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Abstract. Stochastic PDEs of fluctuating hydrodynamics are a powerful tool for the description
of fluctuations in many-particle systems. In this paper, we develop and analyze a multilevel Monte
Carlo (MLMC) scheme for the Dean-Kawasaki equation, a pivotal representative of this class of
SPDEs. We prove analytically and demonstrate numerically that our MLMC scheme provides a
significant reduction in computational cost (with respect to a standard Monte Carlo method) in the
simulation of the Dean—Kawasaki equation. Specifically, we link this reduction in cost to having
a sufficiently large average particle density and show that sizeable cost reductions can be obtained
even when we have solutions with regions of low density. Numerical simulations are provided in the
two-dimensional case, confirming our theoretical predictions. Our results are formulated entirely in
terms of the law of distributions rather than in terms of strong spatial norms: this crucially allows
for MLMC speed-ups altogether despite the Dean—Kawasaki equation being highly singular.
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1. Introduction. In the regime of large particle numbers, the behavior of inter-
acting particle systems often gives rise to a classical PDE description, for instance,
in form of the classical equations of continuum mechanics. For medium-sized parti-
cle systems consisting of only, e.g., 10°-10? particles, this idealized description often
becomes insufficient, as thermal fluctuations may begin to impact the behavior. The
theory of fluctuating hydrodynamics augments the classical PDEs of continuum me-
chanics with suitable noise terms to account for thermal fluctuations, giving rise to
SPDE models; we refer the reader to Landau and Lifshitz [22], Spohn [25], and te
Vrugt, Lowen, and Wittkowski [26].

In this work, we are concerned with the numerical approximation of one of the
most basic equations of fluctuating hydrodynamics, the Dean—Kawasaki equation

(1.1) O =5 8p+ - (p(VV % p)) + N2V - ().

It describes the effective behavior of the density p of a system of N weakly interacting
diffusing particles {X;(#)}X, in the regime of large particle numbers N >> 1. Here, V
is a (sufficiently regular) interaction potential and & denotes vector-valued space-time
white noise. While the McKean—Vlasov equation 9;p = 1Ap + V - (p(VV * p)),
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obtained formally in the limit NV — oo, describes the mean-field limit profile p of the
particle system, the Dean-Kawasaki equation (1.1) for N > 1 in addition captures
the law of the density fluctuations due to the finite number of particles.

The Dean—Kawasaki equation (1.1) is a highly singular SPDE, namely, it is even
too singular to be renormalized by approaches like regularity structures or paracon-
trolled calculus [17, 16]. As shown in [20, 21], the only martingale solutions to (1.1)
are in fact given by the empirical measures of the underlying particle system, that
is, p(z,t) = ply(x) := N1 Zfil 0(x — X;(t)). Nevertheless, a justification of SPDEs
related to (1.1) has recently been given in [12, 10] in terms of large-deviation princi-
ples. Justifications for Dean—Kawasaki type models with regularized noise have been
developed in [10, 11].

Recently, the authors and collaborators [7, 8] have shown that the Dean-Kawasaki
equation may be viewed as a recipe for accurate and efficient simulations of the den-
sity fluctuations in the interacting particle system: When applying a formal spatial
semidiscretization to (1.1), the law of density fluctuations predicted by the discretiza-
tion accurately describes the law of density fluctuations in the underlying particle
system, as long as the grid size h is such that Nh? > 1 (d is the spatial dimension)—
that is, as long as on average there is substantially more than one particle per grid cell.

Nevertheless, computing statistical properties of particle density fluctuations p
such as variances E[|[N'/2 [(uk —pT)(2)p(z)dz|?] (or, more generally, of random
variables of the form

(12) Q=v (N2 [ -7 w)pta)ar)

for sufficiently regular test functions 1, ¢) via discretizations of (1.1) is still a com-
putationally demanding task, as in addition to solving an SPDE one needs to sample
over many realizations of the noise. Multilevel Monte Carlo (MLMC) methods are a
powerful numerical tool that often allows one to offset a large amount of the sampling
cost by performing the computation for most samples only on a much coarser numer-
ical grid. Some of the first applications of MLMC methods have been in the context
of parametric integration [18] and stochastic differential equations in mathematical
finance [13];! MLMC methods have since found widespread applications for random
and stochastic PDEs (see, for instance, [1, 2, 4, 6, 9, 14, 15, 19]).

In this work, we develop and analyze MLMC methods to approximate E[Q] for
Q of type (1.2), using discretizations of the Dean—-Kawasaki equation (1.1). To the
best of our knowledge, our present work is one of the first mathematical results on
MLMC methods both for singular stochastic PDEs and for stochastic PDEs involving
multiplicative space-time white noise.

1.1. Summary of main results. In order to approximate E[Q] (see (1.2)), we
set up a sequence of random variables (Py), associated with space-time discretizations
of (1.1) over levels £ =0,...,L (the higher the ¢, the smaller the spatial grid size hy
and time-step? 74, and the more accurately P, approximates Q). A key tool of our
analysis is to couple the noises of discretized versions of (1.1) on consecutive levels
{—1,¢. We provide two different ways of doing this. The first way is to couple the

IEarlier applications of related multigrid algorithms can be found, for instance, in the context
of statistical physics [3].

2Since we will link hy and 74 via a standard Courant-Friedrichs-Lewy condition, many of our
considerations will be stated—for notational convenience—just in terms of the spatial discretization
parameters (hg)g.
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noises over the Fourier frequencies, thus having the noise on level ¢ — 1 share all of
its frequencies with the noise on level ¢ (“Fourier coupling”; cf. section 3.1). The
second way is to construct the noise on level £ — 1 using only local spatial information
coming from the noise on level ¢ (“rightmost nearest neighbors (NN) coupling”; cf.
section 3.2).

We can now informally state our main result.

THEOREM 1.1. Let € > 0 be a given accuracy. Consider a sequence of levels for
which the finest grid size hmin satisfies h2. <e. Under the technical Assumptions 1,

min ~
2, 3, 4, and 5, which in particular require the average particle density NhfJﬂin to satisfy

4 for Fourier coupling; cf. section 3.1

min ~ "Ymin>

(1.3) Nhd, >h’ where §:= i A
2 for NN coupling; cf. section 3.2,

we can set up a MLMC estimator pnyrpyc for the simulation of (1.1) which achieves
2 2 . . .

a mean-square error El|uny e — E[Q]|°] of order €2, while carrying a computational

cost Cprr e bounded by

(1.4)

2 for d=1 and Fourier coupling; cf. section 3.1,

-
72 (loge)?  for d=2 and Fourier coupling; cf. section 3.1,
E[Cyvrmec] S .
e 2.e7d=2/2 for d>3 and Fourier coupling; cf. section 3.1,
g2 . g4/ for d>1 and NN coupling; cf. section 3.2,

as opposed to the standard MC method, whose cost bound is
E [CMC] < 2. g7d/2-1,

As a key challenge for our analysis, unlike in MLMC approaches for parabolic
SPDEs in the literature [1, 15], the highly singular nature of (1.1) prevents strong
(pathwise) convergence of numerical solutions in the limit of arbitrarily fine discretiza-
tions. Instead, convergence takes place only up to a minimal A >> N~/¢ below which
the sequence begins to diverge in C°. For an illustration of this lack of regularity and
convergence of solutions, we refer to Figures 2 and 3. Moreover, while microscopic
fluctuations in (1.1) may be drastic, the macroscopic impact of fluctuations in (1.1)—
Le., the impact of fluctuations on weighted spatial averages like [ p'(z)p(z)dz—is
rather small due to the N~1/2 prefactor of the noise. This discrepancy is directly
related to the singular nature of the SPDE (1.1). In particular, this forces us to work
with stochastically weak convergence estimates—i.e., convergence estimates for the
law of distributions—to achieve the MLMC cost bound (1.4).

As with any MLMC method, we need to provide suitable bounds for the system-
atic error |E[P; — Q]| and the cross-level variance Var[P;, — P;—1] in order to have a
cost reduction. Specifically, we have the systematic error bound

(1.5) [E[P— QI S (Nh) ™" + hi

(which is a relatively straightforward consequence of results in [7]) and a nontrivial,
similar looking bound for Var[P; — Py—_1] (cf. Proposition 5.1), which reads

(1.6) Var[Pr— Pr] S (NAH) ™+ 15,
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where 8 is defined in (1.3). Apart from some polynomial numerical error in hy,
both of the bounds (1.5)—(1.6) feature the inverse of the average particle density
N hf}: crucially, these bounds are geometrically decaying in the level {—and therefore
conform to the assumptions of the general MLMC complexity theorem [14, Theorem
2.1]—as long as the average particle density is sufficiently large on all levels required
to achieve the systematic error O(e). The presence of the term (Nh¢)~! in (1.5)—(1.6)
is rooted in the singular nature of the Dean—-Kawasaki equation, as discussed above.
However, and most importantly, having a large density requirement is not a limitation
but is in fact absolutely natural: it corresponds to a regime in which our SPDE models
are computationally more efficient to simulate than the underlying particle systems.

Finally, in addition to the general complexity bound (1.4), we also show in Propo-
sition 5.4 that our MLMC method achieves a variance reduction factor F (with respect
to the standard MC method) given by

(1.7)
—1
Fo [(Nhfnin)*l—l—hl(gitz)ML*] |log(hmin)|~! for Fourier coupling; cf. section 3.1
[(NRE )7+ K2, ! log (A )|~ for NN coupling; cf. section 3.2,

where we have set L* =1 if d # 2, and L* = |log(hmin)| if d=2.

Remark 1.2. While the bound (1.7) is somewhat tied to the results of Theorem 1.1,
we choose to present it on its own: the reason for this is that (1.7) shows an explicit
and interpretable dependence on the average particle density Nhe, .

Remark 1.3. For simplicity, we focus on the noninteracting case V'=01in (1.1) (in
this case, p' = E[uY]), although we expect that with the ideas of [8] one could gener-
alize the result to interacting particles. Moreover, we limit ourselves to the analysis of
a finite difference scheme; due to the lack of regularity of solutions (see Figure 3 for a
plot of a sample path), a finite element scheme would not offer compelling advantages.

1.2. Structure of the paper. Notation is introduced in section 2 (discrete
Dean-Kawasaki model) and section 3 (MLMC setup). Assumptions, statements of
main results, and proofs of all main results are given in sections 4, 5, and 6, respec-
tively. Numerical results are discussed in section 7. Final considerations are given in
section 8.

2. Basic notation. We work with uniformly spaced grids on the spatial domain
T? of the type G4 := {—m;—7 + h;...;7 — h}? for any compatible mesh-size h > 0.
We denote by (fu,gn)n = h¢ > veGp.y In(x) - gn(x) (respectively, || -|n) the inner
product (respectively, the norm) on L?(G}, 4). We denote by Z,: C(T¢) — L(Gp,.q)
the pointwise interpolation operator. Furthermore, A, V) denote discrete counter-
parts of Laplace and gradient operators (precise details are given later on). As for
time, we work on a fixed interval [0,7], and consider uniform partitions of the type
S, ={0,7,...,T}, for a compatible time-step 7 > 0.

Whenever we want to provide a lower (respectively, upper) bound which holds up
to a constant depending on a specific parameter a, we write =, (respectively, <,).

~

DEFINITION 2.1 (space-time discretized Dean—Kawasaki model approximating an
underlying system of N noninteracting Brownian particles in T¢). We denote by Ph,r
the solution to the following finite difference Dean—Kawasaki equation,

(© 2025 SIAM. Published by SIAM under the terms of the Creative Commons 4.0 license
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1
mT m—1)7T 1 m—j)T
ph;r :pﬁz,q— ) + 7 E bjiAhpﬁz,q— 7)

=0
ot .
(2.1) + N2y, . > {sz,mr ! } €y DBy |
(y,m)€
(Gh,d:{lvuwd})

started from p) = pn.o, where [y]* :=max{y;0}, and where

. ABZZ;; = ,B(y’r? (mT) —',B(y,r)((m — 1)7) are increments for a family of inde-
pendent Brownian motions { By} (y.r)e(Gn.a,{1,...d});

® ppo 15 a suitable—possibly random—initial profile;

o {eﬁ,y,r}(yyr)e(Gh,d,{L---,d}) is the orthonormal basis of [L*(Gh.q)]? given by
ez’y)r(z) :=h~Y21,__ f,., where {f,}4_, is the canonical basis of R?;

e bg,b1 are fized, nonnegative weights such that by + by = 1. These weights
determine the specific nature of the (one-step) time discretization scheme.

3. MLMC framework. The goal is to compute statistical properties of the
particle density fluctuations. Specifically, we aim to compute the expected value of
random variables of the form (1.2)

Q=1 (N”? [k —pT><x>so<x>dx)

for sufficiently regular test functions ¢,¢. In order to approximate E[Q], we can
compute the expected value of the quantity

(3.1) P:=y (N1/2 (Phr —E [ph.1] vfh@)h) )

where pj ; is the solution to the discrete Dean-Kawasaki model (2.1) with space
(respectively, time) discretization parameter h (respectively, 7). We think of the
parameters (h,7) in the random variable P introduced in (3.1) as being the smallest
in a sequence of space/time parameters (so, effectively, h = hmin, T = Tiin): therefore,
we construct a MLMC scheme for approximating E[P] by using the auxiliary quantities

(32) PE ::1/) (N1/2 (p£zyTe 7ﬁhéleT’Ih(s0)he> ’

on levels £=0,..., L, and for some {(hs,77)}L_,. Since the deterministic dynamics of
(2.1) is just a finite difference approximation of the Laplacian operator, it is natural
to define the sequences {h¢}r , and {7,}L_, in terms of a Courant-Friedrichs-Lewy
(CFL) ratio. Namely, we choose {h/}}_, and {r¢}L_, to be geometric progressions
with fixed CFL ratio across levels. That is, we assume

(3.3) /bl =pn  Ve{0,...,L}

for some fixed ;> 0. The ratio of the sequence {h,}¥_ (which, by (3.3), also uniquely
determines the ratio of the sequence {7;}£_,) will depend on the specific choice of
coupling across levels, as discussed in subsections 3.1 and 3.2 below.

Remark 3.1. Upon imposing sensible assumptions, there would be no harm in
also letting the ratios Tg/h@Q in (3.3) depend on the level £. We do not do this, as this
would entail further notational burden.

© 2025 SIAM. Published by SIAM under the terms of the Creative Commons 4.0 license
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With this notation, Py, = P, (Amin, Tmin) = (hr,7r), and (Amax, Tmax) = (ho,70)-
When there is no ambiguity, we may choose to simplify the notation related to
the level ¢: for instance, we abbreviate Y(N'2(p] — 5,7, 00)¢) = 77/1(]\71/2(,0%@}7% -

Phe,re hz@)/bz)'
We consider two alternative ways to couple the noise on consecutive levels £ —1,¢.

3.1. First coupling: Fourier coupling. We split the spatial grid into three
at each level increment (i.e., hy—1 = 3hy). We write the stochastic noise of (2.1) using
a Fourier expansion in space and standard coupling in time. In other words, at the
coarse level £ — 1,

e all Fourier frequencies coming from the finer level ¢ are reused, and

e noise increments are obtained by summing up noise increments at level £.
Explicitly, denoting the set of frequencies I, := {—mh, ';—wh, ' + 1;...;7h, ' — 1}4,
and setting A := {—ﬂ'h[l; 0}¢, the noise increments at levels £ — 1 and ¢ are given by

Wg(l‘,t—i— Tg) — Wg(l‘,t)

= > e [ (Ber(t +70) — Ber(t)), for (z,t) € Gra x Se,
(&) EUe{1,...d})
We_i(z,t+10—-1) — We—i1(2,t)

Kke—1
= > € fy B (t+ (5 + 1)7e) — Ber(t + o))
7=0 (E,T)G([e_l,{l,...,d})
for (x,t) € Gy_1,4 X Sp—1,

where r, = 32 is the ratio of the sequence {7,}1_, (see (3.3)), and

.....

{(65,7“7B—&,r)}(§7r)e(1271\14,{1 d}) U {5f,r}(£7r)e(A,{1,...,d}) =: BIZ,I\A UBa

is an independent family with complex conjugate couples of Brownian motions for the
set By, ,\ 4 and standard real-valued Brownian motions for the set Ba.

Remark 3.2. Note that, for each ¢, the noise increments W, have the same distri-
bution as the noise increments of the noise prescribed in (2.1) for correspoding hy, 7,
irrespective of whether Wy is associated with the “fine” or the “coarse” discretization
in a given pair of discretizations. In particular, this ensures that the MLMC estimator
for P is unbiased: specifically, we have that E[Py] =E[Py] + Zle E[P; — Py_1].

3.2. Second coupling: Rightmost nearest neighbors coupling. While the
coupling in time is the same as in the previous case, coupling in space is obtained by
summing up noise increments in a “rightmost” neighborhood of each spatial point.
Specifically, splitting the spatial grid in two at each level increment (i.e., hy—1 = 2hy),
if we set B, (z) :={z + hev: v € {0;1}} for each x € Gy_1 4, we define

Wg(.r,t + Tg) - Wg(xﬂf)
= > €ty (B) By (t+70) = By () for (z,t) € Goa x S,
(y,T)E(Gg,Ld,{l,...,d})
Wg_l(x,t—F Tg_l) — Wg_1(.13,t)

Ke—1

= Z ezl—layvr(x) Z (Byﬂ’(t + (] + 1)7—5) - By,r(t +sz))

(y,T‘)E(Ge,Ld,{1,---,d}) Jj=0
for (.lt,t) S Gé—l,d X Sp_1,
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where s; = 22 is the ratio of the sequence {7}k, (see (3.3)), and where §,, :=
2-d/2 Zzele(y) Bzrs With {Be2r}(zre(Gor.a1,....ay) Deing standard independent
Brownian motions.

The contents of Remark 3.2 apply verbatim also for this coupling.

Remark 3.3. As suggested by one of the referees, the coupling in subsection 3.2
could, alternatively, be set up in a symmetric way: this would entail keeping the
coupling as is, but using the shifted grid points {—7+h/2; —7+(3/2)h;...;7—h/2}%

4. Assumptions. We work under the following assumptions.

Assumption 1 (parameter scaling). Let L € N be the number of levels being
considered, and let hn;, be the smallest associated grid size. We choose N to be
sufficiently large so that the following scaling holds:

(4.1) Nh¢>h;P(1v p?)|loghd,  €€{0,...,L},
where i :=7¢/h? and where

e 4 for Fourier coupling; cf. section 3.1,
2 for NN coupling; cf. section 3.2.

Assumption 2 (continuous mean field limit). We assume the continuous mean-field
limit p to be strictly positive and bounded (0 < pin < 0 (2) < pmax ), and satisfying
pt € OF+3 for some R > 4+ d/2 in the case of Fourier coupling (subsection 3.1) or
p' € C? in the case of rightmost NN coupling (subsection 3.2).

Assumption 3 (discrete Dean—-Kawasaki dynamics). With regard to (2.1), (i)
the operators Ay, and V), are second-order finite difference operators in the spatial
discretization; (ii) the couples {hs,7¢}e are such that the noiseless version of the
scheme (2.1) (i.e., the discrete mean field limit) is stable for all £ and satisfies the
discrete maximum principle.

Assumption 4 (test functions). For 1, ¢ introduced in (3.1), we require that

(4.2) sup |[Vy(2)|/(1+]2]") <C for some r >0

zERK

and that ¢ € C** for some R > 4 + d/2 in the case of Fourier coupling (subsec-
tion 3.1), or ¢ € C? in the case of rightmost NN coupling (subsection 3.2). Fur-
thermore, we use the notation ¢' (respectively, ¢}) to indicate the solution to the
continuous (respectively, discrete) backward heat equation ending at ¢! = ¢ (respec-
tively, at oI =Zyp).

Assumption 5 (initial datum). We set the initial condition of the discrete mean-
field limit pY := Zy,p°. We require the following bound for large fluctuations,

(4.3) B[l - pli]) s 7 (N2, 2) T jen

(see, for instance, [5, Theorems 3.4-3.5] and [23]), as well as the fluctuation bound

@) B[N (), 32 [P0 o)

4 1/4
1 S C(o)hi

(see also [8, Bound (3.10)]).
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Remark 4.1. The existence of ppin and pmax in Assumption 2 is guaranteed by the
maximum principle for the continuous heat equation, provided we start from a strictly
positive initial datum p,. The same pmin and pmax then also bound the discrete mean
field limit pp » thanks to Assumption 3.

Remark 4.2. Assumption 5 is related to a fairly standard concentration inequality;
see also similar discussions in [7, 8].

Remark 4.3. If we considered the case V # 0 (which is not treated in this pa-
per), then we would need to require strict positivity of the continouos mean-field
limit (Assumption 2) and guarantee strict positivity of the discrete mean-field limit
(Assumption 3).

5. Cross-level variance bound, and variance reduction result. The main
result of this paper (MLMC complexity, Theorem 1.1) and the variance reduction
results (Proposition 5.4) rely heavily on the following proposition.

PROPOSITION 5.1 (bounding Var{P, — Py—1}). Assume the validity of Assump-
tions 1, 3, 2, 4, 5, and set p S:Tg/h%, We have the estimate

(5.1)
Var[Py — Py_1]
< min{exp < Cp’r}m ] 5) [Vthe v D)k [V e v )
X [N_lh[d(,u2 v 1)} ;} + Errpum = Errmoed + ETTnum,
where

B < min[p;iln(hg4 +73); he* + 70| + C’(pmin)[hg4 + 712 for Fourier coupling,
TTnum . _ ) - )
min{p,.}, (he” + 7¢); he + 70} for R-M coupling.

Remark 5.2. The name Err,,,q above simply reflects the fact that such an error
is—morally—of the modelling type (as it is directly related to the average particle
density). On the other hand, Err,q., is a purely numerical error.

Remark 5.3. Bound (5.1) takes different forms, depending on the choice of cou-
pling and on which of the arguments in the minima is smaller. As we do not want
to unnecessarily overcomplicate the statement of our main Thorem 1.1 (which stems
directly from Proposition 5.1), we limit ourselves to stating Proposition 5.4 in two
relevant subset of cases, one for each coupling.

PROPOSITION 5.4 (variance reduction). Assume the validity of Assumptions 2, 3,
4, and 5. Let My, £€{0,..., L} be the number of samples of Py— Py—1 (we understand
P_1=0), and let My be the number of samples of Py. Choose

(52) MZ = (hl/hmin)d . (TZ/Tmin) - (hf/hmin)d+2

and L o< |1log(hmin)|. Assume p to be reqular enough so that the order in the h-bound
for Errpum in (5.1) is the highest of the two available (i.e., 4 for Fourier coupling
and 2 for rightmost NN coupling). Then the variance of the MLMC estimator

M() L Mé
(5.3) parnee =My 'Y Py + Y MY (Pogy — Pecii)
=1 =1 =1

(© 2025 SIAM. Published by SIAM under the terms of the Creative Commons 4.0 license



Downloaded 02/17/25 to 81.223.14.210 . Redistribution subject to CCBY license

270 FEDERICO CORNALBA AND JULIAN FISCHER

satisfies the bound

(5.4)
Var| 1< (NhL. )7t + hr(:if)ML* for Fourier coupling; cf. section 3.1,
HMLME] ~ (Nhmin) "t +R2 for NN coupling; cf. section 3.2,

where we have set

. 1 if d#2,
5.5 L*:=
(5:5) {| log(hmin)| if d=2,

while carrying a total computational cost,
(5.6) Costror(parparc) < h S - log(hmin -
As a result of (5.4)—~(5.6), using the MLMC' estimator parpame defined in (5.3) to

approzimate E[yp (NV/2 [(uk —2T)(z)p(z) dz )] (see (1.2) )—as opposed to a standard
MC estimator on the finest scale (hmin, Tmin) —grants a variance reduction factor

(5.7)
—1
Fo [(Nhﬁlin)_l—l—hg;Q)ML*] [log(Amin)| ™1 for Fourier coupling; cf. section 3.1,
[(Nhfnin)fl + hfnm] -t [1og(Amin)| ! for NN coupling; cf. section 3.2.

Remark 5.5. Although the choice of samples in (5.2) amounts to a slightly less
efficient MLMC estimator than what we would otherwise have if we followed standard
cost optimization (see Algorithm 7.1 below), it, however, enables us to obtain the
variance reduction factor (5.7) with a short and intuitive proof. The standard cost
optimization procedure is instead followed when producing the computational results
associated with Theorem 1.1 (see [14] and Algorithm 7.1 below). In contrast to
Theorem 1.1, Proposition 5.4 is solely concerned with variance reduction, and only
features A, and the inverse particle density (Nhd. )~1.

6. Proofs of Proposition 5.1, Theorem 1.1, and Proposition 5.4. The
following lemma—whose proof is deferred to Appendix B—is needed for proving
Proposition 5.1.

LEMMA 6.1. Under Assumptions 1 and 5 we have

1/2
5 Bpmin Cpmin [ NI B
(P ||pg,7_,,h,T||m24]5exp<— o |

eS8, ol LWVl VB+1

for any B >0, and where u=7/h%. Furthermore, we have the estimates
e 1/2 1p—d\1/2(, 2 1/2
62 B|swloh, —rholl| S COMAN 61

i11/3
] . —
63 E[|6h - Bl SCOREN sl
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6.1. Proof of Proposition 5.1 with Fourier coupling. For notational con-
venience, we occasionally drop the time dependence and the vectorial notation over
the d components of the noise (i.e., we write ¢?*¢ instead of {e?®¢ f.}9_,).

Step 1: Rewriting Var[Py — Py_1]. A first-order Taylor expansion on v gives

Var[P — Pry) <E [|Pg . Pg_ﬂ

2
~E “z/} (N2 (o =2/ s0), ) =0 (N2 (pF =" s00-1) ., )| }

1
2

; 4
(6.4) [|V1//( ) : UN2[ —Pe aW) (Pg—l—pe—lTﬁpé—l)zfl” ]
for some random z such that

(6.5) 2] < maX{‘Nl/g (ri =7 7%06) SN2 (Pi—1 _ﬁe—lTﬁpf*l)zA ’} :

Step 2: Bounding E[|[V(2)[4] in (6.4). Using (4.2), (6.5), and (6.3), we get

(6.6) E [[V4(2)[*] < Clpmax 1) 2l

Step 3: Ité formula for second term in right-hand side of (6.4). Let the test
functions ¢, (respectively, ¢,—1) satisfy the backward evolution (A.1) ending in ¢,
(respectively, in ¢y—1). Thanks to the discrete martingale property in Lemma A.5
and a simple interpolation argument on the noise, we can define a continuous-time
martingale D§76_1 such that, crucially,

DM 1—N1/ ( ¢e) NI/Z( /J'z 1 e 1)z 1 Vte S

Now abbreviate t{ := max{m € S,, : m < t}. Using the continuous It6 lemma, the
noise coupling as stated in subsection 3.1, and the error bound (A.4), we deduce

(6.7) E[(Df,)"]

SE[(Dg, )] + /ZE [(Dﬁ 0 1) %70+ (Dpyy)?

{ ( Py ’5( Vzcbf“) <\/ptt () Wy gl 1)
el ¢
2
5 [(ireomat) [
EE€EIN\Ip—1 ¢

=K [(De,e&) ] + 74 +/0 E [(DZeq)Q x {Ar,_, +Aing, , }] dt,

£—1

where (-) in €’¢() is reserved for the spatial variable x. The inequality (6.7) implies

E[(Df;1)"]

68)  SE(Df )] +ri+ [ E[0L e+ [ B[4 44ty ]t
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Step 4: Bounding A%_l in (6.8). By adding and subtracting zero we get

Y] . £ .
AIZ—l S Z ‘ (1 /ngﬂ‘ezf()’vﬂsz) _ < /ptiezﬁ(')’vqstf;)
14 14

2

§€lp
2

Y (,/ () w#) _( S i) gt 1)

¢el, 4 4
+ z <’/t<— () vqgt‘:l) (,/pt'ile )vgbte 1)

€€l L -1

2
[ 1

n Z (/tF Feit0) v, 1¢£1> _(/ptF e’f()V¢t2 1)

e,y —1 —1

(6.9) ::RZ+RtQ,tfjl + Ree—1+ Ro—1.

Adding and subtracting zero (and dropping the dependence on t{ ), we obtain

610 5 [([o7 - VAJe0.9u0e), - (Ve 9 - wisi) |

€l

suw N R
linf/JeSKH {\//E - \/ﬂ WWHE  Lint po> K Pran 100 = 2] Vel

+ H\/ﬁ[v¢ - VZW]HZ = Rp1+Rpo+ Ry3

with K to be specified later. An analogous bound holds for Ry_;.
In order to treat Ry, 1 (we drop the time dependence t‘=' for this term), we
abbreviate g :=+/pV¢ and perform the rewriting

(ﬁeig('),Vgﬁ)Z B (\/ﬁeis(.)’vgb)eq
(6.11) = > hi <”‘5 (@)— > S‘de“"&(y)g(y))

r€Gy_1,4 Gy.ddy~zx

where y ~ z indicates all points y € Gy 4 such that |y — z| < hy. In order to sum up
over the frequencies £, we integrate by parts on the lattice G¢_; 4. More specifically,
we rely on the increment relation

(6.12) gl wthe) _ oitw — oifw (piGh 1) e {1,...,d}.
=:P(§;h)

Take & # 0. Using (6.12) with the same increment h = hy_; in all sums of (6.11), we
perform discrete integration by parts R times in direction j such that £; # 0, and get

(6.13)
(\/ﬁeig(.)’ V¢)e B (\/ﬁeif(.)’ V¢) -1

-1 1" - e
[ ] >ooni [ emtopg@) = D 37V (»)afa(y) |,

P(gjh) z€Gy_1,4 Gy ady~w
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where (’9ﬁjf(a:) = Zf;o (1)t (R)f(x—ihej) is the standard backward finite difference

K3
operator satisfying the relation

(6.14) O f (@) =h"OL f(x) + KT C(R)O™ f(¢) for some ¢ =((x) € T

By using the order-two bound |f(z +he;) — 2f(z) + f(x — he;)| S h?| fllc2 in the
round bracket of (6.13) (with f(z) := eig"caﬁjg(m)), and the equivalence sin(z) « z
for z € [-mw/2,7/2], we rely on Assumptions 2-4 to integrate by parts R times in all
directions j with §; #0 (with R to be determined) and deduce

‘ (\/ﬁeiE(-)’ v¢>e B (\/ﬁeié(-)7 vd))z—l

1 E d R+31by_ -
< 7 n h — || || h h2 |§|
—1119|lc —1""0—-1
(E jf |F(£]hé—1)|) yEGZ,d

(6.15) < le[*~Fllgllenshi_y,

where we have also used (6.14) in the second-to-last inequality and the fact that
|P(&h)| = |sin(€;h/2)] for all j € {1,...,d} in the last inequality. The estimate for
& =0 is even simpler and requires no integration by parts at all. Provided R > 4+d/2,
(6.15) implies that we can sum up the terms making up Ry ¢—1 in (6.9) and get

(6.16) Re1 S |gllemsshi_s-
Step 5: Bounding Ai\h_l in (6.8). Dropping the dependence on t{_, we write
, , 2
Apg S ‘(\/ﬂ}rem('),vzm)e - (\/ﬁezf(')7v¢)£’
EEINTp—1

. 2 — —

(617) + Z ‘ (\/ﬁezﬁ()’ V(b)ﬁ‘ =R+ RIZ\IZ—I'

£elp\Io—1

The term Ry obviously has the same bound as the previously treated R,. Furthermore,
as R>4+ d/2, and reusing computations from (6.15), we get

5) E 1 2 2R
RI@\I@,l S |P(€h€ 1)|2R||g||th£—l
§€EIN\Ip—1 B

1
(6.18) < Y |§|72R||g||%'3§|‘g”%"3h?71'
§€l\Io—1

Step 6: Taking the expectations in (6.8). In order to bound E[R] | + R ,], we
consider the best estimate originating from picking either K = pp,in/2 or K = 0o in
(6.10): More precisely, using Holder’s inequality, Lemma 6.1, and the simple estimate
15 — pelle o< hZ + 74, we obtain

E[R;, + R} ,]

oS 981 o]

2
)

X [N_lh[d(,uQ vV 1)} } + min{p;lfn(hzs + T?); het + TZ}
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As |V — Vidy|| < hi + 7 (cf. Lemma A.3), we get E[R] ;] < Cy(hf +7/), and an
analogous bound holds for Ry_;. Similar arguments (involving the same thresholds
K = pmin/2 or K = 00), a Taylor expansion, and the discrete Parseval identity grant
the estimate R, o Semin{p_ 1 72,7}

Step T: Concludmg the argument. Combining the estimates in Steps 4-6, we get

E[43,_, +43,,_,]

Se min{exp (—C:l;/z;j {g@m é) {N‘lhfd(uz v 1)} + Prnin [N_lh[d(uz v 1>} E

x [N*lh[d(,ﬁ v 1)} }

+min{p_2 (he® + 71); he* + 72} + C(pumin) {he® + 71}
Using the above inequality, (4.4), (6.4), and (6.6), we apply Gronwall’s lemma in (6.8)
and conclude the proof.

Remark 6.2. The proof of Proposition 5.1 with rightmost NN coupling is similar
to the one we have provided for the Fourier coupling. The main adjustment concerns
adapting the cross-variation structure (i.e., replacing the terms Ay, , + Ap,\7, , in
(6.7)). It is easy to see that the term A7, , + Ap,\7,_, in (6.7) is replaced by

Z hfph[ |vh1/¢h/ Z hé lph[ 1 )‘vhe—lthe—l(x)‘Q

x€Grq 2€Gr—1,d

-2 Z Z hE phz vhﬁ(bhﬁ() p;[,l(x)vhé—lqshé—l(x)

yEBZ—l(r) r€Gy_ 1,d

6.19) = > > w

yEB;? () x€G—1,a

2

phz )thd)hz (y) - pZ(fl(m)vh[—l gbhl—l(x)

From (6.19), it is relatively straightforward to get the Err,,.,, contribution using
similar techniques to those deployed in (6.10) (i.e., choosing the best cutoff for the
square-root between K = ppin/2 and K = o0o). All other components of the estimate
do not change with respect to the proof in the Fourier case.

Remark 6.3. Having two separate estimates originating from two cutoff values
K = pmin/2 or K = oo helps in providing a reliable estimate for Erry., in (5.1):
However, these two estimates can—in many cases—still be substantially suboptimal,
as they do not rely on the local structure of the mean-field limit p. A relevant example
is discussed in our simulations in section 7.

6.2. Proof of Theorem 1.1. Let x be the common ratio of the geometric
sequence (hg) Assumption 1 implies that, for all levels needed to get to the minimum
grid size h2. <&, we have the bound

min ~o

VarlPr— Pra] < he? o KBt . 4 for Fourier c?upling; cf. éection 3.1,
2 for NN coupling; cf. section 3.2,

while a simple extension of the results in [7] give

(6.20) E[P — Q] Sh’ k™,  a=2.
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Additionally, the computational cost for simulating a single sample of P, grows like
(6.21) Cost(Py) S hy™ 72 oc g4+ vy=d+2.

Then (1.4) follows from applying the general MLMC complexity theorem [14,
Theorem 2.1].

6.3. Proof of Proposition 5.4. Since p is assumed to be regular, we have from
Proposition 5.1 that Var[P, — P—1] < (Nh) ™ + hf, with 5 = 4 for the Fourier

coupling and 8 =2 for the NN coupling. Using (5.2), and denoting by x the common
ratio of the geometric sequence (hy), we deduce

L
Var [uavpawe] S Myt + ZM[l [(Nhed)_1 + hzﬁ}
=

L B d+2
5M‘1+Z< Z‘;”) [(Nhgd)*lJrhﬁ}
=1

L
(6.22) SMy "+ (NR) T4 ALY (iins™ ™72,
=1
The choice L  |log(hmin)| and (6.22) readily imply the variance bound (5.4).
Proving (5.6) is immediate. Finally, the variance reduction factor (1.7) can be readily
deduced by dividing the MLMC variance (6.22) with the variance of the standard MC

estimator with the same cost as (5.6). Proposition 5.4 is thus proved.

7. Numerical simulations. We provide numerical simulations demonstrating
the validity of our theoretical results in the two dimensional (2D) case (d = 2), and
with the NN coupling.

7.1. Types of experiments. The experiments conducted are of two types:

Type 1. In this type of experiment, we provide computational results for Theo-
rem 1.1 by running the MLMC implementation as described in [14, Algorithm 1]. A
minimal version of the pseudocode of this implementation is given in Algorithm 7.1.

In essence, to reach a given accuracy ¢, Algorithm 7.1 recursively keeps on adding
levels and computing the optimal number of samples

L
(7.1) M, = {252\/1/[/0[ (Z\/WCQ)
=0

for all £=0,1,...,L, where L is the current maximum level, V; := Var[P, — Py_1],
£=0,...,L (for notational simplicity, we always understand the notation P_; to mean
P_; =0), and Cy is the cost of computing one sample on level £. The convergence
criterion identifying the level L at which the algorithm stops is given by the following
robust check for the systematic error:?

(7.2)  stop onlevel Lif max {27®E[P, ;—P, ; ,][}/(2%—1)<
£e{0;1;2}

Sl

for o as in (6.20).

3The criterion (7.2) is the same as the one in [14], which is derived under the power law decay
assumption for the systematic error on all £ € N. As we do not have power law decay on all £ € N, we
heuristically expect good performance of this convergence criterion under the—usual-—assumption
of large average particle density.
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Algorithm 7.1. (see [14, Algorithm 1]).

Choose accuracy € >0 and M € N.
Start with L =2, initial target of M samples on levels £=0,1,2.
while extra samples need to be evaluated do
evaluate extra samples on each level.
compute/update estimates for Vy:=Var[P, — Pp_1], £=0,..., L.
define optimal My, £=0,..., L, according to (7.1).
test for weak convergence using (7.2).
if not converged, then
set L« L+1
initialize target M.
end if
end while

Type 2. for this type of experiment, the number of samples M, is chosen to be
proportional to a given, specified geometric progression. The variance of the resulting
MLMC estimator is then evaluated against the variance of the corresponding standard
MC estimator with the same computational time. A computational estimate of the
variation reduction factor in Proposition 5.4 is thus produced.

7.2. Setting and specifics. The precise details of our setting are as follows:
e Space domain: We work on discretizations of T? = (0, 27)2.
e Initial condition for mean-field dynamics: We use two different initial condi-
tions. The first one

(7.3) Poreg = Zrey (1 ¢ O om0t/ (o)

—where Z,¢q4 is the normalizing constant—is bounded away from zero, and
with relatively low ratio \/pmax/Pmin & 13.4. The second initial condition

(7.4) Povirreq = Zinhy e~ (@ 24500 u=3/2) /(201
has ultra-low density regions and much larger ratio \/pmax / Proin > 105. The
two initial conditions are shown in Figure 1.

e Time-stepping: We stick to a simple explicit Euler-Maruyama scheme, i.e.,
we pick bp =0,b; =1 in (2.1).

e MLMC discretization: We consider at most L = 5 and use rightmost NN
coupling (see subsection 3.2). When L =5, for the finest level in space, each
axis is split into 27 = 128 parts, i.e., hyin = 27 - 277 22 0.05. Furthermore, the
finest level in time has time-step i, = 1073. Consecutive levels are designed
to preserve the CFL condition: specifically, we choose hy_1 =2h; and 7p_1 =
47y, so that u=7,/h? is constant over £. Putting all together, we have

he =2m -2~ (240 70 =1073. 4574

Concerning the number of samples on each level, the following hold:
— For the purpose of estimating the computational gain of the MLMC
method for given accuracy € (so for the experiments of Type 1), the
number of samples is determined by Algorithm 7.1 (i.e., by (7.1)).
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0.05 0.8
0.04 0.6
0.03
0.4
0.02
0.01 0.2
0.00 0.0
Fic. 1. Left: 3D heat map of Py req- Right: 3D heat map of Dy irreq-
256.0 ms 0.0 ms 256.0 ms
i 0.045 0.045
0.040 0.040
0.035 0.035

512.0 ms 1024.0 ms 0.030 512.0 ms 1024.0 ms 0.030

F1G. 2. 2D snapshots of a trajectory of the discrete Dean—Kawasaki equation (2.1) started from
P0,reg and with N =2 - 108 particles. Left plot: Finest discretization level (h=2m - 277, 7 =0.001).
Right plot: Coarser discretization level (h=2m-2~4 7=0.001-43).

OB

0.025 0.025

0.020 0.020

— For the purpose of validating the variance reduction factor estimate (1.7)
(so for the experiments of Type 2), we instead run the MLMC with the
predetermined geometric progression M,_, = 4M,.*
For qualitative illustration purposes, we show snapshots of a given trajectory
of (2.1) in Figure 2 (2D heat maps) and Figure 3 (3D heat maps).®
e Time domain: We run simulations on the interval [0,2° - ¢,,;,] =[0,1.024].
e Differential operators: The second-order operators used in (2.1) are
—dan(z) + 32, p an(y)
Ah&h(l‘) = 12 Y y
[bn]r(x + hfr) = [bn]r(x — R fr)
2h ’

d
Vh . bh($> =
r=1

where y ~ z indicates that =,y are adjacent grid points, the brackets [by],
indicate the rth component of the vector by, and {f,}¢_, is the canonical
basis of R%.

e Test functions: We use () := 22 and ¢(z) :=sin(z) + sin(y).

4We chose this geometric progression for M,—which is slightly different than that indicated in
(5.2) —for purely practical implementation reasons. Note that this choice does not affect the scaling
of the variance reduction factor (1.7), and this is also verified numerically.

5The graphics commands used to generate Figure 2 are based on the code available at https://
scipython.com/book/chapter-7-matplotlib/examples/the-two-dimensional-diffusion-equation//.
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1024.0 ms 1024.0 ms

0.04

0.035
0.030
0.03 0.025
0.02 0.020
0.015
0.01 0.010
0.005
0.00 Y 0.000

Fic. 3. 3D snapshots at time T'= 1024 ms of a trajectory of the discrete Dean—Kawasaki equa-
tion (2.1) started from Py req, and with N = 2-108 particles, on different levels (h = 27277, 7 =0.001
for left plot, h =21 -27% 7=0.001-42 for right plot).

7.3. Numerical results. We report quantitative results of the simulations for
e N=2-10 and pg =P ., (Figure 4 and Table 1);
e N=2-10° and pg = Py ., (Figure 5 and Table 1);
e N=2-10° and po = g jc, (Figure 6 and Table 1).

Figures 4, 6, 5 are made of six plots, namely, variance estimate across levels
(top-left), expected value estimate across levels (top-right), time-dependent estimate
of variance for MC (middle-left), variance reduction factor between MC and MLMC
for various varying hpi, (middle-right), MLMC and MC computational cost versus
accuracy ¢ (bottom-left), and 2 times the MLMC and MC computational cost versus
accuracy € (bottom-right).

We summarize our findings.

7.3.1. Variance estimates. The quadratic decay O(h?) for Var[P; — P,—4] in
(5.1) is clearly visible for the simulation with N =2-10? and po = 7y .., (Figure 4).
The same clear decay also holds in the case N =2-10° and py = Po,irreg (Figure 6),
even though (5.1) would only predict linear decay O(h¢) in this case. The reason for
the better-than-expected result (cf. Remark 6.3) is likely to be the specific nature of
the mean-field limit, in which areas of low density coincide with areas of low gradient
values, thus making the constant multiplying the quadratic contributions sufficiently
low to win over linear decay. When N is decreased to N = 2-10° (with py = Po,reg)s the
quadratic decay breaks down for the lowest value of h (Figure 5): this is to be expected
from (5.1), as the contribution o« N _1h;2 starts dominating over the numerical error
oc h? at this point.

7.3.2. Expected values estimates. Quadratic decay O(h?) for E[P, — P;_1]
is clearly visible in Figures 4, 6, where N =2-10°. When N =2-10° (Figure 5), the
bound saturates its h-accuracy and breaks down just like the one for the variance.
This is consistent with the results shown in [7] and validates the systematic error of
our method.

7.3.3. Variance decay for MC. We plot the variance of the standard Monte
Carlo estimator on level L =5 as a function of the computational time.
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Variance across levels
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Fic. 4. Computational results (N =2-10°, By =P reg)-

7.3.4. Variance reduction of MLMC over MC. In all cases with the ex-
ception of the simulation with N = 2-10°, there is clear agreement between the
variance reduction between MC/MLMC methods and its ideal predicted growth

2

min

[1ogs (Amin)|~t). For N =2-10°, the variance reduction factor stops increasing

once the smallest value of hy,;y, is reached. This is consistent with (5.7).

7.3.5. Accuracy € versus computational time (and £? X computational
time). For all experiments involving the regular initial condition py = py ,.¢,, we run
Algorithm 7.1 for these values for the accuracy e:
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105 Computational time (seconds) €2 - {Computational time (seconds)}
104 107 .
103/ 1072 o 7
102 1073
101 —— MC - 10744 —«— MC
MLMC —4— MLMC
100] ® MC (extrapolated) 107>{ m MC (extrapolated)
—=2.55 -2.40 —2"25 —2‘.10 —1‘.95 —1‘.80 —1‘.65 —1‘.50 -1.35 —2‘.55 —2‘.40 —2‘.25 —2‘.10 *1‘.95 —1‘.50 *1‘.65 —1150 *1‘.35
logio(e) logio(e)
Fic. 5. Computational results (N =2-10%, By =P reg)-
(7.5) e=10""*10""7,1072,107*2,107 24,10 >C.

For the experiment involving the irregular initial condition py = g jrpey, We TUR
Algorithm 7.1 for these values for the accuracy e:

(7.6)

€= 1071.4, 1071‘7’ 1072, 1072‘2’ 1072.4’ 1072.75.

Concurrently, for each one of the accuracy values, we also run the standard MC
method on the finest level reached by the MLMC method on that very accuracy
value. Due to high computational cost, the running time for the MC method for the
smallest values of ¢ is extrapolated based on the MC variance trend.
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Variance across levels Mean across levels
8, ~—
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S S
0 n -1.5
o—-15 )
— —
3 820
=2.01 —— variP,] —e— E[P]]
Var{Py — Py-1] N -2.5 E[Py—Pp-1]
257 O(h?) N | 0(h?)
1 2 3 4 5 1 2 3 4 5
level £ level £
Variance reduction MC/MLMC
2.0 Variance of umc 102 —— Varlumcl/Varlumimc]
------ O(h~2[logz(h)|™1)
-2.5
@ -30
8 10!
w _35
o
—
Q-a0
=451 — Varluwcl 10°
_50] T Varlumc] (extrapolated) .
1.5 2.0 25 3.0 35 40 45 5.0 2 3 4 5
log10(Computing time (in seconds)) level of hpmin
106 Computational time (seconds) €2 - {Computational time (seconds)}
10°
104
103
1073y —e— MC
10? we2
| = mc 107 MLMC
10 MLMC - xgl
100 m  MC (extrapolated) 0 m  MC (extrapolated)
—é.B —2‘.6 —2‘.4 —2‘.2 —2‘0 —i.B —i.ﬁ —1‘.4 —2‘.70 —=2.55 =2.40 —2“25 —2“10 71‘.95 -1.80 —1.65 —1‘.50 71‘.35
log1o(€) logio(€)

Fic. 6. Computational results (N =2-10°, By =P irreq)-

We see that the MLMC provides a tangible computational gain across all simula-
tions. This is especially visible for the smallest accuracy value across all simulations
(see Table 1). In the experiment with py =P ;preq, the MLMC method reaches level
L =5, while in all other simulations the maximum level reached is level L =4 (this
is reflected with a higher MLMC gain; see Table 1). This is simply due to the sys-
tematic error decay having lower multiplicative constants for the experiments with
regular datum py = py ,..,- Therefore, in order to see the level change L =5 also for
these simulations, we would have had to set a much lower accuracy (even lower that
£ =10"275), and this was beyond our computing capabilities.
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TABLE 1
MLMC/MC speed-up factors for smallest accuracies considered across experiments.

time MC

Smallest & L reached Speed-up: Time MLMC
N =2-10% py=Pp,req 10720 4 ~ 5.6
N =2-10%, 5y =Po,req 10—26 4 ~ 5.4
N =2-10° By =Dp,irreq 10275 5 ~22.8
In the experiment with 5y = P j,req, Where level L =5 is reached, we see the

beginning of the asymptotic region in ¢, with MLMC and MC rates aligning with
those given by Theorem 1.1. This is visible in Figure 6, where the trend of £2 x
(computational time) starts behaving like O(e?-672-¢72/2) = O(e™') for the MLMC
algorithm, and like O(e? - 72 . £72/2=1) = O(¢~2) for the standard MC method.

Remark 7.1. Additionally, note that the performance of the MLMC algorithm
with N =2-10° and regular datum is similar to that of those with same datum and
larger number of particles N =2-10°. This is because, for the accuracies considered,
level L =5—at which the variance estimate breaks down—is never reached.

8. Summary of work done and final considerations. In this paper, we
have proved analytically and verified numerically that MLMC methods provide a
speed-up in the computation of discretizations of the Dean—Kawasaki equation (1.1),
despite this being a highly singular SPDE. We have proposed two different types
of noise couplings (“Fourier coupling,” subsection 3.1, and “nearest neighbors (NN)
coupling,” subsection 3.2) which grant bounds decaying like a power law in 2¢ for
cross-level variance and systematic error on all levels ¢ for which the average particle
density Nh,* is sufficiently large (see (1.3)). This has allowed us to get the MLMC
complexity result (1.4) and the MLMC/MC variance reduction result (1.7).

While the simulations conducted so far provide, in our opinion, a clear indication
of the effectiveness of our results (at least in the cases we have analyzed), we also
believe that further testing is needed to consolidate the results. In this respect, the
following hold:

e It would be interesting to implement the Fourier coupling and assess its com-
petitive advantage against the NN coupling.

e With the exception of the experiment started from py =D ;ypeq it is difficult
to see whether the predicted rate of growth of the MLMC cost is indeed
behaving like O(e=2 - ¢71), as it is given in (1.4). This is mainly due to the
MLMC algorithm remaining in the e-preasymptotic range.® A thorough and
comprehensive validation of the e-dependence of the bound (1.4) goes beyond
the scope of this paper.

Appendix A. Estimates for fully discrete setting. In what follows, it is
convenient to use the shorthand notation u:=7/h? for the standard CFL quotient.

LEMMA A.1 (discrete energy estimates). We define the test function dynamics

(Al) Zf: _ Ah¢;m+1)7'

1, T

6This appears to be due—for the case of regular initial datum po =Po,reg——t0 systematic error
estimates having very low leading constants for the setup considered, and thus preventing the MLMC
algorithm from adding too many levels.
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with Ap, = (Iq — Tbo%Ah)_l(Id + Tbl%Ah), and where by,by are the coefficients from
(2.1) (see also Assumption 3). If by >bg, the energy estimate for ¢y, ,

(A.2) 7Y IVioRTli S W v D)lgn IR

holds subject to p being sufficiently small. If by <bg, then (A.2) holds with no small-
ness requirement on .

Proof. We multiply both sides in (A.1) by (I; — 7% A}), compute the [ - ||?
norm of both resulting sides, reshuffle the terms, use the integration-by-parts formula
(fthhfh)h = _||vhfh||2 for all fh S L2(Gh7d), and obtain

bmuvmﬁ:nh+bn||vhcz>“”“”||h
b2
(m+1)7 m+1)T T
= [T — o)z + “HA o IR =T ARG

Summlng over m, we control the sum of the contributions 7 (1)2/4)||Ah¢(mJr1 [
T2(b3/4)|| AppT ||2 by using a telescopic argument if b; < by, or by abborblng the
term 72(b2/4)|| Ap S V7|12 in the term by7]|Vyg V7|12 (subject to i being suffi-
ciently small) if instead by > by. In all cases, (A.2) follows by additionally using that
T3 ARd L ln S B2l o5 L7 a

Remark A.2. As this is not crucial in this paper, we do not seek to obtain the
optimal dependency on y in Lemma A.1.

LEMMA A.3 (error estimates for standard heat equation; cf. [24]). Let ¢ satisfy
the continuous backward heat equation ending in ¢* = ¢ € C?%, and let ¢y, » satisfy the
discrete backward heat equation (A.1) ending in Ipp. Then, for all m, we have

(A.3) ¢, mT) = Ghilloc S h* + 7.

LEMMA A.4. For any discrete function ¢, € H?, we have
_ 2
(A.4) (1Vh [(Za = bomAR) " én — ¢l ], < b(2)72||¢h||?{g,

where Hﬁ is the discrete Sobolev space of order two.

Proof. This follows by taking the Fourier transform of y, := (Ig — boTAR) " Lon,
which gives 4 (§) — ¢n(§) o< (TP(€)pn(€))/(1 4 7P(£)) for some P(€) o €], o

LEMMA A.5 (martingale property for discrete fluctuations). Let (A.1) be the dy-
namics for the test function ¢p . Let pn - be the solution to (2.1). Then (pn.r,Pn.r)n
s a discrete time martingale.

Proof. The definition of Ay entails that p(mH)T = Anpy'y + My, where My,
encodes the noise. Using the symmetry of A, and (A.1), we end the proof by writing

(i 01 o = (Anps + M, )7
(ohrs And mH)T)h + (M, EZZH)T)h
= (ph,‘r’ d)h,'r)h + (Mm’ EL”;L_JFl)T)h O
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Appendix B. Proof of Lemma 6.1. We need the following simple estimate.

LEMMA B.1. For any B > 0, there exists a constant C >0 such that for any a>1
we have the inequality [ exp{—ax/? /V1+ 21/F}dz < Ca~P.

Proof. Using the inequality 1+ /% <2'/8(1 + ) (valid for 2 > a=?) we write

[l e ol
expl{ —@————— » dz + exp{ —@——————— ¢ dz
0 P 1+21/8 a8 P 1+ /8

00 2
< a’5+/ exp{—\/ay }y“‘“dyﬁ a ?,
’ 0 V2(48)? ’
where we used the bound a/v/T + o > v/a/v/2 (which is valid for o > 1), the change of
variables y = 482/ (*A) in the second-to-last inequality, and Gaussian moment bounds
in the last inequality. 0

Proof of Lemma 6.1. Let x € Gj, 4 and t € S; be fixed. Let ¢p, be the discrete
Dirac delta in x, namely, §;, :=1,_,h~%. Moreover, let ¢, » be given by the discrete
backward heat equation (A.1) and with final datum ¢j, . = d,. We define the stopping
time Ty = min{s € S;: ||p; . — P, 7 lloc > Bpmin/2}- Let j € N be even. The same
exact reasoning as in Step 3 from the proof of Proposition 5.1 allows one to define a
continuous-time martingale D® such that D* = (p; _ —pj, ,, ¢} )n for all S; 25 <.
Using the continuous It6 formula, the bound Apax(lg — boTAR)™1) < 1, the definition
of T, and the notation s, :=max{m € S, : m < s}, we obtain

‘ o AT .
B0 SE[DY] + B[ [ (0P it Vadi Pnds
0
fS E [Hpg,r - ﬁ’OL,T HJOO] H¢2,THJLl

-2
J s\j— E 7
+ —E sup (D )] 2 prnaX(B + 1) th(bh,T”}QlT'
s<tnTp s€S,,s<t

N

Lemma A.1 with the fact that ||¢Z,TH2 o h~% and Doob’s martingale inequality imply

E| sup (D®)’

5 E [(Dtl\T@ )]]
s<tATp

<(N'h~%)% 4+ N7142E

sup (DS)jQ] pmax(B +1)(u? v 1)h =4

s<tATp

Using Holder and Young inequalities with conjugate exponents j/2,5/(5 — 2) and
absorbing the term E[sup <, 7, (D®)’], we arrive at

2 il2
5 (0]2 (B + l)pmax(:u Vv 1)) )

(B.1) E| sup (D%)’

s<tATp

Nhd

Using Chebyshev’s inequality and (B.1), we get

E {SUPsng@ (Ds)j}

Bpmin
P| sup |D?|> .
sgt/\%b | | B ~ (Bpmin)J
J
\/>VB+ 1/ Pmax /J/ V1 1/2 - j j
(B.2) p i gl = -,
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where we have set

/2\
_ B+1 v/ Pmax NQVI !

= 1 . =
(B.3) ni=a 5 o= (\/C . { i .

If n <1, we can perform an optimization argument over j > 2 for the right-hand side
of (B.2). Thus the optimal j is chosen as either [e71n~!] or [e71n~!|. In either case,
this optimization procedure allows one to carry on in (B.2) and obtain (for a different
constant C rescaled by e~ 1)

B min
(B.4) P [ sup |D?|< pT

s<tATp

o [_Comn [ NRY? B

xp | — . . .
~ P e LBV vB+1
Equation (B.4) holds also in the case n > 1, thanks to the trivial bounds

1

Bpmin S 1 56_1 S e_n* )

P| sup |D°|>——
s<tAT 4

In particular, (B.4) holds for all B > 0. Using (B.4) and the fact that the test function
8n :=1,_,h~? (being a discrete Dirac delta at point x) recovers the value P —Phors
we obtain

— Bpmin
P |0 Toulphr = el (0) > 2]

/2

Comin [ NRE ' B

B. < - . . B>0.
( 5) Nexp< 1/2 {,U/2V1} /B_|_1 v —O

Pmax
Now (6.1) follows from applying (B.5) over the union of all (¢,z) € S; x G, 4.

We now move to proving (6.2). Assume that « > 1, where « is defined in (B.3).
Then the inequality (6.2) is deduced from (6.1) using the equality E[X] = [[°P(X >
x)dz (which is valid for every nonnegative real-valued random variable X), a simple
change of variables, and Lemma B.1 with the aforementioned . Namely,

o0
B [sup Iofr 7ol | = [P (s I~ 7 e 20 )
teS, 0 teS,

o0
— / P (sup 10,7 = Phrlloe > B”ﬂpmin> Prain 4B
0 teS,

- .
S{ O™ puin /02 INB (2 D]}

and (6.2) is proven. Adapting the proof of (6.2) in the case o < 1 to get a bound
which is independent of pni, can be done by replicating the analysis leading up to
(B.5) by replacing pmin with pmax in the definition of the stopping time T, and all
relevant thresholds (we omit the details). Finally, (6.3) is easily proved along the lines
of [7, Lemma 16]. 0
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