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The stochastic collocation method has recently received much attention for solving partial differential
equations posed with uncertainty, i.e., where coefficients in the differential operator, boundary terms
or right-hand sides are random fields. Recent work has led to the formulation of an adaptive collocation
method that is capable of accurately approximating functions with discontinuities and steep gradients.
These methods, however, usually depend on an assumption that the random variables involved in
expressing the uncertainty are independent with marginal probability distributions that are known
explicitly. In this work we combine the adaptive collocation technique with kernel density estimation
to approximate the statistics of the solution when the joint distribution of the random variables is
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1. Problem statement

Let (Q, X, P) be a complete probability space with sample space
Q, g-algebra = c 2° and probability measure P: X — [0,1]. Let
D c R? be a d-dimensional bounded domain with boundary oD.
We investigate partial differential equations (PDEs) of the form

L(X,w;u)=f(X), VXeD, weQ

(1.1)
B(x,m;u) =g(X), VXedD, weQ.

Here £ is a partial differential operator with boundary operator B,
both of which can depend on the random parameter . As a conse-
quence of the Doob-Dynkin lemma, it follows that u is also a ran-
dom field, dependent on both the spatial location x and the event
. In order to work numerically with the expressions in (1.1), we
must first represent the operators in terms of a finite number of
random variables & = [51,52,...,§M]T. This is often accomplished

using a truncated Karhunen-Loéve (KL) expansion [17]. If we de-
note I' = Image(¢), then we can write (1.1) as

Lx&u)=f(x), vxeD, ¢eTl
B(x,&u)=g(x), vxeoaD, ¢&¢eTl.
For a given realization of the random vector &, the system (1.2) is a

deterministic partial differential equation that can be solved using a
deterministic solver. Throughout this paper we assume that

(1.2)
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D, L, B,f, and g are defined so that the above problem (1.2) is well
posed for all values of ¢ € I'. In this paper we will explore several
different sampling methods for solving the system (1.2).

One is typically interested in methods that allow statistical
properties of u to be computed. If p(¢) denotes the joint probability
density function of the random vector ¢&, then the kth moment of
the solution u is defined as

Ew) = [ whp(@)de. (13)

One may also be interested in computing probability distributions
associated with u, for example P(u(x, &) > c).

Several methods have been developed for computing approxi-
mations to the random field u and the associated statistical quan-
tities. The most widely known is the Monte-Carlo method, where
the desired statistics are obtained by repeatedly sampling the dis-
tribution of &, solving each of the resulting deterministic PDEs, and
then estimating the desired quantities by averaging. Recently,
much attention has been paid to alternative approaches such as
the stochastic Galerkin and stochastic sparse grid collocation
methods [2,9,12,22,21,27]. These methods typically approximate
the solution u as a high-degree multivariate polynomial in &. If this
approximation is denoted u,(X,¢), then the error u —u, can be
measured in terms of an augmented Sobolev norm

e = ([ 1 |5dP)%- (1.4

Here V is an appropriate Sobolev space that depends on the spatial
component of the problem and || - ||, is the norm over this space. It
can be shown that as the total degree of the polynomial approxima-
tion is increased, the error in the above norm, ||u — u,||;2,,, decays
very rapidly provided that the solution u is sufficiently smooth in
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& [22]. If u is not sufficiently smooth then the convergence of these
methods can stall or they may not converge at all [18]. Several
methods have been proposed for treating problems that are discon-
tinuous in the stochastic space. One approach partitions the sto-
chastic space into elements and approximates the solution locally
within elements by polynomials, continuous on the domain
[3,25]. Another approach is to use a hierarchical basis method
developed in [16], which approximates u using a hierarchical basis
of piecewise linear functions defined on a sparse grid. This idea was
used with stochastic collocation in [18] where the sparse grid is re-
fined adaptively using an a posteriori error estimator.

If the truncated Karhunen-Loéve expansion is used to express £
and B, then the random variables &;, &,, ..., &, have zero mean and
are uncorrelated [17]. It is frequently assumed that the random
variables are independent and that their marginal density functions
p;(&) are known explicitly. In this case the joint density function is
simply the product of the marginal densities p(&) = IT, p;(&;). This
assumption simplifies the evaluation of the moments of the solu-
tion since the multidimensional integral in (1.3) can be written as
the product of one-dimensional integrals. It is not the case, how-
ever, that uncorrelated random variables are necessarily indepen-
dent, and in the worst case the support of the product of the
marginal densities may contain points that are not in the support
of the true joint density. Thus, it may not be appropriate to define
the joint density function as the product of the marginal density
functions. See [13] for further discussion of this point. In this paper
we explore a method for approximating the statistics of the solution
u when an explicit form of the joint distribution is not available and
we only have access to a finite number of samples of the random
vector & In particular, we are able to treat the case where informa-
tion on the parameters of the problem is only available in the form
of experimental data. The method works by constructing an
approximation p(&) to the joint probability distribution p(¢) using
kernel density estimations [23]. This construction is then combined
with an adaptive collocation strategy similar to the one derived in
[18] to compute an approximation to the random field u. Moments
can then be efficiently evaluated by integrating this approximation
with respect to the approximate probability measure p(¢).

The remainder of this paper proceeds as follows. Section 2 dis-
cusses the adaptive collocation method in [18]. Section 3 presents
an overview of the kernel density estimation technique used for
approximating the unknown distribution of & Section 4 presents
the method developed in this paper for approximating solutions
to problems of the form (1.2). An error bound for the method is gi-
ven in Section 4.1, and Section 4.2 presents techniques for extract-
ing solution statistics. Section 5 presents the results of numerical
experiments showing the performance of the new method and
comparing this performance with that of the Monte Carlo method.
Finally in Section 6 we draw some conclusions.

2. The adaptive collocation method

Collocation methods work by solving the Eq. (1.2) for a finite
number of pre-determined parameters {¢V ... ¢™)} using a suit-
able deterministic solver. The solutions at each sample point are
then used to construct an interpolant to the solution for arbitrary
choices of the random vector ¢. We denote such an approximation
generally as A(u)(¢). Collocation methods were first used for solving
PDEs with random coefficients in [2]. The interpolant was formed
using a Lagrangian polynomial basis defined on tensor product grids.
The cardinality of these grids is exponential in the dimension of the
random vector so that this method is not viable for problems with
high-dimensional random inputs. Sparse grid collocation methods
were developed in [27] and an error analysis of the method was
presented in [22]. These methods use the Smolyak interpolation

formula [24] to construct a high-order polynomial interpolant using
many fewer points than the full tensor grid. A refinement of this
method for problems where the solution depends on the parameters
in an anisotropic manner was presented in [21]. For all of these
methods, the solution random field is expressed globally as a poly-
nomial in the random vector & These methods are therefore only
useful when the random field u is sufficiently regular in &.

An adaptive collocation method was developed in [18]. This meth-
od is designed to compute approximations of random fields that pos-
sess discontinuities or strong gradients, and for which the image set "
is bounded.! In the following, we present an overview of this method
and our proposed modifications. To simplify the presentation we de-
scribe the case of a function u defined by a single random parameter
whose image is a subset of [0, 1]. This can be generalized in a straight-
forward manner to a function defined by M parameters with image con-
tained in any M-dimensional hypercube. Define

1 ifi=1
m-ll ’ 2.1
' {2”+1 ifi>1, @1
. % for j=1,....m, ifm>1, 22)
! 05 for j=1, ifmi=1.
For i=1,2,..., we have that ¢ = {5}};“:'1 consists of m; distinct

equally spaced points on [0,1]. We also have that ¢' c ¢!, Since
these points are equidistant, the use of global polynomial interpola-
tion as in [27] is not appropriate due to the Runge phenomenon. We
make no assumptions on the smoothness of u; for example, it may
contain singularities that global polynomial approximations will
not resolve. To address these issues, a hierarchical basis of piece-
wise linear functions is used to construct the interpolant. Define
6° = ¢ and A0 = 0"\ 0. Note that |A#'| = m; — m;_;. Let the mem-
bers of A¢' be denoted {&}*(""". The hierarchical basis is defined
on the interval [0,1] as

a(&) =1 (23)
L qVE s e s A L
d = [1-m=DE=g =gl <1m=1.
0 otherwise,
fori>1and j=0,...,|A¢'| — 1; see Fig. 2.1. These functions are

piecewise linear and have the property that a}(éﬁi):éjk. and

a]’:(fi) =0 for all s < i. Note that there is a binary tree structure on
the nodes in ¢'. That is, we can define the set of children of a point

&' as

hild () {CV]'NH ifi=2 25
chia(¢;”) = ) ) .
! Cf?}” ; f?}ﬂ 1 otherwise.

We also denote the parent of a point in this tree as par(z‘jﬁ").
Algorithm 1 defines an interpolation scheme using the hierar-
chical basis functions.

Algorithm 1. Interpolation with hierarchical basis functions

Define Ay (u)(¢) = 0.
Define k = 1
repeat

Construct Ag
Evaluate u(&™) v e Aok
wh = u(eth) — Ay (u)(E) vepk e Aok
Define A, (u)(&) = S, )% widi(©).
k=k+1

until max(jwf ') <t

! For unbounded T, interpolation is carried out on a bounded subset of T, see e.g.
[26].
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The quantities {wf} are referred to as the hierarchical surplus.
They represent the correction to the interpolant 4; ; (u) at the points
in A0;. For functions with values that vary dramatically at neighboring
points, the hierarchical surpluses {w}} remain large for several itera-
tions. This provides us with a natural error indicator as well as a con-
vergence criterion for the method, whereby we require that the
largest hierarchical surplus be smaller than a given tolerance. The
hierarchical surpluses also provide a mechanism to implement adap-
tive grid refinement. The grid is adaptively refined at points with large
hierarchical surpluses. For such a point, its children are added to the
next level of the grid. Algorithm 2 defines such an adaptive interpola-
tion algorithm that is similar to the one appearing in [18].

Algorithm 2. Adaptive interpolation with hierarchical basis
functions

Define Ao (u)(¢) = 0.
Define k = 1
Initialize Abgqipe = 0"
repeat

A0k+1 -0

adaptive

Ak k
for&™ € AOggaprize dO

Evaluate u(&*)

wh = (&) = A ()&

if|wf| > t then

Aoz;ra]ptive = AolédJra]ptive U Ch”d(ijAk)
end if
end for
Define Ay (u)(¢) = S, Yywidl(é).
k=k+1

until max(lwf ') <t

This method can be generalized in a straightforward way to
functions defined on [0, 1]™. All that is needed is to define a multi-
dimensional hierarchical basis set and a method for generating the

children of a given grid point. The multidimensional hierarchical
basis consists of tensor products of the one-dimensional hierarchi-
cal basis functions. Given i=[i},...,in] € NM and j=[j;,...,ju]
e NM, let

d(&) =d (&) ® - @ a (Ey). (2.6)
We can define the multidimensional interpolation grids by

0,=[0.5,0.5,...,0.5] 2.7)
Child(iin) ={¢Rel,... . Mst [&,....¢4 1,par(§), &, éul = 5in}-

From this we can see that each grid point has at most 2M children.
It was shown in [15] that the interpolation error associated with
this method bounded by

O(|6"| *log (|6 ™). (2.8)

This bound grows rapidly with increasing dimension. Numerical
experiments presented in [18] show that, in practice, the interpola-
tion error is significantly smaller than this bound, both for smooth
functions and functions that contain steep gradients or
discontinuities.

This method can be used to approximate the solutions to (1.2)
by applying a suitable deterministic solver to the equations at col-
location points §in. We can then construct an interpolant of u, Ay (u)
using the formula in Algorithm 2. In principle, the expected value
of u can be approximated by

B~ | Adwp(@ds = 35w [ dopae, 29)
i j .

although in the cases under discussion p will not be known explic-
itly. Even in the case where p is known explicitly and can be ex-
pressed as the product of univariate functions, the integral in
(2.9) can still be difficult to calculate when it is of high dimension.

— a,
1.4}
oo NS)
A—4 {.ff
1.2}
—u q,
—
1.0
0.8 \
# %
0.6+
& S
0.4
* b
0.2
\
\
D'%.O 0.2 0.4 0.6 0.8 1.0

Fig. 2.1. The hierarchical basis functions fori=1,2,3.
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3. Kernel density estimation

Let K(¢) be a function satisfying the following conditions:
/. K(¢)ds =1, (3.1)
JRM
[ K=o,
JRM
[ K@lede =k < .
RM

K@) >0,

where ||¢]| is the Euclidean norm of the M-dimensional vector &. Let
eV @ ™ be N independent realizations of the random vector
&. The kernel density approximation to the joint distribution of ¢ is
given by

R 1 K, (e
p(f)—WZK< B ) (3.2)

k=1

where h is a user-defined parameter called the bandwidth. It is
straightforward to verify that the function p defined above satisfies
the conditions for being a probability density function. The main
challenge here lies in the selection of an appropriate value for h. If
h is chosen to be too large then the resulting estimate is said to
be oversmoothed and important features of the data may be ob-
scured. If h is chosen to be too small then the resulting estimate
is said to be undersmoothed and the approximation may contain
many spurious features not present in the true distribution.
Fig. 3.1 shows kernel density estimates of a bimodal distribution
for a small and large value of h. The oversmoothed estimate does
not detect the bimodality of the data whereas the undersmoothed
estimate introduces spurious oscillations into the estimate.

One method for specifying h is to choose the value that mini-
mizes the approximate mean integrated square error (AMISE). For
a given value of h, the AMISE is given by

AMISE(h, N) — }Ih“oﬁ /M(Ap(é))zderN’]h’Mﬁ, (3.3)
where

_ 2 _ 2
o= [ lelik@dz p- [ K@rde (3.4)

and A here denotes the Laplace operator [23]. From this expression
the optimal value of h can be derived as [23]

Mot = Mﬁwz{/(Ap(é))zdé}_lN‘l. (3.5)

It can be shown that the optimal bandwidth is of magnitude
O(N"Y ™ty 35 the number of samples N increases. If the optimal
value of h is used it can also be shown that the AMISE decays like
O(N"#m),

For numerical computations, choosing h to minimize the AMISE
is impractical since it requires a priori knowledge of the exact
distribution. Many techniques have been proposed for choosing
the smoothing parameter h without a priori knowledge of the
underlying distribution, including least-squares cross-validation
and maximum likelihood cross-validation [23]. In the numerical
experiments below we employ maximum likelihood cross-valida-
tion (MLCV). This method proceeds as follows. Given a finite set
of samples, &V, @ ™ of the random vector &, define

N _ gk
Pl = > K(é £ ) 36)

k=1 k=i

to be the kernel density estimate constructed by omitting the ith
sample. The maximum likelihood cross-validation method is to
choose h that maximizes

N
Vi) = &> log(p-(£"). 37)
i=1

Note that this value of h only depends on the data. The intuition be-
hind this method is that if we are given an approximation to the
true density based on N — 1 samples and we draw another sample,
then the approximate density should be large at this new sample
point. In the numerical experiments described below, we solved
this optimization problem using Brent’s method [6]. The asymptotic
cost of evaluating (3.7) is O(N?). Thus as the number of samples
grows large this method can become costly. In this case one typi-
cally only uses a randomly selected subset of the samples to evalu-
ate (3.7) [14]. In the numerical experiments described below, we
observed that for the sample sizes used, the cost of this optimiza-
tion was significantly lower than the cost of repeatedly solving
the algebraic systems of equations that arise from the spatial dis-
cretization of the PDE (1.2).

In [23] it is shown that the choice of kernel does not have a
strong effect on the error associated with kernel density estimation.
In our experiments we use the multivariate Epanechnikov kernel

3 M M )
K©= () 10~ &1resa 38)
This kernel is frequently used in the case of univariate data as it
minimizes the asymptotic mean integrated square error over all
choices of kernels satisfying (3.1). It also has the advantage that it
is compactly supported. This causes the approximate density func-
tion p to be compactly supported, which is important in assuring
the well-posedness of some stochastic partial differential equations.

4. Adaptive collocation with KDE driven grid refinement

The interpolation method in [18] distributes interpolation
nodes so that discontinuities and steep gradients in the solution
function are resolved; however the method does not take into ac-
count how significant a given interpolation node is to the statistics
of the solution function since the refinement process does not de-
pend on p. The kernel density estimate described above can also be
used to drive refinement of the adaptive sparse grid in Algorithm 2.
The algorithm we propose is as follows. First construct an estimate
p to the true density p using a finite number of samples {¢"}Y .
Second, replace the refinement criterion in Algorithm 2 with

wilp(g") > T (4.1)

A similar approach is used in [19] to drive the refinement. However
in that study it is again assumed that one has access to an explicit
form of the joint density function. With the refinement criterion
(4.1), the grid is only adaptively refined at points near the data
{f“)}ﬁ , since the kernel density estimate is only supported near
the samples. In the sequel we refer to this proposed method, i.e.,
Algorithm 2 with refinement criterion (4.1), as adaptive KDE colloca-
tion. The refinement criterion (4.1) could also be employed in any
method where the stochastic domain can be refined locally, e.g.,
the multi-element stochastic collocation method [10,11]. The
remainder of this section is divided into two parts. In Section 4.1
we present interpolation error estimates associated with adaptive
KDE collocation and in Section 4.2 we present methods for approx-
imating the solution statistics of the random field u. Note that
throughout this discussion we can ignore the spatial component
of the problem.

4.1. Error analysis of adaptive KDE collocation

For simplicity we present the results for the case where the
problem only depends on a single parameter and interpolation is



40 H.C. Elman, CW. Miller / Comput. Methods Appl. Mech. Engrg. 245-246 (2012) 36-46

— Kernel Density Estimate — Kernel Density Estimate
laf - - True Distribution 1 1ap - - True Distribution 1
1.2} 1 1.2F 4
1.0} i ey 1 1.0t 1
I ! 1 |
1 ! | !
' l ) I
1 1
0.8 ' : ' : 0.8
1 1
1 ! 1 !
1 | I 1
| l ] |
1 1
0.6 I : I : 06|
1 | I 1
1 ! 1 !
1 | | 1
| 1 | I
| | | 1
0.4 | ! ! ! 0.4
1 ! 1 !
| ! !
1 1 !
' l ' |
0.2 : . : | 0.2}
1 ! 1 !
I ! 1 |
| : 1 !
I : I :
0.0 ! : s 1 d 0.0 L
=15 -1.0 -0.5 0.0 0.5 1.0 1.5 =15 -1.0  -05 0.0 0.5 1.0 1.5

Fig. 3.1. Under-smoothed kernel density estimate (left) and over-smoothed (right).

carried out on [0, 1]. Extension of the argument to multi-parameter
problems defined on an arbitrary hypercube is straightforward.
Also we ignore the spatial component of the problem as it has no
effect on the discussion of the errors resulting from the discretiza-
tion of the stochastic portion of the problem. Assume that A, (u) is
an interpolant generated using adaptive KDE collocation with
tolerance 7. Let p be the kernel density estimate used in computing
Ay and let T be the support of p. Let AP™"**¢(y) be the interpolant
constructed by Algorithm 1 with grid points A¢* = {éj“} and set of
hierarchical surpluses {wi} at those grid points. By definition,

A0 yopiive C AO¥. Define A0 = A0* — A0 Then if &' e

adaptive remaining adaptive*
A()’r‘emammg, it follows from (4.1) that |w}ﬁ(éf’)| < 7. We can bound

the difference between u and A;(u) on I as

I = A)pll,, i) < (= AT )Py

Lo ()

€1

+ (1AL (1) — A ()P, )

€

(4.2)

The term ¢; is the interpolation error associated with piecewise
multilinear approximation on a full grid. This case is studied in
[15]. The interpolation error is bounded by

= AT ), = OUA| ? loga(|A0) P ) (43)

Since p is bounded it follows that the bound on €; decays at the
same rate.

Bounding €, depends on counting the points in Aé}remammg and
using the fact that at those points \w]‘.p|

< 7. We have that
I(AL™ W) = A@)Pll < Y W@ P m
A0k

remaining

(4.4)

Expanding p in a Taylor series around éf" and noting that a}(f)ﬁ(é) is
only supported on an interval of size zl gives

ICAR™ () = @)l oy < D Wip(E)]
H’r(emuimng
wi 121y wi 121y
+ W T < Mg+ Y W (4.5)
2 Ao 2

remaining

The sums here are over all i,j such that & € A@',emammg For decreas-
ing 7, the number of points in Agremammg decreases since more points
are locally refined and those points that remain in Af)remammg for
large k correspond to basis functions with very small support. If 7
is chosen to be small and k is allowed to grow so that the refine-
ment criterion (4.1) is satisfied at every leaf node, the term ¢, will

converge to zero.
4.2. Estimation of solution statistics

Computation of the moments of the solution via the methods
presented in [2,3,12,18,22,27] all require that the joint density
function p be explicitly available in order to evaluate the integral
Jru( &)d¢ where 1 is an approximation to u computed by
elther the stochastlc Galerkin method [3,12] or by the stochastic
collocation method [2,18,22,27]. In practice this may be an unreal-
istic assumption since we often only have access to a finite sample
from the distribution of & This section describes two ways of
approximating the solution statistics when only a random sample
from the distribution of ¢ is available. The first is the well-known
Monte-Carlo method [20]; the second is a variant of the
Monte-Carlo predictor method presented in [26].

Given a random field u(x,¢) and a finite number of samples
{0y | the Monte-Carlo method approximates the mean of u by
the sample mean

(4.6)

N
ZX.’,‘E X).

i=1
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This method has the advantage that the convergence is independent
of the dimension of the random parameter. The error in the ex-
pected value can be approximated by first noting that the estimate
is unbiased,

Biasyc = E(u)(x) — E([LXN:U(X: 6(1'))) =0, (4.7)
i1

and that

Var(ug)) = S 48)

where Var(ti(x)) is the variance of the sample mean. An application
of Chebyshev’s inequality then gives a standard probabilistic esti-
mate, that for a > 0,

d

Note that a factor of 2 error reduction requires an increase of the
sample size by a factor of 4. This slow rate of convergence is often
cited as the chief difficulty in using the Monte-Carlo method
[2,12]. It is also important to note that this bound is probabilistic
in nature and that it is possible for the Monte-Carlo method to per-
form much worse (or much better) than expected. For a fixed choice
of the quantity on the left hand side of (4.9), which we call P here,
say P = .05, we have that

1& ;
Eu)(X) - § > u(x, &)
i=1

Var(u)
> a) < N (4.9)

Q< Var(u)
=V .05N’

and from this we can conclude with 95% percent confidence that the
Monte-Carlo estimate is bounded by /“®%.Smaller values of P
lead to looser bounds but greater confidence in those bounds.

The method presented in [26] is to construct an approximation
it of the solution function in the stochastic space using conven-
tional sparse grid collocation and then, given a finite number of

samples {¢7}Y,, to approximate the expected value by

(4.10)

N
E(u)(x) ~ %Zﬂ(x, &y, (4.11)

Instead of using conventional sparse grid collocation, we construct
an approximation #i using the adaptive KDE collocation method.
Assuming that one has already constructed the interpolant, compu-
tation of the expected value can be carried out very quickly this way
since the interpolant is simple to evaluate. Note also that while the
standard Monte-Carlo method was used to evaluate (4.11), adap-
tive KDE collocation is also compatible with other sampling meth-
ods such as quasi-Monte Carlo [7], multilevel Monte-Carlo [4,8].
In the case of quasi-Monte Carlo, the sample points used in (4.11)
are simply chosen to be the quasi-Monte Carlo sample points, and
in the case of multilevel Monte-Carlo an expression similar to
(4.11) is computed at each level of the computation. We expect
sampling strategies would yield combined benefits; we do not ex-
plore this issue here.

The error associated with this method separates into two terms
as follows,

N N
|65parse‘ = |E(u)(Xx) — %ZA(U)(X ﬁ(i)) < |E(u)(x) — %Zu()g C(i))
i=1 i1
N
+ %;«x, ey — Au)(x,E9))| = €nc + Einterp- (4.12)

The first term is statistical error and depends only on the number of
samples taken and the variance of u, and decays according to (4.9).
The second term is the interpolation error and is bounded since the

infinity norm of the interpolation error is bounded in the neighbor-
hood of the sample points using (4.2).

Given N samples of ¢, evaluation of (4.6) requires N evaluations of
the random field u. In the case where u is defined by a system such as
(1.2), this requires N solutions of a discrete PDE. In contrast, evalua-
tion of (4.11) requires Njner, €valuations of u to construct .A(u) and
then it requires N evaluations of A(u). The relative computational
efficiency of (4.11) then depends on two factors: first, whether an
accurate interpolant .A(u) can be constructed using Niner, < N func-
tion evaluations, and second, whether the cost of evaluating A(u) is
significantly less than the cost of evaluating u. The first condition, as
shown by (4.3), depends on the dimension of the problem as well as
the number of samples we have access to. For most problems of
interest the second condition is satisfied in that it is much less
expensive to evaluate a piecewise polynomial thanit is to solve a dis-
crete algebraic system associated with a complex physical model.
Note that in order for €., to be small the interpolation error only
needs to be small near the sample points. For adaptive KDE colloca-
tion the kernel density estimate is designed to make the interpolant
more accurate in the neighborhoods of these points by indicating
where large clusters of points are located.

4.3. Analysis of errors arising from spatial discretization

Thus far, we have focused on the statistical errors associated
with the adaptive KDE collocation method in the absence of errors
arising from spatial discretization. Within the context of stochastic
partial differential equations, however, errors are also introduced
by discretizing the equation in space at each collocation point.
Generally this error is analyzed by separating the error into spatial
and stochastic components [2,3,22]. We will present an outline of
this approach here.

As above, let u(x, &) be the solution to (1.2). Let uy(x, ¢) be an
approximation to u(-, ¢) obtained by a discrete deterministic PDE
solver. Let A(uy) be the approximation to uy(-, &) obtained by adap-
tive KDE collocation, that is, a discrete PDE solver is used to solve
(1.2) at each collocation point. The approximation error in both
the spatial and probabilistic dimensions can be written as

IIu(x, &) — Aup) (X, é)]p”LX(r):v
<, &) —un(X, O)1pl oy + It — Aun) (X, 1Pl iy, (4.13)

where || - ||,y Is the tensor product norm induced by the L., norm
on I' and a suitable norm defined on D, e.g., a Sobolev norm. The
first term in (4.13) is associated with the spatial discretization
and can be bounded using standard techniques for deterministic
problems [1,5]. The second term is the interpolation error on I
and is bounded by (4.2). In a practical computation, the spatial
and stochastic discretizations should be configured so that these
two errors are approximately equal. Our concern in this study is
the stochastic component and we restrict our attention to this in
the sequel.

5. Numerical experiments

In this section we assess the performance of adaptive KDE col-
location applied to several test problems. We aim to measure
quantitatively the two terms in the estimate (4.2) and to compare
the computational efficiency of our method with the Monte-Carlo
method.

5.1. Example 1: interpolation of a highly oscillatory function
Before exploring our main concern, the solution of PDEs with

stochastic coefficients, we first examine the utility of adaptive
collocation for performing a simpler task, to interpolate a
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u(é)

Fig. 5.1. u(¢) = [¢Jsin(1/¢).

scalar-valued function whose argument is a random vector. We use
adaptive KDE collocation to construct an approximation to the
function

u(e) = | T lasin(1/&) if & #0 5.1)
0 otherwise,

where ¢ is a random variable uniformly distributed over the set
[-1,-0.5/" U[0.5,1]". Fig. 5.1 shows a plot of the function u(¢) for
the single parameter case. The density of ¢ is given explicitly by

p(&) = 2M711[71.70.51%[0.5.1]’”- (5.2)

The function u is everywhere continuous but infinitely oscillatory
along each axis of ¢. The axes however are not contained in the sup-
port of p so the oscillations do not have any effect on the statistics
of u with respect to the measure on &. Algorithm 2 with the refine-
ment criterion used in [18] would place many collocation points
near the origin in an attempt to resolve the oscillatory behavior.
Provided that the approximate density p is a good approximation
to the true density, adaptive KDE collocation will only place colloca-
tion points near the support of p.

In our experiments, the density estimate for each choice of M
will be constructed from 5000 samples of ¢ with the bandwidth
h chosen by maximum likelihood cross validation. For a given va-
lue of ¢ let |(u(¢) — Ax(u)(&))p(&)| be the interpolation error scaled
by p. First we measure the scaled interpolation error at 500 equally
spaced points on [—1.5,1.5] and use the maximum observed error
as an estimate for the infinity norm of the error ||(u(¢)—
Ar() () ()L ry for the one-parameter (i.e. M = 1in (5.1)) prob-
lem. We denote this estimate by ||(u(¢) — A(u)(&))p(&)ll,, Fig. 5.2
shows the interpolation error in the mesh-norm | - p(¢)]|... This
norm only indicates the error on the support of p. Fig. 5.2 shows
that the interpolation error decays rapidly where the random var-
iable ¢ is supported. Fig. 5.2 shows that adaptive KDE collocation
converges significantly faster than Algorithm 2. The reason is that
Algorithm 2 places many points near the origin, attempting to re-
solve the oscillations. After a few initial global refinements of the
grid the new method concentrates all of the new collocation points
inside the support of ¢.2 Fig. 5.3 shows the collocation nodes used by
the adaptive method with KDE driven refinement.

Now we examine the performance for the same task when u de-
pends on multiple parameters in (5.1). Fig. 5.4 shows the number

2 Algorithm 2 with the refinement criterion (4.1) indicates that a node is not
refined if f)HwJ’.‘H is small. In practice however it is necessary to perform some initial
global grid refinements to achieve a minimum level of resolution.

of collocation points required as a function of the convergence cri-
terion T and the number of parameters. The figure shows that as
the number of parameters is increased, the efficiency of the pro-
posed method slows. This is due to the factor log,(|A0%|)>™
appearing in the estimate (4.3). Note however that for any fixed va-
lue of M, the asymptotic interpolation error bound (4.3) decays fas-
ter than the Monte-Carlo error bound (4.9). The results in
Section 5.3 indicate that the asymptotic bound (4.3) may be pessi-
mistic for problems of interest.

5.2. Example 2: two-parameter stochastic diffusion equation

Next, we use the method derived in Section 4 to compute statis-
tics associated with the solution to the stochastic diffusion
equation

- V-(a(X,&,5)VuX,é,6) =1, vxeD (5.3)
u(x,¢1,&)=0, vxeaD (5.4)

where D = [0,1]%. The diffusion coefficient a is defined for this
example as follows. Define the set LL = {x:0 < x;,X, < 0.5} and
the set UR = {x: 0.5 < x1,x; < 1.0}. Let 1;;(x) and 1yz(X) be the indi-
cator functions on LL and UR respectively. The diffusion coefficient
is piecewise constant and is given by

a(x,¢1,&) =1+ 1u(X)é + Tur(X) . (5.5)

Here ¢; and &, are assumed to be independently distributed log-
normal random variables. The PDF of ¢&; for i =1, 2 is given by

@) 1 _ (log(&)-? (5.6)
(C) = ———e 202 s .
pitei V2102

with ¢ =1 and = 2. Since ¢; and ¢, are assumed to be independent,
their joint distribution is given by

1 (log(¢1)~2)2 ~(log(&) ~2)?
2

P&, &) =I5,

(5.7)
Note that ¢; and &, take on values in the range (0, o). This, com-
bined with the definition of the diffusion coefficient in (5.5) ensures
that the diffusion coefficient will be positive at all points in D for all
possible values of the random variables ¢; and &,. This is sufficient
to ensure the well-posedness of (5.3) [2]. In the numerical experi-
ments, interpolation was carried out on the domain [1 x 107%,6]%
This computational domain contained all of the samples of (&, &)
generated by the log-normal random number generator.

10!
= Adaptive collocation with KDE
@8 Adaptive collocation without KDE
102} E
3
=
=
=
= 107} 1
T
)
2
10°} 1
10-5 L
10! 10? 10° 10*

Number of collocation points

Fig. 5.2. ||(u(&) — Ax(u)())p(&)|.. versus the number of collocation points.
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Fig. 5.3. u(¢) and the collocation points used in constructing approximate solution.

10° - :
-\x—-—-i > M=1 -
e—e M=2
e—— s
E

w 10%F —a ANM=4|]

13

g

=

=l

©

g *—

2 10%} T |

S -— o -

s

b5

o

E

=

= 1077 \

101 L L
10 107 107 107!

T

Fig. 5.4. The tolerance 7 vs the number of collocation points.

—r———— Sp——
5t ® 1 5k ¢ 1
p [ ] q
af . |
S 3peeee o o e e o |
2} ° ]
] [ ] q
13 i q
] q
S S S R —
51
6 e
5 bt 1
[ BN ) [ ] [ ] q
4 . 1
] ®

1 [EEES e gl o

L SR8 8
{

LIONINPR O

B oo i
2

£
S1

Fig. 5.5. Collocation points for various values of the error tolerance .

The method described above generates a set of collocation
points in the stochastic space. At each of these points (5.3) must
be solved by using a suitable deterministic solver. In this example
the spatial discretization is accomplished using finite differences
on a uniform 32 x 32 mesh. The discrete difference operators are
formed using the five point stencil

ax,y+%,¢,&)
a(X,% é] ) éz)
a("v)’*hjnyfhfz)

ax—"2.y.6,&) ax+%.y.6.6) |

(5.8)

for x = [x,y]" € D, and where hy, is the spatial discretization param-
eter. For this example the resulting linear systems are solved using
a direct solver, although an iterative solver may also be used as in

[9]. Although the spatial discretization of the problem introduces
an additional source of error, it is known that the error resulting
from the spatial discretization of the problem separates from the er-
ror associated with discretization of the stochastic component [2,3].
Thus we can focus solely on the error introduced by interpolating in
the stochastic space and by approximating the true joint density by
a kernel density estimate.

First we proceed as in Section 5.1 and evaluate the interpolation
error. Since the exact solution is not known we compute A(u) with
a very tight error tolerance T = 10~°. We treat this as an accurate
solution and observe the decay in error for interpolants obtained
using a looser error tolerance. For each interpolant, the kernel den-
sity estimate is derived from 5,000 samples of & = [¢;, &,] where ¢&;
and ¢, are independently distributed log-normal random variables
as described above. The bandwidth for the kernel density estimates
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Fig. 5.6. Kernel density estimates for varying numbers of samples.

is chosen using the maximum likelihood cross-validation method
described in Section 3.

Fig. 5.5 shows the collocation points used for several values of
the error tolerance 7. Comparing these with the contour plot of
the true joint density function in Fig. 5.6, it can be seen that the
method is concentrating collocation points in regions where the
estimated joint PDF is large. Thus the method is only devoting re-
sources towards computing an accurate interpolant in regions that
are significant to the statistics of u. Fig. 5.7 shows the interpolation
error as a function of the number of collocation points. Since an ex-
act solution to (5.3) is not available we treat the solution obtained
by using the method with 7=10""" as an exact solution. As

10! - :

— Error
Best fit line: m = -1.57
_ 10? ]
3
=z
=
107 1
<
L
10%F k|
10-5 L L
10* 10? 10° 10°

Number of collocation points

Fig. 5.7. |(un(X, &) — A(up) (X, POz pyer=ry versus the number of collocation
points

opposed to the first example, the solution u here depends on both
the spatial location and the value of the random parameter. We re-
port the error in the discrete norm || “ Pl (py<r=(ry» Where the space
I*(D) consists of square summable mesh-functions defined on the
spatial grid and I (T") consists of bounded mesh-functions defined
on a 500 x 500 uniform grid on I'. Fig. 5.7 shows that the interpo-
lation error decays quickly for the two parameter problem. The
apparent slowdown in convergence rate is attributable to the fact
that the exact solution is not available and the error is being mea-
sured with respect to an approximate solution.

5.3. High-dimensional stochastic diffusion
We now examine the performance of adaptive KDE collocation

for evaluating the statistics of a random field that depends on a
large number of parameters. The problem is given by

d d
- (anx § pux &) =1, ¥xe (0,1) (5.9)
u(0,8) = u(1,¢) = 0. (5.10)
The diffusion coefficient ay, is defined for even M by
M/2-1
ay = U+ Z 2k (E2k€OS(2TTkX) + Eqp1SIN(2TTkX)), (5.11)

k=0

where 2, = exp(—k), u = 3 and ¢ is uniformly distributed on [0, 1].
The problem (5.9) is well posed on the image of ¢ The system
(5.9) was solved at each collocation point by using central finite dif-
ferences on a uniform mesh with 128 degrees of freedom. Experi-
mental results for these problems are shown in Tables 5.1 (for
M =4 random variables), 5.2 (M =10), and 5.3 (M =20). The con-
tents of the tables are as follows.

First, for each M, we performed a Monte—Carlo simulation with
several choices of number of samples N. This sample size is shown
in the first column of the tables. In addition, for each value of
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Table 5.1 ) )

Monte-Carlo error (left) and || ,%,Zf’zluh(xﬁ DY — A(up)(x, C(‘))lew), 4 parameter problem.
N T

5x1072 1x1073 5x107* 1x1074 5x107°

100 525x 1073 223 x107* 118 x 1074 9.42 x10°° 9.42 x 1077
843 x 1072 (28) (212) (301) (813) (1169)
500 547 x 1073 271 x 1074 9.84 x 107° 112 x 107 1.76 x 107
3.78 x 1072 (28) (211) (315) (777) (1210)
1000 429 x 1073 236x 1074 124x107* 9.78 x 10°° 261x10°8
267 x 1072 (33) (200) (297) (762) (1207)
5000 436 x 1072 3.88x 1074 136x 1074 167 x107° 473 x10°°
1.19x 1072 (33) (172) (286) (745) (1104)
20000 432x1073 273x1074 130x 1074 1.09 x 107° 358 x 1078
5.96 x 1072 (33) (180) (294) (780) (1107)

Table 5.2 ) )

Monte-Carlo error (left) and || ﬁzf’ﬂu,,(x, Dy — A(up)(x, é“’)“,z(m, 10 parameter problem.
N T

5x1072 1x1073 5x107* 1x1074 5%x107°

100 7.66 x 1073 8.86 x 1074 441 %107 448 x107° 828 x10°°
9.08 x 102 (76) (1026) (1655) (5026) (8111)
500 713 x 1073 6.08 x 1074 336x107* 2.34x107° 1.01 x 107°
4.06 x 102 (92) (1170) (1189) (5773) (9404)
1000 9.19x 1073 6.03 x 1074 265x 1074 1.95x 107> 1.77 x 107°
287 x 102 (59) (1216) (1989) (5996) (9664)
5000 7.16 x 1073 6.62 x 1074 3.03x 1074 2.04x107° 1.02 x 107°
1.28 x 102 (93) (1120) (2041) (6095) (9787)
20000 7.25x 1073 6.27 x 1074 266 x 1074 1.96 x 107> 567 x 107°
6.42 % 1073 (93) (1187) (2127) (6050) (9942)

M, var[u(x, ¢)] was estimated at the spatial grid points using
20,000 samples. Eq. (4.10) can then be used to compute a 95% con-
fidence bound of the Monte-Carlo error. This estimate is shown in
the first column of Tables 5.1, 5.2, and 5.3 beneath the number of
samples used to construct the Monte-Carlo estimate.

The other columns of the tables contain results for adaptive KDE
collocation where the kernel density estimates are generated using
the same set of sample points used for the Monte-Carlo simula-
tion. The total error for this method is bounded by (4.12). The term
ll€mcllzp is estimated by the 95% confidence bound in the first col-
umn of the tables, as discussed in the previous paragraph. The
other quantities in the table are the I*(D)-norm of the sample mean
interpolation error, He,-,,te,p”,z(m, in the top of each box, together
with (in parentheses) the number of collocation points Niper, used
to construct A(u). For example, the second from left entry in the

bottom row of Table 5.3 shows that for the 20-parameter problem
and the 20, 000 sample set, .4(u) was constructed using 3, 108 col-
location points and ||€iner ||z p, = 6.52 x 1074,

The costs of the two methods are essentially determined by the
number of PDE solves required, N for the Monte-Carlo simulation
and Niper, for adaptive KDE collocation. In the tables, the number
of collocation points Niner, in parentheses are shown in bold type-
face when they are smaller than the number of samples. For such
cases, if ||€nerpllzp, Is significantly smaller than |[€mcllp . then
adaptive KDE collocation is less expensive than Monte-Carlo sim-
ulation. It can be seen from the results that the savings can be sig-
nificant when the number of samples increases. For example, the
second from left entry in the bottom row of Table 5.3 shows that
(by (4.12)) the error in mean for the adaptive collocation method
is bounded by |[[€inerpllpp) + l€mcllzpy =711 x 10% while only

Table 5.3

Monte-Carlo error (left) and || 3°F up(x, &) — A(up)(x, €M)l (p» 20 parameter problem.
N T

5x 1072 1x1073 5x107* 1x1074 5x107°

100 1.64 x 1072 1.65 x 1073 215%x 1073 581 x 1074 239%x1074
9.14 x 102 (41) (878) (1299) (4126) (6958)
500 1.45 x 1072 277 x 1073 138 x 1073 3.75x107* 167 x 1074
4.09 x 102 (41) (1045) (1738) (5545) (9106)
1000 845 x 1073 1.46 x 1073 9.02x 1074 1.66 x 1074 713 x107°
2.89 x 102 (119) (1618) (2622) (8580) (14012)
5000 870 x 1073 9.58 x 1074 499 x 107 7.88 x107° 259 x107°
129 x 102 (156) (2459) (4169) (13389) (22276)
20000 7.25x 1073 6.52x107* 338 x107* 3.48 x107° 2.35x107°
6.46 x 103 (193) (3108) (4991) (15963) (26081)
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requiring 3108 PDE solves, an error comparable in magnitude to
that obtained with the Monte—Carlo method (6.46 x 10~) with
20,000 solves.

We also note that these results suggest that the factor
log, (JAO*)*™-V in the estimate (4.3) may be pessimistic for many
problems of interest. Care must be taken when using the predictor
method not to over-resolve the interpolant when one only has ac-
cess toonly a small amount of data. Doing so results in an interpolant
that is too accurate given the number of samples available and re-
sults in wasted computation. This is the case in the right-hand col-
umns of the tables where the interpolant is being resolved to a
much higher level of accuracy than the associated Monte-Carlo er-
ror bound.

6. Conclusions

We have presented a new adaptive sparse grid collocation
method based on the method proposed in [18] that can be used
when the joint PDF of the stochastic parameters is not available
and all one has access to is a finite set of samples from that distri-
bution. It is shown that in this case a kernel density estimate can
provide a mechanism for driving the refinement of an adaptive
sparse grid collocation strategy. Numerical experiments show that
in cases involving a large number of samples it can be economical
to construct a surrogate to the unknown function using fewer func-
tion evaluations and then to perform the Monte-Carlo method on
that surrogate.
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