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1. Introduction to Neural networks

Neural networks are an approach to computing that is very different than normal computing. A neural network is not strictly an alternative to the common computing systems used today.  Neural networks can do many tasks better than a standard computer can do, with more flexibility.

Neural networks can:

· Detect patterns
· Recognize objects
· Make business predictions from economic data
· Filter out noise in analog signals

A Neural network is a computer architecture based on the architecture and functioning of one of the most complex organs of the human body, the brain [16]. By building a computer architecture based on our own biological architecture, we can better understand the core functions of our brains. Even better, we can exploit the design’s advantages for a variety of applications. 
With this design based on the brain, we are able to do things with computers which would have been very difficult with our normal computer based off the Von Neumann architecture. But what is the difference between neural networks and Von Neumann Architectures? Standard desktops, laptops, and PDAs use Von Nuemann architectures. Von Neumann design uses a single processor to handle many different complex instructions (add, subtract, move, shift, etc).  Von Neumann machines do these instructions sequentially. The speed of a Von Neumann machine typically is measured by how many instructions it can do per second2. Consider a simple program written in Java.  Approximately every line in the code is a separate command, which is done top-to-bottom, one instruction at a time. This is a great method when following a step by step process. Since almost everything can be written down in a list of steps, the serial computer has become top dog in today’s world.
But some step by step processes are exceedingly complex. Suppose you feel poorly one morning? Should you go to work, or call in sick? In deciding, you weigh several unrelated factors. Are you seriously ill, or do you only have a cold? Are you working on an important project? Do you have something critical needed by other employees to do their jobs? If you wrote this in code, you could have a very complicated job. That is because each of the factors you consider in making your decision differs substantially from each other. This would require a large if/else structured decision tree. The tree would need many branches to handle every possible variable. Using this if/else tree approach, we would need to write a condition which will deal with every factor we can think of. The real world has many unexpected outcomes, however, which can be handled better using neural networks1.
Neural networks use many simple processors, which, individually, can only do one kind of operation, such as a summation, on a range of weighted inputs. The weights (values that modify the input) of these inputs are the decision makers within a neural network. You must have the right weights to produce the correct output. Later in this paper, I will explain how the use of weights allows a neural network to “learn” in a way that the standard Von Neumann architecture cannot.

Neural networks do not use a top-to-bottom approach, but can vary in output due to these changes in weights. With this ability to change weights, neural networks can drastically change their output, and therefore deal with unexpected details. This ability, for instance, is used in ADALINE  neural networks (explained under 2.2), which filter unexpected noise from long distance phone calls [1].

Since neural networks do not work sequentially, there is no typical programming involved with neural networks. To make a neural network achieve a wanted output, it must be assembled, processor, by processor, and governed by something called a learning law [25]. Learning laws will be covered in the learning section of this paper. 

The speed of neural network computers is not measured in the same way as serial computers. A measurement of a neural network is done by how many weights between processors can be changed in a second [1]. This speed depends on how fast a neural network can “learn,” or approach a correct answer [17].
This technology is so exciting because of its potential. Who would have decided to base a computer technology off neurology findings of the brain? Neural networks sound like something out of an evil scientist’s laboratory!
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2. Background: Electronics = Brain?

In the late 1890s, physiologist Willam James wrote a book called Psychology (briefer course) [1]. In a section of his book, James described how two basic independent neurons, if active at the same time, or in succession, are likely to influence each other [
].  Neural networks use this clue from nature. Their processors, neurons, are designed to be affected by other processors, in the network. To understand this, take a closer look at the neural network architecture was based on; the brain.
2.1 Neurology 101

The brain and nervous system are made of billions of cells called neurons. Each neuron has a cell body, like any other cell. But neurons also have two different root-like structures used to pass signals. One of those structures is the dendrite. Dendrites are where the input comes into the cell. They determine how much of a passed signal will reach the body of the cell. The other root-like structure coming out of the cell is called the axon. The axon acts as the output to other neurons or cells3. It passes on the signal. 
[image: image1.png]Dendrites

Nucleus

Real Neuron
structure

Synapse

Artificial Neuron





Fig 1. (Left) Neuron anatomy.
 (Right) an artificial neuron.

The Axon is used only when the Dendrites get enough activity to pass a certain threshold level. If that input passes the threshold level, the cell then can change how much of a signal to send out its axons, which are past to the next cell’s dendrites. 
Neural networks use these basic cells and their relationships as a basis for their design. The simple processors act as neurons do. Weighted inputs act as dendrites, and the processor’s output like an axon. 
Any decision is based on a weighted input which is computed within the processor. Then output becomes a new input to be used in other processors. 
While neural networks resemble our biological brain, they use far fewer processors. The typical biological neuron has tens of thousands of connections, which are next to impossible to build artificially. Neurons in the brain can be specialized, performing over 150 different functions that we know of. Neural networks only simulate one to ten of those functions. Neural networks also don’t incorporate another dimension of brain function, the many chemical influences on the brain. Chemicals pass information in the brain, but not in neural networks (at least, not yet). Neural networks only simulate the brain’s electrical processes through the axon and dendrites. 
Neural networks have the potential to become a great tool. We have made exceptional strides in he neural network field and already made some exceptional applications! Let’s take a look at what the neural network field has currently accomplished.
2.2 History of Neural Networks

We, as self aware beings, have always wondered how we work. Through the centuries, human beings have studied the human body. We have learned that many processes in the body are controlled within the brain and the nervous system.
Conception of the Idea
In 1943 mathematician Walter Pitts, and  neuroscientist Warren McCulloch wrote a paper trying to bring neurology and computational theory together. Their goal was to mathematically describe the known behaviors of neurons. In Pitts & McCulloch’s paper they made a basic processor called a MCP neuron. We now call this a threshold logic unit. Pitts & McCulloch made a simple network of these MCP neurons to demonstrate basic logic through these devices
. Given that serial computing did not get its feet on the ground until the 1950’s. This was an exceptional achievement.
Birth of Neural Networks
But as Pitts & McCulloch’s achievement was quite important, the relationship between neurology and electronics was overshadowed by the birth of serial computing. It wasn’t till the summer of 1956 that neural networks were truly born
. In that summer, a research project was started at Dartmouth University on Artificial Intelligence [4]. Within this project, groups of researchers broke up and worked in two directions;  software AI, and neural networks. Some of the research projects were:

· Creating a program to create original methods to solving problems
· Making a machine that can self improve
· Building a neural network where neurons were “arranged so as to form concepts.”
 
The following year, John Von Neumann wrote a segment of his book (the Computer and the Brain) about using simple neuron abilities in computer science [5]. 
Growth
The Perceptron was the first neural network, built in 1957 by Frank Rosenblatt. The Perceptron was a multi-layer neural network which was used to identify patterns [17]. This was a huge achievement, and created a lot of interest. The Perceptron architecture was used in a variety of ways, like character identification, or classification of input. The Perceptron is still used for basic functions, like character identification [17].
Later that same year, Bernard Widrow and Marcian Hoff built the ADALINE neural network. ADALINE, standing for Adaptive Linear Elements, was a device which could predict the next bit in a stream of bits moving through a phone cable. This network evolved into the MADALINE (Multiple ADALINEs) which was used to cancel echoes in long distance phone calls7. MADALINE technology is still used today to cancel the echo in phone systems [8].
Starting in 1967 a class of neural networks was created by Stephen Grossberg at Boston University. Known as Avalanche, it could interpret a constant stream of speech, rather than individual words. This class of neural network was also used to teach “motor commands to robotic arms.”[1] (The Avalanche model will be covered later)

Fading Interest
With hype of neural network abilities growing, the neural network community was starting to become oversold. Those who understood the field were skeptical of promises being made of neural network potential. These skeptics were seeing that many of the promises of the Perceptron’s abilities were not being met (like image recognition) [1]. Funding was cut for many projects due to this growing skepticism. One of these critical papers was by Marvin Minsky and Seymour Papert. In their paper, Perceptrons, they identified limitations of the Perceptron model, and stated that it could not solve any “interesting problems” [1] (The Perceptron was unable to solve a binary exclusive or logic statement). 
Also, some were threatened by the idea of a sentient computer (machines able to function without support). With the mixture of this fear of self-controlling computers, and the critical view of the technology, neural networks faded from view until 1982 [1]. 
Renewed Interest
Between 1969, and the 1980’s there was little interest in neural networks besides a few schools in the United States, and in Japan. It wasn’t until 1982 when John Hopfield revived the neural network. Looking at neural networks as a pragmatist, Hopfield started describing constructive uses of neural networks. Hopfield saw how most of the neural network architectures were more focused on modeling the brain than for actual uses [1]. Presenting a paper to the National Academy of Sciences, Hopfield described his feelings about practicality, and how one of his models could rebuild or predict whole sets of data from fragments. This new model’s practical ability rekindled the military’s interest in neural networks.  The military was interested in self controlled vehicles [1]. 

With interest rising, a group called the International Neural Network Society (INNS) was created with the help of the IEEE, and DARPA [1]. By 1989, INNS had over 3,000 members [1]. INNS is a group dedicated to the implementations of neural networks, and other neurology based systems
. In one of their conferences, there was an hour long concert of music made by neural networks [1].

In 1990, the Department of Defense (DOD) started the Small Business Innovation Research Program, which had a number of projects which suggested neural network approaches to problems, such as financial forecasting [7]. Since that time, neural network research has exploded into the business realm, with the creation of Optical Character Recognition (OCR), voice to text, and many other applications. More than 80% of fortune 500 companies are have research teams working on neural network technologies
.

2.3 Current Research / Applications

After this revival, research is focusing on both application of neural networks, and brain simulation to further neurology and the capabilities of neural networks. A field called connectionism focuses more on the ability simulate the brain.   

Connectionist research

Connectionist research is used to find new was of simulating the human brains functions. This research is always looking at neurology findings, and trying to apply them in new ways to neural networks. Examining the science of neural networks, Steve Donaldson has developed a network model which will simulate high-level cognitive behaviors. This is done using three different subsystems; “predictive learning, sequence interleaving, and new sequence creation.”
 What this means is that Donaldson’s model keeps generalized memories of a learned process which it can recall and use in a variety of ways. An example of this ability in humans is the process of baking a cake. You know what is needed to bake the cake, but you can mix the ingredients in different ways, and still get the same delicious outcome!

But how are these new applications being used?  As it was stated, over half the fortune 500 companies now have neural network R&D programs, so they must be something to apply!

Neural Network Applications

Today, neural network researchers are very focused on mathematical methods of describing learning processes, called learning algorithms. This is important research because currently, “the time spent on calculating weights is much longer than the time required running a finalized neural network.”
 This means that training a neural network (manually setting the weights of inputs) takes more time than day to day use of the network. The training requires a set of data developed by the researcher, and run numerous times before the neural network can accurately produce the wanted output for a specific input. All of this time spent developing training methods is a waste if the network could train itself. The goal of this branch of research is to create an autonomous learning algorithm [9]. With a totally autonomous network, a neural network would be able to determine what input is trivial.  With an autonomous network,  learning can be done without training. (Training will be discussed later in the learning section of the paper.) 

Adaptive Resonance Theory (ART) is a learning method, developed by Stephen Grossberg and Gail Carpenter, which is trying to meet this autonomous learning goal. The Grossberg & Carpenter models use a learning method called match-based learning
. This method can “automatically categorize input patterns, reorganize categories, and recall patters rapidly” [1].

 One of the ART models is being used to extract information from aerial photos of urban areas like population density, traffic congestion, etc
.  This is done by categorizing buildings, approximating the buildings number of residence [11]. 
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Fig 3 Photos of Bangkok urban area used in the ART Neural network [11]

Also using Adaptive Resonance Theory, Professor Albert Titus, of the University of Buffalo, is working on integrating a neural network to help decode the information recorded through an artificial eye. Using an ART model, Titus is using the neural network to automatically classify "seen” objects
. Using the ART model, Titus’s neural network will be able to categorize objects with out training. This dynamic change within memory without a supervisor is a great achievement. 

Hardware applications

Due to the exponential growth in serial processor speed, hardware neural networks became a dwindling field, and simulated neural networks on serial processors became far more economical. This mainly due to the massive number of interconnections needed to connect processors. But this did not stop the progress in the field. Companies like Sensory Inc. developed specialized hardware neural networks to solve very specific applications. 

Sensory Inc developed a chip that could do voice recognition. Their chip, which is very cheap, is being applied in cell phones, and palm pilots
.  They are able to give each miniature neural network a rather large dictionary of words to recognize. Their chips are being used in security systems for voice recognized passwords [13]. 

Another method for saving money when building a neural network is to reduce the amount paid for the interconnection between these processors/artificial neurons. One of these methods is optical data transfer. This means that data is transferred by light. This method “generates less heat, and may eventually operate at speeds up to 1,000 times faster than electronic approaches.”[1] Dana Anderson of University of Colorado has used this method to build an associative memory system. Given a section of a pattern, it will output the entire input[1]. (Associative memory will be discussed later.)

Wetware Neural Networks

Wetware is an application of neurology.  Wetware neural networks use biological cells or biological material to as the processing units. Biochips are silicon chips which are attached to a mass of actual neurons. These neurons will automatically rearrange themselves to form a neural network which can be influenced by the probes in the silicon chip connected to the neurons. Biochips are used to develop more mathematical learning methods by recording the transfer of electric signals between neurons when specific inputs excite the neural network [1]. 

The first chip of this technology has been developed by a company called Infineon. Their chip, called the Neurochip, “is developed for neurobiologists to analyze interactions among different area of the brain.”
  By placing neural cells individually on a chip, the cells connect into a network.  The Neurochip is used to then interpret up to 400 different gene reactions to a substance [14]. 
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Fig 4, a Neurochip. Neurochips are only 2 cm squared. 

Another method of wetware uses proteins and enzymes to pass information between processors. Using artificial cellular membranes to separate artificially created DNA, enzymes are passed between these strands of DNA, which then create different enzymes which pass more information. Sensors read the levels of specific molecules produced by the neurons as output [14].   

Neural Networks: the future?

With exciting fields like connectionism, and useful applications like the Neurochip, it’s easy to understand why the neural networks are growing field.  Many forecast that neural networks will stall again like they did in the sixties [15]. One of those many skeptics is Asim Roy.  Roy states many problems with the connectionism research in his paper Artificial Neural Networks – a Science in Trouble. 

Roy points out that “[connectionist neural networks] have absolutely no provision for learning from stored information, something that humans do all the time.”
 But Roy is not abandoning the neural network field, just reviewing current algorithms.  New research is working to compensate for these missed items in current Connectionist theories and algorithms. 
3. Inner Workings of Neural Networks

With a background of what Neural Networks can do, and how they progressed to the point they are now we can now look at how the individual components work. We will be looking at actual artificial neurons, some of the different network architectures, and learning algorithms.  Then we will begin to get a general idea of how neural networks can be applied.

3.1 Components of a Neural Network
The brain is made of billons of individual neurons.  Neural networks are made of individual neurons, or processors, also, but not as many!  But how do these individual neurons work? How do they work together to compute the right answer?

The Neural Network Neuron

A neural network neuron is very much like a real neuron. An artificial neuron has inputs (dendrites), a processor (cell nucleus), and a single output (axon). A mathematical mechanism called a weight simulates a dendrite’s ability to vary input values by multiplying the input by some variable. This weight is changed by a learning algorithm that determines the values for all input weights in the whole network. Once the signals reach the processor, a threshold function processes whether it should output its own signal to the next neuron processor, or contain the signal. 

While there are a variety of threshold functions that neuron processors can have, the most basic, and most often used is the summation: 
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Fig 5. A basic summation neuron.

These summation neurons can be used for functions like activation of another process or notification of problems.  The other two basic mathematical functions processed in neurons are transfer functions, which use nonlinear functions, and ramping functions [1]. 

Transfer functions are nonlinear equations used in the same ways as summation functions. These functions are used for categorizing input, finding features [1].

 Ramping functions are a hybrid between basic summation and transfer functions. For some range of input values, a neuron with ramping will output like it was running a summation. But if input was above that range, a different function would determine that neurons output [1]. These are just a few of a variety of possible neurons and their functions used in today’s neural networks. 

3.2 Neural Network Architectures 

Now understanding how the individual neuron works, we need to understand how the interconnections produce useful output. The most basic neural network architecture is a single layer neural network. This type of network has a number of neurons which share inputs, and their outputs form the whole network’s output. 

Perceptron Architecture

Frank Rosenblatt’s Perceptron is a single layer neural network able to solve basic binary operations, such as OR or AND
. But single layer neural networks cannot do more complex operations like an exclusive or (XOR). These kinds of operations can be done by adding layers. Multiple layer networks are made by leading the outputs of one layer into the inputs of the next layer, allowing for more complexity.  
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Fig 6, architecture of a XOR Neural Network [1].

A neural network for solving a simple XOR problem needs three layers. The first two neurons would be used to solve for the possibilities, XOR(1,0) = 0,  XOR(0,1) = 0, and the second layer would solve for XOR(1,1) = 0 possibility. The final layer would consist of one neuron to summarize the data into one Boolean output. This is an extremely simple neural network, but it shows what can be done with layered neural networks.

Hopfield Architecture
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Hopfield neural networks are unique due to both their abilities, and their fully connected architecture. With every neuron within the network connected to every other neuron, Hopfield neural networks are considered one layer networks
. 

These networks are used mainly for their convergence to a steady output from all neurons, as continuous input is given to the network. This ability has been applied to some interesting problems:  

· solving traveling salesman problems

· categorizing differences in given visual images, very useful in homeland security surveillance applications

· associative memory problems. 

What is associative memory?

3.3 Associative memory

Associative memory is a storage method that can retrieve information from memory by connections to other known memories (stored information), or by giving part of that information
. This method is based on the human brain’s ability to recall specific memories after being given related information. If I remind you of the word neurochip, your brain looks for that name, and finds (or should find) the associated memory of, say, a neural network used in testing the effects of new drugs (which was discussed earlier in the paper, if you were paying attention!). 

A neural network can simulate associative memory by using the connection features of neural networks. As a neural network gets a small portion of information needed to retrieve a whole set of data, the neurons that would contain the known information are set to their representative values in the neural network. This makes the neurons holding the unknown data fluctuate until the values stabilize.  Just when those values stabilize is determined by the weights between neurons. Once those neurons reach a stable/constant output, the network has converged upon the whole set of wanted data/information. 

Associative memory includes two functions, (1) storing information/memories, and (2) retrieving information/memories from associations or pieces of a wanted memory.  

To store a specific value a neural network must set the values for the wanted memory to the neurons in the network. Then a neural network must modify the weights of the outputs so that it will converge on that specific value when given some part of the information [18]. These weights must be considered carefully, because the same weights determine the values for other memories. 

Geoffrey E. Hinton developed a mathematical model for modifying the weights using linear algebra. Hinton found that with his model, a neural network that has n neurons and n2 connections will store n different associations within the neural network [18]. This means that as neurons are added to a neural network, the neural network can remember more things. 

To retrieve a memory, the network must have some of its neuron’s output values set to the memory requested. This is done so that the rest of the neurons will adjust themselves to the these output neuron’s values. Once all the neurons in the network converge on a steady output, the values of the neurons are gathered as the output of the network. 

But there is a slight problem with associative memory. As the number of associations within a neural network increases, errors become more likely. These errors are called cross-talk [18]. Cross-talk refers to the cross between two or more memories when an input value is entered. With an increase of memories, the input values become distinguished by fewer and fewer inputs, which makes it harder for a neural network to define a single input. This can cause the network to modify two remembered inputs into one remembered input, which is a combination of both patterns.  Imagine having two cars. Both are red, have cloth tops, but one is a jeep, and the other a convertible. Just stating a red cloth top does not define a specific car. 

This kind of problem leads to the network modifying two remembered inputs into one remembered input that is a combination of both patterns.  Here are two binary sets to be put into a neural network:

+++++++++++++++--------------------------------

-------------------------+++++++++++++++++++

+++++++++++++++++++++++++++++++++++

++++++-++++++++++++++++++++++++++--+

Members of the first pair are easily distinguished from the other, and will affect different neurons in a neural network. The bottom set however will be harder to define differences due to the number of  similar neurons affected in both input sets. The neural network might create an invalid memory which combines the inputs, creating:

++++++-++++++++++++++++++++++++++++

To correctly use this neural network system, we need a method of setting these neuron weights. The methods for changing weights within a neural network are called learning laws, which we will be discussing in the next section.

3.4 Learning Techniques

Neural network learning is a very exciting field, because of how little we know of how the process actually works. 

Two of the general approaches to learning are supervised training and unsupervised training. A supervised neural network requires specific patterns of input to “teach” what the wanted output is. These training exercises are done till the neural network can take non-training input, and output the correct response [17]. Every training example used on a supervised neural network allows for the weights to be adjusted due to learning rules, minimizing the error. Unsupervised learning does not rely on any kind of training input which has a target output. An unsupervised neural network has the ability to “decide what features it will use to group the input data” [7].  Giving the neural network this much power to categorize data on its own seems very unstable, but with data that is easily distinguishable, like demographics of urban areas vs small towns, an unsupervised neural networks can function very well.
I like to imagine supervised neural networks as a bunch of individual elementary students being directed by a teacher. Each neuron is a squirmy first grader who can only handle a simple task. When approached with a task with which it is unfamiliar, that first grade neuron will collapse to useless output.  Supervised networks must have a supervisor (the teacher) who must decide which neurons need improvement. This decision is based on a learning standard, or law (described below).
Now imagine an unsupervised neural network as another group of college students (the neurons in this example again) in a math study session. Few have actually studied for the homework (as usual), but all have the background that would support the information being learned. One student gives the most logical method to an answer for an unknown question on the homework.  That student adjusts the understanding of all student/neurons. Its influence grows when the group faces new unknown questions. The method of the learning was listening for the most logical answer. This is an example of an anti-competitive unsupervised neural network (see competitive networks). 
But for both supervised and unsupervised learning methods of interpreting data, there needs to be a procedure for changing the weights that do the actual learning for the neural network. These methods of changing weights are called learning laws.

3.4.1 Learning Laws

Learning laws are the algorithms used to determine weights on neuron inputs after learning has occurred. Learning laws are mainly used to minimize the error between the neural network’s actual output, and the desired output
. A learning law could  be as simple as this:  the trainer thinks a weight needs to be changed.  Or, it could be an algorithm which decides what a weight should be, and which neuron should get a weight. Some of the learning laws in neural networks today are Hebb’s rule, Kohonen’s law, and the Delta rule.

Hebb’s Rule: Hebb’s rule is based on Donald O. Hebb’s neurology findings. It states that as the use of a connection of neurons is repeated, the weight of that connection should be increased. Also, as time passes without use of that connection, the weight should be decreased
. This is done by providing a function which takes the amount of time since the previous connection between neurons, and then outputs the actual output of the connection as well as the previous value of the weight to calculate the new value to be passed to the receiving neuron [20]. 

Hebb’s rule creates common paths through neural networks from input to output. It states that as two neurons transfer data, and both produce output (both fire) then  the weight between their connections should strengthen.  Stronger connections allow more transactions between those neuron/processors. [20]. Hebb’s rule is mainly used in unsupervised neural networks, but does have some drawbacks when let loose with random input. The drawback to Hebb’s rule is that there are no limits to the increase to a weights value [20]. This problem leads to paths that are too strong to allow for new learning. Imagine having the same input given repeatedly. That would make it almost impossible use any other path through the network. As the saying goes, you can’t teach an old dog new tricks!
Kohonen’s Law: Developed by Teuvo Kohonen, Kohonen’s law determines what weights to change by looking for the highest output from a neuron. Once that neuron is found, it can influence the weights around itself by either inhibiting the weights of other paths through the neural network, or by strengthening the weights on its own path through the neural network
, allowing for more activity. Kohonen’s law is mainly used on networks which have been implemented in competitive networks, which are organized in clusters. Kohonen’s law can also be implemented in cooperative neural networks to choose which neural network gets to change its weights. (Cooperative neural networks will be discussed later).
Kohonen’s law is used in his self-organizing maps (SOM) neural networks. SOM’s will link specific features found in the input to each other to find a meaning. The first use of a SOM was to transfer spoken words to written text. Recognizing key phonics within speech, it was able to write the proper word [
]. 

Delta Rule: The delta rule is the most basic, and universal learning law used today in neural networks. The delta rule is a supervised method which subtracts the amount of error created by the weight when the neuron’s output is wrong. This method is known for its implementation in the learning method called back-error propagation. 
Back-error propagation is implemented in layered networks and uses the delta rule to change the weights of both output neurons and the hidden layers. A back-error propagation network takes the input, as well as the desired output, computes its own output, and compares it to the desired output. After this comparison, each layer, starting from the output layer, modifies its weights with the delta rule to change its output [17]. 

Avalanche Rule: a signal propagation method, Avalanche tries to incorporate as many neurons as possible.  The avalanche Rule states: “When neuron fires an action potential [input], a spike is evoked in each of its n postsynaptic target neurons with probability p” [
]. This means that as a neuron gets input, it will excite the next neuron by the value input itself multiplied by the number of previously excited neurons. Depending on the value being passed, the input can be exploded when the input is greater than 1, or can stifle the input when the input is less than one. 
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Fig 8. (a) Describes the propagation of an input, and its value. (b) Shows the growth of number of effected neurons (cells) within the neural network. (c) Length of a string of neurons effected by inputs above, or below 1.  (d) Activity when more than 10 neurons on the same layer are activated
.

But there are always new learning laws being developed. Most of the new laws in development are unsupervised learning laws. These new learning laws take four different factors into account: (1) real-time processing, (2) non-linear processing, (3) stimulus sampling, and (4) spatial pattern learning and synchronization
.

· The neural network field has found that supervised learning to be too limiting for more complex problems. These models just do not have flexibility for unknowns. Real-time processing, a type of unsupervised learning, is the ability to change the learned weights while processing data. Through this process, unknowns can be approached, and exceeded without a trainer to walk the network through dealing with the new type of input [25]. But we need to remember that a neural network that uses this real time processing can only deal with a small variety of unknowns. We cannot expect a neural network trained to sort mail to be able to learn how to translate the bible to Ebonics.

· Non-linear processing is an exceptional change in the early neural network architectures. Originally, neural networks dealt with individual steps of dealing with a problem. An example would be first looking at one feature, then moving to find another feature. The linear process made it easier to follow the learning process as an input moved through a network, but it also inadvertently causes “catastrophic forgetting” [25], derailing a neural network when a feature is forgotten due to irregular input. A non-linear processing network is able to deal with this ability by either taking multiple sets of inputs at the same time, adjusting itself for these “wild card” inputs, or by just disregarding the wild inputs, allowing for the majority of inputs to be correctly dealt with. 

· Stimulus Sampling, is the idea of how a specific stimulus (input) connects it self to a response. Using this ability, a learning law could state specific patterns are more useable, and others discouraged [25]. This “discouragement” ability could be used when developing a robotic arm.  It could teach the robotic arm that slow movements are better than quick movements. Another example of stimulus sampling is associative memory. Associative memory links active patterns of neurons to specific memories, stimulating only a sampling of the whole neuron population [18]. 

· The most interesting factor being taken into account for new learning laws is the ability to understand space, and interact with it in real time [25]. Spatial pattern learning & synchronization is interpreting space to useful data. This can be used for solving mazes by recognizing dead ends, or to guess the distance between objects by inferring using relative distances [25]. Just as you might not remember the exact distance to your school, you might relate that distance to how close your house is to a church that is on the way to school. 

These four common factors give us an idea of the direction which neural networks are heading. It seems that neural networks are leaning towards self directed systems that can associate new objects to previously known categories.  We just might get a self guided car that can dodge deer!

3.4.2 Competitive Learning
An unsupervised learning technique, competitive learning looks at the network as a whole. One neuron can be influenced by the “proximity” of other neurons. The neuron with the most output (also known as most active) has the ability to change its own weight; and, it can also can influence the weights on the neurons connected it self.  

For example, the smallest network using competition has only two layers. The two layers are fully interconnected, the first layer is made up of the input neurons, and the second layer does the actual competition. With this network, let’s assume that the input value can only be between 0 and 1. When the inputs have gone through the first layer of neurons, the weighted sums are computed upon all neurons within the competition layer, which then must be compared to the sums on all the neurons (this is the competition). The neuron with the biggest sum gets to change the weights on its’ inputs. This change can be described as,

∆w = g * (xi/m – w)

“where g = the learning parameter(0 < g <= 1) chosen by the user, m = the number of units in the input layer [that output a value]… , and xi = the value from input i” [17]. The term g is the learning rate of the whole neural network, and is the same value for all weight calculations. W is the original weight value.

The terms in the parenthesis makes sure that all changes in weights will not become too strong.  If they did, that would categorize everything in the same group [17]. This strengthening of weights makes it more likely that a similar or exact pattern will go through the same neurons, categorizing similar inputs without any supervision. 


Another competitive method is using same-layer connections to inhibit other neurons from firing (outputting). By connecting every competitive neuron in the layer to other neurons in the same layer, individual neurons can determine the sum needed for other neurons to fire. When a neuron in the competitive layer has the highest output, it then will send a value through its same-layer connections to the other neurons. This value will increase the amount needed for that neuron to output a value.

Inhibitory systems are used all the time in biological systems. The human eye uses lateral inhibition to enhance contrasts. With this ability, inhibitory neural networks can be used to “preprocess noisy data in order to emphasize peaks and increase edge contrast” [17].  This learning technique can be used for enhancing edges of seen objects to be identified, to simplify a spoken word to basic recognizable components. This is an extremely hard thing to do in a Von Neumann instruction based computer [17].
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Fig 9. (Top) the frequency over time of the voice recording of the word “zero.” (Bottom) the data after being run through an inhibitory process [17]. 

3.4.3 Cooperative Networks

While a cooperative neural network sounds like the opposite of a competitive neural network, this is not the case. Cooperative neural networks use ensembles of multiple neural networks. Working together, they can solve more complex problems than a single neural network. An example could be a single neural network used to categorize a sound input using inhibition that passes its values to another neural network which then associates that sound with a phone number that is then passed to a phone to dial. 


Cooperative Neural network ensemble (CNNE), is one of the newer architectures out today, which helps specify everything from what types of neural networks to combine, to the actual number of hidden layers within each of the networks [
].  CNNEs are supervised neural networks that can be trained in 3 different ways.


One way to train a CNNE is to independently change the weights individually in each network. This will give more correlation from input to output, but my negatively influence the other networks in the CNNE [26].


The second method of training a CNNE is to sequentially train each network. This means that the input will travel through all the neural networks, but only one of each network will have its weights changed after one training session. While this method is better than training the networks independently, (the training methods are more like the real input that will run normally on the CNNE) sequential training still does not have a way of measuring the output of each neural network to become the best it can be for the next network in the CNNE.  


The third method of training a CNNE introduces an unsupervised algorithm that uses inhibitory methods for deciding which neural network needs to be trained. Introducing the method on a CNNE can help with producing the best outputs for individual networks, but it can lead to over competition [26]. Over-competition is when the separate neural networks “fight” to do different functions for the end output. This lowers the capabilities the neural network can achieve [26]. It’s like having a computer Administrator in a business that has users who try to fix their own machines. Each neural network in the ensemble can try to do tasks they were not built to do, making an inefficient output.


Once trained, CNNEs have been used for a variety of different purposes. One application of a CNNE was a CNNE that could assess credit card applicants [27]. The CNNE would break applicants into categories based on various risk factors:  which card applicants missed payments, or had different credit ratings, [
].  The CNNE would also weight the level of significance of these factors.


With this cooperation of multiple neural networks, like the voice pattern recognition phone, it is easy to imagine the wide area of applications.

4. Conclusion

Neural networks were an early approach to computing which lost favor when the Von Neumann architecture proved highly effective at solving the data processing challenges of the day.  In most cases, the Von Neumann design still is the best tool for the job.  But now even though computing is high speed and widespread, in  some jobs neural networks outperform serial computing through single processors.

With their pattern detection, object recognition, statistical predictions, and contrasting abilities, neural networks can quickly solve complex problems which are very difficult to solve with conventional computing. 

Neural networks, therefore, have value to add to the set of IT solutions needed now and in the future.  They are not likely to become an independent, stand-alone computing architecture, a separate species of computer.  A neural network, once trained, is narrow in its purpose, and lacks the versatility of the Von Neuman architecture.   Rather, their value comes as a technology best used by peripheral devices, like the RSC chip by Sensory Inc, now integrated with computers, and cell phones.  Serial programs could use inputs from a neural network device that could quickly solve problems too complex to write with code. Just as graphics processing units have become almost second processors, the neural network will become the 3rd processing unit used in servers dealing with a wide range of data that needs to be interpreted to a useful format.  

5. Appendix

1. What is the biggest difference between neural network architectures, and Von Neumann architectures?

Answer: Von Neumann machines are serial instruction processors, where neural networks are multi-processor machines. 

2. Name an ability of competitive neural networks?

Answer: to enhance contrast
3. What is Hebb’s rule?

Answer: When two neurons are firing, their connection will be strengthened.

4. What part of an artificial neuron influences the networks ability to learn?

Answer: the input weight

5. How many layers does a Hopfield neural network have?

Answer: only one fully connected layer.

∑ Ii * Wi = X








I   = one of the inputs.


W = weight used in              


         Summation.


i   = which input 


X = the neuron’s output
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