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The aim of this paper is to show that a high-order discretization can be used to improve the convergence of a multilevel
Monte Carlo method for elliptic partial differential equations with lognormal random coefficients in combination with
the multigrid solution method. To demonstrate this, we consider a fourth-order accurate finite-volume discretization.
With the help of the Matérn family of covariance functions, we simulate the coefficient field with different degrees
of smoothness. The idea behind using a fourth-order scheme is to capture the additional regularity in the solution
introduced due to higher smoothness of the random field. Second-order schemes previously utilized for these types of
problems are not able to fully exploit this additional regularity. We also propose a practical way of combining a full
multigrid solver with the multilevel Monte Carlo estimator constructed on the same mesh hierarchy. Through this
integration, one full multigrid solve at any level provides a valid sample for all the preceding Monte Carlo levels. The
numerical results show that the fourth-order multilevel estimator consistently outperforms the second-order variant.
In addition, we observe an asymptotic gain for the standard Monte Carlo estimator.

KEY WORDS: stochastic partial differential equations, groundwater flow, random fields, fourth-order
discretization, full multigrid, multilevel Monte Carlo

1. INTRODUCTION

In this paper we develop and analyze a multilevel Monte Carlo method based on a high-order finite-volume (FV)
approximation of a class of elliptic partial differential equations (PDESs) with lognormal random coefficients. Such
PDEs find their application for example in hydrogeology and are stated as

—V - (a(Z, w)Vu(Z, w)) =f(F), for feDcRY  d=123 (1.1)

We denote byv an event in the complete probability spd€e F, P), where is the sample space withalgebra
F and probability measur®. Quantityu represents the fluid pressute; Q x D — R is the random permeability
field andf is the known source term. The PDE (1.1) describes a steady-state single-phase flow in a porous medium
and is the result of the coupling between the Darcy flux —aVu and the incompressiblity conditiovi - ¢ = f.
We consider deterministic mixed Dirichlet-Neumann boundary conditions

w#, ) =gp() for #eT?,  and a(f,w)g—z(f,-):gjv(f) for zelV, (1.2

whereI'? andI'" represent the boundaries for Dirichlet and Neumann boundary conditions, respectivety, and
denotes the outward normal¥d'. In the context of fluid flow problems, Dirichlet boundary conditions represent the
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pressure values at inflow and outflow heads, whereas the Neumann boundary conditions define the pressure gradient
at the boundaries perpendicular to the main flow direction.

In stochastic subsurface flow modeling, it is well recognized that a lognormal random field may accurately repre-
sent the permeability of a naturally occurring heterogeneous porous medium [1-3]. The logarithm of the permeability
field, loga = Z, whereZ : Q x D — R is a zero-mean Gaussian random field. Therefore

E[Z(Z )] =0 and cov(Z(Z,-),Z(y,-)) =E[Z(Z)Z(¥,-)], Z,jyeD. (1.3)

The lognormal property also ensures a positive permeability throughout the domain. For further simplification,
we consider &omogeneous covariance functior? : R — R such that

cov(Z(Z.),2(5.) = R(r)  with 7= ||&— gz, (14)

The homogeneity condition guaranteessotropicandstationaryGaussian process. For any stationary process
the covariance function is invariant under any spatial translation. In this paper we use éra btatariance function
[4] characterized by the parameter get= {v, A, 02}, i.e.,

21—v
Rq;(?") = GZF(V)

() (50)

wherel is the gamma function anll,, is the modified Bessel function of the second kind. The paranvetiefines
the smoothnessy? is the variance, andl, is the correlation length of the covariance function. The &tatmodel
has great flexibility in modeling of spatial processes because of its smoothness paranvetéch governs the
differentiabilty of the random field. For = 1/2 the Maérn function corresponds to an exponential model and with
v — oo to a Gaussian model. The parameferando? dictate the number of peaks and the amplitude of the random
field, respectively. In general, realizations of the random field are “almost surélgercontinuousZ, a € C"(D)
with 0 < 1 < v (see, e.g., [5,6]).

We refer to Gilbarg and Trudinger [7], for standard results on the regularity for second-order elliptic PDEs. In
particular, we shall operate under the assumptionsftiat*(D) anda € C**1(D) for somek € N which ensures
thatu € H*+2(D). In the recent years, (1.1) has been extensively studied and the regularity results have been further
refined; taking into account the regularity of the lognormal coefficient field [6,8,9].

We are patrticularly interested in computing expected values of different linear functionals of the soeldgen
noted by@ := Q(u). Due to high-dimensional nature of the random permeability field, it becomes very challenging
to obtain reliable estimates of these hydrogeological quantities. The choice for appropriate uncertainty quantifica-
tion tools boils down to the computational efficiency. In the present context, Monte Carlo (MC)-type methods are
sometimes favored [10] due to their dimension independent convergence property and simplicity of implementation.
For standard MC method, the root-mean-square error (RMSE) convergg2igN )/, whereN is the number of
samples an¥[Q)] is the sample variance. This slow convergence with respe€tisy however, the main drawback of
the method. To remedy this, various sampling and variance reduction techniques have been applied, for example, the
authors in [11] have applied a quasi-Monte Carlo method to improve the convergence rate for this problem. More re-
cently, multilevel Monte Carlo (MLMC) methods have been formulated for this problem (see, e.g., [8,12,13]), which
lead to a dramatic reduction in computational cost compared to the classical MC approach. The idea of the MLMC
method was introduced by Heinrich [14] to speed up the computation of high-dimensional integrals. This multilevel
idea was further developed by Giles [15] to reduce the order of complexity of Monte Carlo path simulations for
stochastic differential equations (SDEs). The improved efficiency of the MLMC method comes from building the
estimate forQ, on a hierarchy of grids or levels, by exploiting the linearity of the expectation operator, i.e.,

L

E[QL] = E[Qo] + Y E[Qr — Qr-1], (1.6)

(=1

forall £ € {0,1,..., L}. On the coarsest grid fdr= 0, expectations are inexpensive to compute accurately and for
large values of, where the numerical solution is comparatively expensive, only a few realizations are required as the
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variance of the correction terfi@Q, —Q,_1] is significantly smaller compared to the variancépi.e.,V[Q,]. While
offering large savings over the standard MC method, MLMC retains all the important properties of MC methods like
parallelization and combination with other complementary variance reduction techniques (see, e.g., [6,16-18]).

There are two objectives of this paper. First is to show that a high-order discretization scheme can be used to
reduce the computational costs of the MLMC estimator for problems that exhibit high spatial smoothness. In previous
work, Giles [19] has shown an improvement fraife ~2(log £)?) to O(e~2) to achieve an RMSE aP(¢) using a
higher-order Milstein discretization compared to Euler path discretization for SDEs and certain financial payoffs with
Lipschitz bound. This gain was achieved due to improvement in the strong convergence order of the schemes that is
central to the efficiency of the multilevel method. In this paper we choose to use a fourth-order accurate finite volume
(FV) method on a uniform mesh. The key ingredient for achieving this high-order accuracy is using a fourth-order
accurate quadrature rule to approximate the boundary fluxes for each control volume. So far, the MLMC literature
on Darcy flow problems relies on a second-order accurate finite-element (FE) or FV discretization scheme. We show
that for certain linear functionals afthe overall asymptotic cost of the MLMC method can be improved under some
smoothness assumptions. Even for the case when no asymptotic gain is possible, we show a reduction in terms of the
number of MLMC levels and samples.

The second obijective is to define a structure in which the multilevel estimator is integrated into a multilevel
solver. To demonstrate this we use a full multigrid (FMG) solver [20] based on the same grid hierarchy as the MLMC
estimator for numerical PDE solution. We will describe in detail the modifications required to transform this solver
for the MLMC method so that the telescopic identity (1.6) is not violated. This method is particularly effective for
less-smooth quantities of interest. Further, we also provide an efficient and scalable multigrid solver for the fourth-
order linear system in 2D obtained by combining a cell-centered multigrid for the second-order discretization with
the defect correction strategy.

The outline of this paper is as follows. We begin by reviewing the standard MC and MLMC schemes in Section 2.
In Section 3 we describe in detail the second- and fourth-order discretization schemes in two dimensions. Section 4
explains the mechanics of coupling of a FMG solver and the multilevel estimator. Section 5 is devoted to the technical
details required to construct the FMG solver for both discretization schemes. In Section 6 we provide some numerical
results in two spatial dimensions for different quantities of interest and compare the cost of different MC estimators.

2. MULTILEVEL MONTE CARLO METHOD

The PDE discretization introduces a bias in MC estimators. Therefore, the computational grid should be fine enough
to keep this bias below the required tolerance. A high-order scheme can achieve a higher accuracy (lower bias) on
a relatively coarse grid and can be utilized to reduce the cost of MC estimators. In this section, we first describe the
single-level MC estimator where all the MC samples are based on same discretization mesh. Then we extend this
framework to the multilevel Monte Carlo estimator.

2.1 Single-Level Monte Carlo Estimator

To explain these methods we follow the descriptions outlined in [15,21,22]. In a single-level MC scheme we approx-
imateE[Q] using the standard MC estimator which empldysealizations of the solution on a grid with mesh width
h,i.e.,

N
1
E[Q] ~ E[Qh] ~ QN = ;Quwi), (2.2)
wherew; € Q). The above estimator is biased due to spatial discretization. The mean-square-error (MSE) is quantified
as viQi)
E(QNR)? =El(QNF ~EQ)% = —7 + (BlQn — Q) (2:2)

whereV[Q}] is the sample variance. The first error component in (2.2) is the variance of the estimator, accounting
for the sampling error, which decays with the number of MC sample$he second term corresponds to the square
of the mean FV discretization error, which converges with respect to the mesh witth&s:
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E[Qn - Qll = c1h™,  a>0, (2.3)

wherec; is a FV error constant. The sufficient condition for the MSE to be bounded @y > 0) is that both sources

of error are bounded by?/2. This is achieved by choosing a mesh size- O(e'/*) and the number of samples

N = O(e~?), assumingV|[Q4] is constant, independent of the grid size. With this, if we express the cost to compute
one sample o)}, by C;, = O(h™Y), wherey > 1, we obtain a total cost of

cMC — NC, =0 (e—z—v/ “) : (2.4)

to achieve a RMSE of. The complexity of the standard MC method can be improved using an optimal solver, e.g.,
by an FMG solver withy = d (whered is the number of spatial dimensions). Another way to reduce the costs is by
using a higher-order discretization, i.e., with an increased value.fArlarger value ofx can give the same accuracy

on a coarser grid and can therefore make the MC simulation significantly cheaper. For example, in a deterministic
setting, discretization accuracy ©f h?) on a 256« 256 grid is essentially the same as that of@&*) discretization

on a 16x 16 grid (assuming a small constant of proportionality for the fourth-order convergence). However, solving
the 16x 16 problem with fourth-order accuracy is typically cheaper than solving thex2%®% problem with second-

order discretization. The fourth-order MC scheme may still be cheaper if the underlying solver is slightly sub-optimal
compared to the second-order solver. Later we will show that our FMG solvers for both second- and fourth-order
discretization are asymptotically optimal.

2.2 Multilevel Monte Carlo Estimators

In the following, we briefly discuss the key elements of the MLMC scheme as explained in Cliffe et al. [21]. We begin
by defining a hierarchy dfell-centered grid{Dj,, } -, as a family of nodes given by

o1 o1 o 1
Dhe = (xivyj) Ty =1 — 5 hfayj =17 5 hz;l,] = 1; 27‘~~7m2;m5 = 7 (> (25)
2 2 he

whereh, is the mesh width. A control volume with center;, y;) is denoted byD}(;’”. We assume that the mesh sizes
are strictly decreasing such thiat = s~h,_; with the grid scaling factos € N\{1} forall ¢ € {0,1,..., L} and
h_1 = 0. In the following, we only consider uniform coarsening witk- 2, such that the number of cells doubles in
each of the coordinate directions with increasing level.
The individual expectations in the telescopic sum (1.6) are computed independently using a standard MC esti-
mator (2.1). The multilevel estimator reads

Ny
E101)~ QI = 3 Onie) + 3 3500w - 0u ). 29
¢ i=1

where the number of MLMC samples, € N form a decreasing sequence for increasinés each of the ex-
pectations in the above estimator is computed independently, the variance of the multilevel estimator is the sum of
variances of individual estimators, i.e.,

QML Z N7y, (2.7)

whereV, = V[(Qn, — Qn,_,)] and@Q,_, = 0. Using a similar argument as in (2.2), the MSE of the multilevel
estimator is given by

L
£(QMLY? = E[(QME — =Zﬁ E[Qn, — Q)2 (2.8)
=

~
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Note that the FV bias in this multilevel estimator is the same as for the MC estimator. In order to ensure that the MSE
(2.8) is smaller than the prescribed tolerangewe require both the error components to be less tAap. Therefore,
the number of levels is derived using (2.3), as

N

£

(E[Qn,, — Q])* = (a1hf)? < > (2.9)
Takingh;, = s~hg, we get the number of MLMC levels as
L=[a"tlog,(e7Y) + 2], (2.10)

wherec; is some constant depending 6ém, s, ho, ) but independent of. The above relation requires priori
knowledge of the constantg and«, which may not be available for the numerical scheme used. Practical implemen-
tations of the MLMC method however do not require a valué a@f advance. Usually, we start with a sméallvalue

and increase the number of levels until the following criterion is met,

£
\/év

which is obtained using the triangular inequality and (2.3). This numerically confirms that the bias of the MLMC
estimator is less than/+/2. The value ofx is empirically determined on-the-fly using the sample averages from
available levels.

Assuming that the cost of one sample on leiisIC, = O(h, "), then the total cost of the MLMC estimator adds
up tocML = ZLO N.C;. The number of samples at different levels can be derived by minimizing the total cost for a
fixed variance ot?/2. As suggested in [15], by treating, as a continuous variable and using a Lagrange multiplier
¢, we can get the constraint equation

|E[QhL - QhL—IH < (soc + 1) (211)

P L
N, (Z NCy, + cszlvk> =0, (2.12)

k=0

which yields
Ny = C\/Ve/Co, (2.13)
By substitutingV[QL] = ¢2/2 in (2.7), we obtain

L
(=2¢2 Z vV ViCo, (2.14)
=0

and hence the total cost to obtain a RMSE o given by
2

(2.15)

L L
CéwL = ZN@C@ =272 (Z \ VgCg)
=0 £=0

For completeness, we now state the generalized MLMC complexity theorem (for proof see [21]).
Theorem 1. Let there be positive constants 3,y > 0 such thatx > 1/2min(3,y) and
1. [E[@n — Q]| = O(h%);
2. V[Qh, = Qn,1] = O(h]);
3. Cy=0(h, ).
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Then, for any < exp(—1), there exists a valug and a decreasing sequend’; };_, such that(Q;!") < ¢ and

0 (e7?), when B>y,
C?,fL ={0 (E—Z(IOg 5)2) , when ﬁ =%,
o (5—2—((y—f3)/0<)) , when B <.

The parametera and 3 depend on the numerical method used to approximate the PDE and can be increased by
high-order discretizations. Also, these parameters do not change with the spatial dimension. ¥ ivecrateses with
dimension and when using an optimal solver it is approximately equal to the spatial dimén3iois implies that
for some quantities of interest the asymptotic cost might change when dealing with higher-dimensional problems.
Therefore, a high-order MLMC scheme may help in countering this effect. Even for the case where we do not have
the scope of asymptotic improvement, we can reduce the number of MLMC levels by increaaingbserved in
(2.10) and the number of samples by improving the paranfetesm (2.13).

3. FV DISCRETIZATION

When modeling the subsurface flow process, FV-type methods are usually preferred over FE methods due to the local
conservation property [23]. In this section we derive a FV approximation of the problem (1.1) using second- and
fourth-order discretization schemes on a 2D cell-centered grid. Our method will follow ideas from [24-27].

We consider the gri®,, as defined in (2.5) with square blocks of sizex h denoted byD,(f’j) and its boundary

asoD) = |J*_, oD!""*) with k denoting the four cell faces. In each of the finite volur¥s”), the integral
formulation of (1.1) takes the form

/ —V.(aVu)dD = fdD. (3.1)
D}(;’J) D}(l7j)
Using the Gauss divergence theorem, the left-hand side of the above integral is reformulated as a boundary integral
for boundaryBD,(j’j’K) andn, is the unit normal vector to that face

/D(”) —V.(aVu)d Z/D(” o aVungdSg. (3.2)

For cell ABCD in Fig. 1, the boundary integrals are given by

4 B c
—Z/ - aVu.ndS :/ a@da:—/ audy / a—daf—k/ (3.3)
/oD A Oy B “ou

(F)

D ® C
y
(F™) @ O @ (F°°)
D;f’) .
@
A <FAB> B
h

FIG. 1: AvolumeD}"?) and face-averaged normal fluxes at face centers
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We define the normal flux @* = aVu.n, and the so-called face-averaged normal fluk/as) = ]/hfaDu,],K)FKdSK.
h
Now, we can rewrite the integral form of the PDE in terms of face-averaged fluxes at face centers of cell ABCD,

B[(FAR) = (FP0) = (FOP) +(FPN)] = [ pap. 34)

We approximate the abovkix-balanceequation to second- and fourth-order accuracy in Sections 3.1 and 3.2, re-
spectively.

3.1 Second-Order Discretization

To approximate (3.4) to second-order accuracy, we use a central difference scheme to compute théWgradient
For the face “BC”, for example, we find

2 1 /9 ou 1 Uid1,5 — Wi
<FBC>( ) = E/B az—dy =+ l:ai+1/2,j (H]h]> h] + O(h). (3.5)

Fluxes at other faces are approximated similarly. If the coefficient field is smooth, we can appraximaig by

the mean ok, ; anda,,1 ;. In case of discontinuous coefficients, a harmonic average panda,, 1 ; works well

[28]. The right-hand integral in (3.4) is approximated using the midpointleej> fdD = h?f; j + O(h?). Finally,
h

we get the discrete equation for volurﬁé;’” as
_ 2
——1/2,jUi—1j — Qit1/2,jWit15 T Qi Ui — 5 5—1/2U j—1 — Qi j11/2Ui 541 = hfij, (3.6)

wherea; ; = a;_1/2; + ait1/2; + a;j—1/2 + a; j11/2. This is a standard 5-point stencil. For Dirichlet boundary
conditions, i.e.u = gp, we use a one-sided difference instead of central difference in (3.5). A Neumann boundary
condition is applied by directly usingy in place of the finite-difference approximation.

3.2 Fourth-Order Discretization

To explain the fourth-order discretization, we shall weaken the regularity assumptions for the coefficient field and
the source term. As our approximations of fluxes and the right-hand side in (3.4) are based on Taylor's expansion,
we assumef anda are at leasC*, which guarantees € C®°. Since our problem involves ad#ler continuous
permeabilty field, we will numerically study the convergence of the FV error for different smoothnesswvalues

We describe a fourth-order scheme for a regular 2D spatial grid. The following approach can be extended to
other more complex grid systems such as mapped coordinates and locally refined grids (see [24,25]). To compute the
face-averaged normal fluxes defined in (3.4), we use a fourth-order accurate quadrature rule. We will now explain in
detail the computation of the face-averaged normal flux for the face “BC”:

h2 62FBC
pBO\® _ FBC, 4+ T +O(hY), (3.7)
< > +1/2,5 7 24 2 i+1/2
where 82FBC/6y2\i+l/2j is the transverse Laplacian of the flux at the center of face. The above relation can be

derived using Taylor’'s expansion of the flux integrals in (3.3) [27]. We can reduce the above expression to

+O(hY). (3.8)
i+1/2,5

BC\(4) _ @ }LZ@ Lzu
(P )is125 = (@ivayzy <8$>i+1/2,j 120y Oyox

The above form has a smaller stencil size compared to (3.7). The derivation is provided in Appendix A. Each termin
the above expression is computed with fourth-order accuracy.
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3.2.1 Computation of (Ju/0z),; 1/, ;

Using the same relation as (3.7), one can write
0 0 h? 93
<U> _ [“ Lo } ) (3.9)
ox i+1/2,5 Oor  240y°0x it1/2,f
Next, using Taylor's expansion, we define

1
Pit1/2j = 5 [2T(Wir1j — wij) = (Uiv2y — ui-15)], (3.10)

see Fig. 2 (left) for the stencil. We can now yse, , ; for computing the elements in (3.9) as

o /2,
gu = Pird2i | o), (3.11)
Ox i+1/2,5 h
Pu 1 2
9%0r s =13 [Pi+1/2,j-1 = 20i41/2,5 + Piv1/2,j4+1) + O(h?). (3.12)
3.2.2 Computation of a2u/ayax|i+1/2j
For this term, we use ,
o“u 1
T = = [Piv1/2 41— Piz1y2-1] + O(h?). (3.13)
Yo |, y1/0; 202 [Pit1/2,541 — Piv1/2-1] (h%)

Derivations for rest of the terms are provided in Appendix B. This completes the fourth-order accurate face-averaged
flux computation for face “BC.” Averaged fluxes at other faces are computed analogously. Finally, we obtain a 21-
point stencil in a 5« 5 block which is centered at the cell on which the flux divergence is computed. In case of 1D

Vi

pi+ %,j +1
®
D C D C
pi+ %,j
— X lo)
Al B A B
Pis 1ita

FIG. 2: (Left) Grid points at cell centers required to compite./9dz), . , , ; using (3.10). (Right) A &5 block required to
compute the flux divergence of cell ABCD.
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problems, we do not have any transverse derivatives and we obtain a 5-point stencil. Regarding the right-hand side of
(3.4), we use the fourth-order quadrature rule on thel@&li”, i.e.,

2
/Du,n JdD =1 {f ™ ;Af} O (3.14)

i

whereA is the Laplacian operator computed with second-order accuracy.

3.2.3 Boundary Conditions

We only explain the discretization at the right and bottom boundaries with Dirichlet and Neumann boundary con-
ditions, respectively. The stencil for the other boundaries can be deduced similarly. Further, we assume the same
number of nodes (equal t@) along thex andy directions as per the grid definition (2.5). We prefer a ghost cell
approach that greatly simplifies the discretization around the faces next to the boundaries. On the right boundary, we
use a quartic polynomial extrapolation to update the ghost pai¢ee Fig. 3) at cell centers. In case of Dirichlet
boundary conditions, we use

. 1

i1y = 35 (12800141725 — 140 + O 15— 280 2,5 + St 3.5 (3.15)
wherem denotes the index of the cell centers of the control volumes which are located on the boundary. Furthermore,
to computep,,,1/2 ; at the face centers of a Dirichlet boundary (labeledasn Fig. 3), we use a cubic polynomial

1
pm+l/2,j = 6—0 [1849Dm+1/20- — 225“m,j + 50um,1,j — 9um72,j] . (316)

We consider the Neumann boundary conditions at the bottom boundary. The ghost points are updated using the quartic
polynomial given by

. 1
Ujm+1 = ?2 |:*24th1'7¢,1+1/2 + 17Ui,m + gui,m—l - 5ui,m—2 + ui,m—S] . (317)

At corners (e.g., poinC1 in Fig. 3), the ghost points are extrapolated by averaging the values obtained from a
guartic polynomial which uses 5 adjacent ghost point values along the two coordinates. The contribution from the
coordinate reads

u=gp

Bl

<

Vi

Xi

ou B2
oy ~&N °

Cl

FIG. 3: Points near or at the boundary which require stencil modification to incorporate boundary conditions and ghost points
(denoted by the gray circles and square)
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Uy 41,0 = Dip,0 — 100y —1,0 + 100y, —20 — Sy —3,0 + Um—4,0. (3.18)

Quantityp; ,, 11/ = RN i m+1/2 @t the face centers of a Neumann boundary. For the corner faces on the boundaries
(e.g., point labeled32 in Fig. 3), we approximate the transverse Lapladi&h?2/922| and 32u/3y8x|i+l/2j
using one-sided finite differences.

m,1/2

4. COUPLING OF MLMC WITH FMG (FMG-MLMC)

The most expensive part in a MLMC method is solving the linear system of equations obtained from the discretzation
of the PDE (1.1). Due to flexibility and ease of use an optimal “black-box” multigrid solver e.g. AMG1R5 [29] is
preferred for this purpose. One of the disadvantages of such solver is that we do not have access to the solutions on the
coarser grid levels. For the MLMC estimator that requires samples at different grid hierarchies one can benefit from
a geometric full multigrid (FMG) solver based on the MLMC grid hierarchy. The efficiency of a FMG solver comes
from using an inexpensive-to-compute solution on a coarser grid as a good initial approximation for the solution
on the next grid level. There are twofold benefits of using an FMG solver for a MLMC method. First, these kinds
of solvers are asymptotically optimal and can solve the linear systefi(/ify 4) operations wherd is the spatial
dimension. Second, the solution at each FMG level can be utilized to compute samples of the quantity of interest.

Here we benefit from the fact that the permeability field generated using the same randomesamplen a
sequence of mesfD,, }¢_,, ¢ € {0,1, ..., L} essentially represents the same field, but it is sampled at more nodes
as we move to the finer grids. Therefore, the FV approximatignon the levelk can be utilized to accelerate the
solve on the next finer levél 4+ 1 and at the same time can be used to com@ute

We use the notation FMGto denote a FMG solver with grid levelgi, }4_,. We now demonstrate how to
compute a sample of the quantity of interest at all MLMC levels using the EMi@ver. First the permeability field
is generated at all levels using the same random sample= 1,2, ..., N.. Using this field, we formulate the linear
system at each grid level of FMGi.e.,

Ly, (wi)up, = frn, for £€{0,1,..,L}. (4.1)

We begin by solving the coarsest grid problefn, (w;)u, = fr, up to the discretization accuracy and comput-
ing the sample&);,,(w;). Then the prolonged version of this solutibi, u,,, wherell}, is the FMG-interpolation
operator, is utilized as an initial approximation for the problem on the next fevell. Again, after a few multi-
grid cycles we obtain the solutiom,, and subsequently compuég,, (w;). This is done recursively till the finest
level L. This way, based on one FMG solve, we get one sample of the quantity of interest at each grid level, i.e.,
Qho(wi)’ (Qh1<wi> - Qho(wi))7 SR (th (wl) - Qhe—l(wi))7 ) (QhL (wl) - QhL—l(wi))' Repeating this process
for N;, independent realizations of the random field, welggtsamplesat all MLMC levels Now for the next coarser
MLMC level L — 1, we just need to compufﬁL,l = (N1 — Np) extra samples using the solver FMG. These
samples are computed in similar fashion as above.

We note that, for any level & ¢ < L, we already havéV,; samples from higher levels+ 1, ..., L. Therefore,
the remaining sample¥, to be computed at levélare given by

Ny = Ny — Npj1. (4.2)

Note that on the finest level MLMC level L we hawg, = N;. A straightforward computation using (2.13) shows
that for levels O< ¢ < L, the number of samples grows as:

Ny = NppqsB+)/2, (4.3)

wheres is the grid scaling factor defined earlier. From (4.2) and (4.3), we get the reduction in the number of samples
as

1 S*(ﬁ+v)/27 (4.4)
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This shows that the reduction in the number of samples is more pronounced when thg aattg are small. In
other words, the “recycling” of the coarse grid samples is more effective Wheatecays slowly with level. Figure 4
represents a 4-level FMG-MLMC method using a simplified FMG cycle. The computational cost of the FMG-MLMC
estimator is calculated @ZL:O N,C,. For comparison, the cost of the standard MLMC estimator based on the “black-
box” approach will beNoCo + Zle N¢(C¢ 4+ Cp—1). This shows that the FMG approach will always result in some
computational gain.

In practice, the FMG-MLMC algorithm can be implemented by slightly modifying the MLMC algorithm pre-
sented in [15,21] (see Algorithm 1).

Algorithm 1.
Start withL’ = 1 and run some initial number of FMG solves at lefzél

Estimate the sample variante, ¢ = 0, 1, ..., L’ by using the available number of samples.

Using (2.13) compute the optimal number of samplésfor all £ = 0, 1, ..., L' and then using (4.2) compute
N,.

4. Evaluate the extra/, samples by using the FMGolver.
Test for convergence using the criterion (2.11); if convergedLsetL’.
If not converged, sek’ = L' 4+ 1 and go back to step 2.

When using this procedure it is important to ensure that the telescopic identity (1.6) is not violated. For this, we
need to confirm that the definitions &f,, when computind€[Q,, — Qn,_,] andE[Q4,,, — Q4,] have the same
expectation, i.e.,

E[Qp,]©%5¢) = B[Qy,]F"¢) for ¢€{0,1,..,L —1}. (4.5)

The standard FMG approach where the coarse grid problem is formulated using Galerkin coarsening or a direct
discretization of the problem with an restricted coefficient field from fine grid may lead to some additional bias which
may decay at a slower rate than the FV error itself. Therefore, to avoid this we recommend generating the coefficient
field on coarse grids using the same random vactolWe will present one way of doing this in Section 5.4.

The coarsest level in the FMG solver is decided on the basis of certain stability criteria. In general, the coarsest
level should be able to provide a minimum level of resolution to the problem such that it serves as a meaningful initial

Solver Samples
uh3
3 o .
FMG N3 = N3
Up, .
FMG 2 Ny =Ny — N3
llhl \ f \/ / N
FMG ! Ni=Ni - N,

FMG © No=Nyp—-N;

FIG. 4: Schematic representation of a 4-level FMG-MLMC method. The black dots represent the converged solution points and
the double lines represent the FMG-interpolatit}y,. FMG solvers are listed on left and the number of samples to be computed
from these solvers is listed on the right.
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guess for the next level in the FMG hierarchy. In particular, for the groundwater flow problem the coarsest mesh size
should be of order of the correlation length, i/&,= O(A.).

5. FULL MULTIGRID ALGORITHM

Now we describe in detail the construction of a geometric FMG solver for the FV discretization developed in the
previous section. For the sake of brevity, we will denote the linear system obtained from second- and fourth-order FV
discretization by

£y, = 12, (5.1)

£Puy = Y (5.2)

h >

respectively. The elements aﬁﬁf) are provided in Appendix C. The linear systems (5.1) and (5.2) are solved by
multigrid methods MG2 and MG4, respectively. Further, the full multigrid variants of MG2 and MG4 are denoted by
FMG2 and FMG4, respectively.

Typically, a multigrid solver for elliptic problems is easy to construct. A large number of efficient multigrid al-
gorithms can be found in the literature. For a similar problem, the authors in [28,30] have shown that a multigrid
method based on a cell-centered grid using fixed transfer operators that do not depend on matrix coefficients can
provide a decent convergence speed even for highly discontinuous coefficients. They use a second-order FV dis-
cretization scheme. Currently, there are no multigrid algorithms known for the fourth-order FV discretization on a
cell-centered grid with variable coefficients. In this section we describe a robust and scalable fourth-order accurate
multigrid solver.

There are different ways of constructing a multigrid solver for a fourth-order discretization. One way is to follow
the standard multigrid approach of using an appropriate smoother and transfer operators. Due to the large size of
the fourth-order operatdit(4), it becomes difficult to find efficient smoothing schemes compared to the second-order

operatorﬁﬁf). Also, transfer operators will be much more complex, especially if we are aiming for independence of
coefficient magnitude. A second alternative is to solve the linear system in (5.2 eOrder Defect Correction
(HODC) scheme. This defect correction scheme employs lower-order schemes to obtain higher-order accuracy. Also,
from a programmer’s point of view it is more convenient to implement the HODC scheme. In our case, we use a
second-order multigrid algorithm (MG2) and HODC to construct a fourth-order multigrid solver (MG4). We devote
the next section discussing the intricacies in the implementation.

5.1 MG2 Cycle

Our MG2 method resembles the cell-centered multigrid (CCMG) algorithm proposed in [28]. Components required
to construct a two-grid cycle are discussed below.

Pre- and post-smoothind:here are different possible choices available for smoothers. In CCMG the ILU smoother
works very well but it is quite involved compared to basic iterative smoothers, like Jacobi or Gauss-Seidel smoothers.
We will use a Gauss-Seidel Red-Black (GS-RB) smoother in our algorithm.

Defect computation and restrictiohe defect’ = ,§2> — ﬁf)uﬁ is computed and is restricted to gfi2b;, using a

bilinear restriction operatdi2"] to obtainr, . The stencil form for this restriction reads

11 0 0
1 3 2 0
, 1
[Ile}] ~ 16 *
0 2 31
00 11

Coarse grid correctionWe apply a direct method, e.g., Gaussian elimination, to solve the coarsest grid problem,
£2ek = vk in a two-grid setting. The prolongation ef, is done using a piece-wise constant operaidy] to
obtaine’,j which is added tay;,. The stencil reads
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h
HAR ] ] [ .
2h
This process can be easily extended to many grid levels. The transfer operator needs to be modified appropriately at
the boundaries. The authors in [30] have done a two-gyhl Fourier AnalysigLFA) of this multigrid algorithm for
a constant coefficient field. As it is nontrivial to prove convergence for the problem with a random coefficient field,
we will here numerically show the convergence of the MG2 cycle.

Remark 2. For any multigrid cycle, the coarse grid operators can be obtained algebraically via the Galerkin coarse

grid method where.flgi) =1 ,Zlhﬁﬁf)lgh. The other way to obtain this operator is by direct discretization on the coarse
grid using the fine-grid coefficient-field approximated on the coarse grid. We prefer the latter for our multigrid cycle.

5.2 MG4 Cycle via Defect Correction

In many scenarios, constructing an iterative solver for lower-order discretizations is comparatively easy. A defect
correction strategy [20,31,32] can be used to formulate an “outer iteration” where only the right-hand side of the
lower-order linear system is modified on the finest grid using the higher-order linear system for the same problem.
As the left-hand side of the linear system remains the same, a lower-order multigrid cycle can be utilized to perform
an “inner iteration.” In this case, we consider the second- and fourth-order linear systems defined in (5.1) and (5.2)
and the inner iteration uses the MG2 cycle described in the previous subsectidrihTefect correction iteration is

given by

LPuf = f,.  with  f= @ - cWubty L@y (5.3)
We regard this iteration as the MG4 cycle. The new approximatfois obtained by rearranging
uf = (I —(LP) L yul =t 4 () LY. (5.4)

Usually, an initial approximation? is provided by a solution obtained from a nested FMG solution of second order.
This scheme converges to the solution of fourth-order discrete problem if the spectral radius of iteration matrix is
strictly less than one, i.e(] — (/322))‘1/:;14)) < 1. This criterion was verified using the Fourier analysis described in
[20] for frozen coefficients (for Poisson’s equation).

Remark 3. At present, we are unable to prove the convergence rate of high-order defect-correction scheme for an
oscillatory permeability field. We rely on the numerical results to demonstrate the robustness of the solver with respect
to covariance parameters. and o2

5.3 FMG Structure

Both MG2 and MG4 cycles can be easily incorporated into the FMG hierarchy to obtain FMG2 and FMG4 solvers,
respectively.

Typically, the FMG algorithm can be classified as either “fixed” or “accommodative” [33]. In the former ap-
proach, the number of cycles is fixed on all FMG levels beforehand whereas in the latter approach the number of
cycles is adaptively decided based on some criterion. The accommodative algorithm can be highly effective in op-
timizing the number of cycles over the FMG levels, especially for problems involving random coefficient fields.

In practice, the error cannot be computed but the optimal switching criteria can be based on residual reduction. The
switch from grid 2 — h is made when a norm of the residual on griddtops below some tolerangeFor example,
we can use the constraint

17512
5 <, (5.5)
(312

where||rS, ||2 and||r5, ||2 are residuals in 2-norm computed from the initial solution and afterultigrid cycles
(MG2 or MG4) at the 2 grid level, respectively. A reasonable choicejis= 277~¢, wherep is the discretization
order andd is the spatial dimension. All accommodative algorithms have the disadvantage that they require some
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extra work of computing residual norms. Accommodative algorithms are robust. For a coefficient field witt?large

and small\., linear systems of equations, (5.1) and (5.2) are highly ill-conditioned. In such cases, the residual norm
computations are inexpensive relative to other calculations. In the next section, we perform some experiments to study
the dependence of the number of cycles required on different grid levels on the regularity of the PDE solution.

Although the accommodative criterion does not always guarantee a reduction of error to the truncation level, it
typically can optimize the work on each level. For coupling of the FMG solver with the MLMC estimator, we need to
solve the linear systems on a sequence of grids as defined in (4.1). Therefore, the switch to the next grid level is made
only after the solution at the current level has reached the discretization accuracy. Currently, there are no theoretical
proofs to compute priori the number of iterations required at FMG levels for problems with random coefficients.
Therefore, we use a conservative stopping criteripr (L0~) for residuals on these grids in order to ensure that the
solution has reached the level of truncation error.

Another key component of a FMG algorithm is the FMG interpolation. Usually, any high-order scheme gives
an accurate solution even on a very coarse grid. Thus, it is important to translate this accuracy to the next finer grid
level using an appropriate interpolation scheme for the coarse grid solution. In our algorithm, we use a fourth-order
accurate bicubic interpolation (5.6). Due to non-nested nodes in the cell-centered grid hierarchy we get a relatively
large interpolation stencil. This interpolation can be seen as a two-step procedure described in Fig. 5. First, we
generate auxiliary points at the corners and face centers (denoted by the gray circles) of coarse cells using stencil
[th](l) and[th}(Z), respectively. In step two, we use the auxiliary and coarse grid nodes to generate points that are
the fine grid nodes using the same ster{ﬂﬁh](l). Near boundaries and corners, appropriate modifications can be
used. In [34], a local Fourier analysis framework is proposed to analyze different components of the FMG algorithm
and their effects on the final accuracy.

-1 0 0 -1
110 9 9 0 1
[ngh]ﬂ):?2 * and [th](z):l—G[—l 9 x 9 -1]. (5.6)
09 9 0
-1 0 0 -1

5.4 Sampling of the Coefficient Field

Several techniques exist to generate samples of the lognormal random firdliding the truncated Karhunen-&ee

(KL) expansion [35] or the circulant embedding method [36]. The main disadvantage of the KL expansion method

is that it introduces an additional bias in the approximation of the random field and has to be carefully accounted
for in the error model (2.8). The circulant embedding method, however, gives an exact representation of the isotropic

I S S S S S S S S
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21Tty
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| | I I |

FIG. 5: Schematic representation of FMG-interpolation procedure. (Left) Generation of auxillary points at corners and face centers
of coarse cells. (Right) Interpolation at cell centers of fine grid using coarse grid and auxillary points.

International Journal for Uncertainty Quantification



A Multigrid MLMC Method using High-Order FV Scheme for Lognormal Diffusion Problems 71

random field on a uniform sampling mesh; therefore, we prefer this method for our numerical experiments. This
method uses the fast Fourier transform (FFT) for the covariance matrix factorization, thus rél(uzi;é’ﬂog h;d)
operations to generate one sample of the random field. For conciseness, we do not give the full details of the circulant
embedding technique. Rather, we refer to [11,36,37] for a detailed description.

Here we recommend sampling the field on a dviite finer than the finest gridf the FMG' solver (see Sec-
tion 4), i.e.,
The above definition describes a vertex-centered grid with a mesh siz¢fThis choice of sampling grid is based
on two observations. First, in the FMG-MLMC method we require coefficient fields at all grid levels from the same
random sample and all these fields are nested in them;r{;gz. This way we can compute all the discrete operators

{Lh, }4_o in the FMG hierarchy. Second, this also simplifies the FV discretization, as the values of the coefficients
are now also available at the face centers.

Alternatively, we can generate coefficients at all grid levels separately, which is slightly cheaper but less conve-
nient than the aforementioned method.

6. NUMERICAL RESULTS

In this section we examine in detail the performance of various components described in the preceding sections. We
consider PDE (1.1) on domai® < (0, 1)? with a mixed Dirichlet-Neumann boundary condition,

gD(Ov y) = 17 gD(17 y) = 07 and (61)
gn(2,0) =0, g¢gn(z,1)=0, for =z,y€(01), (6.2)

respectively. For all tests we considére= 0 such that the regularity af only depends on the Maitn parameters. The
samples of the permeability field are generated using the circulant embedding technique (see Section 5.4) on a grid
which is twice finer than the finest FMG grid such that we get a nested sequence of the field for all MLMC levels. All
numerical schemes are implemented in MATLAB and results are generated on a common workstation.

6.1 Multigrid Convergence

Our first task is to illustrate the convergence rates of the 2D multigrid solver for the second- and fourth-order FV
discretizations as described in the preceding sections. A theoretical convergence analysis for the exponential covari-
ance ¢ = 1/2) has been conducted in [38] for two-level multigrid along with different choices of smoothers. Here,
we consider challenging cases with higher variances and small correlation lengths. For this we choose six different
combinations of the M&rn parameters (cf. Table 1) with increasing order of complexity in terms of solvability of the
linear system.

For a fixed® andh we generate 100 samples of the random field. Then for each sample we run the multigrid as
well as the FMG cycles. The reduction factor of a multigrid cycle foritheealization of the random field is defined
as

AT

i :_{ A 2} . for i=1,2,..,100 (6.3)
HThHZ

with ||79]|2 as the 2-norm of residual from zero initial guess &mf||. be the residual aftet multigrid iterations

required to achieve the reductidh;r||2/||79||2 < 10~°. Finally, the average reduction factor is computed as

TABLE 1: Different combinations of the Matn parameterg = (v, A., 62) with
increasing complexity from left to right
o, D, D3 Dy o g
(25,0.3,1) (1.5,03,1) (0.5,0.3,1) (2.5,0.1,3) (1.5,0.1,3) (0.5,0.1,3)
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1 oo
(q) = mz%- (6.4)
i=1

In all the test cases, we only consider the multigrid V(1,1)-cycle. Further, we fix the coarsest grid based on the
correlation length withhg = 1/16 forA. = 0.3, 0% = 1 andho = 1/32 forA. = 0.1, 02 = 3.

First we consider the multigrid cycle (MG2) for second-order accurate solution and the corresponding full multi-
grid cycle (FMG2). The reduction rate of a multigrid V-cycle is governed by the number of multigrid levels as well
as by how well the random field is resolved at the multigrid levels. Figure 6(left) presents the average reduction rates,
(q) with different mesh widths. Additionally, Table 2 provides the numerical value along with the observed standard
deviation,o,, for the MG2 algorithm. For each parameter set, the average reduction factor is roughly the same for
different grid sizes with slight improvement as we move to a finer grid. We also see that the deterioration in the
average reduction factor is more pronounced with increasing variance compared to the decreasing smoothness and
correlation length. In order to measure the efficiency of the FMG2 cycle, we run a single cycle and check for the
residual reduction. If not converged then extra V-cycles are run which are denot€d"6y?. Table 3 provides the
bound for the average numbers of MG2 [FMGZ2] iteration, | [[ (k" “?)]], required to reduce the residual by a
factor of 1076. Also note that the FMG2 method improves as we move to the finer grids for all cases.

Similarly, we investigate the reduction rates of the multigrid cycle (MG4) for fourth-order accurate solution along
with its full multigrid variant (FMG4), based on the defect-correction strategy. We follow a similar procedure as above
to measure the performance of these solvers. Also, we use the fourth-order solver only for the cases Wit
we do not expect any improvement for the rough ca$gs®s) over the second-order discretization. Table 4 reports
the average reduction rates to achieve the stopping criteria along with the standard deviations. From Fig. 6(right), we
observe that the average reduction rate for MG4 cycle stabilizes around 0.45. The better performance®ar gses
can be attributed to the use laf = 1/32 compared t@®;, ®, which usehy = 1/16. Table 5 provides the number of
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FIG. 6: Average reduction factor for MG2- and MG4-cycles for differént

TABLE 2: Average reduction factor [standard deviatio@)[o,], for different grid
sizes for MG2 cycles

® [ h=1/32 h=1/64  h=1/128 h=1/256 h=1/512
®; | 0.134[0.013] 0.130[0.010] 0.126[0.008] 0.122[0.006] 0.118[0.003]
®, | 0.144[0.031] 0.137[0.017] 0.130[0.010] 0.123[0.005] 0.120[0.007]
@5 | 0.181[0.025] 0.184[0.025] 0.179[0.028] 0.173[0.022] 0.160[0.017]

D, — 0.234[0.078] 0.237[0.130] 0.208[0.106] 0.178[0.075]
s — 0.248[0.087] 0.266[0.125] 0.270[0.169] 0.223[0.123]
D — 0.313[0.061] 0.345[0.097] 0.374[0.149] 0.330[0.086]
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TABLE 3: Average number of iterations for MG2 [FMG2]{k)][[(kFM&2)]], for
different grid sizes

® | h=1/32 h=1/64 h=1/128 h=1/256 h=1/512
D, 8[3] 8[2] 8[2] 8[1] 7[1]
o, 8[4] 8[3] 8[2] 7[2] 8[1]
Dy 9[5] o[4] 9[4] 9[3] 8[2]
Dy — 11[5] 12[5] 10[2] 9[2]
Ds — 11[5] 13[5] 14[5] 11[3]
D — 13[7] 15[7] 18[8] 14[4]

TABLE 4: Average reduction factor [standard deviatiofij}[o,], for different grid
sizes for MG4 cycles

® | h=1/32 h=1/64 h=1/128 h=1/256 h=1/512
@, | 0.496[0.038] 0.483[0.026] 0.468[0.021] 0.456[0.017] 0.443[0.019]
®, | 0.502[0.041] 0.478[0.030] 0.468[0.025] 0.455[0.021] 0.445[0.0R21]
D, — 0.520[0.041] 0.457[0.030] 0.437[0.025] 0.427[0.021]
o — 0.562[0.082] 0.488[0.070] 0.446[0.047] 0.428[0.041]

TABLE 5: Average number of iterations for MG4 [FMGA4](k)][[ (k¥ G4)]], for
different grid sizes

® | h=1/32 h=1/64 h=1/128 h=1/256 h=1/512
D, 21[2] 20[2] 19[1] 19[1] 18[1]
o, 21[3] 20[2] 19[1] 19[1] 18[1]
Dy — 23[3] 19[2] 18[1] 18[2]
Ds — 26[5] 21[2] 18[2] 17[2]

defect correction steggk)] for the MG4 method. Using an initial guess from a FMG2 cycle instead of using a zero
initial guess can reduce the number of iterations. Next, the qudritify’ “4)] shows the dependence of the defect
correction steps combined with the FMG4 solver on the regularity of the solution. As expected, more iterations are
required when the regularity decreases. Interestingly, the FMG4 solver is very efficient as it converges to the stopping
criterion in one cycle on finer grids, which is a huge improvement when compared to the number of MG4 iterations
that falls around 20. Note that for finer grids such #5112, the residual reduction by a factor of fomay not be
enough to reach the discretization accuracy and should be further lowered.

A few remarks are in order. Improvement in the average reduction rate was observed with the F(1,1) and W(1,1)
cycles but V(1,1) cycle was the fastest to reach the stopping criteria. The combioatier8 andA,. = 0.1, using
ho = 1/16, resulted in a very slow convergence and in divergence for some cases. Further, on coarser grids (till 64
x 64), the performance of the sparse direct solver in MATLAB is superior in terms of CPU times compared to the
MG4/FMG4 solvers. This is due to the dominating setup cost compared to the MG4 iterations itself.

6.2 Convergence of the FMG-MLMC Method

In this section, we test the convergence of the FMG-MLMC methods outlined in the previous sections. We denote by
FMG2-MLMC and FMG4-MLMC the multilevel estimators obtained from second- and fourth-order discretization,
respectively. Further, we denote by MC2 and MC4 the single-level Monte Carlo estimators using the second- and
fourth-order discretizations, respectively.
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Figure 7 shows the average CPU time required to solve the second- and fourth-order linear systems in 2D using
the full multigrid solver for one random sample. The time required to generate one random sample by the circulant
embedding technique is also provided. We note that the cost of solving the linear system dominates for the given
range ofh,. Therefore, in all our numerical results we will assume that the cost to compute one sample grows with
the ratey =~ d = 2. Since our code is not optimized, we will use a standardized cost model where we set the cost
to compute one samplé€, = h;d, in order to compare the costs of different estimators rather than using the CPU
times.

We will now compute the expected values of different quantities of interest using the FMG-MLMC estimators.
We refer readers to [8,13,39] for the convergence proofs for different linear functionals of the salafitre Darcy
flow equation. The first output quantity of interest is the horizontal flux at the center of dathain(1/2,1/2)7,
ie.,
ou(Z, w)

Qu) = —a(@, ) = (6.5)

()

where the partial derivativéu(, w)/0z is computed using Taylor's expansion with h?) accuracy.

In Fig. 8, we show the convergence rate of the FMG2-MLMC method Witk 0.1 , 0® = 1 and smoothness
parameter € {0.5,1,1.5,2.5}. For eachv, we compute the expectati¢pfi|[Q,, — Qr+]| and the varianc®[Q, —
Qp~] from 10,000 independent realizations of the random field using the FMG2 solver with the fineat ged
1/256. The purpose here is to show that the approximation at each FMG level has reached the discretization accuracy
and can be used as valid samples for the MLMC estimator. Also, we see that the rate of converfefiref the
expectation|E[Q), — @Qn+]|, improves with increasing smoothness but stalls after 1. The convergence rafe
(right) of the varianceV[Q;, — Qx+], does however improve with smoothness ufititeaches the value 4, which
follows from the inequalityV[Q] < E[Q?]. This verifies the inability of second-order schemes to capture additional
regularity in the solution obtained when> 1.

In Fig. 9, we use the FMG4-MLMC method for the same quantity of interest and compare with FMG2-MLMC
method forv = 1.5 (top) andv = 2.5 (bottom). Again, the partial derivativi.(Z, w)/dx is computed using Taylor's
expansion withO(h*) accuracy. To differentiate between the two methods we denote the convergence reis by

10° - - - T
—&— Circulant Embedding
I | —@—FMG2 solver
10 2 | —9—FMG4 solver e
E | — — slope=2 el

Avg CPU time (sec)
S
T

10" 102 h 10°
FIG. 7: Average CPU times (in seconds) for the solution of second- and fourth-order discretization along with the time to generate
one sample of random field via the circulant embedding method for 2D problembwith{1.5,0.1, 1)
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p@ andx®, @ for second- and fourth-order, respectively. The empirical values of these parameters obtained from
regression are listed on the top of each figure. We observextiat> «(® andp® > B for both smoothness
values and the difference is more pronounced with increasing smoothness of the random field. Recall that a higher
value ofx implies fewer MLMC levels and a highg¥ corresponds to fewer MLMC samples on those levels. Using
Theorem 1, the asymptotic cost of the MLMC estimator can be predicted if the paramedesy are knowna
priori.

In Fig. 10, we compare the standardized cost to compute the expected values of the horizontal flux at the center
with different tolerances. We use the coarsest grig = 1/8 for both FMG2-MLMC and FMG4-MLMC esti-
mators. These results are produced using Algorithm 1 provided in Section 4. The estimators FMG2-MLMC and
FMG4-MLMC converge with the raté(e~2) consistent with the MLMC theoreng(> y = 2). The cost of the
FMG4-MLMC estimator is however significantly lower than other estimators, which can be attributed to kigher
and . The MC2 method converges with the expected @te—3), whereas MC4 converges @(s~28) (left) and
improves slightly withO (e =2-°%) (right) for the smoother test case. Next, we consider the mean of the solLition
D,

Qu) = |Z]5|/Du(f, w)dD. (6.6)

The above integral is approximated using a fourth-order quadrature rule. In Fig. 11, we compare the convergence
rates of the two methods for smoothness parameter {1.5,2.5}. The top two plots show the convergence rates

for relatively “easier” Maérn paramete® = (2.5,0.3, 1) with 2o = 1/4 whereas the middle and the bottom two

plots present more challenging parameters (1.5,0.3,3) and® = (2.5, 0.3, 3), respectively, both witthg = 1/8.

For all these test cases, we observe similar improvements in the MLMC parameters as the previous quantity of in-

terest from using the fourth-order discretization. Again, these parameters can be used to predict the asymptotic cost
of different estimators.The discretization error from the second-order discretization is already verysi@af)(on

the coarser grids. For applications which do not require a very small tolerance, an estimator based on a fourth-order
discretization may be more expensive.

In the presence of strong gradients, the constant term in the discretization error can be large. This is also observed
in the top left plot of Fig. 11. In these situations, using high-order schemes can also result in an expensive MLMC
estimator. The issue can be tackled using a hybrid MLMC estimator which utilizes the second-order scheme on coarser
levels and the fourth-order scheme on the finer levels, the cutoff level being the coarsest grid where the fourth-order
solution becomes more accurate compared to the second-order solution. This approach is easy to implement and does
not lead to any violation of the telescopic sum.
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1010 k[0 FMG2-MLMC 1010 k|0 FMG2-MLMC
—¥— FMG4-MLMC —¥— FMG4-MLMC
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€ €

FIG. 10: Cost to obtain RMSE less thanin the horizontal flux for the 2D problem using different estimators. The covariance
parameters ar@ = (1.5,0.1, 1) (left) and® = (2.5,0.1, 1) (right).
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FIG. 11: Comparison of parameter (left) and 3 (right) observed for the mean of the solutiofi| | fD udD from FMG2-

MLMC/FMG4-MLMC scheme.

7. CONCLUSIONS

We have presented a multilevel estimator based on a fourth-order accurate discretization of the stochastic Darcy flow
problem with smooth coefficient fields. Our goal was to exploit the additional regularity in the numerical solution of
the PDE to achieve a faster MLMC convergence. We utilized a fourth-order FV discretization scheme to approximate
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the PDE solution. Additionally, we provided an efficient multigrid algorithm to solve the linear system arising from

this discretization. A useful feature of this multigrid algorithm is that it uses a simple second-order multigrid solver
combined with a defect correction strategy to obtain fourth-order accurate solution. Further, we showed that this solver
is able to handle coefficient fields with large variability and small correlation length scales. Numerical experiments
clearly show the benefits of using a high-order discretizations in terms of improved MLMC paramedacsp

which dictate the number of MLMC levels and samples, respectively, for smoothneds The fourth-order MLMC

estimator reached the required tolerance for a much lower cost compared to the estimator based on the second-order
discretization. Also, we showed that the fourth-order method always leads to an asymptotic gain in case of the single-
level MC estimator.

In this work, we confined ourselves to 2D problems and observegthat for all quantities of interest leading
to an asymptotic coP(e~2). However, for 3D and unsteady problems for whicls typically large, using a second-
order method might lead to situation whege< y with the associated MLMC complexity @ (e =2~ (Y—=B)/«)) In
such scenarios a higharand from the fourth-order scheme will improve this complexity.

Clearly, one of the issues with high-order schemes is that the cost of assembling and solving the linear system is
always more expensive compared to lower-order schemes (for same grid size) and therefore, the computational gains
become evident only when the applications requires a relatively small tolerance.

We have also proposed a novel approach to integrate a full multigrid solver with a multilevel estimator with
the same mesh hierarchy. The algorithm is described in detail and all modifications required in the FMG solver
are discussed. This combination results in computational saving which, however, depends on the rate of decay of
the MLMC samples with the levels. Although we confined ourselves to a simplified version of the multigrid solver
based on fixed transfer operators, this framework is easily extendable to more sophisticated solvers. Furthermore, the
extension of this approach is straightforward to other uncertainty quantification problems in physics and engineering
where a multigrid solver is used to solve the sparse linear system and this is the subject of a future publication.
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APPENDIX A. COMPUTATION OF <FBC>i+1,2j

We now derive relations between face-averaged values and face-center point values. We can rewrite (3.7) as

Jdu
ox

<FBC>(4) —a

2 192 2 3
h {8 adu _Oa O%u 0°u + oM. (A1)

+ 24 | 02 Oz * By dydx +a8y28x]i+l/2,j

i+1/2,5

Thus, the face-averaged flux is expressed in terms of a point-wise vatuarafou,/Jz and their derivatives at the
center of the face. As the expansion in (3.7), one can also write

(a) a L1 B +O(h?) (A2)
i L =041/25 T 57 75 ) .
/2 TR 24 9y i+1/2,j
0 0 h? o3
<;> =5l taa g, tOW (A3)
T/ it1/2,5 Tlit1/2,5 YOT |i41/2,5

Hence, if we combine (A.2) and (A.3), we can reduce (A.1) to

+O(hY). (A.4)

8u> h2da H%u
i+1/2,5 i+1/2,

BC\(4) _ ou npoe 9w
<F >i+1/2,j - <a>i+l/27j <6x 120y Oyox

APPENDIX B. COMPUTATION OF (a);,;,, ; AND 8a/dyl;,, ;

Assuming that the coefficient field is smooth and is sampled at cell-centered locations, we first interpolate the coeffi-
cient values at face-centered locations using a centered fourth-order finite difference scheme, i.e.,

1
i+1/25 = 7g [9(ai; + aiv1;) — (ai—1j + aiy2;)] + O(h?), (B.1)
d%a 1
92 =72 |:ai+l/2,j1 — 204125 + Giv1j2541| + O(h?). (B.2)
Yo liv1y2,;

We can computéa)iH/ZJ using (A.2). The termda/dy|, .4, ; from (A.4) only needs to be computed with(h.?)
accuracy as it is multiplied with?. Therefore,

da
Oy

1
= ﬁ[%ﬂ/aﬁl — a;1/2,-1] + O(hP). (B.3)

i+1/2,j

APPENDIX C. ELEMENTS OF £

In order to simplify the notation, we usew, n, ands to denote the four faces with centés 1,2, v;), (zi-1/2, ¥;).
(mi, yj+1/2), and (a:i, yj,l/z), respectively. The fourth-order discrete operator away from the boundary can be rep-
resented as
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[0 lo—1 o I 0
li,2 li—1 lio li1 i

@_ 1 lo—2  lo—1 loo log lop

g2 loq-1 110 lo11 -1

)

0 lo1 1l 20 l21 O

with

loo=1188 Y (a),,

d=e,w,n,s

lo—1=—44(a), — 1188(a), + 27 > _ (2(a), — V'aq),
d=n,s

loa = — 44(a),, — 1188(a), + 27 Y (2(a), + V'aa),
d=n,s

I_10=—44(a), — 1188(a), + 27 > (2(a), — V'aq),
d=e,w

lio = —44(a), — 1188(a), +27 > (2(a), + V'aa),
d=e,w

Iy 1= Y (2(a),— V%) =27 > (2(a), — V'aa),
d=e,n d=w,s

li1= Z (2(a), + V%aq) — 27 Z (2(a); + Vaq),
d=w,s d=e,n

li,-1=—-272(a),, + V¥aw) — (2(a), — Vas) — (2{(a), + Va.) — 27(2(a),, — V"ay),

l11=—(2(a),, — V"ay) = 27(2{a), + Vas) — 27(2(a), — Vac) — (2(a), + V"an),

lo,_o =44(a),,, los = 44(a), , I o0=44(a),, oo = 44(a), ,
lo_1=2(a), — Vias, l_21=2(a),+Vias, lo_1=2(a), —V"an, Il1=2(a),+V"an,
l_1,2=2(a), — VY, l_12=2(a), — Ve, l1,—2=2(a), + V’ay, l12=2(a), + VCa..

whereVa, denote the gradient af along the facel and is computed using Eq. (B.3).
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