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CONSISTENCY OF A LIKELIHOOD ESTIMATOR FOR
STOCHASTIC DAMPING HAMILTONIAN SYSTEMS. TOTALLY
OBSERVED DATA™
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Abstract. In this work we prove the consistency of an estimator for a stochastic damping Hamiltonian
system considering that both position and velocity are observed. Next we perform some simulations,
including the case when only position is available, to see how the estimators work numerically and then
compare the obtained results with those obtained by other authors.
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1. INTRODUCTION

It is of interest in many researching areas to have a consistent estimator in order to identify a stochastic
model which fits discretely observed data. In many cases the data is totally observed (i.e. position and velocity
are observed) nevertheless, in some applications it is not possible to measure both components and only position
is available. In several applications as random mechanics in engineering, neurophysiology, finance, simulations
in chemistry, etc. (see for example the works of Robert and Spanos [17], Lindner and Schimansky-Geier [11],
Nicolau [13], Lelievre et al. [9]), the stochastic model consists on non-linear stochastic oscillators (or non-linear
random vibrations systems) of the form

& + g1(x4; a) T + go (w3 b) 2 = odW, (1.1)

where g1 and gy are non-linear functions of the position z;, depending on the parameters a, b. The term g1 (z; a)
represents the damping coefficient force of the system and the term go(x¢;b) x; represents the drift force which
is supposed to be driven by a potential V(x) such that V'(z) = g2(z;b) z. The term W, is a standard Brownian
motion and o > 0 is the amplitude of the noise. For a further study of this kind of models we refer to the
book of Gitterman [8]. Model (1.1) can be represented as a two dimensional hypoelliptic diffusion (or stochastic
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damping Hamiltonian system) of the form

dyy = odW; — [g1(24; a)ys + g2(2¢; b)) di.

Under some assumptions for the potential V' (z), if the damping coefficient force g; (z;a) = ¢ > 0 and the random
coefficient o > 0, it is known from Abbaoui and Bendjeddou [1] that there exists a time stationary solution
for system (1.2). In the paper of Wu [21] were established some probabilistic properties of model (1.2) like
exponential ergodicity of the invariant distribution, among others, under more general assumptions on the
potential V(x) and the damping coefficient force g;(x;a) than in the work of Abbaoui and Bendjeddou [1].
Statistical inference for classic diffusions is widely studied and in many cases parametric estimation is carried
out by finding a contrast function obtained by performing an Euler approximation directly on the model (see e.g.
Genon-Catalot et al. [6] for further information). Nevertheless, for hypoelliptic diffusions Euler’s approximation
cannot be done directly on the model due to the fact that the variance matrix is degenerate. To avoid this
problem, a maximum likelihood based estimator for model (1.1) was introduced by Ozaki [14] performing a
local linearization method in order to obtain a discrete model for which the variance matrix is not degenerate.
Talay [19] used an implicit Euler scheme in order to demonstrate exponential convergence to the invariant
measure. In the paper of Pokern et al. [16] they focused on higher order hypoelliptic diffusions and proposed an
empirical approximation of the likelihood based on It6 expansions and a hybrid Gibbs sampler to construct a
Bayesian estimator. In the work of Samson and Thieullen [18] they used the Euler approximation only in the
second equation of the system (1.2) allowing them to construct a consistent estimator.

In the context of non-parametric estimation works are few. In two recent works of Cattiaux et al. [3, 4]
non-parametric estimation of the invariant density and the drift term was presented using kernel estimators
which led them to establish a central limit theorem for such estimators under partial observations.

In this work we prove the consistency of the contrast obtained by the local linearization method in the case
of totally observed data. Our work is strongly inspired by the article of Ozaki [14]. In his paper Ozaki pointed
out that there is a bias that comes from estimating the parameters using the discrete linearized model from
the observations of the continuous model. This paper is organized as follows: In Section 2 we present the model
and set some assumptions. Section 3 contains a brief sketch of the local linearization method and are shown
two important results relative to the model. In Section 4 we prove the consistency of the estimator, assuming
the data to be completely observed. Section 5 is devoted to perform a simulation study in order to see how
the estimators work numerically and then we compare the results obtained with those obtained by Ozaki [14],
Samson et al. [18] and Pokern et al. [16]. For comparison purposes we include a case of simulation when only
position is available and the velocity is approximated using an Euler discrete scheme. Finally, conclusions are
presented.

2. PRELIMINAIRES

In this section we will set some notation and assumptions that will be considered throughout this paper. In
this paper we consider the system of stochastic differential equations:

{dm(t) =y(t)dt (2.1)
dy(t) = odW; — [g1(x(t); a)y(t) + g2 (2(t); b)2(t)] dt, '

where z(t) := (x(t),y(t)), t > 0 denotes the position and the velocity of a particle at the time ¢t. The parameters

are denoted by a and b and each of them represents a set of parameters a = (a1,...,a4) and b = (b1,...,bp)
contained in the expression for g; and g, respectively. We will assume that

ac€cB®y CR? and be Oy CRP,
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where ©1 and O, are compact sets. Besides, we denote by 8 = (a,b) € © C RPT? the parameters, © = O1 X O as

a compact set containing the parameters. The true parameters will be denoted by 8y = (ag, by) € 2] (the interior
of ©). We suppose that the strength of the noise, denoted by o, is a positive constant. For z = (z,y) € R? we
define P:R? x © = R as

P(z;0) := —g1(z;a)y — g2(x;b)x. (2.2)

The partial derivatives of P will be denoted by the vectors V,P(z;0) = (Py(z;6), Py(2;0)) € R? and Vo P(z;0) =
(P.(z;0), Py(z;0)) € RPT4. In the sequel we will use generic positive constants C or C,. (in this case the constant
depends on the subscript), that can be different from line to line unless otherwise specified.

For the system (2.1), throughout this paper, we make the following assumptions

H1

H2

H3

(1) For all N > 0 :sup, <y [g1(2;0)| < o0

(2) There exist positive constants ¢, L such that gi(z;a) > ¢, for all |z| > L.
(3) g1(x;a) € C3(R x ©4).

(4) There exists a polynomial ¢ (Jz]|) = Cy|z|"*, Cy > 0 such that

gi(w;a) < Cylz|™ and  gy(z;a) < Colz|™,
for all z € R.

(1) We have a potential V' (x;b) such that V(z;b) is bounded from below and V(z;b) € C*(R x @Og)
(2) Its derivative has the form V' (z;b) = go(x;b)z.
(3) We will assume that the damping condition

2 )
400 > liminf T 90 g2(7;b)

>v >0,
|z|—+o0 |£C‘

holds for some constant v.
(4) The potential has polynomial growth at infinity. There exists a polynomial ¢s(|x|) = Cglz|72, Cy > 0
such that

V(z;b) < Cylx|”  and V,(a:;b) < Colz|™,
for all z € R.

) P:R? x © — R? is continuous.

2) P(z;0) € C*(R? x @O), for each 6, there exist positive constants Cy and 7 such that P(z;0) < Cy(1 4+
)7, for all z € R?.

) For all @ # 0, P(2;0) # P(2;0).

4) There exists a positive constant + such that

x

sup [[VoP (2 0")|| < sup {Cy }[I2]|” = C||2|".
0'co 0'co

For each 6 € O, it can be inferred from hypotheses H1 and H2 that the followings bounds hold

Pa(z:0)] < Co [[2l|™  and  [Py(z:0)| < Col™, VzeR (2:3)
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According to the work of Wu [21] assumptions H1-H2 imply that

e there exists a Foster-Lyapunov function ¥ > 1 which satisfies L& < —a¥ + D 1k, for some constants
«, D > 0 and some compact subset K. Here £ denotes the infinitesimal generator

d d
L=———+ Vi (g1(z;a)y + ga2(z;b)x) 3
o Also V¥ satisfies
log (¥(z,y)) > D (Jy|* + |«) ,

when ||z|| goes to infinity, for some well chosen constant D > 0.

It is inferred from the observations above that the process z(t) = (x(t), y(¢)) is positive recurrent and has a unique
invariant measure 7.(z) = m.(z,y). Notice that the invariant measure m.(z(0))dz(0) depends on the parameters
6 which defines the model. For example in the case of the Duffing oscillator, considering g;(x;a) = g1(a) a
constant, the expression for the invariant measure (up to a numerical constant factor), is given by

2
me(r,y)drdy = exp (— glga)H(%y)> dzdy,
g

where H(z,y) = 3 ly|*> + V(z) is the Hamiltonian. In general a closed expression for the invariant measure is
unknown. For example when g;(z;a) = ay2? — ap with ay, a2 > 0, V(z) = $b%2% (Van der Pol oscillator) its
invariant measure is unknown.

These quoted facts entail also some properties related to asymptotic independence. In fact the process z(t)
becomes a-mixing and all the polynomial moments of the measure 7. are finite. See Cattiaux et al. [3]. In this
work we assume that the distribution of the process z(0) = (x(0),y(0)) is the invariant measure 7.

3. LOCALLY LINEARIZED MODEL

In this section we start by presenting the local linearization method introduced by Ozaki [14, 15] and we
present explicitly its joint density.

In Ozaki’s article [14] a statistical identification method for nonlinear random vibration system models, based
on the maximum likelihood method for discrete time models, was obtained. He considered the continuous time
stochastic nonlinear differential equation model for the nonlinear random vibration system (1.1). The model
(1.1) is expressed as a bivariate stochastic dynamical system model

2(t) = f(2(t);0) + AW (), (3.1)

where

z(t) = (x(t), y(1))",

f(z(8);0) = (y(t), —g1(2(t); )y (t) — g2(x(t); 0)x(t))" = (y(t), P(2(t);0))" and

dW(t) = (0,0dW;)".

The process {z(t)} is observed at the equally spaced discrete times t =ih , i =0,..., N.

Notation A’ is used for the transpose of a vector or a matrix A. The variance-covariance matrix for the
bivariate white noise dW(t) is given by

EAWOWE] = [ 250y |
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where §(t) is the Dirac delta function. We follow the work of Ozaki [15] in order to find a discrete scheme which
approximates the continuous model (3.1) in the interval [ih, (i + 1)h) for A > 0 small enough. First we consider
the homogeneous equation

i(t) = f(2(1); 0). (3.2)

By taking the derivatives in (3.2) we get

where

Of (2;0)

J(=():60) = [8 0 !

L_z(t) B [ g1 (z;a)y + g5(w;b)x + ga(x30)  g1(230a)

At this point, we will add the following hypothesis

H4 The matrix [W] is not singular for all z € R? and 0 € 60, that is

g1 (z;a)y + go(x;b)x + ga(a;b) # 0,

for (z,y) €e R and 0 € o.

Now, assuming that f is linear in the interval [ih, (i + 1)h) the Jacobian matrix becomes constant in this interval,
therefore J(z(s);0) = J(2(¢);0) for s € [ih, (i + 1)h) and integrating 2(s) = J(z(t);0)2(s) two times we obtain

2(t+h) = 2(t) + T (2(8);0) 7 ("D — 1) F(=(t); 0)
= [+ J(2(t); 0)" (7O — D) F(=(t); 0)]=(0),

where

0 1
FEOO = g @tya) —a@):b)
= f(2(t);0). We define A(z(t),h;0) = I + J1(2(t);0) (e’ NN

is a matrix such that F(z(t);0)z(t)
h by eFEW0h — A(2(t), h; ). Now we consider the bivariate stochastic

t
I)F(z(t);6) and the matrix L(z(t);0)
equation

2(s) = L(z(t);0)z(s) + AW (s). (3.4)

Using the parameters variation formula, the solution of the equation (3.4) is given by

t+h
2(t + h) = LD, 1) 4 / el EWDEHh=9) qW (5). (3.5)
t

Remark 3.1. We must point out that the above step is where the noise is propagated to the two coordinates.
Thus, although it is a first order discretization, this procedure allows to take advantage over other first order
methods.



6 J.R. LEON ET AL.

When the process {z(t)} is observed at the equally spaced discrete times t =¢h , i =1,..., N we consider the
discrete process {z(ih)} = {zn} defined by means of the equation

(i+1)h 4
Z(i+1)h = Aihzih + / eL(Z”L;9)[(Z+1)h_s]dW(S), (36)
ih
We consider the observation equation to be
(i+1)h (i+1)h
z((i 4+ 1)h) = z(ih) + / f(z(s);0)ds + / dW (s)ds. (3.7
ih ih

The variance-covariance matrix Yy (h;6) for the discrete time white noise fl.(hiﬂ)h eLEn)+DR=sIqW (5) is
given by

Sin(hi0) = —
O G | BBt B 4B - BB, 2

o o? [a/u(zih»h;g) allz(zihah;e):| _ 2 {611(Zih7h;9) alQ(ZihahJ 9)}
(1 — po)? | @ho(zin, h; 0) aby(2in, hs ) a12(zin, 1; 0) aza(2zin, Ry 0) |’

2 1 _ 2 1 1 _ 1
o [zulEl i P2+ g B sE1 — E12+ 5E2

(3.8)

where

o 1y = uy(2zin, by 0) and s = pa(zin, h; 0) are the eigenvalues of the matrix J(z;p;6),
o By =2l _ 1

o [y =e?2" 1 and

o o =clmtnh 1

Remark 3.2. Notice that the variance-covariance matrix for the continuous noise dW(¢) is singular,
while the variance-covariance of the discrete noise is symmetric and, for a fixed h > 0, it has full rank
equal to 2. Moreover, the matrix X, (h;0) is the true covariance matrix for the discrete time white noise
fi(}zﬂ)h LGOI+ Dh=s] qW (5).

In the next lemma an important result regarding the asymptotic behavior for the elements of the matrices
Zin(h;0) and X1 (h; 0) is stated.

Lemma 3.3. Consider the matrices iy (h;0) and ;. (h;0). Under the hypotheses H1-H3 and H5" we have

%an(zih,h; 0) — %, %agz(zih, h;0) =1 and %alg(zih, h; 0) — %, (3.9)
and
R3b11(Zin, by 0) — 12, hbog(zin, h;0) — 4 and  h?bia(zin, h; 0) — —6, (3.10)
in probability. Moreover
R
?”Zih (h;0)|| = Op(1), (3.11)

uniformly in 6.

Tts proof is left to Appendix A..
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Model (3.6) is then rewritten as

Zip1)h = Ain(h; 0)zin + Bin(h; 0)Z v 1)n, (3.12)

where

e the initial condition is z;, = z(ih), i.e. the model starts with the invariant measure of the continuous
model.

o B (h;0) = Uin(h; 6) { ‘0)\1 \/(i\: ] Here A1 = A1(zin, h; 0) and Ay = Aa(z4p, h; 0) stands for the eigen-

values of the matrix =5 X;p,(h; 6), and the columns of the matrix U;p, (h;6) are the normalized eigenvectors
associated to each elgenvalues.
® Z(iy1) is a bivariate Gaussian noise with variance-covariance matrix 02 I and mean zero.

In the following lemma we compute the joint density of the discrete model (3.12)

Lemma 3.4. The joint density p(zn,. .., znn;0,02%) of the discrete model (3.12) is given by

p(Zh) gy

1
(27T) 7 g2(N-1) H |det B(i—1)n(h; 0)]

1 _ ! _
X exp [—%2 [zin — Ag—1yn(h:0)z-1yn) [B(iil)h(h; 9)] {B(iil)h(h; 9)} [zin — A—1)n(h; 0) 2(i—1)n]

The proof of this lemma is postponed to Appendix A..
As a consequence of the lemma (3.4), the log likelihood of the model (3.12) is given by

1(9) :logp(zha"'aZNh;gagz) . (313)

Finally, keeping only the terms that depend on 6 we define the approximate the likelihood contrast for the
discrete model (3.12) as

N—
1
My p (24" 0 = 5N Z Ziryn — Ain(h; 0) zan] || (3.14)
=0

4. ASYMPTOTIC CONSISTENCY OF THE ESTIMATOR

In this section we establish the main result of this paper. We use the notation z,Jth = (2h,...,2Nh). As

h = hy, for h — 0, we need to assume that hN — oo, then N — oo.

Remark 4.1. We will consider below as a contrast the logarithm of the quotients of likelihoods. This statistics
can be written as

[My n(z3";6) — My n(z3"; 60)] -

The estimator obtained via the minimization of this latter function is the same to the one gotten by minimization
of the function My 5, (2" 0).

First we set some notations

(1) éN,h = argminge@ MN,h(Z;Jth; 9)
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(2) Asusual, g = (ag, bp) stands for the true parameters of the continuous model (1.1). An important feature
in the work of Ozaki [14] is the fact that the parameters of the discrete model (3.12) are exactly the same
as the parameters of the continuous model (1.1). It allows us to regard 0y in two equivalent ways
e 0y = argmingeo Eq, , [MN’h(z,]LVh;H)]. Here Qg is the stationary measure of the pair (2in, 2(i4+1)n)

given by p(2@+1)n | Zin)ma(zin), where p(- | -) is the density of the transition kernel of the discrete
model (3.12) and 7 its invariant measure.
e 0y = argmingeo Ex, [Mn (20 ";0)]. Here m is the stationary measure of the continuous process (1.1).

(3) For the continuous process (1.1) let Q. denote the stationary measure of the pair (z(t), z(t + h)) given
by p(z(t+ h) | 2(t))mc(2(t)), where p (- | -) is the density of the transition kernel of the continuous model

(1.1).

In order to proof the consistency of the likelihood estimator we need to set the following technical hypotheses:
for hy small enough

H5 E [eGhold G |17z0; 0)]|* £ (20 0)I1]| < o,
H5' E [suppee {210 |.7(2050)]1 1 (203 0| } | < oo, and
H5" E [supgeg {1 (20:0) el o0} ] < o

Remark 4.2. In the general case for g; and g we do not dare to assert that these conditions hold. Nevertheless,
in the case of the Linear, Kramer’s, Van der Pol and FitzHug-Nagumo oscillators these hypotheses are fulfilled
and the proof can be found in Appendix A.

The idea is to prove that the estimator HAM n 1is consistent in the following sense: if h — 0 and hIN — oo, then
lim Oy, — 6y  in probability. (4.1)
N —o0

In order to prove the above statement we will use a similar technique as the used in Wald [20] for proving
the consistency of an estimator. First we need to prove that lim, o nN—oo %[MNVh(zf]L\'h; 0) — MN7h(z,11Vh; 60)]
exists and it is a deterministic function. We need that h — 0 and hIN — oo simultaneously, so h depends on N.
Next we prove (4.1). An antecedent of our proof in the case of ordinary diffusions can be found in the work of
Genon-Catalot [5].

Before we begin with the proof of the main result we establish the following result whose proof is left to
Appendix A. Besides we will review the expression of the contrast (3.14) to rewrite it conveniently.

Lemma 4.3. Let z(s) = (x(s),y(s))" satisfies the equation (3.1). Then
E[lo(s) = 2(s)[*] = O(s = 1) and E[y(s) - y(s)I*| = O(1s = 5'1"), (4.2)

for all positive integer k.

The contrast (3.14) can be rewritten as

N-1
1 _
MN,h(Z;ILVh§ 9) = ﬁ Z HBihl(h; 9) [Z(i+1)h — Aih(h; 0) Zih] ||2
=0
1 N-—-1
= ﬁ <E77L1(h, 9) (Z(i+1)h — Aih(h; 9))21}1) 7Z(i+1)h — Aih(h; Q)Zzh> . (43)

[}

7=
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Regarding the term z(; 11y, — Ain(h; 0)zin in (4.3), as z(;41) satisfies the observation equation (3.7) with the
true parameters 6y, we have

(i+1)h 0
Z(i+1)h — Aih(h; G)zzh = / f(Z(S), 90)(318 + |:0'(W(i+1)h _ Wih):| + (I — Aih(h; 0))2’1]1 (44)

ih

By using the Taylor expansion of (I — A;j(h;0))z;, it follows from (4.4)

(i+1)h
0
2(i+1)h — Ain(h; 0)zin = /Z_h f(2(s);00)ds + |:0'(W(i+1)h _ Wih)] — hf(zin; 0)
h? N L )
— 5 in, O)f (23 9) — ];3 T (i)
(i+1)h 0
= 100) — f(zin; 0)]ds +
[ et = i 0l + [y O
h? o~ (201, 0) s
_?J(zihye)f(zih;a) - kZ:;, Th [ (zin; 0). (4.5)
Moreover, as
J(zin; 0) = 0 1 ]:[ 0 1
i — g1 (Tin; @)Yin — g5(in; b)Tin — g2(xin; b)  —g1(zin;a) |- Py(zin;0)  Py(zin; 0)
we obtain
h? h? [ —P(zn; 0)
s 0o = 5 | G0, (16)

where 01 (z;n;0) = g1(xin; 0)P(zin; 0) — yin P (2in; 0). It can be easily checked from hypotheses H1 and H2 that
€1 (zin; 0)] < Co (||Zih||271+1 + Nzl ] + ||Zih||72+2) = Co ||z, (4.7)
for z € K. Moreover, as the polynomial moments of the process z;, are bounded we have
E (€1 (zin; 0)[] < CoE [[[zin]|™] < oo (4.8)
Now, recalling that %2 = L(;H)h[(i + 1)h — s]ds and considering the observation equation (3.7) we obtain

afi(hi*l)h[(i+ 1)h — u]dW,, — ‘/‘Zerl Dh — ] (P(2(u); 6) — P(zin; 0)) du
fi(ijl)h( P(2(s);00) — P(zin;0)) ds—|— J;Hl)des—Fh;&(zih;G)

pPEAR ILVERENY

B k!
k=3

- > ch 1 Zzh; .
=W, (60 E RE f(zin: 6), (4.9)
k=3

2(i41)h — Ain(h; 0)zin =
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where
P L P (R —u]dW S MG + Db = ) (P(2(u); 60)
Wz(e) = [ h f(+1 00) (Zih;e))d8+0‘fi(};i+l)h dWS
_ {Wﬂ(e)}
| Wie(6)
and

Ki(0) = { h;gl((;h;e) ] '

The calculations above lead to the following expression for the contrast (4.3)

_ 1 —1,y. , . N T (zin, 0) Lk . , |
2 ; <Eih (h;0) [Wz(e) + Ki(6) ka:BTh f(zm,@)} S Wi(0) + KCs(0) ,kzzg
- 21 - <2;111(hv6)(wz(0) + K:(0)), Wi (0) + Ki( )>
i=0
N—-1 0o h .
+ 21 > <Ezhl(h’0) kZ:g J l(jzh, Z”“ ZB Zzh, f(zm79)>

From the calculations above we set the following

Lemma 4.4. Under the hypotheses H1, H2, H3 and H5 we have

(D2(0) — D3(0)) = op(1)

S

Proof. Working with the expression Ds(6) it yields

= Tz, 0)
|

k!

N-1 2
1 117 (zan; 0)||F~LhF—=3
Do) < W12 (1Ol 55 S (Z Heni O o))
i=0 \k=3
N-1 2
B 1 J Zih: k=3p k=3
SCPRODIESy <Z sl ||J(Zih;9)||2||f(2ih;9)||>
=0
1 N—-1
< BTG 505 3 IO i) 1 s )]

=0

— P(zp;0)) du

R* f(zin; 9>>

(4.10)

(4.11)
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By hypothesis H5 we get

N-1
1 . .
E |5 > MmO (s 0)|1]1f (zans O | = EleCM O] (z0;0) (11 (203 0)]17]
=0
< Ele®oll7 o011 0; 0)][4]1 £ (20 ) 7] < oo,

and from the Lemma 3.3 we have %3||Ez_h1 (h;0)|| = O(1). This two facts yield first, using the Chebyshev
inequality, that

N—-1
1 Zins
< Z o (2h11J( mﬁ)”)HJ(Zih;9)H4||f(zih;9)”2 = Op(1),

=0

this is, the term is bounded in probability. Moreover we obtain

D2(6)] = O(h?), (4.12)
and therefore

D2(0)] _ /p2

— = O(h?).

On the other hand, let us consider the term D3(6). In Remark 4.6 below we prove that

N —

(251 (h; ) Wi(0) + Ki(0)), Wi(0) + Ki(8)) = Op(1).
0

Ju

L
N “

1=

Now by using Cauchy-Schwarz inequality twice (remember that (X~ 'w,w) = <Z‘éw, E‘éw> = |z w|]?)
we get

o

N—1 k_1 o0 k—=1(,. . %
x(le <z;,;(h;e>z']k! hkﬂzih;e),z‘”?h"”h’“ﬂzm;e)» ~

0 1
But using (A.13) we obtain o Op(1)O(h?), that tends to zero. In this way the following approximation

is obtained

3
2

Myl 0) = 5k 37 (SRM B O)OVO) + Ka(0), Wi(0) + K(0) + Op ),
=0

In view of the observations above and Lemmas 4.4 and 4.3 the following result holds
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Theorem 4.5. Let 6 € ©. Then, under the hypotheses H1-H5, for h — 0, N — co, hN — o0

(M (A" 0) — M (2" 00)) — L EI(P(z0,6) — Plz0:00))%) = M(6),

S| =

in probability.

Proof. In virtue of the results in Lemma 4.4, for proving the theorem it is enough to study

N_1 N-1
. (Z (3 (s 0)OWi(0) + Ki(6)), Wi(0) = D (T (s 00)(Wi(8) + K (6)), Wi(6) *’Ci("») ‘
=0 =0

For each 6 € © we develop each addend of the first sum obtaining

| Nl 1 N= | Nl
i D (Tt s YWi(0), Wi(0)) + Z B O)K(0), Ki(0)) + 57 D (Zi (B O)Wi(6), K(6)) -
=0 i=0 i=0
(4.13)
We begin with the second term in (4.13)
N— N-1 2
1 1 Lblg(h)fl(zh' 9) |: 0 ]
— ;)Ci(0),K:(0)) = — % T | ke
2hN ;0 (6),K:(0)) 2hN < B bao (h)ly (2in; 0) Bty (zin3 0)
] Nl
= h35228f 5?(%; 0). (4.14)
=0
By taking the expectation it follows
1 V= N—
TB Z 0)K:(0),K:(0))] = h3b22 Z 2(zin: 0)] . (4.15)
i=0 =0
By the stationarity of the process {z;,} it follows from (4.15)
1= 1
thQQS—N ; E [63(zin;0)] = h“‘hbng(ﬁ(zo; 9)) — 0,
for h — 0, in L' and therefore in probability.
The third term in (4.13) can be written as
1 N= p Nl
7N Z ; (9 N blgwll gl Z’Lh’ 0) + bQQWiQ(a)gl (Zih; 9)) . (416)
i=0 =0
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For the first addend in (4.16) we have

13

h N-— h N-1 (7,+1)h
N Z biaWir(0)4a(zin3 0) = + > 512/ [(i + 1)h — u]dWyly (zin; 0)
i=0 i=0 ih
h N-1 (i+1)h
S PILE |+ D= allP(a(a)i60) = Pleins0)du (00).

1=

By taking expectation and using Cauchy-Schwarz inequality, stationarity, finiteness of the polynomial moments

of the process zg, the estimates in (2.3) (4.8) and from Lemma 3.3 we obtain

p N1
)i > b1aWir (0)t1 (2in; 6)

=0

1

= o(1).

Proceeding in the same way as above we get

h = 1.1 1
l N Z bo2Wia (0)01 (2003 0)| | < © {[ba2RIEE (205 0)] 3 hF + [boa | REP? (203 00)] ¥ |
i=0
= o(1).
From (4.17) and (4.18) we conclude
1 Nl
_ — o1
E l PN 2 (6) ’Cz(9)>H o(1)

In this way we can write

1 ;oo

= (Myn(22"50) = My n(20":00)) = = > (Z51(h; )W (0), Wi(0))

h 2hN =

1 Nl
—oi O (T (s 00)Wi(0), Wi(60)) + 02 (1)
=0
Let us develop the term
;| Nl
g 2 (i ()W), Wi(9))
=0
We have
N-— N—1 N-1 N-—
1 _ _ bii(h) 9 b12(h) ‘ _ baa(h)
T ; W0 Wi0)) = S 2 WAO) + T D W @We(®) + 5 D

< © {Jbulh?® [E6(2030)]* h¥ + [bral 2 [EP? (203 00)] |

(4.17)

(4.18)

(4.19)
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Let us denote by Gin(6), s =1,...,10 each term in the developing of the expression above. Then

bii(h 1 (DA i
Gin(0) = 2hN (/h (i + 1)k — u][P (z(u);ao)—P(zm;e)]du> .

by -1 L(+1)h  pGE+1)A
Gon (0) = th ; /ih /m (i + 1)k — w][(i + 1)h — us][P(2(us); 60) — P(zin; 0)]dWa, dus.

o N-1 (i+1)h (i+1)h
Gox(0) = 22 5 [t o=, [ P00 - Plans0las

=0 ih
N=1 ,(i+1)h (i+1)h

Gan(0) = fblljz(\?) 2 /ih [P(2(s);60) — P(zin; 0)]ds /ih [(7+ 1)h — u][P(2(u); 00) — P(zin; 0)]du.
N-1 .(i+1)h (z+1)h

Gsn(0) = —blij](\?) 2 /ih dWy / [(i 4+ 1)h — u][P(2(uw); 00) — P(zin; 0)]du.

N-1 (i+1)h 2
Gon(0) = b;z(j\lf) 4 (/} [P((s); 00) — P(Zih;e)]d3> :

=0 v
Grn (0) bz}j](\?) - /:H)des _:H)h[P(z(s);Go) — P(2:0)]ds.
i=0 71 i
Gsn(0) = Ungzi\(fh) > </:+1)h[(z‘ +1h— u]qu> 2 .
i=0 v
Gon (0) = ab}tj\(]h) N-— 1/’(1+1)h[(l + 1)h— W, /(H—l)h -
i=0 i
Giow (6) = 20 IS ( /:+1)hdws>2
i=0 \’?

It is plain to see that + (My,u(z)";60) — Myn(20";60)) = 237‘:1 Gin(6) — 2]7‘:1 Gin(6o) + op(1), since the
terms that only depend on the noise become canceled. Henceforth we only consider the remaining terms. Let
us begin with the term Giy. It can be written as

hb11(h) ~ 2
Gin(0) = [P(zin; 60) — P(zin; 0)]
1N SN ; h0 "
N-1 (i+1)h 2
+b;;L(]$) ; (/m [(i + 1)h — ul{ Py (Z(u); 60)[x(uw) — win] + Py (2(w); 0)[y(u) — yin] }du)
) N-1
+h2b;\([h) ;[P(Zm;%) — Plzin; 0)]

(i+1)h
X / [(i + 1)h — ul{ Py (Z(u); 0o) [z (u) — @in] + Py(Z(u); 00)[y(u) — yin]}du

ih

=Gin1(0) + Gin2(0) + Ginz(0),
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where Z(u) = z;, + AM(z(u) — z;) for some 0 < X\ < 1. For the first term, using the Ergodic Theorem, the
asymptotic behavior for by (k) in Lemma 3.3 and the stationarity of the process {z;,} we have

_bu(h ) ) (DR 2
Gina(0) = ShN ZE% (2in; 00) — P(zin; 0)] /ih (i + 1)h — uldu
3 N-1
hgﬂ Z zzhveo) (Zzhve)] — E{ 20,00) (zoyﬁ)]z} , (420)
=0

for h — 0 and N — oo. For the second term, using (a + b)? < 2(a? + b?) and the Cauchy-Schwarz inequality we
have

2

b11 N 1 (z+1)h
Guw(6) = 210) 5 ( AR {Pm@(u);eo)[w(u)—xih]+Py<z<u>;eo>[y<u>—ym]}du>
i=0 ih
(i+1)h
< %N““ ) / (P2(2(w)s 00) () — win)?® + P2((w); 00)[y(w) — yin]?) du.

=0

Recalling the bounds for P, and Py in (2.3) it follows

C9h3b N 1 ,(i+1)h 5 )
Giva(®) < IO ST [ ) ) — vl
i=0 th
FIE@IP™ [y(w) - yin)? } du.
Since Z(u) = Az(u) + (1 — A)zip, then ||Z(w)]| = ||Az(u) + (1 — ) z;p]|. We define the polynomial

QUI=(@)I1 llzinll) = 12 (@)1 + |12 ()"

Besides, as |z(u) — z)* < ||2(u) — zin|)® and |z(u) — i) < ||2(u) — zin ||, it results

Cgh b (Z+1
G a(e)] < S outh 'Z/ QUI=(@) I, llzin D] 12(0) — 2l s

Taking expectation and using Cauchy-Schwarz inequality we obtain

N-1 (i+1)h %
E (|G 2(0)]] < M D { / <Q<|z<u>||7||zih||>>2du}

=

(i+1)h 3
X / E|z(u) — zi|*dup .
ih

Finally, as the polynomial moments of the processes z(u) and z, are finite, using the bound E ||z(u) — zis* =
O(h), the stationarity and the relations in Lemma 3.3, we conclude

E[|Gin2(8)]] < Coh® |b11(h [ (‘Q (I1zol]) D }1 h — 0, (4.21)
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for h — 0. In the case of the third term G 3(), due to its form the convergence to zero can be inferred from
the facts that Gy n.1(6) is bounded and Gy 2(#) converges to zero in probability, that is

QlN,g(O) — 0, (422)

in probability. In view of the results in (4.20)—(4.22) we have, for h — 0 and N — oo

Gin — 5 B{[P(z0;00) ~ Pla0; )12}, (4.23)

in probability.
Next we study the term Gon. We define the approximation of Gon by

) obyyh Y= (i+1)h
Gora = =T SO (PGni00) = Peni®)] [ (i Db = )W,
i=0 ih

Conditioning with respect to the o—algebra ., := o(z; : t < wuy) it is easy to show that E[g} ~] = 0. Moreover

~ 2
E[G3 1] = bh° g EI(P(20:60) — P(20:6))°] = 0.

This last assertion is because always we have hIN — oo. In order to study the original random variable Gy,
consider the first order Taylor approximation

P(z(uz);00) = P(2in; 0o) + Pu(2(u2); o) [x(u2) — min] + Py(Z(u2); 00)[y(u2) — vinl,
where Z(u2) = zin + A1 (2(u2) — z;) for some 0 < Ay < 1. In this way, we have
Gan = Gana + Gana + Gan s,

where
_ o N—-1 .(i+1)h p(i+1)h
g2N72 = 7()117 Z / / ((’L+1)h7Ul)((l+].)h7’UJ2)P:E(§(U2),90)(’JJ(UQ) 7$ih)quldU2,
hN i—0 Jih ih
and

_ o N—-1 .(i+1)h p(i+1)h
Gong = buise Y / / (G +1Dh = ur)((i + 1)h — uz)g1(Z(uz); 60) (y(u2) — yin)dW, dus.
hN = Jin ih

Using the Lemma 4.3, the polynomial bounds of g;, go and their derivatives, we can show that E|Gon o] = O(h).
For the term Gy 3, if we define

~ o N—-1 .(i+1)h p@GE+1)h
Gons =i S / / (i + 1) — ) (6 + 1)k — ug)gn (@in: 80) (y(uz) — yar) AW, duz,
hN = Jip, ih



CONSISTENCY OF A LIKELIHOOD ESTIMATOR FOR STOCHASTIC DAMPING HAMILTONIAN SYSTEMS 17

the same procedure that for Q~2N72 gives E ‘(ngg — g~2N74 = op(1). By using the definition we get

i , M-l (+Dh  p(i+1)h
Gona =buir= > g1(xin; 90)/ / (1 4+ Dh —u)((i + Dh — u2)(y(uz) — yin)dWy, dus + op(1),

and taking expectation we obtain

E[Gan 4] — 30E[g1(z0;00)].

Besides it is easy to show that the variance tends to zero, thus

Gon,a — 30E[g1 (05 00)],

in probability. In view of the results above we can conclude

Gon — 30E[g1(w0;00)] = GQN,l + GQN,Z + (QQN,g - .C;QNA) + g2N,4 — 30E[g1(z0; 00)],
each term tending to zero in probability. Hence for o — 0 and hN — oo

Gon — 30E[g1(z0;60)], (4.24)

in probability.
In the studying of the remaining terms we will only sketch the proofs because of their similarity to the
previous ones. Let us focus now on the term Gsn. Asymptotically this sequence is equivalent to

(i+1)h

) 25 () N1 ‘ (i+1h
Go = T 12h) > et | o= aaw, [ oh = slaw,

h

From Lemma 3.3 we have

O'2h2b12(h)

E[Gsn] = — 3

E[g1(zo; 60)] — 20°E[g1 (wo; 60)]-
and its variance tend to 0. Thus for A — 0 and hN — oo

ggN — QO'E[gl (.’ﬂo; 90)], (425)

in probability.
For the term G4, in a similar procedure that with the term G,y we obtain, for A — 0 and hIN — oo

Q4N — 3E[(P(Zo, 0(]) — P(Z(); 9))2], (426)

in probability.
For the term

N (i+1)h (i+1)h
g5N:—b” > / aw, / (i + 1) — u][P(2(w); 00) — P(zin; 0)]du,

=0
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by using the approximation

3 512 ) = (i+1)h (i+1)h
Gsn Z Zin; bo) / [(z’+1>h—u]qu/ [(i + 1)h = s]dW,
i—0 ih ih

it can be inferred as before that for h — 0 and AN — oo
Gsn — —20’2E[gl (.’130; 90)}7 (427)

in probability.
For the term Ggp, in the same fashion as in the term Gy we have for h — 0 and hN — oo

Gen — 2E[(P(20;00) — P(20;6))?], (4.28)

in probability.
The term G7x gives the same limit as

) o2bon(h) V= (i+1)h (+Dh
Grx = -T2 gutaitn) [ aw, (i 1) — s2]dW,.

Thus, proceeding in a similar way as with the term Gsy we obtain for h — 0 and hN — oo
Grn — —20°E[g1 (203 00)], (4.29)

in probability.
Finally, adding the results of equations (4.23)—(4.29) we obtain

O (o150) = M (4% 00)) = S E[(P(20,60) = P05 00))?].

Remark 4.6. The above procedure give as a bonus that for all § it holds
=
~ Z < Eﬁll(h; (Wi () + K:(6)), Wi () + Ki(6) >= Op(1).
i=0

In fact the only terms that their limit do not vanish are the corresponding to the noise for instance

o2 NZL o p(itDh , ,
by ;(/m ((i + 1)h — u)dW,)* = 207,

by using the LLN. The other terms of this type can be treated similarly.

Remark 4.7. Notice that M () = 2E[(P(z0;6) — P(z0;60))?] > 0 for all € © and M () = 0, so it is inferred
that M () attains a global minimum at the point § = §; whose value is 0. We will assume that there exists
an open neigbourhood Uy, of 6y such that Up, C © and VgP(zogé) # (0,...,0) for all e Uy,, 0 # 0. This
condition guarantees that 6y is the unique point of Uy, where M attains the minimum. In the four models we
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mentioned in Remark 4.2 this condition is fulfilled as we will show in Appendix A.. This identifiability condition

will be used in the theorem bellow.

In the following result it is proved the consistency of the estimator éN,h.

Theorem 4.8. Let 6 € O, where © is a compact set. Let {hn '}y, a sequence such that hy — 0 and hy N — oo

for N — oco. Under the hypotheses of Theorem 4.5 we have
ngnoo On.hy = o,

in probability.

Before we start the proof of the theorem, a needed result is established. A brief sketch of the proof can be found

in Appendix A.

Lemma 4.9. Let © C RPTq compact set and suppose that the hypotheses H1-H5 are fulfilled. In addition,

suppose that

E[sup £2 (2,3 0)] < oo.
fcO

Then for a fized h, the sequence {ﬁ My hy (ziLVNhN,H)]} converges uniformly with respect to 6, in probability.

Remark 4.10. The additional hypothesis E[supgce £3(zin;0)] < 0o can be achieved if the constant Cy in
equations (4.7) and (4.8) can be bounded uniformly for § € © by a constant C. In the four models mentioned

above this hypothesis is fulfilled.

Proof of theorem 4.8. Let us define My () = % [MNﬁhN(z}]LVhN;H) — Mn hy (Z}ILVJ:LN;%) . Notice that My (6)

N

and My p, (0) attains the minimum at the same value HAN,hN. We have
0< MOnny) =MOnny) — MyOnpy) + MyOnpy)
As éN,hN = argmingeg MN(G) it holds
My (Onpy) < Mn(0).
This implies
0< MOnny) < MOnny) — MyOnny) + My (00).
From the compactness hypothesis, Theorem 4.5 and Lemma (4.9), by taking absolute value we get

0 < [MOnny)l < IMOnny) — My (Onny)l + My (60)]
< 2sup|M(0) — Mn(0)| — 0,
0ce
in probability. It follows that

lim M(Oypy) =0 (= M(0)) in probability.

N —oc0

(4.30)
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Let 6, be a limit point of the sequence {éN,hN}. As O is a compact set then there exists a subsequence
{gNj,th} Q {GN,hN} such that

hm GNjth'_ = 9*
J—o0 J

Taking in account that M (6) is continuous and by (4.30) we deduce that

lim M (On; hy,) = M(0.).

j—o0

In virtue of the assumption of unicity for 6y we made in Remark 4.7 we obtain 6, = 6y which allow us to
conclude that

lim GN_hN = 00,
N—oc0 ’

in probability. O

Remark 4.11. We have just shown consistency of the estimator in the case when the data is totally available.
We think that a similar result holds, when only position is available, by approximating the velocity with an
Euler scheme. Defining the contrast

-1

o (571 (555
A5 5

Onp = arglgéigMN’h(xh .o xN,0),

1 N
Mth(xl,..wl'N,@) = 72

)

and the estimator

we dare to affirm that it is possible to prove that GAN,h — g when h — 0 and Nh — oo in some sense. While it
is not the aim of this work to develop the theoretical proofs, we consider important to perform computational
essays with this approach in order to compare with the estimator 6 and the estimations obtained by other
authors. In the next section we show the results.

5. SIMULATION STUDY

In this section we perform several simulations to check how the Ozaki’s local linearization method works
numerically and then we check how our estimation for the derivative estimation works. Comparison between
the results obtained for the two cases are made. Also, comparison with the results of Ozaki [14], Pokern et al.
[16] and Samson et al. [18] are carried out. We simulate three data sets from locally linearized models obtained
from each of two models: the Van der Pol stochastic oscillator

&+ (ax® + bx + ¢)2 + dz = odW;, (5.1)
and the Duffin stochastic oscillator

i+ di + (az® + bz + )z = odW. (5.2)
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Here a,b, ¢ and d are the parameters to be estimated. As the variance o need to be estimated also, then the
sets of parameters has the form 6 = (a, b, ¢, d,0?). We use for the simulations the following sets of parameters

Van der Pol model Duffin model

Ovap1 = (1,0,—1,14.8,1) | Op; = (4,0,14.8,0.25,0.25)
Ovap2 = (2,0,2,10,1) Op2 = (1,0,—1,1,0.25)
Ovaps = (0,0,0.5,4,1) Ops = (4,3,—4,1,0.25)

1. The sets of parameters were chosen in order to obtain functions ¢; (z(t); a) and g2(z(t); @) which fulfill the
assumptions H1 and H2.

2. In order to compare our results with those obtained by Ozaki we chose the sets of parameters 6,;p1 and
Op1 to be the same as in the work of Ozaki [14], except the variance in the Duffin model: in this work we
consider 02 = 0.5 and Ozaki considers 02 = 4. The set of parameters fp; yields the single-well potential

V(x) = 2* + 7.4, that is, a potential which has one minimum.
4 2

3. The set of parameters 0py yields the so called Kramers oscillator. In this case the potential V (z) = & — &
is known to be a symmetric double-well potential, that is, a potential which has a minimum attained at
two different points. This kind of potentials are considered in the literature as the overlap of two single-well
potentials having the same minimum.

4. The set of parameters 6p3 yields a non-symmetric double-well potential, that is, a potential which has
two relatives minima: an absolute minimum and a relative minimum. In this case the potential is given
by V(z) = z* + % — 222

5. The set of parameters 0,4p3 yields the same model as in the works of Pokern et al. [16] and Samson et al.
[18].

Once we have established the parameters to be used, first we consider that both position and velocity are
observed. In this case six data sets having the form z(t;) = [igg] are simulated from a locally linearized model
corresponding with each set of parameters. Here y(i) stands for the velocity and z(¢) for the position of the
system in the time ¢;. Each data set is obtained from the discrete model (3.12) following the work of Ozaki [14]
and this is done in the following way: for each set of parameters 6 we calculate

1. The matrix A(z(t);0) = I + J'(2(t);0)[e’ B — [IF(2(t);0). In the implementation of our algorithm
the matrix e’/ *()" is approximated by the matrix I + J(z(t); 0)h + w

2. The matrix B(z(t);#). In our algorithm it was replaced by the Cholesky decomposition of the matrix
£ Zin(h; 0).

3. The data is obtained from the equality

z2(t;) = A(2(t;);0) - z(t;) + B(2(t:); 0) - randn(2,1).

In the simulations for all the sets of parameters, except for 0,4p3, the step size is h = 0.1. In order to observe the
behavior of the algorithms when the sample size increases, four different sizes for each data set are considered
N =100, N = 1000, N = 5000 and N = 10000. For comparison reasons in the simulations corresponding the set
of parameters 6,4p3 we consider h = 0.1,n = 100, h = 0.1,n = 1000 and ~» = 0.01,n = 1000. For the parameter

sets 0,qp1 we set the initial conditions zy = } . For the parameter set 0,4p3 we assume the initial conditions

0

z0 = {(1)] as in the works of Pokern et al. [16] and Samson et al. [18]. For the parameter set 6,4p2 we assume

1 e . . .
e In the case when only position is available another six data set will be

[g@

o (z)} Here y(i) = M is the approximation of the velocity using a

the initial conditions to be zg =

obtained having the form z(t;)
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TABLE 1. Estimated parameters for Van der Pol model 1. The stepsize considered is h = 0.1.
Mean and standard error of the parameters estimator are computed on 100 simulated data
sets. Four values of the sample size N were taken in account N = 100, 1000, 5000, 10000. Three
estimators are compared: completely observed data, completely observed data obtained by
Ozaki and partially observed data.

E Opap1 N =100 std N =1000 std N =5000 std N =10000 std

ac 1.021 0.0906  0.8831 0.0450 1.0139 0.0389  1.0151 0.0754
aCo. 1 0.9878

aP 1.0050  0.0536 1.0445 0.0921  1.0304 0.0430 1.0118 0.1572
e —0.0122  0.1076  0.0130 0.0845 —0.0101  0.0920 —0.0260  0.1018
bCo. 0 —0.0112

bP —0.0060  0.1005 0.0133 0.0827  0.0048 0.0992  0.0190 0.1010
© —0.9816  0.0939 —0.8447  0.0453 —1.0252  0.1192 —1.0466  0.1894
<o, -1 —0.9742

P —0.9830  0.0917 —0.9983  0.1566 —1.0031  0.0681 —0.9621 0.1468
d° 14.6709  0.2747 14.8869  0.1764 14.6319  0.3578 14.9214 0.3247
A%, 14.8 14.8520

P 14.6936  0.2851 14.7911  0.4355 14.7890  0.3356 14.8515 0.3634
—~C

o2 0.9966  0.1929 1.1337 0.0302 1.0125 0.1372  1.0819 0.1738
—~C

02y, 1 1.0141

—~P

o2 1.0984  0.1750 1.0389 0.1306  1.0812 0.1597  0.9687 0.2749

standard Euler scheme. As in the case of totally observed data we use the same step size and the same four
different sizes for each data set.

Once we have the twelve data sets we are ready for the estimation stage. In order to avoid minimization
algorithms which use the gradient of the function to be minimized, we use a slight modification of the simplex
based Nelder-Mead algorithm. For each data set, except for the corresponding to the parameters 6,4p3, we
run the algorithms a hundred times and compute the mean and the standard deviation of the estimations. For
the data sets corresponding to the parameters 6,4p3 we run the algorithms a thousand times and compute
the mean and the standard deviation of the estimations. The estimated parameters in the case of completely
and partially observed data are denoted by ¢ and 6F respectively. The estimated parameters in the papers of
Ozaki, Pokern et al. and Samson et al. are identified with the lower cases Oz, Po and Sa respectively. The E in
the first column of each table stands for the estimator. In each table the second column contains the real values
of the parameters. For each parameter set the results obtained are presented in the tables below.

In Table 1 it can be observed a good performance when comparing the cases of totally and partially observed
data. The results reported by Ozaki in [14] correspond with the case N = 1000. In this case Ozaki’s estimator
works better than ours, nevertheless when the sample size is increased, the estimation is improved and the
results are similar with those obtained by Ozaki. Another feature arising in Table 1 is the fact that the Euler
scheme works considerably good even in the case when the sample size is N = 100. In Table 2 the results are
good for the two estimators.

Section 3 in the work of Pokern et al. [16] is devoted to carry out a simulation study by considering three
models of stochastic oscillators. Two of them are linear stochastic oscillators: stochastic growth and harmonic
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TABLE 2. Estimated parameters for Van der Pol model 2. Mean and standard error of the
parameters estimator are computed on 100 simulated data sets. Four values of the sample size
N were taken in account N = 100, 1000, 5000, 10 000. Two estimators are compared: completely
observed data and partially observed data.

E Ovape N =100 std N =1000 std N = 5000 std N =10000 std

62 1.6312 0.1953 1.7804 0.3194 2.0858 0.3507  2.2434 0.3919
a? 2 1.8357 0.1993 2.2059 0.3098 1.7038 0.4114  2.1447 0.3257
@ 0.0037 0.0202 0.0024 0.0434 —0.0018 0.0275 —0.0027 0.0341
bF 0 —0.0020 0.0381 0.0010 0.0374 0.0009 0.0267  0.0007 0.0211
g 2.4118 0.1054 2.1037 0.6030 1.8546 0.2834 2.2821 0.1562
cP 2 1.8926 0.0419 2.2159 0.0804 2.0421 0.3175 1.9150 0.2966
df 9.8338 0.3999 9.8214 0.6702  9.5326 0.3745 10.4202 0.6696
ar 10 9.2858 0.4746 10.5078 0.6587  9.9742 0.4193  9.4332 0.5790
EEC 1.0251 0.0051  0.7892 0.0160 0.9284 0.0074  0.8958 0.0249
EEP 1 0.8941 0.0033  0.9283 0.0073 1.1351 0.0128 1.1284 0.0119

TABLE 3. Estimated parameters for Van der Pol model 3. Mean and standard error of the
parameters estimator are computed on 1000 simulated data sets. Three cases were taken in
account h = 0.1, N = 100, h = 0.1, N = 1000 and h = 0.01, N = 1000. Four estimators are
compared: completely observed data and partially observed data obtained by us, completely
observed data and partially observed data obtained by Samson et al. and the variance estimation
obtained by Pokern et al. for partially observed data.

E 0vaprs N =100 N = 1000 N = 1000
h=0.1 std h=0.1 std h=0.01 std
g 0.3849  0.0785 0.4866  0.0693 0.5057 0.0876
c% g4 1.022 0.098  1.086 0.271  0.678 0.326
E\Ii 0.5 0.3795 0.0619 0.5142  0.0673 0.4284 0.0729
cPsq 1.285 0.275  1.215 0.096  0.699 0.330
dC 3.8508 0.1000 3.9965  0.0864 3.8189 0.1255
c/ZESa 3.567 0.489  3.488 0.187  4.034 0.642
dP 4 3.7767  0.1352 4.0210 0.0741 3.9715 0.1184
cﬁ’sd 3.588 0.494  3.501 0.188  4.032 0.644
EEC 0.8033  0.0114 0.9954  0.0033 1.0151 0.0008
;5; 0.980 0.069  0.974 0.021  0.996 0.021
EEP 1 0.9377  0.0076 1.0176  0.0029 0.9685 0.0005
;5; 0.946 0.074  0.956 0.021  0.994 0.023
;51120 1.154 0.074 1.114 0.025  1.016 0.013

23
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TABLE 4. Estimated parameters for Duffin model 1. Mean and standard error of the parameters
estimator are computed on 100 simulated data sets. Four values of the sample size N were taken
in account N = 100, 1000, 5000, 10000. Three estimators are compared: completely observed
data, partially observed data and completely observed data obtained by Ozaki.

B fpr N =100 std N =1000 std N =5000 std N =10 000 std

a® 8.1745 5.5976  3.7635 1.8398 4.1978 0.7339  4.2733 0.6285
aCo, 4 3.7954

aP 7.2542 4.6135 4.4201 1.0071  4.3048 1.0117  4.4406 1.6694
»C 0.0018 0.0476 —0.0001  0.0216 —0.0015  0.0261 0.0020 0.0280
o. 0 0.3551

bP 0.0062 0.0562  0.0023 0.0205 —0.0004  0.0155 —0.0018 0.0226
pe 14.5822  0.4943  14.8029 0.2010 14.7909 0.1550 14.8392 0.1446
Co, 148 14.9385

cP 13.5058  0.3861 14.8850 0.1470  14.7139 0.1352 14.8116 0.1895
dc 0.2037 0.0282  0.3042 0.0322  0.2328 0.0196 0.2152 0.0164
dCo, 0.25 0.1589

dP 0.3175 0.0312  0.2337 0.0266  0.1990 0.0276  0.3578 0.0238
—~C

o2 0.25 0.2253 0.0011  0.2625 0.0004 0.2494 0.0005 0.2343 0.0002
—~C

0%,. 4 4.0270

—~P

o2 0.25 0.2016 0.0009  0.2664 0.0003  0.2457 0.0001  0.2564 0.0003

oscillator. The third is a trigonometric stochastic oscillator. The same three models were considered for simulat-
ing in the work of Samson et al. [18]. Our framework is a little more general in the sense that it allows nonlinear
damping coefficients. Nevertheless, in order to compare our estimators with those of them we consider in the
Van der Pol model (5.1) the parameters values to be a = b = 0. It yields the second model considered in the
previously mentioned works of Pokern et al. and Samson et al. In Table 3 we show the results.

In Table 3 we can observe that all estimators works relatively good. Our estimators happen to improve
considerably the other results when considering h = 0.1, N = 1000. However, when the sample sizes increases
and the stepsize decreases our estimators does not improve themselves.

For the Duffin oscillator the following results are showed in Table 4. We observe a good behavior of our
estimators in the both cases of totally and partially observed data. Also we observe that our results are similar
of those of Ozaki. In the case of the Kramers oscillator corresponding to the Duffin model 2, the results presented
in Table 5 show us that the estimator does not works properly for the short sample size N = 100. However
when the sample size increases it works correctly.

In the case of the Duffin model 3, as showed in Table 6 both of the two estimators works relatively good
when the sample data is N = 100, 1000 and N = 5000. Nevertheless, when N = 10000 the estimator improves
the results. We recall that, in this case, the potential V' is a non-symmetric double well potential and we suspect
that is due to this fact that a greater sample size is needed.

6. CONCLUSIONS

Consistency in the sense of probability convergence of the maximum likelihood based estimator for completely
observed data proposed by Ozaki in [14] is proved. Several simulations were carried out for the cases of completely
observed data. Also some simulations were made of partially observed data approximating the velocity by an
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TABLE 5. Estimated parameters for Duffin model 2. Mean and standard error of the parameters
estimator are computed on 100 simulated data sets. Four values of the sample size IV were taken
in account N = 100, 1000, 5000, 10000. Two estimators are compared: completely observed data
and partially observed data.

E Op2 N =100 std N =1000 std N = 5000 std N =10000 std

a® 0.9080 0.1621  0.9612 0.1105 1.0133 0.2119 1.0906 0.2086
aP 1 0.7809 0.1360 1.0864 0.1215 1.0213 0.0409 1.0123 0.1838
b0 0.0024 0.0264 —0.0062 0.0375  0.0094 0.0493 —0.0023 0.0358
bP 0 0.0054 0.0384 —0.0030 0.0404 —0.0045 0.0350 —0.0017 0.0385
C —0.6701 0.1591 —0.9799 0.1461 —0.9673 0.2161 —1.1705 0.2769
P -1 —0.8271 0.2117 —1.1448 0.1629 —1.0228 0.0527 —1.0428 0.2730
615 0.9873 0.1405 0.9477 0.0468  0.9600 0.1052 0.9238 0.2817
ar 1 0.7615 0.1284 1.0387 0.1466  0.9545 0.0443  0.9389 0.1893
ggc 0.1964 0.0014 0.2437 0.0033  0.2515 0.0068  0.2483 0.0178
EEP 0.25 0.2499 0.0035 0.2556 0.0038  0.2588 0.0004 0.2434 0.0053

TABLE 6. Estimated parameters for Duffin model 3. Mean and standard error of the parameters
estimator are computed on 100 simulated data sets. Four values of the sample size IV were taken
in account N = 100, 1000, 5000, 10000. Two estimators are compared: completely observed data
and partially observed data.

E Ops N =100 std N =1000 std N =5000 std N =10000 std
CE 3.4716 1.9433 3.6678 3.0803 3.4254 3.3269  3.9382 3.2953
af 4 3.4407 2.3827 3.7521 3.1696  3.4967 2.4346  4.0809 3.9604
E 1.8289 5.1476  2.2959 8.7992 1.7797 9.2544 2.7084 9.7698
bF 3 2.0885 6.5927  2.4166 8.7129  1.4950 6.9542 3.1291 11.2185
g —4.5941  3.3701 —4.3126 6.2528 —4.5677 6.5279  —4.3060 7.2521
cP —4  —4.0059 4.5588 —4.3184 6.0181 —5.0932 5.0833 —3.9774 7.9922
dE 0.8143 0.3162  0.8946 0.2225 0.8671 0.6516 0.9832 0.3476
ar 1 0.9104 0.3277  0.8920 0.3492  0.8999 0.4105 0.9610 0.6087
EEC 0.2674 0.0417  0.2606 0.0161  0.2856 0.0747  0.2597 0.0357
EEP 0.25 0.3093 0.1138  0.2737 0.0820 0.2594 0.0476 0.2513 0.0439

Euler scheme. It allowed us to notice some features of the estimator and to compare our results with previous
results obtained by Ozaki [14], Pokern et al. [16] and Samson et al. [18]. The comparison yields that the Euler
scheme based estimator for the derivative works considerably as good as those proposed by the other authors.
However, some considerations could be taken in account in order to extend the scope of this work. We think
that the local linearization framework can be extended for higher order systems. Also, higher order schemes for
the derivative can be proved to work both theoretically and numerically.
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APPENDIX A
Proof of Lemma 3.4. Consider the matrix By := B;n(h;0) as defined below the equation (3.12) and consider
the transformation

(zon — Ap 2n)

W
o (231 — Aap, 221,)

[1] [1]
Il

B
B

Ev—1yn = By, (2nn — An—1)h 2(N—1)n)
where Bi_h1 =

B;, (h;0) and A;p, = Aip(h;0), for all i = 1 ,N. The random variables S, ..., 5(n_1), are
independent and distributed according to the Normal law, with parameters 0 and o2 I. The Jacobian of this
transformation is

Bi' 0

0 0 0 0
s By 0 0 -+ 0 0

0= -1
J(z, 2) 0 5. Bs 0 0 0

0 B.E.'m 371

0Zm—1

which is a triangular matrix and so its determinant is given by []/-; !
distribution formula we have

i—1 det B, . Then, by the bivariate Normal

- 1 1, 1H} .

= —— X =X 5, 1=2,...,m.
S =5 det(X)2 p{ 2 ’
In our case, ¥ = 0%I,sodet ¥ =0

4 ¥yl = #I, and it follows that

o 1 |
p(E) = ma? P [ 202 71 HZ}

1
T org2 P {M [2i = Airzia] [Bi_—ll]/ [BiZ4] [z — Ai—lzi_l]] ,

so we can conclude that

p(zl,'sz ) # )*p(‘—‘2|zl)p(‘—‘:m| Zl) p(Zl): (27Tm 10-2(m 1)H\detB 1|

1 I P _
X exp [_w [Zl - Ai,lzi,l] [Bi_ll}/ [Bi_ll] [Zl — Ailzil]} .

Proof of Lemma 4.3. From the observation equation (3.7) the equations for z(s) and y(s) are given by

a(s) — x(s)) = y(s)(s — &) + / y(t)dt = /

(y(t) —y(s))dt (A1)
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and

y(t) —y(s') = o (W, — / P(z (A.2)

SO

x(s)—m(s’)za/s W, dt—/ / P(2(u); 0)dudt, (A.3)

and therefore using Jensen’s inequality we obtain
k]
2%k
] } aw

E [|z(s) — 2(s')*] =E a/ (W, — W) dt — / / P(2(u); 0)dudt
Using Jensen’s inequality and an appropriate change of variables, for the first summand in (A.4) we have

+E 0)dudt

< Cy {a%E l

/(Wt W, dt

E / Womwoyde| | =B | (s 2 / (Wyoesry — W) dr )
<(s—s )Qk/b > [|WT(S o Qk} dr
= e ™ =0l =1, s
and for the second summand in (A.4) it results
dudt _E s—s2k//P dt/%]
3 — S
_(Z;jK%E[u%AMs—svnwn%}ma (4.6)

From inequality (2.3) we have
[P(2(r(s = $)));0)[* < Co |2(r(s = NI,
therefore

E[|P((r(s = 5)):0)™] < CoE [Col2(r(s — s)I*™] < o0,

where the last inequality is due to the fact that the polynomial moments of the process z(t) are finite. By the
stationarity of the process z(t), it follows from (A.6)

|10

2k

f)dudt| | < C4E [cg ||zo||2’”3} (s — ) =0 ([s — s|*) . (A7)
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By (A.5) and (A.7) it follows from (A.4)
E [[x(s) — ()] < Gy {00 ([s — sT%) + O ([s — £1%)} = O (ls — &%) .
By performing similar computations, from equation (A.2) we have

E [|y(s) - y(s')|2k} =0 ([s— s’]k) )

Proof of Lemma 3.3. In order to simplify the notation, in this proof we will consider

0 1
L J(zin; 0) = Jin(0) = [dm(zih;e) dzz(%h?e)}

2. The eigenvalues of J;,(6) are denoted by

—doo(2in; 0) + /3o (2in; 0) + 4dr2(2in; 0)
0

,u1(2ih7h5 9) = M1 =

) + 4di2(2in; 0)

2
w2 (zin, hy ) = po = 22( ni 0) \/ 22§ h

(111(0) alg(ﬁ)}
au(ﬂ) a22(9) ’
(
(

4. T (h;0) = 231(0) = [bn(e) bia

bi2(6) b
5. Aih(h; 9) = Alh(e)
6. For other expressions which depends on h we will omit the A in their arguments.

3. S (hi6) = Ton(8) = [

First we will prove that X;,(6) converges uniformly with respect to 6 in probability. From hypotheses H1-H3
it is easy to check that there exists a positive constant Cy such that for j = 1,2 we have |u;| < Cyl|zin||7,
for certain exponent . Hence the eigenvalues of J are bounded in probability. We will demonstrate first the
uniform convergence in probability w.r.t 6 of the matrix Xy, (h;6). It will be done for the element a11(6) since
the other elements can be treated in the same fashion. We have

a(¥) 1 . 1 i (2p1)" 7 = 2(py + po)* 1 + (2u2)k’1hk,3
(11 — p2)? =

h3 3 k!
SRS W <Vt U i oA s
37 (ur— pa)? & K ' |

— k2

Denoting x 2 and defining the polynomial

Qr-1(r) = ok=1 _ 2(1+ x)’“_l 4 ok—1pk—1
it can be readily seen that 1 is a double root of @) and therefore

Qi-1(z) = (v — 1)?Qp_3().
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Tt follows from (A.R)

an(f) 1 i (,ul)k*stfs(%)hk,S _1 hZ (1) *) 1
h? 3 k+3 '

Let us find a bound for the above expression. On one hand, for all € > 0, there exists a § > 0 such that
|Qr(x)] — |Qr(1)]| < & for all z € (1 — 6,1+ 6). By choosing ¢ = |Qx(1)| we get |Qr(x)] < 2|Qx(1)|, for
all z € (1 —46,1+9). On the other hand, for = outside (1 — 4,1+ §) we have \Qk(xﬂ < 6%|Qk(x)|. Hence
1Qu(@)] < 21Qu(1)] + &|Qu(x)| for all z. In addition |Qx(x)| < 32(1 + [a[F), that is |Qi(42)] < 32'6%.
These computations together with the inequality |p;| < ||J;n(0)]| yields

(11)*Qr(42)
> e M

k=1

lpa [P I
2 h h
Z ETRE Z )

ST @l 11

<C

/\

Under the hypothesis H5” it holds

1 1
‘h?)an(@) — ‘ = Op(l),

uniformly over 6.
Now we prove the uniform convergence of the matrix Ei_hl(ﬁ). As quoted before, we will prove the uniform
convergence only for the element boo(#) since in a similar way it can be obtained de result for the other

entries. To obtain the result for the entry bao(6) we need to consider only the convergence of the determinant
A(0) = a11(0)azn(8) — a3, (6). Indeed

au(G)
auff) 1 fan®) 1] 4 [A@G) 1
— h3 11
[hb22(0) =41 = | 3G — 4| < 5@y | 7 _3’+A(0) ‘,14—12 : (A.9)
74 74 7

The two terms inside of the absolute values converge uniform in probability due to the result we obtained for
A(0), _

i ) 1. By using the uniform convergence in probability
for X;1,(0), we know that for all € > 0 there exists a § > 0 such that

}P{sup A0) —i <5} >1—c.
0co
1

h4 12
12|<6}wehaveﬁ—6<%<%+5thenweget

1 . A0)(w) 1
50 < inf ST < oA

Xin(h;0) . Hence only remain to study the fraction (

Since for all w € {supyco |A(9)(w)

Thus
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1 _CAG) (W) 1
P{m‘“% EEER TR

v

1 AO)(w) 1
> — — —
_IE”{VH, S i< A < ot

_ {Sup A(B) 1
0ce

R 12

<5}>1—5.

Hence the sequence (A(Q) )~! is uniformly bounded in probability and this implies that (A.9) converges uniformly

h4
in probability, this is

sup |hbez2(0) — 4| — 0,
0cO

in probability. From the results we conclude that
?Hzih (0)[ = Op(1),

uniformly in 6.

Sketch of the proof of Lemma 4.9. Let us recall from (4.10) the expression for the contrast

=

1 1 _
EMth(Z;LVh; 0) = N (Z210) [211n — Ain(0) zin] 2110 — Ain(0) zin)

[\~
Il
=]

[D1(0) + Da(0) — D3(0)] -

==

Also we recall that we are interested in the difference

1 1

h h

Consider the term D3(#) in (A.11). We have

N—1 [e’s) 2
- 1 || Tin (O)|* %3
sup |D2(0)| < sup {h8|| X1 (0 — su Zin; 0
sup [Da(0) < up {11IZ O} 7 3 g{k i G
| N1
< sup {R°| S5 O)1} 5 D_ eI OWNLTn @)1 (zin; 0117
06 =

From hypothesis H5', taking expectation and using the result in Lemma 3.3 we get
D2(6)] = Ox(h?),

uniformly in 6. Then

uniformly in 6.

= [Mnp(20"":0) — My n (2" 60)] = + [D1(8) — D1 (60) + D2(6) — D2(6) — Ds(6) + D3 ()] -

(A.10)

(A.11)

(A.12)

(A.13)
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For studying the term D3(6) we will suppose that the analysis of the term D;(6) is already done, that is: we
will suppose that

N—-1
o7 O (TR O)V0) + Ki(0)), Wi(0) + Ku(0)) = Os(1), (A14)
=0

uniformly in 6. Now, using the Cauchy-Schwarz inequality twice, for the term D3(#) we have

1
2

[Ds(0)] < (i, D (T OOV(0) + Ki(6)), Wi(0) + /ci<9>>>

[SIE

N-1 k—1 k—1
> (]1[ 4 <2i—hl(9)2‘]zhk (a)hk Sf( Zin: )’Z‘]zhk (e)hk Sf( Zins )>>

k=3 k=3

N|=

= Op(1)O(h2), (A.15)

which converges to zero uniformly in 6. Only remains to prove the uniform convergence for the term D1 ().
According (4.13) Dy (0) is given by

Do) _ 1 NX_? (S OWH(0), Wi(0)) + — Nf (21 0)K0),K:(0)) + - Nf (SO0, Ko(0))
h 2hN = ih i\Y), V'Vi 2hIN P ih i\Y ), i WN v ih i\0), g .
For the second addend we have
1 = h3b N
o 22 (
m Z <Zih1(0),cl(9)’lcz(9 Z Zzha
i=0 g

By the hypothesis in Lemma 4.9 and the result in Lemma 3.3, taking expectation we obtain

N—

1
Z [sup £%(zin;0)] = <E[sup £%(20;0)] < o0.
— 9eo 8 oeo

Hence
1 N-—1 . )
N ; sup{(Z5 (0)K(0), Ki(0))) = op(h?).

Furthermore the third term in (4.13) can be treated in the same fashion in order to obtain

N—
LN Z sup{ (X1 (0)Wi(6), Ki(6))} — 0,

0co
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in probability. To finish the proof we will consider the difference (A.12) and we will demonstrate that the
sequence

N-1 R
i | 32 (SR OWI0. W) = 3 (251 0)Wi(60), Wi(00))
i=0 =0

converges in probability uniformly on 6 to a continuous function of #. Assuming that we have proven the above
result let us prove that (A.14) holds. In view of the precedents results the only term that remains to study is

1 N-1

10
ﬁ Z <2£1_1W1(9),W1(9) >= hZQiN.
=0 =1

Let us begin with the three last terms in the above sum. They are the product of a sequence bounded in
probability uniformly in 6 times a sum % ZZN:_Ol Z; for certain i.i.d. random variables Z; that do not depend

on 6. Then the LLN gives that these sums converge a.s. to they expectation. Yielding hzgs G;n is bounded
in probability uniformly in 6. Moreover, we will show that 23:1 G;n tends in probability uniformly in 6 to a
continuous function of §. Thus after multiplication by h it tends toward zero uniformly in . Summarizing we
get that (A.14) holds. Let us consider now the sum ZZ:1 Gin. For the first term we have

13011 (0) N 2
e [P(zin; f0) = P(zin; 0)]
w 8N — hsy Y0 h
i (i+1)h |
+b21253) P (/Zh [(i + 1)h — w{ Py (Z(u); o) [x(u) — zin] + Py (Z(u); 00)[y(u) — yin] du)
2 N_1
: 21)13\(76) > [P(zin: ) — P(2in: 0)]
i=0
(i+1)h
% /h [(i + 1)h — ul{ Py(2(u); 00) [x(u) — zin] + Py(Z(u); 00)[y(u) — yin] du.

In the second addend, the only term which depends on 6 is b11(f) and its uniform convergence in 0 was already
proved. The third one converges to zero in probability uniformly in 6 as a consequence of the convergence of the
second term and the convergence in probability uniform in 6 of the first term (to be proved) and the Schwarz
inequality. In consequence only remain to study the convergence of the first term. But

N-1

3
Gin = <hb;1(9) a 2) % ;[P(Zih;‘%) = P(zin; 0)]* +

| W

L V-1
N Z [P(zin; 60) — P(zin;0)]°.
i=0

Let us consider the first summand. By using the hypothesis H3-(4) we get

N-1 N-1
1 . .o)12 1 . 2 2
Sup (N > [P(zin; 60) — P(zin; 0)] ) < sup <N ; [[VoP(zin; A1bo + A20)[[7][60 — 6] ) :

=0
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Furthermore

N—-1
]‘ 2
E |sup 7 ; [P(2in;60) — P(zin;0)]%| < CE[||20]]"].

Therefore this term is bounded in probability uniformly in #. This results in the convergence to zero in probability
uniformly in 6 of the first summand. Let now consider the second summand.
If we define G(z;0) := [P(z;600) — P(z;0)]?, it holds

sup |G(230)| < sup(|[VoP(z; Mbo + A20)[7||60 — 0]|*) < Cl|2[|",
0co 6co

this domination and the fact that z;; is mixing give the LLN uniform with respect to 6. In consequence the
second term converges to 3E[(P(z0;00) — P(z0;6))?] uniformly in 6. The remaining terms G;y can be treated
similarly. Indeed the decomposition made for Gon into three terms gives that the first term tends to zero in
probability uniformly in 6, the other two terms in the decomposition do not depend on 6. Hence we get that
the original term Gapy converges in probability towards 30E[g; (xo; 6p)] uniformly with respect to 8. The terms
Gini=3,4,5,7 can be treated similarly and finally the term Ggx can be handled as was Gy . O

Proof of the assertion in Remark 4.2.

e Linear oscillator. In this case g1 (7;a) = a and go(x;b) = b? the matrix J is equal to

0 1

Thus the exponential of this matrix is a constant.
e Kramer’s oscillator. In this case again ¢;(z;a) = a and by taking for instance the quadratic potential
Viz) = %4:104 + %2:62 we have that go(2;b) = by2? + by where we have set b = (by, b2). In this form

0 1
J= (—ay — 3byz? — by —a) )

Hence [|J(2)]| = 1+ |ay + 2byx3 + (bsz? + b2)| + |a|. Obtaining

E[eHJ(ZO)H] <C eQay62b4|m|3+b4m2€_%(%y2+(%z4+%xz))dxdy < 0.

R2

Here we have used the explicit expression for the invariant measure for this model given in Wu [21]. Other
polynomial potentials provides the same result.

e Van der Pol oscillator. Now g¢;(z;a) = a1z? — ay where both constants are greater than zero. And
again go(x;b) = b2. Then

S 0 1
"\ 2a1zy —v* —a12? —a?)”

However in the formula (5.16) of Wu it is shown that there exists two positive arbitrary constants a > 0,
and 0 < € < g1(z; a)% such that

2
/ claH @)+ @) 25 =22 g ) < o, (A.16)
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where H(z,y) = %yz + %xQ and g is the invariant measure of the system. This last result implies by a
simple computation that in this example also E[e?"!l/0)ll] < oo, In fact the relation (A.16) implies that
E[e®®0+5%] < oo, for a certain constant 3. Thus

E[e2MI7=0l] < © th(Qal‘wyl)ezhalmzdu(z) < C/ ezhal(x2+yz)e2ha1x2du(z) < 00,as long as h < hg, for
R2 R2
a certain hg small enough.

Hypoelliptic FitzHugh-Nagumo model. In Leén-Samson [10] the following modified FitzHugh-
Nagumo system is considered

dX; = Y,dt
1
AV = —(Vi(1 =& = 3X7) = Xi(y = 1) = X7 — (s + B))dt + odW,

Thus g1(z) = (e +32? — 1) and g2 (2)z = L [2(y — 1) + 2§ + (s + B)] and so

B y
1z) = {—i(e +322 — 1)y — zy=) 2% (S+B)} :

In this manner we get

() = 0 1
T \—L[6zy+ (v—1)+32?] —Li(e+322-1))"
Computing the norm of this last matrix we have
1
1T <1+ - [6lzyl + (v = 1) +32% + (1 +¢) + 32?] .

Hence

2T < Cel2h(lzyl+2?) < Ce2h(3y? +92%)

In Leén-Samson [10] a Liapunov function ¥(z) for this system was found that have the following asymptotic
behavior

U(z) ~ et H (=) ebuedlel’ yhen |z| — oo.

for certain constants a,b,d and H(z) = % + é(% + 7771962 + (s+ B)x) is the Hamiltonian of the system.
We know from Wu [21] that denoting by p the invariant measure of the system it holds [¥(z)du(z) < co.
In consequence we have

E[eZhHJ(ZU)H] < C/eZh(9x2+3y2)d/j,<Z) < 00,

as long as h < hg, for a certain hy small enough.

Remark A.1. With an analogous procedure it can be proved that

E[e*17GolD |7 (20)[|4]| £ (20)][%] < 00



CONSISTENCY OF A LIKELIHOOD ESTIMATOR FOR STOCHASTIC DAMPING HAMILTONIAN SYSTEMS 35

holds for the all the precedent models.
Proof of the assertion in Remark 4.7.

e Linear oscillator. In this case P(20;0) = —ayo — b*zo and 6 = (a,b). So
Vo P(20;0) = (—yo, —2bxo).

e Kramer’s oscillator. In this case g1(x;a) = a and by taking for instance the quartic potential V' (z) =

%x‘l + %mQ we have P(z;0) = —ayo — %on — %x?’ and 0 = (a, b, by). Hence
—X0 —3b4$(}(2)
VoP(20;0) = | —%0, o 0T 9

e Van der Pol oscillator. Now g;(z;a) = a12? — az, with a,a2 > 0 and go(x;b) = b2 In this case
P(20;0) = —(a123 — a2)yo — bz and 6 = (a1, az,b). Then

VoP(20;0) = (—x3yo, yo, —2bzo)

e Hypoelliptic FitzHugh-Nagumo model. In this case

1 1

a1 (z)y = g(a + 322 — )y and go(x)z = z [:z:(’y -1+ xi’ +(s+ B)] .

Therefore
1 , 1 ,
P(z0;0) = —g(g + 325 — Dyo — z [150(7 1) +z5+ (s +5)] ;
and
0 = (6’77 8) /6)'
We have
2, _ 3
VP (20;0) = % ((3%% Do + :EO(; Do tst ﬁ, —Zo, —1, —1) .

O
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