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DATA-DRIVEN EFFICIENT ESTIMATORS FOR A PARTIALLY
LINEAR MODEL

BY HUNG CHEN! AND JYH-JEN HORNG SHIAU?

State University of New York, Stony Brook and National Chiao-Tung
University

Chen and Shiau showed that a two-stage spline smoothing method and
the partial regression method lead to efficient estimators for the paramet-
ric component of a partially linear model when the smoothing parameter is
a deterministic sequence tending to zero at an appropriate rate. This paper
is concerned with the large-sample behavior of these estimators when the
smoothing parameter is chosen by the generalized cross validation (GCV)
method or Mallows’ Cy. Under mild conditions, the estimated parametric
component is asymptotically normal with the usual parametric rate of con-
vergence for both spline estimation methods. As a by-product, it is shown
that the “optimal rate” for the smoothing parameter, with respect to ex-
pected average squared error, is the same for the two estimation methods
as it is for ordinary smoothing splines.

1. Introduction. In this paper, we study the asymptotic behavior of the
two efficient estimators for the parametric component of a partially linear
model discussed in Chen and Shiau (1991) when the smoothing parameter is
chosen either by the generalized cross validation (GCV) method proposed by
Craven and Wahba (1979) or by the Mallows Cj, criterion [Mallows (1973)].
As in Chen and Shiau (1991), we consider a semiparametric regression model

1) Yin =%X0B+g(tn) +em, i=1,...,n,

where both the x;, = (xi1,, . ..,%i4,)7 (a d-vector) and ¢;, € [0, 1] are observed
design variables, 8 = (83;,...,0)T is a vector of unknown regression coeffi-
cients, g is a smooth function to be estimated and the {e;,} are independent
and identically distributed errors when mean zero and variance o2.

Several estimation methods for model (1) have been proposed in the lit-
erature. See Chen and Shiau (1991) and the references cited therein. Chen
and Shiau (1991) discussed the asymptotic behavior of the following three
estimators.

(i) The partial spline estimator [proposed by Engle, Granger, Rice and Weiss
(1986), Wahba (1984, 1986) and Shiau, Wahba and Johnson (1986), among
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212 H. CHEN AND J.-J. H. SHIAU

others] is the solution to the following variational problem:

@ o — <58 ~g )"+ [ B d,

BGR" gewpr n Z

where W3' is the Sobolev space {f|f has m—1 absolutely continuous derivatives
and f™ € L,[0, 1]} and ) is the smoothing parameter controlling the tradeoff
between fidelity to data and roughness of the solution. It is known that the
partial spline estimators for B and g = (g(t1,), . ..,8(t:.))T are

3  By=(XT(I-8\)X)"'XT(I-S,\)y and g =S\(y-XB,),

where X = (x;,,) is the n x d design matrix for the parametric component of (1),
¥ =1, -.,¥nn)7 and Sy is the smoother matrix for ordinary spline smoothing
[i.e., when 8 =0 in (2)].

(ii) The partial regression estimator was proposed independently by Denby
(1986) and Speckman (1988). Motivated by the partial regression scheme in
linear regression, the partial regression estimator is obtained by first smooth-
ing X and y, respectively, by the smoother matrix S, and then regressing the
residuals of y on the residuals of X. Specifically, we have the partial regression
estimator defined by

@) Bu=XTI-8\)2X)"'XT(I-S\)%y and g =8S\(y-XBy,).

(iii) The two-stage spline smoothing estimator was recently proposed by
Chen and Shiau (1991). For simplicity, we shall discuss a simplified version
of the estimator when the same smoothing parameter is used in both stages
of smoothing, namely,

ﬁo,\ = (XT(I - Sz\)sx)_IXT(I - SA)2Y»
8or =Sa(y — XBoy) — (I - 52)8:XBox-

The basic idea behind this estimator is to modify the partial spline method
so that roughness of the parametric component is penalized as well as that of
the nonparametric component. Thus we first smooth X to obtain the residuals
(I — S»)X for the purpose of extracting the smooth part from the parametric
component, and then we apply the partial spline technique to smooth y over
(I — 8,)X. This two-stage smoothing gives (5).

In general, the smoother matrix S, in (3), (4) and (5) can be replaced by
any commonly used smoother matrix. Of course, estimators obtained by dif-
ferent smoothers may behave differently. See Chen and Shiau (1991) for some
remarks. In this paper, we only study the case that S, is the smoothing spline
smoother.

To use these three methods to estimate 3 and g in practice, it is necessary
to specify a value of the smoothing parameter ). In the context of nonpara-
metric regression, it is well known that the choice of ) is very crucial to the
solution. A popular data-driven method of choosing ) is the generalized cross

(6)
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DATA-DRIVEN ESTIMATORS 213

validation (GCV) method (to be described in Section 2). Numerically, the GCV
method has been proven to be a good method. Speckman (1981) and Li (1986)
gave some nice theoretical results on the GCV method. However, the use of the
GCV method for determining the value of X in (3), (4) or (5) has not yet been
thoroughly examined. To our knowledge the only relevant reference is Speck-
man (1988), who gave a weak GCV theorem as in Craven and Wahba (1979)
for the partial regression estimator (4) in the context of kernel smoothing.

There have been some studies on the asymptotic behavior of the preced-
ing three estimators, when ) is a deterministic quantity depending on n, in
the setting that x;., = h,(¢;,) + z;r,, where the h,’s are smooth functions and
{(Zi1n, - - - ,2idn)}1<i<n are independent and identically distributed error vectors
with zero mean and positive definite covariance matrix. For the partial spline
estimator with spline smoothing, Rice (1986) pointed out that 8 y» — B can
achieve the usual parametric rate of convergence as in parametric regression,
namely, O(n~1/2), only at the expense of undersmoothing the nonparametric
component g. Thus Rice (1986) concluded that the use of the GCV method for
choosing A is questionable in this case.

On the other hand, Speckman (1988), for the partial regression estimator
with kernel smoothing, and Chen and Shiau (1991), for the two-stage spline
smoothing estimator as well as the partial regression estimator with spline
smoothing, showed that the negative result reported in Rice (1986) disappears.
More specifically, by choosing an appropriate rate for A, the convergence rate of
Box—B or By, — B reaches the parametric rate O(n~1/2) while g, or g, can still
estimate g = (g(t1,),...,8(t:n))T with the same optimal convergence rate as
that of the ordinary nonparametric regression estimator, which is achievable
by the GCV estimator of A. Basically, Chen and Shiau (1991) demonstrated
that the goal of obtaining an estimate for the regression surface g(-) with an
“optimal” nonparametric convergence rate does not conflict with the goal of
obtaining an estimate for the parametric component 3 with the parametric
convergence rate. Since “optimal” estimates of the regression surface can be
obtained by the method of GCV for the nonparametric regression context,
we expect that the parametric convergence rate can be achieved for some
estimators of 3, such as (4) and (5), for the semiparametric model (1). The
following conjecture is hence reasonably made by Speckman (1988) for kernel
smoothing and Chen and Shiau (1991) for spline smoothing.

CONJECTURE. The GCV method can be used to choose the value of X in (4)
or (5) such that By, or By can still estimate B with n='/2 rate.

The main objective of this paper is to prove this conjecture when S, is the
smoother matrix for ordinary spline smoothing. We also prove that the same
result holds if A is chosen by the criterion of Mallows’ C;. We remark that
although the problem of determining smoothing parameters for nonparametric
regression based on data only is studied extensively in the literature [see Li
(1986) and references therein], those results are not applicable in general to
the problem posed in this article. A further remark on this is given in Section 2.
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214 H. CHEN AND J.-J. H. SHIAU

The main results are summarized in Theorems 1 and 2 (Section 2), in which
the asymptotic distributions of 8,y — 3 and B,, — B are derived when the
smoothing parameter is determined by either the (restricted) GCV method
or (restricted) Mallows’ Cy,. Descriptions of these two methods are given in
Section 2. Most of the proofs are given in the remaining sections.

As a by-product of proving Theorems 1 and 2, it is shown in Propositions
1(b) and 3(b) that the “optimal rate” for the smoothing parameter, with respect
to expected average squared error, is the same for the two estimation methods
as it is for ordinary smoothing splines.

As suggested by a referee, we also have looked into the situation studied by
Heckman (1986). When A, = constant, Heckman (1986) established asymp-
totic normality for the partial spline estimator of 3 and showed that its bias is
asymptotically negligible. According to the preceding discussion, it is expected
that the GCV method can be used to choose the value of ) in (3) such that
B, can still estimate 3 with n~'/2 rate under the setting of Heckman (1986).
This conjecture is also confirmed for a more general case where the &,’s are
polynomial of degree less than m, and the result is presented as Theorem 3
in Section 2.

2. Data-driven methods and main results. In this section we describe
the (restricted) GCV method and (restricted) Mallows’ Cy, for determining the
value of )\ in (4) and (5) and present the main results of this paper. We first
introduce some notation. Write

XBos +80r =[S+ (1~ )XW - 8,)°%) X (1 8,7y = Aoy,
XBus 480 = (53 + ([~ SOXTW - $,2) X7 (1- 827y =Aww,

where Ay, and A;, are so-called hat matrices or influence matrices. Let Xoc;
be the minimizer of the generalized cross validation function (GCV function)

2

n |- 4015

[n=1tr(I — Apy)]2

over \ € [A;, Ag] where A\; = n=% log™ n with 6; = 2m/5, and Ay = n~% for any 6,

satisfying 0 < 6; < 2m/(4m+1). Also I —Apy|? = yTU - Apy)TT - Agy)y, the
residual sum of squares. Similarly, let Aoc denote the minimizer of Mallows’ Cy,

Vo(A) =

Co()) = n‘IH(I —Ao,\)y”2 +2n"1o% tr Aoy

over A € [A1, A2], where o? is assumed known. For the partial regression
method, /\10, Vi), )\IC and Cy;()) are defined accordingly for A;,y.

It is known that there exists a common orthonormal basis for all S, (with
A being the running index), for example, a Demmler-Reinsch basis [Demmler
and Reinsch (1975)]. In other words, all S, can be diagonalized simultane-
ously by this basis. Further details of this basis are given in Section 3. Unfor-
tunately, it is not clear whether there exists such a common orthonormal basis
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for all Agy, or A,) in general. Although both the GCV method and Mallows’ Cy,
have been studied in the context of nonparametric regression when S), is the
smoother matrix for smoothing splines, these results are not applicable to our
problem since the arguments used to prove these results depend strongly on
the existence of a common orthonormal basis for all S,.

Throughout the rest of the paper, we assume that {x;,} is a random sample
from x, where x = (xy, ...,%)T, x; = h(t)+2,, for 1 <r < d,t € [0,1] and the A,’s
are smooth functions. Set g¢ = 2‘,’=1 Brhr+g. We also assume that the following
conditions hold.

(Al) Ez, =0, Var((zy,...,24)) = £ = (0,5) and Ez# < o0, for 1 < r < d, where
¥ is a d x d positive definite matrix.

(A2) [ (g™@®)?dt=~>0andm>2.

(A3) The points ¢;, are generated by (2i — 1)/2n = é"" p@)dt for some den-
sity function p(¢) on [0, 1].

(A4) The errors ey,, ...,e,, are i.i.d. having a distribution independent of
n and ¢, and Ee}, < oo, fori=1,2,...,n.

(A5) g,hy,g0 € F = {f:f € Wg"[0,1], f®(0) =fP1) =0, m <k < 2m - 1}
for1<r<d.

Under (A3), we can find the magnitude of trSf\ forl=1,2,... over [\, \o]
based on Lemma 5.1 of Speckman (1981). This result is summarized in Lemma
2(c). Under (A5), functions in F are the so-called very smooth functions defined
in Wahba (1977). When A2 also holds, it follows from Speckman [(1981), (3.2)
and Lemma 3.1] that an exact bound can be obtained for gg(I —S,)go, where
g0 = (go(t1n), . . . ,80(tnn))T. This bound is given in Lemma 2(b) in Section 3.

We now discuss the assumption (A5), which states that gy and &, must sat-
isfy boundary conditions on some high derivatives. (A5) is considered because
it and (A2) give an explicit asymptotic expression for the expectation of the av-
eraged squared error loss. Then this expression can be used to determine the
asymptotic behavior of )\ determined by either the GCV method or Mallows’
CL. Using the bias reduction approach developed by Eubank and Speckman
(1991), go and k, can be modified (by construction) to satisfy the boundary
conditions specified in (A5). It is then conjectured that a result similar to that
of this paper without (A5) will still hold as long as an explicit asymptotic ex-
pression for the expectation of the averaged squared error loss exists after the
boundary adjustment. However, no proof is available now.

The asymptotic distribution of 3y; and 3,5 are summarized in Theorems
1 and 2, respectively, when the value of )\ is determined by either the GCV
method or Mallows’ C;..

THEOREM 1. Under (A1)<(AB), \/n(B,5 — B) converges in distribution to
N(0,02571) for X = Aog OF Moc-

THEOREM 2. Under (A1)—<(A5), \/ﬁ(ﬁl;\ — ) converges in distribution to
N(0,02371Y) for A = A\ig or M.
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216 H. CHEN AND J.-J. H. SHIAU

Now we describe the (restricted) GCV method and (restricted) Mallows’
C., for determining the value of A in (3) under the assumption that A,’s are
polynomial of degree less than m [i.e., A/™(¢) = 0]. The results are summarized
in Theorem 3. First write

XBy +8 = [Sx+ (I - S)X(XT(I - 8,)X)"XT(I - 8,)]y = Ayy.

Let Ag and A¢ be the minimizer of the corresponding GCV function and Mal-
lows’ Cy, respectively, over A € [, Azl

THEOREM 3. Under (A1)~(A5) and h™(@®) = 0, for 1 < r < d, v/n(B;, — B)
converges in distribution to N(0,02X~1), for A = Ag or Ac.

Let Ly,()\) denote the averaged squared error loss over design points, that
is, n71||Agry — X8 — g||?, and Mg denote the value of A that minimizes the
risk Ro,(A\) = ELg,(\) over [\, \2]. Note that here the expectation is taken
with respect to e only, that is, conditioned on (x,¢). We will prove Theorem
1 via the following three steps. Since the GCV method or Mallows’ Cy, at-
tempts to provide a data-based estimate of \gg, we first try to locate A\gg. Let
Ag = [A,n~%], where 6; > 2m/(4m + 1) > 65 > 6, > 1. Note that A is con-
tained in [A;, A2]. We show in Proposition 1 that A\jz € Ag. Next, we show in
Proposition 2 that the choice of A based on either the GCV method or Mal-
lows’ Cy, does fall in Ao in probability. Finally, we show that /n(8,5 — 8) is
asymptotically normal.

Set h, = (h.(t1), ..., A2, for 1 <r <d, and

-1

=7 [/Olpm"‘(v) dv} /ooo(1+v2’")’ldv.

The proofs of the following two propositions are given in Section 4.

PROPOSITION 1. Under (A1)~(A5) and X € [\, 3], when n tends to infinity,
we have (a) Ro,(\) = A2 + n~I\"1/2m gnd (b) Agg ~ n—2m/@m+D),

Here the symbol a(n) ~ b(n) means that a(n)/b(n) is bounded away from
zero and infinity. Note that Aoz € Ag is an immediate result of (b).

_ PROPOSITION 2.  Under (A1(A5) and X € [\, Ag], lim, PQX € Ag) = 1, for
A= Agg or Agc.

To prove Theorem 1, we use the following technical lemma to pave the
way. Set Ag(\) = n7IXT(I - 8,)3X, A;(N) = n71XT(U — S5)2X, Z = (2jyn)nxq and
H-= (hr(tin))nxd-

LEMMA 1. Assume that (A1)+(A5) hold and that g,h, € F, for 1 <r <d.
Then the following hold uniformly over all ) € [\, \2]:
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(a) Ap(N) = (I +0p(1));
(b) A1 (V) = Z(I +0p(1));

and the following hold uniformly over all )\ € Ay:

(©) n=12XT(I - 8,)°8,X = 0p(1);
(d) n~Y2XT(I - S,)%g = 0p(1);

(e) n~Y2HT(I — S,)%e = 0p(1);

() n~Y2ZTS e = 0p(1), for 1 = 1,2;
(g) n~Y2Z7(I - S})g = 0p(1).

The proof of Lemma 1 is given at the end of Section 3. Note that the notation
0p(1) used in this paper denotes either the usual convention or a d xd (ord x 1)
matrix such that the magnitude of each element is 0,(1).

Now the proof of Theorem 1 becomes fairly simple.

PROOF OF THEOREM 1. Rewrite
Ay(N)nY2(Bys — B) =n~2Ze + Rem(}),
where
Rem()\) = n~YV2{XT(I - 8,)2(S»XB +g) + HT(I - S»)%e + ZT[(I - S»)? — I]e}.
It follows from Lemma 1(c)f) that sup,c5, |Rem(})| = 0,(1). Although any

realization of ) is in [A1, A2], which is a wider interval than Ag, by noting that,
for any ¢ > 0,

P (lRem(X)' > c) <P(AgAo)+P ([Rem(i)l >cand X e Ao)
<P(AgAg)+P (sup [Rem(}\)| > c) ,
AeA,

we can conclude that Rem(}) = 0p(1) by Proposition 2.
By Lemma 1(a), sup,¢py, 5, o()) — Z| = 0p(1). Since

A(X) =B < sup |Ao(A) - B =0,(1),
A€[A, A2l

we have Aj()) — T in probability. It is shown in Chen and Shiau (1991)
that n=1/2ZTe — N(0,02%) in distribution. We then conclude v/n(By5 — 8) —
N(0,02%2~1) by the above argument and Slutsky’s theorem. O

We now turn to the partial regression estimator (4). Observe that

A (N)nY2(Byy — B) =n~V2ZTe + n~V2XT(I - 8,)%g + n~V2HT (I - 8,)%e
+nY2ZT[(I - 8))% - I]e.
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Similarly, the proof of Theorem 2 can be performed via the following two
propositions and Lemma 1(b)(f).

Let the loss function Ly,(\) = n~1||A;,y — X8 — g]|?, and let \;z denote the
value of the smoothing parameter that minimizes the risk R;,()\) = EL,(})
over \ € [)\1,)\2].

PROPOSITION 3. Under (A1)~(A5) and ) € [\, A2], when n tends to infinity,
we have (a) R1,(\) = A2 + n=I\"1/2m qnd (b) Mg ~ n—2m/(4m+D),

_ PROPOSITION 4. Under (A1)~(A5) and X € [A1, Xg), lim, PQX € Ag) = 1 for
A= AIG or /\10.

We now turn to the partial spline estimator (3) when A{™(¢) = 0.

PROOF OF THEOREM 3. Set A3(\) = n~XT(I — S))X. Rewrite
A;(N)n'2(Bs — B) =n~Y/?ZTe + Rem(}),
where
Rem(\) =n~Y2{Z"(I - S,\)g+H"(I - S))(e +g) — Z"S)e}.

Note that HT(I — S))(e +g) = 0 because the 4,’s are polynomials of degree less
than m and S, is the smoother matrix for ordinary spline smoothing. Using
the same proof to show Lemma 1(a), we have sup,¢(y,, 5,1 42(3) — Z| = 0,(1).
It follows from Lemma 1(f) and (g) that sup,., |[Rem(})| = 0p(1). We then

conclude /(85 — B) — N(0,025 1) by the above discussion and the argument
used in proving Theorem 1. D

3. Technical lemmas. In this section we state two more technical lem-
mas and summarize some properties of smoothing splines that are needed in
the sequel. Lemma 1 is proved as an immediate result of these lemmas.

It is well known that smoothing splines are in the space of natural polyno-
mial splines of order 2m on [0, 1] with knot set {t;,}} ;. According to Demmler
and Reinsch (1975), a basis for natural splines is {¢,(t)}1<j<» With the follow-
ing biorthogonality property:

n 1
% Z ¢jn (tin)¢kn (tin) = 6jk, /0 ¢;,T)(t)¢2’:)(t) dt = ’\kné:ib

i=1
Here {M\,} is a nondecreasing sequence of nonnegative numbers, and the
eigenvalues of S are (1 + A\,)~! for 1 < k < n. Hence, S, is a nonnegative
definite matrix and has the eigenvalue decomposition I'”D,T', where D, is
a diagonal n x n matrix with k-th diagonal value (1 + A\;,A)~! and T is an
orthogonal n x n matrix with the ij-th element n~1/ 2¢in(tjn). Therefore, (I —
S,)'S% = 84 (I — S, )* for any positive integers / and k.
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Let
B}, =n-'g"(I-S,)%, B%,=n"h7(I-S,)h,
and B} =n~1g](I-S,)g.

Note that B%p is the averaged squared bias of the ordinary smoothing spline

estimate of g. A similar interpretation is applicable to BZ, and BZ .
The following lemma is due to Speckman [(1981), Lemma 3.1, (3.2) and
Theorem 2.4].

LEMMA 2. Suppose that (A3) holds. When A € [A,X2] and m > 2,
(a) ng = 002) if go € F, (b) ng = v22(1 + o(1)) if go € F and (A2) holds,

and (c) tr 8, = Tp(1 + Mn ) ~F = e A~Y2™(1 + 0(1)) for positive integer L.

Thus Lemma 2(a) also implies that B, = O(\?) and B3 o= 0(\?),ifg,h, € F.
Lemma 3 summarizes the convergence rates for some terms to be used later
in the proofs of Lemma 1 and Propositions 1-4. Let x;., = h.(¢;,) + zi, and
Zr = Zimy - Znm) -

LEMMA 3. Assume that (A1)<(A4) hold and that h,,f,f1,fc € F,for 1 <r
< d. Let a, ag and a, be constants satisfying 1 < a < 1/ap < 5 and a < a;.
Then, for any finite positive integer 1, the following statements hold uniformly
overall A € [M\, ]and 1 <r,s<d:
(a) 27842, = ;o A 7Y/2™ 4 0, (A~1/4ma0)
(b) eTSie =%\~ (1+0,(1));
(¢) n~YV2€T(I - S, )'e = 0,(A\/*1) = 0,(1), where £= (f(t1),-..,f (tan))T;
(d) n~YV4T(I - 8,)'z, = 0,(AV/%) = 0,(1);
(e) n~YHT(I - S))Hz = O(N\?), where f; = (fi(t1n), - - -, fi(tan))T,
i=1,2andl>2;
(B n~'xF(I - 8))%zs = 0rs +0,(1);
(@) n1xT(I - S»)"%s = 0ps +0,(1), for 1 > 2;
(h) n=Y/2xT(I — S,)2S,x; = 0p(1) + O(n'/2)2);
(i) zI'S\e=o, (A~1/4mao);
G) n~'zT(I-8,)'e=0,(n"12);
(k) x7(I-S))3x; — x* (I - S»)?zs
= —(c1 — 23 +¢3)ar A7V 4 g, (A~V/4ma0) 4 O, (n1/2AVar)
+h?(I - 8,)%h,;
M) xT(I-8,)%%, —x7(I-S))*x,
= (c1 — 8cg + 8c3 — €4)Trs A~ V2™ 4 0y (ATV/4me0) 4 O, (/2N V1)
+ hT(I - S)‘)3S,\hs.

Lemma 3 immediately gives the results of Lemma 1 as shown below. The
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nontrivial proof of Lemma 3 is deferred to Section 6.

PROOF OF LEMMA 1. First note that A\~1/4m% = o(n=1/2), for all X € [A\1, A2]
since 1/ag < 5. It is easy to see that (a) and (b) hold by Lemma 3(g). Note that
)2 = o(n=1/2), for all A € Ag. Then it is easy to see that (c) holds by Lemma
3(h); (d) holds by Lemma 3(d) and 3(e); (e) holds by Lemma 3(c); (f) holds by
Lemma 3(i); (g) holds by Lemma 3(d). O

4. Proof for two-stage spline smoothing estimate. We prove Proposi-
tions 1 and 2 for the two-stage spline smoothing estimates in this section. The
following technical lemma summarizes the convergence rates for some terms
to be used in the proofs. The proof of the lemma is deferred to Section 7.

LEMMA 4. Assume that (A1)~(A4) hold and that g,h, € F,for1<r<d. We
further assume that the constants a,ay and a, specified in Lemma 3 satisfy the
further constraint that 4m/(4m — 1) > a; > a and ag > % Then the following
statements hold uniformly over all X € [\, Ma]:

(@) Rl trAg, = cin ATV (14.05(1));
(b) n~1trA3, =con A"V (140,(1));
(©) n='gl (I - Aox)%g0 = 12%(1+0,(1));
d) n=287Z7(1 —AOA)zzﬁ

TSN N

+ (c2 — 2c3 +¢4)BTSBn"IA-1/27 | (1 40,(1));

(@ [n'gl (I - Aox)%] = 0, (Ron()));
® [n"}(ZB)(I - Aox)%e = 05 (Ron (1) );
(® |n~YeT (240, — A2, )e — 0?(2trAgy — trA2,)| = 0p(Ron(N)).

PROOF OF PROPOSITION 1. Write Ag\y — X3 —g =(Apy — DXB +g) +Age.
Hence

Rpu(A) =n"'(XB+8)"(I - Aoy )?(XB +g) +no? trAd,.
Note that X3+ g =Z0 + g;. Then

Ro,(M)= { [c20? + (o — 2c3 +¢4)BTEBIn~IA~1/2m 4 )2

ot (S ) a-s¢ (o) favom),

(6)

by Lemma 4(b)—(d).
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Note that n~Y(%,5h)TU — SA*T.6h,) > 0 and its order is O(\%), by
Lemma 3(e) and that the eigenvalues of S, are between 0 and 1. Also,
(cg — 2¢3 + c4)BTEB > 0, by the fact that ca — 2c3 + ¢4 > 0 and ¥ is posi-
tive definite. Hence, Proposition 1(a) holds by (6), and Proposition 1(b) follows
easily from Proposition 1(a). O

PROOF OF PROPOSITION 2. Recall that Co(\)=n"1||(I-A¢y)y||?+2n~1o%trA,,
which can be written as

Co(A) =n~'eTe +Ro,()\) + 2n2(ZB + go)T(I — Aoy )?e
@) +n7 1 {0?(2tr Agy) — tr AZ)) — eT(24¢) — A, )e}
=n"teTe + Ro,()) +0,(Ron(})),
by Lemma 4(e)~(g).
Recall that the GCV function Vy(\) = n~ | — Agy)y||?[n~! tr( — Apy)]72.

Write Aoy = S» + Boy, where By = n=1(I — S,2XA;'(\XT(I — S»)2. It follows
from Lemmas 1(a) and 3(g) that

trBoy = tr (A; 1 (\)n X7 (I - 8,)*X) = tr(Iaxq +0,(1)) = 0p(1).
Also Lemma 2(c) gives that tr Sy = O(\~1/2™), We then have

[n71tr(I - Aoy)] 2 ol+2n? trAgy +o(n~1tr Agy).
Observe that

n (I - Ao )Y)I2 =Ron(A) +2n71(ZB + g0)T(I — Aoy )%e +n'eTe
—n7! [eT(240) — A2, )e — 0?(2trAoy — trAd))]
—20%n"tr Ag,.
The fourth term on the right-hand side is equal to 0,(Ro,())), by Lemma
4(g). The second term is also of the order 0,(R¢,())), by Lemma 4(e) and (f).
We thus get
Vo(X) = [n72eTe + Ros () +0,(Ron (X)) — 20201 tr Agy]
x [1+2n~1tr Aoy +o(n~1tr Agy)]
=n"'eTe + Ros(A) +0p(Ron (1)) +2(n~ 1 tr Agy) (n~'eTe — 0?)
=n"teTe + Ry,()) +0,(Ron(})),

(8)

by Lemma 4(a), Proposition 1(a) and the law of large numbers. From (7) and
(8), we have

Cor(X) — Cor(Xor) = Ron(X) — Ron(Aor) + 0p(Ron (1))

and

Vo(2) = Vo(Ar) = Ron(X) — Ron(Mor) + 05 (Ron (X)),
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respectively. When Rg,()\)/Ro,(Ar) — o0, it fo[l\ows easily that Cor(\) >
Cor(Aor) and V(X) > Vi(Agg) in probability. Since ) is the minimizer of Coz(})
or Vo()), this implies that Ro,(\)/Ron(Aog) — 1 in probability. Let {6,} be
any sequence that tends to infinity. Note that Ro,(A\r6n)/Ron(Aor) — oo and
Ro,(Xor/6s)/Ron(Aor) — oo by Proposition 1(a). Hence, Ron(A)/Ron(Xor) — 00
for any A > A\ogb, or A < A\gg/6,. Since Ry, (\)/Ry,(Aor) cannot go to infinity,
we have that '

lim P(Mor/6n <X < Aorby) = 1.

Since {6,} is any sequence that tends to infinity, X cannot be too far away
from Mg in probability. Thus lim, P(A € Ag)=1. O

5. Proof for the partial regression estimate. First, we state a techni-
cal lemma that summarizes the convergence rates for some terms to be used

in the proofs of Propositions 3 and 4. We defer the proof of this lemma to
Section 7.

LEMMA 5. Assume that (A1)-(A4) hold and thatg,h, € F,for1 <r<d. We
further assume that the constants a, ag and a, specified in Lemma 3 satisfy the
further constraint that 4m/(4m — 1) > a; > a and ay > % Then the following
statements hold uniformly over all A € [\, A2l:

(a) n'lgoT(I —A)TU - Ap)go = VAL +0p(L));

n~1B7ZT (I - Ap) ' - AZB
T
=n-1 [(Zﬂrh,) (I - 8y (Zﬂrhr) +op(A‘l/2"')]<1 +0p(1);

© |n~*XB+gTd —An)TU - An)e| = 0p(R1,(N).

(b)

PROOF OF PROPOSITION 3. Simple algebra leads to
Ri,(\) =n"Y(XB+g)T(I-An)T(I-A1)(XB+g) +n~10? tr AT A,

Set Ajy = Sy + By, where By = n}(I — S))XAT(\XT(I - S»)%. By Lemmas
1(b), 3(g) and 2(c), we have

tr BT, By, = trA7' () [n X7 (I - 8,)2X]|AT(A) [n71XT(I - S,)*X]

©
= Op(l)
and
a0 STBL=tr AT {n‘lXT [(T-8x)F - (I- sgﬂx} = 0,(1),

tr 82 =cpA"1/2m(1+0(1)).
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Hence,
(11) n~ltr AT A = con A7V (14.0,(1)).
Then since X8 + g = Z3 + gy, we have

Ri,(A) = [cza2n‘1/\‘1/2"' +y\2

+n-t ( z,: g,h,)T(I -8,)? ( zr: ﬂrhr>] (140,(1)),

by Lemmas 5(a), 5(b) and (11).
Note that n=4(Z,6h)T I — 8»)?(%,6:h;) > 0 and its order is O()\?) by
Lemma 3(e). Hence, (a) holds; (b) follows easily from (a). O

(12)

PROOF OF PROPOSITION 4. We first observe that tr By, = O,(1) by Lemmas
1(b) and 3(g). Then, by Lemma 5(c), it remains to show that

(13) nYo? tr AT\Ap, — €T (A1 +AL, AT Ajy)e| =o(R1: (1)),
(14) n7'o?(2tr Ay — tr AT\Ap) — €T (A1 +AT, —AT\Aj))e| =o(R1, (V)
hold uniformly over all A € [\, Az], so that

Ci(A) = n"'eTe + Ri, () +0,(R1. (1)),

Viz(A) = n~teTe + Rin(A) +0,(Rin ().

Then, by applying the same argument employed in Proposition 2, we have
Proposition 4.
It follows from Lemmas 1(b), 3(c), 3(j) and 3(g) that

15) n~le’Bye=[n"1el(I-8,)(Z +H)JA['(\)[n~Y(Z + H)T(I - S»)2e]
=0p(R1n(3)),
n~'e’B1\Sie=[n"1eT(I - 8,)%(Z+H)]A{())
(16) x {n"Y(Z +H)T[(I - 85) - (I - S»)%e}
=0(R1(})),

n~1e"BI\Bie = [n71eT(I - 8,)%(Z + H)]A7'())
x [n71XT(I - 8,)2X]ATY(N)

an x [n"Y(Z+H)T(I - S,)%]
=0p(R1a(1)).
It follows from Lemmas 3(b) and 2(c) that
(18) n~1[e”(2S) —S%)e — o? tr (25 — 83)] = 0,(R1n(1)).

We conclude (13) and (14) by (9), (10) and (15)—<(18). O
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6. Proof of Lemma 3. We begin with a technical lemma which is an
extension of Lemma 4.4 in Speckman (1985) to the case when the random

variables are not independent. Therefore, the Gaussian assumption in Speck-
man (1985) or Li (1986) is removed.

LEMMA 6. Let Wy, ..., W, be random variables with zero mean and finite
variance. Suppose that there exist nonnegative numbers {u;} such that

v 2 v
E[ZWk} SZuk, forall p<v.

k=p k=p

Then, for any ¢ > 0,

n

Z Cka

P{ sup
k=1

0<c;1<-+-<en<co

n
> c} <c %cf(log, 4n)? ) " us.

k=1
PROOF. By the argument used in Lemma 4.4 of Speckman (1985), we have

Z Cp Wk Z Wk

k=1
Then, by the first two theorems stated in Serfling [(1970), page 1228],

[1<;<n Z Wk ] log2 4n)2 Z Ug.

k=1
Hence, this lemma holds by Chebyshev’s inequality. O

sup
0<e; <+ Len<ey

= Co max

REMARK 1. When EW,W,; =0, for k # [, Lemma 6 holds with u; = Var(W,).
REMARK 2. Lemma 6 also holds when 0 < ¢, <--- <e¢; <cp.

Define

Ekm = n—1/2 Zzim¢kn (tin): hkm = n—l/2 Z hr (tin)¢knhr (tin),

i=1 i=1
n n
Chn =n"1/2 Zg(tm)qﬁkn (tin)’ Epn =n" 12 Z €in®rn (tin)’
i=1 i=1

for 1 <k <nand1<r<d Lemma 6 will be applied to {&knsn}1<k<n and
{krn€kn}1<k<n, for 1 < r, s < d, later on in the proof of Lemma 3. Thus we need

to show that these two sequences of random variables satisfy the assumption
of Lemma 6.
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LEMMA 7. For any finite positive integer l and 1 <r, s <d, both

{ (gkrnﬁksn - Urs) (1 + ’\kn/\) _l} and {&krnekn ( 1+ /\kn'\) —l}

1<k<n 1<k<n

satisfy the assumption of Lemma 6 with u;, = c*(1 + MuA\)~"2, for some con-
stant c*.

PROOF. Recall that S, = I‘TD)\F. Set D”y = (dip)nxn, Where d = 1, if
p<i=k<v,andd; =0, otherwise. In other words, D, is an n x n diagonal
matrix with the diagonal entry equal to 1 from the y-th row to the v-th row
and zero otherwise. Then

Sl _pT(1TD,, Dy D,uT)e,

= (14 M)

(19)

Z g’zl"i”; — 2" = 27(ITD,, Dy D, L)'z, — 0,5 tr(T7D,,DsD,, T
kn

By (Al), (A4) and a conditioning argument, we have
2
N EkmEin _ 2@ T(rT 2
E [Z m] =0 Ez,. (F D,WD,\D‘“,I‘) Zr,
k=p
=o%0,, tr(I’D,, DD, T)?
=020, [2(1 + A,,,,,\)—”] :
k=p

Letting uy = 020,7(1+ Mz A)~%, we have shown that the assumption of Lemma
6 holds for {&,rmern(1 + Akn)‘)—l}ISkSn'
Next, by (19) we have

2
Ekrnéhon — Ors _ T (1T l
[E 1+ ) ] = Var(z! ("D, D,D,,T')'z,),

since E(zT('7D,,, D D,.,TY2,) = 015 tr(T7D,, Dy D, T'). We first show that, for
any symmetric matrix A = (@;)nxn,

(20) Var(zFAz,) < c® tr A2

for 1 < r < s <d, where c° is a constant depending on Ez222 and ¥ only. For
notational simplicity, we only demonstrate the case of r = 1 and s = 2. First,
we note that Ez] Az, = g5 tr A and

Az2)2 Z Z Z Z QijQr1Zi1n2j2n2k1n212n -
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Since {(215, Zizn)}1<i<n are mutually independent with mean (0, 0), we have

Ezlzz, i=j=k=1,

, i=jk=11i#k,
Ezi1n2j2n2k102120 = 03022 ; =‘2 Geli :j
o, otherwise.

Hence

Var(z! Azp) = (E232} — %)) Zau +011022 Zav <c Zau,
ish

where ¢ = max(Ez323 — 0%,, 011022). Since A is symmetric and ¥; jaf,- = tr A2,
(20) holds.
Let A = (I'TD,, D, D, T'Y. By (19) and (20), we have

2
{Z 5’2'1"?1"/\‘)’;8] = Var(z/Az,) < c® tr(I"D,, D5 D, T)¥

=0 [i(u Akn,\)’”] :

k=v
Thus {(&ernérsn — ors X1+ )\k,,)\) }1<k<,, satisfies the assumption of Lemma 6 by
identifying ug = c®(1 + Ay A) 2.

PROOF OF PART (a). First, we show the case of / = 1, that is, to show that
(21) zz‘SAzs = Urs tI‘ SA + op ()‘-1/4mao)

holds uniformly for all A € [\, Az] and its proof argument will be used through-
out the proof of Lemma 3. Since §; < é;, there exists a > 1 such that aé; < 6;.
Define the index set A = {6: § = a'6,, for some positive integer i and § < 6;}.
Then A is a finite partition of [6;, 6;]. Correspondingly, {n~%, § € A} is a
finite partition of [\;, Ag]. For any 7 = n=% with aé € A, E27S,z, = 0,5 tr S,
and Var (z7S,z,) < c® tr S2 = O(7~/?™) by (20) and Lemma 2(c). Thus by the
Chebyshev inequality, we have

(22) 28,2, — 0,5 tr 8, = 0, (r7V/4™),
Write
(Z;T-‘S)\Zs — oy tr S)‘) - (zZ‘STzs — oy tr ST)

n 1 1
(23) = ~ (]_ + Aen A 1+ /\knT) (gkrngksn - Urs)
- T— )\ = 1 ‘Ekmsksn — Org
S ;(1 1+)\kn)\) 1+ MnT
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Note that (1 + Az, A)~! are nonincreasing in 2 and bounded above by 1, and
that {(&krnrsn — 0rs X1+ MenT) " }1<h<n satisfy the assumption of Lemma 6 with
ur, = c*(1 + M\ 7)~2. Then, for any ¢ > 0 and 6 € A, we have

.

- 1 Errnhen — Ors
oy 1+/\k,,/\ 1+/\kn7'

P sup i 1 Ekrnhsn — Ors
n=as<x<n=5 | 47 14 Ma A 1+ M7

<P su
0<1/(1+Apa NS+ <1/(L+A V<1
< ¢ %(log, 4n)? z up,
k=1

by applying Lemma 6 to (23). Since
Zuk =c*(1+ Ma7) 2 =c*cor V2™ (14 0(1))
k

by Lemma 2(c), these arguments lead to

uniformly for all A € [n=%%, n=¢]. Then, by (22), forn=* <A <n~¢

(er"S)\zs — o tr SA) = Op (T_1/4m> + Op (T—1/4m logn) =0p (/\_1/4”'“") ,

where qg is any fixed constant satisfying 1/ag > a > 1. Since the cardinality
of A is finite, (21) holds.
Now it remains to study the case when [/ > 2. Note that

Ez7S'z, = 0,5 tr . = 10,7 /** (14 0(1)) and
Var(z7S" z,) < c° tr 8% ~ r~1/2m

by (20) and Lemma 2(c). Hence 2z7'S} z; — 0,5 tr S}, = O,(7~1/4™) by the Cheby-
shev inequality. Some algebra shows that

(2742 — oy tr S4) — (27SL 2, — 0,5 tr S%)

1 1
- Z [ 1+ )\kn/\)l - (1 + /\knT)l] (Ekrnérsn — Ors)

n I-1
T ~ ZZ [ 1 ] Ekrnhsn — Org
k=1 i=0 (1 + Alm (1 + ’\kn)\)i‘ﬂ (]_ + ,\knT)l—i'

Note that (1 + Az, A)~¢ are nonincreasing in k and bounded above by 1. Hence,
(a) holds by applying Lemma 6 to each term on the right-hand side of the
above expression and by the argument used in showing (21). O
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PROOF OF PART (b). (b) follows from (a) by identifying z, and z, in (a) with
ein(b). O

PROOF OF PART (c). For any finite positive integer /, observe that En~1/2fT
(I-8,;Ye=0and

Var[n V2T (I - S, )'e] = n~'0T(I - S,)2f < n =107 (I - S, )*f = O(r2)

since the eigenvalues of S, are between 0 and 1. Hence, for any given 7 €
[’\1’ A2]’

(25) n~V4T(1 - S.) e =0,(r).
For 7 = n~% with 6 € A, write
f7[(1-8,)' - (I-8,)]e

26) _,\-ri ! . 1 )"" ) 1y
T Z( T 14 A ('1+,\,,,,r)

k=1 Li=1
1 Akn'r
T A L+ A fin€ins

where fi, = n~Y2 3% | f(ti)Ppn(tin). Note that {[Mg,7/(1 + AnT)] fen€rn } does not
depend on A, E(finepn Nfineim) = 0, for & # 1, that {(1+Agn \)7* (14 Mg, 7) 7}, for 1 <
i,j <1, are nonincreasing in k&, and that

/\lmT -1 2 A]mT 2
Var (1 + z\k,,'rﬁ"'ek"> - Z (1 + /\]mT) fin
- n—lasz(z _8,)=0(r?).

It follows from Remark 1 following Lemma 6 that we can apply Lemma 6 to
each term on the right-hand side of (26). Thus we conclude that

27 n2[£7(I - S, )'e — (I S.)'e] = 0,((r — A) logn)
holds uniformly for all X € [n2¢, n~%]. By (25) and (27), for any a; > a,
n~YVHT(1 - S)) e = 0,(\V/*)

holds uniformly for all A € [\;, A\2] and finite positive integer I. Hence, (c)
holds. O

PROOF OF PART (d). (d) can be shown similarly by identifying e in (c) with
z-in(d). O

PROOF OF PART (e). Note that

[n =7 (1 - 82| < (n 717 (1 - ,)'8) V2 (n 1] (1 - ,)'82) 2,
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by the Cauchy—Schwarz inequality. Since that the eigenvalues of S, are be-
tween 0 and 1, (e) holds by Lemma 2(a). O

PROOF OF PART (f). Write XT(I-S\)?Z = Z'Z+HT(I-S,)*Z+Z7(S% -28,)Z.
Then, by (A1) (in Section 2) and the law of large numbers, n~1Z7Z = £ +0,(1).
Hence, () follows from (a) and (d). O

PROOF OF PART (g). Note that

n'xT(I - 8))'x, =n"127 (I - S))'zs + n ThT (I - S, )'z,
+n~thT(I - S))'z, + n 'hT (I - S, )'h;.

Recall that n=1ZTZ = ¥ + 0p(1). Hence, it follows easily from (a), (d) and (e)
that (g) holds. O

PROOF OF PART (h). Write
x! (I - S))2S)x; =27 (S) — 252 +53)z, + hT (I - 8,)%S,h,
+hT[(I-8,)% - (I-8,)%zs +hT[(I - 8))% - (I - S))’]z.
Since |hT(I — S,)2Sxh;| < nBa,,Bag, = O(n)?), (h) holds by (a) and (d). O
PROOF OF PART (i). Observe that Ez7S’ e = 0 and
Var (z'S!e) = 0% Var (27'S%z,) ~ r~1/%m,

by (20) and Lemma 2(c). Hence z'S’e = O,(r~1/4™), for any given sequence
7 =n"% with a6 € A. Write

n -1

- 1 Ekrntr
28) 27(Sh-St)e=" [ M)
28) z( ;,Z;uz; (T4 Mad) (14 M) ] (14 M)

Note that (1 + Az, \)~¢ are nonincreasing in k and bounded above by 1. By
Lemma 7, {£pmern(l + A\pn7) 7} satisfies the assumption of Lemma 6. By ap-
plying Lemma 6 to each term on the right-hand side of (28), we conclude that

(29) z;She = 0,((1— A~17)r~ /4" logn) = 0, (A~1/4mao)
holds uniformly over ) € [n=%, n=%]. Hence, (i) holds. O
PROOF OF PART (j). Write
n~2zT(I - S))% = n~'%zTe + n=1/22T (-28) + §%)e.

Then by the central limit theorem and (i), () holds. O
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PROOF OF PARTS (k) AND (1). It follows from (a) and (c) that

x7(I-S,)3x, — xF (I - 8%z,
= —2zF (I - S,)2S»zs — hT (I - S) )z,
+ BT(I = 55)%2, + BT (I - 83)%2, + hT(I — S,)°h,
= — (c1 — 22 +€3) T A T/2 4 g, (A"/4ma0) 4 O, (n2/2NV/er)
+ BT(I-8,)%h,,

x(1-8))'x - %1 (- 8))'x,
=27 (I - 8))3Srz, + T [(I - 8,)% — (I - 8»)*]z,
+ BT[(I-8,) = (I - 8,))*]zs + hT (I - 5,)*S,h,
= (c1 — 8cg + 8c3 — ¢4) Ty A T/2™ 4 0, (ATH/4ma0) 1 O, (n1/2NV/ M)
+ h7(I-8,)%S,h,.

Hence, we conclude (k) and (1). O
7. Proofs of Lemmas 4 and 5.

PROOF OF LEMMA 4. Recall Ry,()) = A2 + n~'A~1/2" From now on, we
require that the three constants a, ap and a; in Lemma 3 satisfy 4m/(4m—1) >
a; > a and @y > 1 so that, for A € [Ay, Agl,

(30) n~Ix"VAmeo = ()2 4 p=INY2m) = o(Ry,(N))
and
(31 n~Y2)\e 2 o(A2 4 n=IA"Y2m) = o(Ry, ().

Equations (30) and (31) can be verified by simple algebra. Recall that A, =
Sy + By, where Bgy = n~(I — S))2X A;'(WXTU — S,)? and Aoy = n~'XT(I -
93X,

[(a) and (b)] By Lemma 3(g), we have
(32) trBoy = tr {A;'(A) [n7XT(I - 8,)*X]} = 0,(1),
33)  trB%, = tr{A71(\) [n"IXT(1 - 8,)4X]}" = 0,(1),
(34) tl‘S,\Bo,\ = tl‘AEl(/\) {n"lXT[(I— SA)5 - (I— S,\)4]X} = Op(l).

This, together with Lemma 2(c), proves (a) and (b).
(c) It follows from Lemma 2(b) that

(35) nlgl(1-8,)%g =v22(1 +0(1)).
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Also, by Lemma (a) and Lemma 3(d) and (e), we have
n~'glBd,go=[n"'gl(I-S,)*H +n gl (I - 8,)%Z]
x {45 (N [n7XT (1 - 8,)*X]A; ()}
x [n " HT(I - 8))?go +n~1Z7(I - S,)g)
= [003®) +0,(n~2)][E7! +0,(1)] [0(2?) + 05 (n™1/2)] = 0(3%).
This, together with the Cauchy—Schwarz inequality and (35), leads to (c).

(d) Write

n71Z7(1 - Aoy )?Z = n-l{zT(si —28,)Z + ZT((I - Boy) - (Box — B%,))Z
+ZTS)\BO)\Z+ZTBO)‘S,\Z}.

By Lemma 3(a), we have the first term
(36) n1(zB)7(S% —2S,)(2B) = (cz — 2¢1)B7=Br AV (1 4+0,(1)).

It follows from Lemma 3(a), (d) and (f), Lemma 1(a), (30) and (31) that the
third term
(37)n_1,3TZTS)‘Bo)‘Z,B = ,BT [n'IZTS,\ (I - S)‘)ZX]AEI(/\) [n‘lXT(I - S,\)2Z]ﬂ

= (c1 — 2c2 +¢3)BTEBn"1A"1/2m(1 4 0, (1)).

The fourth term has the same rate.
Observe that '

n71Z7(I - Boy)Z = [n127ZA; (V)] [A0(A) — n X7 (I - 8,)22]
+{[1127 (28, - $3)2] - [+127(1 - 8,)°H] }
x A (A)[nIXT(I - S,)%Z),
n'ZT(Boy - B3,)Z = [n7'Z27(I - 8,)2X]A; (W) [Ao(N) — n 71X T(I - 8, )*X]
x A7 (N [nIXT(I - 8,)%Z].

Then by Lemma 3(d) and (f), we have
nTHT(I-8,)2Z =0,(AN2 +n~']A"Y2m) and n~'XT(I-8,)2Z =TS +0,(1).

Also, by (A1) (in Section 2) and the law of large numbers, we see that n=1Z7Z =
T + 0p(1). Hence, it follows from Lemma 1(a) that

(38) n~1ZTZA; () = I +0,(1).
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Hence, by Lemma 1(a), (36) and Lemma 3(k) and (1), we conclude that
n~Y(ZB)"[(I - Box) — (Box — B},)](28)
= 17 [(HBYT (1 - $1)(HB) + 0,(3~11r) . O, (= 23)
+ (4c2 — des +¢4) BTEBAV2M] (1 +0,(1)).
This, together with (36) and (37), proves (d).

(e) Note that n~1gT(I — S)Yh, = 0(\2), for [ > 2, and
(B9  n7XT(I-8,)% = 0,(n"Y2)\Y21) 4 0,(n"V/2) = 0, (n"V/?)

by Lemma 3(c) and (j). Then by (31), (39), Lemma 1(a) and Lemma 3 (d), (e)
and (g),

n~'g{Bjye
= [n71gf (I - 8x)2X]A; (V) [n71X T (T - 8,)*X]A5 (V)
X [n‘lXT(I - 5,)%]
~ (n~V2)V/a1 4 )2) [p=1/2)\Ver 4 O, (n=1/2)]
=0p (Ron(2))-
Similarly, we have
n~ gl (I - 8x)Boxe = [n7'g] (I - $,)°X]A;(\) [n X7 (I - 8,)%]
=0p(Ron(1)).
By Lemma 3(c) and (31), n~'gJ(I — S))%e = 0,(Ro,(\)). Putting these results

together, we have (e).

(f) Write I-Agx)? = 83 —(I-Bo») Sx—Sx(I—-Boy) + I-Byy) — (Bor—BZ,). By
the central limit theorem, n=1Z7e = O,(n~1/2). Then it follows from Lemma
1(a) and Lemma 3 (c), (k), (f) and (i) that

n=1ZT(I - Boy)e = [Ao(X) — n71ZT(I - S))*X]A; 1 (V) (n7127e)
(- 8,)X)A7 ()
x [n"*HT(I - Sx)%e — n"'Z7(2Sx — S3)e]
= O(Ron ()\))

By Lemma 3(1), we have Ay()\) — n1X7(I - S))*X = O,(Ro,())). It then follows
by (39) and Lemma 3(f) that

n~1Z7(Boy — B2, )e = [n127(I - 5,)2X]A;1())
 x[A0() ~n XTI - 8,) X145 () [nXT(1 - S, e
= O(Ro,, (/\))
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Next,

n=1ZT(I — Bo»)S e =n"12TS,e — [n~1Z7(I - S,)2X]A;1(})
(40) x {n 1XT[(I-8,)% - (I-8,)%e}
=0(Ro (1)),

since n"1Z7S)e = 0,(R,())), by Lemma 3(i) and the fact that
n=1XT[(1 = 8,)2 = (I - 85))e == HT[(I - 8,)% — (I - S,)%]e
(41) +n71ZT(S, - 252 + S3)e
=0(Roa (1)),
by Lemma 3(c) and (i). Similarly, n=127S,(I — By,)e = o(Ry,()\)). Finally,
n~1Z7S\e = 0, (Ron (1))
by Lemma 3(i). Combining all the terms, we have (f).

(g) Write Ag,\ - 2A0)‘ = S?\ - 2S,\ + (Bo)‘s,\ + S,\BQ,\) +B§A - 2BOA- Fil'St, we
note that
(42) n~1(eTShe - 0% tr S}) = 0, (nIAV/4m%0) = 9, (R, (1)),
by the proofs of Lemma 3(a) and (b) and (30). Next, by Lemma 1(a), (39) and
(41) and Lemma 3(g),

45) n~leTByre = [n~1eT(I - S,)2X]A; (V) [n X7 (I - S»)%e]
~ [n V2o + O (nV2)]? = 0p(Ron (1)),
n~1eTBp,Sye = [n~1eT(I - S, )2X]A; ' (V) [n~XT (I - 8,)2S)e
=05 (Ron (1)),
n~leTBZ e =[n"1eT(I - S,)2X]A; 1 (\)[n"1XT(I - S,)*X]
x A7t (N)[nXT(I - 55)%€] = 05 (Ron (1))

Part (g) holds by (32)(34), (43)«45) and (42). O

(44)

(45)

PROOF OF LEMMA 5. Recall that Ay, =S, + B;), where
B =n"YI- S,\)XAI"I(/\)XT(I -8,)% and A()) = n‘lXT(I -8,)%X.

(a) By Lemma 3(d), (e) and (g),
n~'giB\Bixgo = [n7'g] (I - $»)2X]AT (V) [n1XT(I - S»)%X]AT(N)
X [n_IXT(I—-S)‘)zgo]
- p((/\2 + n—1/2/\1/a1)2)_
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It can be easily verified that O,(n=1)%/%1) = 0,()2). This, together with the
Cauchy-Schwarz inequality and (35), proves (a).

(b) Write
BTZT(I - A1\)T(I - A1x)Z8 = BTZ7(S2 - 25,)28 + 28727 SEB, 2
+B7ZT[(1 - By,) - BY, (I - B1,))ZB.
By (36), Lemma 3(a) and (f) and Lemma 1 (b), we have the second term,
n~18TZTSTB1\ZB = BT [n"127S, (I - S,)X]AT (V) [n"1XT(I - S,)%Z]B
(46) =(c1 — ¢2)BTEBR "INV 4 g, (n=1N—1/4mao)
+0p,(n~1/2)\ er),
Observe that
n~1ZT(I-B1)Z = [n1ZTZA7T(V)][A1(A) — n~1XT(I - S,)%Z]
+ (n“IZTS,\Z)Al‘l(,\)[n‘lXT(I - 8,)%2]
- [n7'ZT(I - S))H]AT (V) [n 71X T (1 - 8,)%Z],

n~1ZTBY, (I -Bn)Z = [n7127(I - S,))X]ATA(N)
x {[n72XT(I - 8,)Z — nXT(I - S,)%X]
+ [n7IXT(I - 8,)2X]AT(N)
x [A1(X) —n7IXT(I - 8,)%Z]}.
It follows from Lemma 3(a) and (d) that
x7(I-85)%%, —x' (I - 8))%zs = x7(I - S))%h,
= h7(I - S))2h, + 0, (n'/22A1/2)
= BT (I - 8))%h, + 0, (nA% + A71/2m),
x(I - 8))zs — xF (I - 8))2%%s = (c1 — c3)orsA™Y/2™ —hI(I - S))?h,
+0p(A"1/4ma0) 4 0, (n/2\V/a1)
= (01 - Cz)Ursf\—l/zm - h,T(I - Sf\)zhs
+0,(nAZ 4 \71/2m),
Note that In‘lhf'(I — S,)%h;| = O(\2) by Lemma 3(e). Hence
BT[A1(N) — n~1XT(I - S,)2Z]B
=n"o,(nA2 + A~1/2™) 4+ (HB)T (I — S»)%HPB|(1 +0,(1)),
BT [n~XT(I - 8,)Z — n~'XT(I - S,)*X]B
=n"(c1 - c2)BTEBAY2m — (HB)T(I - S»)2HB)(1 +0p(1)).

47

(48)
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By Lemma 1(b), (38), (47), (48) and Lemma 3(a), (d), (f) and (g), we conclude
that

n=4(ZB)T[(I - B1x) - B, (I - B1,)](2B)
=n"Y(HB)T(I - S»)2(HB) +c287=BA~1/2](1 + 0,(1)).
Part (b) holds by (36), (46) and (49).

(49)

(c) Write (I —A13)"(I — Ayy) = I - 8»)? + BT, By, — (I - S,)By1, — BL,(I - S)).
By Lemma 1(b), (48) and Lemma 3(c)—(e), (g) and (j), we have
n"lg?;Bf)‘Bue
- [n gD (I - SXJAT (V) X7 (1 - 8,)XIAT () [ X7 (T - Sy %e]
~ (n~V2AVa 4 )2) [,1—1/2/\1/¢z1 + Op(n—1/2)]
= OP(Rln(A))’
n‘lgg'(l - S,\)Bl,\e
=n"'g{B\(I - 8x)e
- [n g1 - )X () XTI - 8,)7]
=0p(R1x())-
By Lemma 3(c), n~1gZ (I — S))%e = 0,(R;,())). Hence,
(50) nlgl(I-An)T(I-Ap)e =0(Ri:{))).
Write
(I—Al,\)T(I—Al,\) = (I—BIA)T(I—BL\) +S§

—(I-=B1,)TS\ - Si\(I - Byy),
Z"(I-B1,)"(I-By1y)e = Z"(I - Byy)e — Z'BY, (I - By e.
Recall that n=1ZTe = O,(n~'/2). Then
n~1ZT(I-Byy)e = [A;(A) —n71ZT(I - 8,)X]A[ (n"Z7e)
= [n71Z7(1 - 8,)X]AT (V)
x [n'HT(I - S))% —n~1Z7(28) - §2)e]

= o(R1, (1)),

by Lemma 1(a), (47) and Lemma 3(c), (f) and (i). Using the same argument to
derive (47), we have

(51) A1(N) =n7IXT(I - 8,)%X = O,(R1.(2)).
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By (39), Lemma 1(b), Lemma 3(f) and (g) and (51), we have

n~'ZTBI, (I - Byy)e = [n7127(I - 8,)%X]A1())
x [A1()) = n71XT(I - 8,)*X]AT(N) [n X7 (I - S»)%e]

O(Rln(/\))

Hence,
(52) n~1Z7(1 - By,)"(I - Byy)e = o(R1,())).
Then by Lemma 3(c) and (i), we have
n~1ZT(I - By\)7S e =n"12Z7Se — [n"1Z7(I - S,)%X| A 1())

(53) X [n"lXT(I - S,\)S,\e]
= O(Rln (/\))
Thus by (52), (563) and Lemma 3(i) we have
(54) Z7(I - Ap)T(I - Apee) = 0,(Rin(2)).

Part(c) holds by (50) and (54). O
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