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BAYESIAN NEURAL NETWORKS; WHY AND HOW?
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ABSTRACT. One of the main challenges in utilizing neural networks is the problem of overfitting.
This occurs when a neural network model fits the training data too precisely, but fails to generalize
to data outside the training set. This lack of generalization is often observed when the number of
training samples is smaller than the number of features being analyzed, and the complexity of the
model — that is, the number of weights and biases in the neural network — is high. In such situations,
ensemble learning, and more specifically bagging methods, are commonly employed. These methods
use resampling techniques to incorporate uncertainty into the model, thereby improving the model’s
ability to generalize. However, when the training sample size is extremely limited, resampling becomes
less effective, and the uncertainty introduced in the model is very limited. Bayesian neural networks
address this by quantifying parameter uncertainty and considering parameter states that may not have
been observed in the existing data. This leads to a significant improvement in model generalization.
In addition to mitigating overfitting, this approach also provides access to the posterior predictive
distribution, allowing for the calculation of prediction intervals. In this article, we briefly review
Bayesian neural networks, explain how they are trained, and then analyze data and compare these

models with standard neural networks.
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1. Introduction

Bayesian Neural Networks (BNNs) are extensively used in statistical machine learning due to their
ability to use prior knowledge about network parameters, such as weights and biases. One of the main
challenges in traditional neural networks is the problem of overfitting, which occurs when the model
fits the training data too precisely, thereby failing to generalize well to unseen test data. BNNs, by
quantifying uncertainty, allow for consideration of parameter states that may not have been seen in
the training data, thereby improving model robustness. In addition to reducing overfitting, BNNs
employ the posterior predictive distribution to predict new data and derive prediction intervals, which
offer a measure of uncertainty in the predictions. Nevertheless, obtaining the posterior distribution
poses significant challenges due to the intractable integrals in the denominator of Bayes’ theorem—an
issue particularly pertinent in models like BNNs, which rely on activation functions, as illustrated in
Figures 2 and 3. To overcome this, approximate inference methods such as Markov Chain Monte Carlo
(MCMC), Variational Bayes, and Expectation Propagation are utilized to approximate the posterior
distribution.

In this paper, we review Bayesian Neural Networks that utilize a multilayer perceptron, similar to
those depicted in Figures 1 and 4, and detail the process of training them using the MCMC method,
specifically employing the Metropolis-Hastings algorithm [8]. This method generates a sequence of de-
pendent random samples, that typically exhibit a first-order Markov property. In first-order Markov
processes, the conditional distribution of any state, given all previous states, depends only on the
previous state. One of the most well-known methods for achieving this, is the Metropolis-Hastings
algorithm introduced by [8], which uses a proposal distribution to generate samples from the un-
known distribution such as the posterior distribution, which we will implement for both regression
and classification tasks.

R™*4 and the outputs vari-

In the regression task, we assume we have the inputs variable X €
able y € R™P where n is the number of inputs, and d and p represent the dimensionality of the
input and output variables, respectively. Our goal is to model § = f(X) + €, with € ~ N, (0,0%1,),
requiring us to approximate the posterior distribution p(w,b,c?|X,y). Here, w and b represent the
weights and biases of the neural network, and o denotes the standard deviation of the likelihood
function p(y|X, W,b,0?), where y|X, W,b,0% ~ N,,(f(X),0?1,). The Metropolis-Hastings algorithm
in this task uses proposal distributions for the posterior parameters (w,b, 0?) and generates samples
accordingly. After T iterations, a density estimator is used to approximate the posterior distribution.

In the classification task, similar to regression, we have input variables X € R™? and output

variables y € R™** where k represents the number of classes. Each row of y is a basis vector, with

only one element equal to 1 and the rest equal to 0. The objective in this problem is to classify
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the inputs X based on the given data. For this task, we aim to estimate the posterior distribution
p(w,b|X,y).
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FIGURE 2. Relu activation function [18]
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FIGURE 3. Sigmoid activation function [18]
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FIGURE 4. The architecture of the Neural Network consists of h+ 2 layers, where h represents
the number of hidden layers, with the input and output layers completing the structure [18]

2. Main Results

In this section, we evaluate the performance of BNNs against standard neural networks on several
datasets. The results demonstrate that BNNs outperform traditional neural networks in both regres-
sion and classification tasks. Figures 5 and 6 respectively illustrate the residuals from the regression
task and the ROC curve from the classification task. Tables 1 and 2 compare the performance of
the two approaches across various evaluation metrics, including Mean Squared Error (MSE), Mean

Absolute Error (MAE), accuracy, F-measure, and others.

BNN | ANN
Mean Square Error 1.21 | 30.75
Mean Absolute Error | 0.88 4.80

TABLE 1. Comparison of the performance of BNN and standard NN on the Riboflavin dataset.

4 http://dx.doi.org/10.22108/msci.2024.141722.1668


http://dx.doi.org/10.22108/msci.2024.141722.1668

M. Monemi, S. M. Taheri, S. M. Amini, Journal of Mathematics and Society/ 10 no. 4 (2025) 1-24

12
L ®  ANN
m BNN
10 1
L
8 4
L
I [ ]
w
-
]
44 e @
L
. . F ]
21 m . n .
]
- ) ] LI |
o u " . n " -
0 2 4 6 8 10 12 14

FIGURE 5. Residual values for 15 data points in the regression task on the Riboflavin dataset,
comparing BNN (represented by square markers) and standard NN (represented by circle mark-

ers)
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FIGURE 6. ROC curve of BNN versus standard NN in classification task on lung cancer
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BNN | ANN
Accuracy 0.85 0.42
F-measure 0.84 0.38

F-Beta measure 0.86 0.36

Jaccard measure | 0.75 0.27

TABLE 2. Evaluation of BNN and NN on the lung cancer dataset based on four common metrics.

3. Conclusions

Bayesian neural networks was reviewed as an efficient alternative to classical neural networks. In
two practical examples, it was observed that under certain conditions, Bayesian neural networks per-
form significantly better than classical neural networks. Since there is no conjugate prior and posterior
distribution for neural networks based on the activation functions used, the Metropolis-Hastings sam-
pling method was employed to approximate the posterior distribution. It should be noted that, this
method incurs high computational costs when dealing with high-dimensional parameters. Therefore,
recent research has shifted toward using more cost-effective posterior approximation methods, such as
Variational Bayes, [1], [12], [16], and [18]. Future work could explore faster approximation methods
(such as Variational Bayes) and improvements in sampling methods like M CMC' for Bayesian neural

networks.
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