N
N

N

HAL

open science

GENERAL-ORDER OBSERVATION-DRIVEN
MODELS: ERGODICITY AND CONSISTENCY OF
THE MAXIMUM LIKELIHOOD ESTIMATOR

Tepmony Sim, Randal Douc, Francois Roueff

» To cite this version:

Tepmony Sim, Randal Douc, Frangois Roueff. GENERAL-ORDER OBSERVATION-DRIVEN MOD-
ELS: ERGODICITY AND CONSISTENCY OF THE MAXIMUM LIKELIHOOD ESTIMATOR.

2016. hal-01383554v2

HAL Id: hal-01383554
https://hal.science/hal-01383554v2

Preprint submitted on 4 Apr 2019 (v2), last revised 7 Jun 2021 (v3)

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://hal.science/hal-01383554v2
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

GENERAL-ORDER OBSERVATION-DRIVEN MODELS:
ERGODICITY AND CONSISTENCY OF THE MAXIMUM
LIKELTHOOD ESTIMATOR

TEPMONY SIM, RANDAL DOUC, AND FRANCOIS ROUEFF

ABSTRACT. The class of observation-driven models (ODMs) includes many
models of non-linear time series which, in a fashion similar to, yet different
from, hidden Markov models (HMMs), involve hidden variables. Interestingly,
in contrast to most HMMs, ODMs enjoy likelihoods that can be computed
exactly with computational complexity of the same order as the number of
observations, making maximum likelihood estimation the privileged approach
for statistical inference for these models. A celebrated example of general or-
der ODMs is the GARCH(p, q) model, for which ergodicity and inference has
been studied extensively. However little is known on more general models, in
particular integer-valued ones, such as the log-linear Poisson GARCH or the
NBIN-GARCH of order (p,q) about which most of the existing results seem
restricted to the case p = q¢ = 1. Here we fill this gap and derive ergodicity
conditions for general ODMs. The consistency and the asymptotic normality
of the maximum likelihood estimator (MLE) can then be derived using the
method already developed for first order ODMs.

1. INTRODUCTION

Since they were introduced in [7], observation-driven models have been receiving
renewed interest in recent years. These models are widely applied in various fields
ranging from economics (see [35]), environmental study (see [1]), epidemiology and
public health study (see [44, 11, 17]), finance (see [30, 36, 18, 24]) and population
dynamics (see [28]). The celebrated GARCH(1, 1) model introduced in [2] as well as
most of the models derived from this one are typical examples of ODMs; see [3] for a
list of some of them. A list of contributions on this class of models specifically dealing
with discrete data includes [39, 9, 26, 17, 20, 25, 18, 27, 33, 10, 16, 12, 19, 5, 6, §]
and [14].

ODMs have the nice feature that the computations of the associated (conditional)
likelihood and its derivatives are easy, the parameter estimation is hence relatively
simple, and the prediction, which is a prime objective in many time series appli-
cations, is straightforward. However, it turns out that the asymptotic properties
of the maximum likelihood estimator (MLE) for this class can be cumbersome to
establish, except when they can be derived using computations specific to the stud-
ied model (the GARCH(1,1) case being one of the most celebrated example). The
literature concerning the asymptotic theory of the MLE when the observed variable
has Poisson distribution includes [20, 18, 21] and [43]. For a more general case where
the model belongs to the class of one-parameter exponential ODMs, such as the
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Bernoulli, the exponential, the negative binomial (with known frequency param-
eter) and the Poisson autoregressive models, the consistency and the asymptotic
normality of the MLE have been derived in [10]. However, the one-parameter expo-
nential family is inadequate to deal with models such as multi-parametric, mixture
or multivariate ODMs (the negative binomial with all unknown parameters and
mixture Poisson ODMs are examples of this case). A more general consistency re-
sult, has been obtained recently in [12], where the observed process may admit
various conditional distributions. This result has later been extended and refined
in [14]. However, most of the results obtained so far have been derived only under
the framework of GARCH(1, 1)-type or first-order ODMs. Yet, up to our knowl-
edge, little is known for the GARCH(p, q)-type, i.e. larger order discrete ODMs, as
highlighted as a remaining unsolved problem in [41].

Here, following others (e.g. [39, 26]), we consider a general class of ODMs that
is capable to account for several lagged variables of both hidden and observation
processes. We develop a theory for the class of general-order ODMs parallel to
the GARCH(p, ¢) family. Our main contribution is to provide a complete set of
conditions for general order ODMs for proving the ergodicity of the process and the
consistency of the MLE, under the assumption of well-specified models. In principle,
the general order model can be treated by embedding it into a first-order one and
by applying the results obtained e.g. in [12, 14] to the embedded model. Yet the
particular form of the embedded model does not fit the usual assumptions tailored
for standard first-order ODMs. Here we derive efficient conditions taking advantage
of the asymptotic behavior of iterated versions of the kernels involved. Incidentally,
this also allows us to improve known conditions for some first-order models, as
explained in Remark 2-(4) below. To demonstrate the efficiency of our approach,
we apply our results to two specific integer valued ODMs, namely, the log-linear
Poisson GARCH(p, ¢) model and the NBIN-GARCH(p, ¢). Numerical experiments
involving these models can be found in [37, Section 5.5] for a set of earthquake data
from Earthquake Hazards Program [40].

The paper is structured as follows. Definitions used throughout the paper are
introduced in Section 2, where we also state our results on two specific examples.
In Section 3, we present our main results on the ergodicity and consistency of the
MLE for general order ODMs. Finally, Section 4 contains the postponed proofs and
we gather some independent useful lemmas in Section 5.

2. DEFINITIONS AND EXAMPLES

2.1. Observation-driven model of order (p,q). Throughout the paper we use
the notation wg., := (g, ..., Uy) for £ < m, with the convention that ws.,, is the
empty sequence if £ > m, so that, for instance (zg.(—1),y) = y. The observation-
driven time series model can formally be defined as follows.

Definition 1 (General order ODM and LODM). Let (X,X), (Y,Y) and (U,U)
be measurable spaces, respectively called the latent space, the observation space
and the reduced observation space. Let (©,A) be a compact metric space, called
the parameter space. Let T be a measurable function from (Y,Y) to (U,U). Let

{(:Cl:p, Ulg) — z/;zl:q (1) : 0 € @} be a family of measurable functions from (X? x

U, X9P @ U®T) to (X, X), called the reduced link functions and let {G?: 0 € ©}
be a family of probability kernels on X x Y, called the observation kernels. A time
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series {Yy : k > —q + 1} valued in Y is said to be distributed according to an
observation-driven model of order (p,q) (hereafter, ODM(p, ¢)) with reduced link
function v?, admissible mapping T and observation kernel GY if there exists a
process { Xy : k> —p+ 1} on (X, X) such that for all k € Z; = {0,1,2,...},
2.1) Vi | Fie ~ G (Xi3 ),

' Xir1 =00, o Kepr)in);

where U, = Y(Yy) for allk > —q¢ Fr, = o (X(,pﬂ):k, Y(,qﬂ):(k,l)). We further say
that this model is a linearly observation-driven model of order (p,q) (shortened as
LODM(p, q)) if moreover

(i) All @ € © can be written as § = (J, ) with ¥ € R1+PT4,
(ii) The latent space X is a closed subset of R, U = R and, for all z = z1., € XP,
u=1u1q € R? and 0 = (¢, ) € © with ¥ = (w, a1.p, b1.q),

p q
(2.2) 1/33(x):w+2aixi+2biui.
i=1 i=1

Unless differently stated, we always assume that the model is dominated by a o-
finite measure v on (Y,)), that is, for all § € ©, there exists a measurable function
g% : X x Y — R, written as (z,y) — ¢°(x;y) such that for all z € X, ¢?(x;-) is
the density of G?(z;-) with respect to v. In addition, we always assume that for all
(r,y) e Xx Y and all € O,

(2.3) 9% (z59) >0,

and also, to avoid a trivial degenerate case, that o T ! is non-degenerate, that is,
its support contains at least two points.

Remark 1. Let us comment briefly on this definition.

(1) The standard definition of an observation driven model does not include the
admissible mapping T and indeed, we can define the same model without
T by replacing the second equation in (2.1) by

Xit1 =00 o X hmpr1)in)s

where {(xl;p,yl:q) — wgl:q(iﬁl:p) 10 e 6} is a family of measurable func-

tions from (XP x Y9, X®P @ Y®1) to (X, X), called the (non-reduced) link
functions, and defined by

(2.4) wg(:v) = z/;i‘}(gq(y)(x) ) reXP, yeY..

However by inserting the mapping Y, we introduce some flexibility and
this is useful for describing various ODMs with the same reduced link func-
tion 1/39. For instance all LODMs use the form of reduced link function
in (2.2) although they may use various mappings Y’s. This is the case for
the GARCH, Log linear GARCH and NBIN GARCH, see below.

(2) When p = ¢ = 1, then the ODM(p, q) defined by (2.1) collapses to the
(first-order) ODM considered in [12] and [14]. Note also that if p # g,
setting r := max(p, q), the ODM(p, ¢) can be embedded in an ODM(r,r),
but this requires augmenting the parameter dimension which might impact
the identifiability of the model.
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(3) The standard GARCH(p, ¢) model is a special case of LODM(p, ), in which
case X = Ry, Y = R, Y(y) = 42, and G%(z,-) is a centered distribution
with variance x, most commonly the standard normal distribution.

The GARCH model has been extensively studied, see, for example, [4, 22, 23, 31,
24] and the references therein. Many other examples have been derived in the class
of LODMs. An important feature of the GARCH is the fact that 2 — G?(z;-) maps
a family of distributions parameterized by the scale parameter /z, which is often
expressed by replacing the first line in (2.1) by an equation of the form Yy = /Xjex
with the assumption that {e, : n € Z} is i.i.d. Such a simple multiplicative formula
no longer holds when the observations Y;’s are integers, which seriously complicates
the theoretical analysis of such models, as explained in [41]. Also it can be of
interest to let § depend on an extra parameter ¢ that may influence the conditional
distribution GY(x;-).

Definition 2 (Space (Z, Z), Notation ]P’g). Consider an ODM as in Definition 1.
Then, for all & > 0, the conditional distribution of (Y}, Xx+1) given F only depends
on

(2.5) Zie = (X(k—pt1)k> Ulhmg1):(k-1)) € Z
where we defined
(2.6)  Z=XPxU%! endowed with the o-field Z = X® @ ®@~1),

For any probability distribution £ on (Z, Z), we denote by ]P’g the distribution of
{Xk, Y + k> —p, K > —q} satisfying (2.1) with Zy ~ £, with the usual notation
P? in the case where ¢ is a Dirac mass at z € Z.

The inference about the model parameter is classically performed by relying
on the likelihood of the observations (Yj,...,Y,) given Zy. For all z € Z, the
corresponding conditional density function p?(yo..|z) with respect to v®" under
parameter 6 € O is given by

(2.7) o = [ [ 67 (xnimn),
k=0

where the sequence xg., is defined through the initial conditions and recursion
equations

zp = ppg (2) -p<k<O0,
' uk:T(yk)a O§k<n7

_ 78
Tk = Vg oy (Th—p)yh-1)) » 1<k <n,

where, throughout the paper, for all j € {1,...,p + ¢ — 1}, we denote by II; (2)
the j-th entry of z € Z. Note that x;y; only depends on z and yg. for all £ > 0.
Throughout the paper, we use the notation : for all n > 1, yg.,—1 € Y™ and 2z € Z,

(2.9) V2 (Yo.(n—1))(2) = 2, , with z,, defined by (2.8)

Note that for n = —1, yo.—1 is the empty sequence and (2.9) is replaced by
V?(0)(2) = zo = M, (2). Given the initial condition Zy = 2, the (conditional)
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maximum likelihood estimator 6 of the parameter 6 is thus defined by

20

(2.10) 0., € argmax L
' 00

FIONTE

where, for all z() € Z,
(2.11) Uiy = D Ing” (Vo)) (20): i)
k=0

Note that since {X,, : n € Z} is unobserved, to compute the conditional likelihood,
we used some arbitrary initial values for X(_, )., (the first p entries of z(i)), and
that for convenience we also replace Y(_,11)._; by some arbitrary values (the last
q— 1 entries of 2() and index our set of observations as Yo.,, (hence assuming 14n
“true” observations). The iterated function 1% (Yp.;) can be cumbersome but is very
easy to compute in practice using the recursion (2.8). Moreover, the same kind of
recursion holds for its derivatives with respect to 6, allowing one to apply gradient
steps to locally maximize the likelihood.

In this contribution, we investigate the convergence of éz(i))n as n — oo for some
(well-chosen) value of z() under the assumption that the model is well specified
and the observations are in the steady state. The first problem to solve in this line
of results is thus to show the following.

(A-1) For all 8 € O, there exists a unique stationary solution satisfying (2.1).
This ergodic property is the cornerstone for making statistical inference theory
work and we provide simple general conditions in Section 3.2. We now introduce
the notation that will allow us to refer to the stationary distribution of the model
throughout the paper.

Definition 3. If (A-1) holds, then

a) P denotes the distribution on ((X x Y)Z, (X x Y)®%) of the stationary

solution of (2.1) extended on k € Z, with Fj, = 0(X ootk Y- o0:(k—1));

b) P? denotes the projection of P? on the component YZ.
We also use the symbols EY and E? to denote the expectations corresponding to P?
and P?, respectively. We further denote by 7rf( and 7T$ the marginal distributions of
Xo and Yy under P?, on (X, X) and (Y, D), respectively. Moreover, for all 8,6’ € O,
we write 8 ~ @' if and only if P? = PY. This defines an equivalence relation on
the parameter set © and the corresponding equivalence class of 6 is denoted by

0] :={0'€©: 6~0}.
The equivalence relationship ~ was introduced by [29] as an alternative to the

classical identifiability condition. Namely, we say that 6
consistent at the true parameter 6, if

@, 18 equivalence-class
,

(2.12) lim A0, ,,[0]) =0, P%-as.

n—r oo

Identifiabity can then be treated as a separate problem which consists in determin-
ing all the parameters 6, for which [f,] is reduced to the singleton {6,}, so that
equivalence-class consistency becomes the usual consistency at and only at these
parameters. The identifibility problem is treated in [15] for general order ODMs.
In the case of an LODM, for 0, = (9%, ¢*) with ¥* = (w*, a7, b7,,), the following
conditions for having [04] = {0, } are derived and will also be useful hereafter.
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(IF1) For all 8 = (¥, ) € © with ¥ = (w, a1:p, b1:g), We have a1, € Sp.
(I-2) The polynomials Py (-;af,,) and Qq(+;b}.,) have no common complex roots.

In these assumptions, we used the following definitions:

p
(2.13) Sy = {cl:p €RP:Vz e C,l|z| <1 implies 1 — chzk # 0} ,

k=1

P,(z;a1.p) = 2P — Zakzp k and Qq(z;01:4) = Zbk.ﬁrl L2171k
k=1

Condition (I-1) is often referred to as the invertibility condition, see [38].

As a byproduct of the proof of (A-1), one usually obtains a function Vx : X — R4
of interest, common to all 8 € O, such that the following property holds on the
stationary distribution (see Section 3.2).

(A-2) For all 6 € ©, % (Vx) < oo.

It is here stated as an assumption for convenience. Note also that, in the following,
for V. X — R and f: X — Ry, we denote the V-norm of f by

|f|v—sup{%:xex},

with the convention 0/0 = 0 and we write f < V if |f|y < co. With this notation,
under (A-2), for any f : X — R such that f < Vi, 7%(|f]) < oo holds, and
similarly, since ¢ = 74 GY as a consequence of (2.1), for any f : Y — R such that
GO(|f]) < Vx, we have 74 (|f|) < oo.

2.2. Two examples. To motivate our general results we first explicit two models of
interest, namely, the log-linear Poisson GARCH(p, ¢) and the NBIN-GARCH(p, q)
models. To the best of our knowledge, the stationarity and ergodicity as well as the
asymptotic properties of the MLE for the general log-linear Poisson GARCH(p, q)
and NBIN-GARCH(p, ¢) models have not been derived so far. Formally, our first
example is the following.

Example 1. The Log-linear Poisson GARCH(p, ¢) Model is an LODM(p, q) pa-
rameterized by 6 = (w, a1, b1.4) € © C RPTIT! with observations space Y = Z
and hidden variables space X = R, and with admissible mapping Y(y) = In(1 + y),
and G(z,-) is the Poisson distribution with mean e*, that is, v is the counting
measure on Z, and ¢?(z;y) = e"¥=¢" /(y!).

Our next example is the NBIN-GARCH(p, q).

Example 2. The NBIN-GARCH(p, ¢) model is an LODM(p, ¢) parameterized by
0 = (w,a1,b1:4,7) € © C RY X RTFQ x R% with observations space Y = Z, and
hidden variables space X = R, and with admissible mapping Y (y) = y, and G(=, -)
is the the negative binomial distribution with shape parameter r > 0 and mean r z,
that is, v is the counting measure on Z, and

(214) o) =D () (H2)

y!T(r) \1+= 1+

Our condition for showing the ergodicity of general order log-linear Poisson
GARCH models requires the following definition. For all x = x(1_(,vq)):0 € RPVY,
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m € Zy, and w = W(_gq1)m € {0,137, define 159<w>(:1:) as Tp,11 obtained by
the recursion

)4 q
(215) T = Zaj Tk—j + ij Wk—j Thk—j 1 S k S m+1
j=1 j=1

We can now state our result on general order log-linear Poisson GARCH models.

Theorem 4. Consider the log-linear Poisson GARCH(p,q) model, which satisfies
Eq. (2.1) under the setting of Example 1. Suppose that, for all 8 € ©, we have

(2.16) "}E)noo max {’zﬁ%w)(m)’ cw € {0, 1}q+m} =0 forallz € RPVY .

Then we have the following.

(i) For all 0 € ©, there exists a unique stationary solution {(Xy,Ys) : k € Z4}
to (2.1), that is, (A-1) holds. Moreover, for any 7 > 0, (A-2) holds with
Vx : R — Ry defined by

(2.17) Vx(z) =e™®l,  zeR.

(ii) Let 6, € ©. For any xgi) € R and yii) € Z,, setting 2z =
(xgi), e ,:zrgi), T(ygi)), e ,T(ygi))) € RP x R9™L, the MLE 0 as defined
by (2.10) is equivalence-class consistent.

(i) If the true parameter 0, = (w*,aj,,,b7,,) moreover satisfies (1-2), then the
MLE 0

2 n

L), 18 consistent.
,

The proof is postponed to Section 4.5.

Remark 2. Let us provide some insights about Condition (2.16).

(1) Using the two possible constant sequences w, wy = 0 for all k or wy = 1
for all k in (2.15), we easily see that (2.16) implies

arp €Sp and  a1:(pvg) + b1:(pvg) € Spvg 5

where we used the usual convention ax = 0 for p < k < ¢ and b = 0 for
q<k<p.
(2) A sufficient condition to have (2.16) is

(2.18) sup{‘$9<w>(x)‘ we {0,1}9, z € [-1, 1]qu} <1.
Indeed, defining p as the left-hand side of the previous display, we clearly
have, for all m > pV g, w € {0,1}97™ and = € RPVY,
[0 (w)(@)| < p max { |3 (w')(@)] s’ € {0,137 9,1 < j < pv g} .
(3) The first iteration (2.15) implies, for all w € {0,1}4 and = € [—1,1]PV9,

pVq

|07 (w) ()] < [Z(Iakl V |a + bx|)

k=1

Hence a sufficient condition to have (2.18) (and thus (2.16)) is

pVq

(2.19) > (an| Vlak +bel) < 1.
k=1
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(4) When p = ¢ = 1, by Points (1) and (3) above, Condition (2.16) is equivalent
to have |a1] < 1 and |ay + b1| < 1. This condition is weaker than the one
derived in [12] where |b1] < 1 is also imposed.

We now state our result for general order NBIN-GARCH model.

Theorem 5. Consider the NBIN-GARCH(p,q) model, which satisfies Eq. (2.1)
under the setting of Example 2. Suppose that, for all 0 = (w,a1.p,b1.4,7) € O, we
have

p q
(2.20) S ap+r Y bp<l
k=1 k=1

Then the following assertions hold.

(i) For all € O, there exists a unique stationary solution to (2.1), that
is, (A-1) holds. Moreover, (A-2) holds with Vx(x) = x for all x € Ry.

(i) Let 6, € ©. For any xgi) € R and yii) € Zy, setting 2z =
(xgi),...,:zrgi),ygi),-u ,ygi)) e R} x Z?fl, the MLE 6 as defined
by (2.10) is equivalence-class consistent.

(i) If the true parameter 0, = (w*,aj,,, b3, ™) moreover satisfies Condi-

tion (1-2), then the MLE 0

2

L), 18 consistent.
;

The proof is postponed to Section 4.6.

Remark 3. Clearly, under the setting of Example 2, if Eq. (2.1) has a stationary
solution such that y = [z mx(dz) < oo, taking the expectation on both sides of
the second equation in (2.1) and using that [ymy(dy) = r [ @ 7x(dz), then (2.20)
must hold, in which case we get

P q -1
uz(l—Zak—i—r Zbk> .
k=1 k=1

Hence (2.20) is in fact necessary and sufficient to get a stationary solution admitting
a finite first moment, as was already observed in [45, Theorem 1] although the
ergodicity is not proven in this reference. However, we believe that, similarly to the
classical GARCH(p, q) processes, we can find stationary solutions to Eq. (2.1) in
the case where (2.20) does not hold. This is left for future work.

Remark 4. The consistency of the MLE in Theorems 4 and 5 paves the way for
investigating its asymptotic normality. This is done for these two examples in [37,
Proposition 5.4.7(iii) and Proposition 5.4.15].

3. GENERAL RESULTS

3.1. Preliminaries. In the well-specified setting, a general result on the consis-
tency of the MLE for a class of first-order ODMs has been obtained in [12]. Let us
briefly describe the approach used to establish the convergence of the MLE éz(i),n
in this reference and in the present contribution for higher order ODMs. Let 6, € ©
denote the true parameter. The consistency of the MLE is obtained through the
following steps.
Step 1 Find sufficient conditions for the ergodic property (A-1) of the model.
Then the convergence of the MLE to 6, is studied under P% as defined
in Definition 3.
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Step 2 Establish that, as the number of observations n — co, the normalized log-

likelihood Lz(i) ,, as defined in (2.11), for some well-chosen 20 € XP, can be

approximated by

nil Z lnpg(yk|y—oo:k—l)7
k=1

where p(-|-) is a P?*-a.s. finite real-valued measurable function defined on
(YZ, Y®ZL). To define p(-|-), we set, for all y_o0.0 € YZ- and y € Y, whenever
the following limit is well defined,

(3.1) P (Yl y-oc0) = lim_g” (¥"(y mo)(z¥);y) -

Step 3 By (A-1), the observed process {Y; : k € Z} is ergodic under P?* and
provided that
K%+ [11(1‘L p‘g(Y1|Y_OO;0)] < 00,
it then follows that

lim LY =E%* [lnpe(Y1|Y_oo;0ﬂ . Plras.
n— o0

20 n

Step 4 Using an additional argument (similar to that in [34]), deduce that the

MLE 6 defined by (2.10) eventually lies in any given neighborhood of
the set

(32) 0, = argmax R’ [Inp? (Y1]Y_ 0]
9c0

2z n

which only depends on 6,, establishing that
0,) =0, P%-a.s.,

(3.3) lim A6

(1) mo
n—00 2L

where A is the metric endowing the parameter space ©.

Step 5 Establish that ©, defined in (3.2) reduces to the equivalent class [6,] of
Definition 3. The convergence (3.3) is then called the equivalence class con-
sistency of the MLE.

Step 6 Establish that [6,] reduces to the singleton {f,}. The convergence (3.3) is
then called the strong consistency of the MLE.

In [14], we provided easy-to-check conditions on first order ODMs for obtaining
Step 1 to Step 4. See [14, Theorem 2] for Step 1, and [14, Theorem 1] for the
following steps. In [13], we proved a general result for partially observed Markov
chains, which include first order ODMs, in order to get Step 5, see Theorem 1 in
this reference. Finally Step 6 is often carried out using particular means adapted
to the precise considered model.

We present in Section 3.2 our conditions from achieving ergodicity (Step 1) and,
in Section 3.3, we adapt the conditions already used in [14, 13] to carry out Step 2
to Step 5 for first order model to higher order ODMs.

Using the embedding described in Section 4.1, all the steps from Step 1 to
Step 5 can in principle be obtained by applying the existing results to the first
order ODMs in which the original higher order model is embedded. This approach
is indeed successful, up to some straightforward adaptation, for Step 2 to Step 5.
Ergodicity in Step 1 requires a deeper analysis that constitutes the main part of
this contribution. As for Step 6, it is treated in [15].
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3.2. Ergodicity. In this section, we provide conditions that yield stationarity and
ergodicity of the Markov chain {(Zy,Y%) : k € Zi}, that is, we check (A-1)
and (A-2). We will set 6 to be an arbitrary value in © and since this is a “for
all 6 (...)” condition, to save space and alleviate the notational burden, we will
drop the superscript 6 from, for example, G? and ¢ and respectively write G and
1, instead.

Ergodicity of Markov chains are usually studied using ¢-irreducibility. This ap-
proach is well known to be quite efficient when dealing with fully dominated models;
see [32]. It is not at all the same picture for integer-valued observation-driven mod-
els, where other tools need to be invoked; see [18, 12, 14] for ODMs(1,1). Here we
extend these results for general order ODMs(p, ¢). Let us now introduce our list of
assumptions. They will be further commented hereafter.

We need some metric on the space Z and assume the following.

(A-3) The o-fields X and U are Borel ones, respectively associated to (X,dx) and
(U, dy), both assumed to be complete and separable metric spaces.

Recall that any finite Y-valued sequence y, 1?(y) is defined by (2.9) with the re-
cursion (2.8). Define, for all n € Z% , the Lipschitz constant for % (y), uniform over
yeyn,

ox (V% (y) (2), v (W) (=)
0z(z,2")

(3.4) Lip? = sup{ (2,7,y) € 2% x Y”} ,

where we set, for all v € Z2,

(3.5) dz(v) = (max axongm)) \ < max Oy OH§2(U)) :

1<k<p p<k<p+q

We use the following assumption on the link function.
(A-4) For all 6 € ©, we have Lip{ < oo and Lip? — 0 as n — oc.

The following assumption is mainly related to the observation kernel G. It partly
relies on the iterates of the link functions defined in (2.9), but expressed using
Ug:(n—1) instead of yo.(,—1). Namely, notice that z,, in (2.8) can also be defined as
a measurable function of z and w.(,—1), hence we can define

(3.6) 1/~Je<u0;(n_1)>(z) =y, , With ug.(n—1), Tn defined by (2.8)
so that ¥ (Yo.(n-1))(2) = (X" (yo:(n—1))) () for all z € Z and yo.(n—1) € Y". The
assumption on G reads as follows.

(A-5) The space (X, dx) is locally compact and if ¢ > 1, so is (U, dy). For all z € X,
there exists § > 0 such that

(3.7) /sup {9(z',y) : 6x(2',2) < 6} v(dy) < oo .

Moreover, one of the two following assertions hold.

(a) The kernel G is strong Feller.

(b) The kernel G is weak Feller and the function u — 1 (u)(z) defined in (3.6)
is continuous on U for all z € Z.

Next, we consider a classical drift condition used for showing the existence of an
invariant probability distribution.
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(A-6) There exist measurable functions Vx : X — Ry and Vi : U — R such that,
setting Vo = Vy o X, GW& < Vi, {Vx < M} is compact for any M > 0, and
sois {WW <M} ifg>1,and

(3.8) A S STV Gy 0

where we defined

Vu(Il (2))
(3.9) V(z) = max {V(H (z)),i}
G L O

The following condition is used to show the existence of a reachable point.

(A-7) One of the two following assertions hold.
(a) There exists yo € Y such that v({yo}) > 0.
(b) The function (z,y) — 1, (z) is continuous on XP x Y9,

The last assumption is used to show the uniqueness of the invariant probability
measure, through a coupling argument. It requires the following definition, used
in a coupling argument. For any initial distribution £ on (Z2, Z29?), let E¢ denote
the expectation (operator) assoiciated to the distribution of { Xy, X;, Yy, Y/, : k>
wZ k> _Q} SatiSfying (X(*;DJrl):OaYv(qurl):fluX€,p+1):ouyv(/7q+1);71) ~ § and, for
all k € Zy,
YMF;C ~ G(d)(Xk,X;C), ) and Yk/ = Yk y
(3.10) Xit1 = V¥ iy Xh—pr1):k)

XI/chl = 1/}Y(/k—q+1):k (Xékprrl):k) :

where 7} = o (X(*]oJrl):k7 S/v(/qurl):(kfl)’Xéprrl):k’ Y(qurl):(kfl))'

(A-8) There exist measurable functions o : X? — [0,1], ¢ : X2 — X, a Wx :
X2 — [1,00) and Wy : U — R, such that, setting Wy = Wy o T, we have
(GWy) o ¢ < Wx and the threee following assertions hold.

(i) Forall (z,2') e X*and y €,

(3.11) min {g(x;y), g(z";9)} > a(x, 2" )g (p(z,2');y) .
(i) The function W is symmetric on X2, Wx(x,-) is locally bounded for all
x € X, and Wy is locally bounded on U.
(iii) We have 1 —a < 8x x Wx on X2.
And, defining, for all v = (2, 2/) € Z2,
Wy (Il ()  1<k<p }

1 2e{z,2'}

3.12 W (v) = max { Wy o II®?(v),
( ) ( ) { X k ( ) |GWYO¢|WX p<Ll<pt+q

one of the two following assertions holds.

. . . 1 Ev [WX(Xm XT/l)]
(iv) Clirxgo 11£s;pﬁ In 522% 0 <0.

exists 7 > 1 such that sup E, [Wx(X,, X\)] /W7 (v) < cc.

veZ?

= 0 and, for all r = 1,2,..., there

Remark 5. Let us comment briefly on these assumptions.
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(1) By [15, Remark 2], for an LODM(p, q) (A-4) is equivalent to (I-1).

(2) If ¢ = 1, the terms depending on ¢ both in (3.9) and (3.12) vanish. We can
take Viy = Wy = 0 without loss of generality in this case.

(3) Recall that a kernel is strong (resp. weak) Feller if it maps any bounded
measurable (resp. bounded continuous) function to a bounded continuous
function. By Scheffé’s lemma, a sufficient condition for G to be weak Feller
is to have that z — g(z;y) is continuous on X for all y € Y. But then (3.7)
gives that G is also strong Feller by dominated convergence.

(4) Note that Condition (3.7) hold when G(z,-) is taken among an exponential
family with natural parameter continuously depending on x and valued
within the open set of natural parameters, in which case G is also strong
Feller. We are in this situation for both Examples 1 and 2.

We can now state the main ergodicity result.

Theorem 6. Let P, be defined as PY in Definition 1. Conditions (A-3),
(A-4), (A-5), (A-6), (A-7) and (A-8) imply that there exists a unique initial dis-
tribution m which makes Pr shift invariant. Moreover it satisfies Er[Vx(Xo)] < oc.
Hence, provided that these assumptions hold at each 6 € ©, they imply (A-1)
and (A-2).

For convenience, we postpone this proof to Section 4.3.

The following lemma provides a general way for constructing the instrumental
functions a and ¢ that appear in (A-8). The proof can be easily adapted from [14,
Lemma 1] and is thus omitted.

Lemma 7. Suppose that X = C° for some measurable space (S,S) and C C R. Thus
for all x € X, we write x = (5)scs, where x5 € C for all s € S. Suppose moreover
that for all x = (x4)ses € X, we can express the conditional density g(x;-) as a
mixzture of densities of the form j(zs)h(xs;-) over s € S. This means that for all
t e C,y jt)h(t;y) is a density with respect to v and there exists a probability
measure p on (S,S) such that

(3.13) oasy) = /S J(eh(@syu(ds), yeY.

We moreover assume that h takes nonnegative values and that one of the two fol-
lowing assumptions holds.

(H'-1) For all y €Y, the function h(-;y) : t — h(t;y) is nondecreasing.

(H'-2) For all y €Y, the function h(-;y) : t — h(t;y) is nonincreasing.

For all z,2' € X3, we denote x A2’ := (x5 A2))ses and 2V ' = (x5 V ') ses and
we define

a(z,2’) = inf and  ¢(x,2') =z Az’ under (H'-1);

jlas v
ses | j(zs ANz
J(xs A

a(z,2') = inf and ¢(z,z')=x Va2  under (H-2).

ses | j(zs V)
Then « and ¢ defined above satisfy (A-8)(i).
3.3. Convergence of the MLE. Once the ergodicity of the model is established,

one can derive the asymptotic behavior of the MLE, provided some regularity
and moment condition holds for going through Step 2 to Step 5, as described
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in Section 3.1. These steps are carried out using [14, Theorem 1] and [13, Theo-
rem 3|, written for general ODMs(1,1). The adaptation to higher order ODMs(p, q)
will follow easily from the embedding of Section 4.1. We consider the following
assumptions, the last of which uses Vx as introduced in Definition 3 under As-
sumptions (A-1) and (A-2).
(B-1) For all y €Y, the function (0, ) — ¢?(x;y) is continuous on © x X.
(B-2) For all y €Y, the function (6, 2) — 1?(y)(2) is continuous on © x Z.
(B-3) There exist xgi) € X, yg) €Y, aclosed set X; C X, C > 0 and a measurable
function ¢ : Y — R, such that the following assertions hold setting z() =
(xgi), ey :Cgi), T(yii)), cee T(yii))) e XP x T(Y)P~1L.
(i) Forall @ € © and (z,y) € Zx Y, ¥/ (y)(2) € X;.
(ii) sup  g’(x;y) < oo
(0,7,9)€OX X1 XY
(ii) For all y € Y and 6 € ©, 8x (2, (1) (=) v 6u(T(), T(w))) <

o(y)-
(iv) Forall 8 € © and (z,2',y) € X1 x X1 XY,

0 . .
g \ry C (6x m(ll),m 5x mgl),m' I
Ba1) | G < (oo (T ) g,
(v) H(u) =0O(u) as u — 0. B
(vi) If C =0, then, for all 6 € ©, G’ In" ¢ < Vx. Otherwise, for all 6 € ©,
Gl < Wi

Remark 6. If we consider an LODM as in Definition 1, Condition (B-2) is obvious
and (B-3) (iii) reduces to impose that ¢(y) > A + B|Y(y)| for some non-negative
constants A and B only depending on xgi) and on (the compact set) ©.
Remark 7. In the case where the observations are discrete, one usually take v to be
the counting measure on the at most countable space Y. In this case, ¢°(z;y) € [0,1]
for all #, 2 and y and Condition (B-3)(ii) trivially holds whatever X; is.

We have the following result, whose proof is postponed to Section 4.4.

Theorem 8. Consider an ODM(p,q) for some p,q > 1 satisfying (A-4). As-
sume that (A-1), (A-2), (B-1), (B-2) and (B-3) hold. Then the MLE ézm,n defined
by (2.10) is equivalence-class consistent, that is, the convergence (2.12) holds for
any 0, € ©.

4. POSTPONED PROOFS

4.1. Embedding into an observation-driven model of order (1,1). A sim-
plifying and unifying step is to embed the general order case into the order (1,1)
by augmenting the state space. Consider an ODM as in Definition 1. For all y € Y,
we define kllg :Z—Zby

200 VU Y) (2), 2pa2)(prg_1), T())  ifg>1
(1) W0z = 2 (2 0< )(2): 2 2)i(p+a-1), T(©)) i

(22:177 (0 <y)(2)) ifg=1.
We further denote the successive composition of \I/ZO, \Ilzl, ..., and \Ilzk by

(4.2) V¥ youk) = Wy, oWy, oo Wy

Ye—1
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Note in particular that 1/%(yo.x) defined by (2.9) with the recursion (2.8) can be
written as

(4.3) VW {yo.x) = I, 0 U (yo.x)

Conversely, we have, for all k > 0 and yo.,, € YF+!,

(44) \Ije<y0k>(z) = ((¢0<y0:j>(z))k_p<jgk 7u(k—q+2):k) )

where we set u; = 44, (2) for —¢ < j < —1 and u; = T(y;) for 0 < j < k
and use the convention 1%(yo.;)(2) = I,—; (2) for —p < j < 0. By letting Z, =
(X (h—pt1):k> Uth—q+1): (k1)) (see (2.5)), Model (2.1) can be rewritten as, for all
keZs,

Vi | Fr ~ H(Z; ),

(4.5)
Zyy1 =V, (Zk),

where for all z = (21:(p14-1)) € Z,
(4.6) HY(z;-) == G°(TL, (2);-) -

By this representation, the ODM(p, ¢) is thus embedded in an ODM(1,1). This in
principle allows us to apply the same results obtained for the class of ODMs(1,1) to
the broader class of ODMs(p, ¢). As an ODM(1, 1), the bivariate process {(Zj, Y%) :
k € Z,} is a Markov chain on the space (Z x Y, Z ® ))) with transition kernel K
satisfying, for all (z,y) € ZxY, A€ Z and B € ),

(4.7) K%((,y); A x B) = / Lies(¥8(2), ') GO(IT, (=) dy).

Remark 8. Note that (A-1) is equivalent to saying that the transition kernel K
of the complete chain admits a unique invariant probability measure 7% on Z x Y.
Moreover the resulting 7% and ¢ can be obtained by projecting 7% on any of its X
component and any of its Y component, respectively.

Note also that, by itself, the process {Zy, : k € Z;} is a Markov chain on (Z, Z)
with transition kernel RY defined by setting, for all z € Z and A € Z,

(48)  R'(z4)= / 14(00 () B (2; dy) = / 14( ()G (1T, (=) ; dy).

4.2. Some additional notation. We introduce some algebra notation that will
be used hereafter. The transpose of a matrix M is denoted by M7, the identity
matrix of order n by I,, (or simply I), the max norm of z € RPTI~1 by

[2loc = max {Ilj (2): 1 <k<p+4+gq—1}.

We further write €; for the j-th canonical vector in RPT471 1 < j < p+ ¢, so
that II; (z) = E;fpz. For given coefficients w, a1, ..., ap, b1, ..., by, we define the
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(p + g — 1)-square matrix

0 1 0 0 0 0 0 0 O
0 0 1 0 0 0 0 0 0
0 0 0 1 0 0 0 0 0
0 0 0 0 1 0 0 0 O
A= ap Aap—1 Gp-2 0Aap-3 aq bq bq,1 b3 b2 5
0 0 0 0 0 0 1 0 0
0 0 0 0 0 0 0 0 O
0 0 0 0 0 0 0 0 1
0 0 0 0 0 0 0 0

and the (p + ¢ — 1)-dimensional vectors b and w by

b =bie, + €ptg-1,

W = WEep.

In the case ¢ = 1, we adopt the following convention: A reduces to its top-left
p-square bloc and b reduces to bie,. In particular, in the case p=¢ =1, A, b and
w reduce to A = a1, b = b; and w = w, respectively.

We further denote by A, b, and w, the corresponding values of A, b and
w at (w,a1p,b1,4) = (w*,aj,,by,), respectively. Recall the notation convention
0 = (9, ¢) with ¥ = (w, a1.p, b1.¢) in Definition 1. We use the corresponding one for
Ox: O0x = (Vs, i) with 9, = (w*, af,,,b7,,)-

4.3. Proof of Theorem 6. The scheme of proof of this theorem is somewhat sim-
ilar to that of [14, Theorem 2] which is dedicated to the ergodicity of ODM(1,1)
processes. The main difference is that we need to rely on assumptions involving
iterates of kernels such as (E-2), (A-4) and (A-8)(iv) below, to be compared with
their counterparts (A-4), (A-7) and (A-8)(iv) in [14, Theorem 2]). Using the em-
bedding of Section 4.1, we will use the following conditions directly applying to the
kernel R of this embedding.

(E-1) The space (Z,d7) is a locally compact and complete separable metric space.

(E-2) There exists a positive integer m such that the Markov kernel R™ is weak
Feller. Moreover, there exist (A, 3) € (0,1) x Ry and a measurable function
V :Z — Ry such that R™V < AV 4 8 and {V < M} is a compact set for
any M > 0.

(E-3) The Markov kernel R admits a reachable point, that is, there exists zo, € Z
such that, for any z € Z and any neighborhood N of zo,, R™ (2, N') > 0 for
at least one positive integer m.

(E-4) There exists a Markov kernel R on (Z2 x {0,1}, 292 ® P({0,1})), a Markov
kernel R on (Z2, Z%2), measurable functions & : Z2 — [0,1] and W : Z2 —
[1,00) symmetric, and real numbers (D, (1, (2, p) € (R4)3 x (0,1) such that
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for all v = (2,2',u) € X2 x {0,1} and n > 1,

(4.9) l—a<dézxW onZ?,

(4.10) Vz €Z, Iy >0, sup{W(z,2):02(2,2') <7} < o0,
R(v;- xZx{0,1}) = R(z,-) and

(4.11) {R(U;Z x+x{0,1}) = R(#, "),

(4.12) R(v;- x {1}) = a(z,2) R((2,2"), ) ,

(4.13) R™((2,2');67) < Dp"b7(z,7") ,

(4.14) R™((2,2'); 82 x W) < Dp"d5' (2, 2") W (z,2') .

Based on these conditions, we can rely on the two following results. The existence
of an invariant probability measure for R is given by the following result.

Lemma 9. Under (E-1) and (E-2), R admits an invariant distribution m; moreover,
TV < oo.

Proof. By [42, Theorem 2|, Assumption (E-2) implies that the transition kernel
R™ admits an invariant probability distribution denoted hereafter by m,,. Let & be
defined by, for all A € Z,

T(A) = % > mmRE(A).
k=1

Obviously, we have 7R = 7, which shows that R admits an invariant probability
distribution 7. Now let M > 0. Then by Jensen’s inequality, we have for all n € Z,

#V AM) =#R"™(V A M) < 7#((R"™V) A M)
p

< )\"fr(V/\M)+ﬁ A M.
Letting n — oo, we then obtain #(V A M) < % A M. Finally, by the monotone
convergence theorem, letting M — oo, we get 7V < oo. (]

Proposition 10. Assume (E-1) (E-3) and (E-4). Then the Markov kernel R admits

at most one unique invariant probability measure.

Proof. This is extracted from the uniqueness part of the proof of [12, Theorem 6],
see their Section 3. Note that our Condition (E-3) corresponds to their condition
(A2) and our Condition (E-4) to their condition (A3) (their o, @, Q and Q* being
our &, R, R and R) O

Hence it is now clear that the conclusion of Theorem 6 holds if we can apply
both Lemma 9 and Proposition 10. This is done according to the following succes-
sive steps.

Step 1 Under (A-3), the metric (3.5) makes (Z, §z) locally compact, complete and
separable, hence (E-1) holds true.

Step 2 Prove (E-2): this is done in Lemma 11 using (A-3), (A-5), (A-6) and the fact
that, for all y € Y, 9 (y) is continuous on Z, as a consequence of Lip; < 0o
in (A-4).

Step 3 Prove (E-3): this is done in Lemma 12, using (A-3), (A-4) and (A-7).
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Step 4 Define @ and prove (4.9) and (4.10) in (E-4) with W as in (3.12): this
directly follows from Conditions (A-8)(ii) and(A-8)(iii).

Step 5 Provide an explicit construction for R and R satisfying (4.11) and (4.12)
n (E-4): this is done in Lemma 13 using (A-8)(i);

Step 6 Finally, we need to establish the additional properties of this R required
n (E-4), namely, (4.13) and (4.14). This will be done in the final part of
this section using the additional Lemma 14.

Let us start with Step 2.

Lemma 11. If for all y € Y, ¥ (y) is continuous on Z, then (A-5) and (A-6)
imply (E-2).

Proof. We first show that R is weak Feller, hence R™ is too, for any m > 1. Let
f :Z — R be continuous and bounded. For all z = (:E(,pﬂ):o,u(,qﬂ):(,l)) ez,
Rf(z) is given by

E. [f(Z1)] = B [f(2(—pr2):00 X1, U(—gi2):(-1), T(Y0))]
= /f(ﬂﬂ(—p+2):0ﬂ/)<y>(z)aU(—q+2):(—1)7T(y)) G(xo;dy) .

Let us define f :Z xY — R by setting, for y € Y and z as above,

JZ(Za y) = f($(7p+2):07¢<y>(z)7 U(—g42):(—1)> T(y)) -
Further define F': Z x X — R by setting, for all z € Z and = € X,

ﬂa@:/7wwauﬂm.

Hence, with these definitions, we have, for all z € Z, Rf(z) = F(z,1I, (z)), and
it is now sufficient to show that F is continuous. We write, for all z, 2’ € Z and
z,x' € X, F(z',2') = F(z,x) = A(z,2',2") + B(z, z,2") with

A(z,Z',I'):/(f(Z',y)—f(z,y)) G(a';dy)
B@ww3=/f@w(mfﬂw—G@ﬂm%

Since z — f(z,y) is continuous for all y, we have A(z, 2, 2') — 0 as (2/,2') = (z, )
by (3.7) and dominated convergence. We have B(z,z,2') — 0 as 2/ — z, as a
consequence of (A-5)(a) or of (A-5)(b). Hence F is continuous and we have proved
that R™ is weak Feller for all m € Z7 .

We now show that we can find m € Z%, A € (0,1) and 8 > 0 such that R™V <
AV + f with V : Z — R, defined by (3.9). We have, for all n > g,

n B Vu(Un—k)
R"V(z) =E, Olélkai(pVX(Xn—k) llggqm
< D B (X k)] + IGW Iy Y B [ (Yai)]
0<k<p 1<k<q
<2 ) El [(Xank)]
0<k<pVgq

where we used that Vy(U,—i) = Vu(Y(Ya-k)) = W(Yn—k) and E, W (Y,—k)] =
E, [GW(Xn—k)] < [GW|y E; [Vx(Xp—)], which is valid for n — &k > 0. Now,
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by (3.8), for any A € (0,1), we can find m € Z; and M > 0 such that
E. [Vx(Xm—i)] <AV (2)+M)/(2(pVq)) for 0 < k < pVq. Hence R™V < AV +
for 8 = M. O

We now proceed with Step 3.
Lemma 12. (A-3), (A-4) and (A-7) imply (E-3).

Proof. For any y € Y and n € Z U{oo}, we denote by ¢, (y) the constant sequence
with length n whose all entries are equal to y.

Let 2,z' in Z. Denote, for all n € Z%, 2™ = ¢%(c,(y0))(2) and ™ =
¥%{cy(y0))(2'). Then, for all n € Z7,

(4.15) Ox (2™, 2M) < Lip? 67 (z,2) ,
(4.16) 07(z" Y 2y < Lip? 8 (2, \117‘30 (2)) -

By Lemma 15, the right-hand side in (4.16) is decreasing geometrically fast and
(™ converges to a point . (yo) which does not depend on z by (4.15). Set 2o, =

(woo(yo)7 SRR ¢w (y0)7 T(yo)v B T(yo)) €’ Thenu by (44) and (35)7 for any 6> 07
there exists m € Z7 such that 6z(ze0, ¥%(cin(y0))(2)) < & and thus

R™ ({2 : 62(200,2) < 6}) = Po(Zin = ¥ {cin(10))(2))
>P.(Yy =yo, VE€{1,...,m})

=[] &° (&% (cr(0)) (=) {wo}) -

If (A-7) (a) holds, then (2.3) implies GY(z; {yo}) > 0 for all x € X, and we conclude
that z, is a reachable point.

If we now assume (A-7)(b), we then have that y — ¥%(c,,(y))(2) is continuous
onY (by (4.1) and (4.2)) and thus there exists ¢’ > 0 such that, for all y such that
u(Y(y), Y(yo)) <8, 62(200, ¥ {cim(y))(2)) < 26, and thus

R™ 1 ({2 : 02(200,2) < 20}) > P.(6u(T(Y), Y(yo)) <0, 1<k <m).

Choose now yg such that v({y : du(YT(v), Y (yo)) < ¢'}) > 0 (there must be such
a yo since U is separable by (A-3)) so that (2.3) implies P,(du(Y(Yz), T(yo)) <
§'Fe) = G¥(Xo;{y : 6u(Y(y), Y(yo)) < '}) > 0 P,-as. for all k > 1. It follows
that for all £ =m,m —1,...,1, conditioning on F¢, P,(du (Y (Yx), T(y)) < ¢, 1 <
k <) = 0 implies P,(du(Y(Y%), T(yo)) < ¢’, 1 <k < {—1) = 0. We conclude
that R™ " (2; {2 : 82(200,2) < 20}) > 0 and 2. is a reachable point. O

We now proceed with Step 4. Let us define @ = o o II$%. By (3.5) and (3.12),
we have W > Wx o II$? and 8z > dx o 1132, Hence (4.9) follows from (A-8)(iii).
Condition (4.10) directly follows from (A-8)(ii) and the definition of W in (3.12).

We now proceed with Step 5.

Lemma 13. Let o : X2 — [0,1] and ¢ : X2 — X be measurable functions satisfy-
ing (A-8)(i) and define the Markov kernel R on (Z2, Z%?%) by

(4.17) Rf(v) = /onkllffz(v) G (¢poII?(v); dy) .

Then one can define a Markov kernel R on (Z2 x {0,1}, 292 @ P({0,1})) which
satisfies (4.11) and (4.12).



GENERAL-ORDER OBSERVATION-DRIVEN MODELS 19

Proof. We first define a probability kernel H from Z2 to Y®2@P({0,1}) Let (z,2') €
Z? and set © = II,, (2) and 2’ = II,, (2’). We define H((z,2');-) as the distribution
of (Y,Y’,€) drawn as follows. We first draw a random variable Y taking values in
Y with dlstnbutlon G(p(z,');-). Then we define (Y,Y”,€) by separating the two
cases, a(x,2’) =1 and a(:zc ) <
- Suppose first that oz, z ) = 1. Then by (A-8)(i), we have G(z;-) =
G(z';+) = G(¢(z,2);-). In this case, we set (Y, Y €) = (Y,Y,1).
- Suppose now that a(z,z") < 1. Then, using (3.11), the func-
tions (1 — a(:v,:v'))_l [g(x; ) — alz, 2" )g(d(z,2');)] and (1 —
a(z, ")) L g(a';+) — a(z,2')g(¢(z,2'); -)] are probability density functions
with respect to v and we draw A and A’ according to these two density
functions, respectively. We then draw € in {0, 1} with mean «(z,z’) and,
assuming Y, A, A’ and € to be independent, we set

N YY) ife=1,
(Y’Y)_{(A,A’) if € = 0.

One can easily check that the kernel H satisfies the following marginal conditions,
for all (z,2') € Z? and B € Y,

(4.18) H((z,2");BxY x{0,1}) = H(z; B) = G(Il,, (2) ; B),

' H((z,2');Y x B x {0,1}) = H(z'; B) = G(II, (') ; B),
Define the Markov kernel R on (Z% x {0,1}, 292 @ P({0,1})) by setting for all
(2,2',u) € 22 x {0,1} and A € 292 @ P({0,1}),

R((z,72,u); A) = /]IA (Uy(2), Uy (2),u1) H((2,2");dy dy’ duy).

Then (4.18) and (4.8) immediately gives (4.11). To conclude the proof we
check (4.12). We have, for all v = (2,2',u) € Z2 x {0,1} and A € 292

R(v; Ax {1}) = E [1a (Ty(Y), Uy (V) Lie=ry] ,
where Y and € are independent and distributed according to G(¢oII$?(z,2’);-) and
a Bernoulli distribution with mean @(z, ). This, and the definition of R in (4.17)
lead to (4.12). O

In order to achieve Step 6, we rely on the following result which is an adaption
of [12, Lemma 9].

Lemma 14. Assume that there exists (0, D1,€) € (0,1) x Ry x Z% such that for
all (z,2') € Z2,

(4.19) R((z,2);{0z < D18z(2,2)}) = 1,
(4.20) R ((2,2); {67 < 002(z,2")}) =1,
and that W : Z%2 — R satisfies

(4.21) lim hmsupl In sup R W(v) <0,

(=00 nsoco N veZ? WC(U) -

Then, (4.13) and (4.14) hold.
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Proof. Note that (4.19) implies, for any non-negative measurable function f on Z2,
R(6z x f) < Dy (62 X Rf) and (4.20) implies RY(8z x f) < 0(dz x RLf). Hence
for all n > 1, writing n = kf + r, where r € {0,...,£ — 1} and k € Z,, we get,

setting p’ = o'/¢,

R™(87 % f) < DI oF (az x R”f) <(AvDiy gt (az x R”f) .
Taking f = 1, we get (4.13) for any p € [p/,1). To obtain (4.14), we take f = W
and observe that (4.21) implies that, for any 6 > 1, there exists ¢ > 0 such that

sup(R"W/W¢) = O(6™). Choosing § small enough to make p'd < 1, we get (4.14)
with p =6, (¢ =1and (= (. O

We finally conclude Step 6. By Lemma 14, it remains to check Conditions (4.19)
and (4.20), and (4.21). For all £ > 1, we have R’ (v; {¥ (y1.0)®?(v) : y1.¢ € Y}) = 1.
Using (5.1), we thus get

g .
R (U;(sz < 6z(v) (]l{g<q} Vv (lpr)ﬁafm<lLlpm>) =1,
and (4.19) and (4.20) both follow from (A-4).

We now check (4.21). By (4.17) (3.10) and (3.12), for all n > ¢ and v € Z?,

R"W (v) can be written as

WA (Yor) VW (Y, )

~n . ~ I
R"W(v) = E, Joax. Wi (Xn—k: X5 k) 1Shegq |GWy © ¢y,
A Wy (Ya—i) + Wy (Y,
< ) E, [WX(Xn—ka k) + i GIfV) i)
0<k<pVq | e ¢|Wx
<3 > By [Wx(Xnok X, 4]
0<k<pVq

where we used, for n — k > 0, E,[Wy(Y,—s)] = E, (W] =

E, [GWy 0 ¢(Xpn_i, X, _,)]. We directly get that (iv) implies (4.21). As for the
two conditions in (v), the first one implies that, for any p € (0,1), there exists
m > 0 and 8 > 0 such that R™W < pW + 3, and the second one that there exists
7>1and C > 0 such that "W < CWT for all = 0,...,m — 1. Combining the
two previous bounds, we obtain, for all n = mk + r with k € Z, and 0 <r < m,

R'W < p"R'W + B/(1—p) < p*CW™ + B/(1—p) < Cry W7,

where C),, is a positive constant, not depending on n. Hence we obtain (4.21) and
the proof is concluded.

4.4. Proof of Theorem 8. We apply [14, Theorem 1] to the embedded ODM(1,1)
with hidden variable space Z derived in Section 4.1. Note that our conditions (A-1)
and (A-2) yield their condition (A-1) and (A-2) on the embedded model with

V(z) = max{Vx(zg): 1<k <p}, z=m1,H€X.

Let us briefly check that (B-2), (B-3) and (B-4) in [14] hold. Conditions (B-2)
and (B-3) correspond to our (B-1) and (B-2), noting, for the latter one, that ¥f
here corresponds to the \117‘3 defined in (4.1), inherited from the embedding. As
for (B-4) in [14], we have that (B-4)(i) and (B-4)(ii) corresponds to our (B-3)(i)
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and (B-3)(ii), but with X; in (B-4) replaced by Z; = XP~1 x X; x Y¢~1 with the
latter Xy as in (B-3). Also our condition (A-4), by Lemma 15 and (5.1) imply (B-
4)(iii) for some ¢ € (0,1) by setting ¢(2) = Cdz(21, 2) for some C > 0. This
1 is locally bounded, hence (B-4)(iv) holds. Condition (B-4)(v) follows (up to a
multiplicative constant) from (B-3)(iii) by observing that, () has constant first p

entries and constant ¢ — 1 last entries,

B (D)) = C (8x(@l v ) (D)) v ou(Tu), Tw)) -
The remaining conditions (vi), (vii) and (viii) of (B-2) follow directly from (3.14),
(v) and (vi) in (B-3). All the conditions of [14, Theorem 1] are checked and this
result gives that, for all 0,0, € O, P%-a.s., p(y|Y_o0.0) defined as in (3.1) is well
defined for all y € Y, that, if § = 0,, it is the density of Y7 given Y_ .o with respect

to v, and also that the MLE ézﬁ),n satisfies (3.3) with ©* defined by (3.2). Finally,
by [13, Theorem 3], we also obtain that ©* = [f,] and the proof is concluded.

4.5. Proof of Theorem 4. We prove (i), (ii) and (iii) successively.

Proof of (i). We apply Theorem 6 with Vi(z) = e7l#I for some arbitrary 7 > 0.
Note that Remark 2(1) give (I-1), which, by Remark 5(1), give (A-4). Remark 5(4)
gives (A-5), and (A-7)(a) is trivial in this example. Hence, it only remains to show
that (A-6), and (A-8) hold.

We start with (A-6), with Vx(z) = 7 |*|. We can further set Vi;(u) = e” 1%/, hence
W (y) = e7!m049)| and, by Lemma 18, we then have GV4 (z) < 2e(1+#+)7 50 that
|GV |y, < 2e7. With these definitions, (3.9) leads to
(4.22) Viz) > (2eT) e lFl= ez,
Now, to bound E,[Vx(X,,)] as n grows, we see Vx(X,,) as e™MZn)| with the specific
A =11, and, for any linear form A on Z, we look for a recursion relation applying

to ~
E, |:eT\>\(Z1)\:| -E |:e‘r|)\z(ln(1+V))|:| ,

where V ~ P(e»(*)) and, for all 2 = (2(_p11):0: Y(—g+1):(-1))s A= : R = Ris defined
by

(4.23) Az (Y0) = AT (—pr2):0, ¥ (W0)(2), Y(—g+1):(~1)» Yo) -

Observing that A, is an affine function, of the form S\Z(y) = g + Yy, we can apply
Lemma 18 with ¢ = z¢ (and the trivial bound || V |9g + 94| < [Fo| V [P0 + 9¢])
and obtain that

E, [efu(zl)\} < e (|2 (0)(2)|[V[Ae¥ (1)(2)]) <c oT 2o (0)(2)] +eT|Ao®<1>(z)| :

where we set ¢ = 2¢7t and, for w = 0,1 and all z € Z, W (w)(z) is defined by
U (w)(2) = (T(_pt2y:0s T1,Y(—g+2):—1,Y0) With

Topyr =1 (2) for 1<k<p,

Yogii =i (2) for 1<k<gq,

up=wzre and wui_p="V(y1—x) for 1<k<gq,

p q
xr] = E ap T1—k + E br uy, .
k=1 k=1
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~ ~

Defining for all w = wo.—1 € {0,1}", U (w) = U(w,_1) o ... U (wp), we get

(4.24) E (X)) <em Y Mot
we{0,1}m™
Now observe that, for all w = womiq—1 € {0,1}"7% we can define II, o

~

U (wo:(n4q—1)) (2) @8 Tpyq obtained by adding to the previous recursive equations,
for 1 <k <n+gq,

p q
up = wgrr and Tgyq = E aj Trp41—j5 + E bj upy1—j -
j=1 j=1

Note that, in this recursion, we can replace ugyi1—; by Wit1—jTp+1—; for k +
1 —j > 0, hence x4 (,4q) satisfies the recursion (2.15) and it follows that

IT, o @(wo:(n+q_1)>(z) can be expressed as

1z)\<wq:(n+q—l)> ((Hp—(f—qﬂ (@ <w0:(q_€)+>(z))>1<e<qu) '

Hence Condition (2.16) implies that, for all z € Z,

:we{0,1}”}:0.

n—oo

lim sup { ‘Hp o U (w)(z)

By linearity of z — U (w)(z), it follows that

(4.25) lim sup {|z|;01 II, o @(w)(z)‘ cw e {0,1}", z€Z\ {O}} =0.
n—oo

Hence using (4.24), we finally obtain for a positive sequence {p, : n € Z,},

E.[Vx(Xn)] < (20)" €777 l#l | with  lim p, =0,
n—oo

which, with (4.22), leads to, for all z € Z and M > 0,
E, [VX (Xn)]
M+ V(z)

Let C' > 0 be arbitrarily chosen. Using the first term and the second term in this

min for |z]oc < C and |z|e > C respectively, we get that, for any n such that
pn <1,

< (2¢)" min (Mﬁle”)" 2l (267-)_1 e (Pn—1) MOO) )

lim sup sup w
M—oo zez M +V(2)
Using that {p, : n € Z;} converges to 0, this holds for n large enough and we
get (3.8), and (A-6) holds.
We now turn to the proof of (A-8). We can apply Lemma 7 with C =R = X and
S = {1}, u being the Dirac mass at point 1. For all (z,y) € X x Y, let j(z) = e~

< (20)" (2e7) 1 eT (P L 0as C — 0.

and h(z;u) = %, which h satisfies (H'-1). Hence Lemma 7 gives that (A-8)(i)
holds with
. e_eIVI/ _‘em_em/ ) / )
a(r,r') = ——= =e and ¢(z,z') =z Az, z,x e X.
e*C
Now for all z, 2’ € X, we have
1—a(z,2')=1- e_|ez_ex < e —e*'| < el VIE'l |z — o/
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We thus obtain (A-8)(iii) by setting Wx (z,2") = el*IVI#| and (A-8)(ii) also follows
by setting Wy (y) = el¥l. Since Wy is Viy with 7 = 1, we already saw that GWy (z) <
2e' T+ hence |[Wy o @[y, < 2e, and (3.12) leads to, for all 2, 2’ in Z,

(4.26) W(z,2') > (2¢) tel#lVIZle |

It now remains to prove either (A-8)(iv) or (A-8)(v), which both involve
E. [Wx(X,, X},)]. We proceed as previously when we bounded E. [e7A(ZDI]. Let
7 > 1. For any linear function \ : Z2 — Z2, we have, for all v = (z, 2/) € Z2,

R, em(zmvwz)\} <R, {efwznq TR, {efwzoq

—F |:eT|5\z(1n(l+V))|:| +E |:eT|5\z/(1n(l+V))|:| ,

where V' ~ P(e¢°n§2(”)) and )\, is defined by (4.23). By definition of ¢ above,
we have ¢ o II¥?(v) < II, (2) 11, (2). Hence Lemma 18 with ¢ = ¢ o II3?(v) and
¢ = 1I, (2) and II, (2) successively, we obtain, similarly as before for bounding
E. [e"*(Z)I] ] that for all v = (2, 2') € Z2,

R, {ef<|x<zl>|vu<21>\>} <e ¥ % T[0T (w) (=]

2"=z,z" w=0,1

(4.27) <2 Y o7 (AT (w) ()] V[ AT (w)(=)])

w=0,1
Taking A = II,,, and observing that II, o T (w) is a linear form for w = 0, 1, we get,
setting co = max,—o,18up| ;| <1 |p o ¥(w)(2)], for all v = (z,2) € z2,
(4.28) By (Wi (X1, X))] < dee™ Pl with [v]ae := [2]oo V |2]os -

Thus, with (4.26), the second condition of (A-8)(v) holds with 7/ = 7(co V 1). To
conclude, it is now sufficient to show that the first condition of (A-8)(v) also holds.
Iterating (4.27) and taking 7 = 1 and A = II,, we thus get, for all n € Z, and
v=(z2)€Z?

B, [Wx(Xn, X.)] = B, [eM(zn)\vM(zmq
< (4¢)"™ max {e|HT’°®<w>(z)|v|HP°@<w>(z,)| rw € {0, 1}”} :
Applying (4.25) and (4.26), we get that, for all v € Z2,

ePnr |'U‘OO

Ev [WX(XnaX:z)]
M+ W (v)

< (4e)™ min{ , (2e) elPn 1) vlw} ,

where {p,, : n € Z,} is a positive sequence converging to 0. We now proceed as for
proving (A-6) previously: the first term in the min tends to 0 as M — oo uniformly
over |v|eo < C for any C' > 0, while, if p,, < 1, the second one tends to zero as
|v|oo — 00. Hence, for n large enough, we have

li 5 Ev [WX(Xnu XT/l)]
11m u
Moo oody M+ W (v)

and (A-8)(v) follows, which concludes the proof. O

:O,
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Proof of (ii). We apply Theorem 8. We have already shown that (A-4), (A-1)
and (A-2) hold in the proof of Assertion (i), with Vi(z) = e”*! for any 7 > 0.
Assumptions (B-1) and (B-2) obviously hold for the log-linear Poisson GARCH
model (see Remark 6 for the second one). It now only remains to show that, using
Vx as above, (B-3) is also satisfied. We set X; = X which trivially satisfies (B-3)(i).
Condition (B-3)(ii) is also immediate (see Remark 7). Next, we look for an adequate
¢, H and C' > 0 so that (iii) (iv) (v) and (vi) hold in (B-3). We have, for all § € ©
and (z,2',y) € R? x Z,

’
A

g’ (z;y) —Ing? (2sy)| < |z — /| ™" y
[€3)
1

zfzgi) ‘V ' —x

’ (i)

<l|z—2ae ye i .

We thus set H(u) = et u, C =1 and ¢(y) = A + By for some adequate non-
negative A and B so that (iii) (using Remark 6 and Y(y) = In(1 + y) < y), (iv)
and (v) follow. Then we have G?¢(z) < A + Be® < Vi, provided that we chose
7 > 1. This gives (vi) and thus (B-3) holds true, which concludes the proof. O

Proof of (iii). We apply [15, Theorem 8] in which:

- Condition (A-1) corresponds to our assumption (A-1) shown in Point (i)
above;

- Condition (A-2) is readily checked for the Log Poisson Garch model;

- Condition (L-1) is the same as our Condition (I-1), which were already
proved for showing Point (i) above;

- Condition (L-2) is the same as our Condition (I-2) which holds by assump-
tion in (iii);

- Condition (3.11) corresponds to checking that

(4.29) /ln+(ln(1 + ) 79 (dy) < 0o .

We already checked that GPV& < Vi with W (y) = (1 + )7, implying

~

J(1+y)™7é(dy) < oo. Hence (4.29) holds.

Thus [15, Theorem 8| gives that [f,] reduced to {6} and Assertion (iii) follows
from (ii). O

4.6. Proof of Theorem 5. We prove (i), (ii) and (iii) successively.

Proof of (i). As for the Log-linear Poisson Garch(p,q), we apply Theorem 6 this
time with Vx(z) = x. Note that, since ay, by > 0 for all k, Condition (2.20) implies
>b_, ar < 1, which implies (I-1) and thus (A-4) by Remark 5(1). Also as for the log-
linear Poisson Garch(p, q) case, Remark 5(4) gives (A-5), and (A-7)(a) is trivially
satisfied. Hence, again, we only have to show that (A-6), and (A-8) hold. Here Y is
the identity mapping.

We start with (A-6), with Vx(x) = 2. We can further set Vi (y) = y since, we
then have GV& (z) = rVx(z) so that [GVy |y, = r. With these definitions, (3.9) leads
to

(4.30) V(iz)> 1+ 2o, 2€Z.

Note that Vx(X1) =1I, (Z1), and for all linear function A : Z — Z, we have, for all
z€”,

E-[M21)] = A(E:[Z1]) = Ao ¥(2) ,
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where, 2 = (T(_p11).0,Y(—q+1):(~1)) € Z,

P q
V(z) = (T(—pt2):0,w + Z a Ti—k + Z bi Y1k + 1770, Y(—q42):(=1)> TT0) -
k=1 k=2

Using the notation introduced in Section 4.2, this linear mapping exactly corre-
spond to the (p+¢—1) X (p+ ¢ — 1) matrix A + rbeg. From Lemma 17, Condi-
tion (2.20) is equivalent to

(4.31) [ Almax(A 4 7be]) < 1,

where, for any square matrix M, |A|max(IM) denote the spectral radius of M. Thus
we get with (4.30), for all n € Z; and z € Z,

E.[Xnt1] = 11, (Ez[Zn41]) = 1, o (A + Tb&‘f)”z <Cp"V(z),

where C' > 0 and p < 1, and (A-6) is proved.

We conclude with the proof of (A-8). Let us apply Lemma 7 with C = (0,00) = X
and S = {1},  being the Dirac mass at point 1, j(z) = (1 + )" and h(z;y) =
I‘;(!TT"E‘TU)) (ﬁ)y, which satisfies (H'-1). This leads to « and ¢ satisfying (A-8)(i) by
setting, for all z, 2’ € Ry

alz,x

"= (1—0—3:/\33’

m) and ¢(I’,I/) :.I/\.I/.

Next, for all (z,2') € Z2, we have

1+axAx"\"
1- N=1- (22T < —
a(z,z") <1+;v\/x’) <(1vr)|z—a
We thus obtain (A-8)(iii) by setting Wx(z,2’) = (1 V r). All the other conditions
of (A-8) are trivially satisfied in this case, taking Wy = 1. 0

Proof of (ii). We apply Theorem 8. We have already shown that (A-4), (A-1)
and (A-2) hold in the proof of Assertion (i), with Vx(x) = x. Assumption (B-1)
follows from (2.14), and (B-2) from Remark 6. It now only remains to show that,
using Vx as above, (B-3) is also satisfied.

Since © is compact, we can find w and T such that w > w and r < 7 for
all 0 = (w,a1p,b1.4,7) € ©. We set X; = [w,00) which then satisfies (B-3)(i).
Condition (B-3)(ii) follows from Remark 7.

Next, we look for an adequate ¢, H and C' > 0 so that (iii) (iv) (v) and (vi) hold
in (B-3). For all 0 € ©, (z,2') € X; and y € Z4, we have

Ing’(z;y) —ng’(a"sy)| = |(r + y)[In(1 + 2") = In(1 + 2)] + y[lnz — Ina']|
<[+ +w) ™ +yw ] |z -2
< [F—|—2yg71] |z — 2’| .

We set C' =0, H(s) = s and ¢(y) = A+ By for some adequate non-negative A and
B so that (iii) (using Remark 6 and Y(y) = y), (iv) and (v) follow. Then we have
G?In" ¢(z) < A+ Bra < Vx. This gives (vi) and thus (B-3) holds true, which
concludes the proof. O
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Proof of (iii). The proof of this point is similar to the proof of Theorem 4(iii) in
Section 4.5, except that Condition (4.29) is replaced by

(4.32) / In* (|y]) & (dy) < oo .

We already checked that G'V& < Vi with V& (y) = y, implying [y 79 (dy) < oc.
(I

~

Hence (4.32) holds and the proof is concluded.

5. USEFUL LEMMAS
The following result is used in the proofs of Lemma 12 and Theorem 8.

Lemma 15. (A-4) implies that for all 0 € ©, there exists C > 0 and p € (0,1)
such that Lipfl < C p" for alln € Z7 .

Proof. By (3.4), (3.5) and (4.4), we have, for all n € Z%, using the convention
Lipfn =1 for m <0,

0z 0 U9 (y)¥?(v) .0
5.1 —_— = =<1 \% L ).
5-1) erS’BEeP 0z(v) = Tn<a} Olgjafp Pr—j

Hence (A-4) implies that there exists m > 1 and L € (0,1) such that, for all
y € Y"1 W9y)) is L-Lipschitz. Now observe that, by (4.3), for all n = km + r
with £ > 0and 0 <r < m, for all y = y_,..0 € Y"1, we can write ¥?(y) as

v’ <y17m:0> 0w’ <yl—2m:(—m)> o oW’ <y(1—km):—(k—1)m> ° \I/9<y—n:(—km)> )
and in this composition, the k first functions are L-Lipschitz and the last one is
L' =1V max {Lip? 0<j < m}—Lipschitz. Hence, for all 2,2’ € Z,

ax (V7 (y)(2), 0 (y) (') < 82(¥(y)(2), ¥ {y)(z")) < L' L*éz2(2, ) .
Hence the result by setting p = L'/™ € (0,1). O

The following lemma is straightforward using standard algebra and is used nu-
merously in various particular cases. Its proof is omitted.

Lemma 16. The characteristic polynomial P of A + rbeg s given by

p q
det (AL — (A +7rbel)) = A7"! <Ap =Y )\”"“) — AT T A
k=1 k=1

The following lemma is used in the proof of Theorem 5.

Lemma 17. Let p,q > 1, (r,a1.p,b1,9) € Ri_ﬂﬂq. Then Condition (2.20) is equiv-
alent to (4.31) and implies

(5.2) [Almax(A) < 1.
Proof. From Lemma 16, |A|lmax(A + rbe]) < 1 is equivalent to have that for all
z €C,

P a
|2| > 1 = 2Pt — E ay 2T g E by 2PTaRL L
k=1 k=1
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which can be rewritten as
P q
(5.3) |z|§1:>1—2akzk—r2bkzk7é0.
k=1 k=1
Setting ¢y, =ap +r by >0fork=1,...,pAq, cx =ar if ¢ <k <pandc, =rb

if p < k < g, it only remains to show that this implication is equivalent to the
condition Y7, ¢; < 1. If >} _; ¢ < 1, then

pVaq pVgq
2] <1= chzk Sch<1.
k=1 k=1
and (5.3) follows.
Note that z = 1 — 3 P¥% ¢, 2F is mapping [0,1] to [1 — 3277 ¢4, 1]. Hence, if
PY%ep > 1, then [0,1] € [1 — 30" ¢4, 1], and 2z + 1 — 377 ¢ 2% must have a

zero in [0, 1], which contradicts the implication (5.3).

We thus have shown the equivalence between (2.20) and (4.31) in the case r = 1,
from which the general case r > 0 immediately follows.

Now, since (2.20) obviously implies > 7_; ax < 1, which in turn is equivalent
to (5.2) (case r = 0), we also get the claimed implication. O

The following lemma is used in the proof of Theorem 4.
Lemma 18. Let ¥ € R. Then, for all 90 € R and ( € R, if U ~ P(eC), then
(5.4) E[(1 + U)?] < e+ 7+
(5.5) Efe/?0+? m(+U)I] < 9g¥+ olfolVIdo-+0 ¢ |
(5.6) < 26%+ el PolVIDo+I Ll o g1 ¢ >

Proof. We separate the proof of (5.4) in three different cases by specifying the
bound (5.4) in each case.

Case 1 For all ¥ <0, we have E[(1 +U)?] < 1.
Case 2 For all ¥ > 0 and ¢ < 0, we have E[(1 + U)?] < eV.
Case 3 For all ¥ > 0 and ¢ > 0, we have E[(1 + U)?] < e”e¢?.

The bound in Case 1 is obvious. The bound in Case 2 follows from
E[(1 4+ U)’] <E[e"V] = &1,

Finally, the bound in Case 3 follows from the following inequalities, valid for all
¥ >0and ¢ >0,

E [efé‘ﬂ(l + U)ﬁ} S E {(1 4 e*CU)ﬁ} S E {eﬁcng} — eC<(1967<71) S 619 )

Hence we get (5.4).
Let us now prove (5.5). Observe that

E[e|190+191n(1+U)\] < E[eﬂo-l-ﬂln(l-i-U)] +E[e_19°_19 1n(1+U)]
=eE[(1+U)"| +e E[(1+U)"Y].
Then using (5.4), we get
E[el?ot?HDI] < 967+ exp (9o + (¢4+9)+) V (=D + ((+9)-)]

We conclude (5.5) and (5.6) by observing that, for all a,b € R, (a+b4)V(—a+b_) =
aV(a+b)V(—a)V(—a—>)=la|V|a+Dbl. O
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