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Abstract

In this thesis we consider a class of priors, Stick-breaking processes, and
compute their posterior distribution. For this posterior we prove consistency
results. Furthermore we prove consistency results based on mixtures from
stick-breaking processes.
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Chapter 1

Introduction

1.1 Flow of thesis

In this thesis we start by giving a short introduction to both Bayesian and
nonparametric statistics. Here we also introduce the Dirichlet process and
species sampling processes. After that, we introduce the stick-breaking pro-
cesses, which is a class of distributions which is a bit more restrictive than the
species sampling processes. The main object of study in this thesis will be
the stick-breaking processes. We start by studying simple properties of these
processes. After we have proven these simple properties we go on to compute
a posterior for the stick-breaking processes. Finally, using this description of
the posterior we can prove theorems about when the posterior is consistent.
We will both do this in the model where we have observations coming from
random measures which admit a stick-breaking representation and where we
use the stick-breaking representation in mixtures to build larger models.

1.2 Notation used

e For sequences (an),cy > (bn), ey We say that a, is asymptotic to b, de-
noted by a, ~ by, if lim,, ;o0 7% = 1.

e If D is a distribution, X ~ D means that X has probability measure
D, ie. P(X € A) = D(A). Xi,Xs,--- < D means that X; is an
independent sample from D and X; & D; means that the distribution
of X; is D; and all the X; are independent.



CHAPTER 1. INTRODUCTION

If (X,X) is a measurable space, then M(X) denotes the space of all
the probability measures on (X, X'), unless stated otherwise M(X) is
endowed with the topology of weak convergence.

For random variables Y, Z the notation X|Y ~ Z means that the con-
ditional distribution of X given Y is Z.

Beta(a,b) = fol v 1 =)t dw.
Be(a, b) is the Beta a,b distribution given by

[y (1 —v)tdw
Beta(a, b)

Be(a,b)(A) =

If X is a random variable, then E [X] is the expected value of X. If F
is a o-algebra, then E [X|F] is the conditional expectation of X given
F. If Y is a random variable, E [X|Y] = E[X|o(Y)] where o(Y) is
the o-algebra generated by the random variable Y. Ex.p[f(X)] is
the expected value of f(X) given that X is distributed according to
P. The obvious extensions to conditional expectations and conditional
distributions hold.

First moment and second moment of a random variable X are E [X]
and E [X?] respectively. In general k-th moment of a random variable
is a name for E [X*].

If X is a set, X" is the space of all sequences in X, equivalently, X" is
the space of all functions from N to X.

[] is the coproduct, i.e. disjoint union in case of sets.

If Xi,---,X, is a sample, Xl, e ,X'm are the m distinct observa-
tions in the sample X, -+, X,, in order of first occurrence, and N,, =
(N1, , Nk, n) is the vector of K,, elements, where K,, = m and N;,,
is the number of times X]’ appeared in the sample X, -+, X,,.

If v = (z1,-++ ,x,) is a vector, then x_; = (zq1, -+ ,Xi_1, Tiy1," "+ ,Tn)
the same vector with the i-th coordinate left out.

We define for every natural number n the set [n] = {1,--- ,n}.
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e The n simplex is the set of all n+ 1 tuples of nonnegative real numbers
adding up to 1: S, = {(z1, -+ ,xps1) : 7 € REO,Z;:T x; =1} We
denote S, the set of sequences of nonnegative real numbers summing
to one.



Chapter 2

Prior knowledge

2.1 Introduction to Bayesian theory

We begin by introducing Bayesian theory and how it differs from the frequen-
tist approach to statistics. In basic frequentist statistics, we study observa-
tions from a process with certain parameters, and we want to estimate these
parameters. However, we do not consider these parameters as being random
variables themselves. In Bayesian statistics, we equip these parameters with
a distribution, which would denote our uncertainty of the process generating
the random variables, and then, given the new observations, we want to up-
date our knowledge of the process. This leads to the posterior. The data X
given 6 follows a distribution Py, and 6 comes from a prior II.

A statistical model starts with a parameter space ©, and for every pa-
rameter 0 € © a distribution Py. Often we assume more structure on the
parameter space © such as a topology or even a metric. These induce a
o-algebra on ©, the Borel o-algebra.

Definition 2.1.1. Let X be a random variable. Let © be a measurable space.
A (proper) prior Il on © is a probability measure, such that the distribution
of X gwen 0 is Py, where the distribution of 0 is II, i.e. 0 ~ 1I, then
X|0 ~ Py.

In parametric statistics we work with © some subset of R". In nonpara-
metric statistics we relax this assumption and allow our parameter space to
be much bigger. In parametric statistics, one has the parameter space O,
small, in some sense. Usually, we use © C R" with the euclidean topology,

4



2.1. INTRODUCTION TO BAYESIAN THEORY 5

and there should be some "nice” relation between 8§ € © and F,. This is
usually encoded in smoothness conditions in theorems. The limitation of
these kinds of statistics is that the models have to be small, and we cannot
apply the standard methods to large models. For example, say you know
that the observations come from a density, and you want to find the density
which maximizes the likelihood of these observations. Putting larger and
larger spikes on the points we can make the likelihood arbitrarily large, so
there will not be a density which maximizes the likelihood. This means that
the main tool from parametric statistics, the MLE, will not work. The major
downside of using small models is that if the true distribution is outside the
small model, we will not be able to control how well our estimates are. One,
therefore, wishes to use models which can capture all distributions, and show
they always ”work”.

Definition 2.1.2. The posterior I1(:|X) is the conditional probability dis-

tribution of 0 given X, in the model where X|0 ~ Py and 11 is the prior on
0.

Note that the posterior distribution is unique II almost surely. This
is often not a problem, however, for theorems about the behavior of the
posterior we cannot always conclude that every posterior for this prior will
behave as we want.

To compute the posterior is in many parametric cases easy due to Bayes
formula. If you have a dominated collection of measures P, it is possible to
select densities py relative to some o-finite dominating measure p such that
the map (x, ) — py(x) is jointly measurable. Then a version of the posterior
distribution II(-|.X) is given by

_ S po(X) dTI(0)
J pe(X) dTI(6)

Roughly, what we want from a good statistical model is that it will find
the true distribution in some sense. Notice that just stating that eventually,
with probability one we will find the true distribution will not work, because
sample variance would change our estimate. So what we want to do is state
that we can get arbitrarily close, in finite time, with probability tending to
one as one gets more data. This also has the advantage that while the truth
might not be a part of your parameter space, you can still talk about the
parameters which are close to your true distribution.

(B[X)
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In order to be able to speak about consistency, we need some topological
notion of closeness. So we introduce the setting which always holds when
talking about consistency and contraction rates. For every n € N, let X
be an observation in the sample space (X", X™) with distribution P} indexed
by a parameter 6 belonging to a first countable topological space ©. Given
a prior II on the Borel sets of ©, we can act like the observations X ™ came
from IT and form the posterior IT,(+| X ™).

Definition 2.1.3. The posterior distribution IL,(-| X ™) is said to be (weakly)
consistent at 0, € O if, for all open neighborhoods U of 0y, I1,,(U¢| X ™) — 0
in Py probability, as n — oo. The posterior is said to be strongly consis-
tent at 6y € © if this convergence is in the almost-sure sense.

2.2 The Dirichlet process and discrete ran-
dom structures.

In order to define the Dirichlet process, we need to define the Dirichlet distri-
bution first. Let A\¥ denote the Lebesgue measure on R”. We can view the n
simplex as 2 subspace of R" by sending (x1,- - ,Zp41) € Sy to (z1,-- -, xp).
Since Zz . ©; = 1 this parametrizes the n simplex.

Definition 2.2.1. The Dirichlet distribution with parametersn,aq,--- , a,
15 a probability distribution on n — 1 simplex given by

A H zrlco)jl /H:Eal D\ 1 x—n)
=1 ’L

We denote this distribution by Dir(n, oy, -, ).

Because any random variable with a Dirichlet distribution lives on the
K — 1 simplex, the coordinates are nonzero and add up to one, so it can
function as a probability measure. This will be used to construct random
measures as in the next definition. In Bayesian nonparametrics there is a
process which is a main method of defining priors, namely the Dirichlet
process. We cite the definition from [1, ch. 4]

Definition 2.2.2. A random measure P on (X,X) is said to possess a
Dirichlet process distribution DP(M«) with base measure Ma, for M >0
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and o a probability measure, if for every finite measurable partition Ay, --- , A
of X,
(P(A1), -, P(Ag)) ~ Dir(k; Ma(Ay), -+ -, Ma(Ayg)).

A priori it is not clear that the Dirichlet process exists. However, we
will see a theorem from Sethuraman which gives a representation showing
that such a process exists, namely, a process of this form has a stick-breaking
representation which can be used to generalize the Dirichlet process. In my
thesis, this is what we will be doing, and we try to derive the same kind
of consistency results for the more general class of distributions we will be
considering.

The following theorem by Sethuraman [1, theorem 4.12] gives an explicit
representation of the Dirichlet process.

Theorem 2.2.3. If 0, -- 5 a and Vi, - i Be(1, M) are independent
random variables and W; = V; [[1Z1 (1 — Vi), then > ey Wjde, ~ DP(Ma).

From the stick-breaking representation theorem, Theorem 2.2.3, by Sethu-
raman, we see that if P ~ DP(Ma) then P is almost surely discrete. We can
study discrete random structures in a more general setting. This is first done
by studying exchangeable partitions, and then using the techniques and con-
cepts from the theory of discrete random structures to build a general class
of distributions which can used as priors.

If we sample from a random discrete measure, and then look at the tied
observations of this sample, we naturally get random exchangeable partitions
of finite sets. Conversely, if we specify a distribution on partitions in a clever
way, we can use this to create samples.

Recall that a partition { Ay, - - - , Ay} of the finite set [n] is a decomposition
into disjoint subsets of [n] whose union is [n]. The cardinalities n; = | A;| of
the sets in a partition of [n] are said to form a partition of n: an unordered set
{n1,--- , i} of natural numbers such that n = 3-* | n,. Note that here we do
remember how many times a specific value occured in this set, so that {2, 2}
is not the same as {2}. The sets in a partition are considered unordered, but
if we list the sets in a specific order, then the cardinalities match that order.
An ordered partition (nq,---,ng) of n is called a composition of n, and the
set of all compositions of n is denoted by C,. The particular order by the
sizes of the smallest element in every A; is called the order of appearance.
A random partition of [n] is a random element defined on some probability
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space taking values in the set of all partitions of [n]. Its induced distribution
is a probability measure on the set of all partitions of [n].

Definition 2.2.4 (exchangeable partition). A random partition P, of [n]
is called exchangeable if its distribution is invariant under the action of any
permutation of o : [n] — [n|. Equivalently, a random partition P, is called
exchangeable if there exists a symmetric function p : C, — [0, 1] such that,
for every partition {Ay,--- , Ax} of [n],

P(Pn = {A1, -+, Ar}) = P(JAd, - [Al).

The function p is called the exchangeable partition probability function (EPPF)
of Pp.

We want to extend this definition to partition structures, which are a way
to link partitions across n. The goal is to capture the behavior of looking
at the partition defined from the first n observations. So if we have a par-
tition coming from Xq,---, X, and we look at what partitions we can get
from Xy, -+, X, 11, we are very restricted in what can happen, namely, only
one element of the partition can change, and this one will receive the extra
element n + 1. This can be repeated if we want to include or leave out more
element.

Definition 2.2.5 ((infinite) exchangeable partition). An infinite exchange-
able random partition is a sequence (P,), oy of exchangeable random par-

titions of [n] that are consistent in the sense that P,_1 is equal to the partition

obtained from P, by leaving out the element N, almost surely, for every N.

The function p : UF_,C, — [0, 1] whose restriction C, is equal to the ex-

changeable partition probability function of P, is called the exchangeable

partition probability function (EPPF) of (Py),cn-

If n = (ny,---,ng) is a vector, we denote n/T to be the vector ni* =
(n1,---,nj_1,n; +1,neq, -+ ,ny) for j <kand (ng, -+ ,ng, 1) if j =k+1.
If n € Cp,, then n/* is an element in C,,;. By being slightly loose with
specification, we can give a working definition of the predictive probability
function.

Definition 2.2.6. The predictive probability function is the function p =
(p1,p2, - -+ ) with p; : U,Cp, — [0, 1] with
p(n’™) .
pi\n)= ’ j:177k+17
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for every vector n with k distinct elements.

We note that the processes we will study will (often) be a special case of
species sampling models. For discussion and contrast, we will refer to these
processes as well.

We first start by defining a special kind of topological space, which has
a lot of nice properties. This space makes a lot of definitions behave better,
however we will not refer to these kinds of details in this thesis. It is however
needed to state the definition of a species sampling model.

Definition 2.2.7 (Polish space). A topological space X is called a Polish
space if it is a complete separable metric space relative to some metric that
generates the topology.

With the definition of Polish spaces, it becomes possible to state what a
species sampling process is.

Definition 2.2.8 (Species sampling model). A Species sampling model
is a pair consisting of a sequence (X;) of random wvariables and a random

measure P such that Xy, Xo, - |P “ P and P takes the form

pP= iwjégj +(1— iwj)G,
i=1 j=1

for 01,05, --- G with G an atomless probability distribution on a Polish

space X, and an independent random subprobability vector (W;). The ran-
dom distribution P in a SSM 1is called a Species sampling process. If
Z;’il W, =1, the species sampling process is called proper.

Lemma 2.2.9 (Lemma 3.4 of [1]). Let V; b D; be a sequence of random
variables. Suppose that W; = V; [[1Z{ (1=V;). Then W = (Wy, Wy, ---) € S
if and only if E [ {:1(1 — V)} — 0 as j — oo. For independent random
variables Vi, Va, - -+ this condition is equivalent to Y_,° log E[1 — V] = —o0.
In particular, for iid variables Vi, Vs, .-+ it suffices that P(Vy > 0) > 0. If

for every k € N the support of (Vy,--+, Vi) is [0,1]* then the support of W
s the whole space Sy .

We can justify the name of the predictive probability functions with the
following lemma [1, Lemma 14.11].



10 CHAPTER 2. PRIOR KNOWLEDGE

Lemma 2.2.10. The predictive distributions of variables Xy, Xo,--- in the
species sampling model take the form X, ~ G and, forn > 1,

K”L
Xn+1|X17 e 7XTL ~ ij<Nn)6X] +pKn+1G7
j=1

where the functions p; : U,C,, — [0, 1] are the predictive probability functions
of the infinite exchangeable random partition generated by Xy, Xo,---. Here
K, denotes the number of distinct observations of X1, -+, X, Xj 18 the j-
th distinct observation and N, is the vector such that N;, is the number of
times the j-th distinct observation occurs in Xy,--- , X,.

A concept that will appear often in the theory of discrete random struc-
tures are the size biased permutations. The intuition behind this is that
the locations 6; all are independent and have the same distribution. This
means that if we pick any permutation of the weights, denoted by W7, the
distribution of

F' = f; W78, + (1 — f: WG
Jj= Jj=1

is equal to the distribution of

F=> W +(1-Y W)G.

J=1 J=1

So we cannot distinguish the order of W. It turns out that the size-biased
permutations are often the right thing to look at.

An element of the infinite simplex W € S naturally defines a probability
distribution on the natural numbers, namely P,,(I = i) = w;. In the concept
of proper species sampling processes, W is an element of the infinite simplex,
so every such random weight vector W defines such a distribution. Now if we
look conditional on W, the probabiity that I = ¢ is exactly the probability
that we draw 6;. Now because we do not know W, we cannot distinguish
between W and any permutation acting on W, so we look at the object which
has an invariant distribution under taking (random) permutations. It turns
out the right concept is size-biased permutations.

Definition 2.2.11. The size-biased permutation of a probability distri-
bution W = (w;) on N is the random vector (wy,ws, - --), for w; = wy,, and

I, Iy, - the distinct values in an i.i.d. sequence with P(I = i|W) = w;.
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Observe that taking the size biased permutation of a random vector in
size-biased order gives a vector with the same distribution as before.

From Lemma 2.2.10 we can deduce that you can actually specify a species
sampling process by actually specifying one of the following three pairs of
objects:

e G and the distribution of (V}),
e (G and the exchangeable partition probability function,
e (G and the prediction probability function.

To express the exchangeable probability function in terms of the distri-
bution of W we have the following formula

Lemma 2.2.12 (theorem 14.14 [1]).

T Tlo - ).

j=2 i<j

P(nl,“' ,nk) =K

where W again is the size-biased permutation of W.

Lemma 2.2.13 (Kingman’s formula for EPPF, ex 14.1 [1]). The EPPF of
a proper species sampling model can be written in the form

k
|
j=1

There is a kind of generalization of the Dirichlet process which is called
the Pitman-Yor process [3]. This exploits results [2] by Pitman which allows
you to give an explicit computation for the posterior. For details see |1,
chapter 14].

The Pitman-Yor process is a special kind of species sampling process. If
0 <o < 1 and base measure GG then this admits a stick-breaking representa-
tion. It will be an example of a stick-breaking process which we will define
later. See [1, theorem 14.33] and [1, theorem 14.25]

plng, - ng) = Z E

1<y i <00

ind

Theorem 2.2.14. Let V; % Be(1—o, M+ jo) and set W; = V; [[1Z; (1— V).

Let 04, --- “a. Suppose that P =" .2, W;dg,. Then the distribution of P is
given by the Pitman-Yor process, P ~ PY(o, M,G).
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We will contrast the new results in this thesis by the corresponding results
on Species sampling models, the Dirichlet process and the Pitman-Yor. In
the definition of stick-breaking processes we will not include the assumption
that the base measure G is atomless. However, for many theorems, we do
need this assumption.

Finally some object of interest is the support of a distribution.

Lemma 2.2.15 (Support). The support of a probability measure on the
Borel sets of a Polish space is the smallest closed set of probability one.
Equivalently, it is the set of all elements of the space for which every open
neighborhood has positive probability.

We will sometimes conflate this definition with a more vague concept of
support, namely for discrete distributions the points of positive probability.



Chapter 3

The stick-breaking process

In this chapter, we introduce the stick-breaking process and derive some first
properties. The Dirichlet process is the process we want to generalize. In
order to do so, we first look at a specific representation which some processes
have, namely of a stick-breaking process. The Dirichlet process has a stick-
breaking representation [1, Theorem 4.12]. We will first introduce stick-
breaking as a way to give a probability distribution on the infinite simplex.
Then we can use these weights to create the main object of study.

3.1 Introducing the stick-breaking process

We begin with a short discussion on how to define the process we want to
study. We want to find a process that generates probability measures, so
the goal is to figure out what requirements actually are needed to make this
happen.

Definition 3.1.1. Let (X,B) be a measurable space. Let o be a probabil-
ity distribution on (X,B). Let D be a distribution on [0,1]. Given stick-

breaking weights V; nd D, we define weights
i—1
wi=v:][a-v)
j=1
If we let 6; n «, we can combine this into

=1

13
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We will now take a look at a couple of requirements we need to get the
properties we want. Then we can see how to create the precise definition.

Lemma 3.1.2. Suppose that F' follows a distribution which admits the pre-
vious representation, then every instance of F' is a measure.

Proof. F(0) = Y22, 8p,(0)W;. Because 6; are random variables on X, we
know that dg,(0) = 0 for all §;. Hence this sum is zero. For non-negativity,
we remark that the weights W; > 0 and dy,(A) > 0, so F(A) is a sum of
non-negative real numbers, hence non-negative.

For additivity, we observe that, if we have disjoint A;, then 6; is in at
most one such A;, so we get that

F(U;4;) = Z5ei(UjAg‘)Wz‘ =3 0 (AW

i=1 j=1

Now we can use absolute summability of this sequence and monotone con-
vergence theorem to swap the order of summation, which gives

o0

F(UA) =32 da(A)Wi = Y F(A)).

i=1
[

In view of Lemma 2.2.9, if P(V; > 0) > 0, this almost surely defines a
probability measure, since the measure of the total space is Y .-, W;, which
is almost surely 1. So from now on, we assume this. This leads to the central
definition we work with:

So now we know what extra requirements we need to make such ran-
dom measures into probability measures. This gives rise to the main two
definitions.

Definition 3.1.3. We say that F' has a stick-breaking representation

with base measure o and stick-breaking weight measure D iff, for
iid

01,0, % a,Vi,-- X DW,; = V,[TZh(1 — V), such that P(V; > 0) > 0,
we have that F can be written as follows:

i=1

We write F ~ SBP(«a, D).
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Definition 3.1.4. We say that F' has a stick-breaking representation

with different relative weight distributions with base measure o

and stick- b'reakzng weight measures D; iff, for 01,0, - i a, Vi ~ e D;,

Wi =Vi[I[;Z L(1—V3), such that 3%, logE [1—V] = —o0, we hcwe that F
can be wmtten as follows:
F=> Wiy,
i=1

We write F' ~ SBP(«, (D;)).

The condition on the sum of logarithms of E[1 — V]| is to ensure that
oo Wi =1 almost surely.

Note that dy,(A) is one with probability a(A), so for a fixed set A, we
can see the distribution of F'(A) as a random weighted sum of independent
Bernoulli «(A) variables, where the weights are given by the random vector
W: (Wl,WQ,"').

Also, note that P is almost surely a discrete random measure.

Suppose that for every n the sum of the first n weights """ | W; is almost
surely smaller than 1. Then we can transform back to the stick-breaking
points by

4%
1= -y tw,
Lemma 3.1.5. > W, =1—-[]"_,(1-V))

Proof. For N =1 it is clear, and with induction W41 +1 -], (1 - V;) =
1= (1= Vo) [T (1= Vi)- O

Further, one readily sees that if you have a stick-breaking process with an
atomless base measure, then this defines a proper Species sampling model.
Obviously, not all Species sampling models are stick-breaking processes, how-
ever, there are also examples of Species sampling processes which have been
studied in practice which are not stick-breaking process priors. One such fam-
ily of examples is the family of Gibbs processes. Some of the Gibbs processes
are stick-breaking processes such as the Pitman-Yor process, but in general,
they have dependent distribution on the relative stick-breaking weights. For
an example, consider the Normalized Inverse-Gaussian processes. They ad-
mit a stick-breaking presentation with dependent distributions.

We start with a small but useful lemma on the sum of second moments
of stick-breaking process (with identical weight distributions).

Vi=
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Lemma 3.1.6. Suppose V1, - -- “D. Then The stick-breaking weights W
o E|V2
hcwe Zi:l E [VVz2] - 1,E[([1i‘]/1)2]

Proof. We start by expanding the definition of the W; in terms of V;:

éE [Wiz] - EE

Then using the independence of the V; we get

1—1
V2T -v)
j=1

i—1

e[ =Y BV [TE[ - v

Jj=1

Now we use that all the V; ~ D, so then we get the following equality:

e =S e [[E 0%

Now we can move the expectation of E[V}?] outside to get that the previous

term also equals
oo i—1

EMV D TIEl0-w).

i=1 j=1

Now we can count how many times we a term E[(1 — V})?] in the product,
this yields that

SB[ =[] > B[0-n)

Using that E[(1 —17)?] < 1 and the known limit of a geometric series we
finally get:
- E [V}]
E[W?| = d :
2 EW = g —v




Chapter 4
Simple properties

In this chapter, we look at some simple properties of the stick-breaking dis-
tributions. In particular, we look at the mean and variance of integrals with
respect to these measures. The results in this chapter are used to compute
the posterior distribution in the next chapter.

4.1 Mean and variance of the stick-breaking
process

We can compute the mean and (co)variance of the random measure as follows

Proposition 4.1.1. Let F' ~ II, with 11 being a stick-breaking process with
base measure o and stick-breaking weights distributed according to D;. Let
A, B be measurable subsets of X. Then

E[F(A)] = a(A),

Var(F(A)) = a(A)a(A%) ZE (Wil

Cov(F(A), F(B)) = (a(AN B) — a(A)a(B)) Z E [W7].

This proposition has a natural specialization to the case where all the
stick-breaking weights have the same distribution. This yields

17
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Corollary 4.1.2. Let F' ~ 11, with II being a stick-breaking process with base
measure o and stick-breaking weights distributed according to D. Let A, B be
measurable subsets of X. Then

E[F(4)] = a(4),
_ a(A)a(49E V7]
Var(F(4) = T g e

AN B) — a(A)a(B)) E [V{]

1 —E[(1-1)? '
Proof. We apply the previous proposition together with Lemma 3.1.6 which
states that

Con(F(A), F(B)) = &4

N
2 BV = g v

O

The proof of the Proposition 4.1.1 is quite a long computation and is
broken down into several parts for clarity.

Proof. Computing the mean Let A be a measurable set. Then

EF(A) =E Y W;dy,(A)
i=1
YETS T EW6,,(A)
=1
S T EWES, (A)
i=1
=> EWia(A)
=1

=a(A) i]EVV,

i=1

= a(A).
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Here the last step holds since ) .°, W; is almost surely 1.
Computing the variance Let A be a measurable set. Then

Var (F =E [F(A)?] - [F(A)]?
& [F(47] -l

— B |(3 W ()

=E | > > WilW;60,(A)ds, (A) | — a(A)
=E > ) WilW;d5,(A)do, (A) | +E | Y W65, (A)*| — a(A)*.
Li=1 j#i . =1

We look at each of the components of this expression.

Rewriting E [2;’; L3 Wil;05, (A)s, (A)} We start with

E Y ) WilV;6s,(A4)d,(A)

i=1 j#i

We apply the monotone convergence theorem to move the expectation inside
the sum, so we get

ZZWW(SQ

=1 j#i

ZZ]E [W,W;84,(A)d4,(A)] .

1=1 j#i

We use that 0; is independent of all the 6; with j # ¢ and W for all j, so we
can rewrite this expression into

ZZE [W,W;65,(A ZZE [WiW,] E [55,(A) E [06,(A)] .
i=1 j#i =1 j#i
We know the expectation of dg, (A), namely a(A), so we get

D D E[WWE 66, (A E [65,(A)] = a(A)®> > E[W:W,].

i=1 j#i i=1 j#i
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We use the monotone convergence theorem to move the innermost sum inside
the expectation, this yields

WS SR - a(4) Y B

i=1 jti i=1

> Win] .

J#
We can also move the W; outside the inner summation, to get

C((A)2iE Zwiwj] —a(A)2i]E WiZWj] .

=1 Lj#i J#i

Then we know that ) 77, W; is almost surely one, so > ., W; = 1 —W;
almost surely. This gives

a(A)? Z]E

We can simplify this into

WS W]—] — a(AP Y EW(1- W),

J#i

a(A) Y EWi(1 = W))] = a(4)* > E[W] - a(4)* B [W2].

Now we can use monotone convergence theorem again to take the first sum
inside the expectation, and use that > .~ W; is equal to 1 almost surely.
This yields

a(A)? ZE (W] — a(A)? ZIE [(W?] = a(A)? (1 - ZE [Wﬂ> .

Rewriting E [>°7°, W28y, (A)?] We start with

E Z I/Vi259¢ (A)2
=1

We observe that d,(A) is 1 if §; € A and 0 otherwise, so 05 = d,.

E|Y W7 (A?| =E | W76.(A)
=1 =1
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We apply monotone convergence theorem to move the sum outside the ex-
pectation

E

i Wi2(591‘ (A)
i=1

— ZE (W55, (A)] .

We use the independence of W; and 6; to get

D _E[Wehe (A)] = 3 E [WPES, (A)] .

Then because E [0g,(A)] = a(A) we get
DB [WTE B, (A)] = a(4) 3 _E [W7].

Combining the results We had

E[F(A?] =E | ) WiW;0,(A)d,(A) | +E | Y W20,(A)?| — a(A)*.
i=1 j#i i=1
We fill in
E (D) WiW;,(A)d, (A) | = a(A)” (1 - E [Wﬂ) .
i=1 j#i i=1
And
E > W6 (A)?| =a(A)) E[W].
i=1 =1
This gives

E [F(A)?] = a(A)? (1 - ZE [Wﬂ) + a(A) ZE [(W?] — a(A).

Then we can take out a factor a(A) to get

E[F(A)?] = a(A) <—a(A) iE (W7 + iE [Wﬂ) .
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This simplifies into

EF(A)? = a(A) ( (1—a(A Z]E [W?] )
Now we use that 1 — a(A) = a(A), which gives
BF(4)” = a(A)a(4) Y E[17].

Covariance
Let A, B be two measurable sets. Then we want to know the covariance
of FI(A) and F(B). We expand the definition for covariance, which leads to

Cov(F(A), F(B)) = E[(F(A) = E[F(A))(F(B) - E[F(B)])].

We fill in the known value for E [F'(A)] and E [F/(B)], and this leads that the
previous term also equals

E[(F(A) = «(A))(F(B) — a(B))].

We can now simplify the expression by taking known values outside and
repeating the known result on expectations. This leads to

Cov(F(A), F(B)) = E[F(A)F(B)] - a(A)a(B)
We expand the definition of F'(A) and F(B), therefore
Cov(F(A), F 2259 B)W;W;| — a(A)a(B).

Using the monotone convergence theorem we can move the expectation inside
the infinite sums, thus

Cov(F( Z ZE (06, (A)dg,(BYW;W;] — a(A)e(B).

We split the sums into summing over j # ¢ and j = ¢, because this means
we sum terms W;WW, where i # j and we sum W72. This leads to the next
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equality

Cov(F( ZZE (86, (A)Sg, (BYW;W;] +

zlj;éz

ZE (06, (A)do,(B)W?] — a(A)(B).

We use that 0; and 6; and W;W; are independent and 6; and W; are inde-
pendent. We use that, for independent random variables, the expectation of
the product is the product of the expectations. Then

Cov(F( ZZE [0, (A 89,(B)] E [W;W;] +

=1 j#i

> E [, (4)3(B)]E [W7] - a(4)a(B)

We know that E[dy,(A)] = a(A), similarly for dp,(B). Furthermore,
09, (A)dg,(B) = dp,(A N B). The expectation of this is a(A N B). So this
leads to

Cov(F(A). F(B)) = a(A)a(B) Y S E[W,W,] +
i=1 ji

a(AN B) Z E [W?] — a(A)a(B).

We can move the sum over all the j inside the expectation using the monotone
convergence theorem, which leads to

o

Cov(F(A),F(B)) = B)Y E

=1

W) Wi |+

J#i

AﬂBi (W7 — a(A)a(B).

We use that 3 7%, W; = 1 almost surely, so that in expectation the sum
> i W; equals 1 — W;. Using this we get that the previous result also
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equals
ZE Wi)] + a(AN B) ZE [(W2] — a(A)a(B).

=1

We can simplify, move the sum inside the expectation and then use that
>oo2, Wi =1 almost surely to get

Cov(F(A), F(B)) = a(A)a(B)(1 — ZEW?H

a(ANB)Y E[W?] - a(A)a(B).

i=1

We can cancel the a(A)a(B) terms so this also equals
—a(A)a(B)> EW? +a(ANB)Y E[W7].
We can simplify for one last time to get

(a(AN B) — a(A)a(B)) Z E [W7].

]

Retrieving the distribution of the Dirichlet process For the Dirich-
let process V; ~ B(1, M), and 1 — V; is then B(M,1) distributed. Then

E[Vi] = ﬁ, E[1-V]= M+1 The Variances are given by
M

(1+ M2(M +2)

Var(V;) = = Var(1l — V;).

So now we can compute the second moments by using E [X?] = Var(X) +

E[X]*. So

- M 1 B 2m + 2
S = oy Oy T e mr vy
- M2 ME(M+2)+ M

Bl =W = Gripare s T Gre e T @ R0 2y
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Hence, using simple algebra and canceling of terms we get:
2m+-2
E V7] __ mP(y)

I-E[1-W)7] 1 - dranar
2M + 2
(M +1)2(M+2)—M2>(M+2)—m
B 2M + 2
S M A2+ 2M(M +2) + M2(M +2) — M2(M +2) — M
. 2M+2
24 2M(M +2)
 2M+2
©2M2 +4M +2
. M+1
M2+ 2M +1
. M+1
(M +1)2
1
M+1

So indeed we get (Aa(4)
a(A)a(A°
Var(FA) = TSI
If we have F' ~ DP(Ma).

The statement of proposition 4.3 from [1] and its proof hold almost ver-
batim, we only need to change the reference from proposition [1, proposition
4.2] to the previous computations and update the terms for the variance. For
completeness, we include the statement and the proof here. These lemmas
concern the integration of functions with respect to measures drawn from a
stick-breaking process prior.

Lemma 4.1.3. If P s distributed according to a stick-breaking process with
base measure o and stick-breaking weight distributions D;, then for any mea-
surable functions ¢, for which the expression on the right-hand side is mean-

ingful,
B(Po) = [ oda.

Var(¢) = / (6 — / ¢ da)? daiE w7,
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Cov(é, 1) = (/¢@Dda—/¢da/¢da)§:E[Wi2}.

Proof. We just apply the standard machinery for extending results about
integration from indicator function to general integrable functions, and the
results from Lemma 4.1.3. O

Lemma 4.1.4. If P is distributed according to a stick-breaking process with
base measure o and stick-breaking weight distribution D, then for any mea-
surable functions ¢, for which the expression on the right-hand side is mean-

ingful,
E(P¢) = / ¢ da,

[(¢p— [¢da)? daEV;?

vate) = L g
Couti, ) o0 da—Joda [y daR (V7]
1-E[1-V)
Proof. The extension of the result from the previous proposition to this
proposition is just using Lemma 3.1.6, namely that > >~ E [W?] = %.
]

4.2 Support of stick-breaking process.

We now write a theorem on the support of stick-breaking processes. We refer
o [1, Lemma 3.6].

Lemma 4.2.1 (Support of stick-breaking process). If (Wy, W, -+ ) are stick-

breaking weights based on stick lengths V; “p for a fully supported measure
D on [0,1], independent of 6; ~ « where « has full support X, then the
stick-breaking process SBP(c, D) has full support M(X).

We can expand this theorem a bit further to the case where the base
measure is supported on a smaller set.

Lemma 4.2.2. The weak support of a stick-breaking process 11 with base
measure « is H ={P € M(X) : supp(P) C supp()}.
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The proof works the same, just restricting all the sets we consider to the
support of a, and observing that H is a closed set of probability 1. Also note
that by incorporating the observation of these two lemmas together with [1,
Lemma 3.5] we get

Lemma 4.2.3. Suppose the stick-breaking distribution weights V; are drawn
from D;, every D; is fully supported on [0,1] and the base measure o is
supported on A, then the stick-breaking process is fully supported on H =
{P € M : supp(P) C supp(a)}.

4.3 Exchangeable partition probability func-
tions

Lemma 4.3.1. The exchangeable partition probability function corresponding
to a stick-breaking process with atomless base measure o and relative stick-
breaking weights D is given by

) [V”U(]’)(l — V)&= ”]

plny, - ng) = ZH

cestj=1 1 =K [(1 — V)Zozi n] 7

Where V ~ D.

Proof. By the assumption that « is atomless, the stick-breaking process ac-
tually becomes a proper species sampling process. By Lemma 2.2.13 we know
that for proper species sampling processes

plng, -, ng) = Z

1<y i <oo

¢[fi]

Here W, =V; ] 1(1 — V) and V3, Va, - - % D. Hence we can rewrite this

into
>

1<iy - #i<oo

vaﬁl— vy

Now observe that if we sum over 1 < iy # --- 2§ < 00, this is the same as
summing over all permutations of [k], and then summing over all assignments
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11 < g <13 < ---. This gives

2. 2. E

geSk 1< <+ <1 <o

Jj—1

k —
H V;j ol (1 _ ‘/l) 0
Jj=1

=1

Now we know the powers p, ¢ of V’(1 —V})9, namely p = n,, if there is an
i; such that [ = i(;) and zero otherwise, and ¢ is the sum of the counts n;
such that [ < i,(;), i.e. Zl:l<z‘a(j) n;. This allows us to factorize the product,
and then because all the V; ~ D we can sum the geometric series appearing.
This gives

P E [V”ff(j)(l — V) Zowss n]

plng, - ng) = Z H

oeSk j=1 1 — E |:(1 - V)ZO'<7')ZJ ni:|




Chapter 5

The posterior distribution

5.1 The posterior of a species sampling pro-
cess

In this section, we will see how to find a description of the posterior and
some outline on how we want to proceed to try and give a nicer form for the
posterior. We start by observing that a stick-breaking process is a special case
of a species sampling process [1, Chapter 14], for which there is already an
established theory on how to find a description for the posterior. This uses the
size-biased permutation of the weights. However, size-biased permutations
are complicated objects to give closed-form expressions for, so the goal is to
also find a description which is easier to work with. [1, Theorem 14.18] states

Theorem 5.1.1. The posterior distribution of F' in the model with obser-
vations Xy, -+, Xp|F Y F with F Jollowing a proper species sampling prior
with the weight sequences (W;) = (W) in size-biased order is the distribution

of
Ky 0o
ZWjde + Z Wiog,:
j=1 i=Kn+1

where X, - - - ,XKn are the distinct values of X1,---, X,, in order of appear-
ance, Nj, the number of times X; appeared in the sample, the variables
Xiats - Moo and W= (W,) is an independent vector with distribution

29
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given by

T n 11 N],’nfl n I
B [f01)X, X = SOV ITE 77 T (1= S, )|
1 I n - p(Nn) Y
where p is the EPPF of the species sampling model, and the expectation on
the right-hand side is under the prior distribution of (W;).

Recall that the EPPF is by [1, theorem 14.14], same statement in Lemma 2.2.12

equal to
k k
[T 1o - ZWZ‘] |
j=1

j=2 i<j

p(ny, - ,ng) =E

where W again is the size-biased permutation of .

This Theorem gives us a very implicit description of the posterior, how-
ever, we can also find an explicit posterior, where we do not have the problem
of having to compute the size-biased permutation. This form of the posterior
will enable us to get stronger statements on the behavior of the posterior,
see the chapter on consistency.

5.2 Introduction

So the goal is to find a posterior distribution. It is enough to study the
canonical process. In order to do this, we need to define all the objects. Let
(X, X, ) be a probability space. Define © = (X x [0, 1])¥(i.e. the countable
infinite product). This means © = {(6;,V;), oy} the space of all sequences.
One then can view #; and V; as maps from O to X and [0, 1] respectively, i.e.
if w= (z1,v1,x2,v9,--+) € O, then 6;(w) = z; a Vi(w) = v;.

We define a distribution II on © via 6; o and | ud D, where D is a
probability measure on [0, 1] with density function f.

IT will be our prior, and we have a parametrization of the probabil-
ity measures on X' by Pp(A) = 3% 85y (A)Vi(w) [T') (1 — Vj(w)). For

j=1
every 0,V we can form a probability distribution P,y defined by A —
00 j—1
Zz‘:l 591-(14)‘/; H;:1(1 - VJ)
We model X0,V ~ By . Now in order to create the canonical probability
on X X © we define the following:

P € B, X € A) = / Py(A) dII(6).
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We know an expression for Py, so we can jot this down:

po e 5. X € 4) = [ S dnne [0 - v@)ano)

Jj=1

We will start with deriving the posterior in the setting where we have just
one observation. This allows us to start easy and makes the general proof
easier to follow.

5.3 Derivation of posterior

So © is a complicated probability space, and we can best study this via
cylindrical sets, so we look at sets B = {6, € C1,V; € By,---,0, € C,,,V,, €
B,}. It is enough to study those, since these generate the o-algebra of the
infinite product. Thus we look at those.

So we start with the first lemma, which gives an expression for the prob-
ability that 6 is in B and X is in A. This is what is what is needed to verify
the claim that something is the posterior.

Lemma 5.3.1.
PO €B.XeA)=al][a@]] | Q-vf)do+
Z (H Oé(Ck)) a(C;NA) (1:[/ (1 —=v)f(v) dv) / vf(v)dv
i=1 \ki =178 B,
(11 [, s

Roughly speaking, one can see this as conditioning on V; up to V,,, then
seeing what is the probability that X came from 6, up to 6, and with what
probability. You can actually prove this in this way, but then we need to
modify the probability space so that we get a © = O x N, introduce a
random variable I so that P(I = nl|6;,V;,---) =V, H;:ll(l —Vj), and set
X|I = 6;. Then you get that X|P ~ P and can talk rigorously about X
coming from 6; or not. You should interpret I as the the random variable
which remembers which 6; was chosen when drawing the random variable X
from P.
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Proof.
POoeC,VeB XecA=P0O cC,V €By,--,0,€C,,V, € B,, X € A).

This is also equal to
i—1

// /// 591.(14)1/;1_[(1—V})déan---dVldel
C1 /B 'n  Bn (xx[0,1]) =1 .

] n+1 ]:1

where 0 is integration over all the coordinates after the first n (or 2n depend-
ing how you count). We can split this sum into the first n terms, and the
tail:

SLALIG | (IR AN | (s

Jj=1 J J=1
n i—1
Hl—Vk 259 Wi I -y
k=1 i=n+1 j=n+1

Then if we compute the innermost mtegral we get

/ Z 59 V H 1 — V})—{—
G2 n1(Xx[0,1]) j=1
n i—1
<H1—w>§j@ Wi [ - vas
k=1 i=n+1 j=n+1

We can use linearity to get that this also equals

/ 259 viﬁu—vj)de
I ey

Jj= n+1(X><[0 l] =1

n i—1
(1= Vi) 50.(A)V; [ (1 —v3)aé.
+/HJ g1 (Ax[0,1]) (;}_[1 g ) Z o H ( J)

i=n+1 j=n+1

And then independence to evaluate the first integral and simplify the second

S a0 - v+
(ﬁa_vk))/ S G (A ]‘i (1-V;)dd

k=1 Jj= n+1(XX[O 1) i=n-+1 j=n+1
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Proposition 4.1.1 says that the integral in this expression is a(A), so we get

S antam [T - 1) + et [Ja -

k=1

So we can substitute this back into the original equation and compute
those integrals. Using linearity we split this, and compute every term sepa-
rately. First we compute

/Cl /B// li[ 7)dD(vn) da(By) - - - dD(vr) d a(6h).

We use that D has a density, and independence to factor this integral, which
leads the solution

I [ a=vfe)do

Then we tackle the integrals of the first kind, now let i € {1,--- ,n}, we want
to compute
i—1
/ / . / / b0, (A [ (1= V;) dD(v,) da(6,) -+ d D(wy) d a(6y).
Cl Bl n n j=1

We again use independence and the fact that D has a density to get

(Ha(ck)> a(CiNA) (ﬁ /B - f(v)dv) / (H / It

k#1i j=i+1

Combining all the terms of the sums yields

n

P(eeB,XeA):a(A)ﬁa H/ (1—v)f(v)do+
Z(Ha()’k> (C;N A) (ﬁ/

2\ (I—-v)f dv)/ vf(v)dv
(o)

J
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This finishes the first half of the preparation. Remember that the goal
was to find a posterior probability P(B|z). For P(B|z) to be a posterior
distribution the following must hold: E [P(E|X)14(X)] =P(w € E, X € A).
We formulate a small lemma which allows easier computation of this expected
value.

Lemma 5.3.2.

E[P(E|X)14(X)] = /AP(w € Blz) do(z)

Proof. In order to compute this, we observe the following
E[P(EIX)14(X)] = E[E[P(E|X)14(X)[|o(X)]]
using X |P~P
SR [P(P(EIX)LA(X))]
Lemm:a 4.1.3 / P(El.l’) dOé(;L’)
A
O

Here the lemma used is the expected value of integration with respect to
Dirichlet Process/Stick-breaking process measure.
From this we can quite directly deduce the form the posterior has, namely

Lemma 5.3.3. A version of the posterior distribution is

P{6, € C1,V1 € By,--- ,0, € C,,V,, € B, }x) =

[Te(@)]] | (1= oswdvs
Z( 1 a@ne@] [ a-vswa [ v [T [ %f(v)dv)

i=1 \k=1,k#i j=it1
Proof. You just use previous lemma to verify if
E[P(B|X)1a(X)]=PO € B, X € A).

Thus we should compute [, P(B|z)da. For this we observe that we can use
linearity to take the summation outside, integration of terms with indicator
function 1, () just replaces this term with o(C;NA) and the summand with-
out any indicator function gets a factor a(A). This results in the expression
we derived for P(0; € C1, Vi € By, -+ ,0, € Cp,,V,, € By). O
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5.4 Generalizing to n observations

Let a be the base measure, and D the weight measure. We want to compute

the posterior for n iid observations in the model P ~ SBP(«, D) and X;|P Y

P. In order to do some we introduce some notation which makes this a lot
easier.

We set © = (X x [0, 1)) x N™.

5.4.1 Computing the probability

We again start with a lemma which allows us to find the probability that X
isin A, #is in B and V is in C. Again this is what we need to verify the
claim that something is the posterior.

Theorem 5.4.1. The probability P(X € A,0 € B,V € C) equals

> (Ha( ) [TaCin ) A H[/keBkl v) T dD(v)

(i1, in)EN? \j&S jes keT;
where
o S=5((ir, -+ ,in)) = {i1, -+ ,in}. Note |S| need not be n.

o Forallje S: T; ={k:i,=7j} all the different k such that i, is equal
to an element of S, so equal to one of the different values iy, --- i,
attain.

o #j=>"_Lic the number of iy such that j is smaller than i.
o #j=>"_ 1, the number of iy such that j is equal to ix.

Proof. We introduce random variables, 6; is the -th X coordinate, V; is
the i-th [0,1] coordinate and I; is the i-th N coordinate. We put distri-
butions on these coordinates. 6; are all independently distributed accord-
ing to «. Independently of this, we make V; independent sample of D.
We say [; are, conditional on 6,V independently distributed according to
P(I; = nlo,V) =1V, Hn_l( — V;). Then if we put X; = 6;,, we have that

Xil0,V =2 6o Vi ITio (1= V).
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We observe that to know the distribution of P(# € C,V € B, X € A)
it is enough to know it on the o-cylinders generating the infinite product,
so WLOG we assume C' = [[Z,{0; € C;} and B = [[[Z,{V; € B;}, and
A= H?:I{Xj € A}

Then we want to compute P(0 € C,V € B, X € A). What we can do is
actually compute

Y POeCVEBXEeAT= (i, i)
(i1, ,in)ENP

We can do this by conditioning on V, I, since for fixed (iy,--- ,i,) we know
that the conditional probability P(§ € C,V € B, X € A, I = (i1, ,i,)) is
equal to

/ PO €C,X € Al = (i1, i),V = 0)P(I = (i1, - ,i)|V = v) dD®(v).
B

Then we know P( = (i1, -+ ,4,)|V = v), namely [[}_, (vk Hf;ll(l - vj)>.
This allows us to simplify P( € C,V € B, X € A, I = (i1, - ,iy)) into

/ PO e C, X € A|ll = (i1, -+ ,i,),V =) ﬁ (vk 1:[1(1 — vj)> dD>(v).

Now we observe that P(6 € C, X € A|l = (iy,--- ,i,),V = v) does not
depend on V| so this simplifies into P(§ € C, X € A|I = (i1, -+ ,i,)), and
we can compute this. We observe that if I; = n, then 0,, = X;,, and so that
if we want that 0,, € C,, and X; € A;, we also must have 0, € A;. Thus we
get the intersections between all the sets ), and A; such that I; = n. Note
that there can be multiple of those. In order to handle this we introduced
the following notation:

e S=5((i1, -+ ,in)) = {i1, -+ ,in}. Note |S| need not be n.
o #j=>"7"_, 1, the number of i; such that j is smaller than i.
o #j=>"_ 1, thenumber of i, such that j is equal to i.

Using this notation, and using the remarks we can write down the con-
ditional probability P(§ € C, X € A|I = (i1, ,i,)):

(Ha(cj)> [Jacin () A

Jjgs jes keTy
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Filling this back into our equation for P( € C,V € B, X € A/l =

(41, ,1,)) we get that this equals
/(Ha ) [T N 4 H(ka 1_U,>dpoo<v>.
JES Jjes keT; k=1

Note that (ngsoz(Cj» <Hj€S a(C5 N yer, Ak)> indeed does not depend
on v so we can take it outside the integral, which yields

(qua( ) gacﬂﬂAk /H(vknl—vj)dpm()

keT;

We can use the numbers #k and #'k to count how many factors v; and
(1 — v;) we get. This allows us the simplify the integral together with in-
dependence of the V; and the fact that B consists of o-cylinders. Then

Je1lie (Uk H = Uj)) dD>(v) equals

[ee]

11 /V (=)

k=1
We can combine this to find that the probability P( € C,V € B, X € A, I =
(i1, -+ ,in)) equals

(Ha< ) TTa(Cn () A H/Wk o) o#* A D(w).

Jjgs jes keT;

So all that is left to do is to sum over all the possible values iy,--- i,
can attain to get that P(f € C,V € B, X € A) equals

2. (H@( ) [TeCin () A H/VkeBkl V)RR A D(w).

(i1, yin)EN™ \JES jes keT;

Now we can normalize the distribution [];-, kaGBk(l — )#F#'* A D(v) by
multiplying and dividing by [’ Y E(1 — v)# u#* 4 D(v). This introduces
a probability distribution on N, namely we can define

n ij—l

[Ive [T -w)

j=1 k=1

P'(iy, -+ ,ip) x E
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This is what we will need to construct a description of the posterior. O

5.4.2 Integration lemma

This lemma allows easier computation of the expectation which we need to
verify for the posterior.

Lemma 5.4.2. Let A be any set of the form A ={X; € Ay,---, X, € A, }.
X;|P ~ P iid from P, P ~II. Then

= Z E[f(0i, - ,0i,)1a(0i, - ,0;,)] H /(1 — v)#kv#/k dD(v)

(i1, in) EN"

Where we can compute the expectation for functions f which only care for
the (ordered set) of z; of distinct values X;, F; the indices where we observed
Z; and ng how often it appeared:

/ / F((rm)s e () da(am) -+ - da(a)
Nkery Ak Nke P, Ak

where f((xl,kl), o (X, km)) 1s the function we get if we just count how
many appearances of x, occurred into ki, etc.

Proof. Let A be any set of the form A = {X; € Ay,---, X, € A,}. Xi|P~ P
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iid from P, P ~ II. Then
E[f(X)14(X)] = E[E [f(X)La(X)|0, V]]

n ip—1
=E Z f(‘giu T 70%)114(01'1’ T 78%) H (‘/Zk (1 - V}))

(i1, ,in)EN™ k=1 j=1
n ip—1
(ilv"'vin)eNn k=1 7=1

- Z E[f(9117 76in)1A(9i17"' 79%)]1[3

SHD DI FCHSIT R ENCASEITN) | (SRR I

Note that we can simplify this a bit further, because we can simplify the
expected value as well into

/ / F@n | Tal) s (2ms | Ts, ) dalzn) - - d o)
NkeTg, Ak Nkerg, Ak

where f((x1, k1), -+, (@m, km)) is the function we get if we just count how
many appearances of x; occurred into kp, etc. O

5.4.3 Partitions

So we are summing over all the possible assignments of (i, - ,4,). We can
as well sum over all the partitions of [n], and then sum over the possible
assignments. Then what we can further do is sum over all the possible
different sizes of the elements of the partition.

Roughly speaking, when you observe z1,--- , x,, you do not see what val-
ues iy, - - , i, take, but (if « is atomless) you observe a grouping of iy, - - - , i,
into which i are the same. So you get a partition of [n]. Technically you get
to know the partition almost surely. However, it turs out it is easier if we
forget a bit of information, namely, we can just forget the exact order of the
data, but just group on z;, the distinct observations in order of appearance,
and k; the number of x; that attains the value Z;.
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We are going to sum over all the possible partitions, and then over all
possible assignments of iq,--- .7, which are equal on the partition. This
requires some careful thought on how we sum, because we want to only each
assignment 1, - - - , 2, once. Because we actually can observe such a partition,
we are in the situation we want to be. So let us rewrite both the probability
and the expected value after the integration lemma into this form.

We start by forming a lemma which allows us to rewriting the sum of
the indices {i1,- -+ ,i,} into something allows us to integrate properly. This
lemma states that there is a bijection between two sets, namely the set of all
partitions of size m of [n] = {1,--- ,n} times N which remembers all the i;
which have the same value, and then just remembers which m distinct value
they attain, and the values of iq,--- ,7,. We form this map by just looking
at the value of 7; and then look at which 7, are equal to this, then look at
the first ¢; which is different from 7; and look at the value of 4; and look for
which 7, are equal to i;, etc.

Lemma 5.4.3. Let
¢:N'"— H ({partitions of size m of [n|} x {f1, -+, fm : f1, -+, fm all distinct in N})
m=1

be the map given above. Then this map s a bijection.

Proof. So we need to argue well definedness, injectivity and surjectivity.
The well definedness is clear from the fact that we group on those 7, which
are the same, so we indeed map to

H ({partitions of size m of [n]} X {f1, -, fm : f1, -+, fm all distinct € N}).

m=1

Now we tackle the injectivity and surjectvity. We will create an inverse
map. Suppose we are given a partition of [n], say Fi,--- , F,, and natural
numbers fi,-- -, fin. Since partitions are themselves unordered, wlog we can
assume Ay contains the smallest element of [n] not contained in Ug‘f;llAj, by
renaming the sets if needed. Define c(k) the natural number so that k € Fy),
which exists because k € [n] and the F' form a partition of [n]. Then set
it = fer)- If we now apply ¢, we look at the values 4 which are equal to
i1 = f1. Since all f;, are distinct, we know this means that if i; = i; = f;, we
must have ¢(j) = 1. Repeat this argument for all distinct values of i, and
we see that we indeed map 41, ,4, to Fi, -+, Fon, f1,- , fn. O



5.4. GENERALIZING TO N OBSERVATIONS 41

Note that we need these properties, because otherwise, if we would apply
this transformation we would be over- or undercounting. With this lemma
we can continue the derivation of the posterior. We denote X; for the i-th
distinct observation here : = 1,--- ,m, and n; how often the observation X;
occurred. We again denote #j to be the count of all I} such that I > j and
#'5 to be the number of I, such that I, = j. We denote #j = o el

and #'j =S gl ;.

Theorem 5.4.4 (Posterior of a stick-breaking process based on n observa-
tions). The posterior of a stick-breaking process with atomless base measure
a and stick-breaking weights D for observations xq,- -+ ,x, S, using the no-
tation above, given by the following hierarchical model: draw I = (iy, -+ ,im)
proportional to

m ik—l
nk n
E H ‘/% H (]- - V}) F1 all values of i1, ,im are distinct
k=1 7j=1

Conditional on I,

e Draw 0; fori # Iy,--- , I, from « independently.
e Set 9[1. = i’z

[,(=V)#iv#i 4D (v)
[A=V)#iV# i dD(v)

e Define distribution @j to be the map A —
e Draw Vj from ﬁj, independently.

Proof. The proof is just combining the previous lemmas. Recall that P(6 €
C,V € B, X € A) equals

> (HO‘<CJ')) [TaCin ) A H/VeB (1—0)#**#* d D(v).

(i1,~--,in)€N" ]QS ]GS kETj

We now apply the transformation ¢ on these sums. Now we have explicit
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expressions for 7, namely Fy, -+, Fp,, S = {i1, -+ ,im}.

Z > X (H a<0j>>
- Fi, Fmy, 1,0 im Jjgs
partion of [n] distinct

[T «Ci,n () A H/GB ) # R 4 D(v).

j€[m] keF;

This is what we want to end up with after applying the integration lemma.
So lets apply the integration lemma to the hypothesized posterior and verify.

Lets first expand the posterior for our sets A, B,C. So for fixed obser-
vations x,- -+ ,x, we get a partition of distinct elements, so we know which
C; our X; must lie in. We denote by Z the normalization constant for the
probability

m i—1

ng n
H V;k H (]- - V}) F1 all values of iy, iy, are distinct Z.

k=1 Jj=1

P(l = (i1, ,im) =E

For fixed I = (iy,--+ ,%,) we can expand this easily using the indepen-
dence. This yields 1¢; (#;) for the probability that #; lies in Cy;, the 6; each
give a factor a(C;) for ¢ # 4y, -+ , iy, and we get the weights from V}, all
multiplied together. We then sum this times the probability of choosing this
particular I, which yields

i1, shm \JES J€[m]

distinct
Note that this probability cancels the numerator and yields a factor Z. So
we can simplify this further into

. 5 _ )\ H #

> (Ha((m) I1 e, @) H/ (1 —0)" "7 dDW)Z.

1'17..‘7im ]QS ]E[m] k=1 VkGBk
distinct

We now apply the integration lemma to this, but we reformulate into par-

titions again, using the final remark of the integration lemma. We can for-

mulate the posterior in the form that it takes a partition of [n] and values

52 o ep (1= 0)#0#EdD(v) ‘
E ||aO' || (2 k=" S P(I = (iy,---
( ( j)> tes, () I, [ (1 —v)#o#EdD(v) U=
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21, - ,T,, because this is the transformation we apply as the first step into
computing the posterior. If we apply this, this leads to

E[P(B| Xy, -, Xp)Layoa, (@1, )]

=S R 00) 140, H/ v d (o)
Z

(z' - yin )ENT
m=1 J I /ﬁkeTS /mkGTS Ak 4y,

partltlon of [n] dlstmct dlstmct

J¢S

H /(1 — U)#jv#’j dD(v)

J€[m]

Now we can take the sum over iy, --- ,4,,, and the products ngs a(C;) and
[T, =1 [y, cp, (1 = 0)#0#7 A D(v) Z outside the integrals and the sum over
Jiy+++ ,Jm- Then we can evaluate the integrals. Because we only integrate

Le,,(%;) over ﬂkeFj Ay, with respect to measure «, we are left with the prod-

uct H;il (Oé(cz‘j N ﬂkeFj Ak)) Doing this we get

_ Z 3 (Ha(cj)>/VEB (1 —v)##7 dD(v)Z

m=1 11, im JES
partltlon of [n] dlstmct

ZH a(Ci, 1 () A) H/ o) ¥ dD(v)

Jm =1 keF;
dlbtlnct

Note that the product does not depend on the specific value of the j1,- -, Jm,
so we can take it in front, and then we are just computing %, the normaliza-

(Ha@»)) [T e, @) | I1 / =0 D) Zdatn) - dala)
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tion constant. So this cancels and we end up with

Y Y % (M)
" partltlon of [n] léIStlrzlg‘Lc 7%

/ (1= o) T dD) [] | a(C, 0 () Ar)
Vi €By j=1

k‘GFj

If we now reorder the terms we get what we want, namely

—Z 2 (IIa(@))
5 Fm 11, ,im Jj€S
partltlon of [n] dlstlnct

Ha (Ci; N ﬂ Ay) /VEB (1—v)#jv#/jd1)(v).

kEF;

Which is what we computed for P( € B,V € C, X € A). ]

5.5 Generalization to distinct distributions

We can generalize outside the scope of stick-breaking processes, where the V;
are still independent, but now each V; has their own distribution D;. Then
the same proof as above still holds, just with more notation to keep track of
the different distributions. This leads to the following theorem:

Theorem 5.5.1 (Posterior of a stick-breaking process based on n obser-
vations). The posterior of a stick-breaking process with atomless base mea-
sure o and stick-breaking weights V; ~ D; for observations xy,--- ,x, is,
using the notation above, given by the following hierarchical model: draw
I = (i1, ,im) proportional to

m ip—1
nk n
E | | ‘/Zk H (1 - V]) 1 all values of i1, ,im are distinct
k=1 j=1

Conditional on I,
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e Draw 0; fori # Iy,--- , 1, from « independently.
o Set 01@' = Zfl

e Define distribution ﬁj to be the map A — JLQ=V)#IV# dD; (v)

e Draw V; from ﬁj, independently.

[A=V)#iV#'5 dD;(v)

45



Chapter 6

Consistency

In this chapter we study the consistency of the posterior, both in the standard
model and the mixtures case.

6.1 Consistency

Roughly, what we want from a good statistical model is that it will find
the true distribution in some sense. Notice that just stating that eventually,
with probability one we will find the true distribution will not work, because
sample variance would change our estimate. So what we want to do is state
that we can get arbitrarily close, in finite time, with probability tending to
one as one gets more data. This also has the advantage that while the truth
might not be a part of your parameter space, you can still talk about the
parameters which are close to your true distribution.

In order to be able to speak about consistency, we need some topological
notion of closeness. So we introduce the setting which always holds when
talking about consistency and contraction rates. For every n € N, let X
be an observation in the sample space (X", X™) with distribution P}’ indexed
by a parameter # belonging to a first countable topological space ©. Given
a prior IT on the Borel sets of ©, we can act like the observations X ™ came
from IT and form the posterior IL, (-|X™).

Definition 6.1.1. The posterior distribution IL, (-|X ™) is said to be (weakly)
consistent at 0y € O if, for all open neighborhoods U of 6y, 11, (UC|X(”)) —

0 in Py probability, as n — oo. The posterior is said to be strongly con-
sistent at 60y € O if this convergence is in the almost-sure sense.

46
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In general, we do not expect the family to be consistent, because it is to
big, however, we would like to derive easy tests to tell if it will be consistent
or not. For this, we hope to find a simple test, however, as the Pitman-Yor
process shows, the test will not be very easy, as already this process which
has a nice description fails to be consistent in case where the true distribution
is continuous. The Pitman-Yor process is an example of the stick-breaking
process with different stick-breaking weight distributions. We will see that
for a large class of stick-breaking processes, namely those with a continuous
density bounded away from zero, we do get consistency.

The stick-breaking processes are, as said before, an example of species
sampling models. For species sampling models there is a theorem which
classifies which distributions they get consistency for. However, the condition
is a very abstract one which is hard to make into something concrete.

6.2 Posterior consistency

6.2.1 Introduction of the topology.

Here we introduce the topology of convergence of bounded measurable func-
tions. We then compute the posterior integral of a bounded measurable
function.

Definition 6.2.1. We say that a sequence of measures ji, converges point-
wise on bounded measurable functions to a measure p if for every
bounded measurable function f we have p,(f) — u(f).

We will show that under some conditions on the distribution of V', the
posterior distribution of the stick-breaking process converges almost surely
to the true distribution in this setting.

We will use a simple lemma which gives a necessary and sufficient condi-
tion for consistency. This is [1, Lemma 6.4]

Lemma 6.2.2 (Consistency by functionals). If U is a set of measurable real
functions on © so that

then the posterior distribution is (strongly) consistent at 0y if for each ¥ (0)
the induced posterior is strongly consistent at 1(0y). If the functions 1)
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are uniformly bounded, then the latter is equivalent to the pair conditions
E [(¢(0)|X™] = ¢(6p) and var (v(0)|X™) — 0, in probability (or almost
surely).

Now because we can restrict the class of bounded functions to the class of
uniform bounded functions by just dividing by the bound on every function
if needed. This still generates the topology of pointwise convergence on
bounded measurable functions. Thus in order to prove the consistency of the
posterior with respect to this topology, it is enough to study the mean and
variance of functionals under this posterior.

6.2.2 Posterior consistency in case of Species sampling
process, Dirichlet processes and Pitman-Yor pro-
cess

In the general case of posterior species sampling processes, not much is known
about the consistency of the posterior distribution. We will introduce a gen-
eral theorem on the consistency of posterior distributions, and then one spe-
cific for the case of a Dirichlet or a Pitman-Yor process prior. The theorem
about the consistency of the Species sampling processes states. See [1, The-
orem 14.19] for a proof. The predictive probability functions p;(n) are given
by

p( n’*)

p( n)

where p is the exchange probability partition function. We have written down
an expression for this, namely

ﬁwﬁ (1_2@1 .

j=2 1<J

pj(n) =

9

p(n)=E

And the notation n/T means that we increase the j-th component of n by 1,
and if j is k + 1, where there are k distinct indices of n, we mean the vector
n with a 1 appended to the end.

Theorem 6.2.3. Let S be the support of the discrete part B¢ of the probability
measure Py = PS¢ + P&, If P follows a species sampling process prior with
PPF(p;) satisfying, for nonnegative numbers o, = O(1) and numbers 6,, =
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O(1), and Nj,, counting how many times the j-th distinct observation occurs
m Xla s ,Xj,
Ky

anN;, + 0y, o
o Ipi(Na) - —— =0 as BT,
j=1:X,€8
Kn KTL
DX N (N = pi(Na)ps(Na)| =0 acs. [F57],
i=1 j=1

Then the posterior distribution of P in the model Xy, X,|P Yop s
strongly consistent at Py relative to the topology of pointwise convergence on
bounded measurable functions if both a, — 1 and pk,+1(N,) — 0 almost
surely. The latter two conditions are necessary if B¢ # 0 or G # %,
respectively; and equivalent if Py is discrete. Furthermore, if a,, — a and

Px, +1(N,) — v, and either pr, o( NE T 4) — ~ or~y = 0, then the posterior

o d c _ 1=a||Pg|l—y
distribution tends to apy + BFPs + G, for B = I1P<]]
0

The two states conditions state that prediction probability functions P;(V,,)
and the sample frequency % should not differ to much, and that the vari-
ance in the model should go to zero almost surely. The problem with this
theorem is that it is very difficult to identify where the model is consistent,
we have conditions, but they are related to the true distribution. Further-
more, explicitly computing p;(N,,) and taking the limits might be hard. In
case of the Pitman-Yor process, we can get a better result, however, we will

not get the everywhere consistency. See [1, thm 14.38] for a proof..

Theorem 6.2.4. If P follows a Pitman-Yor PY(o, M,G) process, then the

posterior distribution of P in the model X1, -, X,|P “p converges under
Py relative to the weak tpology to PS¢+ (1 — o) P§ + oG, for & = ||F§||. In
particular, the posterior distribution is consistent if and only if Py is discrete
or G is proportional to F§ or o = 0.

As you can see, in this setting we have a very explicit condition for con-
sistency, however, it is not consistent for all distributions. This makes the
Pitman-Yor process less suitable for applications, as you can only apply this
if you know that the true distribution will be discrete. Note that the Dirich-
let process with atomless base measure is a Pitman-Yor process with ¢ = 0.
In the general case where we do not need to have a atomless base measure,
we also have a consistency result on the posterior of the Dirichlet process.
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6.2.3 Main result

The rest of this section is focusing on proving the consistency theorem and
stating a more general conjecture. The first theorem has a complete proof.
For the conjecture the proof is similar but we need to strengthen one lemma.
We give the strengthened version of that lemma as a conjecture. If we can ac-
tually prove this strengthened result, the rest of the lemmas can be modified
very easily to show that the consistency result extends to every distribution.

Theorem 6.2.5 (The stick-breaking process is consistent under regularity
conditions). Let o be an atomless measure. Suppose that the stick-breaking
distribution D admits a density f such that there exists constants a,b > 0
and a twice continuously differentiable function g on [0,1] such that f(v) =
v Y1 — )b tg(v) for v € (0,1). Let Py be any distribution such that Py
does not both have infinitely many points of positive probability and a con-
tinuous part. Then the posterior in the model Xy, - X,|P ~ P, where
P ~ SBP(a, D), as given in Theorem 5.4.4 is consistent with respect to the
topology of pointwise convergence on bounded measurable functions at P.

Conjecture 6.2.6 (The stick-breaking process is consistent under regu-
larity conditions). Let o be an atomless measure. Suppose that the stick-
breaking distribution D admits a density f such that there exists constants
a,b >0 and a twice continuously differentiable function g on [0, 1] such that
fv) = v Y1 — ) tg(v) for v € (0,1). Let Py be any distribution. Then
the posterior in the model Xy, -+, X,|P ~ P, where P ~ SBP(a,D), as
given in Theorem 5.4.4 is consistent with respect to the topology of pointwise
convergence on bounded measurable functions at Fy.

We will give a rough sketch of the rest of this section. In the end it
turns out that the posterior distribution of the sample weights Wy, is the
object we want to study. We want to know its asymptotic conditional mean
and variance. We start the search by introducing lemmas which allow us to
compute the limits. After we introduced the tools to compute the limits, we
find explicit expressions for the conditional moments. Then we analyze the
limiting behavior. In order to do this, we need to split the analysis into two
cases, weights corresponding to the observations from the discrete part of
the true distribution and to the total weight of the observations coming from
the continuous part of the true distribution. Then, using the expressions
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of the weights, we can start the proof of the main result, namely that the
posterior mean of P(f) converges to Py(f) and the posterior variance of P(f)
converges to zero, for f a bounded, non negative measurable function. This
then completes the proof.

6.2.4 Complementary lemmas

We will be using a few lemmas which can be directly stated without referring
to the details of the distribution we will be studying.

We start with a small lemma which allows us to compute some ratios of
expected values. We will apply this lemma many times during computation
of the consistency.

Lemma 6.2.7 (Ratio of expected values in case of beta distribution). Sup-

E[V*(1-V)Y] _ B(z+a,y+b)
pose V.~ B(a,b), then gr=qa—v7o] = Blrawis)

Proof. 1t is enough to observe that E[(V*(1—V)Y] = B((lz ) fol vl —

v)¥"d v, and then the normalization constants cancel in the ratio. O

We also introduce a small lemma which allows us to conclude that we
indeed converge. We have a ratio of sums, and we know for every term in
the sum that the ratios converge, so want that the ratio of sums converges.

Lemma 6.2.8 (Approximation of ratios of sums, part 1). Let ay,, and by,

be two positive sequences for 1 < m < M such that for all 1 < m < M we
M
know =™ — X\ as n — oo, then Zpe1 Gnm )
- Ym=1 brm

an,m

Proof. Consider ¢, ,, = 3**. Then we can look at the minimum and maxi-

,m
mum of ¢, , over m. This yields two sequences
d, = minc, ,
m

and
D,, = maxc, .
m K

Clearly, both d,, and D,, converge to A\. Observe that a,,, =

hence
Ao b < D2 5 bum < DD b

a i)
- by.m and
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implies
A b <Y nm < Dn Y by

Using this we can now divide both above and below by > by, to get
Zm An,m
2 bnm
which, since both d,, and D,, converge to \ implies

—%m Z”’m =\

dp < <D,

]

The previous lemma is enough when working with only finite number of
discrete observations. However, if the number of distinct observations grows,
we need a stronger lemma. The next lemma is a fundamental lemma which
allows us to extend the computation to a much larger class of priors, at the
price of a more complicated statement.

Lemma 6.2.9 (Approximation of ratios of sums). Let S,, be a sequence of
sets. Let fp, g, : Sn — Ry be two sequences of positive functions which have

finite total sum:
Z fu(s) and Zgn(s)

SESn SESTL
both exists. Suppose that for every n there exists a subset T,, of S, such that

ZsETn gn(s)

lim =1.
nreo Zsésn gn(s)
Suppose furthermore that
sup Jnls) =L <o

n,s€Sn gn(s)
and that the lower and upper bounds

¢, = inf In(s) and C,, = sup In(s)
s€Tn gn(s) seTy, gn(s)

both converge to a limit A\. Then

lim Esesn fn(S)
n—00 ZseSn g”(5>

=\
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Proof. Define U, = S,, \ T,,. Observe that
ZsEUn gn<8)

lim = 1.
n—00 ZsESn gn(8>
Then we can rewrite
ZSGSH fn<8) o ZsETn f” S + ZseUn fn(S)

(s)

Zsesn gn(s) zsesn gn(s) Zsesn gn(s)

_ ZseTn fu(s) ZseTn gn(s) X ZsEUn fu(s) ZseUn In(S)
> ser, In(8) Doses, Inls)  Dses, 9n(s) Doses, 9n(s)

Now we can compute the limits for each term. First compute the limit of

M We can give both upper and lower bounds by C,, and c¢,, which

ZseTn gn(
both converge to A, so the limit of M is . The limit of Zs€tuf() i
- > sety, 9n(s) - 2sesy 9n(s)
. e seUp gn( ) s€Un fn( )
per hypothesis 1. The limit of SR is 0, and 0 < s < L, so

that

2user, n(8) Lser, 0n(5) | Doscu, Ful5) 2sev, 9n(5)

Dosemy 9n(8) Dses, In(8)  Pses, 9n(S) 2ses, In(s)
This shows that
Zsesn fn(s)

ZsESn gn(s)

— A

— A\

]

In view of this lemma, we are interested in finding good sets T;, of all the
sets S, which we are summing over Here good means that there is some
form of uniform convergence of 1) “and we are not ignoring to much of the
cases. Finding these sets will be t%we main game we will be playing. Here S,
will be the sets of all possible permutations, g,(s) will be the probability of
a permutation under I, and f,(s) will be coming from the expected value of
Wi, given a permutation o.

Lemma 6.2.10 (asymptotic ratio of number of distinct observations from
discrete support). Let K, be the number of distinct observations of the dis-
crete support from a distribution Py. Then

lim — =0 Pya.s.
n—oo M
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Proof. Denote S the support of the continuous part of Fy. Let € > 0. Let
p1, -+, par de distinet support points such that P({g, - -+, par fUS) > 1—¢.
Then there exists an m > 0 such that Vn > N the number of observations of
; in the data, N, satisfies, for all 1 <i < M,

Nin
= — Pui)| <

| €
n 3M

by the strong law of large numbers, almost surely. This means that there
are at most M + %n distinct observations of the discrete part. Picking
K’ = max(K,2M), we find that for all n > K’ we have

K,
n

Hence % — 0 Py almost surely. O]
Lemma 6.2.11. Let £2 — 0. Then (14 O(%))% — 1.

Proof.
(1+ 0(%))% — exp(K,, log(1 + 0(%))).

Now because the exponential function is continuous it is enough to show that
1
K, log(1+0O(=)) — 0.
n

For this observe that we can Taylor expand x +— log(1+x) by O(x). Applying
this to something of O(%) yields that log(1 + O(%)) = O(+) and hence
K,O(%) converges to zero. This is what we wanted. O

Next comes a lemma which now seems arbitrary, but is relevant to com-
pute limits of products appearing.

Lemma 6.2.12. Let K,, be a sequence of positive natural numbers such that
% — 0. Let p1, be a sequence converging to py > 0. Let a,b > 0. Then,
uniformly in

® D, positive real numbers such that Zfi"l Dim = 1,

e all permutations o of [K,],
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npl,n+a nZzal)>o’ pl+b
n Zz‘:o(z‘)>a(k) pi+0 =1 > o(i)zo() Pi T @+ D

Proof. We rewrite every term in

o(1)
npin +a n Zi:a(i)>a(j) pi + b
n Zi:a(i)>o‘(k) 2 + b j=1 Zi:a(i)za(j) Di +a+ b

as follows:

npl,n +a o npl,n + b npl,n +a
N ooty Pitatb  nd gy Pitatbnp, +b

and

n Zi:a(i)>a(j) pit b _ n Zi:a(i)>a(j) pit+ b n Zi:a(i)Za(j) pi+ b
Dio)zo() Pi T AT N iy Pi F DN D iy 50) P @ D

Now note that

o(1
nPin +b S n Zi:a(i)>a(j) pi + b
n Zi:a(i)>a(k) pita+b = Zi:a(i)za(j) pi+0

telescopes to
npl n + b

3 i+

and since Zfi”l Pin = 1 per assumption, we can simplify this to

Npin + b

— 1.
n+b b1

Now we only have to look at the error factors, we want to show that these
converge to one. The first factor is easy, one shows directly that

npin +a

— 1.
npin + b

For the second term

1(_[) nzzaz>0 )pZ+b
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some more work is needed. Clearly this product is bounded above by 1, since
every term is less than 1. Now if we look at the smallest factor, this is

n Zi:a(i)Za(l) pi+ b
N ioso)Pi +a+b

We can study the worst case over all o, namely (1) = K,,. Then this factor

becomes
npin + b

npi, +a+0b
This gives

a(1)

H N iotiyso(y Pi 0 >( npin +0 )K"‘
J=1

o Zi:a(i)za(j) pita+b— \npinta+b

If we can show this converges to 1 we are done. Note that we can make this
term even smaller by decreasing b to zero. So we want to study

Ky
npl,n
npin +a

Note that 24— =1 4 O(%) so we can apply Lemma 6.2.11, hence

pinta
np Kn
1
R L N 0
npin +a

Which means that

o(1)
npin +a n Zi:o‘(i)>o(j) Di + b
" ity Pi T 0 5T 2iatize( Pi A+

— D1

[]

We also want a lemma to control how bad some other terms can become.
We shall show they have no influence on the limit. We are primarily interested
in the case where k is equal to 1 or 2. However, this lemma will probably be
relevant (in some way) for future research (read a Bernstein-von Mises like
theorem, see [1, Chapter 12] and [4, chapter 10]).
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Lemma 6.2.13. Let K,, be a sequence of positive natural numbers. Let p;
be a sequence converging to py > 0, such that np, ,, are natural numbers. Let
k be a natural number. Let V' be a random variable with density f such that
there ezists a,b > 0 and a continuous function g bounded away from zero
such that f(v) = v* (1 —v)*"tg(v) for all v € (0,1). Then, uniformly in

® D, positive real numbers such that Zl | Pin = 1 and np; , is a natural
number for all i.

e all permutations o of [K,]

U(l) 1 - E |:(]_ — V)k+nzzo'(1)2] pi,n:|
— 1.

j=1 1—-E |:(1 — V)nz“’ i >Jp1"]
Proof. First observe that

1—E[(1-V)k]
RV

since E[(1 — V)’] is decreasing in j. This means that if we multiply by all

k+
the missing factors % for j natural numbers larger than np; ., i.e.

we multiply by
n 1-E[(1-V)k+7]
[ “E[(1-V)7]
o(1) 1=E[(1=V) " Zi0 (25 Pin]
[T= 1-E[(1-V)" >t ()25 Pim |

which is larger than one, we get

b 1=E[(1 - V)]
H 1-E[1-V)]]

j:npi,n

This is a telescoping product, telescoping to
Hf:l(l —E [(1 — V)”““D
Hle(l —E[(1 — V)npintk=1])

This converges to 1, so we have an upper bound converging to 1, and a lower
bound of one, of

)] —E [(1 V)k+nziza(i)2j pi,n]

.

=1 1-E [ 1 — V)nzi:a(i)szi,n]
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Hence this also converges to 1, uniformly for all ¢ and all assignments of
pi,n- D

We need a bounded variation like property, but then for products instead
of sums. The following lemma gives sufficient conditions when this happens.

Lemma 6.2.14 (Product of fractions of evaluations of continuous function
remains bounded). Let g be a continuously differentiable function bounded

away from zero, then
k

g(s;)
sup H )

0<s1<ty < <sp<ty ;_7 9

and
k
t;
sup g(t:)

0<s51 <ty < <5, <t i1 g(sz)

are finite.

Proof. Because g is continuously differentiable and bounded away from zero,
we know that log g is continuously differentiable, and hence is bounded vari-
ation. Now observe that

k L
sup H J (( Si))

0<s1<t1< - <5 <tp im1 g

—exp  sup Y (log(g(t;) — log(g(s)))-

0<s1<t1 < <5 <tg i—1

And Supg<, <4, <.csp <ty Zle(log(g(ti)) —log(g(s;))) is smaller than the total
variation norm, which is

sup Y [g(t:) — g(si)| < o0

0<s1<t1 < <5 <tp i—
Because log g is continuously differentiable. O]
We will use this property of variances in the proof of consistency.

Lemma 6.2.15. If (X,,),cy and (Y3,),cn are two sequences of random vari-
ables such that Var(X,) — 0 and Var(Y,) — 0. Then Var(X, +Y,) — 0.
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Proof. Var(X,, +Y,) = Var(X,,) + Var(Y,) + 2Cov(X,, Y,). Per assumption
the first two terms converge to zero, so only need to check that Cov(X,,Y,) —
0. For this observe that |Cov(X,,Y,)| < y/Var(X,)Var(Y,). Thus the last

term converges to zero as well. ]

The following lemma is a technique to find convergent sequences. This
is a useful way to construct convergent sequences if you can create a double
sequence such that, if we take limits in the first coordinate, and then limits
in the second coordinate, we converge to the required answer. This is useful
to control error terms.

Lemma 6.2.16. Let (Tn1), wen
space (X, d) such that for all k

be a double sequence of elements in a metric

lim z, 5, = xp,
n—00 ’
and

lim z, = z.
k—o00

Then there exists a sequence (ky), oy such that

lim z, %, = 2.

n—oo
Proof. Let (€,),cy be any decreasing sequence converging to zero. We want
to define K, iteratively. For iteration ¢ = 0 we pick Ny = 1. In iteration
i > 0 we pick M; > 0 such that for all & > M; we know d(xy,z) < §. Now
pick N; > 0 such that Vn > N; we have d(zp a1, Tar,) < 5. Set ky, = M; and
for N,_1 <n<N; define k, = KNi—l'

Now we show that lim,,_, z,, k, = x. Let € > 0. Then there exists an

i such that ¢; < e (by convergence to zero of ¢;). Let n > N;. Suppose
N; <n < Njyi. Then d(zyy,, 2x,) < 3 and d(xy,,r) < 3 by construction.

d(@n g, ) < d(@n ks Th,) + AT, , T)
<G, G
-2 2
<e€ <€ <e
at N;_1 <n < N;. Then K, has the required property. ]

We recall a result on uniform convergent functions. We will apply this a
couple of times.
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Lemma 6.2.17 (Sum of uniformly convergent functions is uniformly conver-
gent). Suppose we have two sequences of functions fp, gn : Sn — R such that
fn converges uniformly to \ and g, converges uniformly to u. Then f, + g,
converges uniformly to X\ + p.

Proof. Let € > 0. Since

sup | fu () 4+ gn(x) = A — p| < sup [ fu(x) — Al + sup |gn(2) — pl

z€Sn x€Sn xESh
Now pick N > 0 such that both
€
sup |f(2) = A < 5
€Sy

and
€
sup |gn(z) — p| < 5

.’I?Gn

These exists by uniform convergence of f,, and g, to A and u respectively. [J

6.2.5 Preparation

In order to show the consistency of the posterior, we first want to study the
posterior. We will always work in the case that the base measure is atomless.

Recall that the posterior is given by: Draw I = (i, - ,i,,) proportional to
ip—1
H Vnk H ) "1 an values of i1, ,im are distinct
7j=1

Conditional on I,

e Draw 6, for ¢ # I1,--- , I, from a independently.
o Set O, =2

[4(=V)#Ivre#'i dD(v)

e Define distribution [?j to be the map A — [V FIVFTaDm)

e Draw f/] from 25]-, independently.

In order to show the consistency of the posterior, we first want to study
the posterior itself in more details.
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Definition of the relevant random variables.

We will now study the posterior distribution in more detail. We are going
to find some descriptions of relevant random variables. Let m denote the
number of distinct observations, n the total number of observations, and p;
the sample frequency. We can compute properties of the posterior in this

setting.
In order to reduce the amount of explicitly writing the conditioning on
random variables, we introduce the following notation. E[-] = E[-| Xy, -+, X,,],

Var(-) = Var(-| Xy, --- , X,,) and P(-) = P(-| X1, - -+ , X,.).

Computation of the normalization constants

For the probabilities P(I = (iy,--- ,i,)) we have an expression up to nor-
malization constants. We compute these constants now.

Lemma 6.2.18 (Distribution of I). Suppose we have K,, distinct observa-
tions in Xq,--- ,X,. Then

~ m 3 —1
E H ‘/Z':Lpl H (1 - Vj)npl]l all values of i1, ,im are distmct]
. _ , =1 j=1
P([:(Zlf"vzm)): ™
E [Vnpol(z) (17V)n k—Xlzﬂp"l(k)]
m
Z H m
oeSKn =1 1-F [(1V)nkzzp"1<k):|
Proof. What we observe is that summing over iy, --- ,4,, all distinct is the
same as summing over all permutations o : [m] — [m], and then summing
over all iy(1) < lg(2) < *++ < ig(m). We can then also permute the weights p
and then we are done.
In details
m ip—1
Z E H ‘/sz H (]- - ‘/j)nk 1 all values of i1, i, are distinct]
i1 im k=1 j=1
all distinct
Introducing the permutations to fix the order of iy, - ,%,, then gives

=2 > > > BU=inin)

0€SKn 15(1)EN iy (2)>ig(1) i (m)>lo(m—1)
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If we now also look at the swapped weights we get

m i—1
SO SN U | (]
=1 j=1

oceSEn i1<ig< - <im
Can now factorize this using independence and counting how many times
terms appear, gives

-y ¥ e

geSKn 11<<tm I=1

m

m il_il—l_l
Vet (1 — V)nk:;-up“’l(k) B (1— V)"glpo—l(k)]

Now if we take this sum over the integers, we get that this equals

E |Vrreto(l - v>"k%1”v-1<k>]
sesknl=1 | _ [ (1- V)”Elpcrl(k)]

]

From this lemma we can also deduce what the distribution of the permu-
tations o are, namely

Corollary 6.2.19. Suppose we have K,, distinct observations in Xy,--- , X,,.
Then )
E [V”"a—w(1_V)nk§+1pv—1<k)]
m
[1 -

_ - n 3 p__
=1 1-E {(1_\/) Pt 1<k>]

S o
E[v”pTl(w(lv)nk—mpT 1<k>]
m

m
restn I=1 11@[(1v>"k21’%1<k>}

The next lemma which is stated is a conjecture. We can show that there
should not be to many observations from the continuous part picked before
any specific observation X from the discrete part of the distribution. To be
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more precise, if the set of the permutations for which there are at most K,
observations from the continuous part in front of the location of X. This
lemma is needed to get the consistency in case there is a continuous part and
the support of the discrete distribution is infinite.

The lemma we want is

Conjecture 6.2.20. Let m,, denote the number of distinct observations. Let
A, denote the sample of observations from the continuous part of the distri-
bution. Define S, the space of permutations of [m,]. Let X be an observa-
tion from the discrete part of the distribution. There almost surely exists a
sequence K, such that % — 0 and such that the sequence of sets

T,={oceS,|#{ic A, :0(i) <o)} < K,}.
15 of asymptotic conditional probability 1.

One can observe from reversing the analysis for the Dirichlet process that
lemma holds if the stick-breaking weights are beta(1, M) distributed. We
want to show this holds in general.

What one can observe is that we can prove a weaker version of this state-
ment in case we have finitely many points with positive probability. This is
done in the relevant section. However, if we can prove this general lemma
we can extend the proofs of consistency to the last two cases as well.

We introduce some more notation, in order to keep the summations in
powers in check. We denote T, = > " NPo1 (k)-

Explicit expression for moments of W,

Note that we can compute E [W]qk} by using the tower property of the ex-
pectation. This yields

E[Wi]=E [JE [W,km} = 3 BU=)EW,II=1.

i1, im
all distinct

We know an explicit formula for the distribution of P(I = i), namely

- m i —1
npy
E H ‘/il H (1 - ‘/j)npz 1 all values of i1, - ,im are distinct

3
&=h

[V”pofl(l) (1,V)Ta,z+1]
1-E[(1-v) o]
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Thus in order to compute the moments of Wy, it is useful to compute the
conditional moments first. The next lemma gives an expression for the con-
ditional moments.

Lemma 6.2.21 (¢g-th moment of Wy, given I). If I = (i1, -+ ,im), this
induces a permutation o so that izny < -+ < iym). Then define j1 = i)
and ji = ioq) — lg@-1) — 1.

E [Vnpﬁq(l _ V)Ta,a_l(k)+li|

E[Wi|=i =
[ Ik| Z} ]E [Vnpk(l N V)Ta"771<k)+li|

Jo (k)

E [Vre (1l — V)atToan]

E [V (1 — V) Toun]
E [(1 — V)q+Ta,z]jl
j<o(k) E [(1 = V)Tet]”

Proof. For this, we do the same trick, look at permutations to fix the order
of I,---, I, and then look at ia(l)yia(Q) — ig(l) -1,--- ,ia(m) — Z‘U(mfl) —1,
call these j;---,jm. Then we get the following 4 terms appearing in the
conditional expectation of W,

7 [Vnpk+q(1_V)Ta,a_l(k)+1]

I’E[vnz’ka_\/)Tw—l(kHl] :

(1—V)q+Tw—1(k>]’”(’“)

al
* E[(l—v)Ta’vﬂ(k)]jC’(’“)

E[Vrer(1-v) T o]
E[vrei(1-v)led+i]

for | < o(k) we get terms

E[(1-v)7* o]
E[(17V)Ta,l]jl )

for | < o(k) we get terms



6.2. POSTERIOR CONSISTENCY 65

Now we have the conditional moment of W, so we can compute the
unconditional (with respect to I) moment of Wy, given the data.

Lemma 6.2.22 (¢g-th moment of Wy, ). Suppose we have K, distinct obser-
vations in Xq,--- ,X,. Then

517 -
ZE

sogkn 1-E[1-V)

[Vnpk+q(1 V) ocfl(k)+1:| I‘E[V"pl(lf‘/)quTa’lJ"l] ]E[Vnpl(lf‘/)TG’H'l]
q+To',o'71(k)} 1—]@[(1—V)q+TU’lj| 1_@[(1_‘/)’1—‘0-,1]

<o(k)
fE[V 0*1(1)(1 V) al+1]

2 ===

I>o0(k)

Proof. Recall that by using the tower formula

E[Wi]=E []E [W}IkUH = Y PU=0E[WLII=1].
azli ’(i. i.sfiﬁct

Now we can combine everything into one expression for E [quk} using the
sum formula, note that for fixed o, ji,--- , j,, we can compute the product,
and then we can cancel terms, this gets rid of the normalization constants
in the expression for E [qukﬂ ] We first ignore the normalization constant,

because this is a constant factor which we can add in the end. Then, for
fixed o, 5 we get a product of the following 6 factors

o & [Vmesa(t )]

o for | > o(k) we get terms E [(

o E [(1 V)t oo 1<k)]_

o for [ < o(k) we get terms [V"pl — q+Tal]

o for I < o(k) we get terms [ q+ng}Jl

e for [ > o(k) we get terms E [V”Pl (1= V)To1].
[(1-

]

So after summing over all the assignments of j, and using the geometric
series, we get , for fixed o the product of the following 6 factors
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o F [Vnpk+q(1 — V)Ta,afl(k)ﬂ].

1

* 1-B[(1-1)" e w0 ]

o for | < o(k) we get a term E [V1(1 — V)a+Tous],
o for [ < o(k) we get a term m

o for | > o(k) we get a term E (Ve (1 — V) Toi],

1
1-E[(1-V)Tet]”

for | > (k) we get a term

Now if we multiply these together, sum them over all values of o, and
multiply by the normalization constant. This gives the claimed value.
O

We also want to know the mixed first moment of Wy, W, so we first
compute the conditional first moment.

Lemma 6.2.23 (first moment of Wi, Wy, given I). If I = (iy,--- ik, ), this
induces a permutation o so that i,y < -+ < igk)n). LThen define ji = i)
and J; = o) — ioq-1) — 1. If Iy > I,, denote s =k and t = m and otherwise
s=mandt==k. Then

E |:Vnps+Q(1 _ V)TU,071(5)+1] E |:<1 _ V)q—"_To,o'fl(s)

i|ja(s) jo‘(s)
EW, W |I =i =

E V(L= v)feeton] B (1= V)]
E [V"pl(l — V)quTa,zH} E [(1 _ V)q+To,z} a

B[V (1= V)] E[(1- V)™

- oty o (1)
E [V"Pt+q(1 - V)Tma_l(t)ﬂ} E [(1 - V)“To,a—uo]j @

B |:Vnpt(]_ _ V)To,fl(tm] E [(1 — V)walm]
B [Vre(1 — V)otTen | B [(1 = V)otTe]

E[Vr(1—V)len]  E[(1 = V)]
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Proof. For this, we do the same trick, look at permutations to fix the order of
I, , Ik, and then look at 7;0(1), io(Q) — ig(l) -1, ,io(m) —’ig(Kn_l) —1, call
these j1 -+, jKk,,. We do the case where I, > I,,, the other case follows by
swapping roles. Then we get the following 8 terms appearing in the definition
of W]k

Vnpk+q 1— V aa_l(k)+1:|

o |
fE[V”Pk(l V) Ua_l(k)+1]

B[1-v)' o1k )]jo(mjo(k)

E[(1-v) e 0]

VL (1-y) Tt e r1]

e for o(m) <l < o(k) we get terms [[vnmu VYT

V)it To l] Ji

E[(1-
e for [ < o(k) we get terms W :

E|vnpm+a(1— V)TU a*l(m)ﬂ]

E[vnpm(l V) oo 1<m)+1] :

8o ) 71<m>]fa<m)j°<m)

B[1-v) e ]

[Vnpl (1-V) +T, L+1]
E[Vnpl(l V) a,l+1] :

e for [ < o(m) we get terms

> (17V)q+To',l] Ji

[
e for [ < o(m) we get terms Hao ]

]

We now know the conditional first mixed moment, which allows us to
compute the conditional first mixed moment.

Lemma 6.2.24 (first moment of W;, Wy, ). Let k and m be natural numbers.
Suppose we have K,, distinct observations in Xy,--- ,X,. Then Note that the
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sums run into the second line of the expression.

f [W,,c Wlm] —

E{Vnp3+1(17V)Ta,a(s)+1 g[vnpe+i_vyToo®)+1 G(t)71E[Vnpl(liv>2+Tu,l+1

UESZKH 1—@[(1—V)1+T”v"(3)} 1—@[(1—V)2+TU,0(">} 1=1 1—@[(1—V)2+TU,L}
K, ]]?:{Vnp"_l(l)(l—v)Tle""l
cesKn I=1 1—]?1{(1—V)T0vl]
a(s)—1 E[V"pl(17V)1+T‘”+1 Kn [“E{vnpdfl(l)afv)TmLH]
mewt1 1-Ela-v Tl ey a-Ela-v) ol
1
Proof. Recall that by using the tower formula
E[Wi,W;,]=E|E [WszzmIIﬂ = > PU=OEW,W,[1=1].

ik,
all dlstlnct

Now we can combine everything into one expression for E (Wi Wiy, ] us-
ing the sum formula, note that for fixed o, j1,- -, jk,, We can compute the
product, and then we can cancel terms, this gets rid of the normalization
constants in the expression for E [quk |I]. We first ignore the normalization
constant, because this is a constant factor which we can add in the end.
Then, for fixed o, 7 we get a product of the following 10 factors

o E[Vrretl(1 — V) owrn],

° IE |: 1+Tg U(S)]
o | [V”Pt“ a,a<t)+1}_
° I~E [ 2+TG U(t)}

e for [ < o(t) we get terms E [V (1 — V)atTe],

o for | < o(t) we get terms E [(1 — V)q+Tff»l]jl

e for o(t) <1 < o(s) we get terms E (Ve (1 — V)2 Tea].
o for o(t) <1 < o(s) we get terms E [(1 — V)2+T<’J]jl

e for [ > o(s) we get terms E [V (1 — V) o],
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o for I > o(s) we get terms E [(1 — V)Tffvl]jl.

So after summing over all the assignments of j, and using the geometric
series, we get , for fixed o the product of the following 10 factors

o E[Vtl(l — V) Tron],

1
1-E[(1-v) oo |

o E [Vt —V)low].

1
1-E[(1-v)* o]

o for I < o(t) we get a term E [V (1 — V)2 o]

[} fOI' l < O'(t) we get a term m

o for o(t) <1 < o(k) we get a term E (Ve (1 — V)T ],

e for o(t)l < o(k) we get a term m

e for I > o(k) we get a term | (Ve (1 — V) Teis],

1

o for [ > o(k) we get a term R

Now if we multiply these together, sum them over all values of o, and

multiply by the normalization constant. This gives the claimed value.
O

We formulate a corollary from this discussion, which states that weights
corresponding to observations which have the same sample frequency are
identically distributed.

Corollary 6.2.25. Suppose N; = N;. Then both I; and I; are have the same
distribution and Wy, and Wi, are have the same distribution.

Proof. Note that the distribution of I; and I; only cares about all the per-
mutations and how many weight we assign to them, by Lemma 6.2.18 we
see that the I; and I; are the same. Similarly, if we look to distribution of
the weights, all that matters is how many times all the distinct observations
have occurred. This shows that the distribution of Wy, = Wr.. O
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Note that the expressions for the first and second moment can alterna-
tively be derived from the predictive probability functions and the expression
for the EPPF as given in Lemma 4.3.1.

Lemma 6.2.26 (Bounded errors). The point-wise ratios in the fractions for
the g-th moments remain bounded:

I’E[Vnpk+q(1_v)Ta,o'(k)+li| E[Vnpl(l_v)q+To-71+1] E[Vnpl(l—v)Taﬁl‘Fl]
1-@[(1_V)Q+Ta,o<k>] 1-E[(1-V)? ol 1-E[(1-V)"o]

I<o(k)

I>o(k)
< 1.
E[Vnpff*(l) (1—V)Ta,l+1] <1

m
11;[1 1-E[(1-V) o]

Proof. Observe that in numerator the terms in the expected value have
nowhere lower exponent and in some places higher exponents. Because the
expected value I [V*(1 — V)] is nonincreasing in  and y we get that the
numerator is not larger than the denominator. This shows that the fraction
is less than 1, which is what we wanted to show. O

6.2.6 Finding well behaved sets of permutations

In order to apply many of our lemmas, we need to have at most K, terms
in the product, with KT converging to zero. For this we are going to prove a
weaker version of the conjecture.

We first start by finding an explicit distribution of .

Lemma 6.2.27 (Distribution of I). Suppose that there are m points which
occur more than once, and | An| points which occur exactly once. Then

P(I = (ila e Jim—i-L)\nJ)) =

_ | mtlAn] i
npi n
E ll_[1 ‘/il Hl(l - V;) Py all values of i1 - - - s im [An) OTE distinct
= ]:

m E[Vnpaq (M(lf\/)jff(k)*To,j,kH]
UEZST" j()v;jm kl;ll 1_I~E[(1_V)T"’j’k]
summing to |An|

Proof. The cleanest way to prove this, is to observe that for a fixed per-
mutation, we get streaks of jg, -, j,, weights corresponding to points we
observed only once. These all have observed sample frequency %, so filling
this in gives the claimed result. O
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This technical lemma is in essence the proof of a weakened version of the
conjecture. We first do this for the case where the relative stick-breaking
weights are beta distributed, and then extend the result to the general case.

Lemma 6.2.28 (No large values of jo, -+, jm_1 ). Let k, be a sequence such
that k, — 0o. Suppose V' ~ Be(a,b). Then for all o we will have

Z ﬁ I’E:[Vnpg—l(k)(l_v)ja(k)+Ta,j,k+l:| ﬁ Jo(k) ~|:V(1_V)T‘+To.7j7k+1:|
Rl — Lok ol T T kL
Jor - 1<hnim >0 k=1 1-E[(1-v) ook k0 ro 1E[0=V) T k]
summing to |An]
Vnpg—l(k)(l_v)jo(k)+Ta,j,k+lj| ﬁ jo(k) o V(l—v)T+Tovjvk+1

m E[
> I1 1-E[(1-V) ik

jO,... 7jm k:l
summing to |An]

converges to 1.

Proof. Fix o € S™. We start with the most extreme case, j,, = |An], and
the other j; are zero. Then swapping to the case where there are j! weights,
we can compute this as follows: first we move all the weights from j,, to j(,
then to ji, etc. This makes computation easier. Then observe, if we decrease
Jr by one, and increase j,. by one, for £ > r, the only thing that happens is
that at the end of the j; one weight disappears, all the weights between the k-
th observation and r-th observation of the discrete part (after reordering via
the permutation), have the exponent of the (1 — V') component decrease by
1, and there appears a new term in the streak j,, in the beginning. Nothing
else changes, because before the leftmost observation of j; we do not measure
this value, as well as after the rightmost value of j;. Also note that in the

most extreme case the terms
1

1—...

are as large as they can get, so we can safely ignore these terms. Using this,
we can compute what happens when we swap a continuous observation from
Jm t0 jg, when there are no weights from the continuous part between the
k-th and the m-th discrete weight, we just get a factor

E[V(1—V)eirn] o B [VPew) (1 — V)itTosnsin]
E[V(L—V)inl] L E[V™eo (1= V)i ogmea]
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The latter term we can compute as before. Because there are no continuous
observations between the discrete weights, the factor we get from

E [VPet) (1 — V)it Tnsisin]
g IE [Vnpc(r) (1 _ V)jk—l—’—TU’j,k#»l,n] :

It is easy to compute, namely it is (asymptotic to)

- Jm +n erir_;_l DPo(1),n
o Jmtn I

This telescoping product, and is telescoping to
Jm
Jm +1n Z?;k Po(),n

We can now pick the largest value that this can attain as an upper bound.
This then becomes asymptotic to

1%
v+ Qo)

If we want to bound the first term, again note that this term is largest when
Jm is large. So then we apply Stirlings approximation to find what this is
asymptotic to. This yields

m 1+«
<V + 20 qo(n)

v

Thus in total we can (asymptotically) bound the mass you gain by doing one

If we would now swap from the case where jy,--- ,7n_1 are all zero and
Jm = | An] to all other possible assignments, it is just summing

> ()

]07
summing to L)\nJ
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If we now ignore the restriction on the sum and just sum over all the naturals,
we can sum this to get another upper bound using geometric sums, which
yields

n——
r=0 1 — (m>

So we have bounded mass. Now we are looking at the first k, observations,
where k,, — co. Since we actually have that every new term in the products
is decreasing and smaller than the stated upper bound we are actually going
to converge faster to the limit. So we are going to get asymptotic ratio 1
mass. [

Lemma 6.2.29. Let k, be a sequence such that k, — oo. Suppose V' has
a density [ such that f(v) = v (1 — v)*"tg(v) with g twice continuously
differentiable and bounded away from zero, a,b > 0. Then for all o we will
have

Z ﬁ I’E[Vnpa—l(k)(liv)jo—(k)“‘Tg,j,lvkl] ﬁ Jo (k) ~[V(17V)T+Ta,j,k+1]
.7'07"' 7jm—l<kn7jm>0 k=1 171@[(17V)T67j7k] k:O r=0 17@[(17V)7l+1+T0"j’k+1]
summing_ to |_/\nj_
I’E[Vnpa.—l(k>(1iv)j0<k)+Ta,j,k+l:| ﬁ Jo(k) = V(lfV)TJrTaa].;k"Fl:I

b kl;Il 1=E[(1-V)ek]

Jo,5Jm
summing to |An|

[
1-E[(1-v) H odks1]

converges to 1.

Proof. The proof of Lemma 6.2.28 holds almost verbatim. The only differ-
ence appears when we are doing the computation for the moments, then we
get extra error terms from the Stirling approximation. For any ¢ > 0 we
can pick the last ne weights in the permutation and estimate them by one.
Because we have exponential decay in n, they will contribute an error of at
most en times an exponential function to the total weight, so this converges
to zero. Hence we can apply the Stirling approximation and estimate with
O(1/n) errors. This means that these errors contribute at most a constant
factor to the total mass, so the total mass is still bounded and the rest of
the argument holds. O]

Lemma 6.2.30 (Existence of good set). Suppose the true distirbution P,
does not have both infinitely many points of positive probability and a contin-
wous part. Suppose reqularity conditions. Suppose X; has positive probability
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under Py, Po({f(i}) > 0. Then, Py almost surely, there exists a sequence
(Kn) ey such that 5= — 0 and sets

T, = {0 € Sy, |o(i) < K}

such that 5
P(T,) — 1.

Proof. If the true distribution has infinitely many points of positive prob-
ability and no continuous part, by lemma Lemma 6.2.10 we know that the
number of distinct observations K, is such that % Hence we can pick Ay, to
be the set of all permutations of the observations. Otherwise, suppose F, has
d points of positive probability. If Py has no continuous part, we can again
pick all the permutations of the distinct observations. If Py has a continuous
part as well, we apply Lemma 6.2.29 so that we find such a K, and sets
of permutations. If Fy has no points of positive probability this lemma is
vacuously true. O

6.2.7 Analysis of the asymptotic behavior of the mo-
ments of weights corresponding to observations
from discrete part

Our proof of consistency uses that the mean and the variance of the weights
corresponding to observations from the discrete part behave in the right way.
Namely, what we want is that the weight of a observation X, converges almost
surely to the true probability of observing X;, and the variance of this weight
converges almost surely to zero. This is the topic of this subsection.

We first show we converge uniformly to the right answer, which means
that upper and lower bounds converge to the right answer.

Lemma 6.2.31. Let K, be a sequence such that % — 0. Suppose that
lim,, oo P1n = p1- Let k> 0. Let A,, be a sequence of permutations such that
o(l) < K, for all o € A,,. Assuming regularity conditions then uniformly in
allo € Ay:

]E[Vnpwq(l_v)Ta,a(kHl] IE[V”PI( V)q+Ta,z+1] E[Vnm(l_v)Ta,lH]

171@[(17‘/)‘14—7},0(1@)] 1_{ [ V)quTa,l] 171@[(17V)T‘771]

l>0’(k‘) _) pk
l

INE[V po_l(l)(l V) o'l+1]

1 R =Rk
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Proof. We begin by canceling terms which appear both in the numerator and
denominator.

& [Vnpk+q(1,V)Ta,a(k)+1]
1-E[(1-V) " oo

E[Vnpl (1,V)Q+Ta,l+1] E[V'npl (17V)T‘77H’1]
R[0Ty Rl

I1

I<o(k)
m I‘E[V’ﬂpa—l(l) (I—V)Td’l+1:|
1-E[(1-V) o]

=1
B[vresta(i-v)Toot+1] I E[vrr (1-v) 1 Tout1]
[y oot | gy 1-E[A=0) T ]

)
E[V”pafl(z) (1_V)Ta,l+1]
1-E[(1-V) o]

a(k)

[1

=1

1-E[(1-V)*+9]
1-E

=] terms for computing the

By Lemma 6.2.13 we can ignore the

limit uniformly, i.e.

E[vrreta(1-v) oo+ E[Vrer(1-v) "t Toir1]
1_E[(1_V)q+T0,a(k>] 1-E[(1-V)* o]

I<o(k)

a(k) E[V”pofl(z)(l,V)Ta,Hl]
I1 1-E[(1-V) ot

=1
E [Vnpﬁq(l — V)To,a(k)+l] I1 E [V”pl(l — V)q+Ta,z+1}
- o (k) — (1+ Ron)
E [Vt (1 — V) Tour1]
=1
where
sup |Ryn| — 0.
oc€A,

We now apply Lemma A.2 to every of these terms in the product. Thus
for every term in the product we write

E[VF(1 — Vv - y+b+i

= =(1+4+r, -
E[Ve(1-V)y] ( 7a’y’k)z,llac—ky—l—a—i—b—14—1
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So we get
E [Vresta(1 — V)Toewn] [] E[V(1 — V)atToin]
I<o(k) .
a(k) _ -
[[E[V™ ol —V)lom]
ql:[l NPgn+a-+1 ﬁl >l+1mUJn""b"‘Z
i20 \ 2jio()zo() MPin ta+b—1+i ZJ o2t WPin T a+b— 1+
o (k)
[Ta+m
=1

Where we also know that Hfz(li)(l + 1) — 1 uniformly, thus, for 1 + R, =
Hf:(l;)(l + 1) we know that sup,c 4, |R, | — 0.
We finally apply Lemma 6.2.12 to every of these factors conclude that

o(k)—1

ﬁ NPkn + @+ i H o()2it1 WPjn + 041
i=0 2 >

jio()zo) Win Ta+b =141 j”)>lnp]n+a+b—1+@

=pi(1+ R;.)

where
sup |R; | — 0.
o€A,

So that

B[vresta(1-v)Too 1] E[vre (1-v) o] E[vrei(1-v)Tei+]

To,o T _ +Ta, = — To’,
I = T S I D e F(1+R"))
m E[Vnpg*l(l)(lfv)Ta,zH] =D on
ll;ll 1-E[(1-V) o]

with

sup |R,,| — 0.
o€A,

Which shows that indeed uniformly in all o we have that

[Vnpﬁq(l V) Ua(k)+1] E[Vnpz(1_v)q+Tg,l+1 ]E[Vnpl(l_v)TG,lH]
1-E [(17v)q+T6,a(k)] 1<o (k) 1,1E[(17V)q+Tuyl] otk 14@[(17‘/)%,1] . )
ﬁ ]E[Vnpa_l(l)(1_v)To,l+1] pr-

fale] 1—JE[(1—V)TUJ]
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]

This means that we have a good set, uniform convergence on the good
set and bounded behavior, so we can compute the limit of the ratios which
appear.

Lemma 6.2.32. Suppose that the true distribution does not have both in-
ﬁm’tgly many points of positive probability and a continuous part. Suppose

E[Wfk|X1,--- , X, = pl Py a.s.

in the model where Xy,---,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable

function on [0, 1] which is bounded away from zero such that h(v) = v~ 1(1—
v)?1g(v) for all v € (0,1).

Proof. By Lemma 6.2.22

E[Wil =
E[Vnpk+q(1_V)Tg,o(k)+1] ]]::I:Vnpl (1_V)q+Tg’l+1] E[Vnpl(l—V)T07l+1]
L B[y Teem ] Sy E[VTT] Sy B[]

= Vnpa_l(l) (1_V)Tcr,l+1]

> I 1-E[(1-V) o]

ocesS™ =1

By Lemma 6.2.26 the pointwise errors remain bounded.

By the strong law of large numbers the sample frequency py, = %
converges Py almost surely to p. By Lemma 6.2.30 we can Fj almost surely
find a sequence K, and sets T;, such that

fE[ Py *1()(1 V) gl+1]

2 ===y
Il

UGTm

H::[V U_l(l)(l V) o'l+1]
1-E[(1-V) o]

ocesS™m =1

So we restrict to the probability one set of Xy, X, -+ such that we indeed
have that pr, — pr and that there exists a sequence K, and sets T, as
stated above. By Lemma 6.2.31 applied with such observations X, Xs,---, a
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sequence K, and sets A,, we have uniform convergence for every permutation
in A,. This means we can apply Lemma 6.2.9 we conclude that

E[WIIHXM 7Xn} _>p;€ P() a.s.
UJ

Now we know the expressions for the moments, we can just collect the
results on the mean and the variance.

Lemma 6.2.33. Suppose that the true distribution does not have both in-
finitely many points with positive probability and a continuous part. Suppose
E[Wfk‘Xla"' 7Xn] — Dk P() a.s.

Var(Wy, | X1, -+, X,) = 0F a.s.

in the model where Xy,--- , X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v*~1(1—

v)°~tg(v) for all v € (0,1).

Proof. By Lemma 6.2.32 we know that
E Wi |Xy, -+ Xu] = pr
E[Wi|Xy, -, X,] — o

Hence
Var(Wi | X1, -+, X,) =E [WE X1, Xo] —E[Wg| Xy, -, X,)?
— pr — D
= 0.

]

6.2.8 Analysis of the asymptotic behavior of first and
second moment of weight of observations from
continuous part

First we need some extra techniques to study the behavior. If you have these
results, we can then use them to prove the results we want.
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The expressions for the moments

The first step is getting expressions for the conditional moment of the sum
of the weights corresponding to observations in the continuous part.
We start by computing the sum of the ¢g-th moments corresponding to

observations from the continuous part.
Lemma 6.2.34. Suppose Py is the true distribution. Denote C' = {i

P({X,}) = 0}.
5 wa] _

keChp

fE Vnpk,n-‘-ll(l_v)Tg,a(k)-Fl] E[Vnpl(l_v)q"’To-lerl] fE[V"pl(l—V)TdyHl]

O_EZSm Zkecn 17]E [(lfv)q+Tvvg(k):| 171@[(17V)q+T0,1] l>a‘(k‘) 171’@[(17V)To,l]

I<o(k)
m ]E[V a_l(l)(l V) 0l+1]

UGZS;W 11;[1 1=E[(1-v)"e]
Proof. By linearity we can take the sum outside the expectation. Now we
have an expression for the moments of W;, by Lemma 6.2.22. If we apply

this we get

[Vnpk n+q(1 V) Uo‘(k)+1:| [Vnpl(l V)q+Tol+1] ]E[Vnpl(l_v)Ta,lJrl]

Z segm I_E{(l_v)Q‘FTo,a(k)] l<1;E) 1— ]E[ 1 V)q+Tal] I—E[(l—V)To’l]
m "Po—1(1) (1-V) o'l+1]

HECn DRIE 1-E[1-V)T]

cesS™ =1

=

I>o(k)

Note that every denominator in this sum is the same, so we can move the
sum over all the variables inside. If we then move it inside the summation

over all the permutations as well we get

3w -

keCn
Z Z fE[V'ﬂpk,nJrq(l,V)Tmf’(k)Jrl] E[Vnpl(l_V)Q+Tg,l+l:| E[V”pl(l V) o'l+1]
gesm KECn 1_]E[(1_V)q+Ta’a(k)] I<ao(k) PEUI_V)(HTGJ] I>o(k) 1_]E[(1_V) ]

m ]E[Vnpo.—la) (1,V)T0,l+lj|

> 11 1-E[(1-V) o]

cesS™ =1
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]

We can also find an expression for the first moment of products of weights
corresponding to observations of the continuous part.

Lemma 6.2.35. Let Py be a distribution. We define C,, = {i : Py({X;}) =
0, N;n, = 1}. Suppose there are K,, distinct observations. Then
1@{ > WIkWIm} =
i, JEC,i#]

gElv2a—vyTos+1] glv2za—v)Tot+1] . E[Vnpl(l,v)2+Ta,L+1

= To s — ~
e€8M 4o =1 ()0 L eCn st 1EA=VITTTO g [a-v)2 o [ imn aog[a-v) P

Kn [“E{v"p“_l(l) a-v)Tol+1

ae%:Kn =1 1—12{(1_\/)1‘0,!]

- - np __
s—1 ]E[V"Pl(l—V)IJrT”vH'l Kn ]E{V o7l q-vyToi+1

I=t+1 171E{(17v)1+TUJ} I=s+1 I—E{(I—V)T“J]

1
in the model where Xy,--- ,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ (1 —
v)P~Lg(v) for all v € (0,1).
Proof. From Lemma 6.2.24 We know that

D [Wlk Wlm} =

Blvrrattaov Tre @t slviti oy e+ | U B[vrei v o
zgesm li]ﬁ[(liv)l+TU’a(S)] ’JE[<1*V>2+TU’“(‘)] =1 1—E[(17v)2+7}wl]
Kn -{V"PU—1(1)(1_V)TGJ+1}
UESZKn lI;Il 1—@[(17V)T<7‘11
a(s)-1 E[V"’”(lfwl”"»lﬂ K, B[Vl 1oy Tein
=omt 17@[(17V)1+T”’L} l=01<_£>+1 1,@[(17V)T”’l]

1

Now we use linearity twice to compute this for the sum. This gives

E > Wi, Wi, | =
1,jECH,i#]
glvrrstiaovyTeoo)+1] gfvnrettaovyToom+1] o)1 H:I[V"pl(l—v)2+T”vl+1
ogs:m 224,3€Cn i 1—]E|:(1—V)1+T‘7v0(5):| 171E[<17v)2+T0~0(t)] zl;ll 171E[(17v)2+T0J]
Kp i{v"pa*l(l)<1—v>Tvvl+1
UEsZKn =1 17E{(17V>Tml]
o(s)—1 E{V"Pl(1—v)l+TU=l+1 K, & vnpa’l(l)(l—v)TmHl}

l=o'(£)+1 17[E[(17V)1+Tm’l l=o(s)+1 1—]]72[(1—V)T">l]

1
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Because we are only summing observations from the continuous part which
appeared once, we can simplify this a lot further using that the distribution
of Wi, is the same for all + € C),, Corollary 6.2.25. So we are only interested
in the which term of the permutation we are summing, so we can also take
a look at this sum, which means we can actually sum over the images of the
permutation, i.e. those s,t such that c=!(s) and o~!(¢) lie in C. Because
we then know what the order is, we can restrict to the case where t < s and
double these values. This gives

E > Wi Wi, | =
§,§€Cn i#j
E[VQ(l—V)T”vS"'l £ V2(1—V)T‘71t+1} t—1 ]E[V"pl(l—V)Z-FT”‘I"*'l
> > -
7€8M ¢ o1 ()0 "L (eCn st 1EA=VITT [0 v) P o[ i1 a-g[a-v) P
2 ~ np_—1 1 T,
K,LE{V o1 (1—v)To,1+1
s . —
ceSKn =1 1—JE[<17\/> “vl]

1 I"E[V”PL a-vy'tToi+1]| g i[v"pf”l(l) (1—V)TU»l+1}

l=t+1 17E[(17V)1+Tml] z=l;[+1 17[E[(17V)Tml]

1

]

Another thing we will be interested in are expression for the sums of
streaks of continuous observations. We will formulate this in the form of
getting expressions of the moments of weights in case we have only observed
observations from the continuous part. The next lemmas in this subsection
are only used to compute those moments. The advantage of doing the com-
putation like this is that we get far easier to manipulate expressions where
we can compute the limiting behavior of.

We now study the distribution of the Vi, and the probabilities. For this we
transform to differences in order statistics, and compute the distribution of
that, and then account for the overcounting, but this drops as a normalization
term. We drop this factor immediately. Denote J to be the differences in
order statistics of I, so J; = I(yy, Ji = Iy — L—1)-

Lemma 6.2.36. The probability that the differences in order statistics are
Jis e Jn 1S given by:

1-E[1-V)"7])

1

J

P(J = (1, 5 Jn)) = H[E [(1 _ V)nJrlfj}jj—l

n

Proof. First we look at the distribution of I, namely P(I = (i1, - ,i,)).
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This is proportional to

ip—1

Nk k
| | V H ) 1 all values of i1,-+- iy, are distinct

7j=1

We can count how many times each factor appears. The V; with k < 7,
appear, n times as a factor (1— V), V}, appears as a factor V(1 —V)"!, the
Vi with J; < k < Jy appear with a factor (1 —V)"~!, V,, appears as a factor
V(1 —V)"=2 If we generalize, if J; < k < Ji,1, then V} appears as a factor
(1—V)"' and V}, appear as a factor V(1 —V)""'=1. So we can rewrite this
expectation using the independence of the V;. Namely we get

P(‘] = (jlv T 7jn)) X H]E [V<1 - V)n_l] HE [(1 - v)n+1_k]jl

=1
So we apply the geometric series n times to get the normalization. This gives

n

P(J = (i, ga)) = [[E [ = V)" T - E [ - v)"])

J=1 J=1
[l

In case we only have observations of the continuous part we want to have
another expression.

Lemma 6.2.37. Suppose every observation appears once. Then the weights
of the l-th observation, ordering based on iy,--- ,1i,, are given by

LR\ BV - vy B[V - V)
(Hj( ) ]) V(1—v)y ] B[V - v) ]

L E[(1— V)i EVQA—-V)y+-] E[V(1— V)]

Proof. The weights are given by

ij—1

f/ij H(l - Vk)

k=1

E

Y

where the distribution of Vj, is given by

[, (1 = V)t ym#'s d D(v)
[(1 = V)#V#idD(v)
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We get I, — 1 times a factor of E [1 - f/} , which is

(1 =V)r29]
(1= V)]

We get for k < j a factor

And we get for k = j a factor

RE[V2(1— V)]
E[V(1-V)i]

Combining all these factors gives the weight.

(11[ V)"Hk})j . (‘ [V - vy 'f}) E[v20-v)]
vy EV( -V ) EVO- V)]

k=1

’:1

k=1

Now we can telescope the product

mto

1=V
E[V(1— V)]

O

Lemma 6.2.38. Suppose every observations appears exactly once, then the
sum of all the weights is given by

> Sefufo-w
Zva V>“+1]fE[V 4-VP] 1-E[(1-V)]
EVA—Vy EVI—V)y] 1-E[(1-V)+]

Jj=0

P(I = (iy, - ,ip)
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Proof. We multiply the formula for the weights and the probability together.
From the previous two lemmas we know these, namely:

fl[ E[1-v) 2\ BV - vy] BV - V)]
E 1%

GEQ- Vi) BV vy BV V)
and
B = (i) = [TB [0 - vy [0 - E [0 - vy,

If we multiply these two we get

et ) BV vy B[V - V)
(HE 1 ]> 1— V)n+1 z] E[V(l—V)n—l]

H fE[( _ n+1 k JkH _ )n—kD

We now look at the terms for which there are j, terms, these are:

(H E [(1 _ V)n+2—k]> H E [(1 o V)n+1—k]jk

k=1+1
Summing these over jy,--- ,j, € N yields
l 1 " 1
<,€H1 1-E[1- V)n+2—k]> klll 1—-E[1—V)n+i-k]
The rest does not change, so after summing over jq, - - - , 7, we are left with

BV -V E[vA(1-v)]
E[V(1— V)] B[V (- V)]

1—
- 1
(H 1— )n+2—k]> H 1-F (1 — V)n+1=k]

k=1
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Now we want to simplify

H(l_fE [(1 - V)m_l_k}) <H 1— I”E [(1 i n+2 k > H 1 —

85

k=1
We see that a part cancels, so we are left with

! E V)n—i—l—k
i |

Pl — V2]
This telescopes to

—E[1-V)"]
1 —E[(l Vyr2-t)
So in the end we are left with
E(V(-V)=] E[V21- V)]
E[V(1-

~ B[ V)]

V)] V(L= V)] 1T=E[(1 - V)2l

This is for a fixed [, and we sum over [, thus after summing we are left with

s~ EVa - vy EVAQ - V)]
SEVQA -V EV(L - V)l 1

1-B[(1- V)]
—E[(1— V)2l
Now we can do a change of summation, by writing j = n — [, which yields
—EVQA-V)"HE
V(I -VyH E

& B

VA -vy] 1
Va-vyl1-

.
Il
=)

~E[1-V)"]

E[(1- V)i
O
Next we can compute the expectation of the second moment. First ob-
serve that we can split the second moment into
B[S 3w,

1<i<j<n

Now we can compute each of these, note that swapping to the differences

in order statistics has no influence on this sum, because every term appears
So with this observation we can repeat the previous proofs

)n+1fk] )
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Lemma 6.2.39 (Second moment of W, given J). Suppose every observation

appears exactly once. Then the second moment of W, conditional on J is
given by

E[Wj|J] =
ﬁ B[ - v\ Ev - V)2 BV - V) B[V - V)]
E[(1— V)r+i-k] ;

The proof follows practically the same style as before, just note we take
second moment instead of first moment.

e EVA-V)y* = EVQ1-V)] E[V(1-V)1]

Proof. e We get, for k < [, a factor

E[V(1—Vv)nke?]
E[VA -V

e We get, for k =, a factor
E[V3(1 - V)]
E[V(1-V)-i

e And we get, for k < 7, I}, — 1 times a factor

]}:} [(1 _ V)n+3—k]

E[(1 = V)rtit]

So we can telescope the products of the factors k < [. Namely

S E[V(A - V)]
E[V(1-V)—H

k=1
telescopes into
V(1 —Vv)]
V(1 =V

E[V(1-V)"*?] E
E[V(1—V)+-] E

So in total we get

ﬁ E[1-vy=H\"" Bva-vy=] Eva- vy R VA -v)]
E[(1—V)m+i-H] EVA-V) = EV1-V)~] EV(1-V)1]

]

k=1
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Lemma 6.2.40 (First moment of W; W, for i < j conditional on J). In
case every observation appears exactly once, the product of Wi, Wy, fori < j
has, conditional on J, expectation

E [WyW,,|J] =

_ i fE [(1 _ V)nJrka} Tk= J E V)n+27k] ) Je—1
g (fE [(1 = V)mei=t] ) H ( — V)t

EVA-V)"*] E[V( - ) JE[V ( -V
E[V1 - V)= ]E[V1 - V)] BV = V)]
E[VZ(1 - V)" E V(1 - V)]

EVQA-V)r=#] EV(1—V)rit]

Proof. Here one has to distinguish a bit more cases, but the proof is essen-
tially the same as the previous two computations of the moments combined.

o We get, for k < i, a factor
E[V(1—V)nhe?]

E[V(1—V)H
o We get, for k =i, a factor

E[V2(1-V)"]

E[V@ -V

We get, for i < k < j, a factor

E[V(1—V)nke]

E[V(1-V)H
o We get, for k = j, a factor

V21— V)]

E[V(1— V)]

We get, for k <1, J, — 1 times a factor

(1= V)]
(1= V)]

E
E
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e And finally we get, for ¢ < k < j, Ji — 1 times a factor
E[(1— V)]
E[(1—V)r+i-i]

We can again telescope the factors smaller than i, and the factors between i

and j. This leads to

fE [WJZWJ]L]] =
_ R (1 — V) +3=7] —J fE[ _ y)ymeai] Jr—1
E <E e J1> AL ( E[(1—V)] )

~I~F£ V(1 - )n+2] I?[V( — V)t ]E~[V(1 — V)i

E[V(1 - V)= #H]EV(1 - V)] E[V(1-V)i]

E [VQ(l - V) ] [VQ( V)"_J]

EV(1—-V)=i] E[V(1—V)i]

[

Lemma 6.2.41 (Second moment of W, ). Suppose every observation occurs

exactly once, then
- ~E[(1-V)" 1—
ZWi] Z I n3-3] ! [( 7)~L+2 ]l
RVl - B0V
E[V(1—V)*? E[V(1-V)"E[V3(1-V)
EV1 V)= E[V(1—V)»l] E[V(1-V)]
Proof. We know an expression for the second moment of W, given J. We
now multiply this by the probability of J, and then sum over all the possible
assignments of J. Recall that the distribution of J is given by

P(J:(jla"'ajn)):HE[(l— n+1k]k 11—[

This combined with the lemma on the conditional second moment of W, ,

)n-i—l—k} )

which states
E[W3|J] =

m (E [(1- V)4 )j’“_l E[V( -V EV(-V)*E [V —v)]
= — V)] ) BV - V) BV - V)l B[V - V)]

—
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allows us to compute the expected value. We first only restrict ourselves to
the terms with an j; in it. This is the same as before for the first moment,
take the product, sum everything, get the 1% factors. Now observe that a
part cancels and we are left with

ﬁ E V)n—l—l—k]
e V)n+3—k] )
Now this telescopes to
E[(1-V)] 1-E[01-V)]

—Ef
E[(l Vs lll E[(1- V)]

The rest does not change with ji, so we can sum over this. This yields

1-E[1-V)"] 1-E[1-V)"] E[V(1-V)"?
1-E[(1-V) 31 —E[1 - V)2 E[V(1 - V)]

E[V(1- V)" E[V(1—V)]

E[V(1—V)=] E[V(1— V)]

Summing over all the j leads to

CE[1-Vy] 1-B[1-1V))
ZW‘”]_Z e e T
EV(1- vy EV(L- VB[ - v
V(- V) BV - V) BV(L- V)

Lemma 6.2.42 (First moment of Wi, W,). Suppose every observation ap-
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pears exactly once, then

IE: Z WJiWJJ]
- 1-E [(1 - V)n] 1-E [(1 — V)”_l] 1—F [(1 _ V)n—z']
T IR = V)L —R[(1 - V) 1 —E[(1 = V)]
E[V(1—-V)*?] E[V(1 - V)" E[V(1— V)it
V(L= V)= E[V(L = V)] E[V(1- V)]
*(

L= V)" RV = V)]
VA=V EVQE - V)]
Proof. We know an expression for the first moment of W; W, given J. We
now multiply this by the probability of J, and then sum over all the possible
assignments of J. Recall that the distribution of J is given by

P(J:(jla“',jn)):HE[(l— n+1 ka IH _ )nﬂ_k})-

This combined with the lemma on the conditional first moment of W; W ,

which states

E (W5, Wy, |J] =
B i fE [(1 _ V)n+3—k} Tk J INE _ v)n+2—k] 1
M) ()

E[(1-V) K
( -V n-l—l] IE [V(l _ V)n—i+1]

BV(1-V)"] BV ~
E[V(L— V)= E[V(I - V)] BV(I- V)]
B[V2(1— V)" B V21— V)]

EV(1-V)] E[V(1-V)]

So we again take the product, sum everything, get the
again only look at the terms where there was a J; term, because the rest
does not change. We can compute these, and then look what resulting factor

we get. First observe that a part cancels and we are left with
II1—EK1—VW“41 L 1-E[(1— V)]
e 1—F [(1 _ V)n+3fk] 'k=z+1 1—F [(1 _ V)n+2fk] )

i factors. We
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Now we do the telescoping per product, the first yields a telescoping product
of two terms, the second of one term. This yields

“E[1-v)] 1-E[0-V)Y) 1-E[1-V)"
E[(L— V)] 1=E[(1= V)~ 1-E[1 - V)]

Combining this with the previous expression and summing over all the ¢, j
yields

> wy, WJj]

 1-Ba-vy] 1
TR0V 1B

1-V)'] 1-E[1-V)"
1—V)n+2=i] 1 = E[(1 — V)n+2-i]

}E[ < V) BEVQA -V E VA - V)t
EV(A -V E[V(1- V)] E[V(1 - V)]
E[V1— V)" E V(1 - V)]
EV1-V)-1 E[V(1-V)—i]

Development of tools

We want to better understand the situation where all the observations have
occurred exactly once. It will turn out that later we can reduce to this case.
The following lemmas are the main tools we need to compute the limiting
behavior, in case every observation is unique. For the general case we will
need more techniques, which are then used to return to this computation.

This lemma is used to control the terms appearing when we analyze the
first moment.

Lemma 6.2.43 (First moment converges to 1.). Suppose V' ~ D where D
admits a density f such that there exists constants a,b > 0 and a twice

continuously differentiable function g bounded away from zero and f(v) =
v* Y1 — )" Lg(v) for all v € (0,1). Then

H

n—

VA-V)"EV2(1 - VY] 1-E[1-V)"]
%

VAV EVA—VY I—E[1-V)i"] -

E
E

.
Il
o
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Proof. In view of Lemma A.4 we can estimate

EVQA-V)"EV2A-V)] 1-E[1-V)"]

M= EVA VI EVI V)] 1Bl V)
By c 7+1 1
J 1+
K= ) TR a v
So then

J .
+1
g K; < Const(j—)Ho‘
- n+1
J=1
If -/~ — 0 this sum converges to zero. This means we can ignore the first J
n2+a

terms and apply Lemma A.5. Thus for all € > 0, there exists an N > 0 such
that foor all n > N, the error of estimating the E [V*(1 — V)/] for j > J, is

['(s+ «)
js—i—a

[(s+ «)

(1 —€)g(0) o

And further

<E[V(1-VY] < (1+€)g(0)

1
1_e< <1
CIiEma-vyg - "€

If we apply this we get
1+a1—|Ta <K, < (1—6

Eaaat/Ehy J

j+1)1+a1+a
1—€¢ n+1 J 1+e€ o

3
) (n +1 J
If we now compute the sum Z;L: ; K, we can estimate this by

n

Z<j+1)1+a1+a

= n—+1 7

where the errors are given above. If we compute this sum, we get something
of the order
(n + 1)1+o¢ _ (J—}— 1>1+a

~ 1.
(n+ 1)+e

So combining all this yields

zn: W[i — 1.
=1
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Next, we start working on the convergence of the second moment. For
this will use two lemmas controlling the convergence in two different cases,
and then approximate.

This lemma is used to control the terms appearing when we analyze the
sum of second moments.

Lemma 6.2.44 (Sum of second moments has zero contribution). Suppose
V' ~ D where D admits a density f such that there exists constants a,b > 0
and a twice continuously differentiable function g bounded away from zero
and f(v) = v 1 —v)"Lg(v) for allv € (0,1). Then

" 1-E[Q1-V)"] 1-E[1-V)"
2 1—E[(1-V)3-11 —E[(1 - V)2
E[V(1-V)*?] E[V(1-V)""E[V(1-V)"]
E[V(1- V)" E[V(1-V)] E[V(1-V)

- ZKn+1_j — O

k=1

j=1

Proof. As said before, we can again approximate using Lemma A.4 to find
an upper bound. This yields

C 1 1 (k+1)ite g
K S TRV T =E[ =V (s 2 (n = 1) R

So if we look at

> K
=1
J

we see that this converges to zero as n — oo and —mz — 0. This means
n2+2a

that we can bound the estimates as in Lemma A.5 to get upper and lower
bounds. Let € > 0. Then there exists an N > 0 such that for all n > N and
j > J, we have

(k_|_ 1)1+a k1+a 1 5
nrmore e s fisd+e

(k, + 1)1+a k,lJra 1

1=y (n12)7a (n_D)ra k2

So if we sum the K it is enough to compute what happens when we sum

i (k + 1)1+a k1+a 1

S (n+2)He (n— 1)+ k2



94 CHAPTER 6. CONSISTENCY

Observe that this behaves as

n .
j2+2a 1 n1+2a _ J1+2a 1

—_ N~ —,
— n2+2a j2 n2+2a n
Jj=

So indeed the sum of second moments, E [Z?:l WI% ], converges to zero as
n — 00. [

This lemma is used to control the terms appearing when we analyze the
sum of mixed moments.

Lemma 6.2.45 (Sum of first moments of W;, Wi, converges to 1). Suppose
V' ~ D where D admits a density [ such that there exists constants a,b > 0
and a twice continuously differentiable function g bounded away from zero
and f(v) = v 1 — )" g(v) for allv € (0,1). Then

1-E[1-V)] 1-E[1-V)"'] 1-E[1-V)"]
lgggn I —E[(1- V)™= 1—E[(1- V)21 —E[(1 - V)~2]

EVA -V EVI - V)" E[V( - V)"
EVQA -V EV( = V)r] B[V = V)]
EV2(1— V) EV(A - V)"

EVQA-v)=t] E[V(QA-V)]

— 1.

Proof. We can first bound this by observing that the factors

1-E[1-V)"] 1-E[Q-V)" 1-E[1-V)"]
1—E[(1 - V)31 —E[(1— V)21 -E[(1— V)2

are always between

1-E[(1-V)"] 1-E[1-V)"]1-E[1-V)]
[—E[1 - V)™ T-E[1 - V)] T-E[(1- V)]

and
1 1 1

I-E[1-V)1-E[1-V)}J1-E[1-V)?]

Because the lower bound is convergent to 1 and always positive, we can find
a constant const > 0 such this constant is a lower bound for all n. This
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allows us to ignore these factors for now. Now look at

E[V(1— V)2 B[V - V)" E[V(I - V)i+]
1<;<n EV(I— V)= EV(—V)] EV(—V)]
EV2A V)" EV?(1 - V)]
EVA-V)] EVA-V)~i]

We first get an upper bound by using Lemma A.4. This yields

¢ Z (n+1—i)*" (n—0* (n—7Hr* (n—i+ 1) (n—j)tte
(n+42)He  (n4 1) (p—i+ D) (n— i+ 1)2+t (n — j)2+>

1<i<j<n

If we simplify this we get

2g Z (n o j)l—i-a (n o ,L’)l-i-a 1 1
(n+2)H+e(n+1)Hen—i+1n—j

& —
1<i<j<n

Note that

5 Z (TL _ j)1+a (n _ Z‘)lJra 1 1
(n+2)te(n+DHHen—i+1n—j
n k,204

~ ( 1+a) - Z 2120
n n

k=1 k=1

where we see that Y _,_, n’f% — 0 asn — oo. The rest of this sum converges.
So if we now study
ZJ: ko 1 Jl+a
1+« ~ 14+«
~n l+an

we see that picking J such that J — oo and % — 0 this part of the sum
converges to zero as n — oo. Looking back at what ¢ and j correspond to
k < J we see that this means n — ¢ and n — j should be less than J. By
Lemma A.5 we can now approximate all the expectations uniformly. This
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yields upper and lower bounds of the form
1—c¢ 1
2 8 2
(1 + e) (1 + a)
Z (n +1— Z‘)l—i—a (n _ Z‘)1+a (n _ j)l—i—a (TL — i+ 1)1+cx (TL _ j)l—l—a
(n+2)1*t>  (n4 1)1He (n—i+ 1)1t (n —i+ 1)t (n — j)*+e

1<i<j<n
<2E Z WyWy| <
1<i<j<n
I+eg 1
2
(1 — e) <1 + a)

5 (n+1 =) (n—i)'*e  (n— ) (n—i+ 1) (n—j)+e
(n+2)He  (n41)He (p—i+ D) (n — i+ 1)2t (n — )2+

1<i<j<n
So we study those two bounds. For this it is enough to study

1 2 (n +1-— Z')lJra (7’L _ Z’)lJra (n _ j)lJra (TZ — i+ 1)1+a (TL _ j)1+a

l4a (n+2)Mte (n+ 1) (n—i+ 1) (n—i+ 1)%e (n — j)2te

If we use the same analysis as before to simplify etc, we find that this is again

asymptotic to
1 - ko,
(1 +a kz_; n1+a) '
And we know the term inside the square converges to one. This shows

Z WJZ.WJJ.] — 1.

1<i<j<n

2K

These three lemmas form the core of the argument.

Analysis of the moments

The analysis of the weights of the continuous part is only done in case the
true distribution only has finitely many points with positive probability.

For the main tool to compute the limiting behavior of the fractions we
need to identify good sets, show we converge uniformly on those sets and we
stay everywhere bounded. This will now be the topic of the lemmas. We
already have the good sets, so we start the boundedness results.
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Lemma 6.2.46 (Errors in mean of weights of continuous part stay bounded).
The pointwise ratios in the derived expression for the sum of the mean of
the weights corresponding to observations from the continuous part remain
bounded, i.e. there exists an L > 0 such that for all o € SE»

E[Vnpk,nJrl(l_V)Ta,a(k)H] H::[Vnpl(l_v)l+To-,l+1] E[VHPZ(1—V)T0,Z+1]
Zkecn 1_@[(1_V)1+Ta,u(k>] 1-E[(1-V)" o] 1-E[(1-V) o]

I<o(k)
m E[Vnpo—l(”(l_v)Tg’l_‘_l]
1131 1-E[(1-V) o]

I>o(k) <

Py almost surely in the model where Xy, -+, X,|P ~ P and P ~ SBP(a, D)
where « is an atomless base measure and D is a distribution on [0, 1] which
admits a Lebesque density h and a,b > 0 and g a twice continuously dif-
ferentiable function on [0,1] which is bounded away from zero such that

h(v) = v (1 —v)b~tg(v) for all v € (0,1).

Proof. We want to prove that in every fraction as derived in Lemma 6.2.34
the errors stay bounded. So by Lemma 6.2.34 we know

£ ym -
keCy
fE[V"pkv"H(1_V)Ta,a(k)+1] fE[Vnpl (1_V)1+Ta,l+1] fE[Vnpl (1_V)T0',l+1]
aezs:m 2kec B[y Tee® [ Sy R[]y B[]
m E[Vnpa_l(l)(l—V)Tg’lJrl]

aezs;m 11;[1 1-E[0-v)T]

So we want to show that uniformly in all o € S&»

fE[V”pkvnﬂ(l_v)Ta,a(k)-&-l] E[Vnpl(l_v)1+Ta,l+1] ]E[Vnpl(l_v)To,l+l]
ZkECn 17E[(17V)1+Tg,o'(k)] 1<o (k) 17@[(17V)1+Ta,l] I5ok) 171@[(17‘/)%,1]

m E[Vnpo_l(l)(l—V)T‘Tvl+1]
1131 1-E[(1-V) o]

remains bounded. Observe that it does not matter for the distribution of
the weights of the continuous part, if we replace the weights of the i-th
distinct discrete observation by /N; observations which occur only once, since
we can bound uniformly by a constant factor, by Lemma 6.2.11. If we then
increase the sum by adding all these non-negative weights. Then F, almost
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surely, we have only distinct observations, i.e. every observations occurs
only once. This means that we are in the situation where we only have
continuous observations. We then ask for the first moment of the weights of
all the continuous observations in the case where we only have continuous
observations. This is, as follows from Lemma 6.2.43 and Lemma 6.2.38,
convergent to 1. Hence indeed we stay bounded. [

Lemma 6.2.47 (Errors of second moment of weights of continuous part stay
bounded). The errors in the ratios in the derived form for the sum of the
second moment of weights corresponding to observations from the continuous
part remain bounded. I.e. there exists an L > 0 such that for all o € SE»

]E[Vnpk,nﬂ(l_V)Tg,a(k)ﬂ] IF:I:Vnpl (I_V)2+Tayl+1] E[Vnpl (I_V)TJ,HI]
Zke(]n 17@[(17‘/)%%,0(@] 171@[(17V)2+Ta,l] 171@[(17‘/)%7,]

I<o(k)
[Vnpa_l(l)(l V) al+l]

) =Gk

Py almost surely in the model where Xy, --- , X,,|P ~ P and P ~ SBP(«a, D)
where a is an atomless base measure and D is a distribution on [0, 1] which
admits a Lebesque density h and a,b > 0 and g a twice continuously dif-
ferentiable function on [0,1] which is bounded away from zero such that

h(v) = v Y1 —v)*~tg(v) for all v € (0,1).

>o(k) <

Proof. We want to prove that in every fraction as derived in Lemma 6.2.34
the errors stay bounded. So by Lemma 6.2.34 we know

3w | -

keChp
Z Z IE[V"Pk,n+2(17V)Tg,G(k)+1:| E[Vnpl(liv)2+Ta,l+1] E[Vnpl(liv)Ta’l_'»l]
plgm TR B[y et | Sy 1R[] Gy B[V
m ]E[Vnpgfl(l) (17V)Ta,l+l]
2. 11 1-E[(1-V) o]

ocesS™ (=1
This means we want to show that uniformly in all ¢ € S%» we have that

fE[V”pk»"“(l—V)T""’(’c)“] B[V (1-v)* o] E[vrri(1-v)Tei+1]
Dkecs, 17]}::[(14,)2@0,5(;@)] 1-E[(1-V)* Tt 1-E[(1-V) 1]

I<o(k)
~[V a—l(l)(l V) al+1]

I =

I>o0(k)
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remains bounded. Observe that it does not matter for the distribution of the
weights of the continuous part, if we replace the weights of the i-th distinct
discrete observation by N; observations which occur only once, since we can
bound uniformly by a constant factor, by Lemma 6.2.11. If we then increase
the sum by adding all these non-negative weights. F, almost surely we have
every observation exactly once. This means we are in the situation where
we only have continuous observations. We then ask for the sum of second
moments of the weights of all the continuous observations in the case where
we only have continuous observations. This is, as computed in Lemma 6.2.44
and Lemma 6.2.41, convergent to 0. Hence indeed we stay bounded Fj almost
surely. ]

Lemma 6.2.48 (Errors of mixed moments of weights of continuous part stay
bounded). Suppose that the true distribution Py = Py + AP, where Py is a
finite discrete distribution. Suppose we have K, distinct observations. For
all permutations o € S&n

E[ > W,kwlm}:

i,jE€C,i#]

glv2a—vyTos+1| glv2a_v)Tot+1| E{V”Pl(kv)z*’rmlﬂ

stie=1().0-1ecs<e 1EA=VITT T hgla_v)2 o imy aog[a-v) T

=

. & V"po'_l(l)(lfv)Td,li»l]

l

1 1—13[(1—V)T‘-"¢l]

s g[vnpz, (1—v) T o141 a[v" o) vy Lo i1

Kn
I1
1+Tfnl} I=s+1 l—li[(l—V)T”vl]

1

Py almost surely in the model where Xy, -+, X,|P ~ P and P ~ SBP(a, D)
where « is an atomless base measure and D is a distribution on [0, 1] which
admits a Lebesque density h and a,b > 0 and g a twice continuously dif-

ferentiable function on [0,1] which is bounded away from zero such that
h(v) = v (1 —v)o~tg(v) for all v € (0,1).

I=t+1 pr[(lfv)
<L

Proof. Observe that it does not matter for the distribution of the weights
of the continuous part, if we replace the weights of the i-th distinct discrete
observation by N; observations which occur only once, since we can bound
uniformly by a constant factor, by Lemma 6.2.11. If we then increase the
sum by adding all these non-negative weights, we are in the situation where
we only have continuous observations. We then ask for the sum of all mixed
first moment of the weights of all the continuous observations in the case
where we only have continuous observations. This is, as we have seen in
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Lemma 6.2.45 and Lemma 6.2.42, convergent to 1. Hence indeed we stay
bounded. O]

In order to collect the results on uniform convergence, we split the result
into two parts, the "head” of the permutation and the "tail” of the permu-
tation. For those we need different techniques to control them. Namely,
everything in the "head” of the permutation should converge to zero, and
everything in the ”tail” has to converge to the right value. This is what we
will do now.

Lemma 6.2.49 (Weights in front of discrete observations have zero contri-
bution). Suppose Py = Py+ AP, with A > 0. Define C,, = {i : Py({X;}) = 0}.
Let T, be a sequence of permutations such that for all 0 € T,, D, = {i €
C, :3j: B({X;}) > 0 and 0(i) < o(j)} has cardinality at most K, with
% — 0. Then

fE [Vnpk‘"+q(1—V)TU’“(k)+1] ]E[Vnpl (1_V)q+Ta,l+l] I"E[Vnpl (I_V)Ta’lJrl]
2 ke, 14@[(14/)‘1”0,0(1@)] 1-E[(1-V)H o] 1-E[(1-v)T]

I<o(k)
m E[V"PU—lu) (I—V)TUJJFl]

> 11 1-E[(1-V)"o1]

oceS™ =1

>o(k)

sup E[WF =0 Py a.s.
UETn ,L;n |: IZ:| ’
in the model where Xy,--- ,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ (1 —

v)?~tg(v) for all v € (0,1).

Proof. We denote the weights in front of discrete observations by D,, = {i e
Cn:35: Ph({X;}) >0and o(i) <o(j)}. Then |D,| < K,,. We first observe
that by Lemma A.3

—_

fE[Vq(l—V)n]:(Hr )‘11:[ 14+a+i
E[V(1l-V)] MLt tatbtenti
With
lim (14 7,,) 5 — 1
n—oo
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By the strong law of large numbers, the number of the observations from the
continuous part of the true distribution divided by the total number of obser-
vations approaches A\. Because there are at most K, weights corresponding
to observations of the continuous part of the true distribution in front of
weights corresponding to observations from the discrete part, and K" — 0,
eventually there are at least )‘" observations placed behind the Welght we are
inspecting, hence the y in

E[Vi(1-V)Y]

E[V(1—V)

is at least ’\7” If A\ > 0 then 2 4t — oo. Note that every factor other factor
appearing is less than 1, and hence

) .E[VW(1-vq%n]
sup Z E W] < K,— - Py as..
o€Ty, i€D,, E [V(]_ _ V)gn:|
Now since £2 — 0 we know that Kn% — 0. Therefore K, HZ 0 % —

0. We also know and (147 0.3n ) — 1. Hence

sup Z E (Wr] —0 By a.s.

O’ETn ,L-GD
n

]

Lemma 6.2.50 (Weights in the tail have asymptotic mass \). Suppose Py =
Py + AP, with A > 0. Define C,, = {i : Po({f(i}) = 0}. Suppose T, is a
sequence of sets of permutations such that D, = {i € C,, : 35 : Po({X;}) >
0 and o(i) < o(j)} has cardinality at most K,, with 52 — 0. Let E, =
Cy \ D,. Then

1172[V"pk’"“(lf\/)T""’(k)H] E[Vnpl(liv)1+Ta’l+1:| E[Vnpl(liv)Ta’l_',l]
ZkeEn 1—1@[(1—V)1+Ta,o<k)] 1-E[(1-V) T 1-E[(1-v) o]

I<o(k)
”[V 0*1(1)(1 V) Ul+1]

==

I>o(k)

Converges uniformly to X on'T,, Py almost surely in the model where Xy, -+ | X,,|P ~
P and P ~ SBP(«a, D) where « is an atomless base measure and D is a dis-
tribution on [0,1] which admits a Lebesgque density h and a,b > 0 and g
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a twice continuously differentiable function on [0, 1] which is bounded away
from zero such that h(v) = v*1(1 —v)*"1g(v) for all v € (0,1).

Proof. Observe that the image of E, under o is the tail of the permutation.
This means that there exists a natural number £k such that ¢ € F), if and only
if o(¢7) > s. This means that, for all k € E,,, the first s terms in the product

E{Vnpk’"ﬂ(l—‘/)T""’(’“)“] E[vrei(1—v) o] E[Vre (1-v) o]
1—]]::[(1_‘/)1+Ta,0(k)] 1<o(k) 1—I~E[(1—V)1+TUJ] ot I—E[(I—V)To,l]
m E[Vnpofl(l)(l_v)Tg’l_‘_l]

fale 1—]E[(1—V)Tﬂ»l]

are the same. Since they are all in front of k, they all have the +1 term in
the power. Note that s < K, + d, and %1 — 0. We want to study the
limiting behavior of this product. First observe that this product is

[1

I<s
S I‘E[Vnpg—l(l) (17V)T07l+1:| .
ll;ll 1-E[(1-V) o]

E[vrer(1-v) et ]
1-E[(1-V)" o]

Now by Lemma 6.2.13 we can ignore the ﬁ[] terms as they will converge

uniformly to 1. Hence we want to study

[IE [Vl — V) HTewn]

I<s

(LR o1 = V)forn]

=1

Now we can apply Lemma A.2. This gives that

E [Vre(1 — V)t Teie s
II;IS [ } :H To,l+1+b(1+R)

ﬁ E [Vnpff*l(l) (1 o V)Trf,l-&-l] 11 To"l +a-+b
=1

with sup, |R,| — 0. Since Z==L — X P, almost surely, i.c. the number of

observations from the continuous part minus K,, divided by the total number
of observations converges to the probability of the continuous part by the
strong law of large numbers, we can apply Lemma 6.2.12 to conclude that

Toi41+0

11 Tg’l +a+b
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converges uniformly to \. Therefore

[IE [Vl — V) Tewn]
I<s

[LE V™o (1 = V)]

=1

— A

uniformly in all o € T,, Py almost surely.
Now we study the other part of the product, namely

IF:[V"pk,n+1(17V)Ta,o(k)+1] ]E[Vnpl (17V)1+T0,l+1:| H E[V”pl (17‘/)Ta,l+1]
1_E[(1_V)1+Tg'g<k)] s<i<o(k) 1-E[(1-v) "o >0 (k) 1-E[(1-V) o]
m E[V”pfffl(l)(lf\/)To,lJrl]

I1

It 1—@[(1—V)Tml]

Now we study the other part of the product, namely

]E[Vnpk’"+2(1—V)T”"’(k>“] ]E[V"Pz(l—v)2+Tc,l+1] ]]::[V”Pl(l_V)TO',l+1]
I_E[(I_V)HTU’U(}C)] s<l<o(k) 1-E[(1-v)* et >0 (k) 1-E[(1-V) o]
m E[Vnpgfl(l)(l_V)Tg’l_‘_l]

I1

o1 E[A=V)T]

Note that Py almost surely, we only look at observations which have occurred
exactly one time. Therefore this is just the same as studying the weight
corresponding to the case where we only have a continuous part and have
|E,| many observations. Since E, — oo uniformly on 7,, (|C,| > |E,| >
|C| — K,,). So we can apply Lemma 6.2.38 to find that this product is equal
to

“E[VA-V)"E[V(1-V)V] 1-E[1-V)"]
“E[V(1— V)it EVA-Vy| 1-E[1- V)i

n—

j=
And then by Lemma 6.2.43 this converges uniformly on 7}, to 1. Hence

H‘;:[Vnpk,n+1(1—V)Tg,d(k)+1] E[Vnpl(l_v)l+To—,l+1] ]E[V"pl(l—V)To,l+1]
1—I~E[(1—V)1+Tma(k)] 1_[@[(1_V)1+Ta,l] I_E[(l_v)Tml]

I<o(k)
m E[Vnpa—l(l) (1—V)T07l+1]
1-E[(1-V)" o]

I>o(k)

=1

converges uniformly on T;, to A P, almost surely O
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Lemma 6.2.51 (Second moment of weights in the tail converge to 0). Let
Py = P;+ AP, where Py is a discrete subprobabiity distribution and P, 1s a
continuous probability distribution.

E [V”pk’”+2(1_V)Tma(k)+l] fE[Vnpl (1_V)2+Ta,z+1] fE[Vnpl (1_V)TU,Z+1]
ZkGEn 171@[(17\/)2*%@(@] l_{k) 1-E[(1-V)* "] 15o(k) 1-E[(1-V)To]
m E[V”Po_l(l)(l V) az+1]
Converges uniformly to zero in the model where Xi,--- , X,|P ~ P and

P ~ SBP(«, D) where « is an atomless base measure and D is a distribution
on [0, 1] which admits a Lebesgque density h and a,b > 0 and g a twice contin-
uously differentiable function on [0, 1] which is bounded away from zero such
that h(v) = v* (1 —v)*"Lg(v) for all v € (0,1).

The proof of this lemma resembles the proof of Lemma 6.2.50 a lot. The
only thing that changes is that we get higher moments, and thus the expres-
sions differ a tiny bit, and we need to refer to the lemma regarding the sum
of second moments instead of sum of first moments.

Proof. Observe that the image of E,, under o is the tail of the permutation.
This means that there exists a natural number k such that i € F,, if and only
if o(i) > s. This means that, for all k € E,,, the first s terms in the product

I~E[Vnpk,nﬂ(l_v)Tg,a(k)H] ]]::I:Vnpl(l_v)Q-‘-To.’lﬁ,l] E[vnpl(l_V)TmHl]
1-1@[(1_v)2+Ta,a<k>] 1-E[(1-V)* o] 1-E[(1-V) o]

<o (k) >0 (k)

v"Po—1a )(1_V)Ta,z+1]

E[
2 H 1-E[(1-V)"ol]

oesS™ =1

are the same. Since they are all in front of k, they all have the +2 term in
the power. Note that s < K, + d, and %1 — 0. We want to study the
limiting behavior of this product. First observe that this product is

E[vre(1-v)? o]
1-E[(1-V)* "ot

[1

I<s
5 E[v"po—1<1>(1_v)Ta,z+1]‘

zl;[1 1-E[(1-V) o]
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Now by Lemma 6.2.13 we can ignore the terms as they will converge

1—E[ ]
uniformly to 1. Hence we want to study

[TE [Vre (1l — V)2 Tew]

I<s

[TE[V™ 01— V)]
=1

Now we can apply Lemma A.2. This gives that

H IE [Vnpl<1 — V)1+Ta,l+1] .

I<s _ Toip1+0+1 T, +0 (14 R)
ﬁ ]E [V"PU—I(Z)(l — V)Ta,l+1] =1 Ta,l +a+b+1 Ta,l La+b

=1

with sup, |R,| — 0. Since % — A Py almost surely, i.e. the number of
observations from the continuous part minus K,, divided by the total number
of observations converges to the probability of the continuous part by the
strong law of large numbers, we can apply Lemma 6.2.12 to conclude that

ﬁ Toip1+0+1 Th0+0b

converges uniformly to A\2. Therefore
[IE [Vl — V)2 Town]

b A2,
[[E[V™e o (1 — V)To]
=1

uniformly in all o € T;, Py almost surely. Note that I almost surely, we only
look at observations which have occurred exactly one time. Therefore this is
just the same as studying the weight corresponding to the case where we only
have a continuous part and have |FE,| many observations. Since E, — o0
uniformly on 7,, (|C,| > |E,| > |C,| — K,,). So we can apply Lemma 6.2.41
to find that this product is equal to.

"L 1-E[(1-V)] 1-E[Q1-V)*"
;1— (1-V E[(1

= |

>n+3fl] 1—FE [( _ V)n+27l]

E[V(1—V)"*? E[V(1- V)" E[V(1-V)]
EVA-V) - E[V(1-V)=] EV(1-V)1]
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And then by Lemma 6.2.44 this converges uniformly on 7}, to 0. Hence

E{Vnpk'n+1(17V)T0’g(k)+1:| ]E[V"W(l*V)lJrTo,lJrl] E[V”pl(lf‘/)T"vl‘Ll]
1-E[(1-v) oo )] 1E[(1—v) ] B[ V)]

I<o(k)
m E[Vnpa_l(l)(lfv)Ta‘lJrl]
1131 1-E[(1-v) o]

I>o0(k)

Converges uniformly on 7T, to 0 Fy almost surely m

Lemma 6.2.52 (Mixed terms in front of discrete weights do not contribute
anything on good sets). Suppose Py = Pj+ AP, with A > 0. Define C,, = {i :
PO({Xi}) = 0}. Suppose T, is a sequence of sets of permutations such that
D,=1{i€C,:3j: P({X;}) >0 and 0(i) < o(4)} has cardinality at most
K, with % — 0. Then

D_E[VZ(l—V)TG"SJfl} n'«:[vzu—v)Tf"Hl} -1 H_E[V"PL(l—V)2+T0'=l+1}

2ijeBn 1—117:[(1—V)1+T"’5} l—ﬁ{(l—v)2+Td,t] 11;11 1—E[(1—V)2+Ta,l]

2

Ky I"E[v"pg’l(l) (17\/)Ta,l+1]

ll;Il 1712[(1,\/)7"0,1]

~ - n —
1 E[Vnpl(l,v)HTa,Hl e, E[v"TeT ) qov)To+1

1+TUYZ}

I=t+1 1-1%[(1—\/) l:ls_I+1 1-1%[(1—V)Tﬂ=l]

— 0 Py a.s.

1

in the model where Xy, -+, X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable

function on [0, 1] which is bounded away from zero such that h(v) = v~ (1 —
v)*1g(v) for all v € (0,1).

The main argument is the same as in Lemma 6.2.49. However, now we
have terms which are not yet in the ”convergent” part so we need to act a
bit more clever. The trick is to sum all the weights which are behind all the
discrete weights.

Proof. We split the problem into two parts, the sum such that both 7,5 € D,
and the sum such that ¢ € D,,, 7 € D,,. These require a bit different analysis.
The first is a straightforward modification of the proof of Lemma 6.2.49, but
now with two terms. This gives
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glv2a-—wvyTos+1| glv2a—vyTot+1] 4 lﬁ[vnpl(l—v)2+TU~l+1}
I1 2+Tayl]

=1 14’2[(17v)

i jeDn g0 (i)>0 ) T CEARaian v e n

sup 2 3
c€Th K., E[V”po—l(z)(l,v)Tmul]

=1 1-1&{(1—\/)7}'11}

- ~ np ___
s—1 E[V"pl(17V)1+T"’l+l Kn E{V o=l vy Toi+1

1:1:[4-1 1—@{(1—V}1+T‘771] z:l;[+1 l—i[(l—V)T"’l}

1

B [V2(1 - V)%"“] B [v2(1 - v)%"]

o B [V<1 - V)%"“] B [V(l - V)%"] o a.s.

The same arguments as before apply so that this term is o(n?) and we

have K2 terms, hence

0>

E [v2(1 _ V)%nﬂ] E [v2(1 —V) "]
K2 — . =0
i [V(l - V)%"“} E [V(l - V)%"]

And thus

glv2a—wvyTos+1| glv2a—vyTot+1] r'E[v"PLu_v)?*To,l-%—l
i j€Dn jio (i) >0 () il o ooy RIS e
sup 2
€Ty Kn E[v"pff’l(l)(kv)Tﬂ,Hl]
1T
=1 171E{<17V>Tm'l

"Po=1) (1_vyTo,i+1

I1 I1
1=t+1 14@[(17\/)1*7},1] l=s41 14’2[(17v)TU,l}
1

— 0 Py a.s.

For the other part of the claim, fix ¢« € D,, and then we sum all j &€ D,,.
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Using that all other factors which appear are less than one, we get

ﬂ_Z[VQ(l—V)TUvS‘Fl £ V2(17v)Tcnt+1] =1 E[V"Pz(17v)2+Tcr,l+1

>i€Dn,jgDn I_E[(l_v)lJrTa,s] liﬁ[(liv)Qﬁ»To,t} 2y 171E[(17v)2+T0,l]

sup 2
o€Tn

K

S

@{V"%*l(z) 1-v)To,1+1

1 171E{(17V)Tﬂvl}

~ ~ np
s—1 E[V"pl(lfV)lJrT"‘l*l} K, Elv °
I1
1=s+

O] (1,\/)Tz7,l+1}
s+1 1-E|a—v)Tout
[o-v)"]

l:It—IJrl 171E[(17v)1+T67l]

1
v - o]

< sup -
o€Tn i¢p,, E [V(l _ V)Ta,o'(i)+1}

& V”Pk,n+q(1_v)TU,a(k)+1

glvrrra—v)itTo 141 B V'flpz(l_v)To,LJrl]
Erern 1-£[a-1) oo <P 1-5fa-n Tl e 1-E[a-1) o]
m JE{V”pU*l(l)ufv)TU,Hl
11;11 I—E[(l—V)Tﬂ'vl}

From Lemma 6.2.50 we know that uniformly on all o € T}, we have

1E[V"kan”(l—\/)TmU(k)“} E[vrr (1-v) 1+ Toi+1] E[vrri(1—v)Toi+1]
2 keBn

oty HOVT] gy ROV
m I’E[Vnpofl(l)(l_v)Ta,l-‘-q .
11;[1 1-E[(1-V) o]

1-E[(1-1) " oo ]

E[v2(1-v)Tee*]
€0 Elv(1-v)lee™]

We know that uniformly over all o € T}, we have >
by Lemma 6.2.49 hence

— 0

]E[V2(1—V)To',s+1 E V2(1,V)T(r,t+1} -1 H‘é{vnpl(liv)Qﬁ’To.’l_*_l

€Dy, jgDn 17@[(17V)1+Ta,s} 17@[(17‘/)24—%,,1} 11;11 17i[(17v)2+Tv»l]

sup 2

c€Ty K ]@{V"pafl(l)(l_v)Ta,Hl}
Il
=1 17]E[(17V)TUJ}

— ];:{Vnm(l_v)“rTa,Hl} K, B V"pofl(l)(l_v)Ta,zﬂ]
I1 I1
1=t+1 1—]]72[(1—V)1+T01l} l=st1

171]7:{(17V)T<’>l]

1
— 0 Py a.s.

This shows

E{v2<17v>TmS+1 Elv2a-v)Tot+1

t—1 E[V"Pl 1-v)2*tTo 141
Zi,jGEn 17@[(17V>1+T6,S}

lflﬁ{(l—v)2+Tg,t ll;ll 1,@{(17‘,)%7},1}
2

I1

1 17]E[(17V)TUJ}

Kn E{Vnpﬂ*l(l) 1-wvyToi+1
=

s—1 ]]"Z{V"pl(l—v)1+TUyl+1 Kn ivnpafl(l)(l_v)Tcr,H»l}

l=1t1+1 14‘5[(17V)1+T01l] L=ls_[+1 1—]]72[(1—V)T<’:l]

— 0 Py a.s.
1
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H
Lemma 6.2.53 (Mixed terms in the tail converge to A\?). Suppose the true
distribution Py = Py + AP. where P, is a continuous probability distribution

and Py is a finite discrete subprobability measure. Then

]E{VZ(I—V)T@S+1} ]]?I[Vz(l—v)T”vH’l} 1 E{V"pl(l—v)2+T">l+1}

st 1(e),0 - (eBnsct 1RO hglaovy® o s aogfa-v)? o]
1](_F rﬁ[vnpﬂfl(l)(lfv)Tﬂle]
=1 I—E{(I—V)T"J]
s—1 ]E[v"”pl(l—v)lJrT”’Hl] K, E vnpd*l(l)u—V)Tf’*Hl]
I=t+1 1—@{(1—V)1+T0’J} z=1:I+1 17E{(17V)Tml]
1
converges uniformly to A Py almost surely in the model where Xy, -+, X,,|P ~

P and P ~ SBP(a,D) where a is an atomless base measure and D is a
distribution on [0, 1] which admits a Lebesque density h and a,b > 0 and g
a twice continuously differentiable function on [0,1] which is bounded away
from zero such that h(v) = v*~ (1 — v)*"tg(v) for all v € (0,1).

The proof of this lemma resembles the proof of Lemma 6.2.50 a lot. The
only thing that changes is that we get higher moments, and thus the expres-
sions differ a tiny bit, and we need to refer to the lemma regarding the sum
of second moments instead of sum of first moments.

Proof. Observe that the image of E, under o is the tail of the permutation.
This means that there exists a natural number k such that ¢ € F, if and only
if 0(i) > s. This means that, for all s, ¢ such that s < ¢ and 0=!(s),07(t) €
E,,, the first v terms in the product

]E{VQ(I—V)T"VS‘*J [E[v2(17V)T<’vt+1} t—1 ]E{V"pl(l—v)2+T">l+1}

1=E[a—v) FTos] 1—@{(1—V)2+T"’t] 11;11 17i[(1fv)2+T0vl]

K r'E[v"pflmu_meHl
=1 17['E{(17V)TUJ]
a1 E{Vnpl(l_v)1+Tcr,l+1 Kn @[V"Pg—l(z)(l_V)Tg,Hl
Il
1=t+1 1—]]72[(1—V)1+T"1L} 1=s+1 1—]@[(1—V)T"=l]

1

are the same. Since they are all in front of i, j, they all have the +2 term
in the power. Note that s < K, + d, and %l — 0. We want to study the
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limiting behavior of this product. First observe that this product is

E[vre(1-v)?HToi+1]
[ 1-E[(1-V)* Tt

u

1<
U B[V 0 (1) o]
ll;[l 1-E[(1-V) o]

Now by Lemma 6.2.13 we can ignore the 1_% terms as they will converge

E[-]
uniformly to 1. Hence we want to study

[1E [Vl — V)2 Toun]

<u

(LB V™0 (1= V)]
=1

Now we can apply Lemma A.2. This gives that

[TE[Vw1—V)HTem]
I<u _ Toppr1 +0+1 To00+0b 1+ R,)

ﬁ fE [Vnpo—w)(l _ V)TC,JH] 11 Tg,l +a+b+1 T(,J T a+b
=1

with sup, |R,| — 0. Since % — A Py almost surely, i.e. the number of

observations from the continuous part minus K, divided by the total number
of observations converges to the probability of the continuous part by the
strong law of large numbers, we can apply Lemma 6.2.12 to conclude that

ﬁ Torpr+0+1 Top0+0
Tg’l+a+b+1Tg7l+a+b

=1
converges uniformly to A\?. Therefore

IE [V”Pl(l _ V)2+Tg,z+1]

— A2

[TE V™01 V)lo]

uniformly in all o € T,, Py almost surely.
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So now we study the other part of this expression

g[vza—wvyTos+1| glv2a_wvyTot+1] g H::[Vnpl(l,v)ZJrTmHl

sitio—1(s),0 -1 ()€ By sct LE[A-V) TS lfi[ufw“T”vt I=u+t1 I—E[u—vﬁ”avl]

Kn I'E{Vnpa’l(l) (1_V)TU,L+1}

I=ut1 17E{(17V)Tml}

s—1 ]E{V”pl a-vy Tl 41 Kn i[v"pa’l(l) a-v)To,i+1
1+Ta,l] 11

1=s+1 1—]]72[(1—V)T"wl]

I=t+1 17E[(17V)

1

Note that F, almost surely, we only look at observations which have
occurred exactly one time. Therefore this is just the same as studying the
weight corresponding to the case where we only have a continuous part and
have |E | many observations. Since E,, — oo uniformly on T, (|C,| > |E,| >
|C| — K,,). So we can apply Lemma 6.2.42 to find that this product is equal
to.

Z 1-E[1-V)"] E[1-V)"Y 1-E[1-V)"]
~E

W - E[(1 = Vs l] [(1 Vymt2l L= R[(1 - V)]
E[V(Q- V) EVa-v)"EVa-v)—]
EVA-V)y=EVA-V)~] E[V(-V)]
E[V2(1 - V)" E[V(1 - V)]

EVQA-V)—] E[V(1-V)—i]

And then by Lemma 6.2.45 this converges uniformly on 7,, to 1. Hence

E[V2(17V)Ta,s+l} @[V2(1,V)Ta,t+1} 1 E[Vn,pl(17v>2+Tg,l+1

S,t:gfl(s)’agﬁ(t)eEmsd 17@1[(17V)1+T”ﬂ 1-[’5[(1—V)2+T0~t] 1=1 1—u7:[(1—v)2+TU,l}

Kp ]E[V Po—1@) (17\/>Ta,l+1]

ll;ll I—E{(I—V)Tf’»l]

s—1 ﬁ[v"Pl(17v)1+Tml+1] Kn r[v p”’l(l)ufv)Tml-%—l]

1+Tayl] Il

1

I=t+1 171E[(17v) s+1 l,h[<17v>TU,L}

1
Converges uniformly on 7, to 0 Fy almost surely ]

Now we have shown that the terms in the "head” of the permutations
converge uniformly to zero and the terms in the "tail” of the permutations
converge uniformly to the right answer. This allows us to compute the total
influence, which is basically collecting the results from the previous lemmas.
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Lemma 6.2.54 (First moments of weights have asymptotic mass \). Suppose
Py = P;+ AP, with A\ > 0. Define C,, = {i : P,({X;}) = 0}. Suppose T,
is a sequence of permutations such that D, = {i € C, : 3j : P({X;}) >
0 and o(i) < o(j)} has cardinality at most K,, with X2 — 0. Then

fE[V”Pk,n+q(1_v)Tg,o(k)+1] ]E[V”pl(l—V)q_‘—T"’lJrl] E[Vnpl(l_v)Ta,lJrl]
2 kec, 14@[(17&/)‘1*%,0(1@)] 1-E[(1-V)?T o] 1-E[(1-V)To]

I<o(k)
m E[Vnpa—l(” (1_V)TU»Z+1]

1131 1-E[(1-V) "]

>o(k)

converges uniformly on T, to X\ Py almost surely in the model where Xy, -+ , X,,|P ~
P and P ~ SBP(«, D) where « is an atomless base measure and D is a dis-
tribution on [0,1] which admits a Lebesgque density h and a,b > 0 and g

a twice continuously differentiable function on [0, 1] which is bounded away
from zero such that h(v) = v*~1(1 —v)*"Lg(v) for all v € (0,1).

Proof. We use linearity to split this sum. Define E,, = C,, \ D,,. This gives

]E[Vnpk,n+q(1_V)Ta,o(k)+1] I”E[Vnpl(l_v)HTa,zH] I”E[Vnpl (I_V)TUJH]
I R I Gk N i)
m ]E[V”PU—l(l) (1_V)T0,l+l]
11;[1 1-E[(1-V) o]
E[Vnpk n+‘1(1 V) 00(k)+1] I’E[V”pl(lfv)q+To'vl+1:| E[V”pl(lf‘/)TG,H‘l]
ZkEDn 1—E|:(1—V)q+TU’J(k>] l<o—(k) 1—I~E[(1—V)Q+Tg’l:| l>o.(k) 1—@[(1—V)T0',lj|
= m E[Vnpgfl(l)(liv)Tml_H]
ll;ll 1-E[(1-V) o]
]E[V"pk n+<J(1 V) oa(k)+1] E[V"pl(l—V)q+Tle+1] ]]::[V’n,pl(l_v)To.,l+1:|
2 kek, 1—E[(1—V)Q+Tw<k>] <olk) 1-E[(1-V)*T o] I5ok) 1-E[(1-V)To]
+ o

IEZ[V o ()(1 V) gl+1]

==y

SWL| =E | WL | +E | Wli]
i€Ch i€Dp i€E,
Because
fE[vnpk,nw(l_v)Ta,a(k)H] B[vee (1-v) o] E[Vner (1-v) o]

2 ke, 14@[(14/)4”0,0(1@)] 1-E[(1-V)? o] 1-E[(1-V)To]

<o(k)
fE[V a—l(l)(l V) al+1]

I =

>o(k)
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converges uniformly on 7}, to zero by Lemma 6.2.49 and

Z E[Vnpk n+q(1 V) a'o'(k)+1:| ]E[Vnpl(l_v)q+Ta,l+1:| E[Vnpl(l—v)Tf"’l"'l]
e R R B i SR (ORE
m ]E[Vnpgil(l) (17V)To‘,l+1:|

1 1-E[(1-V) el

=1

converges uniformly on 7}, to A by Lemma 6.2.50 we can apply Lemma 6.2.17
which implies that

> wi)

i€Cp

converges uniformly on 7}, to A P, almost surely. ]

Lemma 6.2.55 (Second moments of weights do not contribute anything on
good sets). Suppose Py = Py+ AP, with X > 0. Define C,, = {i : By({X;}) =
0}. Suppose T, is a sequence of permutations such that D, = {i € C, : 35 :
Po({X;}) > 0 and 0(i) < 0(j)} has cardinality at most K, with a5 0.
Then

IE[VnpkarZ(lfV)Ta,o-(kH—l] m [V"pl( V)2+Ta,l+1] ]E[Vnpl (17V)Ta,l+l]
ZkeCn 1_@[(1_V)2+Tg,a(k)] 1— IE[( V)2+Tg,z] 1_@[(1_V)Ta,l]

I<o(k) I>o0(k)

v *1(1) V) al+1]

TR
> e

oceS™ =1

converges uniformly on T,, to 0 Py almost surely in the model where Xy, -+ , X,,|P ~
P and P ~ SBP(«, D) where « is an atomless base measure and D is a dis-
tribution on [0,1] which admits a Lebesque density h and a,b > 0 and g

a twice continuously differentiable function on [0,1] which is bounded away
from zero such that h(v) = v*~1(1 —v)*"1g(v) for all v € (0,1).
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Proof. We use linearity to split this sum. Define F,, = C,, \ D,,. This gives

I’E[Vnpk,n+2(17V)To-,g(k)+li| E[Vnpl(liv)erTaylH] E[Vnpl(liv)Ta,lH]
ZkeCn 17@[(17‘/)%%,0(1@)] 1<o (k) 171@[(17V)2+To‘,l] 150 (k) 17@[(17‘/)%,1]
m np,—1
[V o=l (1-v) ol+1]
J;;m 1;[ 1-E[(1-V) ot
E|vV"Pk, n+2(1 V) To,0(k)+1 i Ve (1 V)2+T071+1 i Vnpl(l_V)Tg,l+1
S | oo | p & |

_E[(I_V)HTU,U(;C)] <o (k) [ V)T, ] I_E[(I_V)Tg,z]

_ ( >0 (k)
et m E[ n;D —1(1)(1 V) cl+1]
oezS:m ll_[l 1= E[(l V) ]
]E[Vnpk 21T, o(k)+1] i Vnpl V)2+Ta,l+1] E[Vnpl (17V)T(,’l+1]
ZkEEn

I

1—E[(1 V)2+T00(k)] 1 —E[(1-v)* o] 1=B[(1-V) "]

I<o(k) I>o0(k)
’ O | LMARES
oesS™ =1 [1 V) ]
Because
I”E[Vnpk,n+2(17V)Tgyg(k)+1] ]E[Vnpl (17V)2+TUJ+1] E[Vnpl(liv)Ta’Hl]
Zk‘EDn

14@[(1,\/)2*%,0(@] 171@[(1,\/)”%,1] 171@[(17‘/):@71]

I<o(k)
m ]E[Vnpa_l(l) (l—V)Ta’lJrl]

> 11 1-E[(1-v) o]

oesS™ =1

1>o(k)

converges uniformly on 7T}, to zero by Lemma 6.2.49 and

E[Vnpk nt2(_y) aa(k)+l] E[Vnpl(l_v)ﬂz*mlﬂ] E[Vnpl(l_v)TmlH]
I_E[(l_v)2+To',o'(k):| I—E[(l—v)%T"’l] 1_H~3[(1_V)Toyl]

2 kepn

I<o(k)

[Vnpa_l()(l V) al+1]

2 U=

ceS™m =

I>o(k)

converges uniformly on 7}, to zero by Lemma 6.2.51 we can apply Lemma 6.2.17
which implies

E[Vnpk’"+2(1*V)T"’”(k)+1] ]E[V”Pz(lfv)HTml-H] E[V”Pl(lf‘/)Ta,l-&-l]
1—]E[(1—V)2+To,a(k)] 1_E[(1_V)2+Tg,z] 1_@[(1_V)Tml]

2 kec,
I<o(k)
m ]E[V"pvffl(l) (17V)Ta,l+1]

> 11 1-E[(1-v) o]

oesS™ [=1

I>o0(k)

converges uniformly on 7}, to 0 Py almost surely. O
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Lemma 6.2.56 (Mixed terms have asymptotic mass A\? on good sets). Sup-
pose Py = Py+ AP, with A > 0. Define C,, = {i : Py({Xi}) = 0}. Suppose
T, is a sequence of permutations such that D, = {i € C,, : 35 : Po({X;}) >
0 and (i) < o(j)} has cardinality at most K, with = — 0. Then

E[v2(17v)Tvvs+1 glvza-wvyTot+1]| .4 E{V"Pl(pv)?*Tv»Hl

s,t:o=L1(s),0—L(t)eCp,s<t 1*[~E[(1*V)1+Ta'ﬂ 17E{(17V)2+T”*t] =1 1711:3[(1*V)2+T”*"}

K, [E[V"”a—l(z)u,v)Ta,LH]
=1 1—12{(1—\/)Ta:l]
s—1 Jﬁ{v"pl(lfv)HT“vl‘*'l} g[v"Pe 1) vy Tor1

Kn
1+TU,Z} 1:1;[4-

z:l;[-u 1—@[(1—V) 1 l—ﬂ"i{(l—V)TUJ]

1

converges uniformly on T, to \* Py almost surely in the model where X1, -+ , X,| P ~
P and P ~ SBP(«a, D) where « is an atomless base measure and D is a dis-
tribution on [0,1] which admits a Lebesgque density h and a,b > 0 and g

a twice continuously differentiable function on [0,1] which is bounded away

from zero such that h(v) = v*~1(1 —v)*"1g(v) for all v € (0,1).

Proof. We use linearity to split this sum. Define E,, = C,, \ D,,. This gives

g[vza-vyTos+1] & v2(17V)T<M+1} -1 E{V"pl(l—v)2+T"’=l+1

s,t:a*l(s),ogl(t)ecn,s<t 1’H§[(1’V>1+TG’S} 1—E{(1—V)2+T"’t] 11;11 1—1173[(1—V)2+T”*l}

P TE[V"]"cyfl(z) (1—v)To,1+1
I1

=1 I—E{(I—V)TUJ]

1 E[Vnpl -y Teit1] g, E{V"pafl(l) (1_V)Tg,z+1]

I1

z=l:[+1 17E{(17V)1+Tml} 1=s+1 17E{(17V)Tml}

1
&[v2a-vyTos+1] & V2(1_V)To,t+1} 1 [E[Vnpl(l_v)2+7"a,l+1

Ligern 1-E[(1-v) ' HTos] 17[E[(17V)2+Tmt} =1 171E[(17V)2+T07l]

=2
o LE[V"”U—l(w(l,V)Ta,LH
IT
1=1 1_@{(1_‘/)%,1]
s ]E[Vnpl(liv)l'*'Ta,l{»l P [:;V"'po—l(z)(l,v)Ta,Hl]
I1 I1
1=t+1 1—15{(1—\/)1*27,1} I=s+1 1—E{(1—V)T0~l}

1
glv2a—vyTos+1]| glv2za—vyTot+1] E[V"pl(l—v)erT""H'l
2ieDn jio(i)>o (i) [ FTes] 1—i[(1—V)2+T“=t} RIS 2+Tgyl]

o 171E[(17v)

=

" E[V"Pofl(z) (1—v)To,i+1

=1 l—i[(l—V)TU‘l}

P

s—1 ]E[Vnpl(l—v)1+Tle+1] K, BV 0*1(1)(1—V)T0J+1]

1=t+1 17E{<17\/>1+T“vl} z=ljjr1 p]ﬁ[(p\/)Tﬂv’}

1
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Because
E{VQ(l_V)Ta,s+l g[v2a—vyTot+1 t_lli{vnpl(l_v)2+TaJ+l
i€ Bn 1—@[(1—V)1+T”5} 17E{(17v)2+TN] =1 17['E[(17v)2+T“«l}
2 n
Kn E{v Po=1) (1—v)To,i+1
11
=1 I—E{(I—V)T”v"}

,_ — n —
s—1 M[v”"tufv)l*TmHl K, B[v'7e 1(l>(17v)T0wl+1}
1+Tayl]

L:I;I+1 1—L|:(1—V) l:E[+1 1—17:[(1—V)T°'vl}

1
converges uniformly on 7}, to zero F, almost surely by Lemma 6.2.52 and

£ v2(17v>Tdvs+1} i{v2(17V)T<’vf«+1 -1 ]E[V"Pl(l—v)erTﬂyl‘Fl]

2ieDn jio () >0 (i) 1-E[1-v) 777 5] 171E[(17v)2+T0wt} lljl 17@[(17‘,)24&0,1}

2

” E{V"Pafl(z) 1—v)To1+1

K
Il

=1 171E[(17V)Tﬂvl}

s—1 I"E[V"PL(PV)HTU,Hl Kn JEv"pU’l(l)(lfv)TﬂaHl}
1+T(,,,]

l:1:[+1 14@[(17\/) l:l;[+1 1,@[(1,‘,)7"0,1}

1

converges uniformly on T,to A\? P, almost surely by Lemma 6.2.53 we can
apply Lemma 6.2.17
Hence
JE[VQ(I—V)TUv5+1] E{v2(17v)T0»f+1] t—1 ]E[V"Pl(17v)2+T<’vl+1]

stio=1(e)0 =1 (1) €Cn <t T[T ] i glaov)? ot H 1-8[a-v)? o]
2

Kn E{Vnpa'il(l) (17\/)Tr7,l+1]

I

=1 I—JE{(I—V)TUJ}

s—1 n’«:[v"l’z a-vy' o] g E[vnPU*IU) (1—V)T€7,l+1}

I1

1=t+1 171E[<17v)1+T6wl] I=s+1 171E[<17V)Tml}

1

converges uniformly on 7}, to A?> P, almost surely O

Now we have shown that everything behaves well on the good sets and
all the terms appearing remain bounded, we can conclude that the ratios in
the expressions for the moments converge to the right answer. This will be
the subject of the next three lemmas.

Lemma 6.2.57. Suppose that the true distribution Py = Py + AP, where Py
is a finite discrete distribution. Then

E ZWIk — A By a.s..
keC
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in the model where Xy,--- ,X,|P ~ P and P ~ SBP(«a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ 1(1—

v)?~tg(v) for all v € (0,1).

Proof. We use the expression of

E

>

keC

derived in Lemma 6.2.34

£y -
keChy
fE[V”Pk,nJF‘I(lfV)To—,G(kH—I] E[V"pl(lf‘/)quT"’l"'l] fE[Vnpl (17V)To,l+1]
D s T N ARG N
m ]E[Vnpgfl(l)(liv)TU’H»l]
2. 11 1-E[(1-V) ot

oesS™ [=1

Now we apply Lemma 6.2.30 to find good sets. This gives us a sequence
(Ky),ey and sets T), of asymptotic probability one. This gives exactly what
we need to apply Lemma 6.2.54, which shows that on T,

]E[V"Pk,n+q(1,V)TG,0(k)+1] ]E[Vnpl(liv)q+Tg7l+1:| IE[V"pl(lfV)TU’H‘l]
ZkeCn 1_@[(1_v)q+To,o(k)] l<0’(k‘) 1—@[(1—V)q+T‘7’l] l>U(k) 1_E[(1_V)T0’l]
m E[Vnpff*l(l)(lfV)T"ﬁl*l]
I 1-E[(1-V) o]

=1

converges uniformly to A Py almost surely. By Lemma 6.2.46 the errors re-
main bounded and hence we can apply Lemma 6.2.9 to conclude that almost

surely
Zw,k] — )\ DPyas.
keC

E
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Lemma 6.2.58. Suppose that the true distribution Py = Py + AP, where Py
is a finite discrete distribution. Then

> W,

in the model where Xy, -+, X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v*~ (1 —

v)2=tg(v) for all v € (0,1).

E — 0 By a.s..

Proof. By Lemma 6.2.34 we can find an expression for E > KeC, Wfk]

E[Y Wfk] =
keChp
Z Z IE:|:V7’ka,’n+2(l—V)To',0'<k)+l:| E[V”pl(l—V)2+T"’l+l] E[V”pl(l—v)TmH—l]
gegm TREO B[y e | gy 1R[] s 1=B[-v) ]
m ]E[Vnpgil(l) (17V)Td’l+1]

>, 11

cesm =1 L-E[(1-V) o]

Now we apply Lemma 6.2.30 to find good sets. This gives us a sequence
(Kn),ey and sets T), of asymptotic probability one. This gives exactly what
we need to apply Lemma 6.2.55, which shows that on T,

IF:[Vnpk’n+2(17V)To',o'(k)+li| ]E[Vnpl(liv)2+To',l+1] [F;[Vnmufv)Ta,l-&-l]
Zke(}n 1_@[(1_V)2+To,a(k>} 1-E[(1-V)* o] 1-E[(1-V) 1]

I<o(k)
m I’E[V”pofl(z)(l,v)%,ul]

> 11 1-E[(1-V) o]

oesS™ =1

I>o0(k)

converges uniformly to 0 Fy almost surely. By Lemma 6.2.47 the errors re-
main bounded and hence we can apply Lemma 6.2.9 to conclude that almost

surely
Z Wlk] — 0 By as..
keC

E
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Lemma 6.2.59. Suppose that the true distribution Py = Py + AP, where Py
is a finite discrete distribution. Then

> Wi,
keC

in the model where Xy,--- ,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ 1(1—
v)e"tg(v) for all v € (0,1).

Proof. By Lemma 6.2.35 we know an expression for the moment of the mixed
weights. This is

E — \? Py a.s..

1@{ > WIkWIm:|:

i,j€C,iF#]

glv2a-—wyTos+1| glv2a—vyTot+1] 4 ]E{V"pl(l—v)2+T‘7~H’1

aesms,t:o*l(s),ngl(t)ec,sa 1-E[a-v) T T 14@[(1—V)2+T"v*} =1 lfﬁ[(lfV)HT"*’]
2

Ko, E[V"po—l(l) (17V)To“l+1]

ocesKn l=1 1—E{(1_V)To,l}

_ [ omp
s—1 E[V"pl(lfv)lJrT"’H'l Kn BV TeTl0) aov)Te+1

1=t+1 1—@{(1—V}1+T07l] z:l;[-H l—i[(l—V)T"’l}

1

Now we apply Lemma 6.2.30 to find good sets. This gives us a sequence
(Kn),ey and sets T), of asymptotic probability one. This gives exactly what
we need to apply Lemma 6.2.56, which shows that on good sets

E{V2(1—V)Ta,s+1 E V2(17V)To',f,+1} 1 ]E{Vnpl(liv)2+TdJ+1

s,t:a’l(s)wag:l(t)ECn,s<t 1-E[a-v) e agla-v) To] = a-[a-v)?HTot]

Ky, I"E[Vnpf”l(l) (1—v)To,i+1

I1

1=1 1—[:1[(1—V)T"’»l]

s—1 ﬁ[V”"l(l—V)”Tole Ky, E[Vnp"ﬂ‘”u—v)T”“l]

1+T(,’l} Il

1=s+1 14@[(17\/)%,1}

I=t+1 1—[71{(1—V)

1

converge uniformly to A\? Py almost surely. By Lemma 6.2.48 the errors re-
main bounded and hence we can apply Lemma 6.2.9 to conclude that almost
surely

E

Z W]k] — \? Py as..

keC
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Lemma 6.2.60. Suppose that the true distribution Py = Py + AP, where Py
is a finite discrete distribution. Then

2
E (ZWIk> =X DPoas.

kel

in the model where Xy, -+, X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ (1 —
v)*1g(v) for all v € (0,1).

Proof. We first rewrite the square, this yields

SWE 4+ Y WL,

keC i,j€C i)

E (Z%)Q —E

keC

Then by Lemma 6.2.58 we know that

E

Z Wi] — 0 Py as..
keC

and by Lemma 6.2.59 we we also know that

E

> WIZ.WIJ.] -\ P as.

i,J€C,i£]
Hence
2
E (Z W1k> — \? Py as..
keC

]

Finally we want to show that the variance of the weights in the continuous
part converge to zero.
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Lemma 6.2.61. Suppose that the true distribution Py = Py + AP, where Py
is a finite discrete distribution. Then

2
VG/F (Z WIk) — 0 By a.s..

in the model where Xy,--- ,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0,1] which is bounded away from zero such that h(v) = v*~ (1 —

v)?~tg(v) for allv € (0,1).
Proof. By Lemma 6.2.57 and Lemma 6.2.60 we know that

E Zwlk] -\ Pas.
keC
and
2
IE (Z WIk) — /\2 By a.s
keC
Hence
2 2
Var (Z Wfk) —E (Z W1k> E ZW]k] = A2 A2 =0
keC keC keC

6.2.9 The convergence of the posterior mean

So we have shown the weights in the posterior act nicely. We now use this
to show that indeed the posterior mean converges to the right answer.

The upcoming lemma is used to extend the convergence on arbitrary large
sets to convergence on the total space.

Lemma 6.2.62. Let P, be a sequence of random probability measures and
P a probability measure. Let f be a bounded measurable function. Suppose
there exists a sequence of measurable sets Ay such that

EP.(Ta f)] = P(Laf)  VE,
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and

then
E[P.(f)] = P(f).

Proof. We begin by splitting f into 14, f + 14¢ f and then using linearity of
integration and expected values.

E[P(f)] = E [Po(La, f + Lac f)]
=E[Py(14, /)] +E [Pu(Lac f)] -

If we denote an upper bound of f by F we can bound the second term:
E [Po(Las f)] < FE [P(14c)] -

Now we look at the double sequence xy,, = (E [Py (L4, f)], E [P(14¢)]) with
the product metric. Note that lim, oo Ty = 2 = (E[P(14, f)], E [P(]lAg)] ),
and limy_,o xx = x = (P(f),0) by dominated convergence theorem. By ap-

plying Lemma 6.2.16 we can extract a sequence k,, such that lim,_,o 2, , =
(P(f),0). This implies that

and
E [Pn(ﬂAznf)] 0.
Thus
E[P.(f)] = p(f).
O
The next lemma allows us to use the results on the total weight coming

from the first moment to find the convergence of mean over the continuous
part of the true distribution.

Lemma 6.2.63. Let C, = {i : Py({X;}) = 0} be the set of observations
coming from the continuous part of the true distribution. Then

> f(xnwzi] e S BIUA]
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Proof. First remark that the distribution of Wi, is the same for every i € C,,.
Let k € C,, be arbitrary, then we can rewrite as follows

> f(x,»)WIi] =Y E[f(z)Wy]

i€Chp 1€Ch
= >
1€Ch,
- Z f Z‘Z Wh
ieChp
= E [W]k] Z f xX;
1€Chp
E W5
(e 2 S

This lemma states that the influence of the prior disappears.

Lemma 6.2.64. Let Py be a distribution on X which does not have both
infinitely many points with positive probability and a continuous part.

E Z W|X1,---, 2 = o0.
BiF£l -

in the model where Xy,---,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable

function on [0, 1] which is bounded away from zero such that h(v) = v~ (1 —
v)?1g(v) for all v € (0,1).

Proof. Define C,, = {i : Py({X;}) = 0}. Because we know S>°, W; = 1
almost surely, and for every € > 0 we can pick discrete support points of the
true distribution gy, - -« , gy such that Py ({1, , e} UC,) > 1 — 5. Now
because we know the weights of these atoms and the weights correspondmg
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to the continuous part both converge to the true probability, we can find
an N > 0 so that the total distance between the total weight given to the
continuous plus the weights corresponding to the selected discrete points
always stays within €/2 of 1 — §. Therefore, the total weight assigned to the
observations is at least 1 — e. Thus we know that the total mass the other
weights can have is bounded above by e. [

The next lemma states that the posterior mean of converges on a collec-
tion of atoms.

Lemma 6.2.65. Let Py be a distribution on X which does not have both
infinitely many points with positive probability and a continuous part. Let
A=A{u1, -, pm} be a subset of X. Let f be a nonnegative bounded measur-
able function on X. Then

E[P(Laf)| X1, -, Xo] = Bo(1af)  as.

in the model where Xy, -+, X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v~ 1(1—

v)P"Lg(v) for all v € (0,1).
Proof. The predictive posterior distribution gives that

E[PLaf| X1, Xo] = > E[W,

i:XiGA

ta(laf) Y, EW,

it Ik,

Xl?"' ’Xn]f(Xl)

Xla"' 7Xn]

By Lemma 6.2.64 we know that the latter term converges to zero. So it is
enough to show

> EW,

i:X;€A

Xl,"' ,Xn]f(Xz —>P0(]1Af) P()&.S.

Now by Lemma 6.2.33 the weights E [Wj,|Xy,- -+, X,] converge almost
surely to the true probability Py(X}). Since we want to take the limit of the
(finite) sum we are done. O
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The next lemma states that the posterior mean converges on the contin-
uous part.

Lemma 6.2.66. Let Fy be a distribution on X which does not have both
infinitely many points with positive probability and a continuous part. Let
A={pe X : PB({u}) > 0} be the collection of points of positive probability.
Let f be a nonnegative bounded measurable function on X. Then

E[P(]].Acf>|X1, ,Xn] — Po(]lAcf) Po a.Ss.

in the model where Xy,--- ,X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density h and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that h(v) = v*~1(1—

v)?~tg(v) for all v € (0,1).

Proof. Suppose that the true distribution can be written as Py = P; + AP,
where P, is a discrete (sub)probability distribution and P, is an atomless
probability distribution. The predictive posterior distribution gives that

E[PLaf| X1, X =B | Y (X)W |Xy, -+, X,
i:X;¢A

+ a(]lAf) Z E[Wh

wiA L, K,

Xl?"' 7Xn]

Again by Lemma 6.2.64 we know that the second term converges to zero. So it
is enough to show that the first term converges to Py(1 4cf). By Lemma 6.2.63
we know that for S = {i : X, e A°} and m being the cardinality of S we can
rewrite the in the following way:

Xy, X, _Mi[@[m@],

i:X;ZA

Now we have to compute two terms. First we show that

Ll pep)
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Note that the X; which lie in S are an iid sample from P,., so by the strong
law of large numbers we know that indeed

W — Pao(f) Fy as.

Note that by Lemma 6.2.57

m

E > E[W,]

=1

Xl,"',Xn — A Poa.S.

Hence in total we get
E[P(ﬂAcf)‘Xl, 7Xn] —>P0(]1Acf> PO a.s.
0

The next lemma states that the posterior mean converges on the total
space.

Lemma 6.2.67. Suppose Py is a distribution with does not have both in-
finitely many points of positive probability and a continuous part. Suppose
that the base measure o 1s atomless and the relative stick-breaking weight
distribution D admits a density h and constants a,b > 0 and a twice contin-
uously differentiable function g : [0,1] — R which is bounded away from zero
such that h(v) = v*1(1 —v)*1g(v) for v € (0,1). Let f be a non-negative
bounded measurable function. If P ~ SBP(«, D) then

E[P(f)| X1, ,Xn] = Bo(f) Py a.s.

Proof. Let Py be a distribution which does not have both infinitely many
points of positive probability and a continuous part. Define A = { € X' : Py({u}) > 0}
the set of points of positive probability. For every n € N we pick a finite set
Ap ={p, -+, pm} such that Py(A, U A°) > 1 — 1. Then Py(Ap U A°) — 1.
Let f be a nonnegative bounded measurable function. Then by Lemma 6.2.65
we know

E[P(L1a,f)| X1, -, Xn = Po(La, f) Foas.
Similarly from Lemma 6.2.66 it follows that

E[P(Lacf)| X1, Xu] = Po(lacf) P as.
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Because A, and A¢ are disjoint, we can use linearity to conclude that
E[P(ﬂAkuAcf)le,"‘ 7XTL] %PO(ﬂAkuAcf) PO a.s.
This works for every k, so we can apply Lemma 6.2.62 to conclude

E[P(f)| X1, , Xn] = Bo(f) Py as.

6.2.10 The convergence of the posterior variance

We have shown that the variance of the weights behave nicely. We now want
to extend this to control the variance integrals with respect to the posterior.

We want to show that we can bound the posterior variance on the full set
if we can control it on a sufficiently large set.

Lemma 6.2.68. Let P, be a sequence of random probability measures and
P be a distribution such that P,(14) — P(14) for every measurable set
A. Suppose that there exists a sequence of measurable sets A such that

E[P.(1a,f)] — P(1a,f), P(Ax) — 1 and Var(P,(Axf)) — 0 for all k.
Then Var(Py(f)) — 0.

Proof.

Var(P,(f)) = Var(P,(La,f + Lac f)
= Var(P,(1a,f)) + Pn(Lac f)))

So in view of Lemma 6.2.15 we only have to show that we can find a sequence
k, such that Var(P,(14,, f)) — 0 and Var(P,(L4c f)) converge to zero. We
denote X,, = P,(14, f) and Y, = Pn(llAz f), not denoting the dependence
on k,.

We start with the second requirement: Var(Y,,) — 0. For this, we com-
pute the first and second moment. We denote the bound of f by F'.

E[Y] = E | Pu(Lag, /)]
<E [Pn(llA;n F)]

— FE [Pn(ILAzn)]
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Now compute the second moment:
E[Y] =E |(Pa(Lag, /)]
<E|(FP(La,))’]
= F°E |(Py(1a;,))?]

< FE [pa(Ly,))]

So to show that Var(Y,?) — 0 it is enough to show that E [pn(ﬂAg ))] — 0.
We are going to construct a sequence k, which does this and such that
Var(X,) — 0 as well. Define z,x = (E [Py(14, f)] ,E[ n(Lag ))}) a se-

quence in R%. Note that lim,, o 2,4 = 2; = (E [ n(f]lAkn))} JE [pn(IlAi ))] ),
and limy_,. 2z, = (0,0). Now if we apply Lemma 6.2.16 we get a sequence k,
such that E [pn(]lAg ))] — 0 and Var(P,(14,, f)) — 0. Thus Var(Y,) —

0 and Var(X,) — 0. This is exactly what is needed to conclude that
Var(P,(f)) — 0. O

The next lemma allows us to bound the covariances appearing from the
observations of the continuous part.

Lemma 6.2.69. Let Py be a true distribution with Py = P;+ \P. where Py is
a finite discrete subprobability distribution and P, is a continuous probability
distribution. Denote C,, = {i : Po({X;}) = 0}. Then for alli,j € C,

> |Cou(Wi, Wyl Xy, X)) =0 Py as.
1,§€Cn,17#]
in the model where Xy, -+, X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density f and a,b > 0 and g a twice continuously differentiable

function on [0, 1] which is bounded away from zero such that f(v) = v~ 1(1—
v)*1g(v) for all v € (0,1).

Proof. Because i, € C, we know that almost surely, N; = N; = 1. By
exchangebility, Corollary 6.2.25, we know that

> Cov(Wi, Wil Xy, -+, X))

1,J€Cn,i7#]
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is just
n(n — 1)|Cov(W;, W;| Xy, -+, X,

for i # j,i,j € C,. From Lemma 6.2.59 we know that E [WIJ. WIJ = 22(23(11))

and from Lemma 6.2.57 we know that E[IW;] = 28 Now observe that

n

Cov(Wi, Wj| Xy, -+, Xy) = ;2?;91) — %2()\2 +0(1)). Hence

—1
2n(n— 1)|Cov(W,, W Xy, X,)| = |\ 4 o(1) — "1

(A2 +0(1))| — 0.
Thus
> |Cov(Wi, Wil Xy, -+, X,)| = 0.
1,JECn i#]

]
We first recall a little result on the variance of bounded random variables.

Lemma 6.2.70. If X,, is a sequence of random variables on [0, F| such that
E[X,] — 0, then Var(X,) — 0.

Proof. We know that E[X,,]0. Now we want to compute E[X?]. This is
E[lx,<1 X2+ 1x,>1X2]. We can split this using linearity. On X,, < 1 we
know that X? < X, so E[lx, 1 X?] < E[lx,<1X,]. Because X, is non-
negative, we know that E [1x,1X,] < E[X,] — 0. Hence the first term
converges to zero. For the second term, observe that on 1x,>; we know
that X,, > 1. Suppose there exists ¢ > 0 such that P(X,, > 1) > ¢
for arbitrarily large n. Then E[1X, > 1X,] > ¢ for those n. However,
this means E [X,] > ¢ for those n, which is in contradiction with our as-
sumptions. Hence P(X,, > 1) — 0. Because X,, < F we can conclude
E[lx,>1X2] < F?E[lx,>1] — 0. Hence the first and second moment of X,
converge to zero, and therefore the variance of X,, converges to zero. ]

The variance coming from the prior contributes zero to the variance.

Lemma 6.2.71. Let Py be a distribution on X which does not have both
infinitely many points whit positive probability and a continuous part. Then

Var( Y f(0:)W;) = 0.

(RS PR
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in the model where Xy,--- , X,|P ~ P and P ~ SBP(a,D) where « is
an atomless base measure and D is a distribution on [0, 1] which admits a
Lebesgue density f and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that f(v) = v 1(1—

v)2~tg(v) for all v € (0,1).

Proof. From Lemma 6.2.64 we know that the first moment of Zm‘;éh I f(O)W;
conditional on the observations is asymptotically zero. Because f is bounded,

we know that
> oW
dit I Ig,
is a bounded random variable. Hence we can apply Lemma 6.2.70 to conclude
that the variance converges to zero as well. O]

This lemma allows us to show that the variance of the integral on the
discrete part converges to zero.

Lemma 6.2.72. Let Fy be a distribution on X which does not have both
infinitely many points whit positive probability and a continuous part. Let
A={u1, -, pm} be a subset of X. Let f be a nonnegative bounded measur-
able function on X. Then

Var(P(1af)| X1, -+, X) — 0 Py a.s.
in the model where Xy,---,X,|P ~ P and P ~ SBP(a,D) where « is

an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density f and a,b > 0 and g a twice continuously differentiable
function on [0, 1] which is bounded away from zero such that f(v) = v*1(1—
v)*1g(v) for all v € (0,1).

Proof. From the posterior predictive model we find
var(P(]lAf)|Xl7 o 7Xn) = var( Z f(Xz)WIZ
i:X;€A

+ ) FOWIX LX)

iit I I,
This is the conditional variance of a sum of two random variables:

i:XiGA
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and

> )W

iAo Ik,

From Lemma 6.2.71 we know that the second term vanishes asymptotically.
In view of Lemma 6.2.70 it is enough to show that the variance of the first
term vanishes asymptotically as well. Note that this term is again a finite
sum. So we compute the conditional variance of every term. This is

Var(f(X)Wp,| X1, -+, X)) = f(X;)*Var(W,

Xi,-0, Xo).

The variance of this vanishes by Lemma 6.2.33, hence again by Lemma 6.2.70
we see that the variance of

i:X»L'EA
converges to zero as well. This shows that

Var(P(1af)| X1, -+, Xn) =0 Py a.s.

O

The variance coming from the observations from the continuous part of
the true distributions have zero variance:

Lemma 6.2.73. Let Py be a distribution on X which does not have both
infinitely many points with positive probability and a continuous part. Let
A={pe X : PBy({u}) > 0} be the collection of points of positive probability.
Let f be a nonnegative bounded measurable function on X. Then

Var(P(Lacf)| Xy, -+, X,) = 0 Py a.s.

in the model where Xy, -+, X,|P ~ P and P ~ SBP(«a,D) where « is
an atomless base measure and D is a distribution on [0,1] which admits a
Lebesgue density f and a,b > 0 and g a twice continuously differentiable

function on [0, 1] which is bounded away from zero such that f(v) = v*1(1—
v)?1g(v) for all v € (0,1).
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Proof. The predictive posterior distribution gives that
Var(P(Lae f| X1, -+, X,) = Var( Y f(X)W;
i:X;¢A

+ Y fOIWIXy e X)

iiFl Ik

Again this is conditional variance of a sum of two random variables

and

The conditional variance of the second term vanishes asymptotically, so we
only have to study the first.

Var( f(X)Wy, X Zf )?Var(Wp,| X1, -, Xn)
i:X;dA
+ 3 (X)) F(X;)Cov (W, W)
i#j

Now we want to find an upper bound, so we estimate this from above by
taking the absolute values of the covariances and the maximal value f can
attain, say F'. This gives

Var( > f(X)W), -, X

i X;ZA

L, X,) <Y FPVar(W,
=1

+ F2 ) |Cov(W,, W)
i#j
Now because the sum of the absolute values of these covariances converges
to zero, we can study the limiting behavior of this bound by studying

Var( > Wi |Xy, -+, X,) = iVar(Wli
=1

X, €A
+ Z COV(WIiv ij)
i#]

’Xn)
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And we have shown in Lemma 6.2.61 that this converges to zero. Hence

Var( > f(X)W),

i:X;dA

X17”' 7Xn)

converges Fy almost surely to zero, which is what was needed to show that

Var(P(Lacf)| Xy, -+, X,) =0 Py as.

The variance converges to zero.

Lemma 6.2.74. Suppose Py is a distribution with does not have both in-
finitely many points of positive probability and a continuous part. Suppose
that the base measure « is atomless and the relative stick-breaking weight
distribution D admits a density f and constants a,b > 0 and a twice contin-
uously differentiable function g : [0,1] — R which is bounded away from zero
such that f(v) = v*1(1 —v)*~tg(v) for v € (0,1). Let h be a non-negative
bounded measurable function. If P ~ SBP(«, D) then

Var(P(f)| X1, -+, X,) =0 Fya.s.

Proof. Let Py be a distribution which does not have both infinitely many
points of positive probability and a continuous part. Denote A = {u € X :
Po({u} > 0} the set of points with positive probability. For every N € N we
pick a finite set Ay = {1, , pm} such that Py(A, U A°) > 1 — £. Then
Py(Ar U A°) — 1. Let f be a nonnegative bounded measurable function.

Then by Lemma 6.2.72 we know

Var (P(La, )| X1, ,Xn) = 0 Py a.s.
Similarly from Lemma 6.2.73

Var (P(1 e f)| X1, ,X,) — 0 Py as.

Thus by Lemma 6.2.15 , and using that Aj; and A are disjoint, it follows
that
Var (P(1a,uacf)| X1, , X,) =0 Py as.

This holds for every k thus we can apply Lemma 6.2.68 to conclude that
Var (P(f)| X1, ,X,) — 0 Py as.
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6.2.11 General statement

Here we prove the general statement. It is just a collection of the results
so far, with a bit of work to combine the last two sections into a general
statement.

Theorem 6.2.75 (The stick-breaking process is consistent under regularity
conditions). Let a be an atomless measure. Suppose that the stick-breaking
distribution D admits a density [ such that there exists constants a,b > 0
and a twice continuously differentiable function g on [0,1] such that f(v) =
v (1 — v)tg(v) for v € (0,1). Let Py be any distribution such that Py
does not both have infinitely many points of positive probability and a con-
tinuous part. Then the posterior in the model Xi,--- , X,|P ~ P, where
P ~ SBP(«a, D), as given in Theorem 5.4.4 is consistent with respect to the
topology of pointwise convergence on bounded measurable functions at Fy.

Proof. The proof consists of case checking and some computations. The main
idea is to apply Lemma 6.2.2. So fix f a bounded measurable function. Now
we want to show that E[P(f)| Xy, -+, X,] — Fo(f) Py almost surely and
Var (P(f)| X1, ,X,) — 0 Fy almost surely.

By Lemma 6.2.67 we know that E [P(f)|X1,---,X,] = By(f) Fo almost
surely and by Lemma 6.2.74 we know that Var (P(f)|X1,---,X,) — 0 B
almost surely. This shows consistency. ]

If we also assume the conjecture, then we can extend the results further
to the following theorem:

Conjecture 6.2.76 (The stick-breaking process is consistent under regu-
larity conditions). Let o be an atomless measure. Suppose that the stick-
breaking distribution D admits a density f such that there exists constants
a,b >0 and a twice continuously differentiable function g on [0, 1] such that
fv) = v Y1 —v)*"tg(v) for v € (0,1). Let Py be any distribution. Then
the posterior in the model Xq,--- , X,|P ~ P, where P ~ SBP(«,D), as
gwen in Theorem 5.4.4 is consistent with respect to the topology of pointwise
convergence on bounded measurable functions at Py.

The proof is mostly the same, except we also need to refer to the con-
vergence of the first and second moment if there are infinitely many points
of positive probability and a continuous part. The same arguments would
apply except we need a new lemma to show that the bad event only occurs
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with asymptotic probability zero. Currently we have shown a proof that the
weights corresponding to observations from the continuous part in the tail
converge almost surely to the right value if there are finitely many points of
positive probability in the true distribution. However, these proofs can be
adapted by showing that if you fix d points pq,--- , ug of positive probabil-
ity under the true distribution, and one looks at the weights in the tail, i.e.
behind those, then one can bound the influence of the rest by considering up-
per and lower bounds. The rest of the arguments do not need to be changed
except that we now need to refer to the more general lemma.

6.3 Consistency of Mixtures

We will first quote a theorem which we will state without proof, then we
quote a theorem on the consistency of Dirichlet Processes, and then we show
how to modify the proof to work in a more general situation.

We first need some introductory notation. dy is the Hellinger metric,
N(e, Py, d) is the covering number of P, by e sized d balls. For more infor-
mation on covering numbers, we refer to [1, AppendixC|]. This allows us to
formulate the consistency by entropy Theorem, as stated in [1, theorem6.23].
Finally we denote K L(II) to be the set of all densities which admit the Kull-
back Leibler property. The Kullback-Leibler property states that every € ball
in the space of densities around a density py with respect to the Kullback
Leibler divergence dxr(p, po gets positive prior mass. The Kullback Leibler
divergence dkr,(p, po) = [ log %p(az) d x, which is the relative entropy of p
with respect to pg. We will later study how big the set of densities with the
Kullback Leibler property is.

Theorem 6.3.1. Given a distance d that generates convex balls and satisfies
d(po,p) < dy(po,p) for every p, suppose that for every e > O there exists
partitions P = P, 1 UP, o of the parameter space and a constant C' > 0, such
that, for sufficiently large n,

e log N(¢,P1,d) < ne’.

o II(P,) <e .

Then the posterior distribution in the model X1, -+ X,|p P p and p ~ 11 is
strongly consistent relative to d at every py € KL(II).
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Using this theorem, we can prove the main theorem on the consistency
of Dirichlet process mixtures. Again we first introduce some notation and
then cite the theorem. Let pry(z) = [¢(x;0,¢) d F(0) for a given family of
probability densities x — ¢(x; 6, ¢), indexed by the two parameters § € © C
R* and ¢ € ® C R'. Equip F with the Dirichlet process prior and ¢ by some
other prior 7. This yields [1, theorem 7.15].

Theorem 6.3.2. If for any given € > 0 and n, there erists subsets ©,, C RF
and ®,, C R! and constants a,, A,, b, B,, > 0 such that

o [[¥(50,0) = (50, )l < anll0 = O'|[ + bull¢ — ¢'||, for all 0,0" € O,
and ¢, ¢ € D,,.

e Diam(0,,) < A, and Diam(®,) < B,,.
e log(a,A,) < clogn for some C > 0 and log(b,B,) < ”8—612.
e max(a(0%),7(®)) < e " for some C > 0.

Then the posterior distribution I1,(-| Xy, -+, X,,) for pre in the model
Xy, Xu|(F, 9) i DPre, for (F,¢) ~ DP(Ma) x m, is strongly consistent

relative to the total variation norm at every po in the Kullback-Leibler support
of the prior of pre.

Proof. We want to apply the consistency by entropy theorem Theorem 6.3.1,
with d equal to the L-distance divided by 2. This satisfies d(po,p) <
dp(po,p). For given € > 0, we set N, ~ k:f;n and 0 small enough, to be
determined later. Then we define

Poa = {2 w6(36;,0) : (w;) € 8w 3wy < 2010+ Oy € 6,6 € By).
j=1

jzN

Then the prior density pg, is contained in P, q, unless ) >N, Wj = 5, or at
least one of 6y,--- 60y, % o fall outside O,, or ¢ € ¢,. It follows that
€
M(Pra) < P(Y_ Wi > )+ Naa(67) + (@),
j>Nn
The last two terms are exponentially small by assumption and the choice of

N. We delegate the proof that P()’ W; > ¢) is exponentially small to
the end.

J>Nn



6.3. CONSISTENCY OF MIXTURES 137

Now we give a bound for the e covering number of P, ;. The functions of
the form Zjvzl w;t(-; 05, ¢) with (wy, -+ ,wy,) € Sy form an {-net over Py,
for the IL; norm. To construct an %—net over these finite sums we restrict
(wy,- -+ ,wy,) to an §-net over Sy, , restrict (6y,--- ,0y,) to an ;—-net over
O, and ¢ to an ——-net over ®,. The cardinality of such a net is bounded

b,
above by
20 . 124,a, 12B,b,
()M (=) (=)
€ € €

Taking logs and rewriting yields log(N (e, P, 1, ]| - ||1) < ne* as required, for
0 small enough.

Now we tackle the problem of showing that P(>_,. 5y W; > §) is expo-
nentially small. The stick-breaking weights satisty W, = V; [[/Z1 (1 — V4), for
v, % Be(1, a), and sumjsn,w; = ijznl(l —V}). Since —log(1 —V;) possesses

an exponential distribution, R, = —log) j>n, Wj is gamma distributed
Nn

with parameters N,, and M, and hence P(R, <7r) < % Therefore, the

8
first term is bounded above by (%)Nn, which is exponentially small, by

the choice of N, for any § > 0. [

We will generalize this theorem to the general case of stick-breaking
weights, not just the 5(1, M) case.

Theorem 6.3.3. Let I1 be a stick-breaking process with base measure o and
stick-breaking weights distributed according to D. Suppose that either D ad-
mits a bounded Lebesque density or D is a discrete measure which does not
put mass arbitrarily close to 0. If for any given € > 0 and n, there exists
subsets ©,, C R¥ and ®,, C R' and constants a,,, Ay, by, B, > 0 such that

o [[U(50,0) —v(5 0, )|l < anllf —0'|[ +bull¢ — ¢'|], for all 0,0" € ©,
and ¢,¢' € ®,,.

e Diam(0,,) < A, and Diam(®,) < B,.
e log(a,A,) < clogn for some C > 0 and log(b,B,,) < %.
e max(a(0¢), (%)) < e~ for some C' > 0.

Then the posterior distribution IL,(-| X1, - -+ , X,,) for pre in the model where
Xy, -+, X, conditional on (F,¢) is iid from ppgs, for (F,¢) ~ I x w, is
strongly consistent relative to the total variation nmorm at every po in the
Kullback-Leibler support of the prior of prg.
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In order to generalize the theorem, we observe that we only need to change
the proof to get exponentially small decay, and we can pick N,, = [{22-]. The
next lemma gives us a way to find exponential decay.

We use the notation from the proof of theorem 7.15, except we work with
the general process, so V; ~ D for some distribution D.

logn

Lemma 6.3.4. Suppose there exists a C' > 0 and a sequence k(n) which
log Ak(n)—cn
solves E(1— V7)) < e for all natural numbers n > m. Then

P(TIY Vi > A) < e for all n > m.

_ né
~ logn’

Proof. We apply the Markov inequality. We often work with N,
which is smaller, but at most 1 smaller.

Nn No (1 _ 1)) k()
p(H(l —V) <)< E(lei(n) %)

ud Hﬁl E(1 - W)k(n)
\k(n)
(E [(1 — V)R ])Nn
\e(n)
assumption (elog(”)(Wan
- \E(n)

log Ak —c
log(n) (FEAH=ER )

(&

e( log Ak(n)—cn )Tl6

)

(n
n)—c
Ak(n)
elog)\k( )6

\k(n)
)\k(n)e—cn

M(n)

—Ccn

=€

So indeed, we have exponential decreasing probability. O]
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We observe that we can rewrite the bound in the following ways:

log Ak(n)—cn c . k(n)logn
elOg(n)( né ) — ’]’L_g)\ on

log Ak(n)—cn
=N nd

log\ k(n)

=n 9 n

S

We will use the first equality now:
Next question is to actually show that there are distributions which solve
this decay. Read X as 1 — V.

Lemma 6.3.5. Suppose that EX"* < % Then we have exponential decay
Ny,
P(I[Xiz N <e
i=1

Proof. We want to show that for a fixed we can finda C' > 0and ak : N — N,
where k can depend on A and § and C' can depend on §.

_c . klogn
_ <n 6/\ on

This is equivalent with (by multiplying left and right by kn%)

klogn

Mns < kX on

We can take logarithms on both sides to get

klogn

glogn—I—MSlogk—i- log A

If we pick k = ﬁ. Filling this out into the equation gives
c —on (1 —61n )\) logn
=1 M <1 en 8 log A
) ogn + M = Og(lognlog )\) on 08

We can simplify this into
glogn + M <logn+logd —log(—lognlog\) — 1

which holds when C' < § for large enough n. ]



140 CHAPTER 6. CONSISTENCY

Lemma 6.3.6. Let V' have an almost surely bounded density f with respect
to the Lebesgue measure, then V' has exponential decay:

Proof. we estimate the & — th moment of 1 — V' by
1
IEXk:/ 2" f(1 —x)da
0

1
S/O sup f(y)dz

y€[0,1]

1
= sup f(y)/o et da

yE[O,l]
Fl)

= sup f(y)—

yE[O,l] k + 1
1
—0(=
;)

Now we can apply the second lemma to gain what we want. O]

Corollary 6.3.7. Let V' have a continuous density f. Then we have expo-
nential decay.

Proof. Because [0, 1] is compact, f attains a maximum, and it is positive so
it bounded. Now apply previous lemma. O]

Note that these bounds are not the sharpest they can get, in the sense
that there is most likely a bigger collection of probability measures which
would lead to a consistent posterior. For example, densities which blow
up at 1 or 0 might still be fine, and densities which have decay like loén
are probably the tightest we can get. Furthermore, we would like to point
out that most discrete distributes are fine. As long as they do not put
mass in every neighborhood around zero, since, for a given A, the product of
[1-,(1—V;) is smaller than A. let m be smallest value V; can attain, and set

= logl&g _Am). Then almost surely, for enough observations, i.e. N, > N we
have that the probability that the product exceeds A\ is zero, so we indeed
have exponential decay. This works for all A so we also get consistency there.
We like to point out that discrete distributions V' which do not put mass
near 0 have k-th moments of 1 — V which decreases like (1 —m)*.

Further, note that attaining zero with positive probability just leads to

throwing away the dx, terms where the V; was zero, so we can also just sum
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over all the weights where we did not attain the zero. Those weights are
distributed according to the reweighed distribution where we just removed
zero, which leads to consistency. The only problem is if V; can attain values
arbitrarily close to 0. In this case, the simple argument fails and you need
to find another method of checking consistency.

This shows that if we use numerical simulations, we get the same consis-
tency results as for the density case, because if we approximate densities on
floats, we cannot get arbitrarily close to zero, so we actually are consistent.

In the end we have proven theorem Theorem 6.3.3.

Now the question is, how large is the space of densities in the Kullback
Leibler support. For this there exists a general theoreom which gives what
we want, namely [1, Theorem 7.3]. This states

Theorem 6.3.8. Assume that
e \ is bounded, continuous and positive everywhere,
o [po(z)logpo(z) da < oo.
o — [ po(x)loginf| s po(z —y) do < oo, for some & > 0.

o fl|y||<||rH" x(x —y) > x(x) for large ||z|| and a function x that is de-
creasing as its arguments moves away from zero and satisfies

= [ ooy og x(2elal(d < .

for some n € (0,1).

Then py € KL(IT) for the prior IL on py = [ h=%((-—p)/h) d f(u, h) induced
by a prior on F with full support on M(R? x (0,00)); and also for the prior
onprn = [ h%((-—wp)/hu) d F (1) induced by a product prior on (F, h) with
full support on M(R?) x (0, 00).

In this case the second claim is relevant for stick-breaking mixtures. Here
we see that if the stick-breaking weights are distributed according to a dis-
tribution fully supported on [0, 1] we can apply this theorem.



Chapter 7

Discussion and future research

7.1 Discussion

In the computation of the posterior, we assumed that the base measure «
was atomless. If not, then if you have twice the same observation, you do
not know if they come from the same 6#; or not. One can try to correct
for this. However, the description would become pretty complicated very
quickly, so we choose to restrict ourselves to easier to handle models. In the
chapter of consistency, we restricted ourselves to the case where the relative
stick-breaking distributions are all the same. This has the advantage that
the expression we encounter all become a lot easier to handle. Moreover, as
Theorem 6.2.4 on the posterior consistency of the Pitman-Yor process shows,
we cannot expect to get a theorem that states that every choice of prior will
be consistent for every true distribution. We also restricted to distributions
of the relative stick-breaking weights which admitted a density f with a
particular nice form, namely it could be written as v*~1(1 —v)?~1g(v) with g
continuous and bounded away from zero. Both the fact that it is continuous
and that it is bounded away from zero are probably needed. If one lets
go of the continuity requirement, one can consider f o @ However,

then the argument we used to control some errors would not work, and
they can grow beyond any bound. Similarly, if we consider the function
given by f(v) =31, 1, then the posterior likely will fail to be consistent for
the Bernoulli random variables. Thus we will need both arguments. One
objection against this counterexample might be that one could also consider
functions with zeros of finite order. In that case the constructed proof might

142
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still work. However, we need to replace some approximation arguments.

7.2 Possible future research

In the chapter on consistency, we only considered priors in which all the
relative stick-breaking distributions where the same. For consistency in the
mixture case this is clearly not needed, as we can inspect from one of the
first conditions given in the proofs. It is actually enough if the expected
values of E[(1 — V})] are decreasing quickly enough, where quick enough is
something like V™ =Wr+D) where W is the Lambert W function (inverse
map of x — zlogx). There is room for improvement here, as this is only
based on considering the first moments of (1 — V;). Note as well that in
case everything has the same distribution the moments of (1 — V;) will not
be decreasing but constant, so there is a clear gap in the requirements. It
would be interesting to note if this gap is just an artifact of the proof, or if
there is a real fundamental thing going on when all the relative stick-breaking
distributions are the same.

Something we alluded to in the text, a Bernstein-von Mises like theorem
related theorem will probably exists. Bernstein-von Mises theorems state
some form of asymptotic normality of the posterior distribution, and the
tools to research this have been already obtained. With Lemma 6.2.9 and
the form of the moments of the posterior we can start computing this. The
only possible problem would be that the /n factor blows up some errors
which possibly do not converge to zero when blowing up by /n. We are
pretty sure this will not happen, as both Lemma 6.2.13 and Lemma 6.2.12
give strong indications that the convergence error terms appearing naturally
have bounded influence. If we look at the general case instead of (3(a,b)
random variables, we also need to approximate the ratios with Lemma A.2,
however, again we have a strong form of convergence. These arguments are
probably strong enough to give the convergence of all the moments to the
standard normal moment.

People are not just interested in consistency. Another concept people are
interested in is contraction rates, which, roughly, give how quick you converge
to the true distribution. Recall the definition of consistency Definition 6.1.1

Definition 7.2.1. The posterior distribution IL,(-| X ™) is said to be (weakly)
consistent at 0y € © if, for all open neighborhoods U of 0y, TL,(U¢| X ™) — 0
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in PG probability, as n — oo. The posterior is said to be strongly consis-
tent at Oy € O if this convergence is in the almost-sure sense.

Roughly speaking, a contraction rate of a posterior measures how quick
the posterior converges to the right hypothesis. A contraction rate is an
upper bound, so they are not unique. A contraction rate is a strengthening
of the result of consistency.

Definition 7.2.2. A sequence €, is a posterior contraction rate at the
parameter 0 with respect to the semimetric d if IL, (6 : d(6,6p) > M€, | X ™) —

0 mn Pé:) probability, for every M, — oo. If all experiments share the same

probability space and the convergence to zero takes place almost surely [Pg(so)],
then €, 1s said to be a posterior contraction rate in the strong sense.

The Dirichlet process mixtures has optimal contraction rates up to log-
arithmic factors. If you look at the proof of this, most of the arguments
carry naturally to the case of stick-breaking processes. In fact, in case of
the proof of [1, Theorem 9.9], there is one lemma, [1, Lemma 9.14] which
does not carry over directly to the general setting. So if one would find an
alternative for this lemma you can immediately get results on contraction
rates for stick-breaking processes.

As a fourth point, the computation of the posterior distribution can face
some problems with numerical stability if one implements this naively. For
practical results, a quick and stable algorithm would be very valuable. Even
if one might be able to do draws from the posterior, a quick algorithm to
approximate the moments of Wj, would be valuable.
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Appendix A

Stirling approximation and
bounds

Lemma A.1 (Stirling approximation 1). Let V' be a random variable with
density f such that there exists o, B > 0 and a continuous function g bounded
away from zero such that f(v) = v* (1 —v)?1g(v). Then

lim BV — V)] =1
wy=oo g(sitom) Be(r + a,y + b)

Proof. Let € > 0. Because g is continuous and [0, 1] is compact, g has upper
and lower bounds, call them L and [ respectively. Because g is positive it is
bounded between 0 < [ and L. There exists an 6 > 0 such that |g(v)—g(w)| <
§ for all v such that |v —w| < 6. We can do this for all w € [0,1]. This
yields an open cover for the interval [0, 1] which is compact. Hence we can
extract a finite subcover. Over this finite subcover, we can extract the largest
diameter of the opens, which we will call D. We now look at a few steps
needed for this estimation.

We first recall the variance of the Be(z, y) distribution. This is TR
and the expected value is y = #y Now we can apply Chebychev to compute
the mass in an small area around the mean. This yields

2

P(|X —ul > k) < 12
Note that
p=k x—1 —1 L a1 -1
x v ML= tdu+ [ vt (1 —v)Y dw
P(|X_a:+ > k) == Lye—1 H+_1
Yy Jo v (1 —w)ytdw
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Thus Chebyshevs inequality implies

fou_k v 11 — )Y o + f:+k v 1 =)t de 52

fol v (1 —v)vtdo k2

and

. o2 _ :_Jrkk v* 1 — )Y tdo

Kz — fol v* (1 —ov)y-1dw

If we want to compute the integral [, v*+*1(1 —v)¥+~1g(v) dv we can split

into fhe integral OXer [0, x+ziZ+b — D], [Hzi“aer + D, 1] and the area between
rT—a rT—a
(33+y+a+b o D’ z+y+a+b + D)

Hence we can estimate the integrals of the first and second intervals be-
tween 0 and L [, o™ (1—v)¥**~! d v, where I is the first or second interval.

On the third interval we can estimate g(v) by g(;51am) = 5-

T+a +D
O = [ et
r+y+a+b 3 zta___p
z+y+a+b

1
S / ,Ua:+a71(1 . U)erbflg(U) dv §
0
+

_=zta _p 1
z+y+a+b
L(/ Uerafl(l . U)y+b71 dv + / Ux+afl(1 o U)erbfl dv)—i—
z+a
0 x+y+a+b+D
“+a
T+ a € z+zz/+a+b +D

e +_
x+y+a+b) 3 ota

zty+atb

(g(

Uerafl(l o v)y+b71 dv
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If we divide now by g(—%t%—) fol e (1 — )Yl d o we get

z+y+a+b
x+a 4D
+ € +y+a+b +a—1 . +b—1
(litm = 9 S a v
g(%) fol Ul”rafl(l _ U)y+b71 dov

fol prral(1 — ) tt=lg(y) dw

g(ﬁﬁfwb) fol vrtes (1 —p)vtt=tdy
z+a -D
L L S RRD
xT a _'_
1
9Grrars) Jo vt (L= vttt do

z+a € %“7 zta—1(1 _ o )v+b-1

(g(x+y+a+b) +§) oY (1-v)

ﬂln+y+a+b dU

9Gryrars) Jo vt (L—opt-tdo

Using Chebychev we can now bound every integral in here, namely

z+z12+b+D r+a—1 y+b—1
0325 Y z+§ii+b -D v <1 B ’U) dv
(1= D72 )< ! -1 b1 =1
Jo vore (1 —v)v-tdo

The first term

This means we can bound the terms of the g(—2t2—) +

x+y+a+b g
can be estimated below by
2
€ g
11— —)(1 -2,
( 3l)( D? )

The last term can be estimated above by

€
14 —.
i 3l

The term with the bounds of L can be estimated above by

Lo?

z,y
D?
This means we got to pick x,y so large that
2
€ g
1—(1— —)(1— =
- (- o) - 2

)| < e
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and
2

€ LO'%
|1—(1+§+72y)| < €.

If we rewrite these expressions a bit we get that we are searching for a bound
on z,y such that

1—e¢
2 2
<D*(1—- .
and D2 (31 + 1)
2 Dol be
M Y
Now if z > or y > z then ai,y < % So pick
L 3l 1
z = max(— )

D2 (3 + 1)e’ D2(1 — =5)”
3

Then for all min(x,y) > z we have that indeed
E[V*(1 —v)Y|

rTra 1 T+a— —
9Grrars) Jo vt (L= o)ttt dw

-

| <e.

]

We want a stronger version of Stirling approximation, where we control
the error of estimating the two ratios. This shows up in the proof of the
theorem which shows consistency in case there is an infinite discrete support.

Lemma A.2 (Stirling with control on error terms). Let k > 0. Let V
be a random wvariable with density f such that there exists a, 3 > 0 and a
twice continuous differentiable function g bounded away from zero such that

fv) = v Y1 —v)1g(v). Then for all z,y > 0 there exists a real number
Tsy Such that

E[V*(1 - Vvt = bt
L e FRTRN) ) e L
E[V=(1—-V)Y] rortytatb—1+1d

with for all positive sequences K,, with % — 0 and every sequence of positive
real numbers p, converging to g > 0

lim sup(1 4 |7 mp, 1) <" = 1. vk

n—oo z<n
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Proof. First observe that the variance of a §(a, b) distributed random variable

ab .
18 i (atbiD) - Then we can estimate

1
/ vx+a—1(1 _ v)y—i—b—lg(v) duv
0

z4+a—1

Trytath 1" If we do this we get

by applying Taylors formula to g around p =

g(w) = g(p) + ¢' (1) (v — p) + ¢" () (v — p)*.

Because ¢” is continuous, it has finite bounds | < ¢”(v) < L, so we can give
bounds. If we integrate these we get

/o v 1 = o) (g() + g (1) (v — p) + (v — p)?) do

1
< / (1 = g (0) do <
0

/0 v = 0)P P (g () + ¢/ () (v — 1) + L(v — p)?) do.

Recognizing the expressions for the variance and expectation of a Beta(a, b)
distributed random variable, we see that this integral is

1
g(ﬂ)/ Uachafl(l _ U)y+b71 do+
0

1
l (13 + CL)(y + b) / U:r:+a—1(1 o U)y—i—b—l dv
(x+y+a+ba+tb+azt+y+1) )

1
S / Ux+a71(1 . U)erbflg(U) do S
0

1
g9(w) / VT — o) d ot
0

1
(.’L’ + a)(y + b) / Um—l—a—l(l . U)y+b—1 d V.
(r+y+a+bd?(a+b+r+y+1) )

Now if y ~ n and x < n this error is of order at most % Hence we can
rewrite this as

1 r4+a—1

))g(

1
( +O(n y+b—1

1
)/ Ux-l—a—l(l . ,U)y-i-b—l duv.
0
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Note that (1+O(2£))%» — 1 for all £2 — 0 by Lemma 6.2.11. Now compute

+a—1

9T ramt)
a1

)

This is by differentiability of g of order % and hence we get a term of the form

z+a—1 Kn
(14 O(3)). Hence we can apply Lemma 6.2.11 to get that (%)
rz+y+a+b—
converges to 1. We can do this for both terms in

E[V*(1 - V)u*HH]
EVe(l— V)] -

This means that this converges to

Beta(r +a—1,y+b+k—1) o

_H y+b+i
Beta(zr +a— 1,y +b—1) cortytat+b—1+i

and
lim sup(1 + |rpmp, k)" = 1. Vk

n—oo x<n

O

If we inspect the previous proof, we can conclude that the next lemma
also holds:

Lemma A.3 (Stirling with control on error terms). Let k > 0. Let V
be a random wvariable with density f such that there exists o, > 0 and a
twice continuous differentiable function g bounded away from zero such that
fv) = v Y1 —v)PLg(v). Then for all z,y > 0 there exists a real number
Tsy Such that

E[Vetk(1 — V)Y = :
[ ( )]:<1+Tx,y,k)H r+a-+1 .
E[V=(1—-V)y] ortytatb—1+1

with for all positive sequences K,, with % — 0 and every sequence of positive
real numbers p, converging to q¢ > 0

lim sup(1 4 |7 mp, 1)< = 1. vk

n—oo z<n
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Lemma A.4 (Bounds on estimation). Suppose that V' has a density f such
that f(v) = v 11 —v)?~tg(v) for v € (0,1) and g a continuous function
bounded away from 0, o, B > 0. There exists 0 < ¢ < C' < 0o such that for
all s > 0 and j > 1 we can bound the expectation E[V*(1 — V)?] by

c s ; C
js—l—a < ]E[V <1 B V)J] < jS—i—a'

Proof. We start by observing that g is bounded between [ and L. This means
directly that

1 1
l/ VT — )P do < E[VE(1 - V)Y < L/ vt (1 — o) d o,
0 0

So if we can find uniform bounds for s € [0,8] for [, vt~ (1 —v)itt=1dy
we are done. For this observe we can use the known expression for Beta(s +
a,j + b) in terms of the I" function. This is

F(s+a)l'(j+0b)

I(s+a+j+b)

Here I'(s + a) is bounded away from zero and infinity for all s € [0, 5], so we
can can absorb the maximal and minimal contribution of this term into the
constants. This leaves us to analyze

I'(j+0)
F(j+s+a+b)
For this we can apply the Stirling approximation for the I' function. This

yields an approximation with bounded error terms. We can again absorb
these factors into the constants, so this yields

r(j+b) (L)t /27 (j + D)

e

F(] —i—a—l—b—i—s) ~ (s+a:j+b)s+a+j+b\/27r(j+a+Sb)

Beta(s +a,j+b) =

Jj+b ) 1
s+a+j+b jeta

N[

a+s 1 i ( J )era(
L+ 53)t s +a+j+0

The first four terms are bounded away from zero and infinity, so we can again

absorb these into the error terms. This yields that for all S > 0 there exists

constants ¢, C' > 0 such that for all s € [0, 5], all 7 > 0 we have

C

jera :

=€

C

o SEV- V)<
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Lemma A.5. With the same notation as the previous lemma

[(s+ «)

E[V*(1-V)]=g(0) =

(1+75(5))

where supg<,<g7s(j) — 0 as j — oo, for any S < oco.

Proof. The proof idea is the same as in Lemma A.1. Let € > 0. Pick 6 > 0
such that |g(v) — ¢(0)] < € for all § > 0. Then we can estimate

1
/ U:c+a—1<1 _ U)j+b_1g(v) dv
0
by
5 .
(60 =9 [ o= oy de
0
1
S / Ur+a—1(1 o U)j+b—1g(v) duv S
0
5 . 1 '
(g(0) + e)/ VT = w)P T o 4 L/ V"1 — )T d .
0 5

Picking j large enough so that the mean + standard deviation of a beta
distributed random variable are less than 9, which is to state, we pick j large
enough so that for all € [0,S] we have

r+a ¢ (x4 a)(j +b) iy

r+j+a+b (x+j+a+b*(x+j+a+b+1)

For this observe we can bound the mean plus k standard deviation this
expression by

S +a (S+a)(j+0b)
L B : .
S+j+a+b (j+a+0b)3

which decreases to zero as j — oo. Thus there exists J > 0 such that for all
j > 0 this inequality holds. Using the same bounds as before we find that
we can get an uniform error bound by approximating

E[V=(1- V)]
9(0) fy vt (1 = 0)it-tdu
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Next we approximate this Beta integral using Stirlings approximation for
Beta integrals. This yields that [ v*+%~1(1 — v)7**~! d v with uniform error

bounds for z € [0, S]. Combining these two errors gives the uniform bounds

as claimed. O
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