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NECESSARY AND SUFFICIENT CONDITIONS FOR THE
IDENTIFIABILITY OF OBSERVATION-DRIVEN MODELS

RANDAL DOUC, FRANCOIS ROUEFF, AND TEPMONY SIM

ABSTRACT. In this contribution we are interested in proving that a given
observation-driven model is identifiable. In the case of a GARCH(p, ¢) model,
a simple sufficient condition has been established in [2] for showing the consis-
tency of the quasi-maximum likelihood estimator. It turns out that this condi-
tion applies for a much larger class of observation-driven models, that we call
the class of linearly observation-driven models. This class includes standard in-
teger valued observation-driven time series such as the Poisson autoregression
model and its numerous extensions. Our results also apply to vector-valued
time series such as the bivariate integer valued GARCH model, to non-linear
models such as the threshold Poisson autoregression or to observation-driven
models with exogenous covariates such as the PARX model.

1. INTRODUCTION

Observation-driven models (ODM) were introduced in [8] and have received
considerable attention since. They are commonly used for modeling various non-
linear times series in applications ranging from economics (see [23]), environmental
study (see [3]), epidemiology and public health study (see [29, 10, 12]), finance (see
[20, 24, 13, 16]) and population dynamics (see [19]). Additional covariates have been
added to some of these models leading to GARCHX type models, see [1] for recent
examples in the context of count data, and the references therein. We include such a
case in our setting leading to the general observation-driven models with exogenous
variables (ODMX).

As often for non-linear time series the question of identifiability of the
observation-driven models is a delicate one and is often appearing as an assump-
tion used for proving the consistency (say) of the maximum likelihood estimator.
A noticeable exception is the GARCH(p, ¢) model, for which an explicit sufficient
condition appears in [2], see their condition (2.27). We will in fact prove that this
condition is not only sufficient but also necessary for the identifiability, and that
this result extends to a much larger class of observation-driven models than the
GARCH(p, ¢) model. See Theorem 17 below and the comments following this re-
sult.

We provide general conditions to ensure that an ODM or an ODMX defined
through a collection of parameterized iterative schemes uniquely describes the law
of the observations. In other words our conditions ensure that two different iterative
schemes within the same model cannot produce the same law for the observations.
Then a given parameter is identifiable if two different values of the parameter
are not compatible with the same iterative scheme. Let us stress, however, that
we do not consider the misspecified case here, that is, we always assume that the
observations indeed follow the (unique) stationary distribution corresponding to (at
least) one given parameter of the model. Our setting is nevertheless of interest for
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the misspecified setting since a non-identifiable parameter (in the well specified case)
cannot be identified in the misspecified case. Hence the necessity of our conditions
remains true for the misspecified setting.

A special class of ODMs, that we call linearly observation driven models
(LODMs) below, arises when the hidden variable is obtained linearly from hid-
den or observed variables of the past, and when all these variables are univariate,
as for the GARCH(p, ¢) model. This latter model was extensively studied, see for
example [5, 14, 15, 21, 16] and the references therein. Many other examples, linear
or non-linear, univariate or multivariate, have been derived from this class, see [4]
for a long list of them, although this list have been lengthened quite significantly
since, in particular because of the recent adding of various integer valued ODMs
to deal with count time series (see [7, 25] and the references therein). Our goal is
to derive necessary and sufficient conditions potentially applying to a wide variety
of ergodic observation driven models. To illustrate the generality of our results, we
apply them to a list of various examples which includes, in addition to the standard
GARCH model, the nonlinear GARCH model of [17], the INGARCH model of [12],
the Log-linear Poisson GARCH of [13], the MPINGARCH model of [25], the PARX
model of [1], the Bi-variate integer GARCH model of [9] and the self-excited thresh-
old Poisson Autoregression of [28]. We are able to derive necessary and sufficient
conditions for the identifiability of all the considered models.

The rest of the paper is organized as follows. Section 2 contains additional no-
tation and definitions that will be used throughout the paper. Section 3 contains a
list of examples already considered in the literature. Our main results can be found
in Section 4, some proofs of which are postponed to Appendix A. In Section 5, we
show how our results apply to the examples of Section 3 or can be extended to
larger classes of models.

2. PRELIMINARIES

2.1. Formal definitions of observation driven models. Let us now for-
mally introduce the class of observation-driven models and important sub-classes.
Throughout the paper we use the notation wg.,, = (ug, ..., uy) for £ < m, with
the convention that ug.,, is the empty sequence if £ > m, so that, for instance
(T0:(~1),¥) = y. An observation-driven time series model can formally be defined
as follows.

Definition 1 (ODM, ODMX). Let (X,X), (Y,Y) and (U,U) be measurable
spaces, respectively called the latent space, the observation space and the ad-
missible observation space. Let (©,A) be a compact metric space, called the
parameter space. Let T be a measurable function from (Y,)) to (U,U). Let

{(xl:p, Ul:g) F> 1;21@ (x1:p) : 0 € @} be a family of measurable functions from (X x

U9, X% @ U®?) to (X, X), called the reduced link functions and let {Ge RS @}
be a family of probability kernels on X x ), called the observation kernels. A time
series {Y; : k > —¢ + 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 1)?, admissible mapping Y and observation kernel GY if there exists a
process {Xy : k> —p+ 1} on (X, X) such that for all k € Zx,
(2.1) Yi | Fi ~ GO (Xy5 ),
' X1 = "Z)[G](k,q+1):k(X(k—p+1):k)a
where F, = o (X(—p-‘rl):ka}/(—q-‘rl):(k—l)) and U]‘ = T(Y]) for all 7 > —q.

In the presence of exogenous variables defined as an r-Markov chain valued in
the space (V,V) with kernel H, the admissible mapping Y is defined from Y x V to
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U and the iterative equation (2.1) is replaced by, for all k € Z>,
Vie | Fie ~ H(Vig—r):(k—1)3 )

(2.2) Vi, | Fr ~ G? (X3 ),
Xt = V0o (X empt1)i);

where, in this case, P = o (X(_ps1):k: Y(—g1):(k=1), Vi=r)a(=g1):(e—1)) and Uj =
Y(Y;,V;) for all j > —g. We then say that the time series {Y; : k > —¢ + 1}
valued in Y is distributed according to an observation-driven model of order (p,q)
with r-order Markov exogenous variables {Vi, : k > ((—r) A (—q¢+ 1))} (hereafter,
ODMZX(p, q,r)) with reduced link function ¢?, admissible mapping T, observation
kernel G?, and exogenous Markov kernel H.

The variables Yj, are called the observed variables, the variables Xy the hidden
variables and the variables Uy the admissible variables. In addition, we define the
augmented variables

(2:3) Zk = (X(g—ps1)st Ull—g1):(6-1)) € 2,
which take values in the augmented space
(2.4) Z=XP xU9" endowed with the o-field Z = X® @ @1,

Remark 1. Let us briefly comment on the unusual notion of admissible mapping
which allows us to define the admissible variables U; = Y (Y;) of an ODM(p, ¢) in
Definition 1:

(1) For all & > 0, the conditional distribution of (Yj, Xi+1) given Fji only
depends on Zj, defined by (2.3).

(2) The time series {Uy : k > —q} is also an ODM(p, ¢) with admissible map-
ping being the identity, link function ¢ and observation kernel G¢ (z,-) =
G?(z,T~1(-)) on the observation space (U,U).

(3) On the other hand, we can also set the admissible mapping to be the identity
for the ODM {Y} : k > —q}, in which case Y C U and the reduced link
function should be replaced by the link function defined all (z,y1.4) € XP x
Y7 by

(2.5) zlzq(‘r) = ~21:q () with wup="Y(yg) for 1<k<gq.
In fact the advantage of using an admissible mapping is precisely to obtain
a reduced link function 1), more convenient than the (non-reduced) link
function . We will focus in the particular case where 7,/; is linear, into
which we can cast not all but many observation driven models, see Section 3
hereafter.

(4) An ODMX(p,q,7) can be cast into an ODM(p,q) by defining Y}, =
(Ye, Vik—r41):1) and X, = (Xk, Vik—r):(k—1)) and observing that the ob-
tained times series {Y}, : k > —q+1} is an ODM(p, ¢) with hidden variables
{X}. : k> —p+ 1}. However for treating identifiability as is the purpose
here, it is more convenient to keep distinguishing between the ODM and
the ODMX setting.

(5) In the following the variables U and Zj will be used extensively as they
simplify a lot the presentation and the reasoning. It is important to note
that the definitions of Uy, Z; and Fj are not the same in the ODM and
the ODMX settings as they involve Vj, in the later case. In particular the
conditional distribution of Uy given Fj, takes two very different forms in the
ODM and ODMX cases. They can be respectively expressed by G?(Xy;-)
and G?((Xy, WVik=r):(k—1)); -) Where G? is a probability kernel on X x ¢ and
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(X x V") x U, resp. For conciseness we use the same notation G for the
two cases. They are respectively defined by setting, for all x € X, A € U

and v € V7,
(2.6) Gz, A) = GY(x, T™Y(A)),
2.7) GO ((2,v), A) = /Y a0y 0) G asdy) H (i)

When the reduced link function is linear we specify Definition 1 into the follow-
ing.
Definition 2 ((V)LODM(X)). We say that an ODM(p, q) (resp. ODMX(p, ¢, 7))
is a wector linearly observation-driven model of order (p,q,p’,q’), shortened as
VLODM(p, q,p’,q'), (resp. VLODMZX(p, q,r,p’,q")) if for some p’, ¢’ € Z~¢, X and
U are closed subsets of RP and Rq/, respectively, and, for all x = xg.(,—1) € X,
U = Ug(q—1) € U?, and 0 € O,

~ P q

(2.8) o) = w(0) + Y Ai0) zp—i + > Bi(0) ug—i ,
i=1

i=1
/ ’ / p
for some mappings w, Ay, and By.4 defined on © and valued in R?, (RP xP )

/ ’ q
and (RP Xq) . In the case where p’ = ¢’ = 1, the VLODM(p, ¢,p’,q’) (resp.

VLODMX(p, q,7,p’,q")) is simply called a linearly observation-driven model of or-
der (p, q), shortened as LODM(p, ¢) (resp. LODMX(p, ¢,7)).

2.2. Iterations of the link function. We now introduce iterated versions of the
reduced link function ¢?. Let Z be defined by (2.4). We define for any k € Zsg
and ug,(x—1) € U*, the mapping Jﬁ(uo:(k_lﬂ : Z — X through a set of recursive
equations of order (p, ¢). Namely, for alln € Z~o, ug,(x—1) € UF and z = 21:(ptq—1) €
Z, we define

(2.9) 7/10<U0:(k—1)>(z) =Tk
where the sequence x(_p4 1), is defined by

’U,j:Zerquj, 7q<j§717
(2.10) Tj = Zptj, -p<j<o0,
_ 0 .
T =00 ooy EG-pG-n) » 1<k,

In this set of equations the last line is applied recursively so that in fact, for all
Jj > 1, x; only depends on z and ug.(;_1)-

The equations in (2.10) define a system with input sequence U(—q+1):(k—1), initial
condition z(_,41).0 and output sequence x1.x. Because the recursion given by the
last line of (2.10) involves p + 1 successive entries of the output and ¢ successive
entries of the input, it is useful to define blocks, valued in Z = XP x U?~! and
consider the same recursion applying to such blocks, hence computing z; from z;_;
and u;j_;. Formally, for all u € U, we define \i/ﬁ :Z—Zby

xQ:P’qﬁ(euL(q,l),u) (T1:p), U2:(g—1)5 u) ifg>1

(2.11) \flﬁ s (2 » Us( —1)) = -
P ¢ $2:paw2($1ip)) lf q = 1 ’

Remark 2. Note in particular that with this notation at hand, and using the
admissible variables Uy = T(Y}) for the ODM case or Uy = Y (Yi, V) for the
ODMX case, and Zj, defined by (2.3), the second line of (2.1) and the third line
of (2.2) are equivalent to

(2.12) Zisr = VY, (Zy).
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We further denote the successive composition of \flzo, \ilzl, ..., and ‘f’ﬁk,l by
0 0 0 50
(213) g <U0:(k,1)> = \Iluk,1 o \I]uk72 o---0 \I/u[) .

This recursion is the same as the one for defining z&%), except that it is valued in
Z, whereas 159<u> is valued in X. More precisely, denoting, throughout the paper,
forall j € {1,...,p+q—1}, by II; (2) the j-th entry of z € Z, we have the following
relations between ¢ (u) and W (u), for all k € Z>q and u € U,

(2.14) P (u) =11, 0 B0 (u) ,
(2.15) ¢’6<U0:(k—1)>(2) = (<¢6<U0:j>(z))k_p§j<k au(qurl):(kl)) )

where, in the second line, we set u; = II,1q4; (2) for —¢ < j < —1 and use the
convention 9% (ug.;)(z) = M, (2) for —p < j < 0.

2.3. Ergodic assumption and some interesting class of parameters. In this
contribution, we only consider the case where all processes in the model are ergodic.
Namely, we use the following assumption.

(A-1) For all § € O, there exists a unique stationary solution {(X,Y%) : k € Z}
satisfying (2.1).
In the case of exogenous covariates this assumption is replaced by the following.
(A’-1) For all § € ©, there exists a unique stationary solution {(Xy, Ys, Vi) : k € Z}
satisfying (2.2).

This ergodic property is the cornerstone for making statistical inference theory
work and we provide simple general conditions in [11] for p = ¢ = 1 and in [26,
Chapter 5] and [27] for the case of general order (p, q).

We now introduce the notation that will allow us to refer to the stationary
distribution of the model throughout the paper.

Definition 3 (Stationary distributions P and P?). We define the distributions P?
and PY as follows.
a) Under (A-1), P? denotes the distribution on ((X x Y)%, (X x Y)®%) of the
stationary solution of (2.1); Under (A’-1), P? denotes the distribution on
(X xY x V)2 (X ®YV)?L) of the stationary solution of (2.2).
b) Under (A-1), P? denotes the projection of PY on the component YZ%; Under
(A1), P denotes the projection of P? on the component (Y x V)Z.

We also use the symbols E? and E? to denote the expectations corresponding to P?
and P?, respectively.

To study the identifiability of ergodic ODM’s, we introduce equivalent classes
that define a partition of the parameter set in subsets of parameters which share
the same distribution of observations. Formally, it reads as follows.

Definition 4 (Equivalent classes for P?). Suppose that (A-1) or (A’-1) holds and
define P? as in Definition 3. For all 0,0" € ©, we write 6 ~ ¢ if and only if P? = P?".
This defines an equivalence relation on the parameter set © and, for any 6 € ©, the
equivalence class of 6 is denoted by [0] := {0 € © : § ~ 6}.

Remark 3. In the context of exogenous variables, that is, under (A'-1), since the
distribution of {V}, : k € Z} under P? does not depend on 6, P? = P is equivalent
to say that the conditional distribution of {Yy : k € Z} given {Vj : k € Z} is the
same under P? and under P?".
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Determining the equivalent classes [f] for all § € © amounts to solve the iden-
tifiability of a parameter under the assumption of a well specified model. Namely,
assuming that the distribution of the observations is given by P for some (un-
known) parameter 6, € ©, a parameter £(6,) is identifiable if and only if the given
mapping & is constant over the equivalent class [0,]. Without identifiability, the
comnsistency of any estimator of £(6,) is not possible. A special case is when [0,] re-
duces to the singleton {6, }, so that every parameter £(f,) is identifiable, in which
case the model is said to be identifiable. Obviously, if 6 and 6, share the same
iterative equation (2.1) (or (2.2 with exogenous covariates), that is, if G¢ = G%*
and ¢ (z) = ¢ (x) for all (u,z) € UY x XP, by uniqueness of the stationary dis-
tribution, they must share the same one and in particular we get P? = P%. Thus,
using the more convenient notation ¥ introduced in (2.11), we have

(2.16) {9 €0:G% =G% and ¥I(z) = 0 (2) for all (z,u) € Z x U} C b4 -

We will provide general conditions ensuring that this inclusion becomes an equal-
ity, see Corollary 13 below. However it may happen in standard situations that this
inclusion is strict, as will be seen in Remark 8(5). Nevertheless, in all the consid-
ered examples, it will be possible to recover an equality by replacing Z by a more
appropriate subset in the left-hand side of (2.16).

As often for ODMs, our results rely on the assumption that, under P?, the hidden
variables are measurable with respect to the admissible variables from the past. This
is not completely surprising since, using the notation introduced in Section 2.2,
iterating the link function, we have that, for all 6 € © and all s < ¢ in Z,

X = 1/19<Us:(t71)>(zs) PP-as.

In particular, taking ¢t = 1 and letting s decrease backward towards —oo, we get
that, Xy is measurable with respect to Niez (FZ V F{'), where (F7) and (F)
respectively denote the natural filtrations of {Z,, : n € Z} and {U,, : n € Z}.
To our knowledge, all ODM of interest satisfy in fact the stronger property that
X is measurable with respect to F/, which is sometimes called the invertibility
condition. This condition is now introduced with some notation for expressing X;
as a measurable function of U(_.).o-

(A-2) For all § € ©, the measurable function ¢ (-) : UZ<0 — X satisfies

(2.17) X1 =9"(Uioyo)  Plas.

Since P? is stationary, (2.17) also implies that, for all t € Z, X;1; = 1/;9<U(,Oo):t)
Pf-a.s. For an ODM (resp. an ODMX), we have Uy, = Y(Y%) (vesp. Ux = T (Y, Vi)).
Thus Assumption (A-2) allows us to derive the X;’s from the Y;’s (resp. from the Y;’s
and V;’s) and therefore to rewrite the relationship given through the link function
in the second line of (2.1) (resp. in the third line of (2.2)) between these variables in
terms of a recursive relationship involving only the Y;’s (resp. the Y;’s and the V;’s).
It turns out that Condition (2.17) in (A-2) can be verified using P¢ only, that is,
we do not need P? but only its marginal onto the variable Y;’s (resp. the variables
Y:’s and the V}’s), as shown by the following result.

Lemma 5. Consider an ODM(p,q) satisfying (A-1) with p,q € Zso or an
ODMX(p,q,r) satisfying (A'-1) with p,q,r € Zo. Let 0 € © and consider a mea-
surable function ¥0(-) : U2~ — X. Then (2.17) is satisfied if and only if the two
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following equations hold.

(2'18) 1;6<U(*oo):0> = 1/;(0](71;4»1):0 (<¢6<U(m):j>)—p§jg—1) PY_q.s.

(2.19) P [V € | Yooyo] = G° (;/39<U(_oo):0>, ) B0_q.s.

Proof. Suppose that (2.17) holds true. Since P? is shift invariant, it can be extended
to all time instants k € Z, namely,

X = 1;9<U(7oo):(k—1)> PY-a.s.

But then (2.18) and (2.19) follows from the model equations (2.1) in the case of an
ODM or (2.2) in the case of an ODMX.

Suppose now that (2.18) and (2.19) hold true. Since P? is shift invariant, they
are extended to all time instants £ € Z in the form

7.0 7.0 7.0
1/} <U(—oo):k—1> = ’l/)U(qu);(k,I) <<"/) <U(_w):j>)kp1<j<k2>
@0 [Yk € | }/(—oo):(k—l)] = Ge (1/~)G<U(—oo):(k—1)>a ) I@e_a-s-

Defining X, = 1/~)G<U(_OO);(;C_1)> for all k € Z, we see that {(X,Y%) : k € Z} is
a stationary sequence satisfying the model equations (2.1) in the ODM case and
{(X}, Yk, Vi) : k € Z} is a stationary sequence satisfying the model equations (2.2)
in the ODMX case. By uniqueness of P? assumed in (A-1) and (A'-1), respectively,
we get that (2.17) holds. O

PY-as.

Now, given 6, € ©, we introduce the set (6,) of all parameters § € © whose
recursive relationship (2.18) apply to almost all trajectories of {U,, : n € Z} under
the distribution of 6,.

Definition 6 (Subset (0.)). Suppose that we are given a measurable function
?(-) : UZ<0 — X. Then, for all 6, € O, we denote by (,) the set of all parameters
0 € O satisfying the two following equations

(220) 1/~)G<U(—oo):0> = 1/;9* <U(—oo):0> @0*—21.8. ,
(2'21) 1;9<U(*oo):0> = 1/;%(7(14»1):0 ((1/;9<U(00):j>)—p<j<—1) PG*—a.s.

It is important to note that (f,) of Definition 6 depends on the choice of the
class of functions {1/39“ NS @} and that Assumption (A-2) alone is not sufficient
to define each ¢?(-) on the whole set U%<0 of trajectories, since Relation (2.17)

is only required to hold Pe—a.§.. We now provide some Lipschitz condition on the
iterates of the link function 1’ and a moment condition on Uy that allow us to

build a natural class of functions {15‘90 10 € @} that satisfies (A-2). Whenever we
need some metric on the space Z, we assume the following.
(A-3) The o-fields X and U are Borel ones, respectively associated to (X, dx) and
(U, dvy), both assumed to be complete and separable metric spaces.

Recall that, for any finite U-valued sequence u, the mapping ¢? (u) is defined by (2.9)
following the recursion in (2.10). Define, for all n € Z~¢, the Lipschitz constant for
Y% (u), uniform over u € U™,

(2.22) Lip? = sup { 6X(w9<1;>£fz:j0)<u>(21)) (2,2 ,u) € 22 x U”} ,
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where we set, for all v = v,y q—1) € Z and v’ = viz(p+q71) ez,
no_ / /
(2.23) dz(v,0v") = (fgggp&x(vk,vk)) \/ (pg}rgg;;q 5U(’Uk,’Uk)) .

We use the following assumptions to define the class of functions {1/3(’(} 10 € @}.

(A-4) For all 6 € ©, we have Lip? < oo and Lip? — 0 as n — oc.
(A-5) There exists :cgi) € X and, if ¢ > 1, ugi) € U such that the constant vectors
z() = (xgi),...,acgi)) e XP and ul) = (ugi),...,ugi)) € U1 satisfy, for all
0,,0 € O,
(2.24) E% [¢%(Up)] < o0,
where we defined, for all u €Y,
¢?(u) = In* (5)( (xg),ﬁ(‘gum,u)(x(i))) v 5U(u§i),U))
with the convention 6U(u§i),u) =0ifg=1.
(A-6) For all ® € © and u € UY, the reduced link function ¢ is continuous on X?.

Obviously, under (A-4), for all # € © and u € U%<0_ the asymptotic behavior of
7 (w(_n).0)(2) as n — oo does not depend on z € Z. We can thus denote
(=n)

(2.25) D = {u € UZ<o : 1/;9<u(,n):0)(z) converges in X as n — oo} ,
- () = limy, e 1/39<u(_n):0>(z) for all u € DY |

and keep in mind that the initial point z has no influence on these two definitions.
By (2.15), we can rewrite (2.25) as

(2.26) D? = {u € Uls<o ; \i/‘)(m_n):O)(z) converges in Z as n — oo} ;
' T (u) = lim, e \ile<u(_n):0>(z) for all u € DY |
where W (u) and ¥ (u) are related for all u € DY through the formulas
(2.27) V0 u) =10, 0 W¥{u)
500, — [ (70
22%) ¥ = (o) |, ocaran) -

Based on these definitions, we now introduce subsets of Z of particular interest.

Definition 7 (Set E?). If Assumption (A-4) holds, we set, for any 0 € ©,
(2.29) E® .= {\if"<u> ‘ue D"} cz,
where U?(-) and D? are defined by (2.26).

Remark 4. Suppose that, for all 6 € O, we have U_).0 € DY, P%-as., and
suppose that (A-2) holds for /?(-) as in (2.25). Then, by (2.3) and (2.28), we have
Z; € E? P%-a.s. Since P? is shift-invariant, we get that {Zj, : k € Z} takes its values
in B, PY-a.s. This is why the set E? will be of interest in the following.

The following result is proved in Section A.1.

Lemma 8. Consider an ODM(p,q) satisfying (A-1) with p,q € Zso or an
ODMX(p,q,r) satisfying (A'-1) with p,q,r € Zsqo. Suppose that (A-3), (A-4)
and (A-5) hold. Then, for all 0,0, € ©, we have U_sy.0 € D?, P%-a.s., (A-2)
holds and, setting E%* as in Definition 7, we have

(2.30) {9 €0:G% =G% and WO (2) = U (2) for all (z,u) € E?* x U} C [0, .
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If moreover (A-6) is assumed, then (2.21) holds for all 6 € ©. Consequently, the
set (0,) in Definition 6 can be expressed as

(2.31) 0,) = {9 €0: 1;9<U(,Oo):0> = 1;9* <U(,Oo):0> 1@9*-@.5.} .

Remark 5. The invertibility Assumption (A-2) is essential for deriving the iden-
tifiability class [0.] using the set (f,). Lemma 8 can be used to prove it in all the
examples that are considered hereafter. Indeed as will be checked in Section 5, all
the considered examples satify the following facts:

(1) The sets X and U are closed subsets of finite dimensional normed spaces
and (A-3) follows.

(2) Assumption (A-4) is weaker than what is needed for proving the ergodicity
assumption (A-1). Consider for instance the classical GARCH(1,1) model
defined by setting T (y) = v, ¥%(z) = w+azx +bu and G (z,-) = P(ze € -)
where € is centered with variance 1. Then it is easily seen that (A-4) is
equivalent to a < 1. On the other hand, the Lyapunov condition to get (A-1)
reads Elog(be? + a) < 0, which implies a < 1.

(3) The moment condition (A-5) is implied by E?* [log™ (|Yo])] < oo, where |- |
is some norm, and this condition holds as a byproduct of the proof of (A-1)
(which often imply E% [|Yy|*] for some s > 0).

(4) One can readily checks (A-6).

Note also that the set in the left-hand side of (2.30) contains the set in the left-hand
side of (2.16). In all our examples, the assumptions of 13 below will be shown to
hold, implying that the inclusion in (2.30) is in fact an equality. In some of these
examples, however, the inclusion in (2.16) is strict, showing that the sets in the
left-hand sides of (2.16) and (2.30) may happen to be different.

3. EXAMPLES

We give a non-exhaustive list of possible examples related to the previous defi-
nitions and for which our results apply, as will be shown in Section 5.

3.1. Standard LODMs. Many models can be considered as an LODM by choos-
ing an appropriate admissible mapping Y.
GARCH. The standard GARCH(p, ¢) model is a special case of LODM(p, ¢), in
which case X = R>q, Y =R, T(y) = 32, and G?(x, ) is a centered distribution with
variance x, most commonly the normal distribution.
INGARCH. The standard Poisson integer-valued GARCH (INGARCH, see e.g.
[12]) obviously is an LODM(p, ¢) with X = R>q, Y = Z>q and G?(z, -) is the Poisson
distribution with mean =z.
Extensions of INGARCH. Many extensions of the INGARCH model simply consist
in extending the Poisson distribution to more general ones: the NBIN-GARCH
model of [30], the COM-Poisson INGARCH model of [31], the zero-inflated Poisson
GARCH of [32], or the mixed-Poisson integer GARCH (MPINGARCH) of [25],
among others. Often for these extensions, an extra-parameter is used to define the
distribution G?(z,-), in which case this extra parameter can be taken either as
known, in which case G? does not depend on 6, or as unknown, in which case
GY only depends on a subparamater of §. Some integer valued observation driven
models require using a non-identity admissible mapping in order to be seen as an
LODM. For instance, the log-linear Poisson Garch model of [13] is an LODM(p, q)
by taking Y(y) = In(1+y), and G?(z,-) as the Poisson distribution with mean e®.
All the above examples are LODMs with a similar parametrization of the linear
link function. In fact they only differ through the admissible mapping T or the
observation kernel G?. We assemble them using the following definition.
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Definition 9 (Standard LODM (with unknown observation kernel)). An
LODM(p, q) of Definition 2 is said to be standard if § = (w, a1.p, b1.4) € © C R1TPHa
with w(f) = w, Ax(@) = ai for all 1 < k < p and Bg(f) = by for all
1 < k < g, and G does not depend on 6, in which case we denote it by G. It
is said to be standard with unknown observation kernel if the same holds with
0= (9,0) € © C RM"PTIx ® where ¥ = (w, ay.p, b1.q) and P is some parameter set,
and GY only depends on ¢, in which case we denote it by G¥.

In this definition the parameter ¢ is used in the case where the observation
kernel depends on an unknown extra parameter, as considered in [25] for the class
of MPINGARCH(p, ¢) models which include the NBIN GARCH model. A necessary
and sufficient condition for standard LODMs with known or unknown observation
kernel is provided in Theorem 17 below and applies to all the examples listed in
this section.

3.2. A bivariate example. Let us extend Definition 9 to the vector case as fol-
lows.

Definition 10 (Standard VLODM (with unknown observation kernel)). A
VLODM(p, ¢,p’,¢') is said to be standard if § = (w,Ay.p,B1q) € © C RP' x
’ N\ P ro o\ 4

(RP xp ) X (RP x4q ) with w(f) = w, Ak (0) = A forall 1 <k < pand B (6) = By
for all 1 < k < ¢, and GY does not depend on 6, in which case we denote it by G.
It is said to be standard with unlgnown obserq]ation kernel if the same holds with
0=(0,9) €0 CR x (RP'XP') X (RP’XQ’) x ® where ¥ = (w, A1y, B1,q) and
® is some parameter set, and G only depends on ¢, in which case we denote it by
G*?.

Then the bivariate integer valued GARCH model of [9] is a standard
VLODM(1, 1,2, 2) with unknown observation kernel defined for all p € ® = [-5, 7]
(where @ > 0 is some constant), (z1,22) € Rsg and (y1,y2) € Z>o, by
xyl .Ty

(3.1) G"D((xl’x2), {y1,92}) — 1| 2' e—(m1+zz) 1+ ® H (e_yi _ e—cm)
Y1 Y2: =12

where ¢ = 1 — 1/e. Since we have p = ¢ = 1 in this example, we simply denote
0= (w,A,B,p) CR? x R2*2 x R2X2 x [-5,77)|.

3.3. Non-linear GARCH. The non-linear GARCH model of [17] is an ODM(p, q)
with

G'(x,-) =P(z"n € )

p q
wZo:(qfl) (‘730:(:071)) =w+ Z aiTp—i + Z (bi(l)(y;li)a + bi(2)(y¢;i)6) )
i=1 i=1

where 7 is a real valued random variable. Two cases are considered in [17] :

Case 1) If the exponent § is known, we set 6 = (w,a1.p,b1,) with by =
[br(1)  be(2)] for k =1,...,q, and T(y) = ((y")°, (y7)?), in which case
we have a standard VLODM(p, ¢, 1,2) of Definition 10 with known obser-
vation kernel and with the parameters Ay denoted by ax for k =1,....p
and the parameters By denoted by by for k =1,...,q.

Case 2) If the exponent § is unknown, we set 0 = (w,a1.p,bi1.g,0) and Y(y) =
(y™,y7), in which case § must be included in the definition of Ur.

To our best knowledge this kind of model have not be extended to the case of

(signed) integer valued time series.
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3.4. The SETPAR model. Other non-linear ODM’s that cannot be cast into

an LODM or a VLODM can be found in [6]. We consider here the self-excited

threshold Poisson autoregression (SETPAR) model originally studied in [28], which

is an ODM(1,1), integer valued (Y = Zx>(), with link function defined for all § =

(wl,CUQ,al,GQ,bl,bQ,T) €0 C ]R6>O X ZZO by

(3.2 vl = {“1 roeh VST
wy + asx +boy ify>r,

with G?(z,-) being the usual Poisson distribution with mean z.

3.5. The PARX model. Our last example is the Poisson autoregression with
exogenous covariates (PARX) model of [1]. The PARX model is similar to the stan-
dard INGARCH(p, ¢) model above but with additional exogenous variables entering
into the link function for generating the hidden variables. The exogenous variables
are assumed to satisfy some Markov dynamic of order 1 (see [1, Assumption 1]).
Thus it is an ODMX(p, g, 1). Eq. (1) in [1] corresponds to setting our G?(z,-) as
the Poisson distribution with mean z. Eq. (2) in [1] corresponds to setting for all
T = To.(p—1) € R? and u = (yo.(g—1),v) € RT XV,

P q
(33) T/Ju(if) =w+ Z AxTp—k + Z bkyqfk + f(’l), 7) ,

k=1 k=1
where f(-,7) : V — Rxq is a known function and 0 = (w,a1,...,ap,b01,...,b4,7)

is the unknown parameter of the model. Note that our Yy, X, Vi, a1, and by
correspond to their yi, Ax, Tx, Bi.q and aq.p, respectively. Identifiability is consid-
ered in [1] by specifying v as v = v1.4 € R, for some positive integer d (which
corresponds to d, in [1]) and f(v,7) as being of the form

d
(3.4) f(v,y) = Z%‘fi(“) ;

for some known functions fi,...,fs : V — R>¢. It is in fact imposed in [1] that
v =11.9 € R =V and fi(v) actually is a function of v; for each i € {1,...,d} but
this constraint can be dropped for achieving wider generality without additional
theoretical difficulties. The specific form of f(v,v) in (3.4) amounts in our setting
to specify the previous ODMX(p, ¢, 1) with reduced link function as in (3.3) to a
VLODMX(p, q,1,1,d+1) with Y (y,v) = (y, f1(v),..., fa(v)) € U =R A, () =
ag for k =1,...,p, B1(0) = [bl oo 7,1] and B (0) = [bk 0 ... 0} for
k=2,...,q. Then 0 = (w,a1,...,ap,b1,...,bg,7y) with v = v1.4 € R%, and it
follows that © is a subset of RLIPTITY,

4. MAIN RESULTS

4.1. General setting. To investigate the identifiability of the model, we first intro-
duce an assumption which says how much can be identified from a single observation
of the conditional distribution G(z, ).

(A-7) For all 8, € © there exists [04]¢ C © such that, for all # € © and z,z’ € X,
GO(x;) =G%(2';) ifandonlyif 6¢c[f]g and z=2a'.

It can be convenient to write the parameters as 6 = (9, ) so that G only depends
on ¢, hence can be denoted by G¥, and the link function ¥? only depends on
9, hence can be denoted by ”. In this case, the “if” in (A-7) holds by setting
O = {(9,0) €O :p=p,} for 6, = (94, p4), and the “only if” in (A-7) says
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that (¢, ) — G¥(z,-) is one-to-one. In many examples GY does not depend on 6
at all, in which case [04]¢ = ©. See (SL'-3) below in Section 5.1 for such a case.
Our approach to establish identifiability is given by the following general result.

Proposition 11. Consider an ODM(p, q) satisfying (A-1) with p,q € Z~o or an
ODMX(p, q,r) satisfying (A'-1) with p,q,r € Z~q. Let {1@90 10 € @} be a class

of U%<o — X-measurable functions satisfying (A-2). Suppose moreover that (A-7)
holds. Then, for all 0, € ©. we have

[6+] = (6] N (64) ,

where (0,), [0+ and [04] are respectively defined in Definition 6, Assumption (A-7)
and Definition 4.

The proof is postponed to Section A.2 for convenience. We now derive the main
result of this section, which provides sufficient conditions in order to fully describe
the set (6,). To this end, we introduce the following assumption, in which, by saying
that a probability measure p on (U,U) is non-degenerate with respect to the class
C C U, we mean that, for any A € C, u(A) =1 can only be true if A = U.

(A-8) For all € © and z € X, the measure GY(x;-) defined by (2.6) on (U,U) is
non-degenerate with respect to the class C?,
where C? denotes the class containing all sets A € U for which there exist 6,6’ € ©,
ze€Z,klecZsy, and v,w € U* x U such that

A={ueU: g ((v,u,w)(z) = 5" {(v,u,w))(2)} -

Remark 6. The non-degenerate assumption (A-8) is easy to check in the two
following cases.

(1) If for all # € ©, x € X and u € U, we have ée(x, {u}) > 0, then for
any set A € U we have G?(x, A) = 1 if and only if A = U. Thus (A-8) is
immediately satisfied.

(2) In the VLODM case, that is, with reduced link function given by (2.8), we
immediately see that C? only contains affine subsets (being the null space
of an affine function). Hence we only need to require that G?(z;-) does not
have full measure on affine hyperplanes to ensure that it is non-degenerate
with respect to the class C?.

In the case of an ODMX, the definition of G? is different, sece Remark 1(5), and
Assumption (A-8) has to be adapted into the following.

(A-8) Forall # € © and w € Xx V", the measure G’ (w; -) defined by (2.7) on (U,U)
is non-degenerate with respect to the class C?.
We have the following result.
Theorem 12. Consider an ODM(p, q) satisfying (A-1) and (A-8) with p,q € Z~o
or an ODMX(p, q,r) satisfying (A'-1) and (A'-8) with p,q,r € Z~o. Assume that

(A-8)~(A-6) hold. For all 0 € ©, define D? and ¢°(-) by (2.25). Then (A-2) holds
and we have, for all 0, € ©,

(4.1) 0,) = {9 €0 : 00 (2) = U0 (2) for all (z,u) € E% x U} ,
where (0,) and E% are as in Definition 6 and Definition 7, respectively.

Proof. The fact that (A-2) holds for the given choice of ¥? () follows from Lemma 8.
Let us now take 6, € © and 6 € (0,) and show that 6 belongs to the right-hand
side of (4.1). We prove this in the case of an ODMX satisfying (A'-1).(The case
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of an ODM is readily obtained by removing the variables V}’s in the reasoning).
By (2.17), (2.20) and (2.21), and since P?* is stationary, we have, for all ¢ € Z,

70, ) 0,
Xer1 = %0, (X(t—pr1)it) = VUl iyt (X(t—pt1):t) P7*-a.s.
Using (2.3) and the notation introduced in Section 2.2, we get that, for any n € Z>,
(4.2) P (Uon)(Zo) = 4° (Uon)(Z0)  PP-as.

We now show that this implies
(H) For all u € U*, we have ¥ (Up.(n—1),w))(Zo) = %" ((Up:(n—1)>w))(Zo)

PP«-a.s.
by iterative reasoning on k = 0, ...,n+1. First observe that (4.2) corresponds to Hy
(since u is an empty sequence). Now assume that Hj holds for some k& = 0,...,n.

Then, for any v € U*, the set

A= {U eU: 1/;0*<(UO:(n7k71)aua U))(ZO) = ’LZJO«UO:(nfk)auaU»(ZO)}
has probability 1 under the P%-conditional probability of U,_g
given  Zo, Up:(n—k—1), V(—c0):(n—k—1)- This  conditional  probability  is
GO (X, Vin—k—r):(n—k—1)); ) defined by (2.7). By (A’-8) and since, given

Z0,Up:(n—k-1)s V(=o0):(n—k—1), We have A € C?, PP -a.s., we obtain that Hy, is
true. Reasoning by induction, this leads to H,,+1, and finally, we get that
(H) there exists z € Z such that for all n € Zso and all u € U+, 4% (u)(z) =
¥ {u) ().
Now let (2(),u;) € E%* x U. By definition of E?*, there exists u € U%<0, such that
20) = W% (u). Now, for all n > p, we have

B, (0 (o) () = T () (2)
= \i/e* (u(,n):1>(z)
=00 (9% (a0} (2)

where we chose z € Z in order to apply Assertion (H) in the second equality. On
the other hand, by (2.26), we have

2 =00 (u) = Tim U0 {u_py0)(2) = Tim U0l (2) ,
where we again used that z were chosen as in (H) in the last equality. With (A-6) and
the previous display we obtain W9 (2) = Wi (:(). This is true for an arbitrary
(29, uy) € E% x U; hence, we have obtained that the left-hand side of (4.1) is

included in its right-hand side.
We now prove the opposite inclusion. Let 0,0 € © such that

(4.3) W (2) =0l (2) for all (z,u) € B% x U.
Let v € UZ<o. Take an arbitrary z) € E%. Then there exists w € D? such that
20 = W9(w). For all n € Zwo and k = 1,...,n, we get that
U (0 1) (i) (2D) = O (0,0 g1y (nin))) € B
Applying (4.3) recursively in k, we get that, for any n € Z>o,
U0 (0 ny0) (27) = T (v ny0) (1) -
Hence, DY = D’ and by (2.26) and (2.27), we get that for all v € D? = D%

1/3‘9@} = P (v). By Lemma 8 we have U(_oo).0 € D% P%-a.s., and using (2.31),
we get that 6 € (0,), which concludes the proof. O
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Note that in (4.1), as in the left-hand side of (2.30), the functions ¢ and W0
are only required to coincide on E* whereas in the left-hand side of (2.16), they
coincide on the whole set Z. In some cases, we can prove that the two conditions
are the same, so that Proposition 11 and Theorem 12 allow us to conclude that the
inclusion in (2.16) is in fact an equality, as in the following result.

Corollary 13. Suppose that the assumptions of Theorem 12 and (A-7) hold. Let
0, € O. Then the inclusion in (2.30) is an equality. Suppose moreover that Oy
satisfies the following additional assumption.

(A-9) Forall 0 € ©, u e Uand z € Z, if ¥¥ and WY coincide on the set E?*(z) :=

{@9* (V)(2) :n € Zsp, v € U"}, then they also coincide on Z.
Then the inclusion in (2.16) is an equality.

Proof. Applying Proposition 11 and Theorem 12, we get that
0] = {9 € 0.]g : U9 (2) = B0 (2) for all (z,u) € B x U} .

Observing that, by (A-7), 6 € [0,]c is equivalent to have G = G%, we get that
the inclusion in (2.30) is an equality. To prove the second assertion of the corollary,
we only need to check that, under (A-9), for all 8 € © and w € U, if \TIZ and \TIZ*
coincide on E% | they must also coincide on Z. It suffices to show that there exists
z € Z such that E% (z) C E?. This inclusion is true if z € E?* and we conclude by
observing that E% is not empty since it contains Z;, Ps-a.s., as a consequence of
Remark 4. ]

Remark 7. A simple case where (A-9) in Corollary 13 is easy to check is when
p=q=1,s0 that Z= X and U’ (v)(z) = ¥l*(z) for all v € U and z € X. See the
proof of Theorem 19 for a specific example. However it may happen that (A-9) is
not satisfied as will be seen in Remark 8(5). In the linear case, we will characterize
(0+) in Lemma 15 without relying on (A-9).

4.2. Vector linear setting. We now consider a VLODM(p,q,p’,q") or a
VLODMX(p, q,p’,¢’,r), that is, we assume the reduced link function to be of the
form (2.8). We set in this case dx(z,z") = |x — 2’| (resp. du(u,u') = |u—u'|) where
|- | denotes an arbitrary norm on R?" (resp. R?'). The general conditions reduce to
the following set of conditions.

(L-1) For all € ©, we have that I, —>-%_, Ay (0)z" is invertible for all z € C with

lz] <1,

where I, denotes the identity matrix of order p’.

(L-2) For all # € © and z € X, the measure GY(x;-) defined on (U,U) by (2.6) is
non-degenerate in the following sense : there is no affine hyperplane A C RY
such that G/(x; A) = 1.
Note that, if ¢’ = 1, affine hyperplanes are singletons, hence (L-2) simply means
that, for all # and 6, G?(x;-) does not reduce to a unit mass concentrated on a
single point. In the case of a VLODMX, we replace (L-2) by the following.

(L'-2) Forall € © and w € X x V", the measure G’ (w; -) defined on (U, ) by (2.7)
is non-degenerate in the following sense : there is no affine hyperplane A C RY
such that G%(w; A) = 1.
Finally the moment condition (A-5) simplifies in the vector linear case to

(L-3) The invariant probability measure of Definition 3 satisfies, for all 6 € ©,
(4.4) E? [In*(|Us])] < o0
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We have the following result, whose proof is postponed to Section A.3 for conve-
nience, that relates this set of assumptions to the general ones.

Lemma 14. Consider the vector linear setting where (2.8) holds, and X and Y are
closed subset of R? and qu, respectively, with dx and dy being the metrics induced
by norms on these spaces. The following assertions hold.

(i) Assumption (A-3) holds.

(ii) Assumption (A-4) is equivalent to (L-1).

(111) Assumption (L-8) implies (A-5) for any x() e X, and any u e,

(iv) Assumption (A-6) holds.

(v) Assumption (L-2) implies (A-8).

(vi) Assumption (L'-2) implies (A'-8).
As a consequence, the assumptions of Theorem 12 are implied by (A-1), (L-1), (L-2)
and (L-8) in the VLODM case and by (A'-1), (L-1), (L'-2) and (L-3) in the
VLODMX case.

We now provides a simple characterization of (f,) in (4.1) in the linear case. The
proof of the following result can be found in Section A.4.

Lemma 15. Suppose that {0} C U and that (L-1) holds, and let E be as in
Definition 7. For all 0 € ©, define R(+;0) as the rational matriz

(4.5) R(z;0) < 2P = ZAk Zp_k> <z_:Bk+1(9) Zq_l_k> ;
k=0

which is well defined on z € (C except for at most finitely many z’s. Then, for all
0,0, € O, the two following assertions are equivalent.

(i) We have W (z) = W% (2) for all z € E%* and u € U.

(i) The two following identities hold

(4.6) (Ip’ - Z A (9*>> w(f,) = (Ip/ - ZAk(9)> w(f)
k=1 k=1
(4.7) R(-;0.) =R(+0) .

The identification of a parameter 6 based on the equation (4.7) is similar
to the identifiability of a vector auto-regressive moving average or order p,q
(VARMA(p, ¢)) model with AR matrices A;.,(#) and MA matrices By.4(6). Indeed,
in such a model the spectral density matrix takes the form

A= R 0)ZR(e ™ 0) ,

where ¥ is the covariance matrix of the noise. We refer to [18] where identifiable
parametrization of ARMA models are discussed. Below we provide an important
related result related to this general issue. Let p,q,p’, ¢’ be positive integers. For
all Ay, € (RPIXP/)I’ and Bi., € (Rplxq/)q, let us define the polynomial matrices

respectively valued in RP %P and RP >4

(4.8) Pp(z; Arp) =1y 2P — ZAkzp kand Qq(z; B1yg) = ZBk 297k
k=1

Note that, for all Ay, € (RP*P')?, P,(2; Ay,) in (4.8) must be invertible for |z|
large enough (since then I, 2P dominates). When a polynomial matrix is invertible
for at least one z € C, then it is invertible for all z € C, except at most a finite
number of them. It is then said to be non-singular. Thus, for all Ay, € (RP'*?')P
and By, € (R *9)9, we can define the rational matrix Pp(2; A1) " Qq(2; Bi.y),
which is well defined for all z € C, except at most a finite number of them.
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Lemma 16. Let p,q,p’,q" be positive integers. Then, for any A7, € (Rp/Xpl)p and
B, € (RP' %44 the two following assertion holds.
(i) Suppose that P,(-; A7) and Qq(+; BY.,) are left coprime. Then, for all
Ay € (REXPYP and By, € (RP'*7) we have
Pp(; AT:p)_qu(ﬁ Bf;q) =Pp( Al:p)_qu('; Biyg)
if and only if Ay = A’{:p and Bi.p = By,
(i) Suppose that Py(-; A7) and Qq(-; BY,,) are not left coprime. Then, there
exist Ay, € (REPYP\ {0} and By, € (RP' %7 such that, for all a € R,
setting Ay.p = A{:p + adip and Big = Bi., + aBi.g, we have

PP('; A)lk:p)_qu('; Bf:q) - PP(? Ai(:p + O“/Zhip)_qu('; Bf:q + aBl:q) .

Two polynomial matrices with the same number p’ of rows are said to be left
coprime if they admit the identity matrix I, as a greatest common p’ x p’ left
divisor (g.c.l.d.), that is, every common left divisor of them is also a left divisor of
I, . The set of polynomial matrices of order p’ is a non-commutative ring for p’ > 1.
This is why for p’ > 1 a notion of left (or right) divisor is necessary. Note, however
that if p’ = 1, saying that P, (-; A7,,) and Q,(+; BY.,) are left coprime is equivalent
to say that P, (-; A7,,) and the ¢’ row entries of Q4(+; B,,) (which is ¢’-dimensional
row vector of polynomials of degree at most ¢) are coprime, that is, they have 1 as
greater common divisor. In particular if p’ = ¢’ = 1, this boils down to say that
P, (s A7) and Qq(+; BY,,) have no common roots. The case p’ > 1 is significantly
more complicated and we refer to [22, Chapter III] for an excellent introduction on
polynomials on Euclidean rings that applies to matrices of polynomials.

Proof. Let A7, € (RP"*?")? and B, € (RP"*4")2, In this proof section, for conve-
nience we denote P (-; A7) and Qq(-; BY,,) by P* and Q*.

Proof of Assertion (i). Suppose that P* and Q* are left coprime. The Bezout
theorem for matrices of polynomials (see e.g. [22, Theorem 3.1]) gives that there
exists two polynomial matrices R and S of order p’ x p’ and ¢’ X p’ respectively,
such that

(4.9) I, = P*R+Q*S .

Let Ay, € (RP"*P")P and B4 € (RP"*4')% and denote P = P,(; A7) and Q =
Qq(+; Bi.;)- The “if” in Assertion (i) is obvious, so we only need to assume that

(4.10) PlQ=PQ*

and prove that P = P* (in which case we also get that Q = Q*). Define the rational
matrix U = PP*~1. Multiplying both sides of (4.9) by U from the left, we have

U=PR+ PP 'Q*S=PR+ PP 'QS=PR+QS,

where we used (4.10) in the second equality. Hence we get that U is a polynomial
matrix and since U P* = P and both P* and P are of the form I,/ 2+ a polynomial
of degree at most p — 1, we get that U = I, and so P* = P, which concludes the
proof of (i).

Proof of Assertion (ii). Suppose that P* and Q* are not left coprime. Let D be
a g.cl.d. of (P*,Q*). Then D is a polynomial matrix that left-divides P* and Q*
and changing this polynomial matrix won’t change the rational matrix P*~1Q*.
The difficulty is to show that we can modify a left divisor of P* and Q* in such
a way that the resulting P and @Q are still of the form (4.8) for some well chosen
Ay, € (RP*PYP and By, € (RP*9)4. To this end we must first choose D in
a special form. Indeed, for any wunimodular polynomial matrix U, DU is also a
g.c.l.d. of (P*,Q*). The polynomial matrix DU is called a right-associate of D, and
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by [22, Theorem 22.1], we can choose U so that DU is in Hermite normal form,
that is such that DU is triangular inferior,

hl,l 0 “ee 0
pU— | h21 Do :
S .

| DU

with the polynomial h;; is unitary with degree deg(h; ;) strictly larger than those
of hj, for all j > 4 (that is, the degree on the diagonal dominates those of the same
column). Let

k=min{i=1,...,p" : deg(h;;) > 0} .
From what precedes, this min exists (the set is not empty), otherwise we would
have DU =1, and P* and Q* would be left coprime. We can thus write, for some

ke{l,....p'},

P,k 0o ... 0
DU = Ti— Ok—tp—kt1] ey 7= :
Op/ —k+1,k—1 T 0
hp’,k el hp'ﬁD’

where 0y, ¢ is the zero matrix of size k x £. By convention, if £ = 1, DU reduces to T,
that is back to its previous form. The important point is that with this definition of
k, we know that hy j is unitary with deg(hgx) > 1. Now, since DU is a left divisor
of P* and Q* we may write

P* = (DU)R and Q* = (DU)S

for some matrices R and S of respective sizes p’ x p’ and p’ x ¢’. We write R and
S in a block matrix form compatible with that of DU, that is

RM S
R= |:R(2) and S = S(Q)
with R and S(MY of respective sizes (k — 1) x (k — 1) and (k — 1) x ¢’. (again
with convention that these matrices vanish if k¥ = 1). Then we have

RO ()
P :[TR(Q)] and Q:[Tsﬂ)}

In particular the first row of TR®) is hi, . times the first row of R®) and since
hi k is unitary with deg(hgx) > 1, the form of P* implies that the first row of
R® is made of polynomials of degrees at most p — 1 and cannot be zero (since the
degree of the (k, k) entry row of P* is exactly p and all the other entries are zero).
Similarly, the first row of S(®) is made of polynomials of degrees at most ¢ — 2 (since
Q* is of degree ¢ — 1). Let A denote the diagonal matrix od order p’ with zeros
on its diagonal except on the k-th entry where it is 1. Since AR and AS only
keeps the first rows of the block matrices R and S| respectively, and put all
other entries to zero, we get from what precedes that Ay R and AyS are of degree
at most p— 1 and ¢ — 1, respectively, and that AgR is not zero. Hence we may find
Ay, € (RP*PYP\ {0} and By, € (RP*9)7 (with By = 0) such that

ALR = Qp(z;[ll;p) and ApS = Qq(z;Blzq) .
Then, for all a € R, setting A;., = A{:p + ozflltp and By, = BT, + ozBlzq, we have
Py(z; A1p) = Pp(z; A7) + AR = (DU + aAg) R,
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and, similarly,

Qp(2z; Bi:p) = Qq(%; Bf:q) + aARS = (DU + aAy)S .

Then we get
P,(5; A1) Qq( Brg) = (DU 4 aAg)R) " (DU + alAy)S = R7'S
= (DUR)"'DUS
— plQr,
which concludes the proof of Assertion (ii). O

5. APPLICATIONS

We now use our results to derive necessary and sufficient conditions for having
identifiability in the examples of Section 3. Many other examples can be achieved by
combining various observation kernels and link function with or without exogenous
covariates.

5.1. Standard LODMSs. Let us apply the results of Section 4.2 in the case of
standard LODMs as defined in Definition 9. The moment assumption (L-3) can be
readily used for standard LODMs with known or unknown observation kernel, with
|-]in (4.4) denoting the usual absolute value. The other assumptions of the general
VLODM listed in Section 4.2 can be simplified as follows.

For a standard LODM, Assumption (L-1) becomes

(SL-1) Forall 0 = (w,a1.p, b1.,q), we have 1 — 37, apz® # 0 for all z € C such that
2] < 1.

In the case of a standard LODM with unknown observation kernel it becomes

(SL-1) For all = (9, ¢) € © with ¥ = (w, a1.p, b1.q), we have 2 — > 1_ apzF # 0
for all z € C such that |z] < 1.

As for (L-2), it becomes

(SL-2) For all z € X, T(Y) does not degenerate to a single point for Y ~ G(xz, ),
that is, for all u € R, we have G(z,{Y(-) = u}) < 1;

and, in case of an unknown observation kernel,

(SL'-2) Forall p € @, x € X and u € R, we have G¥(z, {Y(:) = u}) < 1.
Finally (A-7) becomes

(SL-3) For all z,2" € X, G(z;-) = G(«';-) if and only if z = 2;

and, in the case of an unknown observation kernel, it reads as

(SL'-3) For all 8 = (¥, ¢) and 0, = (9, p,) in O, for all x,2" € X, we have

G?(z;-) = G?(2';) ifandonlyif p=¢p, and z=2a".

This says that the class [04]q in (A-7) is given by [0.]c = {0 = (J,¢) € O : p = . }.
Remarkably, all standard LODMs share the same necessary and sufficient con-
dition for identifiability, which can be expressed as follows, using aj,, and b7, to
denote the true linear coefficients of the linear link function.
(SL-4) The polynomials 27 — 3%, af2"~* and 39— b5, 297~ have no common
complex roots.

We can now state the following result, which says that the true parameter 6, in the
interior of © is identifiable if and only if (SL-4) holds.
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Theorem 17. Consider a standard LODM(p, q) satisfying (A-1) and (L-3) for some
D,q € Z~q, and suppose that 0 € U. In the case of a known observation kernel,
suppose that (SL-1)-(SL-8) hold. In the case of an unknown observation kernel,
suppose that (SL'-1)—(SL'-3) hold. Then the inclusion in (2.30) is an equality for
all 0, € ©. In the case of a known observation kernel, Assertions (i) and (ii) below
hold for any 0, = (w*,aj,,,bi.,) € ©. In the case of a known observation kernel,
Assertions (i) and (iii) below hold for any 0, = (w*,a7,,, b7, ¢«) € ©.
(i) Condition (SL-4) implies that [0,] reduces to the singleton {04}.
(i) If Condition (SL-4) does not hold, then there exists an open segment I* C
RIFTPF9 of positive length and containing 0, such that I* N O C [6,].
(i1i) If (SL-4) does not hold, then there exists an open segment I* C
RYPHe of positive length and containing (w*, a3, bs.,) such that
{(9,04) €O : 9 € IT*} C [6y].

Remark 8. Let us briefly comment this result.

(1) The ergodicity of all the examples of Section 3.1 have been studied in the
provided references and the parameter set © is always chosen to satisfy the
assumptions of Theorem 17 in these references.

(2) If p = ¢ = 1, condition (SL-4) is reduced to b5 # 0. Let us see what
b7 = 0 would imply about the identifiability of the model in this simple case.
Taking ¢ asin (2.8) with p=q=p' = ¢ =1, if w(f) = w, A;(f) = a} and
By(0) = b1 =0, then {Xy : k € Z>¢} is a deterministic sequence which,
under the stationary distribution, has to be constantly equal to * = 1f;1 .
But since the distribution of {Y;, : n € Z} is then uniquely defined by
this constant, if one can find a parameter 6 with corresponding coefficients
w,a1,by such that by = 0, (w,a1) # (w*,ay) yielding the same constant
w/(1—a1) =w*/(1 —a}), we see that the model is not identifiable.

(3) Condition (SL-4) holds for “many” parameters aj,,, b7,,, e.g. for Lebesgue
almost all ones in RPTY,

(4) The identifiability condition (SL-4) is a well known sufficient condition in
the standard GARCH(p, ¢) models, see [14, (A4)] or [2, Condition (2.27)].
Assertion (ii) in Theorem 17 shows that it is also necessary at least for all
parameters in the interior set of ©.

(5) Suppose that U and X both contain at least two different points and take
ay., and by, to be all non-zero. Then it is easy to show for a standard LODM

with known observation kernel that W% (z) = W% (2) for allu € U and z € Z
implies § = 6, and thus, we get that the left-hand side of (2.16) reduces
to the singleton {6, }. Since, as explained previously, (SL-4) is necessary to
have [0,] = {0,} for all 0, in the interior set of ©, we easily get examples
for which the inclusion in (2.16) is strict.

(6) Theorem 17 can be applied to all the models mentioned in Section 3.1. Let
us examine the case of the MPINGARCH(p, ¢) model of [25], which consti-
tutes a rich class of integer valued models. An MPINGARCH(p, ¢) model
is an LODM(p, ¢) model with unknown observation kernel G¥(z, -) defined
as a mixed Poisson distribution with mean x and variance proportional to
o1, and Y(y) = y. In [25, Theorem 1], the sufficient conditions for hav-
ing (A-1) imply (L-3) (since E’[|Uy] < oo) and (SL-1) (since they imply
>, a; < 1, with a; > 0). Conditions (SL'-1) and (SL'-2) also hold by def-
inition of G¥(x,-). Hence Theorem 17 applies and we get that (SL-4) is a
sufficient condition for identifiablity. It is also necessary by Assertion (iii)
of the theorem, at least for parameters in the interior of ©. This condition
seems to be missing in [25, Theorem 2].
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Proof of Theorem 17. We only consider the case with unknown observation kernel
(the case with known observation kernel is obtained by removing the additional
parameter ).

Let 0, = (U4, px) € © with ¥, = (w*,a],,b7,,). The assumptions of Theorem 17
are merely adapted from the general VLODM case to the specific parametriza-
tion of the standard VLODMs. In particular, we have that (L-1)—(L-3) hold. Hence
Lemma 14 implies that (A-3)—(A-8) hold in the general setting with U = R. Apply-
ing Theorem 12, we get that (A-2) holds and that

(0.) = {0 € ©: W) = B0 (2) for all (z,u) € E™ x U},

where (0,) and E+ are as in Definition 6 and Definition 7. Remember that (SL'-3)
says that (A-7) holds with
(Ol ={0=(0,0) €O: 0=} .
By Corollary 13, we get that the inclusion in (2.30) is an equality and
0] = {9 = (9,0,) €O : 0 (2) = W0 (2) for all (z,u) € E% x U} .

Note that we assumed that 0 € U and that (SL'-2) implies U # {0}, hence we can
apply Lemma 15 which gives that [0,] is the set of all 6 = (w, a1.p,b1.4, %) € ©

such that
P p
I—Zak wr = 172112 w,
k=1 k=1
-1 —1— -1 11—
and Dohco by 2R _ D h—obryr 297 F
=3 apzrh P =T araPmR

Applying Lemma 16, we easily get Assertions (i) and (iii). O

5.2. The bivariate example of Section 3.2. Theorem 17 can be extended to
the standard VLODM case of Definition 10. Here, for brevity, we do not re-express
the general VLODM assumptions (L-1)-(L-3) in the standard setting as we did
previously for standard LODMs. We only need to introduce the condition

(SL'-4) The polynomials 2 — 5> _| A%2P=F and S21_) B}, 297" are left-coprime,
which extends (SL-4) to the case p’, ¢’ > 1. The proof of the following result mimics
the one of Theorem 17 and is thus omitted.

Theorem 18. Consider a standard VLODM(p,q,p’,q') satisfying (A-1) for some
p,4,0,q € Z~o. Suppose that 0 € U and that (L-1)-(L-3) and (SL'-3) hold. Then,
for all 0, = (w*, A7, B, px) € © , the inclusion in (2.30) is an equality and the
two following assertions hold.
(i) Condition (SL'-4) implies that [0] reduces to the singleton {0.}.
(i) If (SL'-4) does mot hold, then there exists an open segment I* C
RYFPHS of positive length and  containing (w*,a},,,bs.,) such that

{(9,0,) €O :9 € I*} C [0,].

Remark 9. In Theorem 18, for brevity, we only stated the case with unknown
observation kernel. The case with known observation kernel follows by removing
the parameters ¢ and ¢, in the statement and by replacing (SL'-3) by (SL-3).

Since the bivariate integer valued GARCH model of Section 3.2 is a standard
VLODM(1,1,2,2) with unknown observation kernel, we just need to check the
assumptions of Theorem 18. Ergodicity (hence our Assumption (A-1)) is stated in
[9, Theorem 1] under their set of condition (a) on the parameter § = (w, A, B, ¢).
Their conditions for ergodicity implies some operator norm of A to be strictly less
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than 1, which implies Is — A z to be invertible for |z| < 1 and thus (L-1) holds.
Since for all x1,29 > 0, the bivariate distribution defined by (3.1) has positive
probability on all points (y1,y2) € Z2>0, it cannot have probability one on a line of
R2, hence (L-2). Also it is claimed following [9, Theorem 1] that E?[U] is well defined
and thus (L-3) holds. Applying Theorem 18, we get that, for any interior point 6,
of the parameter space, Condition (SL'-4) is a necessary and sufficient condition to
have identifiability of 0,. In the bivariate integer valued GARCH model (for which
p = q = 1), this condition reads for 0, = (w*, A*, B*,¢*) as I 2z — A* and B* to
be left coprime. If 0, does not satisfy this condition, consistent estimation of 6, is
not possible. Hence we believe that this assumption is missing in [9, Theorem 2].
A precise counter-example is for instance obtained by setting

. 1 . 11
A—a[llandB—ﬁll,

where «, 8 > 0 are arbitrary (and chosen in order to make 0, = (w*, A*, B*, ¢*) in

the interior of ©). One can show that I z — A* and B* are not left coprime since

they both admit the same non-unimodular left divisor L = [(z(:—a(;) ﬂ as shown

by the following identities:

* 1 -1 . 0 O
ILhz—A :L[O (2204)} and B :L[ﬂ ﬂ}

5.3. The non-linear GARCH of Section 3.3. Consider Case 1) of Section 3.3,
for which ¢ is not included in the set of parameters. Then the non-linear GARCH
model is a standard VLODM(p, ¢,1,2) model and identifiability can be treated
using Theorem 18. Using that T(y) = ((y)%, (y~)%), for all 2 > 0, G(z,-) in (2.6)
(we omit 6 as G does not depend on 6 here) has support included in R>q x {0} U
{0} x R>(, where it is defined, for all Borel set A C R>q by

G(z; {0} x A) =Pz (n*)’ € A) and G(x;A x {0}) =Pz (n7)° € A)

It follows that our Assumption (L-2) is equivalent to having that 0 < P(p > 0) < 1
and that there is no pair {u, v}, u # v € R, such that P(n € {u,v}) = 1, which is
exactly the condition appearing in the second part of [17, A3]. Our conditions (L-1)
(which here, since Ay, = ar, > 0 for all £ = 1,...,p simply reads Y, ar < 1)
and (L-3) are usual byproducts of showing the ergodicity condition (A-1), see [17,
Appendix A]. One can thus apply our Theorem 18 (in its know observation kernel
version, see Remark 9) and obtain the necessary and sufficient condition (SL'-4)
which in the case where the parameters Ay are denoted by ay € R for k=1,...,p
and the parameters By, denoted by by € R2 for k = 1,...,q, becomes, for any
0, = (w*,aj.,, b1,,) with by = [b;(l) b;(Q)} fork=1,...,q,
(NLG-1) The polynomial zP — £:1 a;zp”c have no common complex roots nei-
ther with the polynomial Zz;é by (1) 29717k nor with the polynomial
Z;é b2+1(2) 2471k,
This condition is similar to that appearing in the identifiability condition [17, A4]
used in a mis-specified context. Our result shows that this condition is necessary
in the interior of the parameter set in the well-specified case, and remains valid for
much larger choices of observation kernels.

5.4. The SETPAR model of Section 3.4. We have the following result for the
self-excited threshold Poisson autoregression model.

Theorem 19. Consider the SETPAR model introduced in Section 3./4. Let
O C {(wl,wg,al,ag,bl,bg,r) S R2>0 X [0, 1)2 X RZO X [0, 1) X ZZO tag + by < 1} ,
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Then (A-1) holds. Let 0, = (wy,w3s, a¥, a3, by, b5, 1*) € O satisfy at least one of the
two following conditions.
(i) b5 >0 and r* > 1;
(ii) b% > 0.
Then we have
(5.1)  [0]={0€0:90(x)=vi(x) forall xR andy€Zxo} ,
where Y (x) is defined by (3.2).

Remark 10. Let us briefly comment this result.

(1) The case where neither (i) nor (ii) hold (b% = b5 = 0 or r* = b5 = 0)
is somehow degenerate, similarly to the non-threshold case mentioned in
Remark 8(2). We think it should be treated separately but we omit this
very special case here for brevity.

(2) Asexplained after (2.16), the identity (5.1) is the best we could hope for this
model since the distribution P? of the observations is entirely determined
by the mapping (u,z) — ¥ (z) on Zso x R>o.

(3) The identity (5.1) shows in particular that 6, is not identifiable if r* =
0 (since changing b7 will have no effect on the mapping (u,z) ~ ()
on Zso X R>g). Another case of non-identifiability is when af = a} and
wf +b0f(r+1) =ws +b5(r+1). In such a case, we have for all z € R,

witajz+bly=wl+asx+bly aty=r+1.

Then, setting 0 = (w}, w3, a}, as, b%, b5, r* 4+ 1), we immediately have that
1/13(:1:) = wy‘g* (x) for all x € R and y € Z>¢. In particular consistent estima-
tion of 6, as claimed in [28, Theorem 2] is not possible for such a parameter
0.

Proof of Theorem 19. A natural choice for X is Rsg but in order to meet Assump-
tion (A-3) with dx(z,2') = |z — 2’| we take X = R with G?(0,-) arbitrarily set
to be Bernoulli with mean 1/2 for convenience (it actually has no influence on P?
since wp, w1 > 0 in the definition of ©). We set Y(y) = y so that U, = Y}, for all
k and the reduced link function 1/; is the same as the non-reduced one. Moreover
since p = ¢ = 1, we are in the case where Z;, = X}, for all k£, Z = X = R>¢ and
\ilz = 1/32 for all u. By [28, Theorem 1], with © satisfying the given condition, As-
sumption (A-1) holds, and, moreover, for any £ > 0 and 6 € ©, E°[Uf] < oo (in fact,
on can prove that, for any 6 € ©, there exists £ > 0 such that E%[exp(¢Up)] < o).
This moment condition implies that the log moment condition (A-5) holds for any
xgi) € X. Clearly, we have Lip} = a; Vay and, since p = ¢ = 1, Lipz < (Lip‘f)” for all
n > 1. Thus the above condition on © also implies (A-4). As for (A-6), it trivially
holds (since y = u is fixed in this condition). Hence with Lemma 8, we get that
(A-1)—(A-6) holds, with definitions (2.26) for checking (A-2). Assumption (A-7) is
also immediate with [f]¢ = © and Proposition 11 gives that, for any 6, € ©,

[0+) = (64)

where (6,) can be defined by (2.31). Assumption (A-8) holds by Remark 6(1). Hence
all the assumptions of Theorem 12 hold. Take now 0, = (w7, w3, af, a3, b, b5, 1*) €
O satisfying (i) or (ii). Let 0 € ©, u € U and z € Z. To conclude the proof, it is now
sufficient to check that if ¥¢ and W% coincide on {\119* (W)(2z) :n € Zsg, v e Ump,
then they must coincide on Z, so that we can apply Corollary 13. Observe that
by definition of the link function in (3.2), if (i) or (ii) holds, then v > 1% (2)
takes at least two different values on U = Zsg. Since W/ (v)(2) = 1% (2) for all
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v € U, these two different values belong to {\TIG* (W)(z) :n € Zsp, v € U”}. Now,

since W% = % and ! = ¢! are affine functions, if they coincide in two points
they must coincide everywhere, and the proof is concluded. (I

5.5. The PARX model of Section 3.5. We have the following result for the
Poisson autoregression model with exogenous covariates.

Theorem 20. Consider the PARX model defined in Section 3.5, which is a
VLODMX(p,q,1,1 4+ d). Suppose that (A’-1), (L-1) and (L-3) hold, and that the
exogenous kernel H satisfies the following.

(P-1) We have H(v; {f1.a(-) € A}) < 1forall v € V and affine hyperplanes A C R¢,
Then, for all 0, € O, the equivalent class [0,] reduces to the singleton {60, }.

Remark 11. Let us briefly comment this result.

(1) (P-1) is a natural assumption as it basically says that the covariates
f1(Vi), ..., fa(Vk) are not linearly related conditionally to Vji_q. If they
were, it would suggest using a smaller set of covariates.

(2) The ergodicity of PARX models (our assumption (A'-1) is treated in [1,
Theorem 1] under some assumption on the covariate kernel H (in their as-
sumption 2). Their assumption 3 used for proving (A'-1) implies ), ar <1
which implies our assumption (L-1) (since ar > 0 for all &k = 1,...,p).
Note also that [1, Theorem 1] implies that E?[|Us|] < oo and thus our
assumption (L-3). On the other hand, their identifiability condition [1, As-
sumption 5] include a condition on parameters aj,,, b7, similar to our con-
dition (SL-4) used for standard LODM’s in Theorem 17 above. Theorem 20
shows that such a condition can in fact be dropped in case of exogenous
covariates provided that the mild condition (P-1) holds.

(3) This result is similar to Theorem 17 for the standard LODM. Tt is of interest
to note that there is no additional condition on ~7., for identifiability.

(4) Theorem 20 easily extends to more general observation kernels (known or
unknown) G?, provided that, as in Theorem 17, assumptions (SL-2)-(SL-3)
hold if the observation kernel is known, or (SL'-2)-(SL'-3) if it is unknown.
However, the ergodicity would require a specific treatment in these cases,
as only the Poisson case has been considered up to our knowledge.

Proof of Theorem 20. For the PARX model we set Y(y,v) = (y, f1(v),..., fa(v)) €
U = R4 and X = R>( (with G(0, -) arbitrarily set, say, to be Bernoulli with mean
1/2, as in the proof of Theorem 19) and (A-3) holds with dx(z,z’) = |« — 2’| and
du(u,u') = |u —u'| where |- | here is an arbitrary norm on R!'*?. In this case, we
have that, for all (z,v) € X x V, if (Y,W) ~ G((z,v),-) with Y valued in R, W
valued in R? and G defined by (2.7), we have that ¥ and W are independent and
Y follows a Poisson distribution. Thus (L'-2) is equivalent to (P-1). We can thus
apply Lemma 14 and get that Assumptions (A-3), (A-4), (A-5), (A-6) and (A'-8)
hold with U = R!*“. Then, having assumed (A’-1), we can apply Theorem 12 and
get that (A-2) holds as well as the identity (4.1). Assumption (A-7) is immediate
with [0,]¢ = © and, Applying Proposition 11 and the previous display we get that

[0,] = {9 €000 (2) = U0 (2) for all (2, u) € E% x U} .

where (6,) and E+ are as in Definition 6 and Definition 7. Lemma 15 and the
definitions of A;., and By.q now give that [6,] is the set of all § = (w, a1.p, b1.g; V1:4) €



24 RANDAL DOUC, FRANCOIS ROUEFF, AND TEPMONY SIM

O such that

=1 1% —1-k q—1 —1-k
2 ko Vi1 2° D p—g bry1 27

NP gtk o NP my
2P b1 Q}2P 2P — Y0 apzP

-1 —1

p p
(zp — Zaizp_k> d; P <zp — Zakzp_k> d; 277" for1<i<d.
k=1 k=1

Note that the last line in this set of equations is equivalent to

ap =ap and d;=df foralll1<i<d and 1<k<p.

But the the two first lines of the previous display give that w = w* and by, , = b1,
thus 6§ = 0, and the proof is concluded. O
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APPENDIX A. POSTPONED PROOFS
A.1. Proof of Lemma 8. We first derive the following result.

Lemma 21. (A-4) implies that for all 0 € O, there exist C > 0 and p € (0,1) such
that Lipi < C p" for alln € Z~yg.
Proof. By (2.22), (2.23) and (2.15), we have, for all n € Z~q, using the convention
Lip! =1 for m <0,
87 0 W0 (u)®2
(A.1) sup 9z 0 U (w)*(v) < lppegy V (max Lipflj) .
weUn vez? 0z(v) 0<j<p

Hence (A-4) implies that there exists m > 1 and L € (0,1) such that, for all
u € U™ W0 (y) is L-Lipschitz. Now observe that, by (2.14), for all n = km + r
with & > 0 and 0 < 7 < m, for all u = u_,.o € U™, we can write ¥%(u) as

(1 —my0) © U (U(1—2m):(—m)) @+ © U (U1 k) (= (kh=1ym)) © ¥ (Uri( k) »
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 z, 2" € Z,

x (07 (u)(2), 0% (u) () < 82(V%(u)(2), ¥ {u)(=")) < L' L* 62(2,2") .
Hence the result by setting p = L™ € (0,1). O

We can now prove Lemma 8. Let 6,0, € © and let 20 e Z. Denote for all
n e Zzo,

X0 = U ny0) (7).
Then, by (2.13) we have, for all n € Z~,
X =" (U_ntro) o ¥ (27),
and, by (2.22), we get

(A.2) dx (X(”), X(”_l)) < Lip? 87 (zw, @g%(z«n) .
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Using (2.23) with z() = (2, 4®) and xgi) =... = x,(,i) and ugi) =... = u((;ll we
get that

0z (z(i)a \i]?an (Z(i))) = 0x (xgi) ) 1/;(9u(i),U,n) (x(i))) \/ oy (ugi)’ U—n)
Hence, for all & > 0, Condition (2.24) implies as n — oo,
8z (z<i>, \ileUin(z(i))) =0(e")  PPas.

The last display with (A.2) and Lemma 21 gives that, P*-a.s., {X(™) : n € Z>o}
is a Cauchy sequence, hence converges in X. Therefore, U_).0 € DY, P -a.s.
By (2.1) or (2.2) depending whether an ODM or an ODMX is considered, we also
have, under P?, for all n € Zso, X1 = ¢*(U_p.0)(Z_,). Thus, (2.22) also implies

JX(XiVXOQ)§Iﬂp2+152(Z_n,zm) PY-a.s.

By stationarity, 6z(Z_,,, 2()) is bounded in probability under P?, hence X (™ con-
verges to X in probability if (A-4) holds. We thus obtain (2.17), and since this
holds for all # € ©, Assumption (A-2) holds.

Let us now check (2.30). Take 0,,0 € © and suppose that 6 belongs to the set
in left-hand side of the inclusion (2.30), that is, GY = G% and W’ (z) = ¥% (2) for
all (z,u) € E% x U. By Remark 4 we have Z;, € E% P%-as. Thus we get that
\i/‘gUk (Zy) = \ilg*k (Zy) P--a.s. and with Remark 2, we obtain that, P%-a.s., (Y, Xx)
(resp. (Yi, Xk, Vi) satisfy the iterative equations (2.1) (resp. (2.2)), and by (A-1)
(resp. (A'-1)), we conclude that P? = P%+. Hence 6 € [f,] and (2.30) is proved.

Finally, we check that (2.21) holds when ¢ is continuous for all u € U?. Since
we have shown that U_.y.0 € D?, P -a.s. and P?* is shift invariant, we have, for
all k € Z,

7/;0<U(—oo):k> = 1Lm "Z)G<U7n:k>(z(i)) PP _as. .

Observe that, for all n > pV ¢, we have, for all u(_,.o € U™,

Plucaade) =T (PlocmenGD) ).

By continuity of 153 and using the previous display, we can take the limit as n — oo
under P+ and obtain (2.21).

A.2. Proof of Proposition 11. First observe that (2.17) implies for all § € ©,
(A.3) PO [Yi € [ Yiopo] = G (PUopo)i-)  Pras.

Let us now show that any 6 € [0.] belongs to [f.]c N (04), that is, 0 € [0.]c,
and (2.20) and (2.21) hold true. Since PY = P+ (A.3), which also holds with 6
replaced by 0y, yields

G’ (1;9<U(7oo):0>; ) = G% (1/;9*<U(7oo):0>; ) P -a.s.

By (A-7), we obtain that 6 € [f.]¢ and (2.20) holds. By Lemma 5, (2.17) im-
plies (2.18), and using P? = P’ we obtain (2.21). Thus 0 € (6,).

It remains to show that [0,]c N (0x) C [04]. We prove this inclusion in the case of
an ODMX satisfying (A'-1). (The case of an ODM is readily obtained by removing
the variables V4,’s in the reasoning). Let 6 € [0]q such that (2.20) and (2.21) hold
true. Since (2.17) holds with 6 replaced by 6,, (2.20) gives that X; = 1/;0<U(7oo):0>

P%-a.s. Since PY is shift invariant, we get, for all k € Z, Xpp1 = 1/;9<U(_OO):;€>
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Pf-_a.s. With (2.21), we obtain X; = 1/3[9](7(1“):0 (X(_p“):o) P%-a.s. Since P is
shift invariant, we thus have, for all k& € Z,

(A4) Xpy1 = ’l/)%(k+liq):k (X(k-i-l—p):k) Po-a.s.

On the other hand, by definition of P%* and using (A-7) with 6 € [0,]g, we have
that

]P)G* [5/1 € - |X(7oo):1a Yr(foo):Oa ‘/(700):0] = Ge* (Xl; ) = GG(XI; ) Pe*'a-s-
And using again that P+ is shift-invariant, for all k € Z,
PP [Yi € [ X(cooiks Yimoopth-1) Vicoopth-n] = G (Xnss)  PP-as,

This, with (A.4), shows that P is a shift-invariant solution of (2.2). By (A1), we
conclude that P%* = P?, and thus 0 € [0,].

A.3. Proof of Lemma 14. Assertion (i) is obvious.
Proof of Assertion (ii). In the vector linear setting we have, for all n € Z~o and
all (z,2',u) € 22 x U,

x (9 {u)(2), 97 (u) (') = [ (= — =)

is a linear mapping from Z =

)

. / ~
where | - | is a norm on R?" and, for all n € Zs, ¥¢

RP*P+a'*(a=1) 5 X = RP' recursively defined by setting, for all w = wy.(p4q41) €
Z=(RP)? x (RY)4~1, ) (w) = z,, with

Uj = Wp+tq+j » —q<j<-1,
Z'j:wp+j, 7p<j§07

vy =3k Ar(O)ajk + 24y Be(Oujr, 1<
In particular, we have, for all j > g,

P

zy =y AnO)zjk

k=1

and this equation is also true for j = 1,...,¢ — 1 if the last ¢ — 1, Rq/—valued,
component of w are equal to zero. It is well known that the Lipshitz norm of such
iterative linear functions goes to zero if and only if (L-1) holds.

Proof of Assertion (iii). Take an arbitrary xgi) e X. If ¢ > 1, take also an

arbitrary ugi) € U and set ul) = (ugi), . ,ugi)) € U?=1, Then, since ¢ (z) is of the

gi) gi) such

form (2.8), there exists constants Cy, Cy > 0 only depending on 0, x;’ and u

that, for all u € U,
dx (xgi)7’l/~)(6u(i)7u) (z(i))) <Cr+Caul.

Assertion (iii) follows.

Assertion (iv) is obvious.

Proof of Assertions (v) and (vi). See Remark 6 (2) in the case of a VLODM.
The case of a VLODMX is similar.

A 4. Proof of Lemma 15. Note that, by Lemma 14 (ii), in the vector linear case,
the set EY of Definition 7 is well defined under (L-1). We need the following result
whose proof is straightforward, and thus omitted.
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Lemma 22. Suppose that (L-1) holds and let 0 € ©. Let (*(Z,U) denote the set
of sequences in U% that are absolutely summable. For any u € (1(Z,U), there is a
unique x € £°(Z,X) (the set of bounded sequences valued in X) such that

p q
(A.6) zj=w(®)+ > Ap(@) i+ > Br@)uj—i, jEL.
k=1 k=1

This unique solution is given by

™

-1
p

%-(IpIZAk(e)) w(6) + / PUTPOR(EN O)a(N) AN, jEZ,
k=1

—T

where R is defined by (4.5) and 4 denotes the Fourier series of u defined by

. 1 —iMk
u()\):%Zuke ) AeR.
kEZ
Let DY and E? be as in (2.25) and Definition 7. Then D? contains ¢*(Z,U) and,
for any u € (*(Z,U), defining x as the unique solution of (A.6) in (>°(Z,X), we
have, for allt € Z,

(z(t—p-l-l):ta u(t—q-i—l):(t—l)) = \p0<u(—oo):(t—1)> € EG :
We can now prove Lemma 15.

Proof of Lemma 15. Step 1: Assertion (i) implies Assertion (ii). Let 6,0, €
O satisfying Assertion (i) and let us show that (4.6) and (4.7) hold. Take any
u € (1(Z,U) and n € Z>g. By Lemma 22, u € D% and we have

T2 (i ooyi0) = U (—ny0) (B (U o) (—n—1)))

= U7 ()0 (T (U(—oc):(—n—1)))
where the second~equality follows from applying successively Assertion (i) with
u = uy and z = ¥ (U(—o0):(k—1)) for & = —n,—n +1,...,0. On the other hand
by definition of Lipz in (2.22), we have, setting z% := Po (U(—o0):(=n—1)) and z, =
V(o0 (—n-1));

62 (@9<u(—oo):0>7 \'1}9 <u(—n)(0)>(z7§)) = 62 (\139 <u(—n):0> (Zn) ) \'1}9 <u(—n)(0)>(Z;))
< Lip? 87 (zn,27) .

Since u € ¢}(Z,U), we have that (z,) and (z}) are summable sequences (as
a consequence of Lemma 22) and so dz (zn, z5) is bounded as n — oo. Using
Lemma 14 (ii) and we conclude that the upper bound in the last display con-
verges to 0 as n — oo. By definition of z; and the previous display, this gives
that \il(’(u(_oo):O} = oo (U(~sc):0)- Shifting the sequence u, we also have that
T (U(—ooyt) = WO (U(_oo)y) for all t € Z and by Lemma 22, this implies that 6
and 6, share the same unique solution z € £*°(Z, X) to the equation (A.6). Using
the explicit form of this solution in the same lemma, we get that, for all u € ¢1(Z, U)
and 7 € Z,
-1

<Ip/ -3 Ak(9)> w(0) + o (u;0) = <1p/ - ZAk(G*)> w(b) + or(us 0s)
k=1 k=1

where, for all § € O, u € (4(Z,U) and 7 € Z, we set a,(u;0) =
/ e TR(e”;0)i(N\) d\. Since we assumed {0} C U, we can successively take

—T

u as the zero sequence (ur = 0 for all k, implying @ = 0) or proportional to the
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impulse sequence (ug # 0, up, = 0 for all k # 0, implying @ = ug/(27)), the previous
display successively leads to (4.6) and

/ P T R(e?;0) d\ = / e*" R 0,), forall 7€7Z,
which implies (4.7).

Step 2: Assertion (ii) implies Assertion (i). Let 6,0, € © satisfying (4.6)
and (4.7), and let us show that Assertion (ii) holds. First take u € ¢(Z,U). By
Lemma 22, (4.6) and (4.7) imply that the recursive equation (A.6) and the one with
6 replaced by 6, share the same bounded solution. Moreover, we have u € D% ND?
and since \fle<u(_oo):0> U (t(—o0):0) are given by the same solution they are equal.
Hence we obtain that

W(2)=0%(2) forall (z,u)eEl xU,

where B = {\TIG* (v)y :vet (ZSO,U)}. To get Assertion (i), since z — U9 (2) is

continuous for ' = 6,6, and for any u € Rq/, it is now sufficient to prove that E(f*
is dense in E?. To this end, pick z € E?*. Then there exists u € D% such that

(A.7) z= \i/e<u> .

Define, for any n € Z>¢, we introduce the truncated sequence

’U(n)— up ifke{-n,...,0}
o otherwise.

Then v(™ € ¢*(Z,U) and we have

Zy = W0 <Ug7i)oo):o> cEl .

Moreover, we can write, denoting by 0(_ ..o the null sequence in U<o,

2 = B o ny0) (B Ooop0) ) = % o) (¥ (0er0)) -

By (2.26) and (A.7) we thus have z = lim,,_, 2, and since z is arbitrary in E*
we have shown that E{* is dense in E* and the proof is concluded. g
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