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Abstract

Bayesian nonparametrics, since its introduction, has gained increasing attention in
machine learning due to its flexibility in modeling. Essentially, Bayesian nonpara-
metrics defines distributions over infinite dimensional objects such as discrete distri-
butions and smooth functions. This overcomes the fundamental problem of model
selection which is hard in traditional machine learning, thus is appealing in both ap-
plication and theory. Among the Bayesian nonparametric family, random probability
measures have played important roles in modern machine learning. They have been
used as priors for discrete distributions such as topic distributions in topic models.
However, a general treatment and analysis of the random probability measure has
not been fully explored in the machine learning community.

This thesis introduces the normalized random measure (NRM), built on theories
of Poisson processes and completely random measures from the statistical commu-
nity. Then a family of dependent normalized random measures, including hierarchi-
cal normalized random measures, mixed normalized random measures and thinned
normalized random measures, are proposed based on the NRM framework to tackle
different kinds of dependency modeling problems, e.g., hierarchical topic modeling
and dynamic topic modeling. In these dependency models, various distributional
properties and posterior inference techniques are analyzed based on the general the-
ory of Poisson process partition calculus. The proposed dependent normalized ran-
dom measure family generalizes some popular dependent nonparametric Bayesian
models such as the hierarchical Dirichlet process, and can be easily adapted to differ-
ent applications. Finally, more generalized dependent random probability measures
and possible future work are discussed.

To sum up, the contributions of the thesis include:

o Transfer the theory of the normalized random measure from the statistical to machine
learning community. Normalized random measures, which were proposed re-
cently in the statistical community, generalize the Dirichlet process to a large
extent, thus are much more flexible in modeling real data. This thesis forms
the most extensive research to date in this area.

o Explore different ideas about constructing dependent normalized random measures. Ex-
isting Bayesian nonparametric models only explore limited dependency struc-
tures, with probably the most popular and successful being hierarchical con-
struction, e.g., the hierarchical Dirichlet process (HDP). The dependency mod-
els in the thesis not only extend the HDP to hierarchical normalized random
measures for more flexible modeling, but also explore other ideas by control-
ling specific atoms of the underlying Poisson process. This results in many
dependency models with abilities to handle dependencies beyond hierarchical
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dependency such as the Markovian dependency. In addition, by constructing
the dependency models in such ways, various distributional properties and
posterior structures can be well analyzed, resulting in much more theoretically
clean models. These are lacked of in the hierarchical dependent model.

All the models proposed are extensively tested, through both synthetic data and
real data, such as in topic modeling of documents. Experimental results have
shown superior performance compared to realistic baselines, demonstrating
the effectiveness and suitability of the proposed models.
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Chapter 1

Introduction

Probability modeling is a powerful tool and becoming increasing popular in mod-
ern machine learning. In probability modeling, we are given some observations
denoted as X = {x1,x,- -+ ,x,}, which are assumed to be generated from a model
M. A model is usually parameterized by a set of parameters, e.g., a Gaussian model
is represented by its mean and covariance; thus given a particular kind of model
(sometimes called the structure of the model) we can think of the parameters as com-
pleting the model. For convenience, we often use the parameters to represent the
model, leaving the kind of model as implicit. The conditional distribution of the
observations given the model is called

Likelihood: p(X|M) .

The goal of the modeling is to find a suitable model M* that explains the data X.
There are two popular ways of addressing this problem: one is to directly optimize
the likelihood P(X|M), resulting in the maximal likelihood (ML) estimation of the
model; the other is to employ priors for the model p(M), and do maximum a poste-
riori (MAP) via point estimation or Bayesian inference on the conditional distribution
p(M|X). The point estimation of MAP finds an optimal point of the posterior usu-
ally by optimization, thus lacks the flexibility of Bayesian inference on the whole
posterior distribution. While in Bayesian inference, the posterior is related to the
joint likelihood p(M, X) = p(M)p(X| M) via the well known Bayes Theorem:
M, X) _ p(M)p(XIM)
P =00 o

This thesis focuses on the latter case, which is usually called Bayesian methods for
machine learning. We can see that in this setting, the model prior p(M) plays an
important role in Bayesian inference, much research has therefore focused on defin-
ing suitable priors for different machine learning problems. Traditional Bayesian
methods focus on cases where the model M is parameterized by a finite number
of parameters, known as parametric Bayesian methods. However, these kinds of meth-
ods encounter the problem that model complexity does not scale with the data size,
which would easily cause over-fitting. As a result, modern machine learning has
embraced nonparametric Bayesian methods (or Bayesian nonparametrics), in which the

1



2 Introduction

model M is parameterized with an infinite number of parameters, and the model
complexity would grow with data size! and is hopefully free of over-fitting. This is
the setting considered in this thesis.

Given the appealing properties of Bayesian nonparametrics, this thesis will focus
on a subclass of Bayesian nonparametric priors called discrete random probability mea-
sures (RPM). Specifically, the normalized random measure (NRM), a recently studied
RPM in the statistical community, will be extended to construct dependent normalized
random measures. Then their properties will be analyzed and applications to machine
learning will be studied. As is well known, discrete random probability measures
are fundamental in machine learning. For example, in topic models [Blei et al., 2003]],
this corresponds to topic distributions where a topic is defined to be a discrete dis-
tribution over vocabulary words; also, in social network modeling, the friendship of
one person could be modeled by a random probability measure f, with entry f; rep-
resenting the probability of being friends with i. In addition, dependency modeling
is ubiquitous in modern machine learning. For instance, in the topic modeling above,
usually we are more interested in modeling how topics in each document correlate
with each other instead of simply modeling topic distributions for a single document;
and in friendship modeling in social network, we are more excited in modeling the
correlation of friends between people. The reason is that by dependency modeling,
we not only obtain information sharing within data, but also are able to do predic-
tion for unseen data. This thesis focuses on constructing dependency models from
the normalized random measure framework. It explores different ways of depen-
dency modeling including the hierarchical dependency modeling and Markovian
dependency modeling, which are commonly seen in real applications.

Before going into details of this topic, a brief overview of some popular Bayesian
nonparametric priors is first given in the following in order to help the reader get a
better understanding of Bayesian nonparametrics in machine learning.

1.1  Some Popular Nonparametric Bayesian Priors

Generally speaking, Bayesian nonparametric priors define distributions over infinite
dimensional objects, such as discrete distributions, smooth functions, infinite di-
mensional binary matrices, kd-tree structures, continuous time Markov chains, etc.
These distributions correspond to the stochastic processes called Dirichlet processes,
Gaussian processes, Indian buffet processes, Mondrian processes and fragmentation-
coagulation processes, respectively. A brief overview of these stochastic processes
will be given in the following.

1.1.1 Dirichlet processes

The Dirichlet process is a distribution over discrete distributions, meaning that each
draw/sample from it is a discrete distribution. Formally, let D be a random prob-

11t can be estimated from the data.



§1.1 Some Popular Nonparametric Bayesian Priors 3

A Draw from a Dirichlet process

Figure 1.1: A draw from a Dirichlet process.

ability measure on X, a be a positive measure on X, (X1, Xp,---,X,) an arbitrary
partition of X, then D is called a Dirichlet process with base measure « if [Ferguson,
1973]]

(D(X1),D(X2), -+ ,D(Xy)) ~ Dir (a(X1), a(Xz),- -, a(Xyn)) -

This consistent constructed definition of D meets the conditions of Kolmogorov con-
sistency theorem [Cinlar, 2010]], guaranteeing the existence of the Dirichlet process on
space X. Because each draw from D is a discrete distribution, it can be written as

D= 2 wkégk ’
k=1

where 0 < wy < 1,) ,wi = 1, 6;s are drawn i.i.d. from X and Jyp is a point mass
at 6. Also note that wy’s can be constructed from a stochastic process called the
stick-breaking process [Sethuraman, 1994], which will be described in more detail in
Chapter i Throughout the thesis the Dirichlet process will be denoted as DP(«, H)
where «(X) defined above is simplified as «, and H is the base distribution used to
draw the samples 6;’s. A realization of the DP is illustrated in Figure

1.1.2 Pitman-Yor processes

As a generalization of the Dirichlet process, the Pitman-Yor process (PYP) first arises
in the statistics community from a comprehensive study of excursion lengths and
related phenomena of a class of Bessel processes indexed by a parameter 0 < ¢ < 1,
see for example [Pitman and Yor, 1997]]. Specifically, they were interested in studying
the distribution of a decreasing sequence {wy} summing to one. An interesting
distribution is the two parameter Poisson-Dirichlet distribution constructed via a stick-
breaking process derived in [Perman et al., [1992]:

Definition 1.1 (Poisson-Dirichlet distribution). For 0 < ¢ < 1 and 6 > —o, suppose
that a probability P, g governs independent random variables Vy. such that V} has Beta(1 —
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0,0 + ko) distribution. Let
wp =V, we=01-V) - 1-Ve)Vk k=2, (1.1)

yielding w = (w1, wy, ...). Define the Poisson-Dirichlet distribution with parameters 7, 6,
abbreviated PD (o, 0) to be the Py, g distribution of w.

Note this does assume a particular ordering of the entries in w. Here our ¢
parameter is usually called the discount parameter in the literature, and 0 is called the
concentration parameter. The DP is the special case where ¢ = 0, and has some quite
distinct properties such as slower convergence of the sum ) ;> ; wy to one. General
results for the discrete case of the PYP are reviewed in |Buntine and Hutter| [2012].
Also note there are some other interesting processes of this class of distributions,
for example, PD(%, 0) corresponds to Brownian Motion and PD(%, %) corresponds to
Brownian Bridge.

A suitable definition of a Poisson-Dirichlet process is that it extends the Poisson-
Dirichlet distribution by attaching each weight wy to a random point drawn from
a space © with base distribution H. This is denoted as PYP(c,6, H(-)) and can be
represented as ) widg,. Thus the PYP is a functional on distributions: it takes as
input a base distribution and yields as output a discrete distribution with a finite or
countable set of possible values on the same domain. The treatment of the PYP from
a Bayesian perspective can be found in [Pitman, |1996, 2006], and Gibbs sampling
methods for the PYP via stick-breaking prior were proposed by [[shwaran and James
[2001]. From this the stick-breaking presentation of the PYP was popularized in
machine learning community. Later Ishwaran and James [2003] showed how such
processes could be used practically in complex Bayesian mixture models, also giving
it its current name, the Pitman-Yor process (PYP).

1.1.3 Gaussian processes

The Gaussian process defines distributions over smooth functions—continuous func-
tions. We use GP(u, K) to denote this stochastic process, which is parameterized by
a mean function y : X — R and a kernel function K : X x X — R™, where X denotes
its domain. Different from the DP, now each draw of GP is a random function f,
such that for arbitrary (X1, Xa, -+, Xn) € X, (f(X1), f(X2), -+, f(Xy)) is multivari-
ate normal distributed, i.e.

f~GP(p,K) =
(FO), F(X2), ++ F(X) ~ N ((u(Xa), (X)), (KX X))

where N(y, L) means a multivariate normal distribution with mean u and covari-
ance I, (K(X;, Xj))zzl means a N x N kernel matrix with the (i, j)-element being
K(X;, Xj).

From the definition we can see that different from the DP, the samples X;’s in
GP are dependent via the kernel function K, thus is suitable for modeling correlated



§1.1 Some Popular Nonparametric Bayesian Priors 5

Figure 1.2: Sampled functions drawn from a Gaussian process with zero mean and
squared exponential kernel.

observed data. Figure|l.2|shows some sampled functions drawn from a GP with zero
mean and squared exponential kernel function [Rasmussen and Williams, [2006].

1.1.4 Indian buffet processes

The Indian buffet process (IBP) defines distributions over infinite dimensional binary
matrices, or more precisely speaking, over infinite column binary matrices. It can be
seen as compositions of Beta processes and Bernoulli processes [Thibaux and Jordan,
2007], but probably the most intuitive way of understanding the IBP is via the Indian
buffet metaphor [Griffiths and Ghahramani, 2011], i.e., the IBP defines distributions
over the following Indian buffet seating process:

e In an Indian buffet restaurant, there are infinite number of dishes served in a
line. N customers come into the restaurant one after another.

e The first customer starts at the left of the buffet, takes the first Poisson(«) dishes
and stops as his plate becomes overburdened.

e The i-th customer moves along the buffet, chooses the k-dish with probability
=k, where my is the number of previous customers choosing dish k; having

reaching the end of last customer, he tries a Poisson(%) number of new dishes.

If we use a binary matrix X to record the choices of the customers where each row
corresponds to one customer and each column corresponds to one dish, i.e., Xj = 0
means dish k was not chosen by customer i, X;; = 1 means it was chosen. At
the end of the process, we can get a distribution of the choices of the dishes by
all the customers, which is essentially a distribution over infinite dimensional binary
matrices. We will use IBP(«) to denote the Indian buffet process. Figure[l.3]illustrates
a draw from the IBP with &« = 5.
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Figure 1.3: A draw from an Indian buffet process, where rows represent customers,
columns represent dishes. Color “white” corresponds to value “1”, “black” corre-
sponds to “0”.

1.1.5 Mondrian processes

The Chinese restaurant process (CRP) [Aldous)|1985], obtained by integrating out the
random measure in the Dirichlet process, defines a distribution over a partition of
the natural numbers N = {1,2,--- }. That is, if we use z, € IN to denote the cluster
assignment for data x, then the joint distribution of (zy : x € X) is called the Chinese
restaurant process. We can think of it as a distribution over a one-dimensional space,
e.., the indexes are represented by positive integers which are one dimensional.
The Mondrian process [Roy and Teh, 2009] generalizes this to arbitrary dimensional
space. For example, in a two-dimensional case, suppose x € X; and y € X; are
objects to be modeled (X; and X, do not necessary be the same space), we define a
collocation cluster assignment variable zy, for the pair (x,y) to denote which cluster
the pair (x,y) is in. This can be model with a generalization of the CRP, called a
two-dimensional Mondrian process, which defines the joint distribution over (zy :
x € Xy,y € Xp).

We can see from the above example that the Mondrian process is defined via
partitioning the n-dimensional index space, this is equivalent to constructing a ran-
domized n-dimensional kd-tree, where we sequentially and randomly choose one
dimension each time, and then do a random cut on this dimension [Roy and Teh,
2009]. For instance, in the two dimension case where we want to construct a random
kd-tree on the rectangle (a, A) x (b, B), we denote the resulting Mondrian process as
m ~ MP(A, (a, A), (b, B)), where A is the parameter of the Mondrian process control-
ling the number of cuts in the process. Now we do the following cutting;:

e Let ' = A — E where E ~ Exp(A —a+ B —b):?

2Exp(x) means the exponential distribution with parameter x.
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Figure 1.4: A draw from a Mondrian process on space [0,1] x [0, 1].

— If A’ < 0: stop the cutting process, the resulting cutting configuration is a
draw from the MP.

- Otherwise, uniformly choose a cutting point on (2, A) U (b, B), and do a
cut (vertically or horizontally) on the corresponding dimension. Assume
the cutting pointis on x € (a, A) (it is similar when x € (b, B)), this results
in two independent MPs after the cutting:

me ~MP(A,(a,x),(b,B)), ms~MP(A,(x,A),(b B))
and then we recurse on m. and m-,, respectively.

Roy and Teh|[2009] show this construction results in nice theoretical properties in-
cluding self-consistency, which is essential in defining valid stochastic processes [Cin-
lar, 2010]. Figure(l.4shows a draw from a two dimensional Mondrian process, which
defines a partition over the two dimensional space [0,1] x [0, 1].

1.1.6 Fragmentation-Coagulation processes

The fragmentation-coagulation process (FCP) [Teh et al., 2011] is an instance of the
more general Markov jump processes [Rao} 2012]. It defines distributions over con-
tinuous time Markov chains with states representing random split and merge oper-
ations. This is particularly interesting in modeling sequential data associated with
random split and merge phenomena such as genetic variations.

The fragmentation-coagulation process is essentially the dynamic version of the
Chinese restaurant process, where in each time, the tables can split or merge ac-
cording to some probabilities. Formally, it is described via sequentially sitting N
customers into the dynamic Chinese restaurant process [Ieh et al., 2011] (i is used to
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(1,4)
customer 1 C
(1,2, 4) F
customer 2 ————— 1
(2)
2,35 2, 4)
customer 3 — (2,3,4) F
C 3 —
customer 4 ®) (2,3,5) C
(3,5

customer 5

Figure 1.5: A draw from a Fragmentation-Coagulation process, where F means frag-
mentation and C means coagulation.

index customers and ¢ to index time):
e i = 1: The first customer sits at a table for the duration of the process.

e t = 0: For the subsequent customers, at time t = 0, they sit at the tables
according to the standard Chinese restaurant process. For the other times, i.e.,
t > 0, the following circumstances might happen:

e If prior to time t, customer i is sitting with some other people:

— Let i be sitting at table ¢ prior to ¢, which will split into two tables at time
t, then i will join one of the tables with probabilities proportional to the
number of customers on those tables.

— Otherwise if ¢ is to merge with another table, then i will join the combined
table.

— Otherwise, with some probability i will fragment out to create a new table
at time ¢.

e Otherwise the table where i is sitting at will have some probability to merge
with other existing tables at time ¢.

The above description defines a distribution over the dynamic seating arrange-
ments of the Chinese restaurant process, and is called the fragmentation-coagulation
process. Figure illustrates a realization of the FCP via fragmentation (F) and
coagulation (C) events.

1.2 Nonparametric Bayesian Models for Machine Learning

Given well defined nonparametric Bayesian priors such as those described in the
previous section, we can apply them to machine learning problems by identifying the
likelihood terms and then perform Bayesian inference on the posterior. This section
briefly introduces some typical machine learning problems with the nonparametric
Bayesian priors defined in the last section.
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Figure 1.6: LDA topic model.

1.2.1 Hierarchical Dirichlet process latent Dirichlet allocation

This model, known as HDP-LDA, was first proposed by Teh et al.|[2006] as a Bayesian
nonparametric extension of the popular latent Dirichlet allocation (LDA) topic model [Blei
et al., 2003|]. By using the HDP as the prior for topic distributions in the LDA, it can
automatically infer the number of topics in the corpus, allowing much more flexible
modeling for documents.

Specifically, in the LDA model, a document is assumed to have the following
generating process:

e Draw K topics distributions {¢,} i.id. from the Dirichlet distribution with

parameter f:
¢, ~ Dirichlet(8),k=1,2,--- ,K

e For each document d:

— Draw its topic distribution p; from a Dirichlet distribution with parameter
%
p, ~ Dirichlet(a) .

- For the ¢-th word w;, in document d:
* Draw its topic indicator z;, from the discrete distribution:
z4¢ ~ Discrete(u,) .
* Generate the word w, from the corresponding topic:
wge ~ Discrete(¢, ) .

The corresponding graphical model is shown in Figure In HDP-LDA, the
topic distribution for each document is replaced with a Dirichlet process, and these
DPs are coupled with the same hierarchical structure as the LDA to achieve topic
sharing, e.g., they are drawn from a parent DP. This model in essence equals to
letting the number of topics K in LDA go to infinite. In formulation, the generative
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process for the HDP-LDA is described as:

Dy|ag, H ~ DP(ag, H) a common DP
D4la, Dy ~ DP(a, Do) for each document d
@ae|Dg ~ Dy,  wae|@ae ~ Discrete(@ay) for each word w,y

where H is the Dirichlet base distribution, thus each draw ¢;, from Dy is a discrete
distribution, which is used to draw the words w,, for document d. More details of
the model will be introduced in Chapter 4

1.2.2 Language modeling with Pitman-Yor processes

For a long time since its proposal, the Pitman-Yor process did not find its justifica-
tion in the modeling, i.e., the distinction between DP and PYP in modeling has not
been discovered, in fact, people even found DP is a much better process to use if one
were trying to model logarithmic behavior [Arratia et al., 2003]. A first significant
work demonstrating the advantage of Pitman-Yor processes over Dirichlet processes
is done by Goldwater et al|[2006], where Pitman-Yor processes are introduced to
model power-law phenomena in language models. At the same time, [Teh| [2006a/b]
proposed to use Pitman-Yor processes for n-gram lauguage modeling in natural lan-
guage processing.

Specifically, in n-gram language modeling, we are trying to model the probability
of sequences of words p(wy, wy, - -+, wy). In a k-gram model, it is assumed that word
w; only depends on its previous k — 1 words, e.g., p(w;|w; 41, -+, wi—1,60) where 6
is the model parameter. Using the PYP to model these distributions, we can construct
a hierarchy of word distributions, i.e.:

p(wi|wi_gi1,- - ,wi—1,{0i,0;}) ~ PYP (07,0, p(wi_1|wi_k, - - -, wi_a, {0i_1,0i_1}))
fori=1,2,---,n.

In this way, the word distribution of w; given its previous k — 1 words is a smooth
variant of the word distribution of w;_; given its previous k — 1 words. The Pitman-
Yor process is shown to be superiors to the Dirichlet process in this setting because
words in natural language follows the Zip-Law, which is in correspondence with
the power-law property in the Pitman-Yor process. In term of posterior inference
techniques, the most popular one is based on the Chinese restaurant process repre-
sentation of the PYP, please refer to |Teh| [2006b] for details.

1.2.3 Gaussian process regression

The Gaussian process can be used as a prior for regression problems [Rasmussen and
Williams, 2006], where the goal is to find a smooth function that fits the data well. The
Gaussian process, in essence, meets the requirement of the problem. Furthermore, it
provides a nonparametric Bayesian way to do the modeling where we do not need
to explicitly specify the form of the regression function, thus is nonparametric. To
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utilize the conjugacy property, we usually choose a Gaussian likelihood, resulting in
the following Gaussian process regression:

f ~ GP(u,K) draw a random function f
x; ~ N(x;; f(x;),01), fori=1,2,---,N

where x; € R, > 0,and I 'isa N x N identity matrix. The advantage of the Gaussian
likelihood is that it enables analytical prediction formulation under the framework.
Other likelihood functions usually do not have this property, but we can use some
approximation techniques such as the Laplacian approximation to make the problem
analytically and efficiently computable [Rasmussen and Williams), 2006].

1.2.4 Infinite latent feature models

The Indian buffet process is usually used as a nonparametric Bayesian prior for the
infinite latent feature models [Zhou et al., 2009; |Griffiths and Ghahramani, 2011].
Specifically, with the infinite dimensional matrix Z drawn from the IBP, we take each
row z; as the feature indicator vector for an object, e.g., ‘1’ means the feature is on
while ‘0" means off. In the image modeling [Griffiths and Ghahramani, [2011]], image
x; is assumed be generated from a K-dimensional Gaussian distribution with mean
z;A and covariance matrix ©x = 0%I, where A is a K x D weighting matrix and D
is the dimension of the image. In other words, the whole generative process can be
written as:

Z ~ IBP(«) draw feature indicators for all the images

x;i ~ N(x;;z;A, (7)%1 ) generate image Xx;

To sum up, using the IBP in the latent feature modeling, the number of features
for each object can be inferred from the data, providing an advance way of modeling
than traditional latent feature models such as principal component analysis [Pearson,
1901].

1.2.5 Relational modeling with Mondrian processes

The Mondrian process defines partitions over n-dimensional positive integer-valued
tensors, i.e., it partitions a n-dimensional cubic into a set of blocks, with each block
representing a unique cluster adopted with its own parameters, thus it is ideal to
be used as a prior for relational data. For example, the author network data could
be represented as a 2-dimensional relational data. We use X,Y to represent these
two dimensions, if an author i € X co-authors with another author j € Y for some
paper, we assume that they are in the same block/cluster in the partition, and use
zjj to denote the corresponding block index. Roy and Teh|[2009] consider the case of
2-dimensional relational data with binary observations, i.e., linked or unlinked. They
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use the following process for the generative model:

MJ|A ~ MP(A,[0.1],]0,1]) a random partition on [0,1] x [0, 1]

¢s ~ Beta(ap,a1) parameters for each block in M
¢ ~ Uniform(0,1) x-axes for each data i
#7; ~ Uniform(0, 1) y-axes for each data i
Rij|¢, 1, ¢, M ~ Bernoulli(¢,) connection between i and j

where z;; is determined by matching its x and y values with the block locations in M.
It can be seen that generalizing the model to arbitrary dimensional relational data
is straightforward, and the Mondrian process represents as a powerful and flexible
nonparametric Bayesian prior for the modeling.

1.2.6 Genetic variations modeling with fragmentation-coagulation processes

The construction of the fragmentation-coagulation process (FCP) facilitates it to model
time evolving phenomena where latent cluster structures are assumed to be evolving
over time. Teh et al. [2011] use the FCP to model SNP sequence (haplotype) evolution
in generic applications. In the SNP sequence, there are M locations on a chunk of
the chromosome, with simple binary observations. Furthermore, observations are
assumed to be Markovian dependent, e.g., the observation on location m on a SNP
sequence depends on the observation on location m — 1. Given a chunk of such se-
quence, the observations in each location are again assumed to exhibit latent cluster
structures (i.e., the observations at a specific location follow a Chinese restaurant pro-
cess. Given the latent cluster structure at a location, the binary observations are then
generated from Bernoulli distributions. Specifically, the whole model can be written
as the following hierarchical construction:

C ~ FGP(u, R) sample a fragmentation-coagulation configuration

Bj ~ Beta(a,b) for each location j
6c; ~ Bernoulli(;) for each cluster c in location j
p(xij =0cj) =1—¢€ for each observation i in location j

where (p,R) are hyperparameters in the FGP, € is a noise probability, ¢;; € C de-
notes the cluster that i is in at location j, the generative process can be illustrated in
Figure For more details on the construction, please refer to [Ieh et al., 2011].

1.3 Dependent Random Probability Measures

The thesis focuses on a particular nonparametric Bayesian prior called the random
probability measure (RPM), which is essentially a generalization of the Dirichlet pro-
cess. In an RPM, each draw is a discrete distribution, and it has close relationship
with the Poisson process, which will be explored in the thesis. The construction
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Figure 1.7: SNP sequence example. x;; means the observation in cluster i at location
i Gij is the binary random variable for cluster i in location j, the numbers (1,2,3,4)
denote the sequences. The figure shows 4 SNP sequences of 4 locations.

of an RPM from Poisson processes results in a flexible and large class of random
probability measures. Furthermore, due to the analytic distributional probability of
the Poisson process, the RPMs discussed in the thesis allow feasible and efficient
posterior inference algorithms to be designed.

1.3.1 Poisson processes

The Poisson process is a well studied stochastic process [Kingman), 1993], and is prob-
ably the simplest and most intuitive stochastic process in the literature. Because of
the simplicity, it has many theoretically nice distributional properties such as com-
plete randomness and analytical integration. This makes it the basis for many other
more advanced stochastic processes such as the Dirichlet process [Ferguson, 1973]
and the Markov process [Kolokoltsov| 2011; Rao, [2012].

A concise introduction of the Poisson process and its distributional properties
will be given in Chapter 2} It will also be clear how the thesis is built on the Poisson
process in the rest of the chapters.
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1.3.2 Completely random measures

Completely random measures (CRM) are also fundamental in the development of
models in this thesis. The CRM is quite similar to the Poisson process in definition
but more general. Actually it can be shown that completely random measures can
be constructed from Poisson processes as well [Kingman, 1993]. Note similar to the
Poisson process, samples from the CRM are also discrete random measures. Thus the
CRM also forms the basis for random probability measures studied in this thesis, e.g.,
an NRM is obtained by doing a normalization step on the CRM. Subsequently, the
resulting RPM could inherit some nice properties from the CRM, as will be shown in
the thesis.

1.3.3 Random probability measures

Finally, the random probability measure (RPM) forms the main stream of the thesis.
It will be shown how to obtain a RPM with the following transformations in the
thesis: ‘ . _
Poisson process linear gﬁtlonal CRM transfogahon RPM

Basically, we first take a linear functional of the Poisson random measure to get a
CRM, then we can apply suitable transformations on the CRM to get a RPM, e.g., to
get a normalized random measure (NRM), the transformation is simply a normalization
operation. We can of course perform other more complicated transformations, for
example, first apply some transformations on the individual atoms before doing the
normalization. Chapter |8 will discuss this idea in more detail.

1.3.4 Dependent random probability measures

A further development on random probability measures is the family of dependent ran-
dom probability measures, which has found various important applications in machine
learning. From the statistical aspect, dependent random probability measures have
also been well studied. After developing the notation of dependent nonparametric pro-
cesses in [MacEachern), 1999], MacEachern [2000] specified a model called dependent
Dirichlet process, where atoms of a set of Dirichlet processes are characrized by a
stochastic process. The idea was further developed in his following papers such as
[MacEachern, 2001; MacEachern et al., 2001]. Since then a lot of followup works had
been proposed by others. For instance, James [2003] specified the random probability
measure with a Gamma process and developed dependent semiparametric intensity
models. A related approach but for hazard rate mixtures has been developed recently
by [Lijoi and Bernardo| [2014]. Also, De lorio et al.| [2004] proposed a construction of
dependent random measures with an ANOVA model. Finally, a recent work using
dependent Bayesian nonparametric models for species data application can be found
in [Arbel et al., 2014].

We note that most of the above mentioned works were done from the statistical
aspect, this thesis aims to develop dependent random probability measures from the
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machine learning aspect, where tractability and computational feasibility are two of
the major issues. To sum up, the thesis makes a contribution towards this by bridging
the gap between statistical tools for RPMs and real applications.

1.4 Thesis Contributions

To be more precise, parts of the thesis are based on my following published joint
work

e Parts of Chapter|3|appeared in our technical report [Chen et al.,[2012a]], where I
did the related theory of normalized random measures by borrowing some
ideas from existing work in the statistical community. Wray Buntine con-
tributed by simplifying some theorems in the paper and derived the computa-
tional formula for T;\/] ]&( in Section Both the coauthors helped with polish-
ing the draft and helpful discussions.

e Chapter {4]is unpublished, and built partly based on some theory of hierarchi-
cal modeling with normalized random measures in [Chen et al| 2013b, Ap-
pendix. D]. All are my individual work.

e Chapter 5is based on our published paper at International Conference on Ma-
chine Learning (ICML). I did the theory and implementation of the model, the
other two authors participated in the work with helpful discussion and paper
polish.

e Most content of Chapter [f] and Chapter [7] appeared in our published work
in International conference on Machine Learning [Chen et al., 2013a], a joint
work started from my visit to Yee Whye Teh at UCL. With very inspiration
and helpful discussions with Yee Whye Teh and Vinayak Rao, I did the related
theory and implementation of the models. All the coauthors especially Vinayak
Rao helped with polishing the paper.

o Section |8.3|of Chapter §|is based on discussion with Yee Whye Teh and Vinayak,
as well as Vinayak Rao’s unpublished technical report on Poisson-Kingman
processes [Rao, 2013]. Other parts are my own work.

e Except wherever stated above, all the other parts of the thesis are done by my
own.

Furthermore, some other work during my PhD not included in the thesis include
four of our published papers [Chen et al., 2011} Du et al., 2012; Chen et al., 2014a;
Lim et al.,|2013; |Chen et al., 2014b] and one submitted manuscript [Ding et al., 2014].

The contributions of the thesis include:

e Review the theory of Poisson processes and a recent technique called Poisson
process partition calculus, and relates it to the well known Palm formula.
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o Transfer the theory of the normalized random measure from the statistical to machine
learning community. The normalized random measure generalizes the Dirichlet
process (DP) to a large extend, overcomes some limitations of the DP such
as the incapability for power-law distribution modeling, thus is much more
flexible in modeling real data. This thesis forms the most extensive research to
date in this area.

o Explore different ideas about constructing dependent normalized random measures. Ex-
isting Bayesian nonparametric models only explore limited dependency struc-
tures such as the hierarchical dependency by, for example the hierarchical
Dirichlet process (HDP). The dependency models in the thesis not only extend
the HDP to hierarchical normalized random measures for more flexible model-
ing, but also explore other ideas by controlling specific atoms of the underlying
Poisson process. This results in many dependency models with abilities to
handle dependencies beyond hierarchical dependency such as the Markovian
dependency. In addition, by constructing the dependency models in such ways,
various distributional properties and posterior structures can be well analyzed,
resulting in much more theoretically clean models. These properties cannot be
achieved with the hierarchical dependent model.

e Test all the models proposed in the thesis extensively with both synthetic data
and real data such as documents for topic modeling. Experimental results have
shown superior performance compared to realistic baselines, demonstrating
the effectiveness and suitability of the proposed models.

1.5 Thesis Outline

The rest of the chapters go as follows:

Chapter 2| This chapter introduces the Poisson process on a general probability space. It
starts by relating some real life phenomena with the Poisson process, then intro-
duces the definition of Poisson process, how to define probability distributions
on Poisson random measures, and reviews some nice theoretical distributional
properties of the Poisson process. Finally, it introduces a recently proposed
calculus tool-the Poisson process partition calculus, and relates this with the
well known Palm formula for Poisson processes, which will be used frequently
in the rest of the thesis.

Chapter [ This chapter introduces the normalized random measure (NRM). Specifically,
it shows explicitly how an NRM is constructed from Poisson processes. Some
distributional properties and posterior will be analyzed using the Poisson pro-
cess partition calculus described in Chapter 2| Several forms of the posteriors
for the NRM will also be compared and several versions of the posterior sam-
pling algorithms are derived. Finally, experiments on NRM mixtures will be
presented.
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Chapter [] This chapter builds hierarchical models to deal with hierarchical correlated data
based on the NRM-hierarchical normalized random measures (HNRM). The
construction is the same as the hierarchical Dirichlet process (HDP) [Ieh et al.,
2006] except that NRMs are used instead of DPs. This on the one hand makes
the modeling more flexible, i.e., allows modeling of power-law distributions; on
the other hand, it complicates the model’s posterior structure, requiring more
sophisticated methods for posterior inference. Fortunately, it is shown that by
introducing auxiliary variables, posterior inference can be performed almost as
easily as for the HDP.

Chapter |5| This chapter constructs a time evolving hierarchical normalized random mea-
sure for dynamic topic modeling. It borrows ideas from some existing work
by allowing topics to be born, to die and vary at each time. Some theoretical
analysis of the model as well as the correlation structure induced by the cor-
related operators are derived, then posterior inference is performed based on
an approximate Gibbs sampling algorithm. Finally, experimental results are
shown.

Chapter[6] This chapter introduces a more theoretically clean dependency model called
mixed normalized random measures (MNRM). It extends the work of Rao and Teh
[2009] by generalizing the Gamma process to any completely random measure.
The idea of the construction is to augment the domain space of the underlying
Poisson process with an additional spatial space to index the region information.
Based on such a construction, we can obtain some theoretically nice properties
of the MNRM, for example, the dependent RPMs are marginally NRMs, and
after marginalization, they form a generalized Chinese restaurant process. The
MNRM can also be used to model time evolving documents for topic modeling.

Chapter [7] In addition to the MNRM, this chapter proposes an alternative construction
of dependent normalized random measures called thinned normalized random
measures (TNRM). Instead of weighting the atoms of the Poisson process in
each region, TNRM explicitly deletes some of the atoms, resulting in a thinned
version of the original NRM and achieving the goal of sparse Bayesian non-
parametric modeling. This construction also preserves the property that the
DNRMs are marginally NRMs, however, it will result in a much more complex
posterior structure than the MNRM. Thanks to the Poisson process partition
calculus, a slice sampler can be designed to sample from the posterior. One
advantage of the TNRM compared to the MNRM is its sparse representation,
making it a preferable choice in modeling.

Chapter[§| This chapter discusses two extensions of the above dependent NRM models.
One is to combine the MNRM and TNRM to strengthen the advantages of
both; the other is to apply the dependency operators on a more general class
of random probability measures called the Poisson-Kingman process. Ideas of
the two constructions are described, posterior inferences are also discussed in
this chapter.
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Chapter [9) This chapter summarizes the thesis and discusses some potential directions for
future research.



Chapter 2

Poisson Processes

2.1 Introduce

This chapter introduces the concept of Poisson processes, a basic tool arising in
probability theory, then reviews some of the properties of Poisson processes that
are proved useful in developing the statistical models in this thesis, and finally in-
troduces some profound calculation methods based on Poisson processes called the
Poisson process partition calculus.

Generally speaking, the Poisson process generalizes the Poisson distribution, a
well studied probability distribution over integers, by extending it to be a distribution
over integer valued measures. The Poisson process endows the property of complete
randomness [Kingman| 1967], acting as a basic tool for constructing a variety of
stochastic processes. A formal introduction of the Poisson process can be found, for
example in [Kingman|, 1993; Cinlar, 2010].

Turning to practical applications, we note that all the phenomena revealing com-
plete randomness can be reasonably modeled by the Poisson process. For example:
the arrival of customers in a bank during the work time can be taken as a Poisson
process on the real line R™; the location of stars over the sky seen from the earth can
be deemed as a Poisson process over the surface of a sphere; and more abstractly,
the words in a document can also be modeled as a Poisson process on an abstract
probability space so that the word count is equal to the value of the random measure
induced by the Poisson process.

In the following, the theory of Poisson processes will be built up based on measure
theory, starting from measurable spaces. The reason for resorting to measure theory
is that most of the stochastic processes do not endow density functions, the evalua-
tion of a stochastic process is represented by measure, thus we need to borrow tools
from measure theory to study their distributional properties. Generally speaking, a
measurable space is a pair (E,£) where E is a set and £ is a o-algebra on E, which
composes of all the subsets of E that is closed under complements and countable
unions [Cinlar, 2010]. Actually, from [Cinlar, 2010], the c-algebra of a set E can be
taken as composed of all the measurable functions: f : E — IR, thus the goal of
measure theory is to study the properties of the measurable functions in that space.

In the rest of this chapter, some basic definitions about probability are reviewed,
following by a detailed introduction of Poisson processes and their distributional
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properties. Most of the proofs are given in the text for completeness and easier
understanding.

2.2 Poisson Processes

This section formally defines the Poisson process in a modern probability setting,
where everything is defined based on the concept of probability spaces.

Definition 2.1 (Probability Spaces [Cinlar, 2010]). A probability space is composed
of three parts, denoted as (Q2, H, P), where the set () is called the sample space, its
elements are called outcomes. The o-algebra H is composed of all subsets of (), with
elements H € H called the events, and finally P is a probability measure on (Q, ).

Given a probability space, we can define random variables and their distributions
on it. It differs from the traditional view in that now a random variable is defined
as a mapping. The random variable may project to a different space to the proba-
bility space (Q), H,P) one starts with. This different space is denoted (S,S) below.
Formally:

Definition 2.2 (Random Variables and their Distributions [Cinlar, 2010]). Let (S,S)
be a measurable space, a random variable is defined as a mapping X : () — S taking
values in S satisfying! that for VA € S,

XA {XeAl={weQ: X(w)ec Ay eH,

thus X 1A is the subset of ) mapping into A. Under this setting, define the distri-
bution of X as a probability measure P on (S,S) such that for VA € S,

P(A)=P(X 'A) =P(weQ: X(w) € A).

The notation P(X = A) will be sometimes simplified as P(A) in the thesis and the
corresponding density function is denoted as p(X).

A familiar instance of the distributions is the Poisson distribution, which is the
most elemental object in developing the theory for Poisson processes.

Definition 2.3 (Poisson Distributions). A random variable X taking values in N =
{0,1,--+ , 00} is said to have the Poisson distribution with mean A in (0, o) if
e Ak

pX =Ke) = *

k€N, 2.1)

then X < co almost surely and E[X] = Var[X] = A. In such setting, the Poisson
distribution is denoted as Poi(A).

1Where 2 means “defined as” and this notation will be used for the rest of the thesis.
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Note that a distribution is uniquely identified by its characteristic function, i.e., it
is a one to one mapping. Furthermore, the characteristic functional-the generaliza-
tion of the characteristic function for random variables, is a powerful tool in studying
properties of stochastic processes. The following specifies the characteristic function
of a Poisson random variable.

Proposition 2.1 (Characteristic Function of Poi(A)). For a Poisson random variable X ~
Poi(\), the corresponding characteristic function is given by

ox(t) =E [eitX] _ e—)\(l—e”) )
where t € R and i is the imaginary unit.

Proof. Let 6 € C be any complex numbers, then we have

E [eex} _ i eekike—A

Letting 6 = it completes the proof. O

Now one can define Poisson processes and the induced Poisson random measures.
Basically this extends the Poisson distribution to an arbitrary measurable space.

Definition 2.4 (Poisson Processes & Poisson Random Measures [Cinlar, [2010]). Let
(S,5) be a measure space (called the state space). Let v(-) be a measure on it. A
Poisson process on S is defined to be a random subset IT € S such that if V'(A) is
the number of points of IT in the measurable subset A C S, then

a) N (A) is a random variable having the Poisson distribution with mean v(A),

b) whenever Aj,---, A, are in S and disjoint, the random variables N (A7), - -,
N (A,) are independent.

The induced integer-value random measure N () is called a Poisson random measure
and the Poisson process is denoted as IT ~ PoissonP(v), where v is called the mean
measure of the Poisson process.

Figure [2.1| shows a realization of the Poisson process on the 2D space with mean
measure v as uniform distribution.

Note that the Poisson random measure N is an infinite dimensional object, i.e., it
is a random integer-valued function and can be evaluated for VA € S. To describe a
Poisson random measure, we construct a product space based on the state space S:

(F,F) £ (U2, 8", U2, S"), where S" = ®! ;S and §" = ®! ;8. A realization of
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v=area=3.1 v=area=6.4
#points ~ Poiss?n(3.l) #points ~ Poisson(6.4)

Figure 2.1: A draw from a Poisson process on space R x R with mean measure as
the uniform distribution, can can be interpreted as area.

a Poisson process can thus be regarded as a random element on (F,F), represented
as IT = (I1y,IIy, - - - ), ie., it is an infinite sequence. Now for each element IT € F,
define N1j(A) = #{ANTII} for VA € S to be the #points IT; in A, this is an integer
value measure on §. Considering all elements in the space F, the construction then
induces a probability measure P on a set of measures {Nj : IT € F}, i.e., a distri-
bution over the realization of the Poisson process (see [Theorem 2.15 Cinlar, [2010]
for detailed assignment of measures for each realization, but note that the assign-
ment should satisfy Kolmogorov’s consistency condition). This probability measure is
called the probability laws of the Poisson random measure N. As is shown in [Daley
and Vere-Jones| 1998], the space where N lies on is the space of boundedly finite
measures, we denote it as (M, M) thus P is a probability measure on space M.

Definition 2.5 (Probability Laws of Poisson Random Measures [Cinlar, 2010]). The
distribution of elements (each corresponds to one realization of a Poisson process) of
space (F,F) is called the probability law of the Poisson random measure A/, denoted
by P(N|v),? where v is the mean measure of the corresponding Poisson process.

Given the definition of probability law of a (Poisson) random measure, it is now
sensible to talk about the expectation over a stochastic process (Poisson process).
Specifically, let ¢ : M — R be a measurable function, then the expectation of g(N)
over N\ is defined as

E[g(N)] £ [ sW)PENTy). @2)

2.3 Properties

The Poisson process has many attractive properties. Below some representative ones
are listed. Most of the proofs for the theorems can be found, for example in [King-
man), 1993} (Cinlar, [2010].

2Sometimes it is also written as P, (\).



§2.3 Properties 23

The first theorem is about the disjointness of Poisson processes, which states that
the points in two independent Poisson processes are disjoint almost surely. Intu-
itively this is true since the mean measure of the Poisson process is non-atomic,
leading to that the probability of assigning a point w € S with counts two (i.e., the
two Poisson processes both contain the point w) is equal to zero.

Theorem 2.2 (Disjointness Theorem [Kingman, 1993])). Let v1,v, be diffuse meastres>

on S, Iy ~ PoissonP(vy) and 1 ~ PoissonP(vy) be independent Poisson processes on S,
let A € S be a measurable set such that v1(A) and vo(A) are finite. Then Iy and 11, are
disjoint with probability 1 on A:

POILNILNA=0Q)=1.

The next theorem, the Restriction Theorem, discloses a “symmetric” property of
the Poisson process, which states that restricting a Poisson process to a measurable
set results in another Poisson process with mean measure restricted to that set.

Theorem 2.3 (Restriction Theorem [Kingman, (1993; Cinlar, 2010])). Let IT ~ PoissonP(v)
be a Poisson process on S and let Sy be a measurable subset of S. Then the random count-
able set Iy = I1N &y can be regarded either as a Poisson process on S with mean measure
1 (A) = v(AN&1), YA €S, or as a Poisson process on Sy whose mean measure is the
restriction of v to Sy.

An informal proof of the above theorem goes as follows: Consider a Poisson
process on S, which is essentially a random set of points, according to the definition
of Poisson processes, the average number of points in an infinitesimal region dw
of § would be v(dw), thus the average number of points in &; would be v(S;) by
integrating over S, which is the mean measure of Ily. Furthermore the randomness
property of IT; follows from IT.

The Restriction Theorem can be thought of as an intersection operation. On the other
hand, it is natural to define a joint operation, which is essentially the idea behind the
following Superposition Theorem, stating that by joining a countable set of independent
Poisson process results in another Poisson process with an updated mean measure.

Theorem 2.4 (Superposition Theorem [Kingman, 1993; Cinlar, 2010]). Let (IT; ~
PoissonP(v;)) be a countable set of independent Poisson processes on S. Then their superpo-
sition: I1 = U2 11; is a Poisson process with measure measure v =Y = v;. Consequently,
the corresponding Poisson random measure of I1is N' = Y ;o N, where N is the Poisson
random measure corresponding to IT;.

The intuition behind the proof of the Superposition Theorem is straightforward: by
the disjointness of independent Poisson processes in Theorem the #points of IT in
A € B would be Y ; NV;(A), resulting in the same form for the mean measure. The
Poisson distributed property of N (A) follows from the additive property of Poisson
random variables and the randomness of I1 follows from the randomness of I1;’s.

3 A measure is called diffuse measure if and only if there are no minimal non-empty sets.
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Given a Poisson process, it would be worthwhile to ask what is the resulting
process if we take a transformation f(w) for each point (w € IT) of the Poisson
process. Interestingly, under certain conditions, the resulting process is still a Poisson
process with different mean measure. Now let us denote the transformed space be 7
and let B C 7, by transformation f, this would induce an integer random measure
N*on T denoting #points in B, defined by

N*(B) =#{f(II) N B} . (2.3)
Now if f(w)(w € IT) are distinct, we have
N*(B) =#{w € II: f(w)NB} = N(f1(B)),

where N is the Poisson random measure for I1. Thus the probability law of N*(B)
is P(N*(B)) = P(N(f*(B))). This is shown to be a Poisson random measure in
the following Mapping Theorem.

Theorem 2.5 (Mapping Theorem [Kingman, 1993; Cinlar, 2010]). Let IT be a Poisson
process with o-finite mean measure v on space (S,S), let f : S — T be a measurable
function such that the induced random measure has no atoms. Then f(I1) is a Poisson

process on ‘T with mean measure vs(B) = v(f~1(B)),VB € T where T is the o-algebra of
T.

As is discussed in [Rao, 2012], a common mapping function f is the projection
operator 77 : § x 7 — T, which maps a Poisson process on a product space S x T
down to a subspace 7, forming a new Poisson process. Another direction, lifting
a Poisson process onto a higher dimensional space through a transition probability
kernel, is done by the following Marking Theorem. Note the transition kernel in the
Marking Theorem in [Kingman, 1993] is deterministic, while it is possible to generalize
it to be a random probability kernel, see for example [Cinlar, 2010]. The following
Marking Theorem adapts to this case.

Theorem 2.6 (Marking Theorem [Cinlar, 2010]). Let IT ~ PoissonP(v) be a Poisson
process on W, Q a transition probability kernel from (W, W) into (©, B(©)). Assume that

given I1 = {w;}, the variables 0; € © are conditionally independent and have the respective
distribution Q(wj, -). Then

1) {6;} forms a Poisson process on (©, B(©)) with mean measure
(vQ)(d6) = [, v(w)Q(w,d6)dw;

2) (w;,8;) forms a Poisson process on (W x ©, W ® B(0)) with mean measure v X Q,
defined as (v x Q)(dw, d0) £ y(dw)Q(w, do).

Remark 2.7. Note the usual notation for Marking Theorem is the statement 2) in The-
orem statement 1) can be seen as a generalization of the Mapping Theorem in
Theorem 2.5 by letting the function f to be random. Also 1) can be obtained from 2)
by applying the Restriction Theorem of Theorem
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The Marking Theorem is quite general. By defining different transformation
kernels Q, we can get many variants of it. There are two special cases of Q that
are interesting and will be used in constructing dependent random measures in the
following chapters, which are called subsampling and point transition. It will be shown
here that these are defined via two specific transition kernels Q’s, for the definition,
see for example [Lin et al., 2010; (Chen et al., 2012a] for details.

Definition 2.6 (Subsampling of Poisson processes). Subsampling of a Poisson process
with sampling rate q(w) is defined to be selecting the points of the Poisson process
via independent Bernoulli trials with acceptance rate q(w). It forms a new Poisson
process with atoms (wj,z;) where z; € {0,1}. This is equivalent to defining the
transition kernel in Theorem [2.6|as

® = {0,1}
Q(w,1) = q(w)
Q(w,0) =1 —¢g(w)

Definition 2.7 (Point transition of Poisson processes). Point transition of a Poisson
process IT on space (W, W), denoted as T(I1), is defined as moving each point of the
Poisson process independently to other locations following a probabilistic transition
kernel Q : W x W — [0,1] such that Q in Theorem 2.6] satisfying

=W
Q(w, -) is a probability measure Vw € W
Q(-, A) is integrable VA e W

It follows directly from Theorem [2.6| that subsampling and transition form new
Poisson processes with modified mean measures:

Corollary 2.8 (Subsampling Theorem). Let IT ~ PoissonP(v) be a Poisson process on
the space W and q : W — [0,1] be a measurable function. If we independently draw
zy € {0,1} for each w € TT1 with P(zy, = 1) = g(w), and let 1T, = {w € 11 : z,, = k} for
k = 0,1, then Ty and T1; are independent Poisson processes on W with S'~4(I1T) 2 Iy ~
PoissonP((1 — q)v) and $9(I1) 2 1y ~ PoissonP(qv).

Corollary 2.9 (Transition Theorem). Let IT ~ PoissonP(v) be a Poisson process on space
(W, W), T a probability transition kernel*, and denote T(I1) the resultant Poisson process
after transition, then

T(IT) ~ PoissonP(vT). (24)

where VT can be considered as a transformation of measures over VW defined as (vT)(A) :=
Sy T (w, A)v(dw) for A € W.

The proof of Theorem is done through an application of the Laplace func-
tional formula for (w;, 6;). An important result of the Laplace function related to the

“We replace Q in Theorem with T to emphasis it as a transition kernel.
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Poisson process is known as Campbell’s Theorem below, which is particularly useful
in calculations involving Poisson random measures. For completeness a proof of the
theorem is included following [Cinlar, 2010, Theorem 3.2], but will be delayed after
introducing Theorem which will be used in the proof of Theorem

Theorem 2.10 (Campbell’s Theorem [Kingman), 1993; Cinlar, 2010]). Let IT be a Poisson
process on S with mean measure v, f : & — R be a measurable function. Denote the
Poisson random measure of 11 as N with probability law P(dN|v), M as the space of
boundedly finite measures. Define the following sum

L= ¥ f(w) = [ f@)N(dw) 25)

well

1. X is absolutely convergent with probability one if and only if

/Smin(|f(w)\,1)v(dw) <oo. 2.6)
2. Under the condition (2.6):
= | & 6%
E e ]_/Me PN ) 2.7)

= exp { /8 (e —1) v(dw)} , 2.8)

where 0 € C. Moreover,
B[] = [ f(w)v(dw), (2.9)
var(S) = /S F(w)v(dw) . (2.10)

Proof. We first prove the formula (2.7). To do this, first assume f to be simple, i.e.,

K
f= ka]‘sk ’
k=1

where UX_ Sy = S and Sy NSy = @(Vk # k') is a partition of S. Then it is easily
seen that

K K
Z:Zﬂw=;ﬂMmé;ﬂM.
=1 =1

well
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Now for 6 € C, we have

= exp {/S(eef(") - 1)v(dx)} , (2.11)

where (1*) follows by the fact that Ny is a Poisson random variable with mean v(Sy)
and by applying Proposition (2%) follows by the definition of f.

Since we know that any positive measurable function f can be expressed as the
limit of an increasing sequence (f/) of simple functions, moreover, any measurable
function can be expressed as the difference between two positive functions, thus by
monotone convergence argument we conclude that for any measurable function f,

follows. This completes the proof of (2.7).

To prove condition , let 6 = —u where u > 0 in (2.7), which results in

E [e*"z} = exp {—/S (1 — e"‘f(w)> v(dw)} . (2.12)

If holds, from (2.12) we see that for small u we have

}jg(l)]E [e’”z} = exp {—/Suf(w)v(dw)}

LmaN exp(0) =1,

meaning that ¥ is a finite random variable. On the other hand, if does not hold,
for a fixed u > 0, we can find a f satisfying uf(x) is small enough for Vx € S such
that

1—e ™ S uf(x),

= E || —o0.
This implies ¥ = oo with probability 1. Thus is proved.

To prove (2.9), take the derivative on two sides of (2.7) with respect to § we have

i ] = ager ([ (27 ioo)
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=E [Zeez] = exp {/S (eof(w) — 1) v(dw)} ;6 g (eef(w) — 1) v(dw)

:exp{/8<9f( dw}/fw )P F @)y (deo)

Letting 6 = 0 we obtain the formula (2.9).
To prove (2.10), similar to the proof of (2.9), taking the second derivative of (2.7)
with respect to 6 and letting 6§ = 0, we get

zﬂ=<4ﬂmwwﬁ?aéﬂw%dw

Using the relation var(X) = E [£2] — E [Z£]* we obtain the formula (2.10). O

To show how Campbell’s Theorem is used, I prove Theorem with the above
theorem in the following.

Proof of Theorem The second statement will be proved here since the first one can
be easily derived from it. Let M be the random measure formed by (w;, 6;), then for
positive real-value f in W ® B(@),

L(IT,, (6;)) £ oM = ¢~ Lif(wif) — He_f(wilei) ‘

So the conditional expectation of e Mf given Iy is
L) £ [ £, d0)

= H/ wl, dQ —f(wi,0)

Let f(w) = log([,, Q(w, df)e~/(@0)) in the Campbell’s Theorem, applying the result
of we have

E [e—Mf} = E[£(IT)]

= exp { /W /M w,d0)e ))v(dw)}
= exp { /W Wy Q(w,d0)e ))v(dw)}
:aﬂ‘/dgww>/gmw>W%wm}

= exp {— /WxM(l - e_f(w'e))Q(w, d9)v(dw)}

According to the unity of a Poisson random measure and its Laplace functional, we
conclude M is a Poisson process with mean measure v x Q. O
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Real applications involving Poisson processes often require evaluating the expec-
tation of a functional form under Poisson random measures, e.g., sometimes we want
to calculate the posterior of a model constructed from Poisson processes on S given
observations. In such cases, we can think of the expectation to be taken with respect
to the joint distribution of a Poisson random measure N and some fixed points in
S, we denote this joint distribution as P(-|v, w). To define the joint distribution, we
should rely on measure theory by first defining a joint measure for a Poisson process
and some fixed points.

Formally, let us define this joint distribution from the following construction.
Recall that essentially the Poisson process defines a mapping from the probability
space (Q,H,P) to space (F,F) in Definition with the state space being (S, S).
Now for an event A € [F (which is essentially a functional defined on the space
F) and an event W € S (similarly is a function on §), define Campbell’s measure
C(A, W) as

C(A,W) = E [I4(INI(W)] ,

where IT € F means the measure induced by a realization of a Poisson process, I 4(-)
is an indicator function. Essentially, the above measure gives the expected #points in
W given the Poisson processes in the even A. Since for any A, C(A4, ) is absolutely
continuous w.r.t. the mean measure v, this allows us to define the Radon-Nikodym
derivative of C(A, -):

Pally,w) £ LA ).

Pa(-|v,w) defines a distribution with respect to (v,w) (up to a constant), and is
called the Palm distribution [Bertoin, |2006; Daley and Vere-Jones, [1998]. The subscript
A will be omitted when A is taken to be the whole space F for simplicity, written
as P(-|v,w). This describes how the joint measure changes with respect to the mean
measure v, and is exactly the joint distribution of N" and one point w € S (up to
a constant) that we want to defined above. We can also think of P, (-|v,w) as the
posterior distribution of the Poisson process given an observation w. Note that by
the independence of the Poisson process and w, P(-|v,w) can be written by disinte-
grating as P(dN|v,w) = N (dw)P(dN|v). Based on this, the Palm formula [Bertoin,
2006] or called Slivnyak’s theorem [Slivnyak, |1962] and Mecke’s Formula [Sertoso, 1999]
states that the distribution of a prior Poisson random measure A under P(-|v,w) is
identical to the distribution of N + &,,. Specifically, we have

Theorem 2.11 (Palm Formula [Slivnyak| 1962; Bertoin, 2006]]). Let I1 be a Poisson
process on S with mean measure v and Poisson random measure N, f : S — R and
G : 8§ XN — R are functions of w € S and of (w, N') respectively, then the following
formula holds:

E [ A f(w)G(w,/\/’)./\/'(dw)] = [E[C@dut M) fpv(dw) . 1)
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In another form, it can be represented as

//f G (w, N )N (dw)P(N|v) = // (w, 6 + N)YP(AN V) f (w)v(dw) .
(2.14)

The case of representing the function G in the above Palm formula as a positive
process can be found in [Cinlar, 2010, Theorem 6.2]. Now instead of starting from
the Palm distribution to prove the Palm formula in Theorem an alternative proof is

given in the next section from a general results of the Poisson process partition calculus,
which can be found in Theorem

2.4 Poisson Process Partition Calculus

Poisson process partition calculus [James| 2002, 2005] is a general framework targeted
at analyzing the posterior structure of random measures constructed from Poisson
random measures. It has a number of general results as shown in [James, 2002,
2005], but I will only list a few below for the purpose of this thesis.

Let V be a Poison random measure defined on a complete and separable space
S with mean measure v, the Laplace functional of N obtained by applying Theo-
rem is denoted as follows

N(flv) = /M e NOP@AN|) £ /M e Js F@N @D (GAr|v) (2.15)
:exp{—/s(l—e_f(w))v(dw)} , (2.16)

where f : § — R™ is a measurable function.

Theorem 2.12 ([James, 2005]). Let f : S — R™ be measurable and ¢ : M — R be a
function on M, then the following formula holds

[ SNENOPEN) = Lu(Flv) [ sWIP@NETY),  @17)

where P(dN|e~fv) is the law of a Poisson process with intensity e f@v(dw). In other
words, the following absolute continuity result holds:

OPAN|v) = Ly (flv)P(dN]e Tv), (218)

meaning that exponentially tilting (with e=N'(f)) a Poisson random measure with mean mea-
sure v ends up another Poisson random measure with an updated mean measure e=fv.

Proof. By the unity of Laplace functionals for random measure on S, it suffices to
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check this result for the case g(NV) = eV for h : S — R*. Then we have
-N(f) — N(f+h)p

[ gNeMOPE@NY) = [ N IHPEA) (2.19)

~ exp {_ [ (et v(dw)} (2.20)

= exp {— /S <(1 — e f @)y (dw) 4 (e~ /@) (f+h)(w))v(dw)> } (2.21)

= exp {—/S (1 — e/l )) v(dw)} exp {—/S (1 - e_h(w)) e f(w)v(dw)} (2.22)

= Lx(flv) | sWIP(ENev) 2.23)

O

I develop the following theorem to reveal the relation between Theorem and
the celebrated Palm formula in Theorem Specifically, the Palm formula is seen

to be a special case of the result in Theorem
Theorem 2.13. The Palm formula is a special case of Theorem [2.12

Proof. In Theorem let

= [ f@)N (dw)
according to , we have
[ s P @A) = [ [ f@ dw)
—IE e N / /f P(dN|e fv)
_ ]E N / Flw dw)

_ / E _eme} F(w)e @)y (dw)

_ /S E _e*(N+5w)(f)ef(w)] Flw)e @ y(dw)
_ / E :3—(N+5w)(f)] F(w)v(dw)

= [, [ e NPy, w)f(w)v(dw),

(2.24)

(2.25)
(2.26)
(2.27)
(2.28)
(2.29)

(2.30)

where (2.24) follows by definition, ( - by applying (2.17), (2.26) by applying .

of Theorem P (2.27) by moving the expectation term mto the integral, ((2.29)) by

moving ef @) out and cancellation, - ) by a change of measure: N =N + 8.

Now if we let

G(w,N)=e N,
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we get the Palm formula as in Theorem 2.11}

/ /f G(w, N)N (dw)P(N|v) = // (w, b + N)P (AN v, w) f(w)v(dw) .
O

Under the framework of the Poisson process partition calculus, the Palm formula
of Theorem can be easily extended to the case of conditioning on a set of points,

eg, w=(wy, - ,wy) ES®--- VS = £ S 1 call it the extended Palm formula, which
%,_

is stated in Theorem and adapted from [James, 2002, Lemma 2.2].

Theorem 2.14 (Extended Palm Formula [James, 2002]). Let IT be a Poisson process on S
with mean measure v and Poisson random measure N, f:8" = Rand G: 85" x N =R
are functions of w € 8" and of (w, N') respectively, then the following formula holds:

n(p)

[1f(@w)v(dw;),

i=1

n(p)
G(w, Z Ow, + N)
i=1

[ Fw)G(w,A) gmciwi)] =L [y B

(2.31)

where p means a partition over integers (1,2,--- ,n), n(p) means the #ties in this partition
configuration, and }_,, means sum over all the partitions of (1,2,--- ,n).

Theorem is seen true by iteratively applying the Palm formula on the joint
distribution of the Poisson random measure A and the points w. A proof within the
Poisson process partition calculus framework can be found in [James| 2002].



Chapter 3

Normalized Random Measures

3.1 Introduction

In Bayesian nonparametric modeling, a particularly important prior is the prior for
discrete distributions since there are a lot of interesting applications involving the
inference of such distributions, e.g., topic distributions in topic models, word distri-
butions for topics in text modeling, as well as mixing distributions in general mix-
ture models. By employing priors on these discrete distributions, they form random
probability measures (PRM). The Poisson process introduced in the last chapter con-
stitutes the foundation for constructing random probability measures. This chapter
introduces normalized random measures (NRM) based on this framework, reviews
and extends related underlying theory for the NRM. Generally speaking, an NRM
can be regarded as a random discrete distribution represented as Y ;> ; widp,, where
both wy and 6 are appropriate random variables with flexible probability distribu-
tion functions. Based on the NRM, an instance called normalized generalized Gamma
processes (NGGs) is specified where the distribution of (wy, 6;) has a specific form.
The NGG is a particular kind of the NRM that is theoretical nice (e.g., with the
power-law property) and computationally feasible (e.g., efficient Gibbs samplers with
an analytic posterior), and will be frequently used in the rest of the thesis.

This chapter is structured as follows: first some mathematical background of
completely random measures (CRMs) and their construction from Poisson processes
is introduced in Section The CRM is fundamental because the concepts of NRMs
and NGGs are built on it. Posterior inference for the NRM is developed in Sec-
tion then sampling formulas for the NGG is elaborated in Section [3.4| based on
the marginal posterior results of [James et al., 2009]; in addition to the marginal sam-
pler, slice sampler for NRMs is also introduced using techniques from [Griffin and
Walker, 2011] in Section Experiments for testing the NGG mixture with dif-
ferent samplers are described in Section Proofs are given in the Appendix of
Section 3.8

33
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+D: +0:
— i . )
0 )
Counting process: Completely random measure:
N() = Lk 000 () fi(-) = Xy widg, (+)

Figure 3.1: Constructing a completely random measure from a counting random
measure N (-, -) with points at (wy, 6).

3.2 Completely Random Measures

This section briefly introduces background of completely random measures and the
corresponding normalized random measures. Section [3.2.1]explains how to construct
completely random measures from Poisson processes. Constructing normalized ran-
dom measures (NRMs) from CRMs is discussed in Section along with details of
the NGG, a particular kind of NRM for which the details have been worked out.

First an illustration of the basic construction for an NRM for a target domain @ is
given. The Poisson process is used to create a countable (and usually) infinite set of
points in a product space of R* x ©, as shown in the left of Figure The resulting
distribution is then a discrete one on these points, which can be pictured by dropping
lines from each point (w,6) down to (0,6), and then normalizing all these lines so
their sum is one. The resulting picture shows the set of weighted impulses that make
up the constructed CRM on the target domain.

3.2.1 Constructing completely random measures from Poisson processes

The general class of completely random measure (CRM) [Kingman, 1967]], usually
admits a unique decomposition as the summation over three parts: 1) a deterministic
measure, 2) a purely atomic measure with fixed atom locations and 3) a discrete
measure with random jumps and atoms. However it suffices to consider only the
part with random jumps and atoms in real applications. This is also called pure
jump processes [Ferguson and Klass| 1972], which has the following form

ﬂ = Z wkéek ’ (31)
k=1
where wy’s and 6;’s are all random variables; wy, wy, -+ > 0 are called the jump

sizes of the process, and 01, 0;, - - - are a sequence of independent random variables
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drawn from a base measurable space (@, B(0))!. Note that (wy, )’s drawn from the
Poisson process will also be called atoms throughout the thesis.

It is shown that these kinds of CRMs can be constructed from Poisson processes
with specific mean measures v(-). Formally, given a Poisson random measure N with
mean measure v, denote the corresponding Poisson process as IT ~ PoissonP(v), a
completely random measure can be constructed as

Definition 3.1 (Completely Random Measure). A completely random measure ji defined
n (0, B(0)) is defined to be a linear functional of the Poisson random measure N/,
with mean measure v(dw, df) defined on a product space S = R ® O:

i) = [ _wN'(dw,d6), B € B(O). (32)

The mean measure v(dw, d) is called the Lévy measure of fi.

The general treatment of constructing random measures from Poisson random
measures can be found in [James, |2005]. Note that the random measure ji in con-
struction has the same form as Equation because N (-) is composed of a
countable number of points. It can be proven to satisfy the conditions of a completely
random measure [Kingman, 1967] on ®, meaning that for arbitrary disjoint subsets
{A; € ©} of the measurable space, the random variables {i(A;)} are independent.

For the completely random measure defined above to always be finite, it is neces-
sary that [, owv(dw,df) be finite, and therefore for every z > 0, v([z,00) x @) =
f f o V(dw,dd) is finite [Kingman, 1993]. It follows that there will always be a finite
number of points with jumps wy > z for that z > 0. Therefore in the bounded prod-
uct space [z,00) ® @ the measure v(dw,df) is finite. So it is meaningful to sample
those atoms (wy, 0x) with wy > z by first getting the count of points K sampled from
a Poisson with (finite) mean v([z,00) x @), and then to sample the K points accord-
ing to the distribution of V(V[gg%.
random measure.

Without loss of generality, it is assumed that the Lévy measure of Equation (3.2)
can be decomposed as

This provides one way of sampling a completely

v(dw,df) = Mp, (dw|0)H(dP) ,

where 77 denotes the hyper-parameters if any?, H(d9) is a probability measure on @
so H(®) = 1, and M is called the mass parameter of the Lévy measure. Note the
total measure of p,(dw|6) is not standardized in any way so in principle some mass
could also appear in p,(dw|f). The mass is used as a concentration parameter for
the random measure.

A realization of fi on @ can be constructed by sampling from the underlying
Poisson process in a number of ways, either in rounds for decreasing bounds z using

1B(®) means the c-algebra of ®, we sometimes omit this and use © to denote the measurable
space.
2The subscript 7 in py might sometimes be omitted for simplicity in the rest of the thesis.
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the logic just given above, or by explicitly sampling the jumps in order. The later
goes as follows [Ferguson and Klass, 1972]:

Lemma 3.1 (Sampling a CRM). Sample a CRM fi with Lévy measure v(dw,df) =
Mpy (dw|8)H(d8) as follows.

e Draw i.i.d. samples 6y from the base measure H(d6).

e Draw the corresponding weights wy for these i.i.d. samples in decreasing order, which
goes as:

— Draw the largest jump wy from the cumulative distribution function P(w; <
j1) = exp { ~M [ p,(dwley) }.

— Draw the second largest jump wy from the cumulative distribution function

P(wy < jo) = exp {—ij]; pv(dw](?z)}.

o The random measure fi then can now be realized as fi = ) wydy,.

As a random variable is uniquely determined by its Laplace transformation, the
random measure ji is uniquely characterized by its Laplace functional or more pre-
cisely the characteristic functional through the Lévy-Khintchine representation of a
Lévy process [Cinlar, [2010], which is stated in Lemma

Lemma 3.2 (Lévy-Khintchine Formula). Given a completely random measure i (we con-
sider the case where it only contains random atoms) constructed from a Poisson process
on a produce space R™ ® © with Lévy measure v(dw,d®). For any measurable function
f:RY x ® — R, the following formula holds:

E [e—ﬂ(f)} 2 E [e— f@f(wﬂ)N(dw,de)}

= exp {— /Wx@ (1 - e‘f(w'9)> v(dw, dG)} , (3.3)

where the expectation is taken over the space of bounded finite measures. The formula can be
proved using Campbell’s Theorem in Chapter 2| Using (3.3), the characteristic functional of
fl is given by

Pu(u) LE [ef@ i“f’(de)} = exp {— /W o <1 — ei“w) v(dw, d@)} , (3.4)

where u € R and i is the imaginary unit.

Now instead of dealing with ji itself, we deal with v(dw, df), which is called the
Lévy measure of ji, whose role in generating the measure via a Poisson process was
explained above.

In the case where the jumps wy’s of the measure are independent on the data 6’s,
ie., py(dw|@) = p,(dw), fi is called homogeneous, which simplifies the calculations
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a lot and will be considered in this thesis. When f does not depend on 0,
simplifies to

Blexp {~/ 1(B))] =exp { ~Mp(B) [ [1-exp{-wfllp,(dw)}. @9

Note the term inside the exponential plays an important role in subsequent theory,
so it is given a name.

Definition 3.2 (Laplace exponent). The Laplace exponent, denoted as ¢, (f) for a CRM
with parameters 7 is given by

p() = [ [1—exp{-uwf}v(dw,do)

= M/]R+ [1—exp{—wf}]p,(dw) (homogeneous case) . (3.6)

Note that to guarantee the positiveness of jumps in the random measure, p, (dw)
in the Lévy measure must satisfy fooo py(dw) = +oo [Regazzini et al.,, 2003|], which
leads to the following equations:

$,(0) =0, Py (o0) = +oo. (3.7)

That ¢, (f) is finite for finite positive f implies (or is a consequence of) fooo wpo, (dw)
being finite.

Remark 3.3. There are thus four different ways to define or interpret a CRM:
1. via the linear functional of Equation (3.2),

2. through the Lévy-Khintchine representation of Equation (3.3) using the Laplace
exponent,

3. sampling in order of decreasing jumps using Lemma and

4. sampling in blocks of decreasing jump values as discussed before Lemma

3.2.2 Normalized random measures

Given a completely random measure, a normalized random measure is obtained by
simply transforming it to be a probability measure, as given by the definition below.

Definition 3.3 (Normalized Random Measure (NRM)). Based on (3.2), a normalized
random measure on (@, B(0)) is defined as®

_H
y—ﬁ(@). (3.8)

31n this thesis, we always use y to denote a normalized random measure, while use ji to denote its
unnormalized counterpart if not explicitly stated.
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The idea of constructing a random probability measure by normalizing a subor-
dinator, in the spirit of [Ferguson, 1973] for the Dirichlet case, can be found in litera-
ture such as [Kingman, 1975; Perman et al., 1992; Pitman), [2003; James, 2005]. While
James [2002] had considered constructions of general normalized random measures,
Regazzini et al.|[2003] studied the problem of normalizing a completely random mea-
sure defined on R. This is termed normalized random measures with independent
increment (NRMI) and the existence of such random measures is proved. This idea
can be easily generalized from R to any parameter space O, e.g., ® being the Dirichlet
distribution space in topic modeling. Also note that the idea of normalized random
measures can be taken as doing a transformation, denoted as Tr(-), on completely
random measures, that is 4 = Tr(ji). In the normalized random measure case, Tr(-)
is a transformation operator such that Tr(ji(®)) = 1. A concise survey of other kinds
of transformations can be found in [Lijoi and Prunster, 2010].

Taking different Lévy measures v(dw, df) of (3.3), we can obtain different NRMs.
Throughout the thesis, the following notation is used to denote a NRM:

p~ NRM(7, M, H(-)) ,

where M is the total mass parameter, which usually needs to be sampled in the
model, and H(-) is called the base probability measure where 6;’s are drawn from,
1 is the set of other hyper-parameters to the measure on the jumps, depending on
the specific NRMs (in the DP case, 7 is empty). Note that a specific class of NRMs
called normalized generalized Gamma processes (NGG) is interesting and has useful dis-
tributional properties. To introduce this, let us start with the unnormalized version—
generalized Gamma processes:

Definition 3.4 (Generalized Gamma Process). Generalized Gamma processes are
completely random measures proposed by Brix [Brix, [1999] for constructing shot
noise Cox processes. They have the Lévy measures as

—bw

v(dw,dd) = ﬁde(d@), where b > 0,0 < o < 1. (3.9)

By normalizing the generalized Gamma process as in (3.8), we obtain the normalized
generalized Gamma process (NGG).

Sometimes we also need the Gamma distribution. Because there are several pa-
rameterizations of this in use, for clarification, we define it here.

Definition 3.5 (Gamma distribution). The Gamma distribution has two parameters,
shape a and scale b, and is denoted Ga(a, b) with density function

aflefbx‘

p(x|a,b) = I’(a)b“x

The Lévy measure of the generalized Gamma process can be formulated in different
ways [Favaro and Teh, 2013], some via two parameters while some via three pa-
rameters, but they can be transformed to each other by using a change of variable
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formula. For ease of representation and sampling, we convert the NGG into a unified
form with two parameters using the following lemma.

Lemma 3.4. Let a normalized random measure be defined using Lévy measure v(dw, d®).
Then scaling w by A > 0 yields an equivalent NRM up to a factor. That is, the normalized
measure obtained using v(dw/A,d@) is equivalent to the normalized measure obtained using
Av(dt,do).

By this lemma, without loss of generality, we can instead represent the NGG by
absorbing the parameter b into the mass parameter M. Thus the case of b = 1 will
be used in the rest of the thesis.

Definition 3.6 (Normalized Generalized Gamma). The NGG with shape parameter
o, total mass (or concentration) parameter M and base distribution H(-), denoted
NGG(o, M, H(+)), has Lévy measure v(dw,df) = M p,(dw)H(d#) where*

o e~ v

po(dw) = mmdw

Note that similar to the two parameter Poisson-Dirichlet process (or Pitman-Yor
process) [Pitman and Yor, 1997], the normalized generalized Gamma process with
o # 0 can also produce power-law phenomenon, making it different from the Dirich-
let process and suitable for applications where long tail distributions are preferable,
e.g., topic-word distributions in topic modeling. The following power-law property
had been well developed in statistical literature such as [Pitman, 2003; Lijoi et al.,
2007; James), 2013], and the explict form of the random variable S, )1 below was first
given in [Pitman and Yor, [1997].

Proposition 3.5 (Power-law of NGG). Let K,, be the number of components induced by
the NGG with parameter o and mass M or the Dirichlet process with total mass M. Then for
the NGG, Ky, /n? — Sy m almost surely, where S, is a strictly positive random variable
parameterized by o and M. For the DP, K,,/ log(n) — M.

Figure demonstrates the power law phenomena in the NGG compared to
the Dirichlet process (DP). It is sampled using the generalized Blackwell-MacQueen
sampling scheme [James et al., 2009]. Each data to be sampled can choose an existing
cluster or create a new cluster, resulting in K clusters with N data points in total.

Many familiar stochastic processes are special/limiting cases of normalized gen-
eralized Gamma processes, e.g., Dirichlet processes arise when ¢ — 0. Normalized
inverse-Gaussian processes (N-IG) arise when o = % and b = % If b — 0, we get the
o-stable process, and if ¢ — 0 and b depends on x, we get the extended Gamma process.
These special classes are listed below.

e Dirichlet Processes:

v(dew, d6) = %de(d@) (3.10)

4Sometimes p,(w) is simply written as p(w) by dropping the subscript o for notation simplicity
without causing any confusion.
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Figure 3.2: Power-law phenomena in NGG. The first plot shows the #data
#clusters compared with DP, the second plot shows the size s of each cluster versus
total number of clusters with size s.

Normalized inverse-Gaussian (N-IG) Processes:

v(dw,df) =

1

e

271

w

N|—

dwH(do)

NI

w

Normalized Generalized Gamma Processes:

—bw

v(dw,do) = ﬁde(de),b >0,0<0<1

Extended Gamma Processes:

B

v(dw,df) =

o-Stable Processes:

v(dw,df) =

0)w

v
r(l—o)wlte

dwH(d6), B(+) is a function

dwH(df),0 <o <1

versus

(3.11)

(3.12)

(3.13)

(3.14)

Finally, the concept of latent relative mass is introduced here, which is particularly
useful in posterior computation for the NRM. The reason for this is that the definition
of a NRM naturally contains the divisor ji(©) = Y7, wy, and thus likelihoods of
the NRM should involve powers of ji(®). To facilitate the computation, a trick widely
used is to do data augmentation via the Gamma identity [James, 2005].

Definition 3.7 (Latent relative mass). Consider the case where N data are observed.
By introducing the auxiliary variable, called latent relative mass, Uy = T'n/ji(O)
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where I'y ~ Gamma(N, 1), then it follows that

1 uy ' 1(0)
WP(FN)CHN = We NEE)dUN

=

Thus the N-th power of the normalizer can be replaced by an exponential term in
the jumps which factorizes, at the expense of introducing the new latent variable Uy.
This treatment results in an exponential tilting of the NRM, making marginalization
over the corresponding Poisson process feasible via the Poisson process partition
calculus framework [James, 2005] described in Chapter [2|and will be seen more clear
in the following sections. The idea of this latent variable originates from [James,
2005] and is further explicitly studied in [James et al., 2006} 2009; Grittin and Walker),
2011} [Favaro and Teh, [2013], etc.

3.3 Posterior of the NRM

This section develops posterior formulas for general normalized random measures
with Lévy measure v(dw, df). Specifically, the NRM hierarchical model is described
as:

i ~NRM(y, M, H) sample a NRM
Xilp~ p fori=1,---,N

Now let 0y, - - - , 0k be the K unique values among x1.y, with 6 occurring n; times.
Let ji represents the corresponding CRM of p. Intuitively we have the following
conditional likelihoods:

K

flxin ="+ ) widy,
=1

N 15y 71(6)™
p(xlzN“l) - ﬁ(@)N ’

where ji* represents the remaining CRM without observations.

It can be seen that integrating the NRM from p(xi.n|fi) is difficult with a nor-
malizer, so a data augmentation is done here by introducing the latent relative mass
auxiliary variable Uy defined in Definition resulting in

N-1
LIN

o~ Un (7 (O)+L wy) ﬁ W'
I(N) £

k=1

p(x1.n, UN|fE) =

Now the posterior is obtained by applying the Palm Formula in Theorem and
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the Lévy-Khintchine Formula in Lemma [3.2] to get

p(x1.n, Un|n, M) = E [p(x1.n, Un|f1)]

= Epe /]R+ R+px1N,uNw> N (dw) -+ N (dw) (315)
K

Uﬁ\\][_l —Unf* K
= - 7 (©UBr) / TTe teaf
I'(N) /lR+ Er e Rt x...Rt k—2e wr N(dw) - - - N (dw)
~— =

N ——

~ K-1
...... e~ U gy, (3.16)
— u]I\\]’AIEW e‘uNf‘*(@)/ ﬁe_u“’wkw"k/\/'(dw) -N(dw)
r(N) " R xRt 5 ~
K—-1
...... [ e g, (3.17)
= UN T 0 TT (U, (6 (3.18)
I'(N) ool

where ¢, is the Laplace exponent defined in Definition h() is the intensity of the
probability measure H, «(u, m) is defined as

(u,m) / w"e "o, (dw) . (3.19)

In details, the above equations is obtained by the following argument: follows
by explicitly write out the expectation, which contains two parts: the first part is
the expectation over the CRM fi*, the other part is the expectation over the observa-
tions; follows by applying the Palm formula in Theorem over the first atom
(w1,601); follows by simply taking out the integration term out of the expec-
tation, which are independent each other; finally follows by recursively apply
the Palm formula for the rest of the atoms.

Thus by applying the Poisson process partition calculus in Theorem the poste-
rior of a NRM can be characterized by the following theorem:

Theorem 3.6 (Conditional posterior characterization of NRM [James et al., 2009]).
Given an NRM p ~ NRM(y, M, H) with Lévy measure v(dw,df) and a set of samples
X1, -, XN from it with distinct values (61, - - ,0x) and counts (ny,- - - ,ng), conditioned
on the latent relative mass Uy, the posterior of fi is composed of a CRM with Lévy measure

V' (dw,dd) = e"UNYy(dw, ds) ,
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and K fixed point jumps distributed as

p(wk|x1:N/ UN) & kae—Ukapﬂ (wk) .

3.4 Posteriors of the NGG

This section specializes posteriors for the NGG given observations {x;}’s based on
the general results in the previous section. Two versions of the posterior are de-
veloped, e.g., a fully marginalized version® p ({x;}|c, M) and an augmented version
p ({x;}, Un|o, M) with the latent relative mass Uy. The second version is done be-
cause, as shown, the first version requires computing a complex recursive function
thus is computationally more expensive. Throughout the thesis, the symbol (x|y)n
is used to denote the Pochhammer symbol:

(xly)n = x(x+y) - (x+ (N =1)y) .

When y = 1, it is simply written it as (x)n.

3.4.1 Marginal posterior

The marginal posterior of a NGG is obtained based on Theorem (3.6] above. James
et al|[2009] have developed posterior analysis for the NGG, Theorem [3.7]below sim-
plifies their results and specializes them to the NGG.

Theorem 3.7 (Posterior Analysis for the NGG). Consider the NGG(c, M, H(-)). For
a data vector {x;} of length N there are K distinct values 61, ...,0x with counts ny, ..., ng
respectively (where each ny > 0). The posterior marginal is given by

p ({xi}|a, M) = O'N K+l H ”k 1h Qk) (320)
where N1
N-1 oo 1/0\ N~

TNK = ;'(N)/M <1— <At4> ) K 1e tdt (3.21)

is defined for N,K € Z™ such that K < N and M € R" so M > 0. Moreover, the predictive
posterior is given by:

K
p(xns1 € dx[{0i}, 0, M) = woH(dx) + ) wid, (df)
k=1

5In an NGG, the hyperparameter 7 is represented as ¢.
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where the weights sum to 1 (Ck_, wy = 1) are derived as

TN+1,K+1
o,M
Wo & U NIIK
TD’M
Wy X (Hk—O') (322)

Note, TLZTV 1\5 is a strictly decreasing function of N and M, but an increasing function
of K and ¢. Moreover, an alternative definition of Té\’ ]\IZ derived using the transfor-

mation t = M(1+ u)” is

N A K N-1
TN.K oM u M-M(1+u)” 4
o,M

= T(N)eM Jr+ (1 + u)N-Ko°

u,

and various scaled versions of this integral are presented in the literature. Intro-
ducing a I'(b/0,1) prior on M and then marginalizing out M makes the term in
eM-M{1+1)” disappear since the integral over M can be carried inside the integral over
u. This parameterization is interesting because it highlights a connection between the
NGG and the Pitman-Yor process. Note the following result is a transparent conse-
quence of [Pitman and Yor, 1997, Proposition 21].

Corollary 3.8 (Relation between the NGG and Pitman-Yor process). Let a NGG u be
# ~ NGG (0, M, H(-)) and suppose M ~ T'(b/c,1) then it follows that

u~ PYP(o,b,H(-)),

where PYP(c, b, H(-)) denotes a Poisson-Dirichlet/Pitman-Yor process [[Pitman and Yor,
1997; Teh| 2006b)a; |Buntine and Hutter, |2012|] with discount parameter o, concentration
parameter b and base distribution H.

For computation, the issue here will be computing the terms Té\] Al/f Therefore
we present some results for this. These use I'(x,y), the upper incomplete Gamma
function, defined for y > 0 and all real x.

Lemma 3.9 (Evaluating Té\,]]’é). Have Té\f Aﬁf defined as in Theorem Then the following
formula hold:

TN = T(KM), (3.23)
K < Ok (3.24)
oM = r(N) oM’
N—1 N-1
N-1 n
TNK — Ty gy r(x-" n/o 2
R T [

1K N-1 _
T = T(%Jr(a —(1<—1)> TV YN >2. (3.26)
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A variant of Equation only applies for K € N7,

Nk oNIREL L (N-1 _n n n/o
Tom = T(N) ng%)( 1) ( n >(1 U')K71F<1 0_,M>M . (3.27)

Other recursions involve factors of 1/c and can be used when ¢ = 1/R for some R €
IN", R > 1. Note the function Té\,] Aﬂf is well defined for non-integral K. Then

TNK 9 (7N-1K _ ppi/opN-1K-1/c VN >2 (328

oM T N _1 oM oM = 4y ( . )

TN = (K=1)TN T+ MYoTh Ve YN>2.  (329)

Note the upper incomplete Gamma function becomes infinitesimal quickly for
large y and negative x because I'(x,y) — y* le ¥ as y — oo, and for positive y and
x <1, T(xy) <y“le¥. Asy = 0and x < 0, ['(x,y) — —y*/x. Moreover, for
x < —1 a good approximation is given by I'(x,y) ~ y*e ¥ /(y — x + 1). This implies
the series summation of Equation (3.25) will be unstable for large N since to a first
approximation it is a binomial expansion of (1 — 1)N. Experiments show this can
happen for N > 20, so the summation is not practically useful but good for checking
small values.

The recursion of Equation recurses down on K. The inverted version, re-
cursing up with Té\ll\lj on the left-hand side is unstable because it involves the sub-
traction of two terms, To,, """ and (X1 — (K—1)) T2} ™", Thus errors magnify
and it is not practically useful for N > 20. However, the inverted version shows that
Tg ]&( is related to a generalized Stirling number of the second kind.

Computing T;\IAIZ would go as follows. Fix an upper bound on K to be used,
denote in as K,,;y. Values of Té\[AIZ need to be initialized for K = K;;;;x&N > Kiax
and for K < K;;,x&N = K. This can be done using either numerical integration or a
saddle point approximation using Equation (3.2I). The saddle point approximation
requires an initial maximization step, which can be done using Newton-Raphson
convergence, and typically has 6-decimal place accuracy for N > 50. Thereafter the
recursion of Equation (3.26) can be applied to recurse down on K.

Remark 3.10. The Poisson-Dirichlet Process and Dirichlet Process are well known for
their ease of use in a hierarchical context [Teh et al., 2006; Chen et al., 2011; Buntine
and Hutter, 2012]. The NGG has the same general form, which comes from the fact
that it belongs to the class of Gibbs-type priors whose conditional distribution has a
convenient form [Favaro et al., |2013al.

The major issue with this posterior theory is that one needs to precompute the
terms T;\’] AI4< . While the Poisson-Dirichlet Process has a similar style, it has a general-
ized Stirling number dependent only on the discount ¢ [Buntine and Hutter|, 2012].
The difference is that for the Poisson-Dirichlet Process we can tabulate these terms
for a given discount parameter ¢ and still vary the concentration parameter (b above,
but corresponding to M) easily. For the NGG, any tables of Té\]]\lz would need to



46 Normalized Random Measures

be recomputed with every change in mass parameter M. This might represent a
significant computational burden.

3.4.2 Conditional posterior

To alleviate the computational issue of the above marginal posterior, a simplified
conditional posterior is available for the NGG by introducing the latent relative mass
auxiliary variable Uy. James et al.|[2009] has also developed conditional posterior
analysis for the NGG. Theorem below simplifies their results and specializes
them to the NGG.

Theorem 3.11 (Conditional Posterior Analysis for the NGG). Consider the NGG(o, M, H)
and the situation of Theorem The conditional posterior marginal, conditioned on the aux-
iliary variable Uy, is given by®

. _ (Mearuw)t Kk
p ({xi}|Un, 0, M) T s (Mo 1 +UN)U)kg(l T)n-1h(B) . (3.30)

Moreover, the predictive posterior is given by:

K
p(xn11 € dx|{6;}, Uy = u,0, M) = woH(dx) + Y wid, (dx)

k=1
where the weights sum to 1 (Ck_, wy = 1) are derived as
wy o« Mo (1+u)’
Wy X Ng—0. (3.31)
The posterior for Uy is given by:
oMK Ny

p(Un =ul{f},0,M) =

— (3.32)
T L+ u)N R

A posterior distribution is also presented by James et al. as their major result of
Theorem 1 [James et al., 2009]. It is adapted here to the NGG.

Theorem 3.12. In the context of Theorem the conditional posterior of the normalized
random measure fi given data {x;} of length N and latent relative mass Uy = u is given by

W&
= + )
]’l T+W+‘u T+W+I{:Z%Pk ek

®Over the thesis, Uy is sometimes written as u for notational simplicity.
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where

M
" ~ NGG|o,—, H]|,
# <01-|-u )
Mo t*U'*le*(lﬁ’M)t

T ~ fr(t) whereLévymeasureoffT(t):r(l_a) ,
W' ~ T(N-—Ko1+u),

p ~ Dirichlety (n—o) .

Here, y', W and p are jointly independent and T, W and p are jointly independent.

Note in particular the densities given for p’ and T are not independent from
each other. While an explicit density is not given for T, its expected value is easily
computed via the Laplace transform as Mo (1 + u)? 1.

A joint form of the conditional posteriors presented in Theorem can be de-
veloped, and can be derived from the general sampling form in Lemma by
marginalizing out jumps wj and then taking the limit as L — 0. This matches the
conditionals of Theorem so0 is seen to be correct.

Corollary 3.13 (Collapsed Sampling Posterior). In the context of Theorem assume
there are K jumps with attached data (wy such that n, > 0). The resultant posterior is as
follows:

p({xi}, Uy = ulo, M)
uN*l K

= Trove MO M A= o) ah(6) . (339
k=1

Moreover, the posterior for jumps wy with data count ny given {6;}, Ux = u, K, N is
wy ~ Ga(ng —o,1+u) .

Remark 3.14. With the use of the latent relative mass Up, the NGG lends itself to
hierarchical reasoning without a need to compute the recursive series T(ZTV AI4< . This can
be done with either the jumps integrated out, or the jumps retained.

3.5 Posterior Inference for NGG Mixtures

This section applies the posterior of the NGG for NGG mixture models. Specifically,
given observations x;’s, the NGG mixture is defined as:

]/l‘O',M = ZwkégkNNGG(U,M,H(-))
k=1

silug ~ Discrete(@q, @y, )
xilfs, ~ F(:65) (3.34)
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where Wy = wy/ Yo, w;, and wy, wy, - - - are the jumps of the corresponding CRM
defined in , 0¢’s are the components of the mixture model drawn i.i.d. from a
base distribution H(-) with density denoted as %(-), s; indexes which component x;
belongs to, and F(-|6x) is the cumulative distribution function to generate data on
component k, with the corresponding density function as f(-|6;)”.

Given the posterior analysis for the NGG above, posterior inference for the NGG
mixture can be done via Markov chain Monte Carlo (MCMC). Before proceeding to
the detailed descriptions of the sampling algorithms for the NGG, some computa-
tional results related to the NGG such as the Laplace exponent in Theorem below
are first proved. These formula can be used in the slice sampler developed below.

Theorem 3.15 (Key formulas for the NGG). Define for 0 < o <1, T'(—0) = 1"(1_7;[7) For
the NGG, some key formula used in the posterior computation are as follows:
Pr(v) = M((1+0)7—1) (3.35)
| peldw) = 1Q(=,L) (3:36)
| e pdldw) = (1+0)71Q(~0,L(1 +0)) (3.37)
/OL (1—e"") po(w)dw = ((14+0v)"—=1)+ (14+2)7|Q(—0,L(1+0))|
- |Q(=a, L) (3.38)

where Q(x,y) = T'(x,y) /T (x) is the regularized upper incomplete Gamma function. Some
mathematical libraries provide it for a negative first arqument, or it can be evaluated using

1

Q(—0,z) = Q1 —o0,z) — mz"’ei, (3.39)

using an upper incomplete Gamma function defined only for positive arguments.

Proof. For (3.35), according to (3.6), we have
polo) = M [ [1-exp{wf}]p,(dw)

- r(iw_o-o.) /]R+ (i(_l)nl (Ur)l(')n> xfgflefxdx

n=1

- r(iw—aa) i(_l)n_lijr(”_g)

n=1

-1 :
B M > (-1 loT(n—o0) .,
N r(1-o) <V§ n! A )

"The same notation /(-) and f(-) will be used in the rest of the thesis if not otherwise stated.
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n!

_ M(i‘7<‘7_1)"’(‘7_”+1)A"> (3.40)
n=1
— M[14A)—1],

where the summation in (3.40) is the Taylor expansion of (1 +A)7 — 1.
For (3.36), we have

I'(—o,L)
T'(1-o)
—0

Q-1 = || -

_ o ® 1w _ / =
=T o) /L w e “dw ’ po(dw) .
(3.37) and (3.38) are easily obtained from (3.36) by using a change of variable as

w2 (1+0)w.

For (3.39), we have

Thus

3.5.1 Marginal sampler

Two versions of the posterior are developed for the NGG mixture in this section, one
is based on the collapsed posterior extended from Theorem called collapsed Gibbs
sampler; the other is based on the conditional posterior extended from Corollary
called conditional Gibbs sampler.

3.5.1.1 Collapsed Gibbs sampler

Extending the posterior of an NGG to an NGG mixture is straightforward. Based on
Theorem it is easy to see the posterior of the NGG mixture in Eq.(3.34) is:
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Corollary 3.16. The collapsed posterior for the NGG mixture defined in Eq. is given
by:

M NK kg
p ({xitlo, M) = v K+1H< )y~ 1/ H f(xi[0k) 1 (0 d9k> . (341

its;=
where s; indexes which component x; belongs to, Té\] Aff is the same as in Theorem
Sampling: Given the posterior (3.41), the only latent variables are s;’s. Denote the

whole variables in the model as C, the conditional distribution for s; can be read from
the posterior as:

fﬂj#i,sj:k £ (x;]6)72(6; ) A6k

e s f(xi16)h(6,)d8
(1C — 1) TN (ny — o) J Ll 051801 B el , if k already exists
5;|C —8;) !
oTYT [ f(xi]0)h(0)d6, if k is new

Unfortunately, sampling for other hyperparameters such as ¢ and M does not
seem easy in this representation since they are coupled in Té\] ’K, thus this representa-
tion is usually not used in real applications.

3.5.1.2 Conditional Gibbs sampler

This section presents a more tractable form for the NGG by extending the conditional
posterior for the NGG in Corollary to that of NGG mixtures. The following
corollary states this:

Corollary 3.17. The conditional posterior for the NGG mixture defined in Eq. is given
by:

p ({xi}, ulo, M) =

ulN-1 K

N (MoK M MO T (1~ ¢ 1/ %|00K(6,)d6; . (3.42)
(1 + u)N—K(T ( 11:[1 le 111—[ f 1

The above posterior is more favorable than in that variables are decoupled
and have simple conditional distributions. From the posterior we can easily get the
following conditional distributions for ({s;}, 1, M, o) (also denote the whole variables
in the model as C):

Sampling s;: the conditional distribution for s; follows:

IHJG kf x]‘ek) (ek)dek . .
p(silC — 51) (ny — )fH/ﬁ&zs kf(x]\(?k)h((?k)d(?k’ if k already exists
ocM(1+u)'=7 [ f(x;]0)h(0)d6, if k is new
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Sampling u: the auxiliary variable u has posterior distribution as
yuN=1p=M(1+u)"

p(u|C —u) o At

7

which can be shown to be log-concave, thus can be sampled with the adaptive-
rejection sampler [Gilks and Wild, 1992] or the slice sampler [Neal, 2003].

Sampling M: the model performance is also sensitive to the mass parameter M. If
we introduce a Gamma(a, b) prior for it, then the posterior is also a Gamma:

p(M|C — M) ~ Gamma (K+a,(1+u)"+b—-1) .

Sampling 0: by collecting related terms, the posterior for ¢ is

K,—M(14+u)” K
e H (1 B 0_)

(0lC—o) o T
$ 11w

ng—1 7

which can also be proven to be log-concave, thus can also be sampled with the
adaptive-rejection sampler or the slice sampler.

3.5.2 Slice sampling

A convenient method for posterior inference with MCMC is slice sampling, which
is particularly useful when the posterior does not have a close form. Slice sampling
an NRM has been discussed in several papers; this section follows the slice sampling
method in [Griffin and Walker, 2011], and briefly introduces the underlying ideas.

Given the observations X = {x1,---,xy}, let us introduce a slice latent variable
v; for each x; so that we only consider those components whose jump sizes wy’s are
larger than the corresponding v;’s. Moreover, only jumps with sizes greater than L
are considered, and this is maintained by setting L < min; v;. Sampling of the NRM
can then be done by only considering jumps greater than L. In the NRM, the count of
such jumps K, is shown to have a Poisson distribution, K ~ Poisson(M [;~ p,(dt)),

Py (W)
I ’,70,7 (s)dt”

Furthermore, the auxiliary variable Uy (latent relative mass) is introduced to de-
couple each individual jump wy and their infinite sum of the jumps }_;° ; w; appeared
in the denominators of @’s. Based on [Griffin and Walker, |2011]], the following pos-
terior Lemma can be derived, see appendix for the derivation.

while each jump has density

Lemma 3.18. The posterior of the infinite mixture model with the above auxiliary
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variables is proportional to

p(gllKl w1, , WK, K/ 9,8, UN/X|L/ T]/ M) X

K L
UnN—"exp {—UN ) wk} exp {—M/ (1 - e‘uNt) pﬂ(t)dt}
N
exp{ M/ oy (t dt}l—[p,7 wy ) (k) 1_[1 ws, > ;) f(xi|6s,),  (3.43)
1

=

where 1(a) is a indicator function returning 1 if a is true and 0 otherwise, h(-) is the density
of H(), L < min{u}.

The integrals for the NGG needed to work with this lemma were given in The-
orem above. Thus the integral term in Equation (3.43) can be turned into an
expression involving incomplete Gamma functions.

3.5.2.1 Sampling:

Similarly denote the whole parameters as C = {61.x, w1, -+ ,wk, K, v,L,s, Un, M}.
Based on the posterior above, the sampling goes straightforwardly as

e Sampling s: From (3.43) we get

p(si = k|C\{si}) o< 1(wy > v;) f(x;|6k) (3.44)

e Sampling Up: Similarly
K
p(Un|C\{Un}) o UN 'expi —Un Y wy
k=1

exp {—M/OL [1 —exp {—Unt}] pq(dt)} . (345)

Similar to [Griffin and Walker, 2011], the rejection sampler is used to sample
Uy, with proposal distribution Gamma (n, Y&, wk).

e Sampling 0: The posterior of 6; with prior density p(6y) is

p(0|C\{6}) < p(0 H £(x:160). (3.46)

i|s;i=k

e Sampling K, {wy, - -- ,wg}: Sampling for wy can be done separately for those
associated with data points (fixed points) and for those that are not. Based
on [James et al| 2009], when integrating out u in (3.43), the posterior of the
jump wj with data attached (1, > 0) is proportional to

w* exp { —Unwy } py (wy), (3.47)
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While for those without data attached (1, = 0), based on [Griffin and Walker,
2011], conditional on Uy, the number of these jumps follows a Poisson distri-
bution with mean

M /Loo exp{—Unt}p,(dt),

while their lengths t have densities proportional to
exp{—Unt}p,(dt)1(t > L).

Note that this strategy of sampling wy’s by first sampling the number of jumps
and then simulating the jump sizes is restricted to the case when the posterior
density of the jumps are relatively easy to evaluate. A much more flexible
method to simulate the jumps by thinning a Poisson process with well behaved
mean measure will be introduced in Chapter[7]

e Sampling v: v are uniformly distributed in the interval (0, ws,| for each i. After
sampling the v, L is set to L = min{v}.

e Sampling M: The posterior of M with prior p(M) is

p(IC\ (M) o (M exp { e | [ py ) + [ 1 exp (~tnt}]py ()| }.

p(M) is usually taken to be Gamma distributed, in which case the posterior is
also Gamma, thus can be sampled conveniently.

3.6 Experiments

3.6.1 Marginal vs. slice samplers

This experiment compares the marginal and slice samplers for the NRM mixture.
First they are tested on the galaxy dataset, a standard dataset for testing Gaussian
mixture models [|Griffin and Walker, 2011]]. In this case the base distribution H in
(3.34) is taken as Gaussian Wishart distribution, which is a prior distribution for the
joint distribution of the mean and covariance in a Gaussian distribution [Teh, 2007}
Murphy, 2007]

Wishart: p(R) = 2—Vd/27(—d(d—1)/4|5|v/21—[1~ <2> ‘R|(v—d—1)/2
i=1
1
exp <—2Tr[RS]>

Gaussian: p(u|R) = (2r)~%2|rR|*% exp (—;Tr [T’R ((y —m)(u— m)Tﬂ)

P R) = oy K1Y 2exp (=5 [R (e = m)u—m) " +5)] )
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where Z(d,r,v,S) = 25 rdld+1)/4p=d/2|g|=nmu/2 T4 | T (E1=1). When the dimen-
sion d = 1, this degenerates into the Gaussian Gamma prior [Ieh, 2007]. Corre-
spondingly, the data generation distribution f(-) is Gaussian distribution:

il R) = (@) "2 IRI exp (5T [R (=) (0= )] )

In the experiment, the hyperparameters are chosenasv =5,m =0,r =0.1,R =1,
all the other parameters of the model are sampled during the inference. The marginal
sampler are implemented in MATLAB, the code for slice sampler are borrowed
from [Griffin and Walker, 2011]. The total number of MCMC iterations is set to
2,000 with 1,000 burn in iterations.

First, the NGG mixture is used for density estimation for the galaxy dataset, the
estimated posteriors are plotted in Figure The DP mixture with both marginal
and slice samplers is also implemented for comparison. It can be seen from the figure
that the slice sampler seems to be able to estimate the overall shape of the data better,
but also overestimates the density in a relatively low density area (the first peak in
the figure).

5 10 15 20 25 30 35 40

(a) NGG marginal sampler

(c) NGG slice sampler (d) DP slice sampler

Figure 3.3: Density estimation on galaxy dataset
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Table 3.1: Effective sample sizes over 1000 samples for the marginal and slice sam-
plers

min max mean median
Marginal | 22.5541506 | 214.53+10527 | 96.66:30.44 | 74.78:2004
Slice 1.50=0.00 68.92+33.23 29.80+9.53 27.63+1231

To further compare the marginal and slice samplers, effective sample sizes (ESS) are
calculated over 1000 samples. The statistics used for the evaluation are (¢, M, u) and
sum of the data likelihood. The minimum, maximum, mean and median of the ESS are
shown in Table From the results it can be clearly seen that the marginal sampler
beats the slice sampler in this simple model®, obtaining much better mixing. This
coincides with the discover in [Favaro and Teh), |2013].

3.6.2 Clustering

Illustration This section demonstrates how to use the NGG mixture for clustering.
As a mixture model, each component of the model is often taken as a cluster. To illus-
trate, the NGG mixture is first run on the S-set dataset [Franti and Virmajoki, 2006],
which is a synthetic 2-d data with 5000 samples and 15 Gaussian clusters with differ-
ent degree of cluster overlapping. 1000 data point are collected after 5000 burnin for
ESS calculation. The hyperparameters are set as v = 5,m = 0,7 = 0.25, R = I where
Iis a 2 x 2 identity matrix. ¢ in NGGM was set to 0.5, though it can be sampled
during the inference. In the experiment NGGM model is compared with DPM. The
models are randomly initialized with 10 components and 1000 Gibbs iterations are
used. The learned clusters are plotted in Figure from which we can see that the
two models performs similarly, and are able to recover the mixture components in
the data, though both seem to combine the two components (on top of the data) into
one.

Clustering performance Next the NGG mixture (NGGM) model is tested on ten
real datasets from the UCI repository [Bache and Lichman| 2013]. Table lists
some of the statistics of these datasets. For computational ease, subsets of the three
large datasets, e.g., Letter, MNIST and Segmentation datasets, are used.

To measure the clustering performance, the normalized mutual information (NMI)
score, a standard measurement for evaluating clustering models [Vinh et al., 2010] is
used. Let N be the number of data points in the dataset, Q = {wy,- - ,wk} denote
the true cluster assignment of the data, where wy is the set of data points assigning to
the k-th cluster. C = {cy,---,cj} denote the cluster structure produced by a model
and c; is the set of data points assigning to the j-th cluster. |- | is the cardinality

8However, this is not always the case, see more complex models for example in Chapter E] and
Chapter 7]



56 Normalized Random Measures

NGG mixture: iter# 1000 DP mixture: iter# 1000

(a) NGG mixture (b) DP mixture

Figure 3.4: Clustering of a Gaussian mixture data with NGG mixture and DP mixture
models.

Table 3.2: Statistics of the ten UCI datasets.

DATA SET #INSTANCES | DIM | #CLUSTERS
GLASS 214 10 7
HALF_CIRCLE 300 2 2
Ir1s 150 4 3
LETTER 1000 16 10
MNIST 1000 784 10
SATIMAGE 4435 36 6
SEGMENTATION 1000 19 7
VEHICAL 846 18 4
VOWwEL 990 10 11
WINE 178 13 3

operator. The NMI is defined as

\wkﬂc] N|wkﬂcj|
202 N 108 T

Y |wk| log 4 Jeoe| + Z] \IC\/[\ log \C]\

NMI(Q),C) =

The model hyperparameters are set as v = d,m = 0,7 = 0.1, R = eye(d) where
d is the dimension of the data. To test the impacts of the o parameter to the model
performance, two version of the NGGM are instantiated, one is to sample o during
inference, denoted as NGGM!, the other is to simply set ¢ as 0.1, denoted as NGGM?.
The models ares compared with the popular kmeans and nCut algorithms as well as
the DPM model. For all the models, the experiments are repeated for 5 times with
randomly initialization. The mean and standard deviations are reported in Table
It can be seen from the table that due to the flexibility, NGGM is slightly better than
the more specific DPM in general; moreover, the one with ¢ sampled performs slight
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Table 3.3: Comparison for different methods

DATA SET KMEANS | NCUT DPM | NGGM! | NGGM?

GLASS 0.37+004 | 0.22+000 | 0.45+001 | 0.43+00¢4 | 0.45+00m
HALF_CIRCLE 0.43+000 | 1.00+000 | 0.39+007 | 0.48+0.03 0.48+0.03
Ir1s 0.72+008 | 0.61x000 | 0.73+000 | 0.73x000 | 0.73=0.00
LETTER 0.33x001 | 0.04x000 | 0.26+007 | 0.22+005 0.20+007
MNIST 0.50+001 | 0.38x000 | 0.54+002 | 0.57+x002 | 0.56+00

SATIMAGE 0.57x006 | 0.55x000 | 0.29+006 | 0.32x0.00 0.32+000
SEGMENTATION | 0.52+003 | 0.34+000 | 0.33x003 | 0.37x0.00 0.33+002
VEHICAL 0.10x000 | 0.14x000 | 0.01x000 | 0.01x0.00 0.01 000
VOWwEL 0.42+001 | 0.44+000 | 0.27+002 | 0.26+001 0.28-003
WINE 0.84+001 | 0.46+000 | 0.56+001 | 0.56+002 0.56+001

better then the one with fixed o, which is reasonable. Interestingly, in some cases
both NGGM and DPM do not perform as well as the simplest kmeans method. The
reason is that in real data, the underlying data distribution is usually not Gaussian,
and NGGM usually generates much fragmented partition of the data than the true
partition.

3.7 Conclusion

This chapter introduces the normalized random measure, a nonparametric Bayesian
family of discrete random probability measures. It is built on the Poisson process,
thus its distributional properties as well as the posterior can be analyzed by the the-
ory of Poisson processes, or particularly via the Poisson process partition calculus.
A concrete example of the normalized random measure called normalized general-
ized Gamma process is detailed studied in this chapter. Its posterior inference via
marginal sampler and slice sampler are also developed. Note the slice sampler is
adapted from the one proposed by Griffin and Walker|[2011], and this is not the only
slice sampler for normalized random measure mixtures. A more computationally ef-
ficient slice sampler can be developed using the Poisson process thinning technique
to be discussed in Chapter [/} Finally, comparison of these two samplers and an
application to clustering were presented, where the normalized random measure is
shown to be more flexible than the Dirichlet process in real applications.

Finally, we note that in the experiments above, the NRM does not show obvious
advantages compared with the DP. Indeed, the posterior structure of the NRM is
much more complicated than the DP. However, this does not necessarily mean that
NRM is not worth investigating because as will be seen in the rest of the thesis, differ-
ent kinds of dependency models can be constructed based on the NRM framework,
where posteriors of these dependency models are analytically tractable.
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3.8 Appendix: Proofs

Proof of Lemma We have v(dw, df/A). Doing a change of variables w’ = w/A and
some rearranging of the Lévy-Khintchine formula yields the following;:

E [g—]é(?\f(e))(ﬂ(dﬂ)/ﬂk)} _ o (1 O A o)

Since ji(dw)/A normalizes to the same measure as fi(df), and saying something
holds for any f(6) is the same as saying something holds for any Af(6) (when A > 0),
the result follows. O

Proof of Theorem The definition for 7, (1) comes from [Proposition 1][James et al.,
2009]. The posterior marginal of Equation (3.20) comes from [Proposition 3][James
et al., 2009] and is simplified using the change of variables t = M (1+u)’. For
the predictive posterior, the weights in Equation are derived directly from the
posterior. The posterior proportionality for p(Uy = u|X,0, M) discards terms not
containing u. O

Proof of Corollary 3.8, Marginalize out M from the posterior of Equation us-
ing the alternative definition of Tg 1\1/? It can be seen this yields the posterior of a
Poisson-Dirichlet distribution with discount parameter ¢ and concentration parame-
ter b. Since the posteriors are equivalent for all data, the distributions are equivalent
almost surely. O

Proof of Lemma[3.9} Equation (3.24) holds by noticing T2;; is decreasing in N and
then using the definition of the upper incomplete Gamma function. To prove Equa-

N-1
tion (3.25), expand the term (1 - (M)1/0> using the binomial expansion and

f
absorbing the powers /7 into t~! as an incomplete Gamma integral.

Now manipulate Equation (3.25). Expand T (K — 2, M) using the recursion for
the upper incomplete Gamma function, which can be applied for all first arguments

when M > 0.

o L (O H A Rty

n=0
N-1 _ n n n
_ g(Nn 1) (—MW) (K—1—E>F<K—1—E,M)
L N-1 N—1 ,
e E (V)

The second sum is a binomial expansion of (1 —1)N~! and therefore disappears.

Apply this step repeatedly. For K € N+, this terminates after K — 1 steps to get
Equation (3.27).
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Equation (3.28) holds by expanding

() )

inside the integral definition of Tg ]\J/El’K and then recognizing the terms.
Equation (3.26) and Equation (3.29) hold by applying the integration by parts

N-1
formula on the terms A(t) = (1 — (%)l/a> and B(t) = tX~le~!. Rearranging the

resultant integrals and recognizing the terms yields
_ aAfl/epN-1K-1-1/c N,K-1 _ 7NK
0=M UTU,M + (K - 1)T¢7,M - T(T,M :

This proves Equation (3.29). Equation (3.26) follows by then applying Equation (3.28).
O

Proof of Theorem The posterior marginal of Equation comes from [Propo-
sition 4][James et al., 2009]. Although the denominator is difficult to evaluate, and
it can be derived through a recursion, the easiest way is simply to normalize the
enumerator. Sum over (Mo (1+ u)U)KH,Ile(l — 0)p,—1 for all length K partitions
(n1, 13, ..., nx) yields (Mo (1+u)")~ Sk, and the result follows by again summing
over K. The predictive posterior, as before, follows directly from the posterior marginal.
The posterior proportionality for Uy, p(Ux = u|{6;},0, M), comes from [Proposi-
tion 4][James et al., 2009] after discarding terms not containing #. The normalizing
constant is obtained using the methods of Theorem O

Proof of Corollary[3.13] Equation (3.33) can be seen to hold true since conditioning it
on Uy = u and {6;} yields respectively Equation and Equation (3.32). The
posterior on wy comes from [Griftin and Walker, 2011].

This can also be proven from [Griffin and Walker, 2011] at the end of Section 3,
and includes the prior on K, wy, ..., wg described in Section 4. The mixture model
component f(x;|6s,) has also been stripped and the slice sampling variables marginal-
ized out. One then takes the limit as L — 0. O

Proof of Lemma First, for the infinite mixture model, we have infinite number of
components, thus given the observed data (x1,---,xy) and their allocation indica-
tors s, the model likelihood is

zZ

Ws.
Py(xf5|9/ W) = H Wif(xi|9si)/

i=1

where W, = Y2, wi. Now introduce the slice auxiliary variables u for each data,
such that we only consider the components whose jumps are larger than a threshold
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u; for data x;, in this auxiliary space we have
N
pu(x,u,s|6, W) —NH u; < ws,;)go(xi]6s,)-
Wiia
Now using the fact that
1 [y Uy texp{—UxW,}dUy
wh I'(N) ’

after introducing the auxiliary variable Uy, we have

N
pu(x,u,5,Un|6,W) o UN exp {—UnW4} [ [1(ui < ws,)f(xi]65,).-
i=1

Further decomposing W as
K
W_|_ =W* + Z Wy,
k=1

where K is the number of jumps which are large than a threshold L, W* = Y 2° ¢ ; wy,
then we get

pu(x,u,s,Uy|0, w1, -, wk, K)

N
. u;;lexp{ uNzwk} fexp {~UnW I T 100 < w0,)F(xi[6,). (348)
1

Z:

Now use the Lévy-Khintchine representation of a Lévy process (3.3) to evaluate
E [exp { —UnW*}], we get

K
pu(x,u,s,Ux|0, w1, -, wk, K) o Uy texp {—UN Zwk}
k=1

L N
exp {_M/o (1 —exp{—UNt})pW(t)dt} Hl(ui < Js;) f(xil6s;).  (3.49)

Now combining with the priors
pwy, - wg) =

K~ Poisson(M/ py(dt)), O ~ H(6),
L

the result follows. 0



Chapter 4

Hierarchial Normalized Random
Measures

4.1 Introduction

To a large extent the normalized random measure (NRM) described in the last chap-
ter allows more modeling flexibility than the Dirichlet process. For example, by
imposing the NRM as a nonparametric Bayesian prior for the mixing probability in
a mixture model, it allows power-law distributions to be modeled properly with ef-
ficient MCMC samplers. However, it is clear the NRM fits well in modeling a single
dataset, but is inadequate for multiple correlated datasets from different sources. In
such cases, a set of correlated NRMs should be used instead of only one. This brings
to the problem of building dependent normalized random measures.

In many machine learning tasks, modeling correlated datasets from different
sources is a common setting, e.g,, blog articles from different websites (e.g., Daily
Kos and Right Wing News), papers from different journals (e.g., JMLR, TPAMI and
JAIR), genetic data from different groups (e.g., Asian, African and European subpop-
ulations). We want to jointly model these datasets such that:

e they should have information shared between each other.
o they should have their own variations.

One typical solution for the above requirements is by hierarchical modeling where
nodes on top of the hierarchy represent the shared information, and those on the
bottom represent their own specific variations. For example, in a book, a typical
hierarchy is to treat the topic distribution! for the whole book as the top node in the
hierarchical structure, the child nodes of the book as chapters, with their own topic
distribution, a variation of their parent’s topic distribution. This goes similarly for the
paragraphs within each chapters [Du, [2012]. Information sharing and variations here
means that different chapters or paragraphs tend to include the same topics but will
have their own uses of words or specific opinions. Figure 4.1| gives an hierarchical
structure for the structures of an introductory book on computer science.

1A topic in topic models [Blei et al., 2003] is simply a multinomial distribution over the vocabulary
words.

61
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Computer
Science
Software Machme ... | Computer
Engineering Learning Vision
Bayesian e Topic
nonparametricy Models

Figure 4.1: A hierarchical structure for an introductory book on computer science.

The popular tool in Bayesian nonparametrics for hierarchical modeling is the well
known hierarchical Dirichlet process (HDP) [Teh et al., 2006]. This chapter extends
the HDP by using the NRM inside the construction instead of DP to allow more
flexible distributional modeling. For completeness, the HDP will be introduced first
in the following sections.

4.2 Hierarchal Dirichlet Processes

The hierarchical Dirichlet process (HDP) proposed by [Teh et al| [2006] is a popu-
lar tool for Bayesian nonparametric hierarchical modeling. This chapter starts from
the introduction of Dirichlet processes (DP). Here, instead of describing it from the
Poisson process point of view as for the NRM in Chapter 3| the original way of
introduction by [Ferguson| [1973] is adopted for simplicity and easy understanding.
Intuitively, a DP is an extension of the Dirichlet distribution to an infinite dimensional
space. The definition of the Dirichlet distribution is given as:

Definition 4.1 (The Dirichlet Distribution). The K-dimension Dirichlet distribution
with parameter &« = (aq, - - -, k), denoted as Dir(«), is the probabilistic distribution
on the (K — 1)-simplex, it has a probability density function with respect to Lebesgue
measure on the Euclidean space RK~1:

K
- P i~ 4.1
P(xlr s XK; X1, /‘XK BetﬂK Hx ( )

i=

for all x; > 0 and }; x; = 1. Betag(«) is the K dimensional beta function that normal-
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izes the Dirichlet?, defined as:

K
K Tla:
Betag(a) = %(al), 4.2)
F(Zizl “i)
where I'(+) is the Gamma function.
Now the generalization of the Dirichlet distribution to DP can be clearly seen in
the following definition:

Definition 4.2 (The Dirichlet Process [Ferguson, 1973]). Let «(-) be a non-null finite
measure (nonnegative and finitely additive) on (©, B(®)). We say D is a Dirichlet
process on (O, B(0)) if for every finite or countably infinite measurable partition
(A1, - -+, Ax) of O (see Figure[4.2), the distribution of (D(A1), - -, D(Ay)) is Dirichlet
distributed as Dir(a(A1), -, a(Ag)).

The Dirichlet process will be denoted as DP(a, H) where with a little abuse of no-
tation, a also represents the total mass a(®), and is called the concentration parameter,

H = 0’2‘(((;))) is called the base distribution (or base probability measure).

R,

Figure 4.2: Partition of the measurable space

The above definition guarantees the existence of the DP, which follows directly
from either Kolmogorov’s extension theorem [Sato} 1990] or de Finetti’s Theorem [Ac-
cardi, 2001]]. In the following, two useful results of the DP are listed, proofs can be
found in [Ferguson, 1973].

Proposition 4.1 (Discreteness of the DP). Let D be a Dirichlet process on (©,B(0))
with parameter «, and let B € B(O). If a(B) = 0, then D(B) = 0 with probability 1. If

«(B) > 0, then D(B) > 0 with probability 1. Furthermore, E(D(B)) = Z((g))

Remark 4.2. From Proposition it can be seen that no matter whether the base
measure « is discrete or not, the DP is always discrete, i.e., D(x) = 0 for infinite
many single points x € @. Thus a realization of the DP can be written as (exactly the
same form as the normalized random measure):

D =) wdy,, (4.3)
k=1

2However, Beta(a,b) will be used to denote the Beta probability function with parameters a and b
in the thesis.
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where wy > 0 and Y, wy = 1, {x} are drawn i.i.d. from ©.

Proposition 4.3. Let D be a Dirichlet process on (©,B(©)) with parameter «, and let
X1, - ,Xn € O be asample of size n from D. Then the conditional distribution of D given
X1, -, Xy is again a Dirichlet process with an updated concentration parameter o + Y " Ox,.

4.2.1 Chinese restaurant processes

Because each draw from the DP is a discrete distribution, in a sample (x1,--- ,x,) of
length 1, they could have duplicated values (also called ties), denoted as {6, - - - , 0k }.
Now introduce an indicator variable s; for each data x; such that x; = 6;,, clearly for
a given sample (xi,---,x,), the indicator variables (si,---,s,) define a partition
over integers {1,---,n} £ [n), e.g., the i’s with the same s; value belong to the same
cluster. The distribution over the partition is known as the Chinese restaurant process
(CRP) [Pitman) 1995]. The CRP is so called because it adopts a Chinese restaurant
metaphor, where the data are customers in a Chinese restaurant, clusters correspond
to dishes. The distribution is equivalent to the seating arrangement induced by the
following customer seating process:

e The first customer comes into the restaurant, opens a new table, and orders a
dish 6; from a global menu.

e Subsequent customers come into the restaurant, and choose a table to sit as
follows: for customer #,

— With probability proportional to m to join table k, and share the dish with
the other customers on that table, where m; is the number of customers
sharing the dish 6 on that table.

— With probability proportional to a to open a new table, and order a dish
from the global menu 6.

At the end, the customer indexes form a partition over integers [n]. It is easy
to show that the probability for a specific partition (my,-- - ,mg) has the following
form:

[(a)ak K
p({my, -, mg}la) = mﬂ”mk) : (44)

The above is known as the Chinese restaurant distribution, and is actually the marginal
distribution of the DP (with the random probability measure D marginalized out)
given data xq, - - - , x,,, thus can be used to derive sampling algorithms for the DP.

4.2.2 Stick-breaking construction for the Dirichlet process

The DP also has a nice characterization as the stick-breaking construction. If we look
at the realization formula of a DP in (4.3), we see that there are infinitely many
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1. Draw 6; from H

Draw p) from Beta(1, «)

[ w1 = pj

P,

Draw 6, from H
P

= 4
L

Draw p) from Beta(1, )

SANRS LI

wy = p5(1—py)
7.

Figure 4.3: Stick-breaking construction for the Dirichlet process

sequences of positive weights {wy} with a summation of one. We can regard a real-
ization of these weights as stick lengths by breaking a unit length stick into infinite
intervals. The following theorem show how to break the stick to make it be a DP.

Theorem 4.4. Assume the distributions for the random variables (p)52., and (6)5
prlao ~ Beta(1,a), 0«|H ~ H, (4.5)

where Beta(a,b) is the Beta distribution with parameters a and b. Now define (wy);> , as

f—
wi = pp [ [ = p1)- (4.6)

—_

N
Il
—_

Then the random measure D = Y 2 wydg, is a Dirichlet process DP(«, H).

Proof. See Sethuraman [1994]. O

Figure 4.3|illustrates the stick-breaking construction for the Dirichlet process. The
outcome of the weights {wy} is the same as breaking a unit length stick, thus named
stick-breaking process. The detail of stick-breaking construction is described on the

right of Figure

4.2.3 Hierarchal Dirichlet processes

The hierarchical Dirichlet process puts a set of DPs into a hierarchical structure for
correlation modeling as well as information sharing among different DPs [Teh et al.,
2006]. Specifically, the output distribution of a DP is subsequently used as the base
distribution for another DP, and so-forth. This creates a hierarchy of distribution-
s/probability vectors. This situation is depicted in the graphical model of Figure



66 Hierarchial Normalized Random Measures

Probability vector hierar-
chy: This depicts, for
instance, that vectors p;
to pyx should be similar
to p,- So for the jp-th
node branching off node

Ju P, ~ DP("‘ijjl)-

Figure 4.4: Probability vector hierarchy

In formula, these relationships are represented as®:

Golao, H ~ DP(ag, H) draw a parent DP
Gjla, Go ~ DP(&, Go), hierarchical construction for j=1,---,]

The HDP is becoming more and more popular in modeling dependent proba-
bility measures since its proposal [Teh et al., 2006], and has found applications in
different fields in machine learning such as topic modeling [Teh et al., 2006|], n-gram
language modeling [Teh, 2006alb], image segmentation [Orbanz and Buhmann, 2007]
and annotation [Du et al., 2009]], scene learning [Sudderth et al.,2005]], data compres-
sion [Wood et al., 2009]], and relational modeling [Xu et al., 2006], etc. Though simple
in construction, it does has some interesting interpretations. Below we briefly intro-
duce the Chinese restaurant franchise interpretation of the HDP and the corresponding
stick-breaking construction.

Chinese restaurant franchise The Chinese restaurant franchise (CRF) is an exten-
sion of the Chinese restaurant process to multiple restaurant scenario, where these
restaurants are connected in a hierarchical structure and share a global menu. In all
of these Chinese restaurants, they have an infinite number of tables, each of which
has infinite seating capacity. Each table serves a dish, and multiple tables can serve
the same dish. In the CRF, each restaurant connects to its parent restaurant and
child restaurants in a tree-like structure. A newly arrived customer in a restaurant
can choose to sit at an active table (i.e., a table which at least has one customer), or
choose a new table. If a new table is chosen (i.e. activated), this table will be sent
as a new customer to the corresponding parent restaurant to order a dish, which
means a table in any given restaurant reappears as a proxy customer [Mochihashi
and Sumital 2008] in its parent restaurant. This procedure is illustrated in Figure
The final seating arrangement of customers (including the proxy customers) in the
Chinese restaurant franchise constitutes a hierarchical Dirichlet process distribution.

3 A two level hierarchy case is considered here, generalizing to multiple levels is straightforward
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: real customer
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Figure 4.5: CRF representation of the HDP, where rectangles correspond to restau-
rants, circles correspond to tables, the numbers inside the tables represent dish in-
dexes, and L means “level” in the hierarchy.

Stick-breaking construction for the HDP The stick-breaking construction for the
set of DPs in a HDP is also interesting and useful for posterior inference. [Teh et al.
[2006] prove the formula for the construction. Assume there is an L-level HDP, denote
the index of the parent of the current DP G; as p(j), also let G; has concentration
parameter &;. Then the stick-breaking construction for the whole set of DPs goes as:

e For the top level DP: Gy = Y 37 wodg,:

k-1
woy ~ Beta (1,a0) = wor = wiy [ ] (1 —wpy) -
I=1

e For the subsequent DP: G; = } 3 ; wijdp::

k—1

k
w;.k ~ Beta (zxjwp(]-)k, wj (1 — ;wp(j)l>) = wix = w;kll—! (1 — w},) )

where all the DPs share the same atoms {6y}, which are drawn i.i.d. from the base
distribution H of the top level DP Gy.

Posterior inference for the HDP Approximated posterior inference for the HDP
can be done via several ways such as MCMC or variational inference. In MCMC,
there are mainly three sampling algorithms for the HDP based on the Chinese restau-
rant franchise and the stick-breaking representations, namely, sampling in the Chinese
restaurant franchise, sampling with an augmented representation and sampling by direct
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assignment. These are all presented in [Ieh et al., 2006], and will be omitted here for
simplicity.

4.3 Hierarchal Normalized Random Measures

By applying the same idea as the hierarchical Dirichlet process, it is straightforward
to generalize the HDP to the hierarchical normalized random measure (HNRM).
Recall that a NRM is parameterized by some hyperparameters # (if any), a mass
parameter M, and a base distribution H, denoted as NRM(7, M, H). A realization of a
NRM is a discrete probability measure, denoted as

#~NRM(y, M, H) .

Now suppose we have a set of NRMs, say {NRM (0, Mo, Hy), NRM (%1, My, Hy), - - - }.
To define a hierarchical structure on these NRMs, we can replace the base distribu-
tion H;’s of NRM(#;, M;, H;) with a realization of its parent NRMs, this construction
applies recursively down to other NRMs in a tree structure, and finally we get a set
of NRMs which correlate to each other via their base distributions. Specifically, a two
layer HNRM mixture is defined as

to ~ NRM(79, My, Ho) a parent NRM

i ~ NRM(#;, Mj, pio) for each child NRM j=1,---,]

Yji ~ Hj, xji ~ F(-|ji) generate observations x; fori =1,---,N;,
(4.7)

where F(-|;;) is the cumulative density function for generating observations x;;, and
we denote the corresponding probability density function as f(-[¢j;), which will be
used below.

4.3.1 A generalized Chinese restaurant franchise interpretation of the HNRM

A stick-breaking representation for the general class of HNRM does not seem to be
available, thought there exists some work on constructing stick-breaking processes
for some specific classes of single NRMs such as the normalized inverse Gaussian pro-
cess [Favaro et al.,[2012]] and the general Poisson-Kingman process [James, 2013|]. Fortu-
nately, as a single NRM can be explained as a generalized Chinese restaurant process
conditioned on latent relative mass James et al.|[2009], the HNRM can also be inter-
preted as a generalized Chinese restaurant franchise. Specifically, in addition to the
notion of customers, tables, dishes in traditional CRP, the latent relative mass variable
u; for each NRM (each restaurant) now represents the popularity variable for the cor-
responding restaurant, because the seating arrangement of the restaurant is related
to this variable. Specifically, the seating process goes as:

e The customer for restaurant }j comes into the restaurant:
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— if she is the first customer, she sits at an empty table, orders a dish 6 from
the global menu.

— otherwise, she updates the popularity u; of restaurant y; using the follow-
ing posterior:

K
p(u;j|others) ocu PR HK uj, njx) ,
k=1

where 1, denotes the number of customers in restaurant y; sharing dish
Ok, Yy;(u) and x(u, m) are defined in (3.6) and (3.19), respectively. She then
chooses the following options:

(]/ ]k+)

* with probability proportional to K(i ) Joins an exist table serving
o'tk

dish 6y;

* with probability x(u;, 1) opens a new table and order a dish 6 from
the global menu.

e Whenever a new table is opened in restaurant y;, it serves as a new customer
coming into y;’s parent restaurant y, ), and the seating arrangement in this
restaurant follows exactly the same process as its child restaurant y;. This
process recurses up to the hierarchy until reaching the top level.

The above procedure summarizes the generalized Chinese restaurant franchise
interpretation of the HNRM. It can be understood by noting that given customers*
in each restaurant y;, the NRMs represented by these restaurants are independent.
As a result, we can use the results from the posterior of a single NRM described in
Chapter [3| to get the prediction rules for each restaurant, which correspond to the
seating rules described in the above generalized Chinese restaurant franchise.

4.3.2 A marginal sampler for the HNGG

As mentioned above, no closed form stick-breaking construction exists for the gen-
eral HNRM family, thus posterior inference does not seem to be available from the
stick-breaking point of view. However, the marginal sampler based on the above
generalized Chinese restaurant franchise interpretation can be derived. This section
describes a marginal sampler for a specific class of the HNRM-hierarchical normal-
ized generalized Gamma processes (HNGG). Samplers for the general HNRM follow
similar strategies as the HNGG and will be omitted. The auxiliary variable we need
to introduce is the latent relative mass defined Chapter 3| (corresponds to the popularity
variables defined above). This section considers the case of two layer HNGG as in
(@.7) with NRM replaced by NGG, multiple layer case can be generalized straightfor-
wardly.

Following the Chinese restaurant process metaphor, denote 7 as the number of
customers eating dish 0y in restaurant p; where 6;’s are distinct values among all

“Note for the internal restaurants their customers are actually tables in their child restaurants.
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Pji’s in @, ti as the number of tables serving dish 6 in restaurant y;, K as the
total number of distinct dishes currently served in all restaurants. The sampling
procedure then mimics the direct assignment sampler for the HDP [Teh et al., 2006].
After integrating out the random measures G;’s (resulting in the generalized Chinese
restaurant franchise representation), the variables needed to be sampled are dish
index sj; for each customer x;;, the number of tables ¢ in restaurant /;, the popularity
variable u; for restaurant y; and mass hyperparameters My and M for the NGGs in
the first and second levels, respectively. Denote the whole parameter set as C, the
sampling procedure then goes as:

e Sampling dish index s;; for customer xj;: this adopts a similar formula with
the HDP, this can be summarized with the following proposition, see appendix
in Section [4.7] for the proof.

Proposition 4.5. Define 8 as the prediction probability vector for g conditioned on
other variables, e.g.,

ﬁt’x(t.l—O’,"',t.K—U,U'Mo(l—I—uO)U) , (4.8)

such that B is a probability vector. The conditional posterior of sj; satisfies

( KIC—s) (n]/k]l + 0 (M(1+4 U;)7Bi — 1)) k\jl(x]-i) if k already exists
p(s;; = k|C —sj;)
’ P oM+ U)o B [ £(xii]0)(6)d6 ifk = K+1is new,
(4.9)
where /1 means the statistics after removing the (i,j) term, h is the density of H;
\il B J f(x16x) Hj’l’#jl,sj,ﬂ:k,gj/l,:rf(xj’l’|9k)h(9k)d9k
v (X)) = TT 715y oy TG

is the conditional density.

Note since sj;’s change the statistics, the random vector B should be updated
in each iteration with p’s posterior prediction probabilities according to (4.8)
with the current statistics.

e Sampling restaurant popularity variable u;: conditioned on other variables,
sampling for u; is similar to a single NRM case. Based on results from Sec-

tion 3.5.1.2} the posterior of u; is:

ni.—1
u.”

(u:|C — u;) R (4.10)
p ] ] (1—|—1/l]')n]' tio

This posterior is proved to be log-concave after a change of variable as V; =
log(u;), thus can be efficiently sampled using the adaptive rejection sampler [Gilks
and Wild, 1992] or the slice sampler [Neal, 2003]. Similarly the posterior of ug
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is given by:

yt1 o
1 C— UO) P 0 — e*MU 1+1)°0 ,

p( ‘ (1 +u0)t.. Koy
e Sampling #tables tj; in restaurant y;: this follows by simulating a generalized
Chinese restaurant process [Chen et al., 2012b|] described in Section Con-
ditioned on all other statistics, in restaurant y;, the probability of creating a new
table for dish 6y is proportional to (1, — ), while the probability of creating
a new table is proportional to ecM(1 + u;)?. At the beginning, tj is initialized
to 0, then the customers are added in one by one. If a new table is created, j
is increased by one. At the end of this generating process, tj is equal to the

number of tables created.

e Sampling mass parameters M and M,: Using Gamma priors for M and My,
the posterior are simply Gammas as:

M|C — M ~ Gamma <ZK]-+EIM,Z(1 +U;j)” +bum —]) ,
] j
M0|C—M0NGamma(K+ao,(1+Uo)‘7+b0—1) ,

where K; denotes the number distinct dishes served in restaurant p;, (aum, bm)
and (ag, by) are hyperparameters for the Gamma prior of M amd M), respec-
tively.

Finally, conditioned on all other variables, sampling ¢ can be done similarly as
the NGG mixture case in Chapter |3 it is omitted here for simplicity. In practice, we
can simply choose a suitable value and fix it during inference.

4.4 Experiments

In this section, the use of HNGG in topic modeling [Blei et al., 2003], as well as the
efficiency of the sampling algorithms and comparison with some related models are
demonstrated

4.4.1 On a small dataset

First, a small dataset of 5 years” abstracts of papers published in ICML (2007-2011)
is used. After simple removal of stop words, 764 documents are left with a total
of 715,127 words and a vocabulary of size 1,918. In all the experiments, 80% of
the documents are randomly chosen for training and 20% for testing. The number
of iterations used for burn in is set to 2,000, then another 500 iterations are used
to collect related statistics. Each experiment is repeated for 10 times with random
initializations, means and variances are reported.
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Comparisons The HNGG is compared with LDA [Blei et al., 2003] and HDP [Ieh
et al., 2006], the standard topic model and the corresponding Bayesian nonparametric
extension. All the models are implemented in C/C++. In topic modeling, the base
distribution H is a symmetry Dirichlet distribution with parameter f, e.g., each draw
¢x from H is a topic-word distribution distributed as

¢x ~ Dirichlety (B) ,

where V is the vocabulary size. In the experiments, B is set to 0.1, all other param-
eters are sampled during inferences. Note the latent relative mass in HNGG can be
sampled using the slice sampler or the adaptive rejection sampler. The slice sampler
is used in this experiment, however, these two samplers will be compared in the next
experiment. In addition, the ¢ is chosen as 0.1 in this experiment, other values will
be studied later as well. For quantitative evaluation, the perplexity measure used in
topic models [Wallach et al., 2009] is adopted. Figure |4.6| plots the training and test
perplexities for different models, where for LDA, the number of topics varies from
10 to 100. From the figure we can see that with increasing number of topics, training
perplexity in LDA keeps dropping, and finally achieves a little bit lower than the
HDP and HNGG?®; while for the test perplexity, HDP and HNGG are consistently
better than LDA, with HNGG slight outperforms HDP due to the flexibility in the
distributional modeling.

1150
- LDA_tr
600 -
--LDA_te 1100 . I ___________
z I Jrreeeeees fee
E 500 -~ HDP_te '5 1050 1
S . -
g |- e ~HDP | 21000 —
400 =T T -~ HNGG_te < QSO&iifiii?iif]iiiifﬁfiii{iifiifﬁiiifiififfffj
S ~~HNGG_tr
Mo 30 _so 70 100 %9 3 s 70 100
#topics #topics
(a) training perplexities (b) test perplexities

Figure 4.6: Training and test perplexities for different models.

The posterior number of topics learned from HNGG and HDP are plotted in
Figure It can be seen that with ¢ = 0.1, HNGG generates less number of topics,
indicating word distributions in HNGG tend to be more compact than those in HDP.

Adaptive rejection sampler VS. slice sampler Note due to the log-concave prop-
erty of the restaurant popularity variables u;’s, they can be sampled with either
slice or adaptive rejection samplers. In this experiment these two sampling schema
are compared. The two samplers are implemented based on codes from [Johnson]

5Tn practice training perplexity for different models is not a fair metric for comparison, usually test
perplexity is used instead to evaluate the generalization ability of the models.
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Figure 4.7: Posterior number of topics learned in HNGG and HDP.

and [Gilks], respectively. Training and test perplexities are compared with ¢ ranging
among (0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9). Figure plots the compared
results for the two schema. From the figure we can find that these two sampling
schema are comparable in term of perplexity, but statistically the adaptive rejection
sampler seems slightly better.
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Figure 4.8: Comparison with the slice sampler and adaptive rejection sampler.

To further test how these two sampling schema impact the model, the effective
sample size (ESS) among 1000 iterations are calculated. The mass parameters M;, sum-
mation of u;, the total number of topics K, training and test likelihoods are chosen as
the statistics for ESS calculation. Figure shows the minimum, maximum, mean
and median ESS for the two samplers. We can see from the figures that although
the two samplers perform quite similarly, again statistically the adaptive rejection
sampler seems to has higher ESS than the slice sampler.

4.4.2 On a larger dataset

Now the HNGG is applied to a larger dataset-a political blog dataset containing six
political blogs about the U.S. presidential election [Eisenstein et al., 2011]. The same
procedure is performed as in [Eisenstein et al., 2011]] to pre-process this data. Finally,
the dataset is composed of 9461 documents with vocabulary size 13,644 and 2,051,708
words. The parameter setting is the same as in the small dataset in the last section.
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Figure 4.9: Effective sample sizes for the slice sampler and adaptive rejection sampler.

First, the training and test perplexities are compared using HNGG, HDP and
LDA. For HNGG, four settings of the o parameter are tested, i.e., o = (0.01, 0.1, 0.2,
0.3), respectively, while all other parameters are sampled during inference. Also, the
adaptive rejection sampler is used since it is shown to be better than the slice sampler
in the last section. For the LDA model, the number of topics varies among (10, 30,
50, 70, 100), 120). Each experiment is repeated for 5 times, means and variances of
the results are reported. Figure plots the training and test perplexities for the
three models. We can see that HDP and HNGG are able to generate comparable per-
plexities to the best LDA model (with number of topics being 120), whereas HNGG
with parameter o = (0.1,0.2,0.3) is comparable to the HDP (the HNGG is better than
the HDP in test perplexity with ¢ = 0.1), indicating more flexibility of the HNGG
than the HDP in term of power-law distribution modeling. Next, as an illustration,
Table 4.1|shows top 10 words from 10 randomly chosen topics learned by the HNGG.
We can see clearly that HNGG successfully recovers some interesting topics hidden
in the dataset. Finally, note that the inference algorithm for the HNGG is fairy fast.
In the experiments, it is observed comparable running time with the HDP model,
demonstrating the efficiency of the proposed sampling algorithm.

4.5 Topic-word distribution modeling

To show the flexibility of HNRM (specifically HNGG) over models like HDP, we
compare them in topic models where HNGG/HDP are used to model topic-word
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Figure 4.10: Comparison of LDA, HDP and HNGG on the CMU dataset
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Table 4.1: 10 topics learned from HNGG on CMU dataset
“taxes” “health “voting” “people “middle | “climate” | “financial
care” & family” east” change” crisis”

tax health Obama women Obama global financial
governm’t | care mccain life Israel warming | crisis
economic | union percent family Jewish climate bailout
economy | workers voters us Barack change governm’t
taxes insurance | poll people policy gore market
spending | auto among young American | science wall
money labor democrats | day Jews scientific | street
billion industry polls men foreign ice fannie
pay unions points American | middle earth treasury
jobs companies | election children | east scientists | mortgage

distributions over all documents instead of topic distributions for each document.
The generative process can be described as:

e Draw a global topic-word distribution:

¢° ~ NGG(0p, Mo, H) ,

where H is a uniform distribution over vocabulary words.

e For each topic, draw its topic-word distribution:

e For each document d:

P ~ NGG(U’, M, (PO),

- draw its topic distribution: 6; ~ Dir(a).

k=1,2,---,K.

— for each word index ¢ in document d:
* draw its topic indicator: zz ~ Dir(6;).
* draw the observed word: wg, ~ Dir(¢,,, ).

The HDP version of the model is obtained by replacing HNGG with HDP in the
above generative process. As it is known that natural language exhibits Zipf’s law
which is in correspondence with the power-law property in NGG, we expect models
using the NGG to perform better than those using DP. For this experiment, we extract
two datasets from the Reuters RCV1 collection® about disasters and entertainment, the
Reuters categories GDIS and GENT respectively. Sentences were parsed with the C&C
Parser’, then lemmatised and function words discarded. GDIS has a vocabulary of
size 39534 and total documents of 9097; while the GENT dataset has 4126 documents

6Reuters Corpus, Volume 1, English language, 1996-08-20 to 1997-08-19 (Release date 2000-11-03).
"http://svn.ask.it.usyd.edu.au/trac/candc
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and 43990 words in the vocabulary. The number of topics in the models are set
between {10,20,30,50}, the Dirichlet prior for the topic distribution is set to 0.1,
while sampling all other parameters during inference. A burn in of 1000 iterations
is used in the experiment followed by 200 iterations to collect samples from the
posterior. Test perplexities are then calculated based on a 20% held-out data, and
are plotted in Figure It can be seen from the figure that models using NGG are
consistently better than those using DP in term of test perplexity, demonstrating the
advantages of NGG over DP.
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Figure 4.11: Comparison of HDP and HNGG for topic-word distribution modeling
on GDIS and GENT datasets.

4.6 Conclusion

This chapter presents the first dependent normalized random measure to model hier-
archical dependency, thus called hierarchical normalized random measures (HNRM).
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The construction follows the same procedure with the hierarchical Dirichlet process
(HDP) [Teh et al, 2006]. Due to the complicated posterior structure, the HNRM
does not endow convenient properties as with the HDP, such as the stick-breaking
construction. However, by applying the auxiliary trick as in the normalized ran-
dom measure framework, posterior inference for the HNRM can still be done via
efficient marginal Gibbs sampler®. A generalized Chinese restaurant franchise inter-
pretation is also proposed to describe the posterior sampling for the HNRM. Typical
topic model experiments are tested on the HNRM, which is compared with the LDA
and HDP-LDA topic models. Experimental results show that HNRM together with
the HDP overcome the model selection difficulty in traditional Bayesian models, i.e.,
choosing the right number of topics, and obtain comparable results to the best LDA
model. Furthermore, experimental results also show an improvement in perplexity of
the HNRM over the HDP in topic distribution modeling, indicating the greater flexi-
bility of the HNRM. Note that the HNRM is reminiscent of the Coag-Frag duality of
a class of stable Poisson-Kingman mixtures James|[2010, 2013|] but with distinct pos-
terior inference techniques. However, it would be interesting to borrow ideas from
James [2010] to construct continuous time generalized Chinese restaurant processes,
like the fragmentation-coagulation process does Teh et al. [2011].

4.7 Appendix: Proofs

Proof of Proposition To see how the above formula is obtained, note that for x;; in
restaurant Hj, we have

’MQ ~ NGG(O'(), Mo, H), l‘l/l]‘ ~ NGG(O’, M, ]/lo) .

Furthermore, according to Corollary conditioned on other statistics, the poste-
rior of pg is a NRM p, expressed as:

K K
/ Work
= —+ 0y, = + dg, . 411
1o = Mo k; T woe Ho k;ﬁk 0, (4.11)

The last equation satisfies because wy’s (k < K) represent the jump sizes of the atoms
with observations, thus are the posterior prediction probabilities of yg. As a result,
according to Corollary the predicted distributions can be written as

) ul (8 if k already exist
p(sji = k|C — sji) o (nfk (7) Ho(Ok) PRATREEE T )
oM(1+ U;) u(0/{6p}K_;) if kis new,

Substituting (4.11) into the above predicted probabilities and simplifying results in
(4.9). O

8 Almost the same running time on average compared to HDP.



Chapter 5

Dynamic Topic Modeling with
Dependent Hierarchical
Normalized Random Measures

5.1 Introduction

The hierarchical normalized random measure (HNRM) introduced in Chapter 4|is a
flexible and powerful tool for hierarchical dependency modeling. However, real data
might not only exhibit hierarchical dependency; other kinds of dependencies such as
the Markovian dependency are also desired. This chapter presents a time dependent
hierarchical model by extending the HNRM with Markovian dependent structure to
describe time evolving phenomena in dynamic topic modeling.

The motivation for the proposed model is to describe topic evolution in topic
models — dynamic topic models. In dynamic topic models, we want both hierarchi-
cal and Markovian dependencies, where the former models documents in the same
time span, whereas the later models topic evolution over time: current topics depend
on topics from previous time and will influence future topics as well. This chapter
combines the ideas of HDP/HNRM with the Markovian dependency operations [Lin
et al.,|2010], and proposes a Markovian dependency hierarchical normalized random
measures by manipulating the underlying Poisson processes and the corresponding
completely random measures [Kingman, 1967]. These operators in Markovian de-
pendency modeling are intuitive and allow flexibly control of topic correlations. Note
a related construction in the statistical literature is made by A. Lijoi and B. Nipoti
and I. Prunster|[2013a], but it deals only with modeling two groups of data.

As hierarchical modeling via HNRM has been studied in Chapter {4} the Marko-
vian dependency modeling will be the focus of this chapter. As is shown in pre-
vious chapters, an NRM is constructed from the Poisson process, thus to construct
Markovian dependent NRMs, it suffices to construct Markovian dependent Poisson pro-
cesses. This is achieved by defining some dependent operations on the Poisson pro-
cess. Such a construction not only achieves more flexible modeling, but also allows
a dependency structure to be theoretically analyzed. In the following sections, the
dependency operations on Poisson processes, e.g., superposition, subsampling and point

79
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transition stated in Theorem 2.4} Corollary 2.8 and Corollary[2.9) are adapted to CRMs
and NRMs in Section Properties when applying these dependency operations
to NRMs are then given in Section The dynamic topic model based on these
operations is presented in Section [5.4{ with experiments given in Section Finally
proofs are given in the Appendix, Section

5.2 Markovian Dependency Operations

This section introduces the dependency operations used in this chapter. These are
developed for CRMs and NRMs adapted from those in Poisson processes introduced
in Chapter

5.2.1 Operations on CRMs

The dependency operations defined on Poisson processes in Chapter 2| can be natu-
rally generalized to the completely random measures given the construction of (3.2).
Formally, we have

Definition 5.1 (Superposition of CRMs). Given n independent CRMs jiy, - - - , fi, on
O, the superposition (&) of the CRMs is defined as:

,ﬂléﬁZ@@,ﬁn :V1+V2++Vn

Definition 5.2 (Subsampling of CRMs). Given a CRM i = Y7, widp, on O, and a
measurable function g : ©® — [0, 1]. If we independently draw z(0) € {0,1} for each
6 € © with p(z(0) = 1) = q(8), the subsampling of /i, is defined as

S1(ft) := Y z(0k)widy,, (5.1)
k

Definition 5.3 (Point transition of CRMs). Given a CRM i = Y ;2 , widp, on O, the
H k=1 k

point transition of fi, is to draw atoms Gl/c from a transformed base measure to yield

a new random measure as

T(ﬁ) = Zwkég;( ,
k=1
where 6 ~ T(6¢) and T : © — © is a transition kernel.

5.2.2 Operations on NRMs

The operations on NRMs can be naturally generalized from those on CRMs by doing
a normalization step:

Definition 5.4 (Superposition of NRMs). Given n independent NRMs pq, - - -, p, on
O, the superposition (&) of NRMs is defined as:

Vl@]/lz@@‘un 2:C1‘I,{1—|—C2‘1,[2+..._|_Cnl/ln.



§5.3 Dependencies and Properties of Operations 81

where the weights ¢, = ZV "}‘1(.%) and fi,, is the unnormalized random measures cor-
] ]

responding to pi.

Definition 5.5 (Subsampling of NRMs). Given a NRM p = Y7, widg, on O, and a
measurable function q : ©® — [0, 1]. If we independently draw z(0) € {0,1} for each
6 € © with p(z(0) = 1) = gq(6), the subsampling of y, is defined as

Wy

ST(u) = =05, , (5.2)
(‘u) k:z((—)zk)zl Z;]Z(Gf)w] ’

Definition 5.6 (Point transition of NRMs). Given a NRM p = Y12 ; widp, on O, the
point transition of y, is to draw atoms 6, from a transformed base measure to yield
a new NRM as

T(‘Ll) = Zwkégll( ,
k=1

where 0, ~ T(6;) and T : ©® — © is a transition kernel. The definitions are
constructed so the following simple lemma holds.

Lemma 5.1. Superposition, subsampling or point transition of NRMs is equivalent to su-
perposition, subsampling or point transition of their underlying CRMs.

Thus one does not need to distinguish between whether these operations are on
CRMs or NRMs.

5.3 Dependencies and Properties of Operations

Based on the dependency operators defined above, this section presents a number of
results to do with these operations applied to the NRMs. First, dependencies such as
covariances are presented. Then some further properties are developed for when the
operations are used in a network.

5.3.1 Dependencies between NRMs via operations

Properties of the NRMs here are given in terms of the Laplace exponent i(v) de-
fined in and its derivatives. In the Dirichlet process case, we have ¢(v) =
Mlog(1 + v), while in the normalized generalized Gamma process case, we have
Pa(v) = M ((1+1v)" —1). Because the dependencies involve the total mass signifi-
cantly, a modified version of the Laplace exponent is used in all these results, defined
as P, (v) = L, (v) with the mass parameter M removed.

Different from the Dirichlet process, the total masses M are no longer indepen-
dent from their normalized jumps in general normalized random measures. How-
ever, the correlations between different NRMs can still be derived. The following
Theorems summarize these results.
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Lemma 5.2 (Mean and Variance of an NRM). Given a normalized random measure y on
© with the underlying Lévy measure v(dw,df) = Mp,(dw)H(d6), for VB € B(®). The
mean of this NRM is given by

E[u(B)] = H(B) . (5.3)

The variance of this NRM is given by
Var(u(B)) = H(B)(H(B) —1)M
/0 vy (v) exp { —Mipy (v) } do . (5.4)

Remark 5.3. For DP, the corresponding variances are:

H(B)(1— H(B))

Varpp(u(B)) = M1

For NGG, it is

1—0

1 1
Varyee (1(B)) = H(B)(1 — H(B))——¢MM?|[(——, M)
For large M the upper incomplete Gamma function used here has the property that
eMMI+s IT(—1,M)| — 1 and so we get for large M

1-0
Varnce(p(B)) — H(B)(1 - H(B))W :
Theorem 5.4 (Dependency via superposition). Suppose p;,i = 1,--- ,n are n indepen-
dent normalized random measures on © with the underlying Lévy measures v;(dw,df) =
Mo, (dw)H(d6), let 4 = p1 © - - - © pu, B € B(O), then the covariance between py(k < n)
and y is

Cov (uk(B), u(B)) =
H(B)M | y(My, H(B),0) exp {—(2 M;-)zﬁn(v)} do
’ j#k
s [ 2Myg B
+H(B) (Zij 1) . (5.5)
where
v(My, H(B),v) = (5.6)

7 (HBIM (002 = §(01)) exp {~Mighy (01)} doy

Theorem 5.5 (Dependency via subsampling). Let fi be a completely random measure on
® with Lévy measure v(dw,df) = Mp,(dw)H(df), u = %. The covariance between u
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and its subsampling version S7(u), denoted as w7, with sampling rate q(-) on B € B(0O) is

Coo (7(B), (B) =
H(B)M, [ 7(My, H(B),0) exp {~(M — M), (0) } do

2Mq—M>

+ H(B)? < m (5.7)

where M, := (qf1)(0) = [, q(0)

Theorem 5.6 (Dependency via point transition). Let ji be a random measure on © with

Lévy measure v(dw,d6) = Mp,(dw)H(df), u = %. Let B € B(®), A = T(B) :=

{x x ~ T(y,- ) y € B} be the set of points obtained after the point transition on B, thus
= [zH ))dx. Suppose A and B are disjoint (which is usually the case when

the tmnsztzon opemtor T is appropriately defined), the covariance between y and its point
transition version T(yu) on B € B(O) is

Cov (u(B), (Tu)(B)) = H(A)H(B) (5.8)
<M2/O /0 1 ¥y (v2)? exp { =My (v2) } dopdoy — 1>

5.3.2 Properties of the three dependency operations

To start with, the following two Lemmas about superposition and subsampling of
CRMs are proven. First, a straightforward extension of [Theorem 1 James et al., 2009]
leads to the following Lemma about the posterior of CRMs under superposition.

Lemma 5.7 (Posterior of CRMs under superposition). Let fiy, fiz, - - -, iy be n indepen-
dent CRMs defined on space ©, with Lévy measures v;(dw,df) = M;p;(dw)H(d6) for
i=1,---,n. Let

A= el (5.9)

Then given observed data X = (x; € ©)N | with distinct values {6} from ji/ji(©), and a
latent relative mass u for ji’, the posterior of ji, denoted as ji’, is given by

K
il =jlo+ ) wiby,, (5.10)
k=1

where

1. fig is a CRM with Lévy measure

i=1

v(dw,df) = e <i v;(dw, d9)> ,

2. 0 (k =1,---,K) are the fixed points of discontinuity and wy’s are the corresponding
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jumps with densities proportional to

p(wy|-) ocwre™ (Z Vi(wk:@)> ,
i

where ny is the number of data attached at jump wy.
3. flg and wy’s are independent.

Furthermore, the posterior of u is given by

p(u|others) oc uN e~ EiMi fr+ (1-exp(-uw))pi(dw) I - we™ ", (dw) ,
K

where r(k) indexes which fi; the atom 6y comes from.

Second, the following formula of the Lévy measure under different dependency
operations can also be proved.

Lemma 5.8 (Lévy measure under dependency operations). Let ji = )} 2, widq, be a
CRM with Lévy measure v(dw, d@).

o Let S7(ji) be its subsampling version with acceptance rate q(-), then S(ji) has the
Lévy measure of q(0)v(dw, do).

o Let T(fi) be its point transition version, where v(dw,df) = Mp,(dw)H(d6). Then
its Lévy measure is Mp, (dw)T(H)(d6) where T(H) is the transformed base measure.

e Let iy & jfip be the superposition, then its Lévy measure is v1(dw, d6) + vo(dw, db).

Now based on the above lemmas, some properties about compositions of the
dependency operations are given, which follow simply.

Lemma 5.9 (Composition of dependency operators). Given CRMs jfi, ji’ and ji”’, the
following hold:

o Two subsampling operations are commutative. So with acceptance rates q(-) and q'(-),
then S7(S9(ji)) = S7(S7 (fi)). Both are equal to S79(fi)).

o A constant subsampling operation commutes with a point transition operation. Thus
STU(T(f1)) = T(S7(ji)) where the acceptance rate q is independent of the data space.

o Subsampling and point transition operations distribute over superposition. Thus for
acceptance rate q(-) and point transition T(-),

Sipeop) = S @) oS (), Tpep) = T(R) & T(F).

e Superposition is commutative and associative. Thus i ® ji’ = fi’ ® fiand (i D ji') ®
pr=po (@ en")
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Thus when subsampling operations are all constant, a composition of subsam-
pling, point transition and superposition operations admits a normal form where all
the subsampling operations are applied first, then the transition operations and lastly
the superposition operations.

Lemma 5.10 (Normal form for compositions). Assume subsampling operations all have
a constant acceptance rate. A normal form for a composition of subsampling, point transition
and superposition operations is obtained by applying the following rules until no further can

apply.

(1) — S7(j)),
SUT(@) — T(S"(@)),
Slpop) — S1pesi(i),
Tpop) — THE)ST(H).

The remaining top level set of superpositions are then flattened out by removing any prece-
dence ordering.

Finally, note that Lemmas and all apply to NRMs as well due to
Lemma thus the specific results for the NRM will be omitted here.

5.4 A Dynamic Topic Model based on dependent NRMs

5.4.1 Motivation

As is shown before, dependency modeling with HDP or HNRM is appealing because
of its ability of flexible dependency modeling as well as the ease of implementations.
However, when modeling dynamic data, they do not fit well because the underlying
assumption of HDP and HNRM is the full exchangeability of the DPs/NRMs, this
violates the intuition that we might want the content of ICML literature depends on
previous years’ so order is important.

To overcome the full exchangeability limitation, several dependent Dirichlet pro-
cess models have been proposed, for example, the dynamic HDP [Ren et al., 2008],
the evolutionary HDP [Zhang et al., 2010], and the recurrent Chinese Restaurant
process [Ahmed and Xing), 2010]]. Dirichlet processes are used partly because of their
simplicity and conjugacy which make the posterior inference easy [James et al., 2006].
These models are constructed by incorporating the previous DP’s into the base dis-
tribution of the current DP. Markovian dependent DPs have also been constructed
using the underlying Poisson processes [Lin et al., [2010]. However, recent research
has shown that many real datasets have the power-law property, e.g., in images [Sud-
derth and Jordan, 2008], in topic-word distributions [Ieh} 2006a], in language models
[Goldwater et al., 2006} [Johnson et al., 2007] and in document topic (label) distri-
butions [Rubin et al., 2011]. This makes the Dirichlet process an improper tool for
modeling these datasets.



86 Dynamic Topic Modeling with Dependent Hierarchical Normalized Random Measures

Although there also exists some dependent nonparametric models with power-
law phenomena, their dependencies are limited. For example, Bartlett et al. [2010]
proposed a dependent hierarchical Pitman-Yor process that only allows deletion of
atoms, while Sudderth and Jordan| [2008] construct the dependent Pitman-Yor pro-
cess by only allowing dependencies between atoms.

In the following, using the dependency operations defined above, a time depen-
dent hierarchical model for dynamic topic modeling based on NRMs is constructed.
By this, the dependencies are flexibly controlled between atoms of the NRMs, result-
ing in more flexible dependency modeling.

5.4.2 Construction

The main interest of the model is to construct a dynamic topic model that inherits
partial exchangeability, meaning that the documents within each time frame are ex-
changeable, while between time frames they are not. To achieve this, it is crucial to
model the dependency of the topics between different time frames. In particular, a
topic can either inherit from the topics of earlier time frames with certain transfor-
mation, or be a completely new one which is "born" in the current time frame. The
above idea can be modeled by a series of hierarchical NRMs, one per time frame. Be-
tween the time frames, these hierarchical NRMs depend on each other through three
dependency operators — superposition, subsampling and point transition, which are de-
fined previously. The corresponding graphical model is shown in Figure 5.1left) and
the generating process for the model is as follows:

e Generating independent NRMs i, for time frame m =1, --- ,n:
tm|H, 10 ~ NRM(n0, Mo, H) (5.11)

where M) is the mass parameter for y,, and H is the base distribution, 7 is the
set of hyperparameters of the corresponding NRM, e.g., in NGG, 179 = 0.

e Generating dependent NRMs y;, (from p,, and p, ;), for time frame m > 1:

o = T(ST (1)) © pm - (5.12)

where the three dependency operators superposition (®), subsampling (S7(-))
with acceptance rate g, and point transition (T(-)) for NRMs have been defined
above.

e Generating hierarchical NRM mixtures (pj, Omji, Xpji) for time frame m =
1,---,n,documentj=1,--- Ny, word i =1, - -, Wy;:

fomj ~ NRM (17, My, 10y, (5.13)
Omjil mj ~ Mmjs  XmijilOmji ~ F(-|Omji)

where M, is the total mass for y,, F(:|0,,;) denotes the cumulative density to
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generate data x,;; from atom 6,,; with the corresponding density function as
f(+), which is essentially the multinomial distribution in topic modeling.

5.4.3 Reformulation of the model

Note it is found that directly dealing with the above model is challenging, thus the
model is reformulated with the following theorem.

Theorem 5.11 (Equivalence Theorem). Assume the subsampling rates q(-) are indepen-
dent (constant)! for each point of the corresponding Poisson process, the following dependent

random measures and are equivalent:

o Manipulate the normalized random measures:
P ~ T(8(p3y—1)) © Hm, form > 1. (5.14)

o Manipulate the completely random measures:

firy ~ T(S9(fiy, 1)) @ fim, for m > 1.
~/
A m

Furthermore, both resulting NRMs ,,,’s correspond to:

@) ©)
[T L T" 7 (u;), form > 1

L we
where g™ I fi is the random measure with Lévy measure ¢"~1(0)v(dw, d), and v(dw,dd)
is the Lévy measure of ji. T™ () denotes point transition on y for (m — j) times .

Note that from the above theorem we can think of ), as a linear combination of
1;’s, however, it does not necessary to say that the Lévy measure of ;, is a linear
combination of y;’s. Actually, their relationship is much more complicated due to the
subsampling operation, as can be seen in the next two chapters. On the other hand,
it provides us a reasonable approximation for posterior inference of such Markovian
dependent models, where we first instantiate the atoms in y;’s, and do the operations
on these atoms to construct p,. Such kind of approximation will be used in the
dynamic topic model defined above for efficient posterior inference.

Specifically, Theorem allows us to first take superposition, subsampling, and
point transition on the completely random measures fi;’s and then do the normaliza-
tion. Therefore, by using the theorem, the dynamic topic model in Figure [5.1{left)
can be shown to be equivalent to the model in the right by expanding the recursive
formula in (5.15).

As a result, the generating process of the reformulated model is:

IThis assumption is to deal with the case when considering point transition, meaning we can drop
this assumption if no point transition operation is considered.



88 Dynamic Topic Modeling with Dependent Hierarchical Normalized Random Measures

T(S7(3))

@
G
@

@
@
B)

()
¢
®

S

1 N Nim 137}'1 1 N; i Nn

t2 tm tn tl t2 tm tn

Figure 5.1: The time dependent topic model. The left plot corresponds to directly

manipulating on normalized random measures (5.14), the right one corresponds to

manipulating on unnormalized random measures (5.15). T: Point transition; S7: Sub-
sampling with acceptance rate g; ®: Superposition. Here m = n — 1 in the figures.

e Generating independent CRM’s fi,, for time frame m = 1,---,n, following

(3.2).
e Generating y;, for time frame m > 1, following (5.15).
e Generating hierarchical NRM mixtures (4j, Omji, Xmji) following (5.13).

The reason for this reformulation is because the inference on the model in Fig-
ure [5.1(left) appears to be complicated. In general, the posterior of an NRM intro-
duce complex dependencies between jumps, thus sampling is difficult after taking
the three dependency operators.

On the other hand, the model in Figure [5.1(right) is more amenable to computa-
tion because the NRMs and the three operators are decoupled. It allows us to first
instantiate the dependent CRM’s, then apply dependency operators on the corre-
sponding atoms. As a result, the sampling procedure will be performed based on
the model in Figure [5.1{right).

5.4.4 Sampling

To introduce the sampling method, the familiar Chinese restaurant metaphor (e.g.
[Teh et al., 2006]) is used to explain key statistics. In this model customers for the
variable p,,; correspond to words in a document, restaurants to documents, and
dishes to topics. In time frame m,

® Xxyji: the customer i in the jth restaurant.

e syji: the index of dish that x,,j; is eating.
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® Myjk: Mjk = Yi 0s,,;_, the number of customers in y,,; eating dish k.
ety the table 7 in the jth restaurant.

® {yjr: the dish that the table ¢, is serving.

i Mo = L L O4,;,=k, the number of customers? in p/, eating dish k.

e n mk

=1 ) /

_ . ~/ . .
o i1, . i = n, ., the number of customers in fi;, eating dish k.

o Tyt flyyk = Lpyrsm 1y, the number of customers in fi,, eating dish k.
The sampling is done by marginalizing out y,j’s. As it turns out, the remaining
random variables that require sampling are s,,j;, 11,,,, as well as

k k

Note the t,, and ¥, are not sampled as the n,,, are directly sampled. Thus the
sampler deals with the following latent statistics and variables: s, s Wik, Why
and some auxiliary variables are sampled to support these.

Sampling w,. Given 7, the fi;,’s are treated independently, thus the slice sampler
introduced in [Griffin and Walker, 2011] is used to sample these jumps 3, with the
posterior given in (3.43). Note that the mass parameters M,s are also sampled
conditioned on other variables, see Section for the formula for a single NRM.
The resulting {w,} are those jumps that exceed a threshold defined in the slice
sampler, thus the number of jumps is finite.

Sampling w/ .. w/  is obtained by subsampling of {w,,x }w<*. By using a Bernoulli
variable z,,,

’ W'k if Zmk = 1
Wik = .
0 if z, =0.

The posterior p(z,x = 1|fim, {1, }) is computed to decide whether to inherit this

jump to ji;, or not. The posterior p(zux = 1|fim, {7i],}) is given by the following
corollary, please refer to the appendix for the proof.

Corollary 5.12 (Posterior acceptance rates in sampling w/, ). The posterior p(z, =
iy, {71!, }) is computed as:

2The customers in #/, corresponds to the tables in }mj- For convenient, we also regard a CRM as a
restaurant.

3Strictly speaking, an approximation is adopted here where we slice sample on the CRMs without
considering the impact of the subsampling using techniques from [Griffin and Walker, [2011]. However,
this results in slightly different posterior Lévy measure from ji,, to the true one. Detailed analysis of
the true posterior Lévy measure with subsampling can be found in Chapter

“Since all the atoms across {ji,,} are unique, w/,, is inherited from only one of {w,}.
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o Ifit) , >0, then p(zyx = 1|fim, {7, }) = 1.

o Otherwise,

qm—m’/]m
g T+ (L= =) / ]

p(zmk = Uftm i }) = (5.16)

where

In practice, the infinite sum J;, is hard to compute. There are two approximation
strategies here: one is to rely on a truncated version; the other is to simply use the
approximation of rescaling the jump sizes of the original CRM with a factor of g as:

Wy = 4" " W, (5.17)

which are then used in the sampling. The intuition can be explained as follows:
when wy — 0 (which is usually the case for the infinite many small jumps), |, K T
as well, thus the posterior approaches the prior: p(z, = 1) = ¢" . Now
using the prior, and integrating out z,,;'s we get the rescaled formula (5.17). The
implementation of the model adopts this approximation due to its simplicity.

After the sampling of {w/ ]}, they are further normalized, and the NRM p;, is
obtained: y}, = Yi kb, where 1y = w!, /Y Wl
Sampling s,,ji, 1,,. This follows similar strategies as for the HNRM introduce in
Chapter ] The sampling method goes as follows:

e Sampling s,,;;: A similar strategy called the sampling by direct assignment al-
gorithm for the HDP [Teh et al) 2006] is used to sample s, the conditional
posterior of s,,; is:

p(smji = k|-) o (wi + WoMuT i) f (Ximji|0k)

where wy, wy and M,, depend on the corresponding Lévy measure of Hmj (see
[Theorem 2 James et al., 2009]). When p,,; is a DP, then wy o n%, wo o 1
and M;, = a known as the concentration parameter. When u,; is a NGG,
W & Myjp — 0, wo & (14 v,,;) and M, = My, as in (£9), where Upj is the
introduced auxiliary variables which can be sampled by an adaptive-rejection
sampler using the posterior given in [Proposition 1 James et al., 2009].
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dataset | vocab docs words epochs
ICML 2k 765 44k 2007-2011
JMLR 24k 818 60k 12 vols
TPAMI 3k 1108 91k 2006-2011
NIPS 14k 2483 3.28M  1987-2003

Person 60k 8616 1.55M 08/96-08/97
Twitter; 6k 3200 16k 14 months
Twitter; 6k 3200 31k 16 months
Twitters 6k 3200 25k 29 months
BDT 8k 2649 234k 11/07-04/08

Table 5.1: Data statistics

e Sampling n/,: Using the similar strategy as in [Teh et al., 2006], n/ s are
sampled by simulating the (generalized) Chinese Restaurant Process, following
the prediction rule (the probabilities of generating a new table or sitting on
existing tables) of y,, in [Proposition 2 James et al.,|2009].

Dealing with point transition The point transition operator applies on 6;’s, and
depends on the specific operator used. Here a simple transition of random perturba-
tion is used. Specifically, let 8, be a Dirichlet distribution parameterized by the word
counts, say (figy, iy, - - - , Mgy ) where V is the vocabulary size. Before sampling for
time m, the counts {1, } obtained from previous times are first randomly perturbed
by a Gaussian noise, e.g., 11, ~ N(#f;; iy, 1). The perturbed version {7} is then
used as initialized counts to sample 8 for the current time.

5.5 Experiments

5.5.1 Datasets

The time dependent dynamic topic model is tested on 9 datasets, where stop-words
and words appearing less than 5 times are removed. ICML, JMLR, TPAMI are
crawled from their websites and the abstracts are parsed. The preprocessed NIPS
dataset is from [Globerson et al., 2007]. The Person dataset is extracted from Reuters
RCV1 using the query “person” under Lucene. The Twitter datasets are updates from
three sports twitter accounts: ESPN_FirstTake (Twitter;), sportsquy33 (Twittery)
and SportsNation (Twitters) obtained with the TweetStream API° to collect the last
3200 updates from each. The Daily Kos blogs (BDT) were pre-processed by |Yano et al.
[2009]. Statistics for the data sets are given in Table

Illustration: Figure 5.2] gives an example of topic evolution in the Twitter, dataset.
We can clearly see that the three popular sports in the USA, i.e., basketball, football
and baseball, evolve reasonably with time. For example, MLB starts in April each

Shttp:/ /pypi.python.org/pypi/ tweetstream.
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Figure 5.2: Topic evolution on Twitter. Words in red have increased, and blue de-
creased.

year, showing a peak in baseball topic, and then slowly evolves with decreasing topic
proportions. Also, in August one football topic is born, indicating a new season
begins. Figure 5.3| gives an example of the word probability change in a single topic
for the JMLR.

5.5.2 Quantitative evaluations

Comparisons The model is first compared with two popular dynamic topic mod-
els where the author’s own code is available for use: (1) the dynamic topic model
by Blei and Lafferty| [2006] and (2) the hierarchical Dirichlet process, where a three
level HDP is used, with the middle level DP’s representing the base topic distribution
for the documents in a particular time. For fair comparison, similar to [Blei and Laf-
terty, [2006]], the data in previous time are held out but their statistics are used to help
the training of the current time data, this is implemented in the HDP code by Teh
[2004]. Furthermore, the proposed model is tested without power-law, which is to
use a DP instead of an NGG. The model is tested on the 9 datasets, for each dataset
80% are used for training and 20% are held out for testing. The hyperparameters for
DHNGG is set to o = 0.2 in this set of experiments with subsampling rate being 0.9,
which is found to work well in practice. The topic-word distributions are symmetric
Dirichlet with prior set to 0.3. Table shows the test log-likelihoods for all these
methods, which are calculated by first removing the test words from the topics and
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Figure 5.3: Topic evolution on JMLR. Shows a late developing topic on software,
before during and after the start of MLOSS.org in 2008.

adding them back one by one and collecting the add-in probabilities as the test like-
lihood [Teh et al., 2006]. For all the methods 2000 burn in iterations are run, followed
by 200 iterations for collecting posterior samples. The results are averages over these
samples.

From Table 5.2 we see the proposed model DHNGG works best, with an improve-
ment of 1%-3% in test log-likelihoods over the HDP model. In contrast the time
dependent model iDTM of [Ahmed and Xing, 2010] only showed a 0.1% improve-
ment over HDP on NIPS, implying the superiority of DHNRM over iDTM.

Hyperparameter sensitivity In NGG, there is the hyperparameters ¢ controlling
the behavior of the power-law. This section studies the influences of this hyperpa-
rameter to the model. Specifically, ¢ is varied among (0.1,0.2,0.3,0.5,0.7,0.9), and
the subsampling rate is fixed to 0.9 in this experiment. The models with these set-
tings are run on all these datasets, the training likelihoods are shown in Figure
From these results ¢ = 0.2 is considered to be a good choice in practice.

Influence of the subsampling rate One of the distinct features of the model com-
pared to other time dependent topic models is that the dependency comes partially
from subsampling the previous time random measures, thus it is interesting to study
the impact of subsampling rates to this model. In this experiment, ¢ is fixed to 0.2,
and the subsampling rate g is varied among (0.1,0.2,0.3,0.5,0.7,0.9,1.0). The results
are shown in Figure From Figure it is interesting to see that on the academic
datasets, e.g., ICML,JMLR, the best results are achieved when g is approximately
equal to 1: these datasets have higher correlations. While for the Twitter datasets, the
best results are achieved when g is equal to 0.5 ~ 0.7, indicating that people tend to
discuss more variable topics in these datasets.
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Table 5.2: Test log-likelihood on 9 datasets. DHNGG: dependent hierarchical normal-
ized generalized Gamma processes, DHDP: dependent hierarchical Dirichlet pro-
cesses, HDP: hierarchical Dirichlet processes, DTM: dynamic topic model (we set

K ={10,30,50,70} and choose the best results).

Datasets ICML JMLR TPAMI NIPS Person
DHNGG | -5.3123e+04 | -7.3318e+04 | -1.1841e+05 | -4.1866e+06 | -2.4718e+06
DHDP | -5.3366e+04 | -7.3661e+04 | -1.2006e+05 | -4.4055e+06 | -2.4763e+06
HDP -5.4793e+04 | -7.7442e+04 | -1.2363e+05 | -4.4122e+06 | -2.6125e+06
DTM -6.2982e+04 | -8.7226e+04 | -1.4021e+05 | -5.1590e+06 | -2.9023e+06
Datasets Twitter; Twitter; Twitters BDT
DHNGG | -1.0391e+05 | -2.1777e+05 | -1.5694e+05 | -3.3909e+05
DHDP | -1.0711e+05 | -2.2090e+05 | -1.5847e+05 | -3.4048e+05
HDP -1.0752e+05 | -2.1903e+05 | -1.6016e+05 | -3.4833e+05
DTM -1.2130e+05 | -2.6264e+05 | -1.9929e+05 | -3.9316e+05
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Figure 5.4: Training log-likelihoods influenced by hyperparameter ¢. From left to
right (top-down) are the results on ICML, JMLR, TPAMI, Person and BDT.

5.6 Conclusion

This chapter proposes dependent hierarchical normalized random measures. Specif-
ically, the three dependency operations for the Poisson process are extended to hi-
erarchical normalized random measures, and dependencies with these operators are
also analyzed in detail. The dependency model is then applied to dynamic topic
modeling. Experimental results on different kinds of datasets demonstrate the supe-
rior performance of the model over existing models such as DTM, HDP and iDTM.
One drawback, as mentioned above, lies on the accuracy of the posterior inference,
where several approximations have been made to design efficient sampling algo-
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Figure 5.5: Training log-likelihoods influenced by the subsampling rate q(-). The

x-axes represent g, the y-axes represent training log-likelihoods. From top-down, left

to right are the results on ICML, JMLR, TPAMI, Person, Twitter;, Twitterp, Twitters
and BDT datasets, respectively.

rithm. How to design exact posterior inference for such kinds of Markovian and
hierarchical structure is interesting future work, which could probably be solved by
using the techniques to be introduced in Chapter 7]
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5.7 Proofs

Proof of Lemma This uses a similar technique to that of Theorem 1 in [Griffin et al.,
2013]. Using the identity 1/b = [~ e ?"do we get

w5 3]
— [ TE[B) exp (~on(B)}Elexp{-0n(@\B)}do.  (18)

According to the Lévy-Khintchine representation of fi and definition (3.6), we
have

E [exp {~07i(B)}] = exp { ~P(B)M{ (0)} 619
E (3(8) exp {0 (8))] = ~E | 3, exp {—on(®))]
= (B)M1,b,7 v) exp { —H(B)M,(v)} (5.20)

E [7(BP exp {~on(B)}] = E | 55y exp (~on(B)}]
_ <H(B)2M2 (%(U))Z—H(B)Mtﬁ,’;( >exp{ —H(B)M,(v)}  (5.21)

Substituting (5.19) and (5.20) into (5.18) and using the fact in (3.7), after simplify-
ing we have

Since Var (1(B)) = E [u(B)?] — (E [1(B)])?, and the last term is equal to (H(B))?,
we now deal with the first term.

E u(e7] = &[22

A(6)?
= / / E [fi(B)? x exp {—01fi(®) — v27i(©) }] dv1do, (5.22)
= [ E (A8 exp {~(01 + 02) (B} Elexp (~ (01 + 02)(© \ B)}] dvrdlos

Substituting (5.19)(5.21) into (5.22) we have

G2) = / / [ 2M2 ¢”(Ul + Uz)>2 — H(B)Mlﬁg(vl + v7)
exp { —Mypy (v1 + v2) } dvrdo, . (5.23)

Furthermore, let v = v1 + v, B = @ in (5.21), after integrating out vy, v, in [0, o], we
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have
/Ooo/ooo M?2 (1/3;7(7)1 + v2)>2 exp { —Mp, (v1 + v2) } dvrdo, (5.24)
=1 + /o /o My (01 4 02) exp { =My, (v1 + 02) } dordos

Substitute (5.24) into (5.23) and simplify we get

Var(u(B)) =
H(B)(1 - H(B))M/O /O — /(01 4 02) exp {—M, (01 + 02) } dordos (5.25)

Now use a change of variables, let v] = v1,v, = v1 + v2 and simplify we get the

result of (5.4). O

Proof of Theorem .4, Let M, £ i (®), from the definition we have
H

Cov (uk(B), u(B)) = ;COV (Z?/I](jjw(B),uk(BO

= Cov < M&}yk(B),ﬂk(BO +3,Cov (zMz\lﬁ Vz‘(B)/Vk(B)) (5.26)

L M; iz i M;
_ fix(B)? B fix(B) fix(B)
¥ |:<Z] ﬁ](@)> ‘ﬁk<@) E [Z] ﬁj(@) E |:ﬁk(@):|
fii(B)fix(B) B fii(B) fix(B)
" %{E !(z;%-(@)) m(@)] Gl [f‘k@)”

Note that for the Dirichlet process, the last n — 1 terms of (5.26) vanish because y;’s
are independent from their total mass M;’s, but this is not the case for general NRMs.
Now we calculate these term by term.

For the first term, we have

- { i (B)?
(z,7(0)) (@)
— /OOO/OOOJE fix(B)* exp {—m(Zﬁj)(@) - Uzﬁk(@)}
j
— /Ooo/ooo E [ﬁk(B)Z exp {—(v1 + v2)fik(B) }] E [exp {—(v1 + v2)ix(© \ B)}]

exp {—vl(Z ﬁj(@))}

7k

d01 dUz

E dUldvz
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= / /7’2 ZMklqu 01 — H(B)Mk@/?/(vl)) exp {_Mklpq(vl)}
exp {—(Z M;) iy (02) } dvido,
j#k

— HEM, [ (M H(B),v) exp {—(2 Mmﬁn(v)} do (5.27)

For the second term, we have
fix(B) a(B) ] _ "Bl exo! —oY
][] - o [peoen{ o)
- H(B)2Mk/ooo1ﬁ,]( exp{ EM lpq }
H(B2Myexp { - (x; M) 11317( )}

ZJ' M]
H(B)*Mj
= 5.28

dov

For the third term, similarly

c {( fi(B)ix(B)

» ﬂ;-(@)) (©)
= / / exp{—vl ZV] —Uzﬁk(@)}

— [ BB exp {~ (01 + ) u( B E fexp {~ (01 + 02)fi(© \ B)}
E [j(B >exp{ 017i(B)} E [exp {—0171(0 \ B)}]

E |:exp {01( Y ﬁj(@))}] dovido,
j#{ik}

[ Hom s o
H(B )Ml/)n ) exp{ My (v1)}

exp {( ) M]-)l,l?n(vl)} do;do,
jA{ik}

dovido;

= H(B)>M;M; oolpﬂ(vl )exp $ —()_ M)y, (v1)
0 j#k
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/Om 1[:;1(02) exp { —M 1y (v2) } dvadoy

B . 11 o N
= H(B?M (z#ij z].M])eP{ <2M]>w<o>}

]

1 1
— H(B)’M,; — 5.29
®) (Zf#kMJ' 2ij> 62

The fourth term is similar to the second term, and is equal to

o[ 28 Ty [R@)] H(B)Miexp { -~ (I, M;) §(0)}
Zj ﬂf(@) ﬁk(@) B Zj M]'
= IW (5.30)
]
The result follows. ]

Proof of Theorem 5.5} By subsampling, we obtain two independent NRMs 37 and p{,
corresponding to those points selected and those rejected by the independent Bernoulli
trials, respectively.

We denote the total mass of the corresponding unnormalized u? as M,, and Mg

for yg. From the definition of subsampling, we have

My = (qi1)(©) = /@q(X)ﬂ(x)dx,

0
M =M~ M,.

Furthermore, notice that the original NRM y is the superposition of 9 and p.
Thus according to Theorem the covariance between p and u7 is

H(B)M, /OOO'Y(Mq/H(B)rU) exp {—(M — M;)§,(v)} do+ H(B)? (M’M_M) ,

O]

Proof of Theorem 5.6} Note that fi and i’ are not independent, thus they cannot be
separated when taking the expectation. Now let A and B are defined as in the
theorem, then:
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E [exp {—(v1 +v2)fi(©/{AUB})}] dvidvs
_ /O /0 H(B)M), (01 + v3) exp { —H(B) M, (01 + ) }
H(A)Mlﬁ;](vl + v2) exp { —H(A) M, (v1 +v2) }
H(0/{AUB})M{, (01 +v2) exp { —H(O/{AU B}) M, (v1 + v2) } dvdo,

= H(A)H(B)M? /Ooo/ov1 Fy(v2)? exp { =M, (v2) } dopdoy

Then the covariance is:

Cov (u(B), (Tu)(B))
= E[u(B) ((Tu)(B))] — E[u(B)] E [(Tu)(B)]
= H(A)H(B)
<M2 /0 ” /O B Py (02)? exp { =M, (02) } dvpdoy — 1) (5.31)

O

Proof of Lemma From the existing of Poisson processes, each Lévy measure v;(dw, df)
corresponds to a Poisson random measure N;(dw, df) with

E [N;(dt,dx)] = v;(dt, dx).

Also we have Vi,
7:(d0) = / wN;(dw, d).
0

Thus from (5.9) we have

ii(do) = /Ooow (iNi(dw,d9)> - /OoowN(dw,dG),

where N(-) = Y/ ; Ni(+) is again a Poisson random measure. Thus the Lévy intensity
for ji(-) is
n

v(dw,df) = ) v;(dw,df). (5.32)
i=1

Because Theorem 1 in [James et al., [2009] applies for any CRMs with Lévy measure
v(dw, d#), thus conclusion 2 and 3 in Lemma are proved.

Finally, by substituting the Lévy measure into formula (3.18) in Chapter
and simplifying, we can get the posterior of u as shown in Lemma O

Proof of Lemma[5.8} The case for point transition and superposition are developed
similarly to the case for subsampling, so we only consider the later here.

The case for subsampling follows by merging the impact of the subsampling
operation with the sampling step in Lemma Suppose the Lévy measure is in
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the form Mp(dw|0)H(d@). The infinitesimal rate at data point 6; when sampling the
jump is now g(6;)Mp(dw|@). Thus the Lévy measure for the subsampled measure
must be Mp(dw|6)q(0)H (d6).

This argument can also be seen from the detailed derivation below. First note that
S7(ji) is equivalent to

S9(j1) = /R _2O)sN(dw,do), (5.33)

where z(0) is a Bernoulli random variable with parameter g(6). Let B € ©, we divide
B into n non-overlap patches and use A, to denote the m-th patch of them. So we
have

]EN(-),Z [efusfl(ﬂ)(B)] e ]EN(-),Z |:ei ZAnmEB uz(Anm)511mN(Anmr5nm):|

IEN(~),Z [ H e_uZ(AYlm)SnmN(Anm/Snm)]
Aum€B

1_[ ]EN( ) . |:e_”Z(Anm)SnmN(Anm/Snm)]
Anm€B '
eZAnm€B 10%{]]51\1(-),2 [e*”Z(Anm)SnmN(Anm,Snm) 71] +1}

—~
2
N

eZAnrnGB IEN(-) . [g*“Z(Amn)SnmN(AnmrSnm) _1]

—~
5
=

6‘1 ZAnmEB ]EN(‘) [efusnmN(/\nm/snm) 71]

e~ Jr+ g (1—e7")(qv(dw,dp))

1
[y

(5.34)

Here (a) above follows because Ey. [(e*“Z(A"m)S"mN (AnmSum) 1)] is infinitesimal

thus log(1 + x) 20y applies. (b) is obtained by integrating out z(Ay,) with
Bernoulli distribution. Thus it can be seen from (5.34) that S7(ji) has the Lévy mea-
sure of q(0)v(dw, do). O

Proof of Theorem We show that starting from and (5.14), we can both end
up the random measures defined in (5.16).

First, for the operations in (5.15), adapting from Theorem 2.17 of [Cinlar} 2010], a
Poisson random measure with mean measure v on the space R™ x © has the form

N=YY Suwo) (5.35)

n=1i<K,

where K;, is a Poisson distributed random variable with mean v, and (w € R*,0 € ©)
are points in the corresponding Poisson processes. Then a realization of N composes
of points in a Poisson process I1;, and the corresponding Poisson random measure
can be written as N1 = ¥y 0)cr1, 9(w,6)-

Now consider doing a subsampling S7 and a point transition T on Il;, by the
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definitions and (5.35) we get a new random measure

N = T(5(N1)) = T(5,(}_6(ws)))
®) ()
= Y z(9(T(0)))(w,r0)) = 3_2(9(0))8(w1(0))s (5.36)
where z(g(-)) means a Bernoulli random variable with acceptance rate g(-), (x) fol-
lows from definitions, (x*) follows from the assumption of constant subsampling
rate.
It is easy to show by induction that by subsampling and point transitioning i
times of the Poisson process I1;, we get a random measure as

N"=3"2(4'(0))d(w7(0))- (5.37)

By the definition, when superpositioning the this Poisson process T/(S(I1;))
with another Poisson process Il with mean measure v,, we get another random
measure as

N"= Y z2(4(0)bwriey+ Y Owre): (5.38)

(w,0)elly (w,0)€ll,

This Poisson random measure is then used to construct a completely random

measure ji using (3.2) as:

i(A) = /R wN" (dw, d6)

+xO

Z Z(qi(e))sé(w’p(f)))-i— Z w5(w,9). (5.39)
(w,G)eIL (ZU,Q)EHZ

By marginalize over r’s and normalizing this random measure, we get

M}  L(we)emna 55(w,Tf(9))
My + My Y (w,0)emtyne W (w,Ti(6))
M) Y(wp)elna Wo(y,Ti(6))
M + My ¥ (w6)etnne Wo(w,Ti(6))
M, - M, »
= —_— Tl A 72 TZ A

(5.40)

where by apply Lemma we conclude that M] = (g'fi;) (©) is the total mass
of the random measure with Lévy measure ¢/(df)v(dw,df) and M) = fi»(©). We
use the fact that (T¥fi;)(®) = #;(0) in the derivation of , because the point
transition operation only moves the points (w,0) of the Poisson process to other
locations (w, 0 + df), thus does not affect the total mass of the corresponding random
measure.



§5.7 Proofs 103

This means by superposition after subsampling, the mass of the normalized ran-
dom measure decays exponentially fast with respect to the distance i. Based on
Eq. (5.40), when taking i from 1 to 1, and taking superposition for all these random
measure induced, the resulting normalized random measure is:

. B )(@) n—i/,,.
;Z]1 @) (@)T (i) (5.41)

Next, for the operations in (5.14), from the definition we have

Wy = T(S7(u) @ pe
(9i) (©) () (©)
WT(V )+ (@i + 1) (©) 12 (5.42)

Now 4 has a total mass of (gfi1 + fi2)(©), by induction on i, we get the formula in

(5.16) for i = n.

This completes the proof. O
Finally, to prove Corollary we first prove the following lemma:

Lemma 5.13 (Posterior acceptance rates for subsampling). Let i’ = Y, wib; be a
completely random measure on ©, ji = ST1(ji’) := Y zxwydy be its subsampling version,
where z's are independent Bernoulli random variables with acceptance rate q. Further define
b=3 (%). Given n = ) ny observed data in y, the posterior of z is:

B 1 lfi’lk >0,
p(zc = 1l,n) = { q/] =0 (5.43)
q/J+(1-q)/]7* if nye = 0.

where | = (Lp zvwp)", |7 = (Zpa zewp) .
Proof. Given the current data configuration {ny, k =1,2,-- -}, for a particular k,

e If n; > 0, this means this jump w; must exist in y, otherwise it is impossible to
have ny > 0, thus p(zx = 1|ji,n) = 1.

, we have the likelihood as:

e Otherwise,since y =) . zp=1

Zk’ zk/w x4
Ny Ny
Kk
wk” . Hk” M >0 wk”

) (Zk’;ék Zy Wy + Zk]k)nk (Zk’#k Zp Wy + kak)n ’

Furthermore, we know that the prior for z is p(zx = 1) = g, thus the posterior
is:

q .
(X 2k Z Wy + wy )"

1—q
zr = 0]fi,n) .
plex =0l m) Xk 2k zwper )"

p(zx = 1]ji,n) «
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After normalizing, we get the posterior for the case n; = 0 in (5.43).

Now the proof for Corollary is an direct extension of the above lemma:

Proof of Corollary Note that w/ , is obtained by subsampling of {w,, m" < m},
the number of data points in fi), is denoted as i,,. = ¥/ 71/, ...

Following the same arguments as in the proof of Theorem when 7/, > 0,
p(zuk = 1|fim, 7i},.) = 1. Otherwise, by subsampling, y;, can be written as:

Zkt Wik 0, s

/
Him = Z .
m'<m Kz, =1 Zmngm Zk” Zi k! W je!!

Now following the same proof of Theorem [5.13] if we define

=1

iy .
]m = ( Z ZZm/k/wm/k/> ,]n;k = ( Z Z zm/k/wm/k/> ,

m'<m k' m' <m k' #£k
then we get the likelihood as

/ nk//
[iiir >0 Wy

Jm

Furthermore, from subsampling, we know that the Bernoulli prior for z, is qm_m/,
and the posterior can then be derived using the Bayes rule as in the proof of Theo-
rem[5.13 O



Chapter 6

Mixed Normalized Random
Measures

6.1 Introduction

So far we have introduced dependent Bayesian nonparametric modeling by the hi-
erarchical normalized random measure in Chapter [, and the Markovian dependent
hierarchical normalized random measures used for dynamic topic model in Chap-
ter 5| One problem with the above models is that their posterior structures have not
been fully explored due to their intrinsic complexities. This chapter proposes a sim-
ple family of dependent normalized random measures called mixed normalized random
measures (MNRM). The MNRM yields nice analytical posterior structures, allowing
efficient posterior inference algorithms to be developed. MNRM is the generaliza-
tion of a recently proposed spatial dependent Bayesian nonparametric model called
the spatial normalized Gamma process (SNGP) [Rao and Teh, 2009]. Note a subclass of
the MINRM called spatial normalized random measure (SNRM) can also be straightfor-
wardly generalized from the SNGP by replacing the Dirichlet process inside with the
normalized random measure. It will be shown that in general MNRM, the poste-
rior is simply a generalized Chinese restaurant process, thus posterior inference is as
easy as the DP mixture while more complex dependencies can be well captured in
MNRM.

The idea of the MNRM is to introduce dependencies on an augmented spatial
space, say R, while constructing completely random measures on the original product
space, say R" x ©. That is, for each element r € R (it is called a region), it is
associated with a CRM in R x @. Consider a set of NRMs {y;} indexed by t € T,
where 7 can be an arbitrary Borel space, but without loss of generality it can be
simply considered as a time space, e.g., R. Now there are two ways to introduce
dependencies between {;}’s:

e by making some of the y;’s share some elements in space R.
e by putting correlated weights between any region-time pair (r € R,t € T).

In the first way, if only adjacent y;’s have shared regions, e.g., ¢ and ;41 share
region r, it corresponds to the spatial normalized random measure; whereas in the

105
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second way, which includes the first way by defining the “weights” to be either 0
or 1, we arrive at the mixed normalized random measure. Figure illustrates the
construction. Details of the construction and properties of the SNRM and MNRM
will be presented below. To begin with, the special class SNRM will be introduced
first.

6.2 Spatial Normalized Random Measures

The spatial normalized random measure (SNRM), as will be shown below, is a spe-
cial case of the MNRM. Specifically, it follows the construction of spatial normalized
Gamma process (SNGP) [Rao and Teh, [2009] by generalizing the normalized Gamma
process to normalized random measures. However, note that the sampling method
in [Rao and Teh) 2009] for the SNGP cannot be generalized to the general SNRM, thus
a new sampler for the whole SNRM family is developed. It will be shown in Sec-
tion that the proposed sampler and the original SNGP sampler are equivalent.
For completeness, a brief review of the SNGP is given in the next section.

6.2.1 Spatial normalized Gamma processes

The spatial normalized Gamma process (SNGP) [Rao and Teh, 2009] constructs a
Bayesian nonparametric prior to model spatial dependency structures, e.g., topic de-
pendency over time. The construction is based on a global Gamma process i defined
on product space RT x © x R with Lévy measure

v(dw,dd, dr) = a(d6, dr)w‘le_wdw ,

where « is the mass measure of the Gamma process. For each time ¢, a Gamma process
is constructed by integrating over the associated regions R;:

i:(d6) = /R (6, dr) = fi(d6, Ry,

where R; is the set of regions associated to time t (see the regions on top of Fig-
ure [6.1(b)). Finally, each fi; is further normalized to get a set of dependent normal-
ized Gamma processes which endow the spatial dependency by sharing some of
their regions between adjacent NRMs:
fli
t= = :
: f1:(®)

Note that when t lives on a dense Borel space, e.g., t € R, j4’s constitute a continuous
time stochastic process, or measure-value stochastic process, thus the SNRM is quite
appearing from both theoretical and application sides. Furthermore, it is easy to
show that these y;’s are marginally Dirichlet process distributed [Rao and Teh, 2009]:
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Weights ’\

region space R

I,

H3
Weights
Weights
]‘_‘[4
Weights
Hy
(a) Mixed normalized random measure
spatial space: R
I, 1, 1, I,

Hy

(b) Spatial normalized random measure

H, Ha

Figure 6.1: Construction of mixed normalized random measures (MNRM) and a
special class called spatial normalized random measures (SNRM). The idea is to cor-
relate yi;’s by sharing and/or weighting of the Poisson processes in separated regions.
MNRM takes both sharing and weighting while SNRM only consider sharing with

weights being either 0 (unlinked) or 1 (linked).
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Theorem 6.1. Based on the notation and construction as above, each y; is marginally a
Dirichlet process with corresponding Lévy measure v;(dw,d0) = a(df, R;)w e~ “dw.

6.2.2 Spatial normalized random measures

The spatial normalized random measure is defined exactly the same as the SNGP, ex-
cept that it is generalized to the more general class of normalized random measures
instead of the pure Dirichlet process. This not only allows more flexible modeling,
e.g., model power-law distributions, but also facilitates a more general posterior in-
ference algorithm for the whole SNRM family to be developed.

In formulation, assume that a global completely random measure fi is defined
on space R x ® x R with Lévy measure v(dw,df,dr),! which is assumed to be
decomposed as

v(dw,dd,dr) = v'(dw,d0)Q(dr)

with Q being a Lebesgue measure on space R. Now T dependent normalized ran-
dom measures {y;} are constructed by assigning overlapping regions R; C R for
consecutive y;’s, e.g., Ri( Ry41 # @, and define the normalized random measure p;
as:

B ;;(dw, dé, Ry) 61)

l/lt N (IR+/ ®/ Ri‘) ‘
Now it is easy to show that

Corollary 6.2. Based on the above notation and construction for SNRM, y; is a normalized
random measure with Lévy measure v;(dw,d#) = v(dw, db, Ry).

Similar to the NGG, this again can be easily specified to the spacial normalized
generalized Gamma process (SNGG), which has Lévy measure of

Mo

V(dw, d9, dr) = m

w177 “dwQ(dr)de . (6.2)
Corollary 6.3. Suppose the global Poisson process has a mean measure of the form as (6.2),

following the construction of SNRM, y; is a normalized generalized Gamma process with
Lévy measure v¢(dw,d0) = MQ(R;)w1=%e~?dwd, where Q(+) is the same as above.

6.2.3 Posterior inference for spatial normalized generalized Gamma pro-
cesses

Posterior inference formula for the whole SNRM family can be done with a marginal
sampler by applying the Poisson process partition calculus framework introduced
in Chapter [2| to integrate out the underlying Poisson process. For simplicity, this
section only demonstrates the procedure on a specific class of the spatial normalized
random measure — the spatial normalized generalized Gamma process (SNGG). Note

Lwhich is equivalent to a Poisson process with mean measure v(dw, d6, dr)
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similarly to the NRM, the slice sampler is also available, but will not be described
until the general case of mixed normalized random measures is covered since the
underlying ideas are basically the same.

First note that for a normalized generalized Gamma process with Lévy measure
given in (6.2), the corresponding Laplace exponent is given by

p(u) = MQ(R) ((u+1)7 - 1) (6.3)

In the following R, is used to denote a subspace of the region space R,2 7,
to denote the set of time indexes connecting to region R,. K, is the number of
atoms associated with observations in region R,, 14 is the number of observations

in time t on atoms inherited from region R,. The superscript in nt\:li indicates the
previous count excluding the /th observation at time t. The observations are denoted
as X = (xtl)tT;LfJ:y each observation xy is associated with the sy-th atom 6,5, drawn
from region gy. A “dot” is used for marginal sum, e.g., ny. = Yoq nyr. F(x]6)
denotes the cumulative density function where x is drawn from the corresponding
density function denoted as f(x|0). N; denotes the number of observations in time .

Based on the notation, clearly the likelihood is given by3:

HT: Hr tHK; w:lt'k T L
p(X|{pr}) = - =11 her, 1 i1 Wiy - TTLTS Geal6gse,) 64)
Ht/zl (ZY/ERt/ 22?21 wT/k/> t=11=1

Following similar idea as the posterior inference for the NRM, auxiliary variables

{us} are introduced using Gamma identity [u" 'exp (—uZ)du = I'(n)/Z", thus
(6.4) is augmented as

#R K,
p(X, ul{u}) = (HHw’Z,:k exp {— <Z ut> w}) (6.5)

r=1k=1 teT;
T uNtfl #R oo T L
(H FtN ) xp {_ Z Z (Z ut) wrk} (an(xﬂ 93t15t1)> .
1 T (V) r=1k=K, \fe7, =171=1

Now, rewriting Q, = Q(R,) for simplicity and integrating out the random weights
with the extended Palm formula in Theorem (following similar steps as in (3.18)),
we get

p(X,ulo, {M;}) = E [p(X,ul{p})] (6.6)

Y K [#R R K, N —
() (o) ()

r=1 1=t (1+ Lyeq ur)"™

2Sometimes 7 is also used to indicate a subspace of R for simplicity.

3For notation cleanness, pr is used to denote the NRM formed in region R, e.g., ji(dw,df, R;) in
, while use a different subscript ¢ to denote the dependent NRMs constructed, i.e., y¢. This applies
in the rest of the thesis.
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T N1 #R 4 Tyr ut B T L
(H ert)> <He M’QT<( - >> (HHf xfl|9gtlsu )

t=1 r=1 t=11=1

Given this joint distribution, a Gibbs sampler for topic indicators {s;}, source
indicators {g; }, mass parameters { M, } and the latent relative mass parameters {u;}
can be easily derived. Denote the whole set of variables as C, the sampling then goes
as:

Sampling (s, gu):

P(Stl =k, 81 = ”’C - {Stlfgtl}) &

/tI

w0 A\t . .
1+2,k,€R utf (x11), if k already exists,
0| Xrer, — MeQr Jo f(xu|0)h(0)d6, if k is new ,

(1+%ver, w )

) ) H S FCearlOn) Ty 2us, —kg s —r £ (Xt 10 ) (B ) B
where & is the density of H \ Xy) = UL
y of H, f;" (xu) TTTot 21y, f G B )0

is the conditional density 4

Sampling M,: The posterior of M, simply follows a Gamma distribution as:

ag
M,|C — M, ~ Gamma <Kr—|—am,Qr <1+ ) m) +bm—Qr) ,

treRy

where a,,, b,, are parameters of Gamma prior for M,.
Sampling u;: The posterior distribution of u; is:

utexp { = X, MQ, (14 Trper, ur) )

Y —0Ky
Hr (1 + Zt’:rERt/ ut’)

p(ue|C — uy) o

7

which is log-concave if we use a change of variables: v; = log(u;).

Sampling 0: To resample o, first instantiate the weights w,; associated with extant
clusters:

Wy ~ Gamma (n_,k -0, 1+ Z ut> (6.7)

treR;

4This thesis assumes conjugacy between f and /1 so that the integration has a close form, though
the non-conjugate case can be dealt with techniques from for example [Neal, 2000] or [Favaro and Teh,
2013]
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Then, the conditional distribution of ¢ is given by:

a K /1 K - - N
rioie =0 = (i) (H w) (He M0, (1+5en, ) 1>>
(6.8)

It can be checked that now is log-concave so that it can be sampled using
the adaptive rejection sampler [Gilks and Wild} 1992] or slice sampler [Neal,
2003].

6.2.4 Relation to the original sampler for spatial normalized Gamma pro-
cesses

The above marginal sampler is applicable to any homogeneous spatial normalized
random measures, and is different from the one proposed for the spatial normalized
Gamma process (SNGP) in [Rao and Teh, [2009]. This section develops a connection
between these two samplers by showing how the sampler used for the SNGG can be
transformed to the one used for the SNGP in [Rao and Teh) 2009].

For the SNGP, the Gamma process in region r has Lévy measure
v, (dw,dd) = v(dw,dd, R;) = M,Q,w te “dwH(#)d6 .

After some algebra, the corresponding posterior is equivalent to

p(X, ul{M,}) (6.9)

#R T u]\]t T L
= (HM,K'Q?’) (H L ) (H f xtl|98t15tl >

r=1 t=1 t=11=1

(IBI H}If;1 T(n.x) )

r=1 (1 + Zte’ﬁ Mt)n'r'-i_MrQr

Now introduce a set of auxiliary variables {g,} via the Gamma identity

(71 r +M7QV)
1
1 _ . +M:Q; _(1+Zf€T ut)g’d
( i t; ”f> I (n,+ MQy) /]R+ & ‘ | s

we have the augmented posterior

p(X, {us}, {& }{M, })
#R T Nf_l T L
_ (Hle’Qf’> (n ) (H Falfge )

1 t=11=1
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e (1 ) g0 0
r=1 r (n-l" + M?’Qi’)

Now {u;}’s can be integrated out as

4R T N T L
o o) - (Tmror 1j1 ( ZR o) ) (T Lstlon
ol r( +MrQr)

This is exactly the same posterior used to derive the sampler in [Rao and Teh,
2009] for the SNGP. The conditional probabilities as those given by [Rao and Teh,
2009] can be derived from this posterior, which are omitted here for simplicity.

Regarding the differences between the sampler in [Rao and Teh) [2009] (denoted
as P;) and the sampler for the SNRM (denoted as P), it can be seen that the number
of auxiliary variables in P; equals to the number of regions, while it equals to the
number of times in P,. According to the construction of SNGP, the number of regions
is usually larger than the number of times #R = O((#7)?)), thus sampler P is
preferable because it contains less auxiliary variables so the sampling cost could be
cheaper. Furthermore, note that P; is only applicable for the special case of SNGP,
while P, is much more flexible and applicable for all classes of SNRMs.

6.3 Mixed Normalized Random Measures

This section extends the spatial normalized random measure to the mixed normalized
random measure (MNRM). MNRM generalizes SNRM in the way that instead of ex-
plicitly defining a spatial sharing structure between the dependent NRMs s, e.g.,
Rt N Riy1 # @, it assumes that y; connects to all the regions but with different weights
gr’s for different regions R,.> In this way, the correlation between the pair (p, piy)
is controlled by these weights. Specifically, let g,+ be a nonnegative weight between
region R, and time +.> The MNRM y; is simply defined as follows:

Definition 6.1 (Mixed Normalized Random Measure (MNRM)). Let N be the Pois-
son random measure on Rt x ® x R. The MNRM is defined by the following con-
struction:

e For each region R,, define a completely random measure:

ir(do) = [ wN(dw,do,dr) .
Rt XR,

5A weight of 0 means absent of the connection, thus it is a generation of the SNRM mechanism.
®In the experiments, independent Gamma priors are placed on the g,+’s, thus their values can be
inferred from the data.
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Figure 6.2: Construction of mixed normalized measure from R independent NRMs
1y, Gyt represents q,fi,(d0) defined in (6.10).

e For each time ¢, construct a dependent completely random measure:
#R
fir(d0) =Y qufir(d6) . (6.10)
r=1
e Normalize the completely random measure:
1
ui(do) = Zﬁt(dH) , where Z; = ji;(0) .

The construction is illustrated in Figure where each y; is constructed by su-
perpositioning a set of intermediate random measures to achieve dependencies.
Note in particular y; can be rewritten as:

L1754 qnefir (46)
df) = =——F—"——=
A= ")
01 d0) _ . gain(©)
= m0) m(e)  H o)
Thus it can be easily seen that y; is a mixture of the individual region-specific
NRMs p,, with mixing weights given by q,i,(©)/fi;(©). We then have:

Theorem 6.4. Conditioned on the q,+'s, each random probability measure y; defined in Defi-

nition |6.1|is marginally distributed as a NRM with Lévy intensity 7 YR, ivr(w/qm 6).

Proof. This result follows from the facts that 1) a scaled CRM is still a CRM, and 2) a
sum of independent CRMs is still a CRM. Specifically:
First, from the definition we have

#
fir = Grifly -

b

ﬁ
I
—_

"Lévy intensity is defined as the density of the Lévy measure. With a little abuse of notation, the
Lévy measure v is still used to denote its Lévy intensity but without the derivative operator “d”.



114 Mixed Normalized Random Measures

Because each ji,’s is a CRM, we have for any collection of disjoint subsets (A1, - - -, Ay)
of ©, the random variables fi,(A,)’s are independent. Moreover, since the fi,’s are
independent, we have that {fi;(A;)}! ; are independent. Thus fi; is a completely
random measure. To work out its Lévy measure, by applying the Lévy-Khintchine
Formula in Lemma we calculate the characteristic functional of each random
measure g,fi, as:

(Ll) =e Jret o (1=t )y, (w,0)dzwdo

7

(PQrtﬁr
— Jr+ xo (1= ve(w/qp,0)dw/ gred
7

where the last step follows by using a change of variable w’ = g,;w. Because gfi,’s
are independent, we have that the characteristic functional of fi; is

#R
(P,ﬁt(u) = H (P%tﬂr(u)
r=1

e fR+X@(1_eiLz7u)Zf§1 ve(w/qre,0)dw/ qrdO , (611)

Thus the Lévy intensity of fi; is thus fol Ve(w/qre, 0)/ Gre- O

6.3.1 Comparison with the SNGP

The spatial normalized Gamma process (SNGP) of [Rao and Teh, |2009] is a special
case of MNRM, with the weights fixed to be binary, i.e., g+ € {0,1}, with the actual
value determined a priori. Our MNRM is thus a generalization of the SNGP, from
a normalized gamma process to a general NRM, and from fixed and binary g,'s to
arbitrary positive values that will be inferred along with the rest of the model. On
the other hand, the SNGP imposes a spatial structure to the g,+’s which may allow
better generalization.

6.3.2 Posterior Inference

In the following, again a specific NRM viz. the normalized generalized Gamma process
(NGQG) is studied to demonstrate the posterior inference. Generalization to other
NRMs is straightforward. As is known, the NGG, which includes the DP as a special
case, is attractive in applications where one wishes to place less informative priors on
the number of clusters, power-law distributions on the cluster sizes etc.. Its flexibility
comes without a loss of computational tractability: the NGG is a so-called Gibbs-
type prior [Favaro et al., 2013al], whose partition probability function (the clustering
probability with the RPM integrated out) has a convenient closed form that general-
izes the Chinese restaurant process (CRP) (see Chapter [3| for review of the CRP). A
consequence of this is that marginal samplers as well as slice samplers are available
for MNGG, which will be derived in the following sections. In the following, the
same notation as in SNGG will be used.
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6.3.2.1 Posterior inference for mixed normalized generalized Gamma processes
with marginal sampler

For completeness, this section first gives the posterior of MNGGs, which is almost
the same as the SNGG8. Given observations X and weights g,;’s, denote yu, as the
NRM in region R,, the likelihood can be expressed as

Ny Lt
p(XI, (g ) = i T T (@) nn Fralfee)  (612)
[Ty (Db Sy gy ) 1

Now introduce auxiliary variables {u;} using Gamma identity, the joint becomes

p(X ul{pr}, {qr}) (6.13)

- (e ) (e - (B )

(1) EE () ) )

t=1

Using the factorized Lévy-measure of v(dw, df,dr) = v/(dw, d0)Q(dr), it is easily
seen J,’s are normalized generalized Gamma processes with Lévy measures

oM, Qy

—1—0,—w
-0 a)w e “dwH(0)de .

v, (dw, d) = / v(dw,d8, dr) =

Integrate out y,’s by applying the Poisson process partition calculus formula in The-
orem we get:

p(X,ulo, {AM:}, {4ri}) = By [p(X ul{pr}, {qr})] (6.14)

T - o K #R #R K, 0,)

« (1) (%) (Tl ) (H,H )
Lut\ (& — QM (145 grur)° ~1) 0

tl:Jl: (Nt) H an xfl’ gtlstl .

r=1 t=11=

Since Q, and M, always appear together, we simply omit Q, and only use M, to
represent Q, M, in the above formula.

Now it is straightforward to derive the posterior sampler for MNRM. The vari-
ables needed to be sampled are C = {{sy}, {gu}{M:}, {u+}, {gr:}}, where the first
four sets of parameters are the same as those in the SNRM, whereas the last set is
called weighting parameters of the MNRM. Based on (6.14), these can be iteratively
sampled as follows:

8Thus reader familiar with the SNGG could skip the derivation.
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Sampling (s, g1): The posterior of (sy, g) is

p(su =k gn =7|C—sy—gu) (6.15)
3 fﬁzﬂff]ﬂ/;/ f, \tl( 1), if k already exists,
q, M’ 1 1
o <Zr, ey f;ywut! > f® xy|0)h(0)d6, if k is new ,

where fr\kﬂ(xtl) is the same as in SNGG.

Sampling M,: The posterior of M, follows a Gamma distribution:

o
p(M;|C — M,) ~ Gamma (Kr + ay,, (1 + Z%t%) + b, — 1) ,
t
where a,,, b,, are parameters of Gamma prior for M,.

Sampling u;: The posterior distribution of u; is:

Nt eXP { Zr MI’ (1 + Zt/ qrt’ut’) }
Hr (1 + Zt/ Qrt’uﬂ>2k7 k—0K,

which is log-concave if we use a change of variables: v; = log ().

p(us|C —up) o

7

Sampling q,+: g,+ can be sampled by introducing appropriate priors. Here a Gamma
prior with parameter g, and g; is used, so the posterior of g,; has the following
form:

‘#t" e exp {_Mr (1+ Xy Qrt/”t/)v - %ﬂht}

(1 -+ Zt’ qrt/l/ltl)n'y'_UKr

which is also log-concave with a change of variables: Q,+ = log(g+).

p(qrt|C — qrt)

Sampling 0: From (6.14), to sample o, a set of jumps {w,,} are first instantiated:

w,r ~ Gamma (”-rk —o,1+ qutut> ,
t

Based on these jumps, the posterior of ¢ is proportional to:

_ o BT e — My (11 grear)”
p(o|C — ) T o) TTTTwn I1e (6.16)

r=1k=1 r=1

which is log-concave as well.
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6.3.2.2 Posterior inference for mixed normalized generalized Gamma processes
with slice sampler

As an alternative sampling algorithm, this section describes the slice sampler for the
MNRM. Similar to the case of single NRM, the idea behind the slice sampler is to
introduce auxiliary slice variables such that conditioned on these, the realization of
normalized random measures only have a finite set of jumps larger than a threshold.
This turns the inference from infinite parameter spaces to finite parameter spaces.

Starting from (6.13), a slice auxiliary variable vy is introduced for each observa-
tion such that

vy|{wi} ~ Uniform(wg,s, ) -

Now can be augmented as
p(X,u, {vut, {sut Agut{prt 4r})
N1
(1:[17[1 (wgtlstl > vfl) qgtlstlf(xtl‘egz‘lsfl)> (H FENt)

(exp {— ;;;qﬁutwrkb (6.17)

The joint distribution of observations, related auxiliary variables and the corre-
sponding Poisson random measure {;}’ can be written as

p(X,u,{ou}, {prt {su} {8u} {N:H{gri})
N
(I:[l?[l(wgustz > vtl)qgtlstlf(xtl|98t15t1)> (1:[ ;lth))

exp {_ 222‘7#%“’%}) HP(M)
t r k
. —1
ShCe:at Ly <HH1 wgtlstl > Utl)qgtlstlf xtl|98tlstl ) (H )
t
exp {— ZZZQ;’tutwrk}
t r Kk

jumps larger than £,
Hp({(wrl,()ﬂ)}, - {(wrkr, Orxr)}) (K] is # jumps larger than £,)(6.18)

Ly
e

jumps less than £,

9 As mentioned in Chapter [2} usually stochastic processes including Poisson process do not endow
probability density functions, however, we use the notation P(/N') here to emphasis the joint distribution
with the Poisson random measure N. This applies in the rest of the thesis without further declaration.
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where p’(dx) = x717%* and (6.18) has the following form based on the fact that
{(wyk, 0y) } are points from a compound Poisson process, so the density is:

p((wrl/ 9?‘1)/ (w7’2/ 97’2)/ ttty (err’ GT’K,))
K,

_ o . oM, | o' (w)
= Poisson <Kr, Ti—0) /ﬁr 0 (dx)) Kr.]g fz o/ (dx) ,

where Poisson(k; A) means the density of the Poisson distribution with mean A
under value k.

Given the joint posterior, apart from the variables in the marginal sampler for
the MNRM, additional random variables we are interested in include the threshold
variables {vy} as well as the jump sizes {w,;}. As before, the whole set is denoted
as C, then the sampling goes as:

Sample (sy, g1): (s, 8n) are jointly sampled as a block, it is easily seen the posterior
is:

p(su =k gn =r[C— {su,gu}) o< L(wn > vy)qpcf (xur|0nk) - (6.20)
Sample v;;: vy is uniformly distributed in interval (0, wyg,s,], so

vy|C — vy ~ Uniform(0, wg,s, ) - (6.21)

Sample w,;: There are two kinds of w,;’s, one is with observations, the other is not,
because they are independent, they are sampled separately:

e Sample w,'s with observations: It can be easily seen that these w,’s
follow Gamma distributions as

Wk |C — w, ~ Gamma (Zntrk —0o,1+ Z%t%&) ,
t t

e Sample w,;’s without observations: These w,;’s are Poisson points in a
Poisson process with intensity

v(dw,df) = p(dw)H(df) = e~ =t 7"y, (dw, dd) ,

where v(dw, df) is the Lévy measure of y,. This is a generalization of the
result in [James et al., 2009]]. In regard of sampling, the adaptive thinning
approach introduced in [Favaro and Teh, 2013] is used with a proposal
adaptive Poisson process mean measure as

- =14 greur)s ,—1-0
Yx(s) T _U)e X (6.22)

The idea of this method is to generate samples from the proposal Pois-
son process with mean measure y,(+), and reject some of the samples to
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make them be samples from the desired Poisson process. The details of
the simulation of the Poisson points will be delayed to Section in
Chapter |7 because the slice sampler is not the most effective approach in
MNRM, but it seems to be the only choice for posterior sampling of the
new model-thinned normalized random measures in Chapter [/}

Sample M,: M, follows a Gamma distribution as

© L
M. ~ / _T ' " (1 — o~ Teamuix o
M,|C — M, ~ Gamma <K7+1'1“(1—(r) /gy 0 (dx)+/0 (1 e )p (dx)),

where K] is the number of jumps larger than the threshold £, and the integrals
can be evaluated using numerical integration or via the incomplete Gamma
function in Theorem

Sample u;:  From (6.19), u; is sampled using rejection sampling by first sample
from the following proposal Gamma distribution

ut|C — uy ~ Gamma (Nt,ZZqﬂw,k> ,
rok

then a rejection step is done by evaluating it on the posterior (6.19).

Sample g,: g can also be rejection sampled by using the following proposal
Gamma distribution:

p(qrt|C — gyt) x~ Gamma (ntr. + g,y Uty + bq) ,
k

where a,, b; are the hyperparameters of the Gamma prior.

Sample o: Based on (6.19), the posterior of ¢ is proportional to:

YK -
pete-o1= (i) (1)
exp {_l"gj\fra) (/: o' (dx) + /OLr (1 - e_m””‘x) p’(dx)) } .

Thought log-concaveness is not guaranteed, it still can be sampled using the
slice sampler of [Neal, 2003].

6.4 Experiments

6.4.1 Illustration

This section illustrates how MNRM works via a Gaussian mixture example with
MNRM as the prior. A 2D Gaussian mixture dataset consisting of 4 Gaussian com-
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ponents is first generated. The first three Gaussians have means around (2,0)” and
covariance 0.3 x I, where I is the 2-dimensional identity matrix; while the last Gaus-
sian has mean around (4,0)” and covariance 0.6 x I. So this dataset can be thought
of as generated from 2 regions, where the first consists of the first three Gaussians,
and the last consisting of the last Gaussian component. Then 3 groups of data points
are generated (each groups corresponds to one time t), each consisting of 70 data
points. To generate data points for time ¢, a region r is first chosen with probability
proportional to ﬁ, then a Gaussian component in the region is randomly chosen
for drawing the data.

After generating the data, the MNGG mixture model with ¢ = 0.1 and base
distribution as Gaussian-Wishart distribution (see Chapter [3) is tested on this data.
The hyperparameters for the Gaussian-Wishart are chosen as (r = 0.25,v = 5,m =
(0,0)T,8 = eye(2)). The g is set to the one used in the data generation above during
inference and other variables are sampled. The result of the MNGG is shown in
Figure where it is clear that MNRM successfully recovers the Gaussians in
the 2 regions. The Dirichlet process Gaussian mixture model (DPGMM) [Rasmussen,
2000] is also tested and compared on this dataset, the result is shown in Figure
We can see that compared with MNGG, DPGMM seems having difficulty in correctly
finding the large variance Gaussian component.

6.4.2 Two constructions for topic modeling

In the following, the ideas of modeling text documents organized in time are applied
to the MNRM framework. Four specified models will be studied in this section (de-
fined below): 1) mixed normalized generalized Gamma process (MNGG), 2) hierarchical
mixed normalized generalized Gamma process (HMNGG), 3) hierarchical mixed normal-
ized Gamma process (HMINGP) and 4) hierarchical spatial normalized generalized Gamma
process (HSNGG).

The first model is based on the mixed construction, with each document assigned
to its own ‘time’, so there is no hierarchical sharing for the documents at the same
time. This on the one hand, disregards statistical information that might be shared
across documents from the same true time period, on the other hand, it affords more
flexibility, since each document can have its own set of g,; parameters. Specifically,
let G be the Dirichlet distribution, F the multinomial distribution, and ¢ span all
documents in the corpus, the generative process is as follows:

(ur) ~ MNGG(09, Mo, G, {grt}), for each doc t (6.23)
0! ~ uy, xHot ~ F(-|6Y), for each word 7, (6.24)

where MNGG(0p, My, G, {4, }) denotes the dependent NGG constructed via MNGG
with index parameter ¢, mass parameter My, base distribution G and the set of
weights/subsampling rates {g}.

The remaining models specify the organization of documents into time-periods
by adding another layer to the hierarchy. In particular, the MNRM constructions are
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Figure 6.3: A demo on MNGG mixture, compared with DPGMM. MNGG correctly
recovers the two regions in the data generating process.

used to produce an RPM y; for each time-period t; each document in time period ¢
then has a distribution over topics drawn from an NGG with base-measure p;:

(,ut) ‘0-0/ MO/ G/ {Qrt} ~ MNGG(UO/ MO/ G/ {Qrt})

{pii}t|pe ~ NGG(o, M, )
0f; ~ pri,  x1j|0} ~ F(-16})) , (6.25)

HMNGTP is the same as HMNGG but with the NGG replaced with a Gamma pro-
cess (GP). HSNGG denotes the spatial normalized generalized Gamma process [Rao
and Teh, 2009], a special case of HMNGG with g, € {0,1}. The models are also
compared with the popular hierarchical Dirichlet process (HDP), as well as the hier-
archical normalized generalized Gamma process (HNGG) proposed in Chapter[d All
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the algorithms are implemented in C/C++; the slice sampler needs careful memory
management, requiring tricks such as memory pre-allocation and pooling to manage
the computational requirements.

6.4.3 Synthetic data

In the first experiment, a dataset with 3000 observations are generated from a hierar-
chical Pitman-Yor topic model [Du et al., 2010] '°. The vocabulary size is set to 100.
The generative process is described as follows

GO ~ Py(lx()/ dO/ G)/ Gt ~ Py(l)ét,dt, GO) t= 1r2/3
Gt]'NGt, Xf]NF(‘et]) ]:1, ,3000

The base measure G over topic distributions is a 100-dimensional symmetric Dirich-
let with parameter 0.1, while F(-|0) is the 100-dimensional discrete distribution. The
concentration parameters a;,i = 0,---,3 are set to 1,3,4 and 5 respectively, while
all discount parameters d; are set to 0.5. Following the generative process described
above, we then split the data at each time into 30 documents of 100 words each, and
model the resulting corpus using the HMNGG described in (6.25). The Pitman-Yor
process (which is not an NRM) exhibits a power-law behavior, and the purpose of this
experiment is to demonstrate the flexibility of the NGG over the DP. Accordingly, the
performance of HMNGG on this dataset against its dependent DP equivalence-the
HMNGP (obtained by replacing the generalized Gamma process with the Gamma
process in the constructions) are compared. In the experiments, the number of re-
gions is set equal to the number of times, and all the model parameters are sampled
during inference (placing Gamma(0.1,0.1) priors on all scalars in R™).

Figure plots the predictive likelihood on a 20% held-out dataset as well as
the effective sample sizes of the models. It can be seen that HMNGG outperforms
its non-power-law variants HMNGP in terms of predictive likelihoods. The inferred
parameter ¢ is around 0.2 (a value of 0 recovers the Gamma process).

6.4.4 Topic modelling

Datasets Next, four real-world document datasets are used for topic modeling, viz.
ICML, TPAMI, Person and NIPS. The first 2 corpora consist of abstracts obtained
from the ICML and PAMI websites; ICML contains 765 documents from 2007-2011
with a total of about 44K words, and a vocabulary size of about 2K; TPAMI has
1108 documents from 2006-2011, with total of 91K words and vocabulary size of 3K.
The Person dataset is extracted from Reuters RCV1 using the query person under
Lucene [Otis et al., 2009], and contained 8616 documents, 1.55M words and a vocab-
ulary size of 60K. It spans the period 08/96 to 08/97. The NIPS corpus consists of
proceedings over the years 1987 to 2003 [Globerson et al., 2007]. It is not postpro-
cessed, and has 2483 documents, 3.28M words and vocabulary size 14K. The statistics

19An HDP-LDA topic model [Teh et al.,|2006] by replacing the DPs with PYPs.
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Figure 6.4: HMNGG VS. HMNGP.
dataset | vocab docs words epochs

ICML 2k 765 44k 2007-2011
TPAMI 3k 1108 91k 20062011
Person | 60k 8616 1.55M 08/96-08/97
NIPS 14kk 2483 3.28M 1987-2003

Table 6.1: Data statistics

are listed in Table

Parameter setting and evaluation In modeling these datasets, for MNGG (where
the years associated with each document are disregarded), the number of regions was
set to be 20; in the other models these were set equal to the number of years. The
Dirichlet base distribution was symmetric with parameter 0.3, and as in the previous
section, weak Gamma and Beta priors were placed appropriately on all nonnegative
scalars.

To evaluate the models, perplexity scores are computed on a held-out test dataset.
In all cases, 20% of the original data sets is held-out, following the standard dictio-
nary hold-out method (50% of the held-out documents is used to estimate topic
probabilities) [Rosen-Zvi et al., 2004]. Test perplexity is calculated over 10 repeated
runs with random initialization, mean values and standard deviations are reported.
In each run 2000 cycles are used as burn-in, followed by 1000 cycles to collect samples
for perplexity calculation. To avoid complications resulting from the different repre-
sentations used by the marginal and slice sampler, perplexities are calculated after
first transforming the representation of the slice sampler to those of the marginal
sampler. In other words, given the state of the slice sampler, the induced partition
structures are determined and used to calculate prediction probabilities (calling the
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Table 6.2: Train perplexities and test perplexities for different models on ICML,

TPAMI, Person and NIPS datasets.

Datasets H ICML \ TPAMI
Models train test train test
HDP 580+ 6 1017 £ 8 671+t6 1221 +6
HNGG 575+5 1057 £ 8 671+6 | 1262 +11
MNGG 569 + 6 1056 +9 644+ 6 | 12724+12
HSNGG 550 +5 1007 + 8 643 +3 | 1237 +22
HMNGG 535+ 6 | 1001+10 | 60844 | 1199 +10
HMNGP || 561 +10 995+14 | 6344+10 | 1208 +8
Datasets H Person \ NIPS
Models train test train test
HDP 4541 £33 | 5962 £43 | 1813 27 | 1956 £ 18
HNGG 4565 +60 | 5999 +£54 | 1713 4+13 | 1878 £11
MNGG 4560 £63 | 601366 | 1612£3 | 192045
HSNGG || 4324 +77 | 5733+ 66 | 1406 £5 | 1679+ 8
HMNGG || 4083 +36 | 5488 +44 | 1366 =8 | 1618 5
HMNGP || 4118 4+45 | 5519 +41 | 1370+£3 | 1634+ 4

same piece of code).

Quantitative comparison for different models Both training and test perplexities
for the models specified above are calculated, which are shown in Table

It is seen that HMNGG performs best, achieving significant lower perplexities
than the others. Interestingly, HMNGP (without the power-law property) does not
perform much worse than HMNGG, indicating topic distributions in topic models
might not follow an obvious power-law behavior. This coincides with the sampled
value of the index parameter ¢ (around 0.01). Thus it is not surprising that HDP
is comparable to HNGG: slightly better in small datasets, but a bit worse in large
datasets. Moreover, the simple MNGG does much worse than HMNGG, emphasizing
the importance of statistical information shared across documents in the same year.

Topic evolution Figure [6.5]is a posterior sample, showing the evolution of 12 ran-
domly selected topics on the NIPS dataset for HMNGG. The proportion of words
assigned to the topic k in region r at each time ¢ (i.e. %) are calculated, as well as the
predictive probabilities for each topic at each time. The latter is defined for MNGG

tl
)
1+) oy gty

to be proportional to (see equation |6.15)).

Marginal vs slice sampler Next the performance of the marginal and slice samplers
for MNGG and HMNGG are compared. Table 6.3[shows the average effective sample
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Figure 6.5: Topic evolution on NIPS dataset for 12 randomly chosen topics learned by
HMNGG. The two curves correspond to word proportions within each topic (blue)
and prediction probabilities (red) for each time.

sizes and running times over 5 repeated runs for the two samplers. It is seen that
in MNGG, the marginal sampler generally obtains larger ESS values than the slice
sampler; while it is opposite for HMNGG. Regarding the running time, the marginal
sampler is more efficient in small datasets (i.e., ICML and TPAMI), while they are
comparable in the other datasets. The reason for this is that in small datasets, a
large amount of the running time in the slice sampler was used in sampling the extra
atoms (which is unnecessary in the marginal sampler), while in large datasets, the
time for sampling word allocations starts to become significant.

6.5 Conclusion

This chapter proposes a more theoretically tractable dependent normalized random
measure by operating directly on the underlying Poisson process. In the construction
the Poisson process is defined on an augmented spatial space where each element in
the spatial space is associated with a Poisson process. Key to the construction is to
weight and superposition these Poisson process to get mixed normalized random
measures (MNRM). Simple in the construction, MNRM maintains nice distributional
properties as well as tractable posterior structure as a generalized Chinese restaurant
process, thus posterior inference is easy. Meanwhile, the MNRM seems to be more
flexible in dependency modeling by comparing with the HNRM because MNRM is
not only designed for hierarchical modeling, but also is able to model other depen-
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Table 6.3: Comparison of effective sample sizes and run times for marginal and slice
sampler (subscript s). Subscript 2 in the datasets means the 2-time datasets. over 5
repeated runs. a/b/c | t in the table means the average ESS among all the chosen
statistics is a, the median is b, the minimum is ¢, and the running time for the 1000

cycles is t.
ICML TPAMI
Models ESS | Time ESS | Time
MNGG 243.3/202.5/4.4|234s | 252.4/231.9/3.7| 285s
MNGG; || 201.2/122.0/26.9]760s | 205.1/131.9/23.5|813s
HMNGG 99.1/70.3/2.6|91s 171.5/80.4/5.1|176s
HMNGG; 150.7/117.7 /4.6|97s 194.3/180.9/6.5|227s
Person NIPS
Models ESS | Time ESS | Time
MNGG 402.5/401.4/1.5|]1.5h | 314.8/376.1/1.5/3.3h
MNGG; || 321.5/291.8/11.3|12.9h | 228.4/110.6/2.2|2.2h
HMNGG || 213.0/2465/19[33h | 282.1/198.2/4.3]9.4h
HMNGG; || 293.3/358.6/2.0|3.5h | 346.1/467.2/1.7|10.4h

dencies such as the Markovian dependency, e.g., the dependent operator used in the
dynamic topic model in Chapter |5 can be replaced by the MNRM. One potential
drawback is the dense representation of the dependent NRMs, which might not be
favorable in real applications. This will be addressed in the next chapter.



Chapter 7

Thinned Normalized Random
Measures

7.1 Introduction

The mixed normalized random measure proposed in the last chapter induces de-
pendencies via sharing and weighting the entire points of the corresponding Poisson
process. Though flexible in modeling and tractable in posterior computation, the
MNRM induces a restriction in the construction: all the points in the same region
will or will not be inherited to an NRM at time ¢. This property makes the resulting
dependent NRMs in a dense representation, e.g., the NRMs have a lot of atoms with
small weights that might not be interesting to the problem. For example, in topic
models, each document is represented by a topic distribution. The total number of
topics might be large in the corpus, however, each document often contains just sev-
eral topics, say 3 topics. In this case, we want the topic distribution vector for the
document to be sparse, obviously using the MNRM to do the modeling is not a good
choice. Another example is in the modeling of friendship in a social network, where
the distribution of connections between a person and their friends is assumed to be
modeled with an NRM. Again, in this case we do not want the person to connect to
all the people in the network, thus dependent normalized random measures with a
selection mechanism for the elements are desirable.

This chapter introduces another class of dependent normalized random measures
called thinned normalized random measures (TNRM). It is constructed by independently
thinning individual atoms of the Poisson process. The merits of TNRM over the
MNRM include:

e by controlling individual atoms in the NRMs, it achieves a more flexible mod-
eling of the dependency structure; and

e each resulting dependent NRM is sparsely represented, which is preferable for
many applications.

Similarly to the MNRM, the construction of TNRM also results in some nice
distributional properties. However, the flexibility of this construction is paid for with
a more complicated posterior structure than the MNRM, which will be shown in this

127
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Figure 7.1: Construction of thinned normalized measures. The two NRMs in the
bottom are dependent because they share some of the original atoms of the Poisson
process from the top.

chapter. Fortunately, with advances of the MCMC, posterior inference can still be
performed efficiently via a slice sampler.

7.2 Thinned Normalized Random Measures

As can be seen in a MNRM, a set of weights control the contribution of the indepen-
dent CRMs to the dependent NRMs at any time, thus forming a ‘softening’ of the
spatial normalized Gamma process [Rao and Teh, 2009] (where each of the CRMs
is either present or absent). The thinned normalized random measure (TNRM) pro-
posed in this chapter, however, is a different generalization in that rather than in-
cluding or excluding entire CRMs, it chooses whether or not individual atoms in
each of the CRMs are present in the NRM at a given time. This can be done by an
operator called thinning or subsampling. More precisely, to each region-time pair (7, t)
we associate a parameter g+ taking values in [0,1].! g, is the subsampling rate of
the atoms in region r for time ¢, with each atom of region r independently assigned
to time t with probability q,; (otherwise it is thinned). We call the resulting NRMs
thinned normalized random measures (TNRM). Figure illustrates the construction of

INote that this qrt is different from that in MNRM.
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two dependent NRMs by thinning a common Poisson process.
Formally, TNRMs can be constructed as follows:

Definition 7.1 (Thinned Normalized Random Measure). Let a Poisson process on
space W ® © @ R with Lévy measure v(dw, d6, da). The thinned normalized random
measure (TNRM) is defined by the following construction:

e For each region R,, define a completely random measure:

7,(d0 :/ N (dw, d6, da) .
wlde) = [ N (dw,de,do

e For each region-time pair (7, t), generate a countably infinite sequence of Bernoulli
random variables:
Zpk ~ Bernoulli(g,+)

e For each time ¢, construct a dependent completely random measure by thinning

fiy’s:
#R oo

Ar(de) =Y Y zuwudy, -

r=1k=1

e Normalize the completely random measure:

1
pe(de) = Zﬁt(fw) , where Z; = ji(0) . (7.1)

Clearly the ;s can be shown to be marginally NRMs:

Theorem 7.1. Conditioned on the set of q,'s, each random probability measure y; de-
fined in is marginally distributed as a normalized random measure with Lévy measure
Y, grvr(dw, d6).

Proof. The intuition behind this result is that independently thinning the atoms of a
CRM maintains the property of complete randomness. Thus, fi; is a CRM, and p;,
which is obtained by normalizing it is an NRM.

One approach for the proof is to follow the proof of Lemma in Chapter
Here a simplified proof is given using the characteristic function of a CRM (3.4).

Denote B = {0,1}*R*T, from the definition of fi;, the underlying point process
can be considered as a Mark-Poisson process in the product space R™ x @ x R x B,
where each atom (w, ) in region R, is associated with a Bernoulli variable z with
parameter q,;. From the marking theorem of a Poisson process (Theorem [2.6), we
conclude that fi;’s are again CRMs.

To derive the Lévy measures, denote dz as the infinitesimal of a Bernoulli ran-
dom variable z, using the Lévy-Khintchine formula for a CRM as in Lemma the
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corresponding characteristic functional can be calculated as

[y iufir(d6)] _ _/ _iuw
E [e ) } = exp { e ox R B (1 e ) v(dw, dG,da)dz}
_ _ _ iuw
= exp { /1R+x@x7z (1 e ) gr,+v(dw, do, da)} (7.2)

= exp {_ /}R . <1 _ eiuw) C—i grvy(dw, d9)> } , (73

where follows by integrating out the Bernoulli random variable z with param-
eter q,,¢, follows by integrating out the region space. According to the unique-
ness property of the characteristic functional, j;’s are marginally normalized random
measure with Lévy measures fol grtvr(dw, d6). O

7.2.1 Comparision with related work

The idea of thinning atoms is similar to [Lin et al., 2010] for DPs and to [Chen et al.,
2012b] for NGGs, but these were restricted to random probability measures with
chain-structured dependency. In addition, posterior samplers developed in these
prior works were approximate. The TNRM is also a generalization of a very recent
work [Lin and Fisher, 2012]. This model is restricted to dependent DPs, and again,
the proposed sampler has an incorrect equilibrium distribution (more details in Sec-
tion [7.3). The TNRM is also related to a recently proposed model in [Foti et all
2013], the main differences are: 1) they focus on different thinning constructions of
dependent CRMs; the focus of TNRMs is on normalized random measures, where
the normalization provides additional challenges. 2) Their posterior inference is ap-
proximated based on truncated representations of the CRMs (which are restricted
only to Beta and Gamma CRMs), while TNRMs’ is exact. Finally, the TNRM can be
viewed as an alternative to the IBP compound Dirichlet Process [Williamson et al.,
2010]. These are finite dimensional probability measures constructed by selecting a
finite subset of an infinite collection of atoms (via the Indian buffet process (IBP)).
TNRM makes this to be infinite, allowing it to be used as a convenient building block
in deeper hierarchical models. By treating the atoms present at each time as features,
the TNRM can be contrasted with the Indian buffet process [Griffiths and Ghahra-
mani, 2011]: in addition to allowing an infinite number of possible features, TNRM
allows the number of active features to display phenomena like power-law behavior;
this is not possible in the IBP [Teh and Gorur, 2009; Broderick et al., 2012].

7.2.2 Interpretation as mixture of NRMs

The complication of the TNRM comes from the introduction of the latent selecting
Bernoulli random variables z;;’s. Incorrect posterior samplers are easily derived
without carefully inspecting its posterior structure. This happens in [Lin et al., 2010]
and [Lin and Fisher, |2012]], detailed analysis can be found in [Chen et al., 2013b].
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To reveal the posterior structure of a TNRM, a mixture of NRMs interpretation
is first presented in this section, e.g., it shows that y; is a mixture of NRMs that
are formed by transforming the original ji,’s. To show this, associate the kth atom
in a region r € R with a binary vector b"(k) of length T. Index the atoms in the
common Poisson process by k, so b} (k) = 1 means atom k is inherited by the NRM
pt of time t (i.e. zyr = 1). Accordingly, we can split each region R, into 27 smaller
subregions, each associated with atoms with a particular configuration2 of b". That
is, each configuration of b" corresponds to a new sub-region, and there is totally
2T configurations for each region R,. It is easy to see that with subregion b” =
b, --- bl of region r, it associates a new CRM G, with Lévy measure [/, qf£(1 -
3rt) b, (dw, dh), so it is easy to see that

pe(do) =3y Y Gp(de) (7.4)
r€R (b s.t. by=1)
de) = F+(d9) 7.5

Thus, the NRM at any time t can be expressed as a mixture of a number of NRMs

defined as
Gp(do) = Grb(dG)/Grb(Q) .

This number is exponential in the number of times T. The interpretation of a single
thinned NRM is illustrated in Figure We can also see from this interpretation that
TNRMs can be seen as fixed-weight (binary) MNRMs but with many more regions
(which is 2T). The number of components also grows linearly with the number of
regions #R; we will see that this flexibility improves the performance of the model
without too great an increase in complexity.

Thinning

Superposition

Figure 7.2: Interpretation of TNRM as a mixture of 27 NRMs. The thinned version u
of the NRM G is equivalent to a mixture of 2T NRMs G;’s, where each G; represents
the NRM corresponding to one configuration of the b defined in the text.

2Each configuration is an assignment of the vector b’, thus there are totally 27 configurations.
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7.3 Conditional Posterior of TNRM

One difficult problem with the TNRM is its conditional posterior distribution, i.e.,
given observations from all u;’s, what is the posterior Lévy measure of ji, for the
regions? One might argue that because ji; is constructed by superpositioning thinned
versions of the independent CRMs ji,, the posterior Lévy measure would also be the
thinned Lévy measures of fi,’s, i.e., v; = (}; gst) V. Unfortunately, this is not true. It
actually ends up with a fairly complex Lévy measure that is beyond computational
tractability, making the marginalization difficult and impractical. In the following
theorem, as in the normalized random measure case, we need to condition on the
latent relative mass auxiliary variable y; for each ¢, then we have

Theorem 7.2. Given observations associated with atoms W = {(w1,61), - - -, (wg, 0k)} in
region R,, and auxiliary variables u; (the latent relative mass) for each t € T, the remaining
atoms in the Poisson process in region R, are independent of W, and are distributed as a
CRM with Lévy measure’

vy (dw,dd) =] (1 — grt + gree™®) v, (dw, db) .
t

Proof. The independence of the atoms with and without observations directly follows
from the property of the completely random measures [James et al., 2009]. It remains
to proof the Lévy measure of the random measure formed by the random atoms of
the corresponding Poisson process.

The way to prove the posterior Lévy measure is again to apply Theorem [2.12]
of the Poisson process partition calculus, where the idea is to formulate the joint
distribution of the Poisson random measure and the observations into an exponential
tilted Poisson random measure. Note it suffices to consider one region case because
the CRMs between regions are independent. For notational simplicity we omit the
subscript r in all the statistics related to r, e.g., 14 is simplified as 1.

Now denote the base random measure as ji, then construct a set of dependent
NRMs p;’s by thinning fi with different rates g;. Given observations for y;’s, it follows
that the joint distribution for {y;} and observations with statistics {n4,} is

p({nw}, {}) = [T %%

P(N|v) .
t (Zk’ztk’wk’)Nt ( |V)

Now we introduce an auxiliary variable u; for each t via Gamma identity, and the
joint becomes
ntwk

Hk:mwk>0 w

p({ne}, {ue}, {us}) = H Wt)k I;[e’ Tezts pAf|y) .

3The auxiliary variables ;s also have the corresponding posteriors, but are fairly complex. They
can be obtained by inspecting the posterior (7.20) in the following sections with an accurate approxi-
mation given in Section [7.4.4]
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Now integrate out all the z4’s in the exponential terms we have:

He):jzjikujwk]

k

= TITT(0—g;+aqe ™)
ko j

E{z

- o (- EE -l rg e -n)

Let f = — Y Xlog (1+¢; (e7™ —1)), g(N) =1in Theoremm then by apply-
ing the theorem, we conclude that the Poisson process has posterior mean measure
of

e @y (dw,ds) = 1—g;+ge ") v(dw,dbd),
qj T 4qj
j
which is the conditional Lévy measure of ji by the relationship between a Poisson
process and the CRM constructed from it. O

Remark 7.3. Theorem indicates that conditioned on observations, the remaining
weights are distributed as a CRM from a different family than the original one. The
marginal samplers in [Lin et al., 2010; Lin and Fisher, 2012] implicitly assume these
are the same, and are incorrect. Please refer to [Chen et al., 2013b]] for more details.

By looking at the posterior intensity of the Poisson process in region R, in Theo-
rem we see that marginalization over this Poisson random measure is impractical
for posterior inference. For example, the following theorem shows the complicated
marginal posterior of the TNRM under a specific class of the normalized random
measure — the normalized generalized Gamma process, denoted as TNGG.

Theorem 7.4. Given observations X for all times, introduce a set of auxiliary variables {u;},
the marginal posterior for the TNGG is given by

p(X,u, {su}, {gu}t|o, {M:}, {zr}ren w0 {ar}) (7.6)

- (%) (HM@( )

(H I1 e ) (lj[lj[ xuwgﬂsﬂ) (7.7)

Fknso (1+ Zt Zyiklht)

MMew!-m| ¥ ((Hw ) -4)(<1+>:z:t,w>v—1)) |
r z,,€{0,1} ¢
or t=1---T

11 1
where in the last line Y, = Y Y --- Y .
z,€{0,1} z,=02/,=0  z/;=0
for t=1...T
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Proof. Let Gy = Y %‘SGW from the property of Poisson process we see that

Gyt is a CRM in the augmented space Rt x @ x {0,1}. Given the observed data, the
likelihood is given by

p(X, {su} {gu}{Gn})

N VDS eSS s o DT 78)
111 , .
[Ty (T T zevnetre) ™ iy o

where z, ~ Bernoulli(g,+),0 < g+ < 1.

Now introducing auxiliary variables u via the Gamma identity, we have

p(X,u, {su}, {gu}{Gr})
T I K U1
— (HHHw trk) <HHf xtl|9gt,st, ) (H F(Nf))

t
(eXp - zzzz”kutwrk}) 79
t r k

Denote Y = {0,1} ® - --® {0,1}, dR, = dz,; - - - dz,7, since {G,;}’s are CRMs, now

T
integrate out {G,}’s with Lévy-Khintchine formula in Lemma [3.2|as well as the Pois-

son process partition calculus formula in Theorem we have

p(X,u, {su}t, {gutlo, AM:}) = E(c,y [P(X,u, {su}, {gu}|{Gn})]
_ 4 Bk MK up
= (raZa) (H )(H <N>>
T L
(.1 ) (1)
Hexp{ / / /}R ) 1—e 2) ;dedBdRr}(ZlO)
Ta}ilor o Z,K, K, uf\]f
expa;sion (F(l—a)) (HM ) (H (N)>
B T L
(H H e ) k— U) <HH xtl‘egt,st; >

T king>0 (1 +Zt rtkut =1

°° 1 (5 zppxrty)" X" e
Hexp{ / LLx r:ﬂ C;dvdedR,
n= 1 :
Integrite out ( o LK HMK'
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(H [T ) — ) (H vl )

I k>0 (1+Zt Z it =11=1

nexp __oMy 2 i )= 1 YyZ t’”t’)n
' FA=ao) | o &y = !
for t=1..-T

(Hq;f’ g [ d)]}

Y. K ui\h 1

- (rate) (UMK'> (Hrw))
T

<H IT Mok =0 — U) <]i[f} F(xu|0gu,) ) (7.11)

rkn.g>0 (1 +Zt rtkut)

Hov{-w| & (M) (0 Sour 1))
r z€{0,1} ¥
for t=1.--T
where z, in (7.10) means a Bernoulli random variable drawn at atom x with pa-
rameter g,¢. The last equation follows by applying the following result

g( 1yt nTF(n — o)
_ - n—1yn (” — 0)
- n:l( )'IA n!

B (1—0 2 o(c—1)---(c—n+1) ,
_ - (n; - A) (7.12)

INQ
- =D asay -1,
o
where the summation in (7.12) is the Taylor expansion of (1 +A)” —1. O

7.4 Posterior Inference

Without loss of generality, this section shows how to do posterior inference on a
specific class of the TNRM - thinned normalized generalize Gamma process (TNGG),
with both marginal sampler and slice sampler.
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7.4.1 Marginal posterior for thinned normalized generalized Gamma pro-
cesses

This section proposes a marginal sampler for TNGG based on the marginal poste-
rior (7.6). To achieve full marginalization and sample the topic allocation variables
(4,81 ), the Bernoulli random variables z,4’s for the fixed jumps in need to be
further integrated out. So the terms in the first parenthesis of is first augmented
by instantiating a set of jump size variables w,;’s distributed as

wy ~ Gamma <n.rk -0, 1+ ertkut> . (7.13)
t
Further denote u = (uy,---,ur), and b as a length T binary vector, and denote
Y=y Yoy
b b=0b=0  br=0

then the first parenthesis in (7.7) can be rewritten as

| | I | w Mrk— U wrkl |efzrtkufwrk

7 k>0
integrate out z_ 0o
H H wly My~ wka 1 — Gy + Gree ther)
r kin,, >0
_ 1—[ 1—[ wfkrk_az (]_—[ qb, 1_— Qrt > —(I+<ub>)wy
7 kn, >0
integrate out wy b b [(n—o0)
(1= qrt)”™ —
I IT 2 (T a0 ) o s

where < -, - > denotes the inner produce. Based on this, the sampling goes as

Sample (sy,gy): for the current time ¢, the corresponding b; value is equal to 1, thus
the conditional probability for (s, gy) is proportional to

p(sy =k gu =r|C—sy—gu)

bt/ _ 717
Elrt(n,\:,i —0) (Zb:btzl Ht/ﬂfﬁi bq;t) ) f, \tl(xtl)/ if k already exists,

X

1-by
Iy q (1—q,y) . .
o <ZT/ GrtMy Y pp—1 ”E‘H’;’u b>” - Jo f(xu|0)h(0)d6, if k is new.
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When T = 2 this simplifies to:

tl 1-q,; ; t . :
o qare(n., ) —0) (Hz[; + Hjl’:ruz) fr\k (xy), if k already exists,
1_qr’~ q, . .
o (Zr, g My ((1+u;)1f*” + (1+u1+;2 _ )) Jo f(xu|0)h(6)dB, if k is new

where f =1 when t = 2; and f = 2 when t = 1; and similar to previous chapter

ff(xtl‘erk) Ht’l’yétl,sf/,/:k,gt/,/:r f(xt’l’ ‘Grk)h(erk)derk
f Ht/l/aétl,sm/:k,gt/,/:r f('xt,l, |97’k)h(91’k)d9rk

is the conditional density.

Fall () =

Sample M;: M, has a Gamma distributed posterior as

M;/|C_MrN
Gamma (K, +am,2 <nqbf (1—g) b‘*) (I+ <u,b>)"—1)+ bm> ,

where (a,,, by, ) are parameters of the Gamma prior for M,.

To sample ({u:}, {gs},0), the fixed jumps w,y are first instantiated as in (7.13), then
the latent Bernoulli variables z,4 for (k : n.,; > 0) can be sampled using the following
rule

1’ lf nt?’k > 0 7
p<szk = 1|C - Zrtk) - { gree” "tk

liqyr‘»qrte—utwyk/ lf nt?’k = 0 *

Sampling for other parameters can also be read from the posterior:

Sample u;: the posterior of u; has the following form:

b _
— Y, MYy (nt, 9,5 (1—=q,)" bﬂ) (1+<ub>)")

p(],[t|c — ut) X ui\]f_le_(Zr Ek:n_,k>OZrtkwrk)”te )
(7.14)

this is log-concave after using a change of variable v; = log(u;). Another possi-
ble way for the sampling is to note that the posterior of u; above is bounded by
the first two terms, which is a Gamma distribution. Thus we can first sample u;
from a Gamma distribution: u#; ~ Gamma (Nt,Z, Y ke >0 zrtkwrk), then use a
rejection step evaluated on the true posterior (7.14), though the acceptance rate
would probably be low.
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Sample q,+: the posterior of g, follows:

>0 1(Zre=1 -1 = —
P(Qrt|c — [’]Vt) X [,]Ek #>0 i )+aq (1 _ qrt)Zk:n_tk>O 1(zy4k O)‘i’hq 1 (715)
eer b (nt, qu,’ (17%,)1*1’#) (1+<ub>)7-1) , 7.16)

where (a4, b;) are parameters of the Beta prior for g,+’s. This is again log-
concave, and can be sampled using the slice sampler. Also, similar to sampling
u;, we can also first sample g4 from a

Beta ( Y, lzm=1)+a, Y. Uzm=0)+ bq>

kin.y >0 kin.y >0

proposal distribution and do a rejection step based on the true posterior (7.15).

Sample 0: From (7.6), ¢ has the following posterior:

p(o|C —0) <1"(1U_U)>K (H I wﬂ{)UHe—Mr Lo (Ht qfi(l—q,t)lfbt)(1+<u,b>)ﬂ)/

r kn >0 r

this is log-concave as well and can be sampled with the slice sampler.

We can see from the above marginal sampler for TNGG that it is computationally
infeasible even for a moderately large time T. The reason being that the marginal
posterior contains a 2T summation term, thus computation complexity grows expo-
nentially with the number of times. Alternatively, based on the recent development
of sampling for normalized random measures [Griffin and Walker, 2011} Favaro and
Teh| [2013], a slice sampler for TNGG is developed in the next section which greatly
reduces the computational cost.

7.4.2 Posterior inference for the TNGG via slice sampling

This section describes a slice sampler for the thinned normalized generalized Gamma
process (TNGG). The idea behind the slice sampler has been described in Chapter @
which basically is to stochastically truncate the infinite atoms in the model to finite
ones so that the model is computationally manageable. Note the derivation here is
similar in part to the MNRM, but different in that there are extra Bernoulli random
variables z,4’s to be handled.

Specifically, as in last chapter, let’s first introduce a slice auxiliary variable vy for
each observation such that

vy ~ Uniform(wg,s,) -

Based on (7.9), now the joint likelihood of observations and related auxiliary variables
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becomes

p(X,u,{ou}, {su}, {gut{pr}, {2z}, {01 })
Ni—1
(I:I 1 wgtIStI > Utl) f(xtl|9gt1Stl)> (H ?ENt))
(exp{ Zzzzrtkutwrk}> (7-17)
t r k

Denote p'(dx) = x 177 ~*. In the slice sampler we want to instantiate the jumps
larger than a threshold, say £,, for region R,. As a result, the joint distribution of

the observations, related auxiliary variables and the Poisson random measure {N,}
becomes

p(X,u, {ou}, {pur}, {su}, {8u}{ze} {9rt})

Ni—1
(H [T1(wg,s, > Utl)f(xtllggr15r1)> <H ?ENt))
(eXP { Zzzzﬂkutw”‘}> 1P

shce:at L, HHl(w > o) f (x11l 6, ) H ”{\]t_l
o 8HSH t tHV gusu . F(Nt)
exp { ;Zzzrtkutwrk}

jumps larger than L,
TTp({(wn 0 (b)) (K s # jumps larger than £,)

Hexp { ZA:I 7 /Ocr (1 —TT(—gn+ Qrteutx)> Pl<dx)} (7.18)

t

jumps less than £,, according to Theorem
Ni—1

small £, (Hnl(wgusg > vfl)f(xtllggflsrl)) (H ?EM))

t 1

exp {_ y ;;zrtkutwrk}

t

jumps larger than L,

Mr K; Mr e / —1—0 ,—w
(rie) ool me o f@o I es e

k

p({(w1x,01%) } A (war,02k) b+ A (wik 1) })
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Hexp { oM, Ti—o) /OEr ((qutut)x + O((utx)2)> p’(dx)} (7.20)

j

jumps less than £,
Ni—1

~ Hl—[l Weysy = Ut f(xtlwgﬂsﬁ) ]_—[ ! exp _Zzzzrtkutwrk
o t F<Nt) I

jumps larger than £,

R e N

k

P{ (w1x,016) } A (wakB2k) 1o+ A (Wi 1) })
N M T (7.21)
P\ " LA M T T ) | |
T

jumps less than £,

where (7.19) is the joint density of a finite jumps from the Poisson process, since it
is a compound Poisson process, so the density is:

p((wp,0), (wr2,0:2), -+, (Wrk,, Ork,))

. oM, “ K 0 (w)
=P Ky 2 [ 0(dx) ) KA T 20k
asson (65 75 [ 'tan ) 2 T a5

where we assume the Lévy measure is decomposed as v(dw,df) = p(dw)H(d6),
Poisson(k; A) means the density of the Poisson distribution with mean A under value

k.
Further integrate out all the {z,;}’s, we have

p(X,u, {ou}, {wn}, {su}, {gutlo, {M:})
T L .
(ggl(wgﬂsﬂ > v”)f(xtl’eg”s”)> <1:[ ;ENt)>

[IETTT (-t goee) TT )

r kntrk 0 k:ntrk>0

jumps larger than L,

[1(s%) o (i a0 Il =

r

p({ (wik,01%) } A (Wor,B2x) b+ A (Wi, B1) })
oLl
exp {— Zr:(;q””f)M’ A= o)rd—o) } (7.22)

jumps less than L,
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7.4.3 Bound analysis

Note that in the above derivation, to make the inference feasible, a linear approxi-
mation for an exponential function in is used to make it become (7.21). For
the interest of theoretical analysis, this section derives the upper bound and lower
bound of the true posterior, which are shown in (7.24) and (7.25) respectively, allow-
ing the integration to be worked out. Actually, the only approximation used is by
replacing the term e ** with its linear upper bound and lower bound as in (7.23).
This approximation is quite accurate given u; < 1/L,, and this is easily satisfied by
choosing an appropriate threshold £, in the sampling *.

To derive the lower bound and upper bound of the true posterior (7.18), first
define the following notation:

tr

min

= arg tg}ti;lo{qrt(l — e’“fﬁr)},

Fnax = arg max{ it }.
Also denote the last term in (7.18) as Q,(L,), i.e
QL) =ep § M [ (1-TT0 = -+ ame ) | @) |
I'(1—o) Jo ;

Use the following inequality:

1 _ e*MtL

1—ux <e ™M <1-— Tx, VL > x. (7.23)
the upper bound for Q,(L,) is given as:
Qr(Ly) <
exp {— OE’ r(?i[a (1 I (1 (1 - i‘”’ﬁ’)x>> (xo1—x) dx}

T
Ly oM qrtr ) (1 —e min )
< _ _uerr _ _ min —o—1 O
<exp v TA—0) 1 (1 i X (x X )dx

(- )
—us L T/2 qrtr . — e min

< r — utmin ’ ) i

— exp / I" 2 qrtmin (1 € ) ( El’ )

£T/2 <x—cr—1 _ x—a) dx}

4Tt is chose as £, = min {0.001/ max;{u;}, min(t,l):g,,:r{vtl}} in the experiments.
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—uy L T/2

tho. r
Cep oM (0O )T
Py T -0 L, Tt

2 2L, -
(T—ZU_T—Z(T—I—Z)Er } 7.24)

Similarly, the lower bound is given as:

[4 O'Mr —o—1 1 _ e—ﬁr Y
exp{—/o m (1_1:[(1_%&1/&3()) (x _Tx >dx}
b oM T o l—e A
= B —— - — g r o-1_ - = -0
- exp /0 r(l — 0') (1 (1 qrtmaxutmaxx) ) <x ,Cr X > dx}

E" U'My T/2 T/2 T/2 P 1 — eiﬁy _
> _ . . -1 714
- eXp { /0 1"(1 _ 0.) 2 (qrtmaxutmax) X (x £7’ X ) x}

—L
T/2 4T/2 2 2(1—6 ’) %,
e 2 - L
r(1-o) (97t ) <T— 20 T—-20+2

7.4.4 Sampling

Now the sampling is straightforward by inspecting the posterior (7.2). First note the
variables needed to be sampled include the jumps {w,}’s (with or without obser-
vations), the Bernoulli variables {z,4}’s, mass parameters { M, }’s, atom assignment
{su}’s, source assignment {g;}’s and auxiliary variables u;’s as well as the index
parameter . The whole set is denoted as C, then the sampling goes as follows:

Sample (sy, g1): (s, 8u) are jointly sampled as a block, it is easily seen the posterior
is:

p(sy = k,gn = r|C— {Stz,gtz}) o L(wpk > vy) 1z = 1)f(xtl’9g,ls,1) . (7.26)
Sample v,: vy is uniformly distributed in interval (0, wg,s, ], so

vy|C — vy ~ Uniform(0, wy,s, ) - (7.27)

Sample w,;: There are two kinds of w,;’s, one is with observations, the other is not,
because they are independent, they are sampled separately:

e Sample w,'s with observations: It can easily be seen that these w,’s
follow Gamma distributions as

20,.|C — 0, ~ Gamma (z —o 1+ z) ,
t t
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e Sample w,'s without observations: We already know that these w,;’s
are Poisson points in a Poisson process, and from Theorem [7.2l we know
the mean measure of the Poisson process is

v(dw,d) = p(dw)H(d6) = [ [(1 — grt + gre” )1, (dw, db) ,

t

where v,(dw,df) = p(dw)H(d0) is the Lévy measure of y, in region R,.
So now sampling w,’s means instantiating a Poisson process with the
above intensity, since such Poisson process has infinite points but we only
need those points with w,; larger than the threshold £,, this is finite and
the instantiation can be done. An efficient way to do this is to use the
adaptive thinning approach in [Favaro and Teh, 2013]], as it does not re-
quire any numerical integrations but only the evaluation of the mean mea-
sure p(dw). The idea behind this approach is to sample the points from
a nice Poisson process with intensity pointwise larger than the intensity
needed to be sampled. In another word, we need define a Poisson process
with mean measure 7, (s) that adaptively bounds p, i.e.:

(s) Vs > x
Yu(s) VX' >x

Furthermore, it is expected both 7, (s) and the inversion are analytically
tractable with [ 7,(s')ds’ < oo to facilitate the computation. Then the
samples from the Poisson process with mean measure p(dw) can be ob-
tained by adaptively thinning some of the instantiated points in the Pois-
son process with mean measure v, (s). For TNGG, the following adaptive
mean measure is found to be a good one:

oM,

_ - —s—1-
7)) = ta= 5 H(l—qwqrte et (7.28)
Clearly it satisfies
Tx(s) = p(s) x <s,
Yx(s) = 7w (s) X' >x,
Furthermore, we have:
We(s) := / vy (s")ds’ —/ Ti-o) UMr (1 — rt + qree” ") e x10ds’
— M; _ —ux\ y—1—0 (,—x _ ,—s
= [T(1—gn+gne )x (e —e) (7.29)

I'(l—o)+,
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So

_ 1+0,x
Wx_l(y) :x_log 1- r(l a)x ‘ Y :
oM, TT; (1 = goe + gree™ ")

Finally, the sampling for these w;;’s goes as in Algorithm

Algorithm 1 Simulate inhomogeneous Poisson process with mean measure p(ds) on
[L, o]
1: N:=0,x:= 1L
2: repeat
3: let e be a draw from an Exponential random variable with parameter 1;
if e > Wy(o0) then
terminate;
else
set x' := W, !(e);
end if
with probability p(x’)/vx(x’) accept sample, and set N := N + 6,;
10:  set x := x’ and continue to next iteration;
11: until termination
12: return N as a draw from the Poisson random measure with mean p on [L, co].

o O N> 9o

Sample z,4: For those w,;’s with observations from time ¢, clearly the posterior is
Pz =1|C—zmm) =1.

For those without observation, according to (7.8), given all the w,;’s, the poste-
rior of the Bernoulli random variable z, is

1 C qrte_ux‘wrk
P(Zrtk = ’ - Z”fk) T 1 Grt + Gree 10k '

Sample M,, u;, q,+ and o: The simplest procedure to sample M,, u; and g, is to use
an approximated Gibbs sampler based on the accurate approximated posterior

(7.21) and (7.22):

e Sample M,: M, has a Gamma distribution as

. / o = oLy C
M,|C — M, ~ Gamma <K7+1’1"(1—(7) /Y o' (dx) + s Zt:q””f> ,

where K] is the number of jumps larger than the threshold £,, and the
integral can be evaluated using numerical evaluation or the incomplete
Gamma function described in Theorem
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e Sample u;: u; also has a Gamma distribution as

o _
ut|C — uy ~ Gamma <Nt,zr:;zrtkwyk + A—ord—o) qutMrﬁl “) .
e Sample gq,;: the posterior of g,; is proportional to:
- errutC}_V
P(Qrt|c _ [']rt) & H (1 — g+ qrte—utwrk) e -—ora-o) , (7.30)

k:ntrkzo

which is log-concave. Now if we start from the construction, and further
employ a Beta prior with parameter a; and b, for each g, then it can be
easily seen that given z,4, the approximated conditional posterior of g,; is

qrt|C — qre ~ Beta <21(Zrtk =1)+ aqrzl(zrtk =0)+ bq) .
k k
e Sample 0: based on (7.21), the posterior of ¢ is proportional to:
Yy, K —0
o r N UMr (o] ,
oo (i) oe{ri [ ven (I )
oLl-o
exp{ — u) M ! i
P{ Z(;”’” M T T —a)}

r

which can be sampled using the slice sampler Neal [2003]].

Sample M,, u;, 4,+ using pseudo-marginal Metropolis-Hastings: Note the above sam-
pler for M,,u; and g,; is not exact because it is based on an approximated pos-
terior. A possible way for exact sampling is by a Metropolis-Hastings schema.
However, note that the integral in is hard to evaluate, making the general
MH sampler infeasible. A strategy to overcome this is to use the pseudo-marginal
Metropolis-Hastings (PMMH) method [Andrieu and Roberts| 2009]. The idea be-
hind PMMH is to use an unbiased estimation of the likelihood which is easy to
evaluate instead of the original likelihood.

Formally, assume we have a system with two sets of random variables M and
J, in which | is closely related to M 5 ie.,

p(M,]) = p(M)p(JIM) .
To sample M, we use the proposal distribution

Q(M™, J*IM,]) = Q(M*|M)p(J*|M") ,

5In our case ] corresponds to the random points {w,;} in the Poisson process, and M corresponds
to My, u; or gp.
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the acceptance rate is:

A = min (1, EALXQULIN )
" p(M, ] X)QUM", ][, )
— oun (3, L XIQUIN 1)
" p(M,], ) QUM TM)p (] M)
 min (1, POLJOUMM PO )
P (MQMTM)p(XIM, ]

(7.31)

Here p(X|M,]) is an approximation to the original likelihood. To make the
PMMH correct, p(X|M, ]) is required to be unbiased estimation of the true
likelihood p*(X|M,]), that is

E[p(X|M, ])] = cp* (XM, ]),

where ¢ is a constant.

To sample M,,u; and g, we can use the approximation (7.21), which is un-
biased with respective to the random points w,;’s, and also according to the
bound analysis in Section [7.4.3} the approximated likelihood is accurate if £, is
small enough. Note that to sample with the PMMH, we need to evaluate the
approximated likelihood p(X|{u:}, {M:}, {9r},{wk}) on the proposed M}, u;
and g};, which usually has heavy computationally cost given a large number of
simulated atoms, thus this method is not a good choice in term of computa-
tional cost. This procedure goes as in Algorithm

Algorithm 2 PMMH sampling for M, and u;

1: repeat

2:

7
8:

Assume the current state as M, u, g+, use this state to simulate the jumps
larger than £, from a Poisson process, following Algorithm
Sample the Bernoulli variables z,4’s
Use these jumps and z,4s to evaluate the approximated likelihood (7.21).
Propose a move

M; ~ Qui(M; M),

up ~ Qyu(uj|us) ,and

qrt ~ Qq(qmqrt) .

Use this state to simulate the jumps larger than £, from a Poisson process with
Algorithm

Use these jumps to evaluate the approximated likelihood (7.21).

Do the accept-reject step using (7.31).

9: until converged
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Specifically, we usually use Gamma priors for M,, u; and Beta prior for g, e.g.:

by

M,) ~ G ,b — M MaM—l —by M, ,
p(M;) amma/(a, by ) Tla) e
by
p(u;) ~ Gamma(ay, b,) = F(Z )u?“le’b““’ ,
_ Tlag +bg) a1 by—1
p(4ri) ~ Beta(ay, by) = qut (T —gr)™ .
Also we would choose a random walk proposal in the log spaces of M,, u; and
Qrt/ i'e'/
1 (log(M;) — log(M,))? }
log(M;)|log(M,)) = ex g
Qllog(M;)|log(M)) = 52— exp { (EELLZ
" _ 1 (log(u7) — log(u))?
Qiog o) log(u)) = ———exp { LB .
. _ 1 (log(g;:) —log(4:))*
Q(log(qy)|log(qrt)) = Vara, ©F { 207 :

Now the acceptance rates are easily seen to be

. (M:)”MEZ,M(M;M,)p<X|M:,{Mj}#r,{ut},{qﬂ},{f*}>
" p(XI{MY, {ucd {an b, )

A — (”Zk)a e—hu(u;_llt)P(X|”f/{ui}i¢t,{Mr}r{qrt},{]*})

" p(X[{ue}, (M.}, (g}, 1)
(g (=g p X g {wed A T

Aq‘(q) (1—%) p(X{qn}, (), (M}, (T}) 7

where p(X[{M,}, {u:},{J}) is the evaluation of with the current set of
parameters {{M,}, {u:}, {qr}, {wn} }.

The above description completes the sampling procedure for the TNGG.

7.5 Experiments

Similar to MNRM in Chapter [p] two settings are designed in the experiments to test
the TNGG, a specific class of TNRM: 1) thinned normalized generalized Gamma process
(TNGG), 2) hierarchical thinned normalized generalized Gamma process (HINGG). The
first is simply the thinned construction without hierarchy. Letting G be the base
distribution, e.g., Dirichlet distribution in topic modeling while Normal-Wishart in
Gaussian mixtures, F the likelihood, e.g., multinomial distribution in topic modeling
and Gaussian distribution in Gaussian mixtures, and there are t-time observations in
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the corpus, the generative process for TNGG is as follows:

(1) ~ TNGG(00, Mo, G, {4}) (7.32)
0 ~ e, x{|0; ~ F(|6]), (7.33)

where TNGG (09, My, G, {g:}) denotes the dependent NGG constructed via TNGG
with index parameter ¢, mass parameter My, base distribution G and the set of
subsampling rates {g}.

The second model HTNGG is constructed similarly as HMNGG in Chapter [6]
where the TNRM construction is used to produce a random probability measure
(RPM) p; for each time-period t; then data in each time period t are generated from
an NGG mixture with base-measure p;:

(.uf) |0’0, Moy, G, {%‘t} ~ TNGG(U’Q, My, G, {qrt})
{msi} e ~ NGG(o, M, pt)
0 ~ i, x;l05 ~ F(-16;) , (7.34)

7.5.1 Illustration

First, a demonstration on a thinned Gaussian mixture dataset is given to illustrate the
power of TNGG defined above. In this experiment, a mixture of Gaussians dataset is
generated with 10 components, each component has a covariance matrix 0.5 x I and
a mean listed in the Table, where I is the identity matrix. Then a 3-epoch dataset
is generated from these Gaussian mixtures. Assume 2 regions are used in this ex-
periment. To generate the dataset, in each epoch f, a uniform random variable is
assigned for each (t,r) pair, indicating the probability of choosing a Gaussian com-
ponent from region r to epoch t. If region r is chosen, one data point is drawn from
the corresponding Gaussian component with an added Gaussian noise of covariance
0.5 x I, where I is the identity matrix. This repeats for 70 times to generate 70 points
for each epoch, resulting in a 3-epoch dataset, with a total of 210 data points. It
is clear that the data in each epoch is a thinned version of the original mixture of
Gaussian data, thus fits well with the TNGG setting.

Now TNGG with ¢ = 0.1 is then run on this dataset. The hyperparameters
for the Normal-Inverse Wishart (please refer to definition in Section are set to
r=0.1,v=5m=[0,0]T,S = 0.1 x I. The number of iterations is set to 200. The
result is shown in Figure where we see that TNGG successfully recovers the
Gaussian components and places it in the 2 regions. More detailed comparison of
the true mean and estimated mean is shown in Table [Z.1 where it is shown that most
of the Gaussian components have been successfully recovered.

7.5.2 On multinomial likelihood synthetic data

This section tests the modeling power of HTNGG on the same synthetic data as for
HMNGG in Chapter [f] As a reminder, the data is generated from a hierarchical
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Figure 7.3: TNGG on three mixture of Gaussian synthetic dataset. The top row
corresponds to the estimated Gaussian components in the 2 regions, the bottom row
corresponds to the 3-epoch dataset.

Pitman-Yor process which contains 3000 data points from 3 groups. In HINGG, a
Beta(0.5,0.5) prior is put on the subsampling rate parameters g,;’s. Other parame-
ters and settings are exactly the same as for HMNGG. HTNGG is compared with its
non-power-law version— the hierarchical thinned normalized Gamma process (HT-
NGP), as well as the HMNGG in Chapter 6} Figure [7.4 plots the testing likelihoods
along with the number of iterations for all the models. It can be seen that both HM-
NGG and HTNGG outperform their non-power-law variants HMNGP and HTNGP
in terms of predictive likelihoods. Furthermore, HTNGG gets higher likelihoods than
HMNGG in this case; this follows from the added flexibility afforded by allowing the
thinning of individual atoms®.

7.5.3 Topic modelling

This section applies the TNGG and HTNGG to topic modeling. For comparison, the
same datasets in the experiments of MNRM in Chapter [ are used, which contains
the ICML, TPAMI, Person and NIPS datasets. The parameter setting is also the
same as MNRM, where the number of regions is set to be 20 for TNGG, and to the
number of years for the HTNGG. The Dirichlet base distribution G is symmetric with
concentration parameter of 0.3, Gamma(0.1,0.1) prior is placed on all unspecified
scalar random variables (e.g., the mass parameter { M;}).

®We will see that this might not be always true in large real datasets in the following due to the
complex posterior structure of the TNRM.
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Table 7.1: 10 true and estimated Gaussian means for the dataset. The data from C_6
and C_7 seem to mix together due to the noise added, thus they are estimated to be
generated only from one component.

[C1]C2[CB3[C4[C5[C6[C7]CB8][CH[CI0

. 108 | 3.06 | 821 | 6.08 | 12.82 | 17.36 | 1593 | 1242 | 24.51 | 23.39
rue 2.00 | -0.03 | 325 | 3.94 | 12.06 | 12.97 | 12.82 | 12.98 | 19.27 | 21.49
imated | 112 | 290 [ 7.87 [ 601 | 1243 16.59 12.43 | 24.58 | 23.29
estmated | 516 | -0.15 | 3.21 | 3.92 | 12.43 12.79 12.43 | 19.74 | 21.28

-3.657

=3.71

=3.75j

— HMNGG: 70.0/18.1

38 — HMNGP: 502.9/13.2 ]
— HTNGG: 32.6/9.7

— HTNGP: 334.8/18.8
500 1000 1500 2000

-3.85

Figure 7.4: HMNGG VS. HMNGP.

In the experiments, 20% of the original data sets is held-out, following the stan-
dard dictionary hold-out method (50% of the held-out documents is used to estimate
topic probabilities) [Rosen-Zvi et al., 2004]. All the experiments are repeated 10 times
with random initializations, mean values and standard deviations of the results are
reported. In each run, 2000 cycles are used as burn-in, followed by 1000 cycles to
collect samples for the perplexity calculation.

Quantitative comparison for different models Both training and test perplexities
are calculated for all the models, including those used in Chapter [f] for comparison.
The results are shown in Table

In addition to the findings in Chapter [f] it is found that while HTNGG is more
flexible than HMNGG, its performances are sightly worse when the datasets becomes
large; this is more obvious when comparing TNGG with MNGG. Part of the reason
for this is the complex posterior structure for the thinned models, so that the samplers
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TPAMI, Person and NIPS datasets.

Datasets H ICML \ TPAMI
Models train test train test
HDP 580+ 6 1017 £8 671+ 6 1221 +6
HNGG 575+5 1057 £ 8 671+ 6 | 1262411
TNGG 681 4+ 23 10716 | 701 £38 | 1327+3
MNGG 569 + 6 1056 =9 644 +6 | 1272 +12
HSNGG 550 &5 1007 + 8 643 +3 | 1237 +£22
HTNGG 572 +7 945 + 7 642 +4 1174 4+ 9
HMNGG 535+ 6 1001 +10 | 608+4 | 1199+10
HMNGP 561 4+ 10 995+ 14 | 634+10 | 1208 +8
Datasets H Person \ NIPS
Models train test train test
HDP 4541 +33 | 5962 +43 | 1813 +27 | 1956 + 18
HNGG 4565 +60 | 5999 +£54 | 1713 4+13 | 1878 £11
TNGG 58154122 | 7981 +36 | 2990 £57 | 3231 +2
MNGG 4560 £ 63 | 601366 | 1612+3 | 192045
HSNGG 4324 +77 | 5733+ 66 | 1406 £5 | 1679+ 8
HTNGG || 4196 +29 | 5527 +47 | 1377 +5 | 1635+3
HMNGG || 4083 +36 | 5488 +44 | 1366 +8 | 1618 =5
HMNGP || 4118 4+45 | 5519+41 | 13703 | 1634+ 4

Table 7.2: Train perplexities and test perplexities for different models on ICML,

might often be stuck in local optima, resulting in much worse perplexities.

Topic evolution Figure [7.5is a posterior sample, showing the evolution of 12 ran-
domly selected topics on the NIPS dataset for HTINGG. The figure shows the pro-
portion of words assigned to the topic k in region r at each time ¢ (i.e. Zi’r" ), and the
predictive probabilities for each topic at each time, which is defined to be propor-
tional to g, w, (see equation by integrating out vy and z,4. Comparison with
the HMNGG in Figure[6.5| we see (as we expect) HMNGG generating smoother topic
proportions over time (topics in HTNGG can die and then be reborn later because of

the thinning mechanism).

Marginal vs slice sampler Next the performance of the marginal and slice samplers
are compared for TNGG and HTNGG. The marginal sampler for TNGG could not
handle datasets with more than even 2 times. Instead, we have to divide each dataset
into two times (the first and the second halves, call the resulting datasets as 2-time
datasets), and treat these as the only covariates available. It is emphasized that this
is done only for a comparison with the slice sampler, which can handle more com-
plex datasets. Table|7.3|shows the average effective sample sizes and running times
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Figure 7.5: Topic evolution on NIPS dataset for 12 randomly chosen topics learned

by HTNGG. The two curves give word proportions within each topic (blue) and

prediction probabilities (red) for each time. The X axis represents the years from 1988
to 2004 and the Y axis represents the topic proportion and predictive probabilities.

over 5 repeated runs for the two samplers on the original datasets and the 2-time
datasets. On the original datasets, the running time of the marginal sampler is more
efficient in small datasets (i.e., ICML and TPAMI), while they are comparable in the
other datasets. The reason has been analyzed in Chapter [l In the 2-time datasets,
it is observed that the slice sampler obtains larger ESS values than its marginal sam-
pler in HTNGG, with comparable running times. We repeat that for HTNGG, the
slice sampler is applicable for any number of times, while the marginal sampler is
computationally infeasible even for a moderately large number of times.

7.6 Conclusion

This chapter proposes the thinned normalized random measure (TNRM) to address the
issue of dense representation of the mixed normalized random measure in the last
chapter. The construction involves thinning independent Poisson processes from
different region before combining and normalizing them. As for the MNRM, two
different MCMC algorithms for posterior inference are developed, a marginal sam-
pler and an approximate slice sampler. However, it seems only the slice sampler is
applicable in real applications because of the complexity of the marginal posterior
structure. In the experiments of topic modeling, HTNRM shows significantly su-
perior performance compared to related dependent nonparametric models such as
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Table 7.3: Comparison of effective sample sizes and run times for marginal and slice
sampler (subscript s). Subscript 2 in the datasets means the 2-time datasets. over 5
repeated runs. a/b/c | t in the table means the average ESS among all the chosen
statistics is a, the median is b, the minimum is ¢, and the running time for the 1000

cycles is t.
ICML TPAMI
Models ESS | Time ESS | Time
TNGG; 115.2/90.0/4.5|555s | 135.7/113.0/11.1|592s
HTNGG; 82.8/80.1/4.7|126s 92.5/105.1/5.4|312s
Person NIPS
Models ESS | Time ESS | Time
TNGG; || 300.6/231.3/3.2|3.3h | 223.8/107.7/1.1|1.4h
HTNGG; || 184.9/226.3/6.1/4.1h | 225.4/210.2/3.4/11.9h
ICML; TPAMI,
HTNGG 50.3/46.9/3.0|71s 55.3/58.4/4.3|95s
HTNGG; 94.9/90.9/4.0|76s 116.0/107.8/3.4|106s
Personj NIPS,
HTNGG || 144.8/170.6/4.2|]1.3h | 119.1/130.0/2.8|2.3h
HTNGG; || 153.2/113.5/2.7|1.1h | 176.1/151.0/3.3|1.9h

HDP and SNGP. Interesting future work includes applying the TNRM not just for
time-series in topic modeling but also to allow sparsity of probabilities, for instance

[Williamson et al., 2010].
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Chapter 8

Generalized Dependent Random
Probability Measures

8.1 Introduction

In the previous chapters, several methods have been introduced to construct depen-
dent random probability measures (DRPM) including the hierarchical normalized
random measure, mixed normalized random measure and thinned normalized ran-
dom measure. One question raised so far is: is there any way to construct more
general DRPMs that are not restricted to the normalized random measure family.
The answer is of course positive. This chapter discusses two ways to construct gen-
eral dependent random probability measures (denoted as {y;}) beyond this class:

1. Generalize the construction of MNRM and TNRM in Chapter [| and Chapter 7]
by transforming the individual atoms (wy, 6;)’s in the Poisson process with
appropriate transformation functions, e.g., via the following hierarchical con-
struction:

fio = Zwkfsek, a base CRM
k

i o<y fi(we)dr,6,)s a set of DRPMs
K

where (wy, 0)’s are atoms from the base Poisson process/CRM, f; : Rt — R™,
T; : ® — O are measurable functions such that y;’s are legal random proba-
bility measures. Following this idea, Section [8.2| below specifics the forms for
theses transformations via a hierarchical construction, which essentially com-
bines MNRM and TNRM to form more general dependent random probability
measures. Note the DRPMs following this construction usually do not embody
marginal posteriors, thus inference is limited to slice samplers.

2. Follow the idea of Poisson-Kingman processes [Pitman), 2003] by first explicitly
mixing the conditional law of the Poisson process with a prior for the total mass
Y x Wi to form a new RPM, then constructing dependent RPMs following ideas
in, for example SNRMs, MNRMs and TNRMs. This forms another generalized

155
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class of DRPMs, we call it dependent Poisson-Kingman process (DPKP). This class
is attractive in that it not only generalizes the NRM to more general RPMs
for constructing dependent Poisson-Kingman process, which are beyond the NRM
class, but also allows marginal posterior inference algorithms to be developed
easily. More detailed construction will be presented in Section

In the rest of this chapter, these two classes of DRPMs will be defined, and the
corresponding posterior structures and their posterior inference algorithms will also
be discussed.

8.2 Thinned-Mixed Normalized Random Measures

This section defines a generalized dependent random probability measure called the
thinned-mixed normalized random measure (TMNRM). The idea of the TMNRM is to
define the transformations f; above as the combination of the MNRM and TNRM
such that it enjoys the flexibility that the atoms of the Poisson process are not only
thinned but also weighted. Apart from making the resulting y;’s sparse by thinning,
TMNRM further imposes more variations between different y;’s by weighting their
individual atoms. Note the samples 6;’s are drawn i.i.d. from space ® and indepen-
dent of wy’s, thus the transformations T;’s are not discussed here for simplicity, i.e.,
simply set them to be the identity transformation.

Specifically, in TMNRM, assume we have #R independent Poisson processes,
each is for one region and forms a NRM denoted as y,. Then the dependent random
probability measures y;’s can be constructed by the following hierarchical construc-
tion:

ﬁr = Zwrkégrk/ r = 1/2/ T /#R
k
Jork ~ Gamma(aog, bog), r=12,--- ,#R,k=1,2,---
Jirx ~ Gamma(ayg, byg), r=12,--- ,#R,k=1,2,---
b,kNBeta(ab,bb), r=12,--- ,#R,k=1,2,---
gtrk ~ Gamma(CIOrkIEIlrk)/ t= 112/ e /T/r = ]-/2/ e /#R/k - 1/2/ t
Zrk ~ Bernoulli(byy), t=12,---,T,r=12,--- ,#R, k=1,2,---
StrkZtrkWrk

= dp t=12,---,T

He ; ; Zr’ Zk’ Str'k! Zr k! Wy ! o

Note the last equation in the above construction combines MNRM and TNRM by
associating each atom with a weighting variable g, and a Bernoulli thinning variable
zyk- Also note that by building this hierarchy, the random variables in y; generally
cannot be integrated out analytically, thus the property that y;’s are marginally dis-
tributed as NRMs is no longer preserved. Although this does not comply the nice
theoretical property of the MNRM and TNRM, it obtains a more flexible way of
controlling the dependency in the model.
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8.2.1 Posterior simulation

Assume in each region, fi,s are with Lévy measure v,(dw, df) defined on space Rt x
©. In posterior inference, obviously the NRMs y,’s could not be integrated out
because of the coupling of y,’s and other random variables such as g’s and z;’s.
As a result, similar to the TNRM, we need to resort to the slice sampler. Obviously,
the variables {qo.«}, {91k}, {Uw}, {0k}, {21k} have closed form updates given data
from their lower level in the hierarchy, i.e., conditioned on g’s, g1,« has the following
conditional posterior:

p<q1rk’{gtrk}) ~ Gamma <alq/ bla + thrk> .
t

Updated formulas for the other variables follow similarly and will be omitted here.

The only difficult task left is to simulate the Poisson points from the underlying
Poisson processes. Following the steps in TNRM, for a specific slice level £, there are
two kinds of atoms — those with and without observations:

e for the atoms with observations, we can sequentially re-sample (qok, 1k, brk,
Qirks Zirk) and wy,’s conditioned on other variables, which have analytical for-
mulations thus are easy.

e for those w,,’s without observations, we know that they come from a new
completely random measure with a new Lévy measure, say v'(dw, df). Similar
to the TNRM case, these atoms can be sampled by adaptively thinning a unit-
rate Poisson process.

To derive the conditional Lévy measure of the CRM, the Poisson process partition
calculus framework needs to be used. Following similar steps as in TNRM and after
simplification, the conditional Lévy measure is given by

'(dw, d9) (H/ /IR+ /]R+ < (ql K utw>_q° +1-— b) dbdqodql> v(dw, do)

The integrations in conditional Lévy measure above deter the adaptive thinning
approach [Favaro and Teh| 2013] from working because the Lévy measure is hard
to be evaluated. To overcome this difficulty, according to the Marking Theorem [2.6| of
the Poisson process, we can simply augment the Poisson process from space R* x ©
to space R x ©® x RT x R™ x [0,1], where the last three spaces correspond to the
spaces where the Gamma random variables gk, 41,x and the Beta random variable
by live on. So now the conditional Lévy measure on this augmented space is simply

v (dw/ do, dq0rkr d‘hrk/ dbrk)

—qork
= H (brk <qlrk> +1-— brk) v(dw, d9)G0<dl]07k)G1 (dq1rk>B<dbrk) p
t

qurk + utw
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where Gy(+) is the cumulative function of a Gamma distribution with parameters
(aog,bog), Gi(+) is the cumulative function of a Gamma distribution with parame-
ters (a4, b14), B(-) is the cumulative function of a Beta distribution with parameters
(ap, bp).

Now the adaptive thinning approach to simulate the Poisson process is applica-
ble. Following the thinning procedure of TNRM, obviously we have the adaptively
upper bound ¥ (dw, d6, dgo,x, g1+, dbyi) ' of ¥(dw, d6, dgok, dgisk, dbyy), then we do
the thinning as follows:

e Sample o, Girk, by from the corresponding Gamma and Betta distributions
respectively as follows

Gork ~ Gamma(aog, bog)
q1rk ~ Gamma(alq, blq)
brk ~ Beta(ab, bb)

e Use the sampled values qo,«, 171, byx to evaluate formulas related to /(- - - ) and
7(---), and do the thinning as in TNRM.

8.3 Dependent Poisson-Kingman Processes?

This section describes the second way to construct more general DRPMs by first
extending the NRM to a more general class of RPM called Poisson-Kingman pro-
cess (PKP), then building dependent RPMs based on the corresponding PKPs. As
a result, the dependent random probability measures constructed also are not NRM
distributed. In the following, how to construct the general Poisson-Kingman process
from the NRM will be first introduced.

8.3.1 Poisson-Kingman processes

Generally speaking, Poisson-Kingman processes are generalizations of normalized
random measures by tilting the total masses with some appropriate functions [Pit-
man, 2003]. Formally, let v(dw, df) be a measure on the space W x ©. Denote P, (-)
as the law of a Poisson random measure N (dw, df) on this space with mean mea-
sure v(), and denote E,[-] as the expectation over the Poisson random measure v. Let
f :R" — [0,1] be a probability distribution on R". The idea of Poisson-Kingman
process is to define a "tilted" point process by tilting the total mass Z = ), wy by the
function/distribution f such that the new law of the Poisson random measure now
becomes [Pitmanl, [2003]

L[ paNf(2)dz, 81

_RR+U

Py, (dN) = /1R Py(dN|Z = 0)f(2)dZ

IWe can use the same upper bound on v(dw, d) as in the TNGG case.
2This section is based on personal communication with Vinayak Rao and Yee Whye Teh.
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where K is the normalization factor to ensure (8.1) to be a valid probability distribu-
tion, and the subscripts (f, v) means the distribution law depends on f and v.

Usually f could take many specific forms. For a conjugate class of the NRM,
please refer to [Lau, 2013]. Here to facilitate calculations, a general class is to define
f via an augmented form as [Favaro et al., 2013b]:

f(Z) «cL(T)e ™, (8.2)

where T is an auxiliary nonnegative random variable, L : R™ — R is a measurable
function on R. Now the tilted law P; , becomes:

T —TZ
P () = e L(Ze (), 8.3)

where {; = E,|[ [g+ L(T)e”"#d1] is the normalization constant, L(7) can be any mea-
surable functions such that {; is finite. It is easy to see the joint density of T and N
becomes:

pra(dt,dN) = ;i(T)eTZdTPv(dN) (8.4)
L

It can also be seen that the marginal density of 7 is

P(7) o L(T)¢p(7t), where (8.5)

$(T1Z) = Ey[exp(—T2)] = exp (_ /W

@(1 —e "v(dw, d)> (8.6)

Clearly, from the gamma identity, the marginal density of N corresponds to P; .
The following result is from [Rao, 2013], which corresponds to the conditional mean
measure of the Poisson process:

Theorem 8.1. Conditioned on T, N is a Poisson process with mean measure
exp(—tw)v(dw, dd) .

Proof. The proof follows the technique of James [2002]. Denote by P(dN|t) the
conditional law of /. We have:

P(dN]7) = %exp(—rZ)P(dN)

where K is the normalization constant. Denote M as the space of bounded finite
measures, then since Z — fo o wN (dw,d#), based on Cambell’s theorem we
have

K= /M exp(—TtZ)P(dN)
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= exp <— /Wxg(l — ™)y (duw, d9))

For some nonnegative function g(6, w), we calculate the characteristic functional of g
with respect to the law P(dN|t):

0ctg) = [ e (= [ s6,wlN(dw,d6) ) P(aNTr)
= [ e <_ [ (80w) + hw)N (dw, d9)> SP(dN)
_ %exp <_ /WX@(l _ o (00T (0) Yy (g, d9)>
= exp <— /WX®(1 ¢80 exp(—h(w))v(dw, dG)) 8.7)

Clearly from and according to the unity of the characteristic functional, we
conclude that P(dN|t) is the law of a Poisson process with mean measure as

v(dw,df) = exp(—th(w))v(dw,dd) .

O]

Theorem allows us to sample from a general Poisson-Kingman process as
follows:

e First sample T based on (8.4).
e Conditioned on 7, sample a Poisson process N from P, (dN|1).
e Construct a completely random from this Poisson process and normalize it.

Thus, we call the random measure tilted by f in the tilted-PK(v) process, and
its normalized version the normalized tilted-PK(v) process. It can be shown that the
familiar two-parameter Poisson-Dirichlet process (Pitman-Yor process) is a specific
class of the tilted-PK(v) process.

Pitman-Yor processes When v corresponds to the Lévy measure of the o-stable sub-
ordinator, e.g., v(dw,df) « w~1"“dwH(df) where 0 < ¢ < 1, H a probability mea-
sure on O, and L (1) takes the form

L(r) =11,

where b can take values to ensure {; defined above is finite, then it is called a polyno-
mially tilted Poisson process, which corresponds to the Pitman-Yor process [Pitman,
2003].
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8.3.2 Dependent Poisson-Kingman processes

Given the definition of the generalized Poisson-Kingman process in the last section,
it is straightforward to construct dependent Poisson-Kingman processes (DPKP) by
simply applying the ideas of, for example the spatial normalized random measure, mixed
normalized random measure or thinned normalized random measure. In the following
a specific class called spatial Pitman-Yor process (SPYP) is introduced, which com-
bines the idea of spatial normalized random measures and Poisson-Kingman pro-
cess. Other dependency models can be constructed similarly thus the details will be
omitted.

To define the SPYP, it is assumed that there is a Poisson process defined on the
augmented product space R™ x © x R. Each time corresponds to a RPM, which
is associated with several regions on the region space R. To define a Pitman-Yor
process from this Poisson process, an auxiliary variable T is introduced as above.
Now conditioned on T and after applying Theorem we get the conditional Lévy
measure of the CRM constructed from the Poisson process to be (note the conditional
Lévy measure of the PYP is a polynomially tilting stable subordinator):

exp(—tw)v(dw,ds,dr) = w 1%e ™ dwQ(dr)H(d) ,

where Q and H are measures on space R and 0, respectively. Now we can introduce
spacial structures into the Poisson process as in the case of SNRM, e.g., each element
r € R corresponds to one region and is associated with a Poisson process. For more
flexible modeling, we further allow each region to have its own T parameter, written
as T,. By integrating over the region R,, we get the conditional Lévy measure in
region R, as

UQT —1—a,—tw
= CdwH
vy(dw, db) T U)w e "“dwH(de) ,
where Q, = Q(R,). Denote the completely random measure with Lévy measure
vy(dw,d#) in region R, as G;, then the joint distribution of (X, u, {G;}, {7;}) can

then be written as

p(X,u G A{n}}) e« p({mHp(X,u, {Gr ) {w}}) -

The above representation of the joint distribution is useful in deriving the poste-
rior of the SPYP model. Using the same notation as in Chapter [, employing priors
p({%}) for {t;} and integrating out all G;’s with the Poisson process partition cal-
culus (Theorem [2.12), the posterior is given by

p(X,uA{io{b}) =E[p{z})p ({G*}I{Tr})P(X,u!{Vr}/{Tr})]

K,

<0>% [Ty pmaf <fI k= 0) )
ra=a) ' F(%) ! V r=lk=1 1+ZtR er )"
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Ni—1 p T L
(H M;\l : ) (H eerQ’((TV+Zt:Rr6Rt ut) Tr>> (an(xtl |9g”s”)> (88)
t £ r t=11=1

Now the posterior inference can be done by iteratively sampling the related ran-
dom variables based on the posterior (again denote the whole set of random variables
as C):

Sampling (s, gy), ur and 0:  These are similar to the spatial normalized generalized
Gamma process described in Section of Chapter [}

Sampling 7: T, has posterior proportional to

P(Tr‘c . Tr) - Tf’_le_Mer((TH_Zt:R’eRr yt)v_r,‘?)p(rr) '

Employing a Gamma prior for 7, and using a change of variable 7, = 7/, then
it can be shown that p(7|C — 7;) is log-concave.

Sample b,: b, is the concentration parameter in the two-parameter Poisson-Dirichlet
process. The conditional distribution for b,, with prior p(b;) is
b,—1

p(b,|C—b,) x ——

If we use a Gamma prior for b,, then p(b,|C — b,) is log-concave thus can be
easily sampled

We can see that the sampling procedure for the SPYP follows similarly as the
SNRM except for some extra random variables, thus the code for SNGG can be easily
adapted to the SPYP model.

8.4 Conclusion

Based on previous chapters, this chapter discusses possible generalizations of de-
pendent normalized random measures. This chapter considers two possible ways:
1) via proper transformations on the atoms of the Poisson process before using it to
construct dependent normalized random measures. The transformations is usually
defined via hierarchical constructions, for example, the thinned-mixed normalized
random measure defined in Section 2) via dependency operators on a larger
family of random probability measures called the Poisson-Kingman process. This
class is attractive partially because it includes some familiar Bayesian nonparamet-
ric priors such as the well known Pitman-Yor process [Pitman, 2003]. Furthermore,
posterior inference can be derived easily with this construction. Though feasible for
posterior inference, the generalized dependent random probability measures have
not been empirically tested because of the lack of motivation in real applications for
now, leaving an interesting direction for future work.



Chapter 9

Conclusion and Future Work

9.1 Conclusion

Bayesian nonparametrics, as an extension of finite dimensional Bayesian models, has
gained increasing attention in modern machine learning due to its flexibility in adapt-
ing model complexity with data sizes. Among those Bayesian nonparametric priors,
the random probability measure, a generalization of the Dirichlet process, plays an
important role in modeling probability vectors, e.g., topic distribution vectors and
topic-word distribution vectors in topic modeling, friendship distribution vectors in
social network modeling, efc.

As is known, the Dirichlet process [Ferguson, 1973] is restricted in modeling be-
cause it is incapable of dealing with long tailed distributions (power-law distribu-
tions). In this thesis, a generalized random probability family called normalized
random measure (NRM), is introduced based on the theory of Poisson processes.
The NRM is first introduced by Regazzini et al.| [2003] from the statistical com-
munity; this thesis constitutes the first systematic study on the NRM by extending
the concept and reformulating it to deal with machine learning problems. Then
several dependent Bayesian nonparametric models are built based on the NRM to
deal with different dependency structures. These includes the hierarchical normal-
ized random measures (HNRM) for hierarchical modeling, dependent hierarchical
normalized random measures (DHNRM) for hierarchical and Markovian modeling,
mixed normalized random measures (MNRM) for general dependency modeling,
and thinned normalized random measures (TNRM) for general and sparsity model-
ing. Finally some generalized dependent random probability measures including the
mixed-thinned normalized random measures and the dependent Poisson-Kingman
process.

Although there has been some related work by using the normalized random
measure for dependency modeling from the statistical community, e.g., the time de-
pendent stick-breaking process [Griffin and Steel, 2009], the Ornstein-Uhlenbeck-
like time varying stochastic process [Griffin, 2011], the nested Dirichlet process [Ro-
driguez et al., 2008], some other simple dependent NRM models such as [Griffin
et al., 2013; /A. Lijoi and B. Nipoti and I. Prunster, [2013alb} [F. Leisen and A. Lijoi and
D. Spano’, 2013], their foci were on the analysis of their dependency structures, and
their posterior structures and inference are usually complicated. Instead, the models
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proposed in the thesis focus more on the computational side but still have very nice
distributional properties. The major contributions of these models are described in
more details below.

The hierarchical normalized random measure, mimicking the construction of the
hierarchical Dirichlet process [Teh et al., 2006], augments the modeling ability to deal
with long tailed distributions. A related model that exhibits similar function is the
hierarchical Pitman-Yor process [Ieh) 2006b,c; Du et al., 2010; Sato and Nakagawa,
2010; |Chen et al) 2011, 2014a]]. The Pitman-Yor process is closely related to the nor-
malized random measure via, for example [Pitman and Yor, 1997] or Corollary
and it is an instance of the general Poisson-Kingman process as discussed in Chap-
ter |8, thus we expect the modeling ability of these two models to be similar, though
the hierarchical Pitman-Yor process seems to have some more attractive distributional
properties such as the closed form stick-break construction. To sum up, the chapter
introduces an efficient MCMC sampling algorithm for the general HNRM, which is
shown to be comparable to the HDP in running time while obtains more modeling
flexibilities.

The dependent hierarchical normalized random measure proposed in Chapter
makes a first attempt to extend the HNRM with Markovian dependent operators for
dynamic topic modeling, which are adapted from [Lin et al., 2010]. These operators
allow topics to die, to be born and to vary at any time, which well fits the dynamic
topic model scenario. Furthermore, by employing tools from Poisson process theory,
the dependencies can be quantitatively worked out. The model extends the depen-
dent Dirichlet process of Lin et al.| [2010] by generalizing it to general NRMs, thus
obtaining more flexible models. Similar to [Lin et al., 2010], one deficiency of the
model is that the posterior inference relies on some approximations for efficiency.
However, the approximations do not seem to impair the model performance too
much, and is acceptable in practice. How to design an efficient and exact algorithm
is an interesting future work.

The thesis then continues contributing by proposing a more theoretically clean
dependency model called the mixed normalized random measure. The construction
of the MNRM is fairy simple by first weighting the Poisson process in disjoint regions
and then doing a superposition. This generalizes existing work on spatial normalized
Gamma process [Rao and Teh, 2009] and a simple dependent NRM model [Griffin
et al., 2013]. Though simple in construction, it endows the ability of flexible depen-
dency modeling, e.g., empirically it is better than the HNRM. Furthermore, it has
nice distributional properties. For example, marginally each of the dependent NRMs
can be shown to belong to the same class of the NRM, e.g., marginally Dirichlet pro-
cess distributed. Note also that the posterior inference algorithm for the model can
be easily adapted to all the models within the NRM family, which is different from
existing work. Furthermore, the construction of the MNRM can be easily adapted to
do hierarchical model as well as the Markovian dependency modeling.

To introduce sparsity in the model, the thinned normalized random measure is
proposed in Chapter [/l Rather than weighting the whole Poisson process as in the
MNRM, TNRM chooses individual atoms independently. The price for this flexibility,
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of course, is that the resulting posterior structure is complicated. This hinders the
development of an efficient marginal sampler. Thanks to recent advances in the
MCMC theory, an efficient slice sampler can be developed for the TNRM. The slice
sampler developed for the TNRM overcomes the problem of complicated coupling
of random variables by simulating the underlying Poisson processes. Conditioned
on these Poisson processes, the sampling becomes much easier and can deal with
relative large datasets as well. Note that existing work on the “thinning” idea include
[Foti et al., |2013; [Lin et al., 2010; [Lin and Fisher, 2012]. However, [Foti et al., 2013]
is only restricted in the Dirichlet process case and posterior inference relies on a
truncated approximation of the DP; while [Lin et al., 2010; Lin and Fisher, 2012] fail
to recognize the true posterior structure of the thinning modeling thus have incorrect
samplers. The TNRM constitutes the first work on correctly dealing with the thinning
operation on the NRM family.

Finally, more general dependent random probability measures (DRPM) are dis-
cussed in Chapter |8 This chapter introduces two ways of constructing more general
DRPMs: by transforming individual atoms of the Poisson process and by introduc-
ing dependencies on a more general class of random probability measures called
Poisson-Kingman processes. The ideas of inference for the models are also discussed
but experiments are omitted because of the lack of enough motivations in real ap-
plications. However, we believe these more general DRPMs will have great potential
implications in the future.

9.2 Future Work

There are several possible avenues for future work:

More applications for the DNRM framework Though the theory for the depen-
dent normalized random measures has been well developed in the thesis, appli-
cations are still limited in literature. Except for the topic modeling and Gaussian
mixture applications discussed in the thesis, other applications we are aware of in-
clude the cosmic microwave background radiation modeling and motorcycle crash
simulation study [Foti and Williamson, 2012], and stock exchange analysis [Griffin,
2011]. More applications are expected within the DNRM framework, for example,
the Bayesian sparsity modeling for regression [Griffin and Brown, 2013] with the
TNRM.

Alternatives for other nonparametric Bayesian priors Given the flexible construc-
tion of DNRM from Poisson processes (or completely random measures), it is inter-
esting to further study the relationships between the DNRM and other nonparamet-
ric Bayesian priors. An interesting Bayesian nonparametric prior in recent machine
learning is the the prior for exchangeable random graph built on the theory of ex-
changeable random arrays [Hoover, 1979; Aldous, [1981; [Orbanz and Roy, 2014]. A
concrete example is the Gaussian process random function network model of [Lloyd
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et al., 2012]. A recent progress by extending the completely random measure frame-
work for this task is done by Caron and Fox [2014]. It will be interesting to further
extend the techniques developed in this thesis for such dependency modeling. Some
other nonparametric Bayesian priors related to the completely random measure in-
clude the prior for ranked data [Caron and Teh, 2012] and the prior for bipartite
graphs [Caron, 2012], which extends the Indian buffet process by allowing power-
law distributional property in the number of features for dishes for each customer.
A different treatment with similar goal appears in [Williamson et al., 2013] by re-
stricting the domain of distributions. Note that the techniques used in the thesis,
e.g., the thinning operator, can also be adapted to the completely random measure to
construct alternatives for the IBP, which is an interesting future work.

Large scale DNRM learning A recent innovation in machine learning is large scale
Bayesian inference, which has received increasing attention due to high demand in
real applications. Some representative models include the large scale distributed
learning for the latent Dirichlet allocation topic model [Smola and Narayanamurthy,
2010] and some supervised topic models such as the max-margin topic model [Zhu
et al., 2013] and the Logistic-Normal topic model [Chen et al., 2013c]. Moreover,
some recently developed large scaled distributed systems such as [Ho et al} 2013; |Li
et al., 2013] further popularize this topic for future research.

Apart from distributed methods, large scale learning can also be done via stochas-
tic variational methods [Hoffman et al.,, 2013] or its Gibbs sampling alternative via
stochastic gradient Langevin dynamics [Welling and Teh, 2011]. These methods make
learning scalable by considering a subset of the dataset each time for parameter up-
dating. Recent progress on improving the stochastic gradient Langevin dynamics is
to consider its natural gradient instead of the raw gradient [Patterson and Teh, 2013]].

One challenge of the above methods is that they are currently only be able to deal
with finite Bayesian models, so extending them to Bayesian nonparametric models
such as the dependent normalized random measure is an important and interesting
future work.
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