Artificial Neural Networks Technology
5.0 Network Selection

Because all artificial neural networks are based on the concept of neurons, connections and transfer functions, there is a similarity between the different structures or architectures or neural networks. The majority of the variations stems from the various learning rules and how those rules modify a network's typical topology. The following sections outline some of the most common artificial neural networks. They are organized in very rough categories of application. these categories are not meant to be exclusive, they are merely meant to separate out some of the confusion over networks architectures and their best matches to specific applications. 

Basically, most applications of neural networks fall into the following five categories: 

1. prediction 

2. classification 

3. data association 

4. data conceptualization 

5. data filtering 

	Network Type
	Networks
	Use for Network

	Prediction
	· Back-propagation 

· Delta Bar Delta 

· Extended Delta Bar Delta 

· Directed Random Search 

· Higher Order Neural Networks 

· Self-organizing map into Back-propagation 
	Use input values to predict some output (e.g. pick the best stocks in the market, predict weather, identify people with cancer risks etc.)

	Classification
	· Learning Vector Quantization 

· Counter-propagation 

· Probabalistic Neural Networks 
	Use input values to determine the classification (e.g. is the input the letter A, is the blob of video data a plane and what kind of plane is it)

	Data Association
	· Hopfield 

· Boltzmann Machine 

· Hamming Network 

· Bidirectional associative Memory 

· Spation-temporal Pattern Recognition 
	Like Classification but it also recognizes data that contains errors (e.g. not only identify the characters that were scanned but identify when the scanner isn't working properly)

	Data Conceptualization
	· Adaptive Resonance Network 

· Self Organizing Map 
	Analyze the inputs so that grouping relationships can be inferred (e.g. extract from a database the names of those most likely to buy a particular product)

	Data Filtering
	· Recirculation 
	Smooth an input signal (e.g. take the noise out of a telephone signal)


Table 5.01 Network Selector Table

Table 5.0.1 shows the differences between these network categories and shows which of the more common network topologies belong to which primary category. this chart is intended as a guide and is not meant to be all inclusive. While there are many other network derivations, this chart only includes the architectures explained within this section of this report. Some of these networks, which have been grouped by application, have been used to solve more than one type of problem. Feedforward back-propagation in particular has been used to solve almost all types of problems and indeed is the most popular for the first four categories. the next five subsections describe these five network types. 

5.1 Networks for Prediction

The most common use for neural networks is to project what will most likely happen. There are many applications where prediction can help in setting priorities. For example, the emergency room at a hospital can be a hectic place. to know who needs the most time critical help can enable a more successful operation. Basically, all organizations must establish priorities which govern the allocation of their resources. This projection of the future is what drove the creation of networks of prediction. 

5.1.1. Feedforward, Back-Propagation.

The feedforward, back-propagation architecture was developed in the early 1970¹s by several independent sources (Werbor; Parker; Rumelhart, Hinton and Williams). This independent co-development was the result of a proliferation of articles and talks at various conferences which stimulated the entire industry. Currently, this synergistically developed back-propagation architecture is the most popular, effective, and easy to earn model for complex, multi-layered networks. This network is used more than all other combined. It is used in many different types of applications. This architecture has spawned a large class of network types with many different topologies and training methods. Its greatest strength is in non-linear solutions to ill-defined problems. 

The typical back-propagation network has an input layer, an output layer, and at least one hidden layer. There is no theoretical limit on the number of hidden layers but typically there is just one or two. Some work has been done which indicates that a minimum of four layers (three hidden layers plus an output layer) are required to solve problems of any complexity. Each layer is fully connected to the succeeding layer, as shown in Figure 5.0.1. (Note: all of the drawings of networks in section 5 are from NeuralWare¹s NeuralWorks Professional II/Plus artificial neural network development tool.) 

The in and out layers indicate the flow of information during recall. Recall is the process of putting input data into a trained network and receiving the answer. Back-propagation is not used during recall, but only when the network is learning a training set. 


Figure 5.0.1 An Example Feedforward Back-propagation Network 

The number of layers and the number of processing element per layer are important decisions. These parameters to a feedforward, back-propagation topology are also the most ethereal. They are the ³art² of the network designer. There is no quantifiable, best answer to the layout of the network for any particular application. There are only general rules picked up over time and followed by most researchers and engineers applying this architecture of their problems. 

Rule One: As the complexity in the relationship between the input data and the desired output increases, then the number of the processing elements in the hidden layer should also increase. 

Rule Two: If the process being modeled is separable into multiple stages, then additional hidden layer(s) may be required. If the process is not separable into stages, then additional layers may simply enable memorization and not a true general solution. 

Rule Three: The amount of training data available sets an upper bound for the number of processing elements in the hidden layers. To calculate this upper bound, use the number of input output pair examples in the training set and divide that number by the total number of input and output processing elements in the network. Then divide that result again by a scaling factor between five and ten. Larger scaling factors are used for relatively noisy data. Extremely noisy data may require a factor of twenty or even fifty, while very clean input data with an exact relationship to the output might drop the factor to around two. It is important that the hidden layers have few processing elements. Too many artificial neurons and the training set will be memorized. If that happens then no generalization of the data trends will occur, making the network useless on new data sets. 

Once the above rules have been used to create a network, the process of teaching begins. This teaching process for a feedforward network normally uses some variant of the Delta Rule, which starts with the calculated difference between the actual outputs and the desired outputs. Using this error, connection weights are increased in proportion to the error times a scaling factor for global accuracy. Doing this for an individual node means that the inputs, the output, and the desired output all have to be present at the same processing element. The complex part of this learning mechanism is for the system to determine which input contributed the most to an incorrect output and how does that element get changed to correct the error. An inactive node would not contribute to the error and would have no need to change its weights. 

To solve this problem, training inputs are applied to the input layer of the network, and desired outputs are compared at the output layer. During the learning process, a forward sweep is made through the network, and the output of each element is computed layer by layer. The difference between the output of the final layer and the desired output is back-propagated to the previous layer(s), usually modified by the derivative of the transfer function, and the connection weights are normally adjusted using the Delta Rule. This process proceeds for the previous layer(s) until the input layer is reached. 

There are many variations to the learning rules for back-propagation network. Different error functions, transfer functions, and even the modifying method of the derivative of the transfer function can be used. The concept of ³momentum error² was introduced to allow for more prompt learning while minimizing unstable behavior. Here, the error function, or delta weight equation, is modified so that a portion of the previous delta weight is fed through to the current delta weight. This acts, in engineering terms, as a low-pass filter on the delta weight terms since general trends are reinforced whereas oscillatory behavior is canceled out. This allows a low, normally slower, learning coefficient to be used, but creates faster learning. 

Another technique that has an effect on convergence speed is to only update the weights after many pairs of inputs and their desired outputs are presented to the network, rather than after every presentation. This is referred to as cumulative back-propagation because the delta weights are not accumulated until the complete set of pairs is presented. The number of input-output pairs that are presented during the accumulation is referred to as an ³epoch². This epoch may correspond either to the complete set of training pairs or to a subset. 

There are limitations to the feedforward, back-propagation architecture. Back-propagation requires lots of supervised training, with lots of input-output examples. Additionally, the internal mapping procedures are not well understood, and there is no guarantee that the system will converge to an acceptable solution. At times, the learning gets stuck in a local minima, limiting the best solution. This occurs when the network systems finds an error that is lower than the surrounding possibilities but does not finally get to the smallest possible error. Many learning applications add a term to the computations to bump or jog the weights past shallow barriers and find the actual minimum rather than a temporary error pocket. 

Typical feedforward, back-propagation applications include speech synthesis from text, robot arms, evaluation of bank loans, image processing, knowledge representation, forecasting and prediction, and multi-target tracking. Each month more back-propagation solutions are announced in the trade journals. 

5.1.2 Delta Bar Delta

The delta bar delta network utilizes the same architecture as a back-propagation network. The difference of delta bar delta lies in its unique algorithmic method of learning. Delta bar delta was developed by Robert Jacobs to improve the learning rate of standard feedforward, back-propagation networks. 

As outlined above, the back-propagation procedure is based on a steepest descent approach which minimizes the network¹s prediction error during the process where the connection weights to each artificial neuron are changed. The standard learning rates are applied on a layer by layer basis and the momentum term is usually assigned globally. Some back-propagation approaches allow the learning rates to gradually decrease as large quantities of training sets pass through the network. Although this method is successful in solving many applications, the convergence rate of the procedure is still too slow to be used on some practical problems. 

The delta bar delta paradigm uses a learning method where each weight has its own self-adapting coefficient. It also does not use the momentum factor of the back-propagation architecture. The remaining operations of the network, such as feedforward recall, are identical to the normal back-propagation architecture. Delta bar delta is a ³heuristic² approach to training artificial networks. What that means is that past error values can be used to infer future calculated error values. Knowing the probable errors enables the system to take intelligence steps in adjusting the weights. However, this process is complicated in that empirical evidence suggests that each weight may have quite different effects on the overall error. Jacobs then suggested the common sense notion that the back-propagation learning rules should account for these variations in the effect on the overall error. In other words, every connection weight of a network should have its own learning rate. The claim is that the step size appropriate for one connection weight may not be appropriate for all weights in that layer. Further, these learning rates should be allowed to vary over time. by assigning a learning rate to each connection and permitting this learning rate to change continuously over time, more degrees of freedom are introduced to reduce the time to convergence. 

Rules which directly apply to this algorithm are straight forward and easy to implement. Each connection weight has its own learning rate. These learning rates are varied based on the current error information found with standard back-propagation. When the connection weight changes, if the local error has the same sign for several consecutive time steps, the learning rate for that connection is linearly increased. Incrementing linearly prevents the learning rates from becoming too large too fast. When the local error changes signs frequently, the learning rate is decreased geometrically. Decrementing geometrically ensures that the connection learning rates are always positive. Further, they can be decreased more rapidly in regions where the change in error is large. 

By permitting different learning rates for each connection weight in a network, a steepest descent search (in the direction of the negative gradient) is no longer being performed. Instead, the connection weights are updated on the basis of the partial derivatives of the error with respect to the weight itself. It is also based on an estimate of the ³curvature of the error surface² in the vicinity of the current point weight value. Additionally, the weight changes satisfy the locality constraint, that is, they require information only from the processing elements to which they are connected. 

5.1.3 Extended Delta Bar Delta.

Ali Minai and Ron Williams developed the extended delta bar delta algorithm as a natural outgrowth from Jacob's work. Here, they enhance the delta bar delta by applying an exponential decay to the learning rate increase, add the momentum component back in, and put a cap on the learning rate and momentum coefficient. As discussed in the section on back-propagation, momentum is a factor used to smooth the learning rate. It is a term added to the standard weight change which is proportional to the previous weight change. In this way, good general trends are reinforced, and oscillations are dampened. 

The learning rate and the momentum rate for each weight have separate constants controlling their increase and decrease. Once again, the sign of the current error is used to indicate whether an increase or decrease is appropriate. The adjustment for decrease is identical in form to that of Delta Bar Delta. However, the learning rate and momentum rate increases are modified to be exponentially decreasing functions of the magnitude of the weighted gradient components. Thus, greater increases will be applied in areas of small slope or curvature than in areas of high curvature. This is a partial solution to the jump problem of delta bar delta. 

To take a step further to prevent wild jumps and oscillations in the weights, ceilings are placed on the individual connection learning rates and momentum rates. And finally, a memory with a recovery feature is built into the algorithm. When in use, after each epoch presentation of the training data, the accumulated error is evaluated. If the error is less than the previous minimum error, the weights are saved in memory as the current best. A tolerance parameter controls the recovery phase. Specifically, if the current error exceeds the minimum previous error, modified by the tolerance parameter, than all connection weight values revert stochastically to the stored best set of weights in memory. Furthermore, the learning and momentum rates are decreased to begin the recovery process. 

5.1.4 Directed Random Search. 

The previous architectures were all based on learning rules, or paradigms, which are based on calculus. Those paradigms use a gradient descent technique to adjust each of the weights. The architecture of the directed random search, however, uses a standard feedforward recall structure which is not based on back-propagation. Instead, the directed random search adjusts the weights randomly. To provide some order to this process a direction component is added to the random step which insures that the weights tend toward a previously successful search direction. All processing elements are influenced individually. 

This random search paradigm has several important features. Basically, it is fast and easy to use if the problem is well understood and relatively small. The reason that the problem has to be well understood is that the best results occur when the initial weights, the first guesses, are within close proximity to the best weights. It is fast because the algorithm cycles through its training much more quickly than calculus-bases techniques (i.e., the delta rule and its variations), since no error terms are computed for the intermediate processing elements. Only the output error is calculated. This learning rule is easy to use because there are only two key parameters associated with it. But the problem needs to result in a small network because if the number of connections becomes high, then the training process becomes long and cumbersome. 

To facilitate keeping the weights within the compact region where the algorithm works best, an upper bound is required on the weight's magnitude. Yet, by setting the weight's bounds reasonably high, the network is still allowed to seek what is not exactly known - the true global optimum. The second key parameter to this learning rule involves the initial variance of the random distribution of the weights. In most of the commercial packages there is a vendor recommended number for this initial variance parameter. Yet, the setting of this number is not all that important as the self-adjusting feature of the directed random search has proven to be robust over a wide range of initial variances. 

There are four key components to a random search network. They are the random step, the reversal step, a directed component, and a self-adjusting variance. 

Random Step: A random value is added to each weight. Then, the entire training set is run through the network, producing a "prediction error." If this new total training set error is less than the previous best prediction error, the current weight values (which include the random step) becomes the new set of "best" weights. The current prediction error is then saved as the new, best prediction error. 

Reversal Step: If the random step's results are worse than the previous best, then the same random value is subtracted from the original weight value. This produces a set of weights that is in the opposite direction to the previous random step. If the total "prediction error" is less than the previous best error, the current weight values of the reversal step are stored as the best weights. The current prediction error is also saved as the new, best prediction error. If both the forward and reverse steps fail, a completely new set of random values are added to the best weights and the process is then begun again. 

Directed Component: To add in convergence a set of directed components is created, based on the outcomes of the forward and reversal steps. These directed components reflect the history of success or failure for the previous random steps. The directed components, which are initialized to zero, are added to the random components at each step in the procedure. Directed components provide a "common sense, let's go this way" element to the search. It has been found that the addition of these directed components provide a dramatic performance improvement to convergence. 

Self-adjusting Variance: An initial variance parameter is specified to control the initial size (or length) of the random steps which are added to the weights. An adaptive mechanism changes the variance parameter based on the current relative success rate or failure rate. The learning rule assumes that the current size of the steps for the weights is in the right direction if it records several consecutive successes, and it then expands to try even larger steps. Conversely, if it detects several consecutive failures it contracts the variance to reduce the step size. 

For small to moderately sized networks, a directed random search produces good solutions in a reasonable amount of time. The training is automatic, requiring little, if any, user interaction. The number of connection weights imposes a practical limit on the size of a problem that this learning algorithm can effectively solve. If a network has more than 200 connection weights, a directed random search can require a relatively long training time and still end up yielding an acceptable solution. 

5.1.5 Higher-order Neural Network or Functional-link Network.

Either name is given to neural networks which expand the standard feedforward, back-propagation architecture to include nodes at the input layer which provide the network with a more complete understanding of the input. Basically, the inputs are transformed in a well understood mathematical way so that the network does not have to learn some basic math functions. These functions do enhance the network's understanding of a given problem. These mathematical functions transform the inputs via higher-order functions such as squares, cubes, or sines. It is from the very name of these functions, higher-order or functionally linked mappings, that the two names for this same concept were derived. 

This technique has been shown to dramatically improve the learning rates of some applications. An additional advantage to this extension of back-propagation is that these higher order functions can be applied to other derivations - delta bar delta, extended delta bar delta, or any other enhanced feedforward, back-propagation networks. 

There are two basic ways of adding additional input nodes. First, the cross-products of the input terms can be added into the model. This is also called the output product or tensor model, where each component of the input pattern multiplies the entire input pattern vector. A reasonable way to do this is to add all interaction terms between input values. For example, for a back-propagation network with three inputs (A, B and C), the cross-products would include: AA, BB, CC, AB, AC, and BC. This example adds second-order terms to the input structure of the network. Third-order terms, such as ABC, could also be added. 

The second method for adding additional input nodes is the functional expansion of the base inputs. Thus, a back-propagation model with A, B and C might be transformed into a higher-order neural network model with inputs: A, B, C, SIN(A), COS(B), LOG(C), MAX(A,B,C), etc. In this model, input variables are individually acted upon by appropriate functions. Many different functions can be used. The overall effect is to provide the network with an enhanced representation of the input. It is even possible to combine the tensor and functional expansion models together. 

No new information is added, but the representation of the inputs is enhanced. Higher-order representation of the input data can make the network easier to train. The joint or functional activations become directly available to the model. In some cases, a hidden layer is no longer needed. However, there are limitations to the network model. Many more input nodes must be processed to use the transformations of the original inputs. With higher-order systems, the problem is exacerbated. Yet, because of the finite processing time of computers, it is important that the inputs are not expanded more than is needed to get an accurate solution. 

Functional-link networks were developed by Yoh-Han Pao and are documented in his book, Adaptive Pattern Recognition and Neural Networks. Pao draws a distinction between truly adding higher order terms in the sense that some of these terms represent joint activations versus functional expansion which increases the dimension of the representation space without adding joint activations. While most developers recognize the difference, researchers typically treat these two aspects in the same way. Pao has been awarded a patent for the functional-link network, so its commercial use may require royalty licensing. 

5.1.6 Self-Organizing Map into Back-Propagation.

A hybrid network uses a self-organizing map to conceptually separate the data before that data is used in the normal back-propagation manner. This map helps to visualize topologies and hierarchical structures of higher-order input spaces before they are entered into the feedforward, back-propagation network. The change to the input is similar to having an automatic functional-link input structure. This self-organizing map trains in an unsupervised manner. The rest of the network goes through its normal supervised training. 

The self-organizing map, and its unique approach to learning, is described in section 5.4.2 



Artificial Neural Networks Technology
5.2 Networks for Classification

The previous section describes networks that attempt to make projections of the future. But understanding trends and what impacts those trends might have is only one of several types of applications. The second class of applications is classification. A network that can classify could be used in the medical industry to process both lab results and doctor-recorded patience symptoms to determine the most likely disease. Other applications can separate the "tire kicker" inquiries from the requests for information from real buyers. 

5.2.1 Learning Vector Quantization.

This network topology was originally suggested by Tuevo Kohonen in the mid 80's, well after his original work in self-organizing maps. Both this network and self-organizing maps are based on the Kohonen layer, which is capable of sorting items into appropriate categories of similar objects. Specifically, Learning Vector Quantization is a artificial neural network model used both for classification and image segmentation problems. 

Topologically, the network contains an input layer, a single Kohonen layer and an output layer. An example network is shown in Figure 5.2.1. The output layer has as many processing elements as there are distinct categories, or classes. The Kohonen layer has a number of processing elements grouped for each of these classes. The number of processing elements per class depends upon the complexity of the input-output relationship. Usually, each class will have the same number of elements throughout the layer. It is the Kohonen layer that learns and performs relational classifications with the aid of a training set. This network uses supervised learning rules. However, these rules vary significantly from the back-propagation rules. To optimize the learning and recall functions, the input layer should contain only one processing element for each separable input parameter. Higher-order input structures could also be used. 

Learning Vector Quantization classifies its input data into groupings that it determines. Essentially, it maps an n-dimensional space into an m-dimensional space. That is it takes n inputs and produces m outputs. The networks can be trained to classify inputs while preserving the inherent topology of the training set. Topology preserving maps preserve nearest neighbor relationships in the training set such that input patterns which have not been previously learned will be categorized by their nearest neighbors in the training data. 
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Figure 5.2.1. An Example Learning Vector Quantization Network.

In the training mode, this supervised network uses the Kohonen layer such that the distance of a training vector to each processing element is computed and the nearest processing element is declared the winner. There is only one winner for the whole layer. The winner will enable only one output processing element to fire, announcing the class or category the input vector belonged to. If the winning element is in the expected class of the training vector, it is reinforced toward the training vector. If the winning element is not in the class of the training vector, the connection weights entering the processing element are moved away from the training vector. This later operation is referred to as repulsion. During this training process, individual processing elements assigned to a particular class migrate to the region associated with their specific class. 

During the recall mode, the distance of an input vector to each processing element is computed and again the nearest element is declared the winner. That in turn generates one output, signifying a particular class found by the network. 

There are some shortcomings with the Learning Vector Quantization architecture. Obviously, for complex classification problems with similar objects or input vectors, the network requires a large Kohonen layer with many processing elements per class. This can be overcome with selectively better choices for, or higher-order representation of, the input parameters. 

The learning mechanisms has some weaknesses which have been addressed by variants to the paradigm. Normally these variants are applied at different phases of the learning process. They imbue a conscience mechanism, a boundary adjustment algorithm, and an attraction function at different points while training the network. 

The simple form of the Learning Vector Quantization network suffers from the defect that some processing elements tend to win too often while others, in effect, do nothing. This particularly happens when the processing elements begin far from the training vectors. Here, some elements are drawn in close very quickly and the others remain permanently far away. To alleviate this problem, a conscience mechanism is added so that a processing element which wins too often develops a "guilty conscience" and is penalized. The actual conscience mechanism is a distance bias which is added to each processing element. This distance bias is proportional to the difference between the win frequency of an element and the average processing element win frequency. As the network progresses along its learning curve, this bias proportionality factors needs to be decreased. 

The boundary adjustment algorithm is used to refine a solution once a relatively good solution has been found. This algorithm effects the cases when the winning processing element is in the wrong class and the second best processing element is in the right class. A further limitation is that the training vector must be near the midpoint of space joining these two processing elements. The winning wrong processing element is moved away from the training vector and the second place element is moved toward the training vector. This procedure refines the boundary between regions where poor classifications commonly occur. 

In the early training of the Learning Vector Quantization network, it is some times desirable to turn off the repulsion. The winning processing element is only moved toward the training vector if the training vector and the winning processing element are in the same class. This option is particularly helpful when a processing element must move across a region having a different class in order to reach the region where it is needed. 

5.2.2 Counter-propagation Network.

Robert Hecht-Nielsen developed the counter-propagation network as a means to combine an unsupervised Kohonen layer with a teachable output layer. This is yet another topology to synthesize complex classification problems, while trying to minimize the number of processing elements and training time. The operation for the counter-propagation network is similar to that of the Learning Vector Quantization network in that the middle Kohonen layer acts as an adaptive look-up table, finding the closest fit to an input stimulus and outputting its equivalent mapping. 

The first counter-propagation network consisted of a bi-directional mapping between the input and output layers. In essence, while data is presented to the input layer to generate a classification pattern on the output layer, the output layer in turn would accept an additional input vector and generate an output classification on the network's input layer. The network got its name from this counter-posing flow of information through its structure. Most developers use a uni-flow variant of this formal representation of counter-propagation. In other words. there is only one feedforward path from input layer to output layer. 

An example network is shown in Figure 5.2.2. The uni-directional counter-propagation network has three layers. If the inputs are not already normalized before they enter the network., a fourth layer is sometimes added. The main layers include an input buffer layer, a self-organizing Kohonen layer, and an output layer which uses the Delta Rule to modify its incoming connection weights. Sometimes this layer is called a Grossberg Outstar layer. 
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Figure 5.2.2. An Example Counter-propagation Network. 

The size of the input layer depends upon how many separable parameters define the problem. With too few, the network may not generalize sufficiently. With too many, the processing time takes too long. 

For the network to operate properly, the input vector must be normalized. This means that for every combination of input values, the total "length" of the input vector must add up to one. This can be done with a preprocessor, before the data is entered into the counter-propagation network. Or, a normalization layer can be added between the input and Kohonen layers. The normalization layer requires one processing element for each input, plus one more for a balancing element. This layer modifies the input set before going to the Kohonen layer to guarantee that all input sets combine to the same total. 

Normalization of the inputs is necessary to insure that the Kohonen layer finds the correct class for the problem. Without normalization, larger input vectors bias many of the Kohonen processing elements such that weaker value input sets cannot be properly classified. Because of the competitive nature of the Kohonen layer, the larger value input vectors overpower the smaller vectors. Counter-propagation uses a standard Kohonen paradigm which self-organizes the input sets into classification zones. It follows the classical Kohonen learning law described in section 4.2 of this report. This layer acts as a nearest neighbor classifier in that the processing elements in the competitive layer autonomously adjust their connection weights to divide up the input vector space in approximate correspondence to the frequency with which the inputs occur. There needs to be at least as many processing elements in the Kohonen layer as output classes. The Kohonen layer usually has many more elements than classes simply because additional processing elements provide a finer resolution between similar objects. 

The output layer for counter-propagation is basically made up of processing elements which learn to produce an output when a particular input is applied. Since the Kohonen layer includes competition, only a single output is produced for a given input vector. This layer provides a way of decoding that input to a meaningful output class. It uses the Delta Rule to back-propagate the error between the desired output class and the actual output generated with the training set. The errors only adjust the connection weights coming into the output layer. The Kohonen layer is not effected. 

Since only one output from the competitive Kohonen layer is active at a time and all other elements are zero, the only weight adjusted for the output processing elements are the ones connected to the winning element in the competitive layer. In this way the output layer learns to reproduce a certain pattern for each active processing element in the competitive layer. If several competitive elements belong to the same class, that output processing element will evolve weights in response to those competitive processing elements and zero for all others. 

There is a problem which could arise with this architecture. The competitive Kohonen layer learns without any supervision. It does not know what class it is responding to. This means that it is possible for a processing element in the Kohonen layer to learn to take responsibility for two or more training inputs which belong to different classes. When this happens, the output of the network will be ambiguous for any inputs which activate this processing element. To alleviate this problem, the processing elements in the Kohonen layer could be pre-conditioned to learn only about a particular class. 

5.2.3 Probabilistic Neural Network.

The probabilistic neural network was developed by Donald Specht. His network architecture was first presented in two papers, Probabilistic Neural Networks for Classification, Mapping or Associative Memory and Probabilistic Neural Networks, released in 1988 and 1990, respectively. This network provides a general solution to pattern classification problems by following an approach developed in statistics, called Bayesian classifiers. Bayes theory, developed in the 1950's, takes into account the relative likelihood of events and uses a priori information to improve prediction. The network paradigm also uses Parzen Estimators which were developed to construct the probability density functions required by Bayes theory. 

The probabilistic neural network uses a supervised training set to develop distribution functions within a pattern layer. These functions, in the recall mode, are used to estimate the likelihood of an input feature vector being part of a learned category, or class. The learned patterns can also be combined, or weighted, with the a priori probability, also called the relative frequency, of each category to determine the most likely class for a given input vector. If the relative frequency of the categories is unknown, then all categories can be assumed to be equally likely and the determination of category is solely based on the closeness of the input feature vector to the distribution function of a class. 

An example of a probabilistic neural network is shown in Figure 5.2.3. This network has three layers. The network contains an input layer which has as many elements as there are separable parameters needed to describe the objects to be classified. It has a pattern layer, which organizes the training set such that each input vector is represented by an individual processing element. And finally, the network contains an output layer, called the summation layer, which has as many processing elements as there are classes to be recognized. Each element in this layer combines via processing elements within the pattern layer which relate to the same class and preparesthat category for output. Sometimes a fourth layer is added to normalize the input vector, if the inputs are not already normalized before they enter the network. As with the counter-propagation network, the input vector must be normalized to provided proper object separation in the pattern layer. 
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Figure 5.2.3. A Probabilistic Neural Network Example. 

As mentioned earlier, the pattern layer represents a neural implementation of a version of a Bayes classifier, where the class dependent probability density functions are approximated using a Parzen estimator. This approach provides an optimum pattern classifier in terms of minimizing the expected risk of wrongly classifying an object. With the estimator, the approach gets closer to the true underlying class density functions as the number of training samples increases, so long as the training set is an adequate representation of the class distinctions. 

In the pattern layer, there is a processing element for each input vector in the training set. Normally, there are equal amounts of processing elements for each output class. Otherwise, one or more classes may be skewed incorrectly and the network will generate poor results. Each processing element in the pattern layer is trained once. An element is trained to generate a high output value when an input vector matches the training vector. The training function may include a global smoothing factor to better generalize classification results. In any case, the training vectors do not have to be in any special order in the training set, since the category of a particular vector is specified by the desired output of the input. The learning function simply selects the first untrained processing element in the correct output class and modifies its weights to match the training vector. 

The pattern layer operates competitively, where only the highest match to an input vector wins and generates an output. In this way, only one classification category is generated for any given input vector. If the input does not relate well to any patterns programmed into the pattern layer, no output is generated. 

The Parzen estimation can be added to the pattern layer to fine tune the classification of objects, This is done by adding the frequency of occurrence for each training pattern built into a processing element. Basically, the probability distribution of occurrence for each example in a class is multiplied into its respective training node. In this way, a more accurate expectation of an object is added to the features which make it recognizable as a class member. 

Training of the probabilistic neural network is much simpler than with back-propagation. However, the pattern layer can be quite huge if the distinction between categories is varied and at the same time quite similar is special areas. There are many proponents for this type of network, since the groundwork for optimization is founded in well known, classical mathematics. 



