Extending ASOCS to Training-Set-Style DataA ThesisPresented to theDepartment of Computer ScienceBrigham Young UniversityIn Partial Fulfillmentof the Requirements for the DegreeMaster of SciencebyEdward F. HartAugust 1992 iThis thesis, by Edward F. Hart is accepted in its present form bythe Department of Computer Science of Brigham Young University assatisfying the thesis requirement for the degree of Master of Science.Tony Martinez, Committee Chairman

Douglas M. Campbell, Committee Member

DateLarry C. Christensen, Graduate Coordinator iiAcknowledgmentsMany thanks to Dr. Tony Martinez for the unceasing efforts to help methink through the problems encountered in understanding the ASOCSneural network.Dedicated to my father William F. Hart 1931 - 1991, who taught me howto work.Also many thanks to my wife Darlene and to my children for thecountless hours taken away from the family in order to finish this thesis.

iiiTable of Contents1. Introduction 12. Definitions and ASOCS Overview 32.1

Incremental Learning vs. Training Examples 32.2

Critical vs. Don’t Care Variables 42.3

Erroneous - Don’t Know Data 42.4

Architecture 52.5

Instances and Instance Sets 72.6

Priority ASOCS 133. Training Set Applications 223.1

Exclusive Or 223.2

4 bit Encoder 233.3

House Vote Statistics 243.4

Zener Diode 263.5

Hepatitis Survival 293.6

Monk Data Sets 314. Problems and Extensions to the basic ASOCS model 344.1

Table Terminology 344.2

Mutual Exclusion 354.3

Arbitrary Discretization 384.4

One Difference Minimization with Mutual Exclusion434.5

Missing Variables 47 iv4.6

Generalization 545. Conclusions and Future Research 685.1

Theorems and Proofs 685.2

Mutual Exclusion 685.3

Arbitrary Discretization 695.4

One Difference Minimization 695.5

Priority ASOCS 695.6

Incremental Learning 705.7

Missing Data 715.8

Generalization 725.9

Large Test Sets 726. Appendix: Simulator 747. Bibliography 80

11. Introduction1. IntroductionAdaptive Self Organizing Concurrent Systems (ASOCS [Mart86])has been shown to learn rule based applications more efficiently thanother neural networks. ASOCS is designed to incrementally learn ’if-then’ rules. ASOCS is not efficient for analog and discrete multi-statetraining-set-style applications for which other neural nets have shownpotential. The purpose of this thesis is to show that the basicASOCS model can be modified to handle training set data thatis processed by other neural networks. Data from other neuralnetwork style applications is mapped into appropriate data sets and runthrough an ASOCS model simulator. Extensions to the basic ASOCSmodel needed to implement efficiently neural net style applications arediscovered. These extensions are discussed and potential solutionspresented. These extensions are suggestions for improvements to thebasic ASOCS model. This thesis is one of analysis and discovery aboutthe ASOCS model, not implementing extensions to the ASOCS model, orproviding theorems about the ASOCS model.In order to understand the extensions discovered in chapter four,chapter two explains the terminology and basics of ASOCS instance setmathematics. This chapter may be omitted if the reader wishes toproceed directly to the training set data. The eight training sets presentedin chapter three are samples from a broad set of applications. The goal isnot to solve these eight data sets, but to adapt the learning speed andself-adaptability of the ASOCS neural net to handle training-set-styledata. In chapter four, problems with the basic ASOCS model arediscovered. Extensions to the basic ASOCS neural net are added as

2chapter four progresses. Various combinations of the extensions aretested with a simulator. By the end of chapter four the extended ASOCSmodel demonstrates potential in handling training-set-style data.Chapter five is a summary of the extensions to the model. Chapter fivealso discusses future research. The appendix presents the simulator usedto test the data sets with the extensions.Neural net technology is studied in this thesis because it offersseveral advantages to von Neumann technology. Parallelism with simplecomputation nodes and distributed processing appear to permit theprocessing of large amounts of data [Stev79]. Fault tolerance causesgraceful degradation of performance as components fail. The selfadaptability of neural nets is an alternative to programming a vonNeumann central processor. Neural nets are able to generalize, or learnexamples not explicitly taught to the network.2. Definitions and ASOCS Overview2. Definitions and ASOCSOverviewIn this chapter definitions and the fundamentals of ASOCSinstance set dynamics are explained. This is critical to understand theshortcomings of the ASOCS model for handling other neural networktraining-set-style data. This chapter should be read before chapter four,but may be omitted for chapter three.2.1

Incremental Learning vs. Training Examples2 . 1 Incremental Learning vs. Training ExamplesTraining-set-style data can be defined as samples or examples ofdiscrete multi-state or analog data which describe the relationship

3between input data and output data.There are several differences between if- then rules usuallypresented to ASOCS models, and the training-set-style data studied inthis thesis. The ASOCS neural net model learns rules in an incrementalfashion. Older rules are learned as general cases, and then later rules areprovided as exceptions to the general cases. When inconsistencies occur,the most recent rule has priority [Mart86]. As an example of incrementalstyle learning, assume a robot is being taught when to open an umbrella.A general rule of Raining implies Open Umbrella is presented. Let Rrepresent raining and U represent an open umbrella. The rule R Udescribes the implication. However, when the robot looks outside awindow and sees it raining, it opens the umbrella. To correct this, anexception to the general rule is presented: Not Outside implies Don’t OpenUmbrella. Let O represent outside. This yields the rule of (O U ) .However, training-set-style data has no implied precedence for theexamples (rather than rules) presented to the model. All examples are ofequal value, with no example being of greater importance or priority. Forexample, let us assume loan approval data is being presented to a neuralnetwork to learn good versus bad loans. Presentation order of 100different loan applications to the neural net is irrelevant.2.2

Critical vs. Don’t Care Variables2.2 Critical vs. Don’tCare VariablesTypically the rules which are presented to the ASOCS modelcontain only those critical or salient variables necessary to make the rulecomplete. Variables which do not contribute information to the rule areconsidered Don’t Care and are not included. The exception rule for theRobot and Umbrella model presented in section 2.1 is a good example.

4Note that the state of raining is not present in the rule of Not Outsideimplies Don’t Open Umbrella (O U ). If the robot is inside then rainingoutside does not matter.Typically training-set-style data presents every variable for eachexample. Loan application data for all 100 applications would includeage, marital status, monthly income, bankruptcy status, and debt ratio,regardless of their relevance in each application.One of the goals of neural network learning is to discern whichfeatures are critical. A feature can be made up of several variables.2.3

Erroneous - Don’t Know Data2.3 Erroneous - Don’t KnowDataIncremental learning deals with missing or erroneous informationin older rules by superseding them with newer more accurate rules. Thisinconsistency resolution depends upon the order of presentation. If theRobot and Umbrella model develops a leaky roof, then the rule of NotOutside would be inconsistent. A new rule is presented: Raining andLeaky Roof and Not Outside implies Open Umbrella. Let L represent LeakyRoof. Then (R L O U) describes the rule. This new exception to theprevious rules eliminates the inconsistency.Training-set-style data may include missing or erroneous data forsome of the variables in some of the examples. Variables which areincluded, but which have no data are called Don’t Know variables. Incontrast, the variables in ASOCS rules which are not included becausethey are not critical, are called don’t care variables (section 2.2). In theloan application example, some of the applications may have anincorrect age, or a missing bankruptcy status. The neural net is expectedto generalize sufficiently to ignore the errant data and still correctly

5categorize the good versus bad loans.2.4

Architecture2.4 ArchitectureThe ASOCS network is made up of connected nodes. - Black Box Diagram

The system accepts discrete variables xi, and maps them in a parallelfashion to a set of discrete outputs zi. Feedback from the output goesback to the input for further processing, along with any new inputs (SeeFigure 1). There are two modes of operation: Learning and Execution.2.4.1 Learning ModeLearning ModeIn the learning mode, new ’if-then’ rules in the form of discretevariable conjunctions, implications and discrete variable outputs (calledinstances) are presented - Single Node to the network in an incremental fashion. The network is composed ofnodes which are interconnected in some fashion. Each node is a storagepoint for instances, with sufficient computational capability to configureitself with respect to all the other nodes. The internal nodes reconfigurethemselves in a parallel and self organizing manner. Learning of aninstance has time complexity log n time, where n is the number ofinternal nodes. The network of nodes maintains a consistent andsomewhat minimal configuration. In some models each node has twoinputs, a control unit and one output. The output can go to many othernodes (see Figure 2).2.4.2 Execution ModeExecution Mode

6Execution causes no changes to the internal architecture andconnections of the network. The network acts as a hardware circuit.Inputs are presented to the network and mapped to discrete variableoutputs in log n time, in accordance with the incrementally enteredinstances.2.5

Instances and Instance Sets2.5 Instances and InstanceSets2.5.1 Basic DefinitionsBasic Definitions2.5.1.1

Instance. An instance is an implication whose left hand side isa conjunction of discrete input variables and whose right hand side is adiscrete output variable. Thus the instance R O L U reads as Rain andnot Outside and Leaky Roof imply Umbrella open.2.5.1.2

Instance Set. An instance set is a group of instances.2.5.1.3

Fulfill. An instance set (network) fulfills a set of input variableswhen it outputs a consistent output variable. This means that the inputvariables match the input variables of one of the network instances.2.5.1.4

Polarity. The output variable determines the polarity of theinstance, positive or negative.2.5.1.5

Concordancy. Two instances are concordant if they have thesame polarity (e.g. R U and R O L U). Opposite polarity makes themdiscordant (e.g. R O U , R O U ).2.5.1.6

Discriminant Variable. If two instances have the same inputvariable, but of opposite sign in the respective instances, then it is adiscriminant variable (e.g. R O U , R O U O is the discriminantvariable). This discriminant variable provides a means of differentiatingthe two instances when a set of input variables are presented to themodel. For example, if the variables R O are presented to the model, then

7the first instance would be matched and the output would be U. Alldiscordant instances must have a discriminant variable.2.5.1.7

New and Old Instances. Order of presentation is fundamentalto the ASOCS learning algorithm. The first instance presented to themodel is the oldest. When another instance is presented, it becomes thenew instance (NI) and the previous instance is the old instance (OI). Asnewer instances are presented, all older instances assume a subordinatepriority. The next five definitions are from the OI’s perspective.2.5.1.8

Subset. Let A B Z be an OI and A B C Z be the NI. Then theOI is a subset to the NI because it maps a smaller number of variables.2.5.1.9

Superset. Let A B C Z be the OI and A B Z the NI. Then theOI is a superset to the NI because it maps a larger number of variables.2.5.1.10

Equal. A B C Z and A B C Z are equal instances becausethey have the same input variables.2.5.1.11

Overlap. A B C Z and C D E Z are overlap instancesbecause they each have different input variables which are not animproper subset of one another.2.5.1.12

Discriminated. The NI contains a discriminant variable withrespect to the OI.2.5.2 LearningLearningThere are two aspects to learning: consistency and minimization.As each instance is incrementally learned, it is presented to the instanceset. As each new instance is learned, the network fulfills that instance.New instances (NI) always take precedence over old instances (OI). Theinstance set is always made consistent as each NI is learned. Theminimization uses only those algorithms which are quick. Consistency isnecessary to maintain the integrity of the network, while minimization is

8desirable for generalization (learning) and parsimony.2.5.2.1

Consistency. Two instances are inconsistent if their respectivesets of input variables can be simultaneously matched and they yieldcontradictory outputs. The input variables need not be the same for bothinstances. For example, the old instance (OI)A B Z and the NI C D Z are inconsistent because there is nodiscriminating variable. If the input state for the network were set to A BC D, both instances would match. Consistency is derived in variousmanners, depending upon the relationship between the two discordantinstances.2.5.2.1.1 Superset. The OI is deleted from the learned instance setwhen the OI is a superset to the NI. Note that the reference is alwaysmade from the OI’s perspective. For example, assume that these twoinstances exist: A B C Z OI deleted from instance set A B Z NI added as is to instance set2.5.2.1.2 Equal. The OI is deleted from the learned instance set. A B C D Z OI A B C D Z NIIn this example, the OI is deleted from the instance set, and the NIis added to the instance set.2.5.2.1.3 Subset and Overlap. Discriminant Variable Addition (DVA)is performed on the OI to make the instance set consistent. The OI isremoved and replaced with one or more new instances, each containing adiscriminant variable from the new instance. This ensures that theinstance set is consistent, and the OI still maintains its value.For example, assume that these two instances exist: A B C Z OI C D E Z NIThe NI is overlap. Variables D and E are not in the OI, therefore they canbe used for discrimination. After modification the instance set becomes: A B C D Z OI with variable D added A B C E Z OI with variable E added

9 C D E Z NIIn this example, two instances are created from the OI. The first instanceadds the negated variable D from the NI. The second instance adds thenegated variable E from the NI.For another example, assume that these two instances exist: A B Z OI A B C Z NIThe NI is subset. Variable C is not in the OI; thus it can be used fordiscrimination. This yields the following modified instance set: A B C Z new instance from OI A B C Z NIOnce a NI is consistent with all discordant OI’s, it may beminimized against all other concordant instances.2.5.2.2

Minimization. Minimization serves two purposes. First, itprovides parsimony to the instance set, reducing the number ofinstances. Minimization makes a physical implementation of theinstance set smaller and process faster. Second, it provides a means forASOCS to generalize or learn. This is one of the main goals of neuralnetworks. Minimization retains all pertinent information. Only thosekinds of minimization which compute quickly and have simplealgorithms are implemented. Minimization occurs only betweenconcordant instances (i.e. instances with the same polarity). There arethree basic boolean identities which are used to perform minimization:1. x + xy � x2. xy + xy � x3. x + x y � x + yThe resultant minimized instance set has no redundant instances.However, the minimization is not unique. There may exist other minimalinstance sets which are different, yet fulfill the same examples during

10execution.2.5.2.2.1 Normal Minimization. This type of minimization uses theboolean identityx + xy � x. If any OI is a subset or an equal instance to the NI, the NI isdeleted.A Z OI 1B Z OI 2A B Z NIIn this example the NI could be minimized against either of the two OI’s.The old instance set remains unchanged.If any OI is a superset to the NI, the OI is deleted. In this situation, theNI could cause many OI’s to be removed.A D E Z OI 1A C D Z OI 2A B Z OI 3A Z NIIn this example the NI would force all of the OI’s to be deleted. Thelearned instance set would contain only the NI.2.5.2.2.2 One Difference Minimization. This refers to the case wheretwo concordant instances contain one discriminant variable, and oneinstance is a subset of the other. 2.5.2.2.2.1

One Difference Equal

Minimization uses the boolean identity xy + xy � x. When twoinstances have exactly one discriminant variable, and the sameinput variables, this is called One Difference Equal Minimization.Both instances are replaced by one instance with the discordantvariable removed.A B C Z OI 1A B C Z OI 2A B C Z NI

11In this example the NI can minimize with either OI. The NI and thefirst OI will minimize to A C Z. Or the second OI and the NI willminimize to A B Z. The NI can not be minimized with both OI’s.Hence, as stated above, minimization is not unique.2.5.2.2.2.2

One Difference Superset Minimization Any OI which is asuperset to a NI, and has one discordant variable to the NI, can beminimized. This fact is based upon the boolean identity x + x y � x +y.A B C D Z OI 1A B E Z OI 2A B Z NIThe first OI and the NI minimize to A C D Z. NI is left intact. NIand the second OI minimize to B E Z. NI remains unchanged and isadded to the learned instance set in its original form.2.5.2.2.2.3

One Difference Subset Minimization An OI which is asubset to a NI, and has one discordant variable to the NI, can beminimized. Only the NI is altered, as in the example below.A D Z OI 1A B D Z OI 2A B C D Z NIIf the NI and the second OI are minimized, the new NI is A C D Z.Then if it is minimized with the first OI, the final NI is C D Z. Notethat if another order of minimization is used the result is different.NI and the first OI yield a new NI ofB C D Z. This modified NI and the second OI would not minimizebecause they are overlap to one another.Multiple minimizations are completed through arebroadcasting process. Rebroadcasting (also called ripple effect)means that a modified NI or OI is presented to the network more

12than once. Rebroadcasting continues until no instances change. Thisrebroadcasting process does not yield a unique set of instances, butdepends on the order of old instance minimizations against the newinstance. However, differing instance sets fulfill the same when usedin the execution phase. Rebroadcasting violates log n learning. If therebroadcasting is done during idle time, then the model stillmaintains fast learning times. Rebroadcasting is used in thesimulations developed for this thesis. It is automatically invoked inthe simulations whenever One Difference Minimizations occur.2.6

Priority ASOCS2.6 Priority ASOCSAnother style of the ASOCS model has been developed, calledPriority ASOCS [Hugh89]. The major difference is that each instancein the learning set has an explicit priority attached to it. The firsthas a value of 1, the second has 2 and so on. The higher number hasgreater priority. The explicit priority enforces the rule that eachNew Instance has higher priority than all Old Instances. Theadvantage this provides to the learning algorithm is in theelimination of DVA (section 2.5.2.1.3). This will become evident aswe go through the various consistency and minimization rules. Thesame conventions for defining superset, subset, equal, and overlapapply in this model as previously described in the traditional ASOCSmodel.2.6.1 LearningLearningLearning has the same requirements of consistency andminimization.2.6.1.1

Consistency. This applies to discordant instances. Thenumber after each instance is its priority.

132.6.1.1.1 Superset. The OI is deleted.NI: A B Z (2)OI: A B C Z (1)Delete the OI2.6.1.1.2 Equal. The OI is deletedNI: A B Z (2)OI: A B Z (1)Delete the OI2.6.1.1.3 Subset. NI is added, along with its higher priority and theOI remains. This in effect leaves the OI as a general rule (with lowerpriority) and the NI as an exception. Note that there is no DVA, thushelping to maintain parsimony.NI: A B C Z (2)OI: A B Z (1)Keep both instances2.6.1.1.4 Overlap. This is identical to subset. The NI is added and itshigher priority makes it an exception to the lower priority overlapinstances.NI: A B C Z (3)OI: B D Z (2)OI: C D Z (1)Keep the OI’s and NI.2.6.1.1.5 Discriminated. If there is a discriminant variable betweenthe two instances, there is no removal of the subset, superset orequal OI. A discriminated NI is treated the same as Subset andOverlap. NI is added. Conceptually, discriminated follows the idea ofan older general rule and a newer exception. The priority does nothave to be incremented because of the discriminant variable.NI: A B Z (2) priority could be (1)

14OI: A B C Z (1) Keep the OI and NI2.6.1.2

Minimization. Once the instance set is consistent, the sametypes of minimization are performed as in the basic ASOCS model.Minimization is used for parsimony and generalization. Concordantinstances (instances having the same output polarity) are comparedfor potential minimization. There are two types of minimization,Normal and One Difference.Another concept for minimization must be clarified at thispoint. Cont_Greater(OI) is a function which means contradictoryinstance greater than. It is true if there exists an instance whichcontradicts the New Instance and whose priority is greater than theOld Instance. Formally, Cont_Greater(OI)= true if { I (I contradicts NI) & (PR(I) > PR(OI))} ,otherwise false.Informally, it means that the new instance is a subset to theold instance. It may be removed if there is no interveningcontradictory instance. If there is a contradictory instance with apriority greater than OI’s, and less than NI’s, then the NI must bekept as an exception to the contradictory instance. Cont_Greaterwill become more evident in section 3.3.1.2.3. For example, assumethat the learned instance set contains:OI: A B Z (1)OI: A C Z (3)If NI A B D Z (5) is presented (which is a subset to the first OI),then because the second OI contradicts the NI, and has a higherpriority than the first OI, the NI is added. If the second OI did not

15exist, then the NI would not be added.2.6.1.2.1 Normal Superset. OI is deleted. For example:NI: A B Z (2)OI: A B C Z (1) delete OI2.6.1.2.2 Normal Equal. Delete OI. For example:NI: A B Z (2)OI: A B Z (1) delete OI2.6.1.2.3 Normal Subset. Add the NI if Cont_Greater(OI) else deleteNI. For example:NI: A B C Z (6)OI: A B Z (3)OI: A C Z (5)with the second OI in the set, include NI, else delete NI. Note that ifthe contradictory instance had a priority of 2 or 1 (rather than 5),then there would be no need for NI, as it is subsumed by the OI.2.6.1.2.4 One Difference Superset. Delete the one differencevariable from the OI. For example:NI: A B Z (2)OI: A B C Z (1)becomeNI: A B Z (2)OI: A C Z (1) one difference variable B is removed2.6.1.2.5 One Difference Equal. If Cont_Greater(OI) then Add NI &Modify OI else Delete OI & Delete One Difference variable from NI & addmodified NI.Case 1NI: A B C Z (5)OI: A B C Z (1)becomesNI: A C Z (5) and OI deleted.

16Case 2NI: A B C Z (5)OI: A B C Z (1)OI: A B Z (3)The first OI is minimized with NI because the second OIis Cont_Greater. This yields:NI: A B C Z (5)OI: A C Z (1) variable B removedOI: A B Z (3)2.6.1.2.6 One Difference Subset.If Cont_Greater(OI) thenAdd NIelseremove One Diff variable from NI *.if Cont_Greater(OI) thenadd NI without modificationelse*.Case 1NI: A B C Z (3)OI: A B Z (1)OI: A C Z (2)The NI is added unchanged because the second OI is Cont_Greater().Case 2NI: A B C Z (3)OI: A B Z (1)The NI is minimized to yield:NI: A C Z (3) variable B removedOI: A B Z (1)Note that in this model, as in the basic ASOCS (discussed in2.5.2.2.2), minimizing the one difference variable provides theopportunity (but not the requirement) to rebroadcast the minimized

17instance to the instance set for further minimization. Backgroundprocessing could perform this function when the network is idle.2.6.1.3

Equal Priority. In the discussion about the Priority ASOCSthe increment of the New Instance priority has been assumed to be1. This is called normal priority. In fact it is necessary to incrementthe priority only when needed to avoid an inconsistency. In otherwords: Leave the priority at the last one used unless the addition ofthis instance makes the learned instance set inconsistent. Forexample, OI A B Z (1) encounters NI of A B C Z . If the priorityof NI is not at least 2, the instance set will be inconsistent. However,if NI is A B Z , then the discriminant variable B allows the priorityof the NI to stay at 1.The effect of this algorithm change to Priority ASOCS is toreduce the value of the highest priority. However, this does notalter the consistency or minimization algorithms. The learnedinstance set still fulfills the same during execution phase. For thisthesis, incrementing the priority only for inconsistent instances iscalled Equal priority. It will be shown later in the thesis in sections4.6.3.3 and 4.6.3.4 that when Mutual Exclusion (defined in 2.6.1.4)is used with training-set-style data, there is always a discriminantvariable and thus the priority stays at 1 (hence the notion of equal).The only time the priority increases is when there is an inconsistentinstance presented for learning.2.6.1.4

Mutual Exclusion. All variables used in thisdiscussion have been boolean. They either are positive ornegative (A or A ). The negative is mutually exclusive of thepositive polarity and the combination of positive and

18negative completely define the set space of the variable. Inthe next two chapters, training set data is discussed whichcontains analog data. Some of this data needs to bediscretized (subclassified) into more than two classes. Theremay be any number of subclasses needed to properly representa variable. There are two approaches to this problem:Figure 3 - Mutual Exclusion

2.6.1.4.1 Multiple separate variables. If an analog variable needs tobe grouped into four subclasses, each subclass can be represented bya different symbol. In this case letters of the alphabet are used.Thus a variable representing temperature which ranges from 0ł C to45ł C might be broken into these subclasses: 0 - 10 , 11 - 20, 21- 39,40 - 45. The first could be represented by A, the second by B, and soon (see Figure 3). Note that the symbols have no implied relationshipto one another, nor are they mutually exclusive, and polarity canstill be used. The problem with this approach is that DiscriminantVariable Addition occurs a great deal because of all the overlapvariables. This leads to very large instance set sizes.For example, let OI A G K Z and NI B C F Z be two instancesrepresenting some analog examples. In order to make the instanceset consistent, the OI must be modified to become 3 instances, eachone containing one of the overlap variables from the NI:A G K B ZA G K C ZA G K F ZThese three instances allow the OI to be discriminant with all threeoverlap variables in the NI. This ensures consistency.

19Thus, the DVA growth will increase according to the number ofoverlap variables.2.6.1.4.2 Mutually Exclusive Subclasses. The same analog variablecan be classified using the same subranges in such a way that thesubranges are mutually exclusive. The variable is described by aMajor Class represented by a symbol (e.g. T for temperature), and aminor class which is represented by multiple symbols, one persubrange (e.g. a b c d). Thus the temperature variable is described asT:a for the first subrange, T:b for the second and so on. Note thatthe subranges are mutually exclusive because only one minor class isallowed with the major class. This technique of representing morethan two subclasses is called Mutual Exclusion. The variables aresometimes called multi-state inputs.2.6.1.5

Polarity versus Mutual Exclusion. Both solutions to thesubclassification (discretization) problem permit polarity. Thiscreates confusion when more than two subclasses are used. Forexample, T:a means temperature not between 0ł and 10ł. It couldbe in subclass b, c, or d. In order to avoid this confusion, the policyof no polarity for mutually exclusive variables (more than 2discretizations) is followed. Also, for the sake of uniformity, if atleast one input variable to an instance needs to use MutualExclusion, then all input variables must use Mutual Exclusion. ThusA and A are represented as A:a and A:b.3. Training Set Applications3. Training Set ApplicationsThis chapter presents the eight data sets used to test the

20ASOCS instance set model. The first two are included to show thatASOCS can easily handle the classical test cases. The last six setsdemonstrate weaknesses (discussed in chapter 4) in the ASOCSmodel for handling training set data. Raw data is gathered for eachdata set. Then the data is mapped into ASOCS instances.In order to run the data through the ASOCS simulator, severaldifferent mappings are done. The mappings yielding the bestrecognition for each data set are shown in chapter 4.3.1

Exclusive Or3.1 Exclusive OrThe first set of 2 input Exclusive Or data is very small, butdifficult for many classical neural nets to learn. For example, theback propagation model takes several thousand repetitions of thetraining set to generalize. The back propagation model can get stuckin local minima [McCl86] pp 331 - 334. ASOCS handles it easily. Thetwo input exclusive or data set is:0 0 00 1 11 0 11 1 0Figure 3.1 Exclusive Or Training SetFigure 3.2 is the complete training set mapped for ASOCS. Astands for the first variable, B stands for the second variable. Theapostrophe marks a negated versus a non-negated variable. Thistraining set has 100% recognition. This example is included to showthat ASOCS handles the classical neural net test case easily.A B ZA B ZA B ZA B ZFigure 3.2 2 Input Exclusive Or mapped for ASOCS

213.2

4 bit Encoder3.2 4 bit EncoderThe second set of Encoder data is also small, and difficult forother neural nets to learn [McCl86] pp 335 - 339. The Boltzmannmachine takes many thousands of iterations to solve this problem.The chosen sample training set shown below comes from McClelland:0 0 0 0 00 0 0 1 10 0 1 0 10 1 0 0 11 0 0 0 11 1 1 1 01 1 1 0 11 1 0 1 11 0 1 1 10 1 1 1 10 0 1 1 00 1 1 0 01 1 0 0 01 0 0 1 01 0 1 0 00 1 0 1 0 Figure 3.3 4 bit Encoder Training SetFigure 3.4 is the complete training set mapped for ASOCS.This training set maps like the previous data set; each letter is therespective variable. This training set has 100% recognition. Onceagain, it is included only to show that ASOCS learns one of theclassical test cases easily.A B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D ZA B C D Z

22A B C D ZA B C D ZA B C D ZFigure 3.4 Encoder Data mapped for ASOCS3.3

House Vote Statistics3.3 House Vote StatisticsThe third data set is House Vote Statistics from 1984Congressional voting on 16 issues [Schl87]. Jeff Schlimmer testedthe data using an incremental conceptual clustering network modelto learn political party voting bias. He got 90 - 95% correctclassification. This data set uses 16 voted issues to predict by thevoting pattern whether the politician is a Republican or a Democrat.It is obtained from the Irvine Computer Learning Database. Thereare many missing votes. They may mean several things, but aresimplified to one type in the raw data set. Of the 435 instances, 267are democrats and 168 are republicans. All 16 input variables takeon one of 3 values: yes, no, unknown. The single output variable isRepublican or Democrat. The attributes of this voting data set are: Output. Class Name: (democrat, republican) 1. handicapped-infants: (y,n) 2. water-project-cost-sharing: (y,n) 3. adoption-of-the-budget-resolution: (y,n) 4. physician-fee-freeze: (y,n) 5. el-salvador-aid: (y,n) 6. religious-groups-in-schools: (y,n) 7. anti-satellite-test-ban: (y,n) 8. aid-to-nicaraguan-contras: (y,n) 9. mx-missile: (y,n)10. immigration: (y,n)11. synfuels-corporation-cutback: (y,n)12. education-spending: (y,n)13. superfund-right-to-sue: (y,n)14. crime: (y,n)15. duty-free-exports: (y,n)16. export-administration-act-south-africa: (y,n)Figure 3.5 Voting Data Variable Description

23Below is a sample of the raw data.republican,n,y,n,y,y,y,n,n,n,y,?,y,y,y,n,yrepublican,n,y,n,y,y,y,n,n,n,n,n,y,y,y,n,?democrat,?,y,y,?,y,y,n,n,n,n,y,n,y,y,n,ndemocrat,n,y,y,n,?,y,n,n,n,n,y,n,y,n,n,ydemocrat,y,y,y,n,y,y,n,n,n,n,y,?,y,y,y,ydemocrat,n,y,y,n,y,y,n,n,n,n,n,n,y,y,y,ydemocrat,n,y,n,y,y,y,n,n,n,n,n,n,?,y,y,yrepublican,n,y,n,y,y,y,n,n,n,n,n,n,y,y,?,yrepublican,n,y,n,y,y,y,n,n,n,n,n,y,y,y,n,yFigure 3.6 Sample Votes in Original DataAll variables are discretized using Mutual Exclusion. All 16input variables are discretized three ways, y n and ?. Republican ispositive output, Democrat is negative ( no bias is intended orimplied).A:n B:y C:n D:y E:y F:y G:n H:n I:n J:y K:? L:y M:y N:y O:nP:y VA:? B:y C:y D:? E:y F:y G:n H:n I:n J:n K:y L:n M:y N:y O:nP:n VA:y B:y C:y D:n E:y F:y G:n H:n I:n J:n K:y L:? M:y N:y O:yP:y VA:n B:y C:n D:y E:y F:y G:n H:n I:n J:n K:n L:n M:? N:y O:yP:y VA:n B:y C:n D:y E:y F:y G:n H:n I:n J:n K:n L:y M:y N:y O:nP:y VA:n B:y C:n D:y E:y F:n G:n H:n I:n J:n K:? L:? M:y N:y O:nP:n VFigure 3.7 Voting Data for ASOCSThe first line of figure 3.7 is a republican who voted No onhandicapped infants ( A), Yes to water project cost sharing (B), No toadoption of the budget resolution (C), etc..3.4

Zener Diode3.4 Zener DiodeThe fourth data set is the Zener Diode data obtained from HillAir Force Base at Ogden Utah from Dr. Lloyd Allred [Allr88]. Zenerdiodes are used to protect the integrated circuitry on computer

24boards which control guided missiles. If the diodes take a largevoltage surge, then they may be damaged. Current detection offaulty diodes is done manually with an oscilloscope. Dr. Allred used aBayesian Classifier network to classify the diodes into 6 classes: onegood and five bad. He obtained 90% recognition. Each instanceconsists of twelve input variables, all of which are analog values, asfollows:1. minimum voltage,2. maximum voltage,3. through 12 are various slope calculations of awaveform.The output variable is a digit from 0 to 5, indicating theclassification of a diode. The classifications are:0: Good,1: Bad Amp,2: Open Bottom,3: Open Top,4: Short Bottom,5: Short Top.Only the first class is acceptable, the others are bad. There are68 samples in the training set used for learning and 51 samples inthe training set used for execution. Below is a sample of the data. -.860 .88 .191 .315 .364 .679 .802 .187 .331 .394 .662 .812 BadAmp1 -.925 .92 .175 .300 .344 .694 .831 .153 .259 .282 .747 .841 Good0-1.120 1.04 .187 .325 .381 .669 .806 .154 .243 .278 .751 .846 OpenBottom2-1.165 .98 .182 .312 .359 .682 .812 .175 .299 .351 .695 .825 OpenBottom2-1.115 .97 .188 .345 .418 .667 .812 .182 .296 .346 .704 .818 OpenBottom2

25 -.020 1.06 .273 .364 .636 .818 .909 .168 .289 .335 .711 .838 ShortBottom4-1.020 1.02 .184 .323 .361 .696 .823 .156 .263 .305 .736 .844 Good0-1.080 1.20 .161 .286 .323 .708 .826 .183 .311 .384 .683 .817 OpenTop3 -.900 1.00 .160 .265 .296 .735 .846 .176 .297 .333 .703 .824 13 Good0Figure 3.8 Sample Zener Diode DataFor example the first line means that the minimum voltage is-.860, the maximum voltage is .88, the first slope measurement hasa voltage of .191 etc., and the resultant classification is a Bad Amp.This training set is mapped using both Mutual Exclusion andNon-Mutual Exclusion.3.4.1 Without Mutual ExclusionWithout Mutual ExclusionIn this set each of the variables is discretized into foursubclasses. Four unique characters represent each variable. The firstfour letters of the alphabet in lower case are for the first variable (a,b, c, d). The next four letters are for the second variable (e, f, g, h).This pattern continues for each of the other 10 input variables. Theoutput variable uses polarity to distinguish good diodes from baddiodes. Negative polarity marks all five classes of bad diodes,positive polarity marks the class of good diodes.b g j n r w B C H L Q V aa g j n r w B C H L Q V ad g k o t x B C H L Q V aFigure 3.9 Zener Diode Data Mapped to ASOCSThe first entry in figure 3.9 has the minimum voltage in thesecond subrange b (a, b, c, d are used for this variable), maximumvoltage in the third subrange g (e, f, g, h), the first slope in thesecond subrange j (i, j, k, l) and so on. The output value of a meansthat the sample is for a bad diode.3.4.2 With Mutual ExclusionWith Mutual ExclusionIn this set, each variable is assigned a major class and thenbroken into mutually exclusive subclasses. In figure 3.10 eachvariable is discretized into four. The six types of diodes are

26represented by subclasses a - f. a is good, with the other lettersrepresenting bad amp etc. in the same order as the raw data listingof bad types.A:b B:c C:b D:b E:b F:c G:d H:a I:b J:b K:c L:d a:bA:b B:c C:b D:b E:b F:c G:d H:a I:b J:b K:d L:d a:aA:b B:c C:b D:b E:c F:c G:d H:a I:b J:b K:d L:d a:cFigure 3.10 Zener Diode Mutual Exclusion MappingThe firstexample in figure 3.10 has minimum voltage denoted by the symbolA with the subclass of b (a, b, c, d are the four possible). Maximumvoltage is B in the third subrange c (the same characters can bereused because they are mutually exclusive within the range of therespective variables). The first voltage slope is C in the secondsubrange b, and so on.3.5

Hepatitis Survival3.5 Hepatitis SurvivalThe fifth data set is Hepatitis Survival data [Gong88]. It isprovided by Gail Gong from research data obtained in Yugoslavia.The data set uses 19 variables which describe the medical conditionof a patient to see if a correct classification can be made as towhether the patient lives or dies. Between 80 - 83% recognitionrates are achieved by Gail Gong. This data set is also obtained fromthe Irvine Computer Learning Database. There is 1 output variableand 19 input attributes:Class: DIE, LIVE. This is the only output variable.1. AGE: 10, 20, 30, 40, 50, 60, 70, 80;2. SEX: male, female;3. STEROID: no, yes;4. ANTIVIRALS: no, yes;5. FATIGUE: no, yes;6. MALAISE: no, yes;7. ANOREXIA: no, yes;8. LIVER BIG: no, yes;9. LIVER FIRM: no, yes;10. SPLEEN PALPABLE: no, yes;11. SPIDERS: no, yes;

2712. ASCITES: no, yes;13. VARICES: no, yes14. BILIRUBIN: 0.39, 0.80, 1.20, 2.00, 3.00, 4.0015. ALK PHOSPHATE: 33, 80, 120, 160, 200, 25016. SGOT: 13, 100, 200, 300, 400, 500,17. ALBUMIN: 2.1, 3.0, 3.8, 4.5, 5.0, 6.018. PROTIME: 10, 20, 30, 40, 50, 60, 70, 80, 9019. HISTOLOGY: no, yesFigure 3.11 Hepatitis Variable DescriptionThere are many missing values in the data. They are denotedby ’?’. Of the total 155 samples, 32 died and 123 lived. Here is asample of the raw data. The first line is the first letter of eachattribute, which is useful for correlating the data.C a s s a f m a l l s s a v bil al s alb ph i s 2,30,2,1,2,2,2,2,1,2,2,2,2,2,1.00,85, 18,4.0, ?,12,50,1,1,2,1,2,2,1,2,2,2,2,2,0.90,135,42,3.5, ?,12,78,1,2,2,1,2,2,2,2,2,2,2,2,0.70,96, 32,4.0, ?,12,31,1,?,1,2,2,2,2,2,2,2,2,2,0.70,46, 52,4.0,80,12,34,1,2,2,2,2,2,2,2,2,2,2,2,1.00,? ,200,4.0, ?,12,34,1,2,2,2,2,2,2,2,2,2,2,2,0.90,95, 28,4.0,75,11,51,1,1,2,1,2,1,2,2,1,1,2,2,? , ?, ?, ?, ?,12,23,1,2,2,2,2,2,2,2,2,2,2,2,1.00, ?, ?, ?, ?,12,39,1,2,2,1,2,2,2,1,2,2,2,2,0.70, ?, 48,4.4, ?,12,30,1,2,2,2,2,2,2,2,2,2,2,2,1.00, ?,120,3.9, ?,12,39,1,1,1,2,2,2,1,1,2,2,2,2,1.30,78, 30,4.4,85,1Figure 3.12 Sample Hepatitis DataThe first line of figure 3.12 means that the patient lives (2), isthirty years old (30), is female (2), does not take steroids (1), hasantivirals (2), fatigue (2), malaise (2), anorexia (2), a small, firm liver(1,2), palpable spleen (2), spiders (2), ascites (2), varices (2), abilirubin count of 1.00, alkaline phosphate of 85, sgot of 18, albuminof 4.0, unknown protime (?), and no histology (1).3.5.1 With Missing Values using Mutual ExclusionWith MissingValues using Mutual Exclusion

28The nineteen input variables are all mapped using MutualExclusion, even though 13 of them are boolean. The first, and the14th through 18th input variables have higher numbers ofdiscretization (see the variable list figure 3.11 for the break pointsused). Because the output is boolean, polarity is adequate to denoteliving versus dying. Any missing values are marked by a ?.A:b B:a C:b D:a E:a F:a G:a H:b I:a J:a K:a L:a M:a N:b O:b P:a Q:b R:? S:b LA:d B:b C:a D:a E:b F:a G:a H:a I:a J:a K:a L:a M:a N:a O:b P:a Q:b R:? S:b LA:b B:b C:a D:a E:a F:a G:a H:a I:a J:a K:a L:a M:a N:b O:? P:c Q:a R:? S:b LA:c B:b C:b D:a E:b F:a G:b H:a I:a J:b K:b L:a M:a N:? O:? P:? Q:? R:? S:b LA:b B:b C:a D:a E:b F:a G:a H:a I:b J:a K:a L:a M:a N:a O:? P:a Q:a R:? S:b LA:b B:b C:b D:b E:a F:a G:a H:b I:b J:a K:a L:a M:a N:b O:a P:a Q:b R:e S:b LFigure 3.13 Hepatitis Data for ASOCSThe first example in figure 3.13 is a patient who lives with hisage between 20 and 30 (A:b), sex is male (B:a), yes to steroids (C:b),no to antivirals (D:a) etc..3.5.2 Without Missing ValuesWithout Missing ValuesThe only difference with this set from the previous is that anyinstance with missing values is discarded. This cut the number ofinstances in half. This grouping is used in chapter 5 for a discussionon missing data.A:c B:b C:a D:a E:a F:a G:a H:a I:a J:a K:a L:a M:a N:b O:a P:a Q:c R:c S:b LA:b B:b C:b D:a E:b F:b G:a H:a I:a J:a K:a L:a M:a N:b O:b P:a Q:b R:f S:b LA:d B:b C:b D:a E:b F:a G:a H:b I:b J:a K:a L:a M:a N:b O:a P:a Q:b R:f S:b LA:b B:b C:b D:b E:b F:b G:a H:a I:b J:a K:a L:a M:a N:c O:d P:a Q:b R:c S:b LA:b B:a C:b D:a E:a F:a G:a H:a I:b J:a K:a L:a M:a N:a O:b P:a Q:b R:d S:b LA:b B:b C:a D:a E:b F:b G:b H:a I:a J:b K:a L:a M:a N:b O:c P:b Q:b R:f S:b LFigure 3.14 Hepatitis Data, no Missing Variables3.6

Monk Data Sets3.6 Monk Data SetsThe last three training sets come from a combined study oflearning algorithms, published by Carnegie Mellon University inDecember 1991 [Carn91]. They are called the MONK’s problems.Each example in all three training sets has six discrete-valued inputvariables. The output variable is either 1 or 0. The attributes havethe following subclassifications:attribute#1 : {1, 2, 3}

29attribute#2 : {1, 2, 3}attribute#3 : {1, 2}attribute#4 : {1, 2, 3}attribute#5 : {1, 2, 3, 4}attribute#6 : {1, 2}Thus, the six attributes span a space of 432 = 3x3x2x3x4x2examples.The "true" concepts underlying each MONK’s problem aregiven by:MONK-1: (attribute#1 = attribute#2) or (attribute#5 = 1)MONK-2: (attribute#n = 1) for EXACTLY TWO choices of n (in{1,2,...,6})MONK-3: (attribute#5 = 3 and attribute#4 = 1) or (attribute#5 != 4 and attribute#2 != 3)MONK-3 has 5% additional noise (misclassifications) in thetraining set.Here is a sample of the data from the MONK-1 training set:data_37: 1 1 2 2 3 1 1data_39: 1 1 2 2 4 1 1data_42: 1 1 2 3 1 2 1data_50: 1 2 1 1 1 2 1data_51: 1 2 1 1 2 1 0data_53: 1 2 1 1 3 1 0data_56: 1 2 1 1 4 2 0Figure 3.15 Sample Monk-1 DataAll three training sets use a complete set of their respective432 examples for testing the learned instances. MONK-1 has arandom selection of 124 instances for the learning phase, MONK-2has 169 instances for learning, and MONK-3 has 122 instances. Inthe article in [Carn91], these data sets are tested against 15

30learning models, with varying degrees of success.All three training sets are mapped into both mutuallyexclusive and non-mutually exclusive training sets. Below are twoexamples of the same data from MONK-1:6 a d h i m q V7 a d h j n p V8 a d h j o p V9 a d h k l q V10 a e g i l q V11 a e g i m p V’12 a e g i n p V’Figure 3.16 Monk-1 Data Non-Mutual ExclusionThe first line of figure 3.16 means that the 6th data samplehas attribute 1 as 1 (a of a, b, c),attribute 2 as 1 (d of d, e, f),attribute 3 as 2 (h of g, h), attribute 4 as 1 (i of i, j, k), attribute 5 as2 (m of l, m, n, o), and attribute 6 as 2 (q of p, q) for an output of 0.6 A:a B:a C:b D:a E:b F:b V7 A:a B:a C:b D:b E:c F:a V8 A:a B:a C:b D:b E:d F:a V9 A:a B:a C:b D:c E:a F:b V10 A:a B:b C:a D:a E:a F:b V11 A:a B:b C:a D:a E:b F:a V’12 A:a B:b C:a D:a E:c F:a V’Figure 3.17 Monk -1 Data Mutual ExclusionFigure 3.17 has the same data mapped as figure 3.16, so thetranslation of A:a etc. follows the same pattern. This sameprocedure applies to the Monk-2 and Monk-3 training data sets.4. Problems and Extensions to the basic ASOCS model4.Problems and Extensions to the basic ASOCS modelAt the start of chapter 2 several differences between training-

31set-style data learning and incremental rule learning are discussed.ASOCS is not designed to handle training-set-style data. In thischapter, it is suggested how ASOCS can be extended to deal withtraining set data. Five problems are discussed in this chapter. Notall of the problems have a solution provided in this thesis. Sixextensions are discussed. The extensions to the basic ASOCS modeldemonstrate the ability to handle training set data.4.1

Table Terminology4.1 Table TerminologyThroughout this chapter there are many tables used toillustrate and clarify the issues discussed. The data in these tables ishelpful in understanding the problems and extensions to the basicASOCS neural network. These tables contain the results of runningthe simulator with the various training data sets. The columns arelabeled and described as follows:- Compute Time. The number of seconds and minutes to completethis test run.- # Learned Instances. How many of the original training setinstances remain, along with any DVA instances or modified traininginstances. This is an indication of the ability of the algorithm toperform generalization or parsimony on the learned instance set.- # Instances Recognized. This column lists the number of instances(training set examples) in the test set which are correctlyrecognized (matched) when the model is in execution mode. Thisrecognition comes in two forms:1. Exact Match. This is the only form used until the generalizationsection (4.6). This means that the model finds an instance in itslearned instance set which exactly matches all input variables with

32the test instance. These matchings may be equal or subset.2. Close Recognition. This is explained in section 4.6.- Number of Variables. The number of input variables in eachinstance. Note that most training set data usually use the samevariables for all examples. In the case of the six training sets used inthis thesis, all of them use all of the variables provided in the rawtest data.Note that in the generalization section 4.6 there are severalother column types. These are explained in that section.4.2

Mutual Exclusion4.2 Mutual Exclusion4.2.1 Zener DiodeZener DiodeThis Mutual Exclusion problem appears when working with thefourth set of data (Zener Diode). There is no way to map a variableinto more than two subclasses without Mutual Exclusion1. A and A (True and False ) are the limit of discretization without going to asubclass. There are no instances matched when the Zener diode datais tested using the basic ASOCS model (Figure 3.9 where differentvariables are used for discretization). The failure to match is due tothe fact that each variable represents a completely separate domainto the ASOCS model. There is no implied mutual exclusivity betweenvariables A B C and D, even though they may be used to representminimum voltage. Discriminant Variable Addition which makes theinstance set consistent, causes the number of instances to grow

1 a variable with four values could be mapped into A B, A B , A B, A B . However, thisintroduces the inefficiency of more variables. Also, One Difference Minimization of theinstance becomes difficult when each analog variable is represented by two discretevariables.

33rapidly. Large instance size is the primary cause for theindeterminate calculation times shown in Figure 4.1.With the use of a multi-state variable, the Mutual Exclusionproblem is solved. Each subclass automatically implies mutualexclusion because if it is in a, it can not be in b or c. In order tohandle consistency of discordant instances and minimization ofconcordant instances, polarity is never combined with MutualExclusion (as discussed in 2.6.1.5). For example, a variable with only2 subclasses (A and A ) is represented as A:a and A:b. Anotherexample, for a three state variable Z, Z:c means Z:a and Z:b. This isundesirable for the consistency and minimization algorithms, and isavoided.Each variable in the Zener Diode set is evenly discretized in alltests. The first set (figure 3.9) has binary outputs, with good versusbad as positive and negative polarity. Using these techniques, thebest simulator results on the Zener Diode data are 36 matchedcorrectly out of 51 using 4 subclasses. This concurs exactly withLloyd Allred’s results of 36 out of 51 classified with 100% accuracy.Lloyd Allred’s results mean that the Bayesian Classifier matcheswith no margin of error 36 out of the 51 examples. The other 15examples have some degree of uncertainty in the determination ofan answer. The uncertainty is due to mismatches with some of theslope variables. Of the 68 training instances, 43 remain in thelearned instance set.The results are much poorer when tested with differentnumbers of subclasses (this is explained in section 4.3). Also, no OneDifference minimization is used, as another problem occurs with it.

34This is explained in the One Difference section (4.4).The next test runs use Mutual Exclusion for the outputvariable as well. The best success is once again with 4 subclasses.Matches are still 36 out of 51 test cases. There is one Bad Amprecognized as an Open Bottom. However, the raw data shows thatthe differences in the analog values are so small as to make theclassification rather arbitrary. Bad Amp and Open Bottom have veryclose minimum and maximum voltages.The empirical data tested on the simulator suggests that thisextension is useful.4.2.2 Voting DataVoting DataThe voting data has no analog values in it. Each variable isbroken into threesubparts, yes, no and don’t know1. With no Mutual Exclusion, theproblem is not solvable using the simulator. The simulator’s resultsimprove when multi-state variables are used.When Mutual Exclusion is used, the recognition is higher (6 outof 47), number of instances in the learned instance set are smaller(301), and execution time is drastically shorter ( 50 minutes ). Thepoor recognition rate of 6 out of 47 shows that the basic ASOCSneural network with this one enhancement is still not robust enoughto make it useful for this training data set. However, the MutualExclusion feature is a step in the right direction.4.2.3 HepatitisHepatitisThe hepatitis data set is not attempted in a separate variable

1 Simply removing the unknown variables and treating them as don’t care is anotheralternative. This is explored in the missing data section (4.5)

35scenario (Non-Mutual Exclusion). The large number of variables (19)makes it a more difficult problem to solve than the voting data set.For example, if each of the 19 variables are divided into 4subclasses, the total number of combinations is 419 or 2.74878*1011. 139 instances out of 2.7487 *1011 total instances possible,or 5.05694*10-8 %, is an extremely small sample size. This pointsout a difficulty of ASOCS dealing with large numbers of variables.However, this is not the only problem with the Hepatitis data set.Other problems are discussed in other sections of this chapter.The Mutual Exclusion simulation runs show 0 success. Theexecution time is reasonable, and the 139 training instancesproduced 139 instances in the learned instance set. In other words,the model can not perform any minimization or generalization(learning) on the training set.BasicASOCSMutualExclusionData SetComputeTime# LearnedInstancesComputeTime# LearnedInstances#InstancesRecognizedNumberVariablesZenerDiodeNeverFinished> 1,0001.9minutes43/6836/5112VoteNeverFinished> 1,00050.45 min301/3886/4716HepatitisNeverFinished> 1,00011.22 min139/1390/1619Figure 4.1 Mutual Exclusion Test RunsThese tests suggest that the Mutual Exclusion enhancementhelps the basic ASOCS model deal with training-set-style data byelimintating DVA, but is not sufficient to handle the sets well.4.3

Arbitrary Discretization4.3 Arbitrary Discretization

36Figure 4.2 - Zener Diode Min & Max Voltage

Simple discretization routines are used to map the trainingset data into ASOCS instances. They read in the raw data and evenlydivide the range of each variable into the desired number ofsubclasses. However, the distribution of values over the range of avariable are rarely evenly distributed. Consequently the subclassesdo not properly represent good classification of the variable. Figure4.2 shows the minimum and maximum voltages for Zener Diode.They are not evenly distributed, but tend to cluster in certainportions of the range. The four subclasses marked in the figure arenot the best that is being accomplished by a more intelligentclustering mechanism [Bert92]. In neural network research thetopic of unsupervised classification, or spontaneous learningaddresses this issue [Koho82], [Kosk87], [McCl86], [Sutt81a].Currently neural network research is being done at Brigham YoungUniversity to address this issue [Bert92]. It is beyond the scope ofthis thesis to solve this problem. It is also well researched inclassical statistical analysis [Allr88].Another problem with classification (in general as well as withASOCS) is that sometimes the difference between two classes is verysmall, leaving little room for error. In the Zener Diode case, thereare many diodes which are marginal, having very small differencesbetween an acceptable voltage and a bad one. Manual classificationof these marginal cases can be arbitrary and debatable. This onlyadds to the difficulty in performing correct classifications.In order to verify that a solution for this problem is useful, amanual discretization on the Zener Diode data set is performed. The

37first two variables of minimum and maximum voltage (see figures4.4, 4.5) are discretized into 3 subclasses and the rest of thevariables are put into one class each (in effect rendering theirinformation value useless, or removing them from the set). Thebreakpoints for the discretization on the two variables were placedon the limits of the good diode voltages.This somewhat optimal configuration is achieved only afterseveral iterations and test runs. This points out that training setdata has errors and noise which may have to be resolved by aniterative approach. However, non-iterative algorithms could bederived.The first test uses binary values for the output variable, sothat good diodes and bad diodes are in two sets. The run time is 36seconds, with 9 instances in the learned instance set, and all testsets are recognized (see Figure 4.3). Figure 4.4 is a sample of thetraining set, and figure 4.5 a complete list of the learned instanceset. Note that only one instance defines the good diodes. This isbecause the discretization grouped them into one set, with bothvariables being subset b when the diode is good. All othercombinations of the three subclasses for both voltage variables (32 -1= 8) are bad diodes. The term smart in table 4.3 means that thesubclassification of the max and min voltage variables ispreprocessed to a more optimal level than merely evenly subdividingthe range of the variable.Training Set(all Zener Diode)ComputeTime# in Learned Setout of 68# Matched out of51# M a t c h e d IncorrectlyNormal Binary110 secs43360Normal Mutual Excl112 secs43361S m a r t D i s c r e t e Binary36 secs9510S m a r t D i s c r e t e Mutual Excl38 secs9517Figure 4.3 Smart Discretization TestsA:a B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:c B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’

38A:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:b B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c aA:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’Figure 4.4 - Sample Training SetA:a B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:b B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:a B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:c B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:c B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:a B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’A:b B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c aA:c B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a’Figure 4.5 - Complete Learned Instance SetThe next set of data (figures 4.6, 4.7) also uses MutualExclusion on the output variable. There are still only 9 instances inthe learned instance set, and simulator execution takes 38 seconds.Although all 51 test instances are recognized, there is someconfusion on recognizing Short Bottom versus Bad Amp and OpenBottom versus Open Top. The confusion is due to the similarities inthe voltage output patterns for these types, and the loss ofinformation by not using the other ten variables. Nevertheless, thereis no incorrect recognition of a good versus a bad diode.A:a B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:cA:c B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:eA:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:fA:b B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:aA:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:fFigure 4.6 - Sample Training SetA:c B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:eA:a B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:fA:b B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:dA:a B:c C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:cA:c B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:b

39A:b B:a C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:fA:c B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:eA:a B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:cA:b B:b C:c D:c E:c F:c G:c H:c I:c J:c K:c L:c a:aFigure 4.7 - Complete Learned Instance SetThis manual (smart) classification suggests that there is roomfor improvement utilizing the ASOCS neural network by providingsome sort of intelligent preprocessing and classification.Note that the two variable test runs on the Zener Diode dataare an example of the Critical Variable concept discussed in section2.2. One of the goals of neural networks is to learn which variablesare the most important.4.4

One Difference Minimization with Mutual Exclusion4.4One Difference Minimization with Mutual ExclusionIn chapter 2 we discussed One Difference Minimization. This isan important feature of the ASOCS model to help performgeneralization and learn the important features of the instancespresented to the network. Without Mutual Exclusion, there is noproblem with completely removing the one different variable. WithMutual Exclusion, the situation becomes more complex. Let A:b C:aZ and A:c C:a Z be two instances which attempt One DifferenceEqual minimization. From section 3.2.2.2.2, the second instance isremoved and the A variable is minimized from the first instance,yielding C:a Z. The removal of the A variable is erroneous because itcontains more information than just A:b and A:c. The A:a subclass isnot available for discrimination, thus information is lost. The OneDifference Minimization problem exists in all of the last six datasets.

404.4.1 Modify One Difference AlgorithmModify One DifferenceAlgorithmIn order to solve the One Difference Minimizationshortcoming, the one difference minimization routine is modified.Instead of removing the variable, its subclasses are combined, andthe modified instance is larger. Using the previous example, the A:band A:c are not removed, but combined into A:(b or c). The newinstance now becomes : A:(b or c) C:a Z.This extension to the basic ASOCS model increases its timeand space complexity. The processing speed is slightly slower andthe ASOCS internal architecture expands. The consequence ofrepeated use of this enhancement is to remove the variable when allof its subclasses minimize into one instance. For example, if A(a or bor c) completely maps the set that A describes, then the originalOne Difference Minimization technique would cause A to be removedfrom the instance. It probably requires a large number of traininginstances to have the minimization process remove a completelymapped variable. None of the eight training sets studied in thisthesis has more than 388 training instances, which is far too few toverify that a variable would be removed.Here is an example of this extension in the Voting Datalearned instance set.A:(n y) B:n C:y D:n E:n F:n G:y H:y I:y J:n K:n L:n M:n N:n O:y P:yVA:n B:n C:n D:y E:y F:y G:n H:n I:n J:(n y) K:n L:y M:y N:y O:n P:nVFigure 4.8 One Difference MinimizationThese two instancesmaintain the correct mapping for the learned instance set, provide

41some parsimony to the instance set and help with generalization(learning).There is an important consequence of this minimizationtechnique. It appears that a variable with multiple subclasses is notequal to the individual subclasses from which it is built. Forexample, A(a or b) is not equal to A:a or A:b, but is a superset tothem for the purposes of learning and further minimization.Another way to look at this is to say that A(a or b) is a discriminantvariable compared to A:a or A:b. However, once learning stops andexecution begins, the multi-state variable will correctly recognizeany of its individual subclasses. For example, A(a or b) will recognizeA:a or A:b. This subclass inequality results in some Subset orSuperset minimization, rather than all Equal minimization. Forexample, OI A:(a or b) is a superset of NI A:a. Minimization rulesfrom section 2.6.1.2.1 would have the OI removed. In order toprevent the loss of information from this removal, another rule isadded: No minimization of a variable containing more than onesubclass can occur until the entire set of subclasses is contained inthat variable. For example, if variable A has 3 subclasses, denoted bya, b and c, then when A(a or b or c) is in an instance, then it isremoved.The empirical tests run through the simulator demonstratethat this One Difference Minimization extension does improveASOCS ability to handle training-set-style data.4.4.2 Priority ASOCSPriority ASOCSThis One Difference Minimization extension does not reducethe large number of instances generated by DVA when Non-Mutual

42Exclusion is used. A solution to this dilemma is to use the PriorityASOCS model [Hugh89] rather than the ASOCS using DVA model.Recall from chapter 2 that this gives the NI priority to the OIwithout having to perform DVA, thus helping to maintainparsimony. The initial simulator does not perform Priority ASOCSmappings or store their instance sets.A new simulator using Priority ASOCS is introduced. Theprevious topics of Mutual Exclusion, and One DifferenceMinimization are retested (figure 4.9). The tests show someinteresting results:1. Non Mutual Exclusion runs process faster and are just as reliableas the Mutually Exclusive sample sets.2. The Non-Mutual sample sets finish in a short finite time, whereaswith the basic ASOCS using DVA model, they do not finish at all.Figure 4.9 - Priority ASOCS Test ResultsPriorityASOCSMutualExclusionwithPriorityASOCSData SetComputeTime# InstancesMatched# LearnedInstancesComputeTime# LearnedInstances# InstancesMatchedNumberVariablesZenerDiode1 minute36/5145/682.6 min43/6836/5112

43Vote37 min6/47301/38852 min301/3886/4716Hepatitis6.45 min0/16137/13911 min137/1390/1619These results are a dramatic improvement from the results obtained withthe basic ASOCS model, indicating that this is a step in the right direction fornon boolean data.4.4.3 Equal PriorityEqual PriorityPriority ASOCS, like the classical ASOCS model, uses an incrementallearning process. Each new instance has a priority greater than any other oldinstance. In an attempt to make the algorithm behave in a more non-incrementalfashion, equal priority (see section 2.6.1.3) is tested. One of the effects of thismethod is to make the highest priority much lower than the number of learnedinstances. ASOCS theory states that instance set fulfillment with this algorithmis identical to normal Priority ASOCS [Hugh89]p43. The results from thesimulator runs using the last six data sets concur with the statement in[Hugh89].Chart 4.10 shows test runs using these methods. Some generalobservations of the results include:1. Using equal priority with or without Mutual Exclusion has the samerecognition results as normal priority. This suggests that Priority ASOCS isconsistent using this technique.2. The learned instance set is smaller for equal priority than for normal priority.One possible reason is when instances have the same priority, normal and OneDifference minimization combine or delete more instances. Another reason maybe that the Contradictory Greater rule (section 2.6.1.2) does not occur as often,allowing more instances to be deleted.

44Data Sets (All run on PriorityModel)# L e a r n e d Instances# M a t c h e d InstancesDiode Mutual Binary Output52/6836/51Diode Mutual Binary OutputEqual Priority32/6836/51Diode Mutual Input & Output51/6836/51 1 badDiode Mutual Input & OutputEqual Priority32/6836/51 1 badDiode Non Mutual Input &Output43/6836/51Diode Non Mutual Input &Output Equal Priority43/6836/51Voting, Mutual345/3886/47Voting, Mutual, Equal Priority249/3886/47Voting, Non Mutual301/3886/47Voting, Non Mutual, EqualPriority301/3886/47Hepatitis, no Mutual136/1390/16Hepatitis, non Mutual, EqualPriority132/1390/16Hepatitis, Mutual136/1390/16Hepatitis, Mutual, EqualPriority132/1390/16Figure 4.10 Equal vs. Normal Priority in Priority ASOCS4.5

Missing Variables4.5 Missing VariablesOnce a better model is found, the research returns toimproving the recognition rates. The Hepatitis and Voting data setshave many missing values in their training sets, a typical problemwith training set data. Humans appear to deal with this by learningto filter out the errant values and guessing the correct answer. Thisis based upon previous experience and the context of the situation.The ASOCS model is not so robust. All variables in an instance areconsidered of equal significance. However, any variable with a wrong

45or missing value is of less worth. Several approaches are discussed.4.5.1 Reject Noisy InstancesReject Noisy InstancesThe simplest solution is to reject any instance with a missingvalue, and request that it be resubmitted when all of the data isknown. In the Hepatitis data set, there are many variables which aresporadically reported. This could be due to sloppy data gatheringtechniques. It would not be unreasonable to reject the bad instancesand have them resubmitted when all the data is known. In the Votedata set, all variables are accurately reported. The don’t knowvalues may have several meanings and may be considered of lessworth to a yes or no vote. In the case where the don’t know is ofequal validity to a yes or a no there would be no need for aresubmission of the instance. Rejection and resubmission areespecially valid when the data set is large. The loss of noisyinstances is minute when there are many others to learn from.The Hepatitis data set is tested using this technique ofrejecting noisy instances. There are 155 instances in total, of which139 are used for training and 16 for testing. There are nonerecognized. (the topic of generalization will address this later). Withthe 75 bad instances (with one or more missing values) removed,there are 72 used for learning and 8 for testing. The result is stillnone recognized.This approach is simple, and may be practical for manysituations. The extension of rejection and resubmission of noisyinstances suggests that for large data sets with noisy instances, thisextension should make the training set more accurate and improvethe recognition rate. Where the training set is small, and there is no

46possibility to resubmit more accurate data, other solutions should beused.4.5.2 Don’t Care VariablesDon’t Care VariablesASOCS assumes that all variables are given accurate values,even though they may be inconsistent. ’If-then’ rules in ASOCS aredealt with by omitting the Don’t Care variables from each instance.This approach is also possible with training-set-style data. Training-set-style data would have any variable with an unknown valueremoved from the instance. There must be at least one variableremaining for the instance to be presented. Preferably most of thevariables are accurate, otherwise the instance will contain littleinformation. The remove of noisy variables implies that the trainingset data starts out with all instances having the same number ofvariables, but during learning, the number of variables per instancevaries.In figure 4.11 the last eight rows show the results of applyingthis technique to the voting and hepatitis data sets. The instance iscompletely rejected if the number of missing variables exceeds four.The limit of four removed variables helps keep the more noisysamples out of the test set. The priority column show whethernormal or equal priority is used. The 1 Diff column states whether 1Difference Minimization is used. Note that the voting data has aslightly higher recognition rate. The higher recognition rate is dueto some instances having fewer variables. The fewer variables resultin superset or subset minimizations during learning, and supersetrecognitions during execution.The hepatitis data still has poor recognition because of the

47large number of variables with large numbers of discretization.Training Set with MutualExclusion Input Variablesusing Missing AlgorithmPriority1 Diff# LearnedInstances#InstancesMatchedVotingNormalY350/3886/47VotingEqualY282/3886/47HepatitisNormalY138/1390/16HepatitisEqualY139/1390/16Voting Don’t CareEqualY250/3888/47Voting Don’t CareNormalY320/3888/47Voting Don’t CareEqualN230/3888/47Voting Don’t CareNormalN267/3888/47Hepatitis Don’t CareEqualY121/1391/16Hepatitis Don’t CareNormalY124/1391/16

48Hepatitis Don’t CareEqualN122/1391/16Hepatitis Don’t CareNormalN124/1391/16Figure 4.11 Missing Data Tests4.5.3 Differing Priorities of VariablesDiffering Priorities ofVariablesEach missing or incorrect value in each instance could begiven a lower priority. Prioritizing variables is complex to do,because the errant value could be on any variable. Enforcingdifferent priorities per variable is difficult in the ASOCS model.Special handling and storage of different priorities in the learningand execution modes would significantly slow down the algorithms,especially for instances with large numbers of variables. Differingpriorities per variable per instance is not a recommended approach.4.5.4 Separate SubclassSeparate SubclassAssign the missing variables to a separate subclass. Theseparate subclass would require no special processing. It will makegeneralization and learning more complex because there will be aduplication of instances: those with the variable known, and thosewith it unknown. This approach has the advantage of segregatingout the missing values so that they do not hinder the known ones.However, the duplication of learned instances should increase theASOCS network size. This increased amount of data might providemore information to the ASOCS model. Any noisy instancepresented during execution will have a difficult time finding a

49match because its noisy variables will be in separate subclasses fromthe known values. The number of instances with variables in theseseparate subclasses should be small, unless the data set is verynoisy. If the noisy instance does find a match, the mapping will besuspect, because the missing variables may contain importantclassification information. e.g. A:? B:c D:? Z has two errantvariables. Trying to find a match with other instances will bedifficult because variables A and D are of an unknown value.4.5.5 Separate Subclass with Special ConsiderationsSeparateSubclass with Special ConsiderationsAssign the missing variables to a separate subclass with specialprocessing. There are several approaches to the special processing:4.5.5.1

Assume match always. This approach would apply to bothlearning and execution phases. Always matching would producesomewhat the same effect as eliminating the variable from theinstance, except that the instances are treated as equal instead ofsubset, or superset. Always matching is not a good option as missingvariable instances would receive higher, not lower priority. Duringexecution there may be contradictory outputs because there wouldbe more instances matched than really ought to be.4.5.5.2

Assume Match Special Consideration. Give the missingvalues special consideration during learning. This option deals withmissing values in a fairer manner. The first four lines of figure 4.11show the results of this technique. Note that the number ofinstances recognized during execution phase is the same. Thenumber of instances in the learned instance set are larger. Thelarger count is due to the fewer One Difference Minimizations

50performed. Remember that this extension will increase thecomplexity of an ASOCS implementation.4.5.5.2.1 Consistency. Consistency checking has Equal discordantinstances deleting the instance with the most missing variables, notjust the oldest. DVA on Superset and Overlap (which rarely occur)are unchanged. This extension has the effect of discriminatingagainst noisy instances in favor of more accurate ones. For example,if A:? B:b C:d D:a Z is an OI and A:d B:? C:? D:a Z is the NI, thenthe NI is deleted, not the OI, because it has more missing values. ForPriority ASOCS with equal priority enabled (section 2.6.1.1.2),superset consistency keeps the NI and OI if the OI has fewer missingvariables.4.5.5.2.2 Minimization. Minimization with equal concordantinstances removes the instance with the most missing variables.Subset and Superset minimization deletes the longer instance onlyif it has as many or more missing variables. This extension placesmissing variable instances in a lower priority, causing the instancesto be removed sooner from the learned instance set.4.5.5.2.3 One Difference Minimization. One Difference minimizationwhich removes the discordant variable is not done if either of theinstances has any missing variables. Otherwise, the one differencemay be misleading and there may actually be more discordantvariables. The objective is to maintain as accurate a mapping aspossible. For example, if A:g B:e C:a Z tries to minimize with A:?B:e C:a Z, no action is taken. Remember that minimization is notnecessary to keep a correct mapping. This algorithm is tried on thevoting and hepatitis data sets. Figure 4.11 shows that no One Diff

51minimization occurs at all, because all instances had more than onevariable different.4.5.5.2.4 Execution. If all missing values are treated as matches,then the possibility exists that conflicting outputs (an errorcondition) could occur, as mentioned in 5.5.5.1. If the input state isA:g B:a D:b, then A:? B:a D:b Z and A:g B:a D:b Z matchcorrectly, which yields a contradiction. Figure 4.11 suggests thatthere is less minimization with this algorithm, but that there are noincorrect matches during the execution phase. These training setsare too small to verify whether the execution phase producesinconsistent results.All of the extensions to the basic ASOCS model discussed thusfar have helped somewhat in improving ASOCS’ ability to recognizetraining set data.In conclusion, missing values are standard fare for training setdata. They must be dealt with in some manner so as to generalizecorrectly.4.6

Generalization4.6 GeneralizationThe ASOCS model maps discrete inputs to discrete outputs.This thesis does not discuss the internal architecture of how thiscould be done. There must be an exact match to some learnedinstance in the training set (which may have been minimized toproduce more general instances) for recognition to take place. TheASOCS model has an indeterminate result if there is no match. Inthe real world, we rarely see an exact match, but settle for a closestchoice.Figure 4.12

52Column explanation:Test #: Which test run this is. Used for reference purposes.1 Diff: Is One Difference Minimization used or not.Mutual Excl Input: Is the input mapped to separate variables or isMutual Exclusion used on the input variables.Mutual Excl Output: Mutual Exclusion used on output variable.Priority: There are three types of priority learning:1. I means Non-Incremental method used,2. E means Equal method used,3. N means Normal ASOCS method used.# Learned: What is the final learned instance set count used duringthe execution phase.% TTL Correct: During execution phase, what percentage of the testinstances are correctly recognized.Correct TTL: During execution phase, how many instances arerecognized out of the total tested.Correct Exact Recognize: How many instances which are matchedwith a complete and exact match of all input variables arerecognized correctly.Correct Close Recognize: How many instances which are matchedwith an incomplete (i.e. not all input variables match) match arerecognized correctly.Bad Exact Recognize: How many instances which are recognizedwith a complete match of input variables are recognized incorrectly(i.e. The learned instance set yielded an instance which has thewrong subclass versus the test instance).Bad Close Recognize: How many instances which are recognizedwith an incomplete (i.e. not all input variables match) match arerecognized incorrectly.Test #1 can be described as using 1 Difference Minimization,with Mutually Exclusive input, and non-Mutually Exclusive output,Non-Incremental priority, 33 out of 68 training examples in the finallearned instance set, 98% correct matching on the test examples(50/51), 14/15 close matches, no bad exact matches, and one badclose match.Diode DataTest#1 DiffMutualExclInputMutualExclOutputPriority(Normal,Equal,nonIncremental#Learned% TTLCorrectCorrect TTLCorrectExactMatchCorrectCloseRecognizeBadExactMatchBadCloseMatch1YYNI33/689850/5136/3614/150/361/152YYNE32/689850/5136/3614/150/361/15

533YYNN53/689850/5136/3614/150/361/154NYNI43/689850/5136/3614/150/361/155NYNE43/689850/5136/3614/150/361/156NYNN43/689850/5136/3614/150/361/157YYYI34/689046/5135/3611/151/364/158YYYE32/688644/5135/369/151/366/159YYYN51/688644/5135/369/151/366/1510NYYI43/688845/5135/3610/151/365/1511NYYE43/688644/5135/369/151/366/1512NYYN43/688644/5135/369/151/366/1513YNNI45/689649/5136/3613/150/362/1514YNNE43/689850/5136/3614/150/361/1515YNNN43/689850/5136/3614/150/361/1516NNNI45/689649/5136/3613/150/362/1517NNNE43/689850/5136/3614/150/361/1518NNNN43/689850/5136/3614/150/361/1519YNYI44/688845/5135/3610/151/365/1520YNYE43/688644/5135/369/151/366/1521YNYN43/688644/5135/369/151/366/1522NNYI44/688845/5135/3610/151/365/1523NNYE43/688845/5135/369/151/366/1524NNYN43/688845/5135/369/151/366/15Figure 4.13For example, test #25 is interpreted as One Difference minimizationused, Mutually Exclusive input, Non-Incremental priority used, with260/388 training examples in the final learned instance set, 85%correct matches (40/47), 6 exact matches, 34 correct closematches, and 7 bad matches.

54Voting DataTest #1 DiffMutualExclInputPriority(Normal,Equal,nonIncremental# Learned% T T L CorrectCorrectTotalCorrectExactRecognizeCorrectCloseRecognizeBad CloseRecognize25YYI260/3888540/47634726YYE2498540634727YYN3458339633828NYI3018540634729NYE3018540634730NYN3018339633831YNI3018540634732YNE3018339633833YNN3018339633834NNI3018540634735NNE3018339633836NNN30183396338

55Figure 4.14This table has one extra column to show the maximum number ofmissing values tolerated before an example is completely rejected.Voting Data using Don’t Care for Missing Data, all Mutual ExclusionTest#1 Diff#VariablesMissingPriority(Normal,Equal,nonIncremental#Learned% T T L CorrectCorrectTotalCorrectExactRecognizeCorrectCloseRecognizeBadCloseRecognize85Y<3I2518540832786Y<3E239854032787Y<3N307833931888N<3I240854032789N<3E229854032790N<3N251833931891Y<5I262854032792Y<5E250874133693Y<5N320854032794N<5I243854032795N<5E230854032796N<5N2678339318

56Figure 4.15Test #37 can be interpreted as One Difference minimization is used,with Mutually Exclusive inputs, using Non-Incremental prioritylearning, with 128/139 training examples in the learned instanceset, 75% correct matches (12/16), all of which are close matches,with 4 incorrect matches.HepatitisTest #1 DiffMutualInputPriority(Normal,Equal,nonIncremental#Learned/139% T T L CorrectCorrectCloseRecognizeBadCloseRecognize37YYI1287512438YYE1297512439YYN1367512440NYI1387512441NYE1387512442NYN1387512443YNI1326911544YNE1326911545YNN1366911546NNI1376911547NNE1376911548NNN13769115Figure 4.16Test #98 can be interpreted as One Difference minimization used, amaximum of 2 missing variables tolerated, Equal priority learning,113 / 139 training examples in the learned instance set, 69%recognition rate, with no exact matches, 11 correct close matches,and 5 bad close matches.Hepatitis using Don’t Care algorithm, all Mutual Exclusion

57Test #1 Diff#VariablesMissingPriority(Normal,Equal,nonIncremental# Learned/139% TTLCorrectCorrectExactRecognizeCorrectCloseRecognizeBad CloseRecognize97Y<3I115690/1611598Y<3E11399Y<3N119100N<3I120101N<3E120102N<3N120103Y<5I1201/1610104Y<5E121105Y<5N124106N<5I122107N<5E122108N<5N124Figure 4.17Test # 51 from the Monk 1 data set can be interpreted as OneDifference minimization used, no Mutual Exclusion on inputvariables, Normal priority learning, 124/124 in the learned instanceset, 75% correct recognition rate, 326 out of 432 correct matches,all the exact matches are correct, and 202 of the close matches arecorrect, with 106 bad close matches.MonkTest #,1 DiffMutualExclInputPriority(Normal,Equal,nonIncremental#Learned% TTLCorrectCorrectTotalCorrectExactRecognizeCorrectCloseRecognizeBadExactRecognizeBadCloseRecognize

58MonkDataSet 1.124LearningInstances, 432TestInstances49YNI1247833612421209650YNE12475326124202010651YNN12475326124202010652NNI1247833612421209653NNE12475326124202010654NNN12475326124202010655YYI707833712421309556YYE687733311821509957YYN7675322120202011058NYI1247833912421509359NYE1247833912421509360NYN124753261242020106MonkDataSet 2.169LearningInstances, 432TestInstances61YNI16964277169108015562YNE16976330169161010263YNN16976330169161010264NNI169642771691080155

5965NNE16976330169161010266NNN16976330169161010267YYI9164276169105015868YYE9563273163110015969YYN13175326166160010670NYI16964277169108015571NYE16964277169108015572NYN169763301691610102MonkDataSet 3.122LearningInstances, 432TestingInstances73YNI1228235411623867274YNE1228135211623667475YNN1228135211623667476NNI1228235411623867277NNE1228135211623667478NNN1228135211623667479YYI698335711624166980YYE718235411324167281YYN848235511424167182NYI1228235411623867283NYE1228235411623867283 MixNYE12257248116132617884 MixNYN12280344116228682

6084NYN12281352116236674The large number of variables in the last six data sets makeexact matches difficult. In the hepatitis data set, the chances of all19 variables, each discretized four ways, matching another instanceare 1 / 419 or 1 in 2.74878 *1011. Clearly, many close matches goundetected. In all test runs for the hepatitis data set, there are norecognitions. The Vote data set has only 6 out of 47 test instancesrecognized with a training set of 388. The best runs on the ZenerDiode set yield 36 out of 51 when a discretization level of 4 is used.14.6.1 Hamming DistanceHamming DistanceThe extension of accepting close matches, or short Hammingdistances is introduced. With this extension, the results improvedramatically. The Hamming Distance between two instances isdefined as:1. For Mutually Exclusive Variables: The number of variables whichhave different subclasses plus the number of variables not found inboth instances. For example,A:a B:c C:b Z and A:b B:c C:b Z have a Hamming distance of 1because A:a and A:b are discriminant.2. For Non Mutually Exclusive Variables: The number of variables notfound in both instances plus the number of variables with differentpolarity. e.g. A B C D Z andA C D E Z have a Hamming distance of 2 because B and E are

1In Lloyd Allred’s research, that is the best rate he got on 100% certainty of classification. Hewas able to predict almost all the rest with a level of uncertainty [Allr88].

61overlap variables.If no perfect match is outputted when the test instance ispresented to the learned instance set, a list is kept of the outputswith the closest Hamming distances (least number of incorrectvariable matches). The model outputs the list of closest matches,along with the Hamming distance. The Hamming distance is anindicator of the reliability of the answer. Exact matching has aHamming distance of 0. When there are multiple instances selected,the one(s) with the highest priority determine the output polarityand subclass. There are usually several instances selected whenequal priority learning is used. These instances may havecontradictory output values. An additional count is made of whichoutput polarity and subclass occurs the most. This extra count helpsresolve the vacillation deadlock of contradictory outputs.4.6.2 Non-Incremental AlgorithmNon-Incremental AlgorithmAt this juncture a further attempt is made to provide a non-incremental learning algorithm for Priority ASOCS. Becauseconsistency and minimization are done as each NI is presented, theorder of presentation can affect which instances are minimized ordeleted out of the learning set 1. Therefore, in order to give allinstances an equal opportunity, no minimization or consistencyshould be done until all instances are present. In reality, allinstances are of equal value, therefore all should be given equalpriority. For the test runs used in this thesis, a priority of 1 is

1 Test runs 83 and 84 have their order of learning instances modified deliberately toshow that there is decreased recognition of the close instances. The changes are done sothat more incorrect recognitions occur. These test runs are called 83 Mix and 84 Mix.

62chosen. This algorithm is presented and tested as an avenue fordiscovery, not as a conclusive proof for a theorem.The issue of consistency may not be more important thanminimization. For our purposes consistency supersedesminimization in the learning algorithms. The non-Incrementalalgorithm has these modifications to the learning algorithm:1. The order of presentation affects which instances are deleted ifthere are inconsistent equal instances. To avoid this problem, allinconsistent instances are stored in a separate list.2. Every time an instance is duplicated, its priority is incremented.3. When all instances have been presented once, the inconsistent setis presented again. The instance with the highest priority (i.e. morefrequent occurrence) remains and the other is deleted. In the caseof a tie, the deletion is arbitrary. This process implicitly gives higherpriority to the more common instances.4. Finally, all instances are presented to all others for minimization.Here the order of presentation has some affect on whichminimizations occur. Recall from chapter three that minimizationsare not unique. This minimization affects its parsimony andgeneralization (learning).This algorithm brings up a couple of issues:1. Each instance is presented at least twice, and as many as 3 times,rather than just once. The first presentation does no minimization,to avoid any order bias. The second iteration is to resolveinconsistency, after all instances have been presented. Finally, afterthe instance set is minimized. Note, the first two presentations dono minimization. This allows consistency to not be biased by

63minimizations which are affected by the order of presentation. Thisalgorithm would be slightly slower during the learning process.2. This process gives each instance equal opportunity, and removesthe problem of inconsistent instances being prematurely deleted.Only after all instances have been compared are the mostinfrequently occurring inconsistent instances deleted.With these techniques, the recognition rates rise dramaticallyfor all of the last six data sets (see Figure 4.18). Figures 4.12through 4.17 give a complete list of the six training sets and theirresults with generalization by closest Hamming distance, using thethree types of priority learning (Normal, Equal, Non-Incremental).� Zener Diode 36 + 14 = 50/51 98%� Vote 6 + 34 = 40/47 85%� Hepatitis 0 + 12 = 12/16 75%� Monk 1 124 + 212 = 336/432 78%� Monk 2 169 + 161 = 330/432 76%� Monk 3 116 + 238 = 354/432 82%Figure 4.18 - Exact and Close Recognition ImprovementsIn all six data sets, the generalization (close) matches becomerandom when the Hamming distance is greater than three. In otherwords, the probability of a successful match rises as the Hammingdistance decreases (i.e. more variables are matched).The empirical tests done in this thesis suggesst that theextensions to the basic ASOCS model, discussed in this thesis, yieldsignificant improvements in the number of correct matches ontraining set data.4.6.3 Analysis of Results Analysis of Results

64The six extensions discussed in this thesis are:1. Mutual Exclusion for Variables requiring more than twosubclasses.2. Missing Variable learning algorithms for noisy data.3. Priority ASOCS model.4. Equal Priority for learning.5. Non-Incremental Learning.6. Hamming Distance Recognition Metric.This section evaluates how these extensions to the basicASOCS model improve the recognition rates for the last six datasets.4.6.3.1

Diode Training Set. (figure 4.12) Mutually Exclusive outputyields the poorest results. These poor results are due to difficulty inclassifying some of the bad diode types. However, the recognitionbetween good and bad diodes is excellent. The largest learnedinstance sets occur with normal priority. The larger instance size isdue to the differing priorities triggering the Contradictory Greatersituation more frequently, thus prohibiting some minimization. Thesmallest learned sets are found when One Difference minimizationand Mutual Exclusion on input variables are used. The closerecognition helps substantially in obtaining almost 100% correctrecognition rates.4.6.3.2

Voting Training Set. (figures 4.13, 4.14) All results are veryclosely grouped, with 6/47 exactly recognized and 33 to 34 out of47 close recognitions in all cases except for the Missing Variablealgorithm. Here too, the smallest learned instance sets use Equal orNon-Incremental learning, and One Difference Minimization and

65Mutual Exclusion on input variables. Without close recognition, thematching rate is 13%, with the Hamming distance metric therecognition rate is 85%. This generalization technique appears toradically improve ASOCS performance.The Missing data algorithms (figure 4.14) show the samerecognition rates, even though the number of learned instances isless. This consistent recognition rate may suggest that the noisyinstances which are not included provide little information.4.6.3.3

Hepatitis Training Set. (figures 4.15, 4.16) There are noexact recognitions except in the Missing data algorithm. The poorrecognition rate demonstrates that noisy and errant data can bedifficult to recognize. With the Hamming distance technique theresults are much better (69 -75 % recognition). Because of the smalltraining and test set sizes, the one less instance recognized in Non-Mutual Exclusion causes the large swing in results. The reason theNon-Mutually Exclusive tests faired poorer is because of overlaprecognition. In Mutual Exclusion, all variables are recognized,making for no overlaps in consistency or minimization. Rather,there are some discriminant variables found between all instances.With Non-Mutual Exclusion, all variables are mapped to severalsubclasses by using completely unrelated values (a b c d for 4subclasses). Instances which have several overlap variables betweeneach other have difficulty discriminating correctly. This difficulty isan important point to recognize about the usefulness of MutualExclusion in training set data.The Missing data algorithms (figure 4.16) perform as well hereas in the voting data, also suggesting that the noisy instances

66provide little recognition information.4.6.3.4

Monk Training Sets. (figure 4.17) The three rules used toproduce the test sets yield somewhat different results. As expected,set 3 with some error introduced produced the best results (83 - 81%)1. All three sets display the same phenomenon as described in thehepatitis training set. Note that the Equal priority tests do eitherpoorer (Set 1 & 3) or better (set 2) when Mutual Exclusion is notused. This difference in performance is due to overlap variables notproviding a discriminant variable, so higher priorities have to beused. With Mutual Exclusion, there is always at least onediscriminant variable, and usually 2 or more. This discriminantvariable leaves the priority at 1, so that the instances recognizedduring execution phase are not different in their priority. Whencontrasted with the Non-Mutually Exclusive tests, the order ofpresentation affects the results. This anomaly does not occur inNon-Incremental and Normal learning tests. In Non-Incrementallearning, the order does not affect the priority. In Normal prioritytests, the priority follows the order, regardless of Mutual Exclusion.Note that the differences in recognition rates occur in the close, notexact categories. Also, note that when One Difference minimizationand Mutual Exclusion are combined, the learned instance set ismuch smaller due to increased minimization.The Monk data has no inconsistencies in its learning in groups1 and 2. Monk 3 has inconsistencies because errors are introduced.

1 Sets one and two are encoder problems, requiring more complete training sets. Set 3 ismore of an and/or problem. For set 3 a smaller training set is able to provide enoughinformation to generalize.

67The Monk data sets are different from the other training setsbecause they are generated from precise functions (see section 3.6).The other training sets are a collection of data from "real world"sources. However, the Monk data does provide a good basis fromwhich to study some of ASOCS’s fundamental characteristics whenextensions are implemented.In conclusion, five problems to the basics ASOCS instance setmodel are presented. Solutions to four of these problems aresuggested.5. Conclusions and Future Research5. Conclusions andFuture ResearchThis chapter is a summary of the problems found usingtraining-set-style data in the ASOCS neural network, and theextensions used to address some of these problems.5.1

Theorems and Proofs5.1 Theorems and ProofsThe extensions discovered in this thesis have not beenrigourously proven. The extensions have been discussed,implemented into simulators and tested using a limited set of data.Many of the extensions show promise for the basic ASOCS model tohandle training-set-style data. Future research could be done toprovide theories and proofs for the work done in this thesis.5.2

Mutual Exclusion5.2 Mutual ExclusionThe training-set-style data used to study the ASOCS model hasmany variables. Many of these variables need to be subclassified(discretized) into more than 2 subclasses. These multiple subclasses

68generate a problem of large learned instance set growth due toDiscriminant Variable Addition when separate variables are used todenote the subclasses. Learning times become intractable. Forexample, if the OIA F T Y Z and the NI B C D J Z are to be consistent, then DVAcauses the OI to become 4 modified instances (there are nodiscriminant variables).This problem can be resolved by using a major class for thevariable and a minor subclass for the discretization. Thesesubclasses are mutually exclusive. For example, A:a B:d C:f D:b Zand A:b B:c C:d D:a Z have several discriminant variables so thatDVA is not necessary. DVA and learning times are reduced.5.3

Arbitrary Discretization5.3 Arbitrary DiscretizationThe mapping of training-set-style data to ASOCS instances isdone by arbitrarily mapping the variables into evenly discretizedsubclasses. This evenly distributed mapping results in poorsubclassification due to subclass boundaries breaking up naturalgroupings of the data. Although no solution is presented in thisthesis, discussion is made of its importance and current work beingdone in this area of research. This topic is an excellent avenue forfurther research and study.5.4

One Difference Minimization5.4 One DifferenceMinimizationThe use of Mutual Exclusion with One Difference Minimizationcauses a matching problem when using the algorithm discussed insection 2.5.2.2. For example, A:a B:b Z and A:c B:b Z yields A:(a c) B:b Z. The A variable is

69not completely removed, rather its subclasses are ORed together.This is a superset instance when compared to the two instanceswhich generate it, even though variable A is not removed. Thismatching problem requires a modification to the learning algorithmsuch that superset comparisons are used during learning, while theexecution stage treats the two superset instances as beingrecognized. This extension to the basic ASOCS model permits OneDifference Minimization to be properly utilized when MutualExclusion is used for discretization.This topic needs further research with large data sets to verifythat variables do minimize into one instance with their entire rangeored together.5.5

Priority ASOCS5.5 Priority ASOCSDiscriminant Variable Addition is a problem when Non-MutualExclusion is used. The Priority ASOCS model is a solution to thisinefficiency. The priority of each instance is based upon the order ofpresentation of the instances. DVA is eliminated and learning timesare shorter.5.6

Incremental Learning5.6 Incremental LearningBoth the basic ASOCS with DVA and the Priority ASOCS modelare based upon an incremental learning model. This learning modelis contrary to the style of learning which training set data require.Training set examples need to be treated as equals, with nopreference based upon order of presentation. Two solutions arediscussed in chapter 4:5.6.1 Equal PriorityEqual PriorityThis solution has the priority on new instances incremented

70only when an inconsistency is resolved during learning. Thus thepriority shows inconsistency. This modification is still anincremental style learning algorithm, but it has the appearance of anon-incremental learning algorithm when Mutual Exclusion is used.This appearance is due to the continual presence of discriminantvariables, which resolve inconsistencies.5.6.2 Non-Incremental PriorityNon-Incremental PriorityThis algorithm treats all learned instances equally, and doesnot eliminate any inconsistent instances until all instances havebeen presented. Duplicate instances are given higher priority. Nominimization is done until the instance set is consistent. Thisalgorithm gives fairer treatment to training-set-style data, but stillassumes that consistency is more important than minimization.Noise and errors in training set data yield inconsistencies whichmust be reduced by generalization.Further research needs to be done with non-incrementallearning where minimization is given higher precedence versusconsistency. Hopefully, this higher precedence would allowgeneralization to reduce training set noise.5.7

Missing Data5.7 Missing DataSome training-set-style data is incomplete, with some variablescontaining erroneous or non-existent values. Three approaches tothis problem are discussed:5.7.1 Reject Noisy ExamplesReject Noisy ExamplesAny instance with a missing value is rejected and thenresubmitted when complete. This algorithm is only viable if the datacan be resubmitted or the data set is large enough to tolerate the

71lost knowledge.5.7.2 Don’t CareDon’t CareTreat the missing variables as Don’t Care by removing themfrom the instances. This removal is done up to a prescribed limit,after which the instance is removed. This algorithm shows slightlysmaller learned instance sets due to more superset minimizationand rejected instances, and equivalent recognition rates to theother missing data algorithms.5.7.3 Modify Learning AlgorithmModify Learning AlgorithmMissing data are considered matches with specialconsideration. Partial examples have lower priority duringconsistency, and minimization of complete (no missing values)instances with partial instances is prohibited. This algorithm resultsin larger learned instance sets due to less minimization, but the testsets are too small to verify improved recognition rates.This topic warrants further study with large training sets ofdata. Hopefully, some of the anticipated results (improvedrecognition rates, learned instance set sizes) would manifestthemselves.5.8

Generalization5.8 GeneralizationThe ASOCS model only recognizes instances which completelyand exactly match an instance in the learned instance set. In orderto recognize instances which are close, i.e. not exact matches, aHamming distance metric is defined. The Hamming distance is thenumber of variables between instances which have differentsubclasses, or which are nonexistent in both instances. Thisextension radically improves recognition rates for all of the last six

72training sets.Further research needs to be done with this generalizationmetric and other distance schemes to find ways of improvingrecognition of instances not exactly matched to the learnedinstance set.5.9

Large Test Sets5.9 Large Test SetsAll test sets used in this thesis have under 400 trainingexamples and under 450 test instances. The hepatitis training sethas only 16 test instances. These extensions to the basic ASOCSmodel need to be tested using much larger sets of data. Some of theanticipated results have not manifested themselves clearly, or at all,because the data sets are too small. These anticipated resultsinclude:1. Missing data algorithm recognition rates,2. Non-Incremental learning algorithm recognition rates,3. One Difference minimization and removal of complete rangevariables.Further research using large data sets should help in betterunderstanding the ramifications of these extensions and providebetter evidence for their refinement. Also, larger trainings setsshould help develop new extensions.In conclusion, the extensions to the basic ASOCS model,presented in this thesis, tend to show improvement in the ability ofthe ASOCS model to handle training-set-style data that is processedby other neural networks.

736. Appendix: Simulator6. Appendix: SimulatorThe simulator was written in TurboC 2.0 for the IBM PC, andmay be ported over to the MacIntosh using Light Speed C. Asubstantial amount of work has gone into its development. Sourcecode is available from Edward F. Hart. Its purpose is twofold:1. To provide a means of verifying and testing the ASOCS extensionsand problems for this thesis. The raw data is mapped into ASOCSinstance sets by small programs, and then run through thesimulator;2. To allow others access to a tool to learn and study the ASOCSneural network model. This simulator is not the purpose of thisthesis, just a means to accomplish it.The internal storage of the instance sets is done bydynamically allocated link lists. This facilitates efficient memoryusage when large sets of instances are learned. There can be up to 9output variables and 200 input variables per instance. One thousandinstances is the programmed limit, but simulations with up to sixthousand instances, each with fifteen input variables have beendone. The manipulation of these linked lists in serial fashion is verymemory intensive. Fast processors radically reduce the learning andexecution times.The screen is as follows:�˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝ A S O C S ˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝»� Detail ON Screen ON Hard copy ON � Instance #:3 Total #:3 � Input FILE LEARN/Execute sTep ON � Ttl Time:1806 Consist:2 � One diff ON one difF subset � Min: � Add:1 Del: Mod: �Ttl Add:3 Del: Mod: �Contradict Minimize One Diff �Contradict Minimize One Diff �Sub : Sub : Sub : �Sub : Sub : Sub : �Eq : Eq : Eq : �Eq : Eq : Eq : �

74�Supr: Supr: Supr: �Supr: Supr: Supr: �Over: Iter: �Over: Iter: �NIA:b B:c C:b D:b E:c F:c G:d H:a I:b J:b K:d L:d > a:c �˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝p�CR to Continue � � �¨ 1 Show Set 2 Consistency 3 Delete 4 Modify G Go/Stop˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝˝…The program is initiated by typing ’ASOCS’. A defaultinitialization file called ASOCS.CON is retrieved. If it doesn’t exist,default values are assigned. Here is a sample:Step OnOne Diff OnHard Copy OnDetail OnOne Sub OnFile In d4.runScreen OnStep is On or Off, with On the default. It controls whether theprogram stops after each instance is presented, or keeps processinginstances. For beginner students of ASOCS, the Step should be on.One Diff is On or Off, with On the default. It controls the use of OneDifference minimization during the learning of new instances. OneDifference slows down processing speed, but does provide asignificant portion of the minimization which occurs.Hard Copy is On or Off, with Off the default. If it is on, the fileASOCS.OUT is built as the program reads in instances. If aASOCS.OUT already exists, it is appended to, rather than erased.Every instance inputted during learning is shown. At the end oflearning, summary statistics of the fields shown on the screen arelisted, as well as a list of all final instances retained in the network.During execution phase, each instance presented is listed. If no

75matches are found, then the instance number and an arrow are onthe next line, signifying that it wasn’t learned. If matches are found,all of them are listed with an asterisk in the front of each. At theend of execution, the total number of instances presented formatching, and the number actually recognized are listed. Afterevery twenty instances which are presented to the program, theoutput file is saved and reopened. This assists long, unattendedprogram runs where a crash may occur.Detail is On or Off, with On the default. This option stores copies ofthe modified or deleted instances whose total counts are listed onthe screen. These instances can be listed when the program stops inStep mode. How to do this will be described later. Programexecution is slower with this option, and is useful only when Step isalso on. For large sets of instances, this option should not be used.One Sub is On or Off, with On the default. One Difference Subsetminimization can be very slow if the ripple effect (see thedescription of rebroadcasting in chapter three) causes multipleiterations of this process. The One Diff option must also be on forthis option to work.File In is followed by a file name. This file must contain instancesonly. There are two special symbols which tell the program to stoplearning and start executing ’#’, and to stop ’%’. A sample of this filecould look like this:A:b B:a C:b D:b E:b F:d G:d H:a I:a J:a K:a L:a > a:fA:b B:c C:a D:a E:a F:d G:d H:a I:a J:a K:d L:d > a:aA:b B:c C:b D:b E:b F:c G:d H:a I:b J:b K:d L:d > a:aA:b B:a C:a D:a E:a F:d G:d H:a I:a J:a K:a L:a > a:f#A:b B:a C:b D:b E:b F:d G:d H:a I:a J:a K:a L:a > aA:c B:b C:b D:b E:c F:c G:d H:a I:b J:b K:c L:d > a

76A:b B:a C:b D:b E:b F:c G:d H:a I:a J:a K:a L:a > a:fA:d B:c C:b D:b E:c F:c G:d H:a I:b J:b K:c L:d > a:e%Each instance variable on the input and output side must beseparated by a space. The colon is used to denote the class versussubclass for a multi-state variable. Variables which are only positiveor negative use the to denote negative. Output variables in theexecution mode are there to calculate correct recognitions. All ofthe simulation runs performed are done with instance sets preparedas files. Small programs are written to take raw data and convert itinto discretized instance sets. The raw data (as exampled in chapter4) is read in as ASCII strings to a parser which converts the analogor binary data into ASCII representations of ASOCS input variables,and an ASOCS output variable.Screen is On or Off, with On the default. This displays the numberson the screen for the various types of minimization and consistency,as well as the time. If you are going to run a large instance setunattended, then turn this off.There are four command line parameters which select prioritylearning methods.1. I means non-Incremental learning algorithm (see section 4.6.2).2. D-# means Missing Data Don’t Care algorithm with # of variablesas a limit for the number missing values to tolerate before rejectinginstances.3. M Missing Data algorithm as described in section 4.5.5.2.4. P Equal Priority algorithm.All of these status types are displayed in the upper left corner

77of the screen. The times for total run, consistency and minimizationare in the upper right corner. On the IBM PC they are in 18ths of asecond. The Total # is the count of learned instances retained duringlearning mode. The Instance # shows how many instances have beenpresented so far. The top left window shows the number ofcontradictions, minimizations and one difference minimizations forthe last instance. The detail numbers are for Subset, Equal,Superset and Overlap. The top right window shows the accumulatedtotals for each of the numbers.Each new instance is shown in the middle of the screen at thetop of the bottom window at the NI prompt. The bottom windowshows lists of instances. These lists come from recognized instancesduring execution mode, or detail lists during learning mode.If Step and Detail are on, then 4 for Modify will allow you toTab around the screen to any upper left window status or countfield. After you have tabbed to the correct field, a Carriage Returnwill activate that field. At the status fields, the status will betoggled from On to Off (or Off to On), or Learn to Execute, or Inputfrom file to screen. At each of the count fields, if there areinstances to list, they will show in the bottom window. If Hard Copyis on then these will also be stored on the disk. Notice that each ofthe status fields has one capital letter. Rather than tab around thescreen, you may use the letter to toggle the corresponding field.The other prompts on the bottom of the screen are selfexplanatory. 1 for Show Set will list the currently learned instanceset. 2 for Consistency will check the correctness of the learningalgorithms by running a self test on the instance set. It should

78report no errors. 3 for Delete will ask for what instance # to delete.Go/ Stop will only work when Step is off. While the program isrunning you may stop it and perform any of the four menu options.Then you can Go again.If input is not from a file, then you will be prompted to enterin an instance.With this simulator a student of ASOCS will see how:1. minimization affects the instance set,2. contradiction is handled with Discriminant Variable Addition,3. Priority ASOCS improves performance,4. the extensions discussed in this thesis affect recogntion rates.It is hoped that users will find it a user friendly, instructive tool.7. Bibliography7. BibliographyAllr88Allred, Lloyd G., "Neural Networks in Automatic Testingof Diode Protection Circuits," IEEE Autotestcon ’ 88Ackl85Ackley, D. H., Hinton, G. E., and Sejnowski, T. J., "ALearning Algorithm for Boltzmann Machines." CognitiveScience, 1985, Vol 9, pp 147-169.Bert92Bertelson, Rick. Thesis in progress at Brigham YoungUniversity under Dr. Tony Martinez. Researchingunsupervised learning.Carn91S.B. Thrun, J. Bala, E. Bloedorn, I. Bratko, B. Cestnik, J.Cheng, K. De Jong, S. Dzeroski, S.E. Fahlman, D. Fisher,R. Hamann, K. Kaufman, S. Keller, I. Kononenko, J.Kreuziger, R.S. Michalski, T. Mitchell, P. Pachowicz, Y.Reich H. Vafaie, W. Van de Welde, W. Wenzel, J. Wnek,and J. Zhang, "The MONK’s Problems - A PerformanceComparison of Different Learning algorithms" TechnicalReport CS-CMU-91-197, Carnegie Mellon University,December 1991. Sebastian Thrun editor.Fors84Forsyth, Richard, "Expert Systems: Principles and CaseStudies," University Press, Cambridge, 1984

79Gong88Gong, G. "Hepatitis Domain," Carnegie-Mellon Universityvia Bojan Cestnik, Jozef Stefan Institute, Jamova 39,61000 Ljubljana, Yugoslavia.Hopf85Hopfield, J. J., Tank, D. W., " ’Neural’ Computation ofDecisions in Optimization Problems," BiologicalCybernetics Vol 52, 141 - 152, 1985Hopf86Hopfield, John J., Tank, David W., "Computing withNeural Circuits: A Model," Science, Vol 233, 8 Aug 1986,pp 625- 633Hugh89Hughes, Brent, "Priority ASOCS Neural Network", Thesispaper for Masters of Computer Science, Brigham YoungUniversity , 1989.INNS88International Neural Network Society Journal,Supplement, Abstracts from 1988 Conference. pp 227,226, 447, 455, 460, 465, 477. Boston Pergamon Press.John85Johnson, L., Keravnou, E. T., "Expert SystemsTechnology: A Guide," Abacus Press, 1985Koho82Kohonen, Teuvo, "Self-Organized Formation ofTopologically Correct Feature Maps", BiologicalCybernetics No 43, pp 59-69, 1982 , Springer Verlag.Kosk87Kosko, Bart, "Competitive Adaptive BidirectionalAssociative Memories," Int. Conf. on Neural Nets, SanDiego, June 1987Kosk88aKosko, Bart, "Adaptive Bidirectional AssociativeMemories," Applied Optics, Vol 26 No 23, pp 4947 -4960,December 1987Kosk88b"Bidirectional Associative Memories," IEEE Transactionson Systems, Man, and Cybernetics, Vol 18, No 1, pp 49 -60, Jan 1988Mart86Martinez, Tony, "Adaptive Self-Organizing LogicNetworks," U of California, Los Angeles, 1986Mart87Martinez, Tony, "Models of Parallel Adaptive Logic,"Proceedings of the 1987 IEEE Systems Man andCybernetics Conference, pp 290 - 296.Mart88aMartinez, Tony, "Digital Neural Networks," Proceedingsof the IEEE Systems Man and Cybernetics Conference,pp 681- 684, 1988

80Mart88bMartinez, Tony, Vidal, Jacques J., "Adaptive ParallelLogic Networks," Journal of Parallel and DistributedComputing, Vol 5, No 1, pp 26-58, Feb 1988McCl86McClelland, Rumelhart, and PDP Research Group,"Parallel Distributed Processing," Vol. 1 and 2, MITPress, 1986.Rich83Rich, Elaine. "Artificial Intelligence," McGraw-Hill, 1983Schl87Schlimmer, Jeff. "1984 United States CongressionalVoting Records Database," Congressional QuarterlyAlmanac, 98th Congress, 2nd session 1984, Volume XL:Congressional Quarterly Inc., Washington D.C., 1985Stev79Stevens, Charles F.. "The Neuron," Neuron and Synapse,1979.Ston87Stone, Harold S., "High-Performance ComputerArchitecture," Addison - Wesley Publishing Company,1987Sutt81aSutton, Richard S., Barto, Andrew G. "L a n d m a r k Learning: An Illustration of Associative Search,"Biological Cybernetics, Vol 42 1-8, 1981Sutt81bSutton, Richard S., Barto, Andrew G., Brouwer, Peter S.,"Associative Search Network: A Reinforcement LearningAssociative Memory," Biological Cybernetics, Vol 40, 201-211, 1981

1Extending ASOCS toTraining-Set-Style DataEdward F. HartDepartment of Computer ScienceM. S. Degree, August 1992ABSTRACTThis thesis studies extensions to help the basic ASOCS neuralnetwork handle training set data. Background is discussed on theneed for neural networks. Instance set math for the ASOCS model ispresented. Six data sets are gathered and mapped into the ASOCSneural net. Tests are done with the data sets to assist in thediscovery of several problems. Some of these problems havesolutions suggested in this thesis.Mutual exclusion, arbitrary discretization, One Differenceminimization, noisy and missing data, generalization using aHamming distance metric are all discussed during the researchsection. As a result of these extensions to the basic ASOCS model,training-set-style data is recognized much better than without theextensions. Further research using large test sets, othergeneralization techniques, and different discretization techniques issuggested.COMMITTEE APPROVAL:Tony Martinez, Committee ChairmanDouglas M. Campbell, CommitteeMemberLarry C. Christensen, GraduateCoordinator