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Preface

This book has grown out of several courses that we have given over the years at
Purdue University, Michigan State University and the Indian Statistical Institute on
Bayesian nonparametrics and Bayesian asymptotics. These topics seemed sufficiently
rich and useful that a book length treatment seemed desirable.

Through the writing of this book we have received support from many people
and we would like to gratefully acknowledge these. Our early interest in the topic
came from discussions with Jim Berger, Persi Diaconis and Larry Wasserman. We
have received encouragement in our effort from Mike Lavine, Steve McEachern, Susie
Bayarri, Mary Ellen Bock, J. Sethuraman and Shanti Gupta, who alas is no longer
with us.

We have enjoyed many years of collaboration with Subashis Goshal and much of
our joint work finds a place in this book. Besides, he looked over an earlier version
of the manuscript and gave very useful comments. The book also includes joint work
with Jyotirmoy Dey, Roy Erickson, Liliana Dragichi, Charles Messan, Tapas Samanta
and K.R.Srikanth. They have helped us with the proof, as have others. In particular,
Tapas Samanta played an invaluable role in helping us communicate electronically
and Charles Messan with computations.

Brendan Murphy, then a graduate student at Yale, gave us very useful feed back
on an earlier version of Chapter 1. We also benefited from many suggestions and
criticisms from Jim Hannan on the same chapter. We like to thank Nils Hjort both
for his interest in the book and comments.

Dipak Dey made Sethuraman’s unpublished notes available to us and these notes
helped us considerably with Chapter 3.

When we first thought of writing a book, it seemed that we would be able to cover
most, if not all, of what was known in Bayesian nonparametrics. However the last few
years have seen an explosion of new work and our goals have turned more modest.
We view this book as an introduction to the theoretical aspects of the topic at the
graduate level. There is no coverage of the important aspect of computations but
given the interest in this area we expect that a book on computations will emerge
before long.

Our appreciation to Vince Melfi for his advice in matters related to Latex. Despite
it, our limitations with Latex and typing skills would be apparent and we seek the
readers’ indulgence.
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Introduction: Why Bayesian Nonparametrics—An
Overview and Summary

Bayesians believe that all inference and more is Bayesian territory. So it is natural that
a Bayesian should explore nonparametrics and other infinite-dimensional problems.
However, putting a prior, which is always a delicate and difficult exercise in Bayesian
analysis, poses special conceptual, mathematical, and practical difficulties in infinite-
dimensional problems. Can one really have a subjective prior based on knowledge and
belief, in an infinite-dimensional space? Even if one settles for a largely non-subjective
prior, it is mathematically difficult to construct prior distributions on such sets as the
space of all distribution functions or the space of all probability density functions
and ensure that they have large support, which is a minimum requirement because
a largely nonsubjective prior should not put too much mass on a small set. Finally,
there are formidable practical difficulties in the calculation of the posterior, which is
the single most important object in the output of any Bayesian analysis.

Nonetheless, a major breakthrough came with Ferguson’s [61] paper on Dirichlet
process priors. The hyperparameters a(R) and «(-) of these priors are easy to elicit, it
is easy to ensure a large support, and the posterior is analytically tractable. More flex-
ibility was added by forming mixtures of Dirichlet processes, introduced by Antoniak
[4].

Mixtures of Dirichlet have been very popular in Bayesian nonparametrics, espe-
cially in analyzing right censored survival data. In these problems one can combine
analytical work with Markov Chain Monte Carlo (MCMC) to calculate and display
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various posterior quantities in real time. By choosing «(-) equal to the exponential
distribution and by tuning the parameter a(R), one can make the analysis close to
classical analysis based on a parametric exponential or close to classical nonparamet-
rics. However, the whole range of a(R) offers a whole continuum of options that are
not available in classical statistics, where typically one either does a model based
parametric analysis or use, fully nonparametric methods. An interesting example in
survival analysis is presented by Doss [53, 54]. Huber’s pioneering work in classical
statistics on a robust via media between these two extremes has been too technically
demanding to yield a flexible set of methods that pass continuously from one extreme
to the other. These ideas are discussed further in Chapter 3 on Dirichlet priors.

Similarly one can analyze generalized linear models with a nonparametric Bayesian
choice of link functions. Bayesian nonparametrics is known to be a powerful, robust
alternative to regression analysis based on probit or logit models. References are
available in Chapter 7. There is some evidence of gaining an advantage in using
Bayesian nonparametrics to model random effects in linear models for longitudinal
data.

Sometimes things can go wrong if one uses a Dirichlet process prior inappropriately.
Such a prior cannot be used for density estimation without some smoothing, but
smoothing leads to formidable difficulties in calculating the posterior or the Bayes
estimate of the density function. Solution of this computational problem by MCMC
is fairly recent; see Chapter 5 for references and discussion. A major advantage of the
Bayesian method is that choice of the smoothing parameter h, which is still a hard
problem in classical density estimation, is relatively automatic. The Bayesian version
of varying the smoothing parameter over different parts of the data is also relatively
easy to implement. These are some of the major advances in Bayesian nonparametrics
in recent years.

A major theoretical advance has occurred recently in Bayesian semiparametrics.
One has the same advantages of flexibility here as discussed earlier, but unfortu-
nately this is also an area where the Dirichlet process is inappropriate without some
smoothing. Instead one can use Polya tree priors that sit on densities and satisfy some
extra conditions. For details and references see Chapter 6.

A difficulty in Bayesian nonparametrics is that not much was known until recently
about the asymptotic behavior of the posterior and various forms of frequentist vali-
dation. One method of frequentist validation of Bayesian analysis is to see if one can
learn about the unknown true Py with vanishingly small error by examining where the
posterior puts most of its mass. This idea and the first result of this sort are due to
Laplace. A precise statement of this property leads to the notion of consistency of the
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posterior at Py, due to Freedman [69]. In the case of finite-dimensional parameters,
the posterior is usually consistent, and the data wash away the prior. For an infinite-
dimensional parameter, this is an exception rather than the rule; see, for instance,
examples of Freedman [69] and his theorem: For a multinomial with infinitely many
classes, the set of (Py,II) for which posterior for the prior II is consistent at Py, is
topologically small, i.e., of the first category. Freedman had also introduced the notion
of tail free priors for which there is posterior consistency at Fy. A striking example of
inconsistency was shown by Diaconis and Freedman [46] when a Dirichlet process is
used for estimating a location parameter. In his discussion of [46], Barron points out
that the use of a Dirichlet process prior in a location problem leads to a pathological
behavior of the posterior for the location parameter. It is clear that inconsistency is a
consequence of this pathology. Diaconis and Freedman [46] also suggested that such
examples would occur even if one uses a prior on densities, e.g., a Polya tree prior
sitting on densities.

Chapter 4 is devoted to general questions of consistency of the posterior and positive
results. Applications appear in many other chapters and in fact run through the whole
book. These results, as well as somewhat stronger results, like rates of convergence,
are fairly recent and due to many authors, including ourselves.

To sum up, Bayesian nonparametrics is sufficiently well developed to take care
of many problems. Computation of the posterior is numerically feasible for several
classes of priors. We now know a fair amount of asymptotic behavior of posteriors
for different priors to ensure consistency at plausible Pys. Most important, Bayesian
nonparametrics provides more flexibility than classical nonparametrics and a more
robust analysis than both classical and Bayesian parametric inference. It deserves to
be an important part of the Bayesian paradigm.

This monograph provides a systematic, theoretical development of the subject. A
chapterwise summary follows:

1. After introducing some preliminaries, Chapter 1 discusses some fundamental
aspects of Bayesian analysis in the relatively simple context of finite dimensional
parameter space with dimension fixed for all sample sizes. Because this subject is
treated well in many standard textbooks, the focus is on aspects such as nonsubjective
priors, also called objective priors, posterior consistency and exchangeability. These
are topics that usually do not receive much coverage in textbooks but are important
for our monograph,

Because elicitation of subjective priors or quantification of expert knowledge is still
not easy, most priors used in practice, especially in nonparametrics, are nonsubjective.
We discuss the standard ways of generating such priors and how to modify them
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when some subjective or expert judgment is available (Section 1.61.7). We also briefly
discuss common criticisms of nonsubjective Bayesian analysis and answers 1.6.2

Posterior consistency is introduced, and the classical theorem of Doob is proved
with all details. Then, in the spirit of classical maximum likelihood theory, posterior
consistency is established under regularity conditions using the uniform strong law
of large numbers. Posterior consistency provides a frequentist validation that is es-
pecially important for inference on infinite-or high dimensional parameters because
even with a massive amount of data, any inadequacy in the prior can still influence
the posterior a lot. Posterior normality (Section 1.4) is a sharpening of posterior
consistency that is related to Laplace approximation and plays an important role in
the construction of reference and probability matching priors. Convergence of poste-
rior distributions is usually studied under regularity conditions. A general approach
that also works for nonregular problems is presented in Section 1.5. Exchangeability
appears in the last sections Chapter 1.

In Chapter 2 we examine basic measure-theoretic questions that arise when we try
to check measurability of a set or function or put a prior on such a large space as
the set P of all probability measures on R. The Kolmogorov construction based on
consistent finite-dimensional distributions does not meet this requirement because the
Kolmogorov sigma-field is too small to ensure measurability of important subsets like
the set of all discrete distributions on R or the set of all P with a density with respect
to the Lebesgue measure. Questions of measurability and convergence are discussed
in Section 2.2.

An interesting fact is a proof that the set of discrete measures and the set of ab-
solutely continuous probability measures are measurable. The main results in the
chapter are the basic construction theorems 2.3.2 through 2.3.4. Tail free priors, in-
cluding the Dirichlet process prior, may be constructed this way. The most important
type of convergence, namely, weak convergence is discussed is detail in Section 2.5.
The main result is a characterization of tightness in the spirit of Sethuraman and
Tiwari (1982). Section 2.4 contains 0-1 laws for tail free priors as well as a theorem
due to Kraft that can be used to construct a tail free prior for densities.

De Finetti’s theorem appears in the last section.

The reader not interested in measure-theoretic issues may read this chapter quickly
to understand the main results and get a flavor of some of the proofs. A reader with
more measure-theoretic interest will gain a solid theoretical framework for handling
priors for nonparametric problems and will also be rewarded with several measure-
theoretic subtleties that are interesting.
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The most important prior in Bayesian nonparametrics is the Dirichlet process prior,
which plays a central role here as the normal in finite-dimensional problems. Most of
Chapter 3 is devoted to this prior. The last section is on Polya tree priors.

We introduce a Dirichlet prior (3.1) first in the case of a finite sample space X and
then for X = R to help develop intuition for the main results regarding the latter. The
Dirichlet prior D for X = R is usually called the Dirichlet process prior. Section 3.2
contains calculation and justification of a formula for posterior and special properties.
It also contains Sethuraman’s clever and elegant construction, which applies to all X
and suggests how one can simulate from this prior. Other results of interest include a
characterization of support and convergence properties (Section 3.2) and the question
of singularity of two Dirichlet process priors with respect to each other. Part of the
reason why Dirichlet process priors have been so popular is the multitude of interesting
properties mentioned earlier, of which the most important are the ease in calculation
of posterior and the fact that the support is as rich as it should be for a prior for
nonparametric problems.

A second and equally important reason for popularity is the flexibility, at least for
mixtures of Dirichlet, and the relative case with which one can elicit the hyperparam-
eters. These issues are discussed in 3.2.7

The last section extends most of this discussion to Polya tree priors which form
a much richer class. Though not as mathematically tractable as D, they are still
relatively easy to handle and one can use convenient, partly elicited hyperparameters.

As we have argued before, posterior consistency is a useful validation for a par-
ticular prior, especially in nonparametric problems. Chapter 4 deals with essentially
three approaches to posterior consistency for three kinds of problems, namely, purely
nonparametric problems of estimating a distribution function or its weakly contin-
uous functionals, semiparametrics, and density estimation. The Dirichlet and, more
generally, tail free priors have good consistency properties for the first class of prob-
lems. Posterior consistency for tail free priors is discussed in the first few pages of the
chapter.

In Bayesian semiparametrics, for example estimation of a location parameter (Chap-
ter 6) or the regression coefficient (Chapter 7), addition of Euclidean parameters de-
stroys the tail free property of common priors like Dirichlet process and Polya tree.
Indeed, the use of Dirichlet leads to a pathological posterior. Posterior consistency in
this case is based on a theorem of Schwartz for a prior on densities. The two crucial
conditions are that the true probability measure lie in the Kullback-Leibler support of
the prior and there has to be uniformly exponentially consistent tests for Hy : f = fj
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VS Hy : f € V¢ where V is a neighborhood whose posterior probability is being
claimed to converge to one. This is presented in Section 4.2.

The Schwartz theorem is well suited for semiparametrics but not for density es-
timation because the second condition in the theorem does not hold for a V' equal
to an L;-neighborhood of fy. Barron (unpublished) has suggested a weakening of
one of these conditions, suitably compensated by a condition on the prior. His con-
ditions are necessary and sufficient for a certain form of exponential convergence of
the posterior probability of V' to one. Ghosal, Ghosh and Ramamoorthi (1999) make
use of this theorem and some ideas of Barron, Schervish and Wasserman (1999) to
modify Schwartz’s result to make it suitable for showing posterior consistency with
Li-neighborhoods for a prior sitting on densities. All these results appear in Section
4.2.

Finally, Section 4.3 is devoted to another approach based on an inequality of
LeCam, which bypasses the verification of the first condition of Schwartz.

Applications of these results are made in Chapters 5 through 8. Somewhat different
but direct calculations leading to posterior consistency appear in Chapters 9 and 10.

Chapter 5 focuses on three kinds of priors for density estimation: Dirichlet mix-
tures of uniform, Dirichlet mixtures of normal, and Gaussian process priors. Dirichlet
mixtures of normal are the most popular and the most studied. The Gaussian pro-
cess priors seem very promising but have not been studied well. Dirichlet mixtures of
uniform are essentially Bayesian histograms and have a relatively simple theory.

The chapter begins with fairly general construction of priors on densities in sections
5.2 and 5.3 and then specializes to Bayesian histograms and their consistency in
Sections 5.40, 5.4.1, and 5.4.2. Dirichlet mixtures of normals are studied in Sections
5.6 and 5.7. The L;-consistency of the posterior applies to the prior of Escobar and
West in [168]. The final section contains an introduction to what is known about
Gaussian process priors.

Interesting issues that emerge from this rather technical chapter is that checking the
Kullback-Leibler support condition is especially hard for densities with R as support,
whereas densities with bounded support are much easier to handle. A second source of
technical difficulty is the need for efficient calculation of packing or covering numbers,
also called Kolmogorov’s metric entropy. These numbers play a basic role in Chapters
4,5 and 8.

Chapter 6 begins with the famous Diaconis-Freedman (1986) example where a
Dirichlet process prior and a euclidean location parameter lead to posterior inconsis-
tency. Barron (1986) has pointed out that there is a pathology in this case which is
even worse than inconsistency. We argue, as suggested in Chapter 4, that the main
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problem leading to posterior inconsistency is that the tail free property does not hold.
It is good to have a density but that does not seem to be enough. However, no counter
example is produced.

The main contribution of the chapter is to suggest in Section 6.3 a strategy for
proving posterior consistency for the location parameter in semiparametric setting
and to provide in Section 6.4 a class of Polya tree priors which satisfy the conditions
of Section 6.3 for a rich class of true densities. A major assumption needed in Section
6.3 holds only for densities with R as support. Later in the section we show how to
extend these results to densities with bounded support. Whereas in density estimation
bounded support helps, the converse seems to be true when one has to estimate a
location parameter.

The discussion of Bayesian semiparametrics is continued in Chapter 7 . We assume
a standard regression model

Y=a+pr+e¢

with the error € having a nonparametric density f. The main object is to estimate
the regression coeflicient but one may also wish to estimate the intercept o as well as
the true density of e. The classical counterpart of this is Bickel [19)].

Because Y'’s are no longer i.i.d, the Schwartz theorem of Chapter 6 does not apply.
In Section 7.2 - we prove a generalization that is valid for n independent but not
necessarily identically distributed random variables.

The theorem needs two conditions which are exact analogues of the two conditions
in Schwartz’s theorem and one additional condition on the second moment of a log
likelihood ratio. Verification of these conditions is discussed in Section 7.4.

In Section 7.3 we discuss sufficient conditions for the existence of uniformly consis-
tent tests for 3 alone or (o, 3) or («, 3, f).

Finally in sections 7.6 we verify the remaining two conditions for Polya tree priors
and Dirichlet mixtures of normals. Verification of conditions require methods that are
substantially different from those in Chapter 5.

Chapter 8 deals with three different but related topics, namely, three methods of
construction of nonsubjective priors in infinite dimensional problems involving densi-
ties, consistency proof for such priors using LeCam’s inequality and rates convergence
for such and other priors. They are discussed in sections 8.2,8.5 and 8.6 respectively.
In several examples it is shown that the rates of convergence are the best possible.
However, for most commonly used priors getting rates of convergence is still a very
hard open problem.
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Chapters 9 and 10 deal with right censored data. Here, the object of interest is the
distribution of a positive random variable X, viewed as survival time. What we have
are observations of is Z = X AY,A = I(X <Y), where Y is a censoring random
variable, independent of X.

Chapter 9 begins with a model studied by Susarla and Van Ryzin [155] where the
distribution of X is given a Dirichlet process prior. We give a representation of the
posterior and establish its consistency. Section 2 is a quick review of the notion of
cumulative hazard function and identifiability of the distribution of X from that of
(Z,A). This is then used in the next section where we start with a Dirichlet prior
for the distribution of (Z, A) and use the identifiability result to transfer it to a prior
for the distribution of X. We expect that this method will be useful in constructing
priors for other kind of censored data. Section 9.4 is a preliminary study of Dirichlet
priors for interval censored data. We show that, unlike the right censored case, letting
a(R) — 0 does not give the nonparametric maximum likelihood estimate.

Chapter 10 deals with neutral to right priors. These priors were introduced by
Doksum in 1974 [48] and after some initial work by Ferguson and Phadia [64] remained
dormant. There has been renewed interest in these priors since the introduction of
Beta processes by Hjort [100]. Neutral to right priors, via the cumulative hazard
function, gives rise to independent increment processes which in turn are described
by their Lévy representations. In Section 10.1 after giving the definition and basic
properties of neutral to right priors we move onto Section 10.2 where we briefly review
the connection to independent increment processes and Lévy representations. Section
10.3 describes some properties of the prior in terms of the Lévy measure and Section
10.4 is devoted to Beta processes. The remaining parts of the chapter is devoted to
posterior consistency and is partly driven by a surprising example of inconsistency
due to Kim and Lee [114].

Chapter 11 contains some exercises. These were not systematically developed. How-
ever we have included in the hope that going through them will give the reader some
additional insight into the material.

Most work on Bayesian nonparametrics concentrates on estimation. This mono-
graph is no exception. However there is interesting new work on Bayes Factors and
their consistency [13], [37]. Even in the context of estimation, in the context of cen-
sored data, not much has been done beyond the independent right censored model.
There certainly is lot more to be done.



1

Preliminaries and the Finite Dimensional Case

1.1 Introduction

The basic Bayesian model consists of a parameter 6 and a prior distribution II for 6
that reflects the investigator’s belief regarding 6. This prior is updated by observing
X1, Xo, ..., X, which are modeled as i.i.d. Py given #. The updating mechanism is
Bayes theorem, which results in changing II to the posterior II(:| X3, X, ..., X,,).
The posterior reflects the investigator’s belief as revised in the light of the data
X1,Xo,...,X,. One may also report the predictive distribution of the future ob-
servations or summary measures like the posterior mean or variance. If there is a
decision problem with a specified loss function, one can choose the decision that min-
imizes the expected loss, with the associated loss calculated under the posterior. This
decision is the Bayes solution, or the Bayes rule. Ideally, a prior should be chosen
subjectively to express personal or expert knowledge and belief. Such evaluations and
quantifications are not easy, especially in high- or infinite-dimensional problems. In
practice, mathematically tractable priors, for example, conjugate priors, are often
used as convenient and partly nonsubjective models of knowledge and belief. Certain
aspects of these priors are chosen subjectively.

Finally, there are completely nonsubjective priors, the choice of which also leads to
useful posteriors. For the finite-dimensional case a brief account appears in Section
1.6. For a moderate amount of data, i.e., for a moderate n, the effect of prior on the
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posterior is often negligible. In such cases the posterior arising from a nonsubjective
prior may be considered a good approximation for the posterior that one would have
gotten from a subjective prior.

The posterior, like the prior, is a probability measure on the parameter space ©,
except that it depends on X7, Xs, ..., X, and the study of the posterior as n — oo is
naturally connected to the theory of convergence of probability measures. In Section
1.2.1, we present a brief survey of weak convergence of probability measures as well
as relations between various metrics and divergence measures.

A recurring theme throughout this monograph is posterior consistency, which helps
validate Bayesian analysis. Section 1.3 contains a formalization and brief discussion of
posterior consistency for separable metric space ©. In Sections 1.3 and 1.4 we study
in some detail the case when © is finite-dimensional and 6 — Py is smooth. This is the
framework of conventional parametric theory. Most of the results and asymptotics are
classical, but some are relatively new. While the main emphasis of this monograph is
in the nonparametric, and hence infinite-dimensional situation, we hope that Sections
1.3 and 1.4 will serve to clarify the points of contact and points of difference with the
finite-dimensional case.

1.2 Metric Spaces

1.2.1 preliminaries

Let (S, p) be a metric space so that p satisfies (i) p(s1,52) = p(82,51), (ii) p(s1,52) >
0 and p(s1,82) =0 iff 53 = so and (iii) p(s1,83) < p(s1, S2) + p(s2, S3).

Some basic properties of metric spaces are summarized here.

A sequence s, in S converges to s iff p(s,,s) — 0. The ball with center sg and
radius 0 is the set B(sg,d) = {s: p(so,s) < ¢}. A set U is open if every s in U has a
ball B(s,d) contained in U. A set V is closed if its complement V° is open. A useful
characterization of a closed set is: V' is closed iff s,, € V and s, — s implies s € V.
The intersection of closed sets is a closed set. For any set A C S, the smallest closed
set containing A, which is the intersection of all closed sets containing A, is called
the closure of A and will be denoted by A. Similarly A°, the union of all open sets
contained in A is called the interior of A. The boundary OA of the set A is defined as
0A = AN (A°).

A subset A of S is compact if every open cover of A has a finite subcover, i.e.,
if {U, : @ € A} are open sets and A C UgyeaU,, then there exists aq, s, ..., a,
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such that A C UTU,,. A set A is compact iff every sequence in A has a convergent
subsequence with limit in A.

The metric space S is separable if it has a countable dense subset, i.e., if there is
a countable set Sy with Sg = S. Most of the sets that we consider are separable. In
particular, if S is compact metric it is separable. Let S be separable and let S,y be
a countable dense set. Consider the countable collection {B(s;,1/n) : s; € Sp;n =
1,2,...}. If U is an open set and if s € U, then for some n > 1, there is a ball
B(s,1/n) C U. Let s; € Sy with p(s;,s) < 1/2n. Then s is in B(s;,1/2n) and
B(s;,1/2n) C B(s,1/n) C U. This shows that in a separable space every open set is
a countable union of balls. This fact fails to hold when S is not separable.

The Borel o-algebra on S is the o-algebra generated by all open sets and will
be denoted by B(S). The remarks in the last paragraph show that if S is separable
then B(S) is the same as the oc-algebra generated by open balls. In the absence of
separability these two g-algebras will be different.

It would sometimes be necessary to check that a given class of sets C is the Borel
o-algebra. A useful device to do this is the -\ theorem given below. See Pollard
[[140], Section 2.10] for a proof and some discussion.

Theorem 1.2.1. [r-\ theorem] A class D of subsets of S is a w-system if it is
closed under finite intersection, i.e., if A, B are in D then AN B € D. A class C of
subsets of S is a A-system if

(i) S isin C;

(i) A, € C and A, 1 A, then A € C,;
(i1i) A,B€C and A C B, then B— A eC.
IfC is a A-system that contains a w-system D, then C contains the o-algebra generated
by D.

Remark 1.2.1. An easy application of the 7-\ theorem shows that if two probability
measures on S agree on all closed sets then they agree on B(S).

Remark 1.2.2. If two probability measures on R¥ agree on all sets of the form
(a1,b1] % (ag,by), ... x (ag, by then they agree on all Borel sets in RF.

Definition 1.2.1. Let P be a probability measure on (S,5(S)).The smallest closed
set of P-measure 1 is called the support, or more precisely the topological support, of
P.
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When S is separable the support of P always exists. To see this let Uy = {U :
U open, P(U) = 0}, then Uy = Uyey,U is open. Because Uy is a countable union of
balls in Uy, P(Up) = 0. It follows easily that F' = U§ is the support of P. The support
can be equivalently defined as a closed set F' with P(F) = 1 and such that if s € F
then P(U) > 0 for every neighborhood U of s. If S is not separable then the support
of P may not exist.

1.2.2  Weak Convergence

We need elements of the theory of weak convergence of probability measures. The
details of the material discussed below can be found, for instance, in Billingsley [[21],
Chapter 1].

Let S be a metric space and B(S) be the Borel o-algebra on S. Denote by C(S)
the set of all bounded continuous functions on S. Note that every function in C(S) is
B(S) measurable.

Definition 1.2.2. A sequence {P,} of probability measures on S is said to converge
weakly to a probability measure P, written as {P,} — P weakly, if

/f dPn—>/f dP forall feC(S)

The following “Portmanteau” theorem gives most of what we need.

Theorem 1.2.2. The following are equivalent:

1. {P,} = P weakly;

2. [fdP,— [ fdP forall f bounded and uniformly continuous;
3. limsup P, (F) < P(F) for all F closed;

4. liminf P,(U) > P(U) for all U open;

5. lim P,(B) = P(B) for all B € B(S)with P(0B) = 0.

In applications, P,s are often distributions on S induced by random variables X,,s
taking values in S. If S is not separable, then P, is defined on a g-algebra much smaller
than B(S). In this case, to avoid measurability problems inner and outer probabilities
have to be used. For a version of Theorem 1.2.2 in this more general setting see van
der Vaart and Wellner [[161], 1.3.4]. The other useful result is Prohorov’s theorem.
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Theorem 1.2.3. [Prohorov] If S is a complete separable metric space, then every
subsequence of P, has a weakly convergent subsequence iff P, is tight, i.e., for every
€ > 0, there exists a compact set K with P,(K) >1— € for all n.

When S is a complete separable metric space the space M(S)-the space of probabil-
ity measures on S-is also metrizable, complete, and separable under weak convergence.
In this case if [ f dP, — [ f dP for f in a countable dense set in C(S), then P, — P
weakly. We note that sets in M(S) of the form

{Q:]/fidP—/fidQ

constitute a base for the neighborhoods at P, i.e., any open set is a union of family
of sets of the form displayed above. The space M(S) and the space of probability
measures on M(S) are of considerable interest to us. We will return to a detailed
analysis of these spaces later; here are a few preliminary facts used later in this
chapter.

The space M(S) has many natural metrics.

<0i=1,2.. .k f;-eC(S)}

Weak convergence. As discussed earlier M(S) is metrizable, i.e., there is a metric p
on M(S) such that p(P,, P) — 0 iff P, — P weakly [see section 6 in Billingsley
[21]]. The exact form of this metric is not of interest to us.

Total variation of L;. The total variation distance between P and @ is given by
|IP — Q1 = 2supg |P(B) — Q(B)|. If p and ¢ are densities of P and @ with
respect to some measure j, then |P—@Q|; is the L;-distance [ [p—gq| du between
p and ¢. Sometimes, when there can be no confusion with other metrics, we will
omit the subscript 1 and denote the L; distance by just ||[P — Q|| or in terms of
densities as [|p — q||-

Hellinger metric. If p and ¢ are densities of P and @ with respect to some o-finite
measure u, the Hellinger distance between P and @ is defined by H(P,Q) =

U(\/ﬁ - VQ)? dﬂ} "2 This distance is convenient in the i.i.d. context because

AP, Q") = A™(P,Q), where A(P,Q) = [\/p\/q dp, is called the affinity
between P and () and

H*(P",Q") =2(1 - (A(P,Q)")

The Hellinger metric is equivalent to the Li-metric. The next proposition shows
this.
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Proposition 1.2.1.
1P = Qi < H*(P.Q) 2(1 + A(P,Q)) < [P = Qll 2(1 + A(P.Q))

Proof. Let p dominate P and @ and let p, ¢, be densities of P and @ with respect to
. Then

2

2
[o-dan] = | [ V5= valvi+ vai ]
< [WF-var du [ (/5+ Vi du
which is the first inequality. Also H2(P,Q) < ||P — Q||; because

(VP —+/a)* <p+q—min(p,q) = |p— q|

As a corollary to the above proposition, we have the following.

Corollary 1.2.1. Replacing A(P, Q) by its upper bound 1 gives
I1P = QI <4H*(P,Q) < 4|P - Qlu
Writing H*(P, Q) = 2(1 — A(P,Q)) in the first inequality, a bit of algebra gives

1P~ QI
AP,Q) 1 - ===

Note that none of the three quantities discussed-the L; metric, the Hellinger metric,
or the affinity A(P, @)-depends on the dominating measure p. The same holds for the
Kullback- Leibler divergence(K-L divergence) which is considered next.

Kullback-Leibler divergence. The Kullback-Leibler divergence between two prob-
ability measures, though not a metric, has played a central role in the classical
theory of testing and estimation and will play an important role in the later
chapters of this text. Let P and () be two probability measures and let p, ¢ be
their densities with respect to some measure p. Then

K(P,Q):/plogg duzf(l—%)dpzo

and K (P, Q) =0 iff P = Q. Here is a useful refinement due to Hannan [92].
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Proposition 1.2.2.

k(P2 1P~k
Proof.
/plog (p/q) dp = /2 logf pdp
/ (1= (Va/VF)) pd
=2(1-A(P,Q)) = H*(P,Q)
The corollary to the previous proposition yields the conclusion. O

Kemperman [112] has shown that K(P,Q) > ||P — Q||?/2 and that this inequality
is sharp.

Much of our study involves the convergence of sequences of functions of the form
To(X1, Xa, ..., X)) © Q@ = M(©) where Q = (X, A°) with a measure P5°. The
different metrics on M(O) provide ways of formalizing the convergence of T, to T.
Thus

(i) T, v almost surely P if

P {w LT (w) ™ T(w)} —1

weakly

(ii) T, — T in P, probability if
P {w: p(To(w), T(w)) > ¢} — 0
where p is a metric that generates weak convergence.

T, T almost surely Py or in Py-probability can be defined similarly.

1.3 Posterior Distribution and Consistency

1.3.1 Preliminaries

We begin by formalizing the setup. Let © be the parameter space. We assume that
© is a complete separable metric space endowed with its Borel o-algebra B(©). For
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each 0 € ©, P is a probability measure on a measurable space (X,.4) such that, for
each A € A,0— Py(A) is B(©) measurable.

X1, X,,... 1is a sequence of X-valued random variables that are, for each 6 € O,
independent and identically distributed as Py . It is convenient to think of X, Xs, ...
as the coordinate random variables defined on Q = (X*, A4*°) and P;° as the i.i.d.
product measure defined on €. We will denote by §2,, the space (X", A") and by P}
the n-fold product of Py. When convenient we will also abbreviate X, Xs, ..., X, by
Xp-

Suppose that IT is a prior, i.e., a probability measure on (6, B(0)). For each n, II
and the Pps together define a joint distribution of 8 and X, namely, the probability
measure A,y on €2, by

Art (B x A) = / Py(A) dII(6)

B
The marginal distribution A, of X7, X5,..., X, is

M(A)=Aom (© x A)

These notions also extend to the infinite sequence X7, Xs,... . We denote by A
the joint distribution of 6, X7, X5,... and by A the marginal distribution on €.
Any version of the conditional distribution of 6 given X7, Xs,..., X, is called a

posterior distribution given X1, Xo, ..., X,. Formally, a function II(- |- ) : B(©)x,, —
[0,1] is called a posterior given X, Xs, ..., X, if

(a) for each w € Q,,II(- |w) is a probability measure on B(©);
(b) for each B € B(0), II(B|- ) is A™ measurable; and
(c) for each B € B(©) and A € A,

Angt (B x A) = /AH(B|w) dA,(w)

In the case that we consider, namely, when the underlying spaces are complete and
separable, a version of the posterior always exists [Dudley [58], 10.2]. By condition
(b), II(+ |w) is a function of X;, X5, ..., X, and hence we will write the postrior
conveniently as II(-| Xy, X5, ..., X,,) or as II(:|X,,).

Typically, a candidate for the posterior can be guessed or computed heuristically
from the context. What is then required is to verify that it satisfies the three conditions
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listed earlier. When the Pjs are all dominated by a o- finite measure p, it is easy to
see that, if pg = dPy/dp, then

_ S IT7 po(Xs) dII(0)
Jo IT1 po(X;) dI1(6)

Thus in the dominated case, [T} po(X;)/ [ T1} pe(X;)dIL(0) is a version of the den-
sity with respect to II of TI(+|X,).

In the last expression the posterior given X7, Xs, ..., X, is the same as that given a
permutation X1y, Xr(2), - - -, Xr(n). Said differently, the posterior depends only on the
empirical measure (1/n) >} dx,, where for any z, §, denotes the measure degenerate
at . This property holds also in the undominated case. A simple sufficiency argument
shows that there is a version of the posterior given X, X5, ..., X,, that is a function
of the empirical measure.

Definition 1.3.1. For each n, let II(-|X,,) be a posterior given X, X, ..., X,.
The sequence {II(-|X,)} is said to be consistent at 6y if there is a Qy C Q with
Pye(S%) =1 such that if w is in €, then for every neighborhood U of 6,

II(AXx)

MU Xp(w)) = 1

Remark 1.3.1. When O is a metric space {0 : p(0,60y) < 1/n:n > 1} forms a base
for the neighborhoods of 6, and hence one can allow the set of measure 1 to depend
on U. In other words, it is enough to show that for each neighborhood U of 8,

HU|Xn(w)) = 1 ae. By

Further, when © is a separable metric space it follows from the Portmanteau theo-

rem that consistency of the sequence {II(:|X,)} at 6y is equivalent to requiring that
weakly

{H(‘Xn)} — (590 a.e.Pgo.

Thus the posterior is consistent at 6y, if with Py, probability 1, as n gets large, the
posterior concentrates around 6.

Why should one require consistency at a particular 83?7 A Bayesian may think of
0y as a plausible value and question what would happen if 6y were indeed the true
value and the sample size n increases. Ideally the posterior would learn from the data
and put more and more mass near fy. The definition of consistency captures this
requirement.

The idea goes back to Laplace, who had shown the following. If Xy, X5,..., X, are
i.i.d. Bernoulli with Pp(X = 1) = 0 and () is a prior density that is continuous and
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positive on (0, 1), then the posterior is consistent at all 8, in (0,1). Von Mises [162]
calls this the second fundamental law of large numbers; the first being Bernoulli’s
weak law of large numbers.

An elementary proof of Lapalace’s result for a beta prior may be of some interest.
Let the prior density with respect to Lebesgue measure on (0,1) be

Tla+p)
I'(e) T'(8)

Then the posterior density given Xy, Xs,..., X, is

1(0) = 6 (1 —6)"

F(a + /6 + Tl) a+r—1 n—r)—1
NCERS A LA Gl

where 7 is the number of X;s equal to 1. An easy calculation shows that the posterior

mean is
a+ 0 « n r
EO| X, Xs,...,X,) = + —
(01X, X5 ) (a+ﬁ+n)a+ﬂ <a+ﬁ+n>n

which is a weighted combination of the consistent estimate r/n of the true value 6
and the prior mean a/(a + (3). Because the weight of r/n goes to 1,

E(9|)(1,)(27 - 7Xn) — 90 a.e. P90

A similar easy calculation shows that the posterior variance

(a+7)(B+(n 1)

X1, X5, Xp) =
Var(01Xy, X,..., X,) (a+B+n2a+p+n+1)

goes to 0 with probability 1 under 6. An application of Chebyshev’s inequality com-
pletes the proof.

1.8.2  Posterior Consistency and Posterior Robustness

Posterior consistency is also connected with posterior robustness. A simple result is
presented next [84].

Theorem 1.3.1. Assume that the family {P, : 6 € O} is dominated by a o-
finite measure p and let py denote the density of Py. Let 6y be an interior point of ©
and my, T be two prior densities with respect to a measure v, which are positive and
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continuous at 0y. Let m;(0|Xy), i = 1,2 denote the posterior densities of 6 given X,.
If mi(+|1Xy), i = 1,2 are both consistent at 0y then

lim /|7r1(9|Xn) —m(0|Xn)| dv(0) =0 a.s Py,
n—oo
Proof. We will show that with Py° probability 1,

[ mon i

Fix § > 0,7 > 0, and € > 0 and use the continuity at €, to obtain a neighborhood
U of 6y such that for all § € U

m(0)1X,)

T X dv(0) = 0

< § and |m;(0y) — m;(0)] < 0 for j =1,2.

By consistency there exists €, P5°(0) = 1, such that for w € €,

Jor T3 po(Xi(w)) ;(6) d(6)
Jo 1T} po(Xi(w)) 7;(6) dr(6)

Fix w € Q and choose ng such that, for n > ng,

I (U X (w)) = -1

(U Xn(w) > 1 -7 for j = 1,2

Note that

m(0]Xa) _ m(0) Jo ITi po(Xi) mo(0) dv(0)

m(01Xa)  ma(0) fo IT po(Xi) mi(6) dv(6)

Hence for n > ny and 6 € U, after some easy manipulation, we have

<7T1(90) B 5)( fU [17 po(Xi(w)) m2(0) dv(0)
72(6o) fU [T} po(Xi(w)) m1(0) dv(0)
_ M%)
~ m(0Xn(w))
<7T1(90) " (5) (1) 1fU H1 po(Xi(w)) ma(0) dv(0)
ma(6o) fU H1 po(Xi(w)) m(0) dv(0)

A
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and by the choice of U,

(ms(o0) =) | Hpe w(0) < [ TIm(Xi)m(0)an(o)
! (1.1)
< (my(6) + ) / [Im(Xie)) av(s)
Using (1.1) we have, again for § € U,
m(6h) [ m2(6) ™1 (01 Xn(w))
(G ~0)0 - (Frss) < ooy
771(90) . 7T2(90) + (5
= (772(90) +5> =n" m1(0o) — 5)
so that for d,n small
m (0 Xn(w)) .
720/ () 1‘ -
Hence, for n > ny,
/|7T1(9|Xn(w)) — m(0|Xn(w))| dv(0)
~ (0 Xa(w)) 5
< [ P |1 - GRS v 2
<e(l—n)+2n
This completes the proof. O

Another notion related to Theorem 1.3.1 is that of merging where, instead of the
posterior, one looks at the predictive distribution of X, 11, X,40,... given X; ..., X,,.
Here the attempt is to formalize the idea that two Bayesians starting with different
priors II; and II; would eventually agree in their prediction of the distribution of
future observations.

For a prior IT if we define, for any measurable subset C' of 2

A (C]X) = /@ P (C)TT(d6]X,)



1.3. POSTERIOR DISTRIBUTION AND CONSISTENCY 21

then, An (+|X,) is a version of the predictive distribution of X, 41, Xy42,... given
X1, Xo, ..., X,. Note that given X,,, the predictive distribution is a probability mea-
sure on ) = R*.

Let Am, (+|Xyn) and A, (+|X,) be two predictive distributions, corresponding to
priors II; and IIs.

An early result in merging is due to Blackwell and Dubins [24]. They showed that
if I, is absolutely continuous with respect to Il;, then for 6 in a set of Iy probability
1, the total variation distance between Ap, (1|X,) and A, (+|X,) goes to 0 almost
surely Py°.

The connection with consistency was observed by Diaconis and Freedman [46].
Towards this, say that the predictive distributions merge weakly with respect to Py, if
there exists Qy C 2 with Pg°(Qo) = 1, such that for each w € Qy,

‘/gb YA, (dw') X (w /d) )1, (do'|Xn(w))| — 0

for all bounded continuous functions ¢ on €.

Proposition 1.3.1. Assume that 0 — Py is 1-1 and continuous with respect to
weak convergence. Also assume that there is a compact set K such that Py(K) = 1
for all 6.

If Iy and Iy are two priors such that the posteriors 111 (-|Xy) and a(+|X,) are
consistent at Oy, then the predictive distributions A, (+|Xn) and Am, (1| Xa), merge
weakly with respect to Py,.

Proof. Let G be the class of all functions on {2 that are finite linear combinations of

functions of the form
k

o) = [ filwr)

1

where f7, fg, ..., fr are continuous functions on K. It is easy to see that if ¢ € G then
0 [ow dPe (') is continuous. Further, by the Stone-Weirstrass theorem G is
dense in the space of all continuous functions on K.

From the definition of Ay, (+|Xy) and A, (+|Xy), if € is the set where the posterior
converges to dy,, then for w € Q, for ¢ € G,

[ o, @ %a)) = [ [ o) dpye(e) (001K (w)
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The inside integral gives rise to a bounded continuous function of 6. Hence by weak
consistency at 6, for both i = 1,2 the right-hand side converges to [, ¢(w’) dPg°(w').
This yields the conclusion. O

Further connections between merging and posterior consistency is explored in Di-
aconis and Freedman[46].

Note a few technical remarks: According to the definition, posterior consistency is
a property that is specific to the fixed version TI(-|X,). Measure theoretically, the
posterior is unique only up to A, null sets. So the posterior is uniquely defined up to
Py, it P, is dominated by A,,. Without this condition it is easy to construct examples
of two versions {II; (-|X,)} and {II5(-|X,)} such that one is consistent and the other
is not. It is easy to show that if {P, € ©} are all mutually absolutely continuous and
{I1,(:|X,)} and {I5(:|X,)} are two versions of the posterior, then {IT;(-|X,)} is
consistent iff {ITy(-|X,} is.

1.3.3 Doob’s Theorem
An early result on consistency is the following theorem of Doob [49].

Theorem 1.3.2. Suppose that © and X are both complete separable metric spaces
endowed with their respective Borel o-algebras B(©) and A and let 0 — Py be 1-1.
Let 11 be a prior and {I1(:|Xyn)} be a posterior. Then there exists a Oy C ©, with
I1(Og) = 1 such that {I1(-|Xpn)}n>1 @8 consistent at every 0 € O.

Proof. The basic idea of the proof is simple. On the one hand, because for each 6
the empirical distribution converges a.s. Py to Fp, given any sequence of x;’s we can
pinpoint the true #. On the other hand, any version of the posterior distributions
I1(-|X,), via the martingale convergence theorem, converge a.s. with respect to the
marginal Ay, to the posterior given the entire sequence. One then equates these two
versions to get the result. A formal proof of these observations needs subtle measure
theory.

As before let, Q= XV B be the product o-algebra on , Ay denote both the joint
distribution of # and X7, Xs,... and the marginal distribution of X7, Xs,... . Let C
be a subset of O, then by the martingale convergence theorem, as n — oo,

H(Cle,XQ,. .. 7X") — E(IC|X1,X2,. .. ) = f a.e. A\rg

We point out that the functions considered above are, formally, functions of two
variables (6, w). I, is to be interpreted as Ioxq and f is to be thought of as f(6,w) =
f(w) and so on.
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We shall show that there exists a set ©¢ with II(©g) = 1 such that
ford € ©NC, f=1ae Pg* (1.2)

This would establish the theorem. To see this, take U = {Uy,Us, ..., } a base for the
open sets of ©. Take C' = Uj; in the above step and obtain the corresponding ©y; C ©
satistying (1.2). If we set ©p = M;0; then (1.2) translates into  the posterior is
consistent at all 6 € ©,”.

To establish (1.2), let Ag be a countable algebra generating A. Let

E={0,w): lim - Z Ox,(w)(A) = Py(A) for all A € Ay}

n—oo M,

The set E, since it arises from the limit of a sequence of measurable functions, is
a measurable set and further by the law of large numbers for each 6 the sections Fy
satisfy

(i) for all 8, P°(Ey) =1
(i) ifO0#£0, EgNnEy =10

Define
Fw) = 1 ifwe QeecEe
0 otherwise.

It is a consequence of a deep result in set theory that UpecEp is measurable, from
which it follows that f* is measurable.
From its definition, f* satisfies:

1. forall0 € C, f*=1ae. Fy°

2. for all @ not in C, f* =0 a.e. Py®
In other words for all 8, f* = I(0) f* a.e. Pg®

We claim that f* is a version of E(I¢|X7, Xa,... ). For any measurable set B € B,

/IBf*d)\n = /IBIC(G)f*dPGOCdH(H) = /IC(Q)PGN(B)CZH(Q) = An(C x B)
Since f and f* are both versions of E(I¢| X1, Xa, ... ), we have

f=f"ae A\
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By Fubini’s theorem, there exists a set ©y with II(6g) = 1, such that for 6 in ©,
f=f"aekFy”

(1.2) follows easily from the properties 1 and 2 of f* mentioned earlier.
This completes the proof. O

Remark 1.3.2. A well known result in set theory, the Borel Isomorphism theorem,
states that any two uncountable Borel sets of complete separable metric spaces are
isomorphic [[153],Theorem 3.3.13 ]. The result that we used from set theory is a
version of this theorem which states that if S and T are Borel subsets of complete
metric spaces and if ¢ is a 1-1 measurable function from S into T, then, the range of
¢ is a measurable set and ¢! is also measurable. To get the result that we used, just
set S=FE,T =0 and ¢(0,w) = w.

Remark 1.3.3. Another consequence of the Borel Isomorphism theorem is that
Doob’s theorem holds even when © and X are just Borel subsets of a complete
separable metric space.

Many Bayesians are satisfied with Doob’s theorem, which provides a sort of internal
consistency but fails to answer the question of consistency at a specific 6y of interest
to a Bayesian. Moreover in the infinite-dimensional case, the set of 6, values where
consistency holds may be a very small set topologically [70] and may exclude infinitely
many fgs of interest. Disturbing examples and general results of this kind appear in
Freedman [69] in the context of an infinite-cell multinomial.

If 6y is not in the support of the prior I then there exists an open set U such
that TI(U) = 0. This implies that II(U|X,) =0 a.s A\". Hence,it is not reasonable to
expect consistency outside the support of II. Ideally, one might hope for consistency
at all #y in the support of II. This is often true for a finite-dimensional ©. However,
for an infinite-dimensional © this turns out to be too strong a requirement. We will
often prove consistency for a large set of fys . A Bayesian can then decide whether it
includes all or most of the s of interest.

1.8.4  Wald-Type Conditions
We begin with a uniform strong law.

Theorem 1.3.3. Suppose that K is a compact subset of a separable metric space.
Let T(-,+) be a real-valued function on 0 X R such that

(i) for each x,T(-,x) is continuous in 0, and
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(ii) for each 0,T(0,-) is measurable.
Let X1, Xs, ... i.i.d. random variables defined on (2, A, P) with E(T(0, X1)) = u(0)

and assume further that

E <sup |T(6‘,Xi)|) < 00
ek

Then, as n — oo,
1
n

sup —0 as P

0eK

S T(0,X,) - ()

Proof. Continuity of T'(., x) and separability ensures that sup |T'(6, X;)| is measurable.
9ek

It follows from the dominated convergence theorem that 6 — w(#) is continuous.
Another application of the dominated convergence theorem shows that for any 6y € K,

lim £

6—0

sup |T(0,Xy1) — u(0) — T(0o, X1) — u(%)] =0
0—00|<5

Let Z;; = sup |T(0,X;) — u(0) —T(0;,X;) — u(6;)|. By compactness of K, there
p(0,0:)<d;
exist 0,0y, ...,0, and 61,0y, ..., 8 such that K = U0 : p(0,0;) < 6;}, and EZy; < e
fori=1,2,... k.
By the strong law of large numbers, since F(Z;;) < e for i =1,2,... k, there is a
Qo with P(Qp) = 1 such that for w € Qp, n > n(w), fori =1,2,...,k,

1 n
g;Zj’i<2€

and
1 n
n Z T(6:, X;) — p(0;)

=1

<€

Now if 8 € {0 : p(6,6;) < 6;},
S 70, x,0) - o)
<Yz + | E 10, X)) - )

< 3¢

Hence sup \l ZT(Q, X;(w)) — p(0)] < 3ke. O

ock T
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Remark 1.3.4. A very powerful approach to uniform strong laws is through em-
pirical processes. One considers a sequence of i.i.d. random variables X; and studies
uniformity over a family of functions F with an integrable envelope function ¢, i.e.,
E(¢) < o0, and |f(z)] < |¢(x)], f € F. Good references are Pollard [[139], 11.2] and
Van der Vaart and Wellner [[161], 2.4].

Here is an easy consequence of the last theorem. First a definition: Let © be a space
endowed with a o-algebra and 6 — P be 1-1. For each 6 in O, let X, X5,... be
i.i.d. Py . Assume that P s are dominated by a o-finite measure pu and pg = dPy/dp.

Definition 1.3.2. A measurable function én(Xl, Xo, ..., X,) taking values in © is
called a maximum likelihood estimate (MLE) if the likelihood function at X1, Xs, ..., X,
attains its maximum at 6,,(X1, Xs, ..., X,,) or formally,

Hpen X1,X2,...Xn ) - SUPHPG
Theorem 1.3.4. Let © be compact metric. For a fized 0y, let

T(0,x) = log (po(x)/pa, (7))
If T (0, X;) satisfy the assumptions of Theorem 1.3.3 with P=P,,, then
1. any MLE 0, is consistent at Oy ;

2. if I is a prior on © and if Oy is in the support of I1 then the posterior defined
by the density (with respect to I1) TT} pe(X:)/ [ T1} pe(X;) dIL(0) is consistent at
Bo.

Proof. (i) Take any open neighborhood U of 6y and let K = U¢. Note that p(f) =
Ep(T(0,X;)) = —K(0),0) <0 for all § and hence by the continuity of u(-), sup u(6) <
eK

0.
On the one hand, by Theorem 1.3.3, given 0 < e < |sup u(8)|, there exists n(w),
0cK

such that for n > n(w),

LS.~ u0)] < ¢

On the other hand, (1/n) 3 T(6,,X;) > 0. So 6, ¢ K and hence 6, € U.

sup
0eK
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As a curiosity, we note that we have not used the measurability assumption on 0,.
We have shown that the samples where the MLE is consistent contain a measurable
set of PjY measure 1.

(i) Let U be a neighborhood of 6, . We shall show that II(U|X;, X, ..., X,,) — 1
a.s Pp,. As before, let K = U° and T'(0, X;) = log (pe(X;)/pe,(X:)) and Us = {6 :
p(0,6) < 0}. Let

Ay = inf pu(0) and Ay = sup p(6)
6cU; 0K
Clearly A; < 0, A; < 0. Choose ¢ small enough so that Us C U and |A;| < |As|. This
can be done because p(6) is continuous and as § | 0, einUf w(6) 1 0.
cUs

Choose € > 0 such that A; — e > Ay + €. By applying the uniform strong law of
large numbers to K and Uy, for w in a set of Py -measure 1, there exists n(w) such
that for n > n(w),

1 _
EZT(H,X,»)—M(B) <e Y9e KUU;

Now
J, €1 TOXDdI1(6)
Jy eXTTOXAII(0) + [, eXi TOXDAII(H)

oy (g e TN (o)
>1/ + fU5 et T0.X) 411(6)

II(K)en42+9)
>\ 1+ ==
sl / < + H(U5)6n<A176)

H(U[X1, X, .., X,) =

Since Ay — Ay + 2¢ < 0 and II(Us) > 0, the last term converges to 1 asn — oo . [

Remark 1.3.5. Theorem 1.3.4 is related to Wald’s paper [163]. His conditions and
proofs are similar but he handles the noncompact case by assumptions of the kind
given next which ensure that the MLE 6, is inside a compact set eventually, almost
surely. Here are two assumptions; we will refer to them as Wald’s conditions:

1. Let ©® = UK where the K;s are compact and K; C Ky C .... For any sequence
0; € K(ci—l) N K;, hmp(x,Oz) =0.

2. Let ¢y(z) = sup (logp(x,0)/p(x,0)). Then Eg d; (X;) < oo for some i.

0eKs, ),
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Assumption (1) implies that lim ¢;(x) = —oo. Using Assumption (2), the monotone
1—00
convergence theorem and the dominated convergence theorem one can show
hm E90¢i(X1) = —
71— 00

Thus, given any Az < 0, we can choose a compact set K; such that

Ey¢j = Ep, sup log p(X;, 0) — Egyp(X,00) < As

9EK(Cj71)

Using

1
ope Zlogp (X:,0)/p(Xs, 00) < Z o log p( X, 0) /(X 0)

N ger

and applying the usual SLLN to 1/n )" | ¢;(X;), it can be concluded that eventually
it is < 0 a.s. Py,. This implies that eventually, 6,, € K; a.s Pp,. This result for the
compact case can now be used to establish consistency of 6,,.

Remark 1.3.6. Suppose O is a convex open subset of R? and for 6 € O,
P
log fo(x:) = A(0) + Y _ O + ()
1

and (%) , (%) exist. Then by Lehman[123]

dlog fo\° 9% log f, d2A(
](9)_]5"( 2% 9) __E"< 7 6>_ d9(2)>0

Thus the likelihood is log concave. In this case also the MLE is consistent without
compactness by a simple direct argument using Theorem 1.3.4. Start with a bounded
open rectangle around 6y and let K be its closure. Because K is compact, the MLE
éK, with K as the parameter space exists and given any open neighborhood V' C K of
Bo, O lies in V with probability tending to 1. If fx € V it must be a local maximum
and hence a global maximum because of log concavity. This completes the proof. In
the log concave situation more detailed and general results are available in Hjort and
Pollard [101]

Remark 1.3.7. Under the assumptions of either of the last remarks it can be verified
that the posterior is consistent.
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The next two examples show that even in the finite-dimensional case consistency
of the MLE and the posterior do not always occur together.

Example. This example is due to Bahadur. Our presentation follows Lehman [124].
Here © = {1,2,..., }. For each 6, we define a density fy on [0, 1] as follows:
Let h(z) = e'/**. Define ay = 1 and a, by [ (h(z) = ) dz = 1 = C where
0 < C < 1. Because fol eVl dy = oo it is easy to show that a,s are unique and tend

to 0 as n — oo.
Define fi(z) on [0,1] by

L () ifap <x<ap
filw) = {C otherwise

For each k, let X, X5, ..., X, beiid. fx. Denoting min(X;, Xs, ..., X,) by Xl("), we
can write the likelihood function as

TS A LS x™
B Hdz if ap_q > Xl(n)

where dl = IA,; (Xl)h(Xl) + IA;(XZ)C and Al = (ai, ai_ﬂ.

Because h(x) > 1, the likelihood function attains its maximum in the finite set
{k:a, > X"}, and hence an MLE exists.

Fix 7 € ©. We shall show that any MLE 0,, fails to be consistent at j by showing

P {zn:log J;ff(g’j) > 1} —1

Actually, we show more, namely, for each j, 0, converges in P; probability to oo.
Fix m and consider the set ©; = {1,2,...,m} C O. It is enough to show as n — oo,

Define k* (X1, Xo, ..., X,) to be k if Xl(n) € (ag, ax—1). Because the likelihood func-
tion at @, is larger than that at k* it suffices to show that

. fri (X)) . .
log —= — o0 in P; probability
; fi(X) !
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Towards this first note that for any k and j,

n (k) ()
S on i = s - et

where > is the sum over all i such that X; € (ax, ap_,). With &% in place of k, we

have
L FeX) A mX) A h(X)
2l T2 e

where Z(*) is the sum over all ¢ such that X; € (ax:, axz—1).
Because for each x, h(z)/C > 1, the first sum on the right-hand side is larger than
log(h(Xgl)))/C), one of the terms appearing in the sum. Formally,

) (m)
hX:) h(X1y)
2 los = 2log—7—

On the other hand, because h is decreasing

0
h(X, h(a;
Zlog% < Vg log (CJ)

where v, ,, is the number of X;s in (a;,a;_1).
Thus
3 Loy £ 5 Ly X)L oghlay)

n o8 f](Xz) -n 8 C B ﬁykﬂ C

1

Because (1/n)vg, — Pi(a;,a;-1), the second term converges to a finite constant.
We complete the proof by showing

1 (n)
—log h(X =

in P; probability.
Toward this, consider X ~ P; and Y ~ U(0,1/C'). Then for all z,

P(X >z) <P >ux)
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To see this, P(Y > z) =1 — Cx and for P(X > z) note that
ifx>aj_qthen P(X >2)=C(1—2)<1-Cx

If z € (aj,aj-1) then P(X >2)<1—-q;C<1-Cz

and
if x <aj, then P(X >2)=1-Cx

Consequently X ((IL)) is stochastically smaller than Y(Y)L) and because h is decreasing

P{W(X() > oy = PRY)) > ).

Therefore to show that (1/n)log h(X((f))) — o0 in P; probability, it is enough to

show that (1/n)log h(Y(({)L)) — oo in U(0,1/C') probability. This follows because

1 1

—logh(Y")y = ——
(1) n

n ”(Y((U))Z

and easy computation shows that nY<<17)L) has a limiting distribution and is hence

bounded in probability and Y(ln) — 0 a.s.

On the other hand, © being countable, Doob’s theorem assures consistency of the
posterior at all j € ©. This result also follows from Schwartz’s theorem which provides
more insight on the behavior of the posterior.

Intuitively, a Bayesian with a proper posterior is better off in such situations be-
cause a proper prior assigns a small probability to large values of K, which cause
problems for 6,,. For an illuminating discussion of integrating rather than maximizing
the likelihood, see the discussion of a counterexample due to Stein in [9].

Example. This is an example where the posterior fails to be consistent at 6y in
the support of II. This example is modeled after an example of Schwartz [145], but is
much simpler. In the next example © is finite-dimensional. In the infinite-dimensional
case there are many such examples due to Freedman [69] and Diaconis and Freedman
[46], [45].

Let © = (0,1) U (2,3) and X1, Xs,..., X, be i.id U(0,0). Let 6y =1. II is a prior
with density 7, which is positive and continuous on © with 7(f) = e~V (0=00) op
(0, 1).Because fol m(0) df < 1, there exists such a prior density 7, which is also positive
on (2,3).
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We will argue that the posterior density fails to be consistent at 6, by showing that
the posterior probability of (2,3) goes to one in Py, probability. The proof rests on
the following facts both of which are easy to verify:
Let X,y denote the maximum of X, Xs,..., X,. Then under Py, i.e., under U(0, 1),
n(Xm) — o) = Op(1). In fact, n(X(,) — 6y) converges to an exponential distribution.
The second fact is (1/n)log(l — X&’)l) — 0 in Py, probability, because by direct
calculation the distribution of (1 — X("n_)l) 5 U(0,1).

Now the posterior probability of (2, 3) is given by

Jy g 10.0)(X(w) 7(6) db
Jo #7lioay(Xe) 7(0) 46+ [ 5 Lo0)(Xw) 7(0) b
Because 0 < X,y < 1 a.e. Fy,, the numerator is equal to f;(l/@”) 7(0) df and the

first integral in the denominator is f)l(( ) ﬁ m(6) db. So the posterior probability of
(2, 3) reduces to

1 1

[x, 6= w(6) do (1 11)
(n) + &
(1 20— x(0) db ) f2

Now .
1 Xo) (1= X5
L < W(X(n>)/ o dp =" <1))( et :
X(n) = (n)
and (1/n)log I is less than
n—1 log(n — 1)

1 1
log Xy — “log(l— X1 4+ =1 X
08 A (n) +n0g( ("))JrnOgW( (n))

As n — oo the first two terms on the right side go to 0. The third goes to 0 by the
second remark. The last term, using the explicit form of 7 on (0, 1), goes to —oo in
Py, probability. Thus (1/n)log [; — —oco in Py, probability.

On the other hand

L) < /31 0) do < 112, 3)
3n ’ 9 on ™ on ?

Hence )
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and thus log(ly/ls) — —oo in Py, probability. Equivalently, I1/I; — 0 in Py, proba-
bility.

In this example, the MLE is consistent. We could have taken the parameter space
to be [e,1] U [2, 3] and ensured compactness. What goes wrong here, as we shall later
recognize, is the lack of continuity of the Kullback-Leibler information and, of course,
the behavior of IT in the neighborhood of 6y. If a prior II satisfies T1(6y, 0y + h) >
0, for all h > 0, then similar calculations or an application of the Schwartz theorem,
to be proved later, show that the posterior is consistent.

Remark 1.3.8. We have seen that consistency of MLE neither implies nor is implied
by consistency of the posterior. The following condition implies both. Let V' be any
open set containing #y. Then the condition is

Hsu‘})c er(Xz)/fgo(Xl) — 0 a.s 90

Theorem 1.3.4 implies this stronger condition.

1.4 Asymptotic Normality of MLE and
Bernstein—von Mises Theorem

A standard result in the asymptotic theory of maximum likelihood estimates is its
asymptotic normality. In this section we briefly review this and its Bayesian parallel-
the Bernstein—von Mises theorem-on the asymptotic normality of the posterior dis-
tribution. A word about the asymptotic normality of the MLE: This is really a result
about the consistent roots of the likelihood equation dlog fy /00 = 0. If a global MLE
6, exists and is consistent, then under a differentiability assumption it is easy to see
that for each Fp,, 6, is a consistent solution of the likelihood equation almost surely
Py,. On the other hand, if fj is differentiable in @, then for each 6, it is possible to
construct [Serfling [147] 33.3; Cramér [35]] a sequence T,, that is a solution of the like-
lihood equation and that converges to 6y. The problem, of course, is that T,, depends
on 0y and so will not qualify as an estimator. If there exists a consistent estimate
0!, then a consistent sequence that is also a solution of the likelihood equation can
be constructed by picking 6, to be the solution closest to 0!.. For a sketch of this
argument, see Ghosh [89].

As before, let X7, Xs,..., X, be iid. fy, where fy is a density with respect to
some dominating measure p and § € ©, and © is an open subset of R. We make the
following regularity assumptions on fy:
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(i) {z: fo(x) > 0} is the same for all § € ©

(i1) L(0,z) = log fs(x) is thrice differentiable with respect to € in a neighborhood
(0o — 6,00 +9). If L, L, and [ stand for the first, second, and third derivatives,
then Ey,L(6y) and Eg,L(6) are both finite and

sup  |L(0,2)] < M(x) and Eg,M < oo
56(907(5,004»(5)

(iii) Interchange of the order of expectation with respect to 8y and differentiation at
0o are justified, so that

EQOL(eo) =0, EQOL(GO) = _EHO(L(QU))Z

(iv) I(6o) = Eg,(L(60))* > 0
Theorem 1.4.1. If {fs : 0 € O} satisfies conditions (i)-(iv) and if 0, is a consis-
tent solution of the likelihood equation then /n(6, — 6,) K N(0,1/1(6y)).

Proof. Let L,(0) = >} L(0, X;). By Taylor expansion

0= L(6,) = Lu(80) + (B, — 60)Lu(60) + 0V 1)
where 6y < 6 < 6,,. Thus,
X J=Ln(6o)
(6, — 6y) = Vn
v )= Ln(60) — 3(6n — 00) 2 T (6)

By the central limit theorem, the numerator converges in distribution to N (0, I(6p));
the first term in the denominator goes to () by SLLN; the second term is op(1) by
the assumptions on 0, and . O

We next turn to asymptotic normality of the posterior. We wish to prove that if
0, is a consistent solution of the likelihood equation, then the posterior distribution
of \/n(0 —6,) is approximately N(0,1/1(6y)). Early forms of this theorem go back to
Laplace, Bernstein, and von Mises [see [46] for references]. A version of this theorem
appears in Lehmann [124]. Condition (v) in Theorem 1.4.2 is taken from there. Other
related references are Bickel and Yahav [20], Walker [164], LeCam [121], [120] and
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Borwanker et al. [27]. Ghosal [75, 76, 77] has developed posterior normality results in
cases where the dimension of the parameter space is increasing. Further refinements
developing asymptotic expansions appear in Johnson [107],[108] , Kadane and Tierney
[158] and Woodroofe [173]. Lindley [129], Johnson [108] and Ghosh et al. [82], provide
expansions of the posterior that refine posterior normality. See the next section for
an alternative unified treatment of regular and nonregular cases.

Theorem 1.4.2. Suppose {fp : 0 € O} satisfies assumptions (i)-(iv) of the Theo-
rem 1.4.1 and 6, is a consistent solution of the likelihood equation. Further, suppose
(v) for any § > 0, there exists an € > 0 such that

Peo{ sup l(Ln(ﬁ)*Ln(Go)) < e} —1

|0—00|>8 T

(vi) The prior has a density 7(0) with respect to Lebesque measure, which is con-
tinuous and positive at 0.

Let X,y stand for X1, Xa, ..., X, and fo(X,,) for its joint density. Denote by n*(s|Xy)
the posterior density of s = /(0 — 0,(Xn)). Then as n — oo,

1(6y) _ 1) Py
(5] Xn) — 2 =0 1.3
[ [t - Y2 (13

Proof. Because s = v/n(6 — 6,,),

W(én + \%)féHJrs/\/ﬁ(Xn)

(5| Xn) = ~
f]R ﬂ-(en + ﬁ)fénﬂ/\/ﬁ(Xn) dt

To avoid notational mess, we suppress the X,, and rewrite the last line as
(0 + = )eln oo/ ViD=Ln(ln)
n

o (0 + t/ /)l Ot DL gy

Thus we need to show

J

(0, + 5/+/m)eln Onts/V/m)~Ln(n) 1(60) 10

Py
= ~ ~ — d =20 1.4
Jo 7B+ /)i Gertvi—inon) p V' 2m ; (14)
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It is enough to show that

[
R
To see this, note that writing C,, for /ﬂ(én + t/\/ﬁ)eL"(én“/\/ﬁ)*Ln(én)dt, (1.4) is
R
J

Because (1.5) implies that C,, — 7(0y)\/27/1(6y) it is enough to show that the
integral inside the brackets goes to 0 in probability, and this term is less than Iy + I5,

t ~ ~
(O - et Ot En ) — (o)™

2 I(9o> Py

=0 (1.5)

071

n

~ A A I 6 52
(6, + %)emeﬁs/ﬁmn(en) _c, ;;)67%

ds] P—090

where I / (0, + S )b (Bn+s/v/n)=Ln(6n) (60) - £1(60) d
1= b, + —)e " mnl —(bg)e S
8 Vi
and
$21(8g) 0, $21(80)
o= [ o220 - /T,
R T

Now I; goes to 0 by (1.5) and I, is equal to

7r(¢90) — Cn LGO)

2

s21(6g)
/e_ 2 ds
R

which goes to 0 because C,, — m(0)+/27/1(6p).
To achieve a further reduction, set

= ”ZL 0., X;) ”L (0, X))
Because as n — 00, h, — I(0y) a.s. Pp,, to verify (1.5) it is enough if we show that

[

To show (1.6), given any 4, ¢ > 0, we break R into three regions:

Ay ={t: |t] < clog i1},

t ; ; R
(0" * %)GLTL(GHH/\/EFLH(%) - 7T(en)ei

dt o (1.6)
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Ay ={t:clog+/n < |t| <dy/n}, and

Az ={t: |t| > 0y/n}.
We begin with Aj.

A;;
t2hy

N t 5 ; A
< ﬂ_(en_‘_7)6Ln(9n+t/\/ﬁ)*Ln(€n) dt+/ m(0,)e” 2 dt
/A3 Vn Ag

The first integral goes to 0 by assumption (v). The second is seen to go to 0 by the

~ _ %hn

stV -LaO) _ (G Y= | g
n

ﬂ(én +

usual tail estimates for a normal.
Because 6,, — 0y, by Taylor expansion, for large n,

Lo+ -2 = L@ = S Enf) + 2@y = —E 4 g
n n \/ﬁ n n) — 2n n n 6 \/ﬁ n - 2 n
for some 0’ € (6y,0,). Now consider
/ T+ e R (e | at
Al n \/ﬁ n
s t Zhy 2hy, N t A 2hy
< 779n+—}e’T+R"—e’2 dt+/ 70, + —) —7w(6,)|e” 2 dt
/Al ( \/ﬁ) A ( \/ﬁ) ( )

Because 7 is continuous at f, the second integral goes to 0 in Fy, probability. The

first integral equals

A t tzhn
/ (0 + —=)e 2" |efin — 1] dt
A vn (1.7)

t2

A t h
< O, +—)e 2 e™|R,| dt
- /A w0t \/ﬁ)e s

Now,
3
sup R, = sup(—= ) Eu#) < VY0, 1) = 01)

teA; teA; \/ﬁ
and hence (1.7) is

~ t t2hy
< su 7r9n+—/e’2em"‘ R,| dt = op(1
swp i+ ) | [Ral dt = 0r(1)
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/AQ
t2hy

A t t2h ~
< (0, + —=)e = Fhn dt+/ m(0,)e” 2 dt
/Az ( \/ﬁ) As ( )

Next consider

A Chn g PN )
(0, + %)6 2 —m(6,)e” 2

dt

The second integral is

<2m(f,)e” 3 [5y/m — clog v/
< Kn(0,)—Y— vn

nchn/4

so that by choosing c large, the integral goes to 0 in Fp, probability.
For the first integral, because t € As, and clog \/n < [t| < dy/n, we have [t|/\/n <
0. Thus [R,| = (1-)31L, (9/) < at2 L7 (6

Because sup  (1/n)|L
0'e (90 75,904»5)

is Op(1), by choosing ¢ small we can ensure that

t2
Pgo{Rn| < Zhn for allteAg} > 1—€for n > ny (1.8)

or

t*hy, thy
Pgo{ B) + R, 1 ELHtEAQ}>1—€ (19)

Hence, with probability greater than 1 — e,

/ (0 + %) —Seh gy

< sup m(f, + /f)/A e Phn/t g
2

0cAs
—0asn — oo

Finally, the three steps can be put together, first by choosing a ¢ to ensure ( 1.8) and
then by working with this § in steps 1 and 3. O
An asymptotic normality result also holds for Bayes estimates.

Theorem 1.4.3. In addition to the assumptions of Theorem 1.4.2 assume that
J10|w(0) db < oo. Let 0 = [0 TI(dO| X, Xs,...,X,) be the Bayes estimate with
respect to squared error loss. Then
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(i) (0, —02) — 0 in Py, probability
(i1) /n(6 — 0y) converges in distribution to N(0,1/1(6y)).

Proof. The assumption of finite moment for 7 and a slight refinement of detail in the
proof of Theorem 1.4.2 strengthens the assertion to

~ t ) H tzh,n P9
/(1 + )7 (0, + —=) ‘ewnﬂ/ﬁ)%n(gﬁ —e 27 |dt 30 (1.10)
R Vvn
Consequently
I(Qo) _t21(0g) Py
/(1 ) [ ey — YR 2 0
R V2T

and hence

T (tXn) — (v/T(00)[2m)e 5™

t2
\/—[(QO) /te—ﬂég) dt =0
2m R
we have [, t 7 (dt|X,) — 0.

To relate these observations to the theorem, note that

Jnt

P,
dt’ 0. Note that because

s t
9;‘1:/91_[ do| Xy, Xo, ..., X, :/ Op + —=) 7 (dt|Xp
O THd0I X, X, )=« \/ﬁ) (dt]Xn)
and hence /n(0; — 0,) = [ t 7 (dt|Xy).
Assertion (i) follows from (i) and the asymptotic normality of §,, discussed earlier.
O

Remark 1.4.1. This theorem shows that the posterior mean of § can be approxi-
mated by 0, up to an error of op(n~'/?). Actually, under stronger assumptions one
can show [82] that the error is of the order of n~' . A result of this type also holds
for the posterior variance.

Remark 1.4.2. With a stronger version of assumption (v), namely, for any 4,
1

sup — [L,(0) — Ln(6y)] < —e  eventually a.e. Py,
|0—80|>8 T

and 0, — 0, a.s., we can have the L;-distance in (1.3) go to 0 a.s. Py,.
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Remark 1.4.3. If we have almost sure convergence at each 6y, then by Fubini, the
L-distance evaluated with respect to the joint distribution of 6, X, X5, ..., X,, goes
to 0. For refinements of such results see [82].

Remark 1.4.4. Multiparameter extensions follow in a similar way.
Remark 1.4.5. Tt follows immediately from (1.5) that

n

log/ Hfg(Xi)w(Q)dQ = L,(0,) +1og C,, — %logn
R

R 1 1
= L,(0,) — =logn + 5 log 2m — - log I(6p) + log m(6o) + op(1)

In the multiparameter case with a p dimensional parameter, this would become

| - AP p 1

og H Jo(Xi)m(0)dO = L,,(0,,)— 5 log n+§ log 27 — 5 log ||1(0o)||+1og w(8y)+0p(1)
Ry

where ||1(6)|| stands for the determinant of the Fisher information matrix.

This is identical to the approximation of Schwarz [146] needed for developing his
BIC (Bayes information criteria) for selecting from K given models. Schwarz rec-
ommends the use of the penalized likelihood under model j with a p;-dimensional
parameter, namely,

Ln(6,) — % logn

to evaluate the jth model. One chooses the model with highest value of this criterion.

The proof suggested here does not assume exponential families as in Schwarz[146]
but assumes that the true density fy is in the model being considered. To have a
similar approximation when fy is not in the model, one assumes

i%f / fo log%

is attained at 6y. We use this #p in the assumptions of this section.

Remark 1.4.6. The main theorem in this section remains true if we replace the
normal distribution N(0,1/1(6y) by N(0,1/a) where a = —(1/n)(d*log L/d6?)|; is
the observed Fisher information per unit observation. To a Bayesian, this form of the
theorem is more appealing because it does not involve a true (but unknown) value
fy. The proof requires very little change.
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1.5 Ibragimov and Hasminskii Conditions

Ibragimov and Hasminskii, henceforth referred to as IH, in their text [102] used a
very general framework for parametric models that includes both the regular model
treated in the last section and nonregular problems like U(0,0). In fact, IH verify
their conditions for various classes of nonregular problems and some stochastic pro-
cesses. Within their framework we will provide a necessary and sufficient condition
for a suitably normed posterior to have a limit in probability. This theorem includes
Theorem 1.4.2 on posterior normality under slightly different conditions and with
results on nonregular cases. It also answers some questions on nonregular problems
raised by Smith [152].

We begin with notations and conditions appropriate for this section. Let © be an
open set in R*. For simplicity we take k to be 1.

The joint probability distribution of X;, X, ..., X, is denoted by P;' and its density
with respect to Lebesgue measure (or any other o- finite measure) by p(X,, 6). Let
¢n be a sequence of positive constants converging to 0. If £ > 1 then ¢, would be
a k-dimensional vector of such constants. In the so-called regular case treated in the
last section, ¢, = 1/4/n. In the nonregular cases, typically ¢, — 0 at a faster rate.
Consider the map U defined by U(6) = ¢, (6 — 6y), where 6, is the true value. Let
U,, be the range of this map, i.e., U, = {U(0) : € ©}. The variable u is a suitably
scaled deviation of # from 6. The likelihood ratio process is defined as

p(Kn, 90 + ¢7zu)
Zn(u, X)) = ———7—"
( ) p(lnvgo)

The IH conditions can be thought of as two conditions on the Hellinger distance
and one on weak convergence of finite-dimensional distributions of Z,,.

IH conditions

1. For some M >0, m; >0, a >0, ng > 1,

1

1 1 2
EGO Z»,% (Ul) - Zﬁ (U2) < M(]. + Am‘)|u1 — U2 @
Vg, us € Uy, with ug| < A, |ug] < A

for all n > nyg.

Note that the left-hand side is the square of the Hellinger distance between
p(X,,, 6o+ onur) and p(X,,, Go+ Pnuz). The condition is like a Lipschitz condition
in the rescaled parameter space but uniformly in n.
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2. For all u € U, and n > ny,

g,

Z,% (u) ’ < e—gn(lul)

where g, is a sequence of real-valued functions satisfying the following condi-
tions:

(a) for each n > 1, g,(y) T 0o as y — oo,

(b) for any N > 0,
lim ch_g"<y) =0

y—r 00
n—r00

3. The finite-dimensional distributions of {Z,(u) : u € U,} converge to those of a
stochastic process {Z(u) : u € R}.

For i.i.d. X, Xy, ..., X, with compact ©, condition 2 will hold if ¢;! is bounded
by a power of n, as is usually the case. This may be seen as follows: Note that

gy 23 (1) = [A(60, 0 + dot)]"

where [A(6, 0y + ¢nu)|™ is the affinity between pg, and p(gy+4,4) given by

[ \/PocPaoronmde. Define
-n log 14((907 90 + ¢ny) if y € un

an(y) = .
o0 otherwise

Condition 2(a) and 2(b) follow trivially. For non compact cases the condition is
similar to the Wald conditions. The following result appears in IH (theorem 1.10.2).

Theorem 1.5.1. Let IT be a prior with continuous positive density at 6y with respect
to the Lebesgue measure. Under the IH conditions and with squared error loss, the nor-
malized Bayes estimate ¢,,*(0,—6y) converges in distribution to [uZ(u) du/ [ Z(u) du.

A similar result holds for other loss functions. This result of IH is similar to the
result that was derived as a corollary to the Bernstein—von Mises theorem on posterior
normality. So it is natural to ask if such a limit, not necessarily normal, exists for the
posterior under conditions of TH.

We begin with a fact that immediately follows from the Hewitt-Savage 0-1 law.
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Proposition 1.5.1. Suppose X1, Xs, ..., Xyare i.i.d. and 11 is a prior.
Let 0(X1, Xa, ..., X,,)be a symmetric function of X1, Xa, ..., X,. Let

t=,t (0- 00X, X, X))

and let A be a Borel set. Suppose

P
(t € AlX1, X, ..., X)) = Yy
Then Yy is constant a.e. Py, .

In view of this, the following definition of convergence of posterior seems appropri-
ate, at least in the i.i.d. case.

Definition 1.5.1. For some symmetric function é(Xl,Xg, ..., X,) the posterior
distribution of t = ¢~ (0 (X1, X, . ,Xn)> has a limit Q if

Py

sup {|LI(t € ALXy, X, Xo) = Q(A)]} = 0

In this case, é(Xl, Xo,...,X,) is called a proper centering.
We now state our main result.

Theorem 1.5.2. Suppose the IH conditions hold and 11 is a prior with continuous
positive density at 0y with respect to the Lebesgue measure. If a proper centering
(X1, X, ..., X,)exists, then there exists a random variable W such that

(a) 671 (0 — O(X1, Xo, ..., X)) converges in distribution to W

(b) For almost all n € R, with respect to the Lebesque measure E(n — W) = q(n) is
nonrandom, where &(u (w)/ [z Z(u) du, u € R.

Conversely if b holds for some random vam’able W, then the posterior mean given
X1, X, ..., Xn, is a proper centering with Q(A qu

Remark 1.5.1. Under the IH conditions it can be shown that the posterior mean
given Xy, X5, ..., X, exists. (See the proof of IH theorem 10.2)

Remark 1.5.2. Tt is proved in Ghosal et al. [79] that under IH conditions the poste-
rior with centering at 6y converges weakly to £(.) a.s. Py,. Theorem 1.5.2 shows that
if weak convergence is to be strengthened to convergence in probability by centering
at a suitable (X1, X,, ..., X,,), then conditions (a) and (b) are needed.
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Example 1.5.1. We sketch how the current theorem leads to (a version of) the
Bernstein—von Mises theorem. Assume that the X;s are i.i.d. and conditions 1 and 2
of TH hold and that the following stochastic expansion used earlier in this chapter is
valid.

dlo XL,H u?
lOgZ \/*Z gp |€0 - 51(90)+0P(1)

Then

w2
log Z,(u) By — —1(90) where V' is a N (0, 1(6y)) random variable.

Let log Z(u) = uV — (u?/2)I(6p). This implies that

(log Z,,(u1),log Z,(uz), . . . log Z, ()

converges in distribution to

(log Z(u1),log Z(uz), . . .log Z(tum))

i.e., condition 3 of TH holds. An elementary calculation now shows that W = V/I(6,)
and ¢(n) is the normal density at n with mean 0 and variance I~(6;).
Some feeling about condition 1 in the regular case may be obtained as follows: Easy

calculation shows . .
By, (27 () (23 (1)) = Alur,uz)"

If we expand (pgy(u/ym)) =3 up to the quadratic term and integrate, we get the
following approximation.

)2

otz ap,

n

Because 5
Ego (ZE (Ul) — Z»g (’LLQ) =2 2A(U1, Ug)n

it can be bounded as required in condition 2 under appropriate conditions on the
negligibility of the remainder term R,,. A useful sufficient condition is provided in
lemma 1.1 of IH.

Example. The following is a nonregular case where the posterior converges to a

limit:
—(z—0)
e x>0
xz,0) =
p(,9) {0 otherwise
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The norming constant ¢, is n~! and a convenient centering is é(Xl, Xoy .., X)) =
min(Xy, Xo, ..., X,). Conditions 1 and 2 of IH are verified in chapter 5 of TH under
very general assumptions that cover the current example. We shall verify the easy
condition 3 and the necessary and sufficient condition of Theorem 1.5.2. Let V,, =

n(0(X1, X, ..., X,) — 0) and W be a random variable exponentially distributed on
(—00,0) with mean —1. Then V,, and W have the same distribution for all n. Also

Zn(u) =

e ifu—-V,<0
0 otherwise

Define Z(u) similarly with W replacing V;,. Because W and V;, have the same distri-
bution, the finite-dimensional distributions of Z,, and Z are the same. Moreover

et ifu4+W <0
g(u):{

0 otherwise

and so ¢(n) = €"if n < 0 and 0 otherwise. The case when Py is uniform can be
reduced to this case by a suitable transformation of X and 6.

Example. This example deals with the hazard rate change point problem. Consider
X1, Xs, ..., X, i.i.d. with hazard rate

fol)  Ja if0O<a<0
1—Fy(z) b ifz>0

Typically a is much bigger than 0. This density has been used to model electronic
components with initial high hazard rate and cancer relapse times. For details see
Ghosh et al.[85].

Let é(Xl, Xy, ..., X,) be the MLE of 6. It can be shown that ¢, = n=! is the right
norming constant and that the IH conditions hold. But the necessary condition that
&(u — W) is nonrandom fails. On the other hand, if a,b are also unknown, it can be

shown that the posterior distribution of (\/ﬁ(a —a),v/n(b— l;)) has a limit in the
sense of theorem 1.5.2. For details see [85] and [79]

Remark 1.5.3. Ghosal et al. [84] show that typically in non-regular examples the
necessary condition of Theorem 1.5.2 fails.

Remark 1.5.4. Theorems 2.2 and 2.3 of [84] imply consistency of the posterior
under conditions of TH.

Remark 1.5.5. If > ¢5 < oo for some s > 0, then posterior consistency holds in
the a.s sense.
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1.6 Nonsubjective Priors

This section contains a brief discussion of nonsubjective priors. This term has been
generally used in the literature for the so-called noninformative priors. In this section
we use it as a generic description of all priors that are not elicited in a fully subjective
manner.

1.6.1  Fully Specified

Fully specified nonsubjective priors try to quantify low information in one sense or
another. Because there is no completely satisfactory definition of information, many
choices are available. Only the most common are discussed. A comprehensive survey is
by Kass and Wasserman [111]. A quick overview is available in Ghosh and Mukherjee
[86] and Ghosh [83]. In particular, we use this term to describe conjugate priors and
their mixtures.

For convenience we take ® = RP. The use of uniform distribution, namely, the
Lebesgue measure, as a prior goes back to Bayes and Laplace. It has been criticized
as being improper (i.e., total measure is not finite), a property that applies to all
the priors considered in this section, and is a consequence of © being unbounded.
An improper prior may be used only if it leads to a proper posterior for all samples.
This posterior may then be used to calculate Bayes estimates and so on. However,
even then there arise problems with testing hypotheses and model selection. Because
we will not consider testing for infinite-dimensional © we will not pursue this. For
finite-dimensional ©, attractive possibilities are available. See, for example, Berger
and Pericchi [16] and Ghosh and Samanta [88]

As pointed out by Fisher, choice of uniform distribution is not invariant in the
following sense. Take a smooth 1-1 function 7(0) of #. Argue that if one has no
information about # then the same is true of 7(#), and hence one can quantify this
belief by a uniform distribution for 7. Going back to 8 one gets a nonuniform prior ©
for 6 satisfying

d
m(6) = |7

where |dn/df| is the Jacobian, i.e., the determinant of the p x p matrix [0n;/06;].

It appears that Fisher’s criticism led to the decline of Bayesian methods based on
uniform priors. This also helped the growth of methods based on maximizing the
likelihood. However, Basu [9] makes a strong case for a uniform distribution after a
suitable finite discrete approximation to ©. This idea will be taken up in Chapter 8.
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A natural Bayesian answer to Fisher’s criticism is to look for a method that pro-
duces priors 71 (6), ma(n) for § and n such that one can pass from one to the other by
the usual Jacobian formula

dn

m (6) = m(n(9))— (1.11)
Suppose the likelihood satisfies regularity conditions and the p x p Fisher’s infor-

mation matrix dlog fo Olog f

0g Jo 0g Jo

1(0) = |E .
) {(9( 90; 90; )]
is positive definite. Then Jeffreys suggested the use of

m1(0) = {det I()}*/?

This is known as the Jeffreys prior. It is easily verified that (1.11) is satisfied if we

set
B Odlog fo Olog fy 1/2
o) = {as [ (T2 2500 )

using the Fisher information matrix in the 7-space. One apparently unpleasant as-
pect is the dependence of the prior on the experiment. This is examined in the next
subsection.

The Jeffreys prior was the most popular nonsubjective prior until the introduction
of reference priors by Bernardo [18]. The algorithm described next is due to Berger
and Bernardo [14], [15]. We follow the treatment given in Ghosh [83].

For a discrete random variable or vector W with probability function p(w), the
Shannon entropy is

S(p) = S(W) = —E,(log p(W))

It can be axiomatically developed and is a basic quantity in information and com-
munication theory. Maximization of entropy, which is equivalent to minimizing infor-
mation, leads to a discrete uniform distribution, provided W assumes only finitely
many values.

Unfortunately, no such universally accepted measure exists if W is not discrete. In
the general case we may still define

S(p) = S(W) = —E,(log p(W))

where p is the density with respect to some o-finite measure p. Unfortunately, this
S(p) depends on u and is rarely used directly in information or communication theory.
Further, if one maximizes S(p) one gets p =constant, i.e. one gets essentially p.
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A different measure, also due to Shannon, was used by Lindley [128] and Bernardo
[18]. Consider two random vectors V, W with joint density p. Then

S(p)=S(V,W)=SV)+ Sy (W)
where
Sy(W) = E(I(W|V))
I(W[V) = —E{log p(W|V)|V'}
Here Sy (W) is the part of the entropy of W that can be explained by its dependence
on V. The residual entropy is

S(W) = Sy(W) = E {E <1og7mv>} >0

Because
/ p(wlv) log (p(w]v)/p(w)) p(dw) > 0

this quantity is taken as a measure of entropy in the construction of reference priors.
Let X = (X3, Xs, ..., X,,) have density p(x|@) and let the prior be p(#) and posterior
density be p(f|x). Lindley’s measure of information in X is

S(X,p(0)) = E {E (log pﬁg) |X> } (1.12)

So it is a measure of how close the prior is to the posterior. If the prior is most in-
formative, i.e., degenerate at a point, then the quantity is 0. Maximizing the quantity
should therefore make the prior as noninformative as possible provided S(X, p(#)) is
the correct measure of entropy.

Bernardo[18] recommended taking a limit first as n — oo and then maximizing.
Taking a limit seems to introduce some stability and removes dependence on n. Sub-
sequent research has shown that maximizing for a fixed n may lead to discrete priors,
which are unacceptable as noninformative.

To ensure that a limit exists, one assumes i.i.d. observations with enough regularity
conditions for posterior normality in a sufficiently strong sense. Details are available
in Clarke and Barron [33].

Suppose K; is an increasing sequence of compact sets whose union is the whole
parameter space ©. To avoid confusion with the density p the dimension of 6 is taken
as d. Then using the posterior normality

S(w,p) = —E (logp(0)) + E (log p(6] X))
= —FE (logp(9)) + Elog N(0) + o(1)
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where N is the normal density with mean § and dispersion matrix I-'(6)/n.
The second term on the right equals

o (Z (6: —6)(6, — @)Iﬁ(e)) + Blog {det I(é)}w LI

2 2 2m

If we approximate Io(6) by Io(0) and E(6;—0;)(6;—6;) by 1,;(0)/n, S(z, p) simplifies
to

d

Clog o + / p(0) log {det 1(9)}'/ — / p(8) log p(8) + o(1) (1.13)

2 2me K, .
Thus as n — o0, S(X, p) is decomposed into a term that does not depend on p(f)

and
det I(0)}'/?
10,50 = [ 90106 10 g
K; p(0

which is maximized at

const. {det I(0)}/? if 0 € K,
pi(0) = .
=0 otherwise

If one lets ¢ — oo, p;s may be regarded as converging to the Jeffreys prior. This
is a rederivation of the Jeffreys prior from an information theoretic point of view
by Bernardo [18]. To get a reference prior, one writes § = (01, 0s), where 6; is the
parameter of interest and 6y is a nuisance parameter. Let d; be the dimension of 6;,
and for convenience take © = ©; x O,.

For a fixed 61, let p(62|0;) be a conditional prior for fy given 6;. By integrating out
05, one is left with ¢; and X. Then one finds the marginal prior p(f;) as described
earlier. This depends on the choice p(62|6;). Bernardo [18] recommended use of the
Jeffreys prior const - det{I5(0)}/?, treating 6, as variable and with ; held constant.
Here 122(9) = [[7](9)7Z7j, = dl + 1, e 7dl + dg]

Fix compact sets K;1, K;» of ©1 and O,. Consider priors concentrating on K;; X Kjs.
Let p;(02]61) be a given conditional prior. Our first object is to maximize the entropy
in 6; and find the marginal p(6,).

Let

pi(0:1]X) }

S(X,pi(bh)) = E {log ()

— S(X, pi(6, 62)) — / Di(61)S(X, pi(6:161)) db,

K

(1.14)
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Assuming that one can interchange integration with respect to 6, using the asymp-
totic form of (1.13) of S(X,p(6y, 62),

S(X,pi(6h)) = %log% + /K pi1(61) {log i((gj)) } by + o(1)

o 1/2
1/)2‘(91) = €xp {/K pi(92|91)10g (%) d92}

Maximizing S(X, p;(61)) asymptotically,

where

pi(01) = const ¢;(61) on Ky

where the constant is for normalization.
Then

constant ;(01)p;(02]601) on Ky X Ko
0 elsewhere

pi(01,02) = {

Finally take
i(6) {det Ino(0)}*  on Ky
0 otherwise

p(0a]01) = {
To choose a limit in some sense, fix 6y = (619, 020) and assume

lim p; (01, 62) /pi(610, 020) = p(61, 02)

exists for all § € ©. Then p(61,05) is the reference prior when 6; is more important
than 6. If the convergence to p(6y, 62) is uniform on compacts, then for any pair of
sets By, By contained in a fixed K;,; X K2

fBl pi(91>92) dag . fBl p(91792) dag

lim =
fBz pz‘(91>92) dag fBz p(91792) dao

Berger and Bernardo [15] recommend a d-dimensional break up of 6 as (61,65, . ..,04)
and a d-step algorithm starting with

P(0al01, ... 0a-1) = c(01,02,...,04-1)v/1aa(0) on Kig

Some justification for this is provided in Datta and Ghosh [38].
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There is still another class of nonsubjective priors obtained by matching what a
frequentist might do (because, presumably, that is how a Bayesian without prior in-
formation would act). Technically, this amounts to matching posterior and frequentist
probabilities up to a certain order of approximation. This leads to a differential equa-
tion involving the prior. For d = 1 the Jeffreys prior is the unique solution. For d > 1,
reference priors are often a solution of the matching equation. More details are given
in Ghosh [83].

Finally, there is one class of problems in which there is some sort of consensus
on what nonsubjective prior to use. These are problems where a nice group G of
transformations leaves the problem invariant and either acts transitively on ©, i.e.,
{g9(6o); g € G} = O, or reduces © to a one-dimensional maximal invariant parameter.
See, for example, Berger [13]. In the next example G acts transitively. In such problems
the right invariant Haar measure is a common choice and is a reference prior. The
Jeffreys prior is a left invariant Haar measure which causes problems [see, e.g., Dawid,
Stone, and Zidek [39]). For examples involving one-dimensional maximal invariants,
see Datta and Ghosh [38]. Here also reference priors do well.

Example 1.6.1. X;s are i.i.d. normal with mean 6y and variance 6;; 6; is the
parameter of importance. The information matrix is

= 0
1(0) = | %
<0 "

and so the reference prior may be obtained through the following steps:

pi(92|91) =d; on Ky

¥i(6h) = eXp[/K d;log ! | db

i2 \/§61

1
pi(01,62) = Cig-on Kip x Kjp
1

pi(eh 92) = 910/91

which is also known to arise from the right invariant Haar measure for (i, o). The
Jeffreys prior is proportional to #;®, which corresponds to the left invariant Haar
measure.

If the mean is taken to be 6; and variance 5, then the reference prior is proportional
to 07'. But, in general, a reference prior depends on how the components are ordered.
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1.6.2 Discussion

Nonsubjective priors are best thought of as providing a tool for calculating posteriors.
Theorems like posterior normality indicate that the effect of the prior washes away as
the sample size increases. Hence a posterior obtained from a nonsubjective prior may
be thought of as an approximation to a posterior obtained from a subjective prior.

Though there is no unique choice for a nonsubjective prior, the posterior obtained
from different nonsubjective priors will usually be close to each other, even for mod-
erate values of n. Thus lack of uniqueness may not matter very much.

It is true that a nonsubjective prior usually depends on the experiment, e.g.,
through the information matrix 7(6). This would not seem paradoxical if one remem-
bers that nonsubjective priors have low information, and it seems that information
cannot be defined except in the context of an experiment. The measure of information
used by Bernardo [18] clarifies this.

Nonsubjective priors are typically improper but some justification comes from the
work of Heath and Sudderth [97], [96]. They show that, at least for amenable groups,
the posterior obtained from a right invariant measure can be obtained from a proper
finitely additive prior.

For improper priors one has to verify that the posteriors are proper. In many
cases this is not easy. Some Bayesians use improper priors and restrict it to a large
compact set. In general, this is not advisable. It is a remarkable fact that for the
Jeffreys or reference priors, the posteriors are often proper, but there exist simple
counterexamples; see for example, [38]. If the likelihood shows marked inhomogeneities
asymptotically, as in the so-called nonergodic cases, one must take these into account
through suitable conditioning.

1.7 Conjugate and Hierarchical Priors

Let X;s be i.i.d. Consider exponential densities with a special parametrization

p

folw) = exp{A(6) + Y 6,T;(x) + ¥ (x)}

1

Given X1, Xs, ..., X, the sufficient statistic is (37 T4 (2:), ..., D1 Tp(x;)). Assume
O is an open p- dimensional rectangle. Because

dlog fo\
E9< 99, >_O
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one has 9A(8)
= Ep(T;) = n;(0
89] 9( ]) 77]( )
n = (m,n2,...,n,) provides another natural parametrization. Note that the MLE
7 ="T/n.

A class of priors C is said to be a conjugate family if given p € C the posterior for
all n belongs to C. One can generate such families by choosing a o-finite measure v
on O and defining elements of C by

p
p(O|m, ty,ta, ..., t,) = const. exp{mA(0) + Z 0t} (1.15)

1
where m is a positive integer and tq,%s,...,%, are elements in the sample space of
T1,T5...,T,. The constants m,ty,ts,...,t, are parameters of the prior distribution

chosen such that the prior is proper.

Usually, v is a nonsubjective prior. Then the prior displayed in (1.15) can be in-
terpreted as a posterior when the prior is ¥ and one has a conceptual sample of size
m yielding values of sufficient statistics T' = (t1,t2,...,1,), i.c., compared with v it
represents prior information equivalent to a sample of size m.

The case when v is the Lebesgue measure deserves special attention. Under certain
conditions, one can prove the following by an argument involving integration by parts,

mE(n) +nn

E(’I]|X1,X2,...,Xn) = mtn (116)
which shows that the posterior mean is a convex combination of the prior mean
and a suitable frequentist estimate. The relation strengthens the interpretation of m
as a measure of information in the prior. The elements of C' corresponding to the
Lebesgue measure are usually called conjugate priors. Diaconis and Ylvisaker [47]
have shown that these are the only priors that satisfy (1.16). One can elicit the values
of t1,ts,...,t, by eliciting the prior mean and m by comparing prior information
with information from a sample. This makes these priors relatively easy to elicit,
but because one is only eliciting some aspects of the prior, a conjugate prior is a
nonsubjective prior with some parameters reflecting prior belief.

Example. fy is normal density with mean p and standard deviation o. Here 6; =
w202, 0 = —1/0% A(0) = —(u?/20?)—log o, and Ty (x) = z, Ty(x) = 2°. A conjugate
prior is of the form

p(g) = Const. emA(<9)+t191+t292
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which can be displayed as the product of a normal and inverse gamma.

Example. fj is Bernoulli with parameter 6. Conjugate priors are beta distributions.

Example. fp is multinomial with parameters 0y,6s,...,6,, where 6, > 0,50, = 1.
Conjugate priors are Dirichlet distributions discussed in the next chapter.

Conjugate priors have been criticized on two grounds. The relation (1.16) may not
be reasonable if there is conflict between the prior and the data. For example, if p =1
and the prior mean is 0 and 7 is 20, should one believe the data or the prior? A convex
combination of two incompatible estimates is unreasonable.

For N(p,0?), a t-prior for g and a nonsubjective prior for o ensures that in cases
like this the posterior mean shifts more toward the data, i.e., a choice of such a prior
means that, in cases of conflict, one trusts the data. The t-prior is a scale mixture of
normal. In general, it seems that mixtures on conjugate priors will possess this kind
of property, but we have not seen any general investigation in the literature.

The other criticism of conjugate priors is that only one parameter m is left to model
the prior belief on uncertainty. Once again, a mixture of conjugate priors offers more
flexibility.

These mixtures may be thought of as modeling prior belief in a hierarchy of stages
called hierarchical priors. The reason for their current popularity in Bayesian analysis
is that they are flexible and posterior quantities can be calculated by Markov chain
Monte Carlo. A good source is Schervish [144].

1.8 Exchangeability, De Finetti’s Theorem,
Exponential Families

Subjective priors can be elicited in special simple cases, a relatively recent treatment is
Kadane et al. [109]. However there is one class of problems where subjective judgments
can be made relatively easily and can lead to both a model and a prior.

Suppose {X;} is a sequence of random variables. This sequence is said to be ez-
changeable if for any n distinct iy, 1s, ..., iy,

P{X;, € B),X;, € By,..., X;, € B,}
=P{X,€B;,X,€By,..., X, € B, (1.17)

Suppose {X;} take values in {0,1}. One may be able to judge if the {X;}s are
exchangeable. In some sense, such judgments are fundamental to science when one
makes inductions about future based on past experience. The next theorem of De
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Finetti shows that this subjective judgment leads to a model and affirms the existence
of a prior.

Theorem 1.8.1. If a sequence of random wvariables {X;} is exchangeable and if
each X; takes values in {0,1} then there exists a distribution I1 such that

1
P{X1 :.’L’l,XQ:.T)Q,..‘,Xn:lTnl}I/ 9r(1—9)”4dl—[(9)
0

with r =" x;

The theorem implies that one has a Bernoulli model and a prior II. To specify a
prior, one needs additional subjective judgments. For example, if given X7, X, ..., X,
one predicts X117 = (a+ > x;)/(a+ § + n), II then must be a beta prior.

Regazzini [67] has shown that judgments on Exchangeability, along with certain
judgments on predictive distributions of X, given X, X5, ..., X, lead to a similar
representation theorem, which leads to an exponential model along with a mixing
distribution, which may be interpreted as a prior. Earlier Bayesian derivations of
exponential families is due to Lauritzen [117] and Diaconis and Freedman [44]. A
good treatment is in Schervish [144] where partial exchangeability and its modeling
through hierarchical priors is also discussed.



2
M (X) and Priors on M (X))

2.1 Introduction

As mentioned in Chapter 1, in the nonparametric case the parameter space © is
typically the set of all probability measures on X. We denote the set of all probability
measures on X by M(X). The cases of interest to us are when X is a finite set and
when X = R. The Bayesian aspect requires prior distributions on M (X), in other
words, probabilities on the space of probabilities. In this chapter we develop some
measure-theoretic and topological features of the space M(X) and discuss various
notions of convergence on the space of prior distributions.

The results in this chapter, except for the last section, are mainly used to assert
the existence of the priors discussed later. Thus, for a reader who is prepared to
accept the existence theorems mentioned later, a cursory reading of this chapter would
be adequate. On the other hand, for those who are interested in measure-theoretic
aspects, a careful reading of this chapter will provide a working familiarity with the
measure-theoretic subtleties involved. The last section where formal definitions of
consistency are discussed, can be read independently. While we generally consider
the case X =R, most of the arguments would go through when X is a complete
separable metric space.
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2.2 The Space M (X)

As before, let X be a complete separable metric space with B the corresponding
Borel o-algebra on X. Denote by M(X) the space of all probability measures on
(X, B).

As seen in the chapter 1 there are many reasonable notions of convergence on the
space M (X) , but they are not all equally convenient for our purpose. We begin with
a brief discussion of these.

Total Variation Metric. Recall that the total variation metric was defined by

I1P—Ql = 2sup |P(B) - Q(B)|

If p and ¢ are densities of P and @) with respect to some o-finite measure pu, then
|P— Q| is just the L;-distance [ |p — g| du between p and ¢. The total variation
metric is a strong metric. If x € X and §, is the probability degenerate at x, then
U, ={P:||P-4,]| <e} ={P: P(x) >1—¢€} is a neighborhood of d,. Further
if x # 2’/ then U, N U,y = 0. Thus, when X is uncountable, {U, : z € X} is an
uncountable collection of disjoint open sets, the existence of which renders M (X)
nonseparable. Further, no sequence of discrete measures can converge to a continuous
measure and vice versa. These properties make the total variation metric uninteresting
when considered on all of M(X).

The total variation metric when restricted to sets of the form L,—all probability
measures dominated by a o-finite measure p—is extremely useful and interesting. In
this context we will refer to the total variation as the L;-metric. It is a standard result
that L, with the L;-metric is complete and separable.

Hellinger Metric. This metric was also discussed in Chapter 1. Briefly the Hellinger
distance between P and @ is defined by

H(P.Q) = [ [ var du} "

where p and ¢ are densities with respect to pu. The Hellinger metric is equivalent to
the Ly metric. Associated with the Hellinger metric is a useful quantity A(P, Q) called
affinity, defined as A(P,Q) = [ /p\/q dp. The relation H*(P", Q") = 2—2(A(P,Q))",
where P", Q™ are n-fold product measures, makes the Hellinger metric convenient in
the i.i.d. context.

Setwise convergence. The metrics defined in the last section provide corresponding
notions of convergence. Another natural way of saying P, converges to P is to require
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that P,(B) — P(B) for all Borel sets B. A way of formalizing this topology is as
follows. Let F be the class of functions {P — P(B) : B € B}. On M(X) give the
smallest topology that makes the functions in F continuous. It is easy to see that
under this topology, if f is a bounded measurable function, then P +— [ f dP is
continuous. Sets of the form {P : |P(B;) — Po(B;)| < €, B1,Ba, ..., By € B} give a
neighborhood base at F.

Setwise convergence is an intuitively appealing notion, but it has awkward topo-
logical properties that stem from the fact that convergence of P,(B) to P(B) for sets
in an algebra does not ensure the convergence for all Borel sets. We summarize some
additional facts as a proposition.

Proposition 2.2.1. Under setwise convergence:
(i) M(X) is not separable,

(ii) If Py is a continuous measure then Py does not have a countable neighborhood
base, and hence the topology of setwise convergence is not metrizable.

Proof. (i) U, = {P: P{z} > 1 — €} is a neighborhood of d,, and as x varies form
an uncountable collection of disjoint open sets.

(ii) Suppose that there is a countable base for the neighborhoods at Fy. Let By be
a countable family of sets such that sets of the type

Z/{ = {P |P(Bl) — Po(BZ)| < €, B17B27. ..7Bk € BO}

form a neighborhood base at Fy. It then follows that P,(B) — P(B) for all
Borel sets B iff P,(B) — P(B) for all sets in By.

Let B, = (B, Ba, ..., B,) where By, By, ... is an enumeration of . Denote by
By1, Bra, . . . Buigny the atoms of B,. Define P, to be the discrete measure that
gives mass Py(By;) to ,; where x,,; is a point in B,,;. Clearly P,(B,;) = Po(Bm;)
for all m;. On the other hand P,(U; m{zy:}) = 1 for all n but Po((Um{am}) =
0.

D

These shortcomings persist even when we restrict attention to subsets M (X) of the
form L,.

Supremum Metric. When & is R, the Glivenko-Cantelli theorem on convergence
of empirical distribution suggests another useful metric, which we call the supremum
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metric. This metric is defined by
dK(Pa Q) - Slip |P(_OO7 ﬂ - Q(—OO, t”

Under this metric M (X) is complete but not separable.
Weak Convergence. In many ways weak convergence is the most natural and useful
topology on M (X). Say that

Kl
P, — P weakly or B, oY pif

/fdPn—>/fdP

for all bounded continuous functions f on X . For any P, a neighborhood base consists
of sets of the form NF{P : Ufz dPy— [ f; dP| < €} where fi,i = 1,2,... k are
bounded continuous functions on X. One of the things that makes the weak topology
so convenient is that under weak convergence M (X) is a complete separable metric
space.

The main results that we need with regard to weak convergence are the Portman-
teau theorem and Prohorov’s theorem given in Chapter 1.

Because M (X) is a complete separable metric space under weak convergence, we
define the Borel o-algebra By on M(X) to be the smallest o-algebra generated by
all weakly open sets, equivalently all weakly closed sets. This g-algebra has a more
convenient description as the smallest o-algebra that makes the functions {P
P(B) : B € B} measurable. Let By be the o-algebra generated by all weakly open
sets. Consider all B such that P — P(B) is By-measurable. This class contains all
closed sets, and from the 7-A theorem (Theorem 1.2.1) it follows easily that By, is
the o-algebra generated by all weakly open sets.

We have discussed two other modes of convergence on M (X) : the total variation
and setwise convergence. It is instructive to pause and investigate the o-algebras
corresponding to these and their relationship with Bj,.

Because these are nonseparable spaces, there is no good acceptable notion of a
Borel g-algebra. In the case of total variation metric, the two common o¢-algebras
considered are

(i) B,—the o-algebra generated by open sets and

(ii) By—the o-algebra generated by open balls.
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The o-algebra B, generated by open sets is much larger than Bj,. To see this, restrict
the o-algebra to the space of degenerate measures Dy = {d, : © € X'}. Then each 4,
is relatively open, and this will force the restriction of B, to Dy to be the power set.
On the other hand, By, restricted to Dy is just the inverse of the Borel ¢-algebra on
X under the map 9§, — =.

Because every open ball is in By, , so is every set in the o-algebra generated by
these balls. It can be shown that B, is properly contained in B,.

Similar statements hold when we consider the o-algebras for setwise convergence.
The corresponding o-algebras here would be those generated by open sets and those
generated by basic neighborhoods at a point. A discussion of these different o-algebras
can be found in [71].

We next discuss measurability issues on M (X) . Following are a few of elementary
propositions.

Proposition 2.2.2. (i) If By is an algebra generating B then
o {P s P(B): B € By} =By

(ii) o {P — [ f dP: f bounded measumble} = By

Proof. (i) Let B={B: P+ P(B) is By; measurable}. Then B is a o-algebra and
contains By. The result now follows from Theorem 1.2.1.

(ii) It is enough to show that P+ [ f dP is By measurable. This is immediate for
f simple, and any bounded measurable f is a limit of simple functions.
O

Proposition 2.2.3. Let fp(z) be a bounded jointly measurable function of (P, x).
Then P [ fp(x) dP(z) is By measurable.

Proof. Consider
G ={F C M(X) x X such that P(F") is By, measurable}

Here F¥ is the P-section {z : (P,z) € F} of F. G is a A-system that contains the
m-class of all sets of the form C x B;C € By, B € B, and by Theorem 1.2.1 is the
product c-algebra on M (X)x X. This proves the proposition when fp(z) = Ip(P, ).
The proof is completed by verifying when fp(z) is simple, and by passing to limits. []

Proposition 2.2.3 can be used to prove the measurability of the set of discrete
probabilities.
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Proposition 2.2.4. The set of discrete probabilities is a measurable subset of
M(X).

Proof. It E = {(P,z) : P{z} > 0} is a measurable set, then setting fp(x) = Ig(P, ),
the set of discrete measures is just {P : [ fp(x)dP = 1} and would be measurable by
Proposition 2.2.3. To see that E = {(P, z) : P{z} > 0} is measurable, we show that
(P,x) — P{x} is jointly measurable in (P, z). Consider the set of all a measurable
subsets F of X x X such that (P,z) — P(F®) is measurable in (P, z). As before,
F* = {y: (z,y) € F}. This class contains all Borel sets of the form B; x By and is
a A-system, and by Theorem 1.2.1 is the Borel o-algebra on X x X'. In particular
(P,z) — P(F*) is measurable when F' = {(x,z) : * € X} is the diagonal and
E={(Pz): P(F*>0)}. O

Consider fp(z) used in Proposition 2.2.4. Then P is continuous iff [ fp(z)dP = 0.
It follows that the set of continuous measures is a measurable set.

If 1 is a o-finite measure on R, then L, is a measurable subset of M(X). To see
this, assume without loss of generality that u is a probability measure. Let B,, be an
increasing sequence of algebras, with finitely many atoms, whose union generates B.
Denote the atoms of B, by Bpi1, Bpa, ... B, and for any probability measure P,
set fp(x) = lim Zlf(") P(B;)/1(Byi) when it exists and 0 otherwise. To complete the
argument note that L, = {P: [ fp(x)dp = 1}.

2.3 (Prior) Probability Measures on M (X))

2.8.1 X Finite

Suppose X = {1,2,...,k}. In this case M(X) can be identified with the (k — 1)
dimensional probability simplex Sy = {p1,p2,...,px : 0 < p; < 1,> p; = 1}. One
way of defining a prior on M (X) is by defining a measure on Si. Any such measure
defines the joint distribution of { P(A) : A C X'}, because for any A, P(A) = >"._, pi,
where pr =1 — ’fflpi.

An example of a prior distribution on S}, is the uniform distribution—the normal-
ized Lebesgue measure on {p1,pa,...,pr—1: 0 < p; < 1,> p; < 1}. Another example
is the Dirichlet density which is given by

F(Zlf ai) a1—1, as—1 ap_1—1 ap—1
(p1,p2, .- pr—1) = WPI JZ R ) (1_2191')
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where aq, aa, . . ., ay are positive real numbers. This density will be studied in greater
detail later.

A different parametrization of M (X') yields another method of constructing a prior
on M(X). Assume for ease of exposition that X contains 2 elements {x1, T, ..., Zor }.
Let

By ={x1, 29, ..., 2001} and By = {Zor-141, Tor-149, ..., Lok}

be a partition of X' into two sets. Let By, Bg; be a partition of By into two halves
and By, Bi1 be a similar partition of B;. Proceeding this way we can get partitions
Be cy...c;00 Beyes...eit Of Bejes..c; Where each ¢; is 0 or 1 and ¢ < k. Clearly, this partition
stops at i = k.

We next note that the partitions can be used to identify X with Ej, = {0, 1}*.
Any x € X corresponds to a sequence € (x)ex(x) ... €x(x) where ¢;(z) = 0 if z is in
Be\(@)ea(@).es_1 ()0 a0d 1if 21510 Be) (2)en(2)...ei_1 (2)1 - Conversely, any sequence €16z . . . €,
corresponds to the point ﬂ’fBelez...ei- Thus there is a correspondence—depending on
the partition—between the set M(X) of probability measures on X and the set
M (Ey) of probability measures on F.

Any probability measure on FEj, is determined by quantities like

Yeren...cp, = P (€i+1 =0 | €1,€2,..., Gi)

Specifically, let E} be the set of all sequences of 0 and 1 of length less than k, including
the empty sequence 0. If 0 < y. < 1 is given for all ¢ € E}, then there is a probability
on Ej by

k k
P(€162 cee Ek) = H Yerep...ei_1 H (]- - yeleg...ei_l)
i=1,e;=0 i=1,e=1

where ¢ = 1 corresponds to the empty sequence (). Hence construction of a prior on
E), amounts to a specification of the joint distribution for {y. : € € E;}.

A little reflection will show that all we have done is to reparametrize a probability
P on X by

P(Bo)aP(BOO|BO)7P(BH)|B1)7' "7P(B€162...6k_10|B€162A..6k_10)

Of interest to us is the case where the Y.s, equivalently P(B|B.)s, are all indepen-
dent. The case when these are independent beta random variables—the Polya tree
processes—will be studied in Chapter 3

Yet another method of obtaining a prior distribution on M (X) is via De Finetti’
theorem. De Finetti’s theorem plays a fundamental role in Bayesian inference, and
we refer the reader to [144] for an extensive discussion.



64 2. M(X) AND PRIORS ON M(X)

Let X1, Xs, ..., X, be X-valued random variables. X1, X, ..., X, is said to be ex-
changeable if X1, Xs,..., X, and X1y, Xr(2), . .., Xr(n) have the same distribution for
every permutation 7 of {1,2,...,n}. A sequence X7, X1, ... is said to be exchangeable
if X7, Xs,...,X, is exchangeable for every n.

Theorem 2.3.1. [De Finetti] A sequence of X-valued random wvariables is ex-
changeable iff there is a unique measure Il on M(X') such that for all n,

/ HP(%) dll(p) = Pr{X; =21, Xo = 29,..., X;, = T, }
M(X)

In general it is not easy to construct II from the distribution of the X;s. Typically,
we will have a natural candidate for II. By uniqueness, it is enough to verify the
preceding equation. On the other hand, given II, the behavior of X, Xi,... often
gives insight into the structure of II.

As an example, let X = {@1,z9,...,21}. Let ag, ag, . . ., oy be positive integers. Let
a(i) = ay/ Y ;. Consider the following urn scheme: Suppose a box contains balls of
k- colors, with a; balls of color i. Choose a ball at random, so that P(X; = i) = a(i).
Replace the ball and add one more of the same color. Clearly, P(X, = j|X; =) =
(a; +0;(7))/ (O a; + 1) where 6;(j) =1 if i = j and 0 otherwise. Repeat this process
to obtain X3, Xy, ... Then

(i) Xy, Xs,... are exchangeable; and

(ii) the prior II for this case is the Dirichlet density on Sk.

282 X =R

We next turn to construction of measures on M (X’) . Because the elements of M (X)
are functions on B, M(X) can be viewed as a subset of [0,1]® where the product
space [0,1]8 is equipped with the canonical product o-algebra, which makes all the
coordinate functions measurable. Note that the restriction of the product c-algebra
to M(X) is just By. A natural attempt to construct measures on M (X') would be to
use Kolomogorov’s consistency theorem to construct a probability measure on [0, 1]5,
which could then be restricted to M(X) . However M(X) is not measurable as a
subset of [0,1]5, and that makes this approach somewhat inconvenient. To see that
M(X) is not measurable, note that singletons are measurable subsets of M (X') but
not so in the product space.

When X = R, distribution functions turn out to be a useful crutch to construct
priors on M(R). To elaborate:
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(i) Let @ be a dense subset of R and let F* be all real-valued functions on ) such
that

(a) F is right-continuous on @,
(b) F is nondecreasing, and
¢) limy 0o = F(t) = 1, limy, o F'(t) = 0.

(
(ii) Let F be all real-valued functions on R such that

a) I is right-continuous on R,

(
(

)
b) F is non decreasing, and
(¢) limy oo F(z) = 1, limy, o F(x) = 0.

(iii) M(R) = {P : P is a probability measure on R}

There is a natural 1-1 correspondence between these three sets: Let ¢y : M(R) —
F be the function that takes a probability measure P to its distribution function
Fp(t) = P(—o0,t] and let ¢ : F — F* be the function that maps a distribution
function to its restriction on ). These maps are 1-1, onto, and bi-measurable. Thus
any probability measure on F* can be transferred to a probability on F and then
to M(R). A prior on F* only involves the distributions of

(F(t1), F(t2) — F(t1),..., F(ty) — F(tr_1))

for t;s in Q). However, because any F'(t) is a limit of F'(¢,), ¢, € Q, the distributions of
quantities like (F'(¢1), F'(t2) — F(t1), ..., F(tx) — F(tg—1)) for t;-real can be recovered,
at least as limits. On the other hand since a general Borel set B has no simple
description in terms of intervals, one can assert the existence of a distribution for
P(B) that is compatible with the prior on F*, but it may not be possible to arrive
at anything resembling an explicit description of the distribution.

It is convenient to use the notation £(-|II) to stand for the distribution or law of a
quantity under the distribution II.

Theorem 2.3.2. Let () be a countable dense subset of R. Suppose for every k and
every collection t; < to < ... <t with {t1,te,...,tx} C Q, Iy 4+, .+, s a probability
measure on [0, 1]* which is a specification of a distribution of (F(t1), F(ta), ..., F(ty))
such that

(i) if {t1,t2,...,tx} C {51, 52, - ., 81} then the marginal distribution on (t1,ta, . . ., tg)
obtained fmm IL,, s,
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(ZZ) thl <ty then Ht1,t2{F(t1) < F(tg)} = 1,‘

(tii) if (tin,tons - tin) 4 (E1to, - te) then Ty, 4oty CONUETgES in distribution

to H(tl,tg tk:); and

,,,,,

(i) if t, § —oc then II;, — 0 in distribution and if t, T oo then I, — 1 in
distribution.

then there exists a probability measure IT on M(R) such that for everyt; <ty < ... <
tr, with {th to, ... ,tk} C Q,

L(F(t1), F(ta),,..., F(tr)) ) =y 1. 1,

Proof. By the Kolomogorov consistency theorem (i) ensures the existence of a proba-
bility measure IT on [0, 1]9 with (4, 4,,...1,) as marginals. We will argue that II(F*) =1
Suppose Fi = My,<r, {F € [0,1]9 : F(t;) < F(t;)}. Because Q is countable by (ii),
I(Fy) =1.
Next, fix ¢t and a sequence ¢, in @ decreasing to t. On Fy, F(t,) as a function of F'
is decreasing in n and hence has a limit. If F*(¢) = lim,, F(¢,) then F*(t) > F(t) and
by assumption (iii) EqF*(t) = EnF(t), so that F*(t) = F(t) a.e. II. Consequently

II{F € 7 : F is right-continuous at ¢t} = 1
and the countability of () yields
II{F : F' is monotone and F' is right-continuous at all t € Q} =1

A similar argument shows that with II probability 1, for F' in F}, lim;_,., = F(t) =
1, and lim;, o F'(t) = 0. This shows that II(F*) = 1.

Thus we have established the existence of a probability measure on F*. Using the
discussion preceding the theorem this prior can be lifted to all of M (R). O

The assumptions of Theorem 2.3.2 require specification of finite-dimensional dis-
tribution only for ¢;s in @@ and the conclusion also involves only the finite dimensional
distributions for #;s in Q. It is easy to see that if one starts with Iy, ¢, . +,) With ;s
real and satisfying the conditions of Theorem 2.3.2 then one would get a II for which
the marginals are I1¢, 4, .i\) for ¢;s real.

A convenient way of specifying the distribution of (F(t1), F(ts), ..., F(tx)) for t; <
ty <...,tx, is by specifying the distribution, say IT; ,, of

~~~~~ 1794

(F(t1), F(t2) — F(t1),..., F(ty — F(tg-1))
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The convenience arises from the fact that (—oo, 1], (¢1,t2], . . ., (t, 00) can be thought
of as k + 1 cells and (p1,pa,-..,pe+1) as the corresponding multinomial probabili-
ties. Note that ITj , . is a probability measure on S, = {(p1,p2,-.-, Pk : Pi >

..... k —

o1, Satisfy assumptions

k
07Zpi < 1}. If the specifications of the collection I} ,
1

Doyeees le‘ pi)|IL;, 4, . )- These observations give the following easy variant of Theo-
rem 2.3.2.

Theorem 2.3.3. Suppose that for every k and every collection t; < ty < ... <t
with {t1,ta, ..., tx} CR, Iy 4, 1 s a probability measure on Sy, = {(p1,p2, ..., k) :

k
pi > O,Zpi < 1} such that
1

(1) if {t1,ta, ..., tr} C {s1,502,...,8} then the marginal distribution on (t1,ts, ..., t)

(i) if (tinston, -+ ten) = (t1,t2, .. te) then Iy, 4y, 0 cOnverges in distribution
to H(tl,tg,“.,tk); and

(it1) if t, | —oo then II;, — 0 in distribution and if t, T oo then I, — 1 in
distribution.

then there exists a probability measure II on F (equivalently on M(R) such that for
every ty < to < ...<tg, with {t1,te,...,tx} CR,

L((F(t), F(ta) = F(th), -, F(ty) = Ftg)) |T) = iy

Suppose (By, By, ..., By) is a collection of disjoint subsets of R; the next theorem
shows that if the distribution of P(By), P(Bs),..., P(By) are themselves prescribed
consistently then the prior IT would have the prescribed marginal distribution for
(P(Bl)> P(BQ)7 ) P(Bk))

Theorem 2.3.4. Suppose for each collection of disjoint Borel sets (By, Ba, ..., By)
a distribution g, p, . g, is assigned for (P(By), P(Bz), ..., P(By)) such that

(i) g, B,... B, is a probability measure on k-dimensional probability simplex Sy and
if A1, Aa, ..., A is another collection of disjoint Borel sets whose elements are
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union of sets from (By, B, ..., By) then

A, Ay...a, = distribution of <Z P(Bi), Y P(By),.... Y P(Bi)>

B;CA; B;CA> B;CA

(i) if B, 1 0; and g, — 0 in distribution,
(i1i) P(R) = 1.

Then there exists a probability measure II on M(R) such that for any collection of
disjoint Borel sets (By, B, ..., By), the marginal distribution of (P(By),..., P(Bx))
under 11 is Ilp, B, . B,-

Remark 2.3.1. Given Ilp, B, . p, as earlier, we can extend the definition to obtain
T4, As.....a,, for any collection (not necessarily disjoint) of Borel sets Ay, Aa, ..., Ap,.
Toward this, let By = Ay, B; = A;—U;;A;, and define 114, 4, . 4, as the distribution
of (P(By,P(By)+ P(By) +...,>.1" P(B;)) under I, p, . p,. The following proof
shows that the marginal distribution under II of (P(A4;), P(Az),..., P(Ax)) of any
collection of Borel sets is II4, 45,4,

Proof. As in the Theorem 2.3.3 start with partitions of the form B; = (t;_1,t;] for
i =1,2,...,k; and let II be the measure obtained on F. Let ¢5 be the map from F to
M (R) defined by ¢o(F) = Pg, where Pr is the probability measure corresponding to
F. Tt is easy to see that this map is 1-1 and measurable. We will continue to denote
by II the induced measure on M (R).

IT by construction sits on M (R). What we then need to show is that the marginal
distribution of (P(By), P(By), ..., P(By)) under Il is I, B, B,-

Step 1 (ii) implies that

lf (Bln7 327“ ey Bkn) \l, (Bla BQ, ey Bkl) then
(P(Bun), P(Ban), - .., P(Bi)) — (P(B1), P(Bs), ..., P(By)) in distribution.

To see this,

((P(Bln)7 P(BQn)7 s aP(Bkn))
= (P(B1) + (P(Bin) = P(B1)), P(B2) + (P(Ban) = P(Ba)), - .-,

P(B) + (P(Bgn) — P(By)))
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and for each i, (B, — B;) } 0 and hence (P(B;,) — P(B;)) goes to 0 in distribution
and hence in probability. As a result, the whole vector

((P(Bin) — P(B1)), (P(Ban) — P(B)), ..., (P(Bgn) — P(B))) 1 0 in probability

Step 2 Denote by By the algebra generated by intervals of the form (a,b]. For
any By, B, ..., By, let L(P(By), P(By),...,P(By)|II) denote the distribution of the
vector (P(By), P(Bs),...,P(By)) under II. Fix k. Let C; = (a;,bi],i = 2,...,k.
Consider

B={Bi:L(P(B),P(Cs),...,P(Cy)|l) = U, c,,

Then B contains all sets of the form (a,b], is closed under disjoint unions of such
sets, and hence contains By. In addition, by Step 1 this is a monotone class. So B is
B

Step 3 Now consider
{By: L(P(B1), P(By), P(Cs), ..., P(COI) = (g, 5cs..c0 }

From step 2, this class contains all sets of the form (a,b], and their finite disjoint
unions and hence contains By. Further, it is a monotone class and so is B. Continuing
similarly, it follows that for any Borel sets By, Bs, ..., By ,

L(P(Bi1), P(By),...,P(By)|lI) =1lp, ,....5,
O

Example 2.3.1. Let « be a finite measure on R. For any partition (By, Ba, . .., By),
let g, B,.. B, on Sy be a Dirichlet (a(By), a(Bs), ..., a(By)). We will show in Chap-
ter 3 that this assignment satisfies the conditions of Theorem 2.3.4.

Remark 2.3.2. Theorem 2.3.4 on constructing a measure II on F through finite-
dimensional distribution can be viewed from a different angle. Toward this, for each
n, divide the interval [—2",2"] into intervals of length 27" and let —2" = t,; <
the < ... < tnrm) = 2" denote the endpoints of the intervals. These define a partition
of R into k(n) + 1 cells in an obvious way. Any probability (pi,p2; ..., Prm)+1) on
these k(n) + 1 cells corresponds to a distribution function on R, which is constant on
each interval and thus any probability I, ¢.,.... tor(ny OLL Sk(n)+1 defines a probability
measure u, on J, = all distribution functions, which are constant on the interval
(tnis tni+1]. The consistency assumption on Il 4., . - shows that the marginal
distribution on JF,, obtained from p,1; is just w,. Now it can be shown that
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1. {pn}n>1 is tight as a sequence of probability measures on F. To see this, let
g; 4 0 and let K; be a sequence of compact subsets of R. Then

{P:P(K;)>1—¢; forall i}

is a compact subset of M (R). What is needed to show tightness is that given 4,
there is a set of the form given earlier with yu,, measure greater than 1—4¢ for all n.
Use assumptions (i) and (iii) of Theorem 2.3.4 and show that for each ¢, you can
get an n; such that for all n, pu, {F : F(ty,0) > &; and 1=F(ty, k() > €1} < 6/2%;

2. {pn} converges to a measure II; and

3. II satisfies the conclusions of Theorem 2.3.4.

2.8.8 Tail Free Priors
When X is finite, we have seen that by partitioning X into

{B07 B1}7 {B007 BOlv Bl()7 Bll}7 ..

and reparametrizing a probability by P(By), P(Boo|Bo) - - ., we can identify measures
on M(X) with Ex—the set of sequences of 0s and 1s of length k. Tail free priors arise
when these conditional probabilities are independent. In this section we extend this
method to the case X =R.

Let E be all infinite sequences of 0s and 1s, i.e., E = {0,1}N. Denote by E}, all
sequences €1, €s, . .., € of Os and 1s of length k, and let E* = U, E}, be all sequences
of 0s and 1s of finite length. We will denote elements of E* by e.

Start with a partition

I() = {BOa Bl}

of X into two sets. Let
Il = {BO(): B017 B107 Bll7 }

where By, By is a partition of By and Bjg, By is a partition of B;. Proceeding this
way,let 7, be a partition consisting of sets of the form B,, where € € E,, and further
B, , B 1is a partition of B..

We assume that we are given a sequence of partitions 7 = {7, },>1 constructed as
in the last paragraph such that the sets {B, : ¢ € E*} generate the Borel o-algebra.
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Definition 2.3.1. A prior II on M(R) is said to be tail free with respect to
T ={T.}n>1 if rows in
{P(Bo)}
{P(Boo|Bo), P(B1o| B1)}
{P(Booo|Boo), P(Booo| Boo), P(Boio|Bot), P(Bioo| Bio), P(Biio| Bi1)}

are independent.

To turn to the construction of tail free priors on M(R), start with a dense set of
numbers @, like the binary rationals in (0,1), and write it as Q) = {a. : ¢ € E*} such
that for any ¢ €0 < e < el and construct the following sequence of partitions of R:
To ={DBo, B1} is a partition of R into two intervals, say

BO = (—OO, CL()], Bl = (ao, OO)
Let T, = {Boo, Bo1, B1o, Bi1, }, where

By = (=00, ago), Bor = (ago, ao]

and
Bio = (ao, an], Bi1 = (ao1,00)

Proceeding this way, let 7, be a partition consisting of sets of the form B, ,. . ..,

where €1,€s,...,¢, are 0 or 1 and further B, ., . .0, Bejes,..cn1 1S @ partition of
Bel,eg ..... €n*

The assumption that @ is dense is equivalent to the statement that the sequence
of partitions 7 = {7, },>1 constructed as in the last paragraph are such that the sets
{B, : € € E*} generate the Borel o-algebra.

For each ¢ € E*, let Y, be a random variable taking values in [0,1]. If we set
Y. = P(By |B,), then for each k, {Y; : € € U;<;E;} define a joint distribution for
P(B,) : € € Ej. By construction, these are consistent. In order for these to define a
prior on M(R) we need to ensure that the continuity condition (ii) of Theorem 2.3.2
holds.

Theorem 2.3.5. If Y, = P(By |B.), where Y, : € € E* is a family of [0, 1] valued
random variables such that
(i)
YJ—{%: Yl}i{YOO: %17 }/IOa lel}L DRI
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(i1) for each e € E*,
Y;OY;OOY;OOO ...=0 and YiYil ...=0 (21)

then there exists a tail free prior II on M(R) (with respect to the partition under
consideration) such that Y. = P(Be|B.).

Proof. As noted earlier we need to verify condition (ii) of Theorem 2.3.2. In the
current situation it amounts to showing that if €2 = )¢} ... €} and as n — oo, a.,
decreases to ae, then the distribution of F (a., ) converges to F' (a0 ). Because any

sequence of a, decreasing to a0 is a subsequence of a0y, @010, @100, "« *
F (ae10..0) = F (a0) + P(Beo1g..0)

and
P(Bew1..0) = P(Beo)(1 = Y)Y, Y010 ..

the result follows from (ii). O

These discussions can be usefully and elegantly viewed by identifying R with the
space of sequences of Os and 1s.

As before, let E be {0,1}N. Any probability on E gives rise to the collection of
numbers {y. : € € E*}, where ye ey, = P(€nt1 = Olerea. .. €,). Conversely, setting
Yere2..en, = P(€ny1 = Oleren. .. €,), any set numbers {y. : € € E*}, with 0 < y. < 1
determines a probability on E. In other words,

k k
P(EIEQ e 6k:) = H yeleg.“ei,l H (1 - yelez...ei,l) (22)
i=1,6;,=0 i=1,6;=1

Hence, to define a prior on M (E), we need to specify a joint distribution for {Y. :
€ € B*}, where each Y, is between 0 and 1.

As in the finite case, we want to use the partitions 7 = {7,},>1 to identify R
with sequences of Os and 1s. and Let € R. ¢(x) is the function that sends z to the
sequence € in E, where

61(I):O lfl’EBo 61(1}):1 lfIGBl
€(®) =0 2 € Bgey.e; 10 e(x) =1 if2€ By ;1

Because each T, is a partition of R, ¢ defines a function from R into E. ¢ is 1-
1, measurable but not onto E. The range of ¢ will not contain sequences that are
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eventually 0. This is another way of saying that with binary expansions we consider
the expansion with 1 in the tails rather than 0s. If D = {e € F : ¢, = 0 for all ¢ >
n for some n} U {e: ¢ =1 for all i}, then ¢ is 1-1, measurable from R onto D°N E.
Further, ¢! is measurable on D°NE. Thus, as before, the set of probability measures
M (R) can be identified with M°(FE)—the set of probability measures on E that give
mass 0 to D. This reduces the task of defining a prior on M (R) to one of defining a
prior on M°(E).
The condition P(D) = 0 gets translated to

Yeo(Yeoo) - .- =0 for all e € E* and y1911 ... =0 (2.3)

As before, defining a prior on M (R), equivalently on MY(E), amounts to defining
{Y. : e € E*} such that (2.3) is satisfied almost surely. Satisfying (2.3) almost surely
corresponds to condition (ii) in Theorem 2.3.5.

A useful way to specify a prior on M(FE) is by having Y, for € of different lengths
be mutually independent, which yields tail free priors. In Chapter 3, we return to this
construction, to develop Polya tree priors.

Tail free prior are conjugate in the sense that if the prior is tail free, then so is the
posterior. To avoid getting lost in a notational mess we first state an easy lemma.

Lemma 2.3.1. Let &,&,...,&; be independent random wvectors (not necessarily
of the same dimension) with joint distribution p = H’f wi. Let J be a subset of
{1,2,...,k} and let pu* be the probability with

du*
o~ clls
jeJ

Then &1,&, ..., & are independent under p*.

Proof. Clearly C' = HjeJ[f &;duj] ™. Further,

Prob(§ € Bi:1<i<k)= / O[H £y
(&€BiI<i<k) g5
Js, &idu;
=[[mB)] ?fid
i¢J jeJ Y
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Theorem 2.3.6. Suppose 11 is a tail free prior on M (R) with respect to the sequence
of partitions {T ;}k>1. Given P, let X1, Xo, ..., X, be,i.i.d. P; then the posterior is
also tail free with respect to {T} }r>1-

Proof. We will prove the result for n = 1; the general case follows by iteration.

Consider the posterior distribution given 7. Because { B, : € € E)} are the atoms of

T4, it is enough to find the posterior distribution given X € By for each ¢’ € Ej.
Let € = €165 .. €. Then the likelihood of P(By) is

k
[1PBacs. | Baores )

1

so that the posterior density of {P(B. |B.)} with respect to II is

C H P(Beleg.uel Beleg...ez_l) H (1 - P(Belfg...e,', Beleg.uel_l)
i=1,e;,=0 i=1,e;=1

From Lemma 2.3.1
{P(Bgl |B§) €€ E1}7 {P(Bgl |B§) lEec€ EQ}, ey {P(Bg ‘Bg) LEEC Ekfl}

are independent under the posterior.
In particular if m < k, independence holds for

{P(Ba |B.) : € € E1},{P(Ba |B.) : € € Ea},...,{P(Ba |B.) : € € Ep_1}.

Letting k& — o0, an application of the martingale convergence theorem gives the
conclusion for the posterior given X;. O

In this section we have discussed two general methods of constructing priors on
M(R) . There are several other techniques for obtaining nonparametric priors. There
are priors that arise from stochastic processes. If f is the sample path of a stochastic
process then f = k~'(f)e! yields a random density when k(f) = Fe/ is finite. We
will study a method of this kind in the context of density estimation. Or one can
look at expansions of a density using some orthogonal basis and put a prior on the
coefficients. A class of priors called neutral to the right priors, somewhat like tail free
priors, will be studied in Chapter 10 on survival analysis.



2.4. TAIL FREE PRIORS AND 0-1 LAWS 75

2.4  Tail Free Priors and 0-1 Laws

Suppose II is a prior on M(R) and {B. : ¢ € E*} is a set of partitions as described
in the last section. To repeat, for each n, T, = {B. : ¢ € E,} is a partition of R and
Beo, Ba is a partition of B, Further B = o0 {B, : ¢ € E*}. Unlike the last section it
is not required that B, be intervals. The choice of intervals as sets in the partition
played a crucial role in the construction of a probability measure on M(R). Given a
probability measure on M (R), the following notions are meaningful, even if the B,
are not intervals.

For notational convenience, as before, denote by Y, = P(B|B,). Formally, Y, is a
random variable defined on M (R) with Y,(P) = P(Be|B.). Recall that II is said to
be tail free with respect to the partition 7 = {7, }n>1 if

YJ—{YO7 YI}J—{YE)(M YOla }/107 Yil}J— “e e

Theorem 2.4.1. Let A be any finite measure on R, with A\(B.) > 0 for all €. If
0 <Y, <1 for all € then
[{P:P<<A}=0o0rl

Proof. Assume without loss of generality that A is a probability measure.

Let Zy =Y, Zy = {Yy, Y1}, Zo = {Yoo, Yo1, Yio, Y11}, - . . . By assumption, Zy, Zs, . ..
are independent random vectors. The basic idea of the proof is to show that L(\) =
{P : P << A} is a tail set with respect to the Z;s. The Kolmogorov 0 — 1 law
then yields the conclusion. In the next two lemmas it is shown that for each n, L(\)
depends only on Z,, Z, 1, ... and is hence a tail set. O

Lemma 2.4.1. When P(B.) > 0, define P(-|B.) to be the probability P(A|B,) =
P(AN B,y /P(Bg . Define \(-|Be) similarly. Fiz n; then

LX) ={P: P(:|B.) << A(*|B,) for all € € E,, such that P(B,) > 0}
Proof. Because

= Y P(A[B)P(B,) and A(A) = Y A(A[B)A

ecby, €€b,

the result follows immediately.
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Lemma 2.4.2. Let Y = {Y(P):e€ E*,P € M(R)}. The elementsy of Y are
thus a collection of conditional probabilities arising from a probability. Conversely
any element y of Y gives rise to a probability which we denote by Py. Then for each
€ € By, for all A€ B, and for everyy in Y

Py(A|B.) depends only on Zy, Zn1, - . -
Proof. Let
By = {A : for ally, Py(A|B.) depends only on Z,, Z,41, .. }

Because 0 < Y, < 1 for all e € E*, P, (B.) > 0 for all ¢ € E*. Hence B, contains the
algebra of finite disjoint unions of elements in {Be : € € UpnsnEp} and is a monotone

class. Hence By = B.
O

Remark 2.4.1. Let II be tail free with respect to 7= {7, }n>15uch that 0 < Y, <
1; for all € € E*. Argue that P is discrete iff P(.|B,) is discrete for all € € E,,. Now
use the Kolmogorov 0-1 law to conclude that II{P : P is discrete } =0 or 1.

The next theorem, due to Kraft, is useful in constructing priors concentrated on
sets like L(\).

Let T, {B. : ¢ € E*},{Y. : ¢ € E*} be as in the Theorem 2.4.1, and, as before
given any realization y = {y. : € € E*}, let P, denote the corresponding probability
measure on R. a -

Theorem 2.4.2. Let A be a probability measure on R such that A\(B,) > 0 for all
e € E*. Suppose

k k
() = Z Hi:l,el:ﬂ Yerea...ei Hi:1,6i21(1 — Yeresecin)

/\ A(Bo)

ecE, ecby,

2
If sup, Exy [f; (x)} <K forallz then I{P: P << A} =1

Proof. For each y € Y , by the martingale convergence theorem f;' converges almost
surely A to a function f, . Consider the measure II x A, which is the joint distribution
of y and z, on HYEXR

eebE*
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Because for each y , f — f, a.s A, we have f} — f, asII x A. Further, under
our assumption { fo(x):n > 1} is uniformly integrable with respect to II x A and

hence Erxy ‘f () = fy (z )‘ — 0. Now for each y , by Fatou’s lemma, E\f, < 1.
On the other hand, Epx,f, (¥) = 1 for all n, and by the L;-convergence mentioned
earlier, B fy () = 1. Thus Ey\f, =1l ae. 7 and this shows 7{L(\)} = 1. O

The next theorem is an application of the last theorem. It shows how, given a
probability measure A, by suitably choosing both the partitions and the parameter
of the Y,s , we can obtain a prior that concentrates on L(\).

Theorem 2.4.3. Let A be a continuous probability distribution on R. Denote by
F the distribution function of A\ and construct a partition as follows:

By = F71(0,1/2] By = F(1/2,1]
By = F~1(0,1/4], Byy = F*(1/4,1/2] By = F(1/2,3/4], B;1 = F7'(3/4,1]

and in general

1
351’627,,” (Z 2n 27L‘|

Suppose E(Y,) = 1/2 for alle € E* and sup V( o) < by, with an < o0o. Then

eckEy,
the resulting prior satisfies II(L(\)) = 1.

Proof. A\(B.) > 0, because A(By|B,) = 1/2, for all B.. Fix z. If © € Be,,...,, then

€n)

Yl o ( _}/'6162,--46«;71)61.

n
€1€2,...6;1
=11 7

i=0

and

H4E (720 )0~ Yo e )]

< H4ai
0

where a; = max (EY2 E( - }/;152,_“61.71)2). Now

€1€2,...€,-1"
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E}/jcz,...sz,l = V(Yvﬂez---éifl) + (1/2)2 < bl + 1/4
and
E (]- - Kleg ..... 6,;_1)2) S bz + 1/4
Thus ]} 4a; <[]} (1 + 4b;) converges, because Y b, < oo. O

2.5 Space of Probability Measures on M (R)

We next turn to a discussion of probability measures on M(R). To get a feeling for
what goes on we begin by asking when are two probability measures II; and Il,
equal?

Clearly II; = Il if for any finite collection By, Bs, ..., By of Borel sets,

(P(Bl)aP(BQ)a’P(Bk))

has the same distribution under both IT; and II,. This is an immediate consequence
of the definition of B,,.

Next suppose that (Cy,Cs, ..., Cy) are Borel sets. Consider all intersections of the
form

crneEn---Ne

where ¢; = 0,1, C}! = C; and C? = C¢. These intersections would give rise to a
partition of X, and since every C; can be written as a union of elements of this
partition, the distribution of (P(Cy), P(Cs),...,P(Cy)) is determined by the joint
distribution of the probability of elements of this partition. In other words, if the
distribution of (P(By), P(Bs), ..., P(By)) under II; and I, are the same for every
finite disjoint collection of Borel sets then II; = IIy. Following is another useful
proposition.

Proposition 2.5.1. Let By = {B; : i € I} be a family of sets closed under finite
intersection that generates the Borel o-algebra B on X. If for every By, Ba, ..., By
in By, (P(B1),P(Bs),...,P(By)) has the same distribution under Iy and I, then
IM; =1l,.

Proof. Let By, = {E € By : II;(E) = [Iy(E)}. Then BY, is a A-system. For any J
finite subset of I, by our assumption II; and I, coincide on the o-algebra Bj,—the
o-algebra generated by {P(B;) : j € J} and hence By, C BY,. Further the union of
Bi, over all finite subsets of I forms a m-system. Because these also generate By ,

B, = By, 0
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Remark 2.5.1. A convenient choice of By is the collection of all open balls, all closed
balls, etc. When X = R a very useful choice is the collection {(—o0,a] : a € @}, where
Q is a dense set in R.

As noted earlier M (R) when equipped with weak convergence becomes a complete
separable metric space with By, as the Borel o-algebra. Thus a natural topology
on M(R) is the weak topology arising from this metric space structure of M(R).
Formally, we have the following definitions.

Definition 2.5.1. A sequence of probability measure {II}, on M(R) is said to
converge weakly to a probability measure IT if

/¢(P) dIl, — /¢>(P dIl

for all bounded continuous functions ¢ on M (R).

Note that continuity of ¢ is with respect to the weak topology on M(R). If f is a
bounded continuous function on R then ¢(P) = [ fdP is bounded and continuous on
M (R) . However in general there is no clear description of all the bounded continuous
functions on M (R). If X' is compact metric, then the following description is available.

If X is compact metric then, by Prohorov’s theorem, so is M(X) under weak
convergence. It follows from the Stone-Weirstrass theorem that the set of all functions

of the form
ki
2 1197,
=

where ¢ = [ fi;(x)dP(x) with f; ;(x) continuous on X, is dense in the space of
all contlnuous functlons on M (X).

The following result is an extension of a similar result in Sethuraman and Tiwari
[149].

Theorem 2.5.1. A family of probability measures {1, : t € T} on M(R) is tight

with respect to weak convergence on M (R) iff the family of expectations {Ey, : t € T},
where En,(B) = [ P(B) dI,(P), is tight in R.

Proof. Let pu; = Ep,. Fix § > 0. By the tightness of {yu; : t € T}, for every positive
integer d there exists a sequence of compact sets K, in R, such that sup p,(K3) <
t

66/ (d*r2).
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Ford=1,2,...,let, My ={P € MR) : P(K§) < 1/d}, and let M = NgMy. Then,
by the pormanteau and Prohorov theorems, M is a compact subset of M (R), in the
weak topology. Further, by Markov’s inequality,

I,(M7) < dEu,(P(K3))

= du(K)
< 60
- d*n?
Hence, for any ¢ € T, II,(M) < Y ,60/(d*n?) = §. This proves that {p}er is
tight. The converse is easy. 0

Theorem 2.5.2. Suppose II,11,,,n > 1 are probability measures on M. If any of
the following holds then I1,, converges weakly to II.

(i) For any (By, Ba, ..., By) of Borel sets

Ly, (P(B1), P(Bs),...,P(By)) = Ln (P(By), P(Bs),...,P(By))

(i) For any disjoint collection (By, Ba, ..., By) of Borel sets
Ly, (P(B1), P(Bs),...,P(By)) = Ln (P(By), P(Bs),...,P(By))

(iii) For any (Bi, Ba, ..., By) where for =i=1,2,... k, B; = (a;,b],
Ln, (P(B1), P(Ba), ..., P(Bx)) = Lu (P(B1), P(By), ..., P(By))

(iv) For any (Bi, Ba, ..., By) where for=i=1,2,... k, B; = (a;, b;],a;,b; rationals,
Ln, (P(By), P(By), ..., P(Bk)) = Lu (P(By), P(By), ..., P(By))

(v) For any (By, Ba, ..., By) where for=1=1,2,... k, B; = (—00,t,],
Ln, (P(By), P(By), ..., P(Bk)) = Lu (P(By), P(By), ..., P(By))

(vi) For any (B, Ba, ..., By) where for=i=1,2,...,k,B; = (—00,t;], t; rationals

Lu, (P(B1), P(Ba), .., P(B)) = Lu (P(B1), P(By), .., P(By))
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Proof. Because (vi) is the weakest, we will show that (vi) implies II, <M 11, Note
that for all rationals ¢, Ep, (P(—00,t)) — En (P(—o00,t)) and hence Ep, converges
weakly to Ey. By the Theorem 2.5.1 this shows that {II,} is tight. If IT* is the limit
of any subsequence of {II,,}, then it follows, using Proposition 2.5.1, that IT* = II. O

Remark 2.5.2. Note that II, w17 does not imply any of the preceding. The
modifications are easy, however. For example (i) would be changed to “For any
(B1, Ba, ..., Bg) of Borel sets such that (P(B;), P(Bs),..., P(By)) is continuous a.e
H.”

We have considered other topologies on M (R) namely, total variation, setwise con-
vergence and the supremum metric. It is tempting to consider the weak topologies on
probabilities on M(R) induced by these topologies. But as we have observed, these
topologies possess properties that make the notion of weak convergence awkward to
define and work with. Besides, the g-algebras generated by these topologies, via either
open sets or open balls do not coincide with By, [57]. Our interests do not demand
such a general theory. Our chief interest is when the limit measure II is degenerate
at Py, and in this case we can formalize convergence via weak neighborhoods of F.

When II = §p, , 11, weakly dp, iff I1,,(U) — II(U) for every open neighborhood U.
Because weak neighborhoods of Py are of the form U = {P : |f fidP— [ fi dPg’},
weak convergence to a degenerate measure dp, can be described in terms of continuous
functions of R rather than those on M(R) and can be verified more easily. The next
proposition is often useful when we work with weak neighborhoods of a probability
Py on R.

Proposition 2.5.2. Let @ be a countable dense subset of R. Given any weak neigh-
borhood U of Py there exist a1 < as... < ap in Q and § > 0 such that

{P : |P[ai,ai+1) — Po[ai,a¢+1)| <0 fOT 1< < Tl} cU

Proof. Suppose U = {P :| [ fdP— [ fdPy| < €}, where f is continuous with compact
support. Because @ is dense in R given ¢ there exist a; < as... < a, in @ such that
fx) =0 for x < a1, x > ay,, and |f(z) — f(y)| < d for x € [a;,a;41],1 < i <n—1.
Then the function f* defined by

[ (x) = fla) for x € [a,ai11),i=1,2,...n— 1

satisfies sup | f*(z) — f(z)] < 4.
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For any P, [ f*dP =" f(a;)Pla;, ai+1),
|/f*dP — /f*dP0| < ckd where ¢ = sup | f(z)]

In addition, if P is in U then we have

|/fde/fdP0|<26+ck5

Thus with B; = [a;, ;1] for small enough 0,{P : |P(B;) — Po(B;)| < §} is contained
in U. The preceding argument is easily extended if U is of the form

{P:] /fl-dP — /fidP0| < ¢€,1 <i <k, f; continuous with compact support}

Following is another useful proposition.

Proposition 2.5.3. Let U = {F : sSup_cpco0 |[Fo(s) — F(x)] < €} be a supre-
mum neighborhood of a continuous distribution function Fy. Then U contains a weak
netghborhood of Fy.

Proof. Choose —0o =z < x1 < Zg < ... < zp = 0o such that F(x;11) — F(z;) < €/4
fori=1,...,k — 1. Consider

W ={F:|F(x;) — Fo(z;)| <e/4},i=1,2,...,k
Ifxe (37,‘,1,.732‘),

|F(z) — Fo(2)| <[F(2i-1) — Fo(x:)| V |F(2;) — Fo(wi))|
<|F(zi-1) — Fo(wio1)| + [Fo(wi-1) — Fo(s)|
+ |F(2;) — Fo(x)| + [Fo(wi-1) — Fo(i)|

which is less than e if F' € W. O
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2.6 De Finetti’s Theorem

Much of classical statistics has centered around the conceptually simplest setting of
independent and identically distributed observations. In this case, X;, X,,... are
a sequence of i.i.d. random variables with an unknown common distribution P. In
the parametric case, P would be constrained to lie in a parametric family, and in
the general nonparametric situation P could be any element of M (R). The Bayesian
framework in this case consists of a prior II on the parameter set M(R); given P
the X, Xs,... is modeled as i.i.d. P. In a remarkable theorem, De Finetti showed
that a minimal judgment of exchangeability of the observation sequence leads to the
Bayesian formulation discussed earlier.

In this section we briefly discuss De Finetti’s theorem. A detailed exposition of
the theorem and related topics can be found in Schervish [144] in the section on De
Finetti’s theorem and the section on Extreme models.

As before, let X7, Xs,... be a sequence of X -valued random variables defined on
Q =R>.

Definition 2.6.1. Let x be a probability measure on R*. The sequence X7, Xo, . ..
is said to be exchangeable if, for each n and for every permutation g of {1,...,n}, the
distribution of X1, Xs, ..., X,is the same as that of X1y, Xy2),..., Xgm)-

Theorem 2.6.1 (De Finetti). Let u be a probability measure on R>®. Then
X1, X, ... is exchangeable iff there is a unique probability measure I1 on M(R) such
that for all n and for any Borel sets By, B, ..., By,

p{X, € B, Xs € By,..., X, € By} = ) dII(P) (2.4)
M(R) 1
Proof. We begin by proving the theorem when all the X;s take values in a finite set
X ={1,2,...,k}. This proof follows Heath and Sudderth [95].
Solet X = {1,2,...,k} and p be a probability measure on X'*° such that X, X5, ...
is exchangeable. For each n, let T, (X1, Xo,...,X,) = (r1,72,...,7%), Where r; =

Z I{J} ;) is the number of occurrences of js in Xy, Xs,..., X,. Let uf denote the

dlbtrlbutlon of T,,/n = (r1/n,ra/n, ... rp/n) under p. o is then a discrete probability
measure on M (X) supported by pomts of the form (ry/n,ro/n,...,rx/n), where for
j=1,2,...,k r; > 0is an integer and ) r; = n. Because M(X) is compact, there
is a subsequence {n;} that converges to a probability measure IT on M (X). We will
argue that IT satisfies (2.4).
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Because X1, Xo, ..., X, is exchangeable, it is easy to see that the conditional distri-
bution of X7, X, ..., X, given T,, is also exchangeable. In particular, the conditional
probability given T, (X1, Xa, ..., X,) = (r1,79, ..., 7k) is just the uniform distribution
on T, (ry,72,...,7%). In other words, the conditional distribution of Xi, X, ..., X,
given T,, = (r1,7a,...,7)) is the same as the distribution of n successive draws from
an urn containing n balls with r; of color ¢, for i = 1,2,... k.

Fix m and n > m. Then, given T,,(X1, X5, ..., X,,) = (11,72, ..., %), the conditional
probability that

(Xi=1,... Xa=1,X011=2,...,. Xe15, =2, . . Xy 111 = k..., X;n = k)

85 (1) (r2)ss - (), /(0), where for any real a and integer b, (a) = [T (a — i)
Because
Z (Tl)s1 (7'2)52 R (rk)sk & _ (E T2 Q)
P i el
(P1,72500,Tk), 2 TG =00
N)s (P2N)sy - - (PEM)s,
:/ (pl ) 1(]72 ) 2 (pk ) k dﬂn(pl7p27"'7pk)
M(x) ()m

As n — oo the sequence of functions

(p11)s, (P2n)s, - - - (PEN)s,

(n)m

converges uniformly on M (X)to [] pj-" so that by taking the limit through the sub-
sequence {n;}, the probability of

(Xi=1L1<i<siXi=2,51+1<i<s1+s,...,Xi=km—s,1+1<i<m)

is
/ 11#7 dai(or.pe.- .. px) (2.5)
M(x)

Uniqueness is immediate because if Iy, Il are two probability measures on M (X)
satisfying (2.5) then it follows immediately that they have the same moments.

To move on to the general case X = R, let By, Bs,..., By be any collection of
disjoint Borel sets in R. Set By = (U’fBi)c.
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Define Y7, Y,... by Y; = j if X; € B;. Because Xj, X,... is exchangeable, so are
Y1,Ys, .. .. Since each Y takes only finitely many values, we use what we have just
proved and writing X; € B; for Y; = j, there is probability measure Ilp, p, . 5, on
{p1,p2,-- -,k 1 p; > 0,3 p; <1} such that for any m,

.....

If Ay, Ay, ..., Ay is a collection of disjoint Borel sets such that B; are union of sets
from Ay, As, ..., A; then the distribution of P(By), P(Bs),..., P(By) obtained from
P(A1), P(Ay),...,P(4;) and Ilp, B, B, both would satisty (2.5). Uniqueness then
shows that both distributions are same.

If (Bin, Ban,-- ., Brn) — (B1, Ba, ..., Bg) then (2.6) again shows that moments of
1B, Bon,...Bp, converges to the corresponding moment of Ilg, g, . 5,

It is easy to verify the other conditions of Theorem 2.3.4. Hence there exists a II
with Ilp, B, p.s as marginals. It is easy to verify that II satisfies (2.4). O

De Finetti’s theorem can be viewed from a somewhat general perspective. Let G,
be the group of permutations on {1,2,...,n} and let G = UG,,. Every g € G induces
in a natural way a transformation on 2 = X'* through the map, if, say ¢ in G,, then
(@1, Tpy o) = (@ga), - - Tgmy, - - -)- It is easy to see that the set of exchangeable
probability measures is the same as the set of probability measures on {2 that are
invariant under G. This set is a convex set, and De Finetti’s theorem asserts that the
set of extreme points of this convex set is {P> : P € M(X)} and that every invariant
measure is representable as an average over the set of extreme points. This view of
exchangeable measures suggests that by suitably enlarging G it would be possible
to obtain priors that are supported by interesting subsets of M(X) . Following is a
simple, trivial example.

Example 2.6.1. Let H = {h,e}, where h(z) = —z and e(z) = z. Set H =
UH™. If (hy, ha, ..., hy,)) € H", then the action on Q is defined by (1, z2,...,2,) —
(h(z1), h(xs), ..., h(z,). Then an exchangeable probability measure p is H invariant
iff it is a mixture of symmetric i.i.d. probability measures. To see this by De Finetti’s
theorem

u(a) = [ PP
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Because by H invariance p(X; € A, Xo € —A) = p(X; € A, Xy € A), it is not hard
to see that Fy(P(A) — P(—A))? = 0. Letting A run through a countable algebra
generating the o-algebra on X, we have the result.

More non trivial examples are in Freedman [68]

Sufficiency provides another frame through which De Finetti’s theorem can be use-
fully viewed. The ideas leading to such a view and the proofs involve many measure-
theoretic details. Most of the interesting examples involve invariance and sufficiency
in some form. We do not discuss these aspects here but refer the reader to the excel-
lent survey in Schervish [144], the paper by Diaconis and Freedman [[44]] and Fortini,
Ladelli, and Regazzini [67].

To use DeFinetti’s theorem to construct a specific prior on M (R), we need to know
what to expect from the prior in terms of the observables X7, X», ..., X,,. Although
this method of assigning a prior is attractive from a philosophical point of view, it
is not easy to either describe explicitly an exchangeable sequence or identify a prior,
given such a sequence. We will not pursue this aspect here.



3

Dirichlet and Polya tree process

3.1 Dirichlet and Polya tree process

In this chapter we develop and study a very useful family of prior distributions on
M(R) introduced by Ferguson [61]. Ferguson introduced the Dirichlet processes, un-
covered many of their basic properties, and applied them to a variety of nonparametric
estimation problems, thus providing for the first time a Bayesian interpretation for
some of the commonly used nonparametric procedures. These priors are relatively
easy to elicit. They can be chosen to have large support and thus capture the non-
parametric aspect. In addition they have tractable posterior and nice consistency
properties. These processes are not an answer to all Bayesian nonparametric or semi-
parametric problems but they are important as both a large class of interpretable
priors and a point of departure for more complex prior distributions.

The Dirichlet process arises naturally as an infinite-dimensional analogue of the
finite-dimensional Dirichlet prior, which in turn has its roots in the one-dimensional
beta distribution . We will begin with a review of the finite-dimensional case.

3.1.1  Finite Dimensional Dirichlet Distribution

In this section we summarize some basic properties of the Dirichlet distribution,
especially those that arise when the Dirichlet is viewed as a prior on M (X) -the set of
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probability measures on &X'. Details are available in many standard texts, for example
Berger [13].
First consider the simple case when X = {1,2}. Then

M(X) = {B = (p1,p2) P11 =2 0,p2>0,p1 +p2 = 1}

Because pp = 1 —p; and 0 < p; < 1, any probability measure on [0,1] defines
a prior distribution on M(X). In particular say that p has a beta(ai,as) prior if
a1 > 0,9 > 0 and if the prior has the density

(o + Oéz)pal_1

— 1—pp)e2t 0<p <1
F(O{l)F(OZQ) 1 ( pl) Sp1 >

H(pl) =

It is easy to see that

aq
FE =
(1) a1 + Qg
Vip) = ar(ag +1) 3 ( o >2 _ 10y
U (o +an)(ar +ag + 1) (o1 + ag) (a1 + ag)?(an +ag +1)

We adopt the convention of setting the beta prior to be degenerate at p; = 0 if
a1 = 0 and degenerate at p, = 0 if ap = 0. Note that the convention goes well with
the expression for E(p1). In fact the following proposition provides more justification
for this convention.

Proposition 3.1.1. If oy, — 0 and az, — ¢, 0 < ¢ < 0o, then beta(an, aan)
converges weakly to &g.

Proof. 1If p, is distributed as beta(aq,, ag,), then Ep, — 0,V (p,) — 0 and hence
pn — 0 in probability. 0

The following representation of the beta is useful and well known. Let Z;, Z5 be
independent gamma random variables with parameters oy, s > 0, i.e., the density is
given by

1 i 0i—1
Zj) = ——e ZizM 2z >0
then Z,/(Zy + Z5) is independent of Z; + Z; and is distributed as beta(aq, az).

If we define a gamma distribution with @ = 0 to be the measure degenerate at 0,
then the representation of beta random variables remains valid for all a; > 0, a5 > 0
as long as one of them is strictly positive.
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Suppose X1, Xo, ..., X, are X -valued i.i.d. random variables distributed as p , then
beta priors are conjugate in the sense that if p has a beta(ay, az) prior distribution
then the posterior distribution is also a beta, with parameters a; + 3 dx,(1) and
as + Y 0x,(2), where §, stands for the degenerate measure 0, (z) = 1. Moreover, the
marginal distribution of Xj, Xs, ..., X,, is exchangeable with marginal probability
)\(Xl = Z) = ai/(oq + 042).

Next we move on to the case where X = {1,2,...,k, }. The set M (X) of probability
measures on X', is now in 1-1 correspondence with the simplex

Sk:{B :(plap27"'>pkfl):pi20f0ri:1a27"'7]€_17zpi§1}

and as before we set pp = 1 — Z’fl p;. A prior is specified by specifying a probability
distribution for (py, pa, . . ., pr—1). This distribution determines the joint distribution of
the 2% vectors {P(A) : A C X'} through P(A) = Zpi. The k- dimensional Dirichlet
icA

distribution is a natural extension of the beta distribution.

Definition 3.1.1. Let @ = (a1, a9,...,0;) with a; > 0fori = 1,2,... k. p =
(p1,Dp2, - - -, k) is said to have Dirichlet distribution with parameter (aq, s, ..., ),
if the density is

D327 ) ei-tpea-tymal( 3

I e Dh) =
(p1,p25- -, Pr—1) F(al)r(%)’...7r(%)p1 N

Z)ak—l

: (3.1)

for (plap27 s 7pk71) in Sk~

Convention If any a; = 0, we still a define a Dirichlet by setting the corresponding
p; = 0 and interpreting the density (3.1.1) as a density on a lower-dimensional set.

The Dirichlet distribution with the vector (ay,as,...,q;) as parameter will be
denoted by D (ay,s,...,ax). So we have a Dirichlet distribution defined for all
(o, qa,...,q1), as long as > «; > 0. Following are some properties of the Dirichlet
distribution.

Properties.

1. Like the beta distribution, Dirichlet distributions admit a useful representation
in terms of gamma variables. If Z1, Zs, ..., Z; are independent gamma random
variables with parameter a; > 0, then



3. DIRICHLET AND POLYA TREE PROCESS

A Zy Zy,

(3.2)

ko ko 0Tk
2% 2.4 Y4
1 1 1

is distributed as D (aq, @, ..., a);

(3.3)

k
is independent of Z Z; and
1

(c) If p = (p1,p2,...,px) is distributed as D (a1, g, ..., 4), then for any
partition Ay, As..., A, of X | the vector (P(A;), P(As),...,P(Ap)) =

(Zpi,z:p“..., ZM) isa D (o), ... 0L

€A €Az i€Am

where o = Z a;. In particular, the marginal distribution of p; is beta with
JEA;
parameters (o, Z a;).
i#]
This property suggests that it would be convenient to view the parameter
(1,0, ..., ) as a measure a(A) = Z «;. Thus every non-zero measure « on
X defines a Dirichlet distribution aundZ E‘c?le last property takes the form

(P(A1), P(As), ..., P(Ay)) is D (a(A1), a(As), ..., a(Ay))

. (Tail Free Property) Let My, My, ..., My be a partition of X. Fori =1,2,....k
with a(M;) > 0, let P(.|M;) be the conditional probability given M; defined by

P(j|M;) = PP(E\Q) : for j e M,
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If a(M;) = 0 then take P(.|M;) to be an arbitrary fixed probability for all P.
If P the probability on X" is D(«) then
(i) (P(My), P(Ms),...,P(My)),P(.|My), P(.|Ms),...,P(.|My) are indepen-
dent;

(i) if a(M;) > 0 then P(.|M;) is D(any), where ayy, is the restriction of « to
M;, and

(i) (P(M,), P(Ms),. .., P(My)) is Dirichlet with parameter
(a(My), a(M3), ..., a(My))

To see this, let X = {1,2,...,n} and let {Y; : 1 < i < n} be independent
gamma random variables with parameter «(z;). The gamma representation of
the Dirichlet immediately shows that

P(IMy), P(|My), ..., P(.|My) (3.4)

are independent. Further if Z; = >, ;Yoo then
217227"~7Zk

are independent, and using (3.4) it is easy to see that (71, Zs, ..., Zx) and hence
>_; Z; is independent of

P(.|My), P(.|Ms), ..., P(.|My)
Because P(M;) = Z;/>_; Z; the result follows.

3. (Neutral to the right property) Let By D By D ...Bj. Then we have the
independence relations given by

P(B)LP(By|By)L ... LP(By|By )

This follows from the tail free property by successively considering partitions
By, BY;
B{, By, BN BS; ...

4. Let ay,as be two measures on X and Py, P, be two independent k-dimensional
Dirichlet random vectors with parameters aq, as. If Y independent of P;, P; is
distributed as beta(ay (X)), aa(X)), then Y P, + (1 — Y) P, is D(ay + o).
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To see this, let Zy,Zs,...,Zr be independent random variables with Z; ~
gamma(ay{i}). Similarly for i = 1,2,...k let Zy; ~ Gamma(ao{i}) be inde-
pendent gamma random variables. Then

Elf Zz Zl Zk + ZZ+1 Zz Zk+1 ZZk
Yz \Xvz Y 2 Tz \XVZ XN Z

has the same distribution as Y P, + (1 — Y)P,. But then the last expression is
equal to

<a+aﬂ 4+%ﬂ
- s ——F
21 Z; 21 Z;
which is distributed as D(a; + «3). Note that the assertion remains valid even
if some of the a1 {i}, ax{j} are zero. An interesting consequence is: If P is D(«)
and Y is independent of P and distributed as Beta(c, a(X)), then

Ydu0,..0+(1=Y)P~D(af{1} +c,af2},...,a{k})

,,,,,

This follows if we think of &, o as Dirichlet with parameter (c,0,...,0). A
corresponding statement holds if (1,0,...,0) is replaced by any vector with a 1
at one coordinate and 0 at the other coordinates.

. For each p in M(X) , let Xy, Xs,..., X, be iid. P and let P itself be D(«).

Then the likelihood is proportional to

k
Hp?z_l"’nz
1

where n; = #{j : X; = i}. Hence the posterior distribution of P given
X1, X, ..., X, can be conveniently written as D(a + > dx;).

. The marginal distribution of each X; is & where a(i) = a(i)/a(X) and also

E(P) = a. To see this, note that for each A C X, P(A) is beta(a(A), a(A))
and hence E(P(A) = a(A)/(a(A) + a(A9)).

Property 5 immediately leads to

DmﬂPGCU—E:;g)Dm+&XQ
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This follows from D(«) (P € C) = E (E(P € C|X4)); E(P € C|X;) is by prop-
erty 5, D(a+ 0x,)(C), and the marginal of X is a.

. Let P be distributed as D(a) and X independent of P be distributed as a.

Let Y be independent of X and P be a beta(l, «(X)) random variable. Then
Yiéx + (1 —Y)P is again a D(a) random probability.

This follows from properties 4 and 7 by conditioning on x = i, interpreting d;
as a D(¢;) distribution, and then using properties 4 and 7.

. The predictive distribution of X, ;1 given X7, Xs,..., X, is

Oz+zrf(5xi
a(X)+n

a1 # ag implies D(ay) # D(ay), except when «q, ap are degenerate and put all
their masses at the same point.

This can be verified by choosing an ¢ such that a4 (i) # as(i). Then P(i) has a
nondegenerate beta distribution under at least one of ay, as. Next use the fact
that a beta distribution is determined by its first two moments.

It is often convenient to write a finite measure o on X as o = ca, where @ is
a probability measure. Let a,, = ¢,@, be a sequence of measures on X. Then
D(cnar,) is a sequence of probability measures on the compact set Sy and hence
has limit points. The following convergence results are useful.

(a) If &, - @ and ¢, — ¢,0 < ¢ < o0, then D(c,&,) — D(c&) weakly.
If a{i} > 0 for all ¢, then the density of D(c,a,) converges to that of
D(ca). If a{i} = 0 for some of the is, then the result can be verified by
showing that the moments of D(c,@,) converge to the moments of D(c&).

(b) Suppose that &, — @ and ¢, — 0. Then D(c,a&,) converges weakly to the
discrete measure p which gives mass &; to the probability degenerate at <.
To see this note that Epe,a,)pi = an{i} — afi}, and it follows from
simple calculations that Ep(.,a,)p; also converges to &{i}. Thus each p; is
0 or 1 almost surely with respect to any limit point of D(¢,a,). In other
words, any limit point of D(¢,@,) is a measure concentrated on the set of
degenerate probabilities on X. It is easy to see that any two limit points
have the same expected value and this together with the fact that they are
both concentrated on degenerate measures shows that D(c,a,,) converges.
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(¢) an — @ and ¢, — oo. In this case also, Ep(,a,)p; converges to afi}.
However Varp,a,)pi — 0, and hence D(e,@,) converges to the measure
degenerate at a.

3.1.2  Dirichlet Distribution via Polya Urn Scheme

The following alternative view of the Dirichlet process is both interesting and a pow-
erful tool. For a recent use of this approach, see Mauldin et al.[133].

Consider a Polya urn with «(X) balls of which (i) are of color i;i = 1,2, ..., k.[For
the moment assume that «(i) are whole numbers or 0]. Draw balls at random from
the urn, replacing each ball drawn by two balls of the same color. Let X; = j if the ¢
th ball is of color j. Then

P(X,=j)= a(é{) (3.5)
P(Xy = jlX1) = W (3.6)
and in general
(3.7)
P(Xos1 — X1, X, X) = 20+ 21 0. 0) (3.8)

alX)+n

Thus we are reproducing the joint distribution of Xi, X5, ... that would be ob-
tained from property 9 in the last section. The joint distribution of Xi, Xs,... is
exchangeable. In fact, if A, denotes the joint distribution

Ao (Xi =21, Xo=29,..., X,y = 1)

_alw) ot
o) H TTa() £ )

setting n; = #{X; =i}
_fa@(e@)+1) .. (e(1) +n = D}{a(2)(a(2) +1)... (2) + 12 —1)}. ..
a(X)(a(X)+1) ... (a(X)+n—1)

(3.9)
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where m!" is the ascending factorial given by m" = m(m +1)...(m +n — 1).

It is clear that (3.5) defines successive conditional distributions even when a{i} is
not an integer but only > 0. The scheme (3.5) thus leads to a sequence of exchangeable
random variables and the corresponding mixing measure Il coming out of De Finetti’s
theorem is precisely D,. What we need to show is that if D,, is the prior on M (X) and
if given P, X7, X5,... arei.i.d P, then the sequence X7, Xs,... has the distribution
given in (3.9). In fact, (3.9) is equal to

which is equal to

/M(X) [P(1)]™ ... [P(k)]™ TI(dP)

Since the finite-dimensional Dirichlet is determined by its moments, this shows II =
D,,.

The posterior given X, Xs,..., X, can also be recovered from this approach. For
a given Xj, (3.5) defines a scheme of conditional distributions with « replaced by
a + dx,. Once again DeFinetti’s theorem leads to the prior D(a + dx, ), this is also
the posterior given Xj.

We end this section with the question of interpretation and elicitation of a. From
property 6, @ = a(-)/a(X) = E(P). So a is the prior guess about the expected P.

If we rewrite property 10 in terms of the Bayes estimate F(p;| X1, Xo, ..., X,) of p;
given Xy, Xo, ..., X,

alX) _ . n n;
E(pi| X1, Xo,..., X)) = ma(l) + m(z

)

which shows the Bayes estimate can be viewed as a convex combination of the “prior
guess” and the empirical proportion. Because the weight of the “prior guess” is de-
termined by «(X), this suggests interpreting a(X) as a measure of strength of the
prior belief. This ease in interpretation and elicitation is a consequence of the fact
that Dirichlet is a conjugate prior for i.i.d. sampling from X. We will show that all
these properties hold when X =R. The fact that variability of P is determined by a
single parameter a(X) can be a problem when &k > 2.
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3.2 Dirichlet Process on M(R)

3.2.1 Construction and Properties

Dirichlet process priors are a natural generalization to M (R) of the finite-dimensional
distributions considered in the last section. Let (R, B) be the real line with the Borel
o-algebra B and let M(R) be the set of probability measures on R, equipped with
the o-algebra By,.

The next theorem asserts the existence of a Dirichlet process and also serves as a
definition of the process D,,.

Theorem 3.2.1. Let « be a finite measure on (R, B). Then there exists a unique
probability measure D, on M(R) called the Dirichlet process with parameter a sat-
isfying

For every partition By, Bs, ..., B, of R by Borel sets
(P(By),P(Bs)...,P(By)) is D(a(By),a(Bs)...,a(B))

Proof. The consistency requirement in Theorem 2.3.4 follows from property 2 in the
last section. Continuity requirement 3 follows from the fact that if B, | B then
a(B,) | a(B) and from property 11 of the last section. O

Note that finite additivity of « is enough to ensure the consistency requirements.
The countable additivity is required for the continuity condition.

Assured of the existence of the Dirichlet process, we next turn to its properties.
These properties motivate other constructions of D, via De Finetti’s theorem and an
elegant construction due to Sethuraman. These constructions are not natural unless
one knows what to expect from a Dirichlet process prior.

If P ~ D(a), then it follows easily that F(P(A)) = a(A) = a(A)/a(R). Thus one
might write E(P) = & as the prior expectation of P.

Theorem 3.2.2. For each P in M(R), let X1, Xs,..., X, be i.i.d. P and let P

itself be distributed as D, where « is finite measure. (A version of) the posterior
distribution of P given X1, Xa, ..., Xy, 18 Doysnsy. -

Proof. We prove the assertion when n = 1; the general case follows by repeated
application. A similar proof appears in Schervish[144].

To show that D,.s, is a version of the posterior given X, we need to verify that
for each B € B and C' a measurable subset of M (R),

/B Dots, (C) a(de) = /C P(B) Da(dP)



3.2. DIRICHLET PROCESS ON M(R) 97

As C varies each side of this expression defines a measure on M (R), and we shall argue
that these two measures are the same. It is enough to verify the equality on o-algebras
generated by functions P +— (P(By),P(Bs)...,P(By)), where By, Bs,..., By is a
measurable partition of R. We do this by showing that the moments of the vector
(P(B1), P(Bs) ..., P(Byg)) are same under both measures.

First suppose that a(B;) > 0 for i = 1,2,..., k. For any nonnegative ry,7,..., 7y,

look at

If we denote by Dy 15, and Dy the k-variate Dirichlet distributions with parameters
(a(By),...,a(B;) + 1,...,a(B)) and (a(By),...,a(B;),...,a(By)), then (3.10) is
equal to

/ H Dess, (dP) | a(dz) (3.10)

k
«(BAB) [ . .
ZW/yll Y Y DQI+§l(dy1...dyk_1).

1
which in turn is equal to

k
(BN B;) yr ritl T

1

On the other hand because P(B) = > P(BN B;),
/ H D.(dP)
—Z/H P(BN B)Da(dP)

:ZI: / P(Bl)”...P(Bi)”“...P(Bk)”...P(jf(gi)Bi)Da(dP)

Since Pﬁg%) is a Beta random variable and independent of (P(B;), P(Bs) ..., P(By)),

the preceding equals

k

ZW / P(B)" ... P(B)"*' ... P(B)™ ... Du(dP)

1
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which is equal to the expression obtained earlier. To take care of the case when some

of the «(B;) may be 0, consider the simple case when, say «(B;) = 0,7 > 0 and the
rest of the a(B;) are positive. In this case

/ / H Bi)]" Dass, (dP) | a(dx) =0

Because in Z (a(BNB;)/a(B)) [yi*. o Y Dorgs, (dy - .. dyg—1), a(BNBy) =
Oand fori#1,y; =0 aeDaMz,

/y{l - yllz C. y;nDa’Jréi(dyl A dykfl) =0
A Similar argument applies when «(B;) is 0 for more than one i. O

Remark 3.2.1 (Tail Free Property). Fix a partition By, Bs, ..., By, of X. Consider a
sequence {T},,.,>1 of nested partitions with T = {By, Bs, .. Bk} and o{{L}ninz1} =
B. Then D, is tail free with respect to this partltlon And we leave it to the reader
to verify that with Dirichlet as the prior and with given P, X ~ P,

(P(By),P(B,)...,P(By)) and X

are conditionally independent given {Ip,(X);1 < ¢ < k}. Consequently, the condi-
tional distribution of the vector (P(By), P(Bz).. (Bk)) given T is the same for
all n and is equal to the marginal distribution of

(P(Bl)>P(BQ)"'aP(Bk'))

under the measure D45, .

The last remark provides an alternative and more natural approach to demonstrate
that D,4s, is indeed the posterior given X. For, by the martingale convergence
theorem, the conditional distribution of (P(B1), P(Bs) ..., P(By)) given I converges
to the conditional distribution of (P(B;), P(Bs) ... ,P(Bk)) given X, and this limit
is the marginal distribution of the vector (P(B;), P(B2).. .,P(Bk)) arising out of
Dqsy. This is true for any partition By, Bs,. .., By and since a measure on M (R)
is determined by the distribution of finite partitions, we can conclude that D45, is
indeed the posterior.
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Remark 3.2.2 (Neutral to the Right property). Another useful independence prop-
erty follows immediately from Property 4 of the last section. If ¢; < to,... < 4,
then

1— F(ty) 1— F(t)
"1—=F(t1) 71— F(ty)

(1= F(t1))
are independent.

Many of the properties of the Dirichlet process on M(R) either easily follow from,
or are suggested by the corresponding property for the finite-dimensional Dirichlet
distribution. One major difference is that in the case of M(R) the measure « can be
continuous. This leads to some interesting consequences, some of which are explored
next.

Denote by A, the joint distribution of P, X, X5, ... . Suppose P ~ D(«) and given
P, X1,X5,... areiid. P. From Theorem 3.2.2 it immediately follows that the
predictive distribution of X, given X3, Xo, ..., X, is

a+ 2711 5Xi
a(R)+n

and hence that
X is distributed as &

Conditional distribution of X5 given X; is otox,

a(R)+1
a+dx; +0x,
a(R)+2

Conditional distribution of X3 given X1, X5 is
Conditional distribution of X, 1 given X, Xo,..., X, is%, ete.

Suppose that « is a discrete measure and let X be the countable subset of R such
that a(Xp) = a(R) and a{z} > 0 for all x € Ay. D,, can then be viewed as a prior
on M (Xp). Further the joint distribution of X7, Xs, ..., X, can be written explicitly.

For each (x1,s,...,2,) and for each z € X, let n(z) be the number of is such
that @; = z. Note that n(x) is nonzero for at most n many zs. If a,, denotes the joint
distribution of X7, X5, ..., X,,, then

an(z1, @, .0 ) = H a(z)n@) (3.11)

T€X)

where a” = a(a+1)...(a+b—1).
The case when « is continuous is a bit more involved. Even if o has density with
respect to Lebesgue measure, for n > 2, because P{X; = Xy} # 0, oz is no longer



100 3. DIRICHLET AND POLYA TREE PROCESS

absolutely continuous with respect to the two-dimensional Lebesgue measure. To see
this formally, note that

1

s {X1 = X} = /‘”5“ e} da(n) = iy

On the other hand the Lebesgue measure of {(z,z) : x € R} is 0.

While «, is not dominated by the n-dimensional Lebesgue measure, it is dominated
by a measure A}, composed of Lebesgue measure in lower-dimensional spaces, and with
respect to this measure, it is possible to obtain a fairly explicit form of the density
of a,,. We will look at the case n = 3 in some detail and then extend these ideas to

general n.
We will begin by calculating «,(A x B x (') when « is a continuous measure. Let

Ria2s = {(x1, 22, 23) : 1, g, 23 are all distinct }
Then

a3 ((A X B x C) N R172,3)
=a3{X1 €A, X, € B—{X1}, X5 € C—{X1,Xz}}
_a(4) a(B)  a(C)
a(R) (a(R) +1) (a(R) +2)

where the last equality follows from the fact that for each zq, by continuity of «,
a(B —{z1}) = a(B) and d,,(B — {z1}) = 0. Consequently

[a + 02, a(B)

Pr{X, € B—{n} = (R) +1( —{m}) = a®)+1

Similarly for Pr{X; € C — {x1,25}.
Next, let
Rios = {(z,z,x3) : x # x3}

Then

g ((A X B x C) ﬂR1273)
= Q3 {X1 € A X2 {Xl} Xj eC— {Xl}}
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Because Pr{X,; = z|X; = 2z} = [a+ ;] /(a(R) + 1)({z}) = 1/(a(R) + 1), again by
continuity of «, we have the preceding is equal to
a(AN B) 1 a(C)
aR)  ((R) +1) (a(R) +2)

Similarly, if
Riso = {(z,22,2) : © # 22}
then by exchangeability

Oén(A x B x CmR1372> :Oén(AX C x BleQ,S)
_a(ANn0) 1 a(B)
~ a®) (a®)+1) (a(R) +2)

A similar expression holds for R o3.
Let Ryos = {(z,2,2)}. Then A x B x C NRyg3 = {(x,z,2)x € ANBNC}. We
then have

20(ANBNC) 1 a(B)
a(R) (a(R) +1) (a(R) +2)

where the factor 2 in the numerator arises from P(X3 = z|X; = Xo = 2) = (§, +
5.)a(B)/(a(R)(a(R) + 1)(a(R) +2))().

Suppose that o has a density & with respect to Lebesgue measure. Define a measure
A} as follows:
Aj restricted to Ry 23 is the three-dimensional Lebesgue measure
Aj restricted to Ryg 3 is the two-dimensional Lebesgue measure obtained from R? via
the map (z,y) — (z,2,y).
Define the restriction on R; 23 and R34 similarly.
Aj restricted to Ryo3 is the one-dimensional Lebesgue measure obtained from z +—
(x,x, ).

an (Ax Bx CNRyg3) =

Note that the function on R; 53 defined by
d(xl)d(xg)&(.fg)
a(R)(a(R) +1)(a(R) +2)

when viewed as a density with respect to A} restricted to Ry o3 gives, for any (A4 x
B x (), ap (Ax B x CNRya3). Similarly the function on Rys 3 defined by

Gs(z1, 0, T3) =

a(xy)a(zs)
a(R)(a(R) + 1) (a(R) + 2)

ag(xy, 21, 03) =
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corresponds to the density of a3 with respect to Aj restricted to Ryz3 and
25[(1’1)

a(R)(a(R) + 1)(a(R) 4 2)

corresponds to the density of az with respect to A3 restricted to Ro3.

The general case is similar but notationally cumbersome. For a partition {C1, ..., Cy}
of {1,2,...,n}, let

ag(xr, @1, 21) =

Rey oo = {(x1,22,. .., 2) t 2 = x; iff 4, j € C,, for some m,1 <m <k}

The measure A} is defined by setting its restriction on Re, ¢,
dimensional Lebesgue measure. As before if we set I; = 1 and

{[le if,xj¢{$1,$27...,$n}

¢, to be the k-

,,,,,

0 otherwise.

the density of a,, with respect to A} on R¢, ¢, ¢, is given by

,,,,,

[1; a(z;)% (e; — 1)!
(a(R))mr

(3.12)

(T, X0, .2 ) =
where e; = #c;.
The verification follows essentially the same ideas, for example

)= a(By)a(Bs) ... a(By)
""" o (a(R))"!

O[n(Al X A2 X ... X An N :R,Cl,c2

where BJ = ﬂiECjAzV
Theorem 3.2.3. D, {P : P is discrete } = 1.

Proof. Let E = {(P,z): P{z} > 0}. Note that P is a discrete probability measure if
Z{x:(P,m)eE} P(z) = 1. We saw in the last chapter that F is a measurable set. Let

Ez:{P:P{x}>O} Ep:{x:P{x}>0}
Then

Mol E) =By, (Ma(E1X:)

= Lk, <)‘a(E~‘X1|X1) = E, <DO<+5X1 (EX1>
=1
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Because P{x,} is beta with positive parameter a{z1}+1, P{x1} > 0 with probability
1. Now

Mol B) = Br, (Ma(EIP) = Br, (P(Ep)) =1
so P(Ep) = 1 almost everywhere D,,. O

The preceding proof is based on a presentation in Basu and Tiwari[10] . A variety of
proof for this interesting fact is available. See Blackwell & Mcqueen [25], and Blackwell
[23], Berk and Savage [17]. Another nice proof is due to Hjort [99]

3.2.2 The Sethuraman Construction

Sethuraman [148] introduced and elaborated on a useful and clever construction of
D,,, which provides insight into these processes and helps in simulation of the process.

As before let a be a finite measure and @ = a/a(R). Let Q be a probability space
with a probability u such that

01,05, ... defined on 2 are i.i.d. beta(l, a(R))

Y1, Ys, ... are also defined on € such that they are i.i.d. @ and independent of the ;s
Set p1 =6y and for n > 2, let p, = 6, [~ 1(1 —6;). Easy computation shows that

Z pn = 1 almost surely. Now define an M (R) valued random variable on € by
1
an )0y, () (A) (3.13)

Because an = 1, the function w — P(w,-) takes values in M(X). It is not

hard to see }chat this map is also measurable. This random measure is a discrete
measure that puts weight p; on Y;. Sethuraman showed that this random measure is
distributed as D,,. Formally, if II is the distribution of w — P(w,-) then II = D,. We
will establish this by showing that for every partition Bi, Bs,..., By of R by Borel
sets (P(w, By), P(w, Bs), ..., P(w, By)) is distributed as D(«(By), ..., a(Bx)).

Denote by 67, the element of Sy, given by (Ip, (Y;), 5, (Yi), IBk( 7). Then for
each w, (P(w, By), P(w, By), ..., P(w, By)) can be written as Zl pi(w )53’1@)'

Let P be an Sy valued random variable, independent of the Vs and s, and dis-
tributed as D(«(By), ..., a(By)).
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Consider the Sj valued random variable
Pl = p15§/1 + (1 —pl)P

where Y] € B;, 5@ is the vector with a 1 in the ith coordinate and 0 elsewhere. Hence
by property 4 from Section 3.1, given Y; € B;, P! is distributed as a Dirichlet with
parameter (o(B1),...,a(B;)+1,...,a(Bg)). Since u(Y1 € B;) = a(B;), by property
8 in Section 3.1, P! is distributed as D(a(By), ..., a(By)).

It follows by easy induction that for all n, 1 — >} p; = [} (1 — 6;). Using this fact,
a bit of algebra gives

> ooy, + (1= p)P
1 1
n—1 n—1
= pidy + (1= pi)(0nd}, + (1= 6,)P)
1 1

Because our earlier argument showed that 6,6y, +(1—#6,)P has the same distribution
as P, a simple induction argument shows that, for all n,

> opidy, + (1= p)P
1 1

is distributed as D(«(By), ..., a(By)). Letting n — oo and observing that (1—>"7 p;)
goes to 0, we get the result.

Note that we have not assumed the existence of a D, prior. Because P(w,-) is
M(X) valued, the argument also shows the existence of the Dirichlet prior.

3.2.8  Support of D,

We begin by recalling that M (R) under the weak topology is a complete separable
metric space, and hence for any probability measure IT on M (R) the support—the
smallest closed set of measure 1— exists. Note that support is not meaningful if we
consider the total variation metric or setwise convergence.

Theorem 3.2.4. Let a be a finite measure on R and let E be the support of a. Then
M, ={P: support of P C E}

is the weak support of D,
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Proof. M, is a closed set by the Portmanteau theorem, since F is closed and if P, — P
then P(E) > limsup, P,(E). Further, because P(E) is beta(a(R),0), D,(M,) = 1.

Let P, belong to M, and let U be a neighborhood of F,. Our theorem will be
proved if we show that D, (U) > 0.

Choose points ay < a3 < ... < ar—1 < ar and let W; = (a;,a;41] N E and J =
{j : a(W;) > 0}. Then depending on whether a(U;e;W;) = a(R) or a(U;e,W;) <
a(R), (P(W;):jeJ)or (P(Wj) tJESI=3 P(WJ)> has a finite-dimensional
Dirichlet distribution with all parameters positive. And in either case, for any n > 0,

Do{P € M(R) : |P(W,) — Py(W;)| <6:5€J}>0

By Propositon 2.5.2 for small enough 4, U contains a set of the above form. Hence
D, (U) > 0.
O

8.2.4 Convergence Properties of D,

Many of the theorems in this section are adapted from Sethuraman and Tiwari [149].
Because under D,,, E(P) = @, Theorem 2.5.1 in Chapter 2 immediately yields the
following.

Theorem 3.2.5. Let {ay :t € T} be a family of finite measures on R. Then the
family {D,, : t € T} is tight iff {a, : t € T} is tight.

Theorem 3.2.6. Suppose {a.,,},« are finite measures on R such that &, — &
weakly.

(1) If am(R) = a(R) where 0 < a(R) < oo, then D,,, — D, weakly.
(ii) If apm(R) — 0. Then D,,, converges weakly to D*, where
D*{P: P is degenerate} = 1

(iti) If a(R) — oo then D, converges weakly to d,.

Proof. By Theorem 3.2.5, {D,,, } is tight and hence any subsequence has a further
subsequence that converges to, say, D*.

(i) We will argue that the limit D* is D, and is the same for all subsequences. By
(iii) of Theorem 2.5.2 and (a) of property 11 of the finite-dimensional Dirichlet
(see Section 3.1) it follows that D* = D,,.



106 3. DIRICHLET AND POLYA TREE PROCESS

(ii) From property 11 for any @ continuity set A, D*{P : P(A) = 0, or 1} = 1.
By using a countable collection of @ continuity sets that generate the Borel
o-algebra, the result follows.

(iii) (iii) Recall that E(P(A)) = @(A). Because o, (R) — oo, Var(P(A)) — 0 for
all A. Hence P(A) converges in probability to @(A). This holds for any finite
collection of sets. The result now follows as in the preceding case.

As a consequence of the theorem we have the following results.

Theorem 3.2.7. (i) Let a be a finite measure. Then for each Py the posterior
Dgysn ox, Op, weakly, almost surely P.

(it) As a(R) goes to 0, the posterior converges weakly to Dy s, .

Proof. Because a.e. Py, a + > | 0x, = «, satisfies &, — P and a,, — oo, (iii) of
Theorem 3.2.6 yields the result. O

Remark 3.2.3. Note that posterior consistency holds for all Fy, not necessarily in
the weak support of D,. This is possible because the version of the posterior chosen
behaves very nicely. This version is not unique even for P, in the weak support of D,,.
One sufficient condition for uniqueness up to Fy null sets is that Py be dominated by
a.

Remark 3.2.4. Assertion (ii) has been taken as a justification of the use of Dy,
as a noninformative (completely nonsubjective in the terminology of Chapter 1) pos-
terior. Note that Theorem 3.2.6 shows that the corresponding prior is far from a
noninformative prior.

The posterior Dyn sx, has been considered as a sort of Bayesian bootstrap by Rubin
[142]. For an interesting discussion of the Bayesian bootstrap and Efron’s bootstrap,
see Schervish [144].

We would like to remark that all the theorems in this section go through if R is
replaced by any complete separable metric space. The existence aspect of the Dirichlet
process can be handled via the famous Borel isomorphism theorem, which says that
there is a 1-1, bimeasurable function form R onto X. The proofs of other results
require only trivial modifications.
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8.2.5 Elicitation and Some Applications

We have seen that with a D, prior the posterior given X1, Xo,..., Xy, is Datysy, -
As a(R) goes to 0, (o + Y. dx,)/(a(R) + n) converges to Y dx,/n, the empirical
distribution, further a(R) + n converges to n. Hence as observed in the last section
Dayy sy, converges weakly to Dy sx,- In particular if the X, X5, ..., X, are distinct
then Dy, 1is just the uniform distribution on the n-dimensional probability simplex
Sr. T hislphenomenon suggests an interpretation of a(R) goes to 0, as leading to
a ‘“noninformative” prior. In this section we investigate a few examples, all taken
from Ferguson [61], where as a(R) goes to 0, the Bayes procedure converges to the
corresponding frequentist nonparametric method.

While these examples corroborate the feeling that «(R) goes to 0 leads to a non-
informative prior, (ii) of Theorem 3.2.6 points out the need to be careful with such
an interpretation. As a(R) goes to 0 the posterior leads to an intuitive noninforma-
tive limit. However the corresponding prior cannot be considered noninformative. We
believe these applications are justified in the completely non-parametric context of
making inference about P because the Dirichlet is conjugate in that setting. Similar
assessments of conjugate prior in finite-dimensional problems is well known.

However, the Dirichlet is often used in problems where it is not a conjugate prior.
In such problems the interpretation of a(R) as a sort of sample size or a measure of
prior variability is of doubtful validity. See Newton et al. [136] in this connection.

Estimation of F . Suppose that we want to estimate the unknown distribution
function under the loss L(F,G) = [ (F(t) — G(t))*dt. If 11 is a prior on M(R),
equivalently on the space of distribution functions F on R it is well known that
the no-sample Bayes estimate is given by FH = [F(t . If 1T is D, then
because the posterior is Dqiy sy, the Bayes estlmate of F g1ven X1, Xo, ..., X, 18
(a+ 3 dx,) (=00, t]/(a(R) + n). Setting F,, as the empirical distribution, we rewrite
this as

a(R) n
a(R) + na(—oo,t] - a(R) + nFn

which is a convex combination of the prior guess and a frequentist nonparametric
estimate.

This property makes it clear how « is to be chosen. If the prior guess of the distri-
bution of X is, say, N(0, 1) then that is &. The value of a(R) determines how certain
one feels about the prior guess. This interpretation of «(R) as a measure of one’s faith
in a prior guess is endorsed by the fact that if «(R) — oo then the prior goes to d;.
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If «(R) — 0 the Bayes estimate of P converges to the empirical distribution and
the posterior converges weakly to D, g, . Since the prior has no role any more, D, g,
is called a noninformative posterior and F,, the corresponding noninformative Bayes
estimate. These intuitive ideas are helpful in calibrating «(R) as a cost of sample size
and «(R) = 1 is sometimes taken as a prior with low information.

Estimation of mean of F. The problem here is to estimate the mean pp of the
unknown distribution function F', the loss function being the usual squared error
loss, i.e., L(F,a) = (g —a)2 If I is a prior on F such that F}; has finite mean, then
the Bayes estimate /i is [ pp dII(F) and with probability 1 this is the same as the

mean of Fy; . This follows because
/ [/xdF} [I(dF)

= lim/ {/ mI[O,n}dF} II(dF")
= /xdﬁh(z) = /Idﬁh(z) < 00

Thus if a has finite mean then
D,{F : F has finite mean} = 1

and given X7, Xo, ..., X, the Bayes estimate of pp is the mean of o + > dy,. This
is easily seen to be a convex combination of the mean of @ and X and goes to X as
a(R) — 0.

Estimation of median of F. We next turn to the estimation of the median of the
unknown distribution F'. For any F' € F, t is a median if

F(t-) < = < F(t)

N| —

If @ has support [Ki, K3, —0co0 < K; < K3 < oo then with D, probability 1, F
has unique median. If t; < ty are both medians of F'| then for any rational a, b;t; <
a < b <ty we have F(a) = F(b). On the other hand D, {F : F(a) = F(b)} = 0. By
considering all rationals a,b in the interval (K;, K3) we have the result.

In the context of estimating the median the absolute deviation loss is more natural
and convenient than the squared error loss. Formally, L(F,m) = |mp —m|. If I is a
prior on F then the “no-sample” Bayes estimate is just the median of the distribution
of mp.
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If the prior is D,then any median of mpg is also a median of @. This may be seen
as follows: ¢ is a median of mp iff

1
Da{mp < t} < 5 < Da{mF < t}

Now mp < t iff F(t) > 1/2. Because F(t) is beta (a(—o0,t], a(t,00), Do {F(t) >
1/2} > 1/2 iff a(t,00)/a(R) > 1/2 (see exercise 11.0.2 ). On the other hand mp < t
iff F(t—) > 1/2 . This yields a(—o00,t)/a(R) < 1/2 and such a t is a median of a.

Consequently, the Bayes estimate of the median given X7, Xs, ..., X, is a median of
(a+>0x,)/(a(R)+n)). If @ is continuous then the median of (a+3 " dx,)/(a(R)+n))
is unique. As o(R) goes to 0 the limit points of the Bayes estimates of mg are medians
of the empirical distribution.

Testing for median of F. Consider the problem of testing the hypotheses that the
median of F' is less than or equal to 0 against the alternative that the median is
greater than 0. If we view this as a decision problem with 0-1 loss, for a D, prior on
F the Bayes rule is

1 1
decide median is < 0 if D, {F(0) > 5} >3

Because D, {F(0) > 1/2} = 1/2 iff the two parameters are equal this reduces to
“accept the hypotheses that the median is 0 iff

a(—o0,0] _ 1"
—_— - > —
a(R) 2
Given Xi, X, ..., X, this condition becomes “accept the hypotheses that the me-
dian is 0 iff

W, > %n +a(R) <; — &(—o0, 0)>N

where W,, is the number X; < 0.

FEstimation of P(X < Y). Suppose that Xi,..., X, are ii.d. F and Y3,...,Y,,
are independent of the X;s and are i.i.d G. We want to estimate P(X; < Y)) =
J F(t) dG(t) under squared error loss. Suppose that the prior for (F,G) is of the
form T, x TI,. The Bayes estimate is then [ Fip,(¢) dFi,(dt), where for i = 1,2,
Fiy, () is the distribution function [ F(t) dIL,(t).

If the prior is D, then the Bayes estimate given X, X5, ..., X,, becomes
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This can be written as

m

1
P1nP2,m / 021(—00., t)ddg(t) + P, n — Do, m — Z —00, Y}
1

3

n 1
(1 _pl n p2m m ; 1 - 042 OO,XZ)) + (1 _pl,n)(l _p2,m)%U

where p1, = a1(R)/(a1(R) + n), p2m = @a(R)/(a2(R) + m) and U, is the number of
pairs for which X; <Y, i.e,

U= sz(oom(X)
1 1

As o (R) and ay(R) go to 0, the nonparametric estimate converges to (mn)~tU,
which is the familiar Mann-Whitney statistic.

3.2.6 Mutual Singularity of Dirichlet Priors

As before, we have a D, prior on M (R), given P, X7, Xo,..., X, is i.i.d. P, and A,
is the joint distribution of P and X7i, Xs,... . The main result in this section is ‘ If
ay and agy are two nonatomic measures on R, then \,, and \,, are mutually singular
and hence so are D,, and D,,’. Mutual singularity of all priors in a family being used
is undesirable. It shows that the family is too small to be flexible enough to represent
prior opinion, which is based on information and judgment and is independent of
the data. To clarify, consider a simple example of this sort. Let Xy, Xs,..., X, be
i.i.d. N(0,1) and suppose we are allowed only N (g, 1) priors and the only values of i
allowed are finite and widely separated as 0 and 10. Then for a large n if we get X,
it is clear that with high probability the data can be reconciled with only one prior
in the family. The result proved next is of this kind but stronger. It follows from a
curious result of Korwar and Hollander [116], who show that the prior D, can be
estimated consistently from Xi, X5,... . We begin with their result.

Lemma 3.2.1. Define 1y, 79,... and Y1,Ys,... by 1 = 1 and 1, = k if the number
of distinct elements in {X1, Xo,..., Xx} is n and the number of distinct elements in
{X1,Xs,..., Xg_1} is n— 1. In other words, 7, is the number of observations needed
to get n distinct elements.
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Set' Y, = X, and set

D _ 1 iang{XhXQW'an—l}
" 0 otherwise

Note that Y} D; is the number of distinct units in the first n observations. If « is
nonatomic then

(i) for any Borel set U,1/n 3 7 by, (U) = @(U) a.e. A;
(ii) 1/logn Y 1 (D; — E(D;)) = 0 a.e. Ay; and
(iii) 1/logny 1 E(D;) = a(X).

Proof. Note that 7; < oo a.e.

To prove (i) it is enough to show that Y7,Y5, ... are i.i.d. a.

We start with a finer conditioning than Yi,...,Y, ;. Consider for ¢; < t3,... <
tnfla tnﬁ

Pr {Y;L S A|X17X27 .. ~th,7177—n71 = tnflyTn = tn}
_ Pr {YVoelXy,. . X\, To1=te 1,70 =1y
Pr {Tn = tn|X17 ce th,] y Tp—1 = tnflﬂ—n > ty

(3.14)

After cancelling out o(X)+t,—1 from the numerator and denominator this becomes

(a+30 1 ox) (A= {Y1,.... Vo))
(a+30 1 0x) (X = {11,.... Y}

and by nonatomicity this reduces to @. Thus Y;,Y5, ... are i.i.d and (i) follows.

For the second assertion, it is easy to see that the D,, are independent with A\,(D,, =
1) =aR)/(a(R) +n—1).

By Kolomogorov’s SLLN for independent random variables

n

> (Di— E(Di)) = 0 as. A, if i (‘1/0(53)2 < o0

1

1
logn

Here V(D;) = a(R)(i — 1)/((«(R) +i — 1)*) and the preceding condition holds.
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Moreover

1 ¢ a(R)
logn Z B(D) = logn 21: aR)+i—1 — a(R)

because

- a(R) ", a(R) " a(R) 1
ZZ:@(R)H—l :;ifl_a(R);a(R)+i71i71

and as n — oo, the second term on the right converges, so that

; oz(ng(qLRz)'l = a(R) [logn + O(1)]

O

Theorem 3.2.8. If a; and ay are two nonatomic measures on R, a; # «g, then
Ay and Na, are mutually singular and hence so are Dy, and D, .

Proof. Let U be a Borel set such that a1 (U) # ay(U), and set

{ Zéy ) = (U ZD - (R }

By Lemma 3.2.1, A\, (F) =1 and A\, (E) = 0.
Further, because F C R*, we also have

N (E) = / P*(E) Do, (dP) = 1

so that, Do, {P : P*(F) = 1} = 1. Similarly D,,{P : P®(E) =1} =0.
O

Remark 3.2.5. To handle the general case, consider the decomposition of ay, a5 into
a; = a1 + ayo, where o is the nonatomic part of a; and a9 is the discrete part.

Let ]\417 M2 be the support of 12 and Q9. Then if a1 7é Q21 but ]\/[1 = ]\427 then
also Ao, and \,, are singular.

If a1 = agy and My = Ms; Ay, and A,, may not be orthogonal. Sethuraman gives
necessary and sufficient condition for the orthogonality using Kakutani’s well-known
criteria based on Hellinger distance.
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Remark 3.2.6. The Theorem 3.2.8 shows that Dirichlet process used as priors dis-
play a curious behavior. Suppose « is a continuous measure, then for every sample
sequence X, Xo,... the continuous part of the successive posterior base measures
changes from o/ (X)+n to a/(a(X)+n+1) and hence the sequence of the posteriors
are mutually singular.

3.2.7 Mixtures of Dirichlet Process

Dirichlet process requires specification of the base measure «, which itself can be
viewed as consisting of the prior expectation @ and the strength of the prior belief
a(R). In order to achieve greater flexibility Antoniak [4] proposed mixtures of Dirich-
let process which arise by considering a family «y of base measures indexed by a
hyperparameter 6 and a prior for the parameter 6.

Because the Dirichlet processes sit on discrete measures, so does any mixture of
these and hence they are unsuitable as priors for densities. For the same reason, it is
also inappropriate for the parametric part of a semiparametric problem. For example,
Diaconis and Freedman [46] show that the Dirichlet prior in a location parameter
problem can lead to pathologies as well as inconsistency of the posterior for even
reasonable “true” densities.

Usually one will not have as a prior a completely specified @ but an a,—like
N(n,0?)—with 0 = (n,0?) unknown but having a prior u so that the distribution
of P given 6 is D,,. Suppose that X;, Xs,..., X, are—given P—i.i.d P. Because
given 6,X, Xs,..., X,,; P is distributed as Daﬁzng, the distribution of P given
X1, Xo, ..., X,is obtained by integrating D4+ sx, with the conditional distribution
of # given X1, Xo, ..., X,,.

For simplicity let ©= R let u be the prior on © with density fi; for each 6, ay
is a finite measure on R with density @y with respect to Lebesgue measure. Using
equation (3.12) the joint density of 6 and X1, Xo, ..., X, is

[1; @o(x;)" (e; — 1)!

[i(0 3.15
MO @ (3.19)
The conditional density of 6 given X7, Xs,..., X, is thus
()i (e — 1)!
C(x1, 2, .. . ,xn)ﬂ(ﬁ)H’ ole;) (¢ = 1) (3.16)

(g (R))l"
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If the “true” distribution F, is continuous then with probability 1, the I;s are all
equal to 1 and the conditional density becomes

- ooy L1 a(0) ()
C(z1, T2, ..., o) f(0) s (3.17)
(a(6)(R))M
Newton et al. [137] provides an interesting heuristic approximation to Bayes esti-
mates in this context.

3.3 Polya Tree Process

Polya tree process are a large class of priors that include Dirichlet processes and
provide a flexible framework for Bayesian analysis of nonparametric problems. Like
the Dirichlet, Polya tree priors form a conjugate class with a tractable expression for
the posterior. However they differ from Dirichlet process in two important aspects.
The Polya tree process are determined by a large collection of parameters and thus
provide means to incorporate a wide range of beliefs. Further, by suitably choosing the
parameters, the Polya tree priors can be made to sit on continuous, even absolutely
continuous, distributions.

Polya tree priors were explicitly constructed by Ferguson [62] as a special case of tail
free processes discussed in the Chapter 2. A formal mathematical development using
De Finetti’s theorem is given in Mauldin et al. [133], Lavine [118, 119], indicates
the construction and discusses the choice of various components that go into the
construction of Polya tree priors. Here we briefly explore the properties of Polya tree
priors. The basic references for these are Ferguson [62], Mauldin et al. [133] and
Lavine[118, 119].

3.3.1 The Finite Case

The construction in this section is a special case of the discussion in Section 2.3.1.
To briefly recall, let X = {z1,22,...,2o1}. Let By = {z1,29,..., 2001} and By =
{Zgk-1,..., 2o } be a partition of X'. For any j let E; stand for all sequences of 0s and
Is of length j and £ = U,<; F;. For each j < k, we consider a partition {B.:ec€ E;}
of X such that By, Be is a partition of B,. If € € Ey, clearly B, is a singleton.

Definition 3.3.1. A prior IT on M(X) is said to be a Polya tree prior with pa-
rameter o = {a : € € E}} if o > 0 and

(i) {P(Bew|Be): €€ E;_,} are all independent and
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(ii) P (Beg|Be) is a beta(ag, o) random variable
when € = @) take, P (Bg|B.) to be P (Bg). (i) and (ii) uniquely determine a II, for
if x = B ey, then

P(flj) = 6162 Sk H P 6162..4657'10‘B€1€2m6171) H (P (Belegu.e,y,11|Belég,m6i,1))
2:6;=0 1:€,=1
(3.18)
Because
P (861762,...,67;,11|B€1,62,...,€L,1) =1-P (Bel,eg,...,ei,10|Bel,ez,...,ei,l)

{P(Bw|B.) : € € E;_,} determines the distribution of P(x).

Suppose IT is a Polya tree prior on M(X) and given P, X is distributed as P. For
any « let €y (x) = 0 if # € By and 1 otherwise, and let e,(z) = 0 if 2 € B (2)...c, 1 (x)0
and 1 otherwise. The joint density of P and X is given, up to a constant, by

H [P(BzolBg)]aé[VI [1_ ( 60|B H P 6O‘B H (1_P<B§0|Bg))

e€E} ite;(2)=0 iei(w)=1
= T 1P (Bul B [1 = P (Buo| B
ecE}
where

, {1+o¢6 if z € B,
Q. = - -

Qe otherwise

We summarize this discussion as the following theorem

Theorem 3.3.1. If the prior on M(X) is PT(«) where a = {a. : € € E}} and if
gwen P, X1, Xs,..., X, are i.i.d. P, then

(i) the posterior distribution on M(X) given X1, Xa,..., X, is a Polya tree with

parameters {ae x, x, 1€ € Ef} where

,,,,, X,
n

Qe X1,X5,...Xn = Qet E :IBg(X
1

(ii) the marginal distribution of X is given by

k

Uey (z)e2()...6;(x)
Pr{X =z} !
1:[ ey (2)ea(z)...ei1(2)0 T Xeq (2)ea()...ei1 (z)1
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and the predictive distribution of X,11 given X1, Xo, ..., X, is of the same form
with o, replaced by ce x, x5,...X,-

To prove (ii), Pr(X = [ P(x) ) and is the integral of the terms in (3.18).
The components in the product are 1ndependent beta random variables and a direct
computation yields the result.

The distribution of X7, Xs, ..., X,, defined via Theorem 3.3.1 can be thought of as
a Polya urn scheme, though not as easy to describe as that for a Dirichlet. This is
done in Mauldin et al. (92) and we refer the interested reader to their paper.

Remark 3.3.1. The assumption that X contains 2* elements and that partitions
are into two halves is not really necessary. All we need is Il_ = {B. : € € E;} for
i=1,2,...,k be a nested sequence of partitions. The equal halves can be relaxed by
allowing empty sets to be in the partition and setting the corresponding parameter
to be 0.

Remark 3.3.2. The form of the posterior distribution shows that X and the vector
{P(Bew|B) : € € E;} are conditionally independent given {/p, : € € E;}.

332 X =R

Motivated by the X is finite case, we define a Polya tree prior on M(R) as follows:
Recall that E; is the set of all sequences of Os and 1s of length j and E* = U; Ej is
all sequences of 0s and 1s of finite length. Also E is the set of all infinite sequences
of 0s and 1s.

Definition 3.3.2. For each n, let T, = {B. : € € E,} be a partition of R such that
for all € in E*, By, Be is a partition of B,.

Let a = {a6 : € € E*} be a set of nonnegative real numbers.

A prior IT on M (R) is said to be a Polya tree (with respect to the partition T =
{T:}n>1) with parameter « , denoted by PT(«), if under II

1. {P(Bw|B) : € € E*} are a set of independent random variables
2. for all € € E*, P(By|B.) is beta(ae, e1)-

The first question, of course, is do such priors exist? We have already discussed this
in Chapter 2.

Theorem 3.3.2. A Polya tree with parameter o = {a. : € € E*} exists if for all

ee b*
o o o
< < ) < <2 ) < — > .=0 (3.19)
Qo + Q1 Qe + el Q000 T Q001
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( Q10 ) < Q110 > -0
a0 + a1y o110 + Q111

Proof. This is an immediate consequence of Theorem 2.3.5 . We noted there that if
we set Y = P(By), Y, = P(By|B,) then {Y; : ¢ € E*} induces a measure on M (R)- if
it satisfies the continuity condition

and

Y Y Ye00 - .. = 0 almost surely

Because [[} Y. is decreasing in n and bounded by 0 and 1, this happens iff
E(T1} Yeo..0) = 0. The Y, are independent beta random variables and the condition
translates precisely to (3.19). O

Marginal distribution of X Let P~ PT'(a) and given P, X be distributed as P and
let m be the marginal distribution of X. Because the finite union of sets in
UnT,, is an algebra it is enough to calculate m(B,) for all € in E*.

Ife=e€e... 6,

WL(X S Belez...,ek) =F H P (Belez...e,;_lel Belfg...ei_l)
i<k—1
= H }/'61624»-61‘71 H (l - }/—5152---61'—1) (320)
{i:¢,=0,i<k—1} {i:;=1,i<k—1}

The factors inside the expectation are independent beta random variables, and

hence we have
k
_ H aeleg...ez
1

O‘elfg...eiO + aeleg.uql

Theorem 3.3.3. Suppose that X is distributed as P and P itself has a PT («) prior.
Then the posterior distribution of P given X is PT(ay), where ay = a + I, (X).

Based on the corresponding result for the finite case, it is reasonable to expect the
posterior to be PT(ay ). In fact the posterior distribution of { P(B,) : € € E,, } given X
is same as the posterior of {P(B.) : € € E,} given {Ip_(X) : € € E,}. The calculation
in the finite case done in the last section shows that this posterior distribution is a
Polya tree with parameters {o,x = a. + I, (X) : € € UTE;}. The proof is completed
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by recognizing that posterior distributions of {P(B,) : € € E,, : n > 1} determine the
posterior distribution IT(-|X).
Repeatedly applying the last theorem we get the following.

Theorem 3.3.4. If PT(«) is the prior on M(R) and given P; if X1, Xa,..., X,
are i.i.d. P, then the posterior distribution of P given X1, Xs, ..., X, is a polya tree
with parameter ay, x,  x, where

Predictive distribution and Bayes estimate

It is immediate from the last two properties that if X, X, ..., X, arei.i.d. Pgiven P,
and Pis has PT(«) prior, then the predictive distribution of X, given X, X5,..., X,
is

P{Xn+1 S Beleg...ek}
e + 30 Ip, (Xi) Qe + 31 I o (Xa) Qe + 200 I, (XG)
Qg + aq +n ael() + aell + nq ce ael...ek,lo + ael...ek,ll + nq...ek,l

where n, is the number of X;s falling in B..

In view of the calculations done so far, P = F(P|X;, Xs,...,X,) is the measure
satisfying
Qepey + 200 Iy, (X0)

aEl...Ej() + ael...EJI + nel...ej'_l

k
p(B6162~~5k) = H
1

Like the Dirichlet, here also the posterior is consistent. Formally, we have the
following theorem.

Theorem 3.3.5. Let P be distributed as PT(a) and given P, let X1, Xs,..., X,
be i.i.d. P. Then for any P,, as n — oo, the posterior

x,) = 0p, weakly a.s Py

.....



3.3. POLYA TREE PROCESS 119

The result would follow as a particular case of a more general theorem proved later
for tail free priors. However one can give proof along the same lines as that for the
Dirichlet process and follows from the following lemmas.

Lemma 3.3.1. Let ay, = Ey (p), where Ey,, is the expectation taken under PT(w,,)-
If {&,, : m € M} is tight, then so is {PT(a,,) :m € M} .

Proof. Easily follows from corollary to Theorem 2.5.1 O
Lemma 3.3.2. If a,, — Py and if for all e € E*,
£(P(BJIPT(a,)) = £ (P(B.)lor, ))
then PT(q,,) converges weakly to dp, .

Proof. The tightness of o, ensures that PT(a,,) has a limit point. This limit point
can be identified as dp, using calculations similar to Theorem 3.2.6. O

To prove the theorem, let Q@ = {w : 1/n> [ I (X;) — Py(B.) for alle € E*}.
Py(2) = 1, and further for each w € Q it is easily verified that a, = acx, x,,.. X, ()
satisfies the assumptions of the Lemma 3.3.2.

Support of PT(«a )

Our next theorem is on the topological support of PT(«). Recall that the support is
the smallest closed set of PT(a) measure 1. Here we assume that {a. : € € E*} is a
dense set of numbers and induce a nested sequence of partitions.

Theorem 3.3.6. PT(a) has all of M(R) as support iff a. > 0 for all € € E*.

Proof. The proof follows along the same lines as for the Dirichlet (see Theorem 3.2.4).
O

Mauldin et al. [133] show that, unlike the Dirichlet, we can find a which will ensure
that PT'(«) sits on the space of continuous measures. Because Polya tree priors are tail
free, we can use Theorem 2.4.3 to show that by suitably choosing the partitions and
parameters the Polya tree can be made to sit on, not just continuous distributions but
even absolutely continuous distributions. The theorem is an application of Theorem
2.4.3 to Polya tree processes. The proof is just a verification of the conditions of
Theorem 2.4.3.
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Theorem 3.3.7. Let A be a continuous probability measure on R with distribution
function . Define Beey..c; = XY S g+ %) If Qeyen.c; = @iy and > a; ' < 00
then PT(a)(L(N\)) = 1.

In particular when o e,. ; = i2, the polya tree gives mass 1 to probabilities that are
absolutely continuous with respect to A.

A few concluding remarks about Polya tree priors: The Polya tree prior depends on
the underlying partition 7 = {7, }n>1 and is tail free with respect to this partition.
In fact a prior which is tail-free with respect to every sequence of partitions is, except
for trivial cases, a Dirichlet process [ Doksum [48]].

We have seen that Polya tree priors, unlike the Dirichlet, can be made to sit on
densities. One unpleasant feature of this construction is that absolute continuity of P
is ensured by controlling the variability of P around the chosen absolutely continuous
A. We have seen that for the Dirichlet the prior and posterior are mutually singular.
Dragichi and Ramamoorthi [56] have shown that if the parameters are as in the
Theorem 3.3.7, then the posterior given distinct observations is absolutely continuous
with respect to the prior.

Lavine suggests that, if the prior expectation is F', then the partitions of the form
F71(37€,/28, 5 €;/2" 4+ 1/2%) would be appropriate. For then the ratios

ael62..461_10/(a6162u.6¢_10 + aelegmei_ll) = ]-/2

and this would ensure that the marginal of X is F', which may then be treated as
a “prior guess” of the “mean” of the random P. As to the magnitude of the ags
(as distinct from their ratios), their role is somewhat similar to that of «(R) for the
Dirichlet, except that the availability of more parameters introduces more flexibility.
It is expected that for moderate k a choice of the magnitude would be on the basis
of prior belief and for higher k, a conventional choice would be made. A conventional
choice might be to ensure that the prior sits on densities. For example, one may take
Q... = 1/Kk% Lavine [118] has expressed well what the main considerations are; we
refer the reader to his paper.
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Consistency Theorems

4.1 Introduction

We briefly discussed consistency of the posterior in Chapters 1, 2 and 3. To recall,
our setup consists of:

a (unknown) parameter € that lies in a parameter space ©;

a prior distribution II for 8, equivalently, a probability measure on ©; and

X1, Xo, ..., X, which are given 6, i.i.d. with common distribution Fj.

Our interest centers on the consistency of the posterior distribution, and as dis-
cussed in Chapter 1, this is a requirement that if indeed 6 is the “true ” distribution
of Xj,Xs,..., X, then the posterior should converge to g, almost surely. In other
words, as n — oo, the posterior probability of every neighborhood of 6y should go to
1 with P, probability 1.

We noted that posterior consistency can be viewed as

e a sort of frequentist validation of the Bayesian method;
e merging of posteriors arising from two different priors; and

e as an expression of “data eventually swamps the prior”.

In Chapter 1 we saw that when © is a subset of a finite-dimensional Euclidean space
and if # — P, is smooth, then for smooth priors the posterior is consistent in the
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support of the prior. In Chapter 1 we also saw an example showing that inconsistency
cannot be ruled even when © = R.

The example in Chapter 1 may be dismissed as a technical pathology, but in the
nonparametric case inconsistency can scarcely be called pathological. This has led
some to question the role of consistency in Bayesian inference. The argument is that it
is well known that the prior and the posterior given by Bayes theorem are imperatives
arising out of axioms of rational behavior-and since we are already rational why
worry about one more criteria? In other words inconsistency does not warrant the
abandonment of a prior. We would argue that in the nonparametric context typically
one would have many priors that would be consistent with one’s prior beliefs, and it
does make sense to choose among these priors that are consistent at a large number
of parameter values, among which we expect the true parameter to lie.

In the nonparametric context © is M(R) or large subset of it. M(R) has various
kinds of convergence, namely, total variation, setwise , weak, etc. Each of these leads to
a corresponding notion of consistency. The issue of consistency has been approached
from different point of view by [143]. We begin with a formal definition of these.

4.2 Preliminaries

Definition 4.2.1. {II(:| X3, X, ..., X,)} is said to be strongly or Li-consistent at
Py if there is a ©p C 2 such that B§°(Q) = 1 and for w € Qg

H(U|X1,X27...,Xn) — 1

for all total variation neighborhoods of F.
Definition 4.2.2. {II(:| X3, X5, ..., X,,)} is said to be weakly consistent at Py if
there is a Qy C Q such that P§°(Qp) = 1 and for w € Qq
II([]|)(17)(27 R ,Xn) —1

for all weak neighborhoods of Fj.

Before we proceed to the study of consistency, we note that Bayes estimates inherit
the convergence property of the posterior. Recall that we denote X7, X5, ..., X, by
Xh-

PropOSItlon 4.2.1. Deﬁne the Bayes estimate P, (-|Xn) to be the probability mea-
sure P,(A|Xy) = [ P(A) TI(dP| Xy, X, ..., X,) = BE(P(A)|Xy). Then
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1. if {II(-| X1, Xo, ..., X))} is strongly consistent at Py, then || P,—Po|| — 0, almost
surely Fy.

2. If{I1(-| X1, X5, ..., X))} is weakly consistent at Py, then B, — Py weakly, almost
surely Fy.

Proof. By Jensen’s inequality
1P, = Rl < [ 1P~ RI| 1@PIX,)
= [1P= Rl @PX.) + [ [P~ Rl TP,
and if U = {P : ||P — Fy|| < €} then

< I(U[Xy) + I(UX) < €+ of1)

as n — oo. A
A similar argument works for assertion (ii) by considering | [ f dP, — [ f dPy|, f
bounded continuous.
L

It is worth pointing out that the conventional Bayes estimate considered earlier is
a Bayes estimate only for the squared error loss for P(A). The Bayes estimate P(A)
for, say, the absolute deviation loss, will be the posterior median. Unfortunately, the
P(-) so obtained will not be a probability measure.

As far as the prior is on M (R), weak consistency is intimately related to the con-
sistency of the Bayes estimates of F'(t).

Theorem 4.2.1. Suppose Il is a prior on F, the space of distribution functions on
R, and X1, Xs, ..., X, be given F; i.i.d. F. Then the posterior is weakly consistent
at Fy, iff there is a dense subset Q@ of R such that fort in @

(i) lim E(F(t)|Xyn) = Fo(t); and

n—oo

(i4) lim V(F(1)|X,) = 0.

Proof. If (i) and (ii) hold, it follows from a simple use of Chebychev’s inequality that
for every t in Q,
II((F(t) — Fo(t)] < 0)|Xn) = 1 as Fy
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and hence it follows that
I((F(t;) — Fo(t:)] < 0|Xy) for 1 <i<k)—1asF

By Proposition 2.5.2; any weak neighborhood U of F{ contains a set of the above
form for a suitable 6. Hence II(U|X,) — 1 a.e. Fp.

On the other hand, if the posterior is weakly consistent, then it is easy to see that
(i) and (ii) hold for any ¢ that is a continuity point of Fy. O

Since strong consistency is desirable, it is natural to seek a prior II for which the
posterior would be strongly consistent at all P in M (R). Such a prior can be thought
of as more diffuse than priors that do not have this property. However such a prior
does not exist. If it did, the corresponding Bayes estimates, by the last Proposition
4.2.1, would give a sequence of estimates of P that is consistent in the total variation
metric and such estimates do not exist [41]. On the other hand the Dirichlet priors
considered earlier provide an example of a prior that is weakly consistent at all P.
We note that Doob’s theorem is applicable also to strong consistency.

If U is a neighborhood of Py with prior probability 0, then any reasonable version
of the posterior will assign mass 0 to U and consequently it is unreasonable to expect
consistency at such a F,. Thus it is appropriate to confine the search for points of
consistency to the (topological) support of the prior.

4.3 Finite and Tail free case

When X is a finite set, M (X) is a subset of the Euclidean space, and all the topologies
coincide on M(X) , and we have the following pleasing theorem. This theorem can
also be proved from Theorem 1.3.4. Here is a direct proof that in a way is related to
the Schwartz theorem discussed later in this chapter.

Theorem 4.3.1. Let II be a prior on M(X), where X = {1,2,...,k}. Then the
posterior is consistent at all points in the support of II.

Proof. Let
V={P:||P- P <}

be a neighborhood of F.
e e 1 (ni/m) log(Po 0)/ P0) T ()

I(Ve[X,) =
(V¥e) [, € Sk ns/m) o8(Po(i)/ P&) 4T )
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where n; is the number of X,, equal to i. Writing it as

L(Xa)
]2(Xn>

we will show that
(i) for all 3 > 0, liminf, . e’ I,(X,) = oo a.s Py; and
(ii) there exists a By > 0 such that e"®I,(X,) — 0 a.s F.

condition (i) follows from the strong law of large numbers.
As for (ii)

kni Py(i ni nzn
3 2o o 3 v 43 g 2

which gives
k

k .
. n; Po(i) . n; n;/n
1 —1 =1 —1
B 35 los By = 25 o

If F,, stands for the empirical distribution

b n; n;/n

70

= K(F,,P)

and by Proposition 1.2.2
|Fo — PI* _ (1P = Rol| — [|Fy — Boll)?

K(F,,P) > _
( ) 4 4
If P € V¢ and n is large so that ||F,, — Fy|| < §/2, we have
— §5/2)?
K<FnaP) Z % :50

In other words,
inf K(F,up) > 60 a.s PO

Peve
Consequently
lim "’ 1,(X,) < lim e”ﬁ/ e MR (p) < enP=%0)

n—oo n—oo

which goes to 0 if 5 < dg. The proof of the theorem is easily completed by taking
By < do. O
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When X is infinite, even weak consistency can fail to occur in the weak support
of TI. Freedman [69] provided dramatic examples when X = {1,2,3,...,}. Another
elegant example, due to Ferguson, is described in [65].

Theorem 4.3.2. Fork=1,2,..., let T, = {B.: € € E} be a partition of R into
intervals. Further assume that {T, : k > 1} are nested. If 11 is a prior on M(R) ,
tail free with respect to {T, : k > 1} and with support all of M(R) then (there exits
a version of ) the posterior which is weakly consistent at every P.

Proof. By Theorem 2.5.2; enough to show that for each n the posterior distribution
of {P(B,) : € € E,} given X,, converges a.e. Py to {Py(B,) : € € E,}. Proposition
2.3.6 ensures that the posterior distribution of {P(B,) : € € E,, } given X, X,..., X,,

is the same as that given {n. : ¢ € E,}, where n, is the number of X}, X,,..., X,
in B.. A little reflection will show that we are now in the same situation as Theorem
4.3.1. O

4.4 Posterior Consistency on Densities

4.4.1  Schwartz Theorem

In the last section we looked at priors on M (R). An important special case is when the
prior is concentrated on L, the space of densities with respect to a o-finite measure
1 on R. This case is important because of its practical relevance. In addition this
is a situation when one has a natural posterior given by the Bayes theorem. Our
(conventional) Bayes estimate is the expectation of f with respect to the posterior.

We begin the discussion with a theorem of Schwartz [145]. Our later applications
will show that Schwartz’s theorem is a powerful tool in establishing posterior consis-
tency. Barron [8] provides insight into the role of Schwartz’s theorem in consistency.

Our setup, then, is L, = {f : f is measurable, f >0, [ f du = 1} . We tacitly iden-
tify the p1 equivalence classes in L, and equip L, with the total variation or L;-metric
I|f—gll = [ |f—g| du. Every f in L, corresponds to a probability measure Py, and it
is easy to see that the Borel o-algebra generated by the Li-metric and the o-algebra
By N L, are the same.

Let IT be a prior on L,. Recall that K(f, g) stands for the Kullback-Leibler diver-
gence [ flog(f/g) du. K.(f) will stand for the neighborhood {g : K(f,g) < €}.

Definition 4.4.1. Let fy bein L,. fo is said to be in the K-L support of the prior
IT, if for all € > 0, II(K.(fo)) > 0.
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As before, X1, Xp,... aregiven f, i.i.d. Py. P} will stand for the joint distribution
of X1, X,,...,X, and P for the joint distribution of the entire sequence Xy, Xo, . ..
. We will, when needed, view Pf° as a measure on Q =R>.

Let U be a set containing fy. In order for the posterior probability of U given X,
to go to 1, it is necessary that f, and U° can be separated. This idea of separation
is conveniently formalized through the existence of appropriate tests for testing H :
f = foversus Hy : f € U°. Recall that a test function is a nonnegative measurable
function bounded by 1.

Let {¢,(Xyn) : m > 1} be a sequence of test functions.

Definition 4.4.2. {¢,(X,) : n > 1} is uniformly consistent for testing Hy : f = fy
versus Hy : f € U¢, if as n — oo,

Ejy(¢n(Xa)) = 0
inf £ X 1
flélUc f(¢n( ) —
Definition 4.4.3. A test ¢(X,,) is strictly unbiased for Hy : f = fo versus Hj :
feusif
Epo(0n(Xn)) < Inf Ey(¢n(Xn))
Definition 4.4.4. {¢,(X,) : n > 1} is uniformly exponentially consistent for test-

ing Hy : f = fo versus Hy : f € U, if there exist C, [ positive such that for all

n,

Efo (¢n(xn)) < Ce™
and
inf Ef(pn(Xy)) >1—Ce™
inf E(6a(Xa) 2 1 Ce
The next proposition relates these three definitions. The proposition is itself inter-
esting, and the ideas involved in the proof surface again in later arguments.

Proposition 4.4.1. The following are equivalent

(i) There exists a uniformly consistent sequence of tests for testing Hy : f = fo
versus Hy : f € U°.

(ii) for some n > 1, there exists a strictly unbiased test ¢(Xy) for Hy : [ = fo
versus Hy : f € U°.

(#11) There exists a uniformly exponentially consistent sequence of test functions for
testing Hy : f = fo versus Hy : f € U°.
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Proof. Clearly, (i) implies (ii) and (iii) implies(i). So all that needs to be established
is that (ii) implies (iii).

Consider first the simple case when m = 1, i.e., there exists ¢(X) such that Eg ¢ =
a< inf Erp=1.
feue

Let )
(o +
Ak_{(xlaxb---? k2¢ fy}
Then Pf (Ax) = Pf (3 0(Xi) — kEg¢ > k(y — a)/2), and by Hoeffeding’s inequal-

ity,
E k(v —a k2 (r=a)? —k(y—a)?
PJEO < ¢(XZ) - kEfo¢ > (2)) <e =e 1

On the other hand, for f € U°¢

Pf(Ay) > P} (Z O(X;) — kEsp > k(a;”)

Because o — v < 0, by applying Hoeffeding’s inequality to —¢, we get

—k(y—a)?

Pf(Ak) >1—e 4

and thus ¢ = 14, provides the required sequence of tests.
To move on to the general case, suppose

Ef0¢m(X17X27 s 7X’m) =a< fleng‘c Ef¢m(X17 XQa s 7Xm) =7

From what we have just seen, if n = km, then there is a set A; with P}f)(Ak) <
e m=e?/Am 1f ke < n < (k + 1)m, then

—nkm('y—a)z

P}’(L] (Ak) <e ndm

—nk(y—a)? —n(y—a)?
< e GtIm < e sm

Thus, setting 5 = (7 — «)?/8m, we have the exponential bound for ¢,, = I4, with
respect to Py,. A similar argument yields the corresponding inequality for finUf Pi(Ay).
cue

O

Corollary 4.4.1. Let v be any probability measure on U¢. When there is a ¢n(Xy)
such that Em¢y(Xn) < Ce™ and infrepe Er¢n(Xa) > 1 — Ce ™, we have || fo —
[ £ vdf)l] > 2(1 — 2Ce 8, where f* is the n-fold product density [} f(x:).
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Theorem 4.4.1 (Schwartz). Let IT be a prior on L,. If fo € L,, and U satisfy
(i) fo is in the K-L support of lland

(ii) there exists a uniformly consistent sequence of tests for testing Hy : f = fo
versus Hy : f € U¢,

then II(U| X1, X,y ..., X)) = 1 a.s P

Proof. Because

Jue 11 £( ) nd) Il 4 fo 1I(df)
fL” IT7 f( (df) fL H1 fo(X I(df)

it is enough to show that the last term in this expression goes to 0 a.s. Pp°.
We will show in Lemma 4.4.1 that condition (i) implies

(U)X, Xs, ..., X)) =

Xi)

for every 5 > 0, hm 1nf e”ﬂ/ [I(df) = oo a.e. Py’ (4.1)

Ly

By Proposition 4.4.1, there exist exponentially consistent tests for testing f, against
U¢. Using these we invoke Lemma 4.4.2; by taking V;,, = U® for all n to show that

for some [y > 0, hm e / H f I(df) = 0 a.e. P’ (4.2)
e 0

By taking 8 = [y in (4.1) it easily follows that the ratio in (4.4.1) goes to 0 a.e. [
Lemma 4.4.1. If fy is in the Kullback-Leibler support of 11 then

for every 3 >0, hm 1nf e”ﬂ/ H

loe]
=00 a.e.Pfo

f 0
Proof.

- f(X)) — S log 20.(X))
II(d 1
/Lu H fo(X3) = /Ke<fo) ‘ f

For each f in K (fy), by the law of large numbers

fo

1
log
f

(Xi) = —K(fo, ) > —e as Py
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Equivalently, for each f in K.(fo)

(2R lor PO0) o g Py (4.3)
Hence by Fubini, there is a {2y C 2 of Pg® measure 1 such that, for each w € €, for
all fin K.(fo), outside a set of II measure 0, (4.3) holds. Using Fatou’s lemma

n2e n2e - f(X)
liminf e /Hfo II(df) > liminf e /K(fo) L) I1(df)
Z/ (22 Tlog B (X)) 1p T1(df) — oo

Ke(fo)

We will state the next lemma in a form slightly stronger than what we need

Lemma 4.4.2. If there exist tests ¢,(X,) and sets V,, with liminf, II(V,) > 0
such that for some 8 > 0,

Efo ¢n(Xn) < Ce_nﬁ
and

1 f E (5 > 1 - —nB
flev ! "( n) - Ce
then

for some By > 0, hm e”ﬁo/ I(df) =0 a.e. P{;
Vo

zn) = (1/I(V, fvn [ 17 f(Xi) TI(df). Denoting by A(fg', ¢.)
f \/Hfo(Ii)\/m d,u, by Corollarlcs 44.1 and 1 2 1, thereis 0 < r < 1 such that

/ P — (Q 2 .
O ’ Qn || H < 2Ce™™
Thus

Proof. Set q, (1, xa,

(Xn) —nr  _ pn qn(Xﬂ) 6—n% e %6 nr
il thce = }PfO{ folX) = }SQC

An application of Borel-Cantelli yields

n X‘ —nr o)
l_q[JEo( )) <e a.s Pf0
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and we have ) ")
s | LU T(df) = 0 as PR
(V) v, ITT fo(X3) fo

Since liminf II(V;,) > 0, we have the conclusion.

O

Remark 4.4.1. The role of the assumption that f; is in the Kullback-Leibler support
is to ensure that (4.1) holds. Sometimes it might be possible to verify it by direct
calculation without invoking the K-L support assumption. We will see an example of
this kind in the next chapter.

Let fy be in the K-L support of II. In order to apply the Schwartz theorem, we
need to identify neighborhoods of f; for which there exists a uniformly consistent test
for Hy: f= fovs Hy: f € U°.

Let U be a weak neighborhood of the form

U= /fdP — /fdPo < ¢, f bounded continuous (4.4)

Because f is bounded, by adding a constant we make it nonnegative and multiplying
by a positive constant we can make 0 < f < 1. Then U has the same expression in
terms of this transformed f, with perhaps a different e. Now f is a test function and
which separates Py and U°¢. Thus for neighborhoods of the form displayed we have an
unbiased test and consequently a uniformly consistent sequence of tests for

HOIP:PO H12P€Uc

For any test function f , | [ fdP — [ fdP| < € iff [ fdP — [ fdPy < € and
J(@ = f)dP — [(1— f)dPy < e. In other words U ={P : | [ fdP — [ fdP| < €} can
be expressed as intersections of sets of the type in (4.4).

Theorem 4.4.2. Let I be a prior on L,. If fo is in the K-L support of II, then
the posterior is weakly consistent at fy .

Proof. WU ={P:| [ f;dP — [ fidPy| < ¢ :1<1i <k} then

U =P |/fidP—/fz-dPo\ <&

Hence it is enough to show that the posterior probability of each of the sets in the
intersection goes to 1 a.s fo. By the discussion preceding the theorem, {P : | [ f;dP —
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| fidPy| < €} is an intersection of two sets of the type displayed in (4.4). Since the
Schwartz condition is satisfied for these sets

(U|X1, Xa, ..., X,) — 1 as P,

Further, using a countable base for weak neighborhoods, we can ensure that almost
surely Ppe, for all U, TI(U| X1, Xa, ..., Xp) — 1. O

If we have a tail free prior on densities, like a suitable Polya tree prior, then we do
not need a condition like “fy is in the K-L support of IT” to prove weak consistency of
the posterior. On the other hand, consistency is proved for a tail free prior by using
a Schwartz like argument for finite-dimensional multinomials, which tacitly uses the
condition of f; being in the K-L support. See also the result in the next section that
establishes posterior consistency without invoking Schwartz’s condition.

Applications of Schwartz’s theorem appear in Chapters 5, 6 and 7.

4.4.2  Li-Consistency

What if U is a total variation neighborhood of f,? LeCam [122] and Barron [7] show
that in this case, if fy is nonatomic, then a uniformly consistent test for Hy : f = fy
versus Hy : f € U° will not exist.

Barron investigated the connection between posterior consistency and existence of
uniformly consistent tests. The next two results are adapted from an unpublished
technical report of Barron. Some of these appear in [8].

Proposition 4.4.2. Suppose for some 3y > 0, I(W,) < Ce ™. If fy is in the
K-L support of II then
(W, |Xp) = 0 a.s.PF

Proof. By the Markov inequality

{ /W n (df) > ﬁ}

n

f
s J(x. ) p(dxy, dzs, . .., do,

= [ i

< "B e—mbo
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and if 6 < Gy
n f B '
P / ||in I(df) >e ™ io p =0
fo { — f0< ) ( f)

By Lemma 4.4.1, for all § > 0,

e ﬂ/LN 1:[ X II(df) = oo a.s Ppy.

The argument is now easily completed. O

Theorem 4.4.3 (Barron). Let IT be a prior on L,, fo in L, and U be a neigh-
borhood of fo . Assume that TI(K.(fy)) > 0 for all e > 0. Then the following are

equivalent.

(i) There exists a By such that
Py AU X1, Xa, ..., X)) > e " infinitely often} = 0
(11) There exist subsets V,,, W, of L,,, positive numbers ci,cz, 51,52 and a sequence
of tests {dn(Xn)} such that

(a) Uc C V, UW,,
(b) TH(W,,) < Cre™", and
(¢) Pp{on(Xa) > 0 infinitely often} =0 and
infrey, Efgn > 1 — coe 52,
Proof. (i) = (ii): Set S, = {(33'17[1?2, cos ) IL(U ey, 2y - ooy y) > e’"ﬁ“} and
gbn = ISn' Let ﬁ < 60
Vo ={f:PyS,)>1—e "}
W, ={f:Pp(S) >e™}nU°
By assumption Pp° {¢n = 1 infinitely often } = 0 and by construction

inf Epp, >1—e ™
fléan 13 e
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Now,
I(W,) =IL({f: P(S;) > e ™} NU")
<e [ py(ss) i)

and by Fubini
= e"ﬁ/ 7 (U°|%Xn) dAn(Xn)
S5
< enﬂe—nﬁg _ e—n(ﬁo—ﬂ)

where )\, is the marginal distribution of Xj,.

(U X,) = U NV, Xy) + TN, |X,)
Since W, has exponentially small prior probability, by Proposition 4.4.2
(W, |Xp) = 0 as Pp
The proof actually shows that for some 3y > 0, writing i.0. for ”infinitely often”
PRAII(W,[Xy,) > e ™ io0 } =0
Because II({U° NV, |X,) < T(V,|X,), it is enough to show that, for some 8 > 0,
PRAI(V,|Xpn) > e ™ io } =0

Now

(Vo] Xn)
= ¢n(Xn)H(Vn|Xn) + (1 - ¢n(Xn))H<Vn|Xn)

Since Pe{¢, > 01i.0. } =0, for any 3 > 0, P{¢,I1(Vo|Xy) > 01i.0. } =0.
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For any 3 an application of Markov’s inequality and Borel-Cantelli lemma shows

that
{/ Hf :Cl ¢n(xn))>enﬂ}
: enﬂ/n /v H%(fci)(l = 0n(xn)) TI(df) Hfo K" (dxn)
_ o / E;(1 - ¢,) TI(df)
< 671302;—”/52
and if § < [y

{/ TI(df)(1 — ¢n(xn)) > e ™ i0 } =0.
Vo

As before by Lemma 4.4.1 for any 3,

e’ II(df) — oo a.s P5°.
~/LHHf0 fo

The argument is now easily completed. O

This last theorem can be used to develop sufficient conditions for posterior con-
sistency on Lj-neighborhoods. Barron, Schervish and Wasserman [5] provide such a
condition using bracketing metric entropy. Motivated by their result, we prove the
following.

Definition 4.4.5. Let G C L,,. For § > 0, the L;-metric entropy J(6,G) is defined
as the logarithm of the minimum of all n such that there exist fi, fo,..., fn in L,
with the property G C UT{f : || f — fill <}

Theorem 4.4.4. Let II be a prior on L,. Suppose fo €L, and II(K(fo)) > 0 for
all € > 0. If for each € > 0, there is a § < €, ¢1,c2 >0, B < €2/2, and F,, C L, such
that, for all n large,

1. H(]:TCL) < Olein/gl,
2. J(0,F,) <nf,
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then the posterior is strongly consistent at fj.

Proof. Let U = {f : ||f—foll < €}, Vi, = F,NU®, and W,, = F<. We will argue that the
pair (V,,, W,,) satisfy (ii) of Theorem 4.4.3. Here U¢ C V,,UW,, and II(W,,) < c;e~ "1,

Let g1, 9o, .., g% in L, be such that V,, C U¥G; where G; = {f : ||f — g < ¢}
Let f; € V, N G;. Then for each i = 1,2,...,k, ||fo — fi|| > € and if f € G;, then
[ fo— fll > e—0. Consequently for each i = 1,2, ..., k, there exists a set A; such that

P (A) =caand Pr(A)=v>a+e

Hence if f € G;, then Pr(4;)) >v—6 >a+e—0.

Let
B; = {(xlam%-- :L'n . ZIA (E] ’Y+a)/2}

A straightforward application of Hoeffedmg s inequality shows that
Pyy(B;) < exp[—ne®/2]

On the other hand, if f € G;,

Py(B;) > {;Zn:l&l‘] ~P(A) > (27)+5}

(A) > _76 + 5} (4.5)

vV
——
3\
-

=
=

Applying Hoeffeding’s inequality to —n~! Z?zl I4,(x;), the preceding probability
is greater than or equal to

1 — exp[—(n/2)(¢/2 = 6)*]

If we set
¢n(X17X2, e 7Xn) = 1n<1ax IB (Xl,X27 e aXn>
then
Eyon < kexpl-né/2)
and

jnf Eyén = 1 = expl=(n/2)(¢/2 = 0)’]
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By choosing logk < J(8,F,) < nf, we have E; ¢, < exp|—n(e?/2 — 3)]. Since
B < €2/2, all that is left to show is

Pj,{¢n > 0 infinitely often} =0

This follows easily from an application of the Borel Cantelli lemma and from the fact
that ¢, takes only values 0 or 1. O

This last theorem is very much in the spirit of Barron et al. [5]. Their theorem is in
terms of bracketing entropy. If G C L,,, for ¢ > 0, the L;-bracketing entropy J;(4,G)
is defined as (here we use a weaker notion that suffices for our purpose) the logarithm
of the minimum of all n such that there exist g1, go, . .., ¢, satisfying

2. for every g € G there exists an i such that g < g;.

We feel that in many examples the L; entropy is easier to apply than bracketing
entropy.

4.5 Consistency via LeCam’s inequality

It is of technical interest that one can prove posterior consistency without assuming
that the prior is tail free or satisfies the condition of f; being in the K-L support. An
inequality of LeCam [121] is useful to do this.

Let IT be a prior on M(X). For any measurable subset U of M (X), let Ay be the
probability measure on X’ given by

We will let A stand for the marginal on X.
If given P, X ~ P, and II(U|X,,) is the posterior probability of U, then

B (V) dAy
() =) Gy o= () dAy + (0

<E)d>\()ifVCUC

\_/
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[1ir~ [ 1aq
where of course Bs and fs are measurable.

Lemma 4.5.1 (LeCam). Let U,V be disjoint subsets of X. For any Py and any
test function ¢

Also recall that the Li-distance satisfies

[P = Q| = 2sup|P(B) = Q(B)| =2 sup
B 0<f<1

/H(V|x)dPo(:c) < |1Py — Aull -I-/(bdpo + ?{82/(1 — ¢)dA\y (4.6)
Proof.
/ 2)dPy(x / ()TI(V]a)dPy(x) + / (1 - 6(@)TI(V]x)dP(x)

adding and subtracting /(1 — ¢(2)II(V]z)dAp(x)
< [ o) + [ Ja—otopnwiman - [0 - oy )dAUm}
" / (1 = STV |r)dAo ()
)

/¢ (V]2)dPo(z) + | Po — M| + @/a Gy

where the first term comes from observing
0<II(V]z) <1

and the second from
0<(1=9)(@)(V]r) <1
The third term follows by noting that

H(Vl]z) < (I(V)/TLU))(dAv /dv)
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Our interest is when V' is the complement of a neighborhood of P, and we have
X1, Xo, ..., X, which are given P, i.i.d. P. If U, NV = ) and ¢, are test functions,
then we can write LeCam’s inequality as

(v
V%0 < 175 =23, + [ onarg + 10 [0

where of course P" is the n-fold product of P and A}, = (f,, P"dII(P))/IL(U).

Theorem 4.5.1. Let Ul = {P : |Py — P|| < &/n}. If for every &, {II(US) : n > 1}
s mot exponentially small, i.e.,

for all 3> 0,e"TI(US) — oo (4.7)

then the posterior is weakly consistent at Py
Proof. Tt is not hard to see that
|Po— P|| <o/n=|Py—P"|<9d

Consequently the first term goes to §. Since for any weak neighborhood we can choose
an exponentially consistent test ¢, for testing Hy : f = fo against H; : f € V¢, and
by assumption for all 3 > 0,e™II(U?) — oo, it is not hard to see that the third term
goes to 0. Because ¢ is arbitrary, the result follows. O

Remark 4.5.1. By Proposition 1.2.1, ||P — Q| < 2H(P, Q). Hence Theorem 4.5.1
holds if we take U = {P : H(Py, P) < §/n}

Suppose (4.7) holds and V;, are sets such that for some 3y > 0, I1(V,,)e™ — 0; then
choosing ¢, = 0 it follows easily that I1(V,| Xy, Xs,...,X,) — 0. In other words, we

have an analog of Proposition 4.4.2. Consequently, we also have an analog of Theorem
4.4.4.

Theorem 4.5.2. Let Il be a prior on L,. If for each € > 0, there is a § < ¢,
c1,02 >0, B<€2/2, and F, C L, such that for all n large,

1. TI(FE) < Cre ™ and
2. J(6,F,) <np
Further if with US = {P : ||Py — P|| < §/n},
for every §, for all B> 0,e"’TI(U?) — oo

then the posterior is strongly consistent at fy.
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Density Estimation

5.1 Introduction

As the name suggests, density estimation is the problem of estimating the density of a
random variable X using observations of X. In this chapter we discuss some Bayesian
approaches to density estimation.

Density estimation has been extensively studied from the non-Bayesian point of
view. These include many methods of estimation starting from simple histogram
estimates to more sophisticated kernel estimates, estimates through Fourier series
expansions, and more recently wavelet-based methods. In addition, the asymptotics
of many of these methods, including minimax rates of convergence are available. There
are many good references; Silverman [151] and Van der Vaart [160] provide a good
starting point.

Consider the simple case when the density is to be estimated through a histogram.
Important features of the histogram are number of bins, their location and their width.
In order to reflect the true density, these features of the histogram estimate need to be
dependent not just on the number of observations but on the observations themselves.
The need for such a dynamic choice has been recognized and there have been many
reasonable, ad hoc, prescriptions. This issue persists in one form or another with the
other methods of estimation such as kernel estimates. The Bayesian approach, via
the posterior provides a rational method for choosing these features.
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In this chapter we discuss histogram priors of Gasperini and mixtures of nor-
mal densities which were introduced by Lo [130] and further developed by Escobar,
Mueller and West [ [168],[59] and [170]]. Gaussian process priors developed by Leonard
[[126],[127]] and studied by Lenk [125] are some what different in sprit and are also
discussed. See also Hjort [98] and Hartigan [94].

Consistency is dealt with at some length for the histogram and the mixture of nor-
mal kernel priors. These partly demonstrate different techniques to show consistency.
For the priors on histograms direct calculation is easier than invoking the Schwartz
theorem whereas for the mixture of normal kernels Schwartz’s theorem is a conve-
nient tool. This chapter is beset with long computations. To an extent they are both
natural and necessary.

5.2 Polya Tree Priors

A prerequisite for Bayesian density estimation is, of course, a prior on densities.
Since the Dirichlet process and their mixtures sit on discrete measures, these are
clearly unsuitable. On the other hand we have saw in Chapter 3 that by choosing
the parameters appropriately we can get Polya tree priors that are supported by
densities. Since the posterior for these priors involves simple updating rules, it is
natural to consider Polya trees as a candidate in density estimation.

Recall that if we have a Polya tree with partitions {B,: ¢ € E; : j > 1} and pa-
rameters {a. : € € Ef} : k > 1}, the predictive density at x is given by

= lim H )\ Xy (2)ea(@)...ci()

k—o00 e1(z)ea(z ez(:ﬂ)) ael(z)ez(z)...ei(z)o + asl(z)eg(z)...ei(z)l

where €;(x) = 1 if © € Be(2)es()...c; () and 0 otherwise.

If Xy =z is observed and x1 € By ¢, ¢ for a sequence (€,¢€5,...) of Os and 1s,
and if € and € differ for the first time at the (5 4 1)th coordinate, then the predictive
density a(z|X; = x1) is

CM(JJ|X1 = xl ﬁ ey (2)ea(x)...e;(x) +1
1 /\ (z)e2(x).. fb(w)) ey (z)ea(x)...€5(z)0 + ey (z)ez(z)...ei(x)1

(oo}

H 1 Qe (@)ex(@)...ci()
(B

i1 MBa@e ). «@) o @@ . «@o T Q@@ . «@1
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As is to be expected the predictive density depends on the partition. While a
general expression for the predictive density given X7, Xs, ..., X}, is cumbersome to
write down, it is clear that sequential updating is possible.

The density estimates from Polya tree priors have no obvious relation with classical
density estimates. Further, the priors lead to estimates that lack smoothness at the
endpoints of the defining partition. Lavine [118] observes that this disadvantage can
be overcome by considering a mixture of { PT(IL(), a(f))} processes, where the par-
titions themselves depend on the hyperparameter . One advantage of the Polya tree
priors is the relative ease with which one can conduct robustness studies; see Lavine
[119].

If we have a prior on densities, as discussed in Chapter 4 the consistency of interest
is Ly-consistency. It is shown in Barron et al. [5] that if a,, = 8", the posterior is L;-
consistent. Such a high value of «, implies that the random Ps are highly concentrated
around the prior guess E(P), so that posterior consistency will be an extremely slow
process. Hjort and Walker [165] have used a some what curious argument and show
that with o, = n?? the Bayes estimate is L;-consistent.

5.3 Mixtures of Kernels

While Polya tree priors can be made to sit on densities, it is not possible to constrain
the support to have smoothness properties. Much before Polya tree priors became
popular, Lo [131] had developed a useful construction of priors on densities. Much of
this section is based on Lo [131] and Ferguson [63].

Let © be a parameter set, typically R or R2. Let K(x,7) be a kernel, i.e..for each
7, K (-, 7) is a probability density on X with respect to some o-finite measure. For any
probability P on O, let

K(z,P)= /K(m,T)dP(T)

For each P, K(-,P) is a density on X and Lo’s method consists of choosing a
mixture K (-, P) at random by choosing P according to a Dirichlet process. These
would be referred to as Dirichlet mixtures of K(-, P).

Formally the model consists of P ~ D, given P; X1, X, ..., X, are i.i.d. K(-, P).

If « = M @&, where & is a probability measure, then the prior expected density is

fo :/K(o,P)Da(dP) :/K(~,T)d(dr)
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It is convenient to view the X, Xs,..., X,, as arising in the following way: P ~
D, given P; 1y, 72,...,T, are i.i.d P and given P, 7, 7o,...,Tn; X1, Xo,..., X, are
independent with X; ~ K (-, 7;).

The latent variables 71, 7o, ..., 7, although unobservable, provide insight into the
structure of the posterior and are useful in describing and simulating the posterior.

A simple kernel would be to take 7 = (i,h) : h >0

K, (1, 1) = T8
With this kernel one gets random histograms.

Another very useful kernel is the normal kernel. Here 7 = (0,0) and K(z,0,0) =
(1/0)¢((x —0) /o) where ¢ is the standard normal density. In this case the prior picks
a random density that is a mixture of normal densities. The weak closure of such
mixtures is all of M(R).

The prior is a probability measure on the space of densities {K (-, P) : P € M(R)}
and so is the posterior given Xi, Xs,..., X,,. For the normal kernel P is in general
not identifiable. It is known from [156] that if P, and P, are discrete measures with
finite support, then K (-, P;) = K(-, ) iff P, = P,. It is easy to see that if P =
N(071) X 5(0700) and P2 = 6(0,\/@)7 then K(,Pl) = K(7P2) = ]\7(07 1 +U§)
Thus in general, P is not identifiable. Identifiability of P when restricted to discrete
measures is still unresolved [63].

If we denote by II(-| X4, X, . . ., X,,) the posterior distribution of P given X1, ..., X,
and by H(:|X1,Xa,...,X,) the posterior distribution of 7, ..., 7, given X,..., X,
then

H('|X17X2, ey Xn) = /]._[('|(7'17.Xv1)7 ey (Tn7Xn))H(dI|X17X27 Ce 7Xn)
Since P and X7, Xs,..., X, are conditionally independent given 7, 7o, ..., Ty,

(| (71, X1), s (s X)) = T(-|(71, 72, 70)) = Do+ Y _ 65,

and
(| Xy, Xo, ..., X3) :/Da+25TiH(dI|X17X27...,Xn)

The evaluation of these quantities depend on H(:| X1, Xo, ..., X,,). If @ has a den-
sity, the joint density &(7q,72,...,7,) is discussed in Chapter 3 (see equation 3.15).
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Recall that if Cy,Cy, ..., Cn(py is a partition of {1,2,...,n} then the density (with
respect to the Lebesgue measure on R¥) at

I:(TlaTQa"'7Tn>:Ti:Ti’yi,i/eCj,j:1,2,...N(P)

is
N(P)

H H1 ]V[—i—z

where e; = #C; and hence the Jomt density of the xs and 7s at

L' (5.1)

I:(TlaTQa--'aTn):Ti:Ti’,i,iIGOj,j:1,27...N(P)
is o
1(—[) a(rj)(e; = D e, K (21, 75)
I [T (M +1)

Consequently, the posterior density of 7 is

177 a(m)(ej = D! Tliee, K (21,75)
Sp ST a(m)(e; = D ee, K (21, 7)d(75)

/< ZKM> (dz| Xy, Xa, ..., X) (5:2)
=% ¥ e~ 1)1 K () T, Kl m)a(n)in

oy (53)
ZPIZI ¢j = D! e, K (20, m5)al(r;)dr;
Since the Bayes estimatef of f is, by 5.2, this reduces to
M
@)+ /(ZK ( Tl) (dz| X1, Xa, ..., X0)
Hence, we have that the Bayes estimate of f is
T n /K x,T)
| K(x, Kz, m)a(r)d
ZW(B)QI (#,7) [Tie, K (1, 7)a(r)dr (5.4)
7 n o [Tlee Kz, m)a(r)dr
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where P = {C4,Cs,...,Cn(p)} is a partition of {1,2,...,n}, € is the number of
elements in C;, and

N(P)
W(P) Z(Dg() H{ — D] K r)a(r)dr}

leC;

The Bayes estimate is thus composed of a part attributable to the prior and a
part attributable to the observations. Since for the Dirichlet, M — 0 corresponds to
removing the influence of the prior, it is tempting to consider the estimate

/( ZKxTz> (dr|X1, Xa,..., X,)

as a partially Bayesian estimate with the influence of the prior removed. Unfortu-
nately, this interpretation is quite misleading. As M — 0 the Bayes estimate (5.4)

goes to
[ K(x,m)a(n) 1] K(zi, 71)dn
f d(Tl) H? K(.Z‘“ Tl)dTl
corresponding to a partition in which all 7; are equal to 7. All other terms have a
power of M and tend to 0. The term (5.5) corresponds to assuming that all the X;s
came from a single parametrized population with density K(z,7) and so is highly
parametrized.

The apparent paradox is resolved by the fact that role of the hyperparameters
depends on the context. Here M decides the likelihood of different clusters and in fact
relatively large values of M help bring the Bayes estimate close to a data-dependent
kernel density estimate. For a penetrating discussion of the role of M, see discussion
by Escobar [66] and West et al. [170].

Clearly to calculate quantities like [ K(x,7)a(d7) it would be convenient if « is
conjugate to K(.,.). Thus if K is the normal kernel a convenient choice for @ is a
prior conjugate to N(7, ). Hence an appropriate choice for & is the inverse normal-
gamma prior, i.e., the precision p = 1/02 has a gamma distribution and given p, 7 is
N(w,1/p). Ferguson [63] has interesting guidelines for choosing the parameters of @
and M.

The expression for the Bayes estimate, even though it has an explicit expression, in-
volves enormous computation. The posterior for Dirichlet mixtures of normal densities
is amenable to MCMC methods. Gibbs methods are based on successive simulations
from one-dimensional conditional distributions of 7; given 7;,j # 4, X1, Xa,..., Xy.

(5.5)
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For a good exposition see Schervish [144] and Chen et al. [32]. The MCMC methods
were developed in the present context by Escobar, Mueller and West ([59], [169],[170]).
A good survey of the issues underlying MCMC issues is given by Escobar and West
in [60].

To implement MCMC one essentially works with the conditional distributions of
7; given 7,7 # 1, X1, X9, ..., X,,, which may be written explicitly from the posterior
distribution of the 7s given earlier or directly [32]. In practice, o has a location and
scale parameter (u, o), which leads to some complications. In the joint distribution
of 7s one replaces & by o, and multiplies by the prior II(u, o). Starting from this,
one can calculate all the relevant posterior distributions needed in MCMC. See also
Neal [135].

Since no explicit expressions are available for the Bayes estimate of f(z), it would
be worth exploring whether approximations like Newton [137] can be developed.

The next issue would be to do the asymptotics. In Section 5.4 we do this for a
slightly modified version of the mixture model. While formal asymptotics is yet to be
done for the priors discussed in this section, we expect that the results and techniques
of the next section will go through with minor modifications.

5.4 Hierarchical Mixtures

This method is a slight variation of the method discussed in the last section.
Let K(z) be a density on R. For each h > 0 consider the kernel Kj(x,0) =
(1/R)K((xz — 0)/h). For any P € M(R), let

Knp= /Kh(xﬁ)dP(Q)
Note that K} p is just the convolution Ky * P. If P ~ D,,, then we get a prior on
Fn = {Kh’p :Pe M(R)}

We now view h as the smoothing “window” and think of h as a hyperparameter
and put a prior u for h. The calculations are very similar to those of the last section
except that we need to incorporate the hyperparameter h.

As before, the observations can be thought of as arising from: h ~ pu, given
h; P ~ D,; given h, P; 01,0,,...,0, are i.i.d. P and given h, P,and 6,05, ...,0,;
X1, X, ..., X, are independent with X; ~ K} (-, 6;).
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The posterior distribution of P given X7, Xs,..., X, is

(| Xy, Xs, ..., Xp)
:/H(~|(h,91,62,...,6’mX17...,Xn))H(d(h,Q)|X1,X2,...,Xn) (5.6)

Because P and X1, X5, ..., X, are conditionally independent given h, 6,60, ...,0,,

T(-|(h, 61,62, ..., 60, X1, X)) = Do+ > _ 0,
and

H<'|X17X27“'7 /DDH-Z(SQ h 9)‘X1:X2a"‘ X)

As before, if p and «y are densities with respect to Lebesgue measure then the
posterior density of (h, 0,05, ...,0,) is given by

w(h)a(6y, 0, . ... 0,) 1" Kn(X; — 6;)
T u(h)a(0y, 0, 0,) T1: Kn(X: — 0;)dhdf

where & is given by 3.15.

An expression analogous to (5.4) for the Bayes estimate can be written. In the
next two sections we look at consistency problems in the case when K gives rise to
histograms and when K is the standard normal density.

Ishwaran [103] has used a general polya urn scheme to model ;s and used these to
construct measures analogous to a prior and established consistency of the posterior.
These are then applied to a variety of interesting problems.

5.5 Random Histograms

In this section we consider priors that choose at random first a bin of width A and
then a histogram with bins (ih, (i+1)h : h € N) where N = {0£1+2...}. Formally,
in the hierarchical model we take © = A and the kernel K (x) = I(o1().

Thus the model consists of, h ~ p; given h; choose P on integers with P ~ D,,
and Xy, Xo, ..., X, are, given h, P, i.i.d. f, p where

frp(z) = Z P}{;}f(zh (i+1)n) ()

1=—00
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One could introduce intermediate latent variables 1, 0, . .. , 6, which are given h, P;
i.i.d. P. However, they are not of much use here because X; completely determines
0;, namely, 6; = j iff X; € (jh, (5 + 1)h].

For each h, let n;, be the number of X;s in the bin (jh, (j + 1)h] and J, = {j :
Njn > 0}

A bit of reflection shows that the posterior distribution of P given h, X1, X, ..., X,
i Doy, +5 n;6;, where d; is the point mass at j.

If w is a density on (0, 00) then the joint density of h and Xy, X5, ..., X, is

p(h) T [o ()] R
MM

where M, = a;,(N) for any positive real x and positive integer k, 2¥ = x(x +
1)...(z 4+ k — 1). Hence the posterior density II(h| X7, Xo, ..., X)) is

O T e .
Jo© () T (e (2)]lmws =t h=nd '
Thus the posterior is of the same form as the prior, with p updated to (5.7) and

ay, updated to o, + > np ;.
Since each D,, leads to the expected density

o) = 32 I 1G4 )

the prior expectation is given by
— [ f@tn

Using the conjugacy of the prior, an expression for the Bayes estimate given the
sample can be written.

A choice of 1 which is positive in a neighborhood of 0 will allow for wide variability
in the choice of histograms and will ensure that the prior has all densities as its
support. If the prior belief leads to the density fy then an appropriate choice of a,
would be

(+Dh
ai) = [ eyt
Jqn

Of course, this choice would lead to a prior expected density, which may not be

equal to fy, but it can be viewed as an approximation to fo.
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5.5.1 Weak Consistency

Gasperini introduced these priors in his thesis and under some assumptions on ay,
showed that if the true fy is not constant on any interval then under the posterior
distribution given X1, Xs,...,X,, h goes to 0, as n — oo. Thus the posterior stays
away from densities that are far from fy. Under additional assumptions on fy, he also
showed that the Bayes estimate of f converges in Ly to fy. In the spirit of Chapter
4 we investigate the consistency properties of the posterior. We confine ourselves to
the case when the random histograms all have support on (0, 00], that is, the case
when P is a probability on Nt = {0,1,2,...}. This restriction is not required but
simplifies the proof of Lemma 5.5.2. Some of the following calculations are taken from
Gasperini’s thesis, but the main ideas of the proof and the main results are different.

The consistency results in this chapter typically describe a large class of densities
where consistency obtains. We saw in Chapter 4 that when we have a prior II on
densities, the Schwartz condition II(K¢,(€)) > 0 for all € > 0 (recall Ky (e) is the €
Kullback-Leibler neighborhood of fy) ensures weak consistency at fo. Thus it seems
appropriate, in the context of histogram priors, that we should attempt to describe fys
which would satisfy Schwartz’s condition. This would entail relating the tail behavior
of fo to the tail behavior of aps. This is to be expected but leads to somewhat
cumbrous and restrictive conditions. It turns out that histogram priors are amenable
to direct calculations that lead to consistency results.

To be more specific, recall that Schwartz’s condition (Lemma 4.4.1) was used to
show that for all G > 0,

s 7f(xl) o0 a.s. PP
/fﬂfo(%)dn(f)% 8. P

Under some assumptions we will establish this result directly. The following propo-
sition indicates the steps involved.

Proposition 5.5.1. Let F be a family of densities. For each h € H, 11}, is a prior
on F; pis a prior on H, i.e., h ~ u; given h; f ~ I}, and given h, f; X1, Xo,..., X,
are i.i.d. f. If for a density fo,

for every g >0

{h enﬁ/ Hfo AT, (f) = o0 a.s. R;;} >0 (5.8)

then the posterior is weakly consistent at fy.
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Proof. Let U be a weak neighborhood of fy and let IT be the prior on the space of
densities induced by p, IT;,. Since we have exponentially consistent tests for testing fo
against U°¢, it follows from Lemma 4.4.2 that for some [,

nBo - f(xl) 00
e / 1:[ fo(Ii)dH(f) — 0 as. Pp

To establish consistency it is enough to show that

n—00 n—00 T

lim inf ™% /FH J{:)((Z)) dII(f) = liminf e /;1:[ J];((‘L:)) dl,(f)du(h)
—00 a.s. PJ?O"
Consider

{(h,x) sz eR® he H: e /FH Jé((fvz))dnh(f) - OO}

By assumption for h in a set of positive 1 measure, the h— section of £ has measure
L under Pg°. By Fubini there is a /' C R, P(F) = 1 and for z € F, the z— section
of E has positive u measure and for each z € F' by Fatou

du(h) = oo

Assumptions on the Prior (Gasperini)

(i) p is a prior for h with support (0, co).
(i) For each h, ay, is a probability measure on N, and for all h, ay(1) > 0.

(iii) For each h, there is a constant K} > 0 such that

an(j) -
M K for j=0,1,2...
ozh(j—i-l) h J
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Theorem 5.5.1. Suppose that the prior satisfies the assumptions just listed. If fo
s a density such that

(a) [ 2*fo(x)dx < oo and
(b) limp,o [ folog(fon/fo) =0
then the posterior is weakly consistent at fq.

Proof. Let Ly, = [ 17 (f(2:)/ fo(2:))Da, (df)
To apply the last proposition it is enough to show that for any § > 0 there exists
ho such that for each h in (0, ho),

IOg [nh

exp[n(f + ——)] = 0o a.s. Py (5.9)

and this follows if for any € > 0,there exists hg such that for h € (0, hg),

. IOg Inh
lim ———

> —¢ a.s. PP
P n fo

Then by taking € = 3/2, (5.9) would be achieved.

I In
og h: / Do, (df) + Zl th
Fn 1

where fon(z) = (1/h) [, (i + )hfo(y)dy for x € (ih, (i + 1)h).
By assumption b and SLLN for some hg, whenever h < hyg,

1 Jon(zi) _ —e
lim — log > — as. P
Note that whenever f € F}, f is a constant on (ih, (¢ + 1)h] : ¢ > 0. Consequently

for f € Fy,
- [ (fu(@)™"
1:[ Jon(i) H (fon (@)™

i€Jp

where ny, = #{x; € (ih, (i + 1)hl}, Jp = {z D g, > 0} and for any density f, f
denotes the probablhty on N given by fi(j f Gtk x)dzx. Also let f;, denote the
histogram f,(z) = f*(¢)/h for x € (ih, (i + 1)h}
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Since D, is Dirichlet and ay,(N) = 1,

7/ (i)™ ))nh (df) = 1 1 1 D(an(t) + nan)
Fuieor hn " nl(n+1) e hr o T(ap(7))
Therefore
1 1 F(ah( +nlh th
log/ Do, (df) = —log o -
Fn th ) " n “T(n+1) e hr o T (i l_][h "
It is shown in Lemma 5.5.2 that
1 1 1 T(ap(i) + ngp) Nip
Zlog ———— AR T Tik) wlog 20 () as. P 5.10
n 8T+ 1) L ™ Tlan() Z”hogn &5 (5.10)
i€Jp i€Jy
Using (5.10) we have
: Ua@)™
lim — o, (]
n60 1 /fh z[][; hn Do (df)
. 1 1 1 F(()/h( ) + nzh)
= lim |—log — 7—1 h— lo )+ logh
n=ro0 ln & I'(n+ 1) ; h” I'(ap(i)) o8 ZEZ,; 8 Jon(?) &
nzh nzh th
nh_)n;oz —logh — flogH
i€Jp ic€Jp
= —th —logh — Zﬂlogfo,l )+ logh
i€y i€Jp

— 0as. Pg (5.11)
O

Lemma 5.5.1. Under the assumptions of the theorem,

\/% — 0 a.s Py
Consequently '
# < e —0 as P&
\/,ﬁ 0
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Proof.

maxi < {maX(Xl., Xo, .., X))
i€y h

P+1

Now max(X7, Xo,...,X,)/v/n — 0. This follows from: If ¥3,Y5,...,Y; are iid.
(X2 =Y, in our case) then max(Y;,Ys,...,Y,)/n — 0 iff EY; < co. Recall as-
sumption (a) of Theorem 5.5.1. O

Lemma 5.5.2. Under the assumptions of the theorem

1 1 1 (o (2) + nap)

Nip
—1 — — inlog — 8. P° 12
n og F(n n 1) e hn F(ah(z)) Zn h 108 n — 0 a.s fo (5 )

i€Jp
Proof. Let 1,(h) stand for the first term on the left-hand side. Then

1 10 1 1 F(Oéh( ) +nlh)
n T(n+1) e hn T(ap(7))

1 1 11"(ah +’I7/m
L(h) == log ——— e log I'( i
0=ty LY e+

n z€ Jh

1
- Z log T'(av (7)) — log h — ﬁ logT'(n+ 1)
i€Jp,

We first show that

1 - 00
- Z log [(a(i)) — 0 as. Pp

iGJ},,

Since I'(z) < 1/x for 0 < x < 1, for h <¢,

0<— ZlogF ap (i Zlog

ZGJ},
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By using a telescoping argument, the right-hand side of the expression becomes

1 e 1 N
722 log ~ — log — + —log lay(1)
ne s ap(i—1) n
1 & an(j—1) N
:fZ(N—j+1)log“7,+flog1ah(1)
n 4 an(j) n
(N+D)(N+2) N 1
< —/-7 — —_— 8. P .
< o Ky + - log on D) —0as. Py (5.13)

By Stirling’s approximation for all x > 1,
1
logT'(z) = (xfi)logxfx+log\/27r+R(x) 0<R(z)<1

and we can write

1 1T —|— nzh
Hh— Fozh Zlogf (an(?) + nin) —fZIOgl“ (an (1))
eJy ZEJ i€Jp
1
- Z{ ah + Nip — 2) log(ah( ) + nlh)}
ZE]h
1
- Z [ah(i) —ng, — log V21 + R(ap(i) + nlh)} —logh
i€Jp

- f{(n + )log(n +1) = (n+1) +logV2r + R(n)} (5.14)

ng, = n and

Since Y

i€Jy

72[ (i) + log V2 + R(ay(i ))+nlh_10gh]

i€Jp

< (max;e , 1)(2 + log v27)
- n

— 0as. Pg (5.15)
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we get
| I, (h
nl—>nolo‘ ( ) : nh nh|

Z{ (cn (i) + nap — 1) log(cun(i) + nan)}

ZEJh

_ Z LZ logny, +logn +logh (5.16)
n

i€Jp
By adding and subtracting 1/n ) ;. ; nin — 1/2logni, we have
1 n;
|* > {lan(i) + nan — 2) log(an (i) +mnin) — > n;;
ZEJh i€Jy
1 . .
<= Z (i) log(an(i) + nin)|
n i€Jy
+ = Zn —710g ()|+12110gn- (5.17)
ih n - 2 ih .
ZEJh i€Jp

Using log(1+z) <z

1 +1 1 1
Sog(n )+7+0gn#Jh
n n 2n

The last term in this expression goes to 0 by Lemma 5.5.2. O

The condition a(j—1)/a(j) < K essentially requires that the prior does not vanish
too rapidly in the tails. If our prior expectation fy is unimodal then it is easy to see
that the condition holds with K = [ m+hh fo(z)ds, where m is the mode of fq.

5.5.2  Li-Consistency

We next turn to Li-consistency. We will use Theorem 4.4.4. Recall that Theorem 4.4.4
required two sets of conditions—one being the Schwartz condition and the other was
construction of a sieve F,, with metric entropy n8 and such that II(F¢) is exponen-
tially small. A look at the proof of Theorem 4.4.4 shows that the Schwartz condition
can be replaced by

for all g > 0, hm mf s / H

I1(d, oo a.s PP
Fxe) = i
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Since we have already discussed this aspect in the last section, here we shall con-
centrate on the construction of a sieve.

To look ahead our sieve will be F,, = Ups, Fa,, , Where F , is the set of histograms
with support [—a,, a,]. We will compute the metric entropy of F, and show that for
a suitable choice of h,, a, it is of the order n3. What is then left is to ensure that the

prior gives exponentially small mass to Fy.
Proposition 5.5.2.

k
Let Py = {(P,,Ps,...,P): ;> 0,> P >1-06}
1

Then

k
J(},26) < (5 +

Proof. Let K* be the largest integer less than or equal to k/d and consider

1 1
5)10g(1+5) + klog(1l+4) — ilogKJrl

d
P*={PecP:P= j% for some integer j}
We will show that given any P € P) there is P* € P* with |P — P*|| < 2§. The

logarithm of the cardinality of P* then gives an upper bound for J(P, 25).
Let P € P2. Then since

P

we have [|(P,/ 3 Py) — fzn <5
Given P € P with 3" P, = 1, let P* be such that

Pr = j% for some integer j and P, — P/ < %
Then P* = (P}, Py,..., P}) € P* and also ||P — P*|| < d. Thus we have shown that
P* is a 26 net in P9.

To compute the number of elements in P*, consider k* points a, as, ..., ag-, each
endowed with a weight of § /k. If we place (k—1) sticks among these points, then these
divide a1, as, ..., ap- into k parts, those to the left of the first stick, those between
the first and second, and so on, the last part being all those a}s to the right of the
last stick. Adding the weight of each of these parts gives a (P, Py, ..., Py) € P* and
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any element of P* corresponds to a k partition of aq, as, . .., ai-. The number of ways
of partitioning k* elements into k parts (some may be empty) is (k ]:kl_ 1)

Recall Stirling’s approximation

1 ]
2l = V2T re 1 0<fh<1

so that
K+ k-1 _(k*+k71)!
k—1 n (k — 1)k
(k* + k)!
- KlE

V(K 4 k)3 (0 sy
SN TS gy e g

and therefore

4+ k—1 (k* + k)F 2 (k* + k)*
log( ko1 > <log (k*)’“*é log e +e
where
1 ! + 0 b0 <1
e=1o - =
& Vor  12(k+k*) Kk k
so that,
5 L, 1 k k*
J(Py,26) < (k" + §) log(1 + E)—I—klog(l + ?)
1
~3 logk +1
substituting k* < k/§ we get the proposition. O
Lemma 5.5.3. Suppose
k

PeP,={(P,P,....P):1>P >0 P>1-0}
1

d<1l,hg <h<landh—hy =€ < Sho/2(K +1). If fp is the histogram fn(x) =
Y (Pi/h)In,vvyn(z) and fr, is the histogram fuo(x) = > (P5)h) L (ing,(i+1)ho) (%), then
[fn = froll < 36.
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Proof. Let
I = (0,h], Iy = (h,2h],... Iy = ((k — 1)h, kh]

and
J1 = (07 ho], J2 = (ho, Qho], cee Jk = ((k - 1)h07 k‘ho}

Because ke < h, for i < k,
L=(ILNJ)U N T

Further,
LnNJdgr = ((i + 1)ho, (i + 1)h)

Since fr = fr, on I; N J;, we have

/|fh froldz = ‘P P(Hl |(i+1)(h—h(J)

and because > P; <1 and h < hy,

kh k-1 _ B . -
[ 1= = 51— g ) 0
1
: )(h — hy)
21: —0
< (k+1)}i 5

(5.18)
O

A bit of notational clarification: For every h, a,/h will not be an integer and hence
when we write F,, , what we mean is the set of all histograms from 0 to [a,,/h] where
[a,,/h]is the largest integer less than or equal to a,/h. In our calculations, to avoid
notational mess, we pretend that a,/h is an integer.

Lemma 5.5.4. For a > 0, let F,; be all histograms from [0,a] with bin width h.
Then

UnshoFah = Uzho>hshoFah



160 5. DENSITY ESTIMATION

Proof. For any h > hy, for some integer m, (h/m) € (hg,2ho). The conclusion follows
because any histogram with bin width h can also be viewed as a histogram with bin
width h/m. O

We put all the previous steps together in the next proposition Let .7-"37,L be all
histograms f;, in F, such that Py, [0,a] > 1 — 4.

Proposition 5.5.3.

2a

h

a

J (UpsnF2,,,50) <1
( }>}‘7:a,h )— Og( hé

1
+1) + ( log(1+5)+%log(1+5)+1
Proof. By Lemma 5.5.4

UnshFan = UanshsnFa
Set k = 2a/h and € = 5h*/(2a + 1)

Let N* = [he]+1 where for any a, [a] is the largest integer less than or equal to a, and
hi=h+te,i=1,2,--- ,N*. Then by Proposition 5.5.2, given any f € Uspsps>nFan,
there is some h; such that ||f — fu,|| < 39. Use of Proposition 5.5.1 at each of F,,,
and a bit of algebra gives the result. O

Theorem 5.5.2. Let p be a probability measure on (0,00) such that 0 is in the
support of u. « is a probability measure on R. Our setup is h ~ u, the prior on Fy, is
D, where ap(i) = alih, (i + 1)h]. Let a, — o0, h, — 0 such that (a,/nh,) — 0.

If

(Z) fOT some ﬂ()aﬂl', 01702 > 07

a(—ap,a,] >1— Che "

(ii) (0, hy,) < Cye™™H
then the posterior is strongly consistent at any fo satisfying (5.8).

Proof. 1f 5= — 0, it follows from Proposition 5.5.3 that J(F,,0) < ng for large
enough n. An easy application of Markov inequality with condition (i), and using (ii)
gives II(F¢) < Ce™™ for some C and «y. Theorem 4.4.4 gives the conclusion. O

Thus if a,, = n® and h, = n~? then what we need is a + b < 1. For example if
« is normal then one can take a, = n~%/2. The condition would then be satisfied if
h, = n=% with b < 1/2.
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5.6 Mixtures of Normal Kernel

Another case of special interest is when K is the normal These priors were introduced
by Lo [131], (see also Ghorai and Rubin[72] and West [168] who obtained expressions
for the resulting posterior and predictive distributions. These can be further general-
ized by eliciting the base measure e = May of the Dirichlet up to some parameters
and then considering hierarchical priors for these hyperparameters.

5.6.1 Dirichlet Miztures: Weak Consistency

Returning to the mixture model, let ¢ and ¢, denote, respectively the standard normal
density and the normal density with mean 0 and standard deviation h. Let © = R
and M be the set of probability measures on ©. If P is in M, then f, p will stand
for the density

fop(z) = / bz — 0)dP(6)

Note that fj, p is just the convolution ¢, * P.

To get a feeling for the developments, we first look at the case where h = hy is
fixed and our model is P ~ II and given P, X, Xs,..., X, are ii.d. f,. In this case,
the induced prior is supported by Fpy = {fn,p : P € M}, and the following facts are
easy to establish from Scheffe’s theorem:

(i) The map P — fy, p is one-to-one, onto Fp,. Further P, — P, weakly if and
only if || fug,p, — fho,rll = 0.

(i) Fp, is a closed subset of F.

Fact (ii) shows that Fy, is the support of II, and hence consistency is to be sought
only for densities of the form f3, p. Theorem 5.6.1 implies consistency for such densi-
ties. Fact (i) shows that if the interest is in the posterior distribution of P, then weak
consistency at P, is equivalent to strong consistency of the posterior of the density
at fho,P~

In order to establish weak consistency of the posterior distribution of f we need to
verify the Schwartz condition. Following is a proposition that though not useful when
II is D,, is useful in other contexts.

Proposition 5.6.1.
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Proof. A bit of change of variables and order of integration would show that

K(fp, fo) = K(/ Png(x)dx,/ngb(I)dx)

where P, is the measure P shifted by x. Using the convexity of the K-L divergence
and observing K(P,,Q,) = K(P,Q) for all z, we have

K(fr. Q) = K( / P,o(x)dz, / Quo(x)dz) < / K(P,, Q)é(x)dr = K(P,Q)
O

Thus if we have a prior II such that every P is in K-L support then the posterior
is weakly consistent at fp. In fact the earlier remark shows that we have weak con-
sistency at P and hence strong consistency at fp. The Dirichlet does not have this
property. However, we will show in Chapter 6 that for a suitable choice of parameters
the Polya tree satisfies this property. Fixing h severely restricts the class of densities
and is thus not of much interest.

We turn next to the model with a prior for A. Our model consists of a prior u for h
and a prior IT on M. The prior uxII through the map (h, P) — f), p induces a prior
on F. We continue to denote this prior also by II. Thus (h, P) ~ u x II and given
(h,P), X1,Xs,..., X, are i.i.d. fp p. This section describes a class of densities in the
K-L support of II. By Schwartz’s theorem the posterior will be weakly consistent at
these densities. The results in this section are largely from [74]. The next two results
look at two simple cases and hold for general priors, but Theorem 5.6.3 makes use of
special properties of the Dirichlet.

Theorem 5.6.1. Let the true density fo be of the form fo(z) = frop(x) =
[ bno(x — 8) dPy(0). If Py is compactly supported and belongs to the support of I,
and hg is in the support of p, then II(K.(fo)) > 0 for all e > 0.

Proof. Suppose Py[—k, k] = 1. Since Py is in the weak support of T, it follows that
II{P : P[—k,k] > 1/2} > 0. It is easy to see that fo has moments of all orders.
For n > 0, choose k' such that fl max(1, |z|) fo(x)dz < n. For h > 0, we write

J=5 folog (fu.py/ fn,p) as the sum

x| >k

o Inp g In.p > In.py
/ folog == + folog === + folog = (5.19)
—o0 Inp —k Inp ke Inp
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Now

[ s (ﬁ';f( )

/ f ( * on(x—0 dP00>
’ fk(bhx_ P(0

1+k
< fo i k])dfC

/ o) e o plon k) [ o
(h]:—l-logQ)

provided P[—Fk, k] > 1/2. Similarly, we get a bound for the third term in (5.19).
Clearly,

.= inf inf —0)>0

o= =0
The family of functions {¢,(z — 0) : x € [—k', K]}, viewed as a set of functions of 4
n [—k, k], is uniformly equicontinuous. By the Arzela-Ascoli theorem, given § > 0,
there exist finitely many points 1, s, .. ., Z,, such that for any = € [—k', k'], there
exists an i with

sup \qﬁh(x —0) — dn(x; —0)] <o (5.20)

oc—k

o {P : ' [ entei—0an0) ~ [ onte ~01aPo

Since E is a weak neighborhood of P, II(E) > 0. Let P € E. Then for any
€ [-K, k'], choosing the appropriate z; from (5.20), using a simple triangulation
argument we get

Let

<c§;i—1,2,...,m}

J én(x — 0)dP(0)

[ on(z —0)an0) 1‘ <%
and so
J on(x — 0)dPy(0) - 30
[ on(x—0)dP(6) 1-30
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(provided ¢ < 1/3).
Thus for any fixed h > 0, for P in a set of positive II-probability, we have

/fo log (fn,py/ fn,p) <2 <i§ + log 2) n+ g 3635 (5.21)
Now for any h,
[ otow o/ ) = [ fotos(tofin) + [ folog(un/hir)  (522)

The first term on the right-hand side of (5.22) converges to 0 as h — hy. To see this,

observe that
f¢ho (aj - €>dPO(€) < su d)ho (l’ — 9)
Jén@ = 0)dP(0) ~ jx onla —0)
The rest follows by an application of the dominated convergence theorem.
Given any € > 0, choose a neighborhood N of hy (not containing 0) such that if
h € N, the first term on the right-hand side of (5.22) is less than €/2. Next choose 7

and 0 so that for any h € N, the right-hand side of (5.21) is less than €/2. Because
hg is in the support of u, the result follows. O

Remark 5.6.1. In Theorem 5.6.1, the true density is a compact location mixture of
normals with a fixed scale. It is also possible to obtain consistency at true densities
which are (compact) location-scale mixtures of the normal, provided we use a mixture
prior for h as well. More precisely, if we modify the prior so that (6,h) ~ P (a
probability on R x (0,00)) and P ~ II, then consistency holds at fo = [ ¢n(z —
0)Py(db, dh) provided Py has compact support and belongs to the support of II. The
proof is similar to that of Theorem 3.

Theorem 5.6.1 covers the case when the true density is normal or a mixture of
normal over a compact set of locations. This theorem, however, does not cover the
case when the true density itself has compact support, like, say, the uniform. The
next theorem takes care of such densities.

Theorem 5.6.2. Let 0 be in the support of u and fy be a density in the support of
IL. Let fon= ¢n * fo. If

1. }lligé/folog(fo/fo,h) =0,

2. fo has compact support,
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then II(K(fo)) > 0 for all e > 0.

Proof. Note that, for each h,

/folog(fo/fh,P) :/folog(fo/fo,h)+/f010g(f0,h/fh,P)

Choose hg such that for h < hg, [ folog(fo/for) < €/2 so all that is required is to
show that for all h > 0,

IT {P : /fo log (fon/fnp) < 6/2} >0

If fo has support in [—k, k]. Then

* - n(x —0)fo(0)do
/folog(fo,h/fh,p) < [k folx) log (be ( ) fo(0) )d:z:

[ onla — 6)dP(6)
The rest of the argument proceeds in the same lines as in Theorem 5.6.1. O

While the last two theorems are valid for general priors on M, the next theorem
makes strong use of the properties of the Dirichlet process. For any P in M, set
P(z) = P(z,00) and P(x) = P(—00, ).

Theorem 5.6.3. Let D, be a Dirichlet process on M. Let ly, 1o, uy, us be functions
such that for some k > 0 for all P in a set of D,-probability 1, there exists xg
(depending on P) such that

P(z) > li(z), Pz + klogz) < uy(z) Vo > 2o
and (5.23)
P(z) > ly(z), P(x — klog|z|) < uglx) Vo < —xq

For any h > 0, define

| on(klogz)(li(x) —ui(z)), ifx>0
Ln(@) = { on(kTog [2]) (b(x) — us(x)), if 7 <0

and assume that Ly (z) is positive for sufficiently large |z|. Let fo be the “true” density
and fon = ¢n * fo. Assume that 0 is in the support of the prior on h. If fy is in the
support of D, (equivalently, supp(fo) C supp(«)) and satisfies
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1. lﬁg/fo log(fo/ fon) = 0;,

2. for all h, i%g[ifo(x)log <f e th( ) — )d9> d = 0: and

3. for all h, lim / fo(z)log <f0h(x)> dr =0,
|| >M

M—o0 Lh($)

then II(K(fo)) > 0 for all ¢ > 0.
Remark 5.6.2. Tt follows from Doss and Sellke [55] that if & = My, where oy is a
probability measure, then
li(z) = exp[-2log|logag(z)|/ap(x)]
lr(x) = exp[-2log|logag(x)|/an()]

1
ui(z) = exp {_%(x—i—klogl“)ﬂog%(l"_klogz)d

1
P {aou ~klog [2])] log ag(x — klog|x|>|2]

satisfy the requirements of (5.23). For example, when «y is double exponential, we
may choose any k& > 2 and the requirements of the theorem are satisfied if f; has
finite moment-generating function in an open interval containing [—1, 1].

us ()

Remark 5.6.3. The following argument provides a method for the verification of
Condition 1 of Theorems 5.6.1 and 5.6.2 for many densities. Suppose that f; is con-
tinuous a.e., [ folog fo < oo, and further assume that, as for unimodal densities,
there exists an interval [a, b] such that inf{f(z) : = € [a,b]} = ¢ > 0 and f; is increas-
ing in (—o0,a) and is decreasing in (b, c0). Note that {z : fo(x) > ¢} is an interval
containing [a, b]. Replacing the original [a,b] by this new interval, we may assume
that fo(x) < ¢ outside [a,b]. Choose hy such that N (0, hg) gives probability 1/3 to
(0,0 — a). Let h < hg. Let ® denote the cumulative distribution function of N(0,1).
If z € [a, b] then

Jon(6 /fo Yon(w — 0) db > c(B((b — 2)/h) + ®((x — a)/h) > c/3
If £ > b then

Jonl0 /fo Yol — ) d0 > fola >(1+<1><< —a)/h)—1>2fo(:6)/3
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Using a similar argument when x < a, we have that the function

o(e) = {mg (3fo(2)/c), ifz € [a,b]

log 3, otherwise

dominates log(fo/fon) for b < hy and is Py -integrable. Since fo(z)/fon(x) — 1 as
h — 0 whenever  is a continuity point of fy and [ folog(fo/fo,n) > 0, an application
of (a version of) Fatou’s lemma shows that [ folog(fo/fon) — 0 as h — 0.

Proof. Let ¢ > 0 be given and § > 0, to be chosen later. First find hy so that
[ folog(fo/ fon) < €/2 for all b < hg. Fix h < hg. Choose ki such that

o fo,h(l') "
| koo ( T ol 9)fo(9)d9) e

Let p = P[—ky, k1] and let py denote the corresponding value under Fy. We may
assume that py > 0. Let P* denote the conditional probability under P given [—ky, k1],
ie., P*(A) = P(AN[—kq,k1])/p (if p > 0) and P} denoting the corresponding objects
for Py. Let E be the event {P : |p/po — 1| < 0}. Because P, is in the support of D,,
D,(E) > 0. Now choose z > k; such that

0 [ ule)1og (foae)/Lu(e) o < 8
|z|>z0

(ii) Do(ENF) >0, where

P(x) >l (x), P(x + klogz) < uy(x) Yo > 20
F=<P: and
P(z) = la(x), P(x — klog|z|) < us(x) Vo < —x

By Egoroft’s theorem, it is indeed possible to meet condition (ii).
Consider the event

(x — 0)dP (0
G=<P: sup log f on(@ 00) <20 ;.
—20<2<T0 ffkl h — 49 dP*(G)

We shall argue that D (ENFNG) > 0 and if P € (ENFNG) then [ folog(fo/ frpr) <
€ for a suitable choice of 4.
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The events £ N F and G are independent under D,,, and hence, to prove the first
statement, it is enough to show that D,(G) > 0. By intersecting G with E and
using the fact that {¢n(x — 0) : —zg < x < xo} is uniformly equicontinuous when
0 € [—ki, k1], we can conclude that D,(G) > D.(G N E) > 0 (see the proof of

Theorem 5.6.1).
Now,

[ folos(ga/ fur)
< [ hla)togtfa(a) fosle))d
+/z|S10 fo(x) log (fkl "ve fo h(x;fo(e)de)
o st (L0 f;ﬁfﬁjf)
+/wl>x0 fo(x)log <I¢h f}i dz

If Pe ENFNG, then for x > xg,
z+klogx
[ aw-0are)

| onte—oare)
on(klogx)[P(x) — P(x + klogz)]
and because P € F, the expression is further greater than or equal to

on(klog x)[li(x) — uy ()] = Lp(z)

Using a similar argument for z < —x, we get

Ry e

Since P € ENG, for each z in [—xq, z0],

vV

v

1 ( f,lcl oz — 9)f0(9)d9> ( ¢h( )dP*(9)>
og . = log <36
i, On(x —0)dP(0) f on(z — 0)dP*(0)

All these imply that if ¢ is sufficiently small, then P € E N F N G implies that

ffO log(fon/ fap) < €.

O
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5.6.2  Dirichlet Miztures: Li-Consistency

As before, we consider the prior which picks a random density ¢, * P, where h is
distributed according to p and P is chosen independently of h according to D,,. Since
we view h as corresponding to window length, it is only the small values of h that are
relevant, and hence we assume that the support of p is [0, M] for some finite M.

In this model the prior is concentrated on

F = Uocherms Fn

where F, = {¢p x P : P eM}.

In order to apply Theorem 4.4.4, given U = {f : || f — fol| < €}, for some ¢ < €/4,
we need to construct sieves {F, : n > 1} such that J(§,F,) < nf and Ff has
exponentially small prior probability. Because, as a, — oo, Do{P : Pl—a,,a,] >
1—6} — 1, a natural candidate for F, is

an
fn = Uhn<h<th

where h, | 0, a, increases, and F;" = {¢y, * P : P[—an,a,] > 1 — 0}. What is then
needed is an estimate of J(d, F,,). The next theorem provides such an estimate.
The next lemma shows that the restriction h < M simplifies things a bit.

Lemma 5.6.1. Let M > 0 and let }_%1,6 = UncwerrFrras- If a > M/\S, then
M
Fhas C Fn2a,26-

Proof. By Chebyshev’s inequality, if A’ < M then the probability of (—a,a] under
N(0,h') is greater than 1 —4. If f = ¢y x P, then since ¢, = ¢y, * ¢p+, where h* < M,
f=¢nx gy x P and (dp- x P)(—a,a] > 1—20. 0

Theorem 5.6.4. Let ffi\,{z,é = Uh<h’<M{fh,P : P[*CL, a] Z 1— 6} Then
M a

‘](67 Fh,a,&) < KE7

where K is a constant that does depend on § and M, but not on a or h.

We prove Theorem 5.6.4 through a sequence of lemmas. Let Fp, o = {fr.p : P(—a,a] =
1}. Without loss of generality, we shall assume that a > 1

1
Lemma 5.6.2. J(26, Fy.) < \/§a 1) (14108 (222 LAY
’ 7w hd 1)
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Proof. For any 0; < 0,

b0y — Pos
- ﬁ /sz) P exp[—(z — 02)°/(2h*)]dz
- ﬁ /w>(9]+92>/2 exp—(z — 01)*)/(2h*)|dx
’ ﬁ /z<(91+92)/2 expl—(z — 91)2/(2h2)]d$

1 / 2 2
- — exp|—(z — 0 2h*)|dx
ol [—(z —62)7/(2h7)]

1 (62—01)/(2h)
= 4E/ exp[—2?/2]dx
0

< \/5(92 —61)
“ V7T h

Given 8, let N be the smallest integer greater than v/8a/(y/7hd). Divide (—a,d]
into N intervals. Let

2a(i — 1 2ai
B, = (_a+“(’N),_a+‘“ ci=1,2,...,N

and let 0; be the midpoint of F;. Note that if 6,0" € E;, then |0 — 0’| < 2a/N, and
consequently ||¢gn — o p| < 9.

Let Py = {(P,,Py,...,Py) : P, > 0,5V, P, = 1} be the N-dimensional prob-
ability simplex and let Px be a d-net in Py, i.e., given P € Py, there is P* =
(P, P;,...,Py) € Py such that N |P — PF| < 4.

Let F* = {3V, Pr¢p, 1, : P* € Pi}. We shall show that F* is a 20 net in F,,. If
frnp = dnxP € Fpq, set P, = P(E;) and let P* € PX be such that Zf;l |P;— Pr| < 6.
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Then
||/¢6th ZP ®0;,h
N N
[ onsdrie Z [ 15.0)600aP®)] + | Y- Ponn— > Prén
=1 i=1
/ZIE an — énalldP(O)+ S|P~ P
=1

<26

<

This shows that J(26, Fp,) < J(J, Pn), and we calculate J(d, Pn) along the lines
of Barron, Schervish and Wasserman as follows: Since |P; — P¥| < ¢/N for all i
implies that Zfil |P; — P¥| < 4, an upper bound for the cardinality of the minimal
d-net of Py is given by

number of cubes of length 6 /N covering [0, 1]

2

x volume of {(Pl,Pg,...7PN):Pi ZO,ZE‘ < 1+(5}
i=1

8 a 1+0
<\/7h(5+1) <1+10g (5>

Lemma 5.6.3. Let F o5 = {fupr : P(—a,a] > 1 =48}, Then J(30, Fnas) <
J(6, Fra)-

1
_ N N_—
= (N/§)V(1+9) N
So,
J(6,Py) < NlogN — Nlogd + Nlog(1l+6) — log N!
< NlogN — Nlogd+ Nlog(l40) — NlogN + N
= N(1+log1+5)
5

<

O
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Proof. Let f = ¢, * P € Fjq5. Consider the probability measure P* defined by
P*(A) = P(AN (—a,a])/P(—a,a]. Then the density f* = ¢, * P* clearly belongs to
Fiq and further satisfies || f — f*|| < 26. O

Proof. Putting Lemmas 5.6.2 , 5.6.3 and 5.6.1 together, we have Theorem 5.6.4. [

The next theorem formulates the result in terms of strong consistency for Dirichlet-
normal mixtures.

Theorem 5.6.5. Suppose that the prior p has support in [0, M]. If for each 6 > 0,
B> 0, there exist sequences a,,hy, | 0 and constants By, 81 (all depending on d, 3 and
M) such that

1. for some By, Do{P : P[—an,a,] <1— 6} < e ™o,
2. u{h < h,} <e " and
3. an/hy, <np

then foy is in the K-L support of the prior implies that the posterior is strongly con-
sistent at fo.

Remark 5.6.4. What was involved in the preceding is a balance between a,, and h,,.
Since § and M are fixed, the constant K obtained in Theorem 5.6.4 does not play
any role. If o has compact support, say [—a, a], then we may trivially choose a,, = a
and so h,, may be allowed to take values of the order of n=! or larger. If « is chosen as
a normal distribution and h? is given a (right truncated) inverse gamma prior, then
the conditions of the theorem are satisfied if a,, is of the order v/n and h, = C/v/n
for a suitable (large) C' (depending on § and (3).

5.6.8 FExtensions

The methods developed in this chapter toward the simple mixture models can be used
to study many of the variations used in practice. Some of these are discussed in this
section.

1. It is often sensible to let the prior depend on the sample size; see for instance
Roeder and Wasserman [141]. A case in point, in our context would be when
the precision parameter M = «(R) is allowed to depend on the sample size.

If II,, is the prior at stage n, then the results goes through if the assumption
II(K(fo)) > 0 is replaced by liminf,, o IL,(K(fo)) > 0. This follows from the



5.6. MIXTURES OF NORMAL KERNEL 173

fact the Barron’s Theorem (see Chapter 4) goes through with a similar change.
The only stage that needs some care is an argument which involves Fubini, but
it can be handled easily.

2. Another way the Dirichlet mixtures can be extended is by including a further
mixing. Formally, Let X, X5,... be observations from a density f where f =
¢n*x P, P~ D, _, h~m 7is a finite-dimensional mixing parameter, which is
also endowed with some prior p. Let fy be the true density. We are interested
in verifying the Schwartz condition at f, and conditions for strong consistency.
By Fubini’s theorem, Schwartz’s condition is satisfied for the mixture if

(a)

(b)

p{7 : Schwartz condition is satisfied with a,;} >0 (5.24)

In particular, if fy has compact support, then (5.24) reduces to
p{7 : supp(fo) C supp(a-)} >0 (5.25)

Suppose fy is not of compact support and 7 = (,u, a) gives a location-scale
mixture. So we have to seek the condition so that the Schwartz condition
holds with the base measure a((- — ) /o). We report results only for g =
a/a(R) double exponential or normal.

When « is double exponential, a sufficient condition is that fy(u+ox) has
finite moment-generating function on an open interval containing [—1, 1].
When « is normal, we need the integrability of xlog |z|exp[z?/2] with re-
spect to the density fo(u+oz). For example, if the true density is N (ug, 09),
then the required condition will be ¢ < gy, so we need

p{(u,0): 0 <op} >0

We omit proof of these statements. Simulation shows inclusion of location,
and scale parameters in the base measure improves convergence of the the
Bayes estimates to fj.

For strong consistency, we further assume that the support of the prior p
(for (u,0)) is compact. For each (u,7), find the corresponding a,(u, o) of
Theorem 5.6.5, i.e., satisfying

Do {P : Pl—an(pt,7), a5 (11, 7)) <1 =0} < e "o

for some ) > 0. Now choose a, = sup,, a,(u, o). The order of a, will
then be the same as the individual a,(p, 0)s.
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(d) In some special cases, it is also possible to allow unbounded location mix-
tures. For example, when the base measure is normal, a normal prior for
the location parameter is both natural and convenient. Strong consistency
continues to hold in this case as long as ¢ has a compactly supported
prior. To see this, observe that p{|u| > \/n} is exponentially small and
SUP| <m0 @n(f1, 0) is again of the order of \/n.

(e) West et al. put a random prior P’ on h, independent of P and a Dirichlet
prior for P’. This allows different amounts of smoothing near different
sets of X;s. Our methods should apply here also. Such techniques, i.e.,
dependence of h on X;s or on z in the range of X;s have been introduced in
the frequentist literature recently and are also known to improve estimates.

5.7 Gaussian Process Priors

Consider the probabilities pi, po,...pr associated with a multinomial with k- cells.
Often, for example, when the cells correspond to the bins of a histogram, it would
be evident that a priori that the probabilities of adjacent cells would be highly pos-
itively correlated and the correlation would drop off for cells are farther apart. The
Dirichlet prior for py,ps,...px results in negative covariance whereas we want pos-
itive covariance. It is thus necessary to model other covariance structures. The dif-
ficulty is one of specifying covariances which would ensure that the prior sits on
Sk = {(p1,p2, - Pr), pi > 0> p; = 1}. Leonard([126],[127]) suggested choosing real
variables Y7, Y3, ... Y}, and setting p; = exp(Y;)/ > exp(Y;). This ensures that p; > 0
and Y p; = 1. Further if the distribution of Y3,Ys,...Y} is tractable, say N(u,X),
then Leonard shows that one can obtain tractable approximations to the posterior.
The situation is even more striking in the case of smooth random densities where
smoothness already implies that the value of the density at two points z,y would be
close if x and y are close. If we use the method of Section 5.5 calculations indicate
that one gets positive covariance (for fixed h) only for very small values of h. In the
spirit of Leonard one could choose a stochastic process {Y(z) : x € R} with smooth
sample paths and for any sample path define f = exp(y)/([(expy(t))dt). Leonard
[127] suggested using a Gaussian process {Y'(z) : © € R}. In this section we present
these Gaussian process priors along the lines of Lenk [125]. Lenk considers a larger
class of priors which gives a unified appearance to the results. An alternative method
is to consider f = expY conditioned on [expY (¢)dt = 1. Thorburn[157] has taken
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this approach. While this method is not discussed here, it would be interesting to see
how this method relates to those developed by Leonard and Lenk.

Let p : R+~ R and 0 : R x R — R" be a symmetric function. o is said to be
positive definite if for any xy, za, . .., zy, the k x k matrix with o(z;, z;) as its entries
is positive definite.

Definition 5.7.1. Let 1 : R — R and o be a positive definite function on R x R. A
process {Y(z) : © € R} is said to be a Gaussian process with mean p and covariance
kernel o if for any x1, xa, . .., xx, Y(21),Y (22), ..., Y (xx) has a k-dimensional normal
distribution with mean p(z1), p(x2),. .., u(zx) and covariance matrix whose (i, 7)th
entry is o(z;, z;).

The smoothness of the sample paths of a stochastic process is governed by moment
conditions. Extensive results of this kind can be found in [36]. Following are a few
that we use.

Theorem 5.7.1. Let {{(z) : * € R} be a stochastic process. Suppose that for
positive constants p > r,

ElE(t+h) —E@)|P < K|R|™T for all t, h

Let 0 < a < r/p. Then there is a process {n(x) : x € R} equivalent to {&(x) : x € R}
(i.e. a process with the same finite-dimensional distributions as {{(z) : © € R}) such
that

In(t+ h) —n(t)| < Alh|* whenever |h] < ¢

As an example consider the standard Brownian motion. A Gaussian process with
w=0and o(z,y) =2 Ay. Let h > 0 then

Ble(t + h) — €)' = 3{Var(&(t + h) — £(t))}? = 3h?

So we can take p = 4,7 = 1 to conclude that the sample paths are Lipschitz of order
at least a, where 0 < a < 1/4.
More generally, since w is N(0,1),

Ble(t + h) — €)= Ak

and we can choose p = 2k,r =k —1,0 < a < (k—1)/2k. Letting k — oo, we see that
the sample functions are Llpshltz of order a for any 0 < a < 1/2.
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Theorem 5.7.2. If for positive constants p < r and K,
K1h|
ElEt+h) - < ———

and

K‘h|l+p
Eg@+hy+ﬂt—m—2&ﬂwﬁygamﬁﬁ

Then there is a process n(t) equivalent to £(t) such that 1/ (t) exists and is continuous
almost surely.

To return to Lenk, we consider a Gaussian process Y (z) with mean p and covariance
kernel o. Lenk appears to assume that

(i) p is continuous;
(i) o is continuous on R x R and positive definite; and
(iii) there exist positive constants ¢, 3, € and nonnegative integer r such that

ElY(z) = Y(y)|” = Clz —y|" "

Condition (iii) guarantees that if r > 1 then with probability 1, the sample paths
are r times continuously differentiable. A useful case is when o is of the form o(z,y) =
p(|Jz — y|) for some function p on R. In this case, the process is stationary, and easier
sufficient conditions are available for the sample paths to be smooth.

Theorem 5.7.3. Let o(x,y) = p(lz — yl|). If

1. for some a >3
p(h) =1—=0{|logl|h||™*} as h — 0

then there is an equivalent process with continuous sample paths

2. for some a > 3 and Ay > 0,

M

hy=1-20 4 O(—0 —
pik) 2 O iog Al

)ash—0

then there is an equivalent process whose sample paths are continuously differ-
entiable
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Cramér and Leadbetter [36] remark that a > 3 may be replaced by a > 1 but the
proof requires lot more work. Here are some examples used in Lenk [125].

(i) p(x) =e =1~ |z|+O(z?) as z — 0;
(i) p(z) = (1 —|z|)ljz<1 =1 — |z| as  — 0;
(i) p(z) = e =1—22+ O(z*) as z — 0; and

(iv) p(z) = ﬁ =1-2>40(z*) as z — 0.

Cases (i) and (ii) satisfy condition (1) of the theorem and (iii) and (iv) satisfy
condition (2).

Let I be a bounded interval and let {Z(x) : * € R} be a Gaussian process with
mean p and covariance kernel o. The log-normal process, denoted by LN (u, o), is the
process W (z) = exp(Z(x)). We will denote the associated measure on Rt by A(u, o).

Following is a proposition which will be used later.

Proposition 5.7.1. Fiz x1,x9,...,x in I and constants ay,as, . .., a.

Let p*(z) = p(z) + Z ;o (z, ;)

1
Then

dA(p*,0) Hlf W (x;)™ _ Hlf W (;)*

dAN(p,0)  ET[FW(x)a  ewita?

‘Q
& | <

Here W € (R*)! and the expectation in the right-hand side is with respect to
A(,uv U);,uﬁ = (M<x1)> /.L(l‘z), s mu(ajk)) and [Uﬂiﬁj = 0($i: xj),@ =4a, az,...,0.

We will prove the proposition through a series of simple lemmas.

Lemma 5.7.1. Let (Zy, Zs, ..., Zy) be multivariate normal with mean vector i =
(1, 2, - -, ) and covariance X If p* = (ui, p3, ..., py) = p+a% , where a is the
vector (ay,- -+ ,ay) then

dN (i, %)

= (21, Zay ... D) = Ke>i®i%
dN(H,E)( 1, 42, ) k) €

where K = 1/EeX%% = 1/6%/+9§@/.
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Proof. For any pu ,and f1,,

(—p )2z —p) = (2= p,)2 (2 —p,))
=20ty = )2+ B 5

Only the first term depends on z. Absorbing the other two terms in the constant
and taking Bo= R, and Ky =1 the lemma follows.
O

Lemma 5.7.2. Let G(u,0) stand for the Gaussian measure with mean pu and co-
variance o. If u* is as in Proposition 5.7.1, then

dG(u*, o) ko Z(a,
P77y =K o1 aiZ(xq) 2
dG(u,J)< ) = Ke (5.26)

Proof. 1t is enough to show that the finite-dimensional distributions of the measure
defined by (5.26) are those arising from dG(u*, o). But that is precisely the conclusion
of the lemma 5.7.2. O

Next we state a simple measure theoretic lemma whose proof is routine.

Lemma 5.7.3. Suppose P,Q are probability measures on (Q, A) and T is a 1-1
measurable function from (V,B). If P < Q then PT™1 < QT and

dPT! N _daP._ .,
W(W)*@(T (@)

Proof. To return to the proposition, it easily follows from Lemma 5.7.2 and by taking
T(Z) =€ in Lemma 5.7.3. O

We next add another real parameter ¢, and following Lenk we define a generalized
log-normal process LN(p,0,€). When £ = 0 the generalized log-normal process is
defined to be LN (p,0), i.e., LN(u,0,0) = LN (u, 0).

For any real £, LN (u,0,¢) is defined by

ALN(1,0.8) o [f, W (e)da

Vo0 ) T O (5.27)

where C(&, 1) = E [, W (x)dz]* the expectation being taken under LN (u,0,0). Lenk
shows that this expectation exists for all real €.

We are now ready to define the random density.
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Definition 5.7.2. Let {WW(z).z € R} be a generalized log normal process LN (1, o, §)
on R*. The distribution of
W (z)

) = J; W(x)dz

is called a logistic normal process and denoted by LN S(u,0,€).

Clearly f is a random density. We next show that if f has logistic normal distribu-
tion then so does the posterior given X1, Xo, ..., X,,.

Theorem 5.7.4. If f ~ LNS(u,0,€) then the posterior given Xy, Xo,..., X, is
LNS(p*,0,&*) where p*(x) = p(z) + Y 1 o(z, X;) and & =€ —n.

Proof. YW ~ LN (u,0,€) then by the Bayes theorem (for densities) the posterior A*
of W given X1, Xs,..., X, is

o e AL
o) = K/ 2)d 1A (5.28)

=K /1 (W (a)da] " [T W () (5.29)

1

and comparison with (5.26) and (5.27) shows that this is LN.S(u*, 0, &*). The theorem
follows because the distribution of f is just the posterior distribution of W/ [, W ; W(x)dz.
O

Even though the transformations p +— p*, 0 — 0,& — £* look simple, any interpre-
tation needs to be tempered. First note that u, o, do not identify the prior because
if g1y — o = C then both py, o€ and s, o€ will lead to the same prior for f. Second p
and o do not translate separately to F(f) and cov(f(x), f(y)). A change in either y or
o will affect both E(f) and cov(f(z), f(y)). As n — oo both u* — oo and £ — —o0
indicating that these cannot be used to do simple minded asymptotics.

Since the prior is on densities, the natural tool to study consistency is the Schwartz
theorem and Theorem 4.4.4. When the Gaussian process is a standard Brownian
motion, with some work it can be shown that if the true distribution f, satisfies
log fy is bounded then the Schwartz condition holds at fy. Toward L;-consistency a
natural sieve to consider would be to divide [a,b] into O(y/n) intervals and to look at
the class of functions that have oscillation less than § in all the intervals. These are
just preliminary observations; more careful study needs to be done.
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It also appears, that in analogy with Dirichlet mixtures, one should introduce a
window h in the covariance and have py(z) = (1/h)p(z/h).

In any case a lot of further work is needed to develop this promising method.

It would also be good to have some theoretical or numerical evidence justifying the
numerical calculation of the posterior given in Lenk. For instance, one could compare
Lenk’s algorithms with approximations based on discretization.
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Inference for Location Parameter

6.1 Introduction

We begin our discussion of semiparametric problems with inference about location
parameters. The related problem of regression is taken up in a later chapter.

Our starting point is an important counterexample of Diaconis and Freedman
[46, 45]. Since the Dirichlet process is a very flexible and popular prior for many
infinite-dimensional examples, it seems natural to use it for estimating a location
parameter. Diaconis and Freedman showed that it leads to posterior inconsistency.
Barron suggests that the pathology is more fundamental. We present some of their re-
sults in Section 2. Doss [50], [51] and [52], showed the existence of similar phenomena
when one wants to estimate a parameter 0 that is a median.

A common explanation is that inconsistency is due to the Dirichlet sitting on
discrete distributions. It is indeed true that the semiparametric likelihood is difficult
to handle when a prior sits on discrete distributions. But Diaconis and Freedman [46]
argue in their rejoinder to such comments that they expect the same phenomenon
for Polya tree priors that sit on densities. We take up this problem in Sections 6.3
and 6.4 and show that under certain conditions symmetrized Polya tree priors have a
rich Kullback-Leibler support so that by Schwartz’s theorem, one can show posterior
consistency for the location parameter for a large class of true densities.



182 6. INFERENCE FOR LOCATION PARAMETER

One lesson that emerges from all this is that the tail free property, which is a
natural tool for consistency, is destroyed by the addition of a parameter. Hence the
Schwartz criterion is an appropriate tool for proving consistency. In particular, if one
wants posterior consistency for certain true Fys, then it is desirable to have a prior
whose Kullback-Leibler support contains them.

Another natural prior to consider is the Dirichlet mixture of normals, which has
emerged as the currently most popular prior for Bayesian density estimation. We will
explore its properties in the next chapter and return briefly to the location parameter
in Chapter 7.

Much of this chapter is based on Diaconis and Freedman [46] and Ghosal et.al. [78].

6.2 The Diaconis-Freedman Example

Suppose we have the model
X;=Y, 40, 1=1,2,....n

where given P and 6, Y;s are i.i.d. P. Finally P and 6 are independent with Dirichlet
process prior D,, for P and a prior density u(6) for . The probability measure & has
a density g.

Suppose the true value of 6 is 6 and the true distribution of the Y's is Fy with den-
sity fo. The densities pu, g, fy are all with respect to Lebesgue measure on appropriate
spaces.

The main interest is in the location parameter 6 and the behavior of the posterior
for § under Fy. Since the random distributions P are not symmetrized around 0, the
location parameter has an identifiability problem. For the time being, we ignore this.
We will rectify this later by symmetrizing P.

To calculate the posterior, note that the random distribution P’ of X's is a mixture
of Dirichlet, i.e., given 6, P’ ~ D,,, where ap(-) = a(R)a(- — 0). Because P, has a
density X;s may be assumed to be distinct. Hence by expression (3.17) the posterior
density I1(0| X1, Xa, ..., X,) is proportional to

() [T a(x: - 0)

As Barron pointed out in his discussion of [46] the Dirichlet is a pathological prior
for a parameter in a semiparametric problem. The posterior is the same as if one
assumed that X;s are i.i.d. with the parametrized density g(X; — 0).
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Diaconis and Freedman point out that consequences of choosing g can be serious.
If g is a normal density, then one gets consistency, but not when g is Cauchy. An
intuitive interpretation of this is that a normal likelihood for 6 provides a robust
model. For example, the MLE is X, which is consistent for E(X) = 6 even without
normality. On the other hand, a Cauchy likelihood for €, unlike a Cauchy prior,
does not provide robustness. In fact, Diaconis and Freedman provide the following
counterexample. They construct an fy, which has compact support, is symmetric
around 0, and infinitely differentiable. Under 6, and F,, nearly half the samples the
posterior concentrates around 6y+9 and for nearly another half it concentrates around
0y — 6. The true model Fy can be chosen to make § as large as we please. Because
we are now essentially dealing with a misspecified model g, when actually f, is true,
some insight into this phenomenon as well as the argument in [46] can be achieved
by studying the asymptotic behavior of the posterior under misspecified models; see
[17] and Bunke and Milhaud [28].

We now indicate why the same phenomenon holds even if we symmetrize P to
PH(A) = (1/2)(P(A) + P(~A)).

Given P we first generate Zy, Zs, ..., Z,, i.i.d. P. Then define Y; = |Z;|d;, where ¢;
are 1.i.d. and 0; = £1 with probability 1/2. Then Y;,Y5,...,Y, are i.i.d. P®. Given
Y’s and 6; X; = Y; + 0 as before. We will provide a heuristic computation of the
posterior distribution of 6.

Assume without loss generality that X1, Xs,..., X, and (X;+X;)/2,1<i<j<n
are all distinct. The variables (0, X), (6, Z,0), and (0,Y’) may be related in two ways.
If 6 # (X; + X;)/2 for all pairs 4, j then

Y, = |Zi]6; = X, — 0

are all distinct. Moreover, all the |Z;|s are also distinct. For, if | Z;| = |Z;|, then ¢; and
d; must be of opposite sign and ¢ must be (X; + X;)/2, a case we have excluded for
the time being. Hence, given 0, |Z|, | Zs|, ..., |Z,| are n distinct values in a sample of
size n from the distribution P14l = P*1Zl where P is D,,. Hence one can write down
the joint density of |Z1],|Za], . .., |Z,| by equation (3.17). Finally, ¢;s are independent
given 6 and |Z;|. Since there is a 1-1 correspondence between Y; and (Z;,9;), the
density of Y;s given @ is

CH< |U|) CHg% Hg(X¢—9) (6.1)

where C' = {a(R)"}~1{a(R)}".
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There is a second way in which the Y;s can be related to X;s. Suppose 6 = (X; +
X;)/2. Then |Z;| = |Z;| and ¢; and §; are of opposite sign. The remaining | Z|s—all
(n—2) of them—are all distinct and different from the common value of | Z;| and | Z;|.
Hence, given 0 = (X; + X;)/2, the density of Zs (with respect to (n — 1)-dimensional
Lebesgue measure) is

, y [T} (%)
D(Hg <|Yk>> 97(l) = O

k#i,j
where D = C/a(R). Finally, given 6 = (X; + X;)/2, the density of ¥1,Y5,...,Y, is
gAYl 2 29(Xi = X;)

because |Y;| = |Yj| = |X; — X[ and g(|X; — Xj|) = g(X; — X).
The density (6.1) multiplied by 1() leads to the absolutely continuous part of the
posterior for 8, while (6.2) leads to its discrete part. Formally, the discrete part is

(0| X1, Xo, ..., X,) = E J :
d( | 1, 22, ) n) H ( 9 > QQ(XZ _ X])

i<j

and the absolutely continuous part has the density

TL(01X1, Xa, .., X)) = p(0)C [ [ 9(ws) = Cul6) [ 9(X:
1 1

Hence the posterior is
Cue(0,X) + Duq(0, X)

Io|X,, Xs,..., X,) = Cn

where Cy is the norming constant

Cy=C [ulo.X)as+ 3 ul6.X)

0=(X;+X;)/2:<j

A detailed, rigorous proof appears in lemma 3.1 of and Freedman[45]. The posterior
is still pathological and leads to inconsistency.

Diaconis and Freedman give examples of Py where one of the two terms in the
posterior dominate. In case the first term dominates, the posterior for the symmetrized
Dirichlet is similar to the posterior for the Dirichlet, and the proof for consistency in
that case applies here.
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6.3 Consistency of the Posterior

When P has a symmetrized Dirichlet prior distribution and g is log concave, as for
normal, then Diaconis and Freedman [45] show that the posterior is consistent for all 6,
for essentially “all” true Fy. On the other hand without such assumptions consistency
fails, as indicated in the previous section. One explanation is the pathological form of
the posterior. A somewhat deeper explanation is the fact that the Dirichlet and the
symmetrized Dirichlet live on discrete distributions.

Diaconis and Freedman reacted to this as follows. They argued that discreteness is
not the main issue. They construct a class of Polya tree priors, supported by densities
and remark “Now consider the location problem; we guess this prior is consistent
when expectation is the normal and and inconsistent when it is Cauchy. The real
mathematical issue, it seems to us, is to find computable Bayes procedures and figure
out when they are consistent.”

We believe that Diaconis and Freedman are correct in thinking that existence of
density for random P is not enough. What one needs is a stronger notion of support
and a prior that has a support rich enough to contain one’s favorite FPys. the weak
support is not good enough except for tail free priors. Since addition of a parameter
destroys the tail free property, neither tail free priors nor the assumption that Py is
in the weak support of the prior helps in ensuring consistency. Schwartz’s theorem
shows that a sufficient condition for consistency is that Py is in the Kulback-Leibler
support of the prior. Schwartz’s theorem is stated next in the form in which we need
it.

Our parameter space is © x F® where © is the real line and F* is the set of
all symmetric densities on R. On © x F*® we consider a prior u x P and given
0, f), X1,Xs,...,X, are independent identically distributed as Py ;, where Fp; is
the probability measure corresponding to the density f(z — ). We denote by fy
the density f(z — 6). Given X;, Xo, ..., X, we consider the posterior distribution
(pxP)(- | X1, Xa, ..., X,,) on ©Ox F* given by the density [T fo(X;)/ [ T1 fo(X;)d(pux
P) (0, f). The posterior (ux P)(---| X1, X, ..., X,) is said to be consistent at (g, fo)
if,asn — oo, (uxP)(--- | X1, Xo, ..., X,) converges weakly to the degenerate measure
9o, 7, almost surely Py, 7. Clearly, if the posterior is consistent at (6, fy), the marginal
distribution of (uxP)(--- | X1, Xa, ..., X,) on O converges to dy, almost surely Py, .

Theorem 6.3.1. If for all 6 > 0,

(< P){(0, f) - K(fay, fo) <6} >0, (6.3)
then the posterior (u x P)(--+| X1, Xo, ..., X,,) is consistent at (6o, fo)-
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A naive way to ensure (6.3) is to require that 6 and f, belong respectively, to the
Euclidean and Kullback-Leibler supports of p and P. The flaw in this argument is
that the Kullback-Leibler divergence is not a metric. So even if 6 is close to 6y and
K(fo, f) is small, we cannot draw any conclusion about K (fog,, fo) or K(f, fa). A
way out is indicated below.

Definition 6.3.1. The map (0, f) — fy is said to be KL-continuous at (0, fo) if

K(fo, foe) = /700 fo(x)log(fo(x)/folx —0))dx — 0 as 6 — 0.

We would then call (0, fo) a KL-continuity point.

Let fg 4 be the density defined by f5,(z) = (foe(z) + foe(—2)) /2, the symmetriza-
tion of fog where fy stands for fo(. — #). For later convenience we write P* instead
of P for a prior on F*.

Assumption A: Support of p is R and for all ¢ sufficiently small, f7, is in the
K-L support of P*.

It is easy to check that this condition holds for many common densities, e.g., for
normal or Cauchy. However, it fails for densities like uniform on an interval. For such
cases a different method is discussed later.

Theorem 6.3.2. If u and P* satisfy Assumption A and if (0, fo) is a KL-continuity
point, then the posterior (u x P*)(--- X1, Xa, ..., X,) is consistent at (0, fo).

Proof. We first prove it when # = 0. By Theorem 6.3.1, it is enough to verify that
u x P* satisfies the Schwartz condition (6.3). For any 6,

K(fo fa) = [O Jolog(fo/ f-o) (6.4)

/fo,elogfo,e—/ foolog f

Since

/ foalog fiy = / fiolog £ (6.5)

and

[ " oslog f = / " fiolog £ (6.6)
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we have, by the concavity of logx

K(fofs) = / foalog(foal fis) + / fiolog(fie/ f)

_2/ foelog<f09> /foelog<fff9)+K<f09,f) (6.7)

= %K(fm fo,—20) + K(fo4, f)

By the KL-continuity assumption there is an € such that for || < e, the first term
is less than ¢/2. For any ¢, by Assumption A, {f : K(fg,, f) < 0/2} has positive P*
measure. Thus we have, for each 0 € [—¢,e], {f : K(fgy, f) < 0/2} is contained in
{f : K(fo, fo) < d}. Since p[—¢,e] > 0 this completes the proof for 6§ = 0.

For a general 0y, K(fo0,, foo+0) = K (fo, fo) which by the previous argument is less
than 0 with positive probability, if f is chosen as before and 0 is in [fy —¢€, 0y +¢€]. O

Assumption A of Theorem 6.3.2 can be verified if P* arises as follows. Let P* be a
symmetrization of P obtained by one of the following two methods.

Method 1. Let P be a prior on F. The map f — (f(z) + f(—=x))/2 from F to F*
induces a measure on F°.

Method 2. Let P be a prior on F(R*)—the space of densities on R*. The map
f = f*, where, f*(x) = f*(—x) = f(x)/2, gives rise to a measure on F*.

Lemma 6.3.1. Let P be a prior on F or on F(RT) with a given symmetric fy
in its K-L support. Let P* be the prior obtained on F° by Method 1 or Method 2. If
fo € F?°, then

P{feF :K(fo,f)<0}>0 (6.8)

Proof. For Method 1, the result follows from Jensen’s inequality; the conclusion is
immediate for method 2 because, setting go(z) = 2fo(z) and g(z) = 2f(z) for z in
R™, both go, g belong to F(R") and K(fy, f) = K(go, 9)- O

The K-L continuity assumptions fails if fy has support in a finite interval. However,
our next result in this section shows that consistency continues to hold even when
fo has support in a finite interval, provided fy is continuous. The proof consists in
approximating fy by an f; satisfying conditions of Theorem 6.3.2. We first need a
lemma to bound a K-L number. It is a slight improvement over a lemma in [78].

Lemma 6.3.2. Let fy and fi be densities so that fo < Cf1. Then for any f,
K(fo. f) < Clog C + [K(f1, ) + VE(f1, f)]
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Proof. First note that C' > 1. Also

K(fo. ) /fo log(fo/ f1)I </Cf1 log(C'f1/ )]

(6.9)
<ClogC +C [ fillog(h/ )"
But

[ st/ 1) < K )+ [ filosth/ 1) (6.10)

Alost/ 9" = [ siostajsor < [ (£-1)
(6.11)
The last inequality follows from Proposition 1.2.2. Combining (6.9), (6.10) and (6.11),
one gets the lemma. O

Theorem 6.3.3. If p and P* satisfy Assumption A, fy is continuous and has
support in a finite interval [—a, a], and log a(z) is integrable with respect to N(u,o?)
for all (p, o), then the posterior P(--- | X1, X5, ..., X,,) is consistent at (0, fo) for all
0.

Proof. We consider two cases.
Case 1. [inf] fo(x) =a>0.
Let
(1—n)fo(z), for —a<z<a
filz) =9 (0/2)¢-002, forz < —a (6.12)
(1/2)a02, forz>a

where ¢_, 2 and ¢, 2 are, respectively, the densities of N(—a,c?) and N(a,0?) and
o2 is chosen to ensure that f; is continuous at a.
We first show that f; is KL-continuous, i.e.,

tin [ fitosh/ o) = [ tim filos(i/ ) =0 (6.13)

It is enough to establish that for some e > 0, the family {log(fi/f10) : |0] < €} is
uniformly integrable with respect to fi. This follows because for any M,

sup sup |log(fi(z)/ fie(z))| < Cumr

|0|<e|x|<M
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and when M is large, for |z| > M, fi9(z) = (n/2)(cv27) ' exp|—(z —a—0)?/(20?)]
for all |0] < e, implying

Sup/ fi(z)log(fi(z)/ fie(x))dx — 0 as M — oo
|| >M

|0|<e

It now follows from Lemma 6.3.2 that, by setting C' = (1—»)~! and choosing 7 close
to 1 so that (C'+ 1)log C' < 6/2, we can choose a ¢* such that K(fi, f) < 0* implies
K(fo,[) < 6; consequently {(0,f) : K(f1,fo) < 6} C {(6,f) : K(fo.fo) < 0}
Theorem 6.3.2 shows that the set on the left hand side has positive p x P* measure.

Case 2. [inf]fo(x) = 0.

By the continuity of fj, we can, given any n > 0, choose a C' such that ffa(fo\/C) =
1+ 7, where a V b = max(a,b). Set f; = (1+n)"*(fo vV C). Then fu < (1+n)f; and
using Lemma 6.3.2, we can choose n and ¢* small such that {f : K(fi, f) < §*} C
{f: K(fo, f) < d}. Since f; is covered by Case 1, the theorem follows. O

In the remaining section we concentrate on constructing Polya tree priors which
satisfy conditions of Theorem 6.3.2 for many fps.

6.4 Polya Tree Priors

The main result in this section is Theorem 6.4.1. It implies that Assumption A is true
if P* is a symmetrization of the Polya tree prior in this theorem and K(fyq,, ) <
oo for all 6.

We already discussed the basic properties of Polya trees in Chapter 3. They are
recalled below. Let E = {0,1} and E™ be the m-fold Cartesian product E X --- x F
where E° = (). Further, set E* = U_,E™. Let my = {R} and for each m = 1,2,.. .,
let 7, = {B. : € € E™} be a partition of R so that sets of 7,1 are obtained from a
binary split of the sets of 7, and USS_m, is a generator for the Borel o-field on R.
Let T = {m,, :m=0,1,...}.

A random probability measure P on R is said to possess a Polya tree distribution
with parameters (II,.4); we write P ~ PT(II, A), if there exist a collection of non-
negative numbers A = {a. : € € E*} and a collection Y = {Y; : ¢ € E*} of random
variables such that the following hold:

(i) the collection Y consists of mutually independent random variables;

(i) for each £ € E*, Y. has a beta distribution with parameters a.o and a.;
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(iii) the random probability measure P is related to ) through the relations

m
P(B.,..,) = H e II O-Yfe )] m=12.,
Jj=Le;=0 j=Le;=1

where the factors are Yy or 1 — Yy if j = 1.

We restrict ourselves to partitions I = {m,, : m =0, 1, ...} that are determined by
a strictly positive continuous density o on R in thc following manner: The sets in 7,
are intervals of the form {z : (k—1)/2™ < [* a(t)dt < k/2™}, k=1,2,...,2™ We
term the measure (corresponding to) « as the base measure because its role is similar
to the base measure of Dirichlet process.

Our next theorem refines theorem 2 of Lavine [119] by providing an explicit condi-
tion on the parameters.

Theorem 6.4.1. Let fy be a density and P denote the prior PT(II, A), where
Qe =T for alle € E™ and Y 1rm1/ < 00. Further assume that K(fy,a) < oo.
Then for every § > 0,

P{P: K(fo,f) <0} >0 (6.14)

Proof. By Theorem 3.3.7, the weaker condition Y »_ ! < oo implies the existence
of a density of the random probability measure. Considering the transformation x —
JE. a(t)dt, assume that f and f, are densities on [0,1]. Moreover, IT is then the
canonical binary partition. By the martingale convergence theorem, there exists a
collection of numbers {y. : € € E*} from [0, 1] such that, with probability one

fol@) = lim I 2vee, I 20-vee )| - (6.15)
j=lg;=0 j=lie;=1

where the limit is taken through a sequence €1€5 - - - which corresponds to the dyadic
expansion of x. It similarly follows that

fly=lim | [ 2%, H 2(1=Yeyoe, ) (6.16)
j=1;e;=0 j=ligj=1

for almost every realization of f. Now for any N > 1,

K(fo. f) = My + Riny — Roy (6.17)
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where
S X —y
_ E1°€5—1 E1°€5—1
My =E |log | 11 ( — > 11 ( v ) (6.18)
j=1;e;=0 1= j=Llieg;= JI=
Riy=Elog( [[ 20een JI 200 =weree )] (6.19)
j=N+1;¢;=0 j=N+1Lie;=1
and
Roy =Eflog( [ 2%, ] 20-Yie)] (6.20)
j=N+1;¢;=0 j=N+1e;=1

with E standing for the expectation with respect to the distribution of (g1, e,,...) for
a fixed realization of the Y's. The s come from the binary expansion of z, and x is
distributed according to the density fj.

By the definition of a Polya tree, My and Rsy are independent for all N > 1. To
prove (6.14), we show that for any § > 0, there is some N > 1 such that

P{My <6} >0 (6.21)
|R1N| <0 (622)

and
P{|Ron| <6} >0 (6.23)

The set {(Y: : e € E™,m = 0,...,N —1) : My < 0} is a nonempty open
set in RZ" 1, it is open by the continuity of the relevant map and it is nonempty
as (e : € € E™,m = 0,...,N — 1) belongs to this set. Thus (6.21) follows by
the nonsingularity of the beta distribution. Relation (6.22) follows from lemma 2 of
Barron [6]. To complete the proof, it remains to show (6.23) for some N > 1. We
actually prove the stronger fact

N—o0

Let E stand for the expectation with respect to the prior distribution.i.e., the distri-
bution of the Y's and E, as before, the expectation with respect to the distribution of
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(e1,€9,...). Now

P{|Ron| > 0}
< 571E|R2N|
<STEEL Y [log(2¥o I+ D0 [log(2(1 = Yo, )]
J=N+13;=0 J=N+1Le;=1

=07'E[ > E[log(2Yi.., )+ Y E[log(2(1-Y.,...,))[6.25)
j=N+1;e;=0 j=N+1e;=1

<6 'E[ Y max{E[log(2Y., ., )|, Ellog(2(1 = Y,..c, )]
j=N+1

<5ty max  max{E[log(2Y;, ., ,)|, Ellog(2(1 — Y,..c, ,))]]

- jong Erem)e B
o0

=671 Y n(ri)

j=N+1

where n(k) = E|log(2U})| with U, ~Beta(k, k). By Lemma 6.4.1, n(k) = O(k~'/?)
as k — oo. Since Y | rm/? < 00 by assumption, the right-hand side of (6.25) is
the tail of a convergent series. This completes the proof of (6.24) and hence of the

theorem as well. O

Remark 6.4.1. Essentially the same proof shows that the Kullback-Leibler neighbor-
hoods would continue to have positive measure when the prior is modified as follows:
Divide R into k + 1 intervals Iy,. .., Ix11 and assume that (P(I),..., P(I;)) have
a joint density which is positive everywhere on the k-dimensional set {(ay,...,ax) :
a; > 0,7 =1,.. .,k’,ijl a; < 1}. For each I;, the conditional distribution given
P(I;) has a Polya tree prior satisfying the assumptions of the theorem. These priors
are special cases of the priors constructed by Diaconis and Freedman. Moreover, it
follows from theorem 1 of Lavine [119] that such priors can approximate any prior
belief up to any desired degree of accuracy in a strong sense.

Remark 6.4.2. It is not necessary that for each m, .., be the same for all

(e1,...,&m) € E™. The proof goes through even when only g ..c. ;0 = Qe e, 11
for all (e1,...,6m1) € E™ 1, m > 1, and r,, := min{ag,...,, : (€1,...,6m) € E™}
satisfies the condition Y >~ | rm’? < o0,
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Lemma 6.4.1. If U, ~beta(k, k), then E|log(2U,)| = O(k='/?) as k — oo.

Proof. The proof uses Laplace’s method with a rigorous control of the error term. Let
e = Ellog(2U4)], i.e.,

e = %/o |log(2u)|u* (1 — u)**du (6.26)

= %/ﬂ [ Tog(2(1 — w))u* (1 — u)* " du (6.27)

Adding (6.26) and (6.27) and observing that log(2u) and log(2(1 — u)) are always of
the opposite sign,

21 = 2§(%j25’]€ log(u/(1 — w)|u* (1 — w)*'du (6.28)

This implies by Jensen’s inequality that

Wt < g [ Ooml/(1 = )P (1 =)

1 1 . . (6.29)
_ _ 2, k=171 _ o \k=17
= BOR /o {1+ (log(u/(1 —u)))}u*""(1 —u)"du—1
We approximate the integral by Laplace’s method. Let
{1+ (log(u/(1 — u))*}u* (1 — u)*" = exp(gi(u)) (6.30)
where
gr(u) = (k= 1)logu + (k — 1) log(1 — uw) + h(u)
and

h(u) = log{1 + (log(u/(1 — u)))*}

Clearly, gr(1/2) = —2(k — 1)log 2, g;,(1/2) = 0 and g} (u) is decreasing in u so that
gk (1) has a unique maximum at 1/2. Fix 6 > 0 and let A = sup{h”(u) : ju—1/2| < §}.
Then on u € (1/2 —4§,1/2+ ), we have

g(u) < —2(k — 1) log 2 —

(“;Q?ak_n_A) (6.31)
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Thus

4}

1 1/2448 A
< 0] /1/2_5 exp[—2(k —1)log2 —4(k — 1) <1 - 8Ufl)> (u—=

# oo(u —u 2 ukfl —U,k71 " —
ST /| (e Gog(u/ (= )P (4 -
L'(2k) . _ope) ooex T A Y Y

< o " el (1 8(k1))< 5)?ld
1 2 ukfl —u k—1 v —
NTN] /| 1 OB/ (1 = )P0 = w1

Since the function u(1 —u){1+ (log(u/(1 —u))?} is bounded on (0,1) by, say, M, the

second term on the right-hand side of (6.32) is dominated by

M / k-2 k—2
w1 —uw)" " du
B(k7 k) lu—1/2|>6

2k —1)(2k -2 1
(2k — 1)(2k — 2) 1o,
< M2 A 2 _Z
=0(k™)
The first term on the right-hand side of (6.32) is
I'(2k)

—2k+2(9.)1/2 1) v -1/2
Tl ek -1 =4

which, by an application of Stirling’s inequalities [[171] p. 253], is less than
(Qk)Zk_l/26_2k(27T)1/2 expl(24k) ] 2—2k+2(27r)1/2
(kF—172ek(27)1/2)2

x 2732 (k- 1)V (11— A o
8(k —1)

() e ()

Thus n? = O(k™'), completing the proof.

(6.33)

(6.34)

(6.35)
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Remark 6.4.3. While we have discussed consistency issues, it would be interesting
to explore how the robustness calculations in Section 4 of Lavine [119] can be made
in the context of a location parameter.

We have argued that the Schwartz theorem is the best available tool for handling
consistency issues in semiparametric problems. We have also exhibited a Polya tree
priors which have a rich K-L support. However, there are caveats. The consistency
theorem notwithstanding, computation of the posterior for 8 for a density fy of the
kind used by Diaconis-Freedman shows that convergence for Cauchy base measure is
very slow. Even for n = 500, one notices the tendency to converge to a wrong value,
as in the case of the Dirichlet prior with Cauchy base measure. Rapid convergence
does take place if we replace the Cauchy by the normal.

A second fact is that the condition En}l/ ® < oo implies that the tail of the
random P* is close in some sense to the tail of the prior expected density. This in
turn implies that the posterior for f converges to ¢y, rather slowly, which might imply
relatively slow convergence also of the posterior for 6. Both these questions can be
better understood if one can get rates of convergence of the posterior and see how
they depend on the base measure and the r,,,s. These are delicate issues.

What happens if > rmt/? = 00?7 We have conjectured earlier that then, the Schwartz
condition would not hold. If so, it seems likely that in all such cases consistency would
depend dramatically on the base measure.



7

Regression Problems

7.1 Introduction

An important semiparametric problem is to make inference about the constants in
the regression equation when the error in the regression model

Y, = a+ Bx; + €, i=1,2,... (7.1)

has an unknown, symmetric distribution. This is similar to the location parameter
problem, so it is natural to try a symmetrized Polya tree prior for the error distribu-
tion. Another prior that suggests itself is a symmetrized version of Dirichlet mixtures
of normals of Chapter 5. We explore both priors in this chapter with a focus on pos-
terior consistency. The covariate may arise as fixed nonrandom constants or as i.i.d.
observations of a random variable.

Because this is a semiparametric problem, it is natural to try to use Schwartz’s the-
orem. However since the observations are not identically distributed, major changes
are needed. We begin with a variant of Schwartz’s theorem in Section 7.2. In two of
the subsequent sections we discuss how the conditions of the theorem can be verified.
Lack of i.i.d. structure for the Y;s necessitates assumptions on the ;s to ensure that
the exponentially consistent tests required by Schwartz’s theorem exist in the cur-
rent context. Also certain conditions have to be imposed on fy to verify conditions
relating to K-L support and variance in the Schwartz theorem. Among other things
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it is shown that Polya tree priors of the sort considered in the Chapter 6 fulfill the
required conditions on the prior.

We then turn to the Dirichlet mixtures of normal. It turns out that the random
densities are sufficiently well behaved that the proof for results similar to that outlined
in the previous paragraph can be simplified to some extent.

It may be observed that as in the Chapter 6 it may be tempting to use a Dirichlet
prior on F. It is easy to show that the posterior for «, 3 would be pathological in
exactly the same way, namely, it would be identical with the posterior arising from
assigning a parametric prior on F. The proof is quite similar.

In the literature, the regression problem has been handled by putting a Dirichlet
mixture of normals but without symmetrization. This means that there is an identi-
fiability problem for the constant but not for the regression coefficient 3. Of course,
the posterior for a cannot be consistent, but one can show posterior consistency for 3.
In many examples, one would want consistency for both a and (3, so symmetrization
seems desirable. See ;, Burr et al.[29] for an interesting application.

The final section discusses binary response regression with nonparametric link func-
tions. This chapter is based heavily on [134] and unpublished work of Messan.

7.2 Schwartz Theorem

Fix f07 Q, ﬂo. Let
fapi = farse,(y) = [y — (@ + B2y)) (7.2)

and put fo; = fO,ao,Bo,i-
For any two densities f and g, let

f AN
K(r.0) = [ ol v = [ 1 (1ogl (73)
and put
Ki(f,a,8) = K(fois fapi),  Vilf, o, 8) = V(foi, fa.4) (7.4)
As mentioned in the introduction, the main tool we use is a variant of Schwartz’s

theorem. The following theorem is an adaptation to the case when the Y;s are inde-
pendent but not identically distributed. Here the x;s are nonrandom.

Definition 7.2.1. Let W C F xR xR. A sequence of test functions ®,,(Y1,...,Y;)

is said to be ezponentially consistent for testing

HO : (fvaaﬂ) = (f07a07ﬂ()) against Hl : (fvavﬁ) € W (75)
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if there exist constants C;, Cy, C' > 0 such that

(a) Eﬁf d, < Cie C and

01

b inf En (I)n >1-C. einc.
(b) (fraB)EW rllfa.ﬁ,z( )2 2

Theorem 7.2.1. Suppose I is a prior on F and p is a prior for (a, B). Let W C
F xR xR.If

(i) there is an exponentially consistent sequence of tests for
H(): (f>a76) = (ana()?ﬁO) againSt Hl : (faa>6) CW

(ii) for all 6 >0,

H{(ﬁa,ﬁ):[(,-(f,a,ﬂ) <& for all i, iv(f;‘m<oo} >0

i=1

then with T2, Py, probability 1, the posterior probability

n w.3i(Y5)
fW =1 ff(]ﬁ:(}(/ dH(f70‘7ﬂ)
a,8i(Yi
f]—‘x]Rx]R Hz 1 ffO[:()(/ )dH(f»O‘7ﬁ)

IOW|Y;,....Y,) = -0 (7.6)

Note that V;(f, «, 8) bounded above in ¢ is sufficient to ensure the summability of

Y Vilf . B)/é
Proof. The proof is similar to the proof of Schwartz’s theorem. If we write (7.6) as

-[ln(Y—h LRI 7Y:n)

H(W|Y17~-,Yn):m

(7.7)

it can be shown, as in the proof of Schwartz’s theorem (Chapter 4), that condition
(i) implies that “ there exists a d > 0 such that €™, (Yy,...,Y,) — 0 a.s.”

The denominator can be handled similarly, using Kolomogorov’s strong law of large
numbers for independent but not identically distributed random variables. Yet, with
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a later application in mind, we give an argument here with a somewhat weaker as-
sumption than (ii). For any two densities f and g, let

Vo) = [ 1 (log+ ﬁ)g (73)

V+i(f7 Q, /j) = V+(f017 fa,ﬁ,i) (79)

We will show that “for all d > 0, €"?15,(Y7, ..., Y,) — 0o a.s.” under the assumption,
(i)’ For all § > 0,

H{(f,a,ﬂ) Ki(f,a,B) < 6 for all i, iw <oo} >0

2
i=1

and put

Because V.. (f,g9) < V(f,g) it is easy to see that (ii) implies (ii)".
Let V be the set

{(f,ozﬁ) cKi(f,a,3) <6 for all 4, iw <oo}

and W; = log, (foi/ fap:)(Y:). Applying Kolmogorov’s strong law of large numbers
for independent non-identical variables to the sequence W; — E(W;), it follows that
for each f €V, as. [[:2; Py,

P fa [3 % z
lim inf log
n—00 < Z fOZ 1

>l ( 3w )

~ sy ! Z K (.0 ) (7.10)
>~ limsup (n ; Ki(f, o, 8) + ii \/m>

>

. 1 n 1 n
—hHlSllp EZKZ(']P’C%ﬁ)_._ EZKi(faa
i=1 =1

n—oo
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Since for f €V, n=' > | Ki(f, o, 8) < 8, we have for each f € V,

hmlnffZl f(}ﬂ1 > —(0+4/6/ (7.11)
n—00 Oz z

Choosing C' so that 6 + 1/d/2 < C'/8 and noting that

Ja,
IQnZ/H f(f Z 7ﬁ)

it follows from Fatou’s lemma that
", — 0o (7.12)
as. [[oo) Py O

Remark 7.2.1. Condition (ii) of the theorem can be weakened. It can be seen from
the proof that if the prior assigns positive probability to the following set

S Vilhaud) + KL

Z‘2

1 n
ﬁZKi(f’a’ﬁ) < ¢ for all n,

=1 i=1

then also the posterior is consistent.

7.3 Exponentially Consistent Tests

Our goal is to establish consistency for (f, «, 8) or for («, 3) at (fo, o, Bo), and thus
the sets W of interest to us are of the type W = U€, where U is a neighborhood of f,
or ag alone or of (fo, ap, Bo)- In the first case we write W of this type as a finite union
of W;s and show that condition (i) of Theorem 7.2.1 holds for each of these W;s.

We begin with a couple of lemmas.

Lemma 7.3.1. For i = 1,2, let go; and g; be densities on R. If for each i there
exists a function ®;, 0 < ®; < 1 such that

Ego (CI) ) = 4 < Vi = E 1((1)2) (713)
and if
1 n
hgg}f - Zl(% —a;) >0 (7.14)
then there ezists a constant C, sets B, C R", n = 1,2,..., and ng— all depending

only on (v, i), such that for n > ny
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(T Pooil (Bn) < e and
[H?:l Pgi] (Bn) >1—emC,

We refer to [134] for a proof. For a density g and 6 € R, let gy stand for the density
90(y) = g(y — 0).

Lemma 7.3.2. Let go be a continuous symmetric density on R, with go(0) > 0.
Let 1 be such that inf), <, go(y) = C > 0.

(i) For any A > 0, there exists a set Ba such that
1
Pu(Ba) < 5~ C(A A )
and for any symmetric density g

P,,(Ba) > for all 0 > A

N —

(i) For any A < 0, there exists a set Ba such that

1
Pu(Bs) < 5 = C(A A )

and for any symmetric density g

1
P,,(Ba) > 3 for all 0 < A

Proof. (i) Take Ba = (A, 00). Since 6 > A and gy is symmetric around 6, Py, (Ba) >
%. On the other hand

1 A 1 Anm 1
Py (Ba) = 5 — / go(y)dy < 5 — / go(y)dy < 5 = C(AAD) (7.15)
27 ), 27 ), 2
Similarly Bx = (—oc0, A) would satisfy condition (ii). O

Remark 7.3.1. By considering I, (y — 6p), it is easy to see that Lemma 7.3.2 holds
if we replace go by go,g, and require  —y > A or § — 6y < A.
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Assumption A. There exists g9 > 0 such that the covariate values z; satisfy

I I R I
hnnig}fazl{xi<750}>0, lynnig}f;ZI{xi>6o}>O

i=1 i=1

Remark 7.3.2. Assumption A forces the covariate x to take both positive and neg-
ative values, i.e., values on both sides of 0. If the condition is satisfied around any
point, then by a simple location shift, we can bring it to the present form.

Proposition 7.3.1. If Assumption A holds, fy is continuous at 0 and fo(0) > 0,
then there is an exponentially consistent sequence of tests for

Ho: (f,a,8) = (fo,0,50)  against  Hy:(f,o,8) €W
in each of the following cases:
i) W={(fa.0): a>a, -0 >A};
(i) W={(f,8): a<ao, -5 >A}
(i) W={(f,0.8): a>ag, B— o< —A}; and
(iv) W={(f0.0): a<ag, BB <—A}.

Proof. (i) Let K, = {i:1<i<n, x;>¢co} and #K, stand for the cardinality of
K,,. We will construct a test using only those ¥;s for which the corresponding i is in
K,.

Ifi € K, then (a+ Bz;) — (oo + fox;) > Ax;, and by Lemma 7.3.2 for each ¢ € K,
there exists a set A; such that

and

Vi Pfa,zu,(Ai) >

= inf
(fre.B)EW

[43 ”

where “:=” stands for equality by definition.
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Ifi <nandi¢ K,, set A; =R, so that a; =~; = 1. Thus

. . —1 L .
hﬁgg}f <n Z(% al)>

i=1

> liminf <n1 Z C(n A Axl)> (7.16)

n—oo
€Ky

> C(n A Ae)liminf #K,/n >0
n—oo

With @; = I4,, the result follows from Lemma 7.3.1.
(ii) In this case we construct tests using Y; such that i € M, :={1 <i<n:a; <
—go}. If ¢ € M, then

(a + 61)1) — (Oéo + 601)0 < AIQ < —AEO

Now using condition (ii) of Lemma 7.3.2, we get sets B; and then obtain exponentially
consistent tests using Lemma 7.3.1 as in part (i). The other two cases follow similarly.
O

The union of the W’s in Proposition 7.3.1 is the set {(f, o, 0) : |5 — ol > A}
The case for a alone can be proved in exactly the same way. Combining all eight
exponentially consistent tests for o« and 3 one can get an exponentially consistent
test for a = o, B = p.

If random fs are not symmetrized around zero, « is not identifiable. So the posterior
distribution for o will not be consistent. Consistency for 8 will continue to hold under
appropriate conditions. To prove the existence of uniformly consistent tests for 3 in
the nonsymmetric case, we pair Y;s and consider the difference Y; — Y;, which has
a density that is symmetric around §(z; — x;). We can now handle the problem in
essentially the same way as in Proposition 7.3.1 to construct strictly unbiased tests.
The verification of the other conditions in Sections 7.4, 7.5 and 7.6 is along similar
lines.

The next proposition considers neighborhoods of f; to get posterior consistency
for the true density rather than only the parametric part. We need an additional
assumption.

Assumption B. For some L, |z;| < L for all i.

Proposition 7.3.2. Suppose that Assumption B holds. Let U be a weak neighbor-
hood of fo and let W =U x {(a, ) : |a — | < A, |6 — o] < A}. Then there exists
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an exponentially consistent sequence of tests for testing

HO:(f7a7/6):(f07a07B0) againSt le(f7a7ﬁ)ew
Proof. Without loss of generality take

u={s: [2w10)- [ ewi <} (7.17)

where 0 < ® < 1 and ® is uniformly continuous.
Since @ is uniformly continuous, given € > 0, there exists § > 0 such that |y; —yo| <
4 implies |®(y1) — P(y2)| < £/2.
Let A be such that
(0 — o) + (B = Bo)wi| <6
for a, 3 € W and all z;. Set ®;(y) = ®(y — (o + fox;)). Then

Ep, ®; = By, ®;, Ey ,.®; ® (7.18)

= Ef(a—oeg),(ﬁ*@o)vi
Noting that

/q)(y - ((a - Oéo) + (ﬁ - ﬁO)Ii)>f(a—Dto)+(5—ﬁ0)zi (y)dy

- [owrwi
we have
/ ®i(y) fo,p.i(y)dy
> [ oWy [ 180) - 2~ (@~ o) + (5~ fo)a)|
X fla-ao)+(3-g0)z: (¥)dy

> [ e
in the last step, we used the uniform continuity of ®. An application of Lemma 7.3.1
completes the proof. O

If one is interested in showing posterior probability of f € U, |a—ag| < A, |3— 05| <
0 goes to 1 a.s. (fo, o, o), then it is necessary to get an exponential sequence of tests
for Hy : (f,«, B) = (fo, a0, Bo) against Hy : f € U¢ or |a—ag| > A or |—[y| > ¢. For
this, one has only to combine Propositions 7.3.1, its analogoue for «, and Proposition
7.3.2.
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7.4 Prior Positivity of Neighborhoods

In this section we develop sufficient conditions to verify condition (ii) of Theorem
7.2.1. A similar problem in the context of location parameter was studied in Chapter
6. There, we managed with Kullback-Leibler continuity of fy at fp—the true value
of the location parameter, and the requirement that II{ K(f5,, f) < d} > 0 for all 6
in a neighborhood of 6, and where f;, is close to but different from f;4. However,
this approach does not carry over to the regression context because, even though
the true parameter remains (g, 5), for each ¢ we encounter different parameters
0; = ap + Pox;. Here we take a different approach. Since we have no assumptions on
the structure of the random density f, the assumption on fy is somewhat strong. This
condition is weakened in Section 7.7, where we consider Dirichlet mixture of normals.
In that case, the random f is better behaved.

Lemma 7.4.1. Suppose fo € F satisfies the following condition: There ezistsn > 0,
C, and a symmetric density g, such that, for |n'| <mn,

foly—=n') < Cogyly) ~ for ally (7.19)
Then
(a) for any f € F and |0] <n

K(fo.fo) < Cylog Cy + [mgn, 1)+ /Ko f>]

(b) if, in addition, var,, (log(gy/f)) < oo, then

sup var, (log+ fo) < 0
6]<n fo

Proof. Part (a) is an immediate consequence of Lemma 6.3.2 and the fact that
K(fop, f) K(fo, fo), which follows from the symmetry of fy and f.
For (b), note that

2
/ fo {10g+ f} / ) {10g+ f(}g] <G, / 9n {10g+ C}g"} (7.20)

A remark here: We work with vary, (log, fo/fs) rather than vary, (log fo/fs) be-
cause the condition fy < C),g, does not imply [log foe/ f]2 < Cygy, log Cpg,/ f}g.

O
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We write the assumption of Lemma 7.4.1 as follows:
Assumption C. For n > 0, sufficiently small, there is g, € F and constant C;, > 0
such that for || <,

foly — 77/) < Cpgy(y) forally

and
C,—1 asn—=0

Proposition 7.4.1. Suppose Assumptions B and C hold. Let I1 be a prior for f
and p be a prior for (o, B). If (aw, Bo) is in the support of p and if for all n sufficiently
small and for all 6 > 0

1 {K(gn,f) < 0, varg, <log gf"> < oo} >0 (7.21)
then for all 6 > 0 and some M > 0,

(IT x ) {(f, o, B) : Ki(f, 0, B) <6, Vi(f,a, ) < M for all i} >0 (7.22)

Proof. Choose 1, d such that (7.21) holds with § = §y and

(Cy+1)log Cy + Cy |00 + V3] < 6

Let 0 0
V= {(0475) Ha—agl < 5’ |6 — Bo] < ﬁ}
Note that
Ki(f07 «, 6) = K(f0> f(a—ao)+(ﬂ—ﬁo)zi)
and

‘/’i(fO'/ «, 6) = V(f(b f(a—a0)+(ﬂ_50)1i)

and («, 5) € V implies that |(a — ag) + (6 — fo)xi| < n for all z;. An application of
Lemma 7.19 immediately gives the result. O

Theorem 7.4.1. Suppose that
(i) the covariates xq,xa, ... satisfy Assumptions A and B;

(i) fo is continuous, fo(0) >0, and fy satisfies Assumption C;
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(iil) for all sufficiently small n and for all § > 0,
I{K(gy, f) <8, Vigy, f) <00} >0

where g, is as in Assumption C.

Then for any neighborhood U of fo,
I{(f,a,0): f €U, |a— | <68 —Po| <0|Y1,Ys,..., Y} =1 (7.23)

0. T, P
In other words, the posterior distribution is weakly consistent at (fy, o, Bo)-

Proof. The proof follows from the remarks after Proposition 7.3.2. O

Remark 7.4.1. Assumption (ii) of Theorem 7.4.1 is satisfied if fy is Cauchy or
normal. If f; is Cauchy, then g, = fo satisfies Assumption C. If f; is normal, then
Assumption C holds with g, = fg,, where

i =5 oy =)+ ol )} (7.29)

Remark 7.4.2. Assumption B is used in two places: Propositions 7.3.2 and 7.4.1.
For specific fys one may be able to obtain the conclusion of Proposition 7.4.1 without
Assumption B. In such cases one would be able to get consistency at (ag, By) without
having to establish consistency at (fo, «g, 5o)-

7.5 Polya Tree Priors

In this section we note that Polya tree priors, with a suitable choice of parameters,
satisfy condition (iii) of Theorem 7.19 and hence the posterior distribution is weakly
consistent. To obtain a prior on symmetric densities, we consider Polya tree priors on
densities f on the positive half-line and then considering the symmetrization f*(y) =
%f(|y\) Since K(f,g9) = K(f*%,¢°) and V(f,g) = V(f%, ¢°), this symmetrization
presents no problems.

We briefly recall Polya tree priors from Chapter 3. Let £ = {0,1}, E™ = {0,1}™
and E* = |J»_, E™. For each m, {B. : ¢ € E™} is a partition of R* and for each ¢,
{Be, Ba1} is a partition of B.. Further {B, : € € E*} generates the Borel o-algebra.
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A random probability measure P on R is said to be distributed as a Polya tree
with parameters (II,.A), where II is a sequence of partitions as described in the last
paragraph, and A = {a. : € € E*} is a collection of nonnegative numbers, if there
exists a collection {Y, : € € E*} of mutually independent random variables such that

(i) each Y. has a beta distribution with parameters a.o; and o
(ii) the random measure P is given by

m

P(Beow)= | [] Yoo I a-v...)

j=1, ;=0 j=1, ;=1

We restrict ourselves to partitions IT = {II,, : m = 0,1,...} that are determined
by a strictly positive, continuous density a on RT in the following sense: The sets in
II,, are intervals of the form

kE—1 Y k
f — < —
{y S < ‘/700 a(t)dt < 2m}

Theorem 7.5.1. Let II be a Polya tree prior on densities on R with e =1y, for

alle e E™ If Y0, rm!? < 00, then for any density g such that K(g,a) < oo and
varg(log g) < oo for all 6 > 0,

A}iinooﬁ{f cK(g,f) <0, Vg, f) <M} >0 (7.25)

The proof is along similar lines as that of Theorem 6.4.1. We refer to [134] for
details.

Although Polya trees give rise to naturally interpretable priors on densities and
leads to consistent posterior, sample paths of Polya trees are, however, very rough
and have discontinuities everywhere. Such a drawback can be easily overcome by
considering a mixture of Polya trees. Posterior consistency continues to hold this case,
because by Fubini’s theorem, prior positivity holds under mild uniformity conditions.
Such priors are worth further study.

7.6 Dirichlet Mixture of Normals

In this section, we look at random densities that arise as mixtures of normal densities.
Let ¢, denote the normal density with mean 0 and standard deviation h. For any
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probability P on R, f, p will stand for the density

frp(y /¢h —t)dP(t) (7.26)

Our model consists of prior x for k and a prior II for P. Consistency issues related
to these priors, in the context of density estimation, based on [74], were discussed in
Chapter 5. Here we look at similar issues when the error density f in the regression
model is endowed with these priors.

To ensure that the prior sits on symmetric densities, we let P be a random proba-
bility on RT and set

Inp(y /q‘bh —t)dP(t /qSh y+t)dP(t) (7.27)

We will denote by II both the prior for P and the prior for fn.p

The following lemma shows that the random f generated by the prior under con-
sideration is more regular than those generated by Polya tree priors, and hence the
conditions on fy are more transparent than those in Section 7.5 or those in Ghosal,

Ghosh, and Ramamoorthi [78].
Lemma 7.6.1. Let fy be a density such that

/ v’ foly)dy < oo and / Jo(y) log fo(y)dy < oo (7.28)

If f(y) = [ én(y — )dP(t) and [t*dP(t) < oo, then

hm/fo /fo yydy, and
@ py 30 [bg z] - f oo e 53] 0

Proof. We have

log fo(y 10g/¢h (t+0))dP(t)

and hence

| log fo(y)| < |log v27h| +

log / e-<y—9—02/<2h2>dp(t)‘ (7.29)
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Since log [ e~=0=0*/C"*)dP(t) < 0, by Jensen’s inequality applied to — log z, the last
expression is bounded by

| log v/27h| + / de( t)
Hence
Jo o 12
< [fo(y)log fo(y)| + fo(y)[log fo(y)|
< 1fu(w)log o] + log Vahl + 1oy) [ L7 Lapio
The dominated Convergence Theorem now yields the result. O

We now return to the regression model.

Theorem 7.6.1. Suppose II is a normal mizture prior for f. If
(i) Assumptions A and B hold,
(it) T{f: K(fo, f) <6, V(fo,f) <00} >0 forall§>0,
(iii) Ey,(log fo)* < oo, and
(iv) [ [t*dP(t)dII(P) < oo,

then the posterior IL(-|Y1, ..., Y,) is weakly consistent for (f,a,3) at (fo, o, Bo) pro-
vided (v, Bo) is in the support of the prior for («, ().

Proof. By condition (iv), { P : [t*dP(t) < oo} has IT probability 1. So we may assume
that

f[{f . f = fp, (i) holds, /t2dP(t) < oo} >0 (7.30)

Let U = {f: f = fp, (ii) holds, [#*dP(t) < co}.
For every f € U, using Lemma 7.6.1, choose d; such that, for § < d;

\ JEC log - [ 5 log

(7.31)
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Now choose e such that |a—ap+(8—F)x:| < dy whenever |a—ap| < ef, |B—05o] <

Ef/LA
Clearly, if f € U and | — a| < ¢ and |3 — Bo| < e/ L, we have

Ki(f.a,8) <26 and Vi(f,a,8) <V(fo,f)+¢ (7.32)

Since .
O{(f,a,8): fel, |a—ao|<es |B—0]<er/L} >0 (7.33)

we have

i=1

1 {(f,a,ﬁ) Ki(fo, 0, 8) <8 foralld, Y. W < oo} >0 (7.34)

An application of Theorem 7.2.1 completes the proof. O

It was shown in Chapter 5 that if f; has compact support or if fy = fp with P
having compact support, then IT{f : K(fo, f) <} > 0 for all § > 0. The argument
given there also shows that in these cases, (ii) of Theorem 7.6.1 holds when I is
Dirichlet with base measure . In Chapter 5 we also described fys whose tail behavior
is related to that of v such that I {f : K(fo, f) < d} > 0. In the case when the prior
is Dirichlet, the double-integral in (iv) is finite if and only if [¢*dy(t) < co. While
normal fy is covered by these results, the case of Cauchy f, cannot be resolved by
the methods in that chapter. However, Dirichlet mixtures of both location and scale
parameters of normal may be able to handle Cauchy, which is a scale mixture of
normal. Results of Chapter 5 may need to be generalized to prove posterior consistency
for these priors. .

7.7 Binary Response Regression with Unknown Link

One of the most popular models in bioassay involves regression of the probability of
some event on a covariate x. The regression is taken to be linear in logit or probit
scale. In this section we consider the same problem with a nonparametric link func-
tion, instead of a logit or probit model. We indicate, without going into details, how
posterior consistency can be established.

Consider k levels of a drug on a suitable scale, say, x1, ..., z, with probability of
a response (which may be death or some other specified event) p;, ¢ = 1,..., k. The
ith level of the drug is given to n; subjects and the number of responses r; noted.
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We thus get k& independent binomial variables B(n;, p;). The object is often to find z
such that p = 0.5. Often, p; is modeled as

pi = Fla+ fBx;) = H(z;) (7.35)

where F' is a response distribution and « + Bx; is a linear representation of F~!(p;) =
y;. Here p; may be estimated by r;/n;, but if the n;s are small, the estimates will
have large variances, so the model provides a way of combining all the data. In a
logit model, F' is taken as a logistic distribution function. In a probit model the link
function is the normal distribution function. The choice of the functional form of
the link function is somewhat arbitrary, and this may substantially affect inference,
particularly at the two ends where data are sparse. In recent years, there has been
a lot of interest in link functions with unknown functional form. In nonparametric
problems of this kind, one puts a prior on F' or H. Such an approach was taken by
Albert and Chib ([1]) , Chen and Dey ([31]), Basu and Mukhopadhyay ([11, 12])
and some other authors. If one puts a prior on F', one has to put conditions on F
like specifying two values of two quantiles to make (F) «, ) identifiable. In this case,
one can develop sufficient conditions for posterior consistency at (Fp, ap, Fo) using
our variant of Schwartz’s theorem. However, in practice, one often puts a Dirichlet
process or some other prior on F' and independently of this, a prior on (a, ). Due
to the discreteness of Dirichlet selections, many authors actually prefer the use of
other priors such as Dirichlet scale mixtures of normals, see Basu and Mukhopadhyay
([11, 12]) and the references therein. Because of the lack of identifiability, the posterior
for (a, 3) is not consistent. On the other hand, a Dirichlet process prior and a prior
on (a, (3) provides a prior on H and one can ask for posterior consistency of H~'(1/2)
at, say, H, '(1/2). This problem can be solved by the methods developed earlier in
this chapter.

Without loss of generality, one may take n; = 1 for all i. To verify condition (ii) of
Theorem 7.2.1, consider

(Ho(w:))" (1 — Ho(x;))' ™"
() (1= H )=

Z; = log (7.36)

where r; is 1 or 0 with probability H(x;) and 1 — H(x;), respectively, and the true H
is denoted by Hj. Then it is easily found that

Hy(z;)
H(z;)

Ey,(Z;) = Ho(z;) log + (1 — Ho(x;)) log (7.37)
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and

Eny(27) < 2Ho(x:) <1°g }1?8)2
1—1110(361-))2 (7.38)

+2(1 — Hy(x;)) log < 1— H(z;)

Assume that z;s lie in a bounded interval containing H,, '(1/2), and the support of Hy
contains a bigger interval. Since the range of z;s is bounded, the sequence of formal
empirical distributions n=* Y7 | 4, of a1, ...z, is relatively compact. Assume that
all limits of subsequences converge to distributions which give positive measure to all
nondegenerate intervals, provided they lie in a certain interval containing Hy'(1/2).
Therefore, a positive fraction of x;s lie in an interval of positive length if the interval is
close to the point Hj '(1/2). Also assume that Hy is continuous and the support of the
prior for H contains Hy. For example, if the prior is Dirichlet with a base measure
whose support contains the support of Hy, then the above condition is satisfied.
Mixture priors often have large supports also. For instance, the Dirichlet scale mixture
of normal prior used by Basu and Mukhopadhyay ([11, 12]) will have this property
if the true link function is also a scale mixture of normal cumulative distribution
functions.

If H, is a sequence converging weakly to Hy, then by Polya’s theorem, the conver-
gence is uniform. Note that for 0 < p < 1, the functions plog(p/q) + (1 — p) log((1 —
p)/(1 = q)) and p(log(p/q))* + (1 — p)(log((1 — p)/(1 = ¢)))* in q converge to 0 as
g — p, uniformly in p lying in a compact subinterval of (0,1). Thus given § > 0, we
can choose a weak neighborhood U of Hy such that if H € U, then Ep,(Z;) < § and
Ey,(Z?)’s are bounded. By the assumption on the support of the prior, condition (ii)
of Theorem 7.2.1 holds.

For existence of exponentially consistent tests in condition (i) of Theorem 7.2.1,
consider, without loss of generality, testing H~1(1/2) = H,"(1/2) against H~*(1/2) >
Hy'(1/2) + ¢ for small € > 0. Let

K,={i:Hy'(1/2)+¢/2 <a; < H;'(1/2) + €}

Since

Eu(r) = H(z;) < H(H;(1/2) + ) < (7.39)

DO =

and

By, (i) = Ho(z;) > Ho(Hy ' (1/2) +¢/2) > (7.40)

DN | —
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the test

#}(n Z i < % +7 (7.41)
€Ky

for n = (Ho(Hy'(1/2) +¢/2) — 1/2)/2 is exponentially consistent by Hoeffeding’s

inequality and the fact that #K,,/n converge to positive limits along subsequences.

Therefore Theorem 7.2.1 applies and the posterior distribution of H~1(1/2) is consis-

tent at Hy'(1/2).

7.8 Stochastic Regressor

In this section, we consider the case that the independent variable X is stochastic.
We assume that the X observations Xi, X, ... are i.i.d. with a probability density
function g(x) and are independent of the errors €, €3, .... We will argue that all the
results on consistency hold under appropriate conditions.

Let G(x) = [*_ g(u)du, denote the cumulative distribution function of X. We shall
assume that the following condition holds.

Assumption D. The independent variable X is compactly supported and 0 <
G(0-) < G(0) < 1.

Under these assumptions, results follow from a conditionality argument and the
corresponding results for the nonstochastic case, conditioned on a sequence z1, xs, . . .
such that Assumptions A and B hold. Note that if g satisfies Assumption D, under
Ppe, almost all sequences x1,ms,... satisfy Assumptions A and B. For details see
[134]. Thus if X is stochastic and Assumption D replaces Assumptions A and B in
Theorems 7.5.1 and 7.6.1, posterior consistency holds.

7.9 Simulations

Additional insight can often be obtained by carrying out simulations. In the mixture
model that we have discussed, one can study the effect on the posterior of § by varying
the ingredients in the mixture model. There is an additional issue of symmetrization.
After fixing the prior, one can generate observations from carefully chosen parameters
and error density and in each case examine the behavior of the posterior. Extensive
simulations of this kind have been done by Charles Messan using WINBUGS, and we
present a few of these.

First we look at two cases for the kernel: normal and Cauchy. The base measure
for the Dirichlet process is N(0,1). Figure 7.1 displays the simulated posterior when
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observations were generated from (true fy is) normal. The value of 3 is 3.0., and
the random densities are not symmetrized. It is clear from the graphs that, in this
case, the posterior behaves well, and in addition to consistency also shows asymptotic
normality.

In figure 7.2, the setup for priors is the same as that just considered, but the
posterior is evaluated when the true fy is Cauchy. Clearly, things do not seem to go
well. Both consistency and asymptotic normality seem to be in doubt.

One could see if the introduction of a hyperparameter for the base measure of the
Dirichlet process would lead to amelioration of the situation. Figures 7.3 and 7.4 show
the result of simulations with a hyperparameter for the base measure. There seems to
be some improvement. The estimates are closer to the true value of 8 = 3, and there
is a suggestion of asymptotic normality.
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Posterior of beta. True fo = normal Dirichlet mixture of cauchy
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Figure 7.1: Sample size n =50 true f, = N(0,1). Priors: base measure of the two Dirichlet mixtures
Go=N(O0,1)
Classical estimate of beta:
B=29248, Var(B)=00040 Est.var(f)=0.0052
MCMC estimates of beta: Hyperparameter of Dirichlet M = 100
Dirichlet mixture of cauchy: 3,=2.928 Var( )= 00053 Skewness = - 00295
Kaurtosis = 0.0507
Dirichlet mixture of normal: 3, =2.928 Var( ), )=0.0058 Skewness = - 0.0220
Kurtosis = 0.0183
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Posterior of beta. ”‘“{ =cauchy Dirichlet misture of cauchy
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Figure 7.2: Sample size n= 50 true fy = Cauchy(0,1) Prlors: base measuse of the two Dirichlet mixtures
Go=N(,1)
Classical estimate of beta:
B =2.5682, Var( #) = infinite
MCMC estimates of beta: Hyperparameter of Dirichlet M = 100
Dirichlet mixture of cauchy: §. =2.855 Var(8,)=00177 Skewness = - 0.5098
Kurtosis = 0.2774
Dirichlet mixture of normal: B, =2.578 Var( 8, )=0.0634 Skewness = 0.0753
Kurtosis = - 0.0061
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Posterior of beta. True _6 = normal Dirichlet mixture of cauchy
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Figure 7.3: Sample size n = 50 True fy = N(0,0.5) Priors: base measure of Dirichlet: N(i, ©)
o ~ N(0,20)
Classical estimate of beta: o ~ Unif0,10)

B =2.9982, Var($)=0.0012 EstVar(f)=00012  Bandwidth h: k ~ Unifi0,4)

MCMC estimates of beta:  Hyperparameter of Dirichlet M = 100

Dirichlet mixture of cauchy: B =3.002 Var( 8,)=0.0013 Skewness = - 0.0938
' Kurtosis = 0.2093
Dirichlet mixture of normal: J, =3.0 Var( 8, )=00013 Skewness = - 0.0210

Kurtosis = 0.1751
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Fosterior of befa. Trugé = cauchy Dirichief mixfure of cauchy
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Figure 7.4: Sample size n = 50 True fy = cauchy(0,0.5)  Priors: base measure of Dirichlet: N(U, ©)
wlo ~ N(0,20)
Classical estimate of beta: o ~ Unif(0,10)
[ =2.4641, Var( [) = infinite Bandwidth : h ~ Unif{0,4)
MCMC estimates of beta: Hyperparameter of Dirichlet M =100
Dirichlet mixture of cauchy: /. =2.898 Var(3.)=0.0053 Skewness = - 0.0753
Kurtosis = 0.2729
Dirichlet mixture of normal: [, =2.899 Var(f, )=0.0050 Skewness = - 0.0623
Kurtosis = 0.3620
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Uniform Distribution on Infinite-Dimensional
Spaces

8.1 Introduction

Except for a noninformative choice of the base measure « for a Dirichlet very little
is known about noninformative priors in nonparametric or infinite-dimensional prob-
lems. In this chapter we explore how one may construct a prior that is noninformative,
i.e., completely nonsubjective in the sense of Chapter 1, for nonparametric problems.
One way of thinking of them is as a uniform distribution over an infinite-dimensional
space. Our approach has some similarities with that of Dembski [40], as well as many
differences.

Several new approaches to construction of such a prior are discussed in Section 8.2.
The remaining sections attempt some validation. In Section 8.3 we show that one of
our methods would lead to the Jeffreys prior for parametric models under regularity
conditions. We also briefly discuss what would be reference priors from this point of
view. Section 8.4 contains an application of our ideas to a density estimation problem
of Wong and Shen [172]. We show that for our hierarchical noninformative prior, the
posterior is consistent—a sort of weak frequentist validation. The proof of consistency is
interesting in that the Schwartz condition is not assumed. We also show that the rate
of convergence of the posterior is optimal. In particular, this implies that the Bayes
estimate of the density corresponding to this prior achieves the optimal frequentist
rate—a strong frequentist validation. We offer these tentative ideas to be tried out
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on different problems. Computational or other considerations may require replacing
‘P: by other sieves, which need not be finite, changing an index ¢ to h, which may
take values in a continuum, and distributions on P; which are not uniform. These
relaxations will create a very large class of priors that are nonsubjective in some
sense and from which it may be convenient to elicit a prior. This approach includes
some of the priors in Chapter 5, namely, the random histograms and the Dirichlet
mixture of normals with standard deviation h. The parameter h can be viewed as
indexing a sieve. This chapter is almost entirely based on [73] and [80]

8.2 Towards a Uniform Distribution

8.2.1 The Jeffreys Prior

By way of motivation we begin with a regular parametric model. Let © C RP. A
uniform distribution on © should be associated with the geometry on © induced by
the statistical problem. To do this, let I(§) = [I; ;(8)] be the p x p Fisher information
(positive definite) matrix. As shown by Rao [2], the matrix induces a Riemannian
metric on © through the integration of

p(d0) = " 1;;(0)d6:do;

over all curves connecting 6 to #” and minimizing over curves. The minimizing curve is
a geodesic. If the model is N(0,X), then I; ; = ! and we get the famous Mahalanobis
distance. Cencov [30] has shown the Riemannian geometry induced by Rao’s metric
is the unique Riemannian metric that changes in a natural way under 1-1 smooth
transformations of © onto itself. The Jeffreys prior {det/(#)}/? can be motivated as
follows.

Fix a 8 and consider a 1-1 smooth transformation

0= (@) =1

such that the information matrix I¥ with the new parametrization P is identity at
1(8,). This implies that the local geometry in the ¢-space is Euclidean near ¢(6,)
and hence the Lebesgue measure di) is a suitable uniform distribution near v (6,). If
we lift this back to the f-space making use of the Jacobian and the elementary fact
00; 00;

G0 @157

=1"=1
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we get Jeffreys prior in the #-space, namely,

00;
d == {det[-"]}~"df = {det[L; ;(0)]}"/*d8
hdl 81/}] ,
Another way of deriving the Jeffreys prior in a similar spirit is given in Hartigan ([93]
pp. 48, 49). The basic paper for the Jeffreys prior is Jeffreys [106]. These references
are relevant for Section 8.3 especially Remark 8.4.1.

8.2.2  Uniform Distribution via Sieves and Packing Numbers

Suppose we have a model P which is equipped with a metric p and is compact. In
applications we use the Hellinger metric. The compactness assumption can then be
relaxed in at least some o compact cases in a standard way. Our starting point is a
sequence €; diminishing to zero and sieves P; where P; is a finite set whose elements
are separated from each other by at least ¢; and has cardinality D(e;, P), the largest m
for which there are Py, Ps,..., P, € P with p(P;, Py) > €,5 #7',5,5 =1,2,...,m.
Clearly, given any P € P there exists P’ € P; such that p(P, P") < ¢. Thus P;
approximates P within ¢; and no subset of it will have this property.

In the first method we choose €y, tending to 0 in some suitable way. It is then
convenient to think of P as a finite approximation to P with the approximation
depending on the sample size n. The idea is that the approximating finite model is
made more and more accurate by increasing its cardinality with sample size. In the
first method our noninformative prior is just the uniform distribution on F,.

This seems to accord well with Basu’s [9] recommendation in the parametric case to
approximate the parameter space © by a finite set and then put a uniform distribution.
It is also intuitively plausible that the complexity or richness of a model P;,) may
be allowed to depend on the sample size. Since this prior depends on the sample size,
we consider two other approaches that are more complicated but do not depend on
sample size.

In the second approach, we consider the sequence of uniform distributions II; on
P; and consider any weak limit IT* of {II;} as a noninformative prior. If IT* is unique,
it is simply the uniform distribution defined and studied by Dembski [40].

In the infinite-dimensional case, evaluation of the limit points may prove to be
impossible. However, the first approach may be used, and II;,) may be treated as an
approximation to a limit point II*.

We now come to the third approach. Here, instead of a limit, we consider the index
as a hyperparameter and consider a hierarchical prior which picks up the index ¢ with
probability A; and then uses II;.
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8.3 Technical Preliminaries

Let K be a compact metric space with a metric p. A finite subset S of K is called
e-dispersed if p(x,y) > € for all z,y € S,z # y. A maximal e-dispersed set is called
an e-net and an e-net with maximum possible cardinality is said to be an e-lattice.
The cardinality of an e-lattice is called the packing number (or e-capacity) of K and is
denoted by D(e, K) = D(¢, K, p). As K is totally bounded, D(e, K) is finite. Closely
related to packing numbers are covering numbers N (e, K, p)—the maximum number
of balls of radius € needed to cover K. Clearly,

N(e,K,p) < D(e, K, p) < N(¢/2, K, p)

In view of this, our arguments could also be stated in terms of covering numbers.

Define the e-probability P. by

D(e, X)
P(X)=—"—, XCK
X) =D w) .

It follows that 0 < P.(-) < 1,P.(0) = 0,P.(K) = 1. P, is subadditive and for
X,Y C K. Because K is compact, subsequences of . will have weak limits. If all the
subsequences have the same limits, then K is called uniformizable and the common
limit point is called the uniform probability on K.

The following result of Dembski [40]) will be used in the next section.

Theorem 8.3.1 (Dembski). Let (K,p) be a compact metric space. Then the
following assertions hold.

(a) If K is uniformizable with uniform probability p, then lim._ o P.(X) = u(X) for
all X C K with p(0X) = 0.

(b) If lim.,o P.(X) exists on some convergence-determining class in K, then K is
uniformizable.

To extend these ideas to noncompact o-compact spaces, one can take a sequence
of compact sets K,, 1 K having uniform probability u,. Any positive Borel measure
1 satisfying

fn(- N Ky)
u(-NK,) =———7F>—

( n) ﬂn(KI)

may be thought of as an (improper) uniform distribution on K. Such a measure would
be unique up to a multiplicative constant by lemma 2 of Dembski [40].
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8.4 The Jeffreys Prior Revisited

Let X;s be i.i.d. with density f(.;6)(with respect to a o-finite measure v), and © is
an open subset of R%. Assume that {f(.;0) : § € ©} is a regular parametric family,
i.e., there exist {¢(.;0) € (La(v))? such that for any compact K C ©

wg/uﬂ%ae+hr—ﬂﬂuw»—wwuw»%wm=omw% (8.1)

0eK

as ||h|| = 0. Define the Fisher information by the relation

um:4/wuwxwxmfww> (8.2)

Assume that I(0) is positive definite and the map 6 — I() is continuous. Further,
assume the following stronger form of identifiability: On every compact set K C O,

inf{/ (fl/z(xﬂgl) - f1/2(x;92))2 v(dr) : 01,02 € K, |01 — 62| > €} >0, €>0

For i.i.d. observations equip © with the Hellinger distance, as defined in Chapter
1, namely,

H(0:,0,) = (/If”g(w;%) - fl/z(ﬂc’;92)|21/(d-%‘)>1/2 (8.3)

The following result is the main theorem of this section.

Theorem 8.4.1. Fiz a compact subset K of ©. Then for all Q C K with vol

(0Q) = 0, we have
- D(6,Q) fQ \/detI()do
=0 D(e, K) [ \/det1(A)dd

By using Theorem 8.3.1 we conclude that the Jeffreys measure p on © defined by

1(Q) o /K VdetI(0)dd  QcC© (8.5)

(8.4)

is the (possibly improper) noninformative prior on © in the sense of the second ap-
proach described in the introduction.

The idea is to approximate the packing number of relatively small sets by the
Jeffreys prior measure for those sets (see 8.13, 8.14) and then fit these small sets into
a given set () or K. One has to check that the approximation remains good at this
higher scale [vide 8.16].
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Proof. Fix 0 < n < 1. Cover K by J cubes of length 7. In each cube fix an interior
cube with length 1 —7?. The interior cube will provide an approximation from below.

Since by continuity, the eigenvalues of I(#) are uniformly bounded away from zero
and infinity on K, by standard arguments [see theorem 1.7.6. in [102]], it follows from
(8.1) that there exist M > m > 0 such that

m||91 - 92” S H(91,92) S MHQ] - 02”7 01,92 S K (86)

Given n > 0 choose € > 0 so that €/(2m) < n?. Any two interior cubes are separated
by at least n/m in terms of Euclidean distance and by € in terms of the Hellinger
distance.

For Q C K, let Q; be the intersection of () with the jth cube and Q;- be the
intersection with the jth interior cube, j =1,2...,J. Then

Q1UQU...UQ;=Q,UQyU...UQ, (8.7)

Hence

<

J
ZD(€7Q37H)§D(€7Q7H)§ D(€7QJ7H) (88)

Il
—

i=1

<

In particular, with Q = K, we obtain

J
> D(e, K}, H) < D(e, K, H) <

=1

B

D(e,K;, H) (8.9)

<.
I
—

where K and K are defined in the same way.
For the jth cube, choose §; € K. By an argument similar to that for (8.6), for all
0,0 in the jth cube,

¥¢ (6 — 0)T1(60,)(0 — 0) < H(0,0) < @\/ 0 —0VTI0,)(0—0)  (8.10)

where \(n) and A(n)tend to 1 as n — 0.
Let

1,00 = 20 o= oyrie,) 0 - o)

and

i,0.0) =22 1o~ 0yr16,)6 - )




8.4. THE JEFFREYS PRIOR REVISITED 227

Then from (8.10),

H) <D ( ijﬂ) (811

By the second part of theorem IX of Kolmogorov and Tihomirov [115], for some
constants 7;, T]l- and absolute constants A; (depending only on the dimension d),

D(e,Qj, H) ~ Aqvol (Q;) ] detL(0;)(A(m) e~ (8.13)

and
D(e,Q;, H) ~ Advol(Q;) detI(0;)(\(n)) % (8.14)

where the symbol ~ means that the limit of the ratio of the two sides is 1 as € — 0.
As all metrics, H; and Hj;j =1,2,...,J arise from elliptic norms, it can be easily
concluded by making a suitable linear transformation that 7; = 7/ = 7 (say) for all
j=1,2,...,J. Thus we obtain from (8.7)-(8.14) that

, D(e,Q, H) _ >i_y vol(Q;)y/detT(6;) (Xn)\

lim sup D(e, K, H) = ST vol(K;)\/detI(6) <A(n)) (815)
and

CD(eQ.H) _ X vol@)VAD) (A

hsup ek, 1) = ST vol(K ;) /deti(d;) </\(n)) (316

Now let 5 — 0. By the Convergence of sums Z _ vol(Q;)+/detl(8;) to fQ VI(0)do

and Z}]:1 vol(Q})/detI(f fQ +/1(0)df and similarly for sums 1nV01V1ng K ;s and
Kis. Also A(n) — 1 and )\( ) — 1, so the desired result follows. O

Remark 8.4.1. Tt has been pointed out to us by Prof. Hartigan that Jeffreys had en-
visaged constructing noninformative priors by approximating © with Kullback-Leibler
neighborhoods . He asked us if the construction in this section can be carried out us-
ing the Kullback-Leibler neighborhoods . Because the Kullback-Leibler divergence is
not a metric there would be obvious difficulties in formalizing the notion of an e-net.
However, if the family of densities {fp : 8§ € ©} have well-behaved tails such that, for
any 0,0, K(0,60) < ¢(H(0,0)), where ¢(€) goes to 0 as € goes to 0, then any e-net
{6y,...,0} in the Hellinger metric can be thought of as a Kullback-Leibler net in the
sense that
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K(6;,0;) > efori,j,=1,2,...k; and
2. for any 6 there exists an i such that K(6;,6) < ¢(e).

In such situations, the above theorems allow us to view the Jeffreys prioras a limit
of uniform distributions arising out of Kullback-Leibler neighborhoods. Wong and
Shen [172] show that a suitable tail behavior is that for all 8,6,

s
[ gy <

/f9/2ez:r/p%

We now consider the case when there is a nuisance parameter. Let 6 be the pa-
rameter of interest and ¢ be the nuisance parameter. We can write the information

matrix as
11(8,¢) ©2(0,0)
<112(9,¢) ]22(9,¢)) (8.17)

In view of Theorem 8.4.1, and in the spirit of rgfcrcncc priors of Bernardo [18§],
the prior for ¢ given 6 is specified as II(¢|0) = /T11( . So it is only necessary to
construct a noninformative marginal prior for 6. A55ume as before that the parameter
space is compact. With n i.i.d. observations, the joint density of the observations given
0 only is given by

g(x",0) /Hf 23,0, 0)\/Ina(0, $)dp (8.18)

where c(0) = [T1} f(2i, 0, $)\/I22(6, ¢)d¢ is the constant of normalization. Let I,,(6, g)
denote the information in the family {g(x",6) : § € ©}. Under appropriate regularity
conditions, it can be shown that the information per observation I,,(6, g)/n satisfies

lim 1,6, 9)/n = (6(9))_1/111_2(97¢)\/122(9,¢)d¢ = J(0) (say) (8.19)

where I115 = I1y — I%/I5 is the (11) element in the inverse of the information
matrix. Let H, (6,0 + h) be the Hellinger distance between g(x™,8) and g(x™, 60 + h).
Locally, as h — 0, H2(6,0 + h) behaves like h%I,,(6, g). Hence by Theorem 8.4.1, the
noninformative (marginal) prior for  would be proportional to \/I,,(6,¢g). In view
of (8.19), passing to the limit as n — oo, the (sample size-independent) marginal
noninformative prior for § should be taken to be proportional to (.J(#))"/2, and so the
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prior for (6,¢) is proportional to J(6)w(¢|0). Generally, for noncompact parameter
space, one can proceed like Berger and Bernardo [14]. Informally, we can sum up
as follows. The prior for € based on the current approach is obtained by taking the
average of I'1(0, ¢) with respect to \/Is2(6, ¢) and then taking the square root. The
reference prior of Berger and Bernardo or the probability matching prior takes average
geometric and harmonic means of other functions of \/I'1(0, ¢) and then transforms
back. In the examples of Datta and Ghosh [38], we believe that they reduce to the
same prior.

8.5  Posterior Consistency for Noninformative Priors for
Infinite-Dimensional Problems

In this section, we show that in a certain class of infinite dimensional families, the
third approach mentioned in the introduction leads to consistent posterior.

Theorem 8.5.1. Let P be a family of densities where P, metrized by the Hellinger
distance, is compact. Let €, be a positive sequence satisfying

o0
E nl/zen < 00
n=1

Let P, be a e,-net in P, p, be the uniform distribution on P, and p be the probability
on P defined by 1=~ | Aufin, where A, s are positive numbers adding up to unity.

If for any B > 0,
A
. Bn n _
nlgiloe DE P 00 (8.20)

then the posterior distribution based on the prior p and i.i.d. observations X1, Xs, . ..
1s strongly consistent at every py € P.

Proof. Since P is compact under the Hellinger metric, the weak topology and the
Hellinger topology coincide on P. Consequently weak neighborhoods and strong
neighborhoods coincide and so do the notions of weak and strong consistency.

To prove consistency, by Remark 4.5.1, it is enough to show that for every ¢, if
Ul ={P:H(Py,P)<d/n} then for all 3> 0,

e"’ﬁH(U,f) — 00

Because >_°°  n'/%e, < oo, given 4, there is a ng such that for n > ng, e, < §/n; so
that for n > nyg, there is a P, € P, such that H(Py, P,) < d/n.
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Since II{P,} = A,/ D(e,, P,,) and by assumption, for all 5 > 0,

A
1; Bn n
5" Dien, Py)

and TI(U?S) > TI{P,}; consistency follows. O

=0

Remark 8.5.1. Consistency is obtained in the Theorem 8.5.1 by requiring (8.20)
for sieves whose width &, was chosen carefully. However, it is clear from the proof
that consistency would follow for sieves with width &, | 0 by imposing (8.20) for a
carefully chosen subsequence.

Precisely, if &, | 0,P, an ¢,-net, 4 is the probability on P defined by p = Y7 A\yjn
and ¢, is a positive summable sequence, then by choosing j(n) with

/2
Ej(n) S Eén (8.21)

Aj(n)
D(Ej(n)7 Pn)

the posterior is consistent, if

exp[nf] — 00 (8.22)

A useful case corresponds to
D(e,P) < Aexplce a] (8.23)

where 0 < o < 2/3 and A and c¢ are positive constants, 0, = n~7 for some v > 1. If
in this case j(n) is the smallest integer satisfying (8.21), then (8.22) becomes

exp[nf — ce;i [Ajm) — 00 (8.24)
If £, = ¢/2™ for some € > 0 and A, decays no faster than n* for some s > 0 then
(8.24) holds. Moreover, the condition 0 < o < 2 in (8.23) is enough for posterior
consistency in probability.
We can apply this in the following example [see Wong and Shen [172]] the following.
Example 8.5.1. Let

1
P={ggeC, 1}7/ Plx)de = 1,
0
||g(j)||sup S Lj7j - 1, 2, ... T
|g(r)($l) - Q(T)(I2)| < Lpgq|m — zof|™}

where 7 is a positive integer and 0 < m < 1 and L’s are fixed constants. By theorem
15 of Kolomogorov and Tihomirov [115] D(e, P, k) < exp[ce /™.
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8.6 Convergence of Posterior at Optimal Rate

This section is based on Ghosal, Ghosh and van der Vaart ([80]).

We present a result concerning rate of convergence of the posterior relative to Ly, Lo,
and Hellinger metrics. The two main elements controlling the rate of convergence are
the size of the model (measured by packing or covering numbers) and the amount
of prior mass given to a shrinking ball around the true measure. It is the latter
quantity that is easy to estimate for the hierarchical noninformative priors introduced
in Section 8.1. and appearing in Theorem 8.5.1 of the preceding section. See also Shen
and Wasserman [150]

Theorem 8.6.1. Suppose for a sequence €, with ¢, — 0 and ne2 — oo, a constant
C > 0 and sets P,, C P we have

log D(én, Pn,d) < ne? (8.25)

I1,(P\P,) < exp(—ne2(C +4)) (8.26)

11, <P . —Ey(log L) < &, Ey(log L)? < ei> > exp(—ne2C).  (8.27)
Po Po

Then for sufficiently large M, we have that
IL,(P: d(P, Py) > Me,| X1, Xs,...,X,) — 0 in Py probability

See [80] for a proof.

Condition (8.25) requires that the “model” P, is not too big and (8.26) ensures
that its complement will not alter too much. It is true for every €/, > ¢, as soon
at it is true for €, and thus can be seen as defining a minimal possible value of
€,. Condition (8.25) ensures the existence of certain tests and could be replaced by
a testing condition in the spirit of LeCam [120]. Note that the metric d used here
reappears in the assertion of the theorem. Since the total variation metric is bounded
above by twice the Hellinger metric, the assertion of the theorem using the Hellinger
metric is stronger, but also condition (8.25) will be more restrictive, so that we really
have two theorems. In the case that the densities are uniformly bounded, one can have
a third theorem, when using the Lo-distance, which in that case will be bounded above
by a multiple of the Hellinger distance. If the densities are also uniformly bounded
and uniformly bounded away from zero, then these three distances are equivalent
and are also equivalent to the Kullback-Leibler number and Lo-norm appearing in
condition (8.27).
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A rate ¢, satisfying (8.25) for P = P,, and d the Hellinger metric is often viewed as
giving the “optimal” rate of convergence for estimators of P relative to the Hellinger
metric, given the model P. Under certain conditions, such as likelihood ratios bounded
away from zero and infinity, this is proved as a theorem by Birgé [22] and LeCam [122]
and [120]. See also Wong and Shen [172]. From Birgé’s work it is clear that condition
(8.25) is a measure of the complexity of the model.

Condition (8.27) is the other main condition. It requires that the prior measures
put a sufficient amount of mass near the true measure Fy. Here “near” is measured
through a combination of the Kullback-Leibler divergence of p and po and the Ly(Fp)-
norm of log(p/po). Again, this condition is satisfied for €], > ¢, if it is satisfied for €,
and thus is another restriction on a minimal value of €,.

The assertion of the theorem is an in-probability statement that the posterior
mass outside a large ball of radius proportional to €, is approximately zero. The in-
probability statement can be improved to an almost-sure assertion, but under stronger
conditions, as indicated below.

Let h be the Hellinger distance and write log, x for (log ) Vv 0.

Theorem 8.6.2. Suppose that conditions (8.25) and (8.26) hold as in the preceding
theorem and ", e Bre < o for every B > 0 and

1, (P h2(P, P[,)‘

po/pH < 63) > e naC
oo

Then for sufficiently large M, we have that I1,(P : d(P, Py) > Me,|X1,...,X,) = 0
in Py -almost surely.

See also theorem 2.3 in [80].

These theorems are not tailored for finite-dimensional models. For such cases and
for finite-dimensional sieves, they yield an extra logarithmic factor in addition to the
correct rate of 1/4/n. Suitable refinements of (8.25) and (8.27) to address this issue
are in [80].

Convergence of the posterior distribution at the rate €, implies the existence of
point estimators, which are Bayes in that they are based on the posterior distribution,
which converge at least as fast as €, in the frequentist sense. One possible construction
is to define P, as the (near) maximizer of

Q— Hn(P (d(P,Q) < en\Xl,...,Xn)

Theorem 8.6.3. Suppose that 1L, (P : d(P, Py) > €,|X1,...,X,) converges to 0,
almost surely (respectively, in-probability) under Py and let P, mazimize, up to o(1),
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the function @Q — Hn(P 2d(P,Q) < €] Xq,. .. 7Xn). Then d(pn, Py) < 2¢, eventually
almost surely (respectively, in-probability) under Pj'.

Proof. By definition, the €,-ball around P, contains at least as much posterior prob-
ability as the ¢,-ball around Py, both of which by posterior convergence at rate €,,
has posterior probability close to unity. Therefore, these two balls cannot be disjoint.
Now apply the triangle inequality. O

The theorem is well - known (See e.g. Le Cam ([120] or Le Cam and Yang [121]). If
we use the Hellinger or total variation metric (or some other bounded metric whose
square is convex), then an alternative is to use the posterior expectation, which typ-
ically has a similar property.

In order to state the next theorem we need a strengthening of the notion of entropy.

Given two functions [,u : X — R the bracket [[,u] is defined as the set of all
functions f : X — R such that [ < f < u everywhere. The bracket is said to be of
size € relative to the distance d if d(l,u) < e. In the following we use the Hellinger
distance h for the distance d and the brackets to consist of nonnegative functions,
integrable with respect to a fixed measure p. Let Njj(e, P, h) be the minimal number
of brackets of size ¢ needed to cover P. The corresponding bracketing entropy is
defined as the logarithm of the bracketing number Njj(e, P, h). It is easy to see that
Npj(e, P, h) is bigger than Njj(e/2,P,h) and hence bigger than D(e, P, h). However,
in many examples, bracketing and packing numbers lead to the same values of the
entropy up to an additive constant.

In the spirit of Section 8.2.2 we now construct a discrete prior supported on densities
constructed from minimal sets of brackets for the Hellinger distance. For a given
number €, > 0 let Pi, be the uniform discrete measure on the Njj(e,, P, h) densities
obtained by covering P with a minimal set of ¢,-brackets and then renormalizing
the upper bounds of the brackets to integrate to one. Thus if [I1,u1], ..., [ly,un] are
the N = Njj(en, P, h) brackets, then II, is the uniform measure on the N functions
u;j/ [w;dp. Finally, construct the hierarchical prior

= A\l
neN

for a given sequence \, with A, > 0 and Zn An = 1. This is essentially the third
approach of Section 8.2.2. As before the rate at which A\, — 0 is important.

Theorem 8.6.4. Suppose that €, are numbers decreasing in n such that

log Njj(€n, P, h) < ne:



234 8. UNIFORM DISTRIBUTION ON INFINITE-DIMENSIONAL SPACES

for every n, and
ne’/logn — oo

. Construct the prior 11 as given previously for a sequence A, such that A\, > 0 for all
n and log\;* = O(logn). Then the conditions of Theorem 8.6.2 are satisfied for €,
a sufficiently large multiple of the present €, and hence the corresponding posterior
converges at the rate €, almost surely, for every Py € P, relative to the Hellinger
distance.

There are many specific applications. The situation here is similar to that in several
recent papers on rates of convergence of (sieved) maximum likelihood estimators, as
in Birgé and Massart, (1996, 1997), Wong and Shen [172], or chapter 3.4 of van der
Vaart and Wellner [161]. We consider again Example 8.5.1 of smooth densities of the
previous section.

Example 8.6.1 (Smooth densities). Because upper and lower brackets can be
constructed from uniform approximations, this shows that the bracketing Hellinger
entropies grow like € !/7, so that we can take €, of the order n="/™*1 to satisfy
the relation log Nyj(e,, P, h) < ne2. This rate is known to be the frequentist optimal
rate for estimators. From Theorem 8.6.3, we therefore conclude that for the prior
constructed earlier, the posterior attains the optimal rate of convergence.

Since the lower bounds of the brackets are not really needed, the theorem can be
generalized by defining Nj(e, P, h) as the minimal number of functions uy, . . ., t,, such
that for every p € P there exist a function u; such that both p < w; and h(u;, p) < e.
Next we construct a prior II as before. These upper bracketing numbers are clearly
smaller than the bracketing numbers Njj(e, P, h), but we do not know any example
where this generalization could be useful.

So far, we have implicitly required that the model P is totally bounded for the
Hellinger metric. A simple modification works for countable unions of totally bounded
models, provided that we use a sequence of priors. Suppose that the bracketing num-
bers of P are infinite, but there exist subsets P, 1 P with finite bracketing numbers.
Let €, be numbers such that log IV} (€n, Pn,h) < nefZ and be such that ne? is increasing
with ne? /logn — oo. Then we construct II,, as before with P replaced by P,, but we
do not mix these uniform distributions. Instead, we consider II,, itself as the sequence
of prior distributions. Then the corresponding posteriors achieve the convergence rate
€n-

It is worth observing that we use a condition on the entropies with bracketing, even
though we apply Theorem 8.6.2, which demands control over metric entropies only.
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This is necessary because the theorem also requires control over the likelihood ratios.
If, for instance, the densities are uniformly bounded away from zero and infinity, so
that the quotients py/p are uniformly bounded, then we can replace the bracketing
entropy also by ordinary entropy. Alternatively, if the set of densities P possesses
an integrable envelope function, then we can construct priors achieving the rate ¢,
determined by the covering numbers up to logarithmic factors. Here we define €, as
the minimal solution of the equation log N (¢, P, h) < ne? and N (e, P, h) denotes the
Hellinger covering number (without bracketing).

We assume that the set of densities P has a p-integrable envelope function: a
measurable function m with ['mdu < co such that p < m for every p € P. Given
€n > 0let {$1p,...,SNn,n} be a minimal €,-net over P (hence N,, = N(e,, P, h)) and
put

Gim = (sj0 + eam'?)? /s,
where ¢;,, is a constant ensuring that g;,, is a probability density. Finally, let II,, be
the uniform discrete measure on g, ..., gn,» and let II = Zfil 11, be a convex
combination of the II,, as before. This is similar to the construction of sieved MLE in
theorem 6 of Wong and Shen [172]. The following result guarantees an optimal rate
of convergence.

Theorem 8.6.5. Suppose that €, are numbers decreasing in n such that
log N (e, P, h) < ne2

for every n and ne?/logn — oo. Construct the prior II = Y 02 A1, as given
previously for a sequence A, such that \, > 0 for all n and log\;' = O(logn).
Assume m is a p-integrable envelope. Then the corresponding posterior converges at
the rate €, log(1/e,) in probability, relative to the Hellinger distance.

We omit the proof.
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Survival Analysis—Dirichlet Priors

9.1 Introduction

In this chapter, our interest is in the distribution of a positive random variable X,
which arises as the time to occurrence of an event. What makes the problem different
from those considered so far is the presence of censoring. Typically, one does not
always get to observe the value of X but only obtains some partial information about
X, like X > aora < X < b This loss of information is often modeled through
various kinds of censoring mechanisms: left, right, interval, etc. See Andersen et
al. [3] for a deep development of various censoring models. The earliest frequentist
methods for censored data were in the context of right censored data, and it is this
kind of censoring that we will study in this and in Chapter 10. Bayesian analysis of
other kinds of censored data is still tentative, and much remains to be done.

Let X be a positive random variable with distribution F' and let Y be independent
of X with distribution G. The model studied in this section is: F' ~ II, given F;
X1, Xo,..., X, are i.i.d F; given G; Y7,Y,,...,Y, are i.i.d G and are independent of
the X;s; the observations are (Z1,91),(Z2,02),...,(Zn,d,) where Z; = (X; AY;) and
6 = 1(X; <Y)).

Our interest is in the posterior distribution of F' given (Z;,6;) : 1 <i < n.

Under the assumption that X and Y are independent, the posterior distribution of
F given (Z,0) is independent of G. If Z; = z; and ¢; = 0, the observation is referred
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to as (right) censored at z;, and in this case it is intuitively clear that the information
we have about X is just that X; > z; and hence the posterior distribution of F
given (Z; = z;,0; = 0) is I1 (+| X; > z;). Similarly, the posterior distribution of F' given

In Section 9.1, we study the case when the underlying prior for F' is a Dirichlet
process. This model was first studied by Susarla and Van Ryzin [154]. They obtained
the Bayes estimate of F, and later Blum and Susarla [26] gave a mixture represen-
tation for the posterior. Here we develop a different representation for the posterior
and show that the posterior is consistent.

In Section 9.2, we briefly discuss the notion of cumulative hazard function, describe
some its properties, and use it to describe a result of Peterson who shows that, under
mild assumptions, both F' and G can be recovered from the distribution of (Z,4).
This result is used in Section 9.3.

In Section 9.3, we start with a Dirichlet prior for the distribution of (Z,0) and
through the map discussed in Section 9.2, transfer this to a prior for F'. The properties
discussed in Section 9.2 are used to study these priors.

In the last section, we look at Dirichlet process priors for interval censored data
and note that some of the properties analogous to the right censored case do not hold
here. Some of the material in this chapter is taken from [81] and [87].

9.2 Dirichlet Prior

Let a be a finite measure on (0, 00). The model that we consider here is F' ~ D,; Given
F: Xy, Xs, ..., X, areiid F; Given G; Y1,Y5,...,Y, are i.i.d G and are independent
of the Xjs; the observations are (Z1,01),(Z2,02),...,(Zn,0,) where Z; = (X; AY))
and 0; = I(X; <Y)).

Our interest is in the posterior distribution of F' given (Z;,0;) : 1 <4 < n. Under
the independence assumption the distribution of G plays no role in the posterior
distribution of F.

The posterior can be represented in many ways. Susarla and Van Ryzin [154], who
first investigated, obtained a Bayes estimate for F and showed that this Bayes es-
timate converges to the Kaplan-Meier estimate as «(RT) — 0. Blum and Susarla
[26] complemented this result by showing that the posterior distribution is a mix-
ture of Dirichlet processes. This mixture representation, while natural, is somewhat
cumbersome.
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Lavine [118] observed that the posterior can be realized as a Polya tree process.
Under this representation computations are more transparent, and this is the repre-
sentation that we use in this chapter. A more elegant approach comes from viewing a
Dirichlet process as a neutral to right prior. This method is discussed in Chapter 10.

Since a Dirichlet process is also a Polya tree, we begin with a proposition that
indicates that a Polya tree prior can be easily updated in the presence of partial
information. The proof is straightforward and omitted.

Proposition 9.2.1. Let y be a PT(T, ). Given P; X1, Xo, ..., X, arei.i.d P. The
posterior given Ip_ (X1), Ip,, (Xa),.. ., Ip,, (Xn) is again a Polya tree with respect to
T and with parameters a, = o + ##{i : B, C B}.

Let Z = (Zy, 2, ..., 2Zy), where Zy < -+ < Z,. Consider the sequence of nested
partitions {m,(Z)}m>1 given by:

7T1(Z) . BOZ(O7Z1],B1:(Zl7OO)
7T2(Z) : Boo, Bo1, Bio = (Zh Z2]7B11 = (Z2,OO)

and for I < (n—1),let
7rl+1(Z) : B0107 B0117 B Blz,o = (Zl7 ZlJrl]v Blll = (ZlJrla OO)

where 1; is a string of 1s of length 1, and 0; is a string of Os of length 1. The remaining
Bes are arbitrarily partitioned into two intervals such that {m,,(Z)}mn>1 forms a
sequence of nested partitions that generates B(R™).

Let e, o = (B, o), and CF, =35 I[(Zi,00) C B, q]. Also, let

Uy =#{(Z:,6;) : Zi > Z3), 6, =1}

be the number of uncensored observations strictly larger than Z;.
Similarly denote by C; the number of censored observations that are greater than
or equal to Z(;, i.e.

Ci=#{(Zi,6): Z; > Zz),6; = 0}

where n; = C; + U;_; is the number of subjects alive at time Z(; and nj =C;+ U
is the number of subjects who survived beyond Z;). To evaluate the posterior given
(21,01), ., (2n, 0n), first look at the posterior given all the uncensored observations
among (z1,01), ..., (#n,0,) . Since the prior on M (X)—the space of all distributions
for X—is a Dy, the posterior on M(X) is Dirichlet with parameter o+ 3 A,y 0z
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Because a Dirichlet process is a Polya tree with respect to every partition, it is
so with respect to 77"(Z"). Proposition 9.2.1 easily leads to the updated parameters

ol .- We summarize these observations in the following theorem.

€1,€2,4.005€
Theorem 9.2.1. Let u = D, Xdg, be the prior on M(R™)x M(R™). Then the pos-
terior distribution pi(- | (z1,01), ..., (2n,0n)) is a Polya tree process with parameters

ﬂ_ng,é) Zo) .

and oy ={de .. .}, where Ge,,. o = 0

.....

.....

.....

) + number of uncensored observations in B,

,,,,,

The representation immediately allows us to find the Bayes estimate of the survival
function F'=1— F. Fix t > 0 and let Z(;) <t < Z(341). Then, with Zg) =0

b F(Zw)
11 F(Zj))

1

F(t)

Fio) = F(Zw)

(9.1)

A bit of reflection shows that Theorem 9.2.1 continues to hold if we change the parti-
tion to include ¢, i.e., partition By, into (Z),t] and (¢, 00) and then continue as before.

Thus the factors in (9.1) are independent beta variables and F(t) = E(F(t)|(Z;, ;) :
1 <i < n)is seen to be

k
2 Z, s Ul CZ s
F((‘,): H Oz(.(),OO)+ .+ . Ol(f o0) + U, + Gy (92>
| Oé(Z(Z,l), OO) + U, +C; ()é(Z(k), OO) +Up + C;
Rewrite expression (9.2) as
ﬁ OZ(Z(Z-),OO)+UZ'+CZ' Oé(f,OO) + U + Cy (9 3)
L a(Zg),00) + Ui + Cia a(0,00) +n '

If the censored observations and the uncensored observations are distinct (as would
be the case if F' and G have no common discontinuity), then at any Z) that is an
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uncensored value, C; = Cj;; and the corresponding factor in (9.3) is 1. Thus (9.3)
can be rewritten as

H a(Ziy,00) + Ui+ Ci | alt,00) + U + C,
a(Zy,00) + U + Cipq a(0,00) +n

(0.4)

Z(i)<t,6;=0

This is the expression obtained by Susarla and Van Ryzin [154]. The expression is
a bit misleading because it appears that the estimate, unlike the Kaplan-Meier, is a
product over censored values. Keeping in mind that Cy = Cy.1, it is easy to see that if
t is a censored value, then the expression is left-continuous at ¢, and being a survival
function it is hence continuous at ¢. Similarly, it can be seen that the expression has
jumps at uncensored observations. Thus the expression can be rewritten as a product
over censored observations times a continuous function. This form appears in the
Chapter 10.

As a(0,00) — 0, (9.1) goes to
il U, + C;
1 Ui—l + CZ

Ut+ct
Up + Cy

(9.5)

If Z;) is uncensored then U; +C; = N and U;_1+C; = N;. If Z;) is censored then
U; + C; = U;_1 + C; and we get the usual Kaplan-Meier estimate.
We next turn to consistency.

Theorem 9.2.2. Let Fy and G have the same support and no common point of
discontinuity. Then for any t > 0,

(i) E(F(t)|(Zi,6;) : 1 <i<n)— Fy(t) ae. P g and
(it) V(E@®)|(Zi,6) : 1 <i<n) =0 ae PP
Hence the posterior of F is consistent (Fy.

Proof. Because Fy and G have the same support and no common point of discon-
tinuity, the censored and uncensored observations are distinct. Note that if a,b,c >
0,a +b/a+ ¢ > b/c. Using this fact, it is easy to see that (9.1) is larger than (9.5),
and hence

lim E(F(t)[(Z;,6;) : 1 <i<n)> Fy(t) ae Pi.g

n—o0
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On the other hand, writing (9.4) as A,,(t)B,(t) where

A (t) _ Oé(t,OO) +Ut+ct
" a0,00) + 1

By(t) =

H O((Z(i), OO) +U;+C;

Z(3y <t,6:=0 Q(Z(z)a OO) + Uz + C¢+1

it is easy to see that A, (t) — Fy(t)Go(t) and

(Bu()™ > H Ui+ Ci

sy <igio Ui H Gt

The right side of the last expression is the Kaplan-Meier estimate of G, and so

lim (B,(t))"" > G(1)

and
lim B,(t) < (G(t))™'
so that

nh_fgo An(t)By(t) < Fo(t)

Since the factors in (9.1) are beta variables, it is easy to write E(F2(t)|(Zi,d;) :
1 <i<mn). Abit of tedious calculation will show that

E(F*(1)|(Zi,6;) : 1 <i<n)— Fi(t)

We leave the details to the reader. O

9.3 Cumulative Hazard Function, Identifiability

Let F be a distribution function on (0, 00). So the survival function F' = 1 — F is de-
creasing, right-continuous and lim; o F'(t) = 1,lim; ., F(t) = 0. We will often write
F(A), F(A) for the probability of a set A under the probability measure correspond-
ing to the distribution function F. Thus F{t} = F{t} = F(t)—F(t—) = F(t—)—F(t)
is the probability of {t¢}.

A concept of importance in survival analysis is failure rate and the related cumu-
lative hazard function. For the distribution function F' of a discrete probability, a
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natural expression for the hazard rate at s is F{s}/F(s—). Summing this over s <t
gives a notion of cumulative hazard function for a discrete F' at t as

F{s O dF(s
HF)(H)= 2 F(:E*—}) :/O F(s(—))

s<(t)

Extending this notion, cumulative hazard function for a general F' is defined by

O dF(s
OO = [ F

More precisely, let F' € F and let Tr = inf{t : F'(t) = 1}. Note that Tr may be co.
Set

dF(s)
H(F) = Hp(t) = f(Ot]Fgoo), for t < T
Hp(Tr) for t > Ty

n)

1. Let {s1,52,...} be a dense subset of (0,00). For each n, let s! ()

< -0 < Sp
be an ordering of {s1,...,s,}. Let 5(()") = 0 and define

( (n)

]
Z (n)<t W)Jr)l for ¢ S TF

H"(TF) fort > Tp

HE(t) =

Then, for all ¢, H:(t) — Hp(t) as n — oo.

2. Hp is nondecreasing and right-continuous. The fact that Hp is nondecreasing
follows trivially because F is nondecreasing. To see that Hp is right-continuous,
fix a point ¢ and note that if j = max{i < n: s < ¢}, then

F(st), st

Hp(t+) — Hp(t) = lim ]J;l’ hs
noee P(s) 00)

where both {sﬁ)l} and {5]12} are nondecreasing sequences converging to ¢ from

above. Thus F(s 1)1, 512] — 0 as n — oo.

If t < Tp, then the denominator of the right hand side of the equation is
positive for some n, hence right-continuity follows. For t > Tr it follows from
the definition.
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It is easy to see that Hp(t) < oo for every t < Tr. As with F', we will think of Hg
simultaneously as a function and a measure. Thus the measure of any interval
(s,t] under Hp will be defined as Hp(s,t] = Hp(t) — Hp(s). For Tp < s < t,
define Hp(s,t] = 0.

3. For any ¢, Hp has a jump at ¢ iff F' has a jump at ¢, i.e. {t: Hrp{t} > 0} = {t:
F{t} > 0}.

4. Tt follows from preceding that

(a) Trp =inf{t : Hp(t) = co or Hp{t} = 1},

(b) Hp{t} <1 for all t,

(¢) Hp(Tr) = oo if Tp is a continuity point of F,and
(d) He{Tr} =1if F{Tr} > 0.

These and other properties of H and details can be found in Gill and Johansen
[90].

Let A’ be the space of all functions on [0, 00) that are nondecreasing, right-continuous,
and may, at any finite point, be infinity, but has jumps no greater than one, i.e.,

A'={BeH|B{t} <1forall t}

Equip A’ with the smallest o-algebra under which, the maps {A — A(t),t > 0} are
measurable. H maps F into A’ and H is measurable. The actual range of H, which
we will now describe, is smaller.

For A € A let Ty = inf{t : A(t) = oo or A{t} = 1}. Let A be the space of all
cumulative hazard functions on [0, c0). Formally define A as

A= {A cA | A( ) A(TA) for all t > TA}

Endow A with the o-algebra which is the restriction of the o-algebra on A’ to A.
The map H is a 1-1 measurable map from F onto 4 and, in fact, has an inverse [see
Gill and Johansen [90]]. We consider this inverse map next and briefly summarize its
properties.

Let A € A'. Let {s1,52,...} be dense in (0, 00). For each n, let s < - < s
be as before. Fix s < ¢. If A(t) < oo, define the product integral of A by

[I1—an) = ,}ggo [T a-AGT s

(s,t] (n) <t
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where A(a, b] = A(b)—A(a) for a < b. If A(t) = oo and A(s) < oo, set [, 4(1—dA) =
0. If A(s) = oo, set [[, 4(1 —dA) =1.
Theorem 9.3.1. Let A € A. Then F' given by
F(t)=1-]J](-d4)

(0,4]

L[ dR(s)
Alt) = /H Fls, o0)

The following properties of the product integral are included to lend the reader a
better understanding of the nature of the map H and will be useful later. For details,
we again refer to Gill and Johansen [90].

is an element of F. Further,

5. Like H, the product integral also has an explicit expression:

[T —da) =exp(-a°@) [T(1 - Afs})

(0,2] s<t
where A¢ is the continuous part of A.

6. Let ps denote the Skorokhod metric on D[0, c0) and let {H,,} be a sequence in
A. Say that pg(H,, A) — 0 for some A € A as n — oo, if ps(H!, AT) — 0 for
all T > 0 where HI and A" are restrictions of H, and A to [0,7]. It may be
shown, following Hjort [([100], Lemma A.2, pp. 1290-91), that if {H,},A € A
and ps(H,, A) — 0, then H™*(H,,) = H~!(A). Thus, if A is endowed with the
Skorokhod metric, then H™! is a continuous map.

Let I be a distribution function. In the literature
A(F)=—logF

is also used to formalize the notion of “cumulative hazard function of F.” A arises
by defining the hazard rate at s for a continuous random variable as

(s) = 1i 1 P(s <X <s+As)
"= A As P(X >s
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If X has a distribution F with density f then r(s) = f(s)/F(s) and if the cumulative
hazard function is defined as fo(')r(s)ds then this gives A(F) = —log F'(-). One
extends the definition for a discrete F' formally to give A.

It is easy to see that the two definitions coincide when F' is continuous. However, in
estimating a survival function or a cumulative hazard function one typically employs a
discontinuous estimate. Further, priors like the Dirichlet sit on discrete distributions.
The nature of the map, therefore, plays an important role in inference about lifetime
distributions and hazard rates. For us, the cumulative hazard function of a distribution
will be H(F).

We next turn to identifiability of (F,G) by (Z,d). As before, let X and Y be
independent with X ~ F\Y ~ G. Let T'(x,y) = (2,0) = (xAy), I(x <y)) and denote
by T*(F,G) the distribution of 7" when X ~ F.Y ~ G.

T*(F,G) is thus a probability measure on 7 = (0,00) x {0,1}. Any probability
measure P on 7T gives rise to two subsurvival functions,

S°(t) = P((t,00) x {0})
and
S'(t) = P((t,00) x {1})
These satisfy

SO(0+) + SH0+) =1, S*(t) decreasing in t Jim Si(t) =0 (9.6)

Conversely, any pair of subsurvival functions satisfying (9.6) correspond to a prob-
ability on 7. The following proposition, due to Peterson [138], shows that under mild
assumptions F' and G can be recovered from T*(F, G).

Proposition 9.3.1. Assume that F' and G have no common points of discontinuity.
Let T*(F,G) = (5° S1). Then for any t such that S(t) > 0,i =0, 1;

1.
B dSt(s)
He®)= | S0+ 57(50) ®.7)

ey ol st 5'{s)
F(t) = ¢~ 40 3061576 1— i
(t)=e : H SO(s—) + S (s—) (9:8)
$<t,51{s}>0
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3.
sup |, (1) = F(O)] +1Gu(t) = G) = 0 if
sup [|56(t) = S°(1)| + [5(0) = ")) =0 (9.9

A similar expression holds for G. Thus, if we assume that F and G have no com-
mon points of discontinuity and have the same support, then both F' and G can be
recovered from T*(F, Q).

9.4 Priors via Distributions of (Z, §)

It might be argued that in the censoring context, subjective judgments such as ex-
changeability are to be made on the observables (Z,A) and would hence lead to
priors for the distribution of (Z, A). The model of independent censoring can be used
to transfer this prior to the distribution of the lifetime X.

Formally, let My C M (X) x M(Y) be the class of all pairs of distribution functions
(F,G) such that

1. F and G have no points of discontinuity in common, and
2. forallt >0,F(t) <1and G(t) < 1.

Denote by T the function T'(z,y) = (zAy, I,<,) and by T* the function on M (§x )
defined by T*(P, Q) = (P,Q)oT !, i.e., T*(P, Q) is the distribution of T under (P, Q).
Let My* = T*(Mj). From the last section we know that on Mg, T* is 1-1. Note that
every prior on My gives rise to a prior on Mg* via T™* and every prior on My* induces
a prior on My through (7).

Theorem 9.4.1. Let II be a prior on Mg and II* = po ¢~1 be the induced prior
on My™.

(i) If TI*(-|(Z;,0;) : 1 < i < n) on My" is weakly consistent at T*(Fy, Qo), and
(P, Qo) is continuous then the posterior I1(-|(Z;,0;) : 1 < i < n) on My is
weakly consistent at (P, Qo).

(i) If1I*(U|(Z;,6:) : 1 <i<n)—1 for U of the form
U={(s°5": Sgp[\so(t) = SoO] +1S1(t) — Sp()] < e}
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(here (S3,S}) are the subsurvival functions corresponding to T*(Py, Qo)), then
the posterior I1(-|(Z;,6;) : 1 < i < n) on My is weakly consistent at Fy.

Proof. (i) immediately follows from the fact that for continuous distributions the
neighborhoods arising from supremum metric and weak neighborhoods coincide (see
Proposition 2.5.3). The second assertion follows from the continuity property de-
seribed in Proposition 9.3.1 and by noting that TI(.|(Z;,d;) : 1 <4 < n) on M is just
the distribution of (7%)~! under II*(.|(Z;, 6;) : 1 < i < n). O

We have so far not demonstrated any prior on Mp*. We next argue that it is in
fact possible to obtain a Dirichlet prior on M(7) that gives mass 1 to Mgp™.

Theorem 9.4.2. Let « be probability measure on T = (0,00) x {0,1} and let
(89, 81) be the corresponding subsurvival functions. Assume

(a) SO and S. have the same support and have no common points of discontinuity;
and

(b) if fori=0,1, Hi(t) = [, dSa(s)/((Sa(s—) + Sa(s—))) satisfies
tligloHl(f) =00 fori=0,1

then for any ¢ > 0, Dqo(Mp*) = 1.

Proof. We will work with pairs of random subsurvival functions than with random
probabilities on 7. We will show that with D, probability 1,

(a) S° and S! have the same support and have no common points of discontinuity;
and

(b) for i =0,1, [, d5°(5)/(S°(s—) + S'(s—)) = o0

That (a) holds with probability 1 is immediate from assumption (a). For (b), let
t1,ta, . .., continuity points of S, be such that

Sy (tiz1, t]
Z 0 1 =
— (So(ti—1) + Si(ti-1))
Such t¢;s can be chosen by first choosing s; with H;(s;) 1 oo and then choosing ¢;s in
(Si, Sprﬂ with

Salti1, ti] ) y
Z (S9(tim1) + Sa(tiz1)) > Hi(si) — Hi(si-1) +2

t;€(s4,8i41]
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Let ¥ = St 1, ]/((S°(ti 1) + St 1)), clearly S, > [ dS'(s)/(5°(s—) +
S'(s—)). Further, the Y;’s are bounded by 1 and under Dirichlet, are independent.
Note that (S2(¢;_1) + SL(t;_1)) and Y; are independent and hence

Saltizn,ti
(SQ(ti1) + Si(ti-1))

Assumption (b) guarantees Y F(Y;) = oo. This in turn gives > E(Y;) = oo [See
Loeve, [132] p 248)]. 0

B(Y) =

In addition to consistency, if the empirical distribution of (Z, A) is a limit of Bayes
estimate on Mg*, then so is the Kaplan-Meier estimate. This method of constructing
priors on My is appealing and merits further investigation—for instance the Dirichlet
process on Mg* arises through a Polya urn scheme, and it would be of interest to see
the corresponding process for the induced prior.

9.5 Interval Censored Data

Susarla and Van Ryzin showed that the Kaplan-Meier estimate, which is also the non-
parametric MLE, is the limit of Bayes estimates with a D,, prior for the distribution
of X. The observations in this section show that this result does not carry over to
other kinds of censored data.

Here our observation consists of n pairs (L;, Ri];1 < ¢ < n where L; < R; and
corresponds to the information X € (L;, R;]. We assume that (L;, R;l;1 < i < n
are independent and that the underlying censoring mechanism is independent of the
lifetime X so that the posterior distribution depends only on (L;, R;;1 < i < n.
Let t1 < to < ...,tg41 denote the endpoints of (L;, R;];1 < ¢ < n arranged in
increasing order and let I; = (¢;,¢;41]. For simplicity we assume that ¢; = min L; and
ler1 = max R;. '

Our starting point is a Dirichlet prior D(cay, cag, .. ., cay) for (p1, pa, .. ., pr) where
p; = P{X € I;}. Turnbull [159] suggested the use of the nonparametric maximum
likelihood estimate obtained from the likelihood function

n

I > »

i=1 \I;C(Li,Ri]

If (p1,p2,...,pk) has a D(cay, cas, . .., cay) prior then the posterior distribution of
(p1,p2, - -, k) given (L;, R;];1 < i < n is a mixture of Dirichlet distributions.
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Call a vector a = (ay,aq,...,a,), where each a;, is an integer, an imputation of
(Li,Ril;1 <i<nifl, C(L; Ry For an 1mputat10n a, let n;(a) be the number of
observations assigned to the interval I;. Formally n;(a) = #{i : a; = j}.

Let the order O(a) of an imputation be #{j : n;(a) > 0}. Let A be the set of all
imputations of (L;, R;];1 < i < n and let m = mingea O(a). Call an imputation a
minimal if O(a) = m.

It is not hard to see that the posterior distribution of (p1, pa, . .., px) given (L;, R;]; 1 <
1 <nis

Z CoD(caq +nyi(a), cas + na(a), . . ., coy, + ni(a))

acA

where

o ITleo +ny(w)
Y Yea I Tleas +ny(a))
The Bayes estimate of any p; is
Z C,y ca; +n;(a)

c n
acA +

As ¢ 10, (ca; +nji(a))/(c+n) — n;(a)/n. The behavior of C, is given by the next
proposition.

Proposition 9.5.1. lim. o Cy > 0 iff a s @ minimal imputation.

Proof. Suppose @ is not minimal. Let g, be an imputation with O(a) > O(ay):

¢, < it (ca; +ni(@) _ [T Dleay) Thins@0 (HQ’@(C% + i))
- Hl (ca; +nj(a)) Hf:l [(cay) Hj:nj(ﬂo)#o) (ng(%)(caj + Z))

Since O(a) > O(ay) the ratio goes to 0. Conversely, if ¢ is minimal it is easy to see
that

Z H1 i (caj +n;(d))

Ca a’€A 1 (CO‘J +ny (a))

converges to a positive limit. O
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Thus the limiting behavior is determined by minimal imputations. A few examples
clarify these notions.

Example 9.4.1. Consider the right censoring case, i.e., for each i either L; = R;
or R; = t;. Any minimal imputation is given by assigning compatible observations
to the singletons corresponding to uncensored observations and I} if the last(largest)
observation is censored.

Example 9.4.2. Consider the case when we have current status or case I interval
censored data. Here for each 4, either L; = ¢; or R; = {1 so that all we know is if
X; is to the right of L; or to the left of R;.

(i) If max; L; < min; R; the minimal imputation is allocation of all the observations
to the interval (max; L;, min; R;].

(ii) In general, the minimal imputations have order 2. For example, a consistent
assignment of the data to (¢1, min; R;], (max; L;, tx1] would yield a minimal
imputation.

A couple of simple numerical examples help clarify the different cases. In the follow-
ing examples the prior of the distribution is D.,, where « is a probability measure.
The limit is taken as ¢ — 0. Corresponding to any imputation a, we will call the
intervals I;s for which n;(a) > 0, an allocation, and an allocation corresponding to a
minimal imputation will be called a minimal allocation.

Example (a): This example illustrates that the limit of Bayes estimates could be
supported on a much bigger set than the NPMLE. The observed data consist of the
four intervals (1, 00), (2, 00), (0, 3], (4, c0).

The limit of Bayes estimates in this case turns out to be;

F(0,1] = 1/22,

F(1,2] = 2/22,

F(2,3] = 6/22, and

F(4,00] = 13/22,

while the NPMLE is given by,
F(2,3] =1/2 and

F(4,00] = 1/2.

In the example, each minimal allocation consists of only two subntervals.
(1) (0,1], and (4, 00), with the corresponding numbers of X;s in the subintervals being
1 and 3, respectively, represents a minimal allocation.
(i) (2, 3] and (4, oco) with the corresponding numbers of X;s in the subintervals being
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1 and 3, respectively, represents another minimal allocation.
(i) (2, 3] and (4, o) with the corresponding numbers of X;s in the subintervals being
2 and 2, respectively, represents yet another minimal allocation.

Example (b): This example shows that the limit of Bayes estimates could be sup-
ported on a smaller set than the NPMLE. The observed data consist of the intervals
(0, 1], (2, 00), (0, 3], (0, 4], and (5, o).

The limit of Bayes estimates in this case turns out to be:

F(0,1] = 3/5, and
F(5,00) = 2/5.
while the NPMLE is given by:

F0,1] =1/2,

F(2,3] =1/6, and

F(5,00) = 1/3.

As ¢ — 0, while Dirichlet priors lead to strange estimates for the current status data,
the case ¢ = 1 seems to present no problems. Even when ¢ — 0 we expect that the
limiting behavior will be more reasonable when the data are case II interval censored,
in the sense described in [91]. In this case, the tendency to push the observation to
the extremes would be less pronounced.

In the current status data case the limit (as ¢ | 0) of the posterior itself exhibits
degeneracy. The following proposition is easy to establish.

Proposition 9.5.2. Let R* = inf R; and L* = sup L;.

:L;=0 i:Ri=tg41
(i) If R* < L* then as ¢ | 0 the posterior distribution of P(R*, L*) converges to the
measure degenerate at 0

(i) If L* < R* then as ¢ | 0 the posterior distribution of P(L*, R*) converges to the
measure degenerate at 1



10
Neutral to the Right Priors

10.1 Introduction

In Chapter 3, among other aspects, we looked at two properties of Dirichlet processes-
the tail free property and the neutral to the right property. In this chapter we discuss
priors that generalize Dirichlet processes via the neutral to the right property.

Neutral to the right priors are a class of nonparametric priors that were introduced
by Doksum [48]. Historically, the concept of neutrality is due to Connor and Mosimann
[34] who considered it in the multinomial context. Doksum extended it to distributions
on the real line in the form of neutral to the right priors and showed that if I is neutral
to the right, then the posterior given n observations is also neutral to the right. This
result was extended to the case of right-censored data by Ferguson and Phadia [64].
These topics are discussed in Section 10.2.

Doksum and Hjort showed that a prior is neutral to the right iff the cumulative
hazard function has independent increments. Since independent increment processes
are well understood, this connection provides a powerful tool for studying neutral
to the right priors. In particular, independent increment processes have a canonical
structure, the so-called Lévy representation. The associated Lévy measure can be
used to elucidate properties of neutral to the right priors. For instance Hjort provides
an explicit expression for the posterior given n independent observations in terms of
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the Lévy representation when the Lévy measure is of a specific form. In Section 10.3
we summarize these results.

In Section 10.4 we discuss beta processes. Hjort [100] and Walker and Muliere [166],
respectively, developed beta processes and beta-Stacy processes, which provide con-
crete and useful classes of neutral to the right priors. These priors are analogous to
the beta prior for the Bernoulli (), are analytically tractable, and are flexible enough
to incorporate a wide variety of prior beliefs.

The rest of the chapter is devoted to consistency results for neutral to the right
priors. These results center around an example of Kim and Lee [114] of a neutral to
the right prior that is inconsistent at all continuous distributions.

10.2  Neutral to the Right Priors

For any F' € F, as in the Chapter 9 F/(-) = 1 — F(-) is the survival function corre-
sponding to F. Let F'(0) = 1. We also continue to denote by F(A) the measure of
the set A under the probability measure corresponding to F'.

Definition 10.2.1. A prior II on F is said to be neutral to the right if, under II,
forallk>1andall 0 <t; <...<ty,

are independent.

If IT is neutral to the right, we will also refer to a random distribution function
F with distribution IT as being neutral to right. Note that (0/0) is defined here and
throughout to be 1.

For a fixed F, if X is a random variable distributed as F', then for every 0 < s < t,
F(t)/F(s) is simply the conditional probability F(X > t|X > s). For t > 0, F(t) is
viewed as the conditional probability F'(X > ¢|X > 0).

Example 10.2.1. Consider a finite ordered set {¢i,...,¢,} of points in (0, 00). To
construct a neutral to right prior on the set 7, ;, of distribution functions supported
by the points ¢y, ...,t,, we only need to specify (n — 1) independently distributed
[0, 1]-valued random variables Vi,...,V,_1, and then set F(t;)/F(t;-y) = 1 —V; for
1 < i < n— 1. Finally, set F(t,)/F(t,—1) = 0. Observe that F(t,) = 0 and, for
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1<i<n-—1,
F(t)=T]0-v)
j=1
Example 10.2.2. In a similar fashion we can construct a neutral to right prior on
the space Fr of all distribution functions supported by a countable subset T’ = {t; <
ty < ...} of (0,00). N
Let {V;}i>1 be a sequence of independent [0, 1]-valued random variables such that,
for some 7 > 0,
STPV > ) =00
i>1
This happens, for instance, when V;s are identically distributed with P(V; > ) > 0.
As before, for i > 1, set F(t;)/F(t;_1) = 1 —V;. In other words, F(t;) = [[r,(1-Vj),
for all £k > 1. By the Borel-Cantelli lemma, we have

P(HO%%W>—1

i>1
This defines a neutral to right prior II on F because

k
lim F(t) = lim | [(1-V;) =0, a.s. Il
t—o0 k—o00 P,

Dirichlet process priors of course provide a ready example of a family of neutral to
the right priors. Other examples are the beta process and beta-Stacy process , to be
discussed later.

As before, we consider the standard Bayesian set-up where II is a prior and given F',
X1,Xy,... beiid. F. For each n > 1, denote by Ilx, . x, a version of the posterior
distribution, i.e. the conditional distribution of F' given X, ..., X,,.

Following are some notations:

For n > 1, define the observation process N,(.) as follows:
Nau(t) = Tn(X;) forallt>0
i<n

For every n > 1, let N,(0) = 0. Observe that N, (.) is right-continuous on [0, c0). Let

OO
F(ty) T F(tk-) )

Gty =0 { F(ty),
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Thus G, . 4, denotes the collection of all sets of the form

F(ty) F(ty)
RGO ) <)

p={(Fiw),

where C' € Bf?),l]'

Theorem 10.2.1 (Doksum). Let IT be neutral to the right. Then Ilx,  x, is also
neutral to the right.

Proof. Fix k > 1 and let t; < t5 < --+ < t; be arbitrary points in (0, c0). Denote by
Q the set of all rationals in (0,00) and let Q' = QU {t1,...,tx}. Let {s1,$2,...} be

an enumeration of Q'. Observe that, for large enough m, {t1,...,tx} C {s1,...,Sm}
For such an m, let s( V<< sm) be an ordering of {s1,...,s,}. Let Y;<m) =
F(si™)/F(s™) and, under 1, let TI™ denote the distribution of Y;™.
Let ny < -+ < ny,. Then, given {N,(s\™) = ny, ..., No(s') = n,,}, the posterior

density of (Yl(m), LYY s written as

[T, (1 — )iy ™
ST (1 —yz yrimnimay PG (y,)

Y751m) (ylv s 7ym)

,,,,,

n—n;

m
Yi
i:l 1_ Jri iyt n7dH(m)(yz)

TL —MNj—1

This shows that (Y{™,..., %) are independent under the posterior given
{NTL(ng))7 RS Nn(s'%n))} Hence,

are also independent under the posterior given the same information.
Now, by the right-continuity of N, (-) we have, as n — oo,

o{Nu(s;),j <m} 1 o{Nu(t),t = 0} = 0(Xy, ..., Xp)
Hence, for any A € G;, 4, , by the martingale Convergence theorem, we have
(A | No(s™), . Nu(s™)) 5 TI(A | Xy,...,X,) almost surely

Since for each m, the random quantities F'(t,), F(ty)/F(t1)..., F(ty)/F (k) are
independent given o (N, (SY”))7 ooy Na(s (”))) independence also holds asm — o0o. [J
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A perusal of the proof given above suggests that for any ¢; < ty the posterior
distribution of F(t5)/F(t;) depends on {N"(s) : t; < s < t5}. In words, the pos-
terior depends on the number of observations less than ¢;, the exact observations
between t; and t5 and the number of observations greater than ¢,. This was observed
by Doksum. The following theorem proved in [42] shows that this property essen-
tially characterizes neutral to the right priors. Walker and Muliere [167] have also
obtained characterizations of neutral to the right priors. Their results are presented
in a different flavor.

Theorem 10.2.2. Let II be a prior on F such that II{0 < F(t) < 1, for allt} = 1.
Then the following are equivalent:

(i) 11 is neutral to the right
(i) for everyt
L(F@)I(| X1, X2, ..., X)) = L(F{)|N"(s): 0 < s <)
where L(.) stands for the Law of (.).

Thus, if one wants to estimate the probability that a subject survives beyond ¢
years based on n samples of which n; fell below ¢, then a neutral to the right prior
would lead to the same estimate if the remaining n — n; observations fell just above
t or far beyond it. This is a property that is also shared by the empirical distribution
function. This suggests that neutral to the right priors are appropriate when the
interest is in all of F' and inappropriate if the interest is in a local neighborhood of a
fixed time point.

Ferguson and Phadia [64] extend Doksum’s result in the case of inclusively and
exclusively right censored observations. Let x be a real number in (0,00). Given a
distribution function F' € F, an observation X from F' is said to be ezclusively right
censored if we only know X > z and inclusively right-censored if we know X > z.
We state their result next. The proof is straightforward.

Theorem 10.2.3 (Ferguson and Phadia). Let F' be a random distribution func-
tion neutral to the right. Let X be a sample of size one from F, and let x be a number
n (0,00). Then

(a) the posterior distribution of F' given X > x is neutral to the right, and

(b) the posterior distribution of F given X > x is neutral to the right.
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10.3 Independent Increment Processes

As mentioned in the introduction, neutral to the right priors relate to independent
increment process via the cumulative hazard function. To recall from Chapter 9, the
cumulative hazard function is given by

dF(s)
f(Ot] Fsoso) for t <Tp

H(F)(t) = Hp(t) = {HF(TF) for t > Ty

and discussed its properties.
The next result establishes the connection between neutral to the right priors and
independent increment processes with nondecreasing paths via the map H.

Theorem 10.3.1. Let II be a neutral to the right prior on F. Then, under the
measure IT* on A induced by the map H, {A(¢t) : t > 0} has independent increments.
Conversely, if TI* is a probability measure on A such that the process {A(t) : t > 0}
has independent increments, then the measure induced on F by the map

H': A 1-]]1-dA)

(0,¢]
is neutral to the right.

Proof. First suppose that II is neutral to the right on F and let t; < --- < ¢ be

arbitrary points in (0 oo) Consider, as before, a dense set {s1, 52, ...} in (0, 00). Let,

M ... < Sn "™ he as before.

for each n, s
Suppose n is large enough that s > tg. Then, for each 1 < ¢ < k, we have with

n
Al as

F(s (n)l’ (n)]
Ap(t;) — Ap(tiz) = Z m
-1

ti—l<S§n)Sti

F(s)
2 (1 - F(s§”>1)>

ti71<5§n)§ti

Because for each n, F(s\™), F(s{)/F(s\™), ..., F(s")/F(s"),) are independent,
AR(ty), A(ta) — A%(t1), ..., AR(ty) — A%(tx—1) are also independent. Letting n — oo,
we get that Ap(t1), Ar(ta) — Ap(t1), ..., Ap(ty) — Ap(tg—1) are independent.
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For the converse, suppose IT* on A such that, under IT*, {A(¢) : ¢ > 0} is an
independent increment process. Again, let ¢; < --- < ; be arbitrary points in (0, 00).
Then with s<1") << s,(qn) as before, let, for 1 <i <k,

ity = T (1A, s

Sin) <t;

If F4 = H!(A), then it follows from the definition of the product integral that
Ff(x")(t) — Fy(t) for all ¢, as n — co. Now, observe that, for 1 <14 <k,
Fa(t) ORRG)
=TI 0= AGE )
tz—l<5;n)§ti
Since A(s;i)l, sg»n)], 1 < j < nare independent for each n so are Fﬁ(ti)zpﬁ(ti,l), 1<
i < k. Consequently, we have independence in the limit, i.e., Fa(t;), Fa(ta)/Fa(t1),

wooy Fa(ty)/Fa(tp_1) are independent. O
It is not hard to verify that for a neutral to the right prior II,
EnH(F) = H(EnF)
Since the posterior given X;, Xs,..., X, is again neutral to the right, the above

property continues to hold for Iy, x, . x,. It is shown in Dey etal. [43] that in the
time discrete case the above property characterizes neutral to the right property. We
expect a similar result to hold in general.

Doksum was the first to observe a connection between neutral to the right priors
and independent increment processes. He, however, considered cumulative hazard
function defined by D(F)(t) = Dp(t) = —log F(t). The proof of Theorem 10.3.2 is
straightforward.

Theorem 10.3.2 (Doksum). A prior Il on F is neutral to the right if and only
if Il = 1o D! s an independent increment process measure such that I{H € H :
limy o, H(t) = 00} = 1.

The theory of neutral to the right priors owes much of its development and analytic
elegance to its connection with independent increment processes. The principal ex-
amples of general families of neutral to the right priors have been constructed via this
connection. Next, we briefly discuss the relevant theory of these processes in terms of
a representation due to P. Lévy. Following is a brief description of the representation.
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The following facts are wellknown and can be found in , for example, Ito [104] and
Kallenberg [110].

Definition 10.3.1. A stochastic process {A(t)}+>0 is said to be an independent
increment process if A(0) = 0 almost surely and if, for every k and every {to < t; <
- <t} C[0,00), the family {A(t;) — A(t;_1)}F, is independent.

Let ‘H be a space of functions defined by
H={H|H:[0,00)— [0,00], H(0) = 0, H non-decreasing, right-continuous}

(10.1)
Let B(,00)x[0,00) b€ the Borel o-algebra on (0,00) x [0, oo].

Theorem 10.3.3. Let IT* be a probability on H. Under IT*, {A(t) : t > 0} is an
independent increment process if and only if the following three conditions hold. There
exists

1 a finite or countable set M = {t1,ta, ...} of points in (0,00) and, for each t; € M,
a positive random variable Y; defined on H with density f;;

2 a nonrandom continuous nondecreasing function b; and

3 a measure \ on ((07 o0) x [0, oo]JB(o,oo)x[om]) that for all t > 0, satisfies
(a) M{t} x [0,00]) =0 and
0) Jf TNdsdu) <

0<s<t
0<u<oo
such that
=b(t)+ > _Vi(A) + // u pi(ds du, A) (10.2)
tist 0<s<t
0<u<oo

where, for each A € H, p(-, A) is a measure on ((0,00) x [0,00], B(o,00)x[0,00]) SuCh
that, under IT*, u(-,+) is a Poisson process with parameter A(+), i.e., for arbitrary dis-
joint Borel subsets Ey, ..., Ey of (0,00)%x[0,00], u(E1, ), ..., u(Ek, ) are independent,
and

w(E;, ) ~ Poisson(A(E;)) for1<i<k

Note the following facts about independent increment processes, which will be
useful later and facilitate understanding of the remaining subject matter.
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(1) The measure A on (0,00) x [0,00] is often expressed as a family of measures
{A\¢ : t > 0} where A\(A) = A((0,¢] x A) for Borel sets A.

(2) The representation may be expressed equivalently in terms of the moment-generating
function of A(t) as

£(e740) = 740 [H(c:( o) ] exp = [[ =™ xsaw

0<s<t
0<u<oo

(3) The random variables Y; occurring in the decomposition arise from the jumps
of the process at fixed points. Say that ¢ is a fixed jump-point of the process if
IT*(A{t} > 0) > 0. It is known that there are at most countably many such fixed
jump-points, and the set M is precisely the set of such points and that Y; = A{¢;}.

(4) The random measure A — pu(-, A) also has an explicit description. For any Borel
subset E of (0,00) x [0, o0,

u(B,A) = #{(t,A{t}) € E: A{t} > 0}

(5) Let A(t) = A(t) = b(t) — 3, ., A{t;}. Then

= // up(duds, A)

0<s<t
0<u<oo

(6) The countable set M, the set of densities {f; : i > 1}, the measure A, and the
nonrandom function b are known as the four components of the process {A(t) :
t > 0}, or, equivalently, of the measure IT*. The measure A is known as the Lévy
measure of IT*.

(7) A Lévy process II* without any non-random component, i.e., for which b(t) = 0,
for all t > 0, has sample paths that increase only in jumps almost surely IT*. Most
of the Lévy processes that we encounter here will be of this type.
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10.4 Basic Properties

Let IT be a neutral to the right prior on F. From what we have seen so far, the maps D
and H yield independent increment process measures IT and IT*, respectively. Let the
Lévy measures of IT and II* be denoted \ and A*, respectively. The next proposition
establishes a simple relationship between X and \*.

Proposition 10.4.1. Suppose X and \* are as earlier. Then
1 for each t, N is the distribution of x — — log(1 — x) under the measure A}, and
2 for each t, A} is the distribution of x — 1 —e™* under e

Proof. The proposition is an easy consequence of the following easy fact.

If w— p(-,w) is an M(X)-valued random measure which is a Poisson process with
parameter measure A, then for any measurable function g : X — X, the random
measure w — (g~ (-),w) is a Poisson process with parameter measure Ao g~

Note that

F(t,00)
F[t,00)

F{t}
= log{l — F[t,oo)}
= —log[l — (H(F)(t) — H(F)(t—))]

D(F)(t) = D(F)(t-) = —log

O

It is of interest to know if we can choose neutral to the right priors with large
support. The next proposition gives a sufficient condition that will ensure that the
support is all of F . Recall that the (topological) support E of a measure p on a
metric space X is the smallest closed set E with u(E°) = 0. We view F as a metric
space under convergence in distribution.

Proposition 10.4.2. If the support of the Lévy measure Ay is all of [0, 00) x [0, 1]
then the support of 11 is all of F.

Proof. We need to show that every open set (in the topology given by convergence
in distribution) has positive IT measure. Since the set of continuous distributions is
dense in F, it is enough to show that neighborhoods of continuous distributions have
positive II measure. We will establish a stronger fact, namely, that every uniform
neighborhood has positive prior probability.
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Let Fy be a continuous distribution , Ay = H(Fp) be the hazard function of Fyy and
let U = {F : sup |F(s) — Fy(s)| < €}. In view of the last section, U contains a set
0<s<t
H(V), where V is of the form V = {A : sup |A(s) — Ao(s)| < d}. We will show
0<s<t

that TI(U) > 0 by showing that ITo H=(V) > 0.

To see this, set dg = §/3 and choose 0 =t9 < 0 < t; < ty... <t < tgp1 =t such
that for ¢ = 17 2, ceey (]43 + 1),A0(tz) - Ao(tifl) < 60.

Recall the definition of u(.; A). Let

W={A:puE;A)=1i=1,2,...,k}

Where EZ = ( i—1s ] (Ao( ) Ag(tifl) — (50/1€,A0(t2) — Ao(ﬁifl) + (50/k’> .
Ift; <5 <tiga,

[A(s) = Ao(s)]

<D I(Ao(ty) = Ao(tj 1)) = (A(t;) = A(t;-1))] +[(Ao(s) — Ao(t:) — (Als) — A())]

The first term on the right-hand side is less than idg/k and the second term is less
than 2dy so that for every s € (0, ], |A(s) — Ao(s)| < 6. Hence W C V.
Under the measure induced by H™', the random variables p(E; A) = 1,i =

0,1,2,...,k—1 are independent Poisson random variables with parameters A(E;), 7 =
1,2,..., k. These are positive by assumption and hence V has positive Il o H™! mea-
sure. L

Let A* be a right continuous function increasing to co. A convenient class of neutral
to the right priors are those with Lévy measure Ag of the form

dig(z,s) = a(z,s)dA™(z)ds 0<zr<o0,0<s<1 (10.3)

with fol sa(z,s)ds < oo for all z. Without loss of generality we assume that for all
x, fol sa(z, s)ds = 1. This ensures that the prior expectation of A(t) is Ag(t).

Every neutral to the right prior gives rise to a Lévy measure via Ag. Is every Lévy
measure on RY x [0, 1] obtainable as Ay of a neutral to the right prior? The next
proposition answers the question for the class of measures just discussed.

Proposition 10.4.3. Let A* be H(F™) for some distribution function F* and

dig(z,s) = a(z,s)dA™(z)ds 0<zr<oo,0<s<1
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such that for all z, fol sa(z,s)ds =1 so that E(A(t) = A*(t).
The function A — J] (1 —dA(s)) (where [ stands for the product integral)
defines a neutral to the right prior on F.

Proof. Tt can be easily deduced from the basic properties of the product integral that
the function A — J[,, (1 — dA(s)) induces a probability measure on the set of all
functions which are right continuous and decreasing. In order to show that this is a
prior on F we need to verify that if F'(t) = 1o, (1 — dA(s)), then with probability 1

limy_,, F'(t) = 0. This follows because the property of independent increments gives

EJ](1-dA(s)) =[] (1 - dE(A)(s)) = F*

(0,2] (0,]
Each F(t) is decreasing in t and lim; ., F(F(t) = lim,_,, F*(t) = 0. O

Lévy representation plays a central role in the study of posteriors of neutral to
the right priors. When the prior is neutral to the right, since the posterior given
Xy, Xo, ..., X, is again neutral to the right, this posterior has a Lévy representation.
An expression for the posterior in terms of Ap can be found in Ferguson [62] and in
terms of Ay can be found in Hjort [100]. There is another proof due to Kim [113].
James [105] has a some what different approach, an approach we believe is promising
and deserves further study. We will give a result from [100] without proof.

Our setup consists of random variables X, Xy, ..., X, that are independent iden-
tically distributed F' and Y1, Y5, ...,Y,, which are independent of the X;s and are
independent identically distributed as Gy. The observations are Z; = X; A'Y; and
0; = I(X; <Y;). Let

n

N™'(t) = Z I(Z; > t) be the number of observations greater than ¢
1

and
M"(t) be the number of Z;s equal to ¢

Theorem 10.4.1 (Hjort). Let IT be a neutral to the right prior with Lévy measure
of the form (10.8). When all the uncensored values—the Z;s with 6; = 1—are distinct
among themselves, and from the values of the censored observations, the posterior has
the Lévy representation given by
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1 M} : the set of uncensored values are points of fized jumps. The distribution of the
Jump at Z; has the density

2 the Lévy measure of the continuous part has

a(z,s) = (1 — s)N" @M@

Remark 10.4.1. Consequently

<F< >H(\(Z,.,@> <izn

’1:!

1 niy.
fo (1 B S)N (Zl)-Hsa’(Z’iv S)dS e fttf fol(173)N"<Z)+Mn(Z)sa(z,s)dsd/!(z)
fol(l — 8)NV™(Z)sa(Z;, s)ds

Z;eMn: t1<Z <t

(10.4)

10.5 Beta Processes

Beta processes, introduced by Hjort [100] are continuous analogs of a time-discrete
case where (see Example 10.2.2) the V;s are independent beta random variables. The
continuous case is obtained as a limit of the time-discrete case. However, in order
to ensure that the limit exists, the parameters of the beta random variables have to
be chosen carefully. In addition to introducing beta processes and elucidating their
properties for right censored data, Hjort [100] studied extensions to situations more
general than right censored data. This chapter only deals with a part of [100].

10.5.1 Definition and Construction

Let A* be a hazard function with finitely many jumps. Let ¢y, ..., be the jump-
points of A*. Let ¢(-) be a piecewise continuous non-negative function on [0, c0) and
let A*¢ denote the continuous part of A*. Let A*(t) < oo for all .

Definition 10.5.1. An independent increment process A is said to be a beta pro-
cess with parameters ¢(.) and A*, written A ~ beta(c, A*), if the following holds: A
has Lévy representation as in Theorem 10.3.3 with
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1 M = {t1,...,t;} and the jump-size at any ¢; given by

Yy = A{t;} ~ beta(c(t;) A™{t;}, ct;) (1 — A{t;}))

2 Lévy measure given by
Mds du) = c(s)u™ (1 — u)©) " du dA™(s)
for 0 < s < 00,0 <u < 1;and
3 b(t)=0forallt>0.

The existence of such a process is guaranteed by Proposition 10.4 but this existence
result does not give any insight into the prior. A better understanding of the prior
comes from the construction of Hjort who obtained these priors as weak limits of
time-discrete processes on A’ and showed that the sample paths are almost surely
in A. In a very similar spirit, we construct the prior on F as a weak limit of priors
sitting on a discrete set of points on (0, 00).

Let F* € F and, to begin, assume that it is continuous. Let A* = H(F™) be the
cumulative hazard function corresponding to F™*.

Let Q be a countable dense set in (0,00), enumerated as {si,ss,...}. For each
n > 1, let {sgn) << s } be an ordering of sy, ..., s,. Construct a prior I, on
Fsi....sna8 in Example 10.2.1 by requiring that, under II,,,

Fe () Fe (™
V" ~ beta <c(s(”>1)F(SZ)7 (™) (1 _ B for 1 <i<n—1. (10.5)

TR F(s™)

Let V,fm =1 and let F' be a random distribution function , such that, under II,,,
cFEW)=c| JJa-v")| forallt>0
s,(v")gt

Theorem 10.5.1. {II,},>1 converges weakly to a neutral to the right prior II on
F, which corresponds to a beta process.
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Proof. First observe that, as n — oo,

En,(F1) = [ &n.t - V™)

siM<y
1 (l_ F*<s§">hszn>]>
simgt F ( 571)17OO>

- [J(1 - dH(F))

(0,¢]

= [ —da7) = Ft)

(0,4]

for all t > 0. Thus &y, (F) = F,, = F* as n — oo. Hence, by Theorem 2.5.1, {IL,} is
tight.

We now follow Hjort’s calculations to show that the finite-dimensional distributions
of the process F, under the prior II,, converges weakly to those under the prior
induced by a beta process with parameters ¢ and Ay on H.

Consider, for each n > 1, an independent increment process A¢ with process mea-
sure IT¥ on A such that, for each fixed ¢ > 0,

=0y v

SE")St
Thus, for each n > 1, A¢ is a pure jump-process with fixed jumps at sin), cee 57(171)1
and with random jump sizes given by V;("’) e Vn@l at these sites. Clearly, IIY induces

the prior II,, on F.
Now, for any fixed ¢ > 0, repeating computations as in Hjort [ [100], Theorem 3.1,
pp. 1270-72] with

and Api = Cnji — bn,i

one concludes that, for each 6, as n — oo,

Ele~t4n0)] —>exp{/ / e~ dsdu)}
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and, similarly,

m

£ exp— ZHA a;_1,a;] —>eXp{ Z// e M)A (dsdu)}

Thus the finite-dimensional distributions of the independent increment processes A,,
converge to the finite-dimensional distributions of an independent increment process
with Lévy measure as in Definition 10.5.1. If the process measure is denoted by IT*
and the corresponding induced measure on F is denoted by II, then considering the
Skorokhod topology on A and by the continuity of H™!, we conclude that, for all
A1y e vy Qpp,

L(F(@), ..., Flam) | L) % £(F(ar), .., Flan) | T
Therefore, {II,,} converges weakly to II, a neutral to the right prior on F. O

10.5.2  Properties

The following properties of beta processes are from Hjort [100].

1 Let A* € A be a hazard function with finitely many points of discontinuity and let
¢ be a piecewise continuous function on (0, c0).
If A ~ beta(c, A*) then E(A(t)) = A*(t). In other words FF = H!(A) follows a
beta(c, F*) prior distribution and we have E(F(t)) = F*(t) where F* = H™1(A*).
The function ¢ enters the expression for the variance. If M = {¢;,...,t} is the set
of discontinuity points of A then

A=Ay A (s)
V(4®) = Z c(t;) +1 +/0 c(s)+1

t;<t

where A*¢(t) = A*(t) — >_, ., A"{t:}.

2 Let A ~ beta(c, A*) where, as before, A* has discontinuities at points in M. Given
F.let Xq,..., X, beiid. F. Then the posterior distribution of F' given X1,..., X,
is again a beta process, i.e., the corresponding independent increment process is
again beta.
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To describe the posterior parameters, let X, be the set of distinct elements of
{z1,...,2,}. Define

Vat) =Y Iixzy  and  Ya(t) = Iixsn
i=1 i=1

With N, (t) as before, note that Y,,(t) = n — N,(t) and Y,,(t) =n — N,(t—).
Using this notation, the posterior beta process has parameters
Cxy.. X, () = c(t) + Ya(t)

. _ [Te(z) dA*(2) + dNa(2)
AXI...X"(LL) 7/0 C(Z)-i—Yn(Z)

More explicitly, A%, x, has discontinuities at points in M* = M U X, and for
te M,
c(t). A*{t} + N, {t}
ct) + Ya(t)
be(z) dA™C(2)
A*,C t —
X1...X"( ) /0 C(Z) +Yn(2)

A}l...xn{t} =

Note that if ¢t € M*,

A{t} ~ beta (c(t) A*{t} + No{t}, e(t)(1 — A{t}) + Ya(t) — N {t}).

3 Our interest is in the following special case of 2. Suppose A ~ beta(c, A*) and t
A* is continuous. Then the posterior given X1, ..., X, is again a beta process with
parameters

CxXy.. X (t) = C(t) + Yn(t)

and
AX X () = AMX X () + AYCX L X (1)
where No{t)
A*,d (t) _ n1bt
K t,EZXn c(t;) + Ya(t:)
t; <t
and

o [ eda )
a0 = [ S
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As a consequence, if t € X,,, then under the posterior Ilx,

A{t} ~ beta(N, {t},c(t) + Y, (1)).

x,, we have

.....

Also note that the Bayes estimates are

and
fa PO = T (1- b e {- /((ff’;‘/(())} (10.6)

4 A neat expression for the posterior and the Bayes estimate for right censored data
can be easily obtained using Theorem 10.4.1. We leave the details to the reader.

Using these explicit expressions it is not very difficult to show that beta processes
lead to consistent posteriors. However since we take up the consistency issue more
generally in the next section we do not pursue it here.

Like the Dirichlet, any two beta processes tend to be mutually singular. This is
proved in [43].

Walker and Muliere [167] started with a positive function D on (0, 00) and a distri-
bution function F' and constructed a class of priors on F called beta-Stacy processes.
We again consider the simple case when F'is continuous. The beta-Stacy process is
the neutral to the right prior with

est(x)F‘(w)

dA\p(s,z) = D(z) dsdAx; 0<z<00,0<s <00

1—es

The beta process prior thus relates to an independent increment process via H and
the beta -Stacy via D. Viewing the processes as measures on F provides a mean to
calibrate the prior information in H in terms of that in D and vice versa. Though not
explicitly formulated in the following form, the relationship between the two priors is
already implicit in remark 2 and remark 4 of [167].

Theorem 10.5.2. II is a Beta Stacy (D, ﬁ') process iff 11 is a Beta (C, A) process

prior where C' = DF and A is the cumulative hazard function of F.

Proof. Because Beta Stacy process has A\p given above, we can compute its Ay using
Proposition 10.4.1. This immediately yields the assertion. O
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10.6 Posterior Consistency

Since neutral to the right priors, like tail free priors, possess nice independence and
conjugacy properties it appeared that they would always yield consistent posteriors.
However, Kim and Lee [114] gave an example of a neutral to the right prior which is
inconsistent. Their elegant example is constructed with a homogeneous Lévy measure
and is inconsistent at every continuous distribution.

Recall from Theorem 4.2.1 that to establish posterior consistency at Fy, it is enough
to show that with Fi° probability 1, for all ¢

(l) lim E(F(t)le, XQ, Ce 7Xn) = Fo(t) and
n—00

(ii) lim V(F()|X1,Xa, ..., X,) =0.

n—o0

The next theorem shows that for neutral to the right priors consistency of Bayes
estimates ensures consistency of the posterior.

Theorem 10.6.1. Let IT be a neutral to the right prior of the form (10.3). If

n—oo
then
lim V(F(t)| X1, Xs,...,X,) =0
n—o0
Proof. Let X|;j < Xpgj... Xy be the ordering of the observations X, X,,..., X,
which are less than ¢. Then, apart from an exponential factor going to 1,

_ J+2 )ds
BF(?X, Xy, ... X fo
E@1x, X, H lfs)ﬂa(sX)ds
multiplying each term by [ (1 — )7 a(s, Xp)ds/ [; (1 — )7+ a(s, Xp;)ds, we get

HIS: i dSHf° VTl X, (0

a(s, Xpj))ds (1- s)ﬂa(s X[J )ds
O

There is another structural aspect of neutral to the right priors. Consistency for
the censored case follows from consistency for the uncensored case. Following is the
result. For a proof, see Dey et al. [43]
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Theorem 10.6.2. Suppose X is a survival time with distribution F and Y is a
censoring time distributed as G. X1, X, ..., are given F = F, i.0.d. F and Y1,Y5, ...,
be i.i.d. G, where G is continuous and has support all of RT. We also assume that the
X;s and Y;s are independent. Let Z; = X; \Y; and A; = I(X; <Y;). If 11 is a neutral
to the right prior for F whose posterior is consistent at all continuous distributions
Fy, then the posterior given (Z;, ;) 14 > 1 is also consistent at all continuous Fy.

Proof. Fixt; < ts. since the exponential term in 10.4 goes to 0 as n — 0o, our assump-
tion on consistency translates into: for any continuous distribution F', if X7, Xs,..., X},
are i.i.d. F', then

f01 (1 — )X Ha(X;, 5)ds _ F(ts)
s(1 — s)Na(Xi)q( X, s)ds F(ty)

n—00
X;€(t1, tz] fO 1

Fix Fy continuous. Let X7, Xs,..., X,be iid. Fy and Yy,... Y, be i.id. G, and let
(Z:, AA;) be as above. We will first show that

Joas(L—s) YN (X4 X, 5)ds
Joos(1 = 5)NeXda (X, s)ds

= F(t) a.s. (Fy x G)™

lim H
n—oo

Z,eMN(0,t]

where M} ={Z; : A; = 0}.
With t; < t, fixed, let ¢ be an increasing continuous mapping of (¢, 00) into (t2, )
and define

Z; = Z;1(A; = 1) + ¢(Z;) (| Delta; = 0)

Then Z; are again i.i.d. with a continuous distribution Ff such that

Fi(ta)  J(t.1) —
Fy(t) JH(t

J(t2,1)
1)

where J*(t) = P(Z > t) and J(t, = P(Z > t,A=1).
Now using our assumption, if N'(¢t) = >""" | I(Z] > t) then

lim f01 s(L—s) Nn(Z 1 a(Z;, s)ds _ J(t1, 2
nﬁooZ* i ta) f()l ].—s)N"(Z*a(Z* )dS J(

J(t2,1) a.s
3 )
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Note that the above product is only over the uncensored Z;s and that, for each t; < 5
with A; =1, N*(Z;) < N(Z;). Now using the Cauchy-Schwarz inequality we get

[/01(1_ 5" saz, } U (1—-s)" sa(:c,s)ds]

s)d
_ [/01[(1_5)<”+2W sa(z, s) } { (1 s) ]sa(x,s)ds]
>

{/01(1 — 8)"sa(z, S)ds} 2

and consequently fol(l —s)"sa(z,s)/ fol(l —s)"sa(x, s)ds is decreasing in n. Hence,
we have

- H Joq 8(1 = 8)NFHa(Z;, 5)ds
n~>ooZ M ] fO X 1 _ S)Nn(Z )a(Z S)d?
f01 1 _ 9 N"(Z )+1 ( 3« )dS
< lim

n—»00 21t ta] fO 1 1 — S)Nn (Z* )dS

Let 0 =1tp < t; <ty <...<{t =1 Dbe a partition of (0,¢]. Then

fOl 1_ S Nn(Z )+1 (Z S dS k j l la j(th 1)
s(1 — s)Wn(Ziq(Z, H _1)

1

lim
e Z;€MxN(0,t] fO,l
As the width of the partition max |t; — t;_1 goes to 0, the right-hand side converges
to the product integral [T ,(1 — J(ds,1)/J(s)), which from Peterson [138] is equal
to F(t).
Let Z%n denote the Bayes estimate of F' given X1, X, ..., X, and let F* denote the
Bayes estimate of F' given (Z;,6;) : 1 <i < n. we have shown that for all ¢,

Fi(t) < ﬁn(t) and hence liminf F* > F

Similarly, by considering the “Bayes” estimate for G, with M§ = {(Z;,A; : A; =

0)},
(1 —s)N" @+l (Z;, s)ds

01(1 s)N"(Z)a(Z;, s)ds

hm inf H fO

Zi<t:Z;eMy

> G
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Consider,

I fol

Zi<t:Z;eMn 0(1

(1— N"(Z )+1 a(Z;, s)ds H fo N"(Z )+1 a(Z;, s)ds
I

s)N"#)a(Z;, s)ds Z;<t:Z, €My o(l S)NnZ>CL(ZZ,S)dS

(10.7)

but this is equal to
f 1 — s)N" @)+ Z;, 8)ds

s)N"(Za(Z;, s)ds

1=

Z;<t O

But this is just the Bayes estimate based on i.i.d. observations from the continuous
survival distribution Fy(¢)G(t) and by assumption (10.7) converges to Fy(t)G(t). The
conclusion follows easily. O

Thus, as far as consistency issues are concerned, we only need to study the uncen-
sored case. We begin looking at the simple case when the Lévy measure is homoge-
neous. In the sequel for any a,b > 0, we denote by B(a,b),the usual beta function

given by s X
B(a,b) = F((CCLL)Jr(b)) = [/0 (1—s)*"1s""lds

If f is an integrable function on (0, 1) we set

K(n.f) = / (1— )" f(s)ds

We will repeatedly use the fact that

T'(n+p) _
I'(n+q)

for any p,q; lim n??
n—oo
Lemma 10.6.1. Suppose [ is a nonnegative function on (0,1) such that
(a) 0 < [ f(s)ds < oo and
(b) for some a < 1,0 < liIr(l)s“f(s) =b< 00.
5—
Then

: K(n, f)
m ——————
n—0o00 B(TL+ 1, 1-— OZ)
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Proof. Since
! 1
/ (1—s)"f(s)ds < (1 — e)"/ £(s)ds = o(n~ =)
¢ 0

and as n — oco,n'"*B(n,1 — a) — I'(1 — a), we have

Jo (L= s)"f(s)ds _

= 10.
n—00 B(n+1,1—a) (08)
Similarly, because o < 1,
1 € 1— El—oz
/ (1—9)"s s < (1— e)"/ sT% s < (1—¢e)" = o(n~17)
. 0 1—-a
which in turn yields
C [H1 = s)msods
lim ——F—— =0 10.9
no0 Bn+1,1-a) (10.9)
Given 4, use assumption (b) to choose € > 0 such that for s < e
b=00)s < f(s)<(b+3d)s™®
Then .
K(n f) < (b+6)Bn+1,1—a)+ / (1— s)"f(s)ds
and by (10.8) we have
K
lim ——>—— < (b+4
M BT 1—a) = 01
A similar argument using (10.9) shows that
K(n, f)
Iim ——————>(b—90
M Bt ii—a) = 0%
Since 0 is arbitrary, the lemma follows. O

Theorem 10.6.3. Let A* be a cumulative hazard function which is continuous and
finite for all x. Suppose that a neutral to the right prior with no fired jumps has the
expected hazard function A* and the Lévy measure

dAg(x,s) = a(s)dA*(z)ds 0<zr<o0,0<s<1
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such that
for some a < 1, 0 < lims'™a(s) =b < o0 (10.10)

s—0

If Fy is a continuous distribution with Fy(t) > 0 for all t, then with F§°-probability
1, the posterior converges weakly to the measure degenerate at Fy~*. In particular, if
(10.10) holds with o = 0 then the posterior is consistent at Fy.

Proof. Set f(s) = sa(s). We have fol f(s)ds = 1. Using (10.4),

EFt)|X, X, ..., X,) = HKE(N(T;@J ;’)f) e ¥n(®) (10.11)

where 1, () = [i [[1(1 — s)N" @M@ sq(s5)dsd A* ().

For any z < t,(1 — s)N"@+M"(@) < (1 — s)N"(®) and hence 1, (t) is bounded above
by ([ (1 —s)N"(ds) A*(t). Since N™(t) — 0o as n — oo, it follows that 1,(t) — 0 as
n — oo. Hence the exponential factor goes to 1.

If Xy < X2)... < X(n—nn() is an ordering of the n — N"(t) samples that are
less than ¢, then, since with Fj probability 1 the Xi, Xs,..., X, are all distinct,
N™"(X@)) =n—1,N"(X(g) = n—2, and so on. Thus the first term in (10.11) reduces

to
(i=n—N"(t))

Kn-—1,f K(n, f
11 K( ) (n, f)

(n—i—=1),f) K(NN™t)—1,f)
It follows from Lemma 10.6.1 that
. K(n, f) .. BWN"(t)-1,1—q)
M N =) AT Bni—a)
L T —a)_ T(n)
oo D(N™(t) = 1) D(n+ 1 — )
= lim (N"(t)) . Fo(t)' ™ as. Fg°

O

Remark 10.6.1. The Kim-Lee example had the homogeneous Lévy measure given
by a(s) = 2573/2. In this case the conditions of the Theorem 10.6.3 are satisfied with
a = 1/2 so that the posterior converges to Fol/Q.
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We next turn to a sufficient condition for consistency in the general case. We begin
with an extension of Lemma 10.6.1.
For each z in a set X' let f(z,.) be a non negative function on (0,1). Let m,, be a

My
sequence of integers such that lim — =¢,0<c¢ < 1.

n—oo N

Lemma 10.6.2. Suppose
(a) 0 < sup, fol f(z,8)ds =1 < oo and

(b) As s — 0, f(x,s) converges uniformly (in x), to the constant function 1, i.e., as
e — 0,
0. = supsup |f(s,2) — 1] = 0

r  s<e

Then

lim ﬁ (’ + 2) Jo (L= )™+ f(wy,s)ds

B 1 R -
oo 1+ 1 Jo (L= s)if (a4, 5)ds
and the convergence is uniform in the x}s.

Proof. To avoid unpleasant expressions involving fractions of integrals, set

K, = /01(1 —5)"f(z,s)ds and Li,= /01 s(1 —s)' f(x,s)ds

We will show that for any z, given § small, there is an mg such that, for i > my,

i+1-25 _ Ko _i41+20
it2 = K. © i+2

(10.12)

The bounds in inequality 10.12 do not depend on the z;s. Consequently, we have

uniformly in the s,
. 92 Kj N D) n—mp
Z- + i+1,2 <1+ o
1+1 K, my, +1

20\ [~
(1mn+1> Sg ,

For small positive y, e < 1 —y < 1 4+ y < e¥. Hence, as n — o0, the left-hand
side converges to e~*9(1=9)/¢ and the right side to e2(1-9/¢, Letting ¢ go to 0 we have
the result.




278 10. NEUTRAL TO THE RIGHT PRIORS

To prove (10.12) note that

Forany0<e=1—-a <1,
(1 - 5€Hi,e) S Ki,z S (1 + 66)Hi,e + ai]

and
(1 - 56Ji,6) S LZ,T S (1 + 56)Ji,€ + Oéi[

where . ) -

H;. :/ (1—s)ds= '—704

’ 0 KA + 1
and . ) i1 ‘
Jz-ez/s(l—s)ids: —° ( ,+6+Z€)
“ (i+1)(i+2)
Now

, Li, , (14 6¢)Jie o'l
2)— < 2 :
(Z M )Kz,z - (Z * ) { (1 - 56)Hi,e * (1 - 55)Hi,e}
which goes to (14+6.)/(1—46.) as i — oo. Further, the right-hand side does not involve
x, and hence this convergence is uniform in z.

On the other hand,

I

(i +2) (L= 9¢) Jic }

X > .
ng—“+m{u+¢xmﬁ+wn

which goes to (1 —4.)/(1 + d.), again uniformly in .

Because d. — 0 as € goes to 0, given any ¢ > 0, for sufficiently small €, (1—0.)/(1+9,)
is larger than (1 — ¢) and (1 + d.)/(1 — &) is smaller than (1 + ).

Thus given any § > 0, there is an n, such that for i > n,,

(i+2)L

1-6< 445

Using K1,/ Kip =1— (Lin/Ki ), we get
1+6 K, 1-46
+ < 1,

- <1
i+2 K, i

and this is (10.12)
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Remark 10.6.2. In the Lemma 10.6.2, assumption (a) can be replaced by:
(2)) 0 < sup, [, (1 —s)f(z,s)ds < o0.

This follows from setting g(s,x) = (1 — s)f(z,s) and noting that g satisfies as-
sumptions (a) and (b) and that

fol(l —s)"tf(x,s)ds _ fol(l — 5)"g(x, s)ds
fol(l —8)"f(z,s)ds fol(l —s)n1g(x, s)ds

and observing that (n +2)/(m, +2) =[] [(i +2)/(i+ 1) and (n+1)/(m, +1) =

Mn

[T [(i+1)/i both converge to the same limit 1/c.

My,

Theorem 10.6.4. Let I1 be a neutral to the right prior with

dAg(z,s) = c(z)a(z, s)dA* (x)ds 0<r<oo,0<s<1

If f(z,s) = sa(x,s) satisfies the assumption of the Lemma 10.6.2 (or the remark
following it) then the posterior is consistent at any continuous distribution Fy.

Proof. Since the exponential factor in equation (10.4) goes to 1, it follows immediately
from Lemma 10.6.2 that for each t with Fy(¢) > 0,

E(F®)|I0|X1, Xo, ..., Xp) — Fo(t)
[

Theorem 10.6.5. The posterior of the beta(C, A*) prior is consistent at all con-
tinuous distribution Fy.

Proof. Since the Lévy measure satisfies the conditions of Remark 10.6.2, this is an
immediate consequence of Theorem 10.6.4. O

Remark 10.6.3. Kim and Lee [114] have shown consistency when
1 (1—=s)f(xz,s) <1and
2 asx — 0, f(z,s) converges uniformly in z to a positive continuous function b(x).

The result is marginally more general than that of Kim and Lee. The methods that
we have used are more elementary.
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To summarize, neutral to priors are an elegant class of priors that can, in terms of
mathematical tractability, conveniently handle right censored data. We have also seen
that some caution is required if one wants consistent posteriors. As with the Dirichlet,
mixtures of neutral to priors would yield more flexibility in terms of prior opinions
and posteriors that are amenable to simulation. These remain to be explored.
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Exercises

11.0.1. If two probability measures on R agree on all sets of the form (ay,b;] x
(as, ba], ... x (ax,by] then they agree on all Borel sets in R*.

11.0.2. Let M, be the median of Beta(ct,c(1—t)) where 0 < ¢ < 1. Show that M; > %
iff t > 1. [Hint: If z > 1 show that 2~!(1 — 2)°!~9~! is increasing in t. Suppose
t>1and M, < 1. Then fol/Z z1(1 — 2)°1=D71dx > 1 Make the change of variable
x +— (1 — z) to obtain a contradiction]

11.0.3. Suppose ais a finite measure. Define X7, Xs,... by

X is distributed as &

, for any n > 1,
a(B) + 37 0x,(B)
P(X,.1 € B|X1,X,,...,X,) = :
( +1 ‘ 1 2 ) OZ(R-FTL)
Show that X7, Xs,... form an exchangeable sequence and the corresponding

DeFinneti measure on M(R) is D,

11.0.4. Assume a Dirichlet prior and show that the predictive distribution of X,
given X1, Xo,...,X,, converges to Py weakly almost surely Fy. Examine what hap-
pens when the prior is a mixture of Dirichlet processes.
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11.0.5. Show that if P € M, and U is a neighborhood of P in set-wise convergence
then D, (U) > 0. However M, is not the smallest closed set with this property.

11.0.6. Show that a Polya tree prior is a Dirichlet process iff for any € € E}, ao+ae =
Q.

11.0.7. Let L, be the set of all probability measures dominated by a o—finite
measure . Verify that, when restricted to L, all the three o—algebras discussed in
section 2.2 coincide.

11.0.8. Let E be a measurable subset of © x X such that 0 # €', BN Eg = () and for
all 0, Py(Ey) = 1. For any two priors II;, IIy on © show that [|TI; — ITs|| = || A1 — Az,
where ); are the respective marginals on X.

Derive the Blackwell- Dubins merging result from Doob’s theorem

11.0.9. Consider f, = U(0,6);0 < 6 < 1. Show that the Schwartz condition fails at
6 = 1 but posterior consistency holds. Can you use the results in Section 4.3 to prove
consistency?

11.0.10. Suppose X1, Xs, ..., X, are i.i.d. Ber(p), i.e.,
Pr(X;=1)=p=1-Pr(X;=0)

A prior for p may be elicited by asking for a rule for predicting X, 1. Suppose for all
n > 1, one is given the rule

a+ YT X;
Pr(Xnp = 11X, X, .., X)) = %

Assuming that the prediction loss is squared error, show that there is a unique
prior corresponding to this rule and identify the prior

11.0.11. With X;s as in Exercisel1.0.11, consider a conjugate prior and a realization
of the X;s such that p = > ) X;/n is bounded away from 0 and 1 as n — oo.
Show directly (without using the results established in the text) that as n — oo, the
posterior distribution of v/n(p — p)/(p(1 — p) converges weakly to N(0,1)

11.0.12. Let X3, X5..., X, beiid. N(0,1). Consider a Bayesian who does not know
the true density and who uses the model, 8 ~ N(u,7n) and given 6, X1, X5..., X, be
iid. N(6,1). Calculate the posterior of 6 given X, X5..., X, and verify that with
probability 1 under the joint distribution under N(0, 1), the density of v/n(8 — X)
converges in Ly distance to N(0,1).
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11.0.13. Consider X;s as in Exercisel1.0.11. Consider a beta prior, i.e., a prior with
density
(p) =cp* ' (1 =p)""a>820

a Discuss why relatively small values of a4+ indicate relative lack of prior information

b Consider a sequence of hyperparameters «;, 5; such that «; + 8; — 0 but «;/3; —
C,0 < C < 1. Show that the corresponding sequence of priors converge weakly, and
determine the limiting prior. Would you call this prior noninformative? Reconcile
your answer with the discussion in (a)

11.0.14. (1). For a multinomial with probabilities py, pa, . . ., pi, for k classes,calculate
the Jeffreys prior. [Hint: Use the following well known identity (see [144]): Let B
be a positive definite matrix. Let A = B+xzT. Then det A = det B(1+27 B~'x)

]
(2). In the above problem calculate the reference prior for (py, p2) assuming k = 3.
For the next four problems P ~ D, and given P, X1, Xo,..., X, are i.i.d. P.
11.0.15. Assume [ 2%do < oo. Calculate the prior variance of the population
mean | zdP
11.0.16. Assuming « has the Cauchy density
1
w1+ 22
and [zdP = T(P) is well defined for almost all P, show that T(P) has the same
Cauchy distribution.
[Hint: Use Sethuraman’s construction]

11.0.17. For & Cauchy, show that [ zdP = T(P) is well defined for almost all P.

[Hint: If Y; is a sequence of independent random variables such that > Y; converges
in distribution, then )77 Y] is finite a.s. Alternatively, use methods of Doss and Selke
[55]]

11.0.18. Let ap = N(0,1) and 0 ~ N(p,n). Given Xy, Xo, ..., X, are all distinct,

calculate the posterior distribution of 6.

For the next three problems, let P’ ~ D,, P a convolution of P" and N (0, h?) and
h have the prior density II(h). Given P, let X, X5, ..., X, be i.i.d. f, where f is the
density of P
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11.0.19. Let C, be the information that all the X;s are distinct. For any fixed x
calculate E(f ()| X1, Xo, ..., X,,C,) assuming the X;s are all distinct.

11.0.20. Let the true density fy be uniform on (0,1). Verify if the Bayes estimate
E(f|X1,Xa,...,X,,h) is consistent in the L, distance

11.0.21. Let fy be Normal or Cauchy with location and scale parameters chosen by
you but not equal to 0 and 1. Set n = 50 from fy, draw a sample of size n, namely,
X1, Xy, ..., X,. Simulate the Bayes estimate of f(x) when the prior is a Dirichlet
mixture of normal and @ = N(0,1) or N(p, 0%) with  and o2 independent, g normal
and o2 is inverse gamma truncated above.

Plot fy and the Bayes estimate. Discuss whether putting a prior on y, 0% leads to a
Bayes estimate that is closer to fy than the Bayes estimate under a prior with fixed
values of p and o2, (Base your comments from 10 simulations on each case).

11.0.22. Let fy be normal or Cauchy. Using the Polya tree prior recommended in
Chapter6 and a normal or Cauchy prior for the location parameter, calculate numeri-
cally the posterior for 8, for various values of n and various choices of X7, Xs,..., X,,.

11.0.23. (a) Assume the regression model discussed in Chapter7? with a prior for the
random density f that is Dirichlet mixture of Normal or Cauchy . Calculate and
plot the posterior for 3 for the different priors listed in Exercisel1.0.21.

(b) Do the same but symmetrize f around 0. Discuss whether the behavior of the
posterior for 3 is similar o that in (a)

11.0.24. Examine Doob’s theorem in the regression set up considered in Chapter 7

11.0.25. Show that the Bayes estimate for survival function under a Dirichlet prior
with censored data has a representation as a product of survival probabilities and
that it converges to the Kaplan-Meier estimate as a(R) — 0.

11.0.26. Show that the Bayes estimate for the bivariate survival function is incon-
sistent in the following example (due to R.Pruitt):

(T}, T5) ~ F and F ~ D, where « is the uniform distribution on (0,2) x (0,2). The
censoring random variable (Cy, Cy) takes the values (0, 2), (2,0) and (2, 2) with equal
probability of 1/3. The Bayes estimator for F is inconsistent when Fp is the uniform
distribution on (1,2) x (0,1).

11.0.27. Show, in the context of Chapter9 that if one starts with a Dirichlet prior
for the distribution of (Z, A) (i.e., a prior for probability measures on {0,1} x R*),
then the induced prior for F-the distribution of the survival time X is a Beta process.
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