Asymptotic Efficiency in Parametric Structural Models with
Parameter-Dependent Support*

Keisuke Hirano
University of Miami
khirano@miami.edu

Jack R. Porter
Harvard University
jporter@harvard.edu

October 16, 2002

*We are grateful to Gary Chamberlain, Guido Imbens, Peter Bickel, numerous seminar participants, a
co-editor, and a referee for comments. We thank the National Science Foundation for research support under
grants SES-9985257 (Hirano) and SES-0112095 (Porter).



Abstract

In certain auction, search, and related models, the boundary of the support of the observed data
depends on some of the parameters of interest. For such nonregular models, standard asymptotic
distribution theory does not apply. Previous work has focused on characterizing the nonstandard
limiting distributions of particular estimators in these models. In contrast, we study the problem
of constructing efficient point estimators. We show that the maximum likelihood estimator is
generally inefficient, but that the Bayes estimator is efficient according to the local asymptotic
minmax criterion for conventional loss functions. We provide intuition for this result using Le

Cam’s limits of experiments framework.



1 Introduction

This paper studies efficient point estimation of structural econometric models in which the boundary
of the support of the observed data depends on some of the parameters of interest, and on regressor
variables. This parameter-dependent support property arises in certain parametric auction models,
search models, and production frontier models. For such models, conventional asymptotic theory
does not apply.

Much of the previous work on models with parameter-dependent support, including Flinn and
Heckman (1982), Smith (1985), and Christensen and Kiefer (1991), Donald and Paarsch (1993),
Hong (1998), Donald and Paarsch (2002), and Chernozhukov and Hong (2001), has focused on
obtaining asymptotic distribution theory for maximum likelihood, Bayes, and other estimators.
The limit distributions of these estimators are generally nonnormal, making comparisons of different
estimators and efficiency considerations more difficult than in the regular case. We build on this
important earlier work by directly examining the efficiency issue and identifying a class of optimal
estimators.

We use the standard local asymptotic minmax criterion for optimality. This criterion compares
estimators by their maximum expected loss over a localized parameter space. In regular finite-
dimensional parametric models, this criterion coincides with other familiar optimality definitions
(for bowl-shaped loss functions) and leads to the conclusion that the maximum likelihood esti-
mator is optimal. However, inspection of proofs of the efficiency of the ML estimator show that
this property is quite closely tied to regularity of the underlying model. Because the models we
consider here are nonregular, there is no guarantee that ML will be efficient. In fact, we show that
for standard loss functions such as squared error loss, ML is generally inefficient in models with
parameter-dependent support.

We then consider Bayes estimators, which provide an alternative, likelihood-based method
of inference in parametric models. Recent work on Bayesian inference for search and auction
models includes Lancaster (1997), Kiefer and Steele (1998), Bajari (1998), Sareen (2000), and

Chernozhukov and Hong (2001). In regular parametric models, Bayes estimators are typically



asymptotically equivalent to ML (see for example Ibragimov and Hasminskii (1981)). Hence, for
bowl-shaped loss functions, Bayes estimators are also efficient in regular models. In nonregular
models, ML and Bayes estimators are no longer necessarily asymptotically equivalent. We show
that, for the class of nonregular models where the boundary of the support depends on at least
some of the parameters, Bayes estimators are efficient.* Thus Bayes estimators remain efficient
under this form of nonregularity, while ML loses its efficiency properties.

We develop intuition for our result on the efficiency of Bayes estimators by applying the
Blackwell-Le Cam theory of limits of statistical experiments to various special cases. Using the
limits of experiments approach, we can characterize the entire class of attainable limit distributions
for estimators in a given model. In the case where the covariates have a discrete distribution, the
model we consider is asymptotically equivalent to a simpler model consisting of a vector of draws
from shifted exponential distributions. Asymptotic equivalence means that any limit distribution
for a statistic in our model of interest can be obtained as the exact distribution of a statistic in
the shifted exponential model. This result is useful, because the exponential shift experiment has
a simple structure which can be exploited to verify optimality of certain estimators. The shifted
exponential limit experiment is invariant under a group of transformations. Under certain condi-
tions on the group of transformations and the loss function, a generalized Bayes procedure with
respect to a flat prior is both minimum risk equivariant and minmax. Since Bayes estimators in
the original nonregular model have a limiting distribution equal to the distribution of the flat-prior
Bayes estimator in the limit experiment, the Bayes procedure in the nonregular model is locally
asymptotically minmax.

Our findings are closely related to earlier work on optimal estimation of simpler nonregular
models without covariates, in particular models for i.i.d. sampling from univariate densities with
jumps (Ibragimov and Hasminskii (1981), Pflug (1983), Ghosal and Samanta (1995)). Allowing for
covariates leads to more complicated limit experiments and requires an extension of the results on

asymptotic efficiency in Ibragimov and Hasminskii (1981).

*It is possible to construct loss functions, using the Dirac delta function, such that the Bayes solution under a
flat prior is the MLE. However, our focus here is on standard loss functions, such as squared error loss and absolute
error loss.



Recent work derives the limiting distributions of specific estimators in more general models
where there are regressor variables that can shift the support of the outcome variable (as well as
affect the shape of the outcome distribution in other ways). Donald and Paarsch (1993) develop
the asymptotic properties of ML estimation in models where the support can depend on discrete
covariates, and Donald and Paarsch (2002) consider analog-type estimators for such models. Cher-
nozhukov and Hong (2001) extend this work by allowing for continuous covariates and developing
limiting distributions for both Bayes and ML estimators. They also consider an expanded class of
models which includes a discontinuity in the density between two strictly positive values. Our work
also yields a limit distribution theory for Bayes estimators which is consistent with Chernozhukov
and Hong (2001), but our main focus is on obtaining asymptotic efficiency results in the nonregular,
parameter-dependent support setting with covariates and providing intuition through the limits of
experiments theory.

In the next section, we consider a special case of our general model: the experiment of observing
n independent and identically distributed draws from a uniform distribution on the interval [0, 6].
This model has been well studied, but is useful for introducing notation, discussing the general limits
of experiments framework, and providing intuition for our later results. Moreover, the inefficiency
of ML can be seen quite easily in this case. In section 3 we consider a more general model where the
support of the outcome variable can depend on both parameters and covariates. Our first step is
to provide a limits of experiments characterization in cases where the covariates are discrete. This
directly yields intuition for optimality of the Bayes estimator, using the invariance properties of the
limit experiment. Then, in section 4, we study the asymptotics of Bayes estimators and provide an

efficiency result that applies to general distributions of the covariates. Section 5 concludes.

2 Uniform Model

Under standard classical conditions, maximum likelihood estimators are consistent, asymptotically
normal, and efficient. A well known example of a model where the classical conditions do not hold,
is the experiment of observing a random sample of size n from a uniform distribution on the interval

[0,6], for 8 € © C Ry;. We use this example to illustrate the inefficiency of ML, and to show that



an efficiency bound can still be obtained in this nonregular case and that Bayes estimators attain
the bound. The intuition from the uniform model will carry over in a very direct way to the more

general models considered in section 3.

2.1 Estimation

Let Zy,...,Z, be an ii.d. sample from U|0, 6], the uniform distribution with density p(Z|0) =

1{0 < Z < 0}/6, where 1{A} is the indicator function for the event A. The likelihood function is

1 n
p(Z1, ..., 2,10) = <§> 1{0 < Z(,) < 0},

where Z(,) denotes the nth order statistic, i.e. the sample maximum. The maximum likelihood
estimator is simply Orr, = Z(y)- Its limiting distribution is

~ 1
n(Oyr —0) ~ —Exp <§> ,

where Exp(1/6) denotes an exponentially distributed random variable with hazard rate 1/6, and ~»
denotes convergence in distribution. Clearly, the estimator is not asymptotically normal. Although
it converges at rate n, much faster than the usual y/n rate, the fact that the limiting distribution
lies completely to one side of the true parameter suggests that even better estimators may exist.
Bayesian estimation of # provides an alternative approach to maximum likelihood estimation.
Given a prior m(f) on O, the posterior distribution p(0|Zy,...,Z,) is given by Bayes Theorem.

Then given a loss function [(6, a), the Bayes estimate chooses a to minimize posterior expected loss
E[l(0,a)|Z1,...,2Zy) = /l(ﬂ,a)p(9|Zl, ey Zyn)do.

Here, a is interpreted as an estimate of #. For a given prior 7w and loss [, the corresponding Bayes
estimator can be regarded as a decision rule that takes the observed values of Zi,...,Z, and
produces an estimate of §. For example, suppose we choose squared error loss, 1(6,a) = (a — 0)?,
and the (improper) prior 7(f) = 1{0 < 6}/6%. Then the posterior density can be calculated to be
p(0|Z1,...,Z,) = (n+ I)Zg;gll{Z(n) < 0}/0"*2. The Bayes estimator for squared error loss is the

posterior mean, 0 = Zmy(n +1)/n. The limiting distribution can be shown to be
~ 1
n(@p —0)~ 0 — Exp <5> .
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The convergence rate is the same as maximum likelihood estimator, but now the limiting distribu-
tion is centered to have mean zero. Clearly, the Bayes estimator will dominate the ML estimator
for squared error loss. It can also be shown that using a different prior typically does not change the
asymptotic distribution of the Bayes estimator, because the prior is dominated by the likelihood
as the sample size increases.

In the case of squared error loss, the Bayes estimator can be interpreted as a bias-corrected
version of ML." But this does not guarantee that the Bayes estimator will be efficient among all
estimators. The limits of experiments framework, described next, allows us to obtain stronger

results on the efficiency of Bayes estimators for a wide class of loss functions.

2.2 Limits of Experiments

The limits of experiments theory is an approximation theory for statistical models rather than
for estimators within a given model. It provides a parsimonious description of the entire set of
attainable limit distributions among estimators in the statistical model. This description, in turn,
can often suggest the form of optimal estimators.

An experiment (Z, A, P, : h € H) is a measurable space (Z,.A) along with a collection of
probability measures on that space indexed by a parameter h. The experiment is interpreted as
the situation where we observed a random variable Z on (£, .A), distributed as P, for some h in a
parameter space H. We use h to denote a local parameter, related to the original model by 6 + ¥, h
for some fixed € in the original parameter space and a normalization sequence ¥, — 0. In regular
cases ¥, = %I , where I is the identity matrix, while in the nonregular cases we consider here,

some of the diagonal elements of v, are 1/n rather than 1/y/n.

The likelihood ratio process based at hg € H is defined as ( fgf (Z ))h " Because it depends
0 €
on the random variable Z, it can be regarded as a stochastic process defined on H. A sequence

of experiments &, = (P, : h € H) is said to converge to the experiments & = (P, : h € H) if

the finite dimensional distributions of the likelihood ratio process converge to the corresponding

fCavanagh, Jones, and Rothenberg (1990) consider bias-corrected ML estimators in regular models under general
loss functions. They show that bias-corrected ML (with the bias-correction depending on the loss function) is efficient
among asymptotically normal estimators. Efficiency of bias-corrected ML among all estimators in possibly nonregular
models is considered in Hirano and Porter (2002).



distributions of the likelihood ratio process for £, i.e. for every finite subset I C H and every

< b, ) hy ( dpb;, )
AP hg hel APy, hel

Here 22 denotes weak convergence under the local parameter sequence {6 + 1, ho}. Since the

ho € H,

likelihood is a sufficient statistic, it is not surprising that properties of an experiment can be
explored through the likelihood ratio process. A key result from the limits of experiments theory

is the following:

Theorem 1 (Asymptotic Representation Theorem) Suppose that a sequence of experiments &, =
(Py,n - h € H) converges to an experiment € such that €, regarded as a set of measures, is dominated
by a o-finite measure. Let T, be a sequence of statistics in &, that converges weakly to a limit law
Qp for every parameter h, where the Qp concentrate on a fized Polish set. Then there exists a

(possibly randomized) statistic T in € such that for every h € H, T, L

Proof: See Van der Vaart (1996), or Van der Vaart (1991) for a more general version.

Thus, by studying the limit experiment £ we can characterize the set of attainable limit distri-
butions in the original experiment. For example, limit experiments have been used to study the
efficiency of maximum likelihood estimation in regular models via local asymptotic normality. We

use the limit experiment theory to understand efficiency in the nonregular UJ0, §] model.

2.3 Limits of Experiments Analysis of the Uniform Model

Now we return to our example of observing a random sample from UJ0, #]. In contrast to the usual
regular case, here the appropriate scaling factor for a local parameter sequence is ¢, = 1/n. Thus
a local parameter h € R corresponds to the sequence of models U|0, § — (h/n)]. The likelihood ratio

has the form

dpn,h . (9 — ho/n)”
dPup,  (0—h/n)"

1{Z4 < 6 — h/n}

almost surely under P, 5,. It can be shown that

dPnh ho (h_hO)
—_— ~— 2 ) 1{W > h!l.
dpn,ho“”e’(p( 0 {W 2 h}
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where W is distributed as a shifted exponential with density fi(w) = exp (M) 1{w > ho}/0.

Next, consider the situation where we observe a single draw W from the shifted exponential
distribution with density fyy. The likelihood ratio for this experiment is exp((h— ho)/0)1{W > h},
exactly the same as the limiting likelihood ratio in the uniform case. Hence the finite-dimensional
distributions of the likelihood ratio process from the U|0, 6] experiment converge to the finite-
dimensional distributions for an observation from a shifted exponential with hazard rate 1/6.

From the asymptotic representation theorem, we know that estimators of 6 have a limiting
distribution equal to the distribution of some randomized estimator in the shifted exponential limit
experiment. Consider a randomized estimator, 7T', in the limit experiment. This estimator has
maximum risk, supy, Epl(T — h) where the expectation is taken under h. The minmax risk bound
in the limit experiment is then

R = infsup E,l(T — h),
T n

where the infimum is taken over all randomized estimators. It follows that this expression is also

the asymptotic minmax risk bound for estimators in the original experiment, i.e.

lim inf sup Epl(n(d — 6 + h/n)) > R,

n——00 heH

provided # has a limit distribution under every h, and [ is lower semicontinuous. So the (exact)
lower bound for an estimator of the shift from a single observation from a shifted exponential gives
the asymptotic bound for estimators of 6 from a random sample from U|0,6]. The lower bound,
and the form of optimal estimators, will generally depend on the choice of loss function; this finding
can be contrasted with the local asymptotic normal case, in which a single estimator, the MLE, is
known to be minmax for all bowl-shaped loss functions.

For the shifted exponential experiment with squared error loss, this bound is known from
classical decision theory to be R = #?. The asymptotic risk of the maximum likelihood estimator
is 26%. On the other hand, the Bayes estimator, Z,)(n+1)/n, has risk 2. So the Bayes estimator
for squared error loss is efficient for squared error loss minimax risk.

Similar calculations can be carried out for other risk functions. However, there is a useful

heuristic argument that shows that Bayes estimators generally will be efficient when the experiment



has a shift form, following Berger (1985), Section 6.3. Suppose we observe a single draw for a random
variable W with density f(w— h), where h is a location parameter in R. Assume the loss [(h, a) has
the form [(a — h). Since the problem is location equivariant, it is natural to focus on equivariant

estimators, i.e. estimators which have the form
d(w+c)=d(w)+c
Then 6(0) = 6(w) — w, so we can write
d(w) =w+6(0) =w+ K.
It can be shown that an equivariant rule has constant risk
R(h,8) = R(0,6) = / l(w + K) f(w)dw

The minimum risk equivariant (MRE) rule minimizes the previous expression. According to the
Hunt-Stein theorem (see e.g. Kiefer (1957) and Wesler (1959)), under some conditions the MRE
rule turns out to be minmax over all possible decision rules.

Now consider the (generalized) Bayes estimator with respect to the constant prior. This mini-

mizes expected loss with respect to the posterior

p(hlw) = ¢ f(w —h) = f(w = h).

The posterior expected loss is

E(I(a— h)[w) = / a — h) f(w — h)dh = / Iy + K) f(y)dy

(setting y = w — h and K = a — w). Minimizing this is the same as finding the MRE rule; hence
the generalized Bayes estimator is minmax.

Under weak conditions on the prior, the Bayes estimator in the uniform model for a given loss
function will have the same limit distribution as the Bayes estimate with flat prior in the shifted
exponential experiment, because the prior gets dominated by the likelihood function in the limit. It
follows that the Bayes estimator in the uniform experiment will be locally asymptotically minmax,

for a fairly arbitrary choice of prior.



3 Limit Experiments for Regression Models with Parameter-Dependent
Support

Having developed intuition from the simple uniform case, we examine more general models using
the limits of experiment framework. We are interested in econometric models where the conditional

density of a scalar y; given a vector of covariates x; has the form

filzi, 0,7)1(y: > g(x4,0)),

where 6 and ~ are finite-dimensional parameters, and where, for x; in some set with positive
probability, the conditional density of y; at its support boundary g(z;,0) is strictly positive. A
general optimality result will be given in Section 4 along with precise conditions on the model. In
this section, we focus on using the limits of experiments framework to provide intuition for the

efficiency of Bayes estimators.

3.1 Limit Experiment with No Covariates

First, let us consider the special case with no covariates and a scalar parameter. We assume that

the y; are i.i.d. with density

fwil0)1(y: = 9(0)),
where 0 € O, a compact subset of R. Let Pj' denote the joint law of y1,...,y,. Assume that
f(g(8)]6) > 0, and that g is continuously differentiable with derivative ¢’ > 0. As a consequence of
the general limit experiment result in Theorem 2 below, we have the following finite-dimensional

limit likelihood ratio process: for every hg € R and every finite set I C R,

dP} _
<—Z+h/n ) 9 (exp <L h0)> 1(W > h)> ;
dP9+ho/n hel A hel

where A = [f(g(0)|0)g’'(8)]"! and W is a random variable with the shifted exponential density
Jfw(w) = exp (—(w — hg)/A\) L(w > hg)/A. This is essentially the same likelihood ratio process as
in the uniform model. It follows that the experiment consisting of observing one draw from the

shifted exponential density

fw(w) =exp (—(w —h)/A) L(w > h)/A,



where A = [f(g(6)|0)g’(0)] 7}, is asymptotically equivalent. By the reasoning we used in the uniform

case, the Bayes estimator will be optimal.

3.2 Limit Experiment with Covariates

We next turn to the case with covariates. We assume that (y;, x;) is i.i.d. on ) x X', where ) C R
and X C R™. Assume X is compact, and that x has marginal distribution P,. The outcome

variable y has a conditional density with respect to Lebesgue measure of the form:

f(yi|xi77> 9)1(:% > g($i, 0))7

where y € I' C R%, # € © C R*, T and © are compact.

We will use local parameter sequences
U
0+ —, u e R¥,
n

’y—i—i v e RY

i
Let o = (0,7), h = (v/,v")’, and hg = (uy, v()’.

Next we state a result on the limit of the likelihood ratio process for the general model. The
assumptions referred to below consist of fairly standard regularity conditions, which will be dis-
cussed in detail in Section 4. For now, we focus on using the conclusion of the theorem to provide

further intuition.

Theorem 2 Let Pj' denote the joint law of (y1,1), ..., (Yn,®n) under a + @,h. Under Assump-
tions 1 - 6, for every hg and every finite I C H,

dpy; h
yn X"
(dP;TZO & )) ~

hel

(exp((v — o) T — %(U —vg)' I, (v — vg)) exp (E[f(g(:v, 0)|x,0,v)Vog'|(u — uo)) Dh>
hel

where I, = Eo [V In f(y|z,)VyIn f(y|z, @)'], and under ho, T and (Dp)ner are independent with

T ~ N(0,Iy). (Dn)ner are jointly distributed Bernoulli random wvariables whose distribution is

10



specified by the following marginal probabilities. Let {hy,...,hi} C I.

Poy(Dp, =1,...,Dp, =1)
= exp(—E[1{max{Vyg(z,0) (u1 — w), ..., Veg(x,0) (u — ug)} > 0}

flg(x,0)|z, @) max{Vag(z,0) (u1 — ug), ..., Vog(z,0) (u; — ug)}]).

The limiting likelihood ratio process now depends on the marginal distribution of the covariates,
through the expectation terms. To our knowledge, this more complicated likelihood ratio process
has not been studied before in the limits of experiments literature. Below, we concentrate on the
discrete covariates case, where it is possible to obtain a useful limit experiment that provides intu-

ition for the optimality of Bayes estimators. We then comment briefly on the case with continuous

covariates.
Assume that in the original model, x takes on the values {a1,as,...,ar}. Let py(a;) := Pr(z =
a;). Consider the experiment consisting of observing a draw from (S, Wi,..., W), where S is

distributed as N (v, I 1), and W; is a random variable with the shifted exponential density
Jw;(w) = exp (=(w = g;)/ ;) Lw > g;)/ A,

with g; = Vag(aj,0)u and N\; = [p.(a;)f(g9(aj,0)|aj,0,7)]7t, and (S, Wy,...,Wy) are jointly
independent. This experiment can be verified to have the same likelihood ratio process, so it can
serve as a limit experiment for the general model with discrete covariates.

This limit experiment is more complicated than in the usual local asymptotic normal case, or
the pure exponential shift case. Nevertheless, its structure has enough in common with these more
conventional limit experiments that we can obtain some useful intuition. The normally distributed
component is independent of the other variables, so we can consider it separately. By standard
arguments, the Bayes estimator with a flat prior will be minmax for this component.

The remaining components of the limit experiment correspond to an L X 1 vector of exponential

random variables W = (W7, ..., Wp), with known hazard and a vector shift H'u, where
VQg(alv 9),
H = z
Vog(ar,0)

11



We shall refer to this as the generalized exponential shift model. Assume that L > k and that the
L x k matrix H has full column rank. This is not a pure shift experiment, but it does have a similar

equivariance property. For any ¢ € R¥, consider a transformation of the original data
ge(W) =W + He.

Notice that if W is distributed according to the generalized exponential shift model with parameter
u, then g.(W) has the same distribution, but with parameter u + ¢. By reasoning similar to that
used at the end of Section 2, it can be shown that the Bayes estimator with a flat prior is equivariant.
That is, if the Bayes estimate given an observation W is a, then the Bayes estimate given g.(W) is
a+ c. Furthermore, the Bayes estimator is actually the minimum risk equivariant estimator. Under
a condition known as amenability, which can be verified here, the Hunt-Stein theorem applies, and
the minimum risk equivariant estimator is also minmax.

For completeness, we show these steps formally in Appendix A. We can then conclude that in the
original problem, estimators which asymptotically have limit distributions equal to the distribution
of the Bayes estimator with respect to a flat prior, will be locally asymptotically minmax. An
obvious choice is any Bayes estimator; since the prior will typically be dominated as the sample
size increases, it will behave like flat-prior Bayes asymptotically. The results of the next section
establish this formally.

Extending this argument to the continuous case would be complicated. Taking the limit of
the discrete covariate limit experiment as the discrete points of support become dense in X’ seems
to lead to a stochastic process indexed by elements of X. However, the existence of a limiting
stochastic process is not guaranteed due to the dependence of the conditional hazard on the marginal
distribution of x. Similar cases do not appear to have been examined in the limit experiment
literature, although it is often possible to construct limit experiments, defined on relatively abstract
spaces, which have a desired likelihood ratio process. Even with a limit experiment, extending our
efficiency argument would appear to require a more general equivariance notion. We do not attempt

to develop that theory here, and instead proceed in the next section with a general efficiency result

isee, for example, Van der Vaart (1996) Example 10.9.
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which allows for continuous covariates.
4 Asymptotic Properties of Bayes Estimators

The results of the previous two sections showed that, in various special cases, the limit experiment
had an invariance property which implied that flat-prior Bayes is minmax. (Of course, there may
be other estimators which have different risk functions but the same minmax risk.) In looking for
local asymptotic minmax estimators for the original model, it is therefore natural to investigate
the asymptotic properties of Bayes estimators for general priors. In this section, we show that
Bayes estimators behave asymptotically like flat-prior Bayes with respect to the limiting likelihood
ratio process. We then show that for the general model (including the case where covariates are
continuous), the Bayes estimator is locally asymptotically minmax, using a strategy suggested by
Ibragimov and Hasminskii (1981).

As in the previous section we will use the local parameter sequences 6y + -, for u € R*. and

Yo + ﬁ, for v € R? for some fixed (fp,7o). Define the local parameter spaces as

Un = n(@—@o),

Vn = \/ﬁ(r—’m)

040:(90), h:<u>, and h0:<u0>.
70 v V0

Also, let ¢, denote a square, diagonal matrix where the first k£ diagonal elements are 1/n and the

Let

remaining d diagonal elements are 1/y/n.
To define a Bayes estimator, let the prior m be a (possibly improper) Lebesgue density on © x T

The Bayes estimator &, is any solution to

n
Hgn/l(%l(d — (a0 + @nh)) [ £Wilas, a0 + enh)1(yi > g(ai, 00 + u/n))m(ao + @nh)dh.
i=1
This defines the Bayes estimator as minimizing posterior expected loss, where the posterior distri-

bution is with respect to the local parameter h. There is, of course, an equivalent definition in terms

of the original parameter a (= ag + +¢,h). Note that if [(z) = 22, then the Bayes estimator is

13



the mean of the posterior distribution, while if [(z) = |z| then the solution is the posterior median.
Thus the posterior mean will be shown to be asymptotically efficient for squared error loss, while
the posterior median will be shown to be optimal for absolute error loss.

We assume the following six conditions on the model.

Assumption 1 (y;,z;) is i.i.d. on Y x X, where Y C R and X C R™. Assume X is compact. z
has marginal distribution P,. y has a conditional density with respect to Lebesgue measure of the
form:

filwi, v, 0)1(y; > g(x4,0)),

where y €T C R%, 0 € © C R¥, T' x © is compact and convex.

Assumption 2 f(y|x,«) is twice continuously differentiable in « for all y and x, g(x,0) is con-
tinuously differentiable in 6 for all . Also, in some open neighborhood N of oy, f(ylz,a) > 0 and
fylz,a) < oo uniformly in y,x and o € N, and f(y|z, ) and Vo f(y|lz, ) are equicontinuous in

y for o € N.

Assumption 3

/ / sup [Vaf (ylz, ) |1y > gz, 6))dydPy (z) < oo

X, 2
[ sw Vol Wle- DIy (> (2, 0)) £ (g1, 0)dydPo(z) < oo

a,aeN f y|$ a)2

e 144
// EN Hvaaf(y’ )” + 1(y > g(x?0)>f(y‘x,a)dydpz($) < 00

f(ylz, @)

for some § > 0.

Assumption 4 The function J;yj'y(a) = Eo[Vy, In f(ylz,a)V,, In f(y|z, )] and similarly defined
Jgje and ijg are continuous in «. For each i, j, J]ﬁ(a) has a majorant that is a product of a
polynomial in ||0|| and exponential in ||v||. Also, uniformly on N, Jgja and ija are bounded and the

minimum eigenvalue of I, is bounded away from zero, where I, is the matriz with elements Jgjv.

Assumption 5

E, [sup IVog(z,0)]]] < oo
aeN

14



Assumption 6 There exists € > 0 such that

inf Pro(y > g(z,0)) > ¢

o,aE
and

inf inf E, ,0)[z,)|Vag(z,0)w]] > e.
Jnf inf By [f(g(x,0)lz, )| Vog(x, 0)wl] > e

These assumptions include standard smoothness and moment bounding conditions. As in Cher-
nozhukov and Hong (2001) we do not require discreteness of x. Assumption 5 assures that the
boundary function ¢ itself does not contain any jump discontinuities. Assumption 6 is essentially
an identification assumption. The second part specifies that the density of y is nonnegligible at the
boundary for small deviations of # in any direction.

These assumptions should be satisfied in many parametric auction, search, and production
frontier models as discussed in Donald and Paarsch (1993). To illustrate the applicability of our

results, we briefly describe an auction model adapted from Paarsch (1992).

Example: Symmetric Procurement Auction with Independent Private Values and Exponential
Cost Distribution.

The task being auctioned has characteristics  observed by all agents. For each of m bidders,
a cost ¢ for the task is drawn independently from an exponential distribution conditional on the

characteristics x. The cost density and cumulative distribution function are

1 c
felclz,0) = hz.0) exp (_h(x,9)> 1{c >0}

Fe(clz,0) = 1—exp Gﬁ)

where E(c|z,0) = h(z,0), so h(z,0) is the function giving the mean cost given characteristics . The
objective is to estimate 0. Given a cost, each agent submits a bid observed by the econometrician.

Expected profit maximization leads to a symmetric Bayesian-Nash equilibrium bid function:

fcoo[l _ FC(U|ZE, 0)]m_1du —c+ h(:L’, 9)

b= Blelr 0) = et S (e gy m—1
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So the bid distribution is a simply a shift of the cost distribution.

£o(blz, 0) = @GXP <h(x,19) <b— %56;91))) 1 {b > i;gxi91)}

In our notation,

0 = o exp(h&,le) (b‘}:vixiel))> and

g(a:,&) =

Then the following conditions would imply Assumptions 1-6:

(a) X is compact, and x has marginal distribution P, which does not depend on 6.

(b) © C RF is compact and convex. Let A be an open neighborhood of 6.

(€) h =supgey, supgex h(z,0) < oo, and h = infgey;, infrex h(x,0) > 0.

(d) h is twice continuously differentiable in 0 for all x.

(e) For some 6 >0, F [SUPﬁeNg HVgh(x,H)HQH‘;] < oo and E [supge/\/g Hvaeh(%g)HHé] < Q.
(f) infocns, inf =1 Ez[|Voh(x,0) w|] > 0.

Condition (c) bounds h away from zero and infinity on X and ©. Conditions (d) and (e) are
standard smoothness and moment conditions. Condition (f) is basically a weak stochastic linear
independence condition for Vgh(x, #). These conditions would be satisfied, for instance, with h(x, 0)
= 14+z161 +x202, © = [0,1] x [0, 1], and (1, x2) uniformly distributed on X = [0, 1] x [0, 1]. Details
of the verification of Assumptions 1-6 are available on request from the authors.} A similar set
of conditions could be used to verify the assumptions for related auction models given in Paarsch

(1992) based on Pareto and Weibull cost distributions.

We also make the following assumptions about the loss function and the prior.

8 A version of this paper with expanded appendices is available at http: //post.economics.harvard.edu/hier.
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Assumption 7 The loss function [ : R¥+4 — [0, 00) satisfies
(a) | is continuous and not identically 0.

(b) 1(0) = 0.

(¢) 1 has a polynomial majorant:

I(x) < Bo(1 + ||z||")

for some By,b > 0, all x € RF+4,

(d) There exist numbers Hy,n > 0 such that for all H > Hy,
sup{l(z) : 2 < H"} —inf{l(z) : 2 > H} <0.
Assumption 8 The prior w is continuous and positive at ag, with a polynomial majorant.

The assumptions on the loss function and the prior are fairly weak, and allow for most choices of
prior and loss of which we are aware. For example, we do not require symmetry or convexity of the
loss function. Part (d) of Assumption 7 limits the amount that the loss function can decrease in the
tails. In the efficiency result below, we will also require that the limit of the expected posterior loss
has a unique minimum. Alternatively, the uniqueness could be guaranteed by additional conditions
on the loss function.

Recall that Theorem 2, given in the previous section, shows that under Assumptions 1-6, the

finite-dimensional distributions of the likelihood ratio process

— dpgo+‘,0nh n n
Znwtpuhalh) = oS (77 X7,
ao+pnho
converge in distribution to a particular process. Let us denote the limiting process as Zn po(h), or
just Zy,(h) when we are considering cases in which hy = 0.
The next result is the main result of the paper. It strengthens the finite-dimensional convergence

of the likelihood ratio process to convergence in distribution of the Bayes estimator, and then shows

that the Bayes estimator is locally asymptotically minmax.

Theorem 3 Suppose Assumptions 1-8 hold. Also, suppose

Zay(u,v)

o (5,8) = I(s—ut— bY) qude.
Yaols, ) /g)cEker (s—u v)féﬁ“d Zoy (U, 0)dudv uaw
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attains its minimum at a unigque point, To,. Then

(n(en - 90)7 \/TTL(/?TL - 70) ~ Tag
Moreover, &, is asymptotically efficient at oy with respect to loss I.

Remarks: Assumptions 1 - 6 are used to establish some intermediate results concerning the
properties of the likelihood ratio process. Theorem 3 could be restated assuming these intermediate
results as high-level conditions in place of Assumptions 1 - 6. This generalization could be applied
to different models than the one considered here. In Appendix B, the result based on the higher

level assumptions is discussed in more detail.
5 Conclusion

We have studied optimal estimation of models where the support depends on parameters and
covariates. Under the local asymptotic minmax criterion, Bayes estimators are efficient in these
models. We provided intuition for this result by first examining the Uniform[0, #] model. Then we
considered a general model with discrete covariates. For this model, we provided further intuition
for efficiency of Bayes, by showing that the limit experiment had an invariance property that implied
minimaxity of flat prior Bayes. Finally, we considered general covariate distributions and proved
the asymptotic efficiency of Bayes estimators.

Throughout the paper we have focused on point estimation under a given loss function. However,
the limits of experiments theory can also be informative about optimal testing (see, for example,
Ploberger (1998)), and other aspects of inference such as construction of confidence intervals and

predictive intervals. We leave such topics for future work.

18



A Generalized Exponential Shift Model

In this section we examine the exponential shift model in further detail. Consider the experiment
{P, : u € R¥}, which consists of observing a random vector W = (W7, ..., W), for L > k, where P,

specifies that the components W; are independently distribution with shifted exponential densities
fi(wjlu) = exp (=(wj — Hju)/A;) L(w; > Hju)/A;.

We assume that the \; and H; are known, with \; > 0, and that the L x k matrix H := [Hy,..., H|’
has full column rank.

Let the loss function /(u, a) for estimating u have the form l(u, a) = l(u—a), with [(0) = 0,1 > 0,
and [ continuous and strictly convex. Assume that for every real number 7, the set {a : l(u — a) < 7}
is compact for all u € R¥. Let @ be the generalized Bayes estimator corresponding to the flat prior
for u: 4 solves B

mgn/l(u — 1) H [i(Wjlu)du.
j=1

Assume 4 exists and is unique. Then we claim that @ is minmax for loss [. To provide a formal
justification for this claim, we set up the experiment as a group family. On the sample space R”,
define the group of transformations G = {g. : ¢ € R*}, where g.w = w + Hc. We can regard G as
the Euclidean space R¥ with the usual topology. The composition operator is g. o gg = getq, and
the identity element is e = go. The inverse is g;! = g_.. We define associated groups G and G on
the parameter space and action space respectively. Here G = {g, : ¢ € R*}, with g.u = u + ¢ and
G = G. All three groups are abelian: g. o gg = ¢4 © g.. It can be readily seen that the experiment
{P,:uc€ Rk} is invariant under the action of G and G, and that the loss (since it is of the form
I(u— a)) is invariant under G.

Next, we will show that the generalized Bayes estimator with respect to the right Haar measure
associated with group G and given loss [, is the minimum risk equivariant (MRE) estimator. This
can be verified using Theorem 6.59 of Schervish (1995). To apply that result we need to verify the

following conditions:
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[u—

. The experiment is invariant under the action of G ,?.

[\)

. The left Haar measure A and the right Haar measure p exist.

3. (a) G is a topological group.
(b) A is o-finite and not identically 0.

(c) The function f: G x G — G defined by f(g,h) = g~ o h is continuous.

o

. The mapping ¢ : G — G defined by ¢(g) = 7 is a group isomorphism.

5. There is a bimeasurable (measurable, one-to-one and onto, with measurable inverse) mapping

n : R¥ — G which satisfies g o n(u) = n(gu) for all g € G and all u € R¥.

6. There exists a bimeasurable function ¢ : RXY — G x Y for some space ) (where we write

t(w) = (h,y)) such that, for every g € G and w € R”,
t(w) = (h,y) = tlgw) = (goh,y).

7. For every u, the distribution of on G x ) induced from P, by t has a density with respect to

A X v, where v is some measure on ).

Condition 1 is immediate from the definition of the groups and the translation nature of the
experiment. Since G is the translation group on R* it can be readily seen that Lebesgue measure is
both a left and right Haar measure, verifying condition 2. For condition 3, note that G = R¥F and
hence it is a topological space. Lebesgue measure is o-finite and not identically 0. Also note that
f(ge,94) = gt 0 gg = ga_ which is easily seen to be continuous.

To verify condition 4, write ¢(ge © ga) = 6(9erd) = Gora = G © Ga = 6(9c) © S(ga). S0 & is a
group homomorphism, and since it is clearly one-to-one and onto, is a group isomorphism.

To verify condition 5, let n(u) = g,. This is clearly bimeasurable. We have g, on(u) =g,079,
= Jeru = 1+ u) =n(g.u).

To verify conditions 6 and 7, we need to construct a maximal invariant (a statistic that identifies

orbits of G). By assumption H has full column rank and hence row rank of k. Thus there are k
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linearly independent rows of H. Reorder the elements of W (and the corresponding rows of H)

so that the first k elements correspond to the k linearly independent rows of H. Then define

H = [Hl,...,Hk]/ and

twy=|H"| || : |- : |
Wy, wr, H} Wy,

/
w1 W41 Hk+1 w1

It can be seen that t satisfies the requirements of condition 6 and that the distribution of ¢ has
a density with respect to the product of Lebesgue measures on R* and RY~*. (If L = k (so that
there is only a single orbit) we can modify the argument by having ) be an arbitrary singleton set
with counting measure.) Therefore we conclude that @ is the MRE.

Next, we want to show that the MRE is in fact minmax over all possible estimators. This
follows from the Hunt-Stein Theorem, as in Wesler (1959). The key condition we need to show
is that the group G satisfies a condition known as amenability (see Bondar and Milnes (1981)
for various equivalent conditions for amenability). Bondar and Milnes (1981) point out that if a
locally compact group is abelian, then it is amenable. The other conditions for the version of the

Hunt-Stein Theorem in Wesler (1959) are easily shown.

B Proofs of Theorems

PROOF of Theorem 2: We prove the theorem for a given local parameter h. The extension to

any finite number of local parameters h € H is straightforward. Let

D, T H{yi > g (2,0 + 2)}

First, we will show that R, |D, =1~ R, R, ~ R, and D,, ~ D. The joint limiting distribution
of (Ry, D,) and asymptotic independence will follow.

Define a2 = a+¢,ho, ol = a+¢,h, and Yy = 71_1/2V7 In f (gji!i’i, 042) where the joint density
of (9;,%;) is given by

i o L7 00)1{G > g(, 07)} Pe(%)
f(ya :E) - Pra% (y Z g(f, 9%)) l{y Z g(fL‘, 9711)}

In particular, (§,#) is distributed as (y,z) conditional on y > ¢(#,0}). Likewise, 3, Vy; is dis-

tributed as Ry|D,, = 1.
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To show >°; Yni ~» N(0, —E[Ea[V+, In f(y|z,@)]]), we verify the conditions of the Lindeberg-
Feller CLT: (i) ||V (Yos) || < 005 (ii) 35 E| Yol P1{||Voill > €} — 0; (iii) E[Y;i] = 0and 3, V(Yni) =

— By [Ea[Vay In f(ylz, a)]].

I e ooy 109G > max(9(2,09), 9(F 02},
E[Ym] - \/—//V’Yl f(y’ ’ 2) Pra%(y>g(x )) Px( )dyd
)

B 1{y > max(g(%,05), g(&,0)) Igs
= Y o[ 7 et Proly > (o)) (T

=0 by Assumptions 2, 3, and 6

) N o ovy f(glEed
Il < E//HVVIDJC(Z/WO‘?L) Vvlnf(yI%Oé?l) ||Pra%(l(/>g($?9711))

1{j > max(g(,6°), g(z,0}))} P (2)dijdi

19,7 (317.02) |12 o -
= //f (g]z,al Prao(y>g($ 971’))1{?4Eg(m,Qg)}Pm(m)dydx

"<jt

IV (¥

< by Assumptions 3 and 6

Similarly, noting that Pr,(y > g(x,6)) = 1, under Assumptions 2 and 3, ), V (Vi) —
Ey[EalVaIn f (yle, @) Vo f (ylz, a)]] and 32, B[ Y| *1{|[Yas]| > e} — 0.
By the Lindeberg-Feller CLT, ), Yy ~ N(0, I,). Similarly, for Y;,; = ﬁvw In f (yz|xl, a%), we
can show R, = >, Yy ~ N(0, —E;[Eq[V+y In f(y|z, )]]), by the Lindeberg-Feller CLT, as above.
Next note Dy, = [], 1{y; > g (zi,6;,)} ~ Bernoulli(lim, o Eolll; Hyi > 9 (zi,0%)}]) Now

compute lim;, 0 Eno ILHvi>g (:rz-, 9,11) }H.

aO [1{yl =9 («Tz, en)}] =1- Ew[Fy|x,a%(g(x7 0711,)|$)}

= 1-E[1{g(z,6,) — g(x,6,) > 0}(g(x,6,) — g(z,6)) f(g(x,0 + )\fcva )]

By independence, Eqo [[T; 1{yi > g (i, 0;)}] — exp(—Ex[1{Veg(z,0)' (u—uo) > 0} f(g(z, 0]z, )

Vog(z,0)](u — up)) by dominated convergence and Assumptions 2 and 5. So,

D,, ~ Bernoulli(exp(—FE[1{Vag(z,0) (u — ug) > 0} f(g9(x,0)|z, ) Vag(x,0)|(u — up))).
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Let S! = 3, ¥,;. Then S} is distributed as R,|D,, = 1. Similarly, define SO as the random
variable that is distributed as R,|D,, = 0. We have shown R, ~ R, S} ~» R, and D,, ~ D,
where the distributions of R and D are as given above. Now we can show that R, and D, are

asymptotically independent. Let m be any continuous, bounded real-valued function.

Ep[m(Rn)] = En[m(Ry)|Dn = 1]Prp(Dy = 1) + En[m(Ry)| Dy = 0]Pry(Dy, = 0)

= E,m(S)H)Pr,(D, = 1) + E,[m(S%)|Pr,(D, = 0)

Note that Pr,(D, = 0) — Pr(D = 0) (> 0), Prp(D, = 1) — Pr(D = 1), E,Jm(R,)] —
E[m(R)], and E,[m(S})] — E[m(R)]. So, E,[m(S%)] — E[m(R)]. Hence, SO ~» R.
Now joint weak convergence of (R,, D,) follows. Let m be a continuous, bounded real-valued

function.

En[m(R,,D,)] = E,[m(Rn,1)|D, = 1]Pr,(D, = 1) + E,[m(R,,0)|D,, = 0]Pr,(D,, = 0)
= E,m(S., 1)Pr,(D,, = 1) 4+ E,[m(S°,0)]Pr,(D,, = 0)

—  E[m(R,1)]Pr(D = 1) + E[m(R,0)|Pr(D = 0)

where the last expression is equal to E[m(R, D)] when the law of (R, D) is defined to be the product
of the marginal laws for R and D. We have shown that (R,,D,) converges weakly and that it
converges to an independent joint limit distribution.

Next we consider terms in the expansion of the log of the likelihood ratio. It will be shown
that the likelihood ratio is a product of continuous functions in R, and D,,, and the result of the

theorem will then follow by the weak convergence results just derived above.

23



Now for some mean values u and v,

v U Vo ]
E 1 i |3 —, 04+ —) -1 il T4, —, 0+ —
{nf(y|m 7+\/ﬁ —l—n) n f(yi|z ’y+\/ﬁ + n)]

i

!/ /!
_ oyt N0 gy Yo (u—uo) gy L gy M) (V=)
= Z[Vglnf<yz|xz,’y+\/ﬁ,0+n> - +V71nf<yz|xz,’y+\/ﬁ,9+n> NG

7

_i_é%Veglnf(ylqu"i_\/_e_‘__) (u:”LUO)
+%% 7glnf<yz|xza’y+\/’(9_’_ )@

_l’_

%L\/goy oy In f (yzlxzﬁ+ N ) (v\;ﬁm)]

By Markov’s Inequality and Assumption 3, the terms n—lz > VogIn f (yllznl, v+ %, 0+ %),
2 0 Voo f (il v+ Z, 0+ 1) are o(1).

Next, note by Markov’s LLN,

ZVW In f (yl|ml,7 +— Nk 0+ > 2, E [ViyIn f (y|z, )] and
= ZV(; In f <yi]a;¢,’y+ —0,9+ @> L, E[Velnf(ylz,a)].
Under Assumptions 2 and 3, a version of the information matrix equality holds,
L, = BolBalVoIn f(yl2,0)Vy In f(y]z, a)]] = — Eu[EalVyy In f(yle, a)]]. We have

v U Vo uo
E 1 iz, Y+ —=,0+—) —1 i|Ti, Y+ —=, 0+ —
[nf(y[:): 7+\/ﬁ 9+n) n f(yi|x v+ﬁ 0+ n)}

7

= R, + %(v = v0)'E [VayIn f (ylz,0)] (v = vo) + E[VoIn f (ylz, a)]' (u — uo) + 0p(1)

Also, note that under Assumptions 2, 3, and 5, E [VyIn f (y|z, )] = E[f(g(x, 0)|z, a)Veg(z, 8)].

Hence,

g FQyiles, 0+ 37+ Z=) Wy = gz, 6+ )}
n,OH“PnhO H f yl’l‘lae + 1:105 \/ﬁ)l{yl Z g('xl’e + 1:7?)}

= exp <Rn + %(v —v0) E[VayyIn f (y|z,a)] (v— v0)> exp (E [VoIn f (y|z, )]’ (u—up) + 0p(1)) Dy,

1

8 exp (0= w0 N (- 51, 15) ) exp (ELF(o(2.0)k,)Vag (o, 6) ) — o) .
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To prove Theorem 3, we will need a similar result on the convergence of the likelihood ratio

process.
Corollary 4 For every hy and every finite I C H, uniformly in ag € Ny

(Zn.ao(M)per 2 (Zao (M) per

where (Zay(h))per ~ (exp(v’T — %v'lvv) exp (—E[f(g(z,00)|z, ao)Vag(z, 6p) u) Dh>
hel

and I, = Euy [VyIn f(ylz, a0)VyIn f(y|lz, )], and T and (Dp)ner are independent with T ~
N(0,1,). (Dp)ner are jointly distributed Bernoulli random variables whose distribution is specified

by the following marginal probabilities. Let {hiy,...,h} C I.

Poo(Dpy =1,...,Dp, =1) = exp(E[1{max{Vyg(z,0) u1, ..., Vog(z,00) u} > 0}

-f(g(x,00)|z, ap) max{Vog(z,0) ur, ..., Vog(z,00) u}]).

PROOF: The verification of the Lindeberg conditions in the proof of Theorem 2 also shows the
slightly stronger result that those conditions hold uniformly in o € Afy. By a uniform version of
the Lindeberg-Feller CLT given in Ibragimov and Hasminskii Theorem A.1.15, >, Y, and > i Yo
converge uniformly in distribution. Since the convergence of Eqo [[[; 1{y; > ¢ (zi,0%)}] can also be

shown uniformly in o € Ny under Assumptions 2 and 5, the result follows. O

Some of the details of the following proof are omitted due to space considerations. A more de-
tailed proof is available at http://post.economics.harvard.edu/hier or from the the authors directly.

PROOF of Theorem 3:

To establish the limiting distribution of the Bayes estimator, we generally follow the steps in
Ibragimov and Hasminskii’s (1981) proof of their Theorem 1.10.2. First, two properties of the
likelihood ratio process are established - bounding the tail behavior and bounding small variations.
Analogous properties would be taken as primitive assumptions in Ibragimov and Hasminskii; here
they are established in Lemmas 5 and 6 from more primitive assumptions (1 - 6). Using the bounds

on the likelihood ratio process tails, we can show that the integrals defining expected posterior loss
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and its limit are well approximated by the corresponding integrals over a large bounded region.
Given the bounds on small variations in the likelihood ratio processes, the integrals on the bounded
regions are well approximated by the integrands evaluated at a large finite number of points in the
region. Given these results, the finite dimensional convergence of the likelihood ratio process (from
Corollary 4) translates into finite dimensional convergence of the expected posterior loss to its limit.
This convergence can be stengthened to weak convergence after verifying an asymptotic tightness
condition. The limiting distribution of the Bayes estimator will follow by an argmax theorem.

For the following lemmas, suppose Assumptions 1 - 6 hold. Let Ay be the closure of an 7-ball

around «ag such that B(ag,2n) C N.
Lemma 5 There exists constants a, b, ¢ > 0 such that
Eoo| 23, (ha) = Zy/2, (m)[* < e(1+ Ry)* exp(bRy)([[ug — wil| + [[oz — v1|*)

for all hy,he € {h € Uy, X Vy, : |Jul] < Ry, ||v]| < Ry}, uniformly for ag € Np.

PROOF: Define

ax:sup{g<x,00+ﬂ+t-w> :0§t§1},
n n

Qx:inf{g<x790+ﬂ—l—t-w>:Ogtgl}.
n

n

Eoy |Z3/2 (h2) — Z%/C%O(hl)‘z < / <P1/2(2|a0 + ¢nh2) — p*(z|ao + @nhl))2d2
£ (ylao + puln) Uy = gz, 0o + S} Po(a)dydz] )
< 2n (1 - //f1/2(y|040 + @nh2)1{y > g(z, 00 + —)}
Pyl + euhi) Uy = g(@, 00+ =)} Po(w)dyde)
T N T S
(w0
+n//m . ai),g (.0)) [F12(ylz, a0 + @nha) — 72 (ylz, a0 + ophn)|*dy Pr () dac

an [ /G |f1/2<yrx,ao+sonh2>1<yzg<x,90+%>>—

P2 (ylw, a0 + o)1y > g(x, 60 + = ))I dyP,(z)dx.
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By Assumptions 1 and 2 and the fundamental theorem of calculus, we can write the first term
in the preceding display as
o'} 1
n// | / on(ha — 1)V fY2(ylz, a0 + pa(hy + t(ha — hy)))dt|? Pa(z)da
g(z,00) J0O

1 0o
< n/ //( ) |S0n(h2 - h1)/vaf1/2(y|x,ogo + 902(h1 +t(h2 _ hl)))|2dny($)dxdt
0 g(z,00
(by Jensen’s inequality)

AHU2 —uy?

< max sup ije(ao + @n(hy + t(he — hy)))
n bl tel0,1]
[va — vi] 0
+B——F—||ug — u1|| max sup J] ag + pn(h1 + t(he — hy
S =l sup I3 + o+ 10— 1)

+C||vy — v1|* max sup J]ﬂ(ao + @n(hy + t(he — hy))).
i tefo,1]

This term has the desired form by Assumption 4.

Now consider the third term and apply the inequality (v/7 — /5)? < |r — s| for r, s > 0.

[ep
//G ’f1/2(9|177040+g0nh2)1(y > g(x,0p + %))

— PPyl a0 + )1y = gla. 60+ =) PdyPy(a)da

VAN

/(@x -G,) [ sup  f(y|lz,a0 + pnh2) + sup  f(ylx, a0 + onh1)| Pe(z)dx
yelG, ,Gaz) yelG, ,Ga)

|Jug — u1]
M2 = ual]
n

IN

where the last inequality follows by Assumption 2 and noting that the first derivative of g is
uniformly continuous on A/ and hence bounded on A/.

The second term follows in exactly the same way, so we have verified the condition. O

Lemma 6 For all (u,v) and ag € Ny, EO&()Z’f]i,/O%() (u,v) < exp[—gn(||ull, ||v])], where gy, is a sequence
of functions from [0,00) X [0, 00) into [0,00) such that:
(a) for each n > 1, gy is increasing to infinity in each of its arguments.

(b) For any Ny, Ny > 0, we have lim,,_ o max{z,y}—oo xNueNY exp[—g, (x, )] = 0.

27



PROOF: Note that

En 2z = ([ [ f0le.00t 0um) 210 > glo. 00+ 2}l 00)
1{y > g(=x, 6?0)}dme(ar)da:>n
= (15 [ [ 1m0+ eat 210 2 oo 00+ 1)
—f(yla, a0)*1{y > g(x, 90)}]2dypx(x)dx)n
< o (=5 [ [ 1f0hnan+ e 10 > gt + 1)

—fy|z, a0)1/21{y > g(x, 90)}] Qdny(x)da:)

where the last inequality follows by 1 — p < exp(—p).

Define a; =sup{g(x,0p +t%):0<t <1}, G, =inf{g(x,0p+1%):0 <t <1}. Write

[ [ (#0100 + a2 14y = gl + 20} = Fule.a0) 14y = gle,60))] dyPe(a)do

= [ 1k c0+ uh) = £k, 0)PayPela)da
o
[ ] 1 k0 + a1y > gl 00+ u/n)} = 30l 00) 1y > gl 00} PdyPy(e)da.

Let C; = {y : min{g(x,00 + u/n),g(z,00)} <y < max{g(z,bp + u/n),g(x,0)}. Uniform conver-

gence of nE[|g(x, 0p+u/n)—g(x,00)| infe, min{f(y|z, ao+enh), f(ylz, a0)}] to E[f(g(z,b0)|z, a0)

|Vog(z,0p) ul] in u for ||ul| =1 and oy € Ny follows by Assumptions 2 and 5, so that

lim inf inf E[n|g(x,0y 4+ u/n) — g(z,00)] iélf min{ f (y|z, o + ©nh), f(y|z, ao)}]

n—-00 ag€eNp |Jul|=1
= inf inf E, [f(g(x,60)|z,20)|Veg(z,b0) ul] .
€N |Jul|=1

The last inequality below then follows by Assumption 6.

.
[ 157k 00 + eumity = (s, 00+ u/w)
— 2 (yla, a0)1(y > g(,60))Pdy Py (x)d

> EHg(l‘, o + u/n) - g(l‘, 90)’ iélf min{f(y|x7 o + Sonh)v f(y|1" ao)}]

Y
Q_
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Now consider the first term. As in the proof of Lemma 5, as n — oo,
. d d 1
w [ [ 182l 00 + gah) = £/20ln,a0)PdyPa(e)ds — 30 S vy I (o
G : -
z i=1 j=1
where the convergence is uniform in oy € Ny, since J%, J and JY7 are continuous, hence
uniformly continuous, on .

Now by the Fatou’s Lemma and the Cauchy-Schwarz Inequality,

// |2 (ylz, a0 + onuh) — f2(yla, a0)|Pdy Py (z)dx
- // (enh) Vaf ?(ylz, ao)PdyPy(z)dz + of||¢nh|*)

> / /( ) V£ k. co)PdyP (o) + of bl
glx,vo

)
k d d

= LSS 0 230w B ) + 3y )

i=1 ]:1 i=1 j=1 i=1 j=1

@,

- / / (o) Vot Y2 (yle, a0) Pdy Py (a)de
g(z,00

1]1&E

- / / o) Va2l o) PdyPete)d + oflfoahl )
ag(x,bo

1
> = [—C’M + B||v|]2]
n 2

The last inequality following for sufficiently large n and some B > 0 (C' the same constant as used

for second term) by Assumption 4 and noting

/ / - oah) Va2 o)y Pae)de + o enh )

< ‘”h”z/ / T s Va2 (gl 00) [PdyPa(@)dr + o] lnh])
K (,00) yeg(x,00),G]
1
< e —||h||2/| 4. 00) [ Po(2)dz + of [ onhl[2) = (a)

We have shown that there exists a > 0 such that for large enough n

[ [ (#0100 + a2 11y = gl + 20} = Fylo.a0) 14y = gle,60))] dyPu(a)do

a 2
>
> 2l + ol

suggesting gn(z,y) = (%) (|lz]l + ly[?). O
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We pause here to note that Theorem 3 could be restated in terms of higher-level assumptions so
that its results could be applicable directly to other models. In particular, to obtain the limiting
distribution of the Bayes estimator part of the conclusion, Assumptions 1 - 6 could be replaced by
the conclusions of Lemmas 5 and 6 and Corollary 4. If the conclusions of Lemmas 5, 6/, and 2’
(stated below) are additionally assumed, then the efficiency result of Theorem 3 also follows. The
rest of the proof is modularized to depend only on these likelihood ratio process properties without
reference to Assumptions 1 - 6.

Before proving finite-dimensional convergence and asymptotic tightness of the expected poste-
rior loss, we need to establish a few useful intermediate results. The following lemmas include gen-
eralizations or extensions of Ibragimov and Hasminskii (1981) Lemma 1.5.1, Lemma 1.5.2, Theorem
1.5.2, and Lemma A.1.22. For the following lemmas, suppose Assumptions 1 - 8 hold. The proofs are
omitted due to space considerations and are available at http://post.economics.harvard.edu/hier

or from the authors directly.

Lemma 7 For all 6 and n small enough and oy € Ny,

n nord 0 u v 7(6,7)
Pna //// Zna u,v7r9+—,’y+—dudv<7’(5k?7d>
([ [ [ [ Znatwormto e ) ¢

< 2AMP (M4 a2 (612 4 )

where k is the dimension of © and d is the dimension of T.

Define I'fy = {u: H <||ul| < H+1}NU,, I'y ={v: J <|v|]| < J+1} NV,

U
Lo HJ = / a0 (W, v)w(00 + —, 70 + )dudv
I DY n

v

vn
Inap, 1T

fUnan Zn,a0(u,0)w(00 + 37,70 + %)dudv

Qn,a0,HJ =
Lemma 8 There exist constants B,C,b > 0 such that for ag € Ny,
Proo(Inag.rrg > € 9Dy < B(1 + HP) exp(C.J)eb9nH:))
Eroo| Qoo tig] < B(1 4 HB) exp(C.J)ebon(H:),
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Lemma 9 For any N, uniformly in cg € No, limy, g1 00 HY Pry oo (|05 L (6 — ) || > H) = 0.

Lemma 10 The distributions of the integrals fHu ol <M l(s —u,t — v)Zp o (u,v)dudv and
f||u,v||§M Zn, (U, v)dudv converge uniformly for ag € Ny to the distributions of the integrals fHu,vIISM I(s—

U, t — v)Za, (u, v)dudv and f| Zay (u,v)dudv.

Ju,v|| <M

PROOF: Note that sup,, , , Fn,agZn,a0 (U, v) < 1< 00, 50

sup Ey,.qq / (s — u,t — v)|| Zn,a0 (u, v)|dudv < o0.
[uvl|<M

n

AISO? En,oé() [Z’V]i(ozco (Ul, Ul) + Z’rll,/()%() (UQ, UQ)]2 < 4 SuPu,v En,ozo Zn,oco (’LL, 'U), and

En7a0|Zn7ao (ulvvl)_Zn,Oéo (u27U2)| < 2[En7040|Z1/2 (ulvvl)_Zl/2 (UQ,U2)|2]1/2[Sup EMOéoZTMOéo (uvv)]l/Q'

n,oq n,oo
u,v
For fixed M, ||Jui,v1|| < M, and ||ug, ve|| < M,

1/2

SUD En,aq| Zn,a0 (U1, V1) = Zn,aq (U2, v2)| < B'([lur — w2 /= + [lor — v2]).
n

By marginal convergence of Z,, o, the above conditions also hold for Z,,. Partition #**¢ into
cubes with edges of length ¢ parallel to the coordinate axes. Let A; be the intersection of the gth
cube with the set {(u,v) : |u,v|| < M}. Choose a point (u;,v;) in each A;. Noting that |e’*¢ — i?|
< |t Ji¢ evdy| < [t]]c — bl, as § — 0,

Ep oo €xp |iA Z o (1, 05) /A l(s —u,t —v)dudv
j i

- En,ao exXp

i)\/ (s —u,t —v)Zp a0 (u, v)dudv]
luwl| <M

IN

ANy /A (s — £ — 0) By Zonn (11 0) — Zon g (1, 03| dud
j J

IN

B\ sup |i(s —u,t— v)|((/<:5)1/2 + (dd))mes{(u,v) : ||u,v|| < M} — 0
luvl| <M

The same result holds with Z,, replacing Z, o,. By the (uniform) marginal convergence of
Zna, in Corollary 4, the characteristic functions converge, Ej o, €xp[i) fHu v\|<Ml(S — u,t — )

a0 (U, v)dudv] — Eq exp[i)\fl l(s —u,t —v)Za,(u,v)dudv] giving the conclusion of the

|u,v|| <M

lemma. O
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Lemma 11 For any {h1,..., hm} CRETL (W00 (h1), - - - Yn.ag (hm))

~ (Yag(h1)y -« oy Yag (hm)) uniformly for ag € N.

PROOF:

From lemma 9, Py, o, (|5t (6 — ao)|| > M) — 0, uniformly for n large enough as M — oo.

Let L > M,

Do (5,1) — f||u,u||§M (s —u,t —v) Zn a0 (u, U)T(Qo + %170 + ﬁ)dudv
f||a 17||<L Zn o (1, D)7 (00 + 33,70 + 75 dudd
fHu,vH>M (s = u,t = ) Zn,a(u,v)m(00 + 7,70 + %)dudv o)
on a0 (T, D) (00 + 2,70 + f)dudv
Jjusofi<nr 18 = st = 0) Zi g (w, )7 (B0 + &, 70 + = )dudv
R Sjaai<r Znao (@, 0)m(00 + 3,70 + =) dido
_f||u,u|\>L Zn o (U v)rr(90~+ 70 + ﬁ)dudv "
J Znsa (@, 0)m (80 + .70 + ) dudd

For fixed s,t, by Assumption 7 and Lemma 8,

E \[”U,”UH>M l(S - U,t - U)Zn Oé()( ) (90 + %7’70 + ﬁ)dudv
n,o0

[ Znao (@, D)7 (00 + 2,70 + \/—)dudv
< Be @n(M/2.0)/2 | ple—agn(0,M/2)/2

Similarly, the same bound holds for term (3), using

f||u,vH§M Zn,a0 (u, 0) (00 + =% + \/—)dudv
f||12,17||§L Z o (@, D) (00 + £, 70 + %)dudv

<1

It follows by Markov’s Inequality that uniformly for ag € Ny

— f||u,vH§M I(s — u,t —v) Zn a0 (u,v)T(00 + %, 70 + ﬁ)dudv
o Ty, Zmeaal 0700 + .70 + Z=)dads

250 (4)
as M — oo uniformly for large enough n.
The prior 7 is positive and continuous at «g, so 7(6y + (a/n),v + (0/v/n)) — w(0o,Y0)

uniformly on |Ju,v|| < M and ay € Ny as n — oo. So, applying the Cramer-Wold device and

Lemma 10, we can obtain uniform convergence of the marginal distributions of

Suens U(s = st = 0) Znag (u,0)7(00 + 5,70 + ) dudv
f||11,6||§L Zn 0 (U, 0)m (00 + 7, v0 + ﬁ)d&dﬁ
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for M, L < oo.
Then by another application of Markov’s Inequality, as in (4),

f\\u,v”gM l(s —u,t — v)Zoy (u, v)dudv »

« 7t - N 7~ 1~ 0
Yao(s:1) Jjas) <z Zao (@, 0)dudo —>

as M — oo. The conclusion of the lemma follows. O

Lemma 12 For every e,n > 0, there exists § > 0 such that:

lim sup  sup Pn,ao sup ’wn,ao (‘91, tl) - ¢n,ao (827 t2)| >e| < n
n—s00 agEN lls1—s2,t1—ta||<8,l|s1,t1[|<M,|[s2,t2 || <M
PROOF:

Note that the part of the proof of Lemma 11 that shows v, o, (s,?) can be approximated by a
ratio of integrals on a compact space can be straightforwardly extended from fixed s, ¢ to uniform
convergence on {(s,t) : ||s, t|| < M}.

By Assumption 7, I(s — u,t — v) is uniformly continuous on ||s,t|| < M, ||u,v|| < N, so we can
choose d small enough to make SUp|s, s, ¢ (/<5 [ls1,41|< M, |52t | <M, Ju,of <N [[(81 —u,t1 —v) = (52—

u,ta — v)] as small as desired. Since

sup E f||u,v||§N Znon (u, 0)7 (00 + 2,70 + %)dudv
ageNp n,ao f||ﬂ,f)||§L a0 (a,0)m(6y + %, Yo + %)dad{;

< 00

we can then use Markov’s Inequality to arrive at the conclusion of the lemma. O

Lemmas 11 and 12 establish weak convergence of the stochastic process 1y, q, to ¥,. They are
also sufficient to ensure that almost all sample paths of v, are continuous. Then by Lemmas 9
and 9" (below), we can apply an argmax theorem, such as Theorem 3.2.2 in Van der Vaart and

Wellner (1996), to establish the limiting distribution of the Bayes estimator.

Now we turn to showing asymptotic efficiency. Define the limiting risk function L(a) =
iy, — o0 Enall(py(Gn —))]. We want to show that the convergence to this limiting risk function
is uniform in o € Nj. Note that conditions given in the first part of this proof are sufficient for uni-

form convergence in distribution of the Bayes estimator for ag € Ny. Also, using Assumption 7 and
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Lemma 9, by choosing H large, we can make the bound on Ey, o, [[(¢;, 1 (6 —a0))1{|lo5 (G —a0)]|| >

H}] as small as desired. Let M = B(1 + H®) and ly(h) = min{M,I(h)}.

sSup ‘En,aol(‘)o;l(&n - Ozo)) - anl(Tao)’
apgeNp

< sup |Enaol(en ' (Gn = 20)) = Enaolar(¢y ' (G — o))l

ao€Np

+ sup ’En,aolM(SOr_Ll(dn —a)) — anlM(Tao)| + sup ‘anlM(Tao) - anl(Tao)|

aoeNy ageNp

Since | En,aol (7" (G —0)) —Enaolir (@' (@n—0))| < Enaoll(en ! (Gn—a0)) Hlen ' (Gn—ao)| >
H}], the above bound is sufficient to make the first term as small as desired by choosing H and n
sufficiently large, and a similar argument can be made for the third term using Lemma 9’. Since
lpr is countinuous and bounded, the second term can be made as small as desired by the uniform
convergence in distribution of the Bayes estimator.

Next we establish weak convergence of 7,/ to 7o, when o/ — «. To show the weak convergence,
we follow a similar argument to the one used to establish the limiting distribution of the Bayes
estimator. Corresponding lemmas are denoted with a prime. This result is used to show continuity

of the limiting risk function, which will lead to the desired efficiency result.

Lemma 5 There exists a, b, ¢ > 0 such that
Bl Z/2(h) — ZY2(h) < e(1 + Ru)* exp(bR,)((luz — ]| + [[vz — v1]2)
for all hy,hg € {h: ||u|]| < Ry, ||v]| < Ry} and any ap.

PROOF: The lemma follows by Lemma5 and the finite dimensional convergence in Corollary 4.

Lemma 6’ For all (u,v) and oy € N, anZéé2(u,v) < exp[—G(||ull, ||v]])], where G is a sequence

of functions from [0, 00) X [0,00) into [0,00) such that:
(a) G is increasing to infinity in each of its arguments.

(b) For any Ny, Ny > 0, we have limpyay iz 1 —oo aNueNoY exp[—G(z,y)] = 0.
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PROOF:

1

=Eqo, [f(g(x,00)|z, a0)|Vog(x,60) u|] )

1
aoZéf(u v) = exp ( — = U — 5

8

By Assumptions 4 and 6, there exists a > 0, so that we can set G(z,y) = a(||z| + ||y]|?) to

satisfy the conclusion of the lemma. O

Lemma 2' The finite dimensional distributions of Za/(h) converge to those of Zu,(h) as o/ — «g.

PROOF: Let Ty, (Do/pys---> Dot b )y Tag, and (Dag hys- - - s Dag b ) be the normal and joint
Bernoulli random variables corresponding to (Z, o/ (h1), - . ., Zp o/ (hm)) and (Zy, a0 (h1), - - -, Zn,ao (hm))
as given in Corollary 4. The conclusion of the lemma will follow by the continuous mapping theorem
and noting that for {j1,...,5} C {h1,...shm}, Par(Darjy = 1,..., Doy jy = 1) — Pag(Dag,jr =
1,...,Dqyj, = 1) and var(T,) — var(Ty,) as ' — «ag. The variances converge by Assump-
tion 3. The probabilities converge by the continuity of 1{max{Vyg(x, 0 ) u;,,...,Veg(z,0) u;} >
0} f(9(z,0")|x, o) max{Vyg(x, 8 ) u;,,...,Vog(z,0") u;}]) with respect to o’ at ap and Assump-
tion 5. |

The proofs of Lemmas 7/, 8, and 10" follow the arguments of the proofs of Lemmas 7, 8, 10 and

are omitted here due to space considerations.

Lemma 7' For all § and n small enough,

</ / / / (u,v)dudv < 5k d> < 2A1/2(k1/4+d1/2)(51/2+77)

Define

Ia,HJ
[ Zp o(u,v)dudv’

Iomy 2/ Zo(u,v)dudv, Qu,my =
'y xI'Y

Lemma 8 There exist constants B,C,b > 0 such that

Po(la,my > e ")) < B(1 + HY) exp(CT)e W)
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Eu|Qa.ns] < B(1+ HB)exp(C.J)e PGH:)

Lemma 9’ Suppose ¢, (d, — a) ~ 7. For any N
lim HYP,(||7a| > H) =0
H—o0

PROOF: The result follows by the Portmanteau Theorem, Lemma 9, and noting that the H-

bounds in the proof of Lemma 9 are uniform in n for large enough n. O

Lemma 10 The distributions of the integrals flluvH<M

l(s —u,t —v)Zy(u,v)dudv and
fllu,vHSM Zo (u,v)dudv converge to the distributions of the integrals fHu,vIISM l(s—u, t—v) Zn, (u, v)dudv

and f

/
uvl| <01 oo (u,v)dudv as o/ — «p.

Lemma 11’ (Yo (51,t1), -, Yar (Smstm)) == W (51,11)s - - - Vg (Sms tm)) as o/ — ag.

PROOF:

In the proof of Lemma 11, we have already shown that

fHu | <M I(s —u,t —v)Zo (u,v)dudv
Jiasy<r Zor (@, 0)dads

-0

%'(87 t) -

as M — oo, and similarly for 1, (s, ).
Using the Cramer-Wold device and Lemma 10/, the marginal distributions of

fHu v||<M Z(S —Uu, t— U)Za’ (u’ U)dudv
Jjasj<z Zo (@, 0)dudo

converge to the marginal distributions of

"lﬂ”uﬂ)”SM l(S - u, t - U)Za() (U, U)dudv
fllﬂ,ﬁllgL Zo (1, U)dudv

for M, L < oco. The conclusion of the lemma follows. O
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Lemma 12’ For every e,n > 0, there exists 6 > 0 such that:

lim sup Py ( sup |V (51,11) — ar(s2,2)] > 5> <n

o' —ag [Is1—s2,t1—t2]|<8,|[s1,t1||<M,||s2,t2]| <M

PROOF: By the same argument as in the proof of Lemma 12 applied to 1), rather than 1, -

Since ¢, (a, — a) ~ To, L(a) = E4[l(7a)]. Moreover, for o/ — g, Tor ~ Tay- Thus for
ag € Ny, L is continuous. Also by Assumption 7 and Lemma 9, L is bounded on ag € Nj.

Continuity and boundedness of the risk function can be used to establish that for any nonempty
open subset A of Ny liminf, .o sup,en, Enall(¢y (65 —a)] = sup,e 4 L(a) by Theorem 1.9.1 in
Ibragimov and Hasminskii (1981). Recalling the uniform convergence to the limiting risk function
shown earlier, asymptotic efficiency of &, on Ny follows. Hence for any point ag in Ny, @, is

asymptotically efficient. O
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