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Abstract. In this work, we consider an elliptic partial differential equation (PDE) with a
random coefficient solved with the stochastic collocation finite element method (SC-FEM). The
random diffusion coefficient is assumed to depend in an affine way on independent random variables.
We derive a residual-based a posteriori error estimate that is constituted of two parts controlling the
SC error and the FE error, respectively. The SC error estimator is then used to drive an adaptive
sparse grid algorithm. Several numerical examples are given to illustrate the efficiency of the error
estimator and the performance of the adaptive algorithm.
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1. Introduction. Partial differential equations (PDEs) are the mathematical
formulation of many physical and engineering phenomena. For such problems, the
input data are often affected by uncertainty due to either a lack of knowledge or an
inherent variability of the system. Probability theory offers a possible way to describe
the uncertainties, characterizing the uncertain input data with random variables or
random fields and yielding PDEs with random inputs.

The development of efficient methods to tackle the numerical approximation of
such problems has thus been of great interest and has attracted the attention of
many scientists over the past decades. In this work, we will consider the stochastic
collocation (SC) method [1, 2, 3] for the stochastic approximation, and the finite
element method (FEM) for the physical space discretization. As sampling methods
of Monte-Carlo type or quasi- and multilevel Monte-Carlo types [4, 5, 6, 7], and
contrary to intrusive methods such as stochastic Galerkin [8, 9], the SC method
requires only the solution of decoupled deterministic problems and thus allows the
re-use of deterministic solvers. Moreover, exploiting the possible regularity of the
solution with respect to the random parameters, the SC method has the advantage of
a potentially much faster convergence rate than the Monte-Carlo method. It is also
suitable for large uncertainties, contrary to perturbation-type methods as considered
in our previous works [10, 11].

Whenever a numerical method is used to approximate the solution of the problem
under consideration, an error analysis should be performed to estimate the numerical
error thus introduced. The derivation of a priori error estimates for the stochastic
collocation finite element method (SC-FEM) is done, e.g., in [1, 12, 13], but to our
knowledge no a posteriori error estimate for the whole solution in suitable norms
has been derived. It is of great importance to have a posteriori error estimators at
our disposal since such estimators are the foundation of many adaptive strategies
which aim at reaching a numerical solution with prescribed accuracy while keeping
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the computational cost as low as possible. Here, the numerical solution is affected
by two sources of error, namely the SC error and the FE error, and the estimator
should not only provide an upper bound of the error but also furnish an estimation
of the contribution of each error component to the total error, so that it can be used
for balancing errors in an adaptive algorithm. We mention that recently, a posteriori
error estimates for a specific quantity of interest, usually referred to as goal-oriented
error estimates, have been developed; see, for instance, [14].

The main drawback of the SC method is that it suffers from the so-called curse
of dimensionality when tensor grids are used; namely, the performance of the method
deteriorates as the number of random variables increases. A remedy is then to ex-
ploit the possible anisotropy of the solution, in the sense that the different random
variables might not have the same influence on the solution. Examples of works in
this direction are the anisotropic sparse grid method proposed in [15] and the quasi-
optimal sparse grid method introduced in [12]. In the latter, the adaptive algorithm
is based on a priori error estimates whose constants are numerically tuned during the
process, yielding what the authors called an a priori/a posteriori strategy. A proof
of convergence has been obtained in [16] for the pure a priori algorithm. An a pos-
teriori sparse grid adaptive algorithm was first proposed in [17] and then used, for
instance, in [13, 18, 19, 20, 21, 22]. In [20], the adaptive process is driven by profit
indicators obtained by solving additional PDEs. The method is applicable to a wide
range of problems, including, for instance, the case of unbounded random variables or
non-nested grids, and can be combined with a Monte-Carlo sampling, using a control
variate technique, to handle rough random fields [23]. However, the error indicators
proposed so far are heuristic and do not provide a certified control of the error.

We mention that adaptive strategies have also been investigated for the case when
a different method is used for the stochastic space approximation. For instance, in [24]
the solution is approximated via a Taylor series, and an adaptive algorithm is proposed
with a proof of its convergence. In [25, 26], where the random PDEs are solved
with the stochastic Galerkin FEM, the convergence is proved when the adaptation is
performed in both physical and stochastic spaces. In this case, the extension of the
results obtained for the adaptive finite element method (AFEM) in [27] is feasible and
heavily depends on the so-called Galerkin orthogonality property. So far, at least to
our knowledge, there is no proof of convergence for adaptive SC methods.

The main goal of this paper is to derive an a posteriori error estimate that controls
both the FE error and the SC error. We consider an elliptic diffusion problem with
random coefficient that depends in an affine way on a finite number of independent
random variables. Moreover, we restrict our attention to the case where the source
term is deterministic and the SC scheme is interpolatory. The error estimate we
obtain is residual-based, provides an upper bound of the total error, is localizable,
and hence is suitable for adaptive algorithms. We use then the SC error estimator to
drive an adaptive sparse grid algorithm in which the collocation points are iteratively
selected based on a criterion that uses the error estimator. It is important to mention
that so far, we have no proof of convergence of the adaptive algorithm proposed here.
Moreover, this algorithm is suitable only for random spaces of moderate dimension
(or if the anisotropy in the problem is significant). An alternative procedure should
be used for high-dimensional problems, adapting, for instance, the dimension adaptive
strategy proposed in [20] to our context. Finally, since physical mesh refinements are
rather standard, we focus here only on adaptive strategies in the stochastic dimension.
The next step would be to propose an adaptive strategy with refinements in both the
physical and random spaces, combining, for instance, the algorithm proposed here
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for the adaptive selection of the collocation points with a standard AFEM for the
physical mesh refinement.

The outline of the paper is the following. In section 2 we give the statement of
the problem, namely an elliptic diffusion PDE with random coefficient. In section 3
we present the SC-FEM that we use to solve this problem approximately. Section
4 is devoted to the a posteriori error analysis, more precisely, to the derivation of a
residual-based a posteriori error estimate that controls the two error components. In
section 5 we give a possible strategy to adaptively construct the sparse grid using
the stochastic error estimator. In section 6 we perform several numerical experiments
to test the efficiency of the error estimator and the performance of the proposed
adaptive strategy. Finally, section 7 contains some insight into how to deal with
high-dimensional problems, and section 8 presents some conclusions.

2. Problem statement. Let D C R? be an open bounded domain with Lips-
chitz continuous boundary 9D, and let (2, F, P) be a complete probability space. We
seek u : D x Q — R that solves P-almost everywhere in €2, or in other words almost
surely (a.s.), the problem

=V (a(-,w)Vu(-,w)) f() i D,
(1) { u(w) = 0 on 0D,

with deterministic forcing term f € L?(D) and random field a on (Q,F, P) over
W1o°(D). Moreover, we make the following assumptions on the random diffusion
coefficient a:

(2)  F min, Gmaz : PweE€Q: 0< amin <aX,w) < amez <0 Vx€D)=1

and
N
(3) a(x,w) = ag(x) + Y _ an(x)Yn(w),

where (Y,,))_, are real-valued independent random variables. Thanks to the Doob—

n=1
Dynkin lemma, the solution v depends on the same random variables as the diffusion
coefficient a; i.e., we have u(x,w) = u(x,Y1(w),...,Yn(w)). Let us introduce I' =

Iy x -+ x Ty with T, = Y,(R) for n = 1,...,N. Moreover, let p : ' — R, be
the joint probability density function of the random vector Y = (Y1,...,Yy), which
factorizes as p(y) = IY_,pn(yn) for ally = (y1,...,yn) € I. We can then replace
the probability space (Q2, F, P) by (T, B(T'), p(y)dy), where B(T') denotes the Borel
o-algebra defined on T', and p(y)dy denotes the probability measure of Y. Due to
assumption (2) on a, the energy and the H} norms are equivalent; i.e., there exist
0 < ¢min < Cmaae such that

1 .
@) cninl Vo) 20y < lla? @) VoW) 22(0) < emacl Vo@)llza(p) prave. in T

for any v(y) € H&(D). In particular, (4) holds with ¢pmin = Gmin and Cpes =
V@maz- Finally, for a given Banach space V with norm || - ||y, and for p € [1, o0], we
define the Bochner space

Ly V) i={v: T' = V|v is strongly measurable and [|v[|pz ) < oo}
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with

T =

ol oy = Ur eIV p(y)dy) ™ if p < oo,
P p-ess supycr [[v(y)|lv if p = oco.

The (parametric, pointwise) weak formulation of problem (1) reads as follows: find
u : I' = V such that

(5) /D a(x,y)Vu(x,y) - Vo(x)dx = /D fx)v(x)dx YveV, pae inT,

where V := H{ (D) is the usual Sobolev space that we endow with the gradient norm
llvllv := [[Vv|r2(py. By a straightforward application of the Lax-Milgram lemma,
assumption (2) ensures the well-posedness of problem (5), namely that there exists a
unique solution u € L%(F; V') which satisfies the a priori estimate

Cp

ullzzryvy < £ lL2(Dy).-

amzn

In particular, we have u € LE(T;V) for any p € [1,00]. Moreover, it has been
shown (see, for instance, [1]) that the parametric solution u of problem (5) is analytic
with respect to each parameter y, € I',, n = 1,..., N. Finally, we mention that
imposing a(-,w) € L>(D) is enough for the well-posedness of the problem. We
assume W1°(D) regularity for ease of derivation of our a posteriori error estimate,
more precisely, for the part controlling the FE error; see (17) below.

3. Stochastic collocation finite element method. In this section, we briefly
present the SC-FEM for numerically solving PDEs with random input data, following
closely [16] and focusing on the model problem (1). We also refer the reader to [1, 3]
for a complete discussion on this method. The idea is to proceed in two steps: first,
a semidiscretization of problem (5) using the FEM for the physical space approxi-
mation, and then the application of a collocation method for the stochastic space
approximation using global polynomials in y. We thus seek an approximate solution
in a space P(T') ® Vj,, with P(T') C L2(T) a polynomial space on T', and V}, a FE
subspace of V.

More precisely, for any h > 0, let T}, be a regular triangulation of D with elements
T of diameter hp < h. We assume that there exists a constant ¢ > 0 satisfying
(6) h—TSC vI' € Tn, Yh>0,

PT
where pr = sup{diam(B) : B is a ball contained in T'}. Let V}, C V, with dim(V},) =
Ny, be the space of continuous, piecewise linear FE functions associated to 7; that
vanish on dD. The semidiscretized problem is therefore given by the following: find
up, - I' = V3, such that

(7) /D a(x,y)Vup(x,y) - Vop(x)dx = /D f(x)vp(x)dx Yoy, € Vi, p-ae. in T

Problem (7) is then further discretized by considering a set {y1,...,yn,} of N
collocation points in I' and building the global polynomial approximation

N.
(8) un N () =D un(yr)Li(y)
k=1
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for appropriate multivariate (for instance, Lagrange) polynomials Ly, where uy (yy) is
the solution of problem (7) with y = yx. A possible choice for the collocation points
vy € I'is to take the Cartesian product of certain abscissas in each direction. However,
using such a tensor grid would rapidly become computationally too expensive due to
the curse of dimensionality: the number of nodes increases exponentially with N. To
alleviate this drawback, the idea is to use a so-called sparse grid, first introduced by
Smolyak in [28]. Let us define

(9) U CO(T,) = Py -1 (D),

a sequence of univariate polynomial interpolant operators along each direction I,
for n = 1,..., N, using abscissas {§J"“};n:(11) Here, m(i,) denotes the number of
collocation points used to build the interpolant of level i,, and Py(I',,) is the space
of polynomials in y,, of degree at most ¢. The function m should satisfy m(0) = 0,
m(1) =1, and m(i) < m(i+ 1) for any i > 1. Moreover, let I C N¥ be a multi-index
set, where N = {1,2,...} denotes the positive integers. In what follows, the only
restriction on I will be that it is a downward closed set (a.k.a. lower set), i.e., it

satisfies
(10) Viel, i—e;jel Vj=1,...,N such that i; > 1.

This condition is necessary to get good approximation properties; see, for instance,
[17]. Setting U° = 0 for n = 1,..., N, we define then the sparse grid interpolant Sy
by

(11) un,1(y) = Srlun)(y) == Y A™D (up)(y),

iel

where

N N
AmO = Q) Arn) .= (R) (u;lnun) _ urfln(in—l)>
n=1

n=1

and m(i) = (m(é1),...,m(in)). The operators AT and AmD are often referred

to as difference (or detail) and hierarchical surplus operators, respectively. In what
follows, we assume that

(12) un(y) = Y A" (u)(y) pae inT,

ieNY

where the series converges absolutely in V', which holds if « is sufficiently smooth in
y and if the operators 2" in (9) are such that RN, 0y s uin Voas i — oo.
Finally, we mention that the operator Sy in (11) can be equivalently written as a
linear combination of tensor grid interpolations (see, for instance, [29]),

N
(13) Sifunl(y) = > e QU (un)(y), = > (-1H,

ier m=1 JE(0. 13"
(i+j)el

with |j| = Zgzljn for j = (j1,...,jn)- Notice that many of the coefficients ¢; are
actually zero: for instance, for i € I, ¢; = 0 if (i+j) € I for all j € {0,1}"V. We then
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call sparse grid the set of N, collocation points needed by (13) to compute Sy[up]. To
summarize, the sparse grid interpolant S; is characterized by the multi-index set I,
the function m defining the number of collocation points on each level, and the type
of univariate nodes. Note that I must contain the multi-index 1, which allows us to
approximate constant functions.

Our error estimate will only be valid in the case when Sj is interpolatory, i.e., it
satisfies S;[f](yx) = f(yx) for k =1,..., N, where {y1,...,yn,} are the collocation
points in the sparse grid underlying the multi-index set I and function m. Notice that
such a property requires the use of nested sequences of univariate nodes {5;“"71} C

{f?’i"}; see, for instance, [30, p. 277]. Finally, we introduce the notion of margin M;j
and reduced margin, defined, respectively, by

Mr={ieNY\T:i—e, €I forsomenc{l,...,N}},
Ry={ieM;:i—e,e€lforalln=1,... N with i, > 1}.

4. Residual-based a posteriori error estimate. We will now derive an a
posteriori error estimate for the error u—Sr[up], which consists of two parts controlling
the FE error and the SC error, respectively. We first give two results that we will use
in the derivation of the error estimate.

PROPOSITION 4.1. Let St be the operator defined in (11). Then for any f,g €
CO(T) we have

Stlfgl = Si[fStlgll-

Proof. Since Sy is assumed to be interpolatory, we have S;[g|(yx) = g(yx) for all
k=1,...,N.. By the definition of S;, we get then

N. N.
SilfStlgl(y) = (£Silg)) (yr)Lu(y) = > f(y&)Silg)(yr) Le(y)
k;ﬂl k=1
=D fyu)glyr)Lr(y) = Silfgl(y)
k=1
for any y € T. 0

For any downward closed multi-index set I, let us define the polynomial space P;
by

(14) Pr:=) Pmg-1 With Pumg1:="Pru)-1 @ @ Priy)-1.
iel

We have the following approximation properties that will be crucial in the deriva-
tion of our error estimate.

PROPOSITION 4.2. Let St be the operator defined in (11). Then

1. S;[fl e Py Vf e CUD);
2. Sy is exact on Py, ie., Si[f]=f VYfePr.

Proof. See Proposition 1 in [31]. d
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Finally, we introduce the (generalized) jump of a function ¢ across an edge (d = 2)
or a face (d = 3) e in the direction n. orthogonal to e by

| limy o+ ((x+tne) —p(x —tn.)) ife ¢ 0D,
[¢ln. () := { o 0 ifecdD.

We can now state our residual-based a posteriori error estimate.

PROPOSITION 4.3. Let u and uy, be the solutions of (5) and (7), respectively, and
let St[up] be the sparse grid approzimation of up computed using the multi-index set
I. There exists a constant C > 0 depending only on the mesh aspect ratio ¢ such that
for any p € [1, 0], we have

1

(15) |w — Srlun]llLer;vy < oz [Cnre + (sc),
where

N. 5
(16) NFE = anHLkHLg(r), N 1= <Z 77]%,T> ;

k=1 TETh
with
(17)

1 2
e = W7l f+ V- (alye) Vun(ye) 72y + Y he 5la(yr)Vun(yk) - neln,
eCoT L2(e)
and
(18) Csc= Y G Go=IA™D @V Si[un) Iz r;n20)-
ieM;y

Proof. In what follows, all equations hold p-a.e. in I' without specifically men-
tioning it. Moreover, the dependence of each function on variables will not necessarily
be indicated unless ambiguity arises. For any v € V, we have

/DaV(u—Sz[uh])~Vv:/va—/DaVSz[uh]-Vv

=Sy {/va/DaVu;va}

i
(19) +5; UD aVuh'Vv} f/DaVSI[uh]Vv.

=:A5

For the second equality, we used the fact that f is deterministic and thus S;[f] = f
for any multi-index set I. We analyze the terms A; and Ay separately. For the first
term, thanks to the Galerkin orthogonality we have

i[/jjfv—/jja(yk)Vuh(yk)-Vv} Lu(y)

?:_Cl [/D flo—wvp) — /Da(Yk)vuh(Yk) V(v — vh)] Li(y)

Ay

(20)
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for any vy, € V. We take v, = Iv as the Clément interpolant of v for which we have
the following interpolation error bounds [32]:

1
(21) [lv=Ipvll2(ry < Chr||Vol2(nveryy and  |lo—Tpv|[2(e) < CRE |Vl L2 (N (T0))

for any element T and any edge or face e. Here, for an internal edge or face e, T,
is the union of the two elements sharing e. Moreover, N(T') denotes the patch of
elements associated to T, i.e., all K € T;, with K NT # () (the definition of N(T.) is
analogous). After splitting the integral in (20) over each element T and integrating
by parts, we obtain

N,

(22) A < (JZ \Li(y) [0l Vol p2(p
k=1

with 1, defined in (16). Notice that this term 7y, is deterministic; namely, it does not
depend on y. It controls the FE error made when solving approximately the problem
for the collocation point yy.

We now bound the second term As. We first notice that, thanks to Proposition
4.1, we have Sy[aVup] = Sr[aVSrlup]] since Sy is assumed to be interpolatory.
Therefore, using relation (12) we get

Ap = /D (St [aVS[un]] — aVS[up]) - Vv = / ;Am” (aVSilun]) - Vo
_ / S AmO (VS fuy]) - Vo
ieMr
23) <[ 3 AmO(avS;|u) IVollL2(p)

ieMy L2(D)

We used the fact that a depends in an affine way on the random variables (see (2))
to restrict the summation over the multi-indices of the margin M of I. Indeed, by
Proposition 4.2 we have St[up] € Py, with P; defined in (14), and by assumption,

N
a€Py+ Y Po, withPe, =Py®@ - ®Py® P; &P @P.

n=1 nth index

Therefore, we have aVSr|uy] € Zn 1 2ier Pm()—14e, C Proam;, and thus

161
(24) AP (aVSr[up]) =0 VigIuMy,

using again Proposition 4.2, namely, that Sruam, is exact on Pryag,. Thanks to the
norm equivalence (4), taking then v = u(y) — Sr[up](y) in (19) and using the bounds
(22) and (23) for the terms A; and As, respectively, yields

(25)

19 (uty) ~ Stlunl )l 2oy < 7 cDLk ) et

min

> A™O(aVSun])(y)

ieM;

L*(D)

To conclude the proof, it only remains to take the L5(I') norm on both sides of the
last inequality and to use the triangle inequality for the norm L (I; L*(D)) to take
the sum over the multi-indices i € M outside the norm. O
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Notice that in this proof, we have relied on the fact that S is interpolatory and
that a depends in an affine way on the random variables. The latter allows us to
restrict the summation over all the multi-indices outside I in the bound of Ay to the
multi-indices belonging to the margin M; see (23). Moreover, it is worth mentioning
that (25) yields a pointwise (in y) error estimate.

Remark 4.4. The spatial error estimate npp in (16) depends on | Lk(y)| zz(r),
k=1,..., N, ie., on the stability constant of the operator S;. These quantities can
be bounded using the Lebesgue constant for S;, whose growth depends on the choice
of the function m and the family of interpolation points used by Uy, @) ,nm=1,... N.
For instance, when using a doubling rule for m as in [30], defined by m( ) = 1 and
m(i) = 271 + 1 if i > 1, and Clenshaw—Curtis (CC) nodes, the Lebesgue constant
associated with the operator S; can be bounded by |I|? [33]. As an alternative, we
could bound the term A; in (20) as

[ / S L)+ - () Van(y) (o = wn)
TETh

k=1

+ Z /ZLk a(yr)Vun(yr) - ne]ne(v—vh)‘|

ecaT € k=1
(Z 77T> VollL2(py,
TETh
with
N. 2
nr(y)? o= hg || Le()(f + V- (alyx) Vun(yx)))
k=1 L2(T)
N, 2
(26) + > he Z alyr)Vun(yr) - Deln,
eCoT k=1 L2(e)
Since (Y e, 17%)% <Y reT, M, We can then replace (15) by
1
(27) lu = SrlunlllLervy < oz c Z Imrllzer) + Cso
min T€7—h

Mesh refinement, using the error estimate of Proposition 4.3 or the one proposed here,
would lead to different adaptive strategies. The estimator in (16) gives an estimation
of the spatial error for each collocation point that is further localized on each element
T € Tp. Indeed, the estimator 7 r in (17) is an estimator of the FE error for the
element T' and the collocation point yi. Therefore, different spatial meshes could
be considered for different collocation points. On the contrary, the estimator in (26)
gives an estimation of the spatial error for each element T' € 7} and contains the
contribution of all the collocation points. In this case, the same spatial mesh would
then be used for all the collocation points.

5. Adaptive algorithm. The error estimator deduced from Proposition 4.3
can be used to adaptively refine the mesh and increase the multi-index set. Such an
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adaptive strategy aims at reaching a given accuracy of the (FE and SC) error with
computational cost as low as possible. Since the theory for mesh adaptation, often
referred to as the AFEM, is well developed and studied, we will focus on the SC
error. More precisely, we will consider an adaptive construction of the multi-index
set I proceeding similarly to that originally proposed in [17] and further used, for
instance, in [13, 20].

We give below a possible adaptive strategy which uses the error estimators (;
given in (18) to drive the process, with the requirement that the multi-index set I
must remain downward closed during the adaptation. Basically, at each iteration we
select the multi-index in the margin M of the current set I that has the largest
profit, with the latter being defined as follows: for any i € M, we define

ZjeAi gj
Djea Wi’

where A; = J; \ I and J; is the downward closed set of minimal cardinality containing
I U {i}; i.e., 4; is the set containing i plus all the multi-indices j € M that must
also be included in I if i is added to I so that the set remains downward closed.
Moreover, we have denoted by W; the work contribution of the multi-index i, which
can be defined as in [20] by

(28) Pi =

(29) Wi := T2 (m(in) — m(i, — 1)).

In the case of nested sets of points, as considered here, it corresponds to the number
of new points in I' introduced if i is added to I. We could also choose to set W; = 1
if we want to drive the adaptation based only on the error estimators. Finally, notice
that for any i € Ry, since I U {i} is always downward closed, we have A; = {i}, and
the profit is simply given by P, = VCI}

We can now introduce the adaptive algorithm we consider in this work.

Algorithm 1 Adaptive algorithm (stochastic space adaptation).
Require: Tol >0
Ensure: multi-index set I such that (sc < Tol

1 I = {1}, up,; = Srlun), (sc = 1

2: while (s¢ > Tol do

3: 1" = argmax;e v, B select the most profitable multi-index

4 T+ TUA; update the multi-index set

5. up 1 =957 [uh] compute the new sparse grid approximation
6: (s =D iem, G compute the error estimator (18)

7: end while

Remark 5.1. Algorithm 1 is one possible adaptive strategy. In particular, we
choose to select only one multi-index at each iteration; see line 3. Another possibility
would be to allow the selection of several multi-indices, for instance, to satisfy a
Dorfler-type criterion. Moreover, the selection of the most profitable element is made
on the full margin in Algorithm 1. To reduce the computational cost, we could
alternatively drive the adaptive process only by the profit of the elements of the
reduced margin. In such a case, we do not need to compute ¢; for each i € My \
R;. However, the global error estimator (sc would then no longer be available, and
another stopping criterion must be used.
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6. Numerical results. We consider here numerical examples to test the effi-
ciency of the SC error estimator derived in Proposition 4.3 and, in particular, to test
the performance of Algorithm 1. In all what follows, the FE error is not accounted for.
Moreover, we consider the case p = oo, and we thus consider the error and estimator
defined, respectively, by

(30)  [IV(un — Sr[ua])llLse(rsz2(p)) and Z ||Am(i)(CLVSI[uh])||Lgo(F;L2(D))-
ieMy

In order to compute the LEO(F) norm approximately, we use a set © C I' of finite
cardinality; that is, we use the approximation

HQHL‘;"(F) ~ gleaédg(}’”

for any g € C°(T). In what follows, we set © to be constituted of 500 points randomly
sampled according to the distribution p. Finally, instead of taking the a priori bound
/@min for ¢pin, which may be overly conservative, we estimate it by

||a% (¥)Vo(y)llrz(p)
ve2  [[Vu(y)lz(p)

Cmin ‘=

with Z C T’ a random set of small cardinality and v = uj, or v = uy, — Sr[up] using any
(small) set I. In all the numerical examples below, we have observed that ¢, ~ 1,
i.e., the energy and the Hg norms of the error are comparable, which is the reason
why we decided to drop this constant and consider the estimator defined in (30).

Remark 6.1. In practice, we first compute (approximately) the error estimator ¢;
defined in (18) for each i € Ry, the reduced margin of I, using

(31) G~ max Scugiy[aVStun]l(y) — SalaVStlun)](¥)|l L2(p),

with G = I. We then proceed layer by layer, namely, we compute the estimator for
each i € M7 that belongs to the reduced margin of TUR [ using (31) with G = TUR,
and so on until the full margin M; is covered (which requires a finite number of
iterations). A key point is that no additional PDE solve is needed throughout this
process.

Before performing sparse grid adaptation, we will test the efficiency of the SC
estimator considering different approximation spaces chosen a priori. We will consider
both cases m(i) =i and

0 ifi=0,
(32) m(i) =< 1 ifi=1,
27141 ifi> 1.

Since we need nested sequences of points, we use Leja points for the linear case
m(i) = i and CC points if m is defined by (32). We recall that for a generic compact set
X and a given initial point y° € X, the (standard) Leja points are defined recursively
by [34]

k—1

y* :argmaXH(yfyj), k=1,2,....

yeX j=1
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In what follows, when using Leja points on an interval T'; = [a;,b;] C R, we will
set the initial point to the endpoint b;. To test the efficiency of the estimator, we
will consider an arbitrary (downward closed) multi-index set I or, for a given level of
approximation w, the classical approximation spaces [31] given in Table 1.

TABLE 1
Approzimation spaces for testing the efficiency of the SC error estimator.

Approximation space m I Points
Tensor product (TP) m(i) =1 I(w)={ie N_‘A_’ : maxp(in —1) <w} Leja
Total degree (TD) m(i) =1 I(w)={ie Nf : Y (in —1) < w} Leja
Hyperbolic cross (HC)  m(i) =i  I(w)={i € N¥ : Mn(in) <w+1} Leja
Smolyak (SM) min (32) I(w)={ieNY:3 (in—1)<w} CcC

6.1. First example. We start with the analysis of an inclusion problem, first
with N = 2 inclusions and then with N = 8 inclusions; see [31]. The physical
domain is the unit square D = (0,1)? in which we identify the subdomains F and C,,
n =1,...,N, as depicted in Figure 1(left) for the case N = 2 and in Figure 7(left)
for N = 8. The square subdomain F' has a side length of 0.2, while the radius of each
circular subdomain C), is equal to 0.13. We set the forcing term to f(x) = 100y p(x)
and define the random diffusion coefficient by

N
(33) a(x,Y(w)) = ap(x) + Z'Yan(X)Yn(W) with ag = 1,

n=1
where xyr and x,, n = 1,..., N, denote the indicator function of each subdomain.
The parameters v,, n = 1,..., N, are used to introduce anisotropy in the problem,

assigning more importance to one or another direction y,,.

! ! 14
0.08
12
osf 08
il © 006
osf 08
< os
F | 4004
04f 04 06
04
o2f 02 0.02
02
i i i i o N
0 02 04 06 08 1 0 02 04 08 08 1

0 0.2 04 0.6 0.8 1
Fic. 1. Geometry of the problem (left), expected value (middle), and standard deviation (right)
of the solution for the case y1 = v2 = 1.

1

0

Case N = 2. We start with N = 2 and take Y,, ~ 4[—0.99,0.99] for n = 1,2.
The FE mesh we are using consists of 4961 vertices and 9696 triangles, with minimal
and maximal diameter hp of about 7.367e-3 and 2.854e-2, respectively. The mean
and the standard deviation of the solution is given in Figure 1 for the isotropic case
Nn=7=L

In Figure 2 we give the error and the estimator with respect to the number of
points in the sparse grids for the four types of approximation spaces defined in Table
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Fic. 2. Error and estimator with respect to the number of points in logarithmic scale for the
four approzimation spaces given in Table 1. Isotropic case y1 = v2 =1 (left), and anisotropic case
v1 =1 and v2 = 0.1 (right).

1. We consider the isotropic case 73 = 72 = 1 but also an anisotropic one, namely,
71 =1 and 72 = 0.1. The maximum level of approximation w is set to 10 for TP, 14
for TD, 29 for HC, and 5 for SM, which correspond to a sparse grid of 121, 120, 111,
and 145 points in I, respectively.

We can see that the estimator provides a good control of the error for all the
considered approximation spaces and for both the isotropic and the anisotropic cases.
This is also the case when an arbitrary multi-index set is considered. Indeed, let
us take, for instance, Iy = [(1,1),(1,2),(1,3),(1,4),(1,5),(2,1),(2,2),(2,3),(3,1)],
which is a priori not a good set for the considered values of 7; and 7, as it uses more
points for y, rather than yp, and I, = [(1,1),(1,2),(2,1),(2,2),(3,1),(4,1),(5,1)].
The results we obtain for the two cases m(i) = 7 with Leja points and m in (32)
with CC points are presented in Table 2. Finally, we mention that we observe similar
behavior for all the numerical examples presented below.

TABLE 2
Number of points, error, and estimator for the given multi-index sets Iy and Is.
v1 =2 = 1. Case aniso: y1 =1 and y2 = 0.1.

Case iso:

m(z) = ¢ and Leja points m in (32) and CC points
f pts error estimator | f pts error estimator
o | I 9 3.5977e-2 | 4.8307e-2 29 2.2348e-3 | 3.7151e-3
2 I 7 1.4035e-1 | 2.1013e-1 23 3.1768e-2 | 3.5094e-2
.2 I 9 3.0888e-2 | 3.3697e-2 29 1.9359e-3 | 2.3869e-3
S| Iz 7 2.4784e-3 | 4.5417e-3 23 8.3280e-5 | 1.3008e-4

We now consider the adaptive strategy proposed in Algorithm 1. From now on,
we restrict our attention to CC nodes and m defined in (32). We start with the
isotropic case 71 = 2 = 1. We set the tolerance to T'ol = 10~°. The evolution of the
multi-index set I during the adaptive process is presented in Figure 3. The multi-
index in green denotes the selected element at the current iteration of Algorithm 1,
i.e., the one with the highest profit, before it is added to I.

We can detect the isotropy of the problem by the symmetrical construction of the
multi-index set. For instance, at iteration 11 the point (4,2) is added, while (2,4) is
selected at the next iteration. Moreover, we see that the estimator provides a good
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Fic. 3. Ewvolution of I during the adaptive process for the case y1 = v2 = 1. From left to right:
iterations 8 and 14 and order of selection of the multi-indices. (See online version for color.)
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F1G. 4. Final sparse grid (left) and error and estimator with respect to the number of points in
semilogarithmic scale (right) for the case y1 =2 = 1.

control of the error as shown in Figure 4, where the final sparse grid is also given. It
has been obtained after 17 iterations, yielding a grid of 97 points and an error and
an estimator of about 3.8464e-7 and 7.6980e-7, respectively. The error in the energy
norm at this final stage, namely ||CL%V€HLZO(F;L2(D)), is about 3.0020e-7 and thus close

to the error in the H' seminorm. Finally, we mention that the highest profit of the
elements of the margin of this final stage is about 2.3220e-8 and is achieved at (2, 5),
which belongs to the reduced margin.

We now set different values for 71 and 72 in (33) to see whether the adaptive
algorithm is able to capture the anisotropy of the problem. We thus set v, = 1 and
vo = 0.1. In Figure 5 we present the set I at various steps of the adaptive construc-
tion. As expected, the algorithm clearly identifies a preferred direction, namely, the
horizontal direction which corresponds to y;.

The final sparse grid for a tolerance of Tol = 1076 in Algorithm 1 is given in
Figure 6 and has been reached in 10 iterations. In this case, there are 41 points in the
sparse grid, the error and estimator are 6.9851e-8 and 1.2506e-7, respectively, and the
maximal profit among the elements of the margin is about 2.0030e-8 at (3, 3), which
belongs to the reduced margin. Finally, the error in the H' seminorm is comparable
to the error in the energy norm, which is about 6.3569e-8.
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FiG. 5. Ewvolution of the multi-index set I during the adaptive process for the case v1 = 1 and

vy2 = 0.1. From left to right: iterations 4 and 8 and order of selection of the multi-indices.
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Fic. 6. Final sparse grid (left) and error and estimator with respect to the number of points in
semi-logarithmic scale (right) for the case y1 = 1 and v2 = 0.1.

Case N = 8. To conclude on this inclusion problem, we consider the case N = 8
as in [31] and choose Y;, ~ U[—0.99,0.2] forn = 1,...,81in (33). The geometry is given
in Figure 7(left), where the value of the coefficients v,, n = 1,...,8, is also given.
The FE mesh we are using contains 3805 vertices and 7416 triangles with minimal
diameter and maximal diameter hp of about 1.0041e-2 and 3.1153e-2, respectively.
For this case, we set the tolerance to Tol = 1073 in Algorithm 1.

In Figure 7(right), we give the error and the estimator with respect to the number
of points in the grid. At the final stage, obtained in 79 iterations, the sparse grid
contains 363 points, and the error and estimator are about 1.0852e-4 and 9.9014e-4,
respectively. Moreover, the error in the energy norm is about 8.7246e-5. Finally, the
maximum profit among the elements of the margin is about 5.4553e-6 and is achieved
at (1,1,1,2,1,2,2,1).

In this case, the estimator still provides a reasonable control of the error, even
though it is less efficient than for the case N = 2. We see several possible explanations
for this behavior and give a nonexhaustive list below. First, we have not been able to
prove that the error estimator provides a lower bound for the error. The difficulties
arise from, among other things, the lack of Galerkin orthogonality and the use of the
triangle inequality to localize the estimator on each multi-index of the margin. More-
over, we are not taking into account the error due to the approximation of the L3°(T')
norm, and further investigation should be made in this direction, namely, trying to
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Fic. 7. Geometry of the problem for N = 8 with indication of the coefficients yn, n =1,...,8,
(left) and error and estimator with respect to the number of points in logarithmic scale (right).
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FIG. 8. Projection of the multi-index set I, obtained for Tol = 1073 in Algorithm 1, on (y1,y4)
(left), (y1,ys) (maddle), and (y1,ys) (right).

quantify this additional error and perform additional tests with other training sets
©. The size of the training set could also be adapted with respect to the number of
points in the sparse grid and not be fixed once and for all as considered here.

The projection of the obtained multi-index set I over two directions, namely, y;
and yq4, y1 and ys5, and y; and ysg, is presented in Figure 8. These results are consistent
with the choice we made for the value of the coefficients ~,, n = 1,2,...,8; see Figure
7(left).

6.2. Second example. As a second numerical experiment, we consider problem
(1) with D = (0,1)?, f(x) = 32(z1(1 — 21) + 22(1 — x2)), and

cos(2mnxy) + cos(2mnasy)

(7n)2 Y, (w) with Y, ~U[-V3,V3]

N
(34) a(x,Y(w)) =1+

n=1

for x = (x1,22) € D. We use a spatial mesh consisting of 2673 vertices and 5184
triangles with minimum diameter and maximum diameter hp of about 0.01 and 0.04,
respectively. Finally, we consider the two cases N = 3 and N = 5 and set the tolerance
to Tol = 10~% in Algorithm 1.

The results for the case N = 3 are given in Figure 9. We plot the error and the
estimator with respect to the number of collocation points. We also give the projection
of the final multi-index set I over two directions, namely, y; and ys. For this final
state, obtained in 27 iterations, the error and the estimator are about 4.3746e-7 and
9.2363e-7, respectively, and the grid contains 141 points. The error in the energy
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Fi1c. 9. Error and estimator with respect to the number of points in logarithmic scale (left) and
projection of the final multi-index set on (y1,y3) (right) for the case N = 3.

norm is about 3.5904e-7. Finally, we mention that the multi-index added in the last
iteration to the final set I is (4, 3,1) and that the maximum profit among the elements
of M is about 3.0550e-8 and is reached at (3,2, 3), which belongs to R;.

Figure 10 contains the results for the case N = 5. The final multi-index set [ is
projected on y; and y3 and on y; and y5. The final grid has 973 points, for an error
and estimator of about 1.7666e-7 and 9.9454e-7, respectively, and was reached in 110
iterations. The error in the energy norm at this final stage is about 1.4942e-7. Finally,
the last multi-index added to the set is (4,2,1,2,2), and the maximum profit among
the elements of the margin of the final set is about 3.9748¢-9 at (4,3,1,2,1) € R;.
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Fic. 10. Error and estimator with respect to the number of points in logarithmic scale (left)
and projection of the final multi-index set on (y1,y3) (middle) and on (yi,ys) (right) for the case
N =5.

In both cases N = 3 and N = 5, the error estimator provides a good control of the
error, the overestimation being slightly bigger for N = 5 than for N = 3. Moreover,
due to the decay of the a,, in n~2, the random variables Y,, should have less and less
influence as n increases. The adaptive algorithm is able to capture this feature, as
seen, for instance, when projecting the obtained multi-index set over two different
directions. From this experiment, together with the numerical results obtained for
the inclusion problems, we see that the efficiency of the stochastic error estimator
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seems to be linked to the number of random variables. Further investigation should
be made in this direction to determine whether this is indeed the case or if the reason
lies elsewhere, for instance, in the error due to the approximation of the L7° (T") norm.

Remark 6.2. For all the numerical examples given above, the selected multi-index
at each iteration of Algorithm 1 belongs to R;. In what follows, we consider a 1D
example for which the optimal set is not downward closed, as observed in [12]. The
goal is then to see whether our adaptive algorithm captures this feature.

6.3. 1D numerical example. We consider problem (1) with D = (0, 1) the unit
interval, f(z) = 1, and a(z, Y(w)) = 1+ 0.1Y7(w) + 0.5Y5(w), where Y,, ~ U[-1,1]
forn=1,2.

For the FE mesh, we consider a uniform partition of the unit interval with mesh
size h = 2712; that is, we discretize [0, 1] taking the nodes x; = ih with i =0, ...,2!2.
In Figure 11 we give three different examples for which the selected multi-index be-
longs to M;\R;. For such a multi-index, more than one element is added to I because
of the constraint that I remains downward closed during the adaptive process. If we
set the tolerance to Tol = 1078 in Algorithm 1, the adaptive process stops after 16
iterations and the sparse grid contains 153 points in I'. Moreover, the corresponding
error and estimator are about 2.4882e-9 and 4.2305e-9, respectively, while the error
in the energy norm is about 2.0389e-9.

2 ® | — current multi-index se 2 ® | —— current multi-index sef ! ® | —— current multi-index sef
° MI —— margin of | o M, -—marginofl o M, -—marginof |
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Fic. 11. Three examples for which the selected multi-index belongs to M1\ Ry which correspond
to iterations 8 (left), 11 (middle), and 12 (right).

6.4. Comparison with a heuristic error indicator. Finally, we compare our
error estimator with the heuristic error indicator

(35) Any = > A= Y 1A ()| gy
ieM;y ieMy

that is based on the relation [lup — Srlun]l|Lzr,vy < Digr | Am) (un)ll Lz (r;v)- Notice
that we use the FE approximation uy, of u since the FE error is not taken into account
here. This error indicator is used, for instance, in [17, 20], although its definition is
restricted to the reduced margin. We can then consider the adaptive strategy of
Algorithm 1 with ¢; replaced by A; and the appropriate modification in the definition
(29) of the profit. Considering the case p = co as above, the computation of A; can
be done similarly to the procedure described in Remark 6.1. We emphasize that the
computation of A; requires the solution of additional PDEs; namely, we need to solve
(7) for each new collocation point between the sparse grid for Sgugy and Sg. In
Figure 12 we give the evolution of estimator, the residual-based error estimator (30),
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Fia. 12. Adaptive algorithm based on the residual-based estimator and the heuristic error
indicator. Case (33) with N = 2 and v1 = 72 = 1 in semilogarithmic scale (left), and first 70
iterations for the case (34) with N =5 in logarithmic scale (right).

and indicator, the hierarchical error indicator (35), throughout the adaptive process,
each setup being run independently. The error obtained for each case, denoted by
error (est) and error (ind), respectively, is also provided. The results are plotted with
respect to not only the cardinality of the current sparse grid but also the number of
collocation points for Sy, for the error indicator (see indicator 2), i.e., the number
of PDE solves needed to compute it. Even if the error indicator is heuristic, it seems
to provide a good control of the error, at least in the two cases considered here.
Indeed, the error estimator and the error indicator are similar and produce comparable
adaptive sparse grids (the same grid for the inclusion problem). Therefore, the true
error is also similar. However, the error indicator is much more costly to compute,
and the higher the dimension, the higher the cost, since additional PDE solves are
needed. This last observation is slightly tempered by the fact that these additional
solves are not wasted since the approximation Sryam, [un] can be returned at the end
of the adaptive process. The error estimator has the advantage of providing a certified
control of the error and is cheaper to compute. In its version provided here, it presents
the drawback of requiring interpolatory sparse grid approximation, and, contrary to
the error indicator (35), it is problem dependent.

7. Dimension adaptive algorithm. We provide here some details on how we
could proceed to deal with the case where the number N of random variables in the
system is large, possibly infinite. For such a problem, the cardinality of the margin
of the multi-index set I becomes large, and the computation of the error estimator
Csc is no longer feasible. The idea is then to activate initially only a finite (small)
number of directions y,—the most important ones—as proposed in [20]. The error
committed by neglecting some directions has then to be appropriately estimated. A
first step in this direction is proposed below. Let us rewrite the diffusion coefficient
a defined in (3) as ay to highlight its dependence on the N random variables Y,
n =1,...,N. Similarly, we write uy for the solution of the diffusion problem with
diffusion coefficient ay. For 1 < M < N, let ups be the solution of the diffusion
problem with coefficient ap/(z,y) = ap(x) + Z?f:l an(2)yn. The goal is to estimate
the error uy — S, [uar.n], where upys p, is the FE approximation of uys and Sy, is the
sparse grid interpolant based on Iy; C N]XI, i.e., with M active variables. This is the
content of the following proposition.
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PROPOSITION 7.1. There exists a constant C > 0 depending only on the mesh
aspect ratio ¢ such that for any p € [1,00], we have

1
(36) lun = Sty [usrilllizg iy < 2 Cneew + Csonr + 6]

min
with npe v and Cson defined as in (16)—(18) upon replacing a, Sy, and up by ap,
Sty> and unr p, respectively, and

(37) 0 := |(an — an)VS1y, [un,nlllzriz2(py)-

Proof. We can easily show that for any v € H} (D) and a.s. in €2, we have

(38) / GNV(UN—S[M[UM’}L]) V=4, +A2+A3,
D
with
(39) A1 = S[M |:/ f’U —/ aMVuM,h . V’U:| 5
D D
(40) Ay = — / S A" (a0 VS, [ - Vo,
DiGMIM
(41) A3 = —/ (aN — aM)VS]M [’U,]\/[}h] . VU.
D

Indeed, we have

/CLNV(UN—S]M[’U,MJI])-VU:/ f?]—/ aNVS[M[uMﬁ]'VU
D D D

:/ f’U—/ CLMVS[M[UMJL]'VU—/(CLN—CLM)VS]M[UMJJ-V’U,
D D D

and the first two terms of the right-hand side can be split into A; and As, defined
in (39) and (40), respectively, proceeding exactly as in the proof of Proposition 4.3.
Then, these two terms A; and As, which correspond to the errors due to the FEM
and the SC method, respectively, can be estimated by proceeding exactly as in section
4. For the term Az, which corresponds to the error due to neglecting some directions,
we simply apply the Cauchy—Schwarz inequality. Plugging these estimations into (38)
with v = uny — Sr,, [unr,n], we finally obtain (36) using the norm equivalence (4) and
taking the LL(T') norm on both sides. |

The term 6 defined in (37), which controls the neglected directions, can be further
estimated. Considering the case p = 2 and denoting by o2 the variance of Y,,, n =
M+1,...,N, we get

N
0= Y 62 with 6} 1=UiHGnVSIM[UM,h]H%g(F;LZ(D)y
n=M+1

where we have used the independence of the random variables and the fact that
Sty [uar,n] depends only on y,, n =1,..., M. Since the computation of § might still
be prohibitive if N > M, we can further decompose it into two parts as

M+Q N

2 2 2 2 2
0" = Z Hn + Z en < QQ,M + etail’
n=M+1 n=M+Q+1
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with

(42)
M+Q N

0o = Y, 0 and 0, :=|VSi,[umplllizaciziy Y, onllanliep
n=M+1 n=M+Q+1

for some 1 < @Q < N — M, and compute 6,, only for the first @ terms, i.e., for
n=M+1,...,M + @Q. For the choice of (, we can, for instance, fix it to some
prescribed value. Another possibility is to choose @ such that 0?27 v A 02, ie., such
that the two terms are balanced. In the spirit of Algorithm 1, a possible adaptive
strategy for high-dimensional problems is provided in Algorithm 2, where the same
notation as in section 5 is used and 6¢ s is defined in (42).

Algorithm 2 Dimension adaptive algorithm (stochastic space adaptation).
Require: Tol > 0, M,
Ensure: multi-index set Iy C N such that (s a + 60 < Tol

1: M= Minitv Iy = {1} C Nﬁ\f, Uh, Ty = SIM [uM,h]

2: compute gSC,M and GQ,M with @ = mln{@ : GQ,M > Gmu}

3: while CSC,M + \/§¢9Q’M > Tol do

4 if Csem > V200,m then

5: i*= argmaxie nq, P

6: Ing < Ing U Ags

T: Un, Iy = Sta [Un1,n]

8: else

9: m* = argmax .y 1<n<ar+q O

10: extend Ip; and My,, by adding the direction y,,~ (does not affect up ,,)
11: M + M + 1 (and relabeling of the neglected directions if needed)

12:  end if

13:  compute {sc,m and g ar with Q = min{Q : GQ v = Orait}
14: end while

8. Conclusions. In this work we have derived a residual-based a posteriori er-
ror estimate for the SC-FEM, focusing on an elliptic model problem with a random
diffusion coefficient. Our error estimate is valid under the assumptions that the dif-
fusion coefficient depends affinely on the random variables and that the sparse grid
approximation is interpolatory, which requires the use of nested points. The error es-
timate, which provides an upper bound of the total error, is constituted of two parts
accounting for the FE error and the SC error, respectively. We have then used the SC
estimator to drive an adaptive strategy in which the multi-index set characterizing
the sparse grid is constructed step by step. We assign a profit to each element of the
margin of the set and, at each iteration, select the most profitable one to enter the set.
We have provided several numerical examples of moderate dimension to illustrate the
theoretical findings. More precisely, we have compared the error and the estimator
for various given multi-index sets and have then tested the efficiency of the proposed
adaptive algorithm. This algorithm, which uses the SC estimator to drive the adap-
tive process, is one possible strategy. Several other versions could be considered as
well, for instance, by selecting more than one multi-index at each iteration using a
so-called Dorfler or maximum marking strategy with, ideally, a proof of convergence.
In the case of high-dimensional problems, that is, when the coefficient depends on



3142 DIANE GUIGNARD AND FABIO NOBILE

(possibly infinitely) many random variables, the computation of the profit of each
element of the margin becomes prohibitive, and an alternative should be used. We
have given some insight in this direction and proposed a possible adaptive strategy;
however, further investigations, including numerical experiments, should be done.
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