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Detecting and modeling structural changes in GARCH processes have attracted in-
creasing attention in time series econometrics. In this paper, we propose a new ap-
proach to testing structural changes in GARCH models. The idea is to compare the
log likelihood of a time-varying parameter GARCH model with that of a constant
parameter GARCH model, where the time-varying GARCH parameters are esti-
mated by a local quasi-maximum likelihood estimator (QMLE) and the constant
GARCH parameters are estimated by a standard QMLE. The test does not require
any prior information about the alternatives of structural changes. It has an asymp-
totic N(0,1) distribution under the null hypothesis of parameter constancy and is
consistent against a vast class of smooth structural changes as well as abrupt struc-
tural breaks with possibly unknown break points. A consistent parametric bootstrap
is employed to provide a reliable inference in finite samples and a simulation study
highlights the merits of our test.

1. INTRODUCTION

Since Engle’s (1982) seminal work, various ARCH and GARCH models have
been used to capture volatility dynamics of macroeconomic and financial time
series. Underlying all these models is the key assumption of stationarity. Given
the changing pace of the underlying economic mechanism and technological
progress, modeling economic processes over a long time horizon under the sta-
tionarity assumption may not be suitable. It is plausible that structural changes
may occur, causing the time series to deviate from stationarity. Indeed, various
economic factors may lead to structural changes in economic time series. For
example, one driving force for structural changes is the “shocks” induced by
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institutional changes, such as the changes of exchange rate systems from a fixed
exchange rate mechanism to a floating exchange rate mechanism, or the introduc-
tion of Euro. The prevalence of structural instability in macroeconomic and finan-
cial time series has been documented by numerous studies. For example, Andreou
and Ghysels (2002) examine the change-point hypothesis in the volatility dynam-
ics of international stock market indices and foreign exchange returns and find
multiple breaks associated with the Asian and Russian financial crises; Mikosch
and Staricd (2004) apply their goodness-of-fit test to Standard & Poor’s 500 re-
turns and detect structural changes related to shifts of the unconditional variance.

Model stability is crucial for statistical inference, forecasts, and policy rec-
ommendations drawn from the model. In particular, ignoring structural changes
in macroeconomic and financial time series may easily lead to spurious persis-
tence in volatility dynamics. Diebold (1986) and Lamoureux and Lastrapes (1990)
are among the first to suggest that structural changes unaccounted for can yield
spurious Integrated GARCH (IGARCH) or long memory effects. More recently,
Mikosch and Stiricd (2004) and Hillebrand (2005) provide some theoretical
explanation for this phenomenon. The IGARCH process implies that shocks have
a permanent impact on volatility and so current information remains relevant
when forecasting the conditional variance at long horizons. In contrast, for a
short memory volatility process, shocks to variance decay quickly over time even
when structural changes exist. Moreover, model instability may affect asset allo-
cation or lead to large errors in pricing, hedging, and managing risk. Pettenuzzo
and Timmerman (2005) show that the possibility of future breaks has its largest
effect at long investment horizons, but historical breaks can significantly change
investment decisions even at short horizons through its effect on current parameter
estimates.

Tests have been proposed to detect structural breaks in GARCH models in the
literature. For example, Chu (1995) considers a supremum Lagrange multiplier
(LM) test for a GARCH model. Berkes, Gombay, Horvath, and Kokoszka (2004)
develop a sequential likelihood-ratio (LR) test for parameter constancy of a
GARCH model. The test is more informative than any sequential cumulative sum
(CUSUM) test performed on observed asset returns or residual transformations.
It is, however, computationally intensive as it involves the calculation of quasi-
likelihood scores. Kulperger and Yu (2005) derive the properties of structural
break tests based on the partial sums of squared estimated standardized residu-
als of a GARCH model. These tests all consider one-time shift as the alternative
so they may not have good power against multiple breaks.

Almost all existing change-point tests for GARCH models are constructed for
abrupt changes. To our knowledge, the only exception is Amado and Terdsvirta
(2008), who consider testing for a time-varying smooth transition GARCH model.
Smooth changes may be more realistic because volatility usually evolves over
time in a continuous manner and volatility jumps are rare. Empirical evidence
shows that various economic events, such as liberalization of emerging mar-
kets, integration of world equity markets, changes in exchange rate or interest
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rate regimes, may lead to structural changes in volatility dynamics. The changes
induced by policy switch, preference changes, and technology progress usually
exhibit evolutionary changes in the long term. In general, as Hansen (2001) points
out, “it may seem unlikely that a structural break could be immediate and might
seem more reasonable to allow a structural change to take a period of time to take
effect”. In particular, volatility is a measure of risk and it may take time for the
market to achieve some consensus.

Recently, time-varying parameter ARCH and GARCH models have appeared
as a novel tool to capture the evolutionary behavior of economic time series. For
example, Amado and Terisvirta (2008) propose both additive and multiplicative
time-varying GARCH models. They introduce a smooth transition function that
allows model parameters to change smoothly over time. Parametric specifica-
tions for time-varying parameters lead to more efficient estimation if the coef-
ficient functions are correctly specified. However, economic theories usually do
not suggest any concrete functional form for time-varying parameters; the choice
of a functional form is somewhat arbitrary. Engle and Rangel (2008) assume that
the variance of the process of interest can be decomposed into stationary and
nonstationary components, where the nonstationary component is modeled us-
ing spline functions of time and the stationary component follows a GARCH
process. Dahlhaus and Subba Rao (2006) and Fryzlewicz, Sapatinas, and Subba
Rao (2008) study a time-varying parameter ARCH process for modeling the evo-
Iutionary behavior of volatility. The model is locally stationary in the neighbor-
hood of each point of time but is globally nonstationary. One advantage of this
evolutionary time-varying parameter ARCH model is that little restriction is im-
posed on the functional forms of ARCH coefficients, except for the regularity
condition that they evolve over time smoothly.

Motivated by the flexibility of smooth time-varying parameter ARCH models
and the popularity of GARCH models in practice, we will first generalize the
smooth time-varying parameter ARCH models to a class of smooth time-varying
GARCH models and derive the consistency and asymptotic normality of a local
QMLE for time-varying GARCH parameters in both the interior and boundary
regions of time. We then use a time-varying GARCH(p, ¢) model as the alterna-
tive to test smooth structural changes and sudden structural breaks for a GARCH
model. We emphasize that unlike the case of a stationary GARCH(p, ¢) model, a
time-varying GARCH(p, ¢) model is not included as a special case in the time-
varying ARCH(oc0) class and therefore the asymptotic analysis is much more
involved. Thus, while the main focus of this paper is on testing structural changes
of GARCH parameters, our results on local QMLE of time-varying GARCH
parameters may have its own independent interest. Moreover, we study the asymp-
totic properties of the local QMLE of time-varying GARCH parameters in both
the interior and boundary regions of time. We find that the asymptotic biases of
the local QMLE in the interior and boundary regions have different convergence
rates, and a simple boundary-correction will make the bias in the boundary re-
gions vanish to zero at the same rate as in the interior region.
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As the main contribution, this paper proposes a consistent test for smooth struc-
tural changes as well as abrupt structural breaks in GARCH parameters with
either known or unknown change points. The idea is to estimate the smooth time-
varying GARCH parameters by a local QMLE and compare them with the stan-
dard QMLE for constant GARCH parameters. Compared with the existing tests
for structural breaks in GARCH models in the literature, the proposed test has a
number of appealing features:

First, the proposed test is consistent against a large class of smooth time-
varying parameter alternatives. It is also consistent against multiple sudden struc-
tural breaks in GARCH models with known or unknown break points.

Second, no prior information on a structural change GARCH alternative is
needed. In particular, we do not need to know whether the structural changes
are smooth or abrupt, and in the cases of abrupt structural breaks, we do not need
to know the dates or the number of breaks.

Third, unlike most tests for structural breaks in GARCH models in the litera-
ture, which often have nonstandard asymptotic distributions, the proposed test has
a null asymptotic N(0,1) distribution. The only inputs required are the log likeli-
hoods of QMLE and local QMLE. Any standard econometric software can carry
out computational implementation easily.

Fourth, the local QMLE can capture the local behavior of time-varying
GARCH parameters. Because only local information is employed in estimating
parameters at each time point, the proposed test has symmetric power against
structural breaks that occur in either the first or second half of the sample period.
This is different from some existing tests (e.g., CUSUM tests) that have asym-
metric powers against structural breaks that have same break sizes but occur at
different time points.

Fifth, unlike some existing tests for structural breaks in GARCH models, no
trimming procedure is required for the proposed test. Thus, the proposed test is
expected to have nontrivial powers for structural changes near the boundary re-
gions of time, provided that the sample size is large enough. Moreover, the local
QMLE for the time-varying parameters can provide insight into the nature of
volatility dynamics.

In Section 2, we introduce a time-varying GARCH framework and hypotheses
of interest. Section 3 proposes a local QMLE for the smooth time-varying parame-
ters in a GARCH model and establishes its consistency and asymptotic normality
for both the interior and boundary regions of time. Section 4 develops a likeli-
hood ratio test. Section 5 derives its asymptotic null distribution and investigates
its asymptotic power property. In Section 6, a simulation study is conducted to
examine the finite sample performance of the test via a parametric bootstrap,
which is shown to be consistent. Section 7 provides concluding remarks. All
mathematical proofs are collected in the Appendix. A GAUSS code to imple-
ment the proposed test is available from the authors upon request. Throughout the
paper, C denotes a generic bounded constant, ||-||; denotes the /;-norm, and [-| ;s
denotes the absolute matrix, where (|Al)i,; = |Ai |-
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2. TIME-VARYING GARCH MODEL AND HYPOTHESES OF INTEREST
Consider the following data generating process (DGP)

X;Z‘/hg)é'[,
hi = ag + X oqhy_ + X B XD 1)
{e,} ~1.i.d.(0,1),

where X; is a stochastic time series process, the 0‘;')1 and [)’jol are possibly time-
varying parameters, ¢ is the index of time, p and ¢ are the orders of the
GARCH process, and {g;} is an i.i.d. sequence of standardized innovations
with mean O and variance 1. Let 6’[0 be the collection of parameters; namely,
00 = (al,al,.... agt,[)’?t, e ﬁgt)’, a (p +¢q + 1)-dimensional vector.

The above setup nests both constant parameter GARCH and time-varying
GARCH processes. For example, if 9,0 is not changing over time, we have a con-
stant parameter GARCH(p, q) process, whose asymptotic properties have been
studied by Berkes, Horvath, and Kokoszka (2003). Francq and Zakoian (2004)
derive the consistency and asymptotic normality under strict stationarity and
Escanciano (2009) extends Francq and Zakoian (2004) to GARCH models with
martingale difference centered squared innovations. Lee and Hansen (1994) and
Lumsdaine (1996) also establish the asymptotic theory of the QMLE for a
GARCH(1,1) model when (9,0 is a constant.

For time-varying parameter GARCH processes, one example is the single break
at time # in a GARCH model. Chu (1995) and Kulperger and Yu (2005) have used
this model as an alternative to study parameter constancy of GARCH models.
Another example of time-varying GARCH processes is the time-varying smooth
transition GARCH models proposed by Amado and Terésvirta (2008). They con-
sider both additive and multiplicative GARCH models, where the time-varying
components are included in the conventional GARCH models in different forms.

To cover a wide range of possibilities, we do not assume any parametric func-
tional form for §°. Instead, we assume that 6 is an unknown smooth function of
time in form of

1t
P =60(=),
()
where 0 : [0, 1] — R®+4+D g a vector-valued smooth function. The parameter

0,0 changes over time but in an evolutionary manner. The DGP in (2.1) becomes
the following time-varying GARCH process, where

q
7 —ao( )—}—Za (%)h,_i+2ﬂ;’ (%)X,Z_j. (22)
j=1

This includes time-varying ARCH(gq) processes (Dahlhaus and Subba Rao, 2006;
Fryzlewicz et al., 2008) as a special case when a; ( ) Oforallt,i=1,.
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In this paper, we consider GARCH models in (2.2) because GARCH models are
more flexible and parsimonious than ARCH models in capturing volatility dy-
namics. Parsimonious GARCH models are attractive in estimating and forecasting
volatilities.

The specification that 6y (-) is a function of ratio ¢/ T rather than time 7 is a
common scaling scheme in the time series literature (see, e.g., Robinson, 1989;
Phillips and Hansen, 1990; Dahlhaus and Subba Rao, 2006; Cai 2007). It might
first appear a bit strange because the time-varying parameter 6,0 depends on the
sample size 7. The reason for this requirement is that a nonparametric estima-
tor for 60 will not be consistent unless the amount of data on which it depends
increases, and merely increasing the sample size will not necessarily improve
estimation of 9,0 at a fixed point ¢, even if some smoothness condition is imposed
on 6. The amount of local information must increase suitably if the variance and
bias of a nonparametric estimator of 6,0 are to decrease suitably as the sample size
T increases. A convenient way to achieve this is to regard Gto as the ordinates of
the smooth function 6y (-) on an equally spaced grid over [0, 1], which becomes
finer and finer as T — oo, and then consider estimation of 6y (u) at a fixed point
u € [0, 1]. See Robinson (1989) for more discussion in a linear regression context.

A keen interest here is whether the parameter Gto is changing over time. The
null hypothesis is

H : 6° = 6° for some unknown constant vector §° € @ and for all £,

where O is a (p + g + 1)-dimensional parameter space of 6;.

Under Hyp, the DGP in (2.1) is a standard GARCH process with constant
parameter 6°. The unknown constant parameter vector 8% could be consistently
estimated by the global QMLE

T
. 1
0 = argmax ;z, ®), (2.3)

where [,(0) is the likelihood function; namely

1 X2
1:(0) = —3 [loghz )+ h,(ta)} ,

hi(0) =& O0)+ D_&GO)X,_;,
j=I1

where the functions ¢;(¢), 0 < j < oo, are defined in Berkes et al. (2003).
In practice, we observe only {X1,..., X7} of size T and the logarithm of the
likelihood function in (2.3) cannot be computed from the observed data, and so
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the estimator @ is infeasible. Hence, we replace [;(0) with

_ x?
1,(0)=— |:logh, O+ = - (0):| 2.4

where
s—1

hi(0) =&0)+ D &GO X7,

j=1
and the feasible global QMLE is given by

T
_ 1 _
0= arggleaé( T t; [,(0). 2.5)

Among many others, Berkes et al. (2003) establish the consistency and asymp-
totic normality of both 0 and 6 under Hp, and Lee and Hansen (1994) and
Lumsdaine (1996) derive the asymptotic properties of QMLE for a GARCH(1,1)
model under Hy. Heuristically, &; () decays exponentially so that replacing I (0))
with [;(9) has asymptotically negligible impact and both 6 and 6 have the same
asymptotic distribution.

The alternative hypothesis H 4 is that Hj is false. Under H 4, 9,0 is time varying
with an unknown functional form. Examples include GARCH models with a
single break or multiple breaks with possibly unknown break points, Amado and
Terdsvirta’s (2008) time-varying smooth transition GARCH models, Dahlhaus
and Subba Rao’s (2006) time-varying ARCH(g) models, and the more general
time-varying GARCH(p, ¢) models in (2.2). We allow for smooth changes and
a finite number of abrupt changes under H,, which covers a wide range of
alternatives.

All existing tests for structural changes in GARCH models in the literature
consider a parametric alternative of structural changes. For example, Chu (1995)
considers a supremum LM test to check parameter constancy against a single
break in a GARCH model. Amado and Terésvirta (2008) use a LM test against
time-varying smooth transition GARCH alternatives. Both tests specify certain
parametric alternatives, and they have best power against the assumed alternatives.
However, usually no prior information about the true alternative is available for
practitioners. A main objective in this paper is to develop a consistent test for Hy
against a wide range of alternatives, using a new approach.

In a linear regression framework, Chen and Hong (2012) propose generalized
Chow and generalized Hausman tests for smooth structural changes as well as
abrupt structural breaks in regression models. The idea is to estimate the smooth
time-varying parameters by local linear smoothing and compare it with the con-
stant parameter OLS estimator via sums of squared residuals and fitted values
respectively. These tests are not applicable to test structural changes in GARCH
models, since GARCH models require different estimation methods and use
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different criterion functions. In this paper, we shall compare a constant parameter
GARCH model with a time-varying parameter GARCH model via a quasi-log-
likelihood criterion. Naturally, our test can be applied to check structural changes
in an ARCH model, as it is just a special case. We note that no such a test for
volatility structural changes was available in the previous literature, even for
a smooth time-varying parameter ARCH model, although Dahlhaus and Subba
Rao (2006) point out “from a practical point of view, one could evaluate the sum
of squared deviations between the kernel-QML estimator at each time point and
the global QML estimator. We conjecture that the asymptotic distribution under
the null hypothesis of stationarity is a chi-square”. Our quasi-likelihood ratio test
is rather natural and computationally simple, because log-likelihood values are the
outputs of estimation. And we obtain a convenient asymptotic N(0,1) distribution
after suitable centering and scaling under Hj.

To introduce our test, below we first extend Dahlhaus and Subba Rao’s (2006)
results on smooth time-varying ARCH models and discuss how to estimate
smooth time-varying GARCH models by a local QMLE. Asymptotic properties
of the local QMLE of smooth time-varying GARCH(p, g) parameters for both
the interior and boundary regions of time may have independent interests since
no such asymptotic results were available in the literature.

3. ESTIMATION OF SMOOTH TIME-VARYING GARCH PARAMETERS

Unrestricted nonstationarity may entail so much arbitrariness in the time depen-
dent behavior of a time series process that it may be impossible to develop a
meaningful asymptotic theory. When a process is changing over time smoothly,
increasing the number of observations over time does not necessarily imply an
increase in information. For example, one cannot expect an ensemble average to
be consistently estimated by the corresponding temporal average. To avoid patho-
logical cases arising from extreme nonstationarity, we impose some restrictions
on the process to control the extent of the deviations from stationarity. A natu-
ral way of doing so is to embed a stationary structure on the process in some
neighborhood of each time point. This is similar to the idea that underlies the
nonparametric technique of fitting a line locally to a nonlinear curve. In this case
a smoothness condition on the curve is required to validate the approach. Like-
wise in the present case, the imposition of local stationarity involves the use of a
smoothness constraint on the evolution of the nonstationary process. A rigorous
definition of local stationarity is introduced by Dahlhaus (1996a, 1996b, 1997)
who imposes a smoothness condition in terms of the components in the spectral
representation of the process. Heuristically, one can say that a time series process
is locally stationary if the law of motion is smoothly time-varying. Thus a locally
stationary process behaves like a stationary process in the neighborhood of each
instant in time but has a global nonstationary behavior.

Here, the smoothness of the parameter function y(-) guarantees that the
time-varying GARCH process in (2.2) displays a locally stationary behavior.
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In order to study the asymptotic properties of {X;} in (2.2), we introduce a sta-
tionary GARCH process {X;(«)} that is associated with {X,} at the fixed point

uel0,1]:
X[(M) = ,/il[ (M,@,?)E;,
iy (1,00) = au) + 30 al @i @) + 30 @)X (), (3.1)

{e) ~iid(0,1), t=1,...,T,

where all coefficients depend on the fixed point « but do not depend on time 7.

It has been shown in the literature that X,2 admits a time-varying state space
representation and thus can be well approximated by the stationary process X tz (u)
(Subba Rao, 2006). The degree of the approximation depends on the rescaling
factor 7 and the deviation |% —u | This is formally stated in Lemma A.1 in the

Appendix.
Let ® be the compact set

p q
O =10=(@0.a1,....ap i, ) € RV ai 1> < (1=n)/ . for some >0
i=1 j=1

p<min(ao,ai,...,ap, B1,..., Bg) <max (ao,ai,...,ap, B1,.... Bg) <P (3.2)

where 1 = (Esj‘)]/2

u € [0, 1], we assume that 0,9 is an interior point in ®, where 0,9 = (ocg (u), a?(u),
...,ao(u),ﬁ?(u),...,,[J’g(u))’. The hypothetical process in (3.1) is a stationary
GARCH process at a given point u € [0, 1] and thus has a unique representation
(Berkes et al., 2003)

e (,00) =0 (69) + ifj (09) %2 3.3)
j=I

, 0<p <p<o0, pg <po, and 0 < pp < 1. For each

for all + with probability one under certain regularity conditions. The functions
{g“j (9,9)} are given in Berkes et al. (2003). Under H 4, the local QMLE to estimate
9,0 is given by

T
R 1
0, = arg rgleag L) = argropeaé( T Zl kg15(9), 3.4
S=

where [;(0) and hs(f) are defined in (2.3), ks = },k (%), the kernel & :
[—1,1] -»R™" is a prespecified symmetric bounded probability density, and
b = b(T) is a bandwidth such that » — 0 and Tb — oo as T — oo. For
notational simplicity, we have suppressed the dependence of ks on the sam-
ple size T and the bandwidth b. Examples of k(-) include the uniform,
Epanechniov, and quartic kernels. The estimator 0, in (3.4) is regarded as
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an estimator of 6 = (ag(%),a?(%),...,ag(%),ﬁ?(%),...,ﬁg(%))/ or 00 =
(ag(u),a?(u),...,ag(u),ﬁ?(u),...,ﬂg(u))’ where | £ —u| < .

In the derivation of the asymptotic properties of 6,, we rely on the local ap-
proximation of X tz by the stationary process X 12 (u) defined in (3.1) for ¢/ T close
to u. We define the locally weighted likelihood of X, (x) as

T
L) == kals (0,0), (35)
s=1

where |%—u‘ < % and

) B 1 - 5(&(“)2
I, (M,H) — _E |:10ghs (u,H) + Ijls (ujg)j| ’

hy (u,0) =&0) + D &GO X7_; ().

j=1

It is shown in the Appendix that L;(@) in (3.4) and L (u,0) in (3.5) become arbi-
trarily close to each other, and both converge in probability to

L(u,0) = DE [Zo (u,e)] (3.6)

asT — 00, b— 0, Th— o0, |%—u} < %,whereD: 1whenT — |Th] >t >
|Tbh], where |Tb] denotes the integer part of Th; and D = ki, = f_lck(u)du
when t = [¢bT] or T — [cbT], where 1 > ¢ > 0. It is easy to see that
L(u,0) is maximized by 0,9. By applying the extreme estimator lemma
(e.g., Amemiya, 1985, Thm. 4.1.1), we can establish the consistency of the lo-
cal QMLE b;. Specifically, if b — O and Tb — oo as T — oo, we have

1

< —.

~ t
9,—>P<9L? foru €[0,1] and ‘——u
T T

Similar to (2.3), L;(#) in (3.4) cannot be computed with the observed sample
{X t}zT=1 , so we have to replace L;(6) with

T
_ 1 _
L) == Zlks,zs ©), 3.7)
S=
where () and I () are defined in (2.4). Then we define the feasible local
QMLE
0, = L;6). 3.8
¢ = argmax Ly (6) 3.8)

To derive the asymptotic properties of 6,, we impose the following regularity
conditions.
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Assumption A.1. The aj(.) (-) and ﬁj(.) (+) are continuous on [0, 1] except for a
finite number of points in [0, 1]. For each continuity point u € [0, 1], there exists
some constant ¢ € (0, 1] and some constant C < 0o, such that |oc](»)(u) — oc](-)(v)l <
Clu—v|? and |ﬂjo(u) —ﬂ?(v)l < Clu—v|?, where v € N;(u), a small neighbor-
hood containing u.

Assumption A.2. Let the (p 4+ g + 1)-dimensional parameter space ® be de-
fined as (3.2). For each u € [0, 1], (9,9 € Int(®), where 0,9 = (ag(u),a(l)(u), e

ap @), Bl W), ... ).

Assumption A.3. The polynomials a(l)(u)x + ag(u)x2 4+t ag (u)xP and 1 —
ﬁ? (u)x — ﬁg (u)x>—--.— ﬂg (u)x4? are coprime on the set of polynomials with real
coefficients for some given u € [0, 1].

Assumption A.4. The standardized innovation {&;} is an i.i.d.(0, 1) sequence
satisfying lim,_or~" P (8,2 < r) =0 for some v > 0, and with (i) E|et|4(1+‘5) <00
for some 6 > 0 or (ii) E (8112) < Q.

Assumption A.5. The kernel k : [—1,1] — R is a symmetric bounded prob-
ability density function.

Assumption A.6. The bandwidth b = ¢T~ (0 < ¢ < o0) with either
()0<A<lor(ii)1/13 <A< 1.

Assumption A.7. Except for a finite number of points on [0, 1], the aj(.)(u)
and ,BJO (u) are three times differentiable with sup, c(o 1, | (81/6141) a;)(u)| < C for

J =0,....,p and sup,c 1 | (al/aul)ﬂ](-)(u)‘ < C for j=1,...,q, and
1 =1,2,3, where C is some bounded constant independent of j and 1.

Assumption A8. Let X,(2,u) = [k (u,09),...,h—gy1 (u,00), X, (),
o XT @) dhy (u, 60) /du, ...y dhe—g i1 (u, 07) fdu, dXT (w)/du, ...
df(l2 P (u)/dul’. Then X;(2,u) is ¢-irreducible.

Assumption A.l imposes the ¢-Lipschitz continuity of parameter functions
a]Q (-) and ,B]Q (+), but we allow for a set of a finite number of points where a}) )

and ﬁj(-)(-) are discontinuous. Assumptions A.1 and A.2 provide sufficient condi-
tions that the stochastic process { X, } admits a time-varying state space representa-
tion (Subba Rao, 2006). Assumptions A.2 and A.3 guarantee that the time-varying
parameter Gto can be uniquely identified. These are standard assumptions imposed
by Berkes et al. (2003, 2004) and Kulperger and Yu (2005), among many others,
for the case of constant parameters. Assumption A.4 imposes mildly strong mo-
ment conditions, which may seem a bit restrictive for some financial applications.
Assumption A.4(i) is used to prove a similar result for sums of martingale arrays
as opposed to sums of martingale differences in the stationary context. Assump-
tion A.4(ii) is imposed to derive the bias of the local QMLE.
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Assumption A.5 implies f_llk(u)du =1, f_lluk(u)du =0, and f_lluzk(u)
du < oo. All examples in Section 2 satisfy this assumption. It is possible to use
kernels with infinite support, such as the Gaussian kernel k(1) = F exp (— %uz)
for —oo < u < oo. However, we use kernels with bounded support to simplify
analysis. Assumptions A.4(ii), A.6(ii), and A.7 are used only in Theorems 2 and 3.
Assumptions A.4(ii) and A.6(ii) are used to derive the closed form of the asymp-
totic bias, and Assumption A.7, which implies Assumption A.l, is to guarantee
that the asymptotic bias and variance of the local QMLE are well-defined. Similar
assumptions have been imposed in Dahlhaus and Subba Rao (2006).

As shown in Subba Rao (2006), X;(2,u) can be represented as a Markov
chain. The ¢-irreducibility in Assumption A.8 guarantees that all parts of the
space can be reached by the Markov chain, no matter what the starting point is.
Assumption A.8 is used to derive the strong mixing property of the stationary
derivative process X; (2, u), which restricts the degree of temporal dependence in
X; (2, u). Kristensen (2009) and Meitz and Saikkonen (2008) have derived and the
primitive conditions of the ¢-irreducibility for a stationary GARCH(1, 1) model,
but it seems nontrivial to derive the primitive conditions for a general stationary
GARCH(p, g) model (see Lee, 2003).

We first state the consistency of 6, in (3.8).

THEOREM 1. Suppose Assumptions A.1-A.3, A.4(i), A.5, and A.6(i) hold If
— u| T where u is a continuity point in [0, 1], we have 6, — 0[ -0 and
9, —P0%as T — oo.

Theorem 1 holds even if &; is not i.i.d.N (0, 1). This generalizes Dahlhaus and
Subba Rao (2006), who consider time-varying ARCH processes. We note that un-
like the case of stationary GARCH(p, ¢) models, a time-varying GARCH(p, ¢)
model is not included as a special case in the time-varying ARCH(o0) class. Fur-
thermore, different from a time-varying ARCH process, the Volterra expansion
of a time-varying GARCH process is rather tedious. Here, we rely on a stochas-
tic recurrence relation (see, e.g., Bougerol and Picard, 1992; Subba Rao 2006) to
show that a time-varying parameter GARCH process can be approximated by a
local stationary GARCH process indexed by u € [0, 1].

Next, we derive the asymptotic normality of 6;.

THEOREM 2. Suppose Assumptions A.2, A.3, A.4(ii), A.5, A.6(ii), A.7, and
A.8 hold and |% - u\ < %, where ue [0, 1] is a continuity point for the coefficient
functions a](.) (-) and ﬂ](.)(-).

(1) Ift is in the interior region of the sample period in the sense that |Th| <
t <T—|Tb], we have

VTb(B, =07 - B.) > N (0.~ka (5 +1) B~ @),
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as T — oo, where ky = f_llkz(x)dx, Kk = E(eh) -3, H@u) =
2L(00,u)
E[ ], and

0006’
Loy, L)) 1,
BM = Eb H (M)W/_]x k(x)dx

(1) Iftis in the left boundary of the sample period in the sense that t = | cTb]
where 0 < ¢ < 1, we have

_ _ K —
VTh (0 =00 = Bu) > N (0, —kaek 2 (5 +1) H™ ).
as T — 0o, where ky. = f_lckz(x)dx, kie = f_lck(x)dx,

et (L (O u)
Bul:bklc H (u)w/_cxk(x)dx

1 3L(00,u) [!
+—b2k_1H_1(u)—“/ x2k(x)dx,
27 e o0ou?  J_.

and x and H (u) are defined in (i).

(iii) If t is in the right boundary of the sample period in the sense that
t=T— |cTb]| where 0 < ¢ < 1, we have

_ K
JTh (et —9°— BM,) BNV (o, gk (5 n 1) H-l(u)) ,
as T — oo, where

N AR
Bur Zbklc H (M)W/_ka(x)dx

2 o0ou?  J_
and kyc, ko, 1, and H (1) are defined in (i) and (ii).

1 3L (9O, ¢
+—b2kl_clH_1(u)M/ 2k(x)dx
1

Parameter « is the excess kurtosis of ¢;, which measures the departure from the
assumed normality in the fourth moment. If E¢; = 3 as in the case of a normally
distributed &;, then the asymptotic variance of interior points can be simplified to
—ky H ™' (u). The quantity H (1) can be viewed as the expected value of the local
Hessian matrix at point u € [0, 1], and B, is the asymptotic bias, which is caused
by the time-varying property of GARCH parameters. From Theorem 2, we expect
that for any interior continuity point # € [b, 1 —b] and all ¢ with |% —u| < %, the
asymptotic mean square error (AMSE) is given by

4 p1 2
AMSE (6;) = bI [ / x2k(x)dx:|

1

3L (62, u) ?

H_l
902

ha(s+1)

5 trace[H_l(u)].
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By minimizing the AMSE(6;), we could obtain the optimal bandwidth 5*, which

is of the order 75 for all interior continuity points u.
We observe that lim._, f_]c k2 (x)dx = ko, lime_s; f_]ck(x)dx =1, lim.

I1 xk(x)ydx =0, and lime—1 [ x2k (x)dx = [, x2k (x)dx, and these limits
are exactly the constant factors appearing in the asymptotic bias and variance for
an interior continuity point u. Theorem 2 shows that although the local QMLE is
consistent at both interior and boundary points, the asymptotic bias of the local
QMLE has a slower convergence rate in the boundary regions than in the interior
region. The asymptotic biases for time-varying parameters at interior and bound-
ary points are O (bz) and O (b) respectively. Therefore, the local QMLE suffers
from the well-known boundary problem. The main reason is that we do not have
symmetric data available in the boundary regions. On the other hand, the asymp-
totic variances at interior and boundary points have the same order of magnitude
and the difference is only a scale factor. Previous works on time-varying ARCH
models mainly focus on interior points although some bias-correction methods
could be used in the boundary regions. We note that the boundary problem of
time-varying linear regression models has been studied by Cai (2007) and Chen
and Hong (2012).

To overcome the boundary problem of the local QMLE, we consider a reflec-
tion method, following Hall and Wehrly (1991). Specifically, we reflect the data
in the boundary regions, obtaining pseudo data X; = X_; for —|Th| <t < -2
and X; = Xor—; for T+ 1 <t < T+ |Th]. We then use the augmented data
(i.e., the union of the original data and the pseudo data) to estimate Hto in the
boundary regions. By construction, symmetric data become available in the origi-
nal boundary regions [1, Tb]U[T — Th, T]. This method has also been described
as “reflection about the boundaries” or “boundary folding” by Schuster (1985),
Silverman (1986), and Cline and Hart (1991) in nonparametric density estimation
and by Chen and Hong (2012) in nonparametric regression estimation. The bias
reduction is achieved by considering the expectation of the bias, which is equiva-
lent to using the boundary kernel [k (';—;) +k (’T_—bv)] /2 in the boundary regions.

Our reflection method has advantages over some alternative solutions to the
boundary problem. One popular solution is to simply ignore the data in the bound-
ary regions and use only the data in the interior region. Such trimming is simple,
but it may lead to the loss of a significant amount of information, even for fairly

large sample sizes. For example, if b = (1/ \/E)T_%, where 1/+/12 is the stan-
dard deviation of U (0, 1), which could be viewed as the limiting distribution of
the grid points %, t=1,...,T,as T — oo, then about 23%, 19%, and 17% of
the sample observations will fall into the boundary regions when 7' = 100, 250,
and 500 respectively. In the context of estimating a time-varying ARCH model,
Dahlhaus and Subba Rao (2007) suggest running recursive estimation concur-
rently and taking a linear combination of these estimators to reduce bias. However,
this method is rather computationally intensive as it involves recursive estimation
with two different step sizes. The reflection method we employ is simpler.
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We now define the boundary-corrected local QMLE

t+|Th]
argmaxg > kyls(0) if 1=[cTh), 0<c <1,
) He® s=—|Th|

6¢ =1 0 if |Th|<t<T—|Tb], (3.9)
T+|Th]
argmax - Z kelg () if t=T—[cTh],0<c<1,
S R——

where [ (0) and 0, are defined in (3.7) and (3.8) respectively. Note that the pseudo
data are only used to estimate <9t0 in the boundary regions.
Now we derive the asymptotic distribution of &/ in the boundary regions.

THEOREM 3. Suppose Assumptions A.2, A.3, A.4(ii), A.5, A.6(ii), A.7, and
A.8 hold, and |% - u‘ < %, where ue [0, 1] is a continuity point for the aj(.) (-) and
ﬁj(.)(-). If t is in the left boundary or the right boundary in the sense thatt = |cTb]
orT — |[cTh]|, where 0 < ¢ <1, we have

VT (5 =00 = B.) »* N (0.~ (5 +1) H @),

as T — oo, where kp = ky + f_ll k(x)k (x +2¢)dx, ky,x, H(u), and B, are de-
fined in Theorem 2(i).

Theorem 3 shows that the reflection method reduces the asymptotic bias of
the local QMLE at the boundary regions of time. Now, the asymptotic biases
at both interior and boundary points are the same order of magnitude; namely,
o (bz) . That is because symmetric data are now available in the boundary regions
[1,Th]U[T —Tb, T] and the bias term related to the first order Taylor expansion
can be approximated by an integral of uk(u) from —1 to 1, which vanishes to
0. On the other hand, the asymptotic variance of G_f at boundary points is larger
than that at interior points since by construction, the pseudo data and the original
data are correlated with each other. Note that the reflection method has no impact
on the interior region [Th, T — T b]. Heuristically, this method can be viewed as
using the boundary kernel [k (%7£) +k (%£)] /2 in the boundary regions and the
standard kernel 1k ($=1) in the interior region respectively.

We note that the local QMLE in the regions near any fixed discontinuity point
does not suffer from the boundary problem for 7" sufficiently large. Suppose ug is
a fixed continuity point. Then for any arbitrary ¢ > 0, we can always find a d > 0,
such that for all uo—d < u <ug+9, |a; () —o; (uo)| <t and |f; (u) — B (uo)| <t
fori =0,...,pand j=1,...,q.Since b=b(T) - 0as T — oo and ¢ does not
depend on the sample size T, b will eventually become smaller than ¢ for all
T sufficiently large so that #( becomes an interior point. This is different from
the boundary problem in the boundary regions, which is due to the asymmetric
coverage of observations in the boundary regions.
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4. NONPARAMETRIC TESTING

We now propose a consistent test for smooth structural changes in GARCH
models, which will complement the existing tests for sudden structural breaks
and avoid the difficulty associated with the possibility of multiple breaks and/or
unknown break dates. We note that the facts that the convergence rate of the
asymptotic bias of the local QMLE in the boundary regions is slower than that
in the interior region and the asymptotic variance of the local QMLE in the
boundary regions tends to be larger would complicate the form of test statistic
to be constructed. The finite sample performance of the test may be affected as
well. Hence, we apply the reflection method. We use the augmented data (i.e., the
union of the original data and the pseudo data) to construct the boundary-corrected
local QMLE Q_f in (3.8). We note that under Hy, 9,0 is constant, so no bias exists
even in the boundary regions. However, under Hy, Gto is time-varying and cor-
recting the boundary problem is expected to help improve power. With the global
QMLE 6 and the boundary-corrected local QMLE 5f at hand, we can construct a
likelihood ratio test. The idea is to compare the log likelihood of the unrestricted
time-varying parameter GARCH model with that of the restricted constant pa-
rameter GARCH model. Intuitively, under Hy, two likelihoods are close to each
other. Under H 4, the nonparametric likelihood is larger than the parametric likeli-
hood when the sample size T is sufficiently large, giving the test its power against
a wide range of alternatives. Let [y denote the averaged log likelihood of the
(unrestricted) time-varying parameter GARCH model, that is,

~|

-
ly=—>"L (). @.1)
t=1

where 5," is the boundary-corrected local QMLE in (3.8). Let [z denote the aver-
aged log likelihood of the (restricted) constant parameter GARCH model, that is,

k=221 (0), 42)

where 8 is the global QMLE in (2.5). It is important to note that /;y and /g
are averages of log likelihoods of the observed sample {X t};T:p rather than the
augmented sample. The pseudo data augmented by the reflection method are
only used in estimating 60 via ¢ in the boundary regions. Hence it will not
affect the asymptotic distribution of our test statistic. Intuitively, the use of the
pseudo data only has impact on the boundary regions [1, Th]U[T —Th,T] and
its cumulative effect over the boundary regions is asymptotically negligible as
T — oo. However, it improves the finite sample performance of the proposed
test. Meanwhile, we define the score function

o al[ _ 1 2 alnh[(G)
5:(60)= 2% =3 (g, 1) . 4.3)
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We note that under Hy, S; (90) is a martingale difference sequence (MDS) no
matter whether the distribution of &; is correctly specified or not. However,
with possible distributional misspecification of {¢;}, the local QMLE remains
consistent but not efficient (see Theorems 1-3). And the information matrix
equality does not hold generally even at 8 = #°. In particular,

E[s;(0°)s/(6%)] = —@HO =- (g +1) Ho, d.4)

2 0
where Hy = E [%{g‘;,)] is the expected value of the Hessian matrix, and x =
E (sj‘) — 3 is the excess kurtosis of ;. It measures the departure from normality.

Our robust L R test statistic for H versus Hy is based on the comparison of [y
and [y :

2TVb(ly 1)/ (g + 1) —A
LR = , 4.5)

VB

where the centering factor

L7b]

.~ 1 1 J
A=bp"12 D4 2k(0) — — -2 )=
(P+g+1)12(0) Tb,-z_zw )55

s 2, (-9 Lo )

=—LTb]

1
=b""2(p+q+1) [2k(0) —/ kz(u)du} [1+o(D)],
1

the scaling factor
ST j ! j
B=4 1) — I—=)|2k\=)—- ] k@Wk —)d
(pat )Tbj;( T)[ ()~ [ ke v+ 75) }

1 1 2
=4(p+q—|—1)/0 |:2k(v)—/_lk(u)k(u+v)duj| do+o(1),

and ¥ = %Zthl (8} —3) is a consistent estimator for excess kurtosis x. Both A

and B do not depend on the DGP and are nonstochastic, so they are convenient to
compute. The log likelihoods /7 and [z are outputs of estimation. Many statistical
programs provide values of /iy and /g automatically. Hence, it is straightforward
to compute the LR test statistic. In fact, as will be seen below, a consistent boot-
strap is even simpler: one only needs to compare the value of log-likelihood ratio
Iy — I based on the observed data with those based on bootstrap samples. There
is no need to compute A and B.
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We note that although our focus is to test whether 00 6° for some unknown
constant vector #° € ® and for all ¢, our approach could be extended to test
whether a subset of parameters is constant; namely Hg = 00 for some unknown

constant vector ) € ®; and for all , where ® = ©; x ®, and 0 = (0?;,90/) )

example is that we are only interested in whether ARCH coefﬁ01ents are constant.
There are two possibilities. We now discuss the first case. If prior information
restricts (9% to be some constant, it would be analogous to the “partial structural
change” problem for the linear regression models where part of regression co-
efficients may not be subject to structural changes and the interest is to test the
constancy of the other part of regression coefficients (see, e.g., Andrews, Lee, and

Ploberger, 1996; Bai and Perron 1998). In this case, the null hypothesis is
Hy : 6’[0 = 6" for some unknown constant vector #° € ® and for all t,

where O is a parameter space of 6;, and the alternative hypothesis is

Hy: H?z is time varying and ng = 98 for some unknown constant vector
08 € O, for some ¢,

where ® = @1 x ©,. As a subset of parameters may be time-varying, we can
adopt the local profile QMLE method. Under H 4, we first fix 6>; = 6> and esti-
mate 0y, by

T
_ _ 1 _
011 =01y (62) = arg max = Zlkstzs 61162). (4.6)
S=

where [ (616) has the same functional form as [; () defined in (2.4), but with 6,
fixed and 6 = (6], 06,)".

Next, we obtain an estimator 65 of the constant component Gg by substituting
the local QMLE @, into the likelihood function; namely

0y = arg max — Zl, 62161, 4.7)

60y T

where I (02|0_1,) has the same functional form as () defined in (2.4), but with
0 replaced by (49 0 ) and 6y, is defined in (4.6).

1t
Iterations between these two steps have to be employed until a certain con-
vergence criterion is met (see, e.g., Speckman, 1988; Carroll, Fan, Gijbels, and
Wand 1997; Fan and Huang 2005 for details on the profile likelihood or pro-

file least-squares method). With proper estimators § and (91 ‘s éﬁ)’ at hand, where

él . =0y (92) , we can compare two models via likelihood ratio.
The second case of the partial structural change is that no restriction is imposed
on 6?%. Hence the null hypothesis is

H : 6, = 6 for some unknown constant vector 6 € © for all 7,
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where ® = 01 x 03, and the alternative hypothesis is
Hy : Hto is time varying for some 7.

An example of this case has been studied by Ang and Kristensen (2012) in a linear
regression framework. They test whether the conditional alphas of CAPM models
are constant over time while allowing the conditional betas to be time-varying.
This second case of the partial structural change can be dealt with in a similar
way to the first case, except that the local profile QMLE and local QMLE have to
be applied under Hy and H 4 respectively. In subsequent sections, we shall focus
on hypotheses of interest introduced in Section 2.

5. ASYMPTOTIC PROPERTIES

We now state the asymptotic distribution of LR in (4.5) under Hy.

THEOREM 4. Suppose Assumptions A.2, A.3, A.4(i), A.5, A.6(i), and A.8 hold.
(i) Under Hy, LR i) N(0,1)as T — oo. (ii) If in addition &, ~ N(0, 1), then the
LR test statistic can be simplified as LR = [2T/b(ly —Ig) — A]/\/E

The LR test has a convenient null asymptotic N(0,1) distribution. This is quite
appealing in light of the facts that most existing tests for structural breaks in
GARCH models have nonstandard distributions, which may depend on the DGP.
The proposed test does not require formulation of an alternative and is appli-
cable when one has no prior information of the alternative. Moreover, the new
test does not require trimming data (i.e., we test all points u € [0, 1] rather than
restrict u to be a strict subset of [0, 1], as usually done in existing tests). When
the standardized innovation & ~ N (0, 1), we have x = E (&) —3 = 0 and hence
the well-known information matrix equality E [S, (90) S (90)] + Hy = 0 holds.
Consequently, we can simplify the robust LR test statistic to LR = [2Tv/b(ly —
Ir)— A1/VB.

We require that > = 0 and Tb — oo as implied by Assumption A.6(i). This is
a standard condition for bandwidth b and it covers the optimal rate b* o T-5 for
estimation. As an important feature of LR, the use of the global QMLE in place
of the true parameter #° under Hy has no impact on the limit distribution of LR.
Intuitively, the global QMLE @ converges to 8° at a /T -rate, which is faster than
the nonparametric local QMLE 6¢. Consequently, the asymptotic distribution of
LR is solely determined by #¢ and thus is nuisance parameter free.

In small samples, the distribution of L R may not be well approximated by
the asymptotic N(0,1) distribution. Accurate finite sample critical values can be
obtained by using a bootstrap procedure, which we shall discuss and justify in
Section 6.

To investigate the asymptotic power property of L R under H 4, we impose the
following assumption.
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Assumption A.9. 0" = argmaxgce fol E [io(u,é)]du is the unique maximizer
over 0.

Assumption A.9 assumes that §* maximizes the time integrated probability
limit of the expected log-likelihood function, which is a highly nonlinear function
of @ in the present context. Therefore, it is not obvious how to find an explicit
closed form expression for 6* (if any) and we conjecture that §* may not coincide

with the integrated parameter fol Oo(u)du.

THEOREM 5. Suppose Assumptions A.1-A.3, A.4(i), A.5, A.6(i), A.8, and A.9
hold. Then for any nonstochastic sequence {My = o(T ~/b)}, we have Pr(LR >
M7) — 1 under Hy as T — oo.

Assumption A.1 allows for both smooth structural changes and abrupt struc-
tural breaks with known or unknown break points. We permit dy(-) to have a finite
number of discontinuities. Hence, single structural break and multiple breaks with
known or unknown break points, which are often considered in this literature, are
included as special cases of (2.2). For example, suppose dy(-) is a jump function,

namely,
/
11 1 §pl 1 :
(ao,al,...,ap,,b’l,...,,b’q), if u <uo,
Oou) = 2 2 2 2 2\ .
(ao,al,...,ap,[)’l,...,/)’q), if u > ug.

Then we obtain the single break GARCH alternative considered in Chu (1995).

Theorem 5 suggests that the LR test is consistent against all alternatives to
Hp, subject to a set of regularity conditions (i.e., Assumption A.l). Thus, the
proposed test will be able to detect any structural changes in GARCH models as
long as the sample size T is sufficiently large. This is appealing in light of the
fact that usually no prior information about the alternative of structural changes is
available in practice. It avoids the blindness of searching for possible alternatives
of structural changes. Moreover, as we do not use any trimming procedure, that
is, we test all points u in the interval [0, 1] rather than a strict subset of it, our
test can detect structural changes that occur near the boundary of [0, 1], provided
that T is sufficiently large and the bandwidth b is sufficiently small. And, unlike
some existing tests in the literature (e.g., the CUSUM test), our test has symmetric
asymptotic power against structural breaks that occur either in the first or second
half of the sample period.

6. FINITE SAMPLE PERFORMANCE
6.1. Parametric Bootstrap

Theorem 4 provides the null asymptotic N (0, 1) distribution of the LR test. Thus,
one can implement our test for Hy by comparing L R with a N (0, 1) critical value,
which is rather convenient in practice. However, like many other nonparamet-
ric tests in the literature, the sizes of LR in finite samples based on asymptotic
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approximation may differ significantly from the prespecified significance level.
Therefore, we shall consider the following bootstrap procedure:

e Step (i): Estimate the null GARCH model and compute the estimated stan-
dardized residual sample {?:,}ZT: 1

e Step (ii): Obtain a bootstrap standardized residual ¢; from the centered em-
pirical distribution of {¢,}/_, and then a bootstrap sample X* = {X;}I_,
from the estimated null GARCH model and {sf}thl ;

e Step (iii): Estimate the null GARCH model using the bootstrap sample X'*,
and compute the bootstrap test statistic L R* in the same way as we compute
LR, with X'* replacing the original sample X ={X f}zT:I;

e Step (iv): Repeat steps (ii) and (iii) B times to obtain B bootstrap test statis-
tics {L Rl*}lgzl, where B is sufficiently large;

e Step (v): Compute the bootstrap p-value p* = B~! ZIB:I 1(LR; > LR).

The excess kurtosis « estimated from the original sample X’ will be very close
to the one estimated from the bootstrap sample X* under H, so the LR statistic
applies to both normally and nonnormally distributed innovations. The parametric
bootstrap has been widely used to improve the finite sample performance of non-
parametric tests. For example, Fan, Li, and Min (2006) and Li and Tkacz (2006)
apply it to test the correct specification of parametric conditional distribution and
conditional density in different contexts respectively.

We first show the consistency of the bootstrap in the following theorem.

THEOREM 6. Suppose Assumptions A.1-A.3, A.4(i), A.5, A.6(i), and A.8 hold.
Then conditional on X, LR* - N(0,1) as T — oo.

The proof is similar to that of Theorem 4 and we need to use the fact that the
parametric bootstrap ensures that in the bootstrap world, Hy always holds. When
the null hypothesis Hy is true, the bootstrap procedure will lead to asymptotically
correct size of the test, because LR* converges in distribution to N (0,1). On
the other hand, when the null hypothesis is false, the bootstrap procedure has
asymptotic unit power. This follows because the test statistic L R will converge to
infinity in probability, whereas the bootstrap test statistic L R* still converges in
distribution to N (0, 1).

In fact, when the same kernel k(-) and the same bandwidth b are used for both
LR and LR*, the parametric bootstrap described above can be greatly simplified
by replacing LR and LR* with [y —Ig and I, — [} respectively, where [}, and [},
are the average log-likelihood values of the local QMLE and global QMLE based
on the bootstrap sample A'*. This procedure is rather convenient because there is
no need to compute factors A, B and to estimate «. It is also applicable no matter
whether ¢; is normal or nonnormal.

The consistency of the parametric bootstrap does not indicate the degree of
improvement of the parametric bootstrap upon the asymptotic approximation.
Since LR is asymptotically pivotal, it is possible that L R* can achieve reasonable
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accuracy in finite samples. We shall examine the performance of the parametric
bootstrap via simulation study.

6.2. Simulation Study

To examine the size of our test under Hy, we consider the following DGP:
DGP S1 [Standard GARCH(1,1)]:

X; =4/ h?(‘f[
h) =0.14+02X% +0.7h)_, (6.1)
& ~iid.N(0,1).

The standard GARCH(1,1) model is the most popular GARCH model and has
been widely used in modeling volatilities in financial econometrics. We generate
500 data sets of a random sample {XI}IT:1 for T = 250 and 500 respectively,
using the Matlab Windows Version 7 Random Number Generator. We generate
an initial value Xo from its unconditional density N (0, 1) and discard the first
5000 realizations to eliminate the impact of the initial value.

To investigate the power of our test in detecting structural changes in GARCH
models, we consider the following four alternatives:
DGP P1 [Single Break in a GARCH]:

X; = ﬂh?(‘)[

e { 0.14+0.2X? | +0.4h" if 1 <0.5T, (6.2)

t—1°
t

0.3+0.4X> | +0.55n)_|, otherwise;

DGP P2 [Multiple Breaks in a GARCH]:

X :Jh?e,

0.1+0.2X2_, +0.3n0 if 1 <0.37, (6.3)

=1
h)=1 03+03X%,+0.4n° if0.37 <t <0.6T,

t—1°

0.5 —i—0.4Xt2_l +0.55h° otherwise;

t—1°

DGP P3 [Smooth Transition GARCH]:

Xl‘ = ‘/h?gt

h) = (0.1+0.2X2 | +0.4n)_ ) [140.5G ()] (6.4)

G@t)={l+exp[-5(/T —0.5)1}"";

where ¢; ~i.i.d.N (0,1).
The single break has been a structural change with classical importance. Under
DGP P1, an abrupt break occurs in a GARCH(1) model at some unknown time .
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This alternative has been considered by Chu (1995) and Berkes et al. (2004).
DGP P2 admits monotonic multiple breaks. DGP P3 is the time-varying
smooth transition multiplicative GARCH(1,1) model proposed by Amado and
Terésvirta (2008).

For the proposed LR test, we use the quartic kernel k(u) = %(1 —u®)21(Ju| <
1), where 1(-) is the indicator function taking value 1 if |#| < 1 and O otherwise.
In fact, our simulation evidence (not reported here) suggests that the choice of
k(-) has little impact on the performance of the test. For simplicity, we choose the

bandwidth b = (1/ x/E)T_é, where 1/+/12 is the standard deviation of U (0, 1),
which could be viewed as the limiting distribution of the grid points %, t=1,...,
T, as T — oo. We use the parametric bootstrap described above with the num-
ber of bootstrap iterations B = 100. Both 10% and 5% significance levels are
considered.

The simulated results are summarized in Table 1. Under DGP S1, the LR test
has good size. For example, the rejection rate is 5.8% at the 5% level when T =
250 and decreases to 5.4% when T = 500. DGP P1 has a single sudden break
with unknown break date. The LR test has reasonable power. The rejection rate
is 43.6% at the 5% level even when the sample size T is as small as 250, and
increases to 68.6% when T = 500. DGP P2 has multiple breaks. As expected, the
rejection rate is higher than that under DGP P1. Under DGP P3, the coefficients
of the GARCH model are changing over time smoothly. The rejection rate is a bit
low when 7' = 250, but increases with the sample size 7.

To sum up, the LR test has good sizes in finite samples when the parametric
bootstrap is used. It has reasonable powers against both sudden structural breaks
and smooth structural changes in GARCH models.

TABLE 1. Size and power of LR

T =250 T =500
10% 5% 10% 5%
Size
DGP SO 128 .058 112 .054
Power
DGP P1 .620 436 814 .686
DGP P2 .844 722 956 912
DGP P3 242 154 480 .346

Notes: (1) DGP S0 is a classical GARCH(1,1) model, given in (6.2); DGP P1 is
a GARCH model with a single break, given in (6.3); DGP P2 is a GARCH
model with multiple breaks, given in (6.4); DGP P3 is a smooth transition
GARCH model, given in (6.5); (2) The parametric bootstrap procedure is used
and the bootstrap iteration number B = 100; (3) The empirical rejection rates
are based on the results of 500 iterations.
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7. CONCLUSION

Modeling and detecting structural changes in GARCH processes have attracted
increasing attention in time series econometrics. We have contributed to this lit-
erature by establishing the asymptotic properties of a local QMLE for a class of
smooth time-varying parameter GARCH models in both the interior and bound-
ary regions of the sample period, and more importantly, proposing a new consis-
tent test against smooth structural changes as well as abrupt structural breaks in
GARCH models. Existing works mainly focus on the estimation of time-varying
ARCH models, which are special cases of our time-varying GARCH models, and
asymptotic properties of the local QMLE were only available for interior points in
the previous literature. Moreover, no test on parameter constancy was available for
time-varying ARCH models. On the other hand, our LR test is intuitively appeal-
ing and straightforward to compute. It has a convenient null asymptotic N(0,1)
distribution, does not require trimming data, does not require prior information
on the alternative, and is consistent against all smooth structural changes as well
as multiple abrupt structural breaks in GARCH or ARCH models. To improve
the size, we use a parametric bootstrap procedure, which provides reasonable size
and power for the proposed test in small and finite samples.
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MATHEMATICAL APPENDIX

Throughout the appendix, C, Cy, and C, denote generic bounded constants that may
differ in different places. We will use ||-||; for the /;-norm and |-|,p, for the abso-
lute matrix, where (|Algp)i,j = |A; j|. We say A < B if A; j < B; ; for all i and j,
where A and B are two matrices with the same dimension. All convergences are taken as
T — oo.

Proof of Theorem 1. Our proof follows Dahlhaus and Subba Rao (2006) and Berkes,
Horvath, and Kokoszka (2003, BHK) closely. First we state two lemmas.
Following Subba Rao (2006), we introduce some notations. Define X,T = (h?,. ey

h?—q+l’Xt2—l""’Xt2—p+l) and X (u) = (ﬁ[ (u,@b?) ,...,ft,_q_H (M,GLE)),)}[Z_I (u),

. ¢ t2_ Pt (u)) . By Assumption A.1, there exists a constant C such that for all continuity
points u, |aj(.)(u) —a;)(v)l < Clu—v]|? and |,BJ(.)(u) —ﬁ;)(o)l < Clu—0l|?, where v € N, (u).
Define an integer M such that M > {77/[2C(p+q)]}_1/¢. Foreachr =1,..., M, define

7(r) bq(r) a(r) ap(r)
0

" I, 0 0
1) = 2, 0 0 o |’

0 0 I,, 0

where 7(r) = [by(r) + a1 (r)e?_;.bo(r), ..., by—1 ()], ar) = [ax(r),....ap_1 ()],

‘912—1 = [.912_1,0,...,0], a;i(r) = a?((r —H/M)+CM™? for i =1,...,p, bj(r~)/ =

ﬁ’j(.)((r —1)/M)+CM~% for j =1,...,q, and I is a d x d identity matrix. Let b, =

(sup,, ag(u),O,...,O) eRPTI-2 y, = Zookzl }],V[=1 ]_[f;l A (r)l;,_k, where 7; is
k#t—n

the location of discontinuity points less than 7, and A=+ stz_l)I( paq+1)> where Zy

is an d x d matrix with all entries being 1.
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LEMMA A.1. Under the conditions of Theorem 1, we have
-] < Vit U | B - )

<lu—vl” Wi+ Ry,
A

ab
where
0 k—1 B
Vi=C Z kHAt—j(il)[At—k|Xt—k—1|ubs+bt—k:|a
=1 j=0
k#t—n;
00 M k—1 _
Wy =C Z ZH-At—j(r)(At—kYt—k—l+bz—k):
k=1 r=1j=0
kst —n;
k—1
U=C z HAz—j(il)HXz—k—l|abs+C],
k=t—n; j=0
M k—1

Ri=C Z Z H-At—j(r)(Yt—k—l +C),

k=t—ne r=1j=0
where 1 is the location of discontinuity points less than t, and i is such that (i{ —1)/M <
t/T <iy/M. Moreover, for some n € [1,0),

~ n
sup; 7 E 12X 17 < o0, sup, E ' X; (1) )n < 00,
sup; 1 E | Vell}; < oo, E Wl < oo,
E|Utl; — 0, E|R|l;; = 0.

Proof of Lemma A.l1. The proof of Lemma A.l is rather similar to the proof of
Theorem 2.1 of Subba Rao (2006) with a finite number of discontinuities. Therefore,
we follow her proof with some modification. Note that X; = A,(%)X,_l +b;(%) and

X (u) = A () X1 () + by (), where by (1)’ = (@ (u),0,...,0) e RPTI=2,

w@) AYw) o®w) abw)

Ao |l 00 o
tu) = 2 5
e 0 0 0
0 0 I, 0

() = (AW + o) @ef_ 1, B W), ... f)_ @), a®) = [ @), ....a)_; w)].
By iteratively expanding X; and X; (%), we have

~ 1
X=X ()
‘ T abs

t t—1 t t ~ t
A (?) [At_l (—T ) A (;)] Kot Ary (;) [Xz—z _ A (;)]
t r—1 t
o (7)o () 20 ()],
1 ~ t 1 -
< A A 12 2l A ) Yo — B (;) A

1
ﬁVt'i‘Ut,

IN
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where we obtain the first inequality by using the facts that ’At 1 ( ) Ay ( ) ‘ ) <
aps
C Ay and ‘bt ' ( ) by (T)‘ < b1 as shown in Subba Rao (2006) and

obtain the second inequality by continuing the iteration and separating continuous and
discontinuous points. We note that E || U; || < (zk:z—n, pk)n < CpTh” = o(1), where
0<p<landsup, 7 E|V; I < 0o, as shown in Subba Rao (2006). Using a similar argu-
ment, we can show that ‘)Et (u)— X, (U)‘abs <|u—0v|? Wy + R;, where E ||W;||I! < oo and
E Rl — 0. [ |

LEMMA A.2. Under the conditions of Theorem 1, we have
o0
e (,00) =0 (09) + 228 (09) X2 ;)
j=1

Jfor all t with probability one, where the functions {j(0)} are given in BHK (2003). More-
over the representation is unique.

Proof of Lemma A.2. This is shown in BHK (2003). |

In the derivation of the asymptotic properties of f;, we make use of the local approxi-
mation of th by the stationary process )Z’tz(u) for all ¢ with |% - u| < %, where u is a
continuity point in [0, 1]. As the parameter space ® is a compact set, the proof of
Theorem 1 consists of the proofs of Theorems A.1-A.4. Then from the compactness

of O and the continuity of L(u,-) in (3.6), we conclude &; £> 93 by Theorem 4.1.1 of
Amemiya (1985). u
THEOREM A.1. Under the conditions of Theorem 1, supyce L@u,0)—Lub6) S 0,
where L (u,0) and L (u,0) are defined in (3.5) and (3.6) respectively.
Proof of Theorem A.1. To prove uniform convergence, it is sufficient to show pointwise

convergence and stochastic equicontinuity of L (i, -). Theorem A.1 follows from the two
propositions below.

PROPOSITION A.1. Under the conditions of Theorem 1, for any 6 € ®,

T
%ka Infy (u,0) 5 E [mﬁo (u,a)] (A1)
s=1
and
X5 () Xo()?
= ks = S0 A2
Z "Tis (u,0) E|:h0(u,9)} (A2

Proof of Proposition A.1. Note that f(tz(u) is a stationary process indexed by u. By
Lemmas 3.1 and 5.1 of BHK (2003), we have
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o0
0<Cr <hg@.0)<Co 1+ 1% w) ).
j=1

o0
E‘lnﬁo(u,ﬂ)lgE Co [ 1+ 200952 ) | | < oo,

j=1
) o (60
E|:l~10?u,9)i| = () £ o (,0) ’

where pg =¢gp. f(tz(u) is a measurable function of {¢;} for each u, so it is stationary and
ergodic at a given u by Theorem 3.5.8 of Stout (1974). Both (A.1) and (A.2) follow from
Lemma A.2 of Dahlhaus and Subba Rao (2006). u

PROPOSITION A.2. Under the conditions of Theorem 1, L (u,-) is equicontinuous
over O in probability.

Proof of Proposition A.2. We write

Etn -t < S 3 ket

Sup 5 u, 1) — u, 2‘ 57 stTs \U),
01,000, 0120, 101 — 023 T 4

where
1

(1) = sup D E—
01.0,€0., 0,40, 01 — 02113
X))  Xiw)
hs u,01)  hs(u,0)

} N 2
X ‘lnhs (u,01) —Inhg (M,Hz)’ +

By Theorem 3.5.8 of Stout (1974), 74(u) is a stationary and ergodic for a given u. By
Lemma A.3, we have £ [TO (u)] < 00. Hence

T
1
T E kstts(u) = Op (1)
s=1

and

. . 2
sup ———— |[L(u,0)) =L (u,0h)| =0p(l)
01,0,€0, 0,76, 1161 — 62115

by Lemma A.2 of Dahlhaus and Subba Rao (2006). Therefore, L (i, -) is equicontinuous
over @ in probability. u

LEMMA A.3. Under the conditions of Theorem 1,

1 X2 X2
. | Lo _ R
01,0,€0, 6,70, 101 — 02115 | hs (u,01)  hs (u,6,)
and
1 3 i >
E zllnhs(u,f)l)—lnhs(u,(-)z)‘ < 0.

sup _
01,0:€0, 6,0, 1101 — 0215
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Proof of Lemma A.3. Similar to the proof of Lemma 5.3 of BHK (2003). u

THEOREM A.2. ~Under the conditions of Theorem 1, supgee |B; (u,0)] —P> 0, where
Bt (u,0)=L;(0)— L (u,0), and L;(0) is defined in (3.4).

Proof of Theorem A.2. We decompose

sup |L:©) = Lw,0)

T 2 )
1 X5 X5 (w)
= O kgt [In g (0) — g (u, 0
ST 2555 T T ) QEQTZ ik ©) = Infs 1,6)
T T 5
! kst |v2_ 52 kgt X2 (1) 3
T X5 — X5 ()| +su hys(0) = hg (u,0
He(%TZhS(e) R A gh s .y IO )
+ sup — st, Inhy(0) —Inhg (u, 9)‘ A3

00 T

Theorem A.2 follows from three lemmas below under the conditions of Theorem 1.

LEMMA A 4. supgeo + 31—, it ‘x — 2| =0p ).
Proof of Lemma A 4.
T
1 kst |2 _ 52
sup — 5 =X (u)‘
o0 T Z IRGI
T
1 kgt ' N ‘(ﬂ 1
< sup — ——ul W —V,
< 082(1?) T ; 1 (0) ( T U s+1l,g+1+ 7o VstlLa+l
T
1 kst s—t|? t 0 1
< sup — —| w ——ul’W, —V,
< 0822) T ; 73 (0) ( T s+1,g4+1+ | T ul s+1,g4+1+ 79 'stla+l
=0p (¥,
where Wy 4 and V; 4 are the dth element of Wy and Vs, which are defined in Lemma A.1
respectively. We have used the fact that ’T - u| and Lemma A.1. u
kth ()

LEMMA A.5. supee@TZ hs (@) —hs w,0)| = op (1).

s=1 p (0)ig (u,0)
Proof of Lemma A.5.

| o ke X2)
sup — —_—
00 T = hy(O)hs (u,0)

hy(0) =y w,0)|

¢ 1

s—J
Ws—jti.g+1+ ﬁvs—j+l,q+l)

T

2
<Csup ZZk‘,fj(e) 0)) ( —u

x]/I (
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s—t|?

T Ws—jt1,g+1

< Csup — ZZk /o h( 0)) |:

g0 T s=1j=1

4 i|e

J
Ws—jrlg+1+ ‘?

=0p (b?). (A4)

L
——u
T

1
W, +—Vi—j
s—j+1l,g+1 To s—j+1l,qg+1

We have used the monotone convergence theorem, Lemma A.l, and the fact that
1 _ u’ [ |

LEMMA A.6. supgeg = D.0_; kst [Inhs () —Inh (u,0)| = 0p (1).

Proof of Lemma A.6.

sup — ka

ge0 T

Inhs (0) —Infs (u, 9)‘

T

1
< sup L Sk

S —

hs(©0) — hy (u,0)
hy (u,0)

< sup —ZZ%@ ©) H—

s=1j=1

|
Ws—jt1,q+1+ ﬁVs—j+1,q+1]

4 t
We_ L uw. .
s—j+Lg+1 T T u" W jt1g+1

< sup —ZZCk;,pj/q[ S;t

00 T s=1j=

J
+|2

1
Ws—jti,q+1+ ﬁVs—Hl,qH]

= 0p (1), (A5)

where h* (u,0) lies between hg (0) and g (u,0). We have used the mean value theorem,
the monotone convergence theorem, Lemma A.1, and the fact that |% — u| < % |

THEOREM A.3. Under the conditions of Theorem 1, L (u,0) has a unique maximum
ar69.

Proof of Theorem A.3. It follows from Lemma 5.5 of BHK (2003) for the stationary
case. |

From the compactness of ® and the continuity of L(u,-), we can conclude 0r —P> (9,9 by
Theorem 4.1.1 of Amemiya (1985). |
THEOREM A.4. Under the conditions of Theorem 1, supyce }L,(H) — E,(H)‘ i)> 0,
where L; () is defined in (3.7).
Proof of Theorem A.4. We rewrite
X2 X?
hs(©)  hy(0)

sup|L ©O)—L,©O)| < sup - z » +sup — st[|lnh5(0)—lnh5(0)|

pco T
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It suffices to show the following two lemmas.

X2 X2

LEMMA A.7. supgee %Zzzlk” 7 =op (1), where hg(0) is defined

in(3.7).

Proof of Lemma A.7. We have

r 2 2
1 X X R Pl x?
sup kgt | —2 — —2— up— kst p XZ . =op(l),
ee@TZ Y © R @) 21,20 0 @) T
where we have used Lemma A.1 and the monotone convergence theorem. |

LEMMA A.8. supgee = >.0_ kgt [Infg (0) —Inhg ()] = op (1).
Proof of Lemma A.8. We have

|hs ©) = hs (6)]

sup—Zk”‘lnh @) —1Inhy(0)] < sup—stt )

0e0 s=1
< sup — ZZ/« iy 10y X% = 0p (1),
06@ s=1j=0

where we have used Lemma A.1, the mean value theorem, and the monotone convergence
theorem. |

Therefore, Theorem A.4 follows. n

Proof of Theorem 2. By a Taylor expansion, we have

a0)_a(8) e,
- = t— Y% )>

00 00 0000’

A 2 52
where 6} lies between 6; and 09. As 0 £ 609 and supyce %{;gfl - %’ £o by
oL, (0F) P

0000’

Theorems A.5 and A.6, we have — H(u) and

JbT (ét—93)+H-1(u)W FH—I(u)aZ( 60)+0P(1)

where B; (u, 0) is defined in Theorem A.2. The proof of Theorem 2(i) consists of the proofs
of Theorems A.5-A.8.

THEOREM A.S. Under the conditions of Theorem 2(i), supgeg‘ oggla,g) -
2Lw 4)
000" 5o0.

THEOREM A.6. Under the conditions of Theorem 2(i), supgc@

’B,w.0)| P
. ‘%O'
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The proofs of Theorems A.5 and A.6 are rather similar to the proofs of Theorems A.1
and A.2 respectively. We omit the details here.

THEOREM A.7. Under the conditions of Theorem 2(i),
oL (u, 0,9)

VoT d N(o, —ky (g+1) H(u)).

Proof of Theorem A.7. By definition, we have

oL (u,@o) . .\ ol (M,HO)
VbT o0 : :\/ﬁék(srbt) Sae =,

ol (uﬁg)

s
where [ o0

is a martingale difference sequence. It is straightforward to verify the

conditional Linderberg and variance conditions. The result follows from the martingale
central limit theorem and the Cramér—Wold device. u

THEOREM A.8. Under the conditions of Theorem 2(i),

E M =Bu+0(b3+i)

o6 T
and
88, (u, 0,9) o bﬁ 1
var 60 = ( + ?)

Proof of Theorem A.8. We define

> - v2
B (1.08) = 0 (00) 4 205 (o) 72 0,

j=1

where 7 is some deterministic function of 7' such that Tp(; ta_ o (1) and bt =0 (1)

as T — oo.
0B, (u,eg) K (%‘,9,9) oIt (u,e;})
B ?521 o 0 00
1 L olt (u,ﬁg) ol (u,@,?)
T ;k” 0 00
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lik ol (#.09)  olt (5.09)
+T st

00 00

s=1

0 7 (s po0
3, [0 ()

s=1

= Bo+ Ry + Ry + R3. (A.6)

For the second term of (A.6), we have

i L | () = ()]

r s=1 ]:l‘s (14’919 ﬁg (uaeb({))
| T ohy (u,00)  ohT (u,09)
g~ o0
+—= > kg E|—2
Ts; g (,09)

1 T NA u) — g
+?Zk“E . (
s=1

X2( ) |:0h3 (u HM) Bﬁg (u,(i;)):|

> i
+ = kst E ~
e 72 (u,09)
4
= ZRU’ say,
j=1
where
T o] 00
1 o . 172 . - 12
Ry < 5 D kst { €+ Cipdl 1 [EXY )] > 1 [EXL ]
s=1 j=1 Jj=t+1

_ +1/q\ _ l
=0 (s )_O(T)’
. (pn0 Jjla . (p0 - Jla
and we have used the facts that ¢; (GM) < Cpy'™" and (8¢ (0, ) /00| < Cjpy'™ by
Lemmas 3.1 and 3.2 of BHK (2003). And

T 00 /a2
1 Zj:rJr]CJP() Xg_j(u)
Rip < ?anE

i (u,ag)‘
13k 3 e o) <o ().

S 1 j=t+l hT (u ‘90)

1
where p = e pg. The proofs of Ry3 and R4 are rather similar to those of Ry| and Ry,
respectively. The third term of (A.6) can be shown in a similar way to the second term.
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And for the last term, we have

< OhT(ego)[s (+
B > I () ()

I Sl | 15D

s (%,0}2 I3 (%,0{2)

ahs(g){}) 2 52(5

tha E 2 (o) X -%2 ()]

22 (% )
ol it | )5 G

1
T’
where we have repeatedly used Lemma A.1 four times.
Next, we consider the first term of (A.6). A Taylor expansion yields

T AT (u 00) r 3 (u 00)

1 K s \"VYu 1 s 2 s \U4>0y
B=—§k(—— —_— —Ek(—— —
T r et ”) 0ou T ar =T ”) 0002

1 T s 384[;{ (ﬁhal?)
+ 57 kst (5-u) ——ps =B+ Byt By, say,

s=1

where ug lies between % and u.
For the first term, we have

r 20t (1.00)

1 s—t s \*Yu 1
E(B))=— k —E| ——= (04
(B1) TSZ; ”( T ) 000u + (T)

1 1 1
:b/_lk(u)udu+0 (;) =0 (?)

and
r r a2 (u 00) a2 (u 00)
1 s r s >Yu r >Yu
var(By) = ﬁ ;;kstk” (? — u) (? —u) cov 0on s 00m
»2 . Ss—1 . Fs—t 6zl~§ (u,H,?) 621~sf+r (u,GL?)
< —_— —_—
= p272 ; b Zr: o )|\ 0ou T obou
Ch 521~ST (M,QL([)) 62[§+r (M,GS) 1
< — cov , =o(=),
000u 000u T
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where we have used the result that by,

000u 000u

verify it below. First note that

27t 0 27t 0
cov (6 Iy (uﬁu), 0 ls+r(”’9u))‘ — O(l).Wenow

2,00 1 1 oh (u,09) oh (u,60?) 1 0%hT (u,09)
80ou 2| h2@u,00) o0 ou 2,00y 06ou
L ohi(u,6) 0X2w) X)) 9*hi(w,60)
hi(u,600) o0 ou  hPw,00) 900u
2XZ(u) oh%(u,00) 6ht (u,02)
hw,00) a0 Ou
5
:ZBSj,say.
j=1

It would be sufficient to show that

b |cov (Byi, Bs4ryj)| = O (1)
r
fori,j=1,...,5. We first consider i = j = 1. In this case,

bZ|COU(Bs1,B(S+r)l)|:b Z |COU(leaB(s+r)l)’
r

r<t—I1

+b Z |cov (Bs1, Bs4r)1)| = B}, + B},

r>t—1
where
28 (09 oz (00) T dX2_ () dX2,,_ ()
shzer 3 |3 F S I i) () P
r<t—1 j,i=1
* a6 ][ ac dX2_ () dX2,
+E |: 50( M):| 66(9 :|QZ] 90 5]{ 90 g+r 1( ) dlj ! St k(u)
k,j,i=1
o [ } e } (o) 22w X ) 43y
o0 du
k,j,i=1
c 55/ ) 5@( ) 0
. ,kZ (@)a ()
Jri=1

dX2_;(u) dX2,,_,(u)
du du

[

1/2 d;}SZ_,( )
A+) t(u)‘2:| |: 7]”

(M)X_H_r k(u)

dXs ; ()
du

2
dXH_r J(u)

du

1/4 }1/2
Tt

< Ch Z zpl/q //q|:

r<t—1 | j,i=1

du

T
i/q jla k/q
+ > ipd 1 p " py { -

k,j,i=1
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st—i(“)
du

d)z.sz‘-%—r—k (M)
du

T e

0 00 . 414 B 414
+ Z Jpd/ Tk q zq q[E‘st_j(u)’] |:E)X3+,_k(u)’:|

Lk,j,i=1

— . la ifa i
. 1 v
+ > ind e qpoq[ (X (u)‘]

k,j,i=1

. 1/4 ~ 1/4
) [E X2, w) “} [E X2, () 4}
du du
= 0(hr)=0(1).

1 ont (u,00) oh? (u,00)
ht? (u,00) o0 ou

r>7—1

1
2(1+(5):| 2(1+9)

1 .
Bhsg X 4o [E

| ahf+, (u P ) 6h§+, (u P ) 2(149) ] 2(+9)

it 0\ A7 0 ]
XE~ S M u S U
U

hi2, (u,00) o0 ou

4(148)7 1/40+0)

T . 0
z af] (‘911) }N(SZ_J_ (Lt)

6/,
SCZ(X (r T)Ej:l 0

r>t—1

414571 1/401+0) (14077 1/40140)

X2
% Zé (90) ( ) ij (00) s‘+r Ths4r—j (u)
r 4(140) 1/4(149)
x| E Z & s+r J (u)
L =
=0,

where a(r) is the mixing coefficient for the process A;(2,u) and X;(2,u), which is
defined in Assumption A.8. We note that Subba Rao (2006, Sect. 5) has shown that
X (2, u) satisfies Assumption 3.1 of Subba Rao (2006). Therefore the strong mixing prop-
erty of A;(2,u) with a geometric rate follows by Theorem 4.1 of Subba Rao (2006).
The proofs for other i and j are very similar and hence we omit the details here. Sim-
ilarly, we obtain E(By) = By + O(4), var(By) = O(#) and E(B3) = 0(b%), lead-
ing to the desired result of Theorem 2(i). The proofs of Theorem 2(ii) and (iii) are very
similar. n

Proof of Theorem 3. It follows from the proof of Theorem 2(i) with the augmented
random sample and we omit the details of the proof. The major difference is the calculation
of variance and bias. That is, with the augmented sample, we have
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oL (u,(-)g)

~bT
var 50

lt_HTbJ §s—1 s+t s—t s—t 2t
Y K — )+ = ) +k(— )k [— + =
st;[ (bT>+ (bT)+ (bT)(bT+bT)
7 0) ~7 0
+k(s+t)k<s+t 2)]E ols (”9‘%) ols (u,ﬁu)

bT bT  bT 00 o0’

1 1 4
:—|:/ kz(x)dx+/ k(x)k(x+20)dxi|(Eg'2 1)H(u)+o(1),
-1 -1

T

1 s—1 821 (u,69) t %15 (u,69)
E(B))=— k E| —H% kst |l =—u ) E
By=7 2 {‘”(T) [ 200u +”(T ”) 000u
s=—|Tbh]|
1 27 0 820 (u,6°
0°ls(u,0y) S(’u) 1 1
=b k(x)dx E | —————= k(x)dxE|—=|{ = —
./_1x (x)dx [ 200u +/_ (x¥)dx 000u 7)To\7T
( : )
=0|=),
T
where, in calculating the variance, we have made use of the identity that

s (e,

and

a0 o0’
as can be easily verified. n

Proof of Theorem 4. Under Hy), we can decompose

120 1o p1/2 4 ov o (7 o0 0561 0
27b' 2 1y —1g) =" | 25,(0°) +(9t 0) ” ( 9)
t=1

4 - Lo oy 98i@Y)
—2b123" 5,(6%) (0 —00) —'2y (0 —90) — (0 —90)
t=1 t=1
=01+ 02+ 03, say,
where the score function is defined in (4.3), 6’} lies between H_f and 00, and 0! lies between
@ and 9.
The proof of Theorem 4 consists of the proofs of Theorems A.9-A.11. u

THEOREM A.9. Under the conditions of Theorem 4, Q = (Q1 — A)/\/E £> N(0,1),
where

i, var (812)
2

1
(I+p+9) [Zk(O)— / kz(u)dui|
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and
B = [var (8,2)]2(1+p+q)/01 |:2k(v)—/_llk(u)k(u +u)du}2du

Proof of Theorem A.9. To show Q g N(0, 1), it suffices to show three propositions

below. |

PROPOSITION A.3. Under the conditions of Theorem 4,

B 1 t+|Th] X .
6¢ =00 = —H;'! T 2 kgr S5 (0°) +Op(T_7b_§),
s=t—|Tbh]

where Hy is defined in (4.4).

Proof of Proposition A.3. By the Taylor expansion of the first order condition, we have

1+LTb) H+Th]  5s (gl)

1 0y, 1 S\t ) (7e 0

T Z kst S5 (0 )+? E kstT (9[ -0 )ZO,
s=t—|Tb] s=t—|Tb]

where 9} lies between 5," and 609. Because \/gzl;gi%bj kg S (09) —4
N (O, —%var(a?)Ho) , it suffices to show the following lemma. n

LEMMA A.9. Under the conditions of Theorem 4,

L s (o)

= H 1).
%0 o+op(1)

T s=t—|Th)|

Proof of Lemma A.9. We decompose

i t+LZT:bJ . 6S3(0t1) e i t+LZT:bJ . ass(a}) i z+LZT:bJ . 655(90)
T 00 =T T T ST 00
s=t—|Tb)| s=t—|Th)| s=t—|Th)|
st 20 0
s=t—|Tbh]

For the first term,

2
1 t+|TDh] 055,1(9;1) ~ 1 t+[TDh] an,j (00)

Loy g SO LSy
T s=t—|Tb)| a0 T s=t—|Tb) a0 2
t+|Th] 2 2
1 0 1 ()2P
<7 2 ksl @) |6l -6l 5o
s=t—|Tb] 2

where we have used the mean value theorem and Theorem 1.
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0 2q (90

For the second term, since [65;0(60 )] is an ergodic process with E ’%(99) < 00,
we have
1 I 55,09 p
— St — H
T a0 0

s=t—|Tb]
by Lemma A.2 of Dahlhaus and Subba Rao (2006). n

PROPOSITION A.4. Under the conditions of Theorem 4,
Q1 =A+20+op (1),
where

T s—1 T
O=T720"23">" 8,0 Hy '$:(0%) [ 2Tkst = > krskrs | - (A7)
s=21t=1 r=1

Proof of Proposition A.4. We first decompose

T t4(Th) oS (9 )
01==T""p7"2>" 5,0 Hy" | 2k O Xa—=T7'b > ki———H;"|S5©0"

=1 s=t—|Tbh|

t+|Th] 0
_ _ 541\ 08 (6’) _
—277 " 1/2§ 5 (0°)'H, 1[2/<( )Id—T > ks,k( ) = Ho 1}5,(60)

=1 s=t—|Th|

T
a8,
—2T—‘b—1/2Zs,(eo)/H(;'[zbk,,Id— 'bankm al ) }ss(eo)

t>s=1

T 1+1Th) | 0
T 2b1/22 Z 5,(6°)H {kz [552929:) _ 55’@(; ):“HO—ISS(HO)

t=1s=t—|Tbh]

T t+1Th) ! 0
o, "H s+t 0S; (9 ) as; (9 ) -1
+2172%7 123 S 5,(0°) H; ikwk( = )[ o " a0 |[Ho S0

t=1s=t—|Tbh]

Th 1 0
+2T—2b1/ZZZSs (90)/1_1(;1 {kStkrt |:BSt @h _ 08 @ ):” H(;ISr (90) +op (1)

& 00 00

=M +M>+Ui+Li+L>+L3s+op(1), say. (A.8)

We will show that the first two terms jointly determine the asymptotic mean, the third term
determines the asymptotic variance, and the remainders are higher order terms. This is
established by the following four lemmas.

LEMMA A.10. Let M| be defined as in (A.8). Then

LTb]

_p12 ( 2 _ b UAVEY RN
My —b"2 (14 p+q) 225 | 2k(0) T”j:_zw(l =) 55) | =er -
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LEMMA A.11. Let My be defined as in (A.8). Then

1 var(e?) R 1/l J ! J
My —b"?(1+p+q) ol > <I—7)k(ﬁ)/lk(ﬁ+2u)du =op(1).
; _

——|Tb)

LEMMA A.12. Let Uy and U be defined as in (A.8) and (A.7) respectively. Then
U= U +op(1).

LEMMA A.13. Let L; be defined as in (A.8), where i =1,2,3. Then L; = op (1) for
i=1,2,3.

The proofs of Lemmas A.10-A.13 are tedious but straightforward. Therefore we omit

them here. Detailed derivations are available upon request. n

PROPOSITION A.5. Under the conditions of Theorem 4, 2[://\/5 i) N(0,1).

Proof of Proposition A.5. Let

s—1 T
Ry =—=T"2b"2>" 5,(0°) Hy ' $:(0°) | 2Tkt = > krskrs
=1 r=1

N
We apply Brown’s (1971) martingale limit theorem, which states var(QU) ™ 22U i) N(0,1)

if
~ T ~ 1
var0) 1> 2R [|2RS| > n~var(2U)7] S0Vy>0, (A9)
s=1
a P
varQD) ™" B[R Fy—115 1. (A.10)
s=1
First,
T s—1
var (20) =477 3" > E[5,(0°) Hy 51 (0°) :6%) Hg 5 (0) ]
s=21=1
T 2
X ZTkS[ - Zkrskrt
r=l1

T s—1 s—1
TS DT B[00 Hy sy 0%)5,0°%) Hy ' 5,0%)]

S=111=1[2=1,l];ﬁ12

X (2Tkstl - Zkrll krs)(ZTkslz - Zkrtzkrs)
r r

=V + V,, say. (A.11)
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For the first term, we have

1 1T_1 J J ! J ?
vy =47"1p™ Zcz(j)(l—?) |:2k(Tb)—/_lk(u)k(u+Tb)du:| +o(1)

Jj=1

2
- [var(g,z)]z(1+p+q)/ol |:2k(v)—/_11k(u)k(u+v)dui| do
+4T_1b_1TZ:_l<l—;)1r [éz(j)]+o(1),

j=1
where

C2(i) = E[1(0%) Hy " 51-11(6°) 5111 (6°) Hg ' 5:(6°) ]
v 2 2
— [ar(:’)] (I+p+q)+tr [62 (j)]

and

var (8,2)

~ _ / _
Co()=E § 8(0°)S:(6°) Hy " | Si171(6°) Si-1j1 (6°) +——Ho | Hy"
Given the fact that Zj’i_oo )620)‘ < C, we have

2
% :[var(8,2)]2(1+117+c1)/()1 |:2k(v)—/_llk(u)k(u+u)dui| doto(l). (A2

For the second term in (A.11), we have
T s—1 s—1

v=4rh> > Y tr{ [SS (6°) S, (90) Hy ' S, (0°) 1, (0°) H 1“

s=1t=1n=1,11#n

X (ZTksn - Zk"fl krs)(szstz - Zkrtzkrs)
r r
T s—1 s—1

=477 D O —1.5—1)]

s=1t=1n=1,1#t

1 _ 1 _
x|:2bkm —/ Kk (u—}—sTbtl)du:H:Zbkstz —/ k(wk (H%) dui|+0(1)

—o(l), (A.13)

where the fourth order cumulant function

2
; 0 0y/ Var(gs) -1 0 0y r7—1
Cn(,)=E{|Ss(0”)8:(6") +THO H, Ss—;(07)Ss—1(6") Hy t.

We have used the fact that Zj >11C22(j,1)| < oo, which can be obtained by using the
mixing inequality. It follows that
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var(ZU) = [var (8,2):|2(1+p+q)/01 |:2k(v)—/_llk(u)k(u +D)dui|2du+o(1)

from (A.12) and (A.13).
We now verify condition (A.9). Let Wy; = 2bkgs — ity ZrT: 1 krskys. Then we have

T T s—1
S ERH =T {ZZ E [Ss @) Hy's; (90)]4 Wit
s=1 s=11=1

T 2 2
+> > E [SS(GO)’HO_IS,I (00)} [ss ©°) Hy's,, (00)] w2 W2,
s=1t1#n
r 2
D0 > B[S0 Hy 5, 00 ][5, 0% Hy 5, 08, 0°) Hy ' S, 0°)
s=11#n#1
x W, Wi, Wy

T
+> > E [s: (©°) Hy " $1, (05, (0°) Hy ' S:(6°) 8, (0°) Hy ' 5156
s=1n#h#B#l
X Sl‘4 (00)/ H()_l SS (90)] W&‘tl Ws‘tz Ws‘tg Ws‘t4

=0T hY+oTrH+oT b+ 0b)
=o(l).

So that [var2U) 172 X.T_ | E(R%) — 0 and Condition (A.9) holds.

Next we verify Condition (A.10). Let Qg = Zj’;} S; (00 (2Tb2ksr -3, b%,k,x) )
We have
E(RUIF 1) =T 05 Hy  E[5:(6°) 5, (60°) 17,1 | Hy ' 04

var (53)

— 1430, HO_IE[SS (69)s, (90)’|fs_1]+71,,+q+1 H;'0,

var (8%)
2
= Vis + Ry, say, (A.14)

where I, ;4 1isa (p+q+1) x (p+q+1) identity matrix. We further decompose

var (F%)
var (852)

2

Riy=—

r=% 3 o,ngt 0l - E[osHy ' o))

T4b=3E [Qs Hy! Q;]
var (ss

2
2 T
> ) T2~ I+ p+a) W3, (A.15)

r=I1
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Then we write

A var( 2) 72— 1%[ (0°) 175, (0°) - (Sr(eo)/HO_ISr(GO))]

s—1 n
x W3 —var(e3) T7271 30 D" s, (00) Hy Sy W, W,y
ri=lr=1
= Va5 + V35, say. (A.16)

It follows from A.11-A.16 that 37_|{E[2Rs)*|F,—11— E[QR)* ) = >3_, >,
4Vis — Vo + o(1). It suffices to show Lemmas A.14-A.16, which imply
E|XT_ | E[2Rs)*|Fs—1]1— ELQ2Ry)*]|> = o(1). Thus, Condition (A.10) holds, and so

20 /VB 5 N(0, 1) by Brown’s (1971) theorem. n
2
LEMMA A.14. Let Vi, be defined as in (A.14). Then E (Z{:] VU) —o(1).

Proof of Lemma A.14. Let

Q(Sr,s Ss5 Sry)

var(a?)

= Srl (90)/ |:I-I()_l E I:SY (QO)SY (90)/|~FX‘—1] + Ip+q+1] HO_I Srz (OO)WWI WWZ

0y | =1 0 0/ "ar('g%) -1 0
+ 80" | Hy E[81,0°)8, 0 1 Frymt |+ =g | Hy ' So0) Wiy Wi

0y | -1 0 0y/ var(z},)
+Ss(9 ) H() E[Srz(e )Srz((g ) |-7:r2—1i|+TIp+q+l Sr] (9 )ers rorys

where I, 4 ,41isa(p+¢+1) x (p+¢ +1) identity matrix. Then we have

2 2
Zvls :CT_4b_2E Z Q(SrlaCS,Crz)
SFEFFID
-0 (T_lb_l) —o(1),
where we have used Lemma A(i) of Hjellvik, Yao, and Tjgstheim (1998). n

2
LEMMA A.15. Let Vo, be defined as in (A.16). Then E (ZST: X Vgs) —o(1).

Proof of Lemma A.15.

()

22 T os-1
= 2[var(8 )} >3 E (s 0y s e -e[se g se]) W

s=1r=1

2

https://doi.org/10.1017/50266466614000942 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466614000942

784  BIN CHEN AND YONGMIAO HONG
2
2
4Ty |:var(es)i|
2
T s1—1 T s—1
x> > D B @ H s, 00— E[[5,0° H7 s, 0%)] )
si=lri=ls=1rn=I1
x {8, 0°) ;' 5, 0") = E [ 5,07 1 5,0 |} w2, w2,
=o(r 7 H+o(r ")
=o(1). n

2
LEMMA A.16. Let Vi, be defined as in (A.16). Then E (Zst1 V3s) —o(1).

Proof of Lemma A.16.
T 2 Var s—1r—1 2
E(szs) =T"*" 2[ } ZE D8 (0°) Hy ' S0, (0°) Wer, Wi,y
s=1 ri=1lrn=1

var(a T s1—1 sp—1rj—1
+T7%" 2[ } DUDTED DS (0°) Hy 'Sy (0°) Wayr Wy,

si=1s=1 ri=1rn=1

r3=1ry=1

sr—1r3—1 ,
z Z Sr3 (90 _ISr4 (90) W\'2r3 Wszm
— O(T_lb_l) =o(l). u

THEOREM A.10. Under the conditions of Theorem 4, Qo —P> 0.
Proof of Theorem A.10.

0,=-2'2— Zs,(eo) T(0-0% =o0p (1),

where we have used the fact ﬁ(é —00) =0Op(1)and ﬁ ZIT=1 St (00) =0p(1). n

THEOREM A.11. Under the conditions of Theorem 4, Q3 iJ) 0.
Proof of Theorem A.11.

2oy | L ’(91) 0
03 =—b'2VT(6-6°) Z VT(0-6°) =op (1),
where 0! lies between @ and 0°, and we have used the facts that /7' (0_ — 90) =0p(1)

and 0! 5 4. [
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Proof of Theorem 5. Under the alternative hypothesis,

20y ~1g) =217 ZT:U_z (9?) —I (0*)1+17! i 25 (9,0)’ n (é;‘ _gp)’ M
=1

t=1

o¢ 00 1 4 0* / 0 —0* /65; (é) b —0*

- T™ -2 — (60— —

x ( r — Ut ) + t; 1 ( ) ( ) 20 ( )
= Q0+ Q4+ 0s, say,

where 6/ lies between 0¢ and 9,0, and 0 lie between & and 6*.

It is straightforward to show that Q4 = op (1) and Q5 = op (1) by Theorem A.12.
Moreover, T~ 1p=1/24 = o(1). Hence, T=1p=V2LR = {4(]1—}—414—1)[0l [2k(v) -
f_ll k(u)k(u +1))du]2dv}_l/2 Qo+op (1), where Qg converges to a strictly positive con-
stant 2{ fol Elly(u,09)1du — fol E[lo(u,0%))du} by Theorem A.13. It follows that for any
nonstochastic sequence {M7 = o(T'+/b)}, we have P(LR, > M) — 1. n

THEOREM A.12. Under the conditions of Theorem 5, 0 —P> o*.

Proof of Theorem A.12. It is assumed that * = argmaxgec@ L(0) = argmaxgee
fol E [fo (u,0)]du is the unique maximizer over ®. Then we need to show

T
sup %le ©)—L@©)| - 0. (A17)
s=1

0e®

To show (A.17), we need to show (a) for any 6 € O, % ZST=1 Is(0)—L(@) — 0, and (b)

% ZYT: 1 Is(0) is equicontinuous in probability. For the pointwise law of large numbers in
(a), we decompose

F 30 L0=[ 130 13 (L) [ () -1 (0)]

s=1 s=1

lT ~ /S L
+ [TS;EIS (?,0) —./0 E[lo(u,H)]du}

=A1+Ax+ Az,
where
v2 (S
1 1 us woys 1 5 (1) P (S
A < — ‘x -X —’+— T poy—h f,a‘
1 T - hg(g) N S‘(T) ZTZs‘:hS(e)hy %’0) N ) S(T )
L hs(‘g) _ﬁs (%59)
2T 4 Jis )
1 1 Vs+1,q+l 1 X% (%)
Si hs (0)(W+U[+]’q+] +ﬁz S

T s N hS(H)ﬁS(T’G)

https://doi.org/10.1017/50266466614000942 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466614000942

786 BIN CHEN AND YONGMIAO HONG

+1, +1
ngl(e)( A +Us—j+1,q+1)

1 Z =1 @) (M"'UA —Jj+L q+1)
2T hs(0)

X3 (1)

1 —1 (Vs+1 q+1 ) C
< —>nlo 1 4y, =y —
a7 21 O~ Hhatl )T or Zh s (£.0)

o0
. V _
jla [ Ys=j+l.q+1
X zp() ( T +Us_j+1"1+1)

j=1
ZOO J/q( s=jrlatl 4
+£Z 1P0 T0 s—j+1,q+1
2T < hs(0)
=op(l),

where V 4 and Uy 4 are the dth element of Vg and Uy defined in Lemma A.1.
To show Ay = op(1), we define

2
I (u,0) = — 1|:lnhf( 0)+~ (”)}

hg (u,0)

hi (,0) =S 0) + D& OX7_ (),

j=1

where 7 is some deterministic function of 7. We decompose

7 2 (o) -2 (7o)t + i 7 X[ (70) -5 (7.9)]

=1 s=1

28 (70) =5 (79)]

= Ay + A+ Ax.

©

||M~1

For the first term, we have

var(Azl)— Zcov [IT( s ) It (;,9)]
“7 X ool (70):7 (79)]

vz 3 o[l (7.0).05 (7.0)]

|s—r|>27
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—0 (%) +0(™ ") =o(l)

ast/T — 0and 7 — oo.
For the second term,

X2

E|Ayp| < ;éE‘lnfzs (%9) —InA? (‘— 0))+E
CT ~ /S ~_ (8
P s (7:0) =55 (7-9))

+= Zsup[EX“(u)]‘/2 z g(a)[EX“( )]1/2

j=t+l
—0 (p(r+1)/q) =o(l).

The last term can be shown in a similar way to the second term. Therefore, Ay, =

op(1).
Finally,

G -%2 (o) =0 (4):

where we have used the fact that £
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Now we show the stochastic equicontinuity in (b). For any pair of #; and 8, € ® with
01 # 0, there exist a @ € O that lies between ¢ and 6;, such that

12
T ohy (6 ohy (0

|L(91)—L(92)|2<LZ Ll xpol

o1 —6,1>  ~ 2T & (0) 120)

IA
ﬂ‘”
\IM\!
HM8
b\‘
|

THEOREM A.13. Under the conditions of Theorem 35, T_lle 11_1( tO) =
Jo Ello(u,6)1du+op (1) and T-V3T_ 1, (6%) = Jo Ellg(u,6*)1du+o0p(1).

Proof of Theorem A.13. First we note that replacing [; (-) with /;(-) has asymp-
totically negligible impact by a similar proof to that of Theorem A.4. Therefore,

TV L (0%) =T 31 1 (0%) +0p (1) = [y Ello(u,0*)1du+o0p (1) by (A.17).
Next, we decompose
T 1 T 1 T
-1 0 0 2
T ;l[ (Ht):_ﬁélnh[ (gt)_ﬁzgf :—A4—A5,

=1

where As £> % by the law of large numbers. We further decompose

T

1 1! N 1 ~ t
A=y /O Eunho(u,eﬁ)ldwﬁz[lnht (09) =, (;ﬁ?)]

t=1

1 _ (1
ﬁZ[lnht( )—Elnh,(?ﬁ,o)]

t=1

1 < 1 1!

r 0 T 0
T;Elnht(ret)—z/o Elinko (u, 09 ) du
Lty
=5 Ellnhg(u,0,)du+ Agy + Agp + Ag3
0

and we shall show that A4; = op (1), j =1,2,3.
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For the first term, we have

IM]IS%i ht(eto)_ﬁt(%’eto) =0P( : )

Py hy (%@0) 0

where i} (%,0,0) lies between h; (0,0) and 7, (%,6’?) We have used the mean value

theorem and Lemma A.1.
To show Agp =op (1), we define

ht (%,9})) =& (9?) + ZT‘/:]- (Hto) X7 (%) ’

J=1

where 7 is some deterministic function of 7. We decompose

1 ~ t ~ t
Agp = 72[111};; (?,9,0) — Elnhf (?,0,0)]

t=1
T

1 (1 (1
ﬁZ[lnhT (?,0,0) —Inif (?,0}’)}

=1

1 ~ t ~ 1
_ ﬁz |:E1nht (?,9,0) — Elnh? (?,9,0)]

=1

+
——— N

The proof of Agp = op (1) is rather similar to the above proof of A» = op (1) and hence
we omit the details here.
For the last term, we have

T
|Ag3] < %Z Elnhy (%,0,0) —Elnh,_; (%,9,0_1)’
t=1
Con & _ . -1
T2y ()| (7)1 ()
=1 j=I
Cn 20, (o0 0 Vo2 (-1
7 22 (o) =4 (L) [ T)

=1 j=1
(7)

=0\ — N
T

where we have used the fact that E‘f(f (%)—x2 (%)‘ = 0(%),

(0] (%) when ¢ and r — 1 are continuity points, ‘Hto _'910—1 = O (1) when t or t — 1 is

A

IN

01,‘0_91‘0—1’ =

a discontinuity point, and the number of discontinuity points is finite and fixed. It follows
that 71T T, (9;)) = [V Elly,09)1du+op (1). u
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Proof of Theorem 6. First we note that the parametric bootstrap ensures that in the
bootstrap world, H, always holds with & = 8, the global QMLE, and conditional on the
random sample X ={X; W ;—1» the bootstrap standardized residual {81* } is an i.i.d. sequence.

Define l* and l* in a similar way to [y and /g in (4.1) and (4.2) respectively with
proper substitutions, namely, replacing X;, 0, and § with X}, 0* and 6* respectively.
We decompose

i st
272 (1% —1 bl/zz 257 (0) + (0c* - 0)’ — | @ -0)

T ) ) 65* (61*) . .
—2b'/2> 55 (0) (6" - blﬂz 7(0*—9)
t=1

=07+ 05+ 03,
where 911 * lies between G_f * and @, and O!* lies between §* and @. The first term QT comes
from nonparametric estimation based on the bootstrap sample X'*, which determines the
asymptotic distribution of L R* conditional on the observed random sample X'. The second
and third terms come from parametric estimation, whose impact is negligible asymptoti-
cally. The proof of Theorem 6 consists of following three steps:

(1) Noting that conditional on &, 6* is a /T consistent estimator for 8, so we have

03 =—2p'2 Zst 0* —0) =op (1) and

. 1Tas:(e‘*) -
0% =—b"2VT (6* - 0) ?ZT VT (0*—=0) =op (1).
t=1

2% (0)
3050°

(2) Let H, = E* [ |X]. Using a similar decomposition to (A.8), we have

T
0f =12y s (0)

1+1Tb) . (j
8% (0) - _
x{Zk(O)Id—T b > K ()H*_]i|St*(9)—2T_lb_]/2

s=t—|Th| 69
b 5 2
() s+1) 05 0) - 1| e (s

x> 57 (0) A ][21«( b)l"_T1 2 k”k(Tb) Z H*]}St(e)

- s=t—|Tb|

—1p-1/2 d w (A 51 - = (é) s e
=277 V2 " 8 (0) H | 2bkisla = T7'0 D krirs o | .

t>s=1 '

+op (1)

s (%2 X A ~

ZWJJ*“P(D’
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where A is defined in (4.3) and U* = —T~2p'/25T_, 2= sx(0) a7 s} (0)
(2Tkss = S ykrske ).

(3) Note that E* (&1%) =0, E* (21X) = 1 and

var* (20*|X)
T s—1
Ty 3 E [5: @) A7 @) 51 (0) 7's; 0)1] (2T — £ k)
s=2t=1
Y T s—1 s—1
AT ST Y B[S 0) AT'S; (0)S; (0) AT s (0)1%]

s=1t1=1n=1,t1#n

x (2Tk5,, — 3Tk, k,s) (2Tk5,2 - Zf=1krt2k,5)

2
= [W* (e,*le)]z(l—i-p-i-q)/ol |:2k(v)—/llk(u)k(u+v)dui| dv+o(l).

Then by verifying the conditions of Brown’s (1971) CLT theorem, we can obtain that con-
ditional on X, the bootstrap test statistic LR* -4 N (0, 1). Combining Steps 1-3 yields
the desired result. u
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