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SPARSE TENSOR MULTI-LEVEL MONTE CARLO
FINITE VOLUME METHODS FOR HYPERBOLIC
CONSERVATION LAWS WITH RANDOM INITIAL DATA

S. MISHRA AND CH. SCHWAB

ABSTRACT. We consider scalar hyperbolic conservation laws in several (d > 1)
spatial dimensions with stochastic initial data. We prove existence and unique-
ness of a random-entropy solution and show existence of statistical moments
of any order k of this random entropy solution. We present a class of numer-
ical schemes of multi-level Monte Carlo Finite Volume (MLMC-FVM) type
for the approximation of random entropy solutions as well as of their k-point
correlation functions. These schemes are shown to obey the same accuracy vs.
work estimate as a single application of the finite volume solver for the cor-
responding deterministic problem. Numerical experiments demonstrating the
efficiency of these schemes are presented. Statistical moments of discontinuous
solutions are found to be more regular than pathwise solutions.

1. INTRODUCTION

Many problems in physics and engineering are modeled by hyperbolic systems
of conservation laws. The Cauchy problem for such systems takes the form

d
d
U, +) —(F;(U)=0, z=(x1,...,2q) € RLt >0,
(L1) ¢ ]E:laxj( ;(U)) (21 a)

U(z,0) = Ug(z), =R

Here, U : R% — R™ is the vector of unknowns and F; : R™ — R™ is the flux vector
for the j-th direction with m being a positive integer.

Examples include the Shallow Water Equations of hydrology, the Euler Equations
for inviscid, compressible flow and the Magnetohydrodynamic (MHD) equations of
plasma physics, see, e.g. [5, 9]. An illustrative model for (1.1) is provided by taking
m = 1 and obtaining the so-called scalar conservation law.

It is well known that solutions of (1.1) develop discontinuities in finite time
even when the initial data is smooth. This holds true even for the scalar case and
solutions to (1.1) are sought in the weak sense. Furthermore, weak solutions are
augmented by additional admissibility criteria or entropy conditions ([5]) in order
to ensure uniqueness. Well-posedness of entropy solutions in the scalar case (even
for several space dimensions) was obtained by Kruzkhov. Some local well-posedness
results for systems in one space dimension exist but no global well-posedness results
for systems of conservation laws are available in several space dimensions.
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Numerical methods for approximating entropy solutions of systems of conserva-
tion laws have undergone extensive development and many efficient methods are
available, see [9, 17]. In particular, finite volume methods are frequently employed
for approximating (1.1).

This classical paradigm for designing efficient numerical schemes assumes that
the initial data Up in (1.1) is known exactly. However, in many situations of
practical interest, it is not possible to obtain the initial data exactly due to inherent
uncertainty in measurements. Then, the initial data are known only upto certain
statistical quantities of interest like the mean, variance, higher moments and in
some cases, the law of the stochastic initial data; in such cases, a mathematical
formulation of (1.1) is required which allows for random initial data.

The first aim of this paper is to develop an appropriate mathematical framework
of random entropy solutions for conservation laws. As the theory for determinis-
tic initial data is only well-developed in the scalar case, we focus here on a scalar
conservation law in spatial dimension d > 1 with random initial data. We define
random entropy solutions and provide an existence and uniqueness result, general-
izing the classical well-posedness results of Kruzkhov to the case of uncertain initial
data. Furthermore, we prove the existence of statistical quantities of the random
entropy solution like the statistical mean and two and k-point spatial and temporal
correlation functions under suitable regularity assumptions on the initial data. In
particular, we show that if the initial data has finite statistical moments of order
kin L*(R9), the random entropy solution also possesses finite moments of order k
as well, for any k. We remark that randomness in the initial data is just one of the
many available mechanisms for introducing uncertainty in the solutions of (1.1).
One could consider also random boundary data (if we consider (1.1) in a bounded
domain D C R?) or random source terms added to (1.1). Let us mention that
hyperbolic conservation laws with various types of random data were considered in
the literature (see, e.g., [14, 15, 6] and the references there).

The second aim of this paper is to design fast and robust numerical algorithms for
computing random entropy solutions. In particular, we focus on statistical sampling
techniques of the Monte Carlo (MC) type. MC methods consist of sampling the
probability space and solving the deterministic version of the underlying PDE for
each sample. As we will show, MC methods are “non-intrusive”, very easy to code
and to parallelize and well suited for random solutions with low spatial regularity as
in conservation laws where discontinuities are generic. However,as we shall prove,
MC methods converge only at rate 1/2 as the number M of MC samples increases
thereby requiring a large number of samples in order to obtain low statistical errors.
This slow convergence entails high computational costs for MC type methods.

In order to deal with the aforementioned issues, we device a novel Multi-level
Monte Carlo (MLMC) algorithm based on finite volume schemes for the determin-
istic version of the conservation law. This family of methods was introduced by
S. Heinrich for numerical quadrature ([12]) and by M. Giles in the context of path
simulations for stochastic ordinary differential equations ([7, 8]). More recently,
MLMC finite element methods for elliptic problems with stochastic coefficients
were introduced by Barth, Schwab and Zollinger in [2].

In the current paper, the first analysis of the MLMC finite volume method
(MLMC-FVM) is presented in the context of a scalar conservation law in several
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space dimensions. In particular, the MLMC-FVM is shown to converge. Further-
more, our convergence analysis yields an optimal strategy for chosing MC samples
depending on the spatial and temporal meshwidth. This allows us to prove for
MLMC-FVM an accuracy vs. work estimate that equals, in two and three spa-
tial dimensions and for first and second order schemes, the corresponding estimate
for the FVM solution of a single, deterministic problem (1.1). This contrasts very
sharply with the accuracy vs. work estimate of the single level MC method. In
particular, our mathematical convergence analysis and the extensive numerical ex-
periments in the present paper show that the MLMC-FVM algorithm provides a
fast, robust, non-intrusive and highly parallelizable recipe for computing random
entropy solutions of conservation laws with uncertainty. We also introduce a sparse
tensor formalism that allows us to approximate higher statistical moments of the
random entropy solutions of (1.1) with (up to logarithmic factors of the meshwidth
and the time step) the same error vs. work as a single, deterministic FVM solve
for (1.1).

At this juncture, we would like to remark that statistical MC type methods for
random conservation laws have not been as widely studied as stochastic Galerkin
methods based on generalized Polynomial Chaos (gPC for short). An incomplete
list of references for gPC methods for uncertainty quantification in hyperbolic con-
servation laws includes [1, 3, 19, 26, 22, 27] and other references therein. Despite
some advantages, these gPC methods are more intrusive, harder to implement and
more difficult to parallelize than MC methods. Hence, in the present paper, we
focus on the design, the mathematical analysis and the numerical implementation
of MLMC-FVM methods.

The remainder of this paper is organized as follows: in Section 2, we introduce
some preliminary notions from probability theory and functional analysis. The
concept, of random entropy solutions is introduced and shown to be well-posed in
Section 3. Numerical schemes are designed in Section 4 and numerical experiments
are presented in Section 5.

2. PRELIMINARIES FROM PROBABILITY

Our mathematical formulation of scalar conservation laws with random data
will use the concept of random variables taking values in function spaces. We
recapitulate basic concepts from Chapter 1 of [4]. Let (€2, F) be a measurable
space, with € denoting the set of all elementary events, and F a o-algebra of all
possible events in our probability model. If (E,G) denotes a second measurable
space, then an E-valued random variable (or random variable taking values in E)
is any mapping X :  — F such that the set {w € Q: X(w) € A} ={X € A} ¢ F
for any A € G, i.e. such that X is a G-measurable mapping from 2 into F.

Assume now that E is a metric space; with the Borel o-field B(E), (E,B(E))
is a measurable space and we shall always assume that E-valued random variables
X : Q — E will be (F,B(F)) measurable. If F is a separable Banach-space with
norm || o||g and (topological) dual E*, then B(F) is the smallest o-field of subsets
of E containing all sets

(2.1) {reFE:px)<a}, pc E*, a € R.
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Hence if F is a separable Banach space, X : ) — FE is an F-valued random variable
iff for every ¢ € E*, w +— ¢(X(w)) € R! is an R'-valued random variable.
Moreover, we have

Lemma 2.1. Let E be a separable Banach-space and let X : Q — E be an E-
valued random variable on (2, F). Then the mapping Q> w — [| X (w)||z € R is
measurable.

Proof. Since E is separable, there exists a sequence {¢,} C E* such that for all
x € F holds

(2.2) [zl = sup |@n(z)].
neN
Hence we find
(2.3) Yw e @ [[X(@lle = sup [pn(X(w))]
ne
which implies that w — || X (w)|| is an R!-valued random variable. O

The random variable X :  — F is called Bochner integrable if, for any proba-
bility measure P on the measurable space (€, F),

(2.4) /Q 1 ()| 2 P(dw) < 00

A probability measure P on (€, F) is any o-additive set function from € into [0, 1]
such that P(2) = 1, and the measure space (€, F,P) is called probability space.
We shall always assume, unless explicitly stated, that (2, F,P) is complete.

If X:(Q,F)— (EE) is a random variable, £(X) denotes the law of X under
P, i.e.

(2.5) LIX)(A)=P{weN: X(w)e A}) VAec€&.
The image measure ux = L£(X) on (F, &) is called law or distribution of X.
A random variable taking values in F is called simple if it can take only finitely

many values, i.e. if it has the explicit form (with x4 the indicator function of
AeF)

N
(2.6) X=> zixa, A€F z,€E N<oo.

i=1

We set, for simple random variables X taking values in E and for any B € F,

N
(2.7) / X (w) P(dw) :/ XdP:=> x;P(A;NB).
B B i=1
By density, for such X(-), and all B € F,

(2.9 | [ xpaa], < [ 1x@)isr@.

For any random variable X : 2 — E which is Bochner integrable, there exists a
sequence {X,, }men of simple random variables such that, for all w € Q, || X (w) —
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Xm(W)||[g — 0 as m — oo. Therefore, (2.7) and (2.8) extend in the usual fashion
by continuity to any F-valued random variable. We denote the integral

(2.9) /QX(w)IP’(dw) = lim [ X,,(w)P(dw) € E
by E[X] (“expectation” of X). O

We shall use that operators that act on random variables to generate random
variables. The following result is obtained by approximating with simple random
variables.

Lemma 2.2. Assume that E, F are separable Banach spaces, and that & = B(E),
F = B(F). Assume further that A : D(A) C E — F is a closed operator such that
the domain D(A) of A satisfies D(A) € B(E). If X : Q — E is a random variable
such that X (w) € D(A) P-a.s., then it holds P-a.s.

X is a D(A)-valued random variable, P-a.s., and

(2.10) AX is an F-valued random variable, P-a.s.

Moreover, if

(2.11) /Q||AX(w)||FIP(dw) < 00,
then it holds in I that

2.12 A | X(w)P(dw) = AX(w)P(dw) .
(2.12) | Xt)P) = [ axG)Pa)

We shall require for 1 < p < oo Bochner spaces of p-summable random variables
X taking values in the Banach-space E. By L'(Q, F,P; E) we denote the set of all
(equivalence classes of) integrable, E-valued random variables X. We equip it with
the norm

(2.13) 1 X2 ) == E(”X”E):/Q”X(W)”Ep(dw)-

More generally, for 1 < p < oo, we define LP(Q), F,P; E) as the set of p-summable
random variables taking values F and equip it with norm

(2.14) X1 2o (o) = (E(IX]E))7, 1< p < oo.

For p = oo, we denote by L>(Q, F,P; E) the set of all E-valued random variables
which are essentially bounded. This set is a Banach space equipped with the norm

(2.15) Xl @) = ess sup X ()|
we

If T < oo and Q =1[0,T], F = B([0,T]), we write LP(][0,T]; E). Note that for any
separable Banach-space E, and for any r > p > 1,

(2.16) L"(0,T; E), C°([0,T); E) € B(L?(0,T; E)).
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3. HYPERBOLIC CONSERVATION LAWS WITH RANDOM DATA

3.1. Scalar hyperbolic conservation laws. We consider the Cauchy problem
for scalar conservation laws (SCL) by setting m = 1 in (1.1) and obtaining,

d
Ou 0 B B d
(3.1) aju];a?j(fj(u))_o, z=(x1,...,24) €ERY t>0.
Here the unknown is u : R? — R. Introducing the flux function f(u)
d
. 0
(32 fw)=(f(w),..., fa(w) € C'RRY) . divf(u) =D 5—fi(u),
j=1 Ot

we may rewrite (3.1) succinctly as

(3.3) % +div (f(u)) =0 in R x R .
We supply the SCL (3.3) with initial condition
(3.4) u(x,0) = up(x), =R,

3.2. Entropy Solution. The Cauchy problem (3.3), (3.4) admits, for each ug €
L>=(R%), a unique entropy solution (see, e.g., [9, 24, 5]). Moreover, for every ¢ > 0,
u(-,t) € L*(R%) and the (nonlinear) data-to-solution operator

(3.5) S :ug — u(-,t) = S{E)ug, t>0

has several properties which will be crucial for our subsequent development. To
state the properties of {S(t)};>0, we introduce some additional notation: for a
Banach-space E with norm || o || g, and for 0 < T < 400, denote by Cy(0,T; E) the
space of bounded and continuous functions from [0, 7] into E, and by LP(0,T; E),
1 < p < +o0, the space of strongly measurable functions from (0,7") to F such that
for 1 <p<+o0

1

T
(36) ol = ([ I )"
respectively, if p = oo,

(3.7) vl Lo 0,7;) = ess sup_|[v(t)[| &
0<t<T

are finite. The following result summarizes the classical results on existence and
uniqueness of an entropy weak solution of the SCL (3.1)-(3.4) (we refer to, eg.,
[9, 10, 16, 11, 17]).
Theorem 3.1.
1) For every ug € L™(R%), (3.1) - (3.4) admits a unique entropy solution
u € L®(R? x (0,7)) := L>=(0,T; L=(R%)).
2) For every t > 0, the (nonlinear) data-to-solution map S(t) given by
u(+,t) = S(t) ug
satisfies
i) S(t) : LY(R?) — LY(RY) is a (contractive) Lipschitz map, i.e.

(3.8) [S(t)uo — S(t)voll 1 (ray < [Juo — voll L1 (way -
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ii) S(t) maps (L' N BV)(RY) into (L' N BV)(RY) and
(3.9) TV (S(t)uo) < TV (ug) Vug € (L' N BV)(RY).
iii) For every uy € (L= N LY)(R%),
(3.10) 1S(#)uoll oo ray < ol oo (ray 3
(3.11) [S(t)uollL1(ray < luollLr(ray -
iv) The mapping S(t) is a uniformly continuous mapping from L'(R?)
into Cy(0, 00; LY(R?)), and

(3.12) 1S()uollco,r;r (re)) = ohax, 1S (#)uoll 1 (ray < lluoll L1 (mey -

3.3. Random Initial Data and Random Entropy Solution. Based on Theo-
rem 3.1, we will now formulate (3.1) - (3.4) for random initial data. To this end, we
denote (2, F,P) a probability space, and assume we are given as ug a L' (R?)-valued
random variable, i.e. a L'(RY) measurable map

(3.13) up : (U, F) — (LY(RY), B(L'(R?))).

We assume further that

(3.14) uo(-,w) € L®(RY) N BV (RY) P-as.,

which is to say that

(3.15) P({w € Q:up(-,w) € (L NBV)(RH}) =1

Since L!(R?) is separable, (3.13) is well defined and we may impose for k € N the
k-th moment condition

(3.16) l[wollr(@;p1 ray) < o0,

where the Bochner spaces with respect to the probability measure are defined in
Section 2. With these preliminaries in hand, we have the following definition,

Definition 3.2. A random field u : Q > w — u(x,t;w), i.e. a measurable mapping
from (Q,F) to C([0,T); L*(RY)), is said to be a random entropy solution if it
satisfies the following,

(i.) Weak solution: For P-a.e w € , u satisfies the following integral identity,
(3 17)

// u(z, t,w)p(x, t) +ng u(w,t w))aa o(z,t) dmdt—i—/uo(:v w))p(x,0)dx =0,

0 Rd Jj=1 Rd

for all test functions ¢ € CL(R? x [0, 00)).

(ii.) Entropy condition: For any entropy-entropy fluz pair i.e n,Q; with j =
1,2,...,d are smooth functions such that n is conver and Q’; = ' f; for all
J, and for P-a.e w € Q, u satisfies the following integral identity,

(3.18) // u(z, t,w))pt(z, t) +ZQ3 xt,w))a%go(x,t) dxdt > 0,
J

0 Re
for all test functions 0 < ¢ € C¢(R? x (0,00)).

We then have from Theorem 3.1 the following result:
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Theorem 3.3. Consider the scalar conservation laws (3.1) - (3.4) with random
initial data ug : Q — L*(RY) satisfying (3.14), (3.15) and the k-th moment condition
(3.16) for some k € N. Then there exists a unique random entropy solution u : 0 >
w — Cy(0,T; LY (RY)) given by

(3.19) u(, t;w) = S{t)ug(,w), t>0,we

such that for every k > m > 1 and for every 0 <t < T < co holds P-a.s.

(3.20) lull 00, @ey)y < Nwollpropr may) -
(3.21) 15(2) UO('»W)H(LlﬂLOO)(]Rd) < ||u0<'7w)H(LlﬁL°°)(]Rd)
and such that we have

(3:22) TV (S(t)uo(-w)) < TV (uo(-,w))

P-a.s..

Proof.

i) For w € Q, we define, motivated by Theorem 3.1, for P-a.e. w € Q a random
function u(t, x;w) by

(3.23) u(sw) = S{E) u(-,w).

By the properties of the solution mapping (S(t)):>0, the random field de-
fined in (3.23) is well defined; for P-a.e. w € Q, u(-;w) is a weak entropy
solution of the SCL (3.1)-(3.4).

ii) From Theorem 3.1, we obtain that P-a.s., all bounds (3.9) - (3.12) hold.
We proceed to check measurability of the mapping Q 3 w — u(-;w) =
S(#)uo(-;w).

ili) We have to show that for every 0 < ¢ < T, the mapping @ > w —
u(- t;w) = S(t) up(+;w) is measurable, as an L!(R9)-valued random vari-
able. This, however, is a consequence of the fact that L'(R?) is separable
and that L'(R%)* = LL>°(RY). Thus B(L*(RY)) is the smallest o-algebra
containing all subsets of L'(R?) of the form

{ve L*RY) : p(v) <a}: ¢eL®RY), acR.
Let now o € R, p € L®(R?) = L'(R%)* and ¢ > 0. Consider then
(3.24)  A{u(tw)}: p(ultw) < af = {S(Huo(sw) = e(S(Huo(;w)) < at.

By continuity (3.11) of S(¢) in L(R9), for every 0 < t < T < oo, S(t)
maps open balls of L!(R?) into open balls of L!(R?). Since B(L!(R?)) is
the smallest o-field on L (R?) containing all subsets of the form (3.24), and
since ug € LO(Q, F,P; L} (R%)), we have for every 0 < t < T < oo that

u-,t;-) = S(tuo(-) € L°(Q, F,P; L' (RY)).

iv) To show (3.20), assume ug € LF(Q, F,P; L*(R?)) for some k& € N. Then,
for every 0 <t <7T < oo, we have

/Hu tyw)||%, (rae)P(dw) /||S uo(: ”Ll(Rd)P(dw)

1)
/ a0 )1 g P(dw) = il g1 gy -
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Hence

k
w0l @, 7 70,71 (Rey)) —/ (OQ&XTHS( Juo (-, @)1 @e))” P(dw)

= [ 4 g, (SOl o) PO

/ fluo(-, ||L1 (R4) P(dw) = ||UO||Lk QL1 (RY)) -

This implies (3.20). (3.21) and (3.22) follow from (3.9), (3.10), (3.11).
O

Theorem 3.3 ensures the existence of k-th moments of the random entropy so-
lution u(x,t;w) provided that ug € L*(Q, F,P; L' (R%)). We next discuss the ex-
istence of the (deterministic) k-moments resp. of k-point correlation functions of
u.

3.4. Tensor Products of Banach-spaces. We have seen in Theorem 3.3 that for
initial data ug € LF(Q, F,P; L}Y(R?)) of (3.1) - (3.4), the (unique) random entropy
solution u € L*(Q;C(0,T; L (R?))) for any T < oo and the same k € N. To
investigate the existence of the (deterministic) k-th moment (or k-point correlation
function) for random entropy solutions, we require facts on tensor products of
Banach-spaces; we shall now briefly recapitulate these from [18], Chapter 1, in the
form which is best suited for application in the present context.

Let z,y € RY and let f(z,y): R x RY — R be integrable: f € L*(R? x R%;R).
Then, by Fubini’s Theorem, L!(R? x R%; R) = L(RY; L (R4 R)) and

Hf”Ll(R'ide,dac@dy) :/ |f(x,y)|dzdy
(z,y) ER4 X R4

/ 1 () o ety B = / 17 6ol oo ety
z€R y€ERd

= H Hf(xvy)HLl(Rd,dy)HLl(Rd7dx) = || Hf(wvy)”Ll(Rd,dm)HLl(Rd,dy) .

For S,T C RY, we identify for 1 < p < co the Bochner space LP(S,ds; LP(T,dt))
with LP(S x T, ds ® dt) and, moreover, we use that for 1 < p < oo these Bochner
spaces are isomorphic to tensor product spaces ([18], Chapter 1):

(3.25) LP(S) @q, IP(T) 2 LP(SxT), 1<p< 0.

Here, a), indicates the so-called p-nuclear norm on the tensor product X ® Y of
Banach-spaces (see [18], Def. 1.45). In (3.25), we specialize to X = LP(S), ¥ =
LP(T) and use [18], Cor. 1.52. In (3.25), ®,, denotes the tensor product space
equipped with the p-nuclear norm. We use in the following (3.25) with p = 1 and
denote the tensor product ®,, by ®. We also remark that (3.25) becomes false for
p = 00, in general. The p-nuclear norm (3.25) is a cross norm: the norm of simple
tensor products (“dyads”) x ® y, x € LP(S), y € LP(T) satisfies for 1 < p < oo

(3:26) Nz @ yllLe(s)®a, Loy = €l os)1Yller) Vo € LP(S), y € LX(T).
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For k € N and separable Banach space X, we denote by X*) = X @ --- ® X the k-
—_————

k times

fold tensor product of k copies of X. Throughout the following, we shall assume the
k-fold tensor product of the Banach-space X with itself, i.e. X(¥), to be equipped
with a cross norm || o || xx which satisfies, analogous to (3.26),

(3.27) ||u1®"'®Uk||X(k) = HU1HX||uk||X
In particular, for X = LP?(R%), 1 < p < oo, we get the isomorphism

(3.28) LP(RY) () = [p(RF)

3.5. k-th moments. For u € LF(; X), we consider the random field (u)*) defined
by u(w) ® -+ ® u(w). Then

k—times
(3.29) (W =u®- - @ue L'(QXW)
and, by (3.27), we have

(3.30) 1) | 1 uxcy = /Q lu( )llk P(dw) = [lullfrq,x) < o0

Therefore, (u)® € L'(Q, X®)) and the k-the moment (or k-point correlation func-
tion of u)

(3.31) MEy = E[(u)®] e X*)

is well-defined for u € L*(2; X). With those definitions, we obtain from Theorem
3.3 the following result.

Theorem 3.4. Consider the scalar conservation law (3.1) - (3.4) with random
initial data ug : Q — LY(R?) satisfying (3.14), (3.15). Assume further that for
some k € N, and some real number r such that k < r < oo holds

(3.32) ug € L"(; LY(RY)).

Then, for every 0 <T < oo and every

(3.33) 0 <ty to,...  th <T <00

the spatial k-point correlation function

(3.34) w(zy,t1;w) @ -+ @ u(p, triw)

is well-defined as an element of L"/*(Q; L' (R¥%)). Moreover, the k-th moment
(3.35) (MEu)(ty, ... tr) = Elu(- t1;w) @ - - @ u(-, tg; w))]

is well-defined for any choice of t; as in (3.33) as an element of L'(R*), and
(3.36)

H (MFu) (b, ...,tk)’

k
L1(R4)(R) = H @iu(.’tj;')‘
j:

L/ (Q(L1(R4)) () = ||UOHLT(Q;LI(W))'
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Proof. By Theorem 3.3, we find from (3.32) that
lullzr @01 @ay) < lwollr .01 ®ay) -

Since 1 < k < r < oo, we find from (3.29), that for P-a.e. w € Q and for every
0<ty,...,tx < T holds

(3.37)  u(-t1;w) ® - @u(- tr;w) € LR (Q; LYRY) W)Y 2 L7/F(Q; LY (RFT))
which is (3.34). Since r/k > 1, the k-th moment
k
(3.38) (MEu)(tr, . th) = / R (-, 1530) P(d)
Q ;5

satisfies, using the cross-norm property (3.27), the bounds

L1 (Rkd)

At oy = | [ ®u<-,tj;w>1@<dw>\

P(dw)

L1 (Rkd)

k
</ | @t

k
= [ TLuCotsslos o Pla)
Q 5o

< /Q Jeto )% 1 ) P(d)

= ||u0||Lk(Q;L1(Rd)) < 00

by (3.32). Hence (3.38) is well-defined as element in (L*(R%))*) = L1(R*F?), and
(3.36), (3.37) follow from Hoélder’s inequality since r/k > 1 by assumption. O

4. MULTILEVEL MONTE CARLO FINITE VOLUME METHOD

4.1. Monte-Carlo Method. We view the Monte-Carlo Method as a “discretiza-
tion” of the hyperbolic IVP (3.1) - (3.4) with random initial data ug(z;w) as in
(3.13) - (3.15) with respect to w. We also assume (3.16), i.e. the existence of k-th
moments of ug for some k& € N, to be specified later. We shall be interested in the
statistical estimation of the first and higher moments of u i.e, M*(u) € (L*(R%))*).
For k = 1, M'(u) = E[u]. The MC approzimation of E[u] is defined as follows:
given M independent, identically distributed samples 4}, i = 1,..., M, of initial
data, the MC estimate of E[u(-,¢;-)] at time t is given by

(4.1) Eylu(t)] = ) @' (1)

where 4'(-,t) denotes the M unique entropy solutions of the M Cauchy Problems
(3.1) - (3.4) with initial data uj. We observe that by

(4.2) (-, t) = S(t) U
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we have from (3.9) - (3.11) for every M and for every 0 < t < oo, by (3.11),
(4.3)

M
1Bl lla ety = |57 Z SO ), 0 < 37 > SO0 e

Z ||Uo HLl(Rd)

Using the i.i.d. property of the samples {u}}M, of the random initial data uo,
Lemma 2.1 and the linearity of the expectation E[-], we obtain the bound

(4.4) ]E[||EM[U('at)]HL1(Rd)] < E[HUOHLI(Rd)] = [JuollL1 (001 (re)) < 0.

As M — oo, the MC estimates (4.1) converge and we obtain the following conver-
gence result.

Theorem 4.1. Assume that in (3.1) - (3.4) the random initial data ug satisfies
(4.5) ug € L2(Q; LY(RY))
and that (3.14), (3.15) hold. Then the MC estimates Epr[u(-,t)] in (4.1) converge

as M — oo, to MY (u(-,t)) = Elu(-,t)] and, for any M € N, 0 < t < oo, there holds
the error bound

(4.6) B[, )] = Enr[u )l 2 (0; 01 ayy < 2M 72 [Juo]| 2ot rey) -

Proof. As is customary in the convergence analysis of MC methods, we interpret
the M samples {u}}}, as realizations of M independent “copies” of ug on the
probability space (Q, F,P), i.e. {u}}, are M ii.d. copies of ug € L?(Q; L*(R%)).
The corresponding unique random entropy solutions @' (-, t;w) = S(t) @} (;w), i =
., M are then also independent in L?(Q; C(0,T; L*(R%))) by (3.21):

the images of any two i.i.d. realizations of ug(z;w) under the (deterministic,
nonlinear ) solution map S(t) are, for any fixed t > 0, strongly measurable as
L' (R%)-valued functions by the L'(R?) contractivity (3.8). By Lemma 2.1 and by
the continuity (3.11), for every 0 < ¢ < oo, the mapping Q > w — [[u(-, t;w) || L1 (re)
is P-measurable. Since

sup [l )l e Bd) < [ sup [ t:0) [ sy PUd)
(4 7) 0<t<T JQ Q 0<t<T

2
= HU||L2(Q;C(0,T;L1(W))) <00,

alsou € C([0,T); L?(€; L*(R%))). Next, we calculate for 0 < ¢ < oo and any M € N
with (4.2) and (3.19) and with the notation @(-,t) = M [u(-,t)] = E[u(-, t; w)],

E[Ia(+t) - Barlulla o)) = B[ MQHZ (a( (- t5))

2
o)

leading to
(4.8) Ny

, 2
EI@(,t) ~ Barlul, o)) 1 oy] < E[M2 (D0 @00 =@ tw)lls) |-

=1
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Since L!'(R?) is separable, and since (L*(R%))* =2 L>°(R?), for i = 1,..., M, every
0 < t < oo and for every w € Q exist unique ¢;(-,t;w) € L*(R%), i = 1,..., M, such
that

(4.9) '

lpiCts )l @ay =1, (@( ) =0 (-, t50)) | 1 may = (@i tw), (@l ) =0 (-, t;w)))

where (-, ) denotes the (L°°, L) duality pairing. We expand the square in (4.8) to
get

(il t50), (1) — 0, 1)) |

WE

E[11) — Barful( ) s a) < 75

M
= ]\;QE{’L;l <90i('7t;w)7 (ﬁ(7t) - ai('at;w))> <§Dj('7t;w)v (ﬂ(vt) - ﬂ](7t,w))>} .

Using the linearity of the expectation E[-], and the fact that independence of the
samples @} (-,w) € L'(R?) implies independence of the associated random entropy
solutions (-, t;w) = S(t)u}(-,w), we infer that also the representers ;(-,t;w) €
L>(R?) are independent. We get with (4.9) that M? times the last expression
equals

E{i | (@i, tyw), (u(-, 1) —ai(.,t;w))>’2] [Z a(-, b w)HLl(Rd)}

Using that ug € L?(Q; L*(R?)) and that the @ are identically distributed to ug, we
obtain with the elementary inequality ||z — y||* < 2(||z||* + ||y||*) and the apriori
estimate (3.21) in Theorem 3.3 the bound

M
2 (D (e s oy +ELC )] )

i=1

Eflla(, t)—Eumlul(, 6 w)l|7: @) <
Using here the apriori estimates (3.36) with k = =1 and (3.11) gives

1B, )l < B [luC, 60l | =B [ISEu0(59) 1)

AN

E [lluo 3 )l gy |
and we arrive at
Eflla(t) = Emlu](,t )71 gey] < AMTE[lluo(,w)l71 gy
which implies (4.6) upon taking square roots. |

So far, we addressed the MC estimation of the mean field or first moment. A
similar result holds for the MC estimates of the k-th moment MF*u := E[(u)*)] €
(LM (RY))®).

Theorem 4.2. Consider the scalar conservation law (3.1) - (3.4) with random
initial data ug : Q — LY(R?) satisfying (3.14), (3.15). Assume further that for
some k € N holds ug € L**(Q; LY(RY)) . Then the MC estimates

(4.10) Exrl(u(,)*) = MZ” )
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with the M i.i.d samples W (-,t), i = 1,
k-point correlation function) (MFu)(t
error bounds

(4.11) [[(MFu)(t) — EM[(“('?t?“))(k)]HLQ(Q;Ll(RW)) < 2M—1/2HUOHIZ%(Q;U(W)) .

Proof. The assumption that uy € L (Q; L*(R?)) implies in (3.36) of Theorem
3.4 (with r = 2k) and (3.28) with p = 1 that, for any choice of time instants
0<ty,...,tp < oo and for P-a.e. w € €2, the spatial k£ point correlation

2, ..., converge to the k-th moment (or spatial
) defined in (3.38). Moreover, there hold the

ul, tjw) € (LH(RY)F

of the random entropy solution u(z,t;w) is well-defined in L2(Q; L!(R*?)). Hence
the proof of Theorem 3.4 directly applies to (u(-,t;w))®). O

4.2. Finite Volume Method (FVM). So far, we considered the MCM under
the assumption that the entropy solutions u'(x, t;w) = S(t) U} (z;w) for the Cauchy
problem (3.1) - (3.4) with the initial data samples @}, are available exactly. In prac-
tice, however, numerical approximations of S(t)a$ must be computed by FVM. We
analyze the error of the combined MC-FVM approximations. In order to simplify
the exposition, we consider only first-order FVM in this section.

We assume given a time step At > 0 and a triangulation 7T of the spatial domain
D C R? of interest. Here, a triangulation 7 will be understood as a set of open,
convex polyhedra K C R? with plane faces such that the following conditions hold:
the triangulation 7T is shape regular: if K € T denotes a generic volume, we define
the volume parameter

(4.12) pr = p(K) = max{diam(B,) : B, C K}

i.e., the maximum diameter of balls B, of radius r > 0 that can be inscribed into
volume K € T and define, in addition, for a generic mesh 7, the shape regularity
constants (where Az := diam K)

(4.13) k(T) :=sup{Azk/p(K): KT}, T M.

We also denote by Az(T) := max{Azg : K € T} the mesh width of T. For any
volume K € T, we define the set N(K) of neighboring volumes

(4.14) N(EK)={K' €T :K' # K Ameasq_1(KNK') >0} .

We assume that the triangulation 7 are regular in the sense that there exists an
absolute constant B > 0 independent of Az(7T) such that the support size of the
FV “stencil” at element K € 7T is uniformly bounded

(4.15) o(T) := sup #(N(K)) < B.
KeT

We set

(4.16) A= At/Ax(T).

by assuming a uniform discretization in time with time step At. The constant
lambda is determined by a standard CFL condition (see [9]) based on the maximum
wave speed.
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To approximate (3.1), we use a time-explicit, first order FV scheme on 7. It has
the generic form

(4.17) vttt = H{v : K e N(K)UKY), KeT

where H : RC#+D? 5 R is continuous and where v% denotes an approximation to
the cell average of u at time ¢, = nAt).

In our subsequent developments, we write the FVM in operator form. To this
end, we introduce the operator Hy(v) which maps a sequence v = (vi)xke7 into
Hr((vk)ker). Then (4.17) takes the abstract form

(4.18) " = Hr ("), n=0,1,2,....

For the ensuing convergence analysis, we shall assume and use several properties of
the FV scheme (4.18); these properties are satisfied by many commonly use FVM
of the form (4.18), on regular or irregular meshes 7 in R<.

To state the assumptions, we introduce further notation: for any initial data
up(z) € LY(R?), we define the FVM approximation (v%)re7 by the cell averages
1
(4.19) v = — / ug(z) dx, where K € T .
K| Jk
With a vector v = (Vi )keT € R#7 | we associate the piecewise constant function
vr(z,t) defined a.e. in R? x (0, 00) by
(4.20) vT(x,t)‘K =vg, KeT.

We denote space of all piecewise constant functions on 7 (i.e the “simple” or “step”
functions on T) by S(7). Given any vy € S(T), we define the (mesh-dependent)
norms:

(4.21) iy = Y Kkl = o7l @y
KeT

(4.22) [vllpee () = sup |vi| = [[v7||lpeora) -
KeT

For any function v € L'(R?%) and any triangulation 7, the linear mapping v — vy
induced by (4.19), (4.20) is denoted by Pr:

(4.23) vy = Prv, Pr:LYRY) — S(T).
Then P#v = Prv and
(4.24)
Vv € (L' N L®)(RY) : | Prollpy ey < [vllprways (1Pl poe ey < [0l poo (may -

We also have for every v € W (R?) for some 0 < s < 1 the approximation property

(4.25) ||U — PT'UHLl(Rd) S C(AJZ(T))S|’U|WS,1(R<1) .
where
(4.26) Az(T) = sup{diam(K): K € T}

denotes the mesh width of 7. We shall assume the following properties of the FVM
schemes used in the MC-FVM algorithms.
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Assumption 4.3. We shall assume that the abstract FV scheme (4.18) satisfies
1. Stability: vt >0

(4.27) o (5 )l oo ray < o7 (-5 0) [l oo (e 5
(4.28) lor (Ol way < lvr (5 0) [l L1 (rays
(4.29) TV (vr (1)) < TV (vr(-0)),

2. Lipschitz continuity: for any two sequences v = (vg)xer, w = (WK ) KeT WE
have

(4.30) | Hr(v) — Hr (W)l () < llv —wllp o

or, equivalently,

(4.31) [ H7(v7) = Hr (wr) || 22 (e < o7 — w12 (R -

3. Convergence: If A\ = At/Ax is kept constant, as Ax — 0, the approzimate
solution va(x,t) generated by (4.17) - (4.20) converges to the unique entropy solu-
tion u of the scalar conservation laws (3.1) - (3.4) at rate 0 < s < 1, i.e., there
exists C' > 0 independent of Ax such that, as Az — 0, for every t such that, for
(At)s <t < T, it holds

(432) Hu(i) - UT(W%)”LI(R‘!) S HUO - v’(7)’||L1(]Rd) + CETV(’U,O) AL® .

Let us mention that Assumption 4.3 is satisfied for many standard FVM-schemes;
we refer to [9, 10, 17] and the references there for further details. Let us also mention
that the work for the realization of scheme (4.17) - (4.20) on a bounded domain
D C R? as (using the CFL stability condition (4.16), i.e. At/Ax < \ = const.)

(4.33) Worky = O(At™' Az = O(Az—(@+D)
The convergence estimate (4.32) is known to hold for first-order FVM by results of
Kusznetsov (see, e.g. [11]) with s = 1/2.

In the Monte Carlo Finite Volume Methods (MC-FVMs), we combine MC sam-
pling of the random initial data with the FVM (4.18). In the convergence analysis
of these schemes, we shall require the application of the FVM (4.18) to random
initial data ug € L>(Q; L'(R?)). Given a draw wug(x;w) of ug, the FVM (4.18) -
(4.20) defines a family vy (x,t;w) of grid functions. There holds

Proposition 4.4. Consider the FVM (4.18) - (4.20) for the approzimation of the
entropy solution corresponding to the draw uo(x;w) of the random initial data.

Then, if the FVM satisfies Assumption 4.3, the random grid functions Q > w —
vy (z,t;w) defined by (4.16) - (4.20) satisfy, for every 0 <t < oo, 0 < Az < 1, and
every k € NU {oo} the stability bounds:

(4.34) o7 (5 6 ) Lk (@ poe (ray) < llwoll L (0100 (R4Y) 5
(4.35) o7 (5 ) Lk o0t ey < ol Lkt (ray) -
There also holds the error bound

(4.36) Hu(.7i;w)_%T('7E;W)HL’°(Q;L1(R4)) i
< uo(sw) = v (5 w)ll ok sp rayy + CEAE [TV (uo (5 W)l Lk (,ap) -
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4.3. MC-FVM Scheme. We next define and analyze the MC-FVM scheme. It is
based on the straightforward idea of generating, possibly in parallel, independent
samples of the random initial data and then, for each sample of the random initial
data, to perform one FV simulation. The error of this procedure is bound by two
contributions: a (statistical) sampling error and a (deterministic) discretization er-
ror. We express the asymptotic efficiency of this approach (in terms of overall error
versus work). It will be seen that the efficiency of the MC-FVM is, in general, infe-
rior to that of the deterministic scheme (4.18). The present analysis will constitute

a key technical tool in our subsequent development and analysis of the multilevel
MC-FVM (“MLMC-FVM” for short) which does not suffer from this drawback.

4.3.1. Definition of the MC-FVM Scheme. We consider once more the initial value
problem (3.1) - (3.4) with random initial data ug satisfying (3.13) - (3.16) for
sufficiently large k& € N (to be specified in the convergence analysis). The MC-
FVM scheme for the MC estimation of the mean of the random entropy solutions
then consists in the following:

Definition 4.5. (MC-FVM Scheme)

Given M € N, generate M i.i.d. samples {u}}M | of initial data. Let {u'(-,t)}M,
denote the unique entropy solutions of the scalar conservation laws (3.1) - (3.4) for
these data samples, i.e.

(4.37) a'(t) =S ag(), i=1,...,M.

Let Hy(-) be a FVM scheme (4.17) - (4.20) satisfying Assumption 4.3. Then the
MC-FVM approzimations of MF(u(-,t)) are defined as statistical estimates from
the ensemble

(4.38) {07 (.05

obtained by (4.18) from the FV approzimations v%-(-,0) of the initial data {Th(z)} M,
samples by (4.19): specifically, the first moment of the random solution u(-,t;w) at
time t > 0, is estimated as

M

1 =~
(4.39) M (u(-,8)) & Bxglor (-, 8)] i= == > 0(1),
i=1
and, for k > 1, the kth moment (or k point correlation function) M*(u(-,t)) =
E[(u(-,1))®)] defined in (3.35) is estimated by

M
K 1 i i

(4.40) By lor (0] = o2 > @ ®-- 087) (1)

=1 k—times
More generally, for k > 1, we consider time instances ty,...,t; € (0,T], T < oo,
and define the statistical FVM estimate of M¥*(u)(t1, ..., tx) by

| M

k i ~i

(4.41) EW [y (1, ... ) = o7 Zl (O (- 1) @ - @T(-, 1)) -

k—times
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4.3.2. Convergence Analysis of MC-FVM. We next address the convergence of
Ep[vr] to the mean E(u) .

Theorem 4.6. Assume that
(4.42) ug € L= (Q, L (R))

and that (3.13) - (3.15) hold. Assume further that we are given a FVM (4.17)
- (4.20) such that (4.16) holds and such that Assumption 4.3 is satisfied; in par-
ticular, assume that the deterministic FVM scheme converges at rate s > 0 in
L>([0,T); LY(R?)) for every 0 < T < oo. Then the MC estimate Ep[vr(-,t)]
defined in (4.39) satisfies, for every M, the error bound

(4.43)

IE[u(-, )] — Emor (st w)]ll L2 ;0 mey) <

C{Mﬁé ||u0||L2(Q;L1(Rd)) + ||UO - 'Ug—”Loo(Q;Ll(Rd)) + tAL® HTV(’LLO(, w))”Loo(Q;d]p)}
where C > 0 is independent of M and of At as M — oo and as AMAx = At | 0.
The convergence rate Ax® > 0 is as in (4.32).

Proof. We estimate, for arbitrary ¢ > 0,

[Elu(,t)] = Ex[vr (Ol 2o @eyy < NE[u( )] = Earlu(, 8]l 22001 re))
+  NEam[u(, )] = Exlor () 22 0s01 ey
= I+1I

Term I is bounded by (4.6). For Term II, we note that, by (4.42) and by (3.9) -
(3.12) and Assumption 4.3 with the notation (-, t) = E[u(-,t;w)], by the triangle
inequality that

I = [Exfu(,tiw) — o7 ()]l L2 (00 may)

1
M 4
J

B

< 147 (-, t;w) — @%’('7t§w)}“L2(Q;L1(Rd))

Il
—

< ess sug u(- t;w) — o7 (- tw)]l| L1 ey
we
< C{lluo — v oo (011 may) + LA | TV (uo (- w))|| oo (:ap) | -

O

4.3.3. Work estimates. For computational purposes, we have to assume that the
computational domain D C R? is bounded and suitable boundary conditions are
specified on dD. Noting that in a bounded domain D, the work for one time step
(4.17), (4.18) is of order O(Az~?), (with O(-) depending on the size of the domain),
we find from the CFL condition (4.16) that the total computational work to obtain
{v7(-,t)}o<t<r in D is by (4.33)

(4.44) Work(7T) = O(Az~%"1), Mz = At |0

which implies that the work for the computation of the MC estimate Eys[vr(-,t)]
is

(4.45) Work(M,T) = O(MAz=971), as At =AAz |0,



MLMC METHODS FOR CONSERVATION LAWS 19

so that we obtain from (4.43) the convergence order in terms of work: to this end
we equilibrate in (4.43) the two bounds by choosing M ~1/2 ~ At*, i.e. M = At~25,
Inserting in (4.45) yields

(4.46) Work(T) = O(At™% Ax*(dJrl)) (4.16)

so that we obtain from (4.43)
(447) [Efu(-8)] — Earor (0]l p2(asps ey < CAE® < O(Work(T))~/@+1+29).

O(Axf(dJrl)st)

We sum up the foregoing considerations.
Remark 4.7. (Work vs. accuracy of MC-FVM)

Let us add some comments on the exponent in (4.47). In the deterministic FV
scheme, we obtain

Work(T) = O(At~L Az—d) “2Y o(Ag—(@+D)y,
and the error in terms of work bound (4.32) becomes

(4.48) fJu(, &) =vr (-, D)ll 1 (ray < wo — V|1 ) +CTTV (uo) (Work(T)) /(1)

Assuming exact representation of the initial data, we obtain the exponent —s/(d+1)
for the deterministic FVM as compared to —s/(d + 1 + 2s) for the MC-FVM. We
see in particular in the (typical) situation of low order s of convergence and space
dimension d = 2,3 a considerably reduced rate of convergence of the MC-FVM, in
terms of accuracy vs. work, is obtained. On the other hand, for high order schemes
(i.e. when s >> d + 1) the MC error dominates and we recover in (4.48) the rate
1/2 in terms of work which is typical of MC methods.

4.4. Multilevel MC-FVM. We next present and analyze a scheme that allows
us to achieve almost the accuracy versus work bound (4.48) of the deterministic
FVM also for the stochastic initial data ug, rather than the single level MC-FVM
error bound (4.47). The key ingredient in the Multilevel Monte Carlo Finite Volume
(MLMC-FVM) scheme is simultaneous MC sampling on different levels of resolution
of the FVM, with level dependent numbers My of MC samples. To define these, we
introduce some notation.

4.4.1. Notation. The MLMC-FVM is defined as a multilevel discretization in x and
t with level dependent numbers M, of samples. To this end, we assume we are
given a family {7,}72, of nested triangulations of R? such that the mesh width

(4.49) Axyp = Ax(T;) = sup{diam(K) : K € T;} = O(27*Axg), £ €Ny

where K denotes a generic finite volume cell K € 7. We also assume the family
M = {T1}32, of meshes to be shape regular; if K € 7, denotes a generic cell, we
recall, for a generic mesh T € 9M, the shape regularity constants k(T) defined in
(4.13). We say that the family O of meshes is k-shape regular, if there exists a
constant k(M) < oo such that with px denoting the diameter of the largest ball
insribed into K

di K
(4.50) k() = sup k(T )= sup sup M.
Tem Tem KeT PK
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We recall from (4.23) the definition of the cell-average projections Pr onto S(T).
For a mesh hierarchy 9 = {7,}72,, we denote

(4.51) S = 5(72), P, = PTw TeedM, £=0,1,...

4.4.2. Derivation of MLMC-FVM. As in plain MC-FVM, our aim is to estimate,
for 0 < t < oo, the expectation E[u(-,¢)] of the random entropy solution of the
SCL (3.1) - (3.4) with random initial data u(-,w), w € Q, satisfying (3.13) - (3.16)
for sufficiently large values of k (to be specified in the sequel). As in the previous
section, Efu(+,t)] will be estimated by replacing wu(-,t) by a FVM approximation.
For ¢ € Ny, we denote in the present section the FV approximation vy by v(-,t)
on mesh 7y € M, where we assume that the CFL condition (4.16) takes the form

(4.52) Atg < )\Amg, (= O, 1, 2, ey

with a constant A > 0 which is independent of /.

By the stability of the FVM scheme, we generate a sequence of stable approxi-
mations, {ve(-,t)}72, on T; for a number of time steps of sizes At, adapted to grid
Te € M. We set in what follows v_1(+,t) := 0. Then, given a level L € N of spatial
resolution, we may write by the linearity of the expectation operator

(453) E[UL('vt)] = E[Z (Uf('vt) - Uffl('vt))} :

L
£=0

We next estimate each term in (4.53) statistically by a MCM with a level-dependent
number of samples, My; this gives the MLMC estimator

L
(4.54) E"u(,0)] = 3 Ea,[ve(-, 1) = v ()]
=0

where Epr[va(,t)] is as in (4.39), and where vg(-,¢) is computed on 7; assuming
(4.52), i.e. that the time steps Aty are chosen subject to the CFL constraint (4.16).

The moments MF¥(u)(ty, ..., t1) of order k > 2 (resp. the k-th order space-time
correlation functions) in (3.35) of the random entropy solution u can be estimated in
the same way: based on (4.40) in Definition 4.5, the straightforward generalization
along the lines of the MLMC estimate (4.54) of the MC estimate (4.41) for M* (u)(t)
leads to the definition of the MLMC-FVM estimator

L
4.55)  ER®u(,6)] =Y Ea, (v, 0)® — (-1 (1) P], 0<t<oo.
£=0

This generalizes (4.54) to moments MP*(u)(t) of order k > 1!

IWe assume here for notational convenience that t1 = tog = ... = tp = t. This implies that
our k-th moment estimate only requires access to the FVM solutions at time t. The following
developments directly generalize to the analysis of k-point temporal correlation functions of the
random entropy solution as well; in this case, however, access to the full history of FVM solutions
ve(+,t) for 0 <t < T < oo is required.
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4.4.3. Convergence Analysis. We first analyze the MLMC-FVM mean field error

(4.56) |Efu(-, )] — E*u(- t)]HL2(Q;L1(Rd))

for 0 <t < oo and L € N. In particular, we are interested in the choice of the
sample sizes {M,}7°, such that, for every L € N, the MLMC error (4.56) is of order
(Atr,)®, where s is the order of convergence in the Kusznetsov type error bound
(4.32). The principal issue in the design of MLMC-FVM is the optimal choice of
{M,}3°,, such that, for each L, an error (4.56) is achieved with minimal total work
given by (based on (4.45))

L

(4.57) Worky, = > M;O(Az; ™) (Z MDAz, 1) :

£=0

To estimate (4.56), we write (recall that v_; := 0) using the triangle inequality,
the linearity of the mathematical expectation E[-] and the definition (4.54) of the
MLMC estimator

IB[u(-, )] = E¥[u(-, )]l 22 (0; 11 (Re))

< ||E[u(7t)] - ]E[UL(" t)]HL2(Q;L1 R4)) + ||IE UL ' )] - EL[ .’t)]HL?(Q;Ll(]Rd))
L
= |E[u(, )] = Elor(, 2001 ®e) + Z [ve — ve—1] — Eng, [V — ve—1]
=0 L2(@:L1 (R4))

=: I + II
We estimate terms I and II separately. By linearity of the expection, Term I equals
I'=E[u(-,t) = vr (- Olllzrway = lu( ) = oL )l L1 inr ra)

which can be bounded by (4.36) with k¥ = 1 and with the approximation property
(4.25). We hence focus on term II and estimate further as follows:

I < ) B = ve-1) (0] = Ear, [0 = ve-1) (Ol 20 ey
—

[SIE

0
16) L . ,
— Z MZ : (/Q ||U€('a t,LU) - U@—l('7t;w)||L1(Rd) d[P’(w))
=0

_1
7 M, 2 e, t) = vem1 () |2y zay) -
=0

We estimate for every ¢ > 0 the size of the detail v, — vy—; with the triangle
inequality

[ve(-t) = ve—1(, D)l L2 (021 (RaY)

< lut) = v )l 2 may) + w5 ) — ve—1 ()| L2001 (RaY) -

Using here (4.36) with t = ¢, k¥ = 2 and (4.52), we obtain for every £ € N the
estimate

[[(ve = ve-1) (-, )| L2 (2 (rY)

< luo — 09 || 201 Ry + luo — 09— || L2001 (®a)) + CEAZS [TV (u0)]| L2 (0250p) -
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Using that for 0 < s < 1, the cell-averages vj satisfy, for every k € N and for every
1<qg< oo,

luo — VP |l (s Laqray) < CAzE|uollLrywsaray) »
we arrive at the error bound
(e (- ) =ve-1) (s )| L2 snrmayy < CLENTV (uo)ll L2 (ary +A%7 luoll L2 (i may) } -
Summing this error bound over all discretization levels £ = 0, ..., L, we have proved
the main result of the present paper.

Theorem 4.8. Assume (3.1) - (3.4), (3.13) - (3.16) and (4.50) - (4.52). Then, for
any sequence {M;}3°, of sample sizes at mesh level £, we have for the MLMC-FVM
estimate EL[u(-,t)] in (4.54) the error bound

[E[u(-, )] — EX[u(-, )]l L2011 (ray)

(458) < C{EAZL||TV (uo)l| L1 (e,ap) + Az [[uol Lo (iwen (may) }

L
+O{ Z M[EA.’EE}{H’LL()HLQ(Q;Ws,l(Rd)) + t ||TV(UO)||L2(Q;d]PJ)} .
{=0

Theorem 4.8 is the basis for an optimization of the numbers M, of MC samples
across the mesh levels. Our optimization of the level dependent selection of the
Monte Carlo sample sizes My will be based on the last term in the error bound
(4.58): we select in (4.58) the M, such that as At | 0, all terms equal the Kusznetsov
bound At in (4.32) at the finest level L. This implies

1 .
(4.59) M, Azj =CAz, €=0,...,L—1.
Here, C' is some integer constant that is independent of [, L. Using that
Az, =0(27%, £=0,1,2,...

we find M, = CAz?* Az %" = O(22(F=99). This implies in (4.58) the bound

(4.60) [E[u(-, )] = B [u(- )]l| 11 @) < C()AY,
while the total cost is, by (4.57), bounded by
(4.61)
L L
Work;, = Z M, O(Ax;(dJrl)) <C Z 92(L—€)s+€(d+1)
£=0 £=0

L
— ¢ 92Ls Z o(d+1-25)¢ _ (v 92Ls+[(d+1)=2s]L _ (ro(d+1)L _ O(sz(d+1))
£=0

provided that the order s of the FVM satisfies
(4.62) 0<s<(d+1)/2.

We compare this bound with the work for a single level MC-FVM: by (4.45), we
have the error bound (4.13) with total work

(4.63) Work(Mp,; Tz) = O(My, Aw;(d+l)) (4.46) O(sz(d+1+25)) .

Inserting (4.61) into the asymptotic error bound (4.60), we obtain the following
error estimate in terms of work
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(4.64) Efu(-, )] = E*[u( )]l 1 ey < C(Work(Mp; Tp)) =/ 4+,

We observe that under the provision (4.62) the MLMC-FVM (4.61) behaves, in
terms of accuracy versus work, as L — 0o, exactly as the deterministic FVM where
the error vs. work was estimated in (4.33). We also observe that for high order
schemes, specifically when the condition (4.62) is violated, i.e. when 2s > d + 1,
the complexity of the MLMC-FVM increases above that of one deterministic FVM
solve of the same order, but is superior compared to the standard MCM. In this
case, more sophisticated “polynomial chaos” type discretizations with respect to
the stochastic variable w are required (see, e.g. [20] for details on this) to achieve
optimal efficiency.

4.5. Sparse Tensor MLMC-FVM. The work to form a single tensor product in
the estimates (4.41), (4.55) over a finite spatial domain D C R grows as O(Axz—k4)
which may entail a computational effort that is, for moment orders k > 2, prohib-
itive. To reduce the complexity of k-th moment estimation, we introduce similar
to strategy for high order moment approximation in elliptic problems with random
data in [23, 2]

4.5.1. Sparse Tensorization of FV Solutions. Since the linear mappings P, : L'(R?) —
Sy defined in (4.51), (4.23) are onto, we may define the linear space of increment or
details of F'V functions between successive meshes in the grid hierarchy 9 = {7,}72,
by
(4.65) Wy = (Pg — Py_1)Sy, £>0
where P_; := 0 so that Wy = Sy. Then, for any L € Ny, we have the multilevel
decomposition
L

(4.66) SLZWO@...@WLZ@Wg

£=0
and the k-point correlation functions (v (-,¢))* of the FV solutions on mesh 77,
at time ¢ > 0 take values in the tensor product space

k
(4.67) (SL)(IC) =5, ®..5 = Z Sgl ®...®Sgk = @ ®ng .

- times ess lles =1
Then, the full tensor projections
(4.68) PPy =P ®.. @ P, LNRM) = (Sp)®)
k times
are bounded, linear and onto. Here, [{|o, := max{/y,...,¢;} and the last sum in

(4.67) is a direct one. Obviously, if Ny, := dimSy < oo (as is the case when, e.g.,
the spaces S; are only defined on a bounded domain D C R?) then dim((Sg)*)) =
N f which is prohibitive. Sparse Tensor approximations of k-point correlations
(v(-,))*) will be approximations in tensor products of spaces of piecewise constant
functions on meshes on coarser levels which are defined similar to (4.67) by

<=k

k
(4.69) "= B @w,

[£]: <L j=1
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where now [£]; := ¢1 + ... + . If the mesh family 9 is generated by recursive
dyadic refinements of the initial triangulation 7o, when Ny = dimS}, < oo (as is
the case e.g. on bounded domains D C R?) it holds

o R k—1
(4.70) dim(Sy) = O(Np(logy NL)*77) .

= (k)
With (Sz) ~ in (4.69), we also define the sparse tensor projection

(k) ~ e ()
(4.71) (P) = P Q@ - Pr,1): L'RM) = (S)

[£]:<L j=1

The approximation properties of the sparse tensor projection are as follows (cf. the
Appendix): for any function U(z1, ..., z;) which belongs to (W*1(R%))®) it holds

——(k) -~
(4.72) ||U — (PL) U”Ll(R’“d) S C(AmL)S\ log A$L|k 1||UH(WS,1(Rd))<k)

where C' > 0 depends only on k, d and on the shape regularity of the family 9t of
triangulations, but is independent of Ax.

4.5.2. Definition of the Sparse Tensor MLMC-FVM FEstimate. With the above no-
tions in hand, we proceed to the definition of the sparse tensor MLMC-FVM es-
timator of M) (u(-,t)). To this end, we modify the full tensor product MLMC
estimator (4.55) as follows (recall from (4.39) that Ej[-] denotes the MC estimate
based on M samples): for a given sequence {M,}5_, of MC samples at level ¢, the
sparse tensor MLMC estimate of M*[u(, )] is, for 0 < t < 0o, defined by

(k)

L
473)  EEOu, 0] =Y BB 0, 0)® = B e ()]
=0

We observe that (4.73) is identical to (4.55) except for the sparse formation of the
k-point correlation functions of the F'V solutions corresponding to the initial data
samples 4. In bounded domains, this reduces the work for the formation of the
k-point correlation function from N¥ to O(Np(logy N1)¥~1) per sample at mesh
level L. As our convergence analysis ahead will show, use of sparse rather than full
tensor products will not entail any reduction in the order of convergence of the k-th
moment estimates.

4.5.3. Error and Complezity Analysis of the sparse tensor MLMC-FVM. We now
generalize Theorems 4.2, 4.6 and 4.8.

Theorem 4.9. Assume that (4.42) and that (3.13) - (3.15) hold. Assume further
that we are given a FVM (4.17) - (4.20) such that (4.16) holds and such that As-
sumption 4.3 is satisfied; in particular, assume that the deterministic FVM scheme

converges at rate s > 0 in L*(]0,00]; L*(RY)). Then the MLMC-FVM estimate
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ELM[u(-,t)] defined in (4.73) satisfies, for every sequence {M}L_, of MC sam-
ples, the error bound

[MFu(-,t) — EL® [u(-, t;w)]l| 2 (0; 11 mray)

< (1vt)Azy|log Azt {||TV(U0('7W))||§k(Q;dP) + [Juo(- ;W)HIEOO(Q;WSJ(RUZ))}

L Azj|log Axg|F1 k k
+ Z g {HUO('§w)||L2k(Q;WSv1(Rd))+t||TV(u0(';w))HL%(Q;dIF’)} :
£=0 ¢

o —

The total work to compute the MLMC' estimates EX(®)[u(-;t)] on compact domains
D C R? is therefore (with O(-) depending on the size of D)

L
_——MLMC
(4.74) Work =0 (Z MAz,; | 1og Ax|k_1> :
£=0

Based on Theorem 4.9, we infer that the choice (4.59) of numbers M, of MC
samples at level £ should also be used in the MLMC estimation of moments of
order k£ > 1 of the random entropy solution, provided the order s of the underlying
deterministic FVM scheme (4.17) - (4.19) satisfies the bound (4.62). The conversion
of the FVM approximations of the draws @‘(-,t;w) of the random solution at time
t > 0 into a multilevel basis and the sparse tensor product formation in the MLMC
estimator (4.73) increases the work bounds (4.63) for the first moments only by a
logarithmic factor, so that, in terms of the computational work, we have with the
choices (4.59) of MC samples My, the following error bound in terms of work in a
bounded domain D cC R%:

— ———MLMC

4.75) [ MFu(,t) = ELO [u(, 6 0)]| 2o pry) < C(Worky )7/

for any 0 < s’ < s with the constant depending on D and growingas0 < s’ — s < 1.

5. NUMERICAL EXAMPLES

In this section, we present several numerical experiments to compare the stan-
dard MC-FVM and the MLMC-FVM. Both schemes are based on a underlying
finite volume deterministic solver. The aim is to compare the performance of both
schemes and corroborate the analysis presented in the previous section.

5.1. Burgers’ equation. We consider Burgers’ equation,
u?(2,t,w)

(5.1) ug(x, t,w) + ( )

For simplicity, we discretize the computational domain uniformly in space and use

a monotone numerical scheme,
At
1
mH = ~ (F(u},ulyy) — F(ul_q,ul)).
Here, At and Ax are the time step and mesh size respectively and are related to
each other by the CFL condition (4.16). We denote
1 [Tit1/2

(S s u(z, t™)dx

) =0, z€0,1], t>0,and weQ.

(5.2) u

Tj—1/2
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and the numerical flux was chosen as the Rusanov flux,

Gy FuRa) = 306 )
—max{|f' ()], |f (uj )1} (ufn —uf))

with flux f(u) = Fu?. Note that the Rusanov flux results in the scheme (5.2) being
monotone, consistent and conservative, [9]. Hence the above scheme satisfies the
conditions of Assumption 4.3 and converges with rate 1/2 in the deterministic case.
Transparent Neumann type boundary conditions (i.e, d,u = 0 on the boundary 9D
of the computational domain, with v being the unit outward normal) were used in

all numerical experiments.

5.2. Initial data with uncertain amplitude. In this experiment, we consider
the random Burgers’ equation with parametric initial data,

(5.4) up(z,w) = Y (w) sin(27x).

Here, Y (w) is a uniformly distributed random variable taking values in (0,1) i.e,
Y ~ U(0,1). The Burgers’ equation with above initial data is solved with both
the MC-FVM and MLMC-FVMs based on the deterministic scheme (5.2). In order
to assess discretization and sampling errors, a numerical reference solution was
computed with M = 10000 samples on a uniform mesh of 22 = 4096 points. The
initial conditions and the reference solution at time ¢ = 0.4 are shown in Figure
1. As shown in Figure 1, the initial data is smooth but uncertain. As expected,

(a) t=0 (b) t=0.4

FIGURE 1. Reference solution for the stochastic Burgers’ equation
(5.1) with uncertain initial amplitude (5.4). Color graphs depict
mean and mean + standard deviation.

the smooth data evolves into discontinuities in the physical space and a shock has
formed near x = 0.5 at time t = 0.4. We compute the mean reference solution and
its standard deviation from the estimated second moment of the reference solution.
As is apparent from Figure 1, the random entropy solution’s mean field is also
discontinuous in space.

We implemented the MC-FVM and the MLMC-FVM. Results for both methods
are shown in Figure 2. Both schemes are compared on a finest mesh of Ny = 128
points. For the MC-FVM, we choose M = 128 MC samples as the formula M =
(Az)72% in (4.46) reduces to M = N (N being the number of mesh points) since the
convergence rate is s = 3 for the “first-order” scheme (5.2). The MLMC-FVM is
based on L = 5 consecutive levels with maximum level consisting of Nj = 27 = 128
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cells and minimum level Ly consisting of Ny = 23 mesh points. The number M,
of MC samples at the mesh 7; are chosen according to formula (4.59) realized in
this particular case as M; = 2¢7!M; with L being the maximum resolution. We
choose My = 8 in this case. The mean and variance of the random solution are
computed from the corresponding estimators and shown in Figure 2. Figure 2 shows
that solutions computed with MC and MLMC schemes are comparable. The MC
solutions appears to be slightly more accurate for both the mean and the variance.
In order to quantify the errors, we compute the relative error in the mean and in the

(a) mean (b) variance

FicURE 2. Computed solutions for the stochastic Burgers’ equa-
tion (5.1) with uncertain initial amplitude (5.4). Color graphs
depict mean and the variance at time ¢ = 0.4 with the MC-FVM
and MLMC-FVM.

variance (details of how this error is computed will be described later in this section)
and present the error vs. mesh resolution in Figure 3. The results are plotted in
a log-log format with relative error in the y-axis and the number of mesh points
in the z-axis. The number of samples at each resolution is fixed by the formulas
described before. In particular, we take 8 different levels for the MLMC scheme
with the finest resolution consisting of 2!9 mesh points. The number of samples
for the finest resolution of the MLMC-FVM is fixed at My = 8. The results show
that both, MC-FVM and MLMC-FVMs converge in the mean and variance at a
rate slightly better than the expected rate of 0.5. The differences in error between
both methods is minor for the mean whereas the MC-FVM has consistently lower
errors in the variance. The analysis in the previous section suggests that the MC-
FVM and the MLMC-FVM will be comparable in accuracy at the same resolution
of physical space. The principal difference between the two methods lies in their
efficiency, measured in terms of work or computational time. Hence, we measure
the runtime (in seconds) for each scheme and present the error vs. runtime in
Figure 4. The results are plotted in log-log and show that there is a consistent
gain in efficiency with the MLMC-FVM. For the mean, the speedup achieved with
the MLMC-FVM is of at least two orders of magnitude (a factor of about 100) as
compared to the MC-FVM. This considerable gain in efficiency achieved by MLMC-
FVM allows accurate numerical solution of realistic hyperbolic conservation laws
in several spatial dimensions with random initial data which were hitherto beyond
the scope of numerical schemes. The speedup with respect to errors in variance is
more modest but still at least an order of magnitude, on this problem.
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(a) mean (b) variance

FIGURE 3. A log-log plot for the relative error (y-axis) vs. reso-
lution (x-axis) for the stochastic Burgers’ equation (5.1) with un-
certain initial amplitude (5.4). MC-FVM and MLMC-FVM are

compared.

(a) mean (b) variance

FIGURE 4. A log-log plot for the relative error (y-axis) vs. runtime
(x-axis) for the stochastic Burgers’ equation (5.1) with uncertain
initial amplitude (5.4). MC-FVM and MLMC-FVM are compared.

5.3. Effect of minimum number of samples on MLMC-FVM. One of the
free parameters in the above simulation was the choice of the number M7, of samples
at the finest resolution of the MLMC-FVM. By the formula M; = M;2F~!, we see
that the number of samples at the finest resolution might have a significant bearing
on the results. In order to investigate this issue, we choose three different values of
My i.e, My = 4,8,16 and present the relative error vs. runtime results in Figure 5.
The results show that the speedup is at least asymptotically independent of M.
For the computed resolutions, M, = 16 appears to be a good choice as the speedup
with respect to mean error is a factor of 130 and with respect of variance is a factor
of 20. However, the choice M; = 4 appears to be the most efficient asymptotically
implying that very few samples need to be chosen at the finest resolution.

5.4. Initial data with uncertain phase. In this experiment, we consider the
random Burgers’ equation with the parametric random initial data,

(5.5) uo(x,w) = sin(2n(x + 0.1V (w)).

Here, Y(w) ~ U(0,1). The Burgers’ equation with above initial data is solved

with both the MC and MLMC methods based on the deterministic scheme (5.2).
In order to compute errors, we computed a reference solution with M = 10000
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——wmc

0.9 ——MC
N\ ——MLMC (8)
o) ——MLMC (8)
N ——MLMC (16)

07l —+— MLMC (16) 1.4 N MLMC(4)

= MLMC(4)

(a) mean (b) variance

FIGURE 5. A log-log plot for the relative error (y-axis) vs. runtime
(x-axis) for the stochastic Burgers’ equation (5.1) with uncertain
initial amplitude (5.4). The MC-FVM and MLMC-FVMs are com-
pared and the sensitivity of the results to M, number of samples
at the finest resolution of the MLMC methods is evaluated. We
choose My, = 4,8,16 in the above simulations.

samples on a refined mesh of 2'2 = 4096 points. The initial conditions and the
reference solution at time t = 0.4 are shown in Figure 6. As shown in Figure

—mean

-----meansstd

----mean-std

(a) t=0 (b) t=0.4

FIGURE 6. Reference solution for the stochastic Burgers’ equation
(5.1) with uncertain initial phase (5.5). Color graphs depict mean
and mean + standard deviation.

6, the mean field in this case is no longer discontinuous (compare with Figure
1) but is Lipschitz continuous. This rather surprising smoothness is generic for
problems with uncertain shock locations (as in this case) and will be explained
in a forthcoming paper. Furthermore, the variance in this case is concentrated at
the shocks. We show results computed with the MC and MLMC methods for a
resolution of 128 mesh points (5 different levels in the MLMC method) in analogy
with the previous experiment. The results of Figure 7 show that both the MC and
MLMC methods approximate the reference solution reasonably well. We also note
that while the “pathwise” random entropy solutions are well known to develop a
discontinuity in finite time, the ensemble average of the random entropy solution is
continuous (we refer to [21]) for a more detailed analysis). In this case, the error of
the MLMC-FVM appears to be larger than that of the MC-FVM. The quantitative
comparison of both methods is shown in Figures 8 and 9. In Figure 8, we show a
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— Reference
——Mc

——MLMC

(b) variance

(a) mean

F1GURE 7. Computed solutions for the stochastic Burgers’ equa-
tion (5.1) with uncertain initial phase (5.5). Color graphs depict
mean and the variance at time ¢ = 0.4 with the MC and MLMC
methods.

log-log plot for the relative error (in both mean and variance) vis a vis the number
of mesh points. The MLMC method uses My = 16 as the minimum number of
samples. The results show that the expected rates of convergence are realized. For
a fixed mesh resolution, the MC method is more accurate than the MLMC method.
However, the MLMC method is much faster as shown in Figure 9 where the error vs.
runtime is plotted. As before, the MLMC method displays a speedup of two orders
of magnitude with respect to the mean and an order of magnitude with respect
to the variance. As in the previous experiment, the asymptotic results were not
sensitive to the number of samples at the finest resolution of the MLMC method.

(a) mean (b) variance

FIGURE 8. A log-log plot for the relative error (y-axis) vs. resolu-
tion (x-axis) for the stochastic Burgers’ equation (5.1) with uncer-
tain initial phase (5.5). MC-FVM and MLMC-FVM are compared.

5.4.1. Computation of the error. The error estimates (4.43) for the MC-FVM and
(4.58) for the MLMC-FVM are based on the norm L2(€; L*(R%)). In order to
compute the error in this norm, we fix an index k and compute the following

relative error,
|Um,v _ Um,v n
REZL’U — 100 x | ref o k ||
||U'ref ||l1
Here, m, v refer to the mean and the variance respectively and U,.; denotes the
reference solution. The computed solution for index k is denoted by U;"". The
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——MLMC

(a) mean (b) variance

FIGURE 9. A log-log plot for the relative error (y-axis) vs. runtime
(x-axis) for the stochastic Burgers’ equation (5.1) with uncertain
initial phase (5.5). MC-FVM and MLMC-FVM are compared.

index k refers to independent multiple runs of the schemes and is varied in order
to obtain different realizations of the probability space. Then, the error is summed
over k according to

The free parameter at our disposal is the number K of independent runs for each

56| e 2| ——Mc
54 Lo 28] ——nve

5.2

lig
I

4.4

4.2)
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(a) 64pts (b) 256pts

FIGURE 10. The relative mean error vs. maximum run parameter
K for the stochastic Burgers’ equation (5.1) with uncertain initial
phase (5.5). MC-FVM and MLMC-FVM are compared.

scheme. We investigate the sensitivity of the error with respect to this parameter in
the following. In Figure 10, we plot the relative error (described above) for different
values of K and for two different mesh resolutions consisting of 64 and 256 points
respectively. We see from Figure 10 that there is some variation in the error for
small values of K but they settle down to an approximate constant for moderate
values of K ( K = 30 in this example). Furthermore, the dependence with respect
to K becomes even less pronounced when the mesh resolution is increased. The
statistics for the error dependence with respect to the number of runs is shown
by plotting empirical histograms in Figures 11 and 12 respectively. The results
indicate that certain runs will lead to outliers in terms of either small but mostly
large relative errors. Hence, one should use a moderate number of runs to compute
the error, particularly on coarse mesh resolutions. Interestingly, the number of
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(a) MC,K=5 (b) MC,K=30 (c) MC,K=180 (d) MC,K=1080

(e) MLMC,K=5 (f) MLMC,K=30 (g) MLMC,K=180  (h) MLMC,K=1080

Fi1cURE 11. Histograms showing the relative error in the mean for
each run of the MC and MLMC method for different values of max-
imum run parameter K = 5,30, 180,1080. The mesh resolution is

64 points
(a) MC,K=5 (b) MC,K=30 (c) MC,K=180
(d) MLMC,K=5 (¢) MLMC,K=30 (f) MLMC,K=180

FicURE 12. Histograms showing the relative error in the mean
for each run of the MC and MLMC method for different values of
maximum run parameter K = 5,30,180. The mesh resolution is
256 points

outliers as well as their spread seems to be more pronounced for the MC method
compared to the MLMC method.

5.5. Euler equations. The theory for the MC-FVM and MLMC-FVM has been
presented in the case of scalar conservation laws in this paper. However, most of the
interesting examples of conservation laws involve systems. We are constrained in
our efforts to obtain rigorous convergence results for systems by the lack of rigorous
error estimates or convergence results for the deterministic FVM for systems of
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equations. However, we can readily extend the algorithms for systems and evaluate
the performance of the MC-FVM and MLMC-FVM numerically. We will do so in
this section.

Another limitation of the MLMC method as suggested by the error vs. work
estimate in Section 4 is order condition (4.62). In one space dimension, this bound
implies that the MLMC method will have the same error vs. work estimate as
the deterministic finite volume scheme only if the convergence rate of the under-
lying finite volume scheme is less than 1. This condition is satisfied by first-order
schemes and the numerical results in the preceding section corroborated the ex-
pected speedup of the MLMC method when compared to the MC method.

First-order schemes are rarely employed for practical computations as they are
too diffusive. High resolution schemes based non-oscillatory limiter based recon-
struction procedures are frequently used. We seek to investigate whether the MLMC
method together with a high resolution formally second-order scheme will still be
faster and more efficient than the standard MC method with the same underlying
scheme. This evaluation is performed below.

We consider the Euler equations of gas dynamics in one space dimension,

Pt + (pu)w =0,
(5.6) (pu)e + (pu? +p)x = 0,
Ei+ ((E+pu), =0.

Here, p is the density, u is the velocity, p is pressure and E is the total energy. The
variables are related by an ideal gas equation of state:
2
p__P_
v—1 2
with v being the gas constant. The Euler equations are approximated by a standard
first-order (in space and time) scheme of the form,

At
n+1l __ n n n n
(5.7) Uj = Uj T Ar (F<U_] ) ;L+1) —F( jfl’Uj )) :
Here, At and Az are the time step and mesh size respectively for a uniform dis-
cretization. The vector of unknowns is denoted by U = {p, pu, E} and the flux
vector by f = {pu, pu® + p, (E + p)u}. For convenience, we consider the Rusanov

flux:

(5.8)
1 n n
F(U},U%,,) = 5 (f(Uj') +£(U}4)
— max{|u} | + ¢, [uj 4| + ¢} HD3x3(UT — U?)) .
Here, ¢ denotes the sound speed ¢ = , /2B,

P
The scheme can be readily generalized to second-order of accuracy by using a

piecewise linear reconstruction based on the minmod limiter and a strong stability
preserving Runge-Kutta method, [17].

5.5.1. Sod shock tube with uncertain shock location. In this experiment, we consider
the Euler equations (5.6) with Riemann initial data,

{3.0,0.0,3.0}, if < 0.1V (w),

(5:9) {po(@, @), uo(@, @), po(w,w)} = {{1.0,0.0, 10}, if o> 0.1Y(w).
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Here, Y (w) ~ U(0,1). Note that the above initial data is a random version of the
standard Sod shock tube with an uncertain initial shock location.

The initial conditions and a reference solution (computed with a second-order
MC scheme on a mesh of 2048 points with 10000 samples) are shown in Figure
13. The results show that the initial mean and variance break into three waves
— one corresponding to the rarefaction wave, one to a contact and the right most
wave to a shock in the deterministic case. However, the mean representations of
the contact and shock are Lipschitz continuous. This is very similar to the results
obtained for the scalar case (see Figure 6) where the mean field was also Lipschitz
for the uncertain shock location case. In this case, the random solution’s variance is
concentrated at the contact discontinuity. We denote the MC scheme with a first-

(a) t=0 (b) t=0.5

F1GURrE 13. Reference solution for the stochastic Euler equations
with uncertain initial shock location (5.9). Color graphs depict
mean and mean £ standard deviation.

order FVM as MC and the MC scheme with a second-order FVM as the MC(2)
scheme. The corresponding combination of the MLMC with first- and second-order
FVM are termed as MLMC and MLMC(2), respectively. A qualitative comparison
of all the four schemes is shown in Figure 14, where we compare the MC(2) and
MLMC(2) schemes on a mesh of 128 points. The MLMC schemes include 5 levels
of resolution with the finest resolution consisting of 128 points and the coarsest of
8 points. The number of samples for the MC and MC(2) scheme are set to 128,
in analogy with the scalar case. For the MLMC scheme, the number of samples
are chosen by the formula, M; = My 27! with My = 8. The MLMC(2) scheme
requires samples chosen by M; = M;22(E=1  based on the heuristic argument that
the formally second-order schemes will converge twice as fast as the first-order
scheme and the formula (4.59). The results suggest that the schemes are more
diffusive for the Euler equations and the errors in mean but more acutely in the
variance are larger than in the scalar case. Furthermore, the difference between the
first-order and second-order schemes is substantial with the second-order schemes
being considerably more accurate near the mean representations of shock and the
contact. There are very minor difference between the MC and MLMC methods in
this realization.

The errors in mean are quantified in Figure 15 where we plot the relative mean
error vs. mesh resolution for all the four schemes. As expected, the second-order
schemes are more accurate than the first-order schemes. Furthermore, the computed
error is consistently lower with the MC schemes when compared to the MLMC
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FIGURE 14. Computed solutions for the stochastic Euler equa-
tions with uncertain initial shock location (5.9). Color graphs de-
pict mean and the variance at time ¢t = 0.5 with the MC(2) and

MLMC(2) methods.
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schemes, reinforcing the conclusions arrived in the scalar case. On the other hand,
the MLMC schemes are faster as shown in the right graph of Figure 15 where we
plot the error vs. runtime in log-log. The figure shows that the MLMC scheme
is about two orders of magnitude faster (for the same relative error) as the MC
scheme. This is similar to the speedup seen in the scalar case. More surprisingly,
the MLMC(2) scheme is also about an order of magnitude faster than the MC(2)
scheme. This is not predicted by the theory as the second-order case is not covered
due to the bound (4.62).

(a) error vs. resolution

——uc
—— ez

s
Moc2

(b) error vs. runtime

F1cURE 15. Computed solutions for the stochastic Euler equations
with uncertain initial shock location (5.9). We show log of mean
error at time ¢t = 0.5 in the x-axis with respect of log of resolution
and log of the runtime (y-axis) for both the MC(2) and MLMC(2)

methods.

5.5.2. Sod shock tube with uncertain shock location and uncertain amplitude. In this
experiment, we consider the Euler equations (5.6) with Riemann initial data,

(5.10)

{po(x,w), uo(x,w), po(z,w)} = {

{3.0+ 0.1Z(w),0.0,3.0},
{1.0,0.0, 1.0},

if z<0.1Y(w),
if z>0.1Y(w).
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Here, Y (w), Z(w) ~ U(0,1). Hence, we have uncertainty in terms of two parameters:
uncertain shock location and uncertain amplitude.

The initial data and reference solution (computed with the same configuration
as the previous numerical experiment) are shown in Figure 16. Comparing with

(a) t=0 (b) t=0.5

FIGURE 16. Reference solution for the stochastic Euler equations
with uncertain initial shock location and amplitude (5.10). We
show the mean and mean + standard deviation.

the previous numerical experiment, we observe that there is a subtle competition
between the two sources of uncertainty. There is some uncertainty in the amplitude
of left most state but this uncertainty is considerably lower for the state to the left
of the contact and almost vanishes for the state to the right of the contact. The non-
linearity appears to distribute uncertainty spatially with most of the uncertainty
being in the location of the mean shock and mean contact. Furthermore, the mean
shock and contact are both Lipschitz continuous.

We compare the four schemes on a mesh of 128 points in Figure 17 and find sim-
ilar results to the previous experiment. The second-order schemes are considerably
more accurate but for both first and second order schemes, there are very minor
differences between the solutions computed with the MC and MLMC schemes.

—— Relerence
——uc
——mc2
—— e
nLwc2

. —
Y -
Y —s—MC2

hY ——we o1

29 N\ Muvcz
K 008
| 004
"

(a) mean (b) variance

FiGURE 17. Computed solutions for the stochastic Euler equations
with uncertain initial shock location and amplitude (5.10). Color
graphs depict mean and the variance at time ¢ = 0.5 with the
MC(2) and MLMC(2) methods.

The error vs. resolution and error vs. runtime plots shown in Figure 18 are very
similar to those in the previous experiments. For a given resolution, the MC schemes
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are more accurate than their MLMC counterparts at the same order. However, the
MLMC schemes are faster. In particular, the MLMC scheme gives a speedup of two
orders of magnitude compared to the MC scheme whereas the MLMC(2) scheme
gives at least an order of magnitude compared to the MC(2) scheme. In fact, in this
case the first-order MLMC scheme is more efficient than the second-order MC(2)
scheme.

1 g e B 22 24 26 28 3 32 e E] o 1 B 3

(a) error vs. resolution (b) error vs. runtime

F1GURE 18. Computed solutions for the stochastic Euler equations
with uncertain initial shock location and amplitude (5.10). We
show log of mean error at time ¢ = 0.5 in the x-axis with respect
of log of resolution and log of the runtime (y-axis) for both the
MC(2) and MLMC(2) methods.

6. CONCLUSIONS

We consider scalar conservation laws in several space dimensions with uncertain
initial data. The proper notion of random entropy solution is formulated and shown
to be well-posed. Further, we show existence of higher moments of the solution and
for the k-point correlation functions provided that the initial data has the desired
regularity.

We propose Monte Carlo (MC) methods, together with standard finite volume
schemes to approximate the random entropy solution. The MC-FVM is shown to
converge to this solution but we derive accuracy vs. work estimates that indicate
that the MC methods will be computationally slow.

Hence, we propose a new class of multi-level Monte Carlo (MLMC) methods
and prove them to be convergent. These methods are designed to have the same
accuracy vs. work estimate as a deterministic FVM (at least for low order schemes).
Hence, these methods will be much faster than the standard MC-FVM.

We present several numerical experiments for scalar conservation laws in one
space dimension that reinforce the theory. In particular, the MLMC method yields
about two orders of magnitude speedup vis a vis the MC method in computing the
mean. Furthermore, the speedup is more than an order of magnitude for computing
the variance.

Although our theoretical results are restricted to scalar conservation laws, the
MLMC algorithm can be easily extended to include systems like the Euler equa-
tions. Numerical experiments suggest that the MLMC method continues to yield a
speedup of two order of magnitude over the MC method even in this case.
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The theory places a limitation on the optimal complexity of the MLMC method
by restricting it to low-order methods. In particular, the optimal rate is realized
for first-order methods in one space dimension. However, computational results
indicate that the MLMC method continues to yield a speedup of at least an order
of magnitude, even when it is coupled with a second-order high resolution finite
volume scheme.

The results of this paper clearly suggest replacing the standard MC method by
the MLMC variant as it is much faster at comparable accuracy. Given a deter-
ministic FV solver, the MLMC-FVM is nonintrusive and as easy to code and to
parallelize as the standard MC-FVM. We therefore expect it to be competitive in
terms of computational efficiency with respect to the widely used gPC stochastic
Galerkin and collocation methods. A detailed comparison of the MLMC schemes
with gPC discretizations will be considered in a forthcoming paper. Further work
in progress includes implementing the MLMC-FVM in more than one space dimen-
sion. As the MLMC-FVM is obviously suited for massively parallel implementation,
tackling realistic problems in two and three spatial dimensions with random data
appears feasible.

7. APPENDIX: ANALYSIS OF SPARSE TENSOR APPROXIMATIONS IN L!

We let D C R? denote a bounded Lipschitz polyhedron with plane faces, and
To = {K} aregular triangulation of D into simplices K. For ¢ = 1,2, ..., we denote
by T; a sequence of triangulations obtained from 7y by uniform subdivision. Then
he = max{diam(K) : K € T;} = 27*hg. For all £ € Ny, each K € T; is an affine
image of the unit simplex K: foreach z € K, it holds K > z = Fr(2) = Ax&+bg
with # € K, and with det(Ax) = O(h%). Recall that for u € L'(D), Pyu denotes
the projection of u onto the piecewise constant functions on 7,. We claim that there
exists a constant ¢(s, k) where & is as in (4.50), such that for every u € W*1(D),
0 < s <1 holds

(7.1) V0eNy,0<s<1: Ju— quHLl(D) < é(s,f@)h2|u|ws,1([))

This estimate is a special case of general results on spline interpolation. We present
here a direct proof of (7.1). We distinguish the cases s =0, s =1 and 0 < s < 1.
The case s = 0 is merely the L'(D)-boundedness of the projector P;. In case s = 1,
we note that in K holds a Poincaré-type inequality: there exists a constant ¢ > 0
such that for every @ € W (K)

.1 P IV
- m/kudxHLl(f() < eIVl i) -

This follows by the standard argument that ¢ = 0 would contradict the compactness
of the embedding W(K) C LY(K) (see, e.g., [28, Theorem 4.2.1] with m = 1,
k=0 and p =1). Mapping K affinely to K € Ty, we find

1
VK eTr: |lu— 7/ wdal| s o) < cha [ Vullos i -
K| Jk

Here, the constant ¢ > 0 depends only on the shape regularity constant k of 7.
Summing the estimate over K € 7, implies (7.1) for s = 1.
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Assume next 0 < s < 1 and recall the definition of the | o [yys.1(x) seminorm on

K e T
|u|yys. A(K) / / di )|d dy.
zeK JyeK |m— |d+s

From the (compact) embedding W*!(K) c L'(K) we infer once more the existence
of é(s) > 0 such that

A ag)| ;
/ Wz 1 gy < E(s) // |x— |d+s s dedg = e(s)| gy gy -

Inserting here the affine change of variables x = AxZ + bk, y = Axy + bx we find

=g [ sl < oo [ [ D=5 anay = cls,miulesin

for every K € T;. Summing this bound over all K € T, implies for u € W*1(D)

lu = Prull oy < e(s,k) Y hiclulwes(xy < (s, k)hilulwer(p)
KeT,

which implies (7.1) for 0 < s < 1. The error bound (4.72) follows then in a standard
way (see, e.g. [25]).
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