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Abstract

When a continuous-time diffusion is observed only at discrete times with measurement
noise, in most cases the transition density is not known and the likelihood is in the form
of a high-dimensional integral that does not have a closed-form solution and is difficult
to compute accurately. Using Hermite expansions and deconvolution strategy, we pro-
vide a general explicit sequence of closed-form contrast for noisy and discretely observed
diffusion processes. This work allows the estimation of many diffusion processes. We
show that the approximation is very accurate and prove that minimizing the sequence
results in a consistent and asymptotically normal estimator. Monte Carlo evidence for
the Ornstein-Uhlenbeck process reveals that this method works well and outperforms the
Euler expansion of the transition density in situations relevant for financial models.

Keywords: M-estimator; Deconvolution; Least Square Method; Parametric approach; Diffusion
Processes, Hermite Expansion.

1 Introduction

Statistical inference of one-dimensional diffusion processes with ergodic properties and when
the sample path is discretely and observed without measurement errors has been the subject
of many papers. The continuous time paradigm has proved to be an immensely useful tool in
many applications as for example in financial models where diffusion processes are widely used
for instance, to represent the stochastic dynamics of asset returns, exchange rates, interest rates
and more generally in economy and biology. Many refinements and extensions are possible, but
the basic dynamic model for the variable interest X; is a stochastic differential equation (SDE)
dX; = bg(Xy)dt + og(Xy)dW,

{X ) (1)

0o=1,
where b and ¢ are the nonanticipative drift and volatility functions depending on X; at time

t and on an unknown parameter vector # belonging to ©, a compact subset of R” and n a
real random variable independent of the increment of a standard Wiener process dWW;. The
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process (X;);>1 is an unobserved real-valued Markov chain belonging to X = (I,r) where [
could possibly be —oo, and r might be +oo. Besides its initial distribution, the chain (X;)¢>1
is characterized by its transition, ¢.e., the distribution of X;,; given X; and by its stationary
density fp. The observations consist of the discretized trajectory (X;a)i<i<n observed with
measurement errors at dates {t; = iA,i = 0,...,n} where A is generally small but fixed as n
increases. For instance, the series could be weekly or monthly. Collecting more observations
means extending the time period over which data are stored, without shortening the time
interval between existing successive observations. Hence, at time ¢; = iA we have at disposal
noisy data of the sample path, i.e., we observe Y;a = X;a + €;a with (g;a)i>0 a sequence of
independent and identically distributed (i.i.d.) random variables.

Assuming that the model is correctly specified (i.e., 6 belongs to the parameter space
© C R", with r € N*), we aim to estimate the vector of parameters # given the measurements
Yama = Yia, ..., Yaa).

For most estimation strategies relying on discretely sampled data, we need to be able to infer
the implications of the infinitesimal time evolution of the process for the finite time intervals
at which the process is actually sampled, say weekly or monthly. The transition function
plays a key role in that context, but unfortunately, it is, in most cases, unknown. Ignoring the
approximation of the transition density leads to inconsistent estimators unless the discretization
happens to be an exact one, i.e., the density should be known in closed form. For some of the
few exceptions, this transition density is available in closed form, that is if a strong solution
of the underlying SDE process is available, meaning that the SDE can be solved analytically
in It6 form, one can cite the Black and Scholes model, Ornstein-Uhlenbeck (OU) process and
Cox-Ingersoll and Ross (CIR) process (see [52]).

If sampling of the process were continuous and made without measurement noise, the situa-
tion would be simpler since the likelihood function for continuous records can be obtained by
means of a classical change of measure using Girsanov’s Theorem for known volatility func-
tion 0. Because diffusions are observed with measurement errors, the log-likelihood function of
observations from such a process sampled at finite time intervals do not reduce to the sum of
the log-transition function of successive pairs of observations even if the transition density is
known, but induces a high-dimensional intractable integral.

This is an important motivation for the study of the theory of estimating functions that provide
an alternative method of inference. In fact, inference based on the optimal estimating function
can be seen as an approximation of likelihood inference.

Different kinds of estimating functions have been studied for diffusions observed without
measurement errors: minimum contrast estimators, simulation based methods, see [20, 41, 32,
49, 2| for large sampling intervals and [53, 21, 31| for small sampling. For noisy observations,
in a Bayesian setting, various results are already stated and most of them are based on Monte
Carlo (MC) inference (see [8, 47| and [46]). More recently, in [43] the authors propose to use
Approximate Bayesian Computation for accelerating inference for nonlinear SDE with measure-
ment errors and large sample size. In this paper, we do not consider the Bayesian approach, the
model (1) with measurement noise is known in this case as the so-called convolution diffusion
model. If we focus our attention on (semi)-parametric models and low frequency data, few
results exist. In [25] the author proposes an estimator based on a contrast method to esti-
mate parameters appearing on the volatility function o for diffusions processes with additive
Gaussian noises. In the same perspective, in [6], the authors propose a Maximum Likelihood
Estimator (MLE) for integrated diffusion processes observed with additive noises. They pro-
posed a simulated Expectation-Maximization algorithm to obtain MLE of the parameters in
the volatility function. For high frequency data, one can cite the works of [18, 19| where the
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author proposes a contrast approach to estimate 6 inspired by the works of Kessler (see [31])
and Gloter (see [24] and [26]).

In this paper, we propose a new estimation approach which provides a consistent estima-
tor with a parametric rate of convergence for nonlinear diffusions processes as (1) observed
discretely with measurement errors. Our approach is to construct appropriate and explicit
functions of the observations to replace either the log-likelihood or the score function by a
contrast function with the following form: """ , ga(Yia, Yi—1)a).

Since the transition density is usually unknown, we construct a closed-form sequence of
approximations, hence a sequence of approximations to the true unknown contrast function.
These closed-form expressions lead to a computationally efficient alternative to the MLE for dif-
fusions observed with measurement errors. With a given A, many methods are available in the
literature to compute the transition density. The simplest is based on the Euler approximation
of the SDE. The resulting discretization leads to a conditionally Gaussian transition density. A
related approach is based on the moment equations for the first two moments (see [48]). Again
a conditionally Gaussian scheme is obtained. Alternatively, some of the approaches involve
either solving numerically the Kolmogorov partial differential equation known to be satisfied
by the transition density (see [40]), or simulating a large number of sample paths along which
the process is sampled very finely (see [42], [28], and [10]). Neither of these methods, however,
produces a closed-form expression to be minimized over 6, and the calculations for all the pairs
(z,y) must be repeated separately every time the value of 6 changes. In addition, while these
approximations may be useful for small sampling intervals where the transition density deviates
only slightly from normality, for larger sampling intervals, corrections are required that take
into account the higher order characteristics of the true density. Examples of such approaches
include [2, 39, 38| and [12]. In [30] the author compares many different schemes and shows that
the Hermite polynomial expansion outperforms these competitors.

In this paper we consider a Hermite expansion with leading Gaussian term but with corrections
terms taking into account higher order moments of the true density. This approximation leads
to a closed-form expression for the transition density and make possible to minimize the ex-
pression in the true contrast with the closed-form approximation. This method has been shown
to be very accurate, even when the series are truncated after only a few terms, for a variety of
diffusion models, in the univariate case see for example [1, 30, 50, 29] and [3| for multivariate
diffusion processes.

Taking these corrections into account is all the more important in the context of data collected
with measurement noise. Indeed, we have seen that most approximation schemes lead to a
conditionally Gaussian transition density which is not the most favorable situation in any de-
noising procedure. The approach in practice is facilitated by Gaussian noise since it leads to an
analytical expression of estimating functions and their derivatives, but the convergence results
are not optimal in this case. In particular in the context of deconvolution, the smoother the
function, the slower the convergence. Thus, any approach that allows these approximations
schemes to be corrected by taking into account higher order moments of the true transition
density will improve the results as we will see in the numerical simulations.

We provide in this paper the expression of our contrast for general diffusion processes, e.g.,
for SDE with a volatility function oy(x) dependent and independent of the state z. Such a
study allows the estimation of many diffusion processes in various fields. We show in this work
that in the context of deconvolution, a significant approximation error of the transition density
in the time domain is all the more amplified in the frequency domain by using the Fourier
transform (FT) and so the numerical simulations show that the Hermite expansion contrast
gives better results than the same contrast based on a simple Euler discretization.



4 S. EL KoLEI, F. NAVARRO

The paper is structured as follows. We briefly recall in Section 2 the Hermite expansion of
the transition density. Then, in Section 3 we detail the construction of our contrast and explore
its asymptotic statistical properties, in particular consistency and central limit theorem (CLT).
In Section 4 we shape this contrast for general diffusion processes. A complete analysis of this
approach is carried out for the OU process in Section 5. The technical proofs are postponed in
Section 6.

2 A sequence of expansion of the transition function

2.1 Notations and assumptions

To define the Hermite polynomials approach, we introduce the following notation. We de-
note by V,g the vector of the partial derivatives of g with respect to (w.r.t) z, i.e., V,g =
(04, 9y - - -, 0z,9)" where 0,,g denotes the partial derivative of ¢ w.r.t. z; for i = 1,...,d. The
Hessian matrix of g w.r.t x is denoted by VZg. For any matrix A = A, ;, the Frobenius norm

is defined by [|A[| = />, >, [Ai %

For ease of exposition, we introduce some technical assumptions which are conventionally
proposed in the study of the existence of a solution of the SDE (1) with a transition density that
is sufficiently regular to define our approximate contrast estimator shortly thereafter. Weaker
conditions on the volatility function close to the boundary of the state space can be considered,
e.g., at zero for positive diffusions (see [44] and [2]).

A 1. Existence & Regularity:

(i) (Smoothness): The functions b and o in the SDE (1) are infinitely differentiable in x and
three times continuously differentiable in 6.

(i) (Non-degeneracy of the diffusion): There exists a constant ¢ such that og(x) > ¢ > 0 for
allx € X and 0 € O.

Under Assumption A 1, the SDE (1) admits a weak solution, unique in probability law, for
every distribution of its initial value X,. Furthermore, X admits a transition density denoted
Ty x (A, zg,x) which is continuously differentiable in A > 0, infinitely differentiable in = and
zo and three times continuously differentiable in # € © (see [2]). This latter will serve us for
the statistical study of our estimator.

2.2 The Hermite expansion

We follow steps similar to [2|. First, we transform the underlying process X defined in the
SDE (1) to another process U, whose transition density becomes closer to the Normal density.
Next, we perform another transformation from U to Z, which is sufficiently close to a standard
Gaussian random variable. We then find a convergent density expansion for Z with standard
normal density serving as a leading term. Further, we obtain the density expansion for X by
a change of variable. More specifically, first consider a transformed process also known as the
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Lamperti transformed process':

i) = [ s

where * is arbitrary. This transformed process is applied to obtain the diffusion process of
U: = po(X:). Since gy > 0, the transformation py is increasing, and by Ito’s formula one can
easily see that this transformed process satisfies the following unit diffusion:

dUt = M@,U(Ut)dt + th,

where jugr(w) = b(py™ (1)) fora () — Doy () /2.
Under Assumption A 1 and the Jacobi formula, the transition density is given by

Iy x (A, g, 2) = ag(x) e (A, pa(x0), pe()), (2)

and has the same regularity properties as the original SDE (1).

The transform X — U ensures that the tail of the transition density Iy (A, ug, u) of Uy
will generally vanish exponentially fast so that the Hermite series approximation will converge.
However, Iy (A, ug, u) may get peaked at uy when the sample frequency gets smaller. To avoid
this, Ait-Sahalia considers a further transformation, that is the pseudo-normalized increment
of U and instead of expanding the transition density of U, i.e., the conditional density of U,
given Uy = ug, we expand the conditional density of the normalized increment

Zy = AV2U, — ),
given Uy = ug. Thus, we have
o0 (A, ug,u) = A2l (A, A2 (u — ug)|ug), (3)

where Iy (A, z|ug) is the conditional density of Z given that Uy = uy.
We can now obtain an approximation to the transition density of X, by expanding the
conditional density Ily z of Z given Uy = ug in terms of Hermite polynomials up to order K:

HgZ<AaZ‘U0) = @(Z)Zne,k(A>Uo)Hk(2)7 (4)

where ¢(z) is the standard and centered normal density, and Hy(z) is the kth Hermite polyno-
mial defined as o

_ k 22 —22 o

Hi(z) = (—1)% 55C k=0,1,..., K,

and computed sequentially from the recursive relation Hy1(z) = zH(z) — kHi—1(2),k > 0.
These polynomials are orthogonal on the real line with respect to the weight function e

/ Hl(z)Hm(z)e’Zde =20/,
R

where §;_,, corresponds to the Kronecker function. Using this orthogonality property, the
coeflicients 7 ’s in (4) are obtained from the following conditional expectation

1

7]97k(A, UU) = ﬁE |:Hk (A_l/z(UA — U0)> ‘Uo = U0:| .

'In this paper we consider univariate diffusion processes so reducible processes since it can be transformed
into a unit diffusion by Lamperti transformation. Hence, the Hermite method in [2] can be applied to get the
equivalent approximate transition density. However for multivariate processes one can generalize our approach,
using the approximate transition expansions obtained by the irreducible method established in [3] and [16].
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By inserting the expansion (4) in (3) and (2), we obtain the following approximations of
the transition densities Iy and Iy x

K
T30 (A g, u) = AT 2p(AT2(u—u0)) Y 1ok (A, o) Hie(A™2(u — u)),
k=0

and

155 (A, 2o, 2) = 90(?;(_3:)0:9(10)) kzonek , po(20)) Hy, (pe(x)\;zpe(xo)) (5)

Under Assumption A 1, the convergence as K tends to infinity of the approximation Hng to
the exact transition density IIy x is proved in [2].

3 A sequence of approximations to the minimum contrast
estimator

3.1 Notations

In what follows, we denote by 6y the true value of the parameter, i.e., the value of the pa-
rameter which rules the observation. The FT of an integrable function u is denoted by

= [ e " u(x)dx. Weset (u,v); = [ u(2)i(x)fy,(r)dx with vT = [v|*. The norm of the op-

erator T'is defined by |||, = ([ |T(z,y)[* fo, (x)dxdy) "2 Let us recall that, by the properties
of the FT, we have (u*)*(x) = 2mu(—x). We set Y;a = (Yia, Yirna) and yin = (¥ia, Ya+1)a)
is a given realization of Y;A and we denote Gy the joint distribution of Y;a.

In the following, for the sake of conciseness, P,[E, Var and Cov denote respectively the

probability Py,, the expected value Eg,, the variance Vary, and the covariance Covy, when the
true parameter is 6.
For the purposes of this study, we work with II(A, z,y) the transition density of X i1)a =¥
given X;A = x on a compact subset A = A; x Ay. For more clarity, we omit the subscript
X in Ilg x and write Iy instead of IIg1,. This restriction of the transition function on the
compact subset is purely theoretical since in practice the computation of all integrals and FTs
are truncated and thus carried out on compact of R of large size.

3.2 Minimum contrast estimation

Hereafter, we propose explicit estimators of #, based on the minimization of suitable functions
of the observations, called contrasts. We refer to [13, Chapter 3| for a general account of this
notion. For the purpose of this study, we consider the contrast function initially introduced by
[34] in a nonparametric setting, inspired by regression-type contrasts and later used in various
works (see, e.g., [11, 35, 36, 37]), that is

1 n
n A) = — Yl )
Yo (D) 0 izlge( A)
where gy(y) is a real function defined on © x R? as follows

9o(yin) = ’Cﬂgﬁx(ym) - 27C1219,X(Y¢A), (6)
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where the functions X! and K? are two operators defined for any function h € L;(R) as

_ i U h*<u7 0) o L i(zutyv) h*(u,v)
K(z) = 27r/6 =) du and Ki(z,y)= i //e + f;(—u)f:(—v)dUdv’ (7)

and they are chosen to verify the following Lemma (see [35, 6.1. Proof of Lemma 2| for the
proof):

Lemma 3.1. For alli € {1,...,n+ 1} and any function h € L1(R), we have

E[:(Yia) | X1a, - - s Xmana] = M(Xia, Xiir1ya)-

(Y

E[IC,(Yia) | X1a, -+ Xnanyal = [ W(Xia, y

EIC; (Yin)] = [ Mz, y) x (A, 2,y) fo(x)dzdy.
(Yia

E[K}, = [[ h(x,y) fo(x)dxdy.

We study the associated minimum contrast estimators 0, as any solution of

~

6, = argmin vy ,(A). (8)
0cO

Before explaining such a choice of contrast, we define the assumptions necessary for its existence
and its asymptotic study.

3.3 Assumptions

Let us consider the one-dimensional process which is defined by the SDE in (1). For the
statistical study, the key assumption is that the diffusion (1) has to be a strictly stationary
ergodic process on an interval (I,r) with stationary distribution fy. Assumption A 2 gives
conditions on functions by and oy, ensuring it.

A 2. Stationary € ergodicity:
(i) Forall§, 3Ky, Va € (I,1), |bp(x)| < Ko(1+|z]) and |oj(z)] < Ko(1+|2?|). Forxzo € (I,r)
and for all 0 € O, define the scale and the speed densities of diffusion (X;),

a0 =exp (=2 [ 20 d:). malo) = (@loloi@) "

03 (2)

(i) For all® € ©, [T c(x)de = [T q(x)dx = 400 and [ mg(z)dx = Cyp < +00. A 2(i)
leads to ensure the uniqueness-in- Zaw of the solution of (1) cmd we denote this law by Py
(see [45]). Furthermore, under A 2(ii), the process X is ergodic on R and, with respect
to the Lebesgue measure, its invariant measure has density denoted by fy and given by

forxe(l,r)— Cimg(x).

0

(i1i) The initial random variable n has distribution fa(dx) = fo(x)dx
Assumption A 2(iii) provides the strict stationarity.
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() limog(z)me(z) =0 asx | | and x 1 r and 1/By(x) has a finite limit as x L | and x T r
where Bp(z) = 0,0q(x) — 2bg(z)/09().

Assumption A 2(iv) is needed to study the mixing property. Note that, in view of A 2(ii),
A 2(iv) is not a strong assumption (see [23]). This assumption is needed for the further
central limit theorem of the paper. In particular, under A 2(i)-A 2(iv), there exists a
positive constant cy such that for allt > 0, «ax(t) < e /4, meaning that the process
is geometrically c-mizing (see, [22] and [25]).

Using the Lebesgue dominated convergence and [23, Theorem 2.4| we also have that the
discretely sampled process (X;a,7 > 0) inherits the same properties.

Remark 3.1. A lot of diffusion processes satisfy this mixing assumption. There are simple
conditions for geometric a-mizing for one dimensional diffusions. These conditions rely on the
eigenvalues of the generator of the diffusion process (see [27]). In particular, ergodic diffusions
with a linear drift —((x —n),( > 0 as for example OU, CIR processes and Pearson’s diffusions
are geometrically c-mixing with co = (.

According to the classical deconvolution scheme, the following assumptions are needed.
A 3. Regularity Assumptions:

(i) (€in)i>0 a sequence of i.i.d. random variables satisfying Ele;a] = 0 and Ele?\] = o2 and
independent of (X;a)i>1. For identifiability issues, we assume that e1a admits a known
density with respect to the Lebesgue measure denoted by f.2.

(ii) the density of ein, f- belongs to Lo(R), and for all x € R, f*(x) # 0;

(iii) the function Iy belongs to Ly (A) N Le(A) and is twice continuously differentiable w.r.t
0 € O for any x and measurable w.r.t x for all 8 in ©. Additionally, each coordinate of
Volly and each coordinate of VaIly need to belong to Li(A) NLy(A).

(iv) The functions ’Cllqg and Kfy, defined in (7) are integrable.

The assumption A 3(iz) on f; is quite common when considering deconvolution estimation
and is essential for identifiability of the model. On the other hand, as we show in Section 5,
the variance of measurement noises o2 can be estimated from the observations (Y; J1<i<n. Fur-
thermore, A 3(iii) allows us to define the FT and to exchange the integral and the expectation
and A 3(iv) can be understood as “IT} (resp. (II2)*) has to be smooth enough compared to f*”.

Let us explain the choice of such contrast: under assumptions A 2(ii) and A 3(7)—(7i) we
have that our empirical contrast vy, (A) converges in probability as n tends to infinity to the
true unknown contrast 75(A). And, by using Lemma 3.1 we have

Y0(A) = Elgo(Y1a)] = E[II(A, X14)] — 2E[I(A, X1a)]
— [[ T8 n) fa(o)dndy 2 [ [ () (B, 2,) o o)y
= || T} — 2(Iy, Mg, ) f = [Ty — g |7 — [[TTg, |17 -

Then, this contrast is an empirical counterpart of the distance ||IIy—Ily, || ;. Since (A, .,.)

is known in rare instances, we construct a closed-form sequence 'yé n)(A) of approximations to

ZNote that the variance of the measurement error o2

by using (1/2n) Y7 (Yis1)a — Yia)? which is half of the quadratic variation of the observations.

is an extra parameter that can be consistently estimated
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the contrast function ~y,(A) where we use the sequence HéK)(A, .,.) of approximations to the
transition density defined by (5) in Section 2. We define the Hermite approximate contrast
estimator as
0% = arg min vé n) (A). (9)
0€0
We will see in Section 4 that this contrast is greatly simplified for constant volatility function
where in this case the contrast reduces only to the computation of the operator k2.

3.4 Asymptotic properties of the minimum contrast estimator

We study the properties of the sequence of the minimum contrast estimators éSLK) derived
from minimizing over 6 in © the approximate contrast function. We will then show that é(
converges as K tends to infinity to the true but unknown contrast estimator 6,. The strategy
we employ to study the asymptotlc propertles of 0% is to first determine those of 0, (see
Theorem 3.1) and then show that 0 share the same asymptotic properties as 0, provided
that K tends to infinity with n (see Theorem 3.2).

To establish the asymptotic study of our estimator, we define the following estimating

equation:
n

Sunl8) = =37 su(Yaa),

i=1

where sg is a r-dimensional function given by,
yia = so(yin) = Kg,m2(via) — 2K<,n, (yia)-

To make an analogy with the likelihood estimator, one can see the quantity Sy, (A) as the
score vector. Under assumptions A 2(ii) and A 3(i)—(i7) we have that Sp,(A) converges in
probability as n tends to infinity to Sy(A). And, by using Lemma 3.1 and the same strategy
of deconvolution we obtain

So(A) = E[sg(Y1)] = 2(Vollp, Iy — H90>f.

Let us now introduce the matrix ¥y(A) given by
400
So(A) =V, (A)Q(A)V; V(D) with  Qp(A) = Qpo(A) +2) Qi (A
=2

where Vy(A) denotes the Hessian matrix of v5(A), i.e., Vo(A) = E[Vpsg(Y1a)] and Qgo(A) =
Var (s¢g(Y1a)) and Qg ;_1(A) = Cov (s9(Y1a), 56(Yja))-

To obtain our asymptotic results, that is, the consistency and the asymptotic distribution
of our estimator, we further assume that the following assumptions hold true.

A 4. Asymptotic statistical assumptions: The parameter value 6y € int(0) and a neigh-
borhood U of Oy € © exists such that

(¢) The mapping 0 — ~o(A) admits a unique minimum at 0 = 0y and its Hessian matriz
Vo(A) computed at 0y is invertible.

(#i) The function sy has to be continuously differentiable on U for all y1a and integrable with
respect to Gy for all 0 € U.
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(2ii) There exists an integrable function h such that ||se(y1a)|| < h(yia) for all 0 € T a
compact subset of O.

(tv) The function yian — ||Vese(y1a)|l is dominated for all 0 € U by a function which is
integrable with respect to Gy .

(v) (CLT assumption): \/nSpn(A) converges in law to N'(0,Qq(A)) under Pg, for any 6 € ©
for which Sg(A) = 0.

Let us explain what Assumptions A 4(7) imply for the integrability of the two operators
K! and K2. Each coordinate of ICIWH2 and IC1V2H2 have to be integrable. In the same way, each
0 60

coordinate of K% o1, and K2 have to be integrable as well. This assumption is the analogous

V2l
of Assumption A 3(iii). Furthermore, Assumptions A 4(iii) and () imply local dominance
conditions of the first two derivatives of X' and K2.

A sufficient condition ensuring the CLT assumption A 4(v) with €y(A), given in Corollary
3.1, is that the diffusion process (1) is stationary ergodic and geometrically a-mixing, which
is given by assumptions A 2(7)-A 2(iv), that Qy(A) converges and is strictly positive definite
and for some € > 0, E[(Vys9(Y1a))?] < 0o (see [15] for more details).

For models where integrability assumptions A 3(i:) and A 4(77) are not satisfied, we propose
to insert a weight function ¢ or a truncation Kernel as in [14, p. 285| to circumvent the issue

of integrability. More precisely, we define the operators as follows

1 1 zzu(h*NBn>*(u70) 2\ * (h*NBn>*
K:h*NBn () = o /6 Fr(—u) du, (K )h*NBn = ref
where Np is the FT of a density deconvolution kernel with compact support and satisfies
|1 = Ng ()| < 11 and B, is a sequence which tends to infinity with n. The contrast is then
defined as

’79 TL Z ICHQ*N 2’CH9*N< ZA)

This contrast still works under Assurnptlons A 2-4 by taking Np, (t)* = 1y<p, with B,, — +o0.
The identifiability assumption A 4(1) is based on the strictly convex character of the contrast
function v4(A) and on the following condition on the drift and volatility functions:

bg(x) = b, () and og(x) = 0g,(x) for fy almost all x imply 6 = 6.

The invertibility of Vy(A) requires to study the invertibility of the matrix ((g,Ilg, Op,115)); x
for j,k € {1,...,r}. This suggests that the transition function ITs must not be uniformly flat
in the direction of any one of the parameters 6;. Otherwise, 0Ily/06) = 0 for all (x,y) and the
vector of parameters cannot be identified.

Theorem 3.1. Under Assumptions A 2-A 4, and for A € (0,A) with A > 0, let 0, be the
contrast estimator defined in (8). Then we have

6, — by in probability as n — oo.

Moreover, R
Vn(l, — 0y) — N (0,34,(A)) in law as n — .
Furthermore, if the function sy is locally dominated integrable® w.r.t. Gy and Sg(A) # 0 for
all 0 # 60y, then the estimator 0, is the unique estimator on any bounded subset of © containing
Oy with probability approaching one as n — oo.

3Locally dominated integrability w.r.t. Gy means that, for all §; € © there exists a neighborhood Uy, of 6;
and a non-negative Gy-integrable function hg, such that |sg(y1a)| < hg, (y1a) for all (y1a,61).
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The proof of Theorem 3.1 is provided in Subsection 6.1.
The following corollary gives an expression of the matrices Q4,(A) and Vy,(A) defined in
Yo, (A) of Theorem 3.1.

Corollary 3.1. Under assumptions A 2-A 4, the matriz Qg,(A) is given by
+oo
Qg,(A) = Q9O,O(A) +2 Z Qeo,j—l(A)v
j=2

where

Qoo A) =E[(CY, 1 (Yia))?] + 4E[(KC, 1, (Y1a))] - (E{ [ via, s, y)dy]

2
+4E [Veﬂe(ﬁ, Xm)} - 4E[/V9HZ(A,X1A,?/)C@} E[Volly(A, XlA)]) ;
and, the covariance terms are given by

Qeo,j—l(A) =Cov (/ V6H§(A>X1Aay>dya/VGHZ(AanAay)dy)
+ 4@0’0 (V@H@(A, X1A>, VQHQ(A, XjA))

— 4Cov </ V9H3(A,Xm,y)dy,VaHo(AanA)) )

where the differential Vglly is taken at point 0 = 6.
Furthermore, the Hessian matriz Vy,(A) is given by

([Veo]j,k (A)>1§j7k§r =2 (<89kH9, ang9>)jk at pomt 0 = 90.

The proof of Corollary 3.1 stems mainly from Lemma 3.1 and assumptions A 2-A 4. For a
complete detail see [17].

If one wants to use Corollary 3.1 to build confidence sets, one needs to construct consistent
estimator of the corresponding matrix 3y,(A). Since, by assumption Vy(A) is a continuous
function of 6, V; (A) is a consistent estimator of Vy,(A) under our assumptions. This result is
given in Corollary 3.2. Another possible way to estimate ¥y(A) is to use a bootstrap method,
following, for instance 7] when the hidden variables form a Markov chain.

Corollary 3.2. Under Assumptions A 4(i)-(v), we have
1 n
Von(A) = — E Opso(Yin) — Vo, (A) in probability as n — 400, (10)
n
i=1

where Vg n(A) is computed at 0, a consistent estimator of By. The probability that Vg, (A) is
invertible approaches one as n — oco. If, moreover, the function yian — ||se(y1a)|| is dominated
for all 0 € U where U is a neighborhood of 0y € © by a function which is square integrable with
respect to Gy, then

1 n
Qoon(A) = - Z so(Yin)se(Yin)" = Qo,0(A) in probability as n — +oo,
i=1

where Qg o.n(A) is computed at én a consistent estimator of 0.
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The proof of Corollary 3.2 is given in Subsection 6.2 and results from the Uniform Law of
Large Numbers (ULLN).

The following theorem shows that (%LK) inherits the asymptotic properties of the uncom-
putable 6,,.

Theorem 3.2. Under Assumptions A 2-A J, and for A € (0, A) with A > 0,
o Fix the sample size n. Then as K — oo, o) 0, in probability.

o Asn — oo, there exists K, such that 65 — 6, = Op (Z;{)lm(A)) under Py, which then

makes 05 and 0, share the same asymptotic distribution.

The proof is given in Subsection 6.3.

4 Expression of the Hermite contrast for general diffusions
Let us consider the SDE given in (1). We give a general expression of the FT of the Hermite
approximation density, which allows us to calculate our contrast approach. We consider the
two following cases:

1. constant volatility function, meaning that the function oy is independent of the state x;

2. state dependent volatility function.

Theorem 4.1. The FT of the Hermite transition density approximation in (5) are given by:

((I5)*(A,2,0))" = 22’“ A3 (A, pa(2)))* for case 1 and 2

\/W_A

and,

Py, 0,1) 34 (—0) Hi(\/Aogy) [nos(A, pol +y))]* for case 1

HK A *
(o (&, 2,y)) {Zszo Lor(A, x,y) for case 2

with

Lor(B,2.y) // o (A, po(u))e= 407 VEHRED) o(¢ 0, 1) Hy (t)dedu,

\/ 2w A

where ¢(t,0,1) corresponds to the standard zero mean Gaussian density and pg the Lamperti
function defined in Subsection 2.2.

The proof is given in 6.4.
For SDE with a constant volatility function (case 1), the Lamperti function pj is linear w.r.t.
x which involves that the Hermite contrast can be easily obtained and quickly computed.
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5 Numerical simulation

In this section, we study empirical behavior of our strategy of estimation for parametric models
on the hidden diffusion X; commonly used in several applications. We consider the OU model
where the transition is known in closed form in order to compare the performance of the Hermite
contrast estimator with the true contrast and with the Euler contrast which consists in a simple
discretization of the continuous-time SDE. This process is widely used in many applications in
finance or biology and satisfies the following SDE

dXt = —¢0Xtdt + UO,Xth7 (11)

where 6y = (¢o, 00 x) and X = (—o0,+00). The diffusion term is independent of the state, so
we are in the first case of Theorem 4.1. The transition density Il (A, z,y) is Gaussian with
mean mg, x,a(zr) = re 2 and variance 73 y A(z) = (1 — 29208 + /(2¢) (independent of
x) and is continuously infinitely differentiable w.r.t. x and 6. Furthermore, for ¢y > 0 the
process is ergodic and the speed of convergence to equilibrium is exponential, meaning that the
process is geometrically ergodic. Indeed, let us denote by ||.||Tv the total variation norm and
by D(g||h) the Kullback-Leibler divergence, we have

2||H90 - f90||2TV < D(H90||f90)7

where fp, corresponds to the invariant density of the OU process (11), a Gaussian density with
zero mean and variance ag’ +/2¢0. Furthermore, for two Gaussian densities g, h with mean and
variance respectively m; (resp. ms) and vy (resp. vy) we have

D<g|rh>:M+l(ﬂ_1_mﬂ).

21)2 2 V2 ()

Applying this to the OU process, we obtain that

1
2|[g, — fooll7y < @x%_%A 2 (6_2¢0A +1In(1 — e‘¢0A))
00,x

< Cyowe” P2 £ O(e ™5,

All moment conditions are satisfied for the Gaussian density of the OU process but integrability
assumptions A 3(u7) and A 4(ii) are not satisfied. For the simulations, we have opted for the
introduction of a weight function ¢ as detailed in Section 6.7.

5.1 Comparison of the FTs of the Hermite and Euler approximations
of the closed-form density

Before comparing the different contrasts obtained by different approximations of the transition
density, it is interesting to first compare the FTs of the approximate transition densities since
our contrast is essentially based on this deconvolution strategy.

The Euler approximation corresponds to a simple discretization of the continuous-time SDE
where the differential equation (11) is replaced by

Xign = Xe = (1 = 0A) X, + UX\/ZTIHA’

with 7,54 ~ N(0,1). Hence the Euler transition density is also Gaussian with mean (1 — ¢A)x
and variance Ac%. The Hermite transition density is given in the following Lemma.
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(u.0)

(a) A=1/5 (b) A=1/12 (c) A =1/252

Figure 1: Comparison of the uniform error of the FT of the approximations densities with
the FT of the closed form density for different sampling interval A € {1/5,1/12,1/252} and
different order K € {0,...,4}.

Lemma 5.1. For the OU process defined in (11), the Hermite approzimation of the transition
density has the following form

= oo (o) (Smea o (25))

The proof and expressions of terms 7y, k = 1 up to 3 are postponed in Subsection 6.5, their
expressions for general diffusions are given in [1].

To examine the accuracy of the expansion of the FT of TIX with the FT of the true
transition probability density of the underlying process we use as in [1| and [39] the uni-
form error between the K-th order expansion and the true density as a measure of approx-
imation error defined as max, |ef (A, z,y)| over the range D = [—5,5] where e} (A, z,y) =
(Hé((Av Z, y))* - (HG’(Au Z, y))*

Figure 1 displays the approximation errors of the expansion for the OU process. Two
general patterns arise in the experiment results. First, for a fixed order K, the error of the F'T
of the density approximation decreases as the observational time interval A shrinks. When the
observation frequency changes from monthly to daily (A from 1/12 to 1/252), the uniform error
of the density approximation reduced very significantly. Second, when we fix the observation
frequency A, the expansion with a larger K will lead to a smaller approximation error. These
patterns for the FT of the density approximation corroborate the theoretical statements in |2,
Theorem 1 p.232] and [3]. Moreover, whatever the frequency of observation A, the Hermite
approximation gives better results than the Euler approximation from K > 1.

5.2 Comparison of the Hermite and Euler approximation contrast
estimators with the true contrast

The following proposition gives the theoretical unknown contrast v,(A) defined in (6) for the
OU process (11).

Proposition 5.1. For the OU process defined in (11), the theoretical contrast function is

+ 2 A —0)?
vo(A) = —1 + T0.X,A T Voo, X, A NET - exp ( — = (o ¢)2 ),
2\/7TA73X Ao XA TA(g x.a T x.0) 2 (Yo, xa TV xn)

with 'yg’ x.a the variance of the OU process transition density.
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Figure 2: Contrast functions with Gaussian noises f.. (a): 7 as a function of the parameters
¢ and 0% for one realization of (12), with n = 2000, A = 1. (b): 7,. (c): vZ. (d): & with
K = 2. (e)-(h): Corresponding contour lines. The red circle represents the global minimizer 6
of v(#) and the blue circle, the one of ,, v and vX respectively.

Proof is provided in Section 6.6.

Proposition 5.2. From Theorem 4.1, it is straightforward to see that the empirical Hermaite
contrast can be obtained from the following quantities, whatever the F'T of the noises density

[
(TE (A, 2, 0)) = ﬁizk'(n(gw (12)

And,

(A 2 ) = 0(0.0.1) S ()4 Hie(y/Ay) (m (jxy))

k=0

Proof. The proof is essentially a consequence of Theorem 4.1 and the fact that the Lamperti
transform function p for the OU process is pyg(x) = x/0ox, which is linear in z (case 1). O

5.3 Numerical results

Study of the contrasts: We study the behavior of the true contrast estimator of 6y (which is
computable in this example since the transition function is known in closed form) and compare
it with the Euler and Hermite contrast estimators. r, we do not report the results here.
Figure 2 (resp. Figure 3) plots the true theoretical contrast v defined in (12), the empirical
true contrast v, the Euler contrast 42 and X computed with the Hermite transition density
given in Proposition 5.2, when we take a Gaussian density noise f. (resp. Laplace density). We
illustrate the corresponding estimators 6,,, éf and éff with the true value 6. For the simulation
we take n = 2000, 6y = (0.7,0.08) and A = 1. For measurement errors, we consider a signal-
to-noise ratio denoted SNR and defined as 0% /o2 equal to 10, so a high noise level and we
make only one MC replication for these illustrations. For integrability condition, all these
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AXS
(0
\\\‘3‘1”.03'0:

‘\“\‘\ T

Figure 3: Contrast functions with Laplace noises f.. (a): 7 as a function of the parameters
¢ and 0% for one realization of (12), with n = 2000, A = 1. (b): v,. (c): ¥Z. (d): & with
K = 2. (e)-(h): Corresponding contour lines. The red circle represents the global minimizer 6
of v(#) and the blue circle, the one of v,, v and vX respectively.

contrasts are computed on a large truncated intervals. For the Gaussian case, [—10, 10] yields a
calculation that is both accurate and fast. From these simulations, we note a much larger bias
can already be noted with the Fuler scheme. This bias is not surprising since, on the one hand,
we have seen that the FT approximation was less accurate than that of the Hermite scheme.
Unlike Euler’s scheme, Hermite’s approximation takes into account higher order moments than
the first two moments. On the other hand, it can be noted that for Laplace measurement noise,
the results are still as good with the Hermite estimator and remain unchanged, contrary to
the FEuler estimator which presents better results than those when the measurement errors are
Gaussian (see Figure 3).

Monte-Carlo experiments: Considering the following decomposition

(97(11{) - 90) - (97(1K) - én) + (én - 90)-
We identify two sources of errors contributing to the estimation error of the Hermite expansion.
The first one is (én — ), the discrepancy between the true contrast estimator 0, and the
parameter 6. This quantity measures the error caused intrinsically by the contrast approach,
which is independent of the proposed Hermite approximation. The other one is (éﬁlK — én)
which is affected by the accuracy of the density approximation. Since the true density for the
OU process is explicitly known, we can compute the true contrast 6, and thus distinguish the
impact of these two error sources. We tabulate the mean and the standard deviations of these
errors in Table 1. This Table shows that when the time step A gets smaller, or as the order of
approximation K increases, the approximate contrast éﬁlK) defined in (9) gets closer to the true
uncomputable contrast, and thus to the true parameter. While keeping the time step A fixed,
the approximation error (GT(ZK) — én) decreases and is dominated by the intrinsic estimation error

(0, — 0o) as K increases.

Sensibility of the results w.r.t. ¢2: In Figure 4 we report the comparison of the various
approximations when one considers the half of the quadratic variation of the observations as
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Table 1: Monte-Carlo Evidence for the OU process with different order of expansion. The
number of simulation trials is MC = 100 and the number of observations is n = 1000.

9 10, -6, | 00 —0, | 05 —6, | 69 —0, |
A =1/252
G0 = 0.7 0219 | 0.032 0.022 0.0134

(0.314) | (0.045) | (0.031) | (0.0141)
03 v = 0.08 | 0.00041 | 0.000032 | 0.000021 | 0.000015
(0.015) | (0.00038) | (0.000014) | (0.000008)

A=1/12
b = 0.7 0.191 | 0.028 0.013 0.009
(0.124) | (0.049) | (0.021) (0.009)
02 =0.08 | 0.0008 | 0.00007 | 0.000011 | 0.000006
(0.015) | (0.00024) | (0.000054) | (0.000051)

A=1/5
do = 0.7 0.374 | 0.056 0.042 0.031

(0.222) | (0.06) (0.038) (0.025)
03 =0.08 | 0.0045 | 0.00032 | 0.00028 | 0.00015
(0.047) | (0.0054) | (0.0037) | (0.0014)

|
|
0.76 + —— |
| 0.09 -1 I |
i I ‘ ! I
0.7 —+ |
+ I I |
| 0.085 |
4 \ ‘ I
0.72 | !
| | 008 |
07 0.075 ‘ f T
| | |
|
| | 0.07 |
068 | } % | |
* ‘ | 0.065 * !
0.66 —+ | + ‘
% | 0.06 +
I
+
.
uler

L L L L
True Contrast Hermite Euler True Contrast Hermite Ei

Figure 4: (a) Boxplot of Bn, gzgff with K = 2 and qgf (b) Boxplot of 6x ,, &ggn with K = 2 and
~F
JX,n

an estimator of o2 (see [51])

We report the Boxplot of each estimator of ¢ and 0% for a number of observations n = 2000,
A =1 and N = 100 replications. For the Hermite contrast we take an order K = 2. We note
that our approach still works when the variance of measurement noise is estimated. The results
are better for the Hermite contrast where the boxplot size is smaller than the Euler contrast.
Moreover, we note for the Euler approximation that the drift seems to be significantly more
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difficult to estimate. This may in part be explained by the large sampling interval and would
support the known results highlighting the significant bias in drift estimation when the sampling
interval does not tend towards zero for this approach (see [20]).

Conclusion

A new approach based on Hermite expansions is presented in this paper and makes an alter-
native practical option to the intractable MLE for the estimation of parameters in discretely
sampled diffusion models observed with measurement errors. This approach is useful in many
applications where the underlying process is unobservable or partially observed, for example
application of this approach to derivative pricing under stochastic volatility models is inter-
esting since the estimation of the parameters of the dynamics of the unobservable volatility
is done without using a proxy variable of the latter as in [4] and more precisely without the
need to have option prices upstream of the estimation of the parameters to calculate the proxy.
The consistency and CLT is proved and a thorough comparison of this approach is made with
the same construction of the contrast when it is computed from a Euler-Maruyama time dis-
cretization of the continuous time process. We show the superiority of the Hermite’s expansion
whatever the observation frequency and for a reasonable order of approximation K. Several
extensions of this work are possible. On the one hand, the investigation of a rule of thumb
allowing to choose the parameter K based on a penalized criterion. On the other hand, an
extension to the multivariate framework by considering the approach proposed in [5] which
allows to avoid the computation of the Lamperti transformation, which is not always possible
in a multidimensional setting.
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6 Proofs

6.1 Proof of Theorem 3.1

For the reader convenience we split the proof of Theorem 3.1 into two parts: in Subsection 6.1.1,
we give the proof of the existence of our contrast estimator defined in (6). In Subsection 6.1.2,
we prove the consistency and the asymptotic normality of our estimator.

6.1.1 Proof of the existence and measurability of the M-estimator

By assumption, the function gy(y;a) = ,Cll—p(yiA) — 2/C1210 (yia) is continuous w.r.t . Hence, the
0

function vp,(A) = 37" | go(Y;a) is continuous w.r.t 6 belonging to the compact subset ©.

So, there exists 6 belongs to © such that infpee 79, (A) = 7§,n(A)- O

6.1.2 Proof of the consistency and the asymptotic normality

The proof of the consistency relies on [33, Theorem 1.58 p 87|. It remains to verify that under
our assumptions, the function 6 — Vy defined in Assumption A 4(7) and explicitly given in
Corollary 3.1 is continuous and verifies the following ULLN

n—1
Sup HE ZV939 Yia) = Vo)l =, 0,

where J is a compact subset of ©.

The continuity of Vy is given by the dominated convergence theorem and in particular 1,
is uniformly continuous on the compact set 7. To prove the ULLN, define for £ > 0:

k(& yia) = sup IVase, (y1a) — Vose, (y1a)]|-
91,926\7:”92791HS£

For convenience, we will denote x(£) the function (y1a) — £(&; y1a)-

By Assumption A 4(iv), £(§) < 2h and thanks to the dominated convergence theorem E[x(§)] —
0 as £ — 00. Since Vy(A) is uniformly continuous w.r.t. @, for any given ¢ > 0, we can choose
¢ > 0 such that E[x(£)] < € and such that ||#y — 6,]| < & implies that ||[Vs, (A) — Ve, (A)|| < € for
61,05 € J. Define the Balls By, ¢ = {6, such that |6, — ;| < £}. Since J is compact, there
exists a finite covering

J C U By, ¢,

j=1

where 64,...,6,, € J, hence we can find 6,,7 € {1,...,m} such that § € By, ¢. Hence, let

1 n—1
= — ZVQSQ(Y1A>'
n i=1
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We have
[Hon(A) = Vo(A)[| < [[Hon(A) = Hop, (D) + [[Ho,n(A) = Vo, (A)|| + [[Va, (A) = Vo(A)]]
< —Z (6 Yin) + 1 Hon(2) = Vi, (A)]] + ¢
< |5 X0 w6 Yia) ~ BINCE)] -+ [EISO] + [ Ho ) = Vi ()] +
<T, +_2€,
where

T, = | SO Yis) ~ BIR(E)]| + . [ a2) = Va ()]

1<r<m
By the Ergodic Theorem, we have Py, (7, > €) — 0 as n — co. Hence,
Pgo(sup | Hon(A) = Vo(A)| > 36) — 0,
0eJ
for all € > 0.
Furthermore, by the local dominated integrability of sy we have that sy satisfied the ULLN:
sup [Sp.n(A) — Sp(A)| — 0 under Py,.
0eg

Hence, by Assumption A 4 (the local dominated integrability, the dominated convergence
and identifiability assumption) we obtain

igf ’5b<zx>’:> 07
T\Bog,e

for all € > 0, where By, is the closed ball with a radius € centered at f. Hence, for any sequence
(0,,) of estimators

Py, (én € \7\§9076> —0 asn — oo, foreverye > 0. (13)

Let é’ be an estimator, and define another estimator é” as é” — ¢ 19, e +é 1, ¢ where é

is the consistent estimator. Hence, by (13) 6 is consistent and thanks to [33, Theorem 1.58],
Py, (0, # 60") = 0 as n — oo. So, 0, is eventually the unique estimator on 7.
The asymptotic normality follows from |33, Theorem 1.60 p.88] and Assumption A 4(v). O

6.2 Proof of Corollary 3.2
Let D be a compact subset of U such that 0y € int(D). By the ULLN,

1 n
= Z Vioso(Yia) = Vg, (A) in probability as n — +o0,
n &

uniformly for # € D. This implies (10) because 6,, converges in probability to fy. The invert-
ibility of Vy ,(A) follows from the invertibility assumption A 4(7) of Vy(A). Also, the uniform
convergence in probability for 6 € D of

1 n
- > so(Yin)sa(Yin) —p,, Quy0(A),
=1

follows from the ULLN. OJ
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6.3 Proof of Theorem 3.2

The proof is based on the following Lemma.

Lemma 6.1. Under Assumption A 1 there exists A > 0 such that for every A € (0,A),0 € ©
and (z,xq) in X2%:

HgX(A,xo,m) — Hy x(A,z9,2) as K — +oo.
Moreover, the convergence is uniform in 6 € ©, in xg over compact subsets of X and uniform
m x over the entire domain X .

For the proof of Lemma 6.1 see |2, Theorem 1 p.232]. ]
Assumptions A 1-A 3 and Lemma 6.1 lead to

Véi{l)(A) — Yo.n,(A) in probability as K — +o0o0 uniformly in 0 € ©.
So, the convergence in probability of the respective arg min éff towards 6, as K — 400 is then

an application of standard methods since the respective contrasts 7(§,I§)(A)776,n(A) and their
derivatives are both continuous in 6 for all n and K. This proves the first part of Theorem 3.2.
For the second part, that is, for the convergence as n — 400, one can see that from the first
part, one can find a value K, for each n to render |5 — @,| arbitrarily small in probability.

Hence, one can select K,, — 400 such that §5 — 6, = op(Ze_Ol/Q) as n — 400.

6.4 Proof of Theorem 4.1

For the proof we will use the following Lemma about some orthogonality properties of Hermite
polynomials w.r.t. the weight factor e~*" on the interval R (see [9]).

Lemma 6.2.

2 0 if l # k
/Hl(s)Hk(s)e_s ds =14, . N 7
R MK [Lem%ds = 2Fkl\/m  forl =k

Proof. Let | < k, using the definition of H(s) given in Section 2.2 and integration by part we
have

(—1)* /R Hy(s) Hy(s)e—"ds — /R Hl(s)%eszds

k
S

Now, using the fact that d,H;(s) = 21H,_1(s) and repeating the integration by part [ times we
obtain

2 k1 2
/Hl(S)Hk(S)e_S ds = (—1)1+k2l/ Hl_1<S)W€_S ds
R R

= (—1)”’“2%/[{ (s) o e ds
- e 082 gkl

k—I—1
= (—1)"k21 { o —52] =0,
R

Dgh—1-1°¢
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whereas in the case [ = k the result is given by

/ H2(s)e = ds = 2" / e ds = 2" k7.
R R

The proof of Theorem 4.1 is given in turn for case 1 and case 2.
Case 1 (independent state diffusion) We have that py(z) = 2 /0y for all z and so

(5 (A, 2, 9))? = N%go(pe(y),pe(@, §> (Zm( A, poe)) (Po(@\;{o(@) ) |
T 0'9 0

where ¢(z,y,a) denotes the Gaussian density with mean y, variance a and is evaluated at z.
Hence,

(T (A, 2, 0)%) = / eI (A, w)du,

. jﬁ_A / 2 (po(v), polu),

:ﬁ{ ULQQ—W <Z To(, po(w)) Hy (MW) )de}.

K
o 1 9 _(p@(v)—APe(u))2 2 pg(U) — pg(u)
~ 27 A0, { kz:%ne,k(A»M(U)) / € Hy ( VA dv

+2 Z Mo,k (A, po(u))10,1 (A, po(u))x

1<k<I<K
/6_(P9<U)AP9(“>>2 H, (pe(v) - pe(“)) H, <P9(U) - Pe(@) dv}.
VA VA
Let the following change of variable s = M\/ﬁpe(") and ds = 8“\‘}%11) dv = Uedk (for the case

1 pp is linear in v), we obtain

15 _ ! 3 ; u e~ H2(s)ds
50,0 =5 Do baldmte) [t

25 oSl A pot) [ H(o) s |

1<k<I<K

Using Lemma 6.2, the last term vanishes and we have
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Let’s now consider the terms involved in the operator 2. We have

(T (A, 2, y)) // iwutyr) PPa(V), po(u ka (A, po(u <%) dudv.

with gy independent of v and py linear in v. By Fubini and change of variable z = v — u, this
integral becomes

/ i wox(A po(u) ( / @(Pa(“)aa p:<u>, A) g (m(v&m(u)) dv) o

1 —iu(zty) / (po(v)=pg () po(v) — pe(u)
_ tu(z A —iy(v— U)e 2A H <— dvdu
/_27r Aoy / Z Mo,k (A, po(u k JA

1 iu(aty) / i (2o —pg(w)? <p9(2 +u) — pg(u))
— 7,u T A ’LyZ A H dzdu_
VarAa, / Z (2 polu ¢ A

By the change of variable t = \/ZZU and since py is linear in v we obtain
6

K
1 . )
HK A, 7 * / —iu(z+y) A’ (/ —iyz QACFGH >
( 6 ( x y)) 27TAO'3 € E 7749,]6( pg(u)) € € \/A_O'e

—iu(x+y) A / — 1Y /AO'Q 2 H >
\/% / Z o, k PG ( e k

t2
By property of the FT of the Hermite functions hy(t) = (2¥k!\/7)~Y/2Hy(t)e~ = and in particular
hi(t) = V2m(—i)*hi(t), we obtain

/e—iy,/Aagte—fHk(t)dt = \/QW(_i)ka (y\/Aag) 6_%,

)

and so

)y = (a7 e [ e

k=0

o003 (- iy Ao—z)mk@?m(xw)»t

=0

with ¢(y,0,1) the standard Gaussian density.
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Case 2 (dependent state diffusion) We have
X (A u) = /(Hf)Q(A,u,v)dv

s om0t o (2020

e (z (me

=0

+2 ) oA, pa(w))me(A, po(u)

1<k<I<K
y / L -tatizpaa? (Pe(v) = Pe(u)> H, (pe(v) - pe(u)) dv}.
o9 (v) VA VA
Let the following change of variable s = 2202000 4 gg = dope®) gy — __dv

VA

A VA for the case
2 and using Lemma 6.2 we obtain as in the case 1

2 S sl (o) [ s

1<k<I<K

mzzk et (A o),

and the FT (IIX(A,u))* is the same as the one obtained in case 1. For the computation of
(IF (A, z,y))* we have

K —i(zutyv p@ :09 ( )_ pg(u)
Iy (A, z,y)) // o) oo (v Zﬁek (A, po(u (T dudv,

with oy dependent of v. By Fubini and change of variable ¢ = % such that dt =
a”\’}%”) dv = \/&1_ dv, this integral becomes

(T (2 ) / MZM (A polu (/eiyvso(pe(v),pe(U)A)Hk<pe(v)—pe(U)>dv)du

0'9(1]) \/Z
-/ S (A o) [ e e gy (20 00 g,
v R (o) RV
K
1 ) L 2
— e N g (A, plu)) [ e VA= T () dtdu
\/27TA/ Z 7

K
:Z (A x,y).
k=0
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6.5 Proof of Lemma 5.1

Proof. To compute the Hermite polynomial approximation of the transition density we need to
compute the coefficient n;, k =1, ..., K defined in Subsection 2.2 from the transformed process
po.v(u) and the Hermite polynomial functions Hy. For the OU process, the transformed process
o u 1s equal to —ou.

From this transformed process we can easily compute the coefficients ng, k = 0,..., K
which are obtained by a Taylor expansion at the point pg(x) defined in Section (2). For the
OU process, this function is equal to x/ox so we have all ingredients to compute the Hermite
density approximation. We give below the coefficients n, for K = 1 up to K = 3 and the
associated Hermite polynomials.

Noo(A,x0) =1, Hy=1,
A AQ 2
(D, m0) = AV022 (1 — = + ¢ =) ) = A2 20 0% H, =
’ ox 2 6 6o

¢_
3

(x — z9)

O'X\/Z7

2 2
Mo2(A, 7o) = éngw—g (1 + A+ 1¢4A2> + Ag¢? (1 —A ¢A—); Hy,=H? -1,
27 o 12 2 6

X

A3/2 g3 A A2 (7
77973<A,ZE0) :ng 6 é(l—?ﬂg?) +§Z52 6 <§¢A—3), ngHf—?)Hl

Furthermore, the quantity 1/(v/Aog(z))e((pe(x)—pe(z0))/v/A) for the OU process corresponds

to a Gaussian density with mean z and variance Ac%. Hence, the Hermite approximation of
the transition density has the following form

1 (z — zo)? -
A S — S Desla — 10)F
0 ( , Lo, x) \/MO'X €xp ( 2AU§( =0 0,]{:( ’ .1'0)(33 .flfo) ’

with Dy (A, z9) parameters depending on A, § and z, and corresponding to the coefficients
terms ngx, k= 1,..., K up to some constants. O

6.6 Proof of Proposition 5.1

The calculation of the theoretical contrast defined as

Yo(A) = [[Tp]|7 — 2(ITy, T, ) ,

was obtained with the help of a symbolic calculation language (Mathematica). The Mathe-
matica version has been simplified and reduced to the same denominator. In this section we
give the computation of |[TIy[|7 and only the main lines of the calculation of the second term
(ITy, Iy, ) s. In practice, this contrast is not known since it depends on 6y, so only empirical and
approximate contrasts calculations are necessary. They are detailed in the following.

For the OU process, let mg x o and 7927 X.A the mean and the variance of the true transition
density IIy(A, x, y) respectively given by

(1—e2%)0% A

—pA . 2 _ )
= Ag,AT, Yo, x,A = 2

me x.a(T) = ze

The square of the transition density is also Gaussian up to the parameter 1/(2v/7yp x.a) with
mean mx a(z) and variance 75 x /2. The stationary density fy, is also Gaussian with zero
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mean and variance Bj = 0% /2¢o. Hence,

Ml = [ [ 108,00 o (o) = f%(x)( / |H9<A,x,y>|2dy)dx
_ / Fou (@) TTo(A, 2)de,

with
1 1 _(y*m‘é),x,A(%))2 1
i 2
HG(A’ :L‘) = / |H9(A, x,y)|2dy = 5 5 /exp 76x.a dy = —2
2\/7779,X,A \/779,X,A 2\/ ™o, x,A
Thus,

1 1

—Q/fgo(x)dx = —F—
2 ™o, x,A 2\/7T’70,X,A

For the second part of the theoretical contrast we have

(g, Igy) f = //HQ(A,x,y)Hgo(A,x,y)fgo(x)dxdy = /fgo(x)/HQ(A,x,y)Hgo(A,x,y)dydx

1Ty ||5 =

<y*m9,X,A(I))2+(y—m90,X,A(I))2

2% A 2”30,X,A ) dydx

1 1 - <
5 5 / f90 (I) / €
\/ 27776,X,A \/ 27790,X,A

2 2 2 2 2 2
(790,X,AmX,A(z)""ye,X,AmO,X,A(Z) )27(790,X,Am0,X,A(z)""yé,X,AmGO,X,A(z) )2

> 2 > 2
O, x, a8, x,) 299 x,AY0,%X,A

1 1
e
22 22
\/ VG,X,A\/ Vb0, X,A

2
_ 2 2 y.x,870,%,8 @) 75 x Ao, X,4 ()
Yo,x,0TV64,x,0Y \/(72 2 )
ngO(QT) e 0,X,A7700,X,A dy dx.

Now, let u = \/ngA + Y9,.x.aY We note that

2
2 2
Yoy, X,A™0,X,A@) G x A™0, X,A (%)
_ 2 12 y— 20X X, o
0.x,aT7,,x.a NGRS )
e 9.x,a15,,x,A dy

2 2
_ Y8,x,4™0,X,A(®) 75 x A™0g,X,A ()

2
— u
_ 1 /6 < \/Wg,X,A*“’gO,x,A) > du
2 2
\/ Yo.x.a T Vo x.A
1

\/W(Vg,x,A + Yoy x.0)

Hence,

1 1 1

2 2 2 2
\/ T(V9.x,a T Vo0,x,8) \/ 275 x. \/ 2T Y50, x.0
(’YgO,X,AmX,A(”)‘*’Yg,X,AmHo,X,A(w))2_(’Ygo,X,Amg,X,AW‘W;,X,AmgO,X,AW)2
X /6 5, x,a+ 59, x,8) 295, x,8760,%,5 foo(z)dx.

(g, Iy, ) y =
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6.7 Details on the construction of the contrasts

Contrasts for the simulations: To compute the different contrasts defined in Section 5 and
taking into account the non-integrability assumption, the following quantities are essentially
required: (IT3(A, z,0))*, 11;(A, z,y) and f*(z) and the introduction of a weight function is
necessary.

We detail the calculation for the true transition density of the OU process but the reasoning
remains valid for the Euler and for the Hermite approximation transition density one can use
Theorem 4.1 with the Hermite coefficient given in Lemma 5.1.

For the OU process, we note that the square of the transition density is also Gaussian up

to the parameter 1/(24/77 y o) With mean mg x a(z) := agax and variance 3 x /2. Hence,

we are interested in computing the following FT":

(I2(A, z,0))* = /e‘”“(/ﬂg(A,u, U)dv) du = /e-mﬁg(A,u)du = (Ty(A, 2))".

By integration of the Gaussian density, we have that ITg(A,z) = 1/(2\/77s.x.a) Va, which is
integrable on LL;(A). Nevertheless, for Gaussian noises (super-smooth noises), Assumptions
A 3(iii) and A 4(ii) are not satisfied since z — (IIg(A,z))*/f*(x) is not integrable despite
the fact that the numerator and denominator taken separately can be integrated. In this
case, we introduce a weight function ¢ belongs to S(R), where S(R) is the Schwartz space
of functions defined by S(R) = {f € C*(R), Vo, N there exists Cy, such that [V f(x)| <
Crna(l+ [z}
Hence, V¢ € S(R), we have

~ 5 4 1 '
@7H;> = /(,O(x)dil?/r[g(A,u)e_mudu: —/@(x>d$/6_wudu
< 2\/77792,X,A
(o)
= ()07 0 )
2 ”73,X,A

where §, is the Dirac distribution at point 2. Hence, by taking ¢ : u — @(u)e™/f*(—u) € S(R)
with @ : u +— 2#6*03“2, we obtain the operator () as follows

o= om0, (gL ()L
QHQ(:B) 271'/6 f:(—U) U ¥,y 2\/@ ¥, 00 2\/@@( )7

where ¢(0) = 1 for all cases (Gaussian and Laplace noises) in Section 5. Here, we take ¢
dependent of o2 since we assume that this variance is known but one can take any function ¢
such that ¢/fF isin S.

For IT} (A, z,y) we make the same analogy, that is let I, (A, v) the function v — (A, u,v)
Vu. For the Gaussian transition density Iy we have Vu,

(vfa,e’Au)2
——e—
29,x,8 o

4 ‘ 1
(Huae(A’y))* = /e_ZyUHQ(AalL),U)dU = /e_zyv—e
QW’yg,X,A
2
”&#yz

—iag AUY—
— e lao.auy
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Let II, o(A, u) be the function u +— (IL,6(A,y))* Yy. Then, we have Vy € S and Vy

<%yQ dr [ e (I o(A, y))*du

'Yo XA 9

:/ dx/e 1TU —Zag AUY— 3 Yy du

o(z — apay)d /e‘wzdu

90 a@Ay >

2
79,X,A
= <90 ag.AY), >:€ 2 yZ@(—ae,Ay)-

Hence, the operator Vij, is obtained as follows for Gaussian noises, i.e.,

I (A, u,v)
Vi i(zutyv) 0 ) dud
) 42//%> e

901 U Z(zu—i—yv) —iwu "
47T2 // f fx(—v) (/6 (Mwo(A,v)) dw) dudv
- iw —ilwu—ivag, Aw_WgX szd du ) d
47‘(‘2 € 2 w |du |dv
1 902( yo— ( 951 '(/—‘(Jr | ) )
z v iz e~ w(utao,av) gon N du | do
Je( f:(=u)
1 ()02( i '79 XA 02 ( ¢1 (Z — Qg AU) eiI(Z—GG,AU) (/e—iwzdw) dZ) dv
f*( € (¢U - Z)
1 902( ) piv- HXA 2 "
27'(' (—U) 90 Gy, AU dv

1 QPQ( ) iy _'Yg,X,A 2
————e""T T2 Y p(—ag av)dv
~or *(—v) ©(—ag,av)
— i e—ivy (eiv(yae,Aﬂﬁ)f(7§7X7AU§(1+a§’A)))dU
2T
_ i eivy <e—z‘v(y—a9,A2)—“22('yg,XyA—og(l—mg’A)))dv
2T

_ 1 exp ( B (y — apam)? )
N 2 2 )
\/27T(73,X,A —o2(1 + aﬁ,A)) 2(79,X,A —oZ(1+ a@,A))

where ¢ : u — %G (u)/ f*(—u) with @1 : u — 2me™ 2 and @, : v — e~ ™¥~7** and such that
¢, p1 and ¢y € S. For Laplace noises, one can make the same computations by replacing f? by
its expression m ]
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