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NONPARAMETRIC MODEL CHECKS FOR TIME SERIES
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This paper studies a class of tests useful for testing the goodness-of-fit
of an autoregressive model. These tests are based on a class of empiri-
cal processes marked by certain residuals. The paper first gives their large
sample behavior under null hypotheses. Then a martingale transformation
of the underlying process is given that makes tests based on it asymptoti-
cally distribution free. Consistency of these tests is also discussed briefly.

1. Introduction and summary. This paper studies some general meth-
ods for testing the goodness-of-fit of a parametric model for a real-valued sta-
tionary Markovian time series X;, i = 0,+1,£2,.... Much of the existing
literature is concerned with the parametric modeling in terms of the condi-
tional mean function p of X;, given X;_;. That is, one assumes the existence
of a parametric family

A ={m(-, 0): 0 € O}

of functions and then proceeds to estimate 6 or test the hypothesis u € .#,
that is, u(-) = m(:, 6,) for some 6, in ®, where © is a proper subset of the g-
dimensional Euclidean space R?. One of the reasons for this is that parametric
models continue to be attractive among practitioners because the parameter
0 together with the functional form of m(-, 6) describes, in a concise way, the
impact of the past observations on the predicted variable. Since there may
be several competing models, in order to prevent wrong conclusions, every
statistical inference which is based on a model .# should be accompanied by
a proper model check, that is, by a test for the hypothesis u € .#. The best
known example is the usual linear autoregressive model where m(x, 6) = x#6.
The proposed classical tests are based on the least squares residuals. For a
discussion of these types of tests, see, for example, Tong (1990), Chapter 5,
and MacKinnon (1992) and references therein.

Robinson (1983), Roussas and Tran (1992), Truong and Stone (1992), among
others, provide various types of nonparametric estimates of w which in turn
can be used to construct tests of the hypothesis u € .#. This has been done, for
example, in McKeague and Zhang (1994) and Hjellvik and Tjgstheim (1995,
1996). This approach requires smoothing of the data in addition to the estima-
tion of the finite-dimensional parameter vector and leads to less precise fits.

The use of the conditional mean function as an autoregressive function
is justified partly for historical reasons and partly for convenience. In the
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presence of non-Gaussian innovations it is desirable to look for other disper-
sions that would lead to different autoregressive functions and which may
well be equally appropriate to model the dynamics of the underlying process.
For example, if the innovations are believed to form a white noise from a dou-
ble exponential distribution, then the conditional median function would be
a proper autoregressive function. The present paper discusses a class of tests
for testing goodness-of-fit hypotheses pertaining to a class of implicitly defined
autoregressive functions. The proposed approach avoids smoothing methodol-
ogy and leads to tests that are consistent against a broad class of alternatives.
Even though many of our results are extendable to higher order autoregres-
sion, our discussion is confined to the first-order autoregression partly for the
sake of clarity of the exposition and partly for some technical reasons. See
Remark 2.4 below.

Now, to describe these procedures, let y be a nondecreasing real-valued
function such that E|¢(X; — r)] < oo, for each r € R. Define the -
autoregressive function m, by the requirement that

(1.1) E[y(X; — m,(Xo)|Xo] =0 as.

and the corresponding marked empirical process, based on a sample of size
n+1, by

n
Vo p(x)=n"2Y (X, = my (X, 1)) (X, < x), x €R.
i=1
The marks, or weights at X; ,, of the process V, , are given by the -
innovations (X; — m,(X; 1)), 1 < i < n. The process V, , is uniquely
determined by these marks and the variables {X;_;} and vice versa.
Observe that, if (x) = x, then m,;, = u, and if ¥(x) = I(x > 0) — (1 — a)
for a 0 < @ < 1, then m,(x) = m,(x), the ath quantile of the conditional
distribution of X, given X, = x. The choice of ¢ is up to the practitioner.
If the desire is to have a goodness-of-fit procedure that is less sensitive to
outliers in the innovations X; — m,(X;_;), then one may choose a bounded
. The motivation for the above definition of m, comes from Huber (1981).
Its existence for a general ¢ and its kernel type estimators in the time series
context have been discussed by Robinson (1984). In the sequel, m,, is assumed
to exist uniquely.
The process V,, , takes its value in the Skorokhod space D(—o0, c0). Extend
it continuously to +oco0 by putting

n
Vo l,,(—oo) =0 and Vn,d,(—i-oo) =n 12 Z (X, — ml,,(Xi_l)).
i=1
Then V, , becomes a process in D[—o0, co] which, modulo a continuous trans-
formation, is the same as the more familiar D[0, 1]. Throughout we shall as-
sume that the underlying process is ergodic, the stationary distribution (d.f.)
G of the X’s is continuous and that

(1.2) Eg2(X, — my(Xy)) < oc.
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It readily follows from (1.1) and (1.2) that V, ,(x) is a mean zero square
integrable martingale for each x € R. Thus one obtains from the martingale
central limit theorem [Hall and Heyde (1980), Corollary 3.1] and the Cramér—
Wold device that all finite-dimensional distributions of V, ,, converge weakly
to a multivariate normal distribution with mean vector zero and covariance
matrix given by the covariance function

Ky(x,y) =Ep* (X —my(X) I(Xg<xny), x,yeR

Under some additional assumptions, Theorem 2.1 below establishes the weak
convergence of V, , to a continuous Gaussian process V;, with the covariance
function K. Since the function

(%) 1= K (x, x) = E$*(X; — my (X)) (X, < x)

is nondecreasing and nonnegative, V, admits a representation
(1.3) V,(x) = B(;(x)) in distribution,

where B is a standard Brownian motion on the positive real line. Note that the
continuity of the stationary d.f. G implies that of 7, and hence that of B(Fri).
The representation (1.3), Theorem 2.1 and the continuous mapping theorem
yield

sup|V, ,(x)|= sup |B(?)|=7,(c0) sup |B(¢)| inlaw.
xeR 0=t=<1

0<t=<t2(c0)

Here and in the sequel, = denotes the convergence in distribution.
_The above observations are useful for testing the simple hypothesis
Hy: m, = m,, where m, is a known function. Estimate (under m, = m,) the

: 2
variance 7y(x) by

o (x) =0t Y WX - mo(X; )X, < x), x € R,
i-1

and replace m,, by m in the definition of V,, ,. Write s2 g for Tn 4(00). Then,
for example, the Kolmogorov—Smirnov (K— S) test based on V.. of the given

asymptotic level would reject the hypothesis H,, if sup{sn, w1V y(2)]: x € R}
exceeds an appropriate critical value obtained from the boundary crossing
probabilities of a Brownian motion which are readily available on the unit
interval. More generally, in view of Remark 4.1 below, the asymptotic level
of any test based on a continuous function of s;}w Vo ¢((T%’ ¢)_1) can be ob-
tained from the distribution of the corresponding function of B on [0, 1], where
(r2.,) Y(t)=inf{x e R: 72 ,(x) > t}, £ > 0.

Theorem 2.1 is useful for testing the simple hypothesis H o; for testing a
composite parametric hypothesis, the process V,, , requires some modification.
Consider the null hypothesis

Hy: m,(-) = m(-, 0,) for some 6, € ©.
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Let 0, be a consistent estimator of 6, under H, based on {X;, 0 < i < n}.
Define

Vi @) =023 w(X; - m(X; 4, 0,))[(X; ; <x), x €R.
i—1

The process V}L,w is a marked empirical process, where the marks, or the
weights at X,_;, are now given by the -residuals y(X; — m(X;_4, 6,)). It is
uniquely determined by the {X;_;} and these residuals and vice versa. Tests
for H, can be based on an appropriately scaled discrepancy of this process.
For example, an analogue of the K-S test would reject H, in favor of H;
if sup{o, %, |V} ,(x): x € R} is too large, where o7 , = n~t Y0, ¢*(X; —
m(X;_q, 6,,)). These tests, however, are not generally asymptotically distribu-
tion free (ADF).

The main focus of the present paper is to construct a transform of the V,ll,
process whose limiting distribution is known so that tests based on it will be
ADF. To do this, one first needs to establish the weak convergence of these
processes. As indicated earlier, Theorem 2.1 below obtains the weak conver-
gence of V, ,, for a general , to a continuous Brownian motion with respect
to the time 73,, under some moment assumptions on (X, —m,(X,)) and X,
and under the assumption that the conditional d.f’s F',, of X; —m,(X,), given
X, = y, have uniformly bounded Lebesgue densities. Theorem 2.2 and Corol-
lary 2.1 present similar results for the V}l, o processes when H, is satisfied,
under the same moment condition and under some additional conditions on
# and . For technical reasons, the cases of an absolutely continuous ¢ and
a general bounded ¢ are handled separately. The estimator 0, is assumed to
be asymptotically linear.

Now assume that crf,(x) = E[Y%( X, — m(X,y, 0)))| X, = x] = 0'3/ does not
depend on x. In this case Ti(x) = 03 G(x), for all real x. Using ideas of
Khmaladze (1981), a linear transformation 7' of the underlying processes is
then constructed so that for a general s, TV ,(-)/0, is a transformed Brown-
ian motion B o G and TV,IL y/Tn, 4 converges in distribution to 7'V, /. This
is done in Theorem 2.3 below. Informally speaking, 7" maps V,ll,l,, into the
(approximate) martingale part of its Doob—Meyer decomposition.

The transformation 7' depends on the unknown entities 6, and G. An esti-
mator T, of T is then constructed and it is shown that T, V}L,L,,(~) /0y, y also
converges in distribution to the process B o G. This is done in Theorem 2.4.
Because the transformation is generally unstable in the extreme right tails,
this weak convergence can be proved only in D[—o0, x,], for an x;, < co. Con-
sequently, the tests based on the transformed process Tn(V,ll’ 5/, 4) Gn(x0)
are ADF for testing that m,(x) = m(x, 6;), —00 < x < x(, where G, is the
empirical d.f. based on {X, X,..., X,,_1}. A similar approach has been also
used in an analogous problem that arises in model checking for a regression
model by Stute, Thies and Zhu (1998). The restriction of the testing domain to
the interval (—oo, x(] is not a serious constraint from the applications point of
view. Often one tests the more restrictive hypothesis that m,(x) = m(x, 6,),
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for all x in a bounded interval [a, b] of R. Modification of the above tests for
this problem is given in Remark 2.3 below. They continue to be ADF.

None of the proofs require the underlying process {X,;} to have any type
of mixing property. Rather our arguments are based on a general invariance
principle for marked empirical processes, which may be of interest on its own
and which is formulated and proved in Section 3. The other proofs are deferred
to Section 4.

We now summarize our results for the two interesting /’s, namely, /(x) = x
and §(x) = I(x > 0)—(1—a) in the case the innovations {¢; := X, —m,(X,;_;)}
are assumed to be i.i.d. according to some d.f. having a uniformly bounded
Lebesgue density. Let V,, I(V1 pand V, (V1 ) denote the corresponding

Vo o(VE o) processes, respectively. Then, Es‘““a) < oo and EXQ(HS) < oo, for
some & > 0, suffice for the weak convergence of V, ; while E|X|'" < oo,
for some 6 > 0, suffices for that of V, ,. See also Theorem 2.1(ii) and Re-
mark 2.1 for some alternate conditions for the latter result. Moreover, if 6,, is
taken to be the least square estimator, then any test based on a continuous
function of T, (V} /{00, 1G(x0)} is ADF for testing that the first-order au-
toregressive mean functlon is m(-, 0y) on the interval (—oo, x,]. Similarly, tests
based on Tn(V}L,0_5)/{0,170.5Gn(x0)} with 0, equal to the least absolute devia-
tion estimator are ADF for testing that the first-order autoregressive median
function is m(:, 6,) on the interval (—oo, x4]. Of course, all these results hold
under some additional smoothness conditions on .# as given in Theorem 2.4
below.

We end this section with some historical remarks. An and Bing (1991) have
proposed the K-S test based on Vn ; and a half sample splitting technique a
la Rao (1972) and Durbin (1973) to make it ADF for testing that a time series
is linear autoregressive. This method typically leads to a loss of power. Su and
Wei (1991) proposed the K-S test based on the V1 _r-process to test for fitting a
generalized linear regression model. Delgado (1993) constructed two sample-
type tests based on the V, ; for comparing two regression models. Diebolt
(1995) has obtained the Hungarian-type strong approximation result for the
analogue of V,, ; in a special regression setting. Stute (1997) has investigated
the large sample theory of the analogue of V,ll’ ; for model checking in a general
regression setting. He also gave a nonparametric principal component analysis
of the limiting process in a linear regression setup similar to the one given by
Durbin, Knott and Taylor (1975) in the one-sample setting.

2. Main results. This section discusses the asymptotic behavior of the
processes introduced in the previous section. Then a transformation 7' and
its estimate 7', are given so that the processes TV} ny and T vi 4 have the
same weak 11m1t with a known distribution. Consequently, the tests based on
the processes T, Vn, are ADF. This section also discusses some applications
and provides an argument for the consistency of the proposed tests. Recall
that

F(x):=P(X; —my(Xo) =x[Xo=1y), x,y €R.
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Let ¢; := X; —my(X,_1), i =0,%+1,42,... . We are ready to state our first
result.

THEOREM 2.1. Assume that (1.1) and (1.2) hold. Then all finite-dimensional
distributions of V,, , converge weakly to those of a centered continuous Gaus-
sian process V,, with the covariance function K .

(i) Suppose, in addition, that for some 1 > 0, 6 > 0,

(2.1)(a) Ey(e;) < oo,
(2.1)(b) Egp (1) Xl < o0,
(2.1)(c) E{y*(e2)d*(e)| X1 [} < 00

and that the family of d.f’s {F
that are uniformly bounded,

y € R} have Lebesgue densities {f,, y € R}

¥y

(2.2) sup fy(x) < 00.
X,y
Then
(2.3) Vo.w =V, inthe space D[—00, o0].

(i1) Instead of (2.1) and (2.2), suppose that ¢ is bounded and the family of
d.f’s {F,, y € R} have Lebesgue densities {f,, y € R} satisfying
(2.4) JIELFR (6 = my (X} die < oo,

for some & > 0. Then also (2.3) holds.

REMARK 2.1. Conditions (2.1) and (2.2) are needed to ensure the uniform
tightness in the space D[—o0, oc] for a general ¢ while (2.4) suffices for a
bounded . Condition (2.1) is satisfied when, as is assumed in most standard
time series models, the innovations are independent of the past, and when for
some & > 0, B4+ (g;) and EX>"*® are finite. Moreover, in this situation the
conditional distributions do not depend on y, so that (2.2) amounts to assuming
that the density of &; is bounded. In the case of bounded ¢, E|X|'*® < oo, for

some & > 0, implies (2.1).

Now consider the assumption (2.4). Note that the stationary distribution
G has Lebesgue density g(x) = Ef x (x — m,(X,)). This fact together with
(2.2) implies that the left-hand side of (2.4) is bounded from the above by a
constant C := [sup,_, f,(x)]/** times

JIBFx,(x = my (X)) dx = [ g/F+9() dx.

Thus, (2.4) is implied by assuming

/gl/(1+5)(x) dx < oo.
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Alternately, suppose m, is bounded and that f,(x) < f(x), Y x,y € R,
where f is a bounded and unimodal Lebesgue density on R. Then also the
left-hand side of (2.4) is finite. One thus sees that in the particular case of the
i.i.d. errors, (2.4) is satisfied for either all bounded error densities and for all
stationary densities that have an exponential tail or for all bounded unimodal
error densities in the case of bounded m,. Summarizing, we see that (2.1),
(2.2) and (2.4) are fulfilled in many models under standard assumptions on
the relevant densities and moments.

We shall now turn to the asymptotic behavior of the V,ll, 4 Process under
H,. To that effect, the following minimal additional regularity conditions on
the underlying entities will be needed. The introduced quantities will be part
of the approximating process and its limit covariance and are therefore in-
dispensable. For technical reasons, the case of a smooth ¢ [see (¥;) below]
and a nonsmooth i [see (V5) below] are dealt with separately. All probability
statements in these assumptions are understood to be made under H,. The
d.f. of X, will be now denoted by Gy, .

(A1) The estimator 6, satisfies
n'2(6, — 6) =n~"2 Y U(X; 1, X, 65) + 0p(1)
i=1
for some g-vector valued function [/ such that E{I(X,, X, 6,)|Xo} =0 and
L(HO) = E{Z(X07 X17 OO)ZT(X07 Xla 00)}

exists and is positive definite.
(A2) There exists a function m from R x ® to R? such that m(-, 6,) is mea-
surable and satisfies the following: for all £ < oo,

sup n' P m(X,; 1, t) —m(X; 1, 00) — (t— 0p) " m(X;_y, 6)]
(25) 1<i<n, }'Ll/th—GOHSk

= op(1)
and
(2.6) E[m(X,, 00)]? < oo.

(W) (Smooth ). The function ¢ is absolutely continuous with its almost
everywhere derivative i bounded and having right and left limits.

(¥,) (Nonsmooth ). The function ¢ is nondecreasing, right continuous,
bounded and such that the function

x> E[(Xy — m(X,, ) + x) — $(X1 — m(X,, )]

is continuous at 0.
(F) The family of d.f’s {F',, y € R} has Lebesgue densities {f,, y € R}
that are equicontinuous: for every a > 0 there exists a 6 > 0 such that

sup |fy(x) - fy(z)| =a.

yeR, |x—z|<b
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Note that (2.6) and (¥;) or (2.6), (¥3) and (F) imply that the vectors of
functions

M(x, 69) = (M(x, 65), ..., My(x, 65))",
I'(x, 6y) = (I'y(x, 6p), - .., Fq(x, 0,))7,
with
M (x, 00) = Em (X, 0p)( X, — m(Xg, 00))I(X, < x),
I (x, 6p) = Em ;(X,, 00)/fX0 dy I1(X, < x), 1<j<gq, xeR,

are well defined. We are now ready to formulate an expansion of V}L, 4> Which
is crucial for the subsequent results.
THEOREM 2.2. Assume that (1.1), (Al), (A2) and H hold.
(a) If, in addition (W) holds, then
(2.7) sup V,le(x) =V, u(x)+ MT(x, 0)n"1/? S UX; 1, X;, 6p)|=o0p(1).
xeR i=1

(b) Assume, in addition, that (Vy) and (F) hold and that either E|X,|1*° <
0, for some & >0 and (2.2) holds or (2.4) holds. Then the conclusion (2.7) with
M replaced by I' continues to hold.

REMARK 2.2. The assumption (¥;) covers many interesting ¢’s including
the least square score /(x) = x and the Huber score (x) = xI(|x| < ¢) +
csign(x)I(]x| > ¢), where c is a real constant, while (¥,) covers the a-quantile
score (x) = I(x > 0)— (1 — ).

The following corollary is an immediate consequence of Theorems 2.1 and
2.2. We shall state it for the smooth ¢-case only. The same holds in the non-
smooth case with M replaced by I

COROLLARY 2.1. Under the assumptions of Theorems 2.1 and 2.2(a),
V}W = Vl}, in the space D[—o0, o0],

where Vi is a centered continuous Gaussian process with the covariance func-
tion

K (x,y)=K,(x,y)+ M"(x, 00)L(65) M(y, 6,)
— M"(x, 00)E{I(X < y)¥(X; — m(Xy, 00))I(Xo, X1, 0)}
— M"(y, 00)E{I(X < x)(X1 — m(Xy, 0)) (X, X1, 6)}-

The above complicated-looking covariance function can be further simplified
if we choose 6, to be related to the function ¢ in the following fashion. Recall
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from the previous section that al%(x) = E[¢2%(&1)| X, = x] and let, for x € R,

Vo) = B[j(X, — m(X, 6))| Xo = x] for smooth i,
= /fx(y) Y(dy) for nonsmooth .

Assume that
©2.8) of,(x) = a-f, a positive constant in x, a.s.,
' Yy(x) =7, a positive constant in x, a.s.,

and that 6, satisfies (A1) with
(29) l(x> Y, 00) = yazl (200)71’7‘1('%" 60)‘#(.}} - m(x’ 00))7 X,y € Ra
where 3, := Em(X,, 6)m” (X, 6y) so that L(6,) = 73,', with 7 := 07 /v].

Then direct calculations show that the above covariance function simplifies to
(2.10) K} (x,y) = E¢*(X1 — m(Xo, 00)) [Gg,(x A ) = v" ()25 ()],
with
v(x) =Em(X,, 0p) I(X, < x), x,y €R.
Suppose {¢; = X; — m(X;_q, 6y)} are i.i.d. and ¢; is independent of X;_;
for all i. Then (2.8) is satisfied a priori and Koul (1996) gives a set of suffi-

cient conditions on the model ./ under which a class of M-estimators of 6,
corresponding to a bounded ¢ defined by the relation

RS (X WX — m(Xi s, t))'

0,,, = argmin
¢ i=1

satisfies (2.9). See also Tjgstheim (1986) for a similar result for the least square
estimator.

Unlike (1.3), the structure of K, 1 given at (2.10) still does not allow for a
simple representation of Vi in terms of a process with known distribution.
The situation is similar to the model checking for the underlying distribution
in the classical i.i.d. setup. We shall now describe a transformation so that the
limiting distribution of the transformed V'} _y-process is known. The exposition
here is based on the ideas of Khmaladze (1981) and Nikabadze and Stute
(1996).

Throughout the rest of the section we shall assume that (2.8) holds. To sim-
plify the exposition further, assume without loss of generality that Ey2(e;) =
1. Write m(-) = m(-, 0y), G = G,. Set

A@x) = [m(m” () I(y =z D)G(dy),  xeR.
Assume that

(2.11) A(xg) is nonsingular for some x, < co.
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This and the nonnegative definiteness of A(y) — A(x,) implies that A(y) is
nonsingular for all y < x,. Write A71(y) for (A(y))™!, y < x,, and define

17 =) - [T (A [1) 12 9) £@2) |G 5=

We will apply T to functions f which are either of bounded variation or
Brownian motion. In the latter case the inner integral needs to be interpreted
as a stochastic integral. Since T is a linear operator, T(V,) is a centered
Gaussian process. Moreover we have the following fact.

LEMMA 2.1.

Cov[TV (%), TV (y)] =G(xAy),  x,y€R,

that is, TV, is a Brownian motion with respect to time G.

The proof uses the independence of increments of the Brownian motion V,

and properties of stochastic integrals and is similar to that of Lemma 3.1 of
Stute, Thies and Zhu (1998). We are now ready to state our next result.

THEOREM 2.3. (a) Assume, in addition to the assumptions of Theorem
2.2(a), that (2.8) and (2.11) hold. Then
(2.12) sup|TV} ,(x) = TV, ,(x)] = op(1).

x<x(
If in addition, (1.2), (2.1) and (2.2) hold, then
(2.13) Tv,,=TV, and TV,IW, = TV, in D[-o0, x,].
(b) The above claims continue to hold under the assumptions of Theorem

2.2(b), (2.8) and (2.11).

The usefulness of the above theorem in statistics is limited because T is
known only in theory. For statistical applications to the goodness-of-fit testing,
one needs to obtain an analogue of the above theorem where T is replaced by
an estimator T',,. Let, for x € R,

G(x) = Y I(X, < x)

i=1

and
An(x) = [ 10y, 0,)m" (5, 6,) I(y = ) G,(dy).
Define an estimator of T to be

T, f) = F@) = [ (5, 0,4, ()

<[ [re0) 162 ) f@n) |Gu@). x =
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The next result, one of the main results of the paper, proves the consistency
of TnV,ll’l/j for TV,IW, under the following additional smoothness condition
on m. For some ¢ x g square matrix 7m(x, 6;) and a nonnegative function

K (x, 6;), both measurable in the x-coordinate, the following holds:
E|m(X o, 0p)|I” K1(X, 6) < oo,

©.14) ||" (X0, 6o)l | 1(Xo o} |
Elri(Xo, 0o)llllm(Xo, 6o)[|I7 < o0, j=0,1,

and V € > 0, there exists a § > 0 such that |0 — 64| < & implies
m(x, 6) — m(x, 6o) — m(x, 609)(0 — 6o)|
<€ Ki(x,0y) |60 — 6] for G-almost all x.
Here, and in the sequel, for a ¢ x g real matrix D, |D| := sup{(a’DD’a)"/?;
a € RY, ||la|| = 1}. The assumption (2.14) is neccessary because we are now

approximating the entities involving the estimator 6,,. We are ready to state
the theorem.

THEOREM 2.4. (a) Suppose, in addition to the assumptions of Theo-
rem 2.3(a), (2.14) holds and that (2.1) with (&), ¢Y(ey) replaced by
(X0, o)l ¥(&1), M (X1, Op)ll ¢(&2), respectively, holds. Then

(2.15) sup [T, V2 ,(x) = TV, ,(x)] = 0s(1),

x<x
and consequently,
(2.16) o, T,V ()= BoG in D[—o00, x,].
(b) The same continues to hold under the assumptions of Theorem 2.3(b)

and (2.14).

REMARK 2.3. By (2.11), A; := inf{a’A(xy)a; a € R?, |ea| = 1} > 0 and
A(x) is positive definite for all x < x,, Hence, ||A~Y2(x)|? < A;! < oo, for all
x < xy, and (2.6) implies

(2.17) E[m" (Xo)A ™ (Xo)1(Xo < x) < Er(Xo)[ A" < oo

This fact is used in the proofs repeatedly.
Now, let a < b be given real numbers and suppose one is interested in
testing the hypothesis

H: m,(x) = m(x, 0,) forall x € [a,b] and for some 6, € ©.

Assume the support of G is R, and A(d) is positive definite. Then, A(x) is
nonsingular for all x < b, continuous on [a, b] and A~!(x) is continuous on
[a, b] and

E[lmT(Xo)A N X)|I(a < X, < b) < .
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Thus, under the conditions of Theorem 2.4, ‘T;,ll/, T,V} 4() = BoG, in Dla, b]
and we obtain

T ATw Vi, o () = T, V5 (@)} = B(G() - B(G(a)) in Da,b].

n, n,

The stationarity of the increments of the Brownian motion then readily implies
that

T, VL (x) =T,V ,(a)]
D, = su y : = sup |B(u)|.
S TG ®) — Gr@) 0y ook 1B

Hence, any test of H based on D,, is ADF.

Applications. Here we discuss some examples of nonlinear time series to
which the above results may be applied. It may be useful for computational
purposes to rewrite T, V,ll} y as follows: for all x < x,

TV (x)=n?Y [HXH <x)-n 'Y (X, 0)
i=1 j=1

(2.18) )
X A X 0) (X3 = Xy A
x p(X; —m(X; 4, 0,)).
Now, let gy, ..., g, be known real-valued G-square integrable functions on

R and consider the class of models .# with
m(x, 0) = g1(x)0; +--- + g4(x)0,,.

Then (A1), (2.14) are trivially satisfied with m(x, 6) = (g,(x), ..., g,(x))" and
m(x, 0) = 0= K,(x, ). Besides including the first-order linear autoregressive
[AR(1)] model where g = 1, g,(x) = «, this class also includes some nonlinear
autoregressive models. For example, the choice of ¢ = 2, g,(x) = x, go(x) =
xexp(—x?) gives an exponential-amplitude dependent AR(1) [EXPAR(1)]
model of Ozaki and Oda (1978) [Tong (1990), pages 129 and 130]. In the
following discussion, the innovations ¢; = X; — m(X,_;, 6,) are assumed to
be i.i.d. according to a d.f. F with a bounded Lebesgue density f.

In the linear AR(1) model m(x, 8) = x and A(x) = EX2I(X, > x) is positive
for all real x, uniformly continuous and decreasing on R, and thus trivially
satisfies (2.11). A uniformly a.s. consistent estimator of A is

Ax)=nt Y X3 I(X )y = %),
k=1

Thus a test of the hypothesis that the first-order autoregressive mean function
is linear AR(1) on the interval (—oo, x4] can be based on

sup |Tn Vrlz, I(x)|/{0-n, IGn(xO)}7

xX<xg
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where

n

TV (x)=n 2y [I<X,~_1 <x)
i=1

_ n_l i Xj_l Xi—l I(X]—l < Xi—l A\ x):|
i T X3 I( Xy = Xi 1)
X (XL - Xi—len)a
UI2L,I = n_l Z(XL - Xi—len)2~
i=1

Similarly, a test of the hypothesis that the first-order autoregressive median
function is AR(1) can be based on sup,_, [T, V,ll, 05(X)/{0%,05G (%)}, where

T2V} op(0) = n 3 [ 10K, <)
=1 X‘jfl Xi,l I(XJ,1 = Xil/\x)]

-1 "
—n Z -
ST Y X I(Xpq = X;1)
X {I(Xl — Xiilen > 0) — 05}

and

n
o o5 =n"" Y {I(X; — X; 16, > 0) — 0.5}%.
i=1
By Theorem 2.4, both of these tests are ADF as long as the estimator 6,
is the least square (LS) estimator in the former test and the least absolute
deviation (LAD) estimator in the latter. For the former test we additionally
require Es‘i(u‘s) < 0o, for some & > 0, while for the latter test, Es? < oo and f
being uniformly continuous and positive suffice.
In the EXPAR(1) model, m(x, 6,) = (x, x exp(—x?))T and A(x) is the 2 x 2
symmetric matrix

A(x) = EI(X, > x)( X5 Xgexp(-X7) )

Xjexp(—X3) Xjexp(-2Xj

From Theorem 4.3 of Tong [(1990), page 128], if Es‘{ < oo, [ is absolutely
continuous and positive on R, then the above EXPAR(1) process is stationary,
ergodic, the corresponding stationary d.f. G is strictly increasing on R, and
EX}§ < oo. Moreover, one can directly verify that EX2 < oo implies A(x) is
nonsingular for every real x and A~! and A are continuous on R. The matrix

< X?fl Xil eXP(—Xlzq) )
X3

A, (x)= n! I(X;_1>x)
2 ' exp(—X7 ) X7 exp(—2X% )

i=1

provides a uniformly a.s. consistent estimator of A(x).
Thus one may use supxsxo|TnV,1l’I(x)|/{Un’IGn(x0)} to test the hy-
pothesis that the autoregressive mean function is given by an EXPAR(1)
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function on an interval (—oo, xy]. Similarly, one can use the test statistic
SUP, 4, |TnV}L,0.5(x)|/{an,0.5Gn(x0)} to test the hypothesis that the autore-
gressive median function is given by an EXPAR(1) function. In both cases,
A, is as above and one should now use the general formula (2.18) to compute
these statistics. Again, from Theorem 2.4 it readily follows that the asymp-
totic levels of both of these tests can be computed from the distribution of
Supg-, <1 |B(u)|, provided the estimator 6, is taken to be, respectively, the
LS and the LAD. Again one needs the (4 + §)th moment assumption for the
former test and the uniform continuity of f for the latter test. The relevant
asymptotics of the LS-estimator and a class of M-estimators with bounded
¢ in a class of nonlinear time series models is given in Tjgstheim (1986)
and Koul (1996), respectively. In particular, these papers include the above
EXPAR(1) model.

REMARK 2.4. Theorems 2.1 and 2.2 can be extended to the case where
X;_; is replaced by a g-vector (X,-_l,...,X,-_q)T in the definitions of the
V., , and V,ll’lp. In this case, the time parameter of these processes is a g-
dimensional vector. The difficulty in transforming such processes to obtain a
limiting process that has a known limiting distribution is similar to that faced
in transforming the multivariate empirical process in the i.i.d. setting. This,
in turn, is related to the difficulty of having a proper definition of a multitime
parameter martingale. See Khmaladze (1988, 1993) for a discussion on the
issues involved. For these reasons, we restricted our attention here to the
one-dimensional case only.

Consistency. Here we shall give sufficient conditions that will imply the
consistency of goodness-of-fit tests based on V, , for a simple hypothesis m, =
m against the fixed alternative m, # m,, where m is a known function. By
the statement m, # m, it should be understood that the G-measure of the
set {y € R; my(y) # mo(y)} is positive. Let A(y, 2) := E{y(X; — m,(X,) +
z2)|Xy = ¥}, ¥,z € R. Note that  nondecreasing implies that A(y, z) is
nondecreasing in z, for each real y. Assume that for every y € R,

(2.19) My, z)=0 if and only if z =0.
Let d(x) := m,(x) — my(x), x € R and

D,(x):=n""? DMX i, d(X0) I(Xq < %), x eR.
i=1
An adaptation of the Glivenko—Cantelli arguments known for the i.i.d. case to
the strictly stationary case [see (4.1) below] yields
sup |n V2D, (x) — EXX,, d(X)I(Xo <x)| = 0 as.,
xeR

where the E is computed under the alternative m,. Moreover, by Lemma 3.1
below, we have

V.., = a continuous Gaussian process.
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These facts together with the assumption (2.19) and a routine argument yield
the consistency of the K-S and Cramér—von Mises tests based on V, .

The study of the asymptotic power of the above tests against a sequence of
alternatives m,, ,(x) — my(x) at a n~1/2 rate deserves serious attention and
will be discussed elsewhere.

3. Weak convergence of a marked empirical process. Let X;, =0,
+1, ... be a strictly stationary ergodic Markov process with stationary d.f. G,
and let %, = o(X;, X,;_4,...) be the o-field generated by the observations
obtained up to time i. Furthermore, let, for each n > 1, {Z, ;, 1 <i < n} be
an array of r.v’s adapted to {Z;} such that (Z, ;, X;) is strictly stationary in
i, for each n > 1, and satisfying

(31) ]E{Zn,i|9;71} = O, 1 < i <n.

Our goal here is to establish the weak convergence of the process

(3.2) a,(x)=n"12Y"Z, I(X;_, <x), x €R.
i=1

The process «,, constitutes a marked empirical process of the X;_;’s, the marks
being given by the martingale difference array {Z, ;}. An example of this
process is the V, , process where Z, ; = Z; = (X; — m,(X;_,)). Further
examples appear in the proofs in Section 4 below.

We now formulate the assumptions that guarantee the weak convergence
of a,, to a continuous limit in D[—o0, co]. To this end, let

Ly(x):=P(X; —e(Xo) =x[Xg=y), xyeR,

where ¢ is a real-valued measurable function. Because of the Markovian as-
sumption, Ly is the d.f. of X; — ¢(X,), given %,. For example, if {X;} is
integrable, we may take ¢(x) = E[X; ;| X; = x], sothat ¢, ; ;== X, | — (X))
are just the innovations generating the process {X;}. As another example, for
the V, ,, we may take ¢ = m,. In the context of time series analysis the
innovations are often i.i.d., in which case L, does not depend on y. However,
for our general result of this section, we may let L, depend on y.

This section contains two lemmas. Lemma 3.1 deals with the general marks
and Lemma 3.2 with the bounded marks. The following assumptions will be
needed in Lemma 3.1.

(A) For some 1 > 0, 8 > 0, K < oo and all n sufficiently large,

(a) EZ, <K,
(b) EZ; 1| X" < K
and

(c) E(Z2,72 X} < K.
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(B) There exists a function ¢ from R to R such that the corresponding family
of functions {L,, y € R} admit Lebesgue densities [, which are uniformly
bounded,

supl,(x) < K < occ.
Xy

(C) There exists a continuous nondecreasing function 72 on R to [0, o0) such
that

n! > E[Z%,i|9;—1] I(X; 1 < x)=1%(x)+o0p(1) V x € [—o0, 00].
i=1

Assumptions (A) and (B) are needed to guarantee the continuity of the weak
limit and the tightness of the process «,, while (C) is needed to identify the
weak limit. As before, B denotes the Brownian motion on [0, c0).

LEMMA 3.1. Under (A)—(C),

(3.3) a, = Bo 2 in the space D[—o0, 00],

where B o 72 is a continuous Brownian motion on R with respect to time 2.

PROOF. For convenience, we shall not now exhibit the dependence of Z,, ;
on n. Apply the CLT for martingales [Hall and Heyde (1980), Corollary 3.1]
to show that the fidis tend to the right limit, under (A)(a) and (C). O

As to tightness, fix —co < #; < 5 < t3 < oo and assume, without loss of
generality, that the moment bounds of (A) hold for all n > 1 with K > 1. Then
we have

[an(tb’) - an(t2)]2[an(t2) - an(tl)]2

n 2r n 2
= nQ[Z Zil(t; < X; 4 < t3)] [Zzil(tl <Xiq= t2)]

i=1 i=1

=n2 Y UU,;V,V,

i,j,k,1
where
Ui = ZLI(t2 < Xi—]. < t3) and Vi = ZLI(tl < Xi—]. < tz)

Now, if the largest index among i, j, k, [ is not matched by any other, then
E{U;U;V,V,;} = 0. Also, since the two intervals (¢,, t3] and (¢, 5] are dis-
joint, U,;V; = 0. We thus obtain

E{n-2 3 UinVle}:n_z > E{V,V,U%}
(3.4) i, j, k1 i, j<k
+n72 Y E{U,U,V3}.

i, j<k
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Note that the moment assumption (A)(a) guarantees that the above expecta-
tions exist. In this proof, the constant K is a generic constant, which may vary
from expression to expression but never depends on n or the chosen #’s.

We shall only bound the first sum in (3.4), the second being dealt with
similarly. To this end, fix a 2 < k£ < n for the time being and write

Y E{V,V,U3} = E{(EVZ-)ZU%}

i, j<k

_ E{<§vi)2E(U%|ﬂ_l>}

(3.5)

k-2 2
< 2E V. ) E(U2|%,_
< {(21 ) B )|
+2E{V}_ E(U}|%-1)}-

The first expectation equals

) 2
i=1
Write
]E(Z%e 9%—1) =r(Xp 1, X 9,...)

for an appropriate function r. Note that due to stationarity r is the same for
each k. Condition on %;,_, and use the Markov property and Fubini’s theorem
to show that (3.6) is the same as

E{(lg)vi)z [tg (%, Xpo, o) Ly, (% — cp(Xk_z))dx}

12)
t

_ 3E{<§Vi>2r(x, Xy lx, (x— ¢(Xk_2))} dax

ts k-2 441/2 91172
< {E( » VL-> } {E(r(x, Xp_o,...) Ix, ,(x— o(X1 9))"} 2 dx,
i=1

[2)

where the last inequality follows from the Cauchy—Schwarz inequality. Since
the V;’s form a centered martingale difference array, Burkholder’s inequality
[Chow and Teicher (1978), page 384] and the moment inequality yield

k-2 4 k-2 2
E(ZVi) 5K1E<ZV?> <K (k-2)*EVi.
i=1 i=1
We also have

EVT=E(Z1 I(t; < X < t3)) = [Ly1(t5) — Ly(£))],
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where
Ly(t) =EZ1I(X, < 1), —00 < ¢ < o00.
Let
t 211/2
Ly(t) = KW{E(r(x, Xpo ) lx, (x—o(X49))*) Pdx,  —co<t<co.

Note that due to stationarity, L, is the same for each k. It thus follows that
(8.6) is bounded from the above by

(3.7 K (k —2) [Ly(t3) — L1(t1)]"? [La(t3) — La(t2)]-

The assumption (A)(a) implies that L; is a continuous nondecreasing
bounded function on the real line. Clearly, L, is also nondecreasing and con-
tinuous. We shall now show that L,(c0) is finite. For this, let A be a strictly
positive continuous Lebesgue density on the real line such that A(x) ~ |x|~17"
as x — +o0o, where 7 is as in (A)(b). By Holder’s inequality,

00 1/2
Ly(c0) < [/OOE(r(x, Xpos) Iy, (x— ¢(Xk_2)))2h‘1(x)dx] .

Use the assumption (B) to bound one power of /x, = from the above so that
the last integral in turn is less than or equal to
K B{r*(Xj_1, X2, ---) b1 (X_1)} < K E{Z] A1 (Xo)I}.

The finiteness of the last expectation follows, however, from assumption (A)(b).
We now bound the second expectation in (3.5). Since Z,_; is measurable
w.r.t. F,_1, there exists some function s such that

Zi 1 =8(Xp 1, Xjgs o).
Put u = rs with r as before. Then we have, with the § as in (A)(c),
E{V}_E(U}|%-1)}
=E{I(ty < X} 1 <t3)I(t; < X 5 <ty) u(X} 1, X} o,...)}
t3
=/, E{I(t; < X9 <tg) u(x, X} 9,...) Ix, (x — (X} 5))}dx
< [G(t;) — G(t;)]/+?
l3
x /t BV (412, Xy g, )2 (2 — 0(X ) s))) dox.
Put

t
Ly(t)= /m BV (o, X g, )R (2= o(X o))} dx,  —o0o<it<o0.
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Arguing as above, now let g be a positive continuous Lebesgue density on the
real line such that g(x) ~ |x|"'71/% as x — Foc0. By Hélder’s inequality,

00 1/(1+6)
Laoo) = | [ B Xigee) 1520 = (X o)) () |

< K {Eu™(X;_y,...) ¢ (X))} /0

S K {E(Z;(L'—S)Z?(1+6)q76(X1))}1/(1+8),

where the last inequality follows from Holder’s inequality applied to condi-
tional expectations. The last expectation is, however, finite by assumption
(A)(c). Thus Lj is also a nondecreasing continuous bounded function on the
real line and we obtain

E{V}_B{U}| % 1}} < K [G(ty) — G(t1)]°/ V[ Ly(t3) — Ly(ty)]-

Upon combining this with (3.5) and (3.7) and summing over £ = 2 to k& = n,
we obtain

n? ¥ E{V,V, U} = K {[Ly(t) = La(t)]7? [La(ts) = La(t)]

i, j<k
+[G(ty) — G(21)]” ) [Ly(ts) — La(tz)]]-

One has a similar bound for the second sum in (3.4). Thus, summarizing,
we see that the sums in (3.4) satisfy Chentsov’s criterion for tightness. For
relevant details see Billingsley (1968), Theorem 15.6. This completes the proof
of Lemma 3.1. O

The next lemma covers the case of uniformly bounded {Z, ;}. In this case
we can avoid the moment conditions (A)(b) and (A)(c) and replace the condition
(B) by a weaker condition.

LEMMA 3.2. Suppose ther.v.’s {Z, ;} are uniformly bounded and (C) holds.
In addition, suppose there exists a measurable function ¢ from R to R such
that the corresponding family of functions {L,, y € R} has Lebesgue densities

{l,, y € R} satisfying
1/(1+8
(3.8) /[E 152 (x — o(Xo)]V" P dix < oo,
for some 8 > 0. Then also the conclusion of Lemma 3.1 holds.

PROOF. Proceed as in the proof of Lemma 3.1 up to (3.6). Now use the
boundedness of {Z,} and argue as for (3.7) to conclude that (3.6) is bounded



MODEL CHECKS FOR AUTOREGRESSION 223

from the above by

t3

K ['(E7)) tr - i as

ts 7 |k=2  |2((A+8)/d)\ 8/(1+8) 146 1/(1+96)
L)
2 i=1

< K (k—2) [G(ty) — G(£1))” ) [T(t3) — [(22)],
with 6 as in (3.8). Here

14
ro) = [ (B0 —eX)]""Vdx,  —o<t=oo

Note that (3.8) implies that I' is strictly increasing continuous and bounded
on R. Similarly,

E{V2 (U2 F_1)) < K B[V2 | I(ty < X}_, < t3))
=EB{I(t, < Xy < )E[Z}_; I(ty < X4y < 83)|[Fpos])
<K E{I(tl <Xy < t2)[/: Iy, (2~ ¢(Xk_2))dx“
=K :E{I(tl < X<ty lx, (2 — (X} y))) dx
< K [G(ty) — G(t)]”F) [I(t3) — T(#:)].

Upon combining the above bounds we obtain that (3.5) is bounded from the
above by

K(k—1D[G(t;) = G(t)]7 ) [T(t5) = T(2)].
Summation from 2 = 2 to £ = n thus yields

n? Y E{V,V,;U3} < K[G(ty) — G(¢,)] ) [[(t3) — T(ty)].

i, j<k

The rest of the details are as in the proof of Lemma 3.1. O

4. Proofs. In this section we present the proofs of various results stated
in Sections 1 and 2.

PROOF OF THEOREM 2.1. Part (i) follows from Lemma 3.1 while part (ii)
follows from Lemma 3.2 upon choosing ¢ = my, Z; = ¢(X; — m,(X,_4)),
L,=F,and [, = f, in there. O

Before proceeding further, we state two facts that will be used below re-
peatedly. Let {&;} be r.v’s with finite first moment such that {(¢;, X,;_ 1)} is
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strictly stationary and ergodic and let {; be stationary square integrable r.v’s.
Then max;_;_, n~"2|{;| = op(1) and

(4.1) supjn 'Y & I(X,1<y)—E&I(Xo<y)|— 0 as.
yeR i=1

The ET (ergodic theorem) implies the pointwise convergence in (4.1). The uni-
formity is obtained with the aid of the triangle inequality and by decomposing
each ¢; into its negative and positive part and applying a Glivenko—Cantelli
type argument to each part.

REMARK 4.1. We are now ready to sketch an argument for the weak con-
vergence of V. ,J,((Tg, d,)_l) to B under the hypothesis m, = m,. For the sake

of brevity, let b, := 72 ,(00), b := 73,(00). First, note that

n,y

OSUIZ |Tr21, ¢((T?L,¢I)71(t)) -t < max nYAH(X; — mo(X;_1)) = op(1)
<t< n <i<n

by (1.2). Next, fix an € > 0 and let .o/, := [|b,, — b| < €] and ¢, := 1/[1 — €/b].
On 7,

and

sup |72 ,((m2 )N () —t| < sup |72 (72 )" (8) — ¢
0<t<b 0<t<b,

+ osup |72, (72, (0) ~ ol

b,<t<b,c,

The second term is further bounded from the above, on o7, by ((b+¢€)/(b—¢€))e.
However, by the ET, P(27,) — 1. The arbitrariness of € thus readily implies
that

sup |y , (77 ,) 71 (8) — ¢ = 0p(1).

0<t=75(c0)
We thus obtain, in view of (4.1),

sup |ry((77 )7 (1) — ¢] = sup |75 (2) = 7y ()]

Oftfri(oo)

+ sup |7y (75 )7 H(®) — ¢
0<t<72(o0)

= Op(l).
These observations together with the continuity of the weak limit of V,

imply that
sup Vo (75, )71 ®) = Vo y((75)TH(0))] = 0p(1).

OgtS’ra(oo)\/T,zL’ 4(00)
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Therefore, by Theorem 2.1, s,‘l,ll/, Vo l/j((T,%’ l/,)*1) = B and the limiting distribu-

tion of any continuous functional of 3;’11,, Vo (72 )1 can be obtained from
the distribution of the corresponding functional of B. In particular, the asymp-
totic level of the test based on the Cramér—von Mises-type statistic

s [ VE () @) dH s )

can be obtained from the distribution of fol B2 dH, where H is a d.f. function
on [0, 1].

For our next lemma, put ¢, ; = X; — m(X, 1,6,) and recall ¢;, = X, —
m(X;, 6y). Let

Dy =n"1? i\d/(sn,i) — (&) = (en,i — e)¥(e)|IIN(X ;1)
i—1

where r is a measurable vector-valued function such that
(4.2) E|r(X,)|? < oo.

Let A, = n'/2(6, — 6,) and write m(-), m(-) for m(-, 6,), m(-, 6,), respectively.

LEMMA 4.1. Under the assumptions of Theorem 2.2(a) and (4.2), 9, =
op(1).

PROOF. Fix an @ > 0. Then by assumption (Al) and (2.5) there exists a
large £ < oo and an integer N such that

P(B,)>1—a foralln> N,
where

B, = {IA, ]l < ksmax|m(X; 1, 0,) = m(X; 1)

— T (X;_1)(60, — 60)| = a/n?].
Now, on B,,, we obtain for 1 <i < n, under H,,
Im(X;_1, 0,) —m(X;_1)| < n”P[a+ k|m(X;_)|] = n"?R(X;_y).
From (2.6) and the stationarity of the process {X;},
max n V2h(X;_ ;) = op(1).

1<i<n
Furthermore, by the absolute continuity of ¢, on B,,

h(X;_1)/n

n 1/2
Zp =0 2 Y (X ) [ Ji(e; = 2) = (e)| dz.
i=1 -

h(X;_1)/n/?
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Assuming for the moment that i is uniformly continuous, we obtain uniformly
inl<ic<n,

WX;_)/m? . 1o
[ ron e E = 2) o] dz = 2 2R(X )  02(1)

so that by (2.6), (4.2) and the ET, the lemma holds.

For an arbitrary ¢ satisfying (V¥,), we shall use the fact that continuous
functions with compact support are dense in L!(w), where u may be any finite
Borel measure [Wheeden and Zygmund (1977), Problem 27, page 192]. In our
case w(A) := E||r(Xy)| ~(Xo)I(e; € A), for any Borel subset A of R. Again,
by (2.6) and (4.2), this is a finite measure. Accordingly, given vy > 0, there is a
continuous function g with compact support such that

(4.3) /IIF(Xo)IIh(Xo)[Ith—gI(el)+|¢—gl(81—)+|¢—gl(81+)]dIP’§7-
We also have

n
G <723 (X i)
i=1

W(X;_q)/n'?
i { /_h(Xi—l)/nl/z g(e; —2) — 8(e;)| dz

WX, _y)/n'?
[ (61 = 2) - (o, - D)l d

~h(X;_1)/n1/?

+nt Z ||’“(Xi71)||h(Xi71)|l/./(8i) — 8(&)|.

i=1

The uniform continuity of g implies that the first term is op(1) while by the
ET and (4.3), the third term is Op(y). It remains to bound the second term.
Its expectation equals Ef (&1, X)), where

1+h(Xo)/n/?

8(2) — ¥(2)| dz.

Faler, Xo) i=n"r(Xo)| [
e1=h(X,)/n'/?

Since g and ¢ are bounded, f,(&1, Xo) < C||r(X,)||~(X,), which is integrable
by (2.6) and (4.2). Moreover, we also have that for each value of (¢, X)),

faler, Xo) = [(Xo)I(Xo){lg — ¥l(e1+) + |8 — dl(e1-)}

so that by (4.3) and the dominated convergence theorem Ef, (&;, X;) = O(7y).
This concludes the proof of Lemma 4.1. O

PROOF OF THEOREM 2.2. Put

n

R, (x) =V, (x) =V, (x) =n" "2 Y [Y(e,:) = P(e)] (X1 <x),  x€R.

i=1



MODEL CHECKS FOR AUTOREGRESSION 227

Decompose R, as

R,(x)=n"? Xn:[lﬂ(sn,i) — (&) — (8, — e)P(e)]I(X; 1 < x)

i=1
2 é[m(xi_l, 0,) — m(X,_1) — T (X, 1) (6, — )]
x (e;) 1(X;_ 1 < x)
VS (X ) e (X < %) (6, — )
i=1
= Ryu(2) + Ryg(x) + Rya(x) nV2(0, — 0) say.
The term R, 3(x) is equal to
S AT (X ) () I(X Ly < ).
i=1
By an application of (4.1) we readily obtain that

sup IR, 3(x) = MT(x, 6)| = 0p(1).
xe

Due to (A1), it thus remains to show that R,; and R,, tend to zero in proba-
bility uniformly in x. The assertion for R,; follows immediately from Lemma
4.1, because it is uniformly bounded by the 2, with r = 1. As to R,,5, recall
the event B,, from the proof of Lemma 4.1 and note that on B,,

sup |R,o(x)| < an™t 3" [¢(e;)| = O(a)  as.,
x i=1

by the ET. Since « > 0 is arbitrarily chosen, this completes the proof of part (a).
As to the proof of part (b), put

d, (1) :=m(X; 1, 00+n"2t)—m(X; 1, 0);
Yn,i ‘= n_1/2(2a + 8||m(Xi—1’ 90)”)5 o > 0: o> 0;
un(Xio1, 8 a) =E[¢(e; —d, (1) +avy, ;)| X1, 1<i<n, teR9

Define, for a, x e R and ¢ € RY,

n

Dn(xa t’ a) = n71/2 Z[‘/j(‘gl - dn,i(t) + ayn, i)
i=1

— (X1, ta) = P(e) | I(X;; < x).
Write D, (x,t) and u,(X,;_;,t) for D, (x, t,0) and u,(X;_q, £, 0), respectively.
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Note that the summands in D, (x, ¢, @) form mean zero bounded martingale
differences, for each x, ¢t and a. Thus

Var(D,(x, t,a)) < E[f(s1 — d,, 1(£) + ay, 1) — wa(Xo. t, a) — (&)
<E[y(e; — d,1(t) +ay, 1) — ¥(e1)]? = 0,

by assumption (A2) and (¥y). Upon an application of Lemma 3.2 with Z,, ; =
P(e; —d, (t)+ay, ;) — u,(X;_1,t,a)— §(&;) we readily obtain that

(4.4) sup |D,(x, t, a)| = op(1) VaeR, teRY.
xeR

The assumption (C) of Lemma 3.2 with these {Z, ;} and 7% = 0 is implied by
(Wy) while (2.4) implies (3.8) here.

Let .45 := {t € RY; ||t|| < b}, 0 < b < co. We need to prove that for every
b < o0,

(4.5) sup |D,(x,t)| = op(1).

x€R, tety,
To that effect, let C,, := {sup,cy, |d,, ()| < n~?(a+b|m(X,;_1)[), 1 <i <n},
and for an s € .43, let

Avim| sup  1dui(®)—dyi(9)] £ i 120 <0)NC,.

tetp, |t—s| <8

By assumption (A2), there is an N < oo, depending only on «, such that
Vb <ooandV s e 4,

(4.6) P(A,)>1—«a Vn>N.

Now, by the monotonicity of ¢ one obtains that on A, for each fixed s € .4}
and V ¢ € A4 with ||t — s|| < 6,

|Dn(x’ t)| = |Dn(x9 S, 1)' + |Dn(x’ S, _1)|

| |
+ inil/z Ylen(Xii1 8, 1) = pup(Xiops 8, D] I(X; 1 < x)i-
i=1

By (4.4), the first two terms converge to zero uniformly in x, in probability,
while the last term is bounded above by

RN [Py (4 du i)+ V) — Fx, (34 dyi(8) = v )l ().
i=1""

Observe that for every s € .43, on A,, |d,, ;(s)| + v, < a,,forall 1 <i <n,
where a,, := max;_;_, n"V?[3a+ (b+8)|m(X,_,)|]]. By (¥y), the above bound

in turn is bounded from above by

@D 22y [ s i@ - @142 [ 0 eE)]
i=1 -

yeR, |x—z|=a,
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Now, by the ET, (2.6) and (F),

nY2Y Y =0t Y (20 + 8]m(X_q, 6)ll) = Op(1)
i=1 i=1

and

n Yy [ Fx,() ()
i=1 e

2 [ B, () u(d)+5 [ Eln(Xo)lFx,(v) (dy).

Observe that, by (2.6), the functions g ;(y) := E||m(X0)||ij0(y), Jj=0,1,
y € R, are Lebesgue integrable on R. By (F), they are also uniformly contin-
uous and hence bounded on R so that ffooo q;j(y)¥(dy) < oo for j =0,1. We
thus obtain that the bound in (4.7) converges in probability to

da [ a)w(d)+20 [ qu() by,

which can be made less than 6 by the choice of «. This together with (4.4)
applied with ¢ = 0 and the compactness of .#; proves (4.5).
Next, by (1.1) and Fubini’s theorem, we have

Y2 (X, ) I(X_y < x)
=1

=n1/? Z[Mn(xpp ) — mn (X1, 0)] I(X; 4 <x)
i=1

Y (X =0 [ [Fx (34 ()~ Fx, (0] W)
i=1 I

=Y AT 0 Xy =) [ f () () + 0u(D)

=1
= —EnT(Xo, 00) I(Xo =) [ Fx,(3) () + 05(D),

uniformly in x € R and ¢ € .#;. In the above, the last equality follows from
(4.1) while the one before that follows from the assumptions (A2), (¥,) and
(F). This together with (4.5), (4.6) and the assumption (Al) proves (2.7) and
hence the part (b) of Theorem 2.2. O

PRrROOF OF THEOREM 2.3. Details will be given for part (a) only, being simi-

lar to part (b). We shall first prove (2.12). From the definitions of T', we obtain
that

@8) TVE 0=V, @- [ i) a )| [ aw Vi an|e@,
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(49) TV, () =V, .0 - [ xoo mT(y) A~ y)[ /y ~ () Vn(dt)} G(dy).

As before, set A, := n'/2(6,, — 6,). From (2.7) we obtain, uniformly in x € R,
(4.10) V,lwl(x) =V, ,(x)— yvT(x)A, + op(1).

Recall ¢, ; ;== X; —m(X; 1, 0,), 1 <i < n. Then the two integrals in (4.8) and
(4.9) differ by

[ T() A7) D, (3)G(d),

where

n

D, (y):=n""2Y m(X; 1) [b(e;) — (e, DI(X; 1 > y).
i-1

This process is similar to the process R, as studied in the proof of Theorem
2.2(a). Decompose D,, as

Do(y) = n 23 (X, ) [W(es) — W(en.i) — (51 — o0 DH(ENT(Xi = )
i=1
FnVEY (X ) X1, 0,) — m(X )
(4.11) = - .
-m (X;_1)(0, — 90)] P(e)I(X;,_1>y)

FnV2Y (X, )T (X ) FE)I(X s = 3) (6, — 6,)
i=1

=Dy1(¥) + Dya(y) + Dy3(¥) A, say.

Apply Lemma 4.1, with r = m and the triangle inequality to readily obtain

sup || D1 (¥)l| = op(1).
yeR
This fact together with (2.17) yields

(4.12) sup

x=<x(

[T (3) A7(3) Da(5) Gldy)| = 0p(D)

Recall B,, from the proof of Lemma 4.1. Then, on B,,

(4.13) sup IDpo()l < an™ 37 Im(X; 1) [d(e;)| = O(a) as.,
ye i=1



MODEL CHECKS FOR AUTOREGRESSION 231

by the ET. Arbitrariness of @ and (2.17) yield

(4.14) sup

x=<xg

[T (5) A7) Dyal(3) G(dy)| = 0x(D)

Now consider the third term. We have
Ds(y)=n"tY m(X; ) mT(X, ) () (X1 = y).
i=1

An application of (4.1) together with (2.8) yields that sup,cg ||D,3(y) —
vA(y)| — 0, a.s. This together with the fact |A,| = Op(1) entails that

(4.15) sup

x<xq

= op(1).

[/_; m"(y) A" (y) Dys(y) G(dy) — ‘yVT(x):| A,

The proof of the claim (2.12) is complete upon combining (4.12)—(4.15) with
(4.8)—(4.10).

Next, we turn to the proof of (2.13). In view of (2.12), it suffices to prove
TV, 4 = TV,. To this effect, note that for each real x, TV, ,(x) is a mean
zero square integrable martingale. The convergence of the finite-dimensional
distributions thus follows from the martingale CLT.

To verify the tightness, because V, ,, is tight and has a continuous limit by
Theorem 2.1, it suffices to prove the same for the second term in (4.9). To that
effect, let

L(x):= /xoo 1mT A dG,  x <=z,

Note that L is nondecreasing, continuous and L(x,) < oo [see (2.17)]. Now,
rewrite the relevant term as

Ky =2 Y (o) [ () A )m(X)IK 2 ) Gldy).

=1

Because the summands are martingale differences and because of (2.8) with
0-3, =1, we obtain, with the help of Fubini’s theorem, that for x < y,

E[K,(y) ~ K () = [ [* m(s) A7X(s) A(s v £) A~ (0) m(t) G(dt) G(d).

By (2.6), | Al := sup,cz |A(x)] < [, |2 dG < co. We thus obtain that

y 2
E[K,(y) = K, (0)F < [All [/x ™ A7 dG} = [Allo[L(y) = L(x)]%.

This then yields the tightness of the second term in (4.9) in a standard fashion
and also completes the proof of Theorem 2.3(a). O

For the proof of Theorem 2.4 the following lemma will be crucial.
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LEMMA 4.2. Let % be a relatively compact subset of D[—o0, x4]. Let L, L,
be a sequence of random distribution functions on R such that

sup |L,(¢) — L(t)] > 0 a.s.

t<xg

Then

sup i t a(x)[L,(dx) — L(dx)]i = op(1).

t<xy, €|’ —00

This lemma is an extension of Lemma 3.1 of Chang (1990) to the dependent
setup, where the strong law of large numbers is replaced by the ET. Its proofis
similar and uses the fact that the uniform convergence over compact families
of functions follows from the uniform convergence over intervals.

In the following proofs, the above lemma is used with L, = G, and L = G
and more generally, with L, and L given by the relations dL, = hdG,, dL =
hdG, where h is an G-integrable function. As to the choice of %, let {«, } be a
sequence of stochastic processes which are uniformly tight; that is, for a given
8 > 0 there exists a compact set % such that «, € % with probability at least
1 — 6. Apply Lemma 4.2 with this % and observe that «, ¢ %, with small
probability to finally get uniformly in ¢,

‘/ﬂmancxnzm(dx)—-L(dxn = 0x(1).

As will be seen below, these types of integrals appear in the expansion of
T,V)

PROOF OF THEOREM 2.4. Again, the details below are given for part
(a) only, and for convenience we do not exhibit 6, in m, m, K; and
m. First, note that the stationarity of the process and (2.6) imply that
n~Y2max; |m(X,;_1)| = op(1). Recall A, = n'/2(9,, — 6,). Then by (2.14) and
the ET, on an event with probability tending to one and for a given & > 0,

nEY (X ) (X, 0,) — m(X, )|
i—1
<n'? max 72 (oe; 1) 1A,

X {6 nt i Kl(Xifl) + nt i ”m(le)”}

=1 =1
== Op(l).

Similarly, one obtains

S (K. 6,) — (X )| = 0s(1).
i=1
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These bounds in turn, together with (4.1), imply that

sup [|A,(y) — A(y)| < 2n7" Xn: I ( XD (X 15 6,) = m(X; 1)

yeR i=1

+n Y (X, 6,) — (X )]
i—1

e sup| Y (X, ) (X DK 12 9) = A)
ye i=1
= 0]11)(1).
Consequently, we have
(4.16) sup AN (y) — A7 ()] = ox(D).
Y=Xp

Next, we shall prove (2.15). For the sake of brevity, write V1, V, for V,ll’ o
V.. s> respectively. Let

Uhy)i= [ it 0,)Vi(dD),  U,(y)i=[ m()V,(de).
y y
Then we have
T, Vi(x) = Vi) — [ (5, 0,) A, () UL(3) Gy,
so that from (4.9) and (4.10) we obtain, uniformly in x € R,
TnVrlz(x) - TVn(x) = _YVT(x) An + OIP’(l)

n [" m”(y) A7 (y) U, (y) G(dy)
(4.17) .

— [ (5, 0,) A7) Un(y) Go(dy)
= —yv (%) A, + 0p(1) + Byy(x) — Byo(x)  say.
We shall shortly show that
(4.18) sup [[UA (%) — U, (x) + 7 A(x) A, || = 0s(1).

x<xq

Apply Lemma 3.1 & times, jth time with Z, ; = m ;(X;_,)¢(e;), where m

is the jth component of m, 1 < j < k. Then under the assumed conditions it
follows that U, is tight. Using (4.16), (4.18), Lemma 4.2 and the assumptions
(2.14), we obtain

B,y(x) = /; mT AU, dG, — y /; T dG A, + op(1),

- / mTAYU, dG — yvT(x) A, + 0s(1),

uniformly in x < x,, which in turn together with (4.17) implies (2.15).
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We shall now prove (4.18). Some of the arguments are similar to the proof
of Lemma 2.1. Again for the sake of brevity, write m,(t), m;(t) for m(X,_q, t),
m(X;_q, t), respectively, with the convention that the dependence on the true
6, will not be exhibited. Also recall the definition of &, ; from the proof of
Lemma 2.1. Now, decompose U as follows:

UL(y) = n "2 Y mi(0,) #(en) I(X, 1 > 3)

i=1

Y iy (0,) [ ) — B(e) — (et — ()X iy = 9)

i=1

a2 i(0,) [mi — my(8,) — T (6 — 0)]9(e0) I(X 1 = 3)
=1

Y (8, T (e I(X iy = WA,
i=1

T2 0 (6,) (e T(X oy = )

=1
= _Tnl(y) - Tn2(y) - Tn3(y) An + Tn4(y) say.

Observe that T',;, T, are, respectively, similar to D,;, D, in the proof of
Lemma 2.1 except the weights m; are now replaced by m,(6, ). We shall first
approximate T',; by D, ;. We obtain, for a given € > 0,

[l77(X ;)] + e Ko (X )] 1A,
1

n
i=

sup IT1(3) = Dpr(9) <07
[ i = 5) = el ds
—h(X;_q1)/n'/?
= op(1).

A similar, but simpler, argument using the assumption (A2) shows that
supyeg [ Tr2(y) — Dyo(y)| = 0p(1). Since D,; and D, tend to zero uniformly
in y, we conclude that

§g£{||Tnl(y)|| T Ta2 (D)} = 0p(1).

Again, using (2.14) and (4.1) we obtain

T,3(y)=n" i mym] y(e) (X, 1 = y)+ op(1) = YA(y) + 0p(1),
i=1

uniformly in y € R. We now turn to 7',,. We shall prove

(4.19) sup
yeR

Toa(y) = Y2 S iy (o) (X, = ”H — 0x(1).

i=1
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To that effect let g,,; := m;(6,) — m,;(0y) — m;(0,)(0,, — ;) and

() :=n""2Y g, ¥(e) [(X; 1> y).
i=1

Clearly, by (2.14), on a large set,

sup IT, ()l < ekn™ 37 K1(X; 1) [¢(e;)| = Op(e).

i=1

But, because of (1.1) and (4.1), sup,.p [n 1 X1y 7i2,(6p) () I(X; 1 = y)| =
op(1).

The claim (4.19) thus follows from these facts and the assumption that
A, = Op(1), in a routine fashion. This also completes the proof of (4.18) and
hence that of the theorem. O
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