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Using Visual C++, a versatile graphical neural network construction and simulation tool was created for teaching, experimentation, and learning purposes.  One of the major models of training a neural network is backpropagation.  There have been many implementations of backpropagation using a connectionist system.  Using the neural network construction tool, the Schmajuk-DiCarlo model of backpropagation (Schmajuk and DiCarlo, 1992) was constructed in order to demonstrate the flexibility of the program.  In order to implement backpropagation in the neural network simulator, several additional features needed to be added.

1. For each neuron, the ability to determine output based on a threshold, a continuous function, or a differential equation was required.

2. The modifying axons needed to be able to change the weight of specific axons based on a differential change equation.

3. [image: image1.wmf] 

A method of comparing several different inputs and outputs in a trial based manner was required. 

Features: 

The ability to modify the output of a given neuron based on a threshold, a continuous function, or a differential equation was implemented under the Neuron tab of the Neuron Properties page.  Depending on what type of output function was chosen, a different response function could be created.  Figure 1.1 shows an example of the dialog box that allows a user to set the differential equation for a response function.  The differential equation can be a function of the current output value and the current depolarization.  By allowing the user to choose from several different response types, this neural network construction set provides a flexible infrastructure for implementing the Schmajuk-DiCarlo (Schmajuk and DiCarlo, 1992) backpropagation model.
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In order to allow the modifying axons to change the weight of other axons using a differential change equation, the modify dialog was enhanced to allow for the input of a differential equation.  Instead of just using a multiplier, the neural network construction set allows for the modification of an axon’s weight based on the current weight of the axon, the current depolarization of the axon, and the activation of the modifier axon.  This flexibility allows the user to perform all of the modifications necessary for implementing backpropagation.

Finally, in order to allow for the comparison of several different outputs with several different inputs, a new graphing system was created.  In the graph, up to three different inputs or outputs can be compared.  Numbers identify which activation maps to which inputs, and as a result, the source of the activations being graphed can easily be seen on the actual neural network.  By creating this direct connection between the graphical representation of the neural network and its resulting output, the neural network construction set allows users to make a strong connection between what is happening in the neural network and what is happening to the activations in the graph.  The ability for the graph to display multiple activations side by side facilitates comparison and allows for the determination of causality relationships.  Due to the nature of the graphing system, it was necessary to allow for several different graph displays.  The first type of graph display is the Distinct display type.  In the Distinct display, each graph has separate positive and negative horizontal spaces.  This display method is useful for comparing graphs that have both negative and positive components.  The second type of graph display is the Compact display type.  In the Compact display, each graph shares its negative or positive space with a graph [image: image3.png]. .
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above or below it.  This display method is useful for comparing graphs that are mostly positive or mostly negative.  Thus, there will not be too much overlap.  An example of the new graph dialog using the Compact display is given in Figure 1.3.  The third type of graph display is the Overlapped display type.  The Overlapped display is useful for comparing magnitudes of activation.  All three of these display methods can be easily switched between via a drop down list box in the activation history dialog box.  In order to facilitate multiple trials, the user can easily specify the duration of a trial, and the graph will partition up the length of the activation into trials of the specified length.  At the bottom of the graph, the trial number will also be displayed.  Finally, the flow of the neural network simulation can be controlled through the history dialog.  The user can start, stop, reset, or step run the simulation while still looking at the activation output.  All these features of the neural network construction set allow for the easy analysis of the output of the neural network.  Through facilitating analysis, the software allows users to more easily understand and learn what is actually occurring at the level of the neural network.

Backpropagation:

[image: image4.png]


Given all of these new features in the neural network construction set, it was possible to simulate the Schmajuk-DiCarlo model of backpropagation (Schmajuk and DiCarlo, 1992).  Figure 1.4 shows the finished construction of the backpropagation model.  From this figure, it can be seen how the backpropagation is implemented through modification axons that affect the hidden layer.  The backpropagation model was then tested using the XOR problem.  In order to simulate the XOR problem, a US was applied whenever the CS1 or CS2 was active, but not when both were active.  The initial results from the first three trials of the simulation showed that there was a response from the activation of CS2 alone, and both CS1 and CS2.  CS1 alone did not exhibit a strong activation.  These results are shown in Figure 1.5.  The green line is CS1, the blue line is CS2, and the red line is the CR.  Thus, this untrained network clearly does not solve the XOR problem after three trials.
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After twenty trials it is clear that the neural network is beginning to learn the XOR problem.  Figure 1.6 shows the results of the simulation at this point.  There is now a clear activation when either CS1 or CS2 are active alone, but there is also still a significant activation when both CS1 and CS2 are present.  Thus the neural network must still learn to inhibit the response when both stimuli are active.  At this point, the neural network has effectively learned AND.  
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After thirty trials, the neural network has succeeded in learning the XOR problem through backpropagation.  The results after thirty trials can be seen in Figure 1.7.

Conclusion:

The neural network construction set was successful in confirming the Schmajuk-DiCarlo model of backpropagation (Schmajuk and DiCarlo, 1992).  By being able to implement this model of backpropagation, it is clear that the program is flexible and very useful in the construction, simulation, and understanding of neural networks.  The neural network construction set provides an easy, graphical method for teachers, students, and researchers to build neural networks.  
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