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Abstract

We establish the strong consistency and asymptotic normality of the maximum likeli-
hood estimator for time-varying parameter models driven by the score of the predictive
likelihood function. We formulate primitive conditions for global identification, invert-
ibility, strong consistency, and asymptotic normality under both correct specification
and mis-specification of the model. A detailed illustration is provided for a conditional
volatility model with disturbances from the Student’s t distribution.

Some key words: score-driven models, time-varying parameters, Markov processes,
stationarity, invertibility, consistency, asymptotic normality.

1 Introduction

The class of score-driven models encompasses many well-known time-varying parameter
models in the literature, such as the generalized autoregressive conditional heteroskedastic-
ity (GARCH) model of Engle (1982) and Bollerslev (1986), the autoregressive conditional
duration (ACD) model of Engle and Russell (1998), the multiplicative error model (MEM)
of Engle (2002), and many more. Furthermore, the score-driven models have given rise to
a new strand of empirical literature, which includes dynamic models for location and scale
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pants of the “Workshop on Dynamic Models driven by the Score of Predictive Likelihoods”, Amsterdam; the
“7th International Conference on Computational and Financial Econometrics”, London; the “Workshop on
Dynamic Models driven by the Score of Predictive Likelihoods”, Tenerife; the IJAAE London conference; and
seminar participants at Vrije Universiteit Amsterdam, University of Cologne, CREST Paris, and University
of Maastricht, for helpful comments and discussions. Blasques and Lucas thank the Dutch National Sci-
ence Foundation (NWO; grant VICI453-09-005) for financial support. Koopman acknowledges support from
CREATES, Aarhus University, Denmark, funded by the Danish National Research Foundation, (DNRF78).
An overview of contributions on score-driven models is provided at http://gasmodel. com.



of fat-tailed data (Harvey and Luati, 2014), models for mixed measurement dynamic fac-
tor structures (Creal et al., 2014), models for dynamic spatial processes (Blasques et al.,
2016; Catania and Billé, 2017), and models for dynamic copulas, both with short-memory
dynamics (Creal et al., 2011; Lucas et al., 2014, 2017), long-memory dynamics (Janus et al.,
2014), factor structures (Oh and Patton, 2017), and with realized measures as inputs (De
Lira Salvatierra and Patton, 2015; Opschoor et al., 2017). Despite the impressive wide range
of new models with score-driven dynamics, not many theoretical results are available for the
estimators of the parameters in such models. The main complication lies in the non-linearity
of the updating equation in score-driven models. In this paper, we attempt to fill this gap by
deriving new asymptotic results for the maximum likelihood estimator which are applicable
to a wide class of score-driven models.
In general, a score-driven model is specified by the equations

Y ~ Py(yel fri ),
fir1 =w+as + Bfi,
st =S(f: A) - V(fr,ys N),
V(fe.ysA) = alogpy(yt|ft; A)/Oft,

where y; denotes the observed data, f; is a time-varying parameter characterizing the condi-
tional density p, of y;, V, := V(fi, y:; A) denotes score of the predictive conditional density,
and s; denotes the scaled score for some choice of scaling function S(f;; A). The static para-
meters in the density p, are collected in a vector A while all static parameters, including the
updating coefficients w, «, and 3, are gathered in the parameter vector 8 = (w,a, 3, AT)T
with T denoting transposition.

A distinguishing feature of the model in (1.1) is the use of the scaled score s; in the
transition equation for f;. A popular example of a score-driven model is the Student’s ¢
conditional volatility model, given by

(1.1)

Yt = ft1/2 - U,
frn=w+a (wy — fi) + Bfi, (1.2)
we = (L+AT)/(L+ A g7/ fo),

where {u;}icz is a sequence of independent identically distributed random variables with
Student’s ¢ distribution and A degrees of freedom; see Creal et al. (2011, 2013) and Harvey
(2013). The time-varying parameter f; represents the conditional volatility of y,. We use
this model as our leading example throughout the paper.

The score model in (1.2) is markedly different from a GARCH model with Student’s
t innovations. In particular, next period’s volatility is not merely driven by the square
y? of past observations, but rather by the weighted squares using weights (1 + A71)/(1 +
A1y2/f;). These weights tend to zero for large values of y?. The score-driven dynamics
thus automatically correct for outliers if g, is allowed to be conditionally fat-tailed. This is
a desirable feature for many financial time series. In the limit as A — oo, the weight w;
collapses to unity, such that we recover the GARCH model. More details on our leading
example and other examples are presented in Section 2.1.

The score-driven model in equation (1.1) is observation-driven in the classification of Cox
(1981). Therefore, maximum likelihood estimation of the static parameter vector can easily
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be achieved via a prediction error decomposition. In particular, the likelihood function is
known in closed-form, which significantly reduces the computational burden. Blasques et al.
(2015) show that score-driven models have unique optimality properties in terms of approx-
imating the unknown sequence of conditional densities p,(y|fi; A), even when the model is
misspecified. Relatedly, using the model confidence set approach of Hansen et al. (2011),
Koopman et al. (2016) show that score-driven time-varying parameter models produce simi-
lar forecasting precision as parameter-driven state-space models, even if the latter constitute
the true data generating process.

We establish an asymptotic statistical theory for the maximum likelihood estimator of
the static parameters of score-driven models as specified in (1.1). Our results have a number
of distinctive features compared to earlier theoretical contributions on observation-driven
models and, more specifically, on score-driven models.

First, the asymptotic properties that we derive for the maximum likelihood estimator
(MLE) are global in nature. For example, we provide a global identification result for score-
driven models in terms of low-level conditions. In particular, we ensure that the likelihood
function has a unique global maximum over the entire parameter space. Our global result
differs from the existing literature that relies on high-level assumptions and only ensures
local identification by imposing invertibility conditions on the information matrix at the
true parameter value; see, for example, Straumann and Mikosch (2006) and Harvey (2013).
Second, our effort to obtain primitive low-level conditions that are formulated in terms of
the basic structure of the model extends well beyond the global identification conditions
mentioned above. For instance, we obtain the required moments of the likelihood function
directly from assumptions concerning the properties of the basic building blocks of equation
(1.1), such as the shape of the density function p,. The use of primitive conditions is typically
useful for empirical researchers who want to establish the asymptotic properties of the MLE
for their own score model. We are able to obtain low-level conditions by adapting Theorem
3.1 in Bougerol (1993). The adapted theorem not only delivers the strict stationarity and
ergodicity of stochastic sequences, but also produces bounded moments of any desired order
for the filter. Third, we follow Straumann and Mikosch (2006) in making use of Theorem 3.1
in Bougerol (1993) and the ergodic theorem in Rao (1962) for strictly stationary and ergodic
sequences on separable Banach spaces. These results allow us to establish the invertibility
of the score filter and obtain our asymptotic results under weaker differentiability conditions
than the existing literature on MLE for score-driven models. Finally, we explore consistency
and asymptotic normality results for both well-specified and mis-specified models. These
results extend the literature for score-driven models, which focus only on the correctly spec-
ified case. By allowing for model mis-specification, we ‘align’ the asymptotic estimation
theory for score-driven models with the existing information-theoretic optimality results of
Blasques et al. (2015).

The newly developed theory presented in this paper allows us to establish results for a
much wider range of score-driven models than the ones currently studied, which typically
focus on fat-tailed models with log likelihoods that have uniformly bounded third order
derivatives; see e.g. Harvey (2013), Harvey and Luati (2014), Caivano and Harvey (2014),
and Ryoko (2016). In particular, we emphasize that by establishing the invertibility of the
score-driven filter, our asymptotic results stand in sharp contrast to all the existing results
on score-driven models, which do not ensure invertibility; see also Andres and Harvey (2012)
and Harvey and Lange (2015a,b). The importance of filter invertibility for consistency of



the MLE has been underlined in Straumann and Mikosch (2006), Wintenberger (2013), and
Blasques et al. (2016), among others. Without invertibility, all the existing asymptotic
results on score-driven models must implicitly assume that the first value of the true time-
varying parameter, fi, is random and known exactly, while the remaining sequence { f; };>2
is unobserved. This seems unrealistic.

The lack of theoretical results for the class of score-driven models defined in (1.1) stands
in sharp contrast to the large number of results available for the MLE in GARCH models. We
do not attempt to review that literature here; for good overviews, see for instance Straumann
(2005) or Francq and Zakoian (2010). The main cause for the limited theoretical progress
for score-driven models lies in their typical complex nonlinear dynamic structure compared
to common GARCH models. This results in new theoretical challenges and puzzles. The
analysis of score-driven models also provides a different perspective from the standard litera-
ture: the characteristics of the likelihood function (based on the conditional density p,) in a
score-driven model hinge directly together with the dynamic properties of the time-varying
parameter (via the use of the score dlog p,/0f; in the transition equation (1.1) for f;). This
provides an intimate link between the two that departs from most of the literature, where
the properties of the likelihood function and the properties of the time-varying parameter
dynamics can be dealt with separately.

The remainder of this paper is organized as follows. Section 2 introduces the model.
In Section 3, we obtain stationarity, ergodicity, invertibility, and existence of moments of
filtered score-driven sequences using primitive conditions. Section 4 proves global identifi-
cation, consistency, and asympotic normality of the MLE. Section 5 concludes. The proofs
of the main theorems are gathered in the Appendix. More technical background material is
relegated to the online Technical Appendix (TA).

2 The Score-Driven Model

2.1 An Introduction

As an intuitive introductory example of score-driven models, we consider a score-driven
time-varying location model of the form

Y = fr + U, U ~ Py (ue; ), (2.1)

for = w +aV, + B, v, = alOgPu(ayt f; A)
Ji

where f; is the time-varying location parameter, log denotes the natural logarithm, and p,
is the error density that depends on an unknown, static parameter vector A. For simplicity,
we have set the scaling function from equation (1.1) in this example to S(f;; A) = 1. The
dynamics of fi;y1 can easily be extended by including higher order lags of f; and/or of
the score V; = 0logp,(y: — fi; \)/0f:, or by imposing structural time series dynamics or
including exogenous variables; see for further details Creal et al. (2013), Harvey and Luati
(2014), and Ord et al. (1997).

If p, in equation (2.1) is the normal distribution with mean zero and variance A, the
score in equation (2.2) becomes (y; — fi)/A,

fin =w+aX (g — fi) + 6 fi.

(2.2)
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The location f;1; then moves linearly up and down with the previous residual value y; —
fi in an intuitive way. In fact, model (2.1)—(2.2) can be re-written as a standard linear
autoregressive moving average (ARMA) model for y; of order (1,1) with autoregressive
coefficient § and moving average coefficient (o / \) — f.

The score-driven model becomes more interesting if we consider a non-normal distribu-
tion, such as a Student’s ¢ distribution; see Creal et al. (2013) and Harvey and Luati (2014).
In this case, the score-driven model gives rise to an outlier robust filtering approach. Con-
sider a Student’s ¢ distribution with mean zero, squared scale parameter \; and degrees of
freedom parameter \y. Equation (2.2) then reduces to

(yt - ft)
Mg + (Y — fi)

such that the location parameter f;,; now reacts nonlinearly to past values of f; for fixed
data y;. For example, whereas a large residual (y; — f;) pushes the next location parameter
fi+1 substantially up if the normal distribution is assumed (Ay — o0), under the Student’s
t assumption the impact of such a large residual is of order (y; — f;)~!. The impact on f;4
therefore becomes negligible as (y; — f;) diverges. The intuition is that such observations are
more likely due to the fat-tailedness property of the Student’s ¢ distribution while they are
not very informative about gradual shifts in the location parameter.

To elucidate on how the theory as developed in this paper may be applied to a realistic
case, we adopt the leading example of a score-driven time-varying volatility model of Creal
et al. (2011, 2013). By providing the details for this example, we keep the exposition focused.
The application of the theory is, however, not limited to this particular case. A substantial
range of additional illustrations of the theory can be provided, including robust time-varying
location models with skewed distributions; conditional volatility models for log volatility;
extensions of conditional duration (ACD) models of Engle and Russell (1998), Grammig and
Maurer (2000), Bauwens and Giot (2000), and Koopman et al. (2016) that allow for fat-tailed
densities; and time-varying location models with non-linear transformations of the location
parameter, thus extending examples studied by Harvey (2013) and Harvey and Luati (2014).

frm=w+a(l+1) > + B, (2.3)

Main example:. Consider the conditional Student’s t model with time varying volatility as
given by

o p1)2
Yt = Jr - Ut

frin=wta ([(A+XN/Q+X /)] vi — fi) + Bfe

where {u; ez 1S a sequence of independent identically distributed random variables from the
Student’s t distribution with \ degrees of freedom. We ensure positivity of the scale f; by
imposing B > a >0, w > 0, and f; > 0, where f, is the initial condition for f; at time t = 1.
The raw score is scaled by a factor proportional to the inverse conditional Fisher information
as suggested by Creal et al. (2013), to account for the local curvature of predictive density
at time t, i.e., S(fi;\) = 2f#. For the Gaussian case (A — 00) we recover a slightly
reparameterized version of the standard GARCH model, fi11 = w + ay? + (8 — a) f;.

(2.4)

Figure 1 provides a typical illustration of the difference between the GARCH dynamics
and the score-driven dynamics in (2.4). Large spikes in y2, particularly incidental ones such
as those at the end of 1987 and 1989, result in a spike in the GARCH volatility, followed
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Figure 1: Typical differences between GARCH and Student’s ¢ based score-driven volatility
dynamics

by a slow exponential decline. By contrast, the filtered volatility estimate obtained from
the Student’s t based score-driven dynamics recognizes that the large negative return in
1989 is incidental and is probably due to the fat-tailedness of the data. Similarly for the
turmoil at the end of 1987, both volatilities increase, but again the score-driven filtered
estimate is considerably more robust and does not exhibit the subsequent non-intuitive
strong exponential decline.

The intuition for the behavior of the score filter is simple. Consider a large observation y;,
relative to the current level of volatility f;. If we assume that tail observations are unlikely
because y; is conditionally Gaussian, a large value of y; must be attributed to a (steep)
volatility increase. If, however, we assume that data are conditionally fat-tailed, part of the
magnitude of y; can be attributed to the fat-tails. As a result, the volatility needs to be
increased much less dramatically. This is precisely what the score-driven approach attains in
this case. The GARCH dynamics do not account for this: whatever the degree of conditional
fat-tailedness, the next volatility level always responds quadratically to any observation ;.
The score-driven dynamics, by contrast, incorporates the trade-off by down-weighting the
impact of a large y? automatically; see Creal et al. (2011, 2013) for more discussions and
examples.

2.2 The General Setting

We next provide a more formal account of the score-driven model in order to derive our
asymptotic results. A score-driven model is characterized by three specific building blocks.



These include the distributional assumption, the choice of parameterization, and the type of
measurement, equation. We use the following general framework throughout the remainder
of this paper. Consider a d,-dimensional stochastic sequence {y;}ten given by

Y = g(ft(97 fl) ) Ut), U ~ pu(ut; )\), (2.5)

where g : F x U — ) is a link function that is strictly increasing in its second argument,
f:(8, f1) is the time-varying parameter function with outcomes in the convex set F, {u;}en
is an exogenous i.i.d. sequence of random variables for every parameter vector A € A C R%,
and p, is a density function. The time-varying parameter updating scheme is given by

fi1(0, f1) =w +O‘3(ft(07fl)ayt§ >\) + 5 f:(6, f1), (2.6)

for t > 1, and initialized at f,(0, fi) = fi for a nonrandom f; € F C R. The vector
0" = (w,a, B,AT) € © C R3" % is the static parameter vector, and s : F x Y x A — F is the
scaled score of the conditional density of 1, given f;. For ease of exposition, we assume that
A is a scalar, that is dy = 1. Whenever possible, we suppress the dependence of f,(0, f;) on
its arguments and write f; instead.

Main example (continued):. For the time-varying volatilty model of Section 2.1, the link
function g in (2.5) simplifies to g(fi,us) = ftl/z-ut, which is strictly increasing in u; if f; > 0.
For a location model, the link function is additive rather than multiplicative. Depending on
the application the link function may also be much more complex, such as for the Beta
distribution with time-varying parameters; see Creal et al. (2014).

We define p, (v:| fi; A) as the conditional density of y, given f;,

Py(yt ‘ fos )\) :pu<g(ft7yt> ) )\) '§/<ft7yt)7 (2.7)

where
G = g(fi, ) =g " (fr, ve),

is the inverse of g( f;, u;) with respect to its second argument, u;, and where g, := §'(f;, y¢) :=
9G(ft,v)/0y|y=y, is the Jacobian of the transformation.

Main example (continued):. For the volatility model from Section 2.1, we have g( fi, u;) =
t1/2 “uyg, and thus g, = 971(]%7 Yi) = yt/ft1/2 and g; = ft_l/Q-

The defining aspect of the score-driven model is its use of the scaled score function as
the driving mechanism in transition equation (2.6). The scaled score function is defined as
D\ — (s . \y_ |9, 0,
S(ftayt ; >\) =S(fi; N) - Vilf,yis A)  where  Vi(fr,y\) = |27 + =& ) (2.8)
or " o1l

with py := p(fi,ys; A) = log pu(g(fi, y¢); A) and where S : F x A — F is a positive scaling
function; see Creal et al. (2013).

Section 4 establishes the asymptotic properties of the maximum likelihood estimator
(MLE) for the static parameter vector 8. We define the MLE 0 (f;) for fixed initial condition

f1as

~ —

01(f1) € arg max (7(6, f1),
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with the average log-likelihood function ¢ given in closed form as

(2(0, 1) = %i (108pulgi V) + loggt) = = 3 (70 +10a37). (2.9)

The availability of a closed-form expression for the likelihood function is one of the com-
putational advantages of observation-driven time-varying parameter models. It has led to
the widespread application of GARCH models in applied empirical work. As is clear from
equation (2.9), score-driven models benefit from the same computational advantages.

Before the asymptotic properties of MLE can be properly developed, we need to establish
stationarity, ergodicity, invertibility and moment existence from primitive conditions which
we do in Section 3.

3 Stochastic Properties of Score-Driven Filters

The likelihood function (2.9) is formulated in terms of the data and in terms of the filtered
time-varying parameter f; as defined by the recursion (2.6). In order for the likelihood func-
tion to be well-behaved and for an appropriate law of large numbers (LLN) and central limit
theorem (CLT) to apply, the filtered sequence {f;} as well as the sequences of its first and
second order derivatives need to be sufficiently well-behaved for a given data sequence {y;}.
Naturally, the filtered {f;} sequence for given data {y,} needs to be carefully distinguished
from its model-implied counterpart, which takes the innovations {u;} rather than the data
{y:} as given. In this section we investigate the properties of both the filtered and model-
implied sequences. The results developed in this section are used in Section 4 to establish
the asymptotic properties of the MLE for 6.

We first introduce some additional notation. For a scalar random variable x, define
|||, := (E|z|?)Y/™ for n > 0. If the random variable (@) depends on a parameter 8 € O,
define ||z(-)||© := (Esupgee |2(0)|")/™. We say that the sequence ; converges exponentially
fast almost surely (e.a.s.) to the sequence 2} if ¢! ||z, — || “3 0 for some ¢ > 1; see Straumann
and Mikosch (2006) for more details. Finally, we use z; Lz to denote independence between
x; and .

Propositions 3.1 and 3.3 below are written specifically for the score-driven recursion (2.6).
The propositions can, however, be extended to more general forms which can be found in
Technical Appendix E. First, we consider the score-driven model defined in terms of the
error terms u; rather than in terms of the observations y;. This enables us to establish
explicit results for the score-driven model as a potential data generating process and to
derive properties for the MLE under the assumption of a correctly specified model. Define

Sulfi ug A) = s(f, g(f ue); A) and let {f}ien be generated by
[l =wtas,(fusA) + B f (3.1)

for t > 1 and initial condition f{* = f;, where we use f# as a shorthand for f* = f*(8, f1) if
no confusion is caused.

Main example (continued):. The recursion in (2.4) is defined in terms of y; and f;. If
we define the recursion in terms of u, and f{* instead as required by equation (3.1), we obtain

-1\,,2
fa=wt (pra (Gt -1)) o 3.2)
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such that s, (f* ug A) = (L+ X" Hu2/(1+ X" 2u?) — 1) f;. So whereas the recursion in (2.4)
is highly nonlinear in f; given y;, the recursion in (3.2) is linear in f* for given u.

We next formulate a result for the stationarity and existence of moments of f;* as given
by (3.1); compare the specific example in (3.2). We assume that the scaled score in wu;
satisfies s, € CHO0(F* x U x A) for some convex F C F* C R, i.e., s, is continuously
differentiable in f;* and continuous in u; and A. Define $,:(f*; ) 1= Osu(f, u; N)/Of | =g
and the supremum

pE(0) := sup B+ a (50| (3.3)
freF

We then have the following proposition.

Pr_'oposition 3.1. For every @ € © C R** et {us ez be an i.i.d. sequence and assume
df1 € F such that

(i) Elog" \su(fl,ul;)\)] < 00
(ii) Elog pi(0) < 0.

Then { (0, f1) }ien converges exponentially fast almost surely (e.a.s.) to the unique station-
ary and ergodic (SE) sequence {f{*(0)}icz for every @ € © ast — oc.
If furthermore for every @ € © 3 n} > 0 such that

(iii) || 5u(f1, u1; My < 007
(iv) Ep? () < 1;

(v) f(0,f) Lp (0) Y (t fi) € NxF;
then sup, E| (0, f1)|"7 < 0o and E[f(8)|™ < ooV 8 € © and n; € [0,n%).

Proposition 3.1 not only establishes stationarity and ergodicity (SE) of f, it also estab-
lishes existence of unconditional moments. Furthermore, conditions (i) and (%i) in Proposi-
tion 3.1 also provide an almost sure representation of (@) in terms of {u;}/=" . We refer
to the Technical Appendix for further details.

Remark 3.2. Independence of u, and f1*(8, f,) is sufficient to imply condition (v), i.e., if u, L
(0, fi) V (t,0, f1), then condition (v) in Proposition 3.1 holds. In addition, Proposition
3.1 also holds if the supremum in (3.3) is defined over a larger convex set F* O F. The same
holds for Proposition 3.3 later on. This can for instance be used if the original space F is
1NON-CONVeX.

Main example (continued):. In our main example, the recursion (3.1) is always linear
in f; see equation (3.2). Conditions (i) and (iii) are satisfied for 0 < A\ < oo because
(1 4+ AHu2/(1 + X 1u?) is uniformly bounded in u; by the constant A + 1 < co. We also

have that p?f(a) and f' are independent, as the former only depends on u; and the latter on
U1, Us—2,. ... Hence condition (v) is satisfied. Conditions (ii) and (iv) are satisfied if the
factor in front of (3.2) has a log-moment or an ny moment, respectively. For example, for
n; =1 condition (iv) collapses to 0 < 8 < 1.



Proposition 3.1 will prove convenient in case the model is correctly specified as it describes
the properties of the score-driven model as a data generating process as well as the properties
of the score filter at the true parameter 8, € ©.

Irrespective of whether we have correct or incorrect specification of the model, to derive
the MLE properties we must always analyze the stochastic behavior of the filtered time-
varying parameter over different 8 € ©. Proposition 3.3 stated below is key in establishing
the invertibility, moment bounds and e.a.s. convergence uniformly over the parameter space
© of the score-driven filtered sequence {f:(0, fi)}, formulated in terms of the data {y;}
rather than in terms of the innovations {u;} as in equation (3.1). To state our subsequent
proposition concisely, we define $,,(f*; X) := 9s(f, y1; \)/Of|s=p+ and the supremum

pr(0) = Jg}lel;lﬁ +as, (5" (3.4)

Proposition 3.3. Let © C R¥* be compact, s € CHOO(F x Y x A), and let {y; }rez be an
SE sequence. Assume 3 f1 € F such that

(i) Elog* SUPyep |3(f1,yt;)\)] < 00
(ii) Elogsupgee p1(0) < 0.

Then uniformly on © the sequence {f,(0, f1)}ien converges e.a.s. to a unique SE sequence

{f1(0) }iez, as t — .
If furthermore 3 n} > 0 such that

(iii) ||s(f1, ye; ')||Q; < 00y
(iv) Esupgee ﬁ?f(e) <1

(v) supgeo fi(0, f1) L supgee ﬁ?f(e) V(¢ f1);
then sup, Hft(',fl)H% < oo and || f,(-)|I5, < oo for ns € [0,n3).

The conditions of Proposition 3.3 are easily satisfied by many specific models. Let us
illustrate this point by turning to our main example.

Main example (continued):. Consider the volatility model in equation (2.4) with 0 < A <
A < A< oo. From the uniform boundedness of the score in y; for given fi, we obtain that
conditions (i) and (i1i) are trivially satisfied. Furthermore, since

(L+ A"y /(Af2)

‘éy,t(f*;/\) = (1 + A—lyf/f*)z

, (3.5)

we have that,!

AT
2
- (L+572/(0f)
IThe supremum over f* for fixed A\ and y; is reached at either f* — oo (yielding the value 3 — a) or

f* — 0 (yielding the value 3 + Aa). Note, however, that the latter is in general unattainable as f; >
min(f1,w/(1+a—74)) > 0.

<max (| —al, |3+ a)]) . (3.6)
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Hence, using Remark 3.2 and taking the upper bound of the supremum, we can set pF(0) =
max(f — «, B+ Aa)¥, given the parameter restriction 3 > «a > 0. As pF(0) is independent
of the data y;, condition (v) is trivially satisfied. Moreover, conditions (ii) and (iv) simplify
to
sup max (6 —a, B+ /\a) < 1. (3.7)
6co
In practice, it may be difficult to verify the contraction condition (iv) of Proposition 3.3
when p, (@) depends on the unknown measure of the data. Furthermore, in such cases, the
independence condition (v) is difficult to satisfy since the data sequence is not independent
over time. This independence however only needs to hold for some random variable that
bounds p,’(0) and satisfies the contraction condition. More generally, Remark 3.4 states
an alternative uniform condition that is typically available for fat tailed score-driven models
and renders both conditions (iv) and (v) redundant.

Remark 3.4. If the uniform bound sup ;. , gerxyxe |8 + @ 0s(f*,y; A)/0f| < 1 holds, as
in our main example, then we can drop conditions (iv) and (v) in Proposition 3.3.

Conditions (#1) and (iv) in Proposition 3.3 imply its conditions (i) and (i), respectively.
We emphasize that under conditions (i) and (i) our score filter is invertible since we are
able to write f;(0) as a measurable function of all past observations. Most importantly,
the invertibility property ensures that the effect of the initialization f; vanishes as t — oo,
and that the filter converges to a unique limit process independently of fi; see, for example,
Granger and Andersen (1978), Straumann and Mikosch (2006), Wintenberger (2013) and
Blasques et al. (2016). Establishing invertibility is usually one of the main challenges for
nonlinear time series models with time-varying parameters.

In Section 4 we show that the stochastic recurrence approach followed in Propositions
3.1 and 3.3 allows us to obtain consistency and asymptotic normality under weaker differ-
entiability conditions than those typically imposed; see also Section 2.3 of Straumann and
Mikosch (2006). In particular, instead of relying on the usual pointwise convergence plus
the stochastic equicontinuity of Andrews (1992) and Pé&tscher and Prucha (1994), we ob-
tain uniform convergence through the application of the ergodic theorem of Rao (1962) for
sequences in separable Banach spaces. This constitutes a crucial simplification as working
with the third order derivatives of the likelihood of a general score-driven model is typically
quite cumbersome.

In the remainder of this section we extend the results of Proposition 3.3 to the derivative
processes Of,(0, f1)/00 and 02 £,(0, f1)/0000". We use stationarity, ergodicity, invertibility
and bounded moments of the derivative processes for proving the asymptotic normality of the
MLE. To simplify notation, we let fi")(e, f?n) € F@ denote a vector containing all the ith
order derivatives of f; with respect to 8, where j_“(lm € F9) contains the fixed initial condition
for f, and its derivatives up to order i. Similarly, £"7(6, f1") € F©) = Fx...x F® denotes
a vector containing f; as well as its derivatives with respect to @ up to order . Furthermore,
in order to work with primitive conditions we use the notion of moment preserving maps,
which we define as follows.

Definition 3.1. (Moment Preserving Maps)
A function h : R? x © — R is said to be n/n-moment preserving, denoted as h(-;0) €
Me, 0, (1, 1), if and only if Esupgee, |7::(0)[" < 00 form = (ny,...,ng) andi=1,...,¢q
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implies Esupgee, |1(2:(0);0)|" < 0o. If ©1 or Oy consists of a singleton, we replace ©1 or
Oy in the notation by its single element, e.g., My, o, if ©1 = {601}.

Moment preservation is a natural requirement in the proofs of the asymptotic prop-
erties of the MLE because the likelihood and its derivatives are nonlinear functions of
the original data 1, the time varying parameter f,(6, f1), and derivatives of the score,
such as 9s(f;,y; \)/OX and 92s(fy,y; A)/Df:0\. For instance, each polynomial function
h(z;0) = Z}]:o O;z7 V (2,0) € X x O, 8 = (p,...,0;) € © C R’ trivially satisfies
h € Mgg(n,m) with m = n/J V 6 € ©. If © is compact, then also h € Mg o(n,m)
with m = n/J. Similarly, every k-times continuously differentiable function h(-;0) € C*(X)
V 0 € ©, with bounded k-th derivative sup,c | (z;0)| < hi(0) < 0o ¥V O € O, satisfies
h € Myg(n,m) with m = n/kV 6 € ©. If furthermore supg.g hx(0) < h < oo, then
h € Mg o(n,m) with m = n/k. The Technical Appendix provides further details and exam-
ples of moment preserving maps. We note that Mg/ o/(n,n) C Mg g(n,n*) for all n* < n,
and all © C ©'.

Using this notation, we let s € Mg g(n, ns) where n = (ns, n,), and hence n, denotes the
number of bounded moments of the scaled score supgcg s(ft,y; A), when f; and v have ny
and n, moments, respectively, uniformly in 6. Furthermore, as a convention, we let n} and
nf* denote the number of bounded moments for the partial derivatives ds(f;, y; \)/O\ and
%s(fi,y; \) /O f:O\, respectively, when its arguments have n; and n, moments. For the mo-
ments of all functions, the argument f; is always understood to be the stationarity limit filter
which has ny > 0 moments under appropriate conditions stated in Proposition 3.3. We shall
make extensive use of analogous definitions for other functions and their partial derivatives.
Finally, we use n to denote moments of functions after the taking supremum over f;. For ex-
ample, nJ* denotes the number of moments of the random variable sup / 102s(f,y; ) JOfON|,
uniformly in 8 € ©, or in moment preserving notation

s(f,y;°) —fA
|5 55| € Moo(n. ),

with n = (ny, n,). We apply the same notational principle to other functions and derivatives.

Proposition 3.5. Let the conditions of Proposition 3.3 hold with some n} > ny > 0 and
suppose that s € C202(F x Y x A). Let 5 € C®Y2(F x Y x A) denote the scaled score

evaluated at fi, i.e., s(fi,ys N).
Let min{n,, n},nf,nM 7’} > 0. Then {fgl)(O, f?zl)}teN converges e.a.s. to a unique SE
sequence {fg”(@)}tez, uniformly in ©, and furthermore, we have sup, || £ (-, f1') % < 00
2]

and ||f§1)(-)||7?f6 < oo for any ny, € [0,n%,), where

n}, = min {nf , Mg, n?}

If additionally min{n* a2 aMT nllIY >0, then it follows that the second derivative
process {f§2)(0, f(l):z)}teN converges e.a.s. to a unique SE sequence {f?)(@)}tez, uniformly in
0. Furthermore, sup, | £7(, F12)|2, < o0 and | £ (S, < o0 for any ng,, € [0.13,,),

where

A
n* = min {nf ™\ ngnfe ngfnfe n£ " fe }
* ) Y ) Y
Joo T Tl gng, T 20 4ng, T it oy,
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The expressions for n}, and n}, may appear complex at first sight. However, they arise
naturally from expressions for the derivative of f,(0, f,) with respect to . Let us turn to our
main example and analyze the moment conditions of Proposition 3.5 in a practical setting.

Main example (continued):. From Proposition 3.3, the limit filtered process fy(0) is guar-
anteed to have ny moments, uniformly in 0, as long as the contraction condition is satisfied.
Since ny < n}, where n} is determined via condition (i1i) of Proposition 3.3, we can set
ny arbitrarily high and hence, since s; is uniformly bounded in y, for fized fi, we can set
ng > 0. The remaining derwatives are straightforward to check and can be found in the
Technical Appendiz. From these expressions, we obtain ng,n) < ng, and nd, nM aff — oo,
such that min{ng, n},nf, 0} alf} > 0 and ng, < ny, = ny. We also obtain n}* < ny
and nd,ndf nfr N M a5 0o, such that min{n)*, i AN nfifY >0 and ny,, <
ni,, = min{ng,,nsg,ng/2} = ng/2. Since ny can be set arbitrarily high, we can establish
moments up to a large order for both derivative processes of the score-driven volatility model.

We emphasize that the moment conditions stated in Proposition 3.5 are primitive in
the sense that they relate directly to the basic building blocks of the score filter: the score
function and its derivatives. For the practitioner who wishes to verify moment conditions
for any given score model, Technical Appendix F provides a detailed compendium of the
moment preserving properties of different classes of functions. With this compendium, the
verification of primitive moment conditions in Proposition 3.5 is considerably simplified for
many relevant settings of practical interest.

4 Global Identification, Consistency, and A. Normality

We now formulate the conditions under which the MLE is strongly consistent and asymptot-
ically normal. The low-level conditions that we formulate relate directly to the propositions
from Section 3. We obtain asymptotic results for the MLE that hold for possibly mis-
specified models. These results take the properties of observed data as given. In addition,
we also obtain asymptotic properties for the MLE that hold for correctly specified models.
The latter results require additional conditions designed to ensure that the score model also
behaves well as a data generating process. For correctly specified models, we are also able
to prove a new global identification result building on low-level conditions rather than on
typical high-level assumptions.
We start with two rather standard assumptions.

Assumption 4.1. (0,B(0)) is a measurable space and © is compact.

Assumption 4.2. § € CA)(F x V), g € CCNF x V), p € CI(U x A), and S €
CZ2(F x A), where U := g(Y, F).

The conditions in Assumption 4.2 are sufficient for the scaled score to be twice continu-
ously differentiable, i.e., s € CZ%2)(F x ) x A). Let = be the event space of the underlying
complete probability space. The next theorem establishes the existence of the MLE.

Theorem 4.3. (Existence) Let Assumptions 4.1 and 4.2 hold.  Then there exists a.s. a

measurable map éT(fl) 2 — O satisfying Or(f1) € argmaxgee £7(0, f1), for all T € N and
every initialization f; € F.
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Using our notation for moment-preserving maps, let log g’ € Mg o(n, niogy) and p €
Me o(n,n;) as defined below (2.7) and (2.8), respectively, where n := (ns,n,). Simi-
larly, we have denoted V; as the unscaled score dlog py(y:|fi; A)/0f: and we let sup, |V,| €
Mg e(n, fiy) where ny denotes the moments of sup; [V|.

To establish consistency, we use the following two assumptions.

Assumption 4.4. 3 ©* CR3*N n, >0 and § > 0 such that, for every fieF,
(i) (o 5 )€ 45 < 005
B+ads(f*y;N)/of] < 1.

Assumption 4.5. ny, = min{nizgz,n5} > 1 and ny > 0.

(i) SUDP (= y.0)eFxYxO*

Assumption 4.4 ensures the convergence of the sequence { f;(8, f)} to an SE limit {f;(9)}
with ny moments. Alternative primitive conditions leading to the same result can be found in
Proposition 3.3 and the subsequent remarks. Assumption 4.5 ensures one bounded moment
for the log-likelihood function and a uniform logarithmic moment for its derivative with
respect to f. Both assumptions are stated in terms of the core structure of the score-driven
model: the density of the innovations p, the link function log ¢’, the unscaled score V;, and
the scaled score s;. The number of bounded moments of p, log g, V; and s; can be easily
determined as we have set out in Technical Appendix F. We illustrate the verification of
these assumptions using our main example.

Main example (continued):. From the derivations around equation (3.7), we have learned
that the conditions of Assumption 4.4 can be easily satisfied for an appropriate compact
parameter space ©*. For Assumption 4.5, we notice that §'(fi,y;) = 0.5f; ", and hence
Niogg — 00 given that f; > w > 0 under the parameter constraint 8 > o > 0 and the
initialization f > w. Using the expression

2
pr =log ——2-—=—1(A+1)log <1+y—t),

it follows immediately that ns can be set arbitrarily large as long as n, > 0. The condition
ng > 1 in Assumption 4.5 thus only requires the existence of some arbitrarily small moment
ny > 0 of the data y;. Finally, since the unscaled score is given by
A+ xhy? 1

2ff(A+y2 /(M) 2f

it is uniformly bounded in both f; > w and y; € R, and hence, ny > 0 is trivially satisfied.

V(ftyyﬁ )\)

Theorem 4.6 establishes the strong consistency of the MLE éT( fi).

Theorem 4.6. (Consistency under possible model mis-specification) Let {y;}ez be an SE
sequence. Furthermore, let E|y|" < oo for some n, > 0 for which also Assumptions 4.1,
4.2, 4.4, and 4.5 hold. Finally, let @y € © be the unique maximizer of the limit log-likelihood
loo(+) on the parameter space © C O with ©* as introduced in Assumption 4.4. Then the
MLE satisfies O7(f1) %3 6y as T — oo for every fi € F.
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We emphasize that the proofs and results of Theorem 4.6 establish global rather than
local consistency. In particular, the assumptions ensure the appropriate limiting behavior
of the average log-likelihood over the entire parameter space ©, rather than in a (possibly
arbitrarily small) parameter space around the true parameter value only. This stands in
sharp contrast with most of the existing literature on score models, which only delivers local
asymptotic results in a neighborhood of 6.

Theorem 4.6 also differs from results in the existing score literature in that it establishes
the strong consistency of the MLE in a possibly mis-specified model setting. In particular,
consistency of the MLE is obtained with respect to a pseudo-true parameter 8, € © that
is assumed to be the unique maximizer of the limit log-likelihood ¢ (@). This pseudo-true
parameter minimizes the Kullback-Leibler divergence between the probability measure of
{y: }tez and the measure implied by the model. The result naturally requires regularity
conditions on the observed data {y;}, C {y:}tez that is generated by an unknown data
generating process. Such conditions in this general setting can only be imposed by means
of direct assumption. However, under an axiom of correct specification, we can restrict
the parameter space in such a way that we can show that the desired assumptions hold.
More specifically, we can show that y, is stationary and has n, moments, and 6 is the
unique maximizer of the limit log-likelihood function. In this case, the properties of the
observed data {y;}_, no longer have to be assumed. Instead, they can be derived from
the properties of the score-driven model under appropriate restrictions on the parameter
space. By establishing ‘global identification’ we ensure that the limit likelihood has a unique
maximum over the entire parameter space rather than only in a small neighborhood of the
true parameter. The latter is typically used in most of the existing literature and achieved
by studying the local properties of the information matrix at the true parameter.

To formulate our global identification result, we introduce a slightly more precise notation
concerning the domains and images of the key mappings defining the score-driven model.
Define the set YV, C R as the image of F, and U under g, ie., YV, := {g(f,u), (f,u) €
Fy x U}, where F, denotes the domain (for f;) of g. Let U denote the common support
of pu(-;A) V A € A, and let F; and )s denote subsets of R over which the map s is
defined. Below, A, denotes the orthogonal projection of a set ©, C R3* onto the subspace
R holding the static parameters in A\. Furthermore, statements for almost every (f.a.e.)
element in a set hold with respect to Lebesgue measure. Finally, we let ¢ € Mg ¢(n2, 1)
with n = (ns,n,), so that n, denotes the number of bounded moments of g(f;,u;) when
u; has n,, moments and f; has ny bounded moments. In practice, the resulting n, bounded
moments can be derived from the moment preservation properties laid out in the Technical
Appendix.

The following two assumptions allow us to derive the appropriate properties for {y;}iez
and to ensure global identification of the true parameter.

Assumption 4.7. 3 0, C R**» and n, > 0 such that
(i) U contains an open set for every X\ € A,;
(11) supyep, Elu|™ < 0o and ng > n, > 0;

(iii) g(f,-) € CHU) is invertible and g(f,-) = g *(f,-) € C1(Y,) a.e. f € Fy;
(i) Py(ylf: \) = py(9|f'; X) holds fae.y €D, iff f = [ and A = X.
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Conditions (i) and (7i) of Assumption 4.7 ensure that the innovations u; have non-
degenerate support and g(f, -) is continuously differentiable and invertible with continuously
differentiable derivative. Hence the conditional distribution p, of y; given f; is non-degenerate
and uniquely defined by the distribution of u;. Bounded moments for y,(68y) up to order n,
follow from moments of u;, and f; via condition (ii); see the main example below for an
illustration of how to operate this condition. Finally, condition (iv) states that the static
model defined by the observation equation y; = ¢(f, u;) and the density p,(-; A) is identified.
It requires the conditional density of y, given f; = f to be unique for every pair (f, A). This
requirement is very intuitive: one would not extend a static model to a dynamic one if the
former is not already identified.

Main example (continued):. For the Student’s t volatility model, the domain of u; is
always R, which satisfies part (i) of Assumption 4.7. As g(f,u) = fY?u, we can use a
standard Hélder inequality to obtain ng, = ny - n,/(2n, + ny), such that parts (ii), (iii), and
(iv) are satisfied for ny >0, 0 < n, < infa, A, andw >0, f; >0, and B > o > 0. Note that
ny follows from Proposition 3.1, part (i), and can be set arbitrarily high.

Assumption 4.8. 3 0, CR3*N n, >0 and § > 0, such that for every @ € O, and every
.fl € Fs

(i) ||SU<f17U1§A)||nf+6 < 00;
(ii) Bp}" ™ (8) < 1;
Furthermore, o £ 0 Y @ € ©. Finally, for every (f,0) € Fs x O,

Os(f,y, )9y #0, (4.1)

for almost every y € Y,.

Conditions (i) and (4i) in Assumption 4.8 ensure that the true sequence {f;(6y)} is SE
and has ny moments by the application of Proposition 3.1 and Remark 3.2. Together with
condition (i) in Assumption 4.7 we then obtain that the data {y:(0y)}icz itself is SE and
has n, moments. The inequality stated in (4.1) in Assumption 4.8 and the assumption that
a # 0 together ensure that the data {y;(6y)} entering the update equation (2.6) render the
filtered sequence {f;} stochastic and non-degenerate.

Next we show that our leading example satisfies the conditions for our global identification
result.

Main example (continued):. The score s, is the product of f; and a term that is uniformly
bounded in u;. Hence, (i) in Assumption 4.8 is satisfied for arbitrary ng. Furthermore, by
the linearity of s, in f;, condition (ii) of Assumption 4.8 collapses to

(1+ A2 |

< 1.
14 uZ/A

E |f—a+a«

In particular, for ny = 1, we obtain the requirement |B| < 1, which together with the para-
meter restrictions to ensure positivity of f; result in 1 > 8 > « > 0. Larger regions can be
obtained for smaller values of ny.
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Theorem 4.9 (Global Identification for correctly specified models). Let Assumptions 4.1,
4.2, 4.4, 4.5, 4.7, and 4.8 hold and let the observed data be a subset of the realized path
of a stochastic process {y;(0o) }tez generated by a score-driven model under 6y € ©. Then

Qoo(00) = Eg, 01 (00) > Eg,l1(0) = Quo(0) VO € © : 0 # 0.

The axiom of correct specification thus leads to the global identification result in Theorem
4.9. We can use this to establish consistency of the MLE to the true (rather than pseudo-
true) parameter value if the model is correctly specified. This is summarized in the following
corollary.

Corollary 4.10. (Consistency for correctly specified models) Let Assumptions 4.1, 4.2, 4.4,
4.5, 4.7, and 4.8 hold and {y; }1ez = {y1(00) }1ez with 8y € ©, where © C ©*NO, with O and
O, defined in Assumptions 4.4, 4.7 and 4.8. Then the MLE éT(fl) satisfies éT(fl) 20, as
T — oo for every f; € F.

The consistency region ©* N O, under correct specification is a subset of the consistency
region ©* for the mis-specified setting. This simply reflects the fact that the axiom of correct
specification alone (without parameter space restrictions) is not enough to obtain the desired
moment bounds. The parameter space also has to be (further) restricted to ensure that the
score-driven data generating process is identified and generates SE data with the appropriate
number of moments.

To establish asymptotic normality of the MLE, we impose an assumption that delivers
2 4+ 6 moments for the first derivative of the log-likelihood function, and 1 moment for the
second derivative. We make use once again of our notation for moment preserving maps.
In particular, we let quantities like ng and n;],—c’\ denote the number of bounded moments
of the derivative of p with respect to A and the cross derivative with respect to f and A,
respectively. We also let ny, and ny,, be defined as in Proposition 3.5. Finally, for notational
simplicity we define the following quantities,

n* = min{ny, 7L, iy, A, A, AP}, (4.2)
nvn
ng = min ng , S L (4.3)
ny + nfe
. A\ NN fee n%nfe nénfe
ne: = minqng" ;= , 7 ) (4.4)
ny + Njgq NG + Ng, 2nv +ng,

Assumption 4.11. 3 07 C R** such that n* > 0, ng» > 1 and ng > 2+ 6 for some § > 0.

Similar to the moment conditions in Proposition 3.3, the moment conditions in Assump-
tion 4.11 relate directly to low-level (primitive) elements of the model. The expressions in
(4.2), (4.3) and (4.5) follow directly from the formulas for the derivatives of the log-likelihood
with respect to 8. Having ny, > 2+ ¢ facilitates the application of a central limit theorem to
the score. Similarly, ny» > 1 allows us to use a uniform law of large numbers for the Hessian.
Finally, the condition n* > 0 is designed to ensure that the e.a.s. convergence of the filter
f:(8, f1) to its stationary limit is appropriately reflected in the convergence of both the score
and the Hessian.
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In any case, if one favors simplicity at the cost of some generality, then the expressions
for ngy and nyr can be easily simplified to a single moment condition as stated in the following
remark.

Remark 4.12. Let n denote the lowest of the primitive derivative moment numbers n}’}, ny,
etc. Then n > 4 + ¢ implies ny > 2+ 0 and ny > 1, for some positive ¢ and 0.

It is often just as easy, however, to check the moment conditions formulated in Assump-
tion 4.11 directly rather than the simplified conditions in Remark 4.12. We illustrate this
using our main example.

Main example (continued):. For the Student’s t volatility model, an number of derivative
functions need to be computed. These can be found in the Technical Appendix. Many of these
are uniformly bounded functions. In particular, we have n}i}k, ny, ﬁé, N, iy, ﬁgf, ﬁfvf — 00.
Furthermore, n;} < ny/d0 for some (small) 6 > 0. Therefore, if some finite moment of y,
exists, we can set ng‘ arbitrarily large. As a result, n* > 0, ny < min{n, /0, ns,} for arbitary
&' >0, and ngr < min{ny,,,ny,, snys,}+. We have derived earlier that ng,, < ny,/2, such that
neg > 240 and ngr > 1 both imply ny, > 2+ 0. If the contraction condition is met over the
entire parameter space, then as also shown earlier we can set ny, arbitrarily high and thus

statisfy Assumption 4.11.

In well-specified models, the asymptotic normality of the MLE is obtained by applying a
central limit theorem (CLT) for SE martingale difference sequences to the ML score, that is
the derivative of the log-likelihood function ¢7(8, f,) with respect to 8 and evaluated at the
MLE. As noted in White (1994), in the presence of dynamic mis-specification, the ML score
generally fails to be a martingale difference sequence even at the pseudo-true parameter. As
a result, stricter conditions are required to obtain a central limit theorem that allows for
some temporal dependence in the ML score.

Below we use the property of near epoch dependence (NED) to obtain a CLT for the
ML score. In particular, we use the uniform filter contraction in Assumption 4.4 to ensure
that the filter is NED whenever the data is NED. Furthermore, in Assumption 4.13 below,
we impose sufficient conditions for the ML score to be Lipschitz continuous on the data
as well as on the filter and its derivative. This assumption is designed to guarantee that
the ML score inherits the NED property from the data and the filter. The conditions of
Assumption 4.13 can be weakened in many ways; see, for example, Davidson (1994) and
Potscher and Prucha (1997) for a discussion of alternative conditions. Here the Lipschitz
continuity condition allows us to keep the asymptotic normality results clear and simple.

Assumption 4.13. 9p;/0f and 0logg,/0f are uniformly bounded random variables and
Op/ON is a.s. Lipschitz continuous in (yi, fi)-

Main example (continued):. Using the Student’s t volatility model, we have already seen
that f, > w > 0 for all t. The relevant derivative of p; equals f;' times a uniformly
bounded function of y?/f;, which obviously results in a uniformly bounded function. Also
dlogg./0f = 0.5f7 " is trivially uniformly bounded. Furthermore, p, is clearly Lipschitz
continuous in (y;, f;). Hence Assumption 4.13 holds for the leading example and asymptotic
normality applies.

The following theorem states the main result for asymptotic normality of the MLE under
mis-specification, with int(©) denoting the interior of ©.
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Theorem 4.14. (Asymptotic normality under possible model mis-specification) Let {y; }iez
be SE and NED of size —1 on a strongly mizing process of size —6/(1 — §) for some § > 2.
Furthermore, let E|y,|™ < oo for some n, > 0 for which also Assumptions 4.1, 4.2, 4.4, 4.5,
4.11 and 4.13 are satisfied. Finally, let Oy € int(O) be the unique mazimizer of ((6) on
O, where © C ©* N OF with ©* and O as defined in Assumptions 4.4 and 4.11. Then, for
every f € F, the MLE 07 (f,) satisfies

VT(0r(f1) — 00) 2 N(0,Z71(00)T(60)T " (80)) as T — oo,

where I(0y) := —E"(8y) is the Fisher information matriz, (,(8y) denotes the log-likelihood
contribution of the t-th observation evaluated at 6y, and

J(60) := lim TlE(itZ(eo)) (i /1(60)" ).

When the model is correctly specified, the ML score can be shown to be a martingale
difference sequence at the true parameter value. Hence we no longer need the assumption
that the data is NED. Similarly, we can also drop Assumption 4.13, which was used to
ensure that the ML score was NED. Finally, we no longer need to restrict ourselves to the
uniform contraction condition in Assumption 4.4 which guaranteed the NED property for
the score filter. In general we are presented with a trade-off between the assumption of
correct specification combined with weaker additional assumptions, versus the stricter NED
conditions without the assumption of correct specification. Apart from this trade-off, the
proof of asymptotic normality is the same in both cases. The following theorem states the
asymptotic normality result for the MLE in the context of a correctly specified model.

Theorem 4.15. (Asymptotic normality under correct specification) Let Assumptions 4.1,
4.2, 4.4, 4.5, 4.7, 4.8, and 4.11 hold and assume {y;(0¢) }1cz is a random sequence generated
by a score-driven model under some 0y € int(©) where © C ©* N O, N OF with ©F, O, and
O defined in Assumptions 4.4, 4.7, 4.8, and 4.11. Then, for every f; € F, the MLE @T(fl)
satisfies

VT (0r(f1) — 60) 2 N(0,Z7'(60)) as T — oo,

where Z(0y) is the Fisher information matriz as defined in Theorem 4.1/.

Theorem 4.15 does not have a separate n,-moment condition like Theorems 4.6 and 4.14.
This stems from the fact that under correct specification the moment conditions for y; are
implied by the moment conditions on the data generating process, such as the moment
conditions on u; and g(f;, y;) in Assumptions 4.7 and 4.8.

Main example (continued):. To verify the conditions of Theorem 4.15 for the main ex-
ample, we have already shown that 4.11 requires ny > 2 4 0. Using the derivations below
Proposition 3.3, we subsequently showed that this condition is met if the contraction condi-
tion (3.7) is satisfied, and if some arbitrarily small moment n, > 0 of y, exists. Given the
specification g( fi,us) = ft1/2ut, the latter is ensured if infA A = A > 0 such that an arbitrarily
small moment exists for u;, and (using Proposition 3.1) if

(1 4+ X"Hu2|™

<1 4.5
g | <t (45)

supE | —a+ «
®
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for some small ng, where u; has a Student’s t distribution with \ degrees of freedom. The
condition can easily be checked numerically and ensures that a small moment ny exists for
fi(60), for any Oy in the compact parameter space ©. Together, this ensures n, > 0 un-
der correct specification via a standard Holder inequality. The moment conditions for the
innovations u; are thus considerably weaker than in the GARCH case. In particular, the
mnovations u; can even have no integer moments, while the asymptotic normality of 6 for
the score-driven volatility model still applies.

The theorems and corollaries derived in this section establish the existence, strong con-
sistency, global identification, and asymptotic normality of the MLE for a general class of
score-driven models under correct and incorrect model specification. The scope of the the-
ory developed above can be appreciated even better by considering an additional range of
empirically relevant examples that include conditional location models with fat tails, condi-
tional location models with skewness, conditional log-volatility models, conditional duration
models with fat-tailed densities, and models for non-linear transformations of location. In
all these cases, the current theory can be readily applied.

5 Conclusions

We have developed an asymptotic distribution theory for the class of score-driven time-
varying parameter models. Despite a wide range of newly developed models using the score-
driven approach, a theoretical basis has been missing. We have aimed in this study to make a
substantial step forward. In particular, we have developed a global asymptotic theory for the
maximum likelihood estimator for score-driven models as introduced by Creal et al. (2011,
2013) and Harvey (2013). Our theorems are global in nature and are based on primitive,
low-level conditions stated in terms of functions that make up the core of the score-driven
model. We also state conditions under which the score-driven model is invertible. In contrast
to the existing literature on score-driven models, we do not need to rely on the empirically
untenable assumption that the starting value f; is both random and observed. For the case
of correctly specified models, we have been able to establish a global identification result
that holds under weak conditions. We believe that the presented results establish a proper
foundation for the use of the score function in observation-driven models and for maximum
likelihood estimation and hypothesis testing.
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A Proofs of Main Results

Proof of Proposition 3.1. This is a special case of Proposition TA.5 in Appendix E. To see
this, set

O(24(6,2),v1,0) = w + sy (fi(6, f1), u; A) + B [0, fr),
v, = uy, and ,(0,%) = f,(0, f1). Note that s, is assumed to be s, € CHO90(F x U x A) for
convex F, such that ¢ € CHO9 (X x V x ©) with a convex X. Conditions (i) and (%) (v)
in Proposition TA.5 in Appendix E now directly follow from conditions (i) and (ii)-(v) in
Proposition 3.1. Condition (7i) in Proposition TA.5 directly follows from condition (i) in
Proposition 3.1 by observing that from the mean value theorem we have

|¢(9§" Ut 0) B ¢($/7 Ut, 0)|k

E sup P <
(z,2")EX X X :x#a! |$—I|
06(z* . v,.0) |+ D5 (. v, 0) |k
E sup M) =F sup ﬁ+a+M Vk>1.
T*EX Ox freF 6f

Proof of Proposition 3.3. The results for the sequence {f;} are obtained by application of
Proposition TA.8 in Appendix E with v, = 3, and 2,(0,%) = f,(0, f1) and ¢(zy, vy, 0) =
w+as(fe, v A) + Bfr

Step 1, SE for f,: Condition (i) of Proposition TA.8 holds, because

Elog™ sup |¢(Z, v, 0) — | = Elog™ sup |w + as(f1, v A) + Bf — fi
0co 0co
< Elog®sup ||| +la] - s(fi, )| + 18— 11 7]
S
< log" sup |w| + log™ sup | + Elog™ sup|s(f1, y:; A)|
weN acA A€A
+suplog® |(8 — 1) +log" | f1] <
BeB
with log™ sup,cq | < 00, log™ sup,c 4 || < 0o and supyeilog® |(5—1)| < oo by compactness
of ©, and log® |f1] < oo for any f; € F C R, and Elog" sup,., [s(f1,y;\)|] < oo by

condition (i) in Proposition 3.3.
Condition (7)) in Proposition TA.8 holds, because

Elogsupr;(0) =
6co
E log sup sup |w_w+a(3(f7yt;)\)—s(J/”,yt;)\))+5(f_f>’
0€0 (f,f)EFXF:f£f If =7
< Elogsup sup ‘O‘(S(fayﬁ)\)—S(f,yti)\))+ﬁ(f_f>’
0€O (f.fEFXF:f#] lf = f']
: *. _ o
— Elog sup sup lasy  (f*5 M) (f f/)+ﬁ(f il
0€O (f,f)EFXF:f#] lf =/

= Elogsup sup |as,(f*;\) + 8| = Elogsup p1(6) < 0,
0co freF 0c6
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where the last inequality follows directly from condition (i) in Proposition 3.3.

Step 2, moment bounds for f;: By a similar argument as in Step 1, we can show that
condition (4v.a) in Proposition TA.8 follows from condition (iv) in Proposition 3.3. Condition
(i71.b) in Proposition TA.8 for n = n} follows since by the C,-inequality in (Loeve, 1977,
p.157), there exists a 0 < ¢ < 0o such that

16(Z, vr, )| §: = Esup lw + as(f,y A) + BF|"
f 0co

< c-sup\w+5f|”7’ +c- \a\”}Esup\s(f,yt;)\)W < 00,
6cO 6cO

where the last inequality follows from condition (7i) in Proposition 3.3, and where ¢ < 1 for
0 < n} < 1. Finally, condition (v.b) in Proposition TA.8 directly follows from condition (v)
in Proposition 3.3. u

For the proof of Remark 3.4, see Technical Appendix B.

Proof of Proposition 3.5. Step 1, SE for derivatives of f;: The desired result follows by
noting that the vector derivative processes { fgi)(e,f?”)}teN for ¢+ = 1,2 and initialized
at ftlm satisfy the conditions of Theorem 2.10 in Straumann and Mikosch (2006) for per-
turbed stochastic recurrence equations. In particular, they consider a recurrence of the from
Zi41 = ¢y(x;) where {¢;} converges to an SE sequence {¢,} that satisfies the conditions of
Bougerol’s theorem Elog* |¢(0)| < oo, Elogsup, |¢,(z)| < co. In particular, one must have
a logarithmic moment Elog™ |7| for the solution {Z;} of the unperturbed SE system, and
the perturbed recurrence must satisfy?

10:(Z) — ¢¢(Z)] “5" 0, for someZ € R and  sup|¢)(z) — @(z)] “B" 0 as t — oo.

In the present context, the perturbed sequence { fl(f) (6, f?zi)}teN depends on the non-stationary

sequence { fEOZi_l)(O, f(l):i_l)}teN, which is only stationary in the limit. The unperturbed
recurrence is equal in all respects, except that it instead depends on the limit SE filter
(£ 0 ez

In Appendix D.2 we show that the dynamic equations generating each element of the
partial derivative processes take the form

Do, 1 = ALO, f) + B0, f) £12,0, 1), (A.1)

with By(0, f1) = B+ ads(f:(0, f1),y:; \)/Of not depending on the order of the derivative i.
The expressions for A;lt) (0, f1) are presented in Appendix D.2 and only depend on derivatives
up to order l(f_l)(O, f?:i_l). Note that both AZ(»}t) and B, are written explicitly as a function
of fi since they depend on the non-stationary filtered sequence f,(0, fi) initialized at f;.
In contrast, we let Ag’lt)(e) and B,(0) denote the stationary counterparts of Agg(@, f1) and
B,(0, f,), respectively, that depend on the limit stationary filter f,(6). The recurrence

€.a.S.

convergence |¢y(Z) — ¢y(Z)| “S" 0 in Straumann and Mikosch (2006) corresponds here to

ZWe state the convergence of ¢; at some point Z rather than at the origin ¢;(0) as in Straumann and
Mikosch (2006) since, depending on the application, our recursion may not be well defined at z = 0.
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having ]Agg(@,fl) - AE?(G)\ 0 and |By(0, fi) — By(0)] “%" 0. Both conditions are
easily verified. Indeed, the expressions in Appendix D.2 show that A;lt) (0, f1) satisfies

1AL @6, f1) - Al (6)] < sup 0A%)(0)/0f| - 1.6, F1) — £i(0)]

and hence we obtain |A7(;’1t)(9, fi)— Ag?(@)\ “% 0 by Lemma 2.1 in Straumann and Mikosch
(2006) since |£(0, f1) — f:(0)] %" 0 by Proposition 3.3 and sup; |0A§’1t)(0)/8f| is SE with

a logarithmic moment since min{n,,n?, @/, 7>} > 0. Similarly, we obtain

[B:(6, f1) — B(8)| < sup 0B(8)/0f] - | (0, }) — :(6)] =70 ast — oo,

since 7f/ > 0 implies that sup, [0B,(0)/0f| is SE with with a logarithmic moment, and
(8, f1) — £:(0)| vanishes e.a.s. The convergence of the Lipschitz coefficients sup,, |¢}(z) —
d(x)] = |By(8, f1) — By(8)] “=" 0 follows trivially by the same argument.

For the second derivative process, the same argument using Lemma 2.1 in Straumann
and Mikosch (2006) applies sequentially. As the argument is slightly more subtle, we prove
it in Lemma TA.19 of the Technical Appendix.

Finally, we note that the unperturbed recursions satisfy the conditions of Proposition
TA.8. In the notation of Straumann and Mikosch (2006), this means not only that the
limit recursion ¢, is SE, but also, that its solution {Z: }1ez has a logarithmic moment. The

logarithmic moment is obtained below.

Step 2, moment bounds for derivatives of f;: To establish the existence of moments for
the derivative processes, we need to verify that conditions (7ii.b)—(v.b) of Proposition TA.8
hold. For the limit derivative processes, we can apply Proposition TA.8 directly to the
unperturbed system. For the derivative processes initialized at ¢ = 1, we notice that the
moment bounds of Proposition TA.8 can be obtained with non-stationary innovations (see
Remark TA.10) as long conditions (74i.b)—(v.b) hold uniformly in ¢. Below, we focus on the
process generated by the unperturbed system.

Inspection of the formula for AE?(G) reveals that Ag?(@) has min{n; , ns, n)} bounded
moments and AE?(O) has n} ~ moments as defined in Proposition 3.5. Inspection of the
expression for B,(0) reveals that B;(0) has n/ moments.

Proposition 3.5 implies that condition (4i.b) in Proposition TA.8 holds with n% moments
for the first derivative process and n}, moments for the second derivative process, since, for

any n > 0, from the C,-inequality in (Loeve, 1977, p.157), there exists a 0 < ¢ < oo such
that,

Esup |4(Z, vy, )" = Esup |Al(zt)(9) + Bt(O)}'(i)|” <
0co 0co
c-Esup |Az(zt)(0)|" +c- \]_”(Z)|”Esup |B.(0)]" < oc.
0co 0co
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Condition (7v.b) in Proposition TA.8 holds with both n = n} and n = nj,, since
Esup |B,(6)]" < Esupri(6) <
6co

0cO
la(s(foys A) = s(f,ye N) +B(f = )

< Esup sup

0O (1.f)EF X FLf#]" lf=fI"
. o\ ol _\n
_Esup  sup | PulfEAU f/)+6(f Ia]
0O (f.1")EF X F:f 4! lf = f"

= E sup sup ‘Ozéw(f*; A)+ 5’” < Esupp:f (0) <1,
0cO freF 0cO

because n} > ny > n}g > n}ee Finally, condition (v.b) directly implies condition (v.b) in
Proposition TA.8. We thus obtain, by Proposition TA.8, n} (n}%, ) moments for the first
(second) derivative process, initialized at ¢ = 1, and generated by the unperturbed system,
as well as, ng, (ns,,) moments for the limit process, for any ng, < n} (ns, < n},,)- n

Proof of Theorem 4.3. The result follows immediately from the differentiability of p, g, ¢/,
the compactness of ©, and the Weierstrass theorem. For a detailed proof, see Technical
Appendix B. [

Proof of Theorem 4.6. Following the classical consistency argument found in for instance
White (1994, Theorem 3.4) or Gallant and White (1988, Theorem 3.3), we obtain 87(f;) %3
6, from the uniform convergence of the criterion function and the identifiable uniqueness of
the maximizer 8, € O,
sup  loo(0) < l(Bg) ¥ € > 0.
6:(10—6,|>¢

Step 1, uniform convergence: Let {7(0) denote the likelihood ¢7(0, f) with f,(0, f1)
replaced by f,(8). Also define (,,(8) = El,(0) ¥ 6 € ©, with /, denoting the contribution of
the t-th observation to the likelihood function ¢ We have

SWPgeo |6r(8. J1) — L (8)] <
SUPgco |(r(8, 11) — (r(8)] + supge |6r(6) — ((6)] (A2)

The first term vanishes by application of Lemma 2.1 in Straumann and Mikosch (2006)
since f,(0, f1) converges e.a.s. to f,(0) and supg.g sup; [VIr(8)| has a logarithmic moment
because iy > 0. The second term vanishes by Rao (1962); see Lemmas TA.1 and TA.2 form
Technical Appendix B, respectively.

Step 2, uniqueness: Identifiable uniqueness of 8y € © follows from, for example, White
(1994), by the assumed uniqueness, the compactness of ©, and the continuity of the limit
E/,(6) in 6 € ©, which is implied by the continuity of /7 in @ € © ¥V T € N and the uniform
convergence of the objective function proved earlier. n

24



Proof of Theorem 4.9. We index the true {f;} and the observed random sequence {y;} by
the parameter 6y, e.g. {y:(0o)}, since under correct specification the observed data is a
subset of the realized path of a stochastic process {y; }+cz generated by a score-driven model
under 6y € ©. As conditions (i) and (i) of Proposition 3.1 hold immediately by Assumption
4.8 and condition (v) follows immediately from the i.i.d. exogenous nature of the sequence
{u:}, it follows by Proposition 3.1 that the true sequence {f;(6o)} is SE and has at least n;
moments for any @ € ©. The SE nature and ny moments of { f;(6y)} together with part (7ii)
of Assumption 4.7 imply, in turn, that {y,(6¢)} is SE with n, = n, moments.

Step 1 (formulation and existence of the limit criterion Qx(6)): As shown in the proof
of Theorem 4.6, the limit criterion function Q. (0) is well-defined for every 6 € © by

Qoo(e) = ]Egt<0) = Elogpyﬂyt,l,yt,g,... (Z/t(ao) ytﬂ(eo)’ yt72(00)7 cee §9>-

As a normalization, we subtract the constant Qo(6y) from @ (@) and focus on showing
that

Qoo(0) — Qu(0g) <0V (00,0) cO x O:0+#80,.

To do this, we use Lemma TA.3 from Technical Appendix B and rewrite

Qoo( ) Qoo 00)
1 py(y‘f ) - ~,0 0 r A

Py y’fa)\O) 0g (y'f )\)d pft,ft(.ﬁfa 05 )dfdf7 ( 3)

for all (69,0) € © x © : 6 # 6y, where p, 7 (f, f: 0o, 0) is the bivariate pdf for the pair

(ft(Oo),ft(O)). We note that the pdf p;, 7 (f, f; 0y, 0) depends on both 8, and 6, as for

instance the recursion defining f,(0) depends on both @ and on y;(0y), which in turn depends
on By. Next, we use Gibb’s inequality to show that this quantity is negative for 8 # 6.

Step 2 (use of Gibb’s inequality): Gibb’s inequality ensures that, for any given (f, f o A) €
F x F x A x A, the inner integral in (A.3) satisfies

py<y|f§ A

with strict equality holding if and only if p,(y| £\ = Py(y|f; Ao) almost everywhere in Y
w.r.t. py(ylf, Ao). By Lemma TA.4 from Technical Appendix B there exists a set YFF C
Y x F x F with positive probability mass and with orthogonal projections YE C Y x F,
FF C F x F, etc., for which (i)-(ii) hold if A # Ao, and for which (i)-(iii) hold if A = Ao,

where
(1) py(ylf, Ao) >0V (y, f) € YF]
(i) if (f,\) # (f, M), then p,(y[f; N) # py(ylf; No) ¥ (v, f. ) € YFF;

(iif) if A = Ao and (w, o, B) # (wo, o, Bo), then f # f for every (f, f) € FF.

Hence, if A # Ao, the strict Gibb’s inequality follows directly from (i) and (ii) and the inner
integral and the fact that YFF has positive probability mass. If A = )\o, property (iii) ensures
f# f on a subset FF with positive probability mass, and hence the strict inequality again
follows via (ii) and (i). ]
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Proof of Corollary 4.10. The desired result is obtained by showing (i) that under the main-
tained assumptions, {y; }+ez = {:(00) }iez is an SE sequence satisfying E|y.(0y)[" < oo; (ii)
that 6, € © is the unique maximizer of £, (0, f;) on ©; and then (iii) appealing to Theorem
4.6. The fact that {y:(0¢)}iez is an SE sequence is obtained by applying Proposition 3.1
under Assumptions 4.7 and 4.8 to ensure that {f,(0, f1)}ien converges e.a.s. to an SE limit
{f:(600}icz satisfying E|f(6y)|" < oco. This implies by continuity of g on F x U (implied
by g € CZ9(F x )) in Assumption 4.2) that {1;,(8¢)}icz is SE. Furthermore, Assumption
4.7 implies that E|y,(0¢)|™ < oo for n, = n,. Finally, the uniqueness of 8y is obtained by
applying Theorem 4.9 under Assumptions 4.7 and 4.8. =

Proof of Theorem 4.14. Following the classical proof of asymptotic normality found e.g. in
White (1994, Theorem 6.2), we obtain the desired result from:

(i) the strong consistency of 87 “3 0 € int(O);

(ii) the a.s. twice continuous differentiability of ¢7(, f) in 8 € ©;

(iii) the asymptotic normality of the score

VTl (80, F171) S N(0,T(80)), T (80) = E(£;(80)0,(80)7); (A.4)

(iv) the uniform convergence of the likelihood’s second derivative,

sup ||¢4(8, F1°) — €2.(0)]| “3 o; (A.5)
6cO

(v) the non-singularity of the limit ¢”_(0) = E/(0) = Z(6).

Step 1 (consistency and differentiability): Consistency to an internal point of © follows
immediately by Theorem 4.6 and the additional assumption that 8, € int(©). The differ-
entiability of the likelihood function follows directly by Assumption 4.2 and the expressions
for the likelihood in Technical Appendix D.

Step 2, CLT: The asymptotic normality of the score ¢ (Bo,f(l)ZI) in (A.4) follows by
applying a CLT to ¢/, (00),

T—o0

VT (80) 5 N(0,7(80),  T(8o) = Jim TE( S 7(80) ) (D 41(60)7) < o0, (A6)

and by showing that the effect of initial conditions vanishes, i.e.,
VT ||l (80, F1) — €:(80)] 230 as T — oo. (A.7)

and by appealing to Theorem 18.10[iv] in van der Vaart (2000). We note that the CLT for SE
martingale difference sequences (mds) in Billingsley (1961) cannot be used to obtain (A.6)
as we allow for model mis-specification, and hence the mds property need not hold. Instead,
we obtain (A.6) by applying the CLT for SE NED sequences in Davidson (1992, 1993) (see
also Davidson, 1994; Pétscher and Prucha, 1997). Lemma TA.14 in Technical Appendix E
ensures that the score ¢/, (00) is a sample average of a sequence that is SE and NED of size
—1 on a strongly mixing sequence. In addition, the existence of J(8y) follows from Lemma
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TA.12 and the assumption that n, > 2 in Assumption 4.11. Finally, the a.s. convergence in
(A.7) follows directly by Lemma TA.15 in Technical Appendix E.

Step 3, uniform convergence of ¢”: The proof of the uniform convergence in (iv) is similar
to that of Theorem 4.3. We have

sup |76, £1°) — € (O)]] < sup 478, £17) — 7(8) | +sup 1£7(8) — £5.(B)].  (A.8)

0cO 0co 0cO

The first term on the right-hand side of (A.8) vanishes a.s. by application of Lemma 2.1in

Straumann and Mikosch (2006) since supgeg H(yt, ng:Q)(O, f(lm)) (yt, ftO 2) H X0 and

SUPgeo SUP; ||€7(0)] has a logarithmic moment; see Lemma TA.16 in Techmcal Appendix E.
The second term in (A.8) converges under a bound E supg.q ||£7(0)]] < oo by the SE na-

ture of {7 };cz. The latter is implied by continuity of ¢ on the SE sequence {(y;, ft ( ) hez

and Proposition 4.3 in Krengel (1985), where SE of {(y, ft ( )) hez follows from Propo-
sition 3.3 under the maintained assumptions. The moment bound Esupgce ||7(8)] < oo
follows from n, > 1 in Assumption 4.11 and Lemma TA.13 in Technical Appendix E.
Finally, the non-singularity of the limit ¢/ (0) = E¢”(6) = Z(8) in (v) is implied by the
uniqueness of 8y as a maximum of ¢7 (€) in © and the usual second derivative test calculus
theorem. ]

Proof of Theorem 4.15. The desired result is obtained by applying Corollary 4.10 to guaran-
tee that under the maintained assumptions {y; }+cz = {y:(60) }1ez is an SE sequence satisfying
E|y:(60)"™ < oo for n, > 0, and that 8y € © is the unique maximizer of £,,(@, f;) on ©.
Then the statement follows along the same lines as the proof of Theorem 4.14. [
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ONLINE APPENDICES

B Proofs of Remaining Results in the Main Paper

Proof of Theorem 4.3. In this theorem, f; denotes the initialized f;(8, f1). Assumption 4.2 implies
that ¢7(0, f1) is a.s. continuous (a.s.c.) in @ € © through continuity of each £;(80, f1) = £(f:,y,0),
ensured in turn by the differentiability of p, g, §’, the implied a.s.c. of s(f;,y; \) = 0p¢/0f in (f; \)
and the resulting continuity of f; in @ as a composition of ¢ continuous maps. The compactness of
© implies by Weierstrass’ theorem that the arg max set is non-empty a.s. and hence that O exists
a.s. VT € N. Similarly, Assumption 4.2 implies that ¢7(8, f1) = ¢({y:}/—1, {f:}/—1,0) is continuous
in 4, V 8 € © and hence measurable w.r.t. a Borel g-algebra. The measurability of 0 follows from
White (1994, Theorem 2.11) or Gallant and White (1988, Lemma 2.1, Theorem 2.2). ]

The following two lemmas support the proof of Theorem 4.6.
Lemma TA.1. Under the conditions of Theorem 4.6, supgcg |(1(0, f1) — ¢7(0)] “3 0.

Proof. The expression for the likelihood in (2.9) and the differentiability conditions in Assump-
tion 4.2 ensure that £,(-, f1) = £(fi(, f1), Y, ) is continuous in (f(+, f1),y¢). All the assumptions of
Proposition 3.3 relevant for the process {f;} hold as well. To see this, note that

e the compactness of O is imposed in Assumption 4.1;
e the moment bound E|y:|"™ < oo is ensured in the statement of Theorem 4.6;

e the differentiability s € C2%2)(F x Y x A) is implied by § € CEO)(F x V), p e CED (U x A),
and S € CZ2(F x A));

e and finally, conditions (7)-(v) in Proposition 3.3 are ensured by Assumption 4.4. Note that
under the alternative set of conditions proposed in Assumption 4.4, we can use Remark 3.4
and drop conditions (iv) (v) in Proposition 3.3.

As a result, there exists a unique SE sequence {f;(-)}scz such that supgeg |f:(0, f1) — £:(8)] “3 0
Vfi € F, and sup, Esupgeg | f¢(6, 1) < oo and Esupgeg |f:(0)["F < oo with ng and n, such
that ny, > 1 from Assumption 4.5. Hence, the result follows immediately by an application of the
continuous mapping theorem for £ : C(0,F) x Y x © — R. n

a.s.

Lemma TA.2. Under the conditions of Theorem 4.6, supgce |€1(0) — lo(0)] = 0.

Proof. We apply the ergodic theorem for separable Banach spaces of Rao (1962) (see also Strau-
mann and Mikosch (2006, Theorem 2.7)) to the sequence {¢r(-)} with elements taking values
in C(©), so that supgeo [£7(0) — lo(8)] “3 0, where £o,(0) = E(8) ¥V 8 € ©. The ULLN
supgeo [07(0) — EL:(0)] “3 0 as T — oo follows, under a moment bound Esupgeg |4:(0)] < oo, by
the SE nature of {{1}cz, which is implied by continuity of ¢ on the SE sequence {(f:(-), y¢) hez
and Proposition 4.3 in Krengel (1985). Moment bound Esupg.g |f:(0)] < oo is ensured by
supgee E|f:(0)|" <00V 0 € O, E|y|" < 00, and the fact that Assumption 4.5 implies n, > 1. We
stress that Assumption 4.5 can be checked via low-level conditions on n, and n; via the moment
preserving maps as laid out in Technical Appendix F. =
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The following lemmas support the proof of Theorem 4.9.
Lemma TA.3. Under the conditions of Theorem 4.9,

Qoo( QOO 00 // [/py y|f7 )lOg py((:;y||ff’)\ )) d ft ft(f faGOa )a

for all (69,0) € © x © : 0 # 0.

Proof. Using the observation-driven dynamic structure of the score-driven model, we can substitute
the conditioning on {ys(6o)}s<i—1 by the conditioning on f;(0), where f;(0) is generated through
the generalized autoregressive score recursion. Under the present conditions, the (non-initialized)
limit process {f¢(0)} +cz, 18 a measurable function of {ys(0o)}s<i—1, and hence SE by Krengel’s
theorem for any 6 € O; see also SM06.By substituting the conditioning, we obtain

Qe (6) — Quo(B0) = Elogp, (1(60)[ £16): 1)

—Elogpy(yt(%)‘ft(eo);)\o) (B.1)

/// py;‘\;? dP, .+ (y. 1. f:60,0),

V (60,0) € © x © : 0 # 6y, with P = (y, [, f;00,8) denoting the cdf of (y,(00), fi(00), f:(6)).
Define the bivariate cdf P, 7 (f, f:60,0) for the pair (f;(60), fi(0)). Note that this bivariate cdf
depends on € through the recursion defining f;(0), and on 8y through y;—1(6o) and fi(6p). Also
note that for any (0y,0) € © x © this cdf does not depend on the initialization f; because, under
the present conditions, the limit criterion is a function of the unique limit SE process { ft(O)} ez
and not of the initialized process { fi(6, fl)} ren see the proof of Theorem 4.6.

We re-write the normalized limit criterion function Q(0) — Qo (6p) by factorizing the joint

distribution Py s ft( y, [, f:00,0) as

Pyt,ftft(y’ f; f; 90’9) - Pyt\ft ft(y’f f 6o, ) 'Pft ft(f f 90;0)
yt‘ft(y|f’ )‘0) fe, ft(fafae(b )7

where the second equality holds because under the axiom of correct specification, and conditional

on f,(6y), observed data y,(8) does not depend on f,(0) V (8p,0) € © x O : 0 # 6. We also note

that the conditional distribution Py, f, (y|f, o) has a density p,(y|f, Ao) defined in equation (2.7).

The existence of this density follows because g(f,-) is a diffeomorphism g(f, ) € D(U) for every

f € F,ie., it is continuously differentiable and uniformly invertible with differentiable inverse.
We can now re-write Qoo () — Qoo (6p) as

QOO(OO)

/// ]iyyy\&”f’)\o APy, 1, (ylf; Xo) - APy, 7 (f, f:60,6) =

//[/ py,j'}"f’,\ )) APy, 1, (ylf> 20)
//[/py ylf, Ao) log py((y%f /(\)) dy

for all (6p,0) € © x © : 6 # 6. ]

dP;, 7.(f, f;60,0) =

ft f,(f f7007 )7
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Lemma TA.4. Under the conditions of Theorem 4.9, for every 6 # 6 there exists a set YFF C

Y x Fx F with positive probability mass and with orthogonal projections YF C Y X F, FF C Fx ]:',
etc., for which (i)—(ii) hold if X # Ao, and for which (i)—(iii) hold if X = g, where

(Z) py(y|f7 )\0) >0V (ya f) € W;
(i) if (f,X) # (f, Xo), then py(y|Fi X) # py(lf; M) ¥ (y, £, f) € YEF;
(iii) if A= Xo and (w,, B) # (wo, o, Bo), then f # f for every (f,f) € FF

Proof.

Part (i): The first result follows by noting that under the correct specification axiom, the conditional
density py(y|f, Ao) is implicitly defined by y:(60) = g(f,ut), ur ~ pu(us; Ag). Note that g(f,-) is a
diffeomorphism g(f,-) € D(U) for every f € F, and hence an open map, i.e., g~ 1(f,Y) € T(Uy,)
for every Y € T(),) where T(A) denotes a topology on the set A. Therefore, since p,(u;\) >
0V (u,A) € U x A for some open set U C U, which exists by the assumption that u; has a density
with respect to Lebesgue measure. As a result, we obtain that there exists an open set Y € T(Y,)
such that py(y[f, o) > 0V (y, f) € Y x Fy, namely the image of any open set U C U under g(f,").
Next, YFF can be constructed by taking the union of Y over FF for any FF of positive measure for
A # o, and for a set FF' satisfying (iii) below if X = .

Part (i): The second result is implied directly by the assumption that p,(y|f, ) = py(y|f’, \)
almost everywhere in Y for some open set Y C ) if and only if f = f/ and A\ = \. The existence
of an open set Y was already argued under (i) above.

Part (iii): The assumptions that o # 0 VO € © (including ag # 0); and that 9s(f,y; \)/0y # 0
almost everywhere in Y; for every (f,\) € F x A; together with the fact that u; has a density,
together ensure that both F' and F can be chosen as open subsets, i.e., to have multiple different
values.

The result is now obtained by a proof by contradiction: if A = A A (w,
there is no set YFF with positive probability mass satisfying f #+ fv (f, f
that (w, a, 8) = (wo, g, Bo), which is a contradiction.

The proof goes as follows. Let (69,8) € © x © be a pair satisfying A = A A (w, a, B) #
(wo, g, Bo). If there is no YFF of positive probability mass with f # f for all (f, ) € FF, then
it must be that f = f except for a set of zero probability. This implies that ft(0) = (90) for
arbitrary ¢. Putting this into the recurrence equation for both f;(8) and f;(8) and subtracting
the two, we obtain

0= ¢(ft(0), e, 0) — ¢(f:(6), ye, O0) (B.2)
= (w —wo) + (B = Bo) ft(00) + (a — a0)s(ft(60), y:(60), Ao)-

Note that s(f:(00),y:(60), Ao) is not constant in y,(6y) € Y where Y is an open set, because
a#0V 0 €0 and ds(f,y,\)/dy # 0 for every A € A and almost every (y, f) € Vs x Fs. As a
result, we must have o = o for (B.2) to hold.

Given o = ag A A = A, and given F' can be chosen as an open set due to the fact that u; has a
density and «ag > 0, it follows that 5 = Sg. Given the result for a and j, the result w = wy follows
directly from (B.2), which establishes the contradiction and the result. [

a, B) # (wo, ap, Bo), but
) € FF, then it must be

C Derivative Expressions for the Main Example

In this part, we provide some of the technical details of the main example of the paper, including
the detailed expressions for of the required derivatives.
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Let {u;}1en be id.d. Student’s t distributed noise with A degrees of freedom. Consider the model
Y = ftl/Qut as in Creal et al. (2011, 2013). Following Creal et al. (2011, 2013), we scale the score
by (a time-invariant multiple of) the conditional Fisher information, which in this case amounts to
setting S(fi; \) = 2f2.

The following set of derivatives is straightforward (though tedious) to compute, either by hand
or by a symbolic computation package such as Maple or Mathematica.

r ()

5, = log ——~ 2

Dt gl“(%) Y
log g, = —3 log f;

LA/

1 th
—=(A+1)1 14+ =
2()\ )Og< )\ft>’

Ve=Twon Y
ooty i,
L+ A Dyl /(A7

o0 = S o "
05..1/0f, = m 1
2 2 2/£32 (12
I = TRy (A(T;/j/)?)? ) ((yt(/ Afi . ;%éf Dy,

(21— (2

oufort = 2T

s jona, = LENWD _ W) 20+ NG/ )

+2/8)° (/s ()’
201+ A Y/ A 1

azst/aftQ = (1 N y%/()\ft))3 Tft,
2/£\2 (2
D OND = 6((yt(ﬁ\ff:yt2/;g:)t4/ft)) S
2 2 o 2
aSSt/a)\2aft _ 2(yt /ft)()\(:\_‘;t23/ft)24(yt /ft)) 7
2/ £\2 (12 _ )
55, /07D f = 202/ )2 (A (J; Tyg/ii)j 20) 42/ 1)) ;t
83, )Of3 = 6(L+A Nyl / (M) 1

(1+y2/(Mf))"
We obtain directly that

e |s¢| < supy, [s¢| < c1-|fi] for some constant c1, and thus ns < ny.
e sup,, [0s;/OA| < c1 - | fi| and thus n) < ny.

e sup,, |0s;/0f;| < 1 and thus nd = oco.
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e sup,, |0%s,/0f,0\| < ¢ and thus Al o 0.

e sup,, 0251 /0f2 < e1f; ! < ¢ /w and thus alf — .

e sup,, [0%s;/ON?| < c1f; and thus nd* < ny.

e sup,, 10351 /0f3] < clft_2 < c1/w? and thus Al & .
e sup,, 10351 /0X20f;| < e1 and thus 'ﬁ?” — 0.

e sup,, 10351 /ONOfE| < clft_1 < ¢1/w and thus ﬁ?ff — 0.

log §i| < ¢1 4 2| f;|° for arbitrarily small positive § given f; > w, and thus njee 5 < ns/d.
g g; gg f

15t| < e1+c2log|1+y2/(Mw)| < es+calyi|® for arbitrarily small positive &, and thus n; < n, /6.

|Vi| < sup,, V] < afy 4 5f7 < ea/w, and thus iy — oo.

For asymptotic normality, a further set of derivatives and moments needs to be established. We
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have

S (0, TGEA+D)Y A+ 9
" (é“ o) TR g 2ol ),
IR (2 4 (= N 0)
by = —35 ,
2 (1+02/0)°
A1 ft_l(y?/ft) (1 — th/ft)
by = 2 2 ’
<)\ + th/ft)
o SR ) (U= yE )
pt - 3 I
(A+u2/1)
DY lfo (/1) (@) = 3Xy2 / fr — vi' ] 7)
pt - 2 3 )
(r+u2/ 1)
(= 2 - ot £7)
oV./of = 5 ,
(A+u2/1,)
o, jox — ~2le Wi/ 1) (1= vt/ f)
_ vilte),
(A+u2/1:)
A7 (N = 3N/ £ = 3N i — ) 17
IV /0f* = - :
()\ + yt2/ft)
v sogon < H W) (21— i/ - vt/ f?) |
()\ + y?/ft)
82Vt/8)\2 _ ft_l(yf/ft) (1 - yt2/ft)
- ii/Jt),
</\ + ytz/ft)

From this, we obtain the following.

1P| < e1 + calog(1 + v/ (Aw)), such that ng < n, /¢ for arbitrarily small positive ¢.

‘ﬁiﬂ < ¢1, such that n%A - o0,

\ﬁi‘f| < e1f7! < ¢1/w, such that ngf — 00.

|}3§‘>‘f] <eify ! < ei/w, such that ﬁgAf — 00.

\ﬁi‘ff] < clft_2 < ¢1 /w2, such that ﬁ;—}ff — 00.

0V/0f] < c1f;7 < 1 /w?, such that Al — oc.

|0V /oA < clft_l < ¢1/w, such that ﬁ% — 00.
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o [02V/0f?| < let_3 < ¢1 /w3, such that ﬁfvf — 00.
° |82V/8f8)\| < let_Q < cl/wQ, such that ﬁéf — 0.

o |02V /0ON?| < let_l < ¢1/w, such that ﬁé)‘ — 00.

D Derivatives of the Time-Varying Parameter

D.1 Explicit expressions for the likelihood and its derivatives

We assume that A € R. Similar derivations hold for vector valued A € R% . The likelihood function
of the score-driven model is given by

T

N =
]~
H—I
£
=k
=

Il
N~
~
=h
N
S
>

(0, f1) = (D.1)
1 d -1 agil(ftayt)
= Tzlogpu(g (froue) 5 A)‘HOgT
T
97
> logpu(ge; A) + log a%t

by

o (0, 1) =, 0
o7 = 28R s e ) (D-2)
t=1
T T
B 1 Oft * 8]515 o 1 8ft apt
= 7290 M T T2 00 VT o6
t=1 t=1
with 55 9los 7
* Pt 0g g; +0:1 F F
A = — + = Vi, = , 0f1/08)
t 8ft aft t fl (fl fl/ )
and
T B T
or, _[o o o5 o on [, o
00 Oow Oa 0B O ’ 00 x|
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and ft denoting f; and its first ¢ derivatives with respect to 8. The second derivative of the
log-likelihood function is given by

o2, 0%(8, fi)
o 0, 0:2y _ ) D.3
T( fl ) aaaa‘r ( )
LS (LB e O 04 O OF DA O O O
T \ogoe" "' 00 0f 08" 06 09"  900f, 00"  0000"
T
1 > fi Oft 0 Of of & p
= CAf+ L B (O T+ O+
T; (aeaaT a0 00m T a0 G T C g+ Gg0gT
LS (D g, 0505 OV 0ROV: | OV, OF O
T\ 06007 00 90" Of:  00090" 00 90T 0000

where

12 = (1. 051/00, 6%11/00007 ),
O 0*logg, _ OV,

B = + = -+,
! off of? 0 fi
- T 0A¥
x 52 _ ave 17 _ t
ci = [ooo @] =000 mT =04
M 9% 2 fi 22 fi % fi
Ow? Owda  OwdB  OwdA
82f 02 fi 02 f: 02 fi 02 fi
- |5 B oah o
T 0 ’
0600 8682) 86851 0 2t aﬁat)\
02 fi 02 fi 0 ft 9% f
L OXNOw  OXOa  ONOS o\2
0 0 O 0
oy 000 O
0000 000 O
Lo 00 Ik

D.2 Expressions for the derivative processes of f;

We have 0 = (w, «a, 5, \) € O and write Os(ft, v4; A)/00; as the derivative of the scaled score w.r.t. A
only, not accounting for the dependence of f; on 6. Differentiating the transition equation of the
score-driven model, we obtain

aft-i—l Oow oo 8St 8ft 8St 8ft
p— —_— D-4
06, 00, T 26,” T o500, " o8, 530, (D-4)
1 , Of
= A'Lt agt B,
with
ow Ou 0s op
AL = AL (L0) = (AL)(.0).. . AL)(£,0)T = 5o+ Sasi tagg + Bo
o 8st
B, = By(f,0)= Oéw+/8
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For the second derivative process, we obtain a recursion

Pl 0AY 0AY of, 0, 0B, _0f, 0B, 8, _ ),
00007 00" | 0f, 00" 00 00" 06 . 09T  oeo0T " (D-5)
A§2)+ Ot B,
00007

with

An _ OAY 0AD 0fi | 0f 0B, 0By 0t 0f: (D.6)

t 00" ofr 00" 00 99"  Of, 00 90" '

B Oa 0sy Os; Oa 5% sy Oa Os; D%sy BN Ofy

= (G696™ + 30267~ “20267) <87967ﬁ+a808ft +50) 507
%<% da 925, 85) aa%t% of;
00 \of, 00" " of,00" 00" off 96 907"

E Further Technical Lemmas and Proofs

This appendix contains a number of more technical results, some of which are more generic than
the results in the main paper. These technical results are used to prove the propositions from the
main paper.

We start with two more generic propositions to prove Propositions 3.1 and 3.3 from the main
text. The propositions below encompass the score-driven model and are written for the case of
general random sequences {z;(0,Z)};cn taking values in X C R, where x4(0,Z) is generated by a
stochastic recurrence equation of the form

xt+1(0,.f') = ¢(xt(97j)>vt70)a (El)

where T € X is a fixed initialization value at t =1, ¢ : X x V x ©® — X is a continuous map, X is
a convex set X C X* C R, and 0 € O is a static parameter vector. For the results that follow we
define the supremum

rf(B) = sup |p(z,v¢, 0) — p(a!, v, 0)[F

Nk
(z,x")eX* x X* w#a! ‘.%' - |

, k>0.

Moreover, for random sequences {x1;}tez and {x2+}iez, we say that x1, converges exponentially
fast almost surely (e.a.s.) to xa, if there exists a constant ¢ > 1 such that ¢! ||z1+ — || % 0; see
also Straumann and Mikosch (2006) (hereafter referred to as SMO06).

Proposition TA.5. For every 0 € O, let {v; }1ez be a strictly stationary and ergodic (SE) sequence
and assume 3 T € X such that

(i) Elog™ |¢(z,v1(8),0) — | < oo;
(ii) E logri(6) < 0.

Then {x(0,Z)}ten converges e.a.s. to a unique SE solution {x¢(0)}icz for every 8 € © ast — co.
If furthermore, for every @ € © 3 n > 0 such that

(ivi.a) ||o(Z,v1(0),0)|, < oo
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(v.a) Ert(0) < 1;
(v.a) x(0,%) Lr(0)V (t,Z) € N x X;

then sup, E|2(0, )| < oo and E|z4(8)|" % < 0o V @ € © and arbitrarily small § > 0.
Alternatively, if instead of (iii.a)-(v.a) we have for every @ € ©

(ii.b) 6(2.0)| == sup,ey |6(2,v.0)] < oo;
(D) SUD(e et st 102,0) — D', 0) /= /| < 1;

then sup, E|z4(6, )" < oo and E|z;(8)|" % < 0o V 8 € © and every n > 0 and arbitrarily small
0> 0.

Proof of Proposition TA.5. Step 1, SE: The assumption that {v;}4cz is SE V 6 € © together with
the continuity of » on X x V x © (and resulting measurability w.r.t. the Borel o-algebra) implies
that {¢: := ¢(-,vt,0)}iez is SE for every 8 € © by Krengel (1985, Proposition 4.3). Condition
C1 in Bougerol (1993, Theorem 3.1) is immediately implied by assumption (i) for every 6 € O.
Condition C2 in Bougerol (1993, Theorem 3.1) is implied, for every 6 € ©, by condition (%i) since
for every 6 € O,

|¢(ZL‘, Ut, 0) B @(ZL‘/, Ut, 0)|

|

Elog sup =TElogr/(0) < 0.

(z,2")eX X Xz |m -z

Also due to the stationarity of {v;} we have Elogr; (0) = Elogri(0). As a result, for every 6 € O,
{2+(8, %) }sen converges to an SE solution {z:(vj ',8)}iez. Uniqueness and e.a.s. convergence are
obtained by Straumann and Mikosch (2006, Theorem 2.8).

Step 2, moment bounds: For n > 1 the moment bounds are obtained by first noting that for
every 0 € © we have sup, E|x4(0,Z)|" < oo if and only if ||z(0,Z)|, < co. Let Zg = ¢(z,v,0) for
some v € V, then for every 8 € © we have

sup [2:(0,Z) — Zol|n (E.2)
= sup |¢(z:-1(0,7),v:-1(0),0) — ¢(z,0,0)|n
< sup [¢(21-1(8,7),v-1(0),0) — &(Z,v4-1(6),0)||n
+sup [6(Z,v1-1(8),0)|In + [¢(Z, 7, 0)|
< sup (Elr-1(0.2) ~ 2"

o N(xi-1(0,2),v-1(0),0) — $(z, v-1(8), 0)|”)1/n
|x—1(0,%) — z|™
+sup [¢(Z,v:-1(0),0)||n + |76

1/n
< sup (Ela1-1(0,7) — 7o + 70 — 7" x 17(6))
t

+5up [[¢(Z, v1-1(6), 0)]ln + [T

< sup [lz,-1(6,2) — Zoll - (Erf'(6))" (E.3)
+5up |62, v1-1(60). 0) 1 + |20 — 2] (Erf (9))""" + |o]
< e sup -1 (0. 2) — Tl + |62, 01(0).0) |+ (14 ea)lzol +enlz]. (B4
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where &, := (Er}(0))"/" = (Er7(0))"/™ < 1 by assumption (iv.a) and the stationarity of {v;}. The
step to (E.3) can be made due to the independence assumed in condition (v.a), and the step to
(E.4) again uses the stationarity of {v:}. We can now unfold the recursion (E.2)—(E.4) as

Sl;pth(B,:i) — Zolln <

Chi 1|x—a:e|+2 &)’ (I16(@,01(8), 0)]ln + (1 + &) | + 20 1) <

|x—xe|+z Y (6@, 01(6),0)lln + (1 + &) 0] + e lal) <

ch(x, v1(0),0) [l + 2|76 + 7] _

T vV Oco.

|j—a?“9|+

The same result can be obtained using conditions (74.b) and (iv.b) by noting that
sup|2:(6, 2)[ln < sup |é(z¢-1(8, ), 6) |
< sup I¢(ze-1(0,7),0) — $(Z,0)[ln + [6(z,0)]n
<sup||zt-1(8,7) = Zfn + 6(z,0)]

<sup||z:-1(6, 7)[|n + |7] + |6(z,0)].

As a result, unfolding the recursion renders sup; ||z¢(0,Z)||,, < co by the same argument as above.
For 0 < n < 1 the function || - ||, is only a pseudo-norm as it is not sub-additive. However, the
proof still follows by working instead with the metric || - ||% := (|| - ||)™ which is sub-additive; see
the C,, inequality in Loeve (1977).

The moments of the limit process x;(€) can finally be obtained by noting that the limit of a
sequence satisfying ||2¢(0, Z)||, < oo ¥ t, that converges almost surely |z(0,Z) — z¢(8)| 3 0, and
is uniformly integrable limps— oo sup; E[||24(6, Z)[lm - 1(j,(6,2)|>0)] = O satisfies, by Theorem 2.17
in Jiang (2010), E||x(0)|/m < oo. We already proved finite moments for the initialized sequence
x4(0, %), and the almost sure convergence is implied by the exponentially fast almost sure conver-
gence. The uniform integrability condition for m = n — § for arbitrarily small § > 0 follows by
adapting Theorem 12.10 in Davidson (1994), since

00 > (Sttlp \th(97f)\|n) = sng[xt(O,f)]"
> SltlpE [2(6,2)"1 (3, (0,5))>M)]

> sng [-Tt(eaj)ml(\xt(G,i’)bM)xt(Oa 5)51(\xt(9,z)|>M)}

> M’ supE [2,(8, )™ 0.012)] -

Hence, given the boundedness of the left-hand side and letting M — oo, we obtain for the right-hand
side that limps e sup; E[z¢(6, 7)™ 1(14,(0,5)>)] = 0, which establishes the result. L]

Proposition TA.5 not only establishes the convergence to a unique SE solution, but also estab-
lishes the existence of unconditional moments. The latter property is key to proving the consistency
and asymptotic normality of the MLE in Section 4 of the paper. To establish convergence to an
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SE solution, condition (i) requires the stochastic recurrence equation to be contracting on aver-
age. For the subsequent existence of moments, the contraction condition (iv.a), together with the
moment bound in (%i.a), and the independence assumption (v.a), are sufficient. Alternatively, if
by condition (%i.b) ¢ is uniformly bounded in v, then a deterministic contraction condition (iv.b)
only needs to hold on the uniform bound. In that case, we also obtain the stronger result that
the moment bound holds for any n > 0. Note that conditions (i)-(ii) are implied by (7i.a)-(v.a).
Remark TA.6 shows that condition (v.a) is automatically satisfied if v; is an innovation sequence.

Remark TA.6. If v; L 24(0,%) then (v.a) in Proposition TA.5 holds.

The condition that v; is an innovation sequence is typically more intuitive. We keep the in-
dependence assumption (v.a) in Proposition TA.5, however, because in some of our models the
supremum Lipschitz constant is independent of the random v;. In such cases, the independence is
easily satisfied, even in cases where v; is not an innovation sequence.

Following SM06, we also note that conditions (i) and (i) in Proposition TA.5 provide us with
an almost sure representation of x:(0,z) as a measurable function of {vs(0)}s<t—1. Let o denote
the composition of maps, e.g.,

6(01-1(8),6) 0 6, vi2(6),0) = &( 6(v1-2(8),6) , vi-1(8) , 6 ).
We have the following Lemma.

Remark TA.7. Let conditions (i) and (i) of Proposition TA.5 hold. Then z,(0) admits the
following a.s. representation for every 8 € ©

z(0) = rlggo ¢( ve-1(0), ) © ¢( ve—2(0), 0) 0..0 ¢(‘,Utfr(0)a9)a
and x4(0) is measurable with respect to the o-algebra generated by {vs(0)}s<¢—1.

Proposition TA.8 deals with sequences {z:(0, T)};en that, for a given initialization z € X, are
generated by
.%'t+1(0,f) = ¢(xt<07£)7vt70) v (aat) €0 x N7

where ¢ : X X V x © — X is continuous. We have the following proposition.

Proposition TA.8. Let © be compact, {vi}ez be stationary and ergodic (SE) and assume there
exists an & € X, such that

(i) Elog™ supgee |¢(Z, vt,0) — Z| < 00;
(ii) Elogsupgeg ri(0) < 0.

Then {x(0,%)}1en converges e.a.s. to a unique SE solution {x+(0)}iez uniformly on © ast — oo.
If furthermore 3 n > 0 such that either

(iii.a) | $(Z,ve, )5y < 00;

(iv.a) supgeg |P(z,v,0) — d(2’,v,0)] < |z—2a'| V (z,2",0v) € X x X xV;
or

(ii.5) [6(2 v )|I© < oo;

(iv.b) Esupgeg ri(0) < 1;

TE.pll



(v.b) (supgee z¢(6,7)) L (supgeeri(0)) V (¢,Z) € Nx X;

then sup, Esupgeg |7:(0,7)|" < 0o and Esupgeg |7:(0)|"° < oo and arbitrarily small § > 0..
If instead of (iii.a)-(iv.a) or (ii.b)-(v.b) we have

(mc} SUPgeco SUPyey ’¢(f7v7 0)| = |¢3(‘f7 0)| < 005
(iU.C) SUPgee SUP (5 2/)e X* x X *:wa! ‘(E(x7 9) - &(1}/, 9)‘ < ’1‘ - .%'/‘,'

then sup, Esupgee |7¢(8,7)|" < oo and Esupgee |7:(8)|"° < oo for every n > 0 and arbitrarily
small § > 0.

The contraction condition (7v.a) in Proposition TA.8 is stricter than condition (7v.b). Rather
than only requiring the contraction property to hold in expectation, condition (iv.a) holds for all
ve V.

Again, we note that conditions (i) and (i) in Proposition TA.8 provide us with an almost sure
representation of x4(0) in terms of .

Remark TA.9. Let conditions (i) and (i) of Proposition TA.8 hold. Then z;(0) admits the
following a.s. representation for every 6 € ©

$t(0) = 'r‘ango gb('?rutfl) 0) © ¢('7,Ut72a 0) ©...0 qs(')Ut*Ta 0)
and x4(0) is measurable with respect to the o-algebra generated by .

Inspection of the proof of Proposition TA.8 reveals that the moment bounds hold even if the
innovations are non-stationary.

Remark TA.10. Let {v;} be non-stationary and suppose that conditions (%ii.b), (iv.b) and (v.b)
hold uniformly in ¢

(iii.b) sup, [|¢(z, ve, )7} < oo;
(iv.b) sup; Esupgeg sup; r1(0) < 1;
(v.b) (supgee z¢(0,7)) L (supgeeri(8)) V (t,2) € N x X;

Then sup, Esupgeg |2:(0, 7)™ < oo and sup, Esupgeg |7:(8)|"° < oo for every n > 0 and arbi-
trarily small § > 0.

Proof of Proposition TA.8. Step 0, additional notation: Following Straumann and Mikosch (2006,
Proposition 3.12), the uniform convergence of the process supgeg |7+(8,Z) —x:(8)| “%™ 0 is obtained
by appealing to Bougerol (1993, Theorem 3.1) using sequences of random functions {x:(, Z) }sen
rather than sequences of real numbers. This change is subtle in the notation, but important. We
refer to SMO6 for details.

The elements z(-,z) are random functions that take values in the separable Banach space
Xo C (C(O,),]| - ]|), where [2:()[€ = (Esupgee |e:(6)" )" and [a,()]© = [|eo()]|§. The
functions z(-, Z) are generated by

z(-,Z) = ¢" (i1 (-, T), v, ) VE € {2,3,...},

with starting function z1(0,0,%) = T V 6 € ©, and where {¢*(-, v, -) }+ez is a sequence of stochastic
recurrence equations ¢* : C(0©) x © — C(0) V t as in Straumann and Mikosch (2006, Proposition
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3.12). Note the subtle but important difference between ¢*(-,v:,-) : C(O©) x © — C(©) and
o(-,vp,7) : X x © = X as alluded to earlier.

Step 1, SE: With the above notation in place, we now first prove the SE part of the proposition.
The assumption that {v;}ez is SE together with the continuity of ¢ on X x V x © implies that
{¢* (-, v4, ) htez is SE. Condition C1 in Bougerol (1993, Theorem 3.1) is now implied directly by
condition (i), since there exists a function zg € C(O) with Zg(0) = = V 8 € O that satisfies
Elog* [[¢*(Ze(-), vr,-) — Ze(-)|® = Elog™ supgee |¢(z, v, 8) — 7| < 0.

Condition C2 in Bougerol (1993, Theorem 3.1) is directly implied by condition (4i), since

l¢*(Ze (), v, ) — & (T (), v, )® _

e Sios0 EXOEEASIE

Elog  sup SUPoco \¢(£@EO), a) 97) — ¢(75(0), v, 0)| _
50— |©>0 |ze(-) — 5 ()II®

Elog sup sup |¢(§3@(9),7vt,0) _fb(f@(e)vvtagﬂ _
|76 ~75|©>0 06 IZe () — T ()®

Elog  sup sup |¢(j®(0)’_vt’9) *_¢(f/®(9)avt79)| <
1To—T5]©>0  6€O|ze(0)£T, () |Ze(-) — z5(+)]©

Elog  sup sup \¢(i’@(9),_vt, ) — ?(f’@(é)),vt, o)
|70 —7L]|©>0 0€O|Ze(0)#2, (0) 1Z6(0) — T4 (0)|

70 (8) — 76(0)] _
7@ . _79 . J—
lze () — 75 ()II°
T (7
oo 560005000,
Iz —75[19>0 0€6Iz6(8)#25(6) 1Ze(0) — 7 (0)|
T =/
sup sup ’%6(0) —%9(9)(L>§
lzo—zy©>0 0co [To(-) —Tg ()

0) — (', v, 0
Elog sup sup sup |p(z, v, 0) — p(2', v, 0)] _

|20 —75|©>0 0€© z#a’ |z — 2’|
0) — (2! 04,0
Elogsup sup 19, v, 8) ¢/(a: v, 0)] =Elogsupr(0) =
0cO z#z’ ‘.ZL‘ - ‘ 0co
Elog sup r{(6) < 0.
6co

As a result, {x;(-,Z)}ten converges to an SE solution {x;(-)}iez in || - ||®-norm. Uniqueness and
e.a.s. convergence is obtained in Straumann and Mikosch (2006, Theorem 2.8), such that supgceo
lz4(0, %) — 2(0)] “5™ 0.

Step 2, moment bounds: We use a similar argument as in the proof of Proposition TA.5. First
consider n > 1 and note that sup; Esupgee |7¢(8,Z)|" < oo if and only if sup, [|[2:(0,7)||§ < oc.
Further, ||lz;(-,Z)—Zo||§ < oo implies ||2:(+, 7)||§ < oo for any Zg € Xo C C(O), since continuity on
the compact © implies supgeg |Zo(0)| < co. For a pair (z,0) € X xV, let Zo(-) = ¢(z,v,-) € C(O).
By compactness of © and continuity of Zg we immediately have Tg := ||Zo(-)[|§ < oco. Also
¢ = sup, ||p(Z, v, ) || < oo by condition (4ii.a). Using condition (iv.a), define ¢ < 1 such that
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Supgee |¢(z,v,0) — ¢(2',v,0) < é|z — /| for all (z,2’,v). We now have
sup [l (-, 7) — zo( )
< sup (|97 (@1 ( 2), v ) = H(T, v, Il
+sup [|6(z, vy, i + sup IZe ()l

< sup 6" (1= (- @), v, ) = 62, v [ + 6+ T

< cosup lla-a(-7) — Toll§ + 6+ ca + (1+) Te
<(P+er+(1+0)70) >+ sup |z — 7o l)lIS
- t
7=0

using ¢ < 1.

To use conditions (iii.b)—(v.b) instead of conditions (#ii.a)—(v.a), we first (re)define ¢ as ¢, =
(supgee 1 (8))/" = (supgee 71(0))Y/™. Also using the independence assumed in condition (v.b),
we have

sngwt(-,i’) —zo()[ly =
< SUp |6" (21 (5 2), 1, ) = 97,00, )|+ 6 + T
< ¢+ To + sup <IE sup |x;—1(0,z) — z|"
6O

t
X sup ‘¢*(xt—1(07j)7’Ut7j)7_vt70)__ (b(j,vt,g””)l/n
0co |2e-1(6,2) — z|*

< gz:H— To + sup (IE sup |xi—1(0,z) — z|"
t 6c0O
* = _ / n.1/n
X SUp sup ‘Qb ($7x)avt50) QZS(‘T avt50)| ) /

0cO ztz! |z — 2'|"

by (v.b) = _ _ 3 _1e
< ¢+$@+Cn SltlpHmt—l('ax) _an

<o+ (140 T+ enT+n-supllze_i(-z) — 209
t

Hence, unfolding the process backward in time yields sup, ||z¢(-, Z) — Ze(-)||9
argument as before.

Finally, using conditions (%ii.c) and (iv.c) instead, we have

< o0 by the same
.7 S < * .7 . ©
sup [|z¢(+, %), < sup || sup [¢*(ze-1(,2),v,-) | [,
t t veV
< sup |8 2).) — 6(z.) £ + 162, )17

S c- Sltlp Hl‘t_l(',.f‘)Hg) +cx+ ||d;(j7 )HS
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with ||¢(Z,-)||© < oo by (ii.c) and ¢ < 1 by condition (#v.c). As a result, unfolding the recursion
establishes sup, [|z:(-, Z)||$ < oo by the same argument as before. For 0 < n < 1 the function || - ||,
is only a pseudo-norm as it is not sub-additive. However, the proof still follows by working instead
with the metric || - ||X := (]| - ||»)™ which is sub-additive; see the C), inequality in Loeve (1977).

The moments of the limit process x:(6) are obtained as in the proof of Proposition TA.5. We
note in particular that the limit of a sequence satisfying ||z¢(-,Z)||9 < oo V t, that converges
almost surely supy ||z¢(-, Z) — z¢(-)|| ¥ 0, and is uniformly integrable limps_,oo sup, E[||z:(-, )||$ -
L(js(-.2)|> 1)) = O satisfies, by Theorem 2.17 in Jiang (2010), El|z(-)||§, < co. In our case, bounded-
ness of the moments of the initialized sequence has already been shown, and almost sure convergence
is implied by exponentially fast almost sure convergence. We therefore only need to show the uni-
form integrability condition holds, which we can do for m = n — ¢ for arbitrarily small § > 0 by
adapting Theorem 12.10 in Davidson (1994), since

_ne\" [ _\|n
0 > sup (Jlr( )8 = supE [ sup [u(6,2)|"]
t t -0cO

> supE | sup ’l‘t(eaj)‘n1(|$t(97j)‘>M):|
t -0cO

[ _\|m T
> supE | sup |24(6,2)|" 14, 2)/>) SUp |2(0, )| L1 (.2 > 01)
t  Lleco 0co

> M° supE[Sup }iﬂt(o)j)‘m]‘(‘ﬂit('vi)|>M)i|
t 6co

Given the boundedness of the left-hand side of the equation and letting M — oo, we obtain that
limps o0 sup; E [supeee |2:(6, 2) ‘ml(‘mt(,,,—c)bM)], which establishes the result. ]

The following set of lemmas derives the bounds on the moments of the likelihood function based
on moments of the inputs. The results follow from the properties of moment preserving maps as
laid out in Technical Appendix F, but can also be proved directly.

Lemma TA.11. Esupgyce [(7(6, f)|™ < oo where m < ny and for m < min {ng,ns}.
Proof. The statement follows immediately from the fact that

T T
1 1
Esup [47(0, f)| < = Esup |V < = <Esup]5 + E sup loggl).
0€®| (0, f)] T; 0€@| ¢l T; ee@‘t| 0€®| il

Lemma TA.12. Esupgeg |(4(0, f1)|™ < oo where

m =min<{ n) | Ve (E.5)
P ny +ng,

Proof. Using the explicit form of the first derivative of the likelihood in (D.2) in Technical Ap-
pendix D, the number of moments for the likelihood score is at least the minimum of the number
of moments for each of the terms making up the score, namely

% Of

00" 90 "
The number of moments for the first term is n;-}. Using a generalized Holder inequality, the second
term has moments nyny,/(nv + ny,). This yields the expression for m in equation (E.5). L]

TE.pl5



Lemma TA.13. Esupgce |07-(0, f)|™ < 0o where

b f

nin

m = min ng)‘, "'V fo0 , fvnf" , fv Jo . (E.6)
Ny + Ny nv+nf9 2nv—|—nfe

Proof. The statement follows by Holder’s generalized inequality and from the explicit expression
for the second derivative of the likelihood in equation (D.3) in Technical Appendix D, we obtain
that the number of moments m is at least that of the minimum number of moments of the following
terms

D% fi Oft Oft OV Oft OV *py

00007 " 00 90T Of," 98 INT 9000

Using generalized Holder inequalities, the number of moments for each of these terms are, respec-
tively,

f A
VN fee ngNfe nyNfe A
9 ) 9y *
nv+'flf99 2né+nf9 n%—}—nfe p
This makes up the expression for m in equation (E.6). n

The following lemmas support the proof of Theorem 4.14.

Lemma TA.14. Let the conditions of Theorem 4.14 hold. Then ¢ (00) is a sample average of a
sequence that is SE and NED of size —1 on a strongly mizing sequence of size —3§/(1 — ) for some
0> 2.

Proof. By assumption, {y;}cz satisfies E|y;|"™ < oo for some n, > 0 and is SE and NED of size
—1 on a strongly mixing process of size —0/(1 — 9) for some 0 > 2. The uniform filter contraction
in Assumption 4.4(a) and the moment conditions of Assumption 4.5 ensure that the limit process

{f§0:”(90)}tez is both SE (Proposition 3.5) and NED (P6tscher and Prucha (1997, Theorem 6.10))

of size —1 on the strongly mixing process. The SE nature of the terms 67’ (yt, (0: 1)(0);)\) that
compose the score

T T
- 1 0 . O
r Z?yt’ft ©3) = 735 At

follows immediately by Krengel’s theorem (Krengel (1985)) and the continuity of the score on
the SE processes {y;}tcz and {fgﬂi”(eo)}tez. Finally, the NED nature of the terms in ¢.(6) is
ensured by noting that Assumption 4.13 ensures that A} is uniformly bounded, and hence that lz
is Lipschitz continuous on (y:, f; (© 1)(00)), which implies by Theorem 17.12 of Davidson (1994) or

Theorem 6.15 of Pétscher and Prucha (1997) that {7 (vt f,EOZl)(H); M)} is NED of size —1 on the
mixing sequence. ]

Lemma TA.15. Under the conditions of Theorem 4.14,

VT (80, £) = €7(80)]| 230 as T — o (E.7)
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Proof. We establish the a.s. convergence in (E.7) by showing the e.a.s. convergence

1€(80, £01) = €7 (80)[| “%7 0 as T — oo.

6(18

This e.a.s. convergence follows from |f; (0o, f1) — f:(60)] “% 0 and
0:1 0:1 0:1 e.a.s.
17877 00, £ = 7177 00) | 5 0,
as implied by Proposition 3.5 under the maintained assumptions. From the differentiability of

51(0 fIOI)_g/(g ftOI)(B f(01))

in fto b C2 f(o b ) and the convexity of F, we can use the mean-value theorem to obtain

. 4+dy 86/(](. .
||z'T(eo,f§°'”>—£’T(oo>HsZ\*t\\f (80 1) — £5:(80)]
7= (E.8)
4+d>\ E, f
< s [ SR ]\f“) 60, £1") = £33 (80)].
j=1 £

where f Y denotes the j-th element of fto 1), and f (0D is on the segment connecting f (00, (0: 1))

and f;t Note that ft0 D ¢ R4*dx hecause it contains ft € R as well as fg ) ¢ R?’*d& Note that

SUP 4(0:1) ’85’(}'5/ : )/8f} has a logarithmic moment since ﬁé > 0. The strong convergence in (E.8)

is now ensured by Lemma 2.1 in SM06since

44dy 7 p(0:1
on(fi )
fl 0 , (0 1) —El 0 — t t
17 (80, £1 ) — £ (80) || = Z;};E) v

Oe.a.s(l) = OeAa.s.(l)- (E9)

Lemma TA.16. Under the conditions of Theorem 4.14, supgee |€7(0, f1) —£7(8)] “3 0 as t — oo.

Proof. The proof of the uniform convergence in (iv) is similar to that of Theorem 4.3. We note

sup [|€7.(0, f1) — Lo (0)]| < sup [[£7.(0, f1) — £7(8)]| + sup [[£7:(8) — €3,(8)]. (E.10)
6co 6co 0co

The ﬁrst term vanishes e.a.s. by application of Lemma 2.1 in SM06since supgcgo H ft (0 fo2) —
ft 0)] = “%% 0 and supgee sup |47 (0)] has a logarithmic moment since néf > 0.
The second term in (E.10) converges under a bound Esupgcg ||€/(0)] < oo by the SE nature

of {¢[}tez. The latter is implied by continuity of ¢/ on the SE sequence {(yt,ft ( )) hez and

Proposition 4.3 in Krengel (1985), where SE of {(y¢, fto 2) (+)) }rez follows from Proposition 3.5 under
the maintained assumptions. The moment bound Esupgeg ||#/(8)|| < oo follows from ng > 1 in

Assumption 4.11 and Lemma TA.5 in the Technical Appendix.
Finally, the non-singularity of the limit ¢ (0) = E#/(8) = Z(0) in (v) is implied by the
uniqueness of 8 as a maximum of ¢7_(0) in © and the usual second derivative test calculus theorem.
"
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Lemma TA.17. Let {z:(0,%)}ien be a sequence initialized at T that converges e.a.s. to an SE
limit sequence {x(0)}iez, i-e.,

|24(0,7) — 2:(0)] 570 ast — .
Let Elog |x+(0)| < oo. Then
l2:(0,7)* — 24(0)* “% 0 ast — co.
Proof. By norm sub-additivity we have

|24(6,2)% — 24(0)%] = |24(0, %) — 24(0)| - |4(6, Z) + 24(6)]
< [24(0,2) — 24(0)] - |24(0, %) — 24(0) + 224(0)
(

|
< |we(0,T) — 4( )\24-2]36,5(9 T) — x(0)] - |2(0)].

The first term goes to zero e.a.s. due to the e.a.s. convergence of {z;(0,Z)}ien to {z(0)}ez. The

second term goes to zero due to Lemma 2.1 in Straumann and Mikosch (2006), the e.a.s. convergence
of {z(0, %) }1en to {24(0) }ez, and the SE nature and existence of a log moment of x4(0). ]

Lemma TA.18. Let {7:(0,7)}sen and {x4(0,Z)}1en be sequences that converges e.a.s. to their SE
limits {Z4(0) }tcz and {x((0)}1ez, respectively, i.e.,

17:(0,%) — 2:(0)| “%™ 0, l24(0,%) — 2:(0)] “5 0 ast — .
Let Elog |74(0)| < oo and Elog |x(0)] < co. Then
1Z4(0,T)2:(0,Z) — 2:(0)x4(0)] “5 0 ast — oo.

Proof. We have

|Z4(8, 2)24(0, ) — 7¢(0)2+(0)|
= |24(0,2)x(0, %) — 24(0,T)x(0) + T¢(0, Z)x1(0) — T4(0)x1(0)]
< |20, 2)] - [24(0, %) — 24(0)] + 24(0, T) — £¢(0)] - ()]
< |24(0,%) — 74(0) + £4(0)] - |2:(6, T) — ¢(0) |+
|7:(0,%) — %4(0)] - [x4(6)]
< |21(0,%) — 24(0)] - |2:(0,7) — z4(6)|+
|24(0)] - [24(6,T) — :(0)|+
|2(0,2) — 24(0)] - [2:(0)]

The first term goes to zero e.a.s. due to the e.a.s. convergence of {7;(0,%)}ien and {x4(0, Z)}en to
{Z4(0) }tez and {x¢(0)}icz, respectively. The second and third term go to zero due to Lemma 2.1
in Straumann and Mikosch (2006), the e.a.s. convergence of {7;(0,%)}en and {x4(0, %) }1en, and
the SE nature and existence of a log moment for both Z;(0) and x(0). L]

TE.p18



Lemma TA.19. Let AgQ)(O,f?:l) be as defined in (D.6) and evaluated at the initialized series
for f:(0, f1) and f§1)(97 f(l)zl). Similarly, let A§2)(0) denote the same quantity evaluated at the SE
limits fy(0) and fgl)(O). Then under the conditions of Proposition 3.5, we have

A0, 71 — AP (0) 5 0.

Proof. Under the conditions of Proposition 3.5 f;(0, f1) “%” f,(6) and fgl)(o,}?ﬂ) ol f§1)(9).

The expression for A§2) in (D.6) has three different types of terms.

Type I: The terms
o sy 0?5y 9B ofr

—_—, o—, — :

96 00" 00007 06 00"
There terms for |A§2)(l97 ]“(1):1) - A§2) (8)] converge e.a.s. to zero.
The first term follows by noting that da/00 is constant, and

s (f:(0,£1))  9s:(f:(6)) < (Sup ?si(f*)
< (sm

00 00 ofo00
The result now follows from Lemma 2.1 in Straumann and Mikosch (2006) due to the e.a.s. con-
vergence f1(0, f1) “%” £;(0), the SE nature of the term involving the sup, and the existence of a
small positive moment for the sup, which implies the existence of a log moment.
The e.a.s. convergence for the second term follows by a similar argument.
The third term follows directly from the e.a.s. convergence fgl)(G, }(1):1> ey fgl)(O).

Type II: The terms

) 1£:0. 1) = £:(0)]. (E11)

dads of, s of,
00 0f 007’ 000f, 007"
Both terms follow by a similar argument as the first set of terms, combined with Lemma TA.18.

For instance for the first term, we have da /00 is constant, and
63t(ft(97f1)) e&)s. 83t(ft(0))
00 00

given the arguments under terms of Type I. Given the e.a.s. convergence of both Js.(f:(8, f1))/06
and f;(0, f1), the results follow directly from Lemma TA.18.

Type III: The term

(E.12)

D*sy Ofr Of:

“or 00 0gT
The existence of a log moment for sup - [0%s,/0f?| is implied by 7l/7 > 0. This again implies
the e.a.s. convergence of 9?s;/0f? via Lemma 2.1 in Straumann and Mikosch (2006). The e.a.s.
convergence of each of the elements in (9f;/0)(0f;/0") follows from Lemmas TA.17 and TA.18
given a log moment for each of the elements of 0f;/6, which is implied by ns, > 0. Note that the
latter also implies a log moment for (9f;/0)(df;/8"). We also have a log moment for f;(0) given
ny > 0. Combining all these results, we have

‘8%(]@(0, 1)) 0£(0. F17) 0£:(0,F11)  9*s:(£1(8)) 0£:(0) 0£:(6) ‘

of? 06, 06, ofz 06, 06,

3 *
< ‘S?*pW) x | (0, f1) — f1(0)]x
‘aftw,f?ﬂ) 0£:(0,F1")  0£(0) aftw)‘
00; 00; 00; 00; '
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This expression contains three factors. We already concluded that the second and third factor
converge e.a.s. to zero and have a log moment, such that also their product converges e.a.s. to zero
using Lemma TA.18, and also has a log moment. The latter follows because under the current
assumptions each of the two elements of the product actually has a (tiny) positive moment, which
implies a log moment for the product. Multiplying the last two factors by the first factor, and
noting that the first factor is SE and has a log moment under the current set of assumptions, the
result follows directly from Lemma 2.1 in Straumann and Mikosch (2006). L]

F Further Results on Moment Preserving Functions

Checking the moment conditions needed for a number of the propositions and theorems based
on low-level conditions can be considerably simplified by working with the concept of moment
preserving maps.

The final technical lemma presented below provides simple moment preserving properties for
several common functions of random variables. For notational simplicity we let h(¥) denote the kth
order derivative of a function h. The moment properties on h or h*) can now easily be derived
from moment conditions on the inputs of h and the moment preserving properties through its
membership of the set Mg g(n,m).

Lemma TA.20. (Catalog of M’é o(n, m) Moment Preserving Maps) For every 6 € O, let h(-;0) :
X =R and w(-,-,0): X xV — R be measurable functions.

(a) Let h(-;0) be an affine function,
h(x;0) =0p + 612V (2,0) € X x O, 6= (0,0 €O CR.

Then, h(:;0) € Mgg(n,m) withn = m ¥V 0 € O, and h¥)(;0) € Mg g(n,m) for all
(0,n,m,k) € ©x ]Rsr X ]Rar x N. If © is compact, then h € M’é@(n,m) withnm =m for k=0
and h®)(-;0) € Mg o(n,m) ¥V (n,m, k) € Ry x Rf x N.
(b) Let h(-;0) be a polynomial function,
J

h(z;0) = 027V (2,0) € X x©, 0= (b,...,0/)) €O CR, J>1
j=0

Then h*)(-; ) € Mg g(n, m) with m = n/(J — k) ¥V (k,0) € Ng x ©. If © is compact, then
hk) € Mg o(n,m) with m =n/(J —k) ¥V k € Ny.

(c) Let
J

h(z;0) =) 0,277 V (,0) € X x 0,0 = (b, ...,0,) € © CR,
§=0
where r; > 0. Then h®)(-;0) € Mg g(n,m) with m = n/(max;r; — k) ¥ (6,k) € © € Ny :
k < min;r;. If © is compact, then h*) € Mg o(n,m) with m = n/(max;r; —k) ¥V k € Ny :
k < min;r;.

(d) Let B
sup |h(z;0)| < h(0) < ooV 6 € O.
reX
Then h(-;0) € Mg g(n,m) ¥V (n,m,0) € ©xRI xR} . If additionally, supgee h(6) <
then h € Mg g(n,m) ¥ (n,m) € R} x R{.

>
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(e) Let
h(+6) € CH(X)
and )
sup | (2;0)] < hy(8) < 00 V 0 € O.
reX
Then h¥)(-;0) € Mg g(n,m) with m =n/k ¥ @ € ©. If furthermore, supgeg hi(8) < h < oo
, then h®) € Mg o(n,m) with m = n/k.

(f) Let
w(z,v;0) =0y + 01z + Oav,  (6p, 61,09, z,v) € R x X x V.

Then wk=ko) (. . 8) € Mg g(n,m) ¥V (kz, kv, 0) € Nog x Ng x © with n = (ng,n,) and m =
min{n,, ny}. If furthermore © is compact, then

wkak) € Mg g(m,m) ¥ (ka, kv) € No x N,

with m = min{n,, n, };

(9) 1f
U)(ZL‘, v, 0) = 90 + levv (QOa 91) € R27

then w0 (... 0) € Mgg(n,m) V (kz,ky,0) € Nog x Ng x © with n = (ng,n,) where

m = ngny/(ng + ny). If furthermore, © is compact, then
wkekv) € Mg g(n,m) V (kg ky) € Ng x N,
with n = (ng,ny) where m = ngny/(ng + ny).

Proof available upon request.
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