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Using ‘working’ assumptions on conditional third and fourth moments of errors, we propose a method of moments estimator
that can have improved efficiency over the popular Gaussian quasi-maximum likelihood estimator (GQMLE). Higher-order
moment assumptions are not needed for consistency — we only require the first two conditional moments to be correctly
specified — but the optimal instruments are derived under these assumptions. The working assumptions allow both asymmetry
in the distribution of the standardized errors as well as fourth moments that can be smaller or larger than that of the Gaussian
distribution. The approach is related to the generalized estimation equations (GEE) approach — which seeks the improvement
of estimators of the conditional mean parameters by making working assumptions on the conditional second moments. We
derive the asymptotic distribution of the new estimator and show that it does not depend on the estimators of the third and
fourth moments. A simulation study shows that the efficiency gains over the GQMLE can be non-trivial.
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1. INTRODUCTION

Nonlinear dynamic models of means, variances and covariances are routinely estimated in financial economics,
macroeconomics and various other disciplines. A leading example is the set of models coming from the GARCH
(generalized autoregressive conditional heteroskedasticity) and multi-variate GARCH class of models; see
Bollerslev (1986). In an influential paper, Bollerslev and Wooldridge (1992) show that the GQMLE has a critical
robustness property in the general multi-variate case where means, variances, and covariances can all depend on
the conditioning set: provided the first two conditional moments are correctly specified, the GQMLE consistently
estimates the parameters indexing the means, variances and covariances under weak regularity conditions. More-
over, Bollerslev and Wooldridge (1992) show how to estimate the asymptotic variance of the GQMLE allowing for
arbitrary departures from normality (subject to the existence of enough finite moments). Many empirical papers
have computed parameter estimates of the first two conditional moments using the GQMLE with fully robust SEs.

Naturally, as noted by Bollerslev and Wooldridge (1992), the GQMLE is asymptotically inefficient compared to
the maximum likelihood estimator (MLE) from a correctly specified model. Of course, this requires a researcher
to model the entire distribution of the outcome variables conditional on the observed covariates. A leading exam-
ple in the univariate case is Bollerslev (1987), who proposes replacing the normal distribution with a #-distribution
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with unknown degrees of freedom. The degrees-of-freedom parameter is estimated along with the mean and vari-
ance parameters. There are some shortcomings to this approach, the most important being that the estimators of
the mean and variance parameters are generally inconsistent if the z-distribution is misspecified — which happens if
the distribution is asymmetric, or if the conditional fourth moment is not proportional to the square of the variance.
In the univariate setting, Newey and Steigerwald (1997) characterize the class of quasi-maximum likelihood esti-
mators that identify parameters in correctly specified first two conditional moments. Symmetry plays an important
role, as does the assumption that the standardized innovations are actually i.i.d., rather than a general martingale
difference sequence (MDS) with unit conditional variances. As a practical matter, specifying a non-normal distri-
bution is difficult with multi-variate outcomes. One possibility is to combine a marginal distribution, such as a ¢
-distribution, with copulas, as in Patton (2006) and Fan et al. (2014). However, one is still making a full paramet-
ric joint distributional assumption, and the resulting MLEs are inconsistent if either the marginal distribution or
the copula is misspecified.

Rather than assuming a particular distribution for the standardized innovations, one can take a semi-parametric
approach to allow flexibility in the distribution. Examples in the univariate case include Engle and
Gonzalez-Rivera (1991), Drost et al. (1997), Hafner and Rombouts (2007) and Di and Gangopadhyay (2011).
However, such approaches still impose a non-trivial restriction on the distribution of the innovations: the innova-
tions are assumed to be i.i.d. This means that the third and fourth moments are restricted to very specific functions
of the conditional variance. If those restrictions fail — for example, if the asymmetry or kurtosis changes in gen-
eral ways with the conditioning variables — the semi-parametric (or adaptive) estimators will be inconsistent. By
contrast, the GQMLE does not require i.i.d. innovations for consistency or asymptotic normality, and neither does
fully robust inference. In other words, in terms of consistency, semi-parametric methods are less robust than the
GQMLE. There is a practically important difference between the standardized innovations being an MDS — which
is implied by the correct specification of the first two moments — and assuming they are actually i.i.d. Relax-
ing the i.i.d. condition on the standardized residuals is not easy; for example, see the discussion in Komunjer
and Vuong (2010). Of course, things would be even more difficult in a multi-variate setting. As a practical mat-
ter, semi-parametric approaches with multi-variate outcomes can be very difficult computationally — even if one
believes that the (matrix) standardized innovations are i.i.d. In addition, proper choices of tuning parameters are
crucial to the performance of these methods.

Our purpose in this article is to improve the GQMLE estimator without imposing additional (substantive)
assumptions. As just summarized, any non-Gaussian MLE or semi-parametric MLE imposes assumptions beyond
those used by Bollerslev and Wooldridge (1992) for consistency and asymptotic normality. In the conclusion of
Bollerslev and Wooldridge (1992), the inefficiency of the GQMLE is noted, with the possibility of using the method
of moments to improve efficiency suggested as a future research topic. Building on this observation, we propose
an estimator that potentially has a smaller asymptotic variance than the GQMLE if some working assumptions
hold. As in the GEE literature for estimating parameters in conditional mean functions, efficiency gains often arise
even when the working assumptions fail. A key point is that the consistency of the ‘optimal’ instrumental variables
estimator does not require these working assumptions.

We extend the GEE idea for estimating conditional means (Liang and Zeger, 1986) to the case where the param-
eters of the first two conditional moments are of interest and these moments are assumed to be correctly specified.
To obtain optimal instrumental variables, we restrict the class of submodels. In particular, as in the GEE literature,
we specify a ‘working’ optimal instrument matrix. This involves a ‘working’ conditional variance—covariance
matrix for the residual function that defines the first two conditional moments. Namely, we consider an estimator
that, like the GQMLE, requires only the first two moments to be correctly specified for consistency. Within this
class, we want to find an estimator that is motivated by the optimal instrumental variables estimator (OPIV) but
requires weaker assumptions. This novel estimator integrates essential characteristics from both OPIV and GEE
approaches, and we refer to it as ‘working OPIV’ (WOPIV). It has the potential to be more efficient than the
GQMLE when only the first two moments are correctly specified. As demonstrated through simulations in various
univariate and multi-variate models, the WOPIV outperforms the GQMLE when the underlying distribution of the
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innovation term is skew normal, while both methods have similar performances when the underlying distribution
is standard normal.

Our proposed WOPIV method is related to the literature on estimating function methods of dynamic mod-
els. Methodologies in a similar spirit were first developed in statistics by Durbin (1960), Godambe (1985), and
Godambe and Heyde (2010); see also Heyde (1997). The theory of estimating functions with the plugged-in
estimator of nuisance parameters has been applied to the estimation of ARCH-type models by Chandra and
Taniguchi (2001). Compared to the above-referenced work, the WOPIV is for a more general class of dynamic
models. There are a few works in the literature considering improving the estimator of dynamic models by exploit-
ing higher-order moment conditions. Prono (2010) proposes a GMM method to obtain an efficient estimator for
the GARCH(1,1) model; see also Im and Schmidt (2008) for the i.i.d. case. The highly cited work of Harvey and
Siddique (1999) includes the third moment to account for the skewness in the innovation distribution. The method
considered in Meddahi and Renault (1998) and Li and Turtle (2000) can be regarded as special cases of our frame-
work in the univariate ARCH-type models. An important advantage of our proposed WOPIV method over those
based on GMM is that instead of estimating the entire set of optimal instruments, the WOPIV solely relies on the
estimated third and fourth moments to construct the instruments, and inconsistent estimators of these moments will
not affect the consistency of the WOPIV. In contrast, the consistent estimation of high-order moments is crucial
for the above-mentioned GMM-based methods.

The rest of the article is organized as follows. In Section 2, we show the basic univariate framework of the
proposed WOPIV. In Section 3, we present its theoretical properties. In Section 4, we extend our approach to
multi-variate models. In Section 5, we discuss the performance of the WOPIV in comparison to other relevant
methods. Simulations and applications are in Sections 6 and 7. The proofs and other technical details of the WOPLV,
as well as tables and figures, are presented in the Appendices.

2. UNIVARIATE MODELS

We start with the univariate case. Let y, (for ¢t = 1, ... ,T) be a scalar response, and X, be a vector of condi-
tioning variables, which is finite-dimensional and can generally include lagged values of y,. X, can also include
contemporaneous values of some other series, say z,, as well as lags of z,.

Let © be the parameter set where 6 takes its value, and we use m,(X,, 0) and v,(x,, 0), where v,(X,, 8) > 0 for all
X, and @ € O, to denote the conditional mean and variance respectively. We assume that the first two moments are
correctly specified: for some 6, € ©,

E(ytlxr) = mt(xneo)’ (1)

Var(y,|x,) = v,(x,, 0,). (2)

The setup of this model is general, allowing for variance parameters and mean parameters to be completely separate
or to overlap. An example of the latter is the ARCH-in-mean type model. See, for example, Engle et al. (1987).

Conditions (1) and (2) are standard regularity conditions for dynamic models. However, it is traditional in the
settings of interest to assume that the models are dynamically complete in mean and variance:

EQ,Ix,. Fioy) = E(yIx)), 3)
Var(y,|x,, F,_,) = Var(y,|x,), @
where
Foi=00 X 1Y X 00 5 VX1 Y0: Xgs -0 ),
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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is the filtration corresponding to time #— 1. A dynamic completeness assumption in the first two moments is always
assumed in ARCH and GARCH models and their extensions. Following the convention, we assume that the first
two conditional moments are correctly specified and dynamically complete. This is the assumption imposed in
Bollerslev and Wooldridge (1992).

Example 1. The GARCH(1,1) model:
& = 01y,
67 = wy + ayer + Pyo- (5)

where 7,’s are i.i.d. innovations, and «, f, > 0, ay + f, < 1.

In this example, y, = €, and X, = (g,_,, 6,_,). We shall note that usually for the GARCH model, a joint Markovian
assumption holds: the process X, is Markovian, but ¢, is not. In addition, x, = (&,_,,0,_, ) is only partly observed
because o,_; is unobserved; it depends on 6, and {€,_;,i > 1}, i.e., an infinite number of past values of the process.
We will discuss the estimation strategy in Section 2.2.

By the dynamic completeness assumption, the optimal instrumental variables derived for the WOPIV depend
solely on x,. As we permit lags of y, or z, to be included in x,, there is no longer a need to use lags of x,, such as
X,_,, for constructing the instruments at time . In this way, the WOPIV becomes a direct extension of the GQMLE,
which can be viewed as a particular instrumental variables estimator (IV) whose instruments depend only on x,.

In an effort to improve the GQMLE method, we proceed to define the error term as well as the standardized
error as

u, =y, —m(x,, 6,),
U,

Vr(x,,0,)

e, =

By construction,
E (utlx,) =0, Var(u,|x,) =v,(x,,0;),
E (¢,|x,) =0, Var(e,|x,) = 1,

and these conditional moments continue to hold conditional on F,_;. It is important to observe that e, is not
guaranteed to be even independent of x,, let alone its further lags before time . Treatments such as Newey and
Steigerwald (1997) make the strong assumption (which is not required in our article):

e, is independent of (x,, X, 1> - ) =12, ... (6)

In contrast, conditions (3) and (4) require only that {e,}tT:1 is an MDS. As discussed in Bollerslev and
Wooldridge (1992), the correct specification of the first two conditional moments implies that the vector of score
functions of the quasi-log likelihood (evaluated at 6,)) forms an MDS. Along with weak dependence requirements,

the MDS properties ensure that the GQMLE is ﬁ -asymptotically normal. Condition (6) can be used to sim-
plify the verification of regularity conditions, but it has no substantive effect on the asymptotic properties of the
GQMLE. See also Wooldridge (1994) for a more general discussion.

To obtain a simple estimator that can be more efficient than the GQMLE, we start with the following two
conditions:

3 _ 3 — .0
E(et|xt) —E(et) = K, 7
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E (e?|xt) =E (e4) = k9, ®)

t

where Ké) and K;’ are two constants. Written in terms of the errors u,,

E (M?|X[) = K‘;) [V[(X[7 90)]3/2, )

E (u!]x,) = k0 [v,(x,. 6,)]". (10)

It shall be noted that conditions (7) and (8) are not really assumptions imposed on the proposed WOPIV method.
Rather, they are introduced to motivate the construction of the working variance—covariance matrix of the con-
ditional moment restrictions shown below. However, it is worth noting that our method implicitly assumes the
existence of the third and fourth moments of e,. Therefore we shall not target applications, where the third and
the fourth moments do not exist, for example, the cases considered in Fan et al. (2014). Under the assumption of
normality, we have K;) =0and Kg = 3. Bollerslev and Wooldridge (1992) show that neither of these restrictions is
necessary for the consistency of the GQMLE. In fact, neither is the assumption that these E (e[3 |x[) and E (eflxt)
are constant. For the estimators here, we use (7) and (8) to derive working optimal instruments for estimating 6,,,
but these conditions are not required for the consistency of the WOPIV. Later, we will need to estimate K;) and 9,
but this is easily done given an initial preliminary estimator of 6,,, which is typically the GQMLE. In deriving the
asymptotic properties, we will only assume that the estimators converge to some constants without invoking (7)
or (8).

Our proposed WOPIV is motivated by finding the working optimal instruments under the assumption that the
model is dynamically complete in the first two moments and the auxiliary conditions (7) and (8). For each ¢ and

def . . .
W, = (X))’ define the 2 X 1 matrix of residual functions:

Ve — mz(xt’ 9)

b 9 =
I‘t(W, ) [y[ _ m[(X[, 9)]2 —_ V[(X[’ 0)

If the model is dynamically complete, then
E [r,(wt, 90)|x,] =E [rt(wt, 0,)Ix,, T’,_l] =0.

As discussed in Wooldridge (1994), the optimal instrumental variables based on these moment conditions depend
onE [Vyr,(w,, 6,)|x,| and Var [r,(w,, 6,)|x,] . Let P denote the dimension of §,. Under the correct specification of
the first and the second moments, we can obtain the 2 X P matrix

Vom,(X,,0,)
R,(x,,0,) =E[V,or,w,.0)x]|=—-( & "

t\ 0 Y0 [ t 2] t] Vevz(xneo)
Next, Var [r,(w,, 90)|x,] can generally be any positive semi-definite matrix function of x,, making it diffi-
cult to implement an always efficient IV estimator. Our key innovation is to impose a working version of

Var [r[(wt, 90)|Xt], where we borrow the term ‘working’ from the GEE literature (for example, Zeger and
Liang, 1986). In particular, if we impose (7) and (8), then

v, (X, 0,) K2 [,(x,, 00)] "

D ,0 B = V t t’e t =
(%,, 6, K¢) = Var [r,(w,, 6)Ix,] Ko, )] Y2 (k0 = 1) [1y(x,. 8]

)

wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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where = (9, 9). Rather than being unrestricted, D,(x,, 6, k) has a relatively simple form and depends
on only two additional parameters. Under normality or other symmetric distributions, this structure holds with
K'g) = 0. Specific distributions also imply values for Kff, or in some cases (such as the skew normal distribution or
the ¢-distribution) we treat it as a parameter to be estimated using an MLE approach. We can use this structure to
obtain an estimator that has the potential to be more efficient than the GQMLE. As discussed in the GEE literature,
we expect efficiency will carry over even if we drop (7) and (8).

As in Wooldridge (1994) (Page 61, equation (7.32)), the working optimal instruments, obtained only from the
moments conditional on X,, are

def
Z, = D,(x,,0,, k,) 'R,(x,,0,).

In practice, obtaining this working optimal instrument matrix for some models may be infeasible since x, might
depend on the unknown parameter 6, or unobserved historical values, such as y, with + < 0. Thus, we shall

distinguish estimation strategies for fully observed x, and for partially unobserved x,. The detailed estimation steps
in these two cases are outlined in the following two subsections.

2.1. x, is fully observed

To implement the WOPIV, we need initial estimators of 8, and k,, which are denoted by 0 and . For 0,, an obvious
choice is the GQMLE. For «,,, we employ a method-of-moments estimator to obtain the standardized residuals:

v

v U,

b= ——,
V Vt(Xt, 9)
where it, = y, — m,(x,, 0). Then, we can obtain

3

T 1 12
Y= —r|. an

1
T T / »
t=1 t=1 v, (X[ , 9)

Next, define 7) = « — 1, such that z{ = E [(et2 - 1)2]. Then, a method-of-moments estimator that ensures
non-negativity is

r 2

, def ] w2 2 1 '

8= (6,—1)—52 —r 1. (12)

. L. . v o def v v . . .
Given the preliminary estimators 6 and £ = (K5,K,) = (K3,7, + 1), we can obtain estimators of the working

optimal instruments under the correct model specification, the dynamic completeness, and (7) and (8):

, =D R, (13)

where D, = D,(x,, 6, %) and R, = R,(x,, §). The WOPIV is obtained by solving 6 from

T
o _
> Zr(w,.0)=0, (14)
=1
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which is a set of P nonlinear equations with P unknowns in 6. We use 8 to denote its solution. It is worth noting
that the existence of a solution to (14) is not a trivial issue. See, e.g., Definition 2.1 and the accompanying remarks
in Jacod and Sgrensen (2018) for a further discussion.

2.2. x, is partially observed

If x, is not fully observed, it can be denoted by x, = x,(6,) = (x; 1 X0,(0p) )’, where x,, is fully observed, and
X,,(6,) depends on the unknown 6, and potentially infinite number of observation lags. However, in practice, only
historical realizations (y,,X,) for t > 1 are available. Thus, we need to replace the unobserved part x,,(6,) with
a proxy containing finite lags of available observations and some initial values. Let X,,(6) be a feasible version

def
of x,,(6,) that is generated with a given 6 and an initial value w,, (recall that w, = (y,,x!)"). We define %,(6) =
(X!, %,,(8)) and W,(8) = (7,,%,(8)')". Next, we define

~ Y — mt(it(e)’ 6)
(%,0),0) = " ) .
e ([yt - mt(xt(9)7 9)]2 - v;(xt(e)v 9))
And for
i, =y, — m(%,0).0)., = ——

\/vi(%,(0), éf

where @ is a consistent initial estimator of 6. Then, we have
3

1w i, l ; r
== R — -1 .
K3 T; /Vt(i;(é)» é) ; ,(x,(@) 0)

Now, a feasible sample score function is

ﬂw

~

> Zx,(w,0).0) =0, (15)

~ def ~_1~ ~ def v o ox ~ def v v def
where Z, = D, IRI, D, = D,x,0),0,%),R, = R,(X,(0),0), and £ = (K3,&,) = (&5, T, + 1).

To show the asymptotic properties of the solution to (15), we can follow a strategy that is commonly applied in
the GARCH literature (e.g., p. 143 of Francq and Zakoian (2010)). For a given 6, let x,(0) (and w,()) be series
that depend on 8 and possibly unobserved historical values prior to the time point t = 1. With some abuse of
notations, let £ be defined similarly to (11) and (12) except that in those formulae, x,’s are replaced by x,(0)’s.
Similarly, we can define ]V) =D,(x, ©),0,%), R =R,(x, ), 0), and Z = lv)_llv( In Section 3, we assume that the
estimator from (15) has the same first-order asymptotic behavior as the one from Z 1z, [(wt(9) 0) = 0, and then
we show the asymptotic properties of the latter. In Appendix B.3, we show that for the case of GARCH(1,1), this
assumption is valid, i.e., the impact caused by initial values vanishes as T goes to infinity.

Example 1 (continued). For the GARCH(1,1) model, we have

¢ 0 0 0
r(w,0,) = ! ,R,=— ,
e (63 — (@y + el | + ﬁoatz—l)> t (1 € alz—l)

wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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and

VI(XI’ 00) K:?[vt(xp 00)]3/2

D,(x,, 0, k) = Var |r,(w,, 0,)|x,| =
t(Xt 0 Ko) ar [l‘ (W 0)|X] Kg[V;(Xp 00)]3/2 (Kz(t) _ 1)[vt(xt’ 90)]2

def
Let D, = D,(x,, ,, k), we have

0 4 0,3
o 1 (k, — Do, —xjo;
t T 0 _ 6 _ (,-0y26 _ 0.3 2
(x, — Doy — (k3)%0, K30, o,
0_ -2 _,0_-3
_l (k, — Do, K30,
0 0,3 -4 ’
C —
K KSO-t Gt
where ¢ = k) — 1 — (x))%. Then
0_ -2 _,0_-3
DR — 1 (x, — Do; K30, 0 O 0
o 0 _ .0 -3 —4 2 2
CK K36t o-t 1 Et—l Gt—l
0.3 _.0.-32 _ . 0_-32
=_l K36t K3Gt gt—l K3O'[ Gt—l (16)
0 o~ o—te? o402 :
K t t t—1 t t—1

Recall that in Example 1, we have that x, = (x|, %,,(6,)) = (,_,,0,_;) is only partially observed since

o) =)+ ayE; , + Py, = ]’”‘; + @ Yo Bier, , — the last infinite sum depends on the unknown parameter
A =

6, and involves unobservable historical values. To construct the working optimal instrument matrix, we have to

apply a feasible version of o2. A possible choice is to generate 62(0): fort = 1, ... , T, we have
pply f p & t

X1t = &1

1/2

t—1

~ ~ w

%,,(0) = 5,_,(0) = m+az 2 ), (17)
k=0

for some initial values (¢;, € ) and a given 6 = (w, a, §)" satisfying @ > 0, > 0 and & + § < 1. In general, the
impact of initial values is asymptotically vanishing, as discussed in Appendix B.3.
Based on (17), we can write down X,(6) and w,(6). Then, we have

13
r,(w,(0),0) = ' )
o € — (o +ae’ | + p&2 (0)
= =300 = =300 S =302 ()
7 bR <L (5% 3O) k6702, —73670)5%,(6)
! v ¢, 5740) 574 0)er 574(0)57 ,(0)
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where &, =k, — 1 — fcg. Finally, the WOPIV can be obtained by solving 8 = (w, a, )’ from

e2—(w+ae? | +452 (6)) _ ;235—3 ( é)g
3Vt t

T &0
>/ . 1 2_ 2 52 .
DLW, 0),0)=-=> | @ a2 oo |=0. (18)
py Cp py 5H0) t—1 t t—1
e2—(w+aer +B57 (0)) -

&) 5;,6) — &;5,°(6)57_, (O,

2.3. Some remarks

It is true that, under the correct specification of the first two moments (dynamic completeness is not needed for
this), the preliminary estimation of 6, and k', does not affect the consistency of the WOPIV. In fact, in the formal
statement of our result, we drop (7) and (8), and simply assume that § and ¥ converge in probability to some
constant vectors; see the remark following Theorem 1 in Section 3.1. The proposed estimator will not be the OPIV
without (7) and (8), but it can still be asymptotically more efficient than the GQMLE. Intuitively, the WOPIV
plugs in sample averages of the third and the fourth sample moments of residuals that are normalized by the square
root of the conditional second moment, while the GQMLE implicitly imposes Kg = 0and Kff = 3. Therefore, we
expect the WOPIV to outperform the GQMLE in many cases. We illustrate in Section 5.1 the scenarios in which
the WOPIV could potentially be more efficient than the GQMLE.

To avoid solving the nonlinear first-order condition, we can consider a one-step estimation. The idea of a
one-step estimator is to consider a linear approximation to the moment condition in (14) or (15). Provided that
we have a well-chosen initial estimator § (for example, a consistent GQMLE), we can improve on the estimator i
using a one-step procedure. Taking (14) as an example, the corresponding one-step estimator can be obtained by

_lT

T

- % v/ v ~ ! w

0=0-|>2rw. 0| > Zr(w,.0). (19)
t=1 t=1

Suppose that @ is a consistent and asymptotically normal estimator, and @ is the solution to (14), an ‘ideal’
consistent estimator for 6. Then, 6 is asymptotically first-order equivalent to 6.

3. THEOREMS

Here, we outline the assumptions and theoretical properties of the proposed WOPIV.

3.1. Consistency

Our general estimation equation is defined on a compact parameter space ©® X I'. In this space, § € O is the
parameter of interest, and ¥ = (k3,k,) € I is a set of nuisance parameters. Recall the notations defined in
Section 2.2: For a given 8, we use X,(0) (and w,(0)) to denote series that depend on € and possibly unobserved
historical values prior to the time point r = 1.

Define the score function

T
. 1 .y N
0/(0.%.6) = = 3 R,(x,0),0)D,(x,(6). 6, %) 'r,(w,(0). 0), (20)
t=1
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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IMPROVED ESTIMATION OF DYNAMIC MODELS 467

where 0 is a consistent initial estimator of 0,; K is defined similarly to (11) and (12) except that in those formulae,
x,’s are replaced by x,(6)’s. Furthermore, we define

0., (8, x5, 0) = E[R,(6,)'D,(x,, 0,, k) "' 1,(W,(0), 0)].

The true parameter of interest should satisfy 6, = argzero,.q Q. (6, Ky, 8), where argzero,.qf (0) denotes the root
of f(8) = 0. Our proposed estimator is

0 = argzero,.,Q0,(0, %, 0), (21)

with plug-in 6 and ¥.

Here, we show the consistency, § — » 0p- When x, is not fully observed, we shall estimate 6, from an alternative
score function, QT(é, K,0) = %Z[TZIZ;I'I(W,(B),O) = 0; see equation (15) in Section 2.2. This score function
involves {y,, X,;,X,,(0)},, where X,(0) is generated from a given 6 and some initial values. We hope that the feasible
QT(é, i, 0) is first-order equivalent to QT(é, K, ), such that we can focus on the latter in the entire Section 3. To
this end, we assume that:

A.0 Asymptotically, the choice of initial values does not matter. Namely, QT(é, &, 0)is close to QT(é, K,0),in the
sense that sup;,,., |V, 070, x,0) — V40,6, k,0)|, = 0,(T~") for [ = 0, 1. Here, V} represents the /th-order
derivative with respect to  (assuming that both Q,(8, x, 8) and Q,(6, «, #) are I-times differentiable with
respect to ).

We will verify this assumption in Appendix B.3 for the GARCH(1,1) model. When X, is fully observed, the score
function QT(é, K, 0) can be simplified to (14), and all the subsequent analysis remains valid. Therefore, in the rest
of Section 3, we will work with QT(é, K, 0) that is presented in (20).

To proceed, we define the |v|, as the /,-norm of a vector v, and |A|, as the spectral norm of a matrix A. Addition-
ally, for a random variable X, we define || X]|, as its L,-norm given a positive number p. Based on these definitions,
we impose the following assumptions:

A.1 (Initial estimators) For the initial estimators  and &, it holds that § -, 0pand kK = (1%3, 1%4) -, Ko, Where
K, is a constant vector; it holds that supyeq |Q7(0, K, 0) — O7(6y, k¢, 0)|, = 0,(1).

A.2 (Uniform consistency) supyeg |Q7(6y, ko, 0) — O (0, ko, ), —, 0.

A.3 (Identification) For any constant € > 0, we have inf\,_g | -, 0.6y, ko, 0)], > 0 = [0, (0, k¢, )15

A.4 (Existence of an estimate) The root of the estimating equation Q,(68, K, 8) = 0 exists.

Assumption A.1 ensures that the initial estimators will not impact the consistency of the second-stage estima-
tion. Assumptions A.2 and A.3 are adapted from the general consistency theorem for the Z-estimator (see, e.g.,
Theorem 5.9 of Van der Vaart, 2000). Assumption A.4 ensures that a solution exists for (21). We acknowledge
that the existence of such a solution is not a trivial issue; however, throughout this section, we assume that a
solution exists. We refer to, e.g., Jacod and Sgrensen (2018), for further discussions on this issue. In addition,
Appendix B.1 provides a detailed discussion of Assumptions A.1 to A.4 in the context of the GARCH(1,1) model.

Theorem 1. Under Assumptions A.1, A.2, A.3, and A.4, it holds that b -, 0,.
The proof of Theorem 1 can be found in Appendix A.1.1.

Remark. Note that in Assumption A.1, k, is only labeled as a constant vector, and we do not impose conditions
(7) and (8) presented in Section 2. This is because the convergence of the nuisance parameters to the true values is
not necessary for the consistency of . In fact, in the case that § and & converge to some other 6* and «*, Theorem 1
still holds if all the Q;(6,, ,,, -) and QO (8, k;, ) in Assumptions A.1-A.4 are replaced with Q,(6*, x*,-) and
0,07, k%, ).

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
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We shall note that Assumption A.2, which pertains to uniform convergence, is comparatively strong. However,
we have the option to adopt an alternative set of assumptions. For instance,

A.2’ (i) (Semi-continuity) For every 8 € O, liminf,_, _|Q;(0,, k. 0)|, > lim;_,  |EQ;(0,, ky, 0)|,, almost surely;
(i1) (Compactness and boundedness) ® is compact, and E (supeeg |07 (6,, Ko, 9)|2) < oo; (ii1) (Pointwise
convergence) |Q7(6y, ko, 0) — O, (05, Ky, )| =, 0 holds for every 6 € ©.

See Appendix B.2 for the verification of Assumption A.2’.
Theorem 2. Under Assumptions A.1, A.2°, A.3, and A.4, it holds that 0 -, 0,.
The proof of Theorem 2 can be found in Appendix A.1.2.

3.2. Asymptotic normality

Here, we show the asymptotic normality of the WOPIV. We first introduce some definitions and abbreviations.
Recall that r,(w,, 6,) = r,(w,(6,), 8,); for any 6,0 € © and initial estimators (¢, ), we define

r,(0) =r,(w,(0),0),
R,(0) = Vr,(6) = 9r,(6)/00' | ,_s»
R, =R,#),R, =R,(6,).D, =D,(x,,0,, k).

Furthermore, we define
1 d ’
A,0) = 7 2 RD,x,0), 0,8 'r,©0),
t=1
1 T
Ar(8) = 2 3 R,(6))D,(x,. 6. k) 'r,(6),
=1
and

T
B,0) = %Z} R'D,(x,(6). 8. %) 'R,(6).
B,(0) = ER'D,(x,(0), 8, )" R,(6)),
B,(9) = E(R,(6,)'D,(x,, 6,, x,)"'R,(6)),
B, =B(6,),
C, = ER,(6,)'D,(X,. 0. k) ~"1,(0,)r,(6,)'D,(X,. 0y, k)" R,(6,)).

Moreover, we define the b-ball around 6 as B(,b) = {0 : |0 — |, < b}, where  is a point within the interior
of ©, and b is a positive constant. Based on these definitions, we impose the following assumptions:

B.1 (Data generating) The sequence {r,(w,,8;)}, is a stationary and ergodic MDS with respect to (w.r.t.) F,_;,
where 7, = 6({y;,X;},,) is the sigma field generated by {y;, x;},.,. The dynamic completeness assumptions
(3) and (4) hold, such that E[r,(w,, §,)|x,] = 0.

B.2 (i) (Differentiability) There exists a positive constant b, such that for all (6, k) € ® X I that satisty |0—6,|, <
b, and |k — K|, < by, it holds that each element of r,(6) is measurable and twice continuously differentiable
w.r.t. 6, each element of D,(x,(6), 0, k)~ is continuously differentiable w.r.t. § and x, and each element of

wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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IMPROVED ESTIMATION OF DYNAMIC MODELS 469

B,(0) is continuously differentiable w.r.t. 6. (ii) (Invertibility) B, and C, are positive definite matrices, and
their maximum eigenvalues are bounded.
B.3 (i) (Uniform convergence) For some b > 0, SUPgep(0,.) (IVST(H) - ﬁo(ﬂ)) = 0,(1); (ii) (Stochastic equiconti-
nuity) A7(8y) — A(0,) = 0,(1/V/T).
Remark. Assumption B.1 reiterates the fundamental conditions applied to the conditional moment function
evaluated at the true 6,,, as previously detailed in Section 2. Assumption B.2 introduces the continuity and dif-
ferentiability conditions that can be satisfied by many models of conditional means and variances. For example,
the analytical forms of r,(#) and D,(x,(0), 0, x)~! of the GARCH(1,1) model, as presented in Section 2.2, satisfy
Assumption B.2. Assumption B.3(i) is required to ensure that IviT(H) eventually converges to B; this assumption
can be verified by similar arguments presented in the proof of lemma B.5 of Richter ez al. (2023). B.3(ii) is adapted
from assumption 5.2 of Newey (1994). It specifies the general stochastic equicontinuity condition that is required

for the ﬁ -consistency of a two-stage Z-estimator.

Theorem 3. Under Assumptions A.1-A.4 and B.1-B.3,
VT - 6,) >, NO,B;'C,B; ). (22)

Moreover, if E(r,(6,)r/(8,)|F,_,) = D,(x,, 0y, k,), it holds that v/T(8 — 6,) —, N(0,B;").
The proof can be found in Appendix A.2.

3.3. One-step estimation

Here, we show the asymptotic equivalence between the one-step estimator 0 and the ideal estimator . The former

is obtained by updating any ﬁ -consistent estimator 6, as presented in (19); the latter is given by (14). To proceed,
we impose:

C.1 Both § and 0 are \/T-consistent estimators of 6.
Theorem 4. Under Assumptions A.4, B.2, B.3, and C.1, it holds that \/7" (5 - 9) = op(l).

The proof is in Appendix A.3.

4. THE MULTI-VARIATE CASE

We now describe the estimation strategy in the multi-variate case. For a d X 1 vector y,, the conditional mean and
variance functions are specified as

E(yzlxt) = mr(Xr’ 90)’ (23)

Var(y,|x,) = Z,(x,, 0,). (24)

The dx 1 vector of error terms is denoted by u,(6,) = y,—m,(X,, 8,). Furthermore, we can suppress the dependence

of the functions m,(x,, 6,) and X,(x,, 6,) on x,, and write the standardized vector as e, < 2.0, (y,—m,(6,)) =
2,(0,)"*u,(6,). Note that e, is a d—dimensional random vector, and @ is a P-dimensional parameter. In the
multi-variate case, we look at the moment vector r,(6y) ysaw+1)/2x1 = (u,(6)', Vech(u,(0,)u,(0,) — Z,(6,))). It
should be noted that Vec is the vectorization of a matrix, and Vech is denoted as a half vectorization. The switching
between Vec and Vech is via a duplication operator D, and an elimination operator L,, such that for an n X n sym-
metric matrix A, we have D, Vech(A) = Vec(A) and L, Vec(A) = Vech(A). Now, we have the following conditional

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
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moment conditions:

E (u,(6,)]x,) = 0, Var(u,(6))|x,) = Z,(x,, 6,),
E (e,|x,) =0, Vec (Var(e,|x,)) = E(e, ® ¢,|x,) = Vec(l,),

where [, denotes the d-dimensional identity matrix. We define the third and fourth conditional moments of e, as
K; = E(e, ® e,¢/|x,) and K, = E(e, ® e,e/ ® €/|x,) respectively. These two matrices are the multi-variate versions
of (7) and (8). In particular, for an i.i.d. standard normally distributed e,, we have K; = 0 and K, =1, + Kd +
Vec(ll,)Vec(l,)’, where Kd is a commutation matrix defined, for example, in Magnus and Neudecker (1979).

Now, we discuss the estimation strategy, which is in general by applying the ones discussed in Sections 2.1 and
2.2 to the multi-variate case. In the following, we describe the case with fully observed x,. The case with partially
observed X, can be obtained by replacing x, with X,(6), as described in Section 2.2. We start by describing how K;
and K, can be similarly estimated from a sample. Let j,, j,, /5, j4. i;, and i, be integers taking values from 1 to d.
Then, we have

T
N . > 1
2 v v
Kyisd™xd — with [Kslg 10y, = 7261 €8y,
t=1

T
N ) ) . ~ _
Kiisd™xd™ with [Kylg, 1, ,-nasi, = Ze ¢, 84,84,

I=l

where étj is the jth element of &, and &, = Z,(é)’l/ z(yt -m(x,, é)) for an initial estimator 6.

For constructing the working variance-covariance matrix, we can preserve certain properties of a Gaussian
distributed random vector by imposing that the elements of e, are independent of each other and have zero means.
It is important to emphasize that this condition, just like conditions (7) and (8) in the univariate case, is not an
actual assumption essential to our theoretical framework. Instead, it serves as a rationale for constructing the
working variance-covariance matrix for our proposed method. If e, is normally distributed, these conditions will
naturally hold. Even without the normality of e,, the working variance-covariance matrix can still capture certain
characteristics of e, that the GQMLE might overlook, potentially resulting in superior performance compared
to the GQMLE. Under this condition, an estimator of ((j, — 1)d + j,) X j;th element of K; can be %Z,T IV; for
Ji =J, =J3 = J, and otherwise 0 (because E(e; ¢; ¢; ) = 0 if two of the elements in (j;, j,,/;) are unequal.) The
{G, = Dd + j,, (j; — 1)d + j, }th element in K, is non-zero when j, = j, = i, and j, = j, = i,,j, = j, = i, and
Jo=J3 = 1'2,j1 =j, =i andj, =j, =i, 0rj, =, —j3 —j4 =j We can then estimate the non-zero element by
(%ZT &2 )= ZT &2 ) for the first three cases, and by Z

t=1 tll =1 n

* for the case of j, =j, =j; =j, =J.
The matrlx D, in Section 2 becomes

tll

def X, X,
D, =Dx,0)=|_, ., (25)
z12, 222,[
where X, is the abbreviation of X,(6,), and
T =LE0)"* ® Z,0,) " K;Z,(0,)' 7,
2, =L (Z,0,)" ®Z,0,)*K,Z.(0,)"* ® X,6,)"/* — Vec Z,(6,)VecZ,(6,)")
L,(Z,0)'* @ Z,(0)'*K,Z,(6,)"/* @ Z,(6,)"/* — Vec 2,(90)Vec2,(00)’)’.
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
Journal of Time Series Analysis published by John Wiley & Sons Ltd. DOI: 10.1111/jtsa.12770

85US017 SUOWILIOD BAIER1D) 3|edl|dde 8y} Ag peusenob 818 s3ple O ‘SN JO S9N o Aig1T 8UlUO A8\ UO (SUORIPUCD-PUR-SWIBHALOD A8 |IM ATeq BUIIUO//SAIY) SUORIPUOD PUe SWIB | 3L} 39S *[5202/50/20] U0 A%iqi8UIlUO AB|IM ‘YRUi0! G IS PAIN AQ 02LZT eSH/TTTT 0T/10p/wod" A3 1m Areiqjeul|uoy/sdiy woly papeoiumod ‘€ ‘S0z ‘Z686.9%T



IMPROVED ESTIMATION OF DYNAMIC MODELS 471

The gradient of the moment functions is a (d + d(d + 1)/2) X P matrix:

Vr,(W,, ) = (=Vm,(x,, 8,)', (L, [~ (4,8 ® I, + I, ® u,(8y)) Vm,(x,,6,) — VVec Z,(6,)])') .

Define R,(0) = E(Vr,(w,,0)|F,_,), and lvl[ = R,(é). The optimal instrument matrix is Z, = lv)t_llvl,, where lv)[ isa
variation of D, that is evaluated at 6, K3, and K,. Then, we can estimate 0, as we previously did for equation (14).

The case with partially observed x, can be handled by replacing x, with X,(8). The approach aligns with what
has been presented in Section 2.2.

5. ESTIMATION PERFORMANCE
5.1. When is the GQMLE asymptotically efficient?

To understand better the circumstances under which we can improve on the GQMLE, we study in this section the

factors that impact the efficiency of the GQMLE. In particular, we study the effect of the third and fourth moments

on the asymptotic variance—covariance matrix. We follow Bollerslev and Wooldridge (1992) to introduce the setup

of the GQMLE. Again, it should be noted that the discussion in this section pertains to the scenario where X, is

observable. For cases involving partially observed x,, one can substitute x, with X,(9), as outlined in Section 2.2.
The GQMLE is defined to be

T

% 1

0 = argmax,cq T Z ,(05y,,X,).
=1

The contribution of observation # to the quasi-log-likelihood function is
Z,0yy,,x,) = —1/2log |Z,(x,,0)| — 1/2(u,(w,, 9)’)21;l (x,, Ou,(w,,0).
By abbreviating u,(w,, 8) as u,(8), we can express the contribution of observation ¢ to the score function as
5,(0) = Vom,(0)'Z,(0)'u,(0) + 1/2V,Z,(0) (,'(0) ® Z,'(8)) Vec(u,(0)u,(0)' — Z,(0)),

where V,X.(0) = V, Vec(Z,(0)) is a d*> X P matrix, and V,m,(0)’ = —V,u,(0) is a P X d matrix.
To study the negative Hessian matrix evaluated at the 6,,, we write V,s,(6,) as

L(6y) = V,m,(0,)'Z,(0,)" V,u,(0,) + 1/2V32t(00)’(2:1(90) ® 2;1(90))%2,(00).
Let us define J, (90) = E[s,(6,)s/(6)]x,]. Through some rearrangements, we get:

J,(09) = Vou,(0)) = (8,)V 4u,(6,)
+1/2V,Z,(0,)Z,(0)" ® Z.(0,)*K;Z,(8,)""/*Vu,(6,)
+1/2{V,Z,0,)Z,0,)"* @ Z,(0,)""* K Z,(8,)/*Vu,6,)}
+1/4V,Z.(0,)Z,(0,)7* @ Z,(0,)"*K,Z,(6,)"* ® Z,(6,)"/*V,X,(6,)
— 1/4V,Z,(6,) Vec(Z,(0,)"" ) Vec (Z,(6,)"HV,Z,(6,)
=J + I+, + T+,

Let ‘plim’ denote the probability limit. Then, we define J,(8) = plimr_,oo%E[T:]J,(G), Jo = Jo(6y), I,(0) =
plimT%O%Z[T:llt(H), and I, = I,(6,). Under some regularity conditions, the asymptotic variance of the GQMLE
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is ISIJOI(;1 (see, for example, Theorem 6 in Appendix A.4). If the conditional distribution of e, is indeed a

standardized multi-variate Gaussian, we have I, = J), and the asymptotic variance would hit the lower bound Jal.
The variance of a GQMLE depends on the analytical form of J,(6,) and I,(6,). In the one-dimensional case of

K-
a GARCH(p, ¢) model, m,(f) = 0, and thus J,, = 0 and J,, = 0. We can see that J,(6,) = 4711,(60). If 2, the
fourth moment of a Gaussian random variable, equals 3, then J,(6,) = L,(6,), and the asymptotic variance will hit
the lower bound. This corresponds to the findings of Francq and Zakoian (2004). Now we define

T
. 1
Joo + T + T30+ T4 = thrquZ(Jzz +I, + 35+ 1)
t=1

The following proposition explains how, in the case where the model specified in (23) and (24) is not generated
from standard Gaussian-distributed innovations but is estimated using the GQMLE, the deviation from the optimal
variance matrix can be attributed specifically to the skewness matrix and the fourth-moment matrix.

Proposition 5. Let us assume that (i) the model satisfies equations (23) and (24), (ii) the model is dynamically
complete and has a consistent GQMLE, (iii) the innovation e, has a finite fourth moment, and (iv) the GQMLE is

asymptotically normal, then the efficiency loss of the GQMLE is V,, = Ial(Jzo + 1+ T30 + T — L)', with

def . . . . def —_ - . . .
Vv, = Ial(JZO + )L ! being associated with the skewness matrix, and V, = I, lJ3OIOl being associated with the

fourth-moment matrix.

Based on Proposition 5, we can analyze scenarios regarding the overlap of mean and variance parameters. Let
us first look at the case when the mean parameter and the variance parameter do not overlap, i.e., 8 = (§,y'),
where f is a P, X 1 mean parameter, and y is a P, X 1 variance parameter. Then, the item V,u,(6,) consists of
V1, (80) sxp, and V,u,(6)yyp, (= 0), and the item VX (6,) contains VX, (6,)(= 0) and V, X,(6,). Then, we have

I, 0\ der 1 L
1 e .

=1, =plim — E L6,
<0 12> 0 P T—>c>oT[=1 t( 0)

_(plim 23V, (0,)Z,(0) 1V yu,(0p) 0
0 plim;_ 7Y, 1/2V,Z,(0,Y0,V,%,6,) )

where 0,, = £7(6,) ® £ (6,).

To investigate the role of the third and fourth moments of e, on the variance of the estimator, we look at J,,
concerning the third moment matrix K, and J,; concerning the fourth moment matrix K,. Ideally, if the distribution
of an innovation is symmetric, we should have K; = 0, which is true for a Gaussian vector. Any deviation from
K, = 0 would contribute to the deviation of J, from I,,. Furthermore, we define

; 1 2 ’ 0 DKS . 1 4 0 o
phmT—mo?;(J[Z + Jt2) = D;O 0 ’phmT—mo?ZJa = 0 E , s
3

where D,y = plimT_,w%Zthl1/2Vy2,(90)’2,(90)“/2 ® Z,(60)*K3Z,(60)7" 2V ju,(6,) is a P; x P, matrix, and
Eo =plim;_ lTZIT:I 1/4V,Z,(0,)'Z,(6))7"* @ Z,(0,)7/* K, Z,(8,)""/> @ Z,(6,)"'/*V,Z,(6,) is a P, X P, matrix.
Then, the impacts arising from the skewness matrix and the fourth-moment matrix are expressed as follows:

0 I'DoL! 0 0
Vi=\p, 1 o ) Y+=\o rEa)
1702 2
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In sum, we can see that if the parameters do not overlap, the third moment does not affect the asymptotic
variance of the estimated mean parameter f and variance parameter 7, but plays a role in their covariance. The
fourth moment plays a role only in the variance of the estimated variance parameter . However, if they overlap,
both the third and fourth moments of errors play a role in the variance—covariance matrix of the GQMLE.

Again, we take the one-dimensional case as an example: If the mean and variance parameters overlap, both K3°
and Kff generally play a role; if the mean and variance parameters vary separately, K3° does not affect the variance of
the GQMLE. Particularly, in the case where no conditional mean is presented, such as in a GARCH(p, ¢) model,
we have V,m,(0) = —V,u,(0) = 0. Thus, it holds that J,(6,) = J,; + J,4, and the parameter § does not exist
anymore. In this case, § =y, I, = 1,, and plimTqm%erzlJ B = E’(ff' Consequently, only the fourth moment plays
arole in the asymptotic variance of 7.

5.2. Comparison with semi-parametric methods of dynamic models

Here, we compare the proposed WOPIV method with the semi-parametric method of dynamic models of Ana-
tolyev (2003, 2007), Hafner and Rombouts (2007) and Di and Gangopadhyay (2011). See Section 6.3 for the
comparison of Monte Carlo simulation results.

5.2.1. Comparison with Anatolyev (2003) and Anatolyev (2007)

These two papers utilize the full information of higher-order moments to specify the OPIV. In the case of the model
described by (1) and (2), the correct specifications of the third and fourth moments are needed, whereas our working
instrument matrix only requires the knowledge of the first two moments. Consequently, our estimator could be
less efficient than the one proposed by Anatolyev (2003) if the third and fourth moments are known and deviate
from the specifications in (9) and (10). Nonetheless, the WOPIV does not depend on the correct specification of
the higher-order moments of the innovation terms.

5.2.2. Comparison with Hafner and Rombouts (2007) and Di and Gangopadhyay (2011)

These two methods are similar in that they both estimate the innovation term’s density function non-parametrically,
subsequently plugging the estimates into a second-stage likelihood function and solving for the plug-in MLE. In
the second stage, both methods need to deal with the plug-in bias arising from the first-stage non-parametric esti-
mation. While Hafner and Rombouts (2007) add correction terms to the semiparametric likelihood score function
(Proposition 3 of Hafner and Rombouts (2007), on p. 259), Di and Gangopadhyay (2011) directly subtract an
estimated bias term from the semiparametric MLE (Theorem 3.3 of Di and Gangopadhyay (2011), on p. 262).
As both methods employ non-parametric techniques to estimate the unknown density function of the innovation,
they are, to a certain extent, immune to model misspecification. If their first-stage non-parametric estimators of
the innovation’s density function, along with the corresponding estimated correction terms, fulfill certain regu-
larity conditions, their methods can achieve the semi-parametric efficiency bound and cannot be beaten by other
regular estimators. In comparison, we employ a working variance-covariance matrix. Deriving this matrix is com-
putationally lighter since we estimate only the skewness and kurtosis of the unknown innovation, rather than its
density function or the bias correction term. Although our variance—covariance matrix may be misspecified, as
discussed in the article, any potential misspecification should not impact the consistency. The efficiency improve-
ment over the GQMLE hinges on how closely the working variance—covariance matrix approximates the true one.
Simulation results presented in Section 6 demonstrate that our proposed WOPIV performs effectively. Further-
more, as mentioned in the introduction, both semi-parametric methods impose an i.i.d. restriction on standardized
innovations. In contrast, our proposed method only requires the innovations to be MDS.

In addition, the performance of the semi-parametric estimators proposed by Hafner and Rombouts (2007)
and Di and Gangopadhyay (2011) depends on proper choices of tuning parameters, while the WOPIV is
tuning-parameter-free. In Section 6.3, we present a Monte Carlo comparison that both WOPIV and the semipara-
metric method proposed in Hafner and Rombouts (2007) (HR hereafter) can outperform the GQMLE. In an ideal
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setting, HR can achieve the best performance among the three methods. However, this is contingent on proper
choices of tuning parameters. In comparison, our WOPIV method is tuning-parameter-free and easy to imple-
ment. In simulations, it outperforms the GQMLE by a considerable margin if the underlying innovation is skew
normally distributed.

6. SIMULATIONS

To assess the performance of our method, we run four Monte Carlo simulation experiments, comparing the finite
sample performances of the WOPIV, the GQMLE, and the semi-parametric method proposed in HR. In the fol-
lowing Sections 6.1 and 6.2, we show that, for both univariate models and multi-variate models, our method
significantly outperforms the GQMLE when the normality assumption is violated. When the innovation terms #,
are normally distributed, the two methods perform similarly. Our experiments encompass sample sizes ranging
from 200 to 2000, with 1000 Monte Carlo replications. We employ the function rsnorm from the R package fGarch
to generate series of the skew normal distribution. The resulting series has a skewness Kg) ~ 0.78 and a kurtosis
0

K, ~ 3.49 (the arguments of the function rsnorm in the package fGarch are chosen as mean = 0, SD = 1, and

xi = 2), compared with the standard normal distribution where K'30 =0 and Kf =3.
6.1. Univariate models
We first show the Monte Carlo results for the univariate GARCH model.

6.1.1. Data generating process
Case 1: GARCH(1,1). As discussed in Example 1, we have

™
I

t = O

2 2
=w,+ age;_| + ﬂocr,_l, (26)

Q
|

where the noise term 7, e (0, 1). In the notations of the general model specified in (1) and (2), we have y, = ¢,
and x, = (g,_y,0,_,)". The parameter of interest is 8, = (w,, &, f,)’. Based on our discussion in Section 2.2, the
estimating equation (18) is replicated here:

2 2 =2
et—(w+r1£r7]+ﬁa'7l(9)) = =305
—6?@) K30, (B)e,

1 e2—(w+ae’ | +45> | (0)) a3 _

Z &,4(]?)) l 6t2—1 — K30, 3(9)8?—1@ =0. 27

£2—(w+ae’ | +§52 () . < a3 K m <

052 (B) - 155705, O,

In comparison, the GQMLE score function of the GARCH (1,1) is (see, e.g., p. 143 of Francq and
Zakoian (2010))

£r2—(w+nt£,2_l +ﬂ5_r2—l )

T 510
2 2 =2

Z > —<w+ae~,4_ | +857, (0) 5,2 = 0. (28)

=1 5,0 B

2 2 =2
g —(w+ae,_ +p6,_,(0) .o
540) O ©)
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Table I. Simulation results of GARCH(1,1), with @, = 0.1, a, = 0.3, and f, = 0.6

T Methods i, fy Ay MSE, MSE, MSE,

7, is standard normal

500 GQMLE 0.1125 0.2956 0.5860 1.5010 3.0996 6.5017
WOPIV 0.1118 0.2935 0.5862 1.4907 3.0848 6.5737

1000 GQMLE 0.1059 0.2973 0.5939 1.0612 3.1335 5.5281
WOPIV 0.1056 0.2965 0.5938 1.0682 3.1256 5.5803

2000 GQMLE 0.1030 0.2989 0.5962 0.8951 2.9028 5.0283
WOPIV 0.1029 0.2985 0.5962 0.8927 2.8907 5.0296

7, is skew normal

500 GQMLE 0.1101 0.2921 0.5917 1.3161 3.8766 6.6624
WOPIV 0.1066 0.2920 0.5947 0.9969 3.3153 5.5099

1000 GQMLE 0.1072 0.2988 0.5900 1.2716 3.9706 6.8525
WOPIV 0.1042 0.2965 0.5954 0.9202 2.9511 4.9964

2000 GQMLE 0.1049 0.3019 0.5920 1.1439 4.0527 6.5567
WOPIV 0.1034 0.3007 0.5943 0.8121 3.0785 4.8870

6.1.2. Simulation results
Table I presents the Monte Carlo averages and mean square errors (MSE), multiplied by T, for each of the 1000
estimates in Case 1. The true values are set to be (@, &, f;) = (0.1, 0.3, 0.6). Throughout this section, we use f,
and MSE, to denote the averages and MSEs of the Monte Carlo estimates for the respective parameters in each
case.

In Case 1, to understand the different performances of WOPIV and GQMLE, we can compare the score functions
in (27) and (28). Note that the term —El does not influence the solution of (27) and can be ignored. The score

function of the WOPIV (27) contains an additional element in each row. These elements are products of the
estimated skewness K and some zero-mean terms. If the original distribution is symmetric, such as the normal
distribution, we have K = 0. In this situation, the WOPIV should be approximately equivalent to the GQMLE.
If the skewness of #, is non-zero, the WOPIV should capture this information and beat the GQMLE in terms of
efficiency. Table I supports this conjecture.

By comparing the Monte Carlo averages to the true parameters, we observe that both GQMLE and WOPIV
generally appear to be asymptotically unbiased. The upper panel shows the simulation results where #, follows the
standard normal distribution, which implies Kg = 0. In this case, the estimation performances of the GQMLE and
our method become very similar. The lower panel shows the case where 7, follows the skew normal distribution
and K ~ 0.78. With a non-zero K , the GQMLE is no longer efficient, and we see that our method has achieved
1mpr0ved performance in terms of MSE for every sample size and every parameter (highlighted in bold). For
example, in the sample size n = 2000, the Monte Carlo MSE of @ has dropped from 1.14 to 0.81, and the Monte
Carlo MSE of « has dropped from 4.05 to 3.08.

6.2. Multi-variate models

6.2.1. Data generating process
Here, we present that our methods can perform well in multi-variate models. For simplicity, we consider
two-dimensional cases. Let n, = (1, ,,,,)" be an i.i.d. two-dimensional random vector with a variance-covariance

matrix <(1) ?), fori = 1,2, we have k) = E(nit), and ) = E(ngt).

In Section 4, we have defined

Et 2"12 t
D, = Var[r,(w,, 0p)|x,] = _, .,
Z12,; zzz,z
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where X, is the abbreviation of X,(x,, 8) defined in Section 4, X', = L,X? @ /’K X!, and X ,, = L,(Z* ®
22K, X2 @2~ Vec X, VecE)) L, (X!? ® TK,E!* @ £!/% — Vec E,VecZ!)'. For the i.id. two-dimensional
innovation #,, we have

1 0 0 0
L=|o 1/2 1/2 o],
0 0 0 1
k) 0 )0 0 1
0 0 0 1 1 0
Ky =Em®nap=| | K=E@®nu@m=|
0 5 1 0 0 &

6.2.2. Case 2: CCC-GARCH
Next, let €, = (g, ,, &,,)" be a two-dimensional vector, and we have the Constant Conditional Correlations model:

12
£, = Zt/ n,
%, =ATA,
2 _ 2 2
o), =0 o, +hoy,

2 _ 2 2
0y, =Wy + ey, + oy, s

0 oy, p1
havey, = ¢, and x, = (¢,,_,,0,,_1,€,,_,,0,,_,)". We reparameterize p = sin§ (and § = arcsin p) to ensure that I,
is a well-defined correlation matrix.
Then we have

where A, = (6"’ 0 > and I, = (1 P ) . In the notations of the general model specified in (23) and (24), we

€1

82,t
r(w,0) =& —(w, +a,e2  +p62 )
Wy U 1t 1 1€1,-1 =171
€1 ,&,; — SINéo | ,0,,

2 2 2
&, (0 + me;,  +ho5, )

where the parameter of interest are 6, = (@,, a;, f;, ®,, @5, f,,6)’, and

0 0 0 0 0 0 0
0 0 0 0 0 0 0
R, =- 1 gir—l O-it—l 0 0 0 0
sin éo. sin éo. sin éo; sinéo sinéo sinéo
20']‘,2" 20']‘,2" %J—l 2617,2J 12,1—1 262;’ 262;’ ;f—l 20’27,‘“ if—l 01,402, COS 6
0 0 0 1 eg’ 1 O'i - 0

With D, defined in (25) and following the procedure described in Section 2.2, we can derive the sample moment
condition ZITZIZ:r,(v”V,(G), 0)=0.

wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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6.2.3. Case 3: BEKK-GARCH

Let us consider the BEKK-GARCH model
&= 23/2’7:
Z,=C+A¢ e/ A'+BX_B.

In the Monte Carlo simulation, we set

For this model, we have

€t
r,(w, 0y = sit —(c; + a%leit_l) ,
€180, = (Crp + € 4_189,1011ay)
£§,t —(epn+ a§2£§,r—l)

where the parameters of interest are 6, = (¢, ¢y, €y, ;1> dy) - In the notations of the general model specified in
(23) and (24), we have y, = ¢, and X, = €,_;, and

0 0 0 0 0

0 0 0 0 0
R,=-|1 0 O 2a,,£it_1 0

0 1 0 ape, &5y a8

0 0 1 0 2ay¢;,,

With D, defined in (25) and following the procedure described in Section 2.1, we can derive the sample moment
.. T N/
condition }} _ Z r(w,,0) = 0.

6.2.4. Simulation results

Here, we show the results of the simulation study. Tables II and III present the Monte Carlo averages
and MSEs (multiplied by 7) from 1000 estimates for Case 2 and Case 3 respectively. The true val-
ues are (w,qy,f, 05,0, 0,,p) = (04,0.8,0.15,0.2,0.7,0.2,0.7) for the CCC-GARCH(1,1) model, and
(€115 €125 Cap» 115 Ay) = (0.8,0.5,0.7,0.6,0.5) for the BEKK-GARCH model.

In Case 2, both GQMLE and WOPIV appear to be consistent and asymptotically unbiased. We note that in both
the upper panel and lower panel of Table II, the Monte Carlo means of estimates, fi’s, converge to the true values
as sample sizes increase, and the magnitudes of the biases are generally minimal. Therefore, we can focus on
the comparison of variances. As demonstrated in Section 4, our proposed method for multi-variate cases involves

estimating both K, and K,. The upper panel of Table II shows the simulation results with #, b N(0,I,), which
implies

30 01
01 10
K,= 0 and K, = .
37 4x2) 4710 11 0
1 0 0 3
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Table II. Simulation results of CCC-GARCH (1,1), with (®,, a;, f,, @,, @5, 5, p) = (0.4,0.8,0.15,0.2,0.7,0.2,0.7)

Mean

T

500

1000

2000

Variance
T

500

1000

2000

Methods
GQMLE
WOPIV
GQMLE
WOPIV
GQMLE
WOPIV

Methods
GQMLE
WOPIV
GQMLE
WOPIV
GQMLE
WOPIV

n, is skew normal

Mean

T

500

1000

2000

Variance
T

500

1000

2000

Methods
GQMLE
WOPIV
GQMLE
WOPIV
GQMLE
WOPIV

Methods
GQMLE
WOPIV
GQMLE
WOPIV
GQMLE
WOPIV

0.4086
0.4058
0.4068
0.4052
0.4042
0.4030
6'2
@
2.5501
2.0396
2.3926
1.8615
2.3407
1.9055

0.7995
0.7994
0.8010
0.8025
0.7970
0.7971

6'2

L
5.4769
4.5859
5.4903
4.8035
4.7825
4.3984

0.1444
0.1445
0.1490
0.1497
0.1489
0.1491

A2
B

1.0231
1.0811
1.0416
1.2147
0.9328
1.0558

Hp,
0.1473
0.1473
0.1464
0.1454
0.1488
0.1490

6-21
1.4274
1.2229
1.2257
1.0580
1.1856
1.0963

ﬁ“’z
0.2034
0.2025
0.2022
0.2014
0.2014
0.2011

0.5621
0.6008
0.5766
0.5882
0.5284
0.5683

0.2022
0.2009
0.2038
0.2032
0.2022
0.2019
7
0.6263
0.5260
0.6864
0.5784
0.6335
0.5701

Hq,
0.6953
0.6895
0.7002
0.6971
0.6989
0.6975

~2
*@

3.9147
3.6312
4.4586
3.9711
4.4659
3.9433

0.1951
0.1957
0.1974
0.1979
0.1992
0.1994

A2
b

1.4554
1.6261
1.3152
1.4830
1.2467
1.3947

Hp,
0.1992
0.1993
0.1954
0.1945
0.1976
0.1973

A2
Gﬁz

1.7264
1.5843
1.7915
1.5975
1.5817
1.4392

A2

0.2603
0.2632
0.2454
0.2478
0.2344
0.2409

Across all sample sizes, the Monte Carlo variances of WOPIV and GQMLE are very close, indicating that the two
methods exhibit similar performances when the innovations follow a standard normal distribution.
The lower panel of Table II shows the case where #, follows the skew normal distribution with

where k¥ ~ 0.78 and

A
wo

o o O

o o O

and K, =

o o A

p—

~ 3.49. As predicted, the GQMLE is no longer efficient due to the model misspecification.

We see that our method has achieved smaller variances in every sample size and almost every coefficient, as

highlighted in bold.

wileyonlinelibrary.com/journal/jtsa
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Table III. Simulation results of BEKK-GARCH, with ¢;; = 0.8,¢;, =0.5, ¢, =0.7,a;; = 0.6, and a,, = 0.5

T Methods i, A, A, Ao, Ao, MSE,,  MSE,, MSE,, MSE,, MSE,,

7, is standard normal

500 GQMLE 0.8018 0.5029 0.7023 0.5966 0.4928 2.3033 1.1891 1.3228 1.3367 1.3493
WOPIV 0.7973 0.4999 0.6980 0.5944 0.4909 2.3343 1.1811 1.3259 1.3410 1.3698

1000 GQMLE 0.7987 0.4991 0.6987 0.5985 0.4971 2.3419 1.2341 1.4147 1.2844 1.3237
WOPIV 0.7962 0.4977 0.6967 0.5974 0.4962 2.3638 1.2487 1.4470 1.2915 1.3235

2000 GQMLE 0.7996 0.5002 0.7001 0.5990 0.4991 2.2034 1.2320 1.4746 1.2845 1.2059
WOPIV 0.7985 0.4995 0.6990 0.5986 0.4987 2.2051 1.2259 1.4719 1.2869 1.2081

7, is skew normal

500 GQMLE 0.8020 0.5032 0.7016 0.5936 0.4930 2.5672 1.2991 1.6204 1.5426 1.4141
WOPIV 0.7977 0.5008 0.6995 0.5930 0.4924 2.0405 1.1562 1.3030 1.3291 1.2210

1000 GQMLE 0.7981 0.4988 0.6975 0.5975 0.4996 2.5126 1.3372 1.8252 1.5768 1.4566
WOPIV 0.7964 0.4976 0.6960 0.5978 0.4988 2.1277 1.2239 1.5045 1.3145 1.2225

2000 GQMLE 0.7997 0.5003 0.6999 0.5973 0.4970 2.7286 1.3321 1.8529 1.6249 1.5519
WOPIV 0.7999 0.5001 0.6997 0.5968 0.4971 2.2430 1.2109 1.5833 1.3074 1.2955

In Case 3 for the BEKK-GARCH model, we see the same pattern: our methods and the GQMLE have similar
performances if the underline #, is correctly specified as N(0, I,). If #, is drawn from a skew normal distribution,
our method outperforms GQMLE in every sample size and every parameter.

To summarize, in both univariate models and multi-variate models, the simulation results show that our method
has good performance. While the GQMLE and our methods perform similarly in the case of normally distributed
#,, our method outperforms the GQMLE in the case of skew normally distributed #,.

6.3. Comparison with a semi-parametric estimator

Here, we compare our proposed WOPIV, the GQMLE, and the method proposed by Hafner and Rombouts (2007)
(HR). The data generating process is similar to Case 1: For each sample size n = 200, 500 and 1000, we generate
1000 Monte Carlo samples from a GARCH(1,1) model with (w,, a,, f,) = (0.1,0.3,0.6). For the HR, we try two
different bandwidths: r - n=2/> and r - n~='/3, where r is the range of the normalized residuals. See section 3.2 of
Hafner and Rombouts (2007) (pp. 261-263) for more details on the implementation of their method (Table IV).
If #, is standard normally distributed, the performance of the three methods is similar. The GQMLE has a slight
edge over the other two, which is reasonable given that it is efficient in this case. If #, is skew normally distributed,
both WOPIV and HR outperform the GQMLE across all sample sizes and parameters. For the HR, the choice
of bandwidth plays an important role: When selecting a bandwidth of 4 = r - =%/, the HR demonstrates the
best performance, with the WOPIV exhibiting larger MSEs than the HR but still significantly outperforming the
GQMLE. When opting for a bandwidth of & = r - n~!/>, the WOPIV emerges as the superior method. In this
case, the HR has larger MSEs than the WOPIV and only marginally surpasses the GQMLE. In sum, the HR
can achieve the best performance when the bandwidth is appropriately chosen. Meanwhile, the WOPIV offers
a tuning-parameter-free, easy-to-implement method that can outperform the GQMLE when the innovation is
not Gaussian.

7. APPLICATION

Here, we illustrate the application of our methodology by analyzing the stock price series of Amazon (AMZN).
We have gathered daily observations from January 2013 to December 2017, resulting in a total of 1500 data points.
The data source is Yahoo Finance, https://finance.yahoo.com. Figure 1 displays the original series, illustrating a

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
DOI: 10.1111/jtsa.12770 Journal of Time Series Analysis published by John Wiley & Sons Ltd.
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Table IV. Comparison between GQMLE, WOPIV and HR for GARCH(1,1) with @, = 0.1, ay = 0.3 and g, = 0.6

T Methods h A, i, Ay MSE, MSE, MSE,
n, is standard normal
200 GQMLE — 0.1417 0.2832 0.5540 3.5848 3.0821 9.7503
WOPIV — 0.1410 0.2793 0.5514 3.6418 3.1293 10.6301
HR O0p(n~2) 0.1400 0.2817 0.5523 3.3366 3.2169 10.3751
HR Op(n='7%) 0.1401 0.2803 0.5529 3.3672 3.1070 10.2860
500 GQMLE — 0.1125 0.2956 0.5860 1.5010 3.0996 6.5017
WOPIV — 0.1118 0.2935 0.5862 1.4907 3.0848 6.5737
HR Op(n~2/) 0.1121 0.2941 0.5863 1.5222 3.2294 6.7409
HR Op(n~173%) 0.1120 0.2942 0.5861 1.4875 3.0699 6.5164
1000 GQMLE — 0.1059 0.2973 0.5939 1.0612 3.1335 5.5281
WOPIV — 0.1056 0.2965 0.5938 1.0682 3.1256 5.5803
HR Op(n™2/) 0.1058 0.2969 0.5936 1.1150 3.3126 5.8068
HR O0p(n='7%) 0.1057 0.2968 0.5938 1.0564 3.1294 5.5321
n, is skew normal
200 GQMLE — 0.1508 0.2895 0.5334 3.9382 3.8102 11.2614
WOPIV — 0.1444 0.2927 0.5376 3.7112 3.1911 10.2598
HR O0p(n™2) 0.1439 0.2930 0.5387 3.5037 2.8889 9.6033
HR Op(n='7%) 0.1508 0.2895 0.5322 3.9975 3.8124 11.3887
500 GQMLE — 0.1101 0.2921 0.5917 1.3161 3.8766 6.6624
WOPIV — 0.1066 0.2920 0.5947 0.9969 3.3153 5.5099
HR O0p(n~2) 0.1075 0.2947 0.5916 0.8342 2.4666 4.4345
HR Op(n~'73%) 0.1098 0.2917 0.5913 1.2667 3.7642 6.6063
1000 GQMLE — 0.1072 0.2988 0.5900 1.2716 3.9706 6.8525
WOPIV — 0.1042 0.2965 0.5954 0.9202 2.9511 4.9964
HR Op(n~2) 0.1037 0.2968 0.5960 0.6682 2.2406 3.7268
HR O0p(n='7%) 0.1072 0.2990 0.5900 1.2451 3.9116 6.7115
g 1 i
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Figure 1. Series of the stock prices of AMZN
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Figure 2. First difference in log prices of AMZN

Table V. Summary statistics of the AR(3) residual of the differenced logarithmic series of stock price

Series Mean SD Min. Max Standard skewness Standard kurtosis
Original 495.4334 266.8574 175.93 1195.83 0.7854 2.3485
Residual 0.0000 0.0157 -0.1330 0.0841 -0.3704 9.3648

Table VI. Estimation results of GARCH(1,1) for GQMLE and WOPIV

Methods @ a B

QMLE 1.0814 0.2519 0.3534
(0.0850) (0.0142) (0.0342)

WOPIV 1.0161 0.2657 0.3706
(0.0791) (0.0143) (0.0325)

clear indication of the presence of trends and potential autocorrelation. To remove these trends and autocorrelation,
we work with the AR(3) residual of the logarithmic first-difference series of these prices. Figure 2 presents these
series (re-scaled by 100), and Table V provides a summary of their descriptive statistics.

Compared to the original price series, the time series after pre-processing no longer exhibits non-stationarity.
However, the sample skewness and kurtosis of both series suggest clear deviations from the normal distribution.
For both QMLE and our proposed method, we fit the GARCH (1,1) model. The parameters of interest are 8 =
(@, &y, By), with the model specified as

&

r(w,0,) =
(W:- 60) e2 — (wy + aoetz_] + ﬂoc,z_l)

Table VI summarizes the estimation results for both the QMLE and the WOPIV. The estimates of (@, «,, f,) are
reported, along with their SDs in the bracket. We observe that the estimates from the QMLE and the WOPIV are
close to each other. All the coefficients are highly significant, and the standard deviation of our proposed method
is generally smaller than those of the QMLE. Overall, the outcomes from both simulation and application support
our estimation strategy.

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
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APPENDIX A: PROOFS AND OTHER RESULTS

Here, we present the proofs of the main theorems. In addition, the asymptotic results of the GQMLE are also
included.

A.1. Consistency
A.l.1. Proof of Theorem 1
Proof. By A.4, we have Q; (6., é) = 0. Thus,

1070, %, 0)l, <108, %,6,)l,
=107(6p, k¢, 0p)1> + 0,,(1)
=100y, k0, ), + 0,(1), (AD)

where the first inequality follows from A.4, the first equality follows from A.1, and the second equality follows
from A.2. Subtracting |Q,(6,. k,, 8)|, from both sides of (A1) yields

1078, &, 0)], — 100y, k0- D)5 < QB K> 0) |3 — 10 (B K. D)1 + 0, (1),
107(85. k0, O], + 0,(1) = 10, (B, K6, D)5 <0 = |0, (B, K. D)1, + 0, (1),
0,(1) + 0,(1) < =|Q, (6, K0, O], + 0, (1),
104 (65, K0, D], < 0,(1), (A2)
where the second inequality follows from A.1 and A.3, and the third inequality follows from A.2. By A.3, for any

€, there exists # such that for any # € 0, it holds |0 — 6,], > € = |0 (6,, Ky, 0)|, > 1. By taking 6 = 0 in the
preceding expression, we obtain

P(10-0yl, > €) <P (10,0 k. D), > 1) > 0,

where the — follows from (A2). Thus, |6 — Oyl = 0,(1). [ ]
J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
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A.1.2. Proof of Theorem 2

Proof. Recall that the b-ball around 8 is defined as B(0,b) = {0 : |6 — 0], < b}, where @ is a point within the
interior of ®, and b is a positive constant. For k = 1,2, ..., let B, 1 /k) be a sequence of shrinking open balls
centered around . For any 6, € © that satisfies 8, # 6,, we have

lim inf lim |[EQ;(0y, kg, D)5 1T 1040y, kg, 0], > 0 =08y, k5, 85, (A3)

k—c0 0€B(0,,1/k) T>o

where the 1 follows by the monotone convergence theorem, and the inequality follows by A.3.
Thus, for this 8,, we can find a large enough positive integer k(6,) such that

963(0111:11[;]{(0[)) Th—{?o [EQ7(0y, k9, D), > 0 = |0, (8, k¢, Op)| .- (A4)

Considering ©, = {0 : 10 —6,|, > €} for a positive constant g, by A.2°(ii), we can find a finite set of / points,
such that {6;}_, € ©, and ®, C U,_ B(6;, 1/k(6,)). Furthermore, let us define

5= min[i el{lfl lim Qeg(ggf/ . Tll_{?o [EQ(6,, k5, )], 11. (AS)
By (A4) and I < oo, it holds that 6 > 0. By A.4 and the definition of {Gi}le, we have P(|0 — Oyl > €) <
P(inf,_, ;infoepg 1)) |Qr(6. K, 0), — 1078, %,6,)], < 0). Next, we show that the right-hand side of this
equation is o(1). 5

By A.1, A.2°(i), (A3), and (AS), it holds that P[inf,_, ., infyepp 1k, |Qr(0. K, 0)], < 6/2] = o(1). By A.1 and
A.2’(iii), it holds that P(IQT(é, K,05) — 0,0y, k5,00, > 6/2) = P(|QT(5, K,6,)|, = 6/2) = o(1). Consequently,
P10 — 0y| > &) < P(inf_, _,infoepp 1 uo 190, K, 0)], — |Q1(6, K, 6,)], < 0) = o(1). L

A.2. Proof of Theorem 3

Before we begin the proof, let us first review the notations defined in Section 3.2. For any 0,0 € © and initial
estimators (0, K), we have

r,(0) =r,(w,(0),0),
R,(0) = Vr,(0) = or,(6)/00' | ,_;
R, =R,#),R, =R,(6,).D, =D,(x,,0,. k).

Further,
1 T
v N N
Ar(0) = = X RD,(x,6).0.%)'r,(6),
=1
1 T
A7(0) = = > R (6))'D, (x,. 0. 5)'r,(0).
=1
and
1 T
-« N N
B,(0) = 7 2 RD,(x,0).0.0)7'R,(©),
=1
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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IMPROVED ESTIMATION OF DYNAMIC MODELS 485

B,(6) = ER'D,(x,(0), 6, &)"'R,(0)),

BO(H) = E(R,(QO)'D[(X,, 90, KO)_IRt(Q)),

B, =B,(6,),

C, = ER,(6,)'D,(x,, 0y, k) ~',(0,)r,(8,)D,(X,, 0y, k)" R,(6,)). (A6)

Proof. We start with equation (21),
1 4 ’
T Y RD,(x,(0),0,%)'r,d) =0.
t=1

We are interested in 8, the root of this score function. A Taylor expansion leads to

T
0= %Z RD,(x, (8),0,%) 'r,@)
t=1
lTv/ “\oxo -l lTv/ N ~ /A
=7 RD,(x,(6).0,k) r(6,) +?2R,D,(x, (8).6.%) Vr,©) (6-9,),
=1 =1

where @ is a vector that is between § and 0, (in an element-wise sense). By B.2(ii) and some rearrangements, we
have

T
A 41 -1
VT (0-6,) =-B;'— > R'D,(x,.60.%,) ", (6,)
T =1
1 4 1
— ~/ ¥ Yoo\ -1
_ BOIWZ [RD,(x, (6).6.%) " = RD, (x,.00,0) "] v, (00)
t=1
- B()l (ﬁT(é) - Bo) ﬁ (9 - 90)
=I1+11+1Il.
By B.2(i) and B.3(ii), it holds that I = 0,(1). By A.1-A.4, we have 6 —, 0y, which implies ] -, 0y. As aresult,
ﬁr(é) -B, = op(l) holds by B.2(i) and B.3(i), leading to /1l = 0, <ﬁ((§ — 00)>. Thus,

T
VT (6-0,) = —%Bgl 3 RD, (x,,60.5,) T, (6,) +0, (ﬁ(é - 90)) : (A7)
=1

Consequently, the first term of the right-hand side of (A7) is the leading term.

Define ¢, = B,'R!D,(x,,6,,k,)7'r,(8,). For an arbitrary P-dimensional vector c, £, i ¢, is a station-
ary and ergodic MDS by B.1, and its variance is finite by B.2(ii). As a result, lim,_ _E [(—\Lﬁ >, §[>2] =
E(¢'B,'CyB;"c). Then,

VT(@ - 6)) >, N0.B;'C,B;") (A8)

follows from the CLT for the MDS (Billingsley (1961); see also corollary A.1 of Francq and Zakoian (2010)), the
Cramér Wold device, and (A7).

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
DOI: 10.1111/jtsa.12770 Journal of Time Series Analysis published by John Wiley & Sons Ltd.
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Finally, if the variance—covariance matrix is correctly specified, namely, E(r,(6,)r](6,)|x,) = D,(x,, 6, k), then,
C, = ER,(0))'D,(x,, 0y, k) ~'r,(0)r/(8,)D,(X,. 65, k) 'R, (6,))
= E(E(R,(6))'D,(x,. 0. k)" r,(6,)r/(0,)D,(x,. 6. k) 'R, (6,)x,))
= E(Rt(eo)’D[(Xp 6()a K())_IE(r[(HO)r:(GO) |X1)D[(X[9 009 KO)_] R[(QO))
= E(R,(8,)D,(x,,0,, k) 'R,(8,)) = B,,.

Consequently, the asymptotic variance-covariance matrix of (A8) becomes Bgl. [ |

A.3. Proof of Theorem 4

Proof. Define Q,(9) = %zlef{; D,(x,(6), 0, ¥)~'r,(9). Under A.4 and B.2(i), equations (14), (19), and (A6) yield
the following equalities:

09
= 00,(0)/90'|,_s.
0=0-B,6)"0,0).

0,
B.(0)

Rearranging the last equality, we have
~07(0) = B(6)(@ - 0). (A9)
Extending QT(é) = 0 around yields

0=070) +B(0)(@ - 0) + 0,0 — )

xS A 5 1
= Q0;(0)+B.(0)60 —-0)+ Op(ﬁ)’ (A10)

where the first equality follows from B.2(i), and the second equality follows from C.1. Rearranging (A10) yields

. Sox A x 1
=07(0) = B(0)(0 - 0) + OP(W)' (ALD)

Combining (A9) and (A11) and rescaling them by ﬁ , we have
0,(1) = VTB, (@)@ - 0)
= VT(B, +0,(1)(@ - 0),

where the second equality follows from B.3(i), B.2(i), and C.1. After multiplying both sides by Bg' and some
rearrangements, we obtain

VT@ - 0)=B;"0,(1)~ B0, (\/?(5 - é))

= 0,(1),
where the first equality follows from B.2(ii). This shows the first-order asymptotic equivalence between
6 and 6. |
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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A.4. Asymptotic properties of the GQMLE

The asymptotic normality and consistency of the GQMLE are well established in the literature.

M.1 6, lies in the interior of ®.

M.2 1, is positive definite.

M3 supyeq |7 2, L(0) = I,(0)], =, 0.
M.4 #z;s,(eo) =, N©,J,).

Theorem 6. (Wooldridge (1994)). Under Assumptions A.4 to A.4, the GQMLE is asymptotically normal,
VT - 0,) =, NO, I T I
A proof can be found in Wooldridge (1994).

APPENDIX B: EVALUATING ASSUMPTIONS WITHIN GARCH(1,1)

Here, we examine the validity of Assumptions A.1-A.4, A.2’, and A.O specifically within the context of the
GARCH(1,1) model. Throughout this section, we assume that the time series {y,, X, }, defined for the GARCH(1,1)
model described in (5) is both covariance stationary and strict stationary, and is also ergodic. This is satisfied if
the innovation term #, is i.i.d. for all 7, E(¢?) < oo, and the parameters meet the criteria ay, f, > 0 and o, + f, < 1.
We denote this specific subset of the parameter space ® as ©,, where ‘s’ represents ‘stationary’. It shall be noted
that a GARCH process can be strictly stationary without necessarily being covariance stationary. See, e.g., figure
2.8 in Francq and Zakoian (2010) and follow-up discussions for more details. To streamline our explanation, we
assume that the innovation #, is i.i.d. and its 4 4+ 6th moment exists, for some 6 > 0.

B.1. On Assumptions A.1-A.4

First, we verify Assumption A.2 within ©,. Let ®, be a finite grid of ®, partitioned with sufficient granularity.
Then, the uniform convergence condition presented in A.2, can be implied by the pointwise convergence on these
finite grid points, i.e., Supyeq_[Q7(6y, ko, 0) — O (6, Ky, 0)|, —, 0, and a stochastic equicontinuity condition, i.e.,
for any 0,,0, € ©,,

plim5—>0 sup |QT(007 Kp» 91) - Qm(eo, Ko» 91) - Qr(go’ Kop» 02) + Qoo(g()’ Kop» 02)'2 =0. B1)

16, —6,],<6

Now, we show the pointwise convergence. Recall that R;Dt_l is the instrument evaluated at 6,, o7 is the true
conditional variance evaluated at 6, and €, = o,#,. For a given 6, a reasoning similar to that in Section 2.2 yields

€010 _  0_-3

p —K3GI_ g,
| v w1 ’
-1 2_52(p)
0,,x,,0 =—ZR’D r,(0 =—2_ §=0;0) » _ 0 _-3.2 . B2
QT( 0> ™0» ) Ttl ot t() Tt ICO —5,4 6[_1 K361‘ 6t—l£l ( )
= = K
2 2
§=0® 2 . 0.-3.2
o 01 T K300

Note that %Z;[R;Dt_lr,(ﬁ) - E(R;Dt_lr,(ﬂ)l?’,,l)] is an averaged sum of MDS. It will be an OP(\LE) term if the

innovation #, is i.i.d. and its second moment exists. Thus, we can focus on the term %Z[TZIE(R;D:I r,(0)|F,_)).

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s). wileyonlinelibrary.com/journal/jtsa
DOI: 10.1111/jtsa.12770 Journal of Time Series Analysis published by John Wiley & Sons Ltd.
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Note that by (B2),

% _ 0.3
, , o K30, 7€,
1 P 1 1 £2-62(0)
- - — = - % 2 0.-3.2
TZE(RtDt r,(0)|F,_,) = TZCO e, — Ko e P
=1 EUE g0 5 0,342
praml | 30,70, 1%
e2—c2(0)
TR I PR
— £r_”z(9) 2
= ? C_OE o';t 8[_1 7:‘[_1 . (BS)
=1"x | 2520 ,
,,;‘ 1—1

)_3/2 € F,_,. Recall that

where the second equality follows from E(e,|F,_;) = 0 and 67° = (o, + age> | + foo?
X, = (6t—1’ 0',_1). We define

2 2 2 2
e2—02(0) o;—0;(0)
o} o}
def £2-62(0) 62-62(0)
— % 2 _ 1 % 2
fC...x_.x)=E i F_il= &1 | (B4)
1, t
€2-62(6) o2 62-62(0) 5
ot t—1 o} -1

t

where the last equality follows from 67(0) = @ + ae’ | + o’ (6) and o7 o 7(0,). Note that x, is assumed
to be stationary and ergodic; f is measurable by (B4); and E|f(... X,_;,X,)| < oo is implied by E(sf) < o0, the
stationarity of ef, and 6 € O,. Thus, by the ergodic theorem (e.g., theorem A.2 of Francq and Zakoian (2010))
and the Law of iterated expectation, the last term of (B3) converges to

e2—c2(0)
0.4
1 | e-a20) _
- ——¢,1 | = Qw80 K0, 0) = E[R,(0)'D,(x,(6), 6, )1, (W, (), O)]. (BS)
“ |aco
ot t—1

t

Thus, we have the pointwise convergence of |Q(6,, k, 8) — O (8, kg, 8)|, for the GARCH(1,1) model.
Next, we show the stochastic equicontinuity condition (B1). By iterating 67(0) = @ + ag’ | + fo; (0), we

N P N ® ok 2
obtain o7(0) = i ay, B e’ . Then,

T
1 P
Oy (69, k0, 01) = Or (60: k0, 0,) = TZ RD;' [r, (61) =, (6,)]
t=1

| v 0
- 13 Ry
ot [ @) L k.2 o k.2
& [T R—— RPN 29 IR 1
T
0] () 1 4 (0
— < 1 _ 2 > _Z R:Dr 1
1-p 1-5)T45 1
o 1 T 0
k k -1
+ 2 (afi—af) |7 2 RD (B6)
k=0 t=1 £r—l—k
wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
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IMPROVED ESTIMATION OF DYNAMIC MODELS 489

For any 6 = (w, a, ) € O, it holds that a, § > 0 and @ + < 1 by the definition of ®,. Thus, the last equality of
(B6) indicates that Q. (90, Ko» 0) is Lipschitz in 8 € ©,. By the same reasoning, O, (90, Ko 6) is also Lipschitz in
0 € O, as can be seen by substituting ‘%ZL > with ‘E’ in (B6). Consequently, equation (B1) holds, and we have
Assumption A.2 satisfied.

For Assumption A.3, the equality (B5) illustrates that for the GARCH(1,1) model, Q. (8,, k., &) is equivalent to
the mean of the score function of the GQMLE up to a constant factor (see also (27) and (28)). Thus, A.3 is satisfied
under the standard identification conditions for the GQMLE; see, e.g., p. 144 of Francq and Zakoian (2010).

For Assumption A.4, we have commented in a remark after equation (14) that the existence of solutions of
nonlinear Z-estimation in a finite sample is a non-trivial problem. We refer to Jacod and Sgrensen (2018) for
further discussions.

Lastly, we verify Assumption A.1. The consistency of the initial estimator, 6 — » 0o, can be achieved by using

the GQMLE to obtain §. The convergence of ¥ = (123, 1?4) —, Ko is implied by the consistency of 6 and the
existence of the third and fourth moments of #,. The last statement can be similarly validated using the argu-
ments for the verification of Assumption A.2, except that the Lipschitz argument employed in (B6) is applied to
Ri(x, 0,)D,(x,,0,,xk,)"" — R;(X, 0,)D,(x,,0,,k,)"" instead of r, (01) -, (02) (see equation (16) for the function
form of R;(x, 0,)D,(X,, 0, k)" for the GARCH(1,1) case.).

B.2. On Assumption A.2’

Recall that Q;(6,, K, 0) = %Z; R:Dt_lrt(e). Assumption A.2’°(i) is satisfied if we have Q,(6,, k,,, §) converges to
EQ;(6,, k. 0), almost surely. For the GARCH(1,1) model, we have validated the convergence in probability in our
previous discussion of Assumption A.2. The conditions for almost sure convergence, similar to the ones required
here, can be found in lemma B.1 of Richter et al. (2023).

For A.2’(ii), a compact parameter set, though relaxable under certain circumstances, is standard in the literature.
For the GARCH(1,1) model, where Q.(6,, k., 0) is given by (B2), the condition E sup,.q |Q7(6,, Ky, )|, < o0
is guaranteed by the compactness of ® and the existence of 4 + 6th moment of the innovation terms. Lastly,
Assumption A.2’(iii) has been addressed in the preceding discussion of Assumption A.2.

B.3. On Assumption A.0

We now show that for our proposed WOPIV approach, the selection of initial values has negligible impact in the
context of the GARCH(1,1) model.
By equation (18) in Section 2.2, we have for the GARCH(1,1) model

T
~ . 1 e R ~
0r(6.%.0) = Z:, R, (%,(0),0) D' (%,(6),6,x) r,(W,6),6)

2 2 =2
£, —(w+ae,_ +p5,_(0))

54(0) K36, (0)e,

1 | 1w
=-— ?2

K =1

1
2 2 =2
e —(w+ae,_ +p5;_,(0) »

540) =1

é?—(w+ast2_] +ﬂ5'?_l ) . 2

(2

©)

T
~ A 2
Z K36[3(9)8’_16t

= k,6730)52 (0,

N

5H0) =1

S 3,0, x,6) - 3,(0.x,9)], o7

where ¢, =k, — 1 — (K3)2. Note that S 1 ®,x,0) essentially exhibits the form the score function of the GQMLE
(see also the discussion before and after (28)), and 32(0, K, 0) can be regarded as an adjustment term introduced
by the WOPIV, to enhance the GQMLE.

J. Time Ser. Anal. 46: 458-490 (2025) © 2024 The Author(s).
DOI: 10.1111/jtsa.12770 Journal of Time Series Analysis published by John Wiley & Sons Ltd.
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Similarly,

e2—(w+ae’ | +fo2 (0)) )
K307 (D)e,

1 1 % 2 26?(5)’ ) |«
. __+ 1L gl—w+a51_|+ 61_—1 2 _ -3/ 2
0/0.x.0) =~ |7 | T T; k0, O] e,
| e O oy =\ k3073 (0)0” (D),
0';‘(0) t—1
=L [5,6.5.0) - 5,(6.x.0)] (B8)
C

Combining (B7) and (B8) yields

0,(0,x,0) — 0;(6,x,0) = ci {[5,(6.x,0) — 5,6, x,0)] + [5,(60,x,0) — $,(0,x,0)] } .

By lemma B.2 of Richter ef al. (2023), it holds that sup; . o V3, (6, x,0) = V1S,(0, x,0)|, = O, (;) for/=0,1.
1
~ . . T
and (B8) indicate that for the GARCH(1,1), both 0,(60, x, 8) and Q;(0, k, 0) are differentiable with respect to 6.
Thus, the Assumption A.0 is satisfied.

Using a similar reasoning, we can derive sup; . |V},3,(6, x,0) - V,S,(6,x,0)|, = O, ( ) Lastly, equations (B7)

wileyonlinelibrary.com/journal/jtsa © 2024 The Author(s). J. Time Ser. Anal. 46: 458-490 (2025)
Journal of Time Series Analysis published by John Wiley & Sons Ltd. DOI: 10.1111/jtsa.12770
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