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1. Introduction

Following the recent global financial crisis, one of the worst
financial crises in history, public policy makers and academic
researchers alike have devoted much effort into finding the causes
of this crisis. A widely believed cause is the birth and burst of
the U.S. real estate bubble. Not surprisingly, the recent literature
focuses on the econometric identification of bubbles; see, for
example, Phillips et al. (2011), Phillips and Yu (2011), Homm and
Breitung (2012), and Phillips et al. (2015a,b, 2014). A primary
technique used in this literature relies on the asymptotic theory
developed in Phillips and Magdalinos (2007, hereafter PM) for a
mildly explosive discrete time model.! The asymptotic distribution
of PM is empirically appealing as it does not rely on the assumption
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1 The error term in PM is assumed to be a sequence of independent and identically

distributed (i.i.d.) random variables. Magdalinos (2012) extended the asymptotic
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of Gaussian errors, unlike the conventional asymptotic theory
for the standard explosive model developed in White (1958)
and Anderson (1959). Explosive processes are used for bubble
analysis because, according to the rational expectations theory, the
presence of bubble implies the explosive sub-martingale property.
In the discrete time autoregressive set-up, this property leads to
an autoregressive root larger than unity; see Gurkaynak (2008) for
a recent survey of the literature on bubbles. In an empirical study,
based on arecursive method implemented in a discrete time model
proposed in Phillips et al. (2011), Phillips and Yu (2011) analyzed
the bubble episodes in various U.S. markets and documented the
bubble migration mechanism during the financial crisis. It was
found that the real estate bubble in the U.S. indeed predates the
financial crisis.

However, it is well-known that the degree of deviations from
unity is typically determined by data frequency in discrete time
models. Consequently, the empirical results may be sensitive to
the choice of data frequency. Another potential restriction in using
the theory of PM is that the asymptotic distribution is independent

results of PM to the case where the errors are serially dependent. The asymptotics

for the case in which the variance of the errors is infinite were established by Aue
and Horvath (2007).
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of the initial condition. The initial condition was assumed to be
of a small order in PM, and therefore, the resulting asymptotic
distribution may not provide an accurate approximation to the
finite sample distribution when the initial value is large.

In this paper, we overcome the two aforementioned problems
in the literature by developing a double asymptotic theory for an
explosive continuous time Lévy-driven process. There are several
important reasons leading us to focus on a continuous time
Lévy-driven process. First, it is well-known that the persistence
parameter in continuous time models does not depend on data
frequency (Bergstrom, 1990). Therefore, inference about the
explosive behavior in the continuous time framework is less
sensitive to the choice of data frequency in empirical analysis.
Second, the continuous time model provides a natural tool to
accommodate an initial condition whose order is higher than that
in PM. As a result, our asymptotic distribution explicitly depends
on the initial condition. This feature is the same as in the in-
fill asymptotics (h — 0) developed in Phillips (1987a) and
Perron (1991). Not surprisingly, we find that our asymptotic theory
improves over that does not depend on the initial condition in
the finite sample approximation. Third, the use of Lévy-driven
process allows us to develop an invariance principle for the
persistence parameter, thereby sharing the asymptotic property
of PM. The invariance principle is desirable because in many
empirical analyses of bubbles the assumption of Gaussian errors
may not be realistic.

The results in our paper build upon and extend the important
work of Perron (1991). Based on the in-fill asymptotic scheme,
Perron established a connection between the continuous diffusion
process and the local-to-unity process and derived an alternative
approximation to the estimator of the autoregressive parameter.
His asymptotic theory permits explicit consideration of the effects
of different initial conditions.? In our paper, by letting h — 0 and
N — oo simultaneously, we build a link between the continuous
time model and the discrete time autoregressive model with root
moderately deviated from unity. Like Perron (1991), our double
asymptotic distribution for the explosive case explicitly depends
on the initial condition. However, when the process is stationary,
as expected, no role for the initial condition is found in the double
asymptotics.

Instead of focusing on the Brownian-motion-driven diffusion
process as in Perron (1991), we consider the continuous time
models driven by the Lévy process. Not only is our model
empirically more realistic, but it also allows for the establishment
of an invariance principle. Moreover, we derive two types of
sequential asymptotics (N — oo followed by h — 0,and h — 0
followed by N — 00) to bridge the gap among the simultaneous
double asymptotics, the long-time-span asymptotics, and the in-
fill asymptotics.

The results in our paper also extend the seminal work of PM
(2007). In the explosive case, our double asymptotic scheme leads
to a mildly explosive autoregressive model that has an initial
condition with a higher order of magnitude than that in PM.
That is why our asymptotic distribution depends on the initial
condition, unlike the asymptotic distribution in PM. Extensive
simulations show that our asymptotic distribution provides better
approximations to the finite sample distribution. With a larger
initial condition, one may be able to extend PM’s asymptotic theory
so that the modified asymptotic distribution depends on the initial

2 Phillips (1987a) established the in-fill asymptotics for the unit root case
(i.e., setting the persistence parameter « to be zero) to take into account the effect
of the initial condition in the limiting distribution. In Phillips (1987b) the in-fill
asymptotics were established for the case where ¥ # 0 and the initial condition
is set to be zero.

condition. However, such a new asymptotic distribution depends
on some nuisance parameters which cannot be consistently
estimated. In the double asymptotic theory developed in the
present study, the nuisance parameters are either known by the
setting of the data structure or consistently estimable, making
pivotal limit theory possible in continuous time models.

Our study also closely relates to the continuous time literature
developed in statistics. In this literature, the least squares
(LS) estimator, which is based on the Euler approximation to
continuous time models, is often used to estimate the persistence
parameter, when only discrete observations are available. The
discretization error introduced by the Euler approximation has
some important implications. For example, in developing the
simultaneous double asymptotics for the stationary case, an extra
condition that governs the relative convergence rates of N and h
is needed in order to control the size of the discretization error;
see, for example, Shimizu (2009) and Hu and Long (2009). In
the explosive case, Shimizu (2009) showed that no asymptotic
distribution can be derived because the size of the discretization
error cannot be well controlled any more. However, our estimator
of the persistence parameter is constructed directly from the exact
discretized model, and hence, not subject to the discretization
error. Consequently, in the stationary case, there is no need to
impose an extra condition to control the joint behavior of N and
h. More importantly, in the explosive case, we can derive a double
asymptotic distribution for our estimator.

The rest of the paper is organized as follows. Section 2
introduces the model, builds the connection between our model
and the mildly explosive process of PM, and discusses the
relationship between our results and those in the literature.
Section 3 develops the simultaneous double asymptotics. Two
types of sequential double asymptotics are established in Section 4.
In Section 5, we use simulated data to check the performance of our
asymptotic theory and use real data to highlight the implications
of our theory for statistical inference. Section 6 concludes. All the
proofs are collected in the Appendix.

2. The model and the estimator

2.1. The model

The model studied in the paper is an Ornstein-Uhlenbeck (OU)
diffusion process of the form:

dy(t) =« (n —y()dt + odL(t),  y(0) =yo=0,(1), (2.1)

where L(t) is a Lévy process defined on a filtered probability space
(2, F {Fi}i=0, P) With L(0) = O0as, F = o {[y(9)];_,} and
satisfies the following three properties:

1. Independent increments: for every increasing sequence of
times to, ..., t, the random variables L(ty), L(t;) — L(t), ...,
L(t,) — L(t,_1) are independent;

2. Stationary increments: the law of L(t + h) — L(t) is independent
of t;

3. Stochastic continuity: forany ¢ > 0,t > 0, limp_.o P(|L(t + h)
—L(t)|>¢e) =02

The initial value yq is assumed to be independent of L(t).

3 This property allows existence of jumps happening at random times in sample
path. As an effective way to introduce discontinuity into sample path, various Lévy
processes have been developed in the asset pricing literature; see, for example,
Barndorff-Nielsen (1998), Madan et al. (1998), and Carr and Wu (2003).
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The characteristic function of L(t) takes the form of
E (exp {isL (t)}) = exp {—ty (s)}, whereiis the imaginary unit and
the function ¢ () : R — C is called the Lévy exponent of L(t).
When a Lévy process is square-integrable, the first two moments
can be calculated from the derivatives of the Lévy exponent as

E[L
iy’ (0) =E[L(D] = [ t(f)]7
and
¥ (0) = Var [L(1)] = w.

Data in economics and finance are typically available at discrete
points in time, say at T equally spaced points {th}tT:1 over a time
interval (0, N].So N is the time span and h represents the sampling
interval. The sample size T = N/h diverges when N — oo or
h — 0 or both. The exact discrete time model corresponding to
(2.1)is

th

yn=e" "y pp+u[1-e*"+o / e M 9dL(s), (2.2)

(t=1)h
where the integral is defined as the L, limit of approximating
Riemann-Stieltjes sums.

The first two moments of the errors in Eq. (2.2) are

—«h

th 1 —e
E <a / e”‘(th’s)dL(s)) = iy’ (0) —
(t—1)h
th —2kh
Var (cr / e‘“”"”dL(s)) oy (0)
(t=1h

Moreover, the characterization of the Lévy process makes the
errors an i.i.d. sequence with the distribution depending on the
specification of the Lévy measure.

For any fixed h, Eq. (2.2) gives a discrete time first-order
autoregressive (AR(1)) model. The sign of ¥ determines whether
the process is stationary or explosive, since k > 0and x < 0imply
that e™*" < 1and e™*" > 1 respectively. That is why « captures
the degree of persistence of y(t). If w = O, there is no intercept
n (2.2). For this reason, we call u the intercept parameter in this
paper.

In the special case where L(t) is a standard Brownian motion,
denoted as W (t), the stochastic process (2.1) is interpreted as an
It6 equation with solution {y(t), t > 0} satisfying

y(©) =e*"y0) +p[1—e*" +a/ e =Idw (s). (2.3)
0

The corresponding exact discrete time model is

th
yn=e""yep+u[l—e " +o / e AW (s). (2.4)

(t=D)h
In Model (2.4) the errors follow the Gaussian distribution,
N (o, 2 (1— e ).

Although much of the literature focuses on the continuous
time Brownian motion-driven diffusions, there are important
reasons for us to study the Lévy-driven models. First, the Lévy
measure can generate heavier tails than the Brownian motion.
This generalization is relevant to the bubble analysis as many
applications are based on asset prices.* Second, the use of the Lé
vy process allows us to derive an invariance principle.

4 However, our model specification does not allow for stochastic volatility, a
stylized fact commonly found in asset prices.

2.2. The estimator

Our primary goal in this paper is to develop a double asymptotic
theory for the LS estimator of x in the continuous time model (2.1)
and the LS estimator of e *" in the corresponding discrete time
model (2.2) when the process (2.1) is explosive with x < 0. We
do so by assuming either h — 0 and N — oo simultaneously
(termed the “simultaneous double asymptotics” in the paper) or
h — 0and N — oo sequentially with different orders (termed the
“sequential double asymptotics”).

To simplify the discrete time representation (2.2) and to
facilitate the linking of our model to the model of PM, we first
introduce a few notations. Let

an(x) == exp {—«h} = exp {—«/kr}
gn = [,u + ka (O)} [1—e"]

Ap = a\/w (0) [1 — e~2] /2,

th _ e—)ch
e = Ay (a / et =9dL(s) — oy’ (0) )
(t—1)h

Then, the discrete time model (2.2) can be rewritten as
Yih = an(K)Yc—1)h + &h + AnEen, Yon =Yo =0, (1). (2.5)

Whenever h is fixed, {Em}[T:1 isa sequence of i.i.d. random variables
with zero mean and unit variance. The distribution of &;, depends
on the specification of L(t). When h varies, the errors {g}
form a martingale-difference array. This is because in general the
distribution of &4, may depend on the sampling interval, although
the first two moments remain unaffected. The assumption on
the independence between y, and L (t) makes y, independent of
o (e, ..., &m), the o-field generated by (1, ..., &), for any h.

Let 3" denote 3_/_,. The LS estimators of the intercept and the
AR coefficient are

Y—1h Yth
, (2.6
|:ah(K):| |:Zy(r Dh EY%[_DJ [Z}/(t—1)h%h:| (20

and hence

1
|: &h — &n } Y=nh
an(x) — ay (k) Zy(r Dh J’ﬁf])h
khZSrh
A ZJ’([ DhEth

The LS estimator of ¥ in Model (2.1) considered in the paper is

with ky = 1/h,

)

(2.7)

1
— 5 In (@) - (2.8)

The corresponding t-statistics for a;, (k) and g, in Model (2.5) are

an(x) — ay (k)

Loy (c) = ~
ap (k) 64 00
~ 21172
[ap () — ap (k)] {T Zﬁt,])h — (X ye-1n) }
= 1172 , (2.9)
7]
and
gh &h
ty = >
gh b
- 5 21172
[gh - gh] {T Zy([—l)h - (Zy(tfnh) }
= , (2.10)

PP 172
{)\h Zy%tfl)h}
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respectively, where

—~ 1 o~ —~~
o = T Z [ven — Gn ()Y e—1yn — gh]2 .

When h — 0, the variance of the error term in Eq. (2.5) goes

(2.11)

to zero as Ay, ~ O, (\/ﬁ) To facilitate the comparison with PM'’s

model where the variance of the error term is a positive constant,
a standardization is needed. Letting x;, = ym/An and g, = gn/An,
dividing both sides of Eq. (2.5) by A, we have
Xeh = an(K)Xc—1yh + &n + &m  With xon = You/An. (2.12)
The error term in Model (2.12) has an unit variance for any h. When
h — 0and N — oo simultaneously, we have

1 kT 1
kr = - — oo, —=——0,

T N

an(k) = exp {—k /kr} = 1 — i [kr + 0(k;?) — 1.
Clearly, the AR coefficient an(x) converges to unity at a rate
slower than 1/T. Using the terminology of PM, this model contains
moderate deviations from unity because the AR roots belong to a
larger neighborhood of one than the conventional local-to-unity
case. The LS estimators and the corresponding t-statistics for the
parameters in Model (2.12) are:

[A & — & ]

ap (k) — ap ()

S|
Zx(t—nh Zxﬁ_l)h

_ [[k(h)]1 (8h — gh)]

an (k) — an (k)

Z Eth
Z X(t—1)h€th

_ , 2112
@ 60) = an ) [T X1y, = (Zxe-mn)' )

bap ) = {T-?z}]/z ’

&

~ 1 1/2
(gh - gh) {T Zx%t,1)h — (X x¢—1n) }

lg, = ) 172 =g,
=~
[Ge : Zx(tfl)h}
where
~2 1 o~ = 2
o =7 Z (Xm — ap (1K) Xc—1yh — gh) .

2.3. Relationship of our results to the literature

First of all, our analysis is closely related to PM who studied an
AR(1) model with a root moderately deviated from unity as in the
following form®

—K
Xt = PrXe—1 + &, pr = (1 + 7) , kr — oo,

" (2.13)
?T — 0, Xo = 0p (\/kT) , & 1"’51'(0, o?),
witht = 1,...,T. In this model the root pr belongs to a larger

neighborhood of one than the conventional local-to-unity case. PM
showed that, whenx <0and T — oo,

kr P;
—2K

(Pr — pr) = standard Cauchy, (2.14)

5 Park (2003) considered an autoregressive process with a weak unit root of the
form p = 1 —m/nwhere m, n — oo and m/n — 0, and provided the asymptotics
for the stationary side of moderate deviations from unity.

Table 1
Comparison between Model (2.12) in the present paper and Model (1) in PM.

PM'’s model

Our model

an(i) = e~" = 14 (=i /kr) + O(k;?)
kr =1/h — oo, kr/T=1/N -0
{ew} form a martingale-difference
array

X0 ~ Op (\/E )

Intercept with order O (v/1/kr)

pr =1+ (—k) [kr
kr — 00, kr /T — 0

(e} (0,07

X0 ~ 0p (V)

No intercept

where pr is the LS estimator of pr. A very important and nice
feature in PM’s theory is that the limiting result does not rely on
the assumption of Gaussian errors, and thus an invariance principle
applies. This result is in sharp contrast to the conventional limit
theory developed in White (1958) and Anderson (1959) for the
standard explosive model of

(2.15)

in which pT(® — p)/(p?> — 1) = Cauchy with 5 being the LS
estimator of p. No invariance principle applies in this conventional

ii.d.
Xe = pXe—1+ &, p>1,%=0, & ~ NO,oc?),

limit theory because the assumption that g H- N(0, 0?) is
required.

Table 1 compares our model given by (2.12) and PM’s model
given by (2.13). By letting kr = 1/h, under the double asymptotic
scheme, the AR root in our modelis a; (k) = e™" = 14+ (=« /kr)+
O(ky 2y which converges to 1 at a slower rate than 1/T because
kr/T = 1/N — 0. Therefore, our model also implies moderate
deviations from a unit root. However, there are four differences
between the two models. First, the AR root in our model (2.12) is
e~ =1+ (—« /kr) + O(k; %) rather than 1+ (—k /kr) as in PM.
This difference is quite small when kr — oo. Hence, it is expected
to have no impact on the limiting distribution. Second, the errors
{ew} in our model form a martingale difference array as kr — oo,
whereas they are assumed to be i.i.d. random variables in PM. This
difference has a technical implication for choosing an appropriate
central limit theorem (CLT) to develop our limit theory.

More importantly, the third and fourth differences lie on the
initial condition and the intercept term, respectively, and lead to a
material change in the limit theory. In our model A, = 0 (/T/kr).
When h — 0, we have

Xo = Yo/h = 0y (Vier)  with xo/Vkr =5 yo/ (047 @),

and

& =28/ =0 (/UTT) with
g — (e + 0y’ ©)/ (037 @)

In contrast, PM’s model given by (2.13) is an AR(1) process without
intercept and its initial value is assumed to be o, (\/k7) As aresult,
neither the intercept term nor the initial condition appears in the
limiting distribution developed in PM. However, as it becomes
clear later, the consideration of the intercept term and the larger
initial condition lead to a different limit theory which allows for
the explicit consideration of the effects of the intercept term and
the initial condition.

To see the implications of the initial condition and the intercept
term, note that Model (2.12) can be equivalently expressed as

1 1_ ¢
Xih = ; [an ()T ec—spn + [an (k)] xon + #}ﬂ% (2.16)

When the process is explosive and the double asymptotic
treatment is considered, the last two items on the right side of
Eq. (2.16) have the same order of O, (v/kr [ax(x)]"). It becomes
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clear later that the first term has the order of 0, (v/kr [an(x)]")
too. This is the reason why both the intercept term and the
initial condition are important in the double asymptotics. On the
contrary, if it is assumed that x, ~ 0, (v/kr) and & = 0 as done
in PM, the first term on the right side of Eq. (2.16) dominates. As
a result, not surprisingly, the limit theory in PM does not depend
on the initial condition. It is reasonable to believe that the finite
sample distribution for the explosive process should depend on the
initial condition and the intercept term. Hence, we expect our limit
theory to better approximate the finite sample distribution.

The motivation for us to develop a limit theory that explicitly
depends on the initial condition comes directly from Perron (1991).
Perron used a continuous time model and the in-fill asymptotic
scheme to derive a new asymptotic theory for the local-to-unity
process that explicitly depends on the initial condition. To build
a link between our continuous time model and the discrete time
model of PM, we let not only h — 0 as requested by the in-fill
asymptotic scheme but also N — o0. As it is shown in Table 1,
in the explosive case, our double asymptotic scheme leads to an
initial condition that is of greater order of magnitude than that
in PM. It is this increase in the order of magnitude in the initial
condition that makes the corresponding asymptotic distribution
to be explicitly dependent on the initial condition. However, as
it becomes clear later, no role for the initial condition is found in
the double asymptotics for the stationary process. This is expected
because, when a process is stationary, the effect of the initial
condition decays quickly as N — oc.

Our paper is also closely related to the continuous time
literature developed in statistics. To explain the connection
between our results and those in the statistics literature, consider
the following diffusion process

dy(t) = —ky(t)dt + odW (t). (2.17)

When a continuous record (h = 0) is available, the LS estimator of
K takes the form of

N N
e = — / YOdY(0)/ f YOd().
0 0

When y(t) is observed at discrete time points, the following
approximate estimator is often used in the statistics literature,

Kruler = — ZY(t—l)h Ven — Ye-1n) / (h ZJ’ffq)h) .

This estimator is from the LS method applied to the following Euler
approximate discrete time model

Yin = (1 —kh)yc—yn + 0 Wi — Wie_pyn).
It is easy to see that
an(x) — 1 - _
(k) with G.(c) = ZJ/(tz 1)h.Vth’
h Zy(tfl)h
where @, (k) is the LS estimator of the AR coefficient in (2.18).

Note that @y («) has the same form as the LS estimator in the exact
discrete time model of (2.17) given by

1— 872Kh ) 0
Y = an(K)Yc—1yh + 0 T&h with aj(x) = e™*" and

iid.

(2.18)

KEuler = —

em ~ N (0,1).
We then have
_@) —ante) @) =1 an(e) — 1
h h h
R ap(k) — 1
= Keuler + hT
—~ an(k) — 1+ «h
= (Kguler — k) + hT

= (’K\Euler - K) + O(h)

If (2.17) is stationary with ¥k > 0, it is easy to show that
JT/h @ (k) — ap(k)) = N(0,2«) when N — ocoandh — 0
simultaneously. To develop the double asymptotics for Keyer — &,
an extra condition on the relative convergence rates of N and h
is needed to control the size of the discretization error, (ay(k) —
1 + «h)/h, introduced by the Euler approximation. In particular,
Shimizu (2009) proved that, if Nh* — 0,

~V/N Ruter — k) = /T/h (@) — an()) + v'NO(h)
= N (0, 2¢) .

The condition of Nh> — 0 ensures that the discretization error,
(an(k) — 1+«kh)/h, is asymptotically dominated by the estimation
error, (a,(k) — ap(x))/h.

If (2.17) is explosive with k < 0, Shimizu (2009) showed that
no double asymptotic distribution for Kgye- is possible if N —
oo, h — 0, and Nk® — oo for a constant § > 0. This is
because (ax(k) — a(k))/h is Op (V) while (an(k) — 1+ kh)/h
is O(h). As a result, for any q > 0,

_hqe_KN (’K\Euler - K) = hqe_KN(a;l(K) - ah(K))/h + e_KNO(hq-H)
= 0, (h%) + e™No(h"*") — oo,

where the last limit comes from the fact that e *Nh9*! — oo under
the condition that Ni* — oo. In this case, the discretization error
asymptotically dominates the estimation error.

Compared to Kgyer, OUr estimator ¥ = —In(a(x))/h is
constructed directly from the exact discrete time model. It is not
subject to the discretization error. As it becomes clear later, we
have

~ 1 ~
—h (& —«) =1n (@) — In(ay(k)) = —— (k) — ap(x)),
Bn ()

where By, («) takes values between aj (x) and ay, (k ), and By, (k) 21
whenh — 0and N — oc. Therefore, the double asymptotic distri-
bution of ¥ — « can be directly derived from that of @ () — an (k).
Consequently, unlike Shimizu (2009), we do not need to impose
any extra condition on N and h to control the size of the discretiza-
tion error for developing the limiting distribution for ¥ in the
stationary case. More importantly, we can obtain the rate of con-
vergence and the limiting distribution for ¥ in the explosive case.

3. Simultaneous double asymptotics

3.1. Limit theory for the explosive case

In this subsection, we develop the simultaneous double asymp-
totic theory for the explosive process (2.1) with x < 0.
We first denote

(3.1)

1
Zm = 7 Z Eth,
whose distribution converges to N(0, 1) according to the CLT for

martingale difference arrays (see e.g. Hall and Heyde, 1980, Corol-
lary 3.1). Following PM, we define

1
Xy = — an()" T 9 g, and
L= > (an)) th

1
Ym= 7= > (@) " e

In Lemma 3.1, we give the limits of (X7, Yr, Zr) and show that
they are independent of each other.

(32)

Lemma 3.1. Whenx < 0,h — 0and N — oo simultaneously, we
have:
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(an()~"
(b)
(XThs YTha ZTh) = (Xs Y7 Z);

= O(’(T/T) = O(l/N)»

where X and Y are independent N (0, —1/2«) random variables, and
Z iN(O, 1) is independent of (X, Y).

Note that ay(k) — 1when h — 0, and (ay(k))™" — 0
when N — oo. Hence, Yy, is dominated by the first few terms in
the summation, such as (ay (lc))_1 &1n, (ap (K))_2 &7, etc. Similarly,
X7y, is dominated by the last few terms in the summation, such as
(an (k)" em, (an(k)) ™% e_1, etc. For Zg, no single term domi-
nates other terms as the weights are the same in the summation.
Not surprisingly, X7, Y, Zr, are asymptotically independent.

Let

E=+—-2«X and n=+-2Y,

which are independent N (0, 1) random variables. We report the
simultaneous double asymptotics in Lemma 3.2 and Theorem 3.3.

Lemma 3.2. For the explosive process (2.1) withx < 0, whenh — 0
and N — oo simultaneously:

(a)
(ah(K))

ZZWMV”WWHO

t=1 j=t
(b)

T —
(ah(K)) [ah(K) 1] ZX(t Hh = \/>[7] + D]

()
(ah(K))

> Xe-vnem = 75 [n + DJ;

(d)
(an ()" [(an(x))?* — 1]
h(K [kah K Z A
T
where D = v/2 (kp + oiyy’ (0) — ko) / (0 /=6 ¥ (0)).

Theorem 3.3. For the explosive process (2.1) with k < 0, when
h — 0and N — oo simultaneously:

(a)

M+DV

@gﬁ:um—mm:f;
(b)

VT (Eh - §h> =27,
(c)

VTkr (&
(d)

— &) = o/ ¥"(0)Z;

&
o = g o)
_ | i#fn+D>0
“|-¢ ifn+D<0;

tg, =ty = Z;

()

e—ch( ):> é
K —K E—
2K n+D’

where (¢, n, Z) are independent N (0, 1) random variables.

Remark 3.4. For the discrete time explosive AR(1) model without
intercept, Anderson (1959) showed that the limiting distribution
is dependent on the distribution of the errors and no invariance
principle applies. Only under the assumption that the error dis-
tribution is Gaussian was he able to show that the limiting distri-
bution is a standard Cauchy. However, the results in Lemma 3.2
and Theorem 3.3 suggest that although the invariance principle
does not cover the discrete time explosive model, it covers the
explosive continuous time model under the simultaneous double
asymptotics.

Remark 3.5. It is known from Perron (1991) that the rate of
convergence of a, (k) under the in-fill asymptotics is T. From
Anderson (1959) the rate of convergence of aj (k) under the
long-time-span asymptotics is known to be pT. According to
Theorem 3.3, the rate of convergence of @, («) under the double

(@)’ (exp{—xhPT  _ _exp{—«N} :
(ah(/())z—l exp{—2kh}—1 exp{—th]—]'Wthh

gives the rate of (exp {—«h})" (:= p") for fixed h, and the rate of
T for fixed N. Hence, the rate of convergence under the double
asymptotic scheme provides a link between the T and o7 rates.

asymptotics is

Remark 3.6. The limiting distributions of a, (k) — a (k) and ¥ —
explicitly depend on the initial condition yq via the term D. Given
the fact that g,/h —> «u + oiyy’ (0) as h — 0, we then can see
that D has two components, one depending on the initial condition
Yo and the other depending on the intercept g, in Model (2.5).
Similar to the limit theory of Perron (1991), what matters in our
double asymptotic distribution is not the initial condition and the
intercept term per se, but their ratios to o. This can be seen more
clearly by considering the Brownian-motion-driven model (2.3), in
which case we have oiy’ (0) = 0, ¢” (0) = 1, and

K — Yo M
D= - V2 (— - —) .
V= o+ —K o o
Moreover, if 4 = yg, then D = 0, we have
(an(x))"
(an(k))* =1

and

(@ (x) — ap(k)) = Cauchy,

—kN

2K

So, even if © # 0 and hence the exact discrete time model has a
nonzero intercept, choosing yo = u will give rise to a standard
Cauchy distribution.

e —~
(k — k) = Cauchy.

Remark 3.7. To consistently estimate D, note that

% Z [Xm — ap (k) X(t—1)h —g]]z 251 ash— 0andN — .
Given that /krAy, — o +/¥” (0) when h — 0, we have

% Z [yen — @ ()Y 10 — ﬁ]z

=ﬁﬁzpr@wx”ﬁﬂi$#W@
T t (t—1) h .
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Remark 3.8. It is worth mentioning that the double asymptotic
distributions of the AR coefficient and the intercept term are
independent. So are the double asymptotic distributions of tg, ()
and tg,.

Consider a special case where u = 0 and the Lévy process L(t)
satisfies the conditions that E (L(1)) = 0 and Var (L(1)) = 1. Thus,
Model (2.1) can be rewritten as

dy(t) = —ky(t)dt + odL(t),  y(0) =yo =0, (1). (3.3)
The exact discrete time model becomes
1— ele(h
Y = ap(K)Ye—1h + 0 e Yon=Jo. (34)
The LS estimators of a,(x) and « are,
o~ - -~ ] P
Gy = 22 g 2o L@ . (35)
Zy(t—l)h h
Letting Xg, = yun/0/ =52 2" \we have
Xeh = Ap(K)X(c—1)h + Eh- (3.6)

This equation is nearly the same as the model studied in PM
but with one important difference. That is xo, = 0, (v/kr), but

not o, (v/kr) as assumed in PM. Corollary 3.9 reports the double
asymptotic theory for this special case.

Corollary 3.9. For the explosive process (3.3) with k < 0 and the es-
timators defined in (3.5), when h — 0 and N — oo simultaneously,
we have:

(a)

T
@ ) — ) > (37)
)
e K —x) = _£ (3.8)
2K n+d

where &, n are independent N (0, 1) random variables, and d =
Yo/ —2Kk /0.

Remark 3.10. When « is interpretable in a meaningful way only
under a particular choice of h, such an interpretation will provide a
practical guidance to the choice of h and hence N. A good example
is in affine term structure modeling. In this case the interest rate
data is typically available in the annualized term and « determines
the half-life in number of years. If the monthly (weekly, daily) data
is available, one chooses h = 1/12 (1/52, 1/252) to maintain this
interpretation of «. Only this choice of x enters the bond pricing
and options pricing formulae in a meaningful way; see Phillips and
Yu (2005, 2009). If other values for h are used, the corresponding
« should not be used in the pricing equations. Similar examples
may be found in equity options pricing and exchange rate options
pricing.

Remark 3.11. When the data structure does not provide guidance
for choosing h, an arbitrary choice of h (and hence N) can be made
for a given sample size T(=N/h). In this case h becomes a tuning
parameter. It is clear that the double asymptotic distributions
of normalized a(xk) and k¥ developed in Theorem 3.3 and
Corollary 3.9 are independent of the choice of h and N. Moreover,
once a dataset is given, d, (k) is fixed no matter how h and N are
chosen. It is easy to see that the value of the AR parameter ay (k)
in the discrete-time model is fixed too; so is the normalization

(ap(k)) /((a,,(/c))2 — 1). As aresult, the finite sample distribution
of normalized @, (k) is not affected by the choice of h and N. A
change in h causes « to change so that a,(k) = e " remains a
constant. To show the robustness of the finite sample distribution
of normalized ¥ with respect to h and N, let N;/h; = N, /h, =T,

1 -~ 1 ~ 1
k1 = —p-Inan(c), k1 = —g-Inap(c), ko = —7-Inay(c), and
S = —% In a,(«). We then have
e—k2N2 R
(k2 — K2)
2K2

_ Inay(x) Ina,(«) Inay(x) Inay (k)
_exp( hy Th2)<_ hy * hy )/<_2 hy )

= exp (T Inap(k)) (—Inay(c) + Inay(x)) /(=2 Inay(k))

_ Inay(x) Inap(x) Inay(k) Ina, (k)
_exp( hy Th])<_ hy * hy )/<_2 hy )

e k11

= ’K\—K .
7 (k1 — K1)

A change in h not only causes « and ¥ to change but also the nor-
malization e =¥V /(2«) to change, so that the finite sample distribu-
tion of the normalized ¥ is not affected by the choice of h and N.
Therefore, the choice of h and N does not affect the performance
of the double asymptotic distribution in approximating the finite-
sample distributions of normalized @, () and ¥.

Remark 3.12. Comparing the results in Corollary 3.9 with those
in Theorem 3.3, it can be seen that the same double asymptotic
distribution for the AR parameter is obtained, whether the inter-
cept in the discrete time process (3.4) is estimated or not. This
observation is in sharp contrast to the in-fill asymptotic theory
which has different asymptotic distributions for different model
specifications; see, for example, Perron (1991), Yu(2014)and Zhou
and Yu (2015). This sensitivity naturally suggests that the in-fill
asymptotic theory better reflects the finite-sample situation than
the double asymptotic theory. The reason is that the in-fill asymp-
totic theory only requires h — 0, while the double asymptotic
theory requires not only h — 0 but also N — o¢. In general, the
smaller the N, the bigger the difference between the double asymp-
totic distribution and the in-fill asymptotic distribution. For the
stationary AR(1) model with a strong persistence, the simulation
results in Zhou and Yu (2015) show that the in-fill asymptotic the-
ory outperforms the double asymptotic theory in approximating
finite-sample distributions. Interestingly, as we will show in Sec-
tion 5, when the model is explosive, since the LS estimator of the AR
parameter converges to the true value very fast, even for a small
sample size, the double asymptotic distributions developed in
Corollary 3.9 are very close to the finite sample distributions. Be-
ing robust to the model specification makes the double asymptotic
theory convenient to use. Moreover, the double asymptotic distri-
bution is easy to obtain whereas the in-fill asymptotic distributions
have to be approximated using numerical methods. Furthermore,
the in-fill asymptotic distributions, such as the one in (4.3) below,
depend on «, which is not consistently estimable with a finite N.

Remark 3.13. To facilitate a comparison of our results with those
of PM, we may rewrite the limit theory in (3.7) as

(an(k)" ky X

w (an () — an(k)) = Y+ yojo (3.9)
where X, Y are defined in Lemma 3.1. When yo = 0, the limiting
distribution is a standard Cauchy and the same as in PM. Since
the finite sample distribution depends on the initial value, we
expect that the double asymptotic distribution in (3.9) provides a
better approximation than the standard Cauchy distribution when
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Yo is different from 0. Monte Carlo evidence reported in Section 5
supports this argument.

Remark 3.14. There are some differences between our asymptotic
theory given in (3.7) and (3.8) and that obtained by PM and given
in (2.14). Our limiting distribution depends on the initial condition
while theirs does not. Of course, a larger initial condition may be
assumed in PM’s model and hence one can accordingly extend
PM'’s asymptotic theory. It is expected that the new asymptotic
theory will depend on the localization parameter ¢ = —«
and kr(=T%) which in turn depends on «.° In general, ¢ and «
are not consistently estimable. Consequently, it is infeasible to
implement PM'’s theory directly. Interestingly, the continuous time
counterpart of T* is 1/h and h is known for any given data. Hence,
in our model there is no need to estimate «. It is well-known that «
can be consistently estimated as long as N — oo (Tang and Chen,
2009). As a result, it is feasible to implement our theory directly
due to this pivotal property.

Remark 3.15. By constructing the estimator directly from the
exact discrete time model, we give the limiting distribution of
K in (3.8) for the explosive model with x < 0. This is very
different from what Shimizu (2009) found when the estimator is
constructed from the Euler discretized model. Clearly our result
makes statistical inference possible. Moreover, our limit theory
is derived for the Lévy process which allows us to develop an
invariance principle.

3.2. Limit theory for the stationary case

Following the suggestion by a referee, in this subsection we
develop the simultaneous double asymptotics for the stationary
process (2.1) with « > 0. Tang and Chen (2009) obtained the
sequential double asymptotics (N — oo followed by h — 0)
for « when ¥ > 0 for the Brownian-motion-driven model (2.3).
By letting h — O followed by N — oo, Perron (1991) derived
a sequential asymptotic distribution for a special case of Model
(2.3) with u = 0. PM developed the asymptotic distribution for
pr (=1 —«/kr) with ¢« > 0in Model (2.13). In all these studies,
the limiting distribution is N (0, 2«).

Lemma 3.16. Let x;, follows Model (2.12) with k > 0. Assuming
that for some § > 0, E |e1n)**® < oo, whenh — 0and N — oo
simultaneously, we have:

(a)

1 XT:X p K+ oiyy’ (0)
P>
N N2 ()

1 < ki + oy’ (0)
X—DhEh = —————"7 + 5 /N 2k;
Z (t—1hEth PENLAT) /

[ ]2_17)1_’_('(#-1-01'1/’/(0))2.
o ko U7 0)

‘*]‘_
M-

2K

where Z and Z are independent N (0, 1) random variables.

6 In PM, an AR process with the root of pr = 1+ ¢/T¥ is used as an example of
the mildly explosive process where c is a positive constant and « € (0, 1).

Theorem 3.17. Consider the continuous time model given by (2.1)
and its exact discrete time representations (2.5) and (2.12) with k >
0. Assume that for some § > 0, E lewn]*™? < co. When h — 0 and
N — oo simultaneously, we have:

(a)
\/ﬂ(aﬁ (k) — ap(k)) = V2 E,
(b)
=~ Kp+oiy’ (0)
e o
(©)
Tk @ — ) = 0§70z — VZHEOWV O o
N
()
tay) = &5
(e)
{Z - \fz“*"'"’“’):}/\/ﬂ
tgy = gy = VO NGO 1)

21172
i_i_ kp+oiy’(0)
2k ok /x//”(O)
()

VN @& — k) = =2 E;
where Z and & are independent N (0, 1) random variables.

Remark 3.18. Interestingly, the simultaneous double asymptotics
for k in the stationary case are the same as the sequential asymp-
totics derived in Perron (1991) and Tang and Chen (2009), and the
same as the long-time-span asymptotics in PM (2007). Moreover,
unlike the double asymptotics for « in the explosive process, nei-
ther the initial condition nor the intercept term plays a role in the
limiting distributions of aj(«), tay) and ¥ in the stationary pro-
cess. Furthermore, our double asymptotics for ¥ do not require
Nh? — 0, unlike Shimizu (2009). Once again, this advantage arises
because our estimator is based on the exact discretized model.

Remark 3.19. The limiting distributions of g, and t,, depend on
the intercept and are correlated with those of (k) and tap ()
When there is no drift in the discrete time model, i.e., # = 0 and
iy’ (0) = E (L(1)) = 0, we have

VTkr (8 — gn) = VTkr8h = o/¥" (0)Z and t,, = Z,

which are independent of the limiting distributions of @, («x) and
tay(c)- This result contrasts with the double asymptotics for the
explosive case in which, regardless of the value of the intercept,
an(k) and ta,c) are always asymptotically independent of I
and tg,.

Remark 3.20. Because of the non-trivial effect from the intercept,
when the value of the intercept changes from 0 to g, # 0, not only
does the mean of the limiting distribution of g, change, but also the
variance of the distribution increases. However, for the explosive
case, the variance does not change. Therefore, the coefficient based
test has a better local power for testing the hypothesis of zero
interceptin the explosive case than in the stationary case. The same
argument applies to the t-test for zero intercept. This property was
also obtained in Wang and Yu (2015) in a discrete time AR(1) model
based on the long-time-span asymptotic theory.

4. Sequential double asymptotics

To develop the sequential double asymptotics, without loss
of generality, we confine our attention to a special case where
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i = 0 and the Lévy process L(t) satisfies the conditions that
E (L(1)) = 0 and Var (L(1)) = 1. The continuous time model and
its exact discrete time representation are given by (3.3) and (3.4),
respectively. The LS estimators of a,(x) and « are given in (3.5).

The goal of this section is to obtain the two types of sequen-
tial double asymptotics given by (i) letting N — oo followed by
h — 0; (ii) letting h — 0 followed by N — o0. It can be seen
that the two sequential asymptotics are the same as the simulta-
neous double asymptotics developed in Section 3. Therefore, we
build the link between the long-time-span asymptotics and the si-
multaneous double asymptotics as well as the link between the in-
fill asymptotics and the simultaneous double asymptotics. In this
section, we will only focus our attention on the explosive case as
the results for the stationary case can be obtained easily.

4.1. Sequential double asymptotics: N — oo followed by h — 0

For the explosive AR(1) model without drift defined in (3.4),
Anderson (1959) proved that when h is fixed and N — oo,

(an (k)" [@n (k) — an (k)] _ Xa
(an (k))> — 1 Yo+ ap (k) %o
where

T
d .. e
Xa:TlLrgo ;:1 (an ()" T P&y and

T-1
d .. —t+1
Y, = lim E (an (k) o Eth-
T—o00 =1

While X, and Y, are independent, their distributions are highly
dependent on the distribution of the errors, therefore, no
invariance principle applies. Anderson gave the proof under the
condition that xq, is a constant, but his result still holds when

Xonh ™~ Op(]).
In the Appendix, we show that when h — 0 (kr = 1/h — 00),
<X" Y“>:>(x Y) (4.1)

where X and Y are two independent N (0, —1/2«) random vari-
ables. Therefore, an invariance principle applies. With the fact that

Xo/~/kr —p>y0/o as h — 0, we now have

(an (k)" [@n (k) — an ()]

lim lim
h—0 N—o00 (an (K))? =1
d, Xa/ Nkt d X a & (42)

= ]m = = s
h=0 Yo //kr +an (k) Xo//kr Y +yo/o  n+d

where d = yo/—2k /o, £ and 7 are two independent N (0, 1) ran-
dom variables defined as £ = +/—2«X and = +/—2«Y. An im-
mediate consequence of (4.2) is

.. exp{—«N} _
lim lim —— (k — «) .
h—0 N—o0 2K n+ d

These sequential asymptotics are exactly the same as the simul-
taneous double asymptotics reported in Corollary 3.9. We collect
these results in Theorem 4.1.

Theorem 4.1. For the continuous time model defined in (3.3) with
k < 0, when N — oo followed by h — 0, we have,
(an ()" [ (k) — ay ()] N §
(an (k) — 1 n+d
§

exp {—«N}
e — J— :> _
2k (e ) n+d

and

4.2. Sequential double asymptotics: h — 0 followed by N — o0

Assuming L (t) = W(t) in (3.3), we obtain the exact discrete
time model (3.4) where the error term is normally distributed.
Perron (1991) developed the in-fill asymptotic distribution of @ (k)
as

P A 9
T @) — an)) = 229 (4.3)
B(y,0)
where
1 1
A=y / exp (cr} dW(r) + / Je (0 aw @), (4.4)
0 0
_ 1
By.o = 2201, / exp {cr} Je (r) dr
2 o
1
+ / Je ()% dr, (45)
0

c=—kN,y =yo/ (o«m), the initial value yj is a fixed constant,

andj. (r) = for exp {c (r — s)} dW (s) is generated by the stochastic
differential equation
dJe (r) = e (r) dr +dW (1),

with the initial condition of J. (0) = 0. Perron (1991) also
derived the joint moment generating function (MGF) of A (y, ¢)
and B (y, c¢). Based on Perron’s results, in the following Theorem,
we first derive the limit of the joint MGF of (2c) e “A (y, ¢) and
(2c)>e 2B (y,c) when ¢ = —xN — +o00 and then obtain the
sequential limiting distribution of @, (k) and ¥.

Theorem 4.2. Letting d = ygn/—2k /o, when N — o0 (therefore,
¢ = —kN — 400), we have:

(a) the joint MGF of (2c) e “A(y, ¢) and (2c)? e %B (y, c) has the
limit as
lim M @, )

c—+00

= lim E[exp (V(2c)e“A(y,c) +U(2c)* e *B(y,0))]

c—>+00
B 1 @ 20+7] |
_{1—2’L‘:—%’2}”26X13 2(1-2u-9) |’

(b) letting & and n be two independent N (0, 1) random variables,
then

(20)e™“A(y.0), (20)*e *B(y,0))
= (§[d+nl,[d+n));

(c)
i fim & @) = an() 2c)e"“A(y.0)
im lim = lim —————
N—>00 h—0 —2kh c—o0 (2c)2 e~ 2B (y, c)
_ Eld+n] &

o d+nP d47

Nk —k) 3
lim lim = .
N—oo h—0 2K d+ n

Remark 4.3. Based on the in-fill asymptotic distribution of aj («),
Perron (1991) also derived the sequential asymptotics in his
Corollary 1, which are
e N @) —ap(k) _ . 20 e Ay, 0)
—2kh =00 (20)2 e XB(y, ¢)
_dn+é&n
[d+ 7]

lim lim
N—oo0 h—0
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Table 2

The finite sample distributions of e™*N (¥ — ) /(2«) and
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(an )T

(ap())>—1

(@ (k) — ap(x)) are compared with the asymptotic distribution of PM and the double asymptotic

distribution developed in the present paper when the initial condition yo = 0. Reported are six percentiles (1%, 2.5%, 10%, 90%, 97.5%, 99%) of each distribution.

Daily (h = 1/252)

Weekly (h = 1/52)

Monthly (h = 1/12)

PM (N = 5)
New(N = 5)
Finite sample®
Finite sample®
PM (N = 10)
New (N = 10)
Finite sample”
Finite sample

—31.8,—-12.7, —3.08, 3.08, 12.7, 31.8
—31.8,-12.7,-3.08, 3.08, 12.7, 31.8
—36.0, —13.9, —3.15, 3.03, 12.0, 28.5
—35.8, —13.8, —3.13,3.01, 12.0, 28.3

—31.8,—-12.7, —3.08, 3.08, 12.7, 31.8
—31.8,—-12.7, —3.08, 3.08, 12.7, 31.8
—31.5, -12.6, —3.10, 3.11, 12.6, 32.4
—31.3, -12.6, —3.07, 3.09, 12.6, 32.2

—31.8,—12.7, —3.08, 3.08, 12.7, 31.8
—31.8,—-12.7, -3.08, 3.08, 12.7, 31.8
—37.6, —14.1, —3.22,3.09, 12.3,29.7
—36.2,—13.7, —3.10, 2.98, 11.9, 28.6

—31.8, —12.7, —3.08, 3.08, 12.7, 31.8
—31.8, —12.7, —3.08, 3.08, 12.7, 31.8
—31.6, —13.0, —3.17,3.21, 13.3,33.9
—30.5, —12.6, —3.06, 3.09, 12.8, 32.7

—31.8,—-12.7,-3.08, 3.08, 12.7, 31.8
—31.8, —12.7, -3.08, 3.08, 12.7, 31.8
—42.6, —15.8, —3.72,3.55,13.8,33.3
—35.9,—13.4, —3.14,2.99, 11.7, 28.1

—31.8,-12.7,-3.08,3.08, 12.7, 31.8
—31.8,-12.7,-3.08, 3.08, 12.7, 31.8
—37.4, —14.6, —3.62, 3.64, 15.1, 37.9
—31.5, —12.3, —3.05, 3.07, 12.8, 32.0

and

e K —k) dn+ény
lim lim = .
N—o00 h—0 2K [d + ;7]2

These results are different from the sequential asymptotics
obtained in Theorem 4.2. The reason for the discrepancy is that
Perron’s results were obtained under the assertion that

1
((2c)3/2 e’ch exp {cr}J. (r)dr, 2c)'?e~¢
0

1
/ exp {cr}dW(r)) = m,n), (4.6)
0

whereas, as we prove in the Appendix, the limit of the joint
distribution is

1
<(2c)3/2 e’ZC/ exp {cr}Je (r)dr, 2c)/?e~¢
0

1
/ exp {cr} dW(r)> = m.§), (4.7)
0
where £ and 7 are two independent N (0, 1) random variables.

Remark 4.4. The sequential asymptotics reported in Theorem 4.2
(c) are derived under the condition of L(t) = W(t) and a
constant initial value yj. It is easy to see that the same sequential
asymptotics still hold when yo ~ 0p,(1). Also, all the results
in Theorem 4.2 continue to hold true when L(t) # W(t). This
is because an invariance principle is applicable to the functional
central limit theorem used in Perron (1991).

5. Simulation and empirical results

In this section, we first conduct Monte Carlo simulations to
(i) examine the sensitivity of our double asymptotic distribution
and the finite sample distribution with respect to the initial
condition; (ii) check the finite sample performance of our double
asymptotic theory; and (iii) compare the performance of our
double asymptotic theory with that of PM. To do so, we simulate
100,000 sample paths from Model (2.3) with «k = —-2,u =
0, 0 = 1.However, we allow both h and N to take different values.
In particular, we choose h = 1/252,1/52, 1/12, corresponding
to the daily, weekly and monthly data.” Moreover, we choose
N = 5, 10. For each simulated path, we estimate « and a,(«x) and

o~ T -~
calculate e™*N (¥ — «) /(2«) and % @@n (k) — an(k)).

In Table 2, we choose the initial value y = 0 (which implies
d = 0) and report six percentiles (1%, 2.5%, 10%, 90%, 97.5%,

7 This choice of h comes from the fact that many financial variables are measured
in the annualized term; see, for example, Ait-Sahalia (1999) and Phillips and Yu
(2005).

99%) of the finite sample distributions of e™*N (k¥ — k)/(2«) and

T ~ . . . .
(;”("K(% (@ (k) — ap(x)), PM's asymptotic distribution, and the
)

new asymptotic distribution. Since d = 0, our double asymptotic
distribution is the same as that of PM which is a standard Cauchy.
Not surprisingly, both sets of percentiles are identical. Moreover,
in all cases, these two sets of percentiles are close to those of the
corresponding finite sample distributions. This finding indicates
that the two asymptotic distributions work well when y, =
0. When N is as small as 5 and h is smaller than 1/12, our
double asymptotic distribution is very close to the finite sample
distributions. This finding is encouraging as it is typically found in
stationary but near unit root continuous time models that a much
larger N is needed for the double asymptotics to work well; see,
for example, Jeong and Park (2011). Compared to the finite sample
distribution of e™*N (k¥ — k) /(2«), the finite sample distribution of

(;:(":% (an (k) — an(k)) is slightly closer to the developed double

asymptotic distribution.

In Table 3, we choose the initial value yo = 3.5 (which
implies d = 7, a value that is close to the one in the empirical
study below) and report six percentiles (1%, 2.5%, 10%, 90%, 97.5%,
99%) of the finite sample distributions of e™*N(k — «)/(2«) and

T —~~ . . . .
% (an (k) — ap(x)), PM’s asymptotic distribution, and the
() —

new asymptotic distribution. Since d is different from 0, our
double asymptotic distribution is different from that of PM. An
immediate finding from Table 3 is that the two sets of percentiles
are very different. For example, the 1, 2.5, 10 percentiles under
PM’s distribution are 90 times, 43 times and 16 times of those
under our asymptotic distribution. This indicates strongly that
the new double asymptotic distribution is very sensitive to the
initial condition. Moreover, in all cases the percentiles under
the new asymptotics are close to those of the corresponding
finite sample distributions. This finding indicates that our double
asymptotic distribution works well when d = 7. On the other
hand, PM’s distribution has a very large spread and is very
far away from the finite sample distributions. As before, when
N is as small as 5 and h is smaller than 1/12, our double
asymptotic distribution is close to the finite sample distributions.
The big difference between our asymptotic theory and PM’s theory
has important practical implications for statistical inference.
Our theory not only provides a much better approximation to
the finite sample distributions, but also results in asymptotic
distributions that second-order-stochastically dominate PM’s
asymptotic distributions. Consequently, we expect that the test
based on our theory should have higher power and shorter
confidence intervals at the same level of confidence.® Compared
to the finite sample distribution of e™*N (K — «)/(2«), the finite

8 We are grateful to a referee for making this point for us. However, it should be
emphasized that the model of PM is different from ours as PM assumes a smaller
initial condition.
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The finite sample distributions of e™N (¥ — k) /(2«) and
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(an ()T
(an())> =1
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(ap (k) — ap(x)) are compared with the asymptotic distribution of PM and the double asymptotic

distribution developed in the present paper when the initial condition yo = 3.5. Reported are six percentiles (1%, 2.5%, 10%, 90%, 97.5%, 99%) of each distribution.

Daily (h = 1/252)

Weekly (h = 1/52)

Monthly (h = 1/12)

PM (N = 5)
New (N =5)
Finite sample*
Finite sample®
PM (N = 10)
New (N = 10)
Finite sample*
Finite sample

—31.8,—12.7, —3.08, 3.08, 12.7, 31.8
—0.35, -0.29, —0.18, 0.18, 0.29, 0.35
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.35, —0.29, —0.19, 0.18, 0.29, 0.35

—31.8,-12.7, —3.08, 3.08, 12.7, 31.8
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.35, —0.29, —0.19, 0.19, 0.29, 0.35

—31.8,—-12.7,-3.08,3.08, 12.7,31.8
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.36, —0.30, —0.19, 0.19, 0.30, 0.36
—0.35, -0.29, —0.19, 0.19, 0.29, 0.35

—31.8,-12.7,-3.08,3.08, 12.7, 31.8
—0.35, -0.29, —0.18, 0.18, 0.29, 0.35
—0.37, —0.30, —0.19, 0.19, 0.30, 0.36
—0.36, —0.30, —0.19, 0.19, 0.29, 0.35

—31.8,-12.7,-3.08,3.08, 12.7,31.8
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.41, —0.34, —0.22,0.22,0.34, 0.41
—0.35, -0.29, —0.19, 0.19, 0.29, 0.35

—31.8,-12.7,-3.08,3.08, 12.7, 31.8
—0.35, -0.29, —0.18, 0.18, 0.29, 0.35
—0.35, —0.29, —0.18, 0.18, 0.29, 0.35
—0.35, -0.29, —0.19, 0.19, 0.29, 0.35

Table 4

The finite sample distributions of e™*N (¥ — ) /(2«) and

(an())> =1

(an ()T

(an (k) — ap(x)) are compared with the asymptotic distribution of PM and the double asymptotic

distribution developed in the present paper when the initial condition yo = 10. Reported are six percentiles (1%, 2.5%, 10%, 90%, 97.5%, 99%) of each distribution.

Daily (h = 1/252)

Weekly (h = 1/52)

Monthly (h = 1/12)

PM (N = 5)
New (N =5)
Finite sample®
Finite sample®
PM (N = 10)
New (N = 10)
Finite sample*
Finite sample

—31.8,—12.7, —3.08, 3.08, 12.7, 31.8
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.12, —-0.10, —0.06, 0.06, 0.10, 0.12

—31.8,-12.7, —3.08, 3.08, 12.7, 31.8
—0.11, —0.09, —-0.06, 0.06, 0.09, 0.11
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.12, —-0.10, —0.06, 0.06, 0.10, 0.12

—31.8,-12.7,-3.08, 3.08, 12.7, 31.8
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.12, —-0.10, —0.06, 0.06, 0.10, 0.12
—0.12, —0.10, —0.06, 0.06, 0.10, 0.12

—31.8,-12.7,-3.08,3.08, 12.7, 31.8
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.12, —0.10, —0.06, 0.06, 0.10, 0.12
—0.12, —-0.10, —0.06, 0.06, 0.10, 0.12

—31.8,—-12.7,-3.08, 3.08, 12.7, 31.8
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
-0.13,-0.11, —0.07,0.07,0.11,0.13
—0.12, —-0.11, —0.06, 0.06, 0.11, 0.12

—31.8,-12.7,-3.08,3.08, 12.7, 31.8
—0.11, —0.09, —0.06, 0.06, 0.09, 0.11
—0.14, -0.11, —0.07,0.07,0.11,0.14
—0.12, —0.10, —0.06, 0.06, 0.10, 0.12

T o~ .
sample distribution of % (ap (x) — ap(x)) continues to be
()=

slightly closer to the developed double asymptotic distribution.

In Table 4, we choose the initial value y, = 10 (which implies
d = 20) and report six percentiles (1%, 2.5%, 10%, 90%, 97.5%,
99%) of the finite sample distributions of e (X — «) /(2k) and

T —~ . . . .
% (ap (k) — ap(x)), PM’s asymptotic distribution, and the
()2 —

new asymptotic distribution. Similarly, the two sets of percentiles
under the two asymptotic distributions are very different. For
example, the 1, 2.5, 10 percentiles under PM’s distribution are
270 times, 129 times and 48 times of those under our asymptotic
distribution. This suggests a larger discrepancy between the two
distributions associated with a larger initial condition. However,
in all cases the percentiles under the new double asymptotic
distribution are close to those of the corresponding finite sample
distributions. This finding indicates that the good performance of
the new double asymptotic distribution is not lost with an increase
in the initial condition. As before, when N is as small as 5 and h
is smaller than 1/12, our double asymptotic distribution is close
to the finite sample distributions. In this case the finite sample

T . -
distribution of % (an (k) — ap(x)) is very close to the finite
()2 —

sample distribution of e N (& — k) /(2k).

To further appreciate the difference between the two limiting
distributions, we apply them to a real data set—the monthly log
Nasdaq real price between January 1990 to December 2000. The
same data were used in Phillips et al. (2011). Model (2.4) without
intercept is fitted to the datawithh = 1/12,N = 10, T = 120, and
Yo = 5.0628 which is the log Nasdaq real price in December 1989.
The estimated value of o is 0.2014, implying d = 6.7784. The re-
sults, including the estimated «, the corresponding 95% confidence
interval for « using PM’s theory, the corresponding quantiles and
the 95% confidence interval for x using our theory, the estimated
an, the corresponding 95% confidence interval for a, using PM’s
theory, the corresponding quantiles and the 95% confidence inter-
val for aj, using our theory, are reported in Table 5. While PM’s con-
fidence intervals contain x = 0 or a, = 1, the confidence intervals
based on the new theory do not contain k = 0 or a, = 1, suggest-
ing strong evidence of explosiveness (i.e., k < 0 and a; > 1). The
empirical conclusion is different because d is very different from

zero. The 2.5 and 97.5 percentiles of PM’s distribution are —12.7
and 12.7. In our distribution, these two percentiles are —0.3016
and 0.3016, which lead to much tighter confidence intervals that
exclude k = 0 and a, = 1, respectively.

6. Conclusion

This paper develops the double asymptotic theory for the
explosive Lévy-driven diffusion process and the corresponding
discrete time model under the scheme of a large number of time
span (N) and a small number of sampling interval (h). A link
between the continuous time model and the discrete time AR(1)
model with root moderately deviated from unity is established.
The double asymptotic theory contributes to the literature in three
aspects. First, our theory permits explicit consideration of the
effects from the initial condition and the intercept term. Monte
Carlo evidence suggests that the new asymptotic theory provides
a better approximation to the finite sample distribution than the
limit theory that is independent of the initial condition. Second,
the theory is developed for a continuous time Lévy-driven process
to facilitate the derivation of an invariance principle. Third, the
double asymptotic theory bridges the gap between the in-fill
asymptotic theory and the long-time-span asymptotic theory, in
the sense that the convergence rate is between the rate of in-fill
and the rate of long-time-span asymptotics.

For the unit root case where k = 0, Model (2.1) becomes

dy(t) = odL(t),  y(0) =yo =0, (1).
Its exact discrete time model is
— e—z;(h

1
v (0) ———¢m,

Yih =Y¢-ph +0 P

Yon = Yo,

or

1— e—21(h
Xeh = X(¢—1)h + &,  and  Xg = yw/o4\/ ¥ (0) o
Xonh = X9 = Op (\/ I(T) .

It is well known that in order for the initial condition to have an
impact on the limit theory of unit root model, the order of the initial
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Table 5
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Empirical results using the monthly log Nasdaq real price between January 1990 and December 2000.

K PM'’s 95% CI 2.5 percentile of % 97.5 percentile of ﬁ New 95% CI
—0.0363 (—0.6776, 0.6050) —0.3016 0.3016 (—0.0211, —0.0515)
an (k) PM'’s 95% CI 2.5 percentile of = n+d 97.5 percentile of —— r7+d New 95% CI
1.003 (0.9497, 1.0563) —0.3016 0.3016 (1.0017, 1.0043)
-T
condition should be 0, (ﬁ) (see, for example, Phillips (1987a) 2bc/kr 1 — [ay] to(l)
and Phillips and Magdalinos (2009)). Under the double asymptotic VT kr(an—1)
scheme, xo, = O, (+/kr) with kr/T — 0. We therefore expect a + b?
0 b (Vir) v/ — +c?> whenh — 0and N — oo,

the double asymptotic theory for the unit root process to be the
same as the conventional limit theory for the discrete time unit
root model with zero initial condition.

Appendix

Proof of Lemma 3.1. (a)Askr = 1/hand T = N/h, whenk < 0,
N — oo, we have

(an ())™"  exp{chT} exp{kN} _ N
kr/T — 1/(Th) =~ 1/N ~ exp{— KN}
(b) Denote ay(k) = ap when there is no confusion. By the

Cramér-Wold device (e.g. Kallenberg, 2002, Corollary 5.5), it is
sufficient to show that

aXtn, + bYm, + cZm, = aX + bY +¢Z foralla,b,c € R, (A.1)

where X and Y are independent N (0, 1/(—2«)) random variables,
Z is a standard normal distribution and independent of (X, Y). If
T~ N (0. 242 €2), X +bY +Z £ T, 50 0oy + b+ Zry =
T is sufficient for (A.1).
We can write aXy, + bYq, + cZy, = ZtT=1 Cre, where
ky Eth !

)l

is a martingale difference array as h and N varies, as {s[h}tT:1

H ~ (0, 1) for any fixed h. Let ¥7 o (Xo, &1h, - - - » &) be the
information set. Note that k;/T = 1/N, kr(ap—1) — —«
and kr ([ay]* —1) — —2k when h — 0, and (g, (k))™" =
o (kr/T) - 0as N — oo. We then derive the conditional variance

as,

()l = {(a[ahr“—”—l +bla] ™ + &

T
Vi = Y E((Gn)?| Fre)
t=1
1 & cﬁ)z
— —(T—t)—1
= — ala +b + —
kT;( [ax] lan] ™+~
1 T
= > (ala O 4 bla ) 4+ ¢
T =1
2y
+ ala)]" T 07" + blay] ™)
TkT t—1
_ a2-|—b2 e 2ac Z[a](T -1
-2

T
2bc e Ll o)

T t=1
2ac/kr 1—[ap]™"

a?+p
+c
VT kr(an—1)

—2K

K

where the third equation comes from the fact that

—
—

(alan =T + blan] )’

T
Za [a]Z(T t)2+ ZbZ[aIZt
2abZ[ah] T—1

_e(-lal™) P O-lwl™) Tl
kr ([ah]2 - 1) kr ([ah]2 - 1) kr
a +p?

— ash — 0, N — oc.

—2K

The conditional Lindeberg condition holds because for any ¢ > 0

T
ZE (¢r0)* 1{|en| > &}| Fr.e—1)
=1

T

)

E ((Bth)z 1 { <a (an) T b(ap) " +
v

Vir 1maxTE ((eth)2 1 { (a (@) T 97" £ b(ay) "
<t<

2
c/kr
+ ﬁ) (em)® > kTSZ})
<V max E ((sm)z 1 {3 (a2 (ap) 27972 4 p? (qp)~#
<t<T

2
+ %) (en)® > krezD

< Vir 1r£1t::1<xTE ((e)> 1{3(a® + b* + ¢*) (em)* > kre®})

{(a (an)~ T £ b (ap) " +

kT P

)

IA

=V E ((em)* 1{3(¢® + b* + ¢?) (e)* > kre?})
— 0 whenh— 0, N — o0,

where the third inequality comes from the fact that (a,) 27972 <

land (@)™ < 1forany1 <t < T whenkx < 0, and
c?kr/T = ¢*/N < c> when N > 1, the last equation is because
&y, are identically distributed, and the limit result is from the inte-
grability of €2, and the condition kr = 1/h — oo.
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Then, from the CLT for martingale difference arrays (see,
e.g. Hall and Heyde, 1980, Corollary 3.1), we can get aXy, + bYr, +
cZm = 7T, foralla,b,c € R.

Proof of Lemma 3.2. The proof of (a) is similar to PM and is
omitted here.

(b) Let ap(k) =
(2.12) we get

ap when there is no confusion. From model

5 1-—
Xeh = ApX(e—1)h + &n + Etn = &h + Z @ ejn + ahXo.

1—ay

Hence, when h — 0and N — oo,
1—a +Z = n

a ‘e alx
1—a h  cjh h*0
Zah

ah ah_T

——Xth =

«/k A/ kT
=k gh

( h — 1)
kp + oy’ (0) Yo
—Ko /I/II/ () /w// ()

[ (my+ﬁKﬂ+dllﬂ (0)_KYO>

o/ ¥"(0)
1
=4/ _7216[77+D]

where Y is defined as in the Lemma 3.1 and 7 is defined as n =

V=2kY EN (0, 1).
The relation that x4 — X(c—1yn = (an — 1) X(c—1yn +&n + & leads
to

T T
Xmn — Xon = (ap — 1) Zx(t—l)h +Tgn + Z&m

t=1 t=1

Therefore,
-T T
ay (an —1)
—_— X(t—1)h
q/k'r ;

-T -T
a X a T
h —T “0h h P
=——=Xm—a, — — Vkrgn —
Kkt kr kr

a’
= —=Xm + 0, (1)

f

=== [n+D] ash — 0and N — oo,

where the second equality comes from the facts that xon/A/kr =
0p (1), Vkrgy = 0 (1) and a;, " = o (kr/T).
(c) Since

Xth = ApX(c—1yh + &n + € = En + Zah Ejn + ahXOh,

1—ay

we have

T
Z X(t—1)h€th
t=1
T
— & Z sm+2[za ejh] &
+ Xon Z a,[f]é?rh
t=1

I‘*

T t—

ey Z [Z i }

T T
- t—1
Z Z "ejn | £ + Xon Z ay &

t=2 t=1

T

T T
t—j—1 t—1
- E E ah’ Eih | &n + Xon E ap &

t=2 j=t t=1

T T
=& 11 £ + [Za Em} [Z a, 84
=1
T T .
- Z |:Z a;,j]t“;hi| Eth + Xon Z a; e

t=1

=Jj
&Eih + Xon
j=1

T T
} : t—j—1
— Zah Ejn | Eth-

—T .
Whenh — 0, N — oo, we have a,’j—T S, [ZJT:[ a;f]*lsjh] L
op (1) from (a), and it is easy to see that
a," &

4" Yoey = GV (1§
kr (1—ap) = Vkr (I =an) kr \ VT
= OD(1)5

= o (kr/T). We then have

since a, "

a;T T
e X(t—1)h€
kr ; (t=1)hEth
e g,
_ "h t—1
=% {Z“" } [ah * i ”"] o

=1

Il
1
5l-

E
it
Q
=
35
2
|
L
™
| I |

Enkr
* [(ah "Dk T Nz Zah &+ } +0,(1)

ghf Xo
|:( Dk +YTh+\/Ej|+0p(1)

kp +oiy’ (0) Yo :|
x| 2ROV Dy 20
- [ oY (0) N

ki +oiy’ (0) — kyon
— [J 2Kx] [J 26Y + 2 Sy }

1
_72’65[774-[)],

where the third equation is obtained from Eq. (3.2), § = +/—2«X

LN (0, 1) and n = v—2cY £N (0, 1).
(d) The function x;, = apX¢—1)n + &n + & leads to

2 2,2 - =2 2 =
Xy = pX_1yp + 28hAnX(c—1h + 200X —1)h€eh + 8y + €gpy + 28nEun,
and

Xey — X%t—l)h = (aﬁ - 1) X%tfl)h + 28nanX¢—1yh + 2apX(c—1)hEeh
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+§;3 + 8?}1 + Zghet,,.

Hence,

ah Zx(t Dh
T T
= (X%h - X(z)h) — 28nay Zx(t—l)h — 2ay ZX([—l)h&h —Tg;

T T
2 ~
- § Em — 28n E Eth-
=1 =1

When h — 0, N — o0, the results in parts (b) and (c¢) provide

<2ghah Zx(r l)h)
[ah —1]
= 2G/kr 1] p ( ZX« o) =0, (1),
T

a?

(2Clh Zx(t 1)h<9th>

ol

=2q,""" ( ZX“ 1);,8”1) =0,(1).

—2T

a Tt
And, since E | —j— Z[ 1 th ’<T Zr 1 (th) = hkT -
—2T
0, we get ah—zt 15t,1—>0 Together with the results that
ZT\/*
1

a 2T’;<0h — O 28 Zr:l Eth = 7kr Zghﬁ

th] &m — 0, whenh — 0,N — oo, we have

72T T a;T 2
ZX([ Hh — \/T»TXTh +0p(])

1 2
= — m+D7,
—2K

Tg? — Oand ’;{T

where the final limit result is proved in part (a).

Proof of Theorem 3.3. Parts (a) and (b) are immediate conse-

quences of Lemmas 3.1 and 3.2. Based on the facts that g, — g, =
[An]"" (8h — gn) and

Vi = Vi [y © [1 - e2h] j2
= o/¥"(0) ash— 0,

part (c) can be obtained straightforwardly from part (b).
Together with the results in (a), (b) and Lemma 3.2, the limit

T N2
T (xth—aAh(K)xt_m—gh) —- 1 ash— 0andN — oo
=

leads to the results in parts (d) and (e) straightforwardly. The above
limit holds because, whenh — 0and N — o0,

~\ 2
= Z (0 = @3 ) %10 — &)

Il
~| =
M*

1

-
Il

&b +0,(1) = 1,

Il
~| =
[~

1

-
Il

where the limit follows the law of large number for martingale
difference arrays (see e.g. Hall and Heyde, 1980, Theorem 2.23).

(f) Since k = — (1/h)In (ay, (k)) and ¥ = — (1/h) In (@, (x)),
by the mean value theorem,

—h(® — k) =In (@ (k) — In(an(c)) = @ (k) —

Bu(k) ( )
for some B (k) whose value is between a, (k) and a,(«). The Delta
method is not directly applicable since a, (k) is not a constant but
a real sequence that goes to 1as h — 0. However, if we can show
Br(x) LY 1, we can obtain the limiting distribution of k.

For any ¢ > 0, when h is small enough, |ay(k) — 1] < &/2.
Then,

Pr{|fn(x) — 1] > ¢}

an(x))

Pr{|Bu(x) — an(k) + an(k) — 1| > &}
Pr{|Bu(x) — an(k)| + lan(k) — 1| > &}
Pr{|ay (k) — an()| + lan(k) — 1| > &}
Pr{|ay (k) — an(k)| > &/2}

0, ash— 0, andN — oo,

b IA A IA

where the first inequality is the triangular inequality, the second
comes from the fact that B;,(k) is between aj, («) and a(x), and

the final result is based on the fact that a, («) — an (k) 2o. Hence,
Br(k) > 1and

—KkN

2K (& =)

1= @&)? 1 (@)

=T %h B [(ahm)z @t ah(m]
&

Y )

Proof of Corollary 3.9. The results are straightforward conse-
quences of Lemma 3.2, so proofs are omitted.

— t.
Proof of Lemma 3.16. Let us first define x?h = X — 11£"a”h((’; ))]
and hence X3, = a (K)X?F]),1 + &g is an AR process with the

initial value x3, = Xo5 = 0, (+/kr). Before we obtain the results
in Lemma 3.16, let us first show that

X = Z/k <N (0,1/k?),
fkr [Z (t=1h ( )

1 LTs]

LI I LG
Tkr ; o] = 5

X 8:>u\/2K—N0]2K
\/m;([ 1)h®th / ( / )

where Z and Z are independent N (0, 1) random variables and Z
is the limit of Zy;, defined in (3.1).

Let a, (k) = a, when there is no confusion. From the definition
ofx?h, we have, for any s € [0, 1]

foranys € [0, 1],

[Ts]—1

Krsn = @)™ xon + D (@Y &5 pn-
j=0

Note that when h — 0and N — oo,

In (ap)'™ = —«h |Ts] = —kN |Ts] /T — —o0.
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Hence (ap)'™ — 0. Together with the facts that xo5 = 0, (v/kr)
and that

|_Tsj 1

1 I 2
([ Z (@ eqrs) ])h) == Z (an)?

— (ap)*t™
N T1—7<ah>2
kr 1— (ap)*™
S Thl-@r]
we get
X(L)Tsjh (@)™ Vkr xon R

i Tk +— f Z (@n) &(1sj—jpn 0.

As x?h - X?[_])h =(a—1) X(()t—l)h + &m, we then have

T T
0 0
X — Xon = (ap — 1) E X(t—1)h + E Eth,
t=1 t=1

and
T 0
ap — 1 0 Xrh — Xoh
Xi_p = Eth
ﬁ ; (t—1h [ f Z

1
- - Zsm +0,(1).
t=1

Therefore, whenh — 0and N — oo,
T

1 0 ap — 1
—_— X = E
ﬁk'p =1 (e=Dh [ah - 1] kT [ ([ Dh

1 1 <
- —zswpm)
—k + 0 (h) ( JT =
1 1 4 3
= “Zm+o (1) = ;Z:N(O, 1/k%).
Moreover,
|Ts)

Zx(r 1hEth
1 [ -1 A
=7 {Z ((an)(t_l) Xon + Z (ap) = th) &m + X0h81h}
t=2

j=1
[Ts]

Z (@)™ e

t=1

A
5~

f
|Ts]
This is right because whenh — 0and N — oo,

(Ts) 2 |Ts]
(IW ) < e

kr 1— (@™
= T Y
T kr [1 — (an) ]

t—1—j p
ah) 1 Ejnéth —> 0.

~ \

HM\

and

1 Bl 2
E|= (ap) g
T h 'ih€th
=2 j=1

49
[Ts] t—1 1 |Ts] — (an )z(t 1)
:ngjzl(a) h TZZ 1— (ap)?
s 1 (@n)? (1= (ap)*™7?)
T2 1— (@)  T?(1— (@) 1— (ap)?

= 0 (kp/T) + O ((kr/T)*) — 0

From the definition of xJ,, we have

(X?h)z - (X((Jr—nh)z

= [(an)* — 1] (x(()t_l)h)2 + &5y + 25X0;_q)Ech,
and
|Ts)
[@)’=1]) (x6—1)”
=1
| Ts] | Ts]
= (X?Tsjh)z Xon — Z‘Etzh — 2ap Zx?t—l)hgfh'
t=1 t=1

Therefore, whenh — 0and N — oo,
1 LTs] o 5
Thy (*—1n)

t=1
1 (a )2 -1 | Ts]
L@ T ] Z (X?r—nh)z

~ kr [(an)® — 1] o
1 |Ts]
- 1 =
21 0(h Zth+OP() - "
Denote

T
Eth-

1
Iy = 72% and Zpy =

We now prove that Zy; and &7, are asymptotically independent
with standard normal limiting distributions. By the Cramér-Wold
device, it is sufficient to show that

aZy, + bEm = aZ + bZE, foralla,b e R,

where Z and Z' are independent N (0, 1) random variables. If 7" is
anN (0, a* 4+ b?) random variable, aZ+b & 2L v then the sufficient
condition becomes aZr;, + bEm; = 7, foralla, b € R.

We can write aZr, + b&Em = ZL] &re where

T
T PLIR L BT
Ttit=1 ﬁ TkT - )

is a martingale difference array as h and N varies, because

th X (0, 1) whenever h is fixed and xq, is independent with
o (e, ..., em). Thus, the weak convergence to a Gaussian random
variable can be derived as a consequence of the CLT for martingale
difference arrays.
The conditional variance is obtained as

T
Vi =D (& Fre)
t=1

2
ZE (aem)? N 2kcb? (X((]tq)hfth)
- T Tky

t=1
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0 2
242k abx_ e, .

+ _
T«/E T,t—1
2
)’ v 2cb’ <X<f ”’7) <r Dh
=a —i—Z +2v2KabZ

Tkt

= TVkr
T

1
=d+ 2Kb2F<T Z (x?[_l)h)2

t=1

+ 242 ab—i
(T\/»Z (t—T)h

k
0, (ﬁ) 5 a® + b

To prove the conditional Lindeberg condition, we first get, for
any ¢ > 0,

:221;27 1
a” + 2k 2K+op()+

T
ZE (S%tl {I&x| > 8}| fFT’t,])
t=1

2
S (“ N Vz"’”‘?f—M)
T = \JT Tkr
< E (g 1 { asey A/ ZICbX(()[71)h8th
th

+
ﬁ Tk'[
2 2
<V 1rgtanTE (ethl {

2 A€
< V-”- . ]Ta<x E thl ﬁ +

2KbxX0 e
2 2 (t=1heth
SVW'E%E(W HW

when T is large enough,

37T,t—1>
. }

d

% " \/ZKbX(()t_l)hSth
JT Tk

Vi ZKbX(()t_l)hé‘[h .
Tkt

el &
> = -
5 T.t—1

where the last inequality is based on the fact that &,/ JT - 0
almost everywhere as T — oo. Hence, the conditional Lindeberg
condition will be satisfied if

7T,t1)
Tu—l)

max E | 65,11 |x0_ 1y pem| > Tkre F 20
izezr s | T e [T

ash — 0and N — oo.

Applying the Holder and Chebyshev inequalities, we obtain, for

somed > 0
TkTS —
FTe-1

E(e21{IxX0_ . em| > ——
( th {| =Dk “| 2+/2k |b|
8/(2+8)
fT,tl”

(2+8)/2 2/(2+9)
< {e (Ie&" " 71|
2 5/(2+6)
Fre }

X |:P { ‘xo e ‘ > Tkre

_ h -

(DR 2k |b|
Tkre? /8k b?

0
Xe—1)h€th

< {E (al®9) /> |

5/(2+8)

2
0
2/(2+5) (X(FW‘)

b2\ Y@+
= {E (Jeal®*)) ! ,
Tk'[ &
foreacht € {1,...,T}.

Since gy, are identically distributed once h is fixed, the sufficient
condition for conditional Lindeberg condition now changes to be

. 2
(X(t—l)h)

max ~——~2 2,0 ash— 0andN — oo.
1<t<T Tkr

Form € {1, ..., T}, define the sets
Brm = w:|— x? ® <=1
fm Q { Tkr ; [Xteon @] - m2| = m

2
As (Tkr)™! }TS{ [x(t 1)h] RN s/2« for any s € [0, 1], we have

P (Br,m) — 1foreach mwhenh — 0and N — oo. Next, note
that®

. 2
(X(tfl )h) 1

max ——— < — sup
i<t<t  Tky Tkr sefo,1] =TT

[T (s+1/m)]
0 2
(X(t—wh) .

For any given s € [0, 1], choose j € {1,...,m} so thats €
[G— 1) /m,j/m]. Then, forany s € [0, 1], w € Br n, implies
1 [T(s+1/m)]

&, Ko

1 (TG+1)/m]

<— (<6’
Thy t:\_T(i—Zl)/mJ—H ot

_ LLT(H'Zli/mJ (X() )Z_El
o\ Tk & VO m 2

[TG—1)/m] .
1 o w2 J-11 1
(TkT ; (xte—on) m 2/() mic

1 1 1 241
—+—+—= :
m m mk mk

Therefore, foranym € {1, ..., T},

1= h—)(l)llr\ln—> P (BT m)

IA

2
0
(X(r—nh) 2c + 1
<
TkT mk

P { max
1<t<T

< lim
h—0,N—o0

Ash — 0Oand N — oo, we have T — o0 and m can take an

2
. . (X?t—nh) p
arbitrarily large number. Therefore, max;<;<r ~———— — 0, and

Thy
the conditional Lindeberg condition is proved.
Now, we can prove (a)-(c).

(a) From the relation x;, =

1 T
—— X(t—
T\/Etzz] (t—1h

1-[ap]®

o 8h + XY, we have

9 As we only have observations up to x93, for the values of s and m such that

|IT (s+1/m)] > T + 1, we terminate the summation in the following display at
2
T + 1. For example, when s = 1, we define it as YL +7/™ (X?:q)n) = (x2,)* for

any valueof m € {1,2,...,T}.
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Vi VRE(-d) | e 1

Tki(l—a) T R(-a) | T Tk = Keon
Wg kp + oiy’ (0)
= T e 00/ D)+ 0y (Ve VT) = o

ash — 0and N — oo.

(b) Also starting from the relation x;, = !

lanlt ~
11(,“,1] &h +x%,, we have

1 T
\/W Z X(t—1)h€th

]tl

kr(1 _ah) [Z " ’<T(1 —ah) fz[a
TkT ZX“ DHEth

t=1

Vir
kT(l—an)fZ &m + ﬁzx(r € + Op (ﬁ)

-+ oy’ (0)
72_}_ 5 /2
RN /

(c) The function X; = apX¢—1)h + &n + & leads to

2 2 2 2 ~
Xy = Xy = (@i — 1) X¢_ 1) + 280X 1)h + 205X —1)hEen
~2 2 ~
+gh + Eth + Zghath.

Hence,

T
ai — 1) Zxﬁt—l)h
t=1
T T
= (XP — Xgn) — 28 Zx(rq)h — 2ap Zx(fq)h&h —Tg,

T T
-2 e %) e
t=1 t=1
Together with the results in parts (a) and (b), the fact that

X ( ~) 1—[a]" X,
I (kg ——— L T g (1
x/E T8h A —an ks «/E p( )

ash — 0,N — oo,

leads to

2 T

a, —1

T fot—l)h

Za/k ghah Z
X(—1)h —

T
Zsfh + 0, (1)
t=1

.2 <w+mw (0)>
AN )

Therefore, when h — 0, N — oo, we have

1 < 21
m;xi—l)h = (ah Zx(t Dh

N 1 (Kpb+olw (0))
ok/Y" (0) '

2K

Proof of Eq. (4.1). Let {N;} be any integer sequence diverging to
oo. Then for any fixed kr and Nj, we have

Z(ah ()" e
(Z (@ () e+ Y (an (k)" 8m>-

=1 t=Nikr+1

kT

ﬁ\

Therefore,

Nikp

. Yo a —t+1
k}l—l;noo \/E kT—>olo Nj—o00 \/> (Z (ah (K))
+ Y (@)™ sm) :

t=Njkr+1

With the same spirit of the proof of Lemma 3.1, when N; — oo and
kr = h — oo simultaneously, the CLT for martingale difference
arrays leads to

Nikr

Jkr D (@) Hew =Y LN, —1/2c).
T t=1

Together with the fact that

2
kT—>ol<1>rrN1,—>oo T ( Z ((1 (K))_H—l )

t=Njkr+1
lim Z (ap (k))~2D

kp— 00,Nj— 00 kT t= Nk 41
1

(an (1)) 2Nl

kr—00,Nj—>00 K [1 — (ap (K))iz] -

)

when kr = h — oo, we have

Y,
JVkr
As e x (0, 1), it is easy to see that limy,_ oo Xe/+/kr is a
N (0, —1/2«) random variable. We can denote it as X. Note that

1 T-1
lim lim —E
i, i, ( 2

t=[T/2]+1

2
(an ()~ 8th> =0,

and that

L7/2) 2
— —(T—0) _
Jim lim o~E (Z (ay (x)) m) 0.

t=1

Therefore, the sequential asymptotics of

Yo 4 17/2]
lim = lim lim — ar (k)" e
kr—o0 JE kr— 00 T—00 f Z ( h( ))
T—1
+ Y (@)™ 8[11)
t=(T/2)+1
L7/2]
= Jim lim —= 3 (@ ()™ en+ 0y (1)
T—>00T— kr =
and
[T/2]
Xa 4 1
= li lim — (T-t)
kr—o0 /Ry krinoo Toroo N ( Z (an (k)™ Eth
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T
+ Y @) T sm>

t=|T/2]+1
d T
= lim lim — (ap ()~ T V¢
kr—o00 T—00 /k kKT = L;ZJ+1

+0, (1),

are independent.

Proof of Theorem 4.2. (a) With y = y,/ (UW>, Perron (1991)
derived the joint MGF of A (v, ¢) and B (y, c) as

MGF (v, u)
= E[exp (vA (y,c) + uB(y, 0))]

VZ
=Y, (v,u)exp{— <7> w+c—A)

X [1—exp(v+c+k)llfcz(v,u)]}

2
=Y, (v,u) exp{— (y—) (v+c—k)}
—— — 2
I

1

2
X exp{(%) (v+c—A)exp(v+c+k)lllcz(v,u)},

i

where
A= (c*+2cv— 2u)1/2 ,
v, (v, u)
2rexp{— (v +0)} 172
B [(H W+ ) exp{—il+ (k- (v +c)>expm}

Let v = 7Qc)e ™ and u = TU(2c)?e~%. The joint MGF of
(2¢) e~ A (y, ¢) and (2¢)? e 2B (y, ¢) is

M (¥,7) = E [exp (V(2)e A (y, ¢) + U(2c)’e *B (v, 0))].
We get

ho= {?+ (20% T — 220)% T}

= {[c + @oye T — 2200e W - @0y e 7]’
12
+0(e™)}

= ¢+ (20)e7T — 2(20)e *U — (2¢) eV + O( )

A4 W) = 2c+2(20)e™T — 2(20)e U — (2c)e”XV?
+0(e7),
A—(@40)=-2Q)e > U—(20)e >V +0(e ),

e =e"— (20 *V+0 (e’3c) ,

and

O—@4o)e =—Qo) e [2u+7]+0(e7).
The denominator of 2 (v, u) is

(v+c)e
—2U—7’]+0(e).

A+@+eyer+ (-
= (2c)e 1
The numerator of ¥2 (v, u) is

21exp{— (v+ )} = 2xexp {—(2c)e™V — c}

= (20) e “ 4+ 0(c’e™).

Hence,

(2c) e + 0 (c?e ) 2

(2c)e~c[1—2U—92] + 0 (e%)

1 1/2
> VT == .
{1—2u—v2}

It is easy to show that Il — 1 because

2
—(%)(U-I—C—A)

a2
= <2y g’;) [-2c)e™*U— (20)e*V* +0(e7>)] — 0.
log

I = lI/C(v,u):{

Since

exp {A +v +c}

= e* exp {2(20)e™V — 2(20)e U — (20)e V> + 0 (e )},
together with the definition d = yg+/—2« /o, we get (2¢) y? = d?
and

y2
<7> (w+c—A)exp{A+v+c}

d2
=S [2i+¥ +o0(e

— o) > +0(e)}
e
— 3 [2u + v ] .

)] exp {2(20)e™V — 2(2c)e?

Therefore,

Il — exp {

d* [2u + 7]
2[1-2u—-7?] |
The limit behavior of I, II and III gives rise to the limit joint MGF of
(2c) e“A(y, ¢) and (2c)? e~ *B(y, ¢).

(b)Since £ and n are independent N (0, 1) random variables and
d is a constant, we have

M (@, ) = E {exp (& [d + 0]V + [d + n]* )}
= E{E[exp (§[d+ 0]V +[d+ n*U |?'g]}

2~2
E {exp (Id + n)*u) exp (H;]”
_ 1 d? [2u + 7]
Thmw e

where #; is the o-field generated by &. This is the joint MGF of

& [d + n] and [d + n]? and is equivalent to the result in (a).
(c) This is an immediate consequence of (b).

Derivation of the joint limiting distribution reported in (4.7):
Phillips (1987b) showed that, when ¢ = —kN — +o00,

1
(2¢)? e‘ch Je (M?dr = n* and
0

1
e [ hemaw) = e,
0
where £ and 7 are two independent N (0, 1) random variables. To
derive the joint limiting distribution reported in (4.7 ), we only need
2

to show separately that {(26)3/2 e~ fol exp {cr}Je () dr} = n?
and (2¢)? e f()] exp {cr}dwW(r) = &.
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(2c)e “A(y,0)

202y [(ZC)V2 e~ [ exp {cr) dW(r)] + Qo) e [ o () dw(r)

(2c)* e 2B (y, c)

y? 20 [1 - ] + 2y 202 [ 20 e [ exp ler)Je (1) dr ] + )% e [ (r)?dr

d [(26)1/2 e ¢ fol exp {cr} dW(r)] + [En 4 0p (1]

@+ 0] +2d[n? + 0, D]+ [12 + 0, (1]
d [(2c)1/2 e [ exp {cr} dW(r)] +[En 40, (1]

[d+ nl* + 0, (1)

c)e “A(y,c)
(2¢)2e=2B(y, c)

&ld+n]
[d+n)

bl

where the first equation comes from the definition of A (y, ¢) and B (y, ¢) in equations of (4.4) and (4.5). Theorem 4.2 shows that

Box 1.

The fact that 2¢ fol exp{cr}j. (Ndr =
dW (r) leads to

1 2
{(26)3/2 6725/. exp {cr}Je (r) dr}
0

eJe(1) — [, exp {cr)

2

1
= (2c)e™* {ecjc(l) - f exp {cr} dW(r)}
0 1 ,
= (20)e ) (1) + e [(2c)1/2 e_”f exp {cr} dW(r)]
0

1
—2e7[20)"? e J(1)] |:(2c)1/2 e’C/ exp {cr} dW(r)] .
0
From the stochastic differentiation of {; exp{—cs} dW(s)}z,
following Phillips (1987b), we have,

1 1
UMY =1+ Zcf Je ()’ dr + 2f Je rydw ().
0 0
We, therefore, have the limit as

[@o)? e (1)

1
= (20)e™¥ + (2c)% e [ Je(M?dr +2Q2c)e ™
0

1
X / Je (M dw(r) = n*
0
Since f01 exp{cr}dW@) ~ N(O, %) we then have
(2c)1 2 e~c f()] exp {cr} dW (r) is 0,(1), and hence,
2

1
{(2c)3/2 e / exp {cr}Je (r) dr}
0

={20)"?e YD} + 0,(1) = 1.

Note that 2cy? = —2«y2/o? = d?. Then, based on the limiting
results above, we have the equation given in Box I.
We, therefore, have

1
(2c)1/? e’C/ exp {cr}dwW(r) = &.
0
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