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ABSTRACT

A time-sequence consists of a set of time-stamps, each of which records the arrival
time of an event. Time-sequence data can generally be classified into two types. One is
from experiments that monitor subjects in a continuous fashion; and thereby the exact
timestamps of all occurrences of the events are fully observable. These data are usually
referred to as recurrent event data. On the other hand, we have the so-called panel
count data, in which only the numbers of occurrences of the events between subsequent
observation times. In real-world problems arising in areas such as social science, health
care and crime prevention, time-sequence modeling is extremely useful since it can help
us in predicting future events and understanding the reasons behind them.

A common approach to time-sequence modeling is to assume a time-sequence is gen-
erated by a temporal point process. Cox processes are widely used in the models of
temporal point processes. A Cox process is defined via a stochastic intensity function.
The stochastic process to generate the intensity function is usually chosen to be a Gaus-
sian process (GP) and the model using a GP is called a Gaussian-process-modulated
Poisson process (GP3) model. For the recurrent event data, GP3 models have been
studied extensively. Among all approaches which try to solve the inference problem, the
variational inference method provides a computationally efficient estimate of the intensity
function and does not require a careful discretization of the underlying space.

In order to retain the scalability and computation efficiency of the variational inference
approach and model the uncertainty of the intensity function when we only observe panel
count data, we present the first Bayesian inference framework for panel count data.
We assume that all time-sequences in the data set share the same intensity function,
which is generated by a GP3 model. The method of conducting computationally efficient
variational inference is presented. We derive a tractable lower bound to alleviate the
problem of the intractable evidence lower bound inherent in the variational inference
framework. Our model, the Gaussian-process-modulated Poisson process for panel count
data (GP4C), outperforms a non-Bayesian method in terms of the test likelihood and
achieves comparable results in computation time.

For multiple time-sequences, it is often cumbersome to assume all time-sequences
share the same intensity function since we may overlook the variety for different time-
sequences. A key idea to model the heterogeneity is to cluster the data into groups while
allowing the groups to remain linked to share the latent functions. Several models have
been proposed on the basis of this simple idea, e.g., the convolution process, nonnegative
matrix factorization (NMF), and latent Poisson process allocation (LPPA). These models
employ latent factors to share statistical strengths and combine these functions to model
the correlations within and among time-sequences. Among these models, LPPA is a
powerful approach because it uses latent functions obtained from a GP, which is a flexible
prior for a random function. However, a limitation of LPPA is that the number of latent
functions needs to be set beforehand. If the chosen number is much larger than the
actual number of latent functions required to explain the data, LPPA will still use all
the latent functions and over-fit on the training data set.

To automatically infer the number of basis functions for multiple time-sequences,
we present the Bayesian nonparametric Poisson process allocation (BaNPPA), a latent-
function model for time-sequences. We model the intensity of each sequence as an infinite
mixture of latent functions, each of which is obtained using a function drawn from a
GP. We show that a technical challenge for the inference of such mixture models is
the un-identifiability of the weights of the latent functions. We propose to cope with
the issue by regulating the volume of each latent function within a variational inference
algorithm. Our algorithm is computationally efficient and scales well to large data sets.
We demonstrate the usefulness of our proposed model through experiments on both
synthetic and real-world data sets.

In summary, we proposed two computationally efficient variational Bayesian inference
algorithms for time-sequence modeling. In the first algorithm GP4C, we quantified the
average arrival rate for multiple time-sequences and provided the additional uncertainty,
which helps illustrate the difficulty of the prediction. For the second algorithm BaNPPA,
we automatically inferred the number of basis functions to model the variety for multiple



time-sequences, which could provide insights into the understanding of social networks
and human activities.
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Chapter 1

Introduction

The Internet age has made it possible to collect a huge amount of temporal
data available in the form of time-sequences. Each time-sequence consists of
time-stamps which record the arrival times of events, e.g., postings of tweets on
Twitter or announcements of life events on Facebook. In real-world problems
arising in areas such as social science [32], health care [57] and crime prevention
[59], time-sequence modeling is extremely useful since it can help us in predicting
future events and understanding the reasons behind them. This thesis is devoted
to the application of the variational inference method, one branch of the Bayesian
inference methods in machine learning, on modeling the time-sequence data.

1.1 Machine Learning

Machine learning is a natural outgrowth in the intersection of computer science
and statistics, which seeks to answer the following questions [67]:

“How can we build computer systems that automatically improve with expe-
rience, and what are the fundamental laws that govern all learning processes?”

While statistics primarily discusses how to collect, store, analyze and present
the data mathematically [62] and computer science has mainly focused on how
to manually program computers, machine learning considers both what compu-
tational structures and algorithms can be utilized for computationally-efficient
statistical analysis and how to let the computers learn by themselves [67].

1.1.1 Machine Learning and Human Learning

When talking about machine learning, one may wonder what the difference be-
tween human learning and machine learning is and whether it is really necessary
to teach machines to learn.

There are two distinctive features about the human learning from machine
learning [64]. First of all, the human learning process is incredibly slow. Gener-
ally speaking, it takes a human being nearly thirty years to learn to become a
systematist (a specialist in taxonomy) from a baby in the cradle. On the other
hand, machine learning models can be trained much more efficiently provided
with sufficient resources. Recently, researchers from Sony have trained a popular
machine learning model (the ResNet-50 neural network model) on ImageNet, a
1,000-class image classification data set, in 224 seconds and achieved an accuracy
of 75.03% [65]. Secondly, the learning process of the human can not be copied.
Each human being has to struggle to learn by himself/herself and repeat the



same learning process from generation to generation. In contrast, once you have
a debugged machine learning program, it can be easily copied as many times as
you want and can be transplanted from one computer to another with almost no
effort.

Therefore, it is desirable to develop machine learning programs to avoid the
inefficiencies of human being. Needless to say, robots and advanced automation
aided by machine learning have eased the burden on human beings who are
required to work in tedious assembly lines or dangerous coal mines. Moreover,
the development of machine learning can potentially speed up the human learning
process. For example, machine learning techniques were utilized in designing
effective instructional systems which aim at providing personalized interactions
to an individual learner [37].

We should also notice that there is a rather unsettling open question on
whether machine will replace human beings completely in the future. Over the
past decades, we have witnessed the superiority of machines over human experts
in more and more domains. Taking the game as an example, machine learning
programs beat human champions in the game of chess in 1997 [14] and Go in
2016 [87]. For a thorough discussion about the influence of machine learning on
the employment rate, the readers are referred to Rifkin [79] and the references
thereafter.

1.1.2 Types of Machine Learning

Depending on the differences in the problem settings, common machine learning
algorithms can usually be classified into the three main categories: supervised
learning, unsupervised learning and reinforcement learning [70].

o Supervised learning: The goal is to learn a mapping from inputs to outputs
given a data set containing input and output pairs. The training data set
is usually presented in the following form:

{(@1,91),-- -, (2N, yn)

where N is the number of training examples, {x;} are inputs called features
or covariates and {y;} are the outputs or labels given by a human expert.
When each y is a categorical variable from a given finite set, e.g., y =
{1,2,...,C}, the problem is usually known as classification. When y is
a real number, the problem is called regression [71]. Supervised learning
plays an important role in applications such as face recognition and object
detection.

o Unsupervised learning: The goal here is to find “interesting or meaningful”
patterns from only the input data in the following form:

{l’l,.. . ,.%'N}.

This type of learning is also referred to as knowledge discovery. Unlike su-
pervised learning, we are not provided with the desired output and therefore
there is no obvious error metric to use. However, unsupervised learning is
argued to be more applicable than supervised learning since the human ex-
pert is not required in this scenario [70]. Typical examples of unsupervised
learning are clustering and latent factor analysis [71].



o Reinforcement learning: The task is concerned with learning how to act
or behave in an unknown environment so as to maximize the cumulative
rewards [93]. The learning algorithm is presented with occasional reward or
punishment signals. Reinforcement learning has been successfully applied
to various problems, such as automatic driving and robot control. More
recently, a reinforcement learning algorithm, AlphaGo, has defeat a world
champion in the game of Go [87].

The studies of this thesis fall into the category of unsupervised learning as we
are mainly concerned with discovering meaningful patterns from the unlabeled
time-sequence data.

1.2 Bayesian Statistics

Bayesian statistics is a theory in statistics on the basis of the Bayesian interpreta-
tion of probability in which probability represents the degree of belief in an event
and the belief can change as new information is gathered !. In this section, we will
briefly discuss the difference between Bayesian statistics and frequentist statis-
tics, the most widely-applied statistics in machine learning and then introduce
two inference methods in Bayesian statistics.

1.2.1 Bayesian Statistics and Frequentist Statistics

There has been a debate among statisticians for nearly a century over the issue
of whether the Bayesian or frequentist paradigm is superior. The debate is still
ongoing, since these two paradigms do not share the same philosophical and
pedagogical foundation. However, methodologically there is an agreement that
both approaches contribute to the statistical practice to a great extent and each
is indispensable for full development of the other approach [5].

Let D and x be the data and the parameter. We now briefly discuss some of
the basic assumptions in Bayeisan and frequentist statistics.

e In Bayesian statistics [13], D is viewed as fixed after the data generation
process and z is treated as a random variable. According to Bayes’ theorem,
we have the posterior probability of x:

P(D|x)P(x)

P@lD) = =55 (1.1)

where P(z) is the prior representing the initial degree of belief about the
variable and P(z|D) is the posterior representing the degree of belief after
seeing the data set D. The uncertainty of the parameter can be directly
obtained by computing the posterior distribution P(x|D).

e In frequentist statistics, the parameter x is viewed as fixed and the data D
are still treated as random after the data generation process. This setting
is opposite to Bayesian statistics [70]. An estimate of the parameter z is
conducted by applying an estimator § to the data:

& =6(D).

There is no automatic way of deriving an optimal estimator § and we are
free to choose any estimator 0 as we want. The uncertainty about the

"https://deepai.org/machine-learning-glossary-and-terms/bayesian-statistics



parameter estimate & can be measured by calculating the sampling dis-
tribution of the estimator. The sampling distribution can be obtained by
sampling many different data sets from the true model. The bootstrap
[26] is one commonly-used Monte Carlo technique which can approximate
the sampling distribution. The posterior distribution in Bayesian statistics
and the sampling distribution by the bootstrap in frequentist statistics are
quite similar [30]. However, the bootstrap is not that direct since we need
to sample the data set multiple times [70].

1.2.2 Variational Inference and Markov Chain Monte Carlo Inference

One fundamental problem in the modern statistics is approximating the proba-
bility densities which are difficult to compute [12]. This problem arises naturally
in Bayesian inference. Bayesian inference [13] is a method of Bayesian statistical
inference where Bayes’ theorem is utilized to update the posterior probability of
a hypothesis as more evidence or data become available. More specifically, in
Equation (1.1) the posterior probability P(z|D) sometimes can not be analyti-
cally computed and has to be approximated.

Variational Bayesian inference [48] is one method to approximate the posterior
probability in a Bayesian model. One alternative and competitive strategy of this
task is Markov Chain Monte Carlo (MCMC) inference.

o MCMC inference [80, 63]: The basic idea in MCMC inference is to construct
a Markov chain on the state space whose stationary distribution is the target
posterior distribution P(z|D). That is, the random walk generated by the
Markov chain visits any possible state z with the frequency proportional to
P(z|D). This inference method can provide asymptotically exact samples
of the target posterior probability [80]. However, the computation cost of
MCMC inference is rather intensive since there might be a large amount of
rejected samples if the proposal distribution is not chosen properly and a
short mixing time is usually hard to obtain [33].

o Variational inference [48]: The basic idea in the variational inference is to
pick an approximation distribution ¢(z) from some tractable distribution
family and to try to make this approximation as close as possible to the true
posterior distribution P(z|D) [70]. Then the inference problem is reduced to
an optimization problem. The variational inference method does not have
the theoretical guarantee as the MCMC inference and there is possibly a
model bias since the tractable distribution family may not contain the true
posterior distribution. However, variational inference enjoys a much faster
convergence rate than MCMC inference and can be easily adapted to very
large data sets [44].

Our studies in this thesis fall into the category of variational inference in
Bayesian statistics. The reason is that we would like to obtain a direct and
computationally-efficient estimate of the uncertainty of the underlying parame-
ters. We should note that the studies of time-sequence data with MCMC inference
or in the frequentist paradigm are equally intriguing and worth further research
effort.

1.3 Time-Sequence Data

A time-sequence consists of a set of time-stamps, each of which records the arrival
time of an event. Time-sequence data can generally be classified into two types:



the recurrent event data and the panel count data [91]. In this section, we briefly
introduce these two types of data which we are going to study in this thesis.

1.3.1 Recurrent Event Data

The first type of time-sequence data arise from experiments that monitor subjects
in a continuous fashion; and thereby the exact timestamps of all occurrences of
the events are fully observable. These data are usually referred to as recurrent
event data [15].

As a preliminary example of the recurrent event data, we introduce the coal-
mining disaster data set [46]. This data set records the time intervals between
successive coal-mining explosions involving 10 or more men killed from 1851 to
1962 in Britain. The entire data set is shown in Table 1.1. We notice that it is
difficult to examine the arrival rate of events by directly looking at the numbers
in Table 1.1.

Table 1.1: Coal-mining disaster data set. This data set records the time
intervals in days between successive explosions in mines, from 15th March 1851
to 22 March 1962. The numbers in the table are listed column-wisely.

157 65 53 93 127 176 22 1205 1643 312
123 186 17 24 218 55 61 644 54 236
2 23 538 91 2 93 78 467 326 145
124 92 187 143 0 59 99 871 1312 75
12 197 34 16 378 315 326 48 348 364
4 431 101 27 36 59 275 123 745 37
10 16 41 144 15 61 54 456 217 19
216 1564 139 45 31 1 217 498 120 156
80 95 42 6 215 13 113 49 275 47
12 25 1 208 11 189 32 131 20 129
33 19 250 29 137 345 388 182 66 1630
66 78 8 112 4 20 151 255 292 29
232 202 3 43 15 81 361 194 4 217
826 36 324 193 72 286 312 224 368 7
40 110 56 134 96 114 354 566 307 18
12 276 31 420 124 108 307 462 336 1358
29 16 96 95 50 188 275 228 19 2366
190 88 70 125 120 233 78 806 329 952
97 225 41 34 203 28 17 517 330 632

One popular approach to modeling and visualizing the variation of the arrival
rate of events is via the intensity function in the inhomogeneous Poisson process
[52, 15]. In this thesis, we restrict ourselves to the recurrent event data in which
the arrival rate of events varies smoothly over time. For point processes which
allow “spiky” patterns and the arrival rate can be non-smooth functions, the
readers are referred to the Hawkes processes [39].

The traditional point-estimate approach to modeling the smoothly-varying
intensity function is based on the smoothing kernels [18]. Diggle [18] proposed
to utilize Rosenblatt’s density kernel estimate [81] on the intensity estimation
problem and to optimize the bandwidth of the kernel function via the empirical



Ripley’s function. The local likelihood method [103, 9, 43] can be seen as the
generalization of the kernel intensity estimate [18]. When using a zero-order
polynomial approximation in the local likelihood, the estimate is reduced to the
kernel smoothing estimate. However, when using a higher-order approximation,
we can only obtain the estimate of the intensity value at a given time. More
recently, Flaxman et al. [28] exploited the properties of the reproducing Hilbert
space to estimate the intensity function within the empirical risk minimization
framework.

Another branch of the intensity estimation methods is the Bayesian estimate.
Within the Bayesian framework, the prior of the intensity function is constructed
by passing a random function drawn from a Gaussian process, through a proper
transformation. This type of inhomogeneous Poisson processes is also known as
Gaussian-process modulated Poisson processes [60]. However, the Bayesian infer-
ence of the intensity function is intractable since we need to integrate an infinite
dimensional random function over the domain of the intensity function [2]. Var-
ious approximation methods have been proposed to perform the tractable infer-
ence, including the MCMC sampling [2, 84], the Laplace approximation method
[98] and the variational inference method [60, 47, 22].

A closely-related research direction circumvented the intractable inference
problem by introducing a computational grid [20] to discretize the domain of
the intensity function [68, 66, 29].

1.3.2 Panel Count Data

The second type of time-sequence data is due to the lack of supervision over
the recurrent events and only the numbers of the events between subsequent
observation times are recorded. This type of data is commonly referred to as
panel count data [91]. For example, it is sometimes too expensive for a patient to
pay for the continuous follow-up observation in the hospital after the treatment.
He/She is then allowed to go home after a certain treatment and is required to go
back to the hospital and report the symptoms. Therefore, only the numbers of
symptoms between subsequent visits are recorded, such as the number of vomits
or new tumors.

An illustrative example to show the difference between the recurrent event
data and the panel count data is given in Figure 1.1. In the example shown in
Figure 1.1, the patient vomited three times after the treatment. In the recurrent
event data, we have access to the exact time-stamp when the patient vomited
and the time-stamps are 60 minutes (1 hour), 121 minutes (2 hours 1 minutes)
and 190 minutes (3 hours and 10 minutes). However, in the case of panel count
data, the exact time-stamps of the vomits are no longer available. The patient
visited the hospital twice after the treatment and only the numbers of vomits
between subsequent visits are recorded.

Several maximum likelihood point-estimates have been proposed on the basis
of the likelihood of the panel count data or its variants. Wellner and Zhang [100]
proposed the nonparametric maximum likelihood estimator (NPMLE), assuming
that the underlying intensity function is a positive piece-wise constant function.
Based on NPMLE, Zhang and Jamshidian [105] added an additional Gamma-
distributed random variable to the intensity function to model the individual
effect among multiple time-sequences. Similar to the recurrent event data, the
local likelihood method has also been exploited by Betensky et al. [9] and Fan
et al. [25].
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Figure 1.1: The time-sequence of the vomits after the treatment. (a) Recurrent
event data. The exact time-stamps of three times of vomits can be obtained. (b)
Panel count data. The patient reported that in two intervals he/she vomited
once and twice respectively.

1.4 Contributions

This thesis is devoted to the application of the variational inference method, one
branch of the Bayesian inference methods in machine learning, on modeling the
time-sequence data. The contributions in this thesis are mainly on Chapters 3
and 4. We briefly introduce the contributions below.

1.4.1 Chapter 3: Variational Inference for Panel Count Data with
Gaussian Processes

Time-sequence data can be generally divided into the recurrent event data and
panel count data [91]. This chapter focuses on modeling multiple time-sequences
in the form of panel counts. The technical contributions of this chapter are
three-fold.

1. In the first place it undertakes to construct a variational inference procedure
for the Gaussian-process-modulated Poisson process model for panel count

data (GP4C).

2. To carry out a variational inference in this setting, we derive a simple
and tractable lower bound of the intractable evidence lower bound and
demonstrate through empirical evidence that with this lower bound, GP4C
outperforms a non-Bayesian method.

3. To model the diversity among multiple time-sequences, we proposed the
Gaussian-process-modulated Poisson process model for panel count data
with individual weight (GP4CW) model. Experiments show that this model
further improves the performance of test likelihood.

Generally speaking, this chapter presents two useful Bayesian time-sequence
modeling methods, GP4C and GP4CW. These models serve as an alternative
to the current mainstream point-estimates for the machine learning researchers
and practitioners who are interested in modeling and understanding panel count
data.



1.4.2 Chapter 4: Bayesian Nonparametric Poisson Process Allocation

This chapter focuses modeling the diversity of time-sequence data. We choose
recurrent event data rather than panel count data because we could easily have
access to massive recurrent event data. The technical contributions of this chapter
are two-fold.

1. In the first place, we present a scalable and accurate Bayesian nonparamet-
ric approach for time-sequence modeling, that is, Bayesian Nonparametric
Poisson Process Allocation (BaNPPA).

2. We propose a computationally efficient variational inference algorithm for
BaNPPA and solve the un-identifiability issue by adding a constraint within
the inference algorithm to regulate the volume of each latent function.

Generally speaking, this chapter presents the challenges and possible solutions
when applying Bayesian nonparametric techniques on multiple time-sequences.
This discussion might provide insights on future Bayesian nonparametric re-
searches. For medical practitioners, BaNPPA can automatically identify different
patterns of symptoms and help develop individual treatments for each patient.

1.5 Organization

The thesis consists of five chapters and an illustrative flow chart is shown in
Figure 1.2. In this section, we will introduce the organization of each chapter.

In Chapter 2, we give the preliminaries of this thesis. The general notations as
well as the notations on the time-sequence data are listed in Section 2.1. In Sec-
tion 2.2, we introduce some of the basic concepts related to stochastic processes.
Several stochastic processes, including temporal point processes, Gaussian pro-
cesses and stick-breaking processes are briefly discussed in Section 2.3, 2.4 and
2.5, respectively. We review the intensity estimation for the recurrent event data
in Section 2.6 and the intensity estimation for the panel count data in Section
2.7.

In Chapter 3, we present the first Bayesian inference framework for Gaussian
process-modulated Poisson processes when the temporal data appear in the form
of panel counts. In Section 3.1 and 3.2, we introduce and discuss the background
of this research. In Section 3.3, we provide the variational inference framework
for panel count data with Gaussian processes. We also briefly discuss how to
model the diversity among multiple time-sequences with the GP4CW model in
Section 3.4. The experiments on GP4C and GP4CW are shown in Section 3.5.
Section 3.6 contains the supplementary materials for the proof of one lemma in
the Section 3.3.

In Chapter 4, we focus on how to model the diversity among multiple time-
sequences with latent functions. As a beginning, we study the case of recurrent
event data. In Section 4.1 and 4.2, we introduce and discuss the problem of factor
analysis for time-sequence data. In Section 4.3, we provide the BaNPPA model.
Then the variational inference for the BaNPPA model can be found in Section
4.4. Experiments of the BaNPPA model is then shown in Section 4.5. Section 4.6
contains the supplementary materials for the derivations related to the evidence
lower bound (ELBO).

Finally in Chapter 5, we conclude this thesis and present several directions
for future work.
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Figure 1.2: Structure of the thesis. The contributions in this thesis are mainly
on Chapters 3 and 4.



Chapter 2

Preliminaries and Previous Work

In this chapter, we will introduce the notations used in this thesis. A brief
introduction of several stochastic processes, mainly on temporal point processes,
Gaussian processes and stick-breaking processes, will also be provided. Finally
we will review the previous studies in the intensity estimation for both recurrent
event data and panel count data.

2.1 Notations

In this section, we will introduce the general notations used in this thesis as well
as the notations for the time-sequence data.

2.1.1 General Notations

We denote a random variable with an uppercase letter, such as X, Y, or Z.
A scalar or an experimental observation of a random variable is denoted with
a lowercase letter z, y, or z. We denote the distribution of a discrete random
variable or the probability of an event with P(-) and the probability density
function of a continuous random variable as p(-). We denote a vector with a
lowercase letter in bold, such as @ or y and a matrix with an uppercase letter
in bold, such as X or Y. y — x means that the scalar x is subtracted from all
elements in the vector y.

2.1.2 Notations on the Time-Sequence Data

Throughout this thesis, we denote the set of time-sequence data from K € N*
independent subjects as D = {dk}szl. dj, is the time-sequence data which we
collected from the kth subject. Each subject will generate a sequence of events
in an observation window X*) ¢ R. Since each subject will join and drop out
from the experiment at different time-stamps, X'¥) are not necessarily the same.
In the recurrent event data, the time-stamp of each event is a scalar and is
fully observable. We denote the number of events observed from the kth subject
as N € NT. The time-sequence data from the kth subject can be represented as
follows:
dy 2 {x(.’“) € X(’f>}Nk . (2.1)
J j=1
In the panel count data, we do not know the exact time-stamp for each event

and the kth subject is assessed in Ny, € N* intervals {Xi(k)}N’“ and these intervals

=1
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satisfy the following condition:
N
k k . k
MM =025 Ja® =a®.
i=1

)

For the kth subject, we have access to each interval Xi(k and the number of

events observed in this interval mgk) = |{$§-k) € Xi(k)}|. The panel count data
from each subject can be represented as follows:
A B) (k) |V
di & {(x " m{")} " (2.2)

2.2 Basic Concepts of Stochastic Processes

We briefly review the concepts of the probability space, the random variable and
the stochastic process. For more rigorous discussions, the readers are referred
to Durrett [23], Stark and Woods [90] and Gallager [31]. These basic concepts
are essential in understanding concrete examples of stochastic processes in the
following sections.

Definition 2.2.1. A probability space (2, F, P) is a triple of the sample space
Q, the o-field F and the probability measure P.

The sample space §2 defines the possible outcomes in the experiment. The
o-field F is a non-empty collection of the subsets of €2 and satisfies the following
properties:

e e F.
o If Ac F,then Q\ A e F.

e For a countable collection of the subsets {A; € F}2°,, then
o0
Jaier
i=1

These properties indicate that F contains the universal set €2, is closed under
the complementation and is closed under the countable union. Each element in
the o-field is called an event and the o-field defines the collection of events we
are interested in from the sample space 2. The probability measure P is defined
on the o-field F to measure the probability of each event. More specifically,
the probability measure is a function P : F — R which satisfies the following
properties:

e P(Q)=1.
e P(A)>0,VAe F.

e For a countable collection of the disjoint subsets {A; € F}2,, A;NA; =

0,Vi # 3, N N
P(UAO:E:H&)
1=1 1=1

11



These properties guarantee that a probability measure is normalized, non-
negative and countably additive.

Next we use the experiment of tossing a fair coin as an example to ex-
plain the concepts of the probability space. The possible outcome when toss-
ing a fair coin forms the sample space Q@ = {HEAD, TAIL}. One o-field F is
{0,{HEAD}, {TAIL}, {HEAD, TAIL}}. Here the empty set () represents the sit-
uation when the outcome is neither head nor tail and the subset {HEAD, TAIL}
represents the situation when the outcome is either head or tail. Since the coin
is fair, we can then assign a probability to all events in F with the probability
measure P.

P(0) =0, P({HEAD}) = P({TAIL}) = 1/2,
P({HEAD, TAIL}) = P({HEAD}) + P({TAIL}) = 1.

Based on the concepts of the probability space, we are ready to define the
random variable and the stochastic process.

Definition 2.2.2. A random variable X is a function X : Q — A, where Q is
the sample space and A is a measurable space. Usually A is the space of real

numbers, i.e., A = R. The mapping satisfies the property that for every subset
S € A, the set {w|X (w) € S} is an event in the o-field F.

When we perform the function mapping X : Q — A, the o-field B in the
original probability space is also mapped to a new o-field, B4. The mapping
property ensures that the output of a random variable will inherit its own prob-
ability measure [36]. For example, we can define the probability measure Px on
the o-field By4.

Px(B) 2 P(X"Y(B)) = P({w|X(w) € B}),VB € Ba. (2.3)
We can show that Px is a probability measure from the elementary set theory
and the space (A, B4, Px) is a probability space.
As an example of the random variable, we re-consider the experiment of toss-
ing a coin. We can define the following random variable X based on the outcome
w e Q= {HEAD, TAIL}. X is also called a Bernoulli random variable.

X(w) = 1 if w=HEAD,
10 if w = TAIL.

In this case, A = {1,0}.

Definition 2.2.3. A stochastic process is an infinite set of random variables
defined on the same probability space (2, F, P).

A discrete stochastic process is denoted with {X;};c; with I indicating a
countable index set, while a continuous stochastic process is usually denoted as
a function X(t), where t is a point in the continuous space 7. Note that each
random variable X () is a function of the experiment outcome w € €.

2.3 Dirichlet Processes and Stick-breaking Processes

We discuss the concept of a Dirichlet process, which is introduced by Ferguson
[27], as the first useful tool from the arsenal of stochastic processes. A Dirichlet
process can be used to automatically determine the number of components in a
mixture model such as the Gaussian mixture model [71]. It has been widely used
in the document modeling [99] and the factor analysis [94].

12



2.3.1 Definition of a Dirichlet Process

Following the routine used in Orbanz and Teh [73], we first define the Dirac
measure and then define the Dirichlet process through the stick-breaking process.

Definition 2.3.1. Let Q) be the sample space and F be a o-field on 2. A Dirac
measure g4 is the probability measure which satisfies the property VA € F,

)1 if g e A,
6¢(A)_{0 it ¢ ¢ A

The Dirac measure assigns the mass 1 to the single point ¢ in the sample
space and is used as the basic element (atom) in the Dirichlet process.

Definition 2.3.2. If a > 0 and if G is a probability measure on a sample space
of models , the random discrete probability measure © which is generated by

Vi ~ Beta(l,«), k=1,2,...,00, (2.4)
k—1

=W [Ja-V), k=12,...,, (2.5)
=1

O~ G, ©=) Yidg,,
k=1

is called a Dirichlet process (DP) with the base measure G and the concentration
parameter a. We denote a sample from a DP as © ~ DP(«, G). The sampling
procedure for the random variables {Y;,}7°, is called a stick-breaking process.

The name “stick-breaking” comes from the construction procedure. We can
imagine that we originally have a stick with length 1 and at each step we repeat-
edly break off a portion Vj of the remaining stick. Each piece has a length of Y.
Finally we obtain a set of pieces {Y},}7° ;. The sum of the first K pieces can be
computed as follows:

K K k—1 K
dvie=> Vi ]Ja-v)= Hl—Vk
k=1 k=1  j=1 k=1

As K — oo, the expected sum of the all the pieces yields

o K
I E[ Y}_l—l E(1—Vy)=1— li ( ):1.
A Zk LHéOH W =1- Jm (g

Two examples of the stick-breaking process with different hyper-parameters
« are shown in Figure 2.1.

An interesting property [27] is that the length of the pieces are ordered in the
way that on average a piece with a smaller index k will have a larger length Y}
than a piece with a larger index. More formally, this property is given by the
following theorem. This property can alleviate the identifiability issue [71] in the
mixture models.

Theorem 2.3.1 (Ferguson [27]). For an experimental outcome from a stick-
breaking process described in Equations (2.4) and (2.5), the following inequality
holds.

E[Y] > E[Y}], Vi> ]
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Figure 2.1: The illustration of the lengths of the first 10 pieces {Y;}12; from two
stick-breaking processes. (Left) A stick-breaking process with the concentration
parameter v = 1. (Right) A stick-breaking process with the concentration pa-
rameter o = 8. Notice that the process does not end within 10 steps and the sum
of the first 10 pieces is smaller than 1.

Proof. Since {V;} are identical independent beta-distributed random variables,
we can obtain the expectation of Y.

[e%9) k—1 k—1
1 a N\ k-1
E[Yi] = E| 1-V)| =E ol 7 ()
(Y] kz:leil_Il( Vi) [Vk]ZHl [1-Vi] Tra\ita
This expectation will decrease with the increase of the index k. 0

2.3.2 Variational Inference with a Dirichlet Process

To perform the inference for the probabilistic models with a Dirichlet process,
different approaches including the Markov Chain Monte Carlo (MCMC) sampling
with the Chinese restaurant process [10] and the variational inference approach
[11] have been proposed.

Next we discuss the variational inference method with a truncated stick-
breaking representation [11] below. In the variational inference framework, the
variational distribution ¢({V%}) that we use to approximate the stick-breaking
process in Equations (2.4) and (2.5) is defined as follows:

Beta(ry, if k< K,
q(Vk) :{ € a(Tkl Tk‘2) 1

5 if k=K.
k—1

Vie=Vi [[A-V), k=1.2,... K.
=1

T1, Tk2 are two positive real numbers. The variational distribution is a trun-
cation of the original Dirichlet process and the value K as the maximum number
of components which can be used by the model. Also notice that the original
Dirichlet process prior is not truncated, and the truncation is designed for the
feasible inference [11].

Let 7.1 = 1 and 79 = « and the maximum number of components be K = 10.
We illustrate two random draws from the truncation procedure with two different
settings of the parameter « in Figure 2.2. We can notice that the sum of the 10
pieces is exactly 1.
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Figure 2.2: The illustration of the lengths of the pieces {Y;}12; from two truncated
stick-breaking procedure with the maximum number of components K = 10.
(Left) The concentration parameter o = 1. (Right) The concentration parameter
o =38.

2.3.3 An Example: Dirichlet Process Gaussian Mixture Model

As a concrete example, we briefly review the variational inference method for the
Dirichlet process Gaussian mixture model (DPGMM) [11, 92, 35]. In a DPGMM,
the data points are assumed to be generated from an infinite mixture of Gaussian
distributions with unknown parameters. The DPGMM provides a solution to
jointly infer the number of Gaussian distributions and their parameters.

We consider the simple case where we have a data set X = {z1,...,xn}
with each data point &; € R?. Let A(u, A~!) be a Gaussian distribution with
the mean vector p and the precision matrix A. Let NW(ug, A\, W, p) be the
normal-Wishart distribution [71] with the parameters {po, A\, W, p}.

1 1
NW(p, A; po, \, W, p) | A2 exp < - 5(# — o) TAA(p — Mo))
p=3 1 1
x |A|3 mp(—§uav AD.

The generative process in a DPGMM is given in Algorithm 1.

Algorithm 1: The generative process of the DPGMM.
Input : The hyper-parameters {«, po, A, W, p} and the data set size N.
Output: A data set {z,}_;.
for each component k =1,2,...,00 do
Sample Vj, ~ Beta(1, ) and obtain the observation .
Caluclate y, = v Hf;ll(l — ;).
Sample (g, Ag) ~ NW(po, A, W, p).
end
Set y = [y1,- - -, Yool-
for each data point n=1,..., N do
Sample ¢, ~ Multinomial(y).
Sample @, ~ N (e, , AZ1).
end

© 0w N O Utk W N =

[y
(=}

Based on Algorithm 1, the joint distribution of the data and the hidden vari-

15



ables is

p({ortizr, {ntezr, {A L {Cn}nNzla {x}nNzﬂ

> O N oo
- H Beta(vy; 1, ) HNW(:“kvAk;HO; AW, p) H H y]]i(cn:k)

k=1 k=1 n=1 k=1
N
. -1
X H N(xn; pre, s A ).
n=1

Algorithm 2: The variational inference of the DPGMM.

Input : The hyper-parameters {a, po, \, W, p} and the data set {z,}_;.
Output: The parameters in the variational distribution {7, 72, ®, B}.

1 Initialize {71, 72, ®, B}.
2 while not converge do
3 for each data point n=1,..., N and each component k=1,...,T do
4 Update G,k.
k—1
Bk X €Xp (Eq[lnvk} + ZEq[ln(l — )] + EqIn N (@ | A,;l)).
j=1
(2.6)
end
for each component k=1,...,K do
7 Caleulate 7 = ( SO0, Auken ) / S0y o and B = S0, B
8 Update the parameters for this component.
N N K
Th1 = 1+Zﬁnk, Th2 = 04+Z Z B
n=1 n=1j=k+1
) N N
MNe= A+ Buks h=p+ Y Buks
n=1 n=1
fiko = Ao + Zfzvzl BrkTn
A+ B ’
B AB N
W=W'+ T—p-a)(p-a) +) Bul@—z)(c—x)".

9 end
10 end

The variational distribution with the truncation level K is chosen as follows:

a({vr}izr, {pdier, {A iz {entnin)

K-1 K N K
=q(vi) [ ] Beta(vr; o1, 7h2) [ [ MW (s Ak o, e, Wi, i) [T T B,
k=1 k=1 n=1k=1

where ¢(vk) = 01 and I(¢, = k) is an indicator function with the property

I k) 1 ife, =k,
C?’l = =
0 ife, #Ek.
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Figure 2.3: An illustration of the variational inference for the DPGMM. Data
points are two-dimensional, i.e., T = [z1, z2] € R%. (Left) One generated data set
with 6 components. (Right). The result from DPGMM with the truncation level
K = 50 identifies 5 clusters.

In the framework of the variational inference, we optimize the variational
distribution by maximizing the evidence lower bound of the data likelihood.

Inp({@}1) = By | np({on}is, (i AN el (=10
— Eqflng({oeH s o (AN (e i) (2.7)

Let T = {Tk1}£(:_117 T2 = {Tkg}kK:_ll, b = {ﬁk075\k7 Wkaﬁk}é{zl and B =
{Bnk}. The parameters to be optimized in the rightmost side of Equation (2.7)
are {11, T2, ®, B}. Since the normal-Wishart distribution is conjugate to the data
likelihood, we can obtain the following updating rule [11] in Algorithm 2. Let
U(-) be the digamma function. In Equation (2.6), the three expectations can be
analytically computed as follows:

Eq[lnvg] = U(71) — U (%1 + Th2),
Eq[In(1 — vj)] = ¥(752) — V(751 + 752),

(0(5) (75 ) -

EqIn N (2| pag, ALY = 5 5 5
k

— ?(Nko — ;) Wi (o — @)

An illustration of one sampling data set and the variational inference result
of the data set are provided in Figure 2.3. We can observe that even with a large
K = 50, the variational inference algorithm can still identify a small number of
clusters.

2.4 Gaussian Processes

A Gaussian process can be used as a prior for an unknown function and is applied
widely in Bayesian non-linear nonparametric regression and classification [77].
The definition of a Gaussian process is given as follows.

Definition 2.4.1. A Gaussian process is a collection of random variables, any
finite of which follows a joint Gaussian distribution.
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In Definition 2.2.3, a stochastic process is a set of random variables and for
a Gaussian process, the set is the input space X C RP, with D indicating the
number of the inputs. A Gaussian process is specified by the mean function and
the covariance function. We denote the mean function m(x) and the covariance
function x(x,z’) of a real-valued process f(x),z € X as follows:

We denote a function f drawn from a Gaussian process with the mean function
m(x) and the covariance function x(x,x’) as follows:

[~ gP(m(m)’ IQ(:I}, .’13/))

For any set of points {x1,...,xy} with each ; € X', we denote the input
matrix as X = [x1,...,zxn] € RP*N_ According to Definition 2.4.1, we have

a joint Gaussian distribution for the output vector f 2 [f(x1),..., flxzN)]" €
RNXI_

f~N(m,Kxx), (2.8)

T c RNXI

where the mean vector m 2 [m(x1),...,m(xN)] and the covariance

matrix Kx x can be computed as follows:

k(x1,x1) ... K(x1,ZN)
A
Kxx = : : : (2.9)

k(xn,x1) ... K(xyn,TN)

A covariance matrix of this kind is also named a Gram matrix in the kernel
methods [70]. For the covariance function, we use the automatic relevance deter-
mination (ARD) kernel in the following discussion. Let x; be the j-th element of
the vector .

D
1
IQARD(w,CC/) = cexp < — 5 ij(.%’j — :c;-)2>,bj > 0. (2.10)
j=1

The hyper-parameters in the ARD kernel are {c, b}. This kernel is also known
as the squared exponential (SE) kernel.

2.4.1 Gaussian Processes for Regression

In a regression task, we are given a data set consisting of input-response tuples
D = {(x;,y:) }}¥, with each z; € X C RP and each y; € Y C R is a real number.
We denote y = {y;}Y,. Our task is to learn a mapping f: X — .

In the standard Gaussian Process regression method [102], we place a Gaus-
sian process prior on the function f and f ~ GP(m(x), k(x,x’)) and the mean
function m(x) is usually chosen to be a constant m(x) = mg. We place a Gaus-
sian noise model for the observed data tuple (x, y) and p(y|f; x, o) = N'(f(x),0?)
where N () is a normal distribution. Assuming the noises are added indepen-
dently to the function values {f(x;)} conditioned on the latent function f, the
joint likelihood is computed as follows:

N

p(f.y) = p(Fplf) = p(f) [ plwil ().

=1
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The marginal likelihood p(y) is can be computed below.

ply) = / Pyl F)p(F)df

)| B

1 1
. 2r) N2 Kxx|'2 P ( 3 - mo) Kxx (f - m0)>df

:N<y‘mOaKXX + 021>,

where we denote mg € RY as a vector with all elements equal to mg. The
learning in the Gaussian process regression method is conducted by maximizing
the marginal likelihood p(y) = N(y‘mg, K x x +0?I) with respect to the hyper-
parameters in the covariance function (such as the hyper-paramters {c, b} in the
ARD covariance function), mg in the mean function and the noise level o.

To predict the value of the function at an arbitrary point &* in the Gaussian

process regression, we will examine the posterior process when we have the data
likelihood p(y|f;x,0) = N(f(x),0?).

Theorem 2.4.1 (Rasmussen [77]). Assuming that the prior is a Gaussian process
f ~ GP(m(x), k(x,x'))) and the data likelihood is p(y) = HfilN(O,UQ), the
posterior of this Gaussian process is still a Gaussian process GP(m(x), k(x, z'))),
with the mean function m(x) and the covariance function k(x,x') given by the
following equations.

() =mo + w(z, X)(Kxx +0*I)~ (y — mo),
iz, x) = k(z,2') — k(z, X)(Kxx +0°1) 'w(X,2).

Proof. According to Definition 2.4.1, the joint distribution of an observed data
matrix X and any un-observed data matrix X* is Gaussian-distributed.

IREIE

I my| | Kx-x Kx-x+|/

After observing the output y, the joint distribution of y and f* can be derived
by integrating out f in p(y, f, f*) and the result is:

[};*] :N< [mo] 7 |:Kxx+0'2[ KXX*] )

my Kx-x Kx«x+

The posterior distribution of any un-observed data p(f*|y, X,x*) can be
calculated from the joint distribution and the result is given as follows:

p(f*ly; X, X¥) = N((X*), Kx-x)- (2.11)

If we take the observed data into concern, the joint distribution is as follows:
Y my| [Kxx+0*l Kxx Kxx-
F|= N( mo |, Kxx Kxx Kxx-
I m; Kx-x Kx-x Kx-x~

Similarly, when there are a part of the observed data in the joint distribution,
the result is still the same. From Definition 2.4.1, we conclude that the posterior
process is still a Gaussian process.

O
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Figure 2.4: The illustration of the prior distribution and the posterior distribution
of the Gaussian process in a regression task. A 95% credible interval is also
provided for both the prior and the posterior distribution. We also plot three
sampled random functions for both the prior and the posterior distribution.

An illustration of the prior distribution and the posterior distribution after
we observer several data tuples are shown in Figure 2.4. We notice that the
uncertainty about the shape of the function is reduced after observing the data
tuples.

Given the above theorem, the prediction of the function value at an arbitrary
point x* is given by a Gaussian distribution since according Definition 2.4.1, the
function value at any given point is a Gaussian distributed random variable.

f(&") ~ N(m(x), (", z%)). (2.12)

During the training of the Gaussian process regression, the bottleneck of the
computational complexity ! lies in the inversion of the covariance matrix Kx x +
ol and is O(N?) [88]. Once we obtain the inversion of the covariance matrix,
the computational complexity for one test point is O(N) for computing the mean
value 7 (z*) and O(N?) for computing the variance #(z*, z*).

2.4.2 Sparse Gaussian Processes for Regression

In order to reduce the computational complexity in the standard Gaussian process
regression, various methods have been proposed. One approach [88, 86] is to
modify the prior of the Gaussian process with pseudo inputs and then learn the
hyper-parameters by maximizing the marginal likelihood with the modified prior.
However, the number and the positions of the pseudo inputs in these methods are
additional hyper-parameters in the marginal likelihood to be optimized. It can
lead to over-fitting in the experiments [96]. Another line of researches [96, 40]
utilizes the framework of the variational inference and selects the pseudo inputs
and the hyper-parameters by maximizing a lower bound of the exact marginal
likelihood.

In the sparse Gaussian process method (sGP)[96], a set of pseudo inputs X =
{Z,n}M_| )M < N and their corresponding function values f = {f(Zm,)}M_, are
considered. The name “pseudo input” indicates that the function values at these
points are not directly observed.

The first intuition is that we can augment the joint distribution p(y, f) with

the additional function values f without changing the marginal distribution of

!To the best of our knowledge, the current state of the art for the inversion of a matrix is
O(N23728639) [54]
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p(y, f). The distribution of the function values of the pseudo inputs p(f; X) and
the conditional distribution p(f|f; X) are defined as follows:

PFIFX)=N(Fsmo+ Kxx K (F —mo), Kxx — Kxx K5 v Kxx),
p(f; X) =N(f;mo, Kxx).

Theorem 2.4.2 (Snelson and Ghahramani [88]). The marginal distribution
p(y, f) equals the marginal distribution constructed by a Gaussian process prior.

Py, f) = / (I F)p(FIF: X)p(F; X)df-

Proof. We can marginalize the distribution p(f, f) to obtain the marginal dis-

tribution of p(f). Let A = KyxxK3's, B = Kxx — Kxx K Kxx and

x / exp ( - 1(f —mo) O F —mo) — 3 (F ~ AP BF — AF))df.
(2.13)

This indicates that p(f) is also a Gaussian distribution and we can directly
compute the mean vector and the covariance matrix.

E[f] = Ey ) [Epcp15) ()] = Eppy[mo + A(f —mo)] = mo
Var[f] 2 E[(f — E[f))(f —E[f)T) =E[f£7] = By g [Epri) (£ 7))
=Eyp[B+Aff A" =B+ ACA’T
=Kxx —KxxKi Kgx+KxxK KgxKi Kgx = Kxx.

Since p(f) = N(f;mo, Kxx) = p(f), the joint distribution p(y, f) is the
same as the joint distribution with the original Gaussian process prior. O

Within the framework of the variational inference, the variational distribution
q(f, f) is chosen as follows:

o(f, ) = a(£1H)a(f) = p(£I£; XN (f; 11, 3).

Then we can derive a lower bound of the marginal likelihood with the aid of
q(f, f). We call the lower bound the evidence lower bound (ELBO). Let € denote
all hyper-parameters including the hyper-parameters in the covariance function
and the positions of the pseudo inputs. The ELBO can be derived as follows:

Inp(y ln// v, f,f; X, X)dfdf

y .f .fu ’ ) r
= [ (ar. 9P G asas
piy. £ X, X) . 2 - .
/ / (f,f)In o f) dfdf (Jensen’s inequality.)
p(ylH)p(FIF; X)p(f; X) .02
- Jf oS i) T
L P X)

:Eq( [Inp(y[f)] +E

|—|

f) } é EELBO(IJ/, 2; 9) (2.14)
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For the regression task, the optimal variational distribution to maximize
Lerpo can be calculated analytically by the following theorem. A more detailed
derivation can be found in Titsias [96].

Theorem 2.4.3 (Titsias [96]). Assuming that the prior is a sparse Gaussian
process and the data likelihood is p(y) = [, N'(0,0?2), the optimal variational

distribution ¢*(f) to mazimize the ELBO is a Gaussian distribution ¢*(f) =
N(f; u*, %), where

i} 1 -1,1

nw=Kxx (KXX + pKXXKXfJ (;KXXZ/ + mo>,
. 1 —1

¥ =Kxx (KX’X + ;KXXKXX) Kx

>

Proof. We can write Lgrpo as a function of ¢(f).

LrLeo(q(f)) —/p(flf)q(f) lnp(y\f)dfdf+/q(f) 1n§g%df-

Taking the gradient with respect to the function ¢(f), we could obtain the

optimal distribution ¢*(f).

¢ () o) o ([ p(F1F) np(ylf)af ). (215)

In this equation, the integral in the exponential term can be computed as
follows:

/ (1) p(yl F)df

o 1 _
=N (y; Kxx K'x f,0°1)] — 272w(KXX - KxxK;xKxx) (2.16)

Let Q = Kx XK;ZIX’ Then the optimal distribution ¢*(f) is

¢ (f) < p(FIN (y; QF . 0°1)
= exp (— 5~ mo) K (F —mo) — 55(QF ~9)(@F ).

We can recognize that this is also a Gaussian distribution with the mean
vector pu* and the covariance matrix X*. O

Inserting the optimal variational distribution ¢*(f) back into Lgrpo (1, 2;6),
we obtain the final objective function L 5.

p(f; {_()}
g*(f)
—tu[ [ (f)exn ([ o1 matwl )i )i

=In [Ep(f-)/\/(y; Qf, 021)} -

Lo = Eg (5 [Ep g1 I p(y[)]] + Eg-(5) [ln

1 _
5.3 tr(Kxx — Kxx K3 Kxx)
(Equation (2.16))

_ 1 _
=N (y; Qmo, QK . QT +0°I) — 52 MK xx — KxxKxxKxx)-

The training of the hyper-parameters is conducted by maximizing L 5o with
respect to the hyper-parameters 6.
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For the computational complexity of using a sparse Gaussian process for the
regression task, since M < N the computational complexity when performing the
inversion of the matrix is reduced to O(M?) while the computational complexity
is O(N?) in the standard Gaussian process regression. The bottleneck now lies in
the matrix-matrix multiplication K x XK;zlx and this operation costs O(NM?).
The final computational complexity is O(NM?).

2.4.3 Sparse Gaussian Processes for Non-conjugate Models

The closed-form solution of ¢(f) for the regression task relies on the form of
the data likelihood, which is a Gaussian distribution and is conjugate to the GP
prior. However, in other tasks, such as the classification [49, 50] or the intensity
estimation [60], the data likelihood is no longer conjugate to the Gaussian process
prior and the exact inference is no longer available.

When we are using a non-conjugate data likelihood, however, the ELBO
Lrrpo in Equation (2.14) is still applicable.

Ervroli Z16) 2 Bygay npylf(a)] + By [m 2] 2am
a(f) = N(fip, 2).

The first part in Lggo depends on the form of the data likelihood. For
example, in the binary classification task [49], each y; € {0,1} and we assume
the data likelihood p(y; = 1|f(2;)) = 1/(1 4+ exp(—f(x;))). The first term can be
decomposed into the sum of N terms by the independence assumption.

N

N
Eq(t@nmp@lf@)] =D Egipapmp@il f(@:)] =D Eqpa) Inpwil £ )],
i—1 i=1

The last equation comes from the fact that the marginal of a Gaussian distri-
bution is still a Gaussian distribution. The variational distribution ¢(f(z)) can
be computed similarly to Equation (2.13) and the posterior ¢(f(x)) is a Gaussian
process GP(m(x), k(x,x')).

m(x) = mo + Ky x K's (10— mo),

Rz, o) = Kpg — f@mXK_—lxm

T _ —1 -1 _
X /X"‘waxKXXEK—XK/m/X

x X
The second part in Lo is the negative Kullback-Leibler divergence between
two Gaussian distributions.
p(f; X) T
B[P 7] = ~KLa(lp(F: X))

= —KLW(f; 1, B)IN(£;0, Kx %))

1 3 1 - = _ P

= §1n \K‘X’X’ + §Eq(f) [(f - H)TZ l(f —p)—(f - mo)TKXIX(f —mo)

1 3 M 1

= 5ln |K|,X|X + - 5tr(K§1X(E + (. —mo)(p — mg)T>. (2.18)

The training process when we have a non-conjugate data likelihood can be
conducted by two different approaches. In the first approach, we use the grid-
search [51] or the Bayesian optimization [89] to choose the hyper-parameters 6.
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When the hyper-parameters 0 are all fixed, we solve the following optimization
problem.
(p*,¥%) = argmax Lrrpo(u, X3 0).
w,x

The second approach is the variational Bayesian expectation-maximization
(VB-EM) framework [7] which is given in Algorithm 3. This can be seen as an
algorithm to alternately maximize Lgrpo(p, X;60) with respect to pu, > and 6.
We use the expectation-maximization since some parameters in the variational
distribution can have a closed-form update. Although we avoid the grid-search
in the training process, we may suffer from the bias since the optimal hyper-
parameters should be found by maximizing the marginal likelihood. However, in
each M-step we are maximizing the ELBO and ELBO is an inexact lower bound
of the marginal data likelihood [97].

Algorithm 3: The VB-EM framework for the sparse Gaussian process with
a non-conjugate model.

Input : The training data set D.
Output: An estimation of the parameters p, 3 in the variational

distribution ¢(f) and the hyper-parameters 6.
Initialize k = 0, 2(*) = Inf.

1

2 Initialize the parameters u(k), >*) and the hyper-parameters 0k,
3 while True do

4 k=k+1.

5 E-step: Update pu®), 2®*) to increase Lrrpo(w, X; B(k_l)).
6 M-step: Update @) to increase Lrppo(p®), k) 0).

7 Calculate the current z(*) = £ELBQ(u(k), (k). O(k)).

8 if |20 — (=D < 10762(%)| then

9 ‘ Break.
10 end
11 end

2.5 Temporal Point Processes

A temporal point pattern [78] is ubiquitous in everyday life. Let us assume that
you arrive at a bus stop and begin to examine the arrival time of the bus. The
arrival time of a specific bus has a pattern, for instance, arriving almost every
15 minutes and may be subject to the delay on the road. This is a temporal
point pattern. Some other examples are the occurrence time of vomit symptoms
when a patient suffers from the nausea and the occurrence time of the earthquake
occurs in Japan.

2.5.1 Three Views of a Temporal Point Process

A temporal point process, or an arrival process [31] can be specified by three
different views, which are the arrival time-stamps of events, the inter-arrival time
of two consecutive events and the number of events before a given time. Hereafter,
we use the name event to indicate the occurrence of an incidence and it is different
from the event in the probability space. First we give the definition of a temporal
point process based on the arrival times of events {X;}.
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Definition 2.5.1. A temporal point process is a sequence of random variables
{Xi}2, with the following property:

O<X7;<Xj, Vi < j.

Notice that this is a very informal definition and a more formal one can be
found in Daley and Vere-Jones [16] and Kingman [52]. A temporal point process
will start at the time 0 and due to the increasing constraint on the random
variables, multiple events will not occur simultaneously. If we would like to
study the phenomenon of multiple arrivals at the same time, we could associate
an additional random variable to each arrival time to model the number of the
arrivals Daley and Vere-Jones [16].

The second way to specify a temporal point process is by the sequence of ran-
dom variables {Z;} which represent the inter-arrival times of any two consecutive
events by the following equation:

Zi=X1, Zi=Xi— Xi_1, i > 1. (2.19)

The third way to specify a temporal point process is by a counting process
N(t),t € Rsg. A counting process is a right-continuous function defined by the
following equation:

N(t) = #{X; € (0,1]},1 € Rug.

Here # denotes the number of elements in the set and R~ is the space of
all positive real numbers. N(0) is usually defined to be 0 which indicates that
there is no event when the experiment starts. Finally, we can define the intensity
function by the counting process.

Definition 2.5.2. The intensity function A(t) is defined as the limit of the rate
of events at a given time.

A

lim E N(t+At)—N(t)’Ht]

At
( ) At—0t At

. (2.20)

Here H; 4 {X; € (0,t)} is the history of the events before time t.

These three different views are closely related and we could obtain the other
two views from any single view. We illustrate the relationship among these three
views in Figure 2.5.

2.5.2 Homogeneous Poisson Processes

A Poisson process [52, 31] is a special case of the temporal point process and is
also widely used in the various disciplines. Since there are three different views
of a temporal point process, we can define a Poisson process in three different
ways. Here we use the definition from the view of inter-arrival random variables.

Definition 2.5.3. Let A be a positive real number. A homogeneous Poisson
process is a temporal point process in which the inter-arrival random variables
{Z;} are i.i.d. exponential random variables with the parameter X\, that is

p(Zi = zA) = Aexp(=Az), A,z 2 0. (2.21)

Based on Definition 2.5.3, we can study the distribution of the arrival time
X; and the counting process N (t). First we introduce the following lemma.
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Figure 2.5: The illustration of the three views of a temporal point process. A
realization of the arrival times {X;} are marked with blue points in the horizontal
axis. A realization of the inter-arrival times {Z;} are marked with the lengths of
the double arrows. A realization of the counting process is shown by the right-
continuous function with a black point indicating that the function takes the
corresponding value.

Lemma 2.5.1. Let {Z;} be i.i.d. exponential-distributed random wvariables in
Equation (2.21). Then X} = Zle Zj; and Zy41 are independent random vari-
ables.

Proof. First we use the law of total probability on the joint distribution.
P(Xy =a,Zk41 =)

—/ P(Z1:zl,...,Zk:zk,ZkH:b)dzl---dzk.
z21++zp=a

Since {Z;} are independent random variables, we have the decomposition.
P(Xy =a,Zp41=0)
:(/ P(Zy =21, 2 = 2)do . . dzk>P(Zk+1 — )
21+ +zp=a
=P(Xyx =a)P(Zky1 = D).
O
This lemma indicates that for a homogeneous Poisson process, the previous

arrival time will not affect the arrival of the next point. The distributions of X
and N(t) are given by the following two theorems.

Theorem 2.5.1 (Gallager [31]). Let {Z;} be i.i.d. exponential random variables
in Equation (2.21). The distribution of X; = 2321 Zj is an Erlang distribution.

MNxi=lexp(—\)

Lz € R (2.22)

Proof. We use the mathematical induction method to prove this. For ¢ = 1,

P(X) =271 =) = Aexp(—\x).
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Since the exponential distribution is the Erlang distribution when ¢ = 1, the
proposition holds true. Next assuming that the theorem is true when ¢ = k, since
X1 = Xi + Zp+1, we have

T
P(Xyy1 =2) = / P(Xy =s,Zk =x—s)ds (The law of total probability)
0

= / P(Xy, =s)P(Zy =z — s)ds (Lemma 2.5.1)
0
Z \Fsh=1exp(—\s)
= /0 1) Aexp(—A(z — s))ds
)\k—l—l _ T
_ exp(—Az) / =1
G—0 o
_ Aflexp(—Az) :Lk AR exp(—Az)
N (k—1)! E k! ’
This means that the theorem holds true when 7 = k£ + 1 and according to the

mathematical induction method, the theorem is proved. ]

Theorem 2.5.2 (Gallager [31]). Let {Z;} be i.i.d. exponential random variables
in Equation (2.21) and X; = 3", Z;. The distribution of each random variable
N(t) = #{X;, X; € (0,t]},t € ]R>0 is a Poisson distribution.

A" exp(—At)
n!

P(N(t) =n;\) = ,n € NT. (2.23)

Proof. We can represent the event {N(t) = n} with X,, and Z,,1 using the law
of total probability and then calculate the probability.

P(N(t) =n) / P(X,, =s,Z,41 >t —s)ds (The law of total probability)

/ / Xn = 8)P(Zp41 =r)drds (Lemma 2.5.1)
t—s
\tgn— 1 -
= / exp(=As) exp(—A(t — s))ds (Theorem 2.5.1)
_ A exp(—At) /t 1 _ A" exp(—)\t).
(n—=11! Jp n!
O

Utilizing the distribution of N (t), we can calculate the intensity function A(¢)
of a homogeneous Poisson process. First we review the memoryless property of
the exponential distribution.

Lemma 2.5.2 (Memoryless). Let Z; be an exponential-distributed random vari-
able in Equation (2.21). Then
P(Z;>t+s|Z; >t) = P(Z; > s). (2.24)

Proof.
P(Zi>t+s,Z; > t)

P(ZZ > t)
_exp(—A(t + 5))

exp(—A(1))

P(Zi>t+8‘Zz‘>t)=

= exp(—As) = P(Z; > s).
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One metaphor for this lemma is given as follows. Let us assume that the
arrival time of a bus follows a Poisson process. This lemma tells us that if a
person has waited at a bus stop for one hour, this one hour will not change the
expected time he/she has to wait till the bus comes.

Corollary 2.5.1. Let {Z;} be i.i.d. exponential random variables in Equation
(2.21). X; = 22:1 Zj and N(t) = #{X;, X; € (0,t]},t € Rsp.

P(N(t+s) — N(s) =n|N(s) =m) = P(N(t) =n),n € NT. (2.25)
Proof. Let us consider the arrival time of the first event after time s,
P(Xpmt1>1+58|N(s) =m) = P(Zyy1 >r+s—ulN(s) =m, X, = u)
=P(Zmt1>1r+5—uZmy1 >5—u, X =u)
= P(Zpt1 > 7). (Lemma 2.5.2)
This implies that the distribution of the first event after time s is still the
exponential distribution in Equation (2.21). Reusing Lemma 2.5.2, we may con-

clude that the all events after time s follows the same pattern as if the process
started from O. O

Corollary 2.5.2. The intensity function of a homogeneous Poisson process is a
constant function \(t) = .

Proof. First we recall the distribution of N (¢t + At) — N(¢) from Lemma 2.5.1 as

follows:
(AAL)™ exp(—AAt)

n!
Then the intensity function can be computed according to Equation (2.20).

P(N(t+ At) —N(t) =n) =

A N(t+ At) — N(t)
NOERGR |
®) A0+ [ At Ht}
) 2 (MAR)" exp(—\At) . exp(—MAL) = a”
At0+ = " n!At At0+ At (7;) "l ) a=\At
. exp(—AAt)
= lim ———= AALAAL = A
At At exp(AAY) ’
where we used the sum Y 2 jna”/n! = aexp(a). O

2.5.3 Inhomogeneous Poisson Processes

As we can see from the intensity function, homogeneous Poisson processes are
restrictive when we are trying to describe the complicated time-sequences in the
real-world. One way to generalize the concept of homogeneous Poisson processes
is to allow the intensity function to be an arbitrary function. The resulting
process is called an inhomogeneous Poisson process [31]. We define the inhomo-
geneous Poisson process with inter-arrival times to compare this concept with the
homogeneous Poisson process.

Definition 2.5.4. Let i : Ryg = R>q be a non-negative function. An inhomo-
geneous Poisson process is a temporal point process with the inter-arrival random
variables {Z;}. The distribution of each random variable Z; is given as follow:

Ti—1+z

P(Z; = 2| Xi1 = xi15 1) = (w1 + 2) exp ( - /

LTi—1

,u(a)da), (2.26)
where X; = Z;‘:l Zi, Xo =0 and an observation of {X;} is {x;}.
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The cumulative distribution function for Z; can be computed with integration.

Ti—1+z

P(Z; < z|Xi-1 = xi—1;0) = 1 —exp ( —/

Ti—1

,u(a)da). (2.27)

Later we will prove that the intensity function of an inhomogeneous Poisson
process is exactly p(t). For the time being, we call the function p(t) the intensity
function. First we derive the data likelihood when observing the points {x;}? ;
from an inhomogeneous Poisson process on the observation window (0, 7.

Theorem 2.5.3 (Gallager [31]). Let {Z;} be inter-arrival random variables for
an_inhomogeneous Poisson process with the intensity function u(t). Let X; =
23:1 Zj. The probability for the event {0 < X; =21 < - < X, = x, <
T,xp41 > T} is

T
PO<Xi=m << Xp=x, <T,xp41>T) =exp (—/ u(a)da) HM(%)
0 ;

Proof. Since in Equation (2.26), X; = Z; + X;_1, we have
P(Zi =21 X1 =xi15n) = P(Xs = 24+ 21| Xim1 = 215 ).
The probability can be computed as follows.
PO<Xi=m< - <Xp=2,<T,xp41 >T)

:P(Xl = l’l)P(Xn_H > T‘Xn = JIn) ]‘_[P(X'Z = 'fi’Xi—l = xi_l)
=2
:P(Zl = $1)P(Zn+1 >1T — l‘n|Xn = fn) ]i[P(ZZ =xT; — Cﬂifl‘Xl;l = :Eifl)
=2

=exp ( - /OT u(a)da) HM(%)

i=1
O

The distribution of N(¢) in a homogeneous Poisson process is a Poisson dis-
tribution. Similarly, the distribution of N(¢) is also a Poisson distribution and
we can prove this with Theorem 2.5.3.

Corollary 2.5.3. Let {Z;} be inter-arrival random variables for an inhomoge-
neous Poisson process with the intensity function p(t). X; = Z}Zl Zj. The
distribution of N(t) = #{X;, X; € (0,t]},t € Ry is a Poisson distribution.
1 t n t
P(N(t) =n;pu) = ‘</ p(a)da) exp ( —/ ,u(a)da),n € NT. (2.29)
n: 0 0
Proof. We can compute the probability directly with integration.

P(N(t) = n; p)

(The law of total probability.)

t n
= exp ( — / u(a)da) / H,u(mi)dxl ++dxy,  (Theorem 2.5.3)
0 0<z1<--<wn<t ;4

_ :ﬂ(/otu(a)da)nexp<—/Otu(a)da>.
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In the last step, we use the integral result which can be obtained from a
straightforward computation.

n

T[] #ei)dar - dwn = ;l(/ot pla)da)”  (230)

~/U<II71<"'<I]€+1 St i=1

O

Before calculating the intensity function in an inhomogeneous Poisson pro-
cess, we first examine the distribution of the number of events in an arbitrary
observation window (s, s + t].

Corollary 2.5.4. Let {Z;} be random variables with distributions described in
Equation (2.26) and X; = Y7%_, Zj. Let N(t) = #{X;, X; € (0,1]},¢ € Rxo. The
distribution of N(t + s) — N(s) is also a Poisson distribution.

P(N(t+s)—N(s)=n;u) = ! (/SHS u(a)da)nexp ( - /SHS u(a)da),n € NT.

Tl

Proof. Notice that Equation (2.26) is not an exponential distribution now. This
implies that the memoryless property does not hold for an inhomogeneous Poisson
process. However, we can still compute the probability.

P(Zi >a+b,7; > CL|X1;1 = T;_1; ,u)
P(Z@' > a|X@-,1 = :L'ifl;/,t)

P(Zz >a+ b|ZZ >a, X1 = xi_l;,u) =

= exp ( - /aa+b ,u(u)du). (2.31)

We will examine the distribution of the first event. Let N(s) = m and then
the probability that next event X,,+1 occurs is:

s+r
P(Xp41 > 71+ s|N(s) =m, Xpmq1 > s) = exp ( — / ,u(u)du).

Notice that the distribution does not depend on the information when X,,
occurs and what N (s) is. Reusing Equation (2.26), we can obtain the distribution
of N(t+s) — N(s).

P(N(t+s)—=N(s) =nyp) = P(s < Zmi1 < -+ < Zmin S+, Zmgnir > t+8).
The remaining computation is similar to that in Corollary 2.5.3. 0

Based on Corollary 2.5.4, we can obtain the intensity function of the inhomo-
geneous Poisson process from the definition.

Corollary 2.5.5. The intensity function of an inhomogeneous Poisson process
is A(t) = u(t).

Proof. Using Corollary 2.5.4, the distribution of the number of events N (t+ At)—
N(t) is a Poisson-distributed random variable and

t+At
E[N(t + At) — N(t)] = /t 1(a)da.

The intensity function can be computed from Equation (2.20).

im E N(t + At) _N(t)‘”;‘-lt] _
At—0+ At

A

A(t)

1 t+At
Jim [ wlayda = ).
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2.5.4 Sampling Algorithms for Poisson Processes

The simulation of a homogeneous Poisson process can be obtained directly from
Definition 2.5.3. The basic idea is to sample each random variable Z; indepen-
dently. The sampling algorithm [83] is given in Algorithm 4.

Algorithm 4: The sampling algorithm for a homogeneous Poisson process.

Input : The hyper-parameter A and a time window (0, 7).
Output: A sequence of arrival times {x;}.

1 Initialize £k = 1,29 = 0.

2 while True do

3 Sample w ~ Uniform][0, 1].

4 Set z = —(Inw)/A.

5 if z_1 + 2 < T then

6 ‘ Set xp =xp_1+ 2. Set k =k + 1.
7 else

8 ‘ Return {z;}¥_,.

9 end

10 end

In Algorithm 4, the inverse sampling [82] is used in Steps 3 and 4 to sample an
exponential-distributed random variable Z. The inverse sampling can be verified
by the following equation:

P(Z <z)=P(—In(W) < Xz) = P(W > exp(—Az)) = 1 — exp(—Az).

For an inhomogeneous Poisson process, the thinning algorithm [55, 72] can
be used to sample the arrival times {z;}. The sampling algorithm is provided in
Algorithm 5.

Algorithm 5: The thinning algorithm for sampling an inhomogeneous Pois-
Son process.
Input : The intensity function A(¢) and a time window (0, T7].
Output: A sequence of arrival times {xy}.
1 Initialize £k =1,¢ = 0.
2 Compute \ = maX,e(o,7] A(S)-

3 while True do

4 Sample two random variables W, V' ~ Uniform|0, 1].
5 Set z = —(Inw)/\.
6 if t4+ 2z < T then
7 if vA < (¢ + z) then
8 ‘ Set xp,. =t+ 2. Set k=Fk+ 1.
9 else
10 ‘ Reject z.
11 end
12 Sett =1t + z.
13 else
14 ‘ Return {z;}*_,.
15 end
16 end
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Intensity function and all sampled points.

10{ —— Intensity function A(t) o Accepted points
x  Rejected points

—— Upper bound A

Time t

Figure 2.6: The illustration of the sampling process of the thinning algorithm.
The intensity function is given in the top figure along with the accepted and
rejected points, which are denoted with “o” and “x” respectively. The vertical
coordinate of each point corresponds to V. Only points below the intensity
function are accepted. The final sampled sequence is given in the bottom figure.

An illustration of one sampling algorithm is given in Figure 2.6. Each point
in the figure is denoted with “o” or “x”. The vertical coordinate of each point
corresponds to v in Algorithm 5. We can notice that the accepted points fall
below the curve of the intensity function and the rejected points fall above the
curve.

To prove that using Algorithm 5 we indeed sample an inhomogeneous Poisson
process with the intensity function A(t), first we examine the distribution of the

random variable X7, which represents the arrival time of the first event.

Theorem 2.5.4 (Lewis and Shedler [55]). The distribution of the arrival time
of the first event is as follows:

P(Xy =x1) = Mx1)exp < — /Om )\(a)da), x1 > 0.

Proof. Before accepting the first event, there may be multiple rejections in Step
10. Let the rejected times be {r;} and ro = 0. The probability that the arrival
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time of the first event is accepted after k rejections {r;}%_, is as follows:

P(X| =z, {r;}¥_| is rejected)
k

o HPeoieren(=20] =0
x Aexp(=A(z1 — 1)) A(;\xl)drl coodry
:)\(331) exp(_j\xl) /0<r1<...<rk<oc1 Zlf[l {;\<1 a /\(;\,Z))} dry---dry
(47 A1 22 )an)
)

=\(z1) exp(—Az1) (Equation (2.30))

k!

The probability of {X; = x1} can be represented by the law of total proba-
bility.

o0
P(Xy=m)= ZP(Xl =1, {ri}f_ | is rejected)
k

-0 ) e k
— A1) exp(—Ae1) (fo >\<1 _ 3 )d >

k=0

= A(21) exp(—Az1) exp (/0331 5\<1 — (S\a)>da)

= A(z1) exp ( - /0ng A(a)da).

>

O]

After accepting the first sample, the thinning algorithm restarts. We can con-
clude that the following events will obey the same pattern described in Equation
(2.26) in a similar way. This implies that the sample we obtain from the thinning
algorithm is truly a realization of the inhomogeneous Poisson process with the
intensity function A(t).

2.6 The Intensity Estimation for Recurrent Event Data

In this section, we briefly review the previous studies on the estimation of the
intensity function from the time-sequence data. The first assumption we make is
that the time-sequence is drawn from an inhomogeneous Poisson process.

2.6.1 Estimation of the Mean Intensity Function

When having a data set of time-sequences from K subjects D = {di}5_, on
Xr = [0,T], we can assign an independent intensity function to each of the
subjects {A\p(z)}, and estimate each intensity function separately. However,
this is not efficient since the memory cost of this approach is O(K). Moreover,
the performance of the estimate for the time-sequence with very few arrival times
will be very poor.

The most naive way to reduce the memory cost and share the statistical
strength is to assume that all time-sequences are generated by the same inho-
mogeneous Poisson process with intensity A(z). Based on this assumption, the
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logarithm of the data likelihood can be computed using Theorem 2.5.3.

In p(D|\(z 1an di|\(z

KNk

=3 maE?) +K( / )\(x)d:c). (2.32)

k=1 j=1

Based on the logarithm of the likelihood in Equation (2.32), we can prove the
following theorem.

Theorem 2.6.1 (Cook and Lawless [15]). When all observations are the same
Xy = X, Vk=1,...,K, the estimate \(x) which we obtain by mazimizing Equa-
tion (2.32) is an unbiased estimator of the mean of all intensity functions {\;(x)}.

Ef(2)] =

7 2 (). (2.33)

i\

Proof. Let the counting processes be {Nk(x)}szl. Correspondingly, we have the
number of events in [s, s + ds) which we denote as {dNy ()}, [15]. Using the
definition of the intensity function, we have

E[dNk(x)] = A\ (z)dz.
The logarithm of the likelihood can be rewritten as

K Ny

mp(DA@) =3 mA@?) +K( //\(x)dx)

k=1j=1
—Z/ln/\ )d Ny (z K/

Taking the derivative with respect to A(z) and setting it to zero, we obtain

that
1 K
= 2 D dNk(@)
k=1

The expectation of the estimate A found by maximizing this data likelihood

K
E[A(z)d ( Zde ):%Z)\k(:p)daz
k=1

is

O

To ease our notations, we review the estimation method of the intensity func-
tion assuming that we only have a single time sequence K = 1 in Sections 2.6.2
and 2.6.3. We can also use these methods to estimate the mean intensity func-
tion. However, only estimating the mean of the intensity functions fails to model
the diversity among K time-sequences. We will review the studies on how to
model the diversity among K time-sequences in Section 2.6.4.
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2.6.2 Point Estimates of the Intensity Function

Previous studies on the point estimates for the intensity functions assume that
the true intensity function is fixed before the sampling process. Here we introduce
the kernel smoothing method [18] and the local likelihood method [103, 9, 43].

For the time-sequence in the recurrent event data, we first consider the situ-
ation where the number of subjects K =1 and the data d = {z; € X}é\le.

Kernel Smoothing Method

The estimate by the kernel smoothing method [18] is given by the following
equation.

=1

N N 1 N T — X;
AMz) = kp(t—x;) ==Y kK ), h>0,7 € X,
2l =z hg ( h )

where h is a positive number termed the bandwidth in the transformed kernel
function xp(x). The kernel function «(-) satisfies the following property:

k() > 0, /oo @)z = 1, /OO h(@)ds = 0, /OO 22k(z)dz < oo.

— 00 — 00 — 00

The bias of this estimate can be computed by the following equation [81].

EA()) - @) =E[i,}e(y )] =)
i=1
= E[% /oo /i(y ; x)dN(a:)] - Ay) (N () is a counting process)

= 3 [R5 2w = [ @06 - ) - M)

—0o0 —00

_ /OO /{(x)( — N(y)hz + )\”2(11)(h1:)2 + o(h2))d1: = o(h).

— 00

In the last equation, we use the Taylor expansion of A(x) at y.

My — ha) = My) — N (y)hx + X/z(y)(hac)2 + o(h?).

This indicates the bias of the estimate approximates 0 as the bandwidth
h — 0. Since the arrival times outside the window X = [0, 7] are not observed,
the end-correction is usually added to the kernel smoothing estimate [18].

; vy knl — )
Az) = . 2.34
(@) fOT kp(x —t)dt (2:54)

In Diggle [18], when using the uniform kernel function x(z) = 1/2,—1 <
z < 1, the bandwidth is chosen to minimize the expected minimum squared error
(MSE) E[(A(z)—A(z))2]. However, when a general kernel is used, MSE can not be
easily computed. In the baseline experiment by Lloyd et al. [60], the bandwidth
h is chosen by maximizing the leave-one-out training objective.

N
1 /x; —x;
h* = arg max In —n( ! ]).




Local Likelihood Method

In the local likelihood method 1103]’ Phe objective function to be maximjzed is
the local likelihood function £(A;x). A is the estimate intensity function A.

A~ N ~ T ~
Lhz) 23 k(e —2)InA(zy) — / kn(t — 2)\(t)dt. (2.35)
i=1 0

To explain why maximizing Equation (2.35) is a good idea [43], note that as
the number of observed events N grows, £(\;x) converges in probability

T T
£(5\;x)—>/0 mh(t—x)lnj\(t))\(t)dt—/o ko (t — 2)A()dt

T
_ / st =) M) mA) — A1) at.
0

This is equivalent to minimizing the Kullback-Leibler divergence

oo Alt) 3
/O kn(t x)[A(t)lnS\(t) (A1) A(t))}dt,

where the kernel function is used to smooth the divergence.

The local likelihood method begins with the local polynomial approximation
at x with parameters {o; }?ZO. The exponential transformation is used to ensure
the non-negativity.

aj(s—x), |z —s| < h. (2.36)

M=

In A(s) ~
=0

Inserting Equation (2.36) back to Equation (2.35), we can obtain the training
objective E({ozj}é’zo; x).

oj(w; — )

M*@

N
LY _yi2) £ k(e — )
i=1 j=0

T P
— /0 Kp(t — x) exp (Jgo aj(s — :U)j>dt. (2.37)

The optimal values {a] }?ZO can be learned by maximizing this training ob-

jective. Based on Equation (2.36), the value the intensity function A(s) at z is
exp(ag). Taking the derivative of ﬁ({ozj}gzo; x) with respect to ag and setting
the derivative to be zero, we have

() — ‘ S fn(w — x)
Az) = explag) = t .
’ fOT kp(t — x) exp ( Lot — m)j>dt

When p = 0, the local likelihood estimate 5\(30) recovers the kernel smoothing
estimate with the end-correction in Equation (2.34). When p > 1, the local like-
lihood method is given in Algorithm 6. The bandwidth h in the local likelihood
method can be found by the cross-validation.
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Algorithm 6: The local likelihood method.
Input : The bandwidth h, the time window (0,77, the time sequence d
and the positions to be estimated z = {z;}.
Output: Tpe estimation of the intensity function at the given positions
{A(zi)}-
Initialize k = 1,x9 = 0.
for each z; € z do
Construct the local likelihood £({a;}}_y;2i) in Equation (2.37).
Maxjmize L({a;};_p; #) to obtain the optimal {af}._.
Set A(z;) = exp(ag)).
end

(=B B U VN

2.6.3 Variance Inference of the Intensity Function

From the Bayesian point of view, the underlying intensity function is no longer
fixed before the sampling process. Instead it has a distribution. In this case, the
inhomogeneous Poisson process is called a Cox process.

Definition 2.6.1. A Cox process is an inhomogeneous Poisson process whose
intensity function is drawn from a stochastic process.

The stochastic process is usually chosen to be a Gaussian process, since one
can sample an arbitrary function from a Gaussian process. However, as the
function f(x) sampled from a Gaussian process is not necessarily guaranteed to be
non-negative, a transformation has to be applied to the f(x). The transformation
is chosen to be a sigmoid function in Adams et al. [2].

— )\*
~ 14exp(—f(z))

where A* is a non-negative real number and it determines the upper bound of
the intensity function. An MCMC algorithm is used to sample the function f(x)
based on observed time-sequence d. In Lloyd et al. [60], the transformation is
chosen to be a squared function A(z) = f2(z) and the reason behind this choice
is that this form admits a tractable and efficient variational inference framework.
Next we introduce this variational inference framework based on the descriptions
provided in Lloyd et al. [60].

Given the time-sequence data d = {z; € X }évzl, we add a set of pseudo inputs

X = {Zm}M_|, M < N and their corresponding function values f = {f(Z,,)}2_,
as in Section 2.4.2. The generative process for the time-sequence data d is given
in Algorithm 7.

In Algorithm 7, kzy 2 K(T,T) K% = k(z,X) and we denote the inhomoge-
neous Poisson process sampling algorithm given in Algorithm 5 as IPP(-). The
construction of the prior p(f(z), f) is different from the sparse Gaussian process
representation in Section 2.4.2 since the the conditional probability is the same.
When my = 0, f(x) may change its sign several times and it might restrict the
optimization process [47].

The variational distribution is as follows:

q(f(2), f) = p(f @) FIN (F; . ).

A) , f(&) ~ GP(m(z), 5(z,2), A" =0,
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Algorithm 7: The generative process for the time-sequence data.
Input : The mean value mg > 0, the covariance function k(z,z") and a
time window (0, 7]
Output: The time-sequence data d
1 Sample the vector f ~ N (mo, Kxx).
2 Compute the function f(x).

f(z) ~ QP(HJCXK;{)—(]‘T, Koz — fexXK;—(lXﬁ;rX). (2.38)

3 Compute the intensity function \(z) = f?(z).
4 Sample d ~ IPP(A(z)) on the time window (0, 7.

The marginal distribution ¢(f(x)) is a Gaussian process GP(m/(z), k(z, z')).

’ﬁ’L(l‘) = xXKXXuv

R, 7)) = Fpe — Ky K2 X +K XK K

XX x XX a:’X

The training objective in the variational inference framework can be obtained
from Equation (2.14), since the data likelihood p(d|f(z)) is not conjugate to the
Gaussian process prior.

: %
LrLB0 (1 55 0) 2 Ey(gay) [ pl(dl] £(2))] + By [m p(qf(f) )} '

In Lg1Bo, the second term is the same as Equation (2.18). Utilizing the data

likelihood p(d|f(x)) from Theorem 2.5.3, we give the computation for the first
term.

N T
E 7o) I p(dlf (2))] = Ey(gay) | 3 I A(wi) /0 A(w)dz|. (2.39)
i=1

Next we calculate the two expectations Eq(f(,)) f A(z)dr and Eq(f(z)) In A(7;)
separately.

The Expectation E s, fo

The expectation of the integral can be computed directly.

T T
Eq(()) /0 Aa)dr = /0 Eq( syl f?(2))dz
[ (e Vi do= [ (m@)?+r d
= | Bggaplf @] + Varggplf (@) Jdo = |- (m()” + 5z, 7) ) d
T
= /O (Fam —kx K kg + R, x K s (S + uuT)K;({,anX)da;

:/j(;@zxdaz (K”@)Hr(K”@K”(W +2))d

where ® € RMXM and ®;; = fo (T, 2 ,T;)dz. When we assume the kernel
function is the ARD kernel in Equatlon (2 10) the integral can be analytically
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computed.

T
Kepdx = cT,

|j|> o\

/OT K(Zi, 2)k(2,25)dz

Vb T; — &j)? Ti+Tj — Ti + T
- e (= P e () e ()

The Expectation Eyf(,)) In A(z;)

We explain the derivation in details since this part is not provided in Lloyd et al.
[60]. The marginal distribution g(f(z;)) is also a Gaussian distribution N(fi;, 52)
with the mean and the variance given as follows:

fi = Ky x5

67 = Kua; — K x Kg'xFo 3 + 0, x K ZK g R0 5

The expectation can be computed by the following integral.

Eq(f(ml)) hl)\ / N $ ,U,,, z)lnx dx. (2.40)

We show through the following lemma that the expectation can be analytically
computed.

Lemma 2.6.1. Let a normal-distributed random wvariable Y ~ N(p,0?) and
o= (u/o)?. Then

Ey[lnY?] = +§: 90/2]6Xp ‘p/z)w(j+1/2), (2.41)
Jj=

where 1(-) is the digamma function.

Proof. Let Y = Y/o, then the expectation can be calculated as
(y — w)?
a0 (- gd )

_/_C:(IHQQ—i—lnaz)manp(—W)dy (Y =Yo)

exp ( - W)dg. (2.42)

Ey[nY?] = T v’

— IHO + ln
y /2

The second part has the form of Ey[InY?], where Y ~ A(u/o,1) . Let
W = Y2 and W follows a standard non-central chi-squared distribution with
parameter p = (u/0)? [24]. The distribution of W is given as follows:

w+<ﬂ 0
wso/ 1))
24
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The expectation of In W then is
w+<P [e%¢}
> (wep/4)!
Ewl|[ln W] = / dw
win Wl 0 \/wZ]'FJ‘I‘l/Q)
= (p/a)leel?
“ V2jIT(j +1/2

Je—e/2
Wz)ﬂ(ln2+w(j+l/2)). (2.44)

) / e~/ 2 =2 1 wdw

11

.
Il
=)

The digamma function is defined as the integral [1].

2 '(2) = i Ooe_x:zz_l nxdzr
&2 =1, v

Substituting Equation (2.44) back yields the answer. O

To perform a practical computation, we use the property of a digamma func-
tion. Let v be the Euler-Mascheroni constant and v =~ 0.57721.

1 "2
i+ —-) =—v—2In2 —~ _ jeNT.
1/;<z+2> 0 n +;2i_1,z€

The expectation can be further transformed to the following form.

Ey[lnY2]——’y—i—ln< )+Z (p/2) eXp ¢/2)Zj:2k2_1. (2.45)
k=1

We can prove the following lemma to calculate the last complicated term.

Lemma 2.6.2. Let g(z) denote the sum

Let M(a,b, z) denote the Kummer function of the first kind [1].

a(™

M(a,b,z)éii

where a9 =1, =a(a+1)---(a+n—1). Then

9(z) = —EW wope0s 2 20 (2.46)
Proof. First we calculate the derivative of g(z) with respect to z.
/ = 2
J'(2) = exp(—=2) ]z:% TG +1/2) = 2exp(—2)M(0.5,1.5, 2)
o (—2)




The function g(z) ) The gradient of the function g(z)
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Figure 2.7: An illustration of the function g(z) and ¢'(2).

where we use the following property of the Kummer function e *M (a,b,z) =
M(b — a,b,—z). Integrating both the left-most and the right-most sides, we
obtain that

_ [ _ - (—2)
g(z)—/o g'(s)ds + g(0) = 22;)(j+1)(1.5)j. (2.47)

Using the following property from Ancarani and Gasaneo [3] for the derivative
of the Kummer function of the first kind, we finish our proof.

n

OM (a,b, z _z s Z
a=0 bz 1+b n! bZ (1 + b))

Oa

O]

Combining Equation (2.45) and Lemma 2.6.2, We obtain the following the-
orem for the computation of the expectation Ey [InY?] of a normal-distributed
random variable Y.

Theorem 2.6.2. Let a normal-distributed random variable Y ~ N(u,0?) and
¢ = (n/0)?, then

02) _ OM(a,b,—¢/2) (2.48)

Ey[lnY? = —v+1n (—

2 Oa a=0,b=0.5"

where M (a, b, z) is the Kummer function of the first kind.

Remark 1. This theorem is not explicitly stated in Lloyd et al. [60]. We piece
together the information from the previous studies [60, 56, 3.

Since the operation of calculating g(z) is very often, we use a multi-resolution
lookup table to store the value of g(z) and its derivative with respect to z. An
illustration of the function g(z) and ¢'(2) is given in Figure 2.7.

OM(a,b,—z
Q(Z) = —7( da ) \azo,b:0.5
~  lim M(A,0.5,—z) — M(0,0.5,—z) ~ im (A, 0.5, )’
A—0t A A—0Tt A

g (z) =2M(1,1.5,—=2).
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Comparison of the Intensity Functions Comparison of the ISE
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Figure 2.8: The illustration of the comparison the kernel smoothing and the
variational inference method. (Left top) The inferred intensity function by the
kernel smoothing, the variational inference and the true intensity function. (Left
bottom) The data set used to perform the inference. (Right) The box plot of the
MISE for the kernel smoothing and the variational inference method. We repeat
the sampling and the inference process for 30 times.

For small z, its value M (a, b, z) can be obtained from a R mathematic toolbox
[104]. When |z| — oo, the computation is really slow and we use the following
property [1] to approximate M (a, b, z).

ezza—b (_Z)—a
T(a) TOh-a)

M(a,b,z)%F(b)( >,]z\—>oo.

Up to now, all terms in Lgpo can be analytically computed and the pa-
rameters to be optimized are {u, X, ¢, b}, where pu, ¥ are the parameters in the
variational distribution and {c, b} are the hyper-parameters of the ARD kernel
function in Equation (2.10). We use the VB-EM framework in Algorithm 3 to
optimize the parameters.

A comparison of the kernel smoothing estimate and the variational inference
estimate are given in Figure 2.8. We calculate the integrated squared error (ISE).
For the variational inference method, we use the mean function as 5\(1’)

T
ISE(A, \) = /0 (A(x) — A(2))2da.

Lloyd et al. [60] also show through synthetic experiments that the variational
inference estimate can outperform the kernel smoothing estimate in terms of
prediction accuracy.

2.6.4 Latent Poisson Process Allocation

In order to model the diversity among K subjects when the time-sequence data
are in the form of recurrent events, Lloyd et al. [61] proposed the latent Poisson
process allocation (LPPA) model. In LPPA, a set of L basis functions is used
and the kth time-sequence is assumed to be generated by a Cox process with an
intensity function A\x(x). The entire generative process is given by Algorithm 8.
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Algorithm 8: The generative process for LPPA.

Input : The number of latent function L, the number of the
time-sequences K, the mixture weights {0}, the mean value
my, the covariance functions in L Gaussian processes {;} and a
time window (0, 7.

Output: The time-sequence data D = {d;}5_,.

for each basis functionl=1,...,L do

Sample fl ~ QP(mO(x), /€l<l‘,$/)).

end

for each subject k =1,..., K do

Calculate the intensity function.

Gk W N =

L
2) =Y Oufi(x), O >0. (2.49)
=1

Sample dy ~ IPP(A;(x)) on the time window (0, 7.
7 end

In Algorithm 8, f;(¢) is a function drawn from a Gaussian process prior, 0; is
its weight, and L is the number of latent functions. To ensure the non-negativity
of A\g, fi are squared and weights 6j; are required to be non-negative.

Similar to the sparse Gaussian process in Section 2.4.2, a set of pseudo inputs
X = {:Z“m}n]‘f:l, M < N and their corresponding function values for each basis
function f; = {fi(Zm)}M_,, I =1,..., L are added. The joint likelihood is given

as follows:

K

L
p(D{fi@) Yo { i) = [ pldel{fi(=) Vs k) [ [ (i) F)p(Fis X)),
121

k=1

where the two distributions p(f;; X) and p(fi(z)|f;) are defined below:

p(fi; X) = N(fi;mo, K, x %), mo >0,

filz) ~ gP(’ﬂxxKlXXfaf‘ﬂlm—"‘l,xXKl)lcx lTX)‘

In LPPA, the variational distribution q({f;(z)},, {fi}L,) is chosen as

p(fi(2) f1)a(fr)

=

a(Lfi@) o Af ) =

N
Il
i

p(A@)FON (fis . ).

I
-

o~
I

1

The marginal distribution for ¢(f;(z)) is a Gaussian process with the mean
function m;(x) and the covariance function 7;(z,z')).

ml(x> =K a:XKl XXu‘lv

= A — T — - T
H:l(x’x>_K:l:xm,_K’ZJ»’XKIXXK’lx’X+Hl$XKlXX2KlXX L X

Given the joint data likelihood and the variational distribution, the ELBO
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can be derived as follows:

lnp(D; {64}) = In / (D @)Yy AT (0 dfs - dfrd s - dfy

p(D i)y AT}y {00))
> Bt ot | A () |

1 L p(Fi X)
= [T Eagangy | mpdil{fi@)} i )] + D Eyzy | 0" «F) BIE2] (250)
k=1 1=1

The second term is the sum of K negative Kullback-Leibler divergence be-

tween two Gaussian distributions, each of which can be computed similar as
Equation (2.18).

PAX) Ly, B ML

N ‘Kl XX‘ 2 fox(zl"i_(ﬂl_m())(ul_m())—r)'

The first term, however, is not tractable. To derive a tractable lower bound
of the intractable ELBO, we first prove the following lemma from Paisley [74].
In Lloyd et al. [61], a different derivation is used and the result is the same.

Lemma 2.6.3. Let {X;} | be a set of positive random variables, then

Eln (iXk) > In (iexp(Elog Xk)> (2.51)

Proof. The function In(:) is concave. Using an auxiliary probability vector,
(p1,--.,pK), where px > 0 and Zszl pr = 1, it follows from Jensen ' s inequality

that . . .
Eln(;Xk> :Eln(;pk);:) Z;pkEln <i§:> (2.52)

Taking derivatives with respect to each element in {p;} and setting each
derivative to zero, we have

exp(Eln X
pp = —p D ) (2.53)
Y w1 exp(Eln X,)

Inserting this back, we obtain the desired bound. O

Using this lemma, each term E, | Inp(di|{fi(x)}£;0k)| can now be lower
bounded by the following theorem.

Theorem 2.6.3 (Lloyd et al. [61]). A lower bound for the first term in Equation
(2.50) is given by the following equation.

B, [ Inp(dyl {fi () Hors )|

Ng L

ZZIHZ(@kl—f—exp( o[ f7 () / Zek,Eq[fE(x)]dx. (2.54)
j =1
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Proof. Using the data likelihood in Theorem 2.5.3, we obtain the data likelihood
for each term.

Ni T
Eq[mmdk\{ﬁ(as)}le;em}=§1 )] = [ B

T
1n<20klfl (k) ) _/0 Eg\i(z)dx (Equation (2.49))

I
TIMz

N, L T
> Z Z Xp( [In O f7 ( (k) )]) —/ Eg\k(z)dx (Lemma 2.6.3)
0
j: :
Ny, L L T L
= Zlnz (Hkl + exp (Eq[ln ff(arg. ))]>> - / E, Zeklff(x)da:
j=1 I=1 0 =1
O
In Equation (2.54), the two terms E,[In fIQ(:J:( and fo (x)]dx can be

computed analytically by the Kummer function of the first kind and the ® matrix
respectively in Section 2.6.3. Up to now, we derive a lower bound of the ELBO
in Equation (2.50) and each term in the lower bound can now be analytically
computed.

The parameters to be optimized are {{w;}, {X;}, {0k}, {c1, bi}}, where {1},
{X;} are the parameters in the variational distribution, {fy;} are the mixture
weights and {c;,b;} are the hyper-parameters in the ARD kernel of Equation
(2.10). In Lloyd et al. [61], the joint optimization on all parameters was used.
However, we find it more helpful to use the VB-EM framework in Algorithm 3
since the learning rates for all parameters are not the same and this phenomenon
is also reported in the on-line Gaussian process regression task [41]. Optimizing
the parameters separately helps speed up the tuning process.

2.7 The Intensity Estimation for Panel Count Data

Traditional estimates for the panel count data are point estimates and the un-
derlying assumption is that the intensity function is fixed before the sampling
process. In this section, we briefly review the local expectation-maximization
(LocalEM) method in Betensky et al. [9], Fan et al. [25].

For the ease of notations, we first consider the situation where we only have
one subject K = 1 and the panel count data is d2 {(X, mz) . The training
objective of the LocalEM method can be derived from the local hkehhood method
[9]. If we have the exact time-stamp x;, the local likelihood function is given in
Equation (2.35). However, in the panel count data, the exact arrival time for
each event z; is not revealed and Betensky et al. [9] integrate the uncertainty in
the arrival time z; in the local likelihood function £(X; ).

L) = fj miE [/@h(t — 1) mX(t)]t € Xl} - /OT ki (t — 2)\(t)dt

ORI T :
_Zmz/ in(t — ) 305 ln)\(t)dt/o kn(t — 2)A(t)dt.
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Using the local polynomial approximation in Equation (2.36), we have the
approximation of £(\;x) and we denote it by [,({aj}?:o; x).

L({e;}_g; ) 2 imiEt [mh(t — ) Zp:aj(t _ :c)j‘t c Xz}
i=1 =0

—ATM@—xm@(

Taking the derivative of E({aj}ﬁzo;:c) with respect to ap and setting it to

zero, we obtain the relationship between the optimal values {oz;f ;’:0.

p a;(s — x)j)dt. (2.55)
0

j=

5\( ) ( *) va=1 mly [Kh(t - .ZU)
i foT wn(t — =) exp ( b al(s— :z:)j)dt

tEXi:|

Next we discuss the zero-order approximation (p = 0) and the high-order
approximation (p > 1) separately.
2.7.1 Zero-Order Approximation

When the zero-order approximation is used, that is p = 0, the estimate A is
reduced to the following equation:

N o _ A®)
Zi:l my in ’ih(t li) in X(s)dsdt

ST Rt — x)dt

Alz) = explag) =

(2.56)

~

A(z) appears on both sides of the equation and on the right side, the values
A(z),z € X are required. To reduce the computational complexity, Fan et al. [25]
approximate the estimate of the intensity function 5\(1’),% € X by a piece-wise
constant function.

. 1 N A
A ~ MMu)du = J
@12 o, % = a0

, T € Qy,

where A; 2 fQj AMu)du and {Q; }3]:1 is a finer partition of the original window X
from {X;} ;.

Qe[ Qs =0k # 4, U o=
{ilQsnx;#0}

Let I € [0,1]7*/ be an indicator matrix and

Y10 ifaNQ; =0.

The zero-order estimate in Equation (2.56) can then be approximated with
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Algorithm 9: The LocalEM estimate with the zero-order approximation.
Input : The bandwidth h, the time window (0, T, the panel count data
d.
Output: The estimation of the intensity function A(z).
Set r = 0.
I 0
Initialize {A§ )}.
while {Ag-r) 3-]:1 do not converge do
Update {AET—H)} using Equation (2.58).
r=r+1.
end

[y

N

N o s W

Compute 5\(1‘) using Equation (2.57).

this piecewise constant function.

& Wt — ) 5\(t)
ZmZ/ fo dsdt

Kh(s — ) dst

_ Z/ Kp(t —x) S\(t) gt

x)ds fx s)ds

Z: Z / ont = Lijh, dt. (2.57)

3 fo Kn(s — )dsHQJHZk 1 Lik Ay

\ \
o%
3
=
ca

To obtain the optimal values {A* 51, Fan et al. [25] first integrate the left-
most side and the rightmost sides of Equation (2.57) on Q.

n(t — I;; A
Az=/ da:~/ / z) ] dtdz
Qi =1 7=1 J f() Hh S — l‘)ds HQ]H Zk 1 zkAk

_ (t—=) IijA;
_g (oo T s =7 dm)@mzzk )

=1

Then the optimal values {A* _; can then be found by iteratively updating

{A S, re Nt
J (r)
AT A YT / - )(Zm if )
j=1 Y@/ HQJHfo k(s — ) i=1 Zk 1 zkA
(2.58)

When using the zero-order approximation, the LocalEM method reduces to
iteratively updating {Aér)}jzl and the algorithm is given in Algorithm 9. We
notice that if we use the zero-order approximation, we can obtain an estimate of
the whole intensity function A(z).

The bottleneck of the computation complexity lies in the calculation of the
integral fQ fQ kp(t — x)dtdx for all 1,7 = 1,...,J and consequently the com-
putation complexity scales as O(J?). Since {Qj} is a finer partition of X', the
computation complexity is O(N2A2%) with A and N indicating the finer partition
level and the total number of intervals.
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Algorithm 10: The LocalEM estimate with the high-order approximation.

Input : The bandwidth h, the time window (0,7, the panel count data
d and the positions to be estimated z = {z;}.
Output: The estimation of the intensity function at the given positions

(A=)}
1 for Fach z; € z do
2 | Initialize {a!”}?_ 0,{1\(0)}
3 Calculate £(a {A 0y . pZz)

4 Set r = 1.

5 while £L(« {A )}J 1; 2i) does not converge do

6 E-step: Update {A( )} _; using Equation (2.60) till convergence.
7 M-step: Update {aj j:O by

a(r) = arg maxﬁ(a, {Agr) }_}]:1? Z’L)
«

r=r+1.
8 end

9 Compute A(z;) = exp(ay (r _1)).
10 end

2.7.2 High-Order Approximation

When the high-order approximation (p > 1) is used, the estimate can also be
approximated with a piece-wise constant function.
]

fo kK ( t—a:)exp( P la;(s—x)1>dt
N J
Kp(t — x) Iij A
~ Y m; ” dt, (2.59)
; Z;/ s {af )i [1Q411 27y T

where W(z; {a;}]_,) is defined as follows:

. Y miE [/‘vh(f — )
() = exp(ag) =

p

U(z; {aj}§=1) £ /OT kp(t — ) exp (Zaj(s — x)j)dt.

This leads to the LocalEM algorithm to jointly update {aj}ljzo and {Aj}}']:1
In the rth expectation step (E-step), the estimations of {A; }3]:1 are obtained by
the following Equation.

NXJ: // (t-2) dtd)(z Ay ).
=AY ]HQJH\I’ {“‘1}” L

i=1
(2.60)
In the rth maximization step (M-step), the values {ozj}?:O are obtained by
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maximizing the local likelihood function.
E({aj}§:o§ Zszt [ﬁh t—m)z j(t—x) j‘t € XZ}
j=0
P
—/ kp(t — ) exp(Z )
0 :
P
I;; A
<Y m Y [ it )3
i=1  j=1"4J =0

dt
”QJH Sty LA

- /OT kp(t — x) exp (Z a;(s — x)j)dt. (2.61)

J=0

We denote the rightmost side of the equation as L(e, {Aj}}']:15 x).

Since the estimate A(x) now depends on the optimal values HagY_o} and
the latter depends on the position of the evaluating position x, we can no longer
obtain an estimate of the entire intensity function. The algorithm for jointly
optimizing the {a;};_y and {A; } _, is concluded in Algorithm 10.
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Chapter 3

Panel Count Data: Variational Inference
with Gaussian Processes

In this chapter, we present the first Bayesian inference framework for Gaussian
process-modulated Poisson processes when the temporal data appear in the form
of panel counts.

3.1 Introduction

Characteristics of panel count data. A common characteristic of the panel
count data is that we only have the numbers of occurrences between subsequent
observation times. In particular, the exact occurrence times of the events are
unknown. Hence, panel counts are non-negative integers and they represent the
number of occurrences of events within a fixed period. Classical examples often
arise in the clinical trials [95] where patients are required to go back to the hospital
after a certain treatment and only the numbers of symptoms between subsequent
visits are recorded, such as the number of vomits or new tumors. Figure 3.1 gives
an example of panel count data.

Objective of this study. The purpose of this chapter is to present the vari-
ational Bayesian inference on Gaussian-process-modulated Poisson processes
(GP3) that permits panel data observations.

There have been extensive studies on GP3 models and various inference al-
gorithms are introduced for recurrent event data when timestamps of the events
are fully observable, e.g., Monte Carlo sampling [19, 2], Laplace approximation
[29] and variational inference [60]. Among these approaches, the variational in-
ference method [60] provides a computationally efficient estimate of the intensity
function and does not require a careful discretization of the underlying space. A
brief review of the variational inference approach is provided in Section 2.6.3.

To the best of our knowledge, however, there has not been any study carried
out on the variational inference of the GP3 model when the data come in the form
of panel counts. Our ultimate goal is to infer the underlying intensity function
in the panel count data.

Related statistical works. Based on the maximum likelihood criterion, sev-
eral non-parametric estimators have been proposed to infer the underlying inten-
sity function [91], e.g., a non-parametric maximum pseudo-likelihood estimator
(NPMPLE) [100], a non-parametric maximum pseudo-likelihood estimator with
gamma frailty (NPMPLGF) [105] and the local Expectation-Maximization (Lo-
calEM) estimator [25]. Unlike NPMPLE and NPMPLGF, which only estimate
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Figure 3.1: Bladder Cancer Data Set. This figure illustrates the panel count
data from the patients. For the kth subject (or the kth patient), his/her obser-
vation window X*) is divided into disjoint intervals. The ith interval is denoted
as Xi(k). For example, patient No. 4 (k = 4) has an observation window which
is divided into 8 disjoint intervals, ie., U, X = A® and X; N X; = @ for
i # j. Patients may drop out from the study at any time and therefore their
observation windows are different. An interval is shown by a rectangle. We use
different colors to indicate the different numbers of new bladder tumors observed
in this interval. Note that we only have access to the number of events in each
interval.

the cumulative intensity function at a set of points, LocalEM provides a smooth
estimate of the underlying intensity function due to the use of an exponential
quadratic kernel [25]. A review of the LocalEM algorithm is given in Section 2.7.

Besides the computational cost in selecting the bandwidth of the exponential
quadratic kernel, the estimators obtained by the LocalEM algorithm and other
similar algorithms are point-estimates in the sense that the estimated intensity
function is a point in the functional space. These point-estimates fail to capture
the uncertainty in the data set. We show an example of the estimated intensity
function by LocalEM in Figure 3.2. The uncertainty of the intensity function
helps us understand the difficulty of the prediction at a given time.

3.2 Background

Before presenting the model, we first derive the likelihood of the panel count
data and then briefly review the Gaussian process modulated Poisson processes.
A more detailed review can be found in Section 2.6.3.

3.2.1 Likelihood of Panel Count Data

In the recurrent event data, one approach to modeling the events {xEk) € X}
from each subject is to use the inhomogeneous Poisson processes (IPP) [52] and
assume that there is a fixed underlying intensity function A(x) : X — RT. Given
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Figure 3.2: Bladder Cancer Data Set. Inferred intensity function by the
LocalEM and GP4C methods. For GP4C, a 75% credible interval is given by
dotted lines. Our estimator GP4C provides the additional uncertainty in the
estimated intensity function compared with LocalEM. See Section 3.5 for details.

the intensity function A(x), the likelihood for the observed events is given by
Theorem 2.5.3.

e YN = e (= [ M) TTAG)

To derive the likelihood of the panel count data D, we use two important

properties of an IPP [52]. The first property is provided in Corollary 2.5.3.
(k)

Given the intensity function A(x), the probability that we observe m;’ events in
the interval Xi(k) is given as follows:
n®
k k Tik
plm|\@); 1) = e exp(—ra), (3.1)
m, !

7

where 71, 2 / o A(z)dz is the rate parameter of the Poisson distribution. Here-

after, we omit the dependency on Xi(k) for simplicity. However, the likelihood

depends on the intervals. Even for the same sequence, after censored with dif-
ferent intervals, the likelihood of the sequence will vary. See Section 3.5.2 for a
brief discussion.
The second property is that on two disjoint intervals Xi(k) and Xj(k), the
numbers of events on these intervals are independent random variables.
p(m{ m?\@) = pm P N @)p(m @), AT =0, (32)
Based on these two properties, the likelihood of the panel count data D can
be derived. We assume that all subjects share the same intensity function A(zx).
Using this assumption, we can obtain an estimation of the mean intensity function
as is demonstrated in Theorem 2.6.1. Since K subjects are independent of each
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other and for the kth subject, the N intervals {Xi(k)}f\fl are disjoint, we obtain
the following likelihood:

K K N
p(DIA@)) = [] pldrlA@) = [T [T p(mi” 1A(x) (3.3)
k=1 k=11=1

Several maximum likelihood estimators have been proposed on the basis of
this likelihood or its variants, e.g., NPMPLE [100, 101], NPMPLGF [105] and
the LocalEM estimator [25]. An estimate from LocalEM using the zero-order
approximation! on the data set in Figure 3.1 is given in Figure 3.2. As we
discussed, these estimators fail to model the uncertainty in the intensity function.

3.2.2 GP3 Model

In order to model the uncertainty of the intensity function A(z) via a kernel, the
traditional approach is to use the Cox process [52]. A Cox process is defined
via a stochastic intensity function A(z). The stochastic process to generate the
intensity function is usually chosen to be a Gaussian process (GP) [2] and the
model using a GP is called a GP3 model.

For the recurrent event data, GP3 models have been studied extensively [2,
38, 60]. The following model is an example of GP3 models [60],

Na) = f2(2), f~GP(9(z), k(z,)), (3-4)

where GP(g(x), k(x,2’)) denotes the Gaussian process with mean function g(z)
and covariance function s(z,2’). The function f(z) drawn from a GP prior is
squared to ensure the non-negativity of the intensity function. The GP3 model in
Equation (3.4) admits a complete variational inference framework. Moreover, this
intensity model can be enhanced with an independent variable for each subject
or a mixture structure [61] to flexibly model the heterogeneity of the intensity
functions across several subjects.

3.3 Variational Inference Framework

In this section, we explain the GP4C model. We derive a simple and tractable
lower bound of the intractable evidence lower bound and then introduce a heuris-
tic method to analyze the error of the lower bound.

3.3.1 Model

In order to retain the scalability and efficiency of the variational inference ap-
proach [60] and add the uncertainty on the intensity function when we only
observe the panel count data, we use the GP3 model defined in Equation (3.4)
as the underlying intensity model.

The joint distribution p(D, f) can be obtained by combining the likelihood
model in Equation (3.3) and the intensity model in Equation (3.4).

N = | TTp(dr@)|p(f:g.0) (3.5)
k=1

We call this model the GP-modulated Poisson Process model for Panel
Count data (GP4C).

!Note that we did not compare the result with the higher-order approximation since using
the higher-order approximation, we can not obtain an estimate of the entire intensity function.
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3.3.2 Variational Inference

We use the GP construction in Section 2.6.3 to reduce the computational com-
plexity with the set of pseudo inputs X = {Z,}M_, on X [60]. Let f 2
[f(Z1),..., f(Zar)]". The joint model with additional pseudo inputs is

p(D. f, £) = p(DI)p(f|Hp(f)-

The variational distribution is defined as follows:

a(f, £) = p(f1F)a(f), (3.6)

where ¢(f) = N(f;p, 2) and N(f;u,E) denotes a normal distribution with
mean p and covariance matrix 3. The evidence lower bound (ELBO) £ can be
obtained by using Jensen’s inequality.

o) > [[ats L }f P F) iy 5
K Nk
— n 2 .1‘ —1In m(k)
> L / fA(@)dz| - n(m")
K ()7 a
_;Eq[ " 1 (@)da +Eq[1nz(f)} 2. (3.7)

In ELBO, when assuming that the covariance function x(z,z’) is the auto-
matic relevance determination (ARD) function in Equation (2.10), the second
term in the ELBO can be analytically calculated [60] and we copy the result
from Section 2.6.3.

[ B e = B R ™),
/X ., Varg( faplf@)dz = ] XW| — tr(K @) + tr(K{, PK LX),

B [, @] = [ (B @]+ Varg /@) da

= c|xW| — tr(K L @) + tr(K g @K\ (up” + X)),
(3:8)

X (k)

where ® is an R x R matrix related to the pseudo inputs with its (7, j)-th entry
equal to [y K(Z;i, z)k(zx,T;)dr and K g % is the covariance matrix computed at
the pseudo inputs. However, the ELBO L is still intractable, since we can not
analytically compute the expected integral E, [ln 1l ) f2(:p)d$:| in the first term.

3.3.3 A Tractable Lower Bound

We tackle the intractable expectation by deriving a tractable lower bound. In
Lemma, 2.6.1, we have shown that if Y ~ N (p,02) and ¢ = (u/0)?, then

Ey[InY? = In(202) + i (o/2) e’;f’( 1) i +1/2). (3.9)
j=0 '
Let -
m0) 2 32 L g 1) (3.10)
=0 '



We have Ey[InY?] = In(202) + go5(¢/2). The function g,,(y), where y is a
positive real number and m is a positive integer, has been studied in the analysis
of mobile and wireless communication systems [69]. For m = 1/2, go5(¢/2) can
be computed using the Kummer function of the first kind in Section 2.6.3, which
is stored in a precomputed multi-resolution look-up table.

aM(a’ 1/27 _¢/2)
da a=0

Jo5(p/2) = —

where v is Euler’s constant and v ~ 0.5772. However, to the best of our knowl-
edge, it is still not clear how to calculate the integral of the function go5(¢/2)
when the parameter ¢ comes from a GP. To derive a tractable lower bound of
the intractable expectation, we introduce the following theorem to give a lower
bound of the function g,,(y) and the proof is deferred to Section 3.6.

—2In2 —~, (3.11)

Theorem 3.3.1. Let Y ~ N (p,0%) and & be a constant which does not depend
on i and o.
Ey[InY?] > In(u® + bo?) + €, Vb € [0,1]. (3.12)

Based on Theorem 3.3.1, we propose the following corollary which introduces
a lower bound for the intractable expectation in the ELBO.

Corollary 3.3.1. Let f be a GP as defined in Equation (3.4). For b € [0,1], the
following bound holds:

Eq[ln /X . f?(x)dx} > In ( /X " (Eg (@) + bVar, f(a:))dx) +E (3.13)

where the variational distribution q is given in Equation (3.6).

Proof. We first use Jensen’s inequality on the logarithm function and then inter-
change the order of integration and expectation.

x 3 2(z
Eq[ln /Xf’“) fz(:c)da:} = Eq{ln/)(;k) p(x) fﬁ(;)) dm} > /ka) p(x)Eq[ln J;(;))}da:,
(3.14)

where p(z) is a probability distribution on Xl.(k). Furthermore, maximizing this
lower bound with respect to p(x) yields the optimal distribution:

Popt (T) o exp <Eq In f2(a:)) (3.15)

We remark that this result is analogous to that of the discrete version presented
in Paisley [74]. Substituting Equation (3.15) into the right-hand side of Equation
(3.14) yields

Eq[ln /X f’“) f2(x)da:} > In ( /X f’“) equan(x)daz>

In (/( eln(E3f($)+bvarqf(x))+5dm> (Theorem 3.3.1)
x

v

—n ( /X o (B3F(@) + Van, fx) ) o) + & (3.16)

where we have invoked Theorem 3.3.1 in the penultimate line whilst defining

y = f(x). ]
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It should be emphasized that we are making no further assumptions on the
dimensionality of x in the proof of Corollary 3.3.1. Hence we may augment the
dimensionality of x in Corollary 3.3.1 such that it can also be applied to problems
in spatial point processes. In summary, the ELBO in Equation (3.7) inherits an
analytical bound. We present the following;:

Theorem 3.3.2. A tractable lower bound of the ELBO L in the GP4C model is
given as follows:

k=1 1i=1 i

-y ( —mPe 4+ 1n(m§’“)!)). (3.17)

k=11=1

Proof. The theorem can be obtained by applying Corollary 3.3.1 on the ELBO
L in Equation (3.7). O

The derivations of ]Eg f(z) and Varg f(z) in the second line of Equation (3.17)
follow similar derivations in Equation (3.8). The third line in £ is a constant
and thus can be omitted when maximizing the lower bound. In the lower bound,
{p, X} and @ = {c, b} are the variational parameters and hyper-parameters in the
covariance function of a GP, respectively. We use the variational Expectation-
Maximization (VEM) algorithm [17] in Algorithm 3 to update the variational
parameters and the hyper-parameters iteratively on the modified ELBO L.

3.3.4 The Value of Parameter b

A natural question is, how do we select the parameter b in Corollary 3.3.17
Recall that two inequalities were used in the proof. It is cumbersome to evaluate
Inequality (3.14) since it is an integral over Xi(k)
of Theorem 3.3.1.

Let the difference between the lower bound and the true value in Theorem

3.3.1 be h(g;b).

. We first examine the influence

h(;b) 2 In(p2 + bo?) + € — Ey[InY?]

8M(CL, 1/2) _90/2)

_ 2 2 _ 2\ o _

=In(p* 4+ bo®) + ¢ <ln(20 ) 5a o 2In2 fy)
8M(a7 1/2’ _90/2)

_ 2 /

=In(e”+b)+& + %a oy’

where ¢ = £ +1In2 + v. Let p(x) = E2[f(x)]/Varg[f(z)]. In Equation (3.16)
where we invoke Theorem 3.3.1, the difference feor between the two sides of the
inequality is

ferror 21n ( / o€ 1“f2<x>dg:) —1n< / " eln<E3f<x>+bVarqf(z))+¢dx)
X, X!

(3

~n ( / ol @) 1o ( / (Ealn @) h o )
25 e

@ %
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4 In(¢+0.3) 10t

100 ¢

Function Value
N
ferror

101§

2 : : : 102 L— ‘ | | |
1072 107! 10° 10! 102 0 0.1 0.3061 0.5 0.7 0.9

Value of ¢ Value of b

Figure 3.3: Influences of b in Lemma 2. (Left) The true value of G(¢) =
905(p/2) +2In2 + v by a look-up table and two simple lower bounds In(p + 1)
and In(¢ +0.3). The curve In(¢ + 0.3) correlates with the curve of the true value

better. (Right). The heuristic error feror when varying the choices of b and the
best b is shown with a red circle.

Since the two functions e *(®) and e=H#@)®) are both non-negative and
continuous for z € Xi(k) , by the mean value theorem there exists z. € Xi(k)

that

Eq In f2(x) ,—h(p(z):b) - Eq In f(z) _ .
In </X<(k) e e dx) In </Xﬁ’“>e a da;) h(e(ze); b).

k3

such

Consequently, the error is foror = h(p(z¢);b), x. € Xi(k). However, it is

difficult to obtain the value of x. or an upper bound on the error fey or.

In Paisley et al. [75], a more correlated lower bound of the ELBO serves as
a better control variate in reducing the variance of a stochastic gradient. The
correlation can be measured by the variance of the error. Inspired by this study,
we use a heuristic approach to examine different choices of b. More specifically,
for each choice of b, we calculate the following heuristic error.

,415 > h(p;b).

ped ped

) 1 L
Jerror 2 @ Z(h(‘P; b) — h)2a h

The set @ consists of 5000 logarithmically spaced points between 10~¢ and
105. We calculate fermr on a vector of 50 evenly spaced choices of b between 0
and 1. The result is shown in Figure 3.3. We see that the optimal choice of b
is 0.3061 and this indicates that the choice of b might not be close to 0 or 1. In
the actual situation, this optimal value of b depends on the range of ¢ in the
data and the influence of Inequality (3.14), we evaluate several choices of b on
synthetic data sets in Section 3.5.

3.3.5 Computational Complexity
(k) _ [ (k) (k)

Let each interval in temporal point processes be A x,;, x| with two
end points 95((1]:) and m,(y];). Two intervals are different if at least one end point

is different. We denote the number of different intervals in the data set as N
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and the number of pseudo inputs as M. For each interval, the computation
complexity of GP4C is O(M?) which is determined by the inverse of the matrix
calculation when evaluating Var,f(z) in Equation (3.17). The computational
complexity during one iteration of the vEM algorithm is O(NM?3) since in our
implementation, we calculate the integral of all N different intervals.

We analyze the computational complexity of the LocalEM [25] algorithm for
comparison. In LocalEM, {:E((z]:)} and {ml(j)} are first merged into a single ordered
set X where duplicated values are removed. We denote the size of the merged set
X as N and generally N < N. Then the Gaussian quadratic rule with M points is
used to calculate the integral of the intensity function between subsequent values
in the set X and the computational complexity during one iteration is O(N2M?).

If the size of the merged set NV is significantly smaller than N, LocalEM may
be computationally more efficient than GP4C. However, if N ~ N, LocalEM may
suffer from the term N? in the computational complexity. We provide additional
experiments on the influence of the number N in Section 3.5.

3.4 GP4C With Individual Weight

In this section, we briefly discuss how to model the diversity from multiple time-
sequences. Then we will show how to use the VB-EM framework in Algorithm 3
to optimize the additional parameters.

3.4.1 Model

It is practical to assume that the kth subject has an individual weight parameter
v, multiplied to the basic intensity function, because in traditional panel count
data sets, each subject is a patient whose personal information, such as age,
is not the same and the count data from each patient may vary greatly. Such
a modification is called the unobservable independent random effects in Cook
and Lawless [15]. In the simplest case, we consider the following model for the
underlying intensity function:

Me(z) = vpf2(2), f~GP(g(x), k(z,2)), k=1,..., K, (3.18)

where v, € Ry is a deterministic and positive real number. The likelihood is as
follows.

K
p(D. f) = | TT pldelA@):v0)|p(f:g.). (3.19)
k=1

We call this model the GP4C with individual Weight (GP4CW) model. We
can further generalize this model by assuming that the intensity function of the
kth subject is a linear combination of basis intensity functions as in LPPA [61]
and the mixture weights are also deterministic.

3.4.2 Variational Inference

The derivation of the lower bound in the GP4CW model is almost the same as
the procedure in GP4C. Similarly to Theorem 3.3.2, we can obtain the following
lower bound for the GP4CW model and the proof is omitted.

Theorem 3.4.1. A tractable lower bound of the ELBO L in the GP/CW model
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is given as follows:

S zukE[ P@yds] + 2, [ 2]

q(f)
K Nk () K N
+szk)1ﬂ</(k (E?If( ) + bVar, f(x )d$)+ZZm In vy
k=1 i=1 x; b1 i1
_ZZ( ¢+ In(m ”-))- (3.20)
k=1 1=1

Note that we have an additional set of hyper-parameters {vk}szl. A point
estimate of v, can be found by taking the derivative of £ and setting it to zero.
The result is given as follows:

vak m(k)
" Jew qu ()]dm}’ (3.21)

where € = 1079 is a small number to guarantee the positiveness of v;,. The
learning algorithm is given in Algorithm 11.

VUl = max {e

Algorithm 11: The learning algorithm for GP4CW.
Input : The training data set D = {d}}* |, K € N .
Output: An estimation (zf the parameters p, 3 in the variational
distribution ¢(f) and the hyper-parameters 8 = {c, b, v}.
Initialize ¢t = 0, £L®) = Inf.

1
2 Initialize the parameters p®), ¥®) and the hyper-parameters 8*).
3 while True do

4 t=t+1.

5 Update u®, 20 to increase £(p, X;0¢1).

6 Update ¢, b() to increase E(u(t), > ¢, b, v(t_l)).

7 for each k=1,..., K do

8 ‘ Evaluate v( ¥ in Equation (3.21).

9 end

10 Calculate the current £() = [Z(u(t), >, B(t)).

1 | if |£0 — L&D < 1079£Y)| then

12 ‘ Break.
13 end
14 end

3.5 Experiment

We evaluate our proposed GP4C model and compare it with the benchmark meth-
ods on both synthetic and real-world data sets. The algorithms are programmed
in Matlab R2015b and run on an Intel Xeon E5-2667 CPU with a memory of
64GB. Our code is available at github.com/Dinghy/GP4C.

3.5.1 Experiment Settings

For each data set D, we randomly partition the subjects into training and testing
sets, which we denote as Dipain and Diegt, respectively. We repeat each setting
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for S = 40 times. In the sth trial, the training and testing sets are denoted as

D).

train

and Déegt

Benchmark

Two benchmark algorithms are used.

a)

b)

GP3 [60]. This benchmark reflects the performance that can be obtained if
we obtain the recurrent event data set where we have the exact timestamps.

LocalEM [25]. Both LocalEM and GP4C are nonparametric estimators
based on the maximum likelihood criterion. To fairly compare the compu-
tation time, we implemented the LocalEM algorithm in MATLAB based on
the R code provided in Fan et al. [25]. This method produces a smooth es-
timate of the intensity function due to the use of an exponential quadratic
kernel. We use a 5-fold cross-validation on the training set to select the
bandwidth of the exponential quadratic kernel.

Evaluation Metric

We evaluate the performance of the algorithms in terms of three metrics.

a)

The integrated squared error (ISE). In synthetic data sets, we have the
ground truth of the intensity function At;ye and the integrated squared
error can be calculated using our estimated intensity function )\Ejz during
the sth trial. To measure the bias of each estimator, we calculate the mean

of the integrated squared error as follows:
ISE(s) 2 / A2 (@) = Aprue())2d. (3.22)
X

For GP4C, to measure its bias, we omit the variance of the estimator and
use the expectation of the intensity function E ) [f*(x)] as )\(S)( ).

est

Test log likelihood Liest. During the sth trial, the logarithm of the test
likelihood can be written as follows:

Liom(s) 21n / (DL p(fDE))df. (3.23)

For LocalEM, since this estimator provides a point-estimate and we directly
use the estimated function f(*) to calculate Liest(s). For GP4C and GP3,
we need to sample the function () from the variational distribution. Recall
that during the sth trial, the test likelihood is

Lien(s) 2 1n / PO (1D, )df

U
~ 1 E Z test|f SU) (3'24)
=
anexp (lnp( test‘f s )) —InU
u=1
U Ktest Nik
= anexp ( ( ( )lnr(z u) _ ln(mgk)!)>
u=1 k=1 i=1
Kiest (o)
- ; /X(k) (f ( )) d:c) ~InU. (3.25)
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In the above derivation, we use

7~ N (), 26,
(S,’U,) — (57u) 2
Tip /X.(k) (f (a:)) dx.

We can calculate the test likelihood for each subject similarly. In Equation
(3.24), we draw U = 50 samples of the function f(**) from the variational
distribution q(s)( f) on a vector of 3001 evenly-spaced points on X and we
approximate points at an arbitrary position on X with the linear interpola-
tion. The log-exp-sum trick is used to calculate the Liegt(s). We calculate all

integrals in p(Dé;gt\ f) using Simpson’s rule with 501 evenly-spaced points.

In Equation (3.25), the term ), >, ln(mgk)!) can be extracted out and
treated as a constant.

c) Computation time 7. We record the training time measured in seconds
for each setting. For GP3 and GP4C, we record the computation time of
the training process. For LocalEM, it includes the time of 5-fold cross-
validation on the training set to select the bandwidth of the exponential
quadratic kernel and the time of a training process over the whole training
set.

Optimization Settings

For GP3 and GP4C, following Lian et al. [57], we use the re-parametrization
trick 3 = LLT by Cholesky decomposition and add positivity constraints to the
diagonal elements in L. Due to this constraint on L, we use the limited-memory
projected quasi-Newton algorithm [85] to optimize the variational parameters
{u, L}. We add a jitter term eI where e = 107% to the covariance matrix K g ¢
to avoid numerical instability [96].

3.5.2 Synthetic Data Sets

We test three synthetic data sets which we denote as the Synthetic A, B and C
data sets, respectively.

On the Synthetic A data set, the intensity function is a square wave function
hi(z) as follows. See Figure 3.4 for an illustration of hi(x).

ha () = {7 if mod({%},?) =0,

2 otherwise.

On the Synthetic B and C data sets, the underlying intensity functions are
drawn according to Equation (3.4). We first draw a function from a GP on a
vector of 3001 evenly-spaced points in X = [0, T], where T' = 60. We approximate
the value of the function at an arbitrary position with linear interpolation. The
function is then squared to guarantee the positiveness of the intensity function.
See Figure 3.6 for an illustration.

During the sth trial, we first generate a recurrent event data set with 100
subjects on the same observation window X*) = X. Then we generate the cor-
responding panel count data set D) by censoring each subject with 10 intervals.
We generate the censored intervals by a draw from a Dirichlet distribution w®) ~
Dir(@) and 0 is a 10-dimensional vector with all elements equal to 1. The ith
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Table 3.1: Synthetic data sets. Mean and standard deviation of statistics
about different choices of b over 40 runs. GP3 uses the recurrent event data while
LocalEM and GP4C use the panel count data. For GP4C, b = 0.3 and b = 0
perform better than b = 1 in terms of ISE and Liegt.

Method ISE Lrest T[s|
(Synthetic A)
GP3 29.5+1.0 -1366.5£174  16+4
GP4C(1) 41.846.2 -3236.9£542.3 2545
GP4C(0) 40.843.3 -1378.1£16.9 1944
GP4C(0.3) 40.243.2 -1377.8£17.5 2043
LocalEM 44.6+3.1 -1383.5£17.0 33£2
(Synthetic B)
GP3 0.5+£0.2  -783.1+20.7 8=+1
GP4C(1) 1.9+£2.1  -1005.8481.5  55+44
GP4C(0) 2.7+£0.8  -794.54+20.1 17+£3
GP4C(0.3) 2.4+0.7  -794.2420.2 17+4
LocalEM 3.5+£0.7  -800.3+19.6 33+£2
(Synthetic C)
GP3 1.2+04  -864.1+£14.9 8+3
GP4C(1) 2.3+1.5  -1194.6+£100.5 52453
GP4C(0) 2.1+0.6  -871.24+15.9 17+£2
GP4C(0.3) 2.0+0.7  -872.04£15.7 1843
LocalEM 5.2+1.1  -882.74+16.5 3442

: : (k) _ gi—1 (k) ‘ (k)
interval of the kth subject can be computed as X} = [ %" w; T, >3t w; T
We randomly partition D) into two parts, where 50 sub jects are used for training

and 50 for testing.

Different choices of the hyper-parameter b

On all three synthetic data sets, we test three different choices of b in {0,0.3,1}.
We choose the number of pseudo inputs to be 30. We calculate the ISE and
Liest and the results are provided in Table 3.1. We see that b = 0,0.3 generally
outperform b = 1 on these simple synthetic data sets. However, the difference
between b = 0 and b = 0.3 is not significant. The reason is that Inequality (3.14)
and the range of ¢ on X are also relevant to the actual performance of different
b, as we discussed in Section 3.3.4.

To investigate the reason behind the bad performance of Liest when b = 1,
we plot the best result in terms of ISE during 40 trials in Figure 3.4. We see
that GP4C (b = 1) over-estimates the variance of the intensity function and the
over-estimated variance leads to the poor performance in Liest. We fix b = 0.3
during the remaining experiments for simplicity.

Number of the pseudo inputs

We vary the number of pseudo inputs in GP3 and GP4C since this number
determines the accuracy of approximation in a sparse GP. We expect that for
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Figure 3.4: Synthetic A Data Set. The estimated intensity functions from
GP4C (b =1) and GP4C (b = 0.3) are shown with 75% credible intervals. True
intensity function hi(x) is given for comparison. We see that GP4C (b = 1)
over-estimates the variance of the intensity function.
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Figure 3.5: Synthetic A Data Set. The estimated intensity functions from
GP3 and GP4C (b = 0.3) are shown with 75% credible intervals. True intensity
function hq(x) is given for comparison. We see that the variance of the GP3 and
GP4 (b = 0.3) are comparable.

GP-based methods the test likelihood will be relatively stable when increasing
the number of pseudo inputs according to previous studies on sparse GPs [96].

The result for the Synthetic A data set is given in Figures 3.7. In Figure
3.7, we see that for GP3 and GP4C, ISE and Lt stay relatively stable with
the increase of the number of pseudo inputs. The computation time of GP3 and
GP4C will grow with the increase of the number of pseudo inputs.

In both Table 3.1 and Figure 3.7, we see that GP4C outperforms LocalEM
on these three datasets. However, we also notice that there is still a gap between
GP3 and GP4C in terms of Lot and ISE in Table 3.1. Two reasons may account
for this fact. The first one is that the data are provided in the form of panel
counts rather than exact timestamps. The second reason is that we use a lower

63



True LocalEM —— GP4C(b=0.3)
6 T T T T T
Synthetic C
240
‘D
c
s
- i \—M A
0 1 1 L
80 1‘0 2‘0 3p 49 59 60
Synthetic B
26 1
2
g4l ]
S ot 1
0 w | |
0 10 20 30 40 50 60

Time X

Figure 3.6: Synthetic B & C Data Sets. An illustration of the underlying
intensity functions and inferred intensity functions by the LocalEM and GP4C
methods. The underlying intensity function is drawn from a Gaussian process.
For GP4C, a 75% credible interval is given by dotted lines.

bound of the true ELBO to perform the variational inference, which may lead to
a bias. This bias can be alleviated with the stochastic variational inference [75],
where our lower bound can serve as a control variate. We leave this as a future
study.

The Dependence of the Likelihood on the Number of Intervals

The likelihood of the panel count data for the kth subject depends on the disjoint
intervals {Xi(k)}f»v:"‘l, where (J Xi(k) = X*®). One phenomenon is that as the number
of disjoint intervals N increases, the likelihood tends to decrease. This is because
as we use finer disjoint intervals, we are less uncertain about the position of the
time-stamps.

We conduct an experiment to show this phenomenon. First we draw a time-
sequence from the intensity function A(¢) = 5 on X = [0,60] and then censor
the time-sequence using N disjoint intervals. We vary the number of disjoint
intervals N and calculate the likelihood of the generated panel count data set.
The result is given in Figure 3.10. We see that the logarithm of the likelihood
decreases with the increase of the number of intervals.

The Dependence of the Computation Complexity on the Size N

The computational complexity of LocalEM during one iteration is O(N2M?)
while for GP4C it is O(NM?3), where N and N denote the number of different
intervals in the data set and the size of the merged set X. We conduct an
experiment to show the influence of the size N.

We generate U = 70 subjects from the same intensity function A(t) = hy(¢),
which is the same as Synthetic A data set. We generate the corresponding panel
count data set by censoring each subject with 10 intervals. Then we vary the
number of N by rounding each end point to the next smaller integer with the
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Figure 3.7: Synthetic Data Set. Comparison of performance of GP3, GP4C
and LocalEM in terms of Liest, ISE and T when varying the number of pseudo
inputs for sparse GPs. For the test likelihood, ISE and the computation time,
the median, the 0.25 and 0.75 quantiles of the statistics in 40 experiments are
shown with error bars or shaded area. For GP3 and GP4C, ISE and Lt stay
relatively stable with the increase of the number of pseudo inputs.
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Figure 3.8: Synthetic Data Set. Comparison of performance of GP3, GP4C
and LocalEM in terms of Liest, ISE and 1" when varying the ratio of training
subjects and the test set is the same. For ISE and the computation time, the
0.25 and 0.75 quantiles of the statistics in 40 experiments are shown with error
bars. All methods benefit from the increase of the number of training subjects.
The computation time of GP3 and GP4C grow linearly with the increase of the
number of training subjects.

probability pg. As pg get larger, more end points are rounded and the value of
N decreases. The experiment result is given in Figure 3.9.

From the left plot of Figure 3.9, we see that the number N decreases linearly
with the probability pg. In the right plot, we notice that the computational time
of LocalEM increases much faster when we have fewer duplicated points. We can
conclude that when the number of duplicates is large, LocalEM is less efficient
than GP4C.

Ratio of the Training Objects

We vary the number of training subjects by adjusting the ratio relative to full
training subjects. We expect all methods will benefit from the increase of the
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Figure 3.9: Synthetic A Data Set. Comparison of the computation time of
GP4C and LocalEM algorithms when varying the number of duplicated points
in the panel count data set. LocalEM algorithm achieves a worse computation
time as the probability pg gets smaller.

training subjects.

The result for the Synthetic A data set is given in Figure 3.8. We see that
all three methods benefit from the increase of the number of training subjects.
The computation time of GP3 and GP4C grow linearly with the increase of the
number of training subjects but LocalEM grows more rapidly.

3.5.3 Real World Data Sets

Sun and Zhao [91] provided three panel count data sets. Some statistics can be
found in Table 3.2. A brief description about the these data sets can be found
below.

a) Nausea data set. This data set contains the visiting times from 113
patients during 52 weeks. The panel count data were obtained by recording
the reported count of vomits from each patient between two subsequent
visits. Patients were divided into two groups, which are the treatment
group (65 patients) and the placebo group (48 patients). We denote the
two groups as the Nausea A (Na-A) and B (Na-B) sets.

b) Bladder cancer data set. This data set arises from a bladder cancer
study conducted by the Veterans Administration Cooperative Urological
Research Group. It records the counts of new tumors that occurred between
subsequent visits from 85 patients during 53 weeks, who were divided into
the placebo group (47 patients) and the treatment group (38 patients). We
denote the two groups as the Bladder A (Bl-A) and B (Bl-B) sets.

c) Skin cancer data set. This data set was recorded during a skin can-
cer experiment conducted by the University of Wisconsin Comprehensive
Cancer Center and the numbers of new skin cancers of two different types
between two subsequent visits from 290 patients were recorded during five
years. The visiting time was recorded in the form of days since the first
visit and we divided the days by 30. Patients were divided into treatment
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Figure 3.10: The logarithm of the likelihood of the same time-sequence when
varying the number of disjoint intervals. As more disjoint intervals are used,
the logarithm of the likelihood decreases. Even for the same number of disjoint
intervals, the logarithm of the likelihood has a large variance.

Table 3.2: Statistics about the three data sets, where K, X, N and N denote the
number of subjects in each data set, the underlying continuous space, the number

Sk-C & Sk-D

of different end points and the number of different intervals Xi(k) , respectively.

Data Set X K N N
Na-A [0, 55] 65 45 109

Na-B [0, 55] 48 38 84
BI-A [0, 53] 38 52 176
BIl-B [0, 53] 47 52 201
Sk-A & Sk-B [0,61.57] 143 751 816

[

0,62.63] 147 808 887

and placebo groups. We denote the four groups from two types of cancer as
the Skin A (Sk-A), Skin B (Sk-B), Skin C (Sk-C) and Skin D (Sk-D) sets.

Experiment Results Using GP4C

We use 18 pseudo inputs for all real world experiments. In each trial, we randomly
split each data set into two parts, which are Déf;m (50%) and Dézgt (50%). On
these three data sets, since the original data are in the form of panel counts,

GP3 is not tested. We compare GP4C with LocalEM in terms of Liet and the
computation time T'.
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Figure 3.11: Bladder A Data Set. An illustration of the panel count data in the
test set (Left) and the test likelihood from GP4C and LocalEM of each subject
(Right). GP4C mainly outperforms LocalEM on two subjects whose numbers of
newly-occurred cancers are large (No. 12 and 15).

The results are given in Table 3.3. The standard deviation of the likelihood is
large since the likelihood depends on the censored intervals of the subjects, which
vary greatly in different train/test split. We conduct an experiment to reduce the
standard deviation in the end of this section. In Table 3.3, LocalEM performs
better on the Nausea and Bladder data sets in terms of the computation time 7.
GP4C outperforms LocalEM in terms of test likelihood Liest in all data sets.

To see the difference between GP4C and LocalEM, we show the result of
inferred intensities by two algorithms during one trial on the Bladder A data
set in Figure 3.2. We see that GP4C provides the additional uncertainty which
helps improve Liet compared with LocalEM. Since the Bladder A set is small,
we plot the panel count data in the training set in Figure 3.1. The test set
and the test likelihood of all its subjects are given in Figure 3.11. From the
test likelihood of each subject, we see that GP4C outperforms LocalEM on two
subjects whose counts of newly-occurred tumors are large (No. 12 and No. 15).
The count 8 never occurs in the training set and a point-estimate will fail to
model this uncertainty while a GP-modulated method will take the uncertainty
into consideration.

Another observation about this data set is that there is a heterogeneity across
all subjects. The traditional approach to modeling heterogeneity is to add an
additional variable on the intensity function for each subject [15]. We have briefly
discussed how to add this change to GP4C in Section 3.4.

Experiment Results Using GP4CW

On the three real world data sets, we implement the GP4CW model and the
experiment settings are the same as GP4C. The test likelihood Licst and the
computation time T" are given in Table 3.4. We also plot the test likelihood of each
subject and the inferred intensity function from GP4CW on the Bladder A data
set in Figures 3.12 and 3.13, respectively. We can notice that GP4CW provides
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Table 3.3: Mean and standard deviation of the test likelihood (Liest) and the
computation time T measured in seconds on the three panel count data sets
over 40 runs. LocalEM performs better on the Nausea and Bladder data sets in
terms of computation time. In all data sets, GP4C performs better on the test
likelihood and outperforms LocalEM on computation time in the Skin data sets.

Data Set METHOD Liost Ts]
Na-A LocalEM -492.1+£306.1 140
GP4C -484.9+201.8 10410
Na-B LocalEM -473.2+212.2 140
GP4C -411.0+£184.3 1047
BI-A LocalEM -201.8446.9 140
GP4C -182.2+47.3 2549
BIl-B LocalEM -313.14£54.2 140
GP4C -310.4+£54.9 26421
Sk-A LocalEM -259.1+£27.3 3943
GP4C -258.7+£26.7 3346
Sk-B LocalEM -198.1+£47.1 3943
GP4C -191.2442.5 2444
Sk-C LocalEM -358.0+£35.8  47+4
GP4C -355.7£36.0 21412
Sk-D LocalEM -200.9+£31.9 4643
GP4C -198.9+30.6  27+4
more accurate test likelihood on the patient No. 12 and No. 15. However,

since GP4CW utilizes the unobservable independent random effects assumption,
GP4CW can not provide an estimate of the mean intensity function as GP4C.

Experiment Results on Reducing the Standard Deviation on the Real
World Data Set

In each trial, we randomly split the whole data set into two halves Diai, and
Diest, one for training and the other for testing. However, as is discussed in

Figure 3.10, if the subjects in Dyest do not share the same time window X} and
(1)

the same set of disjoint censoring intervals, the test likelihood L;

greatly from subject to subject.

To reduce the large standard deviation caused by different random splits, we
perform another round of training for each split, we train on Diest and calculate
the test likelihood on the Dipin. The test likelihood is denoted as £Ezgt. This
can be viewed as adding an additional reverse split. The final test likelihood is
Eggt + Eézgt. The result is given in the fourth column of Table 3.4.

We see that the variances of the test likelihood in the fourth column are
reduced comparing to results in the third column.

. will vary
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Figure 3.12: Bladder A Data Set. An illustration of the panel count data in
the test set (Left) and the test likelihood from GP4CW and LocalEM of each
subject (Right). GP4CW mainly outperforms LocalEM on two subjects whose
numbers of newly-occurred cancers are large (No. 12 and 15).

3.6 Proof of Theorem 3.3.1

In this section, we will prove Theorem 3.3.1. Let us recall that

[e.9]

o) = 5= TR y ) (3.26)
=0

The derivative of g,,(z) with respect to x is

(j271 — 27) exp(—a)
!

M

P(j+m)

I ()

<.
Il
=)

ﬂ%!(_x)(w(j +m+1) — (i +m))

M

<.
I
=}

_ z exp( x) ' ’ (3.27)
4! J+m

o

j=
where we use the property of the digamma function [1].
1
Y(z+1)—Y(z) = PR 0.
To prove Theorem 3.3.1, we first present one important lemma.

Lemma 3.6.1. Form = %, the following inequality holds.

- it > 1.5
g;n<x>z{x+1m , Lo
—m +9n(15) — & if 0<2 <15
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Figure 3.13: Bladder Cancer Data Set. Inferred intensity function by the
LocalEM and GP4CW methods. For GP4CW, a 75% credible interval is given
by dotted lines.

Proof. Let h(z) = +0 =. We first examine the gradient of gj () and h(x).

" () i x exp(—x)( 1 1 )
x) = —
90.5 il J+05+1 j+05

j—O
2! exp 1
— : <0,
Z y+0.5+1)(]+0.5)
1
Wiz)=———"0 <.
(@)= -G Tosy

Therefore g, 5(x) and h(z) are strictly decreasing. Next we examine the cross-
ing points of g, ;(x) and h(z). One crossing point of g} 5(z) and h(z) is = 0,

since
1

0.5(0 =h(0
6h5(0) = 5= = h(0).
Using a property of the Kummer function of the first kind [1], we have

1 exXp(—uxr
sho(o) =201(1, 15, ~2) = [ SRy

1 _

1— T

> / exp(—ux)du = €

0 x
Since e* > 1+ 2z, x > 1.5, we can show
1—e® 0.5e % (—2zx+¢€* — 1)
A — h(x) > —h >0, x> 1.5.
fhs(a) — hla) 2 —— —h(x) = = 2 e

For x € [0, 1.5], we have

(s(x) —h(z) > min_|ghs(z) —h(z)| > - h
Go0.5(v) —h(x) = min_|gos5(x) —h(x)] > min_ gos() = max h(z)

1
= 1.5
905( ) 05
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Table 3.4: Mean and standard deviations of the test likelihood (Liest) and the
computation time (7") on the three panel count data sets for GP4C, GP4CW and
LocalEM over 40 runs. GP4CW outperforms GP4C and LocalEM in terms of the
test likelihood. Mean and standard deviations of the test likelihood (ngt +£1(;2t)
after performing another round of training to reduce the variance caused by
random split are provided in the fourth column.

Data Set METHOD Liest Do+ T
Na-A LocalEM  -492.1£306.1 -1272.74288.6 140
GPAC -484.94201.8 -1205.5£157.1 1010
GPACW  -179.2481.3 -417.8472.5 849
Na-B LocalEM  -473.24£212.2 -957.24116.1 140
GPAC 411.0+184.3  -844.04855 1047
GPACW  -152.7460.6 -307.1434.2 16+13
Bl-A LocalEM  -201.8£46.9  -421.44443 140
GPAC 182.2447.3  -378.6£17.9 2549
GPACW  -95.5429.0 -206.315.2  29+12
BI-B LocalEM  -313.1£54.2  -684.74544 140
GP4C -3104454.9  -664.1419.2 26421
GPACW  -212.4450.1 -461.4419.3 36223
Sk-A LocalEM  -259.14£27.3  -519.846.2 3943
GP4C 958.74£26.7  -519.1427 3346
GPACW  -183.0+21.6 -366.4:1.5 3548
Sk-B LocalEM  -198.1447.1  -392.5428.5 3943
GPAC 19124425 -375.8442 2444
GPACW  -105.7£19.7 -210.942.8 2745
Sk-C LocalEM  -358.0£35.8  -733.6:114 4744
GP4C -355.7436.0  -728.446.3 21412
GPACW  -243.6£26.9 -498.242.3  19+11
Sk-D LocalEM  -200.94£31.9  -404.24148 4643
GP4C -198.9430.6  -400.246.8 2744
GP4CW -118.9+14.3 -241.5+1.9 3144

O]

Remark 2. Lemma 3.6.1 is similar to the results in Moser [69]. Moser [69]
proved that the following inequality holds when m € N

1
x+m’

g () > x> 0. (3.28)
However, we discover that a claim used in their proof is wrong. Namely,
Moser [69] claimed that “two strictly convex and strictly decreasing functions can

intersect at most twice”. A counter-example is shown below.

sin(2z) < 1
_ r < —

fi@) =22 —sin(), foe) =2 = T o<
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We can verify that

fi(x) =2z — cos(z) <0, fi(z) =2z — coséQa:)

f{(z) =2+sin(z) >0, f5(x) =2+ sin(2z) > 0.

<0

Therefore, fi(x) and fo(x) are strictly decreasing and convex. However, the
two curves intersect at v = —mk,k € Ny. We conjecture that the conclusion in
Equation (3.28) is still correct.

Based on Lemma 3.6.1, we can show the following corollary.

Corollary 3.6.1. The following inequality holds:

1
gm(z) > In(z +m) +&m = 3

where £ = %(gfn(lf)) - %) — In(m) + gm (0).

Proof. In Lemma 3.6.1,

1 .
fax>1.5,
G () > {”{” , Lt
ot T m(15) — 5 if0<a <15

Integrating g/, (x) from 0 to oo yields

/Ooogin(x)da::/01'59;(x)dx+/1mg;n(x)dx

.5

> /01'5 (g;n(1.5) - %)dw + /000 h(x)dx

3

- 5<g7’n(1,5) - %) + In(z +m) — In(m).

Therefore we have
gm(x) > In(x +m) + ;(gén(l.E)) — %) —In(m) + gm(0) = In(x +m) + €. (3.29)

O]

Finally, we can prove Theorem 3.3.1. Invoking Corollary 3.6.1, it is obvious
that the inequality holds true for b =1,

2 2

Ey[nY?) = In(20%) + go5 (35 ) > In(20%) +1In (1 + %) e
=In(p% + 0?) + €. (3.30)

This implies that the inequality holds true for all values of b € [0, 1].
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Chapter 4

Recurrent Event Data: Bayesian
Nonparametric Poisson Process Allocation

In this chapter, we study how to model the diversity among multiple time-
sequences. As the beginning, the time-sequence appears in the form of recur-
rent events. We present the Bayesian nonparametric Poisson process allocation
(BaNPPA), a latent-function model for time-sequences, which automatically in-
fers the number of latent functions.

4.1 Introduction

When modeling a collection of time-sequences, a key idea is to cluster the data
into groups while allowing the groups to remain linked so as to share statistical
strengths among them [94]. Several models have been proposed on the basis of
this simple idea, e.g., the convolution process [38], nonnegative matrix factor-
ization (NMF) [66], and latent Poisson process allocation (LPPA) [61]. These
models employ latent factors to share statistical strengths and combine these
functions to model the correlations within and among time-sequences.

Among these models, LPPA is a powerful approach because it uses latent
functions obtained from a Gaussian process (GP). Such continuous latent func-
tions are able to flexibly model complex structures in the data, and do not require
a careful discretization such as that used in NMF.

However, a limitation of LPPA is that the number of latent functions needs to
be set beforehand. If the chosen number is much larger than the actual number
of latent functions required to explain the data, LPPA will still use all the latent
functions. There is no mechanism in LPPA to prevent this “spread” of allocation,
which creates a problem when our goal is to understand the reasons behind the
events observed in the data. For example, this might make it difficult to explain
the retweet patterns in Twitter where a sudden avalanche of retweets is quite
common [32]. For such cases, LPPA will simply use all its latent functions to
explain these spiky patterns.

In theory, the above problem can be solved by using Bayesian nonparametric
(BNP) methods [42] which can automatically determine the number of relevant
latent functions. However, as we show in this chapter, a direct application of
existing BNP methods to LPPA is challenging. An obvious issue is that such
an application typically requires the use of Markov Chain Monte Carlo (MCMC)
algorithms which are slow to converge for large data sets. A more essential and
technically intricate issue is that a naive application of BNP methods to LPPA
suffers from an unidentifiability issue because the GP-modulated latent functions
are not normalized. Unidentifiability is bad news when our focus is to understand
the reasons behind the events.
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Figure 4.1: This figure illustrates that, even when a large number of latent func-
tions are provided, BaNPPA automatically selects only a few to explain the data,
while LPPA uses them all. The bottom plots show the weights of the latent func-
tions for the Microblog dataset, where we see that BaNPPA assigns zero weights
to many latent functions, while LPPA assigns every latent function to at least
a few time-sequences. The top plots show a score which measures the average
responsibility of the latent functions. See Section 4.5 for details.

In this chapter, we propose a new model to solve these problems. Our model,
which we call the Bayesian nonparametric Poisson process allocation (BaNPPA)
model, enables automatic inference of the number of latent functions while re-
taining the accuracy, interpretability, and scalability of LPPA. Unlike hierarchical
models [94] which promote sharing through a common base measure, latent func-
tions in our model are shared across all time-sequences due to the size-biased
ordering which promotes sharing by penalizing latent functions that belong to
higher indices [34, 76]. The size-biased ordering restricts the use of all latent
functions. Figure 4.1 illustrates this on a real data set.

We propose a computationally efficient variational inference algorithm for
BaNPPA and solve the unidentifiability issue by adding a constraint within the
inference algorithm to regulate the volume of each latent function. Overall, we
present a scalable and accurate Bayesian nonparameteric approach for time-
sequence modeling. Figure 4.2 shows an example of the results obtained with
BaNPPA on a real-world dataset.
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Figure 4.2: Illustrations of intensity functions obtained with BaNPPA on the
Microblog dataset. Each plot shows a time-sequence (with small bars at the
bottom) and the corresponding estimated intensity function (with solid lines).
The top and bottom plots are for tweets posted during active and inactive hours
of the day, respectively.

4.2 Time-Sequence Modeling and Its Challenges

Our goal is to develop a flexible model for time-sequences. We consider time-
sequence that contains a set of time-stamps which record the occurrence of events.
In this chapter, we study the recurrent event data and the data set D = {dk}szl.
Each subject will generate a sequence of events in an observation window X% ¢
R. We assume that all observation windows are the same X*) = x.

In the recurrent event data, the time-stamp of each event is a scalar and is
fully observable. The time-sequence data from the kth subject can be represented
as follows:

Ny
d, 2 {xgk) € X}j:"l. (4.1)

A common approach to model such time-sequences is to use the temporal
Cox process [2, 60] which uses a stochastic intensity function A(t) : R* — R™ to
model the arrival times [52]. Given the intensity function A(¢) and the observation
window X, the likelihood of the sequence dj, is given by Theorem 2.5.3.

N
P(dg|A\k(z)) = exp ( — /X /\k(s)ds) H /\k(:cg-k)). (4.2)

Jj=1

In LPPA, to model multiple time-sequences, the kth time-sequence is assumed
to be generated by a temporal Cox process with an intensity function Ag(z) which
is modeled as follows:

L
Me(@) =D O fP(t), O >0, (4.3)
=1
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where fi(z) is a function drawn from a GP prior, 0, is its weight, and L is the
number of basis latent functions. To ensure the non-negativity of Ag(x), fi(z) are
squared and weights 6y; are required to be non-negative. A more detailed review
of the LPPA model is given in Section 2.6.4.

LPPA is a powerful approach which also enables scalable inference. Due to
the GP prior, LPPA is capable of generating intensity functions with complex
shapes. Scalable inference is made possible by using a set of pseudo inputs [96].
The overall computational complexity is O(LNM?), where N is the total number
of events in D and M is the number of pseudo inputs.

One issue with LPPA is that L needs to be set beforehand. This not only
increases the computation cost, but also creates a serious interpretability issue
which is undesirable when our goal is to understand the reasons behind the data.
Specifically, when the number of latent functions is much larger than what it
needs to be, LPPA uses all of them, making it difficult to interpret the results.
We give empirical evidence in support of this claim and correct this behavior by
using a BNP method.

Unfortunately, a direct application of the existing BNP methods increases
the computation cost and limits the flexibility of the model. The problem lies in
the strict requirement that the latent functions needs to be a normalized density
function, i.e., a function with a volume! equal to 1. For example, previous studies,
such as Kottas [53], Thler and Smyth [45], model the intensity functions with the
following Dirichlet process mixture model,

Me(@) = s Y O f (£500), (4.4)
=1

where f are normalized density functions with parameters ¢; and the weights
0r; are non-negative and sum to one » ;7 0 = 1 (s > 0 is the rate parameter
that models the number of events N(X)). Since the function f needs to be
normalized, the choices are limited to well-known density function which may not
be very flexible to model complex time-sequences, e.g., Kottas [53] used the beta
distribution and Ihler and Smyth [45] used the truncated Gaussian distribution.

In addition, such models require MCMC sampling algorithms which usually
converge slowly on large data sets. To the best of our knowledge, it is still unclear
how to build a nonparametric prior for such normalized density functions while
enabling scalable inference, e.g., via variational methods.

We propose a nonparameteric model, called the Bayesian nonparameteric
Poisson process allocation (BaNPPA), which avoids the need to explicitly specify
the number of latent functions while retaining the flexibility and scalability of
the LPPA model. Our method combines the models shown in Equation (4.3) and
(4.4). We show that this direct combination has an unidentifiability issue, and
we fix the issue within a variational-inference algorithm. Our approach therefore
combines the strengths of the LPPA and BNP models while keeping their best
features.

4.3 Bayesian Nonparametric Poisson Process Allocation

As discussed earlier, we need to set the number of latent functions beforehand
for LPPA. We fix this issue by proposing a new model called BaNPPA that
combines the non-parametric model of Equation (4.4) with the LPPA model
shown in Equation (2.49).

!The volume of a function f(t),t € X is defined as the integral fx ft)dt.

77



Specifically, we let f in Equation (4.4) to be equal to f2(t), as follows:

o0 o0
() = sg Z@klff(x), where si, 0 > 0, Z@kl =1. (4.5)
=1 =1

Similar to LPPA, we draw functions fj(x) from a Gaussian process. We draw
the weights 6j; using a stick-breaking process, and use a Gamma distribution
prior for the scalar rate parameter s;. The final generative model of BaNPPA is
shown in Algorithm 12.

Algorithm 12: The generative process for BaNPPA.

Input : The number of the time-sequences K, the hyper-parameters in
the gamma distribution {ag, bp}, the stick-breaking process prior
a, the mean value mg, the covariance functions in L Gaussian
processes {k;} and a time window X = (0, 7.

Output: The time-sequence data D = {d;}5_,.

for each basis functionl=1,...,00 do

Sample fl ~ gP(mo(HJ), /<,;l<$,$l)).

end

for each subject k =1,..., K do

Sample 0}, ~ Beta(1, o).

Calculate the mixture weight 0 = 6y, Hé;ll(l — 03;)-

Sample s, ~ Gamma(ag, by).
Calculate the intensity function.

o N O Ok W N -

M) = s Y O f7(1). (4.6)
=1

9 Sample dy ~ IPP(A;(x)) on the time window (0, 7.
10 end

IPP(-) is the thinning algorithm for an inhomogeneous Poisson process and
is given in Algorithm 5. In the model, we denote a beta distribution with shape
parameters a and b by Beta(a, b) and a gamma distribution with shape parameter
a and rate parameter b by Gamma(a, b).

The above model automatically determines the number of latent functions
due to the size-biased ordering [76] obtained by using the stick-breaking process.

Both the latent functions {f#(z)} and the weights {f);} use the same set of
indices [ = 1,...,00. This implies that when generating the kth time-sequence,
the latent function at a lower index [ is more likely to be assigned a larger weight
0x;. This encourages the model to use some latent functions more than the others.

Unfortunately, the above model is unidentifiable. This is because, unlike the
nonparametric model of Equation (4.4), the latent functions { fl2} are unnormal-
ized, and therefore many combinations of s, {0y} and {f;} might give us the
same model. For example, the following transformation gives the same intensity

function for any e, > 0:
e {equ} { i }
) gk, ) \/a )

where € := Zloil Ori€;. We can check this by substituting the triplet in Equation
(4.5). Since the volume of each f; is not regulated, we can move the “mass”
around between the components of the model.
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This type of unidentifiability is problematic when our goal is to understand
the reasons behind the patterns in the data. In our experiments, we observe
that this leads to a shrinkage of the latent functions which affects interpretability
as well as the quality of the estimated hyperparameters. In Section 4.4.2, we
propose a way to fix this issue by adding a constraint on the volume of the latent
function.

There is also another common identifiability problem in such mixture mod-
els. Lloyd et al. [61] claimed that LPPA is unidentifiable and non-unique since
there may be multiple decompositions that are well supported by the data. In
BaNPPA, due to the ordering constraints imposed by size-biased ordering, this
unidentifiability issue is reduced.

We also need to guarantee that the expected intensity function at any time
E[Ax(z)] is finite. This can be achieved by fixing the GP hyperparameters. For
example, assuming an automatic relevance determination (ARD) covariance func-
tions in Equation (2.10), we can fix the hyperparameters g and ¢;, which ensures
that the mean and variance of each latent function f; are finite. In that case, the
value of E[\g(z)] is bounded due to the following relation:

Sk Zszfz

- bT()) max (E2 (0] + Varl ()] ). (4.7)

E[ A ( < Elsi] maxE[f7 (x)]

4.4 Inference

In this section, we first describe the general variational inference framework and
provide a solution to the identifiability issue in Section 4.4.2. A derivation of the
evidence lower bound (ELBO) and its derivatives are provided in Section 4.6.

4.4.1 Variational Inference

Denote s 2 {sx}, © 2 {0,} and f 2 {fi}. Let H be the set of hyperparam-
eters of the GP covariance function. The joint distribution of BaNPPA can be
expressed as

K K o
p(D,@,S,f)Z Hp(dk‘f7el::7sk)HHp k&
k=1

k=11=1

K oo
x [ p(sk; a0, bo) [ p(fis mo, H
=1

We approximate the posterior distribution over © and f, while computing a
point estimate of s. We follow Blei et al. [11] to truncate the number of latent
functions to L which we select to be larger than the expected number of latent
functions used by the data.

For the GP part, we use the same set of pseudo inputs {xm}m M <N
for each f; to reduce the number of variational parameters [61]. Denote f; to be
the vector [fi(Z1),..., fi(Za)] T, K, xx to be a covariance matrix whose 4, j’th
entry is equal to k;(Z;, Z;), and mg € RM to be a vector all of whose elements
are equal to mg. We choose the following forms for the variational distributions
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of 0, and fi:

@) = Beta(ty 0, ki) if 1 < L,
R ifl=1.

of) =Nw,%), 1=1,...,L.
q(si) =0p,, k=1,..., K.

0, is a Dirac measure in Definition 2.3.1, and p; and 3; are the mean and
covariance of a Gaussian distribution. Following Lian et al. [57], we use the
re-parametrization 3; = LZLIT by Cholesky decomposition and add positivity
constraints to the diagonal elements in L during the optimization procedure.

Using the approximation of Titsias [96] and a mean-field assumption over ©,
we can use the following final variational distribution:

L K L K
a(f, {fidier, ©) 2 [T el e TTTT a6k TT atse)-
=1 k=1

k=11=1

Denoting 7 2 {(Tk1,0, Thi1)} and L 2 {L;}, we get the following set of varia-
tional parameters and hyperparameters to be optimized:

(P = {T7 {l’l'}lL:lu {Ll}lL:17 H7 ag, b07 O[, 3}~

4.4.2 An Alleviation Solution to the Identifiability Problem

So far, the framework seems very traditional. However, as we mentioned in
Section 4.3, this model has an additional identifiability problem which might
make interpretability difficult. In this section, we propose a solution to alleviate
this issue.

A straightforward option is to directly impose a constraint on the volume of
the latent functions [, fZ(z)dz, where f; is drawn from the posterior process
p(fi|D). However this is intractable. In order to obtain a tractable constraint,
we could instead impose a constraint on the following expectation:

/LMﬁmﬁ®%%=AJ=L~wL (4.8)

where A is a positive constant. Within the variational inference framework, we
use the variational distribution ¢(f;) to approximate the posterior p(f;|D), and
add the following constraint to each latent function:

J[ atnisasar =, 1= (4.9)

The above constraint can be easily computed unlike the volume constraint
on the function f;. In our experiments, we set A = N/K where N is the total
number of events in the data and K is the number of time-sequences in D.

4.4.3 Optimization with Equality Constraints

Given the equality constraints in Equation (4.9), the optimization process can be
formulated as follows, where we denote the ELBO as £, (®):

max Li(®P) st h(®)=0,1=1,...,L, (4.10)

(@) = [ El(f7(s)ds - A
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Problem (4.10) is an optimization problem with equality constraints and we
use the augmented Lagrangian method [8] to transform Problem (4.10) into a
series of related optimization problems indexed by i:

max L1(P

1
(wzlhl + §Uilhl2(q>))v (4.11)

Mh

=1

where {w;;} is a bounded sequence and {v;} is a non-negative monotonically-
increasing sequence with respect to i. We denote this objective Ly, (®, w;). For
each optimization problem in Equation (4.11), Ly, (®, w;) is still upper bounded.

Theorem 4.4.1. Fach optimization problem is upper bounded.

L 2

Lo(®wi) <lnp(D) + Y gt i€ NF.
=1 """

Proof. L£1(q) can be easily bounded by variational inference framework

L1(q) <Inp(D)

Let hy = [, Eq[f7(s)]ds — A, and then we have
L L i 9
Sw (/ [fl<>]ds—A)+22(/ [72(s)]ds — A)
=1 =1
L v w?
_ e Vil il
=1 =1
Combining these two parts finishes the proof. O

Thus if we use coordinate ascent with respect to @, the algorithm is guaranteed
to arrive at a local maximum. To set v;; and w;;, we follow the suggestions from
Bertsekas [8], and set v;y1; = 4v; and w;y1; = wy + vihy(P;). We initialize
V1] = 4, w1 = 1,Vl

4.4.4 Computational Complexity

Optimization problems shown in Equation (4.11) are not significantly more ex-
pensive than the original optimization problem. Although in Equation (4.11),
we have to optimize additional parameters, the bottleneck is still the matrix-
matrix multiplication in the evaluation of ¢(f;). For one iteration of the training
procedure, the computational complexity is O(LNM?) | which is the same as
LPPA.

One might expect that the total computational complexity of our algorithm is
worse than LPPA because we have to solve a sequence of problems. We find that
“warm starts” are very effective in improving the convergence of our algorithm
[8]. Namely, we reuse the final value ®;_; of the previous optimization as the
starting value for the i’th round and terminate the training process when the
relative change in the likelihood is small. In our experiments, we observed that
the convergence of BaNPPA is rather fast and comparable to LPPA.
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Table 4.1: Data sets used for the experiments. Here, D is the number of time-
sequences, Nipain and Niest are the total number of events in the training and test
set respectively, and X is the time window.

Data set D Ntrain Ntest X

Synthetic A 200 6,304 6,010  [0,60]
Synthetic B 250 8,074 8110  [0,80]
Microblog 500 44,628 44,352  [3,15]
Citation 600 106,113 106,340 | |

4.5 Experiments

In this section, We evaluate our proposed BaNPPA model and compare it with the
benchmark methods on both synthetic and real-world data sets. The algorithms
are programmed in Matlab R2015b and run on an Intel Xeon E5-2667 CPU with
a memory of 64GB. The code to reproduce our experiments can be found at
github.com/Dinghy/BaNPPA.

4.5.1 Experiment Settings

First we show the settings for all experiments in the following experiments.

Benchmark

We compare our proposed BaNPPA model with two other models.

1. LPPA. We re-implement the LPPA model based on the descriptions in
Lloyd et al. [61].

2. BaNPPA-NC. To measure the effect of adding the constraint shown in
Equation (4.9), we also compare to a variant of BaNPPA which does not

contain any constraints. We call it BaNPPA with No Constraints, i.e.,
BaNPPA-NC.

Data Sets

We test the three methods on two synthetic and two real-world data sets. Table
4.1 summarizes the overall statistics and we give detailed information below.

e Synthetic A. We sample 200 time-sequences from a mixture of 4 latent
functions f(z;;) shown in the top plot of Figure 4.3. The intensity function
for the kth time-sequence is generated as follows:

sk ~ Gamma(2, 3),

6), ~ Dir(1.2,1,0.8,0.6),
;o (z — 15 + 101)? (z — 55 + 101)*
f(@ith) oc exp ( 10 ) +exp ( 10 )

4
Me(@) = 51> O f(w; ), @ € [0,60].

k=1
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Figure 4.3: Latent functions used to create synthetic data set A and B are shown
in the top and bottom plots, respectively. In both the data sets, there are two
latent functions with two modes while the rest have only one mode. Different
colors indicate different latent functions.

Here Dir(-) denotes the Dirichlet distribution. Each f(t;1) is either a
Gaussian distribution or a mixture of two Gaussian distributions normalized
by its integral.

e Synthetic B. This data set is similar to Synthetic A but there are 6 latent
functions shown in the bottom plot of Figure 4.3. The intensity function
for the kth time-sequence is generated as follows:

sk ~ Gamma(2, 3),
0, ~ Dir(1.2,1,0.8,0.6,0.5,0.5),

- _ 12 B N2
f(x§¢l>ocexp(—(mli(;|—l()))+exp(_($'7i(—)}-l[))),

6
Ak(@) = sk Y fls), @ € [0,60].
=1

Each f(t; 1) is either a Gaussian distribution or a mixture of two Gaussian
distributions normalized by its integral.

e Microblog data set. This data set contains 500 tweets and all retweets
of each tweet from 7 tweet-posters on Sina micro-blog platform obtained
through the official API?. Two examples are shown in Figure 4.2. Through
time-sequence modeling, we can try to understand the retweet patterns. For
example, one reason could be that the tweets posted at an inactive hour
(late at night) will regain the attention from the followers several hours later
next morning [21, 32]. BaNPPA could help us understand such reasons as
illustrated in Figure 4.2.

e Citation data set. This data set contains the Microsoft academic graph
until February 5th, 2016 obtained from the KDDcup 2016 2. The original

http://open.weibo.com /wiki/Oauth/en
3https://kddcup2016.azurewebsites.net /
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Figure 4.4: Citation data set. Top: A paper which slowly gets citation and
becomes popular many years later. Bottom: A paper which quickly gets citation
after being published. Smooth lines are the mean intensity function inferred from
LPPA and BaNPPA. Small bars is the time of each citation. The x-axis indicates
the time in year after publication.

data set contains 126,909,021 papers and we use a subset of it. Time-
sequence modeling can be used to understand the patterns of citations,
e.g., some papers quickly get citations while some others get it slowly.

Evaluation Metrics

We evaluate the methods using the test likelihood and visualize the result of the
mixture weights by NER and UNER.

e Test Likelihood. To measure the predictive performance, we follow Lloyd
et al. [60] and use the following approximation to the test likelihood which
we denote by

o
o]
w
o+

K
ﬁtest (Dtest7 @7 3) é Z

k:zl[::l B
=Y bu [ Bl (112)
k=1 1=l X

This is a lower bound to the test likelihood In p(Dyest|Dirain) and a higher
value means a better approximation of the test likelihood. For LPPA,
the allocation parameters 0;; are the point-estimated weights and the rate
parameter sp = 1. For BaNPPA and BaNPPA-NC, we report averaged
value over ¢(6;). We can compute a similar approximation L, on the
training data. A detailed derivation can be found in Section 4.6.3.

e NER and UNER. To visualize the responsibility of each latent function
in the model, we first define the normalized allocation matrix © € ]Rf xK
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whose (d, k)’th entry is equal to,

A EqlOr [+ f7(s)ds]
-

: (4.13)
> =1 EqlOkm [ [ (s)ds]

The normalization in the above matrix tries to remove the unidentifiability
introduced due to the unconstrained volume of the latent functions in LPPA
and BaNPPA-NC. Based on é, we can compute a normalized score that can
measure the responsibility of each latent function. We define the normalized
expected responsibility (NER)

1 K
“l:K;%’ I=1,...,L.

A larger NER indicates that the corresponding latent function is more often
occupied by the model. Another measure is the unnormalized expected
responsibility (UNER)

1 K
v = K;Eq[gkl]’ l=1,...,L,

which omits the contribution of the volume of f?(x).

Optimization Settings

Our goal is to measure the improvements obtained with the automatic inference
of L using BaNPPA. To do so, we fix L to 14 for BaNPPA and BaNPPA-NC,
and compare them to LPPA with a range of values for L. We expect BaNPPA
to give a comparable performance to the best setting of L in LPPA.

We use a random initialization for the allocation matrix © and 7. We use
18, 24, 30 and 30 pseudo inputs for the four data sets, respectively. We follow
the common practice and add a jitter term e/ to the covariance matrix K; x x
to avoid numerical instability [4]. For hyper-parameters ag and by in the gamma
distribution, we use the counts of events {Nf . H< | to initialize (ag, bo).

To maintain the positivity constraints on L and 7, we use the limited-memory
projected quasi-Newton algorithm [85]. For BaNPPA, we stop the training pro-
cess when the relative change between Ly, (9, w;) and Ly, | (®it1, wiyq) is less
than 1073. For other methods, we terminate the training process when the rela-
tive change in ELBO is less than 1073,

4.5.2 Experiment Results

We conduct experiments for two different methods of setting the hyper-parameter
a. In the first method, we learn o within a VB-EM framework (initialize o = 1,
see details in Section 4.6). In the second method, we do not learn « rather fix it
to one of the value in the set {1.1,2,4,6,8}. In both methods, all experiments
were repeated five times.
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Figure 4.5: BaNPPA gives the best test-likelihoods (higher is better) and per-
forms comparably to the best setting of L for LPPA. For BaNPPA and BaNPPA-
NC, we use a fixed value of L = 14. Error bars and shaded areas show the 95%
confidence intervals.

Results When Optimizing the Hyper-parameter o

Figure 4.5 shows the comparison of the test-likelihoods when optimizing a. The
test likelihood of LPPA drops when increasing the number of latent functions
L. As desired, BaNPPA achieves comparable results to the best setting of L in
LPPA. BaNPPA-NC also performs well but slightly worse than BaNPPA.

The comparison of the train likelihood L4, when we optimize the hyper-
parameter « is given in Figure 4.6. We can notice that for LPPA, the train
likelihood keeps increasing when we increase L. This is also a sign of over-fitting.

The comparison of the final optimized « is given in Figure 4.7. We notice that
for BaNPPA model, it can achieve a relatively smaller «. However, for BaNPPA-
NC model, since there are no regulations on the volume of the intensity functions,
the optimized « learned from the mixture weights 0y; might be inaccurate.

We plot the change of the training likelihood in one trial in Figure 4.8. For
the total computational complexity, both BaNPPA-NC and BaNPPA take more
computation time but are still comparable to LPPA. Two reasons account for
this fact. One is that there are more parameters to be optimized in BaNPPA and
BaNPPA-NC and the other is that BaNPPA potentially has an infinite number
of problems to be solved. In Figure 4.8, we can notice that the training likelihood
for BaNPPA and the training likelihood for BaNPPA-NC stabilize rather quickly.
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Figure 4.6: The comparison of the train likelihood for three algorithms. For
LPPA, we change the number of latent functions L. For BaNPPA and BaNPPA-
NC, we fix L = 14 and optimize the hyper-parameter o using the VB-EM frame-
work. Error bars and shaded area represent the 95% confidence intervals.

Results When Fixing the Hyper-parameter o

Figure 4.9 shows the comparison of the test-likelihoods when « is fixed. In Fig-
ure 4.9, when increasing «, the performance of BaNPPA stays relatively stable
and comparable to the best setting of LPPA. The performance of BaNPPA-NC
however degrades with increasing « for all data sets. This shows that the volume
constraint in BaNPPA improves the performance.

Visualization of the Allocation Matrix

For the Synthetic A data set, we further plot the NER scores (averaged over the
five trials for L = 14) in the top plot in Figure 4.10. We see that, under LPPA,
all latent functions have nonzero NER, while for BaNPPA only a small number
of latent functions have high NER score.

In the bottom plot in Figure 4.10, we show the top four latent functions sorted
according to the NER scores. For these plots, we used the best runs shown in
Figure 4.5. We see that LPPA does not recover the true latent functions, while
BaNPPA gives very similar results to the truth.

To visualize the responsibilities further, we plot the NER score and the nor-
malized allocation matrix © for the Mircoblog dataset in Figure 4.1. We show
results for LPPA and BaNPPA. We choose runs that obtained the best test-
likelihood in Figure 4.5, and visualize 100 time-sequences sampled randomly.

We see that as expected LPPA uses all latent functions to explain the data,
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Figure 4.7: The comparison of the optimized « for four data sets (L=14) when
optimizing the hyper-parameter «. BaNPPA achieves a smaller value of o com-
paring to BaNPPA-NC.

while BaNPPA assigns almost zero weights to latent functions with higher indices.
This further confirms that, even when a large number of latent functions are given,
BaNPPA automatically selects only a few to explain the data, while LPPA might
overfit.

Finally, we further explore the impact of the volume constraint of Equation
(4.9) in BaNPPA. We compare BaNPPA and BaNPPA-NC on the Synthetic B
data set in Figure 4.11. We use results for L = 14 and o = 8.

In the top plot, we see that BaNPPA and BaNPPA-NC both give similar
UNER scores, yet as shown in the bottom plot, BaNPPA-NC does not recover
the true latent functions. This result can be explained by looking at the expected
volume E,[ [, fZ(z)dz] shown in the middle plot. For BaNPPA, the volumes of
all latent functions are equal, while, for BaNPPA-NC, the latent functions with
higher UNER scores are assigned higher volume which eventually also get higher
weights. This imbalance in the weights for some functions makes the results of
BaNPPA-NC and BaNPPA different from each other. This result clearly shows
that the volume constraint in BaNPPA plays an important role to recover the
true latent functions which is important for interpretability.

Synthetic Data Sets with a Relatively Large L

Overall, BaNPPA-NC performs similarly to BaNPPA when the latent structure
is simple but becomes less favorable when the structure gets complicated. To
further demonstrate this, we add three more synthetic data set with a larger L.
The details of the three data sets are given as follows:

1. Synthetic C. We sample 200 time-sequences from a mixture of 6 latent
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Figure 4.8: The comparison of the training likelihood versus time for four data
sets (L=14) when optimizing the hyper-parameter «. The result of one trial is

shown.

functions f (z;1). The intensity function for the kth time-sequence is gen-

erated as follows:

s ~ Gamma(2, 3),
6, ~ Dir(0.8,0.4,0.2,0.2,0.2,0.2),
f(x;1) = exp(—(z — 15+ 101)2/10), 1 =1,...,6,

6
M() = sk Y O f(;9n), @ € [0,60].
=1

2. Synthetic D. We sample 200 time-sequences from a mixture of 8 latent
functions f(x;;). The intensity function for the kth time-sequence is gen-

erated as follows:

s ~ Gamma(2, 3),
6, ~ Dir(0.8,0.4,0.4,0.2,0.2,0.2,0.1,0.1),
f(x; 1) = exp(—(z — 15+ 100)%/10), I =1,...,8,

8
Me(z) = s Y O f (i), = € [0,60].
=1

3. Synthetic E.We sample 200 time-sequences from a mixture of 10 latent
functions f(x;1;). The intensity function for the kth time-sequence is gen-
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Figure 4.9: For a variety of hyperparameter values, BaNPPA gives the best
performance which is also comparable to the best performance of LPPA and
much better than LPPA with L = 14. Performance of BaNPPA-NC degrades
with increasing « while performance of BaNPPA is relatively stable.

erated as follows:

s ~ Gamma(2, 3),
6, ~ Dir(0.8,0.6,0.4,0.4,0.4,0.2,0.2,0.2,0.1,0.1)
f(x;4) = exp(—(z — 154 100)2/10), 1 =1,..., 10,

10
M(@) = sk Y O f(w;n), @ € [0,60].
=1

In the experiment, we fix the hyper-parameter ag and by. We also fix the length-
scale hyper-parameters in all x; to be 4.3081 (Close to half of the span of f(w, Ur))-
This means we only optimize the mixture weights and the variational distribution
q(p, X) for Gaussian processes.

We vary the hyper-parameter o = [1.1,2, 3,4, 5]. The result is given in Figure
4.12. We can see that BaNPPA-NC tends to over-shrink the components even
when a = 5 and gets a worse result.

4.6 Derivations Related to the ELBO
In this section, we give the details of the calculation of the ELBO as well as its

derivatives with respect to all parameters in the framework. A derivation of the
test likelihood used in the experiment will also be provided.
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Figure 4.10: This figure shows that BaNPPA can reliably identify true latent
functions for the Synthetic A data set. The top plot shows the NER scores
for BaNPPA and LPPA for L = 14 where we see that, under LPPA, all latent
functions have nonzero NER, while, under BaNPPA, only a handful of them have
significant NER scores. The bottom plot shows the top four latent functions
(sorted according to NER) obtained for both the methods along with the true
latent functions. We see that BaNPPA recovers functions very similar to the true
functions.

4.6.1 Derivation of the ELBO

Using Jensen’s inequality, we bound the marginal log likelihood of the observed
sequence Inp(D). Recall that the variational distribution is

K
q(s, £ {fi}l-1,0) Hp (fil fo)a(f1) HH(J 0% TT aCse
k=1

k=11=1

Hereafter we omit hyper-parameters ag, bg, o, H in Inp(D;ag, by, o, H) for
simplicity.

K 00
Inp(D) [/(H (del6. 5. Fp(s)p(@})) [T oI Fp(F)aohdf
k=1 =1

Eq Inp(dg |0k, sk, f)

i 9, —i—ZE ln
=1 kl
O(Q)-

Using Lemma 2.6.3, we could further bound the first term to allow for a
practical variational inference. This result is the same as the one obtained by

i MN EMN

>
ha\v
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Figure 4.11: This figures shows that the volume constraint in BaNPPA is crucial
to discover the true latent functions. Both BaNPPA and BaNPPA-NC obtain
similar UNER score (top plot), yet the top latent functions obtained with the two
methods are different (bottom plot). The imbalance in the volumes for BaNPPA-
NC (middle plot) is the reason behind this difference. See the text for details.
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Figure 4.12: The comparison of the test likelihood for three additional data sets
(L=14) when fixing the hyper-parameter o« = [1.1,2,4,6,8]. Error bars and
shaded area represent the 95% confidence intervals.

following the methodology in LPPA [61].

Eq Inp(dy |0, sk, f)

Ny, L L
= Z (ln e + Eq lnz exp(Infx; + In ff(x%k)))) - 77k:/ E, Z Or1 f2(s)ds
I=1 X =

n=1

Ny L L
> Z <ln Nk + anexp(Eq In 0 + E4 In fl2(x7(1k)))) —_ /X E, Z Or1f2(s)ds.
n=1 =1 =1
(4.14)

Using Equation (4.14), we implicitly collapse the indicator variables and ob-
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tain a lower bound of ELBO:

K N

ZZ(lnnk—i—anexpE Inby +E, In f7 (2! ))>

k=1n=1

— Z an / B0 f7(s)ds
k=11=1
K L-1 =

p(f1)

k=1 1=1 f

(4.15)

Now the posterior of the function f; is a Gaussian process GP (u;(x), Bi(x,2")),
where

uk’( ) "%XKZXXH%

-1 —
Bk(f, e ) = K/l,CECC/ — Rl,wXKl’XXRl,X$/ + K'l,ﬂ?XKl,XXEZKl XXK'/Z X!
And the expectation parts in Equation (4.15) can be computed as:

EyInp(fy) = Ina + (a — 1)Ey[In(1 - 6;,)],
I(Th,0 + Thi1)
I'(7r1,0) T (Thi,1)
(k1,1 — DEg[In(1 = 03)] + (7r1,0 — 1)Eq[In 0],
Eq[n(1 = 05)] = ¥(mre,1) — ¥ (Thi0 + Thi,1),
Eq[In(03)] = ¥(mh1,0) — Y (Thi0 + Thi,1),
E,Inp(si) = aglnby —InT'(ag) + (ao — 1) Inng — bong,

E, Inq(0);) = In

+

1|z 1
E,In 20 _ 1n|’|+7; str(

af) 2 K xx| 2
(k)

(k)y2 (k)
20 (k)Y — Ul( ) N By(zn”,an")

K % xS+ (1 — 9)(uw — g)T)>7

/X E, [/ (s))ds = c|X| - tr(K, Lo W) (K h WKL (5 i),

g(z),x < 0 is calculated by a precomputed multi-resolution look-up table. 7
is Euler’s constant and ¥; € RM*M A detailed description can be found in
Section 2.6.3 and 2.6.4.

After adding augmented Lagrangian penalty function, the modified evidence
lower bound is:

L V; 2
YU ([ mispoas - a)” (16)

4.6.2 The Variational Bayesian Expectation-Maximization Algorithm

Based on the modified evidence lower bound in Equation (4.16), we could de-
rive the parameter learning method. In the E-step, we update the parameters
{7, {pu} . {L;}L,, s} and in the M-step, we update {Hag, by, a}.
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Rate q(sy; 1)
We list the term related to 7 in Equation (4.16) first.
Ly = Nk Inn, — mi ZE (Hklfl )ds — nibo + (ap — 1) Inng.
Y=
There is a closed form update for
Ng+ag—1
bo + [x ZZL:1 Eq (9klfl2(3))d5

Nk =

Mixture Weights q(0};; 71,0, Tki,1)

We list the term related to these parameters in Equation (4.16) first.

Ng L L
A
Lo 23 Y exp (Byflnbp] + Eylin 2] )| —nk/XIEqZlefl?(S)ds
n=1 =1 =1
L(7r1,0) T (Tr1,1) ; /
In —RLOJZ TkLL) —1E,Ind _ E, In(1 — .
+ ( n NCp— (Thi,0 — DEqIn 0y + (o — 730,1)Eq In( kl))

Let

Lt 2 exp (Eq[In ] + By i f2(2)))

-1 !
= exp <¢(Tm70) ) (Trin) = D (Tki0 + Thia) + Eglln fZQ(x’ng))])v
j=1 J=1

Vi é/XquZQ(S)dS

There is no closed form update for these variables, we use coordinate ascent

method.
0L, (
P _ V )
OTki0 7 3Tkz 0 ;1 0Tk 0
- (Tkzo —1- fj L )W(Tk:zo)
7 n=1 ZU lLk’VW 7
L
+ (Tkl 0— 1+ 71 —oa— Z M)W(m,o + Thi1),
n=1 v= 1Lk’fw
a,CTM :_nk< Z V@E ij >
0Tk 1 3Tkz 1 ) 0Tk 1
141 Lino
- <Tkl,1 —a— Z vi)w (Thi,1)
n=1 Zv 1Lk’7w
Ev lLan

+<Tklo_1+7kl1_a_z )¢/(Tk1,0+7k1,1)-
n=1

v=1 Lknv
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The derivatives can be computed by

-1

OE[0n] Thi 1 Thi,1

om0 .11 :
Te,0 (TR0 + Thi1) j_ Thi0 + Thjl

OE[0] Tk1,0 H Thij,1
Ot (Theo + 7h)2 - Thio + Thit
j—1

OE[0k;] Thj0 Thi 1 H Tho, 1 P>l

- = )
0Tk 0 Thj0 + Thit (Tkto + Thia)? 5 vy Tov.0 + Tho 1

j—1

OE[Ox;]  Trjo ThLL0 Tho,1

0] I e
Tkl 1 Tkj,0 + Tkj,1 (Tkl,() + Tk;l,l) w10l Thkv,0 T Tko,1

Pseudo Inputs ¢(f;; %, )

Let ¢; = {¥;, ;}. We list the term related to these parameters in Equation
(4.16) first.

K Ny K L

In Ly My [0r]VI —wa (Vi — A) — —(V, — A
S (Y)Y (Vi 4) = 5 (Vi — 47
k=1n=1 =1 k=1 =1

[1H|El| St (K k(24 (= )~ 9)T)) |

Taking derivatives with respect to 3, u;, we obtain

oL Pl

o B EK: <§k: 1 8Lknl) - (wil +ug(Vi — A) + anE le]) Vi

k=1 n= 1ZL Lknv 6”"1 el 8[,11[

~ K x5l —9),
K Ny
9Ly, ( 1 aLknl> ( oV
= — (wi +va(Ve — A+ mE, 9kl])
0% ; nZ::l r Ly 0% co Z} %,
1y 1.4
t3X — 5K xx
EY A
Let uyjpn = uz(x% )) B jn = Bl(mgﬂ)@% )) and ey, 2 Kz gl € RMx1.
The four gradients can be computed by
OLgm ( ,( ul2k:n )ul ;m) oV, )
T : ’ — =2K, 4 s VK,
O 2B kn/ Biin Ol oy LXX L lXXp’l’

OL k1 _ (_ ,( Uzkn > u%kn 1 ) T+ JV

=Kl oKL
0% 2By kn QBZQJM + By in CinCin, 82 LXX LXX"

Finally, since we are using the parametrization 3; = LlLlT, we have

oV, oV, 0L OL gy
=2 L =2 L.
oL, “ox, "t oL oz !
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Hyper-parameter in the GP

Let ¢; denote the hyper-parameters in the prior for the Ith latent function. We
list the term related to these parameters in Equation (4.16) first.

K Ny K L

In Limi ) — nqu[ekl]W_wz‘l(Vl_A)_%(Vl A)?
=X, (Z -
k= 1n 1 h=1 =1

- [ oK x| = 50 ( Kk S0+ (= 9) (= 9)7))]

Taking derivatives with respect to ¢;, we obtain

oL, ( 1 8L;.ml) ( oV
= —(wa +va(Vik —A)+ > mlEq 9kl]>
g ; nz::l L L 09 R ; 0N
0K
Lk )
2 ,XX 8§l
1 o K xx
+ Qtr(Kl,}ch;le xx (B (= 9)(p — )T))-
The two gradients can be computed by
0Ly _ ( ,( ulz,kn )Ulkn) + Oey,
S| 2B kn/ Bign L g
uf u? 1 de
2(_ /( l,k:n) l,kn > (2 In T)
+ g 2Bl,kn 2Bl2,kn + Bl,kn “og al Cin
oV, 1 1 aI(l XX -1 o0y,
g tr<Kz,XX'\I' K xx g K xx B¢ )

ow 0K, %
1 1 l 1, XX 1
+tr<KlXX(ulul +2l)szx<ag -2 5 KIXX\III)>

Beta distribution prior «

We list the term related to a in Equation (4.16) first.

K L1
A
Lo =KL -1)a+ (-1 > (1) — (Tho + Thi1)-
k=1 i=1

Then we have a closed form update for o.
B K(L-1)
St (¢(Tkl,1 + Tri,0) — ID(TMJ))

(4.17)

Gamma distribution prior ag, by
We list the term related to ag, by in Equation (4.16) first.

K

Login = — > (ao Inby — InT(ag) — mkbo + (ap — 1) In 77k)-
k=1

Then we have

OL g by

= —Klnby+ K¢(ap) In g, bo—i
dag Z Zk 1Mk
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4.6.3 Derivation of the Lower Bound of the Test Likelihood

In LPPA, the allocation matrix © is treated as hyper-parameters and all the
parameters are {u, X, H,0}. Let ® = {H,0}. In variational inference we use
the variational distribution ¢(f;®) to approximate the posterior p(f|Dirain; P).
The test likelihood can be lower-bounded as follows.

lnp(DtestrDtrain; (I)) = ln/p(ptest|f; (I))p(.ﬂptrain; (I))d.f

~In / P(Diest| £ ®)a(f; ®)df

> /q(f; ®)In P(Dtestlg‘}fp(g;z(f; D)

df = Eq lnp<Dtest‘.f§ (I))

Ntest K
> Z Z lnz 0, exp { (In f2(x } Z Z le/ )]dS = Ltest-
k=1 n=1 [= k=1 =1

(4.18)

In BaNPPA, all the parameters to be optimized are {n, 7, u, 3, H, ag, by, a}.
Let ® = {H,ag, by, a}. However, if we follow the same deduction as LPPA, we
will not arrive at a fair comparison since the inequality in Equation (4.18) is
different in principle for LPPA and BaNPPA, and therefore, we draw V samples
from variational distribution ¢(s, ®;ag, by, ) for ® and then follow the lower
bound in Equation (4.18).

Eq lﬂp(Dtestlsa @, f§ (I)>

4,0, f;®) In p(Diesi|5, ©, f; ®)dsdOdf

Q

I

v=1

1%
> [ alss H) W p(Dicls. @0, F: 1)
1%

Z K <]§ In (Skza kleEq(lnfl =) )—Skzev kl/ ( )]ds)

v=1k=1 n=1
(4.19)
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Chapter 5

Conclusion and Future Work

In this chapter, we conclude the thesis and present several possible directions for
future research.

5.1 Discussion and Conclusion

Time-sequence data can generally be divided into two categories: recurrent event
data and panel count data [91]. The thesis was devoted to addressing several
technical problems in the variational inference when we have panel count data or
recurrent event data.

In Chapter 3, we presented the first framework for GP-modulated Poisson
processes when data appear in the form of panel counts. To simplify the problem,
we make the assumption that all time-sequences share the same intensity function.
Thanks to this assumption, we can obtain an estimate of the average intensity
function. We derived a tractable lower bound for the intractable evidence lower
bound when modeling the panel count data using the GP-modulated intensity
function. Our model, the Gaussian-process-modulated Poisson process for panel
count data (GP4C), outperforms a non-Bayesian method using the maximum
likelihood criterion in terms of the test likelihood and achieves comparable results
in terms of computation time. Generally speaking, GP4C serves as an alternative
to the current mainstream point-estimates for the machine learning researchers
and practitioners who are interested in modeling and understanding panel count
data.

In Chapter 3, we made an assumption that in the data set, all time-sequences
share the same underlying intensity function. However, this assumption prevents
us from inferring the diversity among multiple time-sequences. As the starting
point to study the diversity among multiple time-sequences, we incorporated an
additional variable for each time-sequence to model the diversity. In the scenario
of the clinical trial, this variable can be interpreted as the level of severity in each
patient. We name this model the GP4C model with individual weight (GP4CW).
We showed through experiments that GP4CW outperforms the GP4C model in
terms of the test likelihood. For medical practitioners, GP4C can estimate the
average rate of events while GP4CW can provide an estimate of the severity of
each patient.

In Chapter 4, we further generalize the assumptions in GP4C and GP4CW.
Instead of using only one latent function, we assume that there exists a set of la-
tent functions and the intensity function of each time-sequence can be obtained by
linearly combining all the latent functions. We proposed Bayesian nonparamet-
ric Poisson process allocation (BaNPPA), to automatically infer the number of
latent functions. We combined Bayesian nonparametric methods with the exist-
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ing latent Poisson process allocation (LPPA) method and showed that this naive
combination might result in over-shrinkage of the latent functions. We solved
this problem by imposing a volume constraint within the variational Bayesian in-
ference framework. We demonstrated that the proposed model outperforms the
LPPA model and the integral constraints we imposed on the objective function
help the inference of the underlying latent functions. For medical practition-
ers, BaNPPA can automatically identify different patterns of symptoms and help
develop individual treatments for each patient.

5.2 Future Work

In this section, we present several possible directions for future research.

5.2.1 Two-Sample Test

In Chapter 3, we estimate the mean intensity function for both the treatment
and the placebo group. A natural question is that whether the mean intensity
functions of the two groups are significantly different.

Let the mean intensity functions for the treatment group and the placebo
group be Aj(x) and Ao(z) respectively. Cook and Lawless [15] and [58] made the
following proportional mean function assumption:

Ai(z) = exp(B)do(x).

A score test for the real number S was then conducted by utilizing a point-
estimate of the mean intensity function Ag(z) [15, 58]. The null hypothesis Hg
and the alternative hypothesis H; are given as follows.

7‘[01 520,
Hi: B#0.

When we can not reject the null hypothesis 5 = 0, the mean intensity func-
tions for both groups are the same, that is, Ag(z) = A1 (). This implies that the
treatment is not effective.

With the inference methods in Lloyd et al. [60] and Chapter 3, we can obtain
a Bayesian estimate of the mean intensity function. However, we can not directly
use the point-estimate tools in Cook and Lawless [15]. It would be interesting to
investigate the benefits we could obtain from the Bayesian estimate in the task of
hypothesis test. For example, we can assume that the mean intensity functions
for both groups are generated by the following model.

Note that since a linear combination of two Gaussian processes is a Gaussian
process [77], f(x) + g(x) still follows a Gaussian process. After we obtain the
Bayesian estimate of the function g(z), a test can be performed by examining
whether g(x) = 0 using the hypothesis test method in Benavoli and Mangili [6].
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5.2.2 Analysis of the Error in Corollary 3.3.1

In Chapter 3, we did not give an upper bound of the error in Corollary 3.3.1.
The actual error in Corollary 3.3.1 is

n 2 x I xT
Jerror :Eq[ln " fQ(x)dx} In ( / (In(E2 £ (@) +bVar, £( ))+§d$>

xF)

K3

:(Eq[ln e f2(x)dx} —1In (/Xf"’) et 1nf2(x)dx)>

n <1n (/ . equnfz(x)da;) I (/ . eln(Egf(x)+b\/arqf(:r))+§dx>>
X X

k3

n 2 X
—Eq[ln/xm fQ(x>dx] —n (/X_m efan X )dx> Theplae);b),

-~

go

where h(p;b) is defined in Section 3.3.4 and z. € Xi(k). We used a heuristic
method to estimate the error of h(p(z.);b) in Section 3.3.4.

For the first part gy of the error geor, to the best of our knowledge, the
analysis of the error has not been studied before. The derivation of the inequality
can be found in Paisley [74] and this inequality has also been used implicitly in
the previous study [61]. We illustrate the bias after applying this inequality by
the following simple toy experiment.

Y= X2, Yo=X2, X1 ~N(2,1), X3 ~N(2,4),

where N (-) is the normal distribution. Using Lemma 2.6.3, we can arrive at the
following inequality:

A
Liore 2 By In (w3 + (1 - w)Y2 )

>In (w exp(ElnY7) + (1 — w) exp(E1n Yg))
2 Loignes w e [0,1]. (5.1)

The experiment is to maximize both sides with respect to w in Inequality 5.1.
We vary the value of w and calculate Lo and Lier. The result is given in Figure
5.1. We see that the for the right-most Lyg; the optimal value of w is w = 1
while for Li.s; the optimal value is between 0 and 1. With this toy experiment,
we confirm that after applying the inequality an additional bias is added to the
maximization result.

An intuitive explanation for the bias is that the logarithm function will punish
values which are closer to zero harder. Since Y, has a large variance, there will
be a large proportion of samples near zero. This makes the corresponding E In Y5
smaller and less favorable.

In this direction, an analysis of the error go would help understand the accu-
racy of our Bayesian estimate.

5.2.3 Poisson Process Allocation for Panel Count Data

The combination of the panel count data model in Chapter 3 with the Poisson
process allocation model in Chapter 4 would be an interesting topic. Taking
the clinical experiment as an example, in Figure 3.1 we notice that the diversity
among patients can not be easily neglected and a careful study of the reactions
from different patients would help doctors make a specific plan for each patient.
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Figure 5.1: Bias in the inference with lower bound. Left: The histogram of Y;
and Yz when sampling both variables 10° times. Right: Liere (Blue) versus Lyignt
(Red) and the round marker indicates the maximum of the curve.

In this direction, we can combine the generative process of LPPA [61] with the
panel count data model. We name this model the Poisson process allocation for
panel count data (PPA-PCD). The generative process for the PPA-PCD model is
given in Algorithm 13. In PPA-PCD, we are provided with additional censoring
intervals {Xi(k)}, k=1,..., K. Another difference between PPA-PCD and LPPA
is that we need to add an additional censoring step after we sample the recurrent
event data for each subject since the exact time-stamps in the panel count data
are not revealed to the observer.

A challenge in this direction is that a large data set of read-world panel count
data from patients may not be easily accessible since it is related to the privacy
of the patients.

5.2.4 Pattern Mining From Multiple Time-Sequences

In Chapter 4, we present the BaNPPA model to automatically infer the number
of latent functions for multiple time-sequences. Although BaNPPA can model
the multiple time-sequences well in terms of the test likelihood, we observe that
in the experiment that it is difficult to gain insights from the latent functions of
the inference results from BaNPPA.

We plot the inference results of the latent functions in the Microblog data set
in Figure 5.2. A description of the Microblog data set can be found in Section
4.5. In Figure 5.2, we notice that each latent function contains only one peak.
However, a more meaningful pattern may contain multiple peaks [45] since there
might be some triggering mechanisms in multiple peaks. Thus we may find it
more interesting to investigate whether there is a group of time-sequences sharing
the same multiple-peak pattern. A careful examination of the information from
this group may help us understand the mechanism in the generative process
better.
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Algorithm 13: The generative process for the PPA-PCD model.

Input : The number of latent function L, the number of the
time-sequences K, the mixture weights {0y}, the mean value
mo, the covariance functions in L Gaussian processes {x;} and
the observation intervals {Xi(k)}, k=1,...,K.

Output: The time-sequence data D = {dj}X_,.

1 for each basis functionl=1,...,L do

2 | Sample f; ~ GP(mo(), ki(z,a')).

3 end

4 for each subject k=1,..., K do

5 Calculate the intensity function.
L

Me(@) = Oufi(x), O >0.

=1

6 Sample dj, ~ IPP(\(z)) on the time window X*) = Ui)(i(k).

7 for each observation interval i =1,..., Ni do

8 Censoring the recurrent events dj with Xi(k).

9

ml(k) = #{z|r € Xi(k),x € di}.

10 end

11| Set dy = {(m™, )N

12 end
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Figure 5.2: Latent functions in the Poisson process allocation of the Microblog
data set. (Left column) First five latent functions from LPPA with L = 14.
(Right column) First five latent functions from BaNPPA.
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