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ANALYSIS OF MULTILEVEL MCMC-FEM
FOR BAYESIAN INVERSION OF LOG-NORMAL DIFFUSIONS

VIET HA HOANG! AND JIA HAO QUEK! AND CHRISTOPH SCHWAB?2

ABSTRACT. We develop the Multilevel Markov Chain Monte Carlo Finite Ele-
ment Method (MLMCMC-FEM for short) to sample from the posterior density
of the Bayesian inverse problems. The unknown is the diffusion coefficient of
a linear, second order divergence form elliptic equation in a bounded, poly-
topal subdomain of R%. We provide a convergence analysis with absolute mean
convergence rate estimates for the proposed modified MLMCMC Finite Ele-
ment Method (MLMCMC-FEM) showing in particular error vs. work bounds
which are explicit in the discretization parameters. This work generalizes the
MLMCMC-FEM algorithm and the error vs. work analysis for uniform prior
measure from [21] which we also review here, to linear, elliptic, divergence-form
PDEs with log-gaussian uncertain coefficient and Gaussian prior measure. In
comparison to [2I], we show by mathematical proofs and numerical examples
that the unboundedness of the parameter range under gaussian prior and the
nonuniform ellipticity of the forward model require essential modifications in
the MCMC sampling algorithm and in the error analysis. The proposed novel
multilevel MCMC sampler applies to general Bayesian inverse problems with
log-gaussian coefficients. It only requires a numerical forward solver with es-
sentially optimal complexity for producing an approximation of the posterior
expectation of a quantity of interest within a prescribed accuracy. Numerical
examples using independence and pCN samplers confirm our error vs. work
analysis.

1. INTRODUCTION

In recent years, the field of computational uncertainty quantification (UQ for
short) has emerged as a broad area of computational science and engineering. It
addresses the efficient computational analysis of responses of partial differential
equations (PDEs for short) in science and engineering for input data which are
either unknown or for which only partial, statistical information is available. Un-
certainty propagation is, in this situation, aiming at producing computable sta-
tistical information of the PDE responses. It is a part of so-called forward UQ,
where uncertain measurement data and incomplete information on material prop-
erties and physical domains are to be converted into quantitative information on
the corresponding PDE solutions.

The present paper addresses so-called inverse U@ where, for random or stati-
tistical PDE input, quantities of interest (QoI’s for short) are to be computed. In
a Bayesian framework, this amounts to numerical estimation of mathematical ex-
pectations of PDE responses over all admissible input data, conditional on noisy
observation of measurement data.

Numerous papers have appeared with mathematical and computational inves-
tigations of a number of methodologies for the Bayesian inversion of PDEs with
uncertain inputs; we mention [10, [9] and the references there for a presentation of
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MCMC methods for PDEs which account explicitly for the dependence on PDE
discretization parameters. MCMC methods for Bayesian PDE inversion can be
prohibitively expensive. Accordingly, many attempts have been made to reduce
computational complexity. We mention exemplarily the works of Lieberman et al.
[24] and Martin et al. [25] on Bayesian inverse problems with log-gaussian priors.

Multi-level versions of SMC, Particle Filters, EnKF etc. for data assimilation and
inference under PDE constraints have been recently proposed and analyzed. We
refer to [23, 4] [3,22] and the references there for recent contributions on this. Recent
work on multi-level algorithms in uncertainty quantification for PDEs includes in
particular the numerical analysis of multilevel methods for the filtering problem,
see, e.g. [11l 23] 30]. In these works, while also admitting noisy data, uncertain
input of the PDE is limited to the forcing term, similar to the setting of [8].

In [28], MLMCFEM and (single-level) QMC FEM for Bayesian PDE inversion un-
der log-gaussian diffusion coefficient and under gaussian prior measure have been
considered; ratio estimators as proposed in [29] were investigated there with MLMC
integration to directly estimate the expectation of the Qol under the posterior ex-
pectation and the normalization constant of the posterior measure. It was assumed
in [28, Appendix] that the log-gaussian diffusion coefficient is bounded away from
zero by a positive constant.

To the best of our knowledge, none of these references address the problem of
sign-indefiniteness in the exponent of posterior densities in the telescoping sums of
multi-level Bayesian estimators under gaussian priors, and with log-gaussian dif-
fusion coefficients. The posterior density may become, with positive probability,
arbitrary close to zero. This, however, entails mathematical issues (posterior den-
sities of increments between discretization levels may not be integrable w.r. to the
gaussian prior measure), and can, as we show in the present paper with numerical
examples, foil practical realizations of the MLMCMC FEM methods.

In Section [ of the present paper, we resolve this mathematical issue by a novel
redesign of our MLMCMC-FEM algorithm for uniform prior measure from [2T].
We present a complete error vs. work analysis of the independence sampler, and
propose a corresponding version of the pCN-based MLMCMC.

Although we detail in the present paper the design of the MLMCMC and its
analysis for the Metropolis Hastings type MCMC, the mentioned integrability issue
and our proposed modification of the algorithm apply equally well to other variants
of MCMC; we mention only sequential MC (see |2, [B] and the references there),
and geometric MCMC (see [I] and the references there). The presently proposed
modification may therefore also facilitate convergence proofs of these methods. The
principal contributions of the present note are as follows: we give the first complete
numerical analysis of a MLMCMC-FEM for Bayesian inverse problems for elliptic
PDEs with log-gaussian, uncertain coefficient, and under gaussian prior. While
the MLMCMC algorithm developed here is similar to our previous work in [21]
for uniform prior measure, there are essential differences both to the MLMCMC
algorithms and analysis for uniform prior measure as well as to the single level
(plain) MCMC (SLMCMC) algorithm for gaussian prior where the forward equation
is solved with the same (fine) mesh for all samples, which was analyzed in [I9] and
also in [13].

The structure of this paper is as follows. In Section [2] we introduce the general
class of MCMC samplers which we consider here, and the model linear diffusion
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problem in a bounded, polytopal domain D C R?. In Section |3, we review results
from [21I] on the Bayesian inverse problem for uniform priors. In part to motivate
our analysis for the gaussian prior, we re-derive the MLMCMC for the uniform
prior in Section and briefly recapitulate from [21I] the key convergence and
error vs. work statements. We then proceed in Section [4] to the derivation of the
MLMCMC FEM for the Bayesian PDE inversion under gaussian prior on the log-
gaussian diffusion coeflicient. We present several key estimates for the log-gaussian
diffusion problem, its parametric solution, and its Galerkin FE discretization, from
[7, 14, 15]. To reduce technicalities in our presentation, we do not work under
the weakest conceivable assumptions on the isotropic gaussian diffusion coefficient
a = exp(R) with a scalar gaussian random field (GRF for short) R, or on the source
term f or the domain D. We also do not admit the most general mathematical
forward model, but rather confine the presentation to a linear, second order, di-
vergence form PDE with isotropic, log-gaussian diffusion coefficient, in a bounded,
polyhedral domain D. To minimize FE technicalities, we assume that realizations
of R are Lipschitz in D almost sure w.r. to the prior measure, that f € L%(D)
and that the domain D is convex. This ensures pathwise a.s. H?(D) regularity of
the parametric PDE solution, and obviates discussion and use of FEM with corner-
and edge mesh refinement etc. We repeat that these assumptions were only made
to simplify the present exposition; they are not essential in the mathematical argu-
ments regarding the convergence rate of the MLMCMC-FEM algorithm which we
present here. Extending the analysis to weakest conditions (e.g. bounded Lipschitz
domain, anisotropic diffusion, source term f which is also random and of lower
regularity than L2(D), etc.) is possible verbatim, albeit at the expense of further
“FE-discretization related parameters and technicalities” (such as weighted spaces,
fractional convergence orders of the FEM, graded meshes, etc.). For clarity of expo-
sition, and as the line of argument of the present MLMCMC-FEM convergence rate
analysis is not affected by these, we do not detail them here. Section 5 presents
numerical examples that validate the theoretical results on the convergence of the
MLMCMC-FEM. We first present an example where the MLMCMC-FEM devel-
oped for the uniform prior in [2I] does not converge but the new MLMCMC-FEM
developed for the Gaussian prior in this paper converges as theoretically proved.
We then present some numerical examples for elliptic equations with coefficient of
the so-called “log-gaussian” form in a two dimensional domain. The MLMCMC-
FEM is performed using both the independence and pCN samplers. The numerical
results confirm the theoretical convergence rate. To show the essential optimality
of the complexity of the MLMCMC-FEM, we record results on the CPU time re-
quired to perform the method. The results indicate that the CPU time required
is indeed of optimal asymptotic order. The paper concludes with some appendices
containing technical proofs and the sampling procedure using circulant embedding
to sample FE nodes of a GRF. Throughout the paper, by ¢ we denote a generic
constant that does not depend on the approximating parameters, whose value can
change from one appearance to the next.

2. BAYESIAN INVERSE PROBLEMS FOR ELLIPTIC PDES

We present in this section the setting of the Bayesian inverse problem for inferring
the unknown coefficient K of an elliptic partial differential equation, given noisy
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observations of the solution in the form of a finite number of linear functionals of
this function, perturbed by additive, centered gaussian observation noise.

2.1. Model Problem. Let (U, ©,~) be a probability space of parameters u and let
D be a bounded polytopal domain in R?. The dimension d of the physical domain
D is assumed to equal 1,2,3. Assume further that K : U — L°°(D) is strongly
measurable such that for every u € U there exist constants ¢ (u) and co(u) such
that

(2.1) 0<ci(u) < K(z,u) < ea(u),

almost everywhere with respect to the Lebesgue measure in R?. We consider the
parametric diffusion problem

(2.2) -V - (K(,u)VP(u,-)) = f, P(u,z) =0, when z € 9D,

where f € V' with V := H}(D). Let O1,...,0x € V. Then, the forward data to
observation map G(u) : U — R* is defined as

(2.3) G(u) = (O1(P(su)), .., Ok(P(- u)).

We assume at hand observation data ¢ of the response G corrupted by additive,
centered gaussian observation noise, i.e.

§=Gu)+9

where 9 is a random variable with value in R¥ which follows the normal distribution
N(0,%) where X is a known & X k symmetric and positive definite covariance matrix.
Our aim is to compute approximate expectations under the Bayesian posterior
probability measure 7%, i.e., the conditional probability v(u|d). In particular, we
wish to approximate the expectation with respect to the measure 7% of “quantities
of interest”, being continuous, linear functionals of the parametric solution.

We first recall the following standard result on the existence and well-posedness
of the posterior 4°. To this end, we define the Bayesian data “misfit” (or “Bayesian
potential”) functional

(24) B(u:6) = 515 ~ Gl = 300~ G() "= (5 - G(w).

Cotter et al. [§] (Theorem 2.1) prove the following general result on the existence
of the posterior 70 (see also [33])

Proposition 2.1. If, in , the parametric forward map G : U — R* is mea-
surable on (U, ©), then the posterior ° is absolutely continuous with respect to the
prior v. The Radon-Nikodym derivative is given by

5
(2.5) % o exp(—d(u;d)).

For the well-posedness of expectation under the posterior measure, we recall the
following results in [20] and [2I] which slightly generalize [§] in allowing the function
G below to be only square summable. We work under the following assumption.

Assumption 2.2. The potential function ® in (2.4) satisfies:

(i) For each A > 0 there is a constant A(X) > 0 such that if || < A where | - |
denotes the Euclidean norm in R¥

/ O (u;0)dy(u) < A.
U
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(i) There is a function G : RxU — R so that for each A > 0, G(\,-) € L?(U,~)
and for all 5,8 € R¥ with |6],]0'| < A\ we have

|©(u;0) — @(u;0")] < G(A, u)|d — &)
The data-to-posterior map & + ~° is Lipschitz in the Hellinger metric.

Proposition 2.3. [20, 21] Under Assumption the posterior v° is locally Lips-
chitz with respect to the Hellinger distance: for each A > 0 in Assumption (z),
there exists a positive constant C = C()\) so that

(2.6) duen(y*,7") < Clo =8| V|o],16'] < A.

2.2. MCMC. Let g : U — R be y°-measurable. The expectation E [g] can
be approximated numerically by Metropolis-Hastings MCMC sampling. Here, a
Markov chain {u(k)}z‘;l C U is constructed as follows: given the current state
u®) | we draw a proposal v*) from a probability distribution q(u(k),dv(k)). Let
{w®™};>1 denote an i.i.d sequence with w(*) ~ /[0, 1] and with w*) independent
of both u®) and v*). The next state u**1) is determined by

@27) D = 1(a@®, v®) > w®))p®) 4 (1 — 1(a(u®,p®)) > w(k)))u(m
where the acceptance probability is

dv' (u,v) )
dv(u,v)

with v(du, dv) = q(u, dv)y° (du) and v (du, dv) = q(v,du)y’ (dv). We suppose that
the transition kernel ¢ is chosen so that vT << v, and in particular,

a(u,v) = min(1,

dv' (u,v) ) .
(2.8) W = exp(®(u; 0) — ®(v;9))
so that
(2.9) a(u,v) = min(1, exp(®(u; ) — ®(v;9))) .

We note that (2.8]) is not strictly necessary, although the independence and the pCN
samplers satisfy (2.8)), for example. Thus we choose to move from u®*) to v*) with
probability a(u®),v*)), and to remain at u*) with probability 1 — a/(u®, v(¥)),

2.3. Uniform prior. Affine-parametric coefficient K. Uniform prior proba-
bility measures are considered in detail in Hoang et al. [2I]. We consider ([2.2)) with
uncertain diffusion coefficients K of affine-parametric form

(2.10) K(z,u)=K(z)+ Y uppj(x), z€D, u=(uj)j» €U,
j=1

where K,1; € L>(D) for j € N, and where the parameters u; in u = (u;);>; are
assumed to be independent and uniformly identically distributed in [—1,1]. This is
phrased mathematically by the product probability space (U, ©,~) given by

(2.11) U=[-1,1 o= é)zg([—l, 1)) and y = é d;”

where B([—1,1]) is the Borel o-algebra in [—1,1], and where du; denotes the
Lebesgue measure in R!. Unless explicitly stated otherwise, we assume the set
U to be endowed with the product topology.
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For the coefficient K to be uniformly coercive and bounded for all v € U, and
for convergence rate bounds of the FE approximation of the solution P of (2.2]), we
impose the following assumption on the decay of the sequence (¢;);>1.

Assumption 2.4. The functions K,1; € L°>°(D). Further, there exists a constant
Kk >0 such that

K —

s < Koin
;H%HL D)< 1o s

where K, = essinfK > 0.

With Assumption [2.4]

YueU: 1_'_LI{I{min S K(QC,’U,) < Kmax + 1_i_il%]:{min
where Kpax = esssup,cpK(z). Under Assumption for each u € U the para-
metric forward problem admits a unique solution. The parametric solution
map P: U — V : u — K(-,u) is continuous as U is endowed with the product
topology. Hoang et al. [21] show that under Assurnption the forward functional
G in is measurable and Assumption holds. Thus, from Propositions
and 2.3 we have:

Proposition 2.5. For the coefficient K in , under Assumption with
the probability space (U, ©0,~) of the prior v as defined in , the posterior +°
is absolutely continuous with respect to the prior vv. Moreover, it depends locally
Lipschitz on the data 6 € R”.

The Radon-Nikodym derivative admits a density as in and the Lipschitz

estimate (2.6]) holds.

2.4. Gaussian prior. Log-affine coefficient K. In this section, we present the
Bayesian inverse problem with gaussian prior, for diffusion problems with “log-
gaussian coefficients”, i.e., K in is such that log K is a gaussian random field.
The gaussian measure on realizations of the GRF R = log K will serve as prior in
the corresponding Bayesian inverse problem. The numerical analysis of the forward
problem for a GRF R = log K in D was studied in detail in Galvis and Sarkis
[14], Hoang and Schwab [19], Gittelson [15], Charrier [7] and in the references
there. We review some of the results in these references to the extent that they are
required in our ensuing MLMCMC-FEM convergence analysis. Denote by RN the
set of all infinite sequences (u1,us,...) of real numbers. Let {1;};>1 C L>(D) be
such that Z;‘;l 1941 L= (py is finite. Ignoring for now the questions of convergence,

we formally introduce the parametric, deterministic coefficient K : D x RN — R as
_ oo
(2.12) K(-,u) = K.(-) +exp K()+Zuj1/)3()
j=1

for u = (uy,us,...) € RN, To specify a prior probability measure on the coefficient
space, we assume that the coordinates u; are independently, identically distributed
according to the standard Gaussian measure, i.e. u; ~ N(0,1). We denote by v,
the standard Gaussian measure in R'. We equip RY with the product o-algebra
®§?‘;18(R) where B denotes the Borel o-algebra on R. The gaussian probability
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measure v on (RY, B(RY)) is the product measure (see, e.g., [35, [6]), i.e.

o0
(213) -

j=1

For K to be a valid diffusion coefficient, v-a.s., we impose the following assumption
on the functions K, K and ;.

Assumption 2.6. The functions K, K. and ¢; in ([2:12)) are in L°(D) and there
holds 0 < essinf K, (x),and b := (||| (p));j>1 € €*(N).

We emphasize that in Assumption K, = 0 is admissible. Assumption [2.6
implies that the set

oo
(2.14) Iy = {U = ('Ufj)jzl S RN, ij|u]| < OO} S B(RN)

j=1
has full Gaussian measure, i.e. v(I'p) = 1 (see, e.g., [35, p. 153] or [3I, Lemma
2.28]). Here, b; := ||¢j||L>(p). For every u € I'y, the coefficient is well-
defined as an element of L>°(D), and we observe that I', is in general not a cartesian
product of intervals.

Let Ap denote the restriction of the product o algebra B(RY) to I'y, € B(RY)

and let v, denote the restriction of the Gaussian Measure v to I'y. For u € Iy, we
define

(2.15) K (u) = esssup,ep Ko@) + exp(| K |10y + Y 15l (m ),
j=1

and

(2.16)  K(u) = essinf,ep K. (2) + exp(essinf,ep K (x) — Z 101 Loe (D) [u]) -
j=1
For u € Ty and for € D\N where N’ C D is a (Lebesgue) nullset, 0 < K(u) <
K(z,u) < K(u) < co. We observe that K (u) and K (u) are (I'y, Ap) measurable.
For every u € Ty, the diffusion problem admits a unique solution P(-,u) € V.
The solution P of (2.2)), when interpreted as a map from (I, Ap) to (V,B(V)),
is strongly measurable (see, for example, in [I5] and [14} [7]) so that the forward
functional G is measurable in the measurable space (I'p, Ap). Further, Hoang and
Schwab [19] show that under Assumption [2.6] Assumption [2.2] holds. From Propo-
sitions [2.1] and [2:3] we have

Proposition 2.7. Under Assumption[2.6, for the log-gaussian coefficient K defined
mn and with the prior probability space (I'v, A, Vo), the posterior probability
measure 70 is absolutely continuous with respect to the prior measure . The map
8 — ~% is locally Lipschitz. Formula for the Radon-Nikodym derivative and
the local Lipschitz estimate hold.

3. MULTILEVEL MARKOV CHAIN MONTE CARLO FEM FOR UNIFORM PRIOR

We recall in this section the MLMCMC FEM developed in Hoang et al. in
[21]. We first summarize the approximation of the forward problem with the
coefficient obtained by a finite truncation of the infinite series representation
of K and by subsequent numerical solution of the finite-parametric PDE by finite
element discretization.
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3.1. Finite element discretization of the forward problem. For each J € N,
we consider the J-term truncated, parametric coefficient

J
(3.) K7 (u) = KO + 3 gy (),

The forward problem ([2.2]) with the coefficient K in (2.10) is approximated by the
“dimension-truncated”, finite-parametric problem

(3.2) —V - (K/(,u)VP’(-,u)) = f, P eV

We approximate the solution of numerically by a standard, primal FE dis-
cretization. To this end, we assume that D is a bounded polytope with plane sides
(if d = 2) resp. plane faces (if d = 3). We consider in D a nested sequence {T'}22,
of regular, simplicial triangulations of D; each triangulation 77 is obtained by uni-
form refinement, i.e., by dividing each simplex in 7'~! into 4 congruent triangles
when d = 2 or into 8 tedrahedra when d = 3. We define a nested sequence {V'};>;
of spaces of continuous, piecewise linear functions on 77 as

Vi={weV: wlp eP(T)VT eT,

where P!(T) is the set of linear polynomials in 7". The finite element approximation
is then defined by Galerkin projection: for u € U, find P’ € V! such that

(3.3) /D K7 (2, u) VP (2, 0) - Vo(z)da = /D F@)o(@)dz, VeV

For the solution P7(-,u) of the parametric PDE (3.2) to belong to H?(D), we
impose the folowing regularity on the coefficients in the expansion ([2.10)).

Assumption 3.1. The functions K and ; (j = 1,2,...) in (2.10) belong to
Wte(D) and Zj‘;l 19 [lwr.0 Dy is finite. Moreover, there exist constants C' > 0
and s > 1 so that ||¢;||pe < Cj~* for all j € N.

Under Assumption for f € L?(D) and D a convex polygon, Hoang et al. [21]
show that P/ (-,u) € H*(D)NV, with sup,cy sup; ||[P/ (-, u) | w2(p) being bounded.
This allows establishing the following error estimate for the approximate solution

P! in (33).

Proposition 3.2. Assume that the domain D is convex, and that f € L?*(D).
Under Assumption[3.1}, there exists a constant C > 0 such that for every J,1 € N

(3.4) 1P = Py <O+ 27 fllz2(p)
where g = s — 1.

Remark 3.3. Assumption could be weakened considerably, with error bounds
such as (3.4) still valid: we could admit non-convex polytopal D C RY, with ap-
propriately refined triangulations Tt in D, and suitable assumptions on higher reg-
ularity of the 1;; this would require introduction of weighted Sobolev and Holder
spaces in order to state regqularity and FE error estimates. All subsequent results
have straightforward extensions in these more general settings. As the focus of the
present paper is on the analysis of the MLMCMC' algorithms, we chose to impose
the rather restrictive conditions in Assumption[3.1] to keep the PDE error analysis
as simple as possible.
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3.2. Finite element approximation of the Bayesian posterior. With the ap-
proximate solution P7!(-, u) of problem (3.3) we associate the approximate forward
map

(3-5) G (u) = (OL(PM (- w), ..., Ok(P (-, u))).

The approximate Bayesian potential is defined as

1
(3.6) O (0,u) = 510 = GH(u)l;
and the approximate posterior on (U, ©) is given by
d AN
(3.7 ’ZW o exp(—®P(8, u)).

Hoang et al. [21] in Proposition 10 prove the following result on the approximation
property of the measure 'y‘]’l.

Proposition 3.4. Under Assumptions and [31], if the domain D is a convex
polyhedron and f € L?(D), then there is a constant C which only depends on the
data bound X in Assumption so that for every J,1 € N holds

duen(7°, 7" < C(J7 1+ 2_l)||fHL2(D)'

To balance the two errors stemming from truncating the coeflicient K at J terms
as in (3.1) and from the FE discretization (3.3)) at mesh level I > 0 we choose for
¢ =s—1>0 as in Assumption 3.T]

(3.8) VieN: J=J;=[2"].

3.3. Multilevel Markov Chain Monte Carlo for the uniform prior. We
recapitulate from Hoang et al. [21I] the derivation of the Multilevel MCMC FEM
for the uniform prior. For conciseness, with the choice J; = [2!/7], we denote 71-1:0
simply as 4! and P7t! as P!. For every L € N, there holds the telescoping sum
L
EVUPCw)] =Y (B P w)] - B

=1

-1

[E(P(w)] + BT [P, w)])

(39 =30 (B B ) [P )]+ B P ).
1=1
For each I, with a discretization level L'(I) < L to be determined subsequently, we

approximate EY” [¢(P(-,u))] by (omitting the arguments of P and its approxima-
tions for brevity of notation) the telescoping sum

L
(8.10) S (B BT [P O + B [e(PE )],
1=1
For each [, this results in
(3.11)
L@
(E’yl _ Evl’l) [((PY VY] = Z (E'yl _]Ev”l) [E(Pl/)—K(Pll_l)]-F(IE“’l _R

r—1

1—

) 1)
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Similarly,

L'(0)
EV (PO = Y B — (P Y] + B [0(PO)).
I'=1

Thus, for each level L of approximation, there holds
(3.12)

- XL: S (IEVZ - JE’YH) [0(P"y — e(P" 1)) + XL: ( ) [£(P°)]

=1 1=1

+ ST E(PYY — 0PV + B [(PO)].
To obtain a computable MLMCMC estimator we approximate each term in (3.12))
by sample averages of M many realizations, upon choosing L’(l) judiciously. To

select My and L/(1), we observe that, for any measurable function @ : U — R

which is integrable with respect to the approximate posterior measures 4!, there
holds

(E'-2"") @
— %/Uexp(*@(u;é))cg(u)dfy(u) — %/UeXP(*@lfl(u;ts))Q(u)dfy(u)
%/Uexp(‘q’l(“;‘”) (1 = exp(®' (3 8) — &'~ (13 6))) Qu)dy(w)

N (Z; _ 1> _— / exp(~ @' (u:6))Q(u)d (u)

where ®' denotes the approximate potential defined in and Z! denotes the
approximate normalizing constant in with J = J;. We remark that under As-
sumptions and the normalization constants Z! are uniformly (with respect
to 1) bounded from below away from zero. We note further that

z! 1 -1 l

1= g | (@ (s0) - @' w:8)) - 1) exp(— 0 (u:8))dy o)
Thus an approximation for Z/=!/Z! — 1 can be computed by running MCMC
with respect to the approximate posterior 4! to sample the potential difference
exp(®!(u;6) — @'~ L(u;0)) — 1. To estimate the expectation with respect to the
approximated posteriors v! and /=1, we apply the MCMC algorithm introduced in
Section 2l The acceptance probability a(u,v) in is, however, replaced by that
derived from the FE solution of the finitely-parametric forward problem. In partic-
ular, we define by EX/;”, the MCMC FEM estimator obtained with the acceptance

probability in (2.9) replaced by
(3.13) o (u,v) = min(1, exp(®! (u; §) — ®'(v;4))).

for the MCMC procedure to sample the target probability measure 7'
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This led in [2I] to the Multilevel Markov Chain Monte Carlo Finite Element

(MLMCMC-FEM for short) estimator EMEMCMC ()] of E" [¢(P)] defined by
(3.14)
E%LMC]WC[K(P)] _

L'

XL: Z EM,,, [(1 — exp((bl(u; 0) — @l—l(u; 5)))(g(pl’) _ E(Pl’—1>)i|
=1

=110'=1

L L'(l)
-1 ’ ’
+3°N B [exp(@(u;6) — 9 (us8) — 1] - B, [é(Pl)fE(P“l)]
=10U=1

ZEMLO{(l—exp( (u30) = @' (u39)) ) (£(P°))]
—i—ZEMm exp(®!(u;6) — ' (u;6)) — 1] - B3, [6(P))]

+ Z B [ — P *1)} + B [0(PY)).

As in Hoang et al. [2I], we choose the parameters
(3.15) L'(l)y=L—1, My =2*E-0+)

When evaluating the MLMCMC estimator for each approximation level [, we
generate a Markov chain C; C R7:. In this way, we realize L pairwise uncor-
related chains. We denote the probability space of these L Markov chains by
Cr = {Co,C1,Ca,...,Cr}, and let P7/tl denote the probability measure in the
space of all Markov chains on the discretized PDE at mesh level [ with parameter
dimension J;, running from the initial sample u(®) which we assume to be dis-
tributed according to the prior . By pairwise independence of the chains C;, the
probability measure on Cy, is

I = 7)’Y7J070®7)’Y,J1,1 ® ’P%J%Q ®R...® ’P’Y,JLvL.

Let Er be the expectation in Cp with respect to Pr. The multilevel MCMC
method achieves an approximation with a prescribed absolute mean error using
an essentially optimal number of degrees of freedom for any fixed basis of the FE
space V!. A Riesz basis of the V! affords essentially linear complexity per MCMC
sample of the discretized PDE. Then, Hoang et al. [21I] show for uniform prior
that the MLMCMC FEM uses an asymptotically optimal number of floating point
operations.

To develop corresponding results under gaussian prior, we impose the following
assumption on the availability of a Riesz finite element basis. This assumption is
valid for polytopal domains in space dimensions d = 1,2,3. Construction of the
Riesz basis can be found in [27] and [34].
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Assumption 3.5. For | € N, there is a set of indices I' C N of cardinality
N, = 02~%) and a family of basis functions w} € V with k € I' such that V' is
the linear span of wl for k € I'. Furthermore, there are positive constants ¢ and
ca which are independent of | such that for w =", i chwl € V! holds

) () < lwllfy ez Y ()™

ket ket

For alll € Ny and all k € TV, ]/cor each I’ € Ny, /supp(wfc)ﬁSL,lpp(wg,) has positive
mesure for at most O(max(1,2" ~Y)) functions w', for k' € I".

Hoang et al. [21] establish the following result on the error and complexity of
the MLMCMC procedure for sampling the posterior measure v° corresponding to
uniform prior probability measure -, using the independence sampler.

Theorem 3.6. Ford = 2,3, under Assumption[3.1], and with the parameter choices
(3-15), there exists a constant c(§) > 0 such that for all L > 1 there holds

(3.16) EL[|[E"O[P] — EMLMOMC p)|| < C(§)L227E .

The total number of degrees of freedom in the FE discretization that is used in
running the MLMCMC sampler is bounded by O(L22Y) for d = 2 and O(23") for
d=3.

Under Assumption on the availability of a Riesz finite element basis, the total
number of floating point operations required for computing the MLMCMC estimator
is bounded by O(L4—12(d+1/a)L),

Denoting the total number of degrees of freedom which enter in running the chain
on all discretization levels by N, the error of the MLMCMC' estimator is bounded
by O((log N)3/2N=1/2) for d = 2 and by O((log N)2N~1/3) for d = 3.

The total number of floating point operations used in running the MLMCMC-
FEM algorithm to termination is bounded by O((log N)~Y/ (RO N1/ for d = 2
and by O((log N)2NH+1/(G9) for d = 3.

The logarithmic factor L? in the error bound, may be reduced by slightly in-
creasing the sample numbers Mj;,. The following error bounds are a refinement of
those in [2I]: choosing in the sample numbers My, = (I + I/)*22(E=(+1)
when [ > 1 and I’ > 1, the error due to the first two terms of is bounded
by an absolute multiple of 2~ Zfz/ﬂ(l +1')~/2. The following table collects the
resulting asymptotic bounds, for various values of «.

o My LU > 1 Mo = My, Moo Total error
0 92(L—(+1") 22(L—l)/L2 22L/L4 O(L22—L)

2 [ (1+ 11)222(L7(l+l’)) 22(L-1) 22L /2 O(Llog L27T)
31+ l/)322(L7(l+l’)) 192(L=D) 22L/L O(L1/227L)
4| (1 1)22E=0F0) 1 202(E=0) 1 92L /(log L)? | O(log L27F)

TABLE 1.
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4. MULTILEVEL MARKOV CHAIN MONTE CARLO FINITE ELEMENT METHOD
(MLMCMC-FEM) FOR GAUSSIAN PRIOR

We develop the MLMCMC for sampling the posterior measure 4’ when the
coefficient K is of the form with the probability space U = T’y defined in
and prior probability v = 5. We show by a numerical example in Section
[] that the MLMCMC algorithm in the previous section may diverge for problems
with coefficients of the log-gaussian form. Essential modifications in the algorithm
are necessary for the MLMCMC method to work in the case of Gaussian prior.

4.1. FE approximation of diffusion problem with log-gaussian coefficients.
We again approximate the forward equation by truncating the coefficient and
by discretizing the resulting, finitely-parametric equation by the FEM. To this end,
we review some results established by Hoang and Schwab in [19] and refer to [19]
Section 4] for proofs.

For v = (u1,us,...) € RN and for J € N, denote u” = (uy,us,...,us,0,0,...),
i.e., the “J-term anchored” parameter sequence, and define

J
(4.1) K7(u) = K(,u!) = K. () +exp | K()+ Y ujths ()
j=1

For each u € I'p, the parametric equation with J-term truncated coefficient reads
(4.2) PleVv: —V-(K’(,u)VP/(-,u))=fin H (D).

We approximate : find P! € V so that
(4.3) / K7 (2,0) VP (@, 1) - Vo () dz = / F@)o(@)de VoV
D D

where K7 is the J-term truncated coefficient in (4.1). This problem has a unique
solution that satisfies: there exists a constant ¢ > 0 such that for every J € N and
for every u € I'p holds

A [ fllv- -
(4.4) 1Pl < s gcexpgbjlum.
From Cea’s lemma, we obtain
K’ .
4.5 P7(-,u) — PT(- < ——= inf [|[P/(u) — .
49 PG PRl < g 1P~ @l

To obtain first order convergence rates of continuous, piecewise linear FEM in D,
we impose the following regularity assumption on the parametric coefficient.

Assumption 4.1. The functions K., K and Y; in the expansion (2.12)) belong to
Wl’oo(D) and b := (H’lpj”wl,oo(D))jZl S Kl(N)

Under Assumption Hoang and Schwab [19, Section 4.2] prove that when the
domain D is convex and when f € L?(D), there exists C > 0 such that, for every
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u € I'p and J € N holds

I fllv+
K(u’)

1
1P ()l 2y < C 5w (IVEY ()| e ()

Y o)

J J

< Cexp 3ij|uj| l—l—zgj\uﬂ
Jj=1 Jj=1

There exists a constant C' > 0 such that for every finite J,l € N and every u € I'y,

J J
(46) 1P Cw) = P u)lly < Coxp | 53 byl | {14 D byluy| | 27
j=1 j=1
where C' is independent of u, J and [. There holds the following bound on the error
due to truncating the log-gaussian coefficient at a finite number J of parameters
and including FE discretization of the forward model at level [.

Proposition 4.2. Under Assumption if D is conver and f € L?(D), there
exists a constant C > 0 such that, for every J,l € N and for every u € 'y, holds
(4.7)

J J ')
IP(u)=P2 (u)llv < Cexp [ 5 bilusl | {2701+ D blugl)+ D byluyl
=1 j=1 j=J+1

We refer to [19] (Lemma 4.4) for the proof. To estimate the complexity of solving
the linear system in (4.3), we note the following result of [I9, Section 4.5].

Lemma 4.3. For a constant C > 0 independent of I and w, under Assumption
for any u € Ty and for every |l € N, the number j*(u,l) of pcg-iterations in
the approximate, iterative solution of the parametric linear system of equations in
for the corresponding iteration error to be bounded by 27" (in euclidean norm
and, by the norm equivalence Assumption in the norm H'(D)) is bounded from
below by

(4.8) (1) > O + | log K (u)]) | 204
K (u)

We remark that depends on the realization u € I'y of the GRF Z, so that
error vs. work estimates based on will only hold “in expectation”, or “in the
mean”. We also point out that in [I9] availability of a particular preconditioner
was assumed which is constructed via Riesz-basis of the FE spaces. An alternative
approach, based on multilevel preconditioning in standard FE bases with estimates
similar to and admitting gaussian prior distribution on the parameters was
developed in [18].

4.2. Finite element approximation of the posterior measure. For the FE
solution P/ in (3.3]) with the parameter-truncated log-gaussian coefficient K7 in
([@.1)), the approximate forward operator G’ is denoted as

(4.9) G7 () = (O1(P " (u)), ..., Ok(P7H(w))) : Ty — RE.
With this approximate forward mapping, the approximate Bayesian potential &+
is

1
(4.10) = 30— g3
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and the corresponding approximate Bayesian posterior (3.6]) is
d,yJ,l,(S
dve

To quantify the error in approximating the Bayesian posterior v° by v/19, we make
the following assumption on the decay rate of ||[¢;|| (D).

(4.11) (u) o< exp(—®7 (u; 6)).

Assumption 4.4. There are ¢ > 0 and s > 1 such that ||1;| e py < cj™°.
We then have

Proposition 4.5. Under Assumption [{.4, for ¢ = s —1 > 0 there is a positive
constant ¢ depending on § such that for every J,l € N holds

den (7", 7"0) < (T +271).
For proofs of these results we refer to [I9, Section 4.6]. Choosing J = J; = [2!/9],
we obtain that the Hellinger distance between the Bayesian posteriors of the exact
forward solution and its FE approximation converges as the FE discretization error:

dien (7%, 77H%) < €27t For the Multilevel MCMC method that we will develop
ahead, we estimate |®70! (u; ) — @=L (y; ).

Lemma 4.6. For every A > 0, there is a constant c(\) that depends only on the
data bound \ in Assumption such that, for everyl € N and for every |6| < A,

Ju

JL Jl
@7 (u; 8) =@ =1 (s 0)] < e(Wexp | 63 bylus| | {27+ D blusl) + D2 byl
J=1 Jj=1 J=Ji1+1

Proof The proof follows the argument in the analysis of [19] e.g. the proof of
Lemma 4.4 of [I9]. From (3.6)), we obtain the existence of a constant ¢ > 0 such
that for every u € I'y and for every [ € N holds

@7 (u; 6) = @717 (u; )| < (18]G () [+IG = W) IGM () =G =1 (w))
We note that

G704 (u) — G717 (w)] < emax{]| O
We have from that
VKM () V(P () = PP (u) = =V (K7 u) = K770 () )V P ).
Therefore
[P (u) = PP () lv <

[P ) = PA )

v+}

1
K(uh)
1
< WHK"’(-,U) = K721 ()l g oy | fllv-

Using the inequality |e® —e¥| < |z — y|(e” + e¥) for z,y € R, we have

1B (- u) = K71 ()| poe (o) [P ()

Ji Ji

”KJl(,’u)_KJL—I(.’u)HLoo(D) SQeXp(b0+ij|UjD Z bj|Uj|.
j=1 j=Ji-1+1

Thus there exists a constant C such that for all J,Il € N

Jl Jl
[P (u) = PP (u)ly < Cexp | 3 bjlusl | D bluyl.
Jj=1 j=Ji—1+1
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From this and (4.6)) we deduce that

(4.12)
Jl Jl _ JL
[P u) =P )y < Cexp | 5 bilugl | | 2780+ D blus) + D0 byluyl
j=1 j=1 J=Ji1t1
Together with (4.4) this gives the conclusion. O

4.3. Multilevel Markov Chain Monte Carlo FEM. The proof of Theorem [3.6]
for the Multilevel MCMC FEM for uniform prior in [21I] uses in an essential way
that the potential ®(u,d) and its approximation ®/!(u, §) are uniformly bounded
for all u € U = [~1,1]N. For the log-gaussian coefficient K in this is no
longer true. We derive the MLMCMC FEM for the gaussian Bayesian prior. While
the algorithm is structured as for the uniform prior in Section [3] there are essential
differences to it and to the plain (i.e., single-level) MCMC-FEM for gaussian prior.
This is due to the fact that the differences ®”1"(u, §) — ®/1-1:1=1(u, §) for successive
discretization levels I in MLMCMC-FEM grow, generally, exponentially as |u| —
co. This is due to the (sharp) bounds (2.15)), (2.16). This exponential growth
and the structure of the Bayesian posterior densi imply a possibly doubly-
exponential growth of this density on increments in the MLMCMC for gaussian
prior which results in a parametric density which is not integrable against the
gaussian prior. This issue does not arise in the MCMC-FEM for the single-level
discretization under gaussian prior which was analyzed in [I9] and, under stronger
assumptions than Assumption in [28].

Let us turn to the derivation of the MLMCMC-FEM strategy. We run the
MCMC as in the uniform case, but in the case of Gaussian prior, we consider
both the independence and pCN samplers, with acceptance probability « in ,
evaluated with the FE discretization of the forward problem. We use the
acceptance probability

(4.13) ol (u,v) = 1 A exp(®7 (u, ) — &7 (v, ))

where @7/ is determined from the FE solution of the forward equation truncated at
J terms of the input expansion with the diffusion equation with log-gaussian input
in . We denote the MCMC sample average for approximating the posterior
expectation of a function g as EXZ;/ [g]. In this section, we always choose .J; as in
(3-8). Again, to simplify notation, we denote /009 by 4!, P7/ul by P! and /v
by ®'.

Let ¢ € V*. The derivation of the MLMCMC FEM to approximate the expec-
tation of ¢(P(-)) with respect to the posterior probability measure 7% on U is as
follows.

From Proposition we obtain the existence of a constant ¢ > 0 such that, for
every L € N, there holds

[ [P ()] — B (P()]| < 27"

We recall the telescoping sum . To obtain convergence rate bounds for
the multilevel MCMC-FEM under uniform prior in Section [3.3] it essential that
|®!(u;0) — ®'~1(u; )| be uniformly bounded with respect to I. For the presently
considered log-gaussian coefficient and for the gaussian prior measure, this is no
longer the case: under Assumption (which admits K, = 0 in ), in the
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multilevel algorithm for uniform prior in Section [3.3, this quantity may not even
be integrable with respect to the gaussian prior measure 7.

As we show with a numerical example in Section 5] under gaussian prior and
under Assumption the MLMCMC-FEM estimator diverges, in general.
Therefore, even the design of the MLMCMC-FEM algorithm will require essential
modifications as compared to uniform prior in [2I]. To address this, we propose a
new method for sampling the terms in . To this end, we denote by

(4.14) I'u) = { 1 if Ol (u;0) — d1(u;6) <0,

0 otherwise .

Let @ be a measurable function from U to R. There holds, for [ > 1,

l -1

1 1
71 [ exp(=0 QI w)dr(w) = 5y [ exp(—0' (D) (w)ar ()

o | exp(=@! )@ - I'w)ir(w

1 1

~ 5T [ e ) Q1 — Fw)dr )

= %/U(exp(—q)l(ugé))—exp(—@l_l(u;é))) Q(u)ll(u)ch(u)
(g ) [ ew-a en@ur n )
1

i [ (e 08) - exp(-81(ui) Q1 ~ 1))
(g 7mr) [ et # e - i w.

With the notation A} = (1 — exp(®!(u;6) — &'~ (u;6)))Q(u) I (u), we have

21 | (ep(=!(u:6)) — exp(~ 8 (1)) Q)T () (1)

U

= E7'[(1 — exp(® (u;6) — &' (u;6))Q(u) ' (u)] = E7'[AL].
Introducing A, = (exp(®'~!(u; ) — ®!(u;6)) — 1)Q(u)(1 — I'(u)), we may write
1

— g [ (e (0s8)) — exp(—' 1)) Qa1 — '(w))ds )

=B [(exp(@' (u:8) — B! (us6)) ~ DQ(u)(1 ~ I'(u))] = B [A3] .
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‘We note
1 1
77
ZlZl T /U exp(—® 7 (u;6)) — exp(—®! (u; 5))) (I'(u) + 1 = I'(u))dy(u)
lez ;] expl o) exp(@00) — 1 0:) = )1
ZlZl I Uexp —d 1 (u;6))(1 — exp(® L (u;0) — @ (u;0)))(1 — T (w))dy(u)
= ZH " [(exp(@! (u; 6) — &' (u;8)) — 1)1 (w)] +
B I (@1 (u36) — (0 0)) (1~ ()]
Thus
(-7 ) [ epi-e moneuir i)

=B [(exp(®! (43 6) — &' (u;8)) — 1)1 (u)] -
77 |, (-0 ) QT (s () +
E" (1 - exp(® 7 (u; 8) — @ (u;8))) (1 — I'(w))] -

1 | exp(= !0 exp(1(ui8) — ' (s ) QI (1) )

=B AR A+ B (AR [A)

where we define

AL = (exp(®(u;8) — @ (u;6)) — 1)1 (u),
A = Q')
Ay = (1= exp(® 7 (w;0) — @'(u;9)))(1 — I'(w),

AL = exp(®!(u;6) — @' (u;0))Qu) I (u).
Similarly, defining for [ > 1
AL = Qu)(1 — I'(w)) and AL = exp(®' (13 8) — & (1)) Q(u)(1 — I'(w))
there holds

(1 _ 1) /U exp(~ @ (u;8))Q(u) (1 — I' (w))d(u)

7l g1
—E [(1—exp<<1>l 1<u 5) — ! (u; 6)))(1 — I'(u))] -
- /U expl(— QUu) (1 — I'(u))d () +

B [(exp(@!(035) — 8 1:6)) ~ DI (w)]
T [, exp(=0 s 8) exp(®' (1s8) = @' (1:6)Qu) (1~ I'())r ()

L

=E" [ALEY [} + B [ALE (AL
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We conclude that, for every [ > 1, there holds

1

B [Q(u)] — B [Q(u)]
= B[4} + E"[A4) + BV [AL] B[4 + AL+ EY[AL) B [Af + Ab).

In (3.12), when Q = ((P" — P'=1), we denote A} as A}, AL as AY', A} as AV,
AL as AV AL as AV and AL as AY'. For Q = ((P°), we denote A} as AL, Al
as AD, Al as AP AL as AW, AL as AD and AL as AYL. We therefore approximate
EY" [¢(P(u))] as

L' (1)

L
DD EVAT] B AY) 4 BV 4] YA+ A B[4l EY (A + A
I=11=1

—~

+ Z B [AY] + B [AD] + BV (AL BT AD + AR+ BV AL B (AL + AY)
=1
L' (0)
(4.15) + Y B[P — P + B 0(PO)).
I'=1

As usual, the Multilevel Markov Chain Monte Carlo estimator is defined by re-
placing the mathematical expectations in the preceding expression by finite sample
averages. In this way we arrive at the computable MLMCMC-FEM estimator

EMLMCMC(K(P))

L L'(1)

l -1 ’ 7 -1 l 7 ’
ZZ | (A1 +E” [A”]+EM,[AQ]-EX4”, [AY + AL+ By, [A5]- By LA + AT
=1 1U'=1
L 1

+ZE}410[AZO]+E’* [AIOHE7 [AL] - E}@ A 4 AZO]+E'Y 1AL - E]wm[AlO + A

+ 30 B (P — PUY] 4 By [6(PO):

To obtain convergence rate bounds, for each discretization level | € Ny, we introduce
the Markov chain C; = {u®};cn, € R’ which is seeded with u(®) € R’ and
subsequently generated by the MCMC sampler with the acceptance probability

a’lin ([4.13]) with the parameter choice (3.8).
n (4.4

From (4.4)), there are positive constants ¢; and ¢ such that for every J,I € N
holds

Vuely: &P u) <ec 4 coexp 2ij|uj|
j=1

We define

/@z/exp —cl—CQeXp(Zij|uj|) dyp(u).
U

j=1
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As shown in [I9] Lemma 4.9], & is strictly positive. Following [19], we define the
probability measure 7 by

1 oo
(4.16) YueTy: dy(u)= o exp(—cp — ¢o eXp(2Z bjlujl))dye(u) .
j=1
Then, there exists a constant ¢ > 0 (independent of [) such that

dy 1
4.17 sup sup ——=(u) < —<c<o00.
( ) uely J,IeEN d’Y‘]’l"s ( ) K

We denote by PVl the probability measure of the probability space that describes
the randomness of this Markov chain when the initial state u(®) is distributed

arcording to 4. Then, for each discretization level | = 0,1,2,..., the chains C;
are pairwise independent. For every fixed discretization level L, we denote by
Cr = {Cy,(C1,Cs,...,Cr} the collection of Markov chains obtained from running

the MCMC sampling procedure with the discretizations at level [ = 0,1,2, ..., L.

We denote further by P, the product probability measure on the probability space

generated by the collection of these L independent Markov chains. For each fixed

discretization level L, the measure P, describes the law of Cp, = {Cl}lLZO:
P,=PeP P .. 0P"".

Let E;, denote the expectation over all realizations of the collection Cy, of chains

{Cl}zL:o with respect to the product measure Py. With the choice of parameters

L'(l)=L—1, My =2*F"0) for1>1,1'>1,
My = Myg = 222 /L?, Moo = 2°F /L%,

we have the following result.

(4.18)

Theorem 4.7. Assume that the domain D is convex and f € L?>(D). Under As-

sumptions andfor d = 2,3, with the choices (4.18|) there exists a constant
C(6) > 0 such that for every L € N holds

(4.19) E,[[E[P] — EMLMOMC(p||| < C(5)L227L .

The total number of degrees of freedom used in running the MLMCMC sampler,
is bounded by O(L2%F) for d = 2 and O(23L) for d = 3. Further, with the avail-
ability of a Riesz finite element basis as in Assumption[3.5, the expectation of the
total number of floating point operations in the probability space of all the propos-
als is bounded by O(Ld*IQ(d“/‘?)L). Denoting the expectation of the total number
of degrees of freedom which enter in running the Markov chain on all discretiza-
tion level by N, the error in is bounded by O((log N)>/2N~1/2) for d = 2
and by O((log N)2N—1/3) for d = 3. The expectation of the total number of float-
ing point operations is bounded by O((log N)~VRON/(29) for d = 2 and by
O((log N)2N'+1/ By for d = 3.

We prove this theorem in Appendix [A]

We repeat that the assumption on availability of a Riesz basis in H{(D) can
be weakened, while obtaining the same error vs. work bounds, by resorting to a
probabilistic convergence analysis of multilevel iterative solvers. We refer to [1§]
for details.

As for the uniform prior, we can reduce the multiplying logarithmic factor L?
by increasing M, as in Table
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Remark 4.8. The MLMCMC method is developed to approximate the expectations
n . If we use other sampling methods such as HMC or SMC to approzi-
mate these expectations, we can develop corresponding multilevel methods for these
sampling procedures.

Remark 4.9. We prove that asymptotically, when the smallest mesh width at dis-
cretization level L, i.e. O(27L), approaches zero, the MLMCMC-FEM achieves the
essentially optimal convergence rate for a fized number of FE degrees of freedom
and floating point operations. However, depending on the scaling of the observa-
tion data § in Assumption[2.2, the constant C(8) in the error estimate ([£.19) can
be large which leads to the requirement of very high spatial resolution to obtain a
numerical approximation of the forward problem within a prescribed accuracy. The
constant C(9) essentially depends on the constant in C in (A.4) in Assumption
on geometric ergodicity. Inspecting the proof of Lemma |B.2, from , for
the independence sampler, this constant can be bounded by a(2a2 + 4a — 4)EV [V
where 1/a is the uniform lower bound for the normalizing constant Z*' that was
established in Lemma and V' is defined in . Proposition shows that
EY (V'] depends on Zj’;l(bi +E? +bj+b;) where bj and b; are defined in Assump-
tions (2.6 and respectively. Therefore, in the case that ||blle) and ||b]| ey
are large, we expect the constant C(0) in to be large. Further from the proof
of Lemma the uniform lower bound 1/a of the normalizing constant Z”’! is
small when the observation noise covariance ¥ is small, i.e. when || S71||grxn is
large. This is because the constant c* in the proof of Lemma s large, which
implies that the constant C in must ensure ¢*/C < 1. We thus conclude that
when both, ||b]ls vy and [|bllo ), are large and at the same time the observation
noise covariance X is small, the constant C(J) in is large and the FEM mesh
width 2=1 of spatial resolution has to be sufficiently small to achieve a prescribed
level of accuracy for the MLMCMC-FEM. We note that this is also the case for
the plain (single-level) MCMC-FEM where the FE approzimation of the forward
equation is solved with the same (small) meshsize for all the samples; it is well-
known that here the computational complexity is far larger than the complexity of

the MLMCMC-FEM developed above.

5. NUMERICAL EXPERIMENTS

First we consider an example where the MLMCMC method developed for the
uniform prior case in [21] presented in Section fails to approximate the posterior
expectation of problems with the Gaussian prior. We consider the one dimensional
Dirichlet problem in the domain D = (0,1) where
=f, z€(0,1)
where P(0) = P(1) = 0. The coefficient

K(z,u) = exp(usin(4nz))
where v ~ N(0,1); and f(z) = 200. The observation is
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and the quantity of interest is

E(P(u)):/o x1'5%(x,u)dx.

The data is generated by solving the forward PDE exactly for one randomly chosen
realization of u and by generating the noise which follows the standard normal
distribution by MATLAB’s random number generator. We chose one draw being
0 = —16.5384. For this data, the reference posterior expectation is evaluated by
solving the equation exactly and by using many Gauss-Hermite quadrature points.
The tables below show the arithmetic average of the errors for 64 runs of the
MLMCMC using the independence sampler. In Table [2] we present the error for
the MLMCMC sampler developed for uniform prior measure in [2I]. While in this
example a few of the 64 runs produce reasonable approximations for the posterior
expectation, the table shows that in general the method does not converge. In Table
[l we present the average error of 64 runs of the MLMCMC sampler developed in
Section[d] The results clearly shows that the MLMCMC method for Gaussian prior
converges as proved theoretically. Indeed, the slope of the best fit straightline is
0.95 which is in reasonable agreement with our theory.

Mesh-Level (L) | Average MLMCMC error
8 2.77959E4-23
9 1.96933E+46
10 1683671.3
11 2.8192E+19
12 3.29498E+-32
13 2.89131E+41

TABLE 2. MLMCMC error from using the MLMCMC sampler
developed in [21] for uniform prior, as recapitulated in Section
for the gaussian prior.

Mesh-Level (L) | Average MLMCMC error
8 1.72670013
9 1.05627325
10 0.5178982
11 0.4255921
12 0.11905266
13 0.06412478

TaBLE 3. MLMCMC error from using the presently proposed
MLMCMC sampler as developed for gaussian prior in Section [

Now we consider linear, elliptic PDEs in the domain D = (0, 1) x (0, 1) with periodic
boundary condition, and with log-gaussian diffusion coefficient under Gaussian prior
probability measure. The theory developed above holds for periodic boundary
condition. The advantage of considering the periodic boundary condition is that
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the forward equation can be solved with high numerical accuracy by the Fourier
collocation method. For v € R, we consider the parametric forward equation

-V (K(z,u)VP(z,u))) = f(z) for ze€ D,
with the periodic boundary condition, where
K(x,u) = esn@ron)+sin(r22) - and f(z) = 200 (sin(27z1) + sin(27ra2))

for z = (x1,22) € D; u ~ N(0,1). Imposing the condition [, P(z,u)dz = 0, this
forward problem has a unique solution. The forward observation functional is

g(u)z/DxTVa:P(ac,u)dx

and the quantity of interest is given by

oP oP
_ 1.5 04 1.5 01
(P() = [ 2l 5= @) + o} S (e

The data is generated by choosing randomly a realization of v by Matlab random
generator. A numerical value of the centered gaussian observation noise ¥ is gen-
erated randomly by Matlab random number generator. Here the noisy observation
0 = —5.8315 (which was randomly drawn under the prior) was used. To compute
a reference posterior expectation, we evaluate

B 1P = [ ept) af = [ e (51— G anw

using 1200 Gauss-Hermite quadrature points. At each quadrature point, the for-
ward equation is solved by a Fourier collocation method with 1024 collocation
points.

First we present the numerical experiments with the independence sampler. In
the figures below, we plot the arithmetic average of the absolute errors of 64 runs
of the MLMCMC-FEM approximation versus the finest resolution meshwidth 2=%.

In Figure |1} we plot the MCMC-FEM error versus the meshsize 277 for the case
where a in Table [I] equals 0. The gradient of the best fit straight line is 0.9312. In
Figure [2| we plot the MLMCMC-FEM error versus the meshwidth 27% for o = 2.
The gradient of the best fit straight line is 0.93257. Similarly, for « = 3 and a = 4,
the MLMCMC-FEM error versus 2~ is plotted in Figures |3|and 4 The gradient
of the best fit straight line is 1.0072 and 1.0804, respectively.

We now present the results for the MLMCMC-FEM with the pCN sampler

o) = /T~ Ful® 1 e,

where ¢ ~ N(0,1) for different values of 3. First for 8 = 1/v/2, we plot the
MLMCMC-FEM error versus the meshwidth parameter 2= for & = 0,2,3 and 4
in Figures [} [6] [7] and [ respectively. The slope of the least-squares fit straight
lines are 0.73977, 1.0392, 1.0111 and 0.99257 respectively. We see that except when
a =0 (in which case the method slightly underperforms possibly due to the large
L? multiplying factor in the error bound), the MLMCMC-FEM using the pCN
sampler performs as expected from our theoretical results. For § = 1/ V10, we
plot the results for a = 0,2,3 and 4 in Figures[9] and respectively. The
slopes of the best fit straight lines in the error plots are 0.44129, 0.97061, 0.9058
and 0.92827, respectively. Again when o = 0 the convergence rate is inferior to
the optimal rate O(271) due to the large multiplying factor L? in the error, but
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for other values of «, the observed convergence rate essentially corresponds to the
rates in our theorems.

To test the CPU time performance of the method, we record below in tables
and [f] the average CPU time for 5 different runs of the MLMCMC-FEM for different
values of L (corresponding to the meshwidth O(27%) at the finest discretization) for
the independence sampler. The CPU time behaves like O(2%L) which is essentially
optimal. We obtained similar results for the pCN sampler.

Next we consider the problem where log K is a stationary gaussian random field.
We sample the values of the log-gaussian coefficients at all the FE nodes in D by
circulant embedding [12]. We consider
-V (K(z)VP(x)) = cos(2mxy) sin(2rwx2), x = (x1,22) € D =(0,1) x (0,1),

(51) P(O,$2) = O7 P(l,l‘g) = 1, %(Z‘h 0) = 0, %(331, 1) = 0.
To denote the dependence of the solution on the coefficient K, we denote it also as
P(K). We assume that
K =exp(R)

where R is a GRF with mean p = 0 and with covariance function given by

Cla,y) = pllz—yl) =exp (~|o = y*), wyeD.

Here | - | denotes the Euclidean norm. The observation functional is given by
oP 9 OP
K)= [ (05—21) 7—(K) + (0.5 — 22)* ——(K)d
G() = [ (05— 20)° S(0) + (05 = 22)” S (K)o

and the quantity of interest is

((P(K)) = / P(z)dz.

D
The additive observation noise ¥ ~ N(0,1). Following Graham et al. [16], we
consider the map n : D — D given by n(z) = (1—x1,1—x2). Let K, (z) = K(n(z))
and P,(xz) = 1—P(n(x))). Then P, is the solution of problem with coefficient
K = K,,. Further
G(K) = G(Ky).

As K and K,, define GRFs with the same mean and homogeneous covariance, they
have the same probability law, which is the prior v on the space U of continuous
functions. Its law is invariant under the map K — K,. We have

7= [ e (§|69<K>|2) 1K) = [ e (;wg(Kn)?) (K.

The posterior expectation is

B P = 5 [ P e (<5 10 - GO ) ().

/ P(2)ds = / Pln(a))dz,
D D
and G(K) = G(K,), we have that

B P = 5 [ (0 P exp (10 - 68 ) d ().

As
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For any ¢, 7% is invariant under the mapping that maps K to K,,. Therefore
7 [((P(K))) = 1 - EV' [((P(K)

" EY[¢((P(K))] = 0.5.

In Figure we plot the error of E7° [((P(K))] of the posterior expectation ap-
proximated by the MLMCMC-FEM where the independence sampler is used. The
stationary GRF is numerically sampled by circulant embedding (see, [12], [16], and
Appendix to generate the samples for the nodes of the finite element mesh in
D. Here we choose o = 3. The slope of the best fit straight line in the error con-
vergence plot is 0.910. The MLMCMC-FEM error plotted is numerically estimated
as arithmetic average of the errors of 64 independent runs of MLMCMC-FEM. In
Figure we plot the MLMCMC-FEM error for the pCN sampling method where
3 is chosen as 1/4/2 and « is also chosen as 3. The slope of the best fit straight
line is 0.912. Again, the error plotted is the arithmetic average of the errors of 64
independent runs of the MLMCMC.

MLMCMC error

1073 102

FiGurE 1. Independence sampler, o = 0

6. CONCLUSIONS

We proposed and analyzed a multi-level MCMC algorithm for numerical ap-
proximation of Bayesian inverse problems for linear, scalar elliptic PDEs with
log-gaussian diffusion coefficient. Our convergence rate results and our results on
e-complexity are established under Assumption In particular, and distinct
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MLMCMC error
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FIGURE 2. Independence sampler, a = 2

MLMCMC error

1073 1072 1071

h

FiGURE 3. Independence sampler, o = 3

from other, recent work, such as [28] (Assumption A4, and Appendlx) [, 3]

our proofs did not require the parametric diffusion coefficient K (- in - to
be bounded away from zero. This lack of uniform lower bound requlred in turn,
essential modifications in the MLMCMC sampling algorithm, which led to a novel
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FiGURE 5. pCN sampler, 8 = %, a=0

MLMCMC computational strategy, under gaussian prior. Numerical experiments
provided strong indication that the presently proposed, novel modifications of the
MLMCMC-FEM sampling strategy are indeed necessary to ensure convergence of
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MLMCMC error

FiGURE 6. pCN sampler, 8 = 730 Q= 2
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F1GURE 7. pCN sampler, 5 = %, a=3

the MLMCMC-FEM process under gaussian prior. The proposed MLMCMC-FEM
method achieved essentially optimal error vs. work relation. The novel truncation
argument (cf. Eqn. (4.14))) controlling level differences in the MLMCMC sampler
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Figure 8. pCN sampler, 8 = %, a=4
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F1GURE 9. pCN sampler, 5 = \/%7 a=20

will also allow mathematical convergence analyses of multilevel versions of the HMC
and SMC algorithms for Bayesian PDE inversion under gaussian prior, under the

weak Assumption cp. Remark
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FIGURE 11. pCN, g = %ro a=3
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Mesh-Level (L)

Mean CPU time

2

0O Ut W

9
10

0.052
0.067
0.105
0.256
0.767
2.387
8.863
35.467
146.463

TABLE 4. CPU time for a =0

Mesh-Level (L)

Mean CPU time

2

0 O Uk W

9
10

0.046
0.088
0.342
1.512
6.321
27.256
115.612
490.272
2097.376

TABLE 5. CPU time for o = 2
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Ficure 13. MLMCMC error for example (5.1): Independence
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=L a=3



MLMCMC-FEM FOR LOGNORMAL DIFFUSION 33

supported by a graduate scholarship from Nanyang Technologial University, Singa-
pore; VHH and QJH are supported by a Collaborative Research Award of College
of Science, Nanyang Technological University, Singapore; and CS is supported by
Swiss National Science Research Foundation. Parts of the research were conducted
during the visits of VHH and CS to the Isaac Newton Institute of Mathematical
Sciences, Cambridge, UK in Spring 2018 and the E. Schrodinger Institute, Vienna,
Austria, in the summer of 2018 and during the visits of VHH to the Institute for
Mathematical Research (FIM, ETH Ziirich). We thank these institutes for the
hospitality and the excellent working condition.

APPENDIX A.

We prove Theorem [4.7] in this Appendix. To perform the error analysis of the
MLMCMC approximation we decompose the error into three terms as follows.

Proposition A.1. We have
(A.1) EY [((P)] — EMEMOMO 9Py = I}, + I, + 11,
where

I :==E"[((P)] - E [¢(P)],
L

I, =Y (B ~E
=1

-1

)E(P) — ((PY' D)) + BV [¢(P) — £(PY ()]

and

L L'
I, =3 Y B A+ B AN+ BV (A B AL + AV B AL B (A + AV
I=11=1

L
+Y BV AL+ BT AD] 4 BV [AY B [AR + AY) + BV (AL EY (AL + AY]
=1

L'(0)

+ ST ETP — P + B [6(PO))
I'=1

_EyL]\/ICMC[g(P)].

Proof From equation (3.9) we have
(A.2)

1

EV[(P)] - B [((P)] = B [e(P)] - > (E7'[e(P)] "

=1

«(P)]) —E"[¢(P)]

It follows that

)

EV'[((P)] — BV [¢(P)] = E* [¢(P)]
=3 (B [P O) B PEO)]) - B (P O] - 11
=1
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Rearranging and using (3.11)) gives
L

Efyé M(P)] = Ip+1I;+ Z (E'yl — ]E'Vlil) [K(PL/(l))] + EWO M(PL/(O))]
=1
L L)
= LI+ 30T (B ) [P — )

=1 I'=1

L

+ Z(EWL _ E'yl’l)[g(PO)] +E [¢(P%)]
=1

L'(0)
+ ST EUPT) — (P
=1
We then get the conclusion.l]

To prove Theorem [£.7] we work under the following assumption of geometric
ergodicity. We will discuss sufficient conditions for the validity of this assumption
in Appendix Let €7 denote the expectation with respect to the probability
space generated by the MCMC process with the acceptance probability defined in
ED, where @ is replaced by the potential obtained from the FE approximation
@D of the forward problem, with the initial sample u(?) distributed according to
the probability measure 7 defined in (4.16)).

Assumption A.2. For eachl andl' in N, we denote by

, > ~ 1 1
(A3) V() =exp 112(bj+bj)|uj|+g > bilus| + S bjiluyl

Jj=1 J>Ji—1 J'>J
— . A . ; . 3 )y
wheree =3, ; bjande’ =%, ;  bj. Thenif g:TI'v — R is a function such

that |g(u)] < V¥ (u) for every u € Ty, there exists C > 0 independent of | such that
for every M € N holds

(A4) (s%l [|E""191 - B3] ) " omre,

Remark A.3 (“Finite-dimensional noise case”). Assume that the erpansion in
(2.12) has a-priori only a finite number J of random parameters u;, i.e.

J
K(u) = K.(-)+exp | K()+ Y ujnh;(-)
j=1
Then we can choose VIV as
J
(A.5) V! (u) = exp [ 11 (b; + b))luy]
j=1

Proof of Theorem [{.7 We derive an error bound by estimating the three terms
Iy, II;, and I11}, in the error (A.1l) separately. Throughout we choose J; = 2ft/al,
For the first term Iy, from [33], we have

(B B P <2 (B (UP?) + B (€<P>2>)l/2 diren (7", 7).
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As the normalizing constant in (4.11)) is uniformly (with respect to J,! € N) bounded
from below away from zero, the expections EY” (¢(P)?) are uniformly bounded for
all L € N. Then, there exists a constant ¢ > 0 such that

VLeN: |(B” —E")[¢P)]| <c27r.

We now bound the term II;,. To this end, we note that
L
t L' (1)\2 =1 L' (1)\2 1/2 I 1-1
) < Y2 (B P = PEOR) + B (P = PEOR)) T dua(, o)
=1
+cE™[[e(P — PY O]
From (4.7) we have that
EY (4(P — P7r'®)?) < B (4P — PE0)2) < 272’1,

Evlil(é(P . PL/(l))z) < C]E‘y(é(P _ PJL’(Z))Q) < 62721‘/(0,
and
EY[|¢(P — P (0)|] < 27 L',
From Proposition [£.5] there exists a constant ¢ > 0 such that for all [ € N
duen(+', 771 <27l
Therefore
L
11| < CZ 9= (+L" (1)
1=0
We now estimate IT1;,. Using inequalities 1 4+ 2 < exp(z) and z < eexp(x/e) for
x,e > 0, we have from (4.12)) that there exists a constant C' > 0 such that, for every
u € T’y (all sums involving b, in the bounds are finite) and for every I,1’, J holds
(PP () — PPt = ()|

Jy o

< Cexp |5 bilugl | [ 277+ D biluwih+ D byluyl
j=1 j=1 j=dy_y+1
o0 Jl’ 1
< Cexp 5ij|uj\ 27! exp(ij|uj|)+€’exp(g Z bjlu;l)
j=1 j=1 i>dy_y
oo Jl’ B 1
(A.6)< C27" exp 5ij\uj|+zbj|uj\+g > bjluyl
j=1 j=1 >Jdy_y
where &’ = 37, ; b is as in the definition of VI in ([A3). Furthermore, for

every u € I'p,
1= exp(@/ (u; 8) — @717 (u; 6)))|
< @70l (u; ) — @711 (w; 6) (1 4 exp(@70! (u; 6) — -0 (1 6))) .
Therefore
1 — exp(®7! (u; ) — @771 (w; 0) |1 (u) < 2|@7 ! (u; ) — @77 (w3 ).



36 V.H. HOANG, J. H. QUEK AND CH. SCHWAB

Thus, there exists a constant C' > 0 such that for every u € I'p and for every
I,U',J € N holds

11— exp(®7(u8) — @711 (u; )1 (u)

oo

oo Jy
<Cexp [ 6 bilugl | (27 + D bilush+ D byluyl
j=1

j=1 j=di1+41

o Ji
_ = 1
< Cexp GZbﬂuj\ 2 lexp(Zbﬂuj\)Jreexp(g Z bilujl)
j=1

j=1
o) Jy B 1
(A7) <C2lexp 6zbj|uj|+2bj\uj|+g > bjluyl

J=1 Jj=1 J>Ji-a
where we define € := Zj>Jz71 bj. We thus obtain a constant ¢ > 0 such that, for
every u € I'p and for every [,1', J € N holds
AV ()]
— 1 — exp(@7 (u 8) — B (s 6))| (LP Y () — L(P ! () I ()

o Jr,
’ T ]_ ].
—(l+
<c2 ( )exp 11 E bJ|u]|+QE bj|uj|+g E bj‘Uj|+? , E bj|uj|
j=1 Jj=1 i>Ji-a J>Jy_q

(A8) < 2~ (HOVI (3.
From Assumption[A:2] this implies the existence of a constant C' > 0 such that, for
every [,I' € N,
E, H]Efy’ (Al - E?wl”, [Azlz']H < CM 22+,

Similarly, for every u € I'p we have |AY (u)] < 27 FHIVW (y). Therefore, there
is a constant C' > 0 such that for every u € I'y and for every [,1’ € N holds

Ey ||E[AY] - B}y, 14V 1] < oM} P2m 040,
To estimate the term \E"Yl [AL] - E" (Al — EX;”, [AL] - EXJZ; [A]], we observe
Eq [[B7'[45] B (AY] - By, [43] - B4 A1)
<Ey ||(B7'[44] - By, [44]) - B 1Ay )] + B [| (B 48] - B, 14Y)) - B, 144

l L 2 1/2 -1 ’
< By | (21 £, 1) |l

-1 / -1 /2 2 ! 1/2
+By | (B A0 - 23, 1) | e [ Lt

From (A.6) and , for every u € Ty and for every [ € N holds |A}(u)| <
27V (u) and |AY (u)| < 27"V (u). The geometric ergodicity, Assumption
then implies that there exists a constant ¢ > 0 such that for every [,I’ € N
holds

1 -1 ’ L _ ’ —1/2._ ’
E. HE7 [A5]- B [AY ] - Eir., [A43] 'Eévfl}, [Af }H < cMy, /2900,
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The remaining expectations in EMEIMEMCy(P)] — []T; are similarly estimated,
resulting in the same bound. We thus have proved

(A.9)
L L'() L' (L)
LTI < e ZZ MM 0+ +CZM101/22 +e > My P27 ey,
=1 U=1 =1 '=0
We choose

(A10) L'(l):=L—1, and My :=2>E=0+0) for [ >1, 1'>1,
MlO = M()l = 22(Lil)/L2 and MOO = 22L/L4.

We then have
L
EL[|ITIL[] <> (L—1)27" +el”27" +el”27 " < Cr?27 " .
1=0
This bound is, up to logarithmic terms, of the same order as the discretization error
of one instance of the forward problem on the finest mesh level L.
Next, we estimate the total number of degrees of freedom and floating point
operations required to realize the MLMCMC-FEM.
For each proposal v(*)| the number of degrees of freedom for computing ®(v(¥)) is
O(2%). The total number of degrees of freedom required for running the MLMCMC-
FEM at discretization level L is bounded by

L L'()

S DO My 42 ZMOI,QC”/
=1 1'"=0

4

5 92L Z2<d 2)1 +22—2lz2(d 2)1/+22(d 2)1)

I’=0

M=

L'(l)
(Q(d—2)l g2 4 g2, Q(d—z)z/) 4 92L Z o(d—2)l'
=0

o

For space dimension d = 2, the number of degrees of freedom in the MLMCMC-
FEM at discretization level L is bounded by

L
< 9% (L +y 27 - 1)> < 12?%,

1=0
For d = 3, it is bounded by

L L
5 22L <2L 4 Z22l2Ll> S 22L <2L 4 22L23l> 5 23L .

=0 =0

From Lemma [£:3] the number of iterations to approximately solve the system in
(4.3) for proposal v at FE meshwidth h is bounded as

(0) > € (loglhl + [l K(0)) | 213

With A ~ 27! and with the truncation level J; = [2!/9], the total work for per-
forming one step of the MCMC process for solving the linear system for a proposal
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v € I'y is asymptotically, as [ — oo, and on proposal v bounded by
< pdtgl/arld L (R (0)Y2(K (0)7Y2(1 4 |log K (v)])192".
The expectation of the overall number of floating point operations required to
compute 7! (v*); §) is bounded by
< pd—1gl/a+ld | jdgld < jd—19l/q+ld
Therefore, the expectation of the total number of floating point operations to run
one step of the MLMCMC-FEM at discretization level [ is not larger than
< ld712l/q+dl +l/d*12l’/q+dl"
With the choice (A.10)) for the number of MCMC steps, the total number of floating

point operations required to evaluate the MLMCMC-FEM estimator at discretiza-
tion level L is bounded by

L L'Q L'(0
< Z Z(:) M”l(ld712l/q+dl + l/d*12l'/q+dl') + 2(:) Moy (l/d*12l’/q+dl’)
1=0 1I'=0 1'=0
L L' L' (L)
5 92L Z Z (ld712(d72+1/q)l272l’ + l/d712(d72+1/q)l’272l) + 92L Z l/d—12(d,2+1/q)z,
1=0 I'=0 =0
L L
< [d-192L (Z o(d—2+1/q)l + Z 2(d—2+1/q)(L—l)2—2l>
1=0 1=0

< Ld—12(d+1/q)L.

APPENDIX B.

We justify Assumption in this appendix. We first consider the case of the
independence sampler. We then address the pCN sampling method.

Lemma B.1. For the independence MCMC' sampler with acceptance probability
a’t as defined in , for the equation with the J-term truncated, parametric co-
efficient and at discretization level I, the normalizing constant Z7*! is bounded
from below away from zero, uniformly for all J and l.

Proof From (4.4) and (3.6)), we have

J
O, 8) < el ST ek (1817 + G (@)[7) < | ST |k (1817 + cexp(Y (2b5]uy))))
j=J
where the constant ¢ is independent of § and u. For simplicity, we denote the
restriction of v and 7 on RY as . Therefore

/ B (u, 6)dry () < o[ S| (1 + 62)i= ¢*
RYJ
uniformly for all J and [. Thus, for each C' > 0
(B.1) Y({u: &7 (u;8) > C}) < ¢*/C.
Choosing C' sufficiently large,

Y({u: &7 (u;6) < C}) >1—¢/C>¢o>0.
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We have, for every J and I,
Z7 = / exp(—®7!(v;6))dy(v) > exp(—C)(1 — ¢*/C) .
RIS

O

Lemma B.2. Let u'9) be the jth draw in the Markov chain generated by the MCMC
independence sampler with the acceptance probability ; let further E77 denote
the expectation with respect to the probability space generated by the Markov chain
with the initial sample u®) being distributed according to the restriction of 5 to R,
still denoted as 4. For g € L*(U, V), let g = g — B [g]. We have

M 2

1
37 2 9™
k=1

gV < B [lg|?]

where ¢ does not depend on g, J and l.

Proof Adopting the notation of [32], we denote for J,I € N and for arbitrary
ue R/
R0}
dy(u)
and define, for each w € Ry,

(B2) F0 (w) = 47 (fu s wh ) < w))

For conciseness we will drop the superscript § in v/*° and 7
of the proof.

Let p?(u, -) be the jth iterate of the transition kernel of the Markov chain. When
the current state is u, the probability that a draw is rejected equals

w’(v)

o / {1 - }dv v).
( ) {v:w?l (v)<wt(u)} ’val(u) ( )

This probability only depends on w”!(u). Following [32], we denote this probability
as AP (w) when w = w’l(u) € Ry.
From Theorem 1 of [32], we have

P’ (u, dv) = T (w” (w) v wh ()7 (dv) + X (w” (w) ) 6 (dv),

JL9 in the remainder

where, for arbitrary w € Ry and j € N, we defined
M (w)d ATL(t)I
Tj(w)=1-"— +/ = dy(t)
=1 50wy e G
We then have

: AM(8))?
O, dp) — 4 (dv) = / ( 77 (¢
u, dv v e -
P de) =7 o) ( ot PIOTH Y
_)\J,l(wJ,l(u(o)) Vi w‘]’l(v))j
AT (w L (uO) v wl(v))
As w'l(u) = 7 exp(—=®7!(u;6)) < ;47 < a, where 1/a denotes the uniform lower

bound of Z/ proved in the previous lemma, for w > a ¥”!(w) = 1. As shown in [32]
Section 3] £Al(t) = 34(t)/t2. In particular, A!(t) is increasing. Moreover, as

) A (dv) + (W @ (4 ®)) 6,0 (do).
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w’t(u) < a, when t > a, A" (t) = 1—1/t. Thus M (w’(u(?)) < X\(a) =1-1/a.

Moreover,
1\’
[ 0P @ O 0 @) < (1- 1) o)
Therefore
APL(t))I
/ S @0
t>wl ! (w®)vawdt(v) V7 (t)’y ’ (t)
¢ M@)o
= — o =dy (T
/wJ,l(u(o))Vwal(v) T (L) ()
a
. 1
= M) d(—=
/w%l(um))vwhl(v)( (#))yd( “YJ’l(t))
L)) [ a 1 .
:_(~Jl( )) +/ — d()\J,l(t))]'
v (t) wl L (w®))Vwd(v) wH(u(0))Vwl:t(v) v (t)
Therefore
/a (APH()) A (1) = 1 i A w (ul) v wP(v))]
Wit wsi) 7O a) AR O] V)
JAH ()
4 / ) S
wd (w0 vt (v)

From this
[ OOY gy N0 w®) v w0
5wl (w® )i () V)T K AP w P (u®) v wht(v))

1\J a N T\ i—1
(oY Oy,
a Wl (u(©) VT (v) t

As dy?t(v) = w’t(v)dy(v) and w’!(v) < a uniformly for all J and [, there exists a
constant ¢ > 0 such that for every J and [

>

Jil wJ,l( (0)) Vi wJJ(v))j

SO (A :
/]RJ <[>wJ’(u(°))Vw]l(v) Jl(t);y‘]’l(v) d’YJl(t) - ’S’J’l(w]l(u(o)) \% U}J’l(v)) ) g(v)v‘”(dv)

<(1-2) [ s (-0 [ s e )
< (1 Y e g 45 (1 - 1) E"[lg]]

This implies

@ e ] < (1= Y @ (1- 1) B 4 (1- 1) i

Let £ be the expectation with respect to the MCMC process with the initial
sample distributed according to v/, Let further £, denote the expectation with
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respect to the MCMC process starting at «(?). Then we calculate, following [26],

M

s = By 42l S Z &7 lg(u™)g(u)]

k=1 k: 1j=k+

M
k=0 j=1
TN OIS B o AT ()
= B g0 + 2 E" [g(u®)€,0 [g(u)]
k=0 j=1
< B (g
1 M—-1 M-k " B
12 5 3 B g O) €uo lg(wt)] - B [g]]
k=0 j=1
< B [g(®)’]
1 M—-1M-—k .
247 B [lg(u®)]

IN
N
7N
—
|
N——
.
&=
2
}4
(Y
W
+
w
8
/N
=
|
| =
N———
<
s

j=1 j=1
0o 1 j—1
235 (1-1) B Lol
j=1
where we have used |g| < |g| + E" [lg]]. We note that
J,l 1
EY [92} < ﬁE7[92]5
and (B [lgl])* < B [lgl”), (B[lg)* < E7[lgl*)- Thus
M
(B.4) —57 [ u®)) ‘ } < a(2a® + da — 4)E[¢Y).
k:l
From (4.17)), we get the conclusion. O

Before justifying Assumption [A-2] we recall the following result.

Lemma B.3. [19, Appendix] For any t > 0
/ exp(—22/2 + |Z|t>\/j xp(t?/2) exp(t+/2/7).
Proposition B.4. For the independence sampler with the acceptance probability

[413), Assumption[A.9 holds.

Proof Tt suffices to show that EY[V¥' (-)?] is uniformly bounded with respect to
[ and I". We may assume that J;_1 < Jy_; (the argument in the case J_1 > Jy_1
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is similar). From Lemma we have the majorization

E7[(V")?)
1 Ji—1 ~ Jia 1 ~ 9 2 00 1 ~ 9 9 2
< exp 5222 Z(bJ + bj)2 + 4 Z 5 <22(bj + bj) + €bj> + ' Z 5 (22(b] + bj) + gbj + z’:‘/bj>
j=1 j=Ji—1+1 J=Jy_1+1

Ji—1 - iy ~ 9 ) B 9 9 B
. 29 . . , N2y, . N2y Zp. z
C€Xp Z(b1+b3)+ _ Z (22(()] +bj)+€bj) + . Z (22(bj+b])—|—€b]+€/b]> T

j=1 j=Ji—1+1 J=Jp 1 +1

o0
- - 1 1
2 72
<exp | e (B +b] b +b)+eo D biteg > by
j=1 J>Ji-1 J'>Jdp 4
which is finite. 0
The preceding analysis established geometric ergodicity of the independence sam-
pler. For the pCN sampler, the proposal v(®¥) € R” is chosen as

v® = /1= p2u® 4 B¢,
where & ~ N(0, 1) in R where I is the J x J identity matrix. Although the growth
conditions which are necessary for the L7 spectral gap results of Hairer et al. [17]
to hold have not been verified for the forward problem with log-gaussian coeflicient
(4.1), it is quite straightforward to show that:

Proposition B.5. Assume that the Lf{a spectral gap result of [I7] holds. Then,

Assumption[A-3 on geometric ergodicity holds for the pCN sampler for the forward
problem (2.2)) with log-gaussian coefficient (4.1)).

ApPPENDIX C.

For the readers’ convenience, we summarize the method using circulant embed-
ding for evaluating samples of the GRF R at evenly spaced FE nodes, as proposed
e.g. in [I2]. Our presentation follows [16] Sec.5].

In the domain D = (0,1) x (0,1) C R?, we consider the restriction to D of the
stationary (in R?) GRF R with mean pu(z) = 0, and with covariance function

C’(x,y)zp(|x—y|), xvyED

where p(t) attains positive values for t > 0 (| - | denotes the Euclidean norm in R?).

Consider a uniform partition of D into axiparallel squares of meshwidth h =
27L. On this mesh, we consider affine Q; FE-approximations which converge, for
solutions with H?(D)-regularity, with the rate O(h) in H'(D). We define M = 2L
so that h = 1/M and denote the (M + 1)? equispaced points in D which describe
the mesh as x; ; = (ih,jh) for i,5 € {0,--- , M }. We identify the FE nodes by the
double index (i,7). The FE nodes are enumerated lexicographically, that is, first
in the z; direction then in the x5 direction. We consider the (M + 1)% x (M + 1)?
covariance matrix
(C.1)

T gy, k) = p (@i — mral) = p(|(Gh, jh) — (kh, IR)[) = p (|((i = k)R, (7 = DR)]) -

Our purpose is to generate the random realization of the centered gaussian random

vector R(x; ;) with covariance T. We note that if T = SST where S is a symmetric
matrix then, if © is a (M + 1)? random vector where each component follows the
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standard normal distribution, S© is the random vector with the desired covariance.
By embedding T into a larger block circulant matrix, exploiting the homogeneity of
the random field R and the even spacing of the FE nodes z; ;, we can evaluate the
matrix S very efficiently using FFT as we explain next (see also [12]). Let m € Ny.
We consider the covariance vector of points belonging to two different rows that
are m rows apart, i.e. we consider the (M +1) x (M + 1) Toeplitz block matrix T,
of T defined as

(C.2)  (Tn)ik = Tagykgtm) = P (12ig = T jml) = p ([((0 = k)h, mh)[).

for i,5,k € 0,...,M. We note that (T},); r is independent of j. The covariance
matrix T is Symmetric Block Toeplitz (SBT for short) with the first block row
being Ty, -+ ,Ths. We denote this as

T = SBT(Ty,- -, Tar).

We embed T into a circulant matrix C' whose blocks are themselves symmetric
circulant. This is done by first possibly extending the domain on which the random
field R is defined, beyond the domain D. This process is called padding. For
J € Ny we define the extended domain D; = [0,1 + Jh] x [0,1 + Jh].  We
consider a uniform partition into axiparallel squares of edgelength h in D; and
the covariance matrix of the GRF sampled at the corresponding mesh points. We
embed this matrix into a larger circulant one by mirroring. The aim of the padding
process is to obtain a positive definite, circulant matrix. In many cases, the padding
process is not necessary, i.e. we can just take J = 0. For k,l € Ny, we denote by
pr1 = p(|(kh,1R)|) for (kh,lh) € R?. We define the circulant block matrix

Cj =SBT(poj,*+ , PM.js PMA1,js " 5 PMAT, 55 PMAT—14," " 1 P1,5),

for j=0,--- ,M + J. The block circulant matrix into which we embed the covari-
ance matrix T is

C =SBT(Co, - ,Cwr,Crig1s -+, Cri s Crrgy—1,- -+, Ch).

The matrix C has dimension n? x n? where n = 2(M + J). As C is block circulant,
it can be efficiently diagonalized by FFT. Indeed, C = QAQ" where
<27T\/—].j1k‘1) (27T\/—1j2k2>
P\————— |&Xp| ——
n n

1
Qv da) (k) = - €X

for j1,j2,k1,ko = 0,--- ,n — 1. Here, A is the diagonal matrix that contains the
eigenvalues of C. Let G = Re@ + Im@. Then G is a symmetric and orthogonal
matrix such that ¢ = GAG'.

For performing the MLMCMC-FEM using circulant embedding, for the FE solu-
tion at two consecutive resolution levels of a realization of the forward equation, as
the FE meshes are nested, we sample the GRF at the (equispaced nodes at) mesh
level | and extract, from this sample, also the values of the GRF at the nodes of
mesh level [ — 1, for every discretization level [ > 1.

The stiffness matrix in the FE approximation of the forward equation is numer-
ically evaluated with the trapezoidal rule in each co-ordinate x; and zo for each
mesh cell using the values of the GRF coefficient sample K at the mesh nodes.
Newton-Cotes quadrature of fixed order (adapted to the Q;-FEM in D) can be
used by generating evenly spaced quadrature points inside each mesh cell.
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