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ABSTRACT

This paper considers tests of the parameter on endogenous variables in an instrumental
variables regression model. The focus is on determining tests that have certain optimal power
properties. We start by considering a model with normally distributed errors and known error
covariance matrix. We consider tests that are similar and satisfy a natural rotational invariance
condition. We determine tests that maximize weighted average power (WAP) for arbitrary weight
functions among invariant similar tests. Such tests include point optimal (PO) invariant similar tests.

The results yield the power envelope for invariant similar tests. This allows one to assess and
compare the power properties of existing tests, such as the Anderson-Rubin, Lagrange multiplier
(LM), and conditional likelihood ratio (CLR) tests, and new optimal WAP and PO invariant similar
tests. We find that the CLR test is quite close to being uniformly most powerful invariant among a
class of two-sided tests. A new unconditional test, P*, also is found to have this property. For one-
sided alternatives, no test achieves the invariant power envelope, but a new test. the one-sided CLR

test. is found to be fairly close.

The finite sample results of the paper are extended to the case of unknown error covariance
matrix and possibly non-normal errors via weak instrument asymptotics. Strong instrument
asymptotic results also are provided because we seek tests that perform well under both weak and

strong instruments.
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1 Introduction

In instrumental variables regression with a single included endogenous regressor,
instruments (IV’s) are said to be weak when the partial correlation between the
IV’s and the included endogenous regressor is small, given the included exogenous
regressors. The effect of weak IV’s is to make the standard asymptotic approximations
to the distributions of estimators and test statistics poor. Consequently, hypothesis
tests with conventional asymptotic justifications, such as the Wald test based on the
two stage least squares estimator, can exhibit large size distortions.

A number of papers have proposed methods for testing hypotheses about the co-
efficient, 3, on the included endogenous regressors that are valid even when IV’s are
weak. Except for the important early contribution by Anderson and Rubin (1949)
(AR), most of this literature is recent. It includes Staiger and Stock (1997), Zivot,
Startz, and Nelson (1998), Wang and Zivot (1998), Dufour and Jasiak (2001), Kleiber-
gen (2002), Moreira (2001, 2003), Dufour and Taamouti (2003), and Startz, Zivot, and
Nelson (2003). None of these contributions develops a satisfactory theory of optimal
inference in the presence of potentially weak IV’s. Absent such a theory, comparisons
of power to date between competing valid tests are numerical and incomplete.?

The purpose of this paper is to develop a theory of optimal hypothesis testing
when I'V’s might be weak, and to use this theory to develop practical valid hypothesis
tests that are nearly optimal whether IV’s are weak or strong. We adopt the natural
invariance condition that inferences are unchanged if the IV’s are transformed by an
orthogonal matrix, e.g., changing the order in which the IV’s appear. The resulting
class of invariant tests includes all tests proposed for this problem of which we are
aware, except those that entail potentially dropping an IV. We focus on the practi-
cally important case of a single endogenous variable (but some results for multiple
endogenous variables are provided).

We show that there does not exist a uniformly most powerful invariant (UMPI)
one-sided or two-sided test of Hy : 3 = ;. Our numerical results, however, demon-
strate that there are tests that are very nearly optimal, in the sense that their power
functions are numerically very close to the power envelope uniformly in the para-
meter space. In particular, the conditional likelihood ratio (CLR) test proposed by
Moreira (2003) is numerically nearly UMPI, as is a new (unconditional) test, the P*
test introduced below, which is motivated by the theory of point optimal invariant
testing. We recommend the use of the CLR or P* test in empirical practice.

The optimality results are developed for strictly exogenous IV’s, linear structural
and reduced form equations, and homoskedastic Gaussian errors with a known covari-
ance matrix. For this model, we obtain the sufficient statistics, the maximal invariant
(under orthogonal transformations of the IV’s), and the distribution of the maximal
invariant. We determine necessary and sufficient conditions for invariant tests to be
similar. For a one-sided alternative hypothesis, we derive optimal weighted average
power (WAP) invariant similar tests. This gives, as a special case, the Gaussian

ZSee Stock, Yogo, and Wright (2002), Dufour (2003), and Hahn and Hausman (2003) for surveys
of research on weak IV’s. Also, see the recent paper by Forchini and Hillier (2003).



power envelope for one-sided point-optimal invariant similar (POIS) tests and the
result that there does not exist a UMPI test, either one- or two-sided.

We propose a new one-sided invariant similar test, the one-sided CLR test (CLR1).
Although the one-sided POIS tests have non-monotonic power functions and are
undesirable for practical use, the CLR1 test is found to have a power function that
is typically not too far below the one-sided Gaussian power envelope, making it an
attractive choice for one-sided testing.

In addition to similar tests, we consider optimal non-similar tests for one-sided al-
ternatives using the least-favorable distribution approach described, e.g., in Lehmann
(1986). Although the nonsimilar and similar tests differ in theory, we find that the
power envelopes of invariant similar and nonsimilar tests are numerically very close.

We consider four approaches to developing tractable families of two-sided invariant
similar tests and two-sided power envelopes. The first consists of WAP tests that are
symmetric in 3 around the null value 3. These tests have the undesirable feature of
not being consistent against both alternatives when the IV’s are strong. So, we do
not pursue such tests further. The second approach is to consider WAP tests that
are asymptotically efficient two-sided tests when the IV’s are strong. This includes a
class of POIS tests based on two-point weight functions. The third is to consider tests
that satisfy an additional invariance condition that seems natural in the two-sided
problem. The fourth is to consider tests that are unbiased against local alternatives.

We prove that the power envelopes for the second and third approaches to two-
sided tests are identical. Moreover, as a numerical matter, these power envelopes
are very close to those of locally unbiased tests. We refer to the power envelopes
based on the second and third approaches as two-sided asymptotically efficient (AE)
power envelopes. Although no UMPI test exists among this class, we find that as
a numerical matter the power of the CLR test is uniformly very close to the power
envelope for this class, and in this sense the CLR test is approximately UMPI. This
is one of the major findings of the paper.

It is known that the power function of the Lagrange multiplier (LM) test is not
monotonic. Our theoretical results indicate why this is so. Our numerical results
indicate that its power is never above that of the CLR test, and in some cases is far
below. Hence, the CLR test dominates the LM test in terms of power and we do not
recommend the LM test for practical use.

We also consider POI nonsimilar two-sided tests (subject to the additional invari-
ance condition as in the third approach). These tests generally have power functions
close to the power envelope. So, following King (1988), we examine the performance
of some specific POI nonsimilar tests. One such test, which we call the P* test, is
found to be approximately as powerful as the CLR test. Because the P* test does
not entail using a table of conditional critical values, researchers might find it more
convenient than the CLR test in practice.

The foregoing results are developed treating the reduced-form error covariance
matrix as known. In practice, this matrix is unknown and must be estimated. Us-
ing Staiger-Stock (1997) weak-IV asymptotics, we show that the exact distributional
results extend, in large samples, to feasible versions of these statistics using an esti-



mated covariance matrix and possibly non-normal errors. We show that these finite-
sample power envelopes derived with known covariance matrix are also the asymptotic
Gaussian power envelopes with unknown covariance matrix, under weak-IV asymp-
totics. In a Monte Carlo study of the LM, CLR, AR, and P* tests with estimated
covariance matrices, we find that sample sizes of 100-200 observations are sufficient
for (i) the size of these tests to be well controlled using weak-IV asymptotic critical
values and (ii) the weak-IV asymptotic power functions to be good approximations
to the finite-sample power functions.

This “plug-in” approach to the reduced form covariance matrix makes it possible
to introduce versions of the AR, LM, CLR, CLR1, POIS, and WAP test statistics that
are robust to heteroskedasticity or, for time series applications, to heteroskedasticity
and autocorrelation. We show that the weak-IV asymptotic distributions of these
robust statistics in the presence of heteroskedasticity (or heteroskedasticity and au-
tocorrelation) are those derived in the exact Gaussian model with known covariance
matrix.

Finally, we obtain asymptotic properties of the tests considered in this paper
when the IV’s are strong. These results are essential for determining the class of
WAP tests that are asymptotically efficient under strong IV’s, which lies behind the
second approach to determining two-sided tests. The LM and CLR tests are shown
to be asymptotically efficient with strong IV’s against local alternatives, although
(as is known) the AR test is not. Necessary and sufficient conditions are determined
for WAP invariant similar tests based on two-point weight functions to be AE under
strong IV asymptotics. Such tests determine the two-sided AE power envelope. The
LM, CLR, CLR1, 2-sided AE POIS and two-sided AE WAP tests are also shown to
be consistent against fixed alternatives under strong I'V’s. Curiously, one-sided POIS
tests are not consistent against fixed alternatives, and can reject with asymptotic
probability zero against alternatives on the “correct” side but with probability one
against alternatives on the “wrong” side. Theoretical results explain why this occurs.

Numerous additional numerical results that supplement those given in Sections 8
and 12 below are provided in Andrews, Moreira, and Stock (2004) (hereafter denoted
AMS-04).

Other papers that consider optimal testing in the exact Gaussian IV regression
model are Moreira (2001) and Chamberlain (2003). Moreira (2001) develops a theory
of optimal one-sided testing without an invariance condition and uses this to develop
one-sided power envelopes. However, without the invariance condition the family of
tests is too large to obtain nearly optimal tests.

Chamberlain (2003) considers minimax decision procedures (including estimators
and tests) in the normal model with known covariance matrix that is considered in
this paper. His results for tests show that the imposition of the invariance condition
considered here does not affect the minimax decision problem. Hence, his results
provide a formal minimax justification for the restriction to invariant tests that is
adopted in this paper. Chamberlain (2003) does not impose a similarity condition and
does not consider restrictions to tests with two-sided properties (although one can do
so via the choice of prior employed), so the class of tests he considers are analogous to



the one-sided non-similar tests considered in Section 7.1 below. Chamberlain (2003)
does not explore the properties of the tests in this class, such as their relative power
and the distance of their power functions from the power envelope, which are key
items of interest here.

The remainder of this paper is organized as follows. Section 2 introduces the
model which has one endogenous regressor variable, multiple exogenous regressor
variables, multiple IV’s, normally distributed errors, and known covariance matrix.
This section determines sufficient statistics for this model. Section 3 introduces a
natural invariance condition concerning orthogonal rotations of the IV matrix. It also
provides necessary and sufficient conditions for invariant tests to be similar. Section 4
specifies a WAP criterion and determines invariant similar tests that maximize WAP.
Section 5 determines the power envelope for one-sided tests by determining the class
of POIS tests. Section 6 specifies optimal WAP tests for two-sided alternatives.
Section 7 determines optimal invariant non-similar WAP tests. Section 8 presents
numerical results for the tests considered in earlier sections. Section 9 adjusts the
tests considered in Sections 4 and 6 to allow for an estimated error covariance matrix
and analyzes the asymptotic properties of these tests under weak IV’s and possibly
non-normal errors. This Section also introduces versions of these tests, as well as
versions of the AR, LM, CLR, and CLR1 tests, that are robust to heteroskedasticity
and other versions that are robust to both heteroskedasticity and autocorrelation.
Section 10 provides a weak IV asymptotic optimal WAP result for the tests introduced
in Section 9 under the assumption of iid normal errors and unknown covariance matrix
Q. Section 11 provides the asymptotic properties of WAP tests under strong IV’s when
the error covariance matrix is unknown and the errors may be non-normal. Section
12 presents simulation results for the tests introduced in Section 9 for models with an
unknown covariance matrix. Section 13 determines tests that maximize WAP in an
IV regression model that is the same as in Section 2, but with multiple endogenous
regressor variables. An Appendix contains proofs of the results.

2 Model and Sufficient Statistics

In this section, we consider a model with one endogenous variable, multiple ex-
ogenous variables, multiple IV’s, and errors that are normal with known covariance
matrix. In latter sections, we allow for non-normal errors with unknown covariance
matrix and multiple endogenous variables.

The model consists of a structural equation and a reduced-form equation:

y1 = Y28+ Xy +u,
y2 = Zm+ X + va, (2.1)

where y1,y2 € R", X € R"P  and Z € R™* are observed variables; u,v9 € R™
are unobserved errors; and 8 € R, m € Rk ~y, € RP, and & € RP are unknown
parameters. The matrices X and Z are taken to be fixed (i.e., non-stochastic) and
[X : Z] has full column rank p+ k. The n X 2 matrix of errors [u:v9] is assumed to be



iid across rows with each row having a mean zero bivariate normal distribution with
nonsingular covariance matrix.
Our interest is in testing the null hypothesis

Ho : 8= Bo. (2.2)

The alternative hypothesis of interest may be one-sided, H; : B > 8y or Hy : 8 < B,
or two-sided, Hj : B # 3.

First, we rewrite the reduced-form equation in such a way that inference on 3 can
be rendered free of the nuisance parameters (74,£;). The idea is to transform the IV
matrix Z so that the transformed IV matrix Z and the exogenous regressor matrix
X are orthogonal. We write

yo = Zm + X& + vy, where
Z = MxZ, Mx =1, — Px, Py = X(X'X)"'X', and
€=¢&+(X'X)'X'Zn. (2.3)

Note that Z'X = 0.

Next, we consider the two reduced-form equations that correspond to the struc-
tural equation in (2.1) and the reduced-form equation in (2.3). In particular, substi-
tution of the latter into the former gives

y1 = ZrB+ Xy + v
yo = Zm+ XE& + ve, where
¥ =71 +&0 and v1 = u+ v2f3. (2.4)

The reduced-form errors [v;:v2] are iid across rows with each row having a mean zero
bivariate normal distribution with 2 x 2 nonsingular covariance matrix ). For the
purposes of obtaining exact optimal tests, the model we study is the two equation
reduced-form model given in (2.4) with known nonsingular covariance matrix €.
As shown below, asymptotically valid tests can be obtained by replacing €2 by an
estimator when (2 is unknown.

The two equation reduced-form model can be written in matrix notation as

Y = Znad' + Xn+V, where
Y = [y1:92], V = [v1:02],
a = (8,1), and n = [y:£]. (2.5)

The distribution of Y € R™*? is multivariate normal with mean matrix Zza’ + Xn,
independence across rows, and covariance matrix ) for each row. The parameter
space for = (3,7',7/,€') is taken to be R x R* x RP x RP.

Because the multivariate normal is a member of the exponential family of distrib-
utions, low dimensional sufficient statistics are available for the parameter § and the
sub-vector (3, 7")":



Lemma 1 For the model in (2.5),

(a) Z'Y and X'Y are sufficient statistics for 6,

(b) Z'Y and X'Y are independent,

(¢) X'Y has a multivariate normal distribution that does not depend on (5,7"),

(¢) Z'Y has a multivariate normal distribution that does not depend on n = [y:&],
and

(d) Z'Y is a sufficient statistic for (B,7').

Our interest is in tests of the null hypothesis Hy : 8 = 3. In consequence, there is
no loss (in terms of attainable power functions) in considering tests that are based on
the sufficient statistic Z'Y for (3, 7’)’. Note that the nuisance parameters n = [y:£] are
eliminated from the problem when one considers tests based on Z’'Y. The nuisance
parameter 7 remains.

As shown in Moreira (2003), the k x 2 sufficient statistic Z'Y can be simplified
without loss of information by applying a one-to-one transformation that yields (i)
the first transformed column to be independent of the nuisance parameter m under
the null, (ii) independence of the two transformed columns (under the null and the
alternative), and (iii) independence across rows in each column (under the null and the
alternative). Condition (i) is achieved by using a linear combination of the columns
of Y that has zero mean when 5 = (. Condition (ii) is achieved by taking the
second transformed column of Z'Y" to be a linear combination of the columns of Z'Y
that is uncorrelated with the first transformed column. Condition (iii) is achieved by
rotating each of the transformed columns so that their covariance matrices equal I.
In particular, we consider?

S = (Z2'Z)Y2Z'Y by - (byQby) /% and
T = (Z2)2Z'YyQ Yag - (ahQ  ag) "2, where
bo = (1,—08) and ag = (By,1)". (2.6)

The means of S and T depend on the following quantities:

ty = (Z2'Z)*r € RF,
cp = (8= By) - (bh<2o) /% € R, and
dg = 'Q tag - (ahQ rag)~Y? € R, where

a=(B,1). (2.7)

The distributions of the sufficient statistics S and T' for the parameters (3, 7) are
given in the following lemma.

Lemma 2 For the model in (2.5),
(a) S~ N(Cﬂ:uwv Ik)v

(b) T ~ N(dapin, Iy), and

(¢) S and T are independent.

3The statistics S and T are denoted S and T, respectively, in Moreira (2003).



Comments: 1. The results of the lemma hold under Hy and H;. Under Hp, S has
mean zero.

2. The statistic 7" can be written as dg, (Z'Z)Y*7y, where Ty denotes the maxi-
mum likelihood estimator of m under Hy.

3. Independence of S and T can be established by showing that S and T are
jointly multivariate normal with zero covariance. An alternative proof is by applying
Basu’s Theorem, e.g., see Lehmann (1986, Thm. 5.2, p. 191). Basu’s Theorem says
that S and T are independent because the distribution of S does not depend on 7
and T is a boundedly complete sufficient statistic for .

4. The constant dg that appears in the mean of T' can be rewritten as

dg = b'Qbo - (byQbo) /3 (det(2)) /2, where
b= (1, (28)

This holds because some algebra shows that

apQ tag = bhQby/ det(Q) and
a'Q tag = VQby/ det(Q). (2.9)

Using (2.8), some calculations show that dg, is proportional to the variance of the
structural equation error u; when 8 = f3,.

3 Invariant Similar Tests

The sufficient statistics S and 1" are independent multivariate normal k-vectors
with spherical covariance matrices. The coordinate system used to specify the vectors
should not affect inference based on them. In consequence, it is reasonable to restrict
attention to coordinate-free functions of S and 7. That is, we consider statistics that
are invariant to rotations of the coordinate system. We note that Hillier (1984) and
Chamberlain (2003) consider similar invariance conditions.

We consider the following groups of transformations on the data matrix [S: T
and correspondingly on the parameters (3, 7):

G = {gr : gr(x) = Fx for z € R¥? for some k x k orthogonal matrix F} and
G = {gp:9x8,7) = (8, (Z2'2)"2F'(Z' Z)"/*x) for some k x k orthogonal
matrix F'}. (3.1)

The transformations are one-to-one and are such that if [S:7] has a distribution with
parameters (3, ), then gp([S:7]) has distribution with parameters gp(8,7), as in
Lehmann (1986, p. 283). Furthermore, the problem of testing Hy : § = 3, versus
the alternative hypothesis Hy (for any of the alternative hypotheses Hy considered
above) remains invariant under each transformation gr € G because Hy and H; are
preserved under G (i.e., gp(B,m) is in H; if and only if (3, 7) is in H; for j =0, 1).

An invariant test, ¢(S,T), under the group G is one for which ¢(FS,FT) =
¢(S,T) for all k x k orthogonal matrices F. By definition, a mazimal invariant is a



function of [S:T)] that is invariant and takes different values on different orbits of G.*
Every invariant test can be written as a function of a maximal invariant, see Thm.
6.1 of Lehmann (1986, p. 285). Hence, it suffices to restrict attention to the class of
tests that depend only on a maximal invariant.

Let

TS T'T Qs Qr
Q1 = (5'S,8'T) = (Qs,Qsr)'- (3.2)

The subscript 1 on @7 reflects the fact that ()q is the first column of Q.

For convenience, we use @) and (@1, Q) interchangeably. For example, if we define
a function h(Q), then h(Q1,Qr) is presumed to be defined such that h(Q1,Qr) =
h(Q). Although this involves some abuse of notation, it is justified by the one-to-one
transformation from @ to (Q1, Q7).

Q = [STV[S:T] = [ g5 ST ] = [ ©s  Qsr } and

Theorem 1 The 2 X 2 matriz Q is a maximal invariant for the transformations G.

Comments: 1. Equivalently, (Q1,Qr) is a maximal invariant.

2. The statistic @ is invariant to nonsingular linear transformations of the in-
struments. Thus, invariance under the transformation group G ensures that tests
of Hy : B = [y will be unaffected, for example, by changing the units of Z or by
respecifying binary units as contrasts.

3. By definition, the statistic @) has a non-central Wishart distribution because
[S:T] is a multivariate normal matrix that has independent rows and common co-
variance matrix across rows. The distribution of () depends on 7 only through the
scalar A > 0 defined by

\N=n'7"Zr. (3.3)

This occurs for the same reason that a noncentral chi-squared distribution only de-
pends on the mean vector through its length. In consequence, the utilization of
invariance has reduced the k-vector nuisance parameter 7 to a scalar nuisance para-
meter \. This is true both under the null and under the alternative.

4. Examples of invariant tests in the literature include the AR test; the standard
LR and Wald tests, which use conventional, i.e., strong IV asymptotic, critical values;
the LM test of Kleibergen (2002) and Moreira (2001); and the CLR and CW tests of
Moreira (2003), which depend on the standard LR and Wald test statistics coupled
with “conditional” critical values that depends on Q7 (where for each of the previous
tests an estimator of the unknown (2 matrix that appears in the test statistic is
replaced by the known matrix Q because 2 is assumed to be known here). The AR,

*An orbit of G is an equivalence class of k x 2 matrices, where z; ~ x2 (mod G) if there exists
an orthogonal matrix F' such that zo = Fxi.



LM, and LR test statistics depend on @ or (S,T) in the following ways:

AR = Qs =S5'S,
LM = Q%;/Qr = (S'T)*/T'T, and (3.4)

LR = % <Qs ~Qr+1/(Qs +Qr)? - 4(QsQr - Qgﬁ) ‘

The Wald test statistic is a more complicated function of Q). For brevity, we do not
give it. The only tests in the IV literature that we are aware of that are not invariant
to G are tests that involve preliminary decisions to include or exclude a specific
instrument, cf., Donald and Newey (2001).

A test based on the maximal invariant @) is similar if its null rejection rate does not
depend on 7. The parameter m determines the strength of the instrumental variables
Z. The finite sample performance of some invariant tests, such as a t test based on the
two-stage least squares estimator, varies greatly with «. In consequence, such tests
often exhibit substantial size distortion when conventional (strong IV) asymptotic
critical values are employed. By definition, invariant similar tests do not suffer from
this problem. For this reason, it is important to characterize the class of invariant
similar tests. We do so by adding one simple step to the argument Moreira (2001)
used to characterize the class of similar tests.

Let the [0, 1]-valued statistic ¢(Q) denote a (possibly randomized) test that de-
pends on the maximal invariant Q).

Invariant similar tests are characterized as follows:

Theorem 2 An invariant test ¢(Q) is similar with significance level o if and only if
Eg, (0(Q)|Qr = qr) = a for almost all qr, where Eg (-|Qr = qr) denotes conditional
expectation given Qr = qr when 3 = By (which does not depend on ).

Comments. 1. The Theorem suggests that a method of determining an invariant
test with optimal power properties is to find an optimal invariant test conditional on
QT = qr for each ¢qr > 0.

2. The AR and LM statistics are invariant statistics whose distributions under
the null are independent of Q7 (by Lemma 3(f) below). Hence, the AR and LM tests
that reject the null when the corresponding test statistics exceed given constants are
invariant similar tests by Theorem 2. (This is not a new result.)

3. The LR and Wald statistics are invariant statistics whose distributions under
the null depend on Q7. Hence, the standard LR and Wald tests that use conventional
(strong IV asymptotic) critical values are not invariant similar tests. To obtain similar
tests based on the LR and Wald statistics, one must use critical values that depend
on Qr, as in Moreira (2003). The CLR test rejects the null hypothesis when

LR > KCLR(QT), (3.5)

where koLr(Q) is defined to satisfy Pg (LR > kcrr(Qr)|QT = qr) = o and the
conditional distribution of @)1 given Q7 is specified in Lemma 3(c) below. See Table I



of Moreira (2003) for critical values for the CLR test (where his 7 corresponds to our
gr).- A GAUSS program for p-values of the CLR test is given in AMS-04b. Similarly,
the critical value function for the conditional Wald test, kcw (Q1), depends on Q7.

4. Theorem 2 states that invariant tests are similar if and only if they have
Neyman structure with respect to Qr (e.g., as defined in Lehmann (1986, pp. 141-
2)).

5. The proof of Theorem 2 is succinct, so we provide it here. Sufficiency follows
immediately from the law of iterated expectations. Necessity uses the fact that S is
ancillary under Hy and the family of distributions of T" under Hy is a k-parameter
exponential family indexed by 7 with parameter space that contains a k-dimensional
rectangle. In consequence, 1" is a complete sufficient statistic for 7 under Hy by Thm.
4.1 of Lehmann (1986, p. 142). The statistic Qp is complete under Hp because a
function of a complete statistic is complete by the definition of completeness. (This
is the step added to Moreira’s (2001) argument.) In consequence, any function of Qr
whose expectation does not depend on 7 is equal to a constant with Q7 probability
one. In particular, for a invariant similar test ¢(Q), Eg,(¢(Q)|Q7) is a function of Q7
whose expectation equals a for all 7. Hence, by completeness of Qr, Eg, (¢(Q)|QT =
qr) must equal a for almost all gr. Note that Fg (¢(Q)|Qr) does not depend on
by Lemma 3(c) below.

We now introduce a new invariant similar test for the null hypothesis Hy : 8 = 3,
and the one-sided alternative Hy : 8 > [y. (The adjustment for H; : f < [ is
straightforward.) The test is the one-sided version of the C LR test, which we refer
to as the one-sided CLR test and denote by C' LR1. The test statistic is based on the
standard LR statistic (i.e., —2 times the logarithm of the likelihood ratio) for these
hypotheses for the model of (2.4) with Q known. We denote this test statistic by
LR1.

Define

AVl
R(B) = @, where Py = Z(2'2) 7. (3.6)

'Qb
The LIML-k estimator (i.e., the LIML estimator for the model with known covariance
matrix), denoted G777k, Mminimizes R(3) over § € R. An expression for B 1y/7—r
is given in the Appendix. As shown in the Appendix, we have

LR1 = R(B,) —6@5 R(B)

LR if ELIML—I@ > Bo
=40 if Brrvr—k < Bo and R(By) < R(o0) (3.7)
R(By) — R(oco) if Briarr—k < By and R(By) > R(c0),

where R(co) = limg . R(B) and, hence, R(co) equals R(3) with b replaced by
(0,—1)". (For Hy : B < 3y, R(c0) is replaced by R(—0c0), which equals R(3) with b
replaced by (0,1)".) In the Appendix, we show that R(3) and LR1 depend on the
observations only through Q.
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The CLR1 test rejects the null hypothesis when the statistic LR1 exceeds a critical
value that depends on ()7 and is such that the null rejection probability is the desired
value 1 — a, as in (3.5). Such critical values can be determined by simulation.

4 Optimal Tests for Weighted Average Power

4.1 Weighted Average Power

The AR, LM, and CLR tests are invariant similar tests and, hence, have good size
properties even under weak IV’s. These tests are somewhat ad hoc, however, in the
sense that they have no known optimal power properties under weak IV’s except in
the just-identified case, i.e., when k = 1. In this case, the AR, LM, and LR tests are
equivalent tests and Moreira (2001) shows that this test is uniformly most powerful
unbiased for two-sided alternatives.

In this section, we address the question of optimal invariant similar tests when
the IV’s may be weak. We determine the invariant similar test that has maximum
weighted average power (WAP) with respect to (wrt) a given weight function W
over the parameter values in the alternative. The two motivations for considering
WAP tests are that (i) such tests yield one- and two-sided power envelopes, which
are important for evaluating the performance of any test, and (ii) such tests provide
a class of tests with the potential for good overall power properties. The use of
sufficiency and invariance reduces the dimension of the alternative parameters that
need to be considered from 1+ k + 2p for 0 = (3, 7',&',4) to just 2 for (5,)\). In
consequence, it is relatively easy to specify weight functions W of interest.

Let W(3,\) be a probability distribution function on R x R*. Weighted average
power of a test ¢(Q)) with respect to W is given by the Lebesgue integral

K(6,W) = / B3 2d(Q)dW (5, ), (4.1)

where Eg ) denotes expectation when the true parameters are (3, ).
Let

gw(q1,qr) :/R o far,or(qu, qr; B, \)dW (5, A), (4.2)

where fo, 0.(q1,97; 8, ) denotes the joint density of (Q1,Qr) at (g1,qr). Let ¢1 =
(gs,qsT)’. WAP can be written as power against the single density gw (q1, qr):

K(o, W)

= / |:/ ¢(q57 qsT, QT)fQ1,QT (QS, qsT,qT; ﬁ? )\)qudQSTdQT dW(/Ba )‘)
RxRt RtxRxRt

= / o(q1, qr)gw (a1, gr)dgrdgr (4.3)
RtxRxRt+

using the Tonelli-Fubini Theorem, e.g., see Dudley (1989, Thm. 4.4.5, p. 104).
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For example, suppose the weight function W corresponds to a point mass distri-
bution at (6%, \*). That is,

1 if (B,A) > (6%, X"
W (5,4) = { 0 otl(g;wzs; 7 (4.4)
Then, the test that maximizes WAP among invariant similar tests with significance
level « is the point-optimal invariant (POI) similar test of level o against (5%, A*).
Most existing tests in the literature are two-sided tests. Examples include the
tests in (3.4). To obtain optimal two-sided tests one can specify W to give weight to
0 values both less than and greater than (3, see Section 6 below.

4.2 Optimal Invariant Similar Tests for Weighted Average Power

We want to find a test that maximizes WAP for weight function W among all
level « invariant similar tests. By Theorem 2, invariant similar tests must be similar
conditional on Qr = qr for almost all ¢gpr. In addition, by (4.3), WAP for weight
function W equals unconditional power against the single density gw (q1, ¢r). In turn,
the latter equals expected conditional power given Q7. Hence, it suffices to determine
the test that maximizes conditional power given ()7 = ¢r among tests that are
invariant and are similar conditional on Q1 = qr, for each gp.

Conditional power given Q1 = qr is

K(o,W|Qr =qr) = / ®(q1, qr)gw (q1lqr)dqr, (4.5)

RtxR

where gy (q1|gr) denotes the conditional density at g1 of Q1 given Qr = qr. We have

_ gw(q1,97) (4.6)

gw (q1lqr) P

where gw (g1, qr) is defined in (4.2),
gw (qr) 2/ gw (q1, qT)dqy
RtxR
= / / faor.r (a1, qr; B, N)dgrdW (B, \)
RxRt JR*XR
— [ Jorlari BNAW(EN) (4.7)
RxRt

and fo,(qr; 8, \) denotes the density of Qr at gr.

Next, we consider the conditional density of ()1 given Q7 = ¢r under the null
hypothesis. Because Q7 is a sufficient statistic for m under Hy, this conditional
density does not depend on 7 or A. Hence, we denote the conditional density of Q1
given Q7 = gr under the null hypothesis by fg,10,(q1lqr; Bo)-

For any invariant test ¢(Q1,@r), conditional on Qp = ¢p, the null hypothesis
is simple because fg,|0,(q1lqr;By) does not depend on 7 or . Given the WAP
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criterion function K (¢, W), the alternative hypothesis of concern also is simple. In
particular, conditional on Q7 = qr, the alternative density of interest is gw (q1/qr).
In consequence, by the Neyman-Pearson Lemma, the test of significance level a that
maximizes conditional power given Qr = gr is of the likelihood ratio (LR) form and
rejects Hy when the LR is sufficiently large. In particular, the conditional WAP-LR
test statistic is

 gw(Qiler) gw (Q1,qr)
Lw(Quar) = 5= B g an) fouon (@ulari Bo)

(4.8)

In order to provide an explicit expression for LRy (Q1,Qr), we now determine

the densities fg, 0. (q1,97;8,), for(ar;B;A), and fo 0, (q1lqr; By) that arise in
(4.2), (4.7), and (4.8). These densities and the tests considered below depend on the
following quantity:

£3(q) = hjzqhg
= c%qg + 2cpdgqsT + d%qT, where
ha = (cp,ds). (19)

Note that 3(q) > 0 because g is positive semi-definite a.s.
Lemma 3 (a) The density of (Q1,Qr) is
faror(au, ar; B, ) = Ky exp(—A(ch + d3)/2) det(q)F3)/2
x exp(—(as +ar)/2)(Ap(@) " Ty 2 (1 A5(0)),

where g1 = (gs,qsr)’ € Rt X R, qr € RT, ¢ = { s dsT } ,

gsT d4qr
Kt =2t 22p0 20 ((k - 1) /2),

I,(-) denotes the modified Bessel function of the first kind of order v, pi = 3.1415...,
and I'(+) is the gamma function.

(b) The density of Qr is a non-central chi-squared density with k degrees of free-
dom and noncentrality parameter d%)\:

farlar; B.0) = Ky exp (—Ad3/2) 2% exp (—qr/2)

X ()\al?@»qT)7(11672)/4 I(k—2)/2 (\/ )\d%QT)

for qr > 0, where K;l = 2.
(¢) Under the null hypothesis, the conditional density of Q1 given Qr = qr is

Foriop (a1, ar; By) = K1K3 " exp(—gs /2) det(q)*~3)/2q; K22,
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(d) Under the null hypothesis, the density of Qg is a (central) chi-squared density
with k degrees of freedom:

fas(as) = Kzal ™" exp (—qs/2)

for qs > 0, where K3 ' = 28/2T'(k/2).
(e) Under the null hypothesis, the density of So = Qst/(||S|| - ||T||) at s2 is

fs:(s2) = Ka(1 = 53) 72

for sy € [=1,1], where K; ' = pi'/?T'((k — 1)/2) /T (k/2).
(f) Under the null hypothesis, Qgs, Sz, and T' are mutually independent and, hence,
Qs, Sa2, and Qr also are mutually independent.

Comments: 1. The joint density fo, o, (¢s,qr; 3, A) given in part (a) of the Lemma
is a noncentral Wishart density.” The null density of Sy given in part (e) of the
Lemma is the same as that of the sample correlation coefficient from an iid sample of
k observations from a bivariate normal distribution with means zero and covariance
matrix I when the means of the random variables are not estimated.

2. Parts (d)-(f) of the Lemma are used below to simplify the calculation of critical
values for optimal WAP tests.

3. The modified Bessel function of the first kind that appears in the densities in
parts (a) and (b) of the Lemma is defined by

) 0 1‘2 4j
I(z) = (2/2) Z%mj

(4.10)

for x > 0, e.g., see Lebedev (1965, p. 108). Sometimes the function [, (z) is referred
to as a Bessel function of the first kind with imaginary argument. For |z| small,
I,(z) ~ (z/2)"/T(v + 1); for |z| large, I,(z) ~ e*//2pi-x; and for v > 0 (which
holds in the expression for fg, 9, (q1,qr; 3, A) whenever k > 2), I,(-) is monotonically
increasing on R, see Lebedev (1965, p. 136). Expressions for I,(z) in terms of
elementary functions are available whenever v is a half-integer (which corresponds
to k being an odd integer). For example, I_; () = (2/pi)/2(exp(x) + exp(—x))/2
(which arises when k = 1) and I j5(z) = (2/pi)/2(exp(x) — exp(—x)) /2 (which arises
when k = 3).

4. Both GAUSS and Matlab have built-in functions for computing the modified
Bessel function of the first kind. These functions are extremely fast. Hence, the
density fo,,0.,(q1,q7r; 8, ) can be computed very quickly.

’In Johnson and Kotz (1970, 1972), a standard reference for probability densities, the formulae
for the noncentral Wishart and chi-squared distributions in terms of I(x_2)/2(-) contain several ty-
pographical errors. Hence, the densities in Lemma 3(a) and (b) are based on Anderson (1946, eqn.
(6)) and are not consistent with those of Johnson and Kotz (1970, eqn. (5), p. 133; 1972, eqn. (50),
p. 176). Sawa (1969, footnote 6) notes that Anderson’s (1946) eqn. (6) contains a slight error in
that the covariance matrix ¥ is missing in one place in the formula. This does not affect our use of
Anderson’s formula, however, because we apply it with 3 = Ij.
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5. Independence of S; and Q7 under Hy can be established directly using the
spherical symmetry of the distribution of Sy. Or, it can be established using (i) the
bounded completeness of Q7 for A pointed out in Comment 4 to Theorem 2, (ii) the
fact that the distribution of Sz does not depend on A by part (e) of the Lemma, and
(iii) Basu’s Theorem (e.g., see Lehmann (1986, p. 191)).

Equations (4.2), (4.7), and (4.8) and Lemma 3 combine to give the following
result.

Corollary 1 The optimal WAP test statistic for weight function W is

LRw(q1,qr) = [ fair.9r (a1, 975 8, ) dW (8, )) _ Yy (a1, qr)
’ [ For(ar: B, N)AW (B, ) farjap (atlars Bo, N Waw(ar)

where

Yy (an,ar) = / exp(=\(ch + d3)/2(As(0) P iz (1/A6(0)) AW (.,

o (ar) = / exp (~Ad3/2) (ddar) T L ((/AdBar) dW (8, 0),

the integrals are over (8,\) € Rx RT, and cg, dg, and £5(q) are defined in (2.7) and
Lemma 3(a).

Comment: Note that 1y, (g1, gr) does not equal [ fo, 0. (g1, qr; 3, \)dW (3, A) and
likewise with 15 yi/(gr). This is because numerous cancellations occur in the second
expression in the first line of the Corollary 1, including the constants K;-K4 (because
K1 = K»K3Ky) and the terms that depend on ¢; in the denominator.

Because 15 yy(gr) does not depend on g, it could be absorbed into the conditional
critical value given Q1 = qp. Thus, the test based on LRy (q1,qr) is equivalent to a
test based on ¥y (g1, gr). For reasons of numerical stability, however, we recommend
constructing critical values using In(LRw (q1, qr))-

Computation of the integrands of ¥y, (q1,q7r) and ¥,y (gr) in Corollary 1 are
easy and extremely fast using GAUSS or Matlab functions for computing the modified
Bessel function of the first kind. Hence, calculation of the test statistic LRy (Q1, Q1)
is very fast unless the weight function W is ill-behaved. Of course, ill-behaved weight
functions can be avoided because the user selects the weight function.

The test that maximizes WAP among invariant similar tests with significance
level « rejects Hy if

LRw(Q1, Q1) > kalQT), (4.11)

where kq(Qr) is defined such that the test is similar. That is, ko (qr) is defined by

Pg(LRw (Q1,qr) > kalqr)|Qr = qr) = «, (4.12)
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where Pg, (-|Q7 = qr) denotes conditional probability given Q7 = ¢r under the null,
which can be calculated using the density in Lemma 3(c). Note that £q(-) does not
depend on €2, Z, X, or the sample size n.

By Lemma 3(d)-(f), under Hy, (i) Qs, S2 = Qsr/(||S|| - ||T|]), and Qr are inde-
pendent, (i) Qs ~ X3, and (iii) Sy has density fs,. The null distribution of (Qs, S2)
can be simulated by simulating S ~ N(0, I;) and taking (Qg, S2) = (5'S, S’e1/||S]])
for e; = (1,0, ...,0) € R¥. Hence, the null distribution of Q1 = (5'S, S'T") conditional
on Qr = gr can be simulated easily and quickly by simulating S ~ N (0, I;) and
taking Q1 = (5'S, S’e1 - qr).

The critical value ko (Q7) can be approximated by simulating nps¢ iid random
vectors S; ~ N(0, 1) for i = 1,...,npc, where nyo is large, computing @Q1(i) =
(S1S;, Sier - Qr) for i = 1,...,numc, and taking In(kq(Q7)) to be the 1 — a sample
quantile of {In(LRw (Q1(2),Qr)) : i = 1,...,npc}. The p-value for the test based on
LRy (Q1,Qr) can be approximated by the fraction of values in {In(LRw (Q1(7), Q1)) :
i =1,...,npc} that exceed the actual value of the statistic computed using the orig-
inal sample Y.

The following theorem summarizes the results of this section:

Theorem 3 The test that rejects Hy when LRy (Q1, Qr) > ko(Qr) mazimizes WAP
for the weight function W over all level o invariant similar tests.

Comment: The optimal WAP test statistic LRy (Q1, @) depends on S’S, S'T, and
T'T in general. In contrast, the AR statistic depends only on S’S and the LM statistic
depends on ST and T'T, but not on S’S. Hence, power improvements from optimal
WAP tests compared to these two tests can be attributed to optimal exploitation of
information about 3 that is contained in all three statistics S’S, S'T, and T'T.

5 Point Optimal Invariant Similar Tests
and the One-sided Power Envelope

In this section, we determine the one-sided power envelope for invariant similar
tests by considering the point optimal invariant similar (POIS) tests for arbitrary
values (%, \*). In particular, we show that such tests do not depend on A*, so that
the POIS tests are of a relatively simple form.

Using the definition of I,,(x) in (4.10), ¥y (q1, ¢r) can be written as

(ke > (/\gﬁ((h; QT)/4)j
wwmh%0—2(k””/?@0*@%+%V325ﬂm@Fay2+j+n

_ 9—(k—2)/2 i fexp(—)\(c% + d%)/Q)(/\fﬁ(QL QT)/4)de(ﬁ7 )\)‘
7=0

dW (B, \)

(k=224 +1) (5-13)

Obviously, ¥y (gr) can be written analogously.

The integrand in the first line of (5.13) is increasing in £3(q1,qr) because
£s(q1,qr) > 0. In consequence, for a fixed value of 3, say 5* (# 3), the test that
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rejects Ho when {4« (Q1, Qr) is large maximizes weighted average power for all weight
functions over A values. That is, the optimal test for fixed alternative 8* rejects Hy
when

£+ (Q1, Q1) > K o(Q1), Where
P (£-(Qu,ar) > Kipalqr)|Qr = qr) = a (5.14)

for all gr. This test is a one-sided test because it directs power at a single point 3*
that is either greater than or less than the null value 3.

Corollary 2 The level a test based on g (Q1,Qr) is the uniformly most powerful
test among invariant similar tests against the alternative distributions indexed by

{(B5A): A > 0).

Comments: 1. The one-sided power envelope for invariant similar tests is given by
the test in (5.14) by varying the value 3*. Although the form of the test in (5.14)
does not depend on \*, its power depends on the true value of X\. Hence, the power
envelope depends on both parameters 5 and A.

2. The test based on g+(Q1,Qr) is equivalent to a test based on Qg+
2(dg+/cg+)Qsr. Hence, the test statistic is a linear combination of Qg and Qgr.
The coefficients of the linear combination depend on €2, 3, and 3*.

3. A test based on {g- (Q1,Qr) is equivalent to a test that rejects when

POIS1s = s +05v0s — > Rs o(QT), where
V2k + 6
6 = (2dg/cg*)\/Qr and

P3,(POIS1s > Fs,o(Qr)|Qr = qr) = . (5.15)

This formulation of the test is convenient because g, Sz, and Q1 are independent
under Hy by Lemma 3(f), which simplifies calculation of critical values.

4. Corollary 2 shows that no UMPT one-sided test exists because £z (Q1, Qr)
depends on 3*.

5. The quantity dg« is a linear function of 3* and equals zero iff 5* = 345, where

w11 — w120
= = 5.16
Bar 12— waay (5.16)

and w;; denotes the (¢,7) element of Q (provided wiz — waefy # 0). In this case,
6 = 0 and POIS1y reduces to Qg/ V/2k, which is the AR statistic rescaled. Hence,
the AR test is one-sided POIS against the alternative 8 = B 45.

6. The sign of ¢ in (5.15) can change as * changes even for §* values on the same
side of the null hypothesis because dg- is a linear function of 3*. For example, if 35 = 0
and wig > 0, then B, = waa/wi2 > 0, sgn(6) = sgn(dg+) > 0 for 0 < B* < B4R, and
sgn(6) = sgn(dg~) < 0 for * > B, > 0. In consequence, the form of the statistic
POISs changes dramatically as 5* varies. The constant § determines the weight put
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on the statistic So. The optimal value of 6 for small values of 3 > 3, has the wrong
sign for large values of 8 and vice versa. This has adverse consequences for the overall
one-sided power properties of POIS1 tests, see Section 8 below.

7. The optimal one-sided test for §* local to (3, with §* > [, and arbitrary
weight functions over A values (i.e., the LMPI test) is the one-sided LM test that
rejects Hy if

QST/QlT/2 > Kga (5.17)

where kg o is the 1 — a quantile of the standard normal distribution. Analogously, if

B* is local to §, with 5% < (3, then the LMPI test rejects Hy if —QST/Q%F/2 > Kga-
(See the Appendix for the proof.)

8. The power function of the one-sided LM test exhibits unusual behavior as 3
changes from values less than (4 to values greater than 54 . By Lemma 2, the con-

ditional distribution of Qgr/Q> given T is N((cg(To + dapr)/||To + dgpin||) tir 1),

where T' = Ty + dgp, and Ty ~ N(0, I;). Hence, QST/Q;/2 has a mixed normal dis-
tribution. For simplicity, consider the case 3y = 0. Then, for 3 > 0, cg is positive and
linearly increasing in 3. But, dg is proportional to w11 — w12/3, is linearly decreasing
in # when wq2 > 0, and is negative for 3 > 5,z when wi2 > 0. In this case, the mean
of the mixing distribution switches sign at 345 and this has a dramatic effect on
the power of the one-sided LM test. For large enough values of 3 its power drops to
zero because ((To + dgpir)/||To + dgpir|]) 1ty is negative with probability close to one.
When B, = 0 and wis < 0, the one-sided LM test against positive § values does not
exhibit this unusual behavior, but the one-sided LM test against negative § values
does. The non-monotonic behavior of the one-sided LM test also arises when (3, # 0.

9. The optimal one-sided test for §* arbitrarily large and any weight function
over A values is of the form: reject Hy if

Qs + 2(det(2)) V2 (Bywaz — w12)QsT > Koo.a(QT) (5.18)

for some Kooq(-), where w;; denotes the (i,j) element of 2. The same test is the
optimal one-sided test for 5* negative and arbitrarily large in absolute value for any
weight functions over A. In consequence, the optimal two-sided test for |5* — [|
arbitrarily large and any weight function over A values is the test in (5.18).

For the common case where the null hypothesis specifies that 3, = 0, the optimal
test for |3* — By large rejects Hy if

Qs = 2L Qs > oo (Q), (5.19)

(1-p?)
where p = wi2/(wi1wa2)"/* is the correlation between the errors v; and vy in (2.4).
(See the Appendix for the proof.)

1/2

6 Two-Sided Tests and Power Envelope

In this section, we discuss tests and the power envelope for the two-sided alter-
native hypothesis H; : 8 # (3. As described in the following four subsections, there
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are several methods of constructing WAP tests and the power envelope for two-sided
alternatives. The first method we consider is simple, but is found to have significant
drawbacks and, hence, is not recommended. The second through fourth methods are
recommended and are found to yield closely related results.

6.1 Symmetric-Alternative WAP Tests and Power Envelope

First, we consider invariant similar tests that maximize WAP for a weight function
W that depends on 8 only through |3 — By|. We call such tests optimal WAP tests
for symmetric alternatives. A corresponding power envelope can be constructed by
considering two-point weight functions for the points (G, — ,A) and (5, + 6, A) for
0>0and X\ > 0.

Although simple, weight functions for symmetric alternatives have some serious
drawbacks. These drawbacks stem from the fact that the underlying testing problem
is not symmetric for the parameter vectors (G, —06, \) and (8y+6, A). The distribution
of QQr is noncentral X% with non-centrality parameter d%)\, see Lemma 3(b). This
noncentrality parameter takes on different values for the parameter vectors (Gy—9, A)
and (B, +6,)).% In consequence, the problems of testing against these two alternative
parameter vectors are not equally difficult testing problems. This has undesirable
consequences for the power of WAP tests for symmetric alternatives under strong
IV asymptotics. In particular, calculations in Section 11 below show that such tests
are not asymptotically efficient under strong IV asymptotics according to the usual
criterion for asymptotic efficiency of two-sided tests in regular models.” Given this,
we do not recommend WAP tests for symmetric alternatives.

The power envelope generated by two-point symmetric alternative weight func-
tions does not represent a proper two-sided power envelope because the point optimal
tests that generate the envelope are asymptotically one-sided tests under strong in-
strument asymptotics, see Section 11. Hence, we do not consider this power envelope
any further.

6.2 Asymptotically Efficient WAP Tests and Power Envelope

We are interested in tests that have good all-around two-sided power properties.
This includes high power when the IV’s are strong. The appropriate benchmark
power envelope for such tests is a power envelope based on two-point optimal invariant
similar (POIS2) tests that are asymptotically efficient under strong IV asymptotics.
We consider this power envelope here.

We consider “two-point weight functions,” which are distribution functions that

6This is true except in the special case in which 5, = w12/wa22, where w1z is the off-diagonal
element of 2 and was is the (2,2) element of Q.

"The usual criterion is that of Wald (1943), who considers weighted average power over certain
ellipses in the parameter space. Lack of asymptotic efficiency for a test does not mean that the test
is asymptotically inadmissible under strong IV asymptotics. Rather, it means that the test does
not possess the standard two-sided asymptotic optimality properties that LR, LM, and Wald tests
possess in regular models.
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place equal mass on two points (5%, \*) and (85, A3). They are of the form
1 * * 1 * *
Wop(5,A) = 51(8 > %A= M%)+ 51(3 > 55,4 > A3), (61)

where % and (5 lie on opposite sides of (. Different types of two-point weight
functions arise depending on how (83, A3) is selected given (5%, \¥).

Here, we consider two-point weight functions that have a number of desirable
features. First, as shown in Section 11 below, they are the only two-point weight
functions that lead to POIS2 tests that are asymptotically efficient under strong IV
asymptotics. Second, they lead to POIS2 tests that have the same power against each
of the two points. Third, given (5%, A*), the second point (55, \5) satisfies: (i) 35 is
on the other side of the null value 3, from 3%, (ii) the marginal distributions of Qg,
Qst, and Qr under (53, A3) are the same as under (5%, \*), (iii) the joint distribution
of (Qs, Qsr, Q1) under (55, \3) equals that of (Qs, —Qsr. Q) under (5%, \*), which
corresponds to (35 being on the other side of the null from 3*, and (iv) the distribution
of [=S : T] under (83, A3) equals that of [S : T] under (8%, \*).

Given (8%, \*), the point (35, \5) that has these properties solves

(A3)2cqs = —(A)2¢se (#0) and (\3)2dgy = (\*)H2dg-. (6.2)

This follows from Lemma 2, Lemma 3(a), and A = p/ p.. Note that cg is proportional
to B — By and dg is linear in 3. Some calculations show that provided 8* # B g, the
solution to the two equations in (6.2) are

dﬂo(ﬁ* - 50)

5 = By — - and
% = 0 29— o)
dg, +29(8* — By))?
)\; — /\*( Bo + 9(26 ﬂ())) ’ where
d
Bo
g =i ag - (ah ag) V2 and e; = (1,0)". (6.3)

(If B* = B 4p, then there is no solution to (6.2) with 35 on the other side of the null
from (*.)

We refer to the power envelope based on POIS2 tests with W as in (6.1) and
(85, 3) as in (6.3) as the asymptotically efficient two-sided (AE-2S) power envelope.

Next, we consider WAP tests that are designed to have good all-around two-
sided power properties. We consider a class of weight functions that generalize the
AE two-point weight functions of (6.1) and (6.3) to more than two points. These
weight functions deliver WAP tests that are asymptotically efficient under strong IV
asymptotics, see Section 11 below, and, hence, are called AE weight functions. These
weight functions are of the form

Wan(5,X) = 5Wa(5,0) + 5 Wa(Ba, ). (64)

where (a) W, is a distribution function with finite support and (b) given (3, \),
(Bq, A2) is defined as (53, A3) is defined in (6.3) but with (5, ) in place of (8%, \*).
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Such weight functions place equal weight on (5,\) and (85, A2). The parameter
vector (5, A2) is the appropriate “other-sided” parameter vector to (3,A) in the
sense described in (i)-(iv) above. We call tests based on weight functions of the form
(6.4) asymptotically efficient (AE) WAP tests.

We refer to LRw,,(¢q1,qr) as an AE-WAP test statistic. It can be written con-
veniently without explicit dependence on (4, A2) as follows:

Ve (@1, ar) = 1/eXlD(—A(C% +d3)/2)(Mp(a) " H P ez ( Afﬁ(‘])) AW (8, )

2
1 " —(h— ¥
43 [ expl-ME + d)/2)0h@) D 4Tz (N5 (@)) . (5.,
(6.5)
and likewise for ¢ yy/, . (qr), where
&5(q) = chas — 2cpdaqsr + d3qr. (6.6)

This holds because the equations in (6.2) imply that /\2(0%2 + d%2) = )\(c% + d%) and
A€, (q) = A&j(q)-

Note that the POIS2 test statistics LRw,,(¢1, qr) with (83, A3) as in (6.3), which
are used to construct the AE-2S power envelope, can be written as in (6.5) with
Wi (B,\) = (1/2)1(8 > B*, A > A\*). The dependence of such tests on (3%, A*) shows
that no UMPI two-sided test exists.

6.3 Sign Invariant WAP Test and Power Envelope

Next, we consider tests that satisfy an additional invariance condition to that in
(3.1):

[S:T)—[-S:T]. (6.7)

The corresponding transformation in the parameter space is (3, \) — (53, A2), where
(B4, A2) is defined in (b) following (6.4). This sign invariance condition is a natural
condition to impose to obtain two-sided tests because the parameter vector (5q, A2)
is the appropriate “other-sided” parameter vector to (3, \) for the reasons stated in
the first paragraph of the previous subsection. The maximal invariant under this sign
invariance condition (plus the invariance conditions in (3.1)) is

(8'S,|9'T], T'T) = (Qs,|@stl, @r)- (6.8)

The AR, LM, and LR test statistics all depend on the data only through this maximal
invariant and, hence, satisfy the sign invariance condition (6.7).

The density of the maximal invariant (Qg, |Qs7|, Qr) at (gs,gst,qr) for gsT >0
is given by

1 1
sfoner (gs.qsT,qr) + EfQLQT(QS, — qsT,q7), (6.9)
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where Lemma 3 provides an expression for fo, 0, (¢s,gst, qr). Hence, following the
same argument as in Section 4.2, given a weight function W, (3, \), the optimal WAP
test statistic, call it LRy, (q1,9r), can be shown to satisfy®

LRy, (q1,91) = LRw,(q1,97)- (6.10)

Thus, the class of WAP tests that are invariant to (3.1) and (6.7) and that have
weight functions W, equals the class of WAP tests that are invariant to (3.1) and
that have weight functions W4g. Furthermore, the power envelope for the class of
invariant similar tests under the invariance conditions of (3.1) and (6.7) equals the
AE-2S power envelope.

6.4 Locally-Unbiased WAP Tests

A fourth approach to constructing tests and a power envelope designed for two-
sided alternatives is to impose an unbiasedness or a local (to the null) unbiasedness
condition. This approach has a long tradition in the statistics literature and is a stan-
dard way to derive optimal tests for two-sided alternatives. In exponential families,
UMP two-sided tests exist among the class of unbiased tests, see Lehmann (1986,
Thm. 4.3, p. 147). This is not the case in the curved exponential family testing
problem considered here. Nevertheless, one can develop optimal WAP tests among
the class of locally unbiased (LU) invariant tests.

We start by determining two necessary conditions for an invariant test (under the
invariance condition of (3.1)) to be unbiased. The first condition is similarity and the
second condition is local unbiasedness. Local unbiasedness requires that the power
function has zero derivative at the null hypothesis. Otherwise, the power function
would dip below the size of the test for some alternatives close to the null. We show
that the AR, LM, and CLR tests are LU.

Next, we determine the test that maximizes WAP, as defined in (4.1), among the
class of LU invariant similar tests. We do so using the same argument as in Section
4.2, but using the generalized Neyman-Pearson Lemma (see Lehmann (1986, Thm.
3.5, pp. 96-7)) in place of the Neyman-Pearson Lemma. The form of the optimal
WAP test statistic is the same as in Section 4.2, only the critical value function differs.

Theorem 4 An invariant test ¢(Q) is unbiased with significance level o only if
Eg, (0(Q)|Qr = qr) = a and Eg (¢(Q)Qsr|QT = qr) = 0 for almost all qr.

Comments. 1. The first condition establishes that all unbiased invariant tests must
be similar. The second establishes that the power function must have zero derivative
under Hy. The second condition is the local unbiasedness condition.

2. The two conditions in Theorem 4 are closely related to the conditions used
for two-sided alternatives in the classical hypothesis testing theory for exponential
families, see Lehmann (1986, Ch. 4).

8The proof of this relies on the fact that gsr enters the densities only through ¢%r in each place
except in the modified Bessel function. In consequence, the cancellations that occur in the middle
expression of the first line of Corollary 1 still hold.
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3. The second condition of Theorem 4 is equivalent to

EgO,A(¢(Q)QST/Q;/2) =0 for all A > 0. (6.11)

That is, any unbiased invariant test statistic ¢(Q) must be uncorrelated with the
pivotal statistic Qgr/ Q%p/ % under Hy.?

The AR, LM, and LR test statistics depend on the data through (Qs, Q%p, Qr).
The following result shows that these tests satisfy the second condition of Theorem
4.

Corollary 3 Any similar level o test that depends on the observations through
(Qs, Q%T, Qr) satisfies the local unbiasedness condition of Theorem 4.

Comment. Corollary 3 shows that the class of AE-2S invariant similar tests consid-
ered in Section 6.2 is contained in the class of LU invariant similar tests considered
in this section.

The next result uses local unbiasedness to specify an optimal WAP test for two-
sided alternatives.

Theorem 5 The test that maximizes WAP among LU invariant similar tests with
significance level « rejects Hy if

LRw (Q1,Qr) > k1a(QT) + Qs7k2(QT),

where K1o(QT) and Koo (QT) are chosen such that the two conditions in Theorem 4
hold.

Comment. Point optimal LU invariant similar tests are obtained by taking the
weight function W to give point mass at a given alternative parameter (3, ) of
interest. The power of these tests maps out the power envelope for locally-unbiased
invariant similar (LUIS) tests, which we refer to as the LUIS power envelope.

7 Point Optimal Invariant Non-similar Tests

7.1 One-sided Alternatives

Non-similar tests have null rejection probability below the significance level for
some values of the nuisance parameter, in this case, A\. Due to the continuity of
the power function, for such values of A\, the power of a non-similar test will be less
than the power of a similar test for alternatives close enough to the null hypothesis.
However, for other values of A, or for more distant alternatives, non-similar tests
can have greater power than similar tests. For this reason, we also consider optimal
invariant non-similar tests of 3 = 3, against a point alternative.

9The second condition of Theorem 4 clearly implies (6.11). The converse holds by the completeness
of Qr because by iterated expectations the left-hand side in (6.11) can be written as Eg  azh(Qr),

where h(Qr) = Eg, ($(Q)Qsr|Qr = qr)/QY>.
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Our construction of POI non-similar tests follows Lehmann (1997, Sec. 3.8).
Consider the composite null hypothesis

Ho: (8,0) € {(85,\) : 0 < A < o}, (7.1)
and the point alternative

Hy: (8,0) = (8%, A7) (7.2)
Let A be a probability distribution over {A: 0 < A < oo} and let hy be the weighted

pdf,

ha(q) = /le,QT (q1, 973 B, \)dA (N) (7.3)

where fo, o, (q1,97r; 8, A) is given in Lemma 3(a). The effect of weighting by A under
the null is to turn the composite null into a point null, so that the most powerful test
can be obtained using the Neyman-Pearson Lemma. Specifically, let ¢, be the most
powerful test of hp against fg, 0, (q1,qr; 5%, \*), so that ¢, rejects the null when

_ Joier(a,ari 8,2
ha(q)

where dj o is the critical value of the test, chosen so that NPa(q) rejects the null
with probability o under the distribution hy.
If the test ¢, has size « for the null hypothesis Hy in (7.1), i.e.,

NPx(q) > dj a, (7.4)

sup PgA(NPA(Q) > dpa) = (7.5)
0< A<

then the test ¢, is most powerful for testing Hy against Hj, and the distribution A
is least favorable; cf. Lehmann (1986, Sec. 3.8, Thm. 7, and Cor. 5).

Given a distribution A, condition (7.5) is easily checked numerically. What proves
more computationally difficult, however, is finding the distribution that satisfies (7.5).
In the numerical work we consider distributions A that put point mass on some point
Ao. In this case, we have

_ le,QT ((11» qr; ﬁ*v )‘*)
fau,.0r (a1, 73 Bos Mo)
eXP(—)\*(C%}* +d%.)/2) (X (Q))i(kim/4 Ik—2)/2 < kaﬁ*(Q)) 76)
- —(k—2)/ A
exp(—)\gd%O/Q) ()‘05@)(‘])) ’ 4—7(1@72)/2 ( Aong(Q))

NPy

where the second equality follows from Lemma 3(a).
Let R(By, Ao, 5%, \*|5,\) be the rejection rate of the test based on the statistic
given by (7.6) when the true values are § and A. The numerical problem is to find
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the value of A\g such that the test has size a. Denote this value of A\g by A(%F ; then
A solves

R(ﬂOa)\oLFaﬂ*a)\*Wo,)\oLF) = « and
up R(5, NP, 5 ' 650,) < o )

0< A<

If there is a MNF(8y, 8%, \*) that satisfies (7.7), then the test based on NPycr is
the POI non-similar test. The power envelope for invariant non-similar tests is

R(/B07 AéF(ﬁmﬁ*v /\*)7/6*7 )\*’ﬁ*v )\*)

7.2 Two-sided Alternatives

Next, we consider invariant non-similar tests that have maximum WAP for the
two-point AE weight functions defined in (6.1) and that satisfy (6.2). The op-
timal test is of the same form as in (7.4), but with the numerator replaced by
[ fo..0r(q1,qr; B, A)dWap(8,A). The numerator can be written in terms of (5%, \*)
alone (and not (35, A3)) by the same argument as used to get (6.5).

As in the one-sided case, we consider distributions A that place point mass on
some point Ag, so that the test statistic is

NPy = exp(~A*(c3 + d3)/2) [()\*fﬂ* () *2

(ver@) " e (6 @))
1

—(k—2)/4 -
[eXp(—)\od%O/Q) </\0d/2gho> I(k_g)/g <1 /)\od%OqT>] y (78)

where £5(q) is defined in (6.6). Algebra and the strong-IV asymptotic results of
Section 11 reveal that if a one point least favorable distribution exists it must satisfy

/4 Iig—2y/2 < Xkﬁﬁ*(Q)) +

)\OLF > Ag, where \g = Aldél/d%o. (7.9)

Otherwise, the critical value of NPrr is unbounded. The numerical problem is to
find Ao = )\LF that solves (7.7) and the additional restriction (7.9).

8 Numerical Results I: Model with
Known Covariance Matrix

This section reports numerical results for power envelopes and comparative pow-
ers of tests developed in Sections 4-7 for the case of known €2 and normal errors. The
model considered is given in (2.4) with Q specified by w11 = woe = 1 and wip = p.1°
Without loss of generality, no X matrix is included. The parameters characterizing

0There is no loss of generality in taking w11 = w22 = 1 because the distribution of the maximal
invariant @ under (ﬁ, T, Q) for arbitrary pd Q with elements @ W,k equals its distribution under (3, 7, 2),

where w1y = was = 1, B = (Da2/011) 2B, and 7 = &y, /7.
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the distribution of the tests are A\ (= 7’2’ Zw), the number of IV’s k, the correlation
between the reduced form errors p, and the parameter 3. Throughout, we focus on
tests with significance level 5% and on the case where the null value is 3, = 0.!!
Numerical results have been computed for \/k = 0.5, 1, 2, 4, 8, 16, which span the
range from weak to strong instruments, p = 0.95, 0.50, and 0.20, and k£ = 2, 5, 10,
20. To conserve space, we report only a subset of these results here. The full set of
results is available in AMS-04.

Conditional critical values for the POIS1s test and the (two-sided) CLR test were
computed by numerical integration based on the distributional results in Lemma 3.
Conditional critical values for other statistics were computed by Monte Carlo simula-
tion on a grid of 150 values of g7, yielding lookup tables that were then interpolated.
Least favorable distributions were approximated using a single-point distribution.
All results reported here are based on 5,000 Monte Carlo simulations. Details of the
numerical methods are given in the supplement to this paper, AMS-04.

The results are presented as plots of power envelopes and power functions against
various alternative values of 8 and A. Power is plotted as a function of the rescaled
alternative (3 — [30))\1/ 2. These can be thought of as local power plots, where the
local neighborhood is 1/AY2 instead of the usual 1/n'/2, since A measures the effective
sample size.

8.1 Omne-sided tests

Figure 1 presents the power envelope for invariant similar (conditional) tests
(POIS1) based on Corollary 2, the power envelope for invariant non-similar (uncon-
ditional) tests based on Section 7.1, and the power function of the CLR1 test of the
one-sided hypothesis Hy : 8 > 0. The single-point approximation of the least favor-
able distribution was found to work well in the sense that (7.5) is satisfied within
Monte Carlo accuracy.

Inspection of Figure 1 reveals three salient findings. First, the power envelopes for
the similar and non-similar tests are essentially the same up to numerical accuracy.
This is true not just for the values reported here but for all values of A\, 3, p, and
k considered. The reason for this is twofold. On one hand, the conditional critical
values for the POIS1 tests depend on gr only weakly in the range of g¢r that is
most likely to occur under the alternative. Thus, the POIS1 tests are very nearly
unconditional. On the other hand, the POI non-similar tests have null rejection rates
that are very nearly equal to 5% for all values of \; thus, the POI non-similar tests
are very nearly similar. Because POI similar tests are nearly unconditional and the
POI non-similar tests are nearly similar, the two types of tests have nearly the same
rejection regions.

Second, there is a curious blip in some power envelopes. This blip occurs at the
value of the alternative for which 8 = 1/p. This is the value B, defined in (5.16).

"' There is no loss of generality in taking 3, = 0 because the structural equation yi = yoB-+X~v, +u
and hypothesis Hy : 8 = 8, can be transformed into y1 = y28 + Xv; + v and Hp : 8 = 0, where
Y1 =y1 — Y2, and B =3 — B,.
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The blip occurs because the sign of § changes as 8* changes from values less than
1/p to values greater than 1/p.

Third, the CLR1 test has power that is close to the power envelope for local and
distant alternatives, but deviates from the power envelope for alternatives near the
point 3 = [B4p. For smaller values of p and larger values of \/k, the power of the
CLR1 test is closer to the power envelope than in Figure 1, see AMS-04.

One approach to testing in the absence of a UMPI test is to consider POI tests
that have power functions tangent to the power envelope at a certain value; cf. King
(1988). Accordingly, Figure 2 graphs power functions of various POIS1 tests along
with the invariant similar power envelope for A = 5 and A = 20. The individual power
functions plotted in Figure 2 are for (i) the local-to-3, POIS1 test given by (5.17), (ii)
the most distant POIS1 test given by (5.19), and (iii) several tests with intermediate
points of tangency (at powers of approximately 0.25, 0.5, and 0.75). Clearly, the
power functions of the POIS1 tests are not monotonic. This is a consequence of the
flip in sign of § in the POISI test statistic. For 8 < B4p, POIS1 tests have higher
power with positive ¢, but for 8 > 345 POISI tests have higher power with negative
0. Hence, tests designed for § < B4 perform poorly when 8 > (4p and vice versa.
In consequence, no single POIS1 test provides good overall performance.

Experiments with optimal WAP tests for various one-sided weight functions lead
to some tests whose power was similar to, but not better than, the power of the CLR1
test, see AMS-04. Hence, the best test in terms of overall one-sided power that we
found is the CLR1 test. Given that there is some difference between the power of the
CLR1 test and the one-sided power envelope, it may be possible to find a one-sided
test that performs better, but we were not able to do so. On the other hand, no
UMP one-sided test exists, so the CLR1 test may be as good a test as possible in an
overall sense.

8.2 Two-sided tests

Figure 3 presents power envelopes for the asymptotically efficient (AE) and locally
unbiased (LU) families of invariant similar tests. There is no discernible difference
between these two power envelopes. Hence, the power envelopes obtained from two
quite different criteria for imposing two-sidedness, viz., local-unbiasedness and two-
sided asymptotic efficiency under strong IV asymptotics, yield essentially the same
power envelope. This is a notable and very convenient result. The AE invariant
similar tests are more tractable numerically than the LU invariant similar tests, so
we focus henceforth on the AE family.

Figure 3 also presents the power envelope for the AE family of invariant non-
similar tests in the range in which we were able to compute it. According to our
computations, if (7.9) is satisfied then there exists a one-point least favorable distri-
bution. This occurs in an interval containing (3, where the end points of the interval
are defined by \&¥' = ;. Within this interval, A} is very close to Ag—within .02 in
all the cases plotted in Figure 3. Outside this interval, we were unable to find a one-
point least favorable distribution. Where we could compute it, the power envelope
for AE invariant non-similar tests equals that for AE invariant similar tests, within
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numerical accuracy.!?

Figure 4 presents the power functions of two POIS2 tests, along with the power
envelope for AE invariant similar tests. The first POIS2 tests is point-optimal against
8% = 0.8 and \* =5 (for k£ = 5), and the second is point-optimal against §* = 1.45
and \* = 5. We denote these as POIS2(.8, 5) and POIS2(1.45, 5), respectively. The
POIS2(.8, 5) and POIS2(1.45, 5) tests have power functions that are tangent to the
power envelope at powers of approximately 25% and 75% for A = 5. Note that these
tests depend on p but not on the unknown values of 3 or A and thus are feasible tests
if €2 is known. Unlike the case for the one-sided POIS1 tests, the power functions of
the POIS2 tests effectively lie on the two-sided AE power envelope. Evidently, both
these tests are numerically nearly UMP among AE invariant similar tests.

Figure 5 plots the power functions of the two-sided CLR, LM, and AR tests, along
with the power envelope for AE invariant similar tests. The striking new finding based
on this work is that the power function of the CLR test effectively achieves the power
envelope for AE invariant similar tests, even more closely than the POIS2(.8, 5) and
POIS2(1.45, 5) tests. Figure 5 documents other results as well. The power function of
the AR test is generally below the AE power envelope, except at its point of tangency
at = B4p. Also, as is known from previous simulation work (e.g. Moreira (2003)
and Stock, Wright, and Yogo (2002)), the power function of the LM statistic is not
monotonic. This is due to the switching of the sign of dg as § moves through the
value B,g. The adverse effect of the sign switching of dg is considerably muted for
the two-sided LM test compared to the one-sided LM test because, roughly speaking,
power lost on one side of the null is partially picked up by power on the other side.

The numerical equality of the similar and non-similar AE invariant power en-
velopes and the good overall performance of the POIS2 tests suggests that an un-
conditional point optimal invariant non-similar test might also exhibit good power
properties. We restrict attention to non-similar tests that are asymptotically efficient
if the IV’s are strong, which requires the o quantile of their null distribution (given
A) to be maximal in the limit A\ — oo, which in turn cannot occur if A\g < Ay. We
therefore consider tests of the form (7.8) with A\g = Ay, with upward sloping rejection
functions for A large, and, as a simplification, with d%l = c%l. This leads to test
statistics of the form

L exp(—£/2) (nZ)—(k I 2)/2( > ( ) . 2)/Llf(k—2)/2 <\/’f7§*>}

P =
(rar) " 1 g) 0 (v/RaT)

(8.1)

where € = qg + 2qsT + qr, € = g5 — 2qs7 + qr, and K = = \id3 = )\1% = )\od2
Note that with these simplifications the parameters 3;, 3, p, )\1, and A\g enter only
through x.

Figure 5 plots the power function of the P* test with x = 3.25, which corresponds
approximately to the POI non-similar test that is tangent to the AE non-similar

12WWe thank Anna Mikoucheva for research assistance in the computation of the AE invariant
non-similar power envelopes.
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power envelope at 3; = 0.792 and A; = 5.18 (the 5% critical value for this test is
3.37). The power of this test falls slightly below the power envelope near 34, but
otherwise numerically achieves the power envelope.

In sum, the results of Figure 5 (and further results documented in AMS-04) show
that the CLR test dominates the LM and AR tests and is, in a numerical sense, UMP
among AE invariant similar tests and among locally-unbiased invariant similar tests.
Also, the P* test nearly achieves this power envelope and thus is, in the same sense,
approximately UMPI.

Figure 6 shows how the power results change with k. Figure 6 gives the power
envelopes for AE invariant similar tests and the power functions of the two-sided
CLR, LM, AR, and P* tests for k = 2 (Figure 6(a) and 6(b)) and for £ = 10 (Figure
6(c) and 6(d)) (for k = 2, k = 2 and the 5% critical value is 2.95 for the P* test, and
for k = 10, k = 4.25 and the 5% critical value is 3.40). Three findings of these (and
related results reported in AMS-04) are noteworthy. First, note that the scale is the
same in Figure 6 as in Figure 5, and, aside from the location of the blip, the power
envelopes are numerically close in each panel in the two figures. This confirms that
the appropriate measure of information for optimal invariant testing is AV 2 and this
scaling does not depend on k. In particular, this implies that the AE power envelope
does not deteriorate significantly with the addition of an irrelevant instrument.

Second, the power of the CLR test is numerically essentially the same as the
power envelope, confirming the finding above for k = 5 that the CLR test is nearly
UMP among invariant similar tests of the AE family.

Third, for £ = 2, the power function of the P* test is effectively on the power
envelope. For k = 10, the power of the P* test drops slightly below the power
envelope, suggesting that for values of k£ > 5 it would be of interest to investigate
different unconditional POI tests as alternatives to the P* test.

9 Weak IV Asymptotics for Case of Unknown
Covariance Matrix and Non-normal Errors

In this section, we consider the same model and hypotheses as in Section 2,
but with unknown error covariance matrix, (possibly) non-normal, heteroskedastic,
and /or autocorrelated errors, and (possibly) random IV’s and /or exogenous variables.
The latter allows for lagged dependent and endogenous variables as regressors or IV’s.

We use weak IV asymptotics, as in Staiger and Stock (1997), to analyze the prop-
erties of the procedures considered. We consider three versions of the finite sample
tests introduced in Sections 4 and 6. The first version is suitable for the case of
uncorrelated errors that exhibit contemporaneous homoskedasticity. By this we mean
that E(V;V/|Z;, X;) is a constant matrix that does not depend on ¢, where V; denotes
the reduced-form error vector for the i-th observation (i.e., V; is the i-th row of V
written as a column 2-vector). In a time series setting this still allows for the errors to
exhibit temporal conditional heteroskedasticity with respect to lagged values of the er-
rors, IV’s, and exogenous variables (i.e., E(V;V/|Z;—1, Xi—1, Vi1, Zi—2, Xi—2, Vi_a, ...)
may be random).
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The second version of the tests that are introduced here is designed for uncorre-
lated errors that may exhibit contemporaneous heteroskedasticity (i.e., E(V;V/|Z;, X;)
may be random or depend on ). This version adjusts the statistics (S,7) to obtain
robustness to heteroskedasticity. Note that most procedures in the literature, includ-
ing the AR, LM, CLR, and Staiger and Stock (1997) procedures, are not robust to
heteroskedasticity.

The third version of the tests is designed to be robust to both contemporaneous
heteroskedasticity and autocorrelation in the reduced-form errors.

For clarity of the asymptotics results, throughout this section we write S, T, @1,
Qr, Qs, Qst, S2, A\, AR, LM, LR, and LR1 of Sections 2-8, as Sy, T, Q1,n, QT n,
Qsm, QsTm, S2.n, An, ARy, LM, LR, and LR1,, respectively, where n is the sample
size. All limits are taken as n — oo.

Let Z = [Z: X]. Let Y;, Z;, X;, Z;, and V; denote the i-th rows of Y, Z, X, Z,
and V, respectively, written as column vectors of dimensions 2, k, p, k + p, and 2.

9.1 Assumptions

We use the following high-level assumptions concerning the IV’s, exogenous vari-
ables, and errors. The assumptions are quite similar to those of Staiger and Stock
(1997), but they allow for the possibility of heteroskedastic and autocorrelated errors
because the form of the asymptotic variance matrix @ in Assumption 3 is not re-
stricted. The parameter m which determines the strength of the IV’s is local to zero
and the alternative parameter 3 is fixed, not local to the null value 3.

Assumption WIV-FA. (a) 7 = C/n'/? for some non-stochastic k-vector C.

(b) (3 is a fixed constant for all n > 1.

(c) k is a fixed positive integer that does not depend on n.

Assumption 1. n 77 —p D for some pd (k + p) x (k + p) matrix D.
Assumption 2. n7'V'V —, Q for some pd 2 x 2 matrix 2.
Assumption 3. n/2vec(Z'V)—4N (0, ®) for some pd 2(k 4 p)x2(k + p) matrix .

In Assumption 3, vec(:) denotes the column by column vec operator.

The quantities C, D, €2, and ® are assumed to be unknown.

Assumption WIV-FA is the “weak IV’s with fixed alternative” assumption. As-
sumptions 1 and 2 hold under suitable conditions by a weak law of large numbers
(WLLN), see below. Assumption 3 holds under suitable conditions by a central limit
theorem (CLT). Assumptions 1-3 are consistent with non-normal, heteroskedastic,
autocorrelated errors and IV’s and regressors that may be random or non-random.

For example, Assumptions 1-3 are implied by any one of the following assumptions:
Assumption IID. {(V;, Z;) : i > 1} are iid, E(V; ® Z;) = 0, E||Vi||?> + E||Z;||* +
E|lV; ® Z||? < 00, Q= EV;V/ is pd, and ® = E(V; ® Z;)(V; ® Z;)" is pd.
Assumption INID. {(V;, Z;) : i > 1} are independent, E(V; ® Z;) = 0 for all i > 1,
supizl(E|H/iH2+5+E||ZiH2+5+E||VQ®ZiH2+‘S) < oo for some § > 0, n~! Yo EV;V!
— Q) for some pd 2 x 2 matrix , and n~! Z?:l E(V; ® 7Z~)(Vi ®7i)l — @ for some
pd 2(k + p) x 2(k + p) matrix P.
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Assumption MDS. {(V;®Z;, F;) : i > 1} is a martingale difference sequence, where
F; = U(W,7i_7‘/2—177i—1, L {(V;, Z;) i > 1} is a stationary and ergodic sequence,
E|WVi|P+E|Z]||*+E||V;®Z;i||> < 00, 2 = EV;V/ ispd, and ® = E(V;® Z;)(V;® Z;)’
is pd.

Assumption CORR. {(V;,Z;) : i = ...,0,1,...} is a doubly infinite stationary
and ergodic sequence with E(V; ® Z;) =0, E||Vi||* + EH7Z||2 + E|V; ® Zi||? < oo,
S (B EVi®Zi| Fij)|I*)? < oo, where Fi = 0(Vi, Zi, Vi1, Zic1, ), @ = EV;V]
is pd, and @ = 3" B(V; ® Z;)(V{_; ® Z;_;) is pd.

j=—00

The random vectors {V; ® Zii> 1} are uncorrelated under Assumption IID,
INID, or MDS, but are (possibly) correlated under Assumption CORR.

If the errors are contemporaneously homoskedastic and {V; ® Z; : i > 1} are un-
correlated, the following key assumption holds. Under this assumption (and Assump-
tions WIV-FA and 1-3), the tests described in Sections 4 and 6 but with €2 replaced
by a consistent estimator £2,, have asymptotic significance level «, as desired.

Assumption 4. ® = Q ® D, where ® is defined in Assumption 3.

In Section 9.2 below, we impose Assumption 4, but in Sections 9.3 and 9.4, we do
not. Assumption 4 is implied by any one of Assumptions IID, INID, and MDS plus
the following.
Assumption HOM. E((V;V!) ® (Z;Z;)) = Q@ D for all i > 1.
By iterated expectations, a sufficient condition for Assumption HOM is E(V;V/|Z;) =
EV,V! =Q a.s. for all i > 1.

Note that Assumptions MDS and CORR allow for intertemporal conditional het-
eroskedasticity even when Assumption HOM holds.

Lemma 4 (a) Any one of Assumptions 11D, INID, MDS, and CORR implies As-
sumptions 1-3.

(b) Any one of Assumptions 11D, INID, and MDS plus Assumption HOM imply
Assumption 4.

The asymptotic results stated below hold for any true parameter values 3, C,
v, & and €, provided € is positive definite. Hence, we do not need to be specific
regarding the parameter space. Of course, for the testing problem to be well defined,
the parameter space should include the null value 3, and at least one other value of
G. In addition, for tests to exist that have non-trivial power, it is necessary for the
parameter space to include at least one non-zero vector C.

We estimate (€ R?*?) (defined in Assumption 2) via

ﬁn =(n—k —p)_l‘/},‘/}, where V =Y — PzY — PxY, (9.1)

where £ and p are the dimensions of Z; and X, respectively.!® Let ‘A/Z denote the i-th
row of V written as a column 2-vector.
Under Assumptions 1-3, the variance estimator is consistent.

13 This dAeﬁnition of ﬁn is suitable if Z or X CoAntains a vector of ones, as is usually the case. If
not, then €2, is defined with the sample mean of V' subtracted off.
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Lemma 5 Under Assumptions 1-3, (A)n —p .

Comment. The convergence in the Lemma occurs uniformly over all true parameters
B, C, v, and £ no matter what the parameter space is. This can be seen by inspection
of the proof of the Lemma.

9.2 Homoskedastic Uncorrelated Errors

We now introduce tests that are suitable for (possibly) non-normal, homoskedas-
tic, uncorrelated errors and unknown covariance matrix. That is, the tests are suitable
when Assumptions 1-4 hold.

We define analogues of Sy, T, Q1,n, and @1, that replace the unknown matrix
Q) with ﬁn:

Sp = (Z'2)7Y22'Y by - (byQhnbo) Y2,
Tn = (Z'2) 22'YQ rag - (ahtag) ™2,

Qun = (Qr Qst) = (5450 84T, and Q=

~

T (9.2)

The AR, LM, LR, LR1, and POIS;s test statistics for the case of unknown © are de-
fined as in (3.4), (3.7), and (5.15), but with QS, QST, and QT replaced by an, QSTn,
and QTn Denote these test statistics by ARn, LMn, LRn, LRlm and POIS’lA re-
spectively.

A homoskedastic optimal WAP test, referred to as an HOM-WAP test, rejects
the null hypothesis Hyp : 8 = 3y when

LRW(@LH? Q\T,n) > K‘a(@T,n)a (93)

where LRy (+,-) is defined in Corollary 1 and kq(+) is defined in (4.12) (and can be
calculated by simulation using the method described /:chere). An LU version of the
HOM-WAP test is defined using the statistic LRw (Q1,n, Q1) combined with the
critical value given in Theorem 5 with Q7 and Qg1 replaced by @T,n and @ST,m
respectively.

Next, we show that S, and T, converge in distribution to independent k-vectors
Soo and T, respectively, which are defined as follows. Let Nz be a k x 2 normal
matrix. Let

vec(Nz) ~ N(vec(DzCd'),Q0 @ Dz),
Soo = D> Nzby - (bobo) /2 ~ N(eaD}/*C. 1),

To = D’ NyQ g - (a0 ag) /2 ~ N(dgD}/*C, I,), where
Dy = D11 — D12D5y' Doy,

| Duin Dr2 , kxk C g
D = [ Doi Doy } , and Djp € R**" for j,£ =1,2. (9.4)
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The matrix Dy is the probability limit of n='Z’Z. Under Hy, Ss has mean zero, but
T does not. Let

Qoo = [Soo : Too]/[Soo : TOO]7
Q1o = (SheSsos S5 T0) s Q00 = ThoToo, Q5700 = ShoTho,
Q8,00 = So0S00, S2,00 = SooToo/ (|[Seol| - || Teol]), and
Ao = C'D5C. (9.5)

The following result holds under the null hypothesis and fixed (i.e., non-local)
alternative hypotheses.

Lemma 6 Under Assumptions WIV-FA and 1-4,
(a) (‘S\mfl/:n) —d (SOOaTOO)7

(b) (Sn,Tn) — (Sn,Tn) —5 0, and

(C) (SnaTn) —d (SOOaToo)-

Comments. 1. Inspection of the proof of the Lemma shows that the results of the
Lemma hold uniformly over compact sets of true # and C' values and over arbitrary
sets of true v and £ values. In particular, the results hold uniformly over vectors C
that include the zero vector. Hence, the asymptotic results hold uniformly over cases
in which the IV’s are arbitrarily weak. In consequence, we expect the asymptotic
test procedures developed here to perform well in terms of size even for very weak
IV’s. Note that it is precisely these cases in which the ¢, Wald, and LR tests based
on standard asymptotics perform poorly in terms of size.

2. Lemma 6 and the continuous mapping the/orgn imply that the asymptotic
distributions of the ARn, LMn, LRn, LRln, and POIS1; test statistics are given by
the distributions of the test statistics in (3.4), (3.7), and (5.15) with (Qs,Qst, Q1)
replaced by (Qs3,00, @sT, Oo, QT,0)- In particular, under the null hypothesis, Z}\Bn and
LM have asymptotic Xk and x? distributions, respectively. The one-sided POI
similar test against 5* = (45 is the AR test, see Comment 4 to Corollary 2, and,
hence, the AR test for the case of unknown nonsingular 2 is asymptotically point
optimal under weak IV asymptotics.

Using Lemma 6, we establish the asymptotic distributions of the {LRW(@L”, @Tn) :
n > 1} test statistics and {kq(Q1,n) : 7 > 1} critical values.

Lemma 7 The density, conditional density, and independence results of Lemma 3

fO'f’ (Ql,naQT,n)a QT,TL, QS,TL’ and 82,77, also hold fOT (Ql,ooaQT,oo)a QT,OO, QS,OO, and
82,00 With A, replaced by Ao

Comment. Lemma 7 holds by (9.4) and the proof of Lemma 3.

As above, the following results hold under the null and fixed alternatives.

Theorem 6 Under Assumptions WIV-FA and 1-4,

( ) (LRW(Ql mQT'n) Kva(Q\T,n)) —d (LRW(Ql,OOaQT,oo)a Ha(QT,oo))a

( ) (LRW(QI ns QTn) Ha(QT,n)) - (LRW(Ql,m QT,n); “a(QT,n)) —p 0, and
(C) ( RW(QI,TL)QT,H)? Ha(QT,n)) —d (LRW(Ql,omQT,oo)a “a(QT,oo))-
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Theorem 6 leads to the following results.

Corollary 4 Under Assumptions WIV-FA and 1-4,
( ) (LRW(Ql,m QT,n) > ’Qa(QT,n)) - 1(LRW(Q1 ns QTn) > ’Qa(QTn)) D 0,
(b) P(LRw (Q1,n, QTn) > ka(QTn)) — P(LRW(Q1,00, @T,00) > Ka(QT,00)),

)

) Qi Q Q
(c) P(LRw(Q1,n, QTn) > Fal(QTn)) — P(LRW(Q1,00, QT,00) > Ka(QT,00)), and
(d) under the null hypothesis, P(LRw (Q1,00, @T,00) > ka(QT,00)) = .

Comments. 1. Corollary 4(a) shows that the critical regions of the tests with
known and unknown error covariance matrix differ with probability that converges
to zero as n — oo. Hence, estimation of the error covariance matrix has no effect
asymptotically.

2. Corollary 4(b) and (c) provide the asymptotic power functions of the tests
based on known and unknown error covariance matrix. Consistent with the result of
Corollary 4(a) , the asymptotic power functions are the same. The asymptotic power
function depends only on 3, C, and Dyz. It can be written as:

Poww (3,C,Dz) = P(LRw(Q1,00, QT,00) > Fa(Q@T,00)) (9.6)
= /1(LRW(Q1,QT) > ka(q1)) fQ1,0r (1,913 B,C, Dz)dq1dqr,

where fg, 0 (q1,q7; 5,C, D7) is the density given in Lemma 3(a) with A = C"DzC.
3. Combining Corollary 4(b) and (c) with Corollary 4(d) implies that the tests
based on LRy (Q1,n, Q1,n) and LRy (@Ln, @T,n) both have asymptotic null rejection
rates of «, as desired.
4. For the LU version of the HOM-WAP test, analogous results to those of
Theorem 6 and Corollary 4 hold with /ia(@\T,n) and Kq(Q1,00) replaced by fela(@T,n)jL

@ST,nKsa(QT,n) and ’fla(QT,oo) + QST,oo’isa(QT,oo)a respectively.
9.3 Heteroskedasticity-Robust Tests

We now introduce alternatives to the statistics (§n,fn) that are adjusted to
achieve robustness to heteroskedasticity. Define

Sn = S5 *n Y22V by and (9.7)

T = z;}f ( “1/271y (—1gy — 2T5n251/25n) . where

~ ~ ~ !~ n o~ ~ !/
Son = e S (700 2:) (Vi) Srs = nih 3 (V101002 ) (V02
i=1 =1

n
~ ~ ~,~ /
Srn = S — 150 s nSrsm Sa = oy 2 (V0 002 ) (V05 a0 ) |
=1

ngp =n—k—p, and ﬁn and ‘A/Z are defined in (9.1).14

“There is no need to recenter {\A/i'boZ,- : i < n} by subtracting off its sample mean,
nt > j—1 VjboZ;, in the definition of X5, because its sample mean is identically zero. The same
holds for Xrs,, and Sk ..
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The statistic S is based on n=Y/22'Y b, just as S is, but is normalized by 251/2,

which is a consistent estimator of the square root of the asymptotic variance matrix
of n7Y/2Z'Y by even in the presence of heteroskedasticity. The statistic T is based on

*1/2Z’YQn Lag, as Tn is, but is adjusted by subtracting off ZTS’nESﬂ/ Sn to achieve
zero asymptotic covariance with §n even in the presence of heteroskedasticity and
is normalized by i;ln/Q to achieve identity asymptotic covariance matrix even in the
presence of heteroskedasticity. In the case of homoskedasticity, f)TS’n —p 0 and the
ETS,,ZE;I/ 2§n adjustment has no effect asymptotically.

Heteroskedasticity-robust AR, LM, CLR, CLR1, and POIS1 tests, denoted HR-
AR, HR-LM, HR-CLR, HR-CLR1, and HR-POISI1, respectively, are defined as fol-
lows. The heteroskedasticity—robust test statistics, denoted AR,,, LM, CR,, LR1,,
and POIS1; 5, respectively, are defined as in (3.4), (3.7), and (5.15), but with (Qs,
Qst, Q1) replaced by (Qsm» QVST’H, @Tn) The appropriate critical values for these
test statistics are the same as in the homoskedastic case. Thus, the critical values
for the HR-AR and HR-LM tests are from X% and x? distributions, respectively. The
critical value functions for the HR-CLR, HR-CLR1, and HR-POIS1 tests are the
same as in the homoskedastic error case. For the CLR test, see Table I of Moreira
(2003).

A heteroskedasticity-robust optimal WAP test, referred to as an HR-WAP test,
rejects Hy : B = 3y when

LRw(Q1.0, Q1) > Ka(Qr,n), where

él,n = (gégna g;j:n)/; @T,n = Trllj:m (9'8)
and kq(+) is defined in (4.12) (and can be calculated by the method following (4.12)).
Note that the critical value function k4 (-) for the HR-WAP test is the same as for the
HOM-WAP test. An LU version of the HR-WAP test is defined using the statistic
LRW(Q1 n,QTn) coupled with the critical value in Theorem 5 with Qp and Qgr

replaced by QTn and QSTn =9 Tn, respectively.
We now analyze the asymptotic properties of the various HR tests. Define

Sg = MBy®ByM', Spg = MA®BLM', S5 = MAg®A)M’, and
Sr = B4 — Spg¥gi g, where (9.9)
M = [Ir : —D12D33'], Bo = (by ® Ii4p), and Ag = (2 'ag)’ ® Iy

The estimators ism, iTS,n; and iTm converge in probability to is, iTs, and
3T, respectively, when Assumptions WIV-FA and 1-3 and the following assumptions
hold.

Assumption 5. n7 1Y (V; ® Z;)(Vi® Z;) —p .
Assumption 6. n~' 31 (I[Zi||* +1[Z:|Pl|Vill) = Op(1).
Any one of Assumptions IID, INID, or MDS is sufficient for Assumption 5.
Assumption 6 holds under Assumption IID or MDS plus the following assumption.
Assumption MOM. E||Z;||* + E|[Z:|?||Vi|| < oo.
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Assumption 6 holds under Assumption INID plus the following assumption.
Assumption MOM2. E||Z;|[**® + E|[Z;||>*®||Vi||'T? < oo for some § > 0.

Let goo and Too be independent random k-vectors with

S ~ N(E5"?DzCa'by, It)) and

T ~ N (2 1/2 <DZC’a'Q_1a0 - iTsingZCa’bO) ,Ik> : (9.10)

~ ~ o~ ~ o~ !/ ~ ~ o~
Let Q100 = (sgosoo, S;OTOO> and Qr oo = T, Too.
The asymptotic properties of tests based on (gn, Tn) are as follows.

Theorem 7 Under Assumptions WIV-FA, 1-3, 5, and 6,

(a) iS,n —p is, iTS’n —p iTS, and iTm —p Y7 and

(b) Lemma 6(c), Theorem 6(c), and Corollary 4(c) and (d) hold with Sn, Ty Soos
Too, Q1,00, and Q7o Teplaced by Sp, Tn, Soo; Too, Q1,00, and QT 0, Tespectively.

Comments. 1. Part (b) of the Theorem shows that HR-WAP tests have the
correct significance level asymptotically whether or not the errors satisfy Assumption
HOM. It shows that estimation of €2, X, ETS, and Y7 does not affect the asymptotic
distribution of {(LRW(Q1 ns QTn) Ka (QT n)) i m > 1}. It also shows that if the errors
satisfy Assumption HOM, then the HR-WAP tests have the same asymptotic power
as HOM-WAP tests because (S, Tro) and (Sa, Tho) have the same distribution in
this case.

2. Theorem 7(b) and the continuous mapplng theorem 1mply that the asymp-

totic distributions of the ARn, LM " CRn, LRln, and POI S15 test statistics under
Assumptions WIV-FA, 1-3, 5, and 6 are given by the dlstrlbutlons of the test statis-
tics in (3.4), (3.7), and (5.15) with (S,T) replaced by (SOO,T ). Hence, the HR-AR
and HR-LM statistics have asymptotic null Xk and X1 distributions, respectively.
In addition, the critical value functions of the HR-CLR, HR-CLR1, and HR-POIS1
tests are the same as in the homoskedastic case and are determined by the density
in Lemma 3(c). If Assumption HOM holds, then the asymptotic power functions of
the HR-AR, HR-LM, HR-CLR, HR-CLR1, and HR-POIS1 tests are the same as the
non-heteroskedasticity-robust versions of these tests.

3. For the LU version of the HR-WAP test, analogues of Theorem 6(c) and Corol-
lary 4(c) and (d) hold under the assumptions of Theorem 7 with Q1 " QTn, Q1,00

QT,00, Ha(@T,n) and o (Qr,00) replaced by Ql 1> Qs Q1005 Q005 ff1a(QTn)
Qs1nk2a(Qrn), and F10(QT 00) + Q5T ,00k20(QT 00), Tespectively, where Qsro0 =
S T

9.4 Heteroskedasticity and Autocorrelation Robust Tests

Tests that are robust to heteroskedasticity and autocorrelation in the reduced-
form errors {V; : i > 1} are obtained by using the tests introduced in the previous
subsection but with different estimators in place of Egn, ZTsn, ETn, and Zi}n
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These are the only changes that are needed. In place of these estimators, one uses
estimators of £g o0, £75.00, 27,00, and L. __, respectively, that are consistent (at least
under the null hypothesis), where

_ [ Y80 Erge ~1/2 Vi/boZ;
Yoo = Srsee Sy nh_)rgovar n Z VIO a0 Z; and

X0 ~ ETS,OOZE,OOETS,OO- (9.11)

T, 007

ET,oo -

Let

ES n ETS n

M
:

(9.12)

be a consistent estimator of ¥ based on {(V/boZ!, V/Q; YaoZ!) : i < n}. There are
many HAC estimators in the literature that can be used for this purpose, e.g., see
Newey and West (1987), Andrews (1991), and Andrews and Monahan (1992). For
brevity, we do not provide an explicit set of conditions under which one or more of
these HAC estimators is consistent. We note, however, that the presence of weak
IV’s does not complicate standard proofs of the consistency of HAC estimators.
Given the estimator %, the estimators Zgn, XTSn, 2T;m, and ETn are replaced

in (9.7) by Zsm, ZTS’n, iT,m and ETW respectively, where
—_— —% — __1 J—
Srn = Spin — DT80 6 ST 5m- (9.13)

Let Sna Th, Ql,nv QS,n: QST,n? and QT,n denote STH Ty, Ql,n7 QS,'IZ; QST,n7 and QT,'!Z?
respectively, with these changes. Heteroskedasticity and autocorrelation-robust AR,
LM, LR, LR1, and POIS1 test statistics, denoted AR,, LM,, LR,, LR1,, and
POI1515, respectively, are defined as in (3.4), (3.7), and (5.15), but with (Qs, Qs7, Q1)
replaced by (Qg, Q g7, Q). The corresponding tests are denoted HAR-AR, HAR-LM,
HAR-CLR, HAR-CLR1, and HAR-POISI1, respectively. The appropriate critical val-
ues for these test statistics are the same as in the homoskedastic case.

A heteroskedasticity and autocorrelation-robust optimal WAP test, referred to as
an HAR-WAP test, rejects Hy : 8 = 3y when

LRW(@I,n?@T,n) > KVO&(@T,TL)» (914)

where kq(+) is defined in (4.12). An LU version of the HAR-WAP test is defined using
the statistic LRy (Q ,,, Q7,,) combined with the critical value given in Theorem 5
with Q7 and Qg7 replaced by @T’n and QSTW respectively.

The HAR-AR, HAR-LM, HAR-CLR, HAR-CLR1, HAR-POIS1, HAR-WAP, and
LU-HAR-WAP tests have correct asymptotic significance level under Assumptions
WIV-FA and 1-3 plus the additional conditions that are needed to obtain consis-
tency of ¥, for Y. Furthermore, if Assumption 4 also holds, these tests have the
same asymptotic power functions as the corresponding AR, LM, CLR, CLR1, POIS1,
HOM-WAP, and LU-HOM-WAP tests, or if Assumptions 5 and 6 also hold, they have
the same asymptotic power functions as the HR-AR, HR-LM, HR-CLR, HR-CLR1,
HR-POIS1, HR-WAP, and LU-HR-WAP tests.
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10 Asymptotic Optimality and Power Envelope
with Weak IV’s

In this section, we show that the tests HOM-WAP, HR-WAP, and HAR-WAP,
and the corresponding LU versions of these tests, exhibit certain asymptotic WAP
optimality properties when the IV’s are weak and the errors are iid normal with
unknown covariance matrix. These results immediately provide one- and two-sided
asymptotic power envelopes by considering one- and two-point weight functions, see
Sections 5 and 6.2. These asymptotic power envelopes are the same as the finite
sample power envelopes determined in Sections 5 and 6.2 for the case of iid normal
errors with known covariance matrix.

For the asymptotic optimality results, we set up a sequence of models (or experi-
ments) with the parameters renormalized such that no parameter can be estimated
asymptotically without error, as is standard in the asymptotic efficiency literature,
e.g., see van der Vaart (1998, Ch. 9). For the parameters 3 and C, no renormalization
is required given Assumption WIV-FA because neither can be consistently estimated
in the weak IV asymptotic setup. For the parameters €2 and 7, renormalizations are
required. We take the true parameters {2 and 7 to satisfy

Q=0+ Q/n'? and n = ny +n,/n'/?, (10.1)

where 2 and 7 are taken to be known and the unknown parameters to be estimated
are the perturbation parameters 7, and €2;. The matrices 2y and 2; are assumed to
be symmetric and pd.

The least squares estimator of 77 in the model of (2.5) is denoted 7j,, = (X' X)L X'Y.
(The form of 7,, relies on the fact that Z’X = 0 by construction of Z.)

For any symmetric ¢ x £ matrix A, let vech(A) denote the ¢({+1)/2-column vector
containing the column by column vectorization of the non-redundant elements of A.

The following basic results hold under the null hypothesis 3 = [, and fixed
alternatives 8 # :

Lemma 8 Suppose Assumption WIV-FA holds, the reduced-form errors {V; : i > 1}
are iid normal, independent of {7i 4 > 1}, with mean zero and pd variance matriz
Q, and Q and n are as in (10.1). Then,

(a) (n=Y22'Y, n' /23, —ng), nY/2(Q, — ) are sufficient statistics for (3,C,Q,n;),
(b) (n=Y22'y, n/2(5, — ), n/2(Q — Q) —q (N7, Nx, Ng), where Nz, Nx, and
Nq are independent k X 2, p X 2, and 2 X 2 normal random matrices, respectively,
with vec(Nz) ~ N(vec(DzCd'),Q0 ® Dz), vec(Nx) ~ N(vec(n;), % @ Dayy'), No
is symmetric, and vech(Nq) ~ N (1, E(¢ — EC)(¢ — EQ)'), where { = vech(vov}),
vo € R?, and vg ~ N(0,€), provided Assumption 1 also holds.

Given the result of part (a) of the Lemma, there is no loss in attainable power
by considering only tests that depend on the data through (n='/22'Y, n'/2(5, —n,),
nt2(Qy, — V). Let ¢, (n=Y22'Y, n'/2(7,, — ny), n/2(Qn — Qo)) be such a test. The
test ¢,, is {0, 1}-valued and rejects the null hypothesis when ¢, = 1. We say that
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a sequence of tests {¢,, : n > 1} is a convergent sequence of asymptotically similar
tests if, for some function ¢(-, -, ),

gbn(n_l/QZ,Y? nl/Q(ﬁn - 7’0)7 nl/Q(Qn - QO)) —d ¢(NZ7 Nx, NQ) and
Pﬂvc79077]0 (¢(NZ7 NX7NQ) = 1) =« (102)

for B = By and all (C,€,7,) in the parameter space, where Pg ¢ q,4,(-) denotes
probability when the true parameters are (3,C,Q9,n,). Examples of convergent
sequences of asymptotically similar tests include sequences of AR, HR-AR, HAR-AR,
LM, HR-LM, HAR-LM, CLR, HR-CLR, HAR-CLR, CLR1, HR-CLR1, HAR-CLRI1,
HOM-WAP, HR-WAP, and HAR-WAP tests. Standard Wald and LR tests are not
asymptotically similar due to the effect of weak IV’s.

The transformation, call it hq(-), from Nz to [Seo : Two) in (9.4) is one-to-one.
Hence, for some function ¢, we have

¢(NZ7 NXyNQ) = ¢(h§_21(soovTOO)7 NZ; NQ) = E(SOO7TOO> NX: NQ) (103)

As in Section 3, we consider the group of transformations given in (3.1) but with

9r (B, ) replaced by g (5, C) = (5, D;/QF’DlzﬂC) acting on the parameters (3, C).
The maximal invariant is Qoo (defined in (9.5)).

We say that a sequence of tests {¢,, : n > 1} is a convergent sequence of as-
ymptotically invariant tests if the first condition of (10.2) holds and distribution of
&(So0, Too, Nx, Nq) depends on (Seo, Tno) only through Qe i.c.,

¢(So0, Too, Nx, Na) ~ ¢"(Qoo, Nx, Na) (10.4)

for some function ¢*, where ~ denotes “has the same distribution as.” Examples
of convergent sequences of asymptotically invariant and asymptotically similar tests
include the tests listed above in the paragraph containing (10.2).

We now establish an upper bound on asymptotic WAP.

Theorem 8 Suppose Assumptions WIV-FA and 1 hold, the reduced-form errors {V; :
i > 1} are iid normal, independent of {Z; : i > 1}, with mean zero and pd variance
matriz 2, and Q andn are as in (10.1). For any convergent sequence of asymptotically
invariant and asymptotically similar tests {¢,, : n > 1}, we have

nh—>nolo Pﬂ)\,Qﬂl(gbn(n_l/QZ,Y? nl/g(ﬁn - 770)7 nl/Q(Qn - QO)) = 1)dW(6? )‘)
- / Pscion (6 (Qoos Nx, Na) = 1)dW (5, )
< [ Paruan (LRW(Q1o0, Q1) > @ JAW (5.,

where Pgxqn(-) denotes probability when the true parameters are (3,C,8,n) for
some C such that C'DzC = ).
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Comment. Under Hy : § = [, the left- and right-hand sides of the inequality in
the Theorem equal «.

Combining Theorem 8 with Corollary 4(c), Theorem 7(b), and the results of
Section 9.4 gives the following asymptotic optimality property for HOM-WAP, HR-
WAP, and HAR-WAP tests.

Corollary 5 Under the conditions of Theorem 8, the HOM-WAP, HR-WAP, and
HAR-WAP tests of Section 9 are convergent sequences of asymptotically invariant
and asymptotically similar tests that attain the upper bound on asymptotic WAP
given in Theorem 8.

Comments. 1. By considering one- and two-point weight functions, as in Sections
5 and 6.2, Corollary 5 gives the one- and two-sided asymptotic power envelopes for
asymptotically invariant and asymptotically similar tests. These asymptotic power
envelopes are the same as the finite sample power envelopes for known ) given in
Sections 5 and 6.2 with \oo = C'DzC in place of A = 7'Z'Zx (where C'DzC =
limy, 00 7' Z' Z7 under weak IV asymptotics).

2. In Theorem 8 and Corollary 5, the assumption that the reduced-form errors
{V; i > 1} are iid normal, independent of {Z; : i > 1}, with mean zero and pd
variance matrix €2, can be replaced by Assumptions 2-4. The latter allow for non-
normal errors. But, with this replacement, Lemma 8(a) no longer holds and it is no
longer true that there is no loss in attainable power by considering only tests that
depend on the data through (n=Y/22'Y, nY/2(5, — n,), n2(€, — Qo).

3. We say that a convergent sequence {¢,, : n > 1} of asymptotically invariant and
asymptotically similar tests is asymptotically LU if Eg c,00n,9" (Qoos Nx, No)Q5T,00
/Q%,,/go =0 for 8 = B and for all (C, o, n) in the parameter space, where Q7,00 =
SéOT s and Q7.0 = T2 Too. An analogue of Theorem 8 holds for sequences of such
tests with ko (QT,00) replaced by K1a(QT,00) + QST ,00k20(@T,00) in the upper bound.
Similarly, an analogue of Corollary 5 holds for the LU versions of the HOM-WAP,
HR-WAP, and HAR-WAP tests with the critical value in the upper bound in The-
orem 8 altered as above. Hence, these tests possess some asymptotic optimality
properties under weak IV’s. By considering one-point weight functions, these re-
sults yield the asymptotic power envelope for convergent sequences of asymptotically
invariant/similar /LU tests.

11 Strong IV Asymptotics for Case of Unknown
Covariance Matrix and Non-normal Errors
In this section, we analyze the strong IV asymptotic properties of the tests con-
sidered above for both local alternatives and fixed alternatives. Under strong IV

asymptotics, 7 is a fixed non-zero vector. We utilize the same notation as in Sections
9 and 10. Thus, S =5, Q = Q,, etc.
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11.1 Local Alternatives

For local alternatives, (3 is local to the null value 3, as n — oo. We assume:

Assumption SIV-LA. (a) 5= (3, + B/nl/2 for some constant B € R.
(b) 7 is a fixed non-zero k-vector for all n > 1.
(c) k is a fixed positive integer that does not depend on n.

__ The strong IV-local alternative (SIV-LA) asymptotic behavior of Sy, §n, T,, and
T,, depends on

CS ~ N(aS7Ik)7
as = DIZ/27TB(bE)Qb0)_1/2, and
ar = DIZ/27T(a’0Q_1a0)1/2. (11.1)

The SIV-LA asymptotic behavior of gn and 7T, »n depends on

(s~ N(@s.Ir)
ag = i;l/QDZwB, and

ar = S72DymayQ Yap. (11.2)
Using these definitions, we obtain the following results.

Lemma 9 (a) Under Assumptions SIV-LA and 1-4, (i) (Sp, T, /n/?) —d (Cgsar),
(i) (Sn,Tn/n'/2) = (S, Tn/n?) + 0y(1), and (iii) (Qsn; QsTin/n"%, Qrin/n) =4
(CsCs» €, afpar) as n — oo. _ o _
(b) Under Assumptions SIV-LA, 1-3, 5, and 6, (i) Xs, —p LS, XT8n —p 2TS,
and 1,5, —p 37, (i) (Sn, Tn/n'?) =4 (g, ar), and (iii) (Qsn, QsTin/n"?, Q1.0 /n)

~/ ~ — ~ — —
—a (CsCs: O, &pr) asn — oo.

Using Lemma 9, we determine the asymptotic distributions of the AR, LM, LR,
and LR1 test statistics and their heteroskedasticity-robust versions under SIV-LA
asymptotics.

Theorem 9 (a) Under Assumptions SIV-LA and 1-4, (i) AR, = AR, + op(1) —4
(sCs ~ N3 alsars), (i) Iy = LMyop(1) —a (apCs)*/llar|? ~ x2((apars)?/llar 1),
(ii)) LR = LRy +0p(1) = LMy +0,(1) —a &5Cs/llazl| ~ 3((apas)?/ llagl|?). and
(iv) LR1, = LR1, + 0p(1) —4 LR1, where LRl is defined in the proof.

(b) Under Assumptions SIV-LA, 1-3, 5, and 6, (i) A\Rﬁjd Ziq;élsi"“ Xz (asas),
(i) LMy —a (@Cs)?/Ilar|2 ~ \3(@has)?/|ar]2), (i) LR = LMy + 0y(1) —g
(& C)?/||ar||? ~ x3((apas)?/||lar||?), and (iv) LR1, —4 LRls, where LR1y, is
defined in the proof.

Comments. 1. Parts (a)(iii) and (b)(iii) of Theorem 9 show that the LM and LR
test statistics are asymptotically equivalent under SIV-LA asymptotics for any value
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of k (the number of IV’s). (When k = 1, the AR, LM, and LR test statistics are the
same, so the tests are trivially asymptotically equivalent.)

2. The critical values for AR and LM tests are non-random. However, the critical
values for CLR tests are functions of Qr,p, QTn, or QTn Hence, for LM and CLR
tests to be asymptotically equivalent, the CLR critical value, call it /@(XCLR(QT?”),
must converge in probability to a constant as n — oco. Under strong IV asymptot-
ics, Qr,n —p 00. In consequence, asymptotic equivalence holds if /@CLR(qT) con-
verges to a finite constant as gp diverges to infinity. Moreira (2003) shows that
limg, o0 /-iCLR(qT) equals the 1 — o quantile of the x? distribution. Hence, the LM
and CLR tests are indeed asymptotically equivalent under SIV-LA asymptotics.

. When Assumptlon 4 holds, ag = ag, ar = ar, (g = (g, and the asymptotic
dlstrlbutlons of ARn, LM n LRn, and LRl are the same of those of ARn, LM n
LRn, and LRln, respectively.

4. Theorem 9(a)(i) and (a)(ii) are not new results, but the rest of Theorem 9 is
new. Moreira (2003) does not provide the SIV-LA asymptotic distribution of LR,
and the test statistics Iﬁn, Z]én, EMm fén, and 17]\%/1” are new to this paper.

5. The heteroskedasticity and autocorrelation robust test statistics AR, @n,
LRn, and LR1, satlsfy analogous results to those in part (b) of the Theorem for AR,
LMn, LRn, and LRln7 but with 25 and ET replaced by X5 o and Y7 o in definitions
of ag and ap. These analogous results hold under assumptions of the Theorem plus
the additional conditions that are needed to obtain consistency of ¥, for Yoo

Under SIV-LA asymptotics and iid normal errors with unknown covariance matrix
2, the model for (y1,y2) is a “regular” parametric model in the sense of standard
likelihood theory. Hence, the usual Wald, likelihood ratio, and Lagrange multiplier
tests have standard large sample optimality properties. Such optimality properties
include maximizing average asymptotic power over certain ellipses in the parameter
space and uniformly maximizing asymptotic power among asymptotically unbiased
tests, see Wald (1943). We refer to tests with such properties as asymptotically
efficient (AE) tests under SIV-LA asymptotics and iid normal errors.

We have the following AE result for LM and CLR tests under SIV-LA asymptotics.

Theorem 10 Suppose Assumptions SIV-LA and 1 hold and the reduced-form errors
{V; : i > 1} are iid normal, independent of {Z; : i > 1}, with mean zero and pd
variance matriz @ which may be known or unknown. Then, the LM tests based
on LMn, LMn, and LM, and the CLR tests based on LR, LRn, and LR, are
asymptotically efficient under strong IV asymptotics.

Comment. The AR tests based on Z]\%n, Zén, and AR,, are not AE under SIV-LA
asymptotics and iid normal errors unless k£ = 1. This holds because their asymptotic
distribution under SIV-LA asymptotics differs from that of LM, when k > 1 by
Theorem 9.

We now consider the behavior of one-sided POI similar tests under SIV-LA as-
ymptotics.
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Theorem 11 (a) Under Assumptions SIV-LA and 1-4, (i) if 8* # Bag and 3* # By,
then POIS13/6 = POIS1s/6+0,(1) = sgn(cﬁ*dﬁ*)QST/QlT/2+0p(1) —q sgn(cgdg)
x (e Cs)/llarll ~ N(sgn(cg-ds-)(aras)/llarll, 1), and (ii) if 3* = Bag, V2kPOIS1;
+k = V2kPOIS1s+k+0,(1) = Qs —a ('sCs ~ X2 (clgas), where 3* is the alternative
against which POIS1s is POI and (B 4 is defined in (5.16).

(b) Under Assumptions SIV-LA, 1-3, 5, and 6, (i) if 0% # Bar and B* # By,
then POIS13/5 = sgn(cgds-)Qsr/Q3” + 0p(1) —a sgn(cg-dg)(@rCs)/|[ar|| ~
N(sgn(cg=dg)x
(@ ais)/Iarl, 1) . ond (i) if 3 = Bap, then VIRPOTSI; +k = Qs —a Csls ~
X (@s@is).

Comments. 1. The Theorem shows that one-sided POI test statistics are asymp-
totically equivalent to a one-sided LM statistic whose sign depends on (3* except in
the special case in which §* = 3. Furthermore, the critical value of a POIS1 test,
call it KSOISI (Qr), converges in probability to the 1 — o quantile of the standard
normal distribution as gr — oo. (See the Appendix for a proof.) Hence, one-sided
POI tests are asymptotically equivalent to one-sided LM tests when 8 # 3 4g.

When 3 = (B 4p,, the one-sided POI test statistic is asymptotically equivalent to
the (centered and rescaled) AR statistic. In consequence, the AR test is asymptoti-
cally POI for a particular one-sided local alternative.

2. It is quite interesting to see that the one-sided LM statistic (to which the
one-sided POI test statistic is asymptotically equivalent) can change sign depending
upon the magnitude of 5* even for §* values on the same side of the null hypothesis.
This occurs because dg« can change sign even for 3* values on the same side of the
null.

We have sgn(cg=dg) = sgn(f* — By)sgn(dg~) and dg+ is proportional to (wiq —
w12fy) — B (w12 — waefy). For example, if By = 0, then sgn(cg«ds+) exhibits the
following properties. If 3* > 0 and wiz > 0, then slope(dg+) < 0 (where slope(ds+)
denotes the slope of dg_ as a function of 3*), 84z > 0 (where by definition dg = 0 for
B = Bar), sgn(cg=dg«) =1 for 0 < 3* < Bup, and sgn(cg=dg«) = —1 for B* > Byp.
If 3* > 0 and wyz < 0, then slope(dg+) >0, B4r <0, dg= > 0, and sgn(cg=dg~) = 1.
If * < 0 and wip < 0, then slope(dg+) > 0, B4 < 0, sgn(cg=dg+) = —1 for
Bar < B* <0, and sgn(cg=dg+) = 1 for 3" < Bap. If 3* < 0 and wiz > 0, then
slope(dg+) <0, B4r > 0, dg= > 0, and sgn(cg=dg+) = —1 for all 3* < 0. Hence, when
Bo = 0, cgrdg- switches sign for 3* > 0 when wi2 > 0 and cg+dg+ switches sign for
B* < 0 when wig < 0.

Next, we consider the SIV-LA asymptotic behavior of various WAP tests designed
for two-sided alternatives. We consider WAP tests based on two-point weight func-
tions Wap. Our results imply that, under iid normal errors, a test based on Wap is
asymptotically efficient under SIV-LA asymptotics if and only if Wsp satisfies (6.2).
We also consider WAP tests based on AE weight functions Wag. Our results imply
that such tests are asymptotically efficient when the errors are iid normal.
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Theorem 12 (a) Under Assumptions SIV-LA and 1-4, (i) LRWZP(@\17717@\T7”) =
LRw,p(Q1n, Qrn) + 0p(1), (i) if Wap satisfies (6.2), then LRw,p(Qp, Qrn) =
ez () cosh(y*LMﬁ/z) +0p(1), where v* = ()\*)1/2%*, which is a strictly-increasing
continuous function of LM, (iii) if Wap does not satisfy (6.2), then LRy, (Q1n, QTn)
= ng(QST’n/QlT/,Z) +o0p(1) for a continuous function ny(-) that is not even, and (iv) if
Wag satisfies (6.4) and conditions (a) and (b) following it, then LRWAE(@L”? @T,n) =
n3(LMy) 4 op(1) for a strictly-increasing continuous function ns(-).

(b) ({nderNAssumptiogsvSIV—LA, 1-3, 5, and 6, (i) of Wap satisfies (6.2), then
LRw,, (Q1n, Qrn) = 1n1(LMy)+0p(1) forni(-) as above, (ii) if Wap does not satisfy
(62), then LRw,p(Quas Qrn) = 1o(Qs1:0/Q1ly) + 0p(1) for my(-) as above, and
(iii) LRw ,p(Q1., QTn) = n3(LMy) + op(1) for ns(-) as above.

Comments. 1. The critical values for the LRyw,, and LRy ,, tests converge in
probability to constants as n — oo under strong IV asymptotics. (See the Appendix
for a proof.) Hence, Theorem 12(a)(ii) and (a)(iii), combined with Theorem 10,
imply that a WAP test based on Wyp is AE under SIV-LA asymptotics and iid
normal reduced-form errors iff Wap satisfies (6.2).

2. Theorem 12(a)(i) shows that, under SIV-LA asymptotics and the homoskedas-
tic errors assumptions (which do not require normality), a WAP test with estimated
error variance matrix €2 is asymptotically equivalent to the corresponding WAP test
with known €. Under the same assumptions, Theorem 12(a)(ii) shows that a WAP
test based on Wap is asymptotically equivalent to the two-sided LM test with known
2 when (6.2) holds. Under the same assumptions, Theorem 12(a)(iii) shows that a
WAP test based on Wap is asymptotically equivalent to a test based on a continuous
function of the two one-sided LM statistics with known Q, viz., £Qg7/ QlT/ 721, when
(6.2) fails to hold. Theorem 12(b)(i)-(iii) establishes analogous results to those of
Theorem 12(a)(ii)-(iv) but under assumptions that allow for heteroskedastic errors
and for heteroskedasticity-robust WAP and two- and one-sided LM tests.

3. The proof of Theorem 12(a)(iii) shows that if the second condition of (6.2)
fails to hold, then 7,(-) is a monotone function and, hence, the WAP test based
on Wap is asymptotically equivalent to one or the other of the one-sided LM tests
based on £Qg7.,/ QlT{ Z On the other hand, the proof shows that if second condition
of (6.2) holds and the first condition fails, then the WAP test based on Wap is
asymptotically equivalent to a function of both one-sided LM statistics £Q g7,/ Q%r/, Z
that is not invariant to permutations of the two one-sided statistics.

4. As defined, two-point weight functions Wap place equal weight (1/2) on the
two points (6%, \*) and (55, \3). One also could consider weight functions that place
unequal weight on two points. The proof of Theorem 12 shows that any such weight
function behaves as in Theorem 12(a)(iii) and, hence, leads to a test that is not AE
under iid normal errors.

5. The HAR test statistics LRw,,(Q1,,, @r,) and LRy, (Q) ,, Qr,,) satisfy
analogous results to those in part (b) of the Theorem for LRyy,, (él,na@T,n) and
LRw,, (élm,@’f’n), but with is and iT replaced by ¥Xg .+ and X7 o in definitions
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of ag and ap. These analogous results hold under the given assumptions plus the
additional conditions that are needed to obtain consistency of >, for ¥.

11.2 Fixed Alternatives

We now consider strong I'V-fixed alternative (SIV-FA) asymptotics. This asymp-
totic framework determines the consistency, or lack thereof of, of tests. For SIV-FA
asymptotics, we assume:

Assumption SIV-FA. (a) 08 # 3, is a fixed scalar for all n > 1.
(b) 7 is a fixed non-zero k-vector for all n > 1.
(c) k is a fixed positive integer that does not depend on n.

Let
Apa =7 Dy, (11.3)

where Dy is defined in (9.4). Define

~ S—1/2

Yg = ES / DZTr(ﬁ_ﬁO)’

or = 5;1/2 (Dzwa'Q_lao - ETS§§1/2¢S> , and

or ~ N(0, T1). (11.4)

We have the following basic results.

Lemma 10 (a) Under Assumptions SIV-FA and 1-3, (i) (Sn/n'/?,T,/n'?) —,
(caDyf*m, dgDf*m), (i) (Su/m/2,To/nt?) = (Su/nV2 T /nt/?) + o0,(1),
(iii) (Qs.n/m: QsTin/1s Qin/1) —p (EApa, cadgAra, d3Apa), and (iv) if B = Bag
and Assumption 4 also holds, then T,, —q Sk, Tn = Th+o,(1), and (@S,n/n, @5T7n/n1/2,
@T,n) —4 (C%AFA, Cﬂﬂ'/DlZ/2§k, SxSk) as m — 0o.

(b) Under Assumptions SIV-FA 1-3, 5, and 6, (i) Xs, —p L3, L1750 —p 2785,
and Sy —p S, (i) (Sp/n'/2,To/n'?) =, (Bs,87)s and (iii) (Qsn/n, Qs.n/n,
Qrn/n) —a (PsPs, Psr, Prr) asn — cc.

Using Lemma 10, we determine the asymptotic behavior under SIV-FA asymp-

totics of the AR, LM, LR, POIS1, POIS2, and WAP test statistics and their HR
versions.

Theorem 13 (a) Under Assumptions SIV-FA and 1-3, (i) Z]\%n/n = AR,/n +
op(1) —p C%)\FA >0, (ii) LMy /n = LMy/n+op(1) —p C%)\FA > 0 provided 3 # B g,
(iii) ZRn/n = LRn/n + 0p(1) —p 3Apa > 0, (iv) (POIS1; - (2k L2 4 k) /n =
(POIS1s- (2k +6H)Y2 + k) /n+0p(1) —, )\FA<C% +2(dg+ /cg+)cadg), where B* is the
alternative against which POI1S1g is POI, (v) if B # Bar and Assumption 4 also
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holds, then LM, /n = LM, /n—i—op( ) —d (Cgﬂ’DZ/ sk)?/sksk (#0 a. s) (vi) if Wap
satisfies (6.2), then LRWzP(Ql n,QTn) p 00, and (vii) LRWAE(Q1 n,QTn) p 0.
(b) Under Assumptions SIV-FA, 1-3, 5, and 6, (i) AR, /n —p Pspg > 0, (ii)

LMy /n =y (P527)? /@y > 0 provided 8 # Bap, (ili) 2LBn/n —p $5Ps — Frdr +
(Psps +~§’;§“~‘)~0T) — 4@5ps0ror — (Pspr)?)YV2, and (iv) (POIST; - (2k+6 )24
k)/n —p Gsps + 2(dg /e ) PsPr-

Comments. 1. The results of part (a) of the Theorem establish the consistency
against any alternative [ # [y of the tests based on ARn, LM " LRn,
LRyw,, (Q1 - QTn) (provided Wap is AE), and LR, (Q1 n QTn) (This makes use
of the fact that the critical values of these tests are either constants or converge in
probability to constants as n — oo, see comments in Section 11.1 regarding this.)

2. The result of Theorem 13(a)(iv) indicates that the one-sided POIS test,
P@lg, is consistent against an unusual array of alternatives. First, if the al-
ternative for which the test is designed equals the true value, i.e., 8* = 3, then the
POISI test is consistent because c% + 2(dg= /cg)cpdg = c% + 2d% > (. Second, the
POIS1 test may fail to be consistent against alternatives on the same side of the null
as §* yet be consistent against alternatives on the other (“wrong”) side of the null
from g*.

For example, suppose the alternative is Hy : 8 > By, 85 > By, By = 0, and
w1z > 0. Then, cg > 0 and cg« > 0. In addition, dg is a linear function of 8 with
dz > 0 for all B < Byp, and dg < 0 for § > [,p, where B 5 = wa/wia > 0,
and likewise with §* in place of . Hence, if 0 < * < (4g, then the POISI test
is inconsistent against all alternatives for which § is sufficiently large. This holds
because the second term of c% + 2(dg+ /cp)cpdg has negative sign and is arbitrarily
large for 3 large. In addition, if 0 < 8 < B 4p, then the POIS1 test is inconsistent for
all sufficiently large values of 3*. These results are borne out in the power curves of
Figure 3.

On the other hand, POISI tests with 3* > B4z > 0 are consistent for all values
B < 0 in the example. For all 8 < 0, cg < 0 and dg > 0. For 8% > B4R, cg- > 0
and dg- < 0. Hence, c% + 2(dg/cg+)cadg > 0. That is, POISI tests designed for
B > B g > 0 are consistent when § < 0.

3. The results of part (b) of the Theorem show that the HR tests AR, and LM,

are consistent against any alternative 3 # (3, and the HR tests fén and POIS1; are
consistent against any alternative for which the limit value given in the Theorem is
non-zero.

12 Numerical Results II: Model with
Unknown Covariance Matrix

This section summarizes the results of a Monte Carlo study of the finite-sample
rejection rates of selected two-sided tests for the case that (2 is unknown—the tests
based on LR, LM,, AR,, and P} (where the P} is the P* test with {2 replaced by
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ﬁn) The model considered is the same as in Section 8 (where as above wi; = wag =1
wlog) except that € is unknown and both equations include an intercept (so X is a
column of 1’s). The IV’s are taken to be iid standard normal random variables. All
results are for 3y = 0 (where as above this choice is wlog). We consider several values
of (i) the distance of the true parameter from the null, 3v/X, viz., 0.0, —2.0, 2.0, (ii)
the strength of IV’s, A, viz., 5, 20 (which corresponds to A/k = 1.0, 4.0 when k = 5),
(iii) the sample size, n, viz., 50, 100, 200, and oo (i.e., the weak IV asymptotic limit),
and (iv) the number of IV’s, k, viz., 2, 5, and 10. All results are based on 5,000 Monte
Carlo simulations.

The results are summarized in Table 1. The first column reports 8v/\; the second
column reports A; and the third column reports n. The remaining columns report
the rejection rates under the specified true values of 3, A, and n. When 8 = 0,
the entries correspond to the size of the test and for 5 # 0 the entries are (size-
unadjusted) power. To obtain more accurate size-unadjusted power comparisons, we
use the asymptotic x? critical values for the Z?%n test rather than the exact F' critical
values.

The results (and additional unreported results) suggest four general conclusions.
First, for n > 100, the size typically is very close to .05 with the largest deviation
being .019. Second, the four tests have comparable size distortions for very small n.
Third, the size is better controlled when the estimator of €2 is adjusted for degrees
of freedom (results with no df adjustment are not reported here).'* Fourth, for
n > 100, the rejection rates are close to the asymptotic powers of the tests. Taken
together, these findings suggest that a sample size of 100 is sufficient for the weak-IV
asymptotic results to provide reliable guides to the sampling distribution of these
statistics uniformly in A, both for size and power.

13 Normal Model with Multiple Endogenous Variables
and Known Covariance Matrix

In this section, we consider a generalization of the model considered in Sections
2-8 to the case where m endogenous variables appear. We assume that m < k (where
k is the number of instrumental variables, i.e., the number of columns of Z). In
particular, we consider the model as specified in (2.1)-(2.5), but with

Y2, 02 € RV™ 3 € R™;m € RM™ ¢y, & € RP™5n € RPXCm);
Q e R™™Y,V e R(mHl),
0 = (3, vec(r),vec(y) ,vec(€)) € Rmkm+2rm. and
0 =[5 1) € R™). o)

The known (m+1) x (m+1) covariance matrix 2 is assumed to be nonsingular. The
parameter space for 0 = (3, 7',+,¢') is taken to be RmMTFm+2pm

ML arger degrees of freedom adjustments than n — k — p appear to improve the size results. This
is a topic of ongoing research.
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The null hypothesis is
Hy : B = By for some 3, € R™. (13.2)

The alternative hypothesis can be two-sided H; : § # ([, multivariate one-sided
Hy:B<pByor H: 8>y, ,or Hy : f € B for any subset B of R™ that does not
include 3.

As in the case where m = 1, low dimensional sufficient statistics are available for
0 and the sub-vector (3, 7')":

Lemma 11 For the model in (2.5) generalized as in (13.1),

(a) Z'Y and X'Y are sufficient statistics for 0,

(b) Z'Y and X'Y are independent,

(c) X'Y has a multivariate normal distribution that does not depend on (3, vec(r)"),
(¢) Z'Y has a multivariate normal distribution that does not depend on n = [y:£],
and

(d) Z'Y s a sufficient statistic for (3',vec(rn)').

As when m = 1, given our interest in tests concerning (3, we base tests on the
sufficient statistic Z'Y € R¥*™ for (8',vec(r)’)’. (This is done without loss of attain-
able power.) We consider a one-to-one transformation of Z'Y" that yields (i) the first
column to be independent of the nuisance parameter 7 under Hy; (ii) independence of
the m transformed columns under the null and alternative; (iii) independence across
rows of each transformed column; and (iv) unit variance for all transformed elements.

Define

S = (Z2'2)2Z'Y by - (bpQby) /% € R* and

Ty = (Z2'2)7Y22'yQ oy, € RE, for j=1,...,m,

T=1[T1::Ty =(Z2)7Y22'YQ  ap € R¥*™, where

bo = (1,—5p), ao=[ao1 - aoml, (13.3)

and a1, ..., 0,m are defined as follows. For conditions (ii)-(iv) to hold, it turns
out that ag; must satisfy bhao; = 0 and ap ;Q 'ag; = 1 for all j = 1,...,m and
af)’jﬁflaoyg = 0 for all j,¢/ = 1,...,m with j # £. These conditions are satisfied
by constructing {ag; : j = 1,...,m} using a Gram-Schmidt-like orthogonalization
scheme applied to the linearly independent (m + 1)-vectors {bo, €2, ..., €m+1}, where
e; is the j-th elementary (m + 1)-vector for j =2,...,m + 1. Let

o1 = Myyea /|| Myyes|,

Qo2 = M[b0:971a071]63/||Qil/2M[b01971040,1}63’|’

(13.4)

_ —1/2
apm = M[bg:Q*1a0’1:---:Q*laoymfl]em-f—l/||Q / M[bg:Q*1a0,1:--~:Q*1a0,m,1}em+1||7

where as above My = I — A(A’A)"1 A’ for any matrix A.
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Some algebra shows that when m = 1 we obtain a1 = ag - (af)Q*lag)*l/Q, where
agp is defined in (2.6). Thus, T of Section 2 is the same as T" defined in (13.4) when
m = 1.

The means of S and Tj for j = 1,...,m depend on

1y = (2'2)"*r € RF>*™, (13.5)

The distributions of the sufficient statistics {S,T1,...,T;n,} for the parameters
(B, vec(r)") are given in the following lemma.

Lemma 12 For the model in (2.5) generalized as in (13.1),
(a) S~ N(u(8— 60) ’ (b{)QbO)_lﬂa Ik)’

(b) Tj ~ N(ura'Q g j, Ii) for j=1,....,m, and

(¢) S, T1, ..., Tpy, are mutually independent.

Comments: 1. Under Hy, S has mean zero.
2. Minus two times the log-likelihood function for 7 based on the normal density
of T is a constant plus

> (T = (Z'2) PragQ  ao,) (T — (2 Z) PragQ ™~ ag )
j=1
= tr [ Y (T = (Z2'2)"Prap@ 0o ) (Ty — (2'2) PrapQ g 5)
j=1

Consequently, the T statistic can be written as (2'2)"/ 2T0ah 2 Lap, where Ty denotes

the maximum likelihood estimator of 7 under Hy and ag = [By : L] € R™*(m+1),
7= (2'2)"?rahQ ' ag, where ag = [By : Im)-

Next, we consider the same groups of transformations G' and G defined in (3.1)
when m > 2 as when m = 1 (except that = € RF*(™+D in the definition of G
rather than x € RF*?). An invariant test, ¢(S,T), under the group G is one for
which ¢(F'S, FT) = ¢(S,T) for all k x k orthogonal matrices F. It suffices to restrict
attention to the class of tests that depend only on a maximal invariant.

Define @, Qg, Qs7, Qr, and Q1 as in (3.2), but with T = [T}: --- :T};,]. Hence,
Q = [S:T)[S:T] € RN+ Qg = §'S € R, Qs = S'T € R™, Qr = T'T €
R™™ and Q = ('S, S'T) € R™1.

Theorem 14 The (m+1) x (m+ 1) matriz Q is a maximal invariant for the trans-
formations G.

Comments: 1. As in the model with one endogenous variable, when m > 2 the
statistic @ has a non-central Wishart distribution because [S:7] is a multivariate
normal matrix that has independent rows and common covariance matrix across
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rows. The distribution of @) depends on 7 only through the positive definite (pd)
matrix A defined by

AN=n'Z'Zm € R™*™. (13.6)

In consequence, the utilization of invariance has reduced the km dimensional nuisance
parameter vec(m) to the m x m symmetric matrix nuisance parameter A, which has
m(m+ 1)/2 non-redundant elements. This is true both under the null and under the
alternative. For example, if K = 5 and m = 2, then the reduction is from 10 nuisance
parameters to 3 nuisance parameters.

2. Examples of invariant tests in the literature include the AR test, the LM test
of Kleibergen (2002) and Moreira (2001), and the CLR test of Moreira (2003). The
AR and LM tests depend on @ or (S,T) in the following ways:

AR = Qg =S'S,
LM = Qs1Qr'Qsp = S'T(T'T)'T'S. (13.7)

Invariant similar tests are characterized as follows:

Theorem 15 An invariant test ¢p(Q) is similar with significance level o if and only if
Eg,(0(Q)|QT = qr) = « for almost all qr, where Eg (-|Qr = qr) denotes conditional
expectation given Qr = qr when (3 = By (which does not depend on ).

Comment: The two tests in (13.7) are invariant similar tests. Hence, they satisfy
the property specified in the theorem.

Let W be a weight function over (5,A) values. That is, W is a probability
distribution on the product of R™ and the space of pd m X m matrices, call it Rzlxm.
Weighted average power of a test ¢(Q) with respect to W is given by (4.1). The
expressions in (4.2)-(4.8) hold when m > 2 just as when m = 1, provided one adjusts
the range of integration suitably. In particular, the integral over (3, ) values is
over R™ x R;ffm, rather than R x R™, and the integral over (q1,qr) values is over
(R* x R™) x RJJ*™, rather than (R* x R) x R™. In particular, the optimal WAP
LR statistic LRw (Q1,Qr) is as given in (4.8).

As in Section 4.2, in order to provide an explicit expression for the optimal WAP
LR statistic LRw (Q1, Qr), we determine the densities fg(q; 3, \), fo,(¢r; 3, ), and
faouor(q1,q7; By) that arise in (4.2), (4.7), and (4.8). Let

Aﬁ _ [18_50 . a’Q_lao] c Rmx(m—H) and
Arg = dQ lag =[8: 1] 'ag € R™™. (13.8)

Eote that tr(Aj AAg)) = tr(A7 g AD7,g,). Let etr(A) denote exp(tr(A)) for a matrix
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Lemma 13 (a) The density of Q at q € R;?H)X(mﬂ) is a non-central Wishart
density with k degrees of freedom, covariance matrix I+ 1, and non-centrality matrix
(i.e., means sigma matriz) AGAAg:

fo(a; 8. )) = Ky metr(—AsAAg/2)|q|¥~™"D 2etr(—q/2) oF1 (k/2; AGAAgq/4))
where q € RIMHDx(m+1),

Kl_l _ Qk(m+l)/2fm+1(k/2),

, M

oFi1(+;+) denotes a hypergeometric function with matriz argument, and T'p1(k/2)
denotes the multivariate gamma function.

(b) The density of Qr at qr € Rg}ixm is a non-central Wishart density with k
degrees of freedom, covariance matriz I,, and noncentrality parameter Aiﬂ ﬁ)‘AT,B :

for(ar; B, Ko metr(— A gpAAT/2) ’qT‘(k—m—l)m
Xeﬂ’(_QT/z) oF1 (k/2; AII’,,BAAT,BQT/4)) 7

where gr € R™*™ and
Ky =252, (k/2).
(¢) Under the null hypothesis, the conditional density of Q1 given Qr = qr is
foror(@lar; Bo) = KimKy ) gl %22 qr|~Fmm=D2etr(—qg/2)

Comments: 1. Hypergeometric functions of matrix argument are defined in Muir-
head (1982, p. 258). They involve series of zonal polynomials.

2. The multivariate gamma function at k/2, I';,+1(k/2), can be written in terms
of the ordinary gamma function as follows: Ty, 1(k/2) = pik(k—2)/16 Hffl L((k—j+
1)/2), e.g., see Muirhead (1982, Thm. 2.1.12, p. 62), where pi = 3.1415... The test
statistics considered below do not depend on I'y,41(k/2), however, so computation is
not an issue.

3. When m = 2 alternative expressions for the densities in parts (a)-(c) of the
lemma are available in Anderson (1946, eqn. (7)), which are easier to compute. These
expressions are in terms of the modified Bessel function of the first kind.

Equations (4.2), (4.7), and (4.8) and Lemma 13 combine to give the following
result.

Corollary 6 The optimal WAP test statistic for weight function W is given by

LRw (q1,qr) = | 11, (a1, gr; B, ) AW (B, 0) _ Yw(q1,qr)
, ffQT(qT;/37)‘)dW(/3>/\)le\QT(qﬂqT;ﬁo,)\) ¢2,W(QT) )

where

(a1, ar) = / etr(~AAAS/2) 0F (k/2: AuAAsg/4)) dW (5, N),
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Yow(qr) = /etr(_A/T,ﬂ)‘AT,ﬁ/z) oF1 (k/2; AT gM oA aqr/4)) AW (B, N),
the integrals are over (3,\) € R™ x R}J*™, and Ag and Arg are defined in (13.8).

Comments: 1. As when m = 1, ¥y (q1, gr) does not equal [ fo, 0. (q1,q91; 6, \)
dW (8, )) and likewise with 99 yy/(¢r). This is because numerous cancellations occur
in the second expression in the first line of the Corollary 6, including the constants
Kl,m and K27m.

2. When m = 2, the density formulae given in Comment 3 following Lemma 13
yield alternative expressions for ¥y, (g1, gr) and ¥,y (qr) that are easier to compute.

Because 19 yy(gr) does not depend on g, it could be absorbed into the conditional
critical value given Qr = ¢qr. But, as above, for reasons of numerical stability, we
recommend obtaining critical values for the equivalent test statistic In(LRw (q1, qr)).

The test that maximizes WAP among invariant similar tests with significance
level « rejects Hy if

LRw (Q1,Q1) > ka(Qr), (13.9)
where ko (Qr) is defined such that the test is similar. That is, ko (qr) is defined by
P, (LRw (Q1,qr) > Kalqr)|Qr = q1) = «, (13.10)

where Pg, (/@7 = qr) denotes conditional probability given Q7 = gr under the null,
which can be calculated using the density in Lemma 3(c).
The results of this section are summarized as follows:

Theorem 16 The test that rejects Hy when LRy (Q1,Q1) > ko(Qr) mazimizes
WAP for the weight function W over all level o invariant similar tests.
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14 Appendix of Proofs

14.1 Proofs of Results Stated in Section 2

Proof of Lemma 1. Let Z = [Z;:---:Z,) and X = [X;:---:X,]". The distribution
of Y is multivariate normal with

EY = Zrd' + Xn, (14.1)

independence across rows, and covariance matrix §2 for each row. Hence, the density
of Y evaluated at the n x 2 matrix y = [y1:-- =:yp] is

1 n
(2m) 210 T2 exp <—§ > (i —an'Zi — ' X))y — an' Zi — U’X¢)>
i=1

1 n n
= (277)_"/2\9]_”/2 exp (—5 [Z Yy — 277'(2 Ziyh 0 ta

=1 i=1

n n
—2t7’((z X)) + Z(aw’Zi — ' X)) Nan'Z; — n’Xﬁ]) . (14.2)
i=1 i=1

If a density can be factorized as pg(x) = fo(T'(z))h(x), then T(X) is a sufficient
statistic for 6. In consequence, given that €2 is known, Z; and X; are fixed and
known, a = (8,1), and n = [y:£], sufficient statistics for 0 = (8,7',7/,&') are
Sr i ZY] =Z'Y and Y ;| X;Y! = X'Y and part (a) of the lemma holds.

To prove part (b) of the lemma, note that Z'Y and X'Y are (jointly) multivariate
normal random matrices and Z’X = 0. For any mi, ma € R?, we have

cov(Z'Y'my, X'Yma) = cov(Y  Zi¥{ma1,»  XiY/my)
=1 =1

n
= EZZ-XZ{COU(Y;-’ml,YZ-’mg) =7Z'X -miQmy =0, (14.3)
i=1
where the second equality uses independence across ¢ and the third equality uses the
assumption that the covariance matrix Q of Y; does not depend on ¢. Hence, Z'Y and
X'Y are independent.
The distribution of X'Y" is multivariate normal with variances and covariances
that depend on X and €2, but not on 6, and with mean

X'EY = X'(Zmad' + Xn) = X'Xn (14.4)

because X'Z = 0. Hence, the distribution of XY does not depend on (3, 7) and part
(c) of the lemma holds.

The distribution of Z'Y is multivariate normal with variances and covariances
that depend on Z and €2, but not on #, and with mean

Z'EY = Z'(Znd + Xn) = Z' Znd (14.5)
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because Z'X = 0. Hence, the distribution of Z'Y" does not depend on (v, &) and part
(d) of the lemma holds.
Part (e) of the lemma follows from parts (b)-(d). O

Proof of Lemma 2. The k-vector S is multivariate normal with mean

ES = (Z'Z)"Y2Z'EY by - (byQbg) /2
= (Z'2)7YV2Z2"(Zmd' + Xn)bo - (byQbo) V2 = cppy (14.6)

using (14.1), Z'X =0, and d/8, = 8 — 5. We have

n n n
var(Z'Ybo) = var(Y | Z:iYibo) = > ZiZjar(Yibo) =Y Z:ZjbyQbo = Z' ZbyQbo.
=1 =1 =1

(14.7)
Hence, from the definition of S, var(S) = I} and part (a) of the lemma holds.
The k-vector T is multivariate normal with mean
ET = (Z'2)"Y22'yQ  ag - (ahQ tag) /2
= (Z'2)7Y2 2" (Zrd' + Xn)Q Yag - (apQ ao) Y2 = dap,. (14.8)

>From (14.7) with by replaced by Q tag, we have var(Z'YQ tag) = Z'ZafjQ) tay.
Hence, from the definition of T', var(T) = I, and part (b) of the lemma holds.

The random vectors S and T are independent because they are non-stochastic
functions of Z'Y by and Z'Y Q2 lag, respectively, and the latter are jointly multivariate
normal with covariance given by

n n
cov(Z'Ybo, Z'Y Q2 ag) = cov(d | ZiY]bo, Y | Z:Y{Q  ag)
i=1 i=1

n n
= ZiZjcov(Y{bo, Y/ ag) = Y ZiZhpQQ lag =0, (14.9)
=1 =1

using byap = 0. Hence, part (c) of the lemma holds. [

14.2 Proofs of Results Stated in Section 3

Proof of Theorem 1. Let M(S,T) = [S:T)'[S:T] = Q. M(S,T) is a maximal invari-
ant if it is invariant and it takes different values on different orbits of G. Obviously,
M(S,T) is invariant. The latter condition holds if given any k-vectors piq, 1o, 17, and
fis, such that M (puy, ps) = M (Jiq, Ji5) there exists an orthogonal k x k matrix F such
that i, = Fu, and fiy = Fus, e.g., see Lehmann (1986, eqn. (7), p. 285).

First, suppose p; and ps are linearly independent (which implies that k& > 2).
Then, there exist linearly independent k-vectors ps, ..., p, such that {g, ..., pi,} span
R¥. Applying the Gram-Schmidt procedure to {fi, ..., it }, We now construct an or-

thogonal matrix F' such that Fu; and Fuy depend on (pq, uy) only through pfpuy,
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Wy tig, and pibpiy. For a full column rank k x ¢ matrix A, let My = I, — A(A’A)~LA". We

take fl :Ufl/Hlu’lH f2 ,u1:U’2/HMM1M2H ) fk = M[,ulz---:,ukfl]:uk/’|M[,u1:~~-:,uk,1]uk||'
Define F' = [fy: -+ : fx]/. We have

Fpy = (fisgs o fern) = (|ll],0, ..., 0)" and
— (4 / /
Fry = (pape/[|palls wo My, o/ || My, pa]], 0, ..., 0). (14.10)

Because phM,, p1g = phpy — (Wipa/|p1]])?, we find that Fu; and Fu, depend on

(111, pg) only through pj g, pi e, and pipps.

Define _ F analogously to F but with {f, .. ,uk} in place of {,ul,. .t +- Then,
Ffiy and FJiy depend on (fiy, fig) only through fi}fiy, it fig, and fifis.

Now, suppose (,ul,u2) and ([, fiy) are such that M (p, pe) = M(fiq, f15). That
is, ,ul,ul = [yfy, phpy = fifig, and phiy = fihfis. Then, the orthogonal matrices
F and F are such that Fuy = (il 0,..,0)" = (I[4]],0,...,0)" = Fpiy and i fy =
F- T F,ul, where F = F7LF is an orthogonal matrlx Slmllarly, Fu, = Fp,
and iy = F-lF tto = F 5. This completes the proof for the case where p; and p are
linearly independent.

Next, suppose p; and ps are linearly dependent (as necessarily occurs when
k = 1). Then, we can ignore uy and proceed as above using just p; and some
additional linearly independent vectors {u3,...,u;} for which {pq, 3, ..., uj;} span
R¥. The matrix F constructed in this way is such that if M (uy, us) = M (fiy, fia),
then fi; = Fpq. In addition, because piy = rp; and fi, = xji; for some x, we obtain
Tis = F 5. This completes the proof. [

Derivation of the One-sided Likelihood Ratio Statistic

The log-likelihood function for known 2 with all parameters concentrated out
except [ is

L(V35) =~ Indet(2) - % (tr( QYY) + R(8)). (14.11)

e.g., see Moreira (2003, Appendix A). Hence, we have

LR1 = sup L(Y;3) — L(Y; 8y) = R(By) — inf R(p). (14.12)
B2Bqg B=Bg

We now determine infg>g, R(3). By definition, 3 = By, minimizes £(Y; )
over # € R. Equivalently, @minimizes R(pB) over § € R. Ifﬁ > B, theninfg>g R(B) =
R(B) = infger R(B) and LR1 = R(B,) — infseg R(B) = LR. If 3 < B, then
infg>5, R(B) equals either R(8,) or R(oo) because R(f) is the ratio of two quadratic
forms in § with pd weight matrices. Hence, the second equality in (3.7) holds.

Next, we show that LR1 only depends on the observations through ). Let

Ql/2b0 : 971/2(10
V0 Qb /ahQ Tag

(14.13)
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By algebra,

[S:T] = (2'2)"Y27'yQ /2],
Q= 1[S:T)[S:T)=JO VY’ P,yQ 2], and
Y'PY = QY2771Qu 102, (14.14)

Hence, R() and LR1 only depend on the observations through Q.
It remains to provide an expression for 87 ra;7_r- The LIML-k estimator maxi-
mizes L(Y; ) or minimizes R(3) over § € R. We have

VY P YQ Y% WIQI D
b b

R(B) , where b = Q2. (14.15)

The minimum of the rhs is obtained by the eigenvector b* that corresponds to the
smallest eigenvalue of J'~1Q.J~!. Hence,

Brivn_r = —b3/b%, where b* = (b},b5) = Q2. (14.16)

14.3 Proofs of Results Stated in Sections 4 and 5

Proof of Lemma 3. First, we prove part (a). The k x 2 matrix [S:T] is multivariate
normal with mean matrix M = p hj, where hg = (cg,dg)’, all variances equal to
one, and all correlations equal to zero. Hence, @ = [S:T]'[S:T] has a noncentral
Wishart distribution with mean matrix of rank one and identity covariance matrix.
By (6) of Anderson (1946), the density of @ at ¢ is

Ky exp(—tr(M'M)/2)]q| %32 exp(—tr(q) /2)
x (tr(M'Mq))~*2/ Ly 1 (x/tr(M/Mq)> . (14.17)

We have M'M = Mhghg', where X = p/ pu., tr(M'M) = )\(c% + d%), tr(M'Mgq) =
/\h’ﬁqhg, and h%qhg = £5(q). Hence, part (a) holds.

Part (b) holds because the distribution of Qr is a noncentral chi-squared distrib-
ution with non-centrality parameter d%)\ by Lemma 2(b) and (3.3). The stated form
of the density is given in Anderson (1946, eqn. (6)).

Part (c) holds by calculating the ratio of the densities given in parts (a) and
(b) of the lemma each evaluated at 3 = 3, and using the fact that cg, = 0 and
5,30 (q) = d%OQT-

Part (d) holds because the null distribution of Qg is a central chi-squared distri-
bution with k degrees of freedom by Lemma 2(a) and cg, = 0.

For part (e), the null density of Sy is derived as follows: (i) So = S'T/(||S||-||T|])
has the same distribution as A = S’a/||S|| for any a € R* with o/a = 1 because
S ~ N(0, I) under the null and S and 7" are independent using Lemma 2(a) and (c),
(i) for a = (1,0,...,0)", (k=1)Y/2A/(1=A%)V/2 = (k—1)1/281 /(35_, S3)M/? ~ 51 by
definition of the ¢;_; distribution, and (iii) transformation of (k—1)/2A4/(1 — A%)1/2
to A gives the density in part (d), e.g., see Muirhead (1982, pf. of Thm. 1.5.7(i), pp.
38-9; eqn. (5), p. 147).
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Next, we prove part (f). Under the null, S ~ N(0,I), T ~ N(dg,jir, Ix), and S
and T are independent by Lemma 2. Hence, Qg = S’S and T are independent. The
distribution of S’a/||S|| for a € R¥ with o/ = 1 does not depend on « by spherical
symmetry of S. In consequence, the conditional distribution of Sy = S"T/(||S||-||T||)
given T = t does not depend on t and Sy is independent of T. Independence of
Qs = S5'S and S’'a/||S|| is a well-known result that holds by spherical symmetry of
S. O

Proof of Comment 7 to Corollary 2. The optimal test against 3* rejects if
£5+(Q1,Qr) is large and we have

lim (&5 (a1, ar) = drar) /(8° = Bo)

B*—Bo
= fim ((5* — Bo) (06Qb0) g5 + 2b*’Qbo(bf)Qb0)’1(det(Q))*1/2q5T>
—Po
= 2(det () ?qsr, (14.18)

where b* = (1,—3%)". Hence, if 8* — 3, > 0, the optimal test rejects when Qg = S'T
is large or, equivalently, when Qg7/ Q%F/ % s large since the critical value can depend

on Qp. The null distribution of Qgr/ Qgp/ % conditional on T or on Qr is standard
normal by Lemma 2, so the critical value for the test is the 1 — a quantile, kg o, of
the standard normal distribution. [J

Proof of Comment 9 to Corollary 2. Comment 9 holds because (i) the optimal
test against §* rejects if {5+ (Q1, Qr) is large, (ii) we have

: _ 2. 2
ﬁllinoo (55* (q1,qr) — djg q:r) /c3
= im (g5 + 2(dg- /cp)asr)

= qg + 2(det(Q)) V2 (Bowaz — wi2)qsT, (14.19)

and (iii) the limit as §* — —oo in (14.19) is the same as when 5* — oo. The second
equality in (14.19) holds because

bbby wir — (8% + Bo)wiz + B Bowas

det(Q))/2d g /cg = = and so
ﬂlimoo dg+/cge = (det(Q))*I/2 (Bowaz — w12) and
B*lim dg-cg = (det(Q)) V2 (Bowaz — wiz) . O (14.20)

14.4 Proofs of Results Stated in Section 6

Proof of Theorem 4. By continuity of the power function, which holds by Lehmann
(1986, Thm. 9, p. 59), any unbiased test ¢(Q) is similar. Hence, the first condition
of the Theorem holds by Theorem 2.
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Now, for a test to be unbiased, (9/98)Esr¢(Q1, QT)|s=5, = 0 for all values of
A. By interchanging derivatives and integrals (which is justified by Lehmann (1989,

Thm. 2.9, p. 59)) and the chain rule, the left-hand side of this equality equals I; + I3,
where

9 .qr; Bo, A
L = //qj)(ql?qT) fouer (a1, ar; Bo )dQIfQT(QT;ﬁo,)\)qu o

op
; A
12 N //dj(qhqrp)fQﬂQT(QLQT;ﬂO)dql anT(glg /807 )qu

0 : B A
- /a fQT(‘éTéﬁo’ Vdgr = 0, (14.21)

where the second last equality holds by the condition for similarity and the last
equality holds because [ fo,(qr; 3, \)dgr = 1 for all S.

To compute the derivative of the conditional density of @)1 given Q7 = qr with
respect to 3 evaluated at (3, it is convenient to write the conditional density of Q)

given QT = qr as

le‘QT<q17QT7/67 K1K2 eXp QS/2) det( )( )/2q;(k_2)/2 %
> (Ap(q) daqr/4)
;y'l—‘(( k—2) /2+]—|—1 Z FIT( k 2/2 Tt D (14.22)

using Lemma 3(a) and (b) and (4.10).
Tedious algebraic manipulations 5h0w that

of, (q1,97; B0s A) A -
QilQr alﬁ TiPo N S failqr (a1, a7 Bo)asr(det(2) /2 x

Ik/g(\ / )\GGQflaho)/I(k_mp(\ / )\alonlaho)' (14.23)

The function Iy 5(-) arises because

(Xp(q)/4) )\afg 2 (Asla)/4)°
aﬁz iT((k—2)/2+7+1) 4 03 Zs‘Fk/2+s+) (14.24)

and likewise with {5(q) replaced by (dﬁqT)
The necessary condition for unbiasedness, (14.21), and (14.23) give

I, 2 (\/ Aag2~raogr)
0= /h(QT)f (a3 Bo, N)dagr , where
o ° I(k—2)/2(\/ A2 aogr)
h(qr) = /¢(Q17QT)QSTfQ1QT(Ql,QT;ﬂO)dql. (14.25)

By completeness of Qr under Hy, see Comment 5 following Theorem 2, it must be
the case that h(gqr) is zero for almost all g7 and all A > 0, which yields the second
condition of the Theorem. [J
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Proof of Corollary 3. Any test that depends on (Qg, Q%T, Q1) can be written as
#(Qs,S3,Qr), where Sy = Qs7/(QsQr)/?. By Lemma 3(e) and (f), Qg, Sa, and
Q7 are independent under Hy and Ss has a distribution that is symmetric about
zero. Hence, we have

Ep, (6(Qs, 5%, Qr)Qsr|Qr = ar) = Es,(6(Qs, S2,ar)S2Q4 ayl”
= / Esy((as, S3,ar)S2)ag* fas (as)das - a1 = 0 (14.26)

for all g7, where the last equality holds because ¢(qs, S35, qr)Sz is an odd function of
S2 and Ss is symmetrically distributed about zero. [

Proof of Theorem 5. By the same argument as in Section 4.2, it suffices to
find the test that maximizes power against the single alternative density gw (q1|qr)
conditional on Qr = ¢p. Given the restriction to locally-unbiased tests, we apply
the generalized Neyman-Pearson (GNP) Lemma, see Lehmann (1986, Thm. 3.5, pp.
96-7), rather than the Neyman-Pearson Lemma. The GNP Lemma implies that the
optimal (conditional) test rejects when LRy (Q1,q7r) > Fia(qr) + R2a(qr)Qst for
some R1q(qr) and Ran(gr) that are chosen such that the two conditions of Theorem
4 hold.

It remains to verify the conditions needed to apply the generalized Neyman-
Pearson Lemma. Let M be the set of points

(E(0(Q1,Q7)|Qr = qr) , E (#(Q1, Qr)QsT|Qr = 1)) (14.27)

as ¢ ranges over all possible critical functions. It suffices to show that («,0) is an
interior point of M, see Lehmann (1986, Thm. 3.5(iv), p. 97).

The set M is convex because the conditional expectation operator is linear.
Moreover, M contains («,0) by considering the LM test. It also contains points
(a,uf) with uf > 0 by considering the one-sided LM test which rejects Hy when
Qsr/ QlT/ 2 Co.- This follows because the derivative of the conditional power function
of this test is an increasing linear transformation of

/1 (QST/Q;/Z > Ca) asTfou 0. (a1, a3 Bo)dar, (14.28)

which is strictly positive. Likewise, M also contains points (a,u;) with u;, < 0
by considering the test which rejects Hy when —Qgr/ QlT/ SIS co by an analogous
argument. This completes the verification that («,0) lies in the interior of M. O

14.5 Proofs of Results Stated in Section 9

Proof of Lemma 4. Under Assumptions IID, INID, or MDS, Assumptions 1 and 2
hold by standard LLN’s and Assumption 3 holds by a MDS CLT, such as Cor. 3.1 of
Hall and Heyde (1980, p. 58). Under Assumption CORR, Assumptions 1 and 2 hold
by the ergodic theorem and Assumption 3 holds by the CLT given in the Theorem
of Heyde (1975) (of which there is only one). O
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Proof of Lemma 5. Using the definition Y = Zrwad’ + Xn + V, we obtain V=
V — Pz;V — PxV. This and PzPx = 0 gives

nWYV -Q=n"VV-Q) —n VPV —n 'V PxV. (14.29)

The first summand on the right-hand side of (14.29) converges in probability to zero
by Assumption 2. The second summand satisfies

0<n VPV <n WPV =0 (0 VAV Z) 2 Z2) (2 2V) =, 0,
(14.30)

where the second inequality holds because the span of Z is contained in the span of
Z and the convergence to zero holds by Assumptions 1 and 3. The third summand
of (14.29) converges in probability to zero by an analogous argument. [J

Proof of Lemma 6. To establish part (a), we have
n 7'z = nilz’Z — n’IZ’PXZ —p Dy — D12D2_21D21 =Dy (14.31)

using Assumption 1. Let N* be a (k + p) x 2 random matrix with vec(N*) ~
N(0,Q2 ® D). Using Assumptions 1 and 3, we obtain

nV2Z2'Vby =n~Y3(Z — PxZ)'Vby = n"Y3(Z — X D3yt Da1)' Vg + 0p(1)
= [Ix : =D12D3t | 0 Y?*Z' Vg + 0p(1) —4 [y : —D12D3yt] N*bo
= [Ix : =D12D33'] (b} ® Iip)vec(N*). (14.32)

Hence, we have
Sp = (n1Z2'Z) V22 Z'Vbg + nZ' ZCd bg) - (bpQbo) V% —4 H, where
H = D, ([I, : =D12D3'] (by @ Iy p)vec(N*) + DzCa'by) - (byQbg)~/? (14.33)

and the first equality holds by Assumption WIV-FA and Z'X = 0. Using Assumption
4, the random vector H has a normal distribution with

EH = DJ*>Cad'by - (by2bo) /% = ¢5D}/*C and
var(H) = D;"? [I, : =D12D3'] (by @ Iy) (2 @ D) (bo ® Ii1p)
x [Ix : =D1aDyy ] D% - (bybo)
= D,'?[I,: =D1aD3| D [Iy : —D12Dy'] D, * = I, (14.34)
which completes the proof for S,.
Analogously to (14.32), we have

n 122V ag —q [Ir : —D1aDyy] ((apQ™1) @ Ipyp)vec(N*). (14.35)
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Using this, we obtain
Tp=(n"12'2)"1? (n_l/QZ’VQ_lao+n_1Z'ZC’a'Q_1a0> A(ahQag) V2 =4 J, for

J =D, ([T : —D12D3"] (a1 @ Iy p)vec(N*) + DzCa'Q  ag) - (apQ ag)~V/2.
(14.36)

Analogously to (14.34), J has a normal distribution with EJ = ng1Z/2C’ and var(J) =
I, which completes the proof for T,.

The asymptotic normal distributions of S,, and T,, are independent because the
covariance of the random components of H and J is zero:

E(by ® Ip)vec(N*Jvec(N*)' (2 ao) © Tip)
= B(by ® I1p) (2@ D)((2 ' a0) @ Ipyp) = (bpao) ® D =0.  (14.37)

This completes the proof of part (a).

Part (b) holds by the definitions of S,,, Ty, Sy, and Ty, because (i) (Z2'Z)~1/22'Y =
Op(1) by the same sort of argument as in (14.31) and (14.32), (ii) Qn —p 2 by Lemma
5, and (iii) © is pd by Assumption 2.

Part (c) follows immediately from parts (a) and (b). O

Proof of Theorem 6. The functions ¥y, (-, -) and 95 1/ (+) are continuous and do not
depend on n, see their definitions in Corollary 1. The same is true of the critical value
function kq(-) because the conditional distribution of Q1 , given Q7 is absolutely
continuous with a density that is a smooth function of ¢r and does not depend on
n, see Lemma 3(c) and the definition of k(+) in (4.12). In consequence, the result of
the Theorem follows from Lemma 6, (9.5), and the continuous mapping theorem. [J

Proof of Corollary 4. To prove part (a), let T, = LRW(@I,n:@T,n) — Ha(@T,n),

Un = LRw(Q1n, @Tn) — Ka(Qrn), and ¥ = LRw(Q1,00, @T,00) — Ka(@T,00)- By
Theorem 6(b),

P(|¥, — W,| > &) — 0 for all £ > 0. (14.38)
We have

P(1(T,, > 0) — 1(¥,, > 0)| > ¢)
< P(W, >0& U, <0)+P(W, <0& ¥, > 0). (14.39)

The first summand on the right-hand side of (14.39) satisfies
PU,>0& ¥, <0)<PO<T, <e)+o(l) = PO<T<e), (14.40)

where the inequality holds by (14.38) and the convergence holds by Theorem 6(c).
The right-hand side of (14.40) converges to zero as ¢ — 0 because ¥ has an absolutely
continuously distribution by Lemma 3(a). Hence, the left-hand side of (14.40) con-
verges to zero as n — oo.
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By an analogous argument, the second summand on the right-hand side of (14.39)
converges to zero as n — oo, which completes the proof of part (a).

Parts (b) and (c) follow immediately from Theorem 6(a) and (c).

Part (d) holds for the following reasons. The conditional distribution of Q1
given Q1 = qr is the same as that of 1, given @1, = gr because the former
distribution does not depend on Ay, and the latter does not depend on )\, see Lemma
3(c). Hence, by definition of k4(:), for all constants ¢rco, P(LRw(Q1,00,qT,00) >

ka(qT,00)|Q1,00 = qT,00)) = . This result and iterated expectations establishes part
(d). O

Proof of Theorem 7. First, we prove part (a). We have
Vibo = Viby — ZU(Z'Z) " Z'Vby — XH(X'X) 7 X Vg (14.41)

because V =V — PzV — PxV. Using (14.41), some manipulations, and Assumption
6, we obtain

(Vib0)>Z;2; —p 0. (14.42)

n n
=1

n Y (Vibo)?Z; 25 —nt
Jj=1 J
In addition, we have

n 'Y (Vi) Z;Z;
j=1
" -~ ~
= 07" (V/bo)*(Zj — D12Dyy X;)(Z; — D12Day X;)' + 0p(1)
j=1
= n 1Y MBo(Vi @ Z;)(V] © Z;) BYM' + 0,(1)
j=1
—, MBy®ByM’, (14.43)

where the first equality holds using Assumption 1 via some manipulations, the second
equality holds by linear algebra, and convergence holds by Assumption 5. Combining
(14.42) and (14.43), gives ism —p Y.

By similar arguments, iTS,n —p iTS and i}n —p ii} (The arguments are

somewhat more involved because by is replaced by the random quantity (AZ; Lag , but
no additional assumptions are needed.) These results combine to give X1, —, X7.
To establish part (b), we first show that the result of Lemma 6(c) holds. We have

Sn = 5507 (n_1/2Z’Vbo+n_1Z’ZCa’b0)
—q 552 (I, : =D12D3] (b @ T p)vec(N*) + £ Dy Ca'by
~ N(5"2DzCa'bo, I), (14.44)
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where vec(N*) ~ N(0, ®), the equality uses (9.7) and Assumption 1, and the conver-
gence holds by part (a), (14.31), and (14.32).

By Lemma 5, part (a), and Assumption 3, the use of ﬁ,;l, rather than Q1 in
the definition of T}, has no effect asymptotically. Hence, we have

T = Sp)* (n722'Y Q@ Yag = SrsnS5hn 22V o) + 0y(1)

= S (w22 g — SrsaSg a2 Vi)

S-1/2

+EY (nflz’zca'srlao - iTS,nig;nflz'ZCa’bO) +op(1)

g S (MAO vec(N*) — iTsiglMBovec(N*))
3 (DzCa’Q*1a0 - iTsingzca'bo) : (14.45)

where M, Ay, and By are defined in (9.9) and the convergence holds by (14.32) and
(14.36). The covariance matrix of the limiting distribution in (14.45) is I} because

var (MAO vec(N™) — iTgiglMBo vec(N*))
= MAG®AYM' — MAG®BYM'S g g — SpsSgt M Byd Ay M’
+3rsEg M By® ByM'S 5 S
= 3k — SpeNg ' She = Sy 14.46
T S TS

The convergence in (14.44) and (14.45) is joint and the limit random vectors are
independent because

cov(M Agvec(N*) — iTgiglMBo vec(N™), i;l/zMBo vec(N™)) (14.47)
= MA@M ByS3"? - S1685' MBe®ByM'S 5" ? = Srg5g"? — SpeSg? = 0.

To complete the proof of part (b), we note that (i) Theorem 6(c) (with the changes
indicated in Theorem 7(b)) follows from (14.44)-(14.47) by the continuous mapping
theorem, (ii) Corollary 4(c) follows immediately from Theorem 6(c), and (iii) Corol-
lary 4(d) holds with (Q1,00, @T,00) by the same reason as with (Q1 00, @T,00)- O

14.6 Proofs of Results Stated in Section 10

Proof of Lemma 8. Part (a) holds because (i) conditional on [Z : X], equation
(14.2) with (m,, 1) replaced by (C/n'/2, Qo + Q1 /n'/2, 1y +ny/n'/?), where Qg and
1o are known and y and 7; are unknown, implies that (Z'Y, X'Y,Y'Y") are sufficient
statistics for (8,C,,n;) and (i) (n=Y22'Y,n'/2(5, — ny),n2(Qn — Qo)) is an
equivalent set of sufficient statistics to (Z'Y, X'Y,Y'Y).

Part (b) holds because (i) vec(n=Y2Z'V) ~ N(0,Q ® (n~'Z'Z)) conditional on
n~12'Z and n7'2'Z —, Dz (by (14.32) using Assumption 1) imply that
vec(n™Y2Z'V) —4 N(0,Q ® Dy), (i) vec(n Y2Z'Zrd") = vec(n *Z'ZCd") —,
DzCa' by Assumption 1, (iii) n'/2(7,,—n0) = ("' X' X)"In~12X'V+4n, ~ N(n;, Q2@
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(n"'X’X)™1) conditional on n ' X’'X and (n"'X'X)"' —, D5, (using Assump-
tion 1) imply that vec(n/2(7, — ny)) —a N(ny,Q ®@ Dz, (iv) n*/2(Q, — Qo) =
n2(n= W'V — Q) —n V2V P,V — n Y2V PV using (14.29), (v) n'/2(n" V'V —
Qo) = n V2(V'V — EV'V) 4+ Qq, (vi) vech(n Y2(V'V — EV'V)) —q N(0, E(¢ —
E¢)(¢ — EQ)') by a triangular array CLT for row-wise iid random vectors, (vii)
n2V'PV = o V2 Tt 2VIZ(n T 2/ Z2) I 22—, 0 using (i),
(viii) n~Y2V'PxV —, 0 by an analogous argument to (vii), and (ix) the three
random matrices on the left-hand side of part (b) are asymptotically independent
because they are independent in finite samples conditional on n~'Z’Z and n 71 X'X
and the randomness in n='Z’Z and n~' X'X is asymptotically negligible. O

Proof of Theorem 8. The equality in the Theorem holds by the definition of
a convergent sequence of asymptotically invariant tests. The inequality holds be-
cause (i) given the random quantities (Qoo, Nx, N), Q@ is a sufficient statistic for
B and C since it is independent of Nx and Ng and the latter have distributions
that do not depend on (§ or C, (ii) part (i) implies that the WAP of the similar
test ¢*(Qoo, Nx, Nq) is less than or equal to that of some similar test g(Qoo) that
depends on (Qs, Nx, Nq) only through Q, and (iii) Theorem 3 with @ replaced
by Qs implies that the WAP of the similar test E(Qoo) is less than or equal to the
upper bound given in Theorem 8. [J

14.7 Proofs of Results Stated in Section 11

Proof of Lemma 9. To prove part (a)(i), we use (2.6), (9.4), (14.6)-(14.8), and
Assumptions SIV-LA, 1, 3, and 4 to obtain
Sn = ety + (Z2'Z)7Y2Z'Vg - (bpQo)"/% =4 Cg and
Tp/n'? = dgpig /n'? + (Z'Z/n)"2(Z'V 0)Q  ag - (apQ ag) ™12
= dg(Z'Z/n)*x + 0,(1) = ar + 0,(1). (14.48)
Part (a)(ii) holds by Lemma 5. Part (a)(iii) holds by part (a)(i), part (a)(ii), and the
continuous mapping theorem.

Part (b)(i) holds by Theorem 7(a) (whose proof does not rely on Assumption WIV-
FA). Part (b)(ii) holds for S, using part (b)(i) and (14.44) but with n~'2'ZCa’by
replaced by n=Y/27'Zra'by = n~1Z'ZrB = DznB + 0,(1). Part (b)(ii) holds for T,
using part (b)(i), the result of part (b)(ii) for S,,, Lemma 5, and (9.4):

Tn/nl/2 = i;iﬂ (n_lZ’Yﬁglao — n_l/QiT&ni;l/an)
= 5.2 (0712 Zrd 0 ag + 0 2V ag) + op(1)
= 5.2 DyrahQ  ag + 0p(1) = ar + op(1). (14.49)
Part (b)(iii) holds by part (b)(ii) and the continuous mapping theorem. [

Proof of Theorem 9. Parts (a)(i), (a)(ii), (b)(i), and (b)(ii) of the Theorem follow
immediately from Lemma 9(a) and 9(b).
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The first equality of part (a)(iii) follows from Lemma 9(a). The second equality
of part (a)(iii) of the Theorem is established as follows. For brevity, we drop the
subscript n on Qgrn, Q7n, and Qsr,n. Equation (3.4) and simple algebra yields

2:- LRy, = Qs — Qr + (Qs + Qr)\/1 = bn/n
= Qg (14—\/1— n/n) (Qr/n)n ( \/1—6n/n>, where
6n = 4n (QsQr — Q%7) (Qs + Qr) > (14.50)

Some algebra and Lemma 9(a) gives

= 4(Qs — Q%/Qr) (QsQ7' +1) " (Qr/n)™!
= 4(Qs — Q%1r/Qr) (apar) ™' + 0p(1) = Op(1). (14.51)

A mean-value expansion about 6,/n = 0 gives

n (1 /1o 6n/n> —n <1 - <1 - %6— +Op(n~ ))) - %% +op(1).  (14.52)
This result, \/1 — 6,/n —p 1, (14.50), and (14.51) yield

LR, = % (2Qs —2(Qs — Qér/Qr)) + 0p(1) = Q%r/Qr + 0p(1), (14.53)

which establishes the second equality of part (a)(iii).

By the same argument as in (14.50)-(14.53), but using Lemma 9(b) in place of
Lemma 9(a), we obtain LR,, = LM, + op(1), which establishes the equality in part
(b)(ii).

Next, for part (a)(iv) of the Theorem, define LR1s as LR1 is defined in (3.7) but
with LR, R(8), and B3y, replaced by (a/:Cs)?/|ar|?, Roo(B), and Brrarr g cos
respectively, where R (/) is defined as R(f3) is defined in (14.15) but with Q replaced
by its SIV-LA limit given in Lemma 9(a)(iii) and by definition B ;a1 - minimizes
R (B) over B € R. The first equality of part (a)(iv) holds by Lemma 9(a)(ii) and
the convergence holds by Lemma 9(a)(iii) and the continuous mapping theorem given
the absolute continuity of ¢ S

For part (b)(iv), define LR1+, analogously but with (Cg, ar) replaced by (Cg, ar)
and with @ replaced by its SIV-LA limit given in Lemma 9(b)(iii). The result of
part (b)(iv) of the Theorem holds by Lemma 9(b)(iii) and the continuous mapping
theorem given the absolute continuity of (g. U

Proof of Theorem 10. We suppose that ) is known and determine the standard
LM statistic for this case, which is asymptotically efficient by standard results. In
particular, we show that the standard LM statistic is LM, = Q%T /Qr. By Theo-
rem 9, all the LM and LR statistics listed in the statement of the present Theorem
are asymptotically equivalent to LM, under the null hypothesis and local alterna-
tives under strong IV asymptotics and the asymptotic behavior of these statistics
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does not depend on knowledge of €. Hence, the tests based on these statistics are
asymptotically efficient whether or not €2 is known.

The standard LM statistic is a quadratic form in the derivative with respect to
(wrt) B of the log likelihood function of the sufficient statistics (S,7) evaluated at
the null restricted maximum likelihood estimator of 7, which we denote by 7. Under
the null hypothesis, S ~ N(0,I}) is ancillary, 7o depends on T ~ N(dg, iy, Ir)
alone, and 7 is easily seen to be Ty = dgol(Z'Z)*l/zT. The log-likelihood of (S,T)
is proportional to

1 1
—5(5 = caria) (S = capn) = 5(T — oy (T — dgpy). (14.54)

The derivative of this expression wrt § evaluated at (3, 7) = (8, 7o) is

P , 1d,,. , d , 1d, o ,
d o 1d Lol T~ - (d
<dﬂcﬂﬂw5 3ap Dt t gttt = g et )| e

d d d
= %%M%OS + %dﬂOM%OT - dﬁod—ﬁdﬂoﬂ%oﬂﬁo

d — 1

5% 45, T'S. (14.55)
using the facts that cg, = 0, pz, = dEOIT and pZ T' = dg,p% pz,- The asymptotic
variance of T’S/nl/2 under Hy is plimy, o, 7'T/n = a/par. Hence, the standard LM
statistic is (17.9)%/T'T = LM, which completes the proof. [J

Proof of Theorem 11. First, we establish Theorem 11(a)(i). The first equality
holds by Lemma 9(a)(ii) and the definition of POIS1s/6 in (5.15). Next, using (5.15),
we have

Qs/6 + Qst/VQr — k/8
sgn(8)\/2k/6 +1

POIS1s/6 = (14.56)

By Lemma 9(a)(i),

1/6 = (2 feg)V/QeTn) [V = O™, (14.57)

By definition of 6, sgn(6) = sgn(cgdg-). Combining this, (14.56), (14.57), and
Lemma 9(a)(i) gives Qs/6 = o0p(1) and the second equality of part (a)(i) holds.
The convergence in part (a)(i) holds by Lemma 9(a)(i).

Theorem 11(a)(ii) holds because 8* = [, implies that dg« = 0 and 6 = 0. In
consequence, the second equality of part (a)(ii) holds by the definition of POIS1s
and the first equality holds using Lemma 9(a)(ii).

The proof of part (b) is the same as that of part (a) except that Lemma 9(b) is
used in place of Lemma 9(a). O

Proof of Comment 1 to Theorem 11. The critical value function of a POIS1
test, kKLOT51(qr), converges to the 1 — a quantile of the standard normal distri-

bution as gr — oo. This holds because Q7 enters POIS1s only through 6 and
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limg_,oo POIS1s = QST/QlT/2 ~ N(0,1). Since Q7 —p oo under SIV-LA asymptot-
ics, this implies that 5501 S1(Qr) converges in probability to the 1 — o quantile of

the standard normal distribution as gr — oco. U

Proof of Theorem 12. Part (a)(i) of the Theorem holds by Lemma 9(a)(i) and the

continuity of ¥y, . (q1,¢r) and ¥y, . (q1,97) in (q1,97)-

To prove Theorem 12(a)(ii) and 12(a)(iii), we establish some preliminary results.
Let 81 and A1 be any fixed constants for which dg, # 0 (i.e., 81 # Bag). Define hg, =
(cs,,dg,)". Then, we have (I) Qr/n —, a/par > 0 by Lemma 9(a)(i) and Assumption
SIV-LA(b), (I) Q@s7/vQr = Op(1) by (I) and Lemma 9(a)(i), (II) Qs/Qr = 0p(1)
and QS/QlT/2 = 0p(1) by (I) and Lemma 9(a)(i), and (IV) h’lth/(dngT) —p 1
by (II) and (III). Next, we apply the mean-value theorem: (z + a)Y/? — z'/2 =
(1/2)(x*)~/2a, where z* lies between x and a, with z = d%lQT and a = 2cg,dg, QsT+

c%l Rs. This gives

1 _
\/hllth — ’/d%lQT = 5m 1/2 <2cﬁldﬂ1Q5T + C%l Q5>

1/2 1/2
_ Cﬂldﬂ1QST (d%1QT> +1 C%IQS (dngT>
2(

00 2G0T \
cg, sgn(dg, )Qsr
- + 0,(1), (14.58)
T

where m lies between h}Qhy and d%lQT and the third equality holds using (II)-(IV)
and the definition of m.

By Lebedev (1965, (5.11.10), p. 123), we have I, () = exp(z)(2pi - x)"2(1 +
O(z~1)) as © — oo for any v € R. Hence, using (I), we obtain

1, (/@ @r) e VH (20iyJB,@r) " =14 0n7) (14.59)

and likewise with h}Qh; in place of d%IQT.
We now consider a weight function Wap (3, A) (that does not necessarily satisfy
(6.2)). It is convenient to make a change of variables from (3, A) to (v, ), where

v = A2c5 and p = \Y2dg. (14.60)

Let h = (v, 1) Then, Xs(Q) = KQh and )\d%QT = u?Qr. Let Fyp(y, 1) be the
two-point distribution on (v, 1) that corresponds to Wap (3, A) and, hence, puts equal
weight on (7%, ) = (\)"2cg, (\)/2dge) and (v3, 13) = ((A3)/%cgs, (A3)"/2dgy).
Let fi,., denote the value of 1 that maximizes |u| over p in the support of Fop (v, i).
That is, fimax = max{|p*|, |p5|}. Let v = (k —2)/2.

Using this notation and the definition of LRy, in Corollary 1, we have LRyy,,
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equals

fefl('y +u)(h’Qh)_% I, ( h’Qh) dFo(7y, 1)
S e (12Qr) 2" 1, (ViPQr) dFap (v 1)
Je? 7+u)(HQh)% ﬂevﬁzﬁdF%OVM)
e g HE R e
[e 307+ (h’Qh>_§(V+%) (u2) 20D ViV i) VAT VW QR 120 4y (, )

w2Qr

(14 0p(1))

fefﬁ.“ 7% V+ e(\/_ V //‘rnax \/Q_TdFQP(’Y 'u/)

X (14 0p(1)) (14.61)

fef% 72+u2)( 2)*%(”%) \/ﬁ—\/u?nax)x/Q_Tevsgn(#)QSTQ;l/zdF2p(7 1)

— ’ 14 o0,(1
[e H 2( v+3 (\/ﬁ?—\/u?nax)\/@dpb]j(% 1) ( p(1))

where the first equality holds by (14.59), the second equality holds by algebra, and
the third equality holds by (IV) and (14.58).

If Wyp satisfies (6.2), then v* = —~5, u* = pd, and pp. = [1*| = |¢3]. In this
case, the terms in the numerator and denominator of the right-hand side (rhs) of
(14.61) that involve (v/u2 — \/1i2,..)v/@7 equal zero and the rhs of (14.61) without
(14 0p(1)) equals

%6—%((7*)2-4-(#*)2) ((M*)2)*%(V+%) (e‘y*sgn(u*)QSTQ}l/z + e*‘Y*SgTL(N*)QSTQ;l/Z)

e () )
= 7307 cosh(v* Qs Q1 ?), (14.62)

using (exp(x) + exp(—x))/2 = cosh(z). The function cosh(:) is even. Hence,
cosh(’y*QSTQ;l/Q) = cosh(’y*LM,i/Q). The latter is strictly increasing in LM, be-
cause cosh(-) is continuous and strictly increasing on R*. This completes the proof
of Theorem 12(a)(ii).

We now establish Theorem 12(a)(iii). Suppose Wap does not satisfy the second
condition of (6.2), then either p,,, > ]u2] OF fmax > |1*]- Suppose fimax > |13,

then exp((1/(13)? — /11212 )VQT) = 0p(1) using (I), pipax = |1*| > 0, and the rhs of
(14.61) without (1 4 o0p(1)) equals

e~ 3 (7P (()2) T3 1 aonlusr @7 1o, (1)
a%ﬂﬂwﬂrﬂ”9+%m
_ e_%(’Y*PeA’I*sgn(ﬂ*)QSTQ; + Op(l), (1463)

. . . . —1/2 .
which is a strictly monotone, continuous function of QsrQ, / and, hence, is not an

even function of QSTQ_I/ The same argument applies when .. > |p*|.
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Note that the case where 8" = B4 or 35 = B4p is subsumed in the case just
considered because in such cases there is no solution to the second equation in (6.2)
and, hence, we must have fi,. > || or fipax > [15].

Next, suppose Wop satisfies the second condition of (6.2), but not the first con-
dition. Then, v* # —v5, u* = pd, pmax = || = |15] > 0, and the rhs of (14.61)
without (1 + op(1)) equals

% (e*%(7*)267*sgn(#*)QSTQ;1/2 + 6*%(VE)Qe‘rEsgn(u*)QSTQ;N) 7 (14.64)

which is a continuous function of QSTQ;/ ? that is not even because v* # —~5. This
completes the proof of Theorem 12(a)(iii).

We now establish Theorem 12(a)(iv). We use the same argument as above except
with W4g in place of Wop. Let Fag(vy, 1) be the weight function on (v, ut) that cor-
responds to Wag(8,7) on (5, A). By (6.4) and the conditions following it, Fag (v, 1)
is of the form

Fap(y,p) = %F*(%u) + %F*(—%u) (14.65)
for some function F (7, 1) with finite support. Then, LRw,, equals the expressions
in (14.61) with Fyp replaced by Fag.

Let pi,,., denote the value of p that maximizes |u| over p in the support of
Fi(v, ). Let ©pymax denote the set of (7, u) values in the support of Fi(y,p) for
which || Now, by (14.65), the rhs of (14.61) without (1 + o0p(1)) can be

written as

= Hmax:

fe_%('YQ-f—Hz) (M )_% V+ 6(\/_ V lumax CO&h(/yQSTQT )dF*(fyHu)
[e 3h? 3043 (ViR ViRV g (v, 1)

X ()EOumax € 2 COSh(W( 20Qr)Y2) fulv, )
Z(%u)é% e 42 (V5 1)

+0p(1), (14.66)

where f.(7, ) denotes the probability mass F (y, ) puts on (v, 1) and the equality
uses the fact that exp((v/p2 — \/12,0)VQT) = = o0p(1) for any p with |p| < .y
By the properties of cosh(-), the rhs is a strlctly—mcreasing, continuous function of
Q%,;Q7' = LM, which establishes Theorem 12(a)(iv).

Given Lemma 9(b)(iii), the proof of Theorem 12(b)(i)-(iii) is the same as that of
Theorem 12(a)(ii)-(iv) with (Qgr, Qr) replaced by (Qsr, Qr) throughout. O

Proof of Comment 1 to Theorem 12. We write the LRy, (Q1, Q1) statistic as
a function of Qg, S2, and Qr, say LRw,,(Qs,S5,Qr). The statistics (Qs,S3, Qr)
are independent under the null. Hence, we can condition on (7 without affect-
ing the distribution of (Qg,S3). Consider a sequence of constants {qr, : m > 1}
for which ¢r,,/m — ofpar > 0. Then, by the argument of (14.58)-(14.66) with
(Qs, S2) held fixed, when Wap satisfies (6.2) we have limy, 0o LRw,,(Qs, S3, qr.m) =
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exp(—2(7%)?) cosh(|7*|(QsS2)/2). Because QsSZ ~ x3, this implies that the condi-
tional critical value function of LRyy,,, viz., kWP (g7), converges as qgr — 00 to a
strictly-increasing continuous function of the 1 — a quantile of x%. In turn, this im-
plies that k2P (Q7) converges in probability to the same constant as n — oo because
Qr/n —p &par > 0. An analogous argument holds for LRy, (Q1, Q7). O

Proof of Lemma 10. Part (a)(i) of the Lemma is established as follows:

n1Z'Yby = n1Z'(Zrd + Xn+ V)b
= n 17 Zrd'bg +n"1Z'Vbg —, Dyma'by (14.67)

using Assumptions SIV-FA, 1, and 3 and Z'X = 0.. Hence, we have

Su/nt? = (01 Z'Z) 2 2 Y by - (b)Y
—p Dy *madby - (bySo) V% = Dy *rcs. (14.68)

Similarly,

To/n'? = (W' 2'2) Pt 2y Q  ag - (apQ ag) T2
—p D *ma' 0 ag - (ap " ag) T2 = Dy *rdg. (14.69)

Part (a)(ii) of the Lemma follows from Lemma 5 and part (a)(i). Part (a)(iii) of
the Lemma follows from parts (a)(i) and (a)(ii) and Slutsky’s Theorem.

Next, we prove part (a)(iv) of the Lemma. If 3 = B4, then a’Q lap = 0 and
using Assumption 4, we have

T, = (01 2'2) VP~ Y2 2 (Znd + X+ V)Q tag - (ahQ ag) /2
= (n_lZ’Z)_1/2n_1/2ZIVQ_1a0 (apQtag) "2
—d Sk~ N(0, Ix). (14.70)

The remaining two results of part (a)(iv) follow from Lemma 5, part (a)(i), part
(a)(ii), and the continuous mapping theorem.

The proof of part (b) of the Lemma is similar to that of part (a) using the
definitions of S, and T}, in (9.7) and Theorem 7(a) (which holds without Assumption
WIV-FA). O

Proof of Theorem 13. Parts (a)(i)-(iv) of the Theorem hold by Lemma 10(a)(ii)
and 10(a)(iii) and simple calculations. In the case of LM, part (a)(ii) only holds if
B # B ar (which implies dg # 0) because dg appears in the denominator. Part (a)(v)
of the Theorem hold by Lemma 10(a)(ii) and 10(a)(iv) and simple calculations.
Next, we prove part (a)(vi) of the Theorem by altering the proof of Theorem
12(a)(ii). Result (I) of this proof still holds under Assumption SIV-FA, but (II)-(IV)
and (14.58) do not. We want to make use of (14.61), so we need alternatives to (IV)
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and (14.58). Our alternative to (14.58) is the following:
— (\/WO.h — +/u20
= (Vi - Vi)
= \/’VQQT,n/n + Q’VM@STn/n + MQQT n/m— \/MQQTn/n

—p A2 <\/7 ¢k + 2ypcpds + p2d3 — \/;ﬂd?) =q(v, 1 8), (14.71)

using Lemma 10(a)(iii). Now, the two-point df Fbp puts mass on (v, u) = (v*, 1)
and (—v*, 1*) because (6.2) is assumed to hold. We claim that g1 (v*, u*,8) # 0 or
91(—7*, w*, B) # 0 or both. The claim holds because g; (7*,,u*,ﬁ) =0 iff (’}/*)26% +
2v* u*cgdg = 0 iff v*cg+2u*dg = 0 and similarly g (—v*, u B) =0iff v*cg—2u*dg =
0. These two equations are incompatible given that v* # 0 (because % # ()
and cg # 0 (because 8 # (y). The claim implies that the left-hand side of (14 71)
multiplied by /n diverges to infinity in probability for (v, u) = (v*, u*) or (—*, u*)
or both.
Our alternative to (IV) is the following:
WO W(Onmh 2+ 2ypcsds + p2d?
hc,znh _h (gn/n)h . voeg+ wgﬁz 5+ podp — oo B) (14.72)
HzQT,n :uzQT,n/n 2 dﬂ
using Lemma 10(a)(iii). L
Now, using the above alternatives to (14.58) and (IV), LRy, (Q1.n, Q1) equals
the expressions in (14.61) with the following adjustments to the rhs expression in

(14.61): exp(vsgn( )QsrQ7 ) is replaced by exp(y/nlgi(v, . B) + op(1)]);
g2(v, 1, B)"2 5+3) is added in the numerator, and (Q, Q) is replaced by (Qn, QTn)
The term exp(yv/n[g1(y, 1, 8) + 0p(1)]) with (v,p) = (v, p*) or (=7, u*) ensures
that the rhs of (14.61) diverges to infinity in probability because g1 (v*, u*, 3) # 0 or
g1(—*, u*, B) # 0 or both. This completes the proof of part (a)(vi).

The proof of part (a)(vii) of the Theorem is quite similar to that of part (a)(vi).

The proofs of parts (b)(i)-(iv) of the Theorem are analogous to those of parts
(a)(i)-(iv) using Lemma 10(b)(ii)-(iv) in place of Lemma 10(a)(ii)-(iv). O

14.8 Proofs of Results Stated in Section 13

Proof of Lemma 11. The proof is essentially the same as that of Lemma 1. [J

Proof of Lemma 12. The proof is similar to that of Lemma 2. For brevity, we
only discuss the aspects of the proof that differ. To show independence of S and T3,
it suffices to show lack of covariance between S and 7}, because S and T} are jointly
multivariate normal. We have

cov(Z'Ybo, Z'Y Qg 5) = cov(D> Zi¥{bo, Y ZiY{Q )
=1 =1

> ZiZicov(Yibo, Y any) = > ZiZibpQQ a5 = 0, (14.73)
=1 =1
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because byap,; = 0. By analogous calculations 7T; and 7T, have zero covariance for
j # ¢ provided ag’jQ_lao?g = 0 for all j # ¢. Lastly, Tj has covariance matrix equal
to Iy, provided cov(Z'Yby, Z'YQ tay ;) = Z'Z. By analogous calculations to those
in (14.73), the latter occurs if O/OJQ*lagJ = 1for j = 1,...,m. The vectors ag ; are
chosen so that the desired conditions byag ; = 0, Oéf)’jQ_IOé()’g =0, and ag’jQ_lao,j =1
hold. O

Proof of Theorem 14. The proof is the same as that of Theorem 1, but one
considers vectors (fiq, ..., tb,,) and (fiy, ..., ii,,) instead of (py, po) and (fiy, fiy). O

Proof of Theorem 15. The proof is the same as that of Theorem 2 provided T
is a complete sufficient statistic. The latter holds if the family of distributions of
T =][Ty:--:Ty] under Hy is a km-parameter exponential family with parameter
space that contains a km-dimensional rectangle. The log of the null density of T
times minus two is klog(27) plus

m

> (T = (Z2'2) Prapg a0 ) (Tj — (2'2)PragQ g 5)
j=1
m m ’
= tr ZT]T; +tr Z(Z’Z)l/%ra’oQ_lao,j ((Z’Z)l/Qwa{)Q_laM)
j=1 j=1
—2tr | Y (2'2)"Prap @ ag ;T | (14.74)
j=1

where afy = [Bg : I;m] € R™*(m+1),

The first summand depends on the data, but not the parameters. The second
summand depends on the parameters, but not the data. Hence, these two terms are
not important. The third term can be written as

m m k
—2tr Z%J'TJI' =-2 Z Z 7joT}¢, where
j=1 j=1 (=1

%j = (Z/Z)1/27TCLE)Q_IO(0J € Rk,

%j = (%j,].? ...,%j’k)/, and

Ty = (Tj, o Ty (14.75)

The parameters 7 = |7y : -+ : 7] € RFX™ are the “natural” parameters of
the exponential family. There is a one-to-one transformation from 7 to 7 provided
Z'Z and Q) are nonsingular, which is assumed, ay = [By : Ip,] is full row rank m,
which holds by the definition of ag, and g = [ag,1 -+ : o m] € RmA1)xm jg f]]
column rank m. The latter holds because Q~1/ 200,1, e QY anym are orthogonal by

construction, so O 1/2q¢ = [9*1/2040,1 D Qfl/Qozo,m] is full column rank m and,

in turn, «ag is full column rank using the fact that €2 is nonsingular. The parameter
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space for 7 includes a km-dimensional rectangle. Hence, the same is true for 7. We
conclude that the family of distributions of 7" under Hy is a km-parameter exponential
family with parameter space that contains a km-dimensional rectangle. [

Proof of Lemma 13. First, we establish part (a). The k x (m + 1) matrix [S:T]
is multivariate normal with mean matrix M = p Ag, all variances equal to one, and
all correlations equal to zero by Lemma 12. Hence, @ = [S:T]'[S:T] has a noncentral
Wishart distribution with & degrees of freedom, covariance matrix I, 1, and matrix of
noncentrality parameters M'M = A3 AAg, where A = pizpi,. By (10.3.1) of Muirhead
(1982), the density of @ at ¢ is as given in part (a) of the lemma.

Part (b) is established as follows. The distribution of Q7 is a noncentral Wishart
distribution with k degrees of freedom, covariance matrix I, and matrix of non-
centrality parameters A7 sAA7 3 by Lemma 12(b). By (10.3.1) of Muirhead (1982),
the density of Q7 at ¢r is as given in part (b) of the lemma.

For part (c), by calculating the ratio of the densities in parts (a) and (b) of the
lemma evaluated at 3 = 3, and using the fact that tr(A’ﬂO Mg,) = tr(Aiﬂﬁo)\ATﬂo),
we obtain

forar(@lar: B, \) = KimEy b lq| k7272 |gp|~kmm=D 2etr(—qg /2) (14.76)
-1
X ()Fl (k/2; A%O)\Aﬁoq/ll)) (OFl (k/Q; A’fl“ﬂo)\AT,[BOQT/Zl))) .

We show below that the conditional distribution of @) given Qr = ¢r does not
depend on \. Hence, we can take A = 0 in (14.76). Because oFi (k/2;0pmxm) = 1 for
all positive integers m (e.g., see Muirhead (1982) p. 226 for the case m = 1 and pp.
227-8 and p. 258 for the case m > 1), this yields the expression given in part (c¢) of
the lemma.

The conditional distribution of @1 given Q7 = g7 does not depend on A by the
following argument. Theorem 15 states that invariant tests are similar if and only if
they have Neyman structure with respect to Qr (e.g., as defined in Lehmann (1986,
pp. 141-2)). By Theorem 4.2 of Lehmann (1986, p. 144), the latter implies that
Qr is a boundedly complete sufficient statistic under Hy for the parameter A > 0.
Sufficiency of Q7 implies the desired result.

An alternative (and more direct) proof that the conditional distribution of @1
given Qr = ¢r does not depend on A is the following: (i) there is a one-to-one
transformation from Q; to Q; = (Qs, S'T1/1|S]|, .-, ST /11S1]), so it suffices to show
that the conditional distribution of @); does not depend on A, (ii) the distribution
of Q; depends on T = [Ty : -+ : T),] only through T]{Tg for j,¢ = 1,...,m by the
spherical symmetry of the null distribution of S, which is N (0, Ix) by Lemma 12(a),
(iii) by (ii) the conditional distribution of Q1 given Qp = T'T is the same as the
conditional distribution of @ given 7', and (iv) the conditional distribution of Q1
given T is a random function of S only and the null distribution of S is N (0, Ix),
which does not depend on \. (I
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Figure 1. Power envelopes for one-sided invariant similar and nonsimilar tests
and power function of the one-sided CLR (CLR1) test; p=.95, k=35

(@dr=5 (b) A = 20
o' T T T O' d T . T . T . T . T . T . T . T
— PE, similar tests — PE, similar tests :
ol — — PE, nonsim. tests 1 ol — — PE, nonsim. tests :
ol —-—--- CLR1 vs 8 >0 1 ol —-—-- CLR1 vs 8 >0 : E
|
|
+ |
© © |
ol ] of 1 ]
—_ —_ 1
[0 [
2 2 !
o o !
a - a |
<+ <+ |
ol T al | T
i 1 i 1
| |
| |
i | |
N 1 i N 1 .
o | o 1
I | |
| |
| |
_ - | _ |
q————l———-r———r———l——"’l—. L L i Ll L i L i L i O_ i L i L " L " L el — L i L i L i L i L P i
©_6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 © 6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6
ﬁ'\/)\ ﬁAR\/)\ ﬂ'\/)\ ﬂAR\h\

Figure 2. Power envelope for one-sided invariant similar tests and power functions of various POI similar tests: locally most
powerful, POI at powers of .25, .5, and .75, and the most-distant most-powerful; p=.95, k=5
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Figure 3. Power envelopes for two-sided asymptotically efficient invariant similar tests, locally unbiased invariant similar tests,
and asymptotically efficient invariant nonsimilar tests; p=.95, k=15
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Figure 4. Power envelope for two-sided asymptotically efficient invariant similar tests and power functions of two-sided POI similar
tests that are point optimal against g* = 0.8, A* =5 (POIS2(.8,5)) and against f* = 1.45, A* =5 (POIS2(1.45,5)); p= .95, k=5
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Figure 5. Power envelopes for two-sided asymptotically efficient invariant similar tests
and power functions for the two-sided CLR, LM, AR, and P* tests; p= .95, k=5
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Figure 6. Power envelopes for two-sided asymptotically efficient invariant similar tests

and power functions for the two-sided CLR, LM, AR, and P* tests; p= .95, k=2 and k=10
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Table 1
Monte Carlo Rejection Rates of 5% 2-sided CLR, LM, AR, and P* Tests with Q estimated (o= 0.5)

k=2 k=5 k=10

ﬂﬁ A n CLR ‘ LM | AR ‘ P* CLR ‘ LM ‘ AR ‘ P* CLR ‘ LM | AR ‘ P*

A. Size
0 5 50 0.060 | 0.059 | 0.061 0.052 | 0.068 | 0.060 | 0.071 0.054 | 0.090 | 0.075 | 0.090 | 0.075
0 5 100 0.056 | 0.054 | 0.056 | 0.048 | 0.058 | 0.055 | 0.060 | 0.046 | 0.069 | 0.063 | 0.069 | 0.055
0 5 200 0.050 | 0.050 | 0.051 0.043 | 0.054 | 0.052 | 0.054 | 0.041 0.059 | 0.056 | 0.060 | 0.046
0 5 0 0.050 | 0.050 | 0.050 | 0.045 | 0.050 | 0.050 | 0.050 | 0.038 | 0.050 | 0.050 | 0.050 | 0.036
0 20 50 0.058 | 0.058 | 0.061 0.054 | 0.061 0.058 | 0.071 0.055 | 0.073 | 0.065 | 0.090 | 0.069
0 20 100 0.054 | 0.054 | 0.056 | 0.050 | 0.055 | 0.054 | 0.060 | 0.048 | 0.061 0.058 | 0.069 | 0.055
0 20 200 0.050 | 0.050 | 0.051 0.046 | 0.052 | 0.051 0.054 | 0.045 | 0.054 | 0.053 | 0.060 | 0.048
0 20 0 0.050 | 0.050 | 0.050 | 0.047 | 0.050 | 0.050 | 0.050 | 0.043 | 0.050 | 0.050 | 0.050 | 0.041
B. Power (size-unadjusted

-2.0 5 50 0.481 0.475 | 0.416 | 0.460 | 0.421 0.408 | 0.310 | 0.389 | 0.365 | 0.342 | 0.256 | 0.335
-2.0 5 100 0.488 | 0485 | 0.418 | 0465 | 0422 | 0.412 | 0.298 | 0.388 | 0.357 | 0.341 0.237 | 0.323
-2.0 5 200 0.490 | 0487 | 0.413 | 0465 | 0418 | 0.408 | 0.293 | 0.382 | 0.357 | 0.345 | 0.229 | 0.321
-2.0 5 0 0.484 | 0483 | 0.417 | 0.461 0.431 0423 | 0292 | 0390 | 0.352 | 0.345 | 0.217 | 0.314
-2.0 20 50 0.498 | 0497 | 0416 | 0484 | 0.473 | 0470 | 0.310 | 0450 | 0.436 | 0.428 | 0.256 | 0.411

-2.0 20 100 0.503 0.502 0.418 0.490 0.473 0.473 0.298 0.450 0.437 0.432 0.237 0.410
-2.0 20 200 0.507 0.506 0.413 0.491 0.475 0.472 0.293 0.448 0.444 0.440 0.229 0.411

-2.0 20 0 0.502 0.500 0.417 0.486 0.488 0.486 0.292 0.455 0.445 0.443 0.217 0.405
2.0 5 50 0.433 0.376 0.415 0.403 0.328 0.250 0.306 0.285 0.280 0.202 0.258 0.241
2.0 5 100 0.430 0.374 0.413 0.398 0.321 0.243 0.303 0.276 0.258 0.182 0.239 0.215
2.0 5 200 0.430 0.372 0.414 0.398 0.319 0.242 0.297 0.273 0.241 0.172 0.227 0.198
2.0 5 0 0.433 0.377 0.418 0.400 0.311 0.233 0.294 0.260 0.223 0.156 0.210 0.180
2.0 20 50 0.486 0.482 0.415 0.466 0.425 0.416 0.306 0.394 0.378 0.355 0.258 0.346
2.0 20 100 0.487 0.484 0.413 0.465 0.430 0.422 0.303 0.397 0.372 0.356 0.239 0.336
2.0 20 200 0.491 0.489 0.414 0.470 0.434 0.427 0.297 0.399 0.365 0.352 0.227 0.329
2.0 20 0 0.497 0.494 0.418 0.472 0.429 0.422 0.294 0.398 0.356 0.348 0.210 0.317

Notes: Rows with n = « correspond to the weak-instrument asymptotic limit. Conditional p-values for the CLR statistic were
computed by numerical integration of the conditional density based on Lemma 3. The P* tests were computed using x =2 for k= 2,
x=3.25for k=5, and x=4.25 for k= 10. All rejections are based on the weak-instrument asymptotic critical values or conditional

critical values, as appropriate. All calculations are based on 50,000 Monte Carlo simulations.





