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Abstract

In the first part of this paper we study approximations of trajectories of piecewise deter-
ministic processes (PDPs) when the flow is not given explicitly by the thinning method.
We also establish a strong error estimate for PDPs as well as a weak error expansion for
piecewise deterministic Markov processes (PDMPs). These estimates are the building
blocks of the multilevel Monte Carlo (MLMC) method, which we study in the second
part. The coupling required by the MLMC is based on the thinning procedure. In the third
part we apply these results to a two-dimensional Morris—Lecar model with stochastic
ion channels. In the range of our simulations the MLMC estimator outperforms classical
Monte Carlo.
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1. Introduction

In this paper we are interested in the approximation of the trajectories of piecewise deter-
ministic processes (PDPs). We establish strong error estimates for a PDP and a weak error
expansion for a piecewise deterministic Markov process (PDMP). Then we study the appli-
cation of the multilevel Monte Carlo (MLMC) method in order to approximate expectations
of functionals of PDMPs. Our motivation comes from neuroscience, where the whole class of
stochastic conductance-based neuron models can be interpreted as PDMPs. The response of a
neuron to a stimulus, called neural encoding, is considered as relevant information to under-
stand the functional properties of such excitable cells. Thus many quantities of interest, such
as mean first spike latency, mean interspike intervals, and mean firing rate, can be modelled as
expectations of functionals of PDMPs.

PDPs were introduced by Davis [5] as a general class of stochastic processes character-
ized by a deterministic evolution between two successive random times. In the case where the
deterministic evolution part follows a family of ordinary differential equations (ODEs), the
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corresponding PDP enjoys the Markov property and is called a PDMP. The distribution of a
PDMP is thus determined by three parameters called the characteristics of the PDMP: a family
of vector fields, a jump rate (intensity function), and a transition measure.

We first consider a general PDP (x;) that is not necessarily Markov on a finite time interval
[0, T] for which the flow is not explicitly solvable. Approximating its flows by the classical
Euler scheme and using our previous work [22], we build a thinning algorithm which provides
us with an exact simulation of an approximation of (x;), which we denote by (x;). The pro-
cess (X;) is a PDP constructed by thinning of a homogeneous Poisson process which enjoys
explicitly solvable flows.

In fact this thinning construction provides a whole family of approximations indexed by the
time step & > 0 of the Euler scheme. We prove that for any real-valued smooth function F the
following strong estimate holds:

there exist V; > 0, Vo > 0 such that E[|[F&7) — F(xp)|?] < Vih + Vah?. 1.1)
Moreover, if (x;) is a PDMP the following weak error expansion holds:
there exists ¢ > 0 such that E[F(X7)] — E[F(xr)] =cih + o(hz). (1.2)

The estimate (1.1) is mainly based on the construction of the pair (x;, X;) and on the fact that
the Euler scheme is of order 1; this is why it is valid for a general PDP and its Euler scheme.
In contrast, the estimate (1.2) relies on properties which are specific to PDMPs, such as the
Feynman—Kac formula.

The MLMC method relies simultaneously on estimates (1.1) and (1.2); this is why we study
its application to the PDMP framework instead of the more general PDP framework. MLMC
extends the classical Monte Carlo (MC) method, which is a very general approach to estimat-
ing expectations using stochastic simulations. The complexity (i.e. the number of operations
necessary in the simulation) associated with an MC estimation can be prohibitive, especially
when the complexity of an individual random sample is very high. MLMC relies on repeated
independent random samplings taken on different levels of accuracy, which differs from clas-
sical MC. MLMC can then greatly reduce the complexity of classical MC by performing most
simulations with low accuracy but with low complexity, and only a few simulations with high
accuracy at high complexity. MLMC was introduced by Heinrich [18] and developed by Giles
[11]. The MLMC estimator has been efficiently used in various fields of numerical probability
such as SDEs [11], Markov chains [1, 2, 14], Lévy processes [10], jump diffusions [7, 8, 28],
and nested Monte Carlo [13, 21]. See [12] for more references. To the best of our knowledge,
application of MLMC to PDMPs has not been considered.

For the sake of clarity, we will describe the general improvement of MLMC. We are inter-
ested in the estimation of E[X], where X is a real-valued square-integrable random variable
on a probability space (€2, F, P). When X can be simulated exactly, the classical MC esti-
mator (1/N) Zivzl X* with X%, k> 1 independent random variables identically distributed as
X provides an unbiased estimator. The associated L>-error satisfies || ¥ — IE[X]||% = Var(Y) =
]%,Var(X ). If we quantify the precision by the L-error, then a user-prescribed precision €2 > 0
is achieved for N = O(e~2), so that in this case the global complexity is of order O(e ~2).

Assume now that X cannot be simulated exactly (or cannot be simulated at a reasonable
cost) and that we can build a family of real-valued random variables (X, & > 0) on (2, F, P)
which converges weakly and strongly to X as 7 — 0 in the following sense:

there exist ¢; > 0, « > 0 such that E[X},] — E[X] = ¢;h% + o(h*®), (1.3)
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and
there exist Vi > 0, 8 > 0 such that E[|X), — X|*] < VihP. (1.4)

Assume, moreover, that for 4 > 0 the random variable X}, can be simulated at reasonable com-
plexity (the complexity increases as & — 0). The classical MC estimator now consists of a
sequence of random variables,

1 N
_ k
Y_N— kE_IX, (1.5)

where Xz, k>1 are independent random variables identically distributed as Xj. The bias
and the variance of the estimator (1.5) are given by E[Y] — E[X] = E[X},] — E[X] ~ c1h* and
Var(Y) = ]%,Var(Xh) respectively. From the strong estimate (1.4) we have Var(X;) — Var(X)
as h— 0, so that Var(X}) is asymptotically a constant independent of h. If as above we
quantify the precision by the [*-error and use 1Y — IE[X]H% = (E[Y] — E[X])? + Var(Y), we
obtain that the estimator (1.5) achieves a user-prescribed precision €2 > 0 for h = O(e'/*) and
N = O(e~2), so that the global complexity of the estimator is now O(e 2 Ve,

The MLMC method takes advantage of the estimate (1.4) in order to reduce the global com-
plexity. Let us fix L > 2 and consider for [ € {1, ..., L} a geometrically decreasing sequence
(hy, 1 <1< L), where hy = h*M~U=D for fixed h* > 0 and M > 1. The indexes [ are called the
levels of the MLMC and the complexity of Xj, increases as the level increases. Thanks to
the weak expansion (1.3), the quantity E[X}, ] approximates E[X]. Using the linearity of the

expectation, the quantity E[X}, ] can be decomposed over the levels [ € {1, ..., L} as follows:
L

E[Xn, ] =E[Xp-]+ Y EIXn, — Xp_, . (1.6)
=2

For each level I {1, ..., L}, a classical MC estimator is used to approximate E[X}, —

Xy, 1 and E[Xj«]. At each level, a number N; > 1 of samples are required and the key point is
that the random variables X}, and X}, , are assumed to be correlated in order to make the vari-

ance of Xp,, — Xp,_, small. Considering at each level /=2, ..., L independent pairs (Xp,, Xp,_,)
of correlated random variables, the MLMC estimator then reads
1 Ny L 1 N;
_ b k 1 k vk
Y=g X+ D 3 2 K = Xi), (17
k=1 = k=1
where (X%,, k> 1) is a sequence of independent and identically distributed random vari-
ables distributed as Xj+ and ((Xﬁl, Xﬁl_l), k>1) for [=2,..., L are independent sequences

of independent copies of (Xj,, X, ,) and independent of (Xﬁ*). It is known (see [11] or
[21]) that given a precision € > 0 and provided that the family (Xj, & > 0) satisfies the strong
and weak error estimates (1.4) and (1.3), the multilevel estimator (1.7) achieves a precision
||Y—IE[X]||% —¢2 with a global complexity of order O 2) if B>1, O(e%( log (€))?) if
B =1,and O(e~2~(1=P)/@)if B < 1. This complexity result shows the importance of the param-
eter 8. Finally, let us mention that in the case 8 > 1 it is possible to build an unbiased multilevel
estimator: see [15].

Estimates (1.1) and (1.2) suggest investigating the use of the MLMC method in the PDMP
framework with =1 and o = 1. Letting X = F(x7) and X, = F(x7) for h > 0 and F a smooth
function, we define an MLMC estimator of E[F(x7)] just as in (1.7) (denoted here by Y MLMC)
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where the processes involved at the level [ are correlated by thinning. Since these processes
are constructed using two different time steps, the probability of accepting a proposed jump
time differs from one process to the other. Moreover, the discrete components of the post-jump
locations may also be different. This results in the presence of the term Vi in the estimate
(1.1). In order to improve the convergence rate (to increase the parameter ) in (1.1), we show
that for a given PDMP (x;) we have the following auxiliary representation:

E[F(x7)] = E[FG7)R7]. (1.8)

The PDMP (X;) and its Euler scheme are such that their discrete components jump at the
same times and in the same state. (f?,) is a process that depends on (X;, f € [0, T']). The repre-
sentation (1.8) is inspired by the change of probability introduced in [28] and is actually valid
for a general PDP (Proposition 2.2) so that E[F(x7)] = E[F ():CT)RT], where (X,) is the Euler
scheme corresponding to (x;) and (I_~€l) is a process that depends on (%,, f € [0, T]). Letting
X=FGr)Ry and X, =F (ZT)RT, we define a second MLMC estimator (denoted by MLMCy
where now the discrete components of the Euler schemes (%,) involved at the level [ always
jump in the same states and at the same times. To sum up, the first MLMC estimator we con-
sider (YMIMC) derives from (1.6), where the corrective term at level / is IE[F x u ) —F (‘h’ N1,

whereas the corrective term of the second estimator (YMIMC) is E[F (Nh’ )RT —F(x Nhl 1)R
For readability, we no longer write the dependence of the approximations on the tlme step. For
the processes (F(X,)R,) and (F(x;)R;) we show the strong estimate

h11

there exists V1 > 0 such that E[|F(;)Ry; — FGr)Rr|?] < Vii?,

so that we end up with 8 = 2 and the complexity goes from a O(e( log (€)?) toa O(e2).

As an application we consider the PDMP version of the two-dimensional Morris—Lecar
model (see [25]), which takes into account the precise description of the ionic channels and
in which the flows are not explicit. Let us mention [3] for the application of quantitative
bounds for the long-time behaviour of PDMPs to a stochastic three-dimensional Morris—Lecar
model. The original deterministic Morris—Lecar model was introduced in [23] to account for
various oscillating states in the barnacle giant muscle fibre. Because of its low dimension,
this model is among the favourite conductance-based models in computational neuroscience.
Furthermore, this model is particularly interesting because it reproduces some of the main
features of excitable cell response, such as the shape, amplitude, and threshold of the action
potential, the refractory period. We compare the classical MC and the MLMC estimators on the
two-dimensional stochastic Morris—Lecar model to estimate the mean value of the membrane
potential at fixed time. It turns out that in the range of our simulations the MLMC estimator
outperforms the MC one. It suggests that MLMC estimators can be used successfully in the
framework of PDMPs.

As mentioned above, the quantities of interest, such as mean first spike latency, mean
interspike intervals, and mean firing rate, can be modelled as expectations of path-dependent
functionals of PDMPs. This setting can then be considered as a natural extension of this work.

The paper is organized as follows. In Section 2 we construct a general PDP by thinning,
and we give a representation of its distribution in terms of the thinning data (Proposition 2.1).
In Section 3 we establish strong error estimates (Theorems 3.1-3.2). In Section 4 we establish
a weak error expansion (Theorem 4.1). In Section 5 we compare the efficiency of the classi-
cal and multilevel Monte Carlo estimators on the two-dimensional stochastic Morris—Lecar
model.
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2. Piecewise deterministic process by thinning

2.1. Construction

In this subsection we introduce the setting and recall some results on the thinning method
from our previous paper [22]. Let E := ® x R? where @ is a finite or countable set and d > 1.
A piecewise deterministic process (PDP) is defined via the following characteristics:

e a family of functions (®y, 6 € ®) such that g: R4 x RY — R9 forall 0 € ®,
e a measurable function A: E — ]0, +o0[,
e atransition measure Q: E x B(E) — [0, 1].

We let x = (0, v) denote a generic element of E. We only consider PDPs with continuous
v-component, so for A € B(®) and B € B(R?) we write

O(x, A x B) = Q(x, A)d,(B). (2.1
If we write x = (0, vy), then it holds that
O((Ox, Do, (2, vy)), dO dv) = O((Ox, Py, (7, vx)), dO)day (1,v,)(dV).

Our results do not depend on the dimension of the variable in R¢ so we restrict ourselves to R
(d = 1) for readability. We work under the following assumption.

Assumption 2.1. There exists A* < +00 such that, for all x € E, A(x) < A*.

In [22] we considered a general upper bound A*. In the present paper A* is a constant (see
Assumption 2.1). Let (€2, F, IP) be a probability space on which we define the following.

(1) A homogeneous Poisson process (N}, t > 0) with intensity A* (given in Assumption 2.1)
whose successive jump times are denoted (7}, k > 1). We set T; = 0.

(2) Two sequences of i.i.d. random variables with uniform distribution on [0, 1], (U, k> 1)
and (Vi, k > 1) independent of each other and independent of (77", k > 1).

Given T > 0 we construct iteratively the sequence of jump times and post-jump locations
(Ty, (6,, vy), n>0) of the E-valued PDP (x;, t € [0, T]) that we want to obtain in the end
using its characteristics (®, A, Q). Let (6p, vo) € E be fixed and let Ty = 0. We construct T
by thinning of (T,’:), that is,

T =Ty, (2.2)
where
71 :=1nf{k > 0: Upr™ < A(6o, Pgy (T}, v0))}- (23)
We let |®] denote the cardinal of ® (which may be infinite) and we set ® = {ky, ..., kjo}.
Forje({l,...,|0®]|} we introduce the functions a; defined on E by
J
aj(x) := Z O(x, {kj}) forallxeE. 2.4)

i=1
By convention, we set ag := 0. We also introduce the function H defined by
|©]
H(x,u):= Y kily(<uzaiy forallx e E, uel0, 1].

i=1
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For all x € E, H(x, .) is the inverse of the cumulative distribution function of Q(x, .) (see e.g.
[9]). Then we construct (61, v;) from the uniform random variable V| and the function H as
follows:

(01, vi) = (H((6o, Pgy(T7,, v0)), V1), ¢, (T7,, 10))
= (H((60, Pgy(T1, v0)), V1), Pg,(T1, v0)).
Thus, the distribution of (61, vi) given (71, (T,f)ksfl) is Q((6p, @90(Tfl, vp)), .) or, in view of
(2.1,
Y OB, Pay(T7,, v0)), (KN3(k gy 73, w00

ke®

For n > 1, assume that (t,,_1, (T;(")kgfnfl, (6,—1, vu—1)) is constructed. Then we construct
T, by thinning of (T,f) conditionally to (t,,—1, (T,f)ksfrkl , (6n—1, vu—1)), that is,

T, := T:n ,
where
T, i=inf{k > 7,1 : Uh* < AMOp—1, q’(?,,_| (Tk T:n E Vn—1))}

Then we construct (6,, v,) using the uniform random variable V,, and the function H as
follows:

Oy V) :=(H((Op—1, (D(-)n 1(T T: E V1)), Vi), (I)O,, 1(T T;k T Vp—1))
=H(On—1, Po,_; (Tyy — Tu—1, vu—1)), Vi), g, (T}, — Ty—1, vp—1)).

We define the PDP x; for all ¢ € [0, T] from the process (T3, (6, v,)) by
Xp:= (6, q)é)n(t =Ty, v), te[Ty, Tyl (2.5)

Thus x7,, = (6, v,) and x;n = (0,—1, vn). We also define the counting process associated with
the jump times N; 1=,y 17, <.

2.2. Approximation of a PDP

In applications we may not know the functions ®¢ explicitly. In this case, we use a numer-
ical scheme @y approximating ®y. In this paper we consider schemes such that there exist
positive constants C and C; independent of /2 and € such that

sup |Dg(t, v) — Pg(t, o) <eC' Ty —vy| + Coh foralld € ®, (v, 1) R (2.6)
t€[0,T]

To each family (®g) we can associate a PDP constructed as above, which we denote by (%;).
We emphasize that there is a positive probability that (x;) and (x;) jump at different times and/or
in different states, even if they are both constructed from the same data (N;), (Uy), and (Vy).
However, if the characteristics (CI> X, Q) of a PDP (X;) are such that  and Q depend only on
0,1.e. A(x) A(O) and Q(x )= Q(G .) for all x = (0, v) € E, then its embedded Markov chain
(Tn, Gy, D), n > 0) is such that (6,, n > 0) is an autonomous Markov chain with kernel Q and
(T,,n>0)is a counting process with intensity A= Zn>0 * (6, )]lT <t<Fpar . In particular, (6,)

and (%,) do not depend on ®. The particular form of the characteristics A and 0 implies that
the PDP (X;) and its approximation (&) are correlated via the same process (7, 6,,). In other
words, these processes always jump at exactly the same times and their f-components always
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jump in the same states. Such processes (X;) are easier theoretically as well as numerically than
the general case. They will be useful for us below.

The following lemma (which is important for several proofs below) gives a direct
consequence of the estimate (2.6).

Lemma 2.1. Let (®y) and (Dg) satisfy (2.6). Let (t,, n > 0) be an increasing sequence of non-
negative real numbers with to = 0 and let (cty, n > 0) be a sequence of ©-valued components.
For a given v € R, let us define iteratively the sequences (B, n > 0) and (B,,, n > 0) as follows:

,Bn = (Dan_l (tn — -1, ,Bn—l)s Bn = aa,,_l (tn — -1, Enfl)v

Bo=v, Bo=v.
Then for all n > 1 we have B
1By — Bul <e“1"nCoh,

where C1 and C> are positive constants independent of h.

Proof of Lemma 2.1. Let n > 1. From the estimate (2.6), we have for all k <n

1Br — Bl <eC1% =g, — 1|+ Cah,

and therefore B B
e By — Bl <e U1 B — Bt | + Cah.

By summing up these inequalities for 1 <k < n and since By = B, we obtain

1B, — Bul <eC1"nCyh. 0

2.3. Application to the construction of a PDMP and its associated Euler scheme

In this subsection we define a PDMP and its associated Euler scheme from the construction
of the Section 2.1. Consider a family of vector fields (fy, 6 € ®) satisfying the following.

Assumption 2.2. Forall 6 € ©, the function fp : R — R is bounded and Lipschitz with constant
L independent of 6.

If we choose ®y =¢y in the above construction, where for all x=(0,v) € E we let
(¢o(t, v), t > 0) denote the unique solution of the ODE

dy(n)

& =fO@®), y0)=v, (2.7)
then the corresponding PDP is Markov since ¢ satisfies the semi-group property that reads
Dot + s, v) = do(t, po(s, v)) for all ¢, s > 0 and for all (A, v) € E. In this case, the process (x;)
is a piecewise deterministic Markov process (see [6] or [20]).

Let 4 > 0. We approximate the solution of (2.7) by the Euler scheme with time step 4. First,
we define the Euler subdivision of [0, +oco[ with time step A, denoted (7;, i > 0), by #; := ih.
Then, for all x = (6, v) € E, we define the sequence (y;(x), i > 0), the classical Euler scheme,
iteratively by
V100 = 5,00 + My Gix). Fol0) =,

to emphasize its dependence on the initial condition. Finally, for all x = (6, v) € E, we set

q_59 t,v):=y;(x)+ . —1) fo(y;(x)) forallte[F, fi+1]. (2.8)
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We construct the approximating process (X;) as follows. Its continuous component starts
from v at time O and follows the flow be,(, vo) until the first jump time 7'y, which we construct
by (2.2) and (2.3) of Section 2.1, where we replace @g, (T}, vo) by ¢y, (T}, vo). At time T
the continuous component of 271 is equal to %0(71, Vo) := V1 since there is no jump in the

continuous component. The discrete component jumps to 6. We iterate this procedure with
the new flow 551 (t — Ty, vy) until the next jump time 75 given by (2.2) and (2.3) with 551 (T} —
T, 1), and so on. We proceed by iteration to construct (x;) on [0, T].

Consequently, the discretization grid for (x;) on the interval [0, T] is random and is formed
by the points T,+kh forn=0,..., Ny and k=0, ..., L(T,,_H AT —T,)/h]. This differs
from the SDE case, where the classical grid is fixed.

By classical results of numerical analysis (see e.g. [17]), the continuous Euler scheme (2.8)
(also called the Euler polygon) satisfies estimate (2.6). If we choose ®g =$9 in the above
construction then the corresponding PDP (¥;) is not Markov, since the functions 59(., v) do not
satisfy the semi-group property (see [20]).

2.4. Thinning representation for the marginal distribution of a PDP

The sequence (7, (6, V), n>0) is an R} x E-valued Markov chain with respect to its
natural filtration F,, and with kernel K defined by

K((, 0, v), dudjdz)

u—t
= 1y= MO, Po(u —1t, v)) exp (—/ MO, Po(s, v)) dS) 00, Po(u—t,v)), djdz)du.
0

2.9)
For n > 0, the law of the random variable 7,, — T),_ given J,,_ admits the density given for
t>0by
t
Mbu—1, ©g,_, (t, vy—1)) exp (—/ Mbp—1, D(s, Vy—1)) dS)- (2.10)
0

Classically, the marginal distribution of x; is expressed using (2.5), the intensity A via (2.10),
and the kernel K (see (2.9)). Indeed, for fixed xo =x € E and for any bounded measurable
function g, we can write

Elg()] =) EIgOn, g, (t — T, va))In,=]

n>0
=Y Elgn. o, (t — Tp, vi)) L7, < Bl1 7,5 Fyl]
n>0
t—T,
=) E[g(en, @y, (t — Ty, v)) 17, </ €xp (— /0 MOn, Do, (u, 1) du)} (2.11)
n>0

t t—s
= Z// 80, Pg(t—s,v)) exp (—/ A0, Do(u, v)) du) K"((0, x), dsdf dv),
0JE 0

n>0

(2.12)

where K :=8 and K" =K o .. .. o K n times, that is,
t t
f / K"((0, %), dsdy) = / / / K((©. ), i1 dy1) . .. Kot yu_1), dsdy).
0 JE 0 JE (R.;,XE)”’l
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However, since we have constructed (x;) by thinning, we would prefer to express the dis-
tribution of x; using the upper bound 1*, the Poisson process (N, t > 0), and the sequences
(Uk, ke N), (Vk, ke N). In Proposition 2.1 we give another representation of (2.11). The
product term which appears in the expectation on the right-hand side of the equality in
Proposition 2.1 should be interpreted as the conditional survival function,

T,
t— exp (—/ M, ©g, (1, vn)) du>,
0

of Ty1 in (2.11).

Proposition 2.1. Let (x;, t € [0, T]) be a PDP with characteristics (®, A, Q) constructed in
Section 2.1 and let n € N. Then

Eletol=nl= >, Y E[Q(x;;n, 0) g0, o(t — T, vn))
L<p1<pr--<pn<m0€©
u MO, ©p(T) =T, vn)
X Ligmpi, 1<i<n.N; =m) l_[ (1 - ;* = )i|
q=pn+1

The following proposition and its corollaries will be useful in Section 3. In their statements
(x;, t € [0, T]) and (x;, ¢ € [0, T]) are PDPs constructed in Section 2.1 using the same data (N;°),
(Uk), (Vi) and the same initial point x € E but with different sets of characteristics.

The following results are inspired by the change of probability introduced in [28] where
the authors are interested in the application of the MLMC to jump-diffusion SDEs with state-
dependent intensity. In our case we need a change of probability which guarantees not only
that the processes jump at the same times but also in the same states.

Proposition 2.2. Let (®, A, Q) (resp. (P, X, Q)) denote the characteristics of (x;) (resp. (X))
Let us assume that » and Q depend only on 0, that Qis always positive, and 0 < A0) < 1* for
all 0 € ©. For all integer n, let us define on the event {N, =n},

- Q(;C;f ’ én) )\’(9 ) Nf—=1T,\ —1
Q(enfl, On) )‘*

the product being equal to 1 if T, =N, and, forall1 <€ <n—1,

N

M(On, g (T — T, )
1— e .

q:fn+1

5 2 (22, - ue)))

001, e) A*

| MO @ (T~ T ) 1_[—1 (1_ 2@t q>9~l(T;‘—T§1,w>>)’

A* ~ A*
q=T¢+1
(i@ (. R\ A, @ (TE, o) BT Ao, @5, (T7, B0))
o=< (-5 ) (- )
A* A* A* A¥

q=1

|I
Nl

e

£=0
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Then, for all n > 0 we have

Elg() Ry 15,y = Elg(x) Lin=n)]-

Corollary 2.1. Under the assumptions of Proposition 2.2, setting R; = R 5, we have
E[gGiR:] = Elg(x)]-

Remark 2.1. Proposition 2.2 looks like Girsanov’s theorem (see [26]), but we do not use
martingale theory here.

Remark 2.2. We have chosen to state Proposition 2.2 with a PDP (x;) whose intensity and
transition measure only depend on 6 for the sake of readability. In fact the arguments of the
proof are valid for non-homogeneous intensity and transition measures of the form A(x, 1)
and Q((x 7),dy) for x=(0,v) € E. A possible choice of such characteristics is A, 1) =
A0, Py(1, v)) and O((x, 1), dy) = 0((6, Pyg(t, v)), dy) for P a given function. This remark will
be implemented in Section 5.4.

Corollary 2.2. Let (P, A, Q) (resp. (D, A, Q)) be the set of characteristics of (x;) (resp. (X;)).
We assume that Q is always positive and that 0 < A(x) < A* for all xe E. Let (u,) be the
sequence defined by Lo =v and p, = &Dg Ty —Ty—1, ptn—1) for n > 1. For all integer n, let
us define on the event {N; = n},

NF —1

. ’ MOy, Do, (T* — T , v,

7, = O((On-1, tn), On) l—[ 1— ( Gn( q oV )
Q((O}’l—l ’ Vn)a 6}1) )\.*

q:rn+1

N* ~
! )\-(911’ QQH(T; - T‘;:’ Mn))
X | | (1 — o >,

q=T1,+1

the products being equal to 1 if v, =N} and forall 1 <€ <n—1,
-1
7= O((Be—1, o), O¢) (A(Gt’a o, (T7,,, — T7,. ve)) ”I—l[ (1 MO, P, (Ty = T7,, w))))

O((Or-1, ve), Or) A =] 7
Mo S, (T, — T3, pe)) ! | Mo By, (T3 — T, 1))
A* 1_[ - A ’

qg=10+1

20:<)‘(90, Dy (T3, v0)) Tl‘—f (1 (6o, %Ao: vo))>>_1

g=1

y (6o, <Deo( T% . 110)) Tll—ll <1 (60, P, (T} Mo)))
Ax '

g=1

n—1
Ro=7 ] 2
=0
Then, for all n > 0 we have

E[g(Qn, CDG,l(t Ty, ,un))R ]I{Nt—n 1= [g(%t) 1{19[:,,}]-
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Proof of Proposition 2.1. It holds that {N; =n, t; =p;, 1 <i<n} C{N; > p,}. Then
E[g0e) 1 (n,=n)] = > Bl L (N, =, rimpy. 1<i<n, N7 =m) ) (2.13)
I<pi<pa<--<pn<m
The set {N, =n, t; =p;, 1 <i<n, NJ =mj} is equivalent to the following:
o Ni=m,
e among the times 7, 1 < £ <m, exactly n are accepted by the thinning method; these

are the T;i, 1 <i <n, and all the others are rejected.

We proceed by induction, starting from the fact that all the T, p, + 1 < ¢ <m are rejected,
which corresponds to the event
3O o, (TS — T vp)
q= e
The random variable 1;,—p,; 1<i<n) depends on

forallp, +1<qg<m.

O, ve, 1 <l<n—1,T/,1<i<p,, U, 1<j<pp),

where by construction vy = ¢g,_, (T;‘( — T[’,"e_l, ve—1), B = H((6¢—1, ve), Vi), which implies

that (6, v¢, 1 <€ <n—1) depend on (Ti*, 1<i<pp-1, U, 1<j<pp_1, Vi, 1 <k<n—1).
Thus V,, is independent of all the other random variables of thinning that are present in
8) LN, =n, ;=p;, 1<i<n, Ny=m}- The conditional expectation of g(x;)L(n,—n,z;=p;, 1 <i<n,N=m)
with respect to the vector (T}, | <i<m+1,U;, 1 <j<m, Vi, 1 <k <n— 1) is therefore an
expectation indexed by this vector as parameters. Since the law of H(x, V};) is Q(x, -) for all
x € E,weobtainforp; <py <---<pp,<m,

Elg(x) LN, =n, ti=p;, 1<i<n, N*=m}]

= E[ - 0 . 0) g0, Dot =Ty, v)

0e®

x FO,U;,1<j<m, T;,lgegmﬁ,vk,lgkgn—l)}, (2.14)
with
FO,U,1<j<m, T;,1<f<m+1,V,1<k<n—1)

m
= LNy =m,vi=p;, 1<i<n) 1_[ ILUq>k(9,<I>9(TZ,‘7T,3*,Z,vn))/)»*'
q=pn+1

In (2.14) the random variables (U, p, + | < g <m) are independent of the vector (Ti*, 1<
i<m+1,U;, 1 <j<py, Vk, 1 <k <n—1). Conditioning by this vector, we obtain

E[g(xt)]l {Ny=n,ti=p;, 1<i<n, N,*:m}]

=X E[Q(x;;;n, 0) 80, ot — Ty, VLN —m ri=p;. 1<i<n)

fe®

A'*
=pn+1

X
q
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Summing the above equality over 1 <p; <ps <--- < p, < m and using equation (2.13) yields
the result. (]

Just as with the successive use of conditioning to obtain (2.12), we can iterate on the form
(2.15) by first conditioning V,_; by all the other random variables and then conditioning
(Ug, pn—1+1 =g =< py) by all the remaining ones, and so on. However, the terms that appear
do not have the same structure, since the U, correspond to rejection forp,_1+1<g<p,—1
whereas U, corresponds to acceptance. Consequently the next step yields

Bl LN, =n, ti=p;, 1<i<n, N*=m}]

= 3 o0, @0 .0

ae® He®
x g0, ®p(t — T;n, Vn))ﬂ{N,*zm,t,:p,-, I<i<n—1}
Ma, @o(Th =T vamr)) P! (1 Ma, (T} =T | vn_l))>

" P - I —

q=pn—1+1

m 2O, Dp(T* —T* . vy
< 1 (1— ©. ®oTy — Ty, v”)}, (2.16)

LF
q=pn+1

where we write v, for simplicity, keeping in mind that

Vn = @9’171 (T;n - T;FI s Vn—1)
=00, (Tp, =T, 0,0 Ty, =T, 0 Vn2))
= q)a(T;’kn - T;’kn—l ’ cDg"—z(’T];kn—l - T;:n—Z’ vn_Z))'

In (2.16), the product term

Mot @o(TE = T3 vae) P! Mot @o(TE = T5 | vas1))

q=pn—1+1

should be interpreted as the density probability function of 7, which appears in (2.12) via the
kernel K.
Moreover, the previous arguments apply to

]E(g(-xt)f(eia Vi, 1 = i =n-— 17 6}17 Vn, T]zka 1 = k =< m) Il{]\/',:n,‘[i:pi7 1<i<n, Nt*:m})’
where f is a measurable function, and provide
]E[g(xt)f(elv via 1 E i E n— 1a 0}‘[7 Vn’ T]:v 1 S k S m) ]]'{Nl=n,fi=pi, 1515}1, N,*:m}]

=2 E[Q(xT;n, 0)8(6, Po(t =Ty, vi)

0e®
Xf(elv Vi, 1 S i S n— 17 07 Vn, T]f? 1 S k S m) IL{Nt*:m,‘[i:pi, ]SlSn}
“ MO, Po(T; — Ty, vn))
’ q Pn’
< 1 (1 - = )} (2.17)
q=pn+1
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Below we prove Proposition 2.2. The other statements can be proved analogously.

Proof of Proposition 2.2. By assumption the (jump) characteristics (%, Q) of (%) depend

only on 6. Let p; < p» <. <pp=m. AEplying the same arguments as in (2.17) to (X;) and
using the definitions of Zy, 0 < ¢ <n and R,,, we obtain

ELg@o) Rn LR,y 71=py, 1 iz, N =m)]

- n—1 5»(9) m—pp
= Z E|:Q(9n—l7 9) g(@, (bﬂ(t - T;n» f”n)) Zy l—[ Zy ]l{Nf:m,fi:pi, 15i§n}i| (1 - I )
0O £=0
. n—1 X(Q) m—py
=y E[Q(en_l, 0)2®, @o(t— Ty ) ] Ze Lvromzimpi. 12i=m) (1 -0 )
0e® £=0
) <<1 1(9)>m—pn>—1 O . 0) ﬁ (1 MO, (T — Ty T),,))>]
A Q(énfl: 6) g=pn+1 A
n—2
= Z ]E|:Q(5€};;n, 0) g0, @o(t — T, , V) Zn—1 l_[ Zy Ting=m, ti=p;, 1<i<n}
6e® £=0
" )"(97 CDQ(T; - T;n’ Dn))
< T1 <1 - . )}

q=pn+1

We iterate the above argument based on the use of (2.17) and we use the definition of Zn_1
to obtain

E[g(it)Rn]l{Nt=n,f,‘=pi, 1<i<n, N;k=m}]

=y > E[Q(%;;n_l L )0((@, 1), 0) g6, Po(t — Ty, 50))

ae® He®

n—2 m * ko~

- MO, Po(Ty — T, , )

< [T Ze vwrmmzimpiriznny 1 (1 - qﬂ s )

=0 q=pn+1

Mat, @ (T = T3 Tum)) P! ( Mo, @o(TF =T 6n1>))]
X 1_[ 1— ,

)\.* )\.*
qunfl‘i‘]
where for short v, = qba(T;;n — T;fn_l , V) and v,_| = ¢9~n72 T;‘n_l — T;;n_z, Vp—2). Comparing

the latter expression to (2.16) and using induction, we conclude that

E[g(%’)knll{N,:n,f,-:p,-, 1<i<n, N,*=m}] =E[g(x) ]I{NtZH,Ti:Pi, 1§i§”th*:m}]'

It remains to sum up on p;, 1 <i <n and m. O

3. Strong error estimates

In this section we are interested in strong error estimates. Below, we state the main assump-
tions and theorems of this section. The proofs are given in Sections 3.2 and 3.3 respectively.
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Assumption 3.1. For all 6 € ® and for all A € B(®), the functions v A0, v) and v+
0((8, v), A) are Lipschitz with constants Ly > 0, Lo > 0, respectively, independent of 6.

Theorem 3.1. Let ®y and Py satisfy (2.6) and let (x;, t € [0, T]) and (x;, t € [0, T]) be the
corresponding PDPs constructed in Section 2.1 with xo =Xo = x for some x € E. Assume that
® is finite and that ) and Q satisfy Assumption 3.1. Then, for all bounded functions F: E — R
such that for all 6 € ® the function v+ F(0, v) is Lg-Lipschitz, where Lp is positive and
independent of 0, there exist constants V1 > 0 and V> > 0 independent of the time step h such
that

E[|F@r) — Fap)P] < Vih + Vol

Remark 3.1. When the numerical scheme ®; is of order p > 1, which means
sup [Py (t, v1) — Py(t, v2)| < e vy — va| + CoP,
1€[0,T]
we have
E[|F(¥r) — FGer)[P] < VikP + Vo

Assumption 3.2. There exist positive constants p, )N»min, Xmax such that, for all (i, j) € 02, p =<
Q(iaj) and S\min = X(l) = Xmax < AF

Theorem 3.2. Let &y and Py satisfy (2.6) and let (%;,t€ [0, T]) and (x,,t € [0, T]) be the
corresponding PDPs constructed in Section 2.1 with Xy =Xo = x for some x € E. Let (Ri, te
[0, T) and (sz t € [0, T]) be defined as in Corollary 2.1. Under Assumptions 3.1 and 3.2 and
for all bounded functions F: E — R such that for all 6 € ® the function v F(0, v) is Lg-
Lipschitz (Lp > 0), there exists a positive constant V| independent of the time step h such that

E[|F(Ep)Ry — FEr)Rr|*1 < Vi k2.

We now introduce the random variable 7' which will play an important role in the strong
error estimate of Theorem 3.1 as well as in the identification of the coefficient ¢ in the weak
error expansion in Section 4 (see the proof of Theorem 4.1 in Section 4.2).

Definition 3.1. Let us define T¥ := inf{k > 0: (tx, Or) # (T, 01}

The random variable T enables us to partition the trajectories of the pair (x;, X,) in a sense
that we now make precise. Consider the event

{min (T, Tot) > T) = {Nr =N, (T1, 01) = (T1, 01), . . ., (Tny, Ony) = (T, Oy} (31

where (T,,) and (T,) denote the sequences of jump times of (x;) and (X;). On this event
{min (T, T?T) > T} the trajectories of the discrete time processes (7, 6,) and (T, 6,) are
equal for all n such that T, € [0, T] (or equivalently T, € [0, T]). Moreover, the complement,
i.e. {min (7%, T?T) < T}, contains the trajectories for which (7}, 6,) and (T,, 0,) differ on [0,

T] (there exists n < N7 Vv N7 such that T}, # T, or 6, # 6,,).

3.1. Preliminary lemmas

In this subsection we start with two lemmas which will be useful for proving Theorems 3.2
and 3.3.
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Lemma 3.1. Let K be a finite set. We let |K| denote the cardinal of K, and fori=1, ..., |K|
we let k; denote‘its elements. Let (p, 1 <i<|K])and (p;, 1 <i<|K]) be two probabilities on
K. Let aj:=Y"'_, pi and aj:=Y"'_ p; for all je {1, ..., |K|}. By convention, we set ayg=

do :=0. Let X and X be two K-valued random variables defined by
X:=GU), X:=GU),

where
K| B K|
U~U0. 1), Gw) =) kily ,<uzq;. G =Y kilg_,cuzq, foralluel0,1].
j=1 j=1
Then, we have
[K|—1
PX#X) < Y laj—ajl.
j=1

Proof of Lemma 3.1. By definition of X and X and since the intervals laj—1, aj] N [@j-1, a;]

are disjoint forj=1, ..., K, we have
_ K|
PX=X)=)Y P(Uelaj1.qj]N[a1.al).
j=1

Moreover, for all 1 <j < |K]|, we have

_ 0 if [aj—1, aj1 N [@j—1, a1 =0,
P(U € laj-1, aj1 N [aj—1, a]) = 3 B S L, dj 4 1 4
aj AN aj—aj—1 vV aj-1 if [aj-1, gl N [@j-1, aj] # 9.

Thus, letting xT :=max (x, 0) denote the positive part of x € R and using xt > x, we obtain
B K|
PX=X)> Z (aj Naj —aj—1 vV aj—y).
j=1
Adding and subtracting a; V @; in the the above sum yields

K| K|
P(X:Y) > Z (ajvaj—aj_1Va_1)+ Z(aj Aaj—ajV aj).
J=1 j=1

The first sum above is a telescopic sum. Since a|g| =ax| = 1 and ag = ap =0, we have

IK|—1
PX=X)>1— Z laj —@. O
=1

Lemma 3.2. Let (a,, n > 1) and (b,, n > 1) be two real-valued sequences. For all n> 1, we

have
n n n n i—1
l_[ai—l_[biZZ(ai—bi) l_[ aj bj.
i=1 i=1 i=1 j=itl =1
Proof of Lemma 3.2. We use induction. U
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3.2. Proof of Theorem 3.1
First, we write
E[|F () — Fxr)|*]
=ElLin 7,1 7. <7/ FED) = FODP1+ ElL i 7., 7o 71 FGT) = FOr)I]
=:P+D,
where 7' is defined in Definition 3.1 - The order of the term P is the order of the probability that
the discrete processes (7;, 6,) and (T, 0,) differ on [0, T]. The order of the term D is gi\ien
by the order of the Euler scheme squared, because the discrete processes (7}, 6,,) and (T, 0,,)

are equal on [0, T1. In the following we prove that P = O(h) and that D = O(h?).
Step 1: estimation of P. The function F being bounded, we have

P < 4M}P(min (Ty+, To1) < T),
where Mg > 0. Moreover, for k > 1,
T =k =" >k— 1} (w00 # Th, 1)
Hence

P(min (T?‘r s T?T) <T)= Z E[]lmin (Tk,Tk)ST]l?TZk]
k>1

= Bl To<r et =k 1 L 0.0
k>1

< Z Jy + 21,
k=1

where _
Ji =KL, (T, Tr) < T]17+>k—1]1fk=?k]10k¢§k]’ 32)
I =E[1 Ly, (Te, Ty) < iz po 1 Lozzd-
We start with J;. First note that, for k> 1, {t; =7} = {Tx = T4}, and that on the event
{Ty =Ty}, we have min (T%, Tx) = T, SO
Je=Ellp<rlzrLn=51p 45,]

We emphasize that it makes no difference in the rest of the proof if we choose min (7%, Ty =

Ty. Since
k—1
T k— 1) =i, ) =T, 00 {,
i=0
we can rewrite J as follows:
Z E[ﬂ{n=ﬂ=pi,1sisk}ﬂ{ei:@-:ai,15i5k—1}]1T;‘ksT]lek¢§k]~ (3.3)
I<p|<..<pg
ay,...a_1€0

By construction we have 6 = H((6y_1, v¢), Vx) and 6y = H((@x_1, Vr), Vi). The ran-
dom variable 1{r—7=p; 1<i<k}1(6,—5,—0;.1<i<k—1) L 73, <7 depends on the vector (U;, I <i <
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DPk> Tj?", 1 <j<pk, V4. 1 <gq <k— 1), which is independent of V;. Conditioning by this vector
in (3.3) and applying Lemma 3.1 yields

E[M{g=7;=p;,1<i<k} 1{9,:51:&,-, 1 5i5k_1}ﬂT,tk STILek ;eék]

|©]-1
= E|:1{T;=fi=p1,lsiik}ﬂ{gi_ei_a,-,1<,‘<k_1}IlTp*k§T Z laj(ok—1, Vi) — aj(@r—1, Vk)|:|~
Jj=1
From the definition of a; (see (2.4)), the triangle inequality, and since Q is Lp-Lipschitz, we

have
|®]—1

> lajleu—r, Vi) — ajleur, i)l <
j=1

(o[ =Dbie| ~ _
fLQh)k— Vi |-

Since we are on the event
i=Ti=pi, 1 <i<k[ Woi=0i=a; 1<i<k—1},

the application of Lemma 2.1 yields |vy — vi| < eLT;k kCh. Thus Jj < CihE[17,<7k], where Cy
is a constant independent of 4. Moreover,

Nr
S lgerk=Y k<N} and EIN}] <E[NV})?] < +oo
k>1 k=1

so that

> Jk=0(h).

k>1

From the definition of I (see (3.2)), we can write

Iy = E[1,, (Tk,Tk)gT]l?"'>k—1(]lfk <t T 17l
=Eln<rlz o lg<z ]+ E[ﬂTkgTﬂ?kal Losz]
(1) 2
= 1§< ' I,({ ),
The second equality above follows since {1y < Ty} = {Tx < Tx} and {1y > T} = {Tx > T}
We only treat the term 7,(:); the term 722) can be treated similarly by swapping (tx, T}) and
(Tk, Ty). Just as in the previous case, we can rewrite 7,(:) as follows:

Z E[]l{r,-:?,-:pi,lfigk—l}]l{gi:@.:ai’]Siskfl}]lTl’; §T]lrk:pk]lpk<?k]- (3-4)

1=py<..<py
A1 €O

In (3.4) we have

{tk = pi} N {pk < Tk}
C {Mar—1, Poy_, (T, = Ty > Vk—1)) < Up A" < Math—1, Py, (T, = Ty, V1))

The random variable 1{g,—7,—p; 1<i<k—1} ]l{€i=§[ | <i<k—1) ]lT,’;ka depends on

=i,

Ui, 1<i<pe1, T 1<j<pr, Vg 1 <q<k—1),
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which is independent of U,,. Conditioning by this vector in (3.4) yields
E[ﬂ{fi=?i=l7h1Si§k*1}‘ﬂ{9i=§i:(xi,1Sifk—l}]lT;fkaﬂTkZPk Ly <zl
< Bl {r=t;=pi 1 <i<k—1) 1 (6,=g,=0;, 1 <i<k—1) LT3, <T
X Metk—1, Py (T = Ty Tk-1)) = Math—1, Py (T, = T vk—1))|]-

Using the Lipschitz continuity of A and then Lemma 2.1, we obtain
1\ < CohE[17, <1k,

. . . =2 . . .
where C3 is a constant independent of 4. Concerning the term / ,(( ), we will end with the esti-

mate 7,((2) < CzhE[]lfk STk]. We conclude in the same way as in the estimation of Ji above that
Zkzl I = O(h).
Step 2: estimation of D. Note that for n > 0 we have
{(Nr =n) N (min (T, Tp) > T = (Nr =n} N {(Nr =n} N (7" > n},

where we can swap {N7 = n} and {N7 = n}. Thus, using the partition {N7 = n, n > 0}, we have

D= Ellny=nly,_, Lzt |FOn, g,(T = T, 1)) — F(O, g, (T — Ty, vp))|].
n>0

Application of the Lipschitz continuity of F and of Lemma 2.1 yields
|F @, @6,(T — T, V) — F(6, P, (T — Ty, )| < Lp " (n + 1)Ch.

Then we have D < C3h2 ano E[ly;=n(n + 1)2], where Cs is a constant independent of A.
Since
D Elly—n(n+ 1)’] =E[(N7 + 1)*] < BI(Nf + 1)*] < +ov,

n>0

we conclude that D = O(hz).

3.3. Proof of Theorem 3.2
First we reorder the terms in Ry. We write Ry = érérﬂr, where
N OG0
Qr=||=——-—. (3.5)
=1 Q1,0

5 N O, @5 (T2 =TE D) O | MO, @5, (Tf =TE | 9-1)
= e - e
=1 k=7_1+1
3.6)
N3 )\.(GNT, cpéﬂ/T(Tl* — T;}]T, EIVT))
X 1_[ 1— e ,
1=fNT+]

IN—[ (/\(91 1)( 5»(51—1))%[_%[_1_1>_1 ((1 - @)N;_fﬁv_l 3.7
[l e e ' '
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Likewise we reorder the terms in i_?T, writing ET = QTSTHT, where QT and ST are defined
as (3.5) and (3.6) replacing X and ® by ¥ and ®. Since the processes (6,) and (%,) do not depend

on ® or @, the term H is the same in R and R To prove Theorem 3.2, let us decompose the
problem and write

|FG&p)Ry — FGir)Rr| = |(F(37) — FGr)Ry + (Ry — Rp)F(Gr)|
<|FGy) — FGIIR| + Ry — Rrl|FGr)l,
so that
E[|F@Ep)Ry — FGEr)Rr1*1 < 2E[|FGy) — FGr)I*|R71*1 + 2E[|R — Rr1*|FGir) %]
=:2D + 2C.

In the following we show that C = O(h*) and D = O(h?).
Step 1: estimation of C. The function F being bounded, we have

C < M{E[|R; — Rr|*],
where MF is a positive constant. Moreover, for all 6 € ® we have

(1= %0)/x)7" < (1 = Xmax /A" and  (R(0)/2) ™" < Gimin/A™) .

I:IT < (Xmin (1 . Xmax))N;’
A* A¥
and using the definition of R and R (see (3.5), (3.6), and (3.7)) we can write

imin <l . imax

Thus

-N; o 5 o
AF A )) (|9T - QT|ST + |§T - ST|9T)

IRy — Ry| < (

We set J = |QT - éﬂér and I = |ST - éﬂQT. To provide the desired estimate for C,

we proceed as follows. First, we work @ by o to determine (random) bounds for J and /,

from which we deduce a (random) bound for |ET — Ryl Finally, we take the expectation.

We start with 1. For all (8, v) € E and for all > 0, we have from Assumption 2.1 that 1 —
MO, Dy(t, v))/A* <1 and A0, Dy(t, v))/A* < 1. Then, using Lemma 3.2 (twice), we have

. . 1 Nr+1  TANT
Sr=8rl=o > D O, B (7 =T . 5;0)
=1 k=7_1+1

—MOr-1, Dy (T = T5 | 0-))l.

Using the Lipschitz continuity of A and Lemma 2.1, we find that, forall /=1, ..., IVT +1
andk=7_1+1,..., AN,

Or-1, B, (TF =T

1—

LU = MO, g (T =T

;o)) <€ Chi.
Moreover, forall /=1, ..., Ny + 1 we have A N7 — 7j_1 <N¥, so that

1S, — S7| < NEWNE + 12Cih,
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where C] is a positive constant independent of /. Finally, since QT < p~N we have

1< p™NMINZ(NE + 1)2Cyh. (3.8)

Now, consider J. Note that from Assumption 2.1 we have S; < 1. We use the same type of
arguments as for 1. That is, we successively use Lemma 3.2, the Lipschitz continuity of Q, and
Lemma 2.1 to obtain

T <p ™ NM(Np? o, (3.9)

where C» is a positive constant independent of 4. Then we derive from the previous estimates
(3.8) and (3.9) that . .
IRy — Rr| < E1(NF)C3h,

where

Xmin 1 j;max
A\

El(n):<p ))_ nin+1)> and C3=max (Cy, C2).

Finally, we have E[|R; — Rr|*] < C3h*E[E1(N})?]. Since
E[E1(N})*] < +oo,

we conclude that C = O(hz). _ ~ B
Step 2: estimation of D. Recall that X7 = (9~T, <I>9~}v (T — T-T, f)NT)) and Xy = (9~T,
65& (T — T~T, v Nr))' Then, using the Lipschitz continuity of F, Lemma 2.1 and since IVT <
T
Nj, we get
|F(&) — FGir)| < Lr €T (N7 + 1))Ch < Lp T (N} + 1)Ch.

Moreover,

= Amin Amax N
|BT|S<,0 o - o ,

so that D < C4h2E[Ez(N$)2], where Cy is a positive constant independent of /2 and

imin Xmax -
Eg(n):(n-l—l)(,o?(l—)\—*)) .

Since E[EZ(N})2] < 400, we conclude that D = O(h?).

4. Weak error expansion

In this section we are interested in a weak error expansion for the PDMP (x;) of Section 2.3
and its associated Euler scheme (X;). First of all, we recall from [5] that the generator A of the
process (t, x;) which acts on functions g defined on Ry x E is given by

Ag(t, x) = d;g(t, x) + f(x)d, g(t, x) + A(x) / (g(t, y) — g(t, x))Q(x, dy), 4.1)
E
where for notational convenience we have set

9 9
duat, x) = %(:,e,u), dg(t, x) = 8—‘?’(;, x), and fO)=fy(v) forallx=(8,v)€E.
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Below, we state the assumptions and the main theorem of this section. Its proof, which is
inspired by [27] (see also [24] or [16]), is deferred to Section 4.2.

Assumption 4.1. For all 6 € ©® and for all A € B(®), the functions v Q((6, v), A), v~
A0, v), and v fy(v) are bounded and twice continuously differentiable with bounded
derivatives.

Assumption 4.2. The solution u of the integro-differential equation

{Au(t, 0=0 (,x)el0,T[xE, 2

u(T,x)=F(x) x€E,

with F: E — R a bounded function and A given by (4.1), is such that for all 6 € ®, the function
(t, v) = u(t, 6, v) is bounded and twice differentiable with bounded derivatives. Moreover, the
second derivatives of (t, v) — u(t, 0, v) are uniformly Lipschitz in 6.

Theorem 4.1. Let (x;, t € [0, T]) be a PDMP and (x;, t € [0, T)) its approximation constructed
in Section 2.3 with xy = Xy = x for some x € E. Under Assumptions 4.1 and 4.2, for any bounded
function F: E — R there exists a constant c| independent of h such that

E[F(Xr)] — E[F(x7)] = hei + O(h?). 4.3)

Remark 4.1. If (%) is a PDMP whose characteristics A, Q satisfy the assumptions of
Proposition 2.2 and (%,) is its approximation, we deduce from Theorem 4.1 that

E[F(%;)R;] — E[F(X1)Rr] = het + O(h). 4.4)

4.1. Further results on PDMPs: It6 and Feynman-Kac formulas

Definition 4.1. Let us define the following operators, which act on functions g defined on
R+ x E:

Tg(t, x):=0,8(t, x) + f(x)d,8(1, x),

Sg(t, x) = A(0) /E (8(t, y) — g(t, O, dy).

From Definition 4.1, the generator A defined by (4.1) reads Ag(z, x) = T g(t, x) + Sg(t, x).
We introduce the random counting measure p associated with the PDMP (x;) defined by
p([0, 1] x A) := Zn>1 17,</ly,ca for t€[0, T] and for A € B(E). The compensator of p,
denoted by p/, is given from [5] by

t

p'([0, 1] x A) =f Mxs)Q(xg, A) ds.
0

Hence, g :=p — p’ is a martingale with respect to the filtration generated by p, denoted by

(]—'f )refo,7]- Similarly, we introduce p, p’, g, and (_7-'1’7 )ie[0,7] to be the same objects as above but
corresponding to the approximation (X;). The fact that p’ is the compensator of p and that g is
a martingale derives from arguments of the marked point processes theory: see [4].
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Definition 4.2. Let us define the following operators, which act on functions g defined on
Ry x E:

Ts(t, x, ) 1= d,8(t, X) +fdvg(t, X),
Ag(t, x,y):=Teg(t, x,y) + Sg(t, x).

Bemark 4.2. For all functions g defined on Ry X E, ’7_’g(t, x,x)=Tg(t, x), so that
Ag(t, x, x) = Ag(t, x).

The next theorem provides_ 1td6 formulas fgr the PDll/IP (x;) and its a@roximation (x;). For
all s € [0, T], we set 77(s) :=_T,, + kﬁ if se [T, +kh, (T, + (k+ 1)h) A Tp41[ for some n >0
and for some k € {0, ..., [(Ty+1 — Tn)/h]}.

Theorem 4.2. Let (x;, t € [0, T]) and (x;, t € [0, T) be a PDMP and its approximation, respec-
tively, constructed in Section 2.3 with xo =Xy = x for some x € E. For all bounded functions
g: Ry x E— R continuously differentiable with bounded derivatives, we have

'
8, x)) =g(0, x) + / Ag(s, x) ds + MF, 4.5)
0
where

t
M= /0 /E (g(s, ¥) — g(s, x5—))q(ds dy)

is a true FY -martingale, and

t
g(t,)_c,)=g(0,x)+/ Ag(S,)_Cs,iﬁ(s))dS—i-M}g, (46)
0

where

t
M= /0 fE (g(s. ) — g(s. Xe-))g(ds dy)

is a true F-martingale.

Proof of Theorem 4.2. The proof of (4.5) is given in [5]. We prove (4.6) following the same
arguments. Since g =p — p’, we have

t
Mf = Z 1Tk§t(g(Tk’ )_ch) — g(T, )_c%k)) - /() Sg(s, Xg) ds.
k>1

Consider the above sum. As in [5], we write, on the event {N, = n}, that

> 78Tk %) — (Th 37.)
k>1
n—1
= g(1, %) — (0, x) — [g(t, %) = 8T 37,) + ) 8Tis1. %y ) = 8(T. ka)} :
k=0
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For all k <n — 1, we decompose the increment

8Ty, )_CTHI) — 8Tk, x7,)

as a sum of increments on the intervals [Tk + ik, (Tx 4+ (i + 1Dh) A Trs1] C [Tk, Trg1]-
Without loss of generality we are led to consider increments of the form g(t, 6, ¢y(t, v)) —
g(ih, 6, y;(x)) for some i > 0, t € [ih, (i 4+ 1)h] and for all x = (0, v) € E, where we recall that 5
is defined by (2.8). The function g is smooth enough to write

1
8(t, 0, dy(t, v) — g(ih, 6, y,(x)) = /h (318 + foG:(x)3,8)(s, 6, Py (s, v)) ds.

Then the above arguments together with Definition 4.2 yield

n—1

t
80t %) — g(To, 37,) + ; (T %y ) — 8T %) = /0 Tels % Ty ds. O

The following theorem gives us a way to represent the solution of the integro-differential
equation (4.6) as the conditional expected value of a functional of the terminal value of the
PDMP (x;). It plays a key role in the proof of Theorem 4.1.

Theorem 4.3. (PDMP’s Feynman—Kac formula [6].) Let F': E— R be a bounded function.
Then the integro-differential equation (4.2) has a unique solution u: Ry x E — R given by

u(t,x)=E[Fxp)|x,=x], (,x)€[0,T]xE.

4.2. Proof of Theorem 4.1

We provide a proof in two steps. First, we give an appropriate representation of the weak
error E[F(X7)] — E[F(x7)]. Then we use this representation to identify the coefficient ¢; in
(4.3).

Step 1: representing E[F(X7)] — E[F(x7)]. Let u denote the solution of (4.2). From Theorem
4.3 we can write

E[FG7)] — E[F(xr)] = E[u(T, X7)] — u(0, x).

Then, the application of the It formula (4.6) to u at time T yields
r - U
w(T, x7) =u(0, x) + / Au(s, X, Xs(5)) ds + M.
0
Since (1\7,”) is a true martingale, we obtain
T —
E[uw(T, Xx7) — u(0, x)] = E[ / Au(s, Xs, Xi(s)) dsi|.
0

For se€[0,T] we have Zu(s, Xs» Xi(s)) = 0pu(s, Xs) + f (X5i(5))Ov (s, Xs) + Suls, Xs) (see
Definition 4.2). From the regularity of A, Q, and u (see Assumptions 4.1 and 4.2), the functions
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du, dyu, and Su are smooth enough to apply the Itd formula (4.6) between 7(s) and s
respectively. This yields

_ o § = o B A —
dpu(s, Xy) = du((s), Xq(s) + / A@)(r, X, X)) dr+ M = My,
n(s)

N
—_ — —_ - — — ——oyu
Apu(s, Xg) = d,u(T(s), X)) + l A@yu)(r, X, X)) dr + M Mn(s),
iGs

Suls, %) = Sui(s), Fyo) + | ASu)r, Xy, Fyon) ds + M — Mo,
)

Moreover, since 77(r) = 1(s) for r € [17(s), s], we have

T Gis))Buu(s, Xs) = f (5i(5)) D u(7(s), Xits))

N _ T N — T
+ | f ) A@uu)(r, Fr, ) dr + f G (M — M),
n(s)

so that

S

Au(s, X, X(s)) = Au(T(s), Xrs), X)) + / T (r, X, Xyi(ry) dr
()

) T N — Y L O M
+ M — M) +f )M — M) + M — My,

where

Y1, x, y) := (AQ@u) +f ) A@Byu) + ASu)(, x, y). (4.7)
Since Zu(l, x, x) = Au(t, x), the first term in the above equality is O by Theorem 4.3. By

. . —9 — . .
using Fubini’s theorem and the fact that (M ,'u) and (Mf“) are true martingales, we obtain

T—B 270 T—S T
]E[/ M —Mn’(':)ds]:E[/ M — n(”;)ds}=o.
0 0

. —oyi. . 7 .
Moreover, since (M,"") is a ]-"f -martingale, we have

T _ —avu Bvu r _ —Bvu 6,)14 D
Bl | fGo) 0 = Mygds | = | E|f GBIV, = My o] ds =0

Collecting the above results, we obtain

T ps
E[FGr)] — E[F(xr)] = IE[ / / Y (r, Xy, X(r)) dr dsi|.
0 Jals)

We can compute an explicit form of Y in terms of u, f, A, Q and their derivatives. Indeed, Y is
given by (4.7), and we have

A@uu)(t, x, y) = 02u(t, x) +F ()2 u(t, x) + S@u)(t, x),
(FA@uu)(E, x, ) f(y)(a u(t, x) +f(y)3 Lu(t, x) + S0,u)(t, x)),
ASu)(t, x, y) = 3(Su)(t, x) + f ()3, (Su)(t, x) + S(Su)(t, x).
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Application of the Taylor formula to the functions 8,2tu, Btzvu, vau, S0u), S(yu),
0/(Su), 9,(Su) and S(Su) at the order 0 around (7(r), X5r) yields Y(r, X, Xg() =
Y (1(r), X55(r), X50) + O(h). Setting W(t, x) =T(¢, x, x) and recalling that for r € [7(s), s],
7(r) =7(s) and that |s — 77(s)| < h, we obtain

T
E[FGr)] — E[F(xp)] = ]E[ /0 (s = (DY), Xiy(s)) dS] +0(n).

Consider the expectation on the right-hand side of the above equality. We decompose the
integral into a (finite) sum of integrals on the intervals [T, + kh, (T, + (k + Dh) /\T,,_H],
where W is a constant. Without loss of generality, we are led to consider integrals of the form
fk'h (s — kh)C ds for some k > 0, t € [kh, (k + 1)h] and C a bounded constant. We have

! t—kh (!
/ (s—kh)Cds= —— Cds,
kh 2 Ju

and moreover adding and subtracting / in the numerator of (¢ — kh)/2 yields

‘ ho(! t—k+Dh [!
(s—kh)Cds:—/ Cds—l——/ Cds.
kh 2 Jin 2 ch

Since C is bounded we deduce that
t h t
/ (s — kh)Cds = = f Cds + O(h?).
kh 2 Jin

Since W is assumed bounded and E[N7] < +o0, the above arguments yield the following
representation:

h T
E[F(xp)] — E[F(xp)] = EEI:./O W(@(s), X(s)) ds] +O(h?). (4.8)

Step 2: from the representation (4.8) to the expansion at the order one. In this step we show

that , ’
]E|:/ W (7(s), Xr(s)) ds:| = ]E|:/ (s, xy) ds] + O(h).
0 0

First, we introduce the random variables T and I" defined by

T T
I:= / W(7(s), ¥55)ds and I := / W (7(s), xg7(5)) ds,
0 0

and write
EHF - Ill= E[]lmin (Tt ,Tﬁ-)ﬁT'F - F|]X + E[]lmin (T?-;-,T?T)>T|F =T |]’

where T' is defined in Definition 3.1. Since W is bounded and P(min (T, T?T) <T)=0(h)
(see the proof of Theorem 3.1), we have

E[IT = T Lyin 7, 7.)<7] = O).
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Now, recall from (3.1) that, on the event {min (7%, T?+) > T}, we have Ty =T and 0y =
Ox for all k> 1 such that T € [0, T]. Thus, for all n <N7 and for all s [T,, T,y [we
have Xg(5) = (0, 5@, (1(s) — Ty, D)) and xz5(5) = (O, ¢, (i(s) — Ty, v,)). Consequently, on the
event {min (7%, Tﬁ) > T} we have

_ Nr TnJrl/\T _ _ _ _
r-ri<Y /7 (U (5). T B, GT(5) — T Tn) = WGT(S). Do b5, (7(5) — T vir))| .
n=0"""

From the regularity Assumptions 4.1 and 4.2, the function v — W(z, 8, v) is uniformly
Lipschitz in (¢, ) with constant Ly as sum and product of bounded Lipschitz functions. Thus,
from this Lipschitz property and the application of Lemma 2.1, we get

(W @T(s). On. g (1(s) — T V) — WN(S). s by (0(5) — T va))| < Ly C ™ (n + D
From the above inequality, we find that

E[Luyin (1., 77T = DI = L€ THEN (N7 + 1))

Since Ny < N7 and E[N}.(N7 + 1)] < +00, we conclude that
E[]lmin (T ‘T?T)>T|F - F|] =O0(h).

We have shown that

T T
JE[ /0 \D(ﬁ(s),)_cn(s))ds:| =]E|: /0 W((s), x,,(s))ds] + O(h).

Secondly, from the regularity Assumptions 4.1 and 4.2, the function (¢, v) —~ W(t, 60, v) is
uniformly Lipschitz in 6. Moreover, for all s € [0, T] there exists k>0 such that both s
and 7(s) belong to the same interval [Ty, TH] [so that x5 = (O, ¢g, (s — Ty, v)) and X7(s) =
Bk, Po, ((s) — T, v)). Thus, from the Lipschitz continuity of W, from the fact that |s —
7(s)] < h and since fp is uniformly bounded in 6, we have |W(s, x;) — W(@(s), x75))| < Ch,
where C is a constant independent of 4. Then we obtain

sup |E[W(s, x5)] — E[W(@(s), x5(5))]| < Ch,
5€[0,T]

from which we deduce that

T T
‘E[ / W (7(s), X7(5)) ds:| — E|: / W (s, xg) ds]
0 0

Finally, the weak error expansion reads

<CTh.

T
E[F(r)] — E[F(xr)] = gE[ /0 W(s, Xy) ds} + O(h?).

5. Numerical experiment

In this section we use the theoretical results above to apply the MLMC method to the PDMP
two-dimensional Morris—Lecar (shortened to PDMP 2d-ML).
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5.1. The PDMP two-dimensional Morris—Lecar

The deterministic Morris—Lecar model was introduced in 1981 by Catherine Morris and
Harold Lecar in [23] to explain the dynamics of the barnacle muscle fibre. This model belongs
to the family of conductance-based models (like the Hodgkin—Huxley model [19]) and takes
the following form:

dv

1
prie Z‘(I — 8Leak(V — VLeak) — gcaMoo(V)(v — Vica) — gxn(v — VK)),

dn

i (1 — n)ax(v) — nBx(v),

(5.1)

where
Moo(v) = (1 + tanh [(v — V1)/V2])/2,
ak(v) = AR (V)Noo(v),
Br(v) = Ak(W)(1 — Noo(v)),
Noo(v) = (1 + tanh [(v — V3)/V4])/2,
Ak(v) = Ak cosh (v — V3)/2Vy).
In this section we consider the PDMP version of (5.1), which we denote by (x;, t € [0, T1]),
T > 0, whose characteristics (f, A, Q) are given by

1 0
fO,v)= Ia (1 — 8Leak(V — VLeak) — 8caMoo(V)(v — Vicg) — gKN—(V - VK))»
K

A0, v) = (Ng — O)ak(v) + 0Bk (v),

(Nk — 0)ak(v) 0Pk (v)
0,v),{0+1})=——, 0,v),{60 —1}) = .
(@, v), {0+ 1} YCRD) (@, v), { ) XCRY)
The state space of the model is E = {0, . .., Nk} x R where Nk > 1 stands for the number of
potassium gates. The values of the parameters used in the simulations are V| = —1.2, V>, =18,

V3 =2, V4 =30, Ak =0.04, C =20, greak =2, Vieak = —60, gca =4.4, Vca =120, gk =38,
Vk = —84, 1 =60, Nx = 100. See Figure 1.

5.2. Classical and multilevel Monte Carlo estimators

In this subsection we introduce the classical and multilevel Monte Carlo estimators in order
to estimate the quantity E[F(x7)], where (x;, t € [0, T]) is the PDMP 2d-ML and F(@, v)=v
for (6, v) € E so that F(xT) gives the value of the membrane potential at time 7. Note that other
possible choices are F(6, v) =v" or F(8, v) = 6" for some n > 2. In those cases, the quantity
E[F(x7)] gives the moments of the membrane potential or the number of open gates at time T
so that we can compute statistics on these biological variables.

Let X := F(x7). It will be convenient below to emphasize the dependence of the Euler
scheme (X;) on a time step 4. We introduce a family of random variables (X}, # > 0) defined by
X, := F(x1), where for a given h > 0 the corresponding PDP (x;) is constructed as in Section
2.3 with time step A. In particular, the processes (x;) for 4 > 0 are correlated through the same
randomness (Uyg), (Vi), and (N;). We build a classical Monte Carlo estimator of E[X] based on
the family (X3, & > 0) as follows:

N
1
yMC — I Zxk, (5.2)
k=1
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FIGURE 1. Ten trajectories of the characteristics of the PDMP 2d-ML on [0,100]. (a) Membrane potential
as a function of time: red curves, stochastic potential; black curve, deterministic potential. (b) Proportion
of opened gates as a function of time: red curves, stochastic gates (6/Nk); black curve, deterministic
gates (n). (c) Probability of opening a gate (Q(x;, {6; + 1})) as a function of time. (d) Jump rate (A(x;)) as
a function of 7.

where (Xk , k> 1) is an i.i.d. sequence of random variables distributed like Xj,. The parameters
h > 0and N € N have to be determined. We build a multilevel Monte Carlo estimator based on
the family (X3, # > 0) as follows:

1 Ny L 1 N,
PINE = G2 X+ D D (K, = X)), (53)
L=t = =
where ((X;jl, XﬁH), k>1)for /=2, ..., L are independent sequences of independent copies

of the pair (Xj,, Xp,,_,) and independent of the i.i.d. sequence (Xﬁ*, k> 1). The parameter h*
is a free parameter that we fix in Section 5.4. The parameters L>2, M >2, N> 1 and ¢ =
(q1,---,4qr) €10, 11X with Zf‘zl g1 = 1 have to be determined; then we set N; := [Nq;], h; :=
WMD),

We also set X := F(¥7)R7, where Ry is defined as in Proposition 2.2 with an intensity Janda
kernel Q that will be specified in Section 5.4, and let (5(;,, h > 0) be such that 5(11 =F (ZT)RT for
all 2 > 0. By Proposition 2.2 we have E[X] = E[X] and E[X;] = E[X}] for h > 0. Consequently,
we build likewise a multilevel estimator YMEMC based on the family Xy, h > 0).

The complexity of the classical Monte Carlo estimator YMC depends on the parameters (/,
N) and that of the multilevel estimators YMIMC and YMEMC depends on (L, g, N). In order
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TABLE 1: Optimal parameters for the MLMC estimator (5.3).

log (le1|Y*n*)  log(A/e€)
L 1 , A=14+2
( T g0 alog ) Vi
0 q1 = (1 + p(h*)P/?)
g = i (P2 M =2 Lo W =1/ s @i
nj—1+n; ’ R /=LY

N <1+ 1)Var(X)(l+p(h*)ﬂ/2 Yh PPy 1+n,)

2o €’ Zj:] gj(nj—1 + nj)

to compare those estimators we proceed as in [21] (see also [24]), that is to say, for each
estimator we determine the parameters which minimize the global complexity (or cost) subject
to the constraint that the resulting L2-error must be lower than a prescribed € > 0.

As in [21], we let V1, c1, «, B, and Var(X) be the structural parameters associated with
the family (X}, 7 > 0) and X. We know theoretically from Theorem 3.1 (strong estimate) and
Theorem 4.1 (weak expansion) that (o, B) = (1, 1), whereas V1, c¢1, and Var(X) are not explicit
(we explaln how we estimate them in Section 5.3). Moreover, the structural parameters V1, Ci,
o, ,B and Var(X) associated with (Xh, h > 0) and X are such that @ =«, & = ¢ (see (4.4)),
,8 2 (see Theorem 3.2), and Vi, Var(X) are not explicit.

The classical and multilevel estimators defined above are linear and of Monte Carlo type
in the sense described in [21]. The optimal parameters of those estimators are then expressed
in terms of the corresponding structural parameters as follows (see [21] or [24]). For a user-
prescribed € > 0, the classical Monte Carlo parameters 4 and N are

1/e B/2¢ )2
h(e) = (1 +2a)~ 1/<2°"( ) , N(e):(1+i> Var(X)(Hzph © (54
lct] 20 €

where p = /V/Var(X). The parameters of the estimator YMMC are given in Table 1, where
n; = M= for =1, ..., L with the convention ng =n, 1'— 0. The parameters of Y MLMC are

given in a similar way using Vi, ,3 , and Var(X). Finally, the parameter M(¢) is determined as
in [21, Section 5.1].

5.3. Methodology

We compare the classical and multilevel Monte Carlo estimators in terms of precision, CPU-
time, and complexity. The precision of an estimator Y is defined by the L>-error

1Y — E[X]]l2 = v/(E[Y] — E[X])? + Var(Y),

also known as the root mean square error (RMSE). The CPU-time represents the time needed
to compute one realization of an estimator. The complexity is defined as the number of time
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steps involved in the simulation of an estimator. Let ¥ denote the estimator (5.2) or (5.3). We
estimate the bias of Y by

R
~ 1 k
bp=— > Y —EIX],
k=1
where Y!, ..., YR are R independent replications of the estimator. We estimate the variance of
Y by
R
1

where v', R are R independent replications of v, the empirical variance of Y. In the case
where Y is the crude Monte Carlo estimator, we set

>:J

N

N
1
2 _ k
N(N kE —my)-, my= N kE_] X.

If Y is the MLMC estimator, we set

N
1

- = Xk (12 xk _ D2 ’

Nl(Nl—l);( h 1) +ZN1(N I)Z( hy hll le)

where
(1) Z Xk
and for [ > 2,
(l) k k
Z&I&m

Then we define the empirical RMSE € by

SR = /by + k. (5.5)

The numerical computation of (5.5) for both estimators (5.2) and (5.3) requires computation
of the optimal parameters given by (5.4) and in Table 1 of Section 5.2, which are expressed
in terms of the structural parameters c1, Vi, and Var(X). Moreover, computation of the bias
requires the value E[X]. Since there is no closed formula for the mean and variance of X,
we estimate them using a crude Monte Carlo estimator with 2= 107> and N = 10°. The con-
stants ¢; and Vj are not explicit; we use the same estimator of Vi as in [21, Section 5.1],
that is,

Vi=(+M P2 2R PEIX, — Xiym ], (5.6)

and we use the following estimator of ¢y:
a=0—=M"*"n XM — Xal. (5.7)

The estimator of ¢ is obtained by writing the weak error expansion for the two time steps
h and h/M, summing and neglecting the O(h?) term. In (5.6) we use (h, M) = (0.1, 4) and in
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(5.7) we use (h, M) = (1, 4), and the expectations are estimated using a classical Monte Carlo
of size N = 10* on (Xn/m, X). We emphasize that we are interested in the order of ¢ and V1,
so we do not need a precise estimate here.

5.4. Numerical results

In this subsection we first illustrate the results of Theorems 3.1 and 3.2 on the Morris—Lecar
PDMP and then compare the MC and MLMC estimators. The simulations were carried out on
a computer with an Intel Core i5-4300U CPU @ 1.90GHz x 4 processor. The code is written
in C++. We implement the estimator YMIMC (see Section 5.2) for the following choices of
the parameters (i, Q).

Case 1: A(6) =1 and

00,10+ 1)="5"2" 6. 16-1p="
’ - Nk ’ e

Case 2: ):(x, )= A0, v(r)) and Q((x, 1), dy) = Q((0, v(1)), dy), where v denotes the first
component of the solution of (5.1).

Cases 1 and 2 correspond to the application of Proposition 2.2. Based on Corollary 2.2, we
also consider the following case.

Case 3: Consider the quantity E[F(xr)— F(x7)], where (x;) and (X;) are PDPs with
characteristics (P, A, Q) and (&>, A, Q) respectively. By Corollary 2.2, we have E[F(x7)] =
E[F(yr)R7], where (y;) is a PDP whose discrete component jumps in the same states and at the
same times as the discrete component of (x;), and (1~€,) is the corresponding corrective process.
Thus, we consider the quantity E[F(x7) — F' @T)RT] instead of E[F(x7) — F(x7)].

Case 3 implies using the following MLMC estimator, which is slightly different from (5.3):

e _ L %Xk iy L %Xk s
- N1 h* N[ hy hi—1°
k=1 l§ k=1

where ((Xkl, )N(ﬁH), k>1)forl=2,..., L are independent sequences of independent copies

of the pair (Xp,, Xp,_,) = (F(Xr), F(3;)Rr), where (3,) is a PDP whose discrete component
jumps in the same states and at the same times as the Euler scheme (x;) with time step /A,
whose deterministic motions are given by the approximate flows with time step /;_; and (R;)
is the corresponding corrective process (see Corollary 2.2).

Figure 2 confirms numerically that E[|X}, — X, | |2] = O(hy) and that E[|Xh, — Xh,_l |2] =
O(hlz) for Cases 1, 2, and 3 (see Theorems 3.1 and 3.2 respectively). Indeed, for 7 = 10 (see
Figure 2(a)), we observe that the curve corresponding to the decay of E[|X};, — Xp,_, 2] as [
increases is approximately parallel to a line of slope —1 and that the curves corresponding
to the decay of E[|)~(h, — )N(hH |2] in Cases 1, 2, and 3 are parallel to a line of slope —2. We
also see that the curves corresponding to Cases 2 and 3 are approximately similar, and that for
some value of / those curves go below the one corresponding to E[|X, — Xp,,_, |2]. The curve
corresponding to Case 1 is always above all the others; this indicates that the L?-error (or the
variance) in Case 1 is too big (with respect to the others) and that is why we do not consider this
case below. As T increases (see Figures 2(b) and 2(c)), the theoretical order of the numerical
schemes is still observed. However, for T = 20, a slight difference begins to emerge between
Cases 2 and 3 (Case 3 being better) and this difference is accentuated for 7 = 30, so we do not
represent Case 2.
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FIGURE 2. Plots (a), (b), and (c) show the decay of E[(X;, — X5, ,)*] and E[X, — Xj,, ,)*] (y-axis, log,,
scale) as a function of [ with iy =h x M~U=D_ h =1, M =4, for different values of the final time T (a)
T =10, (b) T =20, (c) T = 30. For a visual guide, we added black solid lines with slopes —1 and —2.

For the Monte Carlo simulations we set 7 = 30, A* = 10, and the time step involved in the
first level of the MLMC is set to 4* = 0.1. We choose this value for 4* because it represents (on
average) the size of an interval [T, T, , ] of two successive jump times of the auxiliary Poisson
process (N;). The estimation of the true value and variance leads to E[X] = —31.4723 and
Var(X) = 335. Note that v(30) = —35.3083, where v is the deterministic membrane potential
solution of (5.1), so there is an offset between the deterministic potential and the mean of
the stochastic potential. We replicate 100 times the simulation of the classical and multilevel
estimators to compute the empirical RMSE so that R =100 in (5.5).

The results of the Monte Carlo simulations are shown in Table 2 for the classical Monte
Carlo estimator YM€ and in Tables 3 and 4 for the multilevel estimators YMIMC apd yMIMC
(Case 3). As an example, the first line of Table 3 reads as follows: for a user-prescribed € =
2-1=0.5, the MLMC estimator YMLMC ¢ implemented with L =2 levels, the time step at
the first level is #* = 0.1, this time step is refined by a factor n; = M'~! with M =2 at each
level, and the sample size is N = 2600. For such parameters, the numerical complexity of the
estimator is Cost(YMIMC) = 28 200, the empirical RMSE €199 = 0.389 and the computatlonal
time of one realization of YMIMC is 0.362 seconds. We also reported the empirical bias bloo
and the empirical variance vy in view of (5.5).

The results indicate that the MLMC outperforms classical MC. More precisely, for small
values of € (i.e. k=1, 2, 3) the complexity and the CPU-time of the classical and multilevel
MC estimators are of the same order. As € decreases (i.e. as k increases) the difference in
complexity and CPU-time between classical and multilevel MC increases. Indeed, for k = 5 the
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TABLE 2: Results and parameters of the Monte Carlo estimator YMC. Estimated values of the structural
parameters: ¢y =4.58, V1 =7.25.

k e=2"*% €100 ZIOO Vioo Time (sec) N h Cost

1 5.00e-01 4.32e-01 2.34e-01 1.52e-01 3.10e-01 2.16e+03 6.30e-02 3.43e+04
2 2.50e-01 2.59e-01 1.69e-01 3.87e-02 1.55e4+00 8.47e+403 3.15¢-02 2.69e+05
3 1.25e-01 1.17e-01 6.25e-02  9.78e-03 8.80e+00 3.34e+04 1.58e-02 2.12e+06
4 6.25e-02 5.67e-02  2.73e-02 2.47e-03 5.62e+01 1.32¢e+05 7.88e-03 1.68e+07
5 3.12e-02 2.50e-02 —1.78e-03 6.21e-04 3.93¢e+02 5.24e+05 3.94e-03 1.33e+08

TABLE 3: Results and parameters of the multilevel Monte Carlo estimator YMIMC, Estimated values of
the structural parameters: ¢y =4.58, Vi =7.25.

k e=2"k €100 3100 Vioo Time (sec) L h N Cost

M
5.00e-01 3.89e-01 1.14e-01 1.38e-01 3.62e-01 2 2 0.1 2.60e+03 2.82e+4-04
2.50e-01 2.29e-01  1.19e-01 3.83e-02 1.44e4+00 2 4 0.1 1.04e+04 1.16e+05
1.25e-01 1.21e-01 6.24e-02  1.07e-02 5.76e4+00 2 7 0.1 4.22e+04 4.85e+05
6.25e-02 591e-02 1.38e-02 3.30e-03 2.69¢e+01 3 4 0.1 1.90e+05 2.37e+06
3.12e-02 3.47e-02 —1.39e-02 1.01e-03 1.08e4+02 3 6 0.1 7.71e+05 9.99¢+406

O O R S

TABLE 4: Results and parameters of the multilevel Monte Carlo estimator yMLMC (Case 3). Estimated
values of the structural parameters: ¢; = 3.91, V| =34.1.

k e=27k €100 /l;l()() Vipo Time(sec) L M h N Cost

1 5.00e-01 4.28e-01 1.98e-01 1.44e-01 3.13e-01 2 2 0.1 2.38e+03 2.50e+04
2 2.50e-01 2.47e-01 1.55e-01 3.72e-02 1.26e4+00 2 3 0.1 9.46e+03 1.00e+05
3 1.25e-01 1.36e-01 8.90e-02 1.05e-02 5.00e+00 2 6 0.1 3.80e+04 4.11e+05
4 6.25¢-02 6.22¢-02 2.15¢-02 3.41e-03 2.09¢e4+01 3 4 0.1 1.58e+05 1.75¢+406
5 3.12e-02 3.17e-02 6.07e-03 9.71e-04 8.35¢e+01 3 5 0.1 6.30e+05 7.02e+406

complexity of the estimator YMC is approximately 13 times superior to that of YMIMC and 19
times superior to that of YMIMC The same fact appears when we look at the complexity ratio of
the estimators YMEMC and YMEMC (j & Cost(YMEMC)/Cost(YMIMC)Y) a5 € decreases. However,
the difference between the complexity of these two MLMC estimators increases more slowly
than the one between an MC and an MLMC estimator. Recall that the computational benefit
of the MLMC over the MC grows as the prescribed € decreases.

Both classical and multilevel estimators provide an empirical RMSE which is close to the
prescribed precision (see Tables 2, 3, and 4). We can conclude that the choice of the parameters
is well adapted. For readability, Figures 3(a) and 3(b) show the ratios of the complexities and
the CPU-times of the three estimators YMC, yYMLMC 454 YMLMC 44 4 function of e.
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FIGURE 3. (a) Ratio of the complexities and (b) ratio of the CPU-times with respect to the complexity
and CPU-time of the estimator YMIMC a5 a function of the prescribed e (log, scale for the x-axis, log
scale for the y-axis).
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