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CERTIFIED REDUCED BASIS METHODS AND OUTPUT BOUNDS
FOR THE HARMONIC MAXWELL’S EQUATIONS

YANLAI CHEN ', JAN S. HESTHAVEN f, YVON MADAY ' ¥, AND JERONIMO
RODRIGUEZ 8

Abstract. We propose certified reduced basis methods for the efficient and reliable evaluation
of a general output that is implicitly connected to a given parameterized input through the harmonic
Maxwell’s equations. The truth approximation and the development of the reduced basis through a
greedy approach is based on a discontinuous Galerkin approximation of the linear partial differential
equation. The formulation allows the use of different approximation spaces for solving the primal
and the dual truth approximation problems to respect the characteristics of both problem types,
leading to an overall reduction in the off-line computational effort.

The main features of the method are: i) rapid convergence on the entire set of parameters,
ii) rigorous a posteriori error estimators for the output and iii) a parameter independent off-line
phase and a computationally very efficient on-line phase to enable the rapid solution of many-
query problems arising in control, optimization, and design. The versatility and performance of this
approach is shown through a numerical experiment, illustrating the modeling of material variations
and problems with resonant behavior.

Key words. Reduced basis methods; a priori theory; a posteriori error estimation; discontinuous
Galerkin methods; Maxwell’s equations.

AMS subject classifications.

1. Introduction. Many applications related to computational optimization, con-
trol and design, require the ability to rapidly, perhaps even in real time, and accurately
predict some quantities of interest under the variation of a set of parameters. A sim-
ilar need can be found in the development of large simulation based databases or the
development of efficient ways to quantify uncertainty and its impact.

In such cases, an output of interest, here denoted by s, is often provided by a func-
tional applied to the solution of a parametrized partial differential equation (PDE)
that describes the underlying physics. More precisely,

For an input v € D C R? the output is defined by
s¢(v) = 1(u¢(v);v) € C,

where u®(v) € X¢ is the solution of the linear PDE
LW)u(v) = f(v).

The ¢-dimensional set of parameters v, here denoting the input, determine a par-
ticular configuration of the system. In practice the parameters can be related to
the description of sources, materials, geometries, uncertainties etc. In such cases we
have an implicit relationship between the input and the output through the partial
differential equation.

Our primary goal is to develop a systematic approach to obtain an accurate and
reliable approximation of the output of interest at very low computational cost for
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applications where many queries, i.e., solutions, are needed. We will explore the use of
a reduced basis method by recognizing, and implicitly assuming, that the parameter
dependent solution u¢(v) is not simply an arbitrary member of the infinite-dimensional
space associated with the partial differential equation, but rather that it evolves on
a lower-dimensional manifold induced by the parametric dependence. Under this
assumption we can expect that as v (€ D C R?) varies, the set of all solutions u®(v)
can be well approximated by a finite and low dimensional vector space. Hence, for
a well chosen set of N parameters v;, there exist coefficients ¢; = ¢ (v) such that
Zij\il ¢i u(v;) is very close to u®(v) for any v € D when measured in an appropriate
norm.

The reduced basis method was first introduced in the 1970’s for nonlinear structural
analysis [1, 19] and it was subsequently abstracted, analyzed [4, 24] and generalized to
other type of parametrized partial differential equations [10, 20]. Most of these earlier
works focus on arguments that are local in the parameter space. Expansions to a
low dimensional manifold are typically defined around a particular point of interest
and the associated a priori analysis relies on asymptotic arguments on sufficiently
small neighborhoods [7, 22]. In such cases, the computational improvements are quite
modest. In [2; 13] a global approximation space was built by using solutions of the
governing PDE at globally sampled points in the parameter space, resulting in a much
more efficient method. However, no a priori theory or a posteriori error estimators
were developed in this early work.

In recent years, a number of novel ideas and essential new features have been presented
[15, 14, 29, 23, 28, 3, 9, 27, 25]. In particular, global approximation spaces have been
introduced and uniform exponential convergence of the reduced basis approximation
has been numerically observed and confirmed in [16] where the first theoretical a
priori convergence result for a one dimensional parametric space problem is presented.
The development of rigorous a posteriori error estimators has also been presented,
thereby transforming the reduced basis methods from an experimental technique to
a computational method with a true predictive value.

Furthermore, in cases where the problem satisfies an affine assumption; that is, the op-
erators and the data can be written as a linear combination of functions with separable
dependence of the parameter and the spatial variation of the data, an off-line/on—
line computational strategy can be formulated. The off-line part of the algorithm,
consisting of the generation of the reduced basis space, is v-independent and can be
done in preprocessing. The computational cost of the on-line part depends solely on
the dimension of the reduced basis space and the parametric complexity of the prob-
lem, while the dependence on the complexity of the truth approximation has been
removed, resulting in a highly efficient approach.

When the data of the PDE are not affine, this computational strategy can not be
directly applied anymore and the on—line computational cost of the algorithm may be
rather high. Recently, in [3], a procedure allowing the treatment of some of these non-
affine operators has been presented and shown to recover the off-line/on-line efficiency
of the original algorithm. This technique, which also provides asymptotic a posteriori
error estimators, has been successfully used in several applications [9, 8, 18, 26].

Following standard techniques, we will consider (1.1) on weak form as
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For an input v € D C RP the output is defined by
s¢(v) = 1(u¢(v);v) € C,
where u®(v) € X°¢ is the exact solution of the linear PDE
a(u®(v),v;v) = f(v;v), Yve Xe.

(1.2)

In contrast to most previous work, we focus on wave-dominated problems such as
acoustic and electromagnetic wave propagation. As we will experience later in this
work, this introduces a number of additional complexities when compared to the more
straightforward coercive problem.

It is useful to realize that the output s®(v) can also be obtained using adjoint tech-
niques. Let us consider the adjoint problem

Seek ¢¢(v) € X ¢ such that
a(g,v(w)iv) = Ugv), VoeX©

We will refer to (1.2) as the primal problem, and to (1.3) as the dual problem. One
has

(1.3)

fW)v) = auw), 9 (w)iv) = luw)iv) = ().

As we will discuss later (see also [21, 23] for more details), an efficient and accurate
way to compute the output needs to solve both problems, the nature of which might be
slightly different except in the simple self-adjoint case. For this reason we will allow
the use of different approximation spaces for solving these problems. This yields
some additional flexibility and may reduce the off-line computational effort without
adversely impacting the accuracy.

To solve the primal and dual problems for specific parameter choices, we will use a
discontinuous Galerkin method [11]. These methods have developed rapidly during
the last decade and have proven themselves to be an efficient and accurate way to
solve general wave problems and Maxwell’s equations in particular. While the anal-
ysis of the resulting reduced basis method is influenced somewhat by the choice of
the approximation technique for the primal/dual problems, the general framework
developed here can be expected to generalize to other techniques such as classic finite
element methods.

What remains of the paper is organized as follows. In Sec. 2 we briefly outline
the harmonic Maxwell’s equations and discuss appropriate boundary conditions and
solution spaces. This sets the stage for Sec. 3 where we discuss the discontinuous
Galerkin method for discretizing Maxwell’s equations. Section 4 is the first main part
of this work and outlines in detail the development of the reduced basis technique,
including a priori theory and a posteriori error estimates. In Sec. 5 we address the
second main topic related to the algorithmic aspects of the method while Sec. 6 is
devoted to illustrating the performance of the algorithm on a non-trivial test case.
Section 7 contains a few concluding remarks and suggestions for future work.

2. The harmonic Maxwell’s equations. Let us consider the harmonic charge-
free Maxwell’s equations defined on & € Q C R¢ with 0 representing the boundary
of the domain of interest.

iweE=VxH+J, iwul =-VxE (2.1)
V-(eE)=0, V- (uH)=0.
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Here E(z) = (E;, Ey, E.), H(x) = (H,, Hy, H.) represent the electric and magnetic
vectors phasor fields, J(z) = (Jz,Jy,J:) the current source, and (e(x), pu(x)) are
the tensors of electric permittivity and magnetic permeability, respectively. Both of
these are Hermitian for the energy conserving case but are complex negative definite
tensors for general lossy materials. To simplify matters we assume isotropic materials
in which case e(x) = e(x)I where e(x) is a scalar and I a 3-identity matrix, and
similarly for the permeability. The parameter w reflects the angular frequency of the
electromagnetic wave.

The boundary conditions on the electric field are imposed on the tangential com-
ponents, n x E, which must remain continuous across a material interface endowed
with the outward pointing normal vector, n. The tangential field vanishes along a
perfectly electrically conducting metallic wall. For the magnetic field, the tangential
components n X H likewise remains continuous across material interfaces while at a
perfectly electrically conducting wall, 7 - H vanishes.

The natural space for solutions to Maxwell’s equations is X ¢ = H(curl), defined as

H(curl) = {v e (LX) |V xve (L?(Q))d}.

If we define the standard L2-inner product and norm as

(u,v)q = / u - v*de, ||u||2 = (u,u)q,
Q

the natural norm associated with Maxwell’s equations is

1911 eurty = 1011 + IV x ]|

The problem can be further simplified to recover the second order curl-curl formulation

V x u(x) 'V x E - e(x)w’E =iwJ = f, x €. (2.2)

Naturally, an equivalent equation can be obtained for the magnetic field.
If we define the bilinear form a(u,v) : X¢ x X¢ — C as

a(u,v) = (;flV x u,V x v) w? (eu,v)q, Yu,ve X

Q

then the variational statement for the curl-curl equation is: find E € X° such that

a(E,v) = f(v),

provided we consider the simple case of perfectly electrically conducting walls for
x € 0f). Here,

f(v):(fw)sz:/ﬂf-v*dcc, Yo € X€,

More general situations and the general question of well-posedness of Maxwell’s equa-
tions are discussed at length in [17].
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The dual problem for this case reads as follows: find @ € X ¢ such that

a(¢, ) = L(¢) V¢ € X°.

Here,

t(e) = (¢, D)o

In the simpler case where the materials in Eq.(2.2) can be assumed homogeneous in
Q) we can use the solenoidal nature of E; that is, V - E = 0, to recover the wave
Helmholtz equation

V?E +ep®’E = f, €.

Imposing simple homogeneous conditions of either Dirichlet or Neumann type we
recover the classic wave equation for acoustic waves with hard or soft boundaries,
respectively. In these latter cases, the solutions are more regular, the natural space is
the standard H'(Q) Sobolev space, and the variational statement and bilinear form
follow from standard arguments. While we focus on applications driven by Maxwell’s
equations, the methods apply also to this simpler case of harmonic wave propagation.

3. The discontinuous Galerkin approximation. To solve the equations in-
troduced above, we employ a discontinuous Galerkin method [11]. To get started,
assume that Q is represented by a set of non-overlapping elements, D*, as

K
Q=> D

k=1

and on each of these elements, often of a simplex type, we assume that we can ap-
proximate the solution, E € X° by a pth order polynomial; that is we assume

zeD": E~E) c[Phx)"

where P]; is the space of pth order complex-valued polynomials defined on D*. The

global space of solutions, X ¢, is thus approximated by X = EBk[PI;]d and we seek
(g),, E1), approximations to (u(x) "'V x E, E), that satisfy the following elementwise
statement

(qh, V x 'Uh)Dk - w2 (EEh,'Uh)Dk + ((’l/’i X qh)* ’”h)aD’“ = (fh,'vh)Dk > Yvy € X,e”
(:u'qhuwh)Dk = (Ehvv X u’h)D’C + ((ﬁ X Eh)* ’wh)aDk , Vwy € X}ia

where we denote the piecewise polynomial representation of f as f,.

We have introduced the numerical fluxes, (n x q,)", and (n x E;)", which enforce

connectivity between the elements and give stability of the discrete problem. Among
several possibilities for the fluxes, we use stabilized central fluxes as

(nxq,)" =nx{q,}} —7[En]r,



6 Y. CHEN, J.S. HESTHAVEN, Y. MADAY, AND J. RODRIGUEZ

(7 x Ep)" =7 x {{Ep)).

Here we have used the standard notation of

- +

=50 [l =a" xum +At X,
as the local average and tangential jump, respectively, across an interface between
two elements. Here u™ refers to the interior solution and u™ to the exterior solution.
This choice of flux allows one to locally compute q,,, i.e., expressing the problem as a
system is done merely for notational convenience. Furthermore, one easily sees that
the system is symmetric for real valued materials but the general problem is indefinite
for high-frequency problems, i.e., when w is large.
We can use different meshes for the primal and dual problems to respect their specific
natures. As a result, the approximation spaces (denoted by X and X{!) are not the
same. Neither are the bilinear forms, denoted by af (-, -) and af(-,-).
If we further reduce the problem by exploring the local nature of the formulation, the
problem of finding Ej; € X[, is given as

ay (En,vn) = (Fr,vn)on, Yo, € X5,

where we have defined the discrete bilinear form aﬁ : Xy x Xp = Cas

aZ(uh, 'Uh)Q’h :(;flvh X wp, Vi, X vh)Q,h —w? (suh, vh)ﬂ,h

= ([urlr, {Vr x val}) ), — (lonlr, Vi X unl}) g,
+ (t[un]r, [vrlr) gy, -

We have defined Vj, x as the local discrete curl-operator and the broken norms

(uhvvh)Dk = /Dk up, - vy, dz, (uhvvh)ﬂ,h = Z (uhvvh)Dk )
k

and

(Uh,vh)p,h :/ uy, - vy, dz,
F

where F' represents all faces in the triangulated grid.

The parameter 7 is introduced to control the large null-space and is generally taken
to be 7 o< p?/h, with h being a measure of the local grid spacing and p the order
of the local approximation. Spectral properties and error analysis of this scheme is
discussed in detail in [11] where also further references can be found. The extension
to the adjoint problem is straightforward.

4. The certified reduced basis method. In the following we discuss in some
detail the construction and analysis of the certified reduced basis method, combined
with the discontinuous Galerkin approximation, of the primal (1.2) and dual problem
(1.3). The reliability of the formulation is secured via the construction of a posteriori
error estimators.
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4.1. Some notation and basic assumptions. Let X} (resp X/) be a dis-
continuous Galerkin approximation space well adapted to the primal problem (1.2)
(resp. to the dual problem (1.3)) and let X }fd be a third approximation space satisfying
XycX ,’;d, Xlcx ,’;d. Associated with these spaces we introduce the corresponding
discrete norms and linear and bilinear forms

|- lxp s X7 — RT,
firtv): X — C, IP(v): Xi* — C, (4.1)

ap (-, v): X x Xy — C.

We assume throughout that the approximations f}*(:;v), " (-;v), m € {p,d, pd} are
linear operators that are uniformly continuous for v € D and that a}*(-,;v), m €
{p, d, pd} are bilinear operators uniformly continuous for v € D; that is,

m .
y™(v) = sup sup w < 400, VvenD. (4.2)
wnexp wpexy [vllxpllwllxpm

We furthermore assume that the discrete inf-sup parameters, defined as

m .
prm(v) = inf  sup w, m € {p,pd},
on€Xi w,ex |vnllx lwnll xpm
m .
inf sup AUOm RN oy
vneXi goexm | onllxp lvnll xp

(4.3)

B (v)

are uniformly bounded away from zero

0 < g™ < prv), veD, Vm €{ppd},
o < T < PR, veD, Wm e fdp

which suffices to guarantee existence and uniqueness of the solution to the discrete
problem. It is worth noting that for Maxwell’s equations, this assumption is vio-
lated for certain parameters corresponding to pure resonances and we will see the
consequence in the section of numerical experiments.

It will furthermore be assumed that for m € {p, d} we have

lunllxp = llunll xpo, Y oup € XJ7,
ay (up,vn;v) = (up,on;v), ¥ (un,vn) € X0 x X", w
i) = fPunv),  Youn € X '
B(univ) = B unsv), Y ouy, € X"

Denote N™ = dim(X]"), m € {p,d, pd}; that is, N'™ represents the total number of
degrees of freedom for the discrete approximation.

4.1.1. The truth approximation. The approximate primal and dual problems
are defined as

Find uj*(v) € X} such that (m € {p, pd})

aP(upr (), vnsv) = fiM(op;v), Yo, € X,
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Find 4" (v) € X]" such that (m € {d, pd})

(4.6)
ap (o, Yt (v);v) = 1 (oniv), Y on € X

We call u}*(v) (resp. ¥7"(v)) the primal (resp. dual) truth approximation computed
on X;*, m € {p,pd} (resp. m € {d,pd}).
The truth approximation of the output of interest is computed as

splv) = B yiv) = R W)v). (4.7)

The approximation spaces are assumed to have been chosen such that V m € {p, pd},
vV n € {d,pd}

Jup —wfll <& [Yp ¢l <& VveD. (4.8)

This implies in general that A will have to be large, resulting in a significant com-
putational cost for problems where many instances of ¥ must be evaluated. One of
the goals of this work is to significantly reduce this cost.

4.2. The reduced basis method. The primary goal here is to reduce the di-
mension of the approximation spaces to speed up the computations without impacting
the accuracy. To facilitate this we introduce nested sets of samples

Sy ={veD, 1<i<N},
Sy ={vjeD, 1<j< M},

and the associated Lagrangian reduced basis spaces

X% =span{u} (v}), 1 <i < N}, (4.10)
X§y = span{yf(v]), 1 < j < M} '

By solving the primal and dual reduced basis problems

Find un(v) € X% such that
) € Xy (4.11)

ap(un(v),on;v) = fPlon;v), Yoy e XR,

Find 9 (v) € X§; such that

4.12
al(pap, v (v);v) = 1d(dm;v), Vou € XY, (4.12)

we define the reduced basis approximation of the output as [21]
sna(v) = Plun(v);v) — aP(un (v), Y (v);v) + (b (v); v). (4.13)

We will observe numerically that when the sets of samples, Eq. (4.9), are carefully
chosen, this reduced basis output converges toward the truth approximations of the
output at an exponential rate [16].
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4.3. The affine assumption and off-line/on-line strategies. One might
expect a reduction of the numerical cost as soon as the computation of uy(v) (resp.
¥ (v)) involves the solution of an N x N (resp. M x M) linear system. However,
the total computational cost still depends on N™, m € {p,d,pd} as for each v, the
linear systems have to be assembled and (4.13) has to be evaluated. This bottleneck
can, however, be removed in many situations.

Let us assume that the operators f7™(-;-), 1} (+;-) and a}*(-,-;-) m € {p,d,pd} can be
expressed as

al(up,vp;v) = Z@a an(un,vn), Y (up,vn) € XJx X,
fr(upsv) = Z@f £ (), Yo, € X7, (4.14)

0 (énsv) = ZGl Ly (én), Y on € X,

where the a7, (-, ) (resp. f;75,(-) and [}, (-)) are v-independent discrete operators and
the functions ©7(-) depend only on v. We generally assume that Qs, s € {a, f,l} is
small although this is not an essential assumption.

Equations in (4.14) are called the affine assumptions for f7*(-;-), {7 (:;+) and a}*(+, ;)
m € {p,d,pd}. As we will see shortly, this enables the development of an attractive
off-line/on-line strategy. The off-line part of the computation, being v independent,
can be done entirely in a preprocessing stage. The computational cost of the on-line
part is N™-independent and thus, very small.

To further emphasize this, we write the reduced basis solutions as linear combinations
of the elements of the reduced basis:

N Mo
DouvwE  enw) = 3wk (4.15)

Here we have introduced the basis elements, £, and €4 which, in the simplest case, are
&P =l (1) and & = ¢l (1;). However, as we will discuss later, it is computationally
advantageous to require the basis elements to be mutually orthogonal.

In this way, solving (4.11) and (4.12) reduces to

Find ugv(y), j€{l,..., N} such that

>

Jj=1

Qa Qr
ZGZ(V) alg,h( fvgf) 1 ugv(y) = 265(1/) é),h(gf) ) i€ {1,...7N},

g=1
Find ¢, (v), j € {1,..., M} such that

M [ Qa Qu
S Do esw)|ad (& &) ] V) = D eLw)ld,Eh )| ied{l,..., M}
q=1

j=1 Lg=1

where we have assumed (4.14). The framed terms are all v-independent and can
be precomputed off-line. Once these computations have been done, the number of
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operations to be performed in the on-line procedure is proportional to

#0p ~ N?2Q, + M?Q, + (assembling of the matrices)
NQy + MQ + (assembling of the right hand sides)
N3 + M3, (solving the full linear systems)

and it is therefore very fast since it does not depend on the dimension of the truth
approximation spaces, N™.
Using the affine assumption, the reduced basis output can be expressed as

N Q M Qf )
sn,m( ZZUN )| g n (&) +ZZ¢§\4(V)9£(V) fin&)
TN o e
=D 03D uv ) (O (v) b (68,65 |
i=1 j=1qg=1

The framed terms can be computed in preprocessing as they are independent of v.
The number of operations depending on v is of order

#O0p ~ NQ + M Qs + NM Q,,

which is again independent of N™.

4.4. A priori estimates. In this section we discuss the stability of problems
(4.11) and (4.12) and the convergence of the reduced basis approximations toward the
truth approximations for increasing N and M.

We begin by pointing out that stability of the reduced basis problem is not implied
by the assumptions on (4.3). It will be satisfied only for certain sets of samples (4.9).
Let us therefore consider stability of the reduced basis problems.

THEOREM 4.1 (Stability of (4.11) and (4.12)). Assume that the discrete inf-sup
parameters satisfy

p )
0 < pgF < inf sup |ah(UN’wN’U)|, (a)
wveXy wyext [onllxz lwnllxz

0 < A < inf sup_ |ag (dar, s )|
O T wmexy gexy, lomllxg llvarlxg,

Yv € D.

(b)

(4.16)
Then, (4.11) and (4.12) are stable.

Proof: The existence and uniqueness of solution of problem (4.11) (resp. (4.12)) are
given by assumption (4.16(a) (resp. (4.16(b)). Moreover, we deduce from the same
assumption that, for any € € (0, 4f), there 3 wy € X%, such that

(85 — e)llun W)llxz llwnllxr, < lah(un (), wysv)| =} (wy;v)].

This implies

Gl

lun@)llxp <

50

We prove the continuity of the solution with respect to the data by taking ¢ = 7“ A
similar proof can be done for the dual problem. a
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THEOREM 4.2 (A priori primal and dual estimates). Under the same assumptions as
Theorem 4.1 we have

[up' () —unW)llxp < Cpm(v) UNig)f(,, |ui () —on|lxm,  m e {p,pd},
05 (V) = @W)lxp < Cam(v) inf |45 (v) — dumllxp, m € {d,pd}.
omEXY,
(4.17)
where
Com(v) = 1+ FYBElV), n € {p,d}, m € {p,d,pd}.
0

Proof: Using assumption (4.16) we know that, for any e > 0 and any vy € X%,
there 3 wy € X%, such that
(B8 = elllun(v) = onllxg lwonllxr < laf(un(v) = o, wy;v)l
= lag' (ug' (v) —onv,wns V)| < A" W) up'(v) —on | xpellww | xz, -

Thus, we prove the result for the primal problem, Eq.(4.17(a)), by using triangle
inequality. The result for the dual problem, Eq.(4.17(b)), is obtained in a similar
way. ]

Before giving a similar result for the output we note that

s () — sy (v) = al (W (v) — un(v), ¥0 (V) — v (v);v), (4.18)

due to linearity.

THEOREM 4.3 (A priori estimate on the output with respect to spd(u)). Under the
same assumptions as Theorem 4.1 we have

55" () = sna (V)] < 9P (W) Cppa(v) Capa(v)x

. pd . . pd . (4.19)
Lt [0 = ol int [9510) = el
90) — swar)] < )%
d .
I8 0) = 0+ Copl) i, )~ ol | X (430

MEX Yy,

lllwﬁd(V)—zbi‘f(V)llxgd + Caav) inf ||1/1Z(V)—¢M||Xgld]-

Proof: Using (4.18) and the continuity of a}*(-,-;v) we obtain
|52 () = swar (V)] < AP @) |up () = un )] |97 () = s (V) .

Then we use inequalities (4.17) with m = pd to obtain (4.19). To prove (4.20), we
employ the triangle inequality on the last expression and apply the first (resp. second)
inequality on (4.17) with m = p (resp. m = d). a
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4.5. A posteriori estimates. We are now in a position to provide a posteriori
error estimators that certify the reduced basis approximation with respect to the
truth approximation. The evaluation of these estimators will be done following an
off-line/on-line strategy similar to the one presented in Section 4.3.

We start by introducing some helpful notation. For each wy € X%, (resp. nu € Xf@),
we define the residual for the primal (resp. dual) problem by

RZ(UN,IUN;V) = f;fd(UN;V) - a;}id(wNavN;V)v Voun € X£d7 (4 21)
Ri(oasmasv) = BUoarv) — ab(oar,marsv), Y o € XP
We also introduce their dual norms on the spaces (X}*)', m € {p,d, pd} as
m |Rp(vh7uN(V);l/)|
Nw) = IR Cun@)iv)llxpy = sup :
onEX] llonl xp (4.22)
m |Rj (61, Yar (v); v)] '
ey (v) = IRI (o (); ) (xmyy = sup —2 -
$hEX] 6 [l xze

Note that e%™ (v) also depends on uy and €9/ (v) on ¢ar but we have left out this
explicit relationship to simplify the notation.
We assume that we can construct a lower bound for the inf-sup parameters (4.3)

denoted by 87" (v), m € {p, pd} and Bd’m(y), m € {d, pd} such that

0 < By < B"w) < prv), YreD, Vme {ppd},

—d,m

0 < B" < B

(v) < B¥™), YveD, VYme{dpd}.

These lower bounds are assumed to be computable at a low on-line computational
cost independent of the dimension of the truth approximation spaces. We explain in
Section 5.3 one technique to effectively compute this quantity, but for now we simply
assume it is available.

4.5.1. A posteriori estimators for the reduced basis solutions. Let us define
the a posteriori error estimators for the solution of the primal and dual reduced basis
problems as follows:

DEFINITION 4.4 (Primal and dual estimators). The primal and dual estimators are
defined by

AR (v) = x ) )
(4.23)
ALy = iMi), m € {d,pd}.

We have the following theorem concerning their efficiency

THEOREM 4.5. The efficiency of the primal estimators, m € {p, pd}

PN AR (V)
W) NCETROI (4.24)

satisfies, m € {p, pd}

1 < n%m(y) < —F)Z/?T(V))’ VVGD, VY N e {1,-~-7Nmax}- (425)
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We have a similar result for the dual estimator.

Proof: This result comes from the following set of inequalities

87"(w) < inf  sup Lk (wn, wni )] = prm(v)

T oeXP wexp lonllxp fwn | xp
< swp lag (up (V) — un (v), w; V)|
wpexp [[upt(v) —un (V)| xp lwnl x;e

laj (v, wa; V)|

< sup sup —— ——" = ~AM().
R ot Ron Ton T Teonll e ")

") B (w) o (4.26)

Dividing by 3" (v) we obtain (4.25). O

4.5.2. A posteriori estimator for the reduced basis output. We recall that
our goal is to estimate the output s(u) rather than the solution of the problem. Using
(4.18) we obtain

s () — s (v) = Ry (u (v) — uy (v), o (v); ) (4.27)
= Rjl(uh(v) —un(v), ¥a(v);v) + (4.28)
ab? (bt (v) — uf (v), P8 (V) — P (V)i v),
which is useful for constructing the estimators. We have the following result
THEOREM 4.6 (Estimator for sy a(v) with respect to de(V)). The following in-
equalities are satisfied
i (v) 3 (v)

7 w)

|shd = sv | < (4.29)

pd E;JD\};D(V) 5?\2p(V) d,pd pd p
gl sl < NUTEWD ) i) ), (430)

37 (v)

PPy 5Gl,p v
SZd _ 5N,M| S N (—;D?;D M( )
(v)

d,d
ey (V)

5 w)

B
Proof: We use the (4.27) to write

+ W) b () = uh ()] pox
(4.31)

1) — 90 e

|5 () = snm ()] = [RE R (0) — un (), 0ar (v); )]
< Wllup! () = un ()l pa-

We obtain (4.29) using (4.25) with m = pd.
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For (4.30) we use (4.28) to have
|sp?(v) = swm (V)] < R (uh (v) — un (v), Y (v); v)| +
[RA(h! (v) = uf (), ¥ar (v); )]
< W) — un () pe +
P | () = ()

We conclude with the same argument as above with m = p.
To prove (4.31), we use (4.28) combined with the continuity of the operator afld(-, V)

[$590) — snar(w)] < €87 0) s (0) — e ()] g +
) [0 ) — () g [65°0) — e () p

We employ the triangle inequality and Theorem 4.5 to write

d,d
105 ) = s () epe < B{ff()) + W) = e xpe,
1%

to recover the result. O

The quantity on the right hand side of (4.29) can be used as a rigorous upper bound
of the actual error on the output and can be computed using an off-line/on-line
strategy. However, the off-line part of the computations involves the solution of linear
systems and eigenvalue problems based on the larger space X ,fd, and may, thus,
become unnecessarily expensive.

On the right hand side of (4.30) and (4.31) there are some terms that are not easily
computable (for example v%(v)). For the other terms, we can use a crude estimation

d d
lup" (@) = up ()l xpa < 26, R (W) = YRl xpa < 26,

to provide a rigorous upper bound of the error. Here £ estimates the approxima-
tion error associated with the truth approximation. However, both quantities are in
practice very small and it is reasonable to use

. W) W)
Ay ar = T (4.32)

as an estimator of the error, keeping in mind that this does not in general provide a
rigorous upper bound. In this case, the off-line part of the algorithm involves only the
solution of linear systems and eigenvalue problems based on X} which is likely more

affordable when compared to the approach based on X ,’L’d.

5. Computational Aspects. In the discussions so far, we have laid out the
analysis of the reduced basis method but we have paid no attention to the implemen-
tation of the method. In the following we address this central issue in more detail.
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5.1. Construction of the reduced basis. An essential point in the construc-
tion of the reduced basis spaces is the selection of the sets of samples (4.9). All
well-posedness and convergence properties depend on this choice. Below we present
two algorithms for the construction of the primal and the dual reduced basis sets
that generally provide good results. Both methods are based on a greedy approach
in which we build a mesh & of the set of parameters D, and recursively choose the
parameters v{* € S, m € {p,d} in such a way that a distance between the reduced
basis approximation and the truth approximation is minimized.

5.1.1. First algorithm. The first algorithm builds the reduced basis spaces X},
and X]‘@ separately. With both constructions being similar, we present the one for
the primal problem:

e Choose a g-dimensional mesh S of the set of parameters D.
e Choose the first parameter v among the elements of the mesh S (randomly
for example).
e Compute u} (v7).
e Initialize the reduced basis space X1 = span{u} (v7)}.
e Forj=2... N
— Choose the next sample as

Vi o= argglézécAffl (v). (5.1)

where A%, (v) is defined in Def. 4.4.

— Compute uj, (v]).

— Update the reduced basis space: X7 = span{uy,(v}),i € {1,...,j}}. The
dimension of the updated reduced basis is j.

Let us make a few comments regarding criteria (5.1) which is used to select the samples
VP, Clearly, we seek to add those values of the parameters for which the error between
uy (v) and uy(v) is maximized. This means choosing

vy = argmax|lup(v) —un ()] xp -

To accomplish this we would need to compute the primal truth approximation for
all v € §, leading to an expensive procedure. However, as soon as the estimator
A?fl (v) is accurate, it enables a rigorous upper bound of the actual error with a low
evaluation cost and we use it as

l[up () = un () xp < AT (V).

In this way, the primal truth approximation is just computed for the N selected
parameters. As a consequence, the numerical method is much cheaper while resulting
in a basis of comparable quality.

As mentioned previously, it is important to choose a suitable basis for the represen-
tation of the space X%, to avoid stability issues. If we use the native basis given as
{uj(V7),...,ul(V})} the condition number of the matrix associated with problem
(4.11) grows exponentially with N. However, this is easily overcome by using an or-
thogonalization process such as the Gram-Schmidt method. After this, the condition
number of the reduced basis problem inherits the properties of the matrix associated
with the truth approximation (4.5).
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5.1.2. Second algorithm. The second method builds the two basis sets simul-
taneously by directly minimizing the error on the output rather than the errors in the
primal and dual basis. We could therefore expect a reduction in the dimension of the
reduced basis spaces in order to obtain a prescribed accuracy on the output.

Choose a g-dimensional mesh S of the set of parameters D.

Choose v} = v among the elements of the mesh S (randomly for example).
Compute uf (v7) and ¢ (v4).

Initialize the reduced basis spaces

X7 = spanfuf (1)} and X{ = span{u (1)},

Forj=2,....N
— Choose the next sample as

vy = v = argmeaxA] 1i—1(v). (5.2)
where A%, ., (v) is defined by (4.32).

— Compute ujy (vf) and il (vf).

— Update the reduced basis spaces:

X7 = span{up(1)),i € {1,...,j}},
X4 = span{yf(vi),i € {1,....5}}.

The dimension of the updated reduced basis is j.

We note that in this case, the dimension of the primal and the dual basis coincides.
The criteria used to select the parameters is based on the estimator for the output
using the same dimension for the primal and dual basis. This may offset some of the
advantages of working directly on the output of interest.

5.2. Computing 5" (v), m € {p,d,pd}. In this section we discuss how to
compute eX"™ following an off-line/on-line strategy. Recall that these quantities, in-
troduced in (4.22), are nothing but the dual norms of the primal residual on the space
X;". Using the Riesz theorem we know that

Xm
3 XRE )y € Xi such that efy™ = ||xR I (5.3)

Lun (v);

Here, X;((.) € X denotes the Riesz representation of any continuous linear form f(-)

defined on X. Moreover, X;ﬁ(

b (un (v)iv) is characterized by

(X;;p( uN(u)u)’vN)Xm = RP(vn,un(v);v), Yoy eX. (5.4)

Inserting (4.15) into (4.21) and using the affine assumption (4.14) we obtain

Qy N Qa
Xm
(XRE (a0 ON) 3 = D OF 5, (ox) = D Sk ()05 (v)al, (€], o).
qg=1 j=1qg=1
By superposition we have
N Qa
X7n xm . xm
X (un ()0) Z@f X )| = D0 Dk O W) X o | (5:5)
N quz,() ]:1 q:1 qh(E 7)
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Clearly, the terms in the rectangles can be computed off-line. Each Riesz representa-
tion element needs the solution of a linear system of size N'™.

Finally
Qf Qf X’V?‘L X’V?‘L
P = 3 000) 0T [0k e |+
q=1 G=1 Tan

Qa N Qa N _

DD D uk() O5) k() OFW) | O o )Xot o0 x|~ (5.6)

=1 k=1G=1j—1 o

Qf Qa N _
23" 35S R |04) W0 R0 | (01 sy
g=1G=1k=1 ok

The quantities in the rectangles can be precomputed in the off-line part, once and
for all. The number of operations in the on-line part is independent of the dimension
N™ of the truth approximation spaces and scales as

#0p ~ Q7 + Qi N* + Q7 Qu N
The computation of sﬁ\l}[m(y) can be done in a similar way.

5.3. Computing Bp’m(y),m € {p,pd}. The off-line construction of the lower
bound of the inf-sup parameter is currently the most expensive part of the algorithm,
particularly for non-coercive problems with resonances such as Maxwell’s equations.
There are several algorithms to achieve this goal and we refer the readers to [12, 5] for
the most recent successive constraint method (SCM). It finds, through a greedy algo-
rithm, K points vy, ..., vk in the parameter domain D. The exact inf-sup numbers
at these K points are found by solving the corresponding eigenvalue problems. Then,
a rigorous lower bound 3°"(v) for any v € D is obtained by solving a local linear
program. This on-line procedure is independent of the dimension of the truth approx-
imation spaces resulting in a low computational cost for Bp’m(l/). In the following, we
describe SCM for a general affine bilinear form denoted by

o (w, v;v) Z@q wv) Vw,ve XN

The methodology is defined for the coercive and then the non-coercive case.
5.3.1. Coercive case. The coercivity constant is

Q N(

N . a (w,w)
oN W)= inf L,Qw,y) = inf QI(v)-—F—= = inf Z@q
B ST s DS T S
Y (w,w) . :
Here, we set yq(w) = Tz Obviously, (y1(w), ..., yo(w)) belongs to the following
N

set
Jiz{yz(yl,...,yQ)ERQ|HweXNs.lf.yq:yq(w)7 1<q<Q}.

Having defined the set Y, our coercivity constant can be found by solving the following
minimization problem:

N _
M) = int T (i), (5.7)
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where, the objective function J : D x R® — R is defined as
Q
T(wiy) =Y 0% (v)y,.
q=1

Problem (5.7) appears like a minimization problem of a linear functional over a com-
pact subset of R?.
We only need to characterize the set ) now. The idea of SCM is to build two sets Vi p
and Yyp over which the minimization of J is feasible and satisfy Yyg C YV C V5.
Therefore, we can perform the minimization on these two sets to obtain an upper
bound and a lower bound for oV (v). For this purpose, we define

U; = wier.l)gf\/ yq(w)v O'; = wsel.l)?/\/ yq(w)v 1 S q S Q7
and let Bo =112, [0, 0}] € R2. Obviously, Y C Bg.
To properly define Vi and YVyp, we also need to introduce two parameter sets
E={rneD,...,vyeD}and Cx = {w; € D,...,wg € D}. = is a (rather large)
sample set of grid points in the parameter domain (e.g. defined from a mesh) and Ck
is any subset of =. Let Pp(v; E) denote the M points closest to v in E with E being
= or Ck.
We are now ready to define Vg and Yyp: For given Cx (and M, € N, M, € N,
and E), we define

Vip(v;Ck) = {y € Bo | Z@q(u')yq >N (), W e Py, (v; Ck);

Q
Z@q(l/)yq >arp(V,Ck_1),V € PM+(V;E\OK)} ,

qg=1
(5.8)
and Yup(Ck) = {y*(wr),1 < k < K} for y*(v) = argmin, cy,J (v;y). We then define
arp(v,Co) =0; arp(v;Ck) = inf J(v;y) for K >0, (5.9)
y€YVrB(v;Ck)

and
ayp(v;Ck) = inf J(v;y). 5.10
vp(riCr) = imf Ty (5.10)

We can prove [6] that, for given Cx (and M, € N, M4 € N, and E), arp(v;Ck) <
oN(v) < ayp(v;Ck), Yv € D; and, for any v € Z, arp(v,Ck) is nondecreasing,
ay (v, Ck) nonincreasing and O‘UB(V&C;’; )(;:)‘Cf;)(”’ck ) nonincreasing as K increases,
Note that (5.8), (5.9) is in fact a Linear Program (LP); Our LP (5.9) contains @
design variables and 2Q) + M, + M, (one-sided) inequality constraints: the operation
count for the on-line stage v — arp(v) is independent of A,

It only remains to determine C'i. It is constructed by an off-line “greedy” algorithm.
Given M, € N, M, € N, E, and a tolerance ¢, € [0, 1], the algorithm reads:

(1.) Set K =1 and choose C; = {w;} arbitrarily.

avp(WiCk)—arp(ViCk)
OLUB(U;CK)

(2.) Find wg 41 = argmax,, cz
(3) Update CK+1 =CkgU WK +1-
(4.) Repeat (2) and (3) until max, ez

U5 (30K map) — LB (Vi CKmas) <
avB(ViCKmas - @
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5.3.2. Non-coercive case. For the non-coercive case, we need to find a lower
bound of the inf-sup number,

N .
V)= inf sup 1@
weXN yexn [wllxvlollx~

If we define an operator 7% : XV — XN as (T"w,v) y~v = o™V (w,v;v), Yo € XV, it
is easy to show that

weXN H’LUHXN

which means

To expand it, we need to define operators 77 : XN — XV as
(T9w,v)xx = aj (w,v), Yo e XV, 1<¢<Q.

Realizing T"w = Equl 09(v)T%w, we can expand (Y (v))? as

(BN (v))?

T @, T w) xn
f Zq// ’
in Z Z q ]|

weXN d=1q7=1

Q ’ " " ’
— inf Z Z qu (T?Tw, T?T w)x~ + (T?T w, TT w)xn

weXN q'=1q"= +5q 'q" Hw”g(.'\/

(5.11)
Here, Z;I/,/(V) = 07 ()0 (1), §yq is the Kronecker delta. Next, we identify

Z3,(v)

L) @+l
1+ 5(1’(1” 7

1<¢ <q¢"<Q+—0'v),1<q<Q=
(Tq/w,Tq”w)XN + (Tq“w,Tq/w)XN, 1<¢d <q"<Q—7aV

and obtain

aVw)= inf @q(u)w.
w229z

And we may then directly apply the SCM procedure defined above to (5.12).
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Before extending this to the complex case, we interpret the expansion above in terms
of matrices: if we let w denote the vector of degrees of freedom for w € XV and
Mz 7o denote the matrix corresponding to (7% w,T9 w)x~, we rewrite (5.11) as

Q Zq” T (Mququ// —+ MT‘I,,,T‘?/) w

Z Z/ +5qq”

/ lq”

lwlZx

When O%(v) is complex, we have

, WI My g w
BV (W) = inf Z Zfo V)
X

weXN d=1q"=1

2
¢=1q"=q+1 ||w||XN
Here, Zg,,(u) =07 ()01 (v) = Zg, (v).

Note that, when z is a complex number, X is a complex vector and A is a real matrix,
we have that

H(ZA+ZAT)X_2§RZ(8‘EXT%XT)< o ) ( = >
ravry [ 0 —A [ RX
292 (RX sx)(A ; ><$X
A+AT 0 RX
= 2Rz (%XTSXT)( 0 arar ) ( 3 X )

0 AT—A RX
+ 292 (é}%XT%XT)< aar 2 ( X >

Here, i and & indicate real and imaginary parts, respectively. We can then obtain
an expansion similar to the real case.

6. Numerical examples. After having laid out the theoretical foundation and
the computational implications of the proposed methods, we now demonstrate the
validity and efficiency on the following cavity problem associated with the solution

of Maxwell’s equations. We consider the two-dimensional Maxwell’s equations on
TE-form as
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Q1 i Qz
07 i
0.3 3
OO 0.25 015 1

Fic. 6.1. Sketch of the geometry of the electromagnetic cavity problem.

iweE = —oVH, +J, iwpH, = (V x E) -2, J:H _01},

where E(z,y) = (E;, Ey) and H,(x,y) is the magnetic component pointing out of
the (x,y)-plane along z. Expressing this using the second order form yields

oV (l(v x E) - 2) —WE =iwlJ.
W

The equations are solved using the discontinuous Galerkin method discussed in Sec.
3 with 7 = 0 and the spaces X;" (m € {p,d, pd}) containing piecewise polynomial of
degree 4 on the meshes shown in Figure 6.2.

We seek the solution to this problem in the closed geometry, illustrated in Fig. 6.1
where we assume all exterior boundary to be perfectly electrically conducting with
vanishing tangential electric fields. The cavity is loaded with two materials, each
occupying half of the cavity. For simplicity we assume that 2; of the cavity is vacuum
filled in which case €1 = p1 = 1 while the material parameters in €, are the parameters
of the problem.

As a source, we consider a simple dipole antenna, modeled with a current

Jz =0, Jy =cos (w (y— %)) or;,

where I'; reflects the antenna. We use w = 57/2.
Without any special significance, we choose the functional of interest to be

s(E) = E,+ E,dx.
Q3

6.1. Computational Tests — first algorithm. We show numerical results for
the first algorithm with ez € [2,6], u2 € [1.0,1.2] as two parameters. We use a
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FIG. 6.2. The three grids used in the computational example, defining XP, X, and XP9,
respectively

F1a. 6.3. Contour plot of the logarithm of the lower bound of the square of the inf-sup constant
computed by the SCM.

Cartesian grid of 512 x 33 as the set S. The lower bound "7 (v) is provided by
the SCM as shown in [6], see Figure 6.3. Recall that we assume that the inf-sup
numbers (4.3) are uniformly bounded away from zero for the problems to be well
defined. However, there are 12 lines in Figure 6.3 along which the lower bound is
extremely small, indicating the assumption is violated. These particular parameters
configure Maxwell eigen-problems, and we call these lines resonance lines.

We take N = M = 50 and build X% and X¢,. See Figure 6.4 for the sets S}, =
(W vk and 84, = {v, ..., v&)} chosen by the greedy algorithm.

Then, we use these two spaces to compute the reduced basis solution for any param-
eter in [2,6] x [1,1.2]. See Figure 6.5 and 6.6 for sample primal and dual solutions
at (e2,p2) = (2,1). Here, we show the truth approximation and the RB solutions
with the dimension of the RBM spaces being 10, 20 and 30. We observe that, as we
increase the dimension of the RBM space, the RB solution converges to the truth ap-
proximation exponentially in the H(curl) norm. We also see that, in the last column,
the relative CPU time to obtain these RB approximations is essentially negligible
compared to that of the truth approximation.

Next, we test our error estimate on a set of 1300 points away from the resonance
lines in the parameter domain, see Figure 6.7 for the set, Z¢y € S\ (S U SY,). We
compute, for any v € Ey 1, the truth approximation and the reduced basis primal/dual
solutions for N = 10, ..., 30 and evaluate the H(curl) norms of the errors uf (v) —

un(v) and g (v) — ¥ (v), the error estimates ARP and A’]j\l/’[d. In the first two rows
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Fic. 6.4. The points selected by the RBM to build the bases for the primal (top) and dual
(bottom) problems using the error estimate for the solutions.

12 . *”* ¢ 0, 3 . * ‘0 . "t
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. . . ¢
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€

of Figure 6.8, we plot the maximum, median, and minimum of these values over = ;
and observe that all basically decrease exponentially with respect to N.

Finally, we sort Z¢ ; according to the corresponding lower bound and let Efﬁl be the
set of the first k£ points in =, for £ = 1,...,1300. The last row of Figures 6.8
represents the the maximum effectivity indices over Ef)l versus k for reduced basis
spaces of dimension 10, 15, 20, 25. We see that the error estimate is in general sharp
and particular sharp when k is small, that is, when the parameter stays far away from
the resonances. The error estimates deteriorate as we get closer to the resonances, but
they are still legitimate convergence indicators. It is interesting however to note that
the effectivity indices are rather independent of the size of the reduced basis that is
used for the computation. That is, the effectivity indices remain of the same magni-
tude when the errors becomes many magnitudes smaller as we increase the dimension
of the reduced basis space. To show that our result above is not a coincidence of the
fact Z¢;1 C S, we perform the same test on a set, Z¢ 2, that contains 1000 centers of
the rectangle cells of S. See Figure 6.9 for = 5. Note that, for = 2, we exclude more
points in the neighborhood of the resonance lines. This is a consequence of the SCM,
which provides more conservative lower bound for v ¢ S than for v € S. Thus, more
points are considered to be “too close” to resonance and excluded from the computa-
tion. Addressing this shortfall of SCM is one of our ongoing works. Figure 6.10 shows
that our method performs equally well on the set = 2. We conclude that the method
provides a reliable a posteriori estimator for both primal and dual problems.

Recall that the quantity of our interest is the output. There are two ways to compute
the output. One is done similarly to Eq (4.7) where only the primal or dual solution
is used, that is, Sy (v) = lzd(u]v (v)). The other is by Eq (4.13) where both the primal
and dual solutions are included. Figure 6.11 shows the histories of convergence. We
see that the latter converges much faster. In fact, the rate is quadratic with respect
to that of the error of the solutions [15].

6.2. Computational Tests — second algorithm. Here, we test our second
algorithm with the same settings. We build X% and Xfé[ simultaneously according
to the error indicators for the output. See Figure 6.12 for the points selected to build
the two reduced basis spaces. Figure 6.13 shows that this algorithm produces roughly
the same result as the first algorithm. However, we remark that it is essential to have
this algorithm available which concentrates on the quantity of interest — the output.
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It is one of our future works to explore the advantages of the second algorithm over
the first one, for example, when the output involves averaging which does not see
oscillations which may be present.

7. Concluding remarks. Certified reduced basis methods for the harmonic
Maxwell’s equations are developed. We examine several essential ingredients such as
the a posteriori error estimates for the solution and output, off-line/on-line computa-
tion procedure, two different greedy algorithms to build the reduced basis spaces. We
have applied the method to a challenging electromagnetic cavity problem. The rigor
and high efficiency of the method are confirmed by the numerical results. Exponential
convergence of the reduced basis approximation to the truth finite element approxi-
mation is observed. The reduced basis output also converges exponentially. Future
work includes efficient extension to many-parameter problems, and investigation of
reduced basis element method for electromagnetics.
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Fic. 6.5. Sample solutions of the primal problem from truth (first row) and reduced basis
approzimations with 10 (second), 20 (third) and 30 (last) bases. Error denotes the H(curl) difference
from the truth approrimation; Time means the relative on-line computation time.
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F1G. 6.6. Sample solutions of the dual problem from truth (first row) and reduced basis approz-
imations with 10 (second), 20 (third) and 30 (last) bases. Error denotes the H(curl) difference from
the truth approzimation; Time means the relative on-line computation time.
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FI1G. 6.7. Z¢,1 contains 1300 points.

F1G. 6.8. Results for the primal (left column) and dual (right column) problems on Ey 1: Plotted
on the first row is the dimensions of the reduced basis space versus the H(curl) norm of the errors of
the solution. The second row is the dimensions of the reduced basis space versus the H(curl) error
estimate. The last row is the size of the test set versus the mazximum effectivity index of the error
estimates.
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Fic.
Plotted on the first row is the dimensions of the reduced basis space versus the H(curl) norm of
the errors of the solution. The second row is the dimensions of the reduced basis space versus the
H(curl) error estimate. The last row is the size of the test set versus the mazimum effectivity index
of the error estimates.
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FiG. Et,2 contains 1000 points.
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Results for the primal (left column) and dual (right column) problems on E a:



30

Y. CHEN, J.S. HESTHAVEN, Y. MADAY, AND J. RODRIGUEZ

F1G. 6.11. Comparison of histories of convergence for the two ways to compute the output.
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Fic. 6.12. The points selected by the RBM to build the bases for the primal and dual problems
using the error estimate for the output.
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Fic. 6.13. Comparison of the two different methods to build the reduced bases.
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