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Abstract A formal mean square error expansion (MSE) is derived for Euler—
Maruyama numerical solutions of stochastic differential equations (SDE). The error
expansion is used to construct a pathwise, a posteriori, adaptive time-stepping Euler—
Maruyama algorithm for numerical solutions of SDE, and the resulting algorithm is
incorporated into a multilevel Monte Carlo (MLMC) algorithm for weak approxima-
tions of SDE. This gives an efficient MSE adaptive MLMC algorithm for handling
a number of low-regularity approximation problems. In low-regularity numerical
example problems, the developed adaptive MLMC algorithm is shown to outperform
the uniform time-stepping MLMC algorithm by orders of magnitude, producing out-
put whose error with high probability is bounded by TOL > 0 at the near-optimal
MLMC cost rate & (TOL_2 log(TOL)“) that is achieved when the cost of sample
generation is &(1).

Keywords Multilevel monte carlo - Stochastic differential equations - Euler—
Maruyama method - Adaptive methods + A posteriori error estimation *+ Adjoints

1 Introduction

SDE models are frequently applied in mathematical finance [12, 28, 29], where an
observable may, for example, represent the payoff of an option. SDE are also used
to model the dynamics of multiscale physical, chemical or biochemical systems
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[11, 25, 30, 32], where, for instance, concentrations, temperature and energy may
be sought observables.

Given a filtered, complete probability space (2, %, (%;)o<i<r, P), we consider
the Itd SDE

dX, = a(t, X;)dt + b(t, X,)dW,, te(0,T],
Xo = xo,

1
where X : [0, T] x Q — R% is a stochastic process with randomness generated by a
d>-dimensional Wiener process, W : [0, T] x Q — R%, with independent compo-
nents, W = (WD, W .. W®) and a:[0,T] x R — R and b : [0, T] x
R4 — R%*% are the drift and diffusion coefficients, respectively. The initial con-
dition xj is a random variable on (2, P, .%#) independent of W. The considered
filtration .%; is generated from the history of the Wiener process W up to time ¢ and
the possible outcomes of the initial data Xy, and succeedingly completed with all
P-outer measure zero sets of the sample space . That is

F =0 ({(Whoss<) V 0 (Xo)

where the operation &/ V % denotes the ¢ -algebra generated by the pair of o -algebras
o/ and A, ie., oV B = o (A, PB), and o/ denotes the P-outer measure null-set
completion of o7,

E::gfv[AcQ( ~inf P(A) =0}.
AclAee/ |ADA)

The contributions of this work are twofold. First, an a posteriori adaptive time-
stepping algorithm for computing numerical realizations of SDEs using the Euler—
Maruyama method is developed. And second, for a given observable g : R% — R,
we construct a mean square error (MSE) adaptive time-stepping multilevel Monte
Carlo (MLMC) algorithm for approximating the expected value, E[g(XT)], under
the following constraint:

P(|[E[¢(Xp] — #/| <TOL) > 1—6. 2)

Here, &/ denotes the algorithm’s approximation of E[g(Xr)] (examples of which
are given in Item (A.2) and Eq. (6) and TOL and ¢ > 0 are accuracy and confidence
constraints, respectively.

The rest of this paper is organized as follows: First, in Sect. 1.1, we review the
Monte Carlo methods and their use with the Euler—Maruyama integrator. This is fol-
lowed by discussion of Multilevel Monte Carlo methods and adaptivity for SDEs. The
theory, framework and numerical examples for the MSE adaptive algorithm is pre-
sented in Sect. 2. In Sect. 3, we develop the framework for the MSE adaptive MLMC
algorithm and present implementational details in algorithms with pseudocode. In
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Sect. 4, we compare the performance of the MSE adaptive and uniform MLMC
algorithms in a couple of numerical examples, one of which is a low-regularity SDE
problem. Finally, we present brief conclusions followed by technical proofs and the
extension of the main result to higher-dimensional problems in the appendices.

1.1 Monte Carlo Methods and the Euler-Maruyama Scheme

Monte Carlo (MC) methods provide a robust and typically non-intrusive way to
compute weak approximations of SDE. The convergence rate of MC methods does
not depend on the dimension of the problem; for that reason, MC is particularly
effective on multi-dimensional problems. In its simplest form, an approximation by
the MC method consists of the following two steps:

(A.1) Make M independent and identically distributed numerical approximations,
{Xn.7}m=1.2,...m, of the numerical solution of the SDE (1).
(A.2) Approximate E[g(X7)] a realization of the sample average

M
Xom
g{;:z%_,r). 3)

m=1

Regarding ordinary differential equations (ODE), the theory for numerical integrators
of different orders for scalar SDE is vast. Provided sufficient regularity, higher order
integrators generally yield higher convergence rates [22]. With MC methods it is
straightforward to determine that the goal (2) is fulfilled at the computational cost
o (TOL’z’l/ “), where a > 0 denotes the weak convergence rate of the numerical
method, as defined in Eq. (5).

As a method of temporal discretization, the Euler-Maruyama scheme is given by

)_(t,,ﬂ = )_(t,l + a(t,, )_(t,,)Atn + b(t,, )_(t,,)AWn, )

Xo = xo,

using time steps At#, = t,41 —t, and Wiener increments AW, =W, . — W, ~
N(0, 4t,14,), where I, denotes the dp x d, identity matrix. In this work, we will
focus exclusively on Euler—Maruyama time-stepping. The Euler—Maruyama scheme,
which may be considered the SDE-equivalent of the forward-Euler method for ODE,
has, under sufficient regularity, first-order weak convergence rate

[E[g(tn) — ¢(Xr)]| = &(max 41,) )
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and also first-order MSE convergence rate

E[ (s0tn) — 8(X1))"] = &/(max 41,). ©)

cf. [22]. For multi-dimensional SDE problems, higher order schemes are generally
less applicable, as either the diffusion coefficient matrix has to fulfill a rigid commu-
tativity condition, or Levy areas, required in higher order numerical schemes, have to
be accurately approximated to achieve better convergence rates than those obtained
with the Euler-Maruyama method [22].

1.2 Uniform and Adaptive Time-Stepping MLMC

MLMC is a class of MC methods that uses a hierarchy of subtly correlated and
increasingly refined realization ensembles to reduce the variance of the sample esti-
mator. In comparison with single-level MC, MLMC may yield orders of magnitude
reductions in the computational cost of moment approximations. MLMC was first
introduced by Heinrich [14, 15] for approximating integrals that depend on random
parameters. For applications in SDE problems, Kebaier [21] introduced a two-level
MC method and demonstrated its potential efficiency gains over single-level MC.
Giles [8] thereafter developed an MLMC algorithm for SDE, exhibiting even higher
potential efficiency gains. Presently, MLMC is a vibrant and growing research topic,
(cf. [3, 4, 9, 10, 13, 26, 34], and references therein).

1.2.1 MLMC Notation

We define the multilevel estimator by

L M,

Z z Ae&m ’ 7

(=0 m=1

where
¢(X7), if £=0,
A€gm = - e
g (X,{,f,}r) -8 (X,{,fjl}) , otherwise.

Here, the positive integer, L, denotes the final level of the estimator, M, is the number

o o i (-1
of sample realizations on the ¢th level, and the realization pair, X ,{n’}T and X in T }, are

copies of the by the Euler—Maruyama method (4) approximations of the SDE using
the same Wiener path, W,,, sampled on the respective meshes, 41!’} and A¢{¢~1},
(cf. Fig. 1).
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Fig. 1 (Lefr) A sample Wiener path, W, generated on the coarse mesh, 4¢(%}, with uniform step
size 1/10 (blue line). The path is thereafter Brownian bridge interpolated onto a finer mesh, 4 A1,
which has uniform step size of 1,/20 (green line). (Right) Euler-Maruyama numerical solutions of the
Ornstein—Uhlenbeck SDE problem, dX; = 2(1 — X;)dt + 0.2d W;, with initial condition Xog = 3/2,
are computed on the meshes A1 (blue line) and A1t} (green line) using Wiener increments from
the respective path resolutions

1.2.2 Uniform Time-Stepping MLMC

In the uniform time-stepping MLMC introduced in [8], the respective SDE realiza-

tions {)_(gf }}g are constructed on a hierarchy of uniform meshes with geometrically
decaying step size, min 41!} = max A1) = T/N;, and N, = !Ny with ¢ € N\{1}
and Ny an integer. For simplicity, we consider the uniform time-stepping MLMC
method with ¢ = 2.

1.2.3 Uniform Time-Stepping MLMC Error
and Computational Complexity

By construction, the multilevel estimator is telescoping in expectation, i.e.,
El«,,]=E [g (}_( {TL }) ] Using this property, we may conveniently bound the mul-
tilevel approximation error:
(L (L
[E[e0n] - ... | = [E[s0n — ¢(X))]| + [E[¢(X)") - ... ]|

=:&r =:85

The approximation goal (2) is then reached by ensuring that the sum of the bias, &7,
and the statistical error, &, is bounded from above by TOL, e.g., by the constraints
&r < TOL/2 and & < TOL/2, (see Sect. 3.2 for more details on the MLMC error
control). For the MSE error goal,

E[(E[s0t)] - ,,.,)°] = TOL2,

the following theorem states the optimal computational cost for MLMC:
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Theorem 1 (Computational cost of deterministic MLMC; Cliffe et al. [4]) Suppose
there are constants a, 3,y such that o > % and

(i) ‘E[g(f{f}) - g(Xr)]‘ =O(N; %),
(i) Var(4,g) = ﬁ(N[ﬁ),
(iii)  Cost(4,8) = O(N}]).

Then, for any TOL < e~ there exists an L and a sequence {M(}f;:o such that

EI:(%//IJ - E[g(XT)])Z] < TOL?, (8)
and
o(TOL™?), if >y,
Cost(</ ) = § €(TOL?1og(TOL)*), if f =, ©)
ﬁ(TOL—2+‘*;’) , ip <

In comparison, the computational cost of achieving the goal (8) with single-level
MCis 0 (TOL_Z_W “). Theorem 1 thus shows that for any problem with g > 0,
MLMC will asymptotically be more efficient than single-level MC. Furthermore,
the performance gain of MLMC over MC is particularly apparent in settings where
p = y.Thelatter property is linked to the contributions of this work. In low-regularity
SDE problems, e.g., Example 6 below and [1, 35], the uniform time-stepping Euler—
Maruyama results in convergence rates for which f < y. More sophisticated inte-
grators can preserve rates such that § > y.

Remark 1 Similar accuracy versus complexity results to Theorem 1, requiring
slightly stronger moment bounds, have also been derived for the approximation
goal (2) in the asymptotic setting when TOL | O, cf. [5, 16].

1.2.4 MSE A Posteriori Adaptive Time-Stepping

In general, adaptive time-stepping algorithms seek to fulfill one of two equivalent
goals [2]:

(B.1) Provided a computational budget N and a norm || - ||, determine the possibly
non-uniform mesh, which minimizes the error ||g(X7) — g(X7)||-

(B.2) Provided an error constraint || gX7) — g ()_( T) || < TOL, determine the possibly
non-uniform mesh, which achieves the constraint at the minimum computa-
tional cost.

Evidently, the refinement criterion of an adaptive algorithm depends on the error
one seeks to minimize. In this work, we consider adaptivity goal (B.1) with the error
measured in terms of the MSE. This error measure is suitable for MLMC algorithms
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as it often will lead to improved convergence rates, S (since Var(4,g) < E [A ggz]),
which by Theorem 1 may reduce the computational cost of MLMC. In Theorem 2,
we derive the following error expansion for the MSE of Euler—Maruyama numerical
solutions of the SDE (1):

E[(g(XT) - g(YT))Q] = E[Nzlmfs + o(m,%)}, (10)

n=0

where the error density, p,,, is a function of the local error and sensitivities from the
dual solution of the SDE problem, as defined in (24). The error expansion (10) is an
a posteriori error estimate for the MSE, and in our adaptive algorithm, the mesh is
refined by equilibration of the expansion’s error indicators

Foi=p,At:, for n=0,1,...,N—1. (11)

1.2.5 An MSE Adaptive MLMC Algorithm

Using the described MSE adaptive algorithm, we construct an MSE adaptive MLMC

algorithm in Sect. 3. The MLMC algorithm generates SDE realizations, {Y[T{ ]}g, on
a hierarchy of pathwise adaptively refined meshes, { 4t!}},. The meshes are nested,
i.e., for all realizations w € Q,

At%@w) ¢ 4tV (w) C ... 40 (w) C ...,

with the constraint that the number of time steps in 41!}, | A4¢}

, is bounded by 2N;:
| 48] < 2N, = 2“2N_ .

Here, N_; denotes the pre-initial number of time steps; it is an integer set in advance
of the computations. This corresponds to the hierarchy setup for the uniform time-
stepping MLMC algorithm in Sect. 1.2.2.

The potential efficiency gain of adaptive MLMC is experimentally illustrated in
this work using the drift blow-up problem

aX, = X g ox.aw,. Xy =1
t—|t_d_,|p t+ oX; ts o= 1.

This problem is addressed in Example 6 for the three different singularity exponents
p =1/2,2/3 and 3 /4, with a pathwise, random singularity point & ~ U(1/4,3/4),
an observable g(x) = x, and a final time 7 = 1. For the given singularity expo-
nents, we observe experimental deteriorating convergence rates, a = (1 — p) and
p = 2(1 — p), for the uniform time-stepping Euler-Maruyama integrator, while for
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Table 1 Observed computational cost—disregarding log(TOL) multiplicative factors of finite
order—for the drift blow-up study in Example 6

Singularity exponent p Observed computational cost
Adaptive MLMC Uniform MLMC
1/2 TOL 2 TOL 2
2/3 TOL ™2 TOL™3
3/4 TOL™? TOL—*

the adaptive time-step Euler-Maruyama we observe a =~ 1 and f ~ 1. Then, as
predicted by Theorem 1, we also observe an order of magnitude difference in com-
putational cost between the two algorithms (cf. Table 1).

1.2.6 Earlier Works on Adaptivity for SDE

Gaines’ and Lyons’ work [7] is one of the seminal contributions on adaptive algo-
rithms for SDE. They present an algorithm that seeks to minimize the pathwise error
of the mean and variation of the local error conditioned on the ¢ -algebra generated by
(i.e., the values at which the Wiener path has been evaluated in order to numerically
integrate the SDE realization) {W,, }fqu 1~ The method may be used in combination
with different numerical integration methods, and an approach to approximations of
potentially needed Levy areas is proposed, facilitated by a binary tree representation
of the Wiener path realization at its evaluation points. As for a posteriori adaptive
algorithms, the error indicators in Gaines’ and Lyons’ algorithm are given by prod-
ucts of local errors and weight terms, but, unlike in a posteriori methods, the weight
terms are computed from a priori estimates, making their approach a hybrid one.

Szepessy et al. [31] introduced a posteriori weak error based adaptivity for
the Euler—-Maruyama algorithm with numerically computable error indicator terms.
Their development of weak error adaptivity took inspiration from Talay and Tubaro’s
seminal work [33], where an error expansion for the weak error was derived for the
Euler-Maruyama algorithm when uniform time steps were used. In [16], Szepessy
et al.’s weak error adaptive algorithm was used in the construction of a weak error
adaptive MLMC algorithm. To the best of our knowledge, the present work is the
first on MSE a posteriori adaptive algorithms for SDE both in the MC- and MLMC
setting.

Among other adaptive algorithms for SDE, many have refinement criterions based
only or primarily on estimates of the local error. For example in [17], where the step-
size depends on the size of the diffusion coefficient for a MSE Euler—-Maruyama
adaptive algorithm; in [23], the step-size is controlled by the variation in the size of
the drift coefficient in the constructed Euler-Maruyama adaptive algorithm, which
preserves the long-term ergodic behavior of the true solution for many SDE problems;
and in [19], a local error based adaptive Milstein algorithm is developed for solving
multi-dimensional chemical Langevin equations.
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2 Derivation of the MSE A Posteriori Adaptive Algorithm

In this section, we construct an MSE a posteriori adaptive algorithm for SDE whose
realizations are numerically integrated by the Euler—-Maruyama algorithm (4). Our
goal is, in rough terms, to obtain an algorithm for solving the SDE problem (1) that
for a fixed number of intervals NV, determines the time-stepping, Aty, 4ty, ..., Aty_,

such that the MSE, E [(g(f T) — g(XT))Z] is minimized. That is,

E[(g(YT) —g(XT))Z]  min!, N given. (12)

The derivation of our adaptive algorithm consists of two steps. First, an error expan-
sion for the MSE is presented in Theorem 2. Based on the error expansion, we
thereafter construct a mesh refinement algorithm. At the end of the section, we apply
the adaptive algorithm to a few example problems.

2.1 The Error Expansion

Let us now present a leading-order error expansion for the MSE (12) of the SDE prob-
lem (1) in the one-dimensional (1D) setting, i.e., when X; attains values in R and the
drift and diffusion coefficients are respectively of the forma : [0, T] x R — R and
b :[0,T] x R — R. An extension of the MSE error expansion to multi-dimensions
is given in Appendix “Error Expansion for the MSE in Multiple Dimensions”. To state
the error expansion Theorem, some notation is needed. Let X' denote the solution
of the SDE (1) at time s > ¢, when the initial condition is X; = x at time ¢, i.e.,

s s
Xr=x +/ a(u, X,)du +/ b(u,X,)dw,, seltT], (13)
t

t
and in light of this notation, X; is shorthand for X,X”’O. For a given observable g, the

payoff-of-flow map function is defined by ¢(z,x) = g(X7"). We also make use of
the following function space notation

C(U) :={f : U — R|f is continuous},
Cp(U) :={f : U — R|f is continuous and bounded},

C’g(R) = [f :R— R|f € C(R) and %f € Cp(R) for all integers 1 <j < k],
CR (0, T x R) = {f [0, T xR — R|f € C([0, T] x R) and

dlﬁff € Cp([0, T] x R) for all integers j; < kj and 1 <j; +j» < kz}.
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We are now ready to present our mean square expansion result, namely,

Theorem 2 (1D MSE leading-order error expansion) Assume that drift and diffusion
coefficients and input data of the SDE (1) fulfill

(R.1) a,be Cp*([0,T] x R),
(R.2) there exists a constant C > 0 such that

la(t, x)]” + |b(t, x)> < C(1 + |x[),  Vxe€RandVi €[0,T],
(R.3) The gradient of g, g : R — R satisfies g € C;(R),
(R.4) for the initial data, X is F-measurable and E[|X|’] < oo forallp > 1.
Assume further the mesh points 0 =ty <t; < ... <ty =T

(M.1) are stopping times for which t, is %, _,-measurable forn=1,2,...,N,

(M.2) there exists NeN, and ac, > 0 such that c;N < inf,eo N(w) and sup,. o
N(w) < N holds for each realization. F urtivzermore, there exists a c; > 0 such
that sup .o MaX,eo,1,..N—1) Ata(®) < c;N~L

(M.3) and there exists acy > Qsuchthatforallp € [1,8landn € {0, 1, ... ,]V — 1}

E[4i7] < cs (E[42]).

Then, as N increases,

2
E[(g(Xr) g(X7)) ] ZE[% ts X1, (" ) = (10, X,,) 422 + o A2 )], (14)

where we have defined t, =T and At, =0 for alln e {N,N +1,... ,ﬂ]}. And
replacing the first variation, @ (tn, )_(n), by the numerical approximation, ¢, ,, as
defined in (23), yields the following to leading order all-terms-computable error
expansion:

(bxb)?

E[(g(XT) g(X1)) ] ZE[_2

(ta, X,,) A1, + o( 4t} )} (15)

We present the proof to the theorem in Appendix “Error Expansion for the MSE
in ID”

Remark 2 In condition (M.2) of the above theorem we have introduced N to denote
the deterministic upper bound for the number of time steps in all mesh realizations.
Moreover, from this point on the mesh points {¢,}, and time steps { 4t,}, are defined
for all indices {0, 1, ..., N } with the natural extension ¢, = T and A4t, = 0 for all
ne{N+1,...,N}.In addition to ensuring an upper bound on the complexity of a
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numerical realization and that max,, 4f, — 0 as N — oo, replacing the random N
(the smallest integer value for which #y = T in a given mesh) with the deterministic
N in the MSE error expansion (15) simplifies our proof of Theorem 2.

Remark 3 For most SDE problems on which it is relevant to apply a posteriori
adaptive integrators, at least one of the regularity conditions (R.1), (R.2), and (R.3)
and the mesh adaptedness assumption (M.1) in Theorem 2 will not be fulfilled. In
our adaptive algorithm, the error expansion (15) is interpreted in a formal sense and
only used to facilitate the systematic construction of a mesh refinement criterion.
When applied to low-regularity SDE problems where some of the conditions (R.1),

(R.2), or (R.3), do not hold, the actual leading-order term of the error expansion (15)
may contain other or additional terms besides Ef’n (b*zb)z (ts, X;,) in the error density.
Example 6 presents a problem where ad hoc additional terms are added to the error

density.

2.1.1 Numerical Approximation of the First Variation
The first variation of the flow map, ¢ (¢, x), is defined by
pu(t,x) = 0,8(X)) = g (X7o.X"
and the first variation of the path itself, 6,X’, is the solution of the linear SDE

d(afo’t) = a,(s, X:’t)ﬁfo’tds + by (s, X;C’t)axX;C’tde se (Tl

16
X5 =1, (16)

where a, denotes the partial derivative of a with respect to its spatial argument. To
describe conditions under which the terms g’'(X}") and 8, X" are well defined, let us
first recall that if X' solves the SDE (13) and

T
E|:/ |X;‘”|2ds:| < 00,
t

then we say that there exists a solution to the SDE. If a solution X' exists and all
solutions X' satisfy

P( sup X5 — X2 > O) =0,

selt,T]

we say the solution X' is pathwise unique.
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Lemma 1 Assume the regularity assumptions (R.1), (R.2), (R.3), and (R.4) in Theo-
rem 2 hold, and that for any fixed t € [0, T), x is .F,-measurable and E[|x|2”] < 00,
forallp € N. Then there exist pathwise unique solutions X" and 6. X" to the respec-
tive SDE (13) and (16) for which

max [E|: sup ]X;‘”]zp:|, E[ sup |6XX;‘”|2P“ <00, VpeN.
selt,T] selt,T]
Furthermore, ¢.(t, x) is Fr-measurable and

E[lg(t,x) ] < 00, VpeN.

We leave the proof of the Lemma to Appendix “Variations of the flow map”.

To obtain an all-terms-computable error expansion in Theorem 2, which will be
needed to construct an a posteriori adaptive algorithm, the first variation of the flow
map, ¢,, is approximated by the first variation of the Euler-Maruyama numerical
solution,

ax,n = g,()_(T)a}?,n )_(T .

Xty . .
Here, fork > n, 0, X " ™} is the solution of the Euler—-Maruyama scheme

7Ytn sin

A T vra TXinoh - Xyt
@XMy = (Ox, Xy + ax(t, Xi)@cX ")y Aty + b (1, X)) (0X ")y AWy, (17)

forj=n,n+1,...k — 1 and with the initiil condition 6X)_(X'"’t" = 1, which is cou-
pled to the numerical solution of the SDE, X,..

Lemma 2 [fthe assumptions (R.I),_(R.Z), (R.3),(RA4),(M.1)and (M.2) in Theorem 2
hold, then the numerical solution X of (4) converges in mean square sense to the
solution of the SDE (1),

_ 1/2p v
max (E[|X," ~X, 2”]) <CN'2, (18)
1<n<N
and _
max E[’X,”‘ p] <00, Vpel. (19)
I<n<N

For any fixed instant of time t,, in the mesh, 1 < n < N, the numerical solution Oy, X

of (17) converges in mean square sense to 8, Xxn",

2\ /2
max (E [ D <CN~'2, (20)
n<k<N

—Yrkﬁk X stn
X W X

173
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and

X ok

0.X

2p
max E|: ] <oo, VYpeNlN. 21
n<k<N

Furthermore, ¢, , is Fr-measurable and
E[[@.,17] <00, VpeN. (22)

From the SDE (16), it is clear that

_ N—1
Xl e -
aXy"" =[] (1 + a(te, X)) At + b1, X,) AWs)

=n

>~

and this implies that @, , solves the backward scheme
Ben = Cx(tns X0V P pp1s n=N—1,N—=2,...,0, (23)
with the initial condition @, y = g’ (X7) and the shorthand notation
c(tn, X,) := X, + alty, X,,) Aty + b(ty, X;,) AW,

The backward scheme (23) is convenient from a computational perspective since it
implies that the set of points, {ax,n}f;;o’ can be computed at the same cost as that of

one-path realization, {)_( f }f;’zo, which can be verified as follows

N—1

Pon =8 &) [ [ ext. X))
k=n
N—1

= c.(tn. X,)8 Xr) [] ext. X,)
k=n+1

= cx(tna Yf”)g/(YT)alrﬂ»lYT

= cc(tn, )_(t,,)ax,n-&-] .

2.2 The Adaptive Algorithm

Having derived computable expressions for all terms in the error expansion, we next
introduce the error density using a heuristic leading-order expansion

L, bby

n = ¥x,n 2

(t, X;), n=0,1,...,N—1, (24)
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and, for representing the numerical solution’s error contribution from the time interval
(ty, ty+1), the error indicators

Foi=pudtl, n=0,1,...,N—1. (25)

The error expansion (15) may then be written as

E[(g(XT) 2(X7)) ] ZE[rn+0At )]- (26)

The final goal of the adaptive algorithm is minimization of the leading order of the

MSE in (26), namely, E[ZQ:OI 7,,], which (for each realization) is approached by

minimization of the error expansion realization Zflvz_ol 7,. An approximately optimal
choice for the refinement procedure can be derived by introducing the Lagrangian

~N), 27)

E(At,i):/o p(s)At(s)ds—i—l(/ A()

for which we seek to minimize the pathwise squared error

5 T
(e(Xr) — g(%r)) = /0 p () A1(s)ds

T 1 .
ds =N,
/0 At(s) s

for a fixed number of time steps, N, and the implicit constraint that the error indicators
are equilibrated,

under the constraint that

2
Xr) —g(X .
7/1=ﬁndtﬁzw, I’l:O,l,...,N—l. (28)
Minimizing (27) yields

2
At, = W_—g(m and MS.E.mpﬁve_T {( / Vp(s) ds):| (29)

N p(t) N
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where the above inequality follows from using Holder’s inequality,

E[(g(XT) - g(YT))Z:I = \/L]TVE[LS’(XT) - g()_(T)i/OT \/P(T)ds:|

< jﬁ/EUg(xT)—g()?T)f] E[( / md)}

In comparison, we notice that if a uniform mesh is used, the MSE becomes

T T
MSEuniform =<E |:/ pP (S) dSi| . (30)
N 0

A consequence of observations (29) and (30) is that for many low-regularity prob-
lems, for instance, if p(s) =s7 with p € [1,2), adaptive time-stepping Euler—
Maruyama methods may produce more accurate solutions (measured in the MSE)
than are obtained using the uniform time-stepping Euler—Maruyama method under
the same computational budget constraints.

2.2.1 Mesh Refinement Strategy

To equilibrate the error indicators (28), we propose an iterative mesh refinement
strategy to identify the largest error indicator and then refining the corresponding
time step by halving it.

To compute the error indicators prior to refinement, the algorithm first computes
the numerical SDE solution, X, , and the corresponding first variation @y (using
Egs. (4) and (23) respectively) on the initial mesh, At'9 Thereafter, the error indi-
cators 7, are computed by Eq. (25) and the mesh is refined a prescribed number of
times, Nrefine, as follows:

(C.1) Find the largest error indicator

n* ;= argmax7,, (31

and refine the corresponding time step by halving

Ine + Ipeq
s In* 41 )
2
——
—_—
=15
=y

(tn*a tn*+1) g ([n*a (32)

and increment the number of refinements by one.
(C.2) Update the values of the error indicators, either by recomputing the whole
problem or locally by interpolation, cf. Sect. 2.2.3.
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(C.3) Gotostep (C.4) if Niefine mesh refinements have been made; otherwise, return
to step (C.1).
(C.4) (Postconditioning) Do a last sweep over the mesh and refine by halving every

time step that is strictly larger than Aty,,, where Aty.x = O (N ’1) denotes
the maximum allowed step size.

The postconditioning step (C.4) ensures that all time steps become infinitesimally
small as the number of time steps N — oo with such a rate of decay that condition
(M.2) in Theorem 2 holds and is thereby one of the necessary conditions from
Lemma 2 to ensure strong convergence for the numerical solutions of the MSE
adaptive Euler—Maruyama algorithm. However, the strong convergence result should
primarily be interpreted as a motivation for introducing the postconditioning step
(C.4) since Theorem 2’s assumption (M.1), namely that the mesh points are stopping
times #, measurable with respect to .%,, _,, will not hold in general for our adaptive
algorithm.

2.2.2 Wiener Path Refinements

When a time step is refined, as described in (32), the Wiener path must be refined
correspondingly. The value of the Wiener path at the midpoint between W, . and
W;.,, can be generated by Brownian bridge interpolation,

W”ilj-l = Wt’l* + Wf”*+1 +é_,\/ Atn* ’
n ) >

(33)

where & ~ N(0, 1), cf. [27]. See Fig. 1 for an illustration of Brownian bridge inter-
polation applied to numerical solutions of an Ornstein—Uhlenbeck SDE.

2.2.3 Updating the Error Indicators

After the refinement of an interval, (¢,:, t,+41), and its Wiener path, error indicators
must also be updated before moving on to determine which interval is next in line for
refinement. There are different ways of updating error indicators. One expensive but
more accurate option is to recompute the error indicators completely by first solving
the forward problem (4) and the backward problem (23). A less costly but also less
accurate alternative is to update only the error indicators locally at the refined time
step by one forward and backward numerical solution step, respectively:

X =X, 4 a(ty, X,.) A" + b(ty, X, ) AW,

tyx
—new " new Y — (34)
(px’n*+1 = Cx(tn* 5 Xl‘;'f”)wx,n*-&-l :



Construction of a Mean Square Error Adaptive ... 45

Thereafter, we compute the resulting error density, p;;" |, by Eq. (24), and finally
update the error locally by

- _ 2 _ - 2

Fur = Py (At,’;f“’) , Fregl = P (At;’ffﬁ,) . (35)
As a compromise between cost and accuracy, we here propose the following mixed
approach to updating error indicators post refinement: With N;q,. denoting the pre-
scribed number of refinement iterg}ions of the input mesh, let all error indicators
be completely recomputed every N = &' (10g(Nrefine))th iteration, whereas for the

remaining Nrefine — N iterations, only local updates of the error indicators are com-
puted. Following this approach, the computational cost of refining a mesh holding
N time steps into a mesh of 2N time steps becomes &'(N log(N)?). Observe that
the asymptotically dominating cost is to sort the mesh’s error indicators & (log(N))
times. To anticipate the computational cost for the MSE adaptive MLMC algo-
rithm, this implies that the cost of generating an MSE adaptive realization pair is
Cost(4,8) = O(£22°).

2.2.4 Pseudocode

The mesh refinement and the computation of error indicators are presented in Algo-
rithms 1 and 2, respectively.

Algorithm 1 meshRefinement

Input: Mesh 4¢, Wiener path W, number of refinements Nyefine, maximum time step Afmax
Output: Refined mesh A7 and Wiener path W.

Set the number of re-computations of all error indicators to a number N = O (10g(Nrefine)) and
compute the refinement batch size N= [Nrefine /IT/ 1.
fori=1toN do
Completely update the error density by applying
7, X, Dy Pl = computeErrorIndicators(4¢, W).
if Niefine > 2N then
Set the below for-loop limit to J = N.
else
Set J = Niefine-
end if
forj=1toJ do
Locate the largest error indicator 7+ using Eq. (31).
Refine the interval (#,+, t;++1) by the halving (32), add a midpoint value W,°?, to the Wiener
path by the Brownian bridge interpolation (33), and set Nrefine = Nrefine — 1-
Locally update the error indicators r,f and r,,¢; by the steps (34) and (35).
end for
end for
Do a final sweep over the mesh and refine all time steps of the input mesh which are strictly larger
than Atpax.
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Algorithm 2 computeErrorIndicators

Input: mesh 4¢, Wiener path W.

Output: error indicators 7, path solutions X and @, error density 7.

Compute the SDE path X using the Euler-Maruyama algorithm (4).

Compute the first variation g, using the backward algorithm (23).

Compute the error density p and error indicators 7 by the formulas (24) and (25), respectively.

2.3 Numerical Examples

To illustrate the procedure for computing error indicators and the performance of the
adaptive algorithm, we now present four SDE example problems. To keep matters
relatively elementary, the dual solutions, ¢, (), for these examples are derived not
from a posteriori but a priori analysis. This approach results in adaptively generated
mesh points which for all problems in this section will contain mesh points which are
stopping times for which #, is .%, _,-measurable for all n € {1,2, ..., N}. In Exam-
ples 1-3, it is straightforward to verify that the other assumptions of the respective
single- and multi-dimensional MSE error expansions of Theorems 2 and 3 hold,
meaning that the adaptive approach produces numerical solutions whose MSE to
leading order are bounded by the respective error expansions (14) and (67).

Example 1 We consider the classical geometric Brownian motion problem
dX, = X,dt + X,dW,, Xo=1,
for which we seek to minimize the MSE
E[(XT — )_(T)z] = min!, N given, 36)

at the final time, 7 = 1, (cf. the goal (B.1)). One may derive that the dual solution
of this problem is of the form

X
(pX(Xl‘n t) = aX,Xj)fht = _T’
X
which leads to the error density

_ XD (X 1)’ X

p() > 5

We conclude that uniform time-stepping is optimal. A further reduction of the MSE
could be achieved by allowing the number of time steps to depend on the magnitude
of X7 for each realization. This is however outside the scope of the considered
refinement goal (B.1), where we assume the number of time steps, N, is fixed for
all realizations and would be possible only to a very weak degree under the slight
generalization of (B.1) given in assumption (M.2) of Theorem 2.
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Example 2 Our second example is the two-dimensional (2D) SDE problem

dlelth, W():O,
ax, = W, dw, Xy =0.

Here, we seek to minimize the MSE E[(X7 — X71)?] for the observable
T
XT == / WtdW[
0
at the final time 7 = 1. With the diffusion matrix represented by
bW X0 = | o
s At)s - Wt l

and observing that
T
6X,X¥”' = aX, (Xt +/ Wvdws) = 1:
t

it follows from the error density in multi-dimensions in Eq. (65) that p(t) = % We
conclude that uniform time-stepping is optimal for this problem as well.

Example 3 Next, we consider the three-dimensional (3D) SDE problem

dwD = 1aw, Wb =o,
dw® = 1dw®, W =0,
dax, = whaw® — w@aw®, Xy =0,

where W,(]) and W,(i) are independent Wiener processes. Here, we seek to minimize
the MSE E[ (X — X7)?] for the Levy area observable

T
Xr = / W aw® — wPawV),
0

at the final time, 7 = 1. Representing the diffusion matrix by

1 0
bW, X),p=| 0 1
_Wt(l) Wt(Z)
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and observing that
T
ox X7 = ox, (X + / WDdW? — sz)dwf’),) =1,
t

it follows from Eq. (65) that p(f) = 1. We conclude that uniform time-stepping is
optimal for computing Levy areas.

Example 4 As the last example, we consider the 2D SDE

dw, = 1dW,, Wo =0,
dX; = 3(W?* — t)dW,, Xo=0

We seek to minimize the MSE (36) at the final time 7" = 1. For this problem, it
may be shown by Itd calculus that the pathwise exact solution is Xy = W3 — 3WrT.
Representing the diffusion matrix by

b((WIBXI)a t) = |:3(W; _ t)] s

Equation (65) implies that p(f) = 18W,2. This motivates the use of discrete error
indicators, 7, = ISWIE At,zl, in the mesh refinement criterion. For this problem, we
may not directly conclude that the error expansion (67) holds since the diffusion
coefficient does not fulfill the assumption in Theorem 3. Although we will not include
the details here, it is easy to derive that 8};X§” =0 for all j > 1 and to prove that
the MSE leading-order error expansion also holds for this particular problem by
following the steps of the proof of Theorem 2. In Fig. 2, we compare the uniform
and adaptive time-stepping Euler-Maruyama algorithms in terms of MSE versus the

100 F

—  Uniform time stepping

e—e Adaptive time stepping

Mean square error E[(X7 — X7)?

10—3 b

10% 104
Number of time steps N

10! 10%

Fig. 2 Comparison of the performance of uniform and adaptive time-stepping Euler—Maruyama
numerical integration for Example 4 in terms of MSE versus number of time steps
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number of time steps, N. Estimates for the MSE for both algorithms are computed
by MC sampling using M = 10° samples. This is a sufficient sample size to render
the MC estimates’ statistical error negligible. For the adaptive algorithm, we have
used the following input parameter in Algorithm 1: uniform input mesh, A¢, with
step size 2/N (and Aty.x = 2/N). The number of refinements is set to Nyefine = N /2.
We observe that the algorithms have approximately equal convergence rates, but, as
expected, the adaptive algorithm is slightly more accurate than the uniform time-
stepping algorithm.

3 Extension of the Adaptive Algorithm
to the Multilevel Setting

In this section, we incorporate the MSE adaptive time-stepping algorithm presented
in the preceding section into an MSE adaptive MLMC algorithm for weak approx-
imations. First, we shortly recall the approximation goal and important concepts
for the MSE adaptive MLMC algorithm, such as the structure of the adaptive mesh
hierarchy and MLMC error control. Thereafter, the MLMC algorithm is presented
in pseudocode form.

3.1 Notation and Objective

For a tolerance, TOL > 0, and confidence, 0 < 1 — J < 1, we recall that our objec-
tive is to construct an adaptive time-stepping MLMC estimator, .27 ,,, which meets
the approximation constraint

P(|E[¢Xn] - #,.| <TOL) > 1 —0. (37)

We denote the multilevel estimator by

where
y Xon.1) » if £=0,
t8m -= g()_(fn,T) — g()_(,{;:Tl) , else.

Section 1.2.5 presents further details on MLMC notation and parameters.
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3.1.1 The Mesh Hierarchy

A realization, 4,g (a)i,[) , is generated on a nested pair of mesh realizations
o C A (wi ) € A1 (i),

Subsequently, mesh realizations are generated step by step from a prescribed and
deterministic input mesh, 4#=Y, holding N_; uniform time steps. First, A4t~} is
refined into a mesh, A+, by applying Algorithm 1, namely

[41°), W] = meshRefinement (4™, WY Nyegoe = N_y, Atyax = Ny'') .

The mesh refinement process is iterated until meshes A¢“~" and A+*~" are pro-
duced, with the last couple of iterations being

[ 411, w11 = meshRefinement (Az{H}, W2 Neetine = Ne—2, Atmax = N;jl) ,
and

[411), W] = meshRefinement (411, WY Nyegoe = No_1, Aty = N; ).

The output realization for the difference 4,g; = g()_(l{»[}) — g()_( 55_1}) is thereafter
generated on the output temporal mesh and Wiener path pairs, (A=, W=1}) and
(410, wiohy,

For later estimates of the computational cost of the MSE adaptive MLMC algo-
rithm, it is useful to have upper bounds on the growth of the number of time steps
in the mesh hierarchy, {418} ,, as € increases. Letting | 4¢| denote the number of
time steps in a mesh, A4t (i.e., the cardinality of the set At = {Aty, 4ty,...}), the

following bounds hold
Ny < |49 <2N, Ve e N,.

The lower bound follows straightforwardly from the mesh hierarchy refinement pro-
cedure described above. To show the upper bound, notice the maximum number of
mesh refinements going from a level £ — 1 mesh, 41=Y to a level £ mesh, A"} is
2N;_; — 1. Consequently,

-1
|Az{[}| < |At{*l}| + Z Maximum number of refinements going from A= o 4V}
j=0
l
SN 42D Niop—(E+1) <2N.
Jj=0
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Remark 4 For the telescoping property E[.«7 ., | = E[g()_( {Tg })] to hold, it is not

required that the adaptive mesh hierarchy is nested, but non-nested meshes make it
more complicated to compute Wiener path pairs (W=, W) In the numerical
tests leading to this work, we tested both nested and non-nested adaptive meshes and
found both options performing satisfactorily.

3.2 Error Control

The error control for the adaptive MLMC algorithm follows the general framework
of a uniform time-stepping MLMC, but for the sake of completeness, we recall the
error control framework for the setting of weak approximations. By splitting

[Ele0n] - ... | = [E[s0tn — ¢(X))]| + [E[e(X7) - .. ]|

=& =&

and
TOL = TOL; + TOL, (38)
we seek to implicitly fulfill (37) by imposing the stricter constraints

&r < TOL, the time discretization error, 39
P (é”s < TOLS) >1-9, the statistical error. (40)

3.2.1 The Statistical Error

Under the moment assumptions stated in [6], Lindeberg’s version of the Central
Limit Theorem yields that as TOL | O,

Lue E[sO)] 5 o

Var (e ,.)

D e .
Here, — denotes convergence in distribution. By construction, we have

L
Var(4,g)
Var(,cfﬂg) = Z ng

=0
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This asymptotic result motivates the statistical error constraint

TOL4?
Var(ef ,,) < ——>—, 41
where Cc¢(0) is the confidence parameter chosen such that
1— — / O)e ™™ dx = (1 —5), (42)
V2 J-cc©)

for a prescribed confidence (1 — 9).

Another important question is how to distribute the number of samples, {M,},,
on the level hierarchy such that both the computational cost of the MLMC estimator
is minimized and the constraint (41) is met. Letting C,; denote the expected cost of
generating a numerical realization 4,g (C()ijg) , the approximate total cost of generating
the multilevel estimator becomes

L
o =D CiM;.
=0

An optimization of the number of samples at each level can then be found through
minimization of the Lagrangian

L 2
Var(4,8) TOLg
LMo, My, ... My, 2) =i D +§ CeM,
~ M Ccz(é)

yielding

[CC © Var(A"g) Za/CgVar(Agg—‘ 1., L

TOL?

Since the cost of adaptively refining a mesh, A}, is &' (N, log(N;)?), as noted in
Sect. 2.2.3, the cost of generating an SDE realization, is of the same order: C; =
o (Ng IOg(N[)Z) . Representing the cost by its leading-order term and disregarding the
logarithmic factor, an approximation to the level-wise optimal number of samples
becomes

TOL,’

’7Cc ©) Var(Aeg)Z\/m—‘ t=0,1,...,L. (43)
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Remark 5 In our MLMC implementations, the variances, Var(4,g), in Eq. (43)
are approximated by sample variances. To save memory in our parallel computer
implementation, the maximum permitted batch size for a set of realizations,
{48(wi)}i, is set to 100,000. For the initial batch consisting of M, = M samples,
the sample variance is computed by the standard approach,

1

YV (deg My) = M1

M,
D (Acg(wi) — o (Aegs M),
i=1

Thereafter, for every new batch of realizations, {Agg(w,-,g) }?i’;;ﬁl (M here denotes

an arbitrary natural number smaller or equal to 100,000), we incrementally update
the sample variance,

M,

YV (deg; My + M) = YV (d,g; M,
(d¢g; My + M) M[+MX (deg: My)
1 M+M

— Arg(w)) — o (Arg: My + M))2,

O, M=) i:Mz[H( 08 (w; ) (deg; My )

and update the total number of samples on level ¢ accordingly, M, = M, + M.

3.2.2 The Time Discretization Error
To control the time discretization error, we assume that a weak order convergence

rate, o > 0, holds for the given SDE problem when solved with the Euler—-Maruyama
method, i.e.,

E[sen — (%) ]| = (v

and we assume that the asymptotic rate is reached at level L — 1. Then

o0t —(%)]| = | 3 Elace]| = [pLase] 320 = L2
f=L+1 =1

In our implementation, we assume the weak convergence rate, a, is known prior to
sampling and, replacing E[A L g] with a sample average approximation in the above
inequality, we determine L by the following stopping criterion:



54 H. Hoel et al.

max (27 |/ (Ap-18; Mp-1)|, |/ (A.8; My)|)
2¢ — 1

< TOL, (44)

(cf. Algorithm 3). Here we implicitly assume that the statistical error in estimating
the bias condition is not prohibitively large.
A final level L of order log(TOL, ") will thus control the discretization error.

3.2.3 Computational Cost

Under the convergence rate assumptions stated in Theorem 1, it follows that the cost
of generating an adaptive MLMC estimator, <7 , ., , fulfilling the MSE approximation

ML

goal E[(# ., — E[¢(X7)])?] < TOL? is bounded by

L ¢(TOL™?), iftp>1,
€ 4y = D MiC; < { 0(TOL™?1og(TOL)) , iftp=1, (45)
(=0 ﬁ(TOL*M%‘ log(TOL)z), i< 1.

Moreover, under the additional higher moment approximation rate assumption
. 2+4v
E[‘g(X{T[}) . g(XT)‘ ] = ﬁ(z—ﬂ+u/2) ;

the complexity bound (45) also holds for fulfilling criterion (2) asymptotically as
TOL | 0, (cf. [5]).

3.3 MLMC Pseudocode

In this section, we present pseudocode for the implementation of the MSE adaptive
MLMC algorithm. In addition to Algorithms 1 and 2, presented in Sect. 2.2.4, the
implementation consists of Algorithms 3 and 4. Algorithm 3 describes how the stop-
ping criterion for the final level L is implemented and how the multilevel estimator
is generated, and Algorithm 4 describes the steps for generating a realization 4,g.
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Algorithm 3 mlmcEstimator

Input: TOL}, TOLg, confidence J, initial mesh 4 =1 initial number of mesh steps N_1, input

weak rate a, initial number of samples M.
Output: Multilevel estimator .« ., .

Compute the confidence parameter Cc(d) by (42).

SetL = —1.
while L < 2 or (44), using the input o for the weak rate, is violated do
SetL=L+1.

Set My =M, generate a set of realizations {4¢g(wi0) W by applying
adaptiveRealizations(4:{~1).
for £ =0to L do
Compute the sample variance ¥ (4,g; M;).
end for
for { =0to L do
Determine the number of samples M, by (43).
if new value of M/ is larger than the old value then

new

Compute additional realizations {4cg ((A),',[) } l.:[M[ L1 by applying
adaptiveRealizations(4:!~1).
end if
end for
end while

Compute «7 , ., from the generated samples by using formula (7).

Remark 6 For each increment of L in Algorithm 3, all realizations 4,g that have
been generated up to that point are reused in later computations of the multilevel
estimator. This approach, which is common in MLMC, (cf. [8]), seems to work fine
in practice although the independence between samples is then lost. Accounting for
the lack of independence complicates the convergence analysis.

4 Numerical Examples for the MLMC Algorithms

To illustrate the implementation of the MSE adaptive MLMC algorithm and to show
its robustness and potential efficiency gain over the uniform MLMC algorithm, we
present two numerical examples in this section. The first example considers a geo-
metric Brownian motion SDE problem with sufficient regularity, such that there is
very little (probably nothing) to gain by introducing adaptive mesh refinement. The
example is included to show that in settings where adaptivity is not required, the
MSE adaptive MLMC algorithm is not excessively more expensive than the uniform
MLMC algorithm. In the second example, we consider an SDE with a random time
drift coefficient blow-up of order t=” with p € [0.5, 1). The MSE adaptive MLMC
algorithm performs progressively more efficiently than does the uniform MLMC
algorithm as the value of the blow-up exponent p increases. We should add, however,
that although we observe numerical evidence for the numerical solutions converg-



36 H. Hoel et al.

Algorithm 4 adaptiveRealization

Input: Mesh Ar=1,
Outputs: One realization 4,g(w)

Generate a Wiener path W=} on the initial mesh A¢{~1},
forj=0to ¢ do
Refine the mesh by applying

(419, WU'] = meshRefinement( 41U~ WU, Niegne = Nj—1, Atmax = N1,

end for
Compute Euler—-Maruyama realizations (X [T( b R Y{Tf))(a)) using the mesh pair (A1 A4 (w)
and Wiener path pair (W= w{th)(w), cf. (4), and return the output

4e8(@) = g(X7 @) - ¢ (X7 @)

ing for both examples, all of the assumptions in Theorem 2 are not fulfilled for our
adaptive algorithm, when applied to either of the two examples. We are therefore not
able to prove theoretically that our adaptive algorithm converges in these examples.

For reference, the implemented MSE adaptive MLMC algorithm is described in
Algorithms 14, the standard form of the uniform time-stepping MLMC algorithm
that we use in these numerical comparisons is presented in Algorithm 5, Appendix “A
Uniform Time Step MLMC Algorithm”, and a summary of the parameter values used
in the examples is given in Table 2. Furthermore, all average properties derived from
the MLMC algorithms that we plot for the considered examples in Figs. 3,4, 5, 6, 7,
8,9, 10, 11 and 12 below are computed from 100 multilevel estimator realizations,
and, when plotted, error bars are scaled to one sample standard deviation.

Example 5 We consider the geometric Brownian motion
dX; = X,dt + X,dW,, Xy =1,

where we seek to fulfill the weak approximation goal (2) for the observable, g(x) = x,
at the final time, 7 = 1. The reference solution is E [g(XT)] = ¢. From Example 1,
we recall that the MSE minimized in this problem by using uniform time steps.
However, our a posteriori MSE adaptive MLMC algorithm computes error indicators
from numerical solutions of the path and the dual solution, which may lead to slightly
non-uniform output meshes. In Fig. 3, we study how close to uniform the MSE
adaptive meshes are by plotting the level-wise ratio, E[| A8 |] /N¢, where we recall
that | At{€}| denotes the number of time steps in the mesh, At and that a uniform
mesh on level £ has N, time steps. As the level, £, increases, E[| At |] /N converges
to 1, and to interpret this result, we recall from the construction of the adaptive mesh
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Table 2 List of parameter values used by the MSE adaptive MLMC algorithm and (when required)
the uniform MLMC algorithm for the numerical examples in Sect. 4

Parameter

Description of parameter

Example 5

Example 6

0

Confidence parameter, cf. (37)

0.1

0.1

TOL

Accuracy parameter, cf. (37)

[10-3, 1071

[1073, 1074

TOLg

Statistical error tolerance, cf. (38)

TOL/2

TOL/2

TOL,

Bias error tolerance, cf. (38)

TOL/2

TOL/2

A=

Pre-initial input uniform mesh
having the following step size

12

12

No

Number of time steps in the initial
mesh 4:(0

4

4

N(0)

The number of complete updates
of the error indicators in the MSE
adaptive algorithm, cf. Algorithm 1

[10g(€+2) J
log(2)

Llog((’+2)J
log(2)

Atmax ()

Maximum permitted time step size

—1
N(’

—1
N(

Atmin

Minimum permitted time step size
(due to the used double-precision
binary floating-point format)

2751

2751

M

Number of first batch samples for a
(first) estimate of the variance
Var(4,g)

100

20

ay

Input weak convergence rate used
in the stopping rule (44) for
uniform time step
Euler—Maruyama numerical
integration

—

(1-p

aA

Input weak convergence rate used
in the stopping rule (44) for the
MSE adaptive time step
Euler—-Maruyama numerical
integration

—_

hierarchy in Sect. 3 that if |A t{€}| = N, then the mesh, 4¢¥}, is uniform. We thus
conclude that for this problem, the higher the level, the more uniform the MSE
adaptive mesh realizations generally become.

Since adaptive mesh refinement is costly and since this problem has sufficient
regularity for the first-order weak and MSE convergence rates (5) and (6) to hold,
respectively, one might expect that MSE adaptive MLMC will be less efficient than
the uniform MLMC. This is verified in Fig. 5, which shows that the runtime of the
MSE adaptive MLMC algorithm grows slightly faster than the uniform MLMC algo-
rithm and that the cost ratio is at most roughly 3.5, in favor of uniform MLMC. In
Fig. 4, the accuracy of the MLMC algorithms is compared, showing that both algo-
rithms fulfill the goal (2) reliably. Figure 6 further shows that both algorithms have
roughly first-order convergence rates for the weak error |E[A[ g] | and the variance
Var(4,g), and that the decay rates for M, are close to identical. We conclude that
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Number of time steps ratio E[|At{|]/N;
1.010 T T T

1.008 - R

1.006

1.004

1.002

1.000 -
0 2 4 6 8 10 12

Level ¢

Fig. 3 The ratio of the level-wise mean number of time steps E[| At |] /N¢, of MSE adaptive
mesh realizations to uniform mesh realizations for Example 6
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® o Adaptive MLMC | & o f[a a Uniform MLMC % 3
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Fig. 4 For a set of TOL values, 100 realizations of the MSE adaptive multilevel estimator are
computed using both MLMC algorithms for Example 5. The errors |-/ , ,, (w;; TOL, §) — E[g(X7)]|
are respectively plotted as circles (adaptive MLMC) and triangles (uniform MLMC), and the number
of multilevel estimator realizations failing the constraint |« ,, (w;; TOL, §) — E[g(X7)]| < TOL
is written above the (TOL ™!, TOL) line. Since the confidence parameter is set to 0 = 0.1 and less
than 10 realizations fail for any of the tested TOL values, both algorithms meet the approximation
goal (37)

although MSE adaptive MLMC is slightly more costly than uniform MLMC, the
algorithms perform comparably in terms of runtime for this example.

Remark 7 The reason why we are unable to prove theoretically that the numerical
solution of this problem computed with our adaptive algorithm asymptotically con-
verges to the true solution is slightly subtle. The required smoothness conditions in
Theorem 2 are obviously fulfilled, but due to the local update of the error indicators
in our mesh refinement procedure, (cf. Sect. 2.2.3), we cannot prove that the mesh
points will asymptotically be stopping times for which 7, is .%; _,-measurable for all
ne{l,2,...,N} If we instead were to use the version of our adaptive algorithm
that recomputes all error indicators for each mesh refinement, the definition of the
error density (24) implies that, for this particular problem, it would take the same
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Fig. 5 Average runtime versus TOL ™! for the two MLMC algorithms solving Example 5
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Fig. 6 Output for Example 5 solved with the MSE adaptive and uniform time-stepping MLMC
algorithms. (Top) Weak error |E[Agg]| for solutions at TOL = 1073, (Middle) Variance Var(4,g)
for solutions at TOL = 10~3. (Bottom) Average number of samples E[M;]
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value, p, = Hsz_Ol cx(tk,Ytk)z/Z, for all indices, n € {0, 1, ..., N}. The resulting
adaptively refined mesh would then become uniform and we could verify conver-
gence, for instance, by using Theorem 2. Connecting this to the numerical results for
the adaptive algorithm that we have implemented here, we notice that the level-wise
mean number of time steps ratio, E[| 471)|]/N;, presented in Fig. 3 seems to tend
towards 1 as € increases, a limit ratio that is achieved only if A is indeed a uniform
mesh.

Example 6 'We next consider the two-dimensional SDE driven by a one-dimensional
Wiener process

dX, = a(t, X;; &)dt + b(t, X;; g)sz

46
Xo =[1,¢1", 0
with the low-regularity drift coefficient, a(z, x) = [r|t — x@ |77, 017, interest rate,
r = 1/5, and volatility b(z, x) = [0, 0]7 with, 0 = 0.5, and observable, g(x) = x, at
the final time T = 1. The ¢ in the initial condition is distributed as & ~ U(1/4, 3/4)
and it is independent from the Wiener process, W. Three different blow-up exponent
test cases are considered, p = (1/2,2/3, 3/4), and to avoid blow-ups in the numerical
integration of the drift function component, f(-; &), we replace the fully explicit
Euler-Maruyama integration scheme with the following semi-implicit scheme:

% % + 1f (tn: )Xy, Aty + 0 X, AW,y 3 f(103E) < 2f (ta415 ©), @7
! " rf(trH—l;f)ytudtn'i'o-}_(tndw’“ else,

where we have dropped the superscript for the first component of the SDE, writing
out only the first component, since the evolution of the second component is trivial.
Forp € [1/2, 3/4] it may be shown that for any singularity point, any path integrated
by the scheme (47) will have at most one drift-implicit integration step. The reference
mean for the exact solution is given by

3/4 1-p 1 — 1—p
E[X;] = 2/ exp (r(x J;( x) )) i,
1/4 -P

and in the numerical experiments, we approximate this integral value by quadrature
to the needed accuracy.

The MSE Expansion for the Adaptive Algorithm

Due to the low-regularity drift present in this problem, the resulting MSE expansion
will also contain drift-related terms that formally are of higher order. From the proof
of Theorem 2, Eq. (59), we conclude that, to leading order the MSE is bounded by
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Fig. 7 (Top) One MSE adaptive numerical realization of the SDE problem (46) at different mesh
hierarchy levels. The blow-up singularity point is located at & ~ 0.288473 and the realizations
are computed for three singularity exponent values. We observe that as the exponent, p, increases,
the more jump at t = ¢ becomes more pronounced. (Bottom) Corresponding MSE adaptive mesh
realizations for the different test cases

. N-1 2 442 2 X, -
E[|XT _ XT|2] S E Z_}%’n (N(at + axa) tn —iz_ (bxb) ) (tl’h Ino é{) Atﬁ )
n=0

This is the error expansion we use for the adaptive mesh refinement (in Algorithm 1)
in this example. In Fig. 7, we illustrate the effect that the singularity exponent, p, has
on SDE and adaptive mesh realizations.

Implementation Details and Observations

Computational tests for the uniform and MSE adaptive MLMC algorithms are imple-
mented with the input parameters summarized in Table 2. The weak convergence
rate, o, which is needed in the MLMC implementations’ stopping criterion (44), is
estimated experimentally as o (p) = (1 — p) when using the Euler-Maruyama inte-
grator with uniform time steps, and roughly o = 1 when using the Euler-Maruyama
integrator with adaptive time steps, (cf. Fig. 8). We further estimate the variance con-
vergence rate to f(p) = 2(1 — p), when using uniform time-stepping, and roughly



62 H. Hoel et al.
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Fig. 8 (Top) Average errors |E[ 4.g]| for Example 6 solved with the MSE adaptive MLMC algo-
rithm for three singularity exponent values. (Bottom) Corresponding average errors for the uniform
MLMC algorithm

to f = 1 when using MSE adaptive time-stepping, (cf. Fig. 9). The low weak con-
vergence rate for uniform MLMC implies that the number of levels L in the MLMC
estimator will be become very large, even with fairly high tolerances. Since compu-
tations of realizations on high levels are extremely costly, we have, for the sake of
computational feasibility, chosen a very low value, M = 20, for the initial number
of samples in both MLMC algorithms. The respective estimators’ use of samples,
M,, (cf. Fig. 10), shows that the low number of initial samples is not strictly needed
for the the adaptive MLMC algorithm, but for the sake of fair comparisons, we have
chosen to use the same parameter values in both algorithms.

From the rate estimates of a and 8, we predict the computational cost of reaching
the approximation goal (37) for the respective MLMC algorithms to be

Costaap (7 ) = O(10g(TOL)*TOL ™) and Costyn (<7 ,,) = ﬁ(TOL‘ﬁ),
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Fig.9 (Top) Variances Var(4,g) for for Example 6 solved with the MSE adaptive MLMC algorithm
for three singularity exponent values. (Bottom) Corresponding variances for the uniform MLMC
algorithm. The more noisy data on the highest levels is due to the low number used for the initial
samples, M =20, and only a subset of the generated 100 multilevel estimator realizations reached
the last levels

by using the estimate (45) and Theorem 1 respectively. These predictions fit well
with the observed computational runtime for the respective MLMC algorithms,
(cf. Fig. 11). Lastly, we observe that the numerical results are consistent with both
algorithms fulfilling the goal (37) in Fig. 12.

Computer Implementation

The computer code for all algorithms was written in Java and used the “Stochastic
Simulation in Java” library to sample the random variables in parallel from thread-
independent MRG32k3a pseudo random number generators, [24]. The experiments
were run on multiple threads on Intel Xeon(R) CPU X5650, 2.67GHz processors
and the computer graphics were made using the open source plotting library Mat-
plotlib, [18].
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Fig. 10 (Top) Average number of samples M, for for Example 6 solved with the MSE adaptive
MLMC algorithm for three singularity exponent values. (Bottom) Corresponding average number of
samples for the uniform MLMC algorithm. The plotted decay rate reference lines, 2~ (BP+D/DE
for My follow implicitly from Eq. (43) (assuming that f(p) = 2(1 — p) is the correct variance decay
rate)
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Fig. 11 Average runtime versus TOL™! for the two MLMC algorithms for three singularity expo-
nent values in Example 6
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Fig. 12 Approximation errors for both of the MLMC algorithms solving Example 6. At every
TOL value, circles and triangles represent the errors from 100 independent multilevel estimator
realizations of the respective algorithms

5 Conclusion

We have developed an a posteriori, MSE adaptive Euler—Maruyama time-stepping
algorithm and incorporated it into an MSE adaptive MLMC algorithm. The MSE
error expansion presented in Theorem 2 is fundamental to the adaptive algorithm.
Numerical tests have shown that MSE adaptive time-stepping may outperform uni-
form time-stepping, both in the single-level MC setting and in the MLMC setting,
(Examples 4 and 6). Due to the complexities of implementing adaptive time-stepping,
the numerical examples in this work were restricted to quite simple, low-regularity
SDE problems with singularities in the temporal coordinate. In the future, we aim
to study SDE problems with low-regularity in the state coordinate (preliminary tests
and analysis do however indicate that then some ad hoc molding of the adaptive
algorithm is required).

Although a posteriori adaptivity has proven to be a very effective method for
deterministic differential equations, the use of information from the future of the
numerical solution of the dual problem makes it a somewhat unnatural method to
extend to It6 SDE: It can result in numerical solutions that are not .%#;-adapted,
which consequently may introduce a bias in the numerical solutions. [7] provides
an example of a failing adaptive algorithm for SDE. A rigorous analysis of the
convergence properties of our developed MSE adaptive algorithm would strengthen
the theoretical basis of the algorithm further. We leave this for future work.
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Theoretical Results

Error Expansion for the MSE in 1D

In this section, we derive a leading-order error expansion for the MSE (12) in the 1D
setting when the drift and diffusion coefficients are respectively mappings of the form
a:[0,T] x R— Randb:[0,T] x R — R. We begin by deriving a representation
of the MSE in terms of products of local errors and weights.

Recalling the definition of the flow map, ¢ (x, t) := g(X7’"), and the first variation
of the flow map and the path itself given in Sect. 2.1.1, we use the Mean Value
Theorem to deduce that

8&X7) — g(X7) = 9(0,x0) — 9(0,X7)
=D 0t X)) = 9(tny1,X,,..)

N—-1
%, 0 _ (48)
= Z ® (tn+17 Xt,Hn] " ) - ¢(tn+1’ X[n+1)

= Wx(tn-i—l,)_(t,,H +SnAen) Aen,

. : Xyt Y A :
where the local error is givenby e, := X, 7, X 1 and s, € [0, 1]. Itd expansion

of the local error gives the following representation:

Xy stn

Il 2 — Int1 X, .t e
Ae, :/ a(t, X, ) — a(tn,X,n)dt~|—/ b(t, X; ™) — b(ty, X)) dWy
tn 1,

n

Aay Aby,

Xy stn

Int1 pf axx 5 Inp1 [t %
= / / (a; + aca + 7b )(s, X )dsdt+/ / (axb) (s, Xy ™ ™) dWy dt
J iy h JIn JIn

=:day, =:day

Xy otn

Il t b” 5 Il t X
[ [ bas el masaw [ [ wmoximawaw,.
Jty Jty In In

=: b, =:4b,

(49)
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By Eq. (48) we may express the MSE by the following squared sum

v 2
N-1

E[(g(XT) - g()_(T))Z:I =E Z (px(tn+ls Yanrl + snAen) Aen
n=0

>

-1
= E[fﬂx(fk-s-layzw + sk Aek) (px(t,1+1,)_(,“+l + snAen) Aey, Aen].

n,k=0

ES
Il

This is the first step in deriving the error expansion in Theorem 2. The remaining
steps follow in the proof below.

Proof of Theorem 2. The main tools used in proving this theorem are Taylor and
[t6-Taylor expansions, It6 isometry, and truncation of higher order terms. For errors
attributed to the leading-order local error term, 4b,, (cf. Eq. (49)), we do detailed
calculations, and the remainder is bounded by stated higher order terms.

We begin by noting that under the assumptions in Theorem 2 Lemmas 1 and 2
respectively verify then the existence and uniqueness of the solution of the SDE X
and the numerical solution X, and provide higher order moment bounds for both.
Furthermore, due to the assumption of the mesh points being stopping times for
which 1, is .%,,_,-measurable for all n, it follows also that the numerical solution is
adapted to the filtration, i.e., Y,n is .%, -measurable for all n.

We further need to extend the flow map and the first variation notation from
Sect. 2.1.1. Let )_(zl’tk for n > k denote the numerical solution of the Euler-Maruyama
scheme

X, Ik =X, I

X

=X," +a(t, X;") 44+ b6, X" ) AW, j > k, (50)

fj+1
withinitial condition X;, = x. The first variation of )_(Z’tk is defined by ax)_(jf;’k . Provided

that E[|x|?] < oo for all p € N, x is .7, -measurable and provided the assumptions

of Lemma 2 hold, it is straightforward to extend the proof of the lemma to verify
X, Ik

that (X%, ,X ") converges strongly to (X%, 0,X*%) for ¢ € [t, T],
2 1/2p
max (E Yf’tk — X" ) <CN7'?, VpeN
kfngl(/ " "
_ 2 1/2p .
max (E|: afo’tk — aX " :|) <CN Y2, YpeN
k<n<N !
and ) s
e |29 e |2
max (max (E[ X" } E[ ax ™" D) <o0o, W¥peN. (51)
P : :
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In addition to this, we will also make use of moment bounds for the second and
third variation of the flow map in the proof, i.e., ¢, (¢, x) and @ (?, x). The second

variation is described in Section “Variations of the flow map”’, where it is shown in
Lemma 3 that provided that x is .%,-measurable and E[|x|*’] < oo forall p € N, then

max (E[lgu(t, )17 ], B[l (6, )], E[l0ee (1, 0)[7]) < 00, ¥p e N.

__Considering the MSE error contribution from the leading order local error terms
Ab,,i.e.,

E[0c(ti1, Xoe., + sk dex) pc(tar, X, + 5ude,) Aby Ab,], (52)

we have for k = n,

E[((ox (tn+la )_(tn“) + Qo (thrl’ )_(t,,+1 + Sn Aen) Sn Aen)z Zﬁ]i:l

- 202
:E[(ﬂx(tn+laxtn+l) Abn+0(ﬁtrzl)],
The above o( 4t2) follows from Young’s and Holder’s inequalities,

tn+1a Xt,l+1) Dxx (thrl 5 Xt,,_H + sn Aen) Sn Aen Ab :|

20:(
Ae2 Ab;
C( tn+laXt,,+1) (oxx(tn-‘rlaxt,,ﬂ + snAen))z Atz:l +E|: eAnt3 ni|)

C [ Ox thrla )_(I,H_l) Dxx (thrlaXnJrl + Sn Aen )JI"] 2]

A3 A8 a8 A3
3 ~4 1 —4 1
< c{E[45] + (,[E|E[ 40,17, |- | + [E|E[ 44,17,
apr awm
+ [E E[E‘W‘]L + B E[Ziyﬂﬂ]i E E[Zﬁfﬂfi]L
n tn Atn n ln Atn n t/x A t;

=E[o(41})]

(53)

where the last inequality is derived by applying the moment bounds for multiple
16 integrals described in [22, Lemma 5.7.5] and under the assumptions (R.1), (R.2),
(M.1), (M.2) and (M.3). This yields
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~4
E[AanL%n] <CE| sup
_se[t,,,t,lﬂ)
E 2212'*%,1 <CE| sup |ab|* (s, Xff,,,tn)
) - | s€ltntas1)

-

E| 4b,|7, | < CE| sup
L - _‘Yeltu,l»ﬁl)

B[ 45,17, | < CE| sup |bobl* (s, X50)

SE[tntat1)

a 4 -
a, +a.a+ %bz‘ (s, XJm-tn)

%n} A3,

%ﬂ} At°,

by
b, + b.a + 7192

4 —
(5, XX ( %ﬂ} A18, (54)

ﬂ’,n:| At

B[ 45,7, | < CE| sup |bxb|8(s,xf""”“>\%}’fﬁ-

SE[tntat1)

And by similar reasoning,
E[%()_(,,,H + 5, den, t,,H)ZsﬁAeﬁZZai] < CE[4¢].

For achieving independence between forward paths and dual solutions in the expec-
tations, an Ito—Taylor expansion of ¢, leads to the equality

E[%(IHH,;?,M)Z Z;;j] _ E[%(IHH,;?,”)Z ab. + o(mg)]_

Introducing the null set completed ¢ -algebra

ﬁn =0 (0' ({Ws}Oisszn) Vo({W,— Wrm }zn+1§.s5T)) \% O'(XO),

we observe that ¢, (tn+1, )_(,”)2 is .Z" measurable by construction, (cf. [27, Appen-
dix B]). Moreover, by conditional expectation,

E[o(tni1.X,)" 4B, | = E|oc(ta11,X,) B[ 45,177 ||

= \2 - A
=E|:¢x(tn+laxt,l) (bxb)z(tmxtn) )

+o(az) |

where the last equality follows from using Itd’s formula,

X n v ! b2 Y n
(0b)* (1. X7 "") = (bub) (10, Xo,) + / ((at+aax+ zaf)aaxb)z) (s, Xg ") ds
In

t :
+ [ (poctoub?) X W, €t
In
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to derive that

PN a1 Pl - 2
E[AbiL?"] =E (/ / (byb) (s, Xf‘"l”")dWYdW,) ‘X,ﬂ
ty ty

b.b)2(t,, X
_ &by X,) (2 ) Aty +o(41) .
Here, the higher order o( 472) terms are bounded in a similar fashion as the terms in
inequality (53), by using [22, Lemma 5.7.5].
For the terms in (52) for which k < n, we will show that

N-1

N-1
S E[%(zkﬂj,m +skAek) (tng1> Xy + 50 den) AbkAb,,] Z [ ( )]
k,n=0 n=0

(55
which means that the contribution to the MSE from these terms is negligible to
leading order. For the use in later expansions, let us first observe by use of the chain
rule that for any .%#, -measurable y with bounded second moment,

ou(tes1,y) = & (X7 o X7

Xy +om Ak ti fn+1 L Vol
(X )8 X 0 th+1
_ Valkg1 Volk+1
- %((tn-H > Xln+l ) 0 Xluﬂ s
and that
X\, 5k Akt X, . +sc et
@Xt,,lf l = 0cX,, """

Tt
Xy, Sk Ak, tisn X\, +Sk A€t
+/ ac(s, X; "' )0, X, ds
t

n

Int1
X, +si deg,tit X, +5k Aeg,tit1
+/ by (s, X Yo X AW,
1,

n

We next introduce the ¢ -algebra

G = o ({(Wsto<s<y) Vo ((Ws — Wiy by <s<tn) Vo ((Ws — Wy, g1 <s<1) V 0 (X0),

and It6-Taylor expand the ¢, functions in (55) about center points that are Fhn
measurable:

Xiyyy Sk deg,li th+]+SkA€A Tyt1

o (tkg1, Xop,, + Sk de) = o (tn+1;th+1 ’ ) 0xX,,,,

Xy olhs1 X tit1 Xy Fsk denstir Xy otirn
= |:(/’x (tn-H > X, + G| a1, X, Xt,,ﬂ - X,
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_ 2
Xy TSk der iy B er“fkﬂ
Iy

= Tnt1
5] (
+ Prxx (thrl B Xt):rk k+l)

X, N X, +s5 Aeg i
+¢m(tn+1,(1 50X, 45X, )

2

Int1

szﬂ +si deg, lt

X STkt
( Iyt - IA )2]

2
|:a XXZVIHI + Oxe XXlk’tH] (Cl(lk, Y,k)ﬁlk =+ b(lk, Y,k)AWk =+ Sk Aek)

+0 XXI,( +Hu(a(t,Xy) A+ b, X)) AWitsi der), s
xxx g,

y (alte, Xo) Aty + b(ty, X)) AWy + s Aey)?
2

tht1
X, 5k Aep,tir X 5k dei,tir
+/ ay(s, X ™! )0 X, ds
1,

n

+/ln+] b (s XX,k+1+SkAL’k,tk+])a XXrA+l+SkAek,Tk+1dWS}’ (56)
1,

n

where

Y’k+l+3k Aegstk41 Ytkatk+1
1, - X
n+1 n

In+1 X1, 1 +Sk degstyyt Int1 X1, 1 g degtir
:/ a(s, Xg <! - )ds-‘r/ b(s, X; **+1 Hyaw;
tn In

tk +3k (a(ty, X[k)Atk+b(tk X[k)AWk+Sk Aeg)t41

+ 80X, (alty, Xy) Aty + blty, X1, ) AWy + s Aey),

and

X1, 51
Px (anrl,thH + Sy Aen) = O (tn+19X * Hl)
2
Avk,n

+ P (ln+1,XXxA,zk+1) AVin + e (thrl’ XXk,tkH) K

X _ Av?
+ Dxxxx (tn—H > (1 - én)Xitk’tkH + gn (th+1 + Sn Aen)) 6k,n ) (57)

with

Avk n = a(tm)_(tn)dtn + b(tna)_(t )AVVH + SnAen

X 8@, X)) AAb(6,X5) AW, i

+0.X, (a(te, X)) Aty + b(t, X;) AWy + si dey).

Plugging the expansions (56) and (57) into the expectation



72 H. Hoel et al.

E{ox (tks1, Xirt + Sk Aex) @c(tng1, Xng1 + 50 dey) Zﬁ?kl’ﬁ?n],

the summands in the resulting expression that only contain products of the first
variations vanishes,

E|:(px (tn+1, X):IL tk“) Ox XXIk tHl(p (tl‘lJrla X)irH] tkﬂ) E’k Zﬁ’n:|

= E[E[’\l” ,77 | ](f’x (LH—hXX’k ml) Ox XX% tHl{” (tn-s-l,XX’k IM)] =0.

One can further deduce that all of the the summands in which the product of multiple
It integrals Aby and Ab, are multiplied only with one additional Itd integral of
first-order vanish by using the fact that the inner product of the resulting multiple
1t6 integrals is zero, cf. [22, Lemma 5.7.2], and by separating the first and second
variations from the It6 integrals by taking a conditional expectation with respect to
the suitable filtration. We illustrate this with a couple of examples,

E[cox (rnH,XX’k ) 20X, b1, X, ) AWiep, (rn+1, XX" ) Aby Zfbn}
— E|:(px (t,,+1, X,’f’k”"*‘) X (1, X, ) AW (th, X! ) oy
E[Zﬁmﬁ”]} =0,
and
E[wx (rn+1 X ) AKX (1, X)) AW (rn+1 X0 ) by Zrbn}

= E[wx (tn+1 : XX) o (rn+1 : XX’k ) Abyb(t,, )?,M)E[Zi)nztwn@"]} =0.

From these observations, assumption (M.3), inequality (54), and, when necessary,
additional expansions of integrands to render the leading order integrand either .7*- 7
or .Z"-measurable and thereby sharpen the bounds (an example of such an expan-
sion is

— In+1
Ab, —/ /(b b)(s, XXuwYdW, dW,

Int1 7’(1 Uas} '
/ / (by b)( ) dW,dW, + h.o.t.).
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We derive after a laborious computation which we will not include here that

|E[(p)c (tk+l 5 }_(tHl + Sk Aek) Ox (tn+l 5 )_(t,,H + Sn Aen) Zl77k 217771”

< CN73% JE[ 42 ]E[ 422].
This further implies that

N-1
z E [¢x (thrl > )_(tm.] + Sk Aek) O« (tn+1 > }_(t,ﬁ.l =+ Sy Aen) A~bk 2ﬁ’n]
k,n=0,k#n

N-1
<CNT2 > JE[42]E[422]

k,n=0,k#n

y 2
N—-1

<CNT > E[42]
n=0

N—1
< CN7'2 > E[47],
n=0

such that inequality (55) holds.
So far, we have shown that

N—1 2
E (Z O (tur1s Xo,, + S dey) Zﬁa,,)

n=0

N—1

— o (bb)? . —

=E[§ (px(tn+1,X,n)2(T)(IH,X,”)AI,ZI—FO(AI,ZZ)}. (58)
n=0

The MSE contribution from the otherlocal error terms, Zl/a,, R Zan ang Zl/bn canalsobe
bounded using the above approach with It6-Taylor expansions, .#™"-conditioning
and Itd isometries. This yields that

E|:¢x (tk-‘rla YZHI + SkAek) Px (tn+lp )_(t,,ﬂ + snAen) Aakﬁan]

- +aa+anh’/2y <
=E[¢X(Ek,tk)<ox(tn,xt,l) (a’ Mza /)(fk»er)X (59)

(a, +aca+ anb*/2
2

)(tn, X,,) At} Aty + o( At At}) }
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E[ﬂox (tk+1; )_(lkﬂ + Sk Aek) Dx (tn+ISYt/1+l + Sn Aen) ZTak Iln]
B[t X,,)" 2 0, X,) 455 + 0(45) |, itk =n,
o (832 €[ 47]e[ 45])"7) itk #n,

and

E|:¢x (tk-‘rl: YIAH + Sk Aek) Ox (tn+l,)_(t,,+1 + S Aen) Z?Jk Z]/bn:l
15[%(:,1,)_@”)2 (othatbul 2P (1 %, ) A + o(mg)], ifk =n,
o (N2 (E[4¢]E[42])"?) , itk #n.

Moreover, conservative bounds for error contributions involving products of different

local error terms, e.g., ZIsz 2179,,, can be induced from the above bounds and Holder’s
inequality. For example,

N—1
E|: z ‘px(thrl’Ylk-;-l +skAek) Aak%((t,h‘»l,Y[n_'_] +s,1Aen) Abn:|

k,n=0
N—1 —
= E|:<Z (PX(Zk+1:Ylk+1 +Skllek) Z’;lk) (Z tn+lsytn+1 +SnA€n) an):H
k=0 =0
N—1
< |E < qox(tk+1,X;k+1 +SkAek
k=0

The proof is completed in two replacement steps applied to ¢, on the right-hand
side of equality (58). First, we replace ¢, (t,,+] , X t”) by ¢, (t,, , X, ) . Under the regularity

assumed in this theorem, the replacement is possible without introducing additional
leading order error terms as

th n th n

X, .1, Xyt
(XTfn rl+1)6xXTtn n+l _ (X

}
]

qmmﬂjmf%mjmu=ﬁy Yo

_E[ ¢

+E[
=o(N'72).

Xy o1, Xy 1, Xy, .1,
TTn n+1)_g/(XTfn n))axx-;([n n+1

Xt,l 17 Xln n

)(a)p(;(’"””+l Xy

)
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Here, the last equality follows from the assumptions (M.2), (M.3), (R.2), and (R.3),
and Lemmas 1 and 2,

Xy ol Xyt X ol
H( (X > +l (X n ))a X tn>tn+1 ]
i e XYI/V’" P 2 X 2
sIn ng1 ot nsIn
< C |E XTtn +1 XT[ +1 " E|: tns>Int1 i|
r 4 1/4
(I—s, )Xr,, ‘HnX " tat1
S C E axXT ’n+1
1/4
Int1 Y It Y 4 /
x| E / a(s, Xs xmfzx)ds + / b(S, Xs rn,l‘n)dWS
t, Iy

_ _ 1/4
§C(E[ sup |a(s, XXnm)[* At} 4+ sup |b(s,Xf"*”")|4At3])

and that

<C |E

first variation of the numerical solution @, , = g’ (YT)BXX

i

by <S<fpy1 1y <S=<tp41
Nr—1/2
- ﬁ(N / )
—_ — 2
g (XX’” " xS g, XX’” i ] < C\J EU X g, Xx," dn }

O X

Xiy ot
sln+1 Xy stn

X,
— o X! B X,

Xip st

(]

+

|

X slnt1 o
Xy — o, X, "

Xy,
X

2
tntl

|

X in p _ s
X, " st ntl X, .1 nt X5t
oXy " a6, X s+ [ b, X W,
In n

7

(=5 Ry H80 X gy [ [lr1 % Int X,
BuXy T (/ ax(s, X0 ’")ds+/ b (s, X2 ™YW
n In

?

ro(i 12
— ﬁ( 1/2)

The last step is to replace the first variation of the exact path O (t,,, }_(,n) with the

tnoln

. This is also possible

without introducing additional leading order error terms by the same assumptions
and similar bounding arguments as in the two preceding bounds as
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E[|$x,n - ¢X(tns )_(z,,) ] = E|: ]
- E[ OX" — oy } + EHg X7) — &' (X7 ]

= o(57). .

Xy ol Xiotn

N _yx,l B
§Xr)o.X;"" — g Xy

)OX;r

Xln Iy XI“ Iy

Variations of the Flow Map

The proof of Theorem 2 relies on bounded moments of variations of order up to
four of the flow map ¢. Furthermore, the error density depends explicitly on the
first variation. In this section, we we will verify that these variations are indeed well
defined random variables with all required moments bounded. First, we present the
proof of Lemma 1. Having proven Lemma 1, we proceed to present how essentially
the same technique can be used in an iterative fashion to prove the existence, pathwise
uniqueness and bounded moments of the higher order moments. The essentials of
this procedure are presented in Lemma 3.
First, let us define the following set of coupled SDE
arY =a@u, y*au + b, y\Vyaw,,

aY® =ay(u, Y du + b, Y Y P aw,,

ary = (axx(u rD) (Y(z)) ¥ ax(u, Y,El))Y,£3)) du

+ (bxx(u, v (r2) + bute Y&”)YP) AW,
avy = (axxx(” v (¥ + 30 Y2 ¥ + g, ngl))yy)) i

- (bm(u, r{Y) (YLEZ))3 + 36, YO YYD + e, YLSU)YLS‘”) AW
dv = (axxxx(” v ()" + bate YLS‘))(YL?))ZY,?)) du

- (axx(u, v (3 (Yf’))z +ar® YLS“)) +ay(u, Y;D)Y;s)) "

+ (bmx(u, i) (ngz))“ 4 6y (u, YD) (1/52))2 yﬁ) AW,

2
+ (bﬁ(u, i) (3 (v@) + 4Y£2)Y£4>) + by(u, YLE")YLSS)) AW,
(60)
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defined for u € (¢, T] with the initial condition ¥; = (x, 1, 0, 0, 0). The first compo-
nent of the vector coincides with Eq. (13), whereas the second one is the first variation
of the path from Eq. (16). The last three components can be understood as the second,
third and fourth variations of the path, respectively.

Making use of the solution of SDE (60), we also define the second, third and
fourth variations as

Pu(t,x) = & (XFN0uXy" + &' (X3 (0 XF")?,
P (t, X) = & (XGFN0 Xy + - - - + & X2 (0 X7, (61)
(oxxxx(ta )C) = g/(X;’t)axxxxX)Tm +-+ g,,//(X;’t)(axX;"’l)Al'

In the sequel, we prove that the solution to Eq. (60) when understood in the integral
sense that extends (13) is a well defined random variable with bounded moments.
Given sufficient differentiability of the payoff g, this results in the boundedness of
the higher order variations as required in Theorem 2.

Proof of Lemma 1. By writing (Y(V, Y®) := (X*!, 0,X*"), (13) and (16) together
form an SDE:
dY® = a(s, YWds + b(s, Y)dW,

dr® = a,(s, YY@ds + by(s, YD) YD dW, (©2)
for s € (¢, T] and with initial condition Y, = (x, 1). As before, a, stands for the
partial derivative of the drift function with respect to its spatial argument. We note
that (62) has such a structure that dynamics of ¥® depends on Y1, that, in turn, is
independent of Y®. By the Lipschitz continuity of a(s, Y1) and the linear growth
bound of the drift and diffusion coefficients a(s, Y1) and b(s, YD), respectively,
there exists a pathwise unique solution of ¥{1) that satisfies

E[ sup |Y§1>|2P] <00, VpeN,
selt,T]

(cf. [22, Theorems 4.5.3 and 4.5.4 and Exercise 4.5.5]). As a solution of an Itd6 SDE,
X7 is measurable with respect to .77 it generates.

Note that Theorem [20, Theorem 5.2.5] establishes that the solutions of (62) are
pathwise unique. Kloeden and Platen [22, Theorems 4.5.3 and 4.5.4] note that the
existence and uniqueness theorems for SDEs they present can be modified in order
to account for looser regularity conditions, and the proof below is a case in point.
Our approach below follows closely presentation of Kloeden and Platen, in order to
prove the existence and moment bounds for Y.

Let us define Y, n € N by

u,n’

Y2, = / ax(s, YO)Y@ds + / bi(s, YO)YDdW,,

t t
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with thzl) = 1, for all u € [z, T]. We then have, using Young’s inequality, that
9 2 u u 2
] <26 || [ s 0] | 26| | b Y.i”)xi,%?dws‘
t t

couonl [ parom e[ oo

Boundedness of the partial derivatives of the drift and diffusion terms in (62) gives
y@

E[ “"*‘ﬂ =Clu—1+ 1)E|:/ (1 +x8) 2)ds}.
t

By induction, we consequently obtain that

sup E[|Yb(,2,? 2] <oo, VnelN.

t<u<T

Now, set AYE,} = Y15,2:2+1 - Yfrz. Then

u,n

U AY®

u
/ ax(s, Y§1))AYAF’2,37]ds

=il Toa]

u 2 u
52(u—t)/ E|:ax(s, Y§1>)Ayfn[|‘ ]ds—l—Z/ E[ n
t

<c /ME[)AY(Z) ‘Z]d
=G o1l lds.
Jt

Thus, by Gronwall’s inequality,

Cn—l u 2
E[4v® ]5—( 1 1)'/ (u—s)”‘lEUAYS(ZI)‘ :|ds
n—1)!J, ’

2
Next, let us show that E [‘ A Yfl) ] is bounded. First,

2 u u
E[(Ayff ]=E|:/ a(s, ggl>)ys(f2>ds+/ by (s,
t t

@
<Cu—t+1)sup E| Y5 |
Consequently, there exists a C € R such that

se(t,u]
C'"(u—1)" (T — )"
E[Myﬁ ] < &3 sup E[|AY(2) ] ¥
l’l' uelt,T] l’l'

u
/ bi(s, YD) AY) |

t

2}
s

2
71‘ i|ds
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Define

Z, = sup \AY@

u,n
t<u<T

b

and note that
! (2)
Z, < / ‘ax(s, YJ,(I))YS ] —
t

u
/ b(s, Y)Y, — by,
t

+ sup

t<u<T

Using Doob’s and Schwartz’s inequalities, as well as the boundedness of a, and by,

2
. ]ds

2
bils, YY) ]ds

a(s, Y(]))Yv(zn)Jrl

E[1Z,]] =2(T - t)/TE[

T

v o]
t

- C”(T—[)n’
- n!

2
b(s, YO)YO) | —

for some C € R. Using the Markov inequality, we get

< < 4c"(T 0"
P(Z, > n" .
Z >

n=1

The right-hand side of the equation above converges by the ratio test, whereas the
Borel-Cantelli Lemma guarantees the (almost sure) existence of K* € N, such that
Zy < k*,Vk > K*. We conclude that Y?) converges uniformly in L*(P) to the limit

u,n

YP =3 AY2) andthatsince {Y )}, is asequence of continuous and .7, -adapted
processes, thz) is also continuous and .%,-adapted. Furthermore, as n — oo,

<cC

s

u u
/ ax(s, YS(I))YS(?,,)ds —/ ax (s, Yém)Yp)ds

Jt t

u
YS) - Y§3)’ds — 0, as.
t

and, similarly,

/bx(s, Y§1>)Y§fn>dws—/ b(s, YS('))YS(3)dW5’—>O, as.
t 1

This implies that (Yu(l), Yu(z)) is a solution to the SDE (62).
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Having established that Y» solves the relevant SDE and that it has a finite second
moment, we may follow the principles laid out in [22, Theorem 4.5.4] and show that
all even moments of

u u
1 =+ [ ate v Or@ds+ [ b6 vOrPaw,
t

t

are finite. By It6’s Lemma, we get that for any even integer /,
YO = / YO Y@y (s, Y)Y ds
t
+ /t =0 ; D Y| (by(s, YO)Y)? ds
4 / ' 1Y@ 2 Y@ (by(s, Y)Y @) aw,.
t

Taking expectations, the Itd integral vanishes,
B[l =g [ 1 (o v ) as|
t
wil -1y ly®|?
E|:/ W=D¥7T - )2| il (bo(s, YY) Y@) as |.
t

Using Young’s inequality and exploiting the boundedness of a,, we have that
E[\Yﬁ |Z] < c/ E[|Y2,.|']ds
t
il -1y Y@
e [/ MO G, s,y v as |
t

By the same treatment for the latter integral, using that b, is bounded,

o)z [+

Thus, by Gronwall’s inequality, E [| Y® il] < 00. (]
Lemma 3 Assume that (R.1), (R.2), and (R.3) in Theorem 2 hold and that for any

fixedt € [0, T] and x is F,-measurable such that E[|x|2p] < oo forallp € N. Then,
Eq. (60) has pathwise unique solutions with finite moments. That is,

12
max sup EI:|YLSZ) 1’] =0 el
i€{1,2,....,5} \ue[r,T)
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Furthermore, the higher variations as defined by Eq. (61) satisfy are S -measurable
and forallp € N,

max {E[l¢.(t, ©)|?], E[lgw (t, )], E[|gecr (8, 0)17], E[@eee (2, 0)[ ]} < 00.

Proof We note that (60) shares with (62) the triangular dependence structure. That
is, the truncated SDE for { Y,,(’ ) }_;1; , for d; < 5 has drift and diffusion functions a:

[0, T] x RY — R% and b: [0, T] x RY — R%*% that do not depend on Yu(") for
J=di.

This enables verifying existence of solutions for the SDE in stages: first for
(YD Y@), thereafter for (Y, Y®, Y®), and so forth, proceeding iteratively to
add the next component Y@+ of the SDE. We shall also exploit this structure
for proving the result of bounded moments for each component. The starting point
for our proof is Lemma 1, which guarantees existence, uniqueness and the needed
moment bounds for the first two components Y M and Y@, As one proceeds to Y @,
i > 2, the relevant terms in (64) feature derivatives of a and b of increasingly high
order. The boundedness of these derivatives is guaranteed by assumption (R.1).

Defining a successive set of approximations Y?), n € N by

Yo = / (5. YD) (YO) + ay(s, Y)Y Elds

s,n
t

+ / bus, YO) (@) 4 by (s, YO YEaW,,
t

with the initial approximation defined by Y, G) = 0, forallu € [, T]. Let us denote by

u,l —
0= / an (s, Y1) (Y;1>)2ds+ / bo(s, Y1) (Yf))deS (63)
t t

the terms that do not depend on the, highest order variation Yu(3,2 We then have, using
Young’s inequality, that

2 2

}HE[ }

E[
2 u 1 3 2
ds] 138 [ [ ot v ds].
t

The term Q is bounded by Lemma 1 and the remaining terms can be bounded by
the same methods as in the proof of 1. Using the same essential tools: Young’s
and Doob’s inequalities, Gronwall’s lemma, Markov inequality and Borel-Cantelli
Lemma, we can establish the existence of a limit to which Y 53,2 converges. This limit
is the solution of of ¥®), and has bounded even moments through arguments that are
straightforward generalisations of those already presented in the proof of Lemma 1.

2 u
YS,ZH‘ } <3E[|01] +3E“/’ ar(s, Y)Y Ods

u
/ by(s, YO YS)dw,
t

ax(s, Y YE)

<3E[10P] +3@u - t)EI:/u
t
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Exploiting the moment bounds of ¥¥ and the boundedness of derivatives of g,
we can establish the measurability of the second order variation ¢, (¢, x). Repeating
the same arguments in an iterative fashion, we can establish the same properties for
Y@ and Y as well as ¢, (1, x), Geex (£, X), Gocex (2, X). O

Error Expansion for the MSE in Multiple Dimensions

In this section, we extend the 1D MSE error expansion presented in Theorem 2 to
the multi-dimensional setting.
Consider the SDE

dX;, = a(t,X;)dt + b (t,X;) dW;,, te(0,T] 64

Xy = 10, (64)
where X :[0,T]—>R%, W:[0,T]—>R® a:[0,T] xR" > R% and
b:[0,T] x R" — R%*% Let further x; denote the ith component of x € R, a®,
the ith component of a drift coefficient and ) and bT denote the (i, j)th element
and the transpose of the diffusion matrix b, respectively. (To avoid confusion, this
derivation does not make use of any MLMC notation, particularly not the multilevel
superscript -1

Using the Einstein summation convention to sum over repeated indices, but not

over the time index 7, the 1D local error terms in Eq. (49) generalize into

(i Tl t . . . 1 . .

Ja, = / / (a§‘>+a;%>a0>+—ai’.lk(bbﬁw) ds 1,
In In ' 27

T2 _ " 0p60 gy g

a, = axj S f
Iy In

50— [ ping® 1 g ppry &0 2

b, = b7 4 Ba o b (bR dsd W
ty In

P Int1 ! .. j
Iy In

where all the above integrand functions in all equations implicitly depend on the

state argument Xf " In flow notation, afi) is shorthand for a,(i) (s, Xf’"’t").

Under sufficient regularity, a tedious calculation similar to the proof of Theorem 2
verifies that, for a given smooth payoff, g : R — R,

s

E[(g(xr) _ g()_(T))z:I <E [Aiﬁ,,dtﬁ + 0(At,f)i|,

n=0
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where

_ 1_ () ;. T =
P 1= 5P (B0 O bl )™ (00 X1 (65)

In the multi-dimensional setting, the ith component of first variation of the flow map,
Px = (Px5 Pxss - - Px,, ) 18 given by

, 0\ ()
gl)x[ (t’ y) = ng (X%]" Z)ax,' (X; r) .
The first variation is defined as the second component to the solution of the SDE,

dy( =a® (s, YY) ds + b (5, YD) aw?
dY®) = a (s, YD) Y@ ds + b0 (5, YO) YERDdw O,

where s € (¢, T] and the initial conditions are given by Y,(l) =xeR%, Y,(z) =1y,
with I, denoting the d; x d; identity matrix. Moreover, the extension of the numer-
ical method for solving the first variation of the 1D flow map (23) reads

Pin =D, X)) 0y p11, n=N—1,N—=2,...0. (66)
axi,N = 8x; (YT)s
with the jth component of ¢ : [0, T] x R® — R% defined by
D (4, X,) = X7 4 aP (1, X,,) Aty + 59O (1, X, ) AW D

Let U and V denote subsets of Euclidean spaces and let us introduce the
multi-index v = (v{, va,...,Vy) to represent spatial partial derivatives of order
lv| = Z;.i:, v; on the following short form &, = H]‘.izl 0. We further introduce
the following function spaces.

C(U;V):={f:U — V|fiscontinuous},
Cp(U; V) :={f : U— V|f is continuous and bounded},

d/
CKU; V) = {f HU = VIf € C(U; V) and ——f € Cy(U3 V)
X
for all integers 1 <j < k},
CR ([0, T x U V) = {f [0, T]x U — V|f e C(0,T] x U; V), and

Bfavf € Cp([0,T] x U; V) for all integers j < kyand 1 <j + |v| < kz}.

Theorem 3 (MSE leading order error expansion in the multi-dimensional setting)
Assume that drift and diffusion coefficients and input data of the SDE (64) fulfill
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(R.1) a e Cr*([0,T] x RY; RY) and b € C*([0, T] x RY; R*%),
(R.2) there exists a constant C > 0 such that

la(t, x)|? + |b(t, x)|> < C(1 + |x]?), Vx € R and V¥t € [0, T,

(R3) g€ C;RM),
(R.4) for the initial data, Xy is Fy-measurable and E[|Xy|P] < oo forallp > 1.

Assume further the mesh points 0 =ty <t; < --- <ty =T

(M.1) are stopping times such that t, is %,,_,-measurable forn =1,2,...,N,

(M.2) there exists N e N, and a ¢; > 0 such that c1]<7 <inf,eo N(w) and sup,. o
N(w) < N holds for each realization. F urtivzermore, there exists a co > 0 such
that SUp,c o MaXyefo,1,....N—1} Atn(w) < CzNﬁl,

(M.3) and there exists a c3 > 0 such that for all p€[1, 8] and ne{0, 1, ..., N — 1},

E[4t7] < ¢35 (E[4£2])".
Then, as N increases,

E[(g(Xr) — g(YT))Z]

8= (g (GBHEO B b)) ) (1, X,)

=E
2

A2+ o(412) |,

n=0

where we have dropped the arguments of the first variation as well as the diffusion
matrices for clarity.

Replacing the first variation ¢, (tn,f,,) by the numerical approximation @, ,,
as defined in (66) and using the error density notation p from (65), we obtain the
following to leading order all-terms-computable error expansion:

N—1
E[(g(XT) — g(yT))Z] =E [Z Pu At + o(At,%):|. (67)

n=0

A Uniform Time Step MLMC Algorithm

The uniform time step MLMC algorithm for MSE approximations of SDE was
proposed in [8]. Below, we present the version of that method that we use in the
numerical tests in this work for reaching the approximation goal (2).
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Algorithm S mlmcEstimator

Input: TOL|, TOLg, confidence ¢, input mesh 4 A1 input mesh intervals N_y, inital number

of samples M, weak convergence rate o, SDE problem.
Output: Multilevel estimator .« ., .

Compute the confidence parameter Cc(d) by (42).

SetL = —1.
while L < 3 or (44), using the input rate «, is violated do
SetL=L+1.

Set My = M , generate a set of (Euler—Maruyama) realizations {4,g (a),“g)}?iﬁ on mesh and
Wiener path pairs (A:£~1 ALY and (W1, W), where the uniform mesh pairs have
step sizes At'L~1 = T/N;_y and 41!t} = T/Np), respectively.
for £ =0to L do

Compute the sample variance ¥ (4,g; M;).
end for
for { =0to L do

Determine the number of samples by

Cc2(d) |Var(deg) &
My = [ S0 m‘](\/[[g)Z\/NgVar(Agg)—‘.
=0

TOL?

(The equation for M; is derived by Lagrangian optimization, cf. Sect. 3.2.1.)
if New value of M, is larger than the old value then
Compute additional (Euler—Maruyama) realizations {Agg(w,-,g)}?i[M[ 41 on mesh and
Wiener path pairs (4641, A¢1) and (W1 W}y, where the uniform mesh pairs
have step sizes A1 = T/(2!N_1) and 410 = T/(2+1N_)), respectively.
end if
end for
end while
Compute <7 , ., using the generated samples by the formula (7).
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