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We propose a simple and effective numerical procedure for solving elliptic problems with non-Gaussian
random coefficients, assuming that samples of the non-Gaussian random inputs are available from a sta-
tistical model. Given a correlation function, the Karhunen-Loéve (K-L) expansion is employed to reduce
the dimensionality of random inputs. Using the kernel density estimation technique, we obtain the mar-
ginal probability density functions (PDFs) of the random variables in the K-L expansion, based on which
we define an auxiliary joint PDF. We then implement the generalized polynomial chaos (gPC) method via
a collocation projection according to the auxiliary joint PDF. Based on the observation that the solution
has an analytic extension in the parametric space, we ensure that the polynomial interpolation achieves
point-wise convergence in the parametric space regardless of the PDF, where the energy norm is
employed in the physical space. Hence, we can sample the gPC solution using the joint PDF instead of
the auxiliary one to obtain the correct statistics. We also implement Monte Carlo methods to further
refine the statistics using the gPC solution for variance reduction. Numerical results are presented to
demonstrate the efficiency of the proposed approach.

© 2009 Elsevier B.V. All rights reserved.

1. Introduction

Uncertainty quantification has recently received a lot of atten-
tion with many classical deterministic mathematical models being
reformulated in the stochastic sense. For example, physical param-
eters and boundary/initial conditions can be modeled by a random
process instead of a deterministic function in the mean sense. In
engineering applications, random inputs are often assumed to be
Gaussian both for simplicity and by the virtue of the central limit
theorem. However, the Gaussian assumption is not always valid
since observation data exhibit distinct non-Gaussian characteris-
tics in many cases. Thus, the simulation of non-Gaussian processes
is of great practical importance. Although simulations of Gaussian
processes are well established, simulations of non-Gaussian pro-
cesses are still limited and actively under development. The main
difficulty lies in the characterization of the random processes: un-
like Gaussian processes which are determined solely through the
first- and second-order probabilistic characteristics, one must
know the entire family of joint distributions, which is never avail-
able in practice, for the non-Gaussian random processes.

At present, simulations of non-Gaussian processes are mainly
based on memoryless nonlinear transforms of the standard Gauss-
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ian process due to the analytical tractability and availability of
Gaussian simulation methods (spectral representation [1],
Karhunen-Loéve expansion [2], Wavelet expansion [3], and
Fourier-Wavelet expansion [4], etc.). Recent attempts utilize the
Hermite polynomial chaos method [5,6] by expressing a non-
Gaussian process R(t) as

R(t) =" aHi(G(t)),

i=1
where H; is the Hermite polynomial of degree i, and G(t) is a stan-
dard one-dimensional stationary Gaussian process. In [7], the Karh-
unen-Loéve expansion was employed to simulate non-Gaussian
processes.

All these simulation methods can be coupled directly with
Monte Carlo methods to simulate the random response of the sys-
tem. However, due to the low convergence rate, brute-force Monte
Carlo methods are usually not affordable in large-scale simula-
tions. Thus, acceleration techniques for Monte Carlo methods and
non-statistical approaches have been developed. One such non-
statistical approach is polynomial chaos, which is a spectral expan-
sion of a given random function with respect to a multi-dimen-
sional random variable. In literature, polynomial chaos is often
coupled with the K-L expansion of the random inputs (see
[8-15] and references therein). If the random inputs can be ex-
pressed by a standard Gaussian process, the polynomial chaos
(Hermite-chaos) method can be employed directly to capture the
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uncertainty propagation, since the random variables in the K-L
expansion are mutually independent. However, the following situa-
tions can significantly weaken the effectiveness of polynomial
chaos methods for non-Gaussian random inputs:

(i) A strongly non-Gaussian processes R(t) may require a high-
order polynomial chaos expansion with respect to G(t). If
R(t) represents the random input, a high-order polynomial
chaos expansion of the solution field may also be necessary
for convergence, which may not be possible due to the lim-
itation of high dimensionality and complexity.

(ii) When the K-L expansion is employed to simulate the non-
Gaussian random processes, polynomial chaos or its exten-
sions [9,10,13,15] cannot be used directly since all random
variables in the K-L expansion are uncorrelated but not
independent. If independence is assumed, the joint probabil-
ity density between random variables cannot be captured.

In the present work, we study an elliptic problem with a ran-
dom coefficient, which is a typical stochastic model in many phys-
ical applications, such as porous media, ground-water systems, etc.
In particular, we re-examine the polynomial chaos methods cou-
pled with the K-L expansion. However, we take into account the
joint probability density of uncorrelated random variables in the
K-L expansion. We treat the polynomial chaos method as a high-
dimensional approximation approach, and take advantage of the
property of the solution that it has an analytic extension in the
parametric space. We observe that the polynomial chaos interpola-
tion provides L., convergence in the parametric space regardless of
the joint PDF. Thus, the polynomial chaos solution can actually be
regarded as a statistical model, based on which we can sample the
joint PDF to obtain the desired statistics. Accordingly, we sample a
known function instead of the original stochastic PDE, which re-
sults in substantial computational savings. Furthermore, we can
also use the polynomial chaos solution as a control variate for var-
iance reduction to sample the original stochastic PDE to efficiently
refine the obtained statistics.

This paper is organized as follows: we first present some neces-
sary techniques and analysis results for the model problem given
in the next section. We then describe our methodology in Section
3. In Section 4, we analyze the convergence behavior of our meth-
odology. A numerical study is given in Section 5, and we conclude
in Section 6 with a brief discussion.

2. Model problem

Let (Q,#,P) be a complete probability space, where Q is the
sample space, Z is the o-algebra of subsets of Q and P is a proper
probability measure. Let D be a bounded, connected, open subset of
RY(d = 1,2,3) with a Lipschitz continuous boundary 8D. We con-
sider the following stochastic elliptic problem as a model problem:
find a stochastic function, u : Q x D — R, such that almost surely
(a.s.) the following equation holds:

=V (a(x;0)Vu(x; ) = f(x)
u(x;w)=0 on dD,

on D,

(1)

where f(x) is assumed to be a deterministic function for simplicity,
and a(x; w) is a second-order random process satisfying the follow-
ing strong ellipticity condition:

Assumption 2.1 (Strong ellipticity condition). Let a(x;w) € L,
(D; Q) be strictly positive with lower and upper bounds a,,;,, and
(max, Tespectively,

0 < Gin < Amex  and  Pr(a(X; ®) € [amin, Gmer] VX €D)=1. (2)

Remark 2.2. The strong ellipticity condition can be relaxed as:
there exist a positive number an;, >0 such that a(x;w) > dmin
almost surely [16]. In this work, we use the strong ellipticity
assumption for the discussion of our methodology and present
some numerical experiments for the more general cases.

2.1. High-dimensional deterministic problem

In practice, the most commonly used (non-Gaussian) random
processes are second-order stationary processes with a known cor-
relation  function K, (x1,X2) = E[(a(®1, w) — E[a](x1))(a(x2, w)—
E[a](x2))]. Based on the correlation function K,, we can implement
the K-L expansion in the form:

a(x: ) = Elal®) + 3 VY abi (), 3)
i=1

where {Y;}; is a set of uncorrelated random variables with zero
mean and unit variance, and {(4;, y;(x))};5, is a set of eigenvalue-
eigenfunction pairs satisfying

/[; Ka(®1, %)% )2, = Jaty (1), (4)
/D (%) 05 (%)% = o, (4b)

where §; is the Kronecker symbol. Furthermore, the random vari-
ables Y; satisfy

1
Y- / (a(x; @) — Ela)(%)y(x)dx. (5)

The eigenvalue problem (4), in general, does not have analytical
solutions, which means that numerical approximation is usually
necessary [17-19]. We note here that Y; are uncorrelated, but not
necessarily independent, for general (non-Gaussian) random inputs.
For numerical implementation, we need to truncate the K-L expan-
sion up to M terms as

M

aw(%; ) = Ela)(®) + > V/AYap (%) (6)
i-1

according to the L, convergence

[E{/D(a(x; ) — ay(x; w))zdx] = g};ii -0 asM — oo. 7)

It is known that the K-L expansion is optimal in the L, sense. We
rewrite the problem (1) as

=V (au®Y)Vu(x;Y)) = f(x)
u(x;Y)=0 on oD,

where Y = (Yy,...,Yy) is a multi-dimensional random variable.
Then the solution u(x;Y) will be determined by a finite number of
random variables Y; according to the Doob-Dynkin lemma [20].
Due to the strong ellipticity condition, we see that Y must be
bounded. From Eq. (5), we have

onD,

8)

(@max — Amin)VoOl(D)
Vi

Without loss of generality, we can assume that Y € I' = [[, I';, and
I' € RM is compact. We denote r; = Vil @)l oy i=1,...,M. It is
obvious that the value of M is determined by the decay rate of
eigenvalues 4;, which, in general, relies on the regularity of the cor-
relation function K,(x;,%,). For more discussions about the decay
rate of 4; we refer to [13].

i< St [y ojax <
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2.2. Density estimation

In this section, we present algorithms for the density estima-
tion, which are necessary for our methodology in Section 3. In
practice, it is impossible to obtain the joint PDF of Y;. However,
we can approximate the marginal PDFs p; of Y; efficiently using
density estimation approaches. Here we employ the technique
of kernel density estimator [21]. Given N, realizations of the ran-
dom field a(x;w), we can obtain a set {Y“)}N" of samples for Y;
using Eq. (5). Then the kernel density estimation p; of p; takes
the form

s (5). .

where h > 0 is the bandwidth acting as a tuning parameter and
Kq4(y) is a prescribed kernel function satisfying

Kd(y /Kd dy— 1.

The most widely wused kernel is the Gaussian kernel
K4(y) = (2m)"*e¥*/2. In this case, the kernel density estimate can
be written as

Ny

) (.yx YU) /th
= e (10)
The bandwidth h is a scaling factor, which determines the quality of
the approximate marginal PDF p;. To this end, we choose the opti-
mal bandwidth h, which minimizes the asymptotic integrated mean
square error (AIMSE). In particular, AIMSE represents the distance
between two density functions, which can be written as

2 4 2 2
Nh/Kdy+ h/yKd dy/ \2dy,

with pf being the second-order derivative of p;, see [22,23] and the
references therein for more details about numerical algorithms of
non-parametric density estimation. The best rate of convergence
of the AIMSE of the kernel density estimation is of order O(N,*?)
[22,23].

AIMSE(,, p

2.3. L., approximation of u(x,y)

In this section, we discuss briefly the gPC method via a colloca-
tion projection, or gPC interpolation in short. The regularity of the
solution u(x;y) in the parametric space y € I was given in the fol-
lowing lemma [16]:

Lemma 2.3. Let [} = Hj 1j=l; and y*erl}, i=1,...,M. Let
Vi = Ii/Qmin. The solutlon u(x;y;,y"*,x) admits an analytlc extenszon
u(x;z,y), z € C, in the region of the complex plane

2(I'yt) ={zeC,dist(z, ') < Ti}
with 0 < 7; < 1/(2

max |ju <
Zex(rit) H (z )HH(‘)(D) =

7;)- Furthermore,

C(Ti, i, Amin),

where C is function of t;, y; and ampin.

Due to the analyticity, we are interested in the point-wise con-
vergence of polynomial interpolation in the parametric space. In
particular, we will examine gPC interpolation based on sparse
grids. In this section we assume that the random variables Y; are
independent for discussions about gPC interpolation and return
to this issue later in Section 3.

Let #,(I') indicate polynomials on I" with the total polynomial
order up to p. We define an approximation space for the model
problem (8) as 2,(I') ® Hy(D), where we do not include the errors

from physical discretization for simplicity. An interpolation opera-
tor based on sparse grids can be defined as

Iy =v Yve2,(I')®HyD). (11)

We note that 2,(I') is usually not the same as the polynomial space
that polynomial interpolation on sparse grids can exactly produce.
If we use .«/(M + s, M) to indicate the tensor product formulas given
by the Smolyak algorithm, where s indicates the level of sparseness,
polynomial interpolation based on .«/(M +s,M) will be exact for
polynomials in 25(I") and some other polynomials with a degree
larger than s [24]. However, in this work we will focus on the part
Ps(I).

Given a set of sparse grids {y;}{; on I', we compute u(x;y;) by
solving the deterministic elliptic equation

=V (an(*:y)Vux:y,)) = f(x), (12)

where the number n of interpolation points is large enough to ex-
actly determine polynomials up to order p on I'. When necessary,
we project the gPC interpolation results onto a basis of #,(I')
through the discrete integration formula based on sparse grids.
We note that if .«/(M + p, M) is based on Gauss abscissas, the corre-
sponding discrete integration formula has a degree of exactness
2p +1 for p < 2M [25], i.e., the discrete integration formula will
be exact for polynomials with an order up to 2p + 1.

To this end, the point-wise error of the gPC interpolation via
sparse grids can be expressed as

lu =@y, oy < (An+1)  inf

. ”u+WHLx(I“;Hé(D))7 (13)
weZp (I @Hy (D)

where o1, = #,u and A, is the Lebesgue constant associated with the
collocation points {y;}{ ;. It is obvious that the convergence is con-
trolled by two factors: the Lebesgue constant and the best approx-
imation given by the polynomial space #,(I"). Due to the existence
of analytic extension in the parametric space, we know that the best
approximation has a fast (exponential) point-wise convergence
[26]. However, the Lebesgue constant is only understood well for
certain choices of collocation points, e.g., Jacobi nodes. For a one-
dimensional interpolation formula, the optimal order of the Lebes-
gue constant is log(m + 1) with m being the polynomial order [24].
Polynomial interpolation on sparse grids was studied in [27], where
the sparse grids were based on the extrema of the Chebyshev poly-
nomials. Although the authors considered functions in a Sobolev-
type space, the deviations can be directly applied to analytic func-
tions, due to the special tensor-product structure of Smolyak algo-
rithm, for an estimate of point-wise convergence. Regarding the
stochastic collocation finite element method for the model problem
(8), the Ly(I"; Hy (D)) approximation was studied in [16,28], and the
Lo(T; HE,(D)) approximation was analyzed in [29], where sparse col-
location points were generated by a full tensor product with aniso-
tropic Chebyshev nodes in each random dimension, and the random
variables Y; were assumed to be mutually independent.

In this work, we will employ sparse grids based on Gauss
abscissas for an arbitrary PDF, which is in general a Jacobi-like
function (see Fig. 4 in Section 5). Since we know that it is possible
to use the Jacobi nodes to get the optimal order log(m + 1) for the
Lebesgue constant through the “additional points method” [24],
we expect a fast point-wise convergence for the right-hand side
of Eq. (13). In this work, we just use the Gauss abscissas for a Jaco-
bi-like PDF, and numerical experiments show that the correspond-
ing sparse grids work well for the gPC interpolation with respect to
the L..(I'; Hy(D)) norm.

Remark 2.4. In the polynomial interpolation, the PDF of Y does
not affect the norm || - || Lo(IH)( py directly unlike the L, norm, which
means that the point-wise convergence is valid for any joint PDF of
Y;. However, we note that the PDF of Y can be implicitly related to
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the choice of grid points {y;}, which will affect the Lebesgue
constant.

Remark 2.5. For the Galerkin projection, the L..(I'; Hy(D)) conver-
gence of the polynomial approximation should also be valid due to
the analytic extension in the parametric space. To study the L.
convergence, the standard technique is to transfer the problem to
the approximation of Green’s functions of the adjoint problem.
To the best of our knowledge, no regularity study of such Green’s
functions is available yet. In this work, we will present some
numerical experiments based on the Galerkin projection results.

Based on the point-wise convergence in the parametric space,
we are now ready to describe our methodology for elliptic prob-
lems with general (non-Gaussian) random inputs.

3. Proposed methodology

The model problem (8) has been widely studied (see
[30,9,31,12,13,16,28,32] and references therein) using the polyno-
mial chaos method, where the uncorrelated random variables in
the K-L expansion of a(x; w) are either approximated by a set of
independent Gaussian random variables or just assumed to be
mutually independent. In this work, we take advantage of the
point-wise convergence of polynomial interpolation in the para-
metric space to develop a simple and effective methodology.

3.1. Approximation procedure

Let a(x; w) = S a(x; w) denote a simulator of a(x; w). For exam-
ple, # can be a statistical model or a numerical simulation algo-
rithm of the non-Gaussian random process a(x; @) [5-7]. In other
words, we can obtain samples of the random field a(x; w) from
the simulator ., based on which we can implement a direct Monte
Carlo method. Since brute-force Monte Carlo methods are usually
unaffordable, especially for large-scale simulations, we shall try
to accelerate it by employing polynomial chaos simulations.

Since the K-L expansion is valid for any second-order stationary
or non-stationary random process, we use it to reduce the number
of random dimensions, i.e.,

M

au(%; @) = Ela)(x) + Y VaYi(®), (14)
i-1

where the random variable Y; is defined as

Yi =% /D(a(x; ) — E[a](x))y;(x)dx. (15)

Then, the marginal PDF p; of Y; can be approximated by density
estimation (see Section 2.2) using Eq. (15). Based on the approxi-
mate marginal PDFs p;, we subsequently define an auxiliary PDF
p =T1I", pi. In other words, independence is assumed between Y;
although they are only mutually uncorrelated. The reason in defin-
ing p is to construct orthogonal (generalized) polynomial chaos
bases {¢,} and the corresponding Gauss quadrature points for
Y = (Y1,...,Yy) € I' with respect to the marginal PDFs p;, based
on which we generate sparse grids in the parametric space. Here
o= (0tq,...,00) € NM is a multi-index. {¢,} is a set of orthogonal
polynomials with respect to the auxiliary PDF p, where
Oy = Hfﬁ,(p% and {¢,,} is a set of orthogonal polynomials with re-
spect to the marginal PDF p;. Several issues must be clarified before
we try to obtain orthogonal polynomial chaos basis {¢,}:

(1) The image of Y is usually hard to obtain in practice. How-
ever, the marginal PDF p; usually decay fast as |Y;| becomes
large. We then truncate the image of Y; at a certain point

where p; is relatively small and obtain Y € I c I'. Thus,
we neglect Y € I'\ T, since the probability Pr(Y € I'\ I') is
very small.

(2) To obtain orthogonal polynomials corresponding to the mar-
ginal PDF p;, we need to construct them numerically [15].
The efficiency of algorithms for numerical orthogonality is
mainly affected by the smoothness of the marginal PDF p;
[33]. Thus, we need an algorithm which can give us a smooth
approximation of p;. We noted in Section 2.2 that the
smoothness of the approximate marginal PDF p; is inherited
from the smoothness of the kernel K. If the Gaussian kernel
is employed, we have p; € C*(I';). Thus p; is proper for the
algorithms of numerical orthogonality. From Eq. (9), we
can see that the cost for the evaluation of p; at a given point
is determined by the number N, of samples. If N, is large,
the cost for numerical orthogonality is large. However, we
note that p; is nothing more but a sum of a series of Gaussian
functions, which implies that the fast Gauss transform (FGT)
[34,19] can be employed to accelerate the calculation. Actu-
ally, numerical experiments show that the cost for numeri-
cal orthogonality is very small. In general, the interpolation
error of .#,u is not very sensitive to the accuracy of p;, see
Section 5 for a convergence study.

Using the polynomial chaos basis {¢,} with order
|| = S°M, 0 < p, we can model the solution field as
Up(X;Y) = > (%), (Y), (16)
ldj<p

where the coefficients i, can be obtained from the interpolation re-
sults u(x;y;)
n
Uy (X) = Y Uy dy (V) Wi, (17)
i=1
with w; being the associated integration weight of grid y;. We note
here that the discrete Galerkin projection is based on the auxiliary
PDF p instead of the joint PDF of Y.

3.2. Post-processing procedure

Since the polynomial approximation u,(x;Y) is based on the
auxiliary PDF p while all the statistics of u(x;Y) are with respect
to the joint PDF p, we must deal with the approximation i, (x;Y)
carefully to obtain the correct statistics. Since the gPC interpolation
u,(x;Y) has a point-wise convergence in the parametric space, we
known the statistics of i, (x;Y) with respect to the joint PDF of Y
should converge to the statistics of u(x; Y). Based on such an obser-
vation, we propose two post-processing models:

(i) GPC predictor model: although we do not have the explicit
form of the joint PDF, we can sample it using the simulator
<. We first obtain a sample field of a(x; w) from the simula-
tor #, and then compute samples of Y; using Eq. (15). Then,
the moments of u(x;Y) can be obtained as

Nmc

[E[U’"(X;&(X))WN] PIN:HED SN (18)
me 54
where
) I(xY ®) i (i)
Bu(x:Y ) = u(xY @) if Y e I,
0 otherwise

and Ny, is the number of realizations. In other words, we
sample the polynomial chaos solution i,(x;Y) instead of
the stochastic elliptic PDE. If the polynomial chaos solution
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provides a good point-wise approximation, we will obtain a
good speed-up since sampling the stochastic PDE directly is
much more expensive.

(ii) GPC predictor—corrector model: furthermore, using the polyno-
mial chaos solution as a control variate for variance reduc-
tion, we can further refine the results obtained from the
first model. We implement the Monte Carlo method to sam-
ple the stochastic PDE in the following way:

Ninc

Eu" (. a()] = EE (6 )] + 1 > (¥ )
me i1
B Y ) (19)

where E[i(x;Y)] is computed from the joint PDF instead of
the auxiliary PDF, and B,(x,Y ) is defined as in Eq. (18).
Since we have the explicit form of &1,(x; Y), we can use a large
number of samples to compute E[i'(x;Y)] accurately. If
U (x;Y) is a good approximation of u™(x;Y), the random var-
iable u™(x;Y) — B} (x; Y) will have a small variance and result
in a good variance reduction for the Monte Carlo method, see
Section 4 about the error analysis. In other words, the value
of Ny, can be reduced significantly to achieve convergence.

We now summarize our algorithm:

1: Compute marginal PDFs p; of uncorrelated random vari-
ables Y; in the K-L expansion by sampling the simulator %
of random inputs.

2: Generate orthogonal polynomial chaos basis for each mar-
ginal PDF p;.

3: Construct orthogonal multi-dimensional orthogonal poly-
nomial chaos basis for the auxiliary PDF p = [V, p:.

4: Implement the polynomial chaos method via the colloca-
tion or Galerkin projection to obtain the approximation
u(x,y;) on {y;}i, c I based on the auxiliary PDF p.

5: Project the interpolation results from step 4 onto the poly-
nomial chaos basis {¢,} to obtain the chaos expansion
Uy (x%;Y).

6: Compute statistics by sampling the polynomial chaos
approximation i, (x; Y) as in Eq. (18) or use it as a control var-
iate for variance reduction as in Eq. (19).

4. Error analysis of the proposed methodology

In this section we present a general error analysis for the meth-
odology proposed in Section 3. We first list the main error sources:

(1) Truncation of the marginal PDFs. In numerical implementa-
tion, we cannot exactly obtain the image I" of Y. Instead we

use a truncated version I" c T..
(2) Approximation of u,(x; Y) = .#,u based on the auxiliary PDF.

Lemma 4.1. We assume that

[ iy pw)ay < & ana

where I = '\ I', and p(y) is the joint PDF of Y. Then we have

lu(x;y) — al’(&.”)HLx(ﬁHé(D)) < €,

[El1ullyy 0] — ELN Gl )] < €1 + €2 (20)
Proof.
[Elullig o)) — Ellpllg o)

[E“HuHHé(D) - HﬁpHH}](D)H

< Effju— ':’p“H}](D)]

= [ Ml o)y + / = Byl )y

< ([ 1uliyo pcvdy) (/ Py dy)m

(Cauchy—Schwarz inequality)

+ [ 1= il o)y
< €+ €.

It is seen that €; is due to the truncation of image of Y. The error
of 11, with respect to the joint PDF p(y) is dominated by the L, er-
ror €; given by the approximation with respect to the auxiliary
PDF.

Remark 4.2. The assumption that [ |uHH1 p(y)
sonable since u(x;Y) € Ly(T; HO(D)) [31].

< € is rea-

Lemma 4.3. Let

~ ‘1 Nmc i .
Uy = [E[HupHH})(D)] +N_mc Zl UluHHé(D)(Y (1>) - ||Bu||H5(D)(Y (I))]’
i=
where Y © are samples from the simulator of random inputs, and
B, (x,Y ) is defined as in Eq. (18). We have the convergence estimate

|E[u] — uy] ~o(,/é+egN 1/2>. (21)

Proof. We examine the variance of d, = [l 0y = 11Bull iy -

Var(dy) = Eld2) — (Eld))* < E[([tlyy5) — Bullyy o)°]

< [ Wl iy + [ 1u= iyl 0,00

2 2

ly < €2 + €2
Thus, iy = Ellplly o) + Elltluy o) — Elld iy o) + O(y/6 + €
N,./?), where we use the convergence rate of Monte Carlo methods.

Remark 4.4. From Lemma 4.3 we see that the efficiency of the
polynomial chaos solution for variance reduction is determined
by the error €; and €;. In Lemma 4.3 we assume that [E[\|up||H1<D)]
is exactly known. In practice, it is possible that we can only obtain

[||up|\H )] by sampling the random inputs. However, since i, is an
exp11c1t polynomlal it will be much faster to obtain a desired accu-
racy compared to sampling the stochastic PDE.

Remark 4.5. One option to reduce the errors €; and ¢, is the multi-
element extension of polynomial chaos methods [14,15], where
the parametric space is decomposed for extra h-type convergence.
In fact, by doing the decomposition, the domain of analytic exten-
sion will be also enlarged, see [35] for more details.

5. Numerical studies
5.1. Algebraic model

We first investigate the convergence of the proposed methodol-
ogy using a simple algebraic problem

(c+a(&+&H))Hu=1, (22)

where ¢ and ¢ are positive numbers, and &;, i = 1,2 are two uncor-
related random variables. For solvability, we assume that
Gel-1,1]and c+0(& + &) >0.
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For simplicity, we assume that & = &,(&;) is a function of ¢&;.
Then the fact that ¢; and ¢, are uncorrelated implies orthogonality
between ¢; and &, with respect to the PDF f(&;) of ¢&;. In other
words, & can be expressed as an orthogonal polynomial of ¢&;.
We note that ¢, is dependent on ¢&;. In the phase space, (&, &) is
located on a curve ¢&, = &,(¢;); however, if we use the auxiliary
PDF p(¢&q, &), (&1,&;) is on [—1,1]2. This can be regarded as the
worst case for our methodology since we need to approximate a
one-dimensional problem using two-dimensional polynomials. It
is obvious that the convergence on [—1, 1% in the L, norm is not en-
ough for the convergence on the curve &,(&;). A stronger metric to
measure the convergence of polynomial chaos is needed, such as
the L., norm.

Following the methodology proposed in Section 3, we first sam-
ple & and &, to obtain the density estimation. Based on the esti-
mated marginal PDFs we construct orthogonal polynomials and
implement the gPC method. Finally, we compute the statistics
using the joint PDF, in other words, we sample &; since we know
that &, is a function of ¢;.

Let ¢; be a Beta random variable of distribution Beta (,1). We let
& =28 — 1.1t is easy to verify that &, also has a Beta distribution
Beta (11). We have two choices for constructing the polynomial
chaos basis corresponding to the auxiliary joint PDF.

(i) Construct the two-dimensional polynomial chaos basis
using the one-dimensional Chebyshev polynomials since
both marginal PDFs of & and &, are Beta (1,1).

—&— Mean
—6— Standard deviation

2 3 4 5 6 7 8
p

Fig. 1. Convergence of the mean and standard deviation for the algebraic model.
Chebyshev polynomials are used to construct the polynomial chaos basis corre-
sponding to the auxiliary PDF.

—8— Mean
—6— Standard deviation

p
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(ii) Estimate the marginal PDFs of ¢; and ¢&,, and then construct
orthogonal polynomial chaos basis numerically.

Both cases are investigated. In Fig. 1 we show the convergence
of mean and standard deviation for approach (i). All statistics are
computed with respect to the joint PDF (¢, — &(&))pay (),
where p 1 (-) is the PDF of B(1,1) distribution. It can be seen that
the overall convergence rate is, in fact, exponential. If we use the
solutions from approach (ii) and the joint PDF §(&—
52(51)),0(%%)(51) to compute the desired statistics, we also obtain
fast (exponential) convergence, as shown in Fig. 2. It can be seen
that the convergence behavior is similar for N, =100 and
100,000. In Fig. 3, we present some estimated marginal PDFs and
demonstrate the sensitivity of convergence with respect to the
sample size for density estimation. It is observed that the esti-
mated marginal PDFs may be very different, however, the corre-
sponding approximation errors can be of the same order. In other
words, convergence is not sensitive to the sample size for density
estimation. The reason is that the solution of the algebraic model
is analytic with respect to ¢; and ¢&,, and the Taylor expansion con-
verges in the L., norm.

5.2. One-dimensional elliptic model

In this section we study the performance of the proposed meth-
odology numerically using an one-dimensional elliptic problem

—i<a(x;w)w> =1, xe€(0,1)

dx dx
u(x;w)=0, x=0,1, (23)
where the random process a(x; ) takes the form
a(x; w) = e“® (24)

and G(x; w) is a Gaussian random process of zero mean satisfying an
exponential kernel.
5.2.1. The Karhunen-Loéve expansion of a(x; w)

Let K¢(x1,%2) denote the covariance kernel of G(x) with the form
Kg(x1,X) = g?e il (25)

where ¢ is constant and [ the correlation length. We know that the
K-L expansion of G(x; w) is

G(x; ) = ai Vicihei(X)Z;, (26)

—8— Mean
—o6— Standard deviation

Fig. 2. Convergence of the mean and standard deviation for the algebraic model. Estimated marginal PDFs are used for the numerical orthogonality. Left: 100 samples for

density estimation. Right: 100,000 samples for density estimation.
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Fig. 3. Left: PDF of Beta (3, 1) and estimated ones with different numbers of samples. Right: sensitivity of numerical convergence with respect to the sample size in the density

estimation.

where {/¢;,hgi};; are eigenpairs and {Z;} is a set of independent
random variables with zero mean and unit variance. We obtain
the following statistics of a(x; m):

e Mean:

a(x) = Eja) = e2”.
e Variance:

Var(a) = E[(a — a)*] = e®” —e”.
e Correlation function:

El(a(xi; @) — a(x1))(a(Xz; @) — a(X3))]

Ko(x1,%2) = Var(@)

20X =X/l
eo’e 1721/ 71
2
e” —1

The K-L expansion of a(x; w) takes the form

ap(x; ) = a(x) + o, ZM: VVZaihai(X)Y:. (27)
i=1

We note that Y; are not independent.

5.2.2. Numerical orthogonality

For the underlying Gaussian random process, we let ¢ = 0.3 and
I = 5. Using Eq. (15), we can obtain the marginal PDFs of random
variables Y; in the K-L expansion of the random process a(x; w).

In Fig. 4, the estimated marginal PDFs of Y; are shown. For compar-
ison, we include the normal distribution. It can be seen that the
marginal PDFs of Y; are different from the normal distribution.
There exists an apparent bias in the marginal PDF of Y; towards
the negative direction. We note that all the estimated PDFs are
smooth.

In Fig. 5 we present some orthogonal polynomials with respect
to the marginal PDFs of Y, and Y5. It is seen that nonsymmetric
structure in the marginal PDFs is clearly reflected in the orthogonal
polynomials, in particular, the fifth-order polynomials.

5.2.3. Convergence of the proposed strategy

Due to the absence of exact solutions, we use the solutions gi-
ven by Monte Carlo simulations as reference solutions.

Let u,(x;Y) be the polynomial chaos approximation of u(x; w)
based on the auxiliary PDF p. For this example, we compute
i, (x;Y) through the gPC method via the Galerkin projection. Let
N, indicate the size of samples for marginal density estimation
and N the number of realizations for Monte Carlo simulation.
We approximate the statistics of solution using the following four
methods:

(i) Implement Monte Carlo simulations with 10° realizations.
(ii) Sample u1,(x; Y) with respect to the auxiliary PDF p. We note
that this method is only correct when the random variables
in the K-L expansion of a(x; w) are independent, otherwise,
there exists a model error in the random inputs.
(iii) Sample u,(x; Y) with respect to the joint PDF p using the gPC
predictor model, see Eq. (18).

0.45 ‘ ‘ 0.5 ‘ ‘
— — MC: 100 05 —.=Y,:MC 10000
04 ~ = ~MC: 1000 : / _ _ _Y_: MC 10000
—— MC: 10000 o0al i 2
0.35 Normal distribution : / ——Y,: MC 10000
0.35 Normal distribution
0.3
0.3f
W 025 w
a a 0.25}
o 02 o
0.2
0.15 05
0.1 0.1
0.05 0.05
0 R I~ — 0 L i " S
-4 -2 0 2 4 6 -4 -2 0 2 4 6
Yy Y,

Fig. 4. Estimated marginal PDFs using different numbers of sample points. Right: PDFs of Y;,i=1,2,3.
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Fig. 5. Orthogonal polynomials with polynomial order p = 2,...,5 with respect to the estimated marginal PDFs. Left: ¢,;(y,). Right: ¢,;(y,)

(iv) Implement Monte Carlo simulations using the gPC predic-
tor-corrector model, see Eq. (19).

For the underlying Gaussian random process, we let ¢ = 0.2 and
I = 5. For this case, the eigenvalues decay fast and we keep the first
five eigenvalues for the K-L expansion of the log-normal process
a(x;w). We use a 20-term K-L expansion to approximate the
underlying Gaussian process G(x;®) when Monte Carlo simula-
tions are needed.

In Fig. 6 we show the mean and standard deviation of u(x; w) gi-
ven by the first three methods. It is seen that the results are close
to each other, which implies that the correlation between Y; has a
small effect on the statistics up to second order due to the Gauss-
ian-like marginal PDFs.

0.14 : ‘ : T
o0.12f 1
0.1t 1
- 0.08} 1
[\
Q
= (.06} 1
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N 210% b
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o ‘ ; ; ‘
0 0.2 0.4 0.6 0.8 1

X

We subsequently investigate the convergence of methods (iii)
and (iv). Let Q,r(x) be a reference function and Q(x) an approxima-
tion. We define the difference between Q and Q. as

_ ‘Q(X) — Qref(x)|

€E=———""""". 28
M Qe ) 2%

We use the results given by Monte Carlo simulations with 10° real-
izations as a reference. In Fig. 7 we show the convergence behavior
with respect to € for different polynomial orders p and sample size
N, used in the kernel density estimation. For the mean, it is clear
that € becomes smaller as the sample size N, for the density estima-
tion increases. Similar behavior is observed for the standard devia-
tion. However, the error € of the standard deviation given by
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©
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Fig. 6. Mean and standard deviation of u(x; w) given by different methods. Five-term K-L expansion of a(x; @). Left: mean. Right: standard deviation.
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N, = 10? is almost the same as that given by N, = 10* when p = 2.
Then we increase the polynomial order to p = 3 and obtain a smal-
ler €, which implies that the error from polynomial chaos is domi-
nant for p=2 and N, =10%,10* Thus, the proposed strategy
converges to the correct results when N, and p increase. In contrary
to the algebraic model, we see that the size of samples for density
estimation has noticeable influence on the convergence. This is be-
cause the long tails of PDFs can be approximated better if a larger
number of samples is used, in other words, the error €; in Lemma
4.1 is reduced.

However, when the number of random dimensions is large, it is
not efficient to increase the polynomial order. Thus, it is necessary
to consider the method (iv). We compare the results from methods
(iii) and (iv) in Fig. 8. It is seen that a small number of realizations
of the stochastic elliptic problems can significantly improve the
convergence, which implies that the polynomial chaos solution
based on the auxiliary PDF provides a good prediction for variance
reduction, in other words, the factor /€2 + €3 in Lemma 4.3 is
small.

5.3. Two-dimensional elliptic model

Let Gi(x;w), i=1,2,...,2m be independent Gaussian random
fields with zero mean and unit variance, where m is a positive inte-
ger. Each Gaussian random field has the same correlation function
K¢(%1,%2) = Kc(|¥1 — X2]). We consider the following nonnegative
random field:

2m

Rk ) =) > Gxo). (29)

i=1

It can be verified that given x, the marginal distribution of R-(x; w)
is a gamma distribution of mean m. Therefore, R (x; ) can be called
a homogeneous Gamma random field. We summarize the statistics
of Ry (x; w) as follows

e Mean:

Rr = E[Rf] = m.
e Variance:

Var(R;) = E[(Rr — R;)’] = m.
e Correlation function:

Ke, (%1, %2) — E[(Rr(X1; @) — Ry (%1)) (Rr(X2; @) — Rr(X2))]

Var(Rr)
2
=K;(%1,%7).
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Fig. 8. Accelerate Monte Carlo simulations using the polynomial chaos approxi-

mation for variance reduction.

The derivation of the correlation function is given in Appendix
A. We see that the correlation function of Ry (x; w) is independent
of m.

We consider the following non-Gaussian coefficient

a(x;w) =1+ oRp(x; ®) (30)

for the model problem (1). Based on the K-L expansions of the
underlying Gaussian fields G;(x; ), a(x; @) can be approximated as

m [ M 2
ax; w) = ax; {&;}) =1 +% Z (Z icjhcj(x)‘fiJ) ; (31)

i=1 \Jj=1

where ¢;; are independent standard Gaussian random variables.

To employ the standard procedure of polynomial chaos meth-
ods, we need to project the approximate Gamma field a(x, {¢;;})
onto Hermite-chaos. However, we notice there are several issues
related to the efficiency of polynomial chaos methods: (1) the
number of random variables is mM, which increases fast with re-
spect to m; (2) second-order Hermite-chaos is necessary to repre-
sent the random inputs, which implies that high-order Hermite-
chaos may be necessary to model the solution.

In contrast to the standard procedure, we start from the corre-
lation function of R (x; ), which has a simple relation with the
correlation function K¢(x;,%,) and is independent of the number
of underlying Gaussian random fields. We assume that K¢(x;,x>)
is a Gaussian kernel as

P
Ke(®, %) = 7. (32)
Then the correlation function of Ry (x; ») is

%1 %52
Ki, (%1,%) =€ 72 (33)

It is seen that the correlation function of R (x; w) is also Gaussian
with a half correlation length compared to K¢(x;,x;). The K-L
expansion of a(x; @) can be expressed as

ax;w) =1+ 0<[E[R1“] + std(Ry) Z \/A_fhi(x)Yi>
i-1
—1+om+om'?> Vih®)Y,, (34)
i=1
where std(Ry) is the standard deviation of Rr(x), {4, hi(x)}:2; is a set
of eigenpairs of Kg, (%1,%;), and {Y;} is set of mutually uncorrelated

random variables with zero mean and unit variance. Given a reali-
zation of a(x; w), a sample of Y; can be obtained as

1
Vi= i /D(a(x) — (14 o)ym)h;(x)dx. (35)

Eigenvalues
N
o

0 2 4 6 8 10
Index

Fig. 9. Eigenvalues of Gaussian covariance kernels with correlation length [ = 1,0.5.



1994

In numerical approximation, we obtain realizations of a(x;w)
through a set of independent Gaussian random variables using Eq.
(31). For a good accuracy, we let M = 30.

For this example, we consider the gPC method via a collocation
projection. Let the physical domain D= (0,1)%, f(x)=1, and
o = 0.2. Let the correlation length [ = 1 for the underlying Gauss-
ian random fields, which yields that the correlation length for
the corresponding Gamma random field is I/2 = 0.5. In Fig. 9, we
show the first 10 largest eigenvalues of Gaussian kernels with
I =1,0.5. It can be seen that we need M = 4 Gaussian random vari-
ables to keep 90% energy in the K-L expansion of G;(x; ). Consider
m = 20. If the standard procedure is employed, we need mM = 80
independent Gaussian random variables to approximate the Gam-
ma random field. For the gPC interpolation, 2,342,921 grid points
are needed for non-nested sparse grids with sparseness level 3
based on the one-dimensional Gauss quadrature formula. The
choice of sparseness level 3 is according to the fact that the sec-
ond-order Hermite-chaos approximation is needed for the random
inputs. However, if we implement the K-L expansion directly with
respect to the correlation function of Ry(x;®), only 8 mutually
uncorrelated random variables are necessary to keep 99% energy.
In contrast to the standard procedure, the dimension of random in-
puts is dramatically reduced. In this work, we keep the first 10
eigenvalues of Kg, (x1,X,). For the gPC interpolation, we need 486
grid points for the non-nested sparse grids with sparseness level
2 based on the one-dimensional Gauss quadrature formula. We
use sparseness level 2 because that the K-L expansion is a first-or-
der polynomial with respect to the random variables.
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In Figs. 10 and 11 we show the mean and the standard deviation
along the center line x = 0.5. The statistics are computed by both
direct Monte Carlo simulations and the gPC predictor model (see
Eq. (18)). For Monte Carlo simulations, we sample the stochastic
elliptic PDE directly; for the gPC predictor model, we first sample
the stochastic elliptic PDE 486 (the number of sparse grid points)
times to obtain the approximate gPC solution u,(x;Y), which is a
second-order polynomial with respect to 10 random variables
(see Eq. (16)), and then sample u,(x;Y) instead of the stochastic
elliptic PDE to compute statistics. It can be seen that sampling
the gPC solution i,(x;Y) 100,000 times provides a comparable
accuracy with that given by sampling the stochastic PDE 100,000
times. However, the numerical cost is significantly different. The
main numerical cost of both strategies comes from sampling the
stochastic PDE. For the comparable accuracy, we only need to solve
486 deterministic PDEs for the gPC predictor model in contrast to
solving 100,000 deterministic PDEs for the direct Monte Carlo
method, which results in a speed up of 0(200). Since the gPC pre-
dictor model yields accurate statistics, we know that the predictor-
corrector model (see Eq. (19)) will be effective to further refine the
results, where the gPC solution is used a control variate for vari-
ance reduction.

6. Discussion

In this work, we have proposed and investigated a numerical
methodology for elliptic problems with general (non-Gaussian)
random inputs. We note that the methodology presented is a gen-
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Fig. 10. Mean of u(x; w) along the center line x = 0.5. Left: mean. Right: close-up view.
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Fig. 11. Standard deviation of u(x; @) along the center line x = 0.5. Left: standard deviation. Right: close-up view.
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eral one, not restricted to the model problem used. The idea is
based on the observation that the polynomial chaos method pro-
vides an approximate model of the original stochastic PDE while
the Monte Carlo method only needs the outputs. Thus, we can
‘feed” the Monte Carlo method using the polynomial chaos
solution.

The Karhunen-Loéve expansion, which is valid for any second-
order random process, was employed to reduce the dimensionality
of random inputs. To maintain the joint PDF of random variables in
the Karhunen-Loéve expansion, we considered a high-dimensional
interpolation problem in the parametric space. By noting the ana-
lyticity of solution and the L., convergence of polynomial interpo-
lation in the parametric space, we implemented the polynomial
chaos approximation based on an auxiliary PDF. In the post-pro-
cessing stage, we considered two models. In the gPC predictor
model, we computed all desired statistics by sampling the polyno-
mial chaos solution with respect to the joint PDF instead of the
auxiliary one. In the gPC predictor-corrector model, we used Monte
Carlo methods to refine the statistics given by gPC predictor model,
where the polynomial chaos solution served as a control variate for
variance reduction to accelerate efficiently the convergence of the
Monte Carlo method.
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Appendix A. Derivation of the correlation function of R(x)
Let X; = Rr(x1; w) and X, = Ry (x; @), we first look at the gener-
ating function g(0;,0,) = E[e"X1+0X2], Let Y;; = Gi(x;;w) and

Yi2 = Gi(x2; w). We know that Y;; and Y;, are normal random vari-
ables with covariance K¢(|x; — X»|). It is easy to see

2m
g(01,0,) = [E[eolx]wzxz} _ H [E[e%olc,?(xl)%och(xz)}
i=1

2m 1

Ezm/pI(g

—L (2, +y2,—2Kcyi1Vi2)

1 5 1 X —2 Vi 3 GYi1Ji2

X / edlyin30ayio @21-Kg T T dy;1Yiz
R2 T

2m

=] = 00)(1 = 0,) — 0:0,K2) "

i=1
= ((1=0:)(1=02) — 00,K3) ™ (A1)
We are now ready to compute the correlation function of Ry (x; w)
E[(Rr(x1) — E[Rr](%1))(Rr(x2) — E[Rr](x2))]

Kg,(x1,X%2) = O, (%1) 0, (X2)
_E[(X —m)(Xo —m)] _ EXiXp] —m?
— - = m
32
:M:Ké(\x] — %), (A2)
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