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Today, the amount of data generated by both humans and machines far exceeds the ability of humans to absorb, interpret and make complex decisions based on that data. Artificial intelligence is the foundation of all machine learning and the future of all complex decision-making processes. Artificial Intelligence combines mathematical algorithms and Machine Learning, Deep Learning and Big Data techniques to extract the knowledge contained in data and present it in a comprehensible and automatic way. 

Artificial intelligence (AI) is a branch of computer science that seeks to develop systems capable of performing tasks that traditionally require human intelligence, such as pattern recognition, decision-making, natural language processing and learning. Within this field, neural networks play a crucial role, especially in recent advances in AI.

What is a Neural Network?

A neural network is a computational model inspired by the structure and functioning of the human brain, specifically how biological neurons process and transmit information. These networks are designed to recognise patterns from data and are the basis of many deep learning algorithms.

In its simplest form, a neural network is composed of several layers of artificial "neurons" connected together. These layers include: 

Input layer: Receives the input data (e.g. an image, text or any structured data).

Hidden layers: Process information by applying mathematical functions to inputs through weights and activations. These intermediate layers allow the network to learn more complex features. 

Output layer: Produces the final output of the model, such as a prediction or a classification. 

Each connection between neurons has a weight, and neurons apply activation functions (such as the sigmoid function or ReLU) to decide whether a signal should be passed on to the next neuron.

Artificial Intelligence and Neural Networks

Neural networks are one of the most successful approaches in the field of artificial intelligence, allowing machines to learn in a supervised, unsupervised or reinforcement-based manner. Here are some key areas where neural networks have revolutionised AI: 

1. Supervised Learning

In supervised learning, neural networks learn to perform a specific task (such as classification or regression) from labelled data. A common example is image recognition: the model receives images (input) along with labels describing what is in the images (output), and adjusts its internal weights to minimise prediction error.

2. Unsupervised Learning

Neural networks can also be used to identify patterns in unlabelled data. For example, autoencoders are neural networks that compress high-dimensional data into a smaller representation and then reconstruct it, making it possible to detect underlying structures in the data. 

3. Reinforcement Learning

This approach is used in situations where an agent must make decisions and learn from the rewards gained from those decisions. A classic example is the use of neural networks in games, where the agent (such as AlphaGo) learns to win by optimising strategies based on past experience.

Types of Neural Networks

There are several types of neural networks, each suitable for different kinds of problems. The most common types are as follows:

1. Multi-Layer Perceptron (MLP):

This is the most basic type of neural network, where the layers are completely connected to each other. It is mainly used for simple classification and regression problems.

2. Convolutional Neural Networks (CNN):

This type of network is specifically designed for processing spatial data, such as images or videos. CNNs use convolutional layers that apply filters to the input data, allowing the network to learn local features such as edges and textures. They are the basis for many computer vision models, such as face recognition and object detection.

3. Recurrent Neural Networks (RNN): 

RNNs are designed to process streams of data, such as text, audio signals or time series. They have inter-layer connections that allow information from previous inputs to be stored, which is useful for tasks such as machine translation or sentiment analysis. LSTMs and GRUs are variants of RNNs that address long-term problems in network memory. 

4. Generative Antagonistic Networks (GAN):

GAN neural networks are used to generate synthetic data that looks like real data. They consist of two networks: a generator that creates fake samples and a discriminator that tries to differentiate real samples from fake ones. They are used in image generation, art and low-resolution image enhancement.

Why are Neural Networks so Effective in AI?

Neural networks have proven to be extremely powerful because they can learn hierarchical representations of data. As data passes through hidden layers, the network learns increasingly abstract and complex features that can help make predictions or decisions.
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In addition, with the growth of computational power (GPUs and TPUs), the availability of big data and new architectures such as CNNs and RNNs, neural networks have overtaken many other traditional AI approaches.

Neural networks are one of the fundamental components of modern artificial intelligence, with applications in almost every major technological area. While they have limitations, advances in the field are leading to the creation of increasingly intelligent and capable systems. 

Machine learning uses two types of techniques: supervised learning, which trains a model on known input and output data so that it can predict future results, and unsupervised learning, which finds hidden patterns or intrinsic structures in the input data. 

The goal of supervised machine learning is to build a model that makes evidence-based predictions in the presence of uncertainty. A supervised learning algorithm takes a known set of input data and known responses to the data (output) and trains a model to generate reasonable predictions for the response to new data. Supervised learning uses classification and regression techniques to develop predictive models.

Classification techniques predict categorical responses, for example, whether an email is genuine or unwanted, or whether a tumour is cancerous or benign. Classification models classify input data into categories. Typical applications include medical imaging, image and speech recognition, and credit scoring.

Regression techniques predict continuous responses, for example, changes in temperature or fluctuations in energy demand. Typical applications include electrical load forecasting and algorithmic trading.

Unsupervised learning finds hidden patterns or intrinsic structures in data. It is used to draw inferences from datasets consisting of input data without labelled responses. Segmentation is the most common unsupervised learning technique. It is used for exploratory data analysis to find hidden patterns or clusters in the data. Applications for clustering include gene sequence analysis, market research and object recognition.
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In this book, the use of neural networks for supervised and unsupervised learning is discussed in depth. Regarding supervised learning, the most common architectures are considered, such as Multilayer Perceptron, Radial Basis Network, ADALINE Networks, HOPFIELD Networks, Probabilistic Networks, Linear Networks, Generalised Regression Networks, LVQ Networks, Linear Networks and Networks for Regression Model Optimisation. In this section of supervised analysis, special attention should be paid to Neural Networks for Time Series Prediction such as the LSTM Network, GRU Networks, Recurrent Neural Networks RNN, NARX Networks, NNAR Networks and, in general, Dynamic Neural Networks.

Unsupervised learning develops Pattern Recognition and Cluster Analysis Networks such as KOHONEN Networks (SOM Self-Organising Maps), Pattern Recognition Networks, Autoencoder Neural Networks, Transfer Learning Networks, Anomaly Detection Networks and Convolutional Neural Networks.

The following topics describe methodologically the architectures of the different types of neural networks and their usefulness in practical applications. In addition, for each type of neural network, examples are presented with an optimal syntax in the R and Python languages.

1Chapter 1
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1.1  INTRODUCTION TO NEURAL NETWORKS
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Neural network theory is inspired by the natural neural network of the human nervous system. A neural network can be defined as a computer system consisting of a number of simple, highly interconnected processing elements, which process information by their dynamic state response to external inputs.

An artificial neural network (ANN) is an information processing paradigm that is inspired by the way biological nervous systems, such as the brain, process information. The key element of this paradigm is the novel structure of the information processing system. It is composed of a large number of highly interconnected processing elements (neurons) that work in unison to solve specific problems. ANNs, like people, learn by example. An ANN is configured for a specific application, such as pattern recognition or data classification, through a learning process. Learning in biological systems involves adjustments to the synaptic connections between neurons. The same is true for ANNs.

The human brain is made up of 100 billion nerve cells called neurons. They are connected to a thousand other cells by axons. Stimuli from the external environment or inputs from sensory organs are accepted by dendrites. These inputs create electrical impulses, which travel rapidly through the neural network. A neuron can then either send the message to another neuron to handle the matter or not send it at all. ANNs are composed of multiple nodes, which mimic biological neurons in the human brain. The neurons are connected by links and interact with each other. The nodes can take input data and perform simple operations on it. The result of these operations is transmitted to other neurons. The output of each node is called the activation or value of the node.

Neural network simulations seem to be a recent development. However, the field was established before the advent of computers, and has survived at least one major setback and several epochs. Many important advances have been driven by the use of low-cost computer emulations. After an initial period of enthusiasm, the field survived a period of frustration and disrepute. During this period, when funding and professional support were minimal, important advances were made by a relatively small number of researchers. These pioneers were able to develop a compelling technology that overcame the limitations identified by Minsky and Papert. Minsky and Papert published a book (in 1969) summarising a general feeling of frustration (against neural networks) among researchers, which was accepted by most without further analysis. Today, the field of neural networks is enjoying a resurgence of interest and a corresponding increase in funding.

Neural networks, with their remarkable ability to extract meaning from complicated or imprecise data, can be used to extract patterns and detect trends that are too complex for humans or other computer techniques to notice. A trained neural network can be considered an "expert" in the category of information it is to analyse. This expert can be used to make projections for new situations of interest and answer "what if" questions. 




Other advantages are:


	Adaptive learning: The ability to learn to perform tasks based on input from training or initial experience.

	Self-organisation: An ANN can create its own organisation or representation of the information it receives during learning time.

	Real-time operation: ANN computations can be performed in parallel, and special hardware devices are being designed and manufactured to take advantage of this capability.

	Fault tolerance through encryption of redundant information: Partial destruction of a network leads to a corresponding degradation of performance. However, some network capabilities can be preserved even with significant network damage.


Neural networks take a different approach to problem solving than conventional computers. Conventional computers use an algorithmic approach, i.e. the computer follows a set of instructions to solve a problem. Unless the specific steps to be taken by the computer are known, the computer cannot solve the problem. This restricts the problem-solving capability of conventional computers to problems we already understand and know how to solve. But computers would be much more useful if they could do things we don't know exactly how to do.

Neural networks process information in a similar way to the human brain. The network is composed of a large number of highly interconnected processing elements (neurons) that work in parallel to solve a specific problem. Neural networks learn by example. They cannot be programmed to perform a specific task. Examples must be carefully selected, otherwise useful time is lost or, worse, the network may operate incorrectly. The disadvantage is that, because the network discovers by itself how to solve the problem, its performance can be unpredictable.

Conventional computers, on the other hand, use a cognitive approach to problem solving; you have to know how the problem is to be solved and express it in small, unambiguous instructions. These instructions are converted into a high-level language program and then into machine code that the computer can understand. These machines are totally predictable; if something goes wrong, it is due to a software or hardware failure.

Neural networks and conventional algorithmic computers do not compete, but complement each other. There are tasks that are more suited to an algorithmic approach, such as arithmetic operations, and tasks that are more suited to neural networks. Moreover, a large number of tasks require systems that use a combination of the two approaches (typically a conventional computer is used to monitor the neural network) in order to perform at their best.
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1.2  STRUCTURE OF A NEURAL NETWORK​
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1.2.1  Simple neurons
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An artificial neuron is a device with many inputs and one output. The neuron has two modes of operation: training mode and usage mode. In training mode, the neuron can be trained to fire (or not), for certain input patterns. In use mode, when a taught input pattern is detected in the input, its associated output becomes the current output. If the input pattern does not belong to the taught list of input patterns, the firing rule is used to determine whether or not to fire.

[image: Descripción: https://www.doc.ic.ac.uk/~nd/surprise_96/journal/vol4/cs11/report.simple_neuron.jpg]

A single neuron
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1.2.2  Compound neurons
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The above neuron does nothing that conventional computers do not already do. A more sophisticated neuron is the McCulloch and Pitts model (MCP). The difference with the previous model is that the inputs are "weighted", the effect that each input has on decision-making depends on the weight of the particular input. The weight of an input is a number that, when multiplied by the input, gives the weighted input. These weighted inputs are summed and if they exceed a pre-set threshold value, the neuron fires. In any other case, the neuron does not fire.

[image: report]

A composite neuron

In mathematical terms, the neuron fires if and only if;

X1W1 + X2W2 + X3W3 + ... > T

The addition of input and threshold weights makes this neuron very flexible and powerful. The composite neuron has the ability to adapt to a particular situation by changing its weights and/or threshold. There are several algorithms that make the neuron "adapt"; the most commonly used are the Delta rule and backward error propagation. The former is used in feed-forward networks and the latter in feedback networks.
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1.3  ​Architecture of neural networks : INTRODUCTION
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1.3.1  ​Feed-forward networks
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Feed-forward ANNs allow signals to travel in only one direction: from input to output. There is no feedback (loops), i.e. the output of any layer does not affect that same layer. Feed-forward ANNs are usually direct networks that associate inputs with outputs. They are widely used in pattern recognition. This type of organisation is also called bottom-up or top-down.
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1.3.2  ​Feedback networks
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Feedback networks can have signals travelling in both directions introducing loops in the network. Feedback networks are very powerful and can become extremely complicated. Feedback networks are dynamic; their "state" changes continuously until they reach an equilibrium point. They remain at the equilibrium point until the input changes and a new equilibrium has to be found. Feedback architectures are also called interactive or recurrent, although the latter term is often used to designate feedback connections in single-layer organisations.

[image: report]

An example of a simple power supply network
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An example of a composite network
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