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Abstract

This paper analyzes nonlinear cointegrating regressions as have been recently an-
alyzed in a paper by Park and Phillips in Econometrica. 1 analyze the consequences
of removing Park and Phillips’ exogeneity assumption, which for the special case of
a linear model would imply the asymptotic validity of the least squares estimator for
linear cointegrating regressions. For the linear model, the unlikeliness of such an ex-
ogeneity assumption to hold in practice has inspired the “fully modified” technique,
the “leads and lags” technique, and Park’s “canonical regressions”. In this paper, a
“fully modified” type technique is proposed for nonlinear cointegrating regressions. The
mathematical tool for proving this result is a new so-called “convergence to stochastic
integrals” result. This result is proven for objects that are summations of a stationary
random variable times an asymptotically homogeneous function of an integrated pro-
cess. The increments of the integrated process are allowed to be correlated with the
stationary random variable. This result is derived by extending results by Chan and
Wei and by de Jong and Davidson.

*The comments of Peter Phillips and Alex Maynard on an earlier version of this paper are gratefully
acknowledged.



1 Introduction

This paper analyzes nonlinear least squares estimation of the nonlinear cointegrating regres-
sion

Yy = f(x1,00) + w (1)

where u; is assumed to be stationary and the scalar x; = 22:1 v; 1s assumed to be an inte-
grated process. For the case of a linear response function f(x,#) = x'6, the analysis of such
cointegrating regressions is well-established. It can be shown that if z, satisfies an exogene-
ity condition with respect to u;, mixed normality of the nonlinear least squares estimator
results. This implies that t-values, F-tests and confidence intervals will be asymptotically
correct for the linear model if the exogeneity assumption holds.

In practice however, the exogeneity assumption is very unlikely to hold. ;From the Granger-
Engle representation theorem, it follows that typically, no exogeneity assumption can be
expected to hold in a linear cointegrating regression. This motivates, for linear models,
three techniques that are capable of dealing with cointegrating regression errors u; that are
possibly correlated with v;. Those three techniques are the so-called “leads and lags” tech-
nique (see Saikkonen (1991), Phillips and Loretan (1991), and Stock and Watson (1993)),
the “fully modified” technique (see Phillips and Hansen (1990)), and Park’s canonical re-
gressions (see Park (1992)).

For nonlinear least squares estimation of a nonlinear cointegrating regression, asymptotic
theory under an exogeneity assumption is relatively recent. Park and Phillips (2001) have
analyzed nonlinear cointegrating regressions, using tools developed in Park and Phillips
(1999). Park and Phillips (1999) prove convergence results for objects such as

ar Z F(xy) (2)

for an appropriate scaling ar and functions F'(.) that are in three different function classes
(integrable, asymptotically homogeneous, and explosive functions). Note that the central
difficulty in establishing asymptotic results for the above statistic is the fact that the inte-
grated process has not been rescaled by T-'/2. These results provide the building blocks for
the development of the theory in Park and Phillips (2001). Moreover, this theory has also
been applied in Park and Phillips (2000) and Chang (2000).

One aspect of Park and Phillips’ (2001) theory is that it uses an exogeneity assumption
that for the linear model would imply validity of standard least squares inference results.
In this paper, I analyze the asymptotic consequences of the failure of the exogeneity as-
sumption, and in addition I propose a “fully modified” type technique for nonlinear least



squares estimation of a cointegrating regression. For the special case of the linear model, the
proposed technique simplifies to the usual “fully modified” estimator as proposed by Phillips
and Hansen (1990).

The mathematical problem solved in Section 2 of this paper, that will be the key to my
results, is establishing the limit distribution for statistics of the form

T-1 t
T2 u HT Y ) (3)
t=1 =1

where H(.) is a continuously differentiable function. This result is essentially extended to
provide a limit theory for statistics such as

i un (OO w) (4)

=

where F(.) is a function that is supposed to satisfy certain conditions (i.e. F(.) is supposed
to be asymptotically homogeneous, in the terminology of Park and Phillips (1999)), Ev, =
Euy = 0, and u; and v, are allowed to be weakly dependent and correlated among each other.
This problem has been considered for the case of u; and v, that are uncorrelated (Park and
Phillips (1999, 2001)), but to the best of this author’s knowledge, no attempt has ever been
made to solve the more general problem that is tackled in this paper.

If the u,; are independent of the v; and if (u, vy) is i.i.d., we can intuitively reason as follows.
Define o, = Eu? and o, = FEv2. The statistic of Equation (3), conditional on the v;, may
converge to a normal with a variance 027~ S/ H(T~/23!_ v,)?, which satisfies

T t 1
2T S HT Y ) - o / H(V (r))dr (5)
t=1 =1 0

1/2 \(Tr)]

where U(.) is the limit Brownian motion of 7"~ =1 w, and V(.) is the limit Brownian

motion of T~1/2 Zl[zrl} v;. Therefore, it seems reasonable to expect convergence of the above
statistic to

N(0,02) x ( / H(V(r))2dr)/? (6)

where both terms are independent. This intuition can be formalized, and the above limit
distribution can then also be described as

/0 HV @)U (), (7)



which is a so-called stochastic integral. Park and Phillips (1999, 2001) analyzed nonlinear
estimators in the presence of nonlinearities, and they derive limit distributions of the above
type by formalizing the heuristic argument that I presented above, and they do not need the
total independence requirement. However, their results are unable to handle u; and v; that
are correlated, and I will show that the limit distribution of the estimator that they propose
will be different in that case.

The analytical tool used in the proof is an extension of the “convergence to stochastic
integrals” proof of De Jong and Davidson (2000) to the present situation. The proof in De
Jong and Davidson (2000) again extends a proof by Chan and Wei (1988).

In Section 3 of this paper, the result of Equation (3) is used to calculate the limit distribution
of the least squares estimator when the error is stationary and the regressor is of the form
| Zle u|? - i.e., a power of an integrated process - where it is assumed that v > 1.

In Section 4 of this paper, the result of Equation (4) is applied to the nonlinear cointegrating
regressions as studied by Park and Phillips (2001). By applying the second result described
above, I calculate the limit distribution for nonlinear least squares estimators for the case
where the long-run regression error and the increments of the integrated regressor are possibly
correlated. The limit distribution of the nonlinear least squares estimator, as in the standard
linear case, implies that standard least squares procedures will give invalid inference results
in the general case where correlation is allowed. In Section 5 of this paper, I propose a “fully
modified” type technique for nonlinear cointegrating regressions that will make it possible
to conduct valid inference in nonlinear cointegrating regressions.

2 Mathematical results

In order to establish the results of this section, I will need assumptions on the function F'(.)
and on the weak dependence structure of (uy, v;). In order to limit the amount of dependence
that will be allowed, we need the concept of near epoch dependence. An array of random
variables y7; is called near epoch dependent (NED) on w; if

SUp || yre = E(yrelwe—m, - wegm) 2= v(m) =0 (8)
L,

as m — oo. Typically, we need to make mixing (or independence) assumptions about w;
in order to be able to derive useful results such as laws of large numbers of central limit
theorems. I will not define a-mixing or ¢-mixing here, but instead note that Gallant and
White (1988), Pétscher and Prucha (1991) and Davidson (1994) contain a large amount of
information about these dependence concepts.

The weak dependence assumption on (u, v;) that I need in this section is the following:



Assumption 1
1. (uyg,vy) is stationary.
2. For some p > 2, Elu? + E|v|P < 00.
3. Eu; =0 and Ev, = 0.

4. (ug,vy) is Ly-NED of size —1 on wy, where wy is an a-mizing array of size —2p/(p—2),
or (ug,vy) s Lo-NED of size —1 on wy, where wy is a ¢p-mizing array of size —p/(p—1).

Define Vi (r) = T2y, and Up(r) = 7723y, 1 will equip D[0, 1] with the
uniform metric, and by the Skorokhod representation, we can without loss of generality
assume that sup, o 1 (|Vr(r) — V(r)| + |Ur(r) — U(r)[) — 0 almost surely.

The assumption on F'(.) that I need is the following:

Assumption 2
1. F': R — R s continuous on R.
2. F(\x) = k(M) H(x) + R(x, \) where H(.) is locally integrable and R(.) is such that

(a) |R(z,\)| < a(N)P(x), where limsup,_, . a(\)/k(A) = 0 and P(.) is locally inte-
grable; or
(b) |R(z,\)| < b(N)Q(Ax), where limsup,_,. b(A)/k(X) < oo and Q(.) is locally inte-

grable and vanishes at infinity, i.e., Q(x) — 0 as |z| — oo.
3. H'(.) is continuous on R.

4. For any sequence o1 such that 67 — 0 and n — oo,

limsup (TY%)"2 sup  sup  |F(TY%z) — F(TY?2)|? = 0.

T—00 |z| <K z':|z—z'|<ép

Park and Phillips (1999) give a wide range of examples of asymptotically homogeneous
functions. Distribution functions, polynomials, logarithmic functions and summations and
products of such functions will all be within the class of asymptotically homogeneous func-
tions. Integrable functions, periodic functions and functions with explosive behavior as the
argument goes to infinity - such as the exponential - are outside the class of asymptotically
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homogeneous functions.
Let

t

Gr =TV (k(TV?)~ ZutHF > w). (9)
t=1 =1

First, we need the following lemma; this is a partial result that that can be specialized
towards the main theorems of this paper. For a sequence kr that is to be specified later but
satisfies k7 — oo and kr/T — 0 as T — oo, define r; = j/kr and T; = max(1, [T'j/kr]) for
j=1,... kp.

Lemma 1 Under Assumptions 1 and 2,

1

Gr = H(V(r))dU(r) + Jr + op(1), (10)
where
Jr = R(Tl/r")*lz jz: (Ur((t+1)/T) = Ur(t/T))(F(T"?Vp(t/T)) = F(T"*Vp(r;-1)))-(11)

By finding the limit distribution of Jr, the following result can be proven:

Theorem 1 Under Assumptions 1 and 2,

GT—>/ H(V(r)dU(r +A/ H'(V(r))dr (12)
and
Gr— AT~ ZH’ (Va(t/T)) _>/ H(V(r)dU(r), (13)
where
T
A= lim > Buriv. (14)



The proof of Theorem 1 is based on finding a limit result for

T-1 t
T2 HTT2Y ), (15)
t=1 =1

and therefore, in the proof of Theorem 1, the following result can be found too:

Theorem 2 Under Assumptions 1, 2, and 3,

T2 Zut VH(T~ /22 —>/ H(V(r))dU(r +A/ H'(V(r))dr (16)

and
T—1 t T 1
TN H(TTV2Y o) = 1703 H (Ve(t/T)) - / H(V(r)dU(r), (17)
t=1 =1 = 0
where
A= lim 7" ZZEutHvl = lim ZEuTﬂvl (18)

t=1 [=1

A striking feature of the above theorems is that only A comes up in the limit distribution as
a measure of the correlation between the u; and the v;. Intuitively, one might have expected
that introducing nonlinearities in F'(.) might cause the limit distribution of the G statistic
to depend on measure of nonlinear correlation as well, but this turns out to be not the case.
Park and Phillips (1999,2001) derive results similar to those of Theorems 1 and 2 for the
case A = 0, but they use martingale difference and homoscedasticity assumptions. It is
immediate from the above result that no homoscedasticity assumptions are needed to derive
the limit distribution as long as A = 0, and therefore their homoscedasticity assumptions
can be removed using the above theorem.

3 Powers of integrated processes as regressors

In this section, I consider the linear model
Y = Ooxy + uy (19)

where z; = |Z§:1 vy|? for some v > 1 and (uy,v;) is a weakly dependent but possibly

correlated process. Let 07 denote the least squares estimator for 6, (assuming no constant
has been included in the regression). For this situation, the following result can be proven:
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Theorem 3 Assume that (us,vy) satisfies Assumption 1, and consider éT and y; and x; as
above. Then

_ T _
T2y u T30 v
T ZtT:1 |T-1/2 Z;:l v [?

o Jy VDU (r) + Ay Jy sen(V(r)|V(r))~"dr
Jo IV (r)[2vdr

T1/2+’y/2(éT . 90) _

(20)

where

T t

A= lim T7! Z Z Eu. (21)

T—o00
t=1 [=1

. From the above theorem, it can be concluded that it is incorrect in general to use regressors
that are powers of integrated processes as regressors and still assume standard inference
will remain valid. Of course, this fact is well-known for the case where the regressor is an
integrated process.

The conjecture presents itself that the above result will remain valid for all v > 0. The prob-
lem with the proof of that result is the requirement in Theorem 2 that H'(.) be continuous,
which in the setting of the above theorem translates into the requirement that ~|z|*~! be
continuous, and this will only hold for v > 1. The author expects however that it will turn
out to be possible to prove such a result.

4 Nonlinear regression with integrated regressors

In linear cointegrating relations, the result of Theorem 2 for H(x) = x can be used, and
the standard results for deriving the mathematics of linear cointegrating regressions can be
obtained. Then, the observation can be made that if somehow the correlation between the
error and the regressor can be made to disappear asymptotically, the limit distribution will be
mixed normal, implying that standard least squares is valid. This is the basis of techniques
such as the “fully modified” technique by Phillips and Hansen (1990), Park’s “canonical
regressions”, and by the so-called leads-and-lags technique. The goal of this section is to
obtain a similar technique in the situation of a nonlinear cointegrating regression

yr = fxe, 0p) + uy. (22)



Examples of such nonlinear cointegrating regressions can be found in Park and Phillips
(2001); one simple example is the case where

Y = Oo1 + bpea(xy) + u. (23)

For example, setting a(x) = 22, using the analysis below, it is straightforward to analyze a

linear cointegrating regression when the regressor itself is not I(1), but instead the regressor
equals the square of an I(1) process.

In order to analyze nonlinear cointegrating relations, it will be necessary to borrow several
results and definitions from Park and Phillips (2001). The treatment below uses the ma-
chinery from Park and Phillips, except that the limit theorem proven in this paper is now
applied to Park and Phillips’ setting. The first definition I need is that of H-regularity:

Definition 1 Let
F(\z,m) = r(A\,m)H(z,7) + R(x, \, ) (24)
where k is nonsingular. We say that F is H-reqular on 11 if:
(a.) H s reqular on 11,
(b.) R(z, A, ) is of order smaller than k(\,m) for all = € 1.

We call k the asymptotic order and H the limit homogeneous function of F'. If k does not
depend upon 7, then F is said to be Hy-reqular.

For the definition of “regular” and “of order smaller than” the reader is referred to Park and
Phillips (2001).
Define

f=(0f(x,0)/06,), f=(8f(x,6)/00,06;) (25)

to be all vectors, arranged by the lexicographic ordering of their indices, analogously to
Park and Phillips (2001). Let h denote the limit homogeneous function of H-regular f.
The asymptotic orders of f and f are denoted by A& and K respectively. Using the above
definitions and assumptions, the following theorem easily follows:

Theorem 4 Let Assumptions 1 and 2 hold, and let F be specified as in Definition 1. If I
1s H-reqular on a compact set 11, then as T — oo

T (T2 7 1ZFmt,7r)£>/01H(V(r))dr (26)



uniformly in m € Il. Moreover, if F(.,.) is H-regular, then

T
T PR(TY?, 7)™ ) F (g, muy —»/ HV (r),m)dU(r +A/ H'(V(r),m)dr (27)
t=1
as T'— oo, where H'(v,r) denotes (0/0v)H (v,r).

Using the above theorem as a tool and invoking the results of Park and Phillips (2001), the
following result for the nonlinear least squares estimator can be shown:

Theorem 5 Let Assumption 1 hold. Assume

a. f 1s Hyp-reqular on © with asymptotic order k and limit homogeneous function h. In
addition, assume that Ii()\) 1s bounded away from zero as X — oo and that for all

0 # 6y and § > 0, f <o (P(s (5,0) — h(s,0))*ds > 0;

b. f andf are H-regular on ©;

c. || (F® k)i ||< oo, and

d. [ (5, 00)R(s,00)'ds > 0 for all § > 0.
Then

T1/2 (T1/2) (éT o 09())

N / WV (1), 60)(V (1), 60) dr) / WV (), 60)dU (r)+ A / (0/0V)Y(V (1), 60)dr) (28)

as'T — oo.

The practical implication of the above theorem is that, like in the linear case, a nonlinear
cointegrating regression will not yield valid inference results when the nonlinear regression
is treated in the “naive” way (i.e., assuming that the integration property of the regressor is
of no consequence). We cannot assume that standard errors and F-tests will remain valid in
the absence of exogeneity assumptions. This is because A appears in the expression for the
asymptotic variance and because the U(.) and V(.) processes are not independent Gaussian
processes. Therefore, it is desirable to find a “fully modified” type technique for nonlinear
cointegrating regressions, as is developed in the next section.
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5 Fully modified estimation for nonlinear cointegrating
regressions

The “fully modified” procedure for linear cointegrating regressions consists of two elements.
One element in the proof of the asymptotic validity of the “fully modified” procedure is to
essentially make the limiting Brownian motions of the error process and the regressor process
independent, while the second element is to make the expression involving A in Equation
(28) disappear. To achieve the first goal, let

. = FBuwu_, EBuwvi_g \ [ X3 23,
- k:z_:oo( Buy_pvy Evgvy ) B ( i X ) (29)

If we now define

yl =y — S5 (D5) toe = fl@ o) + (w — Ty (Sh) M), (30)

and treat y;r as our “new” y variable (note that ytT is observable), it follows that the “new
error” in the above equation has become

= up — 35, (355) " oy (31)
Letting Ap(r) = T-Y/2 3" ;. then for this oy we have

[rT] [rT]
EAr(r)Ur(r) = ET7 ) ) "oy,
t=1 s=1
[(rT] [rT]
= ET™ Z Z — 351 (255) o )vs — TE5) — 185 (5,) 185, = 0. (32)
t=1 s=1

Therefore, the limit Brownian motions generated by partial sums of the a; and the v, are
asymptotically independent. Analogously to the linear case however, it is not sufficient to
simply use yz instead of y; in the nonlinear least squares minimization objective function.
This is because by Theorem 4,

T V2(TY? 7 ZFxt, at—>/ H(V(r),n)dA(r +A/ H'(V(r),n)dr (33)

where

T
A= lim T 1ZZE@M ZEatvt ks (34)
=1

t=1

11



and note that while by construction,

o0

> Eaw; =0, (35)

k=—00

it is not necessary that A = Y 7~ Fawv,_p = 0. Therefore, I propose the nonlinear fully
modified least squares estimator A7 that results from solving

N

T

0= T 2R(TY2) N (yf = F(a,0))(0/00) f (w0, 0) + AT "(0/06) f' (w1, Or),  (36)

t=1 t=1

where 07 is the standard nonlinear least squares estimator for # and A is some heteroscedas-
ticity and autocorrelation consistent covariance matrix estimate for A. Note that for the
standard linear cointegrating regression with a scalar x variable we have f(x,0) = 01 + s,
implying that the above problem simplifies to solving

0=T7" [y = 61 — Oo2:)(1,2,) + (0, A), (37)

which returns the “fully modified” estimator as proposed in Phillips and Hansen (1990). For
the “nonlinear fully modified” estimator 67, the following result can be obtained:

Theorem 6 Under the assumptions of Theorem 5,

T1/2 (T1/2) (éT . ‘90>

N / V(1) 00V (1), B)'dr) / h(V (1), 00)dA(r)) (33)

as T — 0.

The above theorem implies that the nonlinear fully modified estimator 67 produces asymp-
totically valid inference results. This is because A(.) and V/(.) are independent Gaussian
processes, and therefore 7 and its ¢-values and F-tests are asymptotically normally dis-
tributed conditional on V(.).

While the above result shows that the fully modified technique can be extended towards
nonlinear cointegrating regressions, it remains an open question whether or not the same
can be done with the “leads and lags” technique and/or Park’s canonical regressions.
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Mathematical appendix

Proof of Lemma 1:

Recall that by assumption,
sup ([Vr(r) = V(r)| + [Ur(r) = U(r)]) < 6r = o(1)

rel0,1]

almost surely, where d7 is a deterministic sequence. It is assumed that the sequence kr
satisfies kr — oo, kp/T — 0, and

krk(TY?) ™2 sup  sup  |F(TY%z) — F(TY?2")2 = o(1).

|z|<K z':|z—2'|<ép

In addition, define

Pr = r(TV?)™! ; /Tj_l F(TYV (r;-1))dU (r) = ;F(TWV(M))(U(TJ') —U(rj1)),
and

Gy = R(TV?)™! kZTI F(T?Vr(rj—1))(Ur(rs) = Ur(rj-1)):
Write .

Gr = (Gr — G7) + (Gy — Pr)+ (Pr— L) + (I — I1) + I1.
I first argue that

I, — I| =0 (39)
and then that

|Pr — I| = 0. (40)
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Then, I show that
G5 — Pr| =0 (41)

and then the lemma is completed by observing that

Ur(rj) — Ur(rj-1) = tTJZT:_l (Ur((t+1)/T) = Ur(t/T))
and therefore .
Gr = k(TY?)~ i - F(TY*Vp(t/T)(Ur((t +1)/T) — Up(t/T))
implying that -
Gr — G
R(TH2)~ ifz: (Ur((t+1)/T) = Ur(t/T))(F(T"*Ve(t/T)) = F(T"?Vi(rj1))) = Jr.

To show the result of Equation (39), note that

E(L - L) = E(/ (F(TY2V (r)s(TV?) " = H(V(r)))dU (r))?
W (TV2)- / RV (r), TV2)dU ()2

= K(T"?)7? /01 ER(V(r),T"?)*dr

1
ﬁ(Tl/Q)_2/ a(TY*)2P(V (r))2dr =50
0
by Assumption for class H; (NOTE: how about Hy7). To show the result of Equation (40),

first note that, for all 6 > 0,

limsup P(|Pr — I1| > 0)

T—o0

14



< limsup(limsup P(|Pr — Pri| > 6/3) + limsup P(|Prx — I1:x| > §/3)

K—oo T—o0 T—o0

+limsup P(|Irx — 2| > §/3))

T—o00

where

kr

Ipg = H(T1/2)22/rj F(T1/2V<T))

xI( sup |V(r)—=V(rj_1)] < Kk;lﬂ)[( sup |V (r)| < K)dU(r)

r€lrj—1,r5] r€[rj—1,75]

and

kTt

Prg = w(TYV?)72 Z /Tj F(TY?V (r;_y))

j=1"vTi-1

xI( sup |V(r) = V(rj_)| < Kkp')I( sup  |V(r)| < K)dU(r).

7"6[7‘]'_1,7‘]'] Te[rj_lﬂ‘j}
This is because

lim sup lim sup P(|Pr — Prex| > 0)

K—oo T—o00

< lim sup lim sup P( sup V(r)=V({')| > Kk;lﬂ)

K—oco T—oo ror!:|r—r'|<max; [r;—rj_1|

+limsup P(sup |[V(r)]| > K)=0

K—o0 rel0,1]

where the last result follows because V (k3'r) is distributed identically to k:;l/ *V(r), and a
similar argument holds for |Irx — I|. Next, note that

|PT5K - IT5K|

— ,%(Tl/2)—l Z /’”ﬂ (F(Tl/QV(rj,l)) — F<Tl/2v(r)))l(7«e[§%pr.] V(r)—V(ri-1)| < Kk;l/z)

xI( sup |V (r)| < K)dU(r),

r€[rj—1,7;]

15



and therefore

E|[T5K - -PTsz|2
ko
—k(@)?Y [ BE@EY () - FEPY(r5))

xI( sup |V(r)=V(ri.)| < Kkp>)I( sup |V(r)| < K)dr

r€[rj—1,m;] r€[rj_1,7;]

< k(TY*)72 sup sup |F(TY?z) — F(TY?2)))* = 0

|lz|<K w’:\xfx'\<Kk;1/2

as T — oo by Assumption 2.4.

In order to show the result of Equation (41) and complete the proof of this lemma, set
aj = &(TVA)7'T(TV2Ve(ry)), g = &(TY?) 7 F(TY2V (1)), by = Ur(ry), and 8; = U(ry),
and note that by summation by parts, as in Davidson (1994),

kT kT
Gy — Po=Y (a1 — a;j_1)(bj — bj-1) + awlbs — B) — > (b — Bj) (e — o).
j=1 J=1
It will be shown that all three terms converge to 0 in probability. For the first term, we have
kr
D (a1 = a;1)(b; — b))
j=1
k1
= [R(T"2)7 Y (F(Vi(rj—1) = F(V (r-0)) (Ur(ry)) = Ur(r;-0))?
j=1
k‘T kT
< R(TY)2Y (F(Vie(ria)) = F(V(rie)))? > (Ur(ry) = Ur(rj1))*.
j=1 j=1
Next, note that
kr
E (Ur(ry)) = Ur(rj-1))* = O(1)
j=1
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because Assumption 1 implies that E(Ur(r;)) — Ur(rj—1))* < C(r; — rj_1), and therefore it
suffices to show that
kT

R(TY2)72 Y (R Ve (rs ) = T2V (r5-0))) = 0p(1).
j=1
The latter result holds because sup,.cjo 1 |V (r)| = Op(1) and therefore with arbitrarily large
probability,
kT
(T2 (F(TYVi(rio)) = F(TV?V (r;-1)))
j=1
<kpa(TY*)2 sup  sup  |F(TY%z) — F(TY?2))? = o(1)
|z|<K a':|z—a'|<ép

by assumption. A similar argument holds for
kT

> (b = B)(a — ajoa).

Finall;,:note that
(b — Br) = w(T%) T F(TY?V (1)) (Ur(1) = U(1)) = Op(dr) = op(1),

which completes the proof of this lemma. O

Next, I state two lemmas that will be needed to complete the proof of Theorem 1.
Lemma 2 Assume that x; € F;, and assume that for | > mp and 1 <t <n, x; satisfies

| E(zre Fit) [l2< aryr(l)
and

(21 — Orr)az Yy y7(1)*(log(l + 1))* — 0. (42)
=0
Then if
T

2 2
mp E Ex7, — 0,
t=1
we have

Z TT¢ L)O

t=017

17



Proof of Lemma 2:

Note that for all positive sequences my such that my — 0o as n — oo,

T

T
Zath Z xrry — E(xp| Fiomy)) + Z E(xr| Fiemy),
t=1

t=1
and by Lemma 2.1 of Hall and Heyde (1980),

T

” Z (th|E mT) ||2< C(an 91n CLT Z ’YT log(l + 1)) — 0

t=1 l=m7

by assumption. Also,

T mr—1 T
1D (e = BE@rd Frome)) lo=l1 D Y (B(xre| Fij) — E(xrel Frja)) |2
t=1 §=0 t=1

mr—1 T

Z | Z (@re| Fij) = E(erd Fijr)) 2

T
< 2mT(Z Ex2)* =0

by assumption. O

Lemma 3 Ifz = (uy, wy) is Ly-NED on an alpha-mizing sequence vy such that E(zi|vy, vp_1,...) =
zt, |zt] < Br, and with NED sequence v(m), then for m >0

| E(uiwi| Fi—om) — Eusw; ||2< 4Brv(m) + 6Br || u ||, a(m)l—yp'

18



Proof:

Define V) .. = o({vs,...,v_m}), and note that
E(wwi Froom) = E((u — E(w| VL) )wi| Fiom)
+E(E(w Vi) (we = B(w| V)| Fioam) + E(E (| Vi) E(wi V)| Fiezm).
and therefore

| E(wwe|Fi—om) — Eugwy ||2

< 2| (ue = E(wVi))we [l +2 || (we — E(wiV_ ) E(w Vi) |2
+ | B(E(wilVi_n) E(welVi_n)| Fe2m) — E(E(we| Vi_p) E(uel Vi_p)) 12
< 2Brv(m) 4 2Bpv(m) + 6Bra(m)Y/?- 1P,

where the last inequality follows by noting that E(w,|V!_,,)E(u|V}_,,) is alpha-mixing and
by Theorem 17.5 of Davidson (1994). For the uniform mixing case, a similar result holds,
but for this case we need the inequality for uniform mixing processes from Theorem 17.5 of
Davidson (1994). O

Proof of Theorem 1:

(NOTE: the theorem below is incomplete and only constitutes a proof for Theorem 2. How-
ever it should not be too much trouble to extend the argument to provide a proof of Theorem
i

Given the result of Lemma 1, it suffices to determine the limit distribution of Jp. Given
a kp sequence that satisfies kr = o(7T"/?) and the earlier conditions, we can always find a
positive integer-valued sequence my such that mp — o0, yet increases slowly enough such
that krmy = o(TY?) and my < minj<j<p, (T; — Tj_1 — 1) = T/kp — 1. Because of that last
requirement, we can write

kT ijl

Jr =" (Ur((t+1)/T) = Ur(t/T))(H (Ve (t/T)) — H(Vr(r;-1)))

j=11t=T;

19



] 1+mr—1

= Z Y WUrlt+1)/T) = Ur(t/T))(H(Ve(t/T)) = H(Vr(r;1)))

]Itle

+> Z (Ur((t +1)/T) = Up(t/T))(H (Ve ((t = mr)/T)) = H(Vr(r;j-1)))

7j=1t= T] 1+mr

£ Wellt + 1)/T) — Ut/ (HVe(t/T)) — HVel(t — ma)/T))

J=1t=Tj_1+mr

=51+ 52+ Ss,
say. In order to find the limit distribution of S; + Sy + S5, we need the following lemma’s:
Lemma 4 Under Assumptions 2.1 and 1,

Ny

Proof of Lemma 4:

Note that we can choose a K, such that

limsup P( sup |Vr(r)| < K.) >1—c¢.
T—o0 rel0,1]

This implies that with arbitrarily large probability,

Ti-1+mr—1

Z Y Wrlt+1)/T) = Ur@/T)(H(Vr(t/T)) = H(Vr(r;-1)))

: tle

j 1+mp— 1

< T_I/QZ Z lut1]2 sup [T'(z)]

j=1 t=T;_1 |z|<Ke

= Op(TI’LTT_ /sz) = Op(]_)

if kymy = o(T"/?) and because of continuity of 7'(.).

For S, we have the following result:
Lemma 5 Under Assumptions 2.1 and 1,

Sy 25 0.

20



Proof of Lemma 5:

Assume that, in addition to the earlier requirements on my, my diverges slowly enough to
give, for all K > 0,

m7 sup sup T (x) — T(2"))* — 0.
2| <K 31| g—ar| <260 +74k; 2 (log(kp'))1/2

Note that for all K > 0, S, is asymptotically equivalent to

kr

> ]Z (Ur((t+1)/T) = Ur(t/T)(H (Ve ((t — mr)/T)) = H(Vr(rj-1))) Iumgjlotm

Jj=1t=Tj_14+mp
where

Ly = L(Vir((t = ma) /T) = Vir(ry1)| < 207 + Tk (log(k7'))'/?)
and

Dymzj = I(|Vr((t = me)/T)| < K)I(|[Vr(rj-1)| < K)

because

sup Ve ((t = mr)/T) = Vr(rj1)]

tE[Tj_l-'rmT,Tj—l} ,jG[l,kT]

< sup Vr(r) = V()]

rr!r—r!|<max; |r;—rj_1|

< sup  |V(r) = V()| + 207

r,r’:|r77"|§k;1
< 207 + T4k ?|log (k)| /2

almost surely because |V (r) — V(r')| < 74|r — 7'|'/?|log |r — +'||'/? almost surely (see e.g.
Pollard (1984, p. 146). Also,

limsup P(3t € [1,n] : |Vp(t/T)| > K) = limsup P( sup |Vr(r)] > K) — 0

T—o0 T—o0 rel0,1]

as K — oo. Next, define

Fi = o({(we,vy), (w1, v-1), ... }),
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and note that the summands
(Ur((t+1)/T) = Ur(t/T))(H(Ve((t = mr)/T)) — H(Vr(rj-1)) homri Toonr

satisfy
| E[(Wo((t +1)/T) = Wo(t/T))(H(V((t = mp/T)) = H(Ve(rj-0)) Dumg i oimes | Fii] |2
= (H(Vz((t = mz)/T)) — HVr(rj-1))) Litmri lotme E(Ur((t + 1) /T) — Ur(¢/T))|Fe-i] |2

< 2772 sup sup T () — T(2")9b(1)

|2|<K 310 —a/| <280 +74k; | log (k1) [1/2

for [ > mp, where the ¥(l) sequence denotes the L,-mixingale sequence of w; - which by
Assumption 1 is of size -1/2 - and because Iy, € Fiomy and Iy, € Fiomy. Now, by

Lemma 2, it follows that S, —— 0 because the requirement of Equation (42) is met and in
addition,

myy Y EUn((t+1)/T) = Ur(t/T))*(H(Ve((t = mr)/T)) = H(Vr(ri1))* DimesLotme
Jj=1t=Tj_1+mr

kT Tj—-1
<3S sup sup T(2) - TP Eu,y

J=1 =T, 1 +my 1BISK |/ |<28p+74k; 2| log (k) [1/2

< m?2 sup sup T (z) — T(2")|*Ew? — 0
|2 <K 1| g—ar| <260 +74ky | log (k1) [1/2

as n — 0o by assumption. ([l

In view of the above lemmas, the result of the following lemma now suffices to complete the
proof of Theorem 1:

Lemma 6 Under Assumptions 2.3 and 1,

Sy 5 A/O1 T'(U(r))dr.
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Proof of Lemma 6:

Assume that in addition to the earlier requirements, mr also satisfies

mr sup sup |H'(z) — H'(z")| — 0
2| <K 7|z —a/| <45 +148k "2 | log(ky ") /2

for all K > 0. Note that by the Taylor series expansion,

kr  Tj—1
Y. > WUt +1)/T) = Ur(t/T))(H(Vi(t/T)) = H(Vi((t = mr)/T)))

Jj=1t=Tj_1+mr

kr

= jz (Ur((t +1)/T) = Ur(t/T)) (Ve (t/T) = Vo((t — mz)/T)H' (Vron,)

J=1t=T_1+mp

where |V (t/T) = Ve | < |[Vo(t/T) — Vp((t —my)/T)|. The last statistic is asymptotically
equivalent to

=3 S (Unl(t+ 0)/T) — Ur(t/T)Velt/T) — Vil(t — mr) /T H (Ve (1))

j=1t=Tj_1+m+1
To see this, first note that
Ve (rj-1) = Vitmg | < Ve(rj-1) = Ve(t/T)| + [Ve(t/T) = Ve((t —mr)/T))|

<9 sup Vi (r) — Ve (r')| < 467 + 148k %[ log (k1) /2

ror!:r—r'|<max; [r;—rj_1|

almost surely by the same argument as in the proof of Lemma 5. With the above result,
again noting that

sup |Vr(r)| < K.
rel0,1]

with arbitrarily large probability, it follows that
Sz — S5

<D > U+ )/T) = Ur@/T)|Vir(t/T) = Viel(¢ = ma) [T H (Vewmg) = H (Ve(rj1))|

j=1t=T;_1+mr
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<2 sup T (@) — T'(a!)] x

@, |w—a | <ASp+148k 52 | log(ky b 1/2

> Z [Ur((t+1)/T) = Ur(t/T)||Vr(t/T) = Vo((t — mz)/T), (43)

Jj=1t= TJ 1+mp

and the second term in Equation (43) is Op(myr) because

kT -
EY. S [Un((t+ 1)/T) = Ur(t/D|[Vi(t/T) = Vi((t — mr)/T)|

Jj=1t=Tj_1+mr

kT mr
=ET') Z Juca] Y Joeil < me || e Jlo]) v o

Jj=1t= TJ 1+mr k=0

and therefore, the expression from Equation (43) converges to zero because by assumption,

my sup ’TI(LL’) — T/(.’L'/)‘ — 0
x,x/:|x—x’|§45T+148k;1/2| log (k. HL/2
Next, note that

Tj— mp—1

= > H Ur(ry) Z S (Ur((t+ 1)/T) = Ur(t/T)) (Val(t = k)/T) = Va((t — k — 1)/T))

t= T] 1+mr k=0

kT mp—1
=7 ZH/(VT(TJ'A)) Z Z Ups1V— — Eug1vi-)
j=1 t=T;_1+mr k=0
kT mp—1
‘I'T_lZH/(VT(Tj_l)) Z Z Eut—i—lvt k- (44)
j=1 t= T] 1+m7r k=0

The first term converges to 0 here. To see this, note that for n large enough, we have

mp—1

k1
T ZH/(VT(TJ‘A)) Z Z U1 V- — Bugiv_y)
j=1

t= TJ 1+mpr k=0
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mTl

kr
— T—l Z H/(VT(Tj—1>> Z Z ufﬁivtBT EutBﬁ“lvtBTk) + OP(]->

j=1 t=T;_1+mr k=0
where

uP" = w,I(|uy| < Br) + BrI(u; > Br) — Byl(u, < —Br)
and

vP" = v I(|v| < Br) + Brl(v; > Br) — Brl(v; < —Br),

and By = mlT/ P=21 £o1 some 1 > 0, and my is assumed to satisfy, in addition to the earlier
requirements,

ma P P Pl B2k T — 0.
This is because sup,¢p 1) [H'(Vr(r))| = Op(1) and

k)T Tj -1 mrT— 1

1
ET E | E E Up g1V g — ut+1vtk

j=1 t= T;_1+mr k=0

T' mr— 1

<T" Z Z S* e (Juea] > Br) llall v s (jor—e] > Br) [l

J=1t=T;_1+mr k=0

mp—1

=1 Z Z Z E|“t+1|pB2 YVY2(Eu,_ |7"B2 Py1/2

7j=1t= Tj_1+mr k=0
< mpBE P (Blul?)' 2 (Elul?)'? = O(m* ™) = o(1)

by assumption. In order to show that the first term in Equation (44) converges to zero, it
now only remains to show that

kT mp—1
-1 / Br . Br By | Br p
T E H'(Vp(rj-1)) E § (u v — Buhv ) — 0.
j:l t= T] 1+mr k=0

To show this, it suffices to show that

mp—1

| kT~ Z Z “fflUfT EUtHU i) [[2< er — 0. (45)

t=T; _1+mr k=0
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Now, it is well-known that (u””,v7T) is again near epoch dependent with the same v(m)
sequence as (ug, vy). Therefore, by Lemma 3,

mpr—1
| kTS BBl |y — BulroPs, |,
k=0

< kg T my Byl — ma) + 6ke T Brm || [, a(l — my) /2~

for I > my, implying that we can set vp(l) = a(l — mp)Y?>7Y? + v(l — my) and ap =
CkrmsT 1By for Lemma 2, and note in addition that

mT—l
kT Y wlffofs o< ke T mrBr | v |5 -

Therefore,

(n/kr)as Z vr(1)*(log(l + 1))?

= (n/kr)(CmrkeT ™ Br)* Y~ (a(l = mg)" /> + v(1 — my))*(log(l + 1))

< CPnkymzT > Bi(log(mr))* Y ~(a(D)/*77 + v(1))*(log(l + 1))
=1

= O(T™ krmi(log(mr))?Bf) = o(1)

by assumption, noting that the summation is finite by Assumption 1.4. In addition,

mr > Exgy, = O(my(T/kr)(krT~'mrBr)?) = O(mikrBfT™") = o(1)

t=T; _1+mp

by assumption, implying that the conditions of Lemma 2 are satisfied (note that Lemma 2
provides a ¢, sequence (as defined in Equation (45)) that does not depend on j). This leaves

mp—1

T—le’(VT(rj)) Z > B

t=T; _1+mr k=0

26



Define p(k) = Euvi—y (which is possible by stationarity), and note that >~ [p(k)| < oo
by Assumption 1. Then the last statistic equals

k1 mr—1

TS H W) S S plk+ 1)

j=1 t:Tj_1+mT k=0

k‘T mT—l

=T T (Ur(r))(T; — Tjm —mrg) Y plk+1)

j=1 k=0

kT mT—l

=T! Z T (Ur(j/kr))(T/kr —mr) p(k+1)

j=1 k=0

k1 [e'e)

—on(1) + k7t ST Urlifke) Y plh+ 1) 2 A [ W)

j=1 k=0 0

where the last result follows from the continuous mapping theorem. ([l

Proof of Theorem 3:

Theorem 3 follows from a simple application of Theorem 2.

Proof of Theorem 4:
Theorem 4 combines Theorem 1 with Theorem 3.3 of Park and Phillips (2001).

Proof of Theorem 5:

To be completed

Proof of Theorem 6:

To be completed
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