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use the robust-to-weak instruments Conditional Wald critical values of [Moreira (2003).
If errors are non-homoskedastic, these methods do not apply. We derive the general-
ization of Conditional Wald critical values that is robust to non-homoskedastic errors
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I Introduction

This paper considers inference in the over-identified linear instrumental variables model
and its generalization to weakly-identified models and GMM more generally. The core
problem of inference in the weak IV literature is that when instruments are weak, con-
ventional asymptotic approximations are poor, causing standard inference procedures (like
Wald or #-ratio-based inference) to over-reject, even under the null. Indeed, Dufour (1997)
pointed out that any confidence set that is bounded with probability 1 (like the usual
ﬁ +1.96 - s¢( 3)) could have the potential to cover the true parameter O percent of the time
(i.e., zero percent confidence level).

Moreira (2003) provided a generalized approach to constructing inference procedures
that addressed this weak instrument problem via data-dependent critical values; this ap-
proach was first demonstrated in the case when errors are homoskedastic. Moreira (2003)
presented, for the hypothesis that the parameter is equal to a particular value, conditional
versions of the "trinity" of test procedures: Likelihood Ratio (LR), Lagrange Multiplier
(LM), and Wald tests. The critical values for each of these test statistics were functions of
the observed data and the null hypothesis.

Since then, a number of efforts have generalized these tests to accommodate non-
homoskedastic settings, given the widespread preference of applied researchers to remain
somewhat agnostic about the properties of the errors in the linear model Curiously, while
there have been efforts to generalize the Conditional LR (CLR) and LM tests to general
non-homoskedastic errors, to the best of our knowledge, the extension of the Conditional
Wald in such a way has been neglected.

In this paper, we derive the extension of Conditional Wald to non-homoskedastic set-
tings. This effort delivers a Wald-based inference procedure that is valid, similar, robust
to arbitrarily weak instruments, robust to HAC error structures, and applicable to more
general weakly-identified settings like GMM.

There are a number of practical reasons to revisit a testing procedure rooted in a Wald
approach. First, for the linear instrumental variables model, applied research has revealed
a preference for Wald-based inference. Most typically, researchers compute and report
the 2SLS estimator and robust standard errors, regardless of concerns about instrument
weakness. In homoskedastic settings, researchers could pursue two different options for

conducting Wald-based inference using the computed #-ratio. Researchers can either use

ISee, for example, Andrews, Moreira and Stock (2004), [Kleibergen (2005), Andrews (2016).



the critical value function for Conditional Wald in Moreira (2003), or they can use the
first-stage F-statistic along with the critical value tables in |Stock and Yogo (2005) and

the Bonferroni arguments used in |Staiger and Stock (1997). When the errors are non-
homoskedastic — as is typically allowed in modern empirical work — the values in|Stock and Yogo
(2005) tables no longer reliably control size distortions, as pointed out in/Andrews, Stock and Sun
(2019). The contribution of the current paper is to provide a method for computing critical
values for the #-ratio that will deliver valid, robust inference, even in non-homoskedastic
settings

A second reason to consider a robust-to-HAC version of Conditional Wald of Moreira
(2003) is that there are two recent studies pointing to power advantages of Conditional Wald
in the homoskedastic, over-identified setting and in the non-homoskedastic just-identified
setting. [Van de Sijpe and Windmeijer (2023) analyze power for the over-identified, ho-
moskedastic case, and provide simulation evidence that Conditional Wald using 2SLS tends
to produce shorter confidence set lengths, compared to CLR (Moreira (2003)). This is a
particularly striking finding, in light of papers that point to the near-optimality, in terms of
power, of CLR. Furthermore, [Lee et al. (2023), in the context of the just-identified (robust
to HAC errors) IV model, show that two different Wald-based — V¢F and Conditional Wald
— confidence intervals appear to be almost always shorter than that of |/Anderson and Rubin
(1949), a recommended benchmark in the literature. Thus, developing the Conditional
Wald robust to HAC errors is not only already aligned with practitioner practice, but these
recent studies suggest that it may even have power advantages in the form of shorter confi-
dence intervals.

Our motivation for deriving CW critical values is entirely practical and stems from
taking as given practitioners’ apparent preference for computing the 2SLS point estimate
and robust standard error (presuming non-homoskedasticity), and finding critical values
that lead to valid inference. Our approach is thus different from identifying the optimal test
after having defined a class of procedures and an objective function. Nevertheless, the two
studies mentioned above do suggest the possibility that in terms of power and confidence
interval length, CW could fare well compared to existing alternatives for the over-identified
model.

Section [l establishes the notation we use for the standard linear IV model with non-
homoskedastic errors, Section [[IIl derives the critical values for Robust Conditional Wald
tests based on 2SLS, LIML, two-step, and CUE GMM estimators, Section [[V] extends the

’In this paper, acceptance/rejection of the null is the result of comparing a single statistic with a valid
(in this case, data-dependent) critical value. A different, "two-step" inference approach where two different
procedures (one "robust to weak instruments" and the other non-robust) are combined to form an overall valid
procedure (which can also accommodate non-homoskedastic settings) is proposed by |Andrews (2018).
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test to nonlinear weakly-identified models (e.g. GMM), and Section [V] concludes.

I The Linear IV Model

The standard linear IV model is represented by

yi = hB+u
Y, = ZII+V,

where y; (nx 1) is the dependent variable, Y> (n X p) are the endogenous variable(s) of
interest, and Z (n x k) are the excluded instruments, while u (nx 1) and V, (n X p) are
the unobserved structural-form errors. The single endogenous regressor case simply corre-
sponds to p = 1. We will always take k > p with k = p corresponding to the just-identified
model and k > p corresponding to the over-identified model. The parameter of interest is
B. It is straightforward to accommodate additional covariates (including a constant), but
we omit their inclusion in the exposition below.

The reduced-form model is:

yio= ZIB+wn
Y, = ZII+V,,

where u = v; — V, 3. It will be convenient to write the model in a matrix form:
Y =ZIIA+V,

where Y = [y; : 2], V = [v; : V5|, and A = [B : I,]. We will use the notation Y}, V;, Z;, etc,
to denote the i-th row of the corresponding matrix.

In Moreira (2003), the rows of V were assumed to be i.i.d. This paper relaxes this
assumption for the derivation of the Conditional Wald test robust to different DGPs. We
are motivated by the observation that applied researchers typically prefer not to make the
assumption of homoskedasticity, and often they are interested in a clustered error structure,

for example.



IIT The Robust Conditional Wald Tests

In this section, we derive the Conditional Wald (CW) tests robust to HAC errors for the
linear model given in section [l
The Wald statistic is formed by three elements: a null value By, an estimator 3, and a

robust asymptotic variance estimator A.Var for \/n <ﬁn — ﬁ()) :

o =n (B po) [AVar] " (B~ po).

In section [ILLAL we review the class of linear GMM estimators for §, which includes com-
mon estimators like 2SLS, LIML, efficient two-step GMM, and the CU (continuously up-
dating) GMM estimator, all of which can be used for constructing a Robust Conditional
Wald test. In section [ILB] we review the robust variance estimators based on the asymp-
totic distribution of \/n (//3\,, — B()). With these components in hand, we can form robust

versions of the Wald statistic for various estimators, f3,. Note that there are no new results
in Sections and [[ILB] and there are many references that detail these standard results
(as one example, see Newey and McFadden (1994)). We review a selected set of well-
established facts about GMM to highlight that the Robust Conditional Wald test we derive
in is not specific to the leading case in applied work — 2SLS — and can be applied
to tests based on other estimators of the parameter of interest. Note that the multitude of
different estimators that could be employed arises in the over-identified case; in contrast,
for example, in the single instrument case, all of the estimators we discuss below collapse
to the standard I'V estimator.

With that as context, an interested reader can skip to section in which we show
how to apply the conditional argument of Moreira (2003) to obtain a critical value function
for the Wald statistic that is robust to instrument weakness. The critical value function
is then used to form a robust similar test, which can be inverted to generate confidence

intervals for f3.

III.A Estimators

Estimators like 2SLS or LIML can be viewed as particular GMM estimators based on the

linear moment condition:

n

2, (B)=n"Y Z (yii—¥3B) =n""'Z'Yb,
i=1



where b = (1,—B’)'. A GMM estimator for f3 is the minimizer of the criterion

(1) 0x(B) =3,(B)Wu(B)g,(B)

where the weighting matrix may or may not depend on the unknown coefficient 3. Differ-
ent choices of W, (B) will lead to different estimators f3,,.

For the 2SLS estimator, the weighting matrix does not depend on f3:

n
W, "=V, n 'Y 22/ =V,-n"'Z2,
i=1

where V,, is an estimator of V,, which is the variance of . Because O, () is quadratic in

B, it is straightforward to show that the resulting estimator is 2SLS:

~

_ —1 _
@) B.=nz(z2)"'Zn| vz(Z2)"'Zw.
We can re-express the estimator as
7 S5 Vo
Bu=|Bi%| P,

where Y, = NY, and N = Z(Z'Z) "' Z' is the usual projection matrix. That s, in the first
stage, we first regress ¥> on Z to obtain the fitted values Y>. In the second stage, we regress
y1 on the fitted values 172.

For the LIML estimator, the weight matrix is formed by using 8 along with residuals
from OLS regressions of y; and ¥> on Z. Let b= (1,—B'), N=2(Z'2)"'Z', and M =
I —N. Then

~ n - 2
Vu(B)y=n""Y’ (ﬂ,i — Vz’,,-ﬁ) =n 'Y’ MYD,
i=1
where V = MY = MV. The GMM criterion is no longer quadratic in B once we use

Wa(B)™" =V (B)-n™' Y. 22 = Vu(B)-n'2'2.
=1

1

Instead it is a ratio of quadratic forms:

n n -1 n
n! L (y1i —Y3:B) Z (nl X ziz;) n! LZ (y1i —¥3:8)
1= 1= 1=

n (ﬁ) = n
’ n! igl (Vl’i_‘72/7iﬁ)2



The minimum of ~ YY'NYD

On(B) = DY MYb
is well-known to lead to the LIML estimator (see Davidson and MacKinnon (2021) among
others). This estimator is proportional to the eigenvector associated to the smallest eigen-
value A, of the characteristic polynomial |[Y'NY —A.Y'MY| = 0.

Once we consider different weighting functions W, (), we can wonder if there is the
“best” possible choice. The answer depends if errors are heteroskedastic, clustered, etc.
Only in special cases, such as with homoskedastic errors, are the 2SLS and LIML estima-
tors “best.” To obtain the weighting function that optimally accounts for heteroskedasticity,
clustering, serial correlation, and other departures from homoskedastic errors with no serial

correlation, one first considers the (infeasibly estimated) variance of

vec (n_l/z zn:ZiVi'> =n 12 z": (Vi®Z) H

i=1 i=1
Under general conditions for the DGPs, the limiting variance exists and is given by

n n
Q=limn 'Y Y C(Vi®z,V;0Z;).
" i=1j=1
Since we do not observe the errors V;, we can make this feasible by replacing them
with, as an example, the OLS residuals ‘7, There are different estimators for the variances
and covariances above, each one of them suited to different assumptions on the DGPs.
For example, typically, one uses the variance estimate of Whitel (1980) for heteroskedastic

errors that are serially uncorrelated:

~ noos. ~ /
ann*IZ<Vi®Zi> <Vi®Zi) .
i=1

Henceforth, we will employ the broader notation ﬁn without explicitly specifying its for-
mulae for different departures from homoskedasticity. Examples of robust variance esti-
mators include White (1980) for heteroskedasticity, Newey and West (1987) and |Andrews
(1991)) for both heteroskedasticity and autocorrelation (HAC), and (Cameron, Gelbach and Miller
(2011)) for clustered errors. See  Andrews, Moreira and Stock (2004) for the IV model.

3Because the Z;V! is an k x p matrix, we can stack its columns to form a single vector with the vec (-)
operator.



The GMM criterion is then

, Where

[122 (Y;—X/B)

~ I g >\’
w,” ! = <bn®lk> Q, (bn®lk> and bn: <1,—l3,/,> )

0.(B) = [ é(y X!p)Z

with Bn being a preliminary consistent estimator of 3. Again, this criterion
0,(B)=bY'ZW,Z'Yb

is quadratic in 3 and we can easily find its closed-form solution:

3) B, = [3ZW,2'vs] ' v)'ZW,Z'y.

which is the two-step GMM estimator. It simplifies to the 2SLS estimator if W, ! is pro-
portional to n~'Z'Z. When the weight matrix depends on 3, we obtain
n

n
On(B) = ”_12()’11'—1’2/1' Z yll YZz , where
i=1

=1
Wa(B)' = (b@L)'Q, (b 1).

which is the Continuously Updating (CU) GMM estimator, proposed by Hansen and Singleton
(1982).

III.B Wald Test Statistics

Finally, the usual Wald test statistics are based on the standard asymptotic approximation

to the distribution of the GMM estimators. Under the true parameter f,
Y25 (Bo) —a N (0,Vp), where Vo = (bo @ L) Q (b ® )

for by = (1, — ﬁé) For convenience, we derive the asymptotic distribution where we use

the parameter 3 in the criterion function:

0, (B) =8 (B) Wa (o) 8, (B)-

This setup allows for the p0551b111ty that the limiting behavior of W, () is not necessarily

proportional to V,,~ ! Hence, Bn is not necessarily optimal. Under the usual asymptotics,



the distribution of estimators which minimize Q,, (8) is the same as if we had used O, ()
instead, where the weight uses a preliminary estimator or uses f3 itself (derivations of these
results are standard and can be found, e.g. in Newey and McFadden (1994)). As a result,
the 2SLS and LIML estimators are asymptotically equivalent, while the two-step GMM
and CUE estimators are asymptotically equivalent as well. We derive the asymptotic dis-
tribution for the 2SLS and two-step GMM estimators from equations (2) and (3) and, so,
for the LIML and continuously updating estimators as well.

For the 2SLS estimator, we can write
~ _ -1 _
12 (By=Bo) = [z (n"'22) w7 Zn| vz (' 22) " P2 Ve,
Assuming that the following probability limits exist,
. —1v/7 _ . —1 H
plimn= " Y,Z = Eyiz and plimn~"Z'Z = Eyy

we then have n!/2 <En — ﬁ()) —a N (0,B,'AoB, '), where

-1
By = |EvzEzyEzy|  and
Ao = Ey;zE;; (bo® 1) Q(bo@ 1) EyyEzy,.

We can find some consistent estimators for Ag and By, and derive a Wald statistic for the
2SLS and LIML estimators:

~

~ I T o~ o~ —1
n n (ﬁn — ﬁo) [B;lAnB,Zl} (/3,1 — Bo) , where
— n'v2(22)"' 7', and
'~ !~ ~ .
¥z (22)" (b k) G (Baol) (22) ' 2

)

3
I

=)
|

)

S
3
Il

—~ ~\/
with b, = (1, — /3,4) based on the respective 2SLS/LIML estimatorH
Likewise, for the two-step GMM estimator, we find that n'/2 (En — ﬁo) —4 N (0,B, 1),

where
-1
By = EYZ/Z [(b() ®Ik)/.Q(b() ®Ik)] EZ’YZ'

We can find a consistent estimator for By and derive a Wald statistic for the two-step GMM

PN

SWe typically use (E,, & Ik) Q, (Z,, & Ik) as a consistent estimator for V). However, other estimators are

possible, including (bo ® 1)’ Q,, (bo @ ).



and continuously updating estimator:

_— —~ I s~
W' = n </3,, — Bo) B, (/3,, — Bo) , where

-1
~ '~ PN '~
B, = n'viz {(bn ®Ik> 3, (bn ®1k)} n17'v,.

~

o~ /
with b, = (1, _ /3’) based on the GMM/CU estimators

n

III.C Valid Critical Value Functions

As emphasized inDufour (1997), since the nuisance parameter representing the strength of
the first stage may be arbitrarily close to zero, then the usual constant critical values cannot
be valid; indeed, Dufour (1997) points out that any valid confidence set in this context must
be unbounded with positive probability, which clearly cannot be the case with a constant
critical value for any of the Wald statistics mentioned above. To derive valid critical values,

using the conditioning strategy of Moreira (2003), we begin by defining the quantity
R=(Z7)""?ZY =R : Ry,

where the k-dimensional vector R is the first column of R and the k X p-matrix R; is the
last p columns of R. The standardization avoids multiplication by the sample size n. The

asymptotic variance of vec(R) is

Xn X2
Y1 Zo |

r= (1p+1 ® (Ezfz)fl/z) Q (1p+1 ® (Ez/z)fl/z) = [

where the matrix X is being partitioned by submatrices of columns/rows of dimensions 1

and p. Analogously, we can use the estimator

_ 1o\ ~ _ S, 2
Y, = (IP-H ® (anZ/Z) 1/2> 0, (Ip+1 ® (n—IZ/Z) 1/2> — A117n A12,n .
D00 X2

Up to a scale of the sample size n, the GMM criterion is
’\ il (=1 1/2 A A2 nr i
O0n(B)=b'R (n'ZZ) "W, (B) (n'Z'Z) ""Rb=b'R'W,(B)RD,
where W, (B) = (n_lZ’Z)l/2 W, (B) (n'2'Z) 2 1t is clear that only R and the weight

%We can also use here either the null value fBy or the preliminary estimator f3, for the variance estimator.



function W, (B) fully determine the estimator En To illustrate this connection, recall that
the 2SLS estimator results if W, ! is proportional to n~!Z'Z. For such a weight, we have
W, (B) = I, and we trivially have the 2SLS being dependent only on R. Indeed, the 2SLS
estimator can be written as

B = (RoRy) ' RyR.
The same holds for the other estimators as well. For example, we take the LIML estimator.
When W, (B) ™' =V, (B) -n~'Z'Z, we have W, (B) =V, (B) "' I. The LIML estimator
solves R b’R’Rb

On(B) = , where ®, =n~'Y'MY.
bDBub Db
Having found that the estimators are completely determined by the standardized reduced-

form coefficients R and the function W,, (3), we can turn our attention to the Wald statistics.

The Wald statistic for the 2SLS/LIML estimators has the form
% n ! / Lo (7 'S (7 / —1 s
7= (Ba=Bo) | (RaR2) 'R (Buo ki) S (b k) Ra (RsRa) ™| (Bu—Bo).-

Hence, it is a function of R and fn (or, for LIML, &Dn). Likewise, the Wald statistic for the

two-step GMM and CU estimators can be written as

R, [( n®1k) 5, @@@}IRZ (B.—5o).

which again depends only on R and f,, (as long as the preliminary estimator En depends

iz ([3 ﬁo)

only on R and fn as well, such as the 2SLS estimator). In short, the Wald statistics associ-
ated with any of the estimators we have discussed above are functions of R, En, and &Dn as
shown above.

We now apply the conditioning approach of Moreira (2003), beginning by finding a
useful transformation of R:

Ry =RBy = [R, : Ry], where By =

1 OIXP
_BO Ip

That is, R, = Ry — R By. Note that the asymptotic variance of R is given by

Suu T
S0 = (By@ L) Z(Bo® 1) = [ = ]

You X
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This quantity can of course be consistently estimated as well (regardless of identification
of B):
- - Suun >
Yon = (36@) Ik) Y, (Bo® 1) = Zuwn Zu2n |
z‘42u7n 2227,1
Consider a transformation of R.

D = vec (Ry) — fzmnf_l R,.

uu,n

Given %, there is a one-to-one transformation between the pair R and R, and the pair R, and
D. Since we have established that all of the Wald statistics above can be written as functions
of R, in, and &Dn, this means that they can also be written as functions of Ru,lA), En, and &)n
Importantly, adopting the appropriate assumptions relevant for HAC (e.g. see Kleibergen
(2005) orl/Andrews (2016)), it can be shown that (Ru,13> =4 (#y, D), where Z, and 2 are
asymptotically normal and independent, with %, being mean zero with a variance matrix
that can be consistently estimated under the null — that is, %, ~ N (0,X,,) under the null.
AsMoreira (2003) shows, this allows one to establish the distribution of test statistics even
in the presence of the unknown nuisance parameter (the mean of R»), since the distribution
of Z%, conditional on Z is the same as the marginal distribution

We can write all Wald statistics as

o~

7/}1 == W(Ruaﬁainaé\)n)

(where we explicitly state the distribution of R, depends on the sample size n). Its asymp-

totic behavior is given by

7%1 = W('@ur@azaq))

where ® = plim P, = plim n~'V'MV (if the process is ergodic, ® is just the variance of
the reduced-form errors V). We then find the 1 — o quantile, say, cq (d,X,®) of the null

asymptotic distribution of
v (%#,,d, X, ®), where #Z, ~ N (0,%,,).

The final conditional test rejects the null when

—~

o=y (RiD.20®1) > ca (D.5,,®0).
"We will not standardize here the R, and D statistics. However, we could have

worked with their respective standardized versions, S = [(b)®1I)Z (bo®Iy)] “V2Rpy and T =
[(Ay@ L) (Ag® I)] 12 (A @ I) £~ 'vec (R), as in Moreira and Moreird (2019).
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IV Generalization to weakly-identified models (including
GMM)

Summarizing the setup in|Andrews (2016), it is assumed that there is a sequence of models
F,(6,7), which is indexed by the sample size n. To illustrate the extension, we focus
on a parameter of interest 0 € ®, and presume there is an / X 1 consistently estimable
nuisance parameter ¥ € I'. The objective is to test the null hypothesis 8 = 6y, presuming
the availability of three quantities: 1) a standardized sample moment vector (or distance
function) evaluated at the null, A, (GO)H; 2) a sample gradient of &, (6) with respect to 6
evaluated at the null, Ak, (6p); and 3) the consistent estimate § for y.
The main assumptions in /Andrews (2016) are that for any true value (0,y) € ® x I':

hn (60) 4, h(6o)
Ahy, (60) Ah (6o)
( 1(80) )NN(( m(6) ) ZO> where Yo = ( i o )
VeC(Ah(G())) vec(u) , ’ Zgh 299

and }7£> . Itis further assumed that ¥;,¢ and X, are continuous in ¥, and hence consistently

and

estimable.

The mean m (6)) belongs to a set M (i, ) C R¥, with u € .#, and is defined so that
when 0 = 6y, m (6p) = 0. The goal is to test the null hypothesis (m (6p), 1) = (0, 1) against
the alternative (m (6y),u) = (.#\{0},u) , for any unknown value of .

We can once again consider the k x 1 quantity
9 = vec(Ah(60)) — ZenZ;, 1 (60)

which, by construction is independent of % (6y). The Wald statistic based on the 2SLS

estimator for the linear model simplifies to

—1
—_~ AN //\ AN
Yy = R.R [R’z <bn®1k) Son <b,,®1k) Rz} R, Ry, where

by = (1,—R;R2(R’2R2)_1)/.

8For the linear model, we can take either the (standardized) moment condition h,(B) =
(2'2)"Y2Z (y; — Y2) or the distance function 2 (1, B) = (Z'Z) ' Z'y — [TIB : T1].
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We can thus define a nonlinear analog as
) 1

Yy = HAhy [Ah; (En®1k) 5, (En@@lk) Ahn] AR, where

~

by = (1,—h;Ahn(Ah;Ahn)‘l>'.

(where we have suppressed the dependence on 6), which will converge in distribution
to
W = (I AR) [ (b@ 1) T (b@ I) k]~ (Al'h)

After substituting in Ah = 2 —i—ZQhZ;hlh, then it is easy to compute the (1 — o)th condi-
tional quantile defined by

Pr(# >c(d,X0) |2 =d] =«
The test is straightforward to implement as follows: reject the hypothesis if and only if
Wy > ¢ (ﬁn,in; oc) . where D, = vec (Ahy (80)) — SonSp 1 (60).
This test will have the property, under the null, that
limPr [%> c <lA)n,§n;Oc> |5n = d} =
for all values of d and hence
limPr [%> c (ﬁn,in;a)] =

as desired.

V Conclusion

We are motivated by providing an inference method for researchers interested in the over-
identified linear instrumental variables model, and who have a preference for using the
2SLS estimator fi for inference, and who do not wish to rely on the assumption of ho-
moskedasticity. If errors are assumed to be homoskedastic, one can use the results of
Staiger and Stock (1997) and |Stock and Yogo (2005) to control the amount of distortion
in inference. As noted in |Andrews, Stock and Sun (2019), the tables in IStock and Yogo
(2005) do not apply to non-homoskedastic settings. |Andrews (2018) provides a conserva-

13



tive two-step procedure that builds on |Stock and Yogo (2005) for more general DGPs.

To accommodate practitioners’ preference for using the 2SLS estimator and conven-
tional robust standard errors, we present the robust Conditional Wald (data-dependent)
critical values for the Wald statistics robust to heteroskedastic, autocorrelated, and/or clus-
tered errors, which turns out to be a relatively straightforward extension of the Conditional
Wald test of Moreira (2003); its derivation has been neglected in the weak-IV literature,
which has provided a number of other non-Wald procedures that are both robust to non-
homoskedastic errors and to arbitrarily weak instruments.

Using existing results from the weak IV literature, we also generalize the procedure
to apply to the more general nonlinear models that are typically estimated via minimum
distance or GMM. We can explore several Wald statistics within the nonlinear setup as
well, contingent on the weights employed in the criterion function. The final conditional

test would substitute the conventional critical value with a conditional quantile.
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