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Abstract

We propose a method utilizing physics-informed neural networks (PINNSs) to solve Poisson
equations that serve as control variates in the computation of transport coefficients via fluctua-
tion formulas, such as the Green—Kubo and generalized Einstein-like formulas. By leveraging
approximate solutions to the Poisson equation constructed through neural networks, our ap-
proach significantly reduces the variance of the estimator at hand. We provide an extensive
numerical analysis of the estimators and detail a methodology for training neural networks to
solve these Poisson equations. The approximate solutions are then incorporated into Monte
Carlo simulations as effective control variates, demonstrating the suitability of the method for
moderately high-dimensional problems where fully deterministic solutions are computationally
infeasible.

This is a preliminary version of the paper, and further revisions will be made before the final

submission.

1 Introduction

In this paper, we investigate general control variate strategies to reduce the variance of estimators of
transport coefficients, understood in a broad sense as L? inner products involving the solution to a
Poisson equation, as made precise in (TC) below.

Mathematical framework and objective. To precisely describe the mathematical object that
the methods we present aim at approximating, we consider the following general time-homogeneous
stochastic differential equation (SDE) in state space X'

dX; = b(Xt) dt—i—U(Xt) dW,. (11)

The associated Markov semigroup associated to (1.1) is given by (e“¢) (z) = E[p(X¢)|Xo = z].
We denote by £ its infinitesimal generator on L?(j), which is given on C° by

L=bTV+ %O‘O‘T: v2, (1.2)
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We assume that the dynamics (1.1) admits a unique invariant probability measure p, and that the
equation (1.1) is supplemented with stationarity initial conditions Xy ~ p. Suppose that f: X - R
and g: X — R. Our focus in this work is to devise and study computational approaches to
approximate quantities of the form

p= <f7 G>7 (TC)

where G denotes the solution to the Poisson equation (the well-posedness of such equations will be
discussed below)
—LG =g, (1.3)

For a more convenient presentation of the results to come, we assume throughout this work that
the left-hand side of Poisson equations such as (1.3) have average 0 with respect to p. This is a
natural consideration, as one can simply recenter functions with nonzero average by replacing g
by g — E.(9).

In (TC) and throughout this work, scalar products (-,-) (and associated norms |[|-||) are taken
on L?(u), unless otherwise specified. Solving the partial differential equation (1.3) with deterministic
methods is not computationally feasible in high dimensions, and so a number of probabilistic methods
have been proposed in the literature to approximate quantities of the form (TC), some of which
we discuss in the next paragraph. In this work, we present a variance reduction approach based
on control variates for a class of statistical estimators for p relying on the celebrated Green—Kubo
formula: for two functions f, g € L?(u) with average 0 with respect to u,

o= [ Bl (1.4)
0

In the rest of this section, we first present a number of applications where calculation of quantities
of the form (TC) is important. We then briefly review the control variate approach to variance
reduction, and finally list the contributions of this work.

Applications. Quantities of the form (TC) appear in various applications:

e In molecular dynamics, most transport coefficient can be written in this form [35]. Examples
include the mobility, the heat conductivity and the shear viscosity. See [22, Section 5| for an
overview, and [38, 39, 5, 32| for recent works proposing efficient computational approaches for
the numerical calculation of transport coefficients. We emphasize that, in molecular dynamics
applications, it may be rather easy to generate independent and identically distributed samples
from g but much more difficult to approximate the transport coefficient (TC). A classical
example of this is the mobility in the underdamped regime for two-dimensional Langevin
dynamics, where the state space is only 4-dimensional; see 30, 32].

e In statistics, formulas of the form (TC) with f = g are important because they give the
asymptotic variance for the estimator of E,[f] based on an ergodic average along the realization
of the Markov process (1.1), see [4, 18, 8]. More precisely, the it can be shown that

T
% /0 FOX0) dt = 770, ).

Thus, estimation of p is useful for quantifying the uncertainty associated with the ergodic
estimator. Early works towards this goal are due to Parzen [29] and Neave [26]. See also [24]
for a more modern reference on the subject.



e In the theory of homogenization for multiscale stochastic differential equations, quantities of
the form (TC) appear in the coefficients of the homogenized equation; see [27, 28], as well
as [33, Section 11] for a theoretical overview, and [40, 13, 1] for numerical works aimed at
the efficient calculation of the coefficients of the homogenized equation. In this context, the
functions f and g in (TC) and (1.3) are usually different, which motivates the level of generality
we consider.

Using control variates for variance reduction. In this paragraph, we want to motivate and
give the flavor of the methods proposed in this work, without entering into details. To this end,
assume that an approximation ), to the exact solution G of (1.3) is available and rewrite

p = (fr1hg) + (f, G = tby). (1.5)

The first term on the right-hand side is the average of the known function fi, with respect to p. This
term can be calculated efficiently, with classical Monte Carlo methods sampling from p. The second
term on the right-hand side of (1.5), on the other hand, still involves an inner product between f
and the solution to a Poisson equation of the form (1.3), but now with the right-hand side g + L1,
instead of ¢g. This term can be estimated numerically based on the Green—Kubo formula (1.4):

.G = [ "B (X0) (g + L) (X0)] di. (16)

A number of statistical estimators can be employed to approximate the integral on the right-hand
side, but we postpone the details of these estimators to Section 2. The point we want to make here
is that, if v, is a good approximation of G in an approximate sense, then the function g + L,
is “small”, in which case it is reasonable to expect estimators for (1.6) to have a smaller variance
than those for (1.4).

The method just described is one of the three control variate approaches described in Section 3.
These are based on different rewritings of (1.5), but they all have in common that they require
approximate solutions to Poisson equations of the form (1.3).

It may seem contradictory, at this point, that the control variate approaches we propose are
based on approximate solutions to Poisson equation of the form (1.3), given our earlier claim that
solving (1.3) deterministically was not computationally feasible in high dimension. The key to resolve
this apparent contradiction is to realize that the control variate approaches described in this work
can yield substantial variance reduction even when v, is a rather poor approximation of G, when
compared to the usual performance of traditional numerical methods for low-dimensional PDEs.
Therefore, we argue that using control variates of the type presented in Section 3 is ideal in moderately
high dimension — for which solving the Poisson equation (1.3) precisely using a deterministic approach
is impossible, but a rough solution can still be calculated, using for example a neural network. The
applicability of the control variate approach depending on the problem dimension is illustrated
in Table 1. The methods presented in Section 3 can be thought of as hybrid deterministic-probabilistic
approaches for calculating (TC), where a rough deterministic approximation is corrected by a Monte
Carlo simulation.

Our contributions. The main contributions of this paper are the following.

e We review classical estimators for (TC) based on the Green—Kubo formula (1.4), and present
rigorous results concerning their bias and variance in the longtime limit. We focus in the
mathematical analysis on estimators based on solutions to the continuous-time dynamics (1.1)



Dimension

Method Low (d <3)  Moderate (3 <d < 10) High (10 < d)
Fully deterministic Ideal Inaccurate Very inaccurate
Probabilistic + CV Inefficient Ideal Inefficient
Fully probabilistic ~ Very inefficient Inefficient Ideal

Table 1: Comparison of fully deterministic, hybrid (probabilistic with control variate) and fully
probabilistic methods for estimating (TC). The words “Inaccurate” and “Inefficient” should be
understood as qualifying the performance of the method in comparison with the other methods for
the dimension d considered. Note that the values separating moderate dimension from low and high
dimensions are of course arbitrary; in particular, the performance of a deterministic method is highly
problem-dependent and method-dependent.

for simplicity. However, the approach we describe can be employed in combination with
discrete-time approximations of (1.1) used in practice.

e We present and analyze three control variate approaches to reduce the variance of the classical
estimators. The first one, in the same spirit as in [37, 32|, requires an approximate solution
to the Poisson equation (1.3). The second one is a new, computationally more economical
approach based on the approximate solution not of (1.3), but of another Poisson equation
involving f and the adjoint of £. Finally, the third approach combines the first two, and yields
the largest variance reduction.

e We use a neural network approach to numerically approximate solutions to the Poisson equations
required in the control variates.

o We illustrate the efficiency of the proposed control variates approaches by means of careful
numerical experiments. Our experiments demonstrate that, even when the Poisson equations
are not solved precisely, substantial variance reduction can still be achieved.

Plan of the paper. The rest of this paper is organized as follows. In Section 2, we present
classical estimators for (TC) and rigorously establish formulas for their bias and variance. Then,
in Section 3, we present novel control variate approaches for these estimators. Finally, we describe
how the approximate solutions to Poisson equation involved in these approaches can be constructed
by using physics-informed neural networks (PINNs), and present numerical experiments in Section 4.

2 Fluctuation formulas

We discuss in this section some fluctuation formulas used for computing (TC), then present error
bounds for their estimators. We first discuss the Green—Kubo formula in Subsection 2.1, then a
generalized Einstein formula in Subsection 2.2. A summary of the results presented in this section is
given in Table 2.

Before presenting the results, we introduce useful notation used throughout this section, as well
as an assumption. Define

Zh = { € ) \ [ pau=o}. (2.1)



Estimator for (f,—£ !g) Bias Asymptotic variance

Green—Kubo: Subsection 2.1 Proposition 2.2 Proposition 2.3
[ oy <Ejfighe T~ —L )
Half-Einstein: Subsection 2.2 Proposition 2.5 Proposition 2.7
[ [ w(5) soxgsxasar o ~ Al L7 ) g, L)

with ¢ == fol(l —v)w(v)? dv

Table 2: Summary of the results proved in Section 2. For conciseness, the estimators are presented
here for just one realization.

The notation ITI: L?(pu) — L3(u) refers to the orthogonal projection onto L3(p), acting as

=7~ | fan
X
We also introduce, for sufficiently smooth F, G, the carré du champ
1 1
L(FG) = 5 (E(FG) e G[,F) ~ SVFT00™VG, (2.2)

as well as the associated Dirichlet energy
1
E(F.C) :/ P(F.G)du = 3 ((F,~£G) + (@, ~LF)).
X

In several proofs in this section, we will need to manipulate the quantities 2I'(F, F') and 2E(F, F).
Since these occur very often, we introduce the new notation yp = 2I'(F, F') and X = 26(F, F), and
note that

Xr = 2(F,—LF). (2.3)

In most of the results of this section, we make the following assumption, where B(L3(u1)) is the
Banach space of bounded linear operators on L3(u), and (RIFEY L2()) the associated operator norm.

Assumption 1 (Decay estimates of the semigroup). There exist positive constants L and A
such that

HetLHB(Lg(,L)) < Le . (2.4)

Decay estimates of the form (2.4) can be shown to hold for both overdamped and kinetic
Langevin dynamics. For the overdamped dynamics, it follows directly from the fact that the measure
w satisfies a Poincaré inequality (in fact, in the setting here (1.1) is a reversible diffusion, the decay
estimate (2.4) is equivalent to the measure p satisfying a Poincaré inequality; see |3, Chapter 4]
for a comprehensive discussion). For Langevin dynamics, it can be established from hypocoercivity
arguments [16, 11, 12, 14, 38, 7, 6].

Corollary 2.1 (Well-posedness of Poisson equations). Assumption 1 implies that L~ is a
well-defined bounded operator on L3(u), which satisfies the following operator identity:

+o00
—le/ et dt. (2.5)
0
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Thus, Poisson equations of the form —LG = g for g € Lg(u) are well-posed and admit a unique
solution in LE().

Throughout this section, we work under the assumption that the stochastic differential equa-
tion (1.1) is supplemented with stationary initial condition

Xo ~ 12 (26)

so that Xy ~ p for all £ > 0. The results can be generalized beyond stationary initial conditions, at
the cost of additional terms an additional term in the bias scaling as O(T 1), see [25]. However,
to avoid unnecessarily hindering the already nontrivial proofs, we assume Xy ~ p for the sake of
simplicity.

2.1 Green—Kubo estimator

To numerically estimate the Green—-Kubo formula (1.4), one typically approximates the expectation
as an average over K independent realizations of the reference dynamics (1.1) started from i.i.d.
initial conditions Xy ~ p. Additionally, the time integral is truncated at some finite integration
time T'. This leads to the estimator

K .1
1
~GK k k
P = 2 [ axbredar (GK)
k=10
We study in this section the properties of this estimator. We first state a result which makes precise

the time truncation bias of the estimator (GK).

Proposition 2.2 (Bounds on bias for the standard Green—Kubo estimator). Suppose that
Assumption 1 holds, and that f,g € L&(u). Then,

L
[E(pRS) — | < X||9||HfHefAT- (2.7)

This result shows that the bias arising from the time truncation of the integral decays exponentially
fast in time. It is a standard result in the literature, see e.g. |21, 34]. We nonetheless state it, as it
will be used to show some error estimates for the improved estimators in Section 3.

Proof. By writing the expectation in terms of the semigroup operator, we obtain

T —+00
B - | = / Elg(X,)f(Xo)] df — / E[g(X,)f(Xo)] dt
0 0

+o00
< /T |(f,e“q)] dt. (2.8)

By the Cauchy—Schwarz inequality and the decay estimate for the semigroup (Assumption 1), we
have

[(f.ea)| < IIFIlfle* gl < LllgllI flle™™"

Using the above inequality in (2.8) yields

+o0 L
_ glllfll -
B - ol < Llgllf] [ e = H oo, (2.9

which is the desired result (2.7). O



We next make precise the scaling, and exact prefactors, of the asymptotic variance of the
estimator (GK).

Proposition 2.3 (Bounds on variance for the standard Green—Kubo estimator). Suppose
that Assumption 1 holds. Consider f € Ly(u) and g € L3(un) such that G = —L g € L*(u), and
assume that xc € L*(n). Then,

A 2[|£1*(g,—L ")
1 ~GK )
TLHEOO v (pK’T) - K ’

(2.10)

This result shows that the variance scales linearly in time asymptotically as T" — oo. In regards
to the prefactor, in view of Corollary 2.1 and Assumption 1 it holds that (g, —£L 'g) < LA7!|g||*.
Furthermore, note that integrability condition G € L*(11) can be shown to hold through hypercon-
tractivity, for which a sufficient condition is g € L*(1) when decay estimates from Assumption 1
hold; see Appendix A, particularly the discussion around Assumption 2.

Proof. Since V (f)g’(}%) =K'V (ﬁ?g), it suffices to prove the result for K = 1, i.e. to prove that
Lot 2 1
lim V X)) f(Xo)dt| =2 L), 2.11
Jin V= [ de| =202 -2 (211)

Note first that G is the unique solution to the Poisson equation (1.3), which is indeed well-posed in
view of Corollary 2.1. Applying It6’s formula to G(X;), then multiplying the result by f(Xo)/vT,
we obtain

T T
\/IT/O 9(Xe) f(Xo) dt = ff/);;?) (G(XO)—G(XT))JrfE/);))/O VG(X) (X)) dW,
=: Ar + Br. (2.12)

The first term on the right-hand side of (2.12) converges to 0 in L?(Q2) as T — oo since f,G € L*(u).
Applying It6 isometry to the second term gives

v {ff/);?) /OT VG(Xt)TO'(Xt)th] - ;/OTE F0)PVEX) o (X0 (X)TVE(Xy)| di

T
~ 1P+ 7 | B LA ()] de

1 T
= 1fI"Xe + 7 / (12, e TIxg) dt. (2.13)
0
The second term in (2.13) tends to 0 as 7' — oo by the decay of the semigroup, since

T
'1 [ i) dt' <

Cllf 174 ITxal /Te_
0

T T

To conclude, we note from the definition of the variance that

V' VI[Br] = /VI[Ar] < \/V[Ar + Br] < \/V[Br] + v/ V[A7].

Taking 7' — +o0 leads to the desired result (2.11) in view of the expression (2.3) for x¢-. O



2.2 (Half) Einstein estimator

In this section, we discuss an Einstein-like estimator of the quantity (TC). Einstein formulas allow
to rewrite time-integrated correlation functions as

/thdt

lim B
T 2T

] /W E[f(Xo)f(Xy)] dt. (2.14)

This equality holds since

T T
lglgoﬁE / FOX0) dt ]_ 13202;/0/0 E[(X,)f(X0)] ds dt
T
= lim i E[f(Xo0)f(Xy)] (1—T) dt,

where we used that E[f(X;)f(X:)] = E[f(Xo)f(X:—s)] by stationarity for any 0 < s < ¢, and where
we performed a change of variable in the last step (see Lemma B.1).

Evaluating the left-hand side of (2.14) in practice involves two key considerations: (i) ap-
proximating the expectation as an average over multiple independent replicas of the system; and
(ii) considering moderately long integration times 7', as opposed to the long-time limit.

When the quantity of interest is not given by autocorrelations as above, one can consider
generalized Einstein formulas of the form

lim — [// f(Xs)g(Xy) dsdt] /O+OOE[f(XO)g(Xt)} dt. (2.15)

Note that the left-hand side of (2.15) corresponds to only half of the double integral in the usual
Einstein formula, as the quantity of interest is the one-sided correlation E[f(Xy)g(X;)]. Thus,
given K independent replicas of the system with i.i.d. initial conditions Xg ~ u, a natural estimator
of (2.15) is given by

P :KTZ//ka (XF) ds dt. (2.16)

Note that the left-hand side of (2.15) can be written as
T . N 1 T—u
lim [ E [CT(U)] du,  Op(u) = — / F(X)9(Xsyu) ds,
T—o00 0 T 0
with
~ T—u
E[Cr(u)] = ~"B|f(X0)g(X.)| — B[/(Xo)g(X.)]-

In fact, the expression (2.16) can be formulated in terms of a general weight w. This gives rise to
the following estimator of (2.15), realized with K independent trajectories of the reference dynamics
with i.i.d. initial conditions Xg ~ u:

_ TlKi/OT/Oth;S)f(Xf)g(Xf)dsdt, (HE)

where aTk(u) denotes Cp(u) for a realization (XF)o<t<r of (1.1).



Remark 2.4. The estimator (HE) may also be rewritten as

S [ () ettt

Thus, the estimator could also be interpreted as an approzimation of the Green—Kubo formula (1.4)
where the correlation E [f(Xo)g(X4)] is approximated by

o LS T (Y F g
BUC~ e Y [ w(f)rhext)ds, 0<usr
k=1

The right-hand side is an unbiased estimator of the left-hand side for w(z) = (1 — z)~'. However,
this choice of the weight function leads to the estimator (2.16) having an unbounded variance in the
limit as T — 00, as suggested by Proposition 2.7 further in this section and proved rigorously in
Corollary A.4 in the appendiz. In practice, other choices of w are thus preferred.

We next state a result which makes precise the bias associated with the estimator (HE).

Proposition 2.5 (Bounds on bias for the general (half) Einstein estimator). Suppose that
Assumption 1 holds true, and that Xo ~ p. Suppose that f,g € LZ(n), and w € C°([0,1]). Then,

+ e_AT>. (2.17)

B(6) — ol < Lol (7] [ (1= w1 - w)e ] +

The result (2.17) suggests that there are two distinct contributions to the bias. The integral
term represents the bias due to the weight w, whereas the term e *T corresponds to the standard
time-truncation bias. While it is possible that the first term vanishes for finite 7" with an appropriate
choice of w, the truncation bias, present on any estimator of (1.4), only vanishes in the limit 7" — oo.

Remark 2.6 (Consistency conditions on w). The condition w(0) = 1 ensures that the estima-
tor (HE) is asymptotically unbiased, since the function u — XTe " tends to the Dirac measure &
in the sense of distributions as T — oo, so that

/01 (1 —w(u)(1 - u))e_)‘T“ du

This is a standard consistency condition throughout the literature [29, 26, 2].

T ——— A7 41— w(0)]. (2.18)
T—o0

Proof of Proposition 2.5. We use the same reasoning as in [32, Lemma 2.7]. By stationarity and an
appropriate change of variables (see Lemma B.1), it holds that

Bl =1 [ [ w(50 Bl dsa

= [ 0w

1
— ul'L — ) du.
=7 [ w)(f. (1 - wd




It follows that

1 “+o00
}E(ﬁ?&)—p!:‘T/o 7~U(U)<f7e”“‘T‘:9>(1—U)du—T/0 (f.€"T*g) du

1 +o00
= ‘T/ (1—w(u)(1—u))<f,e“TLg> du—l—T/ (f,e"TEg) dul. (2.19)
0 1
By a Cauchy—Schwarz inequality and Assumption 1,
ulL uTL —ATu
T4 < 1A Mg gy < LIS Nllglle™ T
Applying this inequality in (2.19) gives
1 “+o00
BFE) — | < ZIfllgl (\T [ (1wt = w)e e w7 [ e a)
1 —AT
_\Tu e
= 2ol (|7 [ (1wt =)o anl + ),
0
which is the desired result (2.17). O

Before stating the next result, recall that xp = 2I'(F, F'), with T the carré du champ operator
defined in (2.2), and similarly for xg. We now state a result making precise the variance of the
generalized half Einstein estimator (HE).

Proposition 2.7 (Bounds on variance for the generalized (half) Einstein estimator).
Suppose that Assumption 1 holds true, and that Xo ~ p. Assume that w € C%([0,1]) and w(0) = 1.
Consider f,g € Lg(u) such that L7 f, L7 g € L*(u). Assume in addition that xr,xc € L*(n),
where F,G denote the solutions in L3(p1) to the Poisson equations

—LF = f, —LG = f. (2.20)
Then, there exists Vi, € RT such that
VI'>1,  V(pr7) < Vig. (2.21)
Moreover, the asymptotic variance can be made precise as
4 1
li ) = — 1- 2 —ct —L7tg). 2.22
Jim V) = ([ a-ouwra) e e -2 2.22)

Note that the right-hand side of (2.22) is symmetric in f, g. In contrast with the variance results
for Green—-Kubo in Proposition 2.3, we require stronger integrability conditions on the solution to
the Poisson equations, in particular such that xr, xg € L*(i). These conditions, however, can also
be shown to hold with the same hypercontractivity arguments mentioned in Proposition 2.3, which
are discussed in Appendix A. Additionally, note that the asymptotic variance is constant for the
half Einstein estimator (whereas it scales linearly in time for Green—-Kubo), which suggests that
long-time integration is not a numerical hindrance in this case.

Proof. The well-posedness of the Poisson equations (2.20) is ensured by Corollary 2.1. It suffices to
prove the result for K = 1, since V(/’)?(ET) =K1 V(Z){l{%) In order to more conveniently state the
technical results to come, we write the estimator (HE) for K =1 as

T t _
ﬁT:/O Lg(X)dt, I ::;/0 w(tTS>f(Xs)ds. (2.23)

10



The idea of the proof is to write pr as the sum of a Brownian martingale and perturbation terms,
followed by showing the L?(u) convergence to 0 of each of the perturbation terms. To this end, let
& = G(Xy)I;. By Itd’s formula, we have

dG(X;) = —g(Xy) dt + VG(X;) o (X;) dW,
dI, = (“];O)f(xt) + 1}2/0 w'(t Ts)f(XS) ds) dt.

Since dft = d(G(Xt)It) = Ith(Xt) + G(Xt)dft, it follows that

dé, = —g(X,)I, dt + %G(Xt) (w(O)f(Xt) + % /Ot w'<t ;S>f(X8) ds) dt (2.24)

+ LVG(X,)To(X;) dW;.

Integrating (2.24) between ¢t = 0 and ¢ = T allows us to write pr as

pr = —G(Xq;)IT + % /OT G(X,) <w(0)f(Xt) + ;/Ot w’<t ;S)f(Xs) ds) dt 2.95)
+ [ Ve Te(x) aw.

At this stage, we would like to replace I; by some Brownian martingale (and boundary terms). To
this end, applying It6’s formula to w((t — s)/T)F(Xs), we obtain

(T )roc] = g (5 ) P ds - (5 ) as

o) VRCTa k)

which, after integration in time from s = 0 to s = ¢, allows us to write I; as

I — % [w(%) F(Xo) — w(O)F(Xt)] _ % /Ot w'(t ;S>F(XS) ds

v /0 tw<t;8>VF<Xs>Ta<Xs)dWs-

(2.26)

Substituting the above equality into (2.25) allows us to write pr as the desired sum of a martingale
and remainder terms, namely

. :AT Mr  Rryp  Rrp

— 4+ — 2.2
pr="pt ot (2.27)
where A7 /T denotes a term which will converge to p:
T
Ar = w(0) / G(Xy) f(Xy)dt,
0
the martingale My /T is the dominant term among the other terms:
T/ oty g
Mr = / </ w< 7 >VF(XS)TU(X5) dWs> VG(Xy)To(Xy) dW, (2.28)
0 0

11



and R71/T and Rr2/ T? are remainder terms that we group according to the power of 1/7T that
they multiply:

R = G(Xr)(w(0)F(Xr) — w(l)F(Xo))

-axn) [ Tw(TT S)VF<XS>TU<XS> aw,
(

)F(Xo)} VG (X)) To(Xy) dW;

By the triangle inequality,

1
2

. (2.29)

1
2

3 2
+E

1
2

+E

1
2] 2 2

1
2] 2
eflor— 2] ][] <

T2

Mt
T

Rra
T

‘ Rr2

Ar N
& - Bl

Note that if the right-hand side of (2.29) vanishes as T' — oo, and if the variance of Mr/T admits a
limit as T" — +oo, then

My |?
T

Jim E[}ﬁT —E[ﬁT]ﬂ — lim E (2.30)
T—o0 T—o0

The claimed result (2.22) follows by showing the L?(f2) convergence of each term in (2.29), namely

2

Ar R
lim E |[|=X - E = 2.31
Jim ' T (7] 0, (2.31a)
My |?] 1
lim E ||— :4</ (1—v)w(v)2dv) (f, =LY g, —L1g), (2.31Db)
T—o0 T 0
2] 2
. 1|7 . Rra|"|
A E ! 7| |TAE| ]— - (2.31c)

We successively prove the various limits in the order they appear above.

Convergence of Ar/T. Note first that E[f(X:)G(X¢)] = p. Since w(0) = 1, it holds that

Ar |2

E||lZE —
Tp

= [ [ B[(reva6tx0 o) (sxacx) - p)] asa
== OT<T —0)E | (F(X0)G(X0) - p) (F(Xo)G(Xg) - p)] db.
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Using the decay of the semigroup in Assumption 1, and noting that fG — p = II(fG) € L3(p), we
deduce that

A 2 2 [T oc
B0l | =72 [ @016 peG—p)as
B R e B L —
\TQ 0 T—+o00 '

Convergence of the dominant term M7/T. We next show the convergence (2.31b) of the
dominant term Mp/T. To this end, we introduce

S 18—s T
Ng = w| —F VF(X;) o(Xs)dWs.
0
Recall the definition of xg By Itd isometry, we have that

1

Mpl* 1T J
=7 |, E[N/xa(Xy)] dt

— T T
XaG 2 1 2
=72 E[Nt}dHTg/o E[NIxa(Xy)] dt. (2.32)

We also recall that Y = 2(g, —£L 1g) from (2.3), and note that E[xg(X;)] = X since by assump-
tion Xy ~ p. The first term in (2.32) is then equal to the right-hand side of (2.22) since, by It
isometry, stationarity and an appropriate change of variable (see Corollary B.2 for details),

~ T - T rt 2
Xa 21 5 _ XG t—s

T oyt A2
:4<f,f£‘1f><g,—£—1g>% /0 /0 w(th> ds dt

1
—4(f,—Lf) (g, L) /0 (1 = v)w(v)? do.

It remains to show that the second term in (2.32) converges to 0 as T' — +o0. Letting z = ¢/T", this
term can be rewritten as

1 N2
/ [NZIxG(X.r)] dz = / zE[ ?ng( )] dz.
0
In order to show that the integral above vanishes, we first show that its integrand vanishes, i.e.,
N§
lim E|—=IIxq(Xs)| =0. 2.33
Glim [ < xa( s)} (2.33)

To this end, to make use of the exponential decay of the semigroup, we rewrite

N2 NZ- N2
?SHXG(XS) = ST\/gHXG(XS) + <SS SS\F> xa(Xs). (2.34)

13



For the first term, by the Cauchy—Schwarz and Burkholder-Davis—Gundy inequalities (with BDG
constant Cy), we have

N2
%ﬁHXG(XS)

2

E

=E S; (e\/g[’HX(;> (XS\/E)]

N4 J5 2 273
<E %—2 S E[)e‘/gcﬂxg(XS\/g)‘ }

o M55 vse 2
< C4E 52 E[’e HXG(XS\/§)’:| )

which vanishes as S — 0o, as the first term is uniformly bounded for S > 1 since xr € L?(p):

2
T ) xr(Xs)ds

2 VE
<N>S_‘/§]:1E /5 Sw<5—\/§—s
0

4
T > XF(X5)2 ds

/S_\/Ew<5—\/§—8
0

wlbo (57 : i
<TE [ Bl ds < ol

while the second term tends to 0 by the decay of the semigroup and stationarity (since X _ Vg~ H
when Xg ~ p) since xg € L?(p):

1
212
Eﬂeﬁcnxa(xsﬁ)‘ ] _ Heﬁcnm” < Lfyele Vs —o.

For the second term in (2.34), we have

N2 NZo Ng—Ng_ ,sNsg+Ng_
E (SS - SS‘/5> [Ixe(Xs)| = E[ \/gs VS \/gs \/EHXG(XS)}
1 1
‘Ns - N ‘2 : ‘(NerN f)HXG(XS)r ’
<E sz\/§ E i ; (2.35)

To show that (2.35) vanishes, we show that the first term vanishes, while the second one is bounded
uniformly in S. We start by considering the first term:

s S —s T
Ns—Ng_ 5= S_ﬁw< - >VF(XS) o(X,) dW,

ST Jo_, G VB (2.36)
4 /0 w( - >—w<T> VF(X,) o(X,)dW,.
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In L?(p), the first right-hand side term in (2.36) is O(v/S) by It6 isometry and the fact that w is uni-
formly bounded, while the second term is O(1) since w is Lipschitz (with Lipschitz constant ||w’||co):

S 2 112 S—V/S
S—s 25|l
E[|NS —NS_\/§|2} <2E /sﬁw( T ) XF(Xs)ds| + TCOE /0 xF(Xs)ds

<2V S|w||Zoxp + 2w | 20X p-

Therefore, the first term in (2.35) is of order S~1 (and uniformly bounded for S > 1). We now show
that the second term in (2.35) is uniformly bounded. Indeed, by applying the Cauchy—Schwarz and
BDG inequalities, and since xr, x¢ € L*(¢) and w is uniformly bounded,

EU(NS + NS_\/E)HXG(XS)‘Q] < 2E[Nillxa(Xs)] + 2E[ _ssxa(Xs) }

1 1
2\/C’4E[ ] E[llx¢(X.)Y]? +2\/C4E[ } E[lIxg(Xs)']?
< 4/CaSllZo lxr I Txal 2 -

so we deduce that (2.35) is uniformly bounded in S and tends to 0 as S — 400, and thus (2.33)
holds. The functions appearing in the integral are uniformly bounded, hence uniformly integrable.
Using dominated convergence, we conclude that

1 NZ
E| —ZLTIya(X, . 2.
/Oz [ T g )]dzmo (2.37)

This proves (2.31b).

Convergence of remainder terms Ry /T and Ry /TQ. In order to conclude the desired
result (2.22), it remains to prove (2.31c), i.e. that the remainder terms Ry 1/T and Ry o/T? vanish
in squared expectation as T — 4o00. Let us start with Rp ;. We show that for each ¢ € {1,2,3}, the

quantity E[|R 1| /T is uniformly bounded in T"

. R% )1: Since G, F € L*(p) and w is uniformly bounded, it trivially holds that
1
E [|R{) | = 01),

. Rg? )1: Applying the Cauchy-Schwarz and BDG inequalities (and since G € L*(u), xr € L?(u)
and w is uniformly bounded), it follows that

| )

/oT“’<T; S>VF (X)To(X) dW,
_/OTw<T;S>2XF(XS)ds2 7

T T — 4
<VOWVT|G T E /0 w< TS> XF(Xs)QdS]

< VT [wlEo Gz Ixel.

[V

B[R] <mlaeen) e

</ C4||GH%4(#)E

[NIES
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° Rg)l By the It6 isometry and a Cauchy-Schwarz inequality, since F' € L*(u), xg € L%(p)
and w is uniformly bounded, it follows that

E[)R?)ﬂ <2 /0 TE[F(XonG(Xt)] dt +2 /0 ‘B w(é)ZF(XoFxG(Xt)] dt

< 2T F s Ixal + 271wl 2ol F I I

Thus, we conclude that E[|7€T,1|2} = O(T) as desired. Let us now consider Ry 2. We have

. R(l) By Cauchy-Schwarz and the fact that w’ is uniformly bounded and F,G € L*(u), it

holdb that
G(Xr)? < /O ' w’(T; 3>F(Xs> dsﬂ

/OTw’(T; S>F(X5)ds

< T 2ol G | F 1)

2

=

< E[G(Xr)] 'E

y

. Rg?)Q By the same reasoning we used to write (2.26), we apply Itd’s formula to w'((¢t —

)

s)/T)F(Xs) to rewrite Rgp)z as

O_1/TG(Xt)</0tw”<t;S>F(Xs)ds> dt (2:38)
o ([ (7

The expectation of the square of the first two terms in (2.38) are easily shown to be O(T?) by
a Cauchy-Schwarz inequality, since w’, w” are uniformly bounded and F,G € L*(u):

/ GXt< ( > (Xo) — (O)F(Xt)> dt2]
T

T
<27l [ BIGEGPF(N)] di+ 2T o | BIGN PP (X de
0 0
ATl g I F s

/OT G(Xt)</0t w"(t ;S)F(Xs)ds>dt 2]
< ;/TE[G(Xt)‘*]%E (/Otw”<t;8)F(Xs)ds>4rdt

w120l F N7, T2l w" [Goll I 74 HGHLW

T 1
< 7 /0 B [G(X)*]? dt = ;

)VF(X )T o(Xs) dWS> dt.

and
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For the third term, since xyr € L*(u), applying Cauchy-Schwarz and BDG gives

/OT G(X) </0t w’(t ;8>VF(XS)TO—(XS) dWs> dt 2]
<t T S) X) o (X,) dW, 4] "
/ t;s XF(Xs) ds 2 édt

1 T \/7
< TV Cullw' Hco||XF\/ tE[G(X,)*]2d w120 lIxE NGl Z s

s0 it holds that B[|R{L[?] = O(T3).

T 1
< T/ E[G(X,)']?E
0

TJ(Z/ |’E

. Rg’ )2: By It6 isometry, the Cauchy—Schwarz inequality, the fact that w’ is uniformly bounded
and F € L*(u), xg € L?(u), it follows that

/(]T(/Otw’(t;S)F<Xs>ds)2x(;<xt>dt]
<l [ | [ w(52)Fexas 4rdt
< el [ 8| ([irex |ds)] p
< etz [ Bl [ trF<Xs>\4dsrdt

T 3
T
< lxellllw'[|Zo | F Il 2 dt = —Ixalllw g0l F I3,
W) [, 3 (1)

N

Thus, we deduce that E[|Rr2|?]/T* tends to 0 as T — oo (which allows to conclude that the
right-hand side of (2.29) converges to 0), and in particular that it is uniformly bounded in 7', which
gives (2.21). This concludes the proof. O

Remark 2.8 (Generalization). [t is possible to weaken the regularity conditions on the weight w in
order to extend the results of Proposition 2.7 to a more general class of weight functions, in particular
requiring only that w be continuous at 0. Technical details are made precise in Appendiz A.

2.3 Numerical illustration

In this subsection, we illustrate the bias and variance of the estimators (GK) and (HE), with various
weights for the latter, in a simple setting where these quantities can be calculated explicitly, up
to low-dimensional numerical quadratures. Specifically, we consider the setting where X; is the
one-dimensional stationary Ornstein—Uhlenbeck process,

dXy = — X dt + \/ith, Xo ~ N(O, 1)

17



and f, g are the identity functions. That is to say, we consider estimators for the quantity

p= /OO k@) dt, k() :=E[XoX,] =e "
0

Green—Kubo estimator. A simple calculation gives that the bias and variance of the estima-
tor (GK), for K = 1 realization, are given by

E[pRy] —p=—,
T T 9
Vi) = [ [ Blxdxdx!xd] dsae - B[]
0 0
T T
_ / / 2k (t)k(s) + k(OVK(t — s)dsdt — B[pGE)? = 2T — 14 &7,
0 0

where we used Isserlis’ theorem in for the variance. The absolute bias and the variance are illustrated
for a range of values of T" in Figure 1.

Lo Absolute bias 0 - Variance

0.8 30 |
0.6
20
0.4

02 b 0r

O'O 1 1 1 0 1 1 1 1
0 5 10 15 20 0 5 10 15 20

Figure 1: Absolute bias and variance of the Green—Kubo estimator (GK), in the simple setting of
Subsection 2.3.

Half-Einstein estimators. A similar reasoning gives that the bias of the Half-Einstein estima-
tor (HE) is given by

)

E 5] p— ;/OT(T . 9)w<%)k(0) o — 1.

To obtain a practical formula for the variance, we first rewrite the estimator (HE) as follows:

K .7 T
1 U
~HE k k
— . 2.
PKT = T 521/0 /0 w(T>f(Xs)g(Xs+u)deU (2.39)

Consider the particular setting of this subsection, with f, g the identity functions and K = 1. Taking
the square in (2.39), taking the expectation, and using Isserlis’ theorem, we obtain the following
expression for the variance:

1 [T /T u v 2
VI = s [, ), () () e o 5T
where

T—u T—v
I(u, v) ::/O /O (k:(u)k(v) YR+ —s—wk(t—s) —i—k(t—i—v—s)k(t—s—u)) dt ds.
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Weight function

Expression for w(t) (for 0 <t <

1)

Constant w(t) = Lio<i<t)
Bartlett w(t)=1—t
1—6t2+6t3, t<0.5
Parzen w(t) = N
2(1 — )3, t>0.5
1 t
Tukey—Hanning w(t) = —i—cgs(ﬂ')
Parzen—Riesz w(t) =1—t2
. 1
Parzen-Geometric w(t) = ——
1+1¢
1
p —Cauch t) =
arzen—Cauchy w(t) e

Table 3: Expression for various weight functions w(t), defined as above on 0 < ¢ < 1, and otherwise 0;
see [41] and references therein.

The inner double integral I(u,v) can be calculated explicitly by symbolic calculations, after which
the outer double integral can be calculated by numerical quadrature. The absolute bias and the
variance, for various weight functions encountered in the literature and for a range of values of T,
are illustrated in Figure 2.

Variances
20 f—-— et e e e — -

Means

06 r —
15

I

04 r

1.0

[T

Constantw =1
Barlett
Parzen
Tukey-Hanning
Parzen-Riesz
Parzen-Geometric
Parzen-Cauchy

0.0 1 1 1 1 | 1 1 1 1 |
0 10 20 30 40 50 ] 10 20 30 40 50

0.2

0.5

Figure 2: Absolute bias and variance of the Half-Einstein estimator (HE), in the simple setting
of Subsection 2.3. The dashed lines correspond to the asymptotic values of the variances given
by Proposition 2.7.
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3 Control variates for fluctuation formulas

When used without modification, the estimators (GK) and (HE) presented from Section 2 can have
a large variance. In this section, we construct and discuss some improved estimators based on control
variates to calculate p in (TC):

p= -9 = | B (Xo)g(X0)] dt. (3.1

In particular, we consider three distinct ways of calculating (3.1) via a control variate approach.
These are all based on replacing, in the estimators given in Section 2, the function g or f or both by
other “smaller” functions involving approximate solutions to Poisson equations. By a slight abuse of
terminology, we call control variates the functions used in place of g or f in the improved estimators.
The three approaches studied in this section are summarized below:

e Forward control variate: based on replacing by a control variate the function g, which appears
with a time dependence in the Green-Kubo formula (3.1) and in the related estimators (GK)
and (HE). This approach is discussed in Subsection 3.1.

e Adjoint control variate: based on replacing by a control variate the function f, which acts
only in the initial condition in the Green-Kubo formula (3.1) and in the related estimators (GK)
and (HE). This approach is discussed in Subsection 3.2.

e Combined control variates: based on replacing both f and g by control variates, discussed
in Subsection 3.3.

Throughout this section, we let F*, G denote the solutions in L3(u) to

—LF* = f, (3.2a)
—LG =g. (3.2b)

Since (e*£)* = et£” € B(LZ(n)), decay estimates on the semigroup e** such as Assumption 1 trivially
extend to its adjoint. Thus, the well-posedness conditions discussed in Corollary 2.1 directly apply to
(3.2a). We also denote by ¢} and ¢4 approximations of the solutions to (3.2a) and (3.2b), respectively.
These functions are assumed to belong to L(Z) (1). Other integrability and regularity conditions are
needed to make the variance of various estimators precise; see Corollaries 3.1 to 3.6. The concrete
construction of these approximate solutions will be discussed in the next section. For convenience
we also introduce

1
= —U'lU’U2U .
@—Au Yoo (v)? do, (3.3)

for the factor associated with a weight function w that appears on the right-hand of the asymptotic
variance formula (2.22). The three control variates studied in this section are summarized in Table 4.

3.1 Forward control variate

A simple calculation shows that

p=A{f,—L79) = ([, 1) + (f, G — ¥y). (3.4)

The first term on the right-hand side of (3.4), henceforth called the static term, corresponds to an
approximation of p obtained from the approximate solution v, to the Poisson equation, and can
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Control variate Formula for p = (f,—L !g)

Forward p={(fvg) + ([, G —ty)
Estimators (3.6) or (3.7) Variance GK (Corollary 3.1) o< || fI|2PE(G — )T
(Subsection 3.1) Variance HE (Corollary 3.2) o« E(f)E(G — 1q)
Adjoint p= (W5, g) + (f + L7, G)
Estimators (3.10) or (3.12) Variance GK (Corollary 3.3) o ||f + £*w;‘c||2€(G)T
(Subsection 3.2) Variance HE (Corollary 3.4) oc E(F™* — ¢})E(G)
Combined p= <’l/>7‘= g9) + {f, 15>g> + <l/)77 £'l/}51> +(f+ 5*1;977 G — "Ls‘bg>
Estimators (3.14) or (3.16) Variance GK (Corollary 3.5) o< || f + E*w;}HZS(G —g)T
(Subsection 3.3) Variance HE (Corollary 3.6) oc E(F™ — ¢})E(G — 1bg)

Table 4: Summary of the various control variates that we consider to approximate. In all the
formulas, the functions w;‘c,wg denote respectively approximations of the solutions F*, G to the
Poisson equations —L*F* = f and —LG = g. The terms highlighted in dark green are the so-called
“static” terms which can be evaluated via standard Monte Carlo methods, while the terms highlighted
in magenta are the only ones containing the unknown functions F*,G. These are all of the form
(h, L~14), for appropriate functions h,¢, and so they can be approximated using the estimators
of Section 2.

be computed by resorting to standard Monte Carlo algorithms sampling p. The second term is a
correction term, which can be approximated using the estimators presented in Section 2. We next
discuss estimators for this term and state some technical results which make precise the associated
variances.

Static part. In low dimension, the average (f,1,) can be estimated via deterministic methods
or classical i.i.d. Monte Carlo sampling. When this is not possible, a Markov chain Monte Carlo
(MCMC) approach can be employed:

. 1 KT
) = g 2 | FE (Kt (35)
k=1

In any case, the approximation of (f,1),) is much simpler than expressions involving correlations,
and various variance reduction methods can be used.

Green—Kubo. One possible estimator for the correction term in (3.4) is given by the usual
Green-Kubo estimator (GK), which gives:

1 (T
PRty = T 2 /0 FXE) (9(XE) + L (xF) ) . (3.6)
k=1

We next state a result on the variance of the improved estimator (3.6), a straightforward result
directly obtained from Proposition 2.3 by replacing g with g + L1),.
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Corollary 3.1 (Variance of improved GK estimator 1). Assume that f, g satisfy the conditions
given in Proposition 2.3, and that v, € L*(u) with L1py € L3(p) and Xy € L?(p). Then,

. — ~corr,GK 2 -
Jim TV (B = I+ o0 =L 0+ L),

Recall from the discussion after Proposition 2.3 that bounds on the resolvent are typically of
order A~! where )\ is the smallest nonzero eigenvalue of the operator £. Thus, the ¢ term in the
expression for the asymptotic variance is of order A~!||g + 51/)9”2. Corollary 3.1 thus suggests that
the improved estimator is numerically useful when |g + £14|| < ||g||, namely when the residual
associated with the approximate solution of the Poisson equation is small enough.

Half Einstein. Another possible estimator for the correction term in (3.4) is the half Einstein
estimator (HE):

~corT, 1 i Tt t—s
Pty = 77 ;/0 /O w<T> F(xh (g(Xf) + wg(Xf)) ds dt. (3.7)

The variance of (3.7) is made precise in the following corollary of Proposition 2.7.

Corollary 3.2 (Variance of improved HE estimator 1). Assume that f, g satisfy the conditions
given in Proposition 2.7, and that g € L*(u) with Ly € L*(p) and xy, € L*(u). Then,

. ~corr, 4Gy - _
Jtim V() Z e gy L0y, -2 4 20,

Computing either (3.6) or (3.7) requires evaluating the control variate g + L1, at every step of
the Monte Carlo simulation, which is an expensive computation. In the next section, we present a
control variate approach with a lower computational cost, as it does not require evaluation at all
steps.

3.2 Adjoint control variate

It is possible to devise a control variate which need not be evaluated at all steps of the Monte
Carlo run. In particular, we construct a near-zero-cost control variate (i.e., zero-cost aside from the
computation of the approximate solution to the Poisson equation), as it is only evaluated once at
initial time. To this end, we first write (3.1) in terms of the adjoint:

F*— 4%, g) (3.8a)
[+ L5 —L7 ). (3.8b)

As in the previous section, the first term on the right-hand side is a static term that can be estimates
with standard trajectory averages as,

K .r

~static * 1 *

) = 3 | st (39)
k=1

while the second term can be approximated using the estimators presented in Section 2, as made
precise below.
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Green—Kubo. The second term in (3.8b) assumes the following estimator

GK k
PR = §j/ FOXE) + 103 (X5)) g(xF) at (310)
Note that this estimator requires the computation of the control variate f + E*w} only at the initial
time, eliminating the need to evaluate the control variate at every step of the Monte Carlo simulation.

Corollary 3.3 (Variance of improved GK estimator 2). Assume that f, g satisfy the conditions
given in Proposition 2.3, and that L™} € LA(w). Then,

~corr,GK _3 *, 1% (|2 _r—1
Jim TV (BREE) = CIIf + L0 ~L ). (3.11)

Note that E*w} automatically has average 0 with respect to p, since @D} itself has average 0.

Half Einstein. The second term in (3.8b) assumes the following estimator

1 K T rt t—
~corr,HE _ w S
PKTws = TR Z o Jo T
k=1

Corollary 3.4 (Variance of improved HE estimator 2). Assume that f, g satisfy the conditions
given in Proposition 2.7, and that (L71)*f € L*(u), Yy € L (p), LY} € LA () and Xy € LA (p).
Then,

> (f(Xf) + Ly (Xf))g(Xt’“) ds dt. (3.12)

lim V(ﬁ??ﬁ?) e <f + LYy, =L Lf+ £*¢})><g, —£_1g>.

T—+o0

3.3 Combining both control variates

By obtaining approximate solutions to both Poisson equations, we can apply both control variates
simultaneously. By writing —£71g = v, + (G — 9,) in (3.8b), we obtain
p= Vs 9) +{f+ LY} G)

The first three terms can be estimated directly using trajectory averages, while the last term can be
approximated using the estimators in Section 2.
The GK improved estimator reads

P, = Z / FOXE) + £705(X6) ) (9(XF) + Loy (XF)) d. (3.14)

Corollary 3.5 (Variance of improved GK estimator 3). Assume that f, g satisfy the conditions
given in Proposition 2.3, and that in addition the conditions from Corollaries 3.1 and 3.3 hold. Then,

~corr,GK * —
im TV (FEGS, ) = U L0 (g Lo LT g+ L)) (315)
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The HE improved estimator reads

~corr,HE o 1 X Tt t—s Xk o Xk Xk r Xk )
PK,T,zpf,wg—TK;/O /0w< T ><f( o)+ LY 5)><g( £) + Lapg( t))dsdt. (3.16)

Corollary 3.6 (Variance of improved HE estimator 3). Assume that f, g satisfy the conditions
given in Proposition 2.7, and that in addition the conditions from Corollaries 3.2 and 3.4 hold. Then,

Jim V(R ) = (o g, £ 20 ) (0 Ly, L7 (0 L) ),

4 Applications

The aim of this section is to apply the control variate methods discussed in Section 3 to different
systems in order to assess the effectiveness of the various estimators. We start by discussing in
Subsection 4.1 the general approach for solving Poisson equations using neural networks. We then
apply the method to the underdamped Langevin dynamics in Subsection 4.2, and to multiscale SDEs
in Subsection 4.3.

4.1 Approximate solutions to Poisson equations with neural networks

We now discuss the overall strategy for approximating the solution to Poisson equations using PINNs.
In particular, we discuss the loss function used and its discretization, and outline the common
training strategy. More specific architectural choices, such as activation functions, featurization
strategies and network topology are overviewed in the respective numerical application sections to
come.

Loss function. Let us consider the following Poisson equation

—Lo(z) = f(x), r e X, (4.1)

with X ¢ R¢, and f: X — R. We denote by %NN(QU) the neural network approximation of ¢
parametrized by a set of parameters #. The pointwise loss function we consider is the mean squared
error of the residual r9(z) = LPHN(z) + f(z). At the continuous level, the loss function is then

2(0) = /X (LN (@) + F(2))? ulde). (4.2)

In practice, the integral in (4.2) is approximated with a sum over the data points {x"}¥_; € R?
at which the functions are evaluated, where the points are directly sampled from p via rejection
sampling. Additionally, we consider centered finite differences to approximate differential operators
in £ acting on ¢, as automatic differentiation becomes too cumbersome for derivatives of order 3
and higher. Thus, automatic differentiation is only used to take the gradient of the network with
respect to the parameters during training. To this end, let £2 denote the discretization of £. Then,
our loss function is of the form

N
20) = 1 SIEBGNC) + )P (43)

Let us similarly define ¢* as the solution to the adjoint Poisson equation —L*¢* = f*, with Z*(0)
the associated loss function.
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Training strategy. The same overall strategy was used to train the networks for both examples
here presented. The training data consisted of IV points sampled from g with rejection sampling. The
computational cost associated with sampling the data points is negligible, allowing us to compute a
stochastic approximation of the gradient with N new points at every step. Since the usual overfitting
risks associated with a finite training set therefore do not apply, we performed a fixed number of
training steps and did not implement early stopping. We used Adam [17] as the optimizer.

The network topologies considered were simple networks with two dense hidden layers, and
the same activation function throughout, in particular tanh for both examples. Other activation
functions were explored, e.g. regularized ReLU-type functions such as gelu [15] were observed to
perform marginally better than tanh, however at an increased computational cost. The addition
of the second hidden layer significantly improves the quality of training, while still retaining a
sufficiently low cost. Based on numerical observations from experimental runs, width has a more
significant impact on the quality of training than depth for a fixed number of network parameters.

All training parameters are made precise in Table 5 for the Langevin dynamics example, and
Table 8 for the multiscale example.

Training loss

15 | —— y_g loss
y* floss

1.0

s T 1
0 500 1000 1500 2000

Figure 3: Training loss over epochs for the 2D Langevin dynamics for both 1, and 1/132 approximate
solutions. Top: linear scale. Bottom: logarithmic y-axis.

The same training routine was used to approximate ¢ and ¢*. Figure 3 shows the training loss
as a function of training steps for both approximations for the Langevin dynamics example.
4.2 Application to the underdamped Langevin dynamics

We apply in this section the methodology to compute the mobility of the two-dimensional under-
damped Langevin dynamics. We start by giving a brief description of the system in Subsection 4.2.1,
followed by a presentation of the numerical results in Subsection 4.2.2.
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4.2.1 Description of the system

Let us briefly describe the system in consideration. The two-dimensional Langevin dynamics evolves
the positions ¢ = (q1,¢2) € T? and momenta p = (p1, p2) € R? according to the following SDE:

th = M_lpt dtv

/2 4.4
dpt = —VV((]t) dt — ’)/Milpt dt + % dWs. ( )

where M € R?*? denotes the mass matrix, v > 0 the friction coefficient, 5 > 0 the inverse
temperature and V' a smooth periodic potential energy function. The dynamics (4.4) admits the
following infinitesimal generator

L=p M V= VVIV, +4(-p"M 'V, + 57'A,), (4.5)

and is ergodic with respect to the Boltzmann—Gibbs measure u:
1
u(dgdp) = Ee_ﬁH(q’p) dq dp, Z = /X e PH@P) gg dp. (4.6)

The mobility in the direction e is defined as the proportionality constant between the magnitude n
of an exerted constant force proportional to e, and the induced drift velocity E( fe) in this direction,
with fo = eT M~1p. The relationship is linear for n — 0, as dictated by linear response theory; see
for instance [10, Chapter 8] and [22, Section 5]. Through an equilibrium formulation of the linear
response based on velocity autocorrelations [35], it can in particular be written in terms of the
solution to a Poisson equation:

p = (b, Bfe)s (4.7)

and

_£¢(Q7p) = fe(qvp)' (48>

It can similarly be defined in terms of the L?(u)-adjoint as p = (¢, fo), where —L*¢* = 3fo. Note
that the mobility is proportional up to factor 8 to the self-diffusion coefficient through Einstein’s
relation; see [36]. The points {x"}N_, = (q1,q2,p1,p2)n € R* are i.i.d. according to the target
measure u, sampled in practice using rejection sampling.

4.2.2 Numerical results

We consider the following nonseperable potential energy function

_cos(2g1) + cos(ga)
2

with § € R the degree of nonseparability. The numerical results here presented correspond to the
value § = 0.5. Additionally, we set the physical parameters § =~y =1 and M = Id.

Vg, q2) = — 6 cos(q1) cos(qz), (4.9)

Structure of the network. Aside from the general training strategy outlined in Subsection 4.1,
the architecture for this example also includes a featurization layer. We employ a transformation on
the inputs in the form of a “functional layer”: the input (qi, g2, p1, p2) is transformed into a 7-node
input by the functions:

2 2
L . . +
featurization(q, g2, p1. p2) = (sm«h), cos(q1), sin(g2), cos(a2). p1. pa, P p2> (4.10)
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which is then fed to the first trainable layer; see Figure 4 for an illustration of the network topology.
The periodic nature of the positions is encoded by the sines and cosines in the featurization layer,
while the momenta are included directly. Lastly, the kinetic energy term was observed to be a
meaningful feature in improving training, and is thus considered.

5. ta“\“ 5. ‘a\*\‘(\\
=7 =7
De‘-\ge(‘ O Oe‘-\ge(x‘ O
O O
. O O
a\\)“\la“ 3 O O
e g O O
e o O O N
> o O O e0®”
PS O O O S
P @ O O
o O O
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Figure 4: Neural network architecture for the two-dimensional Langevin dynamics. The input
undergoes a transformation through a feature extraction function, which is then fed to the two
hidden layers, both of which are dense and employ tanh as the activation function.

Monte—Carlo simulations. For each estimator, we used the BAOAB splitting scheme [20], with
an integration time of T'= 5 for Green—-Kubo and T' = 10 for Half Einstein, with timestep At = 0.01
for both. We ran K = 1000 independent realizations of the dynamics in order to empirically estimate
the variance. Initial conditions for each realization were also sampled from g using rejection sampling.

Parameter Value

Adam learning rate  0.002
Batch size 500
Number of iterations 2,000

Table 5: Training parameters for training the network for the two-dimensional Langevin dynamics.

Simulation results are illustrated in Figure 5, which shows the variance as a function of time for
all 8 estimators considered. A plot of the asymptotic variance is also shown, which corresponds to
the variance divided by time for Green—Kubo estimators, while it coincides with the variance for
Half Einstein estimators. A summary of the results at time 7' = 10 is compiled in Table 6, which
provides a quantitative metric for assessing the viability of each estimator. In particular, it shows the
computational runtime, the variance and the cost (defined as the product of runtime and variance)
for each estimator.

The numerical results suggest that the use of both control variates (for both GK and HE) is the
best option according to the cost. This, however, requires a decently trained network, as the forward
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Figure 5: Asymptotic variance over time for all estimators for the two-dimensional Langevin dynamics.
Left: Green—Kubo estimators. Right: Half Einstein estimators. For Green-Kubo, the asymptotic
variance is defined as the variance divided by time, while the two coincide for Half Einstein.

adjoint is computed every step of the Monte Carlo simulation, thus it must provide enough variance
reduction in order to offset the additional computational cost. The Green—Kubo adjoint estimator,
on the other hand, is a (near) “zero-cost” control variate, as it is only evaluated once. This suggests
that it is much more forgiving of nonoptimal training runs.

Estimator Runtime Variance at T =5 Cost
GK (GK) 1 1 1

GK/adjoint (3.10) 0.957 0.0294 0.0281
GK /forward (3.6) 22.9 0.0172 0.394
GK/both (3.14) 25.1 0.000465 0.0117

Table 6: Computational runtimes required to compute the self-diffusion coefficient for the two-
dimensional Langevin dynamics and associated variances at time T' = 5, based on K = 1000
realizations of the dynamics. The cost is defined as the runtime times the variance. Values are
normalized in terms of the standard Green—Kubo estimator runtime of 0.156734 seconds, and
associated variance 7.330798.
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Estimator Runtime Variance at T'=10 Cost

HE (HE) 1 1 1

HE/adjoint (3.12)  23.9 0.0140 0.336
HE/forward (3.7) 22.6 0.0147 0.332
HE /both (3.16) 14.6 0.000246 0.0109

Table 7: Computational runtimes required to compute the self-diffusion coefficient for the two-
dimensional Langevin dynamics and associated variances at time 7' = 10, based on K = 1000
realizations of the dynamics. The cost is defined as the runtime times the variance. Values are
normalized in terms of the standard Half Einstein estimator runtime of 0.296764 seconds, and
associated variance 1.312950.

4.3 Application to multiscale differential equations

The aim of this subsection is to present an application of the control variate approaches studied
in Section 3, with slight adjustments, to multiscale stochastic differential equations. We first
describe briefly, in Subsection 4.3.1, the method of homogenization for multiscale SDEs. Then,
in Subsection 4.3.2, we explain how the control variate approaches from Section 3 can be applied for
the calculation of the effective coefficients of the homogenized equation. Finally, in Subsection 4.3.3,
we illustrate the performance of the method on a concrete example.

4.3.1 Homogenization for multiscale SDEs

In this section, we give a concise description of the method of homogenization for multiscale SDEs
in a simplified setting. We refer to [33, Chapter 11| for a more complete overview of the subject,
and to [33, Chapter 18] and |27, 28| for rigorous analyses. Consider the following multiscale system
with state space R% x R% for some small parameter £ > 0:

1
dX = - f(X,Y)dt,

51 . (4.11)
dY = 8—Qg(X, Y)dt + ga(X7 Y) dWy,

Here we assume that f: R% x R% — R% g: R% x R% — R%*% and a: R% x R% — R%>dw
are smooth functions, and that (1) is a standard Brownian motion in R%. Denote by e 2L the
generator associated with the fast process Y when X is frozen:

. 1
LY =g(z,y) -V, + ia(x,y)a(:c, y)T : VyVy.

The theory of homogenization for multiscale SDEs states that, under appropriate conditions, the slow
process (X;);>0 is well approximated by the solution (X;);>0 to a simplified, single-scale stochastic
differential equation. This is the content of the following result where, for a vector-valued function f,
the notation V f refers to the matrix with entry (4, j) equal to 9;f;. We refer to [33, Chapter 18] for
a rigorous proof in a simplified periodic setting, and the references discussed in [33, Chapter 18.4]
for more general results.

Theorem 4.1 (Homogenization for SDEs). Suppose that, for all x € R% there is a unique
ergodic distribution p*(dy) of the fast process when x is frozen, and additionally that

vz € R, J(,y) u” (dy) = o.
Rde
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Then, in the limit € — 0, the slow process (X¢)i=0 converges weakly in C([0,T]) to the solution of
dX = F(X) + A(X) dV;, (4.12)

where Vi is a standard Browian motion and

F(z) = - Vo®(z,y) f(z,y) u*(dy) € R, A(2)A(2)" = A%(x) + A%(2)T € R,

A(z) = " fz,y) © (z,y) u*(dy).

Here ® is a solution to —L*®(x,y) = f(x,y).

In many applications of multiscale SDEs, the coefficients g and a of the fast process in (4.11)
are independent of X. This simplified setting, or a variation thereof where the drift and diffusion
coefficients of the fast process also include lower order terms allowed to depend on X, is often
considered in the literature, for example in numerical works [40, 13]. In this section, we assume for
simplicity that g = g(y) and a = a(y). In this case, the generator of the fast process in (4.11) is
independent of x, and so is the associated invariant measure for the fast process. Therefore, we drop
the superscript x from the notation £* and p®. Since formally V,£~' = £L71V,, the coefficients
of the homogenized equation (4.12) are of the form (TC). More precisely, the components of the
coefficients F' and A° can be written as

Fi(x) = i@j@, D=Ly, ), AY@) = (filw ), L7 (e, ), (4.13)

=1

where b;j(z, -) = 8, fi(z, - ), and with (-, -) the inner product with respect to L?(u), with 2 viewed
as a fixed parameter. It follows from (4.13) that the homogenized coefficients can be approximated
using estimators based on the Green—Kubo formula (1.4), such as those studied in Section 2. Indeed,
this constitutes the basic idea behind the so-called heterogeneous multiscale method for multiscale
SDEs [40, 13|, a numerical method for solving (4.11) based on the resolution of the homogenized
dynamics (4.12) using a classical integration scheme for SDEs, combined with the calculation, at
each time step, of the effective coefficients F, A using an estimator similar to the one studied
in Subsection 2.2. The variance reduction method we describe in Subsection 4.3.2 is based on the
specific estimators given in Section 3, but we note that it can easily be adapted to the estimators
used within the heterogeneous multiscale method, such as those given in [13, Section 3.1].

4.3.2 Control variate approaches for calculating the effective coefficients

In this section, we describe how the control variate approaches described in Section 3 can be employed
for the calculation of the coefficients of the homogenized equation (4.12). The main difference with
the other examples considered so far is the presence of an z-dependence in (4.13) and the associated
Poisson equations

_L%j(xay) = bij(xay)a _‘Cyz(xvy) = fi('xay)? (414)

as well as in the associated adjoint equation
—L* T (x,y) = fi(z,y). (4.15)

The control variate methods described in Section 3 require approximate solutions to (4.14) or (4.15)
or both. We next describe two possible approaches for constructing these approximate solutions:
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e A first approach would be to solve the Poisson equations — (4.14) or (4.15) or both, depending
on which method from Section 3 is considered — for each fixed x separately as needed. Combined
with a classical time-stepping algorithm for the homogenized equation (4.12), this would lead
to a numerical method where a number of Poisson PDEs in dimension d, must be solved at
each time step, much like the method studied in [1].

e An alternative approach, used in Subsection 4.3.3, is to solve the Poisson equations (4.14) for
all z € R% and all vector components simultaneously. This is not simple to achieve using
traditional PDE solvers, but simple to implement using neural networks. For example, in
order to numerically solve the second equation in (4.14), we search for an approximate vector-
valued solution . NN(z, y; #) within a class of functions parametrized by a neural network with
parameters 6. The vector of parameters 6 is found by minimizing the following loss function

da

Z(0) = /Rdszdy zz:

1

fi(w,y) + LFNN (w1 0)| w(da) u(dy), (4.16)

where p is, as before, the invariant probability measure associated with the fast processes
in (4.11), and v € P(R4%) is a probability measure on R% that must be fixed a priori as part
of the method. A natural choice, when R% is a compact state space, is to let v be the uniform
distribution on R%. When R% is non-compact, the choice of v determines the region of R%
where we wish ZNN(z, -:c) to be a good approximation of the exact solution .7 (z, - ), and
where variance reduction can be expected as a result. In practice, the loss function (4.16)
of course needs to be discretized, for example by estimating the integral via Monte Carlo
sampling.

To conclude this subsection, let us mention that it is not necessary to solve the first equation
in (4.14) explicitly. Indeed, the function J;(x,y) is the z-gradient of .%;(z, y), and so a numerical
approximation of J#;(z,y) can be obtained by taking the x-gradient of Z N (x,y;0).

4.3.3 Numerical example

In this section, we illustrate the performance of the control variate strategies presented in Section 3,
when the approximate solutions to Poisson equations are calculated simultaneously for all x by a
neural network approach. We consider the following simple example of a multiscale SDE, taken
from [33, Section 11.7.7], to which we refer for additional context:

1

dX1 - ng dt,
1
dX2 == EY2 dt,
1
dX3 = —(X1Ys = XoV1) dt, (4.17)

Y Y, 1
dY = — = dt — a2 dt + ~dW},
15 5 S

Y; vi 1
dYy = ——5 dt + a= dt + ~dW?,
9 9 9

where o > 0 and W', W? are standard independent Brownian motions. In this example, d, = 3
and d, = 2, so that the total dimension is equal to 5. An application of Theorem 4.1 leads to the
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following homogenized equation [33, Section 11.7.7]:

— 1
Xmzm(d‘/tlfad‘/;g),

— 1

dXs = m(dvf +adVy), (4.18)
_ 1 . _ _

X5 =170 dt—l—1+a2((aX1—X2)th1+(OzX2+X1)dV,52)-

In this numerical experiment, we fix & = 1 and compare the performance of the estimators given
in Sections 2 and 3 for the computation of the homogenized coefficients. To this end, we solve the
Poisson equations (both the forward equations involving £, and the adjoint equations involving £*),
simultaneously for all x. Furthermore, we solve the vector-valued Poisson equations simultaneously
for all the components. For example, in order to solve the Poisson equations

—LF (x, )= f(z, ), (4.19)

with f(z,y) € R? the drift of the slow process, we use the neural network architecture illus-
trated in Figure 6. The neural network comprises 5 inputs, corresponding to the five vari-
ables (x1,x2,%3,y1,¥2), and three outputs, corresponding to the three components of the vector
valued solution. For the measure v, we take the uniform distribution over the cube [—4,4]3, and
for u we take the invariant measure of the fast processes. Since (Y7,Y3) is an Ornstein—Uhlenbeck
process, it follows from |23, Chapter 9] that the latter probability measure is given by the normal
distribution N ((), % 12). The other training parameters are given in Table 8.

Having calculated approximate solutions to (4.19) and its adjoint counterpart, we then fix a value
for (X1, Xo, X3) = (—0.0057,1.73,—1.04), randomly drawn from the standard normal distribution
in dimension 3, and evaluate the quality of variance reduction for the estimators in Section 3, when
these are used to calculate the homogenized coefficients for this particular value of (X, Xo, X3).
The static parts of all the estimators in Section 3 are calculated by numerical quadrature.

Parameter Value

Adam learning rate  0.002
Batch size 1,000
Number of iterations 1,000

Table 8: Training parameters for minimizing the loss function (4.16) in Subsection 4.3.3. At each of
the 1,000 iterations, 1,000 samples are drawn independently from the probability measure p ® v. A
step of ADAM is then performed based on the gradient of the loss function (4.16) calculated with
the learning rate 0.002.

The time required on a personal laptop to evaluate all the estimators from Section 3, not including
the time required to train the neural networks, is presented in Tables 9 and 10 for K = 1000
realizations. To produce these numerical results, an Euler-Maruyama discretization with a time
step equal to 0.01e? was employed to integrate the fast dynamics, with the slow variables frozen at
the value given above. It appears from the tables that the estimators using adjoint control variates
are faster to evaluate than those using forward control variates, and this difference is especially
pronounced for the Green-Kubo estimators. This is expected, as the estimator (3.10) requires to
evaluate the control variate only at the initial time.
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Figure 6: Neural network architecture employed for solving the (vector-valued) Poisson equa-
tion (4.19). Only tanh activation functions were used for this example.

Estimator Runtime [s] Variance at 7/¢2 =5 Runtime x Variance
GK (GK) 0.179 29.382 5.27
GK/forward (3.6) 13.785 0.206 2.85
GK /adjoint (3.10) 0.248 0.376 0.0935
GK/combined (3.14) 16.276 0.00306 0.0497

Table 9: Computational time required to calculate the homogenized drift and diffusion coefficients
associated with the multiscale system (4.17), based on K = 1000 realizations of the fast dynamics
over a time horizon T'//e? = 5 and for one fixed value of (X7, Xo, X3) = (—0.0057,1.73, —1.04).

The tables also present the variance of all the estimators with K = 1 realization, when the
integration time for the fast dynamics is set to 7//e? = 5. These variances were calculated empirically
based on 1,000 independent realizations. The third column, which contains the product of the
runtime with the variance, is a measure of the cost, as in Subsection 4.2. From this column we
observe that, both for the Green—-Kubo and for the half-Einstein estimators, the combined control
variate method from Subsection 3.3 performs best. Furthermore the variance reduction obtained
with the forward and adjoint control variates are similar.

The variances associated with all the estimators, as a function of time, are illustrated in Figures 7
and 8 for the Green-Kubo and Half-Finstein estimators, respectively. These figures confirm the
trends already observed in Tables 9 and 10. In particular, whether for Green—Kubo or half-Einstein
estimators, combining both control variates as in (3.14) and (3.16) yields the largest variance
reduction. The figures also illustrate that the variance reduction obtained with the forward or adjoint
control variates are similar.
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Estimator Runtime [s] Variance at 7/¢2 =5 Runtime x Variance

HE (HE) 0.959 3.44555 3.31
HE/forward (3.7) 15.465 0.03678 0.569
HE /adjoint (3.12) 4.03 0.04346 0.175

HE /combined (3.16) 17.697 0.00066 0.0117

Table 10: Computational time required to calculate the homogenized drift and diffusion coefficients
associated with the multiscale system (4.17), based on K = 1000 realizations of the fast dynamics
over a time horizon T/e? = 5.

Variance for the drift Variance for the diffusion
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Figure 7: Variances of the Green—Kubo estimators presented in Section 3, when these are used
to calculate the coefficients of the homogenized equation associated to (4.11). These values were
calculated based on K = 1000 realizations of each estimator.

5 Extensions and perspectives

Let us conclude this work by discussing possible extensions and future directions for the results
here presented. We have successfully shown that neural networks (in particular PINNs) can be an
effective tool for constructing control variates via approximating Poisson equations, for problems
well-posed enough. The main point of our approach was to construct simple, easy-to-train and
inexpensive-to-evaluate networks to be used as control variates, evaluated alongside Monte Carlo
simulations. The key point is that the network must be simple enough so that it is reasonably
inexpensive to train and evaluate, while still providing significant variance reduction in order justify
the additional computational cost. In other words, the cost (i.e. product of runtime and variance)
must be less than that of the standard estimator.

There are several directions for extending the work. While possible, high-order nested automatic
differentiation remains a nontrivial challenge, and is generally not an off-the-shelf tool, particularly
for high-dimensional systems requiring batched training. Another possible direction is to further
optimize the network’s cost-to-variance reduction ratio, in particular by further exploring featurization
approaches, which can potentially increase the network’s efficiency without significantly increasing
cost. Lastly, another possible extension of this method is for computing the mobility in the
underdamped limit v — 0, particularly in the case of nonseparable potentials, which has been a
challenge in the literature [32].
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Figure 8: Variances of the half-Einstein estimators presented in Section 3, when these are used
to calculate the coefficients of the homogenized equation associated to (4.11). These values were
calculated based on K = 1000 realizations of each estimator.

A Extension to general weights

We state here some technical results which generalize the results of Proposition 2.7. We first state
an assumption which will be used in the results to come.

Assumption 2 (Decay estimates of the semigroup in L*(y)). There exist positive constants Ly
and Ay such that, for all p € L§(p) and all t >0,

el 4 < Le 1l 13 (A1)

Assumption 2 extends the semigroup decay estimates of Assumption 1 from L?(p) to L*(u), a
necessary estimate in Lemma A.1 below. By [19, Theorem 2.2|, see also [9, Theorem 1.3| and the
discussion in [31, Section 2.6], the exponential convergence estimate in L3(u) given in Assumption 1
implies similar exponential convergence estimates in L(u), for all p € [1,00) by an interpolation
argument. The same assumption is made on £*, and can be shown to hold using the same interpolation
argument as above.

Lemma A.1 (Continuity estimate). Suppose that Assumption 2 holds true, and assume that w
is continuous at 0. Assume additionally that f,g € Lg(u). Then, it holds that

limsup E U,b\ljl(%‘?] <

L2(| 11 1, 9117 1y <|w<0>|2
T—+o00

2 [t 5
K 2 +)\/0 w(u)?(1 —u) du>. (A.2)
Remark A.2. In contrast with the result of Proposition 2.7, in Lemma A.1 we make no regularity

assumption on the derivatives of the weight function w.

Proof. As in the proof of Proposition 2.7, we consider K = 1 and use the simplified notation pp for
the estimator.

If the right-hand side of (A.2) is infinite, then the inequality is satisfied, so we assume from now
on that this term is finite. We first rewrite, for pr defined in (2.23),

E[|ﬁT\2] 2 /Ol/ol/oT/ot w(t — s)w(t —¢)E f(XST)f(XgT)g(XtT)g(XTT)] dsdsdtdr. (A.3)
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Fix 0 <a<b<ec<d<T, as well as bounded functions hy, ho, hg, hy € Lé(u). Conditioning
successively on information at times ¢, b and then a, we obtain that

E[h1(Xa)ha(X)ha(X ) ha(Xg)] = B [ H(Xa)ha(X) (h3e<d—0>ﬁh4) (Xc)}
E[ (X )(h2ec b)L (h?,e(d*@ﬁm)) (Xb)]
E[ ( 2)el (h ole=b)L (hge<d—6>ﬁh4))(xa)}

< —a)L <h2e(c—b)£ (h3e(d—c)£h4>)>

= (hae=E hy, oD (el =92ny ) )
—E [(h =L B 1Y (X,) (h3e<d—0>ﬁh4) (XC)} :
It follows by Assumption 2 that
‘E [ (Xa)ha (X3 ha(Xo)ha(Xa)] ‘ < the(“)ﬁ*hl H Hh3e<d*6>ﬁh4H

< ”hQHL‘l(u)HhE}HL‘l(M)He(b_a)ﬁ*hl » 4

‘%ﬁd—@ﬁh

LA (w)
< L2\ hal gy el o sl g [ all paguye ™™ DemMd=e),
(A.4)

We shall use this estimate with times ¢ > s and 7 > ¢. There are six possible orderings of these
times, which we group in two cases:

s<¢< T,

s<¢<t<T s<t<¢<T
Case 1 : ST ey Case 2 : STy

¢<s<T<KH, ¢ TLs< Ut

¢c<s<t<T.

Using (A.4), we obtain the following estimate, where the arguments of the maximum correspond to
the two cases above:

E[f(Xor) f(Xer)g(Xer)g(Xor)]

< L2 ||f||%4(#) ”g”%‘l(u) max{e—)\T\S—d—)\Thf—T\ , e—)\T|t—S\—>\T|T—C| }7 (A5)

which by substitution in (A.3) leads to the inequality

E|[pr”| < L2112 g (A1(T) + Ao(T) ), (A.6)

with A; and As given by

1 p1 p7opt

=717 / / / / w(t — s)w(r — ¢)e M1l gg de dt dr,
0o Jo Jo
1,1l p7opt

=77 / / / / w(t — s)w(r — ¢)e MI=sI=ATIr =l qg de dt dr.
0JoJo Jo
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The A;(T') term can be written as

1 r1 T rt
= T/ / e Ml gt 7) dt dr, fr(t,7) = T/ / w(t — s)w(t —¢)e =<l ds de.
0 Jo 0Jo

By the Cauchy—Schwarz inequality, the term fr(¢,7) can be bounded as follows:

| fr(t 7)) < ( // lw(t — 5)[2e Tl dsdg> (T/(]T/Ot\w(r—g)fewlscl dsdg)
(o ) oo

= (2) ol 0l

Thus, we obtain
2
X ”wHL2 ([0,4) ’wHLZ ([0,7)) dth

2 92 rl

For the second term Ay(T'), it is simple to show that (see Remark 2.6)

— 72 (/ / e Tlt=5l g dt>2 — "”QZ, (A7)

which concludes the proof. O

Using Lemma A.1, we can use a density argument to generalize Proposition 2.7 to any weight
function satisfying the assumptions of this lemma, with the additional requirement that the right-hand
side of (A.2) is finite. This is the content of the following result.

Corollary A.3 (Generalization). Suppose that Assumption 2 holds true and that f,g € Lg(u).
Assume also that w: [0,1) — R is continuous at 0 and that

1
Cw = / w(u)?(1 — u) du < +oo. (A.8)
0
Then e
TETOOV(Z)\II{(’ ) ?w<f7 _Eilf> <gu _Lilg>' (A9>

Proof. Once again we consider the case K = 1 and use the simplified notation pp. Let
x(u) = (w(u) — w(0))v1—wu

and fix € > 0. By assumption, it holds that x € L?(0,1), so by density in L*([0,1]) of C°((0,1)),
the set of smooth functions with compact support in (0, 1), there exists a function x. € Cgo(((), 1))
such that

Ixe = Xl £20,1) < Ve
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Let we(u) = w(0) + x<(u)/+/1 —u. By construction, it holds that w.(0) = w(0) and

/\w (W21~ w) du—/ I (0) — xe()[* du < <. (A.10)

We decompose the estimator as follows:
1 T U T—u
=g [ w(F) [ rX0a¥ ) dsdu

1 T u T—u
+ T / (w— we) <T) / f(Xs)g(Xsiu) dsdu =: 71 + 0.
0 0
Taking the variance and rearranging, we deduce that

V(b\T) - V(?T,a) = V(/Q\T,E) + QCOV(?T,Ea Z)\T,E)'

Taking the absolute value, the limit superior as T' — +00, and using Young’s inequality, we obtain

limsup|V(pr) — V(rre)| = limsup|V(or,) + 2cov[Tre, 01.¢)

T—o0 T—o00
. ~ ~ 1 ~
< limsup <V(QT,5) +VeV(rre) + — V(QT75)). (A.11)
T—o00 \/g

By Lemma A.1 and (A.10), and by Proposition 2.7, it holds that

limsup V(or,) < Cyg4¢,
T—+o00

Am V(o) = 4G (f,=L71 f) {9, =L g).

Using these equations in (A.11) and taking the limit ¢ — 0, we deduce that

lim sup‘V(,?)\T) — 4G (f, — L7 )9, _5719” =0,

T—o0
which gives the desired estimate (A.9). O

It would be satisfying to show that when assumption (A.8) is not satisfied, then the asymptotic
value of the variance is infinite, which would enable to further generalize Corollary A.3. Proving this
in general is not simple, but we show the following result.

Corollary A.4 (Further generalization). Suppose f,g € L(i) and that w: [0,1) — [0, +00) is
continuous at 0, and satisfies the condition

W = esssupfw(l —0) < oo. (A.12)
0e(0,1]
Then, it holds that
. 4Cw -1 —1
Jim V(@) = (L7 ) g, —L71g). (A.13)

(Here the right-hand side is allowed to be infinite.)

Remark A.5. The condition (A.12) expresses that w does not diverge faster than (1—0)~! at 6§ = 1.
The weight function w(f) = (1 — )™, for evample, satisfies this condition.
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Proof. For conciseness, let pp = ﬁ{f(ET If the right-hand side of (A.13) is finite, then the inequality
follows from Corollary A.3, so we assume from now on that

1
/ w(u)?(1 — u) du = oco.
0
For ¢ € (0, 1] consider the following decomposition of the weight:
w=1p1-quw+ 1 1w =: We + We.

We decompose the estimator as follows:

pr = ;/OT We <%) /OTuf(Xs)g(Xeru)dS du

1 T U T—u
i T/ wE(T>/ F(X)9(Xssa) ds du =: Tre + bre.
0 0

The proof of (A.13) is based on the following simple inequality:

E[p7] =E[f7.] + E[07..] + 2E[Preor.| = E[f7.] + 2E[Pre0r,], (A.14)
so that
V(pr) > E[f}.]| + 2E[Prc0r] — E[pr]*. (A.15)

It follows from (A.2) that

1
Jim B[] =427 Dl ~7) [ (@) (-0

This term diverges as € — 0. It remains to analyze the last term on the right-hand side of (A.14).
Using Fubini’s theorem and a change of variable, we have

1 r1 u [ U
E[rr.orc] = T2/ / we (1 —u)we: (1 —v) / / E(s,s,u,v)dsdsdudv,
0Jo 0 Jo

where E(s,s,u,v) = E[f(XST)f(XCT)g(XSTJr(l,U)T)g(XJHl,U)T)]. It follows from (A.5), with t =
s+1—wuwand 7=¢+1—wv, that

E(S, t,u, U) <C maX{e—)\T|s—§|—)\T\s—c+v—u| 7 e—)\T|1—u|—)\T\l—v| }

By the triangle inequality, it holds that |s —¢|+|s—¢+v—u| = |[v—u| and |1 —u|+|1 —v| = [u—1v|,
so we deduce that

Y(s,¢,u,v) € [0,1]% Y(s,¢,u,v) € [0,1]4 E(s,¢,u,v) < Ce MNuvlT,

Therefore, using this inequality, the definition of w. and w,, and (A.12), we obtain

1,1
< OT? / / we (1 — ) we (1 —v) e =Ty du do
00

’E [?T,a @T,a]

e rl
=CT? / / w(1—u)w(1—v)e Ny dudo
0Je

cw?
A2

e rl
< CT*w? / / e Mu=UIT gy doy <
0Je
The statement (A.13) then follows from taking the limits 7 — +o00 and then ¢ — 0 in (A.15). O
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B Change of variable

Lemma B.1. Let f be a continuous function on D = {(t,s): 0< s <t, t € [0,T]}. Then,

T T
/ / F(t—s)dsdt — / FO)(T — ) do. (B.1)
o Jo 0
Proof. Define the variables § =t — s and 7 = ¢, and consider the C'-diffeomorphism
O(7,0) = (t(1,0),s(1,0)) = (1,7 — 0). (B.2)
It holds that
[ se=9asae= [[ 1@i(5.0)~ 0a(r.0) (7. 0)| 0, (B3)
D D
with D = &~1(D) given by
D={(r,0):0<0<T7, 7€[0,T]}. (B.4)

The Jacobian is given by
ot(r,0) 0t(r,0)

Jo(r,0) =det | 7 % | _gee |t O =1, (B.5)
ds(t,0) 0s(t,0) 1 -1
or 26

so that |Jg(7,0)| = 1. Thus, applying (B.3), Fubini then integrating with respect to 7 gives

/OT/Otf(t—s)dsdt:/OT/OTf(H)deT:/OT/QTf(O)deHZ/OTf(H)(T—H)dG, (B.6)

which is the desired result. O

Corollary B.2. Under the same setting as Lemma B.1, it holds that

/OT/Otf<t;S> dsdt:TQ/Olf(v)(l—v)dv. (B.7)

Proof. This result follows trivially from Lemma B.1 with the additional change of variable § = Tv
in (B.1). O
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