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Preface

Bayesian inference is a statistical inference method in which Bayes’ theorem is
employed to update the likelihood of a hypothesis as more evidence or information
becomes available, unlike frequentist inference where the parameter is always
assumed to be a fixed constant.

The main advantages of Bayesian inference over frequentist methods include the
incorporation of prior knowledge into statistical analysis, the inherently probabilistic
Bayesian analysis results that can provide a more intuitive understanding of the
outputs, the flexible structures of Bayesian methods in handling complex models,
and finally its ability to be constantly updated, which makes it ideal for sequential
decision-making processes, as new data becomes available. However, it comes with
some difficulties. Examples include the fact that the choice of prior has an impact

on the results in case of small data, the fact that large datasets are often encountered
that are computationally intensive, and the difficulty of determining a complete
probabilistic model, including the priors and likelihood, and that this model requires
careful assessment. Despite everything, the fact that Bayesian inference is used in a
wide variety of fields can be mentioned as its greatest asset.

Ultimately, although it has its own difficulties, its ability to incorporate priors and
provide probabilistic outputs gives it a tremendous edge in many fields and makes it a
valuable tool, particularly in the decision-making process.

Bayesian Inference — Recent Trends is an authoritative resource that presents cutting-edge
developments in Bayesian inference, a cornerstone of statistical analysis and machine
learning. The book is structured as a series of comprehensive chapters, each offer-

ing a deep dive into various aspects and applications of Bayesian methods. Aimed at
researchers, practitioners, and students, this book not only clarifies complex theoreti-
cal underpinnings but also demonstrates practical implementations in diverse fields.

Chapter 1, “Introductory Chapter: A Strong Come-Back of Bayesian Inference”,
provides a detailed introduction to the resurgence of Bayesian methods in modern
analytics. It explores the fundamental concepts and advantages of Bayesian inference,
particularly its proficiency in handling uncertainties and incorporating prior knowl-
edge into model building. This chapter serves as an essential read for those seeking

to understand how Bayesian inference offers a more intuitive approach to parameter
estimation and uncertainty quantification compared to traditional statistical methods.

In Chapter 2, “Indirect Observation of State and Transition Probabilities”, the focus
shifts to the application of Bayesian techniques in hidden Markov models. The chapter
presents an insightful case study on how Bayesian networks can be leveraged to infer
state and transition characteristics in systems where direct observation is not feasible.
It is a compelling demonstration of Bayesian inference in action, offering readers a
glimpse into the method’s ability to uncover hidden patterns in complex, noisy data.



Chapter 3, “Nested Sampling: A Case Study in Parameter Estimation”, presents the
Nested Sampling (NS) algorithm and its application in efficiently estimating parameters
in high-dimensional spaces. The chapter showcases the use of NS in Direction of Arrival
(DoA) estimation, emphasizing its advantages in handling multimodal distributions
and complex models. This case study highlights NS’s potential as a powerful alternative
to conventional estimation techniques, especially in signal processing and related fields.

Chapter 4, “Bayesian Inference for Regularization and Model Complexity Control of
Artificial Neural Networks in Classification Problems”, focuses on Bayesian neural
networks (BNNs) for classification problems with considerations of model complexity
of BNNs conveniently handled by a method known as the evidence framework. In this
chapter, based on the exploration of the Bayesian inference framework for MLP neural
network training, it is shown that the regularization parameters (hyperparameters) and
the appropriate number of hidden nodes in the network can be conveniently obtained.
Therefore, a case study is presented to show that a BNN configuration based on a few
nodes in the hidden layer is suitable for the incipient fault detection in power trans-
formers. The number of hidden units mainly depends on the diagnosis criterion under
consideration. This chapter also performs a comparison between suggested gas ratio
limit-based methods and BNN based methods for power transformer fault diagnoses.

Finally, Chapter 5, “Performance Comparison between Naive Bayes and Machine
Learning Algorithms for News Classification”, introduces a Python-based news clas-
sification system, focusing on naive Bayes algorithms for sorting news headlines into
predefined categories. Four naive Bayes variants such as Gaussian, Multinomial,
Complement, and Bernoulli are evaluated and compared with classifiers such as Logistic
Regression, Random Forest, Linear Support Vector Machines, Multilayer Perceptron
(MLP), Decision Trees, and K-Nearest Neighbors. Ultimately, the MLP classifier achieved
the greatest accuracy, underscoring its effectiveness, while Multinomial and Complement
naive Bayes has proven its robustness in news classification. Effective preprocessing of the
dataset comprising BBC news headlines spanning technology, business, sports, entertain-
ment, and politics has played a pivotal role in accurate categorization. In conclusion, this
chapter gives insights into naive Bayes algorithm performance in news classification,
benefiting Natural Language Processing (NLP) and news categorization systems.

Intriguing together, these chapters offer a comprehensive overview of the contem-
porary landscape of Bayesian inference, illustrating its versatility and potency across
different domains. Bayesian Inference — Recent Trends is an indispensable guide for
anyone interested in the evolving field of Bayesian analysis and its myriad applica-
tions in the data-rich world of today.

Ihsan Omiir Bucak

Engineering Faculty,

Department of Computer Engineering,
Sehit Biilent Yurtseven Campus,

Igdir University,

Igdur, Tiirkiye

XIvV



Chapter1

Introductory Chapter: A Strong
Come-Back of Bayesian Inference

Ihsan Omiir Bucak

1. Introduction

The Oxford Reference dictionary defines Bayesian inference as a statistical
inference technique that estimates the probability of an event taking place in terms
of the frequency of occurrence of the event, and also notes that it is based on Bayes’
theorem [1].

Bayesian methods allow uncertainty to be evaluated on the basis of performed
predictions. They can also show superior performance in utilizing prior knowledge
and bringing robustness into the model, in principle, due to their inherent effective
containment strategy in handling uncertainties related to parameter estimates [2].

Bayesian methods as a generative approach can learn not only related priors, but
also adopted priors especially for hyper-parameters through training data without
requiring expensive cross-validation techniques, by allowing uncertainty assessment
about the (performed) predictions and the parameter estimates [2].

Answers to a state-of-the-art question of how fast, accurate, reliable and scalable
inference algorithms can be strengthened in terms of design with current optimiza-
tion and stochastic approximation techniques have been the subject of works con-
ducted in recent years [2].

Bayes theorem addresses the more difficult inverse problem (posterior) that is
related to any machine learning process, as opposed to the easy one which is forward
problem (likelihood). In other words, the objective is to estimate or infer a model
given the observed data. This is exactly the task of machine learning. Its update is
based on the assumption of a prior (knowledge) and the availability of the estimated
distribution of the data represented by the denominator in the Bayes theorem which
is not taken into consideration in the discriminative models at all [2]. However, in
general, overfitting remains one of the main challenges between machine learning
and the inverse problems [2].

A prior can be placed on both parametric models consisting of a fixed number of
unknown parameters and non-parametric models consisting of functions and/or a
non-constant number of unknown parameters, the number of which varies only with
the size of the data set. Practically, a specific prior is determined by the balancing
choice between the prior itself which takes inspiration from its own strength, and the
posed difficulty in the derivation of inference algorithms [2].

An important feature of Bayesian learning is its posterior distribution, which can
be used to generate a point prediction and provide the amount of uncertainty of the
point prediction.

The number of parameters used in non-parametric models and learned
directly from the data during training is often initially very large, and then the
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algorithm takes on the task of reducing them to a limited set of parameters. Here,
the priors referring to an infinite number of parameters take place in the scene,
and the “true” number of parameters is tried to be recovered by the respective
posteriors [2].

2. The place and importance of Bayesian techniques in machine learning

Machine learning is just one part of the field of artificial intelligence, and today
there are many developments using machine learning and its models. Bayesian and
statistical algorithms are a subsection of machine learning.

Since measurements of dependent and independent variables are inherently noisy
and imprecise, and the relationship between them is invariably non-deterministic, it
proves to us that a consistent and principled way that will enable us to make meaning-
ful reasoning in the presence of this uncertainty is only possible through probability
theory and especially Bayes’ rule, which explains the logic of uncertainty [3]. One
of the main tasks of machine learning is to approximate the conditional probability
P(A | B) with a suitably specified model based on given sets of examples correspond-
ing to these measurements, if we call the dependent and independent variable
measurements A and B respectively.

Bayesian inference is more prominent in the modeling procedure. We have a
type of parameterized model defined as follows, where, w represents a vector of all
“tunable” parameters in the model as a conditional probability:

P(B|A)=f(A w). 1)

The task of predicting the unknown B based on A is done by evaluating f(A; w)
such that the w parameters are optimum. Bayesian inference puts parameters, such
as w, in the same category of random variables as A and B. However, if the f model
is made too complex, we may run the risk of overtraining the observed D data and,
as a result, realizing a poor P(B | A) distribution model [3]. Here, a given set D con-
sists of N examples of variables A and B. Overtraining or overspecializing occurs
in training algorithms, where a limited number of training examples are available.
Since the training data set, which contains a large number of training samples,
will perfectly represent the test set, no difference should be expected between the
performance of the training set and the test set. On the other hand, since the data
sets are limited in practice, it is normal for the test set performance to be worse
than the training set performance. This is because the model is very specialized
and cannot generalize well [4].

Machine learning methods have been extensively used for over the decades to
extract useful information out of data and then use it to perform predictions. Such
methods, at most, count on employing a parametric model to describe the data given
and then estimates to describe the unknown model parameters are driven through an
inference on an estimation technique.

Machine learning from the Bayesian point of view is receiving a lot of attention in
recent years, due to its relative advantages and the additional knowledge provided by
posteriors/posterior distributions.
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3. The place of Bayesian techniques in deep neural networks (DNNs)

We have witnessed the return of Bayesian methods as a new source of inspira-
tion in the design of deep neural networks, with strong ties to Bayesian models and
unsupervised learning [2].

Bayesian DNN’s inference steps differ from their deterministic peers in two ways:
The first is that when unknown synaptic parameters or weights are defined in the
form of parameterized distributions, the cost function to be optimized is expressed
not by synaptic weights but by hyper-parameters describing the relevant distribu-
tions. The second is that the evidence function to be maximized is not traceable.

After 2010, the most important design problem in DNNs that dominate the
machine learning field with their tremendous representation capability and their
extraordinary predictive achievement for many learning tasks is pruning, which leads
to the removal of unnecessary nodes and links and thus plays a major role in reducing
the number of associated parameters as well as the DNN size.

4. Applications of Bayesian learning models

A wide variety of applications of Bayesian learning models attract attention today.
It is certain that Bayesian learning models are particularly widespread around large
and complex wireless communication systems, such as 6G, automated systems that
constantly face fast-charging environments and critical decision-making processes.

In this context, we will try to briefly emphasize the diversity of applications in this
field by giving some examples of innovative studies that we have selected in recent
years from the present to the past.

The first of these studies was chosen from communication theory. Bayesian infer-
ence has been conducted for simulating radio channels on a newly proposed stochas-
tic multipath model to approximate the analytically intractable posterior distribution
as likelihood function by introducing a novel Markov Chain Monte Carlo technique to
improve the efficiency of Monte Carlo computations [5].

Bayesian inference can also be applied in machine learning techniques for system
identification. For example, Bayesian inference has found application in performing
system identification by modeling posterior distributions of the model parameters. To
this end, Bayesian inference has been used to improve the performance of black-box
high-precision modeling on a fine-tuning training of neural networks for unknown
non-linear systems using informative seismic data to evaluate the methods. Likewise,
the constitution of the machine learning structures can also be used as a prediction
tool in time series as is its simplest form of Bayesian inference [6].

In another similar application, Bayesian inference has been used as based on
data-driven training method to train on-line the historical seismic data of Central
Italy between the years 2014 and 2016 as (having) a prior knowledge for predicting
three important seismological parameters in future events as likelihood, such as time,
magnitude and location, and updating the posterior distribution with more recent
data in order to improve forecasting under the existence of such uncertainty [7].

Bayesian statistics supports detailed and rigorous data analysis for experimental
software engineering, whereas frequentist statistics has many fundamental issues.

In the case of principled data analysis processes, their results are interpreted more
naturally and directly related to practically important measures. This points to the
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closing of the gap between statistical and practical significance, which makes the real
difference in practice. Bayesian statistics can help experimental software engineer-
ing establish solid foundations and achieve solid results. Some Bayesian analysis
techniques can even be used to simulate scenarios that are realistic and different from
those measured; this capability accelerates decision-making in real-world software
engineering scenarios [8].

Bayesian inference has been used in the semiconductor industry to propose a new
version of cell-aware diagnosis flow to precisely identify defect candidates of cus-
tomer returns, and to confine increasing number of defects in parallel with unending
effort of continued pushes for higher density within the cell structures of digital ICs.
Cell-Aware test is the only way today to achieve the required low defective-parts-per-
million rates for critical applications in an attempt to ensure no similar defect occur-
rences in the future [9].

Bayesian inference has been used as part of statistical modeling for predicting
mean value of theoretical housing prices out of the given dataset, and to validate it
in an attempt to apply the model further to foresee more theoretical asset price of
similar large items that help economists calculate the difference between the theoreti-
cal asset price and the asset price subjected to an abrupt change under the impact of
COVID-19 [10].

Rapid development of machine learning has boosted joint effort of computer
scientists on workload characterization, particularly on acceleration-related
workloads in deep learning, which is a leading algorithm to advance learning pat-
terns from large mass of labeled data, or supervised learning, and on performance
bottlenecks that lend themselves to optimization. In deep learning, models are
trained using labeled data, while uncertainty or noise is not explicitly modeled.
When we do not have enough labeled data or are trying to establish an uncertain
relationship between different types of observed data, we can build a Bayesian
model and use Bayesian inference to find out what we want from the data. Bayesian
inference is a particularly important machine learning technique that complements
deep learning in many fields. Bayesian methods often out rate deep learning in
supervised learning. In particular, Bayesian inference and modeling are more suc-
cessful in producing more interpretable models, especially in the case of unlabeled
or limited data, using informative priors to its full extent in favor of its own influ-
ence. One of the suggested techniques in this context claims to improve Bayesian
inference performance by an average of 5.8x times (by 5.8x on average) compared to
naive assignment and execution of the workloads. The authors even claim that the
proposed techniques can facilitate the deployment of Bayesian inference as a genetic
web service [11].

Policy evaluation in on-line reinforcement learning has been considered using
Gaussian processes to represent the action value function in terms of probabilistic
perspective. What is meant by probabilistic perspective is the sequential update of
the action value function with respect to state and reward functions of the observed
variables by Bayesian inference during Policy evaluation. Collected samples modeled
as the observed variables and the action value function modeled as the latent vari-
ables are used to transform the policy iteration into a problem of inferring the latent
variables from the observed ones which were based on the probability theory. In other
words, the action value function is being updated according to Bayesian inference
at the second stage implementation of a Bayesian reinforcement learning algorithm
known as SARSA, in which the action value function as a stochastic variable is being
modeled through Gaussian processes at its first stage [12].

4



Introductory Chapter: A Strong Come-Back of Bayesian Inference
DOI: http://dx.doi.org/10.5772/intechopen.1003754

5. Conclusion

Bayes’ Theorem is extremely successful in providing an intuitively clear alternative
method for estimating parameters as well as determining the degree of confidence or
uncertainty in these estimates.

Since it is known that (statistical) inference is the process of extracting features
about a population or probability distribution from data, it is quite natural that
Bayesian inference is defined by making an analogy with the former one as extracting
feature about a population or probability distribution from data using Bayes’ theorem.

In Bayesian statistics, the information necessary to make inferences is found
in observed data, while in frequentist statistics, it is found in other unobserved
quantities.

The main advantages of using these tools include the fact that the understanding
of complex Bayesian concepts and procedures is achieved in most cases without math-
ematical formulas and that these tools allow some aspects of Bayesian inference hid-
den in the mathematical formula of Bayes Theorem to be revealed by the researcher.
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Chapter 2

Indirect Observation of State
and Transition Probabilities

Alexei Gilchrist and Lachlan ]. Rogers

Abstract

A wide range of systems exhibit stochastic transitions between different states that
may be hidden from direct observation. Nevertheless, if the states are coupled to a
signal, observation of the signal can provide necessary information to infer the state
and switching characteristics. Here we explore a simple hidden Markov model with an
observable Poissonian distributed count signal. Determining the parameters of this
system from the signal can be difficult in the high-noise regime with non-Bayesian
methods. However this system yields a simple Bayesian network description, and
variable independencies allow the problem to be formulated in a way that allows
tractable inference of the parameters just from the time series. This is an informative
demonstration of Bayesian techniques, and in particular the interplay between
modelling a system and the process of inference.

Keywords: Bayesian inference, hidden Markov model, state switching, time series,
modelling

1. Introduction

One of the really satisfying aspects of Bayesian inference is the structured interplay
between modelling and observable data. To begin an analysis, a clear model of the
system and noise sources is required. The model informs how to infer parameters
from correlations in the observed data. In turn, comparison with experiment might
suggest extensions or modifications of the model and lead to more rounds of analysis.
We demonstrate this interplay in this chapter with a simple hidden Markov model,
that is a distillation of the analysis presented [1] which was applied to quantum
emitters. The original system in question had just two states, labelled ox and off, with a
probabilistic transition between these states that does not depend on the past of the
system. We extend the modelling to an arbitrary number of states and transition
probabilities. In the scenario we consider, the system state and transitions are hidden
from the observer. What is observable is a Poissonian distributed signal whose
strength depends on the system state. The task is then to determine the hidden
parameters from the observed signal, such as the system state over time, or the
switching probabilities.

A variety of systems exhibit stochastic switching between states, sometimes called
telegraph noise [2], and the first step to controlling the system might be to understand

9 IntechOpen



Bayesian Inference — Recent Trends

the characteristics of the switching. An example of such a system is a quantum
emitter, where the switching behaviour is called blinking due to large intermittent
changes in the observed fluorescence. Such emitters are valuable resources for
engineered quantum systems, and the presence of blinking limits their applicability. If
fact, most quantum light emitters exhibit intermittency in their fluorescence under
continuous excitation, including diamond colour centres [3-7], quantum dots [8-12],
nanowires [9, 13], nanorods [13], organic semiconductors [14], molecules [15-17],
and other systems [18, 19]. Key insights can be distilled from the switching rates and
how these depend on relevant parameters, and yet these rates are often the hardest to
extract from the raw time series of photon counts in particular for low-intensity light
signals or noisy data.

Blinking typically leads to step-like switches in the fluorescence time trace, as
illustrated in Figure 1(a). The most common method used to analyse the oz and off
states from a blinking time series is threshold analysis [3, 20, 21], illustrated for
simulated data in Figure 1(a). However, the choice of threshold intensity is essentially
arbitrary, and it can significantly influence the statistics of the on and off states [22—
25]. The threshold technique becomes difficult to use for emitters fluorescing at low
signal-to-noise ratios as depicted in Figure 1(b), where the distributions of counts
from the oz and off states to overlap. Figure 1(c) shows that generalising this situation
to three (or more) possible states typically makes it less likely that suitable thresholds
can be found to distinguish all of the states.

By taking a Bayesian inference approach we can extract state switching probabili-
ties or rates directly from the time-series of the observable parameter, without
resorting to threshold analysis. In order to not over complicate the analysis we will
focus on a regime where the state switching rates are slow in comparison to the

(a)

Counts

] 2500 5000 7500 10000

Time step
25
n 20
E
® 3|
(o]
5 F
o L i | d
] 2500 5000 7500 10000
Time step
5+
w 20
E 15 -
(€ 3wl
%)
s
0 -

5000
Time step

Figure 1.

Not all switching time traces suit analysis in terms of a threshold. (a) Simulated data with clear on and off states.
The dotted line represents a threshold, which is used to distinguish the on and off states. (b) An example of the same
model with the same switching rates where it would be difficult to do a threshold analysis. (c) A model with three
states with no clear distinction.
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detection intervals. The analysis can also be extended to the continuous switching
regime as demonstrated in [1], either as a sequence of more and more sub-intervals or
in the fully continuum limit.

In Section 2 we analyse a switching process where the system is assumed to be
either in a number of possible states {a, b, ¢, ... } for the whole detection interval. In
Section 3 we infer the switching rates from observed data. Finally in Section 4 we use
the time trace to infer the system state itself.

2. Modelling

The model for the system has some number of hidden states, {a,b,c, ... }, and it
switches randomly from a state x to a state y with probability of T,,. The system state
is only indirectly observable by a signal, that is itself Poissonian distributed with a rate
R, that depends on the system state s. The Markov chain for this model is depicted in
Figure 2 for three states.

Such a model can be also used to model a background Poissonian noise process that
affects all rates by simply adding the background rate to all other rates, as a combina-
tion of Poissonian processes is also Poissonian. In the physical example of quantum
emitters, the background rate (known as dark-counts) is due to noise in the detector
or electronics. Similarly, while the quantum emitter is in the oz state and is fluoresc-
ing, it is being driven by a strong classical pump so the statistics of the photon counts
are also well modelled by a Poissonian process. The observed counts are then
Poissonian with a rate of either the background rate or the background rate and the
fluorescing rate combined, both of which are Poissonian.

We’ll write all the state dependent rate parameters as a single variable for brevity
in the probability statements R = R,R,R, .... The state at the beginning of time-step ¢

Figure 2.

A discrete time Markov process modelling the evolution of the system between three states. In this case T, ave the
switching probabilities from state x to state y. With three states there are potentially six different transition
probabilities to track.

11
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(and throughout the time-step) is s;_1, and the probability of seeing ¢, counts inte-
grated over the detection window is given by a Poisson distribution with a rate
determined by this state,

P(c;|s;—1RI) = ¢} exp(—2) /! (1)

where A =R, ,,s,-1€{a,b,c, ... }, and I tags the background information for the
model.

Clearly, if we knew the state of the emitter at each data point it would be a simple
matter to infer the switching rates. Unfortunately these states are not directly observ-
able, and worse still, because the states are not observed the switching probabilities
become dependent on the entire history of the count data. This makes the inference
considerably more involved.

We can summarise the dependencies amongst the variables by the Bayesian net-
work (BN) [26] shown in Figure 3. The BN can be used to determine conditional
independencies between the problem variables, using the property of d-separability.
In the BN, s;_; represents the state of the emitter for the  detector interval. The key
variable independencies are the following

TLR|I )

sedLsyls 1Q (<t —1) 3)
crleylsi1Q u#t (4)
crlsylse 1Q v#EE—1 (5)

Hidden

Figure 3.

A g;m’al Bayesian network vepresenting the joint probability distribution of problem parameters. The nodes inside
the central dark regions are the visible variables, those outside are hidden parameters. Each dark region represents
a detection interval and the visible variables are the accumulated counts for the entire detection interval. We are
estimating rate pavameters R, € R, and transition probabilities Ty, € T, for x,y € {a, b, c, ... } given the observed
counts c;. Enough of the full network is drawn to be able to easily determine the variable independencies.
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where Q = TRI for compactness. Note that ), T, = 1 for all x, that is all the exit

probabilities should add up to one. We will make use of these independencies in the
following section.

Generating sample data from the model is straight forward. The initial system state
is set at some arbitrary state, say so = 4. Then at each time step ¢ the next state is
chosen according to the probabilities {T,,} for x € {a, b, ¢, ... }. This does a random
walk between states following Figure 2. Each time step is “observed” by Possonian
generated counts ¢; whose rate is determined by the state: R;,.

3. Inference

Given the observed counts, the quantity we want to infer is P(T|?I ) where ¢ =

c1¢; ...cn is the set of count data obtained over N detector intervals, and T are all the
state transition probabilities. Using Bayes’ rule, the posterior probability distribution
of T can be written as,

P(TIeT) = w (6)

The rates of counts R can be added by marginalisation,

oy P(T\I)P(?R|TI>
p(T\cz)_JdR P(?II) %

1
P(? u)
Where the integral is over all the rates [dR = [dR, [dR), [dR. ... for some suitable
ranges. Without observing the counts, the independency in (2) implies we can factor

P(TR|I) = P(T|I)P(R|I). We will go further and take the probability of all parameters
as constant over some initial range (i.e. no prior information) so that

JdRP(TR\I)P(? |Q). (8)

P(T|E’1) - %JdRP(? |s2) 9)

and determine the normalisation factor N\ at the end. Note that Q = T'RI so these
probabilities still depend on the rates and transition probabilities.

If all the states s = sp51 ... sy_1 were known together with the parameters R and T,
the probability of all the counts could again be easily determined. This suggests an
approach to the problem by adding these parameters through marginalisation,

P(?|Q) - ;P<??|Q> - Z?:P(?RQ)P(?Q) (10)

where we abbreviate the summationsas > . = > ...> . Using the indepen-

dencies (4) and (5), P(? |?Q) can be simplified to

13
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P(?\?Q) - ﬂp(ct\smsz), (11)
t=1

and each term is determined by (1).
The remaining P(? \Q) term cannot be simply factorised over the states despite

being a Markov chain, as observing R and T introduces possible dependencies. We can
however expand using the product rule and simplify by making use of the indepen-
dencies in (3):

N
P(512) = T] PGl 12)P(s0l2), (12)
t=1

where we have chosen to expand in temporal order.
Finally, the inference becomes

N
P(T\?I):%JdRE:H (cosilsi1Q)P(50]Q) (13)
il

where we have used (5) to write the joint distribution between ¢; and s;.

The problem with (13) is that the sum over s contains m" terms if there are m
states, each of which has N products. This will rapidly become intractable as the
size of the data grows. Fortunately it’s possible to rewrite (13) as a single term with
N m x m matrix products. Consider the following matrix written for a three-state
system:

Plesy = als; 1 =aQ) Plesi =als;1 =bQ) Plesy = alsi—1 = cQ)

Q, = | Pletse =blse-1=aQ) Plessy =Dblse1=bQ) Pleesy =blsi1=¢Q) |,
P(cysy = clsg—1 =aQ)  Pesy =clsg—1 =bQ)  Pcrsy = clsi—1 = cQ)

(14)
and vector
P(so = a|Q)
Do = P(SO = b|Q) (15)
P(So = C|Q)
then
N
ZH (ce8¢lse—1Q)P(so|Q) = 1 HQtDo (16)
5 =1 t=1

where the product on the right hand side is read as decreasing in ¢ to the right. The
equivalence of (16) to (13) is readily verified by expanding a few terms out. The
matrix multiplication will sum over the columns of Q, which is a summation over
the states s;_1. Each successive multiplication sums over another state and the final

_T
multiplication by the row vector 1 (for the three state system thisis [1 1 1]) will sum

14
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over sy. The generalisation of Q, and Dy to more than three states is straight forward.
With this equivalence, the inference reads

P(T|?1) - %JdRTT ﬁ Q,Do. 17)
t=1

There is one outstanding issue in calculating (17), and that is that care must be
taken to avoid underflow or overflow. The normalisation factor includes P (? I )

which is the probability of the observed counts given no knowledge of the parameters
or transition probabilities. While it could be expanded by adding parameters and
states it would be difficult to calculate. Without it, the computation of (17) quickly
leads to overflow. The key to controlling this normalisation issue is to observe that
(17) is similar to a time evolving state

N — — — —
[ QDo = Qu .. Q3Q,Q:Do = Qu ... Q3Q,D1 = Qy ... Q3Da. (18)
t=1
0,007 :
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Figure 4.

Inference of the switching probabilities on simulated data given in Figure 1(c). The true value is shown as a dot in
each plot. (Left) Joint marginal probability distributions for the exit probabilities for each state. (Right) Marginal
probability distribution for each separate exit probability.
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Figure 5.

Time series with high relatively switching vates an difficult to discern states. Nevertheless the constraints imposed by
the model allow the switching rate to be accurately estimated with enough data.

So we can compute the “state” D, for a multi-dimensional grid of parameter values
that spans the inference space, and at each time step re-normalise since the sum of the
probabilities over the entire grid should be 1. In this way the normalisation can be
controlled.

As a demonstration of the algorithm, Figure 4 shows the marginals of the posterior
distributions for all the exit probabilities from each state inferred from the data of
Figure 1(c). The count rates R,, R, and R, where assumed known for the purpose of
the simulation. It should be noted that the inference contains no approximations or
arbitrary choices, and makes use of all the data. The key point of contention with
observed data is whether the model is realistic to the system. If it is, then the inference
faithfully converges on the underlying values regardless of what they are. If it is not,
then this forms the point of departure for another round of modelling.

To illustrate the point, consider a model that is transitioning quickly between two
states that are not very distinguishable. See for example the time series in Figure 5. It
would be difficult to discern that there are two levels, let alone to estimate their
switching rates. The model, and the assumption that there exists only two states,
means that the inference will weigh each data point against the model and allow the
extraction of the switching rates despite the noise.

4. Inferring the state

A further inference we can make is to determine the underlying state behind a data
point given all the data observed, but without knowledge of the transition probabili-

ties T\, or the count rates R,. Specifically, the task is to determine P(.vk =x|cl ) ,

wherex €{a,b,c, ... }.
In order to do this inference we add T, R and the rest of the states using
marginalisation. An application of Bayes’ rule then yields,
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P(sk = x|?I) = %JdeRZP (? 51 o S—1 (S = %) Spt1 - S Q) (19)
S sy

XP($1 oo Sp—1 (S = %) Sks1 - 52 |Q)

where Q = TRI as before, and the prior probability distributions where
taken as constant with the normalisation A to be determined at the end. The

summation is over all states s; where j # k denoted in short as s’ # s;. Expanding

the last term in temporal order and making use of the independencies in (3) and (4)
leads to,

N
P(sk - x|?1) - %JdeTZ [ Pless: -1 Q)P(so|2). (20)
sy t=1

The probability can again be efficiently computed using the matrices Q, (14) and
vector Bo (15) but with a restricted choice for Q,,
~ 1 =T (x) D
P(s =[¢1) = 1 |dRAT T Q,+Qua @’ Qi1+~ QiDo. (21)

where Q,(ex) only has the row corresponding to state x. So for the three-state
example we would have

0 0 0
QY = | P(cksk = blsk1 = aQ) Plepsy = blsi1 =bQ) Plepsy = blsp 1 = ¢Q)
0 0 0

(22)

5. Conclusions

We have derived efficient methods for obtaining the posterior distribution of
transition rates given observation of accumulated signal for a hidden Markov model
with multiple states. The methods do not require approximations to make the calcu-
lation tractable, and make use of all the observed data; the main fitting task is the
selection and assumptions that go into the models. Moreover, the advantage of
obtaining the posterior distribution is that rigorous error bounds can be placed on the
inferred parameters for example by use of credible regions. We have also demon-
strated how to use the data to determine the underlying state, and unlike the threshold
technique, the result automatically carries error bounds in the form of a probability
distribution. In general we expect the methods presented to apply to a wide variety of
hidden Markov models with multiple states and other methods of indirect observa-
tion. The treatment here has looked at systems where there is a well-defined state
time, which will apply to situations where the signal is sampled faster than the
typical transition rates. These models are then capable of determining the model
parameters for high or low switching probabilities. It is possible to generalise this
approach to model systems which might switch at any time regardless of signal
acquisition intervals [1].
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Chapter 3

Nested Sampling: A Case Study
in Parameter Estimation

Fesih Keskin

Abstract

Nested Sampling (NS) is a powerful Bayesian inference algorithm that can be used
to estimate parameter posteriors and marginal likelihoods for complex models. It is a
sequential algorithm that works by iteratively removing low-likelihood regions of the
parameter space while keeping track of the weights of the remaining points. This
allows NS to efficiently sample the posterior distribution, even for models with com-
plex and multimodal posteriors. NS has been used to estimate parameters in a wide
range of applications, including cosmology, astrophysics, biology, and machine learn-
ing. It is particularly well-suited for problems where the posterior distribution is
difficult to sample directly or where it is important to obtain accurate estimates of the
marginal likelihood. This study explores the potential of NS as an alternative to these
traditional methods for Direction of Arrival (DoA) estimation. Capitalizing on its
strengths in handling multimodal distributions and dimensionality, we explore its
applicability, practical application, and comparative performance. Through a simu-
lated case study, we demonstrate the potential superiority of NS in certain challenging
conditions. However, it also exposes computational intensity and forced antecedent
selection as challenges. In navigating this exploration, we provide insights that advo-
cate for the continued investigation and development of NS in broader signal-
processing settings.

Keywords: nested sampling (NS), Bayesian inference, posterior distribution,
marginal likelihood, direction of arrival (DoA) estimation

1. Introduction

Nested Sampling (NS) is a Bayesian inference algorithm that has gained significant
popularity across multiple scientific fields due to its ability to accurately estimate
parameter posteriors and marginal likelihoods, particularly in models with complex
and multimodal posteriors [1]. NS is a sequential algorithm that continually refines the
parameter space, concentrating on high-likelihood regions, effectively capturing the
posterior distribution [2]. Its versatility in addressing challenges where direct sam-
pling of the posterior distribution is difficult or where precise marginal likelihood
estimates are crucial makes it a valuable tool in a range of fields, including cosmology,
astrophysics, biology, and machine learning [3, 4].
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The ability of NS to accurately estimate parameters in complex, high-dimensional
models makes it a valuable tool for array signal-processing applications [5]. Sensor
arrays have a wide range of applications in fields including radar, sonar, wireless
communications, and seismology [6]. They offer spatial selectivity, which can be
utilized to estimate the Direction of Arrival (DoA) of impinging signals [6]. While
traditional methods for DoA estimation, such as the MUSIC (Multiple Signal Classifi-
cation) [7] and ESPRIT (Estimation of Signal Parameters via Rotational Invariance
Techniques) [8] algorithms, have their limitations, the NS approach may offer
advantages in certain scenarios. For example, estimating the DoA may be challenging,
as some methods necessitate knowing the number of sources ahead of time, while
others may struggle with model mismatches or coherent signals [6]. NS presents a
hopeful alternative in DoA estimation, given its ability to efficiently explore the
parameter space.

The application of NS in this scenario is pivotal, as it allows for a more nuanced
approach to DoA estimation. The algorithm’s ability to efficiently traverse through the
parameter space by focusing on regions with higher likelihood scores is particularly
beneficial when dealing with multiple source signals that may present multimodal
characteristics in their distribution [9]. This is especially relevant in complex acoustic
or electromagnetic environments where sources may have varied and overlapping
signal properties. This study aims to provide comprehensive insights into the applica-
bility and practical application of NS in array signal processing, particularly in DoA
estimation. While highlighting the strengths of NS in dealing with complex signal-
processing scenarios, we acknowledge and address its limitations. Moreover, this
study presents NS not only as an algorithm but also as a transformative approach in
the field of signal processing, especially in DoA estimation.

This study is organized into five sections. Section 2 reviews the existing literature
on NS and its applications, particularly in parameter estimation. In Section 3 we
describe the signal model and application of NS. Section 4 presents simulation results,
showing effectiveness of the NS. Finally, Section 5 concludes the study.

2. Related works

NS, a significant advancement in Bayesian inference, was introduced by Skilling
[1]. This method revolutionized the approach to correlating likelihood functions with
prior mass, showcasing its capability to efficiently obtain evidence while managing
complex Bayesian problems. Skilling’s work laid the foundation for NS’s independence
from actual likelihood values and its ability to address phase-change issues, setting it
apart from traditional methods like annealing [1]. Building on these concepts, Aitken
and Akman applied NS in systems biology, particularly in analyzing circadian rhythm
models. Their research demonstrated the impact of time series length on posterior
parameter densities, offering insights into the constraints imposed by increasing cir-
cadian cycle data. They also highlighted the utility of the coefficient of variation in
distinguishing between parameters with varying degrees of constraint [10].

Veitch et al. underscored the effectiveness of NS algorithms in the field of
gravitational-wave observations from compact binary coalescences. Their work with
the LALInference software library highlighted the precision and robustness of NS in
parameter estimation, marking a significant contribution to this area of astrophysics
[4]. Further exploring NS’s capabilities, Feroz et al. focused on advancements in the
MultiNest algorithm, particularly the implementation of importance NS (INS). This
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development was crucial in enhancing Bayesian evidence calculation accuracy in
fields such as astrophysics, cosmology, and particle physics without altering the
parameter space exploration by MultiNest [9]. Speagle introduced DYNESTY, a
dynamic NS Python package designed for estimating Bayesian posteriors and evidence
in astronomical analyses. This package, building on previous work, demonstrated
significant improvements in sampling efficiency, particularly in complex, multimodal
distributions [11]. Buchner expanded the scope of NS through a comprehensive
review, discussing its proficiency in navigating complex, potentially multimodal pos-
teriors. This review not only addresses various NS variants but also delves into the
practical implementation challenges and recent advancements in diagnostics and
visualization [12].

NS has found diverse applications across various fields. Tawara et al. proposed a
novel nested Gibbs sampling method for estimating mixture-of-mixture models, par-
ticularly effective in complex multilevel data like speech utterances. This method
showecased its efficiency in avoiding local optima and outperforming conventional
methods, indicating its potential for application in areas like image clustering [13].
Buchner et al. introduced a scalable algorithm for analyzing massive datasets with
complex physical models. Their approach, collaborative NS, significantly reduced the
number of model evaluations required, adeptly managing heterogeneous data and
noise properties, making it particularly effective for large-scale astronomical surveys
and simulations [14]. Alsing and Handley addressed a key limitation in NS
implementations related to the specification of priors. They proposed a novel
approach using parametric bijectors trained on samples from target priors, facilitating
the use of NS under arbitrary priors. This method was particularly relevant for cases
where posterior distributions from one experiment served as priors for another [15].
Ashton et al. provided a comprehensive review of Skilling’s NS algorithm. They
emphasized its role in Bayesian inference and multi-dimensional integration across
various scientific fields including cosmology, gravitational-wave astronomy, and
materials science. The review highlighted the algorithm’s adaptability and potential
for future developments, particularly in relation to machine learning and high-
dimensional data challenges [16].

In the realm of parameter estimation, Vitale et al. investigated the impact of
calibration errors on Bayesian parameter estimation for gravitational wave signals
from inspiral binary systems. Their use of NS revealed that calibration errors intro-
duced systematic shifts in parameter estimates that were relatively small compared to
statistical measurement errors, ensuring the reliability of parameter estimation even
with potential calibration inaccuracies [17]. Allison and Dunkley compared three
sampling methods—Metropolis-Hasting, NS, and affine-invariant ensemble Markov
chain Monte Carlo—for Bayesian parameter estimation. They found that NS was
particularly effective in delivering accurate posterior statistics at a lower computa-
tional cost, favoring it over Metropolis-Hasting in many instances [18]. Higson et al.
identified two primary sources of sampling errors in NS parameter estimation and
proposed a novel algorithm for estimating these errors. Their method, which could be
integrated into existing NS software, was empirically validated for accuracy,
addressing a crucial gap in NS parameter estimation [19]. Thrane and Talbot provided
an accessible introduction to Bayesian inference, focusing on hierarchical models and
hyper-parameters, using examples primarily from gravitational-wave astronomy.
Their work covered the basics of Bayesian analysis, including likelihoods, priors,
posteriors, and sampling methods, and extended to more advanced topics like hyper-
parameters and hierarchical models [20]. Higson et al. presented dynamic NS, an
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improvement over standard NS that varied the number of live points for more
efficient allocation of posterior samples. This method demonstrated significant
increases in computational efficiency for parameter estimation and evidence
calculations, validating its effectiveness across various likelihoods, priors, and
dimensions [5]. Paulen et al. addressed the challenge of identifying feasible parameter
sets in nonlinear dynamic systems. They introduced an innovative NS technique from
Bayesian statistics, proving effective in inner-approximating these parameter sets.
Validated by various case studies, this approach offered a promising alternative to
existing methods and suggested a new direction for future research combining NS
with set-theoretic concepts [21].

Jasa and Xiang applied the NS algorithm in Bayesian room-acoustics decay
analysis, demonstrating its effectiveness in discriminating the number of energy
decays in acoustically coupled spaces. Their work highlighted NS’s capability in
handling two levels of Bayesian inference, decay order estimation and decay parame-
ter estimation, offering significant insights and potential improvements in architec-
tural acoustics applications [22]. Fackler, Xiang, and Horoshenkov utilized Bayesian
probabilistic inference and NS to analyze the pore microstructure of multilayer porous
media in acoustical applications. Their method effectively determined the number of
layers and their physical properties in porous specimens, providing a quantitative
approach for model selection and enhancing understanding of the layers’ characteris-
tics through the Bayesian evidence and posterior distribution analysis [23].
Landschoot and Xiang applied a model-based Bayesian approach using NS for the DoA
analysis of sound sources, employing a spherical microphone array. Their method
effectively estimated the number of sound sources and their DoAs, demonstrating
improvements over previous techniques and suggesting potential for broader applica-
tions in room acoustics and complex noise environments [24].

3. Methodology

This section provides a detailed overview of our approach to applying NS in DoA
estimation, encompassing the signal model setup, exploration of the likelihood func-
tion, discussion of prior distributions, and initialization of NS parameters. Within this
study, we denote vectors and matrices using bold lowercase and uppercase letters,
respectively. The transpose of a matrix is indicated by []. Furthermore, L is used to
represent an MxM identity matrix.

3.1 Signal model

Consider an array composed of M identical and omnidirectional sensors placed at

positions p,, = [Xm> ¥,,» Zm] " form =1, ...,M. The array receives L narrow-band,
far-field source signals from distinct directions ©; = (¢, ;) forl =1, ...,L. The
azimuth angle (¢) measured counter-clockwise from the positive x-axis on the x-y
plane, ranging from 0° to 180°, while the elevation () is the clockwise angle from the
positive z-axis, 0° to 90°, as shown in Figure 1.

The Mx1 array response y(t) at time ¢ can be described as [25],

y() =A(©)-s(t)+n@), t=1,..,T, (1)
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Figure 1.
Three-dimensional (3-D) coordinate system illustrating the configuration of an array for DoA estimation of
multiple source signals.

where T is the number of observations. The source signal s(z) is an Lx1 vector, and
the noise n(t) is an Mx1 vector, both assumed to be uncorrelated, zero-mean, and
spatially and temporally white Gaussian complex random processes. A is the steering
matrix, whose columns are the steering vectors a(®;) corresponding to each source
direction as follows,

a(®) = [1(0)), a2(®)), -, am(®)]", ()

where,
4 (©)) = e ), 3)

where w; = [sin(6;) cos(¢;), sin(6;) sin(¢), cos(6;)]” is the unit direction vector of
the I source signal with the wavelength of 4.

3.2 NS for DoA estimation

NS is a Bayesian inference technique that is particularly well-suited for problems
involving the estimation of model parameters. The goal is to compute the posterior
distribution of the parameters of interest, given the observed data. For the DoA
estimation problem, our goal is to estimate the directions (¢;, 6;) from the observed
data given in (1).

3.2.1 Likelihood function

The first step in applying NS is to define the likelihood function, which quantifies
how well our model predicts the observed data for a given set of parameters. Since the
noise n(t) is assumed to be a complex Gaussian random variable with zero mean and

variance o2,
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() ~ CN(0, 62). 4)

For an M element sensor array, the joint pdf conditioned on ® for T snapshot can
be written as [6],

£(©) =p(y)s0),0) =[]

t:l 2”

2
exp (_ ly(®) — A©) - s(2)| ) )

2
205,

where O represents the set of parameters to be estimated, that is, the directions
(¢, 1), and &2 is the variance of the noise. Taking the natural logarithm of the both
sides of (5), the log-likelihood is [6],

MT T
Inp(y(®)ls(t),®) = ==~ In(270) — —22 ) -s(r)[". (6)
O =1

3.2.2 Prior distribution

Next, we need to define a prior distribution, z, over the parameters ©. This
encodes our prior beliefs about the parameters before observing the data. A common
starting point, when no specific prior information is available, is to use a uniform
prior. This non-informative prior expresses equal uncertainty over all possible direc-
tions from which signals could arrive. For azimuth and elevation, the uniform priors
are defined over their respective feasible intervals.

The prior for the azimuth angle ¢ is given by,

~— if 0<p<m,

ap)= = " OSP<T )
0 otherwise.

The prior for the elevation angle 6 is given by,

2 V3
- if 0<0< =,

o)== " U032 (8)
0 otherwise.

These priors ensure that all possible DoAs are treated equally before observing the
data. Furthermore, they represent our belief about the parameters before observing
any data. They can be updated with the likelihood function to obtain the posterior
distribution, which represents our updated belief about the parameters after observ-
ing the data. Note that if we have prior knowledge indicating a likelihood of specific
directions, such as broadside directions in Linear Arrays, it’s common to use Gaussian
priors. These are designed around mean directions y,, and uy with accompanying

standard deviations (o4, 6y) that express our confidence level in these averages.

3.2.3 Bayesian evidence

Bayesian Evidence, Z, serves as a critical metric in model fitting and comparison
within the Bayesian framework. It quantifies how well a model fits the data and is
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defined as the integral of the likelihood function across the parameter space, weighted
by the prior distribution as follows,

z- Jc(@) « 7(©)de. )

In high-dimensional spaces, direct computation of Z is complex, but NS provides
an effective estimation method. The value of Z is pivotal for model selection, where
higher evidence indicates a more preferable model in terms of data explanation and
model complexity.

3.2.4 Posterior distribution

Following the computation of Bayesian evidence, the focus shifts to the posterior
distribution, which is central to Bayesian inference, especially in DoA estimation. The
posterior is derived using Bayes’ theorem as:

£(®) x 7(0©)

p(®|data) = Z

(10)

Here, £(®) represents the likelihood function (5), and z(®) denotes the prior
distribution (8). This formulation updates our knowledge about the parameters ®
after considering the observed data. NS’ role is to effectively traverse this often
complex, multidimensional posterior distribution.

3.2.5 Initialization of NS

The initialization stage of the NS algorithm for DoA estimation begins with the
generation of live points from the prior distribution. We define the complete set of
DoA parameters for all sources as ® = {04, 0,, ..., 0 }.

Each parameter within ©; is assumed to have a prior distribution z(®;), which is
often chosen to be uniform over the physically meaningful range for both azimuth ¢,
and elevation 6 as given in (7) and (8), respectively.

For the j live point, the parameters are sampled according to the prior distributions,

o = {ef, e, ...ef'}, (11)
where,
o) = ( }"&9}”) ~ () x 2(6), 1=1,..,L. (12)

Each live point ®Y) corresponds to a hypothesis about the directions of the L source
signals. The likelihood £(®") for each live point is computed based on the array
response to these hypothesized directions, and the far-field assumption simplifies the
array response matrix A(@U)). With the live points initialized, the NS algorithm
proceeds to iterate, successively refining these points toward the higher likelihood
regions of the parameter space, thus exploring the posterior distribution of the DoA
parameters.
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3.2.6 Sampling loop

In each iteration, the point with the lowest likelihood (the “worst” point) from the
set of live points is identified and removed as,

ch min{c(@<1>), ...,£(®<N>)} (13)

where £(0)) is the likelihood for the j* live point out of N total points. The

parameters of the worst point, @f,{f(),rst, are recorded, and then, the point is discarded.
After identifying and removing the worst live point with the lowest likelihood, Luorst,
the next step is to sample a new point from the prior distribution with a likelihood
greater than Lyors: as follows,

®new ~ 7[(®|£(®) >Lworst)a (14)

where Oy, is the new point in the parameter space, and 7(®|L(©) > Lyorst)
represents the constrained prior distribution. The condition £(®) > Lyors: ensures that
the new point has a higher likelihood than the worst point that was just removed.
This process iterates, successively concentrating the live points in regions of higher
likelihood, until the algorithm’s stopping criteria are reached.

3.2.7 Evidence calculation

The estimation of the Bayesian evidence, denoted as Z, is updated iteratively with
the removal of each worst live point. At iteration &, the contribution to the evidence

from the discarded point @&gm is given by,
Zp = Ew(/\]fc))rst X W, (15)

where E‘(,lf(),rst is the likelihood of the worst point at iteration k, and wy, is the weight
representing the “prior volume” covered by the point. This prior volume fraction is
typically computed as wy, = %(X k-1 — Xk11), where X}, is the cumulative prior mass
contained within the set of live points at iteration k.

The total evidence after K iterations is then approximated by summing over all
such contributions,

The prior mass X, is assumed to decrease exponentially with each iteration,
reflecting the NS process where the live points are iteratively confined to regions of
higher likelihood. The process terminates when the expected increase in evidence due
to the remaining live points falls below a certain threshold as,

AZ,=LP x X, <ex Z, (17)

max

where £*) is the maximum likelihood among the remaining live points, X}

represents the fraction of the prior volume corresponding to the live points, and ¢ is a

28



Nested Sampling: A Case Study in Parameter Estimation
DOI: http://dx.doi.org/10.5772 /intechopen.1003926

small positive threshold value. The algorithm concludes when A Z, is sufficiently
small, indicating that further iterations are unlikely to significantly alter the
evidence Z.

As summarized in Algorithm 1, NS is applied to the DoA estimation problem. The
initialization process begins with generating a set of live points from the prior distri-
butions, which represent hypotheses about the source directions. The iterative sam-
pling loop continues to refine these points based on their likelihoods until the
convergence criteria are met, ultimately yielding estimates for the DoA parameters
and the Bayesian evidence.

Algorithm 1 NS for DoA Estimation

Require: Array response y.

Ensure: DoA Parameter Estimates ©, Bayesian Evidence Z.
1: Initialization:

2: Generate N live points {(9(1), s ®(N>} from the prior z(0).
3:forj =1to N do

4:  Sample G)l(]) ~a(p) x n(6) forl =1, ..., L.

5 Compute likelihood £(®Y)) using Eq. (5).

6: end for

7: NS loop

8: while not converged do

9:  Identify the worst point: @E,f(),rst with ngg,rst.

10: Remove ®£’§grst from the set of live points.

11: Sample a new point Onew ~ ﬂ(@\ﬁ(@) > E‘(,Ifg,rst) .

12:  Replace @5’53rst with Opey.

13:  Update evidence Z and weights using discarded G)‘(,ffgrst.

14:  Check convergence using AZ,,.

15: end while

16: Finalize Evidence:

17: Add contributions from the final set of live points to Z.
return ® estimates, Z.

4, Results and discussions

The practical effectiveness of NS for parameter estimation is most compellingly
demonstrated through simulation studies. In this section, we present the results of a
case study in which NS is employed to estimate the DoA of signals from two distinct
sources using a sensor array.

The sensor array is composed of M identical omnidirectional sensors arranged in a
specific geometry, a 3-dimensional Uniform Circular Array (3-D UCA) as depicted
in Figure 2. This design, proposed by Keskin and Filik [26], is known for its
adeptness in differentiating signal directions, a task more challenging for linear or
planar sensor arrays.

This case study details the application of NS for DoA estimation using a 3-D UCA
comprising eight sensors (M = 8). To optimize array performance and prevent grating
lobes, the element spacing was set at half the wavelength (4/2). The study primarily
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Figure 2.
The spatial positioning of the M = 8 sensors in 3D UCA configuration. The axes ave labeled in wavelengths to
provide a scale reference relative to the signal’s wavelength.

focuses on the precise estimation of DoAs for two source signals. These signals, at a
carrier frequency of 500 MHz, impinge on the array from directions ®; = (30°,60°) and
0, = (1207, 25"). The simulation process involved 256 snapshots and maintained a
signal-to-noise ratio (SNR) of 20 dB to facilitate accurate DoA estimations.

The NS algorithm is initialized with a set of live points drawn from the prior
distribution, which, in this case, is uniform over the feasible intervals of azimuth and
elevation, given as in (7) and (8), respectively. The simulation iterates over the NS
loop, replacing low-likelihood points with new samples (14), until convergence
criteria based on the Bayesian evidence Z are met (17).

Figure 3 illustrates a visual representation of our attempt to estimate the DoAs
using NS, which successfully estimated the azimuth and elevation of the two signals.
The estimated values, represented by the red cross markers on the contour plot,
closely match the actual DoAs of the signals, indicated by the green circle markers.
This close correspondence between the red and green markers demonstrates the
accuracy of NS. In an ideal scenario, the red and green markers would completely
overlap, signifying a perfect estimation.

To further assess the accuracy, we analyzed the distribution of estimates using the
histograms flanking the contour plot. These histograms, resembling mountain ranges,
reveal how frequently estimates fall within specific angular ranges. Essentially, they
represent a popularity contest for angles. The left histogram focuses on azimuth
angles, while the right histogram deals with elevation angles. In both histograms, we
observe peaks indicating the concentrations of estimates, represented by the dashed
red lines. The actual signal directions are marked by solid green lines.

Comparing the estimated and actual signal directions, we find that estimates at
0, = (30.9°,58.89°) and 0, = (122.9°,23.847°) are quite close to the true directions of
©1 = (30°,60°) and ©, = (1207, 25°), respectively. The smaller the gap between the red
and green lines in the histograms, the more accurate the estimation method has
performed.

Overall, the results demonstrate that NS algorithm effectively estimates the azi-
muth and elevation of the two signals. The close match between estimated and actual
signal directions, along with the narrow peaks in the histograms, confirms the accu-
racy of the method.
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Figure 3.

Parameter estimation using NS for azimuth and elevation. The contour plot shows the posterior distribution of the
parameters. The estimated divections of the signals arve indicated by red crosses, while green circles depict their
actual positions. The histograms show the marginal distributions of the parameters. Dashed ved lines represent
estimations, whereas solid green lines represent actual positions.

5. Conclusion

The application of NS to DoA estimation represents an important advancement in
array signal processing. This case study underscored the robustness of NS in the
context of multi-source signals, demonstrating its ability to provide highly accurate
DoA estimates under conditions of limited snapshots and elevated noise levels. The
iterative nature of the algorithm was a highlight, showing consistent convergence to
the actual signal sources with notable accuracy.

The results from this study illuminate the potential of NS as a viable
alternative to conventional DoA estimation techniques, especially in environments
characterized by complex distributions and high-dimensional parameter spaces.

The strong alignment between the estimated and the actual signal directions, as
depicted in the detailed contour plots and histograms, validates the algorithm’s
effectiveness.

Looking ahead, the promise of NS extends to a wider range of signal-processing
applications. Its ability to navigate complex posterior distributions and efficiently
compute marginal likelihoods suggests its suitability for more sophisticated array
configurations and signal-processing tasks. As computing power increases, the inten-
sive computational requirements of NS will become less of a barrier, potentially
opening the door to its wider implementation in practical signal-processing scenarios.
This investigation lays the groundwork for future research and suggests that, with
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further refinement and optimization, NS could become an indispensable tool in
scientific and engineering fields that rely on signal processing.
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Chapter 4

Bayesian Inference for
Regularization and Model
Complexity Control of Artificial
Neural Networks in Classification
Problems

Son T. Nguyen, Tu M. Pham, Anh Hoang, Linh V. Trieu
and Trung T. Cao

Abstract

Traditional neural network training is usually based on the maximum likelihood to
obtain the appropriate network parameters including weights and biases given the
training data. However, if the available data are finite and noisy, the maximum
likelihood-based network training can cause the neural network after being trained to
overfit the noisy data. This problem has been overcome by using the Bayesian infer-
ence applied to the neural network training in various applications. The Bayesian
inference can allow values of regularization parameters to be found using only the
training data. In addition, the Bayesian approach also allows different models (e.g.,
neural networks with different numbers of hidden units to be compared using only
the training data). Neural networks trained with Bayesian inference can be also
known as Bayesian neural networks (BNNs). This chapter focuses on BNNs for clas-
sification problems with considerations of model complexity of BNNs conveniently
handled by a method known as the evidence framework.

Keywords: Bayesian inference, artificial neural networks, classification problems,
model complexity, evidence framework

1. Introduction

Multi-layer perceptron (MLP) neural networks are commonly used in various
applications of neural networks. The generalization of the neural network after being
trained or how well the trained network can have predictions with the new cases is the
key challenge when developing the MLP neural network. Indeed, an insufficient
network complexity can result in “underfitting” phenomena, in which significant data
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may be ignored. In contrast, an excessive network complexity can cause “overfitting”,
in which the noisy data are also fitted. The complexity of the MLP neural network
depends on magnitudes of weights and biases. In addition, the network size
depending on the number of hidden nodes can be also known as a useful factor to
measure the network complexity.

For a long period, the Bayesian approach has been used to improve the generaliza-
tion capabilities of MLP neural networks despite limited or noisy data [1-3]. Instead of
the consideration of magnitudes of weights and biases only, the Bayesian technique
considers the distribution of weights and biases which can result a good generalization
for the network after being trained. Neural networks trained based on the Bayesian
inference are also known as Bayesian neural networks (BNNs).

Until now, BNNs have been utilized in many important applications: fault diagno-
sis of power transformers using dissolved gas analysis [4], protein secondary structure
prediction [5], hands-free control of power wheelchairs for severely disabled people
[6-8], detection of hypoglycaemia in children with type 1 diabetes [9, 10], fault
identification in cylinders [11], near-infrared spectroscopy [12], and electric load
forecasting [13].

As BNNs can be effective for various classification problems, this chapter aims
at providing a procedure for deploying BNNs for classification with the following
items:

* Exploring the evidence framework to allow all available data to be used to train
the BNNs. This work is needed when the collection of relatively large data is
expensive or time-consuming.

* As the traditional gradient descent algorithm with a fixed step size and search
direction to search local minima usually causes an excessively large network
training time, this chapter also focuses on three advanced optimization training
algorithms for BNNs including conjugate gradient, scaled conjugate gradient and
quasi-Newton algorithms to automatically adjust the step size and search
direction to optimal values.

* As finding the optimal network architecture is often a time-consuming task, this
chapter also mentions the concept of the Bayesian model comparison to choose
the best network architecture. This work is done by evaluating the evidence for
different candidature BNNs with varied numbers of hidden nodes. The network
architecture which can give the highest value of the evidence will be chosen for
the final use.

2. Bayesian learning for neural networks

The objective of maximum likelihood network learning approaches is to minimize
a data error function by finding an appropriate single vector of weights and biases. In
contrast, the Bayesian technique considers a probability distribution over the weight
and bias space, which represents the relative level of belief in various vectors of
weights and biases. This work firstly sets a prior distribution. Using Bayes’ theorem,
the observed data can be transformed from the prior distribution into a posterior
distribution that can be used to assess the network’s prediction with new values of the
input variables.
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2.1 The prior distribution of weights and biases

The weights and biases of a neural network can be split into G groups. Let W,
denote the number of weights and biases in group g and w, denote the vector of
weights and biases in group g. Conveniently, the prior distribution of the vector of
weights and biases in group g can be assumed to be a zero-mean Gaussian

distribution as:
4 1
p(wele) = 5 exp( - 3t ) 8

where &, is the hyperparameter to constraint the weights and biases in group g. The
prior weight and bias distribution in (1) can be defined by assuming that positive and
negative weights and biases are equally frequent and have a finite variance.

The prior distribution of all the vectors of weights and biases w is given by:

1 G
plwly) = 7 exp ( 2 éngg> @

where Ew, =3 [|wg ||2 is known as the weight function corresponding to group g
and y is the vector of hyperparameters having the following form:

w= (& €)

Zw (y) is a normalization constant which is given by:

S (2n We/2
mm=H<> (4)

g=1 ég
2.2 The posterior distribution of weights and biases
The weights and biases can be adjusted to their most probable (MP) values given

the training data D. We can also compute the posterior weight distribution using
Bayes’ theorem in the form below:

pDlw, y)pwly)
= (5)
P r(Dly)
Eq. (5) can be expressed in words as follows:
Posterior = Likelihood x Prior ©

Evidence

The posterior distribution of weights and biases is also assumed to be a Gaussian
distribution with the following form:

exp(=S(w))

Zs(y) )

pw|D,y) =
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where Zs(y) is called the normalization constant and given by:
Zs(y) = J exp(—S(w))dw (8)

In the Bayesian inference, the most probable vector of weights and biases, wpp,
must maximizes the posterior distribution of weights and biases. This task is equiva-
lent to searching for the minimization of a cost function.

2.3 The posterior probability of Hyperparameters

Until now, the most probable vector of weights and biases, wp, given specific
values of the hyperparameters, have not yet been computed. Therefore, the
hyperparameters must be firstly determined given the model and data. Again, we can
express the posterior distribution of the hyperparameters using Bayes’ theorem as
follows:

pluip) =2V ©)

In eq. (9), the denominator p(D) does not depend on the hyperparameters. p(y) is
the prior distribution of the hyperparameters, which is simply assumed to be a uni-
form distribution. p(y) can be later ignored because to infer the values of the
hyperparameters, therefore, we only need to search the values of the hyperparameters
to maximize p(D|y), which is called “the evidence” in (5). The evidence can be exactly
calculated by evaluating the following integral:

p(Dly) = jpw\w, Wp(wly)dw (10)

where p(D|w, y) is the probability of the data, traditionally called “the dataset
likelihood” and has the form:

p(Dlw,y) = exp(—Ep) (11)

where Ep = —> N 5 . 1n (z}) is called the “entropy” data error function with
2}, is the k-th output corresponding to the n-the training pattern and ¢} is the target
corresponding to the k-th output and the z-the training pattern.

Substituting (11) and (2) into (10) results in:

1 % Zs(w)
p(Dly) = J exp(—Ep) Zu ) P <— > §ngg>dw = Zw (o) (12)
g=1

2.4 The Gaussian approximation to the evidence

To compute Zs(y), the cost function S(w) can be approximated around the most
probable weight vector wpp by the quadratic form:
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S(w) = S(wmp) + % (w0 — wrp)TA(w — wutp) (13)

where A is the Hessian matrix of the cost function S(w) evaluated at wpp and is
given by:

G
A=H+)> &l (14)
g=1
In (14), H = VVEp(wmp), the Hessian matrix of the data error function Ep evalu-
ated at wup, and I, = VVEy, is a diagonal matrix having ones along the diagonal that
picks off weights and biases in the group g of the weights and biases. Since the error

function S(w) the negative log probability of the weight posterior probability, Zs(y) in
(12) is a Gaussian integral that can be approximated to the form:

Zs(w)w exp(=S(wmp)) (2n)" " (detd) 2 (15)
By substituting (15) and (4) into (12), we obtain the evidence as follows:

exp(—S(pr))(zﬂ)w/z(detA)—l/z

p(Dly) = G, w2

I (%) °

= (¥) (16)
G W, /2

— exp(~S(wwr))(detd) (] (&) )
=1
Taking the logarithm of (16) gives:
1 & W,
Inp(Dly) = —S(wmp) — 5 In(detd) + ZT Ing, (17)

g=1

Eq. (17) is the basis for the determination of the hyperparameters.

2.5 Determination of the Hyperparameters

The most probable hyperparameters are determined by taking the derivative of
(17) regarding & =1, ..,G).

W, 1
— MP g -1
Inp(Dly) = —Ey; + 2%, itr(A L) (18)

9
O€,

where E%i is the data error function evaluated at the most probable vector of

weights and biases wyp. By setting (18) to zero, we can obtain the following relation-
ship:

2By =Wy —&r(ATL,) =7, (19)
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The right-hand side of Eq. (19) is equal to a value y, defined as the number of
“well-determined” parameters for the weights and biases in group g. Finally, &, is
given by:

7
& =50 (20)

= 5pMP
ZEWg

3. Advanced training algorithms for BNNs

The BNN training is equivalent to minimizing a cost function S(w), which is a
highly non-linear function of the weights and biases. In addition, the matter of mini-
mizing continuous and differentiable functions of multi-dimensional variables has
been widely investigated, and various methods can be directly applicable to the
problem of neural network training.

The neural network training includes a sequence of iterative steps. At the m-th
step, a step size a,, is made in the search direction d,, to update the weights and biases
or minimize the cost function over the weight and biases space as follows:

Wpt1 = Wy + amdm (21)

In the conventional gradient descent algorithm, the step size a,, is fixed for every
step and is usually called the learning rate #. The algorithm also makes the simplest
choice for d,, by setting it to —g,, (negative gradient).

W1 = Wm — NG, (22)

One of the disadvantages of the gradient descent technique is that it requires the
choice of a suitable value for the learning rate 7. If setting the value of # “too” large,
then the function value may increase. If the setting 5 sufficiently small, the function
value can decrease steadily. However, if very small reductions in the function values
are taken, then any limiting sequence may not even be a local minimum. To overcome
this drawback, a procedure called “line search” should be used to exactly find a local
minimum of the cost function, given the search direction.

One very simple technique for reducing iterative steps is to use a “momentum”
term p (0 <p <1) as follows:

W1 = Wy — NG, + (W — Wp_1) (23)

The use of momentum can result in a significant improvement in the
performance of gradient descent. However, the inclusion of this term also may give a
second parameter needed to be chosen appropriately. Therefore, it is necessary to
consider algorithms that can properly choose the step size and search direction.

This section presents three advanced optimization training algorithms for BNNs in
classification problems. They are conjugate gradient, scaled conjugate gradient, and
quasi-Newton algorithms, which belong to a class of automated non-linear parameter
optimization techniques. In contrast with the gradient descent algorithm, which
depends on parameters specified by the user, these algorithms can automatically
adjust the step size and search direction to obtain fast convergence for network
training.
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3.1 Line search

The line search is required for the conjugate gradient algorithm and quasi-Newton
algorithm. The line search is a process for searching the step size amin to minimize the
cost function S(w) given the search direction d,,. A line search consists of two stages:

* Bracketing the minimum: this stage aims to find an interval that includes a triple
a <b <c such that S(a) > S(b) and S(c) > S(b). Since the cost function is
continuous, this always ensures that there is a local minimum somewhere in the
interval (a,b).

* Locating the minimum itself: since the cost function is smooth and continuous,
the minimum can simply be obtained by a process of parabolic interpolation. This
involves fitting a quadratic polynomial to the cost function through three
successive points a <b <c¢ and then moving to the minimum of the parabola.

3.1.1 Bracketing the minimum

For a given bracketing triple {4, b,c}, we wish to find a new bracket as narrow as
possible, as shown in Figure 1. This task requires choosing a new trial point x € (,¢)
and verifying this point. The position of the new trial point x can be determined using
the “golden section search™

c—X

-1 (24)
c—a ®
where ¢ is called the “golden ratio”.
1
v=3 (1 + \fs) — 1.6180339887 (25)

If % > b then the new bracketing triple is {a,b,x} if S(x) > S(b) and is {b,x,c} if
S(x) <S(b). A similar choice is made if x <b. This algorithm is very robust since no
assumption is made about the function being minimized, other than continuity.

L i

Figure 1.
Golden section search: Initial bracket (1, 2, 3) becomes (4, 2, 3), (4, 2, 5), etc.
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3.1.2 Locating the minimum itself

As shown in Figure 2, the minimum point of the cost function inside the interval
(a,c) can be approximated as a point 4 that is the minimum of a parabola fitted
through three points (a,S(a)), (b,S(b)) and (c, S(c)) as:

J_p 1 (b-a)’Sk) - S()] — (b —c)’[S(k) — S(a)] (26)

2 (b —a)[S(b) =S(c)] = (b —)[S(b) — S(a)]

However, Eq. (26) does not guarantee that d always lies inside the interval (a,c).
Also, if b is already at or near the minimum of the interpolating parabola, then the
new point 4 is close to b. This causes slow convergence if b is not close to the local
minimum. To avoid this problem, this approach must be combined with the golden
section search for finding the exact local minimum.

3.2 Conjugate-gradient training algorithm

In the conjugate-gradient training algorithm, the new search direction is chosen so
that [14]:

dmAmdm—l =0 (27)

d, is the search direction at step m and d,,_1 is the search direction at step m — 1.
A,, is the Hessian matrix of the cost function evaluated at w,,. We say that d,, is
conjugate to d,,_1. If the cost function has the quadratic form, the step size 4,, can be
written in the form:

T
= )

v

Figure 2.

An illustration of the process of parabolic interpolation used to perform line search minimization: A parabola
(shown dotted) is fitted to the three points a, b, c. The minimum of the parabola, at d, gives an approximation to
the minimum of S(a).
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According to Eq. (28), the determination of @, requires the evaluation of the
Hessian matrix A,,. However, a,, can be found by performing a “very accurate” line
search. The new search direction is then given by:

dm+1 = En + ﬂmdm (29)
where
T
ﬁm _ (gm+1 _Tgm) Emi1 (30)
Endm

Eq. (30) is called the Polak-Ribiere expression [2, 3].
Finally, the key steps of the algorithm can be summarized as follows:

1. Choosing an initial weight vector w;.
2.Evaluating the gradient vector g, and setting the initial search directiond; = —g;.
3. At step m, minimizing S(w,, + ad,,) regarding a to give Wy, 11 = Wy + Amindmn.
4.Testing to see whether the stopping criterion is satisfied.
5.Evaluating the new gradient vectorg,, ;.
6.Evaluating the new search direction using Eqgs. (29) and (30).

3.3 Scaled conjugate-gradient training algorithm

The use of line search allows the step size in the conjugate gradient algorithm to be
chosen without having to evaluate the Hessian matrix. However, the line search itself
causes some problems. Every line minimization involves several computationally
expensive error function evaluations.

The scaled conjugate gradient algorithm avoids the line-search procedure of the
conventional conjugate gradient algorithm [15]. To make the denominator of (28)
always positive to avoid the increase in the value of the cost function, a multiple of the
identity matrix is added to the Hessian matrix in the denominator of (28) to obtain the
following parameter:

L

AL Aoy + 2| di||” (31)

A

where 4,, is a “non-negative scale parameter” for adjusting the step size a,,. The
denominator in (31) can be written as:

If 6,, < 0, we can increase 4, to make 8,, > 0. Let the raised value of 1,, be 4,,. Then
the corresponding raised value of §,, is given by:
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S = Om + (An — Aon) ||| (33)

To make 5,, > 0, we need to choose:

- 0
Am = 2| Am — . (34)
< |dm||2>

Substituting (34) into (33) gives

S = —Om + Ao||don]* (35)

& is now positive. This value is used as the denominator in (31) to compute the
step size a,,. To find 4,11, a comparison parameter is firstly defined as:

S(wm) — S(wm + Amdy)

A, =2 36
A dyy (36)
Then the value of 4,11 can be adjusted using the following prescriptions:
Am
If A, >0.75then 4,1 = > (37)
If Ay, <0.25 then A1 = 44 (38)
In Eq. (31), d" Ad,, can be approximated as:
AT A ! [ (10m + ottn) — VS )} (39)
o
where ¢ = 72, and oo is chosen to be a very small value.
By substituting (39) into (31), we obtain:
Td
an S (40)

= dyTn VS(Wm+0'dm)*VS(Wm>:| +/1m||dm||2

(2

Eq. (40) is used to scale the step size. The new search direction is also determined
using the same procedure in the conjugate gradient algorithm.

3.4 Quasi-Newton training algorithm
In the Newton method, the network weights can be updated as:
W+l = Wy — A';llgm (41)

The vector —A,'g is called the “Newton direction” or the “Newton step”. How-
ever, the evaluation of the Hessian matrix can be very computational. If the cost
function is not quadratic, the Hessian matrix may be no longer positive definite
causing an increase in the cost function value.
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From Eq. (41), we can form the relationship between the weight vectors at steps m
and m + 1 as:

Wins1 = Wi — WnFg,, (42)

From (42),ifa, =1and F,, = Ay;l, we have the Newton method, while if F,, = I,
we have gradient descent with learning rate a,,.

F,, can be chosen to approximate the Hessian matrix. In addition, F,, must be
positive definite so that for small a,, we can obtain a descent method. In practice, the
value of a,, can be found by a line search. Eq. (42) is known as the quasi-Newton
condition. The most successful method to compute F,, is the Broyden-Fletcher--
Goldfarb-Shanno (BFGS) formula [2, 3]:

pp" (Fw0)0"Fy

— T T
Fm+1 = Fm +E - ‘UTFmU + (U Fmv)uu (43)
where p, v and u are defined as:
V=&n+1~ Em (45)

p F,v

pTv  vTF,w

(46)

Now, the line search with great accuracy is no longer required as the line search
does not form a critical factor in the algorithm. For the conjugate gradient algorithm,
the line search needs to be performed accurately to ensure that the search direction is
set correctly.

4. Bayesian model comparison

When the Bayesian inference is applied to neural network training, the principle of
Bayesian model comparison can be utilized to select the optimal number of hidden
nodes in the neural network, given the training data. Suppose that there are a set of
neural networks X; with different numbers of hidden nodes. According to Bayes’
theorem, we can write down the posterior probabilities of the network Xj;, once the
training data set D has been observed, in the form:

p(DIX;)P(X;)

(47)

where P(X;) is the prior probability of the network X; and the quantity p(D|X;) is
referred to as the “evidence” for X;. If there is no reason to assign different priors to
the candidature neural networks, the relative probabilities of the networks can be
compared based on their evidence.

The evidence of the network X; can be precisely computed as:

P(DIX,) = [ p(Dlw, Xp(a i do (48)
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If the posterior distribution is sharply peaked in the weight space around the most
probable weight vector, wap, then the integral (48) can be approximated as:

Aw osterior
P(DIX)=p Do X)) (49)
Awpm’or
where Aw,yior and Awposerior are the prior and posterior uncertainties in the
weights. The ratio Awposerior/ AWprior is called the Occam factor.
Eq. (49) can be expressed in words as follows:
Evidence = Best fit likelihood x Occam factor (50)

The best-fit likelihood measures how well the network fits the data and the Occam
factor (<1) penalizes the network for having the weight vector w. A network that has
a large best-fit likelihood will receive a large contribution to the evidence. However, if
the network has many hidden nodes, then the Occam factor will be very small.
Therefore, the network with the largest evidence will make a trade-off between
needing a large likelihood to fit the data well and a relatively large Occam factor, so
that the model is not too complex.

The logarithm of evidence for the network X; containing the weight vector w and
G hyperparameters &, at the most probable weight vector, wpp, is given by:

G
InEv(X;) = —Ep(wmp) + In Occ(wpmp) + Z In Occ (.‘%WP) (51)
g=1

where Ep(wpp) is the data error evaluated at wpp. Occ(wpp) and Occe (Egﬂ) ) are the

Occam factors for the weight vector and the hyperparameters at wyp.

4.1 The Occam factor for the weights and biases

The Occam factor for the weights and biases with the Gaussian distributions is
given by:

Occ(w) = [exp ( ; %WPE%:)] ﬁ (E\g/m)wgﬁ) (detA) ™2 (52)
g=1

=1

where {Ig\/IP is the most probable value of the hyperparameter for the weights and
biases in group g evaluated at wpyp and E%i is the weight error in group g evaluated
at wyp.

We now consider a two-layer perceptron network with “tanh” activation functions
in the hidden layer. There are two kinds of symmetries in the network:

* Firstly, by changing the signs of all incoming and outgoing weights of a hidden
node, we can obtain an identical mapping from the input nodes to the output
nodes. For a network with M hidden nodes, there are 2™ equivalent weight
vectors that result in the same mapping from the inputs to the outputs of the
network.
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* Secondly, interchanging the values of all incoming and outgoing weights of a
hidden node with the corresponding values of the weights associated with
another hidden node also results in an identical mapping. For a network with M
hidden nodes, there are M! of those permutations.

Therefore, a minimum value of the cost function S(w) can be obtained with 2M!
equivalent weight vectors. Hence, Occ(w) in Eq. (52) should be multiplied by 2M! for
a fully connected network:

Oce(w) = [exp( EG: PEMPN H( )Wg/2> (detd) V2 (2MM1)  (53)

g=1 =1
4.2 The Occam factor for the Hyperparameters

For the hyperparameter o> the logarithm of the evidence for (ég,Xi) is assumed to
be a quadratic form in In¢, as:

1 <ln§g — lniéwp)z

InP(Dl, X:) = nP(DI&™,X;) —5 - (54)
Mg

where o1, g is the variance of the distribution for In¢,, and at £, = 52413 it has the

form:
(oms) = = - o (i ) 5
So
P(DIX;) = JP(D|§g,X,-)P(1n &I, )dIng,
o) oA e o
= P(DIg" i) oce ()
where

The parameter Q can be set to a specific value, for example 10%, which indicates a
subjective estimate of the hyperparameter. However, in practice, Q is only a minor

factor, as it is the same for every network. Finally, Occ (g}) denotes the Occam factor
for the hyperparameter &,.
In Eq. (57), 61n¢, can be approximated as:
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2
Glnggz\/y: (58)
4

\/ A7/,
s (59)

Oce (55') ~ nQ

4.3 Combining the terms of evidence

Substituting (58) into (57) gives:

We can now combine the terms of evidence. Firstly, taking the logarithm of (52)
gives:

G G

w,

InOcc(w) = - &Ew + > Tg In¢, —% In(detA) + InM! + MIn2  (60)
g=1 g=1

Similarly, taking the logarithm of (59) gives:

In Occ (.fl\g/lp) = % In <;\4—]§)> — In(lnQ) (61)
g

Substituting (60) and (61) in (51) gives:

S W, 1
InEv(X;) = —S(wmp) + Z—g Ing, — > In(detd) + InM! + MIn2
= 2 2

1 47

where W, is the number of weights and biases in group g. Q is a factor because it is
the same for all models and does not affect the relative comparison of log evidence of
different neural networks. Therefore, Eq. (62) can be conveniently used to rank the
complexities of different networks [12] and we may expect that the neural network
with the highest evidence will provide the best results on unseen data.

(62)

G
>
g=1

5. A case study on power transformer fault classification using dissolved
gas analysis

In power generation, transmission, and distribution networks, power transformers
are a common type of electrical equipment. Typically, arcing, corona discharges,
sparking, and overheating in insulating materials are the results of power transformer
defects that are just beginning. In response to these stressors, insulating materials may
deteriorate or break down, releasing several gases. Since these dissolved gases can be
analyzed, it is possible to learn useful information about the materials and fault
conditions that are involved. Power transformer insulating oil dissolved gas analysis
(DGA) is a widely used method for assessing the health of power transformers. By
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analyzing various gas concentration ratios such as Doernenburg ratios, Rogers ratios,
and Duval’s triangle method, one can perform conventional analysis procedures of
dissolved gases.

5.1 Conventional methods of DGA for power transformer insulating oil

The main reasons for gas generation inside a power transformer in operation are
evaporation, electrochemical and thermal degradation, and decomposition. Bonds
between carbon and hydrogen and carbon and carbon are broken in fundamental
chemical processes. The gases hydrogen (H,), methane (CH,), acetylene (C,H,),
ethylene (C,H,), and ethane (C,Hg) can all be produced by combining active hydro-
gen atoms and hydrocarbon fragments produced by this event. With cellulose insula-
tion, methane (CH,4), hydrogen (H,), monoxide (CO), and carbon dioxide (CO,) can
be produced via heat decomposition or electrical faults. “Key gases” is the common
term for these gases.

Measuring the concentration level (in ppm) of each important gas comes first in
the analysis of DGA results after samples of transformer insulating oil are taken. Once
critical gas concentrations exceed the usual range, analysis procedures should be
employed to identify any potential transformer defects. These methods entail com-
puting important gas ratios and comparing those ratios to recommended limits. The
methods based on the following gas ratios—CH4/H,, C,H,/C,H,4, C;H,/CH,, C,Hg/
C,H,, and C,H,/C,Hg—are Doernenburg ratios and Rogers ratios, respectively.
Tables 1 and 2, respectively, display the suggested upper and lower bounds for the
Doernenburg ratios approach and the Rogers ratios method.

In Duval’s triangle approach, the amounts of three important gases—methane
(CH,), acetylene (C;H,), and ethylene (C,H4)—are calculated. The percentage asso-
ciated with each gas is then calculated by dividing its concentration by the sum of the
amounts of the other three gases. To determine a diagnosis, these results are then

Suggested fault diagnosis R, = % R, = % R; = %271’;: Ry = %

Thermal decomposition >1.0 <0.75 <03 >0.4

Partial discharge <01 — <03 >0.4

Arcing >01- <10 >0.75 >03 <0.4
Table 1.

Suggested limits of Doernenburg ratios method.

Suggested fault diagnosis R, = CH_’? R, = (Cjigj Rs = gigz
Unit normal >01- <10 <0.1 <10
Low-energy density arcing-PD <01 <0.1 <1.0
Arcing-high energy discharge 01-1.0 0.1-3.0 >3.0
Low temperature thermal >01- <10 <01 1.0-3.0
Thermal <700°C >1.0 <01 1.0-3.0
Thermal>700°C >1.0 <01 >3.0
Table 2.

Suggested limits of Rogers ratios method.
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80 60 40 20
e B %CgHg

Figure 3.
Duval’s triangle.

plotted in Duval’s triangle as seen in Figure 3. Partially discharged (PD), low-energy
discharge (D1), high-energy discharge (D2), thermal fault (T1), thermal fault (T2),
and thermal fault (T3) are all indicated by sections of the triangle.

5.2 Results and discussion

BNNs were tested and trained using the IEC TC10 databases. There is an output
pattern that corresponds to each input pattern and describes the fault type for a
specific diagnosis criterion. In this study, five important gases—hydrogen (H;),
methane (CH,), ethylene (C,H,), ethane (C,Hg), and acetylene (C,H,)—that are all
combustible are used. Five fault kinds are indicated by the output vector’s codes of 0
and 1, which are shown in Table 3. As indicated in Table 4, the training set was
created by taking 81 data samples, and the test set was created by taking 36 data
samples.

Fault type Output vector

PD [1 00 0 0]

D1 [0 10 0 o]

D2 [0 010 o]

T1& T2 [0 o 0 1 0]

T3 [0 o o o 1]
Table 3.

Fault types and corresponding output vectors.
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Numbers of data samples

Fault type Training set Test set
PD 5 4
D1 18 8
D2 36 12
T1& T2 10 6
T3 12 6
Total 81 36
Table 4.

Datasets from the IEC TC 10 database.

Low dissolved gas concentrations of a few ppm (parts per million) are typical for
power transformers. But hundreds or tens of thousands of ppm can frequently be
brought on by malfunctioning power transformers. The dissolved gas measurements
are typically difficult to visualize because of this issue. The order of magnitude of
DGA concentrations, rather than their absolute values, can be used to determine the
characteristics of DGA data that are the most meaningful. The log,, is a useful way
for simple comprehension of DGA data.

To use with the neural network training, the training data needs to be normalized
for a range of 0 and 1 by using the following formula:

_ x;— min(X)
i = max(X) — min(X)

(63)

5.2.1 The network training procedure

Different BNNs with varied numbers of hidden nodes were trained to find the
optimal number of hidden nodes (number of nodes in the hidden layer). The follow-
ing characteristics apply to these networks:

1. The magnitudes of the weights on the connections from the input nodes to the
hidden nodes, the biases of the hidden nodes, the weights on the connections
from the hidden nodes to the output nodes, and the biased of the output nodes
were handled by four hyperparameters &, &, &3, and &,.

2.The number of network inputs is determined by the number of gas ratios used in a
particular diagnosis procedure, plus one augmented input with a fixed value of 1.

3.As indicated in Table 3, there are five outputs, each of which corresponds to a
certain category of errors. For a specific number of hidden nodes, 10 neural
networks with different initial weights and biases were trained.

The training procedure was implemented with the following steps:

1. The weights and biases in four groups were initialized by random selections from
zero-mean and unit variance Gaussians. The hyperparameters were also
initialized to be small values.
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2.The scaled conjugate gradient technique was used to minimize the cost function.

3.The values of the hyperparameters were re-estimated in accordance with
Egs. (19) and (20) once the cost function has reached a local minimum.

4.Steps 2 and 3 were repeated until either the cost function value is smaller than a
predefined value, or the required number of training iterations had reached.

5.2.2 Power transformer fault classification

Power transformer faults can be categorized according to gas ratios including
Doernenburg and Rogers ratios.

5.2.2.1 Doernenburg ratios

The input vector of the network in this case is a vector consisting of four elements
as follows:

_[CHy GCH, GCH, GHs|"
| H,’ GCH, CH,’ GCH,

(64)

]

The training set was used to train several classification BNNs with various num-
bers of hidden nodes. Ten BNNs with various randomly chosen beginning weights and
biases were trained for a specific number of hidden nodes, and the log evidence was
then computed. The networks with two hidden nodes had the maximum log evidence,
as seen in Figure 4. In addition, Figure 5 displays the best overall accuracy of fault
classification, which is like the highest log evidence in Figure 4.

Table 5 illustrates the number of well-determined parameters and the change in
four hyper-parameters. According to Table 6, the confusion matrix of the optimized
BNN that was used to categorize the unknown input vectors can be obtained at a rate

of 83.33%.

=150 [
=200 |-+

Log Evidence

-350

-400 -

500 i i i i H
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Number of Hidden Nodes

Figure 4.
Log evidence versus the number of hidden nodes (Doernenburg ratios).
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Figure 5.
Overall accuracy in relation to the number of hidden nodes (Doernenburg ratios).

Period & & & I 14

1 0.022 0.044 0.008 0.409 18.555

2 0.039 0.083 0.006 0.753 15.803

3 0.061 0.134 0.005 0.865 15.451
Table 5.

Changes in four hyper-parameters and the number of well-determined parameters over various hyper-parameter
re-estimation times (Doernenburg ratios).

Predicted classification

Actual classification Fault PD D1 D2 T1&T2 T3
PD 2 0 0 2 0
D1 0 5 3 0 0
D2 0 0 12 0 0
T1&T2 0 0 0 5 1
T3 0 0 0 0 6
Accuracy (%) 83.33
Table 6.

The BNN’s confusion matrix for categorizing unknown input vectors (Doernenburg ratios).

5.2.2.2 Rogers ratios
The input network vector in this case is formed based on four gas ratios as follows:

o= [CHs GiHa  GiHy  CiHs ’
| H,’ GH, CHg CH,

(65)

The training set was used to train different BNN classifiers with various numbers
of hidden nodes. Ten networks were trained with various randomly starting weights
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and biases for a certain number of hidden nodes, and the log evidence was evaluated.
The networks with two hidden nodes can produce the highest log evidence, as seen in
Figure 6. According to Figure 7, this network architecture can also provide the
highest overall accuracy of fault classification.

In Table 7, the number of well-determined parameters and the change in four
hyper-parameters are shown. The optimized BNN’s confusion matrix is shown in

Log Evidence

&
8

2 4 6 8 10 12
Number of Hidden Nodes

Figure 6.
Log evidence versus the number of hidden nodes (Rogers ratios).
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2 4 6 8 10 12
Number of Hidden Nodes

Figure 7.
Overall accuracy in velation to the number of hidden nodes (Rogers ratios).

Period & & & &4 14

1 0.026 0.012 0.009 0.268 18.645

2 0.039 0.015 0.007 0.353 16.315

3 0.053 0.02 0.005 0.333 15.801
Table 7.

Four hyper-parameter variations and the number of well-determined parameters based on hyper-parameter re-
estimation times (Rogers ratios).
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Predicted classification

True classification Fault PD D1 D2 T1&T2 T3
PD 2 0 0 2 0
D1 0 4 4 0 0
D2 0 0 12 0 0
T1&T2 0 0 0 5 1
T3 0 0 0 0 6
Accuracy (%) 80.56
Table 8.

Confusion matrix of the trained BNN for identifying unknown input vectors (Rogers ratios).

Doernenburg ratio approach corresponding to suggested gas ratio limits 79.48 (%)

Doernenburg ratio method corresponding to the BNN 83.33 (%)

Rogers ratio method corresponding to suggested gas ratio limits 40.17 (%)

Rogers ratio method corresponding to the BNN 80.56 (%)
Table 9.

Overall accuracy comparison of the suggested gas vatio limit and BNN-based classification techniques.

Table 8, and its overall accuracy in classifying faults from unknown input vectors is
80.56%. Table 9 compares recommended limit and BNN-based DGA techniques
using the same training data set. The recommended limit-based solutions are obvi-
ously much outclassed by the BNN-based methods.

The regulariztion parameters (hyperparameters) and the appropriate number of
hidden nodes in the network can be easily determined based on the investigation of
the Bayesian inference framework for MLP neural network training. The suitability of
a BNN design based on a few nodes in the hidden layer for early fault detection in
power transformers is demonstrated. The diagnosis criterion under consideration
mostly determines how many hidden units are present. For diagnosing power trans-
former faults, this study also compares proposed gas ratio limit-based approaches with
BNN-based methods. This study’s future work will involve comparing BNNs and
other machine-learning classifiers for power transformer DGA.

6. Conclusions

As standard neural networks that have been expanded with the posterior infer-
ence, BNNs can be used to avoid over-fitting. The Bayesian inference can thus be used
to determine a probability distribution over a hypothetical neural network. To deter-
mine the optimum network architecture and ensure high generalization, the normal
neural network training approach can be modified appropriately to directly handle the
model comparison problem. Finally, we can confirm that the Bayesian technique can
be utilized to avoid overfitting, allow network learning with limited and noisy
datasets, and notify us of the level of uncertainty in various predictions.
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Chapter 5

Performance Comparison between
Naive Bayes and Machine Learning
Algorithms for News Classification

Merve Veziroglu, Evkan Ezivoglu and Thsan Omiir Bucak

Abstract

The surge in digital content has fueled the need for automated text classification
methods, particularly in news categorization using natural language processing
(NLP). This work introduces a Python-based news classification system, focusing on
Naive Bayes algorithms for sorting news headlines into predefined categories. Naive
Bayes is favored for its simplicity and effectiveness in text classification. Our objective
includes exploring the creation of a news classification system and evaluating various
Naive Bayes algorithms. The dataset comprises BBC News headlines spanning tech-
nology, business, sports, entertainment, and politics. Analyzing category distribution
and headline length provided dataset insights. Data preprocessing involved text
cleaning, stop word removal, and feature extraction with Count Vectorization to
convert text into machine-readable numerical data. Four Naive Bayes variants were
evaluated: Gaussian, Multinomial, Complement, and Bernoulli. Performance metrics
such as accuracy, precision, recall, and F1 score were employed, and Naive Bayes
algorithms were compared to other classifiers like Logistic Regression, Random For-
est, Linear Support Vector Classification (SVC), Multi-Layer Perceptron (MLP) Clas-
sifier, Decision Trees, and K-Nearest Neighbors. The MLP Classifier achieved the
highest accuracy, underscoring its effectiveness, while Multinomial and Complement
Naive Bayes proved robust in news classification. Effective data preprocessing played
a pivotal role in accurate categorization. This work contributes insights into Naive
Bayes algorithm performance in news classification, benefiting NLP and news
categorization systems.

Keywords: Naive Bayes, machine learning, news classification, natural language
processing, data preprocessing

1. Introduction

The exponential growth of digital content in recent years has led to an
enormous amount of information available online. As a result, there is a growing
need for efficient and effective methods to automatically classify and categorize
textual data. News classification, a fundamental application of natural language
processing (NLP), aims to automatically assign news headlines to certain
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predefined categories based on their content. This task has important practical
implications such as content recommendation, information retrieval, and sentiment
analysis.

In this research, we present a comprehensive News Classification task
implemented using the Python programming language. The focus of this work is on
leveraging the power of Naive Bayes algorithms to accurately categorize news head-
lines into different classes. Naive Bayes, a well-established and widely used machine
learning algorithm known for its simplicity and effectiveness in text classification
tasks, is chosen as the basis of our research.

The main objective of this work is twofold: first, to explore the intricacies of
building a robust News Classification system, and second, to rigorously evaluate the
performance of various Naive Bayes algorithms on the task at hand. To achieve this,
we use a dataset obtained from the reputable BBC News Corpus [1], which contains
news headlines from five different categories: technology, business, sports, entertain-
ment, and politics. Through detailed analysis, we aim to gain valuable insights into the
distribution of categories and the characteristics of headlines. We then perform
extensive data preprocessing, including data cleaning, stop word removal, and feature
extraction using the Count Vectorizer technique [2]. The dataset is split into training
and test sets, and the transformed numeric vectors serve as input for training Naive
Bayes algorithms [3].

Our research examines four variants of Naive Bayes: Gaussian Naive Bayes,
Multinomial Naive Bayes, Complement Naive Bayes, and Bernoulli Naive Bayes [4].
Each algorithm undergoes rigorous training and is thoroughly evaluated on test
data using well-known performance metrics such as accuracy, precision, recall, and
F1 score [5]. We also extensively compare the performance of Naive Bayes
algorithms with other popular machine learning classifiers such as Logistic
Regression, Random Forest, Linear SVC, MLP Classifier, Decision Tree, and K-
Nearest Neighbors (KNN) [6]. A detailed analysis of the results is performed to
distinguish the relative strengths and weaknesses of each algorithm in the context of
news classification.

The findings of our work show that all Naive Bayes algorithms exhibit commend-
able accuracy on news classification tasks, with Multinomial Naive Bayes and
Complement Naive Bayes standing out as particularly effective variants. Furthermore,
the MLP Classifier emerges as the best-performing machine learning classifier,
demonstrating its effectiveness in the field of news categorization.

In conclusion, this academic research highlights the competent application of
Naive Bayes algorithms in news classification and underlines the importance of rigor-
ous data preprocessing and careful algorithm selection. The comprehensive results
and insights from this research can serve as a valuable resource for researchers and
practitioners in the field of natural language processing and contribute to the
advancement of efficient news categorization systems.

2. Related works

News classification is an important area of research to explore various approaches
and algorithms to effectively categorize news articles. Many studies in this area have
examined the effectiveness of various machine learning and deep learning algorithms,
such as Naive Bayes, Support Vector Machines (SVM), Random Forest, Logistic
Regression, and neural networks.
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The Naive Bayes algorithm is widely used in news classification because of its
simplicity, efficiency, and effectiveness. In recent years, several works have been
conducted to investigate the use of Naive Bayes algorithms in news classification and
to improve its performance. In this section, we will review some of the recent works
that use Naive Bayes algorithms in news classification.

Rana et al. investigated news classification based on news headlines and discussed
the effectiveness of the Naive Bayes algorithm in this task. They analyze various
approaches to feature selection, preprocessing, and classification and compare the
performance of Naive Bayes with other classification algorithms. The authors con-
cluded that the Naive Bayes algorithm is a simple and effective method for news
classification based on news headlines [7].

Shahi and Pant applied Naive Bayes, Support Vector Machines (SVM), and Neural
Networks (NN) to classify Nepalese news articles. They used TF-IDF vectorization to
convert text data into machine-readable format and compared the performance of the
three algorithms. The results show that Naive Bayes outperforms SVM and NN in
terms of accuracy and F1-score. The authors suggested that Naive Bayes algorithm is a
suitable method for Nepalese news classification [8].

Chy et al. used a Naive Bayes classifier to classify Bangla news articles.

They applied a stemmer and stop word removal to preprocess the text data and

used TF-IDF vectorization to convert the data into machine-readable format. The
authors compared the performance of Naive Bayes with other classification
algorithms and found that Naive Bayes achieved the highest accuracy. They
suggested that the use of a stemmer and stop word removal can improve classification
accuracy [9].

Bracewell et al. applied the Naive Bayes algorithm to classify Japanese and English
news articles. They used a combination of category classification and topic discovery
to classify the articles and compared the performance of Naive Bayes with other
classification algorithms. The results showed that Naive Bayes achieved the highest
accuracy and F1 score. The authors suggested that Naive Bayes algorithm is a suitable
method for cross-lingual news classification [10].

Albahr and Albahar used a publicly available dataset to evaluate the news detection
capabilities of various machine learning classifiers. They used 80% of the data in the
training process and the remaining 20% in the testing process. Naive Bayes classifica-
tion achieved the best results among the others [11].

Sristy and Somayajulu proposed a semi-supervised approach using the Naive Bayes
algorithm to classify news articles based on their content. They used a small labeled
dataset and a large unlabeled dataset to train the classifier and compared the perfor-
mance of Naive Bayes with other semi-supervised algorithms. The results showed that
Naive Bayes achieved the highest accuracy and F1-score. The authors suggested that
semi-supervised approaches can improve the accuracy of news classification with
limited labeled data [12].

Granik and Mesyurar present a simple approach for news detection using a naive
Bayes classifier. This approach was implemented as a software system and tested on a
dataset of Facebook news posts. In the tests, approximately 74% classification
accuracy was achieved [13].

Overall, these works demonstrate the versatility and effectiveness of Naive Bayes
algorithms in news classification. They provide insights into how classification accu-
racy can be improved using different approaches for feature selection, preprocessing,
and classification. They also suggest that using Naive Bayes with other algorithms or
techniques can further improve the accuracy of news classification.
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3. Methodology

In this section, we outline the research methodology used to conduct the News
Classification work and evaluate the performance of Naive Bayes algorithms. The work
includes a systematic approach to data collection, data preprocessing, model training, and
performance evaluation. In the following, we describe the key steps taken to ensure the
rigor and reliability of the research. The methodology steps are shown in Figure 1.

3.1 Data collection

The data for this work are collected from the BBC News Corpus [1] dataset, which
contains news headlines from various categories. The dataset contains two main
columns: category and text. The category column represents a category to which each
news item belongs, whereas the text column contains the actual text of the news item.

The dataset consists of news headlines from five different categories: technology,
business, sports, entertainment, and politics. The number of data points available in
each category is shown in Table 1.

This dataset presents a variety of news headlines, allowing for a comprehensive
analysis of Naive Bayes algorithms for news classification. The data collection process
ensures that the dataset represents a balanced distribution of news headlines in dif-
ferent categories, making it possible to derive reliable and meaningful insights from
the work. Figure 2 shows the details of the dataset.

‘ Dataset
v —T !
Training Data Testing Data
v
Preproeeuing

P Foaium
Frnt ectarase € \ E:lr-ctlon

‘ Classifiers

l_ Naive Bayes Algorithms | ML Alg l

‘ G d l "‘ Bernoulli l ‘ LR RF | Linear SVC MLP | DoT ‘ KNN |‘

Predict News

Accuracy

|
Precision |

Recall
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Confusion Matrix |

Figure 1.
General operating procedure.

62



Performance Comparison between Naive Bayes and Machine Learning Algorithms for News...
DOT: http://dx.doi.org/10.5772/intechopen.1002778

Category Number of data
Tech 401
Business 510
Sport 511
Entertainment 386
Politics 417
Total 2225
Table 1.

Distribution of the data set.

Number of data
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B Tech M Business Sport M Entertainment M Politics

Figure 2.
Data count distributions for each class.

3.2 Data preprocessing

Data preprocessing is a critical step in preparing raw text data for analysis and
classification tasks in natural language processing (NLP). In this task, the data
preprocessing steps shown in Figure 3 were performed on the news headlines dataset
obtained from the BBC News Corpus. The main goal of data preprocessing is to
transform the raw text data into a structured format suitable for further analysis using
machine learning algorithms.

3.2.1 Data cleaning

In the data cleaning phase, we first addressed the issue of punctuation and special
characters in news headlines. These non-textual elements do not contribute to the
overall meaning and context of the text, and can create noise during analysis. Using
regular expressions, we effectively removed punctuation and special characters,
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Data Cleaning

Stop Word Remove

Feature Extraction

Count Vectorizer

Figure 3.
Model preprocessing techniques.

leaving only the core textual content intact. Some news headlines may contain
numeric values, such as dates, statistics, or other numeric data, which are not appro-
priate for classification purposes. To prevent numeric values from affecting classifi-
cation models, we removed them from the headlines. This step ensured that the focus
remained on textual content only and minimized the impact of irrelevant information.

3.2.2 Stop word remove

Stop words are commonly used words in a language, such as articles (“the,” “a,”
and “an”) and other frequent words (“is,” “are,” and “in”). These words do not carry
any significant meaning and are usually removed from the text to reduce dimension-
ality and focus on more informative features. We used a predefined list of stop words
specific to the English language for this purpose. Using the selected stop words, we
proceeded to extract them from news headlines. This step effectively reduced the
number of words in the dataset, simplifying the subsequent analysis and increasing
the relevance of the retained words.
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3.2.3 Feature extraction

Tokenization is the process of breaking text into individual words or tokens. We
performed tokenization to enable further analysis at the word level by breaking news
headlines into meaningful units. From the tokenized words, we created a vocabulary
of unique words found in news headlines. This lexicon served as a reference for
feature extraction and ensured a consistent representation of words across the
dataset. For each news headline, we calculated the term frequency that represents
the number of occurrences of each word in that headline. This frequency
information was required to convert the textual data into numeric vectors, which
were then fed into the machine learning algorithms. The term frequency
information was used to create a custom matrix wherein each row represents a news
headline, and each column corresponds to a unique word in the vocabulary. The
values within the matrix indicate the frequency of occurrence of each word in the
relevant headline.

3.2.4 Count vectorizer

The Count Vectorizer technique is a basic approach for creating a numeric
matrix representation of text data. It creates a vocabulary from tokenized words and
assigns a unique integer to each word. Using the vocabulary generated by Count
Vectorizer, a document term matrix was created wherein each row represents a news
headline, and each column corresponds to a unique word in the vocabulary. The
values in the matrix indicate the frequency of occurrence of each word in the relevant
headline.

The data preprocessing steps we implemented played a crucial role in improving
the quality of the dataset and preparing it for further analysis using machine learning
algorithms. By removing noise, standardizing text, correcting errors, and removing
missing data, the cleaned dataset provided a solid foundation for accurate and reliable
news classification.

3.3 Machine learning algorithms

Machine Learning (ML) can be defined as a field that studies the ability of com-
puter systems to learn from data. ML algorithms perform tasks such as creating
models on datasets and using these models to make predictions or identify patterns.
The main goal of ML is to make decisions or predictions based on future data by
generalizing from data. To make these generalizations, ML algorithms try to capture
data features and patterns using datasets. In this work, we implemented various ML
classifiers to perform the task of news classification based on preprocessed data. The
classifiers used in this work include Naive Bayes algorithms and other popular ML
algorithms.

3.3.1 Naive Bayes algorithms

Naive Bayes is a probabilistic classification algorithm that applies the Bayes theo-
rem with the assumption of feature independence given the class. The mathematical
process of Naive Bayes can be explained as follows:
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3.3.1.1 Bayes theorem

The Bayes theorem is a fundamental concept in probability theory. It states that
the posterior probability of a hypothesis (class) given the observed evidence (fea-
tures) is proportional to the product of the likelihood of the evidence given the
hypothesis and the prior probability of the hypothesis:

P(C[X) = (P(X|C)" P(C))/P(X) e

Here, P(C|X) represents the posterior probability of class C given the observed
evidence X, P(X|C) is the likelihood of observing evidence X given class C, P(C) is the
prior probability of class C, and P(X) is the evidence probability.

3.3.1.2 Independence assumption of features

Naive Bayes assumes that features are conditionally independent given the class.
This assumption simplifies the calculation of probabilities by evaluating each feature
independently.

3.3.1.3 Class prior probability (P(C))

The class prior probability represents the likelihood of each class occurring in the
training data. It is calculated by dividing the frequency of each class by the total
number of samples.

3.3.1.4 Likelihood (P(X|C))

Likelihood represents the probability of observing the evidence (features) given a
specific class. In Naive Bayes, likelihood is calculated by assuming feature indepen-
dence and applying probability distributions specific to each feature type (e.g.,
Gaussian, Multinomial, and Bernoulli).

3.3.1.5 Posterior probability (P(C[X))

Posterior probability represents the probability of an example belonging to a
specific class given the observed features. It is calculated using the Bayes theorem.

3.3.1.6 Classification decision

The final classification decision is made by selecting the class with the highest
posterior probability as the predicted class for a given example.

The mathematical operations specific to each Naive Bayes variant (e.g., Gaussian
Naive Bayes, Multinomial Naive Bayes, and Bernoulli Naive Bayes) involve estimating
class prior probabilities, calculating probabilities based on specific probability
distributions and applying Bayes’ theorem.

3.3.1.6.1 Gaussian Naive Bayes

It is a Naive Bayes algorithm used to classify data with continuous features. This
algorithm assumes that the features are normally distributed and performs probability
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calculations based on this distribution. The assumption of independence between
features is preserved [14].

3.3.1.6.2 Multinomial Naive Bayes

It is a Naive Bayes algorithm used for classifying data with categorical features
such as text classification. This algorithm assumes that the features have a multino-
mial distribution and performs probability calculations based on word frequencies.
The assumption of independence between features is preserved [15].

3.3.1.6.3 Complement Naive Bayes

It is a Naive Bayes algorithm that performs well on imbalanced datasets. This
algorithm takes the complement of negative examples to compensate for the imbal-
ance between classes. Complement Naive Bayes performs probability calculations by
considering class distributions while maintaining the independence assumption
between features [16].

3.3.1.6.4 Bernoulli Naive Bayes

It is a Naive Bayes algorithm used to classify data with binary features. This
algorithm assumes that the features have a Bernoulli distribution, which represents
the presence or absence of features. The independence assumption is maintained, and
the probabilities of the features are calculated [17].

3.3.2 Other popular ML algorithms
3.3.2.1 Logistic regression

It is a classification method used to classify samples in a dataset into two or more
classes. Using the characteristics of the samples, the logistic regression model esti-
mates the probabilities of belonging to the classes. These predictions are then evalu-
ated on a decision threshold, and the samples are assigned to classes [18].

3.3.2.2 Random forest

It is an ensemble of many decision trees. Each tree is trained with a randomly
sampled dataset and used as a decision tree. The random forest makes a classification
decision based on the majority vote of these trees. Thus, more stable and accurate
results are obtained [19].

3.3.2.3 Linear support vector machine: Linear SVM

It is a classification algorithm used to classify samples in a dataset into two or more
classes. By analyzing the features of the samples belonging to the classes, it creates a
hyperplane and performs the classification of the points on this plane. Linear SVM
works on the principle of maximum marginal separation and tries to provide the
largest margin between classes [20].
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3.3.2.4 Multilayer perceptron: MLP

It is a classification model based on artificial neural networks. MLP, which has
multiple hidden layers, analyzes data features and makes classification decisions using
the correlations between nodes or neurons in each layer. MLP is trained and optimized
with a back-propagation algorithm [21].

3.3.2.5 Decision tree: DT

It is a tree structure used to classify instances in a dataset into classes. Based on
the characteristics of the dataset, decision nodes, and leaf nodes are created, and
decisions are made between these nodes. The decision tree reflects a specific
hierarchical structure of features and classes and provides a simple, straightforward
classification model [18].

3.3.2.6 K-nearest neighbors: KNN

It is a method that considers the k-nearest neighbors to classify an instance in a
dataset. Based on the features of the instances, the classes of the k-nearest neighbors
are examined to classify an instance, and a class prediction is made based on the
majority vote. KNN is a simple and straightforward classification method but can be
computationally expensive on large datasets [22].

4, Results and discussions
4.1 Performance metrics

Performance metrics play a critical role in evaluating the effectiveness of machine
learning algorithms and making informed decisions. These metrics are important for
tasks, such as evaluating the performance of algorithms, guiding the optimization
process, reporting results, identifying errors and biases, establishing reference points,
and detecting overfitting. In this work, commonly used metrics that are effective in
evaluating and comparing algorithm performances, especially for the classification
process, are used. Metrics commonly used in machine learning include accuracy,
precision, sensitivity, and F1 score. Accuracy represents the ratio of all predictions to
all correct predictions and indicates an overall model performance. Precision refers to
the proportion of successful predictions relative to all positive predictions of the
model. Sensitivity measures the ratio of all positive samples to correct positive pre-
dictions and indicates how many true positive samples the model correctly identifies.
The F1 score is the harmonic mean used to strike a balance between precision and
sensitivity. All metrics have mathematical formulas given by the following equations:

TP+ TN

pr— 2

Accuracy = 5 TN T FP + EN 2)
TP
preciion — TP
recision = TP 3)
TP

Recall = — — 4

AT TP IEN )
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4.2 Results

According to the results given in Table 2, the performance of four different Naive
Bayes algorithms, Gaussian Naive Bayes, Multinomial Naive Bayes, Complement
Naive Bayes, and Bernoulli Naive Bayes, are compared.

The Complement Naive Bayes algorithm has the highest accuracy of 98.31%
and was successful in classifying the dataset in the best way. Multinomial Naive Bayes
and Bernoulli Naive Bayes algorithms showed high performance with 98.20% and
96.67% accuracy rates, respectively. The Gaussian Naive Bayes algorithm, on the
other hand, achieved a lower success rate compared to the other algorithms with
92.92% accuracy.

All Naive Bayes algorithms showed high success in precision values. This shows
that the classification results of the algorithms are accurate and precise. The
Complement Naive Bayes algorithm has the highest precision value, with a precision
of 98.31%.

All Naive Bayes algorithms showed high success in recall values. This shows the
ability of the algorithms to accurately identify true classes in classification. The Mul-
tinomial Naive Bayes algorithm has the highest precision value with a recall rate of
98.20%.

The F1 score is a combined measure of precision and sensitivity. All Naive Bayes
algorithms have high F1 scores. The Complement Naive Bayes algorithm achieved the
highest success with an F1 score of 98.31%.

According to the results given in Table 2, the performance of six different ML
algorithms, Logistic Regression, Random Forest, Linear SVC, MLP Classifier, Decision
Tree, and KNN, are compared.

The MLP Classifier algorithm has the highest accuracy of 98.31% and was success-
ful in classifying the dataset in the best way. Linear SVC and Random Forest algo-
rithms showed high performance compared to the other algorithms, with 97.97% and
97.86% accuracy rates, respectively. Decision Tree and KNN algorithms performed
poorly compared to the other algorithms with lower accuracy values.

All ML algorithms showed high success in precision values. This shows that the
classification results of the algorithms are accurate and precise. MLP Classifier
algorithm has the highest precision value with a 98.32% precision rate.

All ML algorithms showed high success in recall values. This shows the ability of
the algorithms to accurately identify the true classes in classification. The MLP
Classifier algorithm has the highest precision value with a recall rate of 98.31%.

NB algorithms Accuracy (%) Precision (%) Recall (%) F1 score (%)

Gaussian 92.92 93.08 92.92 92.93

Multinomial 98.20 98.20 98.20 98.20

Complement 98.31 98.31 98.31 98.31

Bernoulli 96.67 97.01 96.74 96.77
Table 2.

Results for Naive Bayes algorithms.
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The F1 score is a combined measure of precision and sensitivity values. All ML
algorithms have high F1 scores. The MLP Classifier algorithm achieved the highest
success with an F1 score of 98.31%.

In conclusion, the Complement Naive Bayes algorithm has the highest accuracy,
precision, sensitivity, and F1 score, whereas the MLP Classifier algorithm has the
highest accuracy, precision, sensitivity, and F1 score. Other algorithms have also
shown successful results, but some of them have lower performance.

When the Complement Naive Bayes and MLP Classifier algorithms are analyzed,
the Complement Naive Bayes algorithm achieves high success with an accuracy rate of
98.31%. The MLP Classifier algorithm performed at the same level as Complement
Naive Bayes with an accuracy rate of 98.31%.

The Complement Naive Bayes algorithm has a precision rate of 98.31%, meaning
that the classification results are accurate and precise. The MLP Classifier algorithm
has a slightly higher accuracy than Complement Naive Bayes with 98.32% accuracy.

The Complement Naive Bayes algorithm has a precision of 98.31%, indicating its
ability to accurately identify true classes. The MLP Classifier algorithm also has a
sensitivity of 98.31%, which is on par with Complement Naive Bayes.

The F1 score is a combined measure of precision and sensitivity. Both Complement
Naive Bayes and MLP Classifier algorithms have high F1 scores.

According to the analysis results, Complement Naive Bayes and MLP
Classifier algorithms show similar performance. Both algorithms have high
accuracy, precision, sensitivity, and F1 score values. When making a choice, they can
be preferred depending on the characteristics of the dataset and the requirements
(Figures 4 and 5).

Comparing the results of Tables 2 and 3, the overall comparison between Naive
Bayes and ML algorithms shows that Naive Bayes algorithms (Gaussian, Multinomial,
Complement, and Bernoulli) have an average accuracy rate of 97.77%. ML algorithms
(Logistic Regression, Random Forest, Linear SVC, MLP Classifier, Decision Tree, and
KNN) have an average accuracy of 87.91%. Naive Bayes algorithms show higher
accuracy values compared to ML algorithms.
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Figure 4.

Accuracy graph for Naive Bayes algorithms.
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Accuracy graph for ML algorithms.
ML algorithms Accuracy Precision Recall F1 score
Logistic Regression 97.52% 97.52% 97.52% 97.52%
Random Forest 97.86% 97.91% 97.86% 97.87%
Linear SVC 97.97% 97.98% 97.97% 97.98%
MLP Classifier 98.31% 98.32% 98.31% 98.31%
Decision Tree 82.69% 82.84% 82.69% 82.72%
KNN 55.84% 80.88% 55.84% 56.59%

Table 3.
Results for other ML algorithms.

Naive Bayes algorithms have an average accuracy rate of 97.63%. ML algorithms
have an average precision of 84.08%. Naive Bayes algorithms show higher precision
values compared to ML algorithms.

Naive Bayes algorithms have an average sensitivity rate of 97.79%. ML algorithms
have an average sensitivity rate of 83.29%. Naive Bayes algorithms show higher
sensitivity values compared to ML algorithms.

Naive Bayes algorithms have an average F1 score of 97.71%. ML algorithms have an
average F1 score of 83.16%. Naive Bayes algorithms have higher F1 scores compared to
ML algorithms.

As a result, Naive Bayes algorithms (Gaussian, Multinomial, Complement,
Bernoulli) generally outperform ML algorithms (Logistic Regression, Random Forest,
Linear SVC, MLP Classifier, Decision Tree, and KNN). Naive Bayes algorithms pro-
vide high accuracy, precision, sensitivity, and F1 score values in the news classifica-
tion problem. However, ML algorithms may also have different advantages in the field
of machine learning and may be preferred in certain situations.
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The confusion matrix provides valuable information about the algorithms’ ability
to correctly predict class labels and discriminate between various categories. Based on
the Confusion Matrix results of the Naive Bayes algorithms given in Figure 6, we can
interpret their performance in classifying news headlines into different categories.

The Multinomial Naive Bayes algorithm achieved an overall high accuracy rate of
98.20%. It performed extremely well in the “technology” and “sports” categories,
correctly classifying 153 and 194 instances, respectively. However, it made a few
misclassifications in the “business” and “entertainment” categories, with only 204 out
of 205 instances correctly classified in the “business” category and 157 out of 158 in the
“entertainment” category. The algorithm’s precision, recall, and F1 score for each
category are consistently high, demonstrating its ability to correctly identify relevant
examples while minimizing false positives and false negatives.

The Gaussian Naive Bayes algorithm achieved a lower accuracy of 92.92% com-
pared to Multinomial Naive Bayes. It encountered difficulties in correctly classifying
some instances, especially in the “work” and “entertainment” categories. For example,
it misclassified 11 instances in the “business” category and 14 instances in the “enter-
tainment” category. While it performed well in the “technology” category, correctly
classifying 149 out of 161 examples, it struggled in other categories. The algorithm’s
precision, recall, and F1 score are generally lower than those of Multinomial Naive
Bayes, indicating a trade-off between precision and recall.

The Complement Naive Bayes algorithm achieved an accuracy of 98.31%, slightly
higher than Multinomial Naive Bayes. It performed consistently across all categories
and made only a few misclassifications. It achieved excellent accuracy in the “tech-
nology” and “business” categories, correctly classifying all instances. It also performed
well in the “sports” category, correctly classifying 196 out of 198 instances. The

Multinomial Naive Bayes . Confusion Matrix Complement Naive Bayes - Confusion Matrix

]

entertainment

e business ot ent

Predicted Predicted

Gaussian Naive Bayes - Confusion Matrix Bemoulli Naive Bayes - Confusion Matrix

business wort  entertainment politics tech business sport  entertainment politics
Predicted Predicted

Figure 6.
Confusion matrixes of Naive Bayes algorithms.
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algorithm’s precision, recall, and F1 score were equally high across categories, making
it a robust and reliable choice for news classification tasks.

The Bernoulli Naive Bayes algorithm achieved an accuracy of 96.67%, which is
lower than Multinomial and Complement Naive Bayes. It faced challenges in the
“business” category, misclassifying 11 instances, and in the “entertainment” category,
misclassifying four instances. It performed well in the “technology” category, cor-
rectly classifying 143 out of 155 instances, while it faced difficulties in the “sports”
category, misclassifying nine instances. The algorithm’s precision, recall, and F1 score
are generally lower than those of Multinomial and Complementary Naive Bayes,
indicating that there is potential room for improvement in its performance.

In summary, Multinomial Naive Bayes and Complement Naive Bayes algorithms
performed strongly in classifying news headlines and achieved high accuracy and
precision in all categories. The Gaussian Naive Bayes algorithm had some difficulties
in discriminating between categories, while the Bernoulli Naive Bayes algorithm
performed competitively but faced difficulties in some categories. According to the
Confusion Matrix results, Multinomial Naive Bayes and Complement Naive Bayes
algorithms seem to be the most suitable choices for accurate and reliable news classi-
fication. However, further analysis and finetuning may be required to optimize the
performance of each algorithm for specific application requirements.

Based on the Confusion Matrix results of the machine learning classifiers given in
Figure 7, Logistic Regression achieved a high accuracy rate of 97.52% when we look at
their performance in classifying news headlines into different categories. It performed
well in most categories, with the highest accuracy in the “technology” category (151
out of 153 correctly classified examples) and the “business” category (206 out of 208
correctly classified examples). However, it encountered difficulties in correctly clas-
sifying some instances in the “sports” and “entertainment” categories. The algorithm’s
precision, recall, and F1 score for each category are generally high, indicating that
the algorithm is able to correctly identify relevant examples while minimizing false
positives and false negatives.

Random Forest achieved a slightly higher accuracy of 97.86% compared to Logistic
Regression. It performed consistently in most categories, correctly classifying a large
number of instances in the “technology,” “business,” and “entertainment” categories.
However, it encountered difficulties in the “sports” category, misclassifying five
instances. The algorithm’s precision, recall, and F1 score were equally high across
categories, making it a robust and reliable choice for news classification tasks.

Linear SVC achieved an accuracy of 97.97%, slightly higher than Random Forest. It
performed strongly in most categories, achieving the highest accuracy in the “tech-
nology” category (151 out of 154 instances were correctly classified). However, it
made a few misclassifications in the “business” and “entertainment” categories. The
algorithm’s precision, recall, and F1 score were consistently high across categories,
indicating its effectiveness in news classification.

The MLP Classifier achieved an accuracy of 98.31%, the highest among all classi-
fiers. It performed excellently in most categories, with the highest precision achieved
in the “technology” category (153 out of 155 instances were correctly classified) and
only a few misclassifications in the “business” and “entertainment” categories. The
algorithm’s precision, recall, and F1 score were consistently high across categories,
making it the optimal choice for accurate and reliable news classification.

The Decision Tree achieved an accuracy of 82.69%, which is lower than other
classifiers. It faced difficulties in correctly classifying examples in all categories, with
the highest precision achieved in the “technology” category (125 out of 161 examples
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Figure 7.
Confusion matrixes of ML algorithms.

were correctly classified). The algorithm’s precision, recall, and F1 score are lower
than the other classifiers, suggesting a trade-off between precision and recall.

KNN achieved the lowest accuracy of 55.84% among all classifiers. It faced diffi-
culties in correctly classifying instances in all categories, with the highest precision in
the “technology” category (63 out of 152 instances were correctly classified). The
algorithm’s precision, recall, and F1 score were generally low, suggesting potential
room for improvement in its performance.

In summary, the MLP Classifier showed the highest accuracy and precision, mak-
ing it the most suitable choice for accurate and reliable news classification. Random
Forest and Linear SVC also showed strong performance, whereas Decision Tree and
KNN had difficulties in discriminating between categories. Classifier selection should
take into account the specific context and requirements of the actual research work to
achieve optimal and effective news classification results.

In conclusion, the Multinomial Naive Bayes, Complement Naive Bayes, and MLP
Classifier algorithms have shown outstanding performance in news classification with
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accuracy exceeding 98%. Complement Naive Bayes and MLP Classifier emerged as the
best-performing algorithms, achieving the highest accuracy, precision, recall, and F1
score. These results highlight the effectiveness of Naive Bayes algorithms and MLP
Classifier algorithms in accurately categorizing news headlines, making them viable
options for practical applications in content recommendation, information retrieval,
and sentiment analysis tasks.

5. Conclusion

In this work, we investigate using Naive Bayes algorithms for news
classification using a dataset of news headlines obtained from the BBC News Corpus.
The main goal was to build a competent News Classification system and evaluate the
performance of various Naive Bayes variants. Through extensive experiments and
analysis, we gained valuable insights into the effectiveness of these algorithms in text
classification tasks.

Our research findings demonstrate the robustness and effectiveness of Naive Bayes
algorithms in news classification. Multinomial Naive Bayes and Complement Naive
Bayes emerged as the best performing variants, showing consistently high accuracy,
precision, recall, and F1 score. These results are in line with previous research
highlighting the effectiveness of Naive Bayes in handling discrete feature data, which
is well suited for text-based classification challenges [16, 23].

We also compared Naive Bayes algorithms with other popular machine learning
classifiers, including Logistic Regression, Random Forest, Linear SVC, MLP Classifier,
Decision Tree, and KNN. MLP Classifier exhibited the highest accuracy among all
classifiers. This finding is in line with the recognized ability of deep learning models to
effectively capture complex patterns in textual data [24].

Rigorous data preprocessing played a crucial role in the successful
implementation of our News Classification system. By cleaning the text data,
eliminating stop words, and extracting informative features, we converted the
raw headlines into a numerical format suitable for training classification models.
Leveraging the Count Vectorizer technique allowed us to skillfully transform text data
into numerical representations, thus facilitating the smooth implementation of
machine learning algorithms.

Our research adds significant value to the fields of natural language processing and
machine learning by providing critical insights into the performance of Naive Bayes
algorithms and their comparative analysis with other classification techniques in the
news classification domain. The findings emphasize the importance of using appro-
priate data preprocessing techniques and selecting the most appropriate algorithm to
achieve accurate and reliable news classification.

As a limitation, it is crucial to recognize that our work focuses only on a specific
dataset of news headlines obtained from the BBC News Corpus. Future research
efforts could investigate the generalizability of these findings on larger and more
diverse datasets covering various news sources and different topics.

In conclusion, this work proves the effectiveness of Naive Bayes algorithms in
news classification and underlines the potential power of the MLP Classifier as an
attractive alternative. The insights gained from this research can provide a solid
foundation for the development of efficient and scalable news categorization systems
with wide-ranging applications in content recommendation, information retrieval,
and sentiment analysis.
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