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Abstract: The class of observation-driven models (ODMs) includes many
models of non-linear time series which, in a fashion similar to, yet differ-
ent from, hidden Markov models (HMMs), involve hidden variables. In-
terestingly, 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 order ODMs is the GARCH(p, ¢) model, for which er-
godicity 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 = g = 1. Here we
fill this gap and derive ergodicity conditions for general ODMs. The consis-
tency and the asymptotic normality of the maximum likelihood estimator
(MLE) can then be derived using the method already developed for first
order ODMs.
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1. Introduction

Since they were introduced in [8], observation-driven models have been receiving
renewed interest in recent years. These models are widely applied in various fields
ranging from economics (see [38]), environmental study (see [2]), epidemiology
and public health study (see [47, 12, 20]), finance (see [33, 39, 23, 27]) and
population dynamics (see [31]). The celebrated GARCH(1, 1) model introduced
in [3] as well as most of the models derived from this one are typical examples
of ODMs; see [4] for a list of some of them. A list of contributions on this class
of models specifically dealing with discrete data includes [42, 10, 29, 20, 22, 28,
23, 30, 36, 11, 19, 13, 21, 6, 7, 9] and [15].

ODMs have the nice feature that the computations of the associated (condi-
tional) 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 applications, is straightforward. However, it turns out that the asymp-
totic properties of the maximum likelihood estimator (MLE) for this class can
be cumbersome to establish, except when they can be derived using computa-
tions specific to the studied model (the GARCH(1, 1) case being one of the most
celebrated examples). The literature concerning the asymptotic theory of the
MLE when the observed variable has Poisson distribution includes [22, 23, 24]
and [46]. For a more general case where the model belongs to the class of one-
parameter exponential ODMs, such as the Bernoulli, the exponential, the neg-
ative binomial (with known shape parameter) and the Poisson autoregressive
models, the consistency and the asymptotic normality of the MLE have been
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derived in [11]. However, the one-parameter exponential 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 result has been obtained
recently in [13], where the observed process may admit various conditional dis-
tributions. This result has later been extended and refined in [15]. 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 knowledge, little is
known for the GARCH(p, ¢)-type, i.e. larger order discrete ODMs, as highlighted
as a remaining unsolved problem in [44].

Here, following others (e.g. [42, 29]), 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, q) family and in particular we investigate the two problems listed
here below.

a) Provide a complete set of conditions for general order ODMs implying
that the process is ergodic.

b) Prove the consistency of the MLE. Under the assumption of well-specified
models, this can be treated in two separate sub-problems.

1) Prove that the MLE is equivalence-class consistent.

2) Characterize the set of identifiable parameters.

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 [13, 15] to the embedded
model. Yet the particular form of the embedded model does not fit the usual
assumptions tailored for standard first-order ODMs. This is why, as pointed out
in [44], solving Problem a) is not just a formal extension of available results.
To obtain Theorem 8 where Problem a) is addressed, we derive conditions by
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). Once the ergodicity of the
model is proved, we can solve Sub-problem b) 1). This is done in Theorem 10,
which is obtained almost for free from the embedding in the ODM(1,1) case.
Sub-problem b) 2) is much more involved and has been addressed in [17].

To demonstrate the generality, applicability and efficiency of our approach, we
apply our results to three specific integer-valued ODMs, namely, the log-linear
Poisson GARCH(p, ¢) model, the negative binomial integer-valued GARCH or
the NBIN-GARCH(p, ¢) model and the Poisson AutoRegressive model with
eXogenous variables, known as the PARX model. To the best of our knowl-
edge, the stationarity and ergodicity as well as the asymptotic properties of the
MLE for the general log-linear Poisson GARCH(p, ¢) and NBIN-GARCH(p, q)
models have not been derived so far. For the PARX(p,q) model, which can
be considered as a vector-valued ODM in our study, such results are available
in [1] but our approach leads to significantly different assumptions, as will be
shown in Section 2.3.3. Numerical experiments involving the log-linear Poisson
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GARCH(p, q) and the NBIN-GARCH (p, ¢) models can be found in [40, Sec-
tion 5.5] for a set of earthquake data from Earthquake Hazards Program [43].

The paper is structured as follows. Definitions used throughout the paper are
introduced in Section 2, where we also state our results on three specific exam-
ples. 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 wp.m, = (ug,...,unm) for £ < m,
with the convention that wug., is the empty sequence if £ > m, so that, for
instance (xo,(—1),y) = y. The observation-driven time series model can formally
be defined as follows.

Definition 1 (General order ODM and (V)LODM). Let (X, X), (Y,Y) and
(U,U) be measurable spaces, respectively called the latent space, the observa-
tion space and the reduced observation space. Let (0, A) be a compact metric
space, called the parameter space. Let T be a measurable function from (Y, )) to

(U,U). Let {(xl:p,ulzq) — zﬁfbl:q(m:p) 10 ¢ @} be a family of measurable func-
tions from (XP x U?, X®P @ U®1) to (X, X), called the reduced link functions
and let {GY:0 € ©} be a family of probability kernels on X x ), called the

observation kernels.

(i) A time series {Y; : k > —q + 1} valued in Y is said to be distributed
according to an observation-driven model of order (p,q) (hereafter, ODM(p, q))
with reduced link function v, admissible mapping Y and observation kernel G
if there exists a process {X; : k> —p+1} on (X, X) such that for all k € Z>o,

Yy | Fi ~ G (X33 ),

¢ (2.1)
Xit1 =90,y (X k—pr1):k)s

where F, = o (X(—p-‘rl):kv}/(—q—i-l):(k—l)) and U; = T(Y;) for all j > —q.
(ii) We further say that this model is a vector linearly observation-driven model
of order (p,q,p’,q") (shortened as VLODM(p, q,p’,q’)) if moreover for some

p'.q € Zso, X is a closed subset of R?', U C RY and, for all z = To:(p—1) € XP,
U = Ug.(g—1) € U?, and 0 € O,

p q
() = w(0) + > Ai0) zpi+ > Bi(0)ugi, (2:2)
i=1 i=1
’ / / p
for some mappings w, Ay, and By, defined on © and valued in R?, (R” xp )
/ ’ q
and (RP Xq) . In the case where p’ = ¢’ = 1, the VLODM(p,q,p’,q’) is
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simply called a linearly observation-driven model of order (p,q) (shortened as
LODM(p, q)).

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

Xiy1 = 1/J§k,q+1:k (X (h—pt1):k)s

where {(xlzp, Y1:q) wzl:q(m:p) 10 e @} is a family of measurable func-

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

U9(x) = Pheay (@),  TEX, ye VY. (2.3)

However by inserting the mapping T, we introduce some flexibility and this
is useful for describing various ODMs with the same reduced link function
1;9. For instance all LODMs or VLODMSs 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 Poisson GARCH and NBIN-GARCH, see
below, but also of the bivariate integer-valued GARCH model [9].

When p = ¢ = 1, then the ODM(p, ¢) defined by (2.1) reduces to the (first-
order) ODM considered in [13] and [15]. Note also that if p # ¢, setting
r := max(p, q), the ODM(p, q) can be embedded in an ODM(r,r), but
this requires augmenting the parameter dimension which might impact
the identifiability of the model.

Note that in our definition, T does not depend on 6. In some cases, one
can simplify the link function v, by allowing one to let T depend on the
unknown parameter. To derive identifiability conditions or to prove the
consistency of the MLE, the dependence of the distribution with respect
to the unknown parameter 6 is crucial. In contrast, proving that the pro-
cess is ergodic is always done for a given 6 and it is thus possible to use
our set of conditions to prove ergodicity with T depending on 6, hence rea-
soning for a given § and a given T. Moreover our set of conditions (namely
Conditions (A-3), (A-4), (A-5), (A-6), (A-7) and (A-8) in Theorem 8) de-
pends on T only through the image space U, which can usually be taken
to be the same even in situations where T may depend on 6.

The GARCH model has been extensively studied, see, for example, [5, 25, 26,
34, 27] 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 = —
G?(x;-) maps a family of distributions parameterized by the scale parameter
vz, which is often expressed by replacing the first line in (2.1) by an equation
of the form Yj, = /Xj€; with the assumption that {¢, : 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,
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as explained in [44].Our results will apply to the GARCH case but we do not
improve the existing results in this case. The real interest of our approach lies
in being able to address general-order integer-valued ODMs for which existing
results are scarce.

Definition 2 (Space (Z,Z), Notation ]P’gJEg). Consider an ODM as
in Definition 1. Then, for all k& > 0, the conditional distribution of (Y, Xx41)
given Fj only depends on

Zr = (Xth—pt+1)k> U—q1):(k—1)) € Z, (2.4)
where we defined
Z=XP xU% ! endowed with the o-field Z = X®P @ (Y®a~b), (2.5)

For all # € © and all probability distributions £ on (Z, Z), we denote by ]P’g the
distribution of { Xy, Yy : k > —p, kK’ > —q} satisfying (2.1) and Zp ~ &, with
the usual notation P? in the case where ¢ is a Dirac mass at z € Z. We replace
P by E to denote the corresponding expectations.

We always assume that the observation kernel is dominated by a o-finite
measure v on (Y,)), that is, for all 8 € ©, there exists a measurable function
g% : X x Y = Rsq written as (z,y) — ¢%(z;y) such that for all z € X, ¢?(x;-)
is the density of G?(z;-) with respect to v. Then the inference about the model
parameter is classically performed by relying on the likelihood of the observa-
tions (Yo, ...,Y,) given Zy. For all z € Z, the corresponding conditional density
function p? (yo.n|2) with respect to v®(™*1) under parameter 6 € © is given by

Yo:n H 99 (xk; yk) 9 (26)
k=0

where, setting up, = Y(yx) for k = 0,...,n, the sequence ., is defined through
the initial conditions and recursion equations

xp =y (2) -p<k<O0,
up = pigrr (2) —q<k<-1, (2.7)
g = Z(H):(Fl) (T—pyh-1)) , 1<k <,

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;1 only depends on z and yo.j, for all k£ > 0.
Throughout the paper, we use the notation: for all n > 1, yp.,—1 € Y™ and
z€e”,
V2 (Yo.(n-1))(2) 1= @, , with z,, defined by (2.7). (2.8)
Note that for n = 0, yo.—1 is the empty sequence and (2.8) is replaced by
Y2 (D) (2) = xo = II,, (). Given the initial condition Zy = z(), the (conditional)
maximum likelihood estimator ézmm of the parameter 6 is thus defined by
6 € argmax LY (2.9)
0O

2z n PORY:
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where, for all z() € Z,
W= g (07 Vo)) (200 0 ) (2.10)
k=1

Note that since {X,, : n € Z} is unobserved, to compute the conditional like-
lihood, we used some arbitrary initial values for X(_p,41).0, (the first p entries
of 2)). We also use arbitrary values for the last ¢ — 1 entries of (). Note that
we index our set of observations as Y., (hence assuming 1 + n observations to
compute LZ(i) ,,)- The iterated function ¥?(Yo.1) can be cumbersome but is very
easy to compilte in practice using the recursion (2.7). Moreover, the same kind
of recursion holds for its derivatives with respect to €, allowing one to apply
gradient steps to locally maximize the likelihood.

In this contribution, we investigate the convergence of 0 as n — oo for

z(0) n
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 € ©, 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 Y.

We also use the symbols E? and E? to denote the expectations corresponding to
P? and P?, respectively. We further denote by 7r§o< and 7r$ the marginal distribu-
tions of Xy and Yy under P?, on (X, X) and (Y, D)), respectively. As a byproduct
of the proof of (A-1), one usually obtains a function Vi : X — R of interest,
common to all # € ©, such that the following property holds on the stationary
distribution (see Section 3.2).

(A-2) Forall § € ©, 7%(Vx) < 0.

It is here stated as an assumption for convenience. Note also that, in the fol-
lowing, for V : X = R>¢ and f : X =+ R, we denote the V-norm of f by

|f|vzsup{%:xe)(} ,

with the convention 0/0 = 0 and we write f < V if |f|ly < oco. With this
notation, under (A-2), for any f: X — R such that f < Vi, 7%(]f|) < oo holds,
and similarly, since 7r$ = 7T§O<G9 as a consequence of (2.1), for any f:Y — R

such that GY(|f]) < Vi, we have 7 (] f]) < oo.
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2.2. Equivalence-class consistency and identifiability

For all 6,0 € ©, we write § ~ ¢ if and only if P? = P?. This defines an
equivalence relation on the parameter set © and the corresponding equivalence
class of 6 is denoted by [0] :={0#' € ©: 6 ~6'}.

The equivalence relationship ~ was introduced by [32] as an alternative to the
classical identifiability condition. Namely, we say that 0.q ,, is equivalence-class
consistent at the true parameter 6, if

lim A0, [0.]) =0, P%-as. (2.11)

n—oo

Recall that A is the metric endowing the parameter space ©. Therefore,
in (2.11), A(ézmm, [04]) is the distance between the MLE and the set of pa-
rameters having the same stationary distribution as the true parameter, and
the convergence is considered under this common stationary distribution.
Identifiability can then be treated as a separate problem which consists in
determining all the parameters 6, for which [6,] reduces 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 [17, Proposition 11
and Theorem 12] for general order ODMs, where many cases of interest are
specifically detailed. We will use in particular [17, Theorem 17 and Section 5.5].

2.3. Three examples

To motivate our general results we first make explicit three models of interest,
namely, the log-linear Poisson GARCH(p, ¢), the NBIN-GARCH(p, ¢) and the
PARX(p, ¢) models. To the best of our knowledge, the stationarity and ergod-
icity as well as the asymptotic properties of the MLE for the general log-linear
Poisson GARCH(p, ¢) and NBIN-GARCH(p, ¢) models have not been derived
so far. Such results are available for PARX model in [1] but our approach leads
to significantly different assumptions, as will be shown in Section 2.3.3.

Once the ergodicity of the model is established, we can investigate the con-
sistency of the MLE. This is done by first investigating the equivalence-class
consitency of the MLE and then we only need to add an identifiability condi-
tion to get the consistency of the MLE, see Theorems 4, 5 and 7 hereafter. Such
results pave the way for investigating the asymptotic normality. This is done in
[40, Proposition 5.4.7(iii) and Proposition 5.4.15] for the first two examples and
in [1, Theorems 2 and 3] for the third one.

2.3.1. Log-linear Poisson GARCH model

The Log-linear Poisson GARCH model is defined as follows in our setting.
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Example 1. The Log-linear Poisson GARCH(p,q) Model parameterized by
0 = (w,a1p,b1.4) € © C RTPT is a LODM(p, q) with affine reduced link
function of the form (2.2) with coefficients given by

w@) =w, A0 <
and B;(0)=b; for 1<i<g,

I
8
c
=)
—_
IN
~.
A
S

(2.12)

with observations space Y = Zxq, hidden variables space X = R, admissible
mapping Y (y) = In(1+y), and observation kernel G?(;-) defined as the Poisson
distribution with mean e”.

Our condition for showing the ergodicity of general order log-linear Poisson
GARCH models requires the following definition. For all x = z(1_(pvg))0 €

RPVE m € Zxo, and w = w(_gq1).m € {0,1}77™, define PO (w)(x) as Tmat
obtained by the recursion

b q
=Y a; o+ > bjwejax;, 1<k<m+l (2.13)

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

Theorem 4. Consider the log-linear Poisson GARCH(p,q) model, which sat-
isfies Eq. (2.1) under the setting of Example 1. Suppose that, for all 0 € ©, we
have

lim max{‘zz(;(w)(x)‘ cw € {0, 1}q+m} =0 forallz e RPVY (2.14)

m—oo

and define

Py(z;a1.p) = 2P — Zakzp Foand Quzibig) = Zbk“ 21717k (2.15)
k=1

Then, the following assertions hold.

(i) For all @ € O, there exists a unique stationary solution {(Xy,Yy) : k €
Z>o} to (2.1), that is, (A-1) holds. Moreover, for any T > 0, (A-2) holds with
Vx : R = R defined by

Wx(z)=¢l®l,  zeR. (2.16)
(ii) For any mgl) € R and ygi) € Zsg, setting 2z =
@ 2D ), Y w) € RP x R, the MLE 0,0, as de-
fined by (2.9) is equivalence-class consistent, that is, (2.11) holds for any
0. €0O.
(ii) If the true parameter 0, = (w*, a7, by.,) moreover satisfies that the poly-
nomials Py(;ai,,) and Qq(+;b7,,) defined by (2.15) have no common complex

roots, then the MLE 0 is consistent.

z() n
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The proof is postponed to Section 4.4.

Remark 2. Let us provide some insights about Condition (2.14).

(1)

Using the two possible constant sequences w, wy = 0 for all k or w, =1
for all kin (2.13), we easily see that (2.14) implies

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

where we used the usual convention a; = 0 for p < k < ¢ and b, = 0 for
q < k < p and where

P
Sy, = {Cl:p €RP:Vz e C, |zl <1 implies 1 — chzk # 0} .(2.17)
k=1

A sufficient condition to have (2.14) is
sup {‘{b\o(wﬂx)‘ cw e {0,1}9, z € [1, l]pvq} <1. (2.18)

Indeed, defining p as the left-hand side of the previous display, we clearly
have, for all m > pV ¢, w € {0,1}97™ and x € RV,

|07 w)(@)] < p max { |0 (w') (@) 0’ € {0,171 <G < pva

The first iteration (2.13) implies, for all w € {0,1}4 and z € [—1,1]PV9,

pVq

[ (w) ()] < [Z (lax| v lax + be])

k=1

Hence a sufficient condition to have (2.18) (and thus (2.14)) is

pVaq

> (ar| Vlax +bel) < 1. (2.19)
k=1
When p = ¢ = 1, by Points (1) and (3) above, Condition (2.14) is equiva-
lent to have |a;| < 1 and |ay + b1| < 1. This condition is weaker than the
one derived in [13] where |b1] < 1 is also imposed.

2.8.2. NBIN-GARCH model

Our next example is the NBIN-GARCH(p, ¢), which is defined as follows in our
setting.

Example 2. The NBIN-GARCH(p, ¢) model is a LODM(p, q) parameterized
by 0 = (w,a1.p,b1:4,7) € © C Ry X R’;‘Sq x Rsq with affine reduced link
function of the form (2.2) with coefficients given by (2.12), observations space
Y = Z>¢, hidden variables space X = R>(, admissible mapping Y (y) = y, and
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observation kernels G(z;-) defined as the negative binomial distribution with
shape parameter » > 0 and mean r z, that is, for all y € Z>y,

I'(r+y) 1 " z \?

G (x; = .

(z: {}) y!'T(r) \1+=z 1+

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
dapt+r Y by <l (2.20)
k=1 k=1

Then the following assertions hold.

(i) For allf € 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 z € Ry.

(ii) For any o) € Rso and ygi) €  Zso, setting 200 =
(x&’), . ,mgl),ygl), e ,y%")) € RY, x quol, the MLE ézmm as defined by (2.9) is
equivalence-class consistent, that is, (2.11) holds for any 0, € O.

(i4) If the true parameter 0, = (w*,aj.,, b1, ,r*) moreover satisfies that the
polynomials Py (+; aj.,,) and Qq(;07,,) defined by (2.15) have no common complex

roots, then the MLE 6 is consistent.

FORS
The proof is postponed to Section 4.5.

Remark 3. Clearly, under the setting of Example 2, if Eq. (2.1) has a station-
ary solution such that u = [z mx(dz) < oo, taking the expectation on both
sides of the second equation in (2.1) and using that [ymy(dy) = r [ z7x(dz),
then (2.20) must hold, in which case we get

P q -1
uz(l—Zak—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 [48, 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.

2.3.8. The PARX model

The PARX model is similar to the standard INGARCH(p, ¢) model but with
additional exogenous variables in the linear link function for generating the
hidden variables. Following [1], these exogenous variables are assumed to satisfy
some Markov dynamic of order 1 independently of the observations and of the
hidden variables (see their Assumption 1). This leads to the following definition.
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Definition 6 (PARX model). Let d,p,q and r be positive integers. For v =
Yi:d € R%O’ we set f’Y : 5 = (51, . ,gd) = Z?:l ’}/]fj(g]) where fz :R™ — RZO
are given functions for all i € {1,...,d}. Let P(z) denote the Poisson distribu-
tion with parameter x and L be a given Markov kernel on R" x B(R"). We define
the Poisson AutoRegressive model with eXogenous variables, shortly written as
PARX(p, ¢), as a class of processes parameterized by § = (w, a1.p, b1.q, 71:4) € O,
Ri;-gq-s-d

where O is a compact subset of R X , and satisfying

p q
Xi=w+ Z a; X + Z biYi—i +£,(Zi-1)

i=1 i=1

(Ye, Eo)| Fe ~ P(Xy) @ L(Eg-15-) (2.21)

where Fi = 0 (X(—p1s Yiegr1):e-1) E-atn):0-1))-

Remark 4. Note that our ai,...,a, and by,...,b, correspond to f31,..., 53,
and a4, ...,y of [1]. Here we allowed r to be different from d whereas in [1] it
is assumed that d = r and they are denoted by d,.

Since the exogenous variables are observed we can recast the PARX model
into a VLODM(p, ¢) by including the exogenous variables into the observations
Y; and the hidden variable X;. Namely, we can formally see the above PARX
model as a special case of VLODM as follows.

Example 3 (PARX model as a VLODM). Consider a PARX model as
in Definition 6. Set V; = (Y;,Z;), X; = (X;,Z; 1), which are valued in
Y = Zso x R" and X = Rsg x R". Then {YV;, : k > —q+ 1} is a
VLODM(p,q,1 + 7,1+ d+r) by setting

a) the admissible mapping as Y(7) = (y, f1(€),..., fa(€),€) € U := Z>q x
R%O x R” for all g = (y,&) € Z>o x R”;

01,
b) for all 6 = (w,a1y,biigs Y1), W(0) = [Ow } Ap(0) = [O‘”“l 01’}

for k = 1,...,p, Bi(0) = {obll [ 0 4] 011””} and Bj(0) =
b  O1,44r _ )
|:07‘,1 Ordir fork=1,...,q;

c) for all Z = (7,€) € Rsg x R, G¥(z;+) := P(x) ® L(&; ).

We end up this section by stating our result for general PARX model. For
establishing the ergodicity of the PARX model, we need some assumptions on
the dynamic of the exogeneous variables through the Markov kernel L. Namely
we consider the following assumptions on the kernel L.

(L-1) The Markov kernel L admits a kernel density ¢ with respect to some measure
v, on Borel sets of R" such that

(i) forall (£,¢) € R" x R", £(&;¢') > 0;
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(i) for all £ € R", there exists § > 0 such that

/ sup  €(E€") m(d€") < oo,
R [|€’

—&[I<é

where || - || denotes the Euclidean norm on R".

(L-2) The Markov kernel L is weak-Feller (Lf is bounded and continuous for any
f that is bounded and continuous).

(L-3) There exist a probability measure 71, on Borel sets of R”, a measurable
function V, : R” — [1,00) and constants (¢, C) € (0,1) x R>¢ such that

(i) L is mp-invariant,
(i) 7 (VL) < oo and {V1, < M} is a compact set for any M > 0,
(iii) for all 4 € {1,...,d}, we have f; S VL.
(iv) for all Borel functions h : R™ — R such that A < V4, we have for all
(&,n) € Z>y,

IL"h(§) — mi(h)| < C 0" [hly, VL(E)-
(L-4) There exists a constant M > 1 such that for all (¢,¢') € R?",

dTV(L(ga ')?L(g/’ )) < MHf - glll

where drv (v, V') is the total variation distance between two probability mea-
sures v, on R".

(L-5) There exist C1, > 0, hy, : Ry — R, and a measurable function ¢r, : R"™ —
R>( such that the following assertions hold for L, its kernel density £ intro-
duced in (L-1) and its drift function introduced in (L-3).

(i) For all & € R", the mapping & — £(£,&’) is continuous.
(i) We have sup; ¢/cp- £(€,§') < oo
(iii) For all ¢ € R", we have 1+ ||£]| < ¢r(€).
(iv) For all (£,¢&,¢") € R3,

0(&:€")

a2 <y ([J€ — &) eCr (HIEVIE) 5 ey

‘ln

(v) hr(u) = O(u) as u — 0.
(vi) If C, = 0, then In™ ¢p, < V4. Otherwise, ¢r, < V4.

(L-6) We have L(v;{f1.a(:) € A}) < 1 for all v € V and affine hyperplanes
AcCRY

We can now state our main result for the PARX model.
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Theorem 7. Consider the PARX(p,q) model of Definition 6, seen as the
VLODM of Ezample 3. Suppose that (L-1)-(L-4) hold, and that, for all § =
(W, a1:p, b1:q, 71:4) € O, we have

14 q
dai+> bi<l. (2.22)
=1 1=1

Then the following assertions hold.

(i) for all 6 € ©, there exists a unique stationary solution {(Xk,Yk,Zk)

k € Zso} to (2.1), that is, (A-1) holds for the VLODM of Example 3. More-
over, (A-2) holds with Vx(Z) = = + V1,(€) for all z = (x,€) € Ry x R".

(ii) Suppose moreover that (L-5) holds. Then, for any x(f) € Rxo, 551) €R" and
w € Zoo, setting 20 = (@), &), (1,670, 6167, (0, 607)) €
(R0 xR")P x (Zog x R")?", the MLE 0., ,, as defined by (2.9) is equivalence-
class consistent, that is, (2.11) holds for any 0, € ©.

(iii) Suppose in addition that (L-6) holds. Then the MLE 0 is consistent.

z(’>,n

The proof is postponed to Section 4.6. Let us briefly comment on our as-
sumptions.

Remark 5. Contrary to the previous example, the PARX model requires an
additional Markov kernel L and therefore additional assumptions on this kernel.
We briefly comment on them hereafter and compare our assumptions to those
in [1].

(i) Assumptions (L-1)—(L-3) are classical assumptions on Markov kernels to
ensure its stability and ergodicity. In [1, Assumption 2], a different ap-
proach is used and instead a first order contraction of the random iterative
functions defining the Markov transition is used. Their assumption would
typically imply our (L-3) with V1,(§) = 14 ||£]|° for some s > 1, with their
Assumption(3)(ii) implying our (L-3)(iii).

(ii) Our Assumption (L-4) is inherited from our approach for proving ergod-
icity using the embedding of the PARX model into a VLODM model
detailed in Example 3. It is not clear to us whether it can be omitted for
proving ergodicity. This question is left for future work. Note that we pro-
vide another formulation of this assumption in Remark 10, see Section 4.6.
There is no equivalent of our Assumption (L-4) in [1] as their technique for
proving ergodicity is different. However, although we have the same condi-
tion (2.22) as them for ergodicity, see their Assumption 3(i), they require
an additional condition, Assumption 3(iii), which we do not need here.
This condition involves both the coefficients a; and b; and the contraction
constant p used in their stability assumption for the Markov transition of
the covariates. In contrast, our condition on the parameters a; and b; of
the model, merely imposed through (2.22), are completely separated from
our assumptions (L-1)—(L-4) on the dynamics of the covariates.

(iii) Assumptions (L-5) and (L-6) are not required to get ergodicity. they are
needed to establish the equivalence class consistency of the MLE and the
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identifiability of the model. Like our Assumption (L-4) for proving ergodc-
ity, Assumption (L-5) is inherited from the embedding of the PARX model
into a VLODM model here used for proving the equivalent class consis-
tency. Assumption (L-6) is a mild and natural identifiability assumption.
It basically says that the covariates f1(&),. .., fa(&k) are not linearly re-
lated conditionally to ;1. If they were, it would suggest using a smaller
set of covariates. The identifiability condition of [1] is different as it in-
volves a condition both on the covariate distribution and on the parame-
ters ai,...,ap and by,. .., by, see their Assumption 5.

To conclude this section, let us carefully examine the simple case where the
covariates are assumed to follow a Gaussian linear dynamic and see, in this
specific case, how our assumptions compare to that of [1]. More precisely, assume
that L is defined by the following equation on the exogenous variables

e =RE 1 +on, (2.23)

where N is an r x r matrix with spectral radius p(R) € (0,1), o > 0, and
ne ~ N(0,1,). Then Assumption (L-1) holds with

0(E,€') = (2mo?) T/ 26 1€ -NEIP/(207)

and vy, being the Lebesgue measure on R”. It is straightforward to check (L-2)
and (L-3) with Vi,(¢) = e Il for any A > 0.

Let us now check that Assumption (L-4) holds. First note that, setting f(x) =
e~ /2 we have 0(&,¢") = Wf(”f” — R¢||). Then, for all £,&',&" € R”
such that [|€ — &’|| < e, which implies ||R(§ —&')|| < ||N]|e, where ||R]|| denotes
the operator norm of X, and thus

IR

(¢, " _y /, ml< Y /
e R TR P I
N ! 1" - "= € 2

< a7 I = €1 (€71 + ey & (1N,

Then we get that for all £,&’ € R" such that ||€ — &'|| <€,
1
drv(L(E, ), L€ ) = 5 . 10(€,€") — (&, &")1dg" < Moll€ — &',
for some positive constant My only depending on ||X||, o and e. Finally, for all
§,¢ eR,
drv(L(&, ), L(§, ) < (Molje—grjze + € Lje—eryse) 1€ = €,

and Assumption (L-4) holds.
Let us now check Assumption (L-5). Assumptions (L-5)(i) and (L-5)(ii) are
immediate. For all (£,¢',£") € R3", we have

‘ln (& ¢")
é(é‘/’ é‘//)

1
= 5 |ll€" = RelP = [l¢” — xe'|P|
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< I e — a0 el + iy L+ Dl

< hy(||¢ - £I||)eCL (1+1glvIe) J’L(f”) )

Thus (L-5)(iv) holds with h,(u) = (|[X]|/20?) u, CL = |[R]| and @1 () = 1+ [£]|.
Then, (L-5)(iii) and (L-5)(v) follow from these choices of hy, and ¢r,. We also
get (L 5)(vi) since Vi,(€) = eMEl for some A > 0.

Finally (L-6) immediately holds since v, is the Lebesgue measure on R".

Having shown (L-1)—(L-6) for covariates satisfying the dynam-
ics (2.23), Theorem 7 applies in this case under the sole condition (2.22).
In comparison, checking the assumptions for ergodicity in [1] require the
additional assumption

P q P
dai+d bi<1- ((1 - Zal) (p(R) — bl)> ,
i=1 i=1 i=1 i
see their Assumption 3(iii).

3. General results
3.1. Preliminaries

In the well-specified setting, a general result on the consistency of the MLE for
a class of first-order ODMs has been obtained in [13]. Let us briefly describe the
approach used to establish the convergence of the MLE ézmm 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.

Step 2 Establish that, as the number of observations n — oo, the normalized
log-likelihood Lzm,n as defined in (2.10), for some well-chosen 2 e Xp,

can be approximated by
n
nty Inp? (Vi Voaon1),
k=1
where p?(-|-) is a P?:-a.s. finite real-valued measurable function defined

on (YZ,Y®%). To define p?(-|-), we set, for all y_oo.0 € YZ<0 and y € Y,
whenever the following limit is well defined,

P’ (y1y-oc0) = lim g° (W(yfm:o}(z(”); y) : (3.1)
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Step 3 By (A-1), the observed process {Yj : k € Z} is ergodic under P% and
provided that 3
E’g* [ln+p6(Y1|Y—oo:0)j| < o0,

it then follows that

lim L%, =E% [Inp? (Y1]Y_c0)] » P%-a.s.
n— 00 ’
Step 4 Using an additional argument (similar to that in [37]), deduce that the
MLE 60,a) ,, defined by (2.9) eventually lies in any given neighborhood
of the set R
0, = argmax E’* [Inp’(V1|Y_0)], (3.2)
[ASIC)

which only depends on 6,, establishing that

lim A(0.0,,0,) =0, P-as., (3.3)
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 consistency of the MLE.

Step 6 Establish that [0,] reduces to the singleton {6, }. The convergence (3.3)
is then called the strong consistency of the MLE.

In [15], we provided easy-to-check conditions on first order ODMs for obtain-
ing Step 1 to Step 4. See [15, Theorem 2] for Step 1, and [15, Theorem 1]
for the following steps. In [16], we proved a general result for partially observed
Markov chains, which include first order ODMs, in order to get Step 5, see The-
orem 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 the conditions that we use to prove ergodicity
(Step 1) and, in Section 3.3, we adapt the conditions already used in [15, 16]
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 [17].

3.2. Ergodicity

In this section, we provide conditions that yield stationarity and ergodicity of
the Markov chain {(Zx,Ys) : k € Z>o}, 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 0 (...)”
condition, to save space and alleviate the notational burden, we will drop the
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superscript 6 from, for example, G and 1? and respectively write G and 1),
instead.

Ergodicity of Markov chains is usually studied using -irreducibility. This
approach is well known to be quite efficient when dealing with fully domi-
nated models; see [35]. It is not at all the same picture for integer-valued
observation-driven models, where other tools need to be invoked; see [23, 13, 15]
for ODMs(1,1). Here we extend these results for general order ODMs(p, q). Let
us now introduce our list of assumptions. They will be further commented after
they are all listed.

We first 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.

For an LODM(p, q), the following condition, often referred to as the invertibility
condition, see [41], is classically assumed.

(I-1) For all @ € ©, we have Ay.,(8) € Sp,

where S, is defined in (2.17). For an ODM(p, ¢) with a possibly non-linear link
function, (I-1) is replaced by a uniform contracting condition on the iterates of
the link function, see (A-4) below. In order to write this condition in this more
general case, recall that any finite Y-valued sequence y, 1% (y) is defined by (2.8)
with the recursion (2.7). Next, we may rewrite these iterates directly in terms
of ug.(n—1) instead of yg.(,—1). Namely, we can define

¢0<u0:(n,1)>(z) ‘= & , with z,, defined by (2.7) (3.4)

so that 1% (Yo.(n—1))(2) = V(L2 (yo.(n_1)))(2) for all z € Z and yo.(,_1) € Y™
Now define, for all n € Zsq, the Lipschitz constant for 1/~)G<u), uniform over
u e Ur,

7.0 7.0 ’
Lip? = sup{éxw <1:S)Z(2,zjl)<u>(z ) (2,7 ,u) € Z* x U”} : (3.5)

where we set, for all v € 72,

oz(v) = (max 5xon§2(v)) \ ( max ann,;@Z’(v)) . (3.6)

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

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

The following assumption is mainly related to the observation kernel G and
relies on the metrics introduced in (A-3) and on the iterates of the link functions
defined in (3.4).



General-order observation-driven models 3367

(A-5) The space (X,dx) is locally compact and if ¢ > 1, so is (U, dy). For all
x € X, there exists 6 > 0 such that

/sup {g9(z;y) : 2’ € X, 6x(2',z) < 6} v(dy) < oo . (3.7)

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
n (3.4) is continuous on U for all z € Z.

The definitions of weak and strong Feller in (a) and (b) correspond to Feller and
strong Feller of [14, Defintion 12.1.1]. Next, we consider a classical drift condition
used for showing the existence of an invariant probability distribution.

(A-6) There exist measurable functions Vx : X = R>¢ and Viy : U — R such
that, setting V& = VoY, GW& < Vx, {Vx < M} is compact for any M > 0,
andsois {\/y < M} if ¢ > 1, and

E, [Vx(Xy)]

A S S ) (38)
where we defined
Vo, (2
V()= max k(I (2)), e @) | (3.9)
X GVA,,
p<fl<p+q X

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

(A-7) The conditional density of G with respect to v satisfies, for all (z,y) € XX,
g(w;y) >0, (3.10)

and one of the two following assertions hold.
(a) There exists yo € Y such that v({yo}) > 0.
(b) The function (z,u) — 1), () is continuous on X x U4,
The last assumption is used to show the uniqueness of the invariant probabil-
ity measure, through a coupling argument. It requires the following definition,
used in a coupling argument. Under (A-8)-(i) (defined below), for any initial
distribution & on (Z2, 29?), let E¢ denote the expectation (operator) associ-

ated to the distribution of {Xy, X, ,Ux,U;, : k > —p, k' > —q} satisfying
(X(—pt1):0, U= q+1)717X( p+1):0 U( GH1)i— 1) ~ & and, for all k € Z>o,

Yk|fk (Xkan, ) and Yk/ = Yk y
Xit1 = V0 yiiy Xpmpryn) and Up = T(V), (3.11)
Xl/c-i-l 1/’U (Xglcfp+1):k) and Uy = T(Yy) .

(k—q+1):k

where Fj = o (X(*zﬂrl):kvU(*q+1):(k*1)7X(l*p+1):k;’ U(/*q+1):(k71))-
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(A-8) There exist measurable functions a : X — [0,1], Wx : X? — [1,00),
Wy : U = R>¢ and a Markov kernel G on X2x)), dominated by v with kernel
density g(z,z’;y) such that, setting Wy = Wy o T, we have GWy < Wx
and the three following assertions hold.

(i) Forall (z,2') e X?and y €,
min {g(z;y), 9(z";y)} = a(z,2")g (z,2";y) . (3.12)

(i) The function Wx is symmetric on X2, Wx(z,-) is locally bounded for
all x € X, and Wy is locally bounded on U.
(iii) We have 1 — a < §x x Wx on X2.
And, defining, for all v = (2,2') € Z2,

WU(Hg (2)) 1<k<p
W (v) = max { Wx o I®?(v), ————"20 ¢ z6(z2.2 , 3.13
( ) { X k ( ) |QWY|WX ;<é{<p+};] ( )
one of the two following assertions holds.

. . . 1 3 Ev [WX(Xnv lez)]
(iv) Cli)rgo hrILn—?olipE In vbélz% W) <0.

(v) lim lim sup E, Wx(Xn, X))
n—o00 M—oo veZ2 M+W(Z)
exists 7 > 1 such that sup Ev Wy (X,, X1)] /W7 (v) < 0.

v€eZ?

=0 and, forall »r =1,2,..., there

Remark 6. Let us comment briefly on these assumptions.

(1) In many examples, (3.12) is satisfied with

g(z,2"sy) = g(é(z,2);y) (3.14)
where ¢ is a measurable function from X2 to X, in which case, GWvy should
be replaced by GWy o ¢ in (A-8).

(2) If ¢? is of the form (2.2) with p’ = ¢/ = 1, then (A-4) is equivalent to (I-1).

(3) If ¢ = 1, the terms depending on ¢ both in (3.9) and (3.13) vanish. We
can take Viy = Wy = 0 without loss of generality in this case.

(4) 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 x — g(x;y) is continuous on X for all y € Y. But then (3.7)
gives that G is also strong Feller by dominated convergence.

(5) Note that Condition (3.7) holds when G(x;-) is taken among an expo-
nential family with natural parameter continuously depending on z 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.
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Theorem 8. Let P, be defined as PY in Definition 1. Condi-
tions (A-3), (A-4), (A-5), (A-6), (A-7) and (A-8) imply that there exists
a unique initial distribution w which makes P, shift invariant. Moreover it
satisfies B [Vx(Xo)] < co. Hence, provided that these assumptions hold at each
0 € ©, they imply (A-1) and (A-2).

For convenience, we postpone this proof to Section 4.2.

The following lemma provides a general way for constructing the instrumental
functions a and ¢ that appear in (A-8) and in Remark 6-(1). The proof can be
easily adapted from [15, Lemma 1] and is thus omitted.

Lemma 9. Suppose that X = C° for some measurable space (S,S) and C C R.
Thus for all x € X, we write x = (x4)ses, where xs € C for all s € S. Suppose
moreover that for all x = (x5)ses € X, we can express the conditional density
g(x;-) as a mizture of densities of the form j(zs)h(zs;-) over s € S. This means
that for allt € C, y — j(t)h(t;y) is a density with respect to v and there exists
a probability measure p on (S,S) such that

g(zy) = /Sj(xs)h(fcs;y)u(dSL yey. (3.15)

We moreover assume that h takes nonnegative values and that one of the two
following 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 x,x" € X3, we denote x N2’ = (v, A 2))ses and V2’ = (x5 V 2")ses
and we define
a(z,z') = inf iz, v zy) and ¢(z,x') =z ANz’ under (H'-1);
’ ses | j(zs A ) ’ ’
J@s A y)
HERVED)

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

s€ES Ts VI

Then o and ¢ defined above satisfy (A-8)(i) and (3.14).

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 in Section 3.1. These steps
are carried out using [15, Theorem 1] and [16, Theorem 3], written for general
ODMs(1,1). The adaptation to higher order ODMs(p, ) will follow easily from
the embedding of Section 4.1. We consider the following assumptions, the last of
which uses Vi as introduced in Definition 3 under Assumptions (A-1) and (A-2).

(B-1) For all y €Y, the function (8, x) +— g?(x;y) is continuous on © x X.
(B-2) For all y €Y, the function (8, 2) ~ 1?(y)(2) is continuous on © x Z.
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(B-3) There exist xg) e X, u(li) € U, aclosed set X; C X, C >0, h: Ry — Ry
and a measurable function ¢ : Y — R~ such that the following assertions

hold with z() = (xgi), .. ,xgi),u(lx), . ,ugi)) e’z
(i) Forall € © and (2,9) € Zx Y, ¥?(y)(2) € X;.

(ii) sup  g%(x;y) < oo
(9,1,y)€@xx1 xY

(ii) Forall y € Y and 0 € ©, 8x (o), 1 (4) (=) ) vy (T(y). ul’) < ().
(iv) Forall 8 € © and (z,2,y) € X1 x X1 XY,
D)

0 _
g% (z;y) , c(ax(x“,x)vax(z .z )) =
In =—==| < h(d 1 1 1
ngg(x’;y)‘ < h(dx(z,2'))e é(y), (3.16)

(v) h(u) = O(u) as u — 0.
(vi) If C =0, then, for all § € ©, G?Int ¢ < Vx. Otherwise, for all 8 € ©,
G < Vx.
Remark 7. If we consider a VLODM 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 mgi), on (the compact set)
© and on the choice of the norm |- | on U = R?",

Remark 8. 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,
g%(z;y) € 0,1] for all f, z and y and Condition (B-3)(ii) trivially holds whatever
Xl is.

We have the following result, whose proof is postponed to Section 4.3.

Theorem 10. 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 0, ,

defined by (2.9) is equivalence-class consistent, that is, the convergence (2.11)
holds for any 0, € ©.

4. Postponed proofs
4.1. Embedding into an observation-driven model of order (1,1)

A simplifying 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
allu € U and y € Y, we denote by ¥¥ and \I/z the two Z — Z mappings defined
by

=0 22:ps 150 <u>(z)7 Z(p+2):(p+q—1)> u) if q> 1
Wyt 2 = 21i(pte-1) - .
22, 00 () (2) ) ifg=1,

(4.1)
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0 _ 30
by =Ty - (4.2)
We further denote the successive composition of \Ilgo, \11217 ..., and \Ilzk by
\Ijg<y0:k> = \Ilzk ° \I/Zk—l 00 \IJZO : (4'3)

Note in particular that ¥ (yo.) defined by (2.8) with the recursion (2.7) can be
written as

V0 {yor) = I 0 U {yo.) (4.4)
Conversely, we have, for all £ > 0 and yo.,, € YF+!,
U 0) (2) = (6003 (2)) 4y Wbt - (4.5)

where we set u; = 444, (2) for —¢ < j < —1and u; = Y(y;) for 0 < j <k
and use the convention 1%(yo.;)(z) = II,_; (2) for —p < j < 0. By letting
Zr = (X(h—p+1)iks Ulk—g+1):(k—1)) (see (2.4)), Model (2.1) can be rewritten as,
for all k € Z>o,

Vi | Fie ~ G(IL, (Z1) ;).

4.6
Zipr = V. (Z). (+0)

By this representation, the ODM(p,q) 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) in [15] to the broader class of ODMs(p, ¢). Not all but some con-
ditions written above for an ODM(p, q) indeed easily translate to the embedded
ODM(1, 1). Take for instance (A-4). By (3.5), (3.6) and (4.5), we have, for all
n € Z~q, using the convention Lip?n =1 for m <0,

I AUAIER Q1))
yeYn 2,2/ €72 62(0)

< linegy Vv (Or%aé(pLipZ_j> .4

Hence the same assumption (A-4) will hold for the embedded ODM(1,1). As an
ODM(1, 1), the bivariate process {(Zx,Ys) : k € Z>o} is a Markov chain on the
space (Z xY,Z®)) with transition kernel K satisfying, for all (z,3) € Z x Y,
A€ Zand Be),

K%((,y); A  B) = / Lan(V0(2),0) GO, (=) dy).  (4.8)

Remark 9. 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 7% 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>o} is a Markov chain on
(Z, Z) with transition kernel R? defined by setting, for all z € Z and A € Z,

RO(z; 4) = / 14(¥9(2))GY (11, (2) ; dy). (4.9)
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4.2. Proof of Theorem 8

The scheme of proof of this theorem is somewhat similar to that of [15, Theo-
rem 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 counter-
parts (A-4), (A-7) and (A-8)(iv) in [15, Theorem 2]). Using the embedding
of Section 4.1, we will use the following conditions directly applying to the ker-
nel R of this embedding.

(E-1) The space (Z,dz) 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, 8) € (0,1) x R>( and a measurable function
V :Z — Rxsg such that RV < AV 43 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 z, € Z
such that, for any z € Z and any neighborhood N of z.,, R™(z,N) > 0 for
at least one positive integer m.

(E-4) There exists a Markov kernel R on (2% x {0,1}, Z®2@P({0,1})), a Markov
kernel &2 on (Z2, Z%2), measurable functions a : Z2 — [0,1] and W : 22 —
[1,00) symmetric, and real numbers (D, (1, (2, p) € (R1)3 x (0, 1) such that
for all v = (2,2/,u) € X* x {0,1} and n > 1,

1—a<dzxW onZ?, (4.10)

VzeZ, Iy >0, sup{W(z,2'):0z(z,72) <7} < o0, (4.11)

{R(v;~ x Z x {0,1}) = R(z,-) and (412)
R(U;Z XX {07 1}) = R(Z/a ) )

R(v;- x {1}) = a(z,?) R((Z,Z/)7 ), (4.13)

Rn((z’zl);éz) S Dpnéz(zazl) ) (414)

R™((2,2'); 87 x W) < Dp"85 (2, 2') W (2,2') . (4.15)

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

Proof. By [45, Theorem 2], Assumption (E-2) implies that the transition kernel
R™ admits an invariant probability distribution denoted hereafter by m,,. Let
7 be defined by, for all A € Z,

7(A) = % > mmRF(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



General-order observation-driven models 3373

n e Zzo,
#(V AM) =R (V A M) <7((R"™V) A M)

N

< \'7 M
< N7V A )+1_)\

AN M.
Letting n — oo, we then obtain 7(VAM) < % A M. Finally, by the monotone
convergence theorem, letting M — oo, we get 7V < oo. O

Proposition 12. 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 [13, 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, Q and Q* being
our &, R, R and R). O

Hence it is now clear that the conclusion of Theorem 8 holds if we can apply
both Lemma 11 and Proposition 12. This is done according to the following
successive steps.

Step 1 Under (A-3), the metric (3.6) makes (Z,d7) locally compact, complete
and separable, hence (E-1) holds true.

Step 2 Prove (E-2): this is done in Lemma 13 using (A-3), (A-5), (A-6) and the
fact that, for all y € Y, ¢ (y) is continuous on Z, as a consequence of
Lip; < co in (A-4).

Step 3 Prove (E-3): this is done in Lemma 14, using (A-3), (A-4) and (A-7).

Step 4 Define @& and prove (4.10) and (4.11) in (E-4) with W as in (3.13): this
directly follows from Conditions (A-8)(ii) and (A-8)(iii).

Step 5 Provide an explicit construction for R and R satisfying (4.12) and (4.13)
in (E-4): this is done in Lemma 15 using (A-8)(i);

Step 6 Finally, we need to establish the additional properties of this R required
in (E-4), namely, (4.14) and (4.15). This will be done in the final part
of this section using the additional Lemma 16.

Let us start with Step 2.

Lemma 13. 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 so is R™, for any m > 1. Let
f: Z — R be continuous and bounded. For all z = (2(_p11):0; U(—g+1):(—1)) € Z,
Rf(2) is given by

E. [f(Z1)] = E. [f(2(—p+2):00 X1, t(—g42):(-1), T(Y0))]
- / F@piayon b )(2), g2 T()) Glao; dy) -

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

f(zvy) = f(x(—p+2):07w<y>(’z)’u(—q+2):(—l)v T(y)) .
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Further, we define ' : Z x X — R by setting, for all z € Z and z € X,

F(z,z) = /f(z,y) G(z;dy) .
Hence, with these definitions, we have, for all z € Z, Rf(z) = F(z,11, (2)), and

it is now sufficient to show that F is continuous. We write, for all z,2’ € Z and
x, ' € X, F(Z,2") — F(z,2) = A(z,2',2") + B(z,z,2") with

Aza) = [ (7o) - Fe) Gl'say)
Bloaa’) = [ Fay) (G dy) - Glasdy)

Since z — f(z,y) is continuous for all y, we have A(z,2/,2') — 0 as (2/,2/) —
(z,z) by (3.7) and dominated convergence. We have B(z,z,z’) — 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 € Z~g.

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

n o VU(Unfkr>

R"V(z) =E, Orél]?i(pVx(ank) max. G,
< 3 E(Xn-n)] + Gy Y Bl W (Y]

0<k<p 1<k<q

S 2 Z Ez [VX(ank)] )

0<k<pVq

where we used that Viy(Up—x) = Vo (Y (Ya-r)) = W(Yn—k) and E, [N (Y, k)] =
E, [GW(Xn—r)] < |GV\(|V>< E. [Vx(Xn—k)], which is valid for n — k > 0. Now,
by (3.8), for any A € (0,1), we can find m € Z>o and M > 0 such that
E, [W(Xm—r)] <AV (2)+M)/(2(pVvq)) for 0 < k < pVq. Hence R™V < AV 43
for B = M. O

We now proceed with Step 3.
Lemma 14. (A-3), (A-4) and (A-7) imply (E-3).
Proof. We separate the proof in two cases: first we assume (A-7)(a) and secondly,
we assume (A-7)(b).
Case 1: Assume (A-7)(a). In this case, we pick yo € Y as in (A-7)(a) Set yr = yo
and u, = Y(yo) for all k € Z>o. By Lemma 18, we have that 1?(yo.,)(2) =
Y% (up.n)(2) converges to the same x., in X, for all z € Z. Now set z,, =

(Tooy «+ -y Toos Y(Y0)s - -, T(yo)) € Z. Then, for any z € Z, by (4.5) and (3.6), for
any & > 0, there exists m € Z~¢ such that 67 (200, ¥ (yo.m)(2)) < § and thus

R™ (22 € Z: 87(200,2') < 8)) = Po(Zimsr = U0 (youm) (2))
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>P,.(Yi = yo, Yk €{0,...,m})

=TI &° (4" wour)(2): {mo}) -

By (A-7) (a) and (3.10), we have G%(z; {yo}) > 0 for all z € X, and we conclude
that z, is a reachable point.
Case 2: Assume (A-7)(b). Since (U, dy) is assumed to be separable in (A-3),
there exists ug € U such that

forall§ >0, v({yeY:du(up, T(y)) <d})>0. (4.16)

For any u € U and any integers k < [, in the following, we denote by [u]g,
the constant sequence uy; in U=F+1 defined by uj = u forall k < j < 1.
By Lemma 18, we have that 1? ([ug]o.n)(z) converges to the same z., in X, for
all z € Z. And by (4.1), setting 2o = (Too,- - - Too, Uos - - -, Ug) € Z, we have
that, for all z € Z,

lim \i'g<[u0]0:m>(z) = lim \i/uo 0---0 ‘i/uo(z) =25 InZ. (4.17)
m—00 mﬁoo—/_/
m times

Now pick z € Z and § > 0. By (4.17), we can choose an integer m such that
62(200, \ila<[u0]0:m>(z)) < (5/2 .

Moreover, using (A-7) (b) and (4.1), we have that, for any m € Zso,
UQen, @9<uo:m>(z) is continuous on U™*t!. Hence there exists 6’ > 0 such
that, for all yo., € Y™ dy(ug, Y(yx)) < & for all 0 < k < m implies
02 (D?([u0)o:m) (2), WO (YR (30 1) (2)) < 6/2, which with the previous dis-
play gives that

YO <k <m, du(uo, T(yr)) <6 = 87(200, T{TEMFD (10,0 (2)) < 6.
Thus we have
R™ ({2 : 02(200,2) < 6}) > P, (du(uo, Y(Y3)) < &', 0< k< m).
Applying (4.6) and then (4.16) with (3.10), we have, for all £ > 1,
P (8u(uo, T(Y2)) < &'|Fe) = G°(IL, (Ze) i {y = du(uo, Y(y)) < '}) > 0.

Tt follows that for all £ = m,m—1, ..., 1, conditioning on Fy, P, (du (ug, T(Y%)) <
0', 0 <k <{) =0 implies P,(du(ug, T(¥%)) < ¢, 0 <k < ¢—1) = 0. Since
P, (8y(uo, Y(Yp)) < &) = GO(1L, (2); {y : du(uo, Y(y)) < &'}) > 0, we conclude
that R™*1 (2;{2 : §2(200,2) < 6}) > 0 and 2, is a reachable point. O

We now proceed with Step 4. Let us define @ = aon?Q. By (3.6) and (3.13),

we have W > Wx oII$? and 67 > dx oII5?. Hence (4.10) follows from (A-8)(iii)

Condition (4.11) directly follows from (A-8)(ii) and the definition of W in (3.13)
We now proceed with Step 5.
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Lemma 15. Let o : X2 — [0,1] be a measurable function and G be a Markov
kernel on X2x Y satisfying (A-8)(i) and define the Markov kernel R on (Z2, Z%?%)

by
Rf(v):/on\I:gZ(v)Q(H??(v);dy). (4.18)

Then one can define a Markov kernel R on (Z% x {0,1}, 292 2P ({0,1})) which
satisfies (4.12) and (4.13).

Proof. We first define a probability kernel H from Z2 to Y®? @ P({0,1}) Let
(z,2') € Z? and set x = II,(2) and 2’ = II, (2’). We define H((z,z);-) as
the distribution of (Y,Y”,€) drawn as follows. We first draw a random variable
Y taking values in Y with distribution G(x,z';-). Then we define (Y,Y”,¢) by
separating the two cases, a(z,2’) =1 and a(z,2’') < 1.

- Suppose first that a(z,2’) = 1. Then by (A-8)(i), we have G(x;-) =
G(x2';-) = G(x,2';-). In this case, we set (Y,Y',¢) = (Y,Y,1).

- Suppose now that «(xz,2’) < 1. Then, using (3.12), the func-
tions (1 — a(z,2)7![g(z;) —a(z,a’)g(x,2';)] and (1 —
afz,2')) 7! [g(2';+) — a(x,2')g(z,2’;-)] are probability density func-
tions with respect to v and we draw A and A’ according to these two
density functions, respectively. We then draw e in {0,1} with mean
a(z,2’) and, assuming Y, A, A’ and ¢ to be independent, we set

Vv - {(Y,w ife=1,
(A, A)  ife=0.

One can easily check that the kernel H satisfies the following marginal condi-
tions, for all (z,2') € Z2 and B € Y,

(4.19)

H((2,2"); B xY x{0,1}) = G(II, (2); B) ,
H((z,2');Y x B x{0,1}) = G(II, (¢

g P(Z);B)v

Define the Markov kernel R on (Z2 x {0,1}, 292 @ P({0,1})) by setting for all
(2,2,u) € Z2 x {0,1} and A € 292 ® P({0,1}),

R((z. ' u); A) = / Ly (U (2), Uy (), ur) H((22');dy dy duy).

Then (4.19) and (4.9) immediately gives (4.12). To conclude the proof we
check (4.13). We have, for all v = (2,2',u) € Z2 x {0,1} and A € Z9?%

R(U;A X {1}) =E [ILA (\I/y(Y)7\I/y/(Y)) 1{5:1}] s

where ¥ and € are independent and distributed according to G(II¥?(z,2');-)

and a Bernoulli distribution with mean @(z,2’). This, and the definition of R
in (4.18) lead to (4.13). O
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In order to achieve Step 6, we rely on the following result which is an adap-
tion of [13, Lemma 9.

Lemma 16. Assume that there exists (0,D1,¢) € (0,1) x R>g X Zs¢ such that
for all (2,2") € 72,

R((2,2'): {0z < D16z(z,2)}) =1, (4.20)
R ((2,2'); {67 < 082(2,72")}) =1, (4.21)

and that W : Z? — Rx satisfies

L 1 R"W (v)
- < )
Chm hrrlnsup - In vsgzg 30 0, (4.22)

Then, (4.14) and (4.15) hold.

Proof. Note that (4.20) implies, for any non-negative measurable function f on
72, R(d7 x f) < D: (5Z x Rf) and (4.21) implies RY(87 x f) < 0(82 x R'f).
Hence for all n > 1, writing n = kf 4+ r, where r € {0,...,¢ — 1} and k € Z>o,

we get, setting p’ = o'/*,

R™(87 % f) < DI o* (5z x R”f) <(AvDIY) ety (5Z x R”f) .

Taking f = 1, we get (4.14) for any p € [p/,1). To obtain (4.15), we take f = W
and observe that (4.22) implies that, for any ¢ > 1, there exists ¢ > 0 such
that sup(R"W/W¢) = O(6"). Choosing § small enough to make p'd < 1, we
get (4.15) with p = p/'d, ¢t =1 and (o = (. ]

We finally conclude Step 6. By Lemma 16, it remains to check
Conditions (4.20) and (4.21), and (4.22). For all £ > 1, we have
R (03 { W (y1.0)®2(v) : y1.¢ € Y*}) = 1. Using (4.7), we thus get

i (U;5z < 82 (v) (n{kq} v, max Lipm>> _q

£—p)+<m<l

and (4.20) and (4.21) both follow from (A-4).
~ We now check (4.22). By (4.18) (3.11) and (3.13), for all n > ¢ and v € Z?,
R"W (v) can be written as

W (Yak) VWA (Y, )

An - S /
=R ngz?fp WXt Xio) V e, [GWY Ly
N WY(Ynfk) + WY(Yé— )
< >k lWX(X""“’ e
0<k<pvq S

<303 By [W(Xak, Xjp)]
0<k<pVq
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where we used, for n — k > 0, E,[Wy (V)] = E, N (Y, )] =
E, [GWA (X, X, ;)] We directly get that (iv) implies (4.22). As for the
two conditions in (v), the first one implies that, for any p € (0,1), there exist
m > 0 and 8 > 0 such that R™W < pW + B, and the second one that there
exist 7 > 1 and C > 0 such that R'W <CWT forallr=0,...,m— 1. Com-
bining the two previous bounds, we obtain, for all n = mk + r with k € Z>¢
and 0 <7 < m,

R'W < p"R'W +B/(1—p) < p"C W™ +B/(1—p) < Cru W7,

where C,, is a positive constant, not depending on n. Hence we obtain (4.22)
and the proof is concluded.

4.3. Proof of Theorem 10

We apply [15, 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 <pl, x=u1z1,€XP.

Let us briefly check that (B-2), (B-3) and (B-4) in [15] hold. Conditions (B-2)
and (B-3) correspond to our (B-1) and (B-2), noting, for the latter one, that wz
here corresponds to the \Ifg defined in (4.2), inherited from the embedding. As
for (B-4) in [15], we have that (B-4)(i) and (B-4)(ii) corresponds to our (B-3)(i)
and (B-3)(ii), but with X; in (B-4) replaced by Z; = XP~! x X; x Y9=1 with the
latter Xy as in (B-3). Also our condition (A-4), by Lemma 17 and (4.7) imply
(B-4)(iii) for some o € (0,1) by setting 1(z) = Cdz(21, 2) for some C > 0.
This ¢ 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, z() has constant
first p entries and constant ¢ — 1 last entries,

By = C (8x(ay. v/ () () v u (el X (w))) -

The remaining conditions (vi), (vii) and (viii) of (B-2) follow directly
from (3.16), (v) and (vi) in (B-3). All the conditions of [15, Theorem 1] are
checked and this result gives that, for all 6,6, € ©, P -a.s., P’ (Y|Y_oo:0) de-
fined as in (3.1) is well defined for all y € Y, that, if § = 6, it is the density of ¥}
given Y_ ..o with respect to v, and also that the MLE ézu)m satisfies (3.3) with
©* defined by (3.2). Finally, by [16, Theorem 3], we also obtain that ©* = [6,]
and the proof is concluded.

4.4. Proof of Theorem 4

We prove (i), (ii) and (iii) successively.
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Proof of (i). We apply Theorem 8 with Vx(z) = e7*l for some arbi-
trary 7 > 0. Note that Remark 2(1) gives (I-1), which, by Remark 6(2),
gives (A-4). Remark 6(5) 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 14|,
hence Vi (y) = e™! (049 and, by Lemma 19, we then have GV4 (z) < 2e(1+#+)7
so that |GVy|y, < 2e”. With these definitions, (3.9) leads to

Vi(z) > (2e7) 7" e Pl z€e”, (4.23)

where |z|o denotes the max norm of z € RP*4~1. Now, to bound E_ [Vx(X,,)] as
n grows, we see Vx(X,,) as e”*(Zn)l with the specific A = II,, and, for any linear
form A on Z, we look for a recursion relation applying to

E, [er\,\(zl)q - [e'r A (In(14+V))]

where V' ~ P(e»(2)) and, for all z = (T(—pt1):0, Y(—g+1):(—1))5 AR>S Ris
defined by

Az (Yo) = M (—pr2):0, ¥V (Y0)(2), Y(—g+1):(~1) Yo) - (4.24)

Observing that X, is an affine function, of the form \, (y) = Yo + Yy, we can
apply Lemma 19 with ¢ = z (and the trivial bound |Jg| V |99 + 91| < [Fo| V
|9 + 9¢|) and obtain that

E. [ef\x(zl)\} < CeT(‘)\o‘il(O)(Z)l\/lko\il(l)(z)l) <ec [ef\xoif(0>(z)| _|_eT|)\o\TI(1)(z)| ,
where we set ¢ = 2e7“+%1 and, for w = 0,1 and all z € Z, @(w)(z) is defined by
\I/<U)>(Z) = (x(—p+2):07 L1, Y(—q+2):—15 yO) with

Topyr = (2) for 1<k<p,
Yogqik =pp(2) for 1<k<gq,
up =wrg and wuj_x = TV(y1_x) for 1<k<gq,

p q
T = E ax Ti_j + E by uy .
k=1 k=1

Defining for all w = wo.,—1 € {0,1}", \/I\l<w> = U (wn_1)o...0{wp), we get

E[x(X,)] < Y omedwe)] (4.25)
we{0,1}
Now observe that, for all w = wepiq—1 € {0,1}"7%, we can define II, o

~

U (wo:(n4q—1))(2) as Tpy, obtained by adding to the previous recursive equa-
tions, for 1 < k < n +q,

P q
up = wgrr and Tr41 = E aj Thy1—j + E bj Upy1—j -
Jj=1 j=1
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Note that, in this recursion, we can replace ur41—; by wgt1—;Tpy1—; for k +
1 —j >0, hence z4.(n1q) satisfies the recursion (2.13) and it follows that II, o

{I\I<w0:(n+q71)>(2) can be expressed as

~

¥ {Wg:(ntq-1)) <(H”(‘q>+ <@<w°’(q€)+>(Z)>>1§é§pw> '

Hence Condition (2.14) implies that, for all z € Z,

lim sup{‘Hp ocﬁ(w)(z)’ Tw € {0,1}"} =0.

n—oo

By linearity of z \f'(w)(z), it follows that
nh_}rrgo sup {|Z|<:ol ‘Hp o @(w)(z)‘ cw e {0,1}", z€Z\ {0}} =0. (4.26)
Hence using (4.25), we finally obtain for a positive sequence {p,, : n € Z>¢},
E.[Vx(X,)] < (2¢)" €7 Pn 12l | with lim p, =0,

which, with (4.23), leads to, for all z € Z and M > 0,

Ve < (2¢)" min (M—l o7 P l2loe (QQT)*l o™ (Pn—1) IZ\OO) )

Let C' > 0 be arbitrarily chosen. Using the first term and the second term in
this min for |z|c < C and |z|e > C respectively, we get that, for any n such
that p, <1,

, E, [Vx(X,)] -1 _
lim sup sup ———"1 < (2¢)" (2e7) " ™ (Pr D 50 as C — 00 .
Using that {p, : n € Z>o} 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 9 with C =R =X
and S = {1}, p being the Dirac mass at point 1. For all (z,y) € X x Y, let

j(x) = e and h(z;u) = e ) which h satisfies (H'-1). Hence Lemma 9

gives that (A-8)(i) and (3.14) hold with

’
_erVe ,

e

—‘ez—ew

a(x,x’):m:e and ¢(z,2') =z A2, z, 2’ € X.
Now for all z, 2’ € X, we have
x (El / ’
lfa(a:,x’):lfe_‘e <] — e | <elrVIF gy — gf)

We thus obtain (A-8)(iii) by setting Wx(z,2’) = el*VI#’l and (A-8)(ii) also
follows by setting Wy (y) = el¥!. Since Wy is Vi with 7 = 1, we already saw
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that GWy(z) < 2+, hence [Wy o ¢[y, < 2e, and (3.13) leads to, for all z,
Zin Z,

W(z,2') > (20) elzleVIzloe | (4.27)
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, [eTIAZ0I].
Let 7 > 1. For any linear function \ : Z2 — Z2, we have, for all v = (2,2') € Z°,

i, [em(zmvu(z;)q <k, [eTmzm} + I, [emm)q

) |:e'r‘5\z(1n(1+\/))|:| IE [er|xz,(1n(1+v’))|} 7

where V' ~ P(e¢°n§2(”)) and A, is defined by (4.24). By definition of ¢ above,
we have ¢oII$?(v) <11, (2),11, (2'). Hence Lemma 19 with ¢ = ¢oII$?(v) and
¢' =10, (2) and II, (2’) successively, we obtain, similarly as before for bounding
E. [eT‘/\(Zl)\], that for all v = (2,2') € Z2,

R, [er(wznwuwon} <e Y % o7 [XoT (w) (=)

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

<2 Z eT(|)\o\i/<w)(z)‘\/|)\o‘i/(w>(z')|) ) (428)
w=0,1
Taking A = 1I,, and observing that II, o @(w) is a linear form for w = 0,1, we
get, setting co = maxy—=o,1 5up|,|__ <1 |1l o W(w)(2)], for all v = (2, 2') € z2,
E, [Wg (X1, X})] < 4ce™ Pl with |v]oe == |2|oo V |#/]oo - (4.29)

Thus, with (4.27), 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 (4.28) and taking 7 = 1 and A = II,,, we thus get, for all n € Z>¢
and v = (z,2') € Z2,

]]::v [WX(XTL?X’;L)] = Ev |:e\)\(Z")|\/|)\(Z:L)\i|
< (4c)™ max {ealoa(w)(z)MH”O@<“’>(Z/)| cw € {0, l}n} .
Applying (4.26) and (4.27), we get that, for all v € Z2,

E, [WX(Xn’X’I/’L)]
M+ W (v)

epn |U|00

< (4¢)™ min { , (2e) elPn =) |”°°} ,

where {p, : n € Z>o} 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|s < C for any C' > 0, while, if p,, < 1, the second one tends
to zero as |v|e — 00. Hence, for n large enough, we have

E X, X!
lim sup U[WX( n n)]

=0
M—00 4,72 M + W(’U) ’

and (A-8)(v) follows, which concludes the proof. O
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Proof of (ii). We apply Theorem 10. We have already shown that (A-4), (A-1)
and (A-2) hold in the proof of Assertion (i), with Vx(x) = e7I*| for any 7 > 0.
Assumptions (B-1) and (B-2) obviously hold for the log-linear Poisson GARCH
model (see Remark 7 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 sat-
isfies (B-3)(i). Condition (B-3)(ii) is also immediate (see Remark 8). 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>,

Ing? (z;9) —Ing® (2/sy)| < Jo — 2’| ™ y
(i)

_ M 1_ (0
T—Ty |\/|:1: T yef”l

< \J;—x’|e’

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 7 and T(y) = In(1 +y) < y), (iv)
and (v) follow. Then we have G%¢(x) < 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 [17, Theorem 17] in which:

- Condition (A-1) corresponds to our Assumption (A-1) shown in Point (i)
above;
- Condition (L-3) corresponds to checking that

/ln+(1n(1 + 1)) 7% (dy) < 00 (4.30)

We already checked that G?14 < Vi with W& (y) = (1 + y)7, implying
[(1+y) 7% (dy) < co. Hence (4.30) holds.

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

- Conditions (SL-2) and (SL-3) are immediately checked for the log-linear
Poisson GARCH model;

- Condition (SL-4) is directly assumed in (iii);

Thus [17, Theorem 17] gives that [0,] reduced to {.} and Assertion (iii) follows
from (ii). O

4.5. Proof of Theorem 5

We prove (i), (ii) and (iii) successively. We take v is the counting measure on
Z>o so that we have

9 (z5y) = I;/(rrtrgj)) (1ix> (1ix>y (4.31)

Proof of (i). As for the Log-linear Poisson GARCH(p, q), we apply Theorem 8
this time with Vx(z) = . Note that, since ag, by > 0 for all k, Condition (2.20)
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implies Y 7_, ax < 1, which implies (I-1) and thus (A-4) by Remark 6(2). Also as
for the log-linear Poisson Garch(p, ¢) case, Remark 6(5) 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 T is the identity mapping.

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

V() >(0+7r) " |2lee, 2€Z. (4.32)

On the other hand, we have that, for all z = (m(,pﬂ):o,u(,qﬂ):(,l) cZ =
R;;qu and alln=1,2,...,

]EZ[VX(XH)] =E. [Xn} =w+ Z aiE, [Xn—k] + Z bk]Ez[Yn—k] 5
k=1 k=1

where, in the right-hand side of this equation, if n — k < 0, E,[X,,_x] should be
replaced by z,_; and if n — k < —1, E,[Y;,_x] should be replaced by u,_j. By
definition of G, E.[Y, ;] = rE,[X,—k]. Hence, denoting z,, = E.[X,,] we get
that the sequence {zy : k € Z>o} satisfies the recursion

pVq

xn:erchxnfk, n>pvag,
k=1

where here ¢, = ax, +7 by > 0for k=1,...,pAq, cx = ar if g <k < pand
cr = rby if p < k < q. Moreover we can clearly find a constant C' only depending
on 6 such that |21,y ‘Oo < C(14%|co). Then applying Lemma 20 and (4.32),
we get that there exists C' > 0 and p € (0,1) such that, for all n > 1,

E.[ X 1] <C'p" (1 +V(2)).

Condition (A-6) follows.
We conclude with the proof of (A-8). Let us apply Lemma 9 with C =
(0,00) = X and S = {1}, p being the Dirac mass at point 1, j(z) = (1 + )"

and h(z;y) = 1;(,7;?3)) (H_%)y, which satisfies (H'-1). This leads to « and ¢ sat-

isfying (A-8)(i) and (3.14) by setting, for all z,2’ € R>g

1 Az
a(m,x’):( +xAx

W) and (/)(at, (E/) =z AN SUI.
T VT

Next, for all (z,2') € Z2, we have

1+zAz
1+zVa

1—a@¢q—1—< )T<aku—xq

We thus obtain (A-8)(iii) by setting Wx(x,2’) = (1Vr). All the other conditions
of (A-8) are trivially satisfied in this case, taking Wy = 1. ]
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Proof of (ii). We apply Theorem 10. We have already shown that (A-4), (A-1)
and (A-2) hold in the proof of Assertion (i), with Vx(z) = . Assumption (B-1)
follows from (4.31), and (B-2) from Remark 7. It now only remains to show that,
using Vx as above, (B-3) is also satisfied.

Since © is compact, we can find w > 0 and 7 € Z>¢ such that w > wand r <7
for all 0 = (w, a1.p, b1:q,7) € ©. We set X1 = [w, 00) which then satisfies (B-3)(i).
Condition (B-3)(ii) follows from Remark 8.

Next, we look for an adequate ¢, h and C' > 0 so that (iii) (iv) (v) and (vi)
hold in (B-3). For all 0 € O, (z,2’) € Xy and y € Z>(, we have

|lnge(:1c; y) — lnge(x’;y)| =|(r+y)[n(1+2) —In(l + )] + y[lnz — Inz']|
(r+y)A+w) ™ +yw '] |z -2
F+2yw™'] [z—2|.

IN A

We set C = 0, h(s) = s and ¢(y) = A + By for some adequate non-negative A
and B so that (iii) (using Remark 7 and Y(y) = y), (iv) and (v) follow. Then
we have G’InT ¢(z) < A+ Bra < Vi. This gives (vi) and thus (B-3) holds
true, which concludes the proof. O

Proof of (iii). The proof of this point is similar to the proof of Theorem 4(iii)
in Section 4.4, except that Condition (4.30) is replaced by

/ In* (|y]) 78 (dy) < oo . (4.33)

We already checked that G4 < Vi with V& (y) = y, implying [y 7% (dy) < oco.
Hence (4.33) holds and the proof is concluded. O

4.6. Proof of Theorem 7

The following remark about Assumption (L-4) will be useful.

Remark 10. If the Markov kernel L admits a kernel density ¢ with respect to
some measure v, on Borel sets of R" as in (L-1), then

drv(L(E ). LIE ) = 5 [ 6" = K€ mlae”)

- / (UEE") A UELE") m(de”) .

It follows that Assumption (L-4) is equivalent to assuming that there exist a
measurable function oy, : R?” — [0,1] and a Markov kernel L on (R")? x B(R")
dominated by v, with kernel density £(&,&’;€”) such that

(a) for all (£,¢,") € R,

0&E) N UEET) = an(€,8)L(E,85€7).
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(b) there exists a constant M > 1 such that for all (¢, &) € R?",

1—ap(&¢) < MlE-¢.

Obviously these two conditions imply (L-4). To see the converse implica-
tion, take ar(§,&) = [, (U&E) AUEGE") vi(d€”) and £(€,€5¢") =
(&€ ) NEE3E") [av(§,€).

Proof of (i). As explained in Example 3, the PARX model can be cast into
a VLODM(p,q) and, to prove ergodicity, we can thus apply Theorem 8.
Hence we now need to check Conditions (A-3), (A-4), (A-5), (A-6), (A-7)
and (A-8). (A-3) always hold for a VLODM. (A-4) follows from (2.22) by Asser-
tion (i) in Lemma 21.

Let us check (A-5), by first verifying (3.7). Using the definition of the kernel G
(we drop 6 from the notation G? since it does not depend on 6) in Example 3 b),
and using (L-1), G admits a kernel density g wrt v := vz, ® v, with vz,
denoting the counting measure on Z>g, given by - -

9(T;:9) = e_g”z—?f(f;é’) o (@,9) = ((2,6),(y,6) XX Y. (4.34)

We set, for (z,2') = ((z,£), (2/,¢&')) € X?
ox(#,7) = |z — '+ |l€ = €| (4.35)

According to assumption (L-1)(ii), there exists 6§ > 0 such that
. SUP|er_ h(& &M, (d€”) < oo. Thus, using the expression of iven

Jrr BUP e <5 g 98

in (4.34),

S [ sup ol €)1 (0.6 Bx((@ €, (2. €)) < pma€”)
y=0

T llgr=¢ll<o

= —x (-T+5)y 1.1 7
Sygzoe +6T/R sup  {h(&5 &) v (dg),
< [ s (W) < o,

R™ [|§/—€]|<0

which shows (3.7). Since L is weak-Feller by (L-2), (A-5)-(b) holds, and fi-
nally (A-5) is satisfied.
We now turn to checking (A-6). Define

VY(yag) = VU © T(y,f) = VU(y7 fl(g)v BERE) fd(f)?g) =y+ VL(&)?
Vx(l‘,&) =x+ VL(f).

Then, using (L-3)-(iv) with n = 1 and h = V1,

x + LVL(é-) < x + CQVL(g) + W(VL)
$—|—VL(§) - 1‘—|—VL(§)

GW
Vx

(xug) = < 1V(CQ)+7T(VL)7
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so that Gy < Vx. Moreover, {Vx < M} is compact for any M > 0, and so

is {WW < M} since {V1, < M} is compact for any M > 0 by (L-3)-(ii). To
complete the proof of (A-6), it only remains to check (3.8). Recall that in this
model, U; = (Y, f1(Z4), -, fa(E¢), Z¢). Noting that for all z € Z = XP x U1,
E.[Y:] = E.[X,] (see (2.21)), we have, using (L-3),

/4 q
E.[Xp] =E. |w+ Y aiXn_i+ Y biYni| +L"(£)(E_1)
i=1 =1

p q
Sw+ Y @B [Xn ]+ Y biE[X, ]
1=1 1=1
+ CQ" |f7‘VL VL(Efl) + ’R—L(f"/) .

Defining ¢; as in Assertion (ii) of Lemma 21, we write this inequality as
E.[Xn] <w+ Z GE:[Xn—i] + Co" |f7‘VL Vu(Ilptq(2)) + mi(fy). (4.36)
i=1

Similarly, we have

E.[Vx(Xn,Zn-1)] = E.[X,] + L"(VL)(E_1)
< Ea[Xa] + Co"Vo (I g(2)) + 7 (Va). (4.37)

Combining (4.36) and (4.37) yields that, for any € > 0, we can find M large
enough such that, with V' defined by (3.9), and setting

Ez [VX(XTH En—l)}

Up 2= SU , NE€Zl>o,
" M1V(2) =0
we have, for all n € Z~q, u, € R>g and
Vg 1
Up < ;ciun_i + Co" |GVY|V>< + 56 .
Thus, since ¢ < 1, for n large enough,
pVg
Up < Zciunﬂ- +e€.
i=1
It follows that, for any € > 0,
E,[W(Xy, En— )
limsup lim sup Vs (X, En )] < limsupu, < % ,
n—soo M—00 ,c7 M + V(Z) n—oo 1-— Zi:l C;

where, in the second inequality, we used Lemma 20 with Assertion (ii)
of Lemma 21. We thus get (3.8).
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Let us now check (A-7). From (L-1) (i) and (4.34), we have (3.10). Since (A-7)-
(b) always holds for a VLODM, we obtain (A-7).
To complete the proof, it remains to check (A-8). In what follows, we set for

(7,7) = (=€), (2",¢)) € X* and § = (y,£") €V,

/ (e Na')Y
a(.a) —e P a6, glerin) e e g

where ag, is given by Remark 10 and take for Wy : X2 — [1,00) and Wy : U —

R>g the constant functions equal to M, where M is the constant that appears

in Assumption (L-4) and Remark 10(b). -

_ Using (4.34), we have, for all (z,7') = ((z,€), («/,£)) € X* and j = (y,£") €

Y

(x ANa')Y
y!

ap(§, €)L& €5¢7)

min{g(z;7), 9(';5)} > e~V h(&;€") AR(E;€")
(x A"
y!

> a(z,2')g(z, 75 p),

> ef|:1:7x'\efx/\z'

where a and g are defined in (4.38). Then (A-8)-(i) holds. Moreover, since Wx
and Wy are constants, (A-8)-(ii) trivially holds. We now turn to (A-8)-(iii).
By (4.38), for all (z,2') = ((,¢), (2/,¢)) € X2,

1-a(z,7) =1—e " "lay(£,¢) <1+e (Mg — ¢ - 1)

1ol e e IM g — € < Mz of| + € - €,

(4.39)
where in the last inequality we have used 1 — e 1*=%'l < |z — 2/| < M|z — 2/|.
Plugging the definition of dx given in (4.35) into (4.39) shows (A-8)-(iii). Since
Wyx and Wy are constants, we obtain that W defined in (A-8) is also constant

and therefore any of the two conditions (A-8)-(iv) or (A-8)-(v) trivially holds.
We have thus checked all the assumptions of Theorem 8 for the VLODM
of Example 3 and this concludes the proof of Assertion (i). O

Proof of (ii). We apply Theorem 10. We have already shown that (A-4), (A-1)
and (A-2) hold in the proof of Assertion (i), with Vx(x,&) = = + Vi,(€). Us-
ing (4.34) and the assumption (L-5)(i), we get (B-1) (here g does not depend on
). Assumption (B-2) always holds for a VLODM.

To conclude the proof of (ii), it thus remains to check (B-3). Since O is com-
pact, we can find w > 0 such that w > w for all 8 = (w, a1.p, b1.¢, 71:4) € O©. Then
we set X; = [w, 00) x R” which is a closed subset of X and for which (B-3)(i) holds
(with Y replaced by Y and X; by X; since we deal with Example 3). (B-3)(ii)
holds as an immediate consequence of (4.34) and (L-5)(ii). In the VLODM case,
to meet (B-3)(iii), it suffices to have

Ay, 8) 2 col+y+1€l), y€Zso, EERT,
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where ¢q is a positive constant only depending on z(). In the following, we
choose

QE(y,g) = (1 \ CO) (1 + (]- \/@_1) Y+ Q_SL(g)) , Y €& ZZO? g eR" ) (440)

which, with (L-5)(iii), guaranties that the previous inequality holds, and
thus (B-3)(iii) is verified.

Let 2,7/ € X; and § € Y, that is = (2,€) and 2’ = (2/,¢') with 2,2 €
[w,00) and &,& € R",, and § = (y,£") with y € Z>o and £’ € R", we have,
by (4.34),

+

9(z:y) 0(&€")
In In
’ 9('; 9) €(&'5¢")
By (L-5)(iv) and using that |In(z/2)| < w~!|z — 2|, we obtain that

T
‘§|x—x’+y‘ln;

‘1“ e ’ <o — /| (1w ) + b ([l6 - ¢')) e (F1EMIE) Gy ey

Thus (B-3)(iv) holds with ¢ defined as in (4.40) and for some well chosen ¢; > 0
only depending on z(®)

h(u) = ¢ (u+hy(u) and C=CL (4.41)

Obviously (B-3)(v) is then satisfied. We now observe that, with G given
by Example 3 b) and ¢ given by (4.40), for all z € R>o and £ € R", we have
GlIn™ ¢](2,6) <In(1Veo) + (LVw™) z + Lln™ ¢L](§)
Gé(fﬂ,g) < (1 \4 CO) (1 + (1 Vg_l) T+ LéL(g)) )

where, in the first inequality, we used that In* (1+ (1Vw™') y+6L(¢)) <
(1Vw™) y+In"(4L(€)). By (L-3)(iv) we have LVi, < V4, and thus (L-5)(vi)

~

implies L[ln" ¢r] < LV, < W, if CL = 0 and Loy, < LV, < W, otherwise.
The previous display with (L-5)(vi) yields (B-3)(vi) with C' = CL,. (Recall that
Vx(@,§) =z + VL(S))- U

Proof of (#i). To obtain (iii) from Assertion (ii) we only need to have that
[04] reduced to the singleton {6,} for all §, € ©. To prove this, we use [17,
Section 5.5] (or [18, Thorem 18]), where it is proved under Assumption (L-6)
and other assumptions named (A’-1), (L-1) and (L-3) which, in our setting here,
respectively correspond to (A-1), (I-1) and to having, for all § € ©,

]E9

d
In™ (YO + ka(Eo) + |Eol|>] < 00. (442)
k=1

We have already shown in Assertion (i) that (A-1) and (I-1) hold, and also (A-2)
with Vi(x, &) = z + V4, (€), which yield that, for all § € ©, E? [Xo + VL,(E_1)] <
0o, and thus

E? [Yy + V4. (20)] < oo . (4.43)



General-order observation-driven models 3389

Using that, for all y € Z>o and £ € R,

d d
In™ (y + @)+ ||§> <In (1 HIEN+D £ + y)
k=1

k=1

d
<Y A +y+In(1+ €]
k=1

we get that (4.42) follows from (4.43), (L-3)(iii) and the fact that In (1 + || - [|) <
In™ ¢, < V4, as a consequence of (L-5)(iii) and (vi), respectively. This concludes
the proof of Assertion (iii) of Theorem 7. O

5. Useful lemmas

The following result is used in the proof of Theorem 10. It is proven in [18,
Lemma 19].

Lemma 17. (A-4) implies that for all § € ©, there exist C > 0 and p € (0,1)
such that Lipi < C p" for allm € Zy.

A byproduct of Lemma 17 is the following result, which is used in the proof
of Lemma 14.

Lemma 18. Suppose that (A-3) and (A-4) hold. Let @ € © and up € U and
set up = ug for all k € Z>o. Then there exists xo, € X such that for all z € Z,
V0 (up.n ) (2) converges to vo, as n — oo in (X, 6x).

Proof. Let z,2’ in Z. Denote, for all n € Zvg, z, = 1/~)G<u0m>(z) and %, =
¥ (ug.,) (). Then, for all n € Z~y,

Ox (2, &n) < Lip? 87 (2,2') , (5.1)
Ox(wn11,w0) < Lib, 87 (2,90,(2)) (5.2)
where W is defined in (4.1). By Lemma 17, the right-hand side of (5.2) is de-

creasing geometrically fast and x,, converges to a point ¢ (yo) which does not
depend on z by (5.1). O

The following lemma is used in the proof of Theorem 4.

Lemma 19. Let ¥ € R. Then, for all 99 € R and ( € R, if U ~ P(e%), then

E[(1 4 U)"] < e+e+) 9+ (5.3)
E[elﬁoﬂ? ln(1+U)|] < 2e%+ elPolVIdo+0 (4 (5.4
< 20+ el VPtV for gl (P> ¢ (5.5)

Proof. We separate the proof of (5.3) in three different cases by specifying the
bound (5.3) in each case.
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Case 1 For all ¥ < 0, we have E[(1+ U)?] < 1.
Case 2 For all ¥ > 0 and ¢ < 0, we have E[(1+ U)?] < e”.
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[(l 4 U)’ﬂ] S E [eﬁU:I — ecc(ﬂfl) .

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

E[e(1+U)"] <E[(1+e0)"] B [e? V] = @0 < e”

Hence we get (5.3).
Let us now prove (5.4). Observe that

E[el?0t?m(+U] < [P t?m(+U)] 4 Fi[e~Yo—? n(1+U)]
= e™E[(1+ U)?] + e E[(1+U) 7).
Then using (5.3), we get
Eel?o+9 I+ < 267+ exp [(9g + (C49)4) V (=00 + (C49)_)]

We conclude (5.4) and (5.5) by observing that, for all a,b € R, (¢ +by)V (—a+
b_)=aV(a+b)V(—a)V(—a—>)=la|V|a+1D| O

The two following lemmas are straightforward and their proofs are thus omit-
ted. They are used in the proofs of Theorem 5 and Theorem 7, respectively.

Lemma 20. Letr be a positive integer and (w, c1.) € RYT. Let {xy : k € Z>o}
be a sequence satisfying

,
xn:w—Fchxn_k, n>r,
k=1
uppose that the polynomial P(z) = 1 — Y, _, cxz" has no roots in {z € C :
S that the pol jal P 1 hey CkZ" R ts i C
|z| < 1}. Then there exist p < 1 and C' > 0 such that, for all n € Z>o,

20 — w/P(L)] < Cp" (1+max(|aol,..., e, 1) -

Lemma 21. For any aq,...,ap,b1,...,by € R>g, Condition (2.22) implies the
first and is equivalent to the second following assertions.

(i) The polynomial z +— 1 —>"Y | a;z" has no roots in {z € C: |z| < 1}.
(ii) The polynomial z +— 1 =" T ¢;z* has no roots in {z € C: |z| < 1} where

c; = aiIL(i < p) + bll(l < q) S Rzo.
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