the Stokes system (4.1, 4.2, 4.3, 4.4). If the
domain Q were fixed, we could compute the derivative of the reduced cost function
directly using the adjoint representation introduced in Sec. 1.2.2, but here the shape
deformations of I" must also be taken into account. To this end, we come back to
the variational calculus approach and we write a sensitivity analysis to express the
derivative.

Let f € U,q. Let us compute the shape derivative of the reduced cost function in
the direction g € U by taking ¢ small enough so that f+1g € U,y. We define

Q, = (id+1¢)(Q)
where

0
¢(x,)’)=(%g(x))

is the vector field deforming Q to Q; with respect to the small perturbation g. We define
the real-valued function

F:t F(t)=J(f+1g)
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and we compute its Fréchet derivative F’(0) which gives the reduced cost function
derivative _

F'(0) =(DJ(f).8)v"u-
According to usual methods for the computation of derivatives of solution of a PDE with
respect to the domain (see [1] and [7, Chap. 5]) we introduce the material derivative
(i, p) solution of the linearized system

OuV-g(@)+V5=0 inQ 4.7)

div(i)=0  inQ (4.8)

o(id,p)i=0 on X3 4.9)
ﬁsz(;,)—aa—n(u—vD (](C),))Xgl)-ﬁ onT. (4.10)

The derivative of the reduced cost function J is

(DI = /2 a.7ds.

Two terms appear in (4.10), respectively coming from the boundary condition vp ( J9)

and from the domain variation vector field ¢ in (4.10). The first term stands for the
variation of u with respect to the boundary condition (4.4), assuming Q fixed, while the
second one stands for the mesh deformation variation. By (4.10), we thus get & along
I', under the influence of both terms, while the knowledge of i along X3 is required to
compute (DJ(f),g)u v The adjoint vector (v,q) € H' (@)% x L2(Q) is defined as the
solution of

—2uV-e(v)+Vg=0 inQ 4.11)
div(v) =0 in Q (4.12)
o(v,q)n=7 onZXs (4.13)

v=0 onT. (4.14)

Remark 12. The adjoint system (4.11, 4.12, 4.13, 4.14) is similar to the one we would
get from the Stokes problem (4.1, 4.2, 4.3, 4.4) considered on a fixed domain € with a
Dirichlet boundary control.

Following the variational formulation (4.5) for the numerical solving of the state
equation, we solve in Code 4.5 the adjoint system (4.11, 4.12, 4.13, 4.14).

macro adjoint () {
solve StokesAdjoint ( [vl,v2,q9], [wl,w2,g] ) =
int2d (Th) ( 2+mux (SGrad(vl,v2) :SGrad(wl,w2)) - div(wl,
w2) *xq )

- int2d (Th) ( div(vl,v2)*g )

- intld(Th, 3) (wl) // Neumann condition (4.13)

+ on(1l,v1=0,v2=0); // Dirichlet condition (4.14).
y /s

Code 4.5: Stokes adjoint system
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Using the boundary condition (4.13), we have
<Df(f),g>U',U =/ ii-ids =/ o(v,q)n-ids.
23 ]

The function & is known along I" thanks to (4.10), involving the effects of f on the
derivative. To express the derivative with respect to f, we use the adjoint system (4.11,
4.12, 4.13, 4.14), in relationship with the expression of (v, g)# - ii on T', and on 3 by
making an integration by parts:

/ (=2uV-e(u)+Vp) -wdx = / Que(u) : e(w) — pdiv(w)) dx
Q Q

—/ o(u,p)ii-vds.
TuZ;

Applying (4.15) to the solution (u, p) of Stokes system, to the solution (i, p) of the
linearized system and to the solution (v, q) of the adjoint system, we finally compute
the reduced cost function derivative as

(4.15)

(DI(f) v = /FO'(U’CI)E' (UD (;) - % (M —-up (](c)/)) ¢'71) ds (4.16)

where

- 1 !
)
(1+£%)2
We identify the linear form (4.16) with a gradient expressed in U = H2(0, 1) by find-

ing, for a H?(0, 1)-inner product to be defined in accordance with the duality pairing
{-,)u".u, the solution p € H*(0,1) of

(p,g)mm,l)=/r(m(x,y)g’(X)+¢z(x’y)g(X))ds Vg € H*(0,1), (4.17)

with
- {0
¢1=vpo(v,q)n- (1)

. Ou - - [0 o o
¢2=0‘(U,q)n-%Xwn—v[)a'(v,q)n-(])xf ni¢-n,

where 7 is the x-axis component of n. The above quantities are stored numerically
in data types func The state (u,p) and the adjoint (v,q) are discretized with finite
elements P, X P; and the control f is discretized with 1D finite elements P;. Since
f € H*(0,1), we do not consider here conformal transformations for U but rather
nonconformal transformations, in agreement with the general mathematical framework
given in the remark 7. Moreover, ¢ and ¢, are defined on the modified mesh in (4.17)
and their finite element approximation in the Code 4.7 is discontinuous since they involve
derivatives of f. Therefore, we introduce below several 1D finite element spaces defined
respectively on the square and modified meshes ThL and ThC to interpolate ¢; and ¢,
with finite elements P; on (0, 1) (see Code 4.7).
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fespace WhL(ThL,Pl); // F.E. functions on straight mesh: f
fespace PhL(ThL,P0); // F.E. functions on straight mesh: f’
fespace WhC(ThC,Pl); // F.E. functions on curve mesh

Let us give some details: WhL is a finite element space used to discretize f and
to write the matrix of the scalar product on H>(0,1) which is required for gradient
interpolation; PhL is a finite element space with which we compute the first and second
derivatives of f that appear in the constraints and are required to compute the resulting
matrix of the second-order terms involved in the H?(0, 1)-inner product. The matrix
corresponding to the first derivative operator is constructed using the operator dx which
thus allows to express the derivative of a finite element function P; with finite elements
Py. For the second derivative, we construct by hand the matrix of jumps of the first
order derivatives of the finite element basis P; WhL (see Code A.1 further).

matrix mDx = interpolate (PhL,WhL,t=0,0p=1); // dx operator: P
to Py

matrix mDxx;

MatJumpofDx (WhL, ThL, mDxx); // returns the jumps of mDx (see
Code A.1)

Code 4.6: Matrices of first and second derivatives of f

Finally, WhC allows us to numerically compute the integral along the curve boundary
I' involved in (4.17). In Code 4.7, we compute a regularization of ¢; and ¢, by
performing a projection onto L?(Q) with Py finite elements on (0,1).
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func real[int] L2regulphi (int indexphi)

{

WhC vC,phiC;

WhL philL;

func phi = (1.0-y)/(1.0-fm);

func nx = dx(fm) * (1.0+dx (fm) ~2) "~ (-0.5);

func ny = -1.0x(1.0+dx(fm) *2) " (-0.5);

if (indexphi == 1){ // for ¢| non continuous
func phil = vdentssigman(vl,v2,q,nx,ny)'x[0.0,1.0];
solve 12regulphi (phiC,vC) = intld(ThC) (phiC*vC) - intld

(ThC) (phil=*vC);
}
if (indexphi == 2){ // for ¢, non continuous
func phi2 = -1.0*phixny*sigman(vl,v2,q,nx,ny) ' [dx(ul) *
nx+dy (ul) »ny, dx (u2) »nx+dy (u2) *ny]
+vdentxc2gm*nx*phixny*sigman (vl, v2,q,nx,ny)
'x[0,1]1;
solve 12regulphi (phiC,vC) = intld(ThC) (phiC*vC) - intld
(ThC) (phi2xvC) ;
}
phil = phiC;
return phil[];

Code 4.7: L? regularization for ¢; and ¢,

The macro sigman (vl,v2,q,nx,ny) stands for the vector o (v,g)n. This

interpolation is necessary because we cannot accurately interpolate the discontinuous
approximations of ¢ and ¢, defined on I' (given by phil and phi2 in Code 4.7)
with continuous P; finite elements on (0,1). Once this regularization is done, the
interpolation from I" to (0,1) is straightforward in FreeFEM by typing philL =
philC. We next compute the gradient based on the H?(0, 1)-inner product chosen
with the macro in Code 4.8.

macro gradInterp() {

}

varf linearform(u,v) = intld(ThL) (-dx(philL)*v + phi2Lxv);

//
(4.16)
real bdJ = linearform(0,WhL);

real[int] dJ = MH2~-1+bdJ; // Gradient in HZ%(0,1)

/7

Code 4.8: Stokes gradient’s interpolation

Remark 13. Numerically, we observe that the algorithm is converging in a much better
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way when we compute the gradient by interpolating the linear form (Code 4.8)

1
0Dz, = /O (—oH () + e ()g0dx Vg e H(0, 1),

1
versus (0, 8) i2(0,1) =/0 (81 ()g' () +¢5 (N)g(x)dx Vg e H(0,1),

where z{){“ and q% are respectively the interpolations of ¢| and ¢, with P finite elements
on (0, 1), computed in Code 4.7.

The matrix representing the inner product of H?(0, 1) is constructed below with the
matrix representing the inner product of H'(0, 1) and the one giving the jumps of the
first order derivatives of the finite element basis (see the Code 4.6).

// H%(0,1)-inner product

varf scalarH1l (u,v) = intld(ThL) (u*v+dx (u) *dx (v));
matrix MH1 = scalarH1l (WhL,WhL); // O%g)HlmJ)
matrix mDxxL = mDxx'*mDxX;

matrix MH2 = MH1 + mDxxL; // (p.8)g2(01)
set (MH2, solver=sparsolver) ;

Code 4.9: H*(0, 1)-inner product’s construction

Remark 14. As stated in [5, 9], we may consider a weighted version of the usual
H?(0, 1)-inner product

1
(f+8)m2(0,1) =/O (@Pf"g"+f'g +fg)dx,

with @ > 0 to be tuned depending on the mesh.

4.4 Codes and results

We finally write the complete algorithm with the several macros and functions defined
above and we first initialize the numerical framework based on Sec. 4.1 to solve (4.1,
4.2,4.3,4.4).
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load "msh3"
load "gsl1"
load "ff-Ipopt"

bool hotrestart = 1;
verbosity=0;

real HUB = 10.0; // |f"(x)| < M>
real CUB = 0.5; // |f/(x)] <M,

real XUB = 0.2;
real H = 1; //
int NX = 25; // boundary mesh size

real vdent -1.0; // boundary’s speed

int[int] 11=[1];

mesh ThO = square (NX,NX«H, [x,y*H]);

func fclab = (x>0.999)%2 + (x<0.001)%1; // Borders label
meshL ThL = extract (ThO0, refedge=11);

ThL = change (ThL, flabel = fclab); // (0,1) Straight Mesh with
label 1, 2

mesh Th = ThoO;
meshL ThC = ThlL; // Curve Mesh for I

fespace WhL (ThL,P1);
fespace PhL (ThL,PO);
fespace WhC (ThC,P1);
fespace Wh(Th, [P2,P2,P1],periodic=[[2,y],[4,y]]);

WhL fm,phill,phi2L, cgm, gm;
WhL c2gm;

With the macros and functions introduced in previous sections, the cost function is:

func real J(real[int] &X)
{
fm[] = X;
Th = movemesh (ThO, [x, fm+y* (H-fm) /H]) ;

cgm[] = L2regul (fm[]); // Code 4.3

stokes (); // Code 4.2
return = -intld(Th, 3) (ul);

The derivative of the reduced cost function involves both state and adjoint macros
defined in Codes 4.2 and 4.5. Before using the gradient interpolation macro written in
Code 4.8, we perform a regularization of the functions ¢; and ¢, (Code 4.7).
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func real[int] dJ(real[int] &X)
{
fm[] = X;

Th = movemesh (ThO, [x, fm+y* (H-fm) /H]); // Qy+—> Q
ThC = movemesh (ThL, [x, fm+y (H-fm) /H]); // (0,1)—>T

cgm[] = L2regul (fm[]); // Code 4.3

stokes (); // Code 4.2
adjoint (); // Code 4.5

philL[] = L2phiregul(1l); // Code 4.7
phi2L[] = L2phiregul (2); // Code 4.7

gradInterp(); // Code 4.8
return dJ;

The constraint introduced in Sec. 4.2 and its Jacobian are computed with the matrices
introduced in Code 4.6:

func real[int] C(real[int] &X)

{

real[int] cont(1+PhL.nd?f+WhL.ndof);
cont[0] = Cvol'xX; // k_fU)dxzo
cont (1:PhL.ndof) = mDxxX; // |f/(x)|< M,

cont (PhL.ndof+1:PhL.ndof+WhL.ndof) = mDxxxX; // |f"(x)|< M,
return cont;

matrix dc;
func matrix jacC (real[int] &X)

{
real[int,int] dcc(l,WhL.ndof); dcc = 0.0;

dcc (0, :) = Cvol;

dc = dcc;

dc = [[dc], [mDx]];

dec = [[del, [mDxx]]; // [volume, |f'|<M;, |f’I<M, ]

return dc;

In FreeFEM, the possibility use matrices and arrays instead of solving the varia-
tional formulation usually guarantees a more efficient algorithm in terms of execution
speed and required memory. We wrote most of macros and functions with the explicit
formulation for the sake of clarity, but the execution is quicker when dealing with
matrices. Finally, it remains to call the optimization routine ITpOpt:
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real[int] start (WhL.ndof);
real[int] xub (WhL.ndof);

real[int] x1b (WhL.ndof);

real[int] cub (1+PhL.ndof+WhL.ndof);
real[int] clb (1+PhL.ndof+WhL.ndof);

// Variables bounds
xub=  XUB;

x1b= -XUB;

cub (1:PhL.ndof)= CUB;

clb(1l:PhL.ndof)= -CUB;

cub (PhL.ndof+1:PhL.ndof+WhL.ndof)= HUB;
clb (PhL.ndof+1:PhL.ndof+WhL.ndof)= -HUB;
xub[0] = 0.0; // f(0)=0

x1b[0] = 0.0; // f(0)=0

xub [WhL.ndof-1] = 0; // f(1)=0
x1b[WhL.ndof-1]1 = 0; // f(1)=0

clb[0] = 0.0; // [ f(x)dx=0

cub[0] = 0.0; // [ fx)dx=0
clb[PhL.ndof+WhL.ndof] = -HUB/alpha;

cub [PhL.ndof+WhL.ndof] = HUB/alpha;
clb[PhL.ndof+1] = -HUB/alpha;
cub[PhL.ndof+1] = HUB/alpha;

// intialization

WhL X0=0.0125/2*sin (x+*pi*2x2);

if (hotrestart) {

start = HOTRESTART (hotrestart); 1}

IPOPT (J,dJ,C, jacC, start, 1lb=x1b, ub=xub, clb=clb, cub=cub, tol=1l.e
-8);

Code 4.10: Calling IpOpt in the Stokes problem (see shape_microswimmer.edp)

The optimal solution returned by IpOpt is plotted in Fig. 4.4 for a rough and for a
fine mesh. As mentioned above, the constraints on the first and second derivatives of f
have been introduced to guarantee well-posedness and a good numerical convergence of
the optimization process. As expected, the optimal solution saturates these constraints.

Since PDE optimization problems involve a large number of variables, iterations of
the algorithm require a larger computational time as the mesh is finer.

Having a good initial guess is also important. Hot-restart loops turn out to be
effective by providing a better initialization that we refine by first running the algorithm
on a rougher mesh and then on a finer one. An interpolation on the finer mesh of the
solution obtained on the rough mesh is taken as a new initialization, in order to make
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(@ (b)

Figure 4.4: Optimal solution of (4.1, 4.2, 4.3, 4.4, 4.6) for M; = 0.4 and M, =5.0 on:
(a) rough mesh; (b) fine mesh.

the algorithm converge in a better way on the fine mesh. The hot-restart procedure is
described in App. A.1. The whole code is available at FreeFEM’s website.

4.5 Further comments

We plot in Fig. 4.6 the optimal solutions for various values of M>. We observe that
the value of the cost functional at the optimal solution increases when M, is taken
larger and that, as M> — +oo, the sequence of optimal solutions seems to converge to
a triangular-shaped function, which may be the optimal solution of the problem when,
formally, M = +o0, i.e., f varies in H 1 (0,1) instead of H2(0, 1) without any constraint
on f"’. However, although this limit problem seems to be tractable from the numerical
point of view, treating it rigorously from the theoretical point of view is much more
difficult because existence of solutions of the Stokes problem (4.1, 4.2, 4.3, 4.4) is not
guaranteed in H'(Q) N L2(Q): it is required to consider other functional spaces (see
[3, 8]) and the framework becomes much more complicated. We leave this issue as an
interesting open problem.

Numerically, we can proceed as follows. Ignoring the second derivatives of f
involved in the constraint function C and in Codes 4.8 and 4.9, the control f now varies
in the subset of U = H' (0, 1)

1
Uy = {f e HL(0,1), / F(x)dx =0and |f'(x)| < My, for ae. x € (0, 1)}.
0
The optimal solution returned by IpOpt is plotted in Fig. 4.5.
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Appendix A

Supplements

A.1 Some FreeFEM functions

The macro to build the matrix of jumps of the derivatives of the finite element basis
functions is:

macro MatJumpofDx (Vh, Th,A)
{
if (A.n) A.clear;
matrix Adx (Vh.ndof,Th.nt);
fespace Ph(Th,PO);
matrix Dx = interpolate (Ph,Vh,op=1);
assert (Vh.ndofK==2) ;
int nt = Th.nt;
for (int k=0; k< nt;++k)
{
Adx (Vh(k,0),k)=+1;
Adx (Vh(k,1),k)=-1;

}
A = Adx*Dx;
Y /s

Code A.1: Matrix of derivative’s jumps (see shape_microswimmer.edp)

Hot-restart requires first to use the option warm_start_init_point yesin
the IpOpt option file "optfile.opt". Itis assumed that the code has already been
run so that the files "ThOold.msh" and " fsol . txt " already exist. Then, it suffices to add
the following lines at end of the code:

91
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if (hotrestart == 0){
savemesh (Th0, "ThOold.msh") ;
{
ofstream file("fsol.txt");
file << X01[];
}

The interpolation of a solution or of an initialization function only requires to
provide a new mesh ThL and a finite element space WhI with the following routine:

func real[int] HOTRESTART (bool &hot)
{
if (hot) {
WhL Xinit;
mesh Th00 = readmesh ("ThOold.msh"); // Initial mesh
meshlL ThLO = extract (Th00, refedge=11);

ThLO = change (ThLO, flabel = fclab); // Straight Mesh
for hotrestart
fespace WhLO (ThLO,P1);

WhLO XO00;

{

ifstream file("fsol.txt");

file >> X00[];

}

Xinit = X00; // interpolation on the new mesh
return Xinit[];

Code A.2: Hot restart routine (see shape_microswimmer.edp)

Hot-restart is easy to implement in FreeFEM, thanks to the facility of interpolating
from one given mesh to another one by just typing ustart=uhl with ustart and
uh1 respectively defined on the meshes Th2 and Th1l.

The L*(Q) norm for functions defined on a finite element space V, is coded as
follows:
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func 12norm(real[int] &X)
{
// Th,Vh already constructed

Vh u,v;

varf varl2norm(u,v) = int2d(Th) (uxv);

matrix M = varl2norm(Vh,Vh); // better to be constructed
outside

real[int] uu = M=*ul[];
l2error = sqrt(X'suu); // =</Qtl(«\’)2dx)
return l2error;

=

A.2 Semi-automatic differentiation and adjoint method

In this section, we show that the adjoint code of the reduced cost functional of the
problem (1.32, 1.31) implicitly makes appear a discretization of the adjoint equation
obtained by applying the Pontryagin maximum principle (see [4, Chapter 7]):

(1 1 u x(0)) (1

)= )€ b)) o
p\_ (-1 -1\ (x-1 p(M)\_ (0
URERIEN N
T

L (Plu—$)+qu—y))dt <O V(pa) € Una. (A3)

The variational inequality (A.3) comes from the maximization condition of the Hamil-
tonian of the optimal control problem and makes appear the duality pairing as the
L?-inner product

Y6 (3))“(”) = —/OT (pg+qu)di

involving the derivative of the reduced cost functional, which thus yields its gradient
vith =~ (7).

The reduced cost functional J obtained by solving (A.1) is computed thanks to an
implicit Euler discretization (with n time steps) with the matrices

1-6t -6t
A_(—(St 6t+1)

oL for+1 1\ _ a1
122\ 1 1=st) TH*1 b

and
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with 6 = -1, so that (A.1) and (A.2) are respectively discretized according to implicit

n-1°
and explicit schemes as

k+1 k k+1 U
Vk € {0..n -2}, ()y“) =A1(§) +5tA1(”U‘) (’yc) =(1), (A.4)

| lr) o)

The cost (1.31) is then computed by discretization according to a rectangle rule:

Vk € {0..n-2}, (

QT

1 def J(u,v):

2 x[0]1=0,y[0]1=0,cost=0 # initialization

3 a = 1+4dt, b = 1-dt

4 mu = 1/ (1-2xdt**2)

5

6 for k in range(l,n-1): # dynamic loop

7 x[k] = mux (a*x[k-1]+y[k-1]) + dtxmux(axulk]+v[k])
8 y[k] = mux (x[k-1]+b*xy[k-1]) + dtxmux (ul[k]+tbxv[k])
9 cost+= 0.5% (x[k]-1)*=*2

10

11 return cost

Following the successive steps for adjoint code generation presented in Section 1.2.5,
we write the derivative of the previous function obtained by automatic differentiation
in reverse mode. To do so, some adjoint variables I, 1y, /,,,,]. are introduced, respec-
tively related to the variables x, y,u,v, cost. The key is to range from the final step back
to the first steps and to derive the computation line with respect to the variable involved
and to finally update the corresponding adjoint variable. For example, the line 8

(y[n-k]=mux* (x [n—-k-1]+b*y[n-k—-1])+dt+mux (u[n-k]+bxv
[n-k1))

will generate lines 23 to 26 for updating the variables

(1x[n-k-1],1ly[n-k-1],lu[n-k-1],1v[n-k-11])
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1 def gradd(u,v):

2 x[0]=0,y[0]1=0,cost=0 # initialization

3 a = 1+dt, b = 1-dt

4 mu = 1/ (1-2xdt*%2)

5

6 for k in range(l,n-1): # dynamic loop

7 x[k] = mux(ax*x[k-1]+y[k-1]) + dtxmux(axulk]+v[k])
8 vIik] = mux(x[k-1]+b*xy[k—-1]) + dtxmux(ulk]+b*v[k])
9 cost+= 0.5 (x[k]—-1)*=*2

10

11 1x = 0, ly = 0, 1lc = 0 # arrays of size n

12 lc[n-1] = 1 # reverse mode initialization

13

14 for k in range(1l,n-1):

15 lc[n-k-1] += lc[n-k] # line 9: cost[n—k]
16 1x[n-k] += lc[n-klx(x[n-k] - 1)

17

18 1x[n-k-1] += muxly[n-k] # line 8: y[n—-k]

19 ly[n-k-1] += bxmuxly[n-k]

20 lu[n-k] += dt*muxly[n-k]

21 1v[n-k] += dtxbxmuxly[n-k]

22

23 1x[n-k-1] += a*muxlx[n-k] # line 7: x[n-k]

24 ly[n-k-1] += muxlx[n-k]

25 lu[n-k] += dt*xa*muxlx[n-k]

26 1lv[n-k] += dt*muxlx[n-k]

27

28 return lu,lv # Gradient

Having updated the adjoint variables, we have, for every k € {0..n -2},

k k+1 k k
Iy _ 41 Ly xp—1 Ly _ “1 s
o) =Gl ) e ()

which gives, considering the variables [,,,[,,

k k+1 n-1
lu a1 lu 1 [Xk — 1 lu _ 0
(lu) =A (lv +0tA 0 I, =lo] (A.6)
. )2 k I k . . .. . . . . .
Since (q ) = —( I ) , we recognize an implicit Euler time discretization of (A.2), like
for the state equation (A.1) in the backward direction which is to be compared with the

explicit discretization (A.5) in forward direction. The derivative of the reduced cost
function is therefore expressed as

_(p()’"'7pn—1’q0,"qu—1)

according to the chosen discretization of the integral in (1.31, A.3).
A Crank-Nicolson scheme could have been chosen in (A.1). This would give a
matrix A such that A~' = A and a Crank-Nicolson scheme for (A.2) too. We refer to
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[3] for a discussion on the relationship of automatic differentiation in reverse mode
with derivative computation using adjoint variables, and resulting appropriate choices
of discretization schemes.

A.3 PDE Optimization with Python or Matlab

Section 1.2.5 was devoted to automatic differentiation within AMP L for PDE constrained
problems. Possible alternatives are either to write our own adjointin C++ code by calling
routines like CopAD and Adept or to export the problem in Python or Matlab by
using the CasAD1 package. Loading data into Python is done by:

ndof = int (numpy.loadtxt ('ndof.txt'))

iA, JjA, AM = numpy.loadtxt ('A.txt', unpack=1l, skiprows=3);
iM, JM, MM = numpy.loadtxt ('B.txt', unpack=1l, skiprows=3);
ydArray = numpy.loadtxt ('target.txt',unpack=1,skiprows=1);

Ac = scipy.sparse.coo_matrix((AM, (iA, 3JjA)), shape=(ndof,ndof))
’
Mc = scipy.sparse.coo_matrix((MM, (iM, jM)), shape=(ndof,ndof))

’

Code A.3: Sparse matrices importation in Python

The three first lines stand for the characteristics of the matrices and are skipped by
using the option skiprows=3 in the numpy . loadtxt command. The optimization
package CasADi (see [2]) is then called and the problem is written as a nonlinear
programming problem via the toolbox

import casadi as ca
opti = ca.Opti/()

Declaring the variables is done by using the MX symbolics (assuming that most
of operations between multiple sparse-matrix valued objects are allowed) whose de-
scription is available on the CasADi website https://web.casadi.org/docs/#the-mx-
symbolics.

A = ca.MX(Ac); # convert sparse matrices above in MX object
M = ca.MX (Mc);
yd = ca.MX(ydArray) # target yg in (2.1)

y = opti.variable (ndof) #Variables declaration
u = opti.variable (ndof)

It remains to express the cost and constraint functions. Matrix multiplication Ax is
done either by mt imes (A, x) or A @ x commands. Most of possible operations are
described in [ 1, Docs tab].
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opti.minimize( 0.5x(y.T-yd.T) @ M @ (y-yd) + 0.5xalpha*u.T @ M

Qu ) #
2.1)

opti.subject_to( A @y - M @ u==0.0) # PDE constraint
function (2.7)

opti.subject_to( opti.bounded(0,Mu,l) ) # Bounds on control
O<u<l

opti.solver ('ipopt',{'ipopt':{'max_iter':50, 'tol':l.e-11,

'Hessian_approximation':'limited-memory"'}})
sol = opti.solve()
Code A4 CasADi template for LQ PDE Optimization (see

Iq_stationary_casadi.edp)

Computing the Hessian by automatic differentiation is in general too much memory
greedy and too long in the execution, and BFGS thus appears as an alternative by using
the IpOpt option
'Hessian_approximation':'limited-memory"'

The previous code is written in the setting of Option 1. But Option 2 can also be
considered:

u = opti.variable(ndof) # only control as variable
us = M @ u
y = solve(A,us) # Solve state equation

cost = 0.5%(y.T-yd.T) @ M @ (y-yd) + 0.5xalpha*u.T @ M @ u
F = Function('F', [u], [cost]) # way to declare ut> J(u)

opti.minimize( F(u) )
opti.subject_to( opti.bounded(0,Mu,1l) )
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Appendix B

Identification of parameters
with FreeFEM

So far we have proposed differentiable optimization strategies for PDE-constrained
optimization. For some reasons, we sometimes have to choose an alternative: the
involved functions may fail to be differentiable and in such a case we are not able to
write and use a gradient, or the cost function may also be non-convex with a large
number of local extrema. We therefore need a robust derivative-free method to skim
through both of these difficulties.

Derivative-free optimization is a domain that gathers many algorithms. Among the
best known, genetic algorithms are often used for shape optimization, bayesian methods
are sometimes preferred for image processing, and now we also have the growth of
machine learning algorithms with a large number of applications. All these methods
may be good candidates. In this appendix, we focus on the stochastic optimization
algorithm CMA-ES that is implemented in FreeFEM and we seek to identify the Lamé
parameters of a given beam whose behavior is given by a large number of measurements
acquired through several experiments. We thus look for the parameters of the theoretical
model, which is subject to the resolution of an elasticity PDE, in order to characterize
the observed behavior.

B.1 The system of elasticity

We focus on a two-dimensional beam and we want to determine its Lamé parameters
thanks to several measurements of the boundary deformation. The uncertainties of the
measurements are such that we cannot rely on a single measurement of the deformed
beam. Therefore, we will consider many measurements of the deformed beam and we
try to determine the theoretical deformation of the beam, so that it is on average as close
as possible to the available measurements. The procedure is as follows: the left edge
of the beam is fixed at its end and bends downwards due to the gravity field. We then
collect a given number of measurements of the bent beam and we compare them to the
theoretical deformation of the beam by solving an elasticity PDE. Finally, we search for

99
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the best possible two parameters that minimize a sum of square functions standing for
the distance of the theoretical coordinates of the boundary to the data.

More generally, we are interested in solid objects deformed under the action of
certain applied forces. We model this phenomenon by an elasticity PDE. Indeed, a
point in the solid, initially at a certain position (x, y) will arrive at a new position (X,Y)
after a given time (we consider the PDE to be stationary by assuming that the beam
has reached its equilibrium position). If we further assume that the displacements are
small and that the solid is elastic, the displacement vector u = (x — X,y —Y) satisfies the
following PDE, better known as Hooke’s law, which expresses a relation between the
stress tensor:

O'[j(u) =/16,~jV~u+2u6,~j(u)

1 (du; al/lj
E,’j(u) = z (a—x]-i-a—Xl)

and the strain tensor

Here, A and u are the two Lamé’s coefficients that we are looking for. They both
describe the mechanical properties of the solid, and are more commonly related to the
more physical constants E, the Young’s modulus and v, the Poisson’s ratio

_ E 1= Evy
=20+ T Uev-2v)

We thus look at beam, which is initially assimilated to a rectangular domain € with
boundary 0Q = U?:IFI- and which is subject to external forces f like the gravity field.
Its displacement u satisfies the PDE

—uAu—(u+)V(V-u)=f.

Note that we do not use this equation because the associated variational form does not
give the right boundary condition, we simply use:

div(o(u)) = f,

whose corresponding variational formulation reads

La(u):e(v)—fodsz,

//qu-Vv+2/16(u):e(v)—/fxdsz. (B.1)
Q Q

or

We then introduce a mesh (see Fig. B.1) of the rectangular beam that we will modify
through the vector displacement u obtained after having solved the previous variational
form (B.1).

The experiment that we consider to collect measurements is the following: the left
board I’y is fixed while the gravity fields acts on the elastic beam such that it goes
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down. Boundary conditions are such that the left boundary is fixed thanks to a Dirichlet
boundary condition
u=0onTy,
while the three other sides are free of constraints
o(u)-n=0o0nT;, ie{1,2,3}.

To numerically solve the elasticity PDE, we refer to [1]. We use PP finite element. The
solving procedure is written in Code B.1.

fespace Vh(Th, P2);
Vh u, v;
Vh uu, vv;

// Macro
real sqrt2=sqrt(2.);
macro epsilon(ul,u2) [dx(ul),dy(u2), (dy(ul)+dx(u2))/sqrt2] //

// The sqrt2 is because we want: epsilon(ul,u2)’x
epsilon(vl,v2) = epsilon(u): epsilon (v)

macro div(u,v) ( dx(u)+dy(v) ) //

// Problem

real mu= E/ (2% (1+nu));
real lambda = E*nu/ ((l+nu) * (1-2*nu)) ;

macro pdelamemacro () {
solve lame ([u, Vv], [uu, vv])
= int2d(Th) (
lambda * div(u, v) * div(uu, vv)
+ 2.+xmu * ( epsilon(u,v)' x epsilon(uu,vv) )
)
- int2d (Th) (
fxvv
)

+ on(4, u=0, v=0)

Y/

Code B.1: FElasticity solving with FEM (see beam_paramater_identification.edp)

Code B.1 returns the displacement vector of the beam. To finally obtain the deformed
beam, we need to move the initial rectangular mesh thanks to the vector displacement
u. This step is performed by the command movemesh:

mesh Thm = movemesh (Th, [xt+tu, y+v]);

We then plot on Fig. B.1 the initial and the modified meshes. The modified beam
is moved with a multiplicative coeflicient in the moveme sh command in order to well
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(a)

(b)

Figure B.1: Mesh of the beam: (a) initial mesh; (b) and modified one

observe the deformation. Once the beam has been moved, we collect the coordinates
of its boundary thanks to the following code:

int[int] 11 = [1,2,3];
meshlL Thl = extract (Th,refedge=11); // extract boundary
real[int] coord(2+xThL.nv); // coordinates of the boundary

for (int i1=0;i<ThL.nv;i++)

{
coord[i] = ThL (i) .x;
coord[ThL.nv+i] = ThL (i) .y;

For the sake of simplicity, we focus here on a linear elasticity model. Nevertheless,
a nonlinear elasticity model, much more realistic, would be feasible at the cost of
additional iterations necessary to solve the resulting variational formulation by a fixed
point or Newton method as already described in Sec. 2.3.

B.2 Identification problem

We now denote by (Xes)iefi..v} several measurements of the coordinates of the
deformed beam boundary. We look for the two corresponding Lamé parameters that
will give the closest X coordinates of the theoretical beam boundary, by minimizing
a sum of quadratic functions. For this purpose, we consider an objective function
that takes the Lamé parameters as unknowns, computes the coordinates of the beam
modified by the elasticity PDE and then compares these coordinates to the available
measurements. We thus consider the following cost function which computes the
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Lamé’s parameters unknowns: A, u

|

Solve PDE (B. %)J
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Figure B.2: Recapitulative procedure of the identification problem

relative errors of the coordinates to the measurements

N i 2
1 X(A,u)-X!
min L § IXCL) = Yo |
Au N~ [l X s

103

(B.2)

such that X (4, u) includes the coordinates of the moved beam by the displacement

vector u solution of:

div(o(u)) = f
u=0 on Iy,
o(u)-n=0 onTy, ie{l,2,3},

(B.3)

where f includes the gravity vector field. We sum up the procedure in Fig. B.2 This one
requires first to solve the elasticity PDE and then to move the mesh. This is summarized

in the following Code B.2:
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func real[int] beamcoord(real &lambda, real &mu)

{

pdelamemacro () ;

meshL ThL = movemesh (Thl, [x+teps~*u,y+epsxv]); // move the
boundary with [u,v] displacement

real[int] coord(2+«ThL.nv); // Coordinates of the boundary’s
vertices
for (int i=0;i<ThL.nv;i++)

{
coord[i] = ThL (i) .x;
coord[ThL.nv+i] = ThL(1i) .y;

return coord;

Code B.2: Function returning the coordinates of the theoretical moved beam

We now implement a function that will measure, for given parameters A and g,

the closeness of the theoretical beam boundary with the different measurements of the
deformed beam boundary that we have. To do so, we quantify it by a least squares
method, which is thus constrained by the resolution of the theoretical PDE (B.1). This
function is written in Code B.3.

func real leastsquaremeasure (real[int] &X)

{

}

real[int] coordX = beamcoord(X[0],X[1]);
real objective = 0.;
real objectiveO = 0.;
for (int j=0; j<target.n; j++)
{
objectivel = 0.;
for (int i=0;i<n; i++)
{
objectivel0 += (noisytarget (j,1i)-coordX[]j])"2;
}
objectivel x= (1./(norm2 (noisytarget(j,:))));
objective += objectivel;
}
objective *= (1./n);
cout << "cout =" << objective << " [/ _lambda =_" << X[O0]
<< "/ _mu_=_" << X[1l] << endl;
return objective ;

Code B.3: Least square objective’s function (see
beam_paramater_identification.edp)

The resulting objective function is a sum of square functions that has many local
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minima. A gradient method or a differentiable method is not feasible because there
is a high probabily that the iterates will get trapped around a local minimum and will
not reach the global minimum. Hence, we are going to use a more robust algorithm
which has the advantage of searching for a solution in a wider spectrum at the cost
of a larger number of iterations and thus a slower convergence. We use the algorithm
CMA-ES, a stochastic algorithm that only requires the cost function (not its derivatives).
Its behavior and functioning are detailed in [3]. More information can also be found
on FreeFEM’s website https:/freefem.org and the whole numerical code is available
at FreeFEM’s page.

real[int] Xinit = [50000,50000]; //initialization point

real[int] u0 = Xinit;

real[int] StDevs=[100000,100000]; //initial deviations

real min = cmaes (leastsquaremeasure,ul, stopTolFun=1le-5,
stopMaxIter=1000,initialStdDevs=StDevs, seed=random () ,popsize
=25);

Code B.4: CMA-ES solver

Let us give some explanations on the options given by CMA-ES:
* seed: seed for random number generator.

e initialStdDevs: value o for the standard deviations of the initial covariance
matrix. If the value is passed, the initial covariance matrix will be set to o’Id. The
expected initial distance between initial between unknowns and optimal solution
should be roughly initialStdDevs. Here, we have two unknowns, thus we
give a two dimensional array.

* popsize: integer value used to change the sample size. Increasing the popula-
tion size usually improves the global search capabilities at the cost of, at most, a
linear reduction of the convergence speed with respect to popsize.

B.3 Results

In our example, we are looking for the Lamé parameters of a beam whose Young’s
modulus and Poisson’s ratio are Eg = 2100000, vy = 0.28. This gives 419 = 1044030,
1o =820312. We have at our disposal several measurements of the beam. We can well
imagine that pads have been placed on the boundaries (except the fixed boundary) of
the beam at rest (these sensors coincide with the vertices of the mesh) and we measure
their coordinates after deformation. This gives a number of data for which we then have
several measurements in order to have on average a good approximation. At the end,
the measurements are stored in a two dimensional array (here we have 62 measurements
corresponding to the coordinates with 100 samples of each). We then use the algorithm
described in Fig. B.2 several times (10 times) and we obtain on average the following
Lamé coefficients 1 = 1020260, i = 825761, with a mean relative error €3 = 2.3%,
€, =0.7%.
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We thus almost find the initial Lamé’s parameters with a relatively good accuracy
considering the measurement uncertainties. CMA-ES seems to be a good alternative
for optimization problems with some difficulties such as the computation of derivatives
or a large number of local minima. We can also appreciate its ability to obtain a good
estimate of a solution in order to initialize a more accurate and faster optimization
method.

A good choice may be to perform the first iterations of the optimization with the
robust algorithm CMA-ES, before switching, for example, to IpOpt thatis very efficient
to find local minima.

For readers wanting to go further, for instance Lamé’s parameters emulation with
artificial intelligence tools, we bring to the foreground the possibilities to make a link
with FreeFEM and Python in App. A.3. Other possibilities are being developed,
like the Python package “pyfreefem” [2]. Some tools of Deep Learning implemented
in Python (tensorflow and pytorch modules) are thus available. Let us mention [5],
where the authors use Deep Learning methods for parameter identification. For readers
who want to find further details on PDE-optimization under uncertainties, we advise
to skim through the book [4]. The authors propose a smooth transition from optimal
control of deterministic PDEs to optimal control of random PDE:s. It covers uncertainty
modelling in control problems, variational formulation of random PDEs, existence
theory and numerical resolution methods.
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