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Abstract

Bayesian nonparametric methods (or nonparametric Bayesian methods) take the benefit of un-
limited parameters and unbounded dimensions to reduce the constraints on the parameter as-
sumption and avoid over-fitting implicitly. They have proven to be extremely useful due to their
flexibility and applicability to a wide range of problems. In this thesis, we study the Baye-
sain nonparametric theory with Lévy process and completely random measures (CRM). Several
Bayesian nonparametric techniques are presented for computer vision and pattern recognition

problems. In particular, our research and contributions focus on the following problems.

Firstly, we propose a novel example-based face hallucination method, based on a nonparametric
Bayesian model with the assumption that all human faces have similar local pixel structures.
We use distance dependent Chinese restaurant process (ddCRP) to cluster the low-resolution
(LR) face image patches and give a matrix-normal prior for learning the mapping dictionaries
from LR to the corresponding high-resolution (HR) patches. The ddCRP is employed to assist in
learning the clusters and mapping dictionaries without setting the number of clusters in advance,
such that each dictionary can better reflect the details of the image patches. Experimental results
show that our method is efficient and can achieve competitive performance for face hallucination

problem.

Secondly, we address sparse nonnegative matrix factorization (NMF) problems by using a graph-
regularized Beta process (BP) model. BP is a nonparametric method which lets itself naturally
model sparse binary matrices with an infinite number of columns. In order to maintain the
positivity of the factorized matrices, an exponential prior is proposed. The graph in our model
regularizes the similar training samples having similar sparse coefficients. In this way, the struc-
ture of the data can be better represented. We demonstrate the effectiveness of our method on

different databases.

Thirdly, we consider face recognition problem by a nonparametric Bayesian model combined
with Sparse Coding Recognition (SCR) framework. In order to get an appropriate dictionary
with sparse coefficients, we use a graph regularized Beta process prior for the dictionary learn-
ing. The graph in our model regularizes training samples in a same class to have similar sparse
coefficients and share similar dictionary atoms. In this way, the proposed method is more robust

to noise and occlusion of the testing images.



iii

The models in this thesis can also find many other applications like super-resolution, image

recognition, text analysis, image compressive sensing and so on.
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Chapter 1

Introduction

1.1 Background

Bayesian modelling methods have been firmly established in machine learning and presented
state-of-the-art performance to many applications in computer vision, image processing, data
mining and other areas. Most machine learning models are concerned with two problems. One
is determining appropriate model classes referred to model selection or model adaptation, such
as selecting the number of clusters in a clustering problem, the number of hidden states in a
hidden Markov model, the number of latent variables in a latent variable model, or the complex-
ity of features used in nonlinear regression [1]. Another one is learning an appropriate set of
parameters within the Bayesian model class from the observed training data. Traditional para-
metric Bayesian models utilize a finite number of parameters to explain the observations. These
models suffer from either over-fitting or under-fitting when the number of parameters or model

complexity is not appropriately specified.

Bayesian nonparametric model (or nonparametric Bayesian model), using stochastic process-
es as prior distributions, is a recently rapidly growing research area in statistics and machine
learning. It provides an elegant framework that allows a model to grow with complexity cor-
responding to the data, with potential infinite parameters [2]. Bayesian nonparametric models
constitute an approach to model selection and adaptation, where the sizes of models are allowed
to grow with data size. This is opposed to parametric models which uses a fixed number of
parameters. More precisely, a nonparametric Bayesian model is a model that [1]:

1
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1. constitutes a Bayesian model on an infinite-dimensional parameter space, and

2. can be evaluated on a finite sample in a manner that uses only a finite subset of the avail-

able parameters to explain the sample.

A nonparametric Bayesian model can have infinite-dimensional parameter space. The parameter
space is typically chosen as the set of all possible solutions for a given learning problem. In this
way, nonparametric Bayesian method overcomes the rigid nature of parametric assumptions and
leads to highly flexible inference. On one hand, with the potentially massive parameters, the
support of Bayesian nonparametric models is wide enough to avoid under-fitting. On the other
hand, proper choice of priors controls the model complexity, hence mitigates over-fitting [3].
These robust properties benefit nonparametric Bayesian models to a wide range of applications
including regression, classification, clustering, latent variable modeling, sequential modeling,

image segmentation, source separation and so on [1-7].

1.2 Applications and Motivation

In this thesis, we mainly focus on the problems in computer vision and pattern recognition
areas by using Bayesian nonparametric models. Some literature reviews of classical Bayesian

nonparametric applications are presented as follows.

1.2.1 Image Segmentation

One popular example of Bayesian nonparametric models is Dirichlet process mixture model. It
is often applied for clustering, which adapts the number of clusters to the complexity of the da-
ta. Its natural extension in image processing and computer vision areas is image segmentation.
Typically, the Bayesian nonparametric models for histogram clustering can be used for auto-
matical determining the number of segments. Besides, some spacial constraints can be added
to improve the performance. For example, spacial smoothness constraints are considered on the
class assignments which are enforced by a Markov Random Field [8—10]. Another nonpara-
metric Bayesian model used for image segmentation is distance dependent Chinese restaurant

process (ddCRP). The ddCRP clusters data in a biased way: each data point is more likely to
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be clustered with other data that are near to it in an external sense. It is particularly well suited
for segmenting an image into a collection of contiguous parches [9, 11]. A further extended
application of clustering by nonparametric Bayesian models in computer vision is natural scene
segmentation. For instance, Pitman-Yor process and hierarchical Pitman-Yor process can be

used for natural scene segmentation [12, 13].

As we shown above, Bayesian nonparametric models have been successfully applied on image

segmentation problems.

1.2.2 Latent Factor Analysis

Another popular application of Bayesian nonparametric models is latent factor analysis. Beta
process factor analysis (BP-FA) model has been well developed for this application. BP-FA
allows a dataset to be decomposed into a linear combination of a sparse set of factors, providing
information on the underlying structure of the observations [14]. As an important aspect of
the BP-FA model is that it is able to enforce sparseness on some subset of the factors, the
BP-FA model can be easily extended to the sparse dictionary learning and related applications,
such as image interpolation, super-resolution, image denoising, image inpainting and so on
[2, 14-17]. For example, Paisley et al. presented a Bayesian nonparametric model for image
interpolation. The model used the Beta process for dictionary learning, the Dirichlet process for
flexibility in dictionary usage and spatial information for encouraging similar dictionary usage

within subregions of the image [5, 15].

A similar work presented by Zhou et al. considered a nonparametric Bayesian method for image
denoising and image interpolation [16]. A truncated Beta-Bernoulli process was employed to
infer an appropriate dictionary for the data under test, and also for image recovery. Spatial
inter-relationships within imagery were exploited through the use of the Dirichlet and probit

stick-breaking processes.

Polatkan et al. utilized a Beta-Bernoulli process to learn a set of recurring visual patterns,
called dictionary elements from the data for super-resolution problems. A sparse representation
of coupled low-resolution image and high-resolution was found by a nonparametric Bayesian

method. Then, the coefficients of this representation were used to generate a high-resolution
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of the input testing image. The implementations were based on Gibbs sampling and online

variational inference [18]. A similar model is presented in [17] for iris image super-resolution.

Related models about latent factor analysis are also presented in other applications. For example,
Fox et al. used a Beta process prior for discovery sharing features among dynamical systems
[6, 19]. Bargi et al. proposed a nonparametric conditional factor regression model for domains
with multi-dimensional input and response based on Indian buffet process (IBP) enhancements
to the latent factors [20]. Knowles and Ghahramani presented an infinite sparse factor analysis
and infinite independent components analysis using a distribution over the infinite binary matrix

corresponding to the IBP [21].

1.2.3 Other Applications

Besides the above applications, the nonparametric Bayesian methods have also attracted atten-

tion to the following problems related to computer vision and pattern recognition.

Fox et al. researched Bayesian nonparametric learning of complex dynamical phenomena. A
generalization of HDP (hierarchical Dirichlet process)-HMM (hidden Markov model) model
was developed, which allowed robust learning of smoothly varying state dynamics through a
learned bias towards self-transitions [6]. Similar models are also used for segmentation and

classification of sequential data [20].

Sudderth employed nonparametric models for visual object recognition and tracking problems.
Dirichlet processes were applied to automatically learn the number of parts underlying each

object category, and objects composing each scene [22].

It is well known that matrix completion is closely related to image inpainting, image denois-
ing and recommendation algorithms, like Collaborative Filtering. Paisley er al. presented a
nonparametric Bayesian model for completing low-rank, positive semi-definite matrices. They
proposed a Bayesian hierarchical model to uncover the underlying rank from all positive semi-
definite matrices, and complete the matrix by approximating the missing values [23]. Zhou et al.
proposed to use Beta-Binomial processes for inferring missing values in matrices. The method
was based on the low-rank assumption, and the matrix columns were modeled as residing in a

non-linear subspace. They provided encouraging performance [24].
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The above well applied examples represent the power, flexibility and robustness of Bayesian

nonparametric modeling.

1.2.4 Motivations

Although nonparametric Bayesian approaches provide a powerful way of parameter tuning and
model selection, and have well developed in many problems as introduced above, there still are

some challenging topics in computer vision, image processing and other areas.

In this thesis, we study the foundation theory of Bayesian nonparametric models and extend
them to some computer vision and pattern recognition problems for better performance com-
pared with the existing methods. The following section will represent the main work in this

thesis.

1.3 Thesis Organization

This thesis presents our work in three areas. We begin by reviewing relevant background
and introducing the preliminaries of Bayesian nonparametric models and inference methods
in Chapter 2. In Chapter 3, we propose a Face Hallucination method Based on spatial-distance-
dependent nonparametric Bayesian learning. Chapter 4 discusses a graph-regularized nonpara-
metric Bayesian approach to sparse nonnegative matrix factorization. In Chapter 5, a graph-
regularized nonparametric Bayesian method is presented for face recognition. We summarize

our contributions and future work in Chapter 6.

e Preliminaries for nonparametric Bayesian models

Chapter 2 gives preliminary knowledge about Bayesian nonparametric models and relat-
ed inference methods. In this chapter, completely random measure and Lévy processes
are introduced. Some examples of Lévy processes are presented including the Gamma
process, Dirichlet process and Beta process which are related to our later chapters. We
introduce the Monte Carlo Markov Chain (MCMC) methods as the inference algorithm

of our nonparametric Bayesian methods. They mainly include the Metropolis-Hastings
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algorithm and Gibbs sampling algorithm. All these introductions serve the purpose of

forming a foundation in understanding the core contributions of this thesis.

e Nonparametric Bayesian model for face hallucination

In Chapter 3, we propose a novel example-based face hallucination method, based on
nonparametric Bayesian learning with the assumption that all human faces have similar
local pixel structures. In our method, the low-resolution (LR) face image patches are clus-
tered by using a nonparametric Bayesian method, namely the distance dependent Chinese
restaurant process (ddCRP), and the centers of the clusters are calculated. ddCRP does
not fix the number of clusters which is different from the traditional methods, but let the
image patches themselves to decide. Then, we learn the dictionaries for each cluster to
map the LR patches to the high-resolution (HR) patches. The HR patches of the input LR
face image can be efficiently generated by using the learned mapping dictionaries. The s-
patial distance constraint is employed to assist in learning the cluster centers and mapping
dictionaries, such that each dictionary can better reflect the detailed information about
image patches. Experimental results show that our method is efficient and can achieve

competitive performance for face hallucination.

e Nonparametric Bayesian model for sparse nonnegative matrix factorization

In Chapter 4, we propose a nonparametric Bayesian method for sparse nonnegative ma-
trix factorization (NMF). The traditional NMF algorithms which are mainly based on
non-convex optimization are suffering from a drawback that is difficult to maintain its
sparse representations. In this chapter, we address the NMF problem by using a graph-
regularized nonparametric Bayesian method with a Beta process (BP) prior. Beta process
is a nonparametric method which lends itself naturally to model sparse binary matrices
with an infinite number of columns. In order to maintain the positivity of the factorized
matrices, an element-wise independently and identically distributed exponential prior is
proposed. The graph in our model regularizes the similar training samples having sim-
ilar sparse coefficients and share similar dictionary atoms. In this way, the structure of
data can be better represented. An efficient Gibbs sampler is derived to approximate the
posterior density of the NMF factors. We demonstrate the effectiveness of our method on
different databases. The experimental results show that our proposed method improves

the quality of NMF compared with the existing algorithms.
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e Nonparametric Bayesian model for face recognition

In Chapter 5, we propose a graph-regularized nonparametric Bayesian method based on
sparse coding recognition (SCR) framework for face recognition (FR) problem. The appli-
cation of sparse representation for the problem of face recognition has received significant
attention. The traditional SCR needs using training samples as the dictionary. However,
these dictionaries are not able to accurately reconstruct the testing image by the sparse co-
efficients when the sparseness in the training data are lacked. In order to get an appropriate
dictionary with sparse coefficients for image recognition, we use a graph regularized BP
prior for the dictionary learning. The graph in our model regularizes training samples in a
same class to have similar sparse coefficients and share similar dictionary atoms, which is
beneficial to the reconstruction of the testing image. We demonstrate the effectiveness of
our method on different face databases. The experimental results show that our proposed

method gives competitive results, especially, on the occluded testing images.

o The final chapter concludes with providing a summary of the contributions in this thesis,

and recommendations for future works.



Chapter 2

Preliminaries

Bayesian nonparametric modeling and inference are based on using general stochastic processes
as prior distributions. The priors are usually obtained from a class of stochastic processes known
as Lévy processes and completely random measures (CRM). In this chapter, we introduce basic
notions on stochastic processes, CRM and Lévy processes, which are preliminaries of non-
parametric Bayesian methods. Two remarkable families of Lévy processes: Gamma process
and Beta process are studied. Lévy-Khintchine formula and Lévy-It6 decomposition of Lévy
process are introduced for giving simple representations of Lévy processes, as well as their re-
lationship with CRM. The last part of this chapter describes an advanced Bayesian inference

method, Markov chain Monte Carlo (MCMC), and related sampling algorithms.

2.1 Basic Concepts

Definition 2.1 (Measure space). Let X be a set, & be a o-algebra ! of its subsets, and p : ¥ —
[0, 4+00) be a measure. A triple (X, X, p) is called a measure space if (X, 1) is a measurable

space and p is a measure on it.

'In mathematical analysis and in probability theory, a o-algebra on a set X is a collection of subsets of X that
includes the empty subset, is closed under complement, and is closed under union or intersection of countably many
subsets.
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Thus, a measure space implies a measurable space and a measure. The notation (X, 3, i) is
often shortened to (X, 1) and p is called a measure on X'; sometimes the notation is shortened

to X.
Definition 2.2 (Probability space). A probability space is a measure space (€2, F, P) in which
P(Q)=1.

It consists of three parts:

1. A sample space, €2, which is the set of all possible outcomes;
2. A set of events F, where each event is a set containing zero or more outcomes; and
3. The assignment of probabilities to the events, i.e., a function P :— [0, 1] from events to
probabilities.
A probability space is a measure space such that the measure of the whole space is equal to one.

Definition 2.3 (Measure). A measure on a measurable space (2, F) is a function p : F — R

such that

2. If Ay, As, ... are disjoint elements of F, then, pu(|U;2; (4i)) = D ooy p(4s).
Remark. A probability measure P is a measure with P(£2) = 1.

Definition 2.4 (Random measure). A random measure M on (S, .A) over the probability space

(Q,F,P)isamap¢ : A x Q — R, such that

1. For any A € A, the map w — M (A,w) is a random variable; and

2. Almost surely, the map A — M (A,w) is a (probability) measure on .A.

Instinctively speaking, random measure are measures drawn from some distributions on mea-
sures. That is, random measure M is a measure on a measurable space. At the same time, the

random measure M is a random variable on a probability space [25-27]. The expectation of a

random measure is called the mean measure, which is denoted as v/(A) £ E[M (A)] [28].
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A random measure maps from a probability space to a measurable space. It generally might be

decomposed as [29]:
N

1= td + fa = pra+ Y kndx, 2.1)

n=1
Here, u4 is a diffuse measure (non-atomic measure) without atoms, while p, is a purely atomic

measure 2 .

Random Measure Construction

The following theorem presents an example of random measure construction.

Theorem 2.1.1. If m,..., 7 are i.i.d Beta(a/k,1) random variables, their order statistics

(1) > T(2) > ... (k) satisfy .
m =[] 8 2.2)
j=1

where 31, B2, ..., B, are independent and ; ~ Beta(a(k —i+1)/k, 1) random variables. Then,

T, are random measures.

Stick-breaking is a popular method for constructing nonparametric models. As a Beta(a, 1)
fraction can be broken from a unit stick, from Theorem 2.1.1, a stick-breaking method for con-

structing random measure can be represented as:
Br ~ Beta(1l,aqp), k=1,2,..,
k—1
m=p0, m=p, . m=p][(1-8), (2.3)
=1

G = Z Oy »
k=1

where ¢, are independently drawn from a base distribution Gy in some space. Then, G is a

random measure (actually a probability measure) as shown in Fig. 2.1.

*In mathematics, more precisely in measure theory, an atom is a measurable set which has positive measure and
contains no set of smaller but positive measure.
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B B2(1-By)

FIGURE 2.1: Stick breaking for constructing a random measure

Example 2.1.2 (Random counting measure). A random measure of the form = YN dx,,

where N € N, and § is the Dirac measure >, and X,, are random variables, is called a point

process or random counting measure.

This is a simple natural random measure. It describes the set of N particles, whose locations
are given by the random variables X,,. The diffuse component (4 is null for a counting measure
[29]. In a formal notation of the above, a random counting measure is a map from a probability
space (2, F, P) to the measurable space (5S,.A4). Here, S is the set of locally finite counting

measures with finite integer-valued measures, and A is o-algebra of its Borel sets [30].

Poisson Random Measure

Example 2.1.3 (Poisson random measure). Let (S,.A) be a measurable space and let v be a

measure on it. A random measure M on (S, A) is said to be Poisson with mean v if

1. for every A in A, the random variable M (A) has the Poisson distribution with mean

v(A); and

2. whenever A, ..., A, are in S and disjoint, the random variables M (A1), ..., M (A,,) are

independent for every n > 2.

In particular, the Poisson random measure is a positive integer-valued random measure. It can
be constructed as the counting measure of randomly scattered points, as shown by the following

proposition [31, 32].

Dirac measure:

1 z€A

Dirac : §,(A) = {O v A

i.e. a point measure (or delta measure) at point X.
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Proposition 2.1.4. Suppose that v is a measure on (E,§) such that v(E) < oo. Then, there

exists a Poisson random measure with mean measure v.

The proof of the this proposition is referred to [32, 33]. Actually, Poisson random measure is
a foundation of other Lévy processes and nonparametric Bayesian models. It is often used for
describing jumps of stochastic processes, in particular in Lévy-Itd decomposition of the Lévy

processes which will be introduced in the later sections.

2.2 Completely Random Measure

Definition 2.5 (Completely random measure). Let H be a random measure on (2, F), we say
that H is completely random if for any set of disjoint measurable sets Fi, ..., Fy, of F, the

random variables H(F}), ..., H(F,,) are mutually independent.

Completely random measures (CRM) were introduced by Kingman in 1963 as a generalization
of a stochastic process with independent increments to arbitrary index sets. Kingman showed
that any completely random measure can be represented as the sum of three components based

on the nonhomogeneous Poisson process [27]:

1. A non-random measure (deterministic component);

2. An atomic measure with (at most countable) fixed atom locations and random atom mass-

es; and

3. An atomic measure with random atom locations and random atom masses (ordinary com-

ponent).

The ordinary component sometimes is described as a discrete measure » ;- | 7xdp, , Where the
set of points (7, 6 ),>1 is distributed as an inhomogeneous Poisson point process on Ry x €.

More formally, we have the following theorem.

Theorem 2.2.1 (CRM). A CRM i can be decomposed into a sum of three independent compo-

nents:

J K
p=po+ Y b, + Y mid,, (24)
j=1 k=1
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where (1o is a non-random measure, J is constant, {x;|j = 1,2, ...,n} are fixed members of 2,
vjlj = 1,2, ...,n are mutually independent random variables on R and N = Zszl T0p,, 1S a

Poisson process over Ry x (.

This construction has significant consequences for Bayesian modeling and computation. In
particular, it allows connections to be made to the exponential family and to conjugacy [34].
CRM has become a key concept in Bayesian nonparametric statistics. Many nonparametric
priors are random probability measures or random measures. Most of these random measures
are either completely random measures, or are obtained from a completely random measure by

normalization (e.g. Dirichlet process) [35].

2.3 Lévy Process

In probability theory, a Lévy process, named after the French mathematician Paul Lévy, is a
stochastic process with independent, stationary increments. Before giving a formal definition of

Lévy process, we first introduce stochastic process with some structures.

Definition 2.6 (Stochastic process). Given a probability space (€2, F, P) and a measurable space
(S,8), any collection of random variables X = {X;,¢ € T'} defined on (2, F, P) is called a

stochastic process with index set 7'

In order to make mathematical models less complicated, some simplifying assumptions or some
simplifying structures (restrictions) can be added. There are some popular dependence structures
put on stochastic processes which mathematicians have developed and used for years. Here, we
introduce the concept of filtration, a structure on a probability measure, of which concept is

often used in Lévy process [36].

Definition 2.7 (Filtration). Let (€2, F, P) be a probability space. A filtration on (o, F, P) is an
increasing family (F)¢>( of sub-o-algebras of F. In other words, for each ¢, F; is a o-algebra
included in F; and if s < t, Fs C F;. A probability space (€2, F, P) endowed with filtration

(F)e>0 is called a filtered probability space.

Intuitively speaking, a filtration is an increasing information flow about (X;¢|o 77) as time pro-

gresses [37].
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Definition 2.8. [Lévy process] A Cadlag 4 real valued stochastic process L = (L;)o<t<7 With

Lo = 0 a.s. is called a Lévy process if the following conditions are satisfied:

1. L has independent increments, i.e. L; — L; is independent of F forany 0 < s <t < T

2. L has increments, i.e. for any 0 < s, ¢, < T the distribution of L;ys — L; does not depend

on t.

3. L is stochastically continuous, i.e. for every 0 < s,¢,< T and € > 0: lims—; P(|L; —

Ls| >¢€) =0.

Note. From the definition of Lévy process, we can see that Lévy processes have Cadlag property.
This property is important for constructions of Lévy processes which will be presented in the
later section of this chapter. The properties of stationary and independent increments implies

that a Lévy process is a Markov process [38, 39].

Lévy process represents the motion of a point whose successive displacements are random and
independent, and statistically identical over different time intervals of the same length. The
simplest Lévy process is the linear drift, a deterministic process. Brownian motion is the only
(non-deterministic) Lévy process with continuous sample paths. Some special cases of Lévy

processes in discrete time are random walks 3 [38].

2.3.1 Lévy Process and Infinite Divisible Distribution

From Definition 2.8, it is difficult to see how rich a class of Lévy processes can form. The fol-
lowing notion of an infinitely divisible distribution will show that they have a close relationship

with Lévy processes [36].

Definition 2.9 (Infinite divisible distribution). A real valued random variable X with the prob-
ability density function P(x) is said to be infinitely divisible if for Vn € N there exist i.i.d

random variables X1, X, ..., X, satisfying:

X=X1+Xo0+ ..+ X,. (2.5)

4j.e. right continuous with left limits.
> A discrete-time process (X7, )n=0,1,2,... with stationary and independent increments is a Random Walk:
Xy = Xo+ >, nj withiid. increments n; = X; — X;-1.
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P(x) is said to be an infinitely divisible distribution.

Example 2.3.1 (Normal distribution). A random variable X ~ N (u1,c?) is infinitely divisible,
with the distributions

XM ~ N(p/n, o2 /n). (2.6)

Proof. As the characteristic function ® of X with distribution N'(11/n, 0% /n) is

)(u) = E[e™]
, 1 — )2

— / plur exp(— (l‘ 5’) )

R 2mo? 20 57

T R (@ — (4 + i0u))? &7
— ezuu—T / ezu:v exp(_ 5 )

R V2mo? 20

— elumh— u2202 ,

it can be seen that, the characteristic function of X satisfying exp(iupu — u?0?) = exp(iup/n —

u?(o/y/n)?/2)™), which is a characteristic function of the summary of n i.i.d normal variables

with a mean of i /n and standard deviation of o /+/n. O

Example 2.3.2 (Poisson distribution). A Poisson random variable X with parameter X is in-

finitely divisible.

Proof. As the characteristic function of a Poisson random variable X with parameter A is of the

form
O e~ Atk i
w(u) = Z (kl) = e/\(e 1)7 (2.8)
k=0 :
it can be seen that (¢ —1) = (A =1)/n)" 0

The above two simple examples of infinitely divisible distributions are Normal and Poisson

distributions, which are often used for constructing Lévy processes.

Lemma 2.10. A Lévy Process Ly is infinitely divisible for each t > 0.

brefer Definition 2.11
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Proof. Let L, be a Lévy Process, then foreachn € N, Ly = Ly, + (Lot — Li) + ... 4+ (Lnt —
L(n_1)t). D

As Lemma 2.10 represents, there is a deep connection between Lévy process and infinitely

divisible random variables. The following proposition will give a more strong conclusion.

Proposition 2.3.3. If X;c(o ) is a real valued Lévy process on a filtered probability space
(%, Fiecpo,r)> P), then Xy has a infinitely divisible distribution for ¥t € [0,T]. Inversely, for
every infinitely divisible distribution P on R, there exists a Lévy process (Xte[o,oo)) on R whose

distribution of increments Xy — X; is governed by P.

This corresponds to Corollary 11.6 of [40]. This proposition presents that there is one-to-one
correspondence between an infinitely divisible and a Lévy process. We can get that every Lévy
process can be associated with the law of an infinitely divisible distribution. Inversely, given any
random variable X, whose law is infinitely divisible, we can construct a Lévy process. Table
3.2 represents the one-to-one correspondence between an infinitely divisible distribution and a

Lévy process [36].

Normal distribution Brownian motion (with drift)
Poisson distribution Poisson process

Compound Poisson distribution Compound Poisson process
Exponential distribution Gamma process

Cauchy distribution Cauchy process

TABLE 2.1: Relationship between Lévy process and infinitely divisible distribution.

2.3.2 Lévy-Khintchine Representation

In probability theory and statistics, the probability density function of any real-valued random
variable can be completely defined by the characteristic function, which is the inverse Fourier
transform of the probability density function. There are particularly simple results for the char-
acteristic functions of the probability distributions. Here, we discuss the characteristic exponents

of Lévy processes.

Definition 2.11 (Characteristic function). A characteristic function v of X is defined by

P(u) = /R e P(X e dx), (2.9)
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where the function log ¢ is referred to the characteristic exponent of X.

A simple representation of a Lévy process is given by Lévy-Khintchine representation.

Theorem 2.3.4 (Lévy-Khintchine formula for Lévy processes). For every Lévy process L =
(Lt)o<t<T, we have that E[e ] = () = exp[t(ibu — “72‘3 + ("™ — 1 —juzlp)v(dz))]
where W (u) is the characteristic exponent of Ly, a random variable with an infinitely divisible

distribution.

U(u) is called a characteristic exponent (or a log characteristic function) given by:

’LLQC

U(u) = jub — 53 + /(ei”x — 1 —iduxlp)v(dz), (2.10)

where D = {z : |z| < 1}, ¢ is a unique nonnegative constant (i.e. ¢ € Ry), b is a unique

constant on R, and v is a unique measure on R satisfying the following two conditions [36]:

1. v({0}) = 0; and

2. [T min{|z|?, 1}v(dz) < co (mathematicians write this as [7°°(1 A |z[?)vd(z) < 00).

Here, fj;o(l A |z*)vd(z) < oo means two things: v(|z| > €) < oo for any € > 0, and

f(—l,l) 2?v(dz) < 0.

The proof of this theorem is complicated. Interested readers are referred to [40].

Note. These two conditions ensure that the integral in the Lévy-Khintchine representation con-
verges since the integrand is O(1) for |z| > 1 and O(z?) for |z| < 1. When the jump size is
greater than 1 (i.e. |z| > 1), under the second condition, the jump size is considered to be a large
jump using the arbitrary truncation point of 1. Then, Condition 2 becomes f‘m|>1 v(dr) < oo,
which means that the expected number of large jumps per unit of time is finite. When the jump
size is less than 1 (i.e. |z| < 1), the jump is considered to be a small jump. Then, Condition 2 be-
comes fm <l |z|?v(dz) < oo, which means that the measure must be square-integrable around
the origin [36]. Otherwise, the corresponding Lévy process should have infinite many jumps of
size greater than ¢ in finite time. However, this contradicts with the Cadlag (right continuous
with left limits) property of the paths in definition 2.8. Therefore, the square integrability con-
dition controls the intensity of small jumps. It is crucial for the construction of a Lévy process

with jump intensity v [41].
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This is the general Lévy-Khintchine representation of all Lévy processes. Sometimes, the Lévy
processes are restricted by additional condition to the measure v, whichis [(1A|z|)vd(z) < oo

[39, 42].

2.3.3 Lévy-Ito Decomposition of Lévy processes

From Theorem 2.3.4, we can see that any Lévy process on R? can be characterized by three
quantities: a non-negative definite symmetric matrix a, a vector b, and a o-finite measure v. The
Lévy-Itd decomposition gives an explicit representation of a Lévy process with characteristics

(a,b,v). Firstly, we introduce Lévy triplet [36].

Definition 2.12 (Lévy triplet (generating triplet)). In the Lévy-Khintchine formula, a unique
nonnegative constant b is called a Gaussian variance and a unique real valued measure v sat-
isfying v({0}) = 0 and [(1 A |2z|*)vd(z) < oo is called a Lévy measure. A unique real
valued constant ¢ does not have any intrinsic meaning since it depends on the behavior of a
Lévy measure v. It turns out that these triplets uniquely define a Lévy process as a result of
Lévy-Itdé decomposition. This triplet is called a Lévy-Khintchine triplet and compactly written

as (b, c,v).

Theorem 2.3.5 (Lévy-It6 Decomposition [38]). Consider a triplet (b, c,v) where b € R, ¢ €
R>o and v is a measure satisfying v({0})=0 and [,(1 A |z|*)vd(z) < oc. Then, there exists a
probability space (), F, P) on which four independent Lévy processes exist, JAONAONIONAON
where LY is a constant drift, L\?) is a Brownian motion, L®) is a compound Poisson process
and LW is a square integrable (pure jump) martingale ’ with an a.s. countable number of jumps
of magnitude less than I on each finite time interval. Taking L = L) + L) 4+ L) 4 (4,
we have that there exists a probability space on which a Lévy process L = (Lt)o<t<T With
characteristic exponent U(u) = iub — Ju’c+ fj;o(ewx — 1 —iuxljy <1 )v(de) forallu € R,

is defined.

"Martingale: Consider a filtered probability space (€2, 7, P). A Cadlag stochastic process (Xt)se[o,r) is said
to be a martingale with respect to filtration F; and under the probability measure P if it satisfies the following
conditions [36]:

1. X is nonanticipating.
2. E[|X¢|] < oo for Vt € [0, T]. Finite mean condition.
3. E[Xu|F:] = X for Vu > t.
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The Lévy-Itd6 decomposition is a hard mathematical result to prove. Interested readers are re-

ferred to Chapter 4 in [40] or Chapter 2 in [38].

Lévy-Itd decomposition basically states that every sample path of a Lévy process can be repre-
sented as a sum of two independent processes: one is a continuous Lévy process and the other is
a compensated sum of independent jumps. Obviously, a continuous Lévy process is a Brownian

motion with drift (this is the only continuous Lévy process) [36].

By taking linear combinations of Lévy jump processes and Gaussain Lévy processes, we can
obtain all Lévy processes. This is the content of the Lévy-Itd decomposition theorem, which

can help us construct different Lévy processes.

2.3.4 Lévy Measure

The structure of jumps of a Lévy process can be determined by its Lévy measure. In this section,

we will represent some examples of Lévy processes and discuss their Lévy measures.

Definition 2.13 (Lévy measure of all Lévy processes). Let (Xte[o,oo)) be a real valued Lévy
process with Lévy triplet (b, ¢, v) defined on a filtered probability space (2, F, P). The Lévy
measure v of a Lévy process (X;c[p,o)) is defined as a unique positive measure on R which

measures (counts) the expected (average) number of jumps per unit of time:
v(Q) = El{t € [0,1] : AX; = X; — X; #0,AX; € Q}], 2.11)

where AX; € ) indicates that the jump size belongs to a set €2 and €2 is a member of Borel set

8 [36].

In brief, the Lévy measure v is a measure on R that satisfies v({0}) = 0 and f(il 1 22v(dz) <
oo. Intuitively speaking, it describes the expected number of jumps of a certain height in a time

interval of length 1 [38].

From the definition, we can see that, the Lévy measure is more flexible than probability measure

who constrains the measure satisfying [, vd(xz) = 1. Therefore, if v is a finite measure, i.e.

A :=v(R) = [pvd(z) < oo, we can normalize the the measure by F'(dx) := vdf\$), which is a

8Given a topological space, the Borel set an element of the o-algebra generated by the open sets.
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probability measure. Here, ) is the expected number of jumps and F'(dx) is the distribution of

the jump size. If v(R) = oo, then an infinite number of (small) jumps is expected [38].

2.3.5 Examples of Lévy Processes

To conclude our introduction of Lévy processes and infinite divisible distributions, the following

section will represent some concrete examples of Lévy processes.
Brownian Motion
Example 2.3.6 (Brownian motion). A standard Brownian motion Byc|g ) defined on a filtered
probability space (2, F, P) is a Lévy process satisfying
1. its increments are independent and stationary;
2. fort > 0, B, are continuous functions of t;
3. the process starts from 0 almost surely, i.e. P(By =0) = 1;
4. B ~ N(0,t), its increments follow a Gaussian distribution with the mean 0 and the

variance t.

A Brownian motion with drift satisfies the conditions of the Lévy process. Actually, it is an only
Lévy process with continuous sample paths [36]. Fig. 2.2 shows a standard Brownian motion

with drift O.

The simplest Lévy process is the linear drift, a deterministic process. Brownian motion is the
only (non-deterministic) Lévy process with continuous sample paths. A more general Brownian

motion with drift can be defined as

(Xiel0,00)) = (t + 0 Biejo,o0) ), (2.12)

where B¢ (o ) 18 a standard Brownian motion.
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FIGURE 2.2: An example of Lévy processes: standard Brownian motion

Lévy Measure of Brownian Motion

Proposition 2.3.7. Suppose (X;cj0,0)) = (11t + 0Bycjo,00)) is a Brownian motion with drift,
where Bic(o o) Is a standard Brownian motion, X; ~ N (ut,o?t), then, the Lévy measure of

Xte [0,00) is O.

Proof. The characteristic function of X;¢[o o) i8

. 1 (x — ut)?
Vx, (u) = / et —————exp(———F 5 )du
—o0 v (2ro?t) 202t 2.13)
. o?tu?
=exp(0 -t + iutu — 5 ).

It can be seen that the Lévy triplet of X;¢(g o) is (b = p1,c = o2,v = 0), and the Lévy measure

is 0. O

Poisson Process
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The most elementary example of a pure jump Lévy process in continuous time is the Poisson
process. It takes values in {0, 1,2, ...} and jumps up one unit each time after an exponentially

distributed waiting time.

Definition 2.14 (Poisson process). Let A > 0. The counting process N (t),{t € [0,00)}, is

called a Poisson process with rates (or intensity) A, such that,

2. N(t) has independent increments; and

3. the number of arrivals having any interval of length 7 > 0 has Poisson(A7) distribution.

Here, counting process is a random process { N (t),¢ € [0,00)} if N(t) is the number of events
occurred from time 0 up to and including time ¢. For a counting process, we assume that NV (0) =
0, N(t) € {0,1,2,...}, forall t € [0,00). For0 < s < ¢, N(t) — N(s) shows the number of
events that occur in the interval (s, ¢].

Note. A Poisson process, {V; : n > 0} with intensity J, is a Lévy process with distribution at

time ¢ > 0, which is Poisson distribution with parameter A\t. An easy calculation reveals that
E(¢Nt) = g~ M=), (2.14)

and hence, its characteristic exponent is given by 1(#) = A\(1 — ¢*) for 6 € R.

Compound Poisson Process

A more general discontinuous Lévy process is the compound Poisson process.

Definition 2.15 (Compound poisson process). {Y (¢),t > 0} is a compound Poisson process
ifY(t) = Z,fi(f ) D; where Dy, D, ... are independent and identically distributed random vari-
ables with distribution fp, and these random variables are also independent from { N (¢),¢ > 0},

a Poisson process.

Compound Poisson processes are pure jump Lévy processes, i.e., the paths are constant apart
from a finite number of jumps in finite time. The Poisson process is a special case of the

compound Poisson process where D; equals to 1.
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FIGURE 2.3: A sample of compound Poisson process.

Fig. 2.3 shows an example of compound Poisson process with A = 1.

Lévy Measure of Compound Poisson Process

Lemma 2.3.8. Let N be a Poisson distributed random variable with parameter X > 0 and
J = (Ji)k>1 be an i.i.d sequence of random variables with law (probability measure) f. Then,

the characteristic function of a compound Poisson distributed random variable is

E[ewzkleJk] _ exp()\/R(eiuw — 1) f(dx)). (2.15)

Proposition 2.3.9 (Lévy measure of a compound Poisson process). Suppose that N = {Ny :
t > 0} is a Poisson process with intensity A and consider a compound Poisson process {X; :
t > 0} defined by X; = 25\21 &,t > 0. Using the fact that N has stationary independent
increments together with the mutual independence of the random variables {&; : i > 1}, for

0 < s <t < oo, by writing

Ny
Xi=X+ > &
i=Ns+1
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based on Lemma 2.3.8, we have the Lévy-Khinchine formula for a compound Poisson process

taking the form

U(u) = )\/R(l — &™) f(dx). (2.16)

The Lévy triplet of Xicjo,) is (b = 0,¢c = 0,v = Af(x)). The Lévy measure is given by
v(z) = Af(x).

Note. The Lévy measure of a compound Poisson process is always finite with total mass equal

to the rate \ of the underlying process NV [43].

Poisson process and compound Poisson process are basic processes of Lévy processes with
infinite jumps. The jump part of a Lévy process can be recovered from these counting measure
valued processes by integration, i.e. summation of the jump sizes. Many Lévy processes with

infinite jump intensity can be constructed by related Poisson processes.

A family of Lévy processes, the pure-jump nondecreasing Lévy processes fit into the category
of the completely random measure. The Beta process can be regarded as an example of such a
process. The Dirichlet process is a normalization of Gamma process who falls into this family as
well [36, 44]. In this thesis, we focus on some popular Lévy processes for machine learning and
computer vision applications, especially, the applications related to Gamma process, Dirichlet

process and Beta process.

Gamma Process

A Gamma process is a random process with independent Gamma distributed increments. It is a
pure-jump increasing Lévy process. An homogeneous Gamma process with shape parameter «
and scale parameter 3 is a stochastic process X (t),¢ > 0 on R, such that [45]:

1. X(0)=0,

2. X(t), t > 0 is s stochastic process with independent increments, and

3. for 0 < s < t, the distribution of the random variable X () — X (s) is the Gamma

distribution I'(a(t — s), ).
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FIGURE 2.4: A sample of Gamma process with « = 4, § = 1.

Fig. 2.4 is a Gamma process with parameters o = 4 and 5 = 1.

The Gamma process is a pure-jump increasing Lévy process. The jumps size lying in the interval
[, x + dx] occurs as a Poisson process with intensity v(x)dx. The parameter /3 controls the rate

of jump arrivals and the scaling parameter « inversely controls the jump size [46].
The following definition describes Gamma process in a completely random measure view.

Definition 2.16 (Gamma process). G ~ GaP(«, H) is a completely random measure defined
on the product space R x {2, with concentration parameter « and a finite and continuous base
measure H over a complete separable metric space Q. If G(A4;) ~ Gamma(H(4;),1/a),
i € N are independent Gamma random variables for disjoint partition { A;} of 2, then G(A) is

a Gamma process.

Lévy Measure of Gamma Process
To get the Lévy measure of a Gamma process, we introduce the following Lemmas [47].

Lemma 2.3.10 (Frullani’s Integral). if f'(z) is continuous and the integral converges,

%) 4 = [£(0) — f(o0)]in(2), @.17)

T a

/°° flaz) — f(b
0

where a,b > 0.
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Lemma 2.3.11. Forall o, 8 > 0 and z € C, we have

(1- %%5 — ¢ Jo  (imerr)falematdr (2.18)

Proof. Let f(z) =€, =a > 0,and b = o — u. From Lemma 2.3.10, we have

(1 _ ZB)—B — e fooo(l—euz)ﬁxfle*azdx.
(6%

O]

Proposition 2.3.12 (Lévy measure of Gamma process). Let G ~ GaP(«a, Go) be a Gamma
process on the product space Ry x Q, with scale parameter 1/c and base measure Gy. The

Lévy measure of GaP (o, Gy) is v(drdw) = z~ e dzGy(dw).

Proof. For o, 8 > 0, the probability density function of Gamma distribution is:

B
flaa,B) = g le ™ w € (0,400)

concentrated on (0, 00). The characteristic function of f(z, a, ) is

+oo +oo O/g’xﬁfl )
— iuw dr = —a(a—iu) g, 2.19
R A R 2.19)

Let y = z(a — iu), we have

_ o’ T Bl vy — (1 -8
Y(u) = F(B)(a—iu)ﬁ/o Yy’ e Vdy = (1 - E) : (2.20)

From Formula 2.21 and Lemma 2.3.11, we can get that the Lévy-Khintchine expression of a

Gamma process has the characteristic exponent with

U(u) = 5/00(1 — ) lem % gy, (2.21)
0

The Lévy measure of a Gamma process GaP(x, o, G) defined on the product space Ry x € is

v(dzdw) = 27 e " dzGo(dw). O
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Gamma process is a fundamental process in Bayesian nonparametric methods. It has almost
surely a finite and positive measure, so it is possible to normalize the measure to obtain a
probability measure. This allows us to define a normalized completely random measure G =
G/G(2). Actually, the normalized Gamma process is a Dirichlet process (DP), which will be

presented next.

Dirichlet Process

The most popular nonparametric Bayesian method is Dirichlet process (DP). It is considered as
a distribution over distributions, i.e., each sample from Dirichlet process is a distribution, not

just a variable.

Definition 2.17 (Dirichlet process). Let H be a distribution over © and « be a positive real num-
ber. Then, for any finite measurable partition A, Ao, ..., A, of ©, the vector (G(A41), ..., G(4,))
is random. We say G is Dirichlet process distributed with base distribution H and concentration

parameter o, written G ~ DP(«, H), if

(G(A1),...,G(Ay)) ~ Dir(aH (A1), ...cH(Ay))

for every finite measurable partition Ay, Ao, ..., A, of O.

The base distribution H is basically the mean of the DP. The concentration parameter can be

understood as an inverse variance [48].

Property 2.3.13. Let G ~ DP(«, H), for any measurable set A, we have E[G(A)] = H(A),
Var|G(A)] = H(A)(1 — H(A))/(a+ 1).

The proof of Property 2.3.13 can be referred to [49]. It means that the larger « is, the smaller
the variance is, and the DP will concentrate more of its mass around the mean. As ¢ — o0,
we will have G(A) — H(A) for any measurable A, that is G — H weakly or pointwise (it
is not equivalent to saying that G — H, as draws from a DP will be discrete distributions
with probability one, even if H is smooth) [48]. For a random distribution G to be distributed
according to a DP, its marginal distribution is Dirichlet distributed, similar to the definition of

Gaussian process [50].
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Br ~ Beta(1l, a) 0; ~ H
m=6I05 (1= 5)  G=32 mde:

TABLE 2.2: Stick-breaking construction of Dirichlet process.
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FIGURE 2.5: A sample of Dirichlet process G' ~ DP(«, H) with base measure H is A/(0,1)
and o = 3.

DP can be constructed by different methods like Stick-breaking, Chinese restaurant process
(CRP) and Polya urn model. Table 2.2 presents a stick-breaking construction of the DP [48,
51]. The construction of 7 can be understood metaphorically as follows. Starting with a stick
of length 1, we break it at 71, assigning m; to be the length of stick that we just broke off.
Now, recursively break the other portion to obtain 72, 73 and so forth shown in Table 2.2 as
T = Bk Hf:ll(l — Bk). Then, G ~ Dir(a; H). Because of its simplicity, the stick-breaking
construction has led to a variety of extensions as well as novel inference techniques for the

Dirichlet process.

Fig. 2.5 shows a sample from DP by stick-breaking construction with base measure H is N'(0, 1)

and o = 3. We have 25 breaking sticks in this example with the largest weight is 0.26.

Proposition 2.3.14 (Posterior distribution of DP). Let G ~ DP(«, H), given observed values

of 01,02, ..., 0, the posterior distribution of G is

(G(A1), o, GANO1, ..., 0 ~ Dir(aH(Ay) + 1y, .o aH(A,) + 1), (2.22)
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Proof. From Bayesian formula, we have

p(G(A1), ..., G(Ay)|01, ..., 0) x p(O1,...,0,|G(AL), ..., G(A,))p(G(A1), ..., G(Ay)).

(2.23)
Let n; = #{i : 0; € Ay} be the number of observed values in Ay, we have
p(01,...,0,|G(A1), ..., G(A,)) x multinomial(nq, ..., n,). (2.24)
By the conjugacy between Dirichlet and multinomial distributions,
p(G(A1),...,G(A,)|b1, ..., 0y) o< multinomial(ny, ...,n, )p(G(A1), ..., G(A,)) 225)

x Dir(aH (A1) + n1, ..., aH(A,) + ny).

Since (G(A1), ..., G(A;)) ~ Dir(aH (A1), ...aH(A,)) is true for all finite measurable partition

Ay, ..., A, according to the definition of DP, we have the posterior over G

« noy.rd,
G|01, ..., 0, ~ DP(a + n, H+ :
a+n a+n n

) (2.26)

is also a DP. O
Based on Eq. 2.26, it is not hard to compute the predictive distribution 6,, 1 after observing
1, ..., 0, by marginalizing out G:

aH(A) + Z?:l 591‘ (A)

a+n

P(bns1) = /G P(Ons1, GlO1, e, 6) = EIG(A)|61, ., 6] = R

Chinese Restaurant Process

We have shown the predictive distribution of DP in Eq. 2.27 by marginalizing out G. Actually,
DP can also be represented as Chinese restaurant process (CRP), who is the marginalized DP.
It is a distribution over infinite partitions of the integers. This name is derived from a metaphor

about a Chinese restaurant.

Let us consider a scenario in a restaurant with an infinite number of tables, and a sequence of

customers entering the restaurant and sitting down. The first customer enters and sits at the first
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FIGURE 2.6: Example of Chinese restaurant process.

table. The second customer enters and sits at the first table with probability lJ%a, and the second
table with probability 1%}, where « is a positive real number. When the nth customer enters
the restaurant, she sits at each of the occupied tables with proportional to c. At any point in this
process, the assignments of customers to tables define a random partition [52]. The scheme of

this process is shown as follows.

1. Consider a Chinese restaurant with an unbounded number of tables, 6,k = 1, ..., cc.
2. The first customer sits at table 1.

3. Suppose there are K tables occupied before the ith customer comes, she can sit at

tablek o z'—l—zik—l if so, set ¢; = O,

where ny is the number of customers at table k;

anew table K + 1 x L, if so, increase K to K + 1, and
a+i1—1

draw a new sample 01 ~ Gpand setd; = O 1.

Then, the random variables ¢1, ¢o, ..., ¢; are distributed according to G ~ DP(a, Gp). As
shown in Fig. 2.6, customers 1 and 2 sit in the first table and customer 9 sits in the fifth table.

For a newly coming customer, she has a chance sitting in table 1, 2, ... or 5 proportional to the

(07
a+i—1

number of customers sitting there and a chance to sit in a new table.

Remark. As, fori > 1, the probability that the ith customer takes on a new table is o/ (a+i+1),

the average number of tables m is:

n

E(mln) =" ﬁ € O(alogn). (2.28)
k=1

This shows that the number of clusters grows logarithmically with the number of observations.

Larger v implies a prior of a larger number of clusters.
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Distance Dependent Chinese Restaurant Process

Distance dependent Chinese restaurant process (ddCRP) is a generalization of the Chinese
restaurant process that allows for a non-exchangeable distribution on partitions. Rather than
representing a partition by customers assigned to tables, the ddCRP models customers linking
to other customers. It is based on a random seating assignments of the customers, according
to the distances between the data elements. It provides a new tool for flexibly clustering non-

exchangeable data [9].

ddCRP alters CRP by modeling customer links to other customers instead of tables. Given
a decay function f, sequential distance matrix D and a scaling parameter «, a link can be
independently drawn from customer assignments conditioned on distance measurements by the

distribution [11]:

, f(di) ifi # g,
ple; =7) = (2.29)
« otherwise.

Here, c; denotes the table assignment of the ith customer, d;; is a distance between data points ¢
and j, and f(d) is called the decay function. The decay function mediates how the distance be-
tween two data points affects their probability of connecting to each other, i.e., their probability

of belonging to the same cluster.

The difference between the ddCRP and the standard CRP is that in the ddCRP customers sit
down with other customers instead of directly at tables. Connected groups of customers sit
together at a table only implicitly. ddCRP generalises CRP by introducing a changeable weight
on customers zy;—y .}, and the weight is decided by two things: a distance measure dy, ;;
between x; and x;; and a decay function f(d) which satisfies f(co) = 0. Moreover, instead of
assigning table k to x; directly, ddCRP assigns x; to ;. Such assignments create directed links
between customers. The customers that are reachable from each other are assigned to the same
table. This yields a non-exchangeable distribution over partitions, since table assignments may
change when a new customer assignment is observed. It can be seen that the traditional CRP is

an instance of a ddCRP [11].
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FIGURE 2.7: Example of distance dependent Chinese restaurant process.

Fig. 2.7 illustrates a ddCRP example. Customers sit behind other customers. The distances
between the customers determine the seatings, not the order. The circles linked by the customers
form tables. Each table means a cluster/group. Here, we can see that, the new customer 10 joins

in the second table according to the distance between other customers.

Beta Process

Dirichlet process mixture models are inefficient representations for data if we believe that objects
can belong to multiple classes simultaneously. The Beta process is a Bayesian nonparametric
prior for sparse collections of binary feature which can be applied for data belong to multiple

classes.

Definition 2.18 (Beta process). Let {2 be a measurable space and B be its o-algebra. Let H
be a continuous probability measure on the space (€2, B) and « be a positive scalar. Then, for
all disjoint, infinitesimal partitions, { B, B, ..., Bx }, of €2, the Beta process is generated as

follows,

H(By,) ~ Beta(aHo(Bg), a(1 — Ho(Bg))), (2.30)

with K — oo and Hy(By) — 0, for k = 1, ..., K. This process is denoted as H ~ BP(aH))

A construction description of the Beta process can be presented as follows [5, 14].
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Let Hy be a continuous measure on the space (€2, 5) and let v be a positive scalar. The process

H is defined as follows,
K
H= Z 100,
k=1

T~ Beta(%,a(l - %))

1
0, ~ —Hy.
Y

Then as K — oo, H — oo, H is a Beta process.

(2.31)

Similar to the stick breaking construction for Dirichlet process, Beta process can be constructed

as follows.

1. Begin with a stick of unit length.

2. Fork=1,2,...

(a) sample a Beta(c, 1) random variable 1;

(b) break off a fraction py, of the stick, which is the kth atom size;

(c) throw away what is left of the stick; and

(d) recur on the part of the stick that was broken off.

Then, 7y, is given by 7, = Hle L.

Note. Here, Ty, does not sum to 1 unlike the stick breaking construction in Dirichlet process.

Another construction of Beta process H ~ BP(aHj) by the underlying poisson process can be

presented as follows [53].

i—1

oo Cj
#Ho= 33 v Ilo-vy

i=1 j=1 =1
C; ~ Poisson(y)

)691’]’

(2.32)

(2.33)
(2.34)

(2.35)

where, Hj is a continuous measure on the space (€2, 3), Ho(£2) = v and « is a positive scalar.

Then, H ~ BP(aH)).

More construction methods about Beta processes are referred to [44, 54-56].
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Lévy Measure of Beta Process
Follow the Lévy-Khintchine theorem where a Lévy process is characterized by its Lévy measure,

we can get the Lévy measure of the Beta process BP(cH) is [57]:

v(dw,dp) = cp~ (1 — p)~tdpHy(dw). (2.36)

Similar to the Dirichlet process, sample H directly from the infinite Beta process is difficult.
However, a marginalized approach can be derived in the same manner as the corresponding
Chinese restaurant process, used for sampling from the Dirichlet process. This approach is

called Indian buffet process (IBP). Before presenting IBP, we firstly introduce Bernoulli process.

Bernoulli Process

A Bernoulli process is a finite or infinite sequence of independent random variables X7, Xo, ...,

such that [58]:

1. For each 7, the value of X is either O or 1;

2. For all values of 7, the probability that X; = 1 is the same value p.
In other words, a Bernoulli process is a sequence of independent identically distributed Bernoul-
li trials. In probability and statistics, a Bernoulli process is a finite or infinite sequence of binary
random variables, so it is a discrete-time stochastic process that takes values 0 or 1. The com-

ponent Bernoulli variables X; are identical and independent. Thibaux and Jordan described the

Bernoulli process in a completely random measure view as follows [57].

Definition 2.19 (Bernoulli process). Let B be a measure on {). We define a Bernoulli process

with measure B, written X ~ BeP(B), as the Lévy process with Lévy measure
p(dp, dw) = 61(dp) B(dw). (2.37)

If B is continuous, X is simply a Poisson process with intensity B := X ZZ]\L 1 0w; Where N ~

Poisson(B(f2)) and w; are independently drawn from the distribution B/B(f2). If B is discrete
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with the form B = ). p;d,,, then X = > .b;d,,, where the b; are independent Bernoulli
variables with the probability that b; = 1 equals to p;. If B is mixed discrete-continuous, X is

the sum of the two independent contributions.

In summary, a Bernoulli process is similar to a Poisson process, except that it can give weight at
most 1 to singletons, even if the base measure B is discontinuous, for instance, B itself is drawn

from a Beta process.

An important property between Bernoulli process and Beta process is the conjugacy between

them.

Let B ~ BP(c, By), and let X;|B ~ BeP(B) fori = 1,2, ...,n be n independent draws from
B. Let X 2 .., denote the set of observations { X1, X, ..., X, }. The posterior distribution of

B after observing { X1, Xo, ..., X, } is still a Beta process with modified parameters:

c 1 "
B|X ~ BP —DB X;). 2.38
| 1,...n (C+n>c+n 0+c+n; 1) ( )

Therefore, the Beta process is conjugate to the Bernoulli process [57].

From Eq.2.31, we can see that Beta process has infinite dimensions as K — oo. A finite
approximation to the Beta process H can be made by simply setting K to a large, but finite

number. This derives a Beta-Bernoulli approximation for the Beta process as [5]:

zir, ~ Bernoulli(7)
(2.39)

s ~ Beta(a/K, B(K — 1)/K)

here, matrix Z is drawn from a Bernoulli process parameterized by a Beta process.

Indian Buffet Process

Like the Chinese restaurant process corresponding to Dirichlet process, IBP can be seen as a
marginalized Beta process. Firstly, we extend the Beta process defined in Eq. 2.31 to take

two scalar parameters, «, 8 and partition the space €2 into K regions of equal measure, that is
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H(Bg) =1/K fork =1,2,..., K. We can get

K
H(B) =Y mdp,(B)
k=1 (2.40)

7 ~ Beta(a/K, B(K —1)/K),

where B € {Bj, By, ..., By }. Marginalizing the vector 7 (by the Beta-Bernoulli process approx-
imation and the conjugacy between Beta and Bernoulli process), letting K — oo and 5 = 1, we

can get the Indian buffet process described as follows.

Let there be IV customers and infinitely number of different dishes.

1. The first customer chooses K (1) different dishes, where K1) is distributed according to a

Poisson distribution with parameter a.

2. The second customer arrives and chooses to enjoy each of dishes already chosen for the
table with probability 1/2. In addition, the second customer choose K () ~ Poisson(a/2)

new dishes.

3. The ith customer arrives and chooses to enjoy each of the dishes already chosen for the
table with probability my; /i, where my; is the number of customers who have chosen
the kth dish before the ith customer. In addition, the ith customer chooses K (9 ~

Poisson(«/7) new dishes.

After the N steps, one has a N x K binary matrix Z with an IBP prior that describes the

customers choices. This Z is a sample from an Indian buffet process [5, 59].

Fig. 2.8 shows an example of IBP. We can see that the IBP is a nonparametric Bayesian prior
over distributed partitions (binary matrix) which assumes that objects belong to a small number
of latent classes and the expected number of classes grows with the amount of data. Originally,

it defines a prior over binary matrices with an infinite number of columns.

The connection between the IBP and the BP can also be studied through their Lévy measures.
The IBP with the prior m; ~ Beta(c%, c¢) can be regarded as a Lévy process with the Lévy
measure given as,

N ~y
=B — . 2.41
VIBP S eta(cN ,¢)dmp(dw) (2.41)
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FIGURE 2.8: Example of Indian buffet process [59, 60].

Lévy process Gaussian  Lévy measure drift variation  sample path
variance

Brownian motion b = o2 v#0 c = infinite continuous

with drift

Compound Pois- b=10 v=Mf(z) c=0 finite rcll step func-

SOon process

tions

Poisson process b =10 v=XA(z—-1) ¢c=0 finite rcll step func-
tions of step
size 1

Gamma process b =10 v =Bz le o c=0 finite rell

Beta process b=0 v=cp H(1—-p)t c¢=0 (finite rcll

TABLE 2.3: Conclusion of different Lévy processes.
It can be proved that
vipp =, (2.42)

where v is the Lévy measure of the Beta process, which indicates that the Beta process is the

limit of the IBP with N — oco. The detailed proof of this conclusion is presented in the supple-

mentary material of [61].

The inference of Beta process will be presented in the later applications. Here, we summarize

the different Lévy processes in Table 2.3 °.

“Here, rcll means right continuous with left limits.
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2.4 Markov Chain Monte Carlo (MCMC) methods

Applying probabilistic models to data usually involves integrating a complex, multi-dimensional
probability distribution, such as calculating the expectation of a model distribution. Many times,
these integrals are not calculable due to no closed-form expression for the integral available us-
ing calculus or the high dimensionality of the distribution. Markov Chain Monte Carlo (MCMC)
is a method using stochastic sampling routines to approximate complex integrals. This method
is composed of two components, the Markov chain and Monte Carlo integration as MCMC'’s

name indicated.

Monte Carlo integration is a powerful technique that exploits stochastic sampling of the distri-
bution in question, in order to approximate the difficult integration. Monte Carlo integration

involves formulating the desired integral as an expectation under the distribution 7

Blf(@)] = [ fan(a)da -3 fa). (243)

1

Thus, we can consider an approximation of the integration in Eq. 2.43, because this approxima-

tion has an arbitrary precision for n sufficiently large.

The average of the samples according to the set of independent samples x; ~ 7,7 = 1,2, ..., n,

converges almost surely to the true expectation under distribution 7.

Using Monte Carlo method for the integration, it is necessary to have i.i.d samples from the
target probability distribution, which may be difficult to access directly. This will resort to the

second component of MCMC, the Markov chain.

A Markov chain is a random process that transits from one state to another on a state space,
where the next state that the chain takes is conditioned on the previous state. It possesses the

following three elements [62]:

1. a state space x, which is a set of values that the chain is allowed to take,

2. a transition operator p(z(t+1)|z(*)) that defines the probability of moving from state z(*)

to 2zt and
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3. an initial condition distribution 7(°) which defines the probability of being in any one of

the possible states at the initial iteration ¢ = 0.

A Markov chain starts at some initial state, which is sampled from 71(0), then transits from one
state to another according to the transition operator p(x(tH) |x(t)). It must possess a property
that is usually characterized as memorylessness: the probability distribution of the next state
depends only on the current state and not on the sequence of events that preceded it. This
specific kind of property is called the Markov property [63]. Markov chains will take samples
from a target probability distribution if they are constructed properly and run for a long time.
Therefore, we can apply Monte Carlo integration to perform the approximation of the target

distribution by the obtained samples.

MCMC designs a Markov Chain to make it stably converge to the target probability distribution.
In order to converge to the target probability distribution, the Markov chain should satisfy some

properties.
Detailed Balance

If the transition operator for a Markov chain does not change across transitions, the Markov
chain is called time homogenous. A nice property of time homogenous Markov chains is that as
the chain runs for a long time and ¢ — oo, the chain will reach an equilibrium that is called the

chain’s stationary distribution:
Pz V]z®) = p(z®]xED), (2.44)

The stationary distribution of a Markov chain is important for sampling from probability distri-
butions, a technique that is at the heart of Markov Chain Monte Carlo methods. A necessary
condition for drawing from a Markov chain’s stationary distribution is the condition known as

reversibility or detailed balance.

In probability theory, a Markov process is said to show detailed balance if the transition rates

between each pair of states x and y in the state space obey

m(z)P(z,y) = 7(y)P(y, x), (2.45)
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where P(z,y) is the transition matrix and 7(x) and 7(y) are the equilibrium probabilities of

being in states = and y, respectively.

Proposition 2.4.1. Let K (y|x) = p(xn+1 = y|lzn = ) be the transition distribution or transi-

tion kernel for a given Markov chain. If K (y|x) satisfies detailed balance

m(z)P(x,y) = 7(y) Py, ). (2.46)

Then, the chain defined by this transition kernel has stationary distribution w. A Markov chain

satisfying detailed balance is said to be reversible with respect to .

The proof of this proposition is referred to [6]. From Proposition 2.4.1, we can see that, in
order to use Markov chains to sample from a specific target distribution, we have to design the
transition operator such that the resulting chain reaches a stationary distribution that matches the
target distribution. This is where MCMC methods like the Metropolis sampler, the Metropolis-

Hastings sampler, and the Gibbs sampler come to rescue.

2.4.1 MH Sampler

We can use Markov chain to sample from the target probability distribution p(x) from which
drawing samples directly is challenging. To do so, as mentioned before, it is necessary to design
a transition operator for the Markov chain which makes the chain’s stationary distribution con-
verge to the target distribution. The Metropolis-Hastings uses simple heuristics to implement

such a transition operator.

The Metropolis-Hastings algorithm provides a generic method for construction an ergodic Markov
chain, relying only on a valid proposal distribution ¢(-) and evaluation of the target distribution

7(-) up to a normalization constant [6, 7].

Specifically, to draw M samples using the Metropolis-Hasting sampler can be outlined as [64]:

1. initialize t=0;

2. generate an initial state (%) ~ 7(0);
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3. repeatuntil t = M
a)sett =t+1;

b) generate a proposal state z* from ¢(z|z(*~1);

gzt V)
q(z*|zt=1)>

d) calculate the acceptance probability v = min(1, %);

¢) calculate the proposal correction factor ¢ =

e) draw a random number u from Unif(0,1); and

f) if u < o accept the proposal state z* and set z(*) = z*,

else set (M) = (=1,
Specially, when the proposal distribution is symmetric, the correction factor is equal to one. This
gives a special sampler of Metropolis-Hastings algorithm: Metropolis sampler. In order to be
able to use an asymmetric proposal distributions, the Metropolis-Hastings algorithm implements
an additional correction factor «, defined from the proposal distribution as ¢ = %. The
correction factor adjusts the transition operator to ensure that the probability of moving from
21 — 2 s equal to the probability of moving from z(*~1 — z()_ discarding the proposal

distribution.

Proposition 2.4.2 (Detailed balance of Metropolis-Hastings sampler). The Metropolis-Hastings

sampler satisfies the detailed balance equation.

Proof. Let 7(+) be the target distribution, ¢(-) be the proposed distribution, and P(x,y) be the

transition matrix. We have

m(x)P(z,y) = m(x)q(y|z)a(z,y)

=7(x x)min q(a:\y)@
= m(@)a(yle)min[l, q(ylz) 7T(DC)] (2.47)
= min(r(2)q(y|x), 7(y)q(z]y))
=7(y)P(y,x).
O

As « is not always equal to 1, MH samples may be rejected, which will lead to excess com-
putation that is never used. In next section, we will introduce a more efficient algorithm Gibbs

sampler.
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2.4.2 Gibbs Sampler

The Gibbs sampler, another popular MCMC sampling technique provides a more efficien-
t method by making the rejection rate be zero. Similar to the MH algorithm, the Gibbs sampler
also uses component-wise updates. Different from the MH sampler, Gibbs sampler draws from
a proposal distribution for each dimension. It simply draws a value for that dimension accord-
ing to the variable’s corresponding conditional distribution. Then, all the values drawn can be

accepted.

Given a target distribution p(x), where x = (21, %2, ..., £p), the Gibbs sampler is applicable for

certain classes of problems, based on two main criteria [65]:

1. be able to get the analytic expression for the conditional distribution of each variable in

the joint distribution given all other variables in the joint;

2. be able to sample from each conditional distribution.

For the first criterion, if the target distribution p(x) is D-dimensional, we must have D individual
expressions for p(z;|x1,x2, ..., Ti—1, ..., Ti+1,...,&p). Having the conditional distribution for
each variable means that we do not need a proposal distribution like the MH sampler. Therefore,
we can simply sample values from each conditional distribution while keeping all other variables

fixed. Different from the MH sampler, we will accept all values that are sampled.

The Gibbs sampling procedure is outlined as follows.

1. initialize ¢t = O;

2. generate an initial state 2(¥) = [xgo),x(;)), ...,xfio)];

3. repeat until t=M
a)sett =t+1;
b) for each dimension ¢ = 1,2, ..., D,

draw xX; fromp(:ri|x1,ac2, ey Lj—Ty ooy Ljplyeees .TD).

This Markov chain will converge to the target probability distribution 7(x1, ...z4).
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Proposition 2.4.3. The acceptance ratio of a Gibbs sampler is 1.

Proof. Let m(-) be the target distribution, ¢(-) be the proposed distribution which is equal to the

corresponding conditional distribution. Then, the accept ratio satisfies

(2.48)

where, £_; means (T1, 2, ..., Ti—1, ..oy Tit1y -y TD)- O

The Gibbs sampler is a popular MCMC method for sampling from complex, multivariate prob-
ability distributions. However, It cannot be used for general sampling problems as the first
criterion presented before. For many target distributions, it may difficult or impossible to satis-
fy the first criterion that need closed-form expression for all conditional distributions. In other
scenarios, analytic expressions may exist for all conditionals but it may be difficult to sample
from any or all of the conditional distributions. Therefore, Gibbs samplers are only suitable for
Bayesian methods where models are devised in such a way that conditional expressions for all
model variables are easily obtained. Another issue about Gibbs sampling, like many MCMC

techniques, suffers from “slow mixing”.

More advanced techniques about MCMC are referred to [66—68].



Chapter 3

Face Hallucination Based on
Spatial-Distance-Dependent

Nonparametric Bayesian Learning

3.1 Introduction

Face image-based techniques have been well developed and investigated in recent years. These
techniques have been widely used in many applications such as face recognition, video surveil-
lance, facial expression recognition, image enhancement, image compression, and so on. How-
ever, due to the limitations of capturing systems and the changes of environment, human face
images captured are very often of low resolution. The poor quality of face images has adverse
effect on the performance of computer vision and pattern recognition applications. To solve the
problem, it is necessary to render a high-resolution (HR) face image from the corresponding
low-resolution (LR) one. This technique is named face hallucination or face super-resolution

(SR) [69, 70].

The major difference between face hallucination and the general super-resolution problem is
that the face images have regular structures and textures. Compared with the general super-
resolution problem, face hallucination is challenging because people are sensitive to the changes

in appearances and the quality of human face images. Small deviations might significantly affect

44
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human perception, whereas for super-resolution of generic images, such as buildings, plants,
etc., the errors can be more tolerant [71]. Another challenge of hallucinating face images is
that faces may be in complex conditions, such as under variations of illumination, pose, and

expression. Furthermore, it is difficult to align faces in LR images [69, 71].

Different methods have been researched for face hallucination. One simple way is through the
use of interpolation with a base function or through interpolating a kernel function to produce a
higher density of pixels in a processed image [72]. Because of the simplicity of interpolation,
it is applied in those applications with low requirements. However, this parametric method is

often unable to interpolate details well, such as texture and corner-like local regions [71, 73].

Compared with the interpolation methods, using edge-statistical information can well recon-
struct edge and corner areas. Fattal and Raanan [74] imposed edge statistics for image up-
sampling. Sun et al. [75] proposed an image hallucination method by using edge and primal
sketch priors. Gradient profile prior was used to enhance the quality of the hallucinated HR im-
age [76, 77]. The major drawback of the learning approaches using edge priors is that they focus
on preserving edges so the performance in relatively smooth regions is mediocre as discussed in

[2,17].

Example-based super-resolution schemes have proven to be able to reconstruct significantly
finer details from a LR image compared with the interpolation-based schemes [73]. The general
idea of example-based approaches is to learn the statistical correlation between pairs of LR and
HR images from a face dataset. The learned correlation is then applied to an input LR image to
reconstruct the corresponding HR image [71]. Different methods have been studied to learn the

mapping relationship between LR and HR images [69, 78], such as

1. Sparse representation-based approaches [79, 80];

2. Subspace learning approaches, including locally linear embedding and linear subspace

learning-based approaches [72]; and

3. Bayesian inference method: learning priors from numerous feature vectors to generate a

function, mapping features from LR images to HR images [73, 81].

Usually, example-based methods require computationally expensive processes in extracting com-

plex features or searching exemplars [69]. In [82], a divide-and-conquer algorithm was proposed
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by using k-means to learn K clusters. Each cluster can be viewed as a set of anchor points to
represent the feature space of natural image patches for super resolution. For different data sets
or applications, K should be set adaptively. The training can be done off-line, and the recon-

struction is performed by the efficient linear regression method.

Performance of learning-based SR methods heavily depends on the similarity between the train-
ing and the testing images to query input LR face images. The quality of the edges in a recon-
structed HR image can be significantly degraded when the edges in training images cannot be
matched or aligned well with the corresponding input image. Recent research has presented that
the structural constraint can be applied to improve the results of face hallucination. For exam-
ple, Markov random fields can be used to reduce the ambiguity between LR and HR images by
learning the statistical relationship between a global face image and its local features [71]. The
structure or position information about face images can be used to improve the face hallucina-
tion performance. Yang et al. [83] used a landmark localization method to estimate and align
facial features for hallucination. Jung et al. [84] proposed a position-patch-based face hallucina-
tion method using convex optimization. However, Yang’s method is strongly dependent on the

results of landmark localization, while Jung’s method requires the faces to be aligned accurately.

Inspired by [82] and recent development of nonparametric Bayesian methods, we propose a
novel framework in this chapter. A nonparametric Bayesian method, namely distance dependent
Chinese restaurant process (ddCRP), is employed to model the spatial dependencies between
the patches in LR and HR face images and to learn the corresponding mapping matrices for the
patches. Without requesting an accurate alignment, the spatial constraint provided by ddCRP
can produce more details in the final reconstructed HR image as face images are characterized

by similar spatial structures.

The remainder of this chapter is organized as follows. Section 2 reviews the Bayesian image
super-resolution model and the background of ddCRP. In Section 3, we present the details of our
proposed model and the inference process. In Section 4, implementation details are described,
and experimental results are presented to show the performance of our method. Finally, in
Section 5, we draw a conclusion and discuss the relationship between the constraint of distance

dependence in ddCRP and MRF.
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3.2 Bayesian Image Super-resolution Model

A common image degradation model can be presented in a Bayesian super-resolution framework
[81, 85, 86]. According to this Bayesian model, an LR image is assumed to be generated from
its HR counterpart through blurring, sub-sampling and including additive noise, independently
to others. Example-based methods usually use image patches for super resolution. For an LR
image X divided into N patches, the kth patch X} is assumed to be generated from the HR

image patch Y} as follows.

X, =W,.Y, +e,k=1,2,...,N, 3.1

where €, is a matrix of i.i.d Gaussian noise and W}, is a degradation matrix related to down-

sampling and blurring in a Gaussian form.

According to this model, the reconstruction process is

Yi=A Xp + &, k=1,2,..., N, 3.2)

where &, is the reconstruction error with a residual noise covariance matrix Xy, and Ay, is the

reconstruction mapping matrix.

The optimal HR image is reconstructed by maximizing p(Yx| Xx), i.e,

Yipiap = argmax(p(Ye| Xy, Ag, Xi)). (3.3)

Yy

In this work, we place a conjugate matrix normal-inverse-Wishart prior on the parameters Ay, Y.

Zk ~ IW(?”L(), S())

(3.4)
AplZg ~ MN (M, %, I).
where [ is an identity matrix.
A matrix A € R™*" has a matrix-normal distribution MN (A; M, V,U) if
d
p(A) = U2~ ser(a-av=2(a-anm), (3.5)

B \27rV]%
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where M is the mean matrix, and V and U~! are the covariance matrices along the rows and

columns, respectively.

The reconstruction matrix A and covariance Y are unknown, which can be learned by using
the Bayesian model. We learn A and covariance Y; from a cluster of patches similar to X}

and Y.

In the testing stage, when Ay and Y; are estimated, given the LR image patch X}, the corre-

sponding HR image patch Y}, can be easily reconstructed as follows:

Yy = ApXp. (3.6)

3.3 Proposed method

Dirichlet process (DP), as a nonparametric Bayesian method, provides a valuable suite of flex-
ible clustering algorithms for high-dimensional data analysis. It has been extensively used in
computer vision and pattern recognition areas such as image segmentation, text modelling, com-
putational biology, and so on [9-11, 87]. DP can be described via the Chinese restaurant process
(CRP). The probability of a customer sitting at a table is computed from the number of other
customers already sitting at that table. Despite the success of the traditional CRP, it ignores the
spatial distance between data elements. Distance dependent Chinese restaurant process, which
is based on the random seating assignment of the customers, considers the distances between

the data elements. It provides a new tool for flexibly clustering non-exchangeable data.

ddCRP alters CRP by modeling customer links to other customers instead of tables. Given
a decay function f, sequential distance matrix D and a scaling parameter «, a link can be
independently drawn from customer assignments conditioned on distance measurements by the

distribution [11]

, f(di) ifi # g,
plei=17j) = (3.7)
« otherwise.
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In our application, d;; is an externally specified distance between image patches ¢ and j. «
determines the probability that a patch links to itself rather than to another patch. The decay
function f decides how the distance between two patches affects their probability of connecting

to each other.

More details of ddCRP are referred to [11].
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FIGURE 3.1: The framework of our proposed method.

Figure 3.1 shows the framework of the proposed face hallucination method. Firstly, we collect
a large set of LR and HR paired patches from a training set of human face images. The intensity
values of a set of LR patches are subtracted, by their respective means, to form the feature
vectors. We learn the cluster centers of the feature vectors using ddCRP, and the functions
mapping the LR patches to the corresponding HR patches in each cluster. After the coefficients
of mapping functions on each cluster are learned, in the test stage the HR patches of an input LR
face image can be simply generated by using Eq. 3.6. Finally, the HR face image is reconstructed

from the HR patches, and the zooming LR mean is added.

3.3.1 Training Stage

At the training stage, given a set of HR face images, the corresponding LR images are generated
by using a Gaussian kernel followed by down-sampling [82, 88]. We randomly extract a large

set of HR and LR patches from the HR and LR image pairs to form a training set.

We expect that the patches in the same cluster have similar distribution and are constrained by

their positions in the face images. This does not require the face images to be strictly aligned.
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In ddCRP, two customers (or patches in face hallucination) are placed in the same table (or
cluster) if one can reach the other by traversing the customer (or patch) assignments. Let us
consider a collection of NV LR and HR image patch pairs in the training dataset, denoted as
X = [X1,...Xy]and Y = [V7,...,Yy], respectively. The full generative process for the

observed patches X. is described as follows.
1. For customer/patch i, i € {1,..., N}, sample the assignment ¢; ~ ddC RP. This deter-
mines the table/cluster assignment z.
2. For table/cluster k, k € {1, ...}, sample parameter ¢ ~ G.
3. Given ¢ and the assignment c;, independently sample the patches.
We place a conjugate normal-inverse-Wishart prior on the parameters A, and > of the patch

distribution G. Assuming that the assignment of patch i is z(¢;) = k, given Ay and 3y, Y; can

be sampled from Y; ~ MN (A X;, Xk, I). The full model of the observed patches is:

p(Y7C7A7Z‘X7D7a7 f) :p(C‘D7f7a7n)

N z(c;) (3.8)
HN(}/Z|X7,7 Az(ci)a 2z(c,))[l_‘[ p(Ak7 ks 77)]7
i=1 k=1

where 7 represents a hyperparameter. This model also determines the number of clusters for the

training dataset.

Posterior inference is the central computational focus for analyzing the data X and Y and for
learning the parameters in our nonparametric Bayesian face hallucination model. Here, we use

Gibbs sampler to infer the proposed model.

Gibbs sampling is a Markov chain Monte Carlo (MCMC) algorithm for obtaining a sequence of
samples which are approximated from the target probability distribution when direct sampling is
difficult. A sequence of samples is drawn from the conditional posterior densities of the model

parameters, and it will converge to a sample from the joint posterior.
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Precisely, the assignment of each patch can be described as follows.

p(ci|c7j_7X7}/7A7D7f7a7n) X
p(CﬂX,Y;A,D,f,Oé)A(X,KA,Z(C),T])
3.9
if ¢; links k1 and ko

p(ci|D, f,a) otherwise.

In Eq. 3.9, c; is the assignment set excluding ¢; (remove the patch link ¢; from the current

configuration);
P1

A(X7KA727¢) = P2P3’

Pl = p(YZ(CI:N):k|Xz(ClzN):k’ Ak’ 77)’
P2 = p(Yae; 0 )=k [ Xa(ern )=k s Ak1,1),
P3 = p()/;'(cl;N):kg ’Xz(cle):kga Ak27 77)

where k is a cluster index, and k; and ko are the indices of the clusters that together form the

cluster with index k, when ¢; makes the clusters corresponding k1 and k2 join together.

To compute p(Y'| X, A, n), firstly, based on the conjugate prior of A and ¥, we have [87, 89]

P(Y|X,5) = / p(Y, A[X, 2)dA

U/ P
:|27TZ|N/2|wa|d/2exP(_§tr(Z Syfz))
Spw = XXT4+U (3-10)
Sy =Y X' + MU
Sylz =YY + MUM" — Sy2(Sza) Sy
Then, the part likelihood is:
PV = [ B(YIX, oS0, So)ds
3 n
161210 T (20) G1D

= 3N 3 N+n .
72 |Spa|2|S0 + Sypel 2 Ta(2R)
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Eq. 3.9 guarantees that patches with similar texture, constrained by their positions, are assigned

to the same cluster.

Sample A:

Given the observed data X, and Y, the posterior of the reconstruction matrix Ay, and the noise

covariance X, is given as follows.

P( Ak, g X, Yi) =
(3.12)
p(Ak|Xk’7 ka Ek)IW(Ek|Nk + no, Sy\x + SO)a

where N} is the number of patches in cluster &.

The prior of the noise covariance is conjugate to Matrix normal distribution, so we can integrate
out X [87]:
p(Ak’Xka Yka 77) =

[ DA Vi BOTWEN + 10,510 + So)dE (3.13)

= MT(Ak‘Nk + no, Sny_l Sz Sy\x + 50)7

T

where MT (-) is a matrix-t distribution.

Sample >::

By Eq. 3.13, it is easy to see that the posterior distribution of 3 is an inverse-Wishart marginal

posterior distribution [89], as follows.

(k| Ve, Xi) oxp(Yi, Xi|Ek|)p(Ek)
(3.14)

oI W (Nj, + 10, Sy 5,)-

Based on the above analysis, we can approximate the posterior using a Gibbs sampler, which
iteratively draws the parameters from the conditional distribution. Then, the proposed model

can be sampled by Algorithm 1, as shown in the following.
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Algorithm 1 Gibbs sampler of the proposed method
Input:

o Yl, veey Yn, Xl, ceey Xn,
e Position matrix D.

Initialize:
Generate «, sg,ng and 0 ~ Go(0) and set §; = 0 fori = 1,2, ..., n.
Repeat: In each sample iteration
1. Forpatch: =1,2,..., N :

(a) Compute the assignment of each patch by Eq. 3.9;
(b) Remove the empty clusters;
(c) Sample A by Eq. 3.13;
(d) Sample X by Eq. 3.14;

2. For each cluster k =1, ..., N.:
Update the cluster center.

Output:

e Reconstruct Matrices A, 3 and cluster centers.

3.3.2 Testing Stage

At the testing stage, the input LR image is divided into patches. The features of each LR patch
are computed, and the corresponding closest cluster center and the dictionary A are identified.
The predicted HR patch is then reconstructed through linear regression based on the learned
mapping coefficients obtained by using Eq. 3.4, and then the LR patch mean is added to the HR
features, as follows.

Y = Ak - f(Xk) + mean(Xy), (3.15)

where f(-) is a gradient feature extraction function of the input LR image. Finally, the HR face

image is reconstructed by averaging the overlapped areas of the HR patches.

3.4 Experiments

To illustrate the performance of the proposed method, we evaluate our algorithm on ORL face

database [90] and Yale face database [91] with different zooming factors.
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Images Bicubic Chang’s Jian’s  Yang’s proposed
method method method method
27.6764 27.1460 27.7070 27.8224 28.1955
27.1475 27.4362 27.1869 27.9673 27.8206
27.3182 28.1702 27.3340 27.9821 27.9968
28.7479 29.9317 28.7732 29.3229 29.5897
28.5319 28.5361 28.5627 29.0574 29.1382

N W =

TABLE 3.1: PSNR performance of different algorithms on ORL database.

3.4.1 Face Hallucination on ORL Database

The ORL face database is composed of 400 images of 40 persons. Each person has ten different
images taken at different times, lighting conditions, facial expressions and facial details. The

size of each image is 92 x 112 pixels, with 256 gray levels per pixel.

In our experiments, the training set contains 200 face images, which are randomly selected from
the ORL database. The remaining images are used for testing. Without loss of generality, we
magnify the input face image with a factor of 3. In other words, the original images form the
HR image dataset, which are down-sampled with a factor of 3 to form the LR image dataset.
10,000 patches are generated from the LR and HR training sets. As suggested by [82], the LR

patch size is 7 x 7 pixels while the size of each HR patch is 11 x 11 pixels.

The hyperparameters that regularize the ddCRP prior can be specified based on the properties
of the face image patches and the training set. We use the Euclidean distance for the matrix D
shown in Eq. 3.4. The decay function f is set to 1 when the distance is larger than 2 pixels, with
the self-connection parameter o = 10~5, which is set by experiences. For the hyperparameter of
the matrix-normal-inverse-Wishart prior, we set the degree of freedom ng = 50, a value which

makes the prior variance nearly as large as possible while ensuring that the mean remains finite.

The samplers present rapid mixing and often stabilize within 20 iterations. The similar rapid
mixing has been observed in other ddCRP applications [9, 11]. Here, we run the sampler for
100 times and obtain 16 clusters with more than 150 patches. The converging time depends on

the distance defined previously and the size of the training set.
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Images Bicubic Chang’s Jian’s

method

method

Yang’s
method

proposed
method

0.8721

0.8625

0.8727

0.8834

0.8877

0.8190

0.8303

0.8203

0.8435

0.8430

0.7847

0.8118

0.7857

0.8167

0.8239

0.8407

0.8624

0.8411

0.8566

0.8673

N W=

0.8667

0.8703

0.8677

0.8854

0.8893

TABLE 3.2: SSIM performance of different algorithms on ORL database.

FIGURE 3.2: Patches learned in an example cluster.
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FIGURE 3.3: Patches positions constrained in the example cluster.
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FIGURE 3.4: Face hallucination results on the ORL database with different methods: (a) the
input LR faces, (b) Bicubic interpolation, (c) Chang’s method, (d) Sun’s method, (e) Yang’s
method, (f) our proposed method, and (g) the original HR faces.

Figure 3.2 presents the LR patches in one cluster learned from the training dataset. It can be seen
that they have similar textures. Figure 3.3 presents the corresponding spatial center positions of

the patches shown in Figure 3.2.

We also compare our method with some typical face hallucination methods. PSNR and SSIM
are used as the objective measurements of image quality. The results based on different methods

are shown in Tables 3.1 and 3.2.

Figure 3.4 presents the visual results of 4 face images based on the different methods. Column

(a) shows the original LR face images. The second column (b) presents the results based on
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Images Bicubic Chang’s  Jian’s Yang’s proposed
method method method method

1 27.0842 28.0617 27.2738 28.2065 28.0767

2 26.2234 26.2402 26.2820  26.5094 26.5945

3 26.2025 27.0032 26.4725 27.3066 27.4979

4 27.0842 28.0617 27.2738 27.8767 28.1320

TABLE 3.3: PSNR performance of different algorithms on Yale database.

Images Bicubic Chang’s  Jian’s Yang’s proposed
method method method method

1 0.8584 0.8405 0.8596 0.8894 0.8827

2 0.8248 0.8232 0.8269 0.8352 0.8452

3 0.8097 0.7857 0.8105 0.8335 0.8343

4 0.8584 0.8405 0.8595 0.8554 0.8652

TABLE 3.4: SSIM performance of different algorithms on Yale database.

Bicubic interpolation. The results of Chang’s method based on locally linear embedding (LLE)
[78], Sun’s method using the edge statistic information Gradient Profile Prior [75], and Yang’s

method [79] by sparse representation are shown in columns (c), (d), and (e), respectively.

3.4.2 Face Hallucination on Yale Database

The Yale Face Database contains 165 grayscale images in GIF format of 15 individuals. There
are 11 images per subject, one per different facial expression or configuration: center-light,
with glasses, happy, left-light, without glasses, normal, right-light, sad, sleepy, surprised, and
wink. In our experiments, the training set contains 100 face images which are randomly selected
from the database. The remaining images are used for testing. We crop the images into size of
240 x 204 pixels, with some background included. Similar to the experiments on the ORL
database, 10,000 patches pairs are generated in the LR and HR training set. The size of the face
images in the Yale database is larger than those in the ORL database. With this database, the
input LR face images are magnified with a zooming factor of 4. The LR patch size is 7 x 7
pixels and the HR patch is set to 12 x 12 pixels. The other hyperparameters used are the same

as those used in the ORL experiments.

Figure 3.5 presents the visual results with 4 face images based on the different methods. Tables

3.3 and 3.4 show the PSNR results and SSIM of the results for the different methods.
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FIGURE 3.5: Face hallucination results on the Yale database with different methods: (a) the

input LR faces, (b)Bicubic interpolation, (c) Chang’s method, (d) Sun’s method, (¢) Yang’s
method, (f) our proposed method, and (g) the original HR faces.
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3.4.3 Performance Analysis

The results from the Bicubic method are the smoothest. As with other interpolation methods,
it struggles to reconstruct high-frequency details of the HR images like edges and corners. The
neighbor embedding method assumes that the local geometry of LR image patches is similar to
that of the HR counterparts. Their performance suffers from inappropriate choices of features,
neighborhood sizes and training patches. The reconstruction of high-frequency areas is also
mediocre in our experiments. Jian’s method using gradient profile prior gives plausible perfor-
mance in the edge and corner areas when zooming factor is not large (less than 4). It can be
seen that Yang’s method can provide plausible HR facial images with sharp edges and corner-

s. However, some of the patches may be badly matched or conflict with adjacent ones. These
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errors are typical drawbacks with most patch-based SR methods. Furthermore, patch-based SR
usually requires a large number of image-patch pairs for learning. When the training dataset

size is limited, those drawbacks are more obvious.

Compared with other parch-based learning methods, our proposed method keeps better continu-
ities with adjacent ones without loss of the reconstruction performance of the edge and corner
areas. The spatial constraint in our method prevents producing artifacts and discontinuities in the
reconstruction results, especially when the train dataset size is not large as in our experiments

using only 10,000 patches.

3.5 Conclusion

In this chapter, we have presented a novel example-based face hallucination method based on a
nonparametric Bayesian model. According to the assumption that all face images have similar
local pixel structures, we have clustered the LR face patches using ddCRP, and learned the
mapping coefficients for each cluster. We have used the LR input face to search a database to
find sample face patches that best match the input face. The HR image has been reconstructed
from a linear regression by the learned mapping matrix. Experimental results have shown that

the proposed method performs well in terms of both reconstruction error and visual quality.

In our algorithm, the spatial distance constraint is employed to aid the learning of cluster center-
s. The patches learned in a cluster are not only similar in texture, but also adjacent in locations.
This constraint between the patches can be considered as an extension of the constraint in the
Markov Random Fields (MRF). It is able to keep better continuities in the face hallucination re-
sult. The PSNR and SSIM results of the experiments show that our method can achieve compet-
itive performance for face hallucination. Moreover, MRF is usually applied to the neighborhood
of the patches in the same image. The spatial distance constraint can be applied to the patches
from different images. Therefore, this is a more flexible constraint to describe the neighborhood

of face image pixels.



Chapter 4

A Graph-regularized Nonparametric
Bayesian Approach to Sparse

Nonnegative Matrix Factorization

4.1 Introduction

Nonnegative Matrix Factorization (NMF) is a dimension reduction method for factorizing a ma-
trix as a product of two matrices, in which all elements are nonnegative. It has been widely used
in various areas including clustering, data mining, machine learning, pattern recognition, com-
puter vision and so forth. Compared with other unsupervised learning algorithms such as prin-
cipal components analysis (PCA), independent component analysis (ICA), vector quantization
(VQ), etc., the factors of NMF give a better natural interpretation as the nonnegative constraints
[92-95]. For example, the parts contained in the objects can be learned from the factors of lower
rank approximation by using NMF. Each object is explained by an additive linear combination
of intrinsic ‘parts’ [93, 96]. Many physical signals, such as image intensities, amplitude spectral
and text documents, are naturally represented by nonnegative values [97]. Therefore, NMF is a

powerful method for analyzing such data. An NMF problem can be formulated as follows [98]:

NMF Problem. Given a nonnegative matrix X € R™*" and a positive integer k < min(m,n),

find nonnegative matrices A € R™** and B € R**" to minimize the functional

60
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1
f(A,B) =5 | X - AB |, (@.1)

where || - || is assumed to be a matrix norm .

Usually, the columns of A gain the interpretation of basis vectors, while B is called a coefficient
matrix. The product AB is called a nonnegative matrix factorization of X [99]. When the inner
dimension of the product is less than the rank of X, then the product is only an approximation
of X. Therefore, the factorization is sometimes referred to as the Approximative Non-Negative

Matrix Factorization.

Different efforts have been made to solve Equation 4.1. The minimization problem of Equation
4.1 is convex in A and B separately. However, it is not convex in both simultaneously. One
of the most popular approaches to solve it is the multiplicative update by a gradient decent
algorithm, proposed by Lee and Seung [93]. It is simple to implement and often yields good
results. In each iteration of this method, the elements of A and B are multiplied by certain
factors. As the zero elements are not updated, all components of A and B are strictly positive
for all iterations. Some other methods such as conjugate gradient have been developed later
for faster convergence [100]. One typical method is the projected gradient optimization method
proposed by Lin and Chih-Jen [100] which is computationally competitive and appears to have

better convergence properties than the standard (multiplicative update rule) approach.

These gradient-based algorithms focus on speeding up the convergence. Several authors have
noted the shortcomings of the classical NMF that does not always give good results for presen-
tation parts features [99]. Some efforts have been made to enhance the quality of the NMF by
adding further constraints on the factors, such as smoothness, sparsity and spatial localization
[95, 97]. Piper and Pauce [101] employed regularization on the decomposition. Chen and Ci-
chocki [102] and Bertin et al. [103] used smoothness constraints to improve the analysis of the
data for particular applications. Hoyer [95] employed sparsity constraints on either factor W
or H to improve the local rather than the global representation of data. The extended NMF by
sparseness control allows us to discover better parts-based representations of the data than basic

NMEF. However, it is difficult to control the sparse degree for a good representation.
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Most of the above mentioned research on NMF use numerical algorithms for learning the opti-
mal nonnegative factors from data. The problem of NMF can also be interpreted in a Bayesian
framework based on the distribution of the matrix X. These methods have the advantages that
the underlying assumptions in the model are made explicit and some good properties are pre-
sented in the factors. Schmidt and Winther [104] built a Bayesian frame work for NMF by using
exponential priors on the factors. Moussaoui et al. [105] used Gamma densities as factors priors.
Both of them developed a Gibbs sampler to infer the parameters. Schmidt and Laurberg [97]
employed a Gaussian process for the prior of the factors which agreed with the prior knowledge
of the factors’ distribution, such as sparseness, smoothness and symmetries. However, these

Bayesian methods do not have the sparse feature.

In this chapter, we discuss NMF in a graph-regularized nonparametric Bayesian framework.
We assume that good basic vectors learned from the training data by the NMF methods should
respect the structure of the dataset. A natural idea is that if two data x; and x; are close to each
other in the Euclidean space, they should have similar representation coefficients z; and z; based
on the learned non-negative basic vectors. This idea can be seen as a local invariance constraint
which plays an essential role in various kinds of algorithms including semi-supervised learning,
matrix completion and dimensionality reduction algorithms [106]. Experimental results present
that the proposed method is able to give a good sparse NMF and better reflect the structure of

the data.

The rest of this chapter is organized as follows. In Section 2, the classical graph construction
methods and nonparametric Bayesian model for NMF are introduced. Section 3 presents the
proposed approach for sparse NMF. In Section 4, a Gibbs sampler is designed to build a Markov
chain for sampling the joint posterior density of our model. Section 5 presents some factorization

results on different data sets. Finally, Section 6 gives the discussion and conclusion.

4.2 Bayesian Modeling

The problem of NMF can be interpreted in a Bayesian framework. The matrix X is assumed to

be generated by the following model:

X = AB +e, 4.2)
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where X € RM*XN A ¢ RMxk B ¢ REXN and e is i.i.d white Gaussian noise. All elements

in A and B are either positive or zero. The Gaussian likelihood for NMF is given by:

M N
p(X = AB) = [[ [[N(Xi;]4:B,,0%), (4.3)

i=1j=1
where N (x|u, 02) is Gaussian distribution, and y is the mean and o2 is the noise variance.

We can introduce nonnegative priors such as exponential priors for A and B as shown in
[104, 105]. However, these methods do not consider the sparse constraints for learning parts
in data X. In the following sections, we will introduce a Bayesian nonparametric prior for the

sparse NMF problem.

4.2.1 Background of Graph Construction

Graph-based algorithms have been well applied in image analysis and machine learning areas,
such as data clustering, subspace learning, semi-supervised learning and so on. A good graph is
able to reveal the true intrinsic complexity or dimensionality of the data points, and also capture
certain global structures of the data as a whole (i.e. multiple clusters, subspaces, or manifolds)

[107, 108].

Usually, graph construction consists two steps: adjacent construction and weight calculation.
For the graph construction, there are two popular ways. One is the K-nearest-neighbor (Knn)
method, and the other one is the e-ball based method [108]. We select the Knn method in
our experiment as it is easier to control the number of neighbors and the graph constructed is

symmetric.

For graph weight calculation, there exist several frequently used approaches: Heat Kernel, In-
verse Euclidean Distance, Local Linear Reconstruction and so on. These approaches compute
the weights for the constructed neighbors by measuring the similarity distance between the ad-
jacent data. The different similarity measures are suitable for different situations. While for

image data, the heat kernel presented below is a popular choice [106].
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Nl —=;11
e o if z; and x; are neighbors,
Wi = (4.4)

0 otherwise,

where o is the heat kernel parameter.

Since the weights in our model are only for measuring the closeness, we do not treat the different

weighting schemes separately. After the above two steps, we can get a symmetric graph G.

4.2.2 NMF with Beta-Bernoulli Process Prior

Beta process is a nonparametric Bayesian distribution that defines a prior over binary matrices
with an infinite number of columns. The two-parameter BP developed in [14] is presented as
BP(ag,bg, H) with parameter ay > 0 and by > 0, and base measure Hy. A draw H ~

BP(ag, by, Hy) can be presented as

K
H(B) =) 746p,(B)
k=1

4.5)
7 ~Beta(ag/K,by(K — 1)/ K)

By ~H

with a valid measure as K — oo. The expression dp, (B) equals one if B = Bj,. Therefore,
H (B) represents a vector of K probabilities, with each associated with a respective atom By.
In the limit K — oo, H(B) corresponds to an infinite-dimensional vector of probabilities, and
each probability has an associated atom B}, drawn i.i.d. from H. The choice of ag and by is able
to impose sparse constrain to matrix B. In the case where by = 1, the marginalized beta process
is equivalent to the Indian buffet process [57]. Usually, directly sampling H from the infinite
beta process is difficult, but a marginalized approach IBP is often used for sampling from Beta

process [14].
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Originally, Beta process is defined as a prior over binary matrices with an infinite number of
columns. Assuming the infinite number of columns of BP is K, K — co. A finite approxima-
tion to the Beta process H can be made by simply setting K to a large, but finite number. This

derives a Beta-Bernoulli process (BeP) approximation for the Beta process as [5, 109]:

K
Zi ~ H Bernoulli(7y,)
k=1 (4.6)

7 ~Beta(ag/K,by(K — 1)/ K),
where 7y, is the kth component of 7, and ag and bg are model parameters.

In our NMF model, through the choice of ag and by we can impose our prior belief about the
sparseness of the NMF factors. Specifically, by marginalizing out the vector 7y, ..., 7k, it can be
shown that the value of {2 },—1 x equal to one is distributed as Binomial(X, ag/(ag + bo(K —

1))), and the expected number of ones is agK/[ag + bo (K — 1)] [24].

4.3 Hierarchical Model

Depending on the nonnegative property of BeP and exponential distribution, we can derive a
simple nonparametric Bayesian NMF model for X = AB + e by giving an exponential prior
to matrix A and BeP prior to B or conversely, due to the symmetry of matrix A and B. Here,
X € RM*XN A € RM*k and B € R**N. When applying the BeP prior to B, B will be a
binary matrix. However, this is highly restricted for the factors of the NMF problem. To address
this, we draw weights from another exponential distribution w ~ []| k.j e(wg, ;5 o), where S is
a hyperparameter of the exponential distribution. The coefficient vectors are now b; = z; ® wj,
and x; = Abj+e;, where ® represents Hadamard (elements-wise) multiplication of two vectors.

The hierarchical form of the model can be expressed as follows:
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x; =Ab; + ¢;
b; =z; © w;
K
Zi ~ H Bernoulli(7y,)
k=1

Tk ~Beta(a0/K, bo(K — 1)/K)

4.7
A~ H 5(Ai,k:§ o)
ik

wi ~ [ [ e(wi s Bo)
k

€; NN(O, 0'2)

02 Ng_l(ﬁa 0)7

where e(z;\) = Xexp(—Az)u(z) is the exponential density, and G~! is a non-informative

inverse gamma prior for the noise variance.

The joint distribution of the model can be expressed as
p(X7 A7 W, Z? T, 02) - HN(X%], (A(Z © W))ZJ? 02)
1]

H e(A; j; ap) H e(wi ;35 Bo)
,J

i,J

H Beta(ﬂj; agp, bo) (4.8)
J

N K
H H Bernoulli(z; mk)

i=1k=1

G Ho%k,0)

In this chapter, we assume the sparse representation satisfies a local constraint by a graph.
Specifically, when inferring the sparse coefficient of the kth sample Z;, we refer the coeffi-
cients of the neighborhood samples on the graph. It is very likely that the kth sample will have

the similar coefficient with the coefficients of the graph neighbors.

Let the nth binary sparse coefficient of the sample x; be Z,,, which is a K dimensional vector.

K is the rank of the dictionary. We introduce a graph to define the neighbor of Z,,. The neighbor
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of Z,, is defined as:
N[Zn| ={Zyy : Gin >0, }, (4.9)

where G ,, is the graph weight between data x; and x,,. Then, the model for z; and 7, regular-

ized by the graph is then modified as

K
Z; NHBernouli(m,n), i=1,...,. K
i=1

_ (4.10)
Beta(ay, B ), if mean(N[Z,]) > ¢)

Tkn ™~

Beta(ay, Or),if mean(N[Z,]) < e),

where € is a small positive real number.

The constraint in Eq.4.10 means that the sample x,, will have a high probability of non-zero
coefficients if its neighbor’s coefficients are non-zeros as we expected. Inversely, it will have a

high probability of zero coefficients. Here, we let oy, /(ar, + 1) ~ 0, and agr /(o + Br) =~ 1.

In the next section, we will proceed for the posterior by deriving a Markov chain Monte Carlo

(MCMC) sampling method.

4.4 Gibbs Sampling Inference

Posterior inference is the central computational focus for analyzing data X in our nonparametric
Bayesian NMF model. In this section, we will use Gibbs sampling to compute the posterior

distributions.
The whole inference process is summarized in Algorithm 2.

For the model with a graph constraint, the sampling of Z,,,, and 7, for m = 1,...., M,n =

1, ..., N can be modified as

Beta(ag + Zimn, B + 1 — Zpy), if mean(N[z,]) > €),

Beta(ar, + Zmn, Br. + 1 — Zimny), if mean(N[z,]) < ¢).
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Algorithm 2 Proposed Nonparametric Bayesian non-negative matrix factorization Inference.

Input:
o Input: Matrix X.

Graph construction: G.
Initialize: Matrices and parameters: A, Z, W, K, 02, ag, by, o, Po, K, 0 .

for MCMC iteration times do

Sample A:
p(Azk|*) OCN(xyﬂAlkvaAfk)E(x7A)’ “4.11)
where, jia . — Z,-(xu—zk;kB ?%k/Bwa’and o, = ﬁ
j j J ©J
Sample Z:
Zis ~ Bernoulli(—22—), 4.12)
Po + D1

where p; = Wkexp(—%l/(Wiiagak — 2Wika£)fi_k), )E_k =y, — A(z; ©w;) + a(Zir, © W) and
po=1—m.

Sample 7:
N N
ag bo(K — 1)
wkaeta(?+;Zik,T+N—;(Zi ). (4.13)
Sample WW:
p(ij|7) “N(I;MBkjvngj)E(%ﬂo)a 4.14)
where S (XS Ao B ) ,
HBr; = — gji\f;k ==, and Uszj - EjBij'
Sample o2:
p(0*|X, A, B) o< G (0% Rz, 052), (4.15)
where kg2 = 52+ k, 0,2 =53, (X~ AB)?, +0.
end
Output:

e Nonnegative factors A, B, where B; = z; © wj.
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To reduce the model complexity and increase robustness, in our experiments, the priors for A

and B are chosen to be ag = 1075 and By = 10~° to match the amplitude of the data.

More details of the inference are attached in the Appendix B.

4.5 Experimental Results

To illustrate the performance of the proposed method, we presents some experimental factoriza-
tion results on two data sets suggested in [96, 110]: ORL face image database [90] and Digit
image database MNIST. We compute the residuals and sparseness measures of different meth-

ods.

The residual is computed as [96]:

X — ABJ|¢/|X] £ 4.17)

The sparseness is computed by [95]

VE = (|Ix[1)/IIxll2
VE-1

sparseness(x) = (4.18)

where k is the dimensionality of x.

4.5.1 A Simple Image Example

Figure 4.1 illustrates the generated Markov chain of the proposed NMF method for a face image
factorization from the ORL dataset. Figure 4.2 shows the original image and the reconstructed
image. The hyper-parameters ag, by, og and f3y are typically set to be 1076, We initialize
K = 25 and run 200 iterations of the MCMC. The chain starts to settle after about 20 iterations.
From Fig. 1, we can see that the average sparseness of the vectors in the factor matrix B is

Sparseness =0.4490. The residual of the reconstruction image is Residual =0.0460.
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FIGURE 4.1: Generated Markov chains from Algorithm 2. Top: log posterior probability of
X; Middle: the residual computed by Equation 4.17; Bottom: average sparseness of factor B.
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FIGURE 4.2: A facial image NMF by Algorithm 2. (a) original image, and (b) reconstructed
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()

FIGURE 4.3: NMF on the ORL face image dataset. (a) ORL face image dataset; Factors
computed by (b) Lee’s method, (c) Lin’s method, (d) Schmidt’s method, (e) Hoyer’s method,
and (f) proposed method.

(e)

®

| Method

‘ Lee’s ‘ Lin’s ‘ Schmidt’s ‘ Hoyer’s ‘ Ours ‘

Sparseness
Residual

0.264
0.183

0.339
0.160

0.338
0.165

0.342
0.160

0.430
0.100

TABLE 4.1: Results based on the ORL face database.

4.5.2 Face Dataset Example

Figure 4.3 presents the factors computed on facial ORL dataset. The images collected from

ORL dataset are human faces of 40 people with different poses. Each image is represented as

a vector of pixel gray values. Without loss of generality, the rank of the factors is set to be

K = 16. We compare the results with those based on Lee’s (multiplicative update) method

[111], Lin’s (projected gradient) method [100], Schmidt’s (Bayesian) method [104] and Hoyer’s

(sparse constrained) method [95]. We plot the factor vectors in the form of gray-scale image

with the same size of the input images in Figure 4.3. The sparseness and residual results are

presented in Table 4.1. Our method achieves higher sparseness with lower residual on the dataset

compared with the other methods.
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FIGURE 4.4: NMF on MNIST image dataset. (a) MNIST image dataset; Factors computed by
(b) Lin’s method, (c) Schmidt’s method (d), Hoyer’s method, and (e) proposed method.

‘ Method ‘ Lin’s ‘ Schmidt’s ‘ Hoyer’s ‘ Ours ‘
Sparseness | 0.727 0.726 0.753 | 0.765
Residual 0.430 0.464 0.428 | 0.430

TABLE 4.2: Results based on the MNIST digit image database.

4.5.3 Digit Dataset Example

The MNIST dataset is a dataset of handwritten digits, comprising 60 000 training examples and
10 000 test examples, which is available at http://yann.lecun.com/exdb/mnist/

index.html.

We randomly select 400 images in our experiment. Without loss of generality, the rank of the
factors is set to be K = 16. The digit images in the MNIST dataset are sparse themselves. Lee’s
(multiplicative update) method can hardly give proper representations of the factors. Figure
4.4 shows the factors computed by the other methods. Table 4.2 presents the sparseness and
residual results. From Figure 4.4, we can see that, the Bayesian nonparametric prior sparse

constrain gives competitive parts presentation.


http://yann.lecun.com/exdb/mnist/index.html
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4.5.4 Performance Analysis

Compared with other NMF algorithms, the proposed method can give a good sparse NMF for
the given data due to the following reasons. Firstly, BeP as an implementation of Beta process
is a flexible nonparametric prior with a sparse property. As we can see, the factor Z is a binary
matrix. As the expectation m ~ (g, fo) is E[mx] = ao/(cv + Bo), we can easily impose the

sparseness constraint on Z by let ag/(ag + So) ~ 0, as it is probable that 7 is close to zero.

Secondly, the graph regularization give us a local constraint that similar data should have similar
sparse coefficients. This constraint is natural for most image databases. In this way, it is able to
better reflect the data structures as being presented in the experimental results as lower residuals

on the same matrix factors rank.

4.6 Discussion and Conclusion

In this chapter, a Bayesian nonparametric framework for NMF problem has been proposed.
Sparseness study is an important topic for NMF. We have utilised the BeP property, in such a
way to learn the factorized matrix, as well as giving the matrix a sparseness treatment. In order
to maintain their positivity, exponential distribution was chosen in this work, primarily due
to its exclusive support in the positive domain, as well as its conjugacy property with Gaussian
likelihood. We have given a graph regularization in our model that constrains the similar training
samples having similar sparse coefficients and share similar dictionary atoms. In this way, the

structure of data can be better represented.

An efficient Gibbs sampler has been developed to infer all the parameters (and latent variables)
of the NMF factors. Our work has achieved its superiority which has been demonstrated in
the experimental results. In our future work, we will experiment other positive-defined and
conjugate prior, when non-Gaussian likelihood is present in an application, for example, the

Inverse-Gamma-Weibull pair.

Like any nonparametric Bayesian method, their limitations are often associated with the speed
of inference through the use of Gibbs sampling. Our future work is to focus on developing a

parallel sampling strategy by introducing auxiliary variables.
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A Graph-regularized Nonparametric

Bayesian method for Face Recognition

5.1 Introduction

Face recognition (FR) is one of the most important and challenging research topics in com-
puter vision, machine learning and biometrics. One popular method for this problem is sparse

representation-based classification (SRC) or sparse coding recognition (SCR).

Sparse representation methods have been well applied in computer vision and machine learning
areas, such as feature representation and selection, dictionary learning, data clustering, semi-
supervised learning, subspace learning and so on. Specially, it is well applied in the problem
of face recognition [112-115]. It can be seen as a further generalization of nearest neighbor
(NN) or nearest subspace (NS) methods which are based on the best representation of the test
image by the training samples [116-118]. The problem solved by the sparse representation is to
search for the most compact representation of a signal in terms of linear combination of atoms
in an overcomplete dictionary [119]. Let A be a matrix of training sample vectors, ¥ is a testing

sample vector. The basic idea of SR based classification can be described as [115]:

1. Normalize the columns of A to have unit {5-norm;

74
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2. Solve the /;-minimization problem

A1 = argmin |||y sit.lAa —yll2 < ¢ (5.1
e

3. Compute the residuals;

4. Classification by finding the minimum of residuals.

The sparse representation based classification method can somewhat overcome the challenging
issues from illumination changes, random pixel corruption, large block occlusion or disguise,
and so on [120]. More and more researchers have been applying the sparse representation theory

to the fields of computer vision and pattern recognition, especially in image classification.

Wright et al. proposed the classical method for employing sparse representation to perform
robust face recognition [115]. In their work, the training face images were used as a dictionary
of representative samples, and an input testing image was coded as a sparse linear combination of
these sample images via /1-norm minimization. Many revised SRC methods have been proposed

to improve the performance.

For the FR problem, usually, it is necessary to reduce the face image dimension for improving
robustness. Different methods like PCA, Randomfaces, Fisherfaces are employed in SRC based
FR for this purpose [116, 121]. Zhang et al. proposed a dimensionality reduction of images
under the framework of SRC [116]. A well trained discriminative projection matrix was learned
to reduce the dimension of original images. It got better performance on some databases than
the original SRC. Similar work proposed in [122] employed a random matrix to exploit the
presumed sparsity in the FR problem. Specifically, generated a random matrix & € RX™

where d < m and identified the vector o which minimises the following /; problem:

&1 = argmin ||af);  s.t.|®x — PAall, <e. (5.2)
a€eRX

Ma et al. proposed a discriminative low-rank dictionary learning algorithm for sparse represen-
tation [123]. They assumed the data from the same pattern were linearly correlated, and the dic-

tionary should be approximately low-rank. An objective function with sparse coefficients, class
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discrimination and rank minimization was proposed and optimized during dictionary learning.

Shortcomings

In the SRC based image classification work, it is widely believed that the sparsity constraint
on coding coefficients plays a key role in its success. However, the sparsity assumption which
underpins much of this work is not always supported by the training data [124, 125]. The lack
of sparsity in the data means that compressive sensing approach cannot be guaranteed to recover
the exact signal, and therefore that sparse approximations may not deliver the robustness or

performance desired.

An important fact in FR is that all the face images are somewhat similar, while some subjects
may have very similar face images. However, most present SCR based FR methods find the
sparsest representation of each sample individually, lacking global or local constraints. For
example, if we directly use training data, X;, to present the testing sample y, the representation
error can be big, even when y is from class ¢. This drawback can greatly reduce the performance
when the data is grossly corrupted. Consequently, the classification will be unstable if the error

e; or the sparsity ||c;||, is used, or both of them are used for experiments.

To solve this problem, some researchers consider other constraints to exploit the presumed spar-
sity of the FR problem. Authors in [124—126] relaxed the /; minimization by lo which collabo-
ratively represented the query sample to improve the performance [124]. Wang et al. proposed
a manifold regularized local sparse representation model for FR problem [127]. The key idea
behind this method is that all coding vectors in sparse representation should be group sparse,
which means holding the two properties of both individual sparsity and local similarity. As a

consequence, the face recognition rate can be considerably improved.

5.2 Proposed Method

Motivated by the progress of Bayesian nonparametric model and graph using in computer vision
and machine learning applications [106—108, 128], in this chapter, we propose a novel algorithm,

called graph-regularized nonparametric Bayesian method for FR. We assume that the similar
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training samples in the graph should have similar sparse coefficients and they share the similar
dictionary atoms. In this way, our method minimizes the reconstructed error and improves
the discriminative ability of the training samples for the sparse representation. It brings more
accurate representations of the test samples, especially, corrupted samples like occlusion or
disguise. The experimental results on several benchmark face image databases manifest the

effectiveness and robustness of our proposed method.

5.2.1 Graph Construction

We assume that the sparse representation of the training data satisfies a local constraint by a
graph. Specifically, when inferring the sparse coefficient of the kth sample x;, we refer to the
coefficients of the neighborhood samples on the graph. It is very likely that the kth sample will

have the similar coefficient to the coefficients of the graph neighbors.

The edge between x; and x; is decided by the K-nearest-neighbor (Knn) method. The similar-
ity between two data can be decided by different measures. The different similarity measures
are suitable for different situations. While for image data, the heat kernel is a popular choice
[106]. Since W;; in our model is only for measuring the closeness, we do not treat the different
weighting schemes separately. The graph weight between x; and x; is then computed by heat

kernel shown in Eq. 4.4.

We use the Euclidean distance to estimate the dissimilarity distance between the data vectors.
For example, the distance between data x; and x; is defined as: d;; = ||x; — X;l|2. Then, we get
a symmetric graph G(V, E). In order to improve the robustness for noise, we use PCA features

when measuring the dissimilarity.

5.2.2 Bayesian Nonparametric Model

Given observed training data set X = [x, ..., xy] € RM*¥ /in the training stage, our objective
is to learn the sparse representation by a dictionary and the corresponding sparse coefficients.

The Bayesian nonparametric model is

X=D(ZOW)+e. (5.3)
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In Eq. 5.3, eis anoise term drawn independently and identically from a Gaussian distribution, ®
denotes the Hadamard product, each column x; in X is a vector expanded by a training image,
D ¢ RM*K ig the dictionary, Z € R¥*¥ is sparse coefficients and W € RE*V is weight
matrix, where the integer K defines the rank of the dictionary and the sparse coefficient matrix.
This model has been well used in image completion and image denoising [14, 16]. It suggests
that each column of X can be viewed as a weighted sum of the dictionary elements (columns)
in D, and the K can be seen as the size of the dictionary. The weights globally determine all the
dictionary elements that are active to the training data, and also determine the importance of the
selected dictionary elements for representation of column of X. Below, we explain the model in

detail.

The columns of basic vectors di, k = 1, ..., K are assumed to be drawn from a normal distribu-

tion:
1
d; ~ N(0, MIM)’k: 1,2,.., K, 5.4

where, I, denotes an M x M identity matrix. To reduce the model complexity and increase

robustness, we let all the data in D share the same precision parameter.

Matrix Z is a binary matrix given by a Beta-bernoulli process prior, which is modeled as:

K
z; ~ | [ Bernoulli(my), (5.5)
k=1

where 7, is the kth component of 7. Given parameters m = {m,, },=12, . n, the entries in the

binary matrix Z are assumed to be drawn independently. 7y, is given a Beta distribution prior as,
7 ~ Beta(ag/K,bo(K — 1)/ K), (5.6)

where hyperparameters ag > 0 and 5y > 0. The sparseness of matrix Z can be controlled by
ap and [y. As the expectation 7 is E[m] = oo /(v + Bo(K — 1)), to impose the sparseness on

Z, we may let ap /(o + So(K — 1)) ~ 0. Therefore, it is probable that 7 is close to zero.

Here, we assume that the sparse representation satisfies a local constraint by a graph. Specifical-

ly, when inferring the sparse coefficient of the kth sample z;,, we refer to the coefficients of the
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neighborhood samples on the graph. It is very likely that the kth sample will have the similar

coefficient to the coefficients of the graph neighbors.

We introduce the graph to define the neighbor of Z,,. The neighbor of Z,, is defined as N[Z,,| =
{Z1iy + Gin > 0}, which is similar to the previous chapter. Here, G, is the graph weight

between data x; and x,,. Then, the model of z; and 7 regularized by the graph is then modified:

K
Z; ~ H Bernouli(7;y,), k=1,...,.K
k=1

. 6.7
Beta(ay, fr), if Z > €

Tkn ™

Beta(aL,BL), if Z, <e,

where, Z;, = mean(N[Zy]), and € is a small positive real number. We let ar, /(o + 8r) = 0,

and o /(g + Br) = 1,

The graph constrains that the sample image x,, will have a high probability of non-zero coef-
ficients if its neighbor image sample coefficients are non-zeros. Inversely, it will have a high
probability of zero sparse coefficients. This constraint means that similar face images share
atoms in the dictionary by similar coefficients. And different face images own different atoms

which will be beneficial to the classification of testing samples.

The columns of coefficients w,,,, m = 1, ..., M are assumed to be drawn from a normal-gamma

distribution.

1
Wi~ N(O, T)n=1,..,N (5.8)
v ~ Gamma(cy, dp), (5.9

where, Iy denotes an M x M identity matrix. We let all the data in X share the same precision
parameter v, to reduce model complexity and increase robustness. Typically, we set ¢ = dy =

1076,

Finally, for the noise item, we assume the measurement i.i.d noise is drawn from a Gaussian
distribution with variance hyperparameter v from a Gamma distribution. The noise variance or

precision is assumed unknown, and is learned within the model inference.
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In our applications, each column of X corresponds to an image, and each image may have its

own noise level. Mathematically, the noise is modeled as

emni;‘i\."d-/v-(ov’}/)v m:1727'°'7M’ n:]_,2,...,N,
(5.10)

e Gamma(607 f0)7

where, e, denotes the entry at row n and column m of e, ey and fj are hyper-parameters.

Typically, we set hyperparameters ey = fo = 107°.

In the next section, we will proceed for the posterior by deriving a Markov chain Monte Carlo

(MCMC) sampling method.

5.2.3 Gibbs Sampling Inference

In this section, we will use Gibbs sampling to compute the posterior distribution of different

parameters.

Sample d;:

The columns of D = [dy,dg,...,dy/] are assumed drawn from a Gaussian distribution. Ac-

cording to the Bayesian formula, the posterior of dj, can be expressed as [109]:
N
p(dg|—) H/\/(yi; D(w; ® z;), v )N (dy; 0, P~ '1p). (5.11)

i=1

As the conjugation of Gaussian distributions, it can be shown that dy, is drawn from

p(di|=) ~ N (1, Xaqy) (5.12)

2

with the covariance X4, = (PI+v ZZJL ,z*?ktuik)_1 and the mean p1q, = v¥g, sz\il Zi Wi X "

where X; ¥ =y, — D(z; © w;) + di(zir, © wik).

Sample zy:

2
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Let zyx. = [z1k, 22k, ---, 2Nk, the posterior of zy.
p(zik| =) o< N(yi; D(w; © ;), v~ 'T)Bernoulli( z;; 7). (5.13)
The posterior probability that z;; = 1 is proportional to
= mexp(—%u(w?kd%fdk — 2widi)%; ") (5.14)
and the posterior probability that z;; = 0 is proportional to
po=1— 7. (5.15)

Therefore, z;;. can be drawn from a bernoulli distribution as

2 ~ Bernoulli(—2X ). (5.16)
Po +p1
Sample 7:
N
k| — o< Beta(m; ag, bo) H Bernoulli(zg;; 7). (5.17)
i=1
It can be shown that 7;, can be drawn from a Beta distribution as
N N
ap bo(K — 1)
Th NBeta(? —I—Z;zki,K —|—N—Zl(zki)). (5.18)
1= 1=

For the model with a graph constraint, the sampling of Z,,,, and 7, form = 1,.... M,n =

1,..., N can be modified as follows:

Beta(am + zik, B + 1 — zik), if 2 > €
Tl ~ (5.19)

Beta(ay, + zik, B + 1 — zii), if Z <e.

Here, we let oy, /(ar, + 51) = 0, ag/(ag + Br) =~ 1, and Z;, and € are defined as Eq. 5.7.
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The Eq. 5.19 constrains the sample k has high probability of non-zero coefficients, if its neigh-
bors coefficients are non-zeros. Inversely, it will have low probability of non-zero coefficients.
In this way, the samples in the same training class will contain similar sparse coefficients which

is we expected.

Sample wy:

Wi ~ N(O, V_llN)

(5.20)
p(wik‘_) ~ N(M“’ik’ Ewik)?
where $,,, = (v +v22d} dy) ! and gy, = vzied % F.
Sample v:
N
p(v|—) o Gamma(v; co, do) [NV (w3; 0, v L) (5.21)
i=1
It can be shown that v can be drawn from a Gamma distribution as
1 1
p(v|=) ~ Gamma(c + ; KN, do + 5 > wiwg). (5.22)
i=1
Sample ~:
N
p(y|=) ~ Gamma(y; eo, fo) [ [NV (xi; D(z: © wi), v~ '1p). (5.23)
i=1
It can be shown that v can be drawn from a Gamma distribution as:
1 1SN o
p(1]=) ~ Gamma(eo + NI, fo+ 5 31X (), (524)

=1

where x; 7F = vi — D(z; ©w;) + di(2ik) © wig.

The whole inference process is summarized in Algorithm 3.
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Algorithm 3 Inference of the proposed method
Input:

e Training dataset X1, ..., X .

Constructing graph: G(V, E) by Knn and Eq. 4 4.
Initialize Hyperparameters: ag, by, co, do, €0, fo-
Repeat: In each sample iteration,

1. Sample D by Eq. 5.12;

2. Sample Z by Eq. 5.16;

3. Sample 7 by Eq. 5.19;

4. Sample W by Eq. 5.20;

5. Sample v by Eq. 5.22;

6. Sample v by Eq. 5.24.
Output:

e Matrices D, B, where D; = z; ® wj.

The testing stage is summarized in Algorithm 4.

Algorithm 4 Testing stage of the proposed method

Input: Testing images y = {y1,¥y2,..-}
Process:

e Compute the projection matrix by Eq. 5.25.

Repeat: for each testing image sample y;
e Solve the /;-minimization problem of Eq. 5.26;
e Compute the residuals by Eq. 5.27;
e Find the recognition label by the minimum of residuals.
Output:

e Recognition error.

So far, we have learned the dictionary D and sparse coefficients B = Z @ W from the training
samples by the graph-regularized nonparametric Bayesian method. In the testing stage, firstly,

we calculate the projection matrix P by

P = (DTD + \p)DT (5.25)
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where )\ is a fixed regular parameter, and Ip is a unit matrix. Typically, we set A = 0.001
in our experiments. For each testing sample y;, we solve the /;-minimization problem as the

traditional SCR algorithm by:
& =argmin ||af|; st ||PAa —yill2 <e. (5.26)
(e
The minimum residual error label can be found by

arg min [ly; — (PA);a/[2. (5.27)
j

Finally, the label j is the recognized label.

5.3 Experimental Results

To illustrate the performance of the proposed method, we evaluate our algorithm on different

popular databases including ORL face database [90] and AR face database [129].

We compare the proposed method with its competing methods, including a simple and fast
representation-based face recognition (SFR) (which has better performance than nearest neigh-
bor (NN) method)[128], sparse representation coding (SRC) [115], collaborative representation
based classification (CRC) and robust collaborative representation based classification (RCRC)

[124, 126].

5.3.1 ORL Face Database

The images collected from ORL database are human faces of 40 people with different poses.
Each image is resized to 86 x 84 and represented as a vector of pixel gray values. We randomly
select n(n = 1,2, ...,6) images in each class for training. The rest images are used for testing.

For fair comparison, we compute the average classification error rate for every method.

Fig. 5.1 shows an example of the constructed graph in our method. It can be seen that the heat

kernel graph construction can well reflect the local relationship between the training samples.
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(@ (b)

FIGURE 5.1: Graph constructed by the training samples. (a) The true graph constructed by the
training labels, and (b) the graph constructed by the heat kernel. Five samples in each class are
used here for graph construction in this example.

Specifically, the samples with the same label are more likely to own nonzero graph weights for

the links between each other.

Fig. 5.2 shows the results of different methods with different training samples in each class
from 1 to 6. We can see that the method CRC and our proposed method give better results when
the training sample number is small in each class. However, when the training sample number
increases, the performance of CRC is not as good as the proposed method. This is because that
the graph-regularized method can obtain more similar sparse coefficients and share more the
similar dictionary atoms when the training samples are increasing, which is beneficial to the

recognition results.

From the experiments, we can also see that more training samples in each class usually result in

lower error classification rates.

5.3.2 ORL Face Database with Occlusion

One important advantage of sparse representation (or coding) based FR methods is their ability
to deal with occlusion. In this experiment, we simulate various levels of contiguous occlusion
from 5% to 30%, by replacing a random located square block of each test image with an unrelat-
ed image as shown in Fig. 5.3. The location of occlusion is randomly chosen from each image.
The block occlusion of a certain size is located on the random position which is unknown to the

FR algorithm. This makes the methods that select fixed facial features or blocks of the image
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Recognition results on ORL dataset
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FIGURE 5.2: Recognition results on ORL database.

are less likely to succeed due to the unpredictable location of the occlusion [115]. One example
of testing samples with block occlusion is shown in Fig. 5.3. The occlusions presented here

have 20% blocks in size.

For the experiment with random occlusion, we analyze the relationship between the occlusion
ration and the performance of different methods. We use the same experiment setting as de-
scribed in the first experiment. The number of training samples in each class is fixed to 5. The
results of different methods for the ORL database with random occlusions are represented in
Fig. 5.4. As sparse representation methods have the property to deal with the occlusions, it is
not hard to understand that SRC method, CRC method, RCRC method and the proposed method
have better results than SFR method. The graph regularized nonparametric Bayesian model im-
proves the robustness of SRC to the noise, therefore, the proposed method again outperforms

the other methods.

5.3.3 AR Face Database

Original AR face database contains over 4,000 color images corresponding to 126 people’s faces
(70 men and 56 women). Images feature frontal view faces with different facial expressions,

illumination conditions, and occlusions.
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FIGURE 5.3: ORL face images with random occlusions.
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FIGURE 5.4: Recognition results on ORL database with occlusion.

As suggested in [126], we use a subset (with only illumination and expression changes) that
contains 50 male subjects and 50 female subjects chosen from the AR dataset in our experiments
for training. The images are cropped to 60 x 43. The other subset is for testing. We also vary
the number of training samples of each class from 2 to 6 to study the performance of different
methods with different number of training samples in every class. We estimate the recognition
errors by different methods, including SFR, SRC, CRC, and RCRC. As shown in Fig. 5.5,
generally speaking, the proposed method and CRC method achieve similar results which are

better than others.
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Recognition results on AR dataset
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FIGURE 5.5: Recognition results on AR database.

FIGURE 5.6: Example images in AR database.

5.3.4 AR Face Database with Real Disguise

To have a more comprehensive observation of these methods robustness to disguise, we experi-

ment on real disguise images. Fig. 5.6 presents some samples from AR database.

We use a disguise subset from the AR database for testing. The training set is same as the above
experiment. As shown in Fig. 5.7, the performance of our approach can be improved more
rapidly than other methods with the increasing number of training samples per individual. That

is because our method can capture similar sparse coefficients and share the similar dictionary



Chapter 4. A Graph-regularized Nonparametric Bayesian method for Face Recognition 89

Recognition results on AR dataset with disguise
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FIGURE 5.7: Recognition results on AR database with real disguise.

atoms. When each individual contains more images, the recognition error will be lower. Real
disguise recognition is a very challenging topic for FR problem. This can be reflected from the
performance in the experiment. Although the proposed method present better performance than

others, there still are some improvements for the future work.

5.4 Conclusion

Sparse representation-based classification (SRC) has caught attention of many researchers as
one of the most popular face recognition techniques. In this chapter, we presented a graph-
regularized Bayesian nonparametric method based SRC for face recognition problem. We have
utilised a nearest neighbor graph and Beta-Bernoulli process to get an appropriate dictionary
with sparse coefficients for image recognition. The dictionary regularized by a graph has the
property that the similar training samples have similar sparse coefficients and similar dictionary
atoms. In this way, the testing samples are able to get more accurate representations from
the training dictionary and better performance for FR, especially, when the testing samples are

occluded or disguised.

We have applied the algorithm to different face image databases to demonstrate the effectiveness

of our method. The experimental results have confirmed that our proposed method is robust and
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effective. It has achieved a promising face recognition performance compared with the existing

SCR based algorithms.



Chapter 6

Conclusions and Future work

6.1 Conclusions

In this thesis, we have presented our research work on Bayesian nonparametric models and re-
lated applications. Specifically, after an introduction of Bayesian nonparametric methods and
some well developed applications in Chapter 1, preliminaries of Bayesian nonparametric statis-
tics and advanced inference methods have been described in Chapter 2. In Chapter 3, 4 and
5, different Bayesian nonparametric models have been applied to three computer vision and
machine learning problems: Face Hallucination, Sparse Nonnegative Matrix Factorization and

Face Recognition.

In Chapter 2, basic notions on completely random measures and Lévy processes have been
represented, which are preliminaries of Bayesian nonparametric methods. Also, two remarkable
families of Lévy processes: Gamma process and Beta process have been introduced. We have
discussed Lévy -Khintchine formula and Lévy-Itd decomposition of Lévy processes, as well as
their relationship with completely random measures. The last part of this chapter presented an
advanced Bayesian inference method Markov chain Monte Carlo (MCMC) and related sampling

algorithms.

In Chapter 3, a novel example-based face hallucination method based on nonparametric Bayesian
learning has been proposed. With the assumption that all human faces have similar local pixel

structures, in the proposed method, the low-resolution (LR) face image patches are clustered by

91



Chapter 6. Conclusions and Future work 92

using a nonparametric method, namely the distance dependent Chinese restaurant process (dd-
CRP). Then, the centers of the clusters can be calculated. The dictionaries are learned for each
subspace to map the LR patches to the HR patches. Therefore, the HR patches of the input LR
face image can be efficiently generated by using the learned mapping dictionaries. The ddCRP
gives a robust implementation of learning the clusters without setting the number of clusters in
advance. The spatial distance constraint is employed to assist in learning the cluster centers and
mapping dictionaries, such that each dictionary can better reflect the detailed information about
image patches. Experimental results have shown that our method is efficient and can achieve

competitive performance for face hallucination compared with the state-of-the-art methods.

In Chapter 4, a Bayesian nonparametric method for sparse nonnegative matrix factorization
(NMF) problem has been proposed. Sparseness study is an important topic for NMF. We have
utilised the Beta process property to learn the factorized matrices, as well as giving the matrices
a sparseness treatment. In order to maintain their positivity, exponential distributions are chosen
in this work, primarily due to their exclusive support in the positive domain and conjugacy
property with Gaussian likelihood. The graph in our model regularizes the similar training
samples to have similar sparse coefficients and share similar dictionary atoms, which will give
a better representation of the training data. An efficient Gibbs sampler has been developed to
infer all the parameters (and latent variables) of the NMF factors. Our work has achieved its

superiority which has been demonstrated in the experimental results.

In Chapter 5, a novel graph-regularized Nonparametric Bayesian method for sparse coding
recognition problem has been proposed. In order to get an appropriate dictionary with sparse
coefficients for image recognition, we used a graph regularized Beta process (BP) prior and
Gaussian distribution prior for the dictionary learning. BP is a nonparametric method which
lends itself naturally to model sparse binary matrices with an infinite number of columns. The
graph in our model regularizes training samples in a same class to have similar sparse coeffi-
cients and share similar dictionary atoms, which is beneficial to the reconstruction of the testing
image. An efficient Gibbs sampler has been derived to approximate the posterior density of the
proposed model. We demonstrated the effectiveness of our method on different image databases.

The experimental results show that our proposed method gives competitive results.
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6.2 Future Work

My long-term research goal is to develop novel statistical models and efficient computational
tools for solving machine learning and computer vision problems. My short-term objectives are
to advance the research in large-scale/high-dimensional problems by using Bayesian nonpara-
metric models, the applications on recently developed graph construction by random measures,

and hierarchical factor analysis for deep learning.

6.2.1 Advanced Inference on Large-Scale Data

The major problems for many MCMC algorithms are slow convergence and poor mixing '. For
example, the Gibbs sampler converges slowly for the sparse dictionary learning as discussed in
Chapter 3 and 4. The Gibbs sampler is a special case of the Metropolis-Hastings algorithm, has
become one of the most popular inference methods due to its intuitive explanation and simple
implementation. However, it is not necessarily the best choice in the general case, as discussed
in Chapter 2, there are a few conditions that must be fulfilled for the Gibbs sampler to work.
Firstly, it requires that the Markov chain induced by the sampler must be irreducible. If this does
not hold, the sample space contains non-communicating sets that the Gibbs sampler is unable to
reach, thus it will never be able to correctly estimate the required distribution. Secondly, even
if the chain is irreducible, the chain may be near-reducible and mixing so slowly that it requires

astronomical sample sizes to move around the sample space [130].

A promising approach to solve this problem is parallel MCMC, which firstly partitions the data
into multiple subsets and runs independent sampling algorithms on each subset. The subset
posterior draws are then aggregated via some combining rules to obtain the final approximation.
For example, Chang and Fisher proposed a parallel sampling of DP mixture models using sub-
cluster splits [131]; Wang et al. proposed an embarrassingly parallel MCMC algorithm which

applied random partition trees to combine the subset posterior draws [132].

Another popular strategy for improving the statistical efficiency of Gibbs sampling is Blocking.
Unlike Gibbs sampling which samples each variable individually given others, blocked Gibbs

sampling partitions the variables into disjoint groups or blocks and then jointly samples all

"Mixing means the stationary distribution reached from an arbitrary position.
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variables in each block given an assignment to all other variables not in the block [133]. Usually,
blocking sampling algorithm combines a particular clustering method, such as using the junction
tree propagation. This makes it possible to implement the general Gibbs sampler where the
components consist of many variables instead of a single one. Thus, many variables are updated

jointly, often resolving problems of reducibility and slow mixing [130].

Our development of Bayesian nonparametric models have been successfully applied in some
applications. However, it is still necessary to apply advance inference methods for the future

research, especially, on large scale data.

6.2.2 Graph on Random Measures

In this thesis, we have applied graph-regularization for sparse nonnegative matrix factorization
and sparse coding recognition problems. Recently, the graph have been represented as an ex-

changeable discrete structure and considered as a measure on R .

For example, Lloyd ef al. considered nonparametric models for graphs and arrays. The ran-
dom arrays that satisfying an exchangeability property can be represented in terms of a random
function according to the Kallenberg representation theorem [134]. They obtained a flexible
yet simple Bayesian nonparametric model by placing a Gaussian process prior on the parameter
function and demonstrated applications of the model to network data [135]. The related work
presented by Cai ef al. defined priors on exchangeable directed graphs, they demonstrated theirs

models on synthetic data [136].

Caron and Fox considered representing the graph as a measure on R. They defined the ex-
changeability in a continuous space based on the Kallenberg representation theorem and showed
that for certain choices of such exchangeable random measures underlying the graph construc-
tion their network process is sparse with power-law degree distribution. In particular, they built
on the framework of completely random measures and used the theory associated with such pro-
cesses to derive important network properties. Their method was able to recover graphs ranging
from dense to sparse and well applied in a range of real data sets, including Facebook social

circles, citation networks, world wide web networks and so on [137].
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As introduced above, the recent research of graph construction based on nonparametric Bayesian
statistics has been well applied for inferring the relationship models, such as the applications
on social circles, web network and so on. It is considered a powerful and flexible modeling
approach as providing a number of possible priors on random functions. As the graph-based
methods have been extensively used in computer vision and machine learning problems like data
clustering, subspace learning, semi-supervised learning and so on, we believe the research of
random graph construction will provide more state-of-the-art performances for other computer

vision and machine learning problems.

6.2.3 Hierarchical Factor Analysis for Deep Learning

In recent years, deep learning or multilayered models for representation of general data has
received significant attention. Methods that have been considered include convolutional Restrict
Boltzmann Machines (RBMs), deconvolutional networks, convolutional networks, deep belief
networks (DBNGs), hierarchies of sparse autoencoders, and so on. Deeper architectures have

been shown to achieve state-of-the-art results on many applications [138-140].

However, most of existing multi-layered models for sparse dictionary learning of training data
require one to specify a prior of the number of dictionary elements employed within each layer.
In many applications, the prior of the number of the dictionary elements is difficult to select,
or it is more desirable to infer the number of dictionary elements based on the data itself [140,
141]. The idea of learning an appropriate number and composition of features has motivated the
Bayesian nonparametric models, such as Indian buffet process (IBP), as well as Beta-Bernoulli
process. Adams et al. introduced a cascading Indian buffet process (CIBP), which provided a
nonparametric prior on the structure of a layered, directed belief network that was unbounded
in both depth and width [141]. However, the problem considered in [141] did not consider

multi-layer feature learning [140].

Mittelman el at. developed an extension for the restricted Boltzmann machine (RBM) by incor-
porating a Beta-Bernoulli process factor potential for hidden units. Unlike the standard RBM,
this model used the class labels to promote category-dependent sharing of learned features,

which tended to improve the generalization performance [142].
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Chen et al. demonstrated an idea of building an unsupervised deep model that may be cast in
terms of a hierarchy of factor-analysis models. The number of canonical dictionary elements or
factor loadings at each layer was inferred from the data by an IBP/Beta-Bernoulli construction

[140];

As presented above, more flexible and powerful deep multi-layered models combined with non-
parametric Bayesian models for deep learning have received attention. We name it Random
Deep Learning or Random Multi-layered Models. As a great success of deep learning has been
shown in computer vision, machine learning, artificial intelligence and other areas, we believe

random deep learning will present a further progress in this field.



Appendix A

Several Distributions Used in the

Thesis

A.1 Gamma Distribution

The Gamma distribution I'(cv, 5) has the probability density function:

aﬁ B—1_—ax
flx;a,8) = F(ﬁ)x e x € (0,400), (A.1)

where o, 8 > 0, and I'(-) is the Gamma function.

A.2 Dirichlet Distribution

The Dirichlet distribution Dir(z1, 22, ..., x; a1, @9, ..., ai ) has the probability density func-
tion:

IO Qay, K _
f(xla:va < TR O, (02, "'aaK) = M H':U(]zk 17 (A2)

where v, g, ..., > 0, 21,9, ..., £ > 0 lies in a K-dimensional simplex, and > 5, x, =

1.

97



Appendix A. Several Distributions Used in the Thesis 98

A.3 Beta Distribution

The Beta distribution Beta(a, 3) has the probability density function:

T(a+3)

—— el — )Pt .
rrE” T (A3

flz;a,B) =

where o, 5 > 0, and x > 0.

A.4 Bernoulli Distribution

The Bernoulli distribution for a random variable X has the probability density function:

P ifr=1
fl@)=q1—p ifz=0 (A4)

0 if 2 ¢ {0,1},

where p € (0,1), and z € {0, 1}.

A.5 Poisson Distribution

The Poisson distribution for a random variable X has the probability density function:

A=A

Kl

FX,A) = (AS)

where X = 0,1,2, ..., e is Euler’s number, and k! is the factorial of k.

A.6 Normal-inverse-Wishart Distribution

The Normal-inverse-Wishart distribution NIW (1, 3; 19, A\, ¥, v) has the probability density
function:

1
f(M72|V07)\7‘I’7V) :N(M|M07XE)W71(2|‘I’7V)7 (A6)



Appendix A. Several Distributions Used in the Thesis 99

where 1o € RP, XA > 0, ¥ € RP*P is a covariance matrix, and v > D — 1.

A.7 Matrix Normal Distribution

The Matrix normal distribution for a random matrix X (n X p) has the probability density func-

tion:
exp(—3tr[V (X - M)TU1(X — M)))

XM,U,V) =
f( ‘ s Uy ) (27T)np/2|v|n/2|U|p/2 5

(A7)

where tr denotes trace, Mlisn X p, Uisn x nand Vis p X p.



Appendix B

Bayesian Nonparametric Non-negative
Matrix Factorization Model and

Inference

B.1 Hierarchical Model

The hierarchical form of the model can be expressed as follows:

x; =Ab; +¢;

b; =z; © w;
K

Zi ~ H Bernoulli(7y)
k=1

Tk NBeta(ao/K, bo(K — 1)/K)

A NHE(Ai,k; o)
ik

(B.1)

Wi ~ H e(wj k5 Bo)
2

e; ~N(0,0%)

o’ Ngil (’ia 9)7
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where £(z; \) = Aexp(—Az)u(x) is the exponential density, and G~! is non-informative inverse

gamma prior for the noise variance.

The joint distribution of the model can be expressed as:
p(X, A w2, 02) = HN(X@]'; (A(Z © W))i,jv 0—2)
Z’Lj
[T (A5 00) [T (wi s Bo)
v v
H Beta(7y; ao, bo) (B.2)

J
N K

H H Bernoulli(z;; k)

=1 k=1

G~ (o%k,0)
B.2 Gibbs Sampling Inference

To sample p(A, W, Z, 7,0%|X), in each iteration of the MCMC, the main steps are shown as

follows.

A. Sample A;:

p(Alk‘X7 A\(z,k‘)a B7 UZ) X p(X’A7 B7 02)p(AZk)

o HN(Xz‘j; (AB);;, 02))
i (B.3)

e(Aig; ap)

N (z; A, , JA?k)€($; ap).

Based on the conjugation between Gaussian distributions, it is easy to get

) > (Xij = D, Aik Bivj) Br
Ay = ;
' > By

(B.4)
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102

0,2
> By

2
OAy =

B. Sample Zp. — [Zlku ng, vy ZNk] :

p(Zik|—) x N(yi; A(w; © z;), V_II)Bernoulli(Zik; T )-

Z;k s equal to either 1 or 0. When Z;;, = 1, the posterior probability is proportional to
1 ~_
p1 = Wkexp(—iu(ﬂfﬁfa;{ak —2Wial )% ),

where )’(Vi_k =y; — A(Zi O] WZ) +ag(Zix © Wzk)

The posterior probability that Z;;, = 0 is proportional to

po =1—mg.

So Z;;. can be drawn from a bernoulli distribution as

p1
po + D1

Z;1. ~ Bernoulli(

C. Sample 7y:

N
| — o< Beta(my; ag, bo) H Bernoulli(Z;; 7).

=1

(B.5)

(B.6)

(B.7)

(B.8)

(B.9)

(B.10)

Because of the conjugate between Beta and Bernoulli distributions, it can be shown that 73 can

be drawn from a Beta distribution as

a N bo(K — 1)
T ~ Beta(E +Y Za, — e tN- > (Za)).
=1

D. Sample W ;:

(B.11)
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Due to symmetry and a similar exponential distribution giving to W as A, when B=Z © W,

we have

(Bl X, A, Z, W, ), 07) < N (3 gy, 7z, )(; Bo)-

Notice Zy; is equal to either 1 or 0, therefore, when Z; = 0,

p(Wij| X, A, B\(1.j),0°) < &(Byj; Bo)-

And when Z; = 1,
p(Wij)| X, A, B\ (1), 0°) N(ﬂb‘;HBkj’UBg].)dl“; Bo)-

Finding the elements related to By, we have,

> i (Xij = 2 s, Ak Bij) Ak
KBy; = ZAQk )
i (3

2 o?

o N —
Bri > Bl%j

E. Sample o2:

The conditional density of o is

p(0?|X, A, B) < [ [N(Xij; (AB)ij, 0*)G " (0% 1, 0)

—ng(Q )—i><j/2( 2)*1'2”—1@—1
1/237, (X3 — (AB)ij)* + 6
exp(— ’ )

o2

chfl(O'Q; Kg2,042),

where k2 = % + k, and 0,2 = %E”(X - AB)%J' +9.

(B.12)

(B.13)

(B.14)

(B.15)

(B.16)

(B.17)
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