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ASYMPTOTIC EQUIVALENCE FOR INHOMOGENEOUS JUMP
DIFFUSION PROCESSES AND WHITE NOISE.

ESTER MARIUCCI
Laboratoire Jean Kuntzmann, Grenoble.

ABSTRACT. We prove the global asymptotic equivalence between the experi-
ments generated by the discrete (high frequency) or continuous observation of
a path of a time inhomogeneous jump-diffusion process and a Gaussian white
noise experiment. Here, the parameter of interest is the drift function and
the observation time 7" can be both bounded or diverging. The approxima-
tion is given in the sense of the Le Cam A-distance, under some smoothness
conditions on the unknown drift function. These asymptotic equivalences
are established by constructing explicit Markov kernels that can be used to
reproduce one experiment from the other.

INTRODUCTION

Consider a sequence of one-dimensional time inhomogeneous jump-diffusion
processes {X;}+>o defined by

t Ny
(1) X :77+/0 f(s)ds+/ on(s)dWs + > Y, t€0,T,),

¢
0 i=1

e 7) is some random initial condition;

o W = {W;}>0 is a standard Brownian motion;

e N = {N;}>0 is an inhomogeneous Poisson process with intensity function
A(+), independent of W;

e (Y;)i>1 is a sequence of i.i.d. real random variables with distribution G,
independent of W and N;

e 02(-) is supposed to be known. Either T, — oo and o,(-) = o(-) does
not depend on n or T,, =T and o,(:) = ,0(:) with ¢, — 0 as n — oc.

e f(-) belongs to some non-parametric class .# making its estimation con-
sistent (e.g. if T,, — oo one may require .% to consist of a subclass of
periodic functions).

e \(:) and G(-) are unknown and belong to non-parametric classes A and
4, respectively.
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Date: March 21, 2015.
Key words and phrases. Non-parametric experiments, Le Cam distance, asymptotic equiv-
alence, Lévy processes, additive processes, white noise.
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2 ASYMPTOTIC EQUIVALENCE FOR ADDITIVE PROCESSES

We observe {X;}+>¢ at discrete times 0 =ty < t; < --- < t,, = T}, such that
A, = maxi<i<n {|2€Z — ti,1|} } 0 as n goes to infinity. We are interested in
estimating the drift function f(-) from the discrete data (X, )i ,. At least two
natural questions arise:

(1) How much information about the parameter f(-) do we lose by observing
(Xi,)izo instead of {X;}iei0,7,)”
(2) Can we construct an easier (read: mathematically more tractable), but
equivalent, model from (Xy,)? ;7
The aim of this paper is to give an answer to questions (1) and (2) by means
of the Le Cam theory of statistical experiments. For the basic concepts and a
detailed description of the notion of asymptotic equivalence that we shall adopt,
we refer to [25, 26]. We recall the relevant definitions and properties in Section
1.2.

One of the main applications of proving an asymptotic equivalence between
two sequences of experiments is that it allows to transfer asymptotic risk bounds
for any inference problem from one model to the other, at least for bounded
loss functions. In particular, if there is an estimator 7 in the statistical model
P = (241, 9,{P1p: 0 € O}) with risk [ L(0,7(x))Py ¢(dz), then, for bounded
loss functions L, there is an estimator 7 in &?5 such that

sup
0

/L(@,Tl(x))PLg(dm) — /L(G,TQ(%’))PQ,@(CL%') — 0, asn — oo.

More generally, asymptotic equivalence allows to transfer minimax rates of con-
vergence, up to some constants.

The first asymptotic equivalence results for non-parametric experiments date
to 1996 and are due to Brown and Low [3] and Nussbaum [31]. This is the first in-
stance of an abundance of works devoted to establishing asymptotic equivalence
results for non-parametric experiments. In particular, asymptotic equivalence
theory has been developed for non-parametric regression |3, 1, 21, 34, 8, 7, 32,
9, 29|, non-parametric density estimation models [31, 6, 23, 2|, generalized linear
models [20], time series [22, 30|, diffusion models [13, 18, 11, 12, 33, 17, 27|,
GARCH model [5], functional linear regression [28| and spectral density estima-
tion [19]. Negative results are somewhat harder to come by; the most notable
among them are [15, 4, 37].

There is however a lack of equivalence results concerning processes with jumps.
To our knowledge, this is the first one for what concerns the estimation of a drift
function issued from a discretely (high frequency) observed Lévy process. We
actually allow it to be inhomogeneous in time, i.e. an additive process. In this
setting one should also cite the works [16, 14] as they are the only ones we know
about treating (pure jumps) Lévy processes. However, they both give asymptotic
results for the estimation of the Lévy measure.

The interest in Lévy processes is due to them being a building block for sto-
chastic continuous time models with jumps. Because of that, they are widely
used in finance, queueing, telecommunications, extreme value theory, quantum
theory or biology. Their stationarity property, however, makes them rather in-
flexible; as a consequence, in recent years additive processes have been preferred
in financial modelling (see [10], Chapter 14). It is therefore in this more general
setting that we present our results.
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In order to mathematically reformulate questions (1) and (2), let us denote by

2
(D, 2) the Skorokhod space; define Pg’%’)‘G) as the law of { X };¢(0,7,,) on (D, 2)
and ng’a’%’)‘c) as the law of the vector (X, X¢,, ..., Xy, ) on (R Z(R*H1)),
Consider the parameter set © = .%. We allow two more degrees of freedom by

considering A € A and G € ¢, although these will not be parameters of interest.
Let us then consider the following statistical models:

P, = (D, 2, (P79 . f e 7Y),
2 = (R AR AQY D - [ e 7)),

Finally, let us introduce the Gaussian model that will appear in the statement
of our main results. For that, let us denote by (C,%) the space of continuous
mappings from [0,00) into R endowed with its standard filtration and, coher-

ently with the previous notation, by Pj({ 73,0) the law induced on (C, %) by the
stochastic process:
(2) dyt = f(t)dt + O-n(t)tha Yo = 0’ le [0’ Tn]
We set: ,
Vo= (C.C,(PL7 - feF)).

We have already mentioned that asymptotic equivalences can be used to reduce
estimation problems from one model to a simpler ones. This is what happens
here, the model associated with the discrete or continuous observation of {X;}
as in (1) has been proved to be equivalent to that in (2), which is much better
studied. For example, consider the two following situations:

e T, is fixed and o,(-) = gy0(-) with g, — 0,
e T,, goes to infinity and o,(-) is fixed; in this case, also ask that elements
of . have some periodicity assumption.
In both these cases, a consistent estimation of f € .% is possible. Our equivalence
result does not rely on assumptions such as these, but it applies to these cases,
as well: Indeed, proving equivalence for a class .% automatically implies that the
same equivalence holds true for any subclass of .%.

We state here our main result in the case in which % is a functional class
consisting of a-Holder, uniformly bounded functions on R, i.e. there exist B < oo,
M < oo and a € (0, 1] such that

[f(@)] < B and |f(z) = f(y)| < M|z —y[*, Vz,y R

For the general statements see Section 1.4.

Theorem 0.1. Suppose that & is a subclass of a-Hélder, uniformly bounded
functions on R. Let 0,() = €p0(+) be such that 0 < my, < o(-) < M, < oo with
derivative o'(+) in Loo(R). Suppose either:
e T, =T < o0, &, = 0 and there exists an Ly < oo such that for all A € A,
I 220, < L2,
e or'T, = 00, g, = 1 and there exist L1 < 0o, Ly < 0o such that for all
Ae A, MLy @) < L and [|A]| L, @) < Lo
Then
A(2n, W) =0 and A(Pn, 2n) — 0 as n — oo,

as soon as one of the following two conditions holds
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(1) 9 is a subclass of discrete distributions with support on Z: In this case an
upper bound for the rate of convergence is O<\/An + T A20e2 —i—TnAn) .

(2) 4 is a subclass of absolutely continuous distributions with respect to the
Lebesgue measure on R with uniformly bounded densities on a fixed neigh-
borhood of 0: In this case an upper bound for the rate of convergence is

O<<‘/A_n 4T A2 2 TnAn> ,

The paper is organized as follows. Sections 1.1 to 1.3 fix assumptions and
notation. The main results, as well as examples, are given in Section 1.4. A dis-
cussion of the results can be found in Section 1.5. The proofs are postponed to
Section 2. They are obtained as a sequence of results proving different (asymp-
totic) equivalences. Loosely speaking, we first reduce to having in each interval
of the discretization at most one jump (Bernoulli approximation, Section 2.1).
Secondly, we filter it out via an explicit Markov kernel, reducing ourselves to
treating independent Gaussian variables (Section 2.2). Finally, we apply an ar-
gument similar to that in [3| (Section 2.3) and collect all the pieces to conclude
the proofs in Section 2.4. An appendix collects some proofs of general facts about
the Le Cam distance that we use in the rest of the paper.

1. ASSUMPTIONS AND MAIN RESULTS

1.1. Additive processes. Time inhomogeneous jump-diffusion processes are a
special case of additive processes. Here we briefly recall definitions and properties
of this class of processes.

Definition 1.1. A stochastic process {X;}t>0 on R defined on a probability
space (2,27, P) is an additive process if the following conditions are satisfied.
(1) Xo =0 P-as.
(2) Independent increments: for any choice of n > 1and 0 <ty <t; <...<
tn, random variables X;,, Xy, — Xy,,..., Xy, — Xy, , are independent.
(3) There is Qo € o/ with P(€y) = 1 such that, for every w € Qp, X¢(w) is
right-continuous in ¢t > 0 and has left limits in ¢ > 0.
(4) Stochastic continuity: Ve > 0,P(|X¢p, — X¢| > ¢) = 0 as h — 0.

Thanks to the Lévy-Khintchine formula (see [10], Theorem 14.1), the charac-
teristic function of any additive process X = {X;};c(o,r) can be expressed, for all
u in R, as:

(3)
E[e"¥] = exp (zu/o F(r)dr — u; /0 o (r)dr — /R(l =M iyl )n(dy) ).

where f(-) and 02(-) belongs to Li(R) and v is a positive measure on R satisfying
v4({0}) = 0 and /(y2 A Dy (dy) < oo, Vte|[0,T].
R

In the sequel we shall refer to (f(t),02(t), vt)epo,r] as the local characteristics of
the process X and a vy as above will be called a Lévy measure, for all t. This
data characterizes uniquely the law of the process X. In the case where f(-) and
o(-) are constant functions and v, = v for all ¢, the process X satisfying (3) is
stationary, and is called a Lévy process of characteristic triplet (f,o?,v).
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Let D = D([0,00),R) be the space of mappings w from [0, 00) into R that are
right-continuous with left limits. Define the canonical process x : D — D by

Vwe D, x(w)=w, VE>0.

Let 2, and 2 be the o-algebras generated by {zs : 0 < s <t}and {z;:0<s <
oo}, respectively. Let X be an additive process defined on (2, .27, P) having local
characteristics (f(£),02(t), v4)efo,r)- It is well known that it induces a probability
measure PUo*") on (D, %) such that {z;} defined on (D, 2, P(f"’2”’)) is an
additive process identical in law with ({X;},P) (that is the local characteristics
of {z;} under PUo*) is (f(t),02(¢), V)1>0)-

In the sequel we will denote by ({xt}, P(f’027”)) such an additive process, stress-

2
ing the probability measure and by Pt(f ) for the restriction of PUo*#) to Dy.
Further, for every function w in D, we will denote by Aw, its jump at the time
r and by w®, w? its continuous and discontinuous part, respectively:
Aw, = w, — lim wy, wg = Z Awy, Wi =wy — wg.
str r<t

Note that, if 14 = 0 for all t > 0, then ({xt}, P(f"72’0)) is a Gaussian process that
can be represented on (2, o/, P) as

(4) Xt:/o f(s)ds—i—/o o(s)dWs, t>0,

for some standard Brownian motion W on (9, <, P).

A time inhomogeneous jump-diffusion process as in (1), observed until the time
T,, is an additive process (apart from the possibly non-zero initial condition) with
local characteristics (f(t), 0% (t), Vt)ielo,T,]> Where v¢(-) = A(#)G(-). We will write

({z}, Pj({ ’UQ’AG)) for such a process. Also observe that ({zf}, Pj({ ’UQ’AG)) has the

2
same law as ({xt}, Pj({ 7 ’0)). Moreover, thanks to the independence of the incre-
ments, the law of the i-th increment of (1) is the convolution product between the

Gaussian law ./\/( ftil_l f(s)ds, ftil_l 02(s)ds) and the law of the variable 2;11 Y;,

where P; is Poisson of intensity \; = ttiil A(s)ds.
1.2. Le Cam theory of statistical experiments. A statistical model is a
triplet &; = (£, @j,{Pj ;0 € ©}) where { P} 9;0 € O} is a family of probability
distributions all defined on the same o-field 7; over the sample space Z; and
© is the parameter space. The deficiency 6(1, P2) of &1 with respect to Py
quantifies “how much information we lose” by using &?; instead of &7, and is
defined as §(Z1, P2) = infi supgee ||KP1o — Popllrv, where TV stands for
“total variation” and the infimum is taken over all “transitions” K (see [25], page
18). The general definition of transition is quite involved but, for our purposes,
it is enough to know that Markov kernels are special cases of transitions.

The Le Cam A-distance is defined as the symetrization of § and it defines
a pseudometric. When A(Z, &) = 0 the two statistical models are said to
be equivalent. Two sequences of statistical models (27 )nen and (2%),en are
called asymptotically equivalent if A(P7], %) tends to zero as n goes to infinity.
There are various techniques to bound the A-distance. We report below only the
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properties that are useful for our purposes. For the proofs see, e.g., [25, 35] and
the Appendix.

Property 1.2. Let &; = (2, ,{Pjg;0 € ©}), j = 1,2, be two statistical
models having the same sample space cmd define Ao(P1, P2) = supgeo | P10 —
Py gllrv. Then, A(P1, Do) < Ao(P1, P2).

In particular, Property 1.2 allows us to bound the A-distance between statis-
tical models sharing the same sample space by means of classical bounds for the
total variation distance. Classical bounds on the latter will thus prove useful:

Fact 1.3 (see [24], p. 35). Let Py and Py be two probability measures on 2,
dominated by a common measure £, with densities g; = 4Lt i = 1,2. Define

d€
(P Py) = / 191(2) — o) |E(d),
H(P,P) = </ (\/91 — Vg2(z) ) d$>1/2-

Then,

()

Fact 1.4. [see [35], Lemma 2.19] Let P and Q be two product measures defined
on the same sample space: P = R} | P;, Q = ®" ,Q;. Then

H?(P, 1
% <||P1 = Polrv = §L1(P1,P2) < H(P, D).

(6) H*(P,Q) <> H*(P, Qi)

i=1
Using (5), it follows that

n

1P = Qllrv < ZQHB = Qilrv.

i=1

Below, we collect some well-known facts that can be used to establish asymp-
totic equivalences. For the convenience of the reader, their proofs can be found
in the Appendix.

Fact 1.5. Let Q1 ~ N (p1,02) and Qa2 ~ N (p2,02). Then

2 2\ 2 2
o1 (11 — p2)? o1 (1 — p2)
— <y (1) ¥ o 0 M~ B2)7
Q1 — Q2ll7v < \/( 02) + 207 = \/( -2 + 202

Fact 1.6. Let m;(-) and o(-) be real functions such that [, ™ o )) ds < o00,1=1,2,
with o(-) > 0. Then, with the same notation as in Section 1.1:

(m1,6%2,0) p(ma2,02,0)\ _ _ _ &
Ly (P, P, )_2<1 2¢< 2)) Vvt > 0,
where ¢ denotes the cumulative distribution function of a Gaussian random vari-
able N'(0,1) and
¢ _ 2
= [ trale) a2,
0 o(s)

In particular, Ly (P, plmo’ O),Pt(MQ’OQ’O)) = O(Dy).
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Property 1.7. Let &; = (Zi, %,{P;p,0 € O}), i = 1,2, be two statistical
models. Let S : 21 — 25 be a sufficient statistics such that the distribution of
S under Py g is equal to Pag. Then A(P1, P) = 0.

1.3. The parameter space. We now state the different kinds of assumptions
on the non-parametric classes .#, A and ¢ that will show up in the statements
of the theorems:

(F1) Every f € % is continuous and sup;cr{|f(t)| : f € F} < B, for some

constant B.
(F2) Defining:
= B f(tl) if 1 <t<t, 1=1,...,1
) falt) —{ F(L) i t=Ty
we have
T, F(4))2
n t) — t
(8) lim sup/ (f()Q—fn())dt =0.
n= rer Jo op(t)
(L1) Denoting by || - [|; the L; norm on R, we require supycp [|A[1 < Ly, for

some constant L.
(L2) Denoting by || - |2 the Ly norm on R, we ask supycp | A3 < Lo, for some
constant Lo.

(G1) ¢ is a subset of discrete distributions concentrated on Z.
(G2) ¢ is asubset of absolutely continuous distributions with respect to Lebesgue,

h = digb' We ask that there are uniform constants Ny, No > 0 such that

h < N3 Leb-a.e. on [—NLI, NLI]

1.4. Main results and examples. Recall that models (1) and (2) depend on
diffusion coefficients oy,(-) = e,0(+), where &, is either 1 (if 7, — o0) or &, — 0
(if T,, = T finite). We will assume that o(-) is absolutely continuous, strictly
positive, and its logarithmic derivative is uniformly bounded: There exists a
constant Cy such that:

9) ‘%lna(f)‘ <(Cp, teR.

Our main results are then:

Theorem 1.8. Suppose that the parameter space .F fulfills the assumptions (F1)
and (F2) and let o(-) satisfy (9) as above. If, in addition, A and 4 satisfy
Assumptions (L2) and (G1), respectively, then, for n big enough, we have

AP, 2,) = A2, W) < o( sup /Tn Mdt + T, + \/A_n>.
0

fez Un(t)
Here, the O depends only on the constants Cy and Lo.

Theorem 1.9. Suppose that the parameter space .F fulfills the assumptions (F1)
and (F2) and let o(-) be as above. Suppose also there exist my, M, such that
0<mg <o(-) <My <oo. Let B; = B(t; — ti—1) + \/0i. Moreover suppose that
A fulfills Assumptions (L1), (L2) and 9 fulfills Assumption (G2). Then, for n
big enough, we have

AP, 2,) = AW, D) < o( sup /Tn wdt FTLA, + Aé).
rez Jo on(t)
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Here the leading terms in the O depend on Ly, No and M, only.

As a corollary, when .# consists of uniformly bounded a-Hélder functions, one
retrieves the rates of convergence stated in Theorem 0.1. We now give some
examples of situations where our results can be applied.

Example 1.10. The sum of a diffusion process and an inhomogeneous Poisson
process: This corresponds to setting Y7 = 1, so that ¢ consists of the only Dirac
mass in 1. Let 0,(-) = e,0(+) satisfy (9) as above, and A satisfy Assumption (L2).
If .# is a class of a-Holder, uniformly bounded functions on R with « € (0, 1],
for n big enough, an application of Theorem 1.8 yields:

AP, 2,) = MNP, W) = O<\/An F A, + TnAgae;ﬁ).

Example 1.11. Merton model inhomogeneous in time: This corresponds to ¢
being a parametric class of Gaussian random distributions N'(m,T2), T' > 0.
Suppose that o(-) is as in Example 1.10 and A satisfies Assumptions (L1) and
(L2). Let .# be a class of a-Holder, uniformly bounded functions on R with
a € (0,1]. Then, for n big enough, an application of Theorem 1.9 yields:

AP, D) = A2, W) = O<<‘/An F A, + TnAff‘e;z).
1.5. Discussion.

Remark 1.12. Hypotheses (F1), (F2) are modeled on those in [3]. They are
satisfied, for example, by any class .% of uniformly bounded a-Hélder functions,
with o depending on the asymptotics of the data A,, T),, ,, as well as by
uniformly bounded Sobolev W2 functions. Hypothesis (9) on o%(-) also appears
in [3]. The non-parametric classes A and ¢ were introduced to stress that the
precise parameters A, G chosen do not play any role in the proofs.

Remark 1.13. In the case where ¢ satisfies Assumption (G1) (i.e. the Y;’s are
discrete), the Markov kernel K in Lemma 2.2 does not depend on o(-). Hence,
combining our Theorem 1.8 with the one by Carter [8] one can obtain the same
equivalence result when o(-) is an unknown nuisance parameter.

Remark 1.14. An important advantage of showing the asymptotic equivalence
between statistical models is that it allows to transfer statistical inference proce-
dures from one model to the other. This is done in such a way that the asymptotic
risk remains the same, at least for bounded loss functions. When the proof of
such an equivalence is constructive, one can provide a precise recipe for produc-
ing, from a sequence of procedures in one problem, an asymptotically equivalent
sequence in the other one. Formally, let us consider two sequences of statistical
models P7 = (Zjn, Zjn, {Pjn,e;0 € O}) and a decision or action space (4, o).
Furthermore, for every n, let us denote by p;, a possibly randomized decision
procedure in 7, ie. a Markov kernel p;, : (Zjn: @jn) — (A, o) and by
R(Z;n, pjn, Ln,0) the risk in the model &2, with respect to the decision rule
pjn and the loss function L,,. One says that the sequences of procedures p1 , and
p2,n are asymptotically equivalent if for any sequence of bounded loss function L,
one has lim,_, supgeg |[R(Z1n, P1,ns Ln,0) — R(P2n, p2,n, Ln,0)| = 0.

In this paper there are essentially four statistical models that we prove to be
mutually asymptotically equivalent: &,, #,,, 2, and 9, (which is associated
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with the observation of the increments of (y;) as in (2)). The proofs of Theorems
1.8 and 1.9 allow us to use the knowledge of a sequence of procedures in &2, #;,
or 9, for producing one in 2,,.

For example, suppose that ¢ satisfies Assumption (G1) and let (d,) be a
sequence of procedures in 2,,. Define a sequence of procedures in .2,, as:

771(2507 cee 7zn) = 5n (21_20_[21_20]7 cee 7zn_zn—1_[2n_zn—1])7 205---,2n € R,

where [z] denotes the the closest integer to z. Then (7,) is asymptotically equiv-
alent to (dy,).

Remark that, up to this point, we did not use the knowledge of o2(-). In
particular, if one disposes of a sequence of estimators of f(-) in 92, an equivalent
one can be deduced in 2,, also when o2(-) is unknown.

2. PROOFS
2.1. Bernoulli approximation.

Lemma 2.1. Let (N;)"_ 1, (P)I, (Y)P, and (g;)}_, be samples of, respectively,
Gaussian random variables N'(m;,a?), Poisson random variables 2()\;), random
variables with common distribution G and Bernoulli random variables of param-
eters a; == M\ie . Let us denote by Qn, (resp. Qi) Qvie,)) the law of N;
(resp. Zile, e;Y1). Then

(10) | @1 @n, * Qi p) — B11Qn, * Qv el < 2,1 > A2

i=1

where the symbol x denotes the product convolution between measures.
Proof. Observe that:

k
20

k
A
ZP(NH—;Y]' € A>e N

k>0

1Qn; * Qv,.p) — N, * Qyyep)llTv = sup
ACH(R)

— (1 — OZZ)IP(NZ S A) — OZZP(NZ +Y € A)'

k

Ak
= sup <]P’(Ni + > Y€ A> —P(NV; € A)) e ML
AcB(R) l; ; k!

AN g2

<2) e S 2A

k>2 ’
We get (10) thanks to Fact 1.4. O

2.2. Explicit construction of Markov kernels.

Lemma 2.2. Let (N;)?_; and (&)}, be samples of, respectively, Gaussian ran-
dom variables N'(m;,0?) with |m;| < & and Bernoulli random variables of pa-
rameters «; = )\ie_)"', Ai > 0. Moreover, let Y1 be a discrete random wvariable
taking values in Z and denote by Qn, (resp. Qv c,)) the law of N; (resp. €;Y1).
For all x in R denote by [x] the nearest integer to x and define the Markov kernel

K(z,A) =1a(x — [z]), VAe BR).
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Then

(11) || ©f K(QN,*Qv; c1) — @i

15 () ()

where x stands for the convolution product, ¢ denotes the cumulative distribution
of a Gaussian random variable N'(0,1) and ¢ the derivative of ¢.

Proof. Denote by g;(-) the density of N;, by h(-) the density of Y7 with respect to
the counting measure and define G;(z, k) := (1 — a;)gi(x) + cvigi(z — k), Vo € R,
Vk € Z. We have, for all 7:

]IA(x—[])[(l—algl +0z22h )gi(x — k ]d
kEZ

1K (Qn; * Qevre) —

= sup
V. Aca®)

1

Writing [ T4 (x — [2])Gi(x, k)dz as Yy [ 21 L1a(2)Gi(x + 1, k)dz, one can bound
2

‘ [ (La(z—[2])Gi(x, k) =14 (m)gz(az))dm‘ by the sum of the following three terms:

I= /_% T (z) {Gi(x, k) + Gix + k. k) — gi(x)}dx

1

— '/_5 La(2) [cigi(z — k) + (1 — i) gi(z + k)] dz| < /_2 (gi(x — k) + gi(x + k))dz

SIS

II = Z /i\G(w+lk)]dx< Z / (gi(x +1) + gi(z +1—k))dz

lez=—{k}” "2 lez*—{k}

I = / gi(x)dx.
[_

NI

Since

[ (Ia(z — [2])Gi(z,0) — ]IA(x)gi(x))dx‘ < f[,%,%]c gi(x)dz and h(0) < 1,

we obtain

”K(QNz * Q(Yl75i))

v < Zh /_ (9i(x — k) + gi(z + k))dz

1
kezZ* 2

+ > h(k:)/;

1 (gi(x—i-l)—i-gi(x—i-l—k))dm—i-Q/ gi(x)ds
keZ* leZ* —{k} 3

[—3:3)°
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Using the mean value theorem one can write

/_% (9i(x — k) + gi(z + k))dw = ¢<M) _ ¢(M)

o a;

NI

(M) _ ¢(M)

o

+9¢

i

— %(@(fl,k) +¢(6ar))

(2

—1/2—k—m; 1/2—k—m; —1/24k—m; 1/24+k—m;
/ m,/aim}andfg,ke[ / mi 1/ m] In

o; o ’ g

for some & € [

particular, since |m;| < é one has that ¢(&; 1) < @(6%”), j=1,2, hence

Zh /_ (9i(x — k) + gi(z + k)) dx<22};)<p<6%‘i>§%<p<6%‘i).

1
keZ* 2 kez*

In the same way one can write
1

/21 (gile+1)+gi(x+1—k))de = Ui(@(nl,l) + o(n2,1-k))

-5 1

for some 7/]171 c |:71/2;;lfmi7 1/2‘i(;li*mi:| and 772,l7k c |:*1/2+(ljzk*mi7 1/2+l;k7mi].
Then:
: (k)
Z h(k) [ (gile+ 1)+ gi(x+1—k))dx < Z = (e(m1) + e(n2,-1))
kezZ* ez —{k} 2 kezxlez*—{k} !
h(k h(k
< > g,)so(m,z) + > ;)so(nz,w)
kez* lez —{k} ° kwezx "
h(k)
<D D o)+ 3 M0 Z ?(m20)
keZ* leZ* keZ* wez*
S—Z w(m) +e(n2,))-
" lez
Now, |n;;] > M, i=1,2, so
4 1 1 l|—5/6
—Z e(m, +907721))§;90(§)+;Z (%)
' lez ! ! L i>2 ¢
4 1 &
< — — .
- in(ﬁai) +2/% plw)d
Finally, f[,%,%]c gi(x)dz <f[ skl o(z)dz —ng( > Using Fact 1.4, these
computations imply (11). O

Remark 2.3. In the case where Y] = 1 (see Example 1.10) one can also consider
a, maybe, more natural Markov kernel, that is:

~ 1
x ife <3,

z —1 otherwise.

K(2,A) = 14(¥(x)), with \I’(x):{
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However, the rate of convergence in (11) turns out to be asymptotically the same
regardless of the chosen kernel.

Lemma 2.4. Let (N;)}_; and (&)}, be samples of, respectively, Gaussian ran-
dom variables N'(m;,02) with |m;| < L for some constant L and Bernoulli ran-
dom variables of parameters o; := \ie . Moreover, let Y1 be a random variable
with density h(-) with respect to the Lebesque measure and denote by Qn, (resp.
Q(vi,e,)) the law of N; (resp. €;Y1). Fir a 0 < e < 1 and define, for all i, the
Markov kernel

) o€ Bi=~(L+o!l ), Ltol ],
K(l’,A) == _ y2
Z 217ro.2 fAe 2012 dy’ fo € Blc

Then

H ®?:1Ki(QNi*Q(Y1 ,8,’))_@?:162]\72'

- _ allm,] 28
v Sal2 Zzl <8¢(_0'i )+ \/_Tai + 2041'/_ h(y)dy)

2Bi

where ¢ denotes the cumulative distribution of a Gaussian random variable N'(0,1)
and B; = L + Jil_s.

Proof. The total variation distance between the measures K;(Qn, * Q(y, ¢,)) and
@ N, is bounded by the sum of the following two terms:

I = sup |K2(QN1 * Q(Y1,€¢))(A NB;) — QNZ(A N By,
AeB®)

IT = sup |Ki(Qn, * Qvi ) (AN BY) = Qn; (AN Bf).
AcH(R)
Denote by @ N, the distribution of the Gaussian random variable N; ~ A (0, 0?),
then

I= sup ozl-(IP)(NH—H € ANB;) +P(N € AN B;)P(N; +Y; € BY) — P(N; eAmBZ-))

AcA(R)

+ (1 — oy)P(N; € AN By)P(N; € Bf)

< sup <]P’(NZ- +Y1€ANB) + ‘IP’(Ni +Y) € BY) [P(N € ANB;) —P(N € AmBi)”
AEAB(R)

+ ‘P(Ni € ANBy) [IP(NZ- +Y, € Bf) — 1] D +P(N; € BY)

< ai(2P(N; + Y1 € B) + Qg — Qni|rv) +P(N; € BY)
and

II= sup |P(N; € ANBHP(N; +¢Y1 € BY) —P(N; € AN BY)|
AcB(R)

< P(N; € BY) + P(N; € BY).
Now observe that
. ]P’(Ni +Y € Bz) < ]P’(’Yl‘ > QBZ)P(’NZ’ > Bi) +]P’(‘Y1‘ <28;) <P(N; €
BY) + [255 h(y)dy.
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.P(NieB;):¢<—%:+”“)+1—¢(WT"”><¢( )+ 1 -
P(o; %) =2¢(—0; )

~ 1—¢ €
o P(Ni€ BY) = o - H2—) +1- ¢(L++> < 26(—0,)
Combining these bounds with Fact 1.5 we get:

2B;
I+IIS8¢(O’Z~_6)+OQ'/ h(y )dy+al| il
—20; \/_Jz

An application of Fact 1.4 allows us to conclude the proof.

O

2.3. Asymptotic equivalence between discretely and continuously ob-
served Gaussian processes. Let us denote by 2, the statistical model asso-
ciated with the observation of the increments (v, — ¢, ,)i—; of (y;) defined as in
(2), then we have:

Proposition 2.5. Suppose that the parameter space F fulfills Assumption (F2)
and let o(-) > 0 be a given absolutely continuous functions on R satisfying
(9). Then, the statistical models #;, and 2, are asymptotically equivalent as
n goes to infinity. An upper bound for the rate of convergence is given by

O<Supf€/ fT" st + TnAn)

0'

Proof. The proof is based on the same ideas as in [3]. However, since some
modifications are needed, we include a complete proof for the convenience of the
reader.

STEP 1: We start by considering the statistical model, &2, associated with
a Gaussian process on [0, T;,] with local characteristic (f,(t),02(t),0)iejo.1,] (See
(7) for the definition of f,(-)). Fact 1.6 guarantees that

_ Tn (F(s) = fuls))?
APy, Pp) = O<;gg/0 %ds).

STEP 2: By means of the Fisher factorization theorem, one can easily prove
that the statistic defined by

1 dwt Tn dwt
oo ([ [ )
0 O’%(t) tn—1 O'%(t)
is a sufficient statistic for the family of probabilities { P}’ (7n,05,0) : f € Z}. More-
(fnyan70)

over, the law of S under Py is the law on R™ of a vector composed by

ti di ti_dt )
ti—1 02(t)? Jti—1 o2(¢) )’
t=1,...,n. Let us denote by F; s the law on R of p; and by 5” the statistical

model assocnated with the statistic .S, that is
S ={R", BR"), (R Py : f € F)}.

Then, by using Property 1.7, we get A(Z,,,.%,) = 0. An application of the mean
value theorem yields

n independent Gaussian random variable p; == N < f(t:)

t.
tods (ti —tiz1) . .
= , for a certain &; in [t;_1,t;].
/t, L on(s)  oR(&) B
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This allows us to pass from the model .¥, to the equivalent one
jn = {Rn7%(Rn)7 (®:L:1pl7f N f (= ﬁ)h

with ]SL # denoting the distribution of a Gaussian random variable N (f(;)(t; —
ti1), 05 (&) (ti — ti1)). N
STEP 3: The last step consists in bounding the A-distance between ., and
D,
Property 1.2 and Facts 1.4-1.5 yield:

5 5 RN o2 (&)t —tii1)\* <ftt—1 <f(ti)_f(s)>ds)2
A(Fp, D) < sup Y [(1— i U%(S)d; ) + [ oA ]

For all i = 1,...,n, let 7; and ~; be elements in [t;_1,t;] such that:

t

| s = -t [ fs)ds = fo0)t— b,

ti—1 ti—1

By means of a Taylor expansion of 0,,(&;)/0,(1n;) we obtain

on(&i) o5 (1) 2
=1+ i — i) +O0& —m)7;
o (1) o (1) (& —mi) + O& — i)
hence, thanks to assumption (9), we have
on (&) 2
<1 ot —ti1)2).
O'n(’l’]z) <1+ Cl (tz tz 1) + O((tz tz 1) )

This means that

A B0) < sup S LE SOy oa).

fer = 20%(m)
Here, the constant C is hidden in the O. Observe that Y , W(tl -
r 2
t;—1) is less than fOT” %d& Indeed, on the one hand one can write:

. 2
Gle) — pe (I, (16 = ) ds)

0-121(771') (ti — ti_1) ftil_l U%(s)ds ’

on the other hand, by means of the Holder inequality, one has

(/ti (f(S)—f(tz‘))dS)zS/ti ai(s)ds/tti (f(s);—f(ti))zd&

ti—1 ti—1 i—1 Un(s)

Combining these expressions one finds
; 207 (i)
as claimed. O

Proposition 2.6. Suppose that for every f € F, fOT" 5;22)) ds < 0o. Then, the

statistical models P, and W, are equivalent.

~ (f(t) — f0)) N~ 1 /ti (f(s
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0,07%.2G)

Proof. The Girsanov theorem assures that the measure P( dominates the

measure P70 and the density is given by

dP(F:022G) Tn 1T f2
72($ = exp f(S) dmg — = f (S) ds |.
AP 052 G) o 02(s) 2 Jo 02(s)

We conclude the proof using Fact 1.7 applied to the statistic .S : w — w€. U

2.4. Proofs of Theorems 1.8 and 1.9. In order to prove our results we need
to introduce the following notations:

t; t; t;
m; = / f(s)ds, o?= / o2(s)ds, M\ = / A(s)ds, ;=X e N, i=1,...
ti—1 ti—1 ti—1

As a preliminary remark observe that the model 2, is equivalent to the statistical
model that observes the n increments X;, — Xz, , of (1). Let us denote by 2,, this
latter and recall that the law of X;, — X, | is the convolution product between
the Gaussian law N (mz, Z) and the law of the variable Z 21 Y;, where P; is
Poisson with intensity A;. Regardless of the continuous or dlscrete nature of Y7,
the previous remark and Proposition 2.6 allow us to state that A(Z,,2,) =
A(@n,gn) = A(%,Qn) = A(2,,#,). Now, to control A(ﬁn,gn) suppose
first that ¢ satisfies Assumption (G1). On the one hand, for n big enough,
Im;| < B(t; — ti—1) < %, hence we can apply Lemmas 2.1-2.2 obtaining the
bound:

3803 <23+ (13 (2() + (55 )

Here we have implicitly used the following fact:

Let P; be a probability measure on (E;, &;) and K; a Markov kernel on (G;,G;).
One can then define a Markov kernel K on ([ [} E;i, ®1_1G;) such that K(Q]_, F;)
L K P

n
K(.%'l, ey Ty Ap X e X An) = HKZ(m'“AZ), Vx; € B;, VA; € G;.
i=1
Also, observe that

il)\?_{_ 22( <6az>+4¢<60@)> :O(\/A_")’

where, in the leading term of the O, a constant L is hidden. On the other hand,
thanks to Proposition 2.5 we have:

Tn 7 2
A(Dp, Wr) < 0( sup / ClO 110) i TnAn>.
rez Jo o (t)
We then obtain the inequality stated in Theorem 1.8 by means of the triangular
inequality.

In the same way, using Lemmas 2.1, 2.4 (taking ¢ = %) and Proposition 2.5 one
can show the inequality in Theorem 1.9. Remark that one can actually choose
any 0 < g < % Smaller values of ¢ give better bounds for the term involving g;
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in Theorem 1.9, but, if ¢ < %, under the hypotheses of Theorem 0.1, the leading
term is >, % = O(v/A,) (here we hide the constants Ly, B and m,).

APPENDIX A. PROOFS OF CERTAIN PROPERTIES OF THE LE CAM
A-DISTANCE

Proof of Fact 1.5. By symmetry, we can suppose o1 > o09. Denoting by g; the
density of ); with respect to Lebesgue, we have:

2 2
ﬂ(x)zﬂexp<(x /;2) (= /;1) >
g2 o1 205 207
Thus the Kullback-Leibler divergence is
ERY 2
D(Q1Qo) = [me)m s = 2 [ (ERE - B g @yas
R R

g2(x) o1 205 20%

1 2 _ 2
:1n—+—(—2— >—|—M
o1 2\o; 207

Let r = g—; > 1 and observe that
1
—Inr+ §(r2 -1) < (r— 1)2.

It is well known (see, e.g. Lemma 2.4 in [36]) that the total variation distance is
bounded by the square root of the Kullback-Leibler divergence, in this way we

obtain:
2 _ 2
||Q1—Q2||TV§\/<1—;> +M.

9 20%

O

Lemma A.1. Let g;, i = 1,2 be the density of a Gaussian random wvariable
N (pi,0%). Then,

12 L =E

exp <X_M> _1' :2[1_%(#2—#1)]

where X ~ N(O, %) and ¢ is the cumulative distribution function of a
Gaussian random variable N(0,1).

Proof. Without loss of generality let us suppose that pu; < ps. Then we can
write:

m;ruz 00

Li(g1,00) = / 910 - ge@lde= [ 7 (@@ - ga@)ds+ [ (oal0) - (@)

_ H1tpo
o0 2

Observe that

1ty
" qia)ds :P<N(u1702) <A +”2> :IP’<N(O, 1) < ﬂ22—0u1> _ ¢<M2 —u1>.

—00
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Similarly one has

it =o(2g) —o( g2 (10(2g,) ) - (1= (5) )
=2l o) =2l e

L1(g1,92) = 2[1 - 2¢<M22;UM1>]-

thus,

On the other hand we can also express the Li-norm between g; and go as

= 1 (1’ - /’Ll)2 (1’ — /,L2)2
Li(g1,92) = %/R exXp < - Tﬂ) — exp < T2 dz
S / O p2)® = 2(u1 — po)(x — p2) + (1 — p2)*\ N 1)\ |
2o Jr 202 202
_ 1 2(p1 — p2) (& — pig) — (11 — pio)? (x — p2)?
= 27TU/R exp< 252 > —1jexp < o2 dz
=E|exp 2(u1 — p2) (Y — pa) — (1 — p2)*\ 1| = E|exp (11— p2)Z (o —p2)*\ 1
202 o 202
(11— p2)?
:Eexp<X— 12022 — 1),
where Y ~ N (p2,0?) et Z ~ N(0,1). O

Proof of Fact 1.6. Thanks to the Girsanov theorem one has that, Yw € C' and
vVt >0

dP(mi,JQ,O) t m; (t) 1 ’I’I’L2 (t) ,
%(w) = exp </ 3 dwy — = QZ—dt> P(O’U ’0)(dw)
dPt( ,02,0) o o2(t) 2 J; o2(t)
In particular, Pt(ml’UQ’O) is absolutely continuous with respect to Pt(mQ’JQ’O) and
(m1,02,0)

t

W is given by

the density g =

tm - m 1 tm2 _m2
g(W)ZGXP(/O %dwt—a/o %do

(13) :exp(/o %(tgn?(t)(dwt_mﬂt)dt)_%/o (m1(t)U;(tT;L2(t)) dt).

Let us denote by (Z;)>0 the stochastic process satisfying the following EDS:

dZt = mg(t)dt + O'(t)th, t> O,
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with (W;);>0 a standard Brownian motion. Then we have:,

(mz2,02,0)
Lyi(P (m1,a 0 P(mQ’o 0 /‘ dP (Oa 0()) (w)P(O’JQ’O)(dw)
m my(t) — ma(t))?
= Ep| exp </ 1 ma(t )(dZt ma(t)dt) _%/ ( l(t)02(t)2(t))
m —-m m —m 2
—Er exp( /! 1“}7%) Oy, - 5 [ a2 a0 dt) _1‘_

Observe that the random variable f(f %dﬂfs has a Gaussian distribu-

¢ _ 2

tion N (O, / WC[S), thus, by means of Lemma A.1, we can conclude
0 age(s

that

L (1%(’”1’”2’0),3(”2’” 0)) 1 — 2 \// (s T;LQ( D s >]
0

Proof of Fact 1.7. In order to prove that §(#1, %2) = 0 it is enough to consider
the Markov kernel M : (27,91) — (Z2,9%) defined as M(x, B) := Ip(S(x))
Vo € 21 and VB € of,. Conversely, to show that 6(F, #1) = 0 one can consider
the Markov kernel K : (22, 9%) — (21, %) defined as K(y, A) = Ep, ,(Ia]S =
y), VA € 7. Since S is a sufficient statistics, the Markov kernel K does not
depend on 6. Denoting by Sx P ¢ the distribution of S under P g, one has:

KPQ’Q(A) = /K(y,A)PQ,g(dy) = /EPQ’Q(I[A‘S = y)S#PLg(dy) = PLQ(A).

O
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