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This paper proposes a new Bayesian approach for estimating, nonparametrically,
functional parameters in econometric models that are characterized as the solu-
tion of a linear inverse problem. By using a Gaussian process prior we propose
the posterior mean as an estimator and prove frequentist consistency of the posterior
distribution. The latter provides the frequentist validation of our Bayesian proce-
dure. We show that the minimax rate of contraction of the posterior distribution can
be obtained provided that either the regularity of the prior matches the regularity of
the true parameter or the prior is scaled at an appropriate rate. The scaling parameter
of the prior distribution plays the role of a regularization parameter. We propose a
new data-driven method for optimally selecting in practice this regularization pa-
rameter. We also provide sufficient conditions such that the posterior mean, in a
conjugate-Gaussian setting, is equal to a Tikhonov-type estimator in a frequentist
setting. Under these conditions our data-driven method is valid for selecting the reg-
ularization parameter of the Tikhonov estimator as well. Finally, we apply our gen-
eral methodology to two leading examples in econometrics: instrumental regression
and functional regression estimation.

1. INTRODUCTION

In the last decade, econometric theory has shown an increasing interest in the
theory of stochastic inverse problems (IPs) as a fundamental tool for functional
estimation of structural as well as reduced form models. This paper develops an
encompassing Bayesian approach for nonparametric estimation of econometric
models based on stochastic linear IPs.
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We construct a Gaussian process prior for the (functional) parameter of interest
and establish sufficient conditions for frequentist consistency of the corresponding
posterior mean estimator. We prove that under these conditions the posterior mean
estimator numerically equals a Tikhonov-type estimator in the frequentist setting.
We propose a novel data-driven method for selecting the regularization parameter
which enters as hyperparameter of the prior. The value selected by our data-driven
method is shown to be optimal in a minimax sense if the prior distribution is
sufficiently smooth. Due to the equivalence between Bayes- and Tikhonov-type
estimator, our data-driven method has broad applicability and allows to select the
regularization parameter necessary for implementing Tikhonov-type estimators.

Stochastic linear IP theory has been used to construct new estimation methods
in many subfields of econometrics. Just to mention some of them, it has been
shown to be fundamental in nonparametric estimation of an instrumental re-
gression function, see e.g., Florens (2003), Newey and Powell (2003), Hall and
Horowitz (2005), Darolles, Fan, Florens, and Renault (2011), and Florens and
Simoni (2012a). It has also been used in semiparametric estimation under mo-
ment restrictions (see e.g., Carrasco and Florens, 2000; Ai and Chen, 2003; Chen
and Pouzo, 2012). In addition, it has been exploited for inference: in economet-
ric models with heterogeneity—e.g., Hoderlein, Nesheim, and Simoni (2013), in
stochastic volatility models—e.g., Linton and Mammen (2005), and for frontier
estimation for productivity analysis—e.g., Daouia, Florens, and Simar (2009).
Finally, IP theory has been used for functional regression estimation (see e.g.,
Hall and Horowitz, 2007). We refer to Carrasco, Florens, and Renault (2005) and
references therein for a general overview of IPs in econometrics.

The general framework considered in this paper—which accommodates many
functional estimation problems in econometrics just as mentioned above—is the
following. Let X and ) be infinite dimensional separable Hilbert spaces over
R and denote by x € X' the functional parameter that we want to estimate. For
instance, x can be an Engel curve or the probability density function of the unob-
served heterogeneity. The estimating equation characterizes x as the solution of
the functional equation

V=Kx+U’ xeX, yel, 6>0 (1)

where y5 is an observable function, K : X — ) is a known, bounded, linear oper-
ator, and U? is a (functional) error term with values in ) and covariance operator
proportional to a positive scalar . Model (1) is the standard formulation of a linear
IP. It is motivated by many applications across fields, e.g., econometrics, tomog-
raphy, signal and image processing and has received a great deal of attention in
the mathematical and statistical literature. We refer to Engl, Hanke, and Neubauer
(2000), Cavalier and Tsybakov (2002), and Kaipio and Somersalo (2004) for an
illustration of possible applications. A large class of econometric models writes
under the form of equation (1)—like consumption based asset pricing models,
density estimation of the heterogeneity parameter in structural models, decon-
volution in structural models with measurement errors. In econometrics, y(’ is
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usually a transformation of an n-sample of finite dimensional objects and the
parameter 6~ > 0 represents the “level of information” of the sample, so that
0 — 0 as n — oo. For instance, equation (1) may arise from a set of moment
equations with y° an empirical conditional moment and 6 = % For 6 =0
(i.e., perfect information) we have y° = K x and U? = 0. We illustrate two leading
examples in econometrics that can be estimated with our Bayesian method.

Example 1 (Instrumental Variable (IV) Regression Estimation)

Let (Y, Z, W) be an observable real random vector and x(Z) be the IV regres-
sion defined through the moment condition E(Y |W) = E(x|W). Suppose that the
distribution of (Z, W) is confined to the unit square [0, 112, admits a density fzw
with respect to the Lebesgue measure, and x € X = LZ[O, 1]. The moment restric-
tion implies that x is a solution to

1 1
Ew [E(Y|w)a(w,v)] () Z/O /0 x(z)a(w,v) fzw(z, w)dwdz,

where a(w,v) € L2[0, 1]2 is a known function, Ey denotes the expectation with
respect to the marginal density fw of W, and L*[0,1]* denotes the space of
square integrable functions on [0, 1]%. This transformation of the original mo-
ment condition is appealing because its empirical counterpart is asymptotically
Gaussian (as required by our Bayesian approach). Suppose we have independent
and identically distributed (i.i.d.) data (¥;, Z;, W;),i =1, ..., n, then the true dis-
tribution of (Y, Z, W) can be replaced with a nonparametric estimator and we
obtain a problem of the form (1) with 6 = rlw

o A A ] 1 A~
v =Ey [E(Ylw)a(w, v)] and Kux =/0 /0 x(z)a(w,v) fzw(z, w)dwdz.
(2)

Example 2 (Functional Linear Regression Estimation)
The model is the following:

1
¢ =/ x(s)Z(s)ds +¢, E(eZ(s)) =0, Z,xe X =L"0,1], E(Z, Z) < 00,
0
3)

ande|Z,t ~N(0, 12), with (-, -) the inner product in L?[0, 1]. We want to recover
the functional regression x. Assuming that Z is a centered random function with
covariance operator of trace-class, the most popular approach consists in mul-
tiplying both sides of the first equation in (3) by Z and then taking the expec-
tation: E({Z(¢)) = folx(s)Cov(Z(s), Z(t))ds, for t € [0, 1]. If we dispose of
iid. data (¢1,Zy),...,(¢, Zy) we can estimate the unknown moments in the
previous equation. Hence, x is a solution of an equation of the form of equa-
tion (1) with y0 =13 &7,(1), U9 =13 6:Z;(t), 6 = L and Vg € L?[0, 1],

Ko:=1%Z,0)Zi(1).
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A Bayesian approach to stochastic IPs combines the prior and sampling infor-
mation and proposes the posterior distribution as a solution. It allows to deal with
two important issues. First, it allows to incorporate in the estimation procedure
the prior information about the functional parameter provided by the economic
theory or the beliefs of experts. This prior information may be particularly valu-
able in functional estimation since often the data available are concentrated only
in a region of the graph of the functional parameter so that some parts of the
function cannot be recovered from the data.

Second, since the quality of the estimation of the solution of the IP (1) relies on
the value of a regularization parameter, it is particularly important to choose such
a parameter in an accurate way. This can be done with our Bayesian approach.

Previous literature on Bayesian IP. The majority of the Bayesian approaches to
stochastic IPs proposed so far consider a finite dimensional projection of (1) and
recover x only on a finite grid of points (see e.g., Kaipio and Somersalo, 2004,
Chap. 5; Hofinger and Pikkarainen, 2007, 2009; Helin, 2009). So, they cannot be
used for functional estimation of econometric models that consider functional ob-
servations and parameters. Knapik, Van der Vaart, and Van Zanten (2011) study
Bayesian IPs with functional observations and parameter. However, their frame-
work does not allow to accommodate the econometric models of interest because
of the different definition of the error term U°. Indeed, the analysis of Knapik
et al. (2011) works under the assumption that U? is an isonormal Gaussian pro-
cess, which implies that U?, and by consequence y°, is not realizable as a random
element in ). This assumption greatly simplifies the analysis but unfortunately
does not hold, in general, in econometric models because real (functional) data
cannot be generated by an isonormal Gaussian process. On the contrary, our pa-
per works in the more realistic situation where U 9 and therefore y(S, are random
elements with realizations in ), which is the relevant case in econometrics.

For the special case where model (1) results from conditional moment restric-
tions, Liao and Jiang (2011) propose a quasi-Bayesian procedure. Their approach,
which works also in the nonlinear case, is based on limited-information-likelihood
and a sieve approximation technique. It is essentially different from our approach
since we work with Gaussian process priors and do not use a finite-dimensional
approximation.

Working with Gaussian process priors is computationally convenient since in
many cases the sampling distribution is (asymptotically) Gaussian and thus the
posterior is also Gaussian (conjugate-Gaussian setting). The current paper gives
sufficient conditions under which the posterior mean of x, in a conjugate-Gaussian
setting, exists in a closed-form and thus can be used to estimate x. Existence of
such a closed-form is not verified in general, as we explain in the next paragraph
and after Theorem 1. Agapiou, Larsson, and Stuart (2013) propose an alternative
approach to deal with this problem. Florens and Simoni (2012b) overcome this
problem by constructing a regularized posterior distribution which works well in
practice but the regularization of the posterior distribution is ad hoc and cannot
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be justified by any prior-to-posterior transformation. In comparison to Florens
and Simoni (2012b) and Agapiou et al. (2013), the current paper also provides an
adaptive method for choosing the regularization parameter as we explain in the
next section.

This paper is also related to the literature on Bayesian adaptation where many
important contributions have been made for models different than ours. Some ex-
amples of papers on adaptive Bayesian nonparametric estimation include Belitser
and Ghosal (2003), Van der Vaart and Van Zanten (2009), Johannes, Schenk, and
Simoni (2014) and references therein.

Our contribution. Our estimation procedure is based on a conjugate-Gaussian
setting which is suggested by the linearity of problem (1). On one hand, such a
setting is appealing because the corresponding posterior distribution can be com-
puted analytically without using any Markov Chain Monte Carlo algorithm which,
even if very powerful, slows down the estimate computation. On the other hand,
a conjugate-Gaussian Bayesian IP has the drawback that the posterior mean is, in
general, not defined as a linear estimator but as a measurable linear transforma-
tion (mlt, hereafter) which is a weaker notion (see Mandelbaum, 1984). In partic-
ular, there is no explicit form for the mir estimator and so it is unclear how the
posterior mean estimator of x can be computed in practice. Moreover, whether
consistency of the mlt estimator holds or not is still an open question.

The first contribution of our paper is to provide a sufficient condition under
which the posterior mean, in a conjugate-Gaussian setting, is defined as a linear
estimator and has a closed-form so that it can be easily computed and imple-
mented. We assume a Gaussian process prior distribution for x, with mean func-
tion xg € X and covariance operator Qg : X — X. In the case where X and )
are finite-dimensional and (x, y°) are jointly Gaussian, the posterior mean of x is
the linear estimator [xo + QoK *Var(y°)~'(y° — Kx¢)] provided Var(y°) is in-
vertible, where Var(y?) denotes the marginal covariance operator of y° and K *
denotes the adjoint of K (see Section 3.1). Unfortunately, when the dimension of
X and ) is infinite, the linear operator QoK *Var(y®)~! is no longer defined on
Y but only on a dense subspace of ) of measure zero and is typically noncontinu-
ous (i.e., unbounded). This paper: gives a sufficient condition that guarantees that
QyK* Var(yd)_1 is defined and continuous on the whole ), shows that this con-
dition is in general satisfied in many econometric models, derives a closed form
for the posterior mean of x, and proves that it is a continuous and linear (thus
consistent) estimator defined on ). Under this condition, the prior-to-posterior
transformation can be interpreted as a regularization scheme so that no ad hoc
regularization scheme is required as, e.g., in Florens and Simoni (2012b).

Our second contribution consists in the study of frequentist asymptotic prop-
erties of our Bayesian procedure. For that, we admit the existence of a true x,
say x., that generates the data. We establish that the posterior mean estimator and
posterior distribution of the solution x of the IP have good frequentist asymp-
totic properties for 0 — 0. More precisely, we show that the posterior distribution
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converges toward a Dirac mass at x, in probability with respect to the sampling
distribution. This is known as frequentist posterior consistency (see e.g., Le Cam,
1986; Diaconis and Freedman, 1986) and provides the frequentist validation of
our Bayesian procedure.

We also recover the rate of contraction of the risk associated with the posterior
mean and of the posterior distribution. This rate depends on the smoothness and
scale of the prior as well as on the smoothness of x,. Depending on the specifi-
cation of the prior this rate may be minimax. In particular, (i) when the regularity
of the prior matches the regularity of x,., the minimax rate of convergence is ob-
tained with a fixed prior covariance; (ii) when the prior is rougher or smoother at
any degree than x,, the minimax rate can still be obtained if the prior is scaled at
an appropriate rate depending on the unknown regularity of x,.

The scaling of the prior is tuned by a hyperparameter oo which plays the role of
regularization parameter. Our third contribution consists in proposing an adaptive
data-driven method for optimally selecting o. Our method is based on an Empiri-
cal Bayes (EB) approach. Because the posterior mean is, under our assumptions,
equal to a Tikhonov-type estimator for problem (1), our EB approach for select-
ing the regularization parameter is valid, and can be used, also for computing
frequentist estimators based on Tikhonov regularization.! Finally, the EB-selected
regularization parameter is plugged into the prior distribution of x and for the cor-
responding EB-posterior distribution we prove frequentist posterior consistency.

The paper is organized as follows. In Section 2 we give an overview of our
estimator in the framework of the IV regression (Example 1) in order to explain
the key idea of our procedure. In Section 3 we formalize our approach by setting
the Bayesian experiment associated with (1) and the main assumptions. In Sec-
tion 4 the posterior distribution of x is computed and its frequentist asymptotic
properties are analyzed. Section 5 focuses on the mildly ill-posed case while the
severely ill-posed case is treated in the Supplementary Appendix. The EB method
is developed in Section 6. Examples 1 and 2 are analyzed in Section 7. Section 8
shows numerical implementations and Section 9 concludes. All the proofs are in
the Appendix and in the Supplementary Appendix.

2. IV REGRESSION ESTIMATION: AN OVERVIEW OF OUR
ESTIMATOR

In this section we describe our estimator for the IV regression of Example 1.
The detailed probabilistic setting is described in Section 3 and the asymptotic
frequentist justification of the estimator is provided in Sections 4 and 5. The reader
interested in the choice of the regularization parameter can skip Sections 3-5 and
go to Section 6. The IV regression x is characterized by the integral equation (1)
with y? and K defined as in (2), that is

1,1
EW [E(Y|w)a(w,v)]=/0 /0 x(z)a(w,v)fzw(z,u))dwdz+U5,
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where a(w,v) is some known function chosen by the econometrician such that
fol fol a%(w,v)dwdv < oo and U° := y° — Kx. Denote by fyw, fzw, and fw
the densities with respect to the Lebesgue measure of the distributions of (Y, W),
(Z,W), and W. Under mild assumptions on a(w,v), U’ = N(0,d%), where
‘=’ means weak convergence in distribution, N denotes a Gaussian process, and
T : L?[0,1] — L?[0, 1] is the operator ¢ = szol fola(w,vl)a(w,vg)fw(w)
dwe(v2) fw (v2)dva, Yo € L?[0, 1] (under the assumption E[(Y —x(Z))*|W] =
o2 < 00).

We specify a prior distribution of the type x ~ AN (0, %Qo) wherea > 0,0 — 0
as n — oo and ) is a covariance operator. In practice, examples of how to specify

Qo are: (1) Vo € L?[0, 1], (Qo¢)(z2) = b E (e{_bZ(Z_ZZ)Q}(p(m)) for some by > 0

and by > 0 and where the expectation is taken with respect to Z; (2) Vo € L?[0, 1],
(Qop)(z2) = Zfil li{p,ej)ej(z2) for a decreasing sequence of strictly positive
weights {/;};>1 that are summable and for an orthonormal basis {e;} in L2[0,1]
with respect to the distribution of Z.

The estimator for the IV regression x (-) that we propose is the posterior mean

fa() = ((aﬂg‘ +E(E<.|W)|Z))'1E(E<Y|W)|Z)) © @

which corresponds to the Bayes estimator under a quadratic loss function. Im-
plementation of x,, can be done by: (I) either discretizing the operators in (4), so
that Qo and E(E(-|W)|Z) become matrices, or (II) computing the singular sys-
tem {1j,ez j,ew,;} of the (estimated) operator E(Qq - |W). In the second case X,
writes:

(=2 i" S(E@IW).ew ) (05 %7.5) 0. )
izl J

where E(YIW) is any consistent nonparametric estimator of E(Y|W) and the in-
finite sum has to be truncated. We show that this estimator is consistent in a fre-
quentist sense and attains the minimax optimal convergence rate. The parameter
a can be data dependent. In practice, it can be “optimally” chosen by using the
procedure described in Section 6. A more detailed and involved analysis of the IV
regression estimation is presented in Section 7.1.

3. THE MODEL

Let X and Y be infinite dimensional separable Hilbert spaces over R with norm
|| - || induced by the inner product (-,-). Let B(X) and *B())) be the Borel
o-fields generated by the open sets of X and ), respectively. We consider the
IP of estimating the function x € X which is linked to the data y° through the
linear relation

V=Kx+U’ xeX, yel, >0 (6)

https://doi.org/10.1017/50266466614000796 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466614000796

78 JEAN-PIERRE FLORENS AND ANNA SIMONI

where y(S is an observable function and K : X — ) is a known, bounded, linear
operator (we refer to Carrasco et al., 2005 for definitions and terminology from
functional analysis). The elements y° and U° are Hilbert space-valued random
variables (H-r.v.), that is, for a complete probability space (S, S,P), U? (respec-
tively y?) defines a measurable map U? : (S, S,P) — (I, B())) (see e.g., Kuo,
1975). Typically, in econometrics, realizations of y° are functional transforma-
tions of the observed data and U? is an error term. In the following, we simply
write U, instead of U?, in order to lighten the notation. The true value of x that
generates the data is denoted by x..

We assume a mean-zero Gaussian distribution on B()) for U: U ~ N(0,5X)
where 6 > 0 is the noise level and X : ) — ) is a covariance operator, that is, X is
such that (60X ¢y, ¢2) = E (U, ¢1)(U, ¢2)) for all ¢y, ¢d» € Y. By definition, X is a
one-to-one, linear, positive definite, self-adjoint and trace-class operator. Because
% is one-to-one, the support of U is all ) (see e.g., Kuo, 1975). A trace-class
operator is a compact operator with eigenvalues that are summable. This property
rules out a covariance X proportional to the identity operator / and this is a key
difference between our model and the model used in a large part of the statistical
IP literature including Cavalier and Tsybakov (2002), Bissantz, Hohage, Munk,
and Ruymgaart (2007), and Knapik et al. (2011). The reason why we focus on
a covariance X different from 7 is that most of the functional estimation prob-
lems in econometrics that writes as equation (6) does not allow for an identity
(or proportional to identity) covariance operator (see Examples 1 and 2).

Remark 3.1. We stress that X # [ is not an assumption but a feature of the
econometric models we want to treat and many difficulties arise because X # 1.
One of the main contributions of our paper is to deal with the important case
where X is trace-class, i.e., £ # I. In addition, the identity operator cannot be the
covariance operator of a well-defined Gaussian process in a Hilbert space because
a Gaussian process with an identity covariance operator cannot generate trajecto-
ries that are proper elements in infinite dimensional Hilbert spaces and is only
defined in a weaker sense as a weak distribution (see e.g., Kuo, 1975). In general,
real (functional) data cannot be generated by a Gaussian process with an identity
covariance operator. Thus, the model considered by Knapik et al. (2011) is not
appropriate for many econometric models of interest like IV and functional linear
regression estimation.

Under model (6) with U ~ N(0,5%), the sampling distribution P*, i.e., the
conditional distribution of y° given x, is a Gaussian distribution on B (}):

Ylx ~ P* =N (Kx,0%). (7)

The parameter 6 > 0 is assumed to converge to O when the information from the
observed data increases. Hereafter, E, (-) will denote the expectation taken with
respect to P~.
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Remark 3.2. The assumption of Gaussianity of the error term U in the econo-
metric model (6) is not necessary and only made in order to construct (and give a
Bayesian interpretation to) the estimator. The proofs of our results of frequentist
consistency do not rely on the normality of U. In particular, asymptotic normality
of y5|x, which is verified, e.g., in Example 1, is enough for our estimation pro-
cedure and also for our EB data-driven method for choosing the regularization
parameter.

Remark 3.3. All the results in the paper are given for the general case where K
and X do not depend on d. This choice is made in order to keep our presentation
as simple as possible. We discuss how our results apply to the case with unknown
K and X through Examples 1 and 2.

3.1. Notation

We set up some notational convention used in the paper. We simply write U to de-
note the error term U°. For positive quantities Ms and Nj depending on a discrete
or continuous index J, we write M =< N; to mean that the ratio Ms/ N is bounded
away from zero and infinity. We write Ms = O(Ny) if M is at most of the same
order as Ns. For an H-r.v. W we write W ~ A/ to denote that W is a Gaussian
process. We denote by R(-) the range of an operator and by D(-) its domain. For
an operator B : X — ), R(B) denotes the closure in ) of the range of B. For a
bounded operator A : Y — X, we denote by A* its adjoint, i.e., A* : X —> YV is
such that (Ay, ¢) = (v, A*p), Vo € X, w € ). The operator norm is defined as
IAIl:= sup;yy—1 Al = min{C > 05 [|Ag|| < C||g]| for all ¢ € V). The oper-
ator / denotes the identity operator on both spaces X and ), i.e.,Vyw € X, p € ),
ly =w,and [p = ¢.

Let {p;}; denote an orthonormal basis of ). The trace of a bounded linear
operator A : ) — X is defined as 1r(A) := Zj'il ((A*A)%(pj, ;) independently
of the basis {¢;};. If A is compact, then its trace writes tr(A) = Z;’i 1 4j, Where
{4,} are the singular values of A. The Hilbert—Schmidt norm of a bounded linear
operator A : ) — X is denoted by ||A||gs and defined as ||A||%_IS =1tr(A*A)
(see Kato, 1995).

3.2. Prior Distribution and Main Assumptions

We start by constructing the prior distribution of x. Let L be an unbounded, self-
adjoint, densely defined operator in the Hilbert space X for which 37 > 0 such
that (Ly, ) > 5|ly||>, Yy € D(L), and L™ is trace-class for some s € R,
We assume a Gaussian prior distribution p on 5(X):

0
xla,s ~ u =N(x0,;§20), x€eX, Qu=L"% )

with @ > 0 such that « — 0 as 6 — 0. The parameter o describes a class of
prior distributions and it may be viewed as a hyperparameter. Section 6 provides
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an EB approach for selecting it. By definition of L, the operator Qg : X — X is
linear, bounded, positive-definite, self-adjoint, compact, and trace-class. Thus, Qg
cannot be proportional to 7.

Next, we introduce two sets of assumptions. (i) The first set is formed by two
assumptions (A.1 and A.2) that are new in the literature and guarantee continu-
ity of the posterior mean of x as a linear operator on ). The detection of these
assumptions is an important contribution because, as remarked in Mandelbaum
(1984) and Luschgy (1995), in the Gaussian infinite-dimensional model the pos-
terior mean is in general only defined as a mlt which is a notion weaker than that
of continuous linear operator. Therefore, in general the posterior mean has not an
explicit form and may be an inconsistent estimator in the frequentist sense while
our Assumptions A.l and A.2 ensure closed-form (and then easiness of computa-
tion) and consistency for the posterior mean. (ii) The assumptions in the second
set (Assumptions A.3 and B) will be used for establishing the rate of contraction
of the posterior distribution and concern the smoothness of the operator £ ~!/2K
and of the true value x..

Assumption A.1. R(K) c D(£71/2).

Since K and X are integral operators, X ~!/? is a differential operator and
Assumption A.1 demands that the functions in R(K) are at least as smooth as
the functions in R(Z!/?). A.1 ensures that £~!/2 is defined on R(K) so that
£ ~1/2K, which is used in Assumption A.3, exists.

1
Hereafter, we denote B = £ ~1/2K Q. Assumption A.2 guarantees that B and
> ~1/2B exist.

Assumption A.2. R(Kgé )ep(z).

Finally, we introduce Assumption A.3 which requires that X ~/2K regularizes
exactly as L™¢ for some a > 0, where L is the operator defined above and used to
construct the prior.

Assumption A.3. Let L be the unbounded, self-adjoint, densely defined oper-
ator in X’ for which 37 > 0 such that (Ly, w) > g||lw||>, Vy € D(L), that has
been used to construct the prior (8). We assume that there exist three real constants
a>0and 0 <m <m < oo such that

ml|L™x|| < [|1Z72Kx|| <ml||L™%]| )
on X.

Notice that because X ~!/2K must satisfy (9) it is necessarily an injective oper-
ator. We refer to the parameter a in (9) as the “degree of ill-posedness” of the
estimation problem under study and a is determined by the rate of decreasing of
the spectrum of £~!/2K (and not only by that one of K as it would be in a classi-
cal IP framework for (1)) with respect to the prior covariance operator. Since the
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spectrum of £ /2K is decreasing slower than the spectrum of K we have to con-
trol for less ill-posedness than if we used the classical approach. Assumption A.3
is used to determine the rate of contraction of the posterior distribution. Indeed,
if this assumption is satisfied, the rate may be expressed in terms of the degree of
ill-posedness a and the regularity of the prior s. Assumption A.3 makes a link be-
tween the smoothness of the prio—which depends on the operator L™ — and the
smoothness of the sampling model—which depends on the operator £ ~1/2K 2
However, it is important to stress that in order to construct the prior distribution
we do not need to know the sampling model and Assumption A.3 is only used in
order to derive (minimax) rates of convergence.

For t > 0 and x € D(L") C X define a norm ||x||, := ||[L'x||, where L is
the operator defined above. Let X; be the completion of D(L") under the norm
[|-|l;. Thus, for t > 0, X, = D(L"). The family of Hilbert spaces (X;);~¢ is called
a Hilbert scale and L is called a generating operator of the Hilbert scale (see Defi-
nition 8.18 in Engl et al., 2000 for its detailed properties; Krein and Petunin, 1966,
p- 142; Chen and Reiss, 2011, p. 5). Typical examples of &; are Sobolev spaces
of various kinds.

In IP literature it is standard to link the smoothness of the true value x, to
the smoothness of £~!/2K. To this purpose we introduce Assumption B which
quantifies the smoothness of x, in terms of the operator L~! and of the Hilbert
scale X; generated by it.

Assumption B. For some 0 < f, (x4 — xq) € A, that is, there exists a p, € X
B
such that (x, —xo) = L% p, ( =Q p*).

The parameter S characterizes the “regularity” of the centered true function
(xx —x0) and is generally unknown. Assumption B is satisfied by regular func-
tions x,. For instance, when Xy is the scale of Sobolev spaces, Assumption B is
equivalent to assume that (x, — xo) has at least £ square integrable derivatives.?

Assumption B is classical in IP literature (see e.g., Chen and Reiss, 2011) and
is closely related to the so-called source condition which expresses the regularity
of x, according to the spectral representation of the operator K*K defining the
IP (see Engl et al., 2000; Carrasco et al., 2005). In our case, the regularity of
(x4« — xp) is expressed according to the spectral representation of L and is linked
to the smoothness of the operator £ ~!/2K through Assumption A.3. This way to
link the regularity of x, to the regularity of the operator X ~!/2K that characterizes
the IP is natural in IP theory. We refer to Chen and Reiss (2011) for an explanation
of the relationship between Hilbert scale and regularity conditions.

Remark 3.4. Assumption A.3 covers not only the mildly ill-posed but also
the severely ill-posed case if (x, — x¢) in Assumption B is infinitely smooth.
In the mildly ill-posed case the singular values of £~1/2K decay slowly to zero
(typically at a geometric rate) which means that the kernel of £~1/2K is finitely
smooth. In this case the operator L is generally some differential operator so
that L~! is finitely smooth. In the severely ill-posed case the singular values of
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12K decay very rapidly (typically at an exponential rate). Assumption A.3
covers also this case if (x, — xg) is very smooth. This is because when the sin-
gular values of X~1/2K decay exponentially, Assumption A.3 is satisfied if L ™!
has an exponentially decreasing spectrum too. On the other hand, L~! is used to
describe the regularity of (x, — xq), so that in the severely ill-posed case, Assump-
tion B can be satisfied only if (x. — x¢) is infinitely smooth.

To treat the case where the singular values of X ~!/2K decay exponentially fast
and (x, — xp) is finitely smooth, we should replace (9) in Assumption A.3 by

ml|exp(—aL)x|| < [|27"2Kx|| < 7llexp(—aL)x||

as, e.g., in Cavalier (2011). In this case the minimax rate would be logarithmic.
We discuss this case in the Supplementary Appendix.

Remark 3.5. The specification of the prior covariance operator can be gen-
eralized as ng = gQL_ZSQ*, for some bounded operator Q not necessarily
compact. Then, our case is a particular case of this one for Q = I. In this gener-
alized setting, Assumptions A.1 and A.2 are replaced by the weaker assumptions
R(KQ) Cc D(27'/2) and R(K QL™%) c D(X~!), respectively. In Assumption
A.3 the operator £~ /2K must be replaced by £~/2K Q and Assumption B be-
comes: there exists p, € X such that (x, —xg) = QL_ﬁﬁ*.

3.2.1. Covariance Operators Proportional to K. A particular situation often
encountered in applications is the case where the sampling covariance operator
has the form £ = (K K*)", for some r € R4, and is related to the classical example
of g-priors given in Zellner (1986). In this situation it is convenient to choose
L= (K*K)_% so that Qy = (K*K)*, for s € Ry. Because (KK*)" and (K*K)*
are proper covariance operators only if they are trace-class then K is necessarily
compact. Assumptions A.1 and A.3 hold for r < 1 and a = 1 —r, respectively.
Assumption A.2 holds for s > 2r — 1.

4. MAIN RESULTS
4.1. Posterior Distribution and Point Estimator

The posterior distribution of x, denoted by u« g , is the Bayesian solution of the IP
(6) and is characterized in the next theorem together with the joint distribution
of (x,y°). Because a separable Hilbert space is Polish,* there exists a regular
version of the posterior distribution ,ug. This means that ,ug can be characterized
by a conditional probability. The notation 8(X") ® 8B())) means the Borel o -field
generated by the product topology.

THEOREM 1. Consider two separable infinite dimensional Hilbert spaces X
and Y. Let x|a, s and y°|x be two Gaussian H-rv. on X and Y as in (8) and (7),
respectively. Then,
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() (x,y%) is a measurable map from (S,S,P) 1o (X x Y, B(X)®@B())
and has a Gaussian distribution: (x,y°)|a,s ~ N((xo, Kx0),Y),
where Y is a trace-class covariance operator defined as Y (p,y) =

(ggoga + 200K "y, 2K Qop + (0% + gKQoK*)z//) for all (p,v) €

X x Y. The marginal sampling distribution of y°|a,s is P, ~ N (K xo,
(O +2KQK™)).

Moreover, let A : Y — X be a Pj,-measurable linear transformation ( P,-mlt),
that is, V¢ € Y, A¢ is a Py-almost sure limit, in the norm topology, of Ax¢
as k — oo, where A 1Y — X is a sequence of continuous linear operators.
Then,

(ii) the conditional distribution uY 5 of x given y9 exists, is regular and
almost surely unique. It is Gaussian with mean E(x|y°, a,s) = A(y -
K x0) 4 x0 and trace-class covariance operator Var(x|y°, a, s) = Qo -
AKQol : X = X. Furthermore, A = QyK*(aX + KQoK* ) L on
R(GZ + LK QoK*)?).

(iii) Under Assumptions A.l and A.2, the operator A characterizing ,ug isa
continuous linear operator on Y and can be written as

1
A=Q(al+B*B) ' (27?B) Yy > X (10)

1
with B=S712KQZ.

Point (ii) in the theorem is an immediate application of the results of Mandel-
baum (1984) and we refer to this paper for the proof and for a rigorous definition
of P,-mlt. As stated above, the quantity Ay° is defined as a P,-mlt, which is
a weaker notion than that of a linear and continuous operator and A is in gen-
eral not continuous. In fact, since Ay° is a Py-almost sure limit of Ay, for
k — oo, the null set where this convergence is not satisfied depends on y° and
we do not have an almost sure convergence of Ay to A. Moreover, in general,
A takes the form A = QoK *(a X + KQoK*)~! only on a dense subspace of Y
of P,-probability measure zero. Outside this subspace, A is defined as the unique
extension of QoK *(a X + KQyK *)_1 to ) for which we do not have an explicit
expression. This means that in general it is not possible to construct a feasible
estimator for x.

On the contrary, point (iii) of the theorem shows that, under Assumptions A.1
and A.2, A is defined as a continuous linear operator on ) for which a closed
form is provided. Hence, the posterior mean estimator for x can be implemented
in practice and our result (iii) makes operational the Bayesian approach for lin-
ear statistical IPs in econometrics. When Assumptions A.1 and A.2 do not hold
then we can use a quasi-Bayesian approach as proposed in Florens and Simoni
(2012a, 2012b).
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Summarizing, under a quadratic loss function, the Bayes estimator for a func-
tional parameter x characterized by (6) is the posterior mean

1
% =Q)(aI+B*B)" (272B)* ()" — Kxo)+x0, with B=3"12KkQ)”.
11

We point out that because the posterior distribution is available in closed-form,
then inference may be easily conducted. In particular, Bayesian credible sets for
x, evaluated at a point, as well as for other linear functionals of x,, are imme-
diately available in closed-form. Bayesian credible sets for nonlinear functionals
of x may be constructed by computing the quantiles of the posterior distribution
through draws from the posterior.

4.1.1. Bayes and Tikhonov-type Estimators. As stressed before, the distri-
bution u (respectively P¥) is realizable as a proper random element in X" (re-
spectively )) if and only if Qg (respectively X) is trace-class. Thus, neither
X~ nor Qg can be proportional to / and so, in general, in infinite-dimensional
IPs, the posterior mean cannot be equal to the Tikhonov regularized estimator
xl = (al +K*K)"1K*y.

However, under Assumptions A.1 and A.2, we show the existence of a close
relationship between Bayesian and frequentist approach to statistical IPs. In
fact, the posterior mean %, is equal to the Tikhonov regularized solution in the
Hilbert scale (X;);~¢ of the equation 2_1/2y5 =37 12Kx+ 27120 The ex-
istence of £~1/2K is guaranteed by A.1; the stochastic processes £~!/2y? and
¥ ~1/2y have to be interpreted in the sense of weak distributions (see Kuo, 1975;
Bissantz et al., 2007). Since E(x|y°, a, s) = A(y° — K x0) + xo, we have, under
A.l and A.2:

EGx|y,0,5) =L (@l + L K*S'KL™)" 1L K* S22 712y — Kx0) + xo
= (@L® +T*T)"'T*(5° — Txo) +x0,
where T =312k, 3 =1x71/2)°

and it is equal to the minimizer, with respect to x, of the Tikhonov functional

=0 2 2
Y7 =Tx||" +aflx —xoll5.

4.2. Asymptotic Analysis

In this section we analyze frequentist asymptotic properties of the posterior distri-
bution u (’; of x. The asymptotic analysis is for 0 — 0. Let P** denote the sampling
distribution (7) with x = x,. We remind the definition of posterior consistency
(see Le Cam, 1986; Diaconis and Freedman, 1986; or Ghosh and Ramamoorthi,
2003):
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DEFINITION 1. The posterior distribution of x is consistent at x, with respect
to P+ if it weakly converges toward the Dirac measure oy, at the point x, i.e., if,
for every neighborhood U of x., ,ug(?/lly‘s, a,s) — 1 in P*-probability or P**-
a.s.aso— 0.

Posterior consistency provides the basic frequentist validation of our Bayesian
procedure because it ensures that with a sufficiently large amount of data, it is
almost possible to recover the truth accurately. Lack of consistency is extremely
undesirable, and one should not use a Bayesian procedure if the corresponding
posterior distribution is inconsistent.

Our asymptotic analysis is organized as follows. First, we consider the posterior
mean X, as an estimator for the solution of (6) and study the rate of convergence
of the associated risk. Second, we state posterior consistency and recover the rate
of contraction of the posterior distribution. We take the mean integrated square er-
ror (MISE) as the risk associated with x, and denote it by Ey, ||X, — x| |2 where
E,, denotes the expectation taken with respect to P*+. The use of a MISE repre-
sentation of the risk is common in IP literature and in addition, in our framework,
it matches the quadratic loss function used to determine the Bayes estimator. We
denote by Az(I") the ellipsoid of the type

Xp(D):={peX;|lpl[F<T}), 0<I<oo 12)

where |[g]|g := [|ILA ¢||. Our asymptotic results will be valid uniformly on X (I').
The following theorem gives the asymptotic behavior of X,.

THEOREM 2. Let us consider the observational model (6) with x. being
the true value of x that generates the data and let y € [0,1] be such that
tr(L=2 @49 < oo, Under Assumptions A.1-A.3 and B, we have

N 2 i _a+ty(ats)
sup Ei ||1Xq —x:||" = O aats + 00~ ats s
(xx—x0)eXp(I)

where f = min(B, a +2s).

The theorem provides a uniform rate over the ellipsoid A(I"). It follows

from this result that if (x, — xo) satisfies Assumption B, then E,||%, — x.||* =
B _a+y(ats)

@) (a ats + oa a+s

The value a + 2s in the theorem plays the role of the qualification in a classical
regularization scheme, that is, a 4 2s is the maximum degree of regularity of x,
that can be exploited in order to improve the rate. It is equal to the qualification of
a Tikhonov regularization in the Hilbert scale (X}),er (see e.g., Engl et al., 2000,
Sect. 8.5).

The value of the prior parameter o that minimizes the rate given in Theorem 2

is: a;“"‘ = K Fratr @) for some constant x > 0. When « is set equal to a;“‘“,
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_
then sup ., o e x,(r) Ex. | |£a;nm —x > = (9(5/“”'/ (ats) ) The minimax rate can

be obtained as the infimum of J 5+<'+ﬁy @+s) over the set G of the possible values for
y and is attained at y * := infG when f < a + 2s. The values of y and y * and the
lower bound of G depend on the definition of L~ the smoothness of (x4« — x0),
and the degree of ill-posedness of the problem. Since f and a depend in turn on
the definition of L™! (due to Assumptions A.3 and B), in order to define G we
have to “normalize” L as we now explain. In particular, we consider two cases
(see also Remark 3.4):

1. Mildly ill-posed problem and (x. — xo) belongs to a Sobolev class. In this
case L~! is finitely smooth so that, typically, its eigenvalues decrease at a
geometric rate. Assume that the operator L is such that 7r(L~019)) < oo,

Ve > 0 and tr(L~U19)) £ 00, Ve < 0. Then, G :={y € R; ﬁ <y <1}

s
. . Frarl .
and y* = m The minimum rate of our procedure is §”***2 and coin-
cides with the minimax rate for this case if f < a + 2s.

II. Severely ill-posed problem and (x. — xo) belongs to the class of analytic
functions. In this case L™! is infinitely smooth so that, typically, its eigen-
values decrease at an exponential rate. Assume that the operator L is such
that tr(L™¢) < 00, Ve > 0 and tr(L™¢) £ 0o, Ve < 0. Then, G :={y € R;

B
0 <y <1} and y* = 0. The minimum rate of our procedure is d4+¢ and

coincides with the minimax rate for this case if § < a + 2s.

We refer to Cavalier (2011) for a definition of mildly/severely ill posedness and
for a review of rates in cases I and II. The value o = a;n;“, which allows to obtain
the minimax rate, corresponds to three different behaviors of the prior depending

on the values of £ and s:

(NS) nonscaling prior if s = f + % (case I) or s = f (case II), i.e., the regularity
of the prior matches the regularity of x.;
(SO) spreading out prior if s > £+ % (case I) or s > f (case II);

(S) shrinking priorif s < f + % (case I) or s < f (case II).

This means that when s # f + % (case ) or s # f (case II), in order to achieve the
minimax rate of convergence, the prior must either spread out to become rougher
(case (SO)) or shrink to become smoother (case (S)).

When a # a™" or y # y*, the rate is slower than the minimax rate but we

y *
3 3 3 - S€ ats
still have consistency provided that we set & =< J¢ for 0 <€ < - )
N

remark that, since 77 (L™2) < 0o, =~ is a possible value for y which implies that
a-+s
S

S L _andsolisa possible value for €. This implies that consistency is
ats ~ 2a+s) : . . . - . .

always obtained with a nonscaling prior even if the minimax rate is obtained only
in particular cases.

In casel,
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A similar discussion applies to the rate of contraction of the posterior distribu-
tion which is given in the next theorem.

THEOREM 3. Let the assumptions of Theorem 2 be satisfied. For any sequence
Ms — oo the posterior distribution satisfies

ulx e X |lx — x.l| > esMs} — 0

. . B 1 _atyaty) ~
in P**-probability as 0 — 0, where ¢5 = (a2t +92¢  2ats) ) b=
min(B, a +2s), and y € [0, 1] is such that tr (L~27@+9)) < oo,

We refer to ¢5 as the rate of contraction of the posterior distribution. If o is

chosen such that the two terms in &5 are balanced, that is, a =< a;ni“, then

%b . . . .
&5 = 02P+2+2y@@+s)  Then, the minimax rate for cases I and II above is obtained
when B < a+2s and we set o = a\". In this case, the prior is either fixed or
scaling depending whether s equates f + % (respectively f in case II) or not.

5. OPERATORS WITH GEOMETRIC SPECTRA

In this section we analyze the important case where the IP (6) is mildly ill-posed
and (x, — xg) belongs to a Sobolev class. This case is formalized by Assumptions
C and B with L~! constructed as in (13).

Assumption C. Under Assumption A.1, the operator T := X ~!/2K is injective
and admits a singular system (4;7,¢;, w;);, thatis, Ty; = Aj7p; and T*p; =
ZjT ;. Moreover, the eigenvalues of T*T satisfy

aj M <iip <@, j=12,...

for some a > 0and a,a > 0.

Assumption C states that the operator 7* T has a polynomially decreasing spec-
trum which, by using the notation defined in Section 3.1, may be rewritten as
’ljo = j 2@ Imposing such a rate of decay of the spectrum is common in statis-
tical IP literature (see e.g., Assumption A.3 in Hall and Horowitz, 2005 or As-
sumption B3 in Cavalier and Tsybakov, 2002).

Because Assumption C implies that 7*T is strictly positive definite and {y;} is
an orthonormal system which spans R(7T*T) we can then construct a self-adjoint
bounded operator L~! as

o
VoeX, L7'o=2" "o, vy (13)
j=1
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It follows that L is unbounded with domain D(L) = {x € X; Zf; 72 x, l//j)2 <
oo}. When L~! is constructed as in (13) we may write Ap(I') as Xp(T) :=
lped; 7% (9, wj)* < T} and Assumption B implies that (x, — xo) belongs
to a Sobolev class. The following proposition gives the rate attained by the MISE
of X, under Assumption C and (13).

PROPOSITION 1. Let the operator L™ be defined as in (13) and Assump-
tions A.1, A.2, B, and C hold with a > 0 and s > % Then we have

N 2 B — 2atl
sup Ei, ||1Xq —x.]|” < aets + 00 2ats) a4)
(e —x0)eXp(I)

with f = min(B, 2(a +s)). Moreover; (i) for o < d (fixed prior),

LA s—%
sup By 1R —xi P =0 e
(e —x0)eXp(I)

a+ts
.. Frar L .
(ii) for a =< 6”7 2 (optimal rate of a.),

A i 1
sup B ||%, — x.||? < 6Ftera
(x:—x0)€X3(T)

The minimax rate of convergence over a Sobolev ellipsoid Az(I") (in the mildly
B

ill-posed case) is of the order gty Proposition 1 says that the uniform rate
of the MISE associated with X, is minimax if: either the parameter s of the
prior is chosen such that s = S + % and the prior is fixed (case (i), i.e., a =< J)
or if f <2(a+s) and the prior is scaling at the optimal rate (case (ii), i.e.,

‘ | . L
o = §@t)/(B+a+3)) In all the other cases the rate is slower than the minimax
a-+ts

rate but consistency is still verified provided that o =< J¢ for 0 < € < prag Re-
mark that since s > % then a fixed prior (¢ = 1) always guarantees consistency
(even if the rate is not always minimax).

This result, similar to the one in Theorem 2, means that when the prior is “cor-
rectly specified” (“correct” in the sense that the regularity s — % of the trajectories
generated by the prior is the same as the regularity of x,) we obtain a minimax
rate without scaling the prior covariance. On the other hand, if s < f + %, ie.,
the prior is “undersmoothing”, the minimax rate can still be achieved as soon
as f < 2(a+s) and the prior is shrinking at the optimal rate. When the prior is
“oversmoothing”, i.e., s > S+ % the minimax rate can be achieved if the prior
distribution spreads out at the optimal o (the prior has to be more and more dis-
persed in order to become rougher).
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In many cases it is reasonable to assume that the functional parameter x, has
generalized Fourier coefficients (in the basis made of the eigenfunctions {y/;} of
L™*) that are geometrically decreasing (see e.g., Assumption A.3 in Hall and
Horowitz, 2005; Theorem 4.1 in Van Rooij and Ruymgaart, 1999). Thus, it is
common in statistical IP literature to consider the following assumption instead
of Assumption B.

Assumption B’. For some by > % and {y;} defined in Assumption C, ((xs —
X0), Wj) =< jho.

In the rest of this section we establish asymptotic results under this assump-
tion and Assumption C. Assumption B is more general than Assumption B’ since
it allows the case of exponentially declining Fourier coefficients {(x. — xo), ;).
We use Assumption B’ to show sharp adaptiveness of our EB procedure. If B’
holds, then IT" < oo such that Assumption B holds for some 0 < f < by — %
The following result gives the rate of the MISE when Assumptions B’ and
C hold.

PROPOSITION 2. Let the operator L™ be defined as in (13) and Assump-
tions A.1, A.2, B’, and C hold witha > 0 and s > % Then,

2bp—1 _ 2a+l _ R 2
a @) ey +oa 2@t oo () < Ex, [|Xg — x4
2bp—1

< a1 (bo > (2a+25)) +a e
+ S0~ T 5 (F), (5)

where ¢y, ¢1, ¢2, C2, and t are positive constants and I (A) denotes the indicator

ats

function of an event A. Moreover, for a = 0%+ = a, and by = min(by,2a +
2s+1/2),

2bg—1
E.. |5, — x.l]? < 200+, (16)

21 2a+1
When by < 2a + 2s + 1/2 the rate of the lower bound « Tt +da Hahe) given

in (15) provides, up to a constant, a lower and an upper bound for the rate of the
2b0—l

estimator X, and so it is optimal. In this case, the minimax-optimal rate §2®o+®

is obtained when we set a < 0 ’;(IJ% We call “optimal” this value of o and denote
it by a.. This value corresponds: to a fixed prior when s = bg, to a shrinking
prior when s < by < 2a +2s + 1/2, and to a spreading out prior when s > by.
Intuitively, when s < bg (respectively s > bg) the trajectories generated by the

prior are rougher (respectively smoother) than x, and so the support of the prior
_ @hy-1)
must be shrunk (respectively spread out). When 6 = n~! the rate n~ Z%¥@ is

shown to be minimax in Hall and Horowitz (2007).
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Moreover, if we set f = sup {[5’ > 0; (x« — x0) satisfies B’ and Zj jzﬁ((x* -
215071
X0), W )2 < oo}, then f = by — % and the rate §2%0*2 is uniform over Ap(') and
equal to the optimal rate of Proposition 1.
In the following theorem we give the rate of contraction of the posterior distri-
bution under Assumption C.

THEOREM 4. Let the assumptions of Proposition 2 be satisfied. For any se-
quence Ms — oo the posterior distribution satisfies

ulx e X |lx — x.l| > esMs} — 0

. . 2bp=1 1 _ 2a+1 ~
in P*-probability as 6 — 0, where g5 = {a*a+s) +02a 4<“+S>) and by =

min(bg, 2(a +s) + 1/2). Moreover, (i) for o. < 0 (fixed prior):

2(bgrs)—1
&5 = 5 4(a+s)

_(l+S
and (ii) for o < 6*0+e (optimal rate of a.):

2by—1
g5 = 5Hbo+a)

2bo—1

The rate of contraction &g is equal to the minimax rate J ora if bo <2(a+s)+
1/2and o < 6;0712. Depending on the relation between s and bg the corresponding
prior u is shrinking, spreading out, or fixed (see comments after Proposition 2).

This section has focused on the mildly ill-posed case with (x, —xg) in a
Sobolev class of functions. The case where the 4;7s in Assumption C are decreas-
ing exponentially fast (severe ill-posedness) and (x, — xo) is analytic is treated in
the Supplementary Appendix.

6. ADAPTIVE SELECTION OF «: AN EMPIRICAL BAYES (EB)
APPROACH

As shown by Theorem 1(iii) and Section 4.1.1, the parameter a of the prior plays
the role of a regularization parameter and {X,},~( defines a class of estimators
for x, which are equal to a Tikhonov-type frequentist estimator. We have shown
that for a decreasing at a convenient rate, this estimator converges at the minimax
rate. However, this rate and the corresponding value for o are unknown in practice
since they depend on the regularity of X ~!/2K and of x,. Thus, it is crucial for
the implementation of the estimation procedure to have an adaptive data-driven
method for selecting o.

Adaptive Bayesian estimation can be implemented in two different ways. A first
way (Empirical Bayes) consists in constructing the prior for x by using an esti-
mate @ obtained in a first step through a data-driven method. A second way con-
sists in integrating out o from the conditional prior of x, given a, with respect to
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the prior of a. The two procedures are adaptive if they lead to a posterior for x
which contracts at the optimal rate. Adaptivity relies on the choice of the estima-
tion criterion used to obtain & in the first procedure and on the choice of the prior
for a in the second procedure. Adaptive Bayesian estimation for models different
from ours has been considered, e.g., in Van der Vaart and Van Zanten (2009).

We propose in Sections 6.1 and 6.2 an adaptive data-driven method based on
an EB procedure for selecting . This procedure can be easily implemented for
general operators K, X, and L satisfying Assumptions A.1 and A.2.

6.1. Characterization of the Likelihood

The marginal distribution of y‘S |a, s, which was given in Theorem 1(i), is
) o *
Yoa,s ~ Py, Py=N|Kxg,0X+—KQyK a7
o

and is obtained by marginalizing P* with respect to the prior distribution of x.
The following theorem, which is an application of Theorem 3.3 in Kuo (1975),
characterizes a probability measure Py that is equivalent to P, for every o > 0
and the likelihood of P, with respect to Py.

THEOREM 5. Let Py be a Gaussian measure with mean K xo and covariance
operator 0%, that is, Py = N (Kxq,0X). Under Assumptions A.1 and A.2, the
Gaussian measure P, defined in (17) is equivalent to Py. Moreover, the Radon—
Nikodym derivative is given by

2

)

dp, | | o 2(12+a)zj
—({z; = e J , 18
dPy (z)) izl /1]2 +a (18)

where {¢;, /1]2} are the eigenfunctions and eigenvalues of B B*, respectively.

O =172,
In our setting: z; = L\/{?W and 21/ thj is defined under Assump-

tion A.2.

6.2. Adaptive EB Procedure

Let v denote a prior distribution for a such that dl%:(“) =va~ 4+ v, for two

constants v; > 0 and vy < 0. Examples of priors for a satisfying this condition
include the gamma distribution and the beta distribution on (0, 1). To implement
the EB procedure we first have to select a value for a depending on the data y°.
For that, we define the marginal maximum a posteriori (MAP) estimator & of a to
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be the maximizer of the marginal log-posterior of a|(y?, s) which is proportional

dPy . |.
o

to log[d

& = argmax S(a, y°)
o

_ dP,
S(a,y%) = log (i«z,»})v(a))

:_Z LA 0K, 37
a—i-/lz a+/1]2 )

+10gv(a). 19)

In an equivalent way, a is defined as the solution of the first order condition
%S(a, y%) = 0. We denote Syo(a) = %S(a, y°) where

00 00/12

S,(@) =1 Z ) gl "~ Kxo, X7V
a(a+/12) p (o +13)?
dl
+M and  S,0(3) =0. (20)
do

Then, our strategy consists in plugging the value a, found in this way, back into
the prior of x|(a, s) and then compute the posterior distribution ,uga of x and the

posterior mean estimator X;. We refer to X as the EB estimator and to ,uga as the
EB posterior of x.

6.3. Posterior Consistency for the EB Posterior (Mildly llI-Posed
Case)

In this section we study existence of & and the rate at which & decreases to 0
and show posterior consistency of ,uga 3 Theorem 6 shows that when by — 1/2 <

a + 2s the MAP ¢ is of the same order as a, (= 5*%%) with probability that
approaches 1 as d — 0. Moreover, it states that the EB-posterior distribution z} 5.4
concentrates around the true x, in probability. In the next theorem, let 7 (A) denote
the indicator function of an event A

THEOREM 6. Let the operator L' be defined as in (13) and Assumptions
A.l, A.2, B’, and C hold with a > 0 and s > % Let v be a prior distribution for
a such thar 48Y(@ _ via v for two constants vy > 0, vy < 0. Then, with

probability approaching 1, a solution & to the equation Sys(a) = 0 exists and

a+ts
is of order: a < 00+ * for j = nl(bg —a —2s —1/2 > 0) and any (bg +a) >
n > max{(bg —s — 1/2),0, (bg —2s —a — 1/2)4—1‘}. Moreover, for any sequence
Mgs — oo the EB-posterior distribution of x satisfies
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ﬂ({&{xeX: [|x = x4|| > esMs} — 0 (21)
o i

in P**-probability as § — O where ¢5 = 0*®0++1 and by = min(bg,2(a +s) +

1/2).

The consistency of the EB estimator x; follows from the posterior consistency

of /13;&. The theorem says that the posterior contraction rate of the EB-posterior
’ 21

distribution is equal to the minimax rate 6*®0*® when by — 1/2 < a + 2s which

is satisfied, for instance, when the prior is very smooth. In all the other cases the

rate is slower.

Remark 6.1. While this theorem is stated and proved for a Gaussian error
term U, this result holds also for the more general case where U is only asymptot-
ically Gaussian. In Appendix E we give some hints about how the proof should be
modified in this case. Therefore, our EB approach works also in the case where U
is only approximately Gaussian. This emphasizes what has already been stressed
in Remark 3.2 that Gaussianity of U is not fundamentally needed for our proce-
dure to work and to be consistent.

Remark 6.2. Alternative ways to choose regularization parameters for IPs have
been proposed in mathematics, statistics, and econometrics. Some of these meth-
ods work under assumptions that are not suitable for econometrics applications.
Many of these methods focus on series estimators while very little is known about
adaptive procedures in Tikhonov estimation. Our methods contribute to the latter.
For adaptive procedures for series estimators in the nonparametric IV framework
see e.g., Horowitz (2014) and references therein. Assumptions and settings of
these adaptive procedures differ significantly from ours.

7. EXAMPLES

7.1. Example 1: Instrumental Variable (IV) Regression Estimation
(Continued)

Recall the framework of Example 1 where the IV regression x is characterized
as the solution of the integral equation (6) with § = n~! and y° and K defined
as in (2). Suppose to estimate fyw and fzw by kernel smoothing, where fyw
(respectively fzw) denotes the density of the distribution of (¥, W) (respectively
(Z,W)) with respect to the Lebesgue measure. For simplicity we assume that
(Z,W) is a bivariate random vector. Let Kz, and Kw j, denote two univari-
ate kernel functions in L2[0, 1], # be the bandwidth, and (vi, wi, zl-)?:l be the
n-observed random sample. For every ¢, ¢ € L?[0,1], denote A : L?[0,1] —
L?[0,1] the operator Ap = fa(w,v)(p(w)dw, with a(w,v) a known func-
tion chosen by the econometrician, and Ig(s - L2[0,1] > L?[0,1] the operator
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Ksp=1>" K ’l(;lui_lu) Jo #(@) % ”fff‘Z) dz. Therefore, K = AK so that the
quantities in (2) can be rewritten as

: . A 1 <
Y = MBI W =) fi] 0) = [ atw.0) > 3K = w)dw
i=1
and Kx:/a(w,v)%gw/x(z)Wdzdw. 22)

Remark that lims_,0 K5¢ = fw (w)E(p|w) = M¢E(¢|w) where My denotes the
multiplication operator by fw. If @ = fwz, then lims_,o K is the same integral
operator as in Hall and Horowitz (2005). Assume that: fy and f7 are bounded
away from infinity on [0, 1], a(w,v) is chosen such that A*A is a trace-class
operator, and E[(Y —x(Z))?|W] =062 < oco.

In this example, U := y° — Kx and the assumption that U ~ A'(0,5Z) holds
asymptotically. In particular, the transformation of the model through A is nec-
essary in order to have weak convergence toward a Gaussian process.® Then,
\/ﬁ(yé—l(x) = N(O,AZA*) in L2[0,1] as n — oo, where ‘=’ denotes
weak convergence, and, for every ¢» € L%[0,1], ¢ = o[ fw ()2 (0) =
a*Midr(v) and A*¢ = Mf—1 fO‘ a(w,v)$>(0) fw()dv is the adjoint oper-
ator of A. The operator ¥ = AT A* is unknown and replaced by 3=
A‘}n—2 > w fol a(w,v)p ) - fw(v)dv. Thus, the sampling distribution
P* writes exactly as (7) with K and X two operators of finite rank.” The prior
covariance operator is specified as Qoo 2 so that the Bayes estimator of the IV
regression does not depend on the unknown parameter o 2:

1 A A
%y = Q2 (al + B*B) ™' Q)P EEY —x0|W)|Z) +x0

= (@Qy" + T~ (B(Y = x0lW)|Z) +x0,

where B*B = Q(l)/zj'*f'ﬁ(l)ﬂ, and T = I:l(~|W) and T+ = I:3(~|Z) are two oper-
ators on L2[0, 1]. For xp = O this is, in the framework of Darolles et al. (2011)
or Florens, Johannes, and Van Bellegem (2011), the Tikhonov estimator in the
Hilbert scale generated by L.

Discussion of the Assumptions. In this example, Assumptions A.1 and A.2 need
to hold both in finite sample and for n — 0. On the contrary, A.3 only has to
hold for n — oco. We start by discussing the validity of Assumption A.1. In large
sample, the operator K converges to AME(-|w) and it is trivial to verify that
D12 = R(AMf) D R(AMfE(:|w)). In finite sample, the same holds with
My and E(:|w) replaced by their empirical counterparts.

Next, Assumption A.2 is trivially satisfied in finite sample since ’R(i)

- 1
(=D(27") and R(K Q) have finite ranks. In large sample, Assumption A.2
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1
is satisfied if and only if ||Z_1Alim(5_>0 1&;93 ||2 < 0o (when the conditions for
the application of the Dominated Convergence Theorem hold). One way to sat-
isfy this condition is to construct Qo = T*A*AT where T : L2[0, 11— L2[0,1]
is some trace class integral operator.

Finally, because Assumption A.3 has only to hold for n — oo, we have to
consider the norm of the following operator: Vx € X, ||lims_o =~ /?Kx|| =
[|E(x|W)||.8 This shows that, in the IV case, Assumption A.3 is a particular case
of Assumptions 2.2 and 4.2 in Chen and Reiss (2011).

Rate of convergence. Next, we explicit the rate of Theorem 2 for the IV regres-
sion estimation. We assume that the true IV regression x, that generates the data
satisfies Assumption B. We take two different bandwidths for W and Z: h,, and
h. In order to determine the rate of the MISE associated with x, the proof of
Theorem 2 must be slightly modified to account for the fact that £ and K depend
on J. Therefore, the rate of the MISE must incorporate the rate of convergence
of these operators. The crucial issue in order to establish the rate of the MISE

1 1
associated with %, is the rate of convergence of B*B toward Qg T* ’TQg where
T-=E(|W)and T*- = E(:|Z). This rate is specified by Assumption (HS). Prim-
itive conditions for this assumption and its derivation are provided in Appendix F
in the Supplementary Appendix.

Assumption HS. There exists p > 1 such that:

Q) ENQY* T fg' ATlUIP =0 (n—l +h§/’);

(i) ENIT =TI = O (5 + (maxtho, b))

nhy,
Lo 1 2
(i) E|IQZ(T*—T*)|2=0 (W +h,f).

The next corollary to Theorem 2 gives the rate of the MISE of X, under this
assumption.

COROLLARY 1. Let us consider the observational model y‘s = Kx.+U,
with y° and K defined as in (22) and x, being the true value of x. Under Assump-
tions A.1-A.3, B, and HS:

A 2
sup Ex, [1X0 — Xull
(xx—x0)eXp(I)

)i a+y (a+s) 1 B
:O((aaﬂ —|—n_1a_ +i’z+s+ ) -|-a_2 (—-1—]’!5)/))0!”“
nhy,
1 D\ £ a1,
+a + (max{hy, h,})” Jaats + a —+h’
nhyh, n :

with B = min(B,a +2s) and y € [0, 1] such that tr (L= @19 < oo,
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In this example we have to set three tuning parameters: the bandwidths A, h_,
a+s

and a. Suppose that we set b, = h. occn™ /2P and a ocn~ A+2+s) | In this case,
___F
the rate of convergence is n /+2(@+s) which is the same rate as in Darolles et al.

(2011) if (@ +s) = 1. The leading terms are the first and the last one. The third and
fifth terms are negligible if # > (a+s)max {2/(4p — 1), 2—p)/(2p — 1)} while
the other terms are always negligible.

As a final remark, we would like to stress that the approach proposed here to
estimate an IV regression is an alternative to the approach proposed in Florens
and Simoni (2012a). The current approach is more robust because it only relies
on asymptotic normality and does not require normality of the reduced-form error
term. Moreover, it can be easily implemented by using our adaptive EB procedure
for choosing a.

7.2. Example 2: Functional Linear Regression Estimation
(Continued)

Let us consider model (3) and the associated integral equation E(¢Z(r)) =
fol x(s)Cov(Z(s), Z(t))ds, fort € [0, 1]. If we dispose of i.i.d. data (&1, Z1), ...,
(&1, Z,) the unknown moments in this equation can be estimated. Thus, x is
solution of (6) with y° := %Zl &Zi(t), U= %Zl eiZi(t), 6 = % and Vo €
L?[0,1], K := 1 3 .(Zi, ) Z;(t). The operator K : L*[0, 1] — L?[0, 1] is self-
adjoint, i.e., K = K*. Moreover, conditional on Z, the error term U is ex-
actly a Gaussian process with covariance operator defined as Vo € L?[0, 1],
0Zp = 512f01 9 (s)Cov(Z(s), Z(t))ds, which is trace-class since E||Z;||> < oo.
Without loss of generality we suppose hereinafter that 72 = 1.

Suppose that the spectrum of X declines at the rate j~2¢, with a > 0, as in
Assumption C (for instance, £ could be the covariance operator of a Brownian
motion). Construct the operator L as in (13) with {y/;};>1 being the eigenfunctions
of £. Thus, Qy = £*/%. Because X is unknown, it is replaced by K in the posterior
mean estimator: £, = K%/ (o[ + K/aT1)~1 g3/Ca) (y0 _ K x4) + x¢, for which
the following corollary holds.

COROLLARY 2. Let ¥ : L2[0,1] = L2[0,1] have eigenvalues {112-2} that
satisfy aj ¢ < ,1]2.2 <@j=%, fora,a> 0anda > 0. Assume that E|| Z;||* < cc.

__ Sta
Then, under Assumption B’ with by > max{a, s}, s > % and if o < o, =n Pota,

we have

2by—1

. ~ 2ozl _— 1
Ex*llxa*—x*Hz:O(n 2<bo+a>), where bozmln(bo,2a+2s+§).

The assumptions and the rate for by = by in the corollary are the same as in
Hall and Horowitz (2007).

https://doi.org/10.1017/50266466614000796 Published online by Cambridge University Press


https://doi.org/10.1017/S0266466614000796

REGULARIZING PRIORS FOR LINEAR INVERSE PROBLEMS 97

8. NUMERICAL IMPLEMENTATION

In this section we first explain the numerical implementation of our estimator X,
and then show the results of two simulations. Let M be the number of discretiza-
tion points and (s1, ..., sy7) (respectively w1, ..., wyr) be (equidistant) discretiza-
tion points for functions in X" (respectively in ))) and vy, vy be the measures
associated with X and ), respectively. Let w(s, 1) be the prior covariance kernel,
o (w,v) be the covariance kernel that defines X, and k(v, s) be the kernel of the
operator K. The easiest way to construct X, consists in using the closed-form
given in (11) and rewritten as

%o = (@Qy '+ K*2 7 K) TR (5% — Kxo) + xo. (23)

The construction of the estimator proceeds with the following steps:

1. Replace the operators in (23) by the corresponding M x M discretization
matrices:

e Q is replaced by the matrix Qg 4 with generic element %(a} (si.55)
v (si))ij=1,...M>

e X is replaced by the matrix X; with generic element %(0 (wi, w;))
vy(w;))i,j=1,..M3

e K (respectively K™) is replaced by the matrix K, (respectively K)
with generic element

1

1
m (k(wi,sj)vX (Sj))i,jzl oy (tespectively m (k(wj’Si)vy(wj))i,jzl ’’’’’ -

,,,,,

2. Discretize the prior mean function x¢ to obtain an M-vector: xgq =

(xo(s1), ..., x0(sp)".
3. Discretize the (functional estimator) y° to obtain an M-vector: yg =

O (W1), ...y (wu).
4. Compute the estimator x,, at the M discretization points (sy, ..., sp) as:

-1
2, = (aQ&}, +K: z;lkd) K327 (50— Kaxo.q) +X0.4.

In order to implement the EB procedure the steps are the following.

5. By using the matrices computed in 1, compute the singular value decom-
position of the matrix Z;l/ deQ(l)/ 5. These singular values and functions
correspond to the discretized version of 4; and ¢; in expression (19) and we

denote them by 4; 4 and ¢; 4, respectively.
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6. Fix J large enough (e.g., J/ = 200) and compute the discretized version of
(19) as:

—-1/2

N a 2, 10l 2708 - Kaxo)?

Sd(aay)z_z log 2 + 2

24 a+ A% a+ A7 0
j=1 J»d J»d

+logv(a) 24)

for o taking values over a grid of points in the interval [0, 1].
7. Select the value of o that maximizes (24).

8.1. Instrumental Variable Regression Estimation

This section shows implementation and finite sample properties of our estimator
for the IV regression in Example 1. We simulate n = 1,000 observations from
the following model, which involves only one endogenous covariate Z and two
instrumental variables W = (W, W),

= ()~ ((0)-(05))

0i ~N(0,62), Zi=0.1W; 1 +0.1W; 2+
e ~N(0,(0.4)%), n=-050;+¢
Yi = x.(Zi) +ni

for i = 1,...,n. Endogeneity is caused by correlation between #; and the error
term v; affecting the covariates. The true x, is the parabola x,(Z) = Z2. In all
the simulations we fix g, = 0.27. We do not transform the data to the interval
[0, 1] and the spaces of reference are X =) = L?(Z), where L?(Z) denotes the
space of square integrable functions of Z with respect to its marginal distribu-
tion. Moreover, the function a(w,v) is chosen such that K : L2(Z) — L*(Z)
is the estimated double conditional expectation operator that is, Yo € L*(Z),
Ko = E(E(¢|W)|Z) and the functional observation y? takes the form y(Z) :=
E(E(Y |[W)|Z). Here, E denotes the estimated expectation that we compute
through a Gaussian kernel smoothing estimator of the joint density of (Y, Z, W).
The bandwidth for Z is set equal to /Var(Z)n~'/3 and similarly the bandwidths
for Y and W.

The sampling covariance operator is ¢ = o2E(E(p|W)|Z), Vo € L*(Z)
(under the assumption E[(Y — x,(Z))*|W] = ¢2) and is replaced by its empir-
ical counterpart. We specify the prior covariance operator as Qy = wpo 2K * for
s > 0 and wy a fixed parameter. The advantage of using this specification for Qy is
that: (i) it simplifies numerical computations of the estimator X, and (ii) the con-
ditional variance o2 in X and  simplifies and does not need to be estimated.
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We perform simulations for two specifications of xg, wg, and s (where x¢ de-
notes the prior mean function): Figure 1 refers to xo(Z) = 0.95Z%+0.25, wp = 1,
and s = 2 while Figure 2 refers to xo(Z) =0, wg = 2, and s = 15. These speci-
fications allow us to analyze the finite sample performance of our method when
the prior mean has the correct curvature and when it does not. We first run simu-
lations with a value of a chosen to produce a reasonably good estimation (we fix
a = 0.9 to obtain Figures 1A, B and 2A, B) and in a second simulation we use
the a selected through our EB method. This allows us to compare the sensitivity
of x, to the choice of a.

Figures 1A and 2A represent: the n observed Y’s (magenta asterisks), the cor-
responding y° (dotted blue line) obtained from the observed sample of (Y, Z, W),
the true x, (black solid line), the nonparametric estimation of the regression func-
tion E(Y|Z) (yellow dashed line), and our posterior mean estimator x, (dotted-
dashed red line). We show the estimator of E(Y|Z) with the purpose of making
clear the bias due to endogeneity. Figures 1B and 2B represent: the prior mean
function xo (magenta dashed line), the observed function y9 (dotted blue line)

A
Posterior mean estimator of IV regression and data Posterior mean estimator of |V regression
* observedy —true curve X,

2.5 true curve x, N ,

2 % Ngnparametric Regression P R y :Eh(Eh(ylw)lz) //

L y":Eh(Eh(ylw)lz) e N - - Posterior mean i

1.5« # - = Posterior Mean Estimator | * 0.8 N — — —Prior Mean Y
~ *

—true curve x,

y*=E, (E, (yIW)l2)
- - Posterior mean
- - —Prior Mean

log—posterior of o

0 0.05 0.1 015 02 025 03 0.35
o z

FIGURE 1. Posterior mean estimator for smooth x.. Graph for: xq(Z) = 0.9522 4 0.25,
wy = 1, s = 2. (a) Data and posterior mean estimator for & = 0.9. (b) Posterior mean
estimator for & = 0.9. (c) a choice, & = amap. (d) Posterior mean estimator for & = 0.045.
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Posterior mean estimator of IV regression and data Posterior mean estimator of IV regression
— true curve x,
15 . * N
L , ; = (E (yiw)iz)
! == Posterior mean
0.8 - — - Prior Mean
0.5
N —~ 06
~ N
X0 =
% observed y
-05 true curve X, 0.2
1 Nonparametric Regression " o
= (=1L i
15 == Posterior Mean Estimator 02
-15 -1 -05 0 05 1 1.5 -1 -0.5 0 0.5 1
z z
log—posterior of a Posterior mean estimator of IV regression
-4 —true curve X,
-6 N y*=E, (E, (yw)I2)
= == Posterior mean
5 -8 0.8 - - —Prior Mean
S -0
g y
2 12 =
T
o -14
o
-16 og-likelihood | 4| e TG ez
+ a_=0.1835
map
-18 -0.2!
0 005 01 015 02 025 03 035 -1 -0.5 0 0.5 1
o z

FIGURE 2. Posterior mean estimator for smooth x,.. Graph for: xq(Z) =0, wg =2, s = 15.
(a) Data and posterior mean estimator for a = 0.9. (b) Posterior mean estimator for a =0.9.
(¢) a choice, & = amap. (d) Posterior mean estimator for a = 0.1835.

obtained from the observed sample of (Y, Z, W), the true x, (black solid line),
and our posterior mean estimator x, (dotted-dashed red line). It is evident from
Figure 2B that even with a prior mean x¢ far from x,, the IV regression is well
estimated. Since the sample size is relatively large, this confirms our theoretical

results of posterior consistency: the prior is washed away when 7 is large.

Figures 1C and 2C draw the log-posterior log [ﬁ% v(a)] against a and show

the value of the maximum a posteriori a. We specify an exponential prior for a:

v(a) = 11e~11% Vo > 0. We point out that the different shape of log [ZI;‘(’J' v(a)]

in the two graphs is only due to the different specification of the prior for x
(which is used to integrate out x). Finally, Figures 1D and 2D represent our EB-
posterior mean estimator X; (dotted-dashed red line)—obtained by using the a
selected with the EB procedure—together with the prior mean function xo (ma-
genta dashed line), the observed function y‘S (dotted blue line), and the true x,
(black solid line). Without changing the sample size, with respect to the one used
to obtain Figures 1A and 2A, the estimation improves greatly when « is selected
with the aid of our EB procedure.
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8.2. Geometric Spectrum Case

. . . 2
In this simulation we assume X =) = L?(R) with respect to the measure e~ /2
so that the operator K is self-adjoint. We use the Hermite polynomials as common

eigenbasis for the operators K, X, and L. The Hermite polynomials { H;}; >0 form

an orthogonal basis of L?(R) with respect to the measure ¢~"*/2, The first few
Hermite polynomials are {1,u, u> — 1), (u® —3u),...} and an important prop-

. . . —M2/2.
erty of these polynomials is that they are orthogonal with respect to e :
fR Hi(u)H,; (u)e‘”z/zdu = /n(n!)d;;, where d; is equal to 1 if / = j and 0 other-
wise. Moreover, they satisfy the recursion H;y1(u) = uH;j(u) — jH;_1(u) which
is used in our simulation. We fix: 6 = 1/n and the simulation design is:

popga H;
Tzﬂmv) G Z\/E(n')
—2s
.V Hj, v =Kx,+U

o _‘”‘)me

withag=1,co=1.2,s =1, x,(u) = u?,and U = \/%IN(O, %). Moreover, we
fix: 7 = 10 and wp = 20. The inner product is approximated by discretizing the
integral fR H;(u) -e~*/2du with 1,000 discretization points uniformly generated
between —3 and 3. The infinite sums are truncated at j = 200. The simulation
results did not change when we increased the value of the truncation.

We first perform simulations for a fixed value of a (we have fixed o = 0.9 to
obtain Figure 3A) and in a second simulation we use the a selected through our
EB method.

Figure 3A represents: the prior mean function xo (magenta dashed line), the
observed function y5 (dotted blue line), the true x, (black solid line), and our

posterior mean estimator X, (dotted-dashed red line).
dp,

Figure 3B draws the log-posterior log[ v(a)] against o and shows the

value of the maximum a posteriori &. We specify a Gamma prior for a: v(a)
ale™19% vg > 0. Finally, Figure 3C represents our EB-posterior mean estima-
tor x; (dotted-dashed red line)—obtained by using the a selected with the EB
procedure—together with the prior mean function x¢ (magenta dashed line), the
observed function y° (dotted blue line), and the true x, (black solid line). By com-
paring the estimators in Figure 3C and 3A, it is evident the improvement in the
estimation due to the use of our EB method. This shows the importance of having
an adaptive data-driven method for choosing a. The tails of the curve x, are not
very well estimated. This is due to the fact that the prior mean function is very
far from the true x,, that is, we have very little prior information. By letting ¢
decrease, this effect will diminish according to our consistency results.
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0 Geometric spectrum case log—posterior of o
700
—true curve x, — log-likelihood
8t 5 -
y° s * amap =0.0676
7t == Posterior mean 5
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6 0 5
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FIGURE 3. Posterior mean estimator for smooth x,.. Graph for: xg(Z) =0, wg =20,s =1,
and 7 = 10. (a) Data and posterior mean estimator for & = 0.9. (b) « choice, & = amap. (¢)
Posterior mean estimator for o = 0.0676.

9. CONCLUSION

This paper develops a Bayesian approach for nonparametric estimation of func-
tional parameters in econometric models that are characterized as the solution of
an IP. We consider a conjugate-Gaussian setting where the “likelihood” is only
required to be asymptotically Gaussian. For “likelihood” we mean the sampling
distribution of a functional transformation of an n-sample.

We first propose the posterior mean as a point estimator and give sufficient con-
ditions that allow us to show that the posterior mean: (i) has a closed-form, (ii) is
easy to implement in practice, (iii) has a pure Bayesian interpretation, and (iv) is
consistent in a frequentist sense. Then, we contribute to the literature on IPs by
proposing an adaptive data-driven method to select the regularization parameter
which enters our estimation procedure. Our data-driven method is based on an
Empirical Bayes approach.

We prove that the posterior mean estimator is, under certain conditions, equal to
the Tikhonov estimator which has been largely used in frequentist nonparametric
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estimation based on IPs. Because of this equality, our EB data-driven method
for selecting the regularization parameter is valid even for the implementation
of the frequentist Tikhonov estimator. Thus, our approach makes an important
contribution to the theory of IPs in econometrics in general.

Before concluding, two remarks are in order. First, our procedure is strictly tied
to the linearity of the IP. When model (1) is nonlinear in x the posterior mean es-
timator does not have a closed form anymore. Thus, the techniques used to prove
our results should be modified. The second remark concerns the use of a prior for
x different from the Gaussian prior. Posterior consistency should still hold when
other priors are used (under some conditions) but this type of result would re-
quire a completely different strategy of proof. The EB-data-driven method based
on maximizing the marginal posterior distribution should also hold when a non-
Gaussian prior is used. However, the function to be maximized would no longer
have a closed form and this would complicate the implementation. Proving adap-
tivity in this case would also require a different strategy of proof. Proving all
these results with a non-Gaussian prior is far beyond the scope of this paper and
we leave it for future research.

NOTES

1. Notice that in general the posterior mean in a conjugate-Gaussian problem stated in infinite-
dimensional Hilbert spaces cannot be equal to the Tikhonov solution of (1). This is due to the particular
structure of the covariance operator of the error term U 9 and it will be detailed in Section 3.

2. A similar idea of linking the prior distribution to the sampling model was proposed by Zellner
(1986) for linear regression models for which he constructed a class of priors called g-prior.

3. In principle, this assumption could be satisfied even by irregular x, if we were able to decom-
pose x in the sum of a regular part plus an irregular part and to choose x( such that it takes all the
irregularity of x.. This is clearly infeasible in practice as x, is unknown. On the contrary, we could
choose a very smooth function x( so that Assumption B would be less demanding about the regularity
of xx.

4. In many applications X" and ) are L2 spaces and L2 spaces are Polish if they are defined on a
separable metric space.

5. For simplicity of exposition we limit this analysis to the case where Assumption C holds. It is
possible to extend the result of Theorem 6 to the general case at the price of complicate very much the
proof and the notation. For this reason we do not treat the general case here.

6. The fact that weak convergence toward a Gaussian process cannot be obtained without
transforming the model by A can be explained in the following way (see Ruymgaart, 1998 for

n

a detailed explanation). It is possible to show that the covariance operator %j of 4214:]

K Zj—. K i— .
(y,-—folx Z’h,g’ Z)dz) W’h(;lu’ ) Satisfies

@1, Sne2)  —  (B1.2h2), ash—0, Vey,b e L?[0,1]

where S¢y = 0'2[fW (v)]2¢2 (v) = J2M]%¢2 (v) under the assumption E[(Y —x(Z))2|W] =02 < o0.
Unfortunately, 3 has not finite trace and so it is incompatible with the covariance structure of a Gaus-
sian limiting probability measure. Indeed, there are no scaling factors n~", for 0 < r < 1, such that
n—" Z?:l (y,- - fol X KZ’hilzi_z) dz) X KW’h(hwi_w) converges weakly in L2[0, 1] to a Gaussian dis-
tribution (unless this distribution is degenerate at the zero function) (see Ruymgaart, 1998). However,
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if we choose a(w, v) appropriately so that A* A has finite trace, then /i (yé - Kx) = N(0,AZA")

in L2[0, 1] as n — oo, where ‘=" denotes weak convergence.

7. To be precise we should index the two operators K and X by J and write K5 and Xs. In fact
these two operators change with 6. However, we prefer to keep a uniform notation and do not adopt
this notation.

8. This is because the operator X 172 may be equivalently defined in two ways: (1) as a self-adjoint
operator, that is £1/2 = (2 1/2)* = (AMJ%A*)I/Z, sothat £ = 21/281/2 or 2) as £1/2 = AMy
so that ¥ = 21/2(21/2)* where (21/2)* = MfA*. By using the second definition, we obtain that
712K = (AMp)TIAK = fi' ATIAR = £, K.
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APPENDIX

In the proofs for Section 4 we use the notation (4}, ¢j, ¥;); to denote the singular value

decomposition of B = Z_l/zKQ(l)/z, that is, By = 4;p; and B*p; = J;y; where ¢;

and y; are of norm 1, V. In all the proofs we use the notation 7(.A) or 14 to denote

the indicator function of an event A and the notation =¢ to mean “equal in distribution”.
In order to prove several results we make use of Corollary 8.22 in Engl et al. (2000).
We give here a simplified version of this corollary adapted to our framework and we refer
to Engl et al. (2000) for the proof of it.

COROLLARY 3. Let (X;);~q be a Hilbert scale generated by L and let 212k .
X — Y be a bounded operator satisfying Assumption A.3, Vx € X and for some a > 0.
Then, for B=3S"V2KL™5 s >0and|v| < 1

cWIL™E@H) x| < [[(B*B) 2 x]] < c(w)|[L ™ @+ )| (A.1)

holds on D((B*B)%) with ¢(v) = min(m",m") and ¢(v) = max(m”,m"). Moreover,
R((B*B)%) = Xy (ats) = D(LY@+9)), where (B*B)l? has to be replaced by its exten-
sionto X ifv < 0.

A. PROOFS FOR SECTION 4

A.1. Proof of Theorem 1

(i) See the proof of Theorem 1(i) and (ii) in Florens and Simoni (2012b).

(i1) See Theorem 2 and Corollary 2 in Mandelbaum (1984) and their proofs in Sections
3.4 and 3.5, page 392.

(iii) The Py-mlt A is defined as A := QyK*(aX + I(QOK”‘)‘1 on R((0X +
1
gKQOK*)f) (see Luschgy, 1995). Under A.2, the operator QoK*(aX +
KQyK =L can equivalently be rewritten as

11 -1
QF Qi K 272 (ar+ 372K QoK ETI2) T x 12
1
=QlB*(al+BB*) 'z
1 * 1
=03 @l +5°B)~" (£72B) +QF (B (@l + BB
—(al +B*B)"'B*1x~1/2
1 .
—Q] (al+B*B)”! (2—1/23) (A2)
since [B*(al + BB*)~! — (a1 + B*B)~1B*]is equal to
(I +B*B)~'[(al + B*B)B* — B*(al + BB*)|(« + BB*)™!

which is zero. By using expression (A.2) for QoK *(a L + KQoK*)~! we show
that QoK *(a X + KQyK *)_1 is bounded and continuous on ). By Assumption
A.2 the operators B and ¥ ~1/2B exist and are bounded. Under A.1 the opera-
tor B is compact because it is the product of a compact and a bounded operator.
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This implies that B* B : X — X is compact. Because ((a !+ B*B)¢, ¢) > oc||</>||2,
V¢ € X we conclude that (o] + B* B) is injective for o > 0. Then, from the Riesz
Theorem 3.4 in Kress (1999) it follows that the inverse (al + B*B)_1 is bounded.
Finally, since the product of bounded linear operators is bounded, QK *(a X +
KQoK*)~! is bounded, i.e., there exists a constant C such that for all ¢ € V:
Q0K*(@X + KQyK*)"lg|| < Cllg]|. Since A := QyK*(aX + KQyK*)~ ! is
linear and bounded on ), it is continuous on ).

A.2. Proof of Theorem 2

The difference (X, — x) is rewritten as
Xg —Xx =—(I —AK)(xx —x0)+ AU :=C +C3, (A.3)

where the expression of A is given in (10). We consider the MISE associated with X, :
Eyx, ||Xo — x| |2 =I1Cy ||2 +Ey, | |(,’2||2 and we start by considering the first term. Our proof

follows Natterer (1984). Since 0 < aS? < 1 we can use the left part of inequality (A.1) in

Corollary 3 with v = 3~ and x = (al + B*B)~ VL% (x, — x) to obtain (A.4):

1
eI = 117 = (al + B*B) " (272 B)* K] (xs — x9)II?
=L — (@l +B*B)" N (7V2B)* KL™¥1LS (x4 — x0)|I

<a?c? (%) II(B* BYTa™ (o] + B* B)™' L’ (x4 — x0)||? (A4)
a )

()
- a+s
* s * py—1p* b * s—f K 2
x ||(B* B)ZaT (ol + B*B) ™" (B* B) 2@ (B* B) 2 L* (x, —x0)l

B
=a2c? (%) ||(B*B) %@+ (oI + B*B) " w]||?, (A.5)
a S

- s—f
where f = min(f,a 4+ 2s) and w := (B*B)2@+) L¥ (x4 — xg). Now, by using the right

s—f

part of inequality (A.1) in Corollary 3 with v = - =5

B < a+2s)and x = L (x4 — x) we have that

(remark that |v| < 1 is verified since

§— B f—
swp ol =7(=5)  swp L = xo)ll
(xs=x0) X5 () A+ (x.—x0)e 5 ()

_(s—p
=z sup [ —x0)ll;
(a +S) (xe—x0)eX(T) s
(S — B A
<2328 e —soligL P
a7 (x,~x0)eXy(I)
s=B\ 1 &
_z LLh-s
=e(S=5 ) (A.6)
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where in the penultimate line the equality holds for /= f. Remark that ||LE _ﬁ|| =1if
f = f and is bounded if f < f. Finally,

B
sup [|(B*B) 2@+ (ol + B*B) ' w]||?
(xs—x0)eXp(I)
2 io\?
0 ﬂ.;ﬂ 5 ;Lqﬂ' 5
= s > —L——(w.y’< sup |lwll

sup
(re—x0)eXy(1) {7 (a+ )2 720 @+73) | (x.—xo)eXp(T)
(A7)

and combining (A.5)~(A.7) with the fact that (sup;>g 220 (a + )LZ)_I)2 = o2(b=Dp2b
(1 —b)z(l_b) for0 < b < 1 (and in our case b = 2(%4_”), we get the result
2 Lo 200-b) =2 S =2 % -5 B—p2
sup NG < aaw b (1-p)2 D2 (—— )2 =2 )P ~#)Pr
(xe—x0)eXp(I') a—+s a+s

-0 (aﬁ/(aﬂ)) )

Next, we address the second term of the MISE. To obtain (A.8), we use the left part of

inequality (A.1) in Corollary 3 with v = 3= and x = (a/ + B*B)~l(z~1/2p)y*u:

1
E. |Cl1? =Ex, ||AU|1? = B, [|QF (al + B*B)~ (2712 B)*U)?

<c™? (%) E. |I(B*B) ™ (af + B*B)~ (2 ~1/2B)* U2 (A8)
a S

=oc 2 u
- a+s

X ir ((B*B)Wlx) (a1 +B*B)"'B*B(al + B*B)"! (B*B)Ta‘lx))

T\ o
< 0 =2 $ ) o B*B)’ W
< oc <a+s Sl;p (a +12) 2(( ) Y W/)
J j=1
a+s

where d = %}'(“H) The last term is bounded since rr(L™27(@+9)) < 0o by
a+s)

definition of y. The last inequality has been obtained by applying the right part of
Corollary 3 with v =y to j’il((B*B)V wj, ;). In fact, Zj’il((B*B)Y v, yj) =

7 r s L _ _ ;
22 ((B*B)Tyj, (B*B)Tyj) = 352, [1(B*B) T il < €(y) X, IIL™7 @)y =
e(y) T LT @)y L7V @) iy =By e (L2 (@),
Therefore, E)C*||C2||2 = O(éaz(d_l)) and SUP(x, —x)e X (I") Ey, |1X0 — x|)? =

B _aty(ats)
Ofaats +0a @+ ).
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A.3. Proof of Theorem 3

Let Eg be the expectation taken with respect to the posterior ,ug. By the Chebyshev’s
inequality, for &5 > 0 small enough and M5 — oo:

Vixe Xl —xall > 65Ms) < o EX [l — x|
Hs 24,00
esMs

1
= — (IG5 = xal P +irVar (. a.5).
&M

It remains to determine the rate of Var(xly‘s,a,s). Since Var(xly‘;,a,s) = g[Qo —
1 1 .
AKQy] = 598 (al + B*B)_lgé we have: trVar(x|y%,a,s) = otr(L™5(al +
1
B*B)~'L=%) =6tr(RR*) with R =L~ (al +B*B)"2.Let||- || s denote the Hilbert—

Schmidt norm. By using the left part of Corollary 3 with v = %H we get

[o¢]
trVar(x|y’,a,s) = dtr(R*R) = 0||Rl[3;s =0 _||Ry;|>
j=1

oo
<07 (—==) DL IBB)Y TR @l + B*B) |2

a+s/ 4
j=1
25 9,
i S)OO’U’”)( )
=0c | —— B*B) y;, y;
c (QH Za+ﬂ?< ) i i)
j=1 J
%727 )

s ¢
<5c_2( )su / B*B) yi,y;
-~ \a+s _,-p a—{—}.? E“ Vv vi)
)ocu_luv(l—u)l_UE(y)tr(L_zy(a'H)), pi=—o y

<oc? — —
(a+s)

- (a+s

which is finite because y € [0, 1] is such that tr(L ™2 (‘H'S)) < 00. The last inequality has
been obtained by applying the right part of Corollary 3 and by following the steps used to
obtain (A.9). Now, by this and the result of Theorem 2:

1 i _aty(ats ~
,ug{xeX:llx—x*ll>85M(5}=(’)p(27Mz(am +do @) )), £ =min(f,a+2s).
&

e}

p 1 _aty(ats) %
Hence, for g5 = (a2@) + 620 2@+ ) we have ug{x € X : |lx —x«|| > esMs} — 0

in P**-probability.

B. PROOFS FOR SECTION 5
B.1. Proof of Proposition 1

Let us consider the singular system (4,7, ¢;, y;); associated with T' := > ~1/2K . Under
Assumption C there exist a,a > 0 such that a j_2“ < /I/ZT <aj —2a_Moreover, because

L~ takes the form in (13), {w;} and {aj 24 j _2“} are the eigenfunctions and (the order
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of the) eigenvalues, respectively, of the operator (a L 4+ T*T). We can then write: V¢ €
Xos ND(T*T), @L® +T*T)p =351 (@j* + 72 (¢, vj)yj and Vg € X, (a L +
T*T)" =321 (@j* +j72) "1, wj)w;j where, under Assumption A.1, D(T*T) =
X. Therefore, terms Cq and Cy defined in the proof of Theorem 2 can be written in the
following way:

C1I1? = Il = L™ (@l + B*B) "1 (£ ™V/2B)* K 1(xs — x0)II?
= |l = (@L> + T*T) "' T* T (x4 — x0)I?
=D (I = (@L¥ +T*T) ' T*T)(xs — x0), w;)*
j=1
2

2 :4s
=3 e x) y) = Y (e = x0). )

2s —2a)2 —2(a+s))2
S @T T St )
and

Ey, |ICol* = Ex, [IL™5 (@l + B*B)~ (=712 B)*U|?
=E,,|l(aL* + B*BL) ™' (=71/2B)*U|?
=0 (@L® +T*T) ' T*T(@L® + T*T) ;. p))
j=1
J-—2(a+s)j—2s

=0 E =0 .
2 —2a)2 i—2(a+s))2
j>1(aj S+J G (ot jTeR)

Hence, by using (A.3), the risk associated with X, writes:
I 2 0‘2 2
Ex, [IXa —x||” = Zm((h —X0), ¥j)
J

S —25—2(a+s)

+ ) ———— = Al + A2
; (a +j—2(u+s))2
We have that supy, _ e x,(r) Al = SUPY . 28 ((x,—x0),pj)2 < Al and
sup Al
2 7P (e —x0),y)2<T
1
2 2
=a sup Z*((X*—Xo),v/‘/)
5, 2 a0y 2<T T (a4 jm2a+)?
=a? sup ziﬂﬂ«x*_m) wj)?
) 2 - i—2(a+s))2 L
> i ((e=x0), )2 <T (a+ )
—28
=a’sup /

j (a_|_j—2(a+s))2
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1
2(a+s)

JR S
The supremum is attained at j = o 2@+s) (m) as long as f < 2(a +s).

28
If § > 2(a+s), then sup; (aﬂ?_w = 1. Consequently,

i B
sup  Al=qaspb(1-p)20-D, p= b , B =min(8,2(a+s))
(xe—x0)eXp(T) 2(a+s)

by using the convention (1 — b)z(l_b) = 1 if b = 1. In order to analyze term A2 we first
—25—2(a+s)
J

remark that the summand function f(j) := g Ta)y
1

defined on R is increasing for

. - . . < T (a+2s 2a+s)
J < j and decreasing for j > j where j = (Ta) . Thus,

0 —2s—2(a+s) —2s—2(a+s) 0 J—2s 2(a+s)
/ m]“‘“zm”. (o 2w
_ 2a+1 (OO 1 "
S da 2(a+s>/t_ mdtsxlz
J71—2s—2(a+S) _ 2a+1  [©O 1
oy A e

1
- 25\ 20+ - 00
where 7 = (%) “"7. Denote ¢ (1) = [;

value to obtain

L F by i
TEIrECS e dt and replace j by its

a2 2a+1
So ™ Tt ¢y (7) < Ag < a2 ( (7 470~ 2=2a+N 927N . 50~ 3wk 3 (7).
4(a+s5)?

_ 2a+1 2 21
Therefore, Ay = da_ 2@+5) . Finally, let G = b2? (1 —b) a-br, by putting the two results
together we have:
B 2a+1 B

_ 2a+1 _ . _ 2a+1
0. @+s) G +da 2+ ¢ (1) < sup Ex, ||%q —)c*||2 < a @) G+da 2a+s) ¢y(1),
(xx—x0)eXp(T)

_ a+s
this proves (14). By replacing a < J (respectively a < d/#+a+1/2) in this expression we get
(1) (respectively (ii)).

B.2. Proof of Proposition 2

The proof proceeds similarly to the proof of Proposition 1, so we just sketch it. The risk
Ey, |1Xq —)c=:<||2 associated with X, rewrites as the risk in Section B.1. The only term
that we need to analyze is A1 since the analysis of A2 is the same as in B.1. By using
Assumption B’

., 1 2 —2b0
A=Y g 0 =Y
J
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j=*ho
(a+] —2(a+s) )2
2s. If by < 2a + 2s, then f(j) is increasing for j < j and decreasing for j > j where

and the function f(j) := defined on R is decreasing in j if by > 2a +

2a+2s—
consider these two cases separately. If by < 2a +2s

- I — 55
j=a 2@t (biobo) @) Therefore, to upper and lower bound .A; we have to

) o0 j 2bg 2 —2bo 2 —2b0
a /j_ (a+J—2(a+r))2 dj < A1 < Z ((X+J—2(a+v))2 Z (a+J—2(a+v))2

2bg—1 00 u4(a+s)—2b0
/ u<A
u

2(a+s) -
& o 2lats (uz(a+3) + 1)2d

3 ]TT—ZbO ;?O-ZI) 0o Aat+s)—2by J
s a (a+]7—2(a+s))2 ta /u (u2(a+s)_|_1)2 u,

00 u4(u+s)—2b0

1
by ~ 2(a+s) i
) B mdu for some scalar # and

2a+2s—bgy
replace j by its value to obtain

where u = ( . Denote ¢} (it) = |

2by—1 2by—1 2a +2s —bp \ 2 2bp-1
a @ ¢y () < Ay < oTa@F) (ClL)-l—ul 2bg (%) = 0 2@ &) (u).
a+s

It by > 2a +2s:

) o0 j—2b0
. A—
¢ K (a+j—2(a+s))2dj <A
[e's) —2bg
2 J .
+a/ —————dj
i—2(a+s))2
R e D)

2bp—1 00 M4(a+s)—2b0
2(a+s) -
ea /_ (u2(a+s) 1 1)2du

) 2bg—1 0O u4(a+s)—2b0
<a + o 2(a+s) / 76{”,
i (u2(a+s) + ])2

_2p
2 j

(a+ j—2(a+s))2 )
/:

< A

1
where i = a 2(@+5) . By using the notation defined above we obtain:

2y—1 21
a2at)ci(m) <A <a Zta 2@+9) ¢q ().

2bg—1
Since the integral in ¢ (&) is convergent, the upper bound is of the order a 2(@+s) where bo =
min(bg, 2a + 2s + 1/2). Summarizing the two cases and by defining: ¢; = c1(w)I(bg <
2(a+s))+c1 (@) (bg>2(a+s))and ¢ =¢1 () (bg <2(a+s))+ci (@) (bg > 2(a+s))
we have

2bg—1 2bg—1
aZat ¢p < A < a1 (by > (2a +25)) + a 2@t .
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By using the upper and lower bounds for A, given in the proof of Proposition 1 we get the
expression in (15):

2bg—1
T ¢ + 0”0 ¢y () < B, l1fg — a2

21
<a?1(by > a+2s))+a @t &) +da~ Tk G (7).

a+s
By replacing o < %074 we obtain (16).

B.3. Proof of Theorem 4

We use the same strategy used for the proof of Theorem 3. The trace of the posterior
covariance operator is:

oo
triVar(x1y®,0,9)]=0 > (L™ (al +B*B) ' L™y, ;)
j=1

oo
=0 ((@L*+B*BL) ' L™ y;, y;j)
j=1

[oe]
=6 ((@L® +T*T) 'y, yj)

J=1
> >
=0 =0 .
/>1 2S +j—2u o a+j—2(a+s)
Since f(j):= ]772@“) is increasing in j for j < j and decreasing for j > j where

+Jj

j=(as/a)” 2(“+S) then we can upper and lower bound the trace of the posterior covariance
operator as:

aZm) < tr[Var(x|y°, a,s)] <a2f(/)+52f(/)

J=J j=1 j=J

s _22(a+1) oo 2a d 5
a+s — dt <tr|V
& oa /_ peTrEm r(Var(x|y°,a,s)]

JTl—Zs 2a+1 00 12a
_ — + 00 20a+s) ———dt
a+j—2(a+s) +oa /; t2(a+s)+1

_ 2a+1 - 0
& da” X iy (1) < tr[Var(x]y°, a, )]

_ 2a+1 __ (1=2s
< oo 2(a+s) ¢ 2(a+s)

_ 2a+1
+5(Z 2(a+s) K2(a>
a+s
tZa

Mdt. Thus, tr[Var(x|y’,a,s)] =<

1
where 7 = (s/a)” 2@ and xy(f) = [7°
_ 2a+1
do 2(+s) . By the Chebyshev’s inequality and Proposition 2, for &5 > 0 small enough

and Ms — oo
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Yl e Xillx =xall > e5Ms) < 5 (G, @) = xal P+ 1rVar (e, a,9))
&5 M
o ( ( T 4o ~a)
= o 2a+s) 4+ o a+s >’
e

by = min(bg, 2(a +5)+1/2)

2by—1 _ 2a+l
in P*+-probability. Hence, for g5 = (a 4@+s) 4 52a 4@+s)) we conclude that y();{x eX:
a+s
[Ix = x«|| > egMs} — 0. For a = & we obtain (i). To obtain (ii): arginfy e5 = §"0* and

2by—1
infy, g5 = 4o+

C. PROOFS FOR SECTION 6
C.1. Proof of Theorem 5

To prove Theorem 5 we use Theorem 3.3, p. 123 in Kuo (1975). We first rewrite this
theorem and then show that the conditions of this theorem are verified in our case. The
proof of Theorem 7 is given in Kuo (1975).

THEOREM 7. Let P> be a Gaussian measure on Y with mean m and covariance op-
erator Sy and Py be another Gaussian measure on the same space with mean m and
covariance operator S1. If there exists a positive definite, bounded, continuously invertible

1 1

operator 'H such that Sy = Slj HS 17 and ‘H — 1 is Hilbert—Schmidt, then Pj is equivalent
to Py. Moreover, the Radon—Nikodym derivative is given by

dPy

22
J 2
dP s Bia
25 =] BRI (C.1)
j=1

a
e
2
ij +a
22
with - the eigenvalues of H — I and zj a sequence of real numbers.
In our case: Py = Py,m = Kxg, S =0X + gKQOK*, Py = Py,and S| =JX. We rewrite
S5 as
) 1 1 1 1 1
Sy = (52 + fKQOK*) =532 [1+ 72—1/21(901(*2—1/2]27\/5: SZHS?
a a

with H = (I + é Z_l/zKQOK*E_l/z) =+ %BB*). In the following four points we
show that  satisfies all the properties required in Theorem 7.

(1) H is positive definite. In fact, (I + éBB*) is self-adjoint, i.e., (I + éBB*)* =
(I+1BB*)andVp e Y, p #0

1 1 !
<(1+;BB*)(/),§0> = (9.9)+ (B0, B*9) = lpl >+ —IIB*¢I* > 0.
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(2) H is bounded. The operators B and B* are bounded under Assumption A.2, the
operator / is bounded by definition, and a linear combination of bounded operators
is bounded (see Remark 2.7 in Kress, 1999).

(3) H is continuously invertible. To show this, we first recall that (1 + éBB*) is con-
tinuously invertible if its inverse is bounded, i.e., there exists a positive number C
such that ||(I + éBB*)_l(OH < C|lpll, Yo € Y. We have [|(I + éBB*)_l(pH <
(supj o1l = lgll. Yo < V.

(4) (H —1) is Hilbert—Schmidt. To show this we have to consider the Hilbert—Schmidt
norm ||éBB*||HS = é\/tr((BB*)z). Now, tr((BB*)2) = tr(QoT*TQyT*T) <
trQ)T*TQoT*T|| < oo since T := >~ /2K has a bounded norm under
Assumption A.1.

C.2. Proof of Theorem 6

We start by showing the first statement of the theorem and then we proceed with the proof
1—r

of (21). Let &3, ¢4, and ¢4 be the constants defined in Lemma 2. Fix €5 = §*®0*® for

a+ts a+ts

O<r<la= (E—z(l +e(s)) ot SP gy = (%i(l —65)) b0+ 5P where: p = %, p=
%, n=nl{bg—a—2s—1/2> 0}, and (bg+a) > n > max{(bg —s —1/2),0, (bg —
2s —a — 1/2)}‘}. Remark that, since bg —s —1/2 > (bg—2s —a—1) and 0 < €5 < 1
(because 0 < 0 < 1) then the assumptions of Lemmas 4 and 5 are satisfied. Moreover,
C4 > ¢4 (see the proof of Lemma 2). Let G := {3a; Sya(&) =0Na € (ap,aq)} and G¢
be its relative complement with respect to {3a; S,s(@) = 0}. In order to prove the first
statement of the theorem we make the following decomposition:

P{3a; S,s(a) =0} = P{3a; S,s(a) =0Na € (az,a1)}
+ P{30; Syts(&) =0Na ¢ (ap,a1)}
= P{G}+ P{G}.
From Lemma 6 we conclude that as 6 = 0: P(G) — 1 and so & € (a5, a.1) with probability
approaching 1. This implies that we can write & as a (random) convex combination of oy

and ay: a = pay+ (1 — p)oy for p a random variable with values in (0, 1). Since ay — 0
faster than a1 — O then:

a+s
ats ats ~ bo+a
& — 0[7 (5b0+a+ﬂ) +5b0+a+}7 (1 _p) [2(1 +66)] 0

a+s _ a+ts _
=:0p (5b0+“+’7) +gbotati (1 — p)xy. (C.2)

This establishes the first result of the theorem.

Next, we proceed with the proof of (21). Denote by /5 and Igc the indicator functions
of the events G and G¢, respectively. By the Markov’s inequality, to show that ,ug& {|]x —
X«|| > esMs} — 0 in probability it is sufficient to show that its expectation, with respect
to P*+, converges to 0. Then,
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Ex, (1) 4 lx = x:ll > e5M5))
=By, (] ol = xall > 85M e ) +Ex, (1) 411k —xll > 25M5) 16 )

[|X5 —x ||2 trVar(xly‘S,&,s)
< Ex, (Ige) +Ex, | =551 v I ).
esM; esM;

(C3)

where the last inequality follows from the Chebyshev’s inequality. By Lemma 6: E (Igc) =

P(G®) — 0. We then analyze the second term of (C.3). Let a. denote the optimum value
ats

of o given in Proposition 2, that is, as = 50T with by = min{bg, 2(a + s) + 1/2}. By

using the notation B(a) := (al + B*B)~! and B(a) := (al + QoK * L~ 'K)~! and by
1
adding and subtracting Qé B(a*)(Z_l/zB)*(y’S — K x() we obtain:

B (1166 —x.IP16) = B 19 B@(E™2B)" (7~ Kxo) + 30— x.IPlg
< 2,107 B@)(@. — @) B(a) (7 2B) (o - Kxo)|Plg
2, 1197 B@) (S 2B)" (v = Kxo)+x0— x|
< 4B, |1B(@) (0w — @) [Qé B(a.)(272B)" (" = Kxo) +xo —x*] P16

+4E,, ||B(@)(0tx — &) (x0 — x:)|[*1G + 2B, [|Zq, — x|
< 4E, ||B(@)(as — )P IGEx, ||Xq, — x.|I?
+4E,, (0 — 6)?||1B (@) (x0 — x.)11*[G + 2Ey [|%q, — x:|I7,

where the last inequality is due to the Cauchy—Schwartz inequality. By the first part of this
proof, & can be written as in (C.2) so that there exists a positive constant x| such that:

E, [1B(@)(ax — )12 G = Ex 1GL* +T*T) " L% (0 — )11 IG
o0

1
=E*(a*—&)2 sup a5
X ||¢||=1j§ @ +J—2(a+s))2

o 2
< Ey, (a*A aIG)
a
ﬁ(h07139+»7)
(a (w+bo) —op(l)—(l—p)fq)

(0p(1) + (1= p)icy)

?, ‘/’j)zlG

2

= O(1). (C.4)

- - 2b
Moreover, || B(a)(xq —x*)||2 = Zj W =&~ 2 Al where Al is the term defined

in Section B.2 with the only difference that & must be replaced by a. With reference to the
2p—1 .
notation of that section we have: @ 2@+s) 201 < |IB(0)(xg—x:)|12 < I(by = 2(a+5)) +
2bg—1 _
a 2a+s) 251 . Therefore, by denoting &, := [0p (1) + (1 — p)x1],
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2bg—1 2bg—1 ) ﬁbO_E(_)Jrﬁ 2
52(”0‘*"“*"7)Ex* (,gp)Z(aﬂ)_ 5 (a+bg) _,}p 1

< Ex, (ax —0)? [|1B(@) (x0 — x0)|*1G

2(a+s _ 2bp—1 _ 2by—1 ) ]3 ho—l;9+77 2
<Ey, || 0%0FFT (b > 2(a+5)) +0700+HD (5,) et "¢ || 5 @0 —f, ,
- 2by—1
that is, Ey, (ax — @) || B(&@) (xg — x:)||*1g = O 62®0++1) ) then, we conclude that
2by—1
E,, (||;e& —x*||21(;) < Ey, |IZ0, — x| 22 +40(1)) + 40| §2C0+a+D ) (C.5)

Let us turn to the analysis of the variance term:
trvar(x|y°,a,s) = dtr [QO(&I + B*B)_l]
= 6tr [Qo(a*l +B*B)~!
+Q [(&1 +B*B) = (anl +B*B)_1]]
- [L—S(a*l + B*B)—lL—S]
+otr [L—S(&I 4+ B*B) Nas — ) (asl + B*B)~! L—S]
:5tr[(a*L2S+T*T)_1]

torr [@LP + T D) T L @ =)L (@ L2 + T T) 7!

o0

i 1 (as —a)j% 1
=9 + — - TR
Z ((x*j2s +j—2a) Z (aJZs +j—2a) (a*JZA +j—2a)

J=1 j=1
- 28 s A :—2s
S J ((X* —(X) J
E (05 + j—2(a+s)) E (G + j=2@+5)y (qy 4 j—2(a+9))
los —a| o0 j—2s
S§(I+ & )E (a*+j—2(u+s))

— (1 + o A—al) tr[Var(ny(S,OC*,S)],
a

where the last equality uses the expression of the trace of the variance recovered in the
proof of Theorem 4 (see Section B.3). From (C.4) it results that Ey, (la*o%“l IG) =0().

Therefore,

Ex*trVar(XIy‘;, a,)NIlg =1+ O(l))tr[Var(xly‘s,a*,s)]
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and by using the upper and lower bounds for tr[Var (x| yé’ 0.x,s)] derived in the proof of
_ 2a+1

Theorem 4 we conclude that Ey, trVar(x|y°, &, s)Ig = (1+O(1))da, *“™ . By replac-
ing these rates in (C.3) we have:

1 2bp~1 21
Ex. (1} a1l =l > e5M5)}) = Of -y | 920070 497007757
070

2bg—1
which converges to 0 for g5 < §*Po+ati

D. PROOFS FOR SECTION 7
D.1. Proof of Corollary 1
__ 1 1 __ .
Let B*B = Q3 T*TQ}. Ry = (al + B*B)™!, Ry = (al + B*B)~!, 271/2B =
[ 1
(A*)_IALTQ(%, =-1/2p = (A*)_I#TQé. Moreover, we denote E = Ey, and de-
Fw fw
1 —
fine Up = U —EU, 5° = AfwTx« + Up, and %o = QF Ry (2~1/2B)*(5° — Afw Txo).
We decompose (X, — x«) as
1, .
(fa —x4) = (Fa —x0) +QF Ra (272 B)* (9 — AR x)
1 —
—QF Ru(£712B)* (5 = Afw Tx0)

—~

1r. -
= (fa — 1)+ [Ra(z—“zB)*AK—Ra(z-lﬂB)*AfwT] (s = x0)
l R —~
+Qf [Ra<z—”23)*v—Ra@—l/zB)*Uo]
= (Xg —x4)+ A1+

(I) Convergence of E||(Xq — x*)||2. This rate is given in Theorem 2 (since this term
depends on operators that do not vary with ).

() Convergence of .

E(|24]]? = E||Qé (éa [(2—1/23)*A1€L—S - (EiUEB)*AfWTL_S]
+(Ry — Ra)(Z/_—UZ/B)*AfWTL_‘Y) L® (xi — x0)|?
- E||Q§ (ﬁa [B*B — B*B]+ Ry (B*B — B*B)Ral?ﬁe) LS (xs —x0)| 2
=E||Q§1€’ag§ [%*%—T*T] QéaRaLS(x* —xo)lI?

1 .0, “ 1
—EIIQZ Ry Q} (7’*(7'—7’)+(7'* —T*)T) Q2 a Ry L* (v — x0)] 12
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1 1 N
< (2E||s23 Ra QT IIPEI(T =TI

1 1 1
+2E||Q¢ Ry |IPEN1QZ (T —T*)||2||T||2)a2||93 R LS (x4 — x0)|*

1 | ya
—0(a! + (max{he, h: D ) +a=2 (— 1022 )) o (aw ).
nhyh; nhy

1
The last term ||Qé Ry LS (xs — )c0)||2052 is equal to term C in the proof of Theorem 2 and
B
soitisa O (a ats ) Moreover, we have used Assumption HS(ii) and (iii) and the fact that

I
EllQ) >R = O (a_z) and E|QF Ra Q2 T*|[2 = O ((1_1).

(III) Convergence of 5.
1 R _ e~
E[|2[1* =E|lQ] (Ra(z 1/23)*U_Ra(2_1/23)*(]0) 15

1, 1 ——
< 2E||Q¢ Ry (272 B)*U|1* + 2E(|Q¢ Ru (E~1/2B)* Up||? (D.1)

LN ., 1 1 ~
< 2E||Q¢ RaQ} T fiy' A7 UI +2E11Q¢ R T* fi A7 0112

a+y (a+s)
ZO(oc_2 (l—{—hgp)—i—n_la_ e )
n

by using Assumption HS (i) and the fact that the second term in (D.1) is equal to term Cy
in the proof of Theorem 2. By writing E||x, —x*||2 < 2E||Xq —x*||2 + 2E||2(; +Ql2||2
and by putting all these results together we get the result.

D.2. Proof of Corollary 2

Let us denote: 7 = s/(2a), Ry = (al + THtH)~1 R, = (aI + K*tH~1 3, =
K'Ry K'(y° — Kx()+ xq. Then,

Ex IR0 — x> = Ex. llaRo (v« —x0) + K' Ry K' U
=Ex*||aéa(x*_x0)+a(Ra_Iéa)(x*_xo)‘FRaZztU
+(Ry K* = Ry 2*HUII?
< 2Ex, ||o:Rq (x4 = %0) + Ro ¥ U|1” +4Ex||a(Ra = Ra) (s = x0)|1?
+4Ex, I(ReK? = RaZ*)UI? =: 241 +4A; +443.
2bg—1
The rate of term A; is given by Proposition 2 with d = n~l: A = (am +

_ 2a+1
nla Z(SH)). By using the result of Lemma 1 and a Taylor expansion of the second

order of the function 2! around K (thatis, T2t = K2+ 4 2+ DK (= - K]+
Op([Z — K1?)) we obtain
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Az = Ex [la(Ro = Re) (xs =x0)II” = Ex [|Ra (22! = K2 F1)a Ry (e —20) I
= ExlIRo (14 DK (=KD +0p(1E = K1) aRe) (vs = x0)II
< O (Ex. IRa K IPE, 12 = KIPEx, lloRo (x = x0)| )

+O (Ex. 1Raln ™ Ex, lla Ra (x: = x0)11)

| —2a 2by—1 5 o 2bg—1
=0\ n" "a staq26ta) )4+ O n”“a” “a26ta) ),

2
where we have used the facts that: Ey, ||Ry K22 =0 (a_ﬁ) and, by Lemma 1,

E., |I(Z — K)2||2 =0, (n_Z). More precisely, the latter rate is obtained as follows: for
some basis {p;}

E=-K)?1P = sup > (E—K)’¢.0j)% = supIZ«z —K)¢. (2 —K)gj)*

lpll=<1;— lpll<1;—

o0
< sup DUIE = KIS = Kyl
||¢||51j:1

[o/e]
= 1= K)IF D NE = K)g;l1F =112 = KIPIE = K)lIs.
j=1
212 2 )2
Thus, the proof of Lemma 1 implies: Ex, ||(E — K)2|)? < (Ex*||Z—K||HS) -
(@] (n_z). Next,
A3 =Ex |[(Ro K — Ry 22U 1> = Ex, ||(Ra K — £ Ro)U ||
= Ex lIRo [a (K = 22+ K2 (2 = K) S | RaUIP
< 2By, ||Rqa(K* = 22)RyU|1* +2Ey, [|Re K (2 — K) S Ry U |
2 25 17112 —2a 5 _Jatl .
and 2Ey ||Ra K7 (2 —K)2“ R, U||*=0|a stan™"a 26+a) ) by Lemma | and since
2 - _ 2a+1
Ey, ||R. K% ||? = o(a‘ﬁ) and Ey, || 22 R, U|> = O (n—la 72<s+a>). To obtain the

rate for the first term Ey, ||Raa(K2’ — 22‘)I€’OCU||2 we use a Taylor expansion of the
second order of the function K% around ¥ (that is, K% = £2 4+ 232~ 1(K — )+
O(K — 2]2) and the O ([K — 2]2) term is negligible as shown above) and obtain:

Ex, IRaa(K¥ = 2 RaU|1? = O (Ex, I RactllEx, 1K — ZIPEx, 152" RoUIP)
_3a+1/2
-0 (,1—2,1 Gra) )

by the result of Lemma 1 and since Ey, |laRy||*> = O (1) and Ey,||[2¥ 1R, U|? =

_3a+1/2 -
O (n_la s+a ) Remark that to recover the rate for Ey, ||22t_1 R, U ||2 a procedure
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similar to the one for recovering the rate for term A, in Proposition 1 has been used. By

putting all these results together we obtain

) 5 261 _q —2atl  _2a 2bg—1 5 261
Ex* ||x0£ _x*” = Of o 26+a) +n" o 2(s+a) 4+n o staq 2(s+a) +n" ‘o o 2(s+a)
) - 6a+1 _ 2a 7 — 2a+1
+ n_“a 2(s+a) 4o sta n ‘o 2(s+a) .

_ats

Finally, by replacing o with as < n ~’30+", the third to sixth terms are negligible with
respect to the first and second terms if by > s and by > a. This concludes the proof.
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