ARTIFICIAL NEURAL NETWORKS

ABSTRACT

Artificial Neural Networks (ANN) is a network of computers, which are connected with each other’s in a complicated network. It works the same way as our brain works.

In the past funding and professional support was minimal. In 1969 Minsky and Papert published a book in which they summed up the limitations of ANN and it was accepted by most researchers without further analysis. The first artificial neuron was produced in 1943 by the neurophysiologist Warren McCulloch and the logician Walter Pits. But the technology available at that time did not allow them to do too much. But now important advances have been boosted by the use of inexpensive computer emulation. Currently, the neural network field enjoys a resurgence of interest and a corresponding increase in funding. 

In introduction part I had given brief history and the need of this kind of networks. Part II gives the idea of human brain and artificial neuron. Part III explains the architecture part of ANN. Part IV is on how to train neural network to do specific task. Part V describes various applications of artificial neural networks. 

As Neural Network chips become available, the possibility of simple cheap systems, which have learned to recognize simple entities, may lead to their incorporation in toys and washing machines etc. Yet, the future holds even more promises.  Neural networks need faster hardware. They need to become part of hybrid systems, which also utilize fuzzy logic and expert systems.

I. INTRODUCTION

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.

I.I  History

The first artificial neural network was invented in 1958 by psychologist Frank Rosenblatt. Called Perceptron, it was intended to model how the human brain processed visual data and learned to recognize objects. By the late 1980s, many real-world institutes were using ANNs for a variety of purposes.

I.II  Need

A traditional digital computer does many tasks very well. It's quite fast, and it does exactly what you tell it to do. Unfortunately, it can't help you when you yourself don't fully understand the problem you want solved. Sometimes, standard algorithms don't deal well with noisy or incomplete data. One solution is to use an artificial neural network (ANN), a computing system that can learn on its own.

I.III  Neural Networks Vs Conventional Computer

Neural networks take a different approach to problem solving than that of conventional computers. Conventional computers use an algorithmic approach i.e. the computer follows a set of instructions in order to solve a problem. All the "intelligence" of the machine resides in this set of rules - which are supplied by the human programmer. The usefulness of the computer lies in its vast speed at executing those rules. Unless the specific steps that the computer needs to follow are known the computer cannot solve the problem. That restricts the problem solving capability of conventional computers to problems that we already understand and know how to solve. But computers would be so much more useful if they could do things that we don't exactly know how to do. 
Neural networks are very different - they are composed of many processing units, which are connected into a network. Their computational power depends on working together on any task - this is sometimes termed parallel processing. There is no central CPU following a logical sequence of rules - indeed there is no set of rules or program. Computation is related to a dynamic process of node firings. This structure then is much closer to the physical workings of the brain and leads to a new type of computer that is rather good at a range of complex tasks. Neural networks learn by example. They cannot be programmed to perform a specific task.

II. HUMAN AND ARTIFICIAL NEURONES

II.I  How the Brain Learn

Much is still unknown about how the brain trains itself to process information. In the human brain, a typical neuron collects signals from others through a host of fine structures called dendrites. The neuron sends out spikes of electrical activity through a long, thin stand known as an axon, which splits into thousands of branches. At the end of each branch, a structure called a synapse converts the activity from the axon into electrical effects that inhibit or excite activity from the axon into electrical effects that inhibit or excite activity in the connected neurons. When a neuron receives excitatory input that is sufficiently large compared with its inhibitory input, it sends a spike of electrical activity down its axon. Learning occurs by changing the effectiveness of the synapses so that the influence of one neuron on another changes.

  

               
Components of a neuron 
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The synapse

II.II  Artificial Neuron

An artificial neuron is a device with many inputs and one output. The neuron has two modes of operation; the training mode and the using mode. In the training mode, the neuron can be trained to fire (or not), for particular input patterns. In the using mode, when a taught input pattern is detected at the input, its associated output becomes the current output. If the input pattern does not belong in the taught list of input patterns, the firing rule is used to determine whether to fire or not.
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A simple neuron

II.III  Firing Rules

A simple firing rule can be implemented by using Hamming distance technique. The rule goes as follows: Take a collection of training patterns for a node, some of which cause it to fire (the 1-taught set of patterns) and others which prevent it from doing so (the 0-taught set). Then the patterns not in the collection cause the node to fire if, on comparison, they have more input elements in common with the 'nearest' pattern in the 1-taught set than with the 'nearest' pattern in the 0-taught set. If there is a tie, then the pattern remains in the undefined state. 

For example, a 3-input neuron is taught to output 1 when the input (X1, X2 and X3) is 111 or 101 and to output 0 when the input is 000 or 001. Then, before applying the firing rule, the truth table is; 

	X1: 
	
	0 
	0 
	0 
	0 
	1 
	1 
	1 
	1 

	X2: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 

	X3: 
	
	0 
	1 
	0 
	1 
	0 
	1 
	0 
	1 

	
	
	
	
	
	
	
	
	
	

	OUT: 
	
	0 
	0 
	0/1 
	0/1 
	0/1 
	1 
	0/1 
	1 


As an example of the way the firing rule is applied, take the pattern 010. It differs from 000 in 1 element, from 001 in 2 elements, from 101 in 3 elements and from 111 in 2 elements. Therefore, the 'nearest' pattern is 000, which belongs, in the 0-taught set. Thus the firing rule requires that the neuron should not fire when the input is 001. On the other hand, 011 is equally distant from two taught patterns that have different outputs and thus the output stays undefined (0/1). 

By applying the firing in every column the following truth table is obtained; 

	X1: 
	
	0 
	0 
	0 
	0 
	1 
	1 
	1 
	1 

	X2: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 

	X3: 
	
	0 
	1 
	0 
	1 
	0 
	1 
	0 
	1 

	
	
	
	
	
	
	
	
	
	

	OUT: 
	
	0 
	0 
	0 
	0/1 
	0/1 
	1 
	1 
	1 


The difference between the two truth tables is called the generalization of the neuron. Therefore the firing rule gives the neuron a sense of similarity and enables it to respond 'sensibly' to patterns not seen during training. 

II.IV  Complicated Neuron

The previous neuron doesn't do anything that conventional computers don't do already. A more sophisticated neuron is the McCulloch and Pitts model (MCP). The difference from the previous model is that the inputs are ‘weighted’; the effect that each input has at decision-making is dependent on the weight of the particular input. The weight of an input is a number which when multiplied with the input gives the weighted input. These weighted inputs are then added together and if they exceed a pre-set threshold value, the neuron fires. In any other case the neuron does not fire. 
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An MCP neuron

The neuron fires if and only if   X1W1 + X2W2 + X3W3 + ... > T 

The addition of input weights and of the threshold makes this neuron a very flexible and powerful one. The MCP neuron has the ability to adapt to a particular situation by changing its weights and/or threshold. Various algorithms exist that cause the neuron to 'adapt'; the most used ones are the Delta rule and the back error propagation. The former is used in feed-forward networks and the latter in feedback networks. 

III. ARCHITECTURE

Artificial neural networks typically consist of many hundreds of simple processing units, which are wired, together in a complex communication network. Each unit or node is a simplified model of a real neuron which fires (sends off a new signal) if it receives a sufficiently strong input signal from the other nodes to which it is connected. The strength of these connections may be varied in order for the network to perform different tasks corresponding to different patterns of node firing activity. Two types of such network have been considered in this module - the Hopfield network and the Perceptron network. The former can model the memory recall process in the brain, the latter can perform simple pattern recognition tasks.

III.I  Feed-Forward Networks

Feed-forward ANNs allow signals to travel one way only; 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 tend to be straightforward networks that associate inputs with outputs. They are extensively used in pattern recognition. This type of organization is also referred to as bottom-up or top-down.
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An example of a simple feed-forward network

III.II  Feed-Back Networks

Feedback networks can have signals traveling in both directions by introducing loops in the network. Feedback networks are very powerful and can get extremely complicated. Feedback networks are dynamic; their 'state' is changing continuously until they reach an equilibrium point. They remain at the equilibrium point until the input changes and a new equilibrium needs to be found. Feedback architectures are also referred to as interactive or recurrent, although the latter term is often used to denote feedback connections in single-layer organizations.
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An example of a complicated feedback network 

III.III  Layers

The commonest type of artificial neural network consists of three groups, or layers, of units: a layer of "input" units is connected to a layer of "hidden" units, which is connected to a layer of "output" units. 
The activity of the input units represents the raw information that is fed into the network. The activity of each hidden unit is determined by the activities of the input units and the weights on the connections between the input and the hidden units. The behavior of the output units depends on the activity of the hidden units and the weights between the hidden and output units.

            III.IV  Properties

Neural networks, with their remarkable ability to derive meaning from complicated or imprecise data, can be used to extract patterns and detect trends that are too complex to be noticed by either humans or other computer techniques. A trained neural network can be thought of as an "expert" in the category of information it has been given to analyze.

Adaptive learning: An ability to learn how to do tasks based on the data given for training or initial experience. 

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

Real Time Operation: ANN computations may be carried out in parallel, and special hardware devices are being designed and manufactured which take advantage of this capability. 

Fault Tolerance: Partial destruction of a network leads to the corresponding degradation of performance. However, some network capabilities may be retained even with major network damage. 

IV. LEARNING

Artificial neural networks typically start out with randomized weights for all their neurons. This means that they don't "know" anything and must be trained to solve the particular problem for which they are intended. One can divide the learning procedures of most learning systems, including artificial neural networks, into supervised or unsupervised learning. In the case of supervised learning, a set of training samples is used. When no 'book of answers' is present, training is unsupervised.
IV.I  Supervised Learning

A back-propagation ANN, conversely, is trained by humans to perform specific tasks. During the training period, the teacher evaluates whether the ANN's output is correct. If it's correct, the neural weightings that produced that output are reinforced; if the output is incorrect, those weightings responsible are diminished. This type is most often used for cognitive research and for problem-solving applications. 

IV.II  Unsupervised Learning

A self-organizing ANN (often called a Kohonen after its inventor) is exposed to large amounts of data and tends to discover patterns and relationships in that data. Researchers often use this type to analyze experimental data. 

IV.III  The Back-Propagation Algorithm

In order to train a neural network to perform some task, we must adjust the weights of each unit in such a way that the error between the desired output and the actual output is reduced. This process requires that the neural network compute the error derivative of the weights (EW). In other words, it must calculate how the error changes as each weight is increased or decreased slightly. The back propagation algorithm is the most widely used method for determining the EW.

The back-propagation algorithm is easiest to understand if all the units in the network are linear. The algorithm computes each EW by first computing the EA, the rate at which the error changes as the activity level of a unit is changed. For output units, the EA is simply the difference between the actual and the desired output. To compute the EA for a hidden unit in the layer just before the output layer, we first identify all the weights between that hidden unit and the output units to which it is connected. We then multiply those weights by the EAs of those output units and add the products. This sum equals the EA for the chosen hidden unit. After calculating all the EAs in the hidden layer just before the output layer, we can compute in like fashion the EAs for other layers, moving from layer to layer in a direction opposite to the way activities propagate through the network. This is what gives back propagation its name. Once the EA has been computed for a unit, it is straightforward to compute the EW for each incoming connection of the unit. The EW is the product of the EA and the activity through the incoming connection.

V. APPLICATION

ANN are also used in the following specific paradigms: recognition of speakers in communications; diagnosis of hepatitis; recovery of telecommunications from faulty software; interpretation of multimeaning words; undersea mine detection; texture analysis; three-dimensional object recognition; hand-written word recognition; and facial recognition. 

V.I  Detection of Medical Phenomena 

A variety of health-related indices (e.g., a combination of heart rate, levels of various substances in the blood, respiration rate) can be monitored. The onset of a particular medical condition could be associated with a very complex (e.g., nonlinear and interactive) combination of changes on a subset of the variables being monitored. Neural networks have been used to recognize this predictive pattern so that the appropriate treatment can be prescribed. Neural networks are ideal in recognizing diseases using scans since there is no need to provide a specific algorithm on how to identify the disease. Neural networks learn by example so the details of how to recognize the disease are not needed. What is needed is a set of examples that are representative of all the variations of the disease.

V.II Stock Market Prediction

Fluctuations of stock prices and stock indices are another example of a complex, multidimensional, but in some circumstances at least partially deterministic phenomenon. Neural networks are being used by many technical analysts to make predictions about stock prices based upon a large number of factors such as past performance of other stocks and various economic indicators. 
V.III  Credit Assignment 

A variety of pieces of information are usually known about an applicant for a loan. For instance, the applicant's age, education, occupation, and many other facts may be available. After training a neural network on historical data, neural network analysis can identify the most relevant characteristics and use those to classify applicants as good or bad credit risks. 

V.IV  Monitoring the Condition of Machinery 

Neural networks can be instrumental in cutting costs by bringing additional expertise to scheduling the preventive maintenance of machines. A neural network can be trained to distinguish between the sounds a machine makes when it is running normally ("false alarms") versus when it is on the verge of a problem. After this training period, the expertise of the network can be used to warn a technician of an upcoming breakdown, before it occurs and causes costly unforeseen "downtime." 

V.V  Engine Management

Neural networks have been used to analyze the input of sensors from an engine. The neural network controls the various parameters within which the engine functions, in order to achieve a particular goal, such as minimizing fuel consumption.

V.VI  Language Processing

Language processing encompasses a wide variety of applications.  These applications include text-to-speech conversion, auditory input for machines, automatic language translation, secure voice keyed locks, automatic transcription, aids for the deaf, aids for the physically disabled, which respond to voice commands, and natural language processing. Many companies and universities are researching how a computer, via ANNs, could be programmed to respond to spoken commands.  The potential economic rewards are a proverbial gold mine.  If this capability could be shrunk to a chip, that chip could become part of almost any electronic device sold today.  Literally hundreds of millions of these chips could be sold. This magic-like capability needs to be able to understand the 50,000 most commonly spoken words.  Currently, according to the academic journals, most of the hearing-capable neural networks are trained to only one talker.  These one-talker, isolated-word recognizers can recognize a few hundred words.  Within the context of speech, with pauses between each word, they can recognize up to 20,000 words. Some researchers are touting even greater capabilities, but due to the potential reward the true progress, and methods involved, are being closely held.  The most highly touted, and demonstrated, speech-parsing system comes from the Apple Corporation.  This network, according to an April 1992 Wall Street Journal article, can recognize most any person's speech through a limited vocabulary.  

V.VII  Pattern Recognition 

An important application of neural networks is pattern recognition. Pattern recognition can be implemented by using a feed-forward neural network that has been trained accordingly. During training, the network is trained to associate outputs with input patterns. When the network is used, it identifies the input pattern and tries to output the associated output pattern. The power of neural networks comes to life when a pattern that has no output associated with it, is given as an input. In this case, the network gives the output that corresponds to a taught input pattern that is least different from the given pattern. 
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For example: 
The network of figure 1 is trained to recognize the patterns T and H. The associated patterns are all black and all white respectively as shown below. 
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If we represent black squares with 0 and white squares with 1 then the truth tables for the 3 neurons after generalization are; 

	X11: 
	
	0 
	0 
	0 
	0 
	1 
	1 
	1 
	1 

	X12: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 

	X13: 
	
	0 
	1 
	0 
	1 
	0 
	1 
	0 
	1 

	
	
	
	
	
	
	
	
	
	

	OUT: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 


Top neuron 

	X21: 
	
	0 
	0 
	0 
	0 
	1 
	1 
	1 
	1 

	X22: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 

	X23: 
	
	0 
	1 
	0 
	1 
	0 
	1 
	0 
	1 

	
	
	
	
	
	
	
	
	
	

	OUT: 
	
	1 
	0/1 
	1 
	0/1 
	0/1 
	0 
	0/1 
	0 


Middle neuron 

	X21: 
	
	0 
	0 
	0 
	0 
	1 
	1 
	1 
	1 

	X22: 
	
	0 
	0 
	1 
	1 
	0 
	0 
	1 
	1 

	X23: 
	
	0 
	1 
	0 
	1 
	0 
	1 
	0 
	1 

	
	
	
	
	
	
	
	
	
	

	OUT: 
	
	1 
	0 
	1 
	1 
	0 
	0 
	1 
	0 


Bottom neuron 
 From the tables it can be seen the following associations can be extracted:
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In this case, it is obvious that the output should be all blacks since the input pattern is almost the same as the 'T' pattern.

[image: image9.jpg]INPUT ouTPUT




Here also, it is obvious that the output should be all whites since the input pattern is almost the same as the 'H' pattern.
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Here, the top row is 2 errors away from T and 3 from H. So the top output is black. The middle row is 1 error away from both T and H so the output is random. The bottom row is 1 error away from T and 2 away from H. Therefore the output is black. The total output of the network is still in favor of the T shape.

CONCLUSION 

The computing world has a lot to gain from neural networks. Their ability to learn by example makes them very flexible and powerful. Furthermore there is no need to devise an algorithm in order to perform a specific task; i.e. there is no need to understand the internal mechanisms of that task. They are also very well suited for real time systems because of their fast response and computational times, which are due to their parallel architecture. 

Neural networks also contribute to other areas of research such as neurology and psychology. They are regularly used to model parts of living organisms and to investigate the internal mechanisms of the brain.

Perhaps the most exciting aspect of neural networks is the possibility that some day 'conscious' networks might be produced. There is a number of scientists arguing that consciousness is a 'mechanical' property and that 'conscious' neural networks are a realistic possibility.

Finally, I would like to state that even though neural networks have a huge potential we will only get the best of them when they are integrated with computing, AI, fuzzy logic and related subjects.
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