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Abstract

We propose a suitable model reduction paradigm — the certified reduced basis
method (RB) — for the rapid and reliable solution of parametrized optimal con-
trol problems governed by partial differential equations (PDEs). In particular, we
develop the methodology for parametrized quadratic optimization problems with
elliptic equations as constraint. Firstly, we recast the optimal control problem in
the framework of saddle-point problems in order to take advantage of the already
developed RB theory for Stokes-type problems. Then, the usual ingredients of
the RB methodology are provided: a Galerkin projection onto a low-dimensional
space of basis functions properly selected by an adaptive procedure; an affine para-
metric dependence enabling to perform competitive Offline-Online splitting in the
computational procedure; an efficient and rigorous a posteriori error estimate on
the state, control and adjoint variables as well as on the cost functional. Finally,
the reduction scheme is applied to some numerical tests confirming the theoretical
results and showing the efficiency of the proposed technique.

Keywords: reduced basis methods, parametrized optimal control problems, saddle-
point problems, model order reduction, PDE-constrained optimization, a posteriori
error estimate.

1 Introduction

The numerical solution of PDE-constrained optimization problems is usually compu-
tationally demanding, since it requires the solution of a system of PDEs arising from
the optimality conditions — the state problem, the adjoint problem and a further set of
equations ensuring the optimality of the solution. This task becomes even more chal-
lenging whenever the state system (or the cost functional to be minimized) depend on



a set of parameters — which can specify physical or geometrical properties of interest —
and we are interested to solve an optimal control problem for many different scenarios
corresponding to different sets of parameter values. In this case, standard techniques
built over full-order discretization methods such as the finite element method may yield
an overwhelming computational complexity. Therefore, when performing the optimiza-
tion process for many different parameter values (many-query context) or when, for a
given new configuration, we need to compute the solution in a rapid way (real-time
context), the computational effort may be unacceptably high and, often, unaffordable.
Substantial computational saving becomes possible thanks to a reduced order model
(ROM) which relies on the reduced basis (RB) method [30, 25], which allows to solve
a parametrized PDE problem for any new value of the parameters (inexpensive Online
evaluation) once a set of (full-order) solutions have been computed for selected values
of the parameter set and stored (expensive Offline database construction).

We denote with g € D C RP a p-vector of parameters representing either physical and/or
geometrical quantities of interest, while y represents the state variable, u the control
variable, J the objective functional, and £(:,-; i) the residual of the state equation.
The general form of a parametrized optimal control problem reads: given p € D,

I?r}iun J(y,u; p) subject to E(y,u;p) = 0. (ocr,)
In this work we bound our analysis to the most typical linear/quadratic case, i.e. to op-
timal control problems featuring quadratric cost functionals and linear (scalar coercive)
elliptic PDEs as constraint.
From an abstract point of view, the mapping p — (y(p),u(p)) defines a smooth and
rather low-dimensional parametrically induced manifold M = {(y(pu),u(p)) € X: p €
D}, where y(p) and u(p) are the state and control solutions of (OCP,) and X is a
suitable functional space. In a classical discretization approach, after introducing an
approximation space XV of (typically very large) dimension A — e.g. a finite element
(FE) space — for every value of the parameters g we are supposed to solve the whole
optimal control problem in order to compute the solution (v (), w" ()), ignoring the
possibly smooth relation between parameters and solutions. A reduced (basis) approach
is premised e.g. upon a classical FE method and consists in a low-order approximation
of the truth manifold M, based on (i) computation of some snapshots of the truth
manifold M» | and (#1) a Galerkin projection onto the space spanned by the precom-
puted snapshots.
The main ingredients of the reduced basis (RB) methods [25, 30] are the following
ones: (i) a rapidly convergent global approximation (Galerkin projection) onto a space
spanned by solution of the original problem at some selected parameters value; (ii) a
rigorous a posteriori error estimation procedures which provides inexpensive yet sharp
bounds for the error between the RB and the #ruth solution; (iii) an Offline/Online
computational procedure, i.e. an efficient splitting between a time-consuming and pa-
rameter independent Offline stage and an inexpensive Online calculation for each new
input/output evaluation.

Computational reduction strategies such as RB methods or proper orthogonal de-
composition (POD) have already been employed to speedup the solution of optimal
control, as well as other PDE-constrained optimization problems. First examples of
optimal control problems solved by exploiting computational reduction techniques have
been addressed by Ito and Ravindran, in the context either of (a preliminary version
of) the RB method [18] or of the proper orthogonal decomposition method [27]. Other
recent works dealing with optimal control problems through POD techniques have been



addressed for instance by Kunisch and Volkwein [20] (and reference therein). More re-
cent, contributions dealing with RB methods have been presented in both the elliptic
case by Quarteroni, Rozza and Quaini [26], Tonn, Urban and Volkwein [35], Grepl and
Kaércher [9], and the parabolic case by Dede [5, 6]. However, in all these works the control
variable is low-dimensional, e.g. a set of real numbers that could be treated themselves
as parameters. We aim at developing a certified reduced framework that enables to han-
dle infinite dimensional (either distributed and/or boundary) control functions. In this
context, designing a strategy for the reduction of the complexity of the optimal control
problem (that is treated as a whole, with respect to all its variables simultaneously)
becomes mandatory.

Furthermore, an efficient and rigorous a posteriori error estimation, necessary both for
constructing the reduced order model and for measuring its accuracy, is still missing for
a large class of optimal control problems. For example, the a posteriori estimators for
the error in the cost functional and in the control variable proposed in some previous
works [5, 6] are efficient in practice but unfortunately lack of rigorousness, whereas the
estimator proposed in [35] is proved to be rigorous but not efficient. Only recently an
efficient and rigorous estimator has been proposed in the case of constant control func-
tion in [9]. In this work we aim at developing both efficient and rigorous a posteriori
error bounds in order to estimate, simultaneously, the errors on the optimal control, the
state variable and the cost functional.

With reference to the basic ingredients of the RB method previously introduced, we
point out that:

(i) in our approach the reduced scheme is built directly over the optimality con-
ditions system rather than on the original optimization problem, following an
optimize-then-discretize-then-reduce approach. Indeed, we first derive the opti-
mality system (optimize step), then we introduce its truth finite element (FE)
approximation (discretize step) and finally we provide the RB approximation for
the whole optimality system (reduce step).

(ii) the reduced basis is made of optimal solutions of the original problem, hence
the computation of each basis function requires the resolution of the FE truth
approximation; moreover, the reduced spaces are built for both the state, control
and adjoint variables.

(iii) to ensure the well-posedness of the RB approximation, and in order to provide an
a posteriori error estimate for the optimal control problem, we take advantage of
the RB theory developed for Stokes-type problems [22, 29, 32] by recasting the
optimal control problem in the framework of saddle-point problems;

(iv) we rely on the the affine parameter dependence assumption, which provides the
possibility to extract the parameter dependent components from our operators
and thus exploit an Offline/Online computational procedure.

The paper is structured as follows. In §2 we introduce the formulation of parametrized
linear/quadratic optimal control problems governed by elliptic coercive PDEs with affine
parameter dependence; after having recast the problem in the framework of saddle-
point problems, we briefly discuss its FE truth approximation, recalling the necessary
assumptions to ensure the well-posedness. In §3 we discuss the RB approximation and
the main features of the method, focusing on the corresponding stability condition for
the RB approximation. Then in §4 we deal with the a posteriori error estimation for



the RB solution and functional based on the Babuska stability theory [2]. Finally, in §5
some numerical examples are presented.

2 Parametrized optimal control problems

In this section we introduce the parametrized optimal control problems we focus on
and, once recast in the framework of saddle-point problems, we prove a well-posedeness
result. Finally we introduce the truth FE approximation.

2.1 Problem definition

Let @ ¢ R? (d = 1,2,3) be an open and bounded domain with Lipschitz bound-
ary I' = 09, and D C RP be a prescribed p-dimensional compact set of parameters
pw=(p1,...,pp), with p > 1. Let Y, U be two Hilbert spaces® for the state and control
variables y and u respectively, while the Hilbert space Z O Y shall denote the observa-
tion space. Given another Hilbert space (), we define the linear constraint equation in
the form

aly, ¢ p) = c(u, ¢; p) + (G(w),q)  Vge@, (1)
where the bilinear form a(-,; ) : Y x @ — R represents a linear elliptic operator, the
bilinear form c(-, ;) : U X @ — R expresses the action of the control and G(u) € Q' is
a linear continuous functional acting as a forcing term. The quadratic cost functional
to be minimized is given by

Ty 1) = gy — ya(p),y — yalpe)s 1) + 3o, 1), (2)
where o > 0 is a given constant, y4(x, ) € Z is a given parameter-dependent obser-
vation function, the bilinear form m(-,;u) : £ x Z — R defines the objective of the
minimization while the bilinear form n(-,-; ) : U x U — R acts as a penalization term
for the control variable. The parametrized optimal control problem reads: for any given
neD,

min J(y(p), w(p)ipn) st (y(p),u(p) €Y x U solves (1). (3)

Yy, u

Let us specify the assumptions on the linear and bilinear forms introduced above. We
firstly remark that, since we are interested in considering second-order coercive elliptic
equation as constraint, we can assume without loss of generality that Q = Y. Then, we
assume that the bilinear form a(-,-; ) is bounded and coercive over Y for any p € D,
i.e. there exists a constant &g > 0 such that
al )

a(u) = in

> a9, VpeD. (4)
ey 25

We assume that the bilinear form c(-,-; ) is symmetric and bounded, and the bilinear
form n(-,-; p) is symmetric, bounded and coercive. Moreover, we assume the bilinear

ITypically the state space Y is a closed subspace of H!(Q) such that H(%(Q) CY C HYQ), while
the control space can be given for example by U = L2 (w), being w a portion of the domain or of the
boundary. We do not treat here the case of control-constrained problems, i.e. problems where the
control space is a closed and convex set in a Hilbert space rather than a Hilbert space itself.

2We therefore limit ourselves to consider Galerkin variational problems as state equations rather
than Petrov-Galerkin problems. We remark that while at the continuous level it seems useless to keep
a different notation for the spaces Y and @, it will be crucial in order to correctly construct the RB
approximation (as well as to generalize the method to the case Y # Q).



form m(-,-; u) to be symmetric, continuous and positive in the norm induced by the
space Z. Holding these assumptions, the existence of a unique solution (y,u) € Y x U
of the optimal control problem (3) can be easily proved by applying either Lions theory
[21] or Lagrange multiplier theory [17, 13]. Here however, in view of the application of
the RB method, we are interested in recasting the problem in the framework of saddle-
point problems.

Before addressing this issue, let us make an additional assumption, crucial to Offline-
Online procedures, by assuming the bilinear and linear forms, as well as the observation
function, to be affine® in the parameter p, i.e. for some finite Q,, * € {a,c,n,m,g,d},
they can be expressed as

Qa Qe

a(z,q;p) = > 0%(p) a’(z,q), c(v, g ) =Y O4(p) (v, 9),
On an

m(y,z;p) = ) OF (n)mi(y, 2), n(u,v;p) = ) O (p)ni(u,v),  (5)
a 2

(G(w),q) = O4(m) (G, q), ya(x, ) = Y O8(p) ya(x),

for given smooth p-dependent function ©%(p) and continuous p-independent bilinear
and linear forms a?(-,-), ¢?(-,-), m?(-,-), ni(-,-), n(-,-), G? and functions yJ € Z.

2.2 Saddle-point formulation

In order to formulate the optimal control problem (3) as a saddle-point problem, let
us denote with X = Y x U the product space between the state space Y and the
control space U, equipped with the inner product (z,w)x = (y, 2)y + (u,v)y and norm
I llx =+ (,")x, being z = (y,u) € X, w = (2,v) € X. Furthermore, we define the
bilinear form A(-, s p) : X x X = R as

Az, w; p) = m(y, z; p) + an(u,v;p),  Va,w € X,
and the bilinear form B(-,; ) : X x Q — R as

B(w,q;p) = a(z,q;p) — c(v,q;p),  Vwe X,q€Q.
By defining the linear functional F'(u) = m(yqa(p), ;) € X', we can express the cost
functional as J(y,u; p) = J (23 ) + t(p), where t(p) = gm(ya(p), ya(p); p) and

T ) = S A, ) — (F(p), ). ©)

Since for any fixed p € D the constant term t(p) does not affect the minimizer of
J(-,+; ), we can reformulate the problem (3) as follows: given p € D,

min J(z;p)  subjectto  Blz,q;m) = (G(n),q) VeeQ. (7)

It is well known (see for instance [11, 33]) that the constrained optimization problem (7)
falls into the framework of saddle-point problems, for which the existence and uniqueness
of a solution is well-established by Brezzi theorem [4] under the following conditions:

3If this assumption does not hold, it could be recovered through the so-called Empirical Interpolation
Method (EIM); see [31] for an application to optimal control problems.



(i) the bilinear form A(,-; p) is continuous over X x X:

Az, w; p)

Ya(p) = sup sup <400,  VpeD;

sex wex [wlxllzlx

(ii) the bilinear form A(-,-; pt) is coercive over Xy = {w € X: B(w,q; ) =0 Vg €
Q} C X, i.e. there exists a constant ag > 0 such that

o Alz,zip)

alp) = inf ————= > ay, Y € D;

eeXo  zllk

(iii) the bilinear form B(:,-; u) is continuous over X x Q

B(w, q;
Y5(p) = sup sup (w,g; 1)

— = < 400, Yu € D;
wex qeq Wl xllgllo

(iv) the bilinear form B(, -) satisfies the inf-sup condition over X x @, i.e. there exists
a constant 5y > 0 such that

B(u) = inf sup SULGH)

€Q wex |wlxllqllq

(v) the bilinear form A(-,-; ) is symmetric and non-negative over X.

Holding these assumptions, the optimal control problem has a unique solution z(u) € X
for any pu € D, and that solution can be determined by solving the following saddle-
point problem (i.e. the optimality system): given g € D, find (z(p),p(p)) € X x Q
such that

{ Az (p), w; p) + B(w, p(p); p) = (F(p), w) Vw € X, ©)

B(z(p),q; 1) = (G(n), q) Vq € Q,

where p(p) is the Lagrange multiplier (i.e. the adjoint variable) associated to the con-
straint. In fact, if we introduce the Lagrangian functional L(; ) : X x Q — R

L(z,p;p) = T (z, p) + B(z,p; p) — (G(1),p), (10)

the equations in (9) are nothing but the first-order necessary (and sufficient*) optimality
conditions for the unconstrained optimization problem of finding saddle-points (z,p) €
X x @ of the Lagrangian, i.e. (9) is equivalent to

VL(z(p), p(p);pw)w,ql =0,  V(w,q) € X x Q. (11)

Furthermore, we remark that the optimality system (9) is in fact the usual optimality
system given by the state equation, the adjoint equation and the optimality equation.
Let us now verify the fulfillment of the hypotheses (i)-(v).

Lemma 1. The bilinear forms A(-,-) and B(-,-) satisfy the Brezzi assumptions (i)-(v).

4We recall that in the linear/quadratic case the usual second order sufficient optimality condition
— requiring the second derivative of the Lagrangian functional to be coercive on the null space of the
linearized state equation [17, 13] — reduces to the assumption (ii) stated above.



Proof 1t is sufficient to exploit the assumptions made on the bilinear forms a(,-; u),
e(+, 5 1), m(,+; ) and n(-, -; ), see for instance [11]. In view of the design of a suitable
RB scheme it is useful to show here the proof of the fulfillment of the inf-sup condition
for the bilinear form B(-,-). We exploit the fact that Y = @ and the coercivity property
of the bilinear form a(-, -; p)

87; » 45 - » 45
sup (w, g ) sup a(z,q; 4) — c(v, q; p)

orwex  lwllx  ozewevxv (2l +vlE)/2

alg, ;) - i}
2 ala. ¢; 1) > a(p)llqlly = a(w)llqllo-
(z0)=(0,0) lldlly

Note that the inequality S(p) > &(w) plays a crucial role in the following. O

Then, for any p € D, the optimal control problem (3) is equivalent to the saddle-
point problem (9) and the latter admits a unique solution (z(p),p(p)) € X x Q. More-
over, the solution satisfies the stability estimate

lz(e)l[x + llp()lle < CUEw) | x +G(lle) Ve eD,

where C' is a positive constant (possibly pu-dependent).

Let us finally observe that, thanks to the affine parameter dependence assumption
(5), an affine decomposition holds also for the bilinear and linear forms in (9), i.e. for
some finite Qq, Qp, @, @Qg, they can be expressed as

Az, w; @) Z@q ) Az, w), B(w, p; p Z@q VB (w,p)  (12)

Zeq (G, q), <E<u>,w>=§je‘;<u><£q,w>, (13)

where the coefficients ©9(p) and the p-independent linear and bilinear forms are related
to those appearing in (5). For example, Qo = Qm+Qn, O (p) = OF (p) and A!(z, w) =
mi(y,z) for 1 < ¢ < Qum, while @9t (u) = 09 (p) and ATTCm (2, w) = n9(u,v) for
1<q<Qn.

2.3 Truth approximation

Let Tps be a triangulation of the domain 2, we denote V; the space of globally contin-
uous functions that are polynomials of degree r on the single elements of the triangula-
tion. Then we define YV =Y N Vi QN =YN and Uy =Un Vir in such a way that
XN —yN x UN c X, QN ¢ Q are sequences of FE approximation spaces. Moreover
we indicate with A/ the global dimension — typically very “large” — of the product space
XN x @V, ie. N = Nx + Ng where Nx = Ny + Ny and Ny = Nj.
Following an optimize-then-discretize approach — rather than a discretize-then-optimize

approach, see e.g. [10] — we introduce the truth Galerkin-FE approximation of the op-
timality system (9): given p € D, find (zV (), pV (1)) € XV x QV such that

{ AN (), w; ) + Blw, p (); ) = (F(w), w) Vw € XV, "

Bz (1), ¢; ) = (G(n), q) Vg e QY.



Provided YV = QV, the bilinear form A(-,+; ) remains continuous over XN x xN
and coercive over X = {w € XV: B(w,q;u) = 0 Vg € QV}, and the bilinear
form B(-,-; i) remains continuous and inf-sup stable over XN x QN i.e. there exists a
constant By > 0 such that

, B(w, q; )
BV(p) = inf sup ——ELL >3 VYu € D. (15)
0€QV wexn |wlxllalle

In particular, mimicking the proof of Lemma 1 we can easily show that SV (u) > &V (),
being &V (u) the FE coercivity constant of the bilinear form a(-, -; ). Therefore, thanks
to Brezzi theory, also the FE approximation (14) is well-posed.

Let us now investigate the structure of the algebraic system associated to the Galerkin
approximation (14). We denote with {gj e xN }é\i"l, {or € QY }£/=Q1’ the basis functions

of the spaces X, QN respectively. Then, (14) is equivalent to the linear system

(5 7o) Gl - (&) .

K(w)

where xV (u) and p(u) denotes the vectors of the coefficients in the expansion of
z(p) and p(p), while, for example, the elements of the matrix A are given by A;;(p) =
A(gj,gi;u) for 1 <i,57 < Nx. Let us notice that also the matrices appearing in (16)

inherit the same affine decompositions (12), so that

Qu Q
Ap) = 0l(p) A%, B(p) =Y _©f(n) BY,

where the p-independent matrices A9, BY represent the discrete counterparts of the
corresponding bilinear. Analogously for the vectors F(u) and G(u).

For the resolution of the linear system (16) several strategies can be employed (see
for instance [17, 1]): a popular alternative is based on the so called reduced Hessian
methods, in which block elimination on the state and adjoint variables yields a re-
duced® system for the control variable whose matrix is the Schur complement of the
optimality system. A radically alternative strategy consists of using full space (also
called all-at-once) methods, where the optimality system is solved simultaneously for
the state, adjoint and control variables. Both approaches present advantages and disad-
vantages and require problem-tailored design of suitable preconditioners and iterative
linear solvers. Yet, beside the choice of the favorite solution algorithm, it is well known
that the numerical solution of an optimal control problem entails large computational
costs and may be very time-consuming already in the non-parametric case. Therefore,
when performing the optimization process for many different parameter values or else
when, for a new given configuration, the solution has to be computed in a rapid way,
reducing the computational complexity is mandatory. This is why we advocate using
suitable model order reduction techniques.

3 The reduced basis approximation

The idea of the RB method is to efficiently compute an approximation of (zV(p),
V(@) by using approximation spaces made up of well-chosen solutions of (14), i.e.

5Here reduced must not be understood in the sense of reduced order model.



corresponding to specific choices of the parameter values. As already mentioned in the
introduction, the main assumption is that the solution of (14) depends smoothly on the
parameters, thus implying the parametric manifold M* to be smooth and approximable
by selecting some snapshot FE solutions.

3.1 Construction of RB approximation spaces and stability prop-
erties

Let us suppose that we are given a set of hierarchical RB approximation subspaces
Xy € XV and Qy € QV, N € [1, Nyax], made up of properly selected FE solutions.
By using Galerkin projection onto the low-dimensional subspace Xy x @, we obtain the
following reduced basis approximation: given p € D, find (zy(p),pn(1)) € Xn X QN
such that

Alzy (p), w; p) + B(w, py (p); 1) = (E(p), w) Yw € Xy, (17)
Bz (1), q: 1) = (G(r), q) Vg € Qn.
The existence, uniqueness and stability of the solution to problem (17) depend on the
properties of the RB spaces Xy and @, that are analyzed in the following.

Let us take, for given N € [1, Nyax], a finite set of parameter values Sy = {u!, ..., u™N}
and consider the corresponding FE solutions {(z ("), p (u™))}N_,, the so called
snapshots of the corresponding optimal control problem. We (naively) define the RB
spaces for the state, control and adjoint variables respectively as

YN = span{(, = yN(u"), n=1,...,N},
Uy = span{\, = vV (u"), n=1,...,N}, (18)
)

QN = Span{gn = pN(I“Ln ) n= 17' A 7N}7

and denote Xy = Y x Uy. Let us discuss the well-posedness of the RB approximation
(17). While the continuity properties of the bilinear forms over the RB spaces are
automatically inherited from the parents spaces (i.e. the FE spaces), the coercivity
property of the bilinear form A(, -; u) over

XY ={we Xy: Blw,qg;p) =0 VYgeQn}

and the fulfillment of the inf-sup condition of B(-,-; p) are not granted and have to be
proved. In particular, the problem (17) has to satisfy the following RB inf-sup condition:
there exists By > 0 such that

. B(w, g;
Bu(u) = i sup Dldib)
€Qn wexy lwlxllalq

> B, VpeD. (19)
The first idea in order to prove the fulfillment of (19) is to mimic the proof already used
for the continuous problem and its FE approximation, see Lemma 1. Unfortunately,
while in the continuous case (respectively for the FE approximation) the state and
adjoint spaces Y and @Q (respectively Y and Q) are equivalent, with the choice (18)
we lose this property on the corresponding RB spaces, i.e. Yy # Qn.

In order to recover the stability of the RB approximation, we therefore need to
enrich in some way at least one of the RB spaces involved. This is not surprising when
dealing with the RB approximation of a saddle-point problem, since the structure of



this class of problems — in particular the requirement to fulfill the inf-sup condition —
implies that building the RB approximation spaces solely from snapshots is not always
sufficient. In fact, there are at least two other examples where a similar treatment shows
to be necessary: the application of the RB method to parametrized Stokes equations
[28, 32, 29, 8] and to parametrized variational inequalities [12]. Two possible strategies
to achieve the stability of the approximation are either the use of a suitable supremizer
operator or the use of the same (properly defined) space for the state and adjoint
variables. While the first option can be seen as a trial to mimic what has been done in
the case of the Stokes problem, the second option follows naturally from the discussion
above and has been already considered in some previous works [5, 19] (even if not
specifically for this reason). We chose to pursue the second one, being aware that these
issues deserve further investigations in order to explore also other strategies, that might
be more convenient from the computational point of view.
We thus define the following aggregated space for the state and adjoint variables

Zy = span{(, = yN(u"), &n = pN(u), n=1,...,N}, (20)
and we let

YN:ZN, XN:YNXUN, QN:ZN. (21)

Lemma 2. If the reduced spaces Xy and Qn are chosen as in (20)-(21), then the bi-
linear form B(-,-; u) satisfies the inf-sup condition (19). Moreover we have the estimate

By(p) >N (p),  VpeD,
where & (p) is the coercivity constant associated to the FE approzimation of the bilinear
form a(-, ;).

Proof It is sufficient to follow the proof of Lemma 1. In fact,

B . . _ .
Bu(p) = inf sup DULEH) e g UB @) —cvap)
€@n wexy lwlxlladle  a€2x uezvxvn Iz 0)lxlldllo
> inp QBER) 5 s GN ) > 0.

(z0)=(a,0) 1€2x gl

Note that the choice z = ¢ is allowed because both z and ¢ belong to the space Zyn. O

The well-posedness of the RB approximation is ensured by the following

Proposition 1. If the reduced spaces Xn and Qn are chosen as in (20)-(21), then,
for any p € D, the RB approzimation (17) has a unique solution (zx(p),pn(p)) €
XN x Qn depending continuously on the data.

Proof It suffices to check that the assumptions of Brezzi theorem hold. As already
mentioned, the continuity properties of the bilinear and linear forms over the RB space
are automatically inherited from the parents spaces (i.e. the FE spaces). The fulfillment
of the inf-sup condition of the bilinear form B(-, -; i) has been proved in Lemma 2, while
the fulfillment of the coercivity condition of the bilinear form A(-,-; ) can be proved
using the same arguments as in Lemma 1. O

10



3.2 Algebraic formulation and Offline-Online computational pro-
cedure

Let us now investigate the algebraic formulation associated to the enriched spaces in-
troduced in the previous section. Let {r;}2Y, = {¢;}], U {¢}}L, such that Zy =

span{7;, j = 1,...,2N}, we can express the RB state, adjoint and control solutions as
3N 2N
zy(p) = an; (), pn(p) = pn;(w)Tj.
j=1 j=1

where g; = (7;,0) for j = 1,...,2N, while g; = (0,};) for j = 2N +1,...,3N, in
such a way that Xy = Span{gj, j=1,...,3N}. Hence, given a parameter p, the RB
solution of the problem (17) can be written as a combination of basis functions with

weights given by the following reduced basis linear system:

B ) ER-E -

Kn(p)

where An(p) = > 02(p)A%, By(p) =Y. O] (p)B}, and the submatrices A%, and B%

a

are given by (AN)?]- =A%c,,0;), (Bn)i =Bi(g;,7), for 1 <4,5 <3N,1<1<2N.

Zjr=1

In order to state the connection between the RB linear system (22) and the FE
discretization (16), let us define the basis matrices Z. = (11| --- |7n) € RNX2N | 7, =
(A1] -+ [An) € RVXN and

70 Z, 0 0
Zy = (0” p ) eER¥VEN . Z=10 Z, 0|eR¥WN
“ 0o 0 Z

Then, the matrix Ky = ZTKZ is given by

_ (Ax BL\ (zTAz, ZTBTZ.
’CN_(BN 0 ) \z'Bz, 0 ' (23)

Thus the matrix Iy is still symmetric, with saddle-point structure and has dimension
5N x 5N. Although being dense (rather than sparse as in the FE case), the system
matrix is very small, with a size independent of the FE space dimension A for this
reason the RB linear system can be easily solved using direct solvers. Furthermore, to
keep under control the condition number of the matrix X we have adopted the Gram-
Schmidt orthonormalization procedure [30]. In particular we apply the Gram-Schmidt
procedure separately on the basis functions of the space Zxy and on the basis functions
of the space Uy.

Thanks to the assumption of affine parameter dependence, we can decouple the
formation of the matrix Ky (p) in two stages, the Offline and Online stages, that enable
the efficient resolution of the system (22) for each new parameter .

In particular, in the Offline stage, performed only once, we first compute and store the
basis function {7;}7) and {\;}}_,, and form the p-independent matrices A%, 1 < ¢ <
Qa, BY, 1 < q <@y and the vectors Fi,, 1 < ¢ < Qy, G4, 1< ¢ < Q. The operation
count depends on N, Qq, Qp, Qf, Qg and N.

In the Online stage, performed for each new value p, we use the precomputed matrices
AS;, B}, and vectors Fy,, G, to assemble the (full) matrix Ky and the vectors Fy, Gy

11



appearing in (22); we then solve the resulting system to obtain (xy,pn). The Online
operation count depends on N, Qq, Qp, Qf, Qg but is independent of . In particular
we need O((Qq + Qp)N?) and O((Qf + Q4)N) operations to assemble matrices and
vectors, and O((5N)3) operations to solve the RB linear system (22).

3.3 Sampling strategy

For the construction of the hierarchical Lagrange RB approximation spaces — and thus
the optimal choice of the sample points ", 1 < n < N — we rely on the sampling
strategy based on the standard greedy algorithm [30, 29]. Let ZEgaim C D be a finite
dimensional sample set, called the set of train samples. The cardinality of Z¢pain will
be denoted with nain, that we assume to be sufficiently large such that Zi.ain be a
good approximation of the set D (a finite dimensional surrogate for D). The idea of
the greedy procedure is that, starting with a train sample Z¢.4in, we adaptively select
(in the sense of minimizing a suitable error indicator) N parameters p!,..., u" and
form the hierarchical sequence of reduced basis spaces Xy, Qn as in (20)-(21). At each
iteration NN, the greedy algorithm appends to the previously retained snapshots that
particular candidate — over all candidate snapshots (V' (@), V' (1)), tt € ZEgrain — which
is least well approximated by the “old” RB space Xny_1 X Q@n_1. The key ingredient of
this adaptive procedure is a rigorous, sharp and inexpensive estimator Ay (u) for the
RB error such that

(12 (1) — 2 ()% + 12 (1) = o ()1%) % < An(p), (24)

where (zx(p),pn(p)) is the RB approximated solution associated with the generic
RB space Xy x Qn. The construction of the a posteriori error estimator Ay will be
described in detail in §4.

Given such an estimator, we can state precisely the steps required by the greedy
algorithm. By denoting &4, a chosen tolerance for the stopping criterium, the greedy
sampling strategy can be implemented as reported in Algorithm 3.1.

S; = {u'}, compute (zV(u'), pV (') by solving the truth approximation (14)
Uy = span{u™ (u')},  Z1 = span{y™ (u'),p" (1)}
X1=2xU, Q=12
for N =2: Ny, do
i = arg max ez, A-1(1)
en—1=An_1(p)
if en_1 < €tal
Npax =N —1
end if
compute (zV (™), p () by solving the truth approximation (14)
Sy =Sv-1U{p"}
Uy = Uy Uspan{u™N (uN)},  Zy = Zy_1 Uspan{y™ (u™),p" (u™)}
Xn=ZnxUn, Qn=2Zn
end for

Algorithm 3.1: Greedy algorithm for parametrized optimal control problems.
We underline again that the key point in the algorithm is to exploit an a posteriori error

bound Ay (p) efficiently computable, since at each iteration the algorithm requires to
evaluate An(p) for all g € Eipain.

12




4 Rigorous a posterior: error estimates

In the RB framework a posteriori error estimates plays a crucial role in order to guarantee
the efficiency and reliability of the method. As regards efficiency, the error bound
is essential in the sampling procedure, by allowing an exhaustive exploration of the
parameters domain and a proper selection of the basis functions. As regards reliability,
at the Online stage for each new value of parameter p € D, the a posteriori estimator
permits to bound the error of the RB approximation with respect to the underlying
truth approximation.

Different strategies can be pursued in order to provide a posteriori error estimation
for parametrized optimal control problems. In [5] an efficient yet not rigorous estimator
has been proposed dealing with time-dependent optimal control problems, while recently
in [19] similar techniques combined with some previous results proposed in [36] have
been applied to the same problem considered here, providing an efficient and rigorous
estimator. In this work, we propose a new a posteriori error estimate that can be
easily obtained exploiting the structure of the optimality system. In particular, once
the saddle-point structure of the optimality system has been highlighted, one can apply
three different approaches, already proposed in the RB context: (i) to exploit Brezzi
stability theory [4]; (ii) to use the Necas-Babuska stability theory [2, 23]; (iii) or to adopt
a penalty approach [11]. While the approaches (i) and (iii) have been only recently
applied in the RB context, respectively in [8] and [7], the second approach is quite
standard in the RB context [30]. We thus choose to pursue the latter, exploiting the
analogies with the RB scheme proposed for affinely parametrized Stokes equations in
[32, 29].

In §4.1 we construct a rigorous and inexpensive (i.e. N-independent) a posteriori
error bound Ay (p) such that

(12 (1) — 2 ()% + 9 (1) — o ()1%) % < An (). (25)

Then in §4.2, using the same ingredients, we construct a rigorous and inexpensive a
posteriori error bound A () for the error on the cost functional, i.e.

1T (), 0™ (w); 1) — T (yn (), un (p); )| < AL (1) (26)

4.1 Bound for the solution

Since saddle point problems can be regarded as a particular case of weakly coercive
(also called noncoercive) problems, the construction of the error estimator Ay (p) can
be carried out by using the Necas-Babuska stability theory [2, 23].

Upon defining the space X = X x @, the bilinear form B(,;pu): X x X = R,

B, w; ) := Alz, w; ) + B(w, p; 1) + B(z, ¢; ), (27)
and the linear continuous functional F(; u): X — R,
Flw; p) = (E(p), w) + (G(1), 9), (28)

where x = (z,p) € X and w = (w, q) € X, problem (9) can equivalently be reformulated
as: given u € D,

find x € X s.t: B(x,w; ) = F(w; u) Yw e X. (29)
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According to Necas theorem, the problem (29) is well posed if for any p € D the bilinear
form B(-, -; pt) is continuous and weakly coercive, i.e. there exists a constant By > 0 such
that®

A : B<X7W; H) A
B(p) = inf sup ————— > fp. 30
() = Inf, S0 X wlle = (30)

Moreover, holding these assumptions, for any p € D the unique solution satisfies the
following stability estimate

1
Ix(e)ll < =—[IF (s )l (31)
Blw)
Actually, since the bilinear forms A(-, -; ) and B(-, -; p) satisfy the hypotheses of Brezzi

theorem, it can be shown (see e.g. [37, 11]) that the the compound form B(-,-; p) is
bounded and weakly coercive. Similarly, the FE and RB approximations satisfy the
same inf-sup condition,

: | Boow: i) _ ax

N p):= inf sup ——— > 35 >0, Vp e D, 32
()= I S0 Tl = %0 (32)

N B . “

Br(u) = inf sup SOWH) S e o yueD, (33)

weXn xexy [IX[|x[Iwllx

where XV = XV x QY and Xy = Xxn x Qn. Moreover the stability estimate (31)
holds also for the FE and RB approximations, in particular

1
BN (k)

The construction of the a posteriori error estimation is based on two main ingredients
(as usual in RB context): an effective calculation of a lower bound for the Babuska inf-
sup constant 4V (p) and the calculation of the dual norm of the residual [24]. As
regards the first one, we suppose to have at our disposal a p-dependent lower bound
BLe(p) : D — R such that

I ()l < IFC)llars Ve D. (34)

AN(w) > Brp(p) > fo >0,  VueD, (35)

and the Online computational time to evaluate pu — BLB () is independent of . The
calculation of BLB(M) can be carried out using the Natural Norm Successive Constraint
Method, an improvement of the SCM algorithm specifically tailored for noncoercive
problems, see e.g. [14, 29] for a detailed explanation of this procedure as well as for
many numerical tests.

As regards the second ingredient, the residual r(-; ) € (X)) is defined as

r(w; ) := F(w; ) — B(xn, w; ) vw e &V,

Finally, let us define the error between the “truth” FE approximation and the RB
approximation, e(p) := x (1) —xn (). We can now formulate an a posteriori estimator

for the error e(p).

6In the following we will refer to the inf-sup constant 3(u) (30) as the Babuska inf-sup constant,
in contrast to the Brezzi inf-sup constant S(p) (8); similar notation will be used for their FE and RB
approximations.
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Proposition 2. For any given p € D, N € [1, Nyjaa), and BLB(;L) satisfying (35), we
define

[(CTDIEG
An(p) = Bin(n) (36)

Then, An(p) is an upper bound for the error e(p),

||E(/L)||X < AN(H’)7 vtu' €D, VNEe [la Nmax}- (37)
Proof The problem statement for the FE solution xV(u) and for the RB solution
xn(p) and the bilinearity of B(:,-; i) imply that the error e(u) statisfy the following
equation: B(e(p),w; ) = r(w;p), Yw € XV, Then it suffices to apply the stability
estimate (31) and exploit the lower bound (35) for the Babuska inf-sup constant. O

As usual (see for instance [30, 29]), the computation of the dual norm of the residual
can be decomposed in two stages: an expensive, p-independent Offline stage and an
inexpensive Online stage. As a result, given g € D, the evaluation of ||r(-; pt)||x+ requires
O(25N?Q% + 5NQgQ + Q%) operations, independent of N.

4.2 A posteriori error bound for the cost functional

To develop an a posteriori error bound on the cost functional J(y, u; @), we firstly observe
that this is equivalent to provide an estimator for the error on J(z; u), since J(+; ) and
J (-, -; p) differ only in a constant term once p € D is fixed. Although the cost functional
J (+; i) is a quadratic functional, thanks to the structure of the optimal control problem
we can avoid to use the techniques of error estimation for quadratic outputs already
proposed in the RB context, see for instance [34, 15, 22]. Rather, following the work
in [5] we may use a goal-oriented analysis, a standard tool for the development of a
posteriori error estimates for optimal control problems.

The error on the cost functional evaluated with respect to the FE and RB approxi-
mations will be denoted with

TN () — In(p) = TN (), u () ) — T (yn (), un (p); ).

Recalling the definition of the Lagrangian functional (10), we observe that we can use
a different formalism to express the gradient of the Lagrangian as

VL(x; p)[w] = B(x,w; ) — F(w; ), Yw e X. (38)
Then, we can show the following result.

Proposition 3. For any given p € D, N € [1, Npaol, and BLB([J,) satisfying (35), we
define

1 /

Ul )
2 Bre(p)

Then, A%(u) is an upper bound for the error on the cost functional,

AR (w) =
[TV (1) = In ()] < AR (), YwED, YNE[LNpwl  (40)
Proof The RB error on the cost functional can be rewritten as (see e.g. [3, 5])

T 41) — T () = 5 VLG () 1) 6V (1) — ()]
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Thanks to (38) we have that
VLo )N = xn] = B, XN = xvi ) = FON —xvs ) = r(M —xvi ).

By exploiting the continuity of the residual r(-; ) and the estimate (37) we obtain the
required bound (40). O

Note that the error estimator A% () does not need any further ingredients besides
those already available: the efficient computation of the dual norm of the residual and
the calculation of a lower bound for the Babuska inf-sup constant.

5 Numerical examples

In this section we discuss three numerical examples in order to verify the properties
— and to test the performances — of the proposed RB scheme. In the cases in which
we consider a parametrized geometry we firstly define an “original” problem (subscript
0) posed over a parameters dependent domain, then we trace back the problem to a
reference domain through suitable affine geometrical mappings (see [30, 29, 22] for the
details) in order to recover the formulation (9). The implementation of the method has
been carried out in the MATLAB®) environment using an enhanced version of the rbMIT
library [16].

5.1 Test 1: distributed optimal control for the Laplace equation
with geometrical parametrization

We consider an “original” domain Q,(p) = QL U Q2(u) given by a rectangle separated
in two subdomains, with the first one parameter independent, as shown in Figure 1.
We consider two parameters pu = (p1, p2), being pp related to the geometry of Q2
while pz is such that yg(p) = 1 in Q) and yg(p) = p2 in Q2(p), i.e. the observation
function is parameter dependent (constant on each subdomain). The set spanned by
the parameters is given by D = [1,3.5] x [0.5,2.5].

(0,1) (1,1) (1 +pu,1)

o, O (w)

(0,0) (1,0) (14 p1,0)
Figure 1: Test 1: “original” domain Q,(u).

We consider the following optimal control problem:

. 1 o
min J(yo(k), wo(k); ) = 5 llyo (k) — ya(1)| 720, + 5””0(#’/)”?}07

Yo-Uo

i, { — Ayo() = (1) in (1), (41)

Yo(H) = gD on '}, (1) = 0Q0 (),

7Since the problems we deal with are of small size, all the required linear systems (in particular in
the Offline stage) will be solved using the direct solver provided by MATLAB. All the computations are
performed on a personal computer with an Intel Core i5-2400S CPU and 16 GB of RAM.
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where y, and u, are the state and control functions defined on the original domain,
while the Dirichlet boundary condition is given by gp = 1. We denote with Y, and U,
the spaces Hg(£2,) and L?(€,) respectively, moreover @, = Y,. By tracing the problem
back to a reference domain Q = Q,(prer) (With the arbitrary choice prer = (1,1)) we
obtain the parametrized formulation (9) where the affine decompositions (12) (13) hold
WithQa:27 Qb:?’v Qf:27 Qg:3

Computations are based upon a finite element approximation on P! spaces for the
state, control and adjoint variables; the total number of degrees of freedom, i.e. the
dimension of the space XN = YN x UV x QV, is N = 5982, obtained using a mesh
of 4136 triangular elements. The regularization parameter is kept fixed and equal to
«a = 0.01. In Figure 2 a representative solution for a fixed value of the parameters is
given.

state control
080 090 20 -10 00
| = _— | S ]
0.75 1.0 -2.5 0,032

Figure 2: Test 1: representative solution for p = (0.6, 3); on the left the state variable yn,
on the right the optimal control un.

[ P T T
0.1 kast5s b “7\ 6-605-0-a5-—ccod
0.05 |- BLB(H) |
=== An(p)
. | —— AN () |
1 1.5 2 2.5 3 3.5

Figure 3: Test 1: lower bound for the Babuska inf-sup constant BN (p) as a function of the
geometrical parameter p1 (on the x-axis).

With a fixed tolerance e = 5 - 1074, Nyuee = 12 basis functions have been selected
by the greedy algorithm, thus resulting in a RB linear system of dimension 60 x 60. In
Figure 3 we show the lower bound for the Babuska inf-sup constant 5V () (defined in
(32)) obtained using the natural norm SCM algorithm, which requires in this case the
solution of 10 + 2Q g eigenproblems of dimension N (see [14, 29] for further details).
In Figure 3 the RB Babuska inf-sup constant Sy (p) defined in (33) is also reported,
in particular we can observe that BN (pn) > BN (p), thus indicating the good stability
property of the RB approximation.

Furthermore, as regards the stability properties, in Figure 4 we give some numerical
results on the discrete Brezzi inf-sup constants V() and By (p), also compared with
the coercivity constant &(p) of the bilinear form a(-,-;u) in the state equation. In
Figure 4a we report some results obtained in a preliminary numerical investigation
without any enrichment option, i.e. using different RB spaces Yy and Qn (see §3.1).
We compare the discrete Brezzi inf-sup constant and coercivity constant for the FE
and RB approximation. We can confirm that, as claimed in §2.3 (see also Lemma 1),
BN (1) > &N (). Moreover we observe that

BN () > @V () > Bn(p) > an(p),

hence (as expected) we cannot bound from below the RB inf-sup constant Sy () with
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similar quantities related to the FE approximations. We note also that in this case the
RB coercivity constant a(p) is in fact an inf-sup constant, since we are approximating
the state equation with a Petrov-Galerkin scheme, i.e.

any(p) = inf sup aly.aip) Yu € D.

a€Qn yevy llallellylly”

0.6

0.6

0.5¢
0.5¢

0.4

0.4
0.3

1 1.5 2 2.5 3 3.5

Figure 4: Test 1: cf)mparison of the FE and RB discrete Brezzi inf-sup constant S(u) and
coercivity constant of the state equation &(u). The two quantities are given as function only of
1, since p2 does not appear in the affine expansion of B(-,-; ). (a) No enrichment: Yy # Qn.
(b) Aggregated space: Yn = Qn = Zn with Zn defined as in (20).

In Figure 4b we compare the RB stability factors obtained using the aggregated space
Zy for the state and adjoint variables. In this case we have a numerical evidence of the
result proven in Lemma 2, that is

Bn(p) > an(p) > @N(u) >0, Yu € D.

Finally in Figure 5 we compare the a posteriori error bound Ay (p) with the true error
XV (1) — xn ()] and the a posteriori error bound A% (@) with the true error on the
cost functional | TV (u) — Tn ()|

As regards the computational performances, the Offline computational time is equal
to t?{fét tine — 139s, the (average) Online evaluation time is t%/4"¢ = 8.5 ms comprehen-
sive of the evaluation of the a posteriori error estimation; we remark that most of the
Offline time is spent performing the SCM and greedy algorithms, the former requiring
around 88 seconds while the latter requiring around 46 seconds. The evaluation time
for the FE approximation is equal to about $2%¢ = 1 s taking into account the time
needed for assembling the FE matrices and vectors.

5.2 Test 2: distributed optimal control for a Graetz convection-
diffusion problem with physical parametrization

As a second example we consider a distributed optimal control problem for the Graetz
conduction-convection equation. With respect to the previous test we consider here a
simple physical parametrization instead of a geometrical one; in particular, p; will be the
Péclet number, while o and pg3, similarly to the previous example, are such that yq(p) =
p2 in Q and yg(p) = ps in Qy, where the spatial domain (shown in Figure 6) is the
rectangle © = [0,2.5] x [0, 1]. The parameter domain is D = [3,20] x [0.5,1.5] x [1.5, 2.5].
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—e— average error ||

—8— AN average
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10-3F 10= 6|~
107 10— 13 ”
2 4 6 8 10 12 2 4 6 8 10 12
N N
Figure 5: Test 1. Average and max computed errors and estimate between the truth FE
solution and the RB approximation, for N =1, -, Npmao (left). Average computed errors and

estimate A% (1) between JN (1) and Jn(u), for N = 1,--- , Nypas (right). Here Sgraim is a
sample of size n¢rain = 1000 and Ny = 12.

0,1) T (1,1) I'po (2.5, 1)
Ty of Q, Ty
(0,00 Tpr (1,0 [pe (25,0)

Figure 6: Test 2: domain Q (the observations subdomains are denoted with ; and €5).

We consider the following optimal control problem:

. 1 «a
min J(y, u; ) = 5 ly(1) = ya() 720y + 5 1) T2 o)

Y,
1 dy(p) .
- —A +a9(l —x = in
" y(p) 2( 2) Oy (1) (42)
1
5.8 —Vy(u) - n=0 on 'y
M1
y(u)=1 onTpy, y(w)=2  onTpy,

where y(p) is the temperature field, the control u(p) acts as a heat source and () =
1 Uy is the observation domain. The problem admits an affine decomposition with
Qa=1,Qp =2, Q5 =2, Qg =2 components. For the computation we fixed o = 0.01
and used piecewise linear finite elements for the FE approximation, the dimension of
the global FE space XV used is N = 10494.

With a fixed tolerance Efgll =104, Npar = 19 basis functions have been selected, thus
resulting in a RB linear system of dimension 95 x 95. In Figure 7a we show the lower
bound for the Babuska inf-sup constant 4 () obtained using the natural norm SCM
algorithm; SCM requires in this case the solution of 28 + 2Q)p eigenproblems. Once
again we can observe that BN(;L) > BN (p), thus indicating the good stability property
of the RB approximation.

In Figure 7b we compare the Brezzi inf-sup constants V() and Sy () and the coerciv-
ity constants &V () and @ () of the bilinear form a(-, -; ). As in the previous example
we have confirmed numerically that Sy () > an(p) > &V (). Finally in Figure 8 we
compare the a posteriori error bound Ay () with the true error |xV(u) — xn ()| x
and the a posteriori error bound AY (p) with the true error on the cost functional
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(a) (b)
Figure 7: Test 2: stability factors as functipns of the physical parameter p1. (a) Lower bound
for the discrete Babuska inf-sup constant 4" (u). (b) Comparison of discrete Brezzi inf-sup
constant S(p) and coercivity constant &(u) for the FE and RB approximations.

Table 1: Numerical details for Test 2. The RB spaces have been built by means of the greedy
procedure and N = 19 basis functions have been selected.

Approximation data ‘ Computational performances
Number of FE dof 10494 | Linear system size reduction  110:1
Number of parameters P 3 Offline total time 417 s
Error tolerance greedy &0 104 Offline SCM time 315 s
Affine operator components Qg 3 Offline greedy time 90 s
N
TV (1) — In (k)]

T
—e— average error

—e— average error

1008 —8— AN average q —a— AIJ\, average
- - max error 1073 - - - max error
1072
1077
1074
10~ 11—
10—6
5 10 15 5 10 15
N N

Figure 8: Test 2. Average and max computed errors and bound between the truth FE solution
and the RB approximation (left). Average true error and bound A% (1) between J* (1) and

In(p) (right).

As regards the computational performances, while the average Online time needed
to compute and certify the RB solution is approximately equal to the one reported in
the previous test, the Offline computational time required to build all the ingredients is
now equal to tORJElme = 417s. Notice that here performing the SCM algorithm requires
around the 75% of the overall Offline time, a percentage that can further increase rapidly
when the number of parameters P, the number of terms @ g in the affine decomposition
or the number of FE degrees of freedom N increase. In the next example we will discuss
an alternative strategy for the construction of the lower bound Bre (), in order to avoid

this computational bottleneck in the Offline stage.
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Figure 9: Test 3: “original” domain Q,(u).

5.3 Test 3: boundary optimal control for a Graetz flow with
both physical and geometrical parametrization

This third example deals again with a control problem for a Graetz flow, however this
time we consider a boundary control instead of a distributed one and we consider both
a geometrical and physical parametrization. The original domain is shown in Figure
9, we consider 3 parameters: 7 is the Péclet number, sy is the geometrical parameter
(the length of second portion of the channel) and u3 is such that ya(p) = usxg,

being Q,(p) the observation domain Q,(p) C Q2(p). The parameter domain is D =
[6,20] x [1,3] x [0.5,3].
We consider the following optimal control problem

. 1 «
min J (yo (), o (1); 1) = 5 190 (1) = va(W) [ 72q,) + 5 o ()17,

Yo,Uo
1 Yo(p) .
_ aAyo(ﬂ') + Zo2(l — xo2) Dz 0 in Q,(w)
Yo(p) =1 on T'Y (43)
s.t. 1 )

Evyo(u) = uo(p) on T2 ()

1

Evyo(u) ‘n=0 on I'y (p),

where we impose constant Dirichlet conditions on the inlet boundary of the channel, ho-
mogeneous Neumann condition on the outlet boundary and finally a Neumann condition
equal to the control function u, on I'?,. We denote with Y, and U, the spaces H{(£2,)
and LQ(FOC) respectively, moreover (), = Y,. By tracing the problem back to a reference
domain we obtain the parametrized formulation (9) where the affine decompositions
(12) (13) hold with Q, =1, Qy =5, Qy =1, Q4 = 4.

B B
=3, =02
= 01 1
| 23 I 008
l 5 l 004 o5
P — 0.7 0. o
state adjoint i s 2 25 3

Figure 10: Test 3: representative solution for p = (12,2,2.5). We report the state variable
yn (left), the adjoint variable py (middle) and the optimal control uy on I'% (right); thanks
to the symmetry of the problem the control variable has the same values on the boundaries
e N{z2 =0} and T'c N {z2 = 1}.

As mentioned in §5.2, in order to avoid the time-consuming SCM algorithm, we seek
for an alternative strategy to compute a lower bound of the inf-sup constant BN (n).
As recently proposed in [22], we consider — rather than a rigorous lower bound — a
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Figure 11: Test 3: comparison between lower bound and interpolant surrogate for the discrete
Babuska inf-sup constant BN (w). On the left: BV (u) as a function of 1, (e, us) = (1.5,3)
fixed; on the right: AV () as a function of pa2, (u1,u3) = (9,1) fixed.

Table 2: Numerical details for Test 3 (o = 0.07). Comparison between the use of SCM
algorithm and the interpolation procedure.

SCM algorithm  Interpolation surrogate

Number of eigenvalue problems 239 120
“Lower bound” computation time 3523 s 24 s
Greedy algorithm comput. time 349 s 175 s
Number of RB functions N 36 27

Linear system size reduction 39:1 53:1

surrogate of BN (p) given by an interpolation procedure. We (arbitrary and a priori)
select a (possibly small) set of interpolation points =g C D and compute the inf-sup
constant 4V (u) by solving the related eigenproblem for each g € Z5. Then we compute
a suitable interpolant surrogate Bs(u) such that

Bs(m) = BN(n),  VpeEs

Depending on the number of parameters and their range of variation, different inter-
polation methods can be employed. Here we use a simple linear interpolant and an
equally spaced grid of interpolation points in the parameter space. Actually, since the
parameter us does not affect the value of BN (p), we perform just a two dimensional
interpolation with respect to the parameters py and us.

We present here a first test comparing the performances of this alternative strategy
with respect to the SCM algorithm. We fixed o = 0.07 and used piecewise linear fi-
nite elements for the FE approximation, the dimension of the global FE space X is
N = 7156. In Figure 11 we show a comparison between the lower bound for the Babugka
inf-sup constant BN (p) obtained using the SCM algorithm and the interpolant surro-
gate Bs(u); SCM takes around 1 hour to be performed, while the computation of the
interpolant surrogate needs only 24 seconds using 120 sampling points in the parameter
space. Furthermore, the interpolant surrogate is a much sharper approximation of the
true FE inf-sup constant — despite not being a rigorous lower bound — thus resulting
also in a sharper a posteriori error estimate (see Figure 12). For this reason, with a
fixed tolerance s;fll = 5-10"%, the greedy algorithm selects N,,,, = 36 basis functions
when using the lower bound given by the SCM, while only N,,., = 27 basis functions
are selected when employing the interpolant surrogate. A detailed comparison of the
computational costs is given in Table 2.

Finally, we have performed a further test using a smaller regularization constant
a = 8-1072 and a finer triangulation of the spatial domain, resulting in a global FE
space XN of dimension N = 22792. We use Bs(u) as surrogate for the lower bound
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Figure 12: Test 3 (a = 0.07). (a) True error and error estimate between the FE solution and
the RB approximation: the quantities in red are obtained using the interpolant surrogate Bs(u)
instead of 3.5 (). (b) Average true error and bound A% (p) between JV (1) and Jn () using
Bs(p) in the estimate.
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Figure 13: Test 3 (a = 8- 107?). (a) Interpolant surrogate for the discrete Babuska inf-sup
constant 4V (u) as a function of 1, (uz2, us) = (1.5,3) fixed. (b) Average and max true errors
and estimate on the solution variables.

of the FE inf-sup constant BN (p): with 120 equally distributed interpolation points we
obtain a sharp approximation of (p) (see Figure 13a), yet requiring less than two
minutes to be computed in the Offline stage (all the numerical details are given in Table
3). The greedy algorithm selects Ny, = 35 basis functions in order to guarantee the
relative error of the RB solution (with respect to the FE approximation) to be under
the desired tolerance e7% = 5-107*. In Figure 13b we compare the a posteriori error
bound Ay () with the true error ||xV () — xn (1) x.

6 Conclusions

In this work we have developed a reduced basis framework for the efficient solution
of parametrized linear-quadratic optimal control problems governed by elliptic coercive
PDEs. A rigorous well-posedness analysis has been carried out by exploiting a suitable
saddle-point formulation. On the other hand, the certified error bounds on the solution

Table 3: Numerical details for Test 3 (o = 8-1073).

Approximation data ‘ Computational performances

Number of FE dof N/ 22792 | Linear system size reduction 130:1
Number of parameters P 3 RB solution 2.5 ms
Affine operator components Qg 6 Offline interpolation time 102 s
Number of RB functions N 35 Offline greedy time 860 s
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variables as well as on the cost functional have been obtained by recasting the problem
in the form of weakly coercive problems and then applying standard arguments based
on Necas-Babuska stability theory. Finally, we have also provided a full Offline-Online
decomposition strategy ensuring the Online efficiency of the method. Our numerical
tests showed the possibility to obtain large computational savings (a speedup of at least
two order of magnitude) in the Online stage with respect to classical high-fidelity dis-
cretization methods. In particular, the proposed error estimators demonstrate to be
sharp enough to enable an efficient exploration of the parameter space through the
Greedy algorithm, thus resulting in the selection of a reasonably small number of basis
functions.

A possible drawback resides in the Offline stage, that demands for large computational
resources. To alleviate this problem, we have provided a detailed (empirical) analy-
sis of the computational costs required by the main operations to be performed, i.e.
the computation of a lower bound for the inf-sup constant (via the SCM algorithm)
and the construction of the RB spaces through the Greedy algorithm. Since the main
computational effort is required by the former, we have proposed the use of a suitable
interpolant surrogate instead of a rigorous lower bound. This alternative strategy is
signicantly more efficient, resulting in both a substantial computational saving in in the
Offline stage and a sharper approximation of the true stability factor.

Acknowledgments

We acknowledge the use of the rbMIT package developed by the group of A.T. Patera
(MIT) as a basis for the numerical RB simulations, as well as all the people who have
contributed to the improvement of the package. In particular we thank Dr. T. Lassila
(EPFL) and Dr. D.B.P. Huynh (MIT).

This work has been supported in part by the Swiss National Science Foundation (Project
141034-122136) and by the ERC-Mathcard Project (Project ERC-2008-AdG 227058).

References

[1] V. Akcelik, G. Biros, O. Ghattas, J. Hill, D. Keyes, and B. Waanders. Parallel
Algorithms for PDE-Constrained Optimization. In M.A. Heroux, P. Raghavan, and
H.D. Simon, editors, Parallel Processing for Scientific Computing, Philadephia, PA,
2006. STAM.

[2] 1. Babuska. Error-bounds for finite element method. Numer. Math., 16:322-333,
1971.

[3] R. Becker and R. Rannacher. An optimal control approach to a posteriori error
estimation in finite element methods. Acta Numerica, 10:1-102, 2001.

[4] F. Brezzi and M. Fortin. Mized and Hybrid Finite Elements Methods. Springer-
Verlag, New York, 1991.

[5] L. Dede. Reduced basis method and a posteriori error estimation for parametrized
linear-quadratic optimal control problems. SIAM J. Sci. Comput., 32:997-1019,
2010.

[6] L. Dede. Reduced basis method and error estimation for parametrized optimal
control problems with control constraints. J. Sci. Comput., 50(2):287-305, 2012.

24



[7]

[10]

[11]

[12]

A.-L. Gerner and K. Veroy. Reduced basis a posteriori error bounds for the Stokes
equations in parameterized domains: A penalty approach. Mathematical Models
and Methods in Applied Sciences (M3AS), 2011.

A.-L. Gerner and K. Veroy. Certified reduced basis methods for parametrized saddle
point problems. SIAM J. Sci. Comput, 2012. Accepted.

M.A. Grepl and M. Karcher. Reduced basis a posteriori error bounds for
parametrized linear-quadratic elliptic optimal control problems. C. R. Math. Acad.
Sci. Paris, 349(15-16):873 — 877, 2011.

M. D. Gunzburger. Perspectives in flow control and optimization. SIAM, Philadel-
phia, 2003.

M. D. Gunzburger and P. B. Bochev. Least-Squares Finite Element Methods.
Springer, 2009.

B. Haasdonk, J. Salomon, and B. Wohlmuth. A reduced basis method for
parametrized variational inequalities. SIAM J. Numer. Anal., 2012. Accepted.

M. Hinze, R. Pinnau, M. Ulbrich, and S. Ulbrich. Optimization with PDE con-
straints. Springer, 2009.

D. B. P. Huynh, D.J. Knezevic, Y. Chen, J.S. Hesthaven, and A.T. Patera. A
natural-norm successive constraint method for inf-sup lower bounds. Comput.

Methods Appl. Mech. Engrg., 199(29-32):1963 — 1975, 2010.

D.B.P. Huynh. Reduced Basis Approzimation and Application to Fracture Prob-
lems. PhD thesis, Singapore-MIT Alliance, National University of Singapore, 2007.
Available at http://augustine.mit.edu.

D.B.P. Huynh, N.C. Nguyen, A.T. Patera, and G. Rozza. Rapid reliable solu-
tion of the parametrized partial differential equations of continuum mechanics and
transport. Available at http://augustine.mit.edu, ©MIT 2008-2011.

K. Ito and K. Kunisch. Lagrange Multiplier Approach to Variational Problems and
Applications. Adv. Des. Control. STAM, 2008.

K. Ito and S. Ravindran. A reduced basis method for control problems governed
by PDEs. In W. Desch, F. Kappel and K. Kunisch eds. Control and Estimation of
Distributed Parameter System, pages 153-168, 1998.

M. Kércher. The Reduced-Basis Method for Parametrized Linear-Quadratic Ellip-
tic Optimal Control Problems. Master’s thesis, Technische Universitat Miinchen,
2011.

K. Kunisch and S. Volkwein. Proper orthogonal decomposition for optimality sys-
tems. ESAIM Math. Modelling Numer. Anal., 42(1):1-23, 2008.

J.L. Lions. Optimal Control of Systems governed by Partial Differential Equations.
Springer-Verlag, Berlin Heidelberg, 1971.

A. Manzoni. Reduced models for optimal control, shape otpimization and inverse
problems in haemodynamics. PhD thesis, N. 5402, Ecole Polytechnique Fédérale
de Lausanne, 2012.

25



[23]

[24]

[34]

[35]

J. Necas. Les Methodes Directes en Theorie des Equations Elliptiques. Masson,
Paris, 1967.

N.C. Nguyen, K. Veroy, and A.T. Patera. Certified real-time solution of
parametrized partial differential equations. In: Yip, S. (Ed.). Handbook of Ma-
terials Modeling, pages 1523-1558, 2005.

A. Quarteroni, G. Rozza, and A. Manzoni. Certified reduced basis approximation
for parametrized PDE and applications. J. Math in Industry, 3(1), 2011.

A. Quarteroni, G. Rozza, and A. Quaini. Reduced basis methods for optimal
control of advection-diffusion problems. In Advances in Numerical Mathematics,
pages 193-216, Moscow, Russia and Houston, USA, 2007.

S. S. Ravindran. A reduced-order approach for optimal control of fluids using
proper orthogonal decomposition. Int. J. Numer. Meth. Fluids, 34:425—-448, 2000.

D.V. Rovas. Reduced-basis output bound methods for parametrized partial differen-
tial equations. PhD thesis, Massachusetts Institute of Technology, 2003.

G. Rozza, D.B.P. Huynh, and A. Manzoni. Reduced basis approximation and a
posteriori error estimation for Stokes flows in parametrized geometries: roles of the
inf-sup stability constants. Technical Report 22.2010, MATHICSE. Submitted.

G. Rozza, D.B.P. Huynh, and A.T. Patera. Reduced basis approximation and a
posteriori error estimation for affinely parametrized elliptic coercive partial differ-
ential equations. Arch. Comput. Methods Eng., 15:229-275, 2008.

G. Rozza, A. Manzoni, and F. Negri. Reduced strategies for PDE-constrained opti-
mization problems in haemodynamics. In Proceedings of the 6th European Congress
on Computational Methods in Applied Sciences and Engineering (ECCOMAS), Vi-
enna, Austria, 2012.

G. Rozza and K. Veroy. On the stability of the reduced basis method for
Stokes equations in parametrized domains. Comput. Methods Appl. Mech. Engrg.,
196(7):1244 — 1260, 2007.

J. Schéberl and W. Zulehner. Symmetric Indefinite Preconditioners for Saddle Point
Problems with Applications to PDE-Constrained Optimization Problems. SIAM
J. Matriz Anal. Appl., 29:752-773, October 2007.

S. Sen. Reduced Basis Approzimation and A Posteriori Error Estimation for Non-
Coercive Elliptic Problems: Application to Acoustics. PhD thesis, Massachusetts
Institute of Technology, 2007. Available at http://augustine.mit.edu.

T. Tonn, K. Urban, and S. Volkwein. Comparison of the reduced-basis and POD a-
posteriori estimators for an elliptic linear-quadratic optimal control problem. Math.
Comput. Model. Dyn. Syst., 17(1):355-369, 2011.

F. Troltzsch and S. Volkwein. POD a-posteriori error estimates for linear-quadratic
optimal control problems. Comput. Optim. Appl., 44:83-115, 2009.

J. Xu and L. Zikatanov. Some observations on Babuska and Brezzi theories. Nu-
mertsche Mathematik, 94:195-202, 2003.

26



MOX Technical Reports, last issues

Dipartimento di Matematica “F. Brioschi”,
Politecnico di Milano, Via Bonardi 9 - 20133 Milano (Italy)

45/2012 NEeGri, F.; RozzA, G.; MANZONI, A.; QUARTERONI, A.
Reduced basis method for parametrized elliptic optimal control problems

44/2012 FUMAGALLI, A.; SCOTTI, A.
A numerical method for two-phase flow in fractured porous media with
non-matching grids

43/2012  SeccHI, P.; VANTINI, S.; VITELLI, V.
A Case Study on Spatially Dependent Functional Data: the Analysis of
Mobile Network Data for the Metropolitan Area of Milan

42/2012 LassiLa, T.; MANZONI, A.; QUARTERONI, A.; RozzaA, G.
Generalized reduced basis methods and n width estimates for the ap-
proximation of the solution manifold of parametric PDFEs

41/2012 CHEN, P.; QUARTERONI, A.; RozzaA, G.
Comparison between reduced basis and stochastic collocation methods
for elliptic problems

40/2012 LoMBARDI, M.; PAROLINI, N.; QUARTERONI, A.
Radial basis functions for inter-grid interpolation and mesh motion in
FSI problems

39/2012 Irva, F.; PacAaNONI, A.M.; ZILLER, S.
Operational risk management: a statistical perspective

38/2012 AnTONIETTI, P.F.; Biconi, N.; VERANI, M.
Mimetic finite difference approximation of quasilinear elliptic problems

37/2012 NoOBILE, F.; PozzoLl, M.; VERGARA, C.
Exact and inexact partitioned algorithms for fluid-structure interaction
problems with finite elasticity in haemodynamics

36/2012 CanutoO, C.; VERANI, M.
On the Numerical Analysis of Adaptive Spectral/hp Methods for Elliptic
Problems



	Introduction
	Parametrized optimal control problems
	Problem definition
	Saddle-point formulation
	Truth approximation

	The reduced basis approximation
	Construction of RB approximation spaces and stability properties
	Algebraic formulation and Offline-Online computational procedure
	Sampling strategy

	Rigorous a posteriori error estimates
	Bound for the solution
	A posteriori error bound for the cost functional

	Numerical examples
	Test 1: distributed optimal control for the Laplace equation with geometrical parametrization
	Test 2: distributed optimal control for a Graetz convection-diffusion problem with physical parametrization
	Test 3: boundary optimal control for a Graetz flow with both physical and geometrical parametrization

	Conclusions

