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1. Introduction

The aim of this work is to offer a systematic and unified way of studying quasi-
maximum likelihood inference for a large class of time series models which are
called observation-driven models. The terminology was introduced by [9] to sig-
nify their main ingredient; the evolution of the observations relies on a hidden
process which in turn is driven by some model based dynamics. Observation-
driven models can be employed for modeling various types of data including
high-frequency financial tick data, epidemiological data, environmental and cli-
mate data, to mention only a few of their applications. Their wide applicability
is based on the fact that they can accommodate various dependence struc-
tures met in practice. Some well-known examples are the GARCH models [6],
ARMA-GARCH models (for more see [21] and [42] and the references therein)
and duration models. Furthermore, count time series and binary time series
models have close connections with the aforementioned models and they are
actually covered by the framework we study, see [17].

The success of the observation-driven models stems from the fact that they
are based on generalized linear methodology, see [35] and [30]. The combination
of likelihood based inference and generalized linear models provide a systematic
framework for the analysis of quantitative as well as qualitative time series
data. Indeed, estimation, goodness of fit tests, diagnostics and prediction are
implemented in a straightforward manner because computations can be carried
out using a number of existing software packages. Furthermore, both positive
and negative association can be taken into account by a suitable choice of model
parametrization.

Observation-driven models are defined as follows. Suppose that (X,dx) and
(Y,dy) are two Polish spaces equipped with their Borel sigma-fields X and Y.
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Let (0,dg) and (®,ds) be two compact metric spaces. Consider {Q?, ¢ € ®} a
family of Markov kernels on (X x Y) x ) indexed by ¢ € ®. Assume in addition
that for all (¢,2,y) € ® x X x Y, Q%(x,y;-) is dominated by some o-finite
measure 4 on (Y,)) and denote by ¢?(z,y;-) its Radon-Nikodym derivative,

that is
dej(xv Y; ) (y/)
dp '
Assume further that {(z,y,v’) — 54/(13) : 0 €O} is a family of measurable

functions from (X x Y2, X ® Y®?) to (X,Xx). We denote by (Yp,...,Y,) the
observed data and we define observation-driven models as follows:

¢°(z,y;9) =

Definition 1.1 (Generalized Observation-Driven model). We say that the pro-
cess {(X4,Y:), t € N} on (X x Y)N (X @ V)®N) is a (generalized) observation-
driven time series model if for all A € ),

PP, e A|Fioi] = QP N(Xy_1,Yi1; A) = / * (X1, Vo1 y)p(dy)
A

Xe=fo (Xio1), (1.1)

where F; = 0(Yo.t, Xo:t), Yst = Ysy.--,yt) for s < ¢, and ¢ : © — D is a
measurable function from © to .

The dependence graph between the various random variables, appearing in
equation (1.1), is illustrated in Figure 1. It can be noted that the response Y;
depends on Y;_; and X;_; through the kernel Q¢(9).

Xt ——— Xy

f9

Q¥®)
Yioa Y:

Fic 1. The dependence graph of a generalized observation-driven model.

Theoretical study of the properties of these models has been given a great
deal of attention in the literature. It is beyond our intention to give a systematic
review in this direction. Our primary aim is to study the properties of the
Quasi Maximum Likelihood Estimators (QMLE) for estimating the unknown
parameter 6. The QMLE is a standard methodology for inference in the class
of models introduced by (1.1). Indeed, as described below, Example 2.1 refers
to the standard GARCH(1,1) model which is routinely fitted by employing a
Gaussian likelihood regardless of the assumed error distributions. Several other
examples will be discussed throughout this work, including ARMA-GARCH
examples; see Example 2.5.
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As a remark, we note that the idea of quasi-likelihood inference was originated
by [43] in the context of generalized linear models for independent data, and
it was further developed in [30]. It should be noted that the quasi-likelihood is
a special case of the methodology of estimating functions; see for example the
texts by [23] and [25]. This contribution offers verifiable conditions for obtaining
consistent and asymptotically normally distributed quasi-maximum likelihood
based estimators for the parameter vector (1.1) even in the case where the kernel
() is misspecified. More precisely, our main results are the following:

e Theorems 3.1 and 4.1 which show strong consistency of the QMLE. In
particular, assumption (A5) is instrumental on showing the general con-
sistency result toward a set of a parameters given by Theorem 3.1. This
fact implies (see Theorem 4.1) the classical strong consistency result to-
ward the “true parameter”. The main assumption (A5) is verified for
several classes of models.

e Theorems 4.2 and 4.3 show asymptotic normality of QMLE; the corre-
sponding assumptions are quite natural and have been extensively used in
this context. Once again, assumption (A5) is fundamental for linking the
martingale methodology to the Taylor expansion of the log-likelihood.

The paper is organized as follows: Section 2 discusses examples of observation-
driven models and shows their wide applicability. Section 3 sets up the general
notation that is used throughout this work and discusses convergence of the
QMLE under model misspecification. Section 4 shows that the asymptotic dis-
tribution of the QMLE is normal and discusses conditions under which this fact
holds true. All results are applied to the examples of observation-driven mod-
els presented in Section 2. Section 5 gives an empirical illustration while the
Appendices contain the proofs of our results.

2. Examples of observation-driven models

In classical state-space models, also referred as parameter-driven models, the
observations {Y;, ¢ € N} are modelled hierarchically given a hidden process
{X}:, t € N} which has its own (most often Markovian) dynamic structure, see
[28] or [12], for instance. In the Bayesian setting, the process {X;, t € N} may
be thought as the dynamical parameter and the distribution of observations is
specified conditionally on this parameter. Well-known examples include linear
state-space models [28], [44], or hidden Markov models.

Suppose that {Y;, t € N} denotes the observed time series and let {X;, ¢t €
N} be an unobserved process. The dichotomy between observation-driven models
and parameter-driven models was suggested by [9] who classified these processes
according to whether their dynamics are driven by the observed data themselves
or by an unobserved process (see also [10]); parameter-driven models are dis-
cussed in [44], or [28] and [12] for instance. The generalized observation-driven
model, introduced by Definition 1.1, is linked now to several standard examples
by identifying suitably the observations and the corresponding latent process.
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Example 2.1. Recall the standard GARCH model ([6])
Y, =0 16, 02=d+ao? | +bY?, (2.1)

where b > 0 and {e;, t € N*} is a sequence of i.i.d. standard normal random
variables. In this example, the latent process X, is the volatility process o? and
the conditional distribution of Y; given Yy, ...,Y;_1, X is Gaussian with zero
mean and time changing variance X;. The latent process {X;, t € N} can be
recovered by back substitution of the second equation of (2.1):

Xy =o? = dﬁ +a'Xo+bY a'Y?

i
=0

for some starting value Xy. The last display shows that the hidden wvolatility
process is determined by the initial value Xo and the past observations; this is
precisely the reason why model (2.1) belongs to the class of observation-driven
models.

There are several challenging problems associated with the model specification
(2.1). In this paper, we will give conditions for obtaining asymptotically normally
distributed mazimum likelihood based estimators for the parameter vector (d, a, b)
when the distribution of {e;, t € N} is misspecified. For GARCH models, such
questions have been addressed by numerous authors including [29], [4], [20], [26],
[35], [2], among others. The general framework developed is based on a different
point of view which unifies these works.

The model of Example 2.1 can be extended further by replacing the second
equation of (2.1) by a non-linear model, such as o7 = f{. (67 ;). Again by

repeated substitution, we can express X; as a function of Xy and Yy, ...,Y;_1,
that is X; = 07 = f{’,ﬁ o---0 f{’;o (02). Smooth transition autoregressive models,
such as 07 = f(o?_;) + h(Y;) (see [41] and [42]), are examples of non-linear

specification of the volatility process.
Considering (2.1), the conditional density of Y; given X;_; = z is given by
y—q(z,y) = %g(y/ﬁ) where g is the density of ;. Then X; = o7 is updated

according to o7 = fie/t (07_,) where

fl(x) =d+ax+by*, 0= (d,a,b).

Y

More generally, let us define the simplified observation-driven model as fol-
lows.

Definition 2.1 (Simplified Observation-Driven model). We say that the process
{(X,Y3), t € N} on (X x )N (X @ Y)®N) is a (simplified) observation-driven
time series model if for all A € Y,

PIYi €| Fia] = QX1 A) = [ alXiosputdy).

X = f{oft (thl) ) (2-2)
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where Fy = 0(Yo.t, Xo:t by Ysit = (Us, - .-, y¢) for s < t. Recall that @ is a Markov
kernel defined on X x Y and dominated by some measure p on (Y,)) with
associated transition density ¢(z,y) = dQ(z,-)/du(y) and (x,y) — fg(x) is a
measurable function from X x Y to X, which is parameterized by 6 € ©.

Remark 2.1. Shifting the time index of the observations by setting Zy = Yy_1
fort > 1, we obtain

P2 € A| 0(Xow Zor-1)] = Q(Xe, A) = /A o(Xey)u(dy)
X1 = f5,(Xy) .

This expression of the transition among variables corresponds to the classical
conventions used in the existing time series literature. Nevertheless, the advan-
tage of shifting the time index in (2.2) is that Definition 2.1 clearly generalizes
to Definition 1.1, which covers many examples used in practice.

Example 2.2. A popular class of models that describe time intervals between
consecutive observations is that of duration models, see [14]. These models have
been found quite useful in financial applications; in particular they have been ap-
plied to the analysis and modeling of duration dynamics between trades, as they
fit adequately with intraday market activity, see [24], for instance. To be spe-
cific, suppose that Yy denotes the duration between two consecutive observations.
Then, a duration model is specified by

Yi =Y 16, Yr=d+ a1 +bY;, (2.3)

where b > 0 and {e;, t € N*} is a sequence of i.i.d. nonnegative random
variables with mean one. Various models fall within the above framework. For
specifying the distribution of €;’s, we can employ the exponential distribution
with mean one, or alternatively, the Gamma distribution, suitably rescaled to
have mean one. Note that model (2.3) is similar to the GARCH models discussed
i Fxample 2.1. The unobserved process X; s given by 1, which is equal to the
conditional mean of Y; given its past. This is quite analogous to GARCH(1,1)
where the volatility o? is the expected value of Y;? given its past. The recursion
(2.3) can be rewritten as an observation-driven transition (2.2) by setting X; =

P and .
a(z,y) = —g(y/z), fj(@)=d+ar+by,

where g is the density of e, and 0 = (d,a,b).

For estimating the parameter vector 0, [13] has suggested the use of QMLE by
assuming that {e;, t € N} is a sequence of i.i.d. exponential random variables
with mean one. This work includes this specification and gives conditions for
obtaining asymptotically normally distributed estimators in the case of model
(2.3).

Example 2.3. Assume that we observe a binary time series {Y;, t € N*}.
Let Ay = In(pt/(1 — pi)) where py = P(Yip1 = 1| Fi) and let us consider the
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following observation-driven model
i =1{U; <pi—1}, M =d+al_1+bY;, (2.4)

where b > 0, 1{-} is the indicator function and {U,, t € N*} is a sequence of
i.i.d. standard uniform random variables. (2.4) introduces an observation-driven
model for binary time series where the hidden process X is equal to A; see [38],
[84]. Recall that for a Bernoulli random variable with success probability p the
canonical link is given by the inverse logistic cdf, that is lnp/(1—p). The logistic
model has been widely used in numerous applications. An alternative model is
given by the probit link which is defined by means of my = ®~1(p;), where ®(-) is
the cdf of the standard normal random variable. For the complete specification
of the probit model, we replace Ay by m¢ in the second equation of (2.4); see [46],
[39] and [27] among others. More generally, we can consider observation-driven
models for binary time series by letting Xy = F~'(p;), where F(-) is the cdf of
continuous random variable.

Example 2.4. Several models have been proposed for the analysis of count time
series; see [40], [10], [16], [18] and [19], among others. The linear model for the
analysis of count time series is based on the specification

}/;5 = Nt(>\t71) s )\t = d+ a)\t,l + b}/; 5 (25)

where b > 0, {Ny, t € N*} is an i.i.d. sequence of Poisson processes with rate
one and {A;, t € N*} denotes a mean process. In other words, Y; is equal to
the number of events, say Ny(Ai—1), of Ni(-) in the time interval [0, \—1]. Ob-
viously, the hidden process X is equal to Ay which, in turn, is related linearly
to its past values and Yi_1. It turns out that model (2.5) cannot accommodate
negative correlation among consecutive observations and, perhaps more impor-
tantly, cannot include time-dependent covariates in a straightforward manner.
Based on these issues, [19] suggested a log-linear model of the form

Y: = Ny(exp(vi1)), wm=d+av_1+bln(l+Y;). (2.6)

The transformation of the observed process Yy to the process In(1 + Y;) avoids
the issue of zeroes in the data. Note that for this example, the hidden process X,
is vy which is equal to In A, in virtue of (2.5). This is an example of a canoni-
cal link model because the canonical parameter of the Poisson distribution with
mean A is v = In A. Regardless of which model is applied for data analysis, the
same remarks made in FExample 2.1 are true. In this case we will need to ex-
amine the behavior of Mazimum Likelihood Estimator (MLE) when the Poisson
assumption is not necessarily true for both of the above models. More generally,
[8] suggest the use of mized Poisson models for modeling count time series data,
that is (2.5) is replaced by

}/t = Nt(Zt)\tfl) s )\t =d + (I,)\t,1 + bY} y (27)

where the notation is as before. The sequence {Z;, t € N*} consists of i.i.d.
positive random variables with mean one and it is assumed to be independent of
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{Ny, t € N*}. Similarly, we can define a log-linear model following (2.6); details
are omitted. For the case of a mized Poisson process, a likelihood function is not
available in general, except for some special cases. For instance, we can obtain
a negative binomial distributed time series when the sequence {Z;, t € N*} con-
sists of i.i.d. Gamma random variables with mean one. However, in general it
s not possible to obtain a closed-form expression of the likelihood function. The
QMLE approach resolves elegantly this problem by utilizing suitably mean and
variance specifications; for more see [35] and [30] in the context of generalized
linear models.

The next model we discuss is not a simplified observation-driven model but it
can still be covered by our work; in fact this model is a generalized observation-
driven time series; see Section 3, for more.

Example 2.5. An AR(1) model with GARCH(1,1) errors (see [20], for in-
stance) is specified by the following equations

Yi=aYi1+e€, €¢=o0_1m:, af =d+ aaf_l + bet2 , (2.8)

where {ny, t € Z} is an i.i.d. sequence of standard normal random variables.
As in the preceding example, the hidden process Xy = o? is a function of the

initial value o3 and the past observations

1-— 2
0f = d"— +bZ (Vi —a¥iia)

for some initial value o; thus (2.8) belongs to the general class of observation-
driven models. The notable difference between (2.1) and (2.8) is that for the
former, the distribution of Y; given o2 does not depend on any additional pa-
rameters other than those appearing in the specification of the GARCH model.
In contrast, for model (2.8), the distribution of Y; given o? and Y;_1 depends on
the parameter a through the mean of the assumed Gaussian error distribution.
More generally (see [32] among others) consider the following class of models

Y = m(Yl-ffl; a) + €, € =01, 0t2 = f{%,l:t (0—1%71) ) (29)

where m(Y;_1; ) represents the conditional mean (which depends on an un-
known parameter o) and the volatility process is modeled by a non-linear model
as discussed above. In this example, the complete model depends on the unknown
parameter vector § = (a, \), whereas the distribution of Y; given o? and Y;_1
depends only on the parameter ¢(0) = . Remarks made for (2.8) still hold for
the case of (2.9). This contribution covers also this class of observation-driven
models (recall Definition 1.1) and examines the consequences of misspecifying
the likelihood function.

The above presentation shows the wide applicability of observation-driven
models in various scientific fields. Notably, these models can take into account
both qualitative and quantitative data in a unified manner. We proceed to study
the asymptotic behavior of the QMLE in the next section.
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3. General misspecified models

Two models are under consideration in this work: the generalized and the simpli-
fied observation-driven time series (see Definitions 1.1 and 2.1, respectively). The
dependence graph between the various random variables that appear in these
definitions are shown in Figure 2. The case of the simplified model is obviously
a particular case of the general model. However, we specify the assumptions
required for studying the QMLE in the simplified models framework to avoid
confusions and to compare our results with those obtained in the literature.

X —mm X, X —mmm X
0
! 1
Q
Q¥
Yy Yioa Y:

Fic 2. Simplified observation-driven model (left) and general observation-driven model
(right).

Example 2.5 (Continued). An example of generalized observation-driven
time series model is given by the AR(1)-GARCH model (and its respective non-
linear counterpart of (2.9)) discussed in Example 2.5. The conditional distri-
bution of the response Y; for both cases —for this example it can be assumed
to be Gaussian— depends on the autoregressive parameter « and on the hidden
process o7. For the model described in (2.8), it can be easily checked that (1.1)
is satisfied with X; = o2 and

a . _ 1 Y1 — Yo 0
q (%yo,yl)—ﬁg T ) Yoi1

where g(-) is the density of e; and 0 = («,d, a,b).

() =d+ax +b(y; —ayo)?, (3.1)

For a generalized observation-driven model, the distribution of (Y7,...,Y})
given Xg = x and Yy = yo has a density with respect to the product measure
u®m. It is given by

n
Yin > qu(a)(ﬁ(yo;tqﬂw%yt71;yt) ) (3.2)
=1
where we have set for all ¢ > 1 and all gy, € Y*H!,
0 0 0 0
f <y03t> = Jye_1a ° Yt—2:t—1 0.0 Yo:1 ?

with the convention f?(yo)(x) = . Note that for all t > 0, X, is a deterministic
function of Y., and Xy, i.e.,

X = f9<Y0:t>(X0) = f}eft_u © f}%_m_l ©---0 f{ofozl(XO) . (3.3)
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Now, fix a point x of X. In this section, we focus on the asymptotic properties of
én,m, the conditional Maximum Likelihood Estimator (MLE) of the parameter 6
based on the observations (Yy,...,Y,) and associated to the parametric family
of likelihood functions given in (3.2). In other words, we consider

en,m € argmaXGEGLfL,x <Ybn> ’ (34)

where
Lz,z<y0:n> =n""ln <H qw(e)(f0<y0:t71>(x)vytfl; yt)) : (3.5)
t=1

We are especially interested in the case of misspecified models. To be pre-
cise, we do not assume that the distribution of the observations belongs to the
set of distributions where the maximization occurs. In particular, the sequence
{Y;, t € Z} does not necessarily correspond to the observation process associ-
ated to the recursion (3.3), see [3], [22] and [15]. However, regardless the true
data generating process, Theorem 3.1 below shows that the MLE converges to
the set of values that minimize the Kullback-Leibler distance between the im-
posed model and the true model. Before stating the results, some assumptions
are needed.

(A1) {Yi, t € Z} is a strict-sense stationary and ergodic stochastic process.

Under (A1), we denote by P the distribution of {Y;, ¢t € Z} on (Y%, V%) and by
E the corresponding expectation.

(A2) The functions (x,0) — ¢?9 (z,y;y') where (y,y') € Y? are fixed and 6
fg’y/ (x) where (z,y,y") € X x Y? are fixed, are continuous.

(A3) There exists a family of P-a.s. finite random variables
{0 ) : (6,1) € © x Z}

such that for all z € X,

(i) the following limit holds P-a.s.,

lim sup dx (7 (Y_rn.0)(@), 7 (Youo0)) =0,

m—00 0cO

(i) the following limit holds P-a.s.,

lim sup ‘Ae(f0<Y1¢t71>(l'), f0<ono:t71>a Y;flv )/t)‘ =0 )

t—o00 0cO
where A’ (2,2, y,y') = Ing# (2, y;) — Ing?@ (2, y:¢/).

(iii) E [Sgg (lnq“”“’)(f9<Y—oo:_1>,Y-1;Yo))J <oo.



QMLE for observation-driven models 2717

For all (0,t) € © x N, we set the following notation:
OV ooeit) 1= gD (fVoooim), Yic13 Vo) - (3.6)

The above assumptions are standard and they are introduced here for fa-
cilitating the proof of consistency. Note that under (A2), the mapping 6 +—
Lz’z<}/b:n> is a continuous function on the compact set © and thus, the MLE

0n,» obtained by (3.4) is well-defined. Furthermore, under (A3)-(i) we obtain,
regardless of the initial value of X_,,, = x, that X (and thus X;) can be approx-
imated by a quantity involving the infinite past of the observations. Assumption
(A3)-(ii) allows the conditional log-likelihood function to be approximated by a
stationary sequence. Furthermore, (A3)-(iii) calls for a well-defined maximiza-
tion problem. Verification of assumption (A3) is usually done by introducing
the limit, as m tends to infinity, of f%(Y_,,.0)(x) for all fixed (0, x) € © x X and
by showing that this limit does not depend on z. We can therefore denote it by
/ o (Y_oc:0)-

The following theorem establishes the consistency of the sequence of estima-
tors {énm7 n € N} defined by (3.4) in misspecified models. The proof follows
the lines of [11] but the arguments should be adapted to take into account that
the kernel density ¢? here depends on the parameter.

Theorem 3.1. Suppose that assumptions (A1)—(A3) hold true. Then, for all
z e X,

lim do(0n,2,0+) =0, P-as,

n—oo
where O, = argmaxycoE[(°(Y_oo.1)] and £9(Y_o.1) is defined by (3.6).
Proof. The proof directly follows from Theorem A.1 provided that

(a) E[SUPee@(Z%Y—oo:o»H < o0,
(b) P-a.s., the function 8 — £?(Y_s.0) is upper-semicontinuous,
(¢) limp—o0 SUPpee LY (Vi) — LY (Y_ooin)| = 0, P-a.s., where

n

LO(Yoom) =07 (Y o) -
k=1

However, (a) follows from (A3)-(iii), (b) follows by combining (A2) with (A3)-
(i) since a uniform limit of continuous functions is continuous and (c) is deduced
by (A3)-(ii) and the definitions of LY ,(Y1.,) and LY (Y_.c.,). The proof is com-
pleted. O

Remark 3.1. Note that, since the model is misspecified, the assumptions of
Theorem 3.1 do not imply that for any 0 € O, there exists a stationary and
ergodic solution to the observation-driven model specified by (Q?9), f0) (this
is not required on our assumptions). Such a property is not always easy to es-
tablish but there exists vast literature discussing the conditions under which it
holds true. The required condition for {Y;} to be stationary and ergodic, de-
pends, in general, upon the model under consideration. For instance, consider
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the GARCH(1,1) model discussed in Example 2.1 with {e;, t € Z} being an iid
sequence of non-degenerate random variables with E[lnt €?] < oo and d > 0. If
—o00 < v := E[ln(a + be?)] < 0, then there exists a strict-sense stationary and

ergodic process {Y;, t € Z} obtained from (2.1) with the associated parameter
vector 8 = (d,a,b); see [7] and [21, Ch.2] for further references.

Example 2.1 (Continued). Assume that the observations {Y;, t € Z} form
a strict-sense stationary and ergodic process so that (A1) is satisfied. Moreover
suppose that E[ln™ Yy] < oo. We fit to the observations a GARCH(1,1) model
of the form (2.1) but with errors {e;, t € Z} following the Generalized Error
Distribution (GED) with density

z/exp(f% V)

C2(V+1)/l/1—‘(%) ’

z
c

9u(2) = z €R, (3.7)

where v > 0 and ¢ is a constant which is chosen such that the distribution
has zero mean and variance one (see [36]). The parameter v characterizes the
thickness of the tail. When v = 2, we obtain the standard normal distribution
while for v > 2 (respectively v < 2) the distribution has thinner (respectively
thicker) tails than the normal distribution. The GED distribution is usually
employed for GARCH modeling of heavy-tail returns; see the recent work by [15]
among others. In this example, we assume that v is known and the parameter
vector is 6 = (d,a,b) € © which is a compact subset of

{(d,a,b) : d>0, a>0, b>0, Elln(a+ be;)] <0} . (3.8)

Note that the above display implies that a < 1. Following Remark 3.1, we can
also note that under these constraints, there exist stationary and ergodic versions
of the process {Yy, t € Z} in this parametric family.

We now show that (A2) and (A3) hold. Set X; = . Recall that the recur-
sions given by (2.1) define a simplified and therefore a generalized observation-
driven model (1.1) where we have set, with a slight abuse of notation,

@Oz, ) = qlz,y) = 1/VD)9 (v /V7) |
0@ =fo(x)=d+ax+b(y)*.

These equations imply clearly that (A 2) holds. We now turn to (A8). Given an
initial value of of, which will be specified below, the conditional log-likelihood
defined in (3.5) may be expressed as

L 2 (Vi) =" Z(_ In oy + 1ng,,(Yt/at,1)) , (3.9)

t=1

where o} are computed recursively using (2.1). Note that, since fy ,(z) = f,/ ()

in this particular model, the conditional log-likelihood in (3.9) does not depend
on the first observation Yy (contrary to the general expression given in (3.5)) and
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we therefore write L? ,(Y1.,) instead of L° . (Yy.,). For a given value of 0, the
500 o)

unconditional variance (corresponding to the stationary value of the variance)

1s usually a sensible choice for the unknown initial value

d
2 __
S P

Newvertheless, in what follows, we consider that the initialization is fixed to an

arbitrary value o3 = x. For any integer m, we have

fe <Y—m:0>(x) =a"tz 4+ Zm: aj(d + bYEg) .
=0

Since © is a compact subset of (3.8), there exist (ax,a*, b, b*) € (0,1)%x(0,00)?
and d.,d* > 0 such that, for all 8 = (d,a,b) € ©,
ax<a<a®, b, <bZb', d.<d<d.

Let 3 € (1, (a*)~'/2) and note that, since E[ln™(Yy)] < oo,

o0

> Byl > ) > Pt |Ypl/lng > |t])

t=—o00 t=—o00

2(E[In™ |Yp|/InB] +1) < 00,

IN

IN

s0 that there exists a P-a.s. finite random variable M such that |Y;| < MBI for
allt € Z. This implies that P-a.s.,

. d* 2b* M2
(A + Y2 <
(a®)(d* + t_J)_l_a*+1_a*52<

o0,

oL

Il
=)

J

and we can define
f9<ono:t> = Z a’ (d + bYVtQ*]> .
j=0
With these definitions, we get

sup | f2(Yom0)(2) = fO(Vos0)| < (@)™ Fla 4 D (a7 (d" +b7Y2))
USC] j=m+1

(a*)m—i-l b*MQ(a*BQ)m-i-l P-a.s.
1—a* 1—a*32 — 0,

d*
S (a*)m—i-lx +
as m — 0o, showing therefore (A8)-(i). Similarly, we obtain that

Ing? @ (% (Yi.4-1)(2),Ys) — Ing? @ (fO(Y_oi-1), V)

< o Vi) (z) = In fOY 1)

N | =
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For any z1, 29 > 0, | In(21)—In(22)| < |21—22|/(21A22). Moreover, (Y14 1)(z)A
oY sou—1) > d. and the mean value theorem implies that there exists a con-
stant v > 0 such that

v|”

+ Plod

sup [In g# ¥ (£ (¥i0-2)(2), Y2) = g? O (Y ). Vo)
S

<AV + D) (@) e+ D (@) (d YR )
j=t—1

Thus,

sup |In a? O (fO(Yi4-1)(2),Yy) — Ing? O (f)(Y_ci-1), V)
€

S ’Y(Myﬁyt 4 1) ((a*)t—lx + i(a*)t—l—ké(d* —I—b*MZﬁ%)) IP—_a.g. 0’
{=0

as t goes to infinity. This shows (A 3)-(ii). The proof of (A3)-(iii) is along the
same lines. Theorem 3.1 then applies and proves the consistency of the estima-
tors {04 }-

Example 2.2 (Continued). Assume, as before, that the observations {Y;, t €
Z} is a strict-sense stationary and ergodic process such that E[ln" Yy] < oo.
Consider fitting a duration model of the form (2.3) to the observations where
the error sequence follows the exponential distribution with mean one, vis.

g(z) =exp(—z), 2z>0.

Other positive distributions for the sequence {e;, t € Z} can be employed; for
example the Gamma density suitably normalized to have mean one. However,
we discuss the simple case of the exponential distribution for illustrating the
verification of the required assumptions. As before, let 6 = (d,a,b) € © which is
assumed to be a compact subset of

{(d,a,b) : d>0, a>0, b>0, a+b<1}.

Following Remark 3.1, we can also note that with these constraints, there exists
a strictly stationary and ergodic process {Yy, t € Z} in this parametric family
and under some additional assumptions, we can obtain moments of any order
for the stationary process (see [31] for more details).

By letting X¢ = ¢, (2.3) defines an observation-driven model with

¢* (2, ;) = qlz,y) = (1/z)g(y' /z)



QMLE for observation-driven models 2721

o s@) =fl(x)=d+ax+by .

Since g(+) is equal to the exponential density, the conditional log-likelihood may
be expressed as

n
ano Yln = 12( hlwt—l_ 'l)/jji1>’

where Py are computed recursively using (2.3) given Yy and g. As before, a
typical choice of the initialisation is the stationary mean of the process

d
l—a-10b’
but in what follows, we consider that the initialization is fized to an arbitrary
value Yo = x. Working as before and with the same notation, we obtain that

Yo =

Sup [ 7Y mio) (2) — (Y- sci0)| < ()" 1o + Z Id b yy) o,
6cO P

as m — oo, showing therefore (A8)-(i). Similarly, we obtain that

I g? @ (f*(Yiu-1)(2), Yo) = ng? @ (F)(Yocou1), V1)
< |1nf9<Y1:t—1>(fC) Yy) = In fY_sou_1), Y1)

1 1
fOY1-1)(2) f0< Cooit—1) |

As in the previous example, we can show that (A3)-(ii) holds true. The proof of

(A8)-(iii) s along the same lines and therefore Theorem 3.1 shows that {én@}
are consistent.

+Y:

We note that Examples 2.3 and 2.4 can be analyzed in a similar way and
therefore we omit details.

We now turn to Example 2.5. As previously noted, (2.8) can be put in the
framework of observation-driven time series model using (3.1). Hence the as-
sumptions of Theorem 3.1 can be easily checked. Nevertheless, we next focus on
the general formulation (2.9) which has been studied by [32] and see how their
results are interpreted in our context.

Example 2.5 (Continued). Consider now (2.9) and suppose again that
the observations are realizations of a strict-sense stationary and ergodic process
{Y;, t € Z}. However, we fit an observation driven model using a Gaussian
assumption for the error term {n; , t € Z}. Suppose that 0 € © which is assumed
to be compact. Given initial values Yy and of, we obtain the Gaussian quasi-

loglikelihood

n

1 1
0 2 2
Ln,gg (Yin) = Z(*i Inoy_; — W(yt —m(yp—1,)) ) .

t=1 t-1
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Under some additional assumptions, see C1-C3 in [32, Proposition 1], we obtain
that

sup | £ (Y- o) () = f* (Voo =0,

0cO
as m — oo. Assuming further that o? is bounded away from 0, we obtain the
consistency of the estimators {6, .}

4. Quasi-maximum likelihood estimation

When a model has been correctly specified, that is when there exists a parameter
0* € © such that the data are generated according to this specific process,
Theorem 3.1 implies consistency of the MLE to 6* provided that the set O, is
reduced to the singleton {6*}.

An important subclass of misspecified models corresponds to the case where
the observation process is assumed to follow the following recursions

PIYi € 4| Fit] = Q (Xt Vi) = [ ¢ (X Yioaighu()
Xe=fl | (Xe1), t€Z, (4.1)
for any A € ), where 6* is supposed to be in ©°, the interior of ©, but
¢ ¢{a"” 00}

Since ¢* # ¢#? for any 6, this special case of data generating process falls
within the misspecified models framework. Equivalently, we assume that there
exists a true parameter 6* such that the second equation of the above display
has been correctly specified but the corresponding chosen density ¢* is not equal
to the true density associated to the data generating process. This is a stan-
dard assumption and has been widely used in practice; for instance parametric
inference for GARCH models is most often based on Gaussian log-likelihood.

For this misspecification case, the MLE {énz} defined by (3.4) are called
QMLE. Note that 6* is not anymore the true value of the parameter in the sense
that the distribution of the observation process is not characterized only by 6*.
Nevertheless, and perhaps surprisingly, it can be shown that, under additional
assumptions, the QMLE {énr} are consistent and asymptotically normal with
respect to the parameter 6*. From now on, we assume for simplicity that X C R
and we initially study the consistency property of the QMLE.

4.1. Consistency of the QMLE

Recall that the parameter 6* which appears in the recursion (4.1) satisfies the
following assumption:

(A4) The parameter 8 is assumed to be in ©°, the interior of ©.
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The main assumption which links the densities ¢* and ¢? is the following:

(A5) For all (z*,y) € X x Y, the function ¢« ,, defined on the set & x X by

ey (62) = / Q (", g dy) In g (e i) | (4.2)

has a unique maximum (¢, z) = ((6*), z*).
The previous assumption corresponds to an identification condition and is

quite analogous to the assumption A3(b) made by [45]. The following theorem
shows the consistency of QMLE {6,, , }; its proof is given in the Appendix.

Theorem 4.1. Assume that assumptions (A1), (A2), (A3), (A4) and (A5)

*

hold true. Moreover, assume that fO(Y_o.0) = f% (Y_wo:0), P-a.s. implies that
0 = 0*. Then, for all x € X,

lim §,, =0", P-as.
n—oo

We now illustrate this result by considering several standard examples of time
series models. We first consider the class of simplified Observation-Driven models
as described in Definition 2.1. This special class of models is characterized by the
fact that ¢®(x,y;y’) does not depend on y nor on ¢ and that fy‘gyy, () does not
depend on y. Equivalently and with a slight abuse of notation, we assume that

¢’ (@,y9) = alz,y) ,
o (@) = fo(x). (4.3)
If (4.3) holds then (4.2) reduces to

ey (6,7) = o () = / Q*(a*,dy') ng(z,y) ,

and assumption (A5) is then replaced by the following condition:
(A6) For all z* € X,

argmaxxex/Q*(x*,dy) Ing(z,y) = {«*}.

It is worth noting that in the particular case where Q¢(®) = @ does not de-
pend on 6 and is equal to Q*, we deal with a well-specified model. Since the
Kullback-Leibler divergence is nonnegative, we obtain

/ Q*(a*,dy) Ing*(z,y) < / Q*(a*,dy) lng* (", y)

and, provided that  — Q(z,-) is a one-to-one mapping, the equality holds if
and only if x = z*. Thus, in well-specified models, (A6) is most often satisfied.
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Example 2.1 (Continued). Assume as before that the observations {Y;, t €
Z} is a strict-sense stationary ergodic process associated to

PY; e A| Fio1] =Q* (07 1, A), forany A€, (4.4)

o} =fy,(07), te€L,

where o? is bounded from below. The last display generalizes (2.1) by allowing
the volatility process to be a non-linear function of its past values and past values
of Y;. To obtain strict stationarity and ergodicity for model (4.4) it suffices to
assume conditions like those reported by [2], for instance. We now assume that
(4.4) corresponds to the true data generating process. However, we fit to the
observations the following observation-driven model with normal innovations,

Yi =016, 01t2 = f}o/t (UtQ—l) ) (t70) eENxO ’ (45)

where {e; , t € N}) is an #id sequence of standard normal random variables. This
s a misspecified model; in fact, this approach amounts to using the Gaussian
log-likelihood as a quasi log-likelihood function to estimate the parameter 6. By
setting Xy = o2, we observe that (4.5) corresponds to the case of a simplified
observation-driven model given by (4.3) where q(x, ) is the density of a centered
normal distribution of variance x. We examine under which conditions assump-
tion (A6) holds true so that a consistent QMLE énm for 6 can be obtained.

For example, when f{ (0} |) = d + aof_| + bY}?, for d,b > 0, this model
corresponds to the GARCH(1,1) model with normal innovations discussed in
Ezample 2.1. However, we do not assume any specific expression of f% in what
follows. Now, consider the function

oo [@E ey = [@ @ (-1 - o)

_ (_fQ*(z—;’dW _ %1n(27m)) .

By straightforward algebra, we note that this function is maximized at the point
[ Q*(z*,dy)y?. We conclude that assumption (A6) is satisfied provided that the
condition

[@ @ apy =

holds true. Plugging this equality into (4.4), we obtain that the observations
{Yy, t € Z} is a strict-sense stationary ergodic process associated to

Yi|Fio1 ~ o1€6f
of = fr (o), teL,
where {e;, t € Z} is an i.i.d. sequence of random variables with potentially

any unknown distribution, provided that E[(ef)?] = 1. This is a standard iden-
tifiability assumption for GARCH models which implies that Var[Y; | You—1] =
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(1 — E%[ef])o?. In particular, we note that E[e}] = 0 is not required for proving
consistency.

For another example within the GARCH models framework, consider again
that the true data generating process is given by (4.4), but we fit model (4.5)
with errors {e;, t € N*} following the Laplace distribution with density

1
g1(z) = 5exp(—|z\) , z€eR.

Then, working along the previous lines, we derive E[|ef|] = 1 as the necessary
condition for obtaining consistency of the QMLE. More generally, considering
that the error term follows the GED (3.7), we obtain that E[|ef|¥] = 1 is the
necessary condition for proving consistency of the QMLE; see also [21, Sec. 9.2].

Example 4.1. This example generalizes Examples 2.2 and 2.4 to the general
framework of exponential family models for time series. Let us assume that the
observations {Y;, t € Z} is a strict-sense stationary ergodic process associated to

PIY€A| Fia] =@ (X A) = [ ¢ (X y)uldy) . forany A€ Y.
A
X, = fl (Xi1), t€Z.
We fit to the observations the following observation-driven model

PY; € A| Fo1] =Q(Xi—1,A), forany A€,
Xy =l (X,1), (t,0)€ZxO,

where Q(x,-) is assumed to belong to the natural exponential family distribu-
tions. To be specific, we assume that for all (z,y) € X x Y,

q(z,y) = exp(yz — a(z))h(y),

for some twice differentiable function « : X — R (which is the cumulant of Q)
and some measurable function h : Y — RY. We investigate conditions under
which assumption (A6) holds true. By noting that

/Q 821naq(2x ,Y) <o,
it can be readily checked that o” > 0 so that a is convex. Therefore, the function
oo [Qat gy = [ @@y (o - a(@) + k()
= I/Q*(x*,dy)y*a(rr)
+ [@Eaynn.
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s concave. The point at which this function achieves its mazimum is reduced
to a singleton {Z}, which can be obtained by cancellation of the derivatives with
respect to x. We obtain that [ Q*(x*,dy)y—a/(Z) = 0. Finally, (A6) is satisfied
provided that the condition

/ Q*(z*,dy)y = o/ (z*) (4.6)

holds. Because, for the natural exponential family, the function «(-) corresponds
to the cumulant generating function, its first derivative is equal to the mean of
Y; given the past Fy_1. Therefore, the above condition states that the mean func-
tion has to be correctly specified regardless of the true data genmerating process.
This fact has been noticed by several authors in the context of longitudinal data
analysis (see [47], for example) and in time series modeling; see [48]. However,
we show that the right mean specification is a necessary condition for obtaining
a consistent QMLE.

An immediate application of the above fact yields consistency results for du-
ration and count time series models. For instance, recall models (2.5) and (2.6).
Then we obtain

q(z,y) = exp(yx — exp())/y!,

so that a(x) = exp(x) which is the mean of Q(x,-) under this parametrization.
Thus, (4.6) yields [ Q*(x*,dy)y = exp(x*) which implies the following. Suppose
that {Y;, t € Z} is any count time series with mean A¢ (respectively exp(vt)).
Then, the QMLE will be consistent for 0*, provided that the second equations of
(2.5) ( respectively (2.6)) has been correctly specified. In particular, recall (2.7)
for the mized Poisson count time series models. Then, to obtain a consistent
QMLE for 6*, it suffices to assume that E[Z;] =1 and the second equation has
been correctly specified. Related work on QMLE for count time series models
has been recently reported by [1]. These authors established strong consistency
of QMLE for count time series models using conditions that imply (A1)—(AS)
and (A 6) provided that the mean process A\ > d. The last condition is trivially
satisfied for the case of linear model (2.5). For the case of log-linear model (2.6),
this condition can be verified using the results of [19] and [11]. Furthermore [1]
establishes asymptotic normality of the QMLE by imposing reqularity conditions
on the score function and information matriz. Those conditions imply Assump-
tion (A8) which points to the conclusions of Theorems 4.2 and 4.3.

In addition, we mention that similar findings are discovered for the simple du-
ration model (2.3). In this case, a consistent QMLE for 0* is obtained assuming
that Ele,] = 1.

Example 2.5 (Continued). Recall the autoregressive model with GARCH
noise; for properties of the QMLE for general ARMA-GARCH(p,q) models, see
the work by [20] and for the more general model (2.9) see [32]. For ease of
presentation, we focus on (2.8).

Assume that the observations {Y;, t € Z} is a strict-sense stationary ergodic
process associated to

YVipn=a'Yi+er, e =X, Xi=d" +a"X, 1 +b"(ef )%
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where {ny, t € N} is a sequence of i.i.d. random wvariables with unknown
distribution satisfying

Elnf]=0, E[{n}*]=1.

Therefore, E Y41 | Fi] = «*Y; and Var(Yii1|Fe) = X¢. We fit to the data the
following model

Yipr=aYi+er, e =Xy, Xi=d+aXe_1+be} |,

where b > 0 and {ny, t € N} is a sequence of i.i.d. standard normal random
variables. As noted in (3.1), this model falls into the class of general observation-
driven model because it can be rewritten as

Vi1 = aY; + /X ~ N(aYs, X;) = Q9D (X,, Y33 ),
Xep1 =d+aX; +b(Yipr — o¥y)? = f1, (X)),

where § = (o, d,a,b), (0) = a and |a| < 1. Then, the kernel Q® has a density

o 2 1
q*(z,y;y") = exp (—@27;1/) 3 ln(27rx)) .

Now, fix some y €Y and let 1, be the function

Yy (o, x) == JQ*(=*, y:dy') Ing® (z,y;9/)
_ JQ e ydy )y —ay)? L @ra).
2x 2

First note that for all x € X,

g,y a) = { [ @@ [ =10y = oo

which does not depend on x € X. Then, replacing o by o* and mazximizing with
respect to x, we obtain

argmax, ety (o, ) {/Q* Ly dy) (Y - aty)? }— {z"}.

Because the global maximum of ¥(a,x) is attained at only one point, namely
(p(6%),2*), assumption (A5) is satisfied.

4.2. Asymptotic normality of the QMLE for simplified
observation-driven models

In this section, we present the asymptotic normality of the QMLE énx for sim-
plified observation-driven models. We choose to start with this class of models,
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as defined by (4.3), in order to avoid technicalities and burdensome notation.
However, in the next section we develop rigourously all the steps for proving
asymptotic normality of the QMLE for general observation-driven models.

We assume that the parameter set © is a subset of R™®. Suppose that for all
y €Y, the function = — ¢(x, y) is twice differentiable. For all twice differentiable
functions f: ©® — R and all y € Y, define the following quantities:

) = Vos 022 (1(0).) (@)

Jdlng 0%Ingq

These functions appear naturally when differentiating the log-likelihood function
0 — lng(f(9),y) with respect to 6. By straightforward algebra we obtain the
score function and the Hessian matrix, respectively, as

Veolng(f(9),y) =x(f.y),
Vilng(f(0),y) = &°(f.y) .

To prove asymptotic normality, we need the following additional assumptions
which are quite standard for maximum likelihood type asymptotics in the frame-
work of time series. More precisely, it is assumed that the score function and
the information matrix of the data can be approximated by the infinite past
of the process. In addition, all of these quantities are assumed to exist and in
particular the Fisher information matrix is not singular. In what follows, the
notation f*(Y1.;—1)(z) stands for the function

[ Y—1)(z) 10— f9<Y1:t71>($) .
Similarly, f*(Y_s.t—1) stands for the function f*(Y_oc.t—1): 0+ fOY_ 1) .

(A7) For all y € Y, the function = — ¢(z,y) is twice continuously differentiable.
Moreover, there exist p > 0 and a family of P-a.s. finite random variables

{fOY o) (0,t) €© x L}

such that f% (Y_...o) is in the interior of X, the function 8§ — f7(Y_..0)
is, P-a.s., twice continuously differentiable on some ball B(6*, p) and for all

T € X,
(i) P-as.,
Jim [ (5 (Vi) (@), Y0) = X (F* (Vooerem1), Vi) = 0
where || - || is any norm on R"e,
(ii) P-as.

thm sup ||H0(f.<5/1:t—1>(x)7}/t) - K‘e(f.<Y—oo:t—1>a }/t)H = 0 9
0 9eB(0*,p)

where by abuse of notation, we use again || - || to denote any norm on
the set of ng X ne-matrices with real entries,
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(iii)
E I (* (Vooo0), Y)I| < o0,

E[ sup [[6”(f*(Yooco), Y1)[] < 0.
0eB(6*,p)

Moreover, the matrix 7 (6*) defined by

0%Ingq
Ox?

J<0*>:E[(vefe*<Y_oo:o>><vef"*<y_wo>>' <f9*<Y_m:o>,Y1>]

(4.9)
is nonsingular.

Theorem 4.2. Assume (A1), (A4), (A5) and (A7) and suppose that 0, , BN
0*. Then,

Vin(fn.c = 07) =2 N(0,7(0%) 7 (017 (0%)71)
where J(0%) is defined in (4.9) and Z(6*) is defined by

Olng
ox

I(6%) = E (Vefe*<Y-oo:o>)(Vef9*<Y-oo:o>)’( (Vof9*<Y—oo:o>,Y1)>] |

The proof of Theorem 4.2 follows directly from Theorem 4.3 stated in the
next section. We now turn to the case of the asymptotic normality for the
QMLE in general observation-driven models.

4.8. Asymptotic normality of the QMLE for general
observation-driven models

Obtaining the asymptotic normality of the QMLE for the general observation-
driven model proceeds along the previous steps. We will state the main result
in this section. For simplicity, assume that & C R and therefore, the function
0 — () takes values on R. If for all y,y’ € Y, (x,¢) — ¢®(x,y;7y') is twice
continuously differentiable, we can define x and x similarly to (4.7) and (4.8).
To be specific, for all twice continuously differentiable functions f,p : © — R
and all (y,y’) € Y2, define

O g?® (f(0),y;9) olng?® (f(6),y;9)

0 AN
X (fayay ) i Vef(é)) O + VQQD(H) ad) ’
(4.10)
(0) o ) oy,
I{?(f,y,y’) = ng(g)alnqw f (f(9),y;9') 4 vg@w)alnqw o (f(0),y;9") .
or 8(/)
(4.11)

,02In g (£(0),y;9/)
Ox2

KS(f,y,y') = Vo f(O)Vof(0)
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2 n »(8) et
+ (Vo (0)Ve(8) + Vop(0)Vof(0)) T4 D(f(0),y;9)

0p0x
+VW@Wﬂwymwg$@WWf (4.12)
Moreover, we set
K (Fyny') = Ry y) + Ra(foysy)) - (4.13)

As before, these functions correspond to the derivatives of the log-likelihood
function

0 — Ing” " (£(0),5;9/) ,
where the function 6 — (¢(6), f(0)) is twice continuously differentiable. It can
be readily checked that
Volng? @ (£(0),y;9') = X" (f,4.9) ,
Volng? O (£(0),y:9) = 6°(f,y.9) = K1(F0.0) + 65(F, 0,9 -
For studying the asymptotic normality of the QMLE, assumption (A7) is
replaced by the following:

(A8) For all y,y' €Y, the functions (z,¢) + ¢®(z,v;y’) and 6 — ¢(6) are twice
continuously differentiable and ¢(6*) is in the interior of ®. Moreover, there
exist p > 0 and a family of P-a.s. finite random variables

{2V o) 1 (0,1) €O x 7}

such that f¢" (Y_oo:0) is in the interior of X, the function 6 — f(Y_ . .0)
is, P-a.s., twice continuously differentiable on some ball B(6*, p), and for all

T € X,

(i) P-as.,
tli>rgo er* (f.<}/1:t—1>(x)71/t—17}/t) - Xe* (f.<Y—oo:t—1>7}/t—17 }/t)H = 07
where || - || is any norm on R"e,

(ii) P-a.s.,

sup ||/€0(f. <Y1:t71>(x)a Y;Efla Y;ﬁ) - Ke(f. <ono:t71>a Yiflv §/t)||7
0€B(60* ,p)

tends to 0, as ¢ — oo, where we use again || - || to denote any norm on

the set of ng X ne-matrices with real entries,
(iii)

E HXG*(f.<Y70010>7Y07Y1)”2 <00,
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E [ sup H/‘Qg(f.<y—oo:0>7Y07Y1)”

< 0.
0€B(0*,p)
Moreover, the matrix 7 (6*) defined by
,_7(0*) =K |:/<:Jg* (f. <ono:0>7 YO7 Yl)i| (414)

is nonsingular.

Theorem 4.3. Assume (A1), (A4), (A5) and (A8) and suppose that 0, , N
0*. Then,

VB —6%) = N(0.7(67) 7' 2677 (0) 7).
where J(0%) is defined in (4.14) and Z(0*) is defined by

T(07) =B X (f* (V- ei0), Yo YOX! (S (Vo) Yo V1) - (415)

The proof is postponed to the Appendix C.

5. Application
We verify empirically the asymptotic normality of the QMLE. Consider a count

time series {Y;} whose true distribution conditional on the past is the geometric
distribution with mean process A;; in other words set

PlY; =y | Fi1] =

1(>\t

Y
— —0.1.2...
N+ 1 )\t+1)’ y="5mHo

Recall the notation of Equation 2.4 and suppose that the mean process {\;} is
defined either by a linear model of the form (2.5) or by a log-linear model of the
form (2.6). In this case, the true log—likelihood function is given by

n

U fon) =+ 3 (w1 A (8) — (3 + 1)1+ A (6)) ).

t=1

However, in practice the true distribution is generally unknown and therefore
we choose to use the Poisson distribution as the response distribution. It is easy
to check in this case that the “working” likelihood takes on the form

n

Lo len) = = S (e (8) — 2(9)).

t=1

Therefore, the score equations for model (2.5) (equivalently model (2.6)) are
given by

L~/ w (0
K(fy) = n;(xty(e)l) ae(')
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= 1Ny — (o)) 229
= 2 —explon(0) 5

where the vector of derivatives 9A:(0)/00 and 9O\ (0)/00 can be calculated by
recursion.

Table 5 summarizes results of a limited simulation study, where data are gen-
erated according to the geometric distribution with linear or log-linear model
specification, but with the Poisson distribution is being fitted instead. All results
are based on 1000 simulations. Consider the upper panel of the table which cor-
responds to results obtained after fitting the linear model. In fact, the Table re-
ports the estimates of the parameters obtained by averaging out the results from
all simulations. The first two rows correspond to the mean and standard error
of the simulated QMLE. In all cases, we see that these estimators approach the
true values quite satisfactory. The next three rows show some summary statis-
tics of the sampling distribution of the standardized MLE. In particular, the
row p-values, correspond to the p-values obtained from a Kolmogorov-Smirnov
test statistic (for testing normality) for the standardized MLE obtained by the
simulation. In all cases, we note that the asserted asymptotic normality is quite
adequate. The second panel of Table 5 reports results for the log-linear model.
We note again that we have quite satisfactory approximation to the true value
of the parameter and the normality of the estimators is achieved.

Linear Model

d =0.50, a = 0.20, b = 0.40 d=0.20, a = 0.20, b = 0.50
Estimator | 0.5140 0.1966 0.4907 | 0.2051  0.1949 0.4883
SE 0.0790  0.0660 0.0559 | 0.0321  0.0667 0.0601
Skewness | 0.3625 -0.0409  0.2545 | 0.3327  0.2004 0.0955
Kurtosis | 3.3638  3.0360 3.3467 | 3.4318 2.9884 3.4862
p-value 0.1262  0.9900 0.8785 | 0.3862  0.2985 0.1802

Loglinear Model

d=0.50, a =0.20, b=0.40 | d =0.10, a = —0.20, b = 0.40
Estimator | 0.5196  0.1852 0.3972 | 0.1011 -0.2121 0.3991
SE 0.1149  0.1007 0.0467 | 0.0818  0.1660 0.0645
Skewness | 0.2909 -0.0345  0.0705 | 0.1634  0.3704 0.0047
Kurtosis | 3.1565  2.9257 2.9621 | 29676  3.5348 3.1178
p-value 0.3684  0.3359 0.9451 | 0.8016 0.5215 0.8512

TABLE 1

Results of 1000 simulations obtained after fitting a linear (2.5) and log-linear model
(2.6) to a count time series of 1000 observations. Data are generated according to the
geometric distribution with mean A\ but with the Poisson model being fitted instead.

6. Outlook

We have studied a rich class of time series models that have been found quite
useful in diverse applications. As the list of references shows, several studies
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addressed the problem of estimation and inference for observation-driven models
by QMLE methodology. This work unifies the existing literature in a coherent
and simple way. Furthermore, the methodology can be extended to the case of
multivariate data. For instance, consider the so-called vector GARCH model
[21, Sec. 11.2.2] which is given by

Y: = Etlizlet . vech(%;) = d + Avech(X;_1) + Bvech(Y;_1Y,_,),

where ¢; is an i.i.d. sequence of m-dimensional standard normal random vari-
ables, ¥, is a m x m positive definite matrix and the notation vech denotes the
half-vectorization of an m x m square matrix C; in other words if C' = (¢;;),
then vech(C) = (Cll,CQl,...,CnLl,CQQ,...’CmQ,...7Cmm)/. Additionally, the vec-
tor d is m(m + 1)/2-dimensional and the matrices A and B are of dimension
m(";"l) X m("2L+1) . Comparing the last display with (2.1) we note that the hidden
process X; is equal to ¥; and the conditional density of Y; given X;_1 = x is
given by y — q(z,y) = (2m)~"/?|x|~1/? exp(f%yl:cfly). Similar models can be
developed for other classes of processes. The proposed framework advances the
theoretical background for both univariate and multivariate observation-driven
models and lists easily verifiable conditions for studying the QMLE.

Appendix A: Consistency of max-estimators using stationary
approximations

Let X be a Polish space equipped with its Borel sigma-field X'. Assume that
(X%, B,P,S) is a measure-preserving ergodic dynamical system, where S : X? —
XZ denotes the shift operator defined by: for all z = (z¢)iez, S(z) = y where
y = (yt)tez and y; = x111. Denote by E the expectation operator associated to
P.

Let (¢7, 0 € ©) be a family of measurable functions ¢ : X* — R, indexed by
6 € © where (0,d) is a compact metric space and denote LY := n~! ZZ;& 0o
S*. Moreover, consider (L%, n € N*, § € ©) a family of upper-semicontinuous
functions LY : X? — R indexed by n € N* and # € ©. Consider the following
assumptions:

(C1) E (supgee £9.) < oo,
(C2) P-a.s., the function 6 — Y is upper-semicontinuous,

(C3) lim,, oo SUpyep L2 — LY =0, P-as.

Let {én : nEN*} C © and {én n EN*} C O such that for all n > 1,

0, € argmaxge o [79“ én € argmaxgcg sz .

Assumptions (C1-2) are quite standard and can be adapted directly from [37]
(which treated the case of independent sequence {X,,, n € N}). The statement
of the following theorem and the associated proof can be found in [11, Theorem
33].
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Theorem A.1. Assume (C1-2).

(i) Then, lim, oo d(0,, ©,) = 0, P-a.s., where O, := argmaxycoE(£?).
(i) Assume in addition that (C3) holds. Then, lim,_,. d(6,,0,) =0, P-a.s.
Moreover,

lim Lf;"' =supE(#’), P-as.

n—oo 0cO

forall@ €©, lim LY =E(’), P-as.

n—oo
Appendix B: Proof of Theorem 4.1
According to Theorem 3.1, we only need to prove that ©, is reduced to the
singleton {6*}. By definition of £%(Y_...1) given in (3.6), we have under (A5)
that for all 6 € ©,

E[Z0<onozl>]
=E[E [Ing"O £V ) Yo V1) | ¥s, 5 <0

=E / Q* (% (Y_wo0), Yo dy) lnq@<9><f9<ywo>,yo;y>]

<E / Q" (S (Yooxi0), Yoi dy) lnq*"@*)(f"*<Y_oo:o>,Yo;y>}
=E[(” (Y_oo)] - (B-1)
Moreover, (4.2) also implies that if the equality holds in (B-1), then f%(Y_...o) =

FO(Y_sei0), P-a.s. which in turn implies that § = 6*. Thus, ©, = {#*} and the
proof follows.

Appendix C: Proof of Theorem 4.3

For proving Theorem 4.3 we will use the following technical lemmas which es-
tablish the asymptotic behavior of the score function and the Hessian matrix.

Lemma C.1. Assume (A1), (A4), (A5) and (AS8). Then,

02N Ve g? O (fOY 1), Yeor; Vi) =2 N(0,Z(6%))
t=1

where Z(6%) is defined in (4.15).
Proof. Let F be the filtration F = (F},)neny where F, = o(Y;, s <n) and let

Mn = Z Vg In qtp(e*) (fe* <Y—oo:t—l>7 }/t—l; Yrt)
t=1
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= er* (f.<Y—oo:t—1>7)/t_1, }/t) .
t=1

Note that according to (A8)-(iii), E(||M,]|?) < co. Moreover, note that under
(A5), the function ¢y« , defined in (4.2) attains its maximum on (p(6%),z*)
and thus, for all (z*,y) € X XY,

81/11*,’[;
99

(p(0%),2) = 0 = 222 (7). 0

This implies
E” [Volng? ") (f7 (Voorr), Vit Vi) | Fia
= Vo /" (Vocoit1)
[ @G i) Vi
+ Vop(07)

/ Q (" (Vooo1), Yi1: dy)

Oln qW(G*) (fe* <Y—oo:t—1>7 Yi_1; y)
ox

J0ln q¢(0*) (fe* <Y—oo:t—1>7 Yi_1; y)
¢

:O,

where the last equality follows from (4.2). Finally, {M;,t > 1} is an ergodic
(see (A1)) and square integrable F-martingale with stationary increments. The
proof follows by applying the results of [5]. |
Lemma C.2. Assume (A4), (A5) and (AS8). Let {0,,, n € N} be a sequence
of random vectors such that 0, L o~ Then, for alli,j € {1,...,d},

- 2": % Ing?On) (fOn(Y_ o4 1), Yi1;Y3)
2 96,00

P 82 In q“’(e*)(fe* <ono:0>7Y0;Y1)
—E [ 06;00, '

Moreover,

?Ing? ") (£ (Y_0), Yo: Y1)
76" :(E[ 0), Y03 ]) (1
(0%) 00,00, 1<ij<d ( )

Proof. Denote

_ 82 11'1 qtp(e)(fe <Y—oo:t—1>; }/t)
B 00,00, '
By the Birkhoff ergodic theorem we have that

A(9)

n! iAt(é)*) L E[A41(0Y)]

t=1
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Hence, we only need to show that

nE ST A(07) — A(0,)] = 0. (C-2)
t=1
Let € > 0 and choose 0 < 7 < p such that
E ( sup |A(0%) — A1(9)|> <E€. (C-3)
0€B(6*,n)

The existence of such n follows from the P-a.s. continuity of § — A;(#) under
(A8) and by the Lebesgue convergence theorem under (A8)-(iii). We then have

lim sup P (n_l Z |[AL(6%) — Ae(0,)] > €, O, € B(@*m))
t=1

n— oo
<limsupP | n~! Z sup |A:(6%) — A(0)| >€e| =0,
n—>00 1—1 0€B(0*.m)

where the last equality follows from (C-3) and the Birkhoff ergodic theorem.
Moreover, since 0, LN 0%, lim,, oo P(6,, & B(6*,7n)) = 0 so that finally,

lim P <n_1 i |At(9*) - At(Gn)\ 2 E) =0.

n—oo

Thus, equation (C-2) holds and the proof follows. It remains to show (C-1).
Since under (A5),

E [ (£*(Y-oc0). Yo, Y1)|
d1n ¢#?")
Olna””)
9ln ¢#®")
9

=E |:v3f‘9* <Y—oo:0> (VGfe* <Y—Oo:0>7Yb;Y1):|

+E | V30(67) (Vo (V- Yo )|
=0,
we have, using (4.13),
J(0") =E [me* (f'(Y,OO:O>,Y0,1q)}

B [E <82 lnqsaw*)(f@*(Y_oo;o%Yo;Yl)ﬂ 0
96,00, \<ij<d

Proof of Theorem 4.3. A Taylor expansion of the score function at 8 = 6* with
an integral form of the remainder yields

23 Vol g0 (£ (Vi) (2), Yio5 Vi) = 0

t=1
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n
S Ty g O (1 (Vi) @), Vi V)
t=1

n 1
iy < | v lnq*@("nvf)(f“’"fs<m_1><z),n_1;n)ds) il — 6,
t=1 /0
(C-4)

where 0, s = s0,.. + (1 — 5)0*, for s € (0,1). The proof of Theorem 4.2 then
follows from (C-4) and the Slutsky Lemma, provided that for all 6, N 0*,

n71/2 Z v@ In q@(e*)(fe* <Y1:t—1>(x)a }/t—l; )/t) :D> N(O?I(G*)) ’
t=1

O g? ) (fO (Yi41)(2),Yi—1;Y2) B
_1 ) ) *
Z 06,00, — I

However this follows from Lemma C.1 and Lemma C.2. The proof is completed.
|
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