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EFFICIENT ITERATIVE SOLVERS FOR STOCHASTIC GALERKIN
DISCRETIZATIONS OF LOG-TRANSFORMED RANDOM
DIFFUSION PROBLEMS

ELISABETH ULLMANNT, HOWARD C. ELMAN#, AND OLIVER G. ERNSTT

Abstract. We consider the numerical solution of a steady-state diffusion problem where the dif-
fusion coefficient is the exponent of a random field. The standard stochastic Galerkin formulation of
this problem is computationally demanding because of the nonlinear structure of the uncertain com-
ponent of it. We consider a reformulated version of this problem as a stochastic convection-diffusion
problem with random convective velocity that depends linearly on a fixed number of independent
truncated Gaussian random variables. The associated Galerkin matrix is nonsymmetric but sparse
and allows for fast matrix-vector multiplications with optimal complexity. We construct and analyze
two block-diagonal preconditioners for this Galerkin matrix for use with Krylov subspace methods
such as the generalized minimal residual method. We test the efficiency of the proposed precondi-
tioning approaches and compare the iterative solver performance for a model problem posed in both
diffusion and convection-diffusion formulations.
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1. Introduction. We are interested in constructing efficient numerical methods
for the steady-state diffusion equation where the diffusion coefficient is a positive
random field of specific structure. The problem is

-V - (exp(a)Vu) = f, (1.1)

posed on a bounded domain 2 C R? together with appropriate boundary conditions.
The log-transformed diffusion coefficient a = a(x,w) is a random field, that is, for
each elementary event w in a given probability space (2,2, P) we obtain a scalar
function a(-,w) varying in the physical domain &. Such problems arise, for example,
from groundwater flow simulations, where the permeability is often modelled as a
lognormal random field, see [19, 50].

The nonlinearity of the diffusion coefficient complicates the numerical solution of
(1.1). For example, as we show in Section 2 below, if stochastic Galerkin methods
are combined with a polynomial chaos expansion of exp(a), then computations must
be carried out with matrices of dense structure that are expensive to use. However,
the particular form of this coefficient allows for a “log-transformed” reformulation
of the problem as a convection-diffusion problem. This approach is mentioned, for
example, in [50, section 1.4] and [40]. Multiplying both sides of (1.1) by exp(—a) and
rearranging, we obtain the equation

—Au+w-Vu = fexp(—a) (1.2)
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with (advective) velocity w = —Va. Indeed, since
exp(—a)V - (exp(a)Vu) = exp(—a) exp(a)Au+exp(—a)Vexp(a) - Vu = Au+Va-Vu

we have arrived at (1.2). Notably, the convection-diffusion problem (1.2) contains
the gradient of the log-transformed diffusion coefficient a on the left-hand side of the
equation; the fact that this is linear in a will lead to discrete problems with simpler
structure and sparse system matrices. The inverse of the term exp(a) appearing on
the right-hand side of the equation raises no special difficulties.

In this study, we will explore the stochastic Galerkin discretization [22] of the
convection-diffusion formulation of the diffusion problem and show that the associ-
ated discrete systems can be solved efficiently by iterative methods. In particular, we
show that preconditioning operators derived from a matrix associated with the mean
of a can be combined with Krylov subspace methods to give convergence rates that
are independent of the characteristic mesh size of the spatial discretization and only
slightly sensitive to parameters of the stochastic discretization, for example the stan-
dard deviation of a. We consider two ways to construct preconditioners, one based on
a discrete diffusion operator, and the other derived from a discrete convection-diffusion
operator. For both these methods, the required computations needed to implement
the preconditioning operation can be done efficiently using multigrid methods, leading
to textbook multigrid behavior.

An outline of the paper is as follows. In Section 2, we review the treatment
of the original stochastic steady-state diffusion equation (1.1) by Galerkin methods,
describe the details of the random field model for this formulation, and discuss the
iterative solution of the Galerkin equations. In Section 3, we present the convection-
diffusion formulation (1.2) in detail, introduce its weak formulation, and describe
the construction and properties of the associated Galerkin matrix. In addition, we
touch upon some aspects of stability and implementation for the convection-diffusion
formulation. Section 4 contains the major contribution of this work. Here, we present
the preconditioning methodology for the discrete convection-diffusion equations and
derive bounds on eigenvalues and convergence rates associated with it. In Section 5,
we demonstrate the effectiveness of the new preconditioning strategies for the discrete
convection-diffusion formulation of the problem and compare their performance with
solvers for the discrete diffusion formulation. Finally in Section 6, we make some
concluding observations.

2. Stochastic steady-state diffusion problem. Our point of departure is
the diffusion equation (1.1) with stochastic diffusion coefficient of the form exp(a). A
formal statement of the problem is to find a random field u(z,w) satisfying

-V - (exp(a(z,w))Vu(z,w)) = f(z), in 2 x Q,
u(x,w) (z), on 0%p x £, (2.1)
n-Vu(z,w) = 0, on 09N x Q a.e.

I
[eRa}

For simplicity, we consider deterministic boundary conditions on 02 = 0%p U 09N
and a deterministic source term f = f(x).

2.1. Log-transformed diffusion coefficient. Assume that the function a is a
Gaussian random field; then it can be specified in terms of its mean value ap(xz) =
(a(z,-)) and covariance function

Cov(z,y) = ((a(z,) —ao(x))(a(y, ) —ao(y))), =,y €.
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Here, (-) denotes the expectation with respect to the probability measure P. A widely-
used tool for the representation of Gaussian random fields is the Karhunen-Loeve (KL)
expansion [32]

a(@,w) = ao(@) + 0 3 VA (@) (@), (2.2)

where {&,,,}°5°_, are independent standard Gaussian random variables, o = Cov(z, )
denotes the (spatially constant) variance of a, (Am,am)3_, are eigenpairs of the
integral operator C' : L?(2) — L*(2),

(Cu)(x) = /_@ (@ @) dy,  (Cam)(@) = Amam(@), (2.3)

and the kernel function is Cov(z, y)/0?. We assume that the eigenvalues \,, in (2.2)
are arranged in decreasing order. In actual computations, only the first M + 1 terms
in the KL expansion are retained, yielding an approximation of a of the form

M
o™ (z,w) = ag(x) + 0 >V A m(T)ém(w). (2.4)
m=1

In the current treatment of stochastic diffusion problems by Galerkin methods it
is standard to assume that the random diffusion coefficient can be bounded a.e. in
D x Q by deterministic constants in order to obtain a well-posed weak formulation
[1, 3, 4,5, 13, 18]. A major complication arising from lognormal diffusion coefficients
is, however, that realizations of a (and thus exp(a)) cannot be uniformly bounded
with respect to w € 2. Instead, we have

0 < emin(w) < exp(a(z,w)) < emax(w) < 00 a.e. in 2 x

where emin(w) and epax(w) are random variables, see [20] and [24]. Note that each
individual realization of exp(a) is bounded away from zero and infinity. A well-
posed weak formulation of (2.1) can be obtained under additional assumptions on
the regularity of the source term f and e;liln (see [2]). Other approaches involve
weak formulations in weighted versions of standard Sobolev spaces, see the works
[20, 24, 34].

Since the focus of our study is on iterative solvers for the discrete Galerkin equa-
tions we do not adopt these advanced techniques here and follow the standard ap-
proach. To this end, we modify our model for the log-transformed diffusion coefficient
slightly and make the simplifying assumption that the random variables {&,,}2_; in
the KL expansion (2.4) of a are independent and have a truncated Gaussian density
of the form

pn(Em) = (2@(c/s) = 1)~ x (V2ms) ™' x exp(=€5,/(25%)) X Lj_cg(€m)  (2:5)

form=1,..., M. Above, ®(-) denotes the standard Gaussian cumulative distribution
function, ¢ > 0 denotes a cut-off parameter and the constant s > 0 is chosen such that
&m has variance one. Now, |£,,| < ¢ and for sufficiently regular covariance functions
it can be shown that the KL eigenfunctions in (2.2) are bounded (see [42, Theorem
2.24]). In summary, then, |a™)(z,w)| is bounded a.e. in 2 x Q, and thus it follows

0 < emin < exp(a™)(z,w)) < emax < 00 a.e. in 7 x ), (2.6)
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where enin and enay are deterministic constants.

We mention that stochastically linear models of the form (2.4) with independent
random variables often approximate Gaussian random fields irrespective of the dis-
tribution of their random parameters (see [26, Section 2]). In addition, the idea of
reformulating the original lognormal diffusion problem (1.1) as a convection-diffusion
problem is applicable to all log-transformed diffusion coefficients of the form (2.2)
regardless of the statistical properties of the random variables {&,,}2°_, in (2.2).

2.2. Stochastic Galerkin formulation. With a™)(z,w) of (2.4) used for
a(x,w), the weak formulation of (2.1) is to find u € Hg(2) ® L2(T) such that

//exp NVu -V pde dé = //fvpda:dﬁ Vv € Hy(2) @ LA(T). (2.7)

Here, HY{(2) = {v € HY(2): v|og, = 0} C H(2Z) is a subset of the standard
Sobolev space H(%), and L%(l") denotes the Sobolev space of square-integrable func-
tions on the joint image I' = I'y x - -+ x I'j; of the truncated Gaussian random vari-
ables &,,(Q) = T, = [—c¢, ] weighted by the M-variate probability density function
p(&) = p1(&1)p2(&2) -+ par(€ar). Since the log-transformed diffusion coefficient in (2.7)
satisfies (2.6), the well-posedness this problem follows (see, for example, [3]).

We will consider piecewise (bi)linear finite elements for the physical discretization
and complete M-variate (generalized) chaos polynomials of total degree < d for the
stochastic discretization. In other words, the finite-dimensional physical subspace is

X, =span{¢ € H}(?): ¢|x € Pi(K) YK € F,}, (2.8)

where K € .7, denotes an element (triangle, rectangle) in a triangulation .73, of the
physical domain 2, and P;(K) is the space of (bi)linear functions on K. Defining
n, = dim(Xp), we write X, = span{¢1, ¢2, -+, dn, }-

For the stochastic discretization, we use as shape functions the (generalized)
chaos polynomials 1, consisting of products of orthonormal (univariate) polynomi-
als Yo, U1, ..., 0y, ..., deg(,)= n, generated by the truncated Gaussian probability
density function in (2.5). (These polynomials are known as Rys polynomials, see [21]
and the references therein.) That is,

=[] tamEm)- (2.9)

Here, @ € .# = N}/ is a multi-index with M components. We define
Jg={ae I |a| <d},
and write
Saq = span{Ya: @ € Iy} (2.10)

We will enumerate the stochastic shape functions {1q} with multi-indices ¢(j) € -y,
where j € {1,...,n¢g}, ng = dim(Sy) = | Fa| = (M+d) Discretization using the spaces
(2.8) and (2.10) produces the discrete Galerkin equations

iZ// exp(aM)\Vo; - Vi 1, jyYueyp dz dE U(d M — /r/@f¢k Yoy pdx d§

=1 j=1
(2.11)
fork=1,...,ngand £=1,... ,n¢.



2.3. Generalized polynomial chaos expansion of exp(a). As detailed in
Section 2.1, the diffusion coefficient exp(a(*)) in (2.11) is a nonlinear function of
the components of the KL expansion of a of (2.2). It can be represented using a
generalized polynomial chaos expansion [49],

exp(a(M)(:c,w)) = Z aa(“’)‘/’a(ﬁ(w)),

e y (2.12)
ta(@) = (exp(a®)a) = exp(as(@)) [ (exp(ov/Aném)va,, (&) )
m=1

Again, a € # = N} is a multi-index. For results on the convergence of such an
expansion see [16]. Since analytic expressions for the chaos coefficients ao are in
general lacking, we compute these with the help of Gauss quadrature rules generated
by the truncated Gaussian density (2.5). Inserting the expansion (2.12) into the
Galerkin equations (2.11), we arrive at

Y 3y [ aa¥or- Vondo (o) uls” = [ fonde ) (213

Q€ Fog i=1 j=1

Above, we have used the notation ( fr g(&)p(€) d€. Note in particular that
<1/}a1/lb(j)1/)L(g)> =0for a € S\ Ay, so that the chaos expansmn of exp(a™)) in (2.12)
is implicitly truncated in (2.13) and involves chaos polynomials of total degree < 2d
in the M random variables. Introducing the finite element matrices

[Aa]i,k = / aaVor - Vo, dx, Lk=1,...,ng, € Soq, (214)
2

and the stochastic Galerkin matrices [17]
[Ga]j,f = <1/}a1/}L(f)1/}L(])> s jvé = 15 S, Ng, X E dea (215)

we have arrived at the Kronecker product representation of the matrix A associated
with the Galerkin equations (2.13) of the original stochastic diffusion problem,

> Ga® Aa. (2.16)

€ Iy

This matrix is symmetric positive-definite, so the conjugate gradient (CG) method
[28] can be used for iterative solution of the Galerkin system. It is known that Ais
ill-conditioned with respect to the mesh size h, the standard deviation o of the log-
transformed diffusion coefficient o™, and the total degree d of the chaos polynomials;
see [17, 37, 47]. Tll-conditioning with respect to the spatial mesh size can be handled
by a mean-based block-diagonal preconditioner derived by approximating the random
diffusion coefficient exp(a(™)) by its mean value (exp(a™))), see [23, 31, 35, 36].
Analysis in [36] shows that the spectrum of the mean-based preconditioned Galerkin
matrix is independent of h. (The analysis is performed for stochastically linear diffu-
sion coefficients but it carries over to stochastically nonlinear diffusion coefficients.)
The robustness with respect to o and d can be improved using a “Kronecker product”
preconditioner developed in [47].



Unfortunately, the matrix-vector products required by CG are expensive. Al-
though each finite element matrix A, in (2.16) is a sparse n, X n, matrix, the global
Galerkin matrix A is block dense [33]. As a result, matrix-vector multiplications with
the fully assembled A require O(ngnm) work. Storing only the Kronecker factors in

(2.16) does not cure this problem. In fact, matrix-vector multiplications with Ain
the form (2.16) cost at least O(ngngna) operations, where ng = |Faal|/|-al < ne,
see [47]. These costs do not scale linearly in the total number of unknowns and thus
preclude from the outset the design of iterative solvers with optimal, i.e., O(ngng)
complexity.

2.4. Karhunen-Loéve expansion of exp(a). A sparse Galerkin matrix can be
obtained by representing the diffusion coefficient exp(a) in (1.1) using a KL expansion,
see [48] for details of this approach. Precisely,

exp(a(z,w)) = eo(@) + ) vV ()i (). (2.17)

m=1

Here, (Vm,em)oo_, are the eigenpairs of the covariance integral operator defined as
in (2.3) with the covariance function of exp(a) as the kernel function. If the sum in

(2.17) is approximated using M terms, the resulting approximate diffusion coefficient

is a linear function of M basic random variables {nm}M_,. In this case, the Galer-
kin matrix analogous to (2.16) will be sparse (see, for example, [36]) and allows for
inexpensive matrix-vector products.

We will not pursue this approach here. Note that the random variables {n,,}
are uncorrelated but dependent and their probability density functions are not known
in general, nor is their joint density function. This issue is addressed in [48], where
the marginal densities of each random variable are estimated, and the joint density is
estimated using the assumption that the variables {n,,} are statistically independent.
The stochastic discretization is then carried out in terms of generalized polynomial
chaos functions of the form (2.9) generated by the (estimated) density functions of the
random variables {n,,} in (2.17). A postprocessing step is required to approximate
the actual law of probability of the random solution. Moreover, it is not clear how
the decay of the eigenvalues in the KL expansion of exp(a) relates to the decay of the
respective eigenvalues in the KL expansion of the log-transformed diffusion coefficient
a. The eigenvalue decay determines the number terms to be retained in order to
parameterize and approximate the random input. Depending on the correlation length
and standard deviation of a, it can happen that the number of variables required in
the expansion of exp(a) is (significantly) larger than the number of variables to be
retained in the expansion of a.

3. Reformulation as a convection-diffusion problem. In this section, we
use the reformulated convection-diffusion variant of the problem, (1.2), in combination
with a stochastically linear expansion of the gradient Va of the log-transformed diffu-
sion coefficient, to generate an alternative discrete Galerkin system built from sparse
matrices. A formal statement of the transformed problem is to find the random field
u(x,w) satisfying almost everywhere

—Au(z,w) + w(z,w)  Vu(z,w) = f(z)exp(—a(z,w)) in 2 xQ,
u(z,w) = g(x) on 0%p x £, (3.1)
n-Vu(z,w) =0 on 09y % Q,
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where the velocity w(z,w) = —Va(x,w) is a vector-valued random field. As above,
we use the truncated KL expansion a™) of (2.4) as the log-transformed diffusion
coefficient a. In addition, we make the assumption that the gradient of a(™) is well-
defined. We will discuss this point in Section 3.3 below.

Following the procedure in Section 2.2, the weak formulation of (3.1) is to find
u € Hj(Z) ® L2(T) such that for all v € Hj(Z) ® L2(T)

/F/@VU'vadmd£+/F/@UwM'VUPdmdﬁ—/F/@fexp(—a(M))vpdmdg, (3.2)

where wy; = —Va™). Since the log-transformed diffusion coefficient ™) is uni-
formly bounded in our model (see (2.6)), we can choose the modified test function
v-exp(—a™) € H}(2) ® L2(T) in the weak formulation (2.7). Then it is easy to
see that the weak formulation (3.2) of the convection-diffusion version is equivalent to
the corresponding original weak formulation (2.7). Hence, the well-posedness of (3.2)
follows from the well-posedness of (2.7).

REMARK 3.1. The connection between diffusion and convection-diffusion prob-
lems through logarithmic transformation is documented in the literature, see, for ex-
ample, [38] and [45, 46]. In the latter works, the existence of a velocity potential is
assumed, which enables a recasting of the convection-diffusion formulation (1.2) as a
diffusion problem of the form (1.1). Here, we are following the opposite strategy in
order to construct efficient iterative solvers for our model problem.

3.1. Galerkin equations. Use of the finite-dimensional subspace X;, C Hj(2)
in (2.8) and Sq C L2(T') in (2.10) yields a conforming Galerkin finite element dis-
cretization of the stochastic convection-diffusion problem (3.1). The discretized Gal-
erkin equations for the n, - ng degrees of freedom (d.o.f.s) that define u € X, ® Sy
can be derived from (3.2) as

ng ¢

Z Z {/@ Vi - Vo dx — /@ ok Vag - Vi da| (by)tue)) “E,Cf)
i=1 j=1
M ng ne
- Z Z Z /_@ N An®kVam - Vo dz (Enth iyt ugf;” (3:3)
=1i=1 j=1
- tafér dz (Yatbie)
aezﬂd ‘/@ Z

fork=1,...,npand £ =1,...,ne. In (3.3), ta = <exp(—a(M))1/1a>, a € .7 denotes
the generalized polynomial chaos coefficients of exp(—a™)). Since <waz/1L(g)> =0 for

o € #\.#,;, the chaos expansion of exp(—a™)) above is implicitly truncated. We
define the finite element matrices

(L) = / Vi - Vo, dz, (3.4a)
2
[Noli e = —/ ¢i Vag - Vi de, (3.4b)
2

[Nm]iﬁk:—/U\/)\mqﬁiVam-VqSkd:c, ik=1,...,ng, m=0,...,M. (3.4c)
Z

7



The matrix L corresponds to a discretized Laplace operator in the spatial domain,
and Ny and N, correspond to the convection operators Vag- and ov/\,, Va,-, re-
spectively. In addition, we define the stochastic Galerkin matrices

[Go]j,e = <wL(Z)"/JL(J)> ) (35)
[Gm]jj = <§m1/’L(e)¢L(j)>, Hl=1,...,n¢, m=1,..., M. (3.6)
Thus, noting that Gy = I is the ng X ng identity matrix in our setting, the Galerkin

matrix associated with the Galerkin equations (3.3) of the stochastic convection-
diffusion problem are given by

M
C=I®(L+No)+ > Gum®Np. (3.7)

m=1

We mention that the nonsymmetric matrices N,,, m =0, ..., M, in (3.4b) and (3.4c)
are in general not skew-symmetric, since the terms Vag and o/ A, Va,, are in general
not divergence-free.

3.2. Stability considerations. The convection-diffusion problem in (3.1) can
be written as

o "Au+w-Vu=0c"tfe?,

where the velocity is

M
w=—0 'Va=—-06"'Vag — Z VA Vam&m.
m=1

Thus, for large values of o, the stochastic convective term dominates the diffusive term
—U_lA’li as well as the mean convective term —o~'Vag - Vu. In this situation, the
matrix C'in (3.7) could have qualities like those associated with convection-dominated
flow problems, where for large mesh Péclet numbers, stabilization techniques might
be required (see [15]).

We examine this question using the benchmark problems from Section 5 below,
where complete specification of the PDEs and discretizations are given. In particular,
we compute two quantities,

Pr.=P(w € Q: ||lwe(w)|| <2/h), (3.8)

the probability of the event that the stochastic element Péclet number ||w.||h/2 is
less than or equal to one, where w,(w) = —Va™)(x.,w) denotes the random velocity
evaluated at a finite element centroid x. € Z; and the mean element Péclet number

o 1/2
Pe = /(llwc[l?h?/4) = (n/2) (IIVCLo(mc)I2 +ot )y AmIVan«L(w::)|2> - (39

m=1

Using bilinear elements and a variety of discretization mesh sizes (see Tables 3.1—
3.2), we estimated Pr. in (3.8) in each element via Monte Carlo integration with
2.5 x 10° samples. We found that max{Pr.} = 1.00 and min{Pr.} = 1.00 for all but
one combination of n and o, where min{ Pr.} = 0.99. Table 3.1 shows the maximum
values of P, over all elements, for the benchmark Examples 5.1 and 5.2. These two

8



_ TaBLE 3.1
Ezamples 5.1-5.2: Maximum of Pe of (3.9) over all elements in an n X n mesh.

M=5 /=1 M =10,¢=0.5
n=h1]0o6=01 06=10 06=20|0c=01 oc=10 oc=20
16 0.006 0.062 0.124 0.012 0.124 0.247
32 0.003 0.031 0.062 0.006 0.062 0.124
64 0.002 0.015 0.031 0.003 0.031 0.062
128 0.000 0.008 0.015 0.002 0.015 0.031

_ TaBLE 3.2
Ezamples 5.53-5.4: Maximum of P. of (3.9) over all elements in an n X n mesh.

M=5 /=1 M =10,¢=0.5
n=h1]0o=01 06=10 06=20|0c=01 oc=10 oc=20
16 0.607 0.609 0.615 0.607 0.616 0.645
32 0.308 0.309 0.312 0.308 0.312 0.327
64 0.155 0.156 0.157 0.155 0.157 0.164
128 0.078 0.078 0.079 0.078 0.079 0.082

examples differ in the number M of terms in a(*) and correlation length of the
covariance function. Table 3.2 shows the analogous quantities for Examples 5.3-5.4.
It can be seen that in all these examples, the mean element Péclet number is smaller
than one.

These data suggest that stabilization is not needed for these benchmark problems.
In contrast to what happens for flow problems, where flows can be highly convection-
dominated and give rise to Péclet numbers of many orders of magnitude in size,
here we do not expect the standard deviation o to be larger than O(1). Since the
components of {Va,,} are bounded for sufficiently regular covariance functions of a
(see [42, Theorem 2.24]), this trend is likely to be representative, and we do not expect
stabilization to be required.

We also mention that if stabilization were actually needed, it can be implemented
cheaply when linear finite elements are used for the spatial discretization defining X},
in (2.8) and the streamline diffusion methodology (see [15] and references therein) is
applied to the convection-diffusion problem. In this case, the term

</@ S(w - V) (w - Vo) ¢L(j)¢b(z)>

is added to the left-hand side of the Galerkin equations, where w = —Va™) denotes
the stochastic velocity. If the stabilization parameter § > 0 is a deterministic con-
stant, then the streamline diffusion method yields a stochastically quadratic problem
formulation, since w depends linearly on a fixed number of independent truncated
Gaussian random variables. It is easy to see that the associated Galerkin matrix has
at most 2M? + 2M + 1 nonzero blocks per row, and thus it is block sparse (hence
sparse) for M? < ng.

3.3. Expansion of Va. The convection-diffusion formulation requires Va. To
this end, we differentiate the truncated KL expansion (2.4) of a and arrive at

M
Vo™ (x,w) = Vag + o Z VA Vit ()6 (w).
m=1

9



This allows us to formulate the weak version of the stochastic convection-diffusion
problem in terms of the exact same random variables that appear in the original KL
expansion of a.

The gradient of a,, can be computed using the integral eigenproblem equation

/ c(z, y)am(y) dy = Anam (). (3.10)
1

Assume that a is continuously differentiable in the mean-square (m.-s.) sense;
necessary and sufficient for this is the existence and continuity of Vay and the partial
derivatives (02 /0z;0yx)c(z, y), ©,y € Z, j,k = 1,2 (see, e.g., [12, Chapter 2]). Then,
by Lebesgue’s Dominated Convergence Theorem (see, e.g., [43, Chapter 2]), we can
interchange the order of differentiation and integration in (3.10) and obtain

Oan,

_ 0 )
@) = [ ey, =12 (3.11)

In the experiments in Section 5, we consider random fields with covariance function
Cov(z,y) = o”exp(—(r/0)?), =z —yl,

which satisfies the assumptions above.

The assembly of the finite element matrices Ny, N1, ..., Njs in (3.4b) and (3.4¢)
requires the evaluation of (3.11) at certain quadrature nodes {x¢} € 2. We discretize
the action of the integral operator on the right-hand side of (3.11) by a Galerkin
projection onto the subspace Zj, of piecewise constant functions on a given triangu-
lation 9, of 2. Let Zj, = span{m(z),...,m(x)} C L*(2). With dan(z)/0z; ~

; a;?)jwj(w), i=1,2, and am(z) = ), a£7jwj(m), it follows that the n coefficients
that determine the partial derivative of an (approximate) eigenfunction a,, € Z
satisfy the Galerkin equations

M-

(i) / () 1N, © Oc _
a,,: | mj(x)mp(x)de = A, a,, / / (z,y)mj(y)mp(x) dy de.
o ; 7 Jg Ja O !

1

J

for k=1,...,n and ¢ = 1,2. The matrix formulation of these equations reads
QalV = 'K a9, (3.12)
where @ € R™ ™ denotes the Gramian matrix of {m,...,m,} with respect to the

L?(2) inner product, K € R"*" is a discrete integral operator with kernel function

Oc/0z;, the vector a,(,g) € R™ contains the coeflicients of the KL eigenfunction a,y,,

and the vectors a,,(é) € R™ contain the coefficients of da,,/0x;, i = 1,2, respectively.

The action of Q! can be computed in O(n) operations since @ is a diagonal matrix
in this setting. However, the matrix K in (3.12) is in general a dense n x n matrix.
Therefore we approximate K by a hierarchical #?-matrix (see [6, 8, 27] and refer-
ences therein), which allows us to perform matrix-vector products with K in O(n)
operations. The assembly of an J#?-matrix costs O(nlogn) operations. The vector
a,,(,g) solves a discrete version of the KL integral eigenproblem (3.10). An efficient
way to compute approximate KL eigenpairs is outlined in [14] where ##-matrix tech-
niques are combined with a thick-restart Lanczos method. This approach requires
O(nlogn) operations. In summary, then, approximations to the gradients Va,, of
KL eigenfunctions can be obtained with O(nlogn) complexity.
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An alternative way to obtain a stochastically linear expansion of Va is by direct
computation of the KL expansion of the vector-valued random field Va (see [39,
Chapter 10]). An algorithm for computing the vector KL eigenpairs with O(nlogn)
complexity is presented in [11]. However, the (marginal and joint) densities of the
random variables in such a KL expansion are in general not known a priori and must
be inferred from the probability law of Va.

The fundamental difference between the two expansion strategies lies in the order
of truncation and differentiation. In the first approach, we truncate the KL expansion
of @ and then compute the gradient Va™). In the second approach, the KL expansion
of Va is computed and then truncated. We used the first approach in the computations
described below. We mention that for m.-s. continuously differentiable a its KL
expansion can be differentiated termwise and Va™) converges to Va in the m.-s.
sense uniformly on 2 for M — oo (see [30] 1).

3.4. Piecewise smooth coefficient exp(a). The convection-diffusion formu-
lation (3.1) requires a well-defined gradient Va. However, it can happen that the
diffusion coefficient exp(a) is well-defined but the gradient Va does not exist. Such sit-
uations occur, for example, for piecewise constant mean values (a). This issue can be
addressed as follows. Assume the log-transformed diffusion coefficient a can be written
as a(x,w) = ap(w) + a1(x,w), where exp(—aq) and Vay exist for (z,w) € 2 x Q a.e.
Then we can write exp(a) = exp(ag)exp(a1), and, following the ideas in Section 1,
we obtain

—exp(—a1)V - (exp(a)Vu) = — exp(—a1) exp(ao)V - (exp(a1)Vu)
= —exp(ag)Au — exp(—ay) exp(ag)Vexp(ai) - Vu
= —exp(ag)Au — exp(ag)Vay - Vu.

The associated weak formulation is: find w € Hj(Z) @ L2(T) such that

//exp ap)Vu- vadmd£+//exp ap)vw -Vupde dé = //fe oy pdx dE

for all test functions v € Hg(2) @ L2(T'). The velocity is w = —Va;. This problem
is meaningful for piecewise constant ag.

4. Tterative solvers for the convection-diffusion formulation. We now
consider the iterative solution of the discretized stochastic Galerkin convection-diffu-
sion equations of (3.3). Crucially, the associated Galerkin matrix (3.7) discretizes a
stochastically linear problem. Thus, it is block-sparse with at most 2M + 1 nonzero
blocks per row [36]. Moreover, each block

M
(buwyui) L+ No) + D (Emtbuoyuisy) N
m=1
is a sparse ng X n, matrix. (The matrices L and Ny, N1, ..., Ny all have the same
sparsity pattern.) Therefore, matrix-vector products with C can be performed in
O(ngng) operations for M < ng, which is optimal in terms of the total number of
unknowns. To solve (3.3), Krylov subspace methods such as GMRES [41] designed
for nonsymmetric systems must be used, and it is critical that preconditioners be used
to achieve fast convergence.

IThis result is proved in [30, Theorem A.2] for random functions a : Z x Q — R defined on
D C R but it carries over to random fields defined on 2 C R? with d > 1.
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4.1. Symmetric part of the Galerkin matrix. Before turning to precondi-
tioning approaches we identify the symmetric part of the Galerkin matrix C in (3.7),

H=YC+C)=10L+1®i(No+NJ)+ XM G ® L(Ny+NJ).
To explore the symmetric part of the matrices Ny, ..., Nys, we utilize the relation
V-(rst)=r-V(st)+stV-r=tr-Vs+sr -Vi+stV-r.

Then, letting s = ¢;, t = ¢ for ¢, € Xj C HE(Z), and integrating over the
domain ¥ we obtain

/a%vn'r¢i¢kd5_/@V'r¢’i¢kdm+/@¢kr'V¢id$+/@¢ﬂ‘-v¢kdm.

By choosing » = —Vay and r = —ov/ A Van, respectively, we arrive at %(Nm +
Nl) = H,,, where the symmetric matrices H,, are defined as

[Hol; ), = %(f@ @i o1 Aag dz — fa%v diprm - Vag ds), (4.1a)
[(Honl; = %U\/)\m(f@ &i O Ay, dx — fa@N dippm - Vap, ds), (4.1b)
LWwk=1,...,ng, m=1,..., M.

In summary, then, the symmetric part H of the Galerkin matrix C reads

M
H=1®(L+H)+ Y Gpn® Hp. (4.2)

m=1

4.2. Diffusion preconditioner. First, we consider the matrix EL =1®L as
preconditioner for the stochastic convection-diffusion Galerkin matrix C' in (3.7). We
note that ﬁL is a symmetric positive-definite block diagonal matrix representing only
the deterministic diffusive part of the stochastic convection-diffusion operator. We
are interested in bounds on the generalized field of values

HA
FOV(C, Pp) = { VOV e, v £ 0}.
vH Pro

THEOREM 4.1. The generalized field of values of the Galerkin matrix C in (3.7)
with respect to the preconditioner P, = I ® L is contained in the circle

M
{zeC:|z-1<2cydL}, 0r, = IVaol|eo + oVat1 Z VanllVamlso, (4.3)
m=1

where || W]loo = Supyeq |w(x)|, vay1 denotes the largest root of the univariate, or-
thonormal Rys polynomial of exact degree d+1, and cy > 0 is a constant independent
of h, o and d. R R R

Proof. Observe that C' =1® L + Z%:o Gm @ N,, = P;, + N, hence

FOV(C,P) =1+ FOV(N, Pp).

We enclose FOV(N ,ﬁL) in a circle, which must be shifted by +1 in order to en-
close FOV(C, Pr). To this end, we recall that the field of values is subadditive, i.e.,
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FOV(A + B) C FOV(A) + FOV(B) for matrices A, B € C", where the set sum con-
tains sums of all possible pairs [29, Property 1.2.7]. Furthermore, if the matrix A is
normal, then FOV(A ® B) = conv(FOV(A) - FOV(B)) the convex hull of the product
of all possible pairs from FOV(A) and FOV(B), see [29, Theorem 4.2.16]. Again, if
A is normal, FOV(A) = conv(A(A)) is the convex hull of the spectrum of A. Thus, if
A is symmetric, then FOV(A) is a closed real line segment whose endpoints are the
smallest and largest eigenvalue of A, respectively. Therefore, the generalized field of
values FOV(N, Pr) can be bounded as follows:

M M
FOV(N,PL) € Y FOV(Gy @ Ny, I® L) = > conv(conv(A(Gy,)), FOV(N,y,, L)).
m=0 m=0

(4.4)
Next we wish to bound quantities |z|, where z € FOV(N,,, L), m = 0,1,..., M. To
this end, we establish a bound for finite element shape functions u, v € X, C H3(2).
We utilize the Cauchy-Schwarz inequality and Friedrich’s inequality (see e.g. [9]) and
arrive at

/ vw - Vudzx
2

< / [ol(w? + w2) /2 (9u/0x)? + (9u/dy)2) " da
17

< 1w ( /@ v? dm>1/2 ( /@ (8u/8x)2+(8u/8y)2da3)1/2

= [lwlloo|loll [ Vull < [[wllccca || Voll[[Vull,

where we have introduced ||[w||o = sup,eq |w(x)|. The constant cy > 0 appears in
Friedrich’s inequality and is independent of the characteristic mesh size h. Now, we
wish to translate this bound into matrix notation. For a vector v € R™ we define
the corresponding finite element shape function v € X}, by v(z) = >, v;¢;(x). Then,
the above estimate reads

o Nppwe| < |wpn|soco (v Lv)Y?(uw' Lu)t/?, m=0,1,..., M, (4.5)

where we have defined wy = —Vag, and w,, = —ovAVay,, m =1,...., M. Now,
for z € FOV(N,,, L) there is a vector w € C"=\{0}, such that z = w# N,,w/w Lw.
We decompose w = u + iv, u,v € R™, and, utilizing the estimate (4.5), we obtain

lwA N w| < |u' Nypu|+ v Npv| 4+ [’ Nyo| + [v Ny o
< |lwm ||coca (uTLu +v Ly + 2(uTLu)1/2(vTLv)1/2)
< wmlloco (v Lu+v Ly +u' Lu+v' Lv)
= 2w |lcoca(u" Lu+ v Lv) = 2||wpy||scco w Lw.
Hence, for z € FOV(N,,,L), m =0,1,..., M, we arrive at the estimate
2] < 2] wmlocce- (4.6)

Finally, it is well known that A(Gy,) C [—Va+1, Var1], m = 1,..., M, where vg41
denotes the largest root of the univariate orthonormal Rys polynomial of degree d+ 1
(see e.g. [17]). Thus, combining (4.4) with (4.6) and the estimate on the spectral
interval of GG, we have arrived at

M
2] < 2¢q (Iwoloo oy IIwmlloo>

m=1
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for z € FOV(]\A], ]3L) which completes the proof. O

REMARK 4.2. The components of Van,, m =0,..., M are bounded for sufficiently
reqular covariance functions of a, see again [42, Theorem 2.2/).
__ From Theorem 4.1 we conclude that the field of values of C preconditioned by
Py, is insensitive to the characteristic mesh size h. For sufficiently small values of o,
the generalized field of values FOV(C, Py,) is tightly clustered around z = 1 and does
not contain the origin; thus we can expect fast convergence of GMRES (see e.g. [25]).
However, the radius of the circle around the generalized field of values increases when
o increases. In addition, since the zeros of 141 alternate with those of 9442 [21,
Theorem 1.20] we have V441 < Vg42 for two consecutive total degrees d. Fortunately,
all zeros of the chaos polynomials are located in the interior of the support interval of
the corresponding density [21, Theorem 1.19], meaning that v411 < ¢ in our setting,
where ¢ is the cut-off parameter in (2.5). Thus, the impact of d on the GMRES
convergence behavior is limited. In summary, the GMRES convergence behaviour is
determined by ¢ and d and may deteriorate for large values of o.

4.3. Mean-based preconditioner. Next, we choose the matrix Ph=1® (L+
Np) as preconditioner for the stochastic convection-diffusion Galerkin matrix C in
(3.7). In particular, Py contains a convective term when V (a)y # 0, and it is identical
to the diffusion preconditioner ﬁL when V (a) = 0. In general, ﬁo is not symmetric
and it may not be positive-definite.

THEOREM 4.3. Assume Ny is a positive semi-definite matriz. Then, the eigen-
values of the Galerkin matriz C in (3.7) preconditioned by Py = I ® (L + Ny) (from
the left or right-hand side) are contained in the circle

M
{z€C:lz=1|<2cd0},  0=0va1 Y VAmlVamlls, (4.7)

where ||w||c = sup,eq |w(x)|, vay1 denotes the largest root of the univariate, or-
thonormal Rys polynomial of exact degree d+1, and cg > 0 is a constant independent
of h, o and d.

Proof. Given the assumptions stated in the theorem, observe that the matrix
L+ Ny is positive definite, and hence so is Py = I®(L+ Ny). Now, let w € C"="¢\{0}
and A € C denote an eigenvector and the corresponding eigenvalue of the matrix
Po_lc , respectively. Then, the Rayleigh quotient reads

wH Cw B wi I ® (L + No)w —I—Z,Af:l wl G, @ N, w

HGm®Nm'w
=1

Hence we obtain the estimate

M H
w" Gy @ Npypw
A—1 < 4.8
| = | wH T ® (L + Nojw (48)
Next, we wish to bound the quantities |w”G,, ® Ny, w|, m = 1,...,M, in terms

of |[wHI ® (L + No)w|. By linearity and the properties of the Kronecker product
it suffices to establish such a bound for vectors w = w; ® w,, where w, € C"¢ and
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€ C". Then, wG,,@Nypw = ('weHGmwg)(w
the factors in this expression, separately.

It was observed in the proof of Theorem 4.1, that the spectrum of G,, is con-
tained in the interval [—v441,v441). Thus, we arrive at w/ Gpw, < vgriwf wy.
Furthermore, in the proof of Theorem 4.1 we have established the bound

AN, w,). We proceed by bounding

T

lwH Npw,| < 207/ A\ Vam|ocow Lw,, m=1,..., M, (4.9)

where ¢y > 0 is a constant independent of the characteristic mesh size h. Now, let
w, = u +iv, u, v € R%. We write Ng = Ho + Sp, where Hy = (No + N, )/2 and
So = (Ng — Ny )/2. That is, we split the matrix Ny into its symmetric part Hy and
skew-symmetric part Sy, respectively. Then,

w (L + No)w, = u' (L + Ho)u + v (L + Hp)v + 2iu' Spv.

Recall that the matrix Hy is positive semi-definite by assumption. (L is positive
definite.) Moreover, for z = a + ib € C, there holds |z| = Va? + b > |a|. Thus, the
bound

lw (L 4+ No)w,| > u" (L + Ho)u +v' (L + Ho)v>u'Lu+v' Lv = w Lw,
follows. Combining this estimate and (4.9), we obtain the bound
|wH Npw,| < 20V A | Vam|lsoco|w! (L + No)w,|, m=1,..., M.
Finally, we arrive at

lw? G, @ Npyw| = |wf Grwe||w! N,y w, |
< Vg w;p Hawe 20/ ||Vam|\0009|'w (L + No)w,|
= 2¢90Va 1V Am || Vam|so|lw? T @ (L + No)w|, m=1,..., M.

Combining these bounds with (4.8) completes the proof. O

REMARK 4.4. The convection matriz No defined in (3.4b) is positive semi-definite
iff the matriz Hy in (4.1a) is positive semi-definite. The latter condition is satisfied
if Aag >0 on Z and n-ag =0 along 09N, for example.

REMARK 4.5. The statement of Theorem 4.3 can be gemeralized by assuming
that there exists a constant €, 0 < € < 1, such that w ' Hyw > —ew ' Lw for all
vectors w € R™. Then, the eigenvalues of C preconditioned by Py are contained in
the circle {z € C: |z — 1| < 2¢g do(1 — €)™}, where 0y is defined in (4.7). Clearly,
if the matriz Ny (that is, Hy) is positive semi-definite, we can choose € = 0 and the
assertion of Theorem 4.3 follows.

We note that the spectral inclusion regions in (4.3) and (4.7) coincide for Vay = 0,
since PL = PO in this case. In general, however, if the mean value a(y of the log-
transformed diffusion coefficient is such that Vag ;é 0, it follows that dg < dr. That
is, the spectral inclusion bounds for the matrix Po 1C are tighter than the bounds
for PL C’, and we expect the mean-based preconditioner to outperform the diffusion
preconditioner. This will be explored in Section 5. R

Theorem 4.3 tells us that the spectral inclusion bounds for the matrix C' precon-
ditioned by P are insensitive to the characteristic mesh size h. For suffiently small
values of o, the eigenvalues of PJIC are tightly clustered around z = 1. The radius
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of the circle containing the eigenvalues increases when o and/or d increase. However,
the impact of d is limited since v441 < ¢ in our setting (see the discussion at the end
of Section 4.2).

REMARK 4.6. The results in Theorem 4.1 and Theorem 4.3 can be generalized
as follows. First, the inclusion regions in (4.3) and (4.7) hold for any stochastic Gal-
erkin convection-diffusion discretization as long as the velocity w depends linearly on
a finite number M of independent truncated Gaussian random variables. Second, if
w can be represented in terms of M independent, identically distributed, not neces-
sarily truncated Gaussian, basic random variables {&, YM_, with probability density
function py,, then spectrum of the matrices G,,, m = 1,..., M is contained in the
interval [0g41, ©ar1], where Og11 and O 441 denote the smallest and largest root of the
univariate orthonormal polynomial of degree d + 1 generated by py, (see e.g. [17]).
Hence the quantity vgiq in (4.3) and (4.7) must be replaced by max{|0g+1], |Od+1]}
for other basic random variables.

4.4. Practical preconditioners. The application of the proposed precondi-
tioners PL and Po in conjunction with Krylov subspace methods requires the solution
of ng linear systems with the sparse coefficient matrices L and L + Ny, respectively,
in each iteration.

These operations can be done efficiently using geometric or algebraic multigrid
methods, see, e.g., [10]. Moreover, these operations can be replaced with “approximate
solves” in which the action of L=! or (L + Ny)~! is replaced by application of a
small number of multigrid steps. In experiments described below, the actions of L~!
and (L + Np)~! are replaced by application of one V-cycle of an algebraic multigrid
method (AMG) (see [44]). We denote these preconditioners by Py amg and PO amgs
respectively. One V-cycle costs O(n, ) operations, and thus one application of PL@mg
and ﬁO,amg incurs a computational cost of O(ngng), which is essentially as cheap as
a matrix-vector product with the Galerkin matrix C.

5. Numerical experiments. The experimental setting is as follows.

EXAMPLE 5.1. We consider the diffusion problem (2.1) and the associated con-
vection-diffusion formulation (3.1) on the unit square domain 9 = (0,1) x (0,1) with
zero source term f = 0. The northern and eastern boundary are no-flow boundaries,
that is n-Vu = 0. We impose u = 0 along the southern, and v =1 along the western
boundary, respectively. The log-transformed diffusion coefficient has constant mean
value ag = 1, and covariance function

COV(:B, y) =0’ exp(—(r/f)Q), r= ||£B - yH?v

where ¢ > 0 denotes the correlation length. With this choice of mean value and
covariance function, a is m.-s. continuously differentiable. In this example, we set
¢ = 1. The physical discretization uses n X n square bilinear finite elements on 9.
For the stochastic discretization we employ complete chaos polynomials in M = 5
truncated Gaussian random variables with cut-off parameter ¢ = 2.575 (see (2.5)) and
capture more than 98% of the total variance of a, which is [, Cov(z,z)dx = 0|
in this setting.

EXAMPLE 5.2. The problem is as in Fxample 5.1, but with a smaller correlation
length € = 0.5 and M = 10 truncated Gaussian random variables in the expansion of
a. Again, we capture more than 98% of the total variance of a.

EXAMPLE 5.3. The problem is as in Example 5.1, the exceptions being the bound-
ary conditions and mean value of a. We use agp = 1 + 1022, thus Aag = 20 > 0.
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This time, the northern and southern boundary are no-flow boundaries. Note that
n - Vag = 0 along these boundaries. In addition, we impose u = 1 along the west-
ern, and u = 0 along the eastern boundary, respectively. With this choice of ag and
boundary conditions, the assumptions of Theorem 4.3 hold, see Remark 4.4.

EXAMPLE 5.4. The problem is as in Example 5.3 with a smaller correlation length
£ =0.5 and M = 10 random variables.

In our implementation, we utilize software based on the IFISS package [44] for the
physical finite element discretization and the AMG V-cycle as part of the practical
preconditioners in Section 4.4, respectively. The gradient Va™) is computed as
described in Section 3.3 with software based upon the HLib package [7].

5.1. Preconditioned GMRES. We solve the discretized convection-diffusion
Galerkin equations (3.3) for Examples 5.1 — 5.4. We explore the performance of
(right preconditioned) GMRES in conjunction with the diffusion preconditioner ﬁL
introduced in Section 4.2, the mean-based preconditioner P, (Section 4.3), and their
practical versions (Section 4.4). The stopping criterion is |rg|l2 < 1078]|b[|2 in all
experiments, where for a linear system Az = b and kth approximate solution xy, 7y
is the residual b — Axy,.

5.1.1. Diffusion preconditioner. We start with Examples 5.1 and 5.2 and
employ the preconditioner P, = I ® L. This is also the mean-based preconditioner
Py, since Vag = 0 in these examples. Tables 5.1-5.2 show preconditioned GMRES
iteration counts for the AMG (P qmg) and exact (Pr) versions of the diffusion precon-
ditioner. Replacing ﬁL by ﬁL,amg does not yield a significant increase of the iteration
count, so the computational cost will be much lower with ﬁL,amg. For standard devi-
ations o less than or equal to one, iteration counts are completely insensitive to the
mesh width A = n~! and largely insensitive to the total degree of the chaos polyno-
mials d, Theorem 4.1 suggests. For fixed degree d, the number of GMRES iterations
required to satisfy the stopping criterion decreases slightly as the mesh is refined. For
fixed mesh width, the observed iteration count is almost independent of d and o, ex-
cept for the case of (relatively large) standard deviation o = 2 in Example 5.2, where
the preconditioner breaks down. Iterations for n = 128,d = 5 terminated before the
stopping criterion was satisfied due to memory limitations. This is not inconsistent
with the analysis of Section 4, which establishes convergence bounds only for small
enough o. We found no difficulties for o = 1.5 (see Table 5.2).

5.1.2. Mean-based preconditioner. Tables 5.3-5.4 show GMRES iteration
counts for Examples 5.3 and 5.4 using both the mean-based preconditioner Py and
the diffusion preconditioner Py, (note that they are different for these examples) as
well as the variants using AMG. These results reproduce the trends (insensitivity to h
and d) seen in Section 5.1.1 for the diffusion preconditioner, and similar trends can be
seen for the mean-based preconditioner. As expected, performance of ﬁo, which takes
account of the fact that Vag # 0, is superior to that of Pr. Since the computational
costs of the two preconditioners are identical, the mean-based preconditioner is more
efficient. Use of practical AMG versions leads to insignificant changes in iteration
counts.

5.2. Comparison of formulations. Finally, we compare the performance of
iterative solvers for the discretized Galerkin equations (2.13) associated with the dif-
fusion formulation and those arising from the convection-diffusion formulation (3.3),
for the model problem in Example 5.1. For the physical discretization we use a
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TABLE 5.1
Ezample 5.1: GMRES iteration counts with AMG and exact (in parentheses) versions of the

diffusion preconditioner JSL =1® L. In this example, M =5 and £ = 1.

n o d=1 d=2 d=3 d=14 d=5 d=26
6 01| 5 @] 6 G| 6 G| 6 GBI 6 G| 6 (6
32 - 5 (4] 6 B 6 B 6 (B)Y| 6 ()| 6 (5
64 - | 5 @] 6 H| 6 @] 6 @6 @6 (4
128 - 5 4] 6 (@) 6 4] 6 4| 6 @] 6 (4
6 1.0 9 (911 (11)[13 (12) |14 (@13) [ 15 (13) | 16 (14)
32 - 9 (8 |11 (10) |12 (12) |13 (12) | 14 (12) | 15 (13)
64 - 8 (8) |10 (10) |12 (11) |12 (11) |13 (12) | 14 (12)
128 - 8 (7)) |10 (9) |11 (10) |12 (11) |12 (11) | 13 (11)
16 20|13 (12) [ 18 (18) [ 23 (22) |27 (25 [ 31 (27) | 35 (30)
32 - |12 (12) |17 (A7) |21 (21) | 25 (23) |29 (26) | 32 (28)
64 - |11 (11) [ 16 (16) | 20 (19) | 24 (22) | 27 (24) | 29 (26)
128 - |11 (10) | 14 (15) | 19 (18) | 22 (20) | 25 (23) | 27 (24)
TABLE 5.2

Ezample 5.2: GMRES iteration counts with AMG and exact (in parentheses) versions of the
diffusion preconditioner Py, =1 ® L. In this example, M = 10 and £ = 0.5.

n o | d=1 d=2 d=3 d=14 d=5
16 01] 6 ()] 6 ()| 6 (5| 6 ()] 6 (6
32 -6 ()| 6 (|6 G| 6 (G| 6 (5
64 - |6 @6 (|6 G| 6 (G| 6 (5
128 -1 6 A6 @6 (G| 6 G| 6 (5
16 1.0 | 11 (11) |16 (15) | 18 (17) | 20 (19) | 22 (21)
32 - |11 (10) |14 (14) |17 (16) | 18 (18) | 20 (19)
64 - |10 (10) |13 (13) |16 (15) | 17 (17) | 19 (18)
128 - |10 (9) |13 (12)|15 (14)| 16 (15) | 17  (17)
16 15| 14 (14) |22 (22) | 29 (28) | 39 (37) | 50 (49)
32 - |14 (13) |21 (21) |28 (26) | 36 (34) | 44 (44)
64 - |13 (13) |20 (19) |26 (25)| 33 (31) | 41  (40)
128 - |12 (12) |19 (17) |24 (23) | 30 (28) | 37  (36)
16 2.0 17 (17) ]33 (32) | 65 (63) | 170 (168) | 563 (550)
32 - |17 (16) | 32 (31) |59 (58) | 176 (174) | 513 (501)
64 - |16 (15) | 30 (29) | 56 (55) | 158 (154) | 533 (521)
128 - |15 (14) | 28 (26) | 54 (53) | 148 (145) | - -

64 x 64 grid of square bilinear elements, yielding n, = 4,096. The parameters of
the stochastic discretization are summarized in Table 5.5. Recall that the Kronecker
product representation of the convection-diffusion Galerkin matrix C' in (3.7) requires
M +1 = 6 terms in Example 5.1. We employ right-preconditioned GMRES with
the diffusion preconditioner P, = I ® L (see Section 4.2) to solve the discretized
convection-diffusion Galerkin equations. For the linear system of equations associ-
ated with the diffusion formulation we employ the CG method in conjunction with
the Kronecker product preconditioner P} = G ® Ag from [47] (where it is shown that
this choice is superior to a mean-based preconditioner I @ Ag). Here, Ay € R"=*"=
denotes the finite element stiffness matrix in (2.14) with coefficient function (exp(a)),
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TABLE 5.3
Ezample 5.2: GMRES iteration counts with AMG and exact (in parentheses) versions of the

mean-based preconditioner 130 =1 ® (L + No) and diffusion preconditioner 13L =I1®L. In this
example, M =5 and £ = 1.

Py =I® (L+ No) P,=1®L
n o d=1 d=2 d=3 d=4 d=1 d=2 d=3 d=4
16 0.1 5 (4) 5 (4) 5 (5) 5 (5) 24 (22) | 25 (24) | 25 (26) | 26 (26)
32 - 6 (4) 6 (4) 6 (4) 6 (4) 23 (22) | 25 (25) | 25 (25) | 25 (26)
64 - 6 (4) 6 (4) 6 (4) 6 (4) 23 (21) | 24 (24) | 24 (24) | 24 (24)
128 - 5 (4) 5 (4) 5 (4) 5 (4) 21 (21) | 22 (22) | 22 (22) | 22 (23)
16 1.0 8 (7) 9(9) | 10 (10) | 10 (10) || 27 (26) | 30 (31) | 32 (33) | 33 (34)
32 - 8 (7) 9 (8) 9(9) | 10 (10) || 26 (25) | 29 (30) | 31 (32) | 32 (33)
64 - 7(7) 8 (8) 9 (9) 9 (9) 25 (24) | 28 (28) | 30 (30) | 30 (31)
128 - 7 (6) 8 (8) 8 (8) 9 (9) 23 (23) | 26 (27) | 28 (28) | 29 (29)
16 2.0 | 10 (10) | 12 (12) | 14 (14) | 16 (16) || 28 (28) | 34 (34) | 37 (38) | 39 (40)
32 - 10 (9) | 12 (12) | 14 (14) | 15 (15) || 28 (27) | 33 (33) | 36 (37) | 38 (39)
64 - 9(9) | 11 (11) | 13 (13) | 14 (14) || 27 (26) | 31 (31) | 34 (35) | 36 (37)
128 - 9(9) | 11 (11) | 12(12) | 13 (14) || 25 (24) | 29 (30) | 32 (33) | 34 (34)
TABLE 5.4

Ezample 5.4: GMRES iteration counts with AMG and exact (in parentheses) versions of the

mean-based preconditioner 130 =1 ® (L + No) and diffusion preconditioner P, = I ® L. In this
example, M = 10 and ¢ = 0.5.

P0:I®(L+NO) Pr=1®1L
n o d=1 d=2 d=3 d=4 d=1 d=2 d=3 d=4
16 0.1 6 (5) 6 (5) 6 (5) 6 (5) 24 (24) 26 (27) 27 (27) 27 (27)
32 - 6 (5) 6 (5) 6 (5) 6 (5) 24 (23) 25 (26) 26 (27) 27 (27)
64 - 6 (4) 6 (5) 6 (5) 6 (5) 23 (22) 24 (24) 25 (25) 25 (26)
128 - 6 (4) 6 (4) 6 (4) 6 (5) 21 (21) 23 (23) 23 (24) 24 (24)
16 1.0 | 10 (10) 12 (12) 14 (14) 15 (15) 28 (29) 32 (33) 35 (35) 37 (38)
32 - 10 (9) 12 (12) 13 (13) 14 (15) 28 (28) 32 (32) 34 (34) 36 (36)
64 - 9 (9) 11 (11) 13 (12) 14 (14) 26 (26) 30 (31) 32 (33) 34 (35)
128 - 9 (9) 11 (10) 12 (12) 13 (13) 25 (25) 29 (29) 30 (31) 32 (33)
16 2.0 | 14 (14) 20 (20) 24 (24) 30 (30) 31 (31) 37 (38) 42 (43) 47 (48)
32 - 13 (13) 19 (20) 24 (24) 28 (29) 30 (31) 37 (37) 41 (42) 46 (47)
64 - | 13(13) | 18 (19) | 23 (23) | 27 (28) | 29 (29) | 35 (35) | 39 (40) | 44 (45)
128 - 12 (12) 17 (18) 21 (22) 26 (26) 28 (27) 33 (34) 37 (38) 41 (42)

and G € R"*"¢ ig a specific linear combination of the stochastic Galerkin matrices
{Ga: a € Hq}. The solver methodologies are summarized in Table 5.6. The stop-
ping criterion is ||r|l2 < 1078||b||2 for both approaches. Once again, we replaced the
action of L™1 and Ay ! by one AMG V-cycle.

We present the preconditioned CG and GMRES iteration count along with itera-
tion time and setup time for the preconditioners in Tables 5.7, 5.8 and 5.9, respectively.
Timings are elapsed times, in seconds. The numerical experiments were performed
on a single processor of a four processor quad-core Linux machine with 128 GB RAM
using MATLAB 7.10.

The trends for the CG and GMRES iteration counts presented in Table 5.7 agree
well with the observations made in [47] and in Section 5.1.1. As previously shown in
[47], the CG iteration counts deteriorate for large values of the standard deviation o of
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TABLE 5.5
Ezample 5.1: Number of stochastic d.o.f.s ng, total number of d.o.f.s ng - ng, and number of
terms |Saq| in Kronecker product representation (2.16) of the Galerkin matriz associated with the
diffusion formulation.

d=1] d=2 d=3 d=4 d=5 d=6

ne 6 21 56 126 252 162

| Fodl 21 126 462 | 1,287 3,003 6,188
ng -me | 24,576 | 86,016 | 229,376 | 516,096 | 1,032,192 | 1,982,352

TABLE 5.6
Iterative solver types and preconditioners, and costs of matriz-vector products, for the diffusion
and convection-diffusion formulations.

formulation solver preconditioner cost mat-vecs
diffusion CG P =G® A O(nmnz)
convection-diffusion | GMRES P, =1® L O(ngng)

the log-transformed diffusion coefficient and degree the d of the chaos polynomial. In
contrast, as has been shown above, performance of GMRES is only slightly sensitive
to variations in o and d, and at most 27 GMRES iterations are required for the range
of parameters considered here. Moreover, the amount of time needed for the diffusion
formulation is dramatically larger. This is because the associated Galerkin matrix is
block dense so that matrix-vector products are very expensive (see Table 5.6). Be-
cause it depends linearly on the stochastic random variables, the convection-diffusion
formulation avoids this difficulty and the costs of matrix-vector products are signif-
icantly lower. Finally, the setup costs for the Kronecker product preconditioner Py
increase with the degree d of the chaos polynomials (see [47] for details), whereas the
setup costs for the diffusion preconditioner Py, (and its AMG version) are clearly in-
dependent of all parameters of the stochastic discretization. The setup timings listed
in Table 5.9 agree with this observation.

TABLE 5.7
Ezxample 5.1: Iteration counts for the discretized diffusion formulation and for the discretized
convection-diffusion formulation.

diffusion: CG convection-diffusion: GMRES
o | d=1|d=2|d=3|d=4|d=5| d=1| d=2 | d=3 | d=4 | d=5
0.1 7 8 8 9 9 5 6 6 6 6
0.2 8 9 11 12 12 6 6 6 6 6
0.4 10 13 16 19 21 6 7 7 8 8
0.6 12 18 23 28 32 7 8 9 9 9
0.8 15 23 32 41 49 8 9 10 11 11
1.0 17 29 43 57 72 8 10 12 12 13
2.0 32 78 | 152 | 257 | 393 11 16 20 24 27

We note that the infinite-dimensional weak formulations (3.2) and (2.7) are equiv-
alent as was observed in Section 3. However, this is not the case for the discrete weak
formulations (3.3) and (2.13) since v - exp(—a™)) ¢ X; ® Sy for v € X}, @ Sq. This
observation is consistent with the results in Table 5.10 where the maximal difference

of the chaos coefficients ugff) and ul(-fijiﬁ) determined by the Galerkin equations (3.3)
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TABLE 5.8
Ezample 5.1: Iteration time (in seconds) for the discretized diffusion formulation and for the
discretized convection-diffusion formulation.

diffusion: CG convection-diffusion: GMRES

o | d=1]|d=2| d=3 d=4 d=5 || d=1 | d=2 | d=3 | d=4 | d=5
0.1 | 0.35 | 5.64 53 517 2,712 || 0.28 | 0.88 | 2.71 | 6.23 | 13.1
0.2 | 0.33 | 6.11 89 682 2,972 || 0.24 | 0.83 | 2.34 | 6.26 | 12.9
0.4 | 0.38 | 9.88 108 1,122 5,916 || 0.24 | 0.98 | 2.75 | 837 | 17.3
0.6 | 046 | 114 155 1,358 8,521 || 0.29 | 1.17 | 3.60 | 9.53 | 19.8
0.8 | 0.58 | 17.2 218 2,104 11,486 || 0.33 | 1.26 | 4.03 | 11.6 | 23.8
1.0 | 0.65 | 17.5 288 | 3,214 17,905 || 0.33 | 1.41 | 4.83 | 12.7 | 29.4
2.0 | 1.18 | 50.0 | 1,003 | 12,031 | 100,503 || 0.46 | 2.32 | 8.68 | 28.3 | 71.9

TABLE 5.9
Ezample 5.1: Setup time (in seconds) for the AMG versions of the Kronecker product precon-
ditioner P = G ® Ao and for the diffusion preconditioner Py, = I ® L, respectively.

diffusion: P = G ® Ag convection-diffusion: Pp, = I ® L
o | d=1|d=2|d=3|d=4|d=5|d=1|d=2|d=3 | d=4 | d=5
0.1 | 111|110 | 129 | 1.74| 3.14 || 1.12 | 1.05 | 1.05 | 1.05 | 1.07
0.2 106 | 110|129 | 1.76 | 3.17 || 1.06 | 1.05 | 1.05 | 1.05 | 1.05
0.4 | 105|110 | 128 | 1.77 | 3.05 | 1.05 | 1.05 | 1.05 | 1.05 | 1.06
0.6 | 1.05 | 1.11 | 1.28 | 1.76 | 3.10 || 1.05 | 1.06 | 1.05 | 1.06 | 1.05
0.8 | 1.06 | 1.10 | 1.28 | 1.76 | 3.06 || 1.05 | 1.05 | 1.05 | 1.06 | 1.06
1.0 | 1.06 | 1.11 | 1.30 | 1.80 | 3.30 || 1.06 | 1.06 | 1.05 | 1.05 | 1.05
2.0 | 1.06 | 1.11 | 1.28 | 1.74 | 3.02 || 1.05 | 1.05 | 1.06 | 1.05 | 1.05

TQBLE %’»,1{0
Example 5.1: Mazximal variation ma_x\uz(.cj ) —uz(. j' )\ of the ng-ng solution coefficients associated
i

with the convection-diffusion formulation (3.3) and the diffusion formulation (2.13).

o d=1|d=2| d=3|d=4|d=5

0.1 6.410 | 6.410 | 6.410 | 6.410 | 6.410 x107°
0.2 1.319 | 1.282 1.282 | 1.282 | 1.282 x1074
0.4 9.840 | 2.564 | 2.564 | 2.564 | 2.564 x107*
0.6 31.744 | 3.846 | 3.846 | 3.846 | 3.846 x107*
0.8 71.424 | 5.129 | 5.129 | 5.129 | 5.129 x10~*
1.0 | 131.120 | 6.411 8.688 | 6.411 | 6.411 x10~4
2.0 | 68.985 | 7.588 | 11.251 | 1.412 | 2.746 x1073

and (2.13), respectively, is presented.

6. Conclusions. In this study, we have tested iterative solvers for Galerkin dis-
cretizations of a steady-state diffusion problem with log-transformed random diffusion
coeflicients. Specifically, we have focused on a reformulated version of this problem
in terms of a convection-diffusion equation with stochastic convective velocity. We
have introduced and analyzed two block diagonal preconditioners for the associated
Galerkin equations, one based on the diffusive part of the operator and the other one
based on a convection-diffusion operator where the log-transformed diffusion coeffi-
cient has been replaced by its mean value. Spectral inclusion bounds obtained for the
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preconditioned Galerkin matrix are insensitive to the characteristic mesh size of the
spatial discretization and only slightly sensitive to the degree of the chaos polynomials
used in the stochastic discretization and the standard deviation of the log-transformed
diffusion coefficient. Numerical tests showed that the mean-based preconditioner can
outperform the diffusion preconditioner for problems where a mean convective part
occurs. In addition, GMRES in combination with a simple block-diagonal precon-
ditioner employed for the iterative solution of the convection-diffusion formulation
far outperformed the CG method used with a more elaborate Kronecker product
preconditioner to solve the associated diffusion formulation. In conclusion, the avail-
ability of a robust iterative solver together with cheap matrix-vector products make
the convection-diffusion formulation of the log-transformed random diffusion problem
extremely appealing.
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REFERENCES

[1] 1. BABUSKA AND P. CHATZIPANTELIDIS, On solving elliptic stochastic partial differential equa-
tions, Comput. Methods Appl. Mech. Engrg., 191 (2002), pp. 4093-4122.

[2] 1. BABUSKA, F. NOBILE, AND R. TEMPONE, A stochastic collocation method for elliptic partial
differential equations with random input data, STAM J. Numer. Anal., 45 (2007), pp. 1005—
1034.

[3] 1. BABUSKA, R. TEMPONE, AND G. E. ZOURARIS, Solving elliptic boundary value problems with
uncertain coefficients by the finite element method: the stochastic formulation, Comput.
Methods Appl. Mech. Engrg., 194 (2005), pp. 1251-1294.

[4] M. BIERI, R. ANDREEV, AND CH. SCHWAB, Sparse tensor discretization of elliptic SPDEs,
SIAM J. Sci. Comput., 31 (2009), pp. 4281-4304.

(5] M. BIERI AND CH. SCHWAB, Sparse high order FEM for elliptic sPDEs, Comput. Methods
Appl. Mech. Engrg., 198 (2009), pp. 1149-1170.

[6] S. BORM, Efficient Numerical Methods for Non-local Operators. 7#%-matriz Compression, Al-
gorithms and Analysis, vol. XIV of EMS Tracts in Mathematics, EMS Publishing House,
Ziirich, 2010.

[7] S. BORM AND L. GRASEDYCK, Hierachical Matrices Library (HLib) wversion 1.3.
http://www.hlib.org/.

[8] S. BOrRM, L. GRASEDYCK, AND W. HACKBUSCH, Introduction to hierarchical matrices with
applications, Eng. Anal. Bound. Elem., 27 (2003), pp. 405-422.

[9] D. BRAESS, Finite Elements. Theory, fast solvers, and applications in elasticity theory, Cam-
bridge University Press, Cambridge, 1997.

[10] W. Bricas, V. HENSON, AND S. McCoRMICK, A Multigrid Tutorial, SIAM, Philadelphia,
2nd ed., 2000.

[11] I. BuscH, O. G. ERNsT, AND E. ULLMANN, Ezpansion of random field gradients using hierar-
chical matrices. Submitted to Proc. Appl. Math. Mech., 2011.

[12] G. CHRISTAKOS, Random Field Models in Earth Sciences, Dover, Mineola N.Y., 2005.

(13] M. K. DEB, I. M. BABUSKA, AND J. T. ODEN, Solution of stochastic partial differential equa-
tions using Galerkin finite element techniques, Comput. Methods Appl. Mech. Engrg., 190
(2001), pp. 6359-6372.

(14] M. EIERMANN, O. G. ERNST, AND E. ULLMANN, Computational aspects of the stochastic finite
element method, Comput. Visual Sci., 10 (2007), pp. 3-15.

(15] H. C. ELMAN, D. J. SILVESTER, AND A. J. WATHEN, Finite Elements and Fast Iterative Solvers.
With applications in incompressible fluid dynamics., Oxford University Press, New York,
2005.

[16] O. G. ErNsST, A. MUGLER, H.-J. STARKLOFF, AND E. ULLMANN, On the convergence of gen-
eralized polynomial chaos expansions, Tech. Report Preprint 60, DFG-SPP 1324, August
2010. To appear in ESAIM: Math. Model. Numer. Anal.

[17] O. G. ERNST AND E. ULLMANN, Stochastic Galerkin matrices, STAM J. Matrix Anal. Appl., 31
(2010), pp. 1848-1872.

22



18]
[19]
[20]
21]

22]

[47]

P. FRAUENFELDER, CH. SCHWAB, AND R. A. TODOR, Finite elements for elliptic problems with
stochastic coefficients, Comput. Methods Appl. Mech. Engrg., 194 (2005), pp. 205-228.

A. FREEZE, A stochastic-conceptual analysis of one-dimensional groundwater flow in nonuni-
form homogeneous media, Water Resour. Res., 11 (1975), pp. 725-740.

J. GALvis AND M. SARKIS, Approzimating infinity-dimensional stochastic Darcy’s equations
without uniform ellipticity, SIAM J. Numer. Anal., 47 (2009), pp. 3624-3651.

W. GAuTscHI, Orthogonal Polynomials: Computation and Approximation, Oxford University
Press, Oxford, 2004.

R.G. GHANEM AND P.D. SPANOS, Stochastic Finite Elements: A Spectral Approach, Springer-
Verlag, New York, 1991.

R. G. GHANEM AND R. M. KRUGER, Numerical solution of spectral stochastic finite element
systems, Comput. Methods Appl. Mech. Engrg., 129 (1996), pp. 289-303.

C. J. GITTELSON, Stochastic Galerkin discretization of the log-normal isotropic diffusion prob-
lem, Math. Models Methods Appl. Sci., 20 (2010), pp. 237-263.

A. GREENBAUM, [terative Methods for Solving Linear Systems, STAM Press, Philadelphia, 1997.

M. GRIGORIU, Probabilistic models for stochastic elliptic partial differential equations, J. Com-
put. Phys., 229 (2010), pp. 8406-8429.

W. HACKBUSCH, Hierarchische Matrizen. Algorithmen und Analysis, Springer-Verlag, Berlin
Heidelberg, 2009.

M. R. HESTENES AND E. STIEFEL, Methods of conjugate gradients for solving linear systems,
J. Res. Natl. Bur. Stand., 49 (1952), pp. 409-436.

R. A. HOorN AND C. R. JOHNSON, Topics in Matriz Analysis, Cambridge University Press, New
York, 7th paperback ed., 2006.

T. T. KADOTA, Differentiation of Karhunen-Loéve expansion and application to optimum re-
ception of sure signals in noise, IEEE Trans. Inf. Theory, 13 (1967), pp. 255-260.

A. KEESE, Numerical Solution of Systems with Stochastic Uncertainties — A General Purpose
Framework for Stochastic Finite Elements, PhD thesis, Fachbereich fiir Mathematik und
Informatik, Technische Universitdt Braunschweig, 2004.

M. LOEVE, Probability Theory, vol. II, Springer-Verlag, New York - Heidelberg - Berlin, 4th ed.,
1978.

H. G. MaTTHIES AND A. KEESE, Galerkin methods for linear and nonlinear elliptic stochastic
partial differential equations, Comput. Methods Appl. Mech. Engrg., 194 (2005), pp. 1295—
1331.

A. MUGLER AND H.-J. STARKLOFF, On elliptic partial differential equations with random coef-
ficients, Stud. Univ. Babes-Bolyai Math., 56 (2011), pp. 473-487.

M. F. PELLISSETTI AND R. G. GHANEM, Iterative solution of linear systems arising in the

context of stochastic finite elements, Adv. Eng. Softw., 31 (2000), pp. 607-616.

E. PoweLL AND H. C. ELMAN, Block-diagonal preconditioning for spectral stochastic finite-
element systems, IMA J. Numer. Anal., 29 (2009), pp. 350-375.

E. PowELL AND E. ULLMANN, Preconditioning stochastic Galerkin saddle point systems,
SIAM J. Matrix Anal. Appl., 31 (2010), pp. 2813-2840.

S. PRICE, R. S. VARGA, AND J. E. WARREN, Application of oscillation matrices to diffusion-
convection equations, J. Math. and Phys., 45 (1966), pp. 301-311.

S. PUGACHEV, Theory of Random Functions and its Application in Control Problems, vol. 5
of Int. Series of Monographs on Automation and Automatic Control, Pergamon Press,
Oxf.-Lond.-Edinb.-N.Y.-Paris-Frankfurt, 1965.

C. P. RUPERT AND C. T. MILLER, An analysis of polynomial chaos approximations for modeling
single-fluid-phase flow in porous medium systems, J. Comput. Phys., 226 (2007), pp. 2175~
2205.

Y. SAAD AND M. H. ScHULTZ, GMRES: a generalized minimal residual algorithm for solving
nonsymmetric linear systems, SIAM J. Sci. Statist. Comput., 7 (1986), pp. 856-869.

CH. SCHWAB AND R. A. TODOR, Karhunen-Loéve approzimation of random fields by generalized
fast multipole methods, J. Comput. Phys., 217 (2006), pp. 100-122.

A. N. SHIRYAEV, Probability, Springer-Verlag, New York, 2nd ed., 1996.

D. SILVESTER, H. ELMAN, AND A. RAMAGE, Incompressible Flow and Iterative Solver Software
(IFISS) version 3.0, January 2010. http://www.manchester.ac.uk/ifiss/.

M. TABATA, Symmetric finite element approzimation for convection-diffusion problems, Theor.
Appl. Mech., (1985), pp. 445-453. Reprinted by Univ. Tokyo Press.

M. TaBATA, Y. OzEKI, AND H. HozuMI, Symmetric finite element computation of convection-
diffusion equations on a URR machine, Japan J. Ind. Appl. Math., 8 (1991), pp. 153-163.

E. ULLMANN, A Kronecker product preconditioner for stochastic Galerkin finite element dis-
cretizations, STAM J. Sci. Comput., 32 (2010), pp. 923-946.

< 2 a a

23



[48] X. WAN AND G. E. KARNIADAKIS, Solving elliptic problems with non-Gaussian spatially-
dependent random coefficients, Comput. Methods Appl. Mech. Engrg., 198 (2009),
pp. 1985-1995.

[49] D. X1u AND G. E. KARNIADAKIS, The Wiener-Askey polynomial chaos for stochastic differential
equations, STAM J. Sci. Comput., 24 (2002), pp. 619-644.

[50] D. ZHANG, Stochastic Methods for Flow in Porous Media. Coping with Uncertainties, Academic
Press, San Diego, CA, 2002.

24



