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This paper aims at developing a quasi-Bayesian analysis of the nonpara-
metric instrumental variables model, with a focus on the asymptotic prop-
erties of quasi-posterior distributions. In this paper, instead of assuming a
distributional assumption on the data generating process, we consider a quasi-
likelihood induced from the conditional moment restriction, and put priors on
the function-valued parameter. We call the resulting posterior quasi-posterior,
which corresponds to “Gibbs posterior” in the literature. Here we focus on
priors constructed on slowly growing finite-dimensional sieves. We derive
rates of contraction and a nonparametric Bernstein—von Mises type result
for the quasi-posterior distribution, and rates of convergence for the quasi-
Bayes estimator defined by the posterior expectation. We show that, with
priors suitably chosen, the quasi-posterior distribution (the quasi-Bayes es-
timator) attains the minimax optimal rate of contraction (convergence, resp.).
These results greatly sharpen the previous related work.

1. Introduction.

1.1. Overview. Let (Y, X, W) be a triplet of scalar random variables, where
Y is a dependent variable, X is an endogenous variable and W is an instrumental
variable. Without loosing much generality, we assume that the support of (X, W)
is contained in [0, 1]>. The support of ¥ may be unbounded. We consider the
nonparametric instrumental variables (NPIV) model of the form

) E[Y | W1 =E[go(X) | W],

where g¢: [0, 1] = R is an unknown structural function of interest. Alternatively,
we can write the model in a more conventional form

Y =go(X)+ U,E[U|W]=0,

where X is potentially correlated with U and hence E[U | X] # 0.
A model of the form (1) is of principal importance in econometrics (see
[28, 31]). From a statistical perspective, the problem of recovering the structural
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function gg is challenging since it is an ill-posed inverse problem with an addi-
tional difficulty of unknown operator [ K in (2) ahead]. Statistical inverse problems,
including the current problem, have attracted considerable interests in statistics and
econometrics (see, e.g., [8, 9]). For mathematical background of inverse problems,
we refer to [43].

To see that the problem of recovering the structural function gg is an ill-
posed inverse problem, suppose that (X, W) has a square-integrable joint density
fx.w(x,w)on]0, 1]? and denote by fw(w) the marginal density of W. Define the
linear operator K : L»[0, 1] — L»[0, 1] by

(Kg)(w) =E[g(0) | W =w] fi(w) = [ gC0) fw(x, w)dx.
Then the NPIV model (1) is equivalent to the operator equation
2) Kgo=h,

where h(w) = E[Y | W = w] fw(w). Suppose that K is injective to guarantee
identification of go.> The problem is that, even though K is injective, its inverse
K1 is not L,-continuous since K is Hilbert—Schmidt (as Sx.w(x, w) is square
integrable on [0, 1]%) and hence the /th largest singular value, denoted by ;, is ap-
proaching zero as [ — oo (see, e.g., [56]). In this sense, the problem of recovering
go from £ is ill-posed.

Approaches to estimating the structural function go are roughly classified into
two types: the method involving the Tikhonov regularization [16, 28] and the sieve-
based method [2, 5, 32, 45].3 The minimax optimal rates of convergence in esti-
mating go are established in [11, 28], and they are achieved by the estimators
proposed in [5, 28] under their respective assumptions. All the above mentioned
studies are, however, from a purely frequentist perspective. Little is known about
the theoretical properties of Bayes or quasi-Bayes analysis of the NPIV model.
Exceptions are [18-20, 44].

This paper aims at developing a quasi-Bayesian analysis of the NPIV model,
with a focus on the asymptotic properties of quasi-posterior distributions. The ap-
proach taken is quasi-Bayes in the sense that it neither needs to assume any specific
distribution of (¥, X, W), nor has to put a nonparametric prior on the unknown
likelihood function. The analysis is then based upon a quasi-likelihood induced
from the conditional moment restriction. The quasi-likelihood is constructed by
first estimating the conditional moment function m(-, g) = E[Y — g(X) | W =]

2This global identification condition is, however, not a trivial assumption; see the discussion after
Assumption 2 in Section 3.2 as well as the last paragraph in the next subsection.

3The sieve-method is further classified into two types: the method using slowly growing finite-
dimensional sieves with no or light penalties where the dimensions of sieves play the role of regular-
ization, and the method using large-dimensional sieves with heavy penalties where the penalty terms
play the role of regularization (see [10]).
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in a nonparametric way, and taking exp{—(1/2) }7_, m2(W;, g)} as if it were a
likelihood of g. For this quasi-likelihood, we put a prior on the function-valued
parameter g. By doing so, formally, the posterior distribution for g may be de-
fined, which we call “quasi-posterior distribution.” This posterior corresponds to
what [35] called “Gibbs posterior,” and has a substantial interpretation (see Propo-
sition 1 ahead). The quasi-Bayesian approach in this paper builds upon [12] where
the dimension of the parameter of interest is finite and fixed.

We focus here on priors constructed on slowly growing finite-dimensional
sieves (called “sieve or series priors”), where the dimensions of the sieve spaces
(which grow with the sample size) play the role of regularization to deal with the
problem of ill-posedness. Potentially, there are several choices in sieve spaces, but
we choose to use wavelet bases to form sieve spaces. Wavelet bases are useful to
treat smoothness function classes such as Holder—Zygmund and Sobolev spaces in
a unified and convenient way. We also use wavelet series estimation of the condi-
tional moment function.*

Under this setup, we study the asymptotic properties of the quasi-posterior dis-
tribution. The results obtained are summarized as follows. First, we derive rates of
contraction for the quasi-posterior distribution and establish conditions on priors
under which the minimax optimal rate of contraction is attained. Here the con-
traction is stated in the standard L;-norm. Second, we show asymptotic normal-
ity of the quasi-posterior of the first k; generalized Fourier coefficients, where
k, — o0 is the dimension of the sieve space. This may be viewed as a nonpara-
metric Bernstein—von Mises type result (see [54], Chapter 10, for the classical
Bernstein—von Mises theorem for regular parametric models). Third, we derive
rates of convergence of the quasi-Bayes estimator defined by the posterior expec-
tation and show that under some conditions it attains the minimax optimal rate
of convergence. Finally, we give some specific sieve priors for which the quasi-
posterior distribution (the quasi-Bayes estimator) attains the minimax optimal rate
of contraction (convergence, resp.). These results greatly sharpen the previous
work of, for example, [44], as we will review below.

1.2. Literature review and contributions. Closely related are [20] and [44].
The former paper worked on the reduced form equation ¥ = E[go(X) | W]+ V
with V = U + go(X) — E[go(X) | W] and assumed V to be normally distributed.
They considered a Gaussian prior on g, and the posterior distribution is also Gaus-
sian (conditionally on the variance of V). They proposed to “regularize” the pos-
terior and studied the asymptotic properties of the “regularized” posterior distribu-
tion and its expectation. Clearly, the present paper largely differs from [20] in that
(i) we do not assume normality of the “error’; (ii) roughly speaking, Florens and

4This does not rule out the use of other bases such as the Fourier and Hermite polynomial bases.
See Remark 3.
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Simoni’s method is tied with the Tikhonov regularization method, while ours is
tied with the sieve-based method with slowly growing sieves. We note the settings
of [18, 19] are largely different from the present paper; moreover in the NPIV ex-
ample, some high-level conditions on estimated operators are assumed in [18, 19],
and hence they are not directly comparable to the present paper. Liao and Jiang
[44] developed an important unified framework in estimating conditional moment
restriction models based on a quasi-Bayesian approach, and their scope is more
general than ours. They analyzed NPIV models in detail in their Section 4. Their
posterior construction is similar to ours such as the use of sieve priors, but dif-
fers from ours in detail. For example, [44] transformed the conditional moment
restriction into unconditional moment restrictions with increasing number of re-
strictions. On the other hand, we directly work on the conditional moment restric-
tion, although whether Liao and Jiang’s approach will lose any efficiency in the
frequentist sense is not formally clear.

Importantly and substantially, neither [20] nor [44] established sharp contrac-
tion rates for their (quasi-)posterior distributions, nor asymptotic normality results.
It is unclear whether Florens and Simoni’s [20] rates (in their Theorem 2) are opti-
mal, since their assumptions are substantially different from the past literature such
as [28] and [11]; moreover, strictly speaking [20] did not formally derive contrac-
tion rates for their regularized posterior when the operator is unknown (note that
[18, 19], though not directly comparable to the present paper, also did not for-
mally derive posterior contraction rates in the NPIV example). Liao and Jiang [44]
only established posterior consistency. Here we focus on a simple but important
model, and establish the sharper asymptotic results for the quasi-posterior distri-
bution. Notably, a wide class of (finite dimensional) sieve priors is shown to lead to
the optimal contraction rate. Moreover, in [44], a point estimator of the structural
function is not formally analyzed. Hence, the primal contribution of this paper
is to considerably deepen the understanding of the asymptotic properties of the
quasi-Bayesian procedure for the NPIV model.

The present paper deals with a quasi-Bayesian analysis of an infinite-dimen-
sional model. The literature on theoretical studies of Bayesian analysis of infinite-
dimensional models is large. See [24-27, 38, 50] for general contraction rates
results for posterior distributions in infinite-dimensional models. Note that these
results do not directly apply to our case: the proof of the main general theorem
(Theorem 1) depends on the construction of suitable “tests” (see the proof of
Proposition 4), but how to construct such tests in a specific problem in a nonlike-
lihood framework is not trivial, especially in the current NPIV model where we
have to deal with the ill-posedness of inverse problem. Moreover, Proposition 4
alone is not sufficient for obtaining sharp contraction rates and an additional work
is needed (see the proof of Theorem 1).

There is also a large literature on the Bayesian analysis of (ill-posed) inverse
problems. One stream of research on this topic lies in the applied mathematics lit-
erature; see [51] and references therein. However, their models and scopes are sub-
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stantially different from those of the present paper; for example, [29, 30] consid-
ered (ill-conditioned) finite-dimensional linear regression models with Gaussian
errors and priors, and contractions rates of posterior distributions are not formally
studied there. In the statistics literature, we may refer to [1, 15, 39—41] (in addition
to [18-20, 44] that are already discussed), although their results are not applicable
to the analysis of NPIV models because of its particular structure (i.e., especially
the operator K is unknown, and non-Gaussian “errors” and priors are allowed).
Hence the present paper provides a further contribution to the Bayesian analysis
of ill-posed inverse problems.

Our asymptotic normality result builds upon the previous work on asymptotic
normality of (quasi-)posterior distributions for models with increasing number of
parameters [3, 4, 6, 7, 13, 22, 23]. Related is [6], in which the author established
Bernstein—von Mises theorems for Gaussian regression models with increasing
number of regressors and improved upon the earlier work of [22] in several aspects.
Reference [6] covered nonparametric models by taking into account modeling bias
in the analysis. However, none of these papers covered the NPIV model, nor more
generally linear inverse problems.

Finally, while we here assume injectivity of the operator K in (2), as one of
anonymous referees pointed out, this condition is not a trivial assumption (see also
the discussion after Assumption 2 in Section 3.2), and there are a number of works
that relax the injectivity assumption and explore partial identification approach,
such as [42, 44, 46] and [10], Appendix A.

1.3. Organization and notation. The remainder of the paper is organized as
follows. Section 2 gives an informal discussion of the quasi-Bayesian analysis of
the NPIV model. Section 3 contains the main results of the paper where general
theorems on contraction rates and asymptotic normality for quasi-posterior distri-
butions, as well as convergence rates for quasi-Bayes estimators, are stated. Sec-
tion 4 analyzes some specific sieve priors. Section 5 contains the proofs of the main
results. Section 6 concludes with some further discussions. The Appendix contains
some omitted technical results. Because of the space limitation, the Appendix is
contained in the supplemental file [36].

Notation: For any given (random or nonrandom, scalar or vector) sequence
{zi}7_,, we use the notation |, [z;] = n-! >-"_, zi, which should be distinguished
from the population expectation E[-]. For any vector z, let z®% = zz where z7
is the transpose of z. For any two sequences of positive constants r,, and s,, we
write r, < s, if the ratio r, /s, is bounded, and r,, ~ s, if r,, <5, and s, <y Let
L>[0, 1] denote the usual L, space with respect to the Lebesgue measure for func-
tions defined on [0, 1]. Let || - || denote the L,-norm, that is, || f||* = fol f2(x)dx.
The inner product in L;[0, 1] is denoted by (-, -}, thatis, (f, g) = fol f(x)gx)dx.
Let C[0, 1] denote the metric space of all continuous functions on [0, 1], equipped
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with the uniform metric. The Euclidean norm is denoted by || - ||,2. For any ma-
trix A, let smin(A) and smax(A) denote the minimum and maximum singular val-
ues of A, respectively. Let ||A|lop denote the operator norm of a matrix A [i.e.,
| Allop = Smax(A)]. Denote by d N (i, £)(x) the density of the multivariate normal
distribution with mean vector p and covariance matrix X.

2. Quasi-Bayesian analysis: Informal discussion. In this section, we outline
a quasi-Bayesian analysis of the NPIV model (1). The discussion here is informal.
The formal discussion is given in Section 3.

Let G be a parameter space (say, some smoothness class of functions, such as
a Holder—Zygmund or Sobolev space), for which we assume go € G. We assume
that G is at least contained in C[0, 1]: G C C[O0, 1]. Define the conditional moment
function as m(W, g) = E[Y — g(X) | W], g € G. Then g¢ satisfies the conditional
moment restriction

3) m(W, go) =0, a.s.

Equivalently, we have E[m?(W, 20)] =0.

In this paper, for the purpose of robustness, any specific distribution of
(Y, X, W) is not assumed, which we believe is more practical in statistical and
econometric applications. So a Bayesian analysis in the standard sense is not ap-
plicable here since a proper likelihood for g (g is a generic version of gg) is not
available. Instead, we use a quasi-likelihood induced from the conditional moment
restriction (3).

Let (Y1, X1, W1),..., (Y,, X,, W,) be ii.d. observations of (Y, X, W). Let
W ={Wy,..., Wy} and D, = {(Y1, X1, W1), ..., (Yn, X5, Wy)}. By (3), a plausi-
ble candidate of the quasi-likelihood would be

Pg(W") = exp{—(n/2)E, [m* (Wi, 9)]}.

since pg(W") is maximized at the true structural function go. However, this
pg(W") is infeasible since m(-, g) is unknown. Instead of using pg(W"), we re-
place m(-, g) by a suitable estimate m(-, g) and use the quasi-likelihood of the
form

Pe(Dn) = exp{—(n/2)E,[m*(W;, £)]}.

Below we use a wavelet series estimator of m (-, g).

The quasi-Bayesian analysis considered here uses this quasi-likelihood as if it
were a proper likelihood and puts priors on g € G. In this paper, as in [44], we
shall use sieve priors (more precisely, priors constructed on slowly growing sieves;
[44] indeed considered another class of priors, see their supplementary material).
The basic idea is to construct a sequence of finite-dimensional sieves (say, G, ) that
well approximates the parameter space G (i.e., each function in G is well approxi-
mated by some function in G,, as n becomes large), and put priors concentrating on
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these sieves. Each sieve space is a subset of a linear space spanned by some basis
functions. Hence the problem reduces to putting priors on the coefficients on those
basis functions. Such priors are typically called “(finite dimensional) sieve priors”
(or “series priors”) and have been widely used in the nonparametric Bayesian and
quasi-Bayesian analysis (see, e.g., [24, 25, 48]).

Let I, be a so-constructed prior on g € G. Then, formally, the posterior-like
distribution of g given D, may be defined by

Pg(Dn)Iy(dg)
f pg(Dn)Hn(dg) ’

which we call “quasi-posterior distribution.” The quasi-posterior distribution is
not a proper posterior distribution in the strict Bayesian sense since pg(Dy) is
not a proper likelihood. Nevertheless, I1,(dg | D,) is a proper distribution, that
is, [11,,(dg | Dy) = 1. Similar to proper posterior distributions, contraction of
the quasi-posterior distribution around g intuitively means that it contains more
and more accurate information about the true structural function gg as the sam-
ple size increases. Hence, as in proper posterior distributions, it is of fundamental
importance to study rates of contraction of quasi-posterior distributions. Here we
say that the quasi-posterior I1,(dg | D,) contracts around go at rate &, — 0 if

“) I, (dg | Dn) =

Ma(g: llg = goll > & | D) > 0.

This quasi-posterior corresponds to what [58] called “Gibbs algorithm” and
what [35] called “Gibbs posterior.” The framework of the quasi-posterior (Gibbs
posterior) allows us a flexibility since a stringent distributional assumption, such
as normality, on the data generating process is not required. Such a framework
widens a Bayesian approach to broad fields of statistical problems.> Moreover, the
following proposition gives an interesting interpretation of the quasi-posterior.

PROPOSITION 1. Let n > 0 be a fixed constant. Let 1 be a prior distribution
for g defined on, say, the Borel o-field of C[0, 1]. Suppose that the data D,, are
fixed and the maps g — m;(W;, g) are measurable with respect to the Borel o -field
of C[0, 1]. Then, the distribution

L (dg) = SPCN Ty A2 (Wi £))T1(dg)
18 = T exp(—n > (W, ) T1(dg)

minimizes the empirical information complexity defined by

5) fl [ Yo iAW e + 0 DAl m
i=1

5Jiang and Tanner ([35], page 2211) remarked: “This framework of the Gibbs posterior has been
overlooked by most statisticians for a long time [-- -] a foundation for understanding the statistical
behavior of the Gibbs posterior, which we believe will open a productive new line of research.”
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over all distributions T1 absolutely continuous with respect to I1. Here
Dy (T TT) = / Flog#TI(dg)  with dT1/dTl =7
is the Kullback—Leibler divergence from I to II.
PROOF. Immediate from [57], Proposition 5.1. [

The proposition shows that, given the data D, and a prior IT =I1, on g, the
quasi-posterior I1,(dg | D,) defined in (4) is obtained as a minimizer of the em-
pirical information complexity defined by (5) with n = 1/2. This gives a ratio-
nal to use I1,(dg | D,) as a quasi-posterior since, among all possible “quasi-
posteriors”, this I1,(dg | D,) optimally balances the average of the natural loss
function g > Y7, m?(W;, g) and its complexity (or deviation) relative to the
initial prior distribution measured by the Kullback—Leibler divergence. The scal-
ing constant (“temperature”) 7 is typically treated as a fixed constant (see, e.g.,
[35, 58]). An alternative way is to choose 71 in a data-dependent manner, by, for
example, cross validation as mentioned in [58]. It is not difficult to see that the
theory below can be extended to the case where 1 is even random, as long as 7
converges in probability to a fixed positive constant. However, for the sake of sim-
plicity, we take n = 1/2 as a benchmark choice (note that as long as n is a fixed
positive constant, the analysis can be reduced to the case with n = 1/2 by renor-
malization).

The quasi-posterior distribution provides point estimators of gg. A most natural
estimator would be the estimator defined by the posterior expectation (the expec-
tation of the quasi-posterior distribution), that is,

©) foB = { f gl (dg | Dp), if the right integral exists,
0

, otherwise,

where the integral [ gI1,(dg | D,) is understood as pointwise.

REMARK 1. Quasi-Bayesian approaches (not necessarily in the present form)
are widely used and there are several other attempts of making probabilistic inter-
pretation of such approaches. See, for example, [37] where the “limited informa-
tion likelihood” is derived as the “best” (in a suitable sense) approximation to the
true likelihood function under a set of moment restrictions and the Bayesian analy-
sis with the limited information likelihood is argued ([44] adapted this approach to
conditional moment restriction models), and [47] where a version of the empirical
likelihood is interpreted in a Bayesian framework.
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3. Main results. In this section, we study the asymptotic properties of the
quasi-posterior distribution and the quasi-Bayes estimator. In doing so, we have to
specify certain regularity properties, such as the smoothness of gg and the degree
of ill-posedness of the problem. How to characterize the “smoothness” of gg is
important since it is related to how to put priors. For this purpose, we find wavelet
theory useful, and use sieve spaces constructed by using wavelet bases.

3.1. Posterior construction. To construct quasi-posterior distributions, we
have to estimate m (-, g) and construct a sequence of sieve spaces for G on which
priors concentrate. For the former purpose, we use a (wavelet) series estimator of
m(-, g), as in [2] and [10]. For the latter purpose, we construct a sequence of sieve
spaces formed by the wavelet basis.

We begin with stating the parameter space for gg and the wavelet basis used. We
assume that the parameter space G is either (B3, o, || - Il5,00,00) (Hlder-Zygmund
space) or (B2 5+ | - II5,2,2) (Sobolev space), where Bz q is the Besov space of func-
tions on [0, 1] with parameter (s, p, q) (the parameter s generally corresponds to

“smoothness;” we add “s” on the parameter space, G = G*, to clarify its depen-
dence on s). See Appendlx A.2 in the supplemental file [36] for the definition of
Besov spaces. We assume that s > 1/2, under which G° C C[0, 1].

Fix (sufficiently large) Jo > 0, and let {(,0‘“t }2 o1y {wmt j>Jo,k=0,...,
2/ — 1} be an S -regular Cohen—Daubechles—Vlal (CDV) wavelet basis for

L»[0, 1] [14], where S is a positive integer larger than s. See Appendix A.l in
the supplemental file [36] for CDV wavelet bases For the notational convenience,
we write g1 = @l o, g2 =@y 1, Py =@y and )y = Vi 2o =

}nﬁ, ey it = }n;/—l for j > Jo. Here and in what follows:

Take and fix an S-regular CDV wavelet basis of {¢;,[ > 1} with § > s,

and we keep this convention. Let V; be the linear subspace of L;[0, 1] spanned
by {¢1,...,¢,;}, and denote by P; the projection operator onto V;, that is, for
any g =Y ;o by € L2[0, 1], Pjg = Z, 1 bigr. In what follows, for any J € N,

the notation 5’/ means that it is a vector of dimension 27. For example, b’ =
(b1,...,by)T.

REMARK 2 (Approximation property). For either g € B, , or B; ,, we have

lg — PJg||2 < C272/$ for all J > Jy. Here the constant C depends only on s and
the corresponding Besov norm of g.

REMARK 3. The use of CDV wavelet bases is not crucial and one may use
other reasonable bases such as the Fourier and Hermite polynomial bases. The the-
ory below can be extended to such bases with some modifications. However, CDV
wavelet bases are particularly well suited to approximate (not necessarily periodic)
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smooth functions, which is the reason why we use here CDV wavelet bases. On
the other hand, for example, the Fourier basis is only appropriate to approximate
periodic functions and it is often not natural to assume that the structural function
go is periodic.

We shall now move to the posterior construction. For J > Jy, define the 27
dimensional vector of functions ¢” (w) by

¢! (w) = (1), ..., ¢y (w)" .

Let J, > Jp be a sequence of positive integers such that J,, — oo and 2/ = o(n).
Then a wavelet series estimator of m (-, g) is defined as

m(w, g) = ¢ (w) (Ea[¢” (W) ®2]) " Eu[¢” (W) (¥i — g(X1))],

where we replace the inverse matrix by the generalized inverse if the former does
not exist; the probability of such an event converges to zero as n — 0o under the
assumptions below. We use this wavelet series estimator throughout the analysis.
For the same J,,, we shall take V;, = span{¢y, ..., ¢, } as a sieve space for G*.
We consider priors IT,, that concentrate on V;,, that is, I1,(V,,) = 1. Formally,
we think of that priors on g are defined on the Borel o -field of C[O0, 1] (hence the
quasi-posterior I1,(dg | D,) is understood to be defined on the Borel o-field of
C[0, 1], which is possible since the map g — p, (D) is continuous on C[0, 1]).

Since the map b’ = (by, ..., by )7 212:1 by, R2" C[0, 1], is homeomor-
phic from R2™ onto V,,, putting priors on g € V,, is equivalent to putting priors
on b/ ¢ R2™ (the latter are of course defined on the Borel o-field of R2™). Prac-

tically, priors on g € V, are induced from priors on b’ € R2" . For the later
purpose, it is useful to determine the correspondence between priors for these two
parameterizations. Unless otherwise stated, we follow the convention of the nota-
tion such that

f1,: a prior on b”» € R2™ < 1,: the induced prior on g € Vi,
We shall call IT,, a generating prior, and IT,, the induced prior.
Correspondingly, the quasi-posterior for b’ is defined. With a slight abuse of
notation, for g = 212:1 by¢y, we write 7it(w, b’") = m(w, g), and take ppu, (D) =
exp{—(n/2)E,[m>(W;, b’*)]} as a quasi-likelihood for b’». Note that in this partic-

ular setting, the log quasi-likelihood is quadratic in b”». Let I1,(db”" | D,) denote
the resulting quasi-posterior distribution for b

- o (D) T, (db7n
(7) Hn(db./n |D”): Pp ( ) ~( ) )
fpb-’n (D)1, (db?r)
For the quasi-Bayes estimator gop defined by (6), since for every x € [0, 1],

the map g — g(x) is continuous on C[0, 1], and conditional on D, the quasi-
posterior I1,(dg | D,) is a Borel probability measure on C[0, 1], the integral
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[ g(x)I1,(dg | Dy) exists as soon as [ |g(x)|I1,(dg | D,) < oc. Furthermore, o
can be computed by using the relation

[ somudg 1D, = (x)T[ [ v i(an™ Dn)]

as soon as the integral on the right-hand side exists. Hence, practically, it is suffi-
cient to compute the expectation of I1,(d b’ | Dy).

REMARK 4. The use of the same wavelet basis to estimate m(-, g) and to
construct a sequence of sieve spaces for G* is not essential and can be relaxed.
Suppose that we have another CDV wavelet basis {é1} for L,[0, 1] and use this
basis to estimate m(-, g). Then, all the results below apply by simply replacing
¢1(W;) by qSZ (W;). To keep the notation simple, we use the same wavelet basis.

However, the use of the same resolution level J, is essential (at least at the proof
level) in establishing the asymptotic properties of the quasi-posterior distribution.
It may be a technical artifact, but we do not extend the theory in this direction since
there is no clear theoretical benefit to do so (note that in the purely frequentist
estimation case, [10] allowed for using different cut-off levels for approximating

m(-, g) and g(-)).

3.2. Basic assumptions. We state some basic assumptions. We do not state
here assumptions on priors, which will be stated in the theorems below. In what
follows, let C; > 1 be a sufficiently large constant.

ASSUMPTION 1. (i) (X, W) has a joint density fx w(x, w) on [0, 117 satis-
fying that fx w(x, w) < Cy,Vx, w € [0, 1]. (i) supwe[o’l]IE[U2 | W=w]=<(C

where U =Y — go(X). (iii) smin(El[p” (W)®2]) > C;1, VI > Jo.

Assumption 1 is a usual restriction in the literature, up to minor differences (see
[28, 32]). Denote by fx(x) and fw (w) the marginal densities of X and W, respec-
tively, thatis, fx(x) = [ fx.w(x, w)dw and fw(w) = [ fx.w(x, w)dx. Then As-
sumption 1(i) implies that fx(x) < Cy,Vx €[0, 1] and fw(w) < Cy, Vw € [0, 1].
A primitive regularity condition that guarantees Assumption 1(iii) is that fy (w) >
Cl_1 for all w € [0, 1]. To see this, for o’ € R’ with ||OtJ||ez =1, we have

1
2
(@) Bl W) = [ (@ o) fivw) du
1
> ;! / (@’ (w)Ta’)* dw
0
®) 1
=i @) [ 67w’ )" dwle?
0

— 2 _
=C, 1”0‘]”@2 =C 1’
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where we have used the fact that {¢;} is orthonormal in L,[O, 1].
For identification of gg, we assume:

ASSUMPTION 2. The linear operator K : L»[0, 1] — L»[0, 1] is injective.
For smoothness of gg, as mentioned before, we assume:
ASSUMPTION 3. s > 1/2, go € G°, where G° is either Bgo,oo or B; ,.

The identification condition (Assumption 2) is equivalent to the “completeness”
of the conditional distribution of X conditional on W [45]. We refer the reader to
[17, 49] and [34] for discussion on the completeness condition. We should note
that restricting the domain of K to a “small” set, such as a Sobolev ball, would
substantially relax Assumption 2, which however requires a different analysis. For
the sake of simplicity, we assume the injectivity of K on the full domain.

As discussed in the Introduction, solving (2) is an ill-posed inverse problem.
Thus, the statistical difficulty of estimating go depends on the difficulty of con-
tinuously inverting K, which is usually referred to as “ill-posedness” of the in-
verse problem (2). Typically, the ill-posedness is characterized by the decay rate
of k1 — 0 (k; is the /th largest singular value of K), which is plausible if K were
known and the singular value decomposition of K were used (see [9]). However,
here, K is unknown and the known wavelet basis {¢;} is used instead of the singu-
lar value system. Thus, it is suitable to quantify the ill-posedness using the wavelet
basis {¢;}. To this end, define

T = Smin(E[¢J(W)¢J(X)T]) = Smin((<¢lv K¢m>)1§1’m521)a J = Jo.

This quantity corresponds to (the reciprocal of) what is called “sieve measure
of ill-posedness” in the literature [5, 32]. We at least have to assume that 77 > 0
for all J > Jy. Note however that

Ty = smin(((¢la K¢m))1517m521)

= min (¢, Kg)) =02

geVy.ligl=1
< min | Kg] (Bessel’s inequality)
g€V, ligll=1
< KpJ (Courant-Fischer—Weyl’s minimax principle)

by which, necessarily, t; — 0 as J — oo. For this quantity, we assume:

ASSUMPTION 4. (i) (Mildly ill-posed case) Ir > 0, t; > C; 2777, ¥J > Jy
or (severely ill-posed case) 3¢ > 0, t; > Cl_1 exp(—c2j), vJ > Jo;
(ii)
2]
|E[¢7 (W) (g0 — Prgo) )]l 2(= [ ({1, K (g0 — Prgo)))i—, | 2)
<Citsllgo — Psgoll vJ > Jo.
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Assumption 4(i) lower bounds t; as J — oo, thereby quantifies the ill-
posedness. We cover both the “mildly ill-posed” and “severely ill-posed” cases
(this definition of mild ill-posedness and severe ill-posedness is due to [31, 32]).
The severely ill-posed case happens, for example, when the joint density
Sfx,w(x, w) is analytic (see [43], Theorem 15.20).

Assumption 4(ii) is a “stability” condition about the bias go — P;go, which
states that K(go — Psgo) is sufficiently “small” relative to go — P;go. Note that
in the (ideal) case in which, for example, K is self-adjoint and {¢;} is the eigen-
basis of K, (¢, K(go — Pygo)) =0forall/ =1,...,27, in which case Assump-
tion 4(ii) is trivially satisfied. Assumption 4(ii) allows more general situations in
which K may not be self-adjoint and {¢;} may not be the eigen-basis of K by
allowing for a certain “slack.” This assumption, although looks technical, is com-
mon in the study of rates of convergence in estimation of the structural function gg.
Indeed, essentially similar conditions have appeared in the past literature such as
[5, 11, 32]. For example, [5], Assumption 6, essentially states (in our notation) that
IK(go— Prgo)ll < Cityllgo — Pygoll, which implies our Assumption 4(ii) since

J , . .
({1, K (80 — Prgo))i;lle2 < 1K (g0 — Psgo)ll (Bessel’s inequality).

REMARK 5. For given values of C; > 1,M > 0,r > 0,c >0 and s > 1/2,
let F = F(C1, M, r, c, s) denote the set of all distributions of (¥, X, W) satisfying
Assumptions 1-4 with ||golls,c0,00 < M in case of G* = B3, , and ||golls,22 < M
in case of G° = 35,2- By [11, 28], it is shown that the minimax rate of convergence

(in || - ||) of estimation of go over this distribution class F is n =5/ +25+1 in the
mildly ill-posed case (where 7, > C|° 12=77y and (logn)™* in the severely ill-posed
case [where t; > C| ! exp(—c2”)] as the sample size n — oo (the assumption on
the conditional second moment of U given W is not binding; that is, replacing
Assumption 1(ii) by a stronger one, such as sup,,¢(o 1 E[U* | W =w] < Cy
for some € > 0 determined outside the class of distributions, does not alter these
minimax rates).

By Theorem 2.5 of [24], it is readily seen that these rates are the fastest possible
rates of contraction of (general) quasi-posterior distributions in this setting. More
formally, we can state the following assertion:

Let T1,(dg | Dy,) be the quasi-posterior distribution defined on, say, the Borel
o-field of C|0, 1], constructed from putting a suitable prior on g to the quasi-
likelihood p¢(Dy) (the prior here needs not be a sieve prior). Suppose now that
for some £, — 0,suppcr Er[I1,(g:llg — goll > €n | Dn)] — 0. Then there exists
a point estimator that converges (in probability) at least as fast as €, uniformly in
FelkF.

The proof is just a small modification of that of Theorem 2.5 in [24] and hence
omitted. Importantly, the quasi-posterior cannot contract at a rate faster than the
optimal rate of convergence for point estimators ([24], page 507, lines 19-20).
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Hence, in the minimax sense, the fastest possible rate of contraction of the quasi-
posterior distribution I, (dg | D) is n =8/ @r+2s+D) i the mildly ill-posed case and
(logn)™* in the severely ill-posed case (Proposition 2 in Section 4 ahead shows that
these rates are indeed attainable for suitable sieve priors).

3.3. Main results: General theorems. This section presents general theorems
on contraction rates and asymptotic normality for the quasi-posterior distribu-
tion as well as convergence rates for the quasi-Bayes estimator. In what follows,
let (Y1, X1, Wy), ..., (Y,, Xn, Wy) be i.i.d. observations of (Y, X, W). Denote by
b({ = (bo1, ..., b0721)T the vector of the first 27 generalized Fourier coefficients
of go, thatis, bo; = [ ¢1g80. Let || - || Tv denote the total variation norm between two
distributions.

THEOREM 1. Suppose that Assumptions 1-4 are satisfied. Take J,, in such a
way that J, — 0o and J,27" /n = 0('17}”). Let €, be a sequence of positive constants

such that €, — 0 and ne,% > 27n Suppose that generating priors I1, has densities
- J . . o
7, on RZ" and satisfy the following conditions:

(P1) (Small ball condition). There exists a constant C > 0 such that for all n
sufficiently large, T1, (b7 : ||b’n — b o'l <€) >e —Cne;

(P2) (Prior flatness condition). Let Yp =27 Ins T 7, en There exists a se-
quence of constants L, — 00 su]ﬁczently slowly such that for all n sufficiently
large, 7,(b”’") is positive for all |b’» — bo" llp2 < Lyyn, and

Fin (b + b7

sup
Ty (bo" + b'n)

”an ||22<Ln}’n ||bjn I 2<LnVn

—1’—)0.

Then for every sequence M, — oo, we have
= _ _ P
9) {7 |67 — by | 2 > M (277 4 75129 /n) | Dy} = 0.
Furthermore, assume that J, 23’ /n= o(r}n). Then we have
~ ~ _ _ _ P
[TLaC- 1 D) = N7 n ™ @y @ww D) Oy = 0,

where @y x = E[¢” (W) (X)T], xw := &L, Dww :=E[¢p’"(W)®?], and

where b’ is a “maximum quasi-likelihood estimator” of b({”, that is,

(10) = arg max  ppi. (Dy).

bIn eR2%

PROOF. See Section 5.1. O
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REMARK 6. The condition J,27"/n = O(T%n) appears essentially because
the operator K is unknown. In our setup, this results in estimating the ma-
trix E[¢”"(W)¢’»(X)T] by its empirical counterpart E,[¢?" (W;)¢”*(X;)T]. In
the proof, we have to suitably lower bound the minimum singular value of
En[q&J"(Wi)d)J" (X711, denoted by 7,,, which is an empirical counterpart of
the sieve measure of ill-posedness ;. By Lemma 1, we have 7; = t;, —
Op(y/J,27n /n), so that to make the estimation effect in 7 J, hegligible, we need

T2/ n=o(z3 ).

REMARK 7. Theorem 1 is abstract in the sense that it only gives conditions
(P1) and (P2) on priors for which (9) and (10) hold. For specific priors, we have to
check these conditions with possible J,,, which will be done in Section 4.

. jil
Since for g = >/ by, Il — goll* = llg — Pu,goll> + llgo — Py, gol* < 167 —
bg" ||§2 + 2728, part (9) of Theorem 1 leads to that for every sequence M,, — oo,
we have

_ - P
Ma{g:llg — goll > Mu(2™" + 1,1 \/27/n) | D, } = 0,
which means that the rate of contraction of the quasi-posterior distribution IT, (dg |

D,) is max{2~/*, rJ_nl,/2]n/n}.6 In many examples, for given J, — oo with
Jn21"/n = o(r}n), condition (P1) is satisfied with €, ~ /27 (logn)/n. Taking J,

in such a way that [with some constant ¢’ < 1/(2c¢) in the severely ill-posed case]

" 20~ g1/ Crt2s+1) in the mildly ill-posed case,
(I Jlim (27 /(c'logn)) =1, in the severely ill-posed case,
under which the optimal contraction rate is attained, y;, in condition (P2) is
(12) N { n=S/@r+25+D (Jogn)1/2, in the mildly ill-posed case,
Vi (logn)~*, in the severely ill-posed case.

So condition (P2) states that, to attain the optimal contraction rate (and the
Bernstein—von Mises type result), the prior density 7, should be sufficiently “flat”
in a ball with center b({" and radius of order (12). Some specific priors leading to
the optimal contraction rate will be given in Section 4.

As noted before, in many examples, for given J, — oo with J,2%/n =
o(r}n), condition (P1) is satisfied with €, ~ /27 (logn)/n. Inspection of the
proof shows that, without condition (P2), this already leads to contraction rate

max {2~/ rj_nl 27/n(logn)/n}, which, in the mildly ill-posed case, reduces to

5We have ignored the appearance of M, — oo, which can be arbitrarily slow. A version in which
M, is replaced by a large fixed constant M > 0 is presented in Theorem 2.



2374 K. KATO

(n/logn)~s/@+25+D by taking 27 ~ (n/logn)'/@+25+D However, this rate is
not fully satisfactory because of the appearance of the log term. Condition (P2) is
used to get rid of the log term.

The small ball condition (P1) is standard in nonparametric Bayesian statistics
and analogous to condition (2.4) in [24]. It is, however, stated in [24], pages 505—
506, that their Theorem 2.1 is not sharp enough when priors constructed on a
sequence of finite-dimensional sieves are used, and the more sophisticated condi-
tion (2.9) is devised in their Theorem 2.4 (see also the proof of their Theorem 4.5).
However, a version of their condition (2.9) is not clear to work in our problem,
because the effect of the random matrix E, [¢7» (W;)¢”» (X;)T] has to be suitably
controlled. Instead, we devise condition (P2) to obtain sharper contraction rates.

Under a further integrability condition about U =Y — go(X), M,, — o0 in (9)
can be replaced by a large fixed constant M.

THEOREM 2. Suppose that all the conditions that guarantee (9) in Theorem 1
are satisfied. Furthermore, assume that sup,,co. 1 E[U21(JU| > 1) |W=w]— 0
as A — oo where U =Y — go(X). Then there exists a constant M > O such that

(13)  afp? o — b > M@ 40520 n) D) Do,
PROOF. See Section 5.2. [

The proof consists in establishing a concentration property of the random vari-
able ||E,[¢7 (W) U;1| 2, which uses a truncation argument and Talagrand’s [52]
concentration inequality. A sufficient condition that guarantees that

sup E[U?1(|U|> 1) |W=w]—0
wel0,1]

as A — oo is that 3e > 0, sup,, (0.1 E[|U|**€ | W = w] < oo. The additional con-
dition in Theorem 2 is a uniform integrability condition and stronger than Assump-
tion 1(ii). To see this, note that U is distributed as F; Jllw U | W) where F, Jllw (u |
w) is the conditional quantile function of U given W = w, and ¥/ is a uniform
random variable on (0, 1) independent of W. Think of U,,(u#) = F JIIW (u|w),we
[0, 1] as a stochastic process defined on the probability space ((0, 1), u) with
Lebesgue measure on (0, 1). Then the condition sup,,¢[o 1 E[U21(JU| > 1) | W =
w] — 0 as A — oo states exactly the uniform integrability of (Uy,)we[o,1]-

The second part of Theorem 1 states a Bernstein—von Mises type result for the
quasi-posterior distribution I, (db”» | D,), which states that the quasi-posterior
distribution is approximated by the normal distribution centered at b7n, which is
often referred to as the “sieve minimum distance estimator” and is a benchmark
frequentist estimator for these types of models. Note that, neglecting the bias, b is
approximated as b({" + ¢@1XE,, [¢ Jn (W;)U;], but the covariance matrix of the term

q’;le VnE,[¢7" (W;)U;] is generally different from CDV_VIX Oww d&lw (which is the
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reason why we added “type”). This is a generic nature of quasi-posterior distribu-
tions. Even for finite-dimensional models, generally, the covariance matrix of the
centering variable does not coincide with that of the normal distribution approxi-
mating the quasi-posterior distribution (see [12]).

Finally, we consider the convergence rate of the quasi-Bayes estimator gqp of
go defined by (6).

THEOREM 3. Suppose that all the conditions of Theorem 2 are satisfied. Let
gqB be the quasi-Bayes estimator defined by (6). Then P{D,: [ |g(x)|I1,(dg |
Dp) < 00,V¥x €0, 1]} — 1, and there exists a constant D > 0 such that for every
sequence M, — o0,

(14)  P[llggs — goll < Dmax{2~" ;1 Jal/n, 75 Yenou My }] — 1,
where

Tn(by" + b7r) B 1‘
o (by" 4 b

On = sup
||b-’n HZZ <Lnyn, thn ”32 <Lnyn

and where €,, y, and L, are given in the statement of Theorem 1.
PROOF. See Appendix C in the supplemental file [36]. [

Theorem 3 is not directly deduced from Theorem 1. Indeed, ||g — go|| may be
unbounded on the support of I1,, since the support of I, may be unbounded in || - ||,
and hence the argument in [24], pages 506-507, cannot apply (in [24], a typical
distance to measure the goodness of a point estimator is the Hellinger distance and
uniformly bounded). Hence, additional work is needed to prove Theorem 3.

The convergence rate of the quasi-Bayes estimator is determined by the three

terms: 27/, rj_nl,/ZJn /n, and rJ_nle”Q”Mn. The last term is typically small rel-
ative to the other two terms. Indeed, as noted before, in many examples, for
given J, — oo with Jp 27 /n = o(r;n), €, can be taken in such a way that

€, ~ /271 (logn)/n. In that case t]_nle,,g,,Mn ~ tj_nlgnMn,/ﬂn (logn)/n, and as

long as g, — 0 sufficiently fast, that is, g, = o((log n)~Y2), the convergence rate

of the quasi-Bayes estimator ggp reduces to max {2~/ rj_nl,/ 27n /n}.

4. Prior specification: Examples. In this section, we give some specific sieve
priors for which the quasi-posterior distribution (the quasi-Bayes estimator) attains
the minimax optimal rate of contraction (convergence, resp.). We consider two
types of priors, namely, product and isotropic priors. We will verify that these
priors meet conditions (P1) and (P2) in Theorem 1 with the choice (11). For the

notational convenience, define
n—s/@s+2r+l) in the mildly ill-posed case,

En,sr = _ . .
(logn)~*, in the severely ill-posed case.
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We may think of the severely ill-posed case as the case with r = co.

PROPOSITION 2. Suppose that Assumptions 1-4 are satisfied. Consider the
. e J
following two classes of prior distributions on R*" :

(Product prior). Let q(x) be a probability density function on R such that for a
constant A > sup;~.1 |bor|: (1) g(x) is positive on [—A, A]; (2) log g (x) is Lipschitz
continuous on [—A, Al, that is, there exists a constant L > 0 possibly depending
on A such that |logq(x) —logq(y)| < L|x —y|,Vx,y € [—A, A]. Take the density
of the generating prior by 7, (b’) = ]_[12;"1 q(by).

(Isotropic prior). Let r(x) be a probability density function on [0, 00) having
all moments such that: (1) for a constant A > || goll, r(x) is positive and con-
tinuous on [0, Al; (2) for a constant ¢ > 0, [5° xlr(x)dx < ec//kl"gkfor all k
sufficiently large. Take the density of the generating prior by 7, (b’") o< r (||b’» llo2).

Take J,, as in (11). Then, in either case of product or isotropic priors, for every

sequence M, — oo, we have I1,{g:|lg —goll > Mnéen.s.r | Dn} —P> 0. Furthermore,
ifsupwE[O’I]E[Uzl(|U| >N | W=w]— 0as A = o0, then there exists a con-

stant M > 0 such that T1,{g: ||g — goll > Men s.r | Du} £> 0.
PROOF. See Appendix D in the supplemental file [36]. [

Proposition 2 shows that a wide class of priors constructed on slowly growing
sieves lead to the minimax optimal contraction rate (see Remark 5). In either case
of product or isotropic priors, the constant A is not necessarily known, which al-
lows ¢ (x) and r(x) to have unbounded support. For example, in the former case,
g (x) may be the density of the standard normal distribution, in which case A can
be taken to be arbitrarily large. Likewise, in the latter case, r(x) may be the den-
sity of an exponential distribution: r(x) = Ae™**, x > 0 for some A > 0. In the
isotropic prior case, r(x) should have all moments, that is, fooo xkr(x) dx < oo for

all k > 1, which ensures that 7, (b”*) o r(||b”"|| ¢2) 1s a proper distribution on R2"
for every n > 1.

The next proposition shows that two classes of priors in Proposition 2 lead to
the minimax optimal convergence rate for the quasi-Bayes estimator.

PROPOSITION 3. Suppose that Assumptions 1-4 are satisfied. Furthermore,
assume that supwe[O’l]E[UzlﬂUl >A) | W=w]— 0as A — oo. Consider the

two classes of prior distributions on R2" given in Proposition 2. In the isotropic
prior case, assume further that r (x) is Lipschitz continuous on [0, A]. Take J, as
in (11). Then, in either case of product or isotropic priors, there exists a constant
M > 0 such that P{||gq — goll > Mep 5} — 0.

PROOF. See Appendix D in the supplemental file [36]. [
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REMARK 8. In the above propositions, J, plays the role of regularization and
should be chosen sufficiently slowly growing, thereby there is no need to place
restrictions on weights on b; between 1 <[ < 27n . The abstract Theorem 1 is de-
rived to cover this case. There is another way to deal with the ill-posedness, that
is, allowing for large-dimensional sieves but placing prior distributions that have
smaller weights on b; for larger / (“shrinking priors”), which corresponds to the
“sieve method using large-dimensional sieves with heavy penalties” in the classi-
fication of [10].” The supplementary material of [44] is concerned with this ap-
proach, but they did not establish sharp contraction rates. The extension to this
approach requires a different technique than that used in the present paper, and
remains as an open problem.

5. Proofs of Theorems 1 and 2.

5.1. Proof of Theorem 1. Before proving Theorem 1, we first prepare some
technical lemmas (Lemmas 1-3) and establish preliminary rates of contraction for
the quasi-posterior distribution (Proposition 4). Proofs of Lemmas 1-3 are given
in Appendix B in the supplemental file [36]. For the notational convenience, define
the matrices

dwx =Eu[¢7 Wp" (X)T],  dxw =Ly,
dww = Eu[o" (W)®?],

which are the empirical counterparts of ®VX ®XW and ®yyyy, respectively. Also
define

Ui=Y —go(X:), Ri=Yi—Ppgo(Xs),  Ap=+nE,[¢""(W)R:].

Lemma 1 is a technical lemma on these quantities. Lemma 2 characterizes the to-
tal variation convergence between two centered multivariate normal distributions
with increasing dimensions in terms of the speed of convergence between the cor-
responding covariance matrices. Lemma 3 will be used in the latter part in the
proof of Theorem 1.

LEMMA 1. Suppose that Assumptions 1-4 are satisfied. Let J, — 00 as
n — 00. (i) There exists a constant D > 0 such that sup,, 1 ||¢](U))||g2 <

D272 for all J > Jy. (i) C;' < smin(Elp? (W)®2]) < smax (E[¢? (W)®2]) <

C1 and sma (B¢’ W)p’ (X)T]) < Cy for all J = Jo. (i) If J,27"/n — 0,
I®ww — Pwwllop = Op(J Ju2%n/n) and | Dwx — Pwxllop = Op(JJn2%n /).

"The previous version of this paper contains results on shrinking priors, but J; should be still
slowly growing as in the above propositions, which corresponds to the sieve method using slowly
growing sieves with light penalties. Those results have been removed in the current version according
to the referee’s suggestion, but available upon request.
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(V) [Bald” (W RiIF, = OpQ7/n + €7 2727 (v) If J,27"/n = o(z}),

Smin(Pwx) = (1 —op(1)7y,.

LEMMA 2. Let X, be a sequence of symmetric positive definite matrices of
dimension k, — o0 as n — 00 such that |2, — I, |lop = o(kn_l), Then as n — o0,

f|dN(0, 22)(x) —dN (0, I ) (x)| dx — 0.

LEMMA 3. Let An be a sequence of random k, x k, matrices where ky
is either bounded or k, — 00 as n — 00. Suppose that there exist sequences
of positive constants €,,8, and a sequence of nonrandom, nonsingular k, x ky
matrices A, such that €, — 0,8, — 0, smin(A,) = €, ||An — Anllop = Op(6n)
and €, 18, — 0. Then A, is nonsingular with probability approaching one and
1A A = I, llop V 1 An Ay = I, llop = Op (€ 18).

The following proposition gives preliminary rates of contraction for the quasi-
posterior distribution.

PROPOSITION 4 (Preliminary contraction rates). Suppose that Assumptions
1-4 are satisfied. Take J,, in such a way that J, — 0o and JnZJ"/n = o(t}n). Let

€n be a sequence of positive constants such that €, — 0 and Jne, — 00. Assume
that a sequence of generating priors I, satisfies condition (P1) of Theorem 1.

o . . -]n
Define the data-dependent, empirical seminorm || - ||p, on R>" by

|7 HD,, = |dwxb™ o b 2"

Then for every sequence M,, — 00, we have
[ b7 |67 — b |, > Mu(en +7,277%) | Dy} 5 0,

PROOF. Proof of Proposition 4 The proof consists of constructing suitable
“tests” and is essentially similar to, for example, the proof of Theorem 2.1 in [24].
Leté,=€¢,+7 an_J”S . We wish to show that there exists a constant ¢y > 0 such
that

(15) P{TL, (b7 : b7 — b3 |, > Muby | Dy) < e 0Mindi} 1.
Note that since /i€, — 00, n82 > ne? — 0o. Below, c1, ¢3, . . . are some positive
constants of which the values are understood in the context. )
Note that ¥; = P;,go(X;) + R; = ¢’ (Xi)TbOJ" + R;. Then for b/ € R2™",
- T & A .
B [m2(Wi, b)) = =2(b" — b)) Dxw Dy Ea[o”™ (W) Ri]

T 2

(16) + (b7 = ) Bxw iy Dwx (b — by)

+E,[¢" (W) R &3 Ea[d” (W R:].
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Since the last term is independent of 5”7, it is canceled out in the quasi-posterior
distribution. Denote by £;,, (D,) the sum of the first two terms in (16). Then

I, (db”’ | D) o exp{—(1/2)€ps, (Dy) )11, (db”").

—12

Using the fact that for any x, y,c € R with ¢ > 0, 2xy < cx? + ¢ , we have

Cyin (D) = Gomin — ) |67 = b3 |3,
a7 o , )
x| En[@" (Wi Ri][2 Ve >0,

where Amin and Amax are the minimum and maximum eigenvalues of the matrix
¢;V1W, respectively. Likewise, we have

s Cyin (D) < Comax + ) |67 — b |3,
+ e i Eal¢7 WOR] | Ve>o.
Define the event
Ein = Dyt Amin < 0.5CT} U Dyt hmax > 1.5C1}
U (D [Ea[o” (W Ri] |72 > Ma7).
Construct the “tests” wy, by w, = 1(£1,). Then we have
i, (b [b% = b |, > Maby | Dy)

(19) =10, (b”7 : |6 = by |, > Mudy | Da){wn + (1 — wp)}

< @p + (b7 b7 — by | p, > Mun | Da) (1 — o).

By Lemma 1(ii)—(iv), we have P(w, = 1) =P(£1,) — 0.
For the second term in (19), taking ¢ > 0 sufficiently small in (17), we have

1-— n 2)¢ A D b"”
( w)/”b’"—bé"llon>MnaneXp{ (1/2) 1, (D)} 1 (db™)

< exp{—c1 M2n82 + O(M,ns2)} < e=2Mand;,

On the other hand, taking, say ¢ = 1 in (18), we have
(1 = on) [ expl=/20t (D)L (d07)

> (1 — n/ exp{—1/2)¢,,, (Dy) 1, (db’
(1= 16n —b" | py </ Pl pl=(1/2)tyn D) [ (db™)

> (1= wpe- it |

, 11, (db™).
”bj” _b()n ”Dn <V Mye,
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Denote by Smax the maximum singular value of the matrix CiDW X, SO that

|67 = by |5, < Smax |B™ = b5 | 2-
Define the event &, = {D), :Smax < 1.5C1}. By Lemma 1(ii) and (iii), we have
P(&,) — 1. Since M,, — oo, for all n sufficiently large, we have

1(E2) (1 — ) / exp{— (/2L (D) } 1, (db™)

> 1(&n) (1 = wn)e_c3M"”5'%ﬁn(bJ" o7 — by Iy <€n)
> 1(Ep)(1 — a)n)e_C3Mn8,21—Cn€3
o 1(Ean) (1 — )i

where the second inequality is due to the small ball condition (P1). Summarizing,
we have

T, (b7 67 — b3 [, > Mubi | D) (1 — ) < 1(E5,) + e~ 2Minditesdunsy,

Therefore, we obtain (15) for a sufficiently small ¢cg > 0. U

We are now in position to prove Theorem 1. We will say that a sequence of ran-
dom variables A, is eventually bounded by another sequence of random variables
B, if P(A, <B,) > 1asn — oo.

PROOF OFATHEOREl\iI 1. We first note that by Lemma 1(ii), (iii) and (v),
the matrices ®wx and ®ww are nonsingular with probability approaching one.
Conditional on D, define the rescaled “parameter” 0/ = (01,...,921n)T =

Jn Dy x (b — bg"). By (16), the corresponding “quasi-posterior” density for 67/
is given by
7E (07 | D) 07 o, (bY + Dy 07 [ /n)dN (A, Dyww)(077) d6r,

where recall that A,, = \/nE, [qSJ" (W;)R;] (this operation is valid as soon as &DW X
and Oy are nonsingular, of which the probability is approaching one).

The proof of Theorem 1 consists of 3 steps. After step 1, we will turn to the
proof of (9). The remaining two steps are devoted to the proof of (10).

Step 1. We first show that

(20) f|7f7[(91” | D) — dN(An, Syw)(677)] a6’ 5 0.

In this step, we do not assume Jn23J"/n = o(r}n). As before, let §, = ¢, +
Ty, 2=/»5_ By Proposition 4, for every sequence M,, — oo,

/91 2 <M, /5 7, (07 | Dy) d6’ = 1+ 0p(1)
n 2=Mp~/N0p
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by which we have
Left-hand side of (20)

21 <

fef 2 <M, /78 7 (67" 1 Du) — AN (An, Dww) (607)|d6"
n 2=Mn~/N0p

+/ dN(An, Dww)(077)d6" +op(1).

169 1,2 M /15,

By Lemma 1(iv), ||Anll;2 = Op(/nd,), and by Lemma 1(ii) and (iii), (1 —
op()CT" < smin(Pww) < Smax(®Pww) < (14 0p(1))C, so that the second in-
tegral is eventually bounded by

(22) dN(0, Is,)(67") a6,

Aej'l ”52 >/ Mpnd,

where note that M, is replaced by /M, to “absorb” the constant. By Borell’s
inequality for Gaussian measures (see, e.g., [55], Lemma A.2.2), for every x > 0,

@y B(INO, L) > V27 4 x) <™ P2

Here since nS% > neﬁ 2z 27 ' Myné, /N2 — oo, so that the integral in (22) is
o(1).

It remains to show that the first integral in (21) is op(1). This step uses a stan-
dard cancellation argument. Let C, := {0’ € R2™ . 1677 2 < M,/né,}. First,
provided that ||Ci>;lellop < 1.5rj_nl, for all 07 € C,,,

| Dy 07 /v < 1.5MyT) 180 < 1.5Mu (277 + 1) ' €n) ~ My,

So taking M,, — oo such that M, = o(L,), ||qA>‘7V1X91"/\/ﬁ||@2 < Ly, and hence
7n(by" + CiDEVIX@J" /+/n) > 0 for all n sufficiently large. Here, by Lemma 1(v), we
have P(|®yy llop < 1.57, 1) — 1.

Suppose that ||&);V1X“0p < 1.5fj_nl. Let
* J,/L Cn 3 -,n
e, (07 1 Dy) and AN (An, Pww)(07)

denote the probability densities obtained by first restricting 712‘(9]" | D) and
dN (A, Pww) (677 to the ball C, and then renormalizing, respectively. By the
first part of the present proof, replacing 7,* 07" | D,) and dN (A, &DWW)(QJ")
by JT;:’Cn @7 | D) and dANC (A, Dww) (@), respectively, in the first inte-
gral in (21) has impact at most op(1). Abbreviating ”;zk,c,, 6’ | D) by ”;zk,cn’
ANC (Ay, Dyww)(@7") by dN, dN(A,, dww)(@’) by dN, and 7,(b)" +
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CiDJVIXQJ"/\/ﬁ) by 7,,, we have

dNCn
[I7ie, —dNC"]—/‘l——

/‘ fc,, TndN

n Jo, AN

*
Ty.Cp

) dN/ [, dN
Ty, =/'1
o JTndN/fc TndN

T[n,cn'

fc Tnd NC”
nCn /'

By the convexity of the map x — |1 — x| and Jensen’s inequality, the last expres-
sion is bounded by

nn(bon +CD 1 9],1
Fn (b + Dy 09 /)

sup ‘ 1—

0/neCy,07neC,
which is eventually bounded by
7n(by" + b'n)

I —— TG
nn(bo + b'n)

sup
1677 | 2 <Ly 157 | 2 <L

The last expression goes to zeros as n — oo by condition (P2).
We now turn to the proof of (9). Take any M,, — oo (this M, may be different
from the previous M,). By step 1, we have

sup|[L, {677 : | Dwx (b — b)")| ;2 > 2 | Da)

z>0

—fej ” AN (2N, i dyw)(07) a0’ | S o.
n e2>z

By Lemma 1(v), we have
[Dwx (" —by") | 2 = smin(@w0) 6™ — by | 2
= (L—op()zy, |67 — by |2
by which we have, uniformly in z > 0,
{07 2 |07 = by | 2 > 2752 | Dy

< T, {b" | Ddwx (b — by")| 2 > 21 Du} +o0p(1)

[A

dAN(n= V2 A, n " dww) (077)d67 + op(1).

l67n ] 2>z

By Markov’s inequality, the integral in the last expression is bounded by

1 ..
7{||An||gz + tr(Pww)}.
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By Lemma 1(i))—(iv), we have [|A,|?, + tr(Pww) = Op (2o + ntj 27,
Therefore, we conclude that, taking z = Mn(rJHZ_J”S +./2%/n), lzln{bjﬂ : ||bJ” —

b({” lp2 >2M, Qs 4 tj_nl 20 /n) | Dy} £ 0, which leads to the contraction rate
result (9).

In what follows, we assume J,23% /n = o(t}n), and prove the asymptotic nor-
mality result (10).

Step 2 (replacement of Dyw by ®ww). This step shows that

[1dN A, Buw)(O%) ~ AN (B0, ) (67| d6" 5 0,
which is equivalent to

[1aN©. Buw)(6*) — aN©, @) (%) a6 Lo

By Lemmas 1(ii), (iii) and 2, this follows if \/J,2/n /n = 0(27/7), that is, J,23/ =
o(n), which is satisfied since Jn23J"/n = o(ri) =o0(1).

Step 3 (replacement of <i>w x by ®wyx). We have shown that

/|n;;‘(91n | Dy) — dN (A, yww)(©77)|d0” 5 0.
By Scheffé’s lemma, this means that
~ 2 P
| T {67 : /ndwx (™ — bg") € - | Du} = N(Ap. @ww) ()] py = 0

or equivalently,

~ A A A P

[T {7 /n (b = by") € - | Da} = N (@ An, D3y @wiw Py ) ) |y = 0.

The last expression is asymptotically valid since Dy is nonsingular with proba-
bility approaching one. Recall the maximum quasi-likelihood estimator b’». With
probability approaching one, we have

b = &y E[¢7 (W Yi] = by + &3/ Ea[¢7 (Wi R,

so that \/n (Z;J" — b({") = é;le A, . Hence to conclude the theorem, it suffices to
show that

21 21 21
o) |N(Pyx An, Pyx Pww Pyyy)
2—1 -1 -1 P
— N(®yxAn, Pyx Pww Pxyy) |y — 0.
Assertion (24) reduces to

N0, Dwxdy ww Dyl ®xw) — NO, Dww) |y = 0.
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By Lemmas 1(ii), (iii) and 3,

| owxdyx @ww xy @xw — Pww o, = Op(x),'\ Jn2%n /n) = 0p(277)

[the last equality follows since Jn23J"/n = o(r}n)]. Since Cl_1 < Smin(Pww) <
Smax (Pww) < C1, the desired conclusion follows from Lemma 2.
Steps 1-3 lead to the asymptotic normality result (10). [

5.2. Proof of Theorem 2. We first prove the following lemma.

LEMMA 4. Suppose that the conditions of Theorem 2 are satisfied. Then there
exists a constant D > 0 such that

IED{”H-?‘n[‘isjn(Wi)Ui]||gz > D./2//n} — 0.

REMARK 9. It s standard to show that ||E,[¢7"(W;)U;1|l,2 = Op(y/27n /n),
which, however, does not leads to the conclusion of Lemma 4 since the for-
mer only implies that for every sequence M, — oo, P{|E, (o7 (W)Ul 02>
M,/27/ /n} — 0. Hence, an additional step is needed. The current proof uses a
truncation argument and Talagrand’s concentration inequality.

PROOF OF LEMMA 4. For a given A > 0, define U;” = U;1(|U;| < 2)
and Ul.+ = U;1(|U;| > A). Since 0 = E[U | W] =E[U~ | W] + E[UT | W],
we have E,[¢"(W)U;l = n~' X1_ {7 (W)U — Elg” W)U™T} + n~' x

"¢ (W)Ut —E[¢’/*(W)U*1}, by which we have

|Ea[o™ WUl 2 < |~ D {o" (WU —E[¢" (W)U]}

i=1 22
n
+ n—l Z{¢Jn(Wi)Ui+ _ E[¢J"(W)U+]}
i=1 e
=:1+1.
First, by Markov’s inequality, we have for every z > 0,
E[I2] Y2 B¢ (W)UH)?
P> 2) < [2 ] - 2=l [(¢/(2 U7l
Z nz
Jll
_ 8Py, EIUZL(U| > 2) | W = w] x 37, Elgy(W)?]
- nz?
Ci27r 2
< x sup E[UI(JU|>A) | W =w],

nz wel0,1]
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where we have used that Z?i"l Elgr(W)2] = tr(Pww) < 27 smax (Pww) < C127n
by Lemma 1(ii). Thus, we have

P{Il > \/C\2%n /n} < wzl[lopl]E[Uzl(|U| >A) | W=uw].

By assumption, the right-hand side goes to zero as A — oo.
Second, let Z; = ¢/ WHu; — E[¢”" (W)U ] (denote by Z the generic version

of Z;). Let 2"~ .= {a’n e R2™ : || a’n|| 2 = 1}. Then
I=|EZ]2= sup Eau[(@™)Z].
anes?n -1
We make use of Talagrand’s concentration inequality to bound the tail probability

of I. For any a’" € s2n-1, by Lemma 1, we have

E[{(a’)" 2}*] < sup E[U? | W =w] X Smax(®Pww) < CF,
[SILVA

w ]

(@) Z| < sup [¢” ()], < D1AN2%

wel0,1]
and
27n
(B <E[1?] <n”! SIF(?]]E[UZ W =w] x Y E[g(W)2]
wely, =1

<C{2l/n,

where D1 > 0 is a constant. Thus, by Talagrand’s inequality (see Theorem 2 in
Appendix E), we have for every z > 0

P{I > D>(y/27"/n +\/z/—n+z)u/27n/n)} <e’ %,

where Dy > 0 is a constant independent of A and z.
The final conclusion follows from taking A = A, — oo and z = z;, — oo suffi-
ciently slowly. [

PROOF OF THEOREM 2. Let D; and D, be some positive constants of which
the values are understood in the context. For either gg € B}

00,00 OT 35,27 llgo —
Pj, g0l = 0(277%%) = o(1), by which we have
2Jn

> Var{Ea [ (W) (80 — Py, 80)(Xi)]}
=1

27n

<n 'Y B[ (W){(80 — P1,80)(X)}’]
I=1
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2/n

=n"" Z// ¢1(w)2{(80 - PJ,,gO)(X)}zfx,w(X, w)dxdw
=1

27n
<n~'Ciligo — Py, go0ll? x Z/¢>z(w)2dw = 0(2%/n).
=1

Hence
Ea[6" (Wi Ri] = Ea[¢” (W) U;]
+E[¢? (W) (g0 — Pag0)(X)] + Rem

with [[Rem|,2 = op(y/2/2/n). The second term on the right-hand side is

O(ty, 27/1%) in the Euclidean norm. Together with Lemma 4, we have
2 _ o
P{|E.[¢”" (W) R;]|;> > D1 (t7. 272" + 27 /n)} — 0.
Moreover, by Lemma 1, we have
tr(Pww) <27 smax (Pww) < Ci(1+o0p(1))27.

Taking these together, we have
P{|Eq[¢” (W) Ri]| 2 +n~ tr(Dww) < Da(c2 272 2% /n)} — 1.

By the proof of Theorem 1, this leads to the desired conclusion. [

6. Discussion. We have studied the asymptotic properties of quasi-posterior
distributions against sieve priors in the NPIV model and given some specific priors
for which the quasi-posterior distribution (the quasi-Bayes estimator) attains the
minimax optimal rate of contraction (convergence, resp.). These results greatly
sharpen the previous work [44]. We end this paper with two additional discussions.

6.1. Multivariate case. In this paper, we have focused on the case where X
and W are scalar, mainly to avoid the notational complication. It is not diffi-
cult to see that the results naturally extend to the case where X and W are vec-
tors with the same dimension, by considering tensor product sieves (the contrac-
tion/convergence rates will then deteriorate as the dimension grows). We can also
consider the following more general situation as in Section 3 of [28]: suppose
that Y is a scalar random variable, X and W are random vectors with the same
dimension, and Z is another random vector (whose dimension may be different
from X), and suppose that we are interested in estimating the function g¢ identi-
fied by the conditional moment restriction: E[Y | Z, W] = E[go(X, Z) | Z, W] or
Y=go(X,Z)+ U with E[U | Z, W] =0 (i.e., X and Z are endogenous and ex-
ogenous explanatory variables, resp.). In principle, the analysis can be reduced to
the case where there are no exogenous variables by conditioning on Z = z (so the
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sieve measure of ill-posedness can be defined by the one conditional on Z = z).
More precisely, when Z is discretely distributed with finitely many mass points,
then go(x, z), where z is a mass point, can be estimated by using only observa-
tions i for which Z; = z. When Z is continuously distributed, then go(x, z) can be
estimated by using observations i for which Z; is “close” to z; one way is to use
kernel weights as in Section 4.2 of [31]. However, the detailed analysis of this case
is not presented here for brevity.

6.2. Direction of future research. Finally, we make some remarks on the di-
rection of future research. First, as also noted by [44], (adaptive) selection of the
resolution level J, in a (quasi-)Bayesian or “empirical” Bayesian approach is an
important topic to be investigated. Second, a (quasi-)Bayesian analysis is typically
useful in the analysis of complex models in which frequentist estimation is difficult
to implement due to nondifferentiability/nonconvex nature of loss functions. This
usefulness comes from the fact that a (quasi-)Bayesian approach is typically able
to avoid numerical optimization. See [12] and [53] for the finite-dimensional case.
In infinite-dimensional models, such a computational challenge in frequentist es-
timation occurs in the analysis of nonparametric instrumental quantile regression
models [10, 21, 33]. In that model, a typical loss function contains the indicator
function and hence highly nonconvex. In such a case, the computation of an opti-
mal solution is by itself difficult, and a solution obtained, if possible, is typically
not guaranteed to be globally optimal since there may be many local optima. It is
hence of interest to extend the results of the paper to nonparametric instrumental
quantile regression models. The extension to the quantile regression case, which
is currently under investigation, is highly nontrivial since the problem of estimat-
ing the structural function becomes a nonlinear ill-posed inverse problem and a
delicate care of the stochastic expansion of the criterion function is needed.

Acknowledgments. A major part of the work was done while the author was
visiting the Department of Economics, MIT. He would like to thank Professor
Victor Chernozhukov for his suggestions and encouragements, as well as Professor
Yukitoshi Matsushita for his constructive comments. Also he would like to thank
the Editor, Professor Runze Li, the Associate Editor, and anonymous referees for
their insightful comments that helped improve on the quality of the paper.

SUPPLEMENTARY MATERIAL

Supplement to “Quasi-Bayesian analysis of nonparametric instrumental
variables models” (DOI: 10.1214/13-A0S1150SUPP; .pdf). This supplemental
file contains the additional technical proofs omitted in the main text, and some
technical tools used in the proofs.


http://dx.doi.org/10.1214/13-AOS1150SUPP

2388

(1]

(2]
(3]
(4]

(6]
(7]

(8]

(9]
[10]
(11]
[12]
[13]
[14]
[15]
[16]
(7]
(18]
[19]

[20]

(21]

(22]

K. KATO

REFERENCES

AGAPIOU, S., LARSSON, S. and STUART, A. M. (2013). Posterior contraction rates for the
Bayesian approach to linear ill-posed inverse problems. Stochastic Process. Appl. 123
3828-3860.

Al, C. and CHEN, X. (2003). Efficient estimation of models with conditional moment restric-
tions containing unknown functions. Econometrica 71 1795-1843. MR2015420

BELLONI, A. and CHERNOZHUKOV, V. (2009). Posterior inference in curved exponential fam-
ilies under increasing dimensions. Preprint. Available at arXiv:0904.3132.

BELLONI, A. and CHERNOZHUKOV, V. (2009). On the computational complexity of MCMC-
based estimators in large samples. Ann. Statist. 37 2011-2055. MR2533478

BLUNDELL, R., CHEN, X. and KRISTENSEN, D. (2007). Semi-nonparametric IV estimation
of shape-invariant Engel curves. Econometrica 75 1613—-1669. MR2351452

BONTEMPS, D. (2011). Bernstein—von Mises theorems for Gaussian regression with increasing
number of regressors. Ann. Statist. 39 2557-2584. MR2906878

BOUCHERON, S. and GASSIAT, E. (2009). A Bernstein—von Mises theorem for discrete prob-
ability distributions. Electron. J. Stat. 3 114-148. MR2471588

CARRASCO, M., FLORENS, J. P. and RENAULT, E. (2007). Linear inverse problems in struc-
tural econometrics: Estimation based on spectral decomposition and regularization. In
Handbook of Econometrics, Vol. 6 (J. J. Heckman and E. E. Leamer, eds.) 5633-5751.
Elsevier, Amsterdam.

CAVALIER, L. (2008). Nonparametric statistical inverse problems. Inverse Problems 24
034004, 19. MR2421941

CHEN, X. and Pouzo, D. (2012). Estimation of nonparametric conditional moment models
with possibly nonsmooth generalized residuals. Econometrica 80 277-321. MR2920758

CHEN, X. and REISS, M. (2011). On rate optimality for ill-posed inverse problems in econo-
metrics. Econometric Theory 27 497-521. MR2806258

CHERNOZHUKOV, V. and HONG, H. (2003). An MCMC approach to classical estimation.
J. Econometrics 115 293-346. MR1984779

CLARKE, B. and GHOSAL, S. (2010). Reference priors for exponential families with increas-
ing dimension. Electron. J. Stat. 4 737-780. MR2678969

COHEN, A., DAUBECHIES, I. and VIAL, P. (1993). Wavelets on the interval and fast wavelet
transforms. Appl. Comput. Harmon. Anal. 1 54-81. MR1256527

Cox, D. D. (1993). An analysis of Bayesian inference for nonparametric regression. Ann.
Statist. 21 903-923. MR1232525

DAROLLES, S., FAN, Y., FLORENS, J. P. and RENAULT, E. (2011). Nonparametric instrumen-
tal regression. Econometrica 79 1541-1565. MR2883763

D’HAULTFOEUILLE, X. (2011). On the completeness condition in nonparametric instrumental
problems. Econometric Theory 27 460—471. MR2806256

FLORENS, J. P. and SIMONI, A. (2010). Regularized priors for linear inverse problems. IDEI
Working Paper 767-2013.

FLORENS, J.-P. and SIMONI, A. (2012). Regularized posteriors in linear ill-posed inverse
problems. Scand. J. Stat. 39 214-235. MR2927022

FLORENS, J.-P. and SIMONI, A. (2012). Nonparametric estimation of an instrumental regres-
sion: A quasi-Bayesian approach based on regularized posterior. J. Econometrics 170
458-475. MR2970326

GAGLIARDINI, P. and SCAILLET, O. (2012). Nonparametric instrumental variable estimation
of structural quantile effects. Econometrica 80 1533-1562. MR2977430

GHOSAL, S. (1999). Asymptotic normality of posterior distributions in high-dimensional linear
models. Bernoulli 5 315-331. MR1681701


http://www.ams.org/mathscinet-getitem?mr=2015420
http://arxiv.org/abs/arXiv:0904.3132
http://www.ams.org/mathscinet-getitem?mr=2533478
http://www.ams.org/mathscinet-getitem?mr=2351452
http://www.ams.org/mathscinet-getitem?mr=2906878
http://www.ams.org/mathscinet-getitem?mr=2471588
http://www.ams.org/mathscinet-getitem?mr=2421941
http://www.ams.org/mathscinet-getitem?mr=2920758
http://www.ams.org/mathscinet-getitem?mr=2806258
http://www.ams.org/mathscinet-getitem?mr=1984779
http://www.ams.org/mathscinet-getitem?mr=2678969
http://www.ams.org/mathscinet-getitem?mr=1256527
http://www.ams.org/mathscinet-getitem?mr=1232525
http://www.ams.org/mathscinet-getitem?mr=2883763
http://www.ams.org/mathscinet-getitem?mr=2806256
http://www.ams.org/mathscinet-getitem?mr=2927022
http://www.ams.org/mathscinet-getitem?mr=2970326
http://www.ams.org/mathscinet-getitem?mr=2977430
http://www.ams.org/mathscinet-getitem?mr=1681701

(23]

[24]
[25]
[26]
(27]
(28]
(29]

(30]

(31]
(32]
[33]
[34]
[35]
(36]
(371
(38]

[39]

(40]

[41]

[42]
[43]
[44]

[45]

QUASI-BAYES FOR NPIV 2389

GHOSAL, S. (2000). Asymptotic normality of posterior distributions for exponential fami-
lies when the number of parameters tends to infinity. J. Multivariate Anal. 74 49-68.
MR1790613

GHOSAL, S., GHOSH, J. K. and VAN DER VAART, A. W. (2000). Convergence rates of poste-
rior distributions. Ann. Statist. 28 500-531. MR1790007

GHOSAL, S. and VAN DER VAART, A. (2007). Convergence rates of posterior distributions for
non-i.i.d. observations. Ann. Statist. 35 192-223. MR2332274

GHOSH, J. K. and RAMAMOORTHI, R. V. (2003). Bayesian Nonparametrics. Springer, New
York. MR1992245

GINE, E. and NICKL, R. (2011). Rates on contraction for posterior distributions in L" -metrics,
1 <r < o00. Ann. Statist. 39 2883-2911. MR3012395

HALL, P. and HOROWITZ, J. L. (2005). Nonparametric methods for inference in the presence
of instrumental variables. Ann. Statist. 33 2904-2929. MR2253107

HOFINGER, A. and PIKKARAINEN, H. K. (2007). Convergence rate for the Bayesian approach
to linear inverse problems. Inverse Problems 23 2469-2484. MR2441014

HOFINGER, A. and PIKKARAINEN, H. K. (2009). Convergence rates for linear inverse prob-
lems in the presence of an additive normal noise. Stoch. Anal. Appl. 27 240-257.
MR2503292

HorowiTtz, J. L. (2011). Applied nonparametric instrumental variables estimation. Econo-
metrica 79 347-394. MR2809374

HorowiTz, J. L. (2012). Specification testing in nonparametric instrumental variable estima-
tion. J. Econometrics 167 383-396. MR2892083

HorowiITz, J. L. and LEE, S. (2007). Nonparametric instrumental variables estimation of a
quantile regression model. Econometrica 75 1191-1208. MR2333498

Hu, Y. and SHIU, J. L. (2011). Nonparametric identification using instrumental variables:
Sufficient conditions for completeness. Preprint.

JIANG, W. and TANNER, M. A. (2008). Gibbs posterior for variable selection in high-
dimensional classification and data mining. Ann. Statist. 36 2207-2231. MR2458185

KATO, K. (2013). Supplement to “Quasi-Bayesian analysis of nonparametric instrumental vari-
ables models”. DOI:10.1214/13-A0S1150SUPP.

KiMm, J.-Y. (2002). Limited information likelihood and Bayesian analysis. J. Econometrics 107
175-193. Information and entropy econometrics. MR1889958

KLEUN, B. J. K. and VAN DER VAART, A. W. (2006). Misspecification in infinite-dimensional
Bayesian statistics. Ann. Statist. 34 837-877. MR2283395

KNAPIK, B. T., SZABO, B. T., VAN DER VAART, A. W. and VAN ZANTEN, J. H. (2012).
Bayes procedures for adaptive inference in inverse problems for the white noise model.
Available at arXiv:1209.3628.

KNAPIK, B. T., VAN DER VAART, A. W. and VAN ZANTEN, J. H. (2011). Bayesian inverse
problems with Gaussian priors. Ann. Statist. 39 2626-2657. MR2906881

KNAPIK, B. T., VAN DER VAART, A. W. and VAN ZANTEN, J. H. (2013). Bayesian recovery
of the initial condition for the heat equation. Comm. Statist. Theory Methods 42 1294—
1313. MR3031282

KOVCHEGOV, Y. and YILDIZ, N. (2012). Identification via completeness for discrete covari-
ates and orthogonal polynomials. Preprint.

KRESS, R. (1999). Linear Integral Equations, 2nd ed. Applied Mathematical Sciences 82.
Springer, New York. MR1723850

L1ao, Y. and JIANG, W. (2011). Posterior consistency of nonparametric conditional moment
restricted models. Ann. Statist. 39 3003-3031. MR3012399

NEWEY, W. K. and POWELL, J. L. (2003). Instrumental variable estimation of nonparametric
models. Econometrica 71 1565-1578. MR2000257


http://www.ams.org/mathscinet-getitem?mr=1790613
http://www.ams.org/mathscinet-getitem?mr=1790007
http://www.ams.org/mathscinet-getitem?mr=2332274
http://www.ams.org/mathscinet-getitem?mr=1992245
http://www.ams.org/mathscinet-getitem?mr=3012395
http://www.ams.org/mathscinet-getitem?mr=2253107
http://www.ams.org/mathscinet-getitem?mr=2441014
http://www.ams.org/mathscinet-getitem?mr=2503292
http://www.ams.org/mathscinet-getitem?mr=2809374
http://www.ams.org/mathscinet-getitem?mr=2892083
http://www.ams.org/mathscinet-getitem?mr=2333498
http://www.ams.org/mathscinet-getitem?mr=2458185
http://dx.doi.org/10.1214/13-AOS1150SUPP
http://www.ams.org/mathscinet-getitem?mr=1889958
http://www.ams.org/mathscinet-getitem?mr=2283395
http://arxiv.org/abs/arXiv:1209.3628
http://www.ams.org/mathscinet-getitem?mr=2906881
http://www.ams.org/mathscinet-getitem?mr=3031282
http://www.ams.org/mathscinet-getitem?mr=1723850
http://www.ams.org/mathscinet-getitem?mr=3012399
http://www.ams.org/mathscinet-getitem?mr=2000257

2390
[46]
[47]
(48]
[49]
[50]
[51]
[52]

(53]

[54]
[55]

[56]

[57]

(58]

K. KATO

SANTOS, A. (2012). Inference in nonparametric instrumental variables with partial identifica-
tion. Econometrica 80 213-275. MR2920757

SCHENNACH, S. M. (2005). Bayesian exponentially tilted empirical likelihood. Biometrika 92
31-46. MR2158608

ScriccioLo, C. (2006). Convergence rates for Bayesian density estimation of infinite-
dimensional exponential families. Ann. Statist. 34 2897-2920. MR2329472

SEVERINI, T. A. and TRIPATHI, G. (2006). Some identification issues in nonparametric linear
models with endogenous regressors. Econometric Theory 22 258-278. MR2230389

SHEN, X. and WASSERMAN, L. (2001). Rates of convergence of posterior distributions. Ann.
Statist. 29 687-714. MR1865337

STUART, A. M. (2010). Inverse problems: A Bayesian perspective. Acta Numer. 19 451-559.
MR2652785

TALAGRAND, M. (1996). New concentration inequalities in product spaces. Invent. Math. 126
505-563. MR1419006

TiaN, L., L1u, J. S. and WEI, L. J. (2007). Implementation of estimating function-based
inference procedures with Markov chain Monte Carlo samplers. J. Amer. Statist. Assoc.
102 881-888. MR2411651

VAN DER VAART, A. W. (1998). Asymptotic Statistics. Cambridge Series in Statistical and
Probabilistic Mathematics 3. Cambridge Univ. Press, Cambridge. MR1652247

VAN DER VAART, A. W. and WELLNER, J. A. (1996). Weak Convergence and Empirical
Processes. Springer, New York. With applications to statistics. MR1385671

YosSIDA, K. (1980). Functional Analysis, 6th ed. Grundlehren der Mathematischen Wis-
senschaften [Fundamental Principles of Mathematical Sciences] 123. Springer, Berlin.
MRO0617913

ZHANG, T. (2006). From e-entropy to KL-entropy: Analysis of minimum information com-
plexity density estimation. Ann. Statist. 34 2180-2210. MR2291497

ZHANG, T. (2006). Information-theoretic upper and lower bounds for statistical estimation.
IEEE Trans. Inform. Theory 52 1307-1321. MR2241190

GRADUATE SCHOOL OF ECONOMICS
UNIVERSITY OF TOKYO

7-3-1 HONGO, BUNKYO-KU

Tokyo 113-0033

JAPAN

E-MAIL: kkato@e.u-tokyo.ac.jp


http://www.ams.org/mathscinet-getitem?mr=2920757
http://www.ams.org/mathscinet-getitem?mr=2158608
http://www.ams.org/mathscinet-getitem?mr=2329472
http://www.ams.org/mathscinet-getitem?mr=2230389
http://www.ams.org/mathscinet-getitem?mr=1865337
http://www.ams.org/mathscinet-getitem?mr=2652785
http://www.ams.org/mathscinet-getitem?mr=1419006
http://www.ams.org/mathscinet-getitem?mr=2411651
http://www.ams.org/mathscinet-getitem?mr=1652247
http://www.ams.org/mathscinet-getitem?mr=1385671
http://www.ams.org/mathscinet-getitem?mr=0617913
http://www.ams.org/mathscinet-getitem?mr=2291497
http://www.ams.org/mathscinet-getitem?mr=2241190
mailto:kkato@e.u-tokyo.ac.jp

	Introduction
	Overview
	Literature review and contributions
	Organization and notation

	Quasi-Bayesian analysis: Informal discussion
	Main results
	Posterior construction
	Basic assumptions
	Main results: General theorems

	Prior specification: Examples
	Proofs of Theorems 1 and 2
	Proof of Theorem 1
	Proof of Theorem 2

	Discussion
	Multivariate case
	Direction of future research

	Acknowledgments
	Supplementary Material
	References
	Author's Addresses

